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CHAPTER 1

TRBIERE

TEATIH, FATRHE 7R QT 45 PyTorch A ¢ B HOBIFRIT -

MMClassification i& T Linux, Windows 1 macOS. ‘&% Python 3.7+, CUDA 9.2+ £l PyTorch 1.6+,

ik AURARXIECE PyTorch L AR, H HECK%MTHCE, WAEEHAT —7 . RS, &
HRAR AT 25 RS2 UL

851 2B ME MR 23235 Miniconda,
45 2 B A)E—> conda EWIFFEEIF BT

conda create —--name openmmlab python=3.8 -y

conda activate openmmlab

55 3 WALy 9 2% PyTorch, 40
£ GPU -4

conda install pytorch torchvision -c pytorch

i DA ban & B 2R ol PyTorch 53X cudatoolkit, A EATE S5 VRIEMFE LA

IE CPU -4



https://docs.conda.io/en/latest/miniconda.html
https://pytorch.org/get-started/locally/
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conda install pytorch torchvision cpuonly -c pytorch
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CHAPTER 2

FRATHERE ) P IR AT B RS9 oA 228 MM Classification, {HRILZ 4, ASRARREARDEARAY > 153 52 102K A
i, WAIAZS I 8 2 L 3R R 25 E.

2.1 FREESEER

MRIERATR, FAT SRR

o IR AL (HEA) ¢ Ay BT MMClassification HEZLTF % H & AU IR AT 55, FHEIRMBIITIEE,
WA SRR, SR R S T A

o YEA Python ¢, % H 2% %iJE ] MMClassification ) API 211, siEAEH AT H 5 A MMClassi-
fication T AR

211 MiFBRE

XFMEOLT, AVEISHA0 T J7 204 %E mmels:

git clone -b 1.x https://github.com/open-mmlab/mmclassification.git
cd mmclassification

pip install -U openmim && mim install -e .

Frik: "-e" FRAMHERIL LA, AT DMEANBURT R OL T, AR A B R R AR
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2.1.2 1§35 Python %23

A mim 2RI,

pip install -U openmim && mim install "mmcls>=1.0rcO"

ik mim g MERRYA ST TH, WUAMRYE PyTorch Fil CUDA Jfi7= 2y OpenMMLab 553K % e B £7 T )
G IR ERGEHE T —0 T IR ) S AR A B T BE

2.2 BE%R

AT %k MMClassification [142 58 & 5 1B, FRATHEHL T — L m AR A S TR B HEHEL
85 1 BTN TR S B SO AR A S

mim download mmcls —--config resnet50_8xb32_inlk --dest .

45 2 B UE R B R HER AR
ARAR IR M DRRS e ) mmels, AR A B HIZFT LA fir & 2T R IE

python demo/image_demo.py demo/demo.JPEG resnet50_8xb32_inlk.py resnet50_8xb32_inlk_
—20210831-ea4938fc.pth —--device cpu

RAT AR Bl 2 T i T 45, 4% pred_label, pred_score fll pred_class = FE.

WA MR Python 40223, A2 n AFTITARIY Python fREAS , FHREIG AT ACAY :

from mmcls import get_model, inference_model

model = get_model ('resnetl8 8xb32_inlk', device='cpu') # B F device='cuda:0'

inference_model (model, 'demo/demo.JPEG")

BB — 7, S NAREE . 150 L2504

i PAERBIF, resnet18_8xb32_inlk BRI IR. MR DA mmels. 1ist_models 3210 3N
A RREAL ) s B A A S T T A R .

4 Chapter 2. %3
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2.3 BENRE
2.3.1 CUDA 7

4% PyTorch I}, F5845 2 CUDA A, QR GEATERE LIS, W Ba 100 2L
o % Ampere 2244 ) NVIDIA GPU, 4l GeForce 30 series DA J2 NVIDIA A100, CUDA 11 2R .

* XFH A NVIDIA GPU, CUDA 112 ijAR4 ), {2 CUDA 10.2 RERSIRAUEGF YA E, i

1=}

Ho

TEHI AR GPU BKBIRAS I R S IR AR TR, Sk k.

