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ABSTRACT

This thesis proposes Localized Gradient Activation heatmaP technique (LGAP)
and Convolutional Approximation Small Model (CASM) Framework. This technique is
used to reduce the size of convolutional neural network (CNN), which is widely used
in image processing and computer vision applications. Localized Gradient Activation
heatmaP is a filter selection technique that helps in analyzing and selecting the filters
within each layer of a convolutional neural network, by determining their significance.
After filter selection process, the insignificant filters are pruned from each CNN layer.
The pruned CNN model suffers from performance deterioration. The CASM Framework
can be adopted to recover the performance of pruned model, allowing for the
reduction in the size of the convolutional neural network while maintaining the
performance of the model close to the original network. From experiments, the results
illustrate that LGAP technique efficiently selects weak filters to be pruned, and using
CASM Framework can effectively restore the model performance. This leads to a
reduction in the size of the CNN model, a decrease in processing time, all while

retaining predictive performance similar to the original convolutional neural network.
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compression = 100 - ( 100) (3.2)
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Actual values

Positive  Negative

Positive TP FP

Predicted values

Negative FN TN
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AAINTVBDNINALALYDT (mmmmmmlmmaumsw 4.4
Lk l,
Hyy=norm (|(Zg o, A"™) - o™ (4.4)

H,, Mo unudsnisneuiuteya ileguinsesigniemesiesnainiaises uay /o
#ansedla 9 AignTnseyt masaluaunisi 4.4 asdunisduineludiuves Sum, -
uaz Norm Tugudl 4.1

nsTpzuuuRINTeRsfaahaun1si 4.3 way 4.4 11AIWINAIINEINITalENTS
Mnuuanangluarsanaulalaug Inenisiseuiisuldnisaiuinniu cosine similarity
Tuaun1sfi 4.5 Fudunism similarity Wi 0mANUEURUS3 LTI UKL INSABU
Suteyaveanialee’ H, uazusuisnisnouiuteya Weguiinsesiignitaszriesnainia

\wos H,

H, Hyy

AN [ (4.5)

Sc,f:
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S., /A8 AzLUY similarity 998305897 £ LAEAIUIUIIN cosine similarity Vo9 H,

wag H;p, ko || A9 IUINVBIINABSTUUY Euclidean

= a ¢ v Y . a a | = . a

nINITIATIZARINTBlABeAYAT gradient WAvLBIRE1AYY N gradient 1adw
a1 - A 1 [y =3 ¥ [ ' U a o A Y 14
fanvndunieunnsiuantosazililiansasndulanuddglunisidendinsesls
ol dreg19lugun 4.2 ledavayajunin ImageNet [2] Wrglasetrgveswuuinges
ResNet-50 HAANWSUDIAINTOIN 59 Loy 61 WDAATILNANAT gradient Lad e FeilAads
gradient AU 2.84E-04 Uag -8.21E-05 MuE1AU N15ILATIENAINTBIINToYANAETY
mniasanlagldimaiindn gradient waeiieaagnufed N899 61 zgniiesn (A1wde
gradient #n77) wazdInToei 59 axgmiiv luvaizfiwedia LGAP dansedlaesiufitnaus
AINTeNl 59 wag 61 dMAziuu LGAP finseslngsiidu 0.9917 wag 0.7203 auandu &
LGAP fiansoslpesauliaaud1agdudingoafinzihuuaini 1Wesa1ndinasan1v191u
YodaLeasa Tun1sinsieinaeguain LGAP sianseslaesiu idenfiaziiudingesil 61
Y a ° C vy . a  a ' a \ Y]
wagdINgasN 59 aggnuitean emiuiinslideaya eradient Wwaewistedrafedliaunsals
Juteyalunisdndulaldsineme dmsuiinsesiinevauesieingaufissuvisdiuiay
nsza1ei vililiiuudnweazvinliez LuuiinsosiinlAdsiounuLana U8 N s0dla
Faau wintAnade gradient wylglidminuiukruRIaEn vy A8y lianunsoLiy

v 6 o/ o

NaUIBINUNNFUNUSAUTngdmsuAInIaanneuausInuinguulafngi Jsdamavilviaunse
v o w o w (2 aa 'Y Y Yl 1 4 1 . a

AEIRUANLEIAYYEIRINTOeNNAT gradient Tnanulaandinisldveyacn gradient tiles
2819Ae7 TUNSIASILVANUAINITAVDINISINIUYBIAINTDY AIUUILIUIFeLTIULEUD
N15MURYANWNUAIANEN WL INAUANAGY gradient LNBIATIENNTVINATUYBIINTBILA

al a a dy
HUsEansnINUINTY
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YAV
59 61
il ffiw
o )

gradient vaan1sviueRaliisuiy

UHURIRUAN YUY

61
_ -
>
e s
;‘ ﬁh ff-'*»: »
gk b L NAdNGVRINTIATIENIINTDIMLMATIA

LGAP wuuinselagsiu

:‘ v s a 6 o [ v 1
FUN 4.2 HadnsannnIsiesgrRansedaen1sdetaya imageNet [2] wrlululassungves

WUUdaes ResNet-50 vealalgainauligdum 1

TunisAIuAzLUEY similarity T89RIN589ENALRAEYRIATILY similarity VoeYn
pansesluaead (luaun1si 4.6 lngduinanuavesnzuuy similarity wiaggunimildly

A15ILATILNFAINTDINEUNITNA 4.5
_ 1N
Score,= ~ Y1 S (4.6)

Score; flB A¥WUULAREY similarity ¥8IAINTBIN £ Uz N A8 uIutayasunamily
TunsATIZRAINTDS

AzhUURALYRY similarity YVoeiInTeREgNUIIYlUTAAIRUAIINAINNTO VR 967
nseeindinsedlaiused@nSninamisen lnafinseenilnzuuuazianidadnduseaniam
A1 L899 INNSEUFINTIUTEAVEN ez dsmansenusian Iuvenaweitay Turmeh
U ‘:l'tzl 6 = A a a 4{' U a a
FINTOINUAZUUUAIIZUAAINIINNUTZEANTNINGS Luaqmmmﬂqummaamzawﬁquﬂﬂ

L AINANTLNUADNITVINIUVDUALYD TN

4.2 MITENAUUIEENBNNVEINITYURINTDT
N13138NAUUITANTNINVDIMUVUTIABINGINITYUAINTDY YIlalaen1sUszaIae

ﬁmﬂ’ﬂsuaaLawm‘ﬂauhaﬂ"w?a Convolutional Approximation Small Model (CASM) Tu
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& a{' P =% & aa a{' | = a ° ¢
YUNDUN 3 Iug‘d‘w 4.3 FUUUITNITNALVIVLTYNAUNITVNNIUVDUALEDTIINNTUTZUIUAN

v !
o C% 6 =

umiinlagldiinsesidinundesgndainniseudiinsesiliivss@vzawesnniaiees
n1sussanaAi vl vieyihiiussansamvedaswieUssamiisunduanlndifesiu
lasaneUsgamiisunaunisguiinges dMinsesiwdeluaweinouligiu (azlvinadns
WHURIAANUETanT U channel 8 Astulalgasaaulgdy (1 97U channel g
anadluaig TunauiliuduinanmsuilsaiugIu (SUN 4.1) Ao Tunaun1sussuinen
H o o @ Y < = = a a =
Uniinfieg seninaduneunisguminsesuaztunaunsisenaulsEaniam uanslusui 4.3
ey linsiauvssaesnauinlnalfssiulassieiugiu ludunoun 4 asinisaeu
Payauvdiululasaigszamiierdmiunaaee N n1sguiInges enliunisgusi
nseuaesgavnenvzldnisaeudeayanslaseie vinlilunseusinsedlulaseinguisdiue
untinazinisivdsuudas lusasiadminiinsedludiundsligudnseszausiu oniy
nsgUmnIefilalesaniing niinmsaeudeyanamiga A wminazdnsudsuiUamnmun
aurlsuRsaiugualdasudayanilasaiennaees Baaninvamniaeesaziing
Wasuuwdasmaoanisgusiansedusasiaieas lunuideiliinisiinisinigiannssuuy
. . . . < < A 3 1 a % & A

cosine similarity suduasasiialunmsvinnenanisaeulassiglssamiienvuaani e
AsRdeUNanNIYIWIETedlATteUsEaisuuIadnidndnaiUisuidadluagnslde
WieufiulasadngUszanniiedsuaty

watAaulIgiu ¢+1 azgnuszaiaadimininilngnisaeudeyalvdainnisly
ToYAHATNTI AL D TUHURIRUEN WO (+1 Yaslasaiieyszanmmioundslailavinnisauda

& v ¢ vy v & ¢ o ) dl |
nseudunadnsidmanguazlddayaridnduaisasunulinudnunen (voilasidig
Uszamifienng uainsaauda nssgadagiliunisaoulasstislszamidisnvuinianiiniu
nmelulasadnedsgamiisnswining nsaeulassiiedssamiinvunaidangniindu e
Uszanuendmtinvesawes &1 Tuivudnaesngnyulvimilouiunaansidnuneiilaainia
& ° %) ) ] L. . & a & 4o Y]

o3 (+1 VBIWUUTIABINURTY a1u1501% optimization Wuguludsnundmsunisldlu
Handuinguszasd (objective function) Muaun1si 4.7 [10] wazldn1sinUszdnSainnis

v9ulag cosine similarity
objective function = % |h*x - || @.7)

e 4 Ao lawesnauligtuuuIaLEan, x A NadnanawesuNURIAMANYLY ( WAy

y Ag waansidmsnenniawe SN URIRENwIEN (+1 veswuuTaswuaty
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L ¥ 3

dmiumsasutoyaludunaui 4 NNAWesNNEUAINToY BNLIUAEBTANTINEYDS

Y 9

wuudaesiuaty Nnawesnow +1 audualeas (1 uazialeas fully connected aggn

doudeyadn dmsunisguiinsesfialeianingasyinisasuteyatinniaiees

o = PR i !
PR & el PR [E— | B gl
e | L R e I R i S
MsYUAINTEI N / TR
) —l_ < 3¢
quitmsesnuatwin, [ S e g
k)
‘§ U channel Fassiumumissesiansos 3’;
! 3. A EX
. HF x WH x CHT] [3x 3% CH x FEL S HxWixChl | 1,313xc'-1xF§'_§= [ Hfx Whi x CH1
_________________________________ g"
: AN 5y~ dy
e f t@tu‘“ !
Sunoui 3 ;. R il
\ ke 5 R G g A
E nMsUszanafmimin e E FED - B i uadndlaseiiolseam
i ol iRy Y Wiemnadn
a3
¥
e
1 EPEE
Sumouil 4 ik
LY Bl [ < Y ; : : = ] -
M3BenAuYsEanBnIw W RER ' B B -
Nl DD

Humeudl 1
nsfndendanses

unurly
Audnwuy (1

wgasaonlagiu (

usuia
AdnYLY (

wigeseerligiu
41

unursuanYE 41

EHEE - BEEE naé‘wévmi")nsmqnm‘m»h BEEH - BE .

EH EE - HEEE
R - R ER

E

EXe

msaeudayauiduvaslasetig (v fqavhe) ve n

W ne)

HF x WH x CHLJ [ 3x3xCFUx Pl | [ XWX CEL| [ 3x3xCAxFe | [ x whix C |

efteanesLunguLpueeLaiiies

= [ I mIlrTvionney

WUu cosine similarity

A a6 o 2 ! % LY s Y % (%
JUN 4.3 CASM wlsudsadmiumsusssnaendminvedaiesnouligiundinisgudinges



d
unn 5

ATINNABN

unilaznamianmmnassyulasstneysramiteureulgiulnelfnadanisiins gy
MIENTTUAUHURIAAN YU gradient Faituil (LGAP) wagisuidsauuudiaasmundn
dvsumsuszanauneulagiu (CASM) TasBuantiiausdeyauazlassneyszamifienuuy
ouligduiildlunismaass n1slunismaasauuudiassiignyulassaiiswaznisiiondu

Uszdninm msianavetiuuinasignyulassieuazn1sisenAuUsEavsam

5.1 deyaualasstieussamineawuunauligiu

=

Whmnelunisinisgudinsedunuiddeniiane fio Aoin1snaaauniIseusiingas
Tuiawoinouligdu dufuiwdenuuuaesidfiuguaisesroulgduinnveaeuly
idde Tnedonuuudeesiuguififissawesaeuligiu fe VGG-16 uasdonuuuiiaes
fiflasaeimuananiawesaeulgiuiugiu mudivlasaiisfivny A ResNet-50 it
wansliiiuinmatanissuinsesfionideithiaue ansaussgndlituuuusiaedas A
fugulasiaisvesiaweineulagiuldoguiiissdnsnm

Fogaltlunisgulasearussamivsiuunsuligiusl 2 40 Ao gateya CIFAR-10

[1] wae Yavoya ImageNet (ILSVRC 2012) [2]

5.1.1 yaveya CIFAR-10
gadoua CIFAR-10 1uyndoyanusznaulumesunindiuau 60,000 n lnsusas
andvwindu 32x32 e dussianvesteya 10 Uszinn doyaitdlunisaeudayadl

50,000 3U wazdayadmiunismagaau 10,000 3U

13090y w X = i Gmm“
i mHEeaeB8 o DOHESS
w BHEYNEH * AEmEmM®
w HEBBE » LEDEa
s e P o s B e DS

Y 1 [

1 anvgneynvaya CIFAR-10 [1]

eaN
[
=
(S,]



22

5.1.2 favaya ImageNet (ILSVRC 2012)

yadaya ImageNet (LSVRC 2012) tiugadeyavuialugfivszneuludiedeya
1,000 Uszbam uansirsiueenly fsunudeyaildlunisaeutssunn 1.2 &gl uasdoyad
lgn1smsiaaeu 50,000 5U Msldeuyateya ImageNet Aodnssudoyalagnsvinnisdnnn
Mnyagudnaslvdvun 224x224 fiwa uazdedldinalianisvenedeyaliiiaunainvaiy

(augmentation technique) laglgisn1suUasiuundnludnwazuuiusu (horizontal flip)

oldfish (n01443537) . tm . Bagel (n07693725) @
,
R § Grenny Smith (n07742313) Q 1 a
T \
Pick (n03929660) a &
House finch (n01532829) 1
-—
v

sﬂ‘n 5.2 fnegaynteyaarn ImageNet [2]

W

yodoyars 2 wuuluyadoyaildlunufunisusndssandeya Gduamidoiiay
thanldvaaeudssansnmueuuudasmdsiniiinisgulasaing

Trssnedszanmiouildlunmaseudszansnmmsgusansesagldlaseing VGG-
16 uay ResNet-50 TnsetngUsvamiioania 2 uuudulassineiignldogianiieansdy

NanNNaneIu

5.1.3 VGG-16
VGG-16 [3] hilassineuszanyiienuvuasuligduiignesnuuuinlldiunisuen
Ussinndeyannmslideyavualvglunisaoudoya laswdeiugugnoonuuumnilisy
yateaya ImageNet 4 3gnianusuldduyadona CIFAR-10 [12, 13, 14] wazanunsanen
Uszinndoyaves CIFAR-10 lsegnsiiussamsam VGG-16 fignuszgndldyndoya CIFAR-10
flessadwwesawosroulgiuiiomn 13 miwed lesnsedlunwesivwadu 3x3 Tavly
uiazialeiiliosdusznounumsned 5.1 Suumnsdwesvesawesnouligduiemuad
6.3E+08 wagduau FLOPs iviamun 1.56+07
1A598519789 VGG-16 qﬂmﬁlauiuﬁaumauawa{ fully-connected 31n 1000
Usztaniildiu ImageNet 1Ju 10 Uszian sudoya CIFAR-10 ilonaaeunisgusiangasiu
gatoyavuadnuazltlunisseuiieulssavsnmiuisnslaseiidansesanauide [9,
0] Tns9ans VGG-16 fildfuyadeya CIFAR-10 fimnsilmeslassiuveslassinefidouin

< o
anaUJuaIUIULIN



5.1.4 ResNet-50

Hulassredszamiiisunuuaeulgduiignifwuilunisusndssiandeyaduya
Foyavurnlng ImageNet s dnen1mganin VGG-16 lun1suszuiana ResNet-50 §
Tassadrefiiawiiiiondn Residual block (wandluguil 5.3) Inssafeildamalsiliannsagy
lnssasrsvesawasnouhgiud 3 1# esanlunisgusinseseanazddlinadnsiieanund
Fruruanas vililiannsavnisiunselulasene dafunisgudansedulassie
Uszanmifien ResNet-50 agsihifulatwesreulagdui 1 waz 2 Tnsiawesaouligiuil 3 Tuus

avudenagliviinisyuminsaaiiosnwlassainsteyalunisusvaianaly Residual block 13

u| o & ) ° ) P
M399 5.1 lassaaatgasaoulgtuluiuuinass VGG-16 Auyadeua CIFAR-10

Foawees | wwndinges (SxSxON) | FLOPs | smuauwisiiwes

conv2d 3x3x3x64 3.5E+06 1.8E+03
conv2d 1 3x3x64x64 7.5E+07 3.7E+04
convad 2 3x3x60x128 3.8E+07 7.0E+04
conv2d 3 3x3x128x128 7.5E407 1.5E+05
convzd 4 3x3x128x256 3.8E+07 3.0E+05
conv2d 5 3X3x256x256 7.5E+07 5.9E+05
conv2d 6 3%3x256x256 7.5E+07 5.9E+05
convad 7 3x3x256X512 3.8E+07 1.2E+06
conv2d 8 3x3x512x512 7.5E407 2.4E+06
conv2d_9 3x3x512x512 7.5E+07 2.4E+06
conv2d_10 3x3x512x512 1.9E+07 2.4E+06
convad 11 3x3x512x512 1.9E+07 2.4E+06
convad 12 3x3x512x512 1.9E+07 2.4E+06

Conv2d fig talwasnauligiuiiivuia 2 i

SXSXCxN A8 VUNAVBIAINTDY, SXS AD IUINVBINLIAG, C AB I1UIUVBY channel

wa N AB 1UIUVDIAINTBY

FLOPs A Floating Point Operation




v

Hx W x 64

Y

shorteut 11 x 64 x 64

Y

1x1x64x256 3x3x64x64

A4

1x1x64x256

&

v

24

UHUR R ANy

< o =
Lamaiﬂau‘hqu 1

wainauligiui 2

3 |
awasmouligiud 3

JUl 5.3 Tasaaine Residual block

1A59a519999 ResNet-50 9¢Usenaulunl8 Residual block 31u3U 16 U 1As9a314

U89 ResNet-50 LLﬁ@\ﬂUGﬂi’N‘ﬁl 5.2

< v s < ° Y o
M99 5.2 lassafaaigeineuligtuluiuudiass ResNet-50 fuyataya ImageNet

donwes | wuedanges S xS/N) \t3 VUINVBIUNURIAIAN WL
(block)

Conv2d- 1 7x7/64 1 112x112
1x1/64

Conv2d 2 x 3x3/64 3 56x56
1x1/256
1x1/128

Conv2d_3_x 3x3/128 4 28x28
1x1/512
1x1/256

Conv2d 4 x 3x3/256 6 14x14
1x1/1024
1x1/512

Conv2d 5 x 3x3/512 3 X7
1x1/2048
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Conv2d fig tawesneuligiuiiivuin 2 @
SXS/N A8 YUINVDIRINTDI, SXS AB VUIAVBINLIANG, kA N A I1UIUVBIFINTD
FIUIUNIFITLADSTINUAYDY ResNet-50 A 2.6E+07 haz FLOPs yauunaila1dy

