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3.1 Image EDA

Figure 1: ImageNet Sketch C{|O|E{All

2l E ImageNet Sketch H|O|E{Al 2 50,8897 2| 0|O|X| | O|E{
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3.2 Directory Descriptions

= config
DY sta0 TS MY TIUSS Relsich s Do)
MY YEE 20 Uon, M2 NYS FIkePiL S HE
% qlct

= dataset
HO|E Mot 2tHE BEE ZESHH, HjojH 2E 2 X2
E g XMe[stet

= engine
Btg TEMAL AEHE ZEE ZEetD Uen, B &5

= model
Cterst el 2 Holste oYU S0l ZEE EME, Hald
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= train.py
2E S stgAl7= ool Ml AFREZ, MA| oto|=2}
olg Masich st UL olo|e 2Y S8 Z&E M
oy el st
|-- config
| |-- __init__.py
| |-- config.py

| |-- config_factory.py

| |-- custom_nn_config.py

| |-- deit3_config.py

| |-- deit3_large_config.py
| “-- vit_config.py

|-- dataset

__init__.py

| |-- dataloader.py

| |-- dataset.py

|  ~-- transforms.py

|-- engine

__init__.py

| |-- callbacks.py

| |-- test_runner.py

| “-— tuner.py

|-- model

I
| |-- DeiT3.py

__init__.py

| |-- DeiT3Large.py

| |-- ResNet18.py

| |-- ViT.py

| |-- CoAtNet.py

| |-- lightning module.py
| “-- model_factory.py
|-- utils

__init__.py

| |-- ensemble.py

| |-- logger.py

| |-- soup_ensemble.py
|  “-- wandb_example.py
|-- train.py

3.3 Pretrained Models

& 24 S ALt timm 20| E2{2| & AFE351H0] AtN
7

FSXIE 2218 =7|51510] AFERYCt Sea= Atd

St5 =] DeiT3 Vision Transformer ZEIE 22{27| 2|5l timm 2}
|E2{2|E AFS ST
import timm
import torch.nn as nn
class DeiT3Large (nn.Module):
def __init__(self, num_classes: Optionall[int] = 500,

pretrained: bool = True, **kwargs):

super (DeiT3Large, self).__init__(Q)

self .model = timm.create_model
('deit3_large_patch16_224.fb_in22k_ft_inlk',
pretrained=pretrained,
num_classes=num_classes,

**kwargs)

AP sH&E 7HSX| (pretrained=True) 2t &7 2EIE E2{ 2Lt
o

22k 2 20 tholf AFM st E = 1k 2201 ChsH mtel
0

4 Data Preprocessing and Augmentation

4.1 Data Direct Editing

4.2 AutoAugment & Trivial Augment

H0|E &Z 7|'HSZ AutoAugment 2! Trivial AugmentE &
0 &t& O|O|E{e| CibM S EEZUCE Trivial Augment= &
StMEcEE ZEst 452 Ualste Xt=3HE HIo|E 52
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4.3 Mixup and Cutmix

= 7HX| 4|0l &% 7|2l Mixupd} CutmixE A 35t0] &9
ULEt M52 SMARSLICEH Mixup2 F o|0[X|2| 2lMl gt2
e 2|1, Cutmixe O|0[X| AR E Zat oHE o|0[X|2t g
X|= ghalelu|ct.

self .mixup = 0.8

self.cutmix = 1.0

self .mixup_prob = 1.0

self .mixup_switch_prob = 0.5

Mixupt CutMixE AI&35104 ot Ci|0[E & 2Lt LIS 2=

to
of Zelof ditst Y452 =0|0At AELITh

4.4 Label Smoothing

2igllo] 2541 2 HHQI5H7| 3l Label Smoothing 7|HE M
5to{ 20| X|LIX[A| et& =X FEF LR SLIC

self.smoothing = 0.1

Label Smoothing2 AFZ6tH 2|0|E2| 40| |ISteIFE 0| Ol
0| £ £01[0.9,0.05,0.05]X & 27t 2 E7| BHS0{A 2= O] X|

