Swin Transformer @O [H{R 57 FHPEREIZ X T 5
N FH A XD

Effect of Patch Size on Swin Transformer’s Image
Classification Performance

== i A Bz

R THEE S G R BRI

2020E01 7”4 &

oM 784 (202 54%) 2 A1 7 H#RM



Abstract

AT has made remarkable progress in recent years, and a model called Swin Transformer
has attracted considerable attention in image classification tasks.

The Swin Transformer has a computational method that captures image features by
dividing the image into patches; in Swin Transformer, the default patch size is 4x4.
The purpose of this study is to vary this patch size from 2x2 to 8x8 to train for image
classification using 10 classes from the dataset “Food101” to find a patch size that can
classify efficiently in terms of classification accuracy and execution time.

The results showed 5%~10% higher classification at patch sizes 4 and 6 than at other
patch sizes. Patch size 6 was also found to be more efficient than at patch size 4 for
calculating about 2 hours earlier with the same accuracy.

The problems with this experiment are that we limited the input image size to 224 x
224, and we did not use a trained model that is likely to be used frequently in practical

applications. Therefore, we would like to study different image sizes and other models.
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Figure 2.2 Neuron model.
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Figure 2.3 Neural network and back propagation.
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Figure 2.4 Gradient descent method.
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Figure 2.5 Sigmoid function.
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Figure 2.6 ReLU function.
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Figure 2.7 Overfitting.
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ERZEE LRy FIZOET S, Xy FHAXDT 74N MEAX4ERD, TD
EIZAETH 5, PHI LTz %y F% Linear Embedding(# — /¥4 X4 X4, XA+ T4
R4 DBEAAAR) ZHOTE Ny FORBEERTS 5,

3.4.2 Patch Merging

Patch Merging Tld. %% Stage THEI-FH~ v 7H 4 X%/N& < F %, Patch Merging
TRy FREEZROTREAL, ATRINTEH2 X208y F2F ¥ 2 XIVITA
WHEA Ly A XZENC LR~y 721585, 2223 I x ¥ x C oK~y 7
% Merging 325 &, HA4 X2l £ x W xaC O~y F2Foh s, 20k
BAINCIIG IR~ v TDF ©» Y A RKTTE 2C 1245 X5 efaEEEAT %,

3.4.3 Swin Transformer Block

Swin Transformer Block TlX, Self-Attention T-%y FRIDXIGEGREI X 3 729,
Shifted Window & FEIEN 2 fiiE%E W5, Figure 3.5 12 Shifted Window DHEHE X % 7~
T Ry FEILL 2E L7z Window KD & Self-Attention Tt 32 Z & T, FI1EE%R
HIIR T %= %,

W-MSA (B EFEH O 8 CHEA X1, Figure 3.5 /£5° Self-Attention D #HifH %/~ LT
W3, Self-Attention DFFHEEIFZ, 7TV, F—. NV 2 —, BEEHRZITS 0D
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GE4Ok, 7TV X—[OITIETH 2, D20, hx w lD Ny FRFET S
Self-Attention 2ADETHEEZIILLTD L 512k 5,

Q(MSA) = 4hwC? + 2(hw)*C (3.1)
ZIZTHLIENADDORKEE. 52 HEMTIEICr 2 25 BETH 5, W-MSA T,
M x M (Figure 3.5 D[ TIZ 2 X 2) ® Window IZF~ v 74 X2 77E| L. Window
WD %y FTDA Self-Attention TEHET 2, ZD7®. Self-Attention ERDEFIHERIX
IrDX5127%5,

Q(W-MSA) = 4hwC? + 2M?*hwC (3.2)

hw 23196, C 2316, M 257232 ¥, QMSA) OitEREZN (3.1) IRALTKD

% ¥ 1,430,016 ¥ /2%, —J7T Q(W-MSA) 1225 %51 H 13 508,032 £ 2 D, W-MSA
2D ANS Z e THBERIFIN1/3ICHIET 52 Z e B TE 5,

SW-MSA I3&FEFEH O JE Tl 41, Figure 3.5 5755 Self-Attention D#iFH % /R L TW
%o SW-MSA IR~ v 7" LD Window % & x & 720 BB 2 ¥7 W-MSA TH %, W-
MSA & ZHISHEH S % & & T, Bi#% L 72 Window BT8R 03 0% %, LA L, Figure 3.5
LD XS LHEETIE Window BAZ K L DEIEENEMLTLE S, 22T, Ffld~ vy
7% 7 L7z Window 245 R 2 X 2813 % Cyclic shift Z#H T 2 Z & T, »ty F[H
DXEEIRZE SRANCEE T %, Cyclic shift D& % Figure 3.6 12783, BARIIIE,
B D Window 235 2556, FHEDEFTZ ~ A2 LT Window H]D Attention Weight %
0123 %, Figure 3.6 DAITIX, £ ED Window 1~ 2 783, A FD Window I %7H
B (A, B. C. 2L OfEE) TREINZ Ry FERZHELRVI SR T 5, &
Window T Self-Attention 2515 U725 &, Reverse Cyclic shift TILORHA~ v T DA E
IR,
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masked| A C
MSA
B B
masked RN | -
MSA £

reverse cyclic shift

Figure 3.6 Cyclic shift.")
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FTa4E EE
4.1 EHEB®