7.7E+09

(%
&

Tunsneaesiiaeneassianislésuisafiugiuuas CASM suiaveuuusians
yuadndmsunsUszanuneuligtu Taemed 5.3 azsuansnsdiwesaildlunisi fine-
tuning ﬁm%’mWsm’i%ﬁﬁ’ugm s fiwesfildlunnassludiuaes leaming rate 429 0.01 -
0.000001 Tumsnaasafiutaaiiniie eganuaseuagulusmiss Jaudmnsaiuamide
[10, 15] Tudauwee optimizer, momentum wag weight decay W151310193ATIAUIUITY
[10, 15] wenaninsfiwed epoch Aldmmaaas 1-2 epoch Aeualasgavely VGG-16 a
gnvaaed lilemmniwesimanzay usluawesaavnesinmmaaedudiuvesaiids [10]
dm3uuuud1aes ResNet-50 §n15U5U epoch Turae 1-20 vedlalwesnoulalwaigaiing Lile
vnnsdwedimanganlunisidenaulsy@niniw dau epoch vealatgeiansing 1du

NSRBI LUIUITY [10]

P a caaa ol W 4 . e didr
AINN 5.3 Wsdimesnaniandmsu fine-tuning luisuisaiiugiu

Fouvusaes | yatoys W5wed A1
optimizer SGD
learning rate 0.001
VGG-16 CIFAR-10
momentum 0.9
weight decay 0.0005
optimizer SGD

learning rate 0.001, 0.0001

ResNet-50 | ImageNet
momentum 0.9

weight decay 0.0005

dm3u Batch size Milunsmnaed VGG-16 waz ResNet-50 a¢ld 32 way epoch Tu
N158UlATEs9AINTBLADTANYNEY VGG-16 19 40 50U Uag ResNet-50 14 50 50U wae
learning rate agl4 0.001-0.00001

Tups197t 5.4 szuansteyamsfivesildlunsSenAuussansamveanisuise

wuudnaesaindmsunsUszananouligdu
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g3V Batch size agldAnAeatumsuIsaNugIL 991U epoch Tunsgulassaiie

fnsonawasanyineidu 40 soU 119 2 LuuT1asd uaz leaming rate 9¢14 0.001-0.00001

4 a & o (Y] ) acs o <
M99 5.4 ‘W’ﬁ’]llLm@iﬁ'ﬁﬁi‘Uﬂ’]ﬁﬂi%ﬂﬁmﬂ@u%ﬂ@fﬂu%@ﬂLWiJJL'JiﬂLLU‘U%']@@\‘]"ZJUW@ILaﬂ

W13dines A
optimizer SGD
learning rate 0.001 - 0.0001
momentum 0.9
weight decay 0.0005
epoch dwsuaouloya 500

5.2 mMsgulasasmusasid

lunsgulassasemudnsidin dmiunisgulnseasnaues VGG-16 areyadoys
CIFAR-10 38¥11N158UAINTes88nAas 10% IudY 90% ¥8I8AT1dIU dmSUuLuUIIa8s
ResNet-50 fugndaya ImageNet azvingufansatoenidu 30%, 50% wag 70% A1ua1ey
799911 ResNet-50 iulassnefifignasnuuuindmegadeyauuialng desulunsing

gulinzasezldialunsuszianags

53 MIAATIEVAINTEN

mMaATgRNTosreTIEiemalianaaunisil 4.4 waglidudoyauisdinann
Yavayadmiuasuinldlun1sinsg lag VGG-16 fuyadeua CIFAR-10 aglddnuiu 10 §U
AaUsElan 571 100 U lun1s3Aseiaases dmsukuudiaed ResNet-50 duynadaya
ImageNet 9¢14 10 JUABUsELAMELIRBIL 521 10,000 5U ndsnildnadwsoanvesudas
sUspnINaNaNNST 4.4 axtiwadnsinduniazuunlnes v usaz IS LA
4.5

dethdeyagunmain ImageNet luAuramuann1sf 4.3 9nn1sdsdoyanu
TasstngUszaimiion ResNet-50 fitatoosnouligdud 1 avldnadnsiuanslugud 5.4
(Pu)

uufsnudnuaizveusiazinseslulaesneuligduil 1 uanslugud 5.5 Fadunns
LanIN1svuvesLAazdanTes i edsdeyagunmd 5.4 (Fudne) i ludszunanaly

TAssneUsEan ey
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3 o g =
vayazunw NAGWSIINENNITN 4.3

U 5.4 o11a3Un M0 ImageNet [2] Usziandoya n01631663 (aana Eft) (Fudne),

Qo @aN

NAdWSINANNTST 4.3 Yesunuinudnuurnawesaeulgtudl 1 (Fuwn)
dodummandwinifuddyueudazianses (aunisd 4.2) uagyinisamtuus
azm”amawslﬁmaé’wﬁmﬂugﬂﬁ 5.6 Fernimiindedn QNUARIDEUURAT NS VDIAALH
n3es naeNlFNadNEINTUT 5.6 e lUdwaamuaumsil 4.4 axlduadnsvasusiaysh
nsesfigninoanannnishauesaised wandusud 5.7 fedeyatazgniluldseluns
Analuaunisd 4.5 lemidanseausasds egndnssnainnisyiautaydawalinisg
vhouvesawesinswasuwlamnifosifiodn feeradnsesiinavinligudl 5.4 e
Wasuuaslinn e fansesil 5 uay dansesdt 15 Tustil 5.7 Svhnseunaiaggnuosind

o« e [ 6
mmmmququLﬂumaamul’ﬂmawai

N
}:.-,
s

o A

] v s V o . o i
JUT 5.5 deyameasunuiinudnuazaniaesnouligiui 1
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HANTSNAABILAZNISIATITIING

Tuunifgnanissanimeaesanguinseseeniniassadsiemeaianisinsei
fhenstuguauiinudnuaeiu gradient Weuil wazmsudsauuuassuuindndiniy
M3UszInuneulIgiuruLUUIa0s VGG-16 Augadeya CIFAR-10 uazuuusians ResNet-
50 Augadeya ImageNet 1l BuansUTEANE ANV UNATANITIATILIFIEN1TIUR WS
AudnwEiU gradient 1B LTl waglsudauuuTassrwIndndnTunTUsEIINADY

v

Tatulumsisenaudszdniam msiuseumeunisldmaian1sinszinien153ue Nl

v o
A 6 v

ARANEAEU gradient WNLAAUWIIITANUGIN SIIN1TUTaUBUAUNTIAT 896N

<9

NTDINLNATADU 9|

6.1 WadwsveIMIgulAsNaIn VGG-16 fiugateya CIFAR-10
Tuduiiasuansuadmsnsgulaseasnanes VGG-16 fugadoya CIFAR-10 Tnenadns
fignuansdifesoluid
1. HaUsganSnInvedkuudiass VGG-16 gnauiinsodluwnazialuas wuy
soiflpariu
2. HAUTHANSAIMVBIMUUTIADY VGG-16 gREufiInIadluuwsiasialuasuenainiu
3. wanuiidlalunsguiinsesueusiazimaia

4. HAUTEANSAIMUBUUTIABY VGG-16 gnauiinsevas LGAP luusasinsuiise

6.1.1 wauszdnSnmunsuuuTees VGG-16 gnyusinsadluisaziaiwasiuy
solileaiu

¥

WUUD1aBY VGG-16 NULATaua CIFAR-10 danuwdudlunisvinuienaluniswen

9 Y

Uszinndoyailu 0.9359 ialgesfignguaziiuain e’ convad 1 (gu 1 iawes) luauds
alwef convad 12 (gu 12 talwed) Tuns1eil 6.1-6.7 Tuudazansnaglinedanisiinse
Fuwmneineiu loun wallALuuds pdanaTIve I (Weighted sum technique) [7]
Lwﬂﬁﬂmaiauﬁumﬁ'ﬁLagsﬁu‘ﬁ'@juﬁ (APoZ: the average percentage of zeros) [8] tnAliA
NATILVBIA1LAAY gradient (the mean gradient) [9] nATlA LGAP wuufnsesfen aia
LGAP Luufiansadlnesiy hag 1nalla LGAP WuuA3Noalagsiusiuiumsuiisa CASM
vasInNsgUiinTesaziimaFenAuUsyninim danafwesudaziawesiulunumsng

#1 5.3 uard WU 2 epoch Uagnsguimnseuaesanieazisenaulszansnmlagld 40
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epoch #1137 6.1-6.6 arldisuisauuuientiu Ao wisuidsaiugiu dwiumsed 6.7
dunaainnsldmsndsa casMm funisasudoyadiluuisdiuvenaissd oioniy
Usgdnsnm (maimesldnunsi 5.3) ndsanguinsesluusasiaes sniuiaies
anvhefivhmsaeudeyaiuane fisuieitumsuiiaiugu
nansgusinsedlamatauuugy uandlumsnei 6.1 Weldsnsdmunisegu 10% Tu
M3gu 1 awes rdwaliuss@vinmusanuuiiaesanasdniies 910 0.9359 wde 0.9331
dodiudnndunstusauniuussaniamaruuiuglunmsiunesadzanas delddnm
nsudnia 90% UssAvBamazivie 0.7633 Sunuaweifignguiiintuazanusyansnim
Tumsihuneraasauialeesi 6 Yssansnmazanasingn LazAes 9 AT deguia
wasTl 7 wuduaiwes 12 Tiluawes?l 12 UssAvBnmnduingannnsaeutoyadiaisseu

TunisiSenAuyseansSnw

A U ] o U 1 1 U | % a
M1 6.1 ﬂ’]ﬂ’l’mLLNUS11UﬂW§QUWQﬂ§BQIULL@LaLEJE]?G]’]&J@G]i’]ﬁ’J‘L!ﬂWiE!UWJEJLV]ﬂ‘L!ﬂLL‘UU

] [y

dusfumsnisaiugiu

ihm:‘: dnsndmnsgy

L

gngu 90% | 80% | T0% | 60% | 50% | 40% | 30% | 20% | 10%
1 0.7633 | 0.9002 | 0.9152 | 0.9161 | 0.9206 | 0.9234 | 0.9279 | 0.9304 | 0.9331
2 0.7871 | 0.8827 | 0.9016 | 0.9073 | 0.9165 | 0.9191 | 0.9254 | 0.9285 | 0.9332
3 0.7534 | 0.8563 | 0.8924 | 0.8992 | 0.9039 | 0.9118 | 0.9206 | 0.9252 | 0.9271
4 0.7415 | 0.8520 | 0.8759 | 0.8954 | 0.9039 | 0.9115 | 0.9198 | 0.9230 | 0.9277
5 0.7073 | 0.8332 | 0.8701 | 0.8865 | 0.8975 | 0.9111 | 0.9186 | 0.9242 | 0.9261
6 0.6704 | 0.8047 | 0.8563 | 0.8818 | 0.8935 | 0.9030 | 0.9102 | 0.9189 | 0.9256
7 0.6734 | 0.8015 | 0.8573 | 0.8784 | 0.8953 | 0.9050 | 0.9173 | 0.9227 | 0.9261
8 0.6887 | 0.8078 | 0.8613 | 0.8840 | 0.8976 | 0.9069 | 0.9154 | 0.9194 | 0.9270
9 0.6769 | 0.8166 | 0.8659 | 0.8860 | 0.8995 | 0.9091 | 0.9165 | 0.9212 | 0.9273
10 0.6896 | 0.8200 | 0.8694 | 0.8918 | 0.9034 | 0.9095 | 0.9161 | 0.9232 | 0.9275
11 0.6774 | 0.8132 | 0.8699 | 0.8876 | 0.9029 | 0.9094 | 0.9160 | 0.9213 | 0.9268
12 0.7386 | 0.8488 | 0.8925 | 0.9083 | 0.9180 | 0.9238 | 0.9271 | 0.9294 | 0.9338
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HANEUFINTaLlAEmMATANATINYBIAMTN (Weighted Sum) wanslumsnei 6.2
Waldgnsrdiuniseu 10% lun1sgu 1 awes svdwalissansainvesiuudnasianad
W@ty 910 0.9359 mde 0.9346 Waliiudnsdrunsdudauntulseansnimarnuutug
lunsvihugnadzanas Welddnsinistudaia 90% Useansamazivae 0.8801 I11IULA
wosNgneuiinduIzanUseansamlunisviunenaasauiauawesi 7 Yseansamazanas
° ] v a X - s = I3 = a a a
Aan WarARY 9 NAULNATY egulaleasn 8 Aulualges 12 Falulawesi 12 Uszaniam

nauingeInNsaeuleyatateseulunsisenAuUsEanEA W

A 1 1 o U 1 [ 2 | 124 a
M1 6.2 ﬁ’]ﬂ’.l’lllLLlI‘L!EJﬂ‘IJﬂ']'ﬁEg‘UG]’Jﬂ’iENSL‘LJLLGILﬁLﬂ@ﬁ@?ﬂ@@i?ﬂ?ﬁﬂ’]iﬂyﬂ?EJL‘I/IF’]‘LJﬂNaﬁ’éll

YBIRU TN TIAUNTUISATNUFIY

"hmi BnTrdunTgy

\aLeasin

anau 90% 80% 70% 60% 50% 40% 30% 20% 10%
1 0.8801 | 0.9080 | 0.9225 | 0.9239 | 0.9294 | 0.9320 | 0.9332 | 0.9340 | 0.9346
2 0.8487 | 0.8926 | 0.9113 | 0.9168 | 0.9232 | 0.9277 | 0.9290 | 0.9309 | 0.9327
3 0.8068 | 0.8704 | 0.8926 | 0.9041 | 0.9118 | 0.9175 | 0.9269 | 0.9268 | 0.9312
4 0.7848 | 0.8583 | 0.8839 | 0.9030 | 0.9068 | 0.9140 | 0.9244 | 0.9272 | 0.9323
5 0.7448 | 0.8221 | 0.8795 | 0.8917 | 0.9087 | 0.9152 | 0.9225 | 0.9284 | 0.9303
6 0.7227 | 0.8235 | 0.8686 | 0.8855 | 0.9083 | 0.9105 | 0.9225 | 0.9269 | 0.9298
7 0.7109 | 0.8221 | 0.8643 | 0.8899 | 0.9037 | 0.9081 | 0.9195 | 0.9269 | 0.9296
8 0.7199 | 0.8246 | 0.8697 | 0.8923 | 0.9077 | 0.9144 | 0.9226 | 0.9275 | 0.9300
9 0.7049 | 0.8309 | 0.8720 | 0.8963 | 0.9092 | 0.9161 | 0.9248 | 0.9283 | 0.9313
10 0.7110 | 0.8328 | 0.8720 | 0.8985 | 0.9112 [ 0.9138 | 0.9232 | 0.9286 | 0.9290
11 0.7276 | 0.8331 | 0.8769 | 0.8968 | 0.9130 | 0.9182 | 0.9243 | 0.9240 | 0.9313
12 0.7569 | 0.8603 | 0.8970 | 0.9153 | 0.9249 | 0.9271 | 0.9336 | 0.9346 | 0.9361

wan1sgudansedlaeimaiaaad ol uiqus (APo2) uanslunaised 63 iiold
gn3duneu 10% lun1sgu 1 wawes svdwmaliuszdninmuesuudiasanadniioy
970 0.9359 Wide 0.9334 aiiusnsdrunstusauiniulsesansnmanuwiugilunis
Muenagzanas BieldsnsnnisTusnis 909% Uszansnmazivae 0.7595 lunsdisnsidu

1%

n150UsA 10%-70% Furulawesigneuiinduazanuszansanlunisingnanauisa
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w57 6 war 7 UssAvSnwazanasingn uazdos q ndudiudy doguiawesi 7 wos 8
wfuaiwed 12 Fsluawesit 12 UsrAndnmnduingeninnisaeudeyatmatsseulunis
SonAuUszansain dmiusnsinisiud 80%-90% wuituszansamlunisinuves
wuudassananduegiawin Jananddiiiudaiauiinisyuiinsedaemaie nasiuves
Anadsfiuiiaudliaunsadnudssansawlild Tnsdssansninanasaulalanaseldany

wWUUIaDale

d 1 1 o U 1 s v 1 1% a
19799 6.3 ﬂ']ﬂTlllLLNuHWINﬂWiQUW'Jﬂi@ﬂIHLLWLaLEJE]?GY]M@G]?']?{'JUﬂTﬁﬁquﬂ'JEJLVIﬂ“LJﬂNﬁ'ﬁ’JlI

YosrnafeiugudsImAuNTInITaNugY

"hmi dnIdUNTYY

\aLgasi

gngu 90% | 80% | 70% | 60% | 50% | 40% | 30% | 20% | 10%
1 0.7595 | 0.8549 | 0.8958 | 0.9113 | 0.9204 | 0.9217 | 0.9270 | 0.9316 | 0.9334
2 0.2287 | 0.5798 | 0.8781 | 0.9027 | 0.9120 | 0.9166 | 0.9216 | 0.9267 | 0.9330
3 0.1000 | 0.5875 | 0.8514 | 0.8878 | 0.9048 | 0.9093 | 0.9184 | 0.9244 | 0.9295
4 0.1000 | 0.3958 | 0.8469 | 0.8891 | 0.8955 | 0.9063 | 0.9165 | 0.9226 | 0.9299
5 0.1000 | 0.3968 | 0.8425 | 0.8770 | 0.8975 | 0.9037 | 0.9140 | 0.9232 | 0.9278
6 0.1000 | 0.3952 | 0.8285 | 0.8692 | 0.8883 | 0.9025 | 0.9124 | 0.9209 | 0.9277
1 0.1000 | 0.4046 | 0.8263 | 0.8776 | 0.8910 | 0.8994 | 0.9100 | 0.9233 | 0.9269
8 0.1000 | 0.4297 | 0.8294 | 0.8764 | 0.8962 | 0.9097 | 0.9149 | 0.9255 | 0.9261
9 0.1000 | 0.4292 | 0.8331 | 0.8811 | 0.8953 | 0.9043 | 0.9161 | 0.9239 | 0.9315
10 0.1000 | 0.3978 | 0.8325 | 0.8845 | 0.8990 | 0.9068 | 0.9135 | 0.9264 | 0.9300
11 0.1000 | 0.4356 | 0.8357 | 0.8822 | 0.9023 | 0.9095 | 0.9150 | 0.9244 | 0.9286
12 0.1000 | 0.4816 | 0.8694 | 0.9081 | 0.9183 | 0.9216 | 0.9255 | 0.9345 | 0.9335

Y a 1 a . a Al Yo 1
HaN1sgURINsaslagmailafade gradient wandlunisem 6.4 Walddnsdiunis
U 10% Tun1sgu 1 1awes svdwaliszansnmuesiuuitasanauantos 910 0.9359
N ~ a v ! = v dy a a 1 o o
Wide 0.9343 Waliudnsdunsiudaunulseansamaiuusduglunisvinenass
anad ielddnsin1stiudnia 90% Uszdniamazivae 0.8428 lunsaignsidiunisdudn
10%-80% d1uuLaLgasngneuinduazandseansanlunisiungnaaauiualeasi 6

wag 7 UseAnSnmazanatingn wazAoy o NaULiuTY Wogualwasi 7 uas 8 audvalees
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12 @sluiieesil 12 YsgAnsamnduugennnisaeuteyatvatssoulunisiondu
UsgAvEnm dwmiusnsnsduil 90% wuiszansnmlunmsvihaureauudiassananiy
ot1ann Feuandliiudalauiinisgudinsedlaemaidanasiuvesdiade gradient bl
aunsasnwvszansanlile lneuseansnmanasauldaiunsaldanuiuudiasdlaluszau