LEX|A| & S0

5AS 2t
3 0 5 BB o7t DRSS o

5 Optimization Techniques

5.1 AdamW & Weight Decay

, Weight DecayE X £275}04
pes=1o =}

5.2 Learning Rate Warmup & Cosine Scheduler

=7| St5ES ®AS| S7FA|7|= Learning Rate Warmup 7|21}
=

Cosine SchedulerE &7 AIE3510] && =7| I AME =S
L|C}. Cosine Scheduler= &t&0| R =of 2t et5E22 HX}

A 2L

self.sched = 'cosine' # cosine, step

self.warmup_lr = le-6

self .warmup_epochs = 5

cosine Bt E 7|Et St ES ALASLHE 50| T F
of w2t sk &8 HMAF E20{71HAM, 53| FHHR| ofF %2
SIS ES ASdl shas OhFElsiM ofE =7(0l= dHiH 2=
Z sha 82 A8stL, SURE = s&E0| 2435 20 =8M
=85t AELICh 8t Warmups S5iAM st& =7| HAHOf
Me ZEe| 71SX(7t eHEsHA =7(8k=0f 7| W20, HF
Z S5 82 At8sHH 2Elo| EQtdaiXl= A S YR SLITt
A2 SEER AlFG 7IEXI7 ol Y= HEE = StEES
SIHAM gt& etdd g =RsLICH =t =2 StE88
AL85HH 20| {7 Wa| 25to] 2 0|1~ #HE =

I CHE AAIE2|ZE SteplRE ALESH0] LH o Z0KC} 8H&

E2 U7 HAE AYIMSLICE PyTorchOl| A X &5t
£ SteplR S5 E A E= UG F7|(step_size)0l| L2}
&t& E(learning rate)2 ZAA|7|= QEE ELICH =07
step_size O| ZA0ICt SH5E0| gamma LTHE SN 2L
Ct. ol &5 &0 X Es YX|stn, &50| HHEEESE
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» optimizer: SISES XME F

= step_size: EEZ AT |E F

» verbose: TrueZ2 MM A| S5E HA A|OICE HA|X| 7L &
S E (7| 24L: False)

StepLR2 AlEot= O|A|QILICH st&o| ZIgHEof 2t of 30 off

Z 30 S5 E0| 0.1HH 2 ZAst= HAlo 2 MRS LI

import torch
from torch.optim import Adam

from torch.optim.lr_scheduler import StepLR

# ZE|OO|MHH

optimizer = Adam(model.parameters(), lr=0.05)

# StepLR AFH|=Z{MH
scheduler = StepLR(optimizer, step_size=30, gamma=0.1)

¢ styE2m=

for epoch in range (100):
train(...) # St&5&e
validate(...) # ZHAS&=

scheduler.step() # A
2?1 Ao M Ir2 Ch5 2t 20| =Y E LIt

oZ==029: &&E 0.05

0|3 30 59: &t&E 0.005

0= 3 60 89: &&E 0.0005

= 0|3 90 100: &&E 0.00005

6 Model Freezing & Fine-tuning

6.1 Head-Only Model Freeze
2Eo| 5= #EE M 2lstd LIMX| mizto|e{= 0F S AEfo
M st&E ZI-sto] Mol st 2t ISUER S C
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Figure 2: finetune only the attentions (flag —attn-only)

6.2 Attn-Only Model Freeze

Image Transformers)
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we parallelize the architecture by reorganizing the same blocks by pairs,

