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Abstract

Deep Learning (DL) models are powerful tools for computer vision tasks, such as image classification
and segmentation. To meet the computational demands of modern deep learning, many DL models
rely on AI accelerators. In addition to these hardware-based accelerators, optical accelerators,
such as 4f free-space systems, take advantage of Fourier optics to efficiently perform convolutions,
bypassing Moore’s law limitations. While 4f system offers high-resolution capabilities, it faces
limitations in modulation speed and data readout.

This thesis addresses these limitations by developing methods to adapt traditional neural network
architectures for high-resolution tasks within 4f free-space optical AI accelerators. We introduce
FatNet, an algorithm specifically designed to convert conventional neural network models into a
format optimised for the 4f system by accounting for the system’s advantages and constraints. FatNet
reduces the number of channels while increasing the resolution of feature maps, aligning with the
high-resolution capabilities of the 4f system. Since a bottleneck in 4f optical accelerators lies in
the readout process, FatNet enhances model efficiency by decreasing the number of channels. This
conversion assumes that the number of trainable parameters and pixels in the feature maps remains
equal or as close as possible to those in the original layers.

FatNet was applied to convert architectures such as ResNet, AlexNet, and VGGNet into Res-
FatNet, Alex-FatNet, and VGG-FatNet, respectively. These models were trained and evaluated on
the CIFAR-100 dataset using a custom-built simulator of the 4f system. Our results demonstrate
significant acceleration with minimal loss in accuracy. Furthermore, the FatNet approach was
scaled to the U-Net architecture, resulting in Fat-U-Net, which was tested on image segmentation
tasks using the Oxford-IIIT Pet and HeLa cells datasets, showcasing its effectiveness in image
segmentation within the free-space optical accelerator. The efficacy of FatNet was further examined
in the Fat-U-Net study through experiments involving Intuitive-Fat-U-Nets, which prioritised layer
weight equality over pixel count in feature maps to avoid overfitting, demonstrating that the FatNet
conversion is the optimal approach. Additionally, the impact of skip connections in U-Net and
Fat-U-Net was investigated to evaluate Fat-U-Net’s ability to preserve localisation accuracy.

Moreover, this thesis explored the potential for implementing Vision Transformers (ViTs) within
the 4f optical system. Methods are proposed for realising ViTs using only convolutional operations
to enable full functionality on the 4f system, with a particular focus on investigating potential
parallelism techniques suitable for optical settings. Additionally, the study included visualising
attention maps to determine if the methods are training using feature extraction, similar to CNNs, or
genuinely learning attention mechanisms as intended by ViTs.

This research also addressed challenges in optical computing, such as the lack of support for
negative values, by introducing algorithmic solutions to mitigate the issue.

Overall, this work contributes to the advancement of optical neural networks, providing a
pathway toward faster and more efficient deep learning models tailored for the emerging era of
optical computing.
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2. 8 I m pl e m e nt ati o n of t h e c o n v ol uti o n al l a y e r i n o pti cs usi n g t h e k e r n el

tili n g. K er n els ar e first p a d d e d a n d til e d i nt o o n e bl o c k. C o ns e q u e ntl y, t h e

i n p ut is p a d d e d t o t h e r es ol uti o n e q u al t o t h e n e wl y til e d k er n el bl o c k. T h e

o ut p ut of t h e c o n v ol uti o n of t h es e bl o c ks will r es ult i n t h e c o n v ol uti o n of

i n p ut wit h e a c h k er n el til e d i n t h e k er n el bl o c k. . . . . . . . . . . . . . . . 4 7

2. 9 K e r n els f r o m t h e fi rst l a y e r of t h e M NI S T n e u r al n et w o r k us e d f o r t h e

e x a m pl e i n Fi g u r e 2. 1 0 . T h e k er n els ar e e xtr a ct e d fr o m t h e f ull y tr ai n e d

c ust o m c o n v ol uti o n al n e ur al n et w or ks fr o m s cr at c h f or d e m o nstr ati o n p ur p os es. 4 8

2. 1 0 E x p e ri m e nt al r es ults of t h e k e r n el tili n g t e c h ni q u e a p pli e d t o a n i n p ut

c h a n n el of M NI S T di git " 7 " a n d si xt e e n k e r n els e xt r a ct e d f r o m t h e

m o d el t r ai n e d o n M NI S T. ( a) T h e i n p ut i m a g e p a d d e d t h e r es ol uti o n of t h e

k er n el bl o c k ( b) K er n el bl o c k c o nt ai ni n g all k er n els p a d d e d a n d til e d t o g et h er

( c) Til e d o ut p uts of t h e c o n v ol uti o n of t h e i n p ut i m a g e wit h t h e c orr es p o n di n g

k er n el fr o m t h e k er n el bl o c k, a c hi e v e d si m pl y wit h t h e c o n v ol uti o n of t h e

m atri x ( a) a n d ( b). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4 8

x x



2. 1 1 I m pl e m e nt ati o n of t h e c o n v ol uti o n al l a y e r i n o pti cs usi n g t h e c h a n n el

tili n g. C h a n n els first p a d d e d a n d til e d i nt o o n e bl o c k. K er n els of t h e p arti c u-

l ar o ut p ut ar e c o ns e q u e ntl y p a d d e d a n d til e d i n t h e l o c ati o ns c orr es p o n di n g

t o t h eir i n p ut c h a n n els. T h e mi d dl e pi ct ur e of t h e o ut p ut bl o c k,O 5 , is t h e s u m

of t h e c o n v ol uti o ns of e a c h i n p ut c h a n n el wit h t h e c orr es p o n di n g k er n el. . . 4 9

2. 1 2 E x p e ri m e nt al r es ults of t h e c h a n n el tili n g t e c h ni q u e a p pli e d t o f o u r i n p ut

c h a n n els of M NI S T di git " 7 " as i n p ut a n d f o u r k e r n els c o r r es p o n di n g

t o o n e o ut p ut c h a n n el e xt r a ct e d f r o m t h e m o d el als o t r ai n e d o n M NI S T.

T h e i n p ut i m a g e is p a d d e d a n d til e d f o ur ti m es ( e a c h c orr es p o n di n g t o t h e

k er n el). K er n els ar e als o p a d d e d a n d til e d i nt o o n e k er n el bl o c k. C o n v ol uti o n

h as b e e n p erf or m e d wit h b ot h bl o c ks, a n d t h e i m a g e i n t h e mi d dl e of t h e

o ut p ut is cr o p p e d o ut. T h e cr o p p e d- o ut i m a g e is t h e s u m of t h e c o n v ol uti o ns

of i n p uts wit h 4 k er n els. . . . . . . . . . . . . . . . . . . . . . . . . . . . 5 0

2. 1 3 I m pl e m e nt ati o n of t h e c o n v ol uti o n al l a y e r i n o pti cs usi n g mi x tili n g. All

i n p ut c h a n n els ar e til e d h ori z o nt all y i n t h e mi d dl e of t h e i n p ut bl o c k. K er n els

c orr es p o n di n g t o t h e s a m e o ut p ut c h a n n el ar e til e d h ori z o nt all y. I n t h e o ut p ut

bl o c k, t h e o ut p ut m atri c es i n t h e mi d dl e of e a c h r o w c orr es p o n d t o t h e o ut p ut

of t h e c o n v ol uti o n al l a y er, w hi c h is t h e s u m of t h e c o n v ol uti o n of t h e i n p ut

c h a n n el wit h its c orr es p o n di n g k er n el a n d s u m m ati o n. . . . . . . . . . . . . 5 1

2. 1 4 E x p e ri m e nt al r es ults of t h e mi x tili n g t e c h ni q u e a p pli e d t o a f o u r-i n p ut-

c h a n n el, f o u r- o ut p ut- c h a n n el c o n v ol uti o n al l a y e r, usi n g t h e M NI S T di git

" 7 " as i n p ut. Si xt e e n 2 D k er n els w er e e xtr a ct e d fr o m a c ust o m c o n v ol uti o n al

n e ur al n et w or k tr ai n e d o n t h e M NI S T d at as et a n d w er e til e d i n t h e k er n el

bl o c k t o pr o d u c e f o ur o ut p ut c h a n n els. T h e r es ulti n g bl o c k c o nt ai ns 2 8

o ut p ut i m a g es, wit h o nl y f o ur i m a g es i n t h e mi d dl e c ol u m n f alli n g wit hi n t h e

v ali d r e gi o n, w hi c h c a n b e cr o p p e d a n d us e d as a n o ut p ut of t h e c o n v ol uti o n al

l a y er. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5 1

2. 1 5 O pti c al Visi o n Tr a nsf o r m e r h a r d w a r e a r c hit e ct u r e as p e r X u et al. [5 ].

T h e l eft p art of t h e s et u p p erf or ms t h e Tr a nsf or m er p at h, w h er e S L Ms ar e

us e d f or t h e m atri x m ulti pli c ati o n a n d l e ns es t o si m ul at e t h e s u m m ati o n

w hil e d e m a g nif yi n g t h e r a y. T h e ri g ht si d e of t h e s et u p is a st a n d ar d 4f

s yst e m us e d f or t h e cl assi fi c ati o n. . . . . . . . . . . . . . . . . . . . . . . 5 2

2. 1 6 S u bs et of CI F A R- 1 0 0 d at as et. C ol o ur e d i m a g es of v ari os o bj e cts, a ni m als,

v e hi cl es a n d ot h er 1 0 0 cl ass es, wit h t h e r es ol uti o n of 3 2 × 3 2 . . . . . . . . 5 4

x xi



2. 1 7 S u bs et of t h e O xf o r d III T p ets d at as et wit h g r o u n d t r ut h s e g m e nt ati o n

m as ks. T his is o n e of t h e t hr e e t y p es of l a b els t h at c o m e wit h t h e d at as et,

i n cl u di n g s e g m e nt ati o n m as k, R OI ( b o u n di n g b o x), a n d br e e d cl ass es. . . . 5 8

2. 1 8 E x a m pl e of si x sli c es f r o m t h e G r o u n d Tr ut h of H e L a C ells d at as et. T h e

sli c es ar e dis pl a y e d i n i n cr e asi n g or d er fr o m l eft t o ri g ht. T h e n u cl e us is

vi vi d i n t h e mi d dl e sli c es, b ut g ets s m all er a n d e v e n s plits i n t h e s h all o w est

a n d d e e p est sli c es. Arr o ws ar e a d d e d f or d e m o nstr ati v e p ur p os es: t h e gr e e n

arr o w p oi nts t o t h e m a n u all y l a b ell e d n u cl e us, w hil e t h e r e d arr o ws p oi nt t o

t h e a dj a c e nt c ells, w h er e t h e n u cl e us w as i g n or e d b y t h e l a b ell er. . . . . . . 6 0

3. 1 Fl o w c h a rt of t h e F at S pitt e r, ill ust r ati n g t h e p r o c ess of i n c r e asi n g t h e

r es ol uti o n of f e at u r e m a ps a n d k e r n els w hil e r e d u ci n g t h e n u m b e r of

c h a n n els, i n a c c o r d a n c e wit h F at N et r ul es. ( a) R e g ul ar F at N et c o n v ersi o n.

( b) F at N et f or c as es w h er e t h e n u m b er of i n p ut c h a n n els e q u als t h e n u m b er

of o ut p ut c h a n n els. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7 4

3. 2 Fl o w c h a rt f o r t h e F at N et r e fi n e m e nt of t h e c o n v ol uti o n al l a y e rs. Aft er

t h e F at N et c o n v ersi o n, s o m e c o n v ol uti o n al l a y ers’ o ut p ut c h a n n els will n ot

b e e q u al t o t h e i n p ut c h a n n els of t h e n e xt l a y ers. H e n c e, t h eir o ut p ut c h a n n els

ar e a dj ust e d; c o ns e q u e ntl y, t h e k er n el si z e is a dj ust e d a c c or di n gl y. . . . . . 7 7

3. 3 G r a p hi c al r e p r es e nt ati o n of t h e 4f s yst e m p e rf o r mi n g t h e c o n v ol uti o n

o p e r ati o n i n t h e si m ul at o r. T h e s yst e m c o nsists of t h e i n p ut pl a n e (l as er),

t h e c o n v e x l e ns, t h e F o uri er pl a n e ( m o d ul at or or p h as e m as k), a n d a n ot h er

c o n v e x l e ns a n d t h e c a m er a is s e p ar at e d fr o m e a c h ot h er b y o n e f o c al dist a n c e

of t h e l e ns. W h e n li g ht p ass es t hr o u g h t h e l e ns, it f or ms a 2 D F o uri er

tr a nsf or m o n t h e F o uri er pl a n e, w h er e it c a n b e m ulti pli e d b y t h e k er n el i n

t h e fr e q u e n c y d o m ai n. T h e li g ht t h e n p ass es t hr o u g h t h e s e c o n d l e ns, w hi c h

c o n v erts it b a c k i nt o t h e s p a c e d o m ai n, w h er e t h e o ut p ut is r e a d b y t h e c a m er a. 7 9

3. 4 Vis u al d e m o nst r ati o n of t h e r e g ul a r c o n v ol uti o n al l a y e r p e rf o r mi n g t h e

2 D c o n v ol uti o n o p e r ati o n i n 3 D. T his c o n v ol uti o n al l a y er h as t h e n u m b er

of i n p ut c h a n n els i a n d t h e n u m b er of o ut p ut c h a n n els j. T h e n u m b er of 3 D

k er n els is j, b ut t h e n u m b er of k er n els t a k e n i n 2 D is i × j. . . . . . . . . . . 8 0

3. 5 Vis u al d e m o nst r ati o n of t h e c o n v ol uti o n al l a y e r p e rf o r mi n g c o n v ol uti o n

o p e r ati o n i n 2 D. T h e c o n v ol uti o n al l a y er h as a n i n p ut t e ns or of d e pt h i a n d

a n o ut p ut t e ns or of d e pt h j. T h e n u m b er of k er n els r e q uir e d f or t h e l a y er is

i × j. Aft er all c o n v ol uti o n o p er ati o ns, t h e o ut p uts h a v e t o b e s u m m e d t o

m a k e u p a c h a n n el of t h e o ut p ut t e ns or . . . . . . . . . . . . . . . . . . . . 8 1
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3. 6 C o m p a ris o n of r e g ul a r c o n v ol uti o n a n d c o n v ol uti o n usi n g a ps e u d o-

n e g ati v e s plit of t h e k e r n el o n t h e e x a m pl e of t h e S o b el e d g e d et e cti o n

I nst e a d of tr ai ni n g t h e m o d el wit h t w o diff er e nt p ositi v e k er n els a n d s u btr a ct-

i n g t h e o ut p uts, i n t his m et h o d o n e r e g ul ar k er n el c a n b e us e d t wi c e o n e f or

n e g ati v e a n d f or p ositi v e n u m b ers usi n g si g n fli p a n d R e L U f u n cti o ns a n d

o nl y t h e n t h e o ut p uts ar e s u btr a ct e d t o e m ul at e t h e c o n v ol uti o n wit h n e g ati v e

n u m b ers. B ot h pr o c ess es yi el d i d e nti c al r es ults f or c o n v ol uti o n o p er ati o ns. . 8 3

3. 7 T h e c o m p a ris o n b et w e e n o u r t w e a k e d R es N et- 1 8 us e d f o r CI F A R- 1 0 0

t r ai ni n g a n d F at N et, w hi c h is b uilt o n R es N et- 1 8 a n d s p e ci fi c all y d e-

si g n e d f o r CI F A R- 1 0 0 cl assi fi c ati o n. ( a) R es N et- 1 8 ar c hit e ct ur e is sli g htl y

alt er e d i n o ur v ersi o n. O ur m o d el d o es n ot e m pl o y stri d es, gi v e n t h at o pti c al

s yst e ms ar e u n a bl e t o c arr y o ut stri d es i n c o n v ol uti o ns. M or e o v er, t o e n-

h a n c e c o m p ati bilit y wit h CI F A R- 1 0 0, w e’ v e o mitt e d t h e s e c o n d n o n-r esi d u al

c o n v ol uti o n al l a y er. ( b) F at N et, w hi c h is b as e d o n R es N et- 1 8, is t ail or e d

f or CI F A R- 1 0 0. T his str u ct ur e h as f e w er c h a n n els b ut l ar g er r es ol uti o ns

w h e n c o m p ar e d t o R es N et- 1 8. T h e k er n el si z es c a n r e a c h u p t o 1 0 × 1 0, a n d

f e at ur e m a ps ar e n e v er p o ol e d t o s m all er t h a n 1 0 × 1 0. T h e c o n cl u di n g l a y er

is a 1 0 × 1 0 m atri x t h at is fl att e n e d i nt o a 1 0 0- el e m e nt v e ct or, wit h e a c h

el e m e nt r e pr es e nti n g a CI F A R- 1 0 0 cl ass. . . . . . . . . . . . . . . . . . . 8 7

3. 8 T h e c o m p a ris o n b et w e e n o u r t w e a k e d Al e x N et us e d f o r CI F A R- 1 0 0

t r ai ni n g a n d its F at N et e q ui v al e nt, b uilt o n Al e x N et a n d s p e ci fi c all y

d esi g n e d f o r CI F A R- 1 0 0 cl assi fi c ati o n. ( a) Al e x N et ar c hit e ct ur e is sli g htl y

alt er e d i n o ur v ersi o n. O ur m o d el c o nt ai ns o nl y o n e li n e ar l a y er t o m a k e it

m or e c o m p ati bl e wit h CI F A R- 1 0 0. ( b) Al e x- F at N et t ail or e d f or CI F A R- 1 0 0.

T his str u ct ur e h as f e w er c h a n n els b ut l ar g er r es ol uti o ns w h e n c o m p ar e d t o

Al e x N et. T h e k er n el si z e r e a c h es 1 0 × 1 0 i n t h e l ast l a y er, a n d f e at ur e m a ps

ar e n e v er p o ol e d t o s m all er t h a n 1 0 × 1 0. T h e c o n cl u di n g l a y er is a 1 0 × 1 0

m atri x fl att e n e d i nt o a 1 0 0- el e m e nt v e ct or, wit h e a c h el e m e nt r e pr es e nti n g

CI F A R- 1 0 0 cl ass es. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8 8

x xiii



3. 9 T h e c o m p a ris o n b et w e e n o u r t w e a k e d V G G- 1 9 us e d f o r CI F A R- 1 0 0

t r ai ni n g a n d its F at N et e q ui v al e nt, b uilt o n V G G- 1 9 a n d s p e ci fi c all y

d esi g n e d f o r CI F A R- 1 0 0 cl assi fi c ati o n. ( a) V G G- 1 9 ar c hit e ct ur e is sli g htl y

alt er e d i n o ur v ersi o n. O ur m o d el c o nt ai ns o nl y o n e li n e ar l a y er fr o m 5 1 2

n o d es t o 1 0 0 t o m a k e it m or e c o m p ati bl e wit h cif ar 1 0 0. ( b) V G G- F at N et

t ail or e d f or CI F A R- 1 0 0. T his str u ct ur e h as f e w er c h a n n els b ut l ar g er r es ol u-

ti o ns w h e n c o m p ar e d t o V G G- 1 9. T h e k er n el si z es c a n r e a c h u p t o 1 0 × 1 0,

a n d f e at ur e m a ps ar e n e v er p o ol e d t o s m all er t h a n 1 0 × 1 0. T h e c o n cl u di n g

l a y er is a 1 0 × 1 0 m atri x fl att e n e d i nt o a 1 0 0- el e m e nt v e ct or, wit h e a c h

el e m e nt r e pr es e nti n g CI F A R- 1 0 0 cl ass es. . . . . . . . . . . . . . . . . . . 9 0

3. 1 0 Vis u al R e p r es e nt ati o n of t h e i m p a ct of k e r n el si z e l a r g e r t h a n t h e r es o-

l uti o n of t h e f e at u r e m a p. ( a) S h o ws a k er n el fr o m F at N et, r estri ct e d t o a

1 0 × 1 0 si z e t o m at c h t h e m a xi m u m f e at ur e m a p di m e nsi o ns. ( b) Ill ustr at es

a n u nr estri ct e d k er n el wit h a si z e of 3 7 × 3 7 , e x c e e di n g t h e f e at ur e m a p

r es ol uti o n. N ot e t h e " n o tr ai ni n g " r e gi o ns al o n g t h e e d g es of t h e k er n el i n ( b) 9 5

3. 1 1 Fi rst l a y e r vis u alis ati o n of k e r n els i n ( a) R es N et a n d ( b) R es- F at N et. B ot h

s ets of k er n els r e pr es e nt v ari o us si mil ar p att er ns l e ar n e d d uri n g t h e tr ai ni n g

pr o c ess. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9 6

3. 1 2 C o m p a ris o n of t r ai ni n g a n d v ali d ati o n a c c u r a ci es p e r e p o c h f o r e a c h

m o d el us e d i n t h e e x p e ri m e nt. T h e st e e p j u m ps c a n b e s e e e v er y 5 0 e p o c h

d u e t o t h e l e ar ni n g r at e u p d at e b y a s c h e d ul er. ( a) T h e R es N et- 1 8, R es-

F at N et, a n d t h e O pti c al si m ul ati o n of R es- F at N et all a c c o m plis h e d a tr ai ni n g

a c c ur a c y of 9 9 %, wit h R es N et- 1 8 a c hi e vi n g it i n f e w er e p o c hs. C o n v ers el y,

t h e o pti c al si m ul ati o n t o o k l o n g er t o tr ai n d u e t o t h e c o m pl e x c o m p ut ati o n

n e e d e d t o si m ul at e li g ht pr o p a g ati o n. ( b) As f or v ali d ati o n a c c ur a c y, R es N et-

1 8 r e a c h e d u p t o 6 6 %, w hil e R es- F at N et c o ul d n ot e x c e e d 6 0 % f or b ot h

v ali d ati o n a n d t esti n g, d es pit e its f e w er c o n v ol uti o n al o p er ati o ns. . . . . . . 9 7

3. 1 3 1st l a y er vis u alis ati o n of k er n els i n ( a) Al e x N et a n d ( b) Al e x- F at N et . . . . . 9 9

3. 1 4 Tr ai ni n g c u r v es f o r Al e x N et a n d Al e x- F at N et wit h ( a) t r ai ni n g a c c u r a c y

a n d ( b) v ali d ati o n a c c u r a c y. T h e v ali d ati o n a c c ur a c y s e e ms t o b e si mil ar

d es pit e Al e x- F at N et b ei n g c o nst a ntl y l o w er. I n c o ntr ast, tr ai ni n g a c c ur a c y

s h o ws t h at Al e x- F at N et t o o k l o n g er t o r e a c h t h e tr ai ni n g a c c ur a c y of Al e x N et. 1 0 0

3. 1 5 Tr ai ni n g c u r v e of t h e t r ai ni n g d o n e o n Al e x- F at N et i n t h e o pti c al si m ul a-

t o r. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 0 1

x xi v



3. 1 6 Vis u alis ati o n of t h e k e r n els f r o m t h e fi rst l a y e r of t h e ( a) V G G- 1 9 a n d

( b) V G G- F at N et t r ai n e d o n CI F A R- 1 0 0. As t h e k er n els ar e o nl y 3 × 3 , t h e

si mil arit y is n ot i m m e di at el y o b vi o us. Arr o ws i n di c at e s o m e cl e arl y si mil ar

k er n els or r ot at e d li k e i n c as e " 4 ". . . . . . . . . . . . . . . . . . . . . . . 1 0 2

3. 1 7 Tr ai ni n g c u r v e of t h e t r ai ni n g d o n e o n Al e x- F at N et i n t h e o pti c al si m ul a-

t o r. T h e c ur v e is u nst a bl e, alt h o u g h it r e a c h es a si mil ar p erf or m a n c e as t h e

ori gi n al V G G- F at N et- 1 9. . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 0 3

3. 1 8 Tr ai ni n g c u r v es f o r V G G- 1 9 a n d V G G- F at N et. ( a) tr ai ni n g a c c ur a c y a n d

( b) v ali d ati o n a c c ur a c y. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 0 4

4. 1 G r a p hi c al r e p r es e nt ati o n of o u r i m pl e m e nt ati o n of U- N et a n d F at- U- N et

a r c hit e ct u r es. ( a) U- N et ar c hit e ct ur e, wit h all k er n el si z es 3 × 3 , M a x P o ol

wit h k er n els si z e of 2 × 2 a n d d e c o n v ol uti o n o p er ati o ns wit h a k er n el si z e of

3 × 3 . ( b) F at- U- N et ar c hit e ct ur e d eri v e d fr o m o ur i m pl e m e nt ati o n of U- N et,

wit h t h e v ar yi n g k er n el si z es i n di c at e d as K at e a c h l a y er. T h e r es ol uti o n of

t h e f e at ur e m a ps st a y c o nst a nt t hr o u g h o ut t h e n et w or k. R ati o n of k er n el t o

f e at ur e m a p is pr es er v e d b et w e e n U- N et a n d F at- U- N et. . . . . . . . . . . . 1 1 1

4. 2 Tr ai ni n g c u r v e f o r O xf o r d-III T P ets v ali d ati o n d at as et, t r ai n e d wit h

U- N et a n d F at- U- N et. A s m o ot h e d c ur v e is pl ott e d o n t o p of t h e v al u es.

B ot h c ur v es ar e c orr el at e d, w hil e t h e F at- U- N et is c o nst a ntl y l o w er t h a n U- N et. 1 1 7

4. 3 Q u alit ati v e r es ults of O xf o r d III T P et d at as et. ( a) E x a m pl es of p erf e ct

s e g m e nt ati o n b y b ot h al g orit h ms. ( b) E x a m pl es of U- N et p erf or mi n g b ett er

t h a n F at- U- N et. U- N et m a n a g e d t o s e g m e nt a c at i n t h e b a c k gr o u n d, e v e n

t h o u g h t h at w as n’t p art of t h e gr o u n d tr ut h. M or e o v er, i n t h e t o p ri g ht pi ct ur e,

F at- U- N et miss e d pi x els i n t h e mi d dl e of t h e c at. ( c) E x a m pl es of F at- U- N et

o ut p erf or mi n g U- N et. U- N et miss e d t h e l eft-si d e pi x els o n t h e c at pi ct ur e a n d

a ti n y bit of t h e pi x els o n t h e b a c k of t h e d o g. ( d) B a d s e g m e nt ati o n e x a m pl es

b y b ot h al g orit h ms. U- N et o v er-s e g m e nt e d t h e c at, w hil e F at- U- N et u n d er-

s e g m e nt e d it i n t h e l eft pi ct ur e. I n t h e ri g ht pi ct ur e, b ot h al g orit h ms cl assi fi e d

t h e h a n d as p art of t h e a ni m al. . . . . . . . . . . . . . . . . . . . . . . . . 1 1 8

4. 4 Tr ai ni n g c u r v es f o r H e L a c ells v ali d ati o n d at as et, t r ai n e d o n U- N et a n d

F at- U- N et. T h e s m o ot h e d c ur v e is pl ott e d o n t o p of t h e ori gi n al v al u es.

T h e U- N et q ui c kl y r e a c h es t h e d esir e d p erf or m a n c e ar o u n d e p o c h 7, w hil e

t h e F at- U- N et st arts wit h a v er y l o w I o U b ut e v e nt u all y r e a c h es a si mil ar

p erf or m a n c e as t h e U- N et at ar o u n d E p o c h 1 2. O v er ti m e, t h e p erf or m a n c e

of F at- U- N et c o nti n u es t o a p pr o a c h t h at of U- N et. . . . . . . . . . . . . . . 1 1 9

x x v



4. 5 Tr ai ni n g c u r v es f o r v ali d ati o n s et of O pti c al si m ul ati o n of F at- U- N et

t r ai n e d o n H e L a c ells. A s m o ot h e d c ur v e is pl ott e d o n t o p of t h e v al u es.

O pti c al si m ul ati o n of F at- U- N et t o o k f ast t o r e a c h t h e p erf or m a n c e of I o U of

0. 8. B ut o v er all, d u e t o t h e c o m pl e xit y of t h e si m ul ati o n, it t o o k 9 5 e p o c hs

t o r e a c h t h e d esir e d p erf or m a n c e, a n d t h e pr oj e cti o n i n di c at es t h at it m a y

c o nti n u e t o i m pr o v e. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 2 0

4. 6 Q u alit ati v e r es ults of H e L a d at as et. ( a) tr ai n sli c e 1 1 9 ( b) t est sli c e 1 2 1 ( c)

U ns e e n c ell, t a k e n fr o m t h e l ar g er fi el d. . . . . . . . . . . . . . . . . . . . 1 2 2

4. 7 U- N et a n d F at- U- N et s e g m e nt ati o n q u alit ati v e r es ults o n 8 1 9 2 × 8 1 9 2

i m a g es. Gr e e n arr o ws i n di c at e ar e as of g o o d p erf or m a n c e, w hil e r e d arr o ws

hi g hli g ht ar e as of p o or p erf or m a n c e. . . . . . . . . . . . . . . . . . . . . . 1 2 3

4. 8 I nt e rs e cti o n o v e r U ni o n (I o U) of e a c h sli c e of t h e H e L a c ells d at as et

b y b ot h m o d els: ( a) U- N et a n d ( b) F at- U- N et. T h e r e d p oi nts i n di c at e

t h e t est d at a sli c es w h os e p at c h es w er e n ot i n cl u d e d i n t h e tr ai ni n g pr o c ess.

It is e vi d e nt t h at b ot h m o d els p erf or m si mil arl y p o orl y f or s h all o w a n d

d e e p er l a y ers, w h er e t h e n u cl e us is eit h er s m all or n o n- e xist e nt, a n d p erf or m

c o m p ar a bl y w ell f or mi d dl e sli c es. . . . . . . . . . . . . . . . . . . . . . . 1 2 3

4. 9 Cl os e r l o o k o n li n e g r a p h of I o U m et ri c o n e a c h sli c e of t h e H e L a c ells

d at as et. T h e li n e gr a p h pr o vi d es a d et ail e d vi e w of t h e I o U m etri c f or e a c h

sli c e of t h e H e L a c ells d at as et. T h e r e d p oi nts r e pr es e nt t h e t est d at a sli c es

w h os e p at c h es w er e e x cl u d e d fr o m t h e tr ai ni n g pr o c ess. T h es e t est sli c es

e x hi bit a sli g htl y l o w er I o U m etri c c o m p ar e d t o t h e tr ai ni n g sli c es, w hi c h is

p arti c ul arl y n oti c e a bl e. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 2 4

4. 1 0 L e a r ni n g c u r v es of U- N et a n d F at- U- N et wit h o ut s ki p c o n n e cti o ns. ( a)

R e g ul ar l e ar ni n g c ur v e pl ot f or b ot h m o d els wit h o ut s ki p c o n n e cti o ns, a n d

b ot h f ail e d t o tr ai n, w hil e F at- U- N et w as sli g htl y m or e st a bl e ( b) S m o ot h e d

l e ar ni n g c ur v e f or b ot h m o d els wit h o ut s ki p c o n n e cti o ns, s h o wi n g t h at F at- U-

N et p erf or m e d b ett er, e v e n t h o u g h o v er all t h e fi n al e v al u ati o n is o n U- N et’s

f a v o ur. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 2 6

x x vi



5. 1 Vis u al c o m p a ris o n of i n p ut s plit i n r e g ul a r m ulti- h e a d att e nti o n a n d o u r

m et h o d w h e n t h e i n p uts a r e t w o- di m e nsi o n al. ( a) I n r e g ul ar m ulti- h e a d

att e nti o n, t h e i n p ut v e ct ors ar e s plit i nt o e q u al-si z e d v e ct ors, e a c h assi g n e d t o

a d e di c at e d h e a d of att e nti o n, f oll o w e d b y t h e c o n c at e n ati o n of t h e o ut p uts.

( b) I n o ur m et h o d, t h e pr o c ess c a n b e vi e w e d as p at c hi fi c ati o n, w h er e t h e

t w o- di m e nsi o n al i n p ut is di vi d e d i nt o s m all er p at c h es t h at fit i nt o t h e h e a ds

of c o n v ol uti o n al att e nti o n l a y ers. T h e o ut p uts ar e t h e n m er g e d b a c k i nt o t h eir

c orr es p o n di n g l o c ati o ns. . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 3 1

5. 2 I m pl e m e nt ati o n of t h e li n e a r l a y e r usi n g c o n v ol uti o n a n d til e d c o n v o-

l uti o n f o r 4f s yst e m. ( a) A si m pl e li n e ar l a y er of o n e v e ct or is a p pli e d t o

a n ot h er v e ct or of t h e s a m e l e n gt h. E a c h o ut p ut pi x el is t h e w ei g ht e d s u m of

i n p ut pi x els. ( b) I n p ut pi x els ar e i n 2 D m atri x f or m at, c o n v ol v e d wit h t h e

k er n el of t h e s a m e si z e, wit h t h e v ali d p a d di n g. T h e o ut p ut is si mil ar t o o n e

o ut p ut pi x el of t h e li n e ar l a y er. ( c) K er n el tili n g is us e d t o til e all w ei g hts

of t h e li n e ar l a y er i n t h e k er n el bl o c k, a n d i n p ut is p a d d e d t o t h e r e q uir e d

r es ol uti o n. T h e o ut p ut ar c hi v es all o ut p ut n o d es of t h e li n e ar l a y er, wit h t h e

r e q uir e m e nt of r es h a pi n g (r e m o vi n g z er os i n i n v ali d r e gi o ns) . . . . . . . . 1 3 2

5. 3 C o m p a ris o n of r e g ul a r v ali d c o n v ol uti o n al l a y e r, d e pt h wis e c o n v ol u-

ti o n al l a y e r a n d s h a r e d d e pt h wis e c o n v ol uti o n al l a y e r, w hi c h c o pi es t h e

w ei g hts a c r oss all i n p ut c h a n n els. ( a) R e g ul ar c o n v ol uti o n al l a y er, wit h t h e

gr o u ps = 1. T h e n u m b er of 2 D k er n els is e q u al t o t h e n u m b er of i n p ut c h a n n els

× t h e n u m b er of o ut p ut c h a n n els. ( b) D e pt h wis e c o n v ol uti o n, w h er e t h e

n u m b er of gr o u ps is e q u al t o t h e n u m b er of i n p ut c h a n n els. I n t his c as e, e a c h

o ut p ut c h a n n el g ets o nl y o n e 2 D k er n el, m e a ni n g n o c h a n n el s u m m ati o n

h a p p e ns. ( c) I n t h e s h ar e d d e pt h wis e c o n v ol uti o n al l a y er, u nli k e t h e r e g ul ar

d e pt h wis e c o n v ol uti o n al l a y er, t h e w ei g hts ar e s h ar e d a cr oss i n p ut c h a n n els,

m a ki n g it i d e al f or t h e e m ul ati o n of t h e Li n e ar L a y er. If t h e k er n els ar e t h e

s a m e r es ol uti o n as i n p uts, t h e v ali d c o n v ol uti o n yi el ds o n e pi x el f or e a c h

o ut p ut c h a n n el, w hi c h c a n b e r es h a p e d i nt o t h e i niti al r es ol uti o n. . . . . . . 1 3 3

x x vii



5. 4 S h a r e d d e pt h wis e c o n v ol uti o n al l a y e r wit h t h e v ali d c o n v ol uti o n a n d

r es h a p e of t h e o ut p ut f o r f ull e m ul ati o n of t h e Li n e a r l a y e r usi n g c o n v o-

l uti o n. ( a) S h ar e d d e pt h wis e c o n v ol uti o n al l a y er fr o m o n e m atri x t o o n e. I n

t his c as e, t w o m atri c es h a v e b e e n m a p p e d t o t h eir n e w c orr es p o n di n g m atri x.

( b) S h ar e d d e pt h wis e c o n v ol uti o n al l a y er fr o m t w o m atri c es i nt o o n e. I n t his

c as e, f o ur m atri c es h a v e b e e n m a p p e d i nt o t w o, e a c h gr o u p of t w o i nt o o n e

c orr es p o n di n g o ut p ut m atri x. T h e t e c h ni q u e c a n b e us e d fr o m m a n y t o f e w er

m atri c es. ( c) S h ar e d d e pt h wis e c o n v ol uti o n al l a y er fr o m o n e m atri x i nt o t w o

m atri c es. I n t his c as e, t w o m atri c es h a v e b e e n m a p p e d i nt o 4, w h er e e a c h

h as b e e n m a p p e d i nt o c orr es p o n di n g t w o o ut p uts. T h e t e c h ni q u e c a n b e us e d

fr o m f e w t o m a n y m a p pi n g. . . . . . . . . . . . . . . . . . . . . . . . . . . 1 3 5

5. 5 T y p es of C o n v ol uti o n al l a y e rs us e d f o r t h e Q K V p r oj e cti o n, wit h s h a r e d

a n d n ot w ei g hts a c r oss t h e i n p ut c h a n n els a n d wit h s a m e o r v ali d

p a d di n g. ( a) Si m pl e d e pt h wis e c o n v ol uti o n al l a y er wit h s a m e p a d di n g.

( b) S h ar e d d e pt h wis e c o n v ol uti o n al l a y er wit h s a m e p a d di n g ( c) D e pt h wis e

c o n v ol uti o n al l a y er wit h v ali d p a d di n g, t h e o ut p uts n e e d t o b e r es h a p e d i nt o

t h e i niti al r es ol uti o n ( d) D e pt h wis e c o n v ol uti o n al l a y er wit h s h ar e d w ei g hts

a cr oss i n p ut c h a n n els a n d wit h v ali d p a d di n g, t h e o ut p uts n e e d t o b e r es h a p e d

i nt o t h e i niti al r es ol uti o n. . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 3 6

5. 6 G e n e r al fl o w of t h e att e nti o n m e c h a nis m usi n g o nl y c o n v ol uti o n o p e r-

ati o ns a n d C N N l a y e rs. T h e i n p ut t o t h e att e nti o n l a y er is a 3 D t e ns or,

w h er e e a c h t o k e n is r e pr es e nt e d as a 2 D m atri x. T his t e ns or u n d er g o es Q K V

pr oj e cti o n usi n g o n e of t h e m et h o ds d es cri b e d i n Fi g ur e 5. 5 . T h e att e nti o n

s c or es ar e c o m p ut e d b y a p pl yi n g a v ali d c o n v ol uti o n o p er ati o n b et w e e n all Q

a n d K m atri c es. Fi n all y, t h e w ei g ht e d s u m of t h e att e nti o n s c or es is o bt ai n e d

t hr o u g h a r e g ul ar c o n v ol uti o n al l a y er o n t h e V t e ns or, wit h t h e att e nti o n

s c or es a cti n g as t h e w ei g hts of t h e l a y er. . . . . . . . . . . . . . . . . . . . 1 3 8

5. 7 Mi x tili n g wit h d e pt h wis e c o n v ol uti o n al l a y e rs a n d its us e i n Q K V p r o-

j e cti o n l a y e rs f o r c o n v ol uti o n al att e nti o n l a y e rs. ( a) Si m pl e mi x tili n g of

k er n els, b ut k er n els ot h er t h a n t h os e c orr es p o n di n g t o t h e o ut p ut c h a n n el ar e

s et t o z er o t o a v oi d s u m m ati o n ( b) D e m o nstr ati o n of h o w S h ar e d d e pt h wis e

c o n v ol uti o ns c a n b e us e d i n t h e q k v pr oj e cti o n. . . . . . . . . . . . . . . . 1 4 0

5. 8 C o m p a ris o n of t r ai ni n g a n d v ali d ati o n c u r v es f o r f o u r Visi o n Tr a ns-

f o r m e r ( Vi T) m o d els, f e at u ri n g c o m bi n ati o ns of t r ai n a bl e v e rs us si n u-

s oi d al p ositi o n al e n c o d e rs a n d si n gl e h e a d v e rs us t w el v e h e a ds. ( a) Tr ai n

a c c ur a c y p er e p o c h ( b) Vali d ati o n a c c ur a c y p er e p o c h . . . . . . . . . . . . 1 4 3

x x viii



5. 9 Tr ai ni n g c u r v es c o m p a ris o n f o r t h e Tr ai ni n g s et a n d V ali d ati o n s et of

CI F A R- 1 0 0 wit h diff e r e nt C o n v S h a r e Vit m o d els ( a) Tr ai ni n g c ur v e f or

tr ai n s et of CI F A R- 1 0 0, wit h t h e b est m o d el b ei n g m o d el 1 1. ( b) Tr ai ni n g

c ur v e f or t h e v ali d ati o n s et of CI F A R- 1 0 0, wit h t h e b est m o d el b ei n g m o d el

1 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1 4 6

5. 1 0 Vis u alis ati o n of t h e a v e r a g e att e nti o n s c o r es p r oj e ct e d o nt o t h e o ri gi n al

i n p ut i m a g e of A p pl es f r o m t h e t est s et of CI F A R- 1 0 0. T his fi g ur e c o m-

p ar es t h e p erf or m a n c e of t h e l ast s e v e n m o d els wit h t h e r e g ul ar Vi T ( Visi o n

Tr a nsf or m er wit h 1 2 h e a ds). T h e v erti c al a xis c orr es p o n ds t o t h e m o d els a n d

t h e h ori z o nt al t o t h e att e nti o n l a y ers. T h e Vi T m o d el a c hi e v e d g o o d att e nti o n

s c or es i n t h e fi n al l a y ers usi n g a st a n d ar d att e nti o n m e c h a nis m. M o d els

9, 1 1, a n d 1 2 als o a c hi e v e d att e nti o n s c or es si mil ar t o t h e ori gi n al Vi T. I n

c o ntr ast, M o d el 1 0’s att e nti o n s c or es l o o k i n c orr e ct as it is f o c usi n g o n t h e

b a c k gr o u n d i nst e a d, as e vi d e n c e d b y ot h er vis u alis ati o ns. M o d el 8 di d n ot

c o n v er g e, w hil e M o d els 7 a n d 6 di d n ot e m pl o y t h e S h ar e d D W c o n v ol uti o n al

m et h o ds wit h o ut e m ul ati n g t h e li n e ar l a y er, c a usi n g t h e m o d els t o n ot l e ar n

t h e att e nti o n s c or es i n t h e s a m e m a n n er as t h e Vi T. . . . . . . . . . . . . . 1 4 7

5. 1 1 Vis u alis ati o n of t h e a v e r a g e att e nti o n s c o r es p r oj e ct e d o nt o t h e o ri gi n al

i n p ut i m a g e of a r o c k et f r o m t h e t est s et of CI F A R- 1 0 0. T his fi g ur e

c o m p ar es t h e p erf or m a n c e of t h e l ast s e v e n m o d els wit h t h e r e g ul ar Vi T

( Visi o n Tr a nsf or m er wit h 1 2 h e a ds). T h e v erti c al a xis c orr es p o n ds t o t h e

m o d els a n d t h e h ori z o nt al t o t h e att e nti o n l a y ers. T h e Vi T m o d el a c hi e v e d

g o o d att e nti o n s c or es i n t h e fi n al l a y ers usi n g a st a n d ar d att e nti o n m e c h a nis m.

M o d els 9, 1 1, a n d 1 2 als o a c hi e v e d att e nti o n s c or es si mil ar t o t h e ori gi n al

Vi T. I n c o ntr ast, M o d el 1 0’s att e nti o n s c or es f o c us e d o n t h e b a c k gr o u n d

i nst e a d, w hi c h still m a n a g e d t o a c hi e v e a g o o d p erf or m a n c e. M o d el 8 di d n ot

c o n v er g e, w hil e M o d els 7 a n d 6 di d n ot e m pl o y t h e S h ar e d D W c o n v ol uti o n al

m et h o ds wit h o ut e m ul ati n g t h e li n e ar l a y er, c a usi n g t h e m o d els t o n ot l e ar n

t h e att e nti o n s c or es i n t h e s a m e m a n n er as t h e Vi T . . . . . . . . . . . . . . 1 4 8
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C h a pt e r 1

I nt r o d u cti o n

D e e p l e ar ni n g h as r e v ol uti o nis e d t h e fi el d of arti fi ci al i nt elli g e n c e, e n a bli n g t h e d e v el o p m e nt

of s o p histi c at e d m o d els f or v ari o us a p pli c ati o ns. A m o n g t h es e, c o m p ut er visi o n st a n ds o ut

as a p arti c ul arl y c h all e n gi n g ar e a d u e t o t h e l ar g e v ol u m e of d at a a n d t h e n e e d f or pr e cis e,

hi g h-s p e e d pr o c essi n g. Wit hi n t h e d e e p l e ar ni n g a p pr o a c h es, c o n v ol uti o n al n e ur al n et w or ks

( C N Ns) h a v e b e c o m e a st a n d ar d a p pr o a c h f or v ari o us c o m p ut er visi o n pr o bl e ms. C N Ns

h a v e b e e n s u c c essf ull y a p pli e d t o i m a g e cl assi fi c ati o n [ 3 , 9 , 2 ], o bj e ct d et e cti o n [1 0 , 1 1 ],

l o c alis ati o n [1 2 ], a n d s e g m e nt ati o n [1 3 , 1 4 ], a m o n g m a n y ot h er a p pli c ati o ns [1 5 – 1 9 ].

Wit h t h e r e c e nt a d v a n c e m e nts of t h e tr a nsf or m er n et w or ks [ 2 0 ] i n n at ur al l a n g u a g e

pr o c essi n g, t his a p pr o a c h h as als o mi gr at e d i nt o c o m p ut er visi o n [ 2 1 ] wit h t h e p ot e nti al

of r e pl a ci n g t h e st a n d ar d of c o m p ut er visi o n, C N Ns. H o w e v er, d u e t o t h e c o m p ut ati o n al

ef fi ci e n c y of C N Ns, tr a diti o n al C N N n et w or ks still d o mi n at e t h e c o m p ut er visi o n ar e a.

C N Ns ar e s uit a bl e f or c o m p ut er visi o n t as ks b e c a us e n e ur o ns i n C N Ns ar e o nl y c o n n e ct e d

t o t h e pi x els of t h eir r e c e pti v e fi el d r at h er t h a n t o e v er y si n gl e n e ur o n of t h e n e xt l a y er as

i n f ull y c o n n e ct e d n et w or ks. T his l o c alis e d c o n n e cti vit y r e fl e cts t h e f a ct t h at n ei g h b o uri n g

pi x els i n i m a g es ar e m or e cl os el y r el at e d t o e a c h ot h er t h a n dist a nt pi x els. T his a p pr o a c h

als o r e d u c es t h e n u m b er of tr ai n a bl e p ar a m et ers, w hi c h a c c el er at es t h e i nf er e n c e a n d m a k es

t h e n e ur al n et w or k m or e i m m u n e t o o v er fitti n g. Alt h o u g h C N Ns ar e c o m p ut ati o n all y l ess

e x p e nsi v e t h a n f ull y c o n n e ct e d n e ur al n et w or ks, a c c el er ati n g C N Ns is still a n i m p ort a nt t as k,

es p e ci all y wit h t h e e v er gr o wi n g n u m b er of i m a g es a n d vi d e os t h at ar e c a pt ur e d. As t h e

c o m pl e xit y of t h es e m a c hi n e l e ar ni n g m o d els gr o ws, s o d o es t h e c o m p ut ati o n al d e m a n d a n d

t h e c h all e n g e of r e al-ti m e a p pli c ati o ns.

T h er e h a v e b e e n m a n y s oft w ar e m et h o ds t o a c c el er at e t h e d e e p l e ar ni n g tr ai ni n g pr o c ess,

i n cl u di n g usi n g s h all o w n et w or ks [2 2 ], pr u ni n g [2 3 ], q u a ntis ati o n a n d n et w or k bi n aris a-

ti o n [2 4 ]. O n e of t h e w a ys w o ul d b e t o r e d u c e t h e d e pt h of t h e d e e p n e ur al n et w or ks, as

i n t h e st u di es of B a a n d C ar u n a [2 2 ], w hi c h pr o v e d t h at it is p ossi bl e t o esti m at e t h e d e e p
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n e ur al n et w or k wit h t h e s h all o w er m o d el a n d l e ar n t h e s a m e f u n cti o ns as d e e p n et w or ks o n

t h e e x a m pl e of t h e CI F A R- 1 0 d at as et. A si mil ar a c c ur a c y c a n b e a c hi e v e d b y h a vi n g t h e

s a m e n u m b er of tr ai n a bl e p ar a m et ers i n t h e s h all o w n et w or k as i n t h e ori gi n al d e e p n et w or k.

Pr u ni n g r e d u n d a nt w ei g hts i n a pr e vi o usl y tr ai n e d n et w or k t o r e d u c e t h e si z e of t h e n et w or k

f or t h e i nf er e n c e a c c el er ati o n c a n b e c o nsi d er e d a n ot h er s oft w ar e- b as e d m et h o d. I n t h eir

e x p eri m e nts, H a n et al. [2 3 ], tr ai n e d t h e n et w or k first usi n g t h e st a n d ar d n et w or k tr ai ni n g

m et h o ds. T h e n, t h e y pr u n e d t h e s m all w ei g hts b y d el eti n g all w ei g hts b el o w t h e t hr es h ol d

a n d r etr ai n e d t h e n et w or k. A c c or di n g t o [ 2 3 ], pr u ni n g r e d u c es t h e n u m b er of p ar a m et ers b y

t hirt e e n ti m es i n V G G- 1 6 a n d ni n e ti m es i n Al e x N et.

W hil e h ar d w ar e a c c el er at ors, s u c h as gr a p hi cs pr o c essi n g u nits ( G P Us), fi el d- pr o gr a m m a bl e

g at e arr a ys ( F P G As), a n d a p pli c ati o n-s p e ci fi c i nt e gr at e d cir c uits ( A SI Cs), h a v e e m er g e d as

a p ot e nti al s ol uti o n t o t his c h all e n g e, t h eir eff e cti v e n ess m a y b e li mit e d i n t h e l o n g r u n as

M o or e’s L a w b e gi ns t o l os e its pr e di cti v e p o w er [ 2 5 ].

I n r es p o ns e t o t his c h all e n g e, r es e ar c h ers h a v e b e g u n t o e x pl or e t h e p ot e nti al of o pti cs

f or a c c el er ati n g d e e p l e ar ni n g [2 6 ]. B y usi n g t h e pr o p erti es of li g ht, o pti c al d e vi c es c a n

p erf or m o p er ati o ns f ast er a n d m or e ef fi ci e ntl y t h a n tr a diti o n al el e ctr o ni c d e vi c es, m a ki n g

t h e m a pr o misi n g o pti o n f or d e e p l e ar ni n g a p pli c ati o ns.

T his t h esis e x pl or es t h e p ot e nti al of fr e e-s p a c e o pti cs, s p e ci fi c all y t h e 4f s yst e m, f or

a c c el er ati n g d e e p l e ar ni n g a n d c o nstr u cti n g n e ur al n et w or k ar c hit e ct ur es a c c or di n gl y. T h e

4f s yst e m is w ell-s uit e d f or hi g h-r es ol uti o n t as ks as its p erf or m a n c e d o es n ot d e gr a d e

wit h i n cr e as e d i n p ut or k er n el r es ol uti o n, w hi c h is a si g ni fi c a nt li mit ati o n i n c o n v e nti o n al

el e ctr o ni c ar c hit e ct ur es. T h e m ai n p erf or m a n c e b ottl e n e c k of hi g h-s p e e d c a m er as is t h e

r e a d o ut ti m e, w hi c h, i n f a ct, s c al es wit h t h e c a m er a’s r es ol uti o n [7 ]. T his t h esis e x pl or es

t h e a d a pt ati o n of d e e p l e ar ni n g m o d els, p arti c ul arl y C N Ns a n d Vi Ts, t o t a k e f ull a d v a nt a g e

of t h e 4f o pti c al s yst e m. T h e F at N et c o n v ersi o n al g orit h m is at t h e c or e of t his a d a pt ati o n.

It r estr u ct ur es tr a diti o n al C N Ns t o m at c h t h e c a p a biliti es of fr e e-s p a c e o pti c al c o m p uti n g

b ett er. B y i n cr e asi n g t h e r es ol uti o n of f e at ur e m a ps a n d k er n els w hil e r e d u ci n g t h e n u m b er of

c h a n n els, F at N et tr a nsf or ms t h e tr a diti o n al c o n e-s h a p e d ar c hit e ct ur e of C N Ns i nt o a b arr el-

s h a p e d str u ct ur e o pti mis e d f or t h e hi g h r es ol uti o n off er e d b y a n o pti c al s yst e m. B uil di n g o n

t his f o u n d ati o n, t his t h esis i ntr o d u c es t h e i m pl e m e nt ati o n of F at N et o n m o d els li k e R es N et-

1 8 [ 4 ], Al e x N et [3 ], a n d V G G- 1 9 [2 ] f or cl assi fi c ati o n e v al u at e d o n t h e CI F A R- 1 0 0 [2 7 ]

d at as et, r es ulti n g i n si g ni fi c a nt s p e e d u ps i n o pti c al e n vir o n m e nts wit h mi ni m al p erf or m a n c e

tr a d e- offs.

T h e CI F A R- 1 0 0 d at as et is a wi d el y us e d b e n c h m ar k i n i m a g e cl assi fi c ati o n, c o nt ai ni n g

1 0 0 cl ass es of r e al-lif e i m a g es, wit h e a c h cl ass r e pr es e nti n g a disti n ct o bj e ct c at e g or y, s u c h as

a ni m als, v e hi cl es, a n d e v er y d a y o bj e cts. E a c h cl ass c o nsists of 6 0 0 i m a g es, wit h 5 0 0 i m a g es
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all o c at e d f or tr ai ni n g a n d 1 0 0 f or t esti n g. T h e i m a g e r es ol uti o ns ar e 3 2 × 3 2 , w hi c h pr es e nts

a si g ni fi c a nt c h all e n g e d u e t o t h e l o w r es ol uti o n c o m bi n e d wit h t h e hi g h n u m b er of cl ass es.

T his m a k es CI F A R- 1 0 0 a m u c h m or e c o m pl e x a n d dif fi c ult v ersi o n of t h e CI F A R- 1 0 d at as et,

w hi c h o nl y h as 1 0 cl ass es.

B uil di n g o n t h e f o u n d ati o n of F at N et, t his t h esis i ntr o d u c es t h e F at- U- N et ar c hit e ct ur e, a

s p e ci alis e d a d a pt ati o n of t h e U- N et [ 1 3 ] m o d el f or i m a g e s e g m e nt ati o n t as ks wit hi n t h e 4f

s yst e m f oll o wi n g t h e pri n ci pl es of t h e F at N et c o n v ersi o n. T h e eff e cti v e n ess of F at- U- N et

is d e m o nstr at e d t hr o u g h e v al u ati o ns of b e n c h m ar k d at as ets, s u c h as t h e O xf or d-III T P et

a n d H e L a c ell s e g m e nt ati o n t as ks, s h o w c asi n g its a d v a nt a g es o v er tr a diti o n al G P U- b as e d

i m pl e m e nt ati o ns.

T h e O xf or d-III T P et [ 2 8 ] is a w ell- k n o w n d at as et f or i m a g e s e g m e nt ati o n. It c o nt ai ns

i m a g es of c ats a n d d o gs wit h pi x el-l e v el a n n ot ati o ns. D u e t o its v ari a bilit y i n p os e, s c al e, a n d

br e e d, it is oft e n us e d t o b e n c h m ar k s e g m e nt ati o n m o d els, pr o vi di n g a c h all e n gi n g t est f or

m o d el g e n er alis ati o n.

T h e H e L a c ell d at as ets ar e wi d el y us e d i n bi o m e di c al i m a g e s e g m e nt ati o n t as ks [ 1 3 ],

p arti c ul arl y f or c ell i d e nti fi c ati o n a n d a n al ysis. H e L a c ells, a n i m m ort al c ell li n e d eri v e d fr o m

c er vi c al c a n c er c ells [ 2 9 , 3 0 ], pr es e nt u ni q u e c h all e n g es i n s e g m e nt ati o n d u e t o t h eir di v ers e

s h a p es a n d si z es. T h es e d at as ets ar e cr u ci al f or e v al u ati n g t h e p erf or m a n c e of s e g m e nt ati o n

m o d els i n bi o m e di c al c o nt e xts a n d e x a mi ni n g t h eir a bilit y t o d e fi n e c ell b o u n d ari es [ 1 3 , 3 1 ],

n u cl ei [ 3 2 ] a n d el e m e nts li k e mit o c h o n dri a [3 3 ] a c c ur at el y.

T his t h esis t h e n e x pl or es t h e p ot e nti al i m pl e m e nt ati o n of Visi o n Tr a nsf or m ers o n t h e

4f fr e e-s p a c e o pti c al a c c el er at ors, wit h t h e i d e a t h at t h e s a m e 4f s yst e m c a n b e us e d f or all

ki n ds of n e ur al n et w or ks. T h e a n al ys es i n v ol v e e x p eri m e nts o n w h et h er r e pl a ci n g t h e li n e ar

l a y ers wit h t h e c o n v ol uti o n al l a y ers c a n m a k e t h e m o d el l e ar n att e nti o n i n a si mil ar m a n n er

t o r e g ul ar m ulti- h e a d s elf- att e nti o n. S e v er al t y p es of c o n v ol uti o ns w er e t est e d, st arti n g fr o m

r e g ul ar c o n v ol uti o ns a n d e n di n g wit h t h e s h ar e d d e pt h wis e c o n v ol uti o n al l a y ers d e v el o p e d i n

t his w or k t o e m ul at e r e g ul ar M L P usi n g c o n v ol uti o ns. T his st u d y als o i n v esti g at es h o w o ur

c o n v ol uti o n al Vi Ts ( C o n v S h ar e Vi Ts) c a n b e a d a pt e d t o b e n e fit fr o m t h e hi g h p ar all elis m a n d

r es ol uti o n c a p a biliti es of o pti c al s yst e ms.

1. 1 P r o bl e m st at e m e nt

B ef or e di vi n g i nt o t h e pr o bl e m st at e m e nt, it is i m p ort a nt t o s u m m aris e t h e g e n er al s p e ci fi c a-

ti o ns of t h e s yst e m u n d er c o nsi d er ati o n. T h e o bs er v e d s yst e m f o c us es o n t w o f u n d a m e nt al

t as ks i n c o m p ut er visi o n: i m a g e cl assi fi c ati o n usi n g C N Ns a n d Vi Ts, a n d i m a g e s e g m e nt ati o n

usi n g C N Ns. T o a c c el er at e t h e i nf er e n c e s p e e d of t h es e t as ks, w e e x pl or e t h e 4f fr e e-s p a c e
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o pti c al s yst e m, a d e vi c e c a p a bl e of p erf or mi n g a c o n v ol uti o n usi n g o pti c al c o m p o n e nts. T h e

4f s yst e m t a k es a d v a nt a g e of t h e pri n ci pl es of F o uri er o pti cs t o c o m p ut e c o n v ol uti o ns i n

p ar all el a cr oss hi g h-r es ol uti o n i n p ut i m a g es, off eri n g p ot e nti al f or a c c el er ati n g d e e p l e ar ni n g

m o d els.

H o w e v er, t h e 4f s yst e m i ntr o d u c es s p e ci fi c c o nstr ai nts t h at c o m pli c at e its dir e ct i nt e gr a-

ti o n wit h tr a diti o n al d e e p l e ar ni n g.

1. It c a n o nl y p erf or m c o n v ol uti o ns wit h o ut a cti v ati o n or p o oli n g l a y ers, r e q uiri n g a

h y bri d o pti c al- el e ctr o ni c a p pr o a c h t o e x e c ut e c o m pl et e n e ur al n et w or k ar c hit e ct ur es.

2. T h e s yst e m pr o c ess es hi g h-r es ol uti o n d at a, n e c essit ati n g ar c hit e ct ur al a d a pt ati o ns t o

utilis e its p ar all elis m eff e cti v el y.

3. Fi n all y, t h e r e a d o ut pr o c ess — e xtr a cti n g c o n v ol uti o n r es ults fr o m t h e o pti c al s yst e m —is

a si g ni fi c a nt b ottl e n e c k, as it sl o ws d o w n t h e o v er all i nf er e n c e pr o c ess, n e g ati n g t h e

p ot e nti al s p e e d u p fr o m o pti c al c o m p ut ati o n.

A d dr essi n g t h es e c h all e n g es r e q uir es r et hi n ki n g h o w n e ur al n et w or ks ar e d esi g n e d a n d

i nt e gr at e d wit h t h e 4f s yst e m. T h e g o al is t o cr e at e ar c hit e ct ur es t h at c a n o p er at e ef fi ci e ntl y

i n hi g h-r es ol uti o n s etti n gs, miti g at e t h e b ottl e n e c ks c a us e d b y el e ctr o ni c c o m p o n e nts, a n d

br o a d e n t h e v ers atilit y of o pti c al a c c el er at ors t o h a n dl e di v ers e m o d els. T h es e c o nsi d er ati o ns

f or m t h e f o u n d ati o n f or t h e c or e pr o bl e ms e x pl or e d i n t his t h esis.

L a c k of r es e a r c h i n b a r r el-s h a p e d n et w o r ks: Li mit e d att e nti o n h as b e e n gi v e n t o

r es e ar c h a n d i n v esti g ati o n of hi g h-r es ol uti o n tr ai ni n g d u e t o its i n ef fi ci e n c y f or C P U/ G P U

tr ai ni n g. Tr a diti o n all y, C N Ns ( C o n v ol uti o n al N e ur al N et w or ks) ar e us e d f or f e at ur e e x-

tr a cti o n, a n d t h e e xtr a ct e d f e at ur es ar e t h e n fit i nt o a cl assi fi er, w hi c h c a n b e a n y t y p e of

cl assi fi er. T his str u ct ur e e xists d u e t o ol d er t e c h ni q u es w h er e f e at ur es us e d t o b e e xtr a ct e d

usi n g m et h o ds li k e SI F T ( S c al e-I n v ari a nt F e at ur e Tr a nsf or m) [ 3 4 ] or m a n u all y a n d t h e n fit

i nt o t h e cl assi fi er. H o w e v er, wit h t h e a d v e nt of C N Ns, it b e c a m e p ossi bl e t o c as c a d e t h e

f e at ur e e xtr a ct or a n d cl assi fi er i nt o o n e m o d el, all o wi n g t h e c o n v ol uti o n al f e at ur e e xtr a ct or

a n d li n e ar l a y ers ( cl assi fi er) t o b e tr ai n e d t o g et h er.

D es pit e t his a d v a n c e m e nt, t h e ar c hit e ct ur e of C N Ns h as r et ai n e d its c o n e s h a p e. T his

s h a p e is a r es ult of t h e p yr a mi d-li k e f e at ur e e xtr a cti o n pr o c ess i n C N Ns, w h er e t h e f e at ur e

m a ps ar e pr o gr essi v el y d o w ns a m pl e d, e v e nt u all y f or mi n g a v e ct or of e n c o d e d f e at ur es

t h at is i n p ut i nt o t h e cl assi fi er. T h e e arl y l a y ers of C N Ns n at ur all y l e ar n t o e xtr a ct b asi c

f e at ur es, s u c h as h ori z o nt al a n d v erti c al li n es, w hil e t h e d e e p er l a y ers e xtr a ct m or e c o m pl e x

f e at ur es b as e d o n t h e f e at ur es fr o m t h e pr e vi o us l a y ers. C o ns e q u e ntl y, t h e l ast l a y er of t h e

c o n v ol uti o n al p art c o nt ai ns s uf fi ci e ntl y c o m pl e x f e at ur es t h at c a n b e eff e cti v el y us e d b y t h e

cl assi fi er.
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T his c o n e-s h a p e d C N N ar c hit e ct ur e is s u p p ort e d b y hist ori c al c o nt e xt, p arti c ul arl y i n t h e

d e v el o p m e nt of m ulti-s c al e r e pr es e nt ati o ns s u c h as t h e L a pl a ci a n p yr a mi d i ntr o d u c e d b y B urt

a n d A d els o n [ 3 5 ]. T h eir w or k s h o w e d h o w usi n g i m a g e e n c o di n g m et h o ds wit h m ulti pl e

l a y ers of i m a g e r e pr es e nt ati o n, w hi c h ar e si mil ar i n s h a p e b ut diff er e nt i n si z e, c a n ef fi ci e ntl y

pr o c ess b ot h t h e s p ati al fr e q u e n c y a n d f e at ur es of a n i m a g e. Si mil ar t o t h e m o d er n C N N

ar c hit e ct ur es, t his p yr a mi d str u ct ur e w as d esi g n e d t o e n h a n c e ef fi ci e n c y b y pr o gr essi v el y

d o w nsi zi n g t h e i n p ut d at a. T his a p pr o a c h is still f a v o ur e d i n C N Ns f or its ef fi ci e n c y i n

C P U/ G P U i nf er e n c es. T h e d o w nsi zi n g o p er ati o n si g ni fi c a ntl y r e d u c es t h e c o m p ut ati o n,

m a ki n g s u bs e q u e nt l a y ers m or e ef fi ci e nt. It is i m p ort a nt t o n ot e t h at t h e eff e cti v e r e c e pti v e

fi el d of t h es e m o d els i n cr e as es wit h t h e d e pt h of t h e l a y ers [ 3 6 ]. T h e eff e cti v e r e c e pti v e

fi el d r ef ers t o t h e r e gi o n of t h e i n p ut s p a c e t h at a p arti c ul ar C N N l a y er’s o ut p ut n e ur o n

is i n fl u e n c e d b y. Alt h o u g h l ar g er k er n els c o ul d als o c o ntri b ut e t o a n i n cr e as e d eff e cti v e

r e c e pti v e fi el d i n C N Ns, t h e y ar e n ot c o m m o nl y us e d d u e t o t h eir i n ef fi ci e n c y.

T h e o pti c al s et u p dis c uss e d i n t his t h esis, s p e ci fi c all y t h e 4f fr e e-s p a c e o pti c al a c c el er at or,

is f ull y utilis e d o nl y w h e n t h e i n p uts a n d k er n els ar e at m a xi m u m r es ol uti o n. I n t his 4f

s yst e m, t h e r es ol uti o n of t h e k er n els a n d i n p uts d o es n ot i m p a ct t h e s p e e d of i nf er e n c e.

T h er ef or e, t h e e x pl or ati o n of hi g h-r es ol uti o n tr ai ni n g b e c o m es p arti c ul arl y r el e v a nt.

C o nst r ai nts of t h e 4f s yst e m: Alt h o u g h t h e 4f s yst e m’s a d v a nt a g es li e i n its p ar all elis m,

hi g h-r es ol uti o n c a p a biliti es, p assi v e F o uri er tr a nsf or m ati o n, a n d l o w e n er g y c o ns u m pti o n,

t h e m ai n li mit ati o n is t h e fr e q u e n c y r at e of t h e m o d ul at ors a n d c a m er as.

C o n v ol uti o n al n e ur al n et w or ks c o nt ai n a n o n-li n e ar a cti v ati o n f u n cti o n aft er e a c h c o n-

v ol uti o n al l a y er. T h e 4f s yst e m c a n p erf or m a s et of c o n v ol uti o n o p er ati o ns, a n d if t h e

n o n-li n e arit y c o ul d b e a p pli e d o pti c all y, t h e o ut p ut c o ul d p ot e nti all y b e fit i nt o a n ot h er

o pti c al c o n v ol uti o n al l a y er. U nf ort u n at el y, n o n-li n e arit y i n o pti cs is still a n a cti v e ar e a of

r es e ar c h [3 7 , 3 8 ]. C o ns e q u e ntl y, m ost r es e ar c h o n 4f s yst e ms i n v ol v es r e a di n g t h e o ut p ut

wit h a c a m er a t o i ntr o d u c e t h e n o n-li n e arit y el e ctr o ni c all y [ 3 9 ]. T his m e a ns t h at t o p erf or m

all l a y ers of t h e C N N o pti c all y, t h e o ut p ut m ust b e r e a d b y a c a m er a, t h e n o n-li n e arit y

a p pli e d el e ctr o ni c all y, a n d t h e n t h e i n p ut m o d ul at e d a g ai n. T his i ntr o d u c es a si g ni fi c a nt

c h all e n g e, as t h e fr e q u e n c y r at e of m o d ul at ors a n d t h e r e a d- o ut s p e e d of t h e c a m er a ar e t h e

m ai n b ottl e n e c ks of t h e s yst e m. T h e o v er all n u m b er of c o n v ol uti o n o p er ati o ns i n t h e m o d el

i n cr e as es t h e i nf er e n c e ti m e of t h e s yst e m. T h er ef or e, t h e f e w er c o n v ol uti o n o p er ati o ns t h e

s yst e m h as, r e g ar dl ess of t h e r es ol uti o n of t h e i n p uts, t h e f ast er t h e i nf er e n c e will b e. T his

n e c essit at es r es e ar c h o n C N Ns wit h f e w er c o n v ol uti o n o p er ati o ns a n d l ar g er i n p uts/ k er n els

wit h o ut s u bst a nti al l oss i n p erf or m a n c e.

Li mit ati o ns i n t h e Ve rs atilit y of O pti c al A c c el e r at o rs U nf ort u n at el y, o pti c al a c c el-

er at ors ar e us u all y d esi g n e d wit h a s p e ci fi c n e ur al n et w or k ar c hit e ct ur e i n mi n d, m e a ni n g
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t h e y ar e s p e ci alis e d f or a p arti c ul ar t y p e of n et w or k, s u c h as a C N N or a tr a nsf or m er m o d el.

A d diti o n all y, t h e y ar e oft e n c ust o mis e d f or a s p e ci fi c ar c hit e ct ur e wit hi n t h at n et w or k t y p e.

F or i nst a n c e, s o m e st u di es us e fi x e d w ei g hts i n o pti c al C N Ns a n d a p pl y t h e o pti c al s et u p

o nl y f or t h e first l a y er or a si n gl e c o n v ol uti o n al l a y er [ 1 ]. W hil e s o m e r es e ar c h e x pl or es t h e

us e of t h e s a m e d e vi c e a cr oss all l a y ers of a C N N, o pti c al s et u ps f or tr a nsf or m er m o d els

ar e t y pi c all y d esi g n e d s p e ci fi c all y f or t h os e m o d els [ 5 ]. T his l e a ds t o t h e q u esti o n: c a n

a 4f s yst e m b e fl e xi bl e e n o u g h t o w or k wit h all t y p es of C N Ns a n d tr a nsf or m er m o d els ?

D e v el o pi n g a u ni v ers al o pti c al a c c el er at or t h at c a n ef fi ci e ntl y h a n dl e diff er e nt t y p es of n e ur al

n et w or ks is still a n o p e n r es e ar c h c h all e n g e, a n d t h e s ol uti o n m a y li e m or e i n s oft w ar e

a d a pt ati o n t h a n i n h ar d w ar e c h a n g es.

S u m m a r y of t h e P r o bl e m St at e m e nt: T h e li mit ati o ns of c urr e nt d e e p l e ar ni n g ar c hit e c-

t ur es a n d o pti c al a c c el er at ors hi g hli g ht s e v er al k e y c h all e n g es. First, tr a diti o n al c o n e-s h a p e d

C N N ar c hit e ct ur es, o pti mis e d f or C P U/ G P U ef fi ci e n c y, ar e n ot ef fi ci e nt f or hi g h-r es ol uti o n

tr ai ni n g, w hi c h t h e 4f o pti c al s yst e m i n h er e ntl y s u p p orts d u e t o its r es ol uti o n-i n d e p e n d e nt

i nf er e n c e s p e e d. S e c o n d, t h e 4f s yst e m f a c es b ottl e n e c ks d u e t o t h e r eli a n c e o n el e ctr o ni c

n o n-li n e ar a cti v ati o n f u n cti o n a n d t h e fr e q u e n c y li mit ati o ns of m o d ul at ors a n d c a m er as,

n e c essit ati n g f e w er c o n v ol uti o n o p er ati o ns wit h l ar g er i n p uts a n d k er n els t o o pti mis e its

p erf or m a n c e. L astl y, o pti c al a c c el er at ors l a c k v ers atilit y, oft e n b ei n g t ail or e d t o s p e ci fi c

ar c hit e ct ur es or l a y ers, m a ki n g t h e d e v el o p m e nt of a u ni v ers al o pti c al a c c el er at or f or di v ers e

n e ur al n et w or ks a n o n g oi n g c h all e n g e t h at r e q uir es b ot h h ar d w ar e a n d s oft w ar e i n n o v ati o ns.

1. 2 O bj e cti v es

B uil di n g u p o n t h e pr o bl e m st at e m e nt, t h e o bj e cti v es of t his r es e ar c h ar e as f oll o ws:

1. D e v el o p, t est, a n d c o m p ar e n o v el C N N ar c hit e ct ur es f or cl assi fi c ati o n a n d s e g m e nt ati o n

s p e ci fi c all y d esi g n e d a n d a d a pt e d t o t h e 4f fr e e-s p a c e s yst e ms, w hi c h pr o vi d e hi g h-

r es ol uti o n c a p a biliti es t h at c a n b e e x pl oit e d f or p ar all elis m. T o a c hi e v e t his o bj e cti v e,

it is n e c ess ar y t o:

• C o nsi d er t h at t h e m ai n b ottl e n e c k of o pti c al s yst e ms is t h e c a m er a r e a d o ut a n d

t h us, it is n e c ess ar y t o i m pl e m e nt str at e gi es t o mi ni mis e c a m er a r e a d o uts of t h e

4f s yst e m w hil e m ai nt ai ni n g p erf or m a n c e.

2. D esi g n a n d i m pl e m e nt a si m ul at or f or t h e 4f s yst e m a n d o pti c al c o n v ol uti o n al l a y ers.

Us e t h e si m ul at or t o b e n c h m ar k p erf or m a n c e of t h e tr a diti o n al el e ctr o ni c i m pl e m e n-

t ati o ns a n d c o m p ar e t h e m wit h t h e n o v el pr o p os e d ar c hit e ct ur es. T o a c hi e v e t his

o bj e cti v e, it will b e n e c ess ar y t o:
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• Address and mitigate the optical accelerator’s limitation in handling negative
values, and enhance existing algorithmic solutions to improve memory efficiency.

3. Develop, test and compare novel Vision Transformer architectures that are compatible
with the 4f system. To fulfil this objective, it will be necessary to:

• Redesign multi-head self-attention mechanisms in Vision Transformers to use
convolution operations exclusively. The novel self-attention mechanisms should
be capable of learning attention scores rather than features, as in regular CNNs.

• Evaluate the redesigned Vision Transformers for performance, computational
efficiency and parallelisation potential in the 4f system compared to measure
inference on GPU.

1.3 Scope and limitations

This research exclusively focuses on deep learning architectures using the 4f optical system
introduced in related work. Whenever proof of concept is required to demonstrate that the
architectures can run in optics, a simulation is used. It is not focused on the development of
new optical setups or addressing hardware-related issues, though some minor coverage is
provided. The study considers the advantages, limitations, and constraints of the 4f system
from previous research to enhance the architectures and discover more efficient solutions.

The primary objective is to adapt standard neural networks, such as Convolutional Neural
Networks (CNNs) and Vision Transformers (ViTs), to formats that are more efficient within
the 4f system. This work involves analysing these models to evaluate their benefits and
drawbacks, with a particular focus on the improvements in inference speed and potential
performance trade-offs.

Moreover, this research is solely focused on accelerating inference rather than backpropa-
gation. Although the 4f system simulator has been used for training purposes in this thesis,
the question of using the 4f system for backpropagation is beyond the scope of this work.

Additionally, several issues that exist in the free-space acceleration of AI are not consid-
ered in this research. These include the potential misalignment of optical elements, which
could likely affect performance, system noise, various quantisation levels, and the impact of
noise on low-precision training.
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1. 4 C o nt ri b uti o ns

1. I nt r o d u cti o n of t h e F at N et C o n v e rsi o n ( C h a pt e r 3 ): I ntr o d u c e d t h e F at N et c o n-

v ersi o n, w hi c h o pti mis es n e ur al n et w or ks f or o pti c al c o m p uti n g b y i n cr e asi n g t h e

r es ol uti o n of f e at ur e m a ps a n d k er n els w hil e r e d u ci n g t h e n u m b er of c h a n n els. T his

c o n v ersi o n m ai nt ai ns t h e c o m p ut ati o n al c o m pl e xit y a n d a d a pts t h e n et w or k t o t h e c o n-

str ai nts of t h e 4f s yst e m, si g ni fi c a ntl y r e d u ci n g t h e n u m b er of c o n v ol uti o n o p er ati o ns

r e q uir e d.

( a) D e v el o p m e nt of t h e F at S pitt e r Al g o rit h m ( C h a pt e r 3 ): Cr e at e d t h e F at S pitt er

al g orit h m, w hi c h a ut o m ati c all y c o n v erts a n y P y T or c h m o d el i nt o its F at N et

e q ui v al e nt. T his a ut o m at e d c o n v ersi o n pr o c ess e n a bl es t h e tr a nsf or m ati o n of

e xisti n g n e ur al n et w or k ar c hit e ct ur es i nt o v ersi o ns t h at ar e o pti mis e d f or o pti c al

a c c el er ati o n, f a cilit ati n g br o a d er a p pli c ati o n a n d e x p eri m e nt ati o n. F at S pit er c a n

p ot e nti all y b e i nt e gr at e d i nt o t h e 4f s yst e m t o c o n v ert all n et w or ks t o a m or e

o pti mis e d f or m at b ef or e tr ai ni n g if n e e d e d b y t h e us er.

( b) D esi g n a n d I m pl e m e nt ati o n of t h e F at N et A r c hit e ct u r es ( C h a pt e rs 3 a n d

4 ): F at N et w as d esi g n e d a n d i m pl e m e nt e d o n off-t h e-s h elf ar c hit e ct ur es s u c h as

R es N et- 1 8, Al e x N et, a n d V G G- 1 9. F oll o wi n g t h e s u c c essf ul i m pl e m e nt ati o n

a n d e v al u ati o n of t h e CI F A R- 1 0 0 d at as et, t h e m et h o d w as s c al e d t o s e g m e nt ati o n

t as ks. T his l e d t o t h e d e v el o p m e nt of F at- U- N et, t h e F at N et e q ui v al e nt of U- N et,

b y a p pl yi n g t h e F at N et pri n ci pl es t o t h e c o ntr a cti n g p at h of t h e U- N et. F at- U- N et

f e at ur es o pti mis e d k er n el r es ol uti o ns a n d r e d u c e d c h a n n el c o u nts, m a ki n g it

s uit a bl e f or hi g h-r es ol uti o n i m a g e s e g m e nt ati o n t as ks i n t h e 4f o pti c al s yst e m.

T h e ar c hit e ct ur e u n d er w e nt ri g or o us t esti n g a n d e v al u ati o n o n P ets s e g m e nt ati o n

a n d H e L a c ells n u cl e us s e g m e nt ati o n.

( c) P e rf o r m a n c e E v al u ati o n of F at N ets ( C h a pt e rs 3 a n d 4 ): C o n d u ct e d c o m pr e-

h e nsi v e p erf or m a n c e e v al u ati o ns of cl assi fi c ati o n F at N et n et w or ks a n d s e g m e n-

t ati o n n et w or k F at- U- N et c o m p ar e d t o tr a diti o n al U- N et o n b e n c h m ar k i m a g e

s e g m e nt ati o n t as ks. M etri cs s u c h as a c c ur a c y, I nt ers e cti o n o v er U ni o n (I o U), a n d

Di c e c o ef fi ci e nt w er e us e d t o ass ess t h e eff e cti v e n ess a n d ef fi ci e n c y of F at N et,

d e m o nstr ati n g its a d v a nt a g es i n o pti c al c o m p uti n g e n vir o n m e nts.

( d) T h e o r eti c al A n al ysis of O pti c al A c c el e r ati o n S p e e d u ps ( C h a pt e rs 3 a n d 4 ):

Pr o vi d e d a t h e or eti c al a n al ysis a n d q u a nti fi c ati o n of t h e p ot e nti al s p e e d- u p g ai ns

a c hi e v a bl e b y F at N ets w h e n e x e c ut e d o n fr e e-s p a c e o pti c al a c c el er at or h ar d w ar e.

C o m p aris o ns w er e m a d e wit h c o n v e nti o n al el e ctr o ni c ar c hit e ct ur es t o hi g hli g ht
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t h e p erf or m a n c e b e n e fits of o pti c al a c c el er ati o n, p arti c ul arl y i n t er ms of r e d u c e d

i nf er e n c e ti m es a n d e n h a n c e d p ar all elis m.

2. D e v el o p m e nt of a C ust o m P y T o r c h L a y e r wit h 4f O pti c al A c c el e r at o r Si m ul ati o n

( C h a pt e r 3 ): Cr e at e d a c ust o m P y T or c h l a y er t h at i n c or p or at es a b uilt-i n si m ul at or

of t h e 4f fr e e-s p a c e o pti c al a c c el er at or. T his si m ul at or m o d els t h e li g ht pr o p a g ati o n

a n d diffr a cti o n pr o c ess es, e n a bli n g t h e t esti n g a n d v ali d ati o n of o pti c al n e ur al. It

i n c or p or at es a n e w ps e u d o- n e g ati vit y m e c h a nis m t o a d dr ess t h e i n h er e nt n e g ati vit y

pr o bl e m i n o pti c al c o m p uti n g. T his m e c h a nis m e ns ur es t h e a c c ur at e si m ul ati o n of

o pti c al c o n v ol uti o ns t h at i n v ol v e n e g ati v e w ei g hts, w hi c h ar e n ot dir e ctl y s u p p ort e d b y

o pti c al s yst e ms. U nli k e ot h er m et h o ds i n t h e r el at e d w or k, t h e m et h o d of t his w or k

st or es o nl y o n e v ersi o n of t h e k er n el i nst e a d of t w o.

3. D e v el o p m e nt of C o n v ol uti o n al M et h o ds f o r Visi o n Tr a nsf o r m e rs ( C h a pt e r 5 ):

I n n o v at e d n o v el m et h o ds f or r u n ni n g Visi o n Tr a nsf or m ers usi n g o nl y c o n v ol uti o n

o p er ati o ns, m a ki n g t h e m c o m p ati bl e wit h t h e 4f s yst e m. T his a p pr o a c h t a k es a d v a nt a g e

of t h e p ar all el pr o c essi n g c a p a biliti es of o pti c al c o m p uti n g, pr o vi di n g a s c al a bl e

s ol uti o n f or Visi o n Tr a nsf or m er m o d els. Pr o vi d e d t h e a n al ys es of diff er e nt m et h o ds of

i nt e gr ati n g c o n v ol uti o n o p er ati o n i nt o t h e Vi T.

4. A n al ys es a n d Vis u alis ati o ns ( C h a pt e rs 3 , 4 , a n d 5 ): C o n d u ct e d a vis u alis ati o n of

t h e first l a y er w ei g hts of t h e F at N ets t o c o m p ar e t h e m wit h t h e ori gi n al l a y er. T his

w as d o n e t o fi n d o ut w h et h er t h e F at N ets ar e tr ai ni n g si mil arl y t o t h e ori gi n al m o d els.

T h e ef fi c a c y of t h e F at N ets w as pr o v e n b y tr ai ni n g F at m o d els t h at di d n ot f oll o w

t h e F at N et pri n ci pl es (t h e I nt uiti v e- F at- U- N ets). F urt h er m or e, it w as tr ai n e d wit h o ut

s ki p c o n n e cti o ns t o d e m o nstr at e t h at t h e F at- U- N et pr es er v es l o c alis ati o n a c c ur a c y

b ett er w h e n c o m p ar e d t o t h e U- N et wit h o ut s ki p c o n n e cti o ns ( a ut o e n c o d er). Si mil arl y,

t h e a v er a g e att e nti o n s c or es w er e vis u alis e d a n d a n al ys e d t o fi n d o ut w h et h er t h e

C o n v S h ar e Vi Ts l e ar n att e nti o n li k e Vi Ts.