ThamesiuwuuInassduatiu

4 U ] o U 1 [ U | 1% a
M1 6.4 ﬂ']ﬂ’l'mLLSJUEJ']IUﬂ’]iQUWJﬂi@QIULLG]LaLH@i@WN@@iWﬁ?UﬂWiQUﬂ?ULVIﬂUﬂNaﬁ’JQJ

YB3ALRAY gradient SIuAUMSUISATUFIU

"hmi an1dMNTYU

BILLHT

angu 90% 80% 70% 60% 50% 40% 30% 20% 10%
1 0.8428 | 0.8971 | 0.9139 | 0.9199 | 0.9251 | 0.9269 | 0.9304 | 0.9329 | 0.9343
2 0.5318 | 0.8703 | 0.8986 | 0.9061 | 0.9136 | 0.9187 { 0.9242 | 0.9281 | 0.9314
3 0.3937 | 0.8290 | 0.8794 | 0.8991 | 0.9100 | 0.9158 | 0.9207 | 0.9237 | 0.9286
4 0.4658 | 0.8222'| 0.8657 | 0.8907 | 0.9024 | 0.9118 | 0.9179 | 0.9225 | 0.9265
5 0.4574 | 0.7947 | 0.8609 | 0.8904 | 0.9005 | 0.9107 | 0.9128 | 0.9222 | 0.9298
6 0.4826 | 0.7795 | 0.8569 | 0.8729 | 0.8944 | 0.9111 | 0.9148 | 0.9222 | 0.9263
7 0.4850 | 0.7818 | 0.8564 | 0.8744 | 0.8985 | 0.9040 | 0.9146 | 0.9238 | 0.9270
8 0.4872 | 0.7892 | 0.8529 | 0.8825 | 0.8987 | 0.9111 | 0.9168 | 0.9237 | 0.9279
9 0.4950 | 0.7969 | 0.8571 | 0.8859 | 0.9045 | 0.9106 | 0.9192 | 0.9251 | 0.9269
10 0.5109 | 0.7990 | 0.8604 | 0.8843 | 0.9033 | 0.9146 | 0.9207 | 0.9212 | 0.9268
11 0.5089 | 0.8044 | 0.8574 | 0.8894 | 0.9048 | 0.9152 | 0.9206 | 0.9250 | 0.9299
12 0.5495 | 0.8394 { 0.8891 | 0.9096 | 0.9206 | 0.9251 | 0.9299 | 0.9322 | 0.9369

nan sguiansedlasimaila LGAP Luufinseaisd uanslunised 6.5 ileld
gn31duN13gU 10% Tun1sgu 1 awes azdmaliuszdnsnnvediuuinastanadaniion
210 0.9359 imde 0.9328 Waifindnndunisiudaunniuussansnmauusugilunis
yhunenaazanas ielddasinistudaia 90% Uszansamazivae 0.6605 Tunsdldndiu
n150udn 10%-70% ai’wmul,aLa@%ﬁgﬂsyuLﬁ'wﬁu%amszﬁw%mwslumsﬁwmsmaawuﬁua
a3 6 UszAvBnimazanasian uazaos q nduiiutu Woguiawesd 7 wufuawed 12

= ‘:1' a a o v S a &
GZI\TFLULaLEJ@TV] 12 Uﬁgﬁmﬁﬂ'ﬁ/\lﬂa'Ull’]%j]ﬂﬁ]']ﬂﬂ’]ia@usﬂ@%a%qﬂaqﬂiﬁUﬂLUﬂqiLﬁﬂﬂﬂu
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UsLANS AN d195UINIINNISUUN 80%-90% WUINUSLANTAINIUNITV I UYBILUUIIADY
[~3 1 d! v & v 1 LY} a LY} n:l' ]
anasduagneunn dauandiiudniauiiniseusiinsedlaewmealln LGAP huufInTauae? Tad

a111505nw1UsEanSAmAle Ineuszansainanasauldaiuisaldauiuudiasdla

A I 1 o U 1 s v 1 1% a
M1 6.5 ﬂ'lﬂ'l']llLLSJUEJ']IUH']?EJUG]’M??NGLULLGILaLEJEJ?GY]@J?JG]?']?{’JUW]?E!UWJEJLV]ﬂUﬂ LGAP

Y a ! (Y acs 4‘{’
LLUURNINTDILAET 3'33JﬂUL’1/\|31IL'J§ﬁW‘L!§7u

"hml msrdmunsgu

BIEEHT

Qnyu 90% | 80% | T0% | 60% | 50% | 40% | 30% | 20% | 10%
1 0.6605 | 0.8562 | 0.8951 | 0.9100 | 0.9220 | 0.9257 | 0.9293 | 0.9310 | 0.9328
2 0.1000 | 0.7576 | 0.8618 | 0.8967 | 0.9138 | 0.9159 | 0.9198 | 0.9250 | 0.9320
3 0.1000 | 0.7235 | 0.8298 | 0.8898 | 0.8992 | 0.9108 | 0.9121 | 0.9214 | 0.9270
4 0.1000 | 0.6193 | 0.8358 | 0.8896 | 0.8984 | 0.9081 | 0.9112 | 0.9211 | 0.9280
5 0.1000 | 0.6063 | 0.8197 | 0.8747 | 0.8944 | 0.9097 | 0.9116 | 0.9222 | 0.9290
6 0.1000 | 0.5944 | 0.8009 | 0.8589 | 0.8892 | 0.9009 | 0.9092 | 0.9197 | 0.9278
7 0.1000 | 0.5889 | 0.8065 | 0.8668 | 0.8882 | 0.9074 | 0.9113 | 0.9225 | 0.9279
8 0.1000 | 0.5993 | 0.8010 | 0.8679 | 0.8939 | 0.9053 | 0.9092 | 0.9236 | 0.9275
9 0.1000 | 0.6111 | 0.8232 | 0.8749 | 0.8988 | 0.9070 | 0.9125 | 0.9214 | 0.9305
10 0.1000 | 0.6070 | 0.8233 | 0.8826 | 0.8949 | 0.9107 | 0.9140 | 0.9205 | 0.9252
11 0.1000 | 0.6124 | 0.8378 | 0.8783 | 0.8992 | 0.9086 | 0.9171 | 0.9217 | 0.9259
12 0.1000 | 0.6726 | 0.8636 | 0.9054 | 0.9152 | 0.9211 | 0.9282 | 0.9315 | 0.9346

nansyuAanseslaemaila LGAP Luufnsedlaesiy wandunisni 6.6 ileld
gndiun1sgu 10% lunseu 1 iateed avdmalilszdvinnuesuudtaesanaintiay
290 0.9359 wido 0.9356 Wlawiinsnardunisfudaunndulszansamanuusiugilung
vhunoraszanas Welddnsnisdusaia 90% UszdnSamazivde 0.8640 $1uauALE%T
Qﬂa;uLﬁusﬁu%amﬂizﬁw%mwhmiﬁwmawaawuﬁaLawm‘ﬁ' 6,7 UszAnBn1nazanasningn
uazAey o nduiiudy Weguiawesd 7, 8 wufwaiwed 12 Tvlualwesil 12 UszAniam

nduingeInNsaeulayatvateseulun1sitenAuUsEanEam
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A U ] o U 1 [ U ! 1% a
199N 6.6 ﬂ’]ﬂ’l’mLL@JUSWIUﬂW§QUWQﬂ§BQIULLG]LaLFJEJ?G]’]@J’EJG]?’]ﬁ’JUﬂ’ﬁQUWJEJL‘V]F’TL!F’] LGAP

WUUAINTBIlRE TN SAUAULNSITANUGIY

ihmi MIdUNITYU

BIEEHT

angu 90% 80% 70% 60% 50% 40% 30% 20% 10%
1 0.8640 | 0.9111 | 0.9226 | 0.9279 | 0.9284 | 0.9330 | 0.9327 | 0.9336 | 0.9356
2 0.8298 | 0.8897 | 0.9018 | 0.9168 | 0.9219 | 0.9269 | 0.9289 | 0.9324 | 0.9339
3 0.8076 | 0.8685 | 0.8891 | 0.9030 | 0.9121 | 0.9173 | 0.9230 | 0.9252 | 0.9329
4 0.7831 | 0.8554 | 0.8811 | 0.8947 | 0.9065 | 0.9149 | 0.9223 | 0.9244 | 0.9305
5 0.7426 | 0.8407 | 0.8732 | 0.8936 | 0.9051 | 0.9141 | 0.9188 | 0.9248 | 0.9298
6 0.7325 | 0.8043 | 0.8555 | 0.8850 | 0.8993 | 0.9125 | 0.9157 | 0.9223 | 0.9306
7 0.7212 | 0.8045 | 0.8550 | 0.8905 | 0.8977 | 0.9135 | 0.9184 | 0.9214 | 0.9312
8 0.7286 | 0.8200 | 0.8619 | 0.8907 | 0.9025 | 0.9147 | 0.9198 | 0.9234 | 0.9288
9 0.7237 | 0.8199 | 0.8629 | 0.8981 | 0.9054 | 0.9159 | 0.9229 | 0.9236 | 0.9307
10 0.7336 | 0.8342 | 0.8716 | 0.8935 | 0.9060 | 0.9155 | 0.9204 | 0.9263 | 0.9295
11 0.7378 | 0.8314 | 0.8688 | 0.8986 | 0.9099 | 0.9184 | 0.9243 | 0.9246 | 0.9320
12 0.7652 | 0.8612 | 0.8966 | 0.9147 | 0.9193 | 0.9272 | 0.9288 | 0.9336 | 0.9368

HANIsEUAINsadlagmaila LGAP Luuminsedlnesiu Siudumsuiisa CASM wang

a

Tum13199 6.7 Weolddnsndiunisgy 10% lunisgu 1 awes szawalilssdnsnimues
LUUIIADIANAILANT DY 931N 0.9359 1A 0.9329 i ol uFNII1dIUNISTUDANINTU
UszAnSnmenuswiuglun1syiuienalzanas Wialionsin1stuanns 90% Ussansninay

z:{ ° sl a X a a o = s
LA 0.8376 ﬁ]']u’lul,aLEJEJTVlfIﬂEJ‘ULWNWUQ%@@ﬂiSﬁWﬁﬂWWTUﬂW51’]’]1«!'18NﬁaQG\]UQQLaLfJE)TV] 6,

Y 9

7, 8 UszAnSnmazanawingn wazAey o naUiuTu Wegulaleesi 7, 8, 9 ulualges 12

Falutawwesa 12 YszdnSannduniasainnisaeudayagivalgsevlunisiiensu

¥
a =

UsgANSA1IW wsudIsA CASM a1unsats8nUseansnnnauun o aanIwuutnsuiIsS AN us1u
Y

<3

\iedusgansnmlugiansguiaieasi 11
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A U ] o U 1 [ U ! 1% a
199N 6.7 ﬂ’]ﬂ’l’mLL@JUSWIUﬂW§QUWQﬂiaﬂIULLG]LaLFJEJ?G]’]@J’EJG]?’]ﬁ’JUﬂ’ﬁQUWJEJL‘VW’TL!F’] LGAP

LUUFINTlAYTIN SAUAUNTUASA CASM

ihmi MIdUNITYU

BIEEHT

angu 90% 80% 70% 60% 50% 40% 30% 20% 10%
1 0.8376 | 0.9039 | 0.9182 | 0.9227 | 0.9313 | 0.9295 | 0.9326 | 0.9313 | 0.9329
2 0.8088 | 0.8829 | 0.9044 | 0.9164 | 0.9131 | 0.9250 | 0.9241 | 0.9297 | 0.9272
3 0.7693 | 0.8530 | 0.8915 | 0.9065 | 0.8986 | 0.9179 | 0.9196 | 0.9247 | 0.9235
4 0.7367 | 0.8369 | 0.8748 | 0.8932 | 0.8985 | 0.9101 | 0.9138 | 0.9189 | 0.9225
5 0.6654 | 0.8056 | 0.8547 | 0.8877 | 0.8926 | 0.9025 | 0.9117 | 0.9148 | 0.9132
6 0.6662 | 0.7949 | 0.8436 | 0.8750 | 0.8773 | 0.9031 | 0.9100 | 0.9112 | 0.9112
7 0.6531 | 0.7949 | 0.8439 | 0.8747 | 0.8775 | 0.9038 | 0.9073 | 0.9152 | 0.9111
8 0.6750 | 0.7890 | 0.8489 | 0.8802 | 0.8864 | 0.9057 | 0.9099 | 0.9083 | 0.9135
9 0.6833 | 0.8027 | 0.8501 | 0.8810 | 0.8936 | 0.9065 | 0.9134 | 0.9176 | 0.9182
10 0.6776 | 0.8003 | 0.8521 | 0.8815 | 0.8916 | 0.9091 | 0.9077 | 0.9137 | 0.9143
11 0.6943 | 0.8050 | 0.8573 | 0.8807 | 0.8994 | 0.9041 | 0.9126 | 0.9158 | 0.9184
12 0.7403 | 0.8418 | 0.8859 | 0.9103 | 0.9207 | 0.9275 | 0.9312 | 0.9353 | 0.9381

NNA19A 6.1-6.7 UsgAnSnmuosuuudnans VGG-16 Auyatoya CIFAR-10 fign
guluusazinadaniiesssifinseaiiisiuiaglinadndooniuaniafy daduiuidaiy
walAnTAATiiInsesdsranenuuiud e UTaesiilivdsinunszuIun Ty U
nsesuaziSenAulsyansnw dvsumauianislinssifienasuveseadsilufiaud,
ALade eradient uay LGAP wuusanseuden ldanuisethuildaulslunsdldsnsinistu
80%-90% N3yUFINTesIBNIBUsEABAMAzanawinga Woguiinsodlutis 6-8 lalwes
LLawé’qmﬂqULaL&@%ﬁﬂlﬂﬂizﬁm%mmmé’uLﬁ'wﬁu AviAnTunainlukaandnsosiively
Tuawoidowhaudautuinsesidsldldgnguluawesdann azdulssansamluns
yauveswinsesluaiweidainsanas fafanseamanignfinnsuniifivssansnmiosly
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CASM aglddoyaannyadeyadimiuasuves CIFAR-10 97u3u 5000 U Mdmsunisasu
Yoya uaz 1000 U Mdmiunsmaaeunisviiau Tunszuaunis CASM iitelinnsiay
nduaaseiukuuTIaesiuaty Tuyednsn1sdudn 10%-50% LGAP Auwlsuiisa CASM
fivseavsamlunisiunesaianaintesndiuuy LGAP fuisuisanugiu Tuvmefian
FLOPs, w1513 16195 LLazﬁyuﬁ'Lﬁuﬁjagaﬁmummﬁﬁu Lﬁ'aa‘”mwmsﬁuqquﬁu 50%
ANANIIALUNIYIBRATDY LGAP fuisudsatugiuasdafiananatioondn asudiuii
CASM annsavihadldninnsudsatugiu desasnistudaluiiiu 50% anvedifugy
wszlun59i CASM dasinnsaeuteyalaslitayavisanainwuudnaeswuatiunslidnm

Juiaaiiu 50% CASM Fsiidnuausansasliiiisswenaclinsvihnuresiveinduunvieu

a

Tnilaunuudnassiuaty astudeyaunursnudanvuefigndwenglulasaingUszam

Wenwuuaaulgiuedazidanuuandluanuuuitaswiuatuinniu Tunsaindeenisly
NuuuuIaesgniudalvivuinanaluusesunn 2 win (2X) N9 FLOPs, W1513lines wag
wunivdaya aunsalddnsinstiusnn 30% la 8ns1n15Uudn 90% aunsnan FLOPs

[ h o

Uszanny 44 wih, WislimesUszana 84 win lavunnudeyauseua 70 Wi

a i a ° 9 v oty as
397 6.8 FpuAananlun1siwIEeY LGAP MldisiAsAug uuazvsISA CASM

LY 1 1 o & da v
RNIEIU ANITNIUTY WU'ﬂLﬂU'UaHa
wiade, Wsudsa | mstudn Hanann (%) FLOPs n15iwes (MB)
LGAP, fiugu 6.41
0% 6.3E+08 | 15E+07 57.4
LGAP, CASM 6.41
LGAP, fiugu 6.32
10% 51E+08 | 1.2E407 46.2
LGAP, CASM 6.19
LGAP, ﬁyug’]u 6.64
20% 41E+08 | 9.6E+06 36.6
LGAP, CASM 6.47
LGAP, fiugnu 7.12
30% 326408 | 7.0E+06 282
LGAP, CASM 6.88
LGAP, ugu 7.28
40% 24E408 |  5.0E+06 20.9
LGAP, CASM 7.25
LGAP, #ugu 8.07
50% 1L7E+08 |  3.8E+06 14.6
LGAP, CASM 7.93
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N ] ] a o o v as & as
AINN 6.8 (9D) AAMUEANAINIUNITINUIETDY LGAP PldnsuIsaugIuuasinsuisa
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@ 1 1 ° Y da v
dns1au ANNSVINUNY wuninudeya
wadle, wsudsa | n1stuon Ranan (%) FLOPs wW5mes (MB)
LGAP, ﬁyugwu 8.53
60% 1.2E+08 2.4E+06 9.4
LGAP, CASM 8.97
LGAP, ﬁugm 10.34
70% 7.2E+07 1.4E+06 55
LGAP, CASM 11.41
LGAP, fiugnu 13.88
80% 3. 7E+07 6.4E+05 2.6
LGAP, CASM 15.82
LGAP, g 23.48
90% 1.4E+07 1.8E+05 0.8
LGAP, CASM 25.97
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wsuisn uandumaned 6.9 leenaludrutivuuhaesgnyulaelddnsnstusni 50% uay
wansUszansnmneukazndanisienaulszansnn lngandunisyudinsesdulateasiuy
sioLiosty Gamsaisa CASM agldnisaeutoyaifies 10 epoch wawlsuAsaiugLazly 1
epoch S1urudeyaiignltazld 200, 500 uaz 1000 [10] MnyAToyadmFUaDU Tu CASM
TUUS 80% AMTUNTAOY UAE 20% dmiunisnaaoy @ slun1sviienunisisendu
Usgavsamnanlunisussianavesusawesazgnihnedsuasiansluaes 12 Tagnns
Faria1azinannnnsnieuveInIsnee RTX 3090 wiulddwsuidsa CASM aunsasenfu
UszAnsnmveautudaasndvanldfiniuwsudaiiuguilld fine-tuning ddlddeyauiios
200 fansniFondulseAnsnmndunldgeniunsuisafiuguild 1000 Taya las
UszAnSnmsnaiuegdl 0.1498 (0.8050 CASM ua 0.6552 flugnw) venaninaludiuna
Tumsuszmnananasluyniaesuss CASM anunsauszananalsisindtludaudeya 200,

500, kag 1000 tu 3.3 Wi, 2.4 W1 wag 1.7 win suaisu
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MA15190 6.9 ANANULUUENTUNITEINAUUSEANTNINVBILUUIIA VGG-16 TuwpazaiuiIy

Toyauaziiazisusa

aAnuY/ a3
Fuuiegne | wsuidsa 1 2 3 il 5 6
ABU/CASM 0.8357 0.8439 0.8209 0.8431 0.8124 0.7781
89/CASM 0.9204 0.9220 0.9031 0.8793 0.8400 0.8076
200 ﬂI'EJU/
fine-tuning 0.8357 0.4852 0.4413 0.4637 0.2885 0.3357
WA/
fine-tuning 0.833 0.5623 0.4915 0.341 0.3215 0.2432
A91/CASM 0.8357 0.8418 0.8336 0.8487 0.8144 0.8016
Y89/CASM 0.9246 0.9232 0.904 0.8859 0.862 0.8296
500 ﬂli’JU/
fine-tuning 0.8357 0.4496 0.4755 0.5213 0.4862 0.4081
a9/
fine-tuning 0.8315 0.5922 0.5618 0.5131 0.4383 0.4926
AB/CASM 0.8357 0.8498 0.8106 0.8397 0.8076 0.7774
Y89/CASM 0.925 0.9243 0.9062 0.8902 0.8642 0.8364
1000 ﬂI'EJU/
fine-tuning 0.8357 0.6569 0.6102 0.6162 0.5167 0.5068
WA/
fine-tuning 0.8768 0.7498 0.7052 0.6075 0.5441 0.5602
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d 1 1 I o a = a a o !
M1 6.9 (M) AANLLLEUNSISENANUSEENEAMVDILUUTIaBY VGG-16 Tuunag