+

Figure 3: MLP patch projection

7 Ensemble and Model Soup

7.1 Ensemble Method (Mean, Vote)

= = = I E 1T (=] >
CIUSt 2R o & 20 E Ha WL &1 s M &850
Ho ASHSHA
QarE S SHMSLIC
def ensemble_predict(self, models, dataloader):
ensemble_predictions = []
for i, model in enumerate (models):
trainer = Trainer(devices=1)
predictions = trainer.predict(model, dataloaders=
dataloader)
prediction_tensor = torch.cat(predictions, dim=0)

print (£"{i}th model prediction output shape is {
prediction_tensor.shapel}")

ensemble_predictions.append(prediction_tensor)

Attention Z}2}0|E{BHE O|M| =
H5t= "ol |CE MLP DiX| ZTE2AMMEe ME DjX| = 2AME
S Z thMst= A S NMHELICE o] M2

ensemble_output = torch.stack(ensemble_predictions).mean
(dim=0)

return ensemble_output

Zt 2eo| st Ao s oS
ble_predictionsO] Et7{ QI&LICL 0| HEL ZF SUsH 3
7|(shape)E 7tX|D RUO{0f o5lH, HIFZU2 ES =2

(logits EE= EE) SEN 2 XM EEL|CE  torch.stack

o
g
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°
o
>
wn
[0]
3

=
= =
ensemble_predictions Z|AE0 U= BIMEE ME2 X}
£ gLt oE =09,

2 Fobstoiu olof ot A
FOlS BIAMS| 37|7} (batch_size, num_classes)2t11 71X 5}
04, torch.stack(ensemble_ predictions)2| Z1}= (num_ensembles,
batch_size, num_classes)7} ElL|C}. 07| A num_ensembles= 04|

Z0f| Fojet 2 = ol F2| JiLICh o2 7He| of| ELt2

N o rr

-

HHEHAE
StLtel 3X+ HIME THSL|CE mean(dim=0)2 UAIE S 2|5t
ofAtelL|C} dim=02Z X|ME XS 7|F0z HRFS &
LICE dim=02 YAEE Zdo|Lt o F7te| AHA0|EZE, 013
ol Eztel Hdg Foll 218 UM E o Fe2 AHLstA gulch
O|E7 5t oz ol & ZTHE HAUo o of| S3i2 =58
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7.2 Model Soup (Uniform Soup & Greedy Soup)

0i2{ HAZEQIEE HBISH= Model Soup HHEZS MBFOLY,
ofg| YOl HIEQIEE Q = CIEES
stx RYBLICH

—

def ensemble(self):
models = self.load_models ()

if self.method == 'uniform_soup'
model = self.uniform_soup(models)
elif self.method == 'greedy_soup'
model = self.greedy_soup(models)
elif self.method == 'ensemble_predict':
pass
else:

raise ValueError ("Invalid  ensemble method")
if self.method == 'ensemble_predict':
predictions = self.ensemble_predict(models, self
.test_loader)
else:

predictions = model.predict(self.test_loader)

self.save_to_csv(predictions=predictions)

self.uniform_soup(models) 2 S Z&35}0] Uniform Model Soup 2f
Alg mMgsgtlch ol 2E Q| oizto|HE te st
o StLto] REZ HEste HAIZ AR D #ELCh

=

self.greedy_soup(models)& S Z&35}0] Greedy Model Soup EhAl
S MgaliM H50| B2 2USY Mekx o2 HEISI0] SiLte)
ZYz ohso{e T AYELICE



8 Advanced Techniques

8.1 Test-Time Augmentation (TTA)
7|Hg X835t o{z] H FETt
H58 SAUELITE Test Time

E AZHoi| Cl|0|E{ & SZ5t0f 2H Q|

=E HdoM ol 32
d0E "o Lo FS olF
A

Augmentation (TTA)= H|

452 /M Msh= LR-ULICE TTAS| SX2 28 S0l AIE5t=

Hiolef 52 Eralnt SALSHA|, BIAE o|0|X|of Ctst HE S

7tet = ofgf B 2Eof| UK o Sats H 4, 0| & ZE5Ho]