1. 5 St r u ct u r e of T h esis

Fi g ur e 1. 1 s h o ws t h e l o gi c al fl o w of c h a pt ers i n t his t h esis. C h a pt er 2 , t h e Lit er at ur e R e vi e w,

dis c uss es t h e b a c k gr o u n d, r el at e d w or k, d at as ets, a n d m et h o d ol o g y r el e v a nt t o t h e c o ntri b u-

ti o ns of t his st u d y. C h a pt ers 3 , 4 , 5 ar e t h e r es e ar c h c h a pt ers, w hi c h b uil d u p o n t h e lit er at ur e

r e vi e w a n d a d dr ess t h e g a ps i n k n o wl e d g e hi g hli g ht e d i n t h at c h a pt er. C h a pt er 3 d et ails t h e

d e v el o p m e nt of t h e F at N et c o n v ersi o n, w hil e C h a pt er 4 e xt e n ds t h e m et h o d ol o gi es pr es e nt e d
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i n C h a pt er 3 t o a d a pt t h e m f or s e g m e nt ati o n t as ks. C h a pt er 5 us es m et h o ds disti n ct fr o m t h e

pr e vi o us t w o c h a pt ers. C h a pt er 6 s u m m aris es c o n cl usi o n a n d f ut ur e w or k.

1. I ntr o d u cti o n

2. Lit er at ur e R e vi e w

3 . F at N et f or I m a g e 
Cl assifi c ati o n 

4. F at -U -N et f or I m a g e 
S e g m e nt ati o n

5 . S h ar e d 
C o n v ol uti o n al Visi o n 

Tr a nsf or m ers

6 . C o n cl usi o ns a n d 
F ut ur e w or k 

Fi g. 1. 1 St r u ct u r al fl o w of t h e T h esis. T his fl o w c h art ill ustr at es t h e l o gi c al pr o gr essi o n a n d
d e p e n d e n ci es b et w e e n t h e c h a pt ers of t h e t h esis. T h e arr o ws i n di c at e t h e fl o w of c o nt e nt,
s h o wi n g h o w e a c h c h a pt er b uil ds u p o n t h e pr e vi o us o n es.

T h e d et ail e d d es cri pti o ns of all c h a pt ers ar e list e d b el o w:

C h a pt e r 2: Lit e r at u r e R e vi e w - T his c h a pt er c o m bi n es t h e b a c k gr o u n d a n d r el at e d w or k

t o pr o vi d e a c o m pr e h e nsi v e u n d erst a n di n g of t h e fi el d c o v er e d i n t his t h esis. It i ntr o d u c es t h e

f o u n d ati o n al c o n c e pts a n d m et h o ds, i n cl u di n g O pti c al C o m p uti n g, t h e 4f s yst e m, C o n v ol uti o n

o p er ati o ns, C o n v ol uti o n al N e ur al N et w or ks ( C N Ns), Tr a nsf or m er n et w or ks, a n d t h e Att e nti o n

m e c h a nis m. T h es e m et h o ds, w hi c h f or m t h e b asis of t his r es e ar c h, ar e c o m m o n k n o wl e d g e

i n t h e fi el d.

T h e c h a pt er als o r e vi e ws r el at e d w or k r el e v a nt t o t h e c o ntri b uti o n of t his t h esis, dis c ussi n g

t h e a p pli c ati o n of C N Ns i n cl assi fi c ati o n a n d s e g m e nt ati o n t as ks. T h e d at as ets us e d i n t his

r es e ar c h ar e d es cri b e d. S p e ci fi c all y, t h e us e of t h e CI F A R- 1 0 0 d at as et f or i m a g e s e g m e nt ati o n,

as w ell as t h e H e L a c ell a n d O xf or d P ets d at as ets f or i m a g e s e g m e nt ati o n t as ks, ar e r e vi e w e d

i n d et ail, wit h b e n c h m ar ks pr o vi d e d f or c o m p aris o n p ur p os es. A d diti o n all y, t h e a p pli c ati o n

of Tr a nsf or m ers i n i m a g e cl assi fi c ati o n, p arti c ul arl y Visi o n Tr a nsf or m ers, is e x pl or e d.
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The chapter further examines the impact of high-resolution training in CNNs and the
implementation of high-resolution or parallel inference in optical accelerators. Lastly, it
investigates the acceleration of deep learning within hardware, focusing on optical processors,
with an emphasis on free-space optics and the 4f system.

Chapter 3: FatNet for Image Classification This chapter details the primary method,
FatNet conversion, and its automated algorithm structure. It also explains the optical simulator
developed to evaluate model performance, the pseudo-negativity method used in the simulator.
The chapter then covers the conversion and evaluation of three off-the-shelf networks (ResNet-
18, AlexNet, and VGG-19) into their FatNet equivalents, trained with the CIFAR-100 dataset.

Chapter 4: Fat-U-Net for Image Segmentation This chapter discusses the conversion
and evaluation of a U-Net type architecture into its FatNet equivalent (Fat-U-Net), using
the HeLa cancer cells dataset and the Oxford-IIIT Pet dataset. It also analyses the U-Net
and Fat-U-Net without skip connections and further evaluates the effectiveness of the FatNet
conversion using "Intuitive Fat-U-Nets".

Chapter 5: Shared Convolutional Vision Transformers (ConvShareViT) This chapter
explores using the 4f optical accelerator for Vision Transformers (ViTs). Although optical
setups for transformers exist, they are typically task-specific. We investigated using the same
4f system for ViTs by implementing ViTs with convolution operations. Different methods
were analysed, and the most effective was a shared depthwise convolution developed by us.
This method emulates linear layers using convolutions, making it suitable for the 4f system.
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C h a pt e r 2

Lit e r at u r e R e vi e w

O v e r vi e w

T his c h a pt er i ntr o d u c es o pti c al s yst e ms a n d n e ur al n et w or ks, f o c usi n g o n 4f o pti c al a c c el er a-

t ors. It e x pl ai ns o pti c al c o m p uti n g, t h e 4f s yst e m, t h e F o uri er Tr a nsf or m’s r ol e i n c o m p ut er

visi o n, a n d its c o n n e cti o n t o c o n v ol uti o n o p er ati o ns. C N Ns a n d t h eir a p pli c ati o ns i n i m a g e

cl assi fi c ati o n a n d s e g m e nt ati o n ar e dis c uss e d, al o n g wit h a r e vi e w of Tr a nsf or m ers, att e nti o n

m e c h a nis ms, a n d Vi Ts.

T h e c h a pt er als o e x a mi n es hi g h-r es ol uti o n tr ai ni n g, fr e e-s p a c e o pti c al a c c el er at ors, t h eir

b e n c h m ar ks, a n d t h e 4f s yst e m’s c a p a biliti es, i n cl u di n g p ar all elis m a n d e x p eri m e nt al r es ults.

It c o n cl u d es wit h t h e a p pli c ati o n of fr e e-s p a c e o pti c al a c c el er at ors t o tr a nsf or m ers a n d d et ails

o n d at as ets a n d b e n c h m ar ks us e d i n t his w or k.

2. 1 O pti c al C o m p uti n g a n d 4f s yst e m

O pti c al c o m p uti n g r ef ers t o i nf or m ati o n pr o c essi n g s yst e ms t h at us e li g ht or p h ot o ns t o

p erf or m c o m p ut ati o n, u nli k e el e ctr o ni cs, w hi c h us e el e ctr o ns [ 4 0 ]. It st art e d i n t h e 1 9 6 0s

w h e n l as ers w er e i n v e nt e d a n d f o u n d t o h a v e c o h er e nt o pti c al pr o p erti es s uit a bl e f or i nf or m a-

ti o n tr a ns missi o n a n d pr o c essi n g. O pti c al c o m p uti n g e x pl oits t h e hi g h b a n d wi dt h a n d l o w

i nt erf er e n c e pr o p erti es of p h ot o ns t o pr o c ess d at a i n p ar all el at t h e s p e e d of li g ht.

S o m e k e y a d v a nt a g es of o pti c al c o m p uti n g i n cl u d e hi g h b a n d wi dt h of t h e li g ht b e a m,

hi g h s p e e d, z er o r esist a n c e, l o w er e n er g y c o ns u m pti o n, a n d i m m u nit y t o o v er h e ati n g [ 4 1 ].

H o w e v er, o pti c al c o m p uti n g als o h as s o m e dis a d v a nt a g es:

• L a c k of o pti c al m e m or y m a k es st or a g e dif fi c ult
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Fi g. 2. 1 4f S yst e m h a r d w a r e s et u p as p e r C h a n g et al. [1 ]. I n t his p arti c ul ar c o n fi g ur ati o n,
l as er i n p ut, n ot s h o w n i n t h e fi g ur e, s hi n es its b e a m o nt o t h e i n p ut pl a n e m o d ul at or. T h e
b e a m t h e n p ass es t hr o u g h a l e ns, p erf or mi n g a F o uri er tr a nsf or m of t h e i m a g e o nt o a p h as e
m as k i n t h e F o uri er pl a n e. T h e p h as e m as k a p pli es a pr e d e fi n e d filt er b y m o d ul ati n g t h e
F o uri er-tr a nsf or m e d i m a g e. T his fi x e d- p h as e m as k c a n b e r e pl a c e d wit h a d y n a mi c m o d ul at or
if r e q uir e d. T h e fi x e d p h as e m as k us e d b y t h e a ut h ors i n t h e F o uri er pl a n e c a n b e r e pl a c e d b y
a n ot h er m o d ul at or if n e e d e d. T h e fi n al w a v efr o nt, c a pt ur e d b y t h e c a m er a, r e pr es e nts t h e
c o n v ol uti o n of t h e i n p ut i m a g e wit h t h e p h as e m as k k er n el.

• Dif fi c ult y of p erf or mi n g n o n-li n e ar f u n cti o n i n o pti cs

• I m p ossi bl e t o r e pr es e nt n e g ati v e v al u es i n 4f c orr el at or ( 4f fr e e-s p a c e o pti c al s yst e m

us e d i n t his w or k t o p erf or m c o n v ol uti o n a n d c orr el ati o n o p er ati o ns) as t h e c a m er a

r e a ds o ut t h e i nt e nsit y

• Sl o w o pti cs- el e ctr o ni cs a n d el e ctr o ni cs- o pti cs c o n v ersi o n

• Fli p p e d o ut p ut: T h e i n p ut of t h e s yst e m is v erti c all y fli p p e d at t h e o ut p ut d u e t o t h e

p h ysi cs of t h e g e o m etri c al o pti cs i n t h e 4f fr e e-s p a c e c orr el at or.

Si n c e t his w or k f o c us es o n o pti c al n e ur al n et w or ks, it is ess e nti al t o m e nti o n t h at t h er e ar e

t w o m ai n a p pr o a c h es t o o pti c al n e ur al n et w or ks: fr e e-s p a c e usi n g S p ati al Li g ht M o d ul at ors

( S L M) [7 , 1 ] or sili c o n p h ot o ni cs a p pr o a c h usi n g M a c h – Z e h n d er I nt erf er o m et ers ( M ZI) [4 2 ,

4 3 ]. U nli k e sili c o n p h ot o ni cs, fr e e-s p a c e o pti cs us e wir el ess pr o p a g ati o n t hr o u g h a m e di u m,

w hi c h c a n b e air, o ut er s p a c e or v a c u u m. Alt h o u g h t h e sili c o n p h ot o ni cs a p pr o a c h’s cl o c k

s p e e d c a n r e a c h s e v er al G H z, m a ki n g it f ast er t h a n fr e e-s p a c e o pti cs, it is i nf eri or t o t h e

fr e e-s p a c e s yst e m i n p ar all elis m [2 6 ]. T his r es e ar c h is f o c us e d o n t h e 4f fr e e-s p a c e a p pr o a c h

as d es cri b e d i n Li et al. [7 ], w hi c h t a k es a d v a nt a g e of t h e p ar all elis m of fr e e-s p a c e o pti cs.

T h e 4f fr e e-s p a c e o pti c al s yst e m c a n b e us e d t o p erf or m c o n v ol uti o n o p er ati o ns f ast er t h a n

tr a diti o n al el e ctr o ni c pr o c ess ors.

We a v er a n d G o o d m a n i ntr o d u c e d t h e o pti c al c o n v ol uti o n m et h o d usi n g t h e 4f s yst e m i n

1 9 6 6 [ 4 4 ]. Alt h o u g h t his r es e ar c h ur g e d i nt er est i n o pti c al n e ur al n et w or ks, s u c h as t h e w or k
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b y J ut a m uli a a n d Yu [ 4 5 ] i n 1 9 9 6, t h e i d e a of o pti c al n e ur al n et w or ks o nl y b e g a n g ai ni n g

br o a d er p o p ul arit y i n t h e 2 1st c e nt ur y wit h t h e ris e of n e ur al n et w or ks a n d d e e p l e ar ni n g.

A st a n d ar d 4f o pti c al s yst e m c o nsists of a n i n p ut s o ur c e, t w o c o n v e x l e ns es, t w o li g ht

m o d ul at ors a n d a s e ns or (s e e Fi g ur e 2. 1 ). T h e i n p ut s o ur c e is t h e l as er e mitti n g t h e li g ht

m o d ul at e d ri g ht i n t h e b e gi n ni n g wit h t h e i n p ut i m a g e b y alt eri n g t h e li g ht i nt e nsit y.

All t h es e el e m e nts c a n h a v e diff er e nt p ar a m et ers, a n d i n t h e pr e vi o us r es e ar c h o n t h e

4f s yst e m, diff er e nt p ar a m et ers a n d el e m e nts h a v e b e e n us e d t o b uil d t h e c orr el at or. T h es e

diff er e nt s et u ps a n d t h eir p erf or m a n c e is dis c uss e d i n S e cti o n 2. 8 of t h e n e xt c h a pt er.

L as e r s o u r c e: T h e l as er s o ur c e is a s e mi c o n d u ct or d e vi c e si mil ar t o t h e L E D t h at e mits

a l as er b e a m w h e n c urr e nt is s u p pli e d. I n t h e pr e vi o us r es e ar c h, diff er e nt r es e ar c h ers us e d

diff er e nt w a v el e n gt hs. F or e x a m pl e, i n t h eir e x p eri m e nts, C h a n g et al. [1 ] us e d t h e gr e e n

l as er wit h a w a v el e n gt h of 5 3 2 n m, w hil e W u et al. [4 6 ] us e d a r e d l as er wit h a w a v el e n gt h of

6 3 2. 8 n m.

M o d ul at o rs: M o d ul at ors ar e t h e c or e c o m p o n e nts of t h e s yst e m, r es p o nsi bl e f or a dj ust-

i n g b ot h t h e a m plit u d e a n d p h as e as r e q uir e d. Us u all y, t h e li g ht e mitt e d fr o m t h e l as er s o ur c e

is pr oj e ct e d o nt o t h e m o d ul at or t o r e g ul at e its a m plit u d e at t h e s o ur c e. N u m er o us m o d ul at or

t y p es e xist, wit h pr ef er e n c es v ar yi n g a m o n g 4f s yst e m r es e ar c h ers. T h e m ost c o m m o n m o d u-

l at ors us e d i n 4f s yst e ms ar e t h e S p ati al Li g ht M o d ul at ors ( S L Ms) a n d Di git al Mi cr o mirr or

D e vi c es ( D M Ds). S L Ms c a n r e g ul at e t h e si g n al’s a m plit u d e a n d p h as e b y m a ni p ul ati n g

t h e c ell’s r efr a cti v e i n d e x [7 ]. S L Ms us u all y c o nt ai n a li q ui d cr yst al p a n el, si mil ar i n s o m e

w a ys t o t h e dis pl a ys us e d i n T Vs a n d m o nit ors. B y c o ntr olli n g t h e ori e nt ati o n of t h e li q ui d

cr yst al p arti cl es, it c a n c h a n g e t h e p h as e or a m plit u d e of t h e li g ht p assi n g t hr o u g h e a c h pi x el.

S p e ci fi c all y d esi g n e d f or l as ers wit h a c ert ai n w a v el e n gt h, S L Ms v ar y i n t h eir r es ol uti o ns,

wit h s o m e off eri n g as hi g h as 4 K [ 4 7 ]. D M Ds ar e c o m m o nl y us e d i n pr oj e ct ors a n d ar e b as e d

o n t h e Di git al Li g ht Pr o c essi n g ( D L P) t e c h n ol o g y of Te x as I nstr u m e nts. D M Ds c o nt ai n

h u n dr e ds of t h o us a n ds or e v e n milli o ns of ti n y mirr ors, e a c h c orr es p o n di n g t o a pi x el. E a c h

of t h es e mirr ors c a n tilt eit h er t o w ar ds a n ’ o n’ p ositi o n, r e fl e cti n g li g ht t hr o u g h a l e ns a n d

o nt o a s cr e e n or a n ’ off’ p ositi o n, w h er e t h e li g ht is dir e ct e d els e w h er e a n d n ot dis pl a y e d,

a c hi e vi n g a n a m plit u d e m o d ul ati o n [ 4 8 ]. C o m pris e d of a h e a d a n d a c o ntr oll er, t h e m o d ul at or

s et u p all o ws f or us er-fri e n dl y a dj ust m e nt vi a a D VI c o n n e cti o n of t h e c o ntr oll er t o a P C,

f a cilit ati n g t h e c ust o mis ati o n of m o d ul at or s etti n gs.

L e ns es: L e ns es ar e t h e o pti c al c o m p o n e nts t h at m a ni p ul at e t h e li g ht p at h b y r efr a cti o n,

all o wi n g f or t h e f o c usi n g or dis p ersi o n of li g ht b e a ms. T h e y ar e c o m m o nl y m a d e of tr a ns p ar-

e nt m at eri als li k e gl ass or pl asti c. L e ns es c a n c o m e i n v ari o us f or ms, t h e m ost c o m m o n b ei n g

c o n v er gi n g or c o n v e x l e ns es, w hi c h f o c us li g ht t o a p oi nt, a n d di v er gi n g or c o n c a v e l e ns es,

w hi c h s pr e a d li g ht o ut. T h e 4f s yst e m us es c o n v e x c o n v er gi n g l e ns es, w hi c h c o n c e ntr at e
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p ar all el r a ys of li g ht at t h e f o c al p oi nt. T h e r e as o n w h y w e us e t h e c o n v e x l e ns is d u e t o t h e

F o uri er pr o p erti es of t h e c o n v e x l e ns es. I n a 4f s yst e m, a p air of l e ns es is t y pi c all y us e d t o

tr a nsf or m t h e s p ati al distri b uti o n of li g ht i n t h e i n p ut pl a n e t o its F o uri er tr a nsf or m i n t h e

f o c al pl a n e [4 9 ] a n d t h e n b a c k t o a s p ati al d o m ai n i n t h e o ut p ut pl a n e.

C a m e r a: T h e c a m er a is us e d at t h e fi n al st a g e of t h e s yst e m t o r e a d o ut t h e r es ults.

T his is o n e of t h e cr u ci al el e m e nts of t h e s yst e m, as t h e c a m er a a n d t h e m o d ul at ors pl a y a

m aj or r ol e i n k e e pi n g t h e s yst e m’s hi g h fr a m e r at e a n d r es ol uti o n. Diff er e nt t y p es of c a m er as

e xist, wit h v ar yi n g s e ns or t e c h n ol o gi es, r es ol uti o ns, a n d c a p a biliti es. C C D ( C h ar g e C o u pl e d

D e vi c e) a n d C M O S ( C o m pl e m e nt ar y M et al- O xi d e- S e mi c o n d u ct or) c a m er as ar e c o m m o n i n

s ci e nti fi c a p pli c ati o ns, e a c h h a vi n g t h eir str e n gt hs a n d li mit ati o ns.

T h e g e n er al pr o c e d ur e of p erf or mi n g a F o uri er tr a nsf or m a n d a n I n v ers e F o uri er tr a nsf or m

usi n g a n o pti c al s yst e m is o utli n e d as f oll o ws. Li g ht is dir e ct e d o nt o t h e m o d ul at or, w h er e it

g ets m o d ul at e d a n d t h e n p ass e d t hr o u g h t h e first c o n v e x l e ns aft er c o v eri n g t h e l e ns’s f o c al

dist a n c e. T h e li g ht is t h e n pr oj e ct e d o nt o t h e f o c al pl a n e, w h er e t h e F o uri er tr a nsf or m of t h e

i n p ut is f or m e d. T h e li g ht s u bs e q u e ntl y p ass es t hr o u g h t h e s e c o n d l e ns, e x e c uti n g a n i n v ers e

F o uri er tr a nsf or m, a n d is r e c or d e d b y t h e c a m er a. T h e c a pt ur e d o ut p ut i m a g e is a fli p p e d

v ersi o n of t h e i n p ut r es ulti n g fr o m t h e pri n ci pl es of g e o m etri c al o pti cs. T h e k e y c o n c e pt h er e

is t h e r a pi d att ai n m e nt of a n i m a g e’s F o uri er tr a nsf or m a n d its r e c o n v ersi o n t o t h e s p ati al

d o m ai n at t h e s p e e d of li g ht wit h o ut a n y e n er g y l oss.

2. 2 F o u ri e r t r a nsf o r m

T h e F o uri er tr a nsf or m is a w ell- k n o w n m at h e m ati c al t e c h ni q u e t h at d e c o m p os es t h e si g n al

i nt o t h e f u n d a m e nt al si n us oi ds i n t h e fr e q u e n c y d o m ai n t h at, w h e n c o m bi n e d, f or m t h e i niti al

f u n cti o n [5 0 ]. B y a p pl yi n g t h e F o uri er tr a nsf or m, w e o bt ai n t h e fr e q u e n c y c o ef fi ci e nts t h at

d es cri b e t h e si g n al. A k e y a d v a nt a g e of t his m et h o d is its a bilit y t o s wit c h b et w e e n ti m e ( or

s p ati al) a n d fr e q u e n c y r e pr es e nt ati o ns. A d diti o n all y, it c o n v erts t h e c o n v ol uti o n o p er ati o n

i nt o a n el e m e nt wis e m ulti pli c ati o n. T h e F o uri er Tr a nsf or m is d e fi n e d as:

F (ω ) = F f (t) = f (t)e − iω tdt ( 2. 1)

w h er e f (t) is a n i n p ut si g n al i n t h e ti m e d o m ai n, ω r e pr es e nts t h e fr e q u e n c y v ari a bl e i n t h e

fr e q u e n c y d o m ai n, a n d t r e pr es e nts t h e ti m e v ari a bl e i n t h e ti m e d o m ai n.

T h e dis cr et e F o uri er tr a nsf or m ( D F T) is a m at h e m ati c al m et h o d f or c o n v erti n g a s e q u e n c e

of dis cr et e v al u es i nt o c o m p o n e nts of diff er e nt fr e q u e n ci es [ 5 1 ]. It all o ws F o uri er tr a nsf or ms
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t o b e c al c ul at e d f or dis cr et e s e q u e n c es usi n g t h e dir e ct f or m ul a f or D F T. T h e dis cr et e F o uri er

tr a nsf or m f or a s e q u e n c e x 0 ,....,x N − 1 is d e fi n e d as:

X k =
N − 1

∑
n = 0

x n e
− 2 π i k n/ N , k = 0 ,...,N − 1 ( 2. 2)

A F o uri er tr a nsf or m is i niti all y d e fi n e d o v er o n e di m e nsi o n a n d c a n b e e xt e n d e d t o t w o

or m or e di m e nsi o ns f or t h e a n al ysis of t w o- di m e nsi o n al si g n als a n d i m a g es [ 5 2 ]. T w o-

di m e nsi o n al D F T o p er at es o n t h e t w o s p ati al di m e nsi o ns x a n d y t o c o n v ert t h e 2 D si g n al i nt o

t h e fr e q u e n c y d o m ai n wit h fr e q u e n c y c o m p o n e nts fx a n d fy . T h e o ut p ut is a c o m pl e x- v al u e d

f u n cti o n of t h es e s p ati al fr e q u e n ci es. T h e 2 D D F T is d e fi n e d as:

F (u ,v ) =
H − 1

∑
r = 0

W − 1

∑
c = 0

f (r,c )e − 2 π i(ur / H + v c / W ) ( 2. 3)

w h er e F (u ,v ) is t h e 2 D F o uri er tr a nsf or m a n d (u ,v ) ar e dis cr et e fr e q u e n c y c o or di n at es, a n d

(r,c ) ar e t h e s p ati al c o or di n at es i n t h e i n p ut.

T h e c o m p ut ati o n al c o m pl e xit y of t his pr o c ess i n cr e as es wit h t h e di m e nsi o ns of t h e d at a.

T h e dir e ct c o m p ut ati o n of t h e D F T h as a c o m pl e xit y of O (n 2 ) f or a 1 D s e q u e n c e w h er e

n is t h e n u m b er of i n p ut v al u es. H o w e v er, f ast al g orit h ms li k e t h e f ast F o uri er tr a nsf or m

( F F T) [5 1 ] si g ni fi c a ntl y r e d u c e t his c o m p ut ati o n al l o a d, bri n gi n g t h e c o m pl e xit y d o w n t o

O (n l o g(n )). F or 2 D F F T t h e c o m pl e xit y b e c o m es O (n 2 l o g(n )), w h er e n 2 is t h e n u m b er of

pi x els of a n i m a g e [ 5 3 ]. O n t h e ot h er h a n d, p erf or mi n g a 2 D F o uri er tr a nsf or m i n fr e e-s p a c e

o pti cs c a n b e e asil y a c hi e v e d b y p assi n g t h e li g ht t hr o u g h t h e c o n v e x l e ns as m e nti o n e d i n

S e cti o n 2. 1 , w h er e t h e li g ht h as t o tr a v el o nl y t w o f o c al dist a n c es (f) fr o m t h e l e ns [4 9 ].

2. 3 C o n v ol uti o n o p e r ati o n a n d C N Ns

2. 3. 1 C o n v ol uti o n o p e r ati o n

T h e c o n v ol uti o n o p er ati o n is t h e m at h e m ati c al o p er ati o n w hi c h is fr e q u e ntl y us e d i n si g n al

a n d i m a g e pr o c essi n g s yst e ms [ 5 4 ]. C o n v ol uti o n o p er ati o n e x pr ess es t h e d e gr e e t o w hi c h

o n e f u n cti o n is m o di fi e d b y o v erl a p pi n g a n ot h er f u n cti o n. It is p arti c ul arl y us e d i n i m a g e

a n d si g n al pr o c essi n g t o a p pl y filt ers f or t as ks li k e e d g e d et e cti o n [ 5 5 ], bl urri n g [5 6 ], a n d

s h ar p e ni n g [ 5 7 ] et c. C o n v ol uti o n o p er ati o n i n v ol v es t w o si g n als, a n i n p ut si g n al a n d t h e

filt er. It is oft e n us e d i n d e e p l e ar ni n g al g orit h ms, es p e ci all y c o n v ol uti o n al n e ur al n et w or ks

( C N Ns).
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T h e 1- di m e nsi o n al c o n v ol uti o n o p er ati o n of t w o si g n als f a n d g is d e fi n e d as:

( f ∗ g )(t) =
∞

− ∞
f (τ )g (t − τ )d τ ( 2. 4)

F or dis cr et e-ti m e si g n als, t h e c o n v ol uti o n is r e pr es e nt e d as:

( f ∗ g )[n ] =
∞

∑
m = − ∞

f [m ]g [n − m ] ( 2. 5)

Si mil arl y t o F o uri er tr a nsf or m, t h e c o n v ol uti o n c a n b e e xt e n d e d i nt o t h e t w o di m e nsi o ns

f or t h e c o n v ol uti o n o n t h e i m a g es. T h e c o n v ol uti o n of t h e i m a g e I a n d filt er K c a n b e

r e pr es e nt e d as:

(I ∗ K )[r,c ] = ∑
m

∑
n

I[m ,n ]K [r − m ,c − n ] ( 2. 6)

T h e c o n v ol uti o n o p er ati o n is cl os el y r el at e d t o t h e F o uri er tr a nsf or m. C o n v ol uti o n

i n t h e ti m e d o m ai n is e q ui v al e nt t o m ulti pli c ati o n i n t h e fr e q u e n c y d o m ai n. Usi n g t h e

F o uri er tr a nsf or m, c o n v ol uti o n c a n b e p erf or m e d t hr o u g h el e m e nt- wis e m ulti pli c ati o n i n

t h e fr e q u e n c y d o m ai n. Usi n g t h e F o uri er tr a nsf or m F (I) a n d F (K ), c o n v ol uti o n c a n b e

c o m p ut e d as:

I ∗ K = F − 1 { F (I) · F (K )} ( 2. 7)

w h er e F − 1 is t h e i n v ers e F o uri er tr a nsf or m. T his is k n o w n as t h e c o n v ol uti o n t h e or e m.

2. 3. 2 C o n v ol uti o n al n e u r al n et w o r ks

C o n v ol uti o n al N e ur al N et w or ks ( C N Ns) [ 9 ] ar e a cl ass of d e e p n e ur al n et w or ks i niti all y d e-

si g n e d f or c o m p ut er visi o n t as ks. T h e y h a v e r e v ol uti o nis e d t h e fi el d of c o m p ut er visi o n [ 5 8 ],

e n a bli n g c o m p ut ers t o p erf or m t as ks s u c h as i m a g e cl assi fi c ati o n [ 5 9 ], i m a g e s e g m e nt a-

ti o n [1 3 ] a n d o bj e ct d et e cti o n [1 0 ] wit h r e m ar k a bl e a c c ur a c y. T h e f u n d a m e nt al pri n ci pl e

b e hi n d C N Ns is t h eir hi er ar c hi c al tr ai ni n g pr o c ess a n d t h eir a bilit y of f e at ur e e xtr a cti o n.

Pr e vi o usl y, f e at ur e e xtr a cti o n w as p erf or m e d m a n u all y or t hr o u g h tr a diti o n al c o m p ut er

visi o n t e c h ni q u es b ef or e i n p utti n g i nt o li n e ar m o d els f or cl assi fi c ati o n. C N Ns, h o w e v er,

u nif y t h e pr o c ess es of f e at ur e e xtr a cti o n a n d cl assi fi c ati o n wit hi n a si n gl e m o d el, e n a bli n g

e n d-t o- e n d l e ar ni n g.

C N Ns w or k b y a ut o m ati c all y l e ar ni n g s p ati al hi er ar c hi es of f e at ur es fr o m i n p ut i m a g es.

T his is a c hi e v e d t hr o u g h t h e us e of m ulti pl e l a y ers t h at pr o c ess t h e i n p ut i n a hi er ar c hi c al

m a n n er. T h e k e y c o n c e pt of C N Ns is t o st a c k c o n v ol uti o n al l a y ers, a cti v ati o n f u n cti o ns
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Fi g. 2. 2 E x a m pl e of t h e c o n v ol uti o n al n e u r al n et w o r k f o r cl assi fi c ati o n, V G G- 1 9 [ 2 ]. A
c o n e-s h a p e d n et w or k is w h er e t h e f e at ur e m a ps ar e p o ol e d d o w n, a n d t h e fi n al o n e is f att e n e d
i nt o a v e ct or a n d fit i nt o a cl assi fi er of li n e ar l a y ers.

f or n o n-li n e ar li n e arit y a n d p o oli n g o p er ati o ns t o l e ar n a n d e xtr a ct t h e f e at ur es. E xtr a ct e d

f e at ur es c a n t h e n fit i nt o t h e li n e ar l a y ers if t h e g o al is t h e cl assi fi c ati o n.

R e g ul ar c o n v ol uti o n al n e ur al n et w or ks d esi g n e d f or t h e cl assi fi c ati o n ar e c o n e-s h a p e d,

as s h o w n i n Fi g ur e 2. 2 . T h e i n p ut of t h e c o n v ol uti o n al n e ur al n et w or k is us u all y a n i m a g e

wit h o n e or m or e c h a n n els. M ulti c h a n n el i m a g es us u all y c o nt ai n t hr e e c h a n n els, e a c h

c orr es p o n di n g t o r e d, gr e e n, a n d bl u e c ol o ur filt ers. B y m e a ns of t h e c o n v ol uti o n al l a y er,

t h at i m a g e is m a p p e d i nt o a n ot h er t e ns or ( M ulti di m e nsi o n al Arr a y) wit h m or e c h a n n els. At

t h e s a m e ti m e, t h e p o oli n g o p er ati o n r e d u c es t h e r es ol uti o n of t h e t e ns or, a n d t h e a cti v ati o n

f u n cti o n i ntr o d u c es a n o n-li n e arit y i nt o it. T his pr o c ess is r e p e at e d, c o ns e q u e ntl y t h e

r es ol uti o n of t h e t e ns ors r e d u c e d, a n d n u m b er of c h a n n els i n cr e as e d t hr o u g h o ut t h e n et w or k.

I d e all y, t h e c o n v ol uti o n al p art of t h e n et w or k e n ds wit h t h e v e ct or, w hi c h c o nt ai ns all t h e

i nf or m ati o n r e g ar di n g t h e f e at ur es i n t h e ori gi n al i m a g e.

T h e f u n d a m e nt al l a y er of t h e C N N is t h e 2 D c o n v ol uti o n al l a y er, us u all y n ot e d as C o n v 2 d

i n d e e p l e ar ni n g fr a m e w or ks. T h es e l a y ers p erf or m t h e c o n v ol uti o n o p er ati o n b y filt eri n g

t h e i n p ut i m a g e wit h t h e filt er ( k er n el) t o g e n er at e a f e at ur e m a p. T h e k er n el is n ot fli p p e d,

u nli k e t h e ori gi n al c o n v ol uti o n o p er ati o n d es cri b e d i n t h e pr e vi o us s u bs e cti o n. H e n c e, it

w o ul d b e c orr e ct t o s a y t h at C N Ns p erf or m cr oss- c orr el ati o n, b ut it’s still r ef err e d t o as t h e

c o n v ol uti o n i n m a c hi n e l e ar ni n g a n d d e n ot e d as f oll o ws:
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F (r,c ) =
h − 1

∑
m = 0

w − 1

∑
n = 0

I(r + m ,c + n ) · K (m ,n ), ( 2. 8)

w h er e F (r,c ) is t h e v al u e of t h e o ut p ut f e at ur e m a p at p ositi o n (r,c ), I(r + m ,c + n ) is t h e

r e gi o n of t h e i n p ut i m a g e at t h e p ositi o n t h at c orr es p o n ds t o t h e c urr e nt k er n el p ositi o n,

K (m ,n ) is t h e r e gi o n of t h e k er n el at p ositi o n (m ,n ), h a n d w ar e t h e h ei g ht a n d wi dt h of t h e

k er n el.

A p art fr o m t h e st a n d ar d c o n v ol uti o n o p er ati o n, p a d di n g a n d stri d es c a n b e us e d i n t h e

c o n v ol uti o n al l a y er.

St ri d e is t h e n u m b er of pi x els b y w hi c h w e sli d e t h e k er n el o v er t h e i n p ut i m a g e. A stri d e

of m or e t h a n 1 r e d u c es t h e si z e of t h e o ut p ut f e at ur e m a p.

P a d di n g i n v ol v es a d di n g e xtr a pi x els ar o u n d t h e i n p ut i m a g e. T his is us u all y d o n e t o

all o w t h e k er n el t o fit p erf e ctl y o v er t h e i m a g e’s b or d ers a n d c o ntr ol t h e s p ati al di m e nsi o ns

of t h e o ut p ut f e at ur e m a p. Us u all y, p a d di n g is d o n e wit h z er os. I n t his w or k, w e h a v e

m ostl y us e d "s a m e " p a d di n g, w hi c h m e a ns w e a p pl y s o m u c h p a d di n g t h at t h e o ut p ut of t h e

c o n v ol uti o n k e e ps t h e s a m e r es ol uti o n as t h e i n p ut.

T h e o ut p ut di m e nsi o ns of t h e c o n v ol uti o n of i n p ut H × W wit h t h e k er n els of si z e h × w

wit h p a d di n g p a n d stri d e s ar e c al c ul at e d usi n g t h e f oll o wi n g:

O ut p ut h ei g ht =
H − h + 2 p

s
+ 1 O ut p ut wi dt h =

W − w + 2 p

s
+ 1 ( 2. 9)

T h e fi g ur e s h o ws t h at, i n pr a cti c e, b ot h t h e i n p ut a n d o ut p ut i n v ol v e d wit h 2 D c o n v ol u-

ti o n al l a y ers ar e n ot 2 D m atri c es as i niti all y si m pli fi e d i n E q u ati o n 2. 8 , b ut r at h er 3 D t e ns ors.

T his i nsi g ht l e a ds us t o a m or e pr e cis e m at h e m ati c al f or m ul ati o n of a c o n v ol uti o n al l a y er:

F (r,c ) =
h − 1

∑
m = 0

w − 1

∑
n = 0

c h − 1

∑
l= 0

I(r + m ,c + n ,l) · K (m ,n ,d ), ( 2. 1 0)

w h er e F (r,c ) is t h e o ut p ut of t h e c o n v ol uti o n o p er ati o n at c o or di n at es r,c , I r e pr es e nts t h e

i n p ut i m a g e or f e at ur e m a p, a n d K is t h e c o n v ol uti o n k er n el. T h e v ari a bl es m a n d n ar e t h e

c o or di n at es wit hi n t h e k er n el, r a n gi n g fr o m 0 t o h − 1 a n d w − 1 , w h er e h a n d w ar e t h e

h ei g ht a n d wi dt h of t h e k er n el. T h e i n d e x l r e pr es e nts t h e i n p ut c h a n n el, a n d d r e pr es e nts t h e

o ut p ut c h a n n el of t h e c o n v ol uti o n.

I n t his e q u ati o n, t h e t hr e e- di m e nsi o n al t e ns or’s k er n el sli d es o v er t h e i n p ut t e ns or, w hi c h

is als o t hr e e- di m e nsi o n al, p erf or mi n g a d ot pr o d u ct at e a c h p ositi o n. T h e o ut p ut fr o m t his

o p er ati o n is a 2 D m atri x, i n di c ati n g t h at e a c h c h a n n el i n t h e o ut p ut t e ns or c orr es p o n ds t o a

s e p ar at e t hr e e- di m e nsi o n al k er n el. T his m e a ns t h at e a c h o ut p ut c h a n n el is g e n er at e d b y a
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disti n ct 3 D k er n el, w hi c h c o m bi n es i nf or m ati o n fr o m all t h e c h a n n els i n t h e i n p ut t e ns or t o

e xtr a ct s p e ci fi c f e at ur es.

A n a cti v ati o n f u n cti o n is t y pi c all y a p pli e d aft er t h e c o n v ol uti o n o p er ati o n, a n d p o oli n g is

o pti o n al, es p e ci all y w h e n v ali d p a d di n g is us e d. Vali d p a d di n g n at ur all y r e d u c es t h e o ut p ut

r es ol uti o n, p ot e nti all y m a ki n g p o oli n g l ess n e c ess ar y. H o w e v er, wit h "s a m e " p a d di n g, w h er e

z er os ar e a d d e d ar o u n d t h e e d g es t o m ai nt ai n t h e i n p ut si z e, p o oli n g is c o m m o nl y e m pl o y e d.

T h e m ai n p ur p os e of p o oli n g is t o r e d u c e t h e r es ol uti o n of t h e f e at ur e m a p. T h er e ar e

v ari o us m et h o ds f or p o oli n g, b ut t h e y all s er v e t his c or e p ur p os e. B y d o w nsi zi n g t h e f e at ur e

m a p, p o oli n g h el ps r e d u c e t h e c o m p ut ati o n al l o a d f or s u bs e q u e nt l a y ers, r e d u c e o v er fitti n g,

m ai nt ai n s p ati al hi er ar c h y, a n d i n cr e as e t h e s p e e d of c o m p ut ati o n a n d m e m or y us a g e i n t h e

s u bs e q u e nt l a y ers.

I n C N Ns, t h e m ost c o m m o n t y p es of p o oli n g o p er ati o ns ar e 2 D m a xi m u m p o oli n g ( M a x-

P o ol 2 d) a n d 2 D a v er a g e p o oli n g ( A v er a g e P o ol 2 d), w hi c h si m pl y eit h er t a k e t h e m a xi m u m

v al u e i n t h e r e gi o n of t h e k er n el a n d r e pl a c e t h e r e gi o n wit h t h at pi x el o nl y or us e t h e a v er a g e

of it.

W h e n it c o m es t o o pti mis ati o n a n d tr ai ni n g, t h e v al u es of t h e k er n els i n t h e c o n v ol uti o n al

l a y ers a ct as w ei g hts f or t h e m o d el. B y a dj usti n g t h es e k er n els, t h e m o d el c a n eff e cti v el y

l e ar n c o m pl e x t as ks li k e cl assi fi c ati o n a n d fi n d t h e o pti m al k er n el t o mi ni mis e l oss. T h e

u n d erl yi n g h y p ot h esis of C N Ns is t h at i m a g es c a n b e eff e cti v el y r e pr es e nt e d a n d a n al ys e d

t hr o u g h t h e hi er ar c hi c al e xtr a cti o n of f e at ur es, w h er e l o w er-l e v el f e at ur es (li k e e d g es a n d

c or n ers) ar e us e d t o pr o gr essi v el y b uil d u p hi g h er-l e v el r e pr es e nt ati o ns (s u c h as o bj e cts).

2. 3. 3 B at c h N o r m alis ati o n

B at c h n or m alis ati o n [ 6 0 ] st a n d ar dis es t h e i n p uts t o a l a y er f or e a c h mi ni- b at c h. H e n c e,

f or e a c h mi ni- b at c h, t h e l a y ers’ i n p uts ar e a dj ust e d s o t h at t h e y h a v e a m e a n of z er o a n d

a st a n d ar d d e vi ati o n of o n e. T h e l a y er k e e ps tr a c k of t h e mi ni- b at c h’s r u n ni n g m e a n a n d

v ari a n c e, w hi c h is us e d d uri n g t h e e v al u ati o n. B at c h n or m alis ati o n us u all y i n v ol v es t w o m ai n

p ar a m et ers p er f e at ur e: t h e m e a n a n d v ari a n c e, a n d if af fi n e p ar a m et ers ar e us e d, s c al e ( γ )

a n d s hift ( β ) t h e n or m alis e d v al u e. Af fi n e p ar a m et ers ar e l e ar n e d d uri n g t h e tr ai ni n g pr o c ess.

F or t h e f ull o p er ati o n of B at c h N or m alis ati o n a p pli e d t o a 2 D f e at ur e m a p ( as i n B at c h-

N or m 2 D), c o nsi d eri n g a si n gl e f e at ur e c h a n n el f or si m pli cit y, t h e f or m ul a c a n b e e x pr ess e d

i n a m or e c o ns oli d at e d f or m as f oll o ws:

y =
x − E [x ]

Var [x ] + ε
γ + β , ( 2. 1 1)
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w h er e y is t h e o ut p ut of b at c h n or m alis ati o n, x is t h e i n p ut f e at ur e t o b e n or m alis e d, E [x ] is

t h e e x p e ct ati o n ( m e a n) of x , c al c ul at e d o v er t h e mi ni- b at c h, as w ell as s p ati al di m e nsi o ns f or

2 D f e at ur e m a ps i n t h e c as e of i m a g es, Var [x ] is t h e v ari a n c e of x , c al c ul at e d o v er t h e s a m e

di m e nsi o ns as t h e m e a n, γ a n d β ar e p ar a m et ers l e ar n e d d uri n g tr ai ni n g f or e a c h f e at ur e

c h a n n el, ε is a s m all c o nst a nt t o pr e v e nt di visi o n b y z er o.

B at c h N or m alis ati o n c a n b e us e d as a n a d diti o n al r e g ul aris ati o n t e c h ni q u e. It will i m pr o v e

t h e s p e e d of tr ai ni n g a n d r e d u c e t h e n u m b er of e p o c hs r e q uir e d t o tr ai n t h e s a m e n et w or k.

2. 4 A p pli c ati o n of C N Ns f o r i m a g e cl assi fi c ati o n

T h e us e of c o n v ol uti o n al l a y ers i n d e e p l e ar ni n g d at es b a c k t o 1 9 8 0 w h e n K u ni hi k o F u k us hi m a

d e v el o p e d t h e N e o c o g nitr o n ar c hit e ct ur e, w hi c h utilis e d d o w ns a m pli n g f or f e at ur e e xtr a c-

ti o n [6 1 ]. H o w e v er, t his ar c hit e ct ur e w as n ot d esi g n e d f or b a c k pr o p a g ati o n [6 2 ], w hi c h

w as l at er s u c c essf ull y i m pl e m e nt e d b y L e C u n et al. [9 ] i n 1 9 9 8 wit h t h e L e N et ar c hit e ct ur e.

L e N et c o nsists of t w o c o n v ol uti o n al l a y ers, e a c h f oll o w e d b y a p o oli n g o p er ati o n a n d fl at-

t e n e d o ut p ut of t h es e l a y ers, t h e n fit i nt o a cl assi fi er wit h t hr e e f ull y c o n n e ct e d l a y ers. T h e

a cti v ati o n f u n cti o n us e d aft er e a c h c o m p ut ati o n al l a y er ( c o n v ol uti o n al or li n e ar) is a si g m oi d

l a y er.

L e N et a c hi e v e d a t est err or of 0. 9 5 % wit hi n 1 0 e p o c hs o n t h e M NI S T d at as et. Alt h o u g h

t h e t est err or st a bilis e d at 0. 9 5 %, t h e err or o n tr ai ni n g d at a c o nti n u e d t o d e cr e as e, r e a c hi n g

0. 3 5 % aft er ni n et e e n e p o c hs. T h e p h e n o m e n o n, w hi c h L e C u n et al. r ef err e d t o as " o v ertr ai n-

i n g ", is n o w c o m m o nl y k n o w n as o v er fitti n g. T h e iss u e w as sli g htl y miti g at e d w h e n t h e

i m a g es w er e a u g m e nt e d wit h r a n d o m dist orti o ns, l e a di n g t o a f urt h er d e cr e as e i n t est err or t o

0. 8 %.

T o d a y, m ost C N Ns a d h er e t o a d esi g n si mil ar t o t h at of L e N et, e m pl o yi n g c o n v ol uti o n al

l a y ers t o g et h er wit h d o w ns a m pli n g t o e xtr a ct f e at ur es. C o ns e q u e ntl y, it e n ds u p wit h a

f e at ur e v e ct or, w hi c h fits i nt o a cl assi fi er, a f ull y c o n n e ct e d li n e ar cl assi fi er.

A n ot h er cl assi c al n et w or k i n fl u e n c e d b y t h e pri n ci pl es of L e N et is Al e x N et, d e v el o p e d

b y Kri z h e vs k y et al. [ 2 7 ]. Al e x N et c o nsists of fi v e c o n v ol uti o n al l a y ers, f oll o w e d b y t hr e e

li n e ar l a y ers f or cl assi fi c ati o n, as s h o w n i n Fi g ur e 2. 3 .

P o oli n g o p er ati o ns ar e a p pli e d o nl y aft er t h e first t w o a n d t h e l ast c o n v ol uti o n al l a y ers.

N ot a bl y, Al e x N et w as t h e first n et w or k t o e m pl o y t h e R e L U a cti v ati o n f u n cti o n, eff e cti v el y

miti g ati n g t h e v a nis hi n g gr a di e nt pr o bl e m. F urt h er m or e, Al e x N et i ntr o d u c e d dr o p o ut r e g ul ar-

is ati o n wit h t h e pr o b a bilit y of 5 0 % i n t h e a cti v ati o ns of t h e li n e ar l a y ers wit hi n t h e cl assi fi er

t o i m pr o v e g e n er alis ati o n.

2 2



Fi g. 2. 3 T h e o ri gi n al a r c hit e ct u r e of Al e x N et, p r o p os e d b y K ri z h e v ks y et al. [3 ]. T h e
m o d el d esi g n e d f or t h e I m a g e N et cl assi fi c ati o n is t h e n et w or k t h at us es t h e R e L U a cti v ati o n
f u n cti o n, c o nsisti n g of fi v e c o n v ol uti o n al l a y ers a n d t hr e e d e ns e l a y ers.

Al e x N et a c hi e v e d a 3 7. 5 % t o p- 1 err or r at e o n t h e I L S V R C- 2 0 1 0 t est s et a n d a 1 5. 3 %

t o p- 5 err or r at e o n t h e I L S V R C- 2 0 1 2 t est s et, pr e-tr ai n e d o n I m a g e N et 2 0 1 1. Alt h o u g h

Al e x N et is a cl assi c c o n v ol uti o n al n e ur al n et w or k — w hi c h is w h y w e us e d it i n t his r es e ar c h-it

h as hi g h er err or r at es c o m p ar e d t o d e e p er a n d m or e st a bl e m o d er n C N Ns.

B uil di n g u p o n t h e gr o u n d br e a ki n g ar c hit e ct ur e of Al e x N et, t h e Vis u al G e o m etr y Gr o u p

( V G G) fr o m t h e U ni v ersit y of O xf or d d e v el o p e d V G G n ets [2 ] i n 2 0 1 4, m ar ki n g a n ot h er

si g ni fi c a nt a d v a n c e m e nt i n t h e fi el d of d e e p l e ar ni n g. T h e V G G ar c hit e ct ur e is k n o w n f or

its e m p h asis o n i n cr e asi n g t h e d e pt h of t h e n et w or k usi n g a n ar c hit e ct ur e wit h a s m all 3 × 3

c o n v ol uti o n filt ers, w hi c h pr o v e d t o b e a k e y f a ct or i n i m pr o vi n g t h e m o d el’s p erf or m a n c e.

V G G us e d m a x- p o oli n g wit h t h e k er n el of 2 × 2 a n d stri d e e q u al t o t h e k er n el si z e ( 2), t o

d o w nsi z e t h e f e at ur e m a ps. I n V G G, t h e n u m b er of c h a n n els d o u bl es aft er e a c h m a x- p o oli n g

l a y er, w hi c h r e d u c es t h e s p ati al di m e nsi o ns of t h e f e at ur e m a ps. T his e x p a nsi o n fr o m 6 4

c h a n n els i n t h e first l a y er t o 5 1 2 c h a n n els i n t h e d e e p er l a y ers all o ws t h e n et w or k t o c a pt ur e

c o m pl e x f e at ur es at e a c h l e v el.

M or e o v er, V G G c o nsists of s e v er al c o n v ol uti o n al bl o c ks, w h er e e a c h bl o c k c o nt ai ns

a s e q u e n c e of c o n v ol uti o n al l a y ers f oll o w e d b y a m a x- p o oli n g l a y er f or s p ati al r e d u cti o n.

T his bl o c k str u ct ur e e n a bl es t h e n et w or k t o l e ar n hi er ar c hi es of f e at ur es wit h e a c h bl o c k

b uil di n g u p o n t h e r e fi n e d o ut p uts of t h e pr e vi o us o n e. Si mil arl y t o L e N et a n d Al e x N et,

V G G e n ds wit h t h e f ull y c o n n e ct e d l a y ers t h at l e ar n t o cl assif y t h e f e at ur es e xtr a ct e d b y t h e

c o n v ol uti o n al bl o c ks.

T h er e ar e si x V G G n et w or ks i ntr o d u c e d, k n o w n as A ( 1 1 w ei g ht l a y ers), A- L R N ( S a m e

as A, wit h L o c al R es p o ns e N or m alis ati o n), B ( 1 3 w ei g ht l a y ers), C ( 1 6 w ei g ht l a y ers), D

( 1 6 w ei g ht l a y ers) , E ( 1 9 w ei g ht l a y ers). T h e l ar g est n et w or k E, als o k n o w n as V G G- 1 9,

a c hi e v e d t h e t o p- 1 v ali d ati o n err or of 2 5. 5 % o n e I L S V R C- 2 0 1 2.

F oll o wi n g t h e e x pl or ati o n of V G G N et w or ks i n t h e d e v el o p m e nt of d e e p c o n v ol uti o n al

n e ur al n et w or ks b y H e et al. [4 ], t h e i ntr o d u cti o n of R esi d u al N et w or ks ( R es N ets) m ar k e d a

si g ni fi c a nt a d v a n c e m e nt i n t h e fi el d. R es N ets i ntr o d u c e d a n e w t y p e of r esi d e nti al c o n n e cti o n
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Ta bl e 2. 1 P erf or m a n c e of r esi d u al n et w or ks o n I m a g e N et [ 4 ]

M o d el  T o p- 1 err or ( %) T o p 5 err or ( %)

R es N et- 1 8 2 7. 8 8  N ot pr o vi d e d

R es N et- 3 4 2 5. 0 3 7. 7 6

R es N et- 5 0 2 2. 8 5 6. 7 1

R es N et- 1 0 1 2 1. 7 5 6. 0 5

R es N et- 1 5 2 2 1. 4 3 5. 7 1

i nt o t h e n et w or ks, w hi c h h el p e d t o a d dr ess t h e v a nis hi n g gr a di e nt pr o bl e m ass o ci at e d wit h

tr ai ni n g v er y d e e p n et w or ks.

F or m all y, H e et al. [4 ] h as n ot e d t h e bl o c ks of t h e R es N et as:

y = F (x ,W i) + x , ( 2. 1 2)

w h er e x is t h e ori gi n al i n p ut, y is t h e o ut p ut of t h e r esi d u al bl o c k, a n d t h e F (x ,W i) r e pr es e nts

t h e b uil di n g bl o c k of t h e r esi d u al l a y er, w hi c h c o nt ai ns s e v er al w ei g ht l a y ers.

T h e disti n ct c h ar a ct eristi c of R es N et is its c a p a bilit y t o l e ar n t h e i d e ntit y f u n cti o n – a

m a p pi n g of i n p uts dir e ctl y t o t h eir o ut p uts – a n d t o b uil d m or e c o m pl e x cl assi fi c ati o ns o n

t o p of it. T his is r e alis e d vi a t h es e s h ort c ut c o n n e cti o ns t h at p erf or m i d e ntit y m a p pi n g, wit h

e xtr a l a y ers e x pli citl y l e ar ni n g t h e r esi d u al f u n cti o ns. W h e n F (x ,W i) = 0 , it m e a ns t h at t h e

n et w or k h as l e ar n e d t o c h o os e a n i d e ntit y f u n cti o n f or t h at l a y er, m a ki n g s ur e t h at e v e n t h e

d e e p est n et w or ks c a n e asil y b e tr ai n e d.

H e et al. h as i ntr o d u c e d fi v e r esi d u al n et w or ks, wit h 3 4, 5 0, 1 0 1, a n d 1 5 2 l a y ers. S m all er

R es N et ar c hit e ct ur es li k e R es N et- 1 8 a n d R es N et- 3 4 ar e b uilt b as e d o n b asi c bl o c ks t h at

c o nsist of t w o c o n v ol uti o n al bl o c ks wit h a r esi d u al c o n n e cti o n ar o u n d b ot h bl o c ks. E a c h

c o n v ol uti o n al bl o c k c o nsists of a c o n v ol uti o n al l a y er wit h t h e 3 × 3 k er n el f oll o w e d b y t h e

B at c h N or m alis ati o n a n d R e L U a cti v ati o n l a y er. It s h o ul d b e n ot e d t h at a c c or di n g t o H e et

al. ’s [4 ] i m pl e m e nt ati o n, t h e s e c o n d R e L U a cti v ati o n f u n cti o n is a p pli e d aft er t h e i d e ntit y

s u m m ati o n as s h o w n i n Fi g ur e 2. 4 . L ar g er r esi d u al m o d els, o n t h e ot h er h a n d, c o nt ai n t hr e e

c o n v ol uti o n al l a y ers i n e a c h bl o c k, w h er e t h e first a n d t h e l ast l a y ers ar e 1 × 1 c o n v ol uti o ns,

a n d t h e mi d dl e l a y er is 3 × 3 c o n v ol uti o n.

T h e a ut h ors h a v e t est e d t h e m et h o d wit h I m a g e N et a n d CI F A R- 1 0 d at as ets. Wit h t h e

l o w est err or a c hi e v e d b y R es N et 1 5 2 at 2 1. 4 3 % a n d t h e hi g h est err or a c hi e v e d b y R es N et- 1 8

at 2 7. 8 8 %.
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Fi g. 2. 4 R es N et Bl o c k as d es c ri b e d i n t h e o ri gi n al i nt r o d u cti o n b y H e et al. [4 ]. T h e
r esi d u al l a y er or bl o c k c o nt ai ns t w o w ei g ht l a y ers, i n t his c as e, c o n v ol uti o n al l a y ers. T h e
i n p ut of t h e bl o c k is s a v e d a n d t h e n a d d e d t o t h e o ut p ut of t h e b at c h n or m alis ati o n of t h e
s e c o n d c o n v ol uti o n al l a y er ri g ht b ef or e its a cti v ati o n l a y er.
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( a) ( b) ( c) ( d)

Fi g. 2. 5 Ot h e r o r d e rs of l a y e rs i n t h e r esi d u al bl o c k. ( a) B at c h N or m aft er a d diti o n ( b)
R e L U b ef or e a d diti o n ( c) R e L U pr e a cti v ati o n ( d)f ull- pr e a cti v ait o n

I n a n ot h er w or k b y H e et al. [6 3 ], t h e a ut h ors a n al ys e d diff er e nt us a g es of a cti v ati o n, as

s h o w n i n Fi g ur e 2. 5 . T h e a ut h ors t est e d v ari o us c o n fi g ur ati o ns of t h e R es N et ar c hit e ct ur es,

c o m p ari n g st a n d ar d a cti v ati o n t o pr e a cti v ati o n m et h o ds. T h e a ut h ors o bs er v e d t h at t h e m o d el

wit h f ull pr e a cti v ati o n, w h er e b ot h t h e b at c h n or m alis ati o n a n d R e L U a cti v ati o n ar e a p pli e d

b ef or e t h e c o n v ol uti o n al l a y er, o ut p erf or m e d all ot h er v ari ati o ns o n CI F A R- 1 0 0. T his fi n di n g

hi g hli g hts t h e i m p ort a n c e of t h e or d er of o p er ati o ns i n t h e n et w or k ar c hit e ct ur e.

2. 5 A p pli c ati o n of C N Ns f o r i m a g e s e g m e nt ati o n

T his s e cti o n r e vi e ws a v ari et y of l e ar ni n g- b as e d s e g m e nt ati o n m et h o ds, pri oritis e d b as e d

o n t h eir r el e v a n c e t o t h e c urr e nt w or k. M a n y of t h es e m et h o ds s h ar e c o m m o n ar c hit e ct ur al

f e at ur es, i n cl u di n g e n c o d ers a n d d e c o d ers, s ki p- c o n n e cti o ns, m ultis c al e ar c hit e ct ur es, a n d

t h e r e c e nt a d o pti o n of dil at e d c o n v ol uti o ns.

T h e b a c k b o n e of i m a g e s e g m e nt ati o n wit h d e e p l e ar ni n g m et h o ds c a n b e c o nsi d er e d

L o n g et al. ’s [6 4 ] F ull y C o n v ol uti o n al N et w or ks ( F C Ns). F C Ns ar e u ni q u el y c o m pris e d of

c o n v ol uti o n al l a y ers, all o wi n g t h e m t o pr o d u c e a s e g m e nt ati o n m a p t h at m at c h es t h e si z e

of t h e i n p ut i m a g e. T h e a ut h ors a d a pt off-t h e-s h elf C N N ar c hit e ct ur es li k e V G G 1 6 a n d

G o o g L e N et b y eli mi n ati n g all f ull y c o n n e ct e d l a y ers. T his m o di fi c ati o n e n a bl es t h e m o d el t o
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g e n er at e s p ati al s e g m e nt ati o n m a ps i nst e a d of m er e cl assi fi c ati o n s c or es. F C Ns i n c or p or at e

s ki p c o n n e cti o ns, w h er e u ps a m pl e d f e at ur e m a ps fr o m t h e n et w or k’s d e e p er, m or e a bstr a ct

l a y ers ar e c o m bi n e d wit h t h e m or e d et ail e d f e at ur e m a ps fr o m e arli er l a y ers t o miti g at e

l o c alis ati o n l oss. All C N N- b as e d ar c hit e ct ur es aft er F C Ns f oll o w a si mil ar str u ct ur e. T h e

a ut h ors us e d P A S C A L V O C 2 0 1 1 f or t h e e v al u ati o n a n d a c hi e v e d 6 2. 7 % m e a n I o U i n t h eir

b est c o n fi g ur ati o n.

A n ot h er m o d el f or i m a g e s e g m e nt ati o n is k n o w n as D e C o n v N et, i ntr o d u c e d b y N o h et

al. [6 5 ]. A c c or di n g t o t h e a ut h ors, F C Ns f a c e s e v er al si g ni fi c a nt iss u es. F or e x a m pl e, t h es e

n et w or ks o p er at e wit h a fi x e d-si z e r e c e pti v e fi el d. As a r es ult, o bj e cts t h at ar e m u c h l ar g er or

s m all er t h a n t his r e c e pti v e fi el d ar e s e g m e nt e d i n c orr e ctl y. U nli k e F C Ns, D e C o n v N et h as a

s y m m etri c al ar c hit e ct ur e, w h er e t h e first h alf c o nsists of c o n v ol uti o n al a n d p o oli n g l a y ers,

k n o w n as t h e e n c o d er, a n d t h e s e c o n d h alf i n v ol v es d e c o n v ol uti o n a n d u n p o oli n g l a y ers,

k n o w n as t h e d e c o d er. T h e s y m m etr y is a n i nt e gr al p art of t h e ar c hit e ct ur e, as t h e d e c o d er

e x pli citl y mirr ors t h e e n c o d er.

R o n n e b er g et al. [1 3 ] pr o p os e d U- N et a c o n v ol uti o n al n e ur al n et w or k ( C N N) ar c hit e ct ur e

d esi g n e d f or t h e s e g m e nt ati o n of bi o m e di c al i m a g es, b ut n o w is als o b ei n g us e d o utsi d e

t h e m e di c al d o m ai n. Its disti n cti v e ar c hit e ct ur e f e at ur es c o ntr a cti n g a n d e x p a n di n g p at hs,

e n a bli n g it t o eff e cti v el y c a pt ur e b ot h l o c al a n d c o nt e xt u al i nf or m ati o n, w hi c h r es ults i n

r e m ar k a bl e s e g m e nt ati o n p erf or m a n c e. It r es e m bl es t h e ar c hit e ct ur e of t h e D e C o n v N et, b ut

t h e m ai n diff er e n c e is t h at t h e U- N et us es t h e d e c o n v ol uti o n l a y ers f or t h e u ps a m pli n g i nst e a d

of u n p o oli n g. T h e c o ntr a cti n g p at h f u n cti o ns si mil arl y t o a c o n v e nti o n al C N N us e d f or

cl assi fi c ati o n, c o m prisi n g bl o c ks of c o n v ol uti o n al l a y ers, a cti v ati o n f u n cti o ns, a n d p o oli n g

o p er ati o ns f or m ulti-s c al e f e at ur e e xtr a cti o n. T h e e x p a n di n g p at h of U- N et is r es p o nsi bl e

f or u ps a m pli n g t h e e xtr a ct e d f e at ur es t o r e c o nstr u ct t h e s e g m e nt ati o n m as k of t h e i n p ut

i m a g e. T his pr o c ess us es tr a ns p os e d c o n v ol uti o n o p er ati o ns t o u ps a m pl e t h e f e at ur e m a ps

a n d i n v ol v es c o n c at e n ati o n wit h t h e c orr es p o n di n g f e at ur e m a ps of t h e s a m e r es ol uti o n

fr o m t h e c o ntr a cti n g p at h, k n o w n as s ki p c o n n e cti o ns. T h e pri m ar y f u n cti o n of t h e s ki p

c o n n e cti o ns is t o pr es er v e t h e s p ati al i nf or m ati o n l ost d uri n g t h e p o oli n g pr o c ess i n t h e

c o ntr a cti n g p at h.

A c c or di n g t o P e n g et al. [6 6 ], t h e i m a g e s e g m e nt ati o n m et h o d i n v ol v es di vi di n g a n i m a g e

i nt o m e a ni n gf ul s e g m e nts b y cl assif yi n g e a c h pi x el b y eff e cti v el y c o m bi ni n g t w o disti n ct

t as ks: cl assi fi c ati o n a n d l o c alis ati o n. H o w e v er, t h es e t as ks oft e n c o n fli ct, as e n h a n c e m e nts

i n o n e c a n di mi nis h t h e ot h er. Cl assi fi c ati o n m o d els, w hi c h ar e g e n er all y d esi g n e d t o b e

i ns e nsiti v e t o s hifts i n p ositi o n or r ot ati o n, i n c or p or at e p o oli n g o p er ati o ns t o c a pt ur e f e at ur es

at v ari o us s c al es. As a r es ult, i n t h e d e e p er l a y ers of s u c h n et w or ks, w h er e s m all er 3 × 3

k er n els ar e us e d, t h e r ati o b et w e e n t h e k er n el si z e a n d t h e f e at ur e m a p r es ol uti o n is gr e at er
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t h a n i n t h e u p p er l a y ers. T his c o n fi g ur ati o n all o ws t h e d e e p er l a y ers t o i nt er a ct wit h a br o a d er

ar e a of t h e ori gi n al i m a g e, l e a di n g t o t h e t y pi c al p yr a mi d or c o n e s h a p e of cl assi fi c ati o n

n et w or ks. C o n v ers el y, a n i d e al s e g m e nt ati o n m o d el w o ul d a d o pt a b arr el s h a p e t o m or e

a c c ur at el y pi n p oi nt t h e l o c ati o ns of diff er e nt cl ass es wit hi n t h e i m a g e.

P e n g et al. pr o p os e d t h eir ar c hit e ct ur e, t h e Gl o b al C N N, t o t a c kl e t h es e c h all e n g es.

H o w e v er, t h e w ell- k n o w n U- N et m o d el als o eff e cti v el y a d dr ess es b ot h cl assi fi c ati o n a n d

l o c alis ati o n. I n U- N et, t h e c o ntr a cti n g p at h h a n dl es t h e cl assi fi c ati o n w hil e t h e e x p a n di n g

p at h a n d s ki p c o n n e cti o ns ai d i n l o c alis ati o n, s e a ml essl y i nt e gr ati n g b ot h t as ks.

A n ot h er i m p ort a nt a d v a n c e m e nt i n i m a g e s e g m e nt ati o n is t h e S e g N et m o d el d e v el o p e d

b y B a dri n ar a y a n a n et al. [6 7 ]. S e g N et is a n e n c o d er- d e c o d er st yl e n et w or k, si mil ar t o U-

N et. H o w e v er, u nli k e U- N et, S e g N et d o es n ot us e s ki p c o n n e cti o ns; i nst e a d, it s a v es t h e

i n di c es of t h e m a x- p o oli n g o p er ati o ns. L at er, i n t h e d e c o d er st a g e, t h es e i n di c es ar e us e d t o

u ps a m pl e t h e v al u es t o t h eir c orr es p o n di n g l o c ati o ns. T his a p pr o a c h m a k es t h e m o d el m or e

ef fi ci e nt, as it d o es n ot r et ai n t h e f e at ur e m a ps of t h e e n c o d er i n m e m or y a n d a v oi ds t h e us e

of c o m p ut ati o n all y e x p e nsi v e d e c o n v ol uti o n f or u ps a m pli n g. F urt h er m or e, S e g N et us es t h e

V G G m o d el f or its e n c o d er p at h, i n cl u di n g its pr e-tr ai n e d w ei g hts.

2. 6 Tr a nsf o r m e rs

2. 6. 1 I nt r o d u cti o n t o Tr a nsf o r m e rs

Visi o n tr a nsf or m ers ar e a n e w cl ass of n e ur al n et w or k ar c hit e ct ur e t h at h as a c hi e v e d st at e-

of-t h e- art r es ults o n c o m p ut er visi o n t as ks wit h l ar g e d at as ets. Ori gi n ati n g fr o m n at ur al

l a n g u a g e pr o c essi n g ( N L P), t h e t e c h ni q u e w as a p pli e d i n c o m p ut er visi o n b y D os o vits ki y et

al. [2 1 ] i n 2 0 2 0, c a usi n g a b o o m i n t h e c o m p ut er visi o n fi el d.

Tr a nsf or m ers i ntr o d u c e d b y Vas w a ni et al. [2 0 ] i n 2 0 1 7 d e m o nstr at e d t h at t h e n et w or k

b as e d s ol el y o n att e nti o n m e c h a nis m n e gl e cti n g t h e r e c urr e nt or c o n v ol uti o n al str u ct ur es i n

l a n g u a g e m o d els h as m or e p ot e nti al i n q u alit y a n d is f ast er t o tr ai n d u e t o m or e p ar all elis m

c a p a biliti es. T h e tr a nsf or m er m o d el c o nsists of t h e e n c o d er a n d d e c o d er m o d ul es.

T h e e n c o d er i n t h e ori gi n al w or k of Vas w a ni et al. c o nsists of 6 i d e nti c al tr a nsf or m er

bl o c ks. T h e d e pt h of t h e e n c o d er is t h e h y p er- p ar a m et er, w hi c h c a n b e a dj ust e d d e p e n di n g

o n t h e t as k. E a c h tr a nsf or m er bl o c k c o m pris es a m ulti- h e a d s elf- att e nti o n l a y er a n d f ull y c o n-

n e ct e d f e e d-f or w ar d l a y ers. B ot h p arts of t his bl o c k, t h e att e nti o n l a y er a n d f ull y c o n n e ct e d

p arts h a v e r esi d u al c o n n e cti o ns [ 4 ] ar o u n d t h e m, f oll o w e d b y a l a y er n or m alis ati o n [6 8 ].

B ef or e fitti n g i nt o t h e e n c o d er, all t o k e ns ar e e m b e d d e d, a n d p ositi o n al e n c o di n g is a p pli e d

t o t h e e m b e d di n gs. T h e t o k e ns fit i nt o t h e e n c o d er si m ult a n e o usl y, w hi c h s h o ws hi g h p ar al-
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Fi g. 2. 6 Vis u al s c h e m ati c of t h e att e nti o n m e c h a nis m. I n p ut v e ct ors ar e c o m bi n e d i nt o
o n e m atri x a n d m ulti pli e d b y w ei g ht m atri c es W q ,W k a n d W v . O ut p uts of W q ,W k ar e us e d t o
f or m a n att e nti o n m atri x b y m ulti pl yi n g Q wit h t h e tr a ns p os e of K. T his pr o d u c es att e nti o n
s c or es, w hi c h ar e t h e n p ass e d t hr o u g h a s oft m a x f u n cti o n t o cr e at e a distri b uti o n t h at r e fl e cts
h o w str o n gl y e a c h i n p ut v e ct or r el at es t o t h e ot h ers. T h e att e nti o n m atri x is t h e n m ulti pli e d
b y t h e o ut p ut of t h e W v , f or mi n g t h e o ut p ut of t h e s elf- att e nti o n l a y er.

l elis m of t h e m et h o ds, u nli k e t h e s e q u e n c e-t o-s e q u e n c e m o d els, w hi c h a c c e pt e d o n e t o k e n at

a ti m e.

T h e d e c o d er, w hi c h is n ot us e d i n t h e visi o n tr a nsf or m ers b ut is a cr u ci al p art of t h e

l a n g u a g e m o d els, g e n er at es t h e t ar g et s e q u e n c e. W hil e t h e e n c o d er r e a ds i n t h e s o ur c e

s e q u e n c e i n p ar all el, t h e d e c o d er g e n er at es t h e o ut p ut s e q u e n c e o n e t o k e n at a ti m e.

2. 6. 2 Att e nti o n M e c h a nis m

T o u n d erst a n d t h e a p pli c ati o n of tr a nsf or m er e n c o d ers i n c o m p ut er visi o n, it is ess e nti al t o

l o o k at t h e s elf- att e nti o n m e c h a nis m, a c or e c o m p o n e nt of t h es e m o d els.

I n t h e s elf- att e nti o n m e c h a nis m, e a c h i n p ut v e ct or is a n e m b e d d e d t o k e n t h at c a n b e

r e pr es e nt e d as a p oi nt i n a n n- di m e nsi o n al v e ct or s p a c e. T h e pri m ar y g o al of t h e att e nti o n

l a y ers is t o c o m p ut e t h e r el ati o ns hi ps b et w e e n e a c h p air of e m b e d di n gs a n d u p d at e t h eir

p ositi o ns r el ati v e t o o n e a n ot h er b as e d o n t h es e r el ati o ns hi ps. T his is d o n e b y usi n g t hr e e

c o m p o n e nts: q u eri es, k e ys, a n d v al u es. T h e d et ail e d pi p eli n e o n t e ns or m a ni p ul ati o ns is

s h o w n i n Fi g ur e 2. 6 .

T h e i n p ut t o a s elf- att e nti o n l a y er is a s e q u e n c e of v e ct ors, x i, w hi c h t o g et h er f or m

a m atri x X . T his m atri x is m ulti pli e d b y t hr e e tr ai n a bl e m atri c es: W q (f or Q u eri es), W k

(f or K e ys), a n d W v (f or Val u es). T h es e tr a nsf or m ati o ns pr o d u c e t h e m atri c es Q , K , a n d V ,
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r es p e cti v el y, w h er e e a c h m atri x is a list of tr a nsf or m e d e m b e d d e d v e ct ors. T h e m ulti pli c ati o n

of t h e m atri x X wit h e a c h of W q , W k , a n d W v is a li n e ar tr a nsf or m ati o n, si mil ar t o w h at is

c o m m o nl y k n o w n as a " Li n e ar l a y er " i n d e e p l e ar ni n g wit h o ut a bi as t er m.

W h e n t h e i n p ut x is m a p p e d t o Q , K , a n d V , e a c h v e ct or is tr a nsf or m e d i n d e p e n d e ntl y,

wit h o ut a n y i nt er a cti o n a m o n g t h e m d uri n g t his p h as e. H o w e v er, t h e i nt er a cti o n a m o n g

v e ct ors o c c urs i n t h e s u bs e q u e nt st e ps t hr o u g h t h e c o m p ut ati o n of t h e d ot pr o d u cts b et w e e n

e a c h p air of Q u er y a n d K e y v e ct ors. S p e ci fi c all y, t o c al c ul at e t h e r el ati o ns hi p α i, j fr o m i n p ut

i t o j, t h e d ot pr o d u ct q i · k j is c o m p ut e d. T his c al c ul ati o n is e xt e n d e d a cr oss all v e ct or p airs

t o f or m t h e att e nti o n m atri x t hr o u g h t h e m atri x m ulti pli c ati o n Q K T .

T o e ns ur e t h at e a c h r o w of t h e att e nti o n m atri x s u ms t o o n e, a s oft m a x f u n cti o n is a p pli e d

t o e a c h r o w aft er m atri x m ulti pli c ati o n. A d diti o n all y, si n c e t h e d ot pr o d u ct v al u es c a n gr o w

l ar g e as t h e di m e nsi o n of t h e v e ct ors i n cr e as es, t h e pr o d u ct Q K T is s c al e d d o w n b y
√

d ,

w h er e d is t h e di m e nsi o n of t h e i n p ut v e ct ors. T his s c ali n g h el ps t o pr e v e nt t h e s oft m a x

f u n cti o n fr o m pr o d u ci n g e xtr e m e v al u es, e ns uri n g s m o ot h er gr a di e nts d uri n g l e ar ni n g. T h e

fi n al f or m ul a f or t h e att e nti o n m atri x c al c ul ati o n is s h o w n i n E q u ati o n 2. 1 3 .

α = s o f t m a x (
Q K T

√
d

) ( 2. 1 3)

T h e o ut p ut of t h e att e nti o n l a y er is t h e n c al c ul at e d b y m ulti pl yi n g t h e α att e nti o n m atri x

b y t h e v al u e m atri x V . T his m ulti pli c ati o n c o m bi n es t h e w ei g ht e d c o ntri b uti o ns fr o m all

i n p ut el e m e nts t o pr o d u c e t h e fi n al o ut p ut of t h e l a y er. T his d y n a mi c c o m bi n ati o n of i n p uts

b as e d o n t h eir c o m p ut e d c o nt e xt u al r el ati o ns hi ps is cr u ci al f or t as ks r e q uiri n g c o nt e xt u al

u n d erst a n di n g, s u c h as i n n at ur al l a n g u a g e pr o c essi n g a n d i n cr e asi n gl y i n c o m p ut er visi o n.

2. 6. 3 M ulti- h e a d att e nti o n

Si n gl e- h e a d att e nti o n pr o vi d es a fr a m e w or k w h er e t h e m o d el l e ar ns t o assi g n a w ei g hti n g t o

e a c h i n p ut t o k e n, d et er mi ni n g h o w m u c h f o c us t o all o c at e w h er e. H o w e v er, t his si n gl e s et of

w ei g hts c a n s o m eti m es li mit t h e m o d el’s a bilit y t o c a pt ur e di v ers e r el ati o ns hi ps wit hi n t h e

i n p ut d at a.

M ulti- h e a d att e nti o n e xt e n ds t h e c o n c e pt of si n gl e- h e a d att e nti o n b y i n c or p or ati n g m ulti-

pl e att e nti o n m e c h a nis ms — or " h e a ds " —i n p ar all el. T his m et h o d all o ws t h e m o d el t o c a pt ur e

v ari o us as p e cts of t h e i nf or m ati o n c o nt ai n e d i n t h e i n p ut s e q u e n c e si m ult a n e o usl y. E a c h h e a d

c a n b e s e e n as a n i n d e p e n d e nt att e nti o n m e c h a nis m, wit h e a c h f o c usi n g o n diff er e nt p arts of

t h e i n p ut s e q u e n c e or i nt er pr eti n g t h e i n p uts i n diff er e nt w a ys.

T h e e m b e d di m e nsi o n m ust b e di visi bl e b y t h e n u m b er of h e a ds. T h e i n p ut e m b e d di n gs

fit i nt o t h e m ulti- h e a d att e nti o n l a y er a n d ar e s plit i nt o h v e ct ors, w h er e h is t h e n u m b er of
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h e a ds. E a c h i-t h h e a d st arts b y li n e arl y tr a nsf or mi n g t h e i n p ut usi n g diff er e nt l e ar n e d w ei g hts

i nt o t h e Q i,K i,V i. E a c h h e a d o p er at es li k e a r e g ul ar s elf- att e nti o n l a y er. T h e o ut p uts of t h e

att e nti o n l a y ers ar e t h e n c o n c at e n at e d a n d c a n b e li n e arl y tr a nsf or m e d a g ai n.

M ulti H e a d (Q ,K ,V ) = C o n c at (h e a d 1 ,h e a d 2 ,..,h e a d h )W
o ( 2. 1 4)

2. 6. 4 A r c hit e ct u r e of Vi T

U nli k e t h e N L P, i m a g es i n c o m p ut er visi o n d o n ot c o nt ai n t h e t o k e ns, a n d t h e i m a g e is

a m atri x r at h er t h a n a s e q u e n c e. H e n c e, i m a g e cl assi fi c ati o n usi n g tr a nsf or m ers m a y n ot

s e e m t o b e a n i d e al c h oi c e. H o w e v er, e v er y i m a g e c a n b e c o nsi d er e d a s e q u e n c e of i m a g e

p at c h es i n b ot h x a n d y di m e nsi o ns. Ta ki n g t his i nt o a c c o u nt, i n 2 0 2 1 D os o vits ki y et al. [2 1 ]

pr o p os e d a m et h o d of i m a g e cl assi fi c ati o n usi n g visi o n tr a nsf or m ers, usi n g n o c o n v ol uti o n al

l a y er at all.

T h e i d e a is t o t o k e nis e t h e i m a g e a n d fit t h e i m a g e t o k e ns i nt o t h e tr a nsf or m er e n c o d er,

j ust li k e i n N L P t as ks. T o t ur n t h e i m a g e i nt o t h e s e q u e n c e of t o k e ns, t h e i m a g e x ∈ R H × W × C

is s plit i nt o n o n- o v erl a p pi n g p at c h es x p ∈ R N × (P 2 × C ) , w h er e H is hi g ht, W is wi dt h, C is t h e

n u m b er of c h a n n els, a n d P is t h e wi dt h a n d h ei g ht of t h e p at c h. F oll o wi n g t his t o k e nsis ati o n

m et h o d, t h e n u m b er of p at c h es r es ult i n N = H × W / P 2 . O n e of t h e D os o vits ki y et al. ’s

m o d els, Vi T- L/ 1 6, s plit t h e I m a g e N et i m a g es i nt o 1 6 × 1 6 p at c h es, t a ki n g t h e I m a g e N et

r es ol uti o n 2 2 4 × 2 2 4 , t h e r es ult is 1 9 6 t o k e ns p er i m a g e. T h e t o k e ns fl att e n e d, r es ulti n g i n

v e ct ors of l e n gt h 2 5 6 ( S e e Fi g ur e 2. 7 ). Alt h o u g h, i n Fi g ur e 2. 7 , t h e i n p uts ar e s h o w n as

disti n ct v erti c al v e ct ors. H o w e v er, it is cr u ci al t o u n d erst a n d t h at, i n pr a cti c e, t h es e v e ct ors

ar e tr a ns p os e d a n d c o ns oli d at e d i nt o a si n g ul ar m atri x a n d k e pt i n t h at f or m a cr oss t h e e ntir e

n et w or k, as d es cri b e d i n s u bs e cti o n 2. 6. 2 .

Si n c e t h e tr a nsf or m er us es t h e c o nst a nt v e ct or si z e D i n all l a y ers, t h e v e ct oris e d p at c h es

ar e fit i nt o t h e li n e ar l a y er t o e m b e d t h e i n p ut v e ct ors i nt o t h e d esir e d D di m e nsi o n. Aft er

t h e e m b e d di n g, a n ot h er tr ai n a bl e v e ct or k n o w n as t h e cl assi fi c ati o n t o k e n is a d d e d t o t h e

s e q u e n c e, w hi c h k e e ps t h e i nf or m ati o n a b o ut all ot h er p at c h es t hr o u g h o ut t h e tr ai ni n g pr o c ess,

r es ulti n g i n o v er all N + 1 t o k e ns.

P ositi o n e n c o di n g ar e a d d e d t o t h e t o k e ns t o pr es er v e t h e p ositi o n al i nf or m ati o n of

e a c h ori gi n al p at c h. T h es e e n c o di n gs c a n b e eit h er l e ar n a bl e v e ct ors, li k e t h e o n es us e d b y

D os o vits ki y et al. [2 1 ], or fi x e d e n c o di n g g e n er at e d t hr o u g h f u n cti o ns li k e si n e a n d c osi n e.

Wit h o ut a n y f or m of p ositi o n al e n c o di n g, t h e n et w or k w o ul d tr e at a n i m a g e wit h s h uf fl e d

p at c h es t h e s a m e as t h e ori gi n al, l e a di n g t o a l oss of s p ati al u n d erst a n di n g.
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Fig. 2.7 Vision Transformer architecture. The pipeline starts by dividing the image into
patches, which are then flattened into vectors to represent the input tokens. Next, these
tokens are linearly transformed using linear layers in a process known as input embedding.
To indicate the position of each token in the original image, positional encoding is added
to the embeddings. An additional token, called the classification token, is included in the
list of embeddings. This token will ultimately contain information about all tokens and
will be used for classification. As the inputs progress through the network, they are passed
through self-attention layers and MLP layers. Finally, the CLS token is placed into the linear
classifier.

After this process, all tokens are fit into a standard transformer encoder, and only the
output of the last layer’s classification token fits into the classification head, which consists
of the standard MLP classifier.

It is important to note that, nevertheless, only the classification token is used for the
classification; due to the attention mechanism, it contains all the required information about
other patches, as it had to attend all of them during the training process.