IuINTeyakazLAazssA

anus/ iaigod
Iumegnl | suise 7 8 9 10 11 12
ABU/CASM | 0.7887 | 0.7755 | 0.8015 | 0.8005 | 0.8046 0.805
#89/CASM | 0.8021 | 0.8054 | 0.8024 | 0.8041 | 0.8048 | 0.805 (1.25s)
200 now/
fine-tuning | 0.2342 | 0.2522 | 0.3202 | 0.4046 | 0.2634 0.2251
iGN 0.1961
fine-tuning | 0.2686 | 0.3346 | 0.4049 | 0.3808 | 0.2935 (4.13s)
now/CASM | 0.8127 | 0.8007 | 0.8216 | 0.8238 | 0.8291 0.8291
0.8291
aY/CASM | 0.8259 0.827 | 0.8271 | 0.8293 | 0.8308 (1.855)
500 Ao/
fine-tuning | 0.4369 | 0.3972 0.43 0.5648 | 0.4453 0.4478
e/
fine-tuning | 0.427 0.483 0.5187 | 0.5865 | 0.5113 | 0.5717 (4.35)
NoU/CASM | 0.8192 | 0.8091 0.833 0.835 0.837 0.8365
0.8365
#8Y/CASM | 0.8344 | 0.8389 | 0.8341 | 0.8355 | 0.8373 (2.59s)
1000 e
fine-tuning | 0.5021 | 0.5349 | 0.6071 | 0.6206 | 0.6029 0.6469
e/ 0.6552
fine-tuning | 0.5997 | 0.6471 | 0.6295 | 0.6651 | 0.6794 (4.43s)

6.2 WadwsvaansyulAeEse ResNet-50 fiugadeya ImageNet

ludiullazuaninadnini1syulaseasnares ResNet-50 fuyadaya ImageNet lng

HadnSNgnuanailfssialuil

1. wansusumndweslunisaeudayaiieisenAudseansamnaswinnisguda

nsRImemAnA LGAP Tulaleas

2. HaUsEANSANYRIMUUTIaRWIgNYURINTBIvDY LGAP Nldisuisaiugiuiu

Wsudsa CASM wagmailan153Asnendn o Aldwsuisaiiugiu Tunsyu

A9 UUL1889 ResNet-50
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3. waaudulalunisguiingeswes LGAP Tuilsuidsaiiugiusasinsuisa CASM

4. NAMTIATIETININVBIUUTIAINOURALNAIVIINITLUFINTDY

6.21 wansUiumniweslunisaeudeyaiieiFonAulssansammininisgu
nsewnewalla LGAP Tuiaiues

Tuduivsuanmavosnsmmdmeslunindenfuussansnmvesuuuians
ResNet-50 wdsangusansasluuiasisasasusia 32 iaiwod (Residual block Tu ResNet-50
16 block Gausiay block anmnsagusnseslualeslel 2 1awwes) Auyateya ImageNet Tu
nsnnaesiaglidnsn1stusna 50% uandlunisnad 6.10 nsmmsdimesasdom
1518w s luNsgURINTatalEasnoUlaLEaTaANIg (1-31) Lagn151dMaTUeIN1TL UM
nspuaweigaTng msiwesmataggnldlunssuiumsdonfudsyansnin ey doya Ao
Srunudoyaiililunisaeudoyadi Ssldunangadeyadmivasuly imageNet, epoch fe
ﬁwuauiauﬁiﬂumiaawﬁaga%, learning rate Ws1ilwmosildludedn optimization

nsnaaesil 1-3 Wunsmaaedddsuudeyaties a3 unAulszansan Jaua
Usingiaiustugwesnuudasafigniseniuussansamesnsnmiign n1snnassdl 4-6
s13veeduauteyaifinnniuilildussdnB nngstumuiiy Wusalilunismaaesd
7-8 Fvimsveednnuteyailiunslinnguluyadeyadieldlunisaeunuusians dady
wasnAdefiugiulunis@onduUssansnmandudedlidoyadmiunsaeuteyannsy (e
Foansinwuuudiaesliliussansamgean dmsumiines epoch lunisgusnsesiita
wos 1-19 s dudesiiy epoch wissUszanSamazanainduiilndifeondy wiinesiiy
d112U epoch waana lulalesna g 29-32 danudaglunisidenfulsyansamdu
asmmaﬁaéfauﬁu epoch Lﬁlwﬁu d1913U ResNet-50 W15131L619 5D learning rate g
agldlunng 163 - 165 Sslulaigastrsiumnsaiagld 16-04 Tunsdifilaldiadld epoch wn
uiifedoenslivseAnsamassusuT udeqiuein 163 - 16515 eufuanldinsuisa
CASM (wanslum1snei 6.11) ludruvesnszuannis Ussnmendividn (Tunoudl 3 vos
CASM) Tgduaudeyagunin 2 3U / class 31ngadeyadviuasuly ImageNet uuseonidu
2 dru dawd 1 1luntsaeudeya 1600 5U Audiuil 2 19lunsmaaeu 400 5U n&s91n
nszvIuUszanaeimiindedldnisaoudeyatuuunisdiu Ao maaeudeyaluawesiou
v AR LaeRilnsUsEanardinuazaadaiu fully-connected W
wontuanaululaseiarldiimswasuamesiimin Sarlsuiintisansiuiy epoch
Tunsldmsaeutoyald shlinalumadonussaninmaaansuisa CASM shldiEtuuas

dyq./ v a a % ! o acs dy a v
u@ﬂﬁ]ﬁﬂuﬂﬁiﬂﬂﬁ%ﬁﬂﬁﬂﬁ‘wEN%Q?I’NLL‘U‘U?]']@ENLW?@JL??F‘]WUE’]U@ﬂ@I’JH
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137 6.10 W19EwesuaEAIANLLLLEUNSISENAUUTEEVBAINVDILUUTIABS

ResNet-50 #dangudInsaewiemaila LGAP wasldwsuisaiiugiu

50

mfmesneuaiweaeving nfwedialaigaving accuracy
case | qpya learning Jaya learning
(3U/class) | Epoch s rate (3U/class) | Epoch | iawwaf rate
1E-3,
1 200 1 1-31 1E-04 ﬂﬂg‘d 7 32 1E-4 69.59
1E-3,
2 200 1 1-22 1E-04 Vlﬂgﬂ 9 32 1E-4 70.16
400 2 258 1E-04
1E-3,
3 200 1 1-15 1E-04 ﬂﬂgﬂ 9 32 1E-4 70.19
600 2 16-31 1E-04
1E-3,
a4 600 1 1-28 1E-04 nn3u A 82 1E-4 70.07
800 2 29-31 1E-04
1E-3,
5 200 l 1-15 1E-04 Vlﬂgﬂ 9 32 1E4 70.89
16-19,20- | 1E-4,
600 1 22 1E-3
800 2 23-31 1E-03
1E-3,
6 400 1 1-22 1E-04 ‘I/lﬂg‘d 9 32 1E-4 70.93
800,
‘VlﬂE‘U 2 23-31 1E-03
1E-3,
7 ‘Vlﬂzﬂ 1 1-31 1E-04 ‘V]'ﬂE‘LJ 9 32 1E-4 71.06
1E-3,
1E-4,
8 Vﬁ]ﬂE‘U 1 1-19 1E-04 V!ﬂg‘d 50 32 1E-5 71.34
nngy 2 20-28 1E-03
nngy 3 28 1E-03
nngy 12 29-30 1E-03
‘Vlﬂz"d 20 31 1E-03
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ResNet-50 %&9ngudInNsaeniemnaila LGAP wagly CASM nsuise

nfweineulaweigaving wmdweiiaweigavine accuracy
ULHE learning |  Yeya learning
case | (jU/class) | Epoch | iawwed rate (3U/class) | Epoch | iawwed rate
2 2
1 (CASM) 500 1-31 1E-3 (CASM) 500 32 1E-3
nngu nngy
(ANseU (Mseu 1E-3,
Joya 1-19, | 1E-4, BHG 1E-4,
UN9dIL) 1 20-31 1E-3 ‘1?1,;&‘1/1&@) 40 32 1E-5 71.47

6.2.2 nausyAvBnmussuuUTansfignyufinTe e LGAP ldinudsafiugy
fusuiAsh CASM uazmeailansinsnzvioy q Aldmsudsaugm Tuns
guinIBIuuLIIaed ResNet-50

s iweinldannaneunthgnisnlflunisguiinsesuaziSonaudsyansamly
LUUSa84 ResNet-50 fugndasia ImageNet ludruiiazuansanisguiansesnasniaiees
wuusterdleailidnsnnistiu 50% Weuiuisu q ResNet-50 Ailyateya ImageNet Yoya
uufsnudnuasldludaziaesazdvunlvginingadoya CIFAR-10 snnmangsutoyan
dinfunung 228x224 wagusslanAmmeuiidl 1000 Ussian nausynsamussusazivedely
MsAeTzRINTesgniEndhuns e 6.12 SeazSoufivuainyszavsmnlumsviunesa
Usziandayadianas Ingagfiarsandinnuusiugitanaddunisiussameoususu 1 fo
UssAnsnmnianadlunmiinenateyaiidusnourossuandoyaty uas nsanasves
Anuwsiudlunisinesadineuly 5 susuusn de Usansamdianaslunisviunena

v -

Toyanidurnouveslssinndouaiieglu 5 dusiuusn FLOPs fla complexity 203uuuiNaeg

Y

Mnniaeiaeuligdurmualuwuudiaes ResNet-50 lun1silSeuiiisuaziiguladng

n150U8A 50% B9 NKaVeI VGG-16 fuyateya CIFAR-10 WiIsnsuuuduaziiusedniam

[

s uweildladeaasiuuinaemveyaiivunalvgdunazUssinndeyauiniuy 35n15dusnwm
ANUugluNYIueI@easnign dmsumatanaTinvesriivin (Weighted sum)
Insiasieniiesnimvtnegianed Wenensinwiussansananaslidosfign n1s
a ¢ g @ 1A ° v i ' =~ 1Y

Insziiiesadmtnetnliiismelukuudnassideyanvunalnguasiivssinvdayaun

< Y1 aad [y ¥y ! v 1 = A a L4 o

wnuldinisau 9 endenislideyadudilululaseneuszamiiion Wi olwsennisviny
1

103830504 N15ldTeyalun1sinsgidansesesnaia Anadeivasiduiuaai ui Aud

(AP0Z) 931AT YN IR TN WA AUG LAY WTUAINTDINFIRINT LA NS NG WK UA
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T Y '
aad = v

Aasanwazan Tunsainuiaudaisiudaau n153eseieihlas uidloensaiiungudn

Y

e

[ '
=

Inalesiunsimsiziidinsesfiiuiguddesnindniesanailinisieseildenulyld
N & "o P o Ao v Ay a & ° a M Yo
vsenNunAudiuay WidinsefsnadnuueNdAynly nalladazyinsieseililadaau
9N @AUSUMANA SSL wag SSR-L2 din15vinyiaanenuwwsne SSR-L2 Tevanni1sved SSL &4
SSR-L2 azdlausiuarUsz@nsnmginintunisinenu lnen1siasziiingedves SSR-L2
s eiinsedaenslddeyadeinulululasewie welinadnsvesnsiunenaiu
v e & a Iz a P a . Y ' Iz a
waansAduassduileaidunisande wazlinisiy regularizer Wi lUludruvesileiduandy
regularizer 91JufamIUANNISY structured sparsity lukuudnaes laenis finsfiwes
penalty AIUANAILFNITUS (trade-off) SEniusednSnimveswuuIasduag structured
sparsity aziulun1sgulasaasiay SSR-L2 Aasauaunisiudariunsfives penalty &4

913UAULEIN B IHRINIIAWMUATNIINITTUSATITNLIL INTIZUAasiaeTEildnIINTg

=

= 1 - ! a 6 o a L3 o A [
Tunldwiiu Tuudvenisimeeniinged SSR-L2 TATIENAYRINITIIWY LiaIN15YINNS
gusianses ferdugamuntielsneiuszansnamlilidueenad dvsumatia ThiNet azvh
N153ATEAlag N THIRAUNLHURIRNANYME uaIATIEdTdedayav i vinaeuligty
fulawesneuligdy dinsesidlatwianansavivinaans s dundaseiu Winariaay
AANaA 88nufIfign dmsuadInylminAIIURANAIAE9¥1E188NAINUUUT1ABY AT
ATzt iun133A 312 iAN NN LS TN UT Tede3nTugaiia wen1sdugaiill
ATAUARY D133V IINTISHAITUINITNINVBIAINTRIRANAIALA Lasn1TTIATIEVIVDS
ThiNet §s91an153tAs1gsblanienisyiuiena Tudruveunaiinaiedeves gradient 1y
N13A1ULA gradient INMSTNUIEHALNASYALNURIA NI NYY aALIN gradient HAAWS
) A i o < A & A = acda a a = I =
vo3inTeIiinawAlilunIsuIeRa Feheinludnnidisniussansama agelsnaly
NSNARGaY gradient TnatABIAWaLYInlNISHENATSYINIUAINTOITULANAI URDNAINAY
° v ad v A & ada ! ! ad v v 1Y o b4
g1n dmMTUIT LGAP wuudinsadlne i Doilulsnsiugamuvesudagisidnanmeiu vl
Uszangamlunissnwaruwdugilunisvinerageniisdu 1esn LGAP 1deade
gradient Y09n 197 IUEHARULNURIAAN Bz waagi il TN Auuu R ud Y
Y930 AEYIINTUTELIARARD [iBANTYINUYBNAETIINLHURIAME Ny Tavan Ty
N153ATIENAINTIALUIAINNIATIZVOBNANLALLB SLATANAN TENUVBINITVINNIUTDNA
LT Mln153AT181ivee LGAP 1Auauysaindndsau Wuundu Insizn1siins1esinedds
yan1siweraiidunadnsvesussiavdeya N153LAS18RAINT095WAULUY gradient 139
& A a =] =] o d' d' o LY acs A <) v 1
funAalagnisssuiisunsvinnuiliuasuudacid dmsumsuisa CASM fadudtae
arglunsSenAuyszansamlviumeda LGAP Wesanaunsatioiinusz@nsnmlunis

Muenals wavanduau epoch lunsaeuasduegnenn
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A U 1 o o i o i U
197N 6.12 ANANULUUGTTUNTTTUNUHATIAN AU ILUUT1809 ResNet-50 ﬁQﬂEJ‘UG]’JﬂiéN

50% Tuwmazmada

ANTAARNTYBIAY | NNTARBITEIAN
- wiugnlunns wiugnlunng - .| omsims
i vuenadney | viunenasneuly FLOPs | maniiines Judh
uAv 1 (%) 5 uauuIn (%)
?jﬂJ 4.65% 2.75% 3.4E+09 1.2E+07 50%
SSL [6] 4.58% 2.68% 4.2E+09 1.3E+07 ~ 50%
ThiNet [15] 4.12% 2.28% 3.4E+09 1.2E+07 50%
Aadeesiiug
vositufiqud (8] 4.25% 2.61% 3.4E+09 | 1.26+07 50%
rasuvasrtn
[7] 4.31% 2.42% 3.4E+09 1.2E+07 50%
SSR-L2 [16] 3.65% 2.11% 3.4E+09 1.2E+07 50%
Aadeves
gradient [9] 3.90% 1.94% 3.4E+09 1.2E+07 50%
LGAP AULWSai3sA
ﬁugm 3.56% 1.89% 3.4E+09 1.2E+07 50%
LGAP Autnsuidsa
CASM 3.43% 1.81% 3.4E+09 | 1.2E+07 50%

15197 6.12 uanskadnsvosnain LGAP wuudinsessldisuddafiugiunas
wisudse CASM iwauilsusumeafindy 9 uds Selinisuaninadnsvosmailn LGAP wuusy
nse9T ldSRsInNIsTuSAsY « WAy Wonsadeulsransnmeeis 2 wsuddaly
WUUS1a0e ResNet=50 Tnglauansnsldansinistusmdu 30%, 50% waz 70% lumisadi
6.13 Faazdunisuansrnaruianainlun1sviuieAaeududu 1 (top-1 error) uag SuMU
5 (top-5 error) WisliifinsTuda Arrmuiiananlunisvhuenamaeususu 1 wazsusu 5
9l 25.10% wag 7.90% mud ey S5lugaesnsnnisdusn 30%-50% LGAP wuufinges
suldlsudsa CASM aziananuiianaislunisvhuenamaeusuiu 1 wazdudu 5 Toy
nwsuddaiiugn mnulunsdfisnsinistu 70% wsuddatiugiuiisanuianainly
NMIYUERAANBUSUAU 1 wazduu 5 gendn laglunsgudingewnesnsinistusn 50%
a1311508A FLOPs 19 2.3 wi1, andnuaunnsidmes 1a 2.1 i LLazamumﬁuﬁLﬁwﬁagaW
2.1 Wi USSR wariisnsnisTusa 70% awnsa FLOPs ¢ 3.6 Wi, ansuiumisifiwes

1§ 3.0 i1 uar anvuaNuTALTayald 2.9 Win aud1Ay
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A U a o o { U
M1979N 6.13 ANALRANAAIUATYINUIENATDILUUTIaBS ResNet-50 ﬂgﬂ%m@’lﬂi@ﬂu

WwiAlA LGAP

, AnANU
AATY - X dg
o - NﬂWﬁ']ﬂ‘hJﬂ'ﬁ WUNLAU
_. | omsms | Aewaalums | . - .
suLIen a o o o nurEAMBdY FLOPs WITULNDT vaYa
uuan NMuEAINDY o @
s Tu 5 susiuusn (MB)
2uAY 1 (%)
(%)
- 0% 25.10 7.90 TTE+09 | 2.6E+07 | 98.2
fiugu 2755 8.94
30% 48E+09 | 17E+07 | 652
CASM 26.80 8.67
fugnu 28.66 9.79
50% 34E+09 | 126+07 | 4738
CASM 28.53 9.71
g 31.44 11.26
70% 22E+09 | B7E+06 | 336
CASM 31.47 11.05

6.2.3 wapnusiulalumsguinseswes LGAP Tumsuidsatuguuazinsuisa
CASM

Tunsgunsesnseseanainiawed s LGAP wuusnseslnesay 2 suidsn vy
T madalunsBonfulssavsnwituansneiu silseasinsidendnsesiunnsiiaiuld Tu
dudazuansmandfilanisguiinsesesis 2 msuiise tnoimiweifiazuansd 2 awos
fie LaLwes 2 (64 HInseq) Waz Lawwes 32 (512 fnses) den1sn1silAsghaziansanain
§n51n130U8n 50% nsuanskasNIINiaees 2 Wesanluiawes 1 MsiATzsifinges
fae LGAP i1 2 wisuiddelinadwininidenguiansouniioutu oradunnsatudntosly
nsdifldsuaudeyalumsinmsieseilimieutiu ugui 6.8 uanaszduniusilaluns
fUfaNsesoDNINIAILDS 2 YasuUUT a0 ResNet-50 unuss Aa seAuausiulalunsgu
N30998N9NLALYDT UNULBY Ae AuvLsvesdanges Iner1Ausiulasedu 0 nuneds
finsanivdinsedlimsthesnaniawes wagiiszdu 4 mneds fiansaniiinsesdesgnii
ponaniaLeed Teluzuil 6.8 avuanafasnnsomniinaila LGAP uiazimsaisatheenly
nsdffiszduanuiulaninnit 0 widszduanusiuleazeyfiszdu 1 azfesgniieende
§n31N150USA 50% n3diidansedhivnngseduanusiula (seduanustula wirfu 0)

<

wanadansesiiluligniieeanannaeesiumsudsatu 9 Iuuiinsesiansesiign iy

[%
Y

filo (Fuminseiaonun x Snulesiduddnsesimiosd) - 1 Tudivenawes 2 13 2
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Abstract: Convolutional neural networks (CNNs) are extensively utilized in computer vision;
however, they pose challenges in terms of computational time and storage requirements. To address
this issue, one well-known approach is filter pruning. However, fine-tuning pruned models necessi-
tates substantial computing power and a large retraining dataset. To restore model performance after
pruning each layer, we propose the Convolutional Approximation Small Model (CASM) framework.
CASM involves training a compact model with the remaining kernels and optimizing their weights
to restore feature maps that resemble the original kernels. This method requires less complexity and
fewer training samples compared to basic fine-tuning. We evaluate the performance of CASM on the
CIFAR-10 and ImageNet datasets using VGG-16 and ResNet-50 models. The experimental results
demonstrate that CASM surpasses the basic fine-tuning framework in terms of time acceleration
(3.3x faster), requiring a smaller dataset for performance recovery after pruning, and achieving
enhanced accuracy.