Z| S olFUS =&5t= ALk olE £0i, 7Rt 0]O]X|

(H2)E e B2t 2Elof =5t= i, oi2] 7kX| SZE 0|o|

XE =2 g=lstn O Z20E B, FUL, 7I5HEd S22

Z8f5to] 2[F o Fgts L= YA ULICH

import ttach as tta

tta_model = tta.SegmentationTTAWrapper (model, tta.aliases.
d4_transform(), merge_mode='mean')

of Z== 2 ZEoM TTAE AtEst= SR Y LCE

d4_transform()2 AF23}0] 471X HEd (T L == Ht™TO 90 =

5|F)2 M85t1, 5|5 ol SUS B (mean) 22 BB BLICH

tta_model = tta.ClassificationTTAWrapper (model, tta.aliases.

five_crop_transform())

0 AL 2R TN TTAS AFSSHE BEQILICE 07| M=
S S ALZSH0 574l At 0]0|X|E Hetfof o5

SHYBL

=
FiveCrop

o

8.2 AMP Mixed Precision

AMPE At3t0] 28 MU St 2 FIM5t0] ol 22| AB S
Hopstn 8t S8 SUALIC

self.use_amp = True

UHIM o 2 D2 32H|E EEZ A A (Full Precision)2 At
85101 12 ZIWSHAITL, AMPE AFRSHE U= S1At0l|A 16
HIE S S 4% (Half Precision) AIS5I01 B 22| AlS2S
£0|10 shs £ ARSI HOEH0M= SHIEE
WatA £ UCtd Zo{UUPX| T = MAS0| XS © 6Hf H=
Welkl= 21E ZE}SLHIC

9 Additional Techniques

9.1 Drop Path Rate

Drop Path 7|2 At&5101 ZHO| Ho|o{HZ A2 S PALY =2
SESHs WAOZ DX BS WXISID Yktst M58 =L
C}.

self .drop_path_rate = 0.0

Drop Path& Q37 &5 CHA0M S 2ojolLt E5S &
SxNOoZ AUF==AM SH 2 E nt2s (A CHE Y28

: i %

! ' '

Iteration #1 Iteration #2 Iteration #3 Iteration #4
(Local) (Global) (Local) (Global)

Figure 2: Drop-path. A fractal network block functions with some connections between layers
disabled, provided some path from input to output is still available. Drop-path guarantees at least one
such path, while sampling a subnetwork with many other paths disabled. During training, presenting
a different active subnetwork to each mini-batch prevents co-adaptation of parallel paths. A global
sampling strategy returns a single column as a subnetwork. Alternating it with local sampling
encourages the development of individual columns as performant stand-alone subnetworks.

Figure 4: drop_path

EiSHAl =[0f, 0|2 Qlsl 2o Zf 3|0]o{7t MZ LHE HIOIH &
ME|SHA =0 A BtE E0l1 ditet 452 SHATSLIEL

9.2 ASHA

ASHA= At g HofstHME 22Xl stolzmtetl|e RS
7t55HA st Y N2|F2 2, F[ 2| Sto|HIt2t0[E & 7| 2
oif AelE 2H2(Sh= ol AFEEASLICEH HE X2 FUH22
E835tu, =7| St HES ALSSH0] Azt XAHRE =5t
HOM EUSHA EASLICE A, B2 2| 5H0|Hot2t0[E
Tt SAIO SEAIELICE 2t Sto|muf2to|E Zetol
SS Hluet 2, 50| X| @2 =gfs2 dd HAM =7
SHE AlgLth 4&50| £2 TS0 AL &2 TSI
o M2 At S gEent

9.3 Population-Based Training (PBT) & PB2

PBTE 02 2HS SAl0f St&AI7I0] ¥50] B2 2ol 3to]
HIlEI0|E 8 BREHS WACE MES Be|ste WHelL|Ch
PB2S= PBTO| 238X O 2, 0] 282 S5 Cst AES Al

SRELICL

Performance
—

Hyperparameters O 3

Weights U ...... LT .

