1=

Sketch data multi-classification

CV-18X (2 5l X)

UEHE, XIS, ASE, 0120, & H O}, &S

o

ME IR
COZHE FH Y ZBH
a. $I1| Sketch O|0|X| GIOIE A E2F
b. =X
m =22 7]¢l Sketch O|0I Xl HIOIEH 2 2HAE SHIZEHN 2F
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a. OOl 74
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o 25035} OIDIIIE 24 (50004 :‘EH_, 224 A g 2 300H)
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m M= I 4] (csv)

ID image_path target

0 0 0.JPEG 314
1 1 1.JPEG 287
2 2 2.JPEG 314
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M MIE
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EDA 1
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CNN 7|8 22 48 (ResNet)
VIT 7|4 28 8 (VIT, EVA)
sto|mot2tolE F'Y (EVAD2-large, EVA-giant)
28 F2|(EDA 2) 3 71 4F
=4 && 1: glo|g] 3
&8 84Z 2 : Curriculum learning
o e
11 ASH ™A L Ol Y
2, L2 HE = HXt Y 2
a. dd 5
m EDAE SOOI Olof & 24
m linux M && & &, baseline code E =3t & 4
b. TRHME 28 BR U LY
m 1.2< EM Y HF :Backbone E 2 &AM U HAF (MO 5 EE)
m 2.00|HItCHOIH T ¥ 2 &5 =3t
m 3. ZH H2:EDAY 2 242 Sol & 8E 2O 2H 2
m 48 &8 . 2H oi&Z2 ®Ig Otd &8 % Method Al 2F
m 5 Method 2= & 2K ol Z : M Ctet MethodE E &0t 2 X o &
m 6.2 dMN==S MNAHSIH =S Z2U2 &
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3. ZI=ME Accuracy &8s H3l
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model

img_size topl topl_err tops top5S_err param_count
eva_giant_patch14_336.clip_ft_inlk 336 71200 28.800 90336 9.664 1,013.01
eva02_large_patch14_448.mim_m38m_ft_in22k_inlk 448 70.668 29.332  89.835 10165  305.08
eva02_large_patch14_448.mim_m38m_ft_inlk 448 70.546 29.454  89.841 10159  305.08
eva_giant_patch14_224.clip_ft_inlk 224 70.076 29.924 89766 10.234  1,012.56
a. Backbone 22 &2 &HF J|=E
m CNNJIBHEH HAH I|&E
o =2 4858 SAGHEAM IS 24 2HE olZot) LBtst 50| S8
ResNet & &
m VITOIBHEE 848 J|=
e ImageNet sketch datag H OISt VIiT J|8t 22 = top 1 accuracy 19, 29 & &
b. 24 &M
Pre- Model Fine-tuning Prediction
) ) Model test-accuracy T
trained  architecture layers method
ResNet18 MLP-3 0.681
IRUE  CNN  ResNetso mip-3  train-validation 2
split
ResMet50-wide MLP-3 0.729
EVA-giant Linear train-validation 0915
TRUE ViT EVAQ2-large Linear split 916
EVADZ-large Linear 5-fold CV 0.928
1 backbone 22 B H5H
MLP-3 : Linear(1024, 1024)-RelLU-Linear(1024, 500)
Linear : Linear(1024, 500)
train-validation split : train set& & ®H LW d5& HIEI40 HAE
5-fold CV - 5-fold cross validation & E6 22E O M =&5t0 voting 5H B|AE
m CNNJIBHEHEOVITIIEHEH0IH E2 s 2
m 5-fold cross validation testing 2 &1 = & &5t ™ 1 fold= train-validation split 6t 04 testing
st EOHE2 Es=S 2
c. R HEH

od =2
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= EVA02-large Backbone 222 M X
m 5-fold cross validation testing 2g S & &
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o JIEXHQ PO S5 SMAI = HEES fold 1~fold 5 Ol SLSHEZ
HAE = fold 10l M XIS E
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e 2 foldOil CHEF Ol =28t 2 soft-voting ot 2 HIAESIN & = &0l
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1. EVA 02-large 2 2 validation loss, accuracy =