Keywords: filter pruning framework; convolutional neural networks; deep learning; model compression

1. Introduction

The use of convolutional neural networks (CNNs) for the analysis of human issues
is widespread throughout both the commercial and academic domains. They are partic-
ularly helpful in computer vision for problems such as image classification [1-3], object
recognition [4-6], object detection [7,8], semantic segmentation [9-11], etc. CNNs have
demonstrated remarkable effectiveness in recent years. However, they have complex,
multi-layered structures with numerous interconnections. The use of filters at each level
of a CNN's structure makes it possible to record recurring patterns in the data. For ex-
ample, ResNet-50 [12] includes 25.6 million parameters with required 98.2 Megabytes
(MB) storage space. This massive structure impacts the total amount of time spent on
learning and prediction. Moreover, it is difficult to execute CNN models on hardware with
limited resources, such as a microcontroller or a smartphone, which may have a limited
amount of battery life, computational units, or storage space [13]. Compressing models
is an essential technique to operate CNN models efficiently with constrained resources.
Model compression approaches can be categorized into the following three categories [14]:
(1) Precision reduction is a method aiming to reduce the number of bits needed to represent
CNN weights without sacrificing the model’s performance [14]. However, the model
effectiveness is sensitive to the criteria for minimizing the number of bits, despite the fact
that this approach can minimize storage and power consumption. (2) Network Pruning
is a compression approach used to assess weights with minimal influence on model per-
formance. Retraining is completed once the specified weights are set to zero or removed
from the CNN. The weight removal approach is challenging, and the outcomes are heavily
reliant on weight analysis. Inadequate weight analysis can lead to decreased accuracy and
unproductive compression issues [14,15]. (3) Compact network is a method, where the
number of weights in a CNN are reduced by modifying the kernel design, resulting in a
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more compact network architecture. The underlying structure has been replaced by a series
of convolution layers with smaller kernel sizes.

Filter-level pruning stands out as a prominent network pruning technique, being
acknowledged as one of the most favorable approaches for compressing Convolutional
Neural Networks (CNNs). The utilization of this strategy in network training implies
its potential in removing a number of unnecessary weights, all while minimizing the
impact on the model’s overall performance. Generally, the framework for filter-level
pruning encompasses three key processes: filter analysis, filter pruning, and model fine-
tuning. The efficacy of filter-level pruning predominantly depends on the criteria employed
for filter analysis. Moreover, we observe that the process of fine-tuning can exert an
influence on the performance of filter-level pruning during the recovery phase, owing to
the varying sensitivity of individual layers. It is conceivable that relying solely on fine-
tuning might prove inadequate in fully restoring model performance after each layer’s
pruning. Prolonging the fine-tuning phase by increasing the number of epochs, especially
when reliant on an extensive dataset, would demand a significant time investment to
restore model performance, with no assurance of achieving optimality due to the disparate
sensitivities exhibited by different layers.

Therefore, we propose a new framework that combines the filter pruning strategy
with the Kernel Recovery (KR) technique. The approach for filter pruning is based on our
Localized Gradient Activation heatmaP (LGAP), which considers the spatial correlation
between the investigated filter and the target prediction [16]. The weak filters with the high
filter score are considered as insignificant filters and removed from the layer. The KR is
integrated in order to minimize the damage of the pruned model. The proposed KR is based
on a kernel weight reconstruction, wherein the weights of the pruned layer are optimized
to maintain the feature map outputs at the subsequent layer as closely aligned as possible
with those of the original unpruned model. This KR process requires less computational
time compared to the fine-tuning technique, resulting in faster implementation of the model
compression with comparable performance.

2. Related Work

Compression methods can be utilized to tackle the issue of an overwhelming number
of parameters in deep neural networks. The ideal version of the brain damage approach
was first introduced in the field of network pruning to eliminate unnecessary model
coefficients in CNN acceleration [17]. A second-order Taylor expansion was used to
determine the regularization parameters. Nevertheless, as compared to traditional fine-
tuning, this approach involved the computation of the Hessian matrix, which required
extra memory and increased processing costs. Lebedev and Lempitsky [18] proposed novel
research that integrates group-wise pruning into the learning process, which empowered
the regularization of group sparsity. Since the majority of their values were nearly zero,
it might be possible to remove some weight groups. Structured Sparsity Learning (SSL)
was implemented in [19], where regularization of CNN models is feasible for a wide range
of techniques, including the application of filters, filter shapes, channels, and layer depth.
SSL offered efficient pruned architecture. However, the fundamental architecture was
destroyed resulting in unsupported libraries. Other filter level pruning approaches that
were designed to preserve the network structure include the random technique, the weight
sum technique [20], the average percentage of zeros (APoZ) [21], the mean gradient [22],
and TriNet [23]. They are established on the same premise.

The first process is filter selection; each technique analyzes filters based on criteria for
identifying strong and weak filters. (1) Pruning by random, in which filters were eliminated
at random. (2) The weight sum approach [20] measured filter significance using the sum
of absolute weights. The larger the weight sum, the greater the significance of the filter.
(3) The Average Percentage of Zeros (APoZ) [21] measured the percentage of zero values
in the output activation with a high APoZ indicating that the filter was unnecessary and
should be eliminated. (4) Mean gradient [22] utilized the concept of a mean gradient to
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examine the layer feature maps. (5) TriNet [23] implemented a greedy channel selection
strategy, where the input channels with the least increase in reconstruction error were
pruned from the target layer. (6) Structured sparsity regularization (SSR) [24] was an
approach where the relation between the global output loss and the local filter removal
was introduced into the objective function along with the structured sparsity constraint.
Alternative Updating with Lagrange Multipliers (AULM) was applied with an adaptive
filter pruning task. AULM utilizes structure sparse regularizers, with two different types
to handle convergence challenge. It was claimed that the method could achieve a fast
convergence rate.

The second process is filter pruning; The ineffective filters are eliminated from the
CNN model. The third procedure is model fine-tuning, which is employed to restore
performance after the pruning process. Unfortunately, fine-tuning takes time and does not
ensure optimal performance. Certain layers with high sensitivity [20] may require more
than one fine-tuning period to be adequately recovered. This indicates that each layer has a
different amount of sensitivity, and as a result, model pruning with the same pruning ratio
can lead to either significant or minimal influence on the model’s performance.

One of the key differences among various filter pruning techniques lies in the fil-
ter selection strategies. The majority of existing techniques mainly rely on statistics or
activation-based criteria (such as weighted sum, Average Percentage of Zeros (APoZ),
and Structured sparsity regularization (SSR)) to identify important filters for model prun-
ing. However, these approaches lack a general understanding of the entire model network
since they perform filter analysis on the individual kernel basis, rather than utilizing the
layer-wise kernel relationship that should encourage data forward to the prediction layer.
Consequently, they may suffer from incomplete relational layer data analysis, limiting their
ability to establish a strong connection between individual neurons and the final prediction.
For instance, TriNet [23] tries to determine the least impactful filter channels on the output
feature map by employing reconstruction loss through least-square estimation. While
statistical analyses have their place, they lack spatial data relevant to target prediction,
which can be crucial for understanding model predictions in depth.

In contrast, our previous work introduced the Localized Gradient Activation heatmap
(LGAP) [16], which takes a data feed-forward approach to explore the spatial relationships
among filters in each layer. LGAP, as opposed to single filter analysis, concentrates on
distinct weak filters within localized regions, allowing for the discovery of critical locations
in target prediction. This method has proven to outperform conventional statistical pruning
strategies and effectively preserves the performance of the pruned model.

However, one challenge that most pruning techniques face is the time-consuming
fine-tuning process required for recovering the model’s performance. To address this issue,
an alternative framework was proposed [25] that aimed to estimate new kernels using
partial convolution to restore the pruned model’s performance. Unfortunately, this new
framework lacks clarity in its multi-channel estimates, leading to the repetitive execution of
single channel and single filter approximations. As a result, the feasibility of this approach
may be uncertain, and it could potentially impact the overall effectiveness of the fine-
tuning process.

In conclusion, LGAP stands out as a promising approach by effectively exploring
spatial relationships among filters and achieving superior performance compared to
statistical pruning techniques. However, further improvements are needed in the pro-
posed framework for fine-tuning to ensure its effectiveness and feasibility in restoring the
model’s performance after pruning. Obtaining the right balance between spatial under-
standing and performance recovery remains a challenge for successful filter pruning and
model compression.

Therefore, in our research, we introduce a novel framework that combines filter
pruning with Kernel Recovery (KR) to enhance model compression and performance
preservation. The core of this framework is our Localized Gradient Activation heatmap
(LGAP) algorithm [16], which takes into account the spatial relationships between filters
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and the objective prediction during the analysis, with an integration of KR, where kernel
weight reconstruction is performed to ensure that the feature map results at subsequent
layers closely resembling those of the original unpruned model. In our KR technique,
we utilize regression with cross correlation (cosine similarity) for global loss to train
new kernel weights, allowing the process to be applied to multi-channel and multi-filter
convolutional layers. The advantage of KR lies in its computational efficiency compared to
the time-consuming fine-tuning method, allowing for a more rapid deployment of model
compression while maintaining performance. It can be seen that LGAP leverages a data
feed-forward technique to explore the spatial relationships among filters within each layer,
going beyond traditional single filter analysis. By identifying weak filters within localized
regions through a localized prediction map, we can isolate crucial areas for the target
prediction. This approach contrasts with other filter pruning techniques that rely heavily
on statistical criteria, such as weighted sum or output feature maps such as APoZ and
SSR. Such statistical methods often overlook important spatial data, leading to incomplete
relational layer analysis and a limited understanding of the model’s predictions.

3. Methods

In this section, we present our new framework for filter pruning in two sections: an
overview of the framework in Section 3.1, the convolutional approximation of a small
model (CASM) in Section 3.2.

3.1. Overview of Our Framework

The fundamental framework of filter pruning consists of four main processes: filter
selection, filter pruning, CASM, and performance recovery. The overview of our framework
is illustrated in Figure 1.

Filter selection

Filter pruning

Convolution
approximation of a
small model (CASM)

v

Performance recovery

Figure 1. Overview of our framework.

In filter selection, filters are assessed and scored based on their significance to layer
performance. We adopt our Localized Gradient Activation heatmap (LGAP) [16], which
provides the spatial relationships between the feature map activation of the explored filter
and the target prediction. The filter score is then estimated in term of the layer-wise loss
persistence, which is the gradient difference between a full layer and a layer that does not
have an inspected filter.

The first step involves the calculation of the gradient. The estimation of this gra-
dient entails examining the predicted outcome of the top-ranked class in relation to the
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output feature map of the activation layer. These output feature maps are generated by
inputting the training dataset into the network and extracting them before the softmax
layer. The representation of this relationship can be observed in Equation (1) [26].

ay*
1k
G = AT (1)

G'* is the gradient of kth filter in the layer [, y° is the prediction result of top-class c.
Al'¥ is the feature map from the activation layer of the kth filter in layer I.

The alpha weight can be calculated after estimating the gradient by performing a
global-average-pooling of the gradient, as described in Equation (2) [26].

i 1 "W
wy = 7 wg};cm @)

aj is the alpha weight of the kth filter in layer /, H x W is the Height and Width of
the output gradient class c.

Finally, the layer-wise loss persistence can be calculated, as presented in
Equation (3) [16].

Hyp = norm(|(}_ af p A%y = “f,fA"fD (3)
3

where H is the loss persistence heatmap, f is the filter that is analyzed in layer /, kth is
the filter within layer /, ¢ is the top predicted class and a is the significant weight that is
obtained by neuron in the form of global-average-pooling of the gradient.

The persistence score quantifies the impact of a filter’s loss and aids in distinguishing
between significant and insignificant filters. The higher the persistence score, the less the
consequence of losing the examined filter from the layer. Weak filters with minimal loss
impact are considered as unnecessary kernels and their weight parameters are removed
from the layer. Depending on the layer’s sensitivity, the model performance may decrease
after pruning weak filters. To preserve model performance, most researchers engaged in
a process of fine-tuning. A range of fine-tuning strategies, including layer-by-layer and
all-layer fine-tuning, were utilized. Nevertheless, not all parameters used for fine-tuning
and optimization were disclosed. It would be quite challenging to estimate how researchers
configured their algorithms for iterative pruning with fine-tuned parameters. In order to
effectively restore the performance of the pruned model relative to the original unpruned
model, the process of fine-tuning takes not only an excessive amount of computing effort
but also a substantial amount of retraining data.

To alleviate the complexity of fine-tuning aimed at preserving model performance, we
introduced a Kernel Recovery (KR) strategy. The purpose is to restore the kernel coefficients
of the pruned model, aiming to recover the subsequent layer’s output activation as closely
as possible to that of the original unpruned kernel. Our KR strategy, named Convolutional
Approximation of a Small Model (CASM), was utilized to approximate the kernel weights
of the pruned model from a partial convolution kernel.

Following KR, the model structure was nearly reinstated, allowing further refinement
with just a single round of either partial or full fine-tuning for overall adjustment. With
KR, we are able to reduce the complexity of restoring model performance, as the approxi-
mation of a small model requires significantly less computational time and involves fewer
retraining data.

3.2. Conwolutional Approximation of a Small Model (CASM)

CASM is a method for restoring kernel weights following the pruning process, as
illustrated in Figure 2. Filters are assessed in process 1 (Filter Selection), and the results
of weak filters are marked in purple highlighted blocks, where the dimension of the filter
kernel is given as H, W: the height and width of the feature map, C: the number of filter
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channels, and F: the number of filters. In process 2 (Filter Pruning), highlighted weak
filters in process 1 are removed from the CNN model while process 3 (CASM) performs
convolution approximation of the kernels at layer / + 1, which are affected by the reduction
of output activations at layer I. As a result of the removal of the filter, only fragments
of output activations remain, and partial convolutions are conducted at layer / + 1. Due
to the loss of activation output from layer [ as the input to layer / + 1, the remaining
channel weights are no longer suitable to maintain layer performance. To restore the layer’s
performance, the surviving channel weights must be relearned. We create a small model of
a kernel based on the remaining structure of layer / + 1, and we copy the remaining weights
onto this small model. This small model is then trained using fundamental optimization in
the spatial domain, with an objective function defined in Equation (4) [25].

1
J = 5llhxx—y|? @

where | represents the objective function, h is the filter kernel of a small model, * is
convolution, x is the feature map of layer I from process 2 (Filter Pruning), and y is the
output feature map of layer [ + 1 from process 1 (from original unpruned layer).
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Figure 2. Procedure of our CASM framework.
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During the training process, kernel weight optimization is performed, and a cross-
correlation (cosine similarity) metric (Equation (5)) is used as a performance assessment
between the feature maps resulting from a small model and the original unpruned model.
The optimization parameters are listed in Table 1.

Table 1. A summarized table of optimization parameters for training CASM.

Parameter Value
Optimizer SGD
Learning rate 0.001
Momentum 0.9
Weight decay 0.0005
Epoch for training 500

The optimum weights of the small model are then reassigned to the pruned model
at convolutional layer / + 1 in process 4 (partial fine-tuning). In process 4, partial fine-
tuning is executed from the initial layer up to convolutional layer I 41 (as depicted by the
green highlighted block in Figure 2), encompassing all segments of the fully connected
layer. Subsequent to the elimination of the final pruning layer, the model’s performance
is reestablished through full fine-tuning. During this phase, all layers within the pruned
model are unfrozen.

- & 7B
I ATH1BY|

where S represents cross-correlation (cosine similarity), A is a feature map from small
model prediction and B is feature map / + 1 from the original model.

(5)

4. Experiments and Discussion

This session evaluates the performance of the CASM framework using a CNN model
that has been pre-trained via Keras library [27]. In Section 4.1, we explain the details of
the pre-trained model and data to be implemented for the CASM framework evaluation
experiment. In Section 4.2, we compare the results of CASM and its pruning model to those
of other techniques utilizing basic or other frameworks.

4.1. A Detail of Experimental Implementation

The performance of the CASM framework was evaluated using two datasets and two
pre-trained CNN models.
The utilized experimental datasets are the following:

1. CIFAR-10 [28] is a small dataset, encompassing 32 x 32 pixel color images. This
dataset contains 60,000 images with 10 different classes, with 50,000 allocated for
training and 10,000 for testing.

2. ImageNet (ILSVRC 2012) [29] is a large-scale dataset, consisting of 1.2 million images
for the training set, with 1000 different classes, and 50,000 images for the validation
set. The images are resized to 256 x 256 pixels, cropped to 224 x 224 pixels based on
their centers, and horizontally flipped during the data augmentation process.

The utilized pre-trained CNN models are the following:

1. VGG-16 [30} is a state-of-the-art CNN model designed for image classification. The ba-
sicstructure consists of 13 convolutional layers and was designed to be used with large-
scale image datasets. In each layer, the size of the kernel is 3 x 3. The performance of
VGG-16 for image classification is outstanding. It was trained on datasets from Ima-
geNet to CIFAR-10 [31] by reducing the number of object classes in the fully connected
layer from 1000 to 10. In addition, a batch normalization layer [32] and a dropout
layer [33] were added to each convolutional layer. All convolutional layers of VGG-16
on CIFAR-10 have parameters of 1.5 x 107 and FLOPs (Floating Point Operation) of
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6.3 x 10%. In this article, we equated 2x Multiply-Accumulate Computations (MACs)
with FLOPs.

2. ResNet-50 [12] is a state-of-the-art CNN model that is produced with a baseline of
VGG-16 and 16 unique structures called residue blocks. This model can only have
the first two convolutional layers of each block pruned, as the final convolutional
layer cannot be pruned due to its unique structure. If it is pruned, the output feature
map of the final convolutional layer of the block will not be compatible with the
output feature map from the shortcut connection due to their difference in dimension.
ResNet-50 has 2.3 x 107 parameters and 7.7 x 10? FLOPs.

For VGG-16, pruning begins at the second convolutional layer. For partial-fine tun-
ing, the optimizer is set to SGD, one epoch, 0.001 learning rate, 0.9 momentum, and
0.0005 weight decay. For the final layer, a 103 to 10~ learning rate and forty epochs are
implemented. The batch size for this operation is set to 32. We prune model VGG-16 at a
ratio of 50%, pruning with a comparison of 32 and 128 batch sizes. The accuracy results
are 92.07% and 92.1%, respectively, and are not statistically distinguishable. In the CASM
process, the CIFAR-10 dataset is utilized with 5000 images for training and 1000 images for
testing. For the filter selection procedure, 10 images per class were used. Since VGG-16 on
CIFAR-10 requires less processing time to prune the model, we can experiment in detail
using a pruning ratio of 10-90%. The pruning ratio is the same for all convolutional layers.