Swin Transformer 1%, Patch Partition 24T 9 FICT 7 4L FTld4 X 4 DIESTEIZ Ry
FrnElT 5, TOXy FHA RFL—F—DHEEL THADY A XICEHET L e
T&E%, 7, STHEOBIRTEZS L, Ny FHAXERELTHILTtEEEZD
BTHIENTED, TITANETIE. 774V EDBEVHEELZRFS ZEHMT
. 0ORCHEBELRZADZEDTELZ Ry FHAXDDE0E 502 K2 L TR
AES %,

4.2 HERHZE

Juro Iy EiEe LT Python ZHH L. W¥E 54 77 TH2 Pytorch &
R L THEE %9473 %, Swin Transformer DEFILIE, HREAETNLEX Y >0 —
RFLTHS Z M TES T4 75 YD Pytorch Image Models(timm) 12 & - THIAF X4
TW3, “swin_base_patch4d_window7_224.ms_in22k” 2 H 3 %, ETFI/LOFEMIZ 4.5 Hi
TibN %,

ANERD 7 — 2t v M& Foodl01 & FHIN 2 BRYIOERA 101 FEH, % 1000 4
AoTeT =&ty bEMEHT 2, SHEOETVEIIEAE T L TIERWETLE AW
570, THREENMEL Ko TLES EWHBED S 101 HEHD 5 5 10 T 2 Hwv
T FRAGEEITO 2 & Lz, SRFERICHWREEZD 55 D—H % Figure 4.1
WRT, MO & S5ic, ATEBRIZEBRNO B EHD 2HEEKIMELTH D, F-.
RO 5% 2 A T — %, Bh D 25% %2 MEHT—& & L. IXTOIMHAT—%%
LEYEL, #HEmTIT o RICFHHEH 7T -2 THHEEmZITo e 2B DIR L THEE it
D TWoTe, Eiey SEMEHLZZETUIATIY A XD3224 X 224 TH S 720, TT
DOHHRE ) H A4 XL TAN L, X5 Data Augmentation Zfifi L T\ 3,

PLEDZMA R T Swin Transformer 23[R % 7E| S 28y FOH A4 X% 2 X 2056 8 X
§EFTEMLSETHITLTVWE, DERELHERLED 2 DDOBRD L8y FH A XH
MIFTHEZOWTIHET 5,
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Figure 4.1 Part of input image.
4.3 FHEITE
SHERSZE OB T, R T LRICH T 2 Accuracy D77 7006, ¥FEHP
D—EDMEHN S EDBSIRNEEB X ZDIEMRRTIHES 2, SIBEEREOBATIE. 1Ry
7 HABAMG S 2 ERID SRS TR Yy 7 OFEEK T £ TOREZ time X Y v FZ2HWTH
E L. ZOMETHHET 5,

4.4 BIRERE
BT 7B, UFO@ED TH 5,
e F v 7:Apple M1 Max
o XEV:64GB
e OS:macOS Sequoia Ver.15.1
o Y7 Y27+ 5477V :Python 3.9.15, Pytorch 2.4.1
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SwinTransforme
PatchEmbed: 1-1
Lconvad: 2

Sequential: 1-2
L—SwinTransFormerStage: 2-3
L rdentity: 3
L—Sequential: 3-2
SwinTransformerStage
L patchMerging:
L—Sequential:
SwinTransformerStag
L patchMergin
L—Sequential:
SwinTransformerStage: .
L—Patchﬂergin 3-7
L Sequential: 3-8
LayerNorm: 1-3
ClassifierHead: 1-4

Input size (MB):

Forward/backward pass size (MB): 4978.25
Params size (MB): 346.76

Estimated Total Size

Figure 4.2 Network Details.