2. Learning rate & Decay &

3.

otOIIHII2IOIH T <

validation
tag: Loss/validat

A~

—/

valigation
tag: Accuracy/validation

a. XJ| &5 0.0012 EVA02-large LELNAH UR S22 2 = US
b. =) 2t& st &&52=2 =8NtAl 2 Z2E (epoch 30, £ E &= :0.9310)
c. &f5E0/0.18f EUH == 10 epoch Ol =0l lossIt 2 A6t 1) accuracylt SItel

& (step size 10 — 4)

learning rate

Decay Decay step size Epoch

0.001 0.1 4 15
in validat air validatior
a. SISE0 HAG= A8 822 lossIt 0 AEHCZ =&
b. DecayE LEECEZMN H 2D HEE 2 =& IS (epoch 15, =S & = :0.9300)
c. &&5E0/0.181 EHE= 4 epoch 0| =0l lossIt 2 A St 12 accuracyJt ?JP%‘
Cteret otOIIHII SOl 818 = E1|£E

a. Decay o Decay stepsize 2= Sl LS HWE LD AHEHOZ SISAIZ = US

m — 0]2f SchedulerE AtE3t 1) Decay step sizeE HEGIH ds HAE
b. FJI& 2 Z Fine-tuning layers € HE6I0 8= HIAE

Learning cay Fine-tuning
Model Epoch cay . Scheduler test-accuracy T
step size layers

EVADZ2-larege 15 0.001 0.1 4 SteplLR Linear 093
EVADZ-larege 30 0.001 0.1 10 SteplLR Linear 0.831
EVAD2-larege 30 0.001 0.1 10 Cosine Linear 0.925
EVA-giant 30 0.001 0.1 10 SteplLR Linear 0.827
EVAD2-larege 30 0.001 0.1 10 SteplR MLP-3 0.932
EVA-giant 30 0.001 0.1 10 SteplR MLP-3 0.932
2 backbone 22 HO|HIEH0|E Y d52

MLP-3 : Linear(1024, 1024)-RelU-Linear(1024, 500)

Linear : Linear(1024, 500)
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m J|E 32 + Vertical Flip

4. Vertical Flip (=& FI&J) B &E &=

a. 22 L2A0lA Vertical Flip 2= FIMS l, 0 =2 8= 22
Model Horizontal Flip Rotate Vertical Flip  test-accuracy T
EVAD2-large o} o] X 0.931
EVAD2-large 0] 0 8] 0932
EVA-giant 0] 0 X 0927
EVA-giant 0] 0 8] 0932

3 =3 FE7 54 050 OjE v 458
Horizontal Flip : =% §&7|

Rotate : Z|0§ 15= Z|H

Vertical Flip : % §/E 7|
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4. &A= Method : Hard-Hard

5. dal= dsH
Model
YHE EVAD2-large EVA-giant EVIAD2-large-curriculum test- accuracy T
Method  pyaQz-large- EVAO2-large- EVA-giant- EVA-giant-  EVAD2-large- EVADZ-large- _ _
mip-3 Linear mip-3 Linear curriculum-mip-3  curriculum-Linear public privaie
Soft-Soft 0 ) 0 X 0 0 0941 0939
Soft-Soft X X O X O o 0941 0935
Soft-Hard ] X O X O X 0837 0837
Hard-Hard X X 0 X 0 0 034 0939
Hard-Hard X 0 X o O X 0.939 0.94
Hard-Hard ] 0 O o O o 0941 0.5939

a. EVA 02-large-Linear, EVA-giant-Linear, EVA 02-large-curriculum-mlp-3 £ hard-hard & & = &t

20| IR E2 452 2

b. Soft-Soft, Hard,Hard
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