For ResNet-50, pruning begins at the first convolutional layer of the first residual
block. For partial-fine tuning, the optimizer is set to SGD, one epoch, 0.0001 learning rate,
0.9 momentum, and 0.0005 weight decay. For the CASM process, the ImageNet dataset
is utilized with 1600 for training and 400 for testing. The remaining parameters are the
same as those used for VGG-16. Pruning ratios of 30%, 50%, and 70% are conducted for
ResNet-50 due to the large processing time of pruning on ImageNet.

To evaluate the performance of CASM and the basic fine-tuning framework, we
conducted experiments using the VGG-16 model on the CIFAR-10 dataset, with a pruning
ratio of 50%. We randomly selected three sets of 200, 500, and 1000 images from the dataset
for training the model. The fundamental training parameters, including the SGD optimizer,
learning rate of 0.001, momentum of 0.9, and weight decay of 0.0005, were kept consistent
for both frameworks.

Since the development time for the CASM framework is significantly shorter compared
to basic fine-tuning, we carried out experiments to assess layer recovery performance and
training time for each framework.

4.2. Pruning Model Results

In this section, we demonstrate the results of CASM and the CASM framework’s
pruning of the VGG-16 and ResNet-50 models.

4.2.1. Kernel Recovery Results of CASM

Cosine similarity is used to evaluate kernel recovery performance. The measurement
reflects how close the results of the restored kernel are to those of the original kernel prior
to pruning. Performance of the CASM on VGG-16 with CIFAR-10is illustrated in Figure 3.
Each color represents the outcome of each layer. The dotted line represents the training
outcome, while the solid line represents the testing outcome of the CASM procedure. See
also Figure 3a, which illustrates the outcome of layers 2-7 and Figure 3b, which illustrates
the outcome of layers 8-12. Even though the CASM training results are nearly constant at
epoch 300, as shown in Table 2, its performance has been satisfied since epoch 10. The final
layer recovery is not performed due to absence of output activation at the subsequent layer
of the original unpruned model used to train the small model. To achieve satisfactory
performance, the CASM framework requires at least ten epochs, whereas the basic fine-
tuning framework requires only one. However, as shown in Table 2, even with ten epochs
of CASM training, the required time is significantly less than that of simple fine-tuning.
With limited sample sizes (200, 500, 1000), CASM is able to regain performance that is
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superior to that of fine-tuning. Using the RTX 3090 (Nvidia Corporation, Santa Clara,
CA, USA), we determined the average process time of all layers (see Table 2). CASM
demonstrates superior processing speed compared to fine-tuning for different sample sizes.
Specifically, for 200, 500, and 1000 samples, CASM processes 3.3 times, 2.4 times, and
1.7 times faster, respectively. The basic fine-tuning framework, on the other hand, requires
a larger number of samples to achieve performance recovery. Even with 1000 samples,
the performance of the basic framework did not match that of CASM, which utilized only
200 samples. CASM achieved superior performance, despite using less than five times the
number of samples, and a performance gain greater than the basic fine-tuning framework,
with a margin of 0.1498 (0.8050-0.6552). The superiority of CASM over basic fine-tuning
becomes evident when considering the comparative aspects of sample size and processing
time demanded by each approach.

Table 2. A performance comparison of layer-by-layer pruning using CASM and basic frameworks
based on the pruned VGG-16 model with CIFAR-10 for 200, 500, and 1000 training samples.

Sample State/Process Layer 3 Layer 5 Layer7 Layer 9 Layer 11 Layer 13

Before/ CASM 0.8439 0.8431 0.7781 0.7755 0.8005 0.8050

200 After/CASM 0.9220 0.8793 0.8076 0.8054 0.8041 0.8050 (1.25 s)
Before/fine-tuning 0.4852 0.4637 0.3357 0:2522 0.4046 0.2251

After/fine-tuning 0.5623 0.3410 0.2432 0.3346 0.3808 0.1961 (4.13 s)
Before/CASM 0.8418 0.8487 0.8016 0.8007 0.8238 0.8291

50 After/CASM 0.9232 0.8859 0.8296 0.8270 0.8293 0.8291 (1.85 5)
Before/ fine-tuning 0.4496 0.5213 0.4081 0.3972 0.5648 0.4478

After/fine-tuning 0.5922 0.5131 0.4926 0.4830 0.5865 0.5717 (4.35)
Before/CASM 0.8498 0.8397 0.7774 0.8091 0.8350 0.8365

1006 After/CASM 0.9243 0.8902 0.8364 0.8389 0.8355 0.8365 (2.59 s)
Before/ fine-tuning 0.6569 0.6162 0.5068 0.5349 0.6206 0.6469

After/fine-tuning 0.7498 0.6075 0.5602 0.6471 0.6651 0.6552 (4.43 s)

s represents seconds.
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Figure 3. Cont.
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Figure 3. Performance (Cosine Similarity) of the CASM on VGG-16 with CIFAR-10 at 50% pruning
ratio and the original model, where a dotted line represents the training result and a solid line
represents the testing result, (a) the outcome of layers 2-7, (b) the outcome of layers 8-12.

4.2.2. Pruning Performance of VGG-16 on CIFAR-10

Table 3 illustrates the results of LGAP’s pruning with a combination of either the basic
fine-tuning framework or the CASM framework. The results indicate that LGAP with
CASM produces fewer errors than LGAP with the basic framework for pruning ratios less
than or equal to 50%. With the range of 10% to 50% pruning ratio, the different errors
between the basic and CASM frameworks are 0.13%, 0.17%, 0.24%, 0.03%, and 0.14%,
respectively. Ata 20% pruning ratio, the result of CASM pruning is roughly equivalent
to the original model. This indicates that the CASM framework could restore excellent
performance with a pruning ratio of 50% or less. If the pruning ratio is greater than
50%, the recovery performance of the CASM framework tends to degrade. Therefore, we
would suggest using the CASM framework for a pruning ratio of 50% or less. Pruning
VGG-16 could reduce FLOPs, number of parameters, and storage by 3.6 x,3.9x, and 3.9,
respectively, at a pruning ratio of 50%. Figure 4 illustrates a comparison of the performance
of our LGAP with either the CASM or the basic framework and other pruning techniques:
Random, Weighted sum, APoZ, and Mean gradient. It can be seen that ata pruning ratio
less than or equal to 50%, the performances of all techniques are comparable.

Table 3. Pruning performance comparison of LGAP with basic framework and CASM framework
based on VGG-16.

Technique, Pruning FLOPs P Storag Storag
Framework Ratio Error (%) FLOPs Reductions (x) Paramietels Reductions (x) Size (MB) Reductions (x)
- 0% 6.41 6.3 x 10° 0 1.5 x 107 0 57.4 0.0
LGAP, Basic 6.32
— a0y 5.1 x10% 12 1.2 x 107 12 462 12
LGAP, CASM 6.19
LGAP, Basic 6.64
e —————— 20% 41 x 108 15 9.6 x 10° 1.6 36.6 16
LGAP, CASM 647
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Table 3. Cont.
Technique, Pruning o FLOPs P. Storag Storag
Framework Ratio Keror (%) FLOE« Reductions (x) Rarameters Reductions (x)  Size (MB)  Reductions (x)
LGAP, Basic 712
30% 32x10° 20 7.4 x 10° 20 282 20
LGAP, CASM 6.88
LGAP, Basic 728
40% 24 x 108 26 54 x 10° 28 209 28
LGAP, CASM 725
LGAP, Basic 8.07
T 50% 1.7 x 108 3.6 3.8 x 10° 39 14.6 39
LGAP, CASM 793
LGAP, Basic 853
T 60% 1.2 x 10° 54 24 x 10° 6.2 9.4 6.1
LGAP, CASM 8.97
LGAP, Basic 10.34
—— 70% 7.2 x 107 87 14 %10° 108 55 105
LGAP, CASM 11.41
LGAP, Basic 13.88 >
— 80%. 3.7 x 107 16.9 6.4 x 10° 235 2.6 222
LGAP, CASM 15.82
LGAP, Basic 23.48
ST 90% —= 17 4.1 1.8 x10° 844 0.8 69.5
LGAP, CASM 25.97
X is times. MB is Megabyte.
1.00
0.90
0.80
0.70
i;‘O.GO
5050
3
< 0.40
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0.20
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=+ LGAP with basic framework-+-Our CASM with LGAP

Figure 4. Performance comparison of a pruned VGG-16 with CIFAR-10 using CASM framework and
other techniques using basic fine-tuning framework.

4.2.3. Pruning Performance of ResNet-50 on ImageNet

Table 4 illustrates the performance of pruning Resnet-50 using the LGAP technique
with a combination of either the CASM or the basic fine-tuning framework. The experi-
mental results show that LGAP with the CASM framework can provide superior recovery
performance by 0.75% (30% pruning ratio) and 0.13% (50% pruning ratio) fewer errors for
the top-1 and 0.13% (30% pruning ratio) and 0.08% (50% pruning ratio) fewer errors for
the top-5. However, when the pruning ratio exceeds 70%, the basic framework is superior
to the CASM framework. We believe that after a substantial amount of pruning, there is
insufficient data for recovery since only a small number of filters remained. Thus, the basic
fine-tuning framework with a massive number of retraining samples and several retraining
cycles continues to be essential.
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Table 4. Pruning performance comparison of LGAP with basic framework and CASM framework
based on ResNet-50.

Framework

Pruning Ratio Top-1 Error (%) Top-5 Error (%) FLOPs Parameters

Storage Size

(MB)
- 0% 25.10 7.90 7.7 x 10° 2.6 x 107 982
Basic 27.55 8.94
30% 4.8 x 10° 1.7 x 107 652
CASM 26.80 8.67
Basic 28.66 9.79
50% 34 x 10° 1.2 x 107 478
CASM 28.53 9.71
Basic 31.44 11.26
- 70% 2.2 x 10° 8.7 x 106 336
CASM 3147 1145

Top-1 represents the highest probability (top-ranked) prediction that corresponds with the ground truth. Top-
5 represents the five highest probability predictions that correspond with the ground truth. MB represents
Megabytes.

In Table 5, we compare the performance of LGAP with CASM to those of other
techniques. Ata 50% pruning ratio, the Top-1 accuracy of LGAP with CASM is superior to
Random, SSL, ThiNet, APoZ, weighted sum, SSR-L2, Gradient mean, and LGAP with a
basic framework by 1.22%, 1.15%, 0.69%,0.82%, 0.88%, 0.22%, 0.47%, and 0.13%, respectively.
For top-5 accuracy, LGAP with CASM outperforms Random, SSL, ThiNet, APoZ, weighted
sum, SSR-L.2, Gradient mean, and LGAP with the basic framework by 0.94%, 0.87%,
0.47%, 0.60%, 0.61%, 0.30%, 0.13%, and 0.08%, respectively. ResNet-50 with 50% pruning
can help reduce FLOPs, number of parameters, and storage by 2.3x, 2.1x, and 2.1x,
respectively. The random technique for filter selection in model pruning is considered
unstable, given its potential to yield either the best or the worst outcomes. It possesses
the capacity to prune both robust and weak filters from the model. Although SSL can
perform model pruning, it frequently alters the original model structure. The weighted
sum approach relies on statistical weights to evaluate filters, constraining its ability to
comprehend the spatial correlations and behavior of filters within a layer. Data-driven
methodologies like ThiNet, APoZ, SSR-L2, Gradient Mean, and LGAP have demonstrated
superior performance when compared to using only weight analysis. APoZ assesses filters
based on the average percentage of zero activations within the activation layer. However, it
fails to distinguish between two filters sharing the same zero activation area, potentially
resulting in suboptimal pruning choices. Techniques such as ThiNet, SSR-L.2, and Gradient
Mean analyze filters using output feature maps and gradients, leading to a deeper grasp
of filter significance in contrast to APoZ. Nevertheless, these methods still lack spatial
relationship corresponding to target prediction.

In contrast, LGAP can analyze the spatial relationships among filters in each layer
in a data-driven manner. Unlike methods that focus on a single weak filter, LGAP
emphasizes distinct weak filters, allowing for the identification of crucial areas for tar-
get prediction. Consequently, LGAP demonstrates superior performance compared to
alternative techniques [16].

Figure 5 illustrates the visualization of the feature maps resulting from the pruned
ResNet-50 using LGAP with either the CASM framework or the basic fine-tuning frame-
work and the original model at different pruning ratios (30%, 50%, and 70%). When
gradient localization was applied to LGAP and the basic fine-tuning framework with a
30% pruning ratio, our past research showed that the gradient localization of the model
derived from both frameworks was comparable to that of the original model. However,
during these experiments, we have observed that some sample images resulted in more
gradient localization deviations with improved performance, such as the input image of
class n01631663 in Figure 5 (upper). Additionally, we discovered that even when using
data from the same class but sourced from outside ImageNet, the results still followed
the same trend, as seen in Figure 5 (lower). These results indicate that such images can
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be effectively utilized for our purposes. The Fl-score of the original model is 0.771 while
the Fl-scores of 30%, 50%, and 70% pruning ratios for LGAP with a CASM framework
are 0.776, 0.796, and 0.817, respectively and for LGAP with a basic framework, they are
0.766, 0.804, and 0.787, respectively. When the compression ratio increased, the gradient
localization varied more from the original model, as seen in Figure 5. Even at a pruning
ratio of 70%, the Fl-score of LGAP with CASM is proven to be superior to the original
model and other pruned models. Even though pruning performance degrades at a high
pruning ratio, some classes may outperform models with a lower pruning ratio or the
original model. In addition, we analyzed the results from pruning the ResNet-50 model
obtained from CASM and the basic framework in Table 6. We fed two images per class
(2000 images) from the validation set into the network of the original model, pruned the
model by CASM and pruned the model by basic framework to obtain the output feature
map from the final activation layer of each model. Cosine similarity is used to compare the
similarity of the output feature map from the original model and pruned models (pruning
by CASM and basic framework). We found that the cosine similarity between the original
model and the pruned model by CASM at 30% and 50% pruning ratios was higher than the
cosine similarity of the original model and the pruned model by the basic framework. This
shows that pruning the model by the basic framework has a greater impact on changes
from the original in the output feature map than CASM. When using the basic framework,
all the layers are fine-tuned, which causes significant shifts in the model weights. Moreover,
the time complexity of the basic framework is relatively high due to the fact that some of
the layers are sensitive to being retrained and require additional fine-tuning (more than one
epoch). In contrast, CASM attempts to restore performance by training the layer adjacent
to the pruned layer and fine-tuning just certain parts of the model.

Table 5. Performance comparison of pruned ResNet-50 using LGAP with either CASM or basic
framework with other pruning techniques at 50% pruning ratio.

Top-1 Accuracy Top-5 Accuracy

Technique Decrease (%) Decrease (%) FLOPs Parameters Pruned
Random 4.65% 2.75% 34 x 10° 12 % 107 50%
SSL[19] 4.58% 2.68% 42 x 10° 13 x 107 ~50%

ThiNet [23] 412% 2128% 34 % 10° 12 %107 50%

APoZ [21] 4.25% 2.41% 34 % 10° 1.2 x 107 50%

Weighted sum [20] 4:31% 2.42% 3.4 %.10% 12 x 107 50%
SSR-12 [24] 3.65% 2.11% 34 x 10° 1.2 %107 50%
Gradient Mean [22 3.90% 1.94% 34 x 10° 12 x 107 50%
'}GAP Wm;(basic 356% 1.89% 3410 12 %107 50%
ramework [16]
o - i 343% 181% 34 x 10° 12 % 107 50%
ramework

Top-1 represents the highest probability (top-ranked) prediction that corresponds with the ground truth. Top-5

represents the five highest probability predictions that correspond with the ground truth.

Table 6. Cosine similarity of the output feature map at the final activation layer after pruning all
layers was compared between the original model and CASM and basic framework on ResNet-50.

Pruning Ratio (%) CASM Framework BASIC Framework
30 0.6970 0.6752
50 0.6105 0.5996
70 0.5076 0.5087

The introduction of the CASM has led to significant improvements in both perfor-
mance and efficiency compared to the original model. By minimizing the deviation of the
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output feature map, CASM achieves greater similarity and improved accuracy. The CASM
framework offers not only improved performance but also a significant reduction in time
complexity, achieving a speed increase of 3.3 times compared to the basic framework.
Moreover, CASM exhibits a capability to achieve higher model accuracy with a smaller
dataset as compared to the basic framework (Table 2). With the integration of CASM into
the pruning technique, our LGAP filter pruning becomes more effective, while ensuring
that computational resources such as FLOPs and storage space remain consistent with the

basic framework.

.

Input image from ImageNet  Original ResNet-50

m

Input image d
(n01631663_2054) =

30 % pruning ratio of ResNet-50 50 % pruning ratio of ResNet-50 70 % pruning ratio of ResNet-50
LGAP with basic framework LGAP with basic framework LGAP with basic framework
30 % pruning ratio of ResNet-50 50 % pruning ratio of ResNet-50 70 % pruning ratio of ResNet-50

CASM framework LGAP with CASM framework LGAP with CASM framework

Input image from same class Original ResNet-50

30 % pruning ratio of ResNet-50 50 % pruning ratio of ResNet-50 70 % pruning ratio of ResNet-50
LGAP with basic framework LGAP with basic framework LGAP with basic framework
30 % pruning ratio of ResNet-50 50 % pruning ratio of ResNet-50 70 % pruning ratio of ResNet-50
LGAP with CASM framework LGAP with CASM framework LGAP with CASM framework
Figure 5. Visualization of feature map results from our pruned models with 30%, 50%, and 70%

pruning ratio. The input image (n01631663_2054) is an image from the ImageNet [29] and the input
image from the same class is from [34].
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However, it is essential to note that CASM has a limitation when the pruned model
exceeds a 50% threshold. In such cases, the recovery performance tends to deteriorate
due to an insufficient number of channels in the remaining weights of the convolutional
layer. This makes it difficult to accurately reconstruct the output feature map, as illus-
trated in Table 6. Despite this limitation, CASM'’s overall contributions to performance
enhancement, efficiency, and resource preservation make it a valuable addition to the
existing framework.