4.5 ETILFEME
AR D . HEDFEEIT S £ 7T “swin_base_patch4_window7_224.ms_in22k” % f&
3%, 2y b —27HEX 348D Figure 3.4 L [AEDDDTH 3, RiT7m 77 A
BT, Torchinfo 74 77V E® summary XV v REHWTEI L DR~y 7O
SOEBL NI A =X R U TERELRR LTz, FRMERZ Figure 4.2 1IZ7R775
ETNDAALANR=RITR=RFROBD & LT TIWTRLE NI RA=RIFETH
BE@EL TELXE TRV DTH 5,
o Z£E:0.0001
o TRy 7100
o Ny FHAX:16
o AJJHI{:224 X 224, 3 F ¥ > IV
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e Num_classes:10
o Window _size:7

e Dropout_rate:0.4

4.6 Data Augmentation

SHEOFEBETIE, FE 57— &1 Data Augmentation ZHEH L TW5, * >4 LR
2iTo T3 729, FUTHEBETS TRy 7 Z 2 It e A 7z #igE A1 LT
W3, SEEH L7 Data Augmentation (&L NOEDH TH 5,

o S0%DMERTHEARIET %,

o -35° 725 35° DEDMAEICT X LA THESS 2,

o S50%DMERT, HRDOEIAKE % 25125 2,

4.7 REGER (PBBE)

ZOHITIE. DEREOBEATOEBREREZ R,

45HIDERET, Ny FHA X B2 X205 8 X 8FTEILIHTIHITL TV o7, &k
FITFTIANLITHDE4X 4Dy FH A X TETUERE RS, Accuracy D7 7
% Figure 4.3, Loss D2°5 7 % Figure 4.4 3R, TOFERN S, 77 41 b+ Tl Train
Accuracy 25 0.60 F2EE, Validation Accuracy 25 0.55 FREE DIEETHENTE 3 Z L 2vb
D5, SEOEBII 100 =Ry 7 ETOFETH S5, 60 =Ry 7 BIED S IERED
FREIEEF>TWRZebr 27, ZhD EEEEERTHIERRDS RS 0ne
TREINZ, £z, BERDHEIE Train 25%7 1.2, Validation 2% 1.4 f3ETERLTW3
ZOEFHIEHEWERZ & 5 2 205, IEERERD 60%IRETH D IEM L 13 FR o 724
Wiz LTV BEROEIG S KE VD, HENKREIHTLESTVEDIZARTD %,
TWT, Ry FH A X% 268 LZLX BT Vo CRIICEREZED )z, v FHAX
2D EDFER%E Accuracy. Loss & Z L2 Figure 4.5, Figure 4.6 127" S, RISy
F %4 X6 D Accuracy % Figure 4.7, Loss % Figure 4.8, »%v FH% 14 X8 D Accuracy &
Figure 4.9, Loss % Figure 4.10 127”5, 28y FH A D32 D L Z, Accuracy D 7 7 H»
5%y FH A XDPMDED & = & g U THEE R D Accuracy DED E R LWT &3
O TH 5, [FFRIC Loss b LR L K725 THED, FHT80 =Ry Z BHETKREL
Loss 23 E23 o T3, BEIZHRMEMIZ Accuracy b 0.50 (A TIORLTWA Z 200D,
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Figure 4.3 Accuracy when patch size is 4.
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Figure 4.4 Loss when patch size is 4.
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Figure 4.5 Accuracy when patch size is 2.
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Figure 4.6 Loss when patch size is 2.
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Figure 4.7 Accuracy when patch size is 6.
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Figure 4.8 Loss when patch size is 6.
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Figure 4.9 Accuracy when patch size is 8.
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Figure 4.10 Loss when patch size is 8.
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Table 4.1 Change in Accuracy as patch size changes.

Patch size | Acc(Train) Acc(Val)
2 0.51 0.48
3 0.48 0.48
4 0.59 0.52
) 0.49 0.50
6 0.60 0.53
7 0.55 0.49
8 0.55 0.50

D 8y FH A XD E D BIEMRRIZELL FHR-TWVWBZeDbrb, £/, v F
B A X6 DL E, Foéi7 Accuracy & Train 23 0.60, Validation 23 0.55 FRfEE X, /<
FHAXD4DE F LIFFITUTAERTD o 72

AR L2 BB, Ry FH A X% 205 8 FTELIHZFED Accuracy DIHE
fEi% Table 4.1 127" T, ZD X IIZ, Accuracy lI %y FH A X34 F721Z6 DL IR -
THUDMED & ZITHART 5% ~10%IEE LR D, FTy FH 4 X323 D ¥ ZIIIEH
WKL, o EFOMEDO E R Rotee ZRLNDEDEHEX 55% LI %
Zehbh ol

4.8 EBRER GIREEE)

Ny FH A X% 2~8 FTELZI B 2D, FEITRHEDHERE % Table 4.2 127”3, ¥
72w 972 7ay b L2d D% Figure 4111013, 797 &b, BERRETIED 2
DSFATRERNZ S FH 4 AR E L R BICONTADIERERINCERRDI LT3z
L hbhh B,

49 ER

Ry FHARE, EHERE1DODRZ ML LTEL D3 EOEBDZXTH %, D
FD, Ny FH A ZIPREVIZEIRVHIPADTERD 1 DDORZ PLIZF D HAL, /hEW
EEHROEIFHOERPE LD ON2E VWS 2 TH D, Ny FH A IAN223DL =i
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Table 4.2 Change in run time as patch size changes.