It is important to note that, nevertheless, only the classification token is used for the
classification; due to the attention mechanism, it contains all the required information about
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ot h er p at c h es, as it h a d t o att e n d all of t h e m d uri n g t h e tr ai ni n g pr o c ess. As t h e n et w or k

pr o c ess es t h e i n p ut, t h e t o k e ns’ r e pr es e nt ati o ns ar e a dj ust e d a n d t e n d t o ali g n i n t h e v e ct or

s p a c e. T his ali g n m e nt o c c urs b e c a us e t h e l a y ers of t h e n et w or k m o dif y h o w cl os e or r el e v a nt

t h e v e ct ors of t h es e t o k e ns ar e t o e a c h ot h er, d e p e n di n g o n t h e s p e ci fi c r e q uir e m e nts of

t h e t as k. T h er ef or e, t h e cl assi fi c ati o n t o k e n i nt er a cts wit h all ot h er p at c h t o k e ns vi a t h e

att e nti o n m e c h a nis m t o g at h er a d et ail e d r e pr es e nt ati o n a n d c a pt ur e cr u ci al f e at ur es f or

a c c ur at e cl assi fi c ati o n.

O ut of all o p er ati o ns i n t h e pi p eli n e, t h e tr ai n a bl e p ar e m et ers i n cl u d e p at c h e m b e d di n gs,

p ositi o n e n c o di n g, w ei g hts f or t h e q u e er y, k e y a n d v al u e, a n d t h e w ei g hts of t h e M L Ps

i n cl u di n g t h e cl assi fi c ati o n h e a d. Att e nti o n m atri x, alt h o u g h d e p e n ds o n t h e w ei g hts of t h e

att e nti o n l a y er, ar e c o m p ut e d d y n a mi c all y b as e d o n t h e i n p uts a n d m ulti pli e d b y t h e v al u e

m atri x.

2. 6. 5 A p pli c ati o n of Visi o n Tr a nsf o r m e rs

Vi T h as l ess b uilt-i n i n d u cti v e bi as c o m p ar e d t o C N Ns. T his m e a ns t h at Vi T d o es n ot ass u m e

tr a nsl ati o n e q ui v ari a n c e, l o c alit y, or n ei g h b o ur h o o d str u ct ur e. H o w e v er, Vi T h as a l ar g er

eff e cti v e r e c e pti v e fi el d c o m p ar e d t o C N Ns, w hil e C N Ns r e q uir e m or e st a c k e d l a y ers or

l ar g er k er n els t o m a xi mis e t h e eff e cti v e r e c e pti v e fi el d.

T h er ef or e, Vi T g e n er alis es b ett er t h a n C N N o nl y wit h l ar g e d at as ets. T h e b est Vi T m o d el

( Vi T- H/ 1 4) a c hi e v es 8 8. 5 5 % t o p- 1 a c c ur a c y o n I m a g e N et cl assi fi c ati o n. I n or d er t o tr ai n

t h e Vi T f or t h e s m all er d at as ets, it is r e q uir e d t o tr ai n it first o n t h e l ar g er I m a g e N et d at as et

a n d t h e n fi n e-t u n e it f or t h e s m all er d at as ets li k e CI F A R- 1 0 0. F oll o wi n g t h at, t h e fi n e-t u n e d

Vi T- H/ 1 4 a c hi e v es 9 4. 5 5 % o n CI F A R- 1 0 0 a n d 7 7. 6 3 % o n t h e V T A B s uit e of 1 9 di v ers e

visi o n t as ks.

As D os o vits ki y et al. [2 1 ] m e nti o n e d t h at Vi T d o es n ot p erf or m w ell o n s m all d at as ets,

t h eir c o m p aris o n of r es ults o n s m all d at as ets f o c us e d o n fi n e-t u ni n g pr e-tr ai n e d m o d els o n

I m a g e N et r at h er t h a n tr ai ni n g fr o m s cr at c h. H o w e v er, L e e et al. [6 9 ] r e p ort e d t h e r es ults

of tr ai ni n g Vi T o n d at as ets s u c h as CI F A R- 1 0, CI F A R- 1 0 0, S V H N, a n d Ti n y-I m a g e N et

fr o m s cr at c h. T h e y i m pr o v e d t h e p erf or m a n c e usi n g n o v el m et h o ds, i n cl u di n g S hift e d

P at c h T o k e ni z ati o n ( S P T), C o or d C o n v P ositi o n E n c o di n g ( C P E), a n d L o c alit y S elf- Att e nti o n

( L S A). L e e et al. ’s [6 9 ] v ari ati o n of Vi T c o nsists of 9 tr a nsf or m er l a y ers wit h 1 2 h e a ds p er

l a y er a n d t h e e m b e d di m e nsi o n of 1 9 2. T h e p at c h si z e w as s et t o 4 × 4 , f or i m a g es of 3 2 × 3 2 ,

r es ulti n g i n 6 4 p at c h es p er i m a g e. T h e a ut h ors us e d r e g ul aris ati o n as l a b el s m o ot hi n g [ 7 0 ],

st o c h asti c d e pt h [ 7 1 ], r a n d o m er asi n g [7 2 ] a n d w ei g ht d e c a y i n A d a m W [7 3 ] o pti mis er w hi c h

w as s et t o 0. 0 5. M or e o v er, t h e m o d el tr ai n e d wit h a u g m e nt ati o n us e d m et h o ds li k e C ut Mi x,

Mi x u p, A ut o A u g m e nt, a n d R e p e at e d A u g m e nt. A c c or di n g t o t h e a ut h ors, Vi T tr ai n e d fr o m
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s cr at c h wit h CI F A R- 1 0 0 a c hi e v e d a n a c c ur a c y of 6 0. 0 1 % wit h o ut a n d 7 3. 8 1 % wit h t h e

a u g m e nt ati o n m et h o ds d es cri b e d a b o v e.

I n t h e w or k of Z h u et al. [7 4 ], t h e a ut h ors c o m p ar e d R es N et- 1 8 t o CI F A R- 1 0 0, i n v esti-

g ati n g t h e r e as o ns f or Vi T’s p o or p erf or m a n c e o n s m all d at as ets. T h eir v ari ati o n of Vi T h as a

d e pt h of 6, e a c h wit h 8 h e a ds a n d a n e m b e d di n g di m e nsi o n of 6 4. T h e a ut h ors r e p ort e d a n

a c c ur a c y of o nl y 5 4. 3 1 %, w hi c h is l o w er t h a n L e e et al. [6 9 ] r e p ort e d. T h e r e as o n f or t h at

c o ul d b e a s m all d e pt h a n d l a c k of a u g m e nt ati o n a n d r e g ul aris ati o n m et h o ds i n t h e w or k of

Z h u et al. .

2. 6. 6 Ot h e r v a ri ati o ns of Visi o n Tr a nsf o r m e rs

O n e v ari ati o n of Vi T is t h e P yr a mi d Visi o n Tr a nsf or m er ( P V T) [ 7 5 ], w hi c h r es h a p es t h e

f e at ur e m a p i nt o a m atri x f or m aft er e a c h tr a nsf or m er bl o c k a n d a p pli es f urt h er p at c hi n g.

T his r es ults i n a p yr a mi d-li k e or c o n e s h a p e ar c hit e ct ur e t h at is m or e s uit a bl e f or c o m p ut er

visi o n t as ks, p arti c ul arl y cl assi fi c ati o n. It is i m p ort a nt t o n ot e, h o w e v er, t h at t h e pr o gr essi v e

r e d u cti o n i n t h e f e at ur e m a p si z e aft er e a c h st a g e of t h e tr a nsf or m er bl o c k disti n g uis h es P V T

fr o m t h e st a n d ar d Vi T pri n ci pl es. W hil e Tr a nsf or m ers w er e ori gi n all y d esi g n e d f or N L P,

w h er e t o k e ns r e m ai n i n d e p e n d e nt a n d c o m m u ni c at e vi a t h e att e nti o n m e c h a nis m, P V T diff ers

fr o m t his a p pr o a c h. I nst e a d, it a d o pts a str u ct ur e si mil ar t o c o n e s h a p e C N Ns d esi g n e d f or

f e at ur e e xtr a cti o n.

T h e a ut h ors s h o w e d a 0. 1 % d e cr e as e i n t o p- 1 I m a g e N et a c c ur a c y b y c o m p ari n g t h eir b est

m o d el, P V T- L ar g e, t o t h e b asi c m o d el, Vi T- B as e/ 1 6 [ 2 1 ]. H o w e v er, P V T- L ar g e p erf or ms

wit h 9. 8 G F L O Ps c o m p ar e d t o Vi T- B as e/ 1 6, p erf or mi n g wit h 1 7. 6 G F L O Ps. M or e o v er, t h e

a ut h ors als o s h o w t h e m e m or y ef fi ci e n c y, as P V T- L ar g e c o nt ai ns 6 1. 4 M p ar a m et ers, w hil e

Vi T- B as e/ 1 6 c o nt ai ns 8 6. 6 M p ar a m et ers.

Alt h o u g h P V Ts h a v e a c o n e-s h a p e d ar c hit e ct ur e li k e C N Ns, t h e y d o n ot i n cl u d e a n y

c o n v ol uti o n al l a y ers i n t h e pi p eli n e, li k e Visi o n Tr a nsf or m ers. H o w e v er, t h at c a n n ot b e s ai d

a b o ut a n ot h er w or k b y W u et al. [7 6 ], c all e d C o n v ol uti o n al Tr a nsf or m ers ( C v T). Si mil ar t o

t h e c o ntri b uti o n i n t his t h esis, W u et al. a p pli e d t h e c o n v ol uti o n i nt o t h e visi o n tr a nsf or m ers

wit h sli g ht d e vi ati o n fr o m o ur m et h o d. C v T e m pl o ys a c o n v ol uti o n o p er ati o n i n t h e t o k e n

e m b e d di n g a n d e m b e d di n g pr oj e cti o n of t h e Visi o n Tr a nsf or m er.

T h e C v T m o d el st arts b y fitti n g t h e i n p ut i m a g e i nt o a C o n v ol uti o n al T o k e n E m b e d di n g

l a y er. T his p erf or ms o v erl a p pi n g c o n v ol uti o ns t o s plit t h e i m a g e i nt o t o k e ns a n d c a pt ur e l o c al

s p ati al i nf or m ati o n. M or e o v er, t his st a g e d e cr e as es t h e l e n gt h of t h e s e q u e n c e a n d i n cr e as es

t h e di m e nsi o n of t o k e n f e at ur es, mi mi c ki n g t h e ar c hit e ct ur e of t h e C N N cl assi fi er, w h er e

t h e f e at ur e m a ps ar e s p ati all y d o w ns a m pl e d w hil e t h e n u m b er of f e at ur e m a ps ( c h a n n els)
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i n cr e as es. T h e o ut p ut t o k e n e m b e d di n gs ar e n or m alis e d f oll o wi n g t h e t o k e n e m b e d di n g l a y er,

usi n g L a y er N or m alis ati o n.

T h e n t h e o ut p ut t o k e n e m b e d di n gs ar e p ass e d i nt o t h e C o n v ol uti o n al Tr a nsf or m er Bl o c k.

I n e a c h C o n v ol uti o n al Tr a nsf or m er Bl o c k, t h e t o k e ns first g o t hr o u g h a C o n v ol uti o n al

Pr oj e cti o n l a y er, w hi c h a p pli es d e pt h wis e s e p ar a bl e c o n v ol uti o ns t o o bt ai n t h e v al u e, q u er y

a n d k e y e m b e d di n gs i nst e a d of t h e m atri x m ulti pli c ati o ns as i n st a n d ar d Vi T [ 2 1 ]. T o k e ns ar e

t h e n fl att e n e d a n d p ass e d t hr o u g h a st a n d ar d tr a nsf or m er bl o c k c o nt ai ni n g a m ulti- h e a d s elf-

att e nti o n l a y er a n d M L P. T h e o ut p uts of t his st a g e ar e t h e n p ass e d t o t h e n e xt C o n v ol uti o n al

T o k e n E m b e d di n g l a y er.

Alt h o u g h t his m et h o d is c all e d a C o n v ol uti o n al Visi o n Tr a nsf or m er, it us es st a n d ar d

m ulti- h e a d s elf- att e nti o n l a y ers a n d M L P i n all tr a nsf or m er bl o c ks.

I n c o ntr ast t o st a n d ar d Vi Ts, C v T us es o v erl a p pi n g p at c h es a n d r e c o nstr u cts t h e 2 D i m a g e

aft er e a c h tr a nsf or m er bl o c k t o r e-t o k e ni z e it usi n g c o n v ol uti o n o p er ati o ns b ef or e t h e n e xt

bl o c k. T his w a y, t h e f e at ur e m a p p o ols d o w n a n d r et ai ns its c o n e-s h a p e d str u ct ur e t y pi c all y

us e d f or cl assi fi c ati o n t as ks i n C N Ns

I n st a n d ar d Vi Ts, a n i m a g e is s e g m e nt e d i nt o dis cr et e n o n- o v erl a p pi n g p at c h es. E a c h

of t h es e p at c h es pr o gr ess es i n d e p e n d e ntl y t hr o u g h o ut t h e n et w or k ar c hit e ct ur e. I nt er a cti o n

b et w e e n t h e p at c h es is f a cilit at e d o nl y vi a t h e att e nti o n m e c h a nis m, e ns uri n g t h at w hil e t h er e

is c o m m u ni c ati o n b et w e e n p at c h es, t h eir r e pr es e nt ati o ns r e m ai n disti n ct a n d n o n-i nt e gr at e d.

H o w e v er, i n C v T, t h e o ut p ut of e a c h c o n v ol uti o n al tr a nsf or m er bl o c k is m er g e d i nt o o n e

u ni fi e d f e at ur e m a p b y r e arr a n gi n g t h e di m e nsi o ns a n d t ur ni n g i n p ut v e ct ors i nt o t h e 2 D

m atri c es a n d t h e n p o ol e d d o w n t hr o u g h o ut i nf er e n c e. T h er ef or e, it c a n b e n ot e d t h at t h e C v T

ar c hit e ct ur e als o d o es n ot f oll o w t h e pri n ci pl es of t h e tr a nsf or m er. I nst e a d, it i nt e gr at es t h e

att e nti o n m e c h a nis m i nt o t h e C N N.

M or e o v er, d u e t o t h e o v erl a p pi n g p at c h es a n d hi er ar c hi c al str u ct ur e of t h e C v T, a p pl yi n g a

p ositi o n e n c o di n g i n t h e tr a nsf or ms is n ot r e q uir e d. I n f a ct, W u et al. [7 6 ] h a v e d e m o nstr at e d

t h at t h e t o p- 1 a c c ur a c y o n I m a g e N et i m pr o v e d fr o m 8 1. 4 % t o 8 1. 6 % w h e n r estr ai n e d fr o m

t h e p ositi o n e n c o di n g.

2. 7 Eff e ct of hi g h- r es ol uti o n t r ai ni n g

K er n el si z e is o n e of t h e ess e nti al h y p er p ar a m et ers of C N Ns. St a n d ar d m o d els t o d a y us e

s m all k er n el si z es, us u all y 3 × 3 or 6 × 6 , e x c e pt t h e first l a y ers of t h e n et w or k, w hi c h c a n g o

as l ar g e as 1 1 × 1 1 li k e i n t h e first l a y er of Al e x N et or 7 × 7 i n R es N et.

R el ati v el y s m all k er n el si z e st a n d ar ds ar e t h e r es ults of t h o us a n ds of e x p eri m e nts, w hi c h

s h o w t h at h a vi n g a 3 × 3 k er n el si z e will n ot l a c k t h e r es ult a n d will b e f ast e n o u g h. T h e or eti-
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c all y, h a vi n g a s m all k er n el si z e h as a r a n g e of a d v a nt a g es. T h e r e d u cti o n of k er n el si z e n ot

o nl y i n cr e as es t h e c o m p ut ati o n al ef fi ci e n c y d uri n g tr ai ni n g b ut als o d e cr e as es t h e n u m b er of

tr ai n a bl e p ar a m et ers, t h er e b y i n cr e asi n g t h e r o b ust n ess of t h e n et w or k a g ai nst o v er fitti n g.

L ar g er k er n els, b y i n cr e asi n g t h e n u m b er of tr ai n a bl e p ar a m et ers, n ot o nl y h a v e a t e n d e n c y t o

o v er fit t h e n et w or k b y l e ar ni n g t o o m u c h n ois e a n d d et ail fr o m t h e tr ai ni n g d at a b ut als o sl o w

d o w n t h e tr ai ni n g pr o c ess d u e t o t h e hi g h er c o m p ut ati o n al l o a d r e q uir e d p er l a y er. M or e o v er,

d u e t o t h e d o mi n a n c e of C P U- G P U tr ai ni n g, w h er e t h e l ar g e k er n el si z e h as a n e g ati v e eff e ct

o n t h e tr ai ni n g s p e e d, t h e r es e ar c h o n t h e l ar g er k er n el si z e i n C N Ns h as b e e n l a g gi n g.

As m e nti o n e d i n S e cti o n 2. 5 , P e n g et al. [6 6 ] pr o p os e d a Gl o b al C o n v ol uti o n al N et w or k

( G C N) ar c hit e ct ur e t h at e n a bl es usi n g v er y l ar g e k er n els, u p t o t h e si z e of t h e f e at ur e m a p, f or

s e m a nti c s e g m e nt ati o n. T h e m oti v ati o n is t h at c urr e nt s e m a nti c s e g m e nt ati o n m o d els f o c us

pri m aril y o n pr e cis e l o c alis ati o n, w hi c h c a n d e gr a d e t h eir cl assi fi c ati o n c a p a bilit y. G C N

i m pr o v es cl assi fi c ati o n p erf or m a n c e b y usi n g l ar g e k er n els t h at d e ns el y c o n n e ct f e at ur e m a ps

a n d p er- pi x el cl assi fi ers.

H o w e v er, t h e a ut h ors cl ai m t h at l ar g e k er n els ar e i n ef fi ci e nt a n d us e s e p ar a bl e c o n v o-

l uti o ns li k e 1 × 1 5 + 1 5 × 1 t o r e d u c e p ar a m et ers a n d c o m p ut ati o n i n G C N. E x p eri m e nts

s h o w G C N c o nsist e ntl y o ut p erf or ms r e g ul ar s m all k er n els a n d st a c ks of s m all k er n els f or

s e g m e nt ati o n. T h e " gl o b al c o n v ol uti o n al " v ersi o n i m pr o v es I o U b y 5. 5 % o v er a 1 × 1 b as e-

li n e. A n al ysis r e v e als G C N m ai nl y b e n e fits i nt er n al r e gi o ns of o bj e cts, w hil e a B o u n d ar y

R e fi n e m e nt bl o c k t h e y pr o p os e i m pr o v es l o c alis ati o n n e ar b o u n d ari es.

A p pl yi n g G C N t o st a n d ar d R es N et b a c k b o n es b o osts s e g m e nt ati o n p erf or m a n c e d es pit e

m ar gi n all y d e cr e asi n g i m a g e cl assi fi c ati o n a c c ur a c y. T h eir m o d el a c hi e v es n e w st at e- of-t h e-

art r es ults o n P A S C A L V O C 2 0 1 2 ( 8 2. 2 % I o U) a n d Cit ys c a p es ( 7 6. 9 % I o U), si g ni fi c a ntl y

o ut p erf or mi n g pri or art.

T h e k e y c o n cl usi o ns ar e t h at l ar g er k er n els pr o vi d e s u bst a nti al b e n e fits f or s e m a nti c

s e g m e nt ati o n b y i m pr o vi n g cl assi fi c ati o n c a p a bilit y, a n d t h eir G C N ar c hit e ct ur e eff e cti v el y

e n a bl es t his i n a n ef fi ci e nt s e p ar a bl e m a n n er. T h e r es ults d e m o nstr at e t h e i m p ort a n c e of l ar g e

k er n els a n d d e ns e cl assi fi er c o n n e cti o ns f or pi x el-l e v el cl assi fi c ati o n t as ks.

I n t h e w or k of A gr a w al a n d Mit al [6 ], t h e a ut h ors st u di e d t h e eff e cts of diff er e nt k er n el

si z es a n d a n u m b er of filt ers i n C N N t o tr ai n t h e F E R- 2 0 1 3 a n d u ni q u el y a p pr o a c h e d t h e

pr o bl e m. T h e y h a v e i ntr o d u c e d a s m all n et w or k c all e d t h e C o nstit u e nt l a y er, w hi c h c o nsists

of t w o c o n v ol uti o n al l a y ers a n d o n e s oft m a x. T h e n et w or k w as tr ai n e d wit h v ar yi n g k er n el

si z es, s u c h as 2, 4, 8... 6 4 a n d t h e n u m b er of o ut p ut c h a n n els of 2, 4, 8 ... 2 5 6.

Aft er tr ai ni n g t h e s m all t w o-l a y er e d n et w or k, t h e a ut h ors f o u n d f o ur c o m bi n ati o ns of

t w o-l a y er e d n et w or ks wit h t h e n u m b er of c h a n n els a n d k er n el si z es 1 6 / 4 × 4 , 3 2 / 8 × 8 ,

4 / 1 6 × 1 6 a n d 2 / 3 2 × 3 2, w hi c h t h e y us e d t o fi n d t h e o pti m al d e pt h of t h e n et w or k.
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Ta bl e 2. 2 C o nstit u e nt l a y er i n t h e w or k of A gr a w al a n d Mit al [ 6 ]. K r e pr es e nts t h e k er n el
si z e, a n d C is t h e n u m b er of o ut p ut c h a n n els.

C O N V K × K × C , B A T C H N O R M

C O N V K × K × 7, R E L U, S T RI D E ( 1 2 8 × 1 2 8)

S O F T M A X

B y i n cr e asi n g t h e d e pt h of t h e n et w or k, t h e a ut h ors f o u n d t h e b est c o n v er gi n g n et w or k,

w hi c h is a n u m b er of o ut p ut c h a n n els of 3 2 a n d k er n el si z e of 8 × 8 , wit h a d e pt h of 1 6

c o n v ol uti o n al l a y ers, r es ulti n g i n t h e m o d el w hi c h t h e y h a v e c all e d M o d el 1. L at er, t h e

a ut h ors m o di fi e d M o d el 1 i nt o M o d el 2 b y r e d u ci n g t h e n u m b er of c h a n n els a n d i n cr e asi n g

t h e d e pt h of t h e n et w or ks. T h e st a n d ar d C N Ns us e t h e V G G st yl e a p pr o a c h a n d i n cr e as e

t h e n u m b er of l a y ers, w hil e M o d el 2 is u ni q u e i n t er ms of sl o wl y d e cr e asi n g t h e n u m b er of

c h a n n els.

As e x p e ct e d, M o d el 2 p erf or m e d m ar gi n all y w ors e t h a n M o d el 1 ( b y 0. 5 4 %), b ut wit h t w o

ti m es f e w er tr ai n a bl e p ar a m et ers. T h e a ut h ors c o m p ar e d t h e m o d el si z e t o V G G- 1 9, w hi c h

c o nt ai ns 2 1. 5 ti m es m or e tr ai n a bl e p ar a m et ers t h a n M o d el 1, b ut t h e y di d n ot c o m p ar e t h e

p erf or m a n c e. I nst e a d, t h e y h a v e c o m p ar e d t h e p erf or m a n c e t o ot h er s m all er n et w or ks i ns pir e d

b y Al e x N et a n d V G G N et, li k e S u b n et 1 b y Li u et al. [7 7 ]. It h as t o b e s ai d, w hil e M o d el 1

a n d M o d el 2 a c hi e v e d a n a c c ur a c y of 6 5. 7 7 % a n d 6 5. 2 3 % o n F E R 2 0 1 3 d at as et r es p e ctf ull y,

V G G N et b y Pr a m er d orf er a n d K a m p el [ 7 8 ] a c hi e v e d 7 2. 7 0 % a n d l at er i n 2 0 2 1 V G G N et b y

K h air e d di n a n d C h e n [ 7 9 ] a c hi e v e d 7 3. 2 8 % t o p- 1 a c c ur a c y wit h F E R- 2 0 1 3 d at as et. Ta ki n g

i nt o a c c o u nt o nl y t h e w or k of Pr a m er d orf er a n d K a m p el [7 8 ] as it w as p u blis h e d e arli er t h a n

t h e M o d el 1 a n d M o d el 2 of A gr a w al a n d Mit al [ 6 ] t h e l oss i n p erf or m a n c e is 6. 9 3 %, w hi c h

t h e a ut h ors di d n ot m e nti o n.

I n t h e w or k of Di n g et al. [3 6 ], t h e a ut h ors e x pl or e d t h e p ot e nti al of l ar g e c o n v ol uti o n al

k er n els i n m o d er n C N Ns. T his r es e ar c h is i ns pir e d b y r e c e nt a d v a n c es i n Visi o n Tr a nsf or m ers,

w hi c h h a v e d e m o nstr at e d s u p eri or p erf or m a n c e a cr oss v ari o us vis u al t as ks. T h e a ut h ors

ai m e d t o bri d g e t h e p erf or m a n c e g a p b et w e e n C N Ns a n d Vi Ts b y usi n g l ar g e k er n els i n

C N Ns.

A criti c al as p e ct of t his st u d y is t h e c o m p aris o n b et w e e n l ar g e- k er n el C N Ns a n d t h e

m ulti- h e a d s elf- att e nti o n ( M H S A) m e c h a nis m us e d i n Vi Ts. T h e a ut h ors fi n d t h at l ar g e

c o n v ol uti o n al k er n els c a n eff e cti v el y mi mi c t h e b e h a vi o ur of M H S A b y c a pt uri n g l o n g-r a n g e

d e p e n d e n ci es a n d b uil di n g l ar g e r e c e pti v e fi el ds ( E R Fs). T his all o ws C N Ns wit h l ar g e

k er n els t o a c hi e v e p erf or m a n c e c o m p ar a bl e t o Vi Ts wit h o ut t h e c o m p ut ati o n al c o m pl e xit y

ass o ci at e d wit h att e nti o n m e c h a nis ms. T h e st u d y r e v e als t h at w hil e tr a diti o n al s m all- k er n el
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Ta bl e 2. 3 M o d el 1 a n d M o d el 2 b y A gr a w al a n d Mit al [ 6 ]. T h e diff er e n c e is i n di c at e d i n b ol d.

M o d el 1  M o d el 2

I n p ut d at a ( 6 4 × 6 4) gr a ys c al e i m a g e I n p ut d at a ( 6 4 × 6 4) gr a ys c al e i m a g e

D at a a u g m e nt ati o n  D at a a u g m e nt ati o n

C O N V 8 × 8 × 3 2, B A T C H N O R M  C O N V 8 × 8 × 3 2, B A T C H N O R M

C O N V 8 × 8 × 3 2 (stri d e 2), R E L U  C O N V 8 × 8 × 3 2 (stri d e 2), R E L U

C O N V 8 × 8 × 3 2, B A T C H N O R M  C O N V 8 × 8 × 3 2, B A T C H N O R M

C O N V 8 × 8 × 3 2 (stri d e 2), R E L U  C O N V 8 × 8 × 3 2 (stri d e 2), R E L U

C O N V 8 × 8 × 3 2, B A T C H N O R M  C O N V 8 × 8 × 3 2, B A T C H N O R M

C O N V 8 × 8 × 3 2 (stri d e 2), R E L U  C O N V 8 × 8 × 3 2 (stri d e 2), R E L U

C O N V 8 × 8 × 3 2 , B A T C H N O R M  C O N V 8 × 8 × 1 6 , B A T C H N O R M

C O N V 8 × 8 × 3 2 (stri d e 2), R E L U  C O N V 8 × 8 × 1 6 (stri d e 2), R E L U

C O N V 8 × 8 × 3 2 , B A T C H N O R M  C O N V 8 × 8 × 1 6 , B A T C H N O R M

C O N V 8 × 8 × 3 2 (stri d e 2), R E L U  C O N V 8 × 8 × 1 6 (stri d e 2), R E L U

C O N V 8 × 8 × 3 2 , B A T C H N O R M  C O N V 8 × 8 × 1 6 , B A T C H N O R M

C O N V 8 × 8 × 3 2 (stri d e 2), R E L U  C O N V 8 × 8 × 1 6 (stri d e 2), R E L U

C O N V 8 × 8 × 3 2 , B A T C H N O R M  C O N V 8 × 8 × 8 , B A T C H N O R M

C O N V 8 × 8 × 3 2 (stri d e 2), R E L U  C O N V 8 × 8 × 8 (stri d e 2), R E L U

C O N V 8 × 8 × 3 2 B A T C H N O R M  C O N V 8 × 8 × 8 , B A T C H N O R M

C O N V 7 × 7 × 7, R E L U  C O N V 7 × 7 × 7, R E L U

S O F T M A X S O F T M A X

C N Ns r e q uir e m a n y l a y ers t o b uil d l ar g e E R Fs, a f e w l ar g e k er n els c a n a c hi e v e t his m or e

ef fi ci e ntl y, e n h a n ci n g b ot h p erf or m a n c e a n d c o m p ut ati o n al ef fi ci e n c y.

T h e m et h o d ol o g y b y Di n g et al. c e ntr es o n t h e i m pl e m e nt ati o n of a n o v el C N N ar c hit e c-

t ur e c all e d R e p L K N et, w hi c h us es r e- p ar a m et eris e d l ar g e d e pt h wis e c o n v ol uti o ns wit h k er n el

si z es u p t o 3 1 × 3 1 . T h e a ut h ors pr o vi d e fi v e k e y g ui d eli n es f or eff e cti v el y i n c or p or ati n g

l ar g e k er n els i nt o C N Ns. T h e y d e m o nstr at e t h at l ar g e d e pt h wis e c o n v ol uti o ns c a n b e c o m-

p ut ati o n all y ef fi ci e nt, es p e ci all y w h e n o pti mis e d f or G P Us. T h e us e of i d e ntit y s h ort c uts is

criti c al f or m ai nt ai ni n g p erf or m a n c e a n d st a bilit y i n n et w or ks wit h v er y l ar g e k er n els. T h e y

i ntr o d u c e a r e- p ar a m et eris ati o n t e c h ni q u e w h er e s m all er k er n els ar e us e d al o n gsi d e l ar g e

o n es d uri n g tr ai ni n g a n d t h e n m er g e d, a d dr essi n g o pti mis ati o n c h all e n g es.
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The experimental results prove the efficacy of the RepLKNet architecture. On the
ImageNet-1K dataset, the RepLKNet-31B model achieves an impressive 84.8% top-1 accu-
racy, outperforming the Swin-B model by 0.3% while being 43% faster in inference speed.
This indicates not only superior accuracy but also enhanced computational efficiency. Further-
more, in semantic segmentation tasks on the ADE20K dataset, RepLKNet-31B outperforms
Swin-B with higher mean Intersection over Union (mIoU) scores, particularly in single-scale
evaluations.

The authors provided evidence that revisiting and scaling up convolutional kernel sizes
in CNNs can lead to significant performance improvements. By effectively using large
kernels, they demonstrate that CNNs can achieve, and even surpass, the performance of
state-of-the-art ViTs in various tasks, especially in semantic segmentation. However, even
though the authors tried to replicate the ViTs using the CNNs, it is hard to say that this
is the emulation of the ViT since the general concept of CNNs is still feature extraction.
Nonetheless, there is no doubt that CNNs with larger kernels can match the high effective
receptive field of ViTs.

2.8 Free-space optical deep learning accelerator

The overarching goal of optical neural networks is to implement artificial neural network
models directly in optical hardware by taking advantage of the unique properties of light. A
core requirement for any neural network implementation is the ability to perform multiply-
accumulate (MAC) operations, which involves multiplying large matrices by input vectors.
In conventional digital hardware, these matrix-vector multiplications require breaking the
operation into separate sequential multiply and accumulate steps. However, optics can
intrinsically perform these matrix-vector multiplications in a single parallel step. This section
is primarily focused on the acceleration of using different free-space optical accelerators.
This section places greater emphasis on 4f-based optical correlators, as this work primarily
utilises this technology.

2.8.1 Deep Learning with Free-space Optical Accelerators

Optical computing has emerged as a solution for enhancing the efficiency of deep learning
processes by using the computational capabilities of light. A notable example of this
technology is the implementation of the 4f optical system, which is adept at performing
two-dimensional convolutions that are critical for many deep learning applications. This
system consists of two lenses and a mask located in the Fourier plane, all spaced by the focal
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l e n gt h, f , of t h e l e ns es. T his c o n fi g ur ati o n all o ws f or t h e c o n v ol uti o n of a n i n p ut i m a g e wit h

a filt er m as k p ositi o n e d wit hi n t his pl a n e, wit h t h e r es ult a nt p att er n dis pl a y e d o n t h e i m a g e

pl a n e r e pr es e nti n g t h e c o n v ol v e d o ut p ut.

T h e us e of fr e e-s p a c e o pti c al a c c el er at ors, s u c h as t h e 4f s yst e m, is pr e v al e nt d u e t o its

r el e v a n c e i n s p e ci fi c t as ks a cr oss v ari o us t y p es of n e ur al n et w or ks. T his s e cti o n hi g hli g hts

t h e pr e d o mi n a nt a p pli c ati o n of t h e 4f s yst e m, al o n gsi d e a r e vi e w of b ot h p assi v e a n d a cti v e

a c c el er at ors i n s u bs e q u e nt s e cti o ns. Pr e vi o us i m pl e m e nt ati o ns of t h e 4f s yst e m h a v e n ot

t y pi c all y s u p p ort e d t h e c o m pl et e i nf er e n c e of a m o d el t hr o u g h a si n gl e p ass. I nst e a d, e a c h

c o n v ol uti o n l a y er or, i n s o m e c as es, o nl y o n e l a y er of t h e n et w or k is pr o c ess e d s e q u e nti all y.

O n e si g ni fi c a nt li mit ati o n is t h e s yst e m’s i n a bilit y t o p erf or m n o nli n e ar a cti v ati o ns, w hi c h

m ust b e h a n dl e d el e ctr o ni c all y aft er i m a g e r e a d o ut.

D es pit e t h es e t e c h n ol o gi c al a d v a n c es, o pti c al c o m p uti n g f a c es s u bst a nti al c h all e n g es

i n n e ur al n et w or k tr ai ni n g. Tr a diti o n al tr ai ni n g m et h o ds, s u c h as b a c k pr o p a g ati o n, r e q uir e

it er ati v e a dj ust m e nts t o n et w or k w ei g hts, n e c essit ati n g a l e v el of d y n a mi c r e c o n fi g ur a bilit y

t h at tr a diti o n al o pti c al s et u ps d o n ot pr o vi d e. C urr e ntl y, m ost o pti c al n e ur al n et w or ks ar e

tr ai n e d of fli n e usi n g di git al s yst e ms. Aft er tr ai ni n g, t h e o pti mis e d w ei g ht m atri c es ar e t h e n

i m pl e m e nt e d i n t h e o pti c al h ar d w ar e f or r a pi d i nf er e n c e t as ks. T his li mit ati o n pr e v e nts

r e al-ti m e tr ai ni n g c a p a biliti es wit hi n c urr e nt o pti c al n e ur al n et w or k s yst e ms. H o w e v er, t h e

i nf er e n c e c a p a biliti es of t h e 4f s yst e m c o ul d b e a d a pt e d f or tr ai ni n g p ur p os es. T h e 4f s yst e m

c o ul d t h e or eti c all y i n v ol v e b a c k pr o p a g ati o n as w ell. As b a c k pr o p a g ati o n i n C N Ns i n cl u d es

t h e c o n v ol uti o n o p er ati o ns, w hi c h t h e 4f s yst e m c a n e x e c ut e.

2. 8. 2 P assi v e o pti c al A c c el e r at o r

P assi v e o pti c al a c c el er at ors r ef er t o t h e s et u p wit h el e m e nts li k e l e ns es or diffr a cti v e el e m e nts

t h at d o n ot c o ns u m e p o w er.

O n e e x a m pl e of fr e e-s p a c e p assi v e o pti c al a c c el er at ors is t h e diffr a cti v e d e e p n e ur al

n et w or ks ( D 2 N N ) [4 1 ]. T h e D 2 N N s d e m o nstr at e r e m ar k a bl e c a p a biliti es i n v ari o us o pti c al

c o m p uti n g t as ks. T h es e n et w or ks utilis e diffr a cti v e l a y ers t o m o d ul at e li g ht f or p erf or mi n g

f u n cti o ns s u c h as i m a g e cl assi fi c ati o n a n d f e at ur e d et e cti o n dir e ctl y wit h li g ht w a v es. I n t his

p arti c ul ar w or k of Li n et al. [4 1 ], t h e D 2 N N m o d els w er e tr ai n e d a n d t est e d o n t w o d at as ets:

M NI S T f or h a n d writt e n di gits a n d F as hi o n- M NI S T f or cl ot hi n g it e ms. E v e n t h o u g h t h e

n et w or ks p erf or m e d w ell o n b ot h d at as ets, a c hi e vi n g a n a c c ur a c y of 9 3. 3 9 % a n d 8 6. 6 0 % f or

M NI S T a n d F as hi o n- M NI S T r es p e cti v el y, t h e p erf or m a n c e is still f ar fr o m t h e st at e of t h e

art i n t h e el e ctr o ni c s et u p. H o w e v er, t h e hi g h s p e e d of t h e t er a h ert z fr e q u e n c y r a n g e a n d t h e

l o w p o w er c o ns u m pti o n r e q uir e d f or p erf or mi n g cl assi fi c ati o ns m a k e t h e D 2 N N a pr ef er a bl e

a c c el er at or f or s o m e us e c as es.
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As t h e diffr a cti v e l a y ers ar e p h ysi c al a n d c a n n ot b e alt er e d, D 2 N N s ar e tr ai n e d o n a

c o m p ut er, a n d t h e l a y ers ar e f a bri c at e d usi n g a 3 D pri nt er o n c e t h e pr ef err e d tr ai ni n g l e v el

is a c hi e v e d. O n c e t h e l a y ers ar e f a bri c at e d, t h e d e vi c e c a n n ot b e alt er e d a n d t h er ef or e c a n

b e us e d f or o nl y o n e t as k, b ut will o p er at e p assi v el y a n d p erf or m t h e i nf er e n c e wit h t h e

s p e e d of li g ht. T his r es e ar c h o p e ns n e w a v e n u es f or t h e d e v el o p m e nt of o pti c al c o m p o n e nts

a n d s yst e ms f or r a pi d, p o w er-fr e e c o m p uti n g, f urt h eri n g t h e i nt e gr ati o n of m a c hi n e l e ar ni n g

al g orit h ms i nt o p h ysi c al l a y er t as ks. Si n c e 2 0 1 8, t h er e h as b e e n i n cr e asi n g r es e ar c h b as e d o n

diffr a cti v e n e ur al n et w or ks, li k e t h e a p pli c ati o n of t h e n o n-li n e arit y i n t h e D 2 N N .

U nli k e t h e diffr a cti v e n e ur al n et w or ks, t h e 4f s yst e m t h at w e ar e f o c usi n g o n i n t his

t h esis c a n als o b e a cti v e a n d p assi v e. S o m e of t h e e arli est r es e ar c h i n t his ar e a is t h e w or k of

C h a n g et al. [1 ], w h er e t h e a ut h ors d e m o nstr at e d t h e C N N i m pl e m e nt e d i n t h e 4f s yst e m,

wit h t h e p h as e m as k i n t h e F o uri er pl a n e. T his m e a ns t h at t h e m ulti pli c ati o n of t h e i m a g e

a n d t h e k er n el i n t h e F o uri er d o m ai n h a p p e ns p assi v el y, a n d n o m o d ul at or is us e d i n t his

st a g e. J ust li k e t h e D 2 N N t h e m ai n dis a d v a nt a g e of t his m et h o d is t h e l a c k of fl e xi bilit y as

t h e d e vi c e c a n o nl y b e us e d f or t h e c o n v ol uti o n wit h t h e pr es et a n d f a bri c at e d k er n els a n d

c a n n ot b e alt er e d d uri n g i nf er e n c e. T h e p h as e m as ks n e e d t o b e r e pl a c e d if t h e 4f s yst e m

g o es t hr o u g h m or e tr ai ni n g or fi n e-t u ni n g.

B ef or e g oi n g i nt o t h e o pti c al c o n v ol uti o n, t h e a ut h ors first t est e d t h e s et u p i n t h e si m ul at or

usi n g o nl y a c orr el at or. T his m e a ns t h at t h e r e a d- o ut of t h e c a m er a is p artiti o n e d i nt o t h e

N s u b-i m a g es c orr es p o n di n g t o N cl ass es. T h e s u b-i m a g e wit h t h e m a xi m u m i nt e nsit y is

c o nsi d er e d t h e o ut p ut cl ass of t h e cl assi fi er. T h e n et w or k is tr ai n e d o n t h e G o o gl e Q ui c k

Dr a w d at as et, w hi c h c o nt ai ns 1 6 cl ass es. I n t his pr eli mi n ar y s et u p, t h e l e ar n e d o pti c al

c orr el at or a c hi e v e d a cl assi fi c ati o n a c c ur a c y of 7 0. 1 %, d e m o nstr ati n g its c a p a bilit y t o m at c h

t h e p erf or m a n c e of a di git al c o n v ol uti o n al l a y er.

I n t h eir n e xt st e p, t h e a ut h ors i m pl e m e nt e d a si m ul ati o n of a f ull h y bri d o pt o el e ctr o ni c

C N N. T his i n cl u d e d t h e si m ul ati o n of t h e o pti c al C N N l a y er f oll o w e d b y t h e r e g ul ar R e L U

+ F ull y c o n n e ct e d l a y er a p pli e d i n t h e el e ctr o ni c d o m ai n. T his e x p eri m e nt w as c o n d u ct e d

o n t h e CI F A R- 1 0 d at as et, a n d t h e a ut h ors a c hi e v e d 5 1 .0 ± 1 .4 % a c c ur a c y o n t h e si m ul ati o n

of t h e s et u p w hil e als o usi n g a ps e u d o- n e g ati vit y ( a m et h o d d es cri b e d i n S e cti o n 3. 2. 5 ), i n

c o ntr ast t o r e g ul ar di git al c o n v ol uti o n w hi c h a c hi e v e d 5 1 .9 ± 1 .3 % a c c ur a c y. U nf ort u n at el y,

w h e n t h e a ut h ors tri e d t h e e x p eri m e nt p h ysi c all y, t h e p erf or m a n c e dr o p p e d t o 4 4. 4 %, w hi c h

t h e a ut h ors e x pl ai n e d as d u e t o i m p erf e cti o ns i n t h e h ar d w ar e n ot c o nsi d er e d i n t h e si m ul at or.

O n e of t h e r e as o ns is t h at t h e S L M utilis e d o nl y 1 6 dis cr et e l e v els of h ei g ht ( bit d e pt h of

4) r at h er t h a n t h e c o nti n u o us r a n g e ass u m e d d uri n g t h e o pti mis ati o n pr o c ess. A d diti o n all y,

t h e ali g n m e nt of t h e c o n v ol v e d s u b-i m a g es wit h t h e s e ns or pi x els w as n ot pr e cis e d u e t o

diff er e n c es i n pi x el si z es b et w e e n t h e D M D a n d t h e c a m er a s e ns or, i ntr o d u ci n g err ors d uri n g
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t h e s u btr a cti o n of k er n els t o pr o d u c e ps e u d o- n e g ati v e s u b-i m a g es. M or e o v er, s o m e d e a d

pi x els o n t h e D M D w er e d et e ct e d, w hi c h w as o bs er v a bl e w h e n c o m p ari n g t h e si m ul at e d

i n p ut i m a g e a g ai nst t h e a ct u al pr oj e ct e d v ersi o n wit h o ut a p h as e m as k.

T h es e f a ct ors ar e i m p ort a nt, as t his ki n d of d e vi ati o n fr o m t h e si m ul ati o n a n d t h e r e al

d e vi c e c a n b e o bs er v e d i n a n y 4f- b as e d a c c el er at or, e v e n t h e o n e ass u m e d i n t his w or k.

M or e o v er, a p art fr o m t h e r e as o ns m e nti o n e d b y C h a n g et al. , t h e n ois e i n t h e s yst e m c a n

als o pl a y a si g ni fi c a nt r ol e i n t h e cl assi fi c ati o n pr o c ess a n d, i n s o m e c as es, m a y i ntr o d u c e a n

a u g m e nt ati o n [ 8 0 ].

I n a n ot h er w or k b y C ol b ur n et al. [5 3 ], t h e a ut h ors d esi g n e d a h y bri d o pt o el e ctr o ni c c o n-

v ol uti o n al n e ur al n et w or k ar c hit e ct ur e t h at us es a n o pti c al fr o nt e n d f or t h e first c o n v ol uti o n al

l a y er of Al e x N et, w hil e s u bs e q u e nt l a y ers ar e pr o c ess e d el e ctr o ni c all y. T h e ar c hit e ct ur e us es

a n arr a y of 2 8 8 4f c orr el at ors t o p erf or m t h e c o n v ol uti o n o p er ati o ns i n p ar all el, c orr es p o n di n g

t o 9 6 k er n els f or e a c h of t h e t hr e e c ol o ur c h a n n els (r e d, gr e e n, a n d bl u e). T h es e 4f c orr el at ors

ar e i m pl e m e nt e d usi n g m et as urf a c e o pti cs t o cr e at e a c o m p a ct a n d ef fi ci e nt s yst e m. T h e

c orr el at ors c o nsist of t w o l e ns es of e q u al f o c al l e n gt h s p a c e d a p art b y 2 f , wit h i n p ut a n d

o ut p ut pl a n es at t h e f o c al p oi nts of t h e first a n d s e c o n d l e ns es. Si mil ar t o t h e w or k of C h a n g et

al. [1 ], t h e a ut h ors us e d a fi x e d p h as e m as k i n t h e F o uri er pl a n e.

T h e o pti c al fr o nt e n d is us e d wit h a m o di fi e d v ersi o n of Al e x N et, w hi c h t y pi c all y c o m-

pris es fi v e c o n v ol uti o n al l a y ers a n d t hr e e f ull y c o n n e ct e d l a y ers. I n t his h y bri d a p pr o a c h,

t h e first c o n v ol uti o n al l a y er is i m pl e m e nt e d o pti c all y, r e d u ci n g t h e n e e d f or m ulti pl e e n er g y-

i n ef fi ci e nt o pti c al- el e ctr o ni c si g n al c o n v ersi o ns. Si n c e t h e first l a y er is t h e m ost c o m p ut ati o n-

all y e x p e nsi v e, wit h a k er n el si z e of 1 1 × 1 1 , it is a d v a nt a g e o us t o us e o pti c al a c c el er ati o n

h er e. T h e r e m ai ni n g f o ur c o n v ol uti o n al l a y ers a n d t hr e e f ull y c o n n e ct e d l a y ers ar e r e alis e d

el e ctr o ni c all y. T h e a ut h ors c o n d u ct e d si m ul ati o ns r at h er t h a n usi n g r e al d e vi c es f or t h eir

st u d y. T his d esi g n w as b e n c h m ar k e d usi n g t h e K a g gl e C ats a n d D o gs d at as et, a c hi e vi n g a

cl assi fi c ati o n a c c ur a c y of 8 7. 1 %, w hi c h is c o m p ar a bl e t o t h e gr o u n d tr ut h a c c ur a c y of 8 7. 3 %

f or t h e f ull y el e ctr o ni c v ersi o n of t h e m o di fi e d Al e x N et. T h e st u d y d e m o nstr at es t h at t h e

h y bri d s yst e m m ai nt ai ns hi g h cl assi fi c ati o n a c c ur a c y w hil e off eri n g p ot e nti al a d v a nt a g es i n

pr o c essi n g s p e e d a n d e n er g y ef fi ci e n c y f or l ar g e i m a g e si z es d u e t o t h e p ar all elis m a n d l o w

l at e n c y of t h e o pti c al c o m p ut ati o ns.

2. 8. 3 A cti v e 4f o pti c al A c c el e r at o r

T o o v er c o m e t h e li mit ati o ns of p assi v e o pti cs, a n e w c at e g or y of o pti c al n e ur al n et w or k

ar c hit e ct ur es i n cl u d es a cti v e o pt o el e ctr o ni c d e vi c es f or hi g h-s p e e d r e c o n fi g ur a bilit y a n d

tr ai ni n g. T his a p pr o a c h us es D M Ds, w hi c h c o nt ai n milli o ns of i n di vi d u all y c o ntr oll a bl e

tilti n g mirr ors or li q ui d cr yst al S L Ms. D M Ds c a n m o d ul at e li g ht p att er ns at s p e e ds of t e ns
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of k H z, w hi c h is or d ers of m a g nit u d e f ast er t h a n li q ui d cr yst al S L Ms. C o n fi g ur e d i nt o 4f

o pti c al s yst e ms, D M Ds e n a bl e r a pi d a m plit u d e- o nl y o pti c al m ulti pli c ati o ns i n t h e F o uri er

d o m ai n f or o pti c al c o n v ol uti o n o p er ati o ns.

E v e n f ast er r e c o n fi g ur ati o n m a y b e p ossi bl e wit h a n al o g u e o pti c al d e vi c es. Pr ot ot y p e

a n al o g u e mi cr o mirr or arr a ys c a p a bl e of M H z t u ni n g s p e e ds h a v e b e e n d e v el o p e d. Wit h mil-

li o ns of mi cr o mirr ors, t h es e d e vi c es c o ul d p a v e t h e w a y t o w ar d f ull y o pti c al n e ur al n et w or k

tr ai ni n g at u n pr e c e d e nt e d s p e e ds. R es e ar c h h as s h o w n pr o mis e, a n d r a pi d i m pr o v e m e nts i n

mi cr o el e ctr o m e c h a ni c al s yst e ms ( M O E M S) a n d n a n o p h ot o ni c d e vi c es s u g g est c o nti n u e d

a d v a n c es [ 3 9 , 8 1 , 8 2 ].

I n t h e w or k of S c h ult z et al. [8 3 ], a 4f o pti c al c orr el at or w as e x pl or e d t o a c c el er at e

C N Ns. T h e a ut h ors i m pl e m e nt e d t h e 4f s yst e m wit h S L Ms a n d a c a m er a, d e m o nstr ati n g its

p ot e nti al t o p erf or m c o n v ol uti o ns o pti c all y. T h e y us e d a si m pl e ar c hit e ct ur e c o m prisi n g a

c o n v ol uti o n al l a y er wit h si xt e e n k er n els, f oll o w e d b y b at c h n or m alis ati o n, m a x p o oli n g, a

f ull y c o n n e ct e d l a y er, a n d R e L U a cti v ati o n. T h e a ut h ors tr ai n e d o nl y t h e p ositi v e h alf of

t h e k er n el, disr e g ar di n g a n y ps e u d o- n e g ati vit y m et h o ds, a n d als o tr ai n e d t h e k er n els i n t h e

F o uri er d o m ai n t o a v oi d c o n v ersi o ns i nt o t h e F o uri er d o m ai n d uri n g tr ai ni n g. A c hi e vi n g a

cl assi fi c ati o n a c c ur a c y of 9 1 % o n t h e M NI S T d at as et, t h e s yst e m hi g hli g ht e d t h e ef fi ci e n c y of

4f s yst e ms i n p ar all el pr o c essi n g, alt h o u g h t h er e w as a dr o p i n p erf or m a n c e c o m p ar e d t o t h e

r e g ul ar C N N’s a c c ur a c y of 9 8. 2 %. T h e us e of S L Ms all o w e d t h e d y n a mi c m o d ul ati o n of t h e

F o uri er pl a n e, e n a bli n g t h e i m pl e m e nt ati o n of diff er e nt k er n els wit h o ut p h ysi c al alt er ati o ns.

D ai et al. [8 4 ] pr o p os e d a n i n n o v ati v e o n- c hi p 4f s yst e m b as e d o n c o n c a v e mirr ors

t o i m pl e m e nt t h e F o uri er tr a nsf or m. Alt h o u g h i n t his t h esis, w e ass u m e a fr e e-s p a c e 4f

s yst e m, D ai et al. ’s w or k i m pl e m e nts t h e 4f s yst e m i n a n i n n o v ati v e m a n n er. T his s yst e m

p erf or ms o n- c hi p F o uri er tr a nsf or ms, usi n g et c h e d c o n c a v e mirr ors t o si m plif y c o nstr u cti o n,

r e d u c e c osts, a n d d e cr e as e t h e f o c al l e n gt h of t h e mirr ors t o 2 0 0 0 µ m . T h e st u d y si m ul at e d

c o n v ol uti o n o p er ati o ns o n d at as ets s u c h as Iris- Fl o w er, M NI S T, a n d F as hi o n- M NI S T, a c hi e v-

i n g cl assi fi c ati o n a c c ur a ci es of 9 6. 6 7 %, 9 5. 6 %, a n d 8 8. 8 %, r es p e cti v el y, c o m p ar e d t o t h e

el e ctr o ni c c o u nt er p arts’ 9 7. 3 %, 9 7. 9 %, a n d 8 9. 8 %. T h e o n- c hi p 4f s yst e m d e m o nstr at es

p erf or m a n c e c o m p ar a bl e t o el e ctr o ni c c o u nt er p arts, wit h p erf or m a n c e l oss es of 0. 6 3 %, 2. 3 %,

a n d 1 % f or Iris- Fl o w er, M NI S T, a n d F as hi o n- M NI S T, r es p e cti v el y.

Li et al. [7 ] a n al ys e d t h e p ar all elis m c a p a biliti es of t h e 4f s yst e m- b as e d o pti c al n e ur al

n et w or ks, c o nsi d eri n g a n a cti v e 4f s yst e m wit h t h e D M D i n t h e F o uri er pl a n e f or d y n a mi c

k er n el u p d at es. T h e a ut h ors us e d t h e ps e u d o- n e g ati v e a p pr o a c h i ntr o d u c e d b y [ 1 ], w h er e

t h e n u m b er of c o n v ol uti o n o p er ati o ns is d o u bl e d a n d t h e r es ults ar e s u btr a ct e d fr o m e a c h

ot h er t o e m ul at e n e g ati vit y i n t h e 4f s yst e m. T h e b est p erf or m a n c e r e p ort e d b y t h e a ut h ors

usi n g c h a n n el/ mi x e d tili n g, as d es cri b e d i n S e cti o n 2. 8. 4 , w as 9 3. 6 % f or F as hi o n M NI S T,
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9 5 % f or S V H N, a n d 9 1. 6 % f or CI F A R- 1 0, tr ai n e d o n V G G- 1 6. T h e a ut h ors di d n ot r e p ort

t h e p erf or m a n c e of r e g ul ar V G G- 1 6 wit h o ut t h e o pti c al s et u p, as t h e m ai n f o c us of t h e

w or k w as p ar all elis m. A c c or di n g t o ot h er st u di es, r e g ul ar V G G- 1 6 is c a p a bl e of cl assif yi n g

F as hi o n M NI S T wit h a n a c c ur a c y of 9 4 %[ 8 5 ], S V H N wit h a n a c c ur a c y of 9 7. 8 5 %[8 6 ], a n d

CI F A R- 1 0 wit h a n a c c ur a c y of 9 2. 0 5 %[ 8 7 ] or 9 3. 1 3 %[8 6 ].

G u pt a a n d Li [ 8 8 ] e x pl or e d ar c hit e ct ur al i m pr o v e m e nts f or 4f o pti c al n e ur al n et w or ks,

a d dr essi n g li mit ati o ns s u c h as p ositi v e s e ns or r e a d o ut a n d i nt e nsit y- o nl y m o d ul ati o n. T h e y

us e d t h e c h a n n el tili n g m et h o d t o e n h a n c e t hr o u g h p ut a n d pr e cisi o n wit h o ut a d diti o n al

o pti c al h ar d w ar e. T h eir e v al u ati o n s h o ws t h at a 4f s yst e m o p er ati n g at 2 M H z a n d 4 K

r es ol uti o n c a n o ut p erf or m a n N VI DI A G T X 2 0 8 0 G P U, a c hi e vi n g u p t o a 2 0-f ol d s p e e d u p

f or n et w or ks li k e Al e x N et a n d V G G wit h a l o w 8- bit pr e cisi o n r at e w h e n tr ai n e d o n I m a g e N et.

A c c or di n g t o t h e a ut h ors, a n 8. 4 5-f ol d a c c el er ati o n c a n b e a c hi e v e d a g ai nst t h e N VI DI A

G T X 2 0 8 0 o n V G G- 1 6 wit h CI F A R- 1 0 if c h a n n el tili n g is us e d wit h t h e 8- bit pr e cisi o n r at e.

T his hi g hli g hts t h e p ot e nti al of hi g h-s p e e d o pti c al m o d ul ati o n t e c h ni q u es t o si g ni fi c a ntl y

b o ost C N N p erf or m a n c e. M or e o v er, t h e a ut h ors i n di c at e t h at t h e ps e u d o- n e g ati v e a p pr o a c h

r e q uir e d at l e ast 1 2- bit c a m er a pr e cisi o n t o r e m ai n wit hi n a 5 % a c c ur a c y dr o p.

I n t h eir w or k, Mis c u gli o et al. [3 9 ] dis c uss e d t h e i m pl e m e nt ati o n of a n a m plit u d e- o nl y

F o uri er n e ur al n et w or k usi n g a 4 F s yst e m b as e d o n D M Ds. Usi n g hi g h-r es ol uti o n D M Ds

a n d fr e e-s p a c e o pti cs, t h e m et h o d p erf or ms c o n v ol uti o ns as pi x el- wis e m ulti pli c ati o ns i n t h e

F o uri er d o m ai n. T his e n a bl es t h e pr o c essi n g of l ar g e m atri c es ( a p pr o xi m at el y 1 0 0 0 × 1 0 0 0 )

i n a si n gl e ti m e st e p wit h a l at e n c y of 1 0 0 µ s a n d 8- bit pr e cisi o n. A d diti o n all y, it e m pl o y e d

b at c h (i n p ut) tili n g, pr o c essi n g u p t o 4 6 i m a g es si m ult a n e o usl y usi n g t h e s a m e k er n el t o

m a xi mis e t hr o u g h p ut. T h e a ut h ors us e d a D M D i n t h e F o uri er pl a n e t o d e m o nstr at e a

d y n a mi c c h a n g e of t h e k er n els, b ut us e d o nl y a si n gl e-l a y er e d C N N, f oll o w e d b y b at c h

n or m alis ati o n, m a x p o oli n g, a n d el e ctr o ni c li n e ar l a y ers.

T h e e x p eri m e nt al o pti c al s et u p, v ali d at e d t hr o u g h tr ai ni n g a C N N o n t h e M NI S T a n d

CI F A R- 1 0 d at as ets, a c hi e v e d a c c ur a ci es of 9 8 % a n d 5 4 %, r es p e cti v el y. I n c o ntr ast, t h e s p a c e-

d o m ai n c o n v ol uti o n (r e g ul ar C N N) a c hi e v e d a c c ur a ci es of 9 8 % a n d 6 3 %. C o nsi d eri n g t h at

M NI S T is a r el ati v el y si m pl e d at as et, it c a n b e ass u m e d t h at t h e hi g h a c c ur a c y is a c hi e v e d d u e

t o t h e el e ctr o ni c li n e ar l a y ers f oll o wi n g t h e F o uri er c o n v ol uti o n. T his w as m or e c h all e n gi n g

wit h CI F A R- 1 0, w h er e t h e o pti c al n e ur al n et w or k e x p eri e n c e d a 9 % l oss i n a c c ur a c y.

C h e n et al. [8 9 ] i ntr o d u c e d a m ultil a y er o pt o el e ctr o ni c h y bri d c o n v ol uti o n al n e ur al

n et w or k t h at e m pl o ys a n o pti c al r e c urr e nt str u ct ur e wit hi n a 4f s yst e m t o p erf or m c o n v ol uti o n

o p er ati o ns. T his s et u p us es a n S L M i n t h e F o uri er pl a n e t o d y n a mi c all y a dj ust t h e k er n els.

U nli k e pr e vi o us i m pl e m e nt ati o ns t h at o nl y p arti all y utilis e d o pti c al l a y ers, t his i n n o v ati o n

all o ws t h e e ntir e C N N t o b e pr o c ess e d o pti c all y. T h e a ut h ors e m pl o y e d t h e ps e u d o- n e g ati vit y
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m et h o d of C h a n g et al. [1 ] b y si m pl y s u btr a cti n g t h e o ut p uts of t w o c o n v ol uti o n o p er ati o ns i n

t h e el e ctr o ni c d o m ai n, f oll o w e d b y a cti v ati o n f u n cti o ns a n d p o oli n g, b ef or e fitti n g t h e r es ults

b a c k i nt o t h e 4f s yst e m f or f urt h er c o n v ol uti o n al l a y ers. T his r e c urr e nt str u ct ur e e n a bl es t h e

r e us e of o pti c al c o m p o n e nts a cr oss m ulti pl e l a y ers, t h er e b y e xt e n di n g t h e n et w or k’s d e pt h

wit h o ut t h e n e e d f or a d diti o n al h ar d w ar e, w hi c h is cr u ci al f or h a n dli n g c o m pl e x t as ks.

E x p eri m e nts w er e c o n d u ct e d o n a c ust o m C N N c o nsisti n g of t hr e e c o n v ol uti o n al l a y ers

wit h k er n el si z es of 7 × 7 a n d o ut p ut c h a n n els of 4, 4, a n d 8, r es p e cti v el y. T h e r es ulti n g

f e at ur e m a ps w er e t h e n s u bj e ct e d t o m a x- p o oli n g wit h a k er n el si z e of 2 × 2 , fl att e n e d, a n d fit

i nt o a f ull y c o n n e ct e d l a y er. T h e m o d el w as first t est e d el e ctr o ni c all y o n a gr a ys c al e CI F A R-

1 0 d at as et. T h e tr ai ni n g i n v ol v e d t h e A D A M o pti mis er [ 9 0 ] wit h 2 0 0 0 it er ati o ns a n d a s m all

l e ar ni n g r at e of 3 × 1 0 − 4 , r es ulti n g i n a t est a c c ur a c y of 4 9. 8 %. Alt h o u g h t h e p erf or m a n c e

s e e ms p o or, it s h o ul d b e n ot e d t h at t h e d at as et w as gr a ys c al e d a n d t h e m o d el c o nsist e d of

o nl y t hr e e l a y ers. I n t h e o pti c al e x p eri m e nts, a t est a c c ur a c y of 3 0 % w as a c hi e v e d. A c c or di n g

t o t h e a ut h ors, t h e g a p b et w e e n t h e o pti c al C N N a n d its el e ctr o ni c pr ot ot y p e is c a us e d b y

s yst e m n ois e a n d ali g n m e nt iss u es.

A n ot h er i nt er esti n g st u d y b y Li et al. [9 1 ] us e d t h e 4f a cti v e s yst e m p ur el y f or a u g m e nt a-

ti o n p ur p os es, wit h t h e S L Ms us e d at t h e i n p ut a n d i n t h e F o uri er pl a n e. T h e first m o d ul at or,

i n t h e o bj e ct pl a n e, m o d ul at e d t h e i m a g e usi n g st a n d ar d a u g m e nt ati o n m et h o ds s u c h as

tr a nsl ati o n, z o o m, a n d s h e ar. T h e S L M i n t h e F o uri er pl a n e w as us e d t o g e n er at e a r a n d o m

p h as e. T h e a ut h ors i m pl e m e nt e d a n d t est e d t h eir m et h o d o n t h e M NI S T d at as et, tr ai ni n g t h e

o pti c all y a u g m e nt e d d at a o n a t w o-l a y er e d C N N. T h e r es ults s h o w e d t h at i n c or p or ati n g t h e

pr o p os e d o pti c al a u g m e nt ati o n i n cr e as e d t h e cl assi fi c ati o n a c c ur a c y fr o m 9 3. 2 4 % ( wit h o ut

a u g m e nt ati o n) t o 9 7. 8 4 % w h e n c o m bi n e d wit h all a u g m e nt ati o n tr a nsf or m ati o ns.

I n s u m m ar y, i nt e gr ati n g a cti v e o pt o el e ctr o ni c d e vi c es li k e D M Ds a n d li q ui d cr yst al S L Ms

i nt o t h e f o uri er pl a n e of t h e 4f s yst e m e n h a n c es t h eir s p e e d a n d r e c o n fi g ur a bilit y. D M Ds, i n

p arti c ul ar, e n a bl e r a pi d o pti c al c o n v ol uti o ns i n 4 F s yst e ms. T h e d e v el o p m e nt of a n al o g u e

mi cr o mirr or arr a ys wit h M H z t u ni n g s p e e ds s u g g ests t h e p ot e nti al f or f ull y o pti c al n e ur al

n et w or k tr ai ni n g. R es e ar c h s h o ws t h at 4 F s yst e ms c a n eff e cti v el y a c c el er at e C N Ns, d e m o n-

str ati n g c o m p etiti v e p erf or m a n c e wit h s o m e tr a d e- offs i n a c c ur a c y. T h es e a d v a n c e m e nts

i n di c at e t h e p ossi bilit y of usi n g t h e 4 F s yst e m f or all l a y ers of C N Ns, p ot e nti all y r u n ni n g

e ntir e m o d els o n t h e 4 F s yst e m, es p e ci all y wit h t h e hi g h-s p e e d p ot e nti al of M O E M S a n d

ot h er n a n o p h ot o ni c d e vi c es.

2. 8. 4 Hi g h r es ol uti o n c a p a biliti es of 4f O pti c al N e u r al N et w o r ks

B ef or e g oi n g i nt o t h e a d a pt ati o n of t h e C N Ns f or t h e 4f s yst e m, it is i m p ort a nt t o g o t hr o u g h

t h e a d v a nt a g es a n d c o nstr ai nts of t h e s yst e m o n c e a g ai n. T h e a d v a nt a g es i n cl u d e t h e hi g h-
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s p e e d pr o c essi n g of t h e F o uri er tr a nsf or m ati o n, l o w p o w er c o ns u m pti o n a n d hi g h-r es ol uti o n

c a p a biliti es. W hil e t h e bi g g est c o nstr ai nt is t h e s p e e d of t h e c a m er as a n d t h e m o d ul at ors a n d

t h e i n c a p a bilit y of r e pr es e nti n g n e g ati v e n u m b ers. We h a v e m e nti o n e d t h at t h e n e g ati vit y

pr o bl e m c a n b e miti g at e d usi n g a ps e u d o- n e g ati v e a p pr o a c h, li k e i n t h e w or k of C h a n g et

al. [1 ], b y p erf or mi n g t w o c o n v ol uti o ns i nst e a d of o n e a n d s u btr a cti n g t h e r es ult of o n e fr o m

a n ot h er i n t h e el e ctr o ni c d o m ai n.

T o o v er c o m e t h e b ottl e n e c k of t h e c a m er a r e a d- o ut, w e c a n t a k e a d v a nt a g e of t h e hi g h-

r es ol uti o n c a p a biliti es a n d p ar all elis m. As t h e pri m ar y a d v a nt a g e of 4f fr e e-s p a c e o pti c al

n e ur al n et w or ks o v er t h e o n- c hi p sili c o n p h ot o ni cs m et h o d is t h at t h e 4f s yst e m e n a bl es

m assi v e p ar all elis m. T his all o ws t h e 4f s yst e m t o eff e cti v el y pr o c ess hi g h-r es ol uti o n i n p uts

a n d k er n els wit h o ut c o m pr o misi n g t h e fr a m e r at e. Si n c e t h e 4f s yst e m ef fi ci e ntl y pr o c ess es

hi g h-r es ol uti o n k er n els, it is f e asi bl e t o arr a n g e m ulti pl e s m all er k er n els t o g et h er i n o n e l ar g e

arr a y t o e x e c ut e s e v er al c o n v ol uti o ns si m ult a n e o usl y [ 9 1 ].

I n t h eir w or k, Li et al. [7 ] i ntr o d u c e s e v er al tili n g a p pr o a c h es t o t a k e a d v a nt a g e of

t h e p ar all elis m of t h e 4f s yst e m. T h e a ut h ors m e nti o n e d filt er tili n g, w hi c h w as i niti all y

i ntr o d u c e d b y C h a n g et al. [1 ]. It i n v ol v es tili n g k er n els i n o n e l ar g er bl o c k t o b e c o n v ol v e d

wit h o n e i n p ut i m a g e. T h e s yst e m c a n p erf or m m ulti pl e c o n v ol uti o n o p er ati o ns i n p ar all el

b y tili n g k er n els, v astl y i m pr o vi n g t hr o u g h p ut a n d ef fi ci e n c y. Ess e nti all y, it c o n v ol v e d

o n e i m a g e wit h s e v er al k er n els, w h er e t h e o ut p ut b e c o m es e q u al t o a n u m b er of 2 D filt er

til es. Filt er tili n g r e q uir es c ar ef ul c o nsi d er ati o n of t h e o pti c al s yst e m’s r es ol uti o n a n d k er n el

r es ol uti o ns a n d t h eir q u a ntit y. T h e m ai n t as k h er e is t o p a d t h e k er n els i n a w a y t h at aft er

tili n g t h e y d o n ot o v erl a p d uri n g t h e c o n v ol uti o n o p er ati o n.

T h e pr o c ess st arts wit h z er o p a d di n g of t h e k er n els t o a si z e of (M + N − 1 ) × (M + N − 1 ),

w h er e M × M r e pr es e nts t h e r es ol uti o n of t h e i n p ut a n d N × N d e n ot es t h e r es ol uti o n of t h e

k er n el. S u bs e q u e ntl y, t h es e p a d d e d k er n els ar e til e d i nt o o n e l ar g e k er n el bl o c k. At t his

st a g e, t h e i n p ut m ust als o b e p a d d e d t o t h e s a m e di m e nsi o ns as t h e k er n el bl o c k t o f a cilit at e

o pti c al c o n v ol uti o n. F oll o wi n g t his c o n v ol uti o n, t h e r es ult is a s et of til e d o ut p uts, e a c h

c orr es p o n di n g t o t h e c o n v ol uti o n of t h e i n p ut i m a g e wit h o n e of t h e i n di vi d u al k er n els wit hi n

t h e til e d arr a y ( S e e Fi g ur e 2. 8 ).

We h a v e t est e d t his m et h o d b y tr ai ni n g a s m all n et w or k c o nsisti n g of t w o c o n v ol uti o n al

l a y ers a n d o n e d e ns e l a y er o n t h e M NI S T d at as et. Si xt e e n k er n els w er e e xtr a ct e d fr o m

t h e first l a y er of t h e n et w or k, as s h o w n i n Fi g ur e 2. 9 . T h e i m a g e of t h e di git ’ 7’ fr o m t h e

M NI S T d at as et, w hi c h w as p a d d e d as i n Fi g ur e 2. 1 0 ( a), w as c o n v ol v e d wit h t h e e arli er

e xtr a ct e d k er n els. T h es e k er n els w er e als o p a d d e d a n d til e d i nt o o n e bl o c k, as ill ustr at e d i n

Fi g ur e 2. 1 0 ( b). T h e o ut p uts of t his e x a m pl e c a n b e s e e n i n Fi g ur e 2. 1 0 ( c), w hi c h dis pl a ys

1 6 o ut p ut i m a g es. E a c h i m a g e c orr es p o n ds t o t h e c o n v ol uti o n of t h e i n p ut wit h a r es p e cti v e
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Fi g. 2. 8 I m pl e m e nt ati o n of t h e c o n v ol uti o n al l a y e r i n o pti cs usi n g t h e k e r n el tili n g.
K er n els ar e first p a d d e d a n d til e d i nt o o n e bl o c k. C o ns e q u e ntl y, t h e i n p ut is p a d d e d t o t h e
r es ol uti o n e q u al t o t h e n e wl y til e d k er n el bl o c k. T h e o ut p ut of t h e c o n v ol uti o n of t h es e bl o c ks
will r es ult i n t h e c o n v ol uti o n of i n p ut wit h e a c h k er n el til e d i n t h e k er n el bl o c k.

k er n el i n t h e k er n el bl o c k. Wit h o ut t h e tili n g, all 1 6 c o n v ol uti o ns w o ul d h a v e t o b e p erf or m e d

s e q u e nti all y. T h us, t h e k er n el tili n g m et h o d, i n t his c as e, a c c el er at es t h e c o n v ol uti o n pr o c ess

b y a f a ct or of 1 6.

Si n c e t h e c o n v ol uti o n o p er ati o n is c o m m ut ati v e, t h e or d er of t h e o p er a n ds d o es n ot

m att er:

f ∗ g = g ∗ f

w h er e f a n d g ar e f u n cti o ns a n d ∗ d e n ot es c o n v ol uti o n.

Gi v e n t his pr o p ert y, w e c a n ass u m e t h at i n p uts c a n b e til e d si mil arl y t o t h e k er n els, as

s h o w n i n t h e pr e vi o us e x a m pl e. T his all o ws f or t h e i m pl e m e nt ati o n of b at c h tili n g f or i nf er-

e n c e, e n a bli n g s e v er al c o n v ol uti o ns t o b e p erf or m e d si m ult a n e o usl y wit h a l ar g e mi ni b at c h.

S u p p os e t h e b at c h si z e is e q u al t o 6 4, t h e n t h e i n p uts c a n b e til e d i nt o a "i n p ut bl o c k " of

8 × 8 a n d c o n v ol v e d wit h e a c h k er n el s e p ar at el y i n t h e n et w or k. I n t h e f oll o wi n g c h a pt ers

o n C N N- b as e d I m a g e Cl assi fi c ati o n 3 a n d S e g m e nt ati o n 4 , t his m et h o d of p ar all elis m is

ass u m e d.

A n ot h er w a y of p ar all elis m of t h e C N Ns wit h t h e 4f s yst e m is c h a n n el tili n g. C h a n n el

Tili n g ai ms t o us e t h e o pti c al s yst e m’s a bilit y t o s u m i n p uts a cr oss c h a n n els. T his m et h o d

eff e cti v el y us es e ntir e s p a c e o n b ot h m o d ul at ors, ess e nti all y t a ki n g f ull a d v a nt a g e of t h e
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Fi g. 2. 9 K e r n els f r o m t h e fi rst l a y e r of t h e M NI S T n e u r al n et w o r k us e d f o r t h e e x a m pl e
i n Fi g u r e 2. 1 0 . T h e k er n els ar e e xtr a ct e d fr o m t h e f ull y tr ai n e d c ust o m c o n v ol uti o n al n e ur al
n et w or ks fr o m s cr at c h f or d e m o nstr ati o n p ur p os es.

( a) ( b) ( c)

Fi g. 2. 1 0 E x p e ri m e nt al r es ults of t h e k e r n el tili n g t e c h ni q u e a p pli e d t o a n i n p ut c h a n n el
of M NI S T di git " 7 " a n d si xt e e n k e r n els e xt r a ct e d f r o m t h e m o d el t r ai n e d o n M NI S T.
( a) T h e i n p ut i m a g e p a d d e d t h e r es ol uti o n of t h e k er n el bl o c k ( b) K er n el bl o c k c o nt ai ni n g all
k er n els p a d d e d a n d til e d t o g et h er ( c) Til e d o ut p uts of t h e c o n v ol uti o n of t h e i n p ut i m a g e wit h
t h e c orr es p o n di n g k er n el fr o m t h e k er n el bl o c k, a c hi e v e d si m pl y wit h t h e c o n v ol uti o n of t h e
m atri x ( a) a n d ( b).
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Fi g. 2. 1 1 I m pl e m e nt ati o n of t h e c o n v ol uti o n al l a y e r i n o pti cs usi n g t h e c h a n n el tili n g.
C h a n n els first p a d d e d a n d til e d i nt o o n e bl o c k. K er n els of t h e p arti c ul ar o ut p ut ar e c o ns e-
q u e ntl y p a d d e d a n d til e d i n t h e l o c ati o ns c orr es p o n di n g t o t h eir i n p ut c h a n n els. T h e mi d dl e
pi ct ur e of t h e o ut p ut bl o c k, O 5 , is t h e s u m of t h e c o n v ol uti o ns of e a c h i n p ut c h a n n el wit h t h e
c orr es p o n di n g k er n el.

hi g h-r es ol uti o n c a p a biliti es of t h e d e vi c e. J ust li k e i n t h e k er n el tili n g, i n t his c as e b ot h

k er n els a n d c h a n n els ar e p a d d e d t o t h e (M + N − 1 ) × (M + N − 1 ), w h er e M × M r e pr es e nts

t h e r es ol uti o n of t h e i n p ut a n d N × N d e n ot es t h e r es ol uti o n of t h e k er n el. B ot h c h a n n els a n d

k er n els ar e til e d i nt o a c h a n n el a n d k er n el bl o c k a n d c o n v ol v e d.

T h e o ut p ut of t h e c o n v ol uti o n of b ot h bl o c ks will yi el d t h e bl o c k of o ut p uts wit h (2
√

N c −

1 ) × (2
√

N c − 1 ) o ut p uts, w h er e N c is t h e n u m b er of i n p ut c h a n n els. All o ut p uts ar e i n v ali d,

e x c e pt t h e o ut p ut i n t h e mi d dl e, w hi c h is t h e s u m m ati o n of t h e c o n v ol uti o n of e a c h i n p ut

c h a n n el wit h its c orr es p o n di n g k er n el (s e e Fi g ur e 2. 1 1 ). Si n c e t his m et h o d r et ur ns t h e

c o n v ol uti o n a n d t h e s u m m ati o n of t h e r es ults, it c a n b e a p pli e d t o t h e c h a n n el s u m m ati o n as

d es cri b e d i n t h e Fi g ur e 3. 5 .

T h e m et h o d h as b e e n t est e d, j ust li k e t h e k er n el tili n g, usi n g t h e w ei g hts of t h e M NI S T

n et w or k, as s h o w n i n Fi g ur e 2. 1 2 .

O n e of t h e dis a d v a nt a g es of t his m et h o d is t h at m ost of t h e pi x els i n t h e o ut p ut ar e us el ess

a n d m ust b e dis c ar d e d.

T h e t hir d a n d m ost ef fi ci e nt m et h o d of p ar all elisi n g t h e c o n v ol uti o n al l a y er i n t h e 4f

s yst e m is mi x e d tili n g. Mi x e d tili n g i n v ol v es c o m bi ni n g k er n el tili n g a n d c h a n n el tili n g i nt o

a si n gl e m et h o d, e ns uri n g f ull p ar all elis m of t h e e ntir e c o n v ol uti o n al l a y er. If t h e d e vi c e

r es ol uti o n p er mits, t h e e ntir e c o n v ol uti o n al l a y er c a n b e e x e c ut e d i n o n e i nf er e n c e t hr o u g h

t h e 4f s yst e m. T his a p pr o a c h g u ar a nt e es t h at t h e c o n v ol uti o n of all i n p ut c h a n n els wit h t h eir

c orr es p o n di n g k er n els is c o m pl et e d, a n d t h e r es ults ar e s u m m e d a cr oss t h e o ut p ut c h a n n els.

H o w e v er, i n pr a cti c e, t h e r es ol uti o n of t h e m o d ul at ors mi g ht n ot all o w all c h a n n els t o b e

til e d.
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Fi g. 2. 1 2 E x p e ri m e nt al r es ults of t h e c h a n n el tili n g t e c h ni q u e a p pli e d t o f o u r i n p ut
c h a n n els of M NI S T di git " 7 " as i n p ut a n d f o u r k e r n els c o r r es p o n di n g t o o n e o ut p ut
c h a n n el e xt r a ct e d f r o m t h e m o d el als o t r ai n e d o n M NI S T. T h e i n p ut i m a g e is p a d d e d a n d
til e d f o ur ti m es ( e a c h c orr es p o n di n g t o t h e k er n el). K er n els ar e als o p a d d e d a n d til e d i nt o
o n e k er n el bl o c k. C o n v ol uti o n h as b e e n p erf or m e d wit h b ot h bl o c ks, a n d t h e i m a g e i n t h e
mi d dl e of t h e o ut p ut is cr o p p e d o ut. T h e cr o p p e d- o ut i m a g e is t h e s u m of t h e c o n v ol uti o ns of
i n p uts wit h 4 k er n els.

I n t h e mi x tili n g m et h o d, t h e i n p uts a n d k er n els ar e p a d d e d t o (M + N − 1 ) × (M + N − 1 )

a n d til e d h ori z o nt all y. Si mil arl y, t h e k er n els ar e p a d d e d t o (M + N − 1 ) × (M + N − 1 ) a n d

til e d i n b ot h x a n d y di m e nsi o ns, w h er e e a c h r o w c orr es p o n ds t o t h e o ut p ut c h a n n el. T h e

o ut p ut bl o c k, si mil ar t o t h e c h a n n el tili n g, h as i n v ali d r e gi o ns of u n n e c ess ar y c o n v ol uti o ns.

T h e v ali d o ut p uts ar e pr es e nt i n t h e mi d dl e of e a c h r o w of t h e o ut p ut bl o c k.

T h e mi x tili n g m et h o d h as b e e n t est e d wit h M NI S T w ei g hts, as s h o w n i n t h e Fi g ur e 2. 1 4 .

U nli k e t h e r e al-lif e s c e n ari o, t h e s a m e i n p ut i m a g e w as us e d f o ur ti m es t o e m ul at e diff er e nt

c h a n n els, si mil ar t o w h at h as b e e n us e d i n c h a n n el tili n g. K er n els ar e til e d i n a m a n n er

si mil ar t o k er n el tili n g; h o w e v er, i n t his c as e, t h e r o ws c orr es p o n d t o t h e disti n ct o ut p ut

c h a n n els. Aft er t h e i n p ut bl o c k is p a d d e d t o t h e s a m e r es ol uti o n as t h e k er n el bl o c k, t h e

o ut p ut’s mi d dl e c ol u m n is e xtr a ct e d as t h e v al u es of t h e n e w o ut p ut f e at ur e m a p t e ns or.

2. 8. 5 O pti c al Tr a nsf o r m e rs

R e g ar dl ess of t h e Vi Ts b ei n g a n e w fi el d i n D e e p L e ar ni n g, r e c e ntl y, X u et al. [5 ] h a v e

e m pl o y e d a fr e e-s p a c e o pti c al s et u p t o a c c el er at e Vi Ts, i ntr o d u ci n g a n i n n o v ati v e O ptr o ni c

Visi o n Tr a nsf or m er ( O P Vi T) ar c hit e ct ur e. T his s et u p, as ill ustr at e d i n Fi g ur e 2. 1 5 , c o m bi n es

t h e pri n ci pl es of o pti c al c o m p uti n g wit h t h e Tr a nsf or m er m o d el. It is a d e di c at e d s et u p

d esi g n e d s p e ci fi c all y f or t h e i m pl e m e nt ati o n of Vi Ts usi n g o pti c al t e c h n ol o g y.
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Fig. 2.13 Implementation of the convolutional layer in optics using mix tiling. All input
channels are tiled horizontally in the middle of the input block. Kernels corresponding to the
same output channel are tiled horizontally. In the output block, the output matrices in the
middle of each row correspond to the output of the convolutional layer, which is the sum of
the convolution of the input channel with its corresponding kernel and summation.

Fig. 2.14 Experimental results of the mix tiling technique applied to a four-input-channel,
four-output-channel convolutional layer, using the MNIST digit "7" as input. Sixteen
2D kernels were extracted from a custom convolutional neural network trained on the MNIST
dataset and were tiled in the kernel block to produce four output channels. The resulting
block contains 28 output images, with only four images in the middle column falling within
the valid region, which can be cropped and used as an output of the convolutional layer.
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Fi g. 2. 1 5 O pti c al Visi o n Tr a nsf o r m e r h a r d w a r e a r c hit e ct u r e as p e r X u et al. [5 ]. T h e
l eft p art of t h e s et u p p erf or ms t h e Tr a nsf or m er p at h, w h er e S L Ms ar e us e d f or t h e m atri x
m ulti pli c ati o n a n d l e ns es t o si m ul at e t h e s u m m ati o n w hil e d e m a g nif yi n g t h e r a y. T h e ri g ht
si d e of t h e s et u p is a st a n d ar d 4f s yst e m us e d f or t h e cl assi fi c ati o n.