5. Conclusions

In this research, we propose a new filter pruning framework for CNN models. Our
new framework, known as the CASM framework, is a kernel recovery process, which
creates a small model of remaining kernels. The kernel weights of the small model are
fine-tuned to restore the feature map of the remaining kernel as closely as possible to that
of the original unpruned kernel. With the same amount of training samples, CASM yields
better results than the basic fine-tuning framework, while demanding less computational
effort. The results clearly indicate that the CASM framework can restore the performance
of a pruned model more effectively than the basic framework, especially at a pruning
ratio of 50% or lower. This holds true for both VGG-16 with CIFAR-10 and ResNet-50
with ImageNet. Hence, CASM assists in recovering the remaining kernels with reduced
complexity, fewer training samples, and less storage usage compared to the basic fine-
tuning framework. The experimental results demonstrate CASM'’s superiority over the
basic fine-tuning framework, showing faster time acceleration (3.3 x), requiring a smaller
dataset volume for performance recovery post-pruning, and enhancing accuracy. For future
research, we plan to explore a new framework for minimizing the time required to restore
a pruned model’s performance by reducing both partial and full fine-tuning processes.
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SSR Structured sparsity regularization
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ABSTRACT. Convolutional Neural Network (CNN) is a well-knouwn Deep learning model
utilized extensively in the field of computer vision. The structure of convolutional neu-
ral networks is quite complicated and necessitates a substantial amount of eomputational
time and storage resources. As.a result, it is difficult to-adopt a CNN model on a resource-
constraint_device. Model pruning can help to reduce eomputation time and storage re-
quirements. In this research, we propose a filter pruning technique based on Localized
Gradient Activation heatmaP (LGAP) for the purpose of pruning CNNs. Analyzing a
filter based on statistical criterion of single neuron can lead to a loss in spatial relations
within the filter activation itself. the relationship to target prediction. as well as the re-
lationship among filters in that specific layer. To minimize the limitations, we evaluate
the significance of a filter through the spatial information of local gradient activation re-
lated to the target prediction in terms of the layer-wise loss of the investigated filter. The
effect of loss of an investigated filter demonstrates the significance or insignificance of
the filter. Our pruning criteria ensure that these significant filters are preserved, while
maintaining the model accuracy. The performance of our pruning method was validated
using VGG-16 and ResNet-50. With pruning ratio of 50%., VGG-16 tends to decrease
1.66% of its accuracy, 3.6x of FLOP and 3.9x of storage reduction. For ResNet-50,
with 50% pruning ratio, the results show that Top-1 and Top-5 of our pruning techniques
outperform all the baseline techniques with a reduction of top-1 accuracy by 3.56%, top-5
accuracy by 1.89%, Floating Point Operation by 2.3x, and storage by 2.05x .
Keywords: Filter pruning, Convolutional neural networks, Deep learning, Model com-
pression

1. Introduction. Convolutional Neural Networks (CNNs) are being used to solve hu-
man problems in both industry and academia. In computer vision, they are particularly
helpful for tasks like image classification [1, 2], object detection (3, 4, 5, 6, 7, 8], object
recognition [9, 10, 11, 12}, and semantic segmentation [13, 14]. The performance of CNNs
has been demonstrated to be exceptional in recent years: Their structures are complex
and made up of numerous interconnected layers. This structure enables in capturing data
patterns through filters in each layer. Normally, CNNs have filters for detecting edges and
colors in their first layer. Deeper layers can recognize more complex patterns (grids or
stripes) by using data from earlier layers. This results in the layer’s filter having a large
number of parameters and a large amount of storage space. For example, ResNet-50 [15]
contains 25.6 million parameters and requires 98.2 megabytes (MB) of storage space. It
influences the total amount of time necessary for the learning and prediction procedures.
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The cost of the Graphic Processing Unit (GPU) to run the model is considerable. More-
over, it is difficult to execute CNNs model on hardware with limited resources [16], such
as a microcontroller or smart phone. Limited resources refer to limited battery, computa-
tional unit, storage, etc. Model compression is a key strategy for running CNNs models
effectively in constrained environments and resources.

Model compression is a technique for reducing the size of CNN’s model, which can be
classified into 3 categories [17, 18]. 1) Precision reduction is a technique for maintaining
CNN performance while reducing the number of bits necessary to represent the CNN
weights [17]. Although this technique can minimize the amount of storage and power
requirement [19], it greatly depends on the criteria for selecting the number of bits, which
could affect the model’s accuracy. 2) Network pruning, a compression technique, is used
to evaluate weights with less impact on the model’s accuracy. The chosen weights are then
set to zero or eliminated from CNN, and retraining is performed after that. The weight
removal procedure is challenging, and the outcomes heavily depend on weight analysis.
Inefficient weight analysis might result in decreased accuracy and ineffective compression
issues [17]. 3) Compact network architecture is a technique for reducing the number of
weights in CNN by altering the kernel design. Presently, a new structure in a sequence of
conyolutional layers with reduced kernel sizes has replaced the underlying structure. For
instance, one of the most well-known architectures of the compact CNN is SqueezeNet
[20]. The three strategies are implemented as follows: 1) The kernel size of the filter has
been reduced from 3 x 3 to 1 x 1; 2) There is a reduction in the number of input channels
that are transmitted to the 3 x 3 filters; 3) Subsequent layers reduce the feature map to a
more manageable size. The compact nature of SqueezNet results in a significant reduction
in the number of parameters, which in turn minimizes the amount of processing time
required for CNN training and operation. A significant amount of information has been
lost due to the squeeze convolutional layer’s reduction of the channel number. Despite the
fact that the model makes an effort during the expand process to recover the information
loss, it is impossible to restore such a large amount of information that has been pruned,
particularly when non-linear layers are being replaced.

Network pruning is the most intriguing technique among all CNN compression tech-
niques. According to network training observation, this strategy can remove a variety of
irrelevant weights with less impact on the pruned model’s accuracy. The authors of [21]
made use of the second derivative principle to enable tradeoffs between training errors and
network complexity. Even though it is useful for real-world applications, the structure of
a deep model necessitates a significant amount of storage space and processing capacity.

It was recently proposed to use the basic pruning technique to reduce weights when
all connections were below a certain threshold. The model was then adjusted to restore
accuracy [22]. After numerous iterations, the model became extremely sparse and non-
structured, making it unsupportable by standard libraries. As a result, the model needed
specialized hardware and software in order to collaborate effectively due to the unpre-
dictable nature of network connections. The issue of non-structured random connectivity
had an impact on memory accessibility and cache utilization [23]. Random connectivi-
ty caused poor cache locality, erratic memory access, and potential effects on practical
acceleration. This restriction can occasionally cause a slowdown in acceleration.

Filter level pruning is one way to overcome non-structured limitations [24]. After re-
dundant filters were removed, the pruned model was not sparse and did not cause a
non-structure issue. This made it possible for the model to be more effective than non-
structured pruning in the following ways. 1) This results in valid network connectivity,
where implementation can be assisted by deep learning libraries, since the model struc-
ture is not harmed after pruning. As a result, the model can be further compressed using
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other techniques, such as quantization of the parameters [25]. 2) As a result of model
parameters being pruned, storage can be significantly reduced.

From previous research, it can be seen that the pruning criteria used for filter selection
can have a great effect on the performance of the pruned models. The statistical based
criteria are mostly adopted since the estimation is simple and can be used to represent
the overall significance level of a neuron. Global representation might lack ability to deal
with localizing the objects or Region-of-Interest (ROI), whereas single neuron analysis
may lose information regarding the relationships within and between layers respected to
the final prediction.

We, therefore, proposed a filter pruning method based on the Localized Gradient Acti-
vation heatmaP (LGAP), which considers the spatial correlation between the investigated
filter and the target prediction. The LGAP was adopted as our criteria to prune filters
in the CNN layers by analyzing the significance of a filter through the similarity of each
CNN layer’s behavior before and after pruning to estimate the filter's impact. The layer-
wise loss of the investigated filter was determined in order to analyze the gradient differ-
ence between a complete layer and a layer without an investigated filter. The effect of
loss of an investigated filter demonstrates the significance or insignificance of the filter.
Our pruning criteria ensure that these critical filters are preserved, while maintaining the
model accuracy. The model is then fine-tuned to recover prediction performance after
pruning. The effectiveness of the proposed pruning method will be compared to other
pruning techniques. From the experimental results, filter pruning based on our LGAP
strategy can identify appropriate filters to be pruned, thus preserving the superior per-
formance over other pruning techniques. The pruned model contributes to a reduction in
the total amount of computational time, the number of parameters, and the amount of
storage space required, depending on the selected pruning ratio.

2. Related Work. Compression techniques can be used to resolve the problem of an ex-
cessive number of parameters presented by deep learning models. To accelerate CNN [21],
the model coefficients were initially removed using the optimal brain damage technique.
This was one of the early techniques for pruning a network. The authors attempted to
select parameters for regularization of the pruning process using a second-order Taylor ex-
pansion. In contrast to conventional fine-tuning, this method demanded the computation
of the Hessian matrix, which added extra memory and computational overhead. Research
on a new technique that integrates group-wise pruning into the learning phase was pro-
posed by Lebedev and Lempitsky [26]. This allowed for group sparsity regularization.
Since most of their values were close to zero, some weight groups might be eliminated.
The approach in [23] adopted the Structured Sparsity Learning (SSL) technique. CNN
structures can be regularized in a variety of ways. including the use of filters, filter shapes,
channels, and layer depth. Even though SSL can effectively prune the network, the loss of
the basic network structure may result in unsupported libraries. Other filter level pruning
methods were proposed such as random pruning, weight sum technique [27], Average Per-
centage of Zeros (APoZ) [28], mean gradient [29], and Structured Sparsity Regularization
(SSR) [30]. 1) Random pruning, in which filters are removed at random. 2) The technique
of weight sum in [27] eliminated filters based on the sum of their absolute weights. As the
weight sum increases, the filter becomes more significant. 3) Average Percentage of Zeros
(APoZ) [28] technique determined the significance score of the filter, which was computed
from the percentage of zero values in the activation output. A large percentage of zero was
an indication that the filter was unnecessary and should be removed. 4) Mean gradient
[29] is a pruning technique that analyzed layer feature maps based on its mean gradient.
5) Structured Sparsity Regularization (SSR) [30] was a technique in which the objective
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function incorporated the structured sparsity constraint as well as the correlation between
the global output loss and the local filter removal. Alternative Updating with Lagrange
Multipliers (AULM) was employed for adaptive filter pruning based on two different types
of structure sparse regularizers to deal with the convergence challenge. The approach was
reportedly capable of achieving a fast convergence rate. 6) ThiNet [24] adopted a greedy
strategy for channel selection, to prune the target layer by greedily selecting the input
channel that has the least increase in reconstruction error.

The majority of currently available methods tend to concentrate on applying statistics
to the filter weights (weight sum [27]) or feature map activations (APoZ [28], and SSR
[30]), as a statistical criterion to distinguish the importance of filter neurons. However,
these methods did not carry out data-driven (data feed forward) operations across the
network of the model, which led to a lack of relational data analysis inside a layer as
well as consequences on the data’s propagation to the final prediction. Even though the
statistical criterion can be used to represent overall significant level of a neuron, aiming
to understand the predictions of a model by analyzing the individual units and seeking
an explanation for specific activation, it does not provide confident relationship of the
neuron respect to the final prediction. ThiNet [24] evaluates channel importance based
on reconstruction loss from the least-square estimation to identify filter channels with the
smallest impact to the output feature map. Nevertheless, previous mentioned techniques
rely on the analysis of statistical evaluation of the filters, which lack the spatial information
related to the target prediction. The localized prediction map is helpful in distinguishing
the critical regions of the target prediction. Moreover, there have been fewer studies on
the effects of pruned filter on the layer-wise activation.

Eliminating filter based on statistical criterion of single neuron analysis can lead to a
loss in spatial relations within the filter activation itself. as well as the relationship to
target prediction and the relationship among filters in that specific layer. To minimize the
limitations, our contribution aims to

1) Analyze the localized gradient activation to estimate the spatial relationship between
an individual filter and the output prediction;

2) Estimate filter pruning criterion based on the Localized Gradient Activation heatmaP
(LGAP), which considers the spatial relationships between the feature map activation of
the investigated filter and the target prediction;

3) Evaluate weak filter pruning strategy based on layer-wise loss of the investigated
filter.

LGAP offers the advantage of using a data-driven method in conjunction with a study
of the spatial relationship among filters in each layer based on layer-wise behavior rather
than a single neuron analysis to identify weak filters while preserving the model’s perfor-
mance. As aresult, the efficacy of our pruned model outperforms the previously discussed
strategies [24, 28, 30).

3. Methods. In this section, we detail our filter pruning technique into 4 sections: an
overview of our filter level pruning method (Section 3.1), the LGAP estimation (Section
3.2), Significant filter scoring (Section 3.3), and weak filter pruning (Section 3.4).

3.1. Overview of our filter level pruning. Our filter pruning process is performed
on a pre-trained CNN model. To visualize the behavior of a filter neuron, the idea of
gradient-based localization [31] is adopted. The localization can be achieved by passing a
single forward of a set of training data to the pre-trained model. The gradient information
is then estimated according to partial backpropagating gradient respected to feature map
activations from the last convolutional layer of CNN to the beginning layers since the last
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convolutional layer is expected to be the best approximation between high-level semantics
from the fully-connected layers and detailed spatial relations from the CNN layers. The
benefit of gradient-based localization is its ability to generate visual explanations from
CNN neuron behaviors without architectural modifications. The global average pooling
of local-gradient information of each filter is calculated as a filter significant weight.

Then, a layer-wise heatmap of weighted channel activations is generated as a layer
summary. As a result, the activation from filter that corresponds best to the top class
output will be emphasized, while the activation from the filter that corresponds less to
the desired class will be diminished. The layer-wise heatmap can provide an excellent
visualization on the layer’s behavior. However, it may not be efficient illustration of the
filter’s behavior. Analyzing individual filter in each layer can be performed in two ways,
through analysis of a significant weighted activation heatmap corresponding to a single
filter neuron, or through analysis of heatmap loss from eliminating an investigated filter
activation. We discover that analyzing significant weighted activation heatmap on a single
layer basis may not be an effective way to determine the significance of a filter due to large
variations in activations among filters in specific layers. This can have an impact on the
development of filter scoring criterion for determining significant filters to be preserved
and pruning strategy.

However, analyzing the similarity of a complete layer versus a layer without an inves-
tigated filter based on a local gradient emphasized heatmap, known as loss persistence
heatmap, can provide an effect of loss of an investigated filter and prove to be better
distinguish significant from insignificant filters. Therefore, we would use the loss persis-
tence heatmap as our filter scoring criterion to prune the less effective filter to the desired
output class. The overview of our filter level pruning technique is illustrated in Figure 1.

) 57 1

\ N
v - Analyze filters in layers | 4 3 | . e L_J Fine-tuning
l Training dzmﬂH Pre-trained CNN Model using 1 GAP I Filter Scoring J—{ Weak Filter Pruning ™" Pruncd Model

FIGure 1. Overview of our pruning technique

3.2. Localized Gradient Activation heatmaP (LGAP). To estimate the LGAP, we
first compute the gradient estimation of the top class prediction with respect to an output
feature map activation obtained from training dataset prediction before softmax as shown
in Equation (1) [31].
C
g e (1)
DALk
where G'* is the gradient estimation of the kth filter in the layer I, y° is the output of
the top predicted class ¢, and A is the output feature map activation of the kth filter
neuron in the layer 1.

The significant weight () of a neuron in terms of a global-average-pooling of the
gradient G'* over both its height (H) and width (1V) corresponding to the output class
¢ can be calculated in Equation (2) [31]. The results of significant weighted feature map
help to emphasize the feature map of the significant filter, which can be visualized in
Figure 2.

H W
c 1 Lk
al,k = HxW ;;Gi,j (2)
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FIGURE 2. Significant weighted feature map

A layer summary can be expressed in terms of the layer-wise heatmap of weighted
channel activations called Localized Gradient Activation heatmaP (LGAP), where the
activations from filters best corresponding to the top-class output will be emphasized.
We found that the layer-wise heatmap (H.) can provide an excellent visualization on
the layer’s behavior and can be calculated in terms of a normalized sum of the significant
weighted feature map activations of all neurons in the particular (th layer and we proposed
those relations in Equation (3).

H. = norm Z af ALk (3)
k

where |.| is absolute value and norm is based on the max-min normalization.

Localized gradient information estimates are typically based on regulated activation,
with the assumption that negative activation may correspond to an undesired class [31].
Neglecting negative responses, on the other hand; may be beneficial for visualization,
but may not be effective for filter significant, analysis. To learn all filter's behaviors, both
positive and negative activations are taken into account using a normalized activation
heatmap visualization.

Analyzing individual filter in each layer can be performed through analysis of a signifi-
cant weighted activation heatmap corresponding to a single filter neuron or analysis of the
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heatmap of loss from eliminating an investigated filter activation. We discover that analyz-
ing significant weighted activation heatmap on a single layer basis may not be an effective
way to determine the significance of a filter due to large variations in activations among
filters in specific layers. This can have an impact on the development of filter scoring cri-
terion for determining significant filters to be preserved and pruning strategy. However,
analyzing the similarity of a complete layer versus a layer without an investigated filter
based on a local gradient emphasized heatmap, known as loss persistence heatmap, can
provide an effect of loss of an investigated filter and prove to be better distinguished sig-
nificantly from insignificant filters. Therefore, we would use the loss persistence heatmap
(Hy,s) to calculate our filter scoring criterion to prune the less effective filter respected to
the desired output class. The loss persistence heatmap can be calculated in Equation (4).

(Z azkA’*) — a A" ) )

where A4 is the activation of fth filter kernel at layer [, which will be removed.

Hy y=mnorm (

3.3. Filter scoring. This section explains our filter scoring criteria. Each filter is scored
according to a similarity between the heatmap of a complete layer (H.) and the loss
persistence heatmap (H, ) (see in Figure 3). The similarity can be viewed as a persistence
score when the particular filter f is removed from the layer. The higher the persistence
score, the less the filter’s removal effects on the desired output. We calculate the similarity
based on cosine similarity method as shown in Equation (5). This comparison shows how
the layer [ is changed after the filter f is removed.

Hc»Hl.f

S R
L NH A

()

where S, ; is the similarity score of the fth filter in terms of cosine similarity between H..
and H , and [|.|| is L2 norm.

Back propagation until

Simi
output feature map

utimage Con\l«:;:t:onal Oulpn:‘;‘pcalurc Fully]cat;zr:cclcd Prediction (Y)
® : Multiplication (O : Subtraction . [‘sun ] + Summation  [emt ] : Normalization of absolute value

af; : Significant weight
F1GUuRrE 3. Overview of our filter scoring procedure for the /th layer
After obtaining cosine similarity of all filters, we rank the similarity results. The higher

the similarity, the less effect the removed filters have on layer operation and are considered
as weak filters that must be pruned from the layer.
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3.4. Weak filter pruning. The procedure of weak filter pruning of layer / in CNN
model is illustrated in Figure 4. In the first step, the output feature maps of layer |
(Al € RFXWXK where H is the height, W is the width and K is the number of channels)
corresponding to the convolution filters at the /th layer (conv' € RS*S*K*D where S x S
(3 x 3) is kernel size, K is the number of filter channels and D is the number of filters or

Ferllt:rc r";_lip Convolutional layer / Fcarlnm m;p Convolutional layer /+1 Fo;allm’r;?p
similarity score

=
ER
fe
& = Filter scoring
g = edure 3
z
g £
23 g
3 5 &
~ a

Select activations and filter channels (red color)
corresponding to the weak filters needed to be pruned

IH"'xW"'xK"'I I 3x3xK“xD I I Hix Wix K/ I l 3x3xK/xD! ] IH"'xW"‘xK"'I

(a)

Prune weak filters Prune di Prune

weak activations weak channels
IH"'xW"'xK“j |3x3xK"'xD’-2 | IH'xW’xK’-Zl l 3x3xK‘-2xD’"] | H x WHI x K- |
(b)

FIGURE 4. (color online) Weak filter pruning: (a) Step 1: Weak filter anal-
ysis; (b) Step 2: Prune weak filters and their corresponding weak activations
and channels
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number of channels of next (I + 1)th layer) are extracted and the LGAP and filter score
corresponding to the top-class output is estimated to obtain the loss persistence score
of each filter. The n filters with the highest filter score are considered as weak filters
since losses of those filters have less effect to the [th layer. The average filter scores of
all images in the dataset for all filters in the specified layer are ranked and the filters
corresponding to the highest scores are pruned in the second step. Pruning filters of
layer [ will affect their output feature maps of the next (I + 1)th layer, which must also
be removed as illustrated in Figure 4. After filter pruning, CNN model is fine-tuned to
recover the model’s prediction performance.

4. Experiments. In this session, we evaluate our filter level pruning method on pre-
trained CNN models in Keras Applications [32]. We explain the experimental implemen-
tation in detail in Section 4.1, while, in Section 4.2, presenting a comparison of the pruning
results obtained from our pruning technique and several baseline techniques.

4.1. Implementation details. In this section, we explain the dataset and the pre-
trained models used to analyze and validate our pruning technique. To study the pruning
impacts and performance losses, the models are pruned with different compression ratios.