Patch size | Run Time

2 23h59m03s
13h40m36s
07h35mb59s
06h30m24s
05h44m44s
04h50m48s

o N O ot = @ w

02h56m42s

100000

80000

60000

40000

Run time[s]

20000

Patch size

Figure 4.11 Graph of change in run time as patch size changes.

Accuracy K E S TS BRIZ, & F - TV AEHRA T FTRHEMBIRZ Az
EWVWIHHTHEEEZOND, FHCHBHNDOWRYIDBKE Do 5HEI2IF e A R E
[JFONTANEBRICKELSELGEINTLED 22D 5 Accuracy BILKELLTLE -
72D FTRTES, IRy FHA XN TR8DE XTIZH Accuracy 23 R23->TL E -
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TWVW5DH UL FEDITT BHIHEMDILT ETREZ KL IEZ o vz 5
5, Table 4.1 X D, v FH A XDPFHOHE I, HBOHEITHAS & 12 Train
D Accuracy R ZF K FOBFHEDNALND, Ry FH A XE2HBITT S &, SW-MSA
DERIC W-MSA D%y F B ZRBE D Ao TLEI BN Do 72D, GBS
TDE =2 BTN BAREMEDDH D, FEEOHMBICDHz>o TRV PELTLES R E,
EULBREL R o T LESHEEED D B, UEDERDS, RvFH AL X% 46
2325 Z8T, CARBEBRIIHLTS D 2EERHZIRAOND LOBRETLERET
I Accuracy DE Bo72DIEA 5 e EZ N3, SHOFHEEEEIS FTTIT-72205 [
ROBHETINLLEREL LTH Accuracy X RS2~/ THB BN THETE 2,
SHEHE OB A TIE. Swin Transformer 238y F % ¥ ¥ 7= Window HA7 T D Self-
Attention FIEZITOIRME L. Ry FH A IWKEL R T1DORY MLOERED E
2% Z L CHBEIRREA 222 08 TRLTOD, FTRICK L TRy FH 4 XBKRED
FEERITEIZRSKR TS 22 e b otz ZHUE. 12D Window D Self-Attention % &t
B2 DI BHDIE S DEERNCR . Sy FH A X9V/NE 75 Z & T Window
B2 b, SEICKER 2720 e EZ 5N 5,

¥ 7z, Swin Transformer [ZEWIEEEFHE 2 ET L TH 2ENC 10 7 7 A3HT 50%2
FrEl BRWHEETHo 22 2220 TE, FREEHIE LT —X&MPIERE DR -
T eDFERE LTEFLNEEA 5, SEIEH LT MR EAE T DR
L. 5 5% ImageNet FEIN 2 KT — 2t v MR E 2T TE D, 25
o Tw 2 EROBENZ 1400 KL L IR oTW3, ZOFEEBEAET VML
THHEDOEBREFILFEZ L TADS L. BUDHEERFE 572, Transformer RFLDET L
FEE LD SHEICEZSANT S M =2 UDBRETH D, Swin Transformer b HIFFTIE 7z
W, BIZE L DEBRZ AN TEIREE O RIIFERNEEZ TV,
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B5FE fam

Swin Transformer D7 7 # )L b D8y FH 4 X34 TH 25, SHEOERTIE. Swin
Transformer DXy FH A X% 2~8 FTELXH, HENHEOKE L EHEED 200
B ONRy FHA XDEFICEZ B HBIOVTIIEETo T R LTIy T
FAZXH6DHBETH, 774D 4DGELRAMEITHEISEWEEZ 3 ARtk
MHBZePbhrol, itHAFEEDEBRNODLNE X HIZ, Ny FH A X4 DGEE
Db 6DHEDTH 2R EEERALNTVWEZEH, KOBEERL, »oR
KHFBFTHZNTELZOTIERVIEEZIOND, BIFE IEIHBOBEHELT
L THEDN LM HEIE I OFEREDEIFI LD KELEN S0, ¥EHE
ZEDEDS 1 O0FEE LTEHEMBMTHIEHATZSES S,

L2 U, SEOEBRIIANEGRE 224 X 224 1ZR->T0Wd Z e, EFEXL{fHbh
B2 THAIFPEFEADETAVEHNTOWRWZ &, FEREEREITo TN 2R Y,
B4 BAMEEERR Dol d. ZORMRERTDOT—Zty PRETNVICHEHT S Z
LIXTERY, HISHHNRMERER L2 B3 I1Cd. EBRFEOEMG MO 5 X —
ZIZHHEAT 3 e DRETH %,
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