T h e o pti c al s et u p i n Fi g ur e 2. 1 5 c o nsists of t w o m ai n p arts: t h e Tr a nsf or m er E n c o d er a n d

t h e Cl assi fi er. T h e pr o c ess wit hi n t h e e n c o d er b e gi ns wit h S L M 1, w h er e t h e i n p ut i m a g e is

l o a d e d. T his i n p ut i m a g e is di vi d e d i nt o s m all er p at c h es, w hi c h ar e t h e n til e d a n d dis pl a y e d o n

S L M 1. T his tili n g is cr u ci al f or e n a bli n g p ar all el pr o c essi n g d uri n g t h e m atri x m ulti pli c ati o n

o p er ati o ns t h at f oll o w. C o n c urr e ntl y, t h e c orr es p o n di n g w ei g ht m atri c es W q ,W k , a n d W v ar e

l o a d e d o nt o S L M 2. Aft er t h e i n p ut i m a g e p at c h es ar e dis pl a y e d o n S L M 1 a n d t h e w ei g ht

m atri c es o n S L M 2, t h e li g ht p ass es t hr o u g h a s eri es of l e ns es ( L 1 a n d L 2), w hi c h f o c us a n d

s u m t h e li g ht. T his o pti c al s u m m ati o n is e q ui v al e nt t o t h e m atri x m ulti pli c ati o n n e e d e d t o

c o m p ut e t h e q u eri es, k e ys, a n d v al u es. T h e r es ult is c a pt ur e d b y a s e ns or (s C M O S 1) as Q, K,

a n d V.

Si mil ar t o a r e g ul ar att e nti o n l a y er, Q a n d K ar e us e d t o c al c ul at e t h e att e nti o n s c or es.

T h e m atri c es Q a n d K ar e m ulti pli e d, a n d t h e r es ulti n g pr o d u ct is p ass e d t hr o u g h a n ot h er

s et of l e ns es ( L 3 a n d L 4) f or s u m m ati o n. T h e att e nti o n- w ei g ht e d v al u es ar e t h e n pr o c ess e d

usi n g S L M 3, w h er e a tr ai n e d m atri x is a p pli e d t o pr e p ar e t h e e n c o d e d i m a g e f or t h e fi n al

5 2



cl assi fi c ati o n st a g e. Fi n all y, t h e a ut h ors us e d t h e 4f s yst e m c o n v ol uti o n f or t h e cl assi fi c ati o n

h e a d, w hi c h h a p p e ns i n t h e S L M 4 a n d is r e a d wit h t h e C M O S 4 c a m er a.

Fr o m a d e e p l e ar ni n g p ers p e cti v e, t h e O P Vi T i nt e gr at es t h e Tr a nsf or m er m o d el’s s elf-

att e nti o n m e c h a nis m i nt o a n o pti c al fr a m e w or k. T h e ar c hit e ct ur e us es o nl y o n e l a y er of

s elf- att e nti o n wit h si n gl e- h e a d att e nti o n, w hi c h is si g ni fi c a nt b e c a us e Tr a nsf or m ers t y pi c all y

r el y o n m ulti- h e a d att e nti o n f or c a pt uri n g di v ers e as p e cts of t h e i n p ut d at a. F or cl assi fi c ati o n,

t h e ar c hit e ct ur e r e q uir es o nl y t w o t o t hr e e l a y ers of o pti c al c o n v ol uti o n, d e p e n di n g o n t h e

c o m pl e xit y of t h e d at as et.

T h e O P Vi T w as e v al u at e d o n t w o st a n d ar d i m a g e cl assi fi c ati o n b e n c h m ar ks: t h e M NI S T

a n d F as hi o n- M NI S T d at as ets. It a c hi e v e d a c c ur a c y r at es of 9 8. 7 0 % o n M NI S T a n d 8 8. 9 3 %

o n F as hi o n- M NI S T. Alt h o u g h t h e r es ults ar e i m pr essi v el y g o o d, t h e M NI S T d at as et c a n

b e cl assi fi e d wit h S V M u p t o 9 4. 0 0 5 %, wit h M L P of si x l a y ers u p t o 9 8. 8 5 % a n d t w o-

l a y er e d C N N wit h t est a c c ur a c y of 9 9. 3 1 % [9 2 ]. U nf ort u n at el y, t h er e w er e n o att e nti o n s c or e

vis u alis ati o ns t o pr o v e t h e c o n c e pt of att e nti o n l e ar ni n g.

N e v ert h el ess, t h e a ut h ors d e m o nstr at e d t h e first- e v er e x p eri m e nt al i m pl e m e nt ati o n of t h e

att e nti o n m e c h a nis m i n fr e e-s p a c e o pti cs. T h e y esti m at e d t h e s yst e m’s l at e n c y, hi g hli g hti n g

t h at t h e pri m ar y d el a ys aris e fr o m si g n al tr a ns d u cti o n ti m es, s u c h as t h e l o a di n g ti m e of

S L Ms a n d t h e d el a y i n i m a g e d et e cti o n b y hi g h-s p e e d c a m er as. C o nsi d eri n g t h es e f a ct ors,

t h e y s u g g est t h at t h e r e alisti c cl o c k s p e e d f or t h e O P Vi T s yst e m w o ul d b e a p pr o xi m at el y 7 0

H z.

T h e a ut h ors e m p h asis e t h e e n er g y ef fi ci e n c y of t h e O P Vi T s yst e m, st ati n g t h at it a c hi e v es

1 .7 6 × 1 0 1 2 F L O Ps/J, w hi c h is si g ni fi c a ntl y m or e ef fi ci e nt t h a n c urr e nt di git al d e vi c es,

t y pi c all y ar o u n d 1 09 F L O Ps/J.

2. 9 D at as ets

2. 9. 1 CI F A R- 1 0 0

T h e CI F A R- 1 0 0 ( C a n a di a n I nstit ut e F or A d v a n c e d R es e ar c h) [ 5 9 ] d at as et is us e d t o e v al u at e

t h e cl assi fi c ati o n m o d els i n t his st u d y. T h e d at as et is a w ell- est a blis h e d, wi d el y- us e d r es o ur c e

f or m a c hi n e l e ar ni n g a n d c o m p ut er visi o n r es e ar c h. It c o m pris es a c oll e cti o n of 6 0, 0 0 0

c ol o ur i m a g es e v e nl y distri b ut e d a cr oss 1 0 0 disti n ct cl ass es. E a c h of t h es e cl ass es r e pr es e nts

diff er e nt o bj e cts, a ni m als, a n d t y p es of v e hi cl es a n d pl a nts, a m o n g ot h ers ( S e e Fi g ur e 2. 1 6 ).

E v er y cl ass i n t h e CI F A R- 1 0 0 d at as et c o nt ai ns 6 0 0 i n di vi d u al i m a g es wit h a l o w r es ol u-

ti o n of 3 2 × 3 2 . F urt h er m or e, t h e d at as et is s plit i nt o a tr ai ni n g s et of 5 0, 0 0 0 i m a g es ( 5 0 0 p er
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Fi g. 2. 1 6 S u bs et of CI F A R- 1 0 0 d at as et. C ol o ur e d i m a g es of v ari os o bj e cts, a ni m als,
v e hi cl es a n d ot h er 1 0 0 cl ass es, wit h t h e r es ol uti o n of 3 2 × 3 2

cl ass), a n d a t est s et of 1 0, 0 0 0 i m a g es ( 1 0 0 p er cl ass), pr o vi di n g a r o b ust fr a m e w or k f or b ot h

m o d el tr ai ni n g a n d e v al u ati o n [ 2 7 ].

A n a d diti o n al u ni q u e as p e ct of t h e CI F A R- 1 0 0 d at as et is its hi er ar c hi c al l a b el str u ct ur e.

T h e 1 0 0 cl ass es (r ef err e d t o as ’ fi n e’ cl ass es) ar e gr o u p e d i nt o 2 0 ’ c o ars e’ cl ass es or s u p er-

cl ass es. E a c h c o ars e cl ass c o nt ai ns fi v e fi n e cl ass es. F or e x a m pl e, a ’ c o ars e’ cl ass m a y b e

’ a q u ati c m a m m als’, wit hi n w hi c h w o ul d e xist ’ fi n e’ cl ass es s u c h as ’ b e a v ers’, ’ d ol p hi ns’,

’ ott ers’, ’s e als’, a n d ’ w h al es’. T h e list of c o ars e cl ass es a n d fi n e cl ass es is s h o w n i n Ta bl e 2. 4 .

T his off ers r es e ar c h ers t h e a bilit y t o e x a mi n e m o d el p erf or m a n c e o n diff er e nt l e v els of cl ass

gr a n ul arit y. O n t h e ot h er h a n d, t h e si mil arit y of fi n e cl ass es u n d er t h e s a m e c o ars e cl ass i n

CI F A R- 1 0 0 m a k es it h ar d er t o tr ai n.

Alt h o u g h CI F A R- 1 0 0 is a c h all e n gi n g d at as et f or m o d el e v al u ati o n, t his w as n ot t h e o nl y

r e as o n it w as c h os e n f or t his r es e ar c h. T h e d esi g n of t h e F at N et m o d els, as d es cri b e d i n

S e cti o n 3. 2. 1 , m a k es t h e m m or e ef fi ci e nt f or d at as ets wit h a l ar g e n u m b er of cl ass es, s u c h

as t h e 1 0 0 cl ass es i n c as e of CI F A R- 1 0 0. A d diti o n all y, F at N et m o d els h a v e t h e p ot e nti al t o

w or k m or e ef fi ci e ntl y wit h hi g h er-r es ol uti o n i m a g es. H o w e v er, si m ul ati n g li g ht pr o p a g ati o n

r e q uir es a si g ni fi c a nt a m o u nt of G P U m e m or y. M or e o v er, F at N ets ar e n ot o pti mis e d f or G P U

a c c el er ati o n, r es ulti n g i n l o n g er tr ai ni n g ti m es c o m p ar e d t o t h e ori gi n al n et w or ks. T his is

w h y I m a g e N et, d es pit e b ei n g a n o b vi o us c h oi c e f or F at N et, w as n ot us e d i n o ur e x p eri m e nts.
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Table 2.4 Classes and Superclasses in CIFAR-100 dataset.

Superclass Classes

aquatic mammals beaver, dolphin, otter, seal, whale

fish aquarium fish, flatfish, ray, shark, trout

flowers orchids, poppies, roses, sunflowers, tulips

food containers bottles, bowls, cans, cups, plates

fruit and vegetables apples, mushrooms, oranges, pears, sweet peppers

household electrical devices clock, computer keyboard, lamp, telephone, television

household furniture bed, chair, couch, table, wardrobe

insects bee, beetle, butterfly, caterpillar, cockroach

large carnivores bear, leopard, lion, tiger, wolf

large man-made outdoor things bridge, castle, house, road, skyscraper

large natural outdoor scenes cloud, forest, mountain, plain, sea

large omnivores and herbivores camel, cattle, chimpanzee, elephant, kangaroo

medium-sized mammals fox, porcupine, possum, raccoon, skunk

non-insect invertebrates crab, lobster, snail, spider, worm

people baby, boy, girl, man, woman

reptiles crocodile, dinosaur, lizard, snake, turtle

small mammals hamster, mouse, rabbit, shrew, squirrel

trees maple, oak, palm, pine, willow

vehicles 1 bicycle, bus, motorcycle, pickup truck, train

vehicles 2 lawn-mower, rocket, streetcar, tank, tractor
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Ta bl e 2. 5 Mi z us a w a et al. b as eli n e p erf or m a n c e of CI F A R- 1 0 0 o n diff er e nt m o d els

V G G 1 1 V G G 1 9 R es N et- 2 0 R es N et 1 1 0  Vi T

6 7. 1 0 7 0. 2 1 6 4. 0 9 6 6. 7 1 6 0. 8 4

I n c o ntr ast, CI F A R- 1 0 0 is a l o w-r es ol uti o n d at as et wit h a r el ati v el y l ar g e n u m b er of cl ass es,

m a ki n g it a n i d e al c h oi c e f or t his w or k.

2. 9. 2 Cl assi fi c ati o n of CI F A R- 1 0 0 d at as et

T h e CI F A R- 1 0 0 d at as et is o n e of s e v er al k e y b e n c h m ar ks us e d t o e v al u at e t h e p erf or m a n c e

of n e ur al n et w or ks o m i m a g e cl assi fi c ati o n t as ks. C o m prisi n g i m a g es a cr oss 1 0 0 c at e g ori es,

e a c h at a r es ol uti o n of 3 2 × 3 2 a n d i n cl u di n g 6 0 0 i nst a n c es p er cl ass, t his d at as et off ers a

c o m pr e h e nsi v e t est of t h e fl e xi bilit y a n d r o b ust n ess of v ari o us d e e p l e ar ni n g m o d els. A n

i n- d e pt h o v er vi e w of t h e d at as et is dis c uss e d i n S e cti o n 2. 9. 1 . Gi v e n its e n h a n c e d c o m pl e xit y

a n d l ar g er v ari et y of cl ass es c o m p ar e d t o CI F A R- 1 0, CI F A R- 1 0 0 s er v es as a n e x c ell e nt

b e n c h m ar k i n i m a g e cl assi fi c ati o n t e c h n ol o gi es. T his s e cti o n d es cri b es a n d a n al ys es t h e

p erf or m a n c e of pr e vi o usl y p u blis h e d n e ur al n et w or k m o d els o n CI F A R- 1 0 0, pr o vi di n g

i nsi g hts i nt o t h e b e n e fits a n d li mit ati o ns of t h e st at e- of-t h e- art m et h o ds.

T o e ns ur e a f air e v al u ati o n c o nsist e nt wit h t h e m et h o d ol o gi es dis c uss e d i n t his t h esis, t h e

a n al ysis f o c us es pri m aril y o n tr a diti o n al tr ai ni n g a p pr o a c h es, r at h er t h a n o n fi n e-t u ni n g or

t h e a p pli c ati o n of tr a nsf er l e ar ni n g t e c h ni q u es.

I n r e c e nt y e ars, si g ni fi c a nt stri d es h a v e b e e n m a d e t o i m pr o v e t h e cl assi fi c ati o n a c c ur a c y

of m o d els tr ai n e d o n t h e CI F A R- 1 0 0 d at as et b y e m pl o yi n g a d v a n c e d a u g m e nt ati o n a n d

r e g ul aris ati o n t e c h ni q u es. T h es e str at e gi es ai m t o miti g at e c o m m o n iss u es s u c h as o v er fitti n g

a n d t h e v a nis hi n g gr a di e nt pr o bl e m, p arti c ul arl y i n d e e p c o n v ol uti o n al n e ur al n et w or ks.

Mi z us a w a et al. ’s [9 3 ] r es e ar c h o n i nt erl a y er a u g m e nt ati o n d e m o nstr at es a s o p histi c at e d

a p pr o a c h t o d at a a u g m e nt ati o n t h at m a ni p ul at es d at a b et w e e n n et w or k l a y ers. T his m et h o d,

i n v ol vi n g t e c h ni q u es k n o w n as B at c h G e n er ali z ati o n ( B G) a n d R a n d o m B at c h G e n er ali z ati o n

( R B G), w as a p pli e d a cr oss v ari o us n et w or k ar c hit e ct ur es R es N et, V G G a n d Vi T l e a di n g t o

a n a v er a g e i m pr o v e m e nt i n CI F A R- 1 0 0 cl assi fi c ati o n a c c ur a c y b y u p t o 1. 0 7 % f or R B G a n d

0. 3 0 % f or B G c o m p ar e d t o b as eli n e m o d els. F or t h e p ur p os e of t his pr oj e ct, w e ar e i nt er est e d

i n t h e b as eli n e m o d els, p erf or m a n c e of w hi c h ar e gi v e n i n t h e t a bl e b el o w

T h e a ut h ors dis c uss e d t h e us e of s e v er al a u g m e nt ati o n t e c h ni q u es, s u c h as c ut mi x, mi x u p,

s hift, r a n d o m fli ps, a n d f e at ur e s p a c e a u g m e nt ati o n. Fr o m Ta bl e 2. 5 , it c a n b e s e e n t h at t h e

i m pr o v e m e nts wit h t h e l ar g er m o d els ar e n ot a bl e c o m p ar e d t o s m all er m o d els, b ut t h e Vi T
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p erf or m e d si g ni fi c a ntl y w ors e t h a n t h e C N Ns. T his c a n b e si m pl y j usti fi e d, as dis c uss e d

e arli er, b e c a us e Vi T is n ot p o w erf ul o n s m all d at as ets b ut is e xtr e m el y ef fi ci e nt w h e n tr ai n e d

o n l ar g er d at as ets a n d fi n e-t u n e d o n s m all d at as ets li k e CI F A R- 1 0 0.

S h a h et al. ’s [9 4 ] m o di fi c ati o n of t h e R es N et- 1 1 0 ar c hit e ct ur e, w hi c h i nt e gr at es E x p o-

n e nti al Li n e ar U nits ( E L U) [ 9 5 ] i nst e a d of t h e c o n v e nti o n al R e L U a cti v ati o n f u n cti o ns, h as

s h o w n pr o misi n g r es ults. T his m o di fi c ati o n miti g at es t h e v a nis hi n g gr a di e nt pr o bl e m a n d

t h e di mi nis hi n g f e at ur e r e us e, iss u es t h at ar e pr o n o u n c e d i n v er y d e e p c o n v ol uti o n al n e ur al

n et w or ks. S h a h’s n et w or k all o ws s m all n e g ati v e o ut p uts a n d s hifts m e a n a cti v ati o ns cl os er

t o z er o, t h er e b y r e d u ci n g t h e bi as s hift c o m m o nl y o bs er v e d wit h R e L Us a n d s p e e di n g u p

t h e l e ar ni n g pr o c ess. T h e a ut h ors h a v e d e m o nstr at e d t h at b y r e pl a ci n g R e L U wit h E L U,

t h e n et w or k b e n e fits fr o m f ast er l e ar ni n g s p e e ds a n d i m pr o v e d a c c ur a c y as t h e n et w or k

d e pt h i n cr e as es. T his m o di fi c ati o n l e d t o a n i m pr o v e m e nt i n t est a c c ur a c y, a c hi e vi n g a

n e w st at e- of-t h e- art p erf or m a n c e wit h a 7 3. 4 5 % err or r at e o n CI F A R- 1 0 0, s ur p assi n g t h e

tr a diti o n al R es N et- 1 1 0’s 7 2. 7 7 % t est a c c ur a c y.

I n t h eir r es e ar c h, C h e n et al. [9 6 ] als o us es t h e CI F A R- 1 0 0 d at as et t o e v al u at e t h eir

pr o p os e d m et h o d, C C Pr u n e. T his w or k ai ms t o b uil d o n pr e vi o us m et h o ds, s u c h as t h os e

i ntr o d u c e d b y Li et al. [9 7 ], w hi c h pri m aril y f o c us e d o n e v al u ati n g t h e i m p ort a n c e of c h a n n els

b as e d o n si n gl e-l a y er d at a. B y i nt e gr ati n g b ot h t h e c o n v ol uti o n l a y er w ei g hts a n d t h e B at c h

N or m alis ati o n l a y er s c ali n g f a ct ors, C C Pr u n e all o ws f or a m or e c o m pr e h e nsi v e ass ess m e nt

of c h a n n el i m p ort a n c e, e ns uri n g t h at i nt er d e p e n d e n ci es b et w e e n l a y ers ar e c o nsi d er e d i n t h e

pr u ni n g pr o c ess.

T h eir a p pli c ati o n of C C Pr u n e o n CI F A R- 1 0 0 usi n g t h e R es n et- 5 0 ar c hit e ct ur e d e m o n-

str at e d its eff e cti v e n ess i n si g ni fi c a ntl y r e d u ci n g c o m p ut ati o n al d e m a n ds —s p e ci fi c all y, a

r e d u cti o n i n F L O Ps b y 6 5. 2 5 % — w hil e m ai nt ai ni n g n e arl y t h e s a m e l e v el of a c c ur a c y, wit h

o nl y a sli g ht d e cr e as e fr o m 7 7. 7 2 % t o 7 7. 7 4 %. I n t h e s a m e w or k b y pr u ni n g t h e R es N et- 2 0,

t h e F L O Ps w er e r e d u c e d b y 5 3. 6 5 %, w hil e a c c ur a c y dr o p p e d fr o m 6 8. 6 7 % t o 6 7. 5 7 %.

2. 9. 3 O xf o r d-III T P et

T h e O xf or d-III T P et d at as et [ 9 8 , 2 8 ], d e v el o p e d b y t h e Vis u al G e o m etr y Gr o u p, c o nt ai ns

7, 3 5 9 i m a g es of p ets ( c ats a n d d o gs) s pr e a d a cr oss 3 7 diff er e nt br e e d c at e g ori es, wit h e a c h

c at e g or y r o u g hl y c o m prisi n g 2 0 0 i m a g es. It w as cr e at e d f or fi n e- gr ai n e d i m a g e cl assi fi c ati o n,

s e g m e nt ati o n a n d o bj e ct d et e cti o n t as ks, f e at uri n g i m a g es of c ats a n d d o gs. Its pri m ar y ai m

is t o f a cilit at e al g orit h ms c a p a bl e of disti n g uis hi n g b et w e e n diff er e nt br e e ds of c ats a n d d o gs.

T h e d at as et is c h ar a ct eris e d b y its di v ersit y, f e at uri n g si g ni fi c a nt v ari ati o ns i n s c al e, p os e,

s c e n e a n d li g hti n g c o n diti o ns a cr oss t h e i m a g es. E a c h i m a g e i n t h e d at as et is l a b ell e d b y br e e d

i d e nti fi c ati o n, h e a d r e gi o n of i nt er est ( R OI), a n d t h e s e g m e nt ati o n m as k ( S e e Fi g ur e 2. 1 7 ).
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Fi g. 2. 1 7 S u bs et of t h e O xf o r d III T p ets d at as et wit h g r o u n d t r ut h s e g m e nt ati o n m as ks.
T his is o n e of t h e t hr e e t y p es of l a b els t h at c o m e wit h t h e d at as et, i n cl u di n g s e g m e nt ati o n
m as k, R OI ( b o u n di n g b o x), a n d br e e d cl ass es.

Gi v e n t h at w e us e d t h e d at as et i n o ur r es e ar c h f or s e g m e nt ati o n p ur p os es, t h e br e e d

cl ass es pr o vi d e d b y t h e d at as et ar e n ot o ur m ai n c o n c er n. I nst e a d, o ur pri orit y li es i n t h e

s e g m e nt ati o n t as ks t h at disti n g uis h p ets fr o m t h eir b a c k gr o u n ds.

T his d at as et w as c h os e n f or s e v er al r e as o ns. Its di v ersit y f a cilit at es t h e e v al u ati o n of

s e g m e nt ati o n m o d els a cr oss a br o a d r a n g e of o bj e ct s h a p es, si z es, a n d t e xt ur es. A d diti o n all y,

t h e d at as et pr o vi d es a g o o d b al a n c e b et w e e n diff er e nt br e e ds a n d i n cl u d es a wi d e r a n g e of

b a c k gr o u n ds, m a ki n g it i d e al f or t esti n g m o d el g e n er alis ati o n. T h e O xf or d-III T P et d at as et is

wi d el y us e d i n t h e r es e ar c h c o m m u nit y, off eri n g b e n c h m ar k r es ults t h at c a n b e c o m p ar e d

a cr oss st u di es ( S e e S e cti o n 2. 9. 5 ).

W hil e m or e c o m pl e x d at as ets s u c h as P as c al V O C or C O C O c o ul d b e e m pl o y e d, t h e

O xf or d-III T P et d at as et s er v e d as t h e pri m ar y e v al u ati o n m et h o d i n t his w or k b ef or e tr ai ni n g

o n a r e al-lif e d at as et: H e L a c a n c er c ell n u cl e us s e g m e nt ati o n. U nli k e P as c al V O C a n d

C O C O, w hi c h ar e l ar g er a n d m or e c o m pl e x, t h e O xf or d-III T P et d at as et is m or e m a n a g e a bl e

i n t er ms of m e m or y a n d c o m p ut ati o n al r e q uir e m e nts f or t h e F at N et m o d els a n d is s uf fi ci e nt

t o pr o v e t h e c o n c e pt b ef or e m o vi n g t o H e L a n u cl e us s e g m e nt ati o n.
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2. 9. 4 H e L a c ells

Si n c e t h e O xf or d-III T P et d at as et w as alr e a d y b ei n g us e d f or t h e e v al u ati o n of t h e s e g m e n-

t ati o n m o d els i n t his w or k, t h e s e c o n d d at as et w as c h os e n s u c h t h at it w o ul d h a v e a dir e ct

r e al-lif e a p pli c ati o n.

I n 1 9 5 1, bi o m e di c al r es e ar c h dis c o v er e d t h e first i m m ort al h u m a n c ell li n e s o ur c e d

fr o m t h e c er vi c al c a n c er c ells of H e nri ett a L a c ks. T his c ell li n e, k n o w n as " H e L a " t o d a y,

e x hi bit e d a n u n pr e c e d e nt e d a bilit y t o gr o w a n d di vi d e o utsi d e t h e h u m a n b o d y. T h es e

c ells h a v e b e e n e xt e nsi v el y us e d i n a r a n g e of st u di es, i n cl u di n g t h os e o n c a n c er [ 9 9 – 1 0 1 ],

t o x o pl as m osis [1 0 2 – 1 0 4 ], r a di ati o n [1 0 5 – 1 0 7 ] a n d AI D S [1 0 8 – 1 1 0 ].

Wit hi n c a n c er r es e ar c h, a f o c al p oi nt is t h e e x a mi n ati o n of c ell distri b uti o n, f or m, a n d

d et ail e d tr aits, i n cl u di n g as p e cts li k e t h e n u cl e ar e n v el o p e ( N E) a n d pl as m a m e m br a n e.

T his p arti c ul ar H e L a c ells d at as et us e d i n t his r es e ar c h w as pr e p ar e d a n d e m b e d d e d

i n D ur c u p a n f or o bs er v ati o n wit h s eri al bl o c k f a c e s c a n ni n g el e ctr o n mi cr os c o p y ( S B F

S E M) f oll o wi n g t h e pr ot o c ol of t h e N ati o n al C e nt er f or Mi cr os c o p y a n d I m a gi n g R es e ar c h

( N C MI R). T h e i m a g es w er e a c q uir e d usi n g a G at a n 3 Vi e w 2 X P S B F S E M att a c h e d t o a Z eiss

Si g m a V P S E M. T h e v o x el si z e w as 1 0 × 1 0 × 5 0 n m wit h i nt e nsit y v al u es i n t h e r a n g e of

0- 2 5 5. I n t ot al, 5 1 8 sli c es of 8 1 9 2 × 8 1 9 2 pi x els w er e a c q uir e d [ 1 1 1 ].

T his w or k us es t h e 2 0 0 0 × 2 0 0 0 × 3 0 0 [1 1 2 ] v o x el r e gi o n of i nt er est ( R OI) c o nt ai ni n g o n e

c ell n e ar t h e c e ntr e cr o p p e d fr o m t h e l ar g er i m a g es. T h e gr o u n d tr ut h us e d f or tr ai ni n g w as

a c q uir e d fr o m t h e d at as et b y K ar a b a g et al. [3 2 ]. T h e gr o u n d tr ut h c o nt ai ns t h e s e g m e nt ati o n

of t h e c e ntr al c ell’s n u cl e us, i g n ori n g t h e a dj a c e nt c ells’ n u cl ei, as s h o w n i n Fi g ur e 2. 1 8 .

H o w e v er, i n t h eir w or k, K ar a b a g et al. [8 ] h as d e m o nstr at e d t h at t h e U- N et m a n a g e d t o

l e ar n t h e s e g m e nt ati o n of t h e n u cl ei of t h e 8 1 9 2 × 8 1 9 2 fi el d e v e n w h e n tr ai n e d wit h t h e R OI

w h er e t h e n u cl ei of t h e a dj a c e nt c ells w er e tr e at e d as t h e b a c k gr o u n d.

2. 9. 5 S e g m e nt ati o n of H e L a C ells a n d O xf o r d-III T P et

T his s e cti o n c o nsists of a n a n al ysis a n d r e vi e w of t h e pr e vi o us w or k d o n e i n t h e tr ai ni n g a n d

e v al u ati o n of t h e H e L a C ells a n d O xf or d-III T P et d at as ets. F or a f air c o m p aris o n wit h t his

w or k, it will b e m or e f o c us e d o n U- N et b as e d m et h o ds.

O n e of t h e st u di es b y Di p p e n et al. [ 1 1 3 ] e x a mi n es t h e eff e cti v e n ess of diff er e nt pr etr ai n-

i n g a n d i niti alis ati o n m et h o ds f or e n c o d er- d e c o d er ar c hit e ct ur es i n i m a g e s e g m e nt ati o n t as ks,

e m p h asisi n g t h e U- N et ar c hit e ct ur e a n d usi n g t h e O xf or d-III T P et d at as et f or e v al u ati o n.

W h e n r a n d o ml y i niti alis e d, t h eir U- N et a c hi e v e d a n a v er a g e Di c e s c or e of 8 8. 2 % o n 2 0 % of

t h e d at as et. M e a n w hil e, t h eir b est p erf or m a n c e e m pl o yi n g t h e C o n R e c m et h o d el e v at e d t h e

Di c e s c or e t o 9 0. 0 %.
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Fi g. 2. 1 8 E x a m pl e of si x sli c es f r o m t h e G r o u n d Tr ut h of H e L a C ells d at as et. T h e sli c es
ar e dis pl a y e d i n i n cr e asi n g or d er fr o m l eft t o ri g ht. T h e n u cl e us is vi vi d i n t h e mi d dl e sli c es,
b ut g ets s m all er a n d e v e n s plits i n t h e s h all o w est a n d d e e p est sli c es. Arr o ws ar e a d d e d f or
d e m o nstr ati v e p ur p os es: t h e gr e e n arr o w p oi nts t o t h e m a n u all y l a b ell e d n u cl e us, w hil e t h e
r e d arr o ws p oi nt t o t h e a dj a c e nt c ells, w h er e t h e n u cl e us w as i g n or e d b y t h e l a b ell er.

O n e w a y t o i m pr o v e t h e p erf or m a n c e of U- N et i n v ol v es r e pl a ci n g t h e e n c o d er p at h of

t h e U- N et wit h pr e-tr ai n e d cl assi fi er m o d els, s u c h as I n c e pti o n V 3, D e ns e N et, R es N et 3 4,

a n d ot h ers, as d es cri b e d b y S u n d arr aj a n et al. [1 1 4 ]. Aft er tr ai ni n g a 5-st a g e U- N et wit h t h e

O xf or d-III T P et d at as et, t h e I nt ers e cti o n o v er U ni o n (I o U) a n d Di c e S c or e a c hi e v e d w er e

3 3. 3 % a n d 4 6. 4 %, r es p e cti v el y. T h e a ut h ors us e d a b at c h si z e of 8 a n d tr ai n e d t h e m o d el f or

5 0 e p o c hs.

Aft er r e pl a ci n g t h e e n c o d er wit h pr e-tr ai n e d m o d els, si g ni fi c a nt i m pr o v e m e nts w er e

o bs er v e d. F or e x a m pl e, U- N et + V G G- 1 6 a c hi e v e d a n I o U of 8 9. 4 % a n d a Di c e s c or e of 9 4. 2 %.

Si mil arl y, U- N et +I n c e pti o n V 3 r e a c h e d a n I o U of 9 1. 6 % a n d a Di c e s c or e of 9 1. 5 %. W h e n t h e

U- N et’s e n c o d er w as r e pl a c e d wit h R es N et 3 4, t h e p erf or m a n c e f urt h er i m pr o v e d, a c hi e vi n g

a n I o U of 9 1. 0 % a n d a Di c e s c or e of 9 5. 1 %. U- N et + D e ns e n et p erf or m e d e x c e pti o n all y w ell,

wit h a n I o U of 9 1. 5 % a n d a Di c e s c or e of 9 5. 3 %. L astl y, U- N et + M o bil e n et V 2 als o s h o w e d

c o nsi d er a bl e e n h a n c e m e nt, wit h a n I o U of 8 9. 6 % a n d a Di c e s c or e of 9 2. 3 %.

T h es e r es ults ill ustr at e t h e s u bst a nti al g ai ns i n s e g m e nt ati o n p erf or m a n c e a c hi e v e d b y

l e v er a gi n g pr e-tr ai n e d m o d els as e n c o d ers i n t h e U- N et ar c hit e ct ur e. T his d e m o nstr at es

t h at t h e e n c o d er p at h of t h e U- N et f u n cti o ns as t h e cl assi fi er, si g ni fi c a ntl y e n h a n ci n g t h e

m o d el’s a bilit y t o a c c ur at el y s e g m e nt i m a g es w h e n c o m bi n e d wit h t h e e x p a n di n g p at h a n d

s ki p c o n n e cti o ns t o m ai nt ai n l o c alis ati o n.

W hil e pr e vi o us m o d els f or s e m a nti c s e g m e nt ati o n, s u c h as U- N et, r eli e d o n d e e p e n c o d er-

d e c o d er ar c hit e ct ur es, t h e I C N et m o d el pr o p os e d b y Z h a o et al. [ 1 1 5 ] i ntr o d u c e d a m or e

ef fi ci e nt a p pr o a c h f or r e al-ti m e a p pli c ati o ns. I C N et us es a m ulti-r es ol uti o n br a n c h str u ct ur e
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wit h C as c a d e F e at ur e F usi o n ( C F F) a n d C as c a d e L a b el G ui d a n c e ( C L G) t o a c hi e v e hi g h-

q u alit y s e g m e nt ati o n wit h r e d u c e d c o m p ut ati o n al c ost.

B uil di n g o n I C N et, E d w ar ds a n d El- S h ar k a w y [ 1 1 6 ] i ntr o d u c e d uI C N et, l e v er a gi n g

d e pt h wis e s e p ar a bl e c o n v ol uti o ns fr o m M o bil e N et f or e n h a n c e d ef fi ci e n c y. T h e y e v al u at e d

uI C N et o n t h e O xf or d-III T P et d at as et b y r esi zi n g t h e i m a g es t o 5 1 2 × 5 1 2 pi x els a n d a p pl yi n g

d at a a u g m e nt ati o n t e c h ni q u es s u c h as r a n d o m fli ps. uI C N et a c hi e v e d m e a n i nt ers e cti o n o v er

u ni o n ( mI o U) s c or es of 7 4. 5 3 % a n d 7 4. 7 8 % f or its t w o v ersi o ns, w hil e r e d u ci n g m o d el

si z e b y 4 % c o m p ar e d t o I C N et. I n c o m p aris o n, I C N et a c hi e v e d a n mI o U of 7 5. 1 2 % o n t h e

O xf or d-III T P et d at as et. It s h o ul d als o b e m e nti o n e d t h at t h e i nf er e n c e s p e e d f or b ot h uI C N et

a n d I C N et is i d e nti c al.

T h e S c al e E q ui v ari a nt U- N et ( S E U- N et) i ntr o d u c e d b y S a n g alli et al. [3 1 ] r e pr es e nts a

si g ni fi c a nt a d v a n c e m e nt i n s e g m e nt ati o n t as ks, p arti c ul arl y f or d at as ets s u c h as O xf or d-III T

P et a n d DI C- C 2 D H- H e L a c ells. S E U- N et e n h a n c es t h e tr a diti o n al U- N et ar c hit e ct ur e b y

i n c or p or ati n g s c al e e q ui v ari a n c e, w hi c h is a c hi e v e d t hr o u g h s e mi gr o u p cr oss- c orr el ati o ns

a n d c ar ef ull y d esi g n e d s u bs a m pli n g a n d u ps a m pli n g l a y ers. T his a p pr o a c h e ns ur es t h at

t h e n et w or k g e n er alis es w ell t o i m a g es c o nt ai ni n g o bj e cts at diff er e nt s c al es. A d diti o n all y,

S E U- N et e m pl o ys s c al e- dr o p o ut d uri n g tr ai ni n g, a t e c h ni q u e t h at e n h a n c es r o b ust n ess b y

r a n d o ml y dr o p pi n g s c al es.

I n e x p eri m e nts, S E U- N et o ut p erf or m e d b ot h tr a diti o n al U- N ets a n d s c al e- e q ui v ari a nt

r esi d u al n et w or ks ( S R es N et) at diff er e nt s c al es of t h e i n p uts a n d e x hi bit e d i d e nti c al p erf or-

m a n c e at a s c al e of o n e, a c hi e vi n g a n I o U of a p pr o xi m at el y 7 7 % o n t h e O xf or d-III T P et

d at as et. F urt h er m or e, S E U- N et d e m o nstr at e d i m pr o v e d p erf or m a n c e i n t h e DI C- C 2 D H-

H e L a c ell s e g m e nt ati o n t as ks, hi g hli g hti n g its v ers atilit y a n d eff e cti v e n ess i n h a n dli n g s c al e

v ari ati o ns a cr oss diff er e nt d at as ets.

Ori gi n all y, U- N et w as d e v el o p e d f or bi o m e di c al i m a g e s e g m e nt ati o n, a n d i n t h e s e mi n al

w or k b y R o n n e b er g er et al. [1 3 ], t h e DI C- H e L a c ells d at as et w as us e d t o e v al u at e t h e m o d el,

w h er e U- N et a c hi e v e d a 7 7. 5 6 % I o U. T his p erf or m a n c e w as si g ni fi c a ntl y b ett er t h a n ot h er

al g orit h ms at t h e ti m e.

I n c o ntr ast, t h e U- N et m o d el d e v el o p e d b y S a n g alli et al. [3 1 ] a c hi e v e d a p pr o xi m at el y

8 2. 8 % I o U o n t h e DI C- H e L a c ells d at as et a n d sli g htl y l o w er at ar o u n d 8 1 % I o U wit h S E U-

N et. Si mil ar t o t h e r es ults wit h t h e O xf or d P ets d at as et, S E U- N et p erf or m e d b ett er t h a n

U- N et at diff er e nt s c al es of t h e i m a g e.

T h e d at as et us e d i n t his t h esis is t h e v ersi o n e v al u at e d i n t h e w or k of K ar a b a g et al.

[8 ], w h er e it a c hi e v e d a n I o U of 5 1. 3 8 % f or all sli c es of t h e r e gi o n of i nt er est ( R OI) a n d

9 7. 1 2 % f or t h e mi d dl e 1 5 0- 2 0 0 sli c es of t h e R OI. Si n c e t h e n u cl e us is eit h er v er y s m all or

n o n- e xist e nt i n t h e s h all o w est a n d d e e p est sli c es of t h e R OI, t h e m etri cs b e c o m e i n a c c ur at e
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a n d irr el e v a nt. H e n c e, t h e b est p erf or m a n c e m etri cs ar e d eri v e d fr o m t h e mi d dl e-r a n g e sli c es,

w hi c h w er e als o us e d i n t his t h esis.

2. 1 0 G r a di e nt A c c u m ul ati o n

Si n c e t h e si m ul ati o n of t h e o pti cs a n d l ar g er k er n el r es ol uti o ns r e q uir es a l ot of m e m or y,

tr ai ni n g t h e n et w or ks wit h l ar g e b at c h si z es b e c o m es i m p ossi bl e or h ar d. I n t his w or k t o s ol v e

t h e iss u e, w e h a v e t ur n e d t o t h e gr a di e nt a c c u m ul ati o n t e c h ni q u e i ntr o d u c e d b y H er m a ns et

al. [1 1 7 ].

T his a p pr o a c h is d esi g n e d t o o v er c o m e t h e c o nstr ai nts of G P U m e m or y w h e n tr ai ni n g

d e e p n e ur al n et w or ks. It a c c u m ul at es t h e gr a di e nts o v er m ulti pl e mi ni- b at c h es b ef or e

u p d ati n g t h e m o d el’s p ar a m et ers, r e d u ci n g m e m or y c o ns u m pti o n d uri n g tr ai ni n g w hil e

m ai nt ai ni n g p erf or m a n c e.

S u p p os e w e w o ul d li k e t o tr ai n wit h t h e d esir e d b at c h si z e B, b ut w e c a n o nl y tr ai n wit h

t h e b at c h si z e of B/ N, d u e t o t h e m e m or y r e q uir e m e nts. We c a n p erf or m N n u m b ers of

f or w ar d a n d b a c k w ar d p ass es o n e a c h B/ N mi ni- b at c h w hil e a c c u m ul ati n g t h e gr a di e nts.

∆ θ (t) =
N

∑
i= 1

∆ θ
(t)
i ( 2. 1 5)

Aft er t h e N it er ati o ns, w e c a n p erf or m t h e gr a di e nt st e p a n d u p d at e t h e w ei g hts.

θ (t+ 1 ) = θ (t) − α ∆ θ (t) ( 2. 1 6)

2. 1 1 M e as u r e m e nt of p e rf o r m a n c e

T his s e cti o n pr o vi d es a n o v er vi e w of t h e m etri cs us e d t o e v al u at e all m o d els tr ai n e d i n t his

w or k, c o v eri n g b ot h cl assi fi c ati o n a n d s e g m e nt ati o n t as ks a cr oss all c h a pt ers.

Cl assi fi c ati o n t as ks h a v e b e e n e v al u at e d usi n g o nl y t h e t o p- 1 a c c ur a c y, r ef err e d t o si m pl y

as a c c ur a c y t hr o u g h o ut t his t h esis.

A c c ur a c y is a st a n d ar d m etri c f or e v al u ati n g cl assi fi c ati o n m o d els. It is d e fi n e d as t h e

r ati o of c orr e ctl y pr e di ct e d d at a p oi nts t o t h e t ot al n u m b er of d at a p oi nts. M at h e m ati c all y,

A c c ur a c y is e x pr ess e d as:

A c c ur a c y =
T P + T N

T P + T N + F P + F N
( 2. 1 7)
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w h er e T P is t h e n u m b er of tr u e p ositi v es ( c orr e ctl y pr e di ct e d p ositi v e i nst a n c es), T N is t h e

n u m b er of tr u e n e g ati v es ( c orr e ctl y pr e di ct e d n e g ati v e i nst a n c es), F P is t h e n u m b er of f als e

p ositi v es (i n c orr e ctl y pr e di ct e d p ositi v e i nst a n c es), a n d F N is t h e n u m b er of f als e n e g ati v es

(i n c orr e ctl y pr e di ct e d n e g ati v e i nst a n c es)

S e g m e nt ati o n m o d els w er e e v al u at e d usi n g t hr e e m etri cs: pi x el- wis e a c c ur a c y, di c e s c or e

a n d mI o U ( M e a n I nt ers e cti o n o v er U ni o n).

Pi x el- wis e a c c ur a c y is si mil ar t o t h e a c c ur a c y us e d f or t h e cl assi fi c ati o n, e x c e pt it

m e as ur es t h e r ati o of c orr e ctl y pr e di ct e d pi x els t o t h e t ot al n u m b er of pi x els, r at h er t h a n

i nst a n c es. M at h e m ati c all y e x pr ess e d as m e nti o n e d i n t h e F or m ul a 2. 1 7 .

T h e Di c e S c or e is a wi d el y us e d m etri c f or s e g m e nt ati o n m o d els; it is e q ui v al e nt t o t h e

cl assi fi c ati o n’s F 1 s c or e. It m e as ur es t h e o v erl a p b et w e e n t h e pr e di ct e d s e g m e nt ati o n a n d t h e

gr o u n d tr ut h. It is p arti c ul arl y b e n e fi ci al w h e n t h e t ar g et r e gi o ns ar e s m all, a n d t h e c ost of

missi n g t h es e r e gi o ns is hi g h. T h e Di c e S c or e is d e fi n e d as:

Di c e S c or e =
2 |A ∩ B |

|A | + |B |
( 2. 1 8)

w h er e A is t h e s et of pi x els i n t h e pr e di ct e d s e g m e nt ati o n m as k, B is t h e s et of pi x els i n t h e

gr o u n d tr ut h.

I n t er ms of T P, F P a n d F N, it is e x pr ess e d as f oll o ws:

Di c e S c or e =
2 · T P

2 · T P + F P + F N
( 2. 1 9)

w h er e T P is t h e n u m b er of tr u e p ositi v es ( c orr e ctl y pr e di ct e d p ositi v e i nst a n c es), F P is t h e

n u m b er of f als e p ositi v es (i n c orr e ctl y pr e di ct e d p ositi v e i nst a n c es), a n d F N is t h e n u m b er of

f als e n e g ati v es (i n c orr e ctl y pr e di ct e d n e g ati v e i nst a n c es).

I nt ers e cti o n o v er U ni o n, als o k n o w n as t h e J a c c ar d I n d e x, is a n ot h er i m p ort a nt m etri c f or

e v al u ati n g s e g m e nt ati o n m o d els. It m e as ur es t h e o v erl a p b et w e e n t h e pr e di ct e d s e g m e nt ati o n

a n d t h e gr o u n d tr ut h r el ati v e t o t h eir u ni o n. U nli k e t h e Di c e s c or e, I o U d o es n ot t a k e t h e

o v erl a p t wi c e, w hi c h m a k es it m or e i nt er pr et a bl e a n d pr ef err e d w h e n t h e t as k r e q uir es a

str ai g htf or w ar d m e as ur e of o v erl a p. It is als o m or e stri ct f or o v er-s e g m e nt ati o n or u n d er-

s e g m e nt ati o n, w hi c h c a n b e cr u ci al i n a p pli c ati o ns w h er e pr e cisi o n is i m p ort a nt.

I o U is d e fi n e d as:

I o U =
|A ∩ B |

|A ∪ B |
( 2. 2 0)

w h er e A is t h e s et of pi x els i n t h e pr e di ct e d s e g m e nt ati o n m as k, B is t h e s et of pi x els i n t h e

gr o u n d tr ut h.
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I n t er ms of T P, F P a n d F N, I o U is e x pr ess e d as f oll o ws:

I o U =
T P

T P + F P + F N
( 2. 2 1)

2. 1 2 C o n cl usi o n

T h e lit er at ur e r e vi e w b e g a n b y i ntr o d u ci n g o pti c al c o m p uti n g a n d t h e 4f s yst e m, e x a mi n-

i n g F o uri er o pti cs, t h e F o uri er tr a nsf or m, a n d F o uri er c o n v ol uti o n. T h es e c o n c e pts w er e

c o n n e ct e d t o d e m o nstr at e h o w t h e 4f s yst e m p erf or ms c o n v ol uti o n o p er ati o ns. F oll o wi n g

t his, t h e r e vi e w e x pl or e d C N Ns a n d t h eir a p pli c ati o ns i n i m a g e cl assi fi c ati o n b y e x a mi ni n g

st at e- of-t h e- art n et w or ks i n c hr o n ol o gi c al or d er. All t h es e n et w or ks, fr o m e arl y d esi g ns li k e

L e N et t o m o d er n ar c hit e ct ur es li k e R es N et, w er e f o u n d t o s h ar e a c o n e-s h a p e d str u ct ur e,

ali g ni n g wit h t h e pr o bl e m st at e m e nt 1. 1 . A d diti o n all y, t h e a p pli c ati o n of C N Ns f or i m a g e

s e g m e nt ati o n w as dis c uss e d, w h er e e n c o d er- d e c o d er ar c hit e ct ur es li k e U- N et als o e x hi bit e d

c o n e-s h a p e d d esi g ns f or t h e e n c o di n g pr o c ess.

T h e lit er at ur e t h e n s hift e d t o hi g h-r es ol uti o n tr ai ni n g. A gr a w al a n d Mit al [ 6 ] d e m o n-

str at e d t h at hi g h-r es ol uti o n tr ai ni n g c a n i m pr o v e m o d el p erf or m a n c e. P e n g et al. [6 6 ] n ot e d

t h at b arr el-s h a p e d n et w or ks ar e m or e ef fi ci e nt f or s e g m e nt ati o n t as ks, as t h e y eff e cti v el y

i n c or p or at e l o c alis ati o n a n d cl assi fi c ati o n. F urt h er m or e, Di n g et al. [3 6 ] s h o w e d t h at hi g h-

r es ol uti o n k er n els i n C N Ns c a n e x p a n d t h e eff e cti v e r e c e pti v e fi el d, all o wi n g C N Ns t o m at c h

t h e p erf or m a n c e of Visi o n Tr a nsf or m ers, w hi c h a c hi e v e l ar g e r e c e pti v e fi el ds t hr o u g h att e n-

ti o n m e c h a nis ms. D es pit e t h es e pr o misi n g i nsi g hts, n o st u di es h a v e i nt e gr at e d hi g h-r es ol uti o n

tr ai ni n g or b arr el-s h a p e d ar c hit e ct ur es wit h o pti c al a c c el er at ors li k e t h e 4f s yst e m.

T h e n e xt s e cti o n f o c us e d o n o pti c al a c c el er at or h ar d w ar e. P assi v e 4f o pti c al a c c el er at ors

w er e s h o w n t o b e r estri ct e d t o fi x e d n o n- e dit a bl e k er n els, li miti n g t h eir us e t o si n gl e-l a y er

i m pl e m e nt ati o ns. W hil e a cti v e 4f s yst e ms c a n pr o c ess m ulti pl e l a y ers, t h e y r el y o n el e ctr o ni c

n o n-li n e ar a cti v ati o ns, m a ki n g t h e r e a d- o ut s p e e d a m aj or b ottl e n e c k. T o a d dr ess t h es e

li mit ati o ns, r es e ar c h ers h a v e t a k e n a d v a nt a g e t h e hi g h-r es ol uti o n c a p a biliti es of t h e 4f s yst e m

t o p ar all elis e c o n v ol uti o n o p er ati o ns. H o w e v er, e v e n t h o u g h t h e hi g h-r es ol uti o n c a p a biliti es

of t h e 4f s yst e m e n a bl e p ar all elis m, as dis c uss e d i n S e cti o n 2. 8. 4 , n o st u di es h a v e a p pli e d

hi g h-r es ol uti o n tr ai ni n g t o m a k e f ull us e of 4f s yst e m’s s p ati al b a n d wi dt h.

T h e r e vi e w als o e x a mi n e d att e nti o n m e c h a nis ms, tr a nsf or m ers, visi o n tr a nsf or m ers, a n d

t h eir v ari o us a d a pt ati o ns, s u c h as t h os e f or t h e CI F A R- 1 0 0 d at as et. U nli k e C N Ns, Vi Ts r el y

o n att e nti o n m e c h a nis ms i nst e a d of c o n v ol uti o n al hi er ar c hi es a n d a c hi e v e a l ar g er eff e cti v e

r e c e pti v e fi el d. H o w e v er, o pti c al i m pl e m e nt ati o ns of Vi Ts r e q uir e e ntir el y n e w s et u ps, wit h
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n o e xisti n g w or k e x pl ori n g t h e f e asi bilit y of usi n g a si n gl e o pti c al d e vi c e, li k e t h e 4f s yst e m,

t o i m pl e m e nt b ot h tr a nsf or m er a n d C N N l a y ers.

Fi n all y, t h e c h a pt er pr o vi d e d a n o v er vi e w of t h e d at as ets us e d i n t his w or k, i n cl u di n g

CI F A R- 1 0 0, O xf or d III T P ets, a n d H e L a c ells, as w ell as a r e vi e w of pri or b e n c h m ar ks. K e y

t e c h ni q u es s u c h as gr a di e nt a c c u m ul ati o n, us e d i n t his w or k a n d t h e m etri cs f or e v al u ati o n

w er e als o dis c uss e d.

I n s u m m ar y, t h e r e vi e w i d e nti fi es f oll o wi n g g a ps i n k n o wl e d g e w hi c h ali g n wit h t h e

pr o bl e m st at e m e nt 1. 1 a n d o bj e cti v es of t his w or k:

• L a c k of r es e a r c h o n b a r r el-s h a p e d a r c hit e ct u r es i n o pti c al s yst e ms: D es pit e a d-

v a nt a g es of hi g h-r es ol uti o n al tr ai ni n g f or hi g h er eff e cti v e r e c e pti v e fi el d, a n d t h eir

c o m p ati bilit y wit h 4f s yst e ms, t h es e ar c hit e ct ur es r e m ai n u n e x pl or e d i n o pti c al a c c el-

er at ors.

• H a r d w a r e b ottl e n e c ks i n o pti c al a c c el e r at o rs: T h e r eli a n c e o n el e ctr o ni c n o n-li n e ar

a cti v ati o ns, m o d ul at or fr e q u e n c y li mit ati o ns, a n d c a m er a r e a d o uts c o nstr ai ns s c al a bilit y

a n d li mits t h e ef fi ci e n c y of o pti c al a c c el er at ors. H e n c e t h er e n e e ds t o b e a s ol uti o n t o

li mit t h e n u m b er of o pti cs-t o- el e ctr o ni cs c o n v ersi o ns, w hi c h is p arti all y s ol v e d usi n g

tili n g m et h o ds, b ut n ot t hr o u g h e x p eri m e nts i n v ol vi n g hi g h-r es ol uti o n tr ai ni n g.

• L a c k of v e rs atilit y of 4f s yst e ms: C urr e nt i m pl e m e nt ati o ns of o pti c al Vi Ts r e q uir e

s e p ar at e s et u ps, r aisi n g t h e q u esti o n of w h et h er a si n gl e o pti c al d e vi c e c a n h a n dl e

b ot h tr a nsf or m ers a n d C N Ns a n d w h et h er t h e s a m e 4f s yst e m c a n b e us e d t o p erf or m

i nf er e n c e o n t h e li n e ar l a y ers.
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C h a pt e r 3

F at N et f o r Cl assi fi c ati o n

O v e r vi e w

T his c h a pt er f o c us es o n t h e a d a pt ati o n of t h e c o n v ol uti o n al n e ur al n et w or ks us e d f or t h e

i m a g e cl assi fi c ati o n f or t h e 4f fr e e-s p a c e o pti c al a c c el er at or.

It pr o vi d es a d et ail e d d es cri pti o n of t h e m et h o ds d e v el o p e d. T h e c h a pt er i n cl u d es

m et h o ds f or t h e F at N et c o n v ersi o n, o pti c al si m ul at or, a n d t h e c ust o m o pti c al c o n v ol uti o n al

l a y er ( O pt N N).

N ot e: T his c h a pt er is r el at e d t o t h e f oll o wi n g p u bli c ati o n: R. I b a d ull a , T. M. C h e n,

a n d C. C. R e y es- Al d as or o, “ F at N et: Hi g h- R es ol uti o n K er n els f or Cl assi fi c ati o n Usi n g F ull y

C o n v ol uti o n al O pti c al N e ur al N et w or ks,” AI, v ol. 4, n o. 2, p p. 3 6 1 – 3 7 4, A pr. 2 0 2 3, d oi:

1 0. 3 3 9 0/ ai 4 0 2 0 0 1 8 [ 1 1 8 ]

T his c h a pt er pr o vi d es a d diti o n al e x p eri m e nts wit h ot h er n et w or ks li k e V G G- 1 6 a n d

Al e x N et.

3. 1 I nt r o d u cti o n

I m a g e cl assi fi c ati o n is a f u n d a m e nt al a n d i m p ort a nt t as k i n t h e fi el d of c o m p ut er visi o n,

w hi c h i n v ol v es s ol vi n g t h e pr o bl e m of i d e ntif yi n g w hi c h s et of c at e g ori es or cl ass es a n

i m a g e b el o n gs t o. Wit h t h e ris e of d e e p l e ar ni n g, c o n v ol uti o n al n e ur al n et w or ks b e c a m e a

st a n d ar d s ol uti o n f or c o m pl e x c o m p ut er visi o n t as ks [ 1 1 9 , 5 9 , 2 7 , 3 , 1 2 0 – 1 2 5 ] i n cl u di n g

i m a g e cl assi fi c ati o n. I n C N Ns, e a c h n e ur o n i n a c o n v ol uti o n al l a y er is o nl y c o n n e ct e d t o a

s m all, l o c alis e d r e gi o n of t h e i n p ut i m a g e, k n o w n as t h e r e c e pti v e fi el d, r at h er t h a n b ei n g

f ull y c o n n e ct e d t o e v er y n e ur o n i n t h e f oll o wi n g l a y er. T his l o c alis e d c o n n e cti vit y e n a bl es

C N Ns t o ef fi ci e ntl y c a pt ur e s p ati al hi er ar c hi es a n d p att er ns, s u c h as e d g es or t e xt ur es, w hi c h
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ar e cr u ci al f or i m a g e cl assi fi c ati o n t as ks. It is k n o w n t h at t h e f ull y c o n n e ct e d l a y ers c a n

als o p erf or m i m a g e cl assi fi c ati o n t as ks b ut wit h t h e c ost of p ot e nti al o v er fitti n g a n d l o w er

c o m p ut ati o n al ef fi ci e n c y. C N Ns, o n t h e ot h er h a n d, ar e s p e ci fi c all y d esi g n e d t o pr o c ess pi x el

d at a wit h c o n v ol uti o n al l a y ers t h at a ut o m ati c all y a n d a d a pti v el y l e ar n s p ati al hi er ar c hi es

of f e at ur es a n d c a pt ur e p att er ns fr o m i n p ut i m a g es wit h o ut t h e n e e d f or m a n u al f e at ur e

e xtr a cti o n. I niti al i m a g e cl assi fi c ati o n m et h o ds a n d al g orit h ms w er e e m pl o y e d t o e xtr a ct

t h e f e at ur es fr o m i m a g es, or alt er n ati v el y, t h es e f e at ur es w er e e xtr a ct e d m a n u all y. Aft er

t his f e at ur e e xtr a cti o n p h as e, t h os e f e at ur es w er e fit i nt o cl assi fi ers s u c h as S u p p ort Ve ct or

M a c hi n es ( S V Ms), k- n e ar est N ei g h b ors ( k- N N), D e cisi o n Tr e es or a p er c e ptr o n. H o w e v er,

C N Ns’ hi er ar c hi c al str u ct ur e all o ws s h all o w l a y ers t o l e ar n b asi c f e at ur es a n d d e e p er l a y ers

t o c a pt ur e m or e c o m pl e x p att er ns, m a ki n g t h e m hi g hl y eff e cti v e f or disti n g uis hi n g b et w e e n

i ntri c at e i m a g e cl ass es.

F urt h er m or e, d u e t o w ei g ht s h ari n g i n t h e c o n v ol uti o n al l a y ers, C N Ns h a v e f e w er p ar a m e-

t ers t h a n f ull y c o n n e ct e d n et w or ks, w hi c h ai ds i n r e d u ci n g t h e c o m p ut ati o n al c ost a n d ris k of

o v er fitti n g. A d diti o n all y, p o oli n g l a y ers i n C N Ns i ntr o d u c e s p ati al i n v ari a n c e t o c h a n g es i n

p ositi o n, all o wi n g t h e n et w or k t o r e c o g nis e o bj e cts r e g ar dl ess of t h eir p ositi o n i n t h e i m a g e.

I n v ari a n c es t o ot h er tr a nsf or m ati o ns, s u c h as r ot ati o n a n d s c al e, c a n b e a c hi e v e d t hr o u g h

a d diti o n al t e c h ni q u es, s u c h as d at a a u g m e nt ati o n or s p e ci fi c m o di fi c ati o ns t o t h e ar c hit e c-

t ur e [3 1 , 1 2 6 ]. C o ns e q u e ntl y, t h es e a d v a nt a g es m a k e C N Ns t h e pr ef err e d c h oi c e f or m a n y

i m a g e cl assi fi c ati o n t as ks, oft e n a c hi e vi n g st at e- of-t h e- art p erf or m a n c e [3 , 2 , 4 , 1 2 7 – 1 2 9 ].

O n e of t h e n u a n c es of t h e c o n v ol uti o n al n e ur al n et w or ks f or cl assi fi c ati o n is t h eir c o n e

s h a p e. T his d esi g n is i m p ort a nt b e c a us e it all o ws t h e n et w or k t o r e c o g nis e a n d l e ar n p att er ns

fr o m i n p ut i m a g es, m a ki n g t h e m o d el m or e s uit a bl e f or h a n dli n g s p ati al d at a. H o w e v er, t his

s h a p e is t h e l e g a c y of t h e e arl y cl assi fi c ati o n m et h o ds, as t h e fi n al l a y ers of C N Ns e xtr a ct

hi g h-l e v el f e at ur es, c a pt uri n g c o m pl e x p att er ns a n d a bstr a cti o ns t h at ar e w ell-s uit e d f or t h e

d e ns e cl assi fi er. M or e o v er, t h es e n et w or ks us u all y c o nt ai n s m all 3 × 3 k er n els, w hi c h, w h e n

c o m bi n e d wit h t h e c o n e str u ct ur e, m a k e t h e m w ell-s uit e d f or tr ai ni n g o n m o d er n h ar d w ar e

li k e C P Us a n d G P Us. O n t h e ot h er h a n d, o pti c al a c c el er at ors, as pr e vi o usl y m e nti o n e d, c a n

h a n dl e c o n v ol uti o n o p er ati o ns wit h t h e c o nst a nt s p e e d, r e g ar dl ess of i n p ut si z e or k er n el

di m e nsi o ns. N e v ert h el ess, t h e b ottl e n e c k of s u c h a n et w or k is t h e m ulti pl e c o n v ersi o ns fr o m

o pti cs t o el e ctr o ni cs i n t h e c a m er a. T his s u g g ests t h at a n et w or k d esi g n wit h f e w er c h a n n els,

b ut l ar g er k er n els mi g ht w or k b ett er f or o pti c al a c c el er at ors. Alt h o u g h, i niti all y, it’s dif fi c ult

t o d et er mi n e w h et h er t his n et w or k will b e a bl e t o c o m p et e wit h a st a n d ar d c o n e-s h a p e d C N N,

or if it will o v er fit a n d b e i n ef fi ci e nt. If F at N et is us e d, it c a n b e ass ur e d t h at t h e n u m b er of

pi x els a n d n u m b er of w ei g hts p er l a y er will b e pr es er v e d. H o w e v er, t h er e ar e still q u esti o ns:

w h et h er c o n v erti n g t h e off-s h elf n et w or ks i nt o t h e F at N et is ef fi ci e nt ? A n d c a n a n y n et w or k
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wit h l ar g er k er n els a n d l ar g er f e at ur e m a ps i n t h e b arr el s h a p e c a n c o m p et e wit h t h e off-s h elf

n et w or k c o n v ert e d t o F at N et ?

3. 2 M et h o ds

3. 2. 1 F at N et c o n v e rsi o n

T h e m ai n i d e a b e hi n d t h e F at N et is t o c o n v ert a n y cl assi fi c ati o n n et w or k fr o m a c o n e s h a p e

i nt o a b arr el s h a p e.

C o n e-s h a p e d n e ur al n et w or ks h a v e d e m o nstr at e d s u c c ess si n c e t h e first i ntr o d u cti o n of

L e N et. T h er e ar e s e v er al r e as o ns f or h a vi n g c o n e-s h a p e d ar c hit e ct ur e. B y filt eri n g t h e f e at ur e

m a ps usi n g c o n v ol uti o n o p er ati o ns f oll o w e d b y a cti v ati o n f u n cti o ns a n d p o oli n g o p er ati o ns,

t h e f e at ur es fr o m t h e i m a g e c a n b e l e ar n e d a n d e xtr a ct e d t o e n d u p wit h t h e f e at ur e m a ps

or v e ct ors ess e nti al f or t h e c urr e nt cl assi fi c ati o n pr o bl e m. T h os e f e at ur e m a ps c a n t h e n b e

fl att e n e d i nt o a v e ct or a n d fit i nt o t h e cl assi fi er. T his c a n b e a n y cl assi fi er, li k e M L P or K N N.

S a m e as t h e c o n v ol uti o n al p art, it c a n b e a n y f e at ur e e xtr a ct or. B ut h a vi n g t h e c o n v ol uti o n al

f e at ur e e xtr a cti o n a n d f ull y c o n n e ct e d cl assi fi er all st a c k e d i nt o o n e n et w or k all o ws t h e

tr ai ni n g of t h e filt er f or t h e f e at ur e e xtr a cti o n a n d w ei g hts of t h e cl assi fi er si m ult a n e o usl y.

M or e o v er, t h e c o n v ol uti o n al f e at ur e e xtr a ct or of t h es e n et w or ks c a n b e us e d f or tr a nsf er

l e ar ni n g, as t h e y h a v e t h e f ull c a p a bilit y of e xtr a cti n g t h e r el e v a nt f e at ur es of c o m m o n

i m a g es.

T h e q u esti o n aris es w h y t h e r es e ar c h is f oll o wi n g t h e tr a diti o n al p at h of f e at ur e e xtr a cti o n

first a n d cl assi fi c ati o n of t h e e xtr a ct e d f e at ur es if it’s p ossi bl e t o tr ai n f ull y c o n n e ct e d

n et w or ks. T o d a y, t h e Visi o n Tr a nsf or m ers h a v e pr o v e n t h at t h er e is a bs ol ut el y n o p oi nt i n

f oll o wi n g t h e tr a diti o n al cl assi fi c ati o n m et h o ds of c o m bi n ati o n of f e at ur e e xtr a cti o n a n d

cl assi fi c ati o n [ 2 1 ]. H o w e v er, t h e m ai n a d v a nt a g e of usi n g c o n v ol uti o ns f oll o w e d b y t h e

p o oli n g o p er ati o ns is t h e tr ai ni n g s p e e d si n c e t h e n et w or k g ets li g ht er aft er e a c h f e at ur e

e xtr a cti o n a n d p o oli n g a n d e n ds u p wit h v er y l o w-r es ol uti o n f e at ur e m a ps. T h e fi n al d e ns e

l a y ers, i n t his c as e fit wit h t h e r el ati v el y s h ort v e ct or of t h e e xtr a ct e d f e at ur es. H o w e v er,

t h es e m et h o ds b e c a m e st a n d ar d d u e t o t h e d o mi n a n c e of el e ctr o ni c c o m p uti n g. U nli k e i n

el e ctr o ni cs, l ar g er r es ol uti o ns f or i n p uts a n d k er n els i n t h e fr e e s p a c e o pti cs d o n ot aff e ct t h e

s p e e d of i nf er e n c e, w hi c h m a k es it ess e nti al t o e x pl or e n e w ar c hit e ct ur es t h at ar e c o m p ati bl e

wit h o pti cs. D u e t o t h e d o mi n a n c e of el e ctr o ni c c o m p uti n g, t h e r es e ar c h of l ar g er r es ol uti o n

k er n els h as b e e n l a g gi n g as it s e e m e d us el ess.

T his s e cti o n f o c us es o n c o n v erti n g c o n e-s h a p e d ar c hit e ct ur es i nt o b arr el-s h a p e d ar c hit e c-

t ur es. T h e o ut p ut of s u c h c o n v ersi o n is t h e n et w or k wit h hi g h-r es ol uti o n f e at ur e m a ps, wit h

6 9



only a few pooling operations and high-resolution kernels, sometimes the size of the feature
maps, hence called FatNet (Layers are Fat).

Through the use of larger kernel sizes and feature maps in the classifier convolutional
neural network (CNN), the efficiency of free-space optics is maximised. While it is true
that higher resolutions might lead to overfitting, our method maintains the same number of
trainable parameters as the original network, mitigating this issue. The following core rules
have been established for converting any classifier into a FatNet:

1. The FatNet should preserve the same number of layers as the original network to keep
the same number of non-linear activation functions. Since each layer’s non-linear
activation function enhances the network’s ability to capture complex patterns, it is
crucial to preserve the number of layers. Non-linear activations enable the network
to model complex, non-linear relationships in the data, thereby supporting complex
pattern recognition. By retaining the same number of non-linearities, FatNet maintains
functional equivalence and ensures performance comparability.

2. The FatNet should keep precisely the same architecture as the original network on
the shallow layers until the shape of the feature maps pools down to the shape where
the number of elements of the feature map is less than or equal to the number of
classes. This ensures that the FatNet retains the original network’s early layer structure
to capture essential low-level features accurately before necessary conversion occurs.
A key concept behind FatNet is to eliminate linear layers and transform the network
into a fully convolutional neural network to facilitate inference on the 4f system.
Consequently, it is essential to have an output tensor, where the number of elements
equals to the number of classes to represent each class. Ideally the output tensor
should have one channel, with a resolution that matches number of channels

number of channels. Before the feature maps of the original cone-shaped CNN are
pooled down below this desired resolution, the feature map resolutions remain high,
making it unnecessary to convert those layers into their FatNet equivalents.

3. FatNet has a similar total number of pixels of the feature maps at the output of each
layer as the original networks. Hence, since the feature maps’ shape stays constant
and does not use pooling, the new number of output channels needs to be calculated,
which will be less than for the original network. As the resolution of features maps in
FatNet remains high and is not downscaled, the number of features (pixels) in each
layer increases. In networks such as MLPs, this would directly impact the number
of trainable parameters. However, in CNNs, the kernel size is not directly linked to
the number of features in the features map. Although reducing the number of output
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c h a n n els is cr u ci al p art of t h e F at N et c o n v ersi o n, as it mi ni mis es t h e n u m b er of 2 D

c o n v ol uti o n o p er ati o ns, t h e q u esti o n aris es w h et h er t his r e d u cti o n s h o ul d b e d o n e

ar bitr aril y or b y pr es er vi n g t h e n u m b er of f e at ur es i n t h e f e at ur e m a p. H y p ot h eti c all y,

m ai nt ai ni n g t h e n u m b er of pi x els is ess e nti al f or t h e m o d el t o r et ai n si mil ar f e at ur e

e xtr a cti o n c a p a biliti es as t h e ori gi n al n et w or k. T his h y p ot h esis is l at er s u bst a nti at e d i n

t h e e x p eri m e nts c o n d u ct e d i n I nt uiti v e F at- U- N ets 4. 2. 1 .

4. F at N et h as a si mil ar n u m b er of tr ai n a bl e p ar a m et ers p er l a y er as t h e ori gi n al n et w or k.

Si n c e w e h a v e r e d u c e d t h e n u m b er of o ut p ut c h a n n els b as e d o n t h e t hir d r ul e, t h e

n u m b er of tr ai n a bl e p ar a m et ers h as als o b e e n r e d u c e d. H e n c e, a n e w k er n el si z e n e e ds

t o b e c al c ul at e d b as e d o n t h e n u m b er of o ut p ut c h a n n els. If t h e n u m b er of p ar a m et ers

is r e d u c e d t o o dr asti c all y, t h e n et w or k m a y l os e its a bilit y t o g e n er alis e eff e cti v el y or

c a pt ur e c o m pl e x f e at ur es, p ot e nti all y d e gr a di n g p erf or m a n c e. B y r e c al c ul ati n g t h e

k er n el si z e t o b al a n c e t h e r e d u c e d o ut p ut c h a n n els, F at N et c a n a c hi e v e c o m p ar a bl e

a c c ur a c y, e ns uri n g it r e m ai ns as eff e cti v e as t h e ori gi n al n et w or k. H o w e v er, i n cr e asi n g

t h e n u m b er of p ar a m et ers b e y o n d t h at of t h e ori gi n al n et w or k c o ul d l e a d t o o v er fitti n g.

Si n c e t h e ori gi n al n et w or k is pr o v e n t o g e n er alis e w ell, t h e k er n el si z e s h o ul d b e

a dj ust e d o nl y e n o u g h t o m ai nt ai n a si mil ar n u m b er of tr ai n a bl e p ar a m et ers.

T h e pr e vi o us r ul es ar e c or e i nt uiti v e r ul es. H o w e v er, e x p eri m e nt all y it h as b e e n c o n cl u d e d

t h at t h e n e xt t w o r ul es s h o ul d als o b e c o nsi d er e d w h e n b uil di n g a F at N et:

5. If t h e n u m b er of i n p ut c h a n n els a n d o ut p ut c h a n n els is e q u al i n t h e ori gi n al n et w or k,

t h at e q u alit y s h o ul d b e pr es er v e d f or t h e F at N et t o o. T his is d o n e f or t h e m o d ul ar

C N Ns, s u c h as V G G or R es N ets, w h er e t h e n et w or ks c o nsist of c o n v ol uti o n al bl o c ks.

E a c h bl o c k i n s u c h n et w or ks c o nsists of a s e q u e n c e of c o n v ol uti o n al l a y ers wit h t h e

s a m e n u m b er of c h a n n els. T his r ul e of F at N et c o n v ersi o n h el ps pr es er v e t h e m o d ul ar

str u ct ur e of t h e n et w or k. W h e n t h e r ul e w as n ot i niti all y a p pli e d, R es N et e n c o u nt er e d

a mi n or str u ct ur al i n c o nsist e n c y i n t h e l ast l a y ers, w h er e t h e c o n v ol uti o n al bl o c k’s

c h a n n els alt er n at e d b et w e e n 1 5 1 a n d 1 5 5 as it c a n b e s e e n fr o m Ta bl e 3. 2

6. I n c as e t h e n e w k er n el si z e is l ar g er t h a n t h e r es ol uti o n of t h e n e w f e at ur e m a p, t h e

k er n el si z e s h o ul d b e r e d u c e d t o b e e q u al t o t h e r es ol uti o n of t h e f e at ur e m a p, a n d

t h e n u m b er of c h a n n els of t h at p arti c ul ar l a y er s h o ul d b e i n cr e as e d a c c or di n gl y. T his

r ul e w as i ntr o d u c e d f oll o wi n g e x p eri m e nts i n w hi c h t h e F at N et a c hi e v e d a n et w or k

c o n fi g ur ati o n w h er e k er n els w er e l ar g er t h a n t h e f e at ur e m a p r es ol uti o n a n d di d n ot

tr ai n w ei g hts o n t h e e d g es of t h e k er n els, as s h o w n i n Fi g ur e 3. 1 0 .
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I n t his w or k, P y T or c h is us e d as t h e d e e p l e ar ni n g fr a m e w or k i n all e x p eri m e nts, w hi c h is

fl e xi bl e r e g ar di n g t h e r es ol uti o n of t h e i n p ut i m a g e. T h e c o n v ol uti o n al l a y ers i n P y T or c h d o

n ot a c c e pt t h e i n p ut si z e as a p ar a m et er a n d c a n w or k wit h a n y i n p ut r es ol uti o n. H o w e v er,

it is i m p ort a nt t o n ot e t h at F at N et c o n v ersi o n h as t o b e d o n e p er o n e p arti c ul ar i n p ut si z e

b e c a us e, a c c or di n g t o r ul e 3, t h e n u m b er of pi x els of t h e f e at ur e m a ps s h o ul d r e m ai n t h e

s a m e.

B as e d o n t h e r ul es pr o vi d e d, t h e F at S pitt er al g orit h m is d e v el o p e d i n t his w or k t o c o n v ert

a n y n et w or k i nt o its F at N et e q ui v al e nt. T h e F at S pitt er, a c c e pts a n y m o d el i n P y T or c h, a n d

s pits o ut t h e " n n. M o d ul e() " o bj e ct of t h e F at N et. T h e al g orit h m c o nsists of t hr e e p arts:

p o p ul ati n g t h e c o nstr u cti o n t a bl e, c o n v ersi o n of l a y ers i nt o t h eir F at N et e q ui v al e nts a n d

r e fi n e m e nt of o ut p ut c h a n n els.

T h e C o nstr u cti o n t a bl e c o nt ai ns t h e n u m b er of w ei g hts a n d t h e n u m b er of f e at ur e pi x els

p er l a y er. I n or d er t o f oll o w c or e r ul e 2, t h e c o nstr u cti o n t a bl e is o nl y o bs er v e d aft er t h e

l a y er w h er e t h e n u m b er of el e m e nts of t h e f e at ur e m a p is l ess t h a n or e q u al t o t h e n u m b er of

cl ass es. T h e s e c o n d st a g e is t h e r e pl a c e m e nt of l a y ers wit h t h eir F at N et e q ui v al e nts. T h e

fl o w c h art of t his al g orit h m f or t h e C o n v ol uti o n al l a y ers is s h o w n i n t h e Fi g ur e 3. 1 . N ot e t h at

t h e al g orit h m r e c ursi v el y att e n ds all l a y ers i n t h e m o d el, a n d w h e n t h e l a y er is s e q u e nti al it

tr e ats it as a n ot h er n et w or k a n d att e n ds all its l a y ers t o o. T h e fl o w c h art i n Fi g ur e 3. 1 o nl y

s h o ws t h e pr o c e d ur e of t h e C o n v ol uti o n al l a y ers, as t h es e o n es ar e t h e m ost c o m pl e x a n d

i m p ort a nt i n o ur c as e. W h e n it c o m es t o ot h er l a y ers, t h e y ar e eit h er s ki p p e d or r e pl a c e d i n

pl a c e. Fi n all y t h e l ast st a g e, w hi c h is c all e d r e fi n e m e nt. Si n c e t h e l a y ers ar e b ei n g e dit e d

i n or d er fr o m s h all o w t o d e e p l a y ers, s o m eti m es its n e c ess ar y t o c orr e ct t h e i n p ut c h a n n els

of t h e c urr e nt l a y er, m e a ni n g t h at t h e o ut p ut c h a n n els of t h e pr e vi o us l a y er m ust b e r e fi n e d

a c c or di n gl y. T his is w h er e t h e r e fi n e m e nt st a g e c o m es, i n or d er t o e ns ur e t h at t h e o ut p uts of

l a y ers ar e al w a ys e q u al t o t h e i n p ut of t h e f oll o wi n g l a y ers.

B at c h N o r m alis ati o n: As d uri n g t h e c o n v ersi o n, t h e n u m b er of c h a n n els of t h e l a y er

al w a ys g ets a m e n d e d, n ot o nl y B at c h N or m alis ati o n b ut a n y ki n d of n or m alis ati o n l a y er

s h o ul d b e r e pl a c e d b y t h e s a m e l a y er, wit h t h e n u m b er of c h a n n els e q u al t o t h e n u m b er of

o ut p ut c h a n n els of t h e pr e vi o us l a y er.

Fl att e n L a y e r: F at N et is ori gi n all y d e v el o p e d f or t h e cl assi fi c ati o n m o d els, w hi c h us u all y

fl att e n t h e f e at ur e m a ps b ef or e fitti n g i nt o t h e cl assi fi er. U nli k e c o n e-s h a p e d n et w or ks, F at N et

al w a ys m ai nt ai ns t h e hi g h r es ol uti o n of f e at ur e m a ps. H e n c e t h e o ut p ut l a y er of t h e F at N et is

n or m all y a m atri x wit h t h e n u m b er of el e m e nts e q u al t o t h e n u m b er of cl ass es. T h er ef or e,

t h er e is n o n e e d f or t h e c o m m o nl y us e d fl att e ni n g o p er ati o n i n C N N, w hi c h is r e pl a c e d b y

t h e i d e ntit y l a y er i n t h e F at S pitt er al g orit h m. Alt h o u g h, t h e al g orit h m will a ut o m ati c all y
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pl a c e a fl att e ni n g al g orit h m at t h e e n d of t h e n et w or k, i n or d er t o r e pr es e nt o n e h ot e n c o di n g

of t h e o ut p ut i n cl assi fi er n et w or ks.

Li n e a r L a y e rs: T h e li n e ar l a y ers ar e r e pl a c e d wit h t h e C o n v ol uti o n al l a y er, t h e i n p ut

c h a n n els of w hi c h ar e s et t o n e xt _i n p ut _ c h a n n el s v ari a bl e, w hi c h is d et er mi n e d b y t h e o ut p ut

c h a n n els of t h e pr e vi o us l a y er. T h e n u m b er of o ut p ut c h a n n els of t his li n e ar l a y er is s et t o

o n e, a n d t h e k er n el si z e is s et t o t h e r es ol uti o n of t h e f e at ur e m a ps.

3. 2. 2 F at S pitt e r i n C o n v ol uti o n al l a y e rs

T h e m ai n c h a n g es i n t h e F at N et c o n v ersi o n o c c ur i n t h e c o n v ol uti o n al l a y er. T h e pri m ar y

g o al is t o m ai nt ai n t h e r es ol uti o n of t h e f e at ur e m a ps as hi g h as p ossi bl e, e ns uri n g it is n ot

s m all er t h a n t h e n u m b er of cl ass es. Si m ult a n e o usl y, t h e n u m b er of c h a n n els is r e d u c e d

a c c or di n gl y t o m at c h t h e n u m b er of pi x els i n t h e f e at ur e m a ps wit h t h os e i n t h e f e at ur e

m a ps of t h e ori gi n al l a y er. A d diti o n all y, t o m ai nt ai n t h e ori gi n al n u m b er of w ei g hts wit hi n

t h e k er n els, t h eir r es ol uti o n is i n cr e as e d f oll o wi n g t h e c h a n n el r e d u cti o n. T his pri n ci pl e

f or ms t h e f o u n d ati o n of t h e c o n v ersi o n; h o w e v er, pr e cis e i m pl e m e nt ati o n r e q uir es a d h er e n c e

t o s p e ci fi c al g orit h mi c g ui d eli n es, as s h o w n i n Al g orit h m 1 a n d ill ustr at e d i n Fi g ur e 3. 1 .

T h es e g ui d eli n es ar e o utli n e d t o e ns ur e e a c h l a y er is a c c ur at el y a dj ust e d t o fit i nt o t h e F at N et

c o n fi g ur ati o n.

T h e first t hi n g t o c h e c k is w h et h er t h e l a y er is t h e first u p d at a bl e c o n v ol uti o n al l a y er.

If it is, t h e i n p ut c h a n n els of t h e l a y er m ust r e m ai n u n c h a n g e d. If t h e l a y er is n ot t h e first

u p d at a bl e l a y er, t h e n u m b er of i n p ut c h a n n els s h o ul d b e u p d at e d t o m at c h t h e n u m b er of

o ut p ut c h a n n els of t h e pr e vi o us l a y er.

Aft er est a blis hi n g t h e n u m b er of i n p ut c h a n n els f or t h e l a y er, t h e tr a nsf or m ati o n of t h e

c o n v ol uti o n al l a y er pr o c e e ds wit h a n a dj ust m e nt of t h e o ut p ut c h a n n el di m e nsi o ns w hil e

k e e pi n g t h e i n p ut c h a n n els c o nst a nt. Si n c e t h e r es ol uti o n of t h e f e at ur e m a p is hi g h er t h a n i n

t h e ori gi n al n et w or k, t h e n e w o ut p ut c h a n n els ar e c al c ul at e d t o m at c h t h e n u m b er of pi x els i n

t h e ori gi n al f e at ur e m a p. Si mil arl y, t h e k er n el si z e is a dj ust e d t o m ai nt ai n t h e s a m e n u m b er

of w ei g hts as i n t h e ori gi n al l a y er.

If t h e r e c al c ul at e d k er n el si z e is l ar g er t h a n t h e f e at ur e m a p’s r es ol uti o n — a s c e n ari o t h at

c o ul d l e a d t o c o m p ut ati o n al i n ef fi ci e n ci es a n d hi n d er k er n el tr ai ni n g fr o m t h e si d es ( S e e

Fi g ur e 3. 1 0 ) —it is r esi z e d, as it is st at e d i n t h e r ul e 6. M or e pr e cis el y, t h e k er n el si z e is

c a p p e d usi n g t h e mi ni m u m f u n cti o n, t a ki n g eit h er t h e r es ol uti o n of t h e f e at ur e m a p or t h e

n e wl y c al c ul at e d k er n el si z e, w hi c h e v er is s m all er. If t h e k er n el h a d t o b e c a p p e d, t o a v oi d

e x c e e di n g t h e r es ol uti o n of t h e f e at ur e m a p, t h e o ut p ut c h a n n els ar e r e c al c ul at e d b as e d o n

t h e n e w c a p p e d k er n el si z e t o m at c h t h e c orr e ct n u m b er of w ei g hts.
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N e w k er n el i s 
s m all er t h a n 
f e at ur e m a p 

O ut p ut f e at ur e m a p i s n ot p o ol e d a n d 
m ai nt ai n s t h e pr e vi o u s l a y er’ s r e s ol uti o n.