=ol)
O
O

[}

Figure 5: PBT



9.4 Pre-commit for Code Improvement

TS EF SIS Y8 Pre-commitS MB350 MAIZH AE A
ElUg JHMsED, Hole AEs| AEsaLIct

10 Challenges

10.1 EMA & Gradient Clipping

EMAZ} Gradient Clipping2 M8 A= oLt 280 ojeigs

7401 HB5tX| RY}MSLICL oS ZEME0|| M= PyTorch0f| A

K| Et= torch.optim.swa_utils I§F | X| £ E56H EMA2} SALSt

Stochastic Weight Averaging(SWA)S &6 E M o{®E 7} AlSL|

Ct. &£ 9EHSHK| RME ZEE =™l 2ol 0 HH|0|E

DHOLCH EMA Zt2 A AI5H0 M &lste W e M35t S &L
=

Ct. PyTorchoi A 2 mi2t0[E{E A& FX510{ EMA H|0]

i

ES $¥5ts IES AMY D OF2 TR M THE
los FEASLICH

2y &2 S5 0|0|X|Q) SRS HES MMt Waloz
=2 X

11 =ZZNHE o8 O}

Model Version

Resnet18 resnet18

CoAtNet coatnet_bn_0_rw_224.sw_inlk

CoAtNet coatnet_rmlp_2_rw_224.sw_inl12k_ft_inlk

ConvNeXt | convnext_base

DeiT3 deit3_base_patchl6_224.fb_in22k_ft_inlk
DeiT3 vit_base_ patchl6_224

ViT vit_base_ patchl6_224
EfficientNet | efficientnet_b0

EfficientNet | swinv2_small_window16_256.ms_inlk

Table 2: Model

t
hyper-parameter =& HIHES T2 S Z2MWESLICH E5| DeiT3
2|

9| fine-tuning T E 2} timm Zf0|EH 2|2 ZEES 21501,
S5O HEEE I SAAIE = JASLICE o2t HHES
HE XE% g, B2 0% Ystes =2 FEE Hdg +
UAELIEL ZE BHE XIO|Z2 50% MFREE HEE=JH5U H7t
X HZ2=X| 0t 2 olHZE AUYSLICH ol e Sl Z=
HEO0| HtEA| 225 MRt g s =Aen, ElAS 0o
gels Sl ZE 2R H4E S B E XS] sjof &irte

EVA-CLIP eva02_base_ patchl4_448.mim_in22k_ft_in22k_in:
RegisterViT | vit_mediumd_patchl6_regd gap_256.sbb2_|e200_
Swin2 swinv2_small_window16_256.ms_inlk

E2°5t WS 2 HiYELICH attentionTt H2|1D LIHX| 222
5 tE2sto] 22| 22 & 2F 20% & Ztst

718
52 2% BAAIY = UKGLICH EFH, mixed

IE
flio
>

S O|AMO|HSLICH O|H Z2EMEN|AM TR 2 8HH| = A|EHO|

T o™ PVN=] — = o = jr—
=Ct= Ho|FLICH B Z2AME ZEo| E53MHE M= =
EHME =gtof| Y2 ZAMol[A SR AUD, U2 E ZZNE
E 0|2| X5t A2 ES M2 sHofZlctn okSgi LT
LS MAMe=z &Lst 0|F, ERE2 HAt =88 7|29
A Z HFEUXIT, AOLE EOolLf7|oll= AlZHo| EFSLIC
olzfst 20| 7tz ot EH Ho|USLICt o|H Z2NHE Q]
WESHECE, 2 ZEMENME= BHSE MAXM HE &
Bt IE AN MEE ME AYLICH BE St IEE HHEA
25k, 7hstt ot YREH MIAZQAEE MEstof CHE E
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Figure 6: Training Results for Different Models
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