Pk QAR RIRAT S Bt T8, CUDA 2 7H R RS T, BEAFRATEEAH 5 CUDA 365 1) #idw
B, AR BT ARG 3 . (HANSRARA AR AT MMCV (43, st T HAth CUDA H W71k , 1B
QIR E R SE R CUDA T HA%, 2 0L NVIDIA 1, 53 /MNATE EMfiffi% CUDA T HAEM A< 5 PyTorch
AL EARVCEE (W0 conda install %73 PyTorch B4 52 HY cudatoolkit R4S ) .

2.3.2 7£ CPU IMEh&RK

MMClassification " PA{XfE CPU BRJE 2%, #E CPU BT, k] DASE ISR . LA HERE 45 B A #AE o

2.3.3 7 Google Colab thzE

22 Colab FUHE 25 RIW],

2.3.4 &t Docker {#FH MMClassification

MMClassification $2{4 Dockerfile I T# @555 . W HAEAREY Docker it 4~ >=19.03,

# M E BN PyTorch 1.8.1, CUDA 10.2 M K4 &
# WwBRAEEFER LR A, FB % Dockerfile

docker build -t mmclassification docker/

VAT i 491247 Docker it :

docker run --gpus all --shm-size=8g —-it -v {DATA_DIR}:/mmclassification/data.

—mmclassification

23. BEXRE 5



https://docs.nvidia.com/cuda/cuda-toolkit-release-notes/index.html#cuda-major-component-versions__table-cuda-toolkit-driver-versions
https://developer.nvidia.com/cuda-downloads
https://colab.research.google.com/github/mzr1996/mmclassification-tutorial/blob/master/1.x/MMClassification_tools.ipynb
https://github.com/open-mmlab/mmclassification/blob/master/docker/Dockerfile
https://docs.docker.com/engine/install/
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2.4 MR

WAL R B B T AR, 5 Se A M F LR AL AR R BN @ 5k, ATDATE GitHub 4 i

issue,

6 Chapter 2. %3


https://github.com/open-mmlab/mmclassification/issues/new/choose
https://github.com/open-mmlab/mmclassification/issues/new/choose

CHAPTER 3

£ Il AR H#EIE

MM(Classification ft:Model Zoo H it 1 1T/ LM BYNZRALAL . AR d IR R il 58 BUAT BERDRE 4 e el 1%
AT HERE

ET AR ERE S BB R, R XS

3.1 #IEpsRkER

MMClassification A P2 $E B {1k =2 Python API:
* get_model: MRIFHFRIRI— A
* init_model: MRECE SCIFRIRCE SO IR — ML
 inference_model: XF#E KA BEATHERL,

NG, W > ImageNet-1k | AT IR (LB HERE 25 1 B 15

T B PAiz 4T wget https://github.com/open-mmlab/mmclassification/raw/master/
demo/demo. JPEG MBI -, Bfdi I HALE .

from mmcls import get_model, inference_model

img_path = 'demo.JPEG' # TR HCHEFBR

(Rt
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(£ 50

R ELE

model = get_model ('resnet50_8xb32_inlk', pretrained=True, device="cpu") # “device o
< H LA 'cuda:0'

# PAT I E

result = inference_model (model, img_path)

result H—MUE T pred_label, pred_score, pred_scores fll pred_class B, 25505

{"pred_label":65, "pred_score":0.6649366617202759, "pred_class":"sea snake", "pred_
—scores": [..., 0.6649366617202759, ...]}

1 78 ] PATE demo/image_demo.py HH4E 3| .

8 Chapter 3. {ERIHEREIE



https://github.com/open-mmlab/mmclassification/blob/1.x/demo/image_demo.py

cHAPTER 4

HEEHIES

H #if MMClassification filf 37 H5 (B R4 4 -
* CustomDataset
* ImageNet
e CIFAR
e MINIST
e OpenMMLab 2.0 #7235 &
o HAIbiIE %
« BIBROK

WRARBE T IR ATE A EIRA ATF R, 5 2 