O ut p ut c h a n n el s ar e r e d u c e d t o m at c h t h e 
t e n s or’ s i niti al f e at ur e c o u nt.

T h e k er n el si z e i s i n cr e a s e d t o 
m at c h t h e i niti al w ei g ht c o u nt.

T h e n e w k er n el si z e i s c a p p e d at 
t h e f e at ur e m a p r e s ol uti o n

N o

Y e s

O ut p ut c h a n n el s ar e i n cr e a s e d t o 
m at c h t h e i niti al w ei g ht c o u nt a n d 

c o m p e n s at e t h e k er n el c a p

( a) ( b)

Pi p eli n e i n ( a)
…

…

F or c o n v ol uti o n al bl o c k 
c a s e s (i n p ut c h a n n el s e q u al 

t o t h e o ut p ut c h a n n el s)

N e w o ut p ut
c h a n n el s

m at c h i n p ut
c h a n n el s

Y e s

N o

I n p ut c h a n n els ar e i n cr e as e d, 
a n d o ut p ut c h a n n els ar e 
d e cr e as e d t o m ai nt ai n e q u alit y 
w hil e m at c hi n g t h e tr ai n a bl e 
p ar a m et ers.

Fi g. 3. 1 Fl o w c h a rt of t h e F at S pitt e r, ill ust r ati n g t h e p r o c ess of i n c r e asi n g t h e r es ol uti o n
of f e at u r e m a ps a n d k e r n els w hil e r e d u ci n g t h e n u m b e r of c h a n n els, i n a c c o r d a n c e wit h
F at N et r ul es. ( a) R e g ul ar F at N et c o n v ersi o n. ( b) F at N et f or c as es w h er e t h e n u m b er of i n p ut
c h a n n els e q u als t h e n u m b er of o ut p ut c h a n n els.
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Algorithm 1 Convert Convolutional Layers to FatNet
Require: model: neural network model, construction_table: table for weight count and number of features in

layer, start_index: index to start conversion, number_o f _classes: integer
Ensure: FatNet model
1: function REPLACE_LAYERS(model)
2: for all layer in model do
3: if layer has child layers then
4: REPLACE_LAYERS(layer)
5: else
6: if layer_index start_index and layer is Conv2d then
7: Step 1: Compute New number of input channels
8: if next_input_channels is not set then
9: new_in_channels layer in_channels

10: else
11: new_in_channels next_input_channels
12: end if
13: Step 2: Compute new_out_channels and new_kernel_size
14: f eature_pixels construction_table layer_index f eature_pixels
15: weight_count construction_table layer_index weight_count
16: new_out_channels f eature_pixels number_o f _classes
17: new_kernel_size
18: weight_count new_in_channels new_out_channels
19: Step 3: Handle equal input and output channels
20: if layer in_channels layer out_channels then
21: if new_out_channels new_in_channels
22: or new_kernel_size2 number_o f _classes then
23: new_kernel_size min new_kernel_size number_o f _classes
24: new_channels weight_count new_kernel_size2

25: new_in_channels new_out_channels new_channels
26: end if
27: else
28: if new_kernel_size2 number_o f _classes then
29: new_kernel_size number_o f _classes
30: new_out_channels
31: weight_count new_in_channels new_kernel_size2

32: end if
33: end if
34: Step 4: Replace the layer
35: Replace layer with Conv2d(new_in_channels, new_out_channels,
36: new_kernel_size, padding="same")
37: next_input_channels new_out_channels
38: Increment layer_index
39: end if
40: end if
41: end for
42: return model
43: end function
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A n ess e nti al as p e ct of tr a nsf or mi n g c o n v ol uti o n al l a y ers i nt o t h e F at N et ar c hit e ct ur e is

m ai nt ai ni n g t h e b al a n c e b et w e e n i n p ut a n d o ut p ut c h a n n els, as st at e d i n r ul e 5. If t h e ori gi n al

c o n v ol uti o n al l a y er m ai nt ai ns e q u al n u m b ers of i n p ut a n d o ut p ut c h a n n els, t his p arit y is

g e n er all y pr es er v e d i n t h e tr a nsf or m e d l a y er t o m ai nt ai n t h e l a y er’s i nt er n al d y n a mi cs a n d

l e ar ni n g c h ar a ct eristi cs. If, aft er c al c ul ati n g t h e n e w o ut p ut c h a n n els a n d k er n el si z e, t his

e q u alit y of c h a n n els is n ot pr es er v e d, n e w i n p ut a n d o ut p ut c h a n n els ar e c al c ul at e d b y t a ki n g

t h e s q u ar e r o ot of t h e fr a cti o n of t h e n u m b er of w ei g hts o v er t h e n e wl y c al c ul at e d s q u ar e d

k er n el si z e.

Aft er t h es e r e fi n e m e nts t o m ai nt ai n c h a n n el e q u alit y, it is e vi d e nt t h at w h e n t h e i n p ut

c h a n n els of t h e l a y ers ar e u p d at e d, t h e o ut p ut c h a n n els of t h e pr e vi o us l a y er m ust b e

r e a dj ust e d. T his pr o c ess of r e fi n e m e nt, w hi c h f o c us es o n u p d ati n g t h e o ut p ut c h a n n els of

l a y ers w h os e s u bs e q u e nt l a y ers’ i n p ut c h a n n els n o l o n g er m at c h, b e gi ns aft er t h e c o n v ersi o n

is fi nis h e d. D uri n g t his pr o c ess, t h e o ut p ut c h a n n els of t h es e l a y ers ar e u p d at e d t o m at c h t h e

i n p ut c h a n n els of t h e n e xt l a y ers. A d diti o n all y, t h e k er n el si z e is a dj ust e d t o e ns ur e t h er e is

n o mis m at c h i n t h e n u m b er of w ei g hts b et w e e n t h e F at N et e q ui v al e nt a n d t h e ori gi n al l a y er,

as s h o w n i n Fi g ur e 3. 2 .

T h e F at S pitt er is a v ail a bl e at t h e f oll o wi n g U R L:

htt ps:// git h u b. c o m/ri a di b a d ull a/ F at S pitt er ( a c c ess e d o n 2 5. 0 9. 2 0 2 4)

3. 2. 3 O pti c al Si m ul at o r

T h e i niti al st e p i n b uil di n g t h e o pti c al n e ur al n et w or k i n v ol v es si m ul ati n g li g ht pr o p a g ati o n

wit hi n t h e 4f s yst e m a n d e v al u ati n g t h e o pti c al p erf or m a n c e of t h e c o n v ol uti o n o p er ati o n.

T his si m ul ati o n c a n b e a c hi e v e d usi n g t h e A n g ul ar S p e ctr u m of Pl a n e Wa v es ( A S P W)

m et h o d [ 1 3 0 ].

I niti all y, it w as a nti ci p at e d t h at t h e P y O pti c a [1 3 1 ] li br ar y w o ul d s e a ml essl y i nt e gr at e

wit h P y T or c h’s c ust o m l a y er, w hi c h als o us es t h e A S P W m et h o d a n d e v e n pr o vi d es its us e

i n t h e si m ul ati o n of t h e 4f s yst e m. H o w e v er, d u e t o r e d u n d a nt o p er ati o ns t h at w o ul d sl o w

d o w n t h e i nf er e n c e a n d t h e e x cl usi v e r eli a n c e o n N u m P y arr a ys i n t h e c o d e, t h e si m ul at or

h a d t o b e r e writt e n fr o m s cr at c h. T his n e w i m pl e m e nt ati o n r et ai n e d t h e s a m e m et h o ds as

t h os e e m pl o y e d b y t h e P y O pti c a li br ar y.

A c c or di n g t o t h e A n g ul ar S p e ctr u m m et h o d, if t h e i niti al w a v efr o nt is U 1 (r,c ), t h e n e xt

w a v efr o nt is c al c ul at e d as:

U 2 (r,c ) = F − 1 [F [U 1 (r,c )]H ( fr , fc )] ( 3. 1)

w h er e H ( fr , fc ) is t h e tr a ns mitt a n c e f u n cti o n f or fr e e-s p a c e.
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If F at N et a p pli e d t o t hi s l a y er, 
i n p ut a n d o ut p ut c h a n n el s 
c h a n g e d t o m ai nt ai n t h e 
c h a n n el e q u alit y

T h e pr e vi o u s l a y er n e e d s t o 
b e a dj u st e d t o pr o d u c e t h e 
c orr e ct n u m b er of o ut p ut 
c h a n n el s

T h e k er n el si z e i s s hri n k e d t o 
m at c h t h e tr ai n a bl e p ar a m et er s 
aft er r e d u ci n g t h e o ut p ut c h a n n el s

Fi g. 3. 2 Fl o w c h a rt f o r t h e F at N et r e fi n e m e nt of t h e c o n v ol uti o n al l a y e rs. Aft er t h e
F at N et c o n v ersi o n, s o m e c o n v ol uti o n al l a y ers’ o ut p ut c h a n n els will n ot b e e q u al t o t h e i n p ut
c h a n n els of t h e n e xt l a y ers. H e n c e, t h eir o ut p ut c h a n n els ar e a dj ust e d; c o ns e q u e ntl y, t h e
k er n el si z e is a dj ust e d a c c or di n gl y.
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T h e tr a ns mitt a n c e f u n cti o n of t h e fr e e-s p a c e pr o p a g ati o n c o m es fr o m t h e Fr es n el diffr a c-

ti o n tr a nsf er f u n cti o n:

H F ( fr , fc ) = e x p i k z − iπ λ z( f 2
r + f 2

c ) ( 3. 2)

w h er e k = 2 π
λ , z is t h e dist a n c e tr a v ell e d b y li g ht a n d λ is t h e w a v el e n gt h [1 3 2 , 1 3 0 ].

Si n c e t h e 4f s yst e m c o nt ai ns t w o l e ns es, t h e tr a ns mitt a n c e f u n cti o n of e a c h l e ns is:

tA (r,c ) = P (r,c ) e x p − i
k

2 f
(r 2 + c 2 ) ( 3. 3)

w h er e f is t h e f o c al l e n gt h of t h e l e ns a n d P (r,c ) is t h e p u pil f u n cti o n [1 3 0 ].

T h e dist a n c e at w hi c h t h e a n g ul ar s p e ctr u m m et h o d c al c ul at es t h e n e xt w a v efr o nt d e p e n ds

o n t h e pi x el s c al e a n d is c al c ul at e d as:

z =
N (∆ x ) 2

λ
( 3. 4)

w h er e ∆ x is t h e pi x el s c al e, N is t h e n u m b er of pi x els, a n d λ is t h e w a v el e n gt h. I n c as e

w h e n t h e pr o p a g ati o n dist a n c e n e e ds t o b e l o n g er t h a n t h e a b o v e f or m ul a f or t h e dist a n c e,

t h e pr o p a g ati o n c a n b e c al c ul at e d i n s e v er al it er ati o ns. We c h os e s u c h pi x el s c al e f or e a c h

pr o p a g ati o n, s o z b e c o m es e q u al t o t h e f o c al dist a n c e of t h e l e ns. I n t his c as e, w e h a v e t o d o

o nl y o n e it er ati o n f or e a c h f o c al dist a n c e pr o p a g ati o n i n t h e 4f s yst e m.

T h e si m ul at or us es ps e u d o- n e g ati vit y, s o e a c h c o n v ol uti o n is r u n t wi c e t o a v oi d t h e

k er n el’s n e g ati v e v al u es i n o pti cs. M or e o v er, d u e t o t h e l a ws of g e o m etri c al o pti cs, t h e o ut p ut

of t h e 4f d e vi c e is al w a ys r ot at e d 1 8 0 d e gr e es. L u c kil y, t his is n ot a pr o bl e m f or c o n v ol uti o n al

n e ur al n et w or ks si n c e t h e y c a n c o nti n u e e xtr a cti n g t h e f ut ur es fr o m t h e r ot at e d f e at ur e m a ps.

Fi g ur e 3. 3 ill ustr at es t h e a m plit u d e of t h e w a v efr o nt at v ari o us p oi nts wit hi n t h e 4f s yst e m

d uri n g t h e c o n v ol uti o n o p er ati o n r u n vi a t h e si m ul at or. T h e s yst e m c o m pris es t h e i n p ut pl a n e

(l as er), t w o c o n v e x l e ns es, a F o uri er pl a n e ( m o d ul at or or p h as e m as k), a n d a c a m er a. Li g ht

p assi n g t hr o u g h t h e first l e ns f or ms a 2 D F o uri er tr a nsf or m at t h e F o uri er pl a n e, w h er e it

is m ulti pli e d b y t h e k er n el. T h e s e c o n d l e ns t h e n tr a nsf or ms t h e li g ht b a c k i nt o t h e s p ati al

d o m ai n, a n d t h e r es ulti n g o ut p ut is c a pt ur e d b y t h e c a m er a. D u e t o g e o m etri c al o pti cs, t h e

o ut p ut i m a g e f or m e d at t h e c a m er a is fli p p e d. T his fli p p e d o ut p ut c a n b e c orr e ct e d aft er t h e

c a m er a r e a d o ut t o dis pl a y t h e c orr e ct i m a g e ori e nt ati o n. Alt er n ati v el y, it c a n b e l eft as is, as

C N Ns ar e c a p a bl e of e xtr a cti n g f e at ur es fr o m fli p p e d i m a g es as w ell.
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Fi g. 3. 3 G r a p hi c al r e p r es e nt ati o n of t h e 4f s yst e m p e rf o r mi n g t h e c o n v ol uti o n o p e r ati o n
i n t h e si m ul at o r. T h e s yst e m c o nsists of t h e i n p ut pl a n e (l as er), t h e c o n v e x l e ns, t h e F o uri er
pl a n e ( m o d ul at or or p h as e m as k), a n d a n ot h er c o n v e x l e ns a n d t h e c a m er a is s e p ar at e d fr o m
e a c h ot h er b y o n e f o c al dist a n c e of t h e l e ns. W h e n li g ht p ass es t hr o u g h t h e l e ns, it f or ms a
2 D F o uri er tr a nsf or m o n t h e F o uri er pl a n e, w h er e it c a n b e m ulti pli e d b y t h e k er n el i n t h e
fr e q u e n c y d o m ai n. T h e li g ht t h e n p ass es t hr o u g h t h e s e c o n d l e ns, w hi c h c o n v erts it b a c k i nt o
t h e s p a c e d o m ai n, w h er e t h e o ut p ut is r e a d b y t h e c a m er a.

3. 2. 4 O pt N N l a y e r

S e cti o n 3. 2. 3 d es cri b e d t h e si m ul ati o n of t h e o pti c al i nf er e n c e of t h e i m a g e t hr o u g h t h e 4f

s yst e m. T his s e cti o n c o nt ai ns t h e i nt e gr ati o n of t h e o pti c al si m ul at or i nt o t h e c ust o m P y T or c h

l a y er i n or d er t o b uil d t h e si m ul ati o n of t h e o pti c al n e ur al n et w or k.

G e n er all y, t h e b uilt-i n c o n v ol uti o n al l a y ers i n m a c hi n e l e ar ni n g fr a m e w or ks li k e Te n-

s or fl o w or P y T or c h t a k e f ull a d v a nt a g e of C U D A a n d p erf or m t h e 2 D c o n v ol uti o n l a y er’s

c o n v ol uti o n o p er ati o n i n t hr e e di m e nsi o ns. S u p p os e t h er e is a c o n v ol uti o n al l a y er wit h a n

i n p ut f e at ur e m a p of X i × Y i × C i a n d a n o ut p ut f e at ur e m a p of X o × Y o × C o , t h e n u m b er of

3 D k er n els i n t h e l a y er is e q u al t o t h e n u m b er of t h e o ut p ut c h a n n els C o . As p er Fi g ur e 3. 4 ,

e a c h 3 D k er n el t e ns or sli d es o v er t h e i n p ut t e ns or, p erf or ms a d ot pr o d u ct of t h e o v erl a p pi n g

s e cti o n a n d s a v es it as a n e w pi x el t o t h e r el e v a nt c h a n n el of t h e o ut p ut t e ns or. E a c h k er n el

t e ns or c orr es p o n ds t o its s p e ci fi er c h a n n el i n t h e o ut p ut t e ns or.

I n t h e 4f o pti c al d e vi c e, t h e i m a g es ar e tr e at e d as 2 D m atri c es. H e n c e t h e c o n v ol uti o n

h as t o b e p erf or m e d i n a tr a diti o n al 2 D f or m at a n d t h e s u m m e d, w hi c h is n ot c o m m o n f or t h e

c o n v ol uti o n al l a y ers. As it c a n b e s e e n fr o m Fi g ur e 3. 5 , t h e i n p ut t e ns or is s plit i nt o t h e i

c h a n n els, a n d e a c h c h a n n el h as a c orr es p o n di n g j n u m b er of k er n els. Aft er t h e c o n v ol uti o n

o p er ati o ns ar e p erf or m e d, t h e o ut p uts of disti n ct i n p ut c h a n n el c o n v ol uti o ns ar e s u m m e d t o

f or m t h e j n u m b er of o ut p ut c h a n n els, w hi c h ar e us e d t o f or m t h e o ut p ut t e ns or.

T h e si m ul at or is a v ail a bl e at t h e f oll o wi n g U R L:

htt ps:// git h u b. c o m/ri a di b a d ull a/si m ul at or ( a c c ess e d o n 2 5. 0 9. 2 0 2 4)
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Fig. 3.4 Visual demonstration of the regular convolutional layer performing the 2D
convolution operation in 3D. This convolutional layer has the number of input channels
i and the number of output channels j. The number of 3D kernels is j, but the number of
kernels taken in 2D is i j.
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Fig. 3.5 Visual demonstration of the convolutional layer performing convolution opera-
tion in 2D. The convolutional layer has an input tensor of depth i and an output tensor of
depth j. The number of kernels required for the layer is i j. After all convolution operations,
the outputs have to be summed to make up a channel of the output tensor
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3. 2. 5 Ps e u d o n e g ati vit y

As it w as m e nti o n e d e arli er, o n e of t h e m ai n c o nstr ai nts of t h e 4f s yst e m is its i n c a p a bilit y

t o r e pr es e nt n e g ati v e n u m b ers as t h e c a m er a r e a ds o ut t h e i nt e nsit y of li g ht, w hi c h is t h e

s q u ar e r o ot of t h e a m plit u d e. A c c or di n g t o C h a n g et al. [1 ], o n e w a y ar o u n d t his c o nstr ai nt

is c all e d ps e u d o- n e g ati vit y, w hi c h c a n a d dr ess t h e r estri cti o n t o p ositi v e v al u es b y d o u bli n g

t h e n u m b er of filt ers. T his t e c h ni q u e i n v ol v es l a b elli n g h alf of t h e k er n els as p ositi v e a n d t h e

ot h er h alf as n e g ati v e. Aft er t h e c a m er a r e a d o ut, it r e q uir e d a di git al o p er ati o n t o s u btr a ct t h e

n e g ati v e s u b-i m a g es fr o m t h eir p ositi v e c o u nt er p arts.

W hil e t h e ps e u d o n e g ati v e m et h o d h as pr o v e n eff e cti v e, o ur a p pr o a c h i ntr o d u c es a sli g ht

m o di fi c ati o n. R at h er t h a n st ori n g d o u bl e t h e a m o u nt of k er n els t o a c c o m m o d at e p ositi v e a n d

n e g ati v e v al u es s e p ar at el y, w e utilis e a si n gl e k er n el t h at c o nt ai ns b ot h p ositi v e a n d n e g ati v e

v al u es, a ki n t o st a n d ar d k er n els. D uri n g i nf er e n c e, w e g e n er at e t w o v ersi o ns of t his k er n el: a

p ositi v e v ersi o n, r et ai ni n g o nl y t h e p ositi v e v al u es a n d r e pl a ci n g n e g ati v e o n es wit h z er os,

a n d a n e g ati v e v ersi o n, w hi c h k e e ps t h e a bs ol ut e v al u es of t h e ori gi n al k er n el’s n e g ati v e

el e m e nts a n d s u bstit ut es z er os f or t h e p ositi v e v al u es. F oll o wi n g t h e pri n ci pl es of t h e ori gi n al

ps e u d o n e g ati v e m et h o d, t h e n e g ati v e v ersi o n’s o ut c o m e is s u btr a ct e d fr o m t h e p ositi v e o n e

t o a c hi e v e t h e d esir e d c o n v ol uti o n r es ult ( S e e Fi g ur e 3. 6 ).

T his m et h o d c a n b e ef fi ci e ntl y e x e c ut e d b y a p pl yi n g t h e R e L U f u n cti o n t o b ot h t h e

ori gi n al a n d its i n v ert e d f or m as s h o w n i n E q u ati o n 3. 5 .

X ∗ K = X ∗ R e L U (K ) − X ∗ R e L U ((− 1 )K ), ( 3. 5)

w h er e X is t h e i n p ut i m a g e, K is t h e k er n el a n d R e L U (K ) f u n cti o n c a n b e d es cri b e d as

m a x (0 ,K ). J ust li k e t h e ps e u d o n e g ati v e m et h o d d es cri b e d b y C h a n g et al. [1 ], t his m et h o d

c arri es t w o c o n v ol uti o n o p er ati o ns i nst e a d of o n e, m a ki n g it t wi c e as e x p e nsi v e as t h e ori gi n al

c o n v ol uti o n o p er ati o n, b ut n e gl e cts t h e n e g ati vit y i n o pti cs b y p erf or mi n g s u btr a cti o n i n t h e

el e ctr o ni c d o m ai n o nl y. T h e r es ult of t h e m et h o d is i d e nti c al t o t h e ori gi n al c o n v ol uti o n

o p er ati o n wit h t h e n e g ati v e v al u es, h e n c e n o p erf or m a n c e l oss is e x p e ct e d. T h e m et h o d

c a n b e a p pli e d t o t h e i n p ut i m a g e as w ell, b ut is n ot n e c ess ar y w h e n t h e R e L U a cti v ati o n

f u n cti o ns ar e us e d i n t h e n e ur al n et w or k.

3. 2. 6 R es N et- 1 8

R es N et [ 4 ], w hi c h st a n ds f or R esi d u al N et w or k, w as a p ar a di g m s hift i n h o w C N Ns w er e

d esi g n e d a n d c o n c e pt u alis e d. B ef or e t h e i ntr o d u cti o n of R es N et, d e e p l e ar ni n g r es e ar c h

w as f o c us e d o n d esi g ni n g d e e p er n et w or ks i n t h e h o p es of a c hi e vi n g b ett er p erf or m a n c e,

li k e V G G n et w or ks [2 ], w hi c h h a d c o n fi g ur ati o ns u p t o 1 9 c o n v ol uti o n al l a y ers. H o w e v er,

8 2



Fig. 3.6 Comparison of regular convolution and convolution using a pseudo-negative
split of the kernel on the example of the Sobel edge detection Instead of training the model
with two different positive kernels and subtracting the outputs, in this method one regular
kernel can be used twice one for negative and for positive numbers using sign flip and ReLU
functions and only then the outputs are subtracted to emulate the convolution with negative
numbers. Both processes yield identical results for convolution operations.
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d e e p er n et w or ks oft e n f ail e d t o c o n v er g e, a n d t h e a c c ur a c y g ai ns fr o m a d diti o n al d e pt h w er e

s at ur ati n g a n d e v e n d e gr a di n g. R es N et ar c hit e ct ur e br o k e t h e tr e n d a n d h as r e v ol uti o nis e d

t h e fi el d of d e e p l e ar ni n g, p arti c ul arl y i n h a n dli n g t h e v a nis hi n g/ e x pl o di n g gr a di e nts pr o bl e m

t h at aris es w h e n tr ai ni n g d e e p er n et w or ks. R es N et- 1 8 is o n e of t h e fi v e c o n v ol uti o n al n e ur al

n et w or ks i ntr o d u c e d b y H e et al. [ 4 ] f or t h e I m a g e N et d at as et [1 3 3 ] tr ai ni n g. T h e n a m e

R es N et- 1 8 i n di c at es ei g ht e e n l a y ers of t h e n et w or k; ot h er c o n fi g ur ati o ns als o i n cl u d e 3 4,

5 0, 1 0 1 a n d 1 5 2 l a y ers. H o w e v er, R es N et- 1 8 b e c a m e p o p ul ar f or a p pli c ati o ns r e q uiri n g a

b al a n c e b et w e e n a c c ur a c y a n d c o m p ut ati o n al ef fi ci e n c y. F or t h e d at as et us e d i n t his w or k,

CI F A R- 1 0 0, R es N et- 1 8 is b ot h s uf fi ci e nt f or a c hi e vi n g str o n g p erf or m a n c e a n d w ell-s uit e d

f or pr o vi n g t h e c o n c e pt, w hi c h is w h y it w as c h os e n o v er ot h er R es N et c o n fi g ur ati o ns.

T h e k e y f e at ur e of R es N et ar c hit e ct ur e is t h e us e of ’s h ort c ut’ c o n n e cti o ns, als o k n o w n

as r esi d u al c o n n e cti o ns, w hi c h all o w t h e gr a di e nt t o b e dir e ctl y b a c k pr o p a g at e d t o s h all o w er

l a y ers. T his m a k es t h e n et w or k e asi er t o o pti mis e a n d miti g at es t h e d e gr a d ati o n pr o bl e m.

B y s ki p pi n g o n e or m or e l a y ers a n d dir e ctl y a d di n g t h e i n p ut t o t h e o ut p ut, t h e n et w or k

c o ul d e asil y l e ar n t h e i d e ntit y f u n cti o n. T his, i n t ur n, h el ps t h e m o d el f o c us o n l e ar ni n g t h e

diff er e n c es or r esi d u als.

T h e R es N et- 1 8 m o d el is c o m p os e d of fi v e st a g es. T h e first st a g e is t h e × 7 c o n v ol uti o n

wit h a stri d e of 2, f oll o w e d b y t h e m a x p o ol o p er ati o n t o r e d u c e t h e r es ol uti o n of t h e f e at ur e

m a ps. Si n c e it is i m p ossi bl e t o p erf or m stri d es c o n v ol uti o ns i n 4f s yst e m, t h at l a y er w as

m o di fi e d wit h t h e r e g ul ar c o n v ol uti o n l a y er of stri d e o n e. T h e ot h er f o ur st a g es c o nt ai n t w o

b asi c bl o c ks e a c h. T h er e is a m a x p o ol o p er ati o n at t h e e n d of e a c h st a g e, e x c e pt t h e l ast o n e,

w hi c h c o nt ai ns a n a v er a g e p o ol i nst e a d. J ust li k e a n y ot h er cl assi fi er C N N, t h e o ut p ut of t h e

c o n v ol uti o n al p art is fit i nt o t h e d e ns e l a y ers wit h t h e n u m b er of o ut p ut n e ur o ns e q u al t o t h e

n u m b er of cl ass es.

T h e R es N et- 1 8 m o d el w as s el e ct e d f or tr ai ni n g a n d e v al u ati o n i n t his w or k usi n g t h e

CI F A R- 1 0 0 d at as et d u e t o its b al a n c e b et w e e n c o m p ut ati o n al ef fi ci e n c y a n d m o d el p erf or-

m a n c e, as w ell as its pr o v e n s u c c ess i n tr ai ni n g o n t h e CI F A R- 1 0 0 d at as et.

T h e i niti al h y p ot h esis w as t o us e l ar g e k er n els t o f ull y utilis e t h e hi g h-r es ol uti o n c a p a-

biliti es of t h e fr e e-s p a c e O pti c al s et u p a n d i n v esti g at e t h e eff e cts of a u g m e nti n g k er n el si z e

i n R es N et ar c hit e ct ur es. H o w e v er, e m piri c al t esti n g r e v e al e d t h at a n i n cr e as e i n k er n el si z e

wit h o ut a c o n c o mit a nt r e d u cti o n i n t h e n u m b er of c h a n n els l e d t o o v er fitti n g i n t h e r es ulti n g

F at N et ar c hit e ct ur e.

T h e m o di fi c ati o n str at e g y t h us e v ol v e d t o si m ult a n e o usl y i n cr e as e t h e k er n el si z e a n d

d e cr e as e t h e n u m b er of c h a n n els i n t h e c o n v ol uti o n al n e ur al n et w or k. T his a p pr o a c h r es ult e d

i n n et w or ks wit h a v er y s m all n u m b er of c h a n n els a n d dis pr o p orti o n at el y l ar g e k er n els. A
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c h all e n g e ar os e i n t h e d e e p er l a y ers of t h es e n et w or ks w h e n t h e k er n el si z e e x c e e d e d t h e

di m e nsi o ns of t h e i n p ut f e at ur e m a ps. T h e c o nstr u cti o n t a bl e of t his F at N et is s h o w n b el o w:

Ta bl e 3. 1 C o nstr u cti o n of F at N et fr o m R es N et- 1 8.

Ori gi n al l a y ers  Wei g hts Pi x els F at N et wit h l ar g er k er n els

C h a n n els K er n el si z e  C h a n n els  K er n el si z e

6 4 × 1 2 8 3 7 3, 7 2 8 8, 1 9 2 6 4 × 8 2 4

1 2 8 × 1 2 8 3 1 4 7, 4 5 6 8, 1 9 2 8 2 × 8 2 5

1 2 8 × 1 2 8 3 1 4 7, 4 5 6 8 2, 1 9 2 8 2 × 8 2 5

1 2 8 × 1 2 8 3 1 4 7, 4 5 6 8 2, 1 9 2 8 2 × 8 2 5

1 2 8 × 2 5 6 3 2 9 4, 9 1 2 4, 0 9 6 8 2 × 4 1 9

2 5 6 × 2 5 6 3 5 8 9, 8 2 4 4, 0 9 6 4 1 × 4 1 1 9

2 5 6 × 2 5 6 3 5 8 9, 8 2 4 4, 0 9 6 4 1 × 4 1 1 9

2 5 6 × 2 5 6 3 5 8 9, 8 2 4 4, 0 9 6 4 1 × 4 1 1 9

2 5 6 × 5 1 2 3 1, 1 7 9, 6 4 8 2, 0 4 8 4 1 × 2 1 3 7

5 1 2 × 5 1 2 3 2, 3 5 9, 2 9 6 2, 0 4 8 2 1 × 2 1 7 3

5 1 2 × 5 1 2 3 2, 3 5 9, 2 9 6 2, 0 4 8 2 1 × 2 1 7 3

5 1 2 × 5 1 2 3 2, 3 5 9, 2 9 6 2, 0 4 8 2 1 × 2 1 7 3

F C( 5 1 2 × 1 0 0) 3 5 1, 2 0 0 1 0 0 2 1 × 1 4 9

U p o n f urt h er a n al ysis, it w as dis c o v er e d t h at i n s u c h c as es, w h e n t h e k er n el is l ar g er t h a n

t h e i n p ut, i n t h e s a m e- p a d d e d or F F T c o n v ol uti o n, t h e r ol es of t h e i n p ut a n d k er n el w er e

eff e cti v el y i n v ert e d. Gi v e n t h at t h e c o n v ol uti o n o ut p ut w as cr o p p e d t o t h e i n p ut di m e nsi o ns,

t his l e d t o a p h e n o m e n o n w h er e t h e si d e pi x els of t h e k er n els w er e n ot b ei n g tr ai n e d. As t h es e

si d e pi x els l a y o utsi d e t h e n et w or k’s r e c e pti v e fi el d, t h e y c o nstit ut e d tr ai n a bl e p ar a m et ers

t h at n eit h er c o ntri b ut e d t o p erf or m a n c e n or i m p a ct e d t h e n et w or k o ut p ut w hil e u n n e c ess aril y

c o ns u mi n g m e m or y a n d c o m p ut ati o n al r es o ur c es. D es pit e its e xtr e m e ef fi ci e n c y i m pl e m e nt e d

wit h t h e o pti c al a c c el er at ors, t his ki n d of ar c hit e ct ur e is f a ult y, a n d t h e vis u alis ati o n of t h e

k er n els is s h o w n i n t h e r es ults s e cti o n.

T o a d dr ess t his iss u e, a n e w r ul e, N u m b er 6, w as i ntr o d u c e d f or t h e k er n el di m e nsi o ns i n

pr o bl e m ati c l a y ers, li miti n g t h e m t o t h e r es ol uti o n of t h e f e at ur e m a ps ( S e e S e cti o n 3. 2. 1 ).

T his r es ol uti o n w as d et er mi n e d t o b e e q u al t o t h e s q u ar e r o ot of t h e n u m b er of cl ass es, w hi c h

is t h e mi ni m u m r es ol uti o n of t h e f e at ur e m a ps i n F at N et. C orr es p o n di n g a dj ust m e nts w er e

m a d e t o t h e n u m b er of c h a n n els, e ns uri n g a c o nsist e nt c o u nt of f e at ur e pi x els a n d tr ai n a bl e
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p ar a m et ers. T h e c o nstr u cti o n n et w or k b el o w d e m o nstr at es t h e c o nstr u cti o n of t h e F at N et

usi n g t h e n e w r ul e f or t h e m a xi m u m k er n el si z e c o nstr ai nt:

Ta bl e 3. 2 C o nstr u cti o n t a bl e of R es- F at N et fr o m R es N et- 1 8, aft er c a p pi n g t h e r es ol uti o n of
t h e k er n els at a c ert ai n li mit e q u al t o t h e r es ol uti o n of t h e f e at ur e m a ps. K er n el si z es d o n ot
e x c e e d t h e r es ol uti o n of t h e f e at ur e m a ps. T h e o ut p ut c h a n n els t h at w er e n ot e q u al t o t h e
i n p ut c h a n n els of t h e n e xt l a y er w er e r e a dj ust e d a n d i n di c at e d i n b ol d.

Ori gi n al l a y ers  Wei g hts Pi x els F at N et F at- N et a dj ust e d

C h a n n els  K er n el  C h a n n els  K er n el C h a n n els  K er n el

6 4 × 1 2 8 3 7 3, 7 2 8 8, 1 9 2 6 4 × 8 2 4 6 4 × 8 2 4

1 2 8 × 1 2 8 3 1 4 7, 4 5 6 8, 1 9 2 8 2 × 8 2 5 8 2 × 8 2 5

1 2 8 × 1 2 8 3 1 4 7, 4 5 6 8 2, 1 9 2 8 2 × 8 2 5 8 2 × 8 2 5

1 2 8 × 1 2 8 3 1 4 7, 4 5 6 8 2, 1 9 2 8 2 × 8 2 5 8 2 × 8 2 5

1 2 8 × 2 5 6 3 2 9 4, 9 1 2 4, 0 9 6 8 2 × 4 1 1 0 8 2 × 7 8 7

2 5 6 × 2 5 6 3 5 8 9, 8 2 4 4, 0 9 6 7 8 × 7 8 1 0 7 8 × 7 8 1 0

2 5 6 × 2 5 6 3 5 8 9, 8 2 4 4, 0 9 6 7 8 × 7 8 1 0 7 8 × 7 8 1 0

2 5 6 × 2 5 6 3 5 8 9, 8 2 4 4, 0 9 6 7 8 × 7 8 1 0 7 8 × 7 8 1 0

2 5 6 × 5 1 2 3 1, 1 7 9, 6 4 8 2, 0 4 8 7 8 × 1 5 1 1 0 7 8 × 1 5 1 1 0

5 1 2 × 5 1 2 3 2, 3 5 9, 2 9 6 2, 0 4 8 1 5 1 × 1 5 5 1 0 1 5 1 × 1 5 5 1 0

5 1 2 × 5 1 2 3 2, 3 5 9, 2 9 6 2, 0 4 8 1 5 5 × 1 5 1 1 0 1 5 5 × 1 5 1 1 0

5 1 2 × 5 1 2 3 2, 3 5 9, 2 9 6 2, 0 4 8 1 5 1 × 1 5 5 1 0 1 5 1 × 1 5 5 1 0

F C( 5 1 2 × 1 0 0) - 5 1, 2 0 0 1 0 0 1 5 5 × 1 1 0 1 5 5 × 1 1 0

T h e c o m p aris o n of t h e vis u alis e d ar c hit e ct ur es c a n b e s e e n i n t h e Fi g ur e 3. 7

O bs er vi n g t h e R es- F at N et ar c hit e ct ur e, it c a n b e s e e n t h at t h e l ast bl o c k of l a y ers c o nt ai ns

fl u ct u ati o ns i n t h e n u m b er of c h a n n els. T h e l ast l a y ers, h a v e i n p ut c h a n n els a n d o ut p ut

c h a n n els of eit h er 1 5 5 or 1 5 1. W hil e t h es e fl u ct u ati o ns w er e f o u n d t o h a v e a n e gli gi bl e

i m p a ct o n p erf or m a n c e, a m or e si g ni fi c a nt eff e ct w as n ot e d i n ot h er ar c hit e ct ur es d u e t o

l ar g er fl u ct u ati o ns i n t h e n u m b er of c h a n n els. C o ns e q u e ntl y, w h e n d e v el o pi n g t h e a ut o m at e d

c o n v ersi o n t o ol, F at S pitt er, a r ul e N u m b er 6 w as i ntr o d u c e d t o pr es er v e t h e e q u alit y of i n p ut

a n d o ut p ut c h a n n els of t h e ori gi n al n et w or k f or t h e c orr es p o n di n g F at N et it er ati o n ( S e e

S e cti o n 3. 2. 1 ). T his r ul e h as b e e n stri ctl y a d h er e d w h e n a d a pti n g ot h er ar c hit e ct ur es us e d i n

t his w or k.
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(a)

(b)

Fig. 3.7 The comparison between our tweaked ResNet-18 used for CIFAR-100 training
and FatNet, which is built on ResNet-18 and specifically designed for CIFAR-100
classification. (a) ResNet-18 architecture is slightly altered in our version. Our model does
not employ strides, given that optical systems are unable to carry out strides in convolutions.
Moreover, to enhance compatibility with CIFAR-100, we’ve omitted the second non-residual
convolutional layer. (b) FatNet, which is based on ResNet-18, is tailored for CIFAR-100.
This structure has fewer channels but larger resolutions when compared to ResNet-18. The
kernel sizes can reach up to 10 10, and feature maps are never pooled to smaller than 10
10. The concluding layer is a 10 10 matrix that is flattened into a 100-element vector, with
each element representing a CIFAR-100 class.
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3. 2. 7 Al e x N et

Al e x N et is a d e e p c o n v ol uti o n al n e ur al n et w or k pr o p os e d b y Al e x Kri z h e vs k y, Il y a S uts k e v er,

a n d G e offr e y Hi nt o n i n 2 0 1 2 [ 3 ]. Al e x N et ar c hit e ct ur e is k n o w n f or b ei n g a t ur ni n g p oi nt i n

t h e d e e p l e ar ni n g er a a n d si g ni fi c a ntl y i n fl u e n c e d t h e fi el d of AI b y wi n ni n g t h e I m a g e N et

L ar g e- S c al e Vis u al R e c o g niti o n C h all e n g e (I L S V R C). Al e x N et, w as t h e first w or k t o us e

R e L U a cti v ati o n f u n cti o ns t o eli mi n at e t h e Va nis hi n g Gr a di e nt Pr o bl e m, Dr o p o uts f or

r e g ul aris ati o n a n d i m pl e m e nt ati o n of D e e p L e ar ni n g o n G P U.

Al e x N et c o nt ai ns ei g ht l a y ers: fi v e c o n v ol uti o n al l a y ers a n d t hr e e d e ns e l a y ers. T h e

ori gi n al i n p ut of Al e x N et is a 2 2 4 × 2 2 4 × 3 i m a g e, a n d t h e o ut p ut is 1 0 0 0 cl ass es f or t h e

I m a g e N et cl assi fi c ati o n.

T h e first t w o c o n v ol uti o n al l a y ers us e k er n els of 1 1 × 1 1 a n d 5 × 5 , r es p e cti v el y, a n d

o nl y t h e n e xt t hr e e c o n v ol uti o n al l a y ers us e c o m m o n 3 × 3 k er n els. M or e o v er, t h e first

c o n v ol uti o n al l a y er is t h e stri d e d c o n v ol uti o n, w hi c h w e h a d t o r e pl a c e wit h t h e r e g ul ar s a m e

p a d d e d c o n v ol uti o n ( S e e Fi g ur e 3. 8 ( a)), as it is t h e o nl y t y p e of c o n v ol uti o n p ossi bl e i n t h e

4f s yst e m.

( a) ( b)

Fi g. 3. 8 T h e c o m p a ris o n b et w e e n o u r t w e a k e d Al e x N et us e d f o r CI F A R- 1 0 0 t r ai ni n g
a n d its F at N et e q ui v al e nt, b uilt o n Al e x N et a n d s p e ci fi c all y d esi g n e d f o r CI F A R- 1 0 0
cl assi fi c ati o n. ( a) Al e x N et ar c hit e ct ur e is sli g htl y alt er e d i n o ur v ersi o n. O ur m o d el c o nt ai ns
o nl y o n e li n e ar l a y er t o m a k e it m or e c o m p ati bl e wit h CI F A R- 1 0 0. ( b) Al e x- F at N et t ail or e d
f or CI F A R- 1 0 0. T his str u ct ur e h as f e w er c h a n n els b ut l ar g er r es ol uti o ns w h e n c o m p ar e d
t o Al e x N et. T h e k er n el si z e r e a c h es 1 0 × 1 0 i n t h e l ast l a y er, a n d f e at ur e m a ps ar e n e v er
p o ol e d t o s m all er t h a n 1 0 × 1 0. T h e c o n cl u di n g l a y er is a 1 0 × 1 0 m atri x fl att e n e d i nt o a
1 0 0- el e m e nt v e ct or, wit h e a c h el e m e nt r e pr es e nti n g CI F A R- 1 0 0 cl ass es.

Aft er t h e fift h c o n v ol uti o n al l a y er, m a x p o oli n g is p erf or m e d a n d t h e n t h e n et w or k

s wit c h es t o f ull y c o n n e ct e d l a y ers. T h e f ull y c o n n e ct e d l a y ers h a v e 4 0 9 6, 4 0 9 6, a n d 1 0 0 0

n e ur o ns, r es p e cti v el y. T h e o ut p ut of t h e fi n al l a y er is f e d t o a s oft m a x f u n cti o n, w hi c h o ut p uts
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a pr o b a bilit y distri b uti o n o v er 1 0 0 0 cl ass es. Si n c e o ur cl assi fi c ati o n t as k c o nt ai ns o nl y 1 0 0

cl ass es, t h e li n e ar l a y ers w er e r e pl a c e d b y li n e ar l a y er fr o m 4 0 9 6 n e ur o ns t o 1 0 0 cl ass es

dir e ctl y.

T h e c o n v ersi o n t o t h e F at e q ui v al e nt b e gi ns ri g ht aft er t h e s e c o n d f e at ur e m a p as it c a n

b e s e e n fr o m t h e Fi g ur e 3. 8 ( b).

T h e c o nstr u cti o n t a bl e pr o vi d es a d et ail e d pr o c ess of c o n v erti n g Al e x N et i nt o Al e x- F at N et

( S e e Ta bl e 3. 3 ). T h e cl assi fi er of t h e m o d el is r e pl a c e d b y a 2 5 6-t o- 1 c h a n n el c o n v ol uti o n

wit h a k er n el si z e of 1 0 × 1 0 . U nli k e R es- F at N et, t h e r ul e st ati n g t h at t h e e q u alit y of i n p ut

a n d o ut p ut c h a n n els is pr es er v e d if t h e y ar e e q u al i n t h e ori gi n al n et w or k is t a k e n i nt o a c c o u nt

i n t h e F at S plitt er al g orit h m us e d t o c o n v ert Al e x N et. As s e e n fr o m t h e C o nstr u cti o n t a bl e,

t h e t hir d l a y er of 3 8 4 t o 3 8 4 c h a n n els is c o n v ert e d i nt o 1 8 9 t o 1 8 9 c h a n n els.

Ta bl e 3. 3 C o nstr u cti o n t a bl e of Al e x- F at N et fr o m Al e x N et. U nli k e t h e R es N et, Al e x N et di d
n ot r e q uir e t h e r e fi n e m e nt of t h e l a y ers.

Ori gi n al l a y ers  Wei g hts Pi x els F at- N et

C h a n n els K er n el  C h a n n els  K er n el

9 6 × 2 5 6 5 6 1 4, 4 0 0 1 2, 5 4 4 9 6 × 1 2 6 8

2 5 6 × 3 8 4 3 8 8 4, 7 3 6 1 8, 8 1 6 1 2 6 × 1 8 9 7

3 8 4 × 3 8 4 3 1, 3 2 7, 1 0 4 1 8, 8 1 6 1 8 9 × 1 8 9 7

3 8 4 × 2 5 6 3 8 8 4, 7 3 6 1 8, 8 1 6 1 8 9 × 1 8 9 5

3. 2. 8 V G G- 1 9

A n ot h er n et w or k t est e d a n d c o n v ert e d i nt o t h e F at N et f or m at i n t his w or k is V G G- 1 9 [ 2 ].

V G G- 1 9 is a n a b br e vi ati o n f or Vis u al G e o m etr y Gr o u p- 1 9, w hi c h si g ni fi es a c o n v ol uti o n al

n e ur al n et w or k ar c hit e ct ur e d e v el o p e d b y t h e Vis u al G e o m etr y Gr o u p at t h e U ni v ersit y of

O xf or d. V G G n et w or k w as i ntr o d u c e d as a 1 6 a n d 1 9-l a y er e d c o n v ol uti o n al n et w or k. V G G-

1 9 r ef ers e x pli citl y t o a v ari a nt of t h e V G G m o d el t h at c o nt ai ns 1 9 l a y ers; it i n cl u d es si xt e e n

c o n v ol uti o n al l a y ers wit h v er y s m all 3 × 3 k er n els, fi v e m a x- p o oli n g l a y ers wit h k er n els si z e

of 2 × 2 a n d stri d e 2, t hr e e li n e ar l a y ers, a n d o n e s oft m a x l a y er. It’s ori gi n al v ersi o n e x p e cts

a n i n p ut of 2 2 4 × 2 2 4 R G B i m a g es. V G G us es R e L U l a y ers as t h e a cti v ati o n f u n cti o n. T h e

V G G- 1 9’s li n e ar l a y ers st art wit h t w o li n e ar l a y ers of 4 0 9 6 n o d es a n d a fi n al l a y er of 1 0 0 0,

c orr es p o n di n g t o 1 0 0 0 cl ass es. Si n c e o ur d at as et c o nsists of i m a g es of r es ol uti o n 3 2 × 3 2 , t h e

fi n al f e at ur e m a p h as t h e r es ol uti o n of 2 × 2 o nl y, a n d t h e n u m b er of cl ass es is si g ni fi c a ntl y
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l o w er; t h e li n e ar l a y ers w er e r e pl a c e d wit h o n e l a y er o nl y, w hi c h m a ps fr o m 5 1 2 n o d es t o

1 0 0 cl ass es ( S e e Fi g ur e 3. 9 ( a)). U nli k e t h e ori gi n al s et u p, n o dr o p o ut l a y ers w er e us e d. T h e

F at e q ui v al e nt of t h e V G G- 1 9 c a n b e s e e n i n t h e Fi g ur e 3. 9 ( b), w h er e t h e c o n v ersi o n st arts

a p p e ari n g aft er t h e f o urt h f e at ur e m a p.

( a)

( b)

Fi g. 3. 9 T h e c o m p a ris o n b et w e e n o u r t w e a k e d V G G- 1 9 us e d f o r CI F A R- 1 0 0 t r ai ni n g
a n d its F at N et e q ui v al e nt, b uilt o n V G G- 1 9 a n d s p e ci fi c all y d esi g n e d f o r CI F A R- 1 0 0
cl assi fi c ati o n. ( a) V G G- 1 9 ar c hit e ct ur e is sli g htl y alt er e d i n o ur v ersi o n. O ur m o d el c o nt ai ns
o nl y o n e li n e ar l a y er fr o m 5 1 2 n o d es t o 1 0 0 t o m a k e it m or e c o m p ati bl e wit h cif ar 1 0 0. ( b)
V G G- F at N et t ail or e d f or CI F A R- 1 0 0. T his str u ct ur e h as f e w er c h a n n els b ut l ar g er r es ol uti o ns
w h e n c o m p ar e d t o V G G- 1 9. T h e k er n el si z es c a n r e a c h u p t o 1 0 × 1 0, a n d f e at ur e m a ps ar e
n e v er p o ol e d t o s m all er t h a n 1 0 × 1 0. T h e c o n cl u di n g l a y er is a 1 0 × 1 0 m atri x fl att e n e d i nt o
a 1 0 0- el e m e nt v e ct or, wit h e a c h el e m e nt r e pr es e nti n g CI F A R- 1 0 0 cl ass es.

T h e C o nstr u cti o n Ta bl e 3. 4 pr o vi d es a d et ail e d pr o c ess f or c o n v erti n g V G G- 1 9 i nt o

V G G- F at N et. T h e cl assi fi er of t h e m o d el is r e pl a c e d b y a 1 5 4-t o- 1 c h a n n el c o n v ol uti o n al

l a y er wit h a k er n el si z e of 1 0 × 1 0 . R ul es 6 a n d 7 w er e f oll o w e d d uri n g t h e c o nstr u cti o n of

V G G- F at N et, a n d t h e c o n v ersi o n w as f ull y a ut o m at e d usi n g t h e F at S pitt er. I n t his p arti c ul ar
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Table 3.4 Construction table of VGG-FatNet from VGG-19, after capping the resolution of
the kernels at a certain limit equal to the resolution of the feature maps. Kernel sizes do not
exceed the resolution of the feature maps. The output channels that were not equal to the
input channels of the next layer were readjusted and indicated in bold.

Original layers Weights Pixels FatNet Fat-Net adjusted

Channels Kernel Channels Kernel Channels Kernel

128 128 3 147,456 8,192 96 96 4 96 96 4

128 256 3 294,912 16,384 96 164 5 96 164 5

256 256 3 589,824 16,384 164 164 5 164 164 5

256 256 3 589,824 16,384 164 164 5 164 77 7
256 256 3 589,824 4,096 77 77 10 77 77 10

256 512 3 1,179,648 8,192 77 153 10 77 154 10

512 512 3 2,359,296 8,192 154 154 10 154 154 10

512 512 3 2,359,296 8,192 154 154 10 154 154 10

512 512 3 2,359,296 2,048 154 154 10 154 154 10

512 512 3 2,359,296 2,048 154 154 10 154 154 10

512 512 3 2,359,296 2,048 154 154 10 154 154 10

512 512 3 2,359,296 2,048 154 154 10 154 154 10

512 512 3 2,359,296 2,048 154 154 10 154 154 10

case, it was important to preserve the equality of input and output channels when they are
equal in the original network. Otherwise, fluctuations in the channel number could occur,
disrupting the block-based structure of the VGGNet, where the organisation of convolutional
blocks must be maintained to preserve the integrity of the VGG structure. As seen in the
construction table, the output of the fourth layer was adjusted to 77 to match the number of
input channels of the next layer. Since the number of channels was reduced, the kernel size
was correspondingly increased to 7 7. In layer 6, however, the number of output channels
was increased by one. Since this change was minor, it did not result in any adjustments to the
kernel size.
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3. 3 E x p e ri m e nts

T h e pri m ar y ai m of F at N et is n ot t o e n h a n c e p erf or m a n c e b ut t o est a blis h t h at t h e c o n v ert e d

n et w or k ar c hit e ct ur e c a n s ust ai n a c c ur a c y b y l e v er a gi n g t h e hi g h-r es ol uti o n c a p a biliti es of

fr e e-s p a c e o pti cs f or a c c el er ati o n. A d diti o n all y, it ai ms t o e x e c ut e f e w er i nf er e n c es t hr o u g h

t h e 4f s yst e m c o m p ar e d t o t h e ori gi n al n et w or k. C o ns e q u e ntl y, o ur r es e ar c h eff orts w er e

pri m aril y f o c us e d o n c o m p ar ati v e a n al ysis b et w e e n t h e ori gi n al n et w or ks a n d t h eir F at N et

e q ui v al e nts.

CI F A R- 1 0 0’s tr ai ni n g s et w as di vi d e d i nt o tr ai ni n g a n d v ali d ati o n s u bs ets wit h a n 8 0-

2 0 % r ati o, yi el di n g 4 0, 0 0 0 i m a g es f or tr ai ni n g a n d 1 0, 0 0 0 f or v ali d ati o n. T h e d at as et w as

n or m alis e d usi n g t h e m e a n a n d st a n d ar d d e vi ati o n a cr oss all c h a n n els. D at a a u g m e nt ati o n

t e c h ni q u es, i n cl u di n g h ori z o nt al fli p pi n g a n d r a n d o m cr o p pi n g wit h p a d di n g of f o ur, w er e

als o e m pl o y e d.

A m o di fi e d v ersi o n of R es N et- 1 8 w as r e pli c at e d, tr a nsf or m e d i nt o its F at N et e q ui v al e nt,

a n d b ot h v ersi o ns of t h e n et w or ks u n d er w e nt t h e tr ai ni n g pr o c ess. Diff er e nt v ari ati o ns of

R es N et- 1 8 h a v e b e e n tr ai n e d, b ut d u e t o t h e si m pli cit y a n d g o o d p erf or m a n c e, R e L U b ef or e

t h e a d diti o n v ersi o n w as c h os e n ( S e e Fi g ur e 2. 5 ( b)). T o s u p p ort R es- F at N et’s a c c ur a c y

wit hi n t h e o pti c al d e vi c e, t h e n et w or k w as als o tr ai n e d i n a si m ul at or t o d e m o nstr at e t h e

f e asi bilit y of i nf er e n c e i n t h e 4f s yst e m aft er t h e F at N et c o n v ersi o n.

P ar a m et ers f or t h e e x p eri m e nt al s et u p i n cl u d e d s etti n g t h e l as er w a v el e n gt h t o 5 3 2 n m

( gr e e n), a n d e m pl o yi n g c o n v e x l e ns es wit h a di a m et er of 5 m m a n d a f o c al l e n gt h of 1 0

m m. It s h o ul d b e n ot e d t h at f a ct ors s u c h as t h e d e vi c e’s q u a ntis ati o n a n d n ois e w er e n ot

c o nsi d er e d, a n d fl o at 3 2 t y p e w as us e d.

T h e n et w or k, wit hi n a r e al 4f s yst e m, w o ul d h a v e b e n e fit e d fr o m p ar all elis m b y e m pl o yi n g

tili n g t e c h ni q u es f or t h e b at c h es. H o w e v er, t h e si m ul at or di d n ot us e s u c h tili n g t e c h ni q u es,

gi v e n t h at m atri c es w er e e n c a ps ul at e d wit hi n P y T or c h’s t e ns or f or m at. O p er ati o ns w er e

c o n d u ct e d wit h o ut t e ns or u n wr a p pi n g, wit h F o uri er tr a nsf or ms a n d m ulti pli c ati o ns p erf or m e d

dir e ctl y o n t h e f o ur- di m e nsi o n al t e ns ors. T his m et h o d ol o g y w as s el e ct e d d u e t o t h e si m ul at or-

b as e d n et w or k tr ai ni n g’s r el ati v el y sl o w p a c e c o m p ar e d t o t h e st a n d ar d P y T or c h n et w or k.

F or e x a m pl e, e a c h e p o c h of R es- F at N et’s o pti c al si m ul ati o n r e q uir es 6 7 mi n ut es, w hil e a n

e p o c h wit hi n t h e st a n d ar d R es- F at N et wit h C o n v 2 d l a y er of P y T or c h o nl y t a k es 1 5 s e c o n ds.

R es N et a n d Al e x N et, i n cl u di n g t h eir F at N et e q ui v al e nts, w er e tr ai n e d usi n g t h e S G D

o pti mis er wit h m o m e nt u m s et at 0. 9. T h e i niti al l e ar ni n g r at es w er e 0. 0 1 a n d 0. 0 0 5 f or R es N et

a n d Al e x N et, r es p e cti v el y. R es N et a n d its F at N et v ari a nt u p d at e d t h e l e ar ni n g r at e e v er y

5 0 st e ps b y a f a ct or of 0. 2. I n c o ntr ast, Al e x N et a n d V G G- 1 9 us e d t h e C osi n e A n n e ali n g

s c h e d ul er [ 1 3 4 ]. T h e fi n al l a y ers of all r esi d u al n et w or ks i n c or p or at e d a 2 0 % dr o p o ut l a y er.

9 2



B ot h V G G- 1 9 a n d V G G- F at N et w er e tr ai n e d wit h t h e A d a m o pti mis er d u e t o e x p eri m e nt all y

b ett er c o n v er g e n c e, wit h a n i niti al l e ar ni n g r at e s et t o 0. 0 1.

T h e tr ai ni n g pr o c ess w as c o n d u ct e d o n t w o N VI DI A A 1 0 0 4 0 G B G P Us. B ot h R es N et-

1 8 a n d R es- F at N et w er e tr ai n e d wit h a b at c h si z e of 6 4 ( 3 2 p er G P U), w hil e Al e x N et a n d

V G G- 1 9, i n cl u di n g t h eir F at N et e q ui v al e nts, w er e tr ai n e d wit h a b at c h si z e of 1 2 8 ( 6 4 p er

G P U).

W h e n tr ai ni n g t h e o pti c al si m ul ati o n of m o d els, R es- F at N et w as tr ai n e d wit h S G D wit h

a n i niti al l e ar ni n g r at e of 0. 0 1, w hil e Al e x- F at N et a n d V G G- F at N et w er e tr ai n e d wit h A d a m

wit h a n i niti al l e ar ni n g r at e of 0. 0 0 0 0 1.

U nli k e G P U tr ai ni n g, t h e o pti c al si m ul ati o n of F at N et r e q uir e d a r e d u c e d b at c h si z e d u e

t o t h e si m ul at or’s hi g h m e m or y r e q uir e m e nts. S p e ci fi c all y, F at- V G G N et w as tr ai n e d wit h

a b at c h si z e of 1 2 ( 6 p er G P U) a n d R es- F at N et a n d Al e x- F at N et wit h a b at c h si z e of 1 6

( 8 p er G P U). T h e o pti c al si m ul ati o n i n cr e as es t h e c o m p ut ati o n al gr a p h a n d gr a di e nt c o u nt,

n e c essit ati n g t h es e a dj ust m e nts.

D es pit e t h e a bs e n c e of a si m ul ati o n f or t h e 4f s yst e m’s p ar all elis m, a c c el er ati n g t h e

4f s yst e m n e c essit at es e x pl oiti n g hi g h r es ol uti o n. F at N et’s o pti m al a c c el er ati o n c o ul d b e

a c hi e v e d t hr o u g h b at c h tili n g ( or i n p ut tili n g). F or eff e cti v e b at c h tili n g, all i n p uts of t h e

s a m e b at c h m ust b e til e d i nt o a si n gl e i n p ut bl o c k, wit h t h e k er n el p a d d e d t o m at c h t h e

i n p ut bl o c k’s si z e. Pri or t o tili n g t h e i n p uts, e a c h m ust b e p a d d e d t o M + N- 1, w h er e M × M

r e pr es e nts t h e i n p ut si z e, a n d N × N r e pr es e nts t h e k er n el si z e. Gi v e n t his m et h o d ol o g y, t h e

c al c ul ati o n f or t h e n u m b er of p ot e nti al b at c h si z es pr o c e e ds as f oll o ws:

n =
R

M + N − 1

2

( 3. 6)

w h er e R is t h e r es ol uti o n of t h e 4f s yst e m

U p o n s u c c ess, t h e e x p eri m e nts w er e r e p e at e d wit h Al e x N et a n d V G G- 1 9. U nli k e R es-

F at N et, t h e c osi n e a n n e ali n g s c h e d ul er w as us e d f or t h es e n et w or ks. T h e tr ai ni n g r e gi m e of

all n et w or ks c a n b e s e e n i n t h e Ta bl e 3. 5 .

3. 4 R es ults a n d Dis c ussi o n

T h e r es ults i n t his s e cti o n e v al u at e t h e p erf or m a n c e of F at N et- a d a pt e d m o d els R es- F at N et,

Al e x- F at N et, a n d V G G- F at N et —i n a d dr essi n g t h e li mit ati o ns of t h e 4f fr e e-s p a c e o pti c al

s yst e m f or i m a g e cl assi fi c ati o n t as ks. S p e ci fi c all y, w e ass u m e t h at t h e 4f s yst e m p erf or ms

c o n v ol uti o n o p er ati o ns f or e a c h mi ni- b at c h s e p ar at el y, w hil e all ot h er o p er ati o ns, i n cl u di n g

a cti v ati o ns a n d p o oli n g, ar e c arri e d o ut el e ctr o ni c all y. T h e r es ults ass ess h o w w ell t h es e
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Ta bl e 3. 5 T his t a bl e s u m m aris es t h e k e y p ar a m et ers us e d i n tr ai ni n g e a c h n et w or k, i n cl u di n g
t h e o pti mis er, l e ar ni n g r at e, s c h e d ul er, b at c h si z e, dr o p o ut r at e, a n d t h e n u m b er of e p o c hs

P a r a m et e r R es N et- 1 8  Al e x N et  V G G- 1 9

O pti mis er S G D S G D S G D

I niti al L e ar ni n g R at e 0. 0 1 0. 0 0 5 0. 0 1

S c h e d ul er γ = 0 .2 st e p = 5 0 C osi n e A n n e ali n g C osi n e A n n e ali n g

Wei g ht D e c a y 0 5 e- 3 5 e- 4

B at c h Si z e 6 4 1 2 8 1 2 8

N u m b er of E p o c hs 3 0 0 3 0 0 1 6 0

D at a A u g m e nt ati o n
R a n d o m Fli p,
R a n d o m Cr o p,
St a n d artis ati o n

R a n d o m Fli p,
R a n d o m Cr o p,
St a n d artis ati o n

R a n d o m Fli p,
R a n d o m Cr o p,
St a n d artis ati o n

a d a pt e d ar c hit e ct ur es miti g at e t h e b ottl e n e c k of r e a d o ut s p e e d w hil e t a ki n g a d v a nt a g e of

t h e s yst e m’s hi g h-r es ol uti o n c a p a biliti es. F urt h er m or e, t h e a n al ysis e x pl or es t h e tr a d e- off

b et w e e n m o d el p erf or m a n c e a n d i nf er e n c e s p e e d.

I n t h e m et h o ds s e cti o n, t h e i niti al e x p eri m e nts w er e d es cri b e d, w h er ei n t h e k er n el si z e

w as n ot c o nstr ai n e d t o t h e m a xi m u m r es ol uti o n of t h e i n p ut f e at ur e m a p. T his u n c o nstr ai n e d

a p pr o a c h all o w e d t h e k er n el si z e t o e x c e e d t h e di m e nsi o ns of t h e f e at ur e m a p. C o ns e q u e ntl y,

w h e n e m pl o yi n g s a m e- p a d di n g c o n v ol uti o ns, t h e o ut p ut is cr o p p e d t o ali g n wit h t h e di m e n-

si o ns of t h e i n p ut f e at ur e m a p. T his cr o p pi n g m a k es t h e p eri p h er al pi x els of t h e k er n el

r e d u n d a nt, as t h e y d o n ot p arti ci p at e i n t h e tr ai ni n g pr o c ess. T his p h e n o m e n o n d e cr e as es t h e

n et w or k’s ef fi ci e n c y, i n cr e as es c o m p ut ati o n al d e m a n ds, a n d n e c essit at es m or e m e m or y.

T h e k er n els fr o m r estri ct e d a n d u nr estri ct e d n et w or ks w er e vis u alis e d i n Fi g ur e 3. 1 0 .

Fi g ur e 3. 1 0 ( b) s h o ws t h at o nl y a 1 0 × 1 0 s e cti o n i n t h e mi d dl e of t h e 3 7 × 3 7 k er n el

u n d er w e nt tr ai ni n g a n d h as a si mil ar c ol o ur s c h e m e t o t h e k er n el i n Fi g ur e 3. 1 0 ( a), w hi c h

d e pi cts a r estri c e d k er n el of 1 0 × 1 0 di m e nsi o ns. T h e r e m ai ni n g pi x els i n Fi g ur e 3. 1 0 ( b)

r et ai n t h eir v al u es si n c e i niti alis ati o n, f urt h er e vi d e n ci n g t h e i n ef fi c a c y of n ot r estri cti n g t h e

k er n els b e y o n d t h e f e at ur e m a p r es ol uti o n.

3. 4. 1 R es N et- 1 8

A n ot h er k er n el vis u alis ati o n w as c o n d u ct e d t o c o m p ar e R es- F at N et a n d R es N et- 1 8, as s h o w n

i n Fi g ur e 3. 1 1 . T his e m pl o ys a vis u alis ati o n t e c h ni q u e si mil ar t o t h at us e d b y Kri z h e vs k y et

al. [3 ], t o vis u alis e t h e k er n els of t h e first l a y er of t h e Al e x N et. Gi v e n t h at t h e i n p ut i m a g e is
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( a) ( b)

Fi g. 3. 1 0 Vis u al R e p r es e nt ati o n of t h e i m p a ct of k e r n el si z e l a r g e r t h a n t h e r es ol uti o n
of t h e f e at u r e m a p. ( a) S h o ws a k er n el fr o m F at N et, r estri ct e d t o a 1 0 × 1 0 si z e t o m at c h
t h e m a xi m u m f e at ur e m a p di m e nsi o ns. ( b) Ill ustr at es a n u nr estri ct e d k er n el wit h a si z e of
3 7 × 3 7 , e x c e e di n g t h e f e at ur e m a p r es ol uti o n. N ot e t h e " n o tr ai ni n g " r e gi o ns al o n g t h e e d g es
of t h e k er n el i n ( b)

a n R G B t hr e e- c h a n n ell e d i m a g e, t h e k er n els c a n b e vis u alis e d i n c ol o ur. B ot h R es N et a n d

its F at v ari a nt m ai nt ai n t h e s a m e ar c hit e ct ur e u ntil t h e f e at ur e m a ps ar e p o ol e d d o w n t o a

r es ol uti o n wit h a pi x el c o u nt l o w er t h a n t h e n u m b er of cl ass es, all o wi n g f or a c o m p aris o n of

t h e i niti al l a y ers t o as c ert ai n if b ot h n et w or ks tr ai n i n a si mil ar m a n n er. It is o bs er v e d t h at

t h e k er n els fr o m R es N et, as s h o w n i n Fi g ur e 3. 1 1 ( a), e x hi bit m or e vi vi d c ol o urs t h a n t h os e

fr o m F at N et i n Fi g ur e 3. 1 1 ( b), p ot e nti all y e x pl ai ni n g F at N et’s sli g htl y l o w er p erf or m a n c e.

H o w e v er, b ot h n et w or ks a p p e ar t o c o nt ai n si mil ar l e ar n e d k er n els, i n di c ati n g t h e y i n d e e d

l e ar n t h e w ei g hts i n a si mil ar m a n n er.

T h e a c c el er ati o n of n et w or ks i nf er e n c e b y c o n v erti n g it i nt o its F at e q ui v al e nt r es ults

i n a s m all d e cr e as e i n p erf or m a n c e. F or e x a m pl e, i n t h e c as e of R es N et, t h er e is a 6 %

dr o p i n a c c ur a c y, fr o m a n a v er a g e of 6 6 % t o 6 0 % aft er c o n v erti n g t o R es- F at N et (r ef er

t o Ta bl e 3. 6 ). T h e p erf or m a n c e r e m ai n e d u n c h a n g e d w h e n t h e R es- F at N et w as tr ai n e d i n

t h e o pti c al si m ul at or. T h e R es N et- 1 8 w as tr ai n e d t o r e a c h st at e- of-t h e- art p erf or m a n c e o n

CI F A R- 1 0 0, m at c hi n g t h e r es ults o bt ai n e d wit h R es N et- 1 8. As dis c uss e d i n S e cti o n 2. 9. 2 ,

Mi z us a w a et al. [9 3 ] tr ai n e d R es N et- 2 0 t o a c hi e v e a n a c c ur a c y of 6 4. 0 9 %, w hil e t h e s m all er

R es N et- 1 8 i n t his w or k a c hi e v e d 6 6 % a c c ur a c y. I n a n ot h er st u d y, h o w e v er, C h e n et al. [9 6 ]

a c hi e v e d a n a c c ur a c y of 6 8. 6 7 % wit h R es N et- 2 0, w hi c h is sli g htl y hi g h er t h a n t h e R es N et- 1 8

r es ults i n t his w or k.
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( a) ( b)

Fi g. 3. 1 1 Fi rst l a y e r vis u alis ati o n of k e r n els i n ( a) R es N et a n d ( b) R es- F at N et. B ot h s ets
of k er n els r e pr es e nt v ari o us si mil ar p att er ns l e ar n e d d uri n g t h e tr ai ni n g pr o c ess.

Ta bl e 3. 6 C o m p aris o n of t h e t est a c c ur a c y a n d n u m b er of c o n v ol uti o n o p er ati o ns us e d i n
R es N et a n d R es- F at N et. Ps e u d o- n e g ati vit y is t a k e n i nt o a c c o u nt i n o pti c al s et u p.

A r c hit e ct u r e  Test A c c u r a c y  N u m b e r of C o n v
O p e r ati o ns

N u m b e r of C o n v
O p e r ati o ns

m e a n ± st d  R ati o t o B as eli n e

R es N et- 1 8 6 6 ± 1 .4 % 1, 2 2 0, 8 0 0 1 ( b as eli n e)

R es- F at N et 6 0 ± 1 .4 % 1 4 8, 6 3 7 0. 1 2

O pti c al si m ul ati o n
R es- F at N et

6 0 % 2 9 7, 2 7 4 0. 2 4

Alt h o u g h t h e R es- F at N et tr ai n e d i n t h e si m ul at or p erfr o m e d si mil arl y t o t h e r e g ul ar

R es- F at N et, fr o m t h e tr ai ni n g a c c ur a c y gr a p h i n Fi g ur e 3. 1 2 , it c a n b e s e e n t h at it e x p eri e n c e d

sl o w er tr ai ni n g c o m p ar e d t o ot h er e x p eri m e nts. W h e n si m ul ati n g t h e 4f s yst e m, P y T or c h

i n c or p or at es t h e si m ul ati o n of li g ht pr o p a g ati o n i nt o t h e n e ur al n et w or k’s c o m p ut ati o n gr a p h,

si g ni fi c a ntl y e nl ar gi n g it. T his e nl ar g e m e nt l e a ds t o a sl o w d o w n i n t h e n et w or k’s tr ai ni n g

pr o c ess. R e g ar di n g v ali d ati o n a c c ur a c y, t h e F at N et tr ai n e d wit h a G P U a n d its o pti c al

si m ul ati o n ar e n ot si g ni fi c a ntl y diff er e nt, p arti c ul arl y aft er t h e first l e ar ni n g r at e a dj ust m e nt

at e p o c h 5 0. W hil e t h e v ali d ati o n a c c ur a c y of b ot h F at N et a n d its o pti c al si m ul ati o n di d n ot
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s ur p ass 5 7 % a n d 5 8 %, r es p e cti v el y, t h e t est a c c ur a c y r e a c h e d 6 0 % i n b ot h s c e n ari os. T his

dr o p aris es fr o m t h e a u g m e nt ati o n a p pli e d o nl y t o t h e v ali d ati o n a n d tr ai ni n g s ets, b ut n ot t o

t h e t est s et.

1 0

3 0

5 0

7 0

9 0

0 2 0 4 0 6 0 8 0 1 0 0 1 2 0 1 4 0 1 6 0

1 5

2 5

3 5

4 5

5 5
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0 2 0 4 0 6 0 8 0 1 0 0 1 2 0 1 4 0 1 6 0

R e s n et- 1 8
F A T N E T
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F A T N E T
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Fi g. 3. 1 2 C o m p a ris o n of t r ai ni n g a n d v ali d ati o n a c c u r a ci es p e r e p o c h f o r e a c h m o d el
us e d i n t h e e x p e ri m e nt. T h e st e e p j u m ps c a n b e s e e e v er y 5 0 e p o c h d u e t o t h e l e ar ni n g
r at e u p d at e b y a s c h e d ul er. ( a) T h e R es N et- 1 8, R es- F at N et, a n d t h e O pti c al si m ul ati o n of
R es- F at N et all a c c o m plis h e d a tr ai ni n g a c c ur a c y of 9 9 %, wit h R es N et- 1 8 a c hi e vi n g it i n
f e w er e p o c hs. C o n v ers el y, t h e o pti c al si m ul ati o n t o o k l o n g er t o tr ai n d u e t o t h e c o m pl e x
c o m p ut ati o n n e e d e d t o si m ul at e li g ht pr o p a g ati o n. ( b) As f or v ali d ati o n a c c ur a c y, R es N et- 1 8
r e a c h e d u p t o 6 6 %, w hil e R es- F at N et c o ul d n ot e x c e e d 6 0 % f or b ot h v ali d ati o n a n d t esti n g,
d es pit e its f e w er c o n v ol uti o n al o p er ati o ns.

T his sli g ht dr o p i n p erf or m a n c e c a m e wit h t h e a c c el er ati o n i n o pti cs. T h e f a ct t h at R es-

F at N et r e q uir es 8. 2 ti m es f e w er c o n v ol uti o n o p er ati o ns m e a ns t h at it c a n p erf or m i nf er e n c es

8. 2 ti m es f ast er i n t h e 4 F s yst e m c o m p ar e d t o R es N et i n t h e s a m e s yst e m. B ut it is i m p ort a nt

t h at t h e c o m p aris o n is f airl y m a d e b et w e e n G P U a n d 4f s yst e m t o o.

T h e m e as ur e d a n d c al c ul at e d i nf er e n c e ti m e f or R es N et a n d its F at N et e q ui v al e nt wit h

o pti cs a n d G P U w er e o bt ai n e d a n d o bs er v e d (s e e Ta bl e 3. 7 ). T h e o bs er v ati o ns w er e c o n d u ct e d

b as e d o n t h e b at c h si z e of 6 4, s u c h as i n o ur e x p eri m e nts, a n d 3 1 3 6 m a xi m u m utilis ati o n of

4f s yst e m wit h 4 k r es ol uti o n m o d ul at ors a n d c a m er a, a n d t h e 2 M H z s yst e m, as i n t h e w or k

of Li et al. [7 ]. T h e G P U m e as ur e m e nts ar e t h e a v er a g e of 3 0 0 i nf er e n c es usi n g C U D A e v e nt

ti mi n g, wit h t h e G P U b ei n g w ar m e d u p i niti all y b y 1 0 it er ati o ns.

It is e vi d e nt t h at f or t h e s m all b at c h si z e, t h e a c c el er ati o n b et w e e n R es N et- 1 8 a n d R es-

F at N et- 1 8 is 8. 2 ti m es, as dis c uss e d e arli er, b ut t h er e is n o a c c el er ati o n i n c o m p aris o n t o

G P U. T h e diff er e n c e c o m es wit h a hi g h er b at c h si z e. W h e n t h e b at c h si z e is at a m a xi m u m

of 3 1 3 6, t h e a c c el er ati o n of o ur R es- F at N et- 1 8 i n o pti cs s ur p ass es all ot h er m o d els o n G P U,

m a ki n g o pti c al R es- F at N et 2. 4 6 ti m es f ast er t h a n R es N et- 1 8 wit h t h e G P U. It is als o e vi d e nt
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Ta bl e 3. 7 I nf er e n c e ti m e i n s e c o n ds p er i n p ut f or R es N et- 1 8 a n d F at N et wit h o pti cs a n d G P U
wit h a b at c h si z e of 6 4 a n d 3 1 3 6 f or c as es w h e n t h e 4 k r es ol uti o n of t h e 4f d e vi c e is f ull y
utilis e d. T h e fr a m e r at e of t h e 4f d e vi c e is a p pr o xi m at e d at 2 M H z [ 7 ].

A r c hit e ct u r e  B at c h 6 4  B at c h 3 1 3 6

R es N et- 1 8( G P U) 1 .3 5 0 0 e − 4 1 .1 6 7 0 e − 4

R es F at N et( G P U) 4 .5 6 5 0 e − 4 7 .9 4 2 0 e − 4

R es N et- 1 8( O pti cs) 1 .9 0 7 5 e − 2 3 .8 9 2 9 e − 4

R es F at N et( O pti cs) 2 .3 2 2 5 e − 3 4 .7 3 9 7 e − 5

t h at wit h o ut t h e F at N et c o n v ersi o n, t h e m o d el w o ul d n’t h a v e a n y a c c el er ati o n i n o pti cs. E v e n

wit h t h e b at c h si z e of 3 1 3 6, R es N et- 1 8 w o ul d b e 3. 3 3 ti m es f ast er t h a n R es N et- 1 8 i n o pti cs.

3. 4. 2 Al e x N et

E x p eri m e nts wit h Al e x N et w er e c o n d u ct e d stri ctl y f oll o wi n g t h e r ul e t h at t h e r es ol uti o n of

t h e k er n el m ust n ot e x c e e d t h e f e at ur e m a p r es ol uti o n. M or e o v er, t h e c o n v ersi o n w as f ull y

a ut o m at e d usi n g F at S pitt er, wit h t h e r ul e of e q u alit y i n t h e n u m b er of c h a n n els b ei n g a d h er e d

t o.

T h e first l a y er k er n els of b ot h Al e x N et a n d Al e x- F at N et w er e vis u alis e d, si mil ar t o t h e

a p pr o a c h us e d f or R es N et, s h o w n i n Fi g ur e 3. 1 3 . I nt er esti n gl y, i n c o ntr ast t o R es N et, i n

t h e c as e of Al e x N et, Al e x N et’s F at N et e q ui v al e nt dis pl a y e d m or e vi vi d k er n els c o m p ar e d

t o t h e ori gi n al Al e x N et. A g ai n pr o vi n g t h at t h e F at N et e q ui v al e nt of t h e m o d el is tr ai n e d i n

a si mil ar c o n v ol uti o n al m a n n er i n t h e e arl y l a y ers. It is als o i m p ort a nt t o n ot e t h at, u nli k e

R es N et, m ost l a y ers of Al e x N et u n d er w e nt t h e F at N et c o n v ersi o n, y et t h e first l a y er k er n el

tr ai n e d t o e xtr a ct si mil ar f e at ur es.

Al e x N et, b ei n g a s m all n et w or k is l ess ef fi ci e nt, p arti c ul arl y f or c o m pl e x pr o bl e ms li k e

CI F A R- 1 0 0. N ot o nl y t h e p erf or m a n c e w as l o w er wit h t h e t est a c c ur a c y of 5 9. 4 8 %, b ut

als o it e x p eri e n c es a 7. 1 3 % d e cr e as e i n a c c ur a c y ( S e e Ta bl e 3. 8 ) wit h t h e m ar gi n al s m all er

d e cr e as e w h e n tr ai n e d i n t h e si m ul at or. T h e p erf or m a n c e dr o p c a m e wit h t h e 3. 4 ti m es f e w er

c o n v ol uti o n o p er ati o ns r e q uir e d t o d o t h e cl assi fi c ati o n; t his m a k es t h e F at- Al e x N et 3. 4 ti m es

f ast er w h e n b ot h r u n o n t h e s a m e o pti c al a c c el er at or.

T h e tr ai ni n g c ur v es ill ustr at e d i n Fi g ur e 3. 1 4 i n di c at e t h at Al e x- F at N et t o o k m or e e p o c hs

t o c o n v er g e. H o w e v er, b as e d o n t h e v ali d ati o n s et, t h e n et w or k h a d al m ost a c hi e v e d its

p e a k a c c ur a c y b y e p o c h 1 0 0. T his s u g g ests t h at Al e x- F at N et w as s o m e w h at m or e r esili e nt

t o o v er fitti n g, as t h e tr ai ni n g a c c ur a c y w as c o nsi d er a bl y l o w er at e p o c h 1 0 0, w hil e t h e
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(a) (b)

Fig. 3.13 1st layer visualisation of kernels in (a)AlexNet and (b)Alex-FatNet
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Ta bl e 3. 8 C o m p aris o n of t h e t est a c c ur a c y a n d n u m b er of c o n v ol uti o n o p er ati o ns us e d i n
e a c h Al e x N et. Ps e u d o- n e g ati vit y is t a k e n i nt o a c c o u nt i n o pti c al s et u p.

A r c hit e ct u r e  Test A c c u r a c y  N u m b e r of C o n v
O p e r ati o ns

N u m b e r of C o n v
O p e r ati o ns

m e a n ± st d  R ati o t o B as eli n e

Al e x N et 5 9 .4 8 ± 2 .4 8 % 3 6 8, 9 2 8 1 ( b as eli n e)

Al e x- F at N et 5 2 .3 5 ± 1 .4 2 % 1 0 7, 6 4 0 0. 2 9

O pti c al si m ul ati o n
Al e x- F at N et

5 2 .1 6 % 2 1 5, 3 4 0 0. 5 8

( a) ( b)

Fi g. 3. 1 4 Tr ai ni n g c u r v es f o r Al e x N et a n d Al e x- F at N et wit h ( a) t r ai ni n g a c c u r a c y a n d
( b) v ali d ati o n a c c u r a c y. T h e v ali d ati o n a c c ur a c y s e e ms t o b e si mil ar d es pit e Al e x- F at N et
b ei n g c o nst a ntl y l o w er. I n c o ntr ast, tr ai ni n g a c c ur a c y s h o ws t h at Al e x- F at N et t o o k l o n g er t o
r e a c h t h e tr ai ni n g a c c ur a c y of Al e x N et.

v ali d ati o n a c c ur a c y w as a p pr o a c hi n g its p e a k. N o n et h el ess, t h e v ali d ati o n a c c ur a c y c o nti n u e d

t o i m pr o v e gr a d u all y u ntil ar o u n d e p o c h 2 5 0, w h e n t h e tr ai ni n g a c c ur a c y als o p e a k e d. I n

c o ntr ast, Al e x N et r e a c h e d its p e a k ar o u n d e p o c h 1 5 0, aft er w hi c h b ot h t h e tr ai ni n g a n d

v ali d ati o n a c c ur a ci es di d n ot s h o w m u c h i m pr o v e m e nt.

Si mil ar t o R es N et- 1 8, Al e x N et c a n b e a c c el er at e d usi n g o pti c al Al e x- F at N et o v er Al e x N et

o n a G P U, o nl y wit h t h e l ar g er b at c h si z es s u c h as 3 1 3 6 (t h e m a xi m u m p ossi bl e b at c h si z e

f or a 4 k r es ol uti o n i n a 4f s yst e m) w h er e t h e a c c el er ati o n f a ct or b e c o m es 3. 2 ti m es (r ef er t o

Ta bl e 3. 9 ). H o w e v er, a c c el er ati o n o v er t h e G P U w as n ot p ossi bl e at a b at c h si z e of 6 4.

F urt h er m or e, Al e x N et i n o pti cs di d n ot e x p eri e n c e a n y a c c el er ati o n, a n d at a b at c h si z e

of 3 1 3 6, Al e x N et o n a G P U w as o nl y 1. 0 6 ti m es f ast er t h a n Al e x N et i n o pti cs. Alt h o u g h t h e

sl o w d o w n is n ot si g ni fi c a nt, t h e e n er g y ef fi ci e n c y of t h e 4f s yst e m c a n still b e a d v a nt a g e o us
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Fi g. 3. 1 5 Tr ai ni n g c u r v e of t h e t r ai ni n g d o n e o n Al e x- F at N et i n t h e o pti c al si m ul at o r.

if t h e s p e e d of i nf er e n c e is n ot a pri m ar y c o n c er n. H o w e v er, t h e e n er g y ef fi ci e n c y of t h e 4f

s yst e m is b e y o n d t h e s c o p e of t his w or k.