4.1.1. Dataset and models. Our filter level pruning technique is evaluated on 2 different
datasets.

e CIFAR-10 [33]: it is a color image dataset consisting of 60,000 images with 32 x 32
pixels in size. There are 10 different categories labeled from 1 to 10. The numbers of
training and testing images are 50,000 and 10,000 images, respectively.

e ImageNet (ILSVRC 2012) [34]: it is a large image dataset with 1,000 different cate-
gories. There are 1.2 million images for training set and 50,000 images for validation set.
All images are resized to 256 x 256 pixels and then cropped to 224 x 224 pixels based on
their center.

For ImageNet, the images are resized to 256 x 256, and then cropped at its center
area to obtain 224 x 224 pixels in size. Au augmentation technique was used for generat-
ing transformation effects such as horizontal flip. The CIFAR-10 test set and ImageNet
validation set are used to verify classification performance of the pruned model.

Two state-of-the-art classification models, VGG-16 and ResNet-50, are adopted.

e VGG-16 [35]: it is a CNN model developed from large scale of images for image
classification. The base structure of model was trained with ImageNet dataset, and then
modified to fit CIFAR-10 dataset [36] to illustrate the effective model performance. VGG-
16 on CIFAR-10 consists of 13 convolutional layers with 3 x 3 kernel size. Filter pruning
starts from the second convolutional layer since the first convolutional layer is necessary for
creating the basis output feature map as mentioned in previous related works. The fully
connected layers are modified to reduce the number of categories from 1000 ImageNet’s
categories down to 10 CIFAR-10’s categories. The smaller size of CIFAR-10’s images
can greatly reduce the number of parameters from baseline model. Moreover, the model
is integrated with a batch normalization layer [37] and a dropout layer [38] after each
convolutional layer. The CNN structure of VGG-16 for CIFAR-10 is shown in Table 1.
Floating Point Operation (FLOPs) in this paper referred to 2x of Multiply-Accumulate
Computations (MACs). VGG-16 model has various convolutional layers with the total of
FLOPs and parameter as 6.3E+08 and 1.5E+07, respectively.

e ResNet-50 [15): it is a famous CNN model. This model was developed using the
same large-scale dataset (ImageNet) as the baseline VGG-16, but with improved model
performance. Since ResNet-50 has special structure of the residual blocks (as seen in
Figure 5), the model can be pruned for the first two convolutional layers and the channels
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TABLE 1. CNN structure of VGG-16 on CIFAR-10

Layer name | Filter (S x S x K x D) | FLOPs | Parameter
conv2d 3x3:%x3 x64 3.5E4+06 | 1.8E+03
conv2d-1 3x3x64x64 7.5E+07 | 3.7TE+04
conv2d_2 3 x 3 x64x 128 3.8E+07 | 7.4E+04
conv2d._3 3x3x 128 x 128 7.5E+07 | 1.5E+05
conv2d_4 3 x 3 x 128 x 256 3.8E+07 | 3.0E405
conv2d_H 3 x 3 x 256 x 256 7.5E+07 | 5.9E+05
conv2d_6 3 x 3 x 256 x 256 7.5E+07 | 5.9E+05
conv2d_7 3 x 3 x 256 x 512 3.8E+07 | 1.2E406
conv2d.8 3 x 3 x512x 512 7.5E+07 | 2.4E+06
conv2d_9 BB X 012X oD 75E4+07 | 2.4E+06
conv2d_10 RO X 0l2Z X 012 LI9E+07 | 2.4E+06
conv2d_11 3 X 3 X 512 %512 1.9E+07 | 2.4E+06
conv2d_12 331512 ¢ 512 1.9E4+07 | 2.4E+406

conv2d: 2-dimensional operation of convolutional layer

SxSx KxD: Sx S iskernel size, K is the number of channels and
D is number of filters

FLOPs: Floating Point Operation

l

Feature map Hx Wx 64
i i horteut

First convolutional 801 x G B4 shorteu

layer
Second convolutional

fayer 3x3x64x64 1x 1 x64x256

Third convolutional Lx 1 x 64 x 256
layer

|

FIGURE 5. An example of the residual block of ResNet-50

of the next layers corresponding to the pruned layers must be removed. The output feature
map of the third layer does not change dimension. The ResNet-50 trained on ImageNet is
used to validate our filter pruning technique. Since ResNet-50 model consists of various
convolutional layers and its structure is more complicated than VGG-16 as shown in Table
2, we will illustrate FLOPs and parameters of each layer in terms of a summarized base
structure with the total of 7.7E4+09 FLOPs and 2.3E+07 parameters, respectively.
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TABLE 2. CNN structure of ResNet-50 on ImageNet

Layer name | Filter (S x S/D) | Number of series | Output size
conv2d_1 7 x 7/64 1 112 x 112
1x1/64
conv2d_2.x 3 x 3/64 3 56 x 56
1x 1/256
1x 1/128
conv2d_3.x 3 x 3/128 4 28 x 28
1x1/512
1x 1/256
conv2d 4 x 3 x 3/256 6 14 x 14
1 x1/1024
1% 1/512
conv2d.5 x 3 x 3/512 3 e
1 x 1/2048
conv2d: 2-dimensional operation of convolutional layer
S x S/D: S x S is kernel size and D is number of filters

Prior to pruning the pre-trained model, we must explore parameters (learning rate,
momentum, weight decay, and batch size) in order to fine-tune the original pre-trained
models and produce results equivalent to the original pre-trained model. These parameters
will be utilized to regain the pruning model’s performance. We discovered that the VGG-
16 model based on CIFAR-10 would be well fine-tuned with the following parameters:
SGD optimizer, learning rate of 0.001, momentum of 0.9, weight decay of 0.0005, and
batch size of 128; however, the parameters of ResNet-50 based on ImageNet would require
the same SGD optimizer with a difference in batch size of 32. After pruning all layers based
on a layer-by-layer basis, both models are fine-tuned to restore model performance. The
number of fine-tuned epochs for VGG-16 on CIFAR-10 and ResNet-50 on ImageNet has
been set to 40 and 50, respectively, with scheduled learning rate ranging from 1072 to
107°.

4.1.2. Pruning ratio. 1t is a challenge to discover suitable percentage of pruning for each
layer since each layer has different pruning sensibilities. For VGG-16 on CIFAR-10, our
experiments are implemented on pruning ratio of 10%-90% for each layer. However, for
ResNet-50 on ImageNet containing a large model size, we perform the experiments on
30%, 50% and 70% since it takes a long time to prune and fine-tune the model. Pruning
can help to decrease complexity and size of the model. Large compression ratio is always
preferred to reduce the complexity while maintaining the model performance.

4.1.3. Filter scoring results. A set of images from training dataset is randomly selected as
inputs to obtain the output feature maps, which will be used to analyze filter and estimate
filter pruning scores. Figure 6 shows an example of the input image (ImageNet) that is
fed into the ResNet-50 to analyze first convolutional layer and obtain the corresponding
layer-wise heatmap based on LGAP. Loss persistence heatmaps based on LGAP (from
Equation (4)) are estimated from all filters in cach layer (for example, 64 filters in the
first layer ResNet-50 in Figure 7). Then, a filter pruning score (from Equation (5)) is
calculated and the average score Score; (from Equation (6)) is investigated to analyze
the significance of a filter.
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1
Scorey = NZS“J
n=1

where N is number of input images. The filter scores are ranked in ascending order. The

lower the score, the more significance the filter.

FIGURE 6. (a) The input image and (b) the layer-wise heatmap based on
LGAP (from Equation (3))
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FIGURE 7. Loss persistence heatmap (Equation (4))
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In our experiments, sets of 10, 100, and 200 images per category are adopted from
CIFAR-10 and used to analyze our pruning technique on VGG-16. An example of filter
pruning on the first convolutional layer of VGG-16 with pruning ratio 50% can achieve
the accuracy of 93.24%, 93.33%, and 93.28%, respectively. It can be seen that increasing
number of input images may not cause significant effects on the model accuracy. Hence,
our experiment on VGG-16 will adopt a set of 10 images per class for filter analysis and
scoring for both VGG-16 on CIFAR-10 and ResNet-50 on ImageNet.

4.2. Pruning results. In this section, we illustrate result from our pruning technique
via VGG-16 and ResNet-50 compared to other related pruning techniques.

4.2.1. Results from pruning VGG-16 on CIFAR-10. First, we illustrate the results of our
filter pruning for each convolutional layer with different pruning ratios in Figure 8. The
capability of the model to endure a larger pruning ratio can be determined by the severity
of the decline in accuracy caused by the pruned layer (sensibility). As the pruning ratio
increases, the accuracy of the lower layers (conv2d.-1 to conv2d.6) tends to be affected
more than the accuracy of the deeper levels (conv2d-7 to conv2d_-12).

1.00
0.95
g
2090
9
<
0.85
0.80
90% - 80% . 70% 60% . .50%" @ 40% 30% 20% . 10% 0%
Pruning ratio
~conv2d T —conv2d 2 —~—conv2d_3 - conv2d 4 -~ conv2d S -=conv2d 6
~conv2d. 7 “conv2d 8 ‘eonv2d 9 w:conv2d 10--conv2d 11=-conv2d 12

Ficure 8. VGG-16 model accuracy after filter pruning each convolutional
layer with different pruning ratios

We perform layer-wise pruning of all convolutional layers (conv2d_1 to conv2d_12) with
the pruning ratio in range of 10%-90% with the same pruning ratio for all layers (see in
Table 3). In Table 3, we calculate FLOPs from conv2d-1 layer to conv2d-12 layer. For
test set of CIFAR-10 (10,000 images), the pruned model at 30% pruning ratio provides
a reduction in FLOPs, parameters, and storage by 2x. Prediction time can be reduced
about 1.7x while accuracy is decreased about 0.71%. The most reduction in FLOPs,
parameters, storage and prediction time are 44.1x, 84.4x, 69.5x and 2.2x, respectively,
with the accuracy reduction about 17.07% at 90% pruning ratio.

4.2.2. A performance comparison for VGG-16 on CIFAR-10 with different filter pruning

techniques. In order to evaluate our filter pruning method, a performance comparison is

conducted with several baseline techniques on N images, described as follows.

1) Random: filters are randomly pruned from layers. The result with the random seed is
selected.
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TABLE 3. The model performance after filter pruning in all layers on VGG-16

P:;El:g Error (%) | FLOPs | Parameters Stoz;lg}(;)sme Prc&?g:‘st;?)lll‘(it)lmcs
0% 6.41 6.3E4+08 | 1.5E+07 57.4 2.25
10% 6.32 5.1E408 | 1.2E+07 46.2 2.21
20% 6.64 4.1E408 | 9.6E+06 36.6 2.02
30% 7.12 3.2E+08 | 7.4E406 28.2 1.70
40% 7.28 2.4E408 | 5.4E+06 20.9 1.31
50% 8.07 1.7E408 | 3.8E406 14.6 1.10
60% 8.53 1.2E+08 | 2.4E406 9.4 1.10
70% 10.34 7.2E+07 | 1.4E+06 5.5 1.07
80% 13.88 3.7E+07 | 6.4E+05 2.6 1.08
90% 2348 [ 14E+07| 1.8E+05 0.8 1.04

MB: Megabyte

2) Weighted sum [27]: a sum of absolute filter kernel weight values is caleulated as a filter
score. Weak filters with low weighted sum scores are pruned.

Score:veighled sum._ Z |IV(Z, e 1)|

where W is the weights of each filter 7.
3) APoZ [28]: a percentage of zero activation after ReLU function from each filter is
calculated as a filter score. The higher APoZ score, the weaker the filter.

1
APoZ: _ o
Score; ————N AW % e =31 0))
where H x W is the dimension of output feature map Oy € RT>*W*P | £( ) = 1if (.) is
true, and f(.) =0 if () is false.
4) Mean gradient [29]: a mean of gradient from each filter is calculated as filter score.
Weak filters with low mean of gradient are pruned.

S copeieanieiadionts, Z |mean(G(:,:, 1))
n=1

where G is the gradient calculated from each filter i.

5) Weighted Activation (WA): a normalized heatmap of absolute significant weighted
feature map is calculated as a filter score below. Weak filters with low scores are
pruned.

HY = "norm (|os;A%])

N

S o/ T
Sa)re
NZ TEINH]

where H " is the normalized heatmap of absolute significant weighted feature map.

A performance comparison of our proposed filter pruning criteria and previous men-
tioned techniques is shown in Figure 9. The pruning ratios used in the experiments range
from 10% to 90%. It can be shown that the accuracy of all strategies is comparable within
the pruning ratio range of 10%-60%. However, as pruning ratio exceeds 60%, we start to
see that the accuracy of APoZ, mean gradient, and Weight Activation begins to decline.
Especially when the pruning ratio exceeds 90%, our filter pruning score based on loss
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FIGURE 9. A performance comparison of our filter pruning criteria and
other baseline filter selection criteria

persistence LGAP can maintain higher accuracy than the baseline techniques of random,
weighted sum, APoZ, mean gradient and Weighted Activation by 2.66%, 0.83%, 66.52%,
21.57% and 66.52%, respectively. For the results of filter pruning techniques of VGG-16
on CIFAR-10, we observe that all the models can maintain their accuracies with pruning
ratio less than 60%. This means that if we would like to compress the model less than
60%, any of the experimental techniques can provide comparable results. However, when
the pruning ratio exceeds 60%, the decline in accuracy starts to straight down for most
of the techniques while our technique can still maintain the model performance:

4.2.3. A performance comparison for VGG-16 on CIFAR-10. VGG-16, trained on a large-
scale ImageNet dataset, provides a stronger model and tends to be well tolerant with filter
pruning techniques. We observe that, at 60% pruning ratio, our filter pruning technique
obtains a decrease in accuracy by 2.12%, reduction 5.4x in FLOPs and 6.2 in the number
of parameters while pruning ratio at 90%, our filter pruning technique outperforms the
other techniques: random, weighted sum, APoZ, mean gradient, and Weighted Activation
by 2.66%, 0.83%, 66.52%, 21.57% and 66.52%; respectively.

4.2.4. Model performance of pruned ResNet-50 on ImageNet. The original input image
is shown in Figure 6(a) while Figure 10 illustrates the LGAP estimation of the top class
of prediction with respect to an output feature map activation obtained from the pruned
ResNet-50 model with different filter pruning ratios compared to the original one. As
the pruning ratio increases, local gradient heatmap is gradually changed, and the output
activation is lessened and shifted from the gradient result of the original model. Even
though it does not affect the classification result in this case, it causes errors in some of
the images and the % error starts to increase with filter pruning ratio above 50%.

We illustrate the results of pruning ResNet-50 using our loss persistent LGAP pruning
strategy in Table 4, which illustrates the percentage of errors from Top-1 and Top-5
results, the FLOPs, required size of parameters, storage, and prediction time from all
convolutional layers in ResNet-50. Prediction times are measured from a set of ImageNet
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FiGUure 10. Localized Gradient Activation heatmaP (LGAP) of the ori-
ginal and pruned ResNet-50 with different pruning ratios: (a) Original
ResNet-50, (b) 30% pruning ratio of ResNet-50, (¢) 50% pruning ratio of
ResNet-50 and (d) 70% pruning ratio of ResNet-50

TABLE 4. Filter pruning results on ResNet-50

Pruning | Top-1 Top-5 | Storage size | Prediction time
ratio errorp-(%) error (%) FLOS | ‘8PS (MgB) (Second)
0% 25.10 7.90 T7E+09 | 2.6E4+07 98.2 117.35
30% 27.59 8.94 4.8E+09 | 1.7E+0T7 65.2 108.30
50% 28.66 9.79 34E+09 | 1.2E+07 47.8 99.33
0% 31.44 11.26 2.2E+09 | 8.TE+06 33.6 90.21

MB: Megabyte

(50,000 images). At 30% pruning ratio, the model accuracy of the top-1 decreases by
2.45% and top-5 decreases by 1.04%, while FLOP, the number of parameters, the storage
size, and the prediction time decrease about 1.6 x, 1.5%, 1.5x, and 1.08x, respectively. At
50% pruning ratio, the model accuracy of top-1 and top-5 decreases by 3.56% and 1.89%,
respectively. The FLOPs, the number of parameters, the storage size, and the prediction
time decrease about 2.3x, 2.1x, 2.1x, and 1.18 %, respectively. At 70% pruning ratio,
the model accuracy of the top-1 decreases by 6.34% and top-5 decreases by 3.36%. The
FLOPs decrease about 3.6 x, parameters decrease about 3, storage decreases about 2.9 x
and prediction times decrease about 1.3x. It can be seen that with large pruning ratio,
FLOPs and parameter of ResNet-50 are greatly reduced; however, prediction times slightly
decrease when compared with VGG-16. This may cause by the special structure (Residual
block) inside of ResNet-50, which still requires large computation time. Even though
the prediction time can be slightly reduced, the hardware resources can be significantly
optimized and suitable for devices with limit resources (memory, and processing unit).
A performance comparison of filter pruning strategies for ResNet-50 on ImageNet is
listed in Table 5. With 50% pruning ratio, the results show that Top-1 and Top-5 of
our techniques outperform all the baseline techniques. Our technique can achieve lower
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Top-1 error compared to the baseline techniques: random, SSL, ThiNet, APoZ, weighted
sum, mean gradient and SSR-L2 by 1.09%, 1.02%, 0.56%, 0.69%, 0.75%, 0.34% and 0.09%,
respectively. Top-5 error of our technique is lower than baseline techniques: random, SSL,
ThiNet, APoZ, weighted sum, mean gradient and SSR-L2 by 0.86%, 0.79%. 0.39%, 0.52%,
0.53%, 0.05% and 0.22%, respectively. For image classification experiments in the real
world, we examined the performance of the trimmed ResNet-50 on images not included
in the ImageNet dataset. We found that pruned models can predict images belonging to
their class with comparable accuracy and in less time than the original model.

TABLE 5. A performance comparison of filter pruning on ResNet-50 with
pruning ratio 50%

Top-1 Top-5
Technique accuracy drop | accuracy drop | FLOPs | Parameters | Pruned
(%) (%)

Random 4.65 2.75 3.4E4+09. | 1.2E4-07 50%

SSL (23] 4.58 2.68 4.2E4+09 | 1.3E+07 | =~ 50%
ThiNet [24] 4.12 2.28 3.4E4+09 | 1.2E407 50%
APoZ (28] 4.25 241 34E+09 | 1.2E407 50%
Weighted sum (27 4.31 242 3A4E4+09 | 1.2E407 50%
Mean gradient [29] 3.90 1.94 3.4E+09 | 1.2E407 50%
SSR-L2 [30] 3.65 2.11 3.4E+09 /| 1.2E407 50%
Our technique 3.56 1.89 3.4E+09 | 1.2E+07 | 50%

5. Conclusion. In this article, we propose a new technique for filter level pruning to
prune two CNN models (VGG-16 on CIFAR-10 and ResNet-50 on ImageNet) based on
the Localized Gradient Activation heatmaP (LGAP). The LGAP is a layer-wise heatmap
of weighted channel activations, where the activation from filters best corresponding to
the top-class output will be emphasized. It provides the spatial relationship between the
investigated filter and the target prediction. The filter score is then estimated based on
the similarity between the heatmap of a complete layer and the loss persistence heatmap.
The similarity can be viewed as a persistence score when a filter is removed from the layer.
The high filter score shows that removed filters have less effect with layer operation and
are considered as weak filters that must be pruned from the layer. Even though the other
related techniques adopted data-driven approach, they lacked spatial relationship among
filters in each layer and relationship between filters and output prediction due to their
concentration on a single-neural analysis. From the experimental results, it can be seen
that the performance of the pruned model using our filter pruning strategy outperforms
the other filter pruning techniques especially with high compression ratio. However, since
the fine-tuning process of a large pre-trained model required a significant amount of time
to recover performance after pruning, owr future research will coneentrate on reducing the
time required for fine-tuning performance recovery.
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