Ta bl e 3. 9 I nf er e n c e ti m e i n s e c o n ds p er i n p ut f or Al e x N et a n d F at N et wit h o pti cs a n d G P U
wit h a b at c h si z e of 6 4 a n d 3 1 3 6 f or c as es w h e n t h e 4 k r es ol uti o n of t h e 4f d e vi c e is f ull y
utilis e d. T h e fr a m e r at e of t h e 4f d e vi c e is a p pr o xi m at e d at 2 M H z [ 7 ].

A r c hit e ct u r e  B at c h 6 4  B at c h 3 1 3 6

Al e x N et( G P U) 1 .1 1 2 1 e − 4 1 .1 0 9 4 e − 4

Al e x F at N et( G P U) 2 .0 9 5 6 e − 4 1 .3 5 9 4 e − 4

Al e x N et( O pti cs) 5 .7 6 4 5 e − 3 1 .1 7 6 4 e − 4

Al e x F at N et( O pti cs) 1 .6 8 2 3 e − 3 3 .4 3 3 4 e − 5

3. 4. 3 V G G- 1 9

U nli k e R es N et a n d Al e x N et, t h e first l a y er of V G G- 1 9 c o nsists of a c o n v ol uti o n al l a y er wit h

a s m all 3 × 3 k er n el, w hi c h m a k es t h e m h ar d er t o i nt er pr et. T h er ef or e, aft er t h e vis u alis ati o n,

it is n ot e as y t o s e e disti n ct f e at ur es i n t h e k er n els, b ut t h e si mil arit y b et w e e n V G G- 1 9 a n d

V G G- F at N et c a n still b e o bs er v e d. T h e arr o ws i n Fi g ur e 3. 1 6 p oi nt t o o b vi o usl y si mil ar

k er n els, b ut e v e n m or e si mil ar k er n els c a n b e s e e n i n t h e fi g ur e. Arr o w 4 p oi nts t o a k er n el
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t h at a p p e ars t o b e a fli p p e d v ersi o n of t h e ori gi n al k er n el. N o n et h el ess, it is e vi d e nt t h at t h e

w ei g hts of V G G- F at N et ar e n ot r a n d o m a n d e x hi bit m e a ni n gf ul p att er ns.

( a) ( b)

Fi g. 3. 1 6 Vis u alis ati o n of t h e k e r n els f r o m t h e fi rst l a y e r of t h e ( a) V G G- 1 9 a n d ( b)
V G G- F at N et t r ai n e d o n CI F A R- 1 0 0. As t h e k er n els ar e o nl y 3 × 3 , t h e si mil arit y is n ot
i m m e di at el y o b vi o us. Arr o ws i n di c at e s o m e cl e arl y si mil ar k er n els or r ot at e d li k e i n c as e
" 4 ".

Si mil arl y, V G G- 1 9 e x hi bits ar o u n d a 6 % d e cr e as e i n a c c ur a c y, a ki n t o R es N et, b ut wit h

9. 1 ti m es f e w er c o n v ol uti o n o p er ati o ns ( S e e Ta bl e 3. 1 0 ). T h er e w as a s m all er d e cr e as e i n t h e

t est a c c ur a c y w h e n t h e V G G- F at N et w as tr ai n e d i n t h e si m ul at or.

M or e o v er, as s h o w n i n Fi g ur e 3. 1 7 t h e m o d el tr ai n e d i n t h e si m ul at or s h o w e d i nst a bilit y,

a n d c o n v er g e d at ar o u n d e p o c h 1 6 0. Si n c e V G G- 1 9 is a l ar g er m o d el t h a n R es N et- 1 8,

tr ai ni n g e a c h e p o c h i n t h e si m ul at or r e q uir e d 1 3 0 mi n ut es, r es ulti n g i n a t ot al tr ai ni n g ti m e

of a p pr o xi m at el y 2 7 d a ys. Alt h o u g h t h e r e al 4f s yst e m w o ul d n ot p erf or m b a c k pr o p a g ati o n

t hr o u g h t h e si m ul ati o n of li g ht pr o p a g ati o n, as d o n e i n t his w or k, t h e p ur p os e of t his a p pr o a c h

w as t o d e m o nstr at e t h at t h e m o d el c o ul d still l e ar n t h e w ei g hts i n t h e si m ul at or a n d p erf or m

i nf er e n c e.

N e v ert h el ess, t h e V G G- F at N et’s tr ai ni n g pr o c ess w as c o m p ar a bl e t o, t h o u g h sl o w er

t h a n, t h at of t h e r e g ul ar V G G- 1 9, as d e m o nstr at e d i n Fi g ur e 3. 1 8 . T his i n di c at es t h at t h e

ar c hit e ct ur e its elf is r o b ust a n d c o n v er g es w ell.

T h e m e as ur e d a n d c al c ul at e d i nf er e n c e ti m e f or V G G- 1 9 a n d its F at N et e q ui v al e nt

wit h o pti cs a n d G P U w er e o bt ai n e d a n d o bs er v e d i n Ta bl e 3. 1 1 . T h e o bs er v ati o ns w er e

c o n d u ct e d b as e d o n t h e b at c h si z e of 6 4, a n d 3 1 3 6 m a xi m u m utilis ati o n of 4f s yst e m wit h 4 k

r es ol uti o n m o d ul at ors a n d c a m er a, a n d t h e 2 M H z s yst e m, as i n t h e w or k Li et al. [7 ]. G P U

1 0 2



Table 3.10 Comparison of the test accuracy and number of convolution operations used in
VGG-19. Pseudo-negativity is taken into account in optical setup.

Architecture Test Accuracy Number of Conv
Operations

Number of Conv
Operations

mean std Ratio to Baseline

VGG-19 68 92% 1 31 2,211,840 1 (baseline)

VGG-FatNet 62 96% 1 80 248,283 0.11

Optical simulation
VGG-19-FatNet

61 92% 496,566 0.22

Fig. 3.17 Training curve of the training done on Alex-FatNet in the optical simulator.
The curve is unstable, although it reaches a similar performance as the original VGG-FatNet-
19.

measurements represent the average of 300 inferences, with the GPU warmed up over ten
initial iterations. Notably, the VGG-FatNet in the optical setup with a batch size of 3136 is
2.23 times faster than VGG-19 on a GPU and 8.9 times faster than VGG-19 on the 4f system.

These results suggest that FatNet variants are more efficient with larger networks, making
the conversion to FatNet more beneficial. Additionally, it is apparent that FatNet’s efficiency
increases with a larger number of classes, as the feature maps and kernels maintain higher
resolution, enhancing performance in the 4F system.
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( a) ( b)

Fi g. 3. 1 8 Tr ai ni n g c u r v es f o r V G G- 1 9 a n d V G G- F at N et. ( a) tr ai ni n g a c c ur a c y a n d ( b)
v ali d ati o n a c c ur a c y.

Ta bl e 3. 1 1 I nf er e n c e ti m e i n s e c o n ds p er i n p ut f or V G G- 1 9 a n d F at N et wit h o pti cs a n d G P U
wit h a b at c h si z e of 6 4 a n d 3 1 3 6 f or c as es w h e n t h e 4 k r es ol uti o n of t h e 4f d e vi c e is f ull y
utilis e d. T h e fr a m e r at e of t h e 4f d e vi c e is a p pr o xi m at e d at 2 M H z [ 7 ].

A r c hit e ct u r e  B at c h 6 4  B at c h 3 1 3 6

V G G- 1 9( G P U) 2 .5 8 6 7 e − 4 1 .7 7 0 3 e − 4

V G G- F at N et( G P U) 1 .8 4 6 3 e − 3 5 .1 9 5 1 e − 4

V G G- 1 9( O pti cs) 3 .4 5 6 0 e − 2 7 .0 5 3 1 e − 4

V G G- F at N et( O pti cs) 3 .8 7 9 4 e − 3 7 .9 1 7 2 e − 5

3. 5 C o n cl usi o n

T his c h a pt er i ntr o d u c e d F at N et, a n o v el c o n v ersi o n fr a m e w or k f or a d a pti n g r e g ul ar C N N

ar c hit e ct ur es t o t a k e a d v a nt a g e of t h e hi g h-r es ol uti o n c a p a biliti es of t h e 4f o pti c al s yst e m.

F at N et r e d u c es t h e n u m b er of c o n v ol uti o n o p er ati o ns w hil e m ai nt ai ni n g t h e s a m e n u m b er of

f e at ur es a n d tr ai n a bl e p ar a m et ers i n e a c h l a y er, a d dr essi n g t h e criti c al c h all e n g e of mi ni misi n g

t h e r e a d o ut o p er ati o ns —t h e pri m ar y b ottl e n e c k of t h e 4f s yst e m. T his dir e ctl y s u p p orts

O bj e cti v e 1, w hi c h ai ms t o d e v el o p C N N ar c hit e ct ur es t ail or e d f or o pti c al a c c el er at ors b y

r e d u ci n g c o n v ol uti o n o p er ati o ns a n d usi n g t h e s yst e m’s u ni q u e p ar all elis m.

T h e c h a pt er als o d et ail e d t h e d e v el o p m e nt of t h e F at S pitt er, a n a ut o m at e d t o ol f or

c o n v erti n g P y T or c h m o d els i nt o t h eir F at N et e q ui v al e nts, a n d d es cri b e d t h e i m pl e m e nt ati o n

of a 4f s yst e m si m ul at or. T h e si m ul at or i n c or p or at e d a n e n h a n c e d ps e u d o- n e g ati vit y m et h o d

t o h a n dl e o pti c al c o nstr ai nts, t h er e b y f ul filli n g O bj e cti v e 2, w hi c h f o c us es o n d esi g ni n g

a n d i m pl e m e nti n g a si m ul at or f or t h e 4f s yst e m t o b e n c h m ar k t h e p erf or m a n c e of t h es e

ar c hit e ct ur es.

1 0 4



F at N et w as e v al u at e d o n t h e CI F A R- 1 0 0 d at as et usi n g C N N ar c hit e ct ur es s u c h as R es N et-

1 8, Al e x N et, a n d V G G- 1 9, w hi c h w er e c o n v ert e d i nt o t h eir F at N et c o u nt er p arts ( R es- F at N et,

Al e x- F at N et, a n d V G G- F at N et). T h es e F at N et ar c hit e ct ur es a c hi e v e d si g ni fi c a nt r e d u cti o ns i n

c o n v ol uti o n o p er ati o ns, wit h R es- F at N et r e q uiri n g 8. 2 ti m es f e w er o p er ati o ns t h a n R es N et- 1 8,

Al e x- F at N et r e q uiri n g 3. 4 4 ti m es f e w er o p er ati o ns t h a n Al e x N et, a n d V G G- F at N et a c hi e vi n g

a 9. 0 9-f ol d r e d u cti o n c o m p ar e d t o V G G- 1 9. T his o pti mis ati o n ali g ns wit h O bj e cti v e 1, as

it d e m o nstr at es a cl e ar r e d u cti o n i n c o n v ol uti o n o p er ati o ns w hil e m ai nt ai ni n g r e as o n a bl e

a c c ur a c y m etri cs.

T h e p erf or m a n c e tr a d e- offs w er e als o q u a nti fi e d t o v ali d at e t h e s p e e d- u p g ai ns. W hil e

t h e F at N et ar c hit e ct ur es r es ult e d i n f ast er i nf er e n c e ti m es i n t h e o pti c al s et u p, t h er e w as a

sli g ht r e d u cti o n i n a c c ur a c y. F or e x a m pl e, R es- F at N et e x p eri e n c e d a 6 % dr o p i n a c c ur a c y

c o m p ar e d t o R es N et- 1 8, Al e x- F at N et s a w a 7. 1 3 % d e cr e as e, a n d V G G- F at N et s h o w e d a

5. 9 6 % d e cr e as e.

K er n el vis u alis ati o ns r e v e al e d t h at R es- F at N et tr ai n e d si mil arl y o n t h e s h all o w l a y ers

t o t h e ori gi n al R es N et- 1 8, d es pit e h a vi n g l ar g er k er n el si z es a n d f e w er c h a n n els. Alt h o u g h

t h e k er n els of R es- F at N et a p p e ar e d sli g htl y l ess vi vi d t h a n t h os e of R es N et- 1 8, Al e x- F at N et

dis pl a y e d m or e vi vi d k er n el p att er ns t h a n its tr a diti o n al c o u nt er p art, Al e x N et. T h es e fi n di n gs

s u g g est t h at F at N et pr es er v es t h e tr ai ni n g c h ar a ct eristi cs of t h e ori gi n al m o d els w hil e a d a pti n g

t h e m t o t h e hi g h-r es ol uti o n c a p a biliti es of t h e 4f s yst e m

I n c o n cl usi o n, t his c h a pt er f ul fill e d O bj e cti v es 1 a n d 2 b y d e m o nstr ati n g t h at F at N et

ar c hit e ct ur es eff e cti v el y a d a pt C N Ns t o t h e hi g h-r es ol uti o n c a p a biliti es of fr e e-s p a c e o pti c al

a c c el er at ors, a c hi e vi n g s u bst a nti al r e d u cti o ns i n c o n v ol uti o n o p er ati o ns a n d i nf er e n c e ti m es

f or i m a g e cl assi fi c ati o n t as ks. F urt h er m or e, t h e i nt e gr ati o n of t h e 4f si m ul at or a d dr ess e d

k e y c h all e n g es, s u c h as t h e l a c k of s u p p ort f or n e g ati v e v al u es. Alt h o u g h t h er e is a mi n or

tr a d e- off i n a c c ur a c y, t h e s p e e d g ai ns u n d ers c or e F at N et’s pr o mis e f or o pti c al c o m p uti n g.

T h e n e xt C h a pt er 4 e xt e n ds t h e F at N et m et h o d ol o g y t o U- N et s e g m e nt ati o n a n d e x pl or es

alt er n ati v e “ F at ” ar c hit e ct ur es t o e x a mi n e t h eir a bilit y t o pr e v e nt o v er fitti n g a n d m ai nt ai n

g e n er alis ati o n.
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C h a pt e r 4

F at- U- N et f o r I m a g e S e g m e nt ati o n

O v e r vi e w

T his c h a pt er f o c us es o n a d a pti n g t h e c o n v ol uti o n al n e ur al n et w or ks us e d f or t h e i m a g e

s e g m e nt ati o n f or t h e 4f fr e e-s p a c e o pti c al a c c el er at or. It i n v ol v es m o dif yi n g t h e F at N et

al g orit h m fr o m C h a pt er 3 Cl assi fi c ati o n t o w or k wit h t h e U- N et m o d el. M or e o v er, it als o

s h o w c as es t h e eff e cti v e n ess of t h e F at N et al g orit h m i n t his a p pli c ati o n.

Si n c e C h a pt er 3 f o c us e d o n a d a pti n g C N N- b as e d i m a g e cl assi fi c ati o n f or 4f fr e e-s p a c e

o pti c al a c c el er at ors, it w as n ot e d t h at tr a diti o n al cl assi fi er m o d els ar e c o n e-s h a p e d a n d

n at ur all y i n ef fi ci e nt i n fr e e-s p a c e o pti cs. I n c o ntr ast, C N N- b as e d s e g m e nt ati o n m o d els

ali g n b ett er wit h t h e c o n c e pt of F at N et, as s e g m e nt ati o n t as ks r e q uir e d et ail e d l o c alis ati o n

i nf or m ati o n, m a ki n g t h e m m or e s uit a bl e f or t h e 4f fr e e-s p a c e o pti c al ar c hit e ct ur e.

N ot e: T h e r es ults i n t his c h a pt er w er e pr es e nt e d at t h e S PI E West’s 2 0 2 4 AI a n d O pti c al

D at a S ci e n c es c o nf er e n c e [ 1 3 5 ]

T h e m o d els a n d e v al u ati o n s cri pts ar e a v ail a bl e at t h e f oll o wi n g U R L:

htt ps:// git h u b. c o m/ri a di b a d ull a/ F at U n et ( a c c ess e d 2 5. 0 9. 2 0 2 4)

4. 1 I nt r o d u cti o n t o I m a g e S e g m e nt ati o n

I m a g e s e g m e nt ati o n is a cr u ci al t as k i n m a n y c o m p ut er visi o n a n d i m a g e pr o c essi n g a p pli-

c ati o ns. It r ef ers t o di vi di n g a di git al i m a g e i nt o m ulti pl e o v erl a p pi n g r e gi o ns, w h er e e a c h

r e gi o n c orr es p o n ds t o a cl ass a n d n or m all y r e pr es e nts a n o bj e ct of i nt er est [1 3 6 ]. S e g m e n-

t ati o n ai ms t o si m plif y a n d tr a nsf or m t h e r e pr es e nt ati o n of a n i m a g e i nt o s o m et hi n g t h at is

m or e m e a ni n gf ul a n d e asi er t o pr o c ess. Fr o m o n e p oi nt of vi e w, i m a g e s e g m e nt ati o n c a n b e

d es cri b e d as pi x el- wis e cl assi fi c ati o n [ 1 3 7 ].
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T h er e ar e s e v er al m aj or t e c h ni q u es f or i m a g e s e g m e nt ati o n. T hr es h ol di n g c a n b e us e d

f or e asi er t as ks, b y s e p ar ati n g f or e gr o u n d a n d b a c k gr o u n d b as e d o n pi x el i nt e nsiti es [ 1 3 8 ].

E d g e d et e cti o n fi n ds o bj e cts’ e d g es b y l o o ki n g f or dis c o nti n uiti es a n d alt er ati o ns i n i nt e nsit y.

R e gi o n- b as e d s e g m e nt ati o n di vi d es pi x els i nt o c o n n e ct e d r e gi o ns b as e d o n si mil arit y [ 1 3 9 ].

Cl ust eri n g m et h o ds, li k e t h e k- m e a ns al g orit h m, di vi d e pi x els i nt o cl ust ers b as e d o n f e at ur e

si mil arit y [ 1 4 0 ]. Gr a p h- b as e d t e c h ni q u es m o d el i m a g es as gr a p hs a n d s e g m e nt t h e m b y

gr a p h p artiti o ni n g [ 1 4 1 ]. A cti v e c o nt o ur m et h o ds it er ati v el y e v ol v e c ur v es t o fit t o o bj e ct

b o u n d ari es [ 1 4 2 ]. N e ur al n et w or k- b as e d a p pr o a c h es l e v er a g e d e e p l e ar ni n g t o p erf or m

s e m a nti c s e g m e nt ati o n, as d es cri b e d i n S e cti o n 2. 5 . A d diti o n al t e c h ni q u es i n cl u d e w at ers h e d

tr a nsf or m ati o n, s u p er vis e d v ers us u ns u p er vis e d m et h o ds, gl o b al v ers us l o c al s e g m e nt ati o n,

a n d m or e [ 1 4 3 ].

E a c h a p pr o a c h h as its o w n a d v a nt a g es a n d dr a w b a c ks. T h e c h oi c e of s e g m e nt ati o n

m et h o d d e p e n ds o n f a ct ors li k e t h e a p pli c ati o n, i m a gi n g m o d alit y, a n d d esir e d o ut p ut.

M or e o v er, t h e t as k of i m a g e s e g m e nt ati o n c a n als o b e di vi d e d i nt o t w o c at e g ori es: s e m a nti c

s e g m e nt ati o n a n d i nst a n c e s e g m e nt ati o n. I nst a n c e s e g m e nt ati o n r ef ers t o n ot j ust s e p ar ati n g

a n d cl assif yi n g pi x els i nt o s e m a nti c cl ass es, b ut als o diff er e nti ati n g b et w e e n i n di vi d u al o bj e ct

i nst a n c es.

T h e i ntr o d u cti o n of d e e p l e ar ni n g i n c o m p ut er visi o n a p pli c ati o ns h as c o m pl et el y c h a n g e d

h o w di git al i m a g es ar e pr o c ess e d a n d a n al ys e d. H o w e v er, as dis c uss e d i n t h e pr e vi o us

c h a pt er 2. 8 , t h e c o m p ut ati o n al d e m a n d f or i m a g e s e g m e nt ati o n a n d t h e dif fi c ult y of r e al-ti m e

a p pli c ati o ns gr o w wit h t h e c o m pl e xit y of t h e m o d els. D u e t o t his, i n t his c h a pt er, w e e x a mi n e

t h e i m pl e m e nt ati o n of F at N et f or s e g m e nt ati o n t as ks, s p e ci fi c all y U- N et. Si n c e U- N et is n ot

a c o n e-s h a p e d cl assi fi er n et w or k, f or w hi c h t h e F at N et c o n v ersi o n w as i niti all y d esi g n e d 3 ,

c o n v erti n g a n e n c o d er- d e c o d er st yl e n et w or k pr es e nts its o w n c h all e n g es t h at n e e d t o b e

a n al ys e d.

4. 2 M et h o d ol o g y

U- N et is a f ull y c o n v ol uti o n al n e ur al n et w or k d e v el o p e d f or bi o m e di c al i m a g e s e g m e nt ati o n

b y R o n n e n b er g et al. [1 3 ]. T h e ar c hit e ct ur e c o nsists of a c o ntr a cti n g e n c o d er p at h a n d

a n e x p a n di n g d e c o d er p at h. T h e e n c o d er a n d d e c o d er p at hs st a c k e d t o g et h er r es e m bl e

a " U " s h a p e, h e n c e t h e n a m e U- N et. T h e e n c o d er f oll o ws t h e st a n d ar d ar c hit e ct ur e of

a c o n v ol uti o n al n et w or k us e d f or t h e cl assi fi c ati o n, wit h r e p e at e d c o n v ol uti o n bl o c ks of

c o n v ol uti o n al l a y ers, a cti v ati o ns, a n d m a x p o oli n g o p er ati o ns t o d o w ns a m pl e t h e i n p ut. T his

p art f oll o ws a c o n e-s h a p e d ar c hit e ct ur e d es cri b e d pr e vi o usl y i n t h e cl assi fi c ati o n c h a pt er 3. 2. 1 .

T h e d e c o d er gr a d u all y u ps a m pl es t h e e n c o d er o ut p ut usi n g tr a ns p os e d c o n v ol uti o ns, als o
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k n o w n as d e c o n v ol uti o n l a y ers, a n d c o n c at e n at es it wit h hi g h-r es ol uti o n f e at ur es fr o m t h e

e n c o d er vi a s ki p c o n n e cti o ns. T h e e n c o d er a n d d e c o d er p at hs i n U- N et ar e s y m m etri c al,

e x c e pt t h at t h e first f e at ur e m a ps i n e a c h d e c o d er’s c o n v ol uti o n bl o c k ar e d o u bl e d i n d e pt h.

T his is b e c a us e t h e y c o n c at e n at e f e at ur es b ot h fr o m t h e pr e vi o us d e c o d er l a y er a n d t h e

c orr es p o n di n g e n c o d er l a y er vi a s ki p c o n n e cti o ns. T his ar c hit e ct ur e e n a bl es t h e m o d el t o

l e v er a g e b ot h c o nt e xt u al a n d l o c alis e d i nf or m ati o n t o m a k e pr e cis e s e g m e nt ati o n pr e di cti o ns.

B ef or e U- N et, C N Ns w er e us e d f or s e g m e nt ati o n a n d l a c k e d o n e of t w o m ai n f e at ur es:

t h e y eit h er f oll o w e d t h e c o n e s h a p e a n d f o c us e d o n t h e c o nt e xt u al i nf or m ati o n, li k e i n t h e

w or k of L o n g et al. [6 4 ] or f o c us e d m or e o n t h e l o c alis ati o n i nf or m ati o n li k e i n t h e w or k of

N o h et al. [6 5 ] b y h a vi n g e n c o d er- d e c o d er ar c hit e ct ur e wit h o ut t h e s ki p c o n n e cti o ns.

T h e u n d erl yi n g pri n ci pl e of F at N et c o n v ersi o n is t o m ai nt ai n t h e c o nst a nt n u m b er of

tr ai n a bl e p ar a m et ers a n d pi x els i n e a c h l a y er w hil e i n cr e asi n g t h e r es ol uti o n of f e at ur e m a ps

a n d k er n els a n d d e cr e asi n g t h e n u m b er of c h a n n els i n e a c h l a y er. B y m a ki n g t his c o n v ersi o n,

t h e n et w or k t a k es f ull a d v a nt a g e of t h e hi g h-r es ol uti o n c a p a biliti es of t h e 4f s yst e m, t h er e b y

o pti misi n g its p erf or m a n c e a n d ef fi ci e n c y i n t h e c o nt e xt of fr e e-s p a c e o pti c al a c c el er ati o n.

T h e ori gi n al F at N et c o n v ersi o n d es cri b e d i n t h e pr e vi o us C h a pt er 3. 2. 1 d esi g n e d s p e ci fi-

c all y f or t h e cl assi fi c ati o n t as k, m ai nt ai ns t h e s a m e ar c hit e ct ur e as t h e ori gi n al n et w or k u ntil

t h e f e at ur e m a ps ar e p o ol e d d o w n t o t h e r es ol uti o n wit h a n u m b er of pi x els l ess t h a n or

e q u al t o t h e n u m b er of cl ass es. It is p osit e d t h at w h e n it c o m es t o t h e F at N et c o n v ersi o n f or

t h e s e g m e nt ati o n, p o oli n g m a y b e u n n e c ess ar y, a n d t h e i n p ut r es ol uti o n c a n b e pr es er v e d

t hr o u g h o ut t h e e ntir e n et w or k. C o ns e q u e ntl y, i n cr e asi n g t h e r es ol uti o n of k er n els w hil e

k e e pi n g t h e r es ol uti o n of t h e f e at ur e m a ps c o nst a nt w o ul d d e cr e as e t h e f e at ur e m a p-t o- k er n el

r es ol uti o n r ati o, e m ul ati n g t h e eff e ct of p o oli n g t h e f e at ur e m a ps wit h o ut a ct u al p o oli n g

i m pl e m e nt ati o n. T his a p pr o a c h c a n si g ni fi c a ntl y i n cr e as e t h e i nf er e n c e ti m e of t h e n et w or k

r u n o n t h e 4f fr e e-s p a c e o pti c al a c c el er at or a n d h y p ot h eti c all y r et ai ns l o c alis ati o n a c c ur a c y

e v e n m or e eff e cti v el y.

Si n c e t h e ori gi n al F at N et w as d esi g n e d f or cl assi fi c ati o n, o nl y t h e c o ntr a cti n g p at h of

t h e U- N et w as c o n v ert e d i nt o t h e F at N et. Ta bl e 4. 1 pr es e nts t h e U- N et e q ui v al e nt of t h e

F at N et c o nstr u cti o n t a bl e f or i m a g es of 1 6 0 × 1 6 0 . T h e t a bl e is us e d t o c o m p ut e t h e n u m b er

of w ei g hts p er l a y er, e x cl u di n g t h e bi as a n d t h e n u m b er of pi x els p er l a y er. T h e al g orit h m

e ns ur es t h e c o n v ol uti o n al l a y ers wit h t h e s a m e n u m b er of i n p ut a n d o ut p ut c h a n n els wit hi n

c o n v ol uti o n al bl o c ks h a v e a n e q u al n u m b er of i n p ut a n d o ut p ut c h a n n els aft er t h e c o n v ersi o n

t o o. U p o n c o m pl eti n g t h e c o n v ersi o n of t h e c o ntr a cti n g p at h of t h e U- N et i nt o F at N et, t h e

p at h w as mirr or e d t o g e n er at e t h e “ e x p a n di n g p at h ”, a n d t h e k er n el si z es w er e r e c al c ul at e d t o

m at c h t h e n u m b er of w ei g hts fr o m t h e ori gi n al l a y ers. Si n c e t h e s o- c all e d e x p a n di n g p at h of
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Ta bl e 4. 1 C o nstr u cti o n t a bl e f or F at- U- N et’s first h alf o ut of t h e U- N et’s c o ntr a cti n g p at h.

U- N et c o ntr a cti n g  w ei g hts pi x els  N e w l a y ers F at U- N et a dj ust e d

C h a n n els k er n el  C h a n n els k er n el  C h a n n els k er n el

3 × 6 4 3 1, 7 2 8 1, 6 3 8, 4 0 0 3 × 6 4 3 3 × 3 2 5

6 4 × 6 4 3 3 6, 8 6 4 4 0 9, 6 0 0 3 2 × 3 2 6 3 2 × 3 2 6

6 4 × 1 2 8 3 7 3, 7 2 8 8 1 9, 2 0 0 3 2 × 3 2 9 3 2 × 1 6 1 2

1 2 8 × 1 2 8 3 1 4 7, 4 5 6 2 0 4, 8 0 0 1 6 × 1 6 2 4 1 6 × 1 6 2 4

1 2 8 × 2 5 6 3 2 9 4, 9 1 2 4 0 9, 6 0 0 1 6 × 1 6 3 4 1 6 × 8 4 8

2 5 6 × 2 5 6 3 5 8 9, 8 2 4 1 0 2, 4 0 0 8 × 8 9 6 8 × 8 9 6

2 5 6 × 5 1 2 3 1, 1 7 9, 6 4 8 2 0 4, 8 0 0 8 × 8 1 3 6 8 × 1 0 1 2 2

5 1 2 × 5 1 2 3 2, 3 5 9, 2 9 6 5 1, 2 0 0 1 0 × 1 0 1 6 0 1 0 × 1 0 1 6 0

5 1 2 × 1 0 2 4 3 4, 7 1 8, 5 9 2 1 0 2, 4 0 0 1 0 × 1 8 1 6 0 1 0 × 2 0 1 5 4

1 0 2 4 × 1 0 2 4 3 9, 4 3 7, 1 8 4 1 0 2, 4 0 0 2 0 × 2 0 1 6 0 2 0 × 2 0 1 6 0

t h e F at- U- N et d o es n ot a ct u all y r e q uir e u ps a m pli n g, d e c o n v ol uti o n o p er ati o ns w er e r e pl a c e d

wit h si m pl e 3 × 3 c o n v ol uti o ns, as ill ustr at e d i n Fi g ur e 4. 1 ( b).

4. 2. 1 I nt uiti v e F at- U- N ets

I n C h a pt er 3 a n d i n t his c h a pt er t h e s a m e F at N et c o n v ersi o n t e c h ni q u e, as d es cri b e d i n

S e cti o n 3. 2. 1 , w as a p pli e d wit h mi n or v ari ati o ns. I n all m o d els, t h e ori gi n al m o d el a n d

its F at N et e q ui v al e nt s h ar e a k e y si mil arit y: t h e y m ai nt ai n t h e s a m e n u m b er of tr ai n a bl e

p ar a m et ers a n d t h e s a m e pi x el c o u nt i n e a c h l a y er’s f e at ur e m a ps. It w as h y p ot h esis e d t h at

t h es e n et w or ks w o ul d tr ai n si mil arl y. H o w e v er, it is i m p ort a nt t o n ot e t h at m ai nt ai ni n g

t h e n u m b er of tr ai n a bl e p ar a m et ers mi g ht h a v e b e e n m or e cr u ci al f or pr es er vi n g F at N et’s

hi g h p erf or m a n c e. I d e all y, a n et w or k wit h a n e x c essi v e n u m b er of p ar a m et ers c o ul d l e a d t o

o v er fitti n g, w hil e o n e wit h t o o f e w p ar a m et ers mi g ht r es ult i n u n d er fitti n g. Ass u mi n g t h at

m ai nt ai ni n g t h e s a m e n u m b er of tr ai n a bl e p ar a m et ers is cr u ci al, it m ust als o b e c o nsi d er e d

w h et h er pr es er vi n g t h e s a m e n u m b er of pi x els i n t h e f e at ur e m a ps is e q u all y cr u ci al.

T o e x pl or e t his q u esti o n, t h e F at- U- N et w as c o m p ar e d wit h t hr e e v ersi o ns t er m e d I nt uiti v e

F at- U- N ets ( I nt uiti v e F at- U- N et 1, I nt uiti v e F at- U- N et 2, I nt uiti v e F at- U- N et 3), w hi c h

c o nsi d er e d t h e n u m b er of tr ai n a bl e p ar a m et ers b ut disr e g ar d e d t h e pi x el c o u nt i n t h e f e at ur e

m a ps, w h e n c o n v erti n g t h e n et w or k. T h e ar c hit e ct ur es of all t hr e e I nt uiti v e F at- U- N et

v ersi o ns c a n b e s e e n i n t h e Ta bl e 4. 2 . T his c o n v ersi o n w as n ot p erf or m e d usi n g t h e F at-
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M a x P o ol 2 d C o n v 2 d C o n v Tr a ns p os e 2 d

( a)

( b)

Fi g. 4. 1 G r a p hi c al r e p r es e nt ati o n of o u r i m pl e m e nt ati o n of U- N et a n d F at- U- N et a r c hi-
t e ct u r es. ( a) U- N et ar c hit e ct ur e, wit h all k er n el si z es 3 × 3 , M a x P o ol wit h k er n els si z e of
2 × 2 a n d d e c o n v ol uti o n o p er ati o ns wit h a k er n el si z e of 3 × 3 . ( b) F at- U- N et ar c hit e ct ur e
d eri v e d fr o m o ur i m pl e m e nt ati o n of U- N et, wit h t h e v ar yi n g k er n el si z es i n di c at e d as K at
e a c h l a y er. T h e r es ol uti o n of t h e f e at ur e m a ps st a y c o nst a nt t hr o u g h o ut t h e n et w or k. R ati o n
of k er n el t o f e at ur e m a p is pr es er v e d b et w e e n U- N et a n d F at- U- N et.

S pitt er 3. 2. 2 , 3. 2. 1 ; i nst e a d, it i n v ol v e d i n cr e asi n g t h e k er n el si z es a n d r e d u ci n g t h e n u m b er

of c h a n n els t o pr es er v e t h e n u m b er of tr ai n a bl e p ar a m et ers. I nt uiti v e F at- U- N et 1 cl os el y

r es e m bl es t h e ori gi n al U- N et, wit h t h e k er n el e x p a n di n g t o a m a xi m u m of 2 4 × 2 4 a n d t h e

n u m b er of c h a n n els r e d u c e d t o o nl y 1 2 8 × 1 2 8 i n t h e b ottl e n e c k. I nt uiti v e F at- U- N et 3

d e vi at es m ost fr o m t h e ori gi n al U- N et b ut f e at ur es t h e l ar g est k er n el si z e of 1 5 3 × 1 5 3 a n d a

k er n el si z e of 2 0 × 2 0 , m a ki n g it t h e m ost ef fi ci e nt n et w or k f or t h e 4 F s yst e m dis c uss e d i n

t his c h a pt er. M e a n w hil e, I nt uiti v e F at- U- N et 2 h as i nt er m e di at e f e at ur es, wit h t h e b ottl e n e c k

c h a n n els r e d u c e d t o 6 4 × 6 4 a n d t h e k er n el si z e e x p a n d e d t o 4 8 × 4 8.
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Table 4.2 Comparison of the architectures of the Intuitive Fat-U-Nets. Unlike a Fat-U-Net,
which is converted using a FatNet algorithm for the conversion, these intuitive networks were
developed manually by choosing smaller channel sizes and computing the new kernel sizes
without taking into account the number of pixels in the feature map.

Layer Intuitive Fat-U-Net 1 Intuitive Fat-U-Net 2 Intuitive Fat-U-Net 3

Channels Kernel Channels Kernel Channels Kernel

Conv block 1 3 8 8 3 4 12 3 4 12

8 8 24 4 4 48 4 4 48

Conv block 2 8 16 24 4 8 48 4 8 48

16 16 24 8 8 48 8 8 48

Conv block 3 16 32 24 8 16 48 8 10 61

32 32 24 16 16 48 10 10 77

Conv block 4 32 64 24 16 32 48 10 16 85

64 64 24 32 32 48 16 16 96

Conv block 5 64 128 24 32 64 48 16 20 121

(bottleneck) 128 128 24 64 64 48 20 20 153

DeConv 1 128 64 3 64 32 3 20 16 3

Conv block 6 128 64 24 64 32 48 32 16 96

64 64 24 32 32 48 16 16 96

DeConv 2 64 32 3 32 16 3 16 10 3

Conv block 7 64 32 24 32 16 48 20 10 77

32 32 24 16 16 48 10 10 77

DeConv 3 32 16 3 16 8 3 10 8 3

Conv block 8 32 16 24 16 8 48 16 8 48

16 16 24 8 8 48 8 8 48

deconv4 16 8 3 8 4 3 8 4 3

Conv block 9 16 8 24 8 4 48 8 4 48

8 3 24 4 3 55 4 3 55

segmenter 3 1 1 3 1 1 3 1 1
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4.2.2 U-Net without skip connections

Our investigation was driven by the hypothesis that the Fat-U-Net without skip connections
would outperform the standard U-Net architecture without skip connections or significantly
narrow the performance gap between them.

The primary advantage of Fat-U-Net lies in its ability to maintain high-resolution feature
maps throughout the network. By eliminating pooling operations—which, in traditional
U-Net architectures, reduce spatial resolution to decrease computational load and expand the
receptive field—Fat-U-Net enhances its capability for precise localisation. This structural
enhancement is crucial for maintaining the integrity of spatial information, which is essential
for accurate segmentation.

Additionally, Fat-U-Net employs larger kernel sizes, allowing for a broader receptive
field at each layer. This design feature helps capture more contextual information from the
input image, preserving detailed spatial relationships that are vital for nuanced segmentation
tasks.

In the experiments, both the traditional U-Net without skip connections and the modified
Fat-U-Net were tested across various segmentation tasks. It was hypothesised that the
absence of skip connections, combined with Fat-U-Net’s high-resolution feature maps and
large kernels, would reduce performance but make Fat-U-Net more stable compared to U-Net
by preserving spatial details more effectively.

4.3 Experiments

U-Net and its Fat-U-Net equivalent were implemented and tested in two segmentation tasks
of the Oxford-IIIT pet and HeLa cells.

For the HeLa cells, the region of interest (ROI) of a single cell was used for training and
evaluation, while large fields containing 8000 8000 cells were used for qualitative results.

The version of Fat-U-Net used in this work is optimised for 160 160 image inputs.
Therefore, patches were prepared from odd-numbered slices of the ROI, each with a 50%
overlap. Since only half of the slices were used, this resulted in 529 patches per slice and
a total of 79,350 image pairs with their corresponding ground truth masks. All patches
underwent Gaussian low-pass filtering before being saved. A process was repeated during
the evaluation of new data.

To avoid bias in the training or test sets—particularly due to the inclusion of an excessive
number of background images—random shuffling of patches was replaced with a per-slice
strategy for the train-test split. Test slices included every tenth slice starting from 1 up to
291, such as slices 1, 11, 21, ..., 281, 291. Slices 5, 25, 45, ..., 285 served as validation
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sli c es. I niti all y, t h e r e m ai ni n g sli c es w er e d esi g n at e d f or tr ai ni n g. H o w e v er, t o c o u nt er a ct

d at a i m b al a n c e c a us e d b y b a c k gr o u n d- o nl y i m a g es i n t h e s h all o w est a n d d e e p est sli c es, t h e

tr ai ni n g s et w as li mit e d t o sli c es 9 7 t hr o u g h 1 8 3, e x cl u di n g e v er y sli c e e n di n g i n 1 or 5. T his

a p pr o a c h r es ult e d i n 2 6 sli c es b ei n g us e d, yi el di n g 1 3, 7 5 4 tr ai ni n g p at c h es ( e. g., 9 7, 9 9, 1 0 3,

1 0 7, 1 0 9, ..., 1 7 7, 1 7 9). Alt h o u g h t h e tr ai ni n g d at as et mi g ht s e e m s m all, it is a d e q u at e f or

eff e cti v e bi n ar y n u cl e us s e g m e nt ati o n.

As m e nti o n e d b ef or e i n S e cti o n 2. 1 1 , p erf or m a n c e w as e v al u at e d usi n g pi x el- wis e

a c c ur a c y, mI o U ( m e a n I o U), a n d Di c e S c or e:

A c c ur a c y =
T P + T N

T P + T N + F P + F N
( 4. 1)

I o U =
T P

T P + F P + F N
( 4. 2)

Di c e S c or e =
2 T P

2 T P + F P + F N
( 4. 3)

M or e o v er, t h e i nf er e n c e ti m es of all n et w or ks w er e c o m p ar e d t o d e m o nstr at e t h e p ot e nti al

a c c el er ati o n w h e n r u n ni n g o n a 4f fr e e-s p a c e o pti c al d e vi c e.

T h e tr ai ni n g r e gi m e c a n b e s e e n i n t h e Ta bl e 4. 3 . Si n c e F at- U- N et h a d t o r e m ai n c o nsist e nt

a cr oss b ot h d at as ets, a st a n d ar d r es ol uti o n of 1 6 0 × 1 6 0 w as s el e ct e d. T h e dr o p o ut h as b e e n

a p pli e d o nl y f or t h e H el a c ell tr ai ni n g i n t h e b ottl e n e c k s e cti o n of t h e U- N et. B ot h d at as ets

w er e n or m alis e d b y s u btr a cti n g t h e m e a n a n d di vi di n g b y t h e st a n d ar d d e vi ati o n of e a c h R G B

c h a n n el. S a m e l e ar ni n g r at e w as us e d f or b ot h U- N et a n d F at- U- N et, usi n g c osi n e a n n e ali n g

s c h e d ul er.

E x p eri m e nts w er e p erf or m e d f or U- N et a n d F at- U- N et wit h b ot h d at as ets. T h e t hr e e

v ersi o ns of I nt uiti v e- F at- U- N et w er e als o tr ai n e d o n b ot h d at as ets. U p o n s u c c ess, m or e

e x p eri m e nts w er e c o n d u ct e d o n t h e H el a C ells d at as et, i n cl u di n g o pti c al si m ul ati o n of

F at- U- N et a n d a c o m p aris o n of U- N et/ F at- U- N et wit h o ut s ki p c o n n e cti o ns.

C o m p ar e d t o ot h er m o d els, t h e o pti c al tr ai ni n g p os e d si g ni fi c a nt c h all e n g es, p arti c ul arl y

i n m e m or y m a n a g e m e nt. Si n c e t h e o pti c al si m ul ati o n is n ot m e m or y ef fi ci e nt a n d m ust

st or e e xt e nsi v e d at a t o si m ul at e li g ht pr o p a g ati o n, t h e b at c h si z e h a d t o b e r e d u c e d t o 2.

U nf ort u n at el y, s u c h a s m all b at c h si z e c a us e d i nst a bilit y d uri n g tr ai ni n g. T o a d dr ess t his

iss u e, t h e gr a di e nt a c c u m ul ati o n t e c h ni q u e w as e m pl o y e d (s e e S e cti o n 2. 1 0 ), wit h a st e p

of 1 6, t o e m ul at e a b at c h si z e of 3 2. Alt h o u g h t his t e c h ni q u e st a bilis e d t h e tr ai ni n g, it

r es ult e d i n p o or st atisti c al esti m ati o n d uri n g b at c h n or m alis ati o n, n e c essit ati n g t h e r e m o v al

of tr a c ki n g st atisti cs i n b at c h n or m alis ati o n. U nf ort u n at el y, all t h es e a dj ust m e nts l e d t o t h e

m o d el c o n v er gi n g aft er a si g ni fi c a ntl y hi g h er n u m b er of e p o c hs ( 3 0 0).
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Ta bl e 4. 3 E x p eri m e nt al S et u p f or H el a C ell a n d O xf or d-III T P et D at as ets

P a r a m et e r  H el a C ell D at as et  O xf o r d-III T P et D at as et

I niti al L e ar ni n g R at e 1 e- 3 1 e- 4

S c h e d ul er c osi n e a n n e ali n g c osi n e a n n e ali n g

B at c h Si z e 3 2 1 6

N u m b er of E p o c hs 2 0 2 5 0

I n p ut R es ol uti o n 1 6 0 × 1 6 0 1 6 0 × 1 6 0

R e g ul aris ati o n
Dr o p o uts ( 5 0 %),

Wei g ht D e c a y 1 e- 4
Wei g ht D e c a y 1 e- 4

D at a A u g m e nt ati o n  N o n e

S hift S c al e R ot at e, R G B S hift,

R a n d o m Bri g ht n ess C o ntr ast,

N or m alis ati o n

O pti mis er  A d a m  A d a m

N or m alis ati o n
M e a n: 0. 6 3 7 9,

S T D: 0. 0 8 5 5

M e a n: R- 0. 4 8 5, G- 0. 4 5 6, B- 0. 4 0 6,

S T D: R- 0. 2 2 9, G- 0. 2 2 4, B- 0. 2 2 5

4. 4 R es ults a n d Dis c ussi o n

T h e i nf er e n c e s p e e d w as ass ess e d o n a G P U a n d esti m at e d f or o pti cs t o hi g hli g ht t h e ef fi ci e n c y

g ai ns a c hi e v a bl e wit h a 4f fr e e-s p a c e o pti c al d e vi c e. I n t his c o m p aris o n, w hil e o ur 5-st a g e d

U- N et m o d el r e q uir es 3, 8 3 3, 9 8 4 c o n v ol uti o n al o p er ati o ns, its F at N et e q ui v al e nt, F at- U- N et,

n e e ds o nl y 7, 1 2 3 c o n v ol uti o n o p er ati o ns. Gi v e n t h at i nf er e n c e s p e e d i n t h e 4f o pti c al s et u p

is n ot aff e ct e d b y r es ol uti o n c h a n g es, F at- U- N et’s o pti c al i nf er e n c e is pr oj e ct e d t o b e 5 3 8

ti m es f ast e r t h a n t h at of U- N et w h e n b ot h r u n i n o pti cs.

T h e i nf er e n c e ti m e w as m e as ur e d o n a n N vi di a A 1 0 0 f or b ot h U- N et a n d F at- U- N et,

a n d t h e r es ults w er e c o m p ar e d t o t h e t h e or eti c al i nf er e n c e ti m e c al c ul at e d f or a 4f o pti c al

a c c el er at or, b as e d o n t h e w or k of Li et al. [7 ], w h er e t h e a ut h ors pr e di ct e d t h e a v ail a bilit y of

a 2 M H z d e vi c e i n t h e n e ar f ut ur e. Si mil arl y, G u pt a et al. [8 8 ] c o n d u ct e d t h eir e v al u ati o ns

wit h t h e ass u m pti o n of a 2 M H z d e vi c e. T h e r es ults ar e s h o w n i n Ta bl e 4. 4 f or b at c h si z es of

1, 3 2, a n d 1 4 4. T h e b at c h si z e of 1 4 4 w as c h os e n b e c a us e it is t h e m a xi m u m p ossi bl e b at c h

si z e f or t h e 4f s yst e m wit h 4 k r es ol uti o n if b at c h tili n g is a p pli e d, wit h t h e n e c ess ar y p a d di n g

f or e a c h i m a g e.

B as e d o n t h e r es ults i n Ta bl e 4. 4 , at t h e b at c h si z es of 1, 3 2 a n d 1 4 4,t h e a c c el er ati o n of

i nf er e n c e of F at- U- N et wit h 4f o pti cs, c o m p ar e d t o U- N et r u n o n hi g h- e n d G P U, is 1. 3 2,

8. 2 7, a n d 3 7 ti m es r es p e cti v el y. It is als o i m p ort a nt t o n ot e t h at wit h t his s et u p a n d b at c h
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si z e u p t o 1 4 4, it is i m p ossi bl e t o g et a n y a c c el er ati o n if t h e v a nill a U- N et is i nf err e d o n t h e

4f s yst e m wit h o ut c o n v ersi o n i nt o its F at N et e q ui v al e nt.

Ta bl e 4. 4 I nf er e n c e ti m e i n millis e c o n ds of U- N et a n d its F at N et e q ui v al e nt ( F at- U- N et)
m o d el p er i m a g e wit h diff er e nt b at c h si z es r u n o n 4f a c c el er at or a n d N vi di a A 1 0 0. T h e
fr a m e r at e f or 4f s yst e m w as a p pr o xi m at e d at 2 M H z, a n d N vi di a A 1 0 0 G P U w as m e as ur e d
e x p eri m e nt all y.

M o d el a n d d e vi c e  B at c h 1 B at c h 3 2 B at c h 1 4 4

U- N et ( O pti cs) 1 9 2 0. 0 0 5 9. 9 0 0 1 3. 3 0 0

F at- U- N et ( O pti cs) 3. 4 6 0. 1 0 8 0. 0 2 4

U- N et ( G P U) 4. 5 5 0. 8 9 4 0. 8 8 3

H a vi n g d e m o nstr at e d F at- U- N et’s e n h a n c e d s p e e d, t h e f o c us t h e n s hift e d t o ass essi n g

its eff e cti v e n ess. I niti all y, U- N et w as tr ai n e d t o a c hi e v e st at e- of-t h e- art p erf or m a n c e, aft er

w hi c h it w as tr a nsf or m e d i nt o F at- U- N et. T h e U- N et v ersi o n w as s ur p ass e d o nl y b y m o d els

t h at i nt e gr at e d pr e-tr ai n e d V G G 1 6 a n d I n c e pti o n V 3 as t h eir c o ntr a cti n g p at hs, as s h o w n

i n Ta bl e 4. 5 , t h o u g h t h e p erf or m a n c e diff er e n c e w as mi ni m al. Gi v e n t h at t h e U- N et m o d el

i n t his w or k w as d e v el o p e d fr o m s cr at c h wit h o ut pr e-tr ai ni n g, it is cl e ar t h at t h e n e c ess ar y

b e n c h m ar ks w er e m et pri or t o its c o n v ersi o n. T h e tr a nsiti o n t o F at- U- N et r es ult e d i n a m o d est

d e cli n e of 1. 9 3 % i n pi x el a c c ur a c y, 4. 2 4 % i n I o U, a n d 2. 4 6 % i n Di c e c o ef fi ci e nt, s h o w c asi n g

r el ati v el y mi n or p erf or m a n c e c o m pr o mis es c o m p ar e d t o a 6 % a c c ur a c y r e d u cti o n o bs er v e d

i n cl assi fi c ati o n t as ks.

Ta bl e 4. 5 C o m p aris o n of t h e e v al u ati o n r es ults of t h e a c c ur a c y, mI o U, a n d Di c e s c or e of
U- N et a n d its F at- U- N et e q ui v al e nt al o n g wit h ot h er w or ks f or O xf or d-III T P et.

M o d el  A c c u r a c y ( %) I o U ( %) Di c e S c o r e ( %)

U- N et ( o u r i m pl e m e nt ati o n) 9 5. 3 3 8 9. 3 2 9 4. 3 3

F at- U- N et ( o u rs) 9 3. 4 0 8 5. 0 8 9 1. 8 7

S E U- N et [ 3 1 ] - ≈ 7 7. 0 0 -

I C N et [ 1 1 6 , 1 1 5 ] 9 0. 7 9 7 5. 1 2 -

C o n R e c ( 2 0 % of d at as et) [ 1 1 3 , 1 4 4 ] - - 9 0. 0 0

U- N et ( as p e r S u n d a r r aj a n et al. ) [1 1 4 ] - 3 3. 3 0 4 6. 4 0

U- N et + V G G 1 6 [ 1 1 4 ] - 8 9. 4 0 9 4. 2 0

U- N et +I n c e pti o n V 3 [ 1 1 4 ] - 9 1. 6 0 9 1. 5 0
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Fr o m Fi g ur e 4. 2 , it c a n b e o bs er v e d t h at t h e tr ai ni n g pr o c ess is si mil ar f or b ot h U- N et

a n d F at- U- N et, wit h t h e F at- U- N et p erf or mi n g sli g htl y l o w er b y a c o nst a nt f a ct or. H o w e v er,

it is als o e vi d e nt t h at n eit h er c ur v e h as f ull y c o n v er g e d a n d b ot h c o nti n u e t o ris e sl o wl y,

i n di c ati n g t h at e v e n hi g h er a c c ur a c y c o ul d b e a c hi e v e d wit h a d diti o n al tr ai ni n g.

Fi g. 4. 2 Tr ai ni n g c u r v e f o r O xf o r d-III T P ets v ali d ati o n d at as et, t r ai n e d wit h U- N et a n d
F at- U- N et. A s m o ot h e d c ur v e is pl ott e d o n t o p of t h e v al u es. B ot h c ur v es ar e c orr el at e d,
w hil e t h e F at- U- N et is c o nst a ntl y l o w er t h a n U- N et.

T h e q u alit ati v e c o m p aris o ns pr es e nt e d i n Fi g ur e 4. 3 hi g hli g ht t h e diff er e nt p erf or m a n c e

of U- N et a n d F at- U- N et a cr oss s e v er al c as es. I n Fi g ur e 4. 3 ( a), b ot h al g orit h ms a c hi e v e

fl a wl ess s e g m e nt ati o n w h e n t h e p ets ar e cl e arl y dis pl a y e d a g ai nst a u nif or m b a c k gr o u n d.

Fi g ur e 4. 3 ( b) s h o ws U- N et’s s u p eri or a bilit y t o s e g m e nt a b a c k gr o u n d c at t h at f alls o utsi d e

t h e r e gi o n of i nt er est, w h er e as F at- U- N et d o es n ot p erf or m as w ell. H o w e v er, wit h t h e c as e

of t h e c at i n t h e b a c k gr o u n d, it m a n a g e d t o fl a wl essl y s e g m e nt t h e c at i n t h e R OI. C o n v ers el y,

Fi g ur e 4. 3 ( c) s h o w c as es F at- U- N et’s str e n gt h, as it a c c ur at el y s e g m e nts b ot h a ni m als, u nli k e

U- N et, w hi c h mist a k e nl y i d e nti fi es p arts of t h e c at a n d d o g as p art of t h e b a c k gr o u n d.

P o or s e g m e nt ati o n p erf or m a n c e c a n b e o bs er v e d i n Fi g ur e 4. 3 ( d), w h er e t h e s c al e of

t h e p et is n ot a bl y s m all er t h a n t h at t y pi c all y o bs er v e d wit hi n t h e d at as et. T his d e vi ati o n

i n s c al e l e a ds t o b ot h al g orit h ms f aili n g t o a c c ur at el y s e g m e nt t h e c at i n t h e first i m a g e;

U- N et t e n ds t o w ar ds o v er-s e g m e nt ati o n, w hil e F at- U- N et is i n cli n e d t o u n d er-s e g m e nt ati o n.

F urt h er m or e, i n t h e a n al ysis of t h e s e c o n d i m a g e, b ot h al g orit h ms i n c orr e ctl y cl assif y t h e
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h u m a n h a n d as p art of t h e c at, hi g hli g hti n g a c o m m o n c h all e n g e i n disti n g uis hi n g b et w e e n

cl os el y i nt er a cti n g o bj e cts wit hi n t h e s e g m e nt ati o n t as k.

U-
Ne

t 
Fa

t-
U-

Ne
t

( a) ( b) ( c) ( d)

Fi g. 4. 3 Q u alit ati v e r es ults of O xf o r d III T P et d at as et. ( a) E x a m pl es of p erf e ct s e g m e nt a-
ti o n b y b ot h al g orit h ms. ( b) E x a m pl es of U- N et p erf or mi n g b ett er t h a n F at- U- N et. U- N et
m a n a g e d t o s e g m e nt a c at i n t h e b a c k gr o u n d, e v e n t h o u g h t h at w as n’t p art of t h e gr o u n d
tr ut h. M or e o v er, i n t h e t o p ri g ht pi ct ur e, F at- U- N et miss e d pi x els i n t h e mi d dl e of t h e c at. ( c)
E x a m pl es of F at- U- N et o ut p erf or mi n g U- N et. U- N et miss e d t h e l eft-si d e pi x els o n t h e c at
pi ct ur e a n d a ti n y bit of t h e pi x els o n t h e b a c k of t h e d o g. ( d) B a d s e g m e nt ati o n e x a m pl es b y
b ot h al g orit h ms. U- N et o v er-s e g m e nt e d t h e c at, w hil e F at- U- N et u n d er-s e g m e nt e d it i n t h e
l eft pi ct ur e. I n t h e ri g ht pi ct ur e, b ot h al g orit h ms cl assi fi e d t h e h a n d as p art of t h e a ni m al.

Fi g ur e 4. 4 s h o ws t h e tr ai ni n g c ur v e c o m p aris o n of U- N et a n d F at- U- N et tr ai n e d wit h

H e L a c ells. Fr o m t his fi g ur e, it c a n b e o bs er v e d t h at U- N et c o n v er g es f ast er t h a n F at- U-

N et wit h mi ni m al p erf or m a n c e i n cr e as e o v er t h e e p o c hs. F at- U- N et, o n t h e ot h er h a n d,

d e m o nstr at es a v er y st e e p tr ai ni n g c ur v e o v er 2 0 e p o c hs. I n c o m p aris o n t o r e g ul ar sl o w-

l e ar ni n g m o d els, F at- U- N et is e v e n st e e p er, pri m aril y d u e t o its s e nsiti vit y t o t h e l e ar ni n g

r at e. It h as b e e n o bs er v e d t h at t h e F at N et e q ui v al e nts us u all y r e q uir e s m all er l e ar ni n g r at es

t h a n t h eir c o u nt er p arts. I n t h es e e x p eri m e nts, a c osi n e a n n e ali n g l e ar ni n g r at e s c h e d ul er w as

us e d, r es ulti n g i n p erf or m a n c e i m pr o v e m e nts o v er t h e e p o c hs, wit h t h e m ost si g ni fi c a nt st e p

o c c urri n g at e p o c h 1 0. Aft er e p o c h 1 0, t h e n et w or k q ui c kl y r e a c h e d a p erf or m a n c e l e v el

v er y cl os e t o t h at of U- N et. It c a n als o b e n ot e d t h at t h e g a p b et w e e n t h e c ur v es c o nti n u es t o

s hri n k aft er e p o c h 1 0.

As dis c uss e d i n t h e E x p eri m e nts s e cti o n 4. 3 , t h e o pti c al si m ul ati o n r e q uir e d m or e e p o c hs,

as s h o w n i n Fi g ur e 4. 5 . C o m p ar e d t o t h e ori gi n al F at- U- N et, t h e tr ai ni n g pr o c ess w as

e xt e n d e d; h o w e v er, t h e l e ar ni n g c ur v e a p p e ars s m o ot h er, wit h t h e I o U c o nti n ui n g t o gr a d u all y

i n cr e as e e v e n aft er e p o c h 9 5.

A ti n y i nst a bilit y c a n b e s e e n i n t h e first t hr e e e p o c hs, w h er e t h e a c c ur a c y s u d d e nl y

dr o p p e d. T his di d n ot aff e ct t h e o v er all tr ai ni n g pr o c ess a n d p ossi bl y h a p p e n e d b e c a us e of

t h e hi g h l e ar ni n g r at e d uri n g t h e i niti al e p o c hs.
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Fig. 4.4 Training curves for HeLa cells validation dataset, trained on U-Net and Fat-U-
Net. The smoothed curve is plotted on top of the original values. The U-Net quickly reaches
the desired performance around epoch 7, while the Fat-U-Net starts with a very low IoU but
eventually reaches a similar performance as the U-Net at around Epoch 12. Over time, the
performance of Fat-U-Net continues to approach that of U-Net.
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Fig. 4.5 Training curves for validation set of Optical simulation of Fat-U-Net trained
on HeLa cells. A smoothed curve is plotted on top of the values. Optical simulation of
Fat-U-Net took fast to reach the performance of IoU of 0.8. But overall, due to the complexity
of the simulation, it took 95 epochs to reach the desired performance, and the projection
indicates that it may continue to improve.
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T h e e v al u ati o n of U- N et a n d F at- U- N et m o d els f or H e L a c ells n u cl e us s e g m e nt ati o n

e n c o m p ass e d f o ur diff er e nt t esti n g c o n diti o ns: ( 1) a n al ysi n g all o d d- n u m b er e d sli c es fr o m 1

t o 3 0 0, ( 2) f o c usi n g o n a s u bs et of o d d sli c es ( 1 5 0- 2 0 0) w h er e t h e n u cl e us is pr o mi n e ntl y

visi bl e, f oll o w e d b y ( 3) a n d ( 4) a p pl yi n g t h es e a p pr o a c h es t o t h e t est sli c es, as d et ail e d i n

Ta bl e 4. 6 . T h e r es ults of t h e first t w o s c e n ari os, e v al u ati o n wit h t h e t est s et a n d t h e e ntir e

d at as et, i n cl u di n g tr ai ni n g a n d v ali d ati o n sli c es t o o, w er e c o m p ar a bl e t o t h e r es ults of t h e

w or k of K ar a b a g et al. [8 ] si n c e n o t est s plit w as c o n d u ct e d i n t h at w or k.

M o d el  A c c. ( all) ( %) I o U ( all) ( %) A c c. ( 1 5 0- 2 0 0) ( %) I o U ( 1 5 0- 2 0 0) ( %)

U- N et 9 5. 7 1 6 6. 3 2 9 9. 5 9 9 7. 1 5

U- N et ( Test) 9 5. 7 5 6 6. 5 9 9 9. 5 7 9 7. 1 1

F at- U- N et 9 5. 3 1 6 4. 2 7 9 9. 4 2 9 6. 0 5

F at- U- N et ( Test) 9 5. 4 2 6 4. 8 3 9 9. 4 3 9 6. 2 5

O pt F at- U- N et 9 5. 9 4 6 6. 9 1 9 9. 2 7 9 5. 0 1

O pt F at- U- N et ( Test) 9 5. 6 0 6 5. 3 4 9 9. 3 3 9 5. 5 7

4 st a g e U- N et [ 8 ] 9 3. 4 6 5 1. 3 8 9 9. 6 6 9 7. 1 2

Ta bl e 4. 6 P erf or m a n c e C o m p aris o n of o ur i m pl e m e nt ati o n of fi v e st a g e d U- N et, its F at- U- N et
e q ui v al e nt, a n d a 4 st a g e d U- N et i m pl e m e nt ati o n b y [ 8 ]. E v al u ati n g A c c ur a c y a n d I o U
M etri cs A cr oss t h e e ntir e d at as et a n d 1 5 0- 2 0 0 r a n g e f or all o d d a n d t est sli c es t h at h a v e n ot
p arti ci p at e d i n t h e tr ai ni n g pr o c ess.

Gi v e n t h at gr o u n d tr ut h ( G T) a n n ot ati o ns w er e a v ail a bl e o nl y f or R OI of 2 0 0 0 × 2 0 0 0 ×

3 0 0 v o x els — a si n gl e c ell wit hi n t h e e xt e nsi v e 8 1 9 2 × 8 1 9 2 × 5 1 8 d at as et — q u alit ati v e

e v al u ati o ns w er e c o n d u ct e d b y tr ai ni n g o n o n e c ell a n d t esti n g wit h t h at c ell a n d a dj a c e nt

c ells as s h o w n i n t h e gr o u n d tr ut h vis u alis ati o n i n Fi g ur e 2. 1 8 . A d diti o n all y, q u alit ati v e

e v al u ati o n e xt e n d e d t o t h e s e g m e nt ati o n of t h e f ull-si z e d ori gi n al i m a g e of 8 1 9 2 × 8 1 9 2

c o nt ai ni n g all t h e c ells as s h o w n i n Fi g ur e 4. 7 . W h e n e v al u ati n g wit h t h e l ar g er 8 1 9 2 × 8 1 9 2

i m a g e, F at- U- N et pr o vi d e d b ett er r es ults t h a n U- N et, p arti c ul arl y n oti c e a bl e i n t h e di vi di n g

c ell l o c at e d at t h e b ott o m ri g ht. T h e r e d a n d gr e e n arr o ws i n Fi g ur e 4. 7 i n di c at e i nst a n c es

of g o o d a n d p o or s e g m e nt ati o n. O v er all, it c a n b e o bs er v e d t h at F at- U- N et s e g m e nts t h e

c ells m or e a c c ur at el y, fitti n g t h e n u cl e ar e n v el o p e ti g htl y. H o w e v er, u nli k e U- N et, F at- U- N et

c o nt ai ns s e v er al f als e p ositi v es. A d diti o n all y, b ot h m o d els i n c orr e ctl y s e g m e nt e d a d e a d c ell

i n t h e t o p ri g ht c or n er as a n u cl e us.

T h e q u a ntit ati v e e v al u ati o n of F at- U- N et f or s e g m e nti n g t h e n u cl ei of H e L a c ells w as

s u c c essf ul. W h e n c o m p ar e d t o t h e 4-st a g e U- N et m o d el r e p ort e d b y K ar a b a g et al. [8 ] i n 2 0 2 3,

o ur 5-st a g e v ersi o n of U- N et i m pl e m e nt ati o n d e m o nstr at e d m ar gi n all y b ett er p erf or m a n c e
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o n mi d dl e-r a n g e sli c es a n d a c hi e v e d a 1 4. 9 4 % i n cr e as e i n I nt ers e cti o n o v er U ni o n (I o U)

a cr oss all sli c es. It is i m p ort a nt t o c o nsi d er t h at t h e gr o u n d tr ut h f or r e gi o n of i nt er est ( R OI)

c ells w as li mit e d t o t h e s e g m e nt ati o n of t h e n u cl e us of t h e c e ntr al c ell, tr e ati n g t h e n u cl ei of

t h e s urr o u n di n g c ells as b a c k gr o u n d. H o w e v er, b ot h U- N et a n d F at- U- N et w er e c a p a bl e of

s e g m e nti n g t h es e n u cl ei d es pit e t h e n ois y l a b elli n g i n t h e gr o u n d tr ut h d at a, as ill ustr at e d

i n Fi g ur e 4. 6 . As a r es ult, t h e s e g m e nt ati o n m as k s ur p ass e d t h e gr o u n d tr ut h f or si d e sli c es

( o utsi d e t h e 1 5 0- 2 0 0 r a n g e), l e a di n g t o a r e d u c e d I o U f or all sli c es i n c o m p aris o n t o t h os e

i n t h e mi d dl e r a n g e ( S e e Fi g ur e 4. 8 ). C o n v erti n g t o F at- U- N et r es ult e d i n a s m all er d e cli n e

i n p erf or m a n c e t h a n o bs er v e d i n t h e e v al u ati o n wit h t h e O xf or d-III T P et d at as et, wit h a

d e cr e as e of a b o ut 1 % f or mi d dl e-r a n g e sli c es a n d 2 % f or all sli c es.
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t-
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t

( a) ( b) ( c)

Fi g. 4. 6 Q u alit ati v e r es ults of H e L a d at as et. ( a) tr ai n sli c e 1 1 9 ( b) t est sli c e 1 2 1 ( c) U ns e e n
c ell, t a k e n fr o m t h e l ar g er fi el d.

4. 4. 1 I nt uiti v e F at- U- N ets

W h e n a n al ysi n g t h e r es ults of t h e I nt uiti v e F at- U- N et e x p eri m e nts, it b e c a m e a p p ar e nt t h at t h e

p erf or m a n c e of F at- U- N ets ali g n e d wit h t h e h y p ot h esis t h at pr es er vi n g t h e n u m b er of pi x els

i n t h e f e at ur e m a ps of t h e F at N et c o ntri b ut es t o b ett er p erf or m a n c e. T h es e F at- U- N ets di d
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Fi g. 4. 7 U- N et a n d F at- U- N et s e g m e nt ati o n q u alit ati v e r es ults o n 8 1 9 2 × 8 1 9 2 i m a g es.
Gr e e n arr o ws i n di c at e ar e as of g o o d p erf or m a n c e, w hil e r e d arr o ws hi g hli g ht ar e as of p o or
p erf or m a n c e.

( a) ( b)

Fi g. 4. 8 I nt e rs e cti o n o v e r U ni o n (I o U) of e a c h sli c e of t h e H e L a c ells d at as et b y b ot h
m o d els: ( a) U- N et a n d ( b) F at- U- N et. T h e r e d p oi nts i n di c at e t h e t est d at a sli c es w h os e
p at c h es w er e n ot i n cl u d e d i n t h e tr ai ni n g pr o c ess. It is e vi d e nt t h at b ot h m o d els p erf or m
si mil arl y p o orl y f or s h all o w a n d d e e p er l a y ers, w h er e t h e n u cl e us is eit h er s m all or n o n-
e xist e nt, a n d p erf or m c o m p ar a bl y w ell f or mi d dl e sli c es.

n ot f oll o w t h e F at- S pitt er al g orit h m. I nst e a d, t h e y o nl y c o nsi d er e d t h e n u m b er of tr ai n a bl e

p ar a m et ers r at h er t h a n t h e n u m b er of pi x els i n e a c h f e at ur e m a p.

As d e m o nstr at e d i n Ta bl e 4. 7 , o ur st a n d ar d F at- U- N et o ut p erf or m e d all t hr e e I nt uiti v e

F at- U- N ets, c o n fir mi n g t h at t h e n u m b er of pi x els i n e a c h f e at ur e m a p is cr u ci al f or t h e F at N et

c o n v ersi o n a n d its ef fi c a c y.
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Fig. 4.9 Closer look on line graph of IoU metric on each slice of the HeLa cells dataset.
The line graph provides a detailed view of the IoU metric for each slice of the HeLa cells
dataset. The red points represent the test data slices whose patches were excluded from
the training process. These test slices exhibit a slightly lower IoU metric compared to the
training slices, which is particularly noticeable.

Additionally, it is evident that Intuitive Fat-U-Net 1 performs better than all other Intuitive
Fat-U-Nets across all scenarios. This performance is attributed to its architectural similarity
to the original U-Net, which means the number of pixels in its feature maps is also most
similar to the original U-Net.

Table 4.7 Intuitive Fat-U-Nets (other "Large kernel/Few Channel") performance in com-
parison with original Fat-U-Net. Fat-U-Net outperforms all three variations of Intuitive
Fat-U-Nets in both datasets.

Model Oxford-IIIT Pet HeLa cells

Acc IoU Acc IoU

Intuitive Fat-U-Net 1 92.71 83.71 99.08 93.90

Intuitive Fat-U-Net 2 89.39 77.84 97.95 87.58

Intuitive Fat-U-Net 3 89.18 76.98 98.45 89.75

Fat-U-Net 93.40 91.87 99.43 96.25
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4. 4. 2 U- N et wit h o ut s ki p c o n n e cti o ns

T h e e x p eri m e nts i n v ol vi n g t h e tr ai ni n g of F at- U- N et a n d U- N et wit h o ut s ki p c o n n e cti o ns

h a v e s o m e w h at pr o v e n t h e h y p ot h esis d es cri b e d i n S e cti o n 4. 2. 2 , t h at F at- U- N et ar c hit e ct ur e

wit h o ut s ki p c o n n e cti o ns mi g ht s ur p ass or c o nsi d er a bl y cl os e t h e p erf or m a n c e g a p wit h t h e

st a n d ar d U- N et ar c hit e ct ur e t h at als o l a c ks s ki p c o n n e cti o ns. B ot h U- N et a n d F at- U- N et

p erf or m e d p o orl y a n d w er e u nst a bl e, f aili n g t o c o n v er g e. As s h o w n i n Fi g ur e 4. 1 0 , F at- U- N et

w as r el ati v el y m or e st a bl e c o m p ar e d t o U- N et, w hi c h ali g ns wit h t h e h y p ot h esis. H o w e v er,

e v e n F at- U- N et e x hi bit e d fl u ct u ati o ns i n p erf or m a n c e t hr o u g h o ut t h e e p o c hs.

F urt h er m or e, i n Fi g ur e 4. 1 0 ( b), w h er e t h e c ur v es ar e s m o ot h e d, it is e vi d e nt t h at F at- U-

N et p erf or ms m or e st a bl y o n a v er a g e. N e v ert h el ess, w h e n e v al u ati n g o n t est d at a, U- N et’s

I o U w as 8 6. 7 1 %, w hil e F at- U- N et’s I o U w as 8 6. 5 3 % o n mi d dl e sli c es. T his i n di c at es t h at

alt h o u g h t h e p erf or m a n c e of b ot h n et w or ks dr o p p e d, t h e g a p b et w e e n U- N et a n d F at- U-

N et wit h o ut s ki p c o n n e cti o ns i n d e e d s hr a n k b e c a us e F at- U- N et m a n a g es t o pr es er v e t h e

l o c alis ati o n i nf or m ati o n w ell.

4. 5 C o n cl usi o n

I n t his c h a pt er, t h e e x p a nsi o n of t h e a p pli c ati o n of F at N et t o s e g m e nt ati o n t as ks w as s u c c ess-

f ull y d e m o nstr at e d b y a p pl yi n g it t o t h e c o ntr a cti n g p at h of t h e U- N et m o d el. T his ali g ns

wit h O bj e cti v e 1, w hi c h ai ms t o d e v el o p a n d a d a pt n o v el C N N ar c hit e ct ur es f or a c c el er ati o n

i n t h e 4f s yst e m, b uil di n g o n t h e cl assi fi c ati o n t as ks f ul fill e d i n C h a pt er 3 a n d e xt e n di n g t h e m

t o s e g m e nt ati o n t as ks h er e i n t his C h a pt er.

O ur a d a pt e d m o d el, F at- U- N et, r e q uir e d 5 3 8 ti m es f e w er c o n v ol uti o n o p er ati o ns t h a n

t h e tr a diti o n al U- N et, l e a di n g t o a n i nf er e n c e s p e e d 5 3 8 ti m es f ast er w h e n usi n g o pti c al

a c c el er at ors a n d 3 7 ti m es f ast er t h a n U- N et r u n ni n g o n a G P U, ass u mi n g a 2 M H z d e vi c e. B ot h

m o d els w er e t est e d o n t h e O xf or d-III T P et d at as et a n d t h e H e L a c ell n u cl e us s e g m e nt ati o n,

a c hi e vi n g u n p ar all el e d r es ults. T h e p erf or m a n c e d e gr a d ati o n w as mi ni m al, wit h a m a xi m u m

l oss of 4. 2 4 % i n t est I o U f or t h e O xf or d-III T P et d at as et a n d 1. 7 6 % f or t h e H e L a c ell

n u cl e us s e g m e nt ati o n. T his m a k es t h e F at N et tr a nsf or m ati o n e v e n m or e a d v a nt a g e o us t h a n

i n cl assi fi c ati o n t as ks.

M or e o v er, t his c h a pt er d e m o nstr at e d t h e ef fi c a c y of t h e F at N et, p arti c ul arl y t h e n e c essit y

of t a ki n g i nt o a c c o u nt t h e n u m b er of pi x els i n e a c h f e at ur e m a p w h e n p erf or mi n g t h e

c o n v ersi o n. T his w as a c hi e v e d b y tr ai ni n g t hr e e I nt uiti v e F at- U- N ets. T h es e I nt uiti v e

F at- U- N ets o nl y us e d t h e n u m b er of tr ai n a bl e p ar a m et ers f or t h e c o n v ersi o n, a n d all t hr e e

u n d er p erf or m e d c o m p ar e d t o t h e ori gi n al F at- U- N et.
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( a)

( b)

Fi g. 4. 1 0 L e a r ni n g c u r v es of U- N et a n d F at- U- N et wit h o ut s ki p c o n n e cti o ns. ( a) R e g ul ar
l e ar ni n g c ur v e pl ot f or b ot h m o d els wit h o ut s ki p c o n n e cti o ns, a n d b ot h f ail e d t o tr ai n, w hil e
F at- U- N et w as sli g htl y m or e st a bl e ( b) S m o ot h e d l e ar ni n g c ur v e f or b ot h m o d els wit h o ut
s ki p c o n n e cti o ns, s h o wi n g t h at F at- U- N et p erf or m e d b ett er, e v e n t h o u g h o v er all t h e fi n al
e v al u ati o n is o n U- N et’s f a v o ur.

T his c h a pt er als o a n al ys e d t h e eff e ct of pr es er vi n g t h e l o c alis ati o n i nf or m ati o n i n F at- U-

N et b y tr ai ni n g U- N et a n d F at- U- N et wit h o ut t h e s ki p c o n n e cti o ns. E x p eri m e nts s h o w e d t h at

b ot h n et w or ks f ail e d t o c o n v er g e as eff e cti v el y as wit h s ki p c o n n e cti o ns, alt h o u g h F at- U- N et

tr ai n e d m or e st a bl y t h a n U- N et.

I n c o n cl usi o n, t his c h a pt er s u c c essf ull y f ul fill e d O bj e cti v e 1 b y e xt e n di n g F at N et’s

a p pli c ati o n fr o m cl assi fi c ati o n ( as d e m o nstr at e d i n C h a pt er 3 ) t o s e g m e nt ati o n, a c hi e vi n g

si g ni fi c a nt ef fi ci e n c y g ai ns w hil e m ai nt ai ni n g hi g h p erf or m a n c e. A d diti o n all y, t his c h a pt er

v ali d at e d t h e al g orit h m t hr o u g h e x p eri m e nts s u c h as I nt uiti v e F at- U- N ets a n d U- N et wit h o ut

s ki p c o n n e cti o ns t o pr o v e t h e ef fi c a c y of t h e a p pr o a c h. T h es e r es ults f urt h er d e m o nstr at e
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FatNet’s adaptability across diverse tasks and its potential to optimise deep learning models
for free-space optical accelerators.
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C h a pt e r 5

S h a r e d C o n v ol uti o n al Visi o n

Tr a nsf o r m e rs ( C o n v S h a r e Vi T)

O v e r vi e w

I n t his c h a pt er, w e i ntr o d u c e C o n v S h ar e Vi T, a n e w ar c hit e ct ur e f or Visi o n Tr a nsf or m er

m o d els t h at e x cl usi v el y us es c o n v ol uti o n o p er ati o ns. T h e c h a pt er e x a mi n es diff er e nt m et h o ds

f or i n c or p or ati n g c o n v ol uti o ns wit hi n t h e att e nti o n m e c h a nis m a n d t h e M L P bl o c ks of t h e

Vi Ts, wit h t h e m ai n f o c us o n e n a bli n g ef fi ci e nt i nf er e n c e i n t h e 4f fr e e-s p a c e a c c el er at or.

A d diti o n all y, t h e c h a pt er e x pl or es v ari o us p ar all elis ati o n t e c h ni q u es t h at ar e b ot h f e asi bl e

a n d eff e cti v e f or t h e 4f s yst e m.

5. 1 I nt r o d u cti o n

I n t h e pr e vi o us c h a pt ers, t h e c o n v ersi o n of c o n v ol uti o n al n et w or ks i nt o f or m ats m or e c o m p ati-

bl e wit h t h e 4f s yst e m w as dis c uss e d. It h as b e e n n ot e d t h at tr a nsf or m ers c a n b e i m pl e m e nt e d

i n a n o pti c al s et u p, as r e vi e w e d i n t h e lit er at ur e ( S e e S e cti o n 2. 8. 5 ). H o w e v er, t his n e c es-

sit at es a c o m pl et el y n e w s et u p a n d d o es n ot utilis e t h e e xisti n g 4f s yst e m, w hi c h w o ul d b e

pr ef er a bl e. Si n c e t h e 4f s yst e m is alr e a d y e m pl o y e d f or c o n v ol uti o n o p er ati o ns, its a p pli-

c ati o n t o tr a nsf or m ers c o ul d b e c o nsi d er e d wit h o ut a n y m o di fi c ati o n t o t h e o pti c al s et u p.

U nli k e c o n v ol uti o n al n e ur al n et w or ks, tr a nsf or m er m o d els r el y o n li n e ar l a y ers a n d m atri x

m ulti pli c ati o ns. M atri x m ulti pli c ati o n c a n b e r e pr es e nt e d t hr o u g h c o n v ol uti o n o p er ati o ns a n d

pr o c ess e d usi n g t h e 4f s yst e m, s u g g esti n g t h e f e asi bilit y of i m pl e m e nti n g tr a nsf or m ers wit hi n

t his s yst e m. H o w e v er, t his a p pr o a c h is i n ef fi ci e nt, as it r es ults i n m a n y irr el e v a nt pi x els i n t h e

o ut p ut. A q u esti o n aris es: Is it p ossi bl e t o e m pl o y o nl y t h e c o n v ol uti o n o p er ati o n t o l e ar n t h e
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att e nti o n, pr es er vi n g t h e att e nti o n m e c h a nis m e x a ctl y as i n t h e ori gi n al Visi o n Tr a nsf or m er

( Vi T), b ut r e pl a c e t h e m atri x m ulti pli c ati o ns wit h c o n v ol uti o n o p er ati o ns a n d r u n it ef fi ci e ntl y

o n t h e 4f s yst e m ?

5. 2 M et h o d ol o g y

T h e m et h o d ol o g y i n v ol v e d first tr ai ni n g a r e g ul ar visi o n tr a nsf or m er o n t h e CI F A R- 1 0 0

d at as et, a n d, o n c e r e a c hi n g t h e st at e- of-t h e- art a c c ur a c y of Vi T tr ai n e d o n CI F A R- 1 0 0

wit h o ut fi n e-t u ni n g, t h e v ari et y of m et h o ds is e x pl or e d t o r e a c h t h e o pti m al s ol uti o n f or t h e

c o n v ol uti o n al n e ur al n et w or k.

T h e diff er e n c e b et w e e n t h e C o n v S h ar e Vi T n et w or k of t his w or k a n d tr a nsf or m ers st arts

ri g ht at t h e v e ct or pr oj e cti o n st a g e. I n tr a nsf or m ers, i m a g es ar e t y pi c all y di vi d e d i nt o

p at c h es a n d e m b e d d e d i nt o a hi g h- di m e nsi o n al v e ct or s p a c e usi n g li n e ar l a y ers. I n c o ntr ast,

C o n v S h ar e Vi T n et w or ks k e e p t h e t o k e ns i n a t w o- di m e nsi o n al f or m at aft er di vi n g i nt o

p at c h es. If t h e Visi o n Tr a nsf or m ers a cti v ati o ns ar e i n t h e s h a p e of [ b at c h, n u m b er of p at c h es,

e m b e d di m e nsi o n], i n t his c as e t h e y ar e [ b at c h, n u m b er of p at c h es, e m b e d di m e nsi o n y,

e m b e d di m e nsi o n x]. T o e m b e d t h e p at c h es i nt o t h e d esir e d r es ol uti o n, tr a ns p os e c o n v ol uti o n

is us e d. A d diti o n all y, tr a ns p os e c o n v ol uti o n is e m pl o y e d t o e m b e d t h e 3 R G B c h a n n els i nt o

a si n gl e c h a n n el wit h hi g h er r es ol uti o n. I n t his c as e, t h e r es ol uti o n of t h e p at c h is a n al o g o us

t o t h e e m b e d di m e nsi o n.

It is i m p ort a nt t o i niti all y n ot e t h at t h e li n e ar l a y er is t h e pri m ar y c o m p o n e nt of all l a y ers

i n t h e tr a nsf or m er’s e n c o d er. Li n e ar l a y ers ar e pr es e nt i n b ot h t h e M ulti- H e a d S elf- Att e nti o n

( M H S A) l a y ers a n d t h e M ulti- L a y er P er c e ptr o n ( M L P) l a y ers sit u at e d b et w e e n t h e M H S A

l a y ers. E a c h o ut p ut n o d e of a li n e ar l a y er r e pr es e nts a w ei g ht e d s u m of t h e i n p ut n o d es.

Si n c e o ur m o d el pr o c ess es p at c h es as m atri c es r at h er t h a n v e ct ors, e a c h p at c h c a n b e

c o n v ol v e d wit h a w ei g ht m atri x of i d e nti c al r es ol uti o n usi n g v ali d p a d di n g t o pr o d u c e t h e

o ut p ut n o d e, as s h o w n i n Fi g ur e 5. 2 . W h e n usi n g s a m e p a d di n g, t h e c e ntr e pi x el of t h e

o ut p ut will b e wit hi n t h e v ali d r e gi o n. T his pr o c ess m ust b e r e p e at e d f or e a c h o ut p ut n o d e.

H o w e v er, i n a n o pti c al c o nt e xt, k er n el tili n g c a n b e e m pl o y e d t o g e n er at e all o ut p ut pi x els

si m ult a n e o usl y ( S e e Fi g ur e 5. 2 ( c)).

5. 2. 1 S h a r e d D e pt h wis e C o n v ol uti o n

T h e r e g ul ar C o n v ol uti o n al l a y er c o nsists of t h e 3 D f e at ur e m a ps a n d 3 D k er n els, w h er e t h e

n u m b er of k er n els is e q u al t o t h e n u m b er of t h e o ut p ut c h a n n els, a n d d e pt h is e q u al t o t h e

n u m b er of i n p ut c h a n n els as s h o w n i n Fi g ur e 3. 4 . T his c a n als o b e vi e w e d as a n u m b er
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(a)

(b)

Fig. 5.1 Visual comparison of input split in regular multi-head attention and our method
when the inputs are two-dimensional. (a) In regular multi-head attention, the input vectors
are split into equal-sized vectors, each assigned to a dedicated head of attention, followed
by the concatenation of the outputs. (b) In our method, the process can be viewed as
patchification, where the two-dimensional input is divided into smaller patches that fit into
the heads of convolutional attention layers. The outputs are then merged back into their
corresponding locations.
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( a)

( b) ( c)

Fi g. 5. 2 I m pl e m e nt ati o n of t h e li n e a r l a y e r usi n g c o n v ol uti o n a n d til e d c o n v ol uti o n f o r
4f s yst e m. ( a) A si m pl e li n e ar l a y er of o n e v e ct or is a p pli e d t o a n ot h er v e ct or of t h e s a m e
l e n gt h. E a c h o ut p ut pi x el is t h e w ei g ht e d s u m of i n p ut pi x els. ( b) I n p ut pi x els ar e i n 2 D
m atri x f or m at, c o n v ol v e d wit h t h e k er n el of t h e s a m e si z e, wit h t h e v ali d p a d di n g. T h e o ut p ut
is si mil ar t o o n e o ut p ut pi x el of t h e li n e ar l a y er. ( c) K er n el tili n g is us e d t o til e all w ei g hts of
t h e li n e ar l a y er i n t h e k er n el bl o c k, a n d i n p ut is p a d d e d t o t h e r e q uir e d r es ol uti o n. T h e o ut p ut
ar c hi v es all o ut p ut n o d es of t h e li n e ar l a y er, wit h t h e r e q uir e m e nt of r es h a pi n g (r e m o vi n g
z er os i n i n v ali d r e gi o ns)

of i n p ut c h a n n els × n u m b er of o ut p ut c h a n n els 2 D k er n els, w h er e t h e r es ults ar e s u m m e d

a cr oss t h e i n p ut c h a n n els, as s h o w n i n Fi g ur e 3. 5 .

W h e n tr yi n g t o r e pr es e nt M L P t hr o u g h t h e c o n v ol uti o n al l a y er, as s h o w n i n Fi g ur e 5. 2 ,

t h er e is o n e c h all e n g e w hi c h n e e ds t o b e a d dr ess e d. I n t h e li n e ar l a y er, t h e i n p ut c h a n n el is a

s e p ar at e p at c h a n d s h o ul d b e tr e at e d i n d e p e n d e ntl y wit h o ut a n y i nt er a cti o n wit h ot h er p at c h es,

a n d t h e c h a n n el s u m m ati o n s h o ul d b e a v oi d e d. H e n c e, d e pt h wis e c o n v ol uti o n m ust b e us e d,

m e a ni n g t h e n u m b er of gr o u ps of c o n v ol uti o n is e q u al t o t h e n u m b er of i n p ut c h a n n els ( S e e

Fi g ur e 5. 3 ( b)).

H o w e v er, w h e n a t e ns or is p ass e d t hr o u g h a li n e ar l a y er, t h e tr a nsf or m ati o n is a p pli e d

t o t h e l ast di m e nsi o n, m a p pi n g t h es e di m e nsi o ns i nt o n e w v e ct ors. T his pr o c ess i n v ol v es

s h ari n g t h e s a m e w ei g hts a cr oss all c h a n n els of t h e t e ns or. H e n c e, if a li n e ar l a y er is t o

b e e m ul at e d vi a c o n v ol uti o n, t h e k er n els m ust b e r e p e at e d a cr oss t h e i n p ut c h a n n els i n a

d e pt h wis e c o n v ol uti o n. T his m et h o d is r ef err e d t o as s h ar e d d e pt h wis e c o n v ol uti o n ( S e e

Fi g ur e 5. 3 ( c)).

Fi g ur e 5. 4 s h o ws a m or e d et ail e d i m pl e m e nt ati o n of S h ar e d D e pt h wis e C o n v ol uti o n al

l a y ers. I n c ert ai n s c e n ari os, a n i n p ut m atri x m ust b e m a p p e d t o t w o or m or e o ut p uts, as s h o w n

i n ( S e e Fi g ur e 5. 4 ( c)). I n s u c h c as es, t h e n u m b er of o ut p ut c h a n n els is si m pl y i n cr e as e d

w hil e t h e n u m b er of gr o u ps r e m ai ns e q u al t o t h e n u m b er of i n p ut c h a n n els. T h e w ei g hts ar e

r e p e at e d a cr oss i n p ut c h a n n els. C o n v ers el y, w h e n t w o or m or e c h a n n els n e e d t o b e m a p p e d
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(a) (b)

(c)

Fig. 5.3 Comparison of regular valid convolutional layer, depthwise convolutional layer
and shared depthwise convolutional layer, which copies the weights across all input
channels. (a) Regular convolutional layer, with the groups=1. The number of 2D kernels
is equal to the number of input channels the number of output channels. (b) Depthwise
convolution, where the number of groups is equal to the number of input channels. In this
case, each output channel gets only one 2D kernel, meaning no channel summation happens.
(c) In the shared depthwise convolutional layer, unlike the regular depthwise convolutional
layer, the weights are shared across input channels, making it ideal for the emulation of the
Linear Layer. If the kernels are the same resolution as inputs, the valid convolution yields
one pixel for each output channel, which can be reshaped into the initial resolution.
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b a c k i nt o f e w er c h a n n els —s u c h as i n Fi g ur e 5. 4 ( b) w h er e t h e y ar e m a p p e d i nt o o n e —t h e

c h a n n els t o b e m er g e d ar e tr e at e d as a si n gl e i n p ut, a n d t h eir w ei g hts ar e n ot s h ar e d b ut

s u m m e d, si mil ar t o t h e pr o c ess i n t h e r e g ul ar c o n v ol uti o n al l a y er. I n t his s c e n ari o, t h e n u m b er

of gr o u ps c orr es p o n ds n ot t o t h e t ot al n u m b er of i n p ut c h a n n els b ut t o t h e n u m b er of i n p ut

c h a n n els b ei n g tr e at e d as a si n gl e i n p ut. I n t h e c as e of Fi g ur e 5. 4 ( b), t his n u m b er is t w o.

T h es e m et h o ds ar e e n o u g h t o e m ul at e t h e M L P i n Visi o n Tr a nsf or m ers usi n g c o n v ol uti o n

o p er ati o ns. F or i nst a n c e, b y f oll o wi n g t h e s e q u e n c e of o p er ati o ns i n Fi g ur e 5. 4 ( c) a n d ( b),

a n M L P wit h a r ati o e q u al t o t w o c a n b e e m ul at e d. T his e m ul ati o n c a n b e i m pl e m e nt e d

o pti c all y usi n g t h e tili n g m et h o d s h o w n i n Fi g ur e 5. 2 ( c).

5. 2. 2 Att e nti o n M e c h a nis m

T h e att e nti o n m e c h a nis m c a n b e di vi d e d i nt o t hr e e m ai n st a g es, t h es e ar e Q K V pr oj e cti o n,

att e nti o n s c or es c al c ul ati o n, a n d t h e w ei g ht e d s u m of t h e att e nti o n s c or es. T h e Q K V ( q u er y,

k e y, a n d v al u e) pr oj e cti o n, a cr u ci al p art of m ulti- h e a d s elf- att e nti o n ( M H S A), tr a nsf or ms

i n p ut d at a i nt o t h es e t hr e e c o m p o n e nts, f a cilit ati n g att e nti o n c al c ul ati o ns as d es cri b e d i n

S e cti o n 2. 6. 2 . I n t his w or k’s e x p eri m e nts, s e v er al m et h o ds w er e us e d b ef or e a c hi e vi n g t h e

i d e al s ol uti o n f or t h e Q K V pr oj e cti o n, a n d t h e fi n al m et h o d w as t o us e t h e s h ar e d d e pt h wis e

c o n v ol uti o n al l a y ers, w hi c h w o ul d b e a f ull mi mi c of t h e li n e ar l a y ers. A p art fr o m t h es e,

r e g ul ar d e pt h wis e c o n v ol uti o n a n d d e pt h wis e c o n v ol uti o n wit h t h e r es h a pi n g of t h e o ut p uts

w er e us e d.

M ai nl y f o ur v ari ati o ns of c o n v ol uti o n al l a y ers w er e us e d, firstl y wit h t h e s a m e p a d d e d

d e pt h wis e c o n v ol uti o n, wit h w ei g hts s h ar e d a n d n ot s h ar e d a cr oss t h e i n p ut c h a n n els. T h e n

t h e v ali d p a d d e d d e pt h wis e c o n v ol uti o n, wit h w ei g hts s h ar e d a n d n ot s h ar e d a cr oss t h e i n p ut

c h a n n els.

T h e c al c ul ati o n of t h e att e nti o n s c or es is a si m pl e v ali d c o n v ol uti o n of all p at c h es

wit h e a c h ot h er a n d s oft m a x f u n cti o n t a k e n i n t h e di m e nsi o n o n e, or di m e nsi o n t w o w h e n

mi ni b at c h es ar e us e d.

T h e l ast st e p is t h e w ei g ht e d s u m of t h e att e nti o n s c or es, w hi c h w e d o usi n g a p oi nt- wis e

c o n v ol uti o n al l a y er, tr e ati n g t h e att e nti o n s c or es as w ei g hts of t h e l a y er. T h e o ut p uts ar e t h e n

l o c at e d i n t h e c orr e ct l o c ati o n of t h e m ai n l ar g er p at c h es.

I n t h e r e g ul ar s elf- att e nti o n l a y er, t his l ast st e p is p erf or m e d b y a si m pl e m atri x m ulti pli-

c ati o n:

Y = A × V ( 5. 1)
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(a) (b)

(c)

Fig. 5.4 Shared depthwise convolutional layer with the valid convolution and reshape of
the output for full emulation of the Linear layer using convolution. (a) Shared depthwise
convolutional layer from one matrix to one. In this case, two matrices have been mapped to
their new corresponding matrix. (b) Shared depthwise convolutional layer from two matrices
into one. In this case, four matrices have been mapped into two, each group of two into one
corresponding output matrix. The technique can be used from many to fewer matrices. (c)
Shared depthwise convolutional layer from one matrix into two matrices. In this case, two
matrices have been mapped into 4, where each has been mapped into corresponding two
outputs. The technique can be used from few to many mapping.
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(a) (b)

(c) (d)

Fig. 5.5 Types of Convolutional layers used for the QKV projection, with shared and
not weights across the input channels and with same or valid padding. (a) Simple
depthwise convolutional layer with same padding. (b) Shared depthwise convolutional layer
with same padding (c) Depthwise convolutional layer with valid padding, the outputs need to
be reshaped into the initial resolution (d) Depthwise convolutional layer with shared weights
across input channels and with valid padding, the outputs need to be reshaped into the initial
resolution.
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w h er e A is t h e att e nti o n s c or e t e ns or, a n d V is t h e t e ns or of v al u es. T o d o t his usi n g t h e

c o n v ol uti o n, first n e e d t o l o o k at t h e g e n er al f or m ul a f or t h e 2 d c o n v ol uti o n al l a y er wit h o ut

t h e bi as:

Y k ,r,c =
C H i n

∑
c h = 1

H − 1

∑
i= 0

W − 1

∑
j= 0

X c h ,r + i,c + j × W k ,c h ,i, j, ( 5. 2)

w h er e k is t h e o ut p ut c h a n n el, r is t h e r o w i n d e x i n t h e o ut p ut, c is t h e c ol u m n i n d e x i n t h e

o ut p ut, X c h ,r + i,c + j r ef ers t o t h e i n p ut f e at ur e m a p wit h t h e di m e nsi o n [C H i n,H i n,W i n], a n d t h e

o ut p ut Y wit h t h e di m e nsi o ns [C H o ut ,H o ut ,W o ut ]. W r e pr es e nts t h e s et of k er n els wit h t h e

di m e nsi o n [C H o ut ,C H i n,H ,W ].

W h e n t h e c o n v ol uti o n is 1 D, t h e s p ati al di m e nsi o n is r e d u c e d t o o n e, t h e c o n v ol uti o n is

si m pli fi e d t o:

Y k ,r =
C H i n

∑
c h = 1

a

∑
i= − a

X c h ,r + i × W k ,c h ,i, ( 5. 3)

w h er e a is h alf t h e k er n el si z e(i. e., t h e filt er h as 2 a + 1 el e m e nts), a n d r r e pr es e nts t h e s p ati al

p ositi o n i n t h e 1 D o ut p ut ( a n al o g u e of r o ws i n 2 D c as e).

W h e n t h e c o n v ol uti o n al l a y er us es 1 × 1 k er n els, t h e c o n v ol uti o n eff e cti v el y b e c o m es a

p oi nt- wis e m atri x m ulti pli c ati o n a cr oss c h a n n els, i d e nti c al t o d e ns e l a y er o p er ati o ns. F or 1 D

c o n v ol uti o n, t h e f or m ul a wit h 1 × 1 k er n els b e c o m es:

Y k ,r =
C i n

∑
c h = 1

X c h ,r × W k ,c h ( 5. 4)

w hi c h is e q ui v al e nt t o W × X . T his l e a ds t o t h e c o n cl usi o n t h at m atri x m ulti pli c ati o n c a n

b e tr e at e d as t h e c o n v ol uti o n al l a y er, wit h t h e l eft t er m b ei n g a w ei g ht m atri x, as c a n b e s e e n

i n Fi g ur e 5. 6 .

5. 2. 3 M ultil a y e r p e r c e pt r o n

I n a v a nill a tr a nsf or m er e n c o d er, e a c h m ulti- h e a d s elf- att e nti o n l a y er is f oll o w e d b y a m ulti-

l a y er p er c e ptr o n ( M L P) l a y er. T h e M L P us u all y c o nsists of t w o li n e ar l a y ers: t h e first m a ps

t h e e m b e d di n g v e ct ors i nt o a hi g h er- di m e nsi o n al s p a c e, a n d t h e s e c o n d m a ps t h e m b a c k t o

t h e ori gi n al di m e nsi o n. O n e of t h e h y p er p ar a m et ers of t h e M L P is t h e M L P r ati o, w hi c h

i n di c at es t h e s c ali n g f a ct or of t h e di m e nsi o n, r e pr es e nti n g t h e r ati o of t h e hi d d e n l a y er t o t h e

i n p ut or o ut p ut l a y er.
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Fi g. 5. 6 G e n e r al fl o w of t h e att e nti o n m e c h a nis m usi n g o nl y c o n v ol uti o n o p e r ati o ns a n d
C N N l a y e rs. T h e i n p ut t o t h e att e nti o n l a y er is a 3 D t e ns or, w h er e e a c h t o k e n is r e pr es e nt e d
as a 2 D m atri x. T his t e ns or u n d er g o es Q K V pr oj e cti o n usi n g o n e of t h e m et h o ds d es cri b e d
i n Fi g ur e 5. 5 . T h e att e nti o n s c or es ar e c o m p ut e d b y a p pl yi n g a v ali d c o n v ol uti o n o p er ati o n
b et w e e n all Q a n d K m atri c es. Fi n all y, t h e w ei g ht e d s u m of t h e att e nti o n s c or es is o bt ai n e d
t hr o u g h a r e g ul ar c o n v ol uti o n al l a y er o n t h e V t e ns or, wit h t h e att e nti o n s c or es a cti n g as t h e
w ei g hts of t h e l a y er.
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Si n c e t h e ori gi n al tr a nsf or m er us es a li n e ar l a y er, o ur m et h o d us es t h e s a m e c o n c e pt

us e d f or t h e Q K V pr oj e cti o n i n t h e m ulti- h e a d s elf- att e nti o n ( M H S A) l a y er. First, a s h ar e d

d e pt h wis e c o n v ol uti o n al l a y er wit h a k er n el si z e e q u al t o t h e i n p ut si z e is us e d t o m a p t h e

i n p ut i nt o t h e hi g h er di m e nsi o n. T h e o ut p ut of t his l a y er is 1 × 1 × (n u m b er of t o k e ns ×

M L P r ati o × x × y ). T his o ut p ut is t h e n r es h a p e d i nt o x × y × (n u m b er of t o k e ns × M L P r ati o ),

i n cr e asi n g t h e n u m b er of t o k e ns b y t h e M L P r ati o.

Si mil arl y, t h e o ut p ut of t h e s e c o n d s h ar e d d e pt h wis e c o n v ol uti o n al l a y er is 1 × 1 ×

(n u m b er of t o k e ns × x × y ), w hi c h c a n b e r es h a p e d t o t h e i n p ut’s ori gi n al s h a p e x × y ×

n u m b er of t o k e ns

5. 2. 4 P ot e nti al P a r all elis ati o n of C o n v S h a r e Vi T i n 4f s yst e m

T h e pri m ar y p ur p os e of usi n g t h e c o n v ol uti o n o p er ati o n i n att e nti o n l a y ers is t o us e t h e

4f s yst e m’s a bilit y t o p erf or m t h es e o p er ati o ns f ast er a n d m or e ef fi ci e ntl y t h a n st a n d ar d

el e ctr o ni c c o m p o n e nts. T h e k e y a d v a nt a g e of fr e e-s p a c e o pti cs li es i n its c a p a bilit y t o

e x e c ut e hi g h-r es ol uti o n o p er ati o ns wit h o ut i nf er e n c e d el a ys. T o t a k e a d v a nt a g e of t h e

p ar all elis m a n d hi g h-r es ol uti o n c a p a citi es of 4f fr e e-s p a c e a c c el er at ors, e arli er c h a pt ers o n

F at N et e m p h asis e d i n cr e asi n g t h e r es ol uti o n of n e ur al n et w or ks b y e m pl o yi n g i n p ut tili n g t o

f ull y utilis e t h e s yst e m’s r es ol uti o n.

U nli k e C N Ns, w hi c h r el y o n c o n v ol uti o n al l a y ers, Tr a nsf or m ers ar e b as e d o n li n e ar l a y ers

a n d t y pi c all y p erf or m m or e ef fi ci e ntl y o n G P Us, w h er e e ntir e t e ns ors ar e l o a d e d, all o wi n g

f or o pti mis e d a n d r a pi d c o m p ut ati o n. H o w e v er, i n t h e o pti c al s et u p, r e g ul ar i n p ut tili n g t o

e x e c ut e t h e d es cri b e d m et h o d ol o g y is i ns uf fi ci e nt. Gi v e n t h at t h e F at N et c o n v ersi o n a p pr o a c h

w as n ot ori gi n all y d e v el o p e d f or Tr a nsf or m ers, t h e m et h o ds dis c uss e d c a n b e p ar all elis e d

usi n g mi x e d tili n g, as d es cri b e d i n S e cti o n 2. 8. 4 , i ntr o d u c e d b y Li et al. [7 ].

W hil e mi x e d tili n g is tr a diti o n all y a p pli e d t o st a n d ar d c o n v ol uti o n o p er ati o ns, i n o ur c as e,

it n e e ds t o b e a d a pt e d f or d e pt h wis e c o n v ol uti o n al l a y ers. T his c a n b e a c hi e v e d b y s etti n g all

k er n els, e x c e pt t h e o n e c orr es p o n di n g t o t h e o ut p ut c h a n n el, t o z er o, as s h o w n i n Fi g ur e 5. 7

( a).

I n Q K V pr oj e cti o n, t h e k er n els f or t h e o ut p ut pi x els q, k, a n d v c a n b e til e d wit hi n a

si n gl e mi x e d tili n g bl o c k a n d t h e n s plit aft er t h e o ut p ut is g e n er at e d, as s h o w n i n Fi g ur e 5. 7

( b). I n m ost c as es, t h e n u m b er of k er n els will li k el y e x c e e d t h e r es ol uti o n of t h e 4f s yst e m,

p ot e nti all y r e q uiri n g m ulti pl e i nf er e n c es.
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( a) ( b)

Fi g. 5. 7 Mi x tili n g wit h d e pt h wis e c o n v ol uti o n al l a y e rs a n d its us e i n Q K V p r oj e cti o n
l a y e rs f o r c o n v ol uti o n al att e nti o n l a y e rs. ( a) Si m pl e mi x tili n g of k er n els, b ut k er n els
ot h er t h a n t h os e c orr es p o n di n g t o t h e o ut p ut c h a n n el ar e s et t o z er o t o a v oi d s u m m ati o n ( b)
D e m o nstr ati o n of h o w S h ar e d d e pt h wis e c o n v ol uti o ns c a n b e us e d i n t h e q k v pr oj e cti o n.

5. 3 E x p e ri m e nts

I n t his c h a pt er, as i n C h a pt er 3 , t h e CI F A R- 1 0 0 d at as et w as us e d f or cl assi fi c ati o n. D at a a u g-

m e nt ati o n w as a p pli e d wit h all m o d els i n t his st u d y, i n cl u di n g P y T or c h’s b uilt-i n " CI F A R 1 0 "

a ut o- a u g m e nt ati o n, r a n d o m cr o p pi n g wit h a p a d di n g of 3, r a n d o m h ori z o nt al fli p pi n g, a n d

st a n d ar dis ati o n usi n g t h e m e a n a n d st a n d ar d d e vi ati o n of t h e d at as et.

I niti all y, f o ur r e g ul ar Visi o n Tr a nsf or m ers ( Vi Ts) w er e tr ai n e d o n CI F A R- 1 0 0 t o s er v e

as b as eli n e m o d els. T h es e i n cl u d e d c o m bi n ati o ns of Vi Ts wit h a n d wit h o ut tr ai n a bl e p osi-

ti o n al e n c o d ers, as w ell as m o d els usi n g m ulti- h e a d ( 1 2 h e a ds) a n d si n gl e- h e a d att e nti o n

m e c h a nis ms. T h e i m a g e p at c h si z e w as s et t o 4 × 4 fr o m t h e ori gi n al i m a g e si z e of 3 2 × 3 2 ,

r es ulti n g i n 6 4 p at c h es o v er all ( 6 5 w h e n i n cl u di n g t h e cl assi fi c ati o n t o k e n). T h e t o k e ns ar e

e m b e d d e d i nt o t h e 1 9 2 di m e nsi o ns. T h e n u m b er of tr a nsf or m er bl o c ks w as s et t o 9, wit h

a n M L P r ati o of 2. T h e m o d els w er e tr ai n e d f or 3 1 0 e p o c hs, wit h 1 0 e p o c hs r es er v e d f or

w ar m u p. T h e A d a m o pti mis er w as us e d, wit h a st arti n g l e ar ni n g r at e of 5 × 1 0 − 4 wit h t h e

C osi n e A n n e ali n g S c h e d ul er.

W h e n it c o m es t o S h ar e C o n v Vit m o d els, t h e m ai n t w el v e e x p eri m e nts o ut of m ulti pl e

e x p eri m e nts ar e r e p ort e d i n Ta bl e 5. 1 . S e v er al m et h o d ol o gi es h a d t o b e t est e d t o d et er mi n e

t h e o pti m al c o n fi g ur ati o ns f or o ur m o d els. T h e t a bl e s p e ci fi es w hi c h t e c h ni q u es ar e a p pli e d t o

e a c h m o d el, i n cl u di n g Tr ai n a bl e P ositi o n al E n c o di n g, M ulti- H e a d Att e nti o n, us a g e of M ulti-

L a y er P er c e ptr o n ( M L P), S h ar e d D e pt h wis e C o n v ol uti o n, a n d Vali d C o n v ol uti o n. E a c h m o d el
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r e pr es e nts a u ni q u e c o m bi n ati o n of t h es e m et h o ds, all o wi n g us t o s yst e m ati c all y e v al u at e

t h eir i m p a ct o n p erf or m a n c e. A d diti o n al d et ails, s u c h as t h e e m b e d di n g di m e nsi o ns a n d t h e

a bs e n c e of bi as i n c ert ai n m o d els, ar e als o n ot e d t o pr o vi d e a c o m pr e h e nsi v e u n d erst a n di n g

of t h e c o n fi g ur ati o ns t est e d. All m o d els w er e tr ai n e d usi n g t h e A d a m o pti mis er [ 7 3 ], wit h a

l e ar ni n g r at e of 0. 0 0 0 5 f or M o d els 1 – 5 a n d 0. 0 0 0 8 f or M o d els 6 – 1 2.

It c a n b e s e e n t h at M o d els 2, 3, a n d 4 s e e m i d e nti c al. T h e diff er e n c e li es i n t h e Q K V

pr oj e cti o n, w hi c h is list e d b el o w:

• M o d el 2 us es a si m pl e d e pt h wis e c o n v ol uti o n al l a y er wit h t h e s a m e p a d di n g a n d a

k er n el si z e e q u al t o t h e r es ol uti o n of t h e h e a d p at c h, w hi c h is 4 i n t his c as e. T h e

n u m b er of i n p ut c h a n n els a n d o ut p ut c h a n n els is t h e s a m e, e q u al t o t h e n u m b er of

p at c h es.

• M o d el 3 us es f o ur c o ns e c uti v e d e pt h wis e c o n v ol uti o n al l a y ers t o i n cr e as e t h e n u m b er

of c h a n n els b y 7 ti m es, t h e n r e d u c es it b a c k t o t h e ori gi n al n u m b er a n d r e p e ats it a g ai n.

• M o d el 4 us es t w o c o ns e c uti v e d e pt h wis e c o n v ol uti o n al l a y ers t o i n cr e as e t h e n u m b er

of c h a n n els b y 1 4 ti m es, t h e n r e d u c e it b a c k t o t h e ori gi n al n u m b er.

A si mil ar p att er n c a n b e o bs er v e d wit h M o d els 5 a n d 6; b ot h m o d els us e v ali d d e pt h wis e

c o n v ol uti o n, m e a ni n g t h e y r es h a p e t h e 1 × 1 o ut p uts t o m at c h t h e ori gi n al r es ol uti o n. H o w-

e v er, M o d el 5 c o nt ai ns o n e m or e d e pt h wis e c o n v ol uti o n al l a y er, si mil ar t o t h e o n e i n M o d el

2, b ef or e t h e v ali d c o n v ol uti o n.

T h e pri m ar y ai m of t h e pr oj e ct is t o a n al ys e n ot o nl y t h e p erf or m a n c e of t h e m o d els b ut

als o t o d et er mi n e w h et h er t h es e m o d els c a n l e ar n att e nti o n i n a m a n n er si mil ar t o Visi o n

Tr a nsf or m ers. T o a c hi e v e t his, t h e a v er a g e att e nti o n s c or es w er e vis u alis e d.

Wit h t h e S h ar e C o n v Vi Ts, t h e ai m w as t o m ai nt ai n as m u c h si mil arit y as p ossi bl e t o t h e

ori gi n al Vi Ts t h at w er e tr ai n e d i n t his w or k, pr es er vi n g t h e s a m e M L P r ati o, t h e s a m e n u m b er

of l a y ers, a n d t h e s a m e p at c h si z e of 4 × 4 . T h e diff er e n c e l a y i n t h e e m b e d di n g di m e nsi o n,

as t h e S h ar e C o n v Vi Ts n e e d e d t o r et ai n a s q u ar e s h a p e, as s h o w n i n Fi g ur e 5. 1 . All m o d els,

e x c e pt f or M o d els 1 0 a n d 1 2, h a d e m b e d di n g di m e nsi o ns of 1 6 × 1 6 , r es ulti n g i n a t ot al

of 2 5 6, w hi c h is hi g h er t h a n t h e ori gi n al Vi Ts’ e m b e d di n g di m e nsi o n. T his i n cr e as e w as

n e c ess ar y t o e xtr a ct 1 6 h e a ds fr o m t h e t o k e ns, e a c h b ei n g 4 × 4 . H o w e v er, M o d els 1 0 a n d

1 2 h a d a n e m b e d di n g di m e nsi o n of 1 3 × 1 3 , m a ki n g 1 6 9 i n t ot al, w hi c h is l o w er t h a n t h e

ori gi n al Vi Ts’ e m b e d di n g di m e nsi o n. Si n c e t h es e m o d els w er e si n gl e- h e a d, t h e t o k e ns di d

n ot n e e d t o b e f urt h er p at c hi fi e d w h e n fit i nt o t h e c o n v ol uti o n al att e nti o n l a y ers.
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Model
Trainable

Pos Encoding
Multi head
Attention MLP used

Shared dw
Convolution

Valid
Convolution notes

Model 1

Model 2 Bias in qkv

Model 3 Bias in qkv

Model 4 Bias in qkv

Model 5 Bias in qkv

Model 6 Bias in qkv

Model 7

Model 8

Model 9

Model 10 Embed dim=13

Model 11

Model 12 Embed dim=13
Table 5.1 Summary of Methods Applied to Different Models during ConvShareViT devel-
opment. This table outlines the primary experiments conducted and the methods applied
to each model. Each row represents a distinct model and indicates the presence of specific
methods with a checkmark.
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M o d el  Vi T 1 2 h e a ds Vi T 1 h e a d Vi T 1 2 h e a ds _si n Vi T 1 h e a d _si n

A c c ( %) 6 1 6 3 6 4 6 4

Ta bl e 5. 2 Test a c c ur a c y o n CI F A R- 1 0 0 of a r e g ul ar visi o n tr a nsf or m er wit h diff er e nt c o n-
fi g ur ati o ns. M o d els wit h " _si n " i n di c at e t h e us e of si n us oi d al p ositi o n e n c o di n g i nst e a d of
tr ai n a bl e e n c o di n g.

( a) ( b)

Fi g. 5. 8 C o m p a ris o n of t r ai ni n g a n d v ali d ati o n c u r v es f o r f o u r Visi o n Tr a nsf o r m e r ( Vi T)
m o d els, f e at u ri n g c o m bi n ati o ns of t r ai n a bl e v e rs us si n us oi d al p ositi o n al e n c o d e rs a n d
si n gl e h e a d v e rs us t w el v e h e a ds. ( a) Tr ai n a c c ur a c y p er e p o c h ( b) Vali d ati o n a c c ur a c y p er
e p o c h

5. 4 R es ults a n d Dis c ussi o n

T h e t est a c c ur a c y of f o ur v ari ati o ns of t h e r e g ul ar Visi o n Tr a nsf or m er ( Vi T) is s h o w n i n

Ta bl e 5. 2 . It is e vi d e nt t h at t h e fi x e d si n us oi d al p ositi o n al e n c o d er o ut p erf or ms t h e m o d els

wit h tr ai n a bl e p ositi o n e n c o di n gs. A d diti o n all y, t h e si n gl e- h e a d m o d el p erf or ms sli g htl y

b ett er t h a n t h e t w el v e- h e a d e d m o d el w h e n t h e p ositi o n al e n c o d er is tr ai n a bl e, alt h o u g h t h e

diff er e n c e is n ot s u bst a nti al. Wit h si n us oi d al p ositi o n al e n c o di n g, t h e p erf or m a n c e is n e arl y

i d e nti c al b et w e e n t h e t w o m o d els. Alt h o u g h b ot h t est a c c ur a ci es ar e e q u al t o 6 4 %, t h e

tr ai ni n g c ur v es i n Fi g ur e 5. 8 d e m o nstr at e t h at t h e Vi T wit h 1 2 h e a ds a n d si n us oi d al p ositi o n al

e n c o di n g a c hi e v e d t h e b est p erf or m a n c e i n t er ms of v ali d ati o n a c c ur a c y. I n c o ntr ast, t h e

Vi T wit h 1 2 h e a ds a n d a tr ai n a bl e p ositi o n al e n c o d er, d es pit e s h o wi n g b ett er p erf or m a n c e

o n t h e tr ai ni n g s et, s h o ws p o or v ali d ati o n p erf or m a n c e, as r e fl e ct e d i n t h e t est a c c ur a c y of

6 1 %. T his s u g g ests t h at usi n g 1 2 h e a ds m a y h a v e b e e n e x c essi v e f or a si m pl e d at as et li k e

CI F A R- 1 0 0, es p e ci all y w h e n c o m bi n e d wit h a tr ai n a bl e p ositi o n al e n c o d er, as t h e a d diti o n al

p ar a m et ers li k el y l e d t o o v er fitti n g.

T h es e r es ults c a n b e dir e ctl y c o m p ar e d t o t h os e r e p ort e d i n pr e vi o us w or ks. S p e ci fi c all y,

t h e c h oi c e of t h e 1 2- h e a d e d, 9-l a y er Visi o n Tr a nsf or m er ( Vi T) wit h 4 × 4 p at c h es w as

1 4 3



Ta bl e 5. 3 Test A c c ur a c y of m o d els d es cri b e d pr e vi o usl y i n Ta bl e 5. 1 .

M o d el 1 2 3 4 5 6 7 8 9 1 0 1 1 1 2

A c c ( %) 4 9 4 2 5 2 5 2 4 8 5 3 5 4 2 5 5 8 6 2 6 3 5 9

m oti v at e d b y t h e w or k of L e e et al. [6 9 ]. I n t h eir r es e ar c h, t h e y als o tr ai n e d Vi Ts o n

t h e CI F A R- 1 0 0 d at as et fr o m s cr at c h, w hi c h is n ot a us u al c as e as Vi Ts ar e t y pi c all y pr e-

tr ai n e d o n l ar g er d at as ets b ef or e b ei n g fi n e-t u n e d o n s m all er o n es. L e e et al. a c hi e v e d a t est

a c c ur a c y of 6 0. 0 1 % wit h o ut a u g m e nt ati o n a n d 7 3. 8 1 % wit h a c o m bi n ati o n of a u g m e nt ati o ns,

i n cl u di n g C ut Mi x, Mi x u p, a n d A ut o A u g m e nt. A d diti o n all y, t h e y us e d t e c h ni q u es s u c h as

l a b el s m o ot hi n g, st o c h asti c d e pt h, a n d r a n d o m er asi n g.

I n c o ntr ast, t h e a p pr o a c h i n t his w or k us e d o nl y A ut o A u g m e nt, y et it a c hi e v e d hi g h er

p erf or m a n c e t h a n L e e’s m o d el, w hi c h di d n ot i n c or p or at e all t h e a u g m e nt ati o n m et h o ds.

Alt h o u g h o ur r es ults w er e l o w er t h a n t h os e of L e e’s m o d el, w hi c h e m pl o y e d t h e f ull s uit e

of a u g m e nt ati o n t e c h ni q u es, o ur m et h o d still d e m o nstr at es si g ni fi c a nt eff e cti v e n ess. T h e

e x cl usi o n of C ut Mi x a n d Mi x u p i n t his w or k w as d u e t o t h eir p ot e nti al t o sl o w d o w n t h e

tr ai ni n g pr o c ess, w hi c h n e e d e d t o st a y ef fi ci e nt f or r u n ni n g m ulti pl e e x p eri m e nts t o v ali d at e

t h e c o n c e pt. A n ot h er st u d y b y Z h u et al. [7 4 ] tr ai n e d a s m all er Vi T o n CI F A R- 1 0 0 wit h a

d e pt h of 6 l a y ers a n d 8 h e a ds, a c hi e vi n g a t est a c c ur a c y of 5 4. 3 1 %.

T ur ni n g t o o ur n o v el m et h o d, S h ar e C o n v Vi T, s p e ci fi c p erf or m a n c e c h ar a ct eristi cs w er e

o bs er v e d. I nt er esti n gl y, m o d els 1 0, 1 1, a n d 1 2 w er e si n gl e- h e a d e d m o d els a n d p erf or m e d

b ett er t h a n t h e m ulti- h e a d e d m o d els, as s h o w n i n Ta bl e 5. 1 . M o d el 8 w as t h e o nl y m o d el

a m o n g t h e fi n al o n es t o us e t h e s a m e p a d di n g i n t h e q k v pr oj e cti o n, r es ulti n g i n a p o or

t est a c c ur a c y of 2 5 %. T his s u g g ests t h at usi n g v ali d c o n v ol uti o n a n d r es h a pi n g t h e o ut p uts

( ess e nti all y r e pli c ati n g M L P) is ess e nti al. H o w e v er, it is n ot a bl e t h at m o d els u p t o a n d

i n cl u di n g m o d el 4 als o us e d t h e s a m e p a d di n g a n d r et ai n e d t h e ori gi n al o ut p ut s h a p es. T h es e

m o d els di d n ot s h ar e w ei g hts a cr oss i n p ut c h a n n els, r es ulti n g i n a hi g h er n u m b er of tr ai n a bl e

p ar a m et ers, w hi c h c o ntri b ut e d t o t h eir r el ati v el y hi g h p erf or m a n c e. U nf ort u n at el y, d es pit e

t h eir str o n g p erf or m a n c e, t h es e m o d els di d n ot l e ar n cl assi fi c ati o n i n t h e tr a diti o n al att e nti o n

m e c h a nis m w a y, as s h o w n l at er i n t h e vis u alis ati o n a n al ys es.

Fi g ur e 5. 9 s h o ws t h e tr ai ni n g pr o c ess of all m o d els t h at l e d t o t h e C o n v S h ar e Vi T. All

m o d els r a n u ntil 3 1 0 e p o c hs, 1 0 of w hi c h w er e r es er v e d f or w ar m u p, e x c e pt m o d el 2, w hi c h

w as st o p p e d d u e t o p o or p erf or m a n c e a n d n o u p d at es i n t h e l oss. M o d el 1 1 is l e a di n g i n

b ot h tr ai ni n g a n d v ali d ati o n tr ai n c ur v es, j ust li k e i n t h e t est a c c ur a c y Ta bl e 5. 1 . Alt h o u g h

m o d el 9 s e e ms t o b e s e c o n d i n t h e tr ai n a c c ur a c y pl ot, it is b e hi n d m o d el 1 0 i n t h e v ali d ati o n

a c c ur a c y pl ot. T his is als o o b vi o us fr o m t h e t est a c c ur a c y Ta bl e 5. 1 , w h er e m o d els 9 a n d
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1 0 a c hi e v e 5 8 a n d 6 2, r es p e cti v el y. T his m e a ns t h at M o d el 9 c o ul d h a v e mi n or o v er fitti n g

iss u es. It is w ort h p oi nti n g o ut t h at m o d el 1 0 is als o a si n gl e- h e a d m o d el, w hil e m o d el 9 is a

m ulti- h e a d m o d el. M or e o v er, m o d el 1 0 us es a s m all er e m b e d di m e nsi o n of 1 3 i nst e a d of

1 6. T his a g ai n l e a ds t o t h e s u g g esti o n t h at si n gl e- h e a d att e nti o n is e n o u g h t o p erf or m t h e

cl assi fi c ati o n of CI F A R- 1 0 0.

Fi g ur es 5. 1 0 a n d 5. 1 1 s h o w t h e c o m p aris o n of t h e a v er a g e att e nti o n s c or es p er l a y er of

Vi T a n d t h e C o n v S h ar e Vi Ts. N ot a bl y, o nl y m o d els st arti n g fr o m M o d el 8 o n w ar d us e s h ar e d

d e pt h wis e c o n v ol uti o n. H o w e v er, M o d el 8 its elf d o es n ot a p pl y v ali d c o n v ol uti o n wit h o ut p ut

r es h a pi n g, m a ki n g t h e att e nti o n s c or e vis u alis ati o ns cl e ar o nl y fr o m M o d el 9 o n w ar ds.

I n M o d el 9, t h e att e nti o n s c or es b e gi n t o f o c us pri m aril y o n t h e o bj e cts i n t h e i m a g e fr o m

t h e 5t h l a y er o n w ar d. I nt er esti n gl y, M o d el 1 0 e x hi bits att e nti o n s c or es c o n c e ntr at e d o nl y o n

t h e b a c k gr o u n d, y et it still a c hi e v es g o o d p erf or m a n c e. M o d el 1 1, w hi c h d eli v ers t h e b est

p erf or m a n c e, d e m o nstr at es str o n g att e nti o n s c or es a cr oss b ot h fi g ur es, i n di c ati n g eff e cti v e

l e ar ni n g of att e nti o n m e c h a nis ms. H o w e v er, M o d el 1 1 als o s h o ws a bi as i n t h e l e ar n a bl e

p ositi o n al e n c o di n g, l e a di n g t o hi g h att e nti o n s c or es i n t h e t o p c or n ers a cr oss all l a y ers.

T o a d dr ess t his iss u e, M o d el 1 2, w hi c h i n c or p or at es fi x e d si n us oi d al p ositi o n al e n c o di n g,

w as d e v el o p e d. T his a dj ust m e nt r es ult e d i n m or e b al a n c e d att e nti o n s c or es, alt h o u g h t h e

p erf or m a n c e sli g htl y d e cr e as e d, wit h t est a c c ur a c y dr o p pi n g t o 5 9 %. T his p erf or m a n c e

d e cli n e is li k el y d u e t o M o d el 1 2’s s m all er si z e, wit h a n e m b e d di n g di m e nsi o n of o nl y

1 3 × 1 3.

T h e r es ults i n di c at e t h at w hil e all m o d els c a n a c hi e v e hi g h p erf or m a n c e, t h e m o d el

usi n g s a m e p a d di n g di d n ot p erf or m w ell w h e n a p pli e d i n t h e s h ar e d d e pt h wis e c o n v ol uti o n.

H o w e v er, m o d els wit h s a m e p a d di n g a c hi e v e d r el ati v el y g o o d p erf or m a n c e w h e n t h e w ei g hts

w er e n ot s h ar e d a cr oss t h e i n p ut c h a n n els i n t h e d e pt h wis e c o n v ol uti o n. T h e vis u alis ati o ns

r e v e al t h at t h e m o d els o nl y l e ar n t h e att e nti o n m e c h a nis m w h e n t h e y us e s h ar e d d e pt h wis e

c o n v ol uti o n wit h v ali d p a d di n g a n d r es h a p e t h e o ut p uts — ess e nti all y, w h e n t h e c o n v ol uti o n

f u n cti o n e m ul at es t h e r e g ul ar li n e ar l a y ers.

U nf ort u n at el y, t his o bs er v ati o n s u g g ests t h at t h e eff e cti v e n ess of usi n g c o n v ol uti o ns i n

s elf- att e nti o n l a y ers d e p e n ds o n t h eir a bilit y t o r e pli c at e li n e ar l a y ers. I n ot h er c as es, t h e

c o n v ol uti o ns m a y b e h a v e m or e li k e tr a diti o n al c o n v ol uti o n al n e ur al n et w or ks, a d di n g c o m-

pl e xit y wit h o ut n e c ess aril y e n h a n ci n g t h e m o d el’s p erf or m a n c e. Alt h o u g h t h e p erf or m a n c e

of m o d els 7 a n d b el o w is n ot p o or, a n d t h e y d o c o n v er g e, it is dif fi c ult t o c at e g oris e t h es e

m o d els as tr a nsf or m ers. N e v ert h el ess, t h e r es ults d e m o nstr at e t h at c o n v ol uti o ns c a n b e us e d

t o e m ul at e li n e ar l a y ers b y e m pl o yi n g s h ar e d d e pt h wis e c o n v ol uti o n al l a y ers a n d c a n b e

eff e cti v el y i nt e gr at e d i nt o t h e 4f s yst e m.
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(a)

(b)

Fig. 5.9 Training curves comparison for the Training set and Validation set of CIFAR-
100 with different ConvShareVit models (a) Training curve for train set of CIFAR-100,
with the best model being model 11. (b) Training curve for the validation set of CIFAR-100,
with the best model being model 11
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Fig. 5.10 Visualisation of the average attention scores projected onto the original input
image of Apples from the test set of CIFAR-100. This figure compares the performance of
the last seven models with the regular ViT (Vision Transformer with 12 heads). The vertical
axis corresponds to the models and the horizontal to the attention layers. The ViT model
achieved good attention scores in the final layers using a standard attention mechanism.
Models 9, 11, and 12 also achieved attention scores similar to the original ViT. In contrast,
Model 10’s attention scores look incorrect as it is focusing on the background instead, as
evidenced by other visualisations. Model 8 did not converge, while Models 7 and 6 did not
employ the Shared DW convolutional methods without emulating the linear layer, causing
the models to not learn the attention scores in the same manner as the ViT.
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Fig. 5.11 Visualisation of the average attention scores projected onto the original input
image of a rocket from the test set of CIFAR-100. This figure compares the performance of
the last seven models with the regular ViT (Vision Transformer with 12 heads). The vertical
axis corresponds to the models and the horizontal to the attention layers. The ViT model
achieved good attention scores in the final layers using a standard attention mechanism.
Models 9, 11, and 12 also achieved attention scores similar to the original ViT. In contrast,
Model 10’s attention scores focused on the background instead, which still managed to
achieve a good performance. Model 8 did not converge, while Models 7 and 6 did not employ
the Shared DW convolutional methods without emulating the linear layer, causing the models
to not learn the attention scores in the same manner as the ViT
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When it comes to paralleling inference as described in the preceding section, the most
efficient approach for a 4f system network is a single head with a 13 13 embedding
dimension, similar to models 10 and 12. This configuration can be parallelised using mixed
tiling. Since the number of possible input or output channels in mixed tiling depends on both
the kernel size and the input size, the number of required convolutions can be observed as
follows:

n
R

M N 1
(5.5)

In the shared depthwise convolution with valid padding, the input sizes are equal to the
kernel size, which is 13 in this case. With a resolution estimated at 4K, i.e., 2160 pixels, the
number of possible input and output channels in the convolution is 86. Thus, we have 65
input channels and 65 132 output channels. The number of inferences required to perform
all three QKV (Query, Key, Value) projections will be 384. For attention score calculation,
the required output channels equal to 65 65 necessitating 50 inferences on a 4K resolution
4f system using mixed tiling. Finally, the weighted sum attention score can be computed
with one inference using mixed tiled convolution.

For the convolutional MLP blocks, however, kernel tiling is more efficient. In this
scenario, the number of required input channel inferences is 65 and 65 2, resulting in 195
inferences per block. This totals 5,670 inferences for all nine layers with the 4f system. With
a 2 MHz device, this is equivalent to 2.8 ms, whereas the T4 GPU performs the same task in
8.5 ms. The GPU measurements are the average of 700 inferences using cuda event timing,
with the GPU being warmed up by 10 iterations.

5.5 Conclusion

In this chapter, the training of ViTs on the CIFAR-100 dataset was explored, with a focus on
replacing traditional attention mechanisms with convolution-based methods. Twelve alterna-
tive models were developed and evaluated, incorporating various convolutional operations
within the attention mechanism. Among these, the models employing shared depthwise
convolutional layers with valid padding and reshaping to emulate linear layers demonstrated
the most success. These models effectively learned the attention mechanism, as evidenced
by the average attention visualisation. This supports Objective 3, particularly its first sub-
objective of redesigning multi-head self-attention mechanisms to use convolutional layers
while preserving their ability to learn attention scores.
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T h e d e v el o p m e nt of C o n v S h ar e Vi T, a Vi T ar c hit e ct ur e b uilt usi n g s h ar e d d e pt h wis e

c o n v ol uti o ns, d e m o nstr at e d t h at li n e ar l a y ers, c a n n o w b e ef fi ci e ntl y i m pl e m e nt e d usi n g

s h ar e d d e pt h wis e c o n v ol uti o n al l a y ers wit hi n 4f s yst e m. T his i n n o v ati o n a d dr ess es t h e

li mit ati o ns i n t h e v ers atilit y of o pti c al a c c el er at ors, as d es cri b e d i n S e cti o n 1. 1 .

A d diti o n all y, t his c h a pt er e x pl or e d p ot e nti al mi x e d tili n g m et h o ds wit hi n t h e c o n v ol u-

ti o n al att e nti o n m e c h a nis m. T h es e m et h o ds d e m o nstr at e d t h at C o n v S h ar e Vi T c a n t h e or et-

i c all y a c hi e v e u p t o 3. 0 4 ti m es f ast er i nf er e n c e t h a n G P U- b as e d Vi Ts w h e n d e pl o y e d o n

t h e 4f s yst e m. T his ali g ns wit h s e c o n d s u b- o bj e cti v e of O bj e cti v e 3, f urt h er v ali d ati n g t h e

c o m p ut ati o n al ef fi ci e n c y a n d p ar all elis ati o n p ot e nti al of C o n v S h ar e Vi T i n o pti c al s yst e ms.

T h e vis u alis ati o ns of a v er a g e att e nti o n s c or es d e m o nstr at e d t h e l e ar ni n g b e h a vi o ur of

t h e m o d els. U nli k e ot h er c o n v ol uti o n- b as e d a p pr o a c h es, t h e s h ar e d d e pt h wis e c o n v ol uti o n al

m o d els s h o w e d att e nti o n s c or es c o m p ar a bl e t o r e g ul ar Vi Ts. T his c o n fir ms t h at t h es e m o d els

w er e l e ar ni n g att e nti o n m e c h a nis ms r at h er t h a n si m pl y p erf or mi n g f e at ur e e xtr a cti o n, as is

oft e n t h e c as e wit h C N Ns.

I n c o n cl usi o n, t his c h a pt er s u c c essf ull y a d dr ess e d O bj e cti v e 3 b y s h o wi n g t h at Visi o n

Tr a nsf or m ers c a n b e tr ai n e d usi n g c o n v ol uti o n- b as e d att e nti o n m e c h a nis ms a n d a d a pt e d f or

a c c el er ati o n i n t h e 4f s yst e m. T h e s h ar e d d e pt h wis e c o n v ol uti o n al l a y ers d e v el o p e d i n t his

w or k all o w li n e ar l a y ers t o b e e m ul at e d i n t h e o pti c al s yst e m, m a ki n g t h e i m pl e m e nt ati o n

of Vi Ts m or e pr a cti c al. T h e e x pl or ati o n of mi x e d tili n g m et h o ds d e m o nstr at e d p ot e nti al

i nf er e n c e s p e e d i m pr o v e m e nts, f urt h er s h o w c asi n g t h e a d v a nt a g es of usi n g t h e 4f s yst e m.

T h es e c o ntri b uti o ns d e m o nstr at e t h e fl e xi bilit y of o pti c al s yst e ms f or diff er e nt t y p es of

n e ur al n et w or ks a n d pr o vi d e a f o u n d ati o n f or f ut ur e w or k o n c o n v ol uti o n- b as e d Visi o n

Tr a nsf or m ers.
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C h a pt e r 6

C o n cl usi o ns a n d F ut u r e w o r k

6. 1 C o n cl usi o n

T his t h esis f o c us e d o n t h e a d a pt ati o n of d e e p l e ar ni n g m o d els f or 4f fr e e-s p a c e o pti c al

a c c el er at ors. T h e pri m ar y f o c us of t his r es e ar c h w as t o e n h a n c e t h e ef fi ci e n c y a n d s p e e d of

n e ur al n et w or ks b y t a ki n g a d v a nt a g e of t h e c a p a biliti es of fr e e-s p a c e o pti c al s yst e ms. A k e y

a c hi e v e m e nt w as t h e d e v el o p m e nt of t h e F at N et c o n v ersi o n al g orit h m ( C o ntri b uti o n 1), w hi c h

o pti mis es n e ur al n et w or ks b y i n cr e asi n g t h e r es ol uti o n of f e at ur e m a ps a n d k er n els w hil e

r e d u ci n g t h e n u m b er of c h a n n els, t h us ali g ni n g c o m p ut ati o n al d e m a n ds wit h t h e c a p a biliti es

of t h e 4f s yst e m. I n t his c o n v ersi o n, t h e n u m b er of tr ai n a bl e p ar a m et ers a n d t h e n u m b er of

pi x els ar e e q u al or as cl os e as p ossi bl e t o t h e o n e i n t h e ori gi n al n et w or k.

T his r es e ar c h i n cl u d es t h e a p pli c ati o n of t h e F at N et c o n v ersi o n t o s e v er al w ell- k n o w n

n e ur al n et w or k ar c hit e ct ur es, i n cl u di n g R es N et- 1 8, Al e x N et, a n d V G G- 1 9 ( C o ntri b uti o n

1 ( b)). T h e c o n v ersi o n w as e x e c ut e d usi n g t h e F at S pitt er al g orit h m, a n a ut o m at e d pr o c ess

w e d e v el o p e d t o c o n v ert P y T or c h m o d el o bj e cts i nt o “ F at ” v ersi o ns of t h e m o d els ( C o ntri-

b uti o n 1 ( a)). T h e F at N et c o n v ersi o ns d e m o nstr at e d s u bst a nti al r e d u cti o ns i n t h e n u m b er

of c o n v ol uti o n o p er ati o ns, l e a di n g t o si g ni fi c a ntl y f ast er i nf er e n c e ti m es w h e n d e pl o y e d o n

o pti c al s yst e ms. F or i nst a n c e, t h e F at N et a d a pt ati o n of R es N et- 1 8 a c hi e v e d a t est a c c ur a c y

of a p pr o xi m at el y 6 0 %, sli g htl y b el o w t h e ori gi n al m o d el’s 6 6 %. H o w e v er, t his m o d est 6 %

r e d u cti o n i n a c c ur a c y w as offs et b y a s u bst a nti al s p e e d u p, wit h i nf er e n c e ti m es u p t o 2. 4 6

ti m es f ast er t h a n t h os e a c hi e v e d usi n g tr a diti o n al G P U- b as e d pr o c essi n g ( C o ntri b uti o n 1

( c, d)). T his w as p ossi bl e b e c a us e of t h e hi g h p ar all elis m a n d r es ol uti o n c a p a biliti es of t h e 4f

s yst e m of 2 M H z [ 3 9 ]. M or e o v er, if b ot h R es N et a n d R es- F at N et w er e i m pl e m e nt e d o n t h e

4f s yst e m, R es- F at N et w o ul d p erf or m i nf er e n c e 8. 3 ti m es f ast er.

Si mil arl y, Al e x- F at N et a n d V G G- F at N et- 1 9 e x p eri e n c e d d e cr e as es i n t est a c c ur a ci es b y

7. 1 3 % a n d 5. 9 6 %, r es p e cti v el y. H o w e v er, t h e i nf er e n c e of Al e x- F at N et i n t h e 4f s yst e m
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achieved a 3 231 acceleration compared to AlexNet on a GPU, while VGG-FatNet in optics
demonstrated a 2 23 acceleration over VGG on a GPU (Contribution 1 (c,d)).

The research also extended the application of the FatNet concept to image segmentation,
leading to the development of Fat-U-Net, a FatNet equivalent of the U-Net architecture
(Contribution 1 (b)). This model was thoroughly tested on the Oxford-IIIT Pet and HeLa
cell nucleus segmentation datasets. On the Oxford-IIIT Pet dataset, Fat-U-Net achieved a
mean Intersection over Union (mIoU) of approximately 85%, which is comparable to the
traditional U-Net’s 89%. The computational efficiency was significantly enhanced, with
inference times reduced by a factor of 37 compared to GPU processing (Contribution 1 (c)).
On the HeLa dataset, Fat-U-Net maintained strong performance with a mIoU of around
96.25% on test data, while U-Net achieved 97.15% (Contribution 1 (c)), demonstrating the
capability of FatNet models to handle complex segmentation tasks with high efficiency.

Additionally, the performance of both Fat-U-Net and U-Net was explored with and
without skip connections to assess the preservation of localisation accuracy in Fat-U-Net,
attributable to its high receptive field (Contribution 4).

To demonstrate that the performance of FatNet equivalents is not merely due to chance or
favourable architectural structure, we tested the Intuitive-Fat-U-Nets (Contribution 4). These
models were transformed into their FatNet equivalents without using the FatSpitter. Specifi-
cally, the models’ kernels and feature maps were expanded while the number of channels
was reduced. Although the constraint of preserving the number of trainable parameters was
maintained, no restrictions were imposed on the number of elements in the feature maps. This
led to unsatisfactory performance, with the model closest to the original U-Net performing
slightly worse than the U-Net itself, and the more "Fat" models exhibiting substantially worse
performance. This outcome proved the efficacy of the original FatNet conversion.

In addition to CNNs, this thesis explored the adaptation of ViTs for optical systems
by developing convolutional methods that enable these models to operate within the 4f
framework, referred to as ShareConvViT (Contribution 3). This innovation was particularly
important as it broadens the scope of optical acceleration beyond traditional CNNs. Various
methods were analysed to implement the convolutional attention mechanism. The most
successful approach involved the use of Shared Depthwise Convolutional layers, developed in
this work, in combination with reshape functions, which effectively emulated the linear layers
using convolutional layers. The same methods were also applied in the MLP blocks of the
ViTs. To demonstrate that the models learned the attention mechanism, the average attention
scores of the models were visualised (Contribution 4). This analysis confirmed that models
using Shared Depthwise Convolutional layers in QKV projection indeed learned the attention
mechanism, whereas models using Depthwise Convolutional layers with "same" padding

152



di d n ot. A d diti o n all y, t h e st u d y a n al ys e d t h e p ot e nti al p ar all elis m a n d i m pl e m e nt ati o n of t h e

m o d els i n t h e 4f s yst e m usi n g mi x e d tili n g a n d k er n el tili n g t e c h ni q u es.

T h e r es e ar c h als o v ali d at e d m o d els b y i ntr o d u ci n g a c ust o m P y T or c h l a y er wit h a 4f

s yst e m si m ul at or ( C o ntri b uti o n 2). A d diti o n all y, t h e ps e u d o- n e g ati vit y m e c h a nis m t a c kl e d

t h e c h all e n g e of n e g ati v e w ei g hts i n o pti c al c o m p uti n g, e ns uri n g a c c ur at e si m ul ati o ns wit h

ef fi ci e nt m e m or y us e.

All c o ntri b uti o ns i n t his t h esis w er e ai m e d at a c hi e vi n g t h e o bj e cti v es o utli n e d i n S e c-

ti o n 1. 2 , f o c usi n g o n a d a pti n g n e ur al n et w or ks f or a c c el er ati o n usi n g t h e 4f o pti c al s yst e m.

T h e F at N et c o n v ersi o n al g orit h m a n d F at S pitt er t o ol a d dr ess e d O bj e cti v e 1 b y cr e ati n g C N Ns

o pti mis e d f or cl assi fi c ati o n a n d s e g m e nt ati o n t as ks, r e d u ci n g c o n v ol uti o n o p er ati o ns, a n d

t a ki n g a d v a nt a g e of t h e hi g h-r es ol uti o n c a p a biliti es of t h e 4f s yst e m.

T h e c ust o m P y T or c h l a y er wit h a b uilt-i n 4f si m ul at or s u p p ort e d O bj e cti v e 2, w hil e t h e

n o v el ps e u d o- n e g ati vit y m e c h a nis m a d dr ess e d m e m or y a n d w ei g ht- h a n dli n g c h all e n g es,

s atisf yi n g its s u b- o bj e cti v e.

Fi n all y, c o n v ol uti o n- b as e d Visi o n Tr a nsf or m er ar c hit e ct ur es s u c h as C o n v S h ar e Vi T

f ul fill e d O bj e cti v e 3 b y e n a bli n g c o m p ati bilit y wit h t h e 4f s yst e m. S h ar e d d e pt h wis e c o n v o-

l uti o n al l a y ers d e m o nstr at e d att e nti o n l e ar ni n g (s u b- o bj e cti v e 3. 1), a n d t h e or eti c al s p e e d- u p

of u p t o 3. 0 4 × (s u b- o bj e cti v e 3. 2).

T h e i n n o v ati o ns pr es e nt e d m a k e n ot a bl e c o ntri b uti o ns t o t h e fi el d a n d o p e n o p p ort u niti es

f or f ut ur e d e v el o p m e nts i n d e pl o yi n g d e e p l e ar ni n g m o d els o n o pti c al s yst e ms.

6. 2 F ut u r e w o r k

F ut ur e w or k s h o ul d b uil d u p o n t his f o u n d ati o n a n d e x pl or e a d diti o n al a p pli c ati o ns of t h es e

m o d els.

O n e p ot e nti al ar e a of e x pl or ati o n is t h e e xt e nsi o n of t his w or k t o o bj e ct d et e cti o n t as ks.

W hil e o bj e ct d et e cti o n s h ar es si mil ariti es wit h cl assi fi c ati o n, as it i n v ol v es i d e ntif yi n g

t h e cl ass of o bj e cts, it als o r e q uir es l o c alis ati o n i nf or m ati o n. As dis c uss e d i n C h a pt er 4 ,

s e g m e nt ati o n i n v ol v es pr e di cti n g pi x el-l e v el l a b els a n d als o pr es er vi n g t h e l o c alis ati o n

i nf or m ati o n. Si n c e t h e o bj e ct d et e cti o n als o i n v ol v es t h at cl assi fi c ati o n a n d i d e ntif yi n g

b o u n di n g b o x es ar o u n d o bj e cts, it m a y als o b e n e fit fr o m hi g h eff e cti v e r e c e pti v e fi el d of t h e

hi g h r es ol uti o n k er n els dis c uss e d i n t his t h esis. I n v esti g ati n g h o w t h e t e c h ni q u es us e d i n

t his t h esis c a n b e a p pli e d t o o bj e ct d et e cti o n w o ul d b e v al u a bl e, p arti c ul arl y i n i nt e gr ati n g

l o c alis ati o n wit h cl assi fi c ati o n t as ks.

A d diti o n all y, w hil e t his r es e ar c h f o c us e d o n e n c o d er- d e c o d er st yl e s e g m e nt ati o n m o d els,

p arti c ul arl y U- N et, f ut ur e w or k c o ul d e x pl or e s c ali n g t h es e t e c h ni q u es t o ot h er s e g m e nt ati o n

1 5 3



m o d els s u c h as D e e p L a b [ 1 4 5 ] or M as k R- C N N [1 4 6 ]. F ut ur e st u di es c o ul d als o e x a mi n e

usi n g F at- U- N et’s c o ntr a cti n g p at h al o n e t o f urt h er e x pl or e t h e b e n e fits of hi g h-r es ol uti o n

k er n els. G e n er all y, si n c e t h e m o d el d o es n ot n e c ess aril y c o ntr a ct a n d e x p a n d, o n e mi g ht

s u g g est t h at h alf of t h e F at- U- N et m o d el is s uf fi ci e nt f or s e g m e nt ati o n. H o w e v er, o ur e arl y

e x p eri m e nts s h o w e d t h at t his w as n ot t h e c as e, as h alf U- N et c o nt ai ns f e w er n o n-li n e ariti es.

N o n et h el ess, r es e ar c h i n t his dir e cti o n c a n b e e x p a n d e d, a n d it m a y b e w ort h e x pl ori n g n e w

m et h o ds of usi n g h alf of t h e F at- U- N et m o d el f or s e g m e nt ati o n. T h e s e g m e nt ati o ns us es

c as es i n t his t h esis pr o v e d t h e pri n ci n pl e of w or k a n d a n al ys e d t h e F at- U- N et ar c hit e ct ur e,

b ut t h e f ut ur e w or k c a n als o i n cl u d e t as k-s p e ci fi c m o d els a n d e x pl or ati o n of F at- U- N et i n

ot h er d o m ai ns, s u c h as s elf- dri vi n g.

T h e F at N et c o n v ersi o n d e v el o p e d i n t his t h esis w as pri m aril y d esi g n e d f or s e q u e nti al

c o n e-s h a p e d n et w or ks. As s u c h, it c a n n ot b e dir e ctl y a p pli e d t o n et w or ks usi n g d e pt h wis e

s e p ar a bl e c o n v ol uti o ns li k e Ef fi ci e nt N et [ 1 2 9 ] or X c e pti o n [1 4 7 ]. W hil e it m a y b e p ossi bl e

t o a d a pt t h e al g orit h m t o i n c or p or at e br a n c hi n g, t h e m ai n c h all e n g e li es i n i m pl e m e nti n g

1 × 1 c o n v ol uti o ns. T h es e c o n v ol uti o ns, w hi c h r e d u c e di m e nsi o n alit y, c o ul d b e tr e at e d as

st a n d ar d c o n v ol uti o ns i n a 4f s yst e m, b ut it is u n cl e ar w h et h er t h e y s h o ul d b e c o n v ert e d i nt o

F at N et l a y ers. Alt h o u g h c o n v erti n g 1 × 1 c o n v ol uti o ns c o ul d f urt h er r e d u c e t h e n u m b er of

c h a n n els, t his m a y n ot al w a ys b e n e c ess ar y.

F urt h er f ut ur e w or k c o ul d e x pl or e a d diti o n al o pti mis ati o ns of F at N et ar c hit e ct ur es, s u c h

as fi n e-t u ni n g t h e tr a d e- offs b et w e e n k er n el si z e a n d t h e n u m b er of c h a n n els t o mi ni mis e

p erf or m a n c e l oss.

As Tr a nsf or m er m o d els w er e ori gi n all y d e v el o p e d f or l a n g u a g e t as ks b ef or e b ei n g a d a pt e d

f or visi o n, r es e ar c hi n g m o d els li k e C o n v S h ar e Vi T a n d ot h ers fr o m C h a pt er 5 c o ul d e x p a n d

t h eir us e i n N L P. T his w o ul d r e q uir e a n a n al ysis of n e w m et h o ds f or t h e d e c o d er p at h of

tr a nsf or m ers, as t h e c urr e nt w or k f o c us es pri m aril y o n t h e e n c o d er. F ut ur e r es e ar c h c o ul d

i n v esti g at e F at N et-st yl e c o n v ersi o n m et h o ds t o o pti mis e t h e us e of S h ar e C o n v Vi Ts wit h

mi ni m al i nf er e n c es, l e v er a gi n g t h e hi g h er r es ol uti o n c a p a biliti es of t h e 4f s yst e m, si mil ar t o

h o w F at N et o pti mis e d C N Ns.

O n t h e h ar d w ar e si d e, r e al- w orl d i m pl e m e nt ati o ns a n d t esti n g o n p h ysi c al 4f s yst e ms

w o ul d pr o vi d e v al u a bl e i nsi g hts i nt o t h e pr a cti c al a p pli c a bilit y a n d p erf or m a n c e of t h es e

n et w or ks i n r e al-lif e s yst e ms. It is e vi d e nt t h at t h e 4f s yst e m pr es e nts c ert ai n c h all e n g es,

p arti c ul arl y i n n ois y e n vir o n m e nts. It w o ul d b e b e n e fi ci al t o c o n d u ct f urt h er e x p eri m e nts t o

st u d y t h e eff e cts of P oiss o n n ois e o n b ot h st a n d ar d m o d els a n d F at N et. Si n c e n ois e c a n pl a y

a r ol e i n d at a a u g m e nt ati o n, u n d erst a n di n g its i m p a ct c o ul d l e a d t o i m pr o v e m e nts i n m o d el

tr ai ni n g.
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Finally, since this thesis has primarily contributed to deep learning, an important question
remains: how would these models perform on real devices? Real-world applications may
introduce issues such as alignment errors, which could significantly impact performance.
Additionally, due to the computational expense of simulations, larger datasets like ImageNet
were not used in this study. However, since FatNet is more advantageous with large datasets
containing numerous classes, it would be valuable to test these models on real devices to
observe these benefits.
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1. I ntr o d u cti o n

O n e of t h e m aj o r p r o bl e m s of t h e m o d e r n d e e p l e a r ni n g a p p r o a c h i s t h e s p e e d of

t r ai ni n g a n d i nf e r e n c e of a r c hit e ct u r e s w h e r e t h e r e a r e a v e r y l a r g e n u m b e r of p a r a m et e r s

t o t r ai n. C o m p ut e r vi si o n, w hi c h c a n i n v ol v e a l a r g e n u m b e r of i m a g e s wit h v e r y sli g ht

diff e r e n c e s, i s c o n si d e r e d t o b e o n e of t h e m o st c o m pl e x p r o bl e m a r e a s f o r AI. Wit hi n t h e

d e e p l e a r ni n g a p p r o a c h e s, c o n v ol uti o n al n e u r al n et w o r k s ( C N N s) h a v e b e c o m e a st a n d a r d

a p p r o a c h f o r v a ri o u s c o m p ut e r vi si o n p r o bl e m s. R e c e ntl y, C N N s h a v e b e e n s u c c e s sf ull y

a p pli e d t o i m a g e cl a s si fi c ati o n [ 1 ], o bj e ct d et e cti o n [2 ], l o c ali z ati o n [3 ], a n d s e g m e nt ati o n [4 ],

a m o n g m a n y ot h e r a p pli c ati o n s. C N N s a r e s uit a bl e f o r c o m p ut e r vi si o n t a s k s b e c a u s e

n e u r o n s i n C N N s a r e o nl y c o n n e ct e d t o t h e pi x el s of t h ei r r e c e pti v e fi el d, r at h e r t h a n

t o e v e r y si n gl e n e u r o n of t h e n e xt l a y e r a s i n f ull y c o n n e ct e d n et w o r k s. T hi s a p p r o a c h

r e d u c e s t h e n u m b e r of t r ai n a bl e p a r a m et e r s, w hi c h a c c el e r at e s t h e i nf e r e n c e a n d m a k e s

t h e n e u r al n et w o r k m o r e i m m u n e t o o v e r fitti n g. Alt h o u g h C N N s a r e c o m p ut ati o n all y l e s s

e x p e n si v e t h a n f ull y c o n n e ct e d n e u r al n et w o r k s, a c c el e r ati n g C N N s i s al s o a n i m p o rt a nt

t a s k, e s p e ci all y wit h t h e e v e r g r o wi n g n u m b e r of i m a g e s a n d vi d e o s t h at a r e c a pt u r e d.

T h e r e a r e m a n y t e c h ni q u e s t o a c c el e r at e d e e p l e a r ni n g t r ai ni n g, e. g., u si n g s h all o w

n et w o r k s, p r u ni n g r e d u n d a nt w ei g ht s, o r u si n g l o w e r q u a nti z ati o n l e v el s [ 5 ]. I n a d di-

ti o n, h a r d w a r e a c c el e r at o r s c a n b e u s e d t o s p e e d u p t h e t r ai ni n g a n d i nf e r e n c e of n e u r al

n et w o r k s, f o r e x a m pl e, i n a p pli c ati o n- s p e ci fi c i nt e g r at e d ci r c uit s ( A SI C s), w hi c h c a n o ut-

p e rf o r m st a n d a r d C P U s a n d G P U s [ 6 ]. L a r g e t e c h c o m p a ni e s a r e a cti v el y w o r ki n g o n

t h ei r AI a c c el e r at o r s, s u c h a s G o o gl e’ s T P U [7 ], I nt el’ s L oi hi [8 ], a n d I B M’ s Tr u e N o rt h [9 ].

AI 2 0 2 3 , 4 , 3 6 1 – 3 7 4. htt p s: / / d oi. o r g / 1 0. 3 3 9 0 / ai 4 0 2 0 0 1 8 htt p s: / / w w w. m d pi. c o m /j o u r n al / ai
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Unfortunately, these accelerators are starting to face limitations in the post Moore’s law
era, since the computational power of the processors is not improving at the same pace as
before [10].

Optical processors are an interesting alternative to processing data with silicon chips.
Optical computing uses photons of light, instead of electrons, as the information carrier
for data processing [11]. Since Moore’s law does not affect optical computing, optical
accelerators can be used for deep learning, offering advantages such as the high bandwidth
of the light beam, high speed, zero resistance, lower energy consumption, and immunity
to overheating [12]. There are two main approaches to optical neural networks: free
space using spatial light modulators (SLM) [13,14] or silicon photonics approach using
Mach–Zehnder interferometers (MZI) [15,16]. Unlike the silicon photonics approach, free-
space optics uses wireless light propagation through a medium which can be air, outer
space or vacuum. Although the silicon photonics approach is faster, as its clock speed can
reach several GHz, it is inferior to the free-space system in parallelism [17].

This research is focused on the 4f free-space approach as described in Li et al. [13], which
takes advantage of the parallelism of free-space optics. The 4f free-space optical system can be
used to perform convolution operations faster than traditional electronic processors.

The Fourier transform is a well-known mathematical operation that decomposes a
signal into its fundamental sinusoids in the frequency domain that, when combined, form
the original function [18]. A Fourier transform is initially defined over one dimension,
and can be extended to two or more dimensions [19]. The computational complexity of this
process increases with the dimensions of the data, and even with fast methods such as the
fast Fourier transform [20], transforming large data can take considerable resources with
complexity in the order of O(n2log(n)), where n2 is the number of pixels of an image [21].
On the other hand, performing a 2D Fourier transform in free-space optics can be easily
achieved by passing the light through the convex lens, where the light only has to travel
two focal distances (f) from the lens [22].

Taking the convolution theorem into account, the convolution of two signals can be
represented as the inverse Fourier transform of the pointwise product of their Fourier
transforms [18]. The 4f correlator is based on the Fourier transform properties of the convex
lenses [23] and performs the convolution operation based on the convolution theorem. Any
convex lens projects a Fourier transform of the input object located on the front focal plane
onto the back focal plane [23], where it can be pointwise multiplied by the kernel in the
Fourier domain. After passing through the second lens, it can be converted back into the
space domain. The system is called 4f because the light in the 4f system travels four focal
distances of the lens. Hence, the 4f approach can accelerate convolutional neural networks
by performing the Fourier transforms at the speed of light. The parallelism advantage of
the 4f system comes from the theoretically infinite resolution that is bounded in reality by
the resolution of the modulators and the camera.

The first optical convolution technique with the 4f system was described by Weaver
and Goodman [24] in 1966. It was not used for the acceleration of neural networks until
neural networks started gaining popularity in the 21st century [25]. A standard 4f optical
system consists of an input source, two convex lenses, two light modulators, and a sensor
(see Figure 1). The input source is the laser emitting the light modulated right in the
beginning with the input image by altering the light intensity. The modulated light passes
through the first convex lens after travelling the focal distance of the lens and is projected
onto the focal plane, where the Fourier transform of the input is formed. On the focal
plane using another modulator, the input is element-wise multiplied with the kernel in
the frequency domain. After the multiplication in the Fourier domain, the light passes
through the second lens to perform the inverse Fourier transform and is captured by the
camera or the array of photodetectors. In some cases, instead of the modulator, the fixed
phase mask is used to perform the multiplication in the Fourier plane, as demonstrated in
Chang et al. [14].
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The 4f system is used in combination with the electronic compound, called an
optical–electronic hybrid system [14]. This system is used only for inference, and training
is performed using the simulator. The networks were trained using the simulator, and the
phase mask of the trained kernels of the first layer was fabricated. Those fabricated kernels
were used only for the inference of the pre-trained first layer. Hence, the inference of the
first convolutional layer is optically computed, and the output of the electronic network
is then fitted into the electronic portion of the network. This allows the multiplication
to be performed passively, i.e., without energy consumption or latency. It also enables
high speed-up, since the first layer of the network is usually the heaviest due to the high
resolutions, which the free-space optics can handle for free. Since the optical–electronic
hybrid system uses kernel tiling, this system can perform several convolution operations
of the first layer in parallel without losing frame rate and power. However, a passive
architecture such as this lacks flexibility and can only be used with one set of kernels,
meaning it cannot be reused for all network layers. This is the reason for considering only
active 4f architecture in our approach, allowing the device to perform all convolutional
layers of the network by altering the kernel on the Fourier plane.

Figure 1. Graphical representation of the 4f system performing the convolution operation, consisting
of the input plane (laser), the convex lens, Fourier plane (modulator or phase mask), and another
convex lens and the camera separated from each other by one focal distance of the lens. When
light passes through the lens, it forms a 2D Fourier transform on the Fourier plane, where it can be
multiplied by the kernel in the frequency domain. The light then passes through the second lens,
which converts it back into the space domain, where the output is read by the camera.

Unlike standard neural networks, optical neural networks involve various bottlenecks
and constraints. Since the read-out camera captures the intensity of light, which is the
square of the amplitude, it is impossible to perform the computations with negative values.
One of the possible ways for getting around this problem is the non-negative constraint,
which can significantly affect the accuracy. One way around this constraint is called pseudo-
negativity, which can address the restriction to positive values by doubling the number
of filters [14]. This method only uses positive values for the kernel by labeling half of the
kernels as positive and the other half negative. After the read-out, the results of ‘positive’
convolutions are subtracted from the ‘negative’ results, thus providing the correct outcome
for the convolution operation. Another bottleneck is the resolution of the modulator and
the camera. Although modern cameras can capture up to 4K resolution, this limit does not
allow many channels to be tiled and high-resolution feature maps to be used in combination
with tiling.

Despite the many advantages of 4f systems, they have not been popular among
the modern AI accelerators. The main problem lies in the very slow cameras and light
modulators used in the system. However, there is the possibility to gain acceleration
using parallelism and through simultaneously performing several convolution operations.
For example, Li et al. [13] proposed kernel, channel, and mixed tiling approaches to better
utilize the resolution of the 4f system. Their approaches enable all convolution operations
for specific output channels and sum them using one inference through the 4f system. In
a technique used by [13], zero-padding is applied to the input channels, which are tiled into
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one big input block, while their corresponding kernels are tiled in the same manner, forming
a kernel block. This method takes advantage of the massive parallelism of free-space optics.
It performs all convolutions of each output channel of the convolutional layer, including
the channel summation via one optical inference. By optically convolving the input block
and the kernel, the summation of all convolutions of those particular input channels with
output channels appears in the middle of the output tensor. This significantly reduces the
number of conversions between optics and electronics. That is why it is essential to use the
high-resolution capabilities of the 4f system.

Tiny kernel resolutions have become one of the nuances of building CNN architectures.
Kernel sizes of 3 × 3 or 5 × 5 are now the standard for CNNs [1]. Although sometimes in
ResNet architectures, a large kernel size can be seen in the first layer of the networks [26].
Theoretically, having a small kernel size has a range of advantages. The reduction of kernel
size not only increases the computational efficiency during training but also decreases the
number of trainable parameters, thereby increasing the robustness of the network against
overfitting [27,28]. Modern neural networks are all trained on CPU/GPU, whose training
time depends on the number of parameters. This led to the development of architectures
with a very small resolution of kernels. For the same reason, all classifier architectures were
developed in the cone shape, where the image is pooled down at every layer, making it
faster for the CPU/GPU process. However, this works entirely differently for optical neural
networks. Due to the nature of free-space optics, the use of large kernels in 4f system-based
neural networks will not affect the inference time. Unfortunately, almost all the attempts
to train the convolutional neural networks on the 4f system are based on the standard
convolutional cone-shaped architectures.

To overcome underutilization of the 4f system, we propose FatNet, which takes
advantage of the high-resolution capabilities of the 4f system by using fewer channels
and larger input/kernel resolution in CNNs. Since the resolution does not affect the
speed of inference in the 4f system, increasing the resolution and reducing the number
of channels results in the network performing fewer convolution operations. This means
fewer translations from optics to electronics, since the main bottleneck of the system is
based on optics–electronics conversions. Our approach does not require pooling between
most layers, which speeds up the inference even more for the small cost of a loss in accuracy.

2. Materials

We trained our network with the CIFAR-100 dataset (see Figure 2) and chose ResNet-
18 as the backbone network. The CIFAR-100 (Canadian Institute For Advanced Research)
dataset consists of 60,000 images of 32 × 32 resolution. It is split into 20 superclasses
sub-grouped into 100 classes, with 600 images per class [29]. Only 50,000 images are used
for training, and the other 10,000 data samples are in the test set. The similarity of classes
under the same superclass in CIFAR-100 makes it harder to train.

Shah et al. [30] managed to train CIFAR-100 using different ResNet models, including
their variation, where ELU (exponential linear unit) [31] was used as an activation function.
Their test error on standard ResNet-101 achieved 27.23%. For this reason, we decided to
use residual networks in our experiments. In our research, we have limited our focus to
serial networks that do not contain branching structures. Therefore, networks that use
depthwise convolutions, such as the highly accurate EfficientNet-B0 [32] with an accuracy
rate of 88.1%, are outside the scope of our analysis.

ResNet-18 is a CNN, one of five networks introduced in He et al. [26] for the Ima-
geNet dataset [33]. The feature distinguishing these networks from others is the residual
connections between layers. Formally, He et al. [26] noted the blocks of the networks as:

y = F(x, {Wi}) + x (1)

where x and y are the input and the output of the residual block, and F(x, {Wi}) represents
the building block of the residual layer, which can contain one or several weight layers.
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Figure 2. Illustration of CIFAR-100 dataset examples. CIFAR-100 contains tiny images of 100 classes,
with a resolution of 32 × 32.

Residual connections are the connections in which one or more layers are skipped.
In ResNet, those connections perform identity mapping, and the outputs of these connec-
tions are added to the output of the stacked layers. This configuration allows the use of
deeper networks by avoiding vanishing/exploding gradient problems.

PyTorch was used to train all our networks [34]. PyTorch is an open source machine
learning framework originally developed by Meta AI. We used PyTorch for its flexibility
and ease in creating custom neural network layers. One example is the simulation of our
optical layer, which we also built using PyTorch. PyTorch was also used by Miscuglio [35]
to precisely simulate an actual 4f system.

3. Methods

Nearly all classifier CNNs are cone-shaped and use either strides or pooling layers
to reduce the resolution of the feature map [28]. This architecture has several advantages.
The main advantage is the training speed, since the network gets simpler after each feature
extraction and ends up with very low-resolution feature maps, which are flattened and
passed to the fully connected layers for further classification. However, this kind of
structure became standard only due to the dominance of electronic computing. Unlike
in electronics, having larger resolutions for inputs and kernels in the 4f system does not
affect the speed of inference, which makes it essential to explore new architectures that are
compatible with optics. Our approach is called FatNet, due to its barrel shaped structure
and most of the kernels having the same resolution as the feature maps (see Figure 3b).

By having larger feature maps and kernel sizes in the classifier CNN, we can ensure
full utilization of the free-space optics. Although higher resolutions come with the problem
of overfitting, our approach uses the same number of trainable parameters as the standard
approach. Essentially, we have created the following rules for turning any classifier into
a FatNet:

1. The FatNet should preserve the same number of layers as the original network to
keep the same number of non-linear activation functions.

2. The FatNet should keep precisely the same architecture as the original network on the
shallow layers until the shape of the feature maps pools down to the shape where the
number of elements of the feature map is less than or equal to the number of classes.

3. FatNet has the same total number of pixels of the feature maps at the output of each
layer as the original networks. Hence, since the feature maps’ shape stays constant
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and does not use pooling, the new number of output channels needs to be calculated,
which will be less than for the original network.

4. FatNet has the same number of trainable parameters per layer as the original net-
work. Since we have reduced the number of output channels based on the third rule,
the number of trainable parameters has also been reduced. Hence, a new kernel size
needs to be calculated based on the number of output channels.

(a)

(b)

Figure 3. Architecture comparison of our modified ResNet-18 used to train CIFAR-100 and FatNet
constructed from ResNet-18 specifically for CIFAR-100 classification. (a) ResNet-18 architecture,
slightly modified from the original. Our version does not use strides, since optics cannot perform
strides in convolutions. We also skipped the second non-residual convolutional layer to make it more
compatible with CIFAR-100. (b) FatNet derived from ResNet-18 for CIFAR-100. Compared with
ResNet-18, this architecture contains fewer channels but larger resolutions. Kernel resolutions can
go up to 10 × 10, while feature maps are not pooled lower than 10 × 10. The last layer is a 10 × 10
matrix flattened to form a vector of 100 elements, each representing a class of CIFAR-100.

It is also important to remember that FatNet is more efficient when the number of
classes is significant; for example, ImageNET contains 20,000 classes. We chose ResNet-18
as the backbone network for proof of concept and trained the network with the CIFAR-100
dataset. We chose CIFAR-100 over CIFAR-10 due to the larger number of classes and the
ability to keep the feature maps in the square shape of 10 × 10. It is essential to know that
one of the limitations of the 4f-based convolution is the failure to perform the convolutions
with the stride. Since most off-the-shelf networks contain stridden convolutions, this can
be a potential problem. However, we can get around the problem by replacing the stridden
convolutions with the combination of standard convolution and pooling. Because we do
not want to reduce the resolution of our feature maps, we decided to ignore the strides in
our ResNet-18 architecture and use 2 × 2 MaxPooling after the first layer.

No modification of the first five layers is carried out, since they all have 16 × 16 resolution.
For the following layers, we have calculated the number of pixels in each feature map and
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measured how many channels the layers should contain if all layers’ feature maps remain
10 × 10. We then calculated the number of trainable parameters in the original network
(excluding bias). Based on the number of trainable parameters and the new number of
channels, we have calculated the new kernel resolutions as shown in Table 1.

Table 1. Construction of FatNet from ResNet-18.

Layer Number of Weights Feature Pixels FatNet Layer

64 × 128, k = (3 × 3) 73,728 8192 64 × 82, k = (4 × 4)
128 × 128, k = (3 × 3) 147,456 8192 82 × 82, k = (5 × 5)
128 × 128, k = (3 × 3) 147,456 82,192 82 × 82, k = (5 × 5)
128 × 128, k = (3 × 3) 147,456 82,192 82 × 82, k = (5 × 5)
128 × 256, k = (3 × 3) 294,912 4096 82 × 41, k = (9 × 9)
256 × 256, k = (3 × 3) 589,824 4096 41 × 41, k = (19 × 19)
256 × 256, k = (3 × 3) 589,824 4096 41, 41, k = (19 × 19)
256 × 256, k = (3 × 3) 589,824 4096 41, 41, k = (19 × 19)
256 × 512, k = (3 × 3) 1,179,648 2048 41 × 21, k = (37 × 37)
512 × 512, k = (3 × 3) 2,359,296 2048 21 × 21, k = (73 × 73)
512 × 512, k = (3 × 3) 2,359,296 2048 21 × 21, k = (73 × 73)
512 × 512, k = (3 × 3) 2,359,296 2048 21 × 21, k = (73 × 73)

FC (512, 100) 51,200 100 21 × 1, k = (49 × 49)

Unfortunately, kernels larger than the input features in the last layer cause a problem.
The main problem is that the convolutions are the same padding type, meaning that the
input and output resolutions are the same 10 × 10 in our case. This means the outer regions
of the kernels larger than 10 × 10 are redundant and will not be trained. This restricts us
to the convolutions of the kernel with a maximum resolution of 10 × 10. Therefore, we
reduced the kernel size by increasing the number of channels in those layers, which violates
the third rule of the FatNet construction (see Figure 3). However, this is the better solution,
since the network may underfit if the number of trainable parameters is reduced.

Usually, the image classifier neural networks are based on the convolutional layers for
the feature extraction and dense layers for the classification. Sometimes, fully convolution
networks end up with a convolutional layer with a 1 × 1 shape and the number of output
channels equal to the number of classes. The FatNet’s output layer is a convolutional layer
with one channel and each pixel representing the probability of the class in the classification
network. In our case with CIFAR-100 training, the output shape is 10 × 10 with one output
channel. The main advantage of FatNet and its suitability for free-space optical training
is that FatNet uses fewer output channels but larger resolution feature maps and kernels.
Moreover, it is a fully convolutional network, which makes it fully compatible with the
4f accelerator.

As part of this work, we developed an application called FatSpitter to convert any
sequential network into a FatNet model. FatSpitter accepts a PyTorch neural network object
as an input and outputs a refined FatNet model that ensures that the size of the kernel never
exceeds the input size of the corresponding convolutional layer. It follows an algorithm
similar to that described above. Initially, a construction table, as demonstrated in Table 1, is
established. Upon obtaining the construction table and determining the index of the layer at
which FatNet has to start, the implementation begins by substituting original convolutional
layers with the new “Fat” convolutional layer, which features altered kernel sizes and
output channels. If the kernel size is larger than the input, the kernel size is adjusted
to match the input, and the number of output channels is recalculated. It is important
to remember that if the number of input channels in the original convolutional layer is
equal to the output channels, this equality must also be maintained in FatNet. If this is
not considered, the number of output channels will keep rising and falling in the network,
making it impossible to train.

To validate our results, we developed a simulator as the custom layer on top of
PyTorch called OptConv2d. OptConv2d replaces the convolution operation of the standard
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convolutional layer with the simulation of 4f inference. In order to achieve this, we had to
simulate the propagation of the amplitude-modulated light using the angular spectrum
of plane waves (ASPW) method. According to the angular spectrum method, if the initial
wavefront is U1(x, y), the next wavefront is calculated as:

U2(x, y) = F−1[F[U1(x, y)]H( fx, fy)] (2)

where H( fx, fy) is the transmittance function for free space.
The transmittance function of free-space propagation comes from the Fresnel diffrac-

tion transfer function:

HF( fx, fy) = exp

[
jkz− jπλz( f 2

x + f 2
y )

]
(3)

where k = 2π
λ , z is the distance travelled by light, and λ is the wavelength [36,37].

Since the 4f system contains two lenses, the transmittance function of each lens is:

tA(x, y) = P(x, y) exp

[
−j k

2 f
(x2 + y2)

]
(4)

where f is the focal length of the lens, and P(x, y) is the pupil function [37].
The distance at which the angular spectrum method calculates the next wavefront

depends on the pixel scale and is calculated as:

z =
N(∆x)2

λ
(5)

where ∆x is the pixel scale, N is the number of pixels, and λ is the wavelength. In case
when the propagation distance needs to be longer than the above formula for the distance,
the propagation can be calculated in several iterations. We chose such a pixel scale for each
propagation, so z becomes equal to the focal distance of the lens. In this case, we have to do
only one iteration for each focal distance propagation in the 4f system.

The simulator uses pseudo-negativity, so each convolution is run twice to avoid
negative values for the kernels in optics. Moreover, due to the laws of geometrical optics,
the output of the 4f device is always rotated 180 degrees. Luckily, this is not a problem for
convolutional neural networks, since they can continue extracting the future values from
the rotated feature maps.

Experiments

The main goal of FatNet is not to gain accuracy but to demonstrate that the network
with its prescribed architecture can maintain accuracy by being accelerated using free-space
optics while performing fewer inferences through the 4f system than the original network.
Hence, our experiments aimed at testing and comparing the original network and FatNet.

We recreated the modified version of ResNet-18, converted it to the FatNet, and trained
both networks. To validate the accuracy of the FatNet in the optical device, we trained the
network in the simulator. In the real 4f system, we would have taken advantage of the
parallelism of the network by tiling the batches. However, batches were not tiled in the
simulator, since the matrices are represented in PyTorch’s tensor format. All operations were
performed without unwrapping the tensor, and the Fourier transforms and multiplications
were performed directly on the 4-dimensional tensors. We chose this approach since the
simulator-based training of the network was much slower than the standard PyTorch
network. Each epoch of the optical simulation of FatNet takes 67 min, while the epoch in
the standard FatNet with Conv2d layer of PyTorch is 15 s only.
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The wavelength of the laser was set to 532 nm (green), and convex lenses with a 5 mm
diameter and focal distance of 10 mm were assumed. It should also be noted that we have
not taken the device’s quantization and noise into account and used type float32.

We split our training set into training and validation sets according to a 80–20% ratio,
respectively, resulting in 40,000 for training and 10,000 images for validation. The dataset
was normalized using the mean and standard derivation of the CIFAR-100 at all channels.
Moreover, we have applied augmentation methods, including the horizontal flip and
random crop with the padding of four. All networks were trained with the SGD optimizer,
0.9 for the momentum, and the starting learning rate of 0.01, updating every 50 steps by 0.2.
The last layers of all networks were passed through the 20% dropout layer. We trained all
the networks using 2× NVIDIA A100 40 GB GPUs.

ResNet-18 and FatNet were trained with a batch size of 64 (32 per GPU). However,
the optical simulation of FatNet had to be trained with a batch size of 16 (8 per GPU)
due to the high memory requirement of the simulator, as the optical simulation enhances
the computational graph and number of gradients. Although we have not simulated the
parallelism of the 4f system, to gain acceleration, the 4f system needs to take advantage
of high resolution. FatNet’s best acceleration can be achieved if batch tiling is performed.
In order to use batch tiling, all the inputs of the same batch have to be tiled in one input
block, and the kernel has to be padded to the same size as the input block. Before tiling the
inputs, they must be individually padded to M+ N − 1, where M × M is the input size,
and N × N is the kernel size. According to this method, the number of possible batch sizes
can be calculated as follows:

n = b R
M+ N − 1

c2 (6)

where R is the resolution of the 4f system and b·c is the floor function.

4. Results

Based on the configurations described above, our implementation of ResNet-18
achieved an accuracy of 66%. In comparison, FatNet’s implementations, both with GPU
and simulation of optics, lagged in accuracy with a result of 60% (see Table 2). However,
FatNet implementation performs 8.2 times fewer convolution operations to reach this level
of accuracy and does not require any dense layers for classification.

Table 2. Comparison of the test accuracy and number of convolution operations used in each
tested network.

Architecture Test Accuracy Number of Conv
Operations

Number of Conv
Operations

mean ± std Ratio to Baseline

ResNet-18 66± 1.4% 1,220,800 1 (baseline)
FatNet 60± 1.4% 148,637 0.12

Optical simulation
FatNet 60% 148,637 0.12

The same can be said about the training process. Since it may take more epochs for
the FatNet to reach the desired accuracy, this architecture is only beneficial if accelerated
with the 4f system.

The measured and calculated inference time for FatNet and ResNet-18 with optics and
GPU were obtained and observed (see Table 3). The observations were conducted based on
the batch size of 64, such as in our experiments, and 3136 maximum utilization of 4f system
with 4k resolution modulators and camera.
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Table 3. Inference time in seconds per input for ResNet-18 and FatNet with optics and GPU with
batch sizes of 64 and 3136 for cases when the 4k resolution of the 4f device is fully utilized. The frame
rate of the 4f device is approximated at 2 MHz [13].

Architecture Batch 64 Batch 3136

ResNet-18 (GPU) 1.350× 10−4 1.167× 10−4

FatNet (GPU) 4.565× 10−4 7.942× 10−4

ResNet-18 (Optics) 3.815× 10−2 7.786× 10−4

FatNet (Optics) 4.645× 10−3 9.479× 10−5

5. Discussion

Although FatNet does not converge as well as ResNet-18, it is still 8.2 times faster,
if both are trained with optics. CIFAR-100 is an extended dataset of CIFAR-10, but unlike
CIFAR-10, CIFAR-100 is much harder to train. Numerous researchers have tried different
augmentation and regularization methods to improve the classification performance of the
CIFAR-100. For instance, Mizusawa [38] tried the interlayer regularization method and
improved the accuracy of the classification of CIFAR-100 in ResNet-20 from an average of
64.09% to 65.59%. Shah [30] used ELU activation layers to improve the CIFAR-100 accuracy
from 72.77% to 73.45%. Our modification of ResNet-18 achieved an average test accuracy
of 66%, which is comparable to Mizusawa but lower than Shah. Then, our tests of FatNet
showed that by sacrificing only 6% of test accuracy, we could perform 8.3 times fewer
convolutions in optics, which will mean fewer conversions from optics to electronics and
vice versa. During the training process of the original FatNet on GPU, three trials were
conducted, achieving accuracies of 59%, 59%, and 62%. These results suggest that it may
be possible to achieve a smaller loss with FatNet through further optimization efforts.

In contrast to our approach of reducing the number of convolution operations to
improve speed and adapt the network to optical implementation, other research has
focused on accelerating networks by accepting a small sacrifice in performance when run
on CPU/GPU. For example, Luo et al. [39] accelerated the neural networks by discarding
redundant weights. One of their implementations, ThiNet-Tiny, accelerated the forward
and backward timing of VGG-16 by 6.4 and 7.3 times, respectively, at the cost of a 9%
reduction in top-1 accuracy. Moreover, Rastegari et al. [5] achieved an acceleration of
approximately 58 times by binarizing the inputs and weights of convolutional operations
and estimating convolutions using XNOR and bit counting operations. However, when
testing ImageNet trained on ResNet-18 with this method, they observed a loss of 18.1%
in accuracy.

The training accuracy graph in Figure 4 shows that the network trained with the
optical simulation trains slower than in other experiments. When simulating the 4f system,
PyTorch uses the simulation of light propagation as part of the computation graph of the
neural network, which vastly increases the computation graph. This causes a slowdown in
network training. From the point of view of validation accuracy, the FatNet trained with
GPU, and its optical simulation, are not altered much, especially after the first learning rate
step on epoch 50. Although the validation accuracy of FatNet and optical simulation of
FatNet did not exceed 57% and 58%, respectively, the test accuracy reached 60% in both
cases. This difference is caused by the augmentation applied only to the validation and
training sets and not to the test set.

However, it should be noted that the acceleration in a 4f system with FatNet is only
possible if the parallelism of the 4f system is utilized not with the channel or kernel tiling
but with batch tiling. The increase in resolution and reduction of the number of channels
will not change the performance much if channel tiling is used. Unfortunately, due to the
high latency of modern light modulators and cameras, it is almost impossible to get an
acceptable acceleration over GPU with 4f, with the efficiency batch size shown in Table 3.
However, the 4f system’s acceleration is almost equalized to the GPU in comparison with
non-GPU inference (see Table 3). If we fully utilize the 4K resolution of the 4f system,
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of 9 9 %. H o w e v e r, t h e R e s N et- 1 8 r e q ui r e d f e w e r e p o c h s. O n t h e ot h e r h a n d, t h e o pti c al si m ul ati o n

t o o k l o n g e r t o t r ai n si n c e it u s e s a m o r e e xt e n d e d c o m p ut ati o n g r a p h t o si m ul at e li g ht p r o p a g ati o n.
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t o 6 6 %, w hil e F at N et c o ul d n ot a c hi e v e t h e v ali d ati o n a n d t e st a c c u r a c y hi g h e r t h a n 6 0 %, alt h o u g h it

p e rf o r m e d f e w e r c o n v ol uti o n o p e r ati o n s.

M o r e o v e r, it s h o ul d b e m e nti o n e d t h at i n o u r e x p e ri m e nt s, w e h a v e n ot t e st e d t h e

n et w o r k wit h t h e diff e r e nt q u a nti z ati o n l e v el s a n d n oi s e t h at c a n o c c u r i n t h e s y st e m.
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m et h o d f o r o u r d at a s et. If w e u s e a s m all e r bit d e pt h, t h e n oi s e m a y n ot aff e ct t h e a c c u r a c y,

si n c e t h e c h a n g e s i n r e s ulti n g li g ht i nt e n sit y will b e l o w.

A n ot h e r i s s u e t h at i s i m p o rt a nt t o c o n si d e r i s t h e ali g n m e nt of t h e o pti c al el e m e nt s.

O n e of t h e m ai n di s a d v a nt a g e s of t h e 4f s y st e m c o m p a r e d wit h t h e sili c o n p h ot o ni c s

a p p r o a c h i s t h e ali g n m e nt of o pti c al el e m e nt s. A sli g ht alt e r ati o n i n t h e ali g n m e nt of t h e

el e m e nt s of t h e 4f s y st e m c a n l e a d t o e nti r el y w r o n g r e s ult s a n d t o t h e i n a bilit y t o c o r r e ctl y

k e e p t r a c k of t h e g r a p h. U nf o rt u n at el y, o u r si m ul at o r i s n ot d e si g n e d t o c o n si d e r ali g n m e nt

p r o bl e m s. I n p r a cti c e, o pti c al c a g e s y st e m s c a n b e u s e d t o k e e p el e m e nt s fi x e d a n d ali g n e d.

T h e F at S pitt e r al g o rit h m, u s e d t o c o n v e rt R e s N et t o F at N et, f oll o w s t h e r ul e s w e h a v e

e st a bli s h e d b ut o nl y t a k e s i nt o a c c o u nt s e ri al n et w o r k s. H e n c e, it c a n n ot b e a p pli e d t o

n et w o r k s t h at u s e d e pt h- wi s e s e p a r a bl e c o n v ol uti o n s. It i s p o s si bl e t o i nt e g r at e b r a n c hi n g

i nt o t h e al g o rit h m f o r f ut u r e i m pl e m e nt ati o n, b ut t h e m o st si g ni fi c a nt c h all e n g e r e m ai n s

t h e i m pl e m e nt ati o n of 1 × 1 c o n v ol uti o n s. T h e s e c o n v ol uti o n s c a n b e e x e c ut e d i n a 4f

d e vi c e a s n o r m al c o n v ol uti o n s, b ut t h e q u e sti o n r e m ai n s w h et h e r t h e y n e e d t o b e c o n v e rt e d

i nt o f at l a y e r s. T h e m ai n p u r p o s e of 1 × 1 c o n v ol uti o n s i s t o r e d u c e t h e di m e n si o n alit y, s o

it m a k e s s e n s e n ot t o c o n v e rt t h e m i nt o F at N et a n d k e e p t h e m a s t h e y a r e. O n t h e ot h e r

h a n d, c o n v e rti n g 1 × 1 c o n v ol uti o n s i nt o F at N et w o ul d l e a d t o a f u rt h e r r e d u cti o n i n t h e

n u m b e r of c h a n n el s, w hi c h m a y n ot b e n e c e s s a r y.

T h e d e si g n of t h e F at N et m a k e s it m o r e s uit a bl e f o r d at a s et s wit h a l a r g e n u m b e r of

cl a s s e s, s u c h a s 1 0 0 i n o u r c a s e, b ut it c a n al s o p ot e nti all y w o r k wit h i m a g e s of a hi g h e r

r e s ol uti o n. U nf o rt u n at el y, t h e si m ul ati o n of li g ht p r o p a g ati o n t a k e s a l a r g e a m o u nt of G P U

m e m o r y, w hi c h i s t h e r e a s o n f o r n ot u si n g I m a g e N et i n o u r e x p e ri m e nt s w h e n it s e e m e d

t h e m o st o b vi o u s c h oi c e f o r F at N et.
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6. Conclusions

In this research, we looked at a new way of fully utilizing the high-resolution capa-
bilities of the 4f system for classification. We introduced a transformation method, which
makes the regular neural network designed for the CPU/GPU training more compatible
with the free-space optical device. After testing FatNet with the CIFAR-100 dataset, using
ResNet-18 as the backbone network and the optical simulation of the FatNet using the
angular spectrum method, we reached a test accuracy of 66% with ResNet and 60% with
FatNet. Eventually, it was demonstrated that FatNet performs 8.2 times fewer convolution
operations than ResNet-18 without a loss in frame rate when both were implemented in
optics. Compared with the standard ResNet-18, FatNet is always faster than ResNet-18
when run with the optical device and also than ResNet-18 run with GPU when the batch
size is as large as 3136. Moreover, our research demonstrates the importance of using
high-resolution kernels in CNN, especially in the future, when the speed of cameras and
light modulators improves.
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T hi s p a p e r d e s c ri b e s t h e a d v a nt a g e s a n d di s a d v a nt a g e s of a d a pti n g t h e U- N et a r c hit e ct u r e f r o m a t r a diti o n al
G P U t o a 4f f r e e- s p a c e o pti c al e n vi r o n m e nt. T h e i m pl e m e nt ati o n i s b a s e d o n a n o pti c al- b a s e d a c c el e r ati o n
c all e d F at N et a n d t h u s t hi s a d a pti o n i s c all e d F at- U- N et. F at- U- N et n e gl e ct s t h e p o oli n g o p e r ati o n s i n U-
N et, b ut m ai nt ai n s a si mil a r n u m b e r of w ei g ht s a n d pi x el s p e r l a y e r a s U- N et. O u r r e s ult s d e m o n st r at e t h at
t h e c o n v e r si o n t o F at- U- N et o ff e r s si g ni fi c a nt i m p r o v e m e nt i n s p e e d f o r s e g m e nt ati o n t a s k s, wit h F at- U- N et
a c hi e vi n g a r e m a r k a bl e × 5 3 8 a c c el e r ati o n i n i nf e r e n c e c o m p a r e d t o U- N et w h e n b ot h a r e r u n o n o pti c al d e vi c e s
a n d x 3 7 a c c el e r ati o n i n i nf e r e n c e c o m p a r e d t o t h e r e s ult s p r o vi d e d b y U- N et o n G P U. T h e p e rf o r m a n c e l o s s aft e r
c o n v e r si o n r e m ai n s mi ni m al i n t w o d at a s et s, wit h r e d u cti o n s of 4. 2 4 % i n I o U f o r t h e O xf o r d IIIt p et d at a s et a n d
1. 7 6 % i n I o U of H e L a c ell s n u cl e u s s e g m e nt ati o n.

K e y w o r d s: F at N et, H e L a s e g m e nt ati o n, O pti c al N e u r al N et w o r k, s e g m e nt ati o n

1. I N T R O D U C T I O N

T h e i nt r o d u cti o n of d e e p l e a r ni n g i n c o m p ut e r vi si o n a p pli c ati o n s h a s c o m pl et el y c h a n g e d h o w di git al i m a g e s a r e
p r o c e s s e d a n d a n al y s e d. T h e a p pli c ati o n of D e e p l e a r ni n g a p p r o a c h e s t o i m a g e s e g m e nt ati o n h a s d e m o n st r at e d
r e m a r k a bl e r e s ult s. 1 – 3 H o w e v e r, a s t h e c o m pl e xit y of t h e s e m a c hi n e l e a r ni n g m o d el s g r o w s, s o d o e s t h e c o m-
p ut ati o n al d e m a n d a n d t h e di ffi c ult y of r e al-ti m e a p pli c ati o n s. W hil e h a r d w a r e a c c el e r at o r s, s u c h a s g r a p hi c s
p r o c e s si n g u nit s ( G P U s), fi el d- p r o g r a m m a bl e g at e a r r a y s ( F P G A s), a n d a p pli c ati o n- s p e ci fi c i nt e g r at e d ci r c uit s
( A SI C s), h a v e e m e r g e d a s a p ot e nti al s ol uti o n t o t hi s c h all e n g e, t h ei r e ff e cti v e n e s s m a y b e li mit e d i n t h e l o n g
r u n a s M o o r e’ s L a w b e gi n s t o l o s e it s pr e di cti v e p o w e r. 4

A d v a n c e s i n o pti c al c o m p uti n g h a v e s h o w n t h e p ot e nti al of o pti c al a c c el e r at o r s t o c o m pl e m e nt el e ct r o ni c s-
b a s e d h a r d w a r e a c c el e r at o r s. Si n c e o pti c al c o m p uti n g i s u n a ff e ct e d b y M o o r e’ s l a w, it c a n b e u s e d f o r d e e p
l e a r ni n g t h r o u g h o pti c al a c c el e r at o r s, o ff e ri n g a d v a nt a g e s s u c h a s hi g h e r b a n d wi dt h, f a st e r p r o c e s si n g, n o r e-
si st a n c e, r e d u c e d p o w e r c o n s u m pti o n a n d i m m u nit y t o t h e r m al di st u r b a n c e s. 5 T w o p ri m a r y m et h o d s e xi st f o r
b uil di n g o pti c al n e u r al n et w o r k s: t h e f r e e s p a c e a p p r o a c h e m pl o yi n g s p ati al li g ht m o d ul at o r s ( S L M s), a n d t h e
sili c o n p h ot o ni c s m et h o d w hi c h utili s e s M a c h – Z e h n d e r i nt e rf e r o m et e r s ( M ZI s). T h e f r e e s p a c e a p p r o a c h r eli e s
o n li g ht t r a v elli n g t h r o u g h m e di u m s li k e ai r, o ut e r s p a c e, o r a v a c u u m, u nli k e sili c o n p h ot o ni c s w hi c h r eli e s o n
g ui d e d li g ht p at h s. W hil e t h e sili c o n p h ot o ni c s t e c h ni q u e o ff e r s hi g h e r s p e e d, wit h p ot e nti al cl o c k s p e e d s of
s e v e r al G H z, it l a g s b e hi n d t h e f r e e- s p a c e m et h o d i n t e r m s of p a r all el p r o c e s si n g c a p a biliti e s. 6 Fr e e- s p a c e o pti c al
a c c el e r at o r s p r o vi d e m a s si v e p a r all eli s m c a p a biliti e s, a n d 4f o pti c al a c c el e r at o r s c a n p e rf o r m c o n v ol uti o n o p e r-
ati o n s f a st e r t h a n t h e t r a diti o n al el e ct r o ni c p r o c e s s o r wit h t h e o r eti c al i n fi nit e r e s ol uti o n. 7 I n p r a cti c e, t h e y a r e
li mit e d b y t h e r e s ol uti o n of t h e m o d ul at o r s a n d t h e s p e e d of t h e c a m e r a s u s e d. I n t hi s r e s e a r c h, w e f o c u s o n t h e
4f f r e e- s p a c e a p p r o a c h a s d e s c ri b e d i n Li et al. 8 i n o r d e r t o a c c el e r at e t h e i nf e r e n c e a n d t r ai ni n g of c o n v ol uti o n al
n e u r al n et w o r k s ( C N N s) f o r i m a g e s e g m e nt ati o n.

O n e of t h e m ai n t a s k s i n c o m p ut e r vi si o n, s e m a nti c s e g m e nt ati o n ai m s t o p a rtiti o n a n i m a g e i nt o m e a ni n gf ul
s e g m e nt s b y a s si g ni n g a cl a s s t o e a c h pi x el. A c c o r di n g t o P e n g et al. ,9 s e m a nti c s e g m e nt ati o n i s c o n si d e r e d a
pi x el- wi s e cl a s si fi c ati o n p r o bl e m, a n d a w ell- d e si g n e d s e g m e nt ati o n m o d el s h o ul d si m ult a n e o u sl y e n c o m p a s s t w o
t a s k s, cl a s si fi c ati o n a n d l o c ali s ati o n. It w a s o b s e r v e d t h at t h e s e t a s k s a r e n at u r all y ” c o nt r a di ct o r y ”, a s i m p r o vi n g

F u r t h e r a u t h o r i nf o r m a ti o n: ( S e n d c o r r e s p o n d e n c e t o R.I. )
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o n e t e n d s t o di mi ni s h t h e ot h e r. T hi s i s b e c a u s e t h e cl a s si fi c ati o n m o d el i s i n s e n siti v e t o t r a n sl ati o n o r r ot ati o n,
w hil e t h e l o c ali s ati o n t a s k s h o ul d c o nt ai n i nf o r m ati o n r e g a r di n g t h e a p p r o p ri at e c o o r di n at e s i n t h e o ut p ut m a s k.
F o r t h at r e a s o n, t h e cl a s si fi c ati o n m o d el s c o n si st of p o oli n g o p e r ati o n s t o e xt r a ct t h e f e at u r e s at e v e r y s c al e.
W h e n h a vi n g s m all 3 x 3 k e r n el s o n t h e d e e p e st l a y e r s of t h e cl a s si fi c ati o n n et w o r k, t h e k e r n el si z e - f e at u r e m a p
r e s ol uti o n r ati o i s l a r g e r t h a n o n t h e s h all o w l a y e r s. H e n c e t h e f e at u r e s of t h e d e e p e r l a y e r s c a n b e a ff e ct e d
b y m o r e pi x el s of t h e o ri gi n al i m a g e. T hi s i s w h y cl a s si fi c ati o n n et w o r k s a r e m o stl y p y r a mi d- o r c o n e- s h a p e d.
I d e all y, a b a r r el- s h a p e d s e g m e nt ati o n m o d el w o ul d l o c at e pi x el s of e a c h cl a s s m o r e p r e ci s el y.

Alt h o u g h P e n g et al. 9 p r o p o s e d t h ei r o w n a r c hit e ct u r e, Gl o b al C N N, t h e w ell- e st a bli s h e d U- N et 1 c a n al s o
a d d r e s s b ot h p r o bl e m s si m ult a n e o u sl y, w h e r e t h e c o nt r a cti n g p at h s ol v e s t h e cl a s si fi c ati o n t a s k, e x p a n di n g
p at h a n d s ki p c o n n e cti o n s s u p p o rt t h e l o c ali s ati o n. H o w e v e r, it c a n b e s e e n t h at m o st of t h e s e g m e nt ati o n
n et w o r k s, 2 , 1 0 i n cl u di n g U- N et, u s e a n e n c o d e r- d e c o d e r st r u ct u r e o r c o nt ai n s o m e pi e c e of a r c hit e ct u r e f o r p ulli n g
t h e f e at u r e m a p s d o w n i n o r d e r t o e xt r a ct t h e f e at u r e s. 1 1 T h e s e n et w o r k s si m pl y i n h e rit t h e s u c c e s sf ul st r u ct u r e
of p r e d e c e s s o r n et w o r k s li k e Al e x N et 1 2 o r L e N et, 1 3 w hi c h a r e m e a nt t o d o t h e cl a s si fi c ati o n t a s k. It i s i m p o rt a nt
t o k e e p i n mi n d t h at hi g h e r- r e s ol uti o n f e at u r e m a p s a n d k e r n el s a r e m o r e s uit a bl e f o r s e g m e nt ati o n t a s k s si n c e
hi g h- r e s ol uti o n k e r n el s h a v e a hi g h e r e ff e cti v e r e c e pti v e fi el d t h a n d e-f a ct o st a n d a r d 3 x 3 k e r n el s.

O n e of t h e k e y a d v a nt a g e s of e m pl o yi n g s m all k e r n el s a n d c o n e e n c o d e r- d e c o d e r a r c hit e ct u r e s i s t h e s p e e d of
i nf e r e n c e o n C P U / G P U- b a s e d h a r d w a r e. O n t h e ot h e r h a n d, t hi s a c c el e r ati o n i n o pti c al e n vi r o n m e nt s c a n b e
p r o vi d e d i nt ri n si c all y b y t h e o pti c s. I n p r e vi o u s w o r k, w e p r o p o s e d t h e F at N et 1 4 c o n v e r si o n f o r cl a s si fi e r C N N s
w hi c h r e d u c e d t h e n u m b e r of c h a n n el s a n d i n c r e a s e d t h e k e r n el si z e a n d r e s ol uti o n of t h e f e at u r e m a p a c c o r di n gl y
b y k e e pi n g s a m e n u m b e r of p a r a m et e r s a n d pi x el s i n e a c h f e at u r e m a p s of t h e n et w o r k. T hi s c o n v e r si o n m a k e s
t h e n et w o r k m o r e s uit a bl e f o r 4f f r e e- s p a c e o pti c al a c c el e r ati o n.

I n o r d e r t o u n d e r st a n d t h e r e a s o n b e hi n d it, it i s w o rt h l o o ki n g at t h e p ri n ci pl e of w o r k i n t h e 4f o pti c al
n e u r al n et w o r k a c c el e r at o r. T h e 4f s et u p c o n si st s of a n i n p ut l a s e r, t w o c o n v e x l e n s e s, a n d m o d ul at o r s. T h e i d e a
i s b a s e d o n t h e F o u ri e r t r a n sf o r m p r o p e rti e s of t h e c o n v e x l e n s e s a n d p e rf o r m s t h e c o n v ol uti o n o p e r ati o n b a s e d
o n t h e c o n v ol uti o n t h e o r e m. A n y c o n v e x l e n s p r oj e ct s a F o u ri e r t r a n sf o r m of t h e i n p ut o bj e ct l o c at e d o n t h e
f r o nt f o c al pl a n e o nt o t h e b a c k f o c al pl a n e.1 5 At t hi s p oi nt, it c a n b e p oi nt wi s e m ulti pli e d b y t h e k e r n el i n t h e
F o u ri e r d o m ai n. Aft e r p a s si n g t hr o u g h t h e s e c o n d l e n s, t h e m ulti pli e d o ut p ut i s c o n v e rt e d b a c k i nt o t h e s p ati al
d o m ai n a n d r e a d b y t h e c a m e r a. T h e p r o c e s s d e s c ri b e d a b o v e c a n p e rf o r m t h e c o n v ol uti o n o p e r ati o n u si n g t h e
4f s y st e m, b ut i n o r d e r t o b e a bl e t o a p pl y t h e m et h o d t o t h e c o n v ol uti o n al n e u r al n et w o r k, it i s e s s e nti al t o r e a d
t h e o ut p ut of t h e 4f s y st e m, a p pl y t h e a cti v ati o n f u n cti o n el e ct r o ni c all y a n d r e p e at t h e p r o c e s s. T hi s c a u s e s t h e
m ai n b ottl e n e c k of t h e o pti c al a c c el e r ati o n. M o r e o v e r, it i s i m p o rt a nt t o n ot e t h at t h e r e s ol uti o n of t h e i n p ut
a n d t h e k e r n el will n ot a ff e ct t h e s y st e m’ s f r a m e r at e. H e n c e, i n o r d e r t o m a xi mi s e t h e utili s ati o n of t h e s y st e m,
t h e n u m b e r of c o n v e r si o n s t o el e ct r o ni c s s h o ul d b e r e d u c e d, b ut t h e r e s ol uti o n s h o ul d b e u s e d t o o u r a d v a nt a g e.

O n e of t h e o b vi o u s w a y s t o utili s e t h e hi g h- r e s ol uti o n c a p a biliti e s of t h e 4f s y st e m i s t o til e t h e i n p ut s a n d
k e r n el s a n d p e rf o r m c o n v ol uti o n s i n p a r all el, i n ot h e r w o r d s, p e rf o r m t h e b at c h tili n g. A c c o r di n g t o Li et al. ,1 6

t h e hi g h- r e s ol uti o n c a p a biliti e s of 4f s y st e m c a n al s o b e u s e d t o til e t h e c h a n n el s a n d k e r n el s, t o p e rf o r m s e v e r al
2 D c o n v ol uti o n o p e r ati o n s of o n e c o n v ol uti o n al l a y e r si m ult a n e o u sl y. H o w e v e r, t h e F at N et al g o rit h m e n s u r e s
f a st e r t r ai ni n g i n t h e 4f o pti c al a c c el e r at o r b y r e d u ci n g a n u m b e r of c h a n n el s a n d i n c r e a si n g t h e r e s ol uti o n s of
t h e f e at u r e m a p s a n d k e r n el s of C N N s, w hil e r el yi n g o n b at c h tili n g. A s t h e r e s ol uti o n i s n ot a n o b st a cl e f o r t h e
4f o pti c al a c c el e r at o r, w hil e f e w e r c o n v ol uti o n o p e r ati o n s m e a n f e w e r o pti c s- el e ct r o ni c s c o n v e r si o n s. H o w e v e r, it
c a n b e a s s u m e d t h e F at N et c o n v e r si o n i s e v e n m o r e s uit a bl e f o r s e g m e nt ati o n t a s k s, w hi c h w e h a v e p r o p o s e d i n
o u r w o r k, a n d d e v el o p e d a F at- U- N et, w hi c h i s d e s c ri b e d i n s e cti o n 2. 4.

O u r p r e vi o u s w o r k 1 4 w a s b a s e d o n t h e c o n v e r si o n of t h e R e s N et- 1 8 i nt o t h e F at N et. I n t hi s w o r k, w e
d e m o n st r at e t h e p o s si bilit y of e x p a n di n g t h e F at N et f u rt h e r f o r s e g m e nt ati o n t a s k s wit h U- N et, t u r ni n g it i nt o
a F at- U- N et. N ot a bl y, F at- U- N et a c hi e v e s a t h e o r eti c al × 5 3 8 f a st e r i nf e r e n c e w h e n r u n o n o pti c al d e vi c e s a n d
× 3 7 a c c el e r ati o n i n i nf e r e n c e c o m p a r e d t o t h e r e s ult s p r o vi d e d b y U- N et o n G P U.

M o r e o v e r, t hi s w o r k d e m o n st r at e s t h e v ali dit y of t h e F at N et c o n v e r si o n al g o rit h m. We t r ai n e d ot h e r n et w o r k s,
c all e d I nt uiti v e F at- U- N et s, wit h f e w e r c h a n n el s a n d l a r g e r k e r n el s, w hi c h di d n ot a d h e r e t o t h e F at N et c o n v e r si o n
p ri n ci pl e s. T h e s e n et w o r k s w e r e c o n v e rt e d f r o m U- N et b a s e d o n t h e n u m b e r of w ei g ht s, wit h o ut c o n si d e ri n g t h e
n u m b e r of pi x el s i n e a c h f e at u r e m a p. D e s pit e t hi s, n o n e c o ul d o ut p e rf o r m t h e o ri gi n al F at- U- N et i n t e r m s of
p e rf o r m a n c e.
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T h e p e rf o r m a n c e s of U- N et a n d F at- U- N et i m pl e m e nt ati o n s a r e c o m p a r e d u si n g t h e O xf o r d IIIt p et d at a s et
a n d H e L a c ell s d at a s et.

2. M A T E R I A L S A N D M E T H O D S

2. 1 O xf o r d- I I I T P e t

T h e fi r st d at a s et a n al y s e d w a s t h e O xf o r d-III T p et d at a s et 1 7 d e v el o p e d b y t h e Vi s u al G e o m et r y G r o u p, c o n si sti n g
of 7, 3 5 9 i m a g e s a n d 3 7 p et c at e g o ri e s, e a c h c o nt ai ni n g a p p r o xi m at el y 2 0 0 i m a g e s. T h e s e i m a g e s e x hi bit si g ni fi c a nt
di ff e r e n c e s i n s c al e, p o s e, a n d li g hti n g c o n diti o n s. E a c h i m a g e i s a c c o m p a ni e d b y g r o u n d t r ut h a n n ot ati o n s,
i n cl u di n g b r e e d i d e nti fi c ati o n, h e a d r e gi o n of i nt e r e st ( R OI), a n d pi x el-l e v el t ri m a p s e g m e nt ati o n. Si n c e o u r
n et w o r k i s f o c u s e d o n s e g m e nt ati o n, w e a r e n ot t a ki n g t h e cl a s s e s i nt o a c c o u nt b ut f o c u si n g o n t h e s e g m e nt ati o n
of t h e p et s a n d b a c k g r o u n d s. T h e d at a s et p r o vi d e s a t r ai n-t e st s plit, w h e r e 3, 6 8 0 i m a g e s a r e d e si g n at e d f o r
t r ai ni n g a n d 3, 6 6 9 f o r t e sti n g. B e c a u s e t h e i m a g e s a r e of di ff e r e nt si z e s, t h e i m a g e s a r e r e si z e d t o 1 6 0 x 1 6 0 i n t hi s
w o r k. T h e i nt e n sit y of t h e c h a n n el s of t h e d at a s et i s n o r m ali s e d b et w e e n 0 a n d 1, a n d t h e c e nt ri n g i s p e rf o r m e d
wit h t h e m e a n of ( 0. 4 8 5, 0. 4 5 6, 0. 4 0 6) a n d st a n d a r d d e vi ati o n of ( 0. 2 2 9, 0. 2 2 4, 0. 2 2 5) f o r e a c h R G B c h a n n el,
r e s p e cti v el y.

2. 2 H e L a C ell s

T h e s e c o n d c a s e a n al y s e d a hi g h- r e s ol uti o n d at a s et of H e L a c ell s o b s e r v e d wit h S e ri al Bl o c k F a c e S c a n ni n g
El e ct r o n Mi c r o s c o p y. It c o n si st e d of 8 1 9 2 × 8 1 9 2 × 5 1 8 v o x el s 1 8 f r o m w hi c h a 2 0 0 0 × 2 0 0 0 × 3 0 0 r e gi o n of
i nt e r e st ( R OI) wit h a si n gl e c ell h a s b e e n c r o p p e d.1 9 T h e h a n d- s e g m e nt e d g r o u n d t r ut h ( G T) wit h f o u r cl a s s e s
( b a c k g r o u n d, c ell, n u cl e a r e n v el o p e, a n d n u cl e u s) i s p u bli cl y a v ail a bl e o nl y f o r t h e R OI 2 0 a n d G T c a n b e g e n e r at e d
wit h i m a g e- p r o c e s si n g al g o rit h m s . 2 1 I n t hi s w o r k, w e f o c u s o nl y o n t h e s e g m e nt ati o n of t h e n u cl e u s.

Si n c e o u r v e r si o n of F at- U- N et w a s d e si g n e d f o r 1 6 0 x 1 6 0 i m a g e s, w e h a v e p r e p a r e d p at c h e s of 1 6 0 x 1 6 0 f r o m
o d d- n u m b e r e d sli c e s of t h e R OI wit h 5 0 % o v e rl a p. T a ki n g o nl y h alf of t h e sli c e s a n d a c c o u nti n g f o r t h e 5 2 9
p at c h e s wit hi n e a c h sli c e, w e g e n e r at e d 7 9, 3 5 0 i m a g e p ai r s al o n g wit h t h ei r c o r r e s p o n di n g g r o u n d t r ut h m a s k s.
B ef o r e s a vi n g t h e d at a s et of p at c h e s, all p at c h e s w e r e l o w- p a s s e d filt e r e d wit h a G a u s si a n filt e r. F o r t h at r e a s o n,
w e p e rf o r m t h e s a m e G a u s si a n filt e ri n g e v e r y ti m e w h e n e v al u ati n g n e w d at a.

P e rf o r mi n g t h e d at a s plit a m o n g t h e s h u ffl e d p at c h e s c o ul d p ot e nti all y r e s ult i n a t r ai ni n g o r t e st s et bi a s e d
t o w a r d s a s p e ci fi c cl a s s d u e t o t h e i n cl u si o n of a n e x c e s si v e n u m b e r of b a c k g r o u n d i m a g e s. T h e r ef o r e, w e
p e rf o r m e d a t r ai n-t e st s plit o n a p e r- sli c e b a si s. Sli c e s ( 1 , 1 1 , 2 1 , . . . , 2 8 1 , 2 9 1) w e r e s et a s t e st sli c e s, a n d sli c e s
( 5, 2 5 , 4 5 , . . . , 2 8 5) w e r e s et a s v ali d ati o n sli c e s. O ri gi n all y t h e r e st of t h e d at a w a s u s e d f o r t r ai ni n g. H o w e v e r,
a s t h e s h all o w e st a n d d e e p e st sli c e s c o nt ai n o nl y b a c k g r o u n d, t hi s l e a d s t o d at a i m b al a n c e a n d t h e t r ai ni n g sli c e s
w e r e s et o nl y t o t h e sli c e s w h e r e t h e c ell a n d t h e n u cl e u s a r e f ull y vi si bl e i n t h e mi d dl e of t h e R OI. Wit h t hi s
st r at e g y, t h e t r ai ni n g sli c e s w e r e d e fi n e d wit hi n t h e r a n g e of 9 7 t o 1 8 3 wit h st e p 2, e x cl u di n g sli c e s e n di n g wit h 1
a n d 5, w hi c h r e s ult e d i n 2 6 sli c e s a n d 1 3, 7 5 4 p at c h e s, s u c h a s ( 9 7, 9 9, 1 0 3, 1 0 7, 1 0 9,..., 1 7 7, 1 7 9). Alt h o u g h t h e
n u m b e r of t r ai ni n g p at c h e s m a y a p p e a r li mit e d, it i s s u ffi ci e nt f o r bi n a r y n u cl e u s s e g m e nt ati o n. I n c o nt r a st t o
K a r a b a g et al. ,2 1 w e e n s u r e d t h at o u r m o d el e v al u ati o n di d n ot i n cl u d e a n y sli c e s t h at w e r e p a rt of t h e t r ai ni n g
p r o c e s s.

N o d at a a u g m e nt ati o n w a s a p pli e d t o t h e d at a s et i n t hi s st u d y. H o w e v e r, n o r m ali s ati o n w a s p e rf o r m e d t o
s c al e t h e d at a v al u e s b et w e e n 0 a n d 1. F urt h e r m o r e, c e nt ri n g w a s c o n d u ct e d u si n g t h e c al c ul at e d m e a n a n d
st a n d a r d d e vi ati o n v al u e s, w hi c h w e r e d et e r mi n e d t o b e 0. 6 3 7 9 a n d 0. 0 8 5 5, r e s p e cti v el y.

2. 3 U- N e t

U- N et 1 i s a C N N a r c hit e ct u r e i niti all y d e v el o p e d f o r t h e s e g m e nt ati o n of bi o m e di c al i m a g e s. It s u ni q u e a r c hi-
t e ct u r e, c o n si sti n g of c o nt r a cti n g a n d e x p a n di n g p at h s, all o w s it t o c a pt u r e l o c al a n d c o nt e xt u al i nf o r m ati o n
e ff e cti v el y, l e a di n g t o i m p r e s si v e s e g m e nt ati o n r e s ult s. T h e c o nt r a cti n g p at h of t h e n et w o r k c a n b e s e e n a s t h e
t y pi c al C N N u s e d f o r cl a s si fi c ati o n. It c o n si st s of bl o c k s of c o n v ol uti o n al l a y e r s, a cti v ati o n f u n cti o n s a n d p o oli n g
o p e r ati o n s f o r f e at u r e e xt r a cti o n at di ff e r e nt s c al e s.

T h e e x p a n di n g p at h of t h e U- N et s e r v e s f o r t h e u p s a m pli n g of t h e e xt r a ct e d f e at ur e s t o r e c o n st r u ct t h e
s e g m e nt ati o n m a s k of t h e i n p ut i m a g e. T hi s i s a c hi e v e d u si n g t r a n s p o s e d c o n v ol uti o n o p e r ati o n s t o u p s a m pl e t h e
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f e at u r e m a p s a n d c o n c at e n ati o n wit h t h e c o r r e s p o n di n g f e at u r e m a p s of t h e s a m e r e s ol uti o n f r o m t h e c o nt r a cti n g
p at h. T h e m ai n r ol e of t h e s ki p c o n n e cti o n s i s t o c o n s e r v e t h e s p ati al i nf o r m ati o n t h at i s l o st d u ri n g t h e p o oli n g
p r o c e s s i n t h e c o nt r a cti n g p at h. O u r i m pl e m e nt ati o n of U- N et i s s h o w n i n Fi g u r e 1 ( a). It c o nt ai n s fi v e st a g e s,
a n d u nli k e t h e o ri gi n al i m pl e m e nt ati o n of U- N et b y R o n n e n b e r g et al. ,1 it d o e s n ot r e q ui r e c r o p pi n g of t h e f e at u r e
m a p s w h e n p e rf o r mi n g s ki p c o n c at e n ati o n, a s it o nl y u s e s c o n v ol uti o n s wit h t h e “ s a m e p a d di n g ”.

2. 4 F a t- U- N e t

T h e i d e a of F at l a y e r s, i. e., l a y e r s w h e r e t h e r e i s n o r e d u cti o n i n si z e, w a s i nt r o d u c e d i n1 4 f o r t h e c o n v e r si o n
of t h e C N N f o r cl a s si fi c ati o n i nt o a f o r m w hi c h i s m o r e c o m p ati bl e wit h 4f f r e e- s p a c e o pti c al a c c el e r at o r s. T h e
u n d e rl yi n g p ri n ci pl e of F at N et c o n v e r si o n i s t o m ai nt ai n t h e c o n st a nt n u m b e r of t r ai n a bl e p a r a m et e r s a n d t h e
pi x el s i n e a c h l a y e r w hil e i n c r e a si n g t h e r e s ol uti o n of f e at u r e m a p s a n d k e r n el s a n d d e c r e a si n g t h e n u m b e r
of c h a n n el s i n e a c h l a y e r. B y m a ki n g t hi s c o n v e r si o n, t h e n et w o r k t a k e s f ull a d v a nt a g e of t h e hi g h- r e s ol uti o n
c a p a biliti e s of t h e 4f s y st e m, t h e r e b y o pti mi si n g it s p e rf o r m a n c e a n d e ffi ci e n c y i n t h e c o nt e xt of f r e e- s p a c e o pti c al
a c c el e r ati o n. Si n c e t h e m ai n b ottl e n e c k of t h e f r e e- s p a c e 4f a c c el e r at o r i s t h e l at e n c y of t h e c a m e r a, t h e f e w e r
c o n v ol uti o n o p e r ati o n s t h at t h e n et w o r k s h a v e, t h e f e w e r o pti c- el e ct r o ni c s c o n v e r si o n s a r e r e q ui r e d. E v e nt u all y,
t h e c o n e- s h a p e d cl a s si fi e r c o n v ol uti o n al n et w o r k s t u r n i nt o b a r r el- s h a p e d n et w o r k s wit h hi g h e r- r e s ol uti o n f e at u r e
m a p s a n d hi g h- r e s ol uti o n k e r n el s, w hi c h s o m eti m e s r e a c h t h e si z e of t h e f e at u r e m a p s m a ki n g it a “ F at ” L a y e r.

T h e o ri gi n al F at N et c o n v e r si o n, d e si g n e d s p e ci fi c all y f o r t h e cl a s si fi c ati o n t a s k, m ai nt ai n s t h e s a m e a r c hit e c-
t u r e a s t h e o ri gi n al n et w o r k u ntil t h e f e at u r e m a p s a r e p o ol e d d o w n t o t h e r e s ol uti o n wit h a n u m b e r of pi x el s
l e s s t h a n o r e q u al t o t h e n u m b e r of cl a s s e s. It i s p o sit e d t h at w h e n it c o m e s t o t h e F at N et c o n v e r si o n f o r t h e
s e g m e nt ati o n, p o oli n g m a y b e u n n e c e s s a r y, a n d t h e i n p ut r e s ol uti o n c a n b e p r e s e r v e d t h r o u g h o ut t h e e nti r e
n et w o r k. C o n s e q u e ntl y, i n c r e a si n g t h e r e s ol uti o n of k e r n el s w hil e k e e pi n g t h e r e s ol uti o n of t h e f e at u r e m a p s
c o n st a nt w o ul d d e c r e a s e t h e f e at u r e m a p-t o- k e r n el r e s ol uti o n r ati o, e m ul ati n g t h e e ff e ct of p o oli n g t h e f e at u r e
m a p s wit h o ut a ct u al p o oli n g i m pl e m e nt ati o n. T hi s a p p r o a c h c a n si g ni fi c a ntl y i n c r e a s e t h e i nf e r e n c e ti m e of t h e
n et w o r k r u n o n t h e 4f f r e e- s p a c e o pti c al a c c el e r at o r a n d h y p ot h eti c all y r et ai n s l o c ali s ati o n a c c u r a c y e v e n m o r e
e ff e cti v el y.

U- N et c o nt r a cti n g w ei g ht s pi x el s N e w l a y e r s F at U- N et a dj u st e d
C h a n n el s k e r n el C h a n n el s k e r n el C h a n n el s k e r n el

3 × 6 4 3 1, 7 2 8 1, 6 3 8, 4 0 0 3 × 6 4 3 3 × 3 2 5
6 4 × 6 4 3 3 6, 8 6 4 4 0 9, 6 0 0 3 2 × 3 2 6 3 2 × 3 2 6

6 4 × 1 2 8 3 7 3, 7 2 8 8 1 9, 2 0 0 3 2 × 3 2 9 3 2 × 1 6 1 2
1 2 8 × 1 2 8 3 1 4 7, 4 5 6 2 0 4, 8 0 0 1 6 × 1 6 2 4 1 6 × 1 6 2 4
1 2 8 × 2 5 6 3 2 9 4, 9 1 2 4 0 9, 6 0 0 1 6 × 1 6 3 4 1 6 × 8 4 8
2 5 6 × 2 5 6 3 5 8 9, 8 2 4 1 0 2, 4 0 0 8 × 8 9 6 8 × 8 9 6
2 5 6 × 5 1 2 3 1, 1 7 9, 6 4 8 2 0 4, 8 0 0 8 × 8 1 3 6 8 × 1 0 1 2 2
5 1 2 × 5 1 2 3 2, 3 5 9, 2 9 6 5 1, 2 0 0 1 0 × 1 0 1 6 0 1 0 × 1 0 1 6 0

5 1 2 × 1 0 2 4 3 4, 7 1 8, 5 9 2 1 0 2, 4 0 0 1 0 × 1 8 1 6 0 1 0 × 2 0 1 5 4
1 0 2 4 × 1 0 2 4 3 9, 4 3 7, 1 8 4 1 0 2, 4 0 0 2 0 × 2 0 1 6 0 2 0 × 2 0 1 6 0
T a bl e 1. C o n s t r u c ti o n t a bl e f o r F a t- U- N e t’ s fi r s t h alf o u t of t h e U- N e t’ s c o nt r a c ti n g p a t h.

Si n c e t h e o ri gi n al F at N et w a s d e si g n e d f o r cl a s si fi c ati o n, o nl y t h e c o nt r a cti n g p at h of t h e U- N et w a s c o n v e rt e d
i nt o t h e F at N et. T a bl e 1 p r e s e nt s t h e F at- U- N et e q ui v al e nt of t h e F at N et c o n st r u cti o n t a bl e, a s d e s c ri b e d i n. 1 4

T h e t a bl e i s u s e d t o c o m p ut e t h e n u m b e r of w ei g ht s p e r l a y e r, e x cl u di n g t h e bi a s a n d t h e n u m b e r of pi x el s
p e r l a y e r. T h e al g o rit h m e n s u r e s t h e c o n v ol uti o n al l a y e r s wit h t h e s a m e n u m b e r of i n p ut a n d o ut p ut c h a n n el s
wit hi n c o n v ol uti o n al bl o c k s h a v e a n e q u al n u m b e r of i n p ut a n d o ut p ut c h a n n el s aft e r t h e c o n v e r si o n t o o. U p o n
c o m pl eti n g t h e c o n v e r si o n of t h e c o nt r a cti n g p at h of t h e U- N et i nt o F at N et, t h e p at h w a s mi r r o r e d t o g e n e r at e
t h e “ e x p a n di n g p at h ”, a n d t h e k e r n el si z e s w e r e r e c al c ul at e d t o m at c h t h e n u m b e r of w ei g ht s f r o m t h e o ri gi n al
l a y e r s. Si n c e t h e s o- c all e d e x p a n di n g p at h of t h e F at- U- N et d o e s n ot a ct u all y r e q ui r e u p s a m pli n g, w e h a v e
r e pl a c e d t h e d e c o n v ol uti o n o p e r ati o n s wit h t h e si m pl e 3 x 3 c o n v ol uti o n s a s ill u st r at e d i n Fi g u r e 1 ( b).
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M a x P o ol 2 d C o n v 2 d C o n v Tr a n s p o s e 2 d

( a)

( b)

Fi g u r e 1. G r a p hi c al r e p r e s e nt a ti o n of o u r i m pl e m e nt a ti o n of U- N e t a n d F a t- U- N e t a r c hi t e c t u r e s. ( a ) U- N e t a r c hi t e c t u r e,
wi t h all k e r n el si z e s 3 x 3, M a x P o ol wi t h k e r n el s si z e of 2 x 2 a n d d e c o n v ol u ti o n o p e r a ti o n s wi t h a k e r n el si z e of 3 x 3. ( b )
F a t- U- N e t a r c hi t e c t u r e d e ri v e d f r o m o u r i m pl e m e nt a ti o n of U- N e t, wi t h t h e v a r yi n g k e r n el si z e s i n di c a t e d a s K a t e a c h
l a y e r.

3. E X P E R I M E N T S A N D R E S U L T S

U- N et a n d t h e F at- U- N et e q ui v al e nt w e r e i m pl e m e nt e d a n d t e st e d i n t w o s e g m e nt ati o n t a s k s of t h e O xf o r d IIIt
p et a n d H e L a c ell s. P e rf o r m a n c e w a s a s s e s s e d b y pi x el- wi s e A c c u r a c y, I nt e r s e cti o n o v e r U ni o n (I o U), a n d Di c e
S c o r e:

A c c u r a c y =
T P + T N

T P + T N + F P + F N
( 1)

I o U =
T P

T P + F P + F N
( 2)

Di c e S c o r e =
2 T P

2 T P + F P + F N
( 3)

I nf e r e n c e ti m e w a s al s o m e a s u r e d o n G P U a n d t h e o r eti c all y c al c ul at e d f o r t h e o pti c s t o d e m o n st r at e t h e
a c c el e r ati o n o n a 4f f r e e- s p a c e o pti c al d e vi c e. O v e r all if o u r U- N et i m pl e m e nt ati o n c o nt ai n s 3, 8 3 3, 9 8 4 c o n v ol uti o n
o p e r ati o n s, it s F at- U- N et e q ui v al e nt c o nt ai n s o nl y 7, 1 2 3. Si n c e t h e r e s ol uti o n d o e s n ot a ff e ct t h e s p e e d of i nf e r e n c e
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i n t h e 4f f r e e- s p a c e o pti c s, t h e i nf e r e n c e of F at- U- N et i n o pti c s will b e 5 3 8 ti m e s f a s t e r t h a n U- N et if b ot h r u n
i n o pti c s. T hi s a c c el e r ati o n i s p o s si bl e wit h o nl y a s m all s a c ri fi c e i n p e rf o r m a n c e, a s s e e n i n T a bl e s 3 , 4 .

We h a v e m e a s u r e d t h e i nf e r e n c e ti m e of N vi di a A 1 0 0 wit h b ot h U- N et a n d F at- U- N et, a n d c o m p a r e d t h e
r e s ult s t o t h e c al c ul at e d t h e o r eti c al i nf e r e n c e ti m e o n 4f o pti c al a c c el e r at o r b a s e d o n Li et al. 1 6 T h e r e s ult s a r e
s h o w n i n T a bl e 2 f o r b at c h si z e s of 1, 3 2, a n d 1 4 4. T h e b at c h si z e of 1 4 4 w a s c h o s e n b e c a u s e it i s t h e m a xi m u m
p o s si bl e b at c h si z e f o r t h e 4f s y st e m wit h 4 k r e s ol uti o n, if b at c h tili n g i s a p pli e d.

B a s e d o n t h e r e s ult s i n T a bl e 2 , at t h e b at c h si z e of 1 4 4, t h e a c c el e r ati o n of i nf e r e n c e of F at- U- N et wit h 4f
o pti c s, c o m p a r e d t o U- N et r u n o n hi g h- e n d G P U, i s 3 7 ti m e s .

M o d el a n d d e vi c e B a t c h 1 B a t c h 3 2 B a t c h 1 4 4
U- N e t ( O p ti c s ) 1 9 2 0. 0 0 5 9. 9 0 0 1 3. 3 0 0

F a t- U- N e t ( O p ti c s ) 3. 4 6 0. 1 0 8 0. 0 2 4
U- N e t ( G P U ) 4. 5 5 0. 8 9 4 0. 8 8 3

T a bl e 2. I nf e r e n c e ti m e i n milli s e c o n d s of U- N e t a n d i t s F a t- U- N e t e q ui v al e nt m o d el p e r i m a g e wi t h di ff e r e nt b a t c h si z e s
r u n o n 4f a c c el e r a t o r a n d N vi di a A 1 0 0. T h e f r a m e r a t e f o r 4f s y s t e m w a s a p p r o xi m a t e d a t 2 M H z, a n d N vi di a A 1 0 0 G P U
w a s m e a s u r e d e x p e ri m e nt all y.

3. 1 O xf o r d I I I t p e t

Tr ai ni n g of t h e O xf o r d IIIt p et d at a s et u s e d t h e A d a m o pti mi s e r; t h e l e a r ni n g r at e w a s s et t o 1 e- 4 wit h a b at c h
si z e of 1 6 a n d a n u m b e r of e p o c h s of 2 5 0. T h e t r ai ni n g d at a w e nt t h r o u g h a u g m e nt ati o n d u ri n g t r ai ni n g, b y
r a n d o m s hift, s c al e, r ot ati o n, R G B s hift, r a n d o m b ri g ht n e s s a n d c o nt r a st. We h a v e u s e d t h e B C E Wit h L o git s L o s s
of P y T o r c h, w hi c h c o m bi n e s Bi n a r y C r o s s- E nt r o p y l o s s wit h t h e si g m oi d l a y e r. We h a v e e n s u r e d t h at o u r U-
N et r e s ult s a d h e r e d t o st at e- of-t h e- a rt st a n d a r d s b ef o r e c o n v e rti n g t h e m i nt o t h e F at- U- N et a n d c o n d u cti n g t h e
c o m p a ri s o n of e v al u ati o n m et ri c s b et w e e n F at- U- N et, it s b a c k b o n e U- N et, a n d p r e vi o u s r e s e a r c h e m pl o yi n g t h e
O xf o r d IIIt p et d at a s et a s a b e n c h m a r k ( T a bl e 3 ).

M o d el A c c u r a c y ( % ) I o U ( % ) Di c e S c o r e ( % )
U- N et ( o u r i m pl e m e nt a ti o n ) 9 5. 3 3 8 9. 3 2 9 4. 3 3
F at- U- N et ( o u r s) 9 3. 4 0 8 5. 0 8 9 1. 8 7
S E U- N et 2 2 - ≈ 7 7. 0 0 -
I C N et 2 3 , 2 4 9 0. 7 9 7 5. 1 2 -
C o n R e c ( 2 0 % of d at a s et) 2 5 , 2 6 - - 9 0. 0 0
U- N et ( a s p e r S u n d a r r aj a n et al. ) 2 7 - 3 3. 3 0 4 6. 4 0
U- N et + V G G 1 6 2 7 - 8 9. 4 0 9 4. 2 0
U- N et +I n c e pti o n V 3 2 7 - 9 1. 6 0 9 1. 5 0

T a bl e 3. C o m p a ri s o n of t h e e v al u a ti o n r e s ul t s of t h e a c c u r a c y, mI o U, a n d Di c e s c o r e of U- N e t a n d i t s F a t- U- N e t e q ui v al e nt
al o n g wi t h o t h e r w o r k s f o r O xf o r d I I I t p e t.

We h a v e vi s u ali s e d t h e p r e di ct e d m a s k o n t h e d at a f o r b ot h U- N et a n d F at- U- N et i n Fi g u r e 2 , t o u n d e r st a n d
w h e r e t h e s e g m e nt ati o n i s e x c ell e nt, w h e r e it i s u n a c c e pt a bl e, a n d w h e r e F at- U- N et o ut p e rf o r m s U- N et o r vi c e
v e r s a.

3. 2 H e L a c ell s

T h e A d a m o pti mi s e r w a s u s e d t o t r ai n H e L a n u cl e u s s e g m e nt ati o n a s w ell, wit h t h e i n cl u si o n of a w ei g ht d e c a y
s et at 1 e- 4. We h a v e a p pli e d t w o d r o p o ut l a y e r s wit h a p r o b a bilit y of 5 0 % t o t h e b e gi n ni n g a n d e n d of t h e
b ri d g e s e cti o n of U- N et s. T h e l e a r ni n g r at e w a s s et t o 1 e- 3, wit h a b at c h si z e of 3 2 a n d a n u m b e r of e p o c h s of
2 0. T h e l o s s f u n cti o n r e m ai n e d t h e s a m e, B C E Wit h L o git s L o s s, w hi c h c o m bi n e s bi n a r y c r o s s- e nt r o p y l o s s a n d
t h e si g m oi d l a y e r.

B ot h U- N et a n d F at- U- N et m o d el s w e r e e v al u at e d wit h f o u r s c e n a ri o s: ( 1) t h e c o m pl et e s et of o d d sli c e s
r a n gi n g f r o m 1 t o 3 0 0, ( 2) t h e mi d dl e- r a n g e of o d d sli c e s ( 1 5 0- 2 0 0) w h e r e t h e n u cl e u s i s vi si bl e, a n d ( 3)-( 4) t h e n
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( a ) ( b) ( c) ( d)
Fi g u r e 2. Q u ali t a ti v e r e s ul t s of O xf o r d I I I t p e t d a t a s e t. ( a ) E x a m pl e s of p e rf e c t s e g m e nt a ti o n b y b o t h al g o ri t h m s.
( b ) E x a m pl e s of U- N e t p e rf o r mi n g b e t t e r t h a n F a t- U- N e t. ( c ) E x a m pl e s of F a t- U- N e t o u t p e rf o r mi n g U- N e t. ( d ) B a d
s e g m e nt a ti o n e x a m pl e s b y b o t h al g o ri t h m s

M o d el A c c. ( all ) ( % ) I o U ( all ) ( % ) A c c. ( 1 5 0 - 2 0 0 ) ( % ) I o U ( 1 5 0 - 2 0 0 ) ( % )

U- N et 9 5. 7 1 6 6. 3 2 9 9. 5 9 9 7. 1 5
U- N et ( Te s t d a t a ) 9 5. 7 5 6 6. 5 9 9 9. 5 7 9 7. 1 1
F at- U- N et 9 5. 3 1 6 4. 2 7 9 9. 4 2 9 6. 0 5
F at- U- N et ( Te s t d a t a ) 9 5. 4 2 6 4. 8 3 9 9. 4 3 9 6. 2 5
4 st a g e U- N et 2 1 9 3. 4 6 5 1. 3 8 9 9. 6 6 9 7. 1 2

T a bl e 4. P e rf o r m a n c e c o m p a ri s o n of o u r i m pl e m e nt a ti o n of fi v e s t a g e d U- N e t, i t s F a t- U- N e t e q ui v al e nt, a n d a f o u r s t a g e d
U- N e t i m pl e m e nt e d i n. 2 1 E v al u a ti n g A c c u r a c y a n d I o U M e t ri c s A c r o s s t h e e nti r e d a t a s e t a n d 1 5 0- 2 0 0 r a n g e f o r all o d d
a n d t e s t sli c e s t h a t h a v e n o t p a r ti ci p a t e d i n t h e t r ai ni n g p r o c e s s.

r e p e ati n g t h e s a m e st r at e gi e s f o r t h e t e st sli c e s ( S e e T a bl e 4 ). T h e r e s ult s of t h e fi r st t w o s c e n a ri o s, w hi c h i n cl u d e
b ot h t r ai ni n g a n d v ali d ati o n sli c e s, w e r e c o m p a r a bl e t o t h e r e s ult s of t h e w o r k of K a r a b a g et al. 2 1

Si n c e G T w a s o nl y a v ail a bl e f o r t h e R OI, w hi c h i s o n e c ell of t h e l a r g e r 8 1 9 2 × 8 1 9 2 × 5 1 8 d at a s et s, q u alit ati v e
t e st s w e r e p e rf o r m e d t r ai ni n g o n o n e c ell a n d t e sti n g i n a n a dj a c e nt c ell a s d e m o n st r at e d i n Fi g u r e 3 . M o r e o v e r,
t h e q u alit ati v e t e st s w e r e al s o p e rf o r m e d o n t h e s e g m e nt ati o n of t h e l a r g e r o ri gi n al i m a g e of 8 1 9 2 × 8 1 9 2 c o nt ai ni n g
all t h e c ell s ( Fi g u r e 4 ).

All q u alit ati v e e v al u ati o n w a s p e rf o r m e d f o r b ot h U- N et a n d F at- U- N et, f o r c o m p a ri s o n p u r p o s e s.

3. 3 V ali di t y of F a t N e t

T o d e m o n st r at e t h e e ffi c a c y of t h e F at N et c o n v e r si o n, w e h a v e t r ai n e d alt e r n at e n et w o r k s wit h f e w e r c h a n n el s
a n d l a r g e r k e r n el s. T h e s e n et w o r k s, w hi c h w e c all I nt uiti v e F at- U- N et s, d e vi at e f r o m t h e F at N et c o n v e r si o n
f o r m ul a b y f o c u si n g o nl y o n t h e n u m b e r of w ei g ht s a n d n ot c o n si d e ri n g t h e pi x el c o u nt i n e a c h f e at u r e m a p.
T h r e e v e r si o n s of I nt uiti v e F at- U- N et w e r e d e si g n e d a n d s h o w n i n T a bl e 5 .

A m o n g all n et w o r k s, I nt uiti v e F at- U- N et 1 i s t h e cl o s e st t o t h e o ri gi n al U- N et a s t h e c h a n n el s i n t h e b ottl e n e c k
ri s e u p t o 1 2 8, wit h t h e l a r g e st k e r n el si z e b ei n g 2 4. H o w e v e r, e v e n I nt uiti v e F at- U- N et 1 p e rf o r m e d w o r s e t h a n
t h e F at- U- N et a s it c a n b e s e e n i n T a bl e 6 . W hil e t h e I nt uiti v e F at- U- N et 3, t h e cl o s e st n et w o r k t o t h e F at- U- N et
wit h t h e l a r g e st k e r n el si z e, 1 5 3, p e rf o r m e d t h e w o r st of all n et w o r k s.

4. D I S C U S S I O N

I n t hi s st u d y, w e s u c c e s sf ull y d e m o n st r at e d t h at t h e F at N et c o n v e r si o n of i n sili c o n et w o r k s t o o pti c al d e vi c e s
i s m o r e e ffi ci e nt f o r s e g m e nt ati o n t a s k s t h a n f o r cl a s si fi c ati o n. F o r c o m p a ri s o n, I b a d ull a et al. 1 4 r e p o rt e d a n
a c c el e r ati o n of 8. 2 ti m e s f o r t h e R e s N et- 1 8, if R e s N et- 1 8 a n d F at N et r u n o n t h e o pti c al d e vi c e. T hi s w o r k s h o w s
a r e m a r k a bl e 5 3 8 f a st e r i nf e r e n c e of F at- U- N et c o m p a r e d t o t h e U- N et u n d e r t h e s a m e c o n diti o n s a n d × 3 7
a c c el e r ati o n i n i nf e r e n c e c o m p a r e d t o t h e r e s ult s p r o vi d e d b y U- N et o n G P U. M o r e o v e r, f r o m T a bl e 2 it c a n b e
s e e n t h at t h e G P U N vi di a A 1 0 0, b ei n g o n e of t h e b e st h a r d w a r e a c c el e r at o r s, o ut p e rf o r m s o pti c al a c c el e r at o r of
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( a ) ( b) ( c)
Fi g u r e 3. Q u ali t a ti v e r e s ul t s of H e L a d a t a s e t. ( a ) t r ai n sli c e 1 1 9 ( b ) t e s t sli c e 1 2 1 ( c ) U n s e e n c ell, t a k e n f r o m t h e l a r g e r
fi el d.

Fi g u r e 4. U- N e t a n d F a t- U- N e t s e g m e nt a ti o n r e s ul t s o n 8 1 9 2 × 8 1 9 2 i m a g e s.

2 M H z f r a m e r at e w h e n r u n ni n g U- N et, b ut st a y s sl o w f o r all b at c h si z e s w h e n c o m p a r e d t o F at- U- N et r u n o n
o pti c al a c c el e r at o r. Gi v e n t h at t h e 4f o pti c al d e vi c e i s m e a nt t o a c c el e r at e o nl y t h e c o n v ol uti o n o p e r ati o n s, it
i s i nt uiti v e t h at f ull y c o n v ol uti o n al n et w o r k s li k e U- N et a r e i d e all y s uit e d f o r t h e 4f a c c el e r at o r s, a s t h e y d o n ot
e v e n n e e d a n y a m e n d m e nt s of t h e d e n s e l a y e r s, a s r e q ui r e d i n t h e cl a s si fi c ati o n.

Wit h t h e s p e e d a d v a nt a g e s of F at- U- N et e st a bli s h e d, o u r n e xt o bj e cti v e w a s t o v ali d at e it s p e rf o r m a n c e. We
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L a y e r I nt uiti v e F at- U- N et 1 I nt uiti v e F at- U- N et 2 I nt uiti v e F at- U- N et 3
C h a n n el s  K e r n el C h a n n el s  K e r n el C h a n n el s  K e r n el

C o n v bl o c k 1 3 → 8 8 3 → 4 1 2 3 → 4 1 2
8 → 8 2 4 4 → 4 4 8 4 → 4 4 8

C o n v bl o c k 2 8 → 1 6 2 4 4 → 8 4 8 4 → 8 4 8
1 6 → 1 6 2 4 8 → 8 4 8 8 → 8 4 8

C o n v bl o c k 3 1 6 → 3 2 2 4 8 → 1 6 4 8 8 → 1 0 6 1
3 2 → 3 2 2 4 1 6 → 1 6 4 8 1 0 → 1 0 7 7

C o n v bl o c k 4 3 2 → 6 4 2 4 1 6 → 3 2 4 8 1 0 → 1 6 8 5
6 4 → 6 4 2 4 3 2 → 3 2 4 8 1 6 → 1 6 9 6

C o n v bl o c k 5 6 4 → 1 2 8 2 4 3 2 → 6 4 4 8 1 6 → 2 0 1 2 1
( b ottl e n e c k ) 1 2 8 → 1 2 8 2 4 6 4 → 6 4 4 8 2 0 → 2 0 1 5 3
D e C o n v 1 1 2 8 → 6 4 3 6 4 → 3 2 3 2 0 → 1 6 3
C o n v bl o c k 6 1 2 8 → 6 4 2 4 6 4 → 3 2 4 8 3 2 → 1 6 9 6

6 4 → 6 4 2 4 3 2 → 3 2 4 8 1 6 → 1 6 9 6
D e C o n v 2 6 4 → 3 2 3 3 2 → 1 6 3 1 6 → 1 0 3
C o n v bl o c k 7 6 4 → 3 2 2 4 3 2 → 1 6 4 8 2 0 → 1 0 7 7

3 2 → 3 2 2 4 1 6 → 1 6 4 8 1 0 → 1 0 7 7
D e C o n v 3 3 2 → 1 6 3 1 6 → 8 3 1 0 → 8 3
C o n v bl o c k 8 3 2 → 1 6 2 4 1 6 → 8 4 8 1 6 → 8 4 8

1 6 → 1 6 2 4 8 → 8 4 8 8 → 8 4 8
d e c o n v 4 1 6 → 8 3 8 → 4 3 8 → 4 3
C o n v bl o c k 9 1 6 → 8 2 4 8 → 4 4 8 8 → 4 4 8

8 → 3 2 4 4 → 3 5 5 4 → 3 5 5
s e g m e nt e r 3 → 1 1 3 → 1 1 3 → 1 1

T a bl e 5. C o m p a ri s o n of t h e a r c hi t e c t u r e s of t h e I nt ui ti v e F a t- U- N e t s. U nli k e a F a t- U- N e t, w hi c h i s c o n v e r t e d u si n g a
F a t N e t al g o ri t h m f o r t h e c o n v e r si o n, t h e s e i nt ui ti v e n e t w o r k s w e r e d e v el o p e d m a n u all y b y c h o o si n g s m all e r c h a n n el si z e s
a n d c o m p u ti n g t h e n e w k e r n el si z e s wi t h o u t t a ki n g i nt o a c c o u nt t h e n u m b e r of pi x el s i n t h e f e a t u r e m a p.

M o d el O xf o r d IIIt p et H e L a c ell s
A c c I o U A c c I o U

I nt uiti v e F at- U- N et 1 9 2. 7 1 8 3. 7 1 9 9. 0 8 9 3. 9 0
I nt uiti v e F at- U- N et 2 8 9. 3 9 7 7. 8 4 9 7. 9 5 8 7. 5 8
I nt uiti v e F at- U- N et 3 8 9. 1 8 7 6. 9 8 9 8. 4 5 8 9. 7 5
F at- U- N et 9 3. 4 0 9 1. 8 7 9 9. 4 3 9 6. 2 5

T a bl e 6. O t h e r ” L a r g e k e r n el / Fe w C h a n n el ” a r c hi t e c t u r e s i n c o m p a ri s o n wi t h F a t- U- N e t.

i niti all y t r ai n e d t h e U- N et t o st at e- of-t h e- a rt st a n d a r d s b ef o r e c o n v e rti n g it t o F at- U- N et. O u r U- N et i m pl e-
m e nt ati o n i s m a r gi n all y o ut p e rf o r m e d o nl y b y n et w o r k s wit h p r e-t r ai n e d V G G 1 6 a n d I n c e pti o n V 3 c o nt r a cti n g
p at h s ( T a bl e 3 ). A s o u r i m pl e m e nt ati o n w a s t r ai n e d f r o m s c r at c h, w e b eli e v e it m et t h e r e q ui r e d st a n d a r d s
b ef o r e c o n v e r si o n. F at- U- N et s a c ri fi c e d o nl y 1. 9 3 % i n pi x el a c c u r a c y, 4. 2 4 % i n I o U, a n d 2. 4 6 % i n Di c e s c o r e.
T h e s e r e s ult s c o m p a r e f a v o u r a bl y t o cl a s si fi c ati o n p r o bl e m s, w h e r e t h e a c c u r a c y d r o p w a s 6 %.

Q u alit ati v e r e s ult s i n Fi g u r e 2 r e v e al t h at U- N et a n d F at- U- N et e x hi bit di sti n ct b e h a vi o u r i n v a ri o u s s c e n a ri o s.
Fi g u r e 2 ( a) i s t h e d e m o n st r ati o n of t h e p e rf e ct s e g m e nt ati o n b y b ot h al g o rit h m s i n i n st a n c e s w h e r e p et s a r e
cl e a rl y vi si bl e a g ai n st a m o n o c h r o m ati c b a c k g r o u n d. I nt e r e sti n gl y, i n Fi g u r e 2 ( b), U- N et o ut p e rf o r m s F at- U- N et
b y s e g m e nti n g a b a c k g r o u n d c at, w hi c h i s n ot p a rt of t h e R OI. H o w e v e r, w e c a n s e e t h e a d v a nt a g e of F at- U- N et
i n Fi g u r e 2 ( c), w h e r e it h a s p e rf e ctl y s e g m e nt e d b ot h a ni m al s, i n c o nt r a st t o U- N et, w hi c h i n c o rr e ctl y cl a s si fi e d
s o m e pi x el s of t h e c at a n d d o g a s b a c k g r o u n d.

O u r e v al u ati o n of F at- U- N et f o r H e L a c ell n u cl e u s s e g m e nt ati o n p r o v e d s u c c e s sf ul. C o m p a r e d t o t h e 4- st a g e d
U- N et, 2 1 o u r 5- st a g e U- N et i m pl e m e nt ati o n d e m o n st r at e d m a r gi n all y b ett e r p e rf o r m a n c e o n mi d dl e- r a n g e sli c e s
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a n d a c hi e v e d a 1 4. 9 4 % hi g h e r I o U f o r all sli c e s. It i s i m p o rt a nt t o c o n si d e r t h at t h e g r o u n d t r ut h f o r R OI
c ell s i n cl u d e s o nl y t h e s e g m e nt ati o n of t h e c e nt r al c ell, e x cl u di n g a dj a c e nt c ell s. N e v e rt h el e s s, b ot h U- N et a n d
F at- U- N et m a n a g e d t o s e g m e nt t h e s e n u cl ei e v e n wit h n oi s y g r o u n d t r ut h d at a ( Fi g u r e 3 ). C o n s e q u e ntl y, t h e
s e g m e nt e d m a s k o ut p e rf o r m s t h e g r o u n d t r ut h o n si d e sli c e s ( n o n- 1 5 0- 2 0 0), r e s ulti n g i n a l o w e r I o U f o r all sli c e s
c o m p a r e d t o mi d dl e- r a n g e sli c e s. Aft e r c o n v e rti n g t o F at- U- N et, t h e p e rf o r m a n c e l o s s w a s s m all e r t h a n i n t h e
O xf o r d IIIt p et d at a s et e v al u ati o n, at a p p r o xi m at el y 1 % f o r mi d dl e- r a n g e sli c e s a n d 2 % f o r all sli c e s. F o r t h e
l a r g e i m a g e s, F at- U- N et p r o vi d e d b ett e r r e s ult s t h a n U- N et a s c a n b e s e e n i n t h e c ell s o n t h e b ott o m ri g ht.

T o a s s e s s F at- U- N et’ s p e rf o r m a n c e i n t h e o ri gi n al o pti c al s et u p, it w a s t r ai n e d u si n g t h e 4f si m ul at o r. W hil e
t hi s si m ul at o r d o e s n ot c o m pl et el y r e pli c at e t h e r e al o pti c s’ p e rf o r m a n c e, it d e m o n st r at e d c o m p a r a bl e r e s ult s
i n t h e t r ai ni n g f o r H el a C ell s s e g m e nt ati o n. N ot a bl y, it a c hi e v e d a n I o U of 9 5. 5 8 % o n t e st sli c e s 1 5 0- 2 0 0 a n d
6 5. 3 4 % o n all t e st sli c e s.

5. C O N C L U S I O N A N D F U T U R E W O R K

I n o u r r e s e a r c h, w e h a v e s u c c e s sf ull y e xt e n d e d t h e a p pli c ati o n of F at N et c o n v e r si o n t o t h e t a s k of s e g m e nt ati o n,
b y a d a pti n g t h e U- N et a r c hit e ct u r e f o r u s e wit h f r e e- s p a c e o pti c al a c c el e r at o r s. We h a v e a c hi e v e d 5 3 8 ti m e s
f e w e r c o n v ol uti o n o p e r ati o n s i n F at- U- N et c o m p a r e d t o U- N et, m e a ni n g 5 3 8 ti m e s f a st e r i nf e r e n c e w h e n b ot h
n et w o r k s r u n wit h t h e o pti c al a c c el e r at o r a n d 3 7 ti m e s f a st e r i nf e r e n c e c o m p a r e d t o U- N et r u n o n G P U. B ot h
n et w o r k s w e r e e v al u at e d a c r o s s t h e O x of o r d IIIt p et d at a s et a n d H e L a c ell n u cl e u s s e g m e nt ati o n, o n w hi c h w e
h a v e a c hi e v e d st at e- of-t h e- a rt p e rf o r m a n c e. W h e n it c o m e s t o t h e p e rf o r m a n c e l o s s, t h e m a xi m u m l o s s w a s 4. 2 4 %
i n t h e t e st I o U f o r t h e O xf o r d IIIt p et d at a s et a n d 1. 7 6 % i n t h e t e st I o U of H e L a c ell s n u cl e u s s e g m e nt ati o n,
m a ki n g t h e F at N et t r a n sf o r m ati o n e v e n m o r e p r ef e r a bl e t h a n t h e cl a s si fi c ati o n.

A s t hi s r e s e a r c h p ri m a ril y f o c u s e s o n F at- U- N et c o n v e r si o n, f ut u r e w o r k c o ul d i n v e sti g at e s e g m e nt ati o n u si n g
o nl y t h e c o nt r a cti n g p at h of F at- U- N et, t o e x pl o r e t h e a d v a nt a g e s of hi g h- r e s ol uti o n k e r n el s i n d et ail. H y p ot h et-
i c all y, a U- N et wit h a n e xt e n si v e r e c e pti v e fi el d li k e i n F at- U- N et w o ul d n ot r e q ui r e s ki p c o n n e cti o n s. H o w e v e r,
o u r e x p e ri m e nt s wit h U- N et a n d F at- U- N et wit h o ut s ki p c o n n e cti o n s yi el d e d u n s ati sf a ct o r y r e s ult s, e v e n aft e r
r e m o vi n g t h e 3 x 3 c o n v ol uti o n s t h at r e pl a c e d t r a n s p o s e d c o n v ol uti o n s. A p o s si bl e e x pl a n ati o n i s t h at F at- U- N et
m ai nt ai n s t h e U- N et a r c hit e ct u r e, a n d i n st e a d of p o oli n g d o w n f e at u r e m a p s, it i n c r e a s e s k e r n el r e s ol uti o n, r e-
s ulti n g i n a f e at u r e m a p / k e r n el r ati o si mil a r t o U- N et. T h e r ef o r e, f ut u r e w o r k will i n cl u d e i n v e sti g ati n g t h e
p o s si bilit y of t h e e n h a n c e m e nt of t h e e ff e cti v e r e c e pti v e fi el d b y d r o p pi n g t h e s ki p c o n n e cti o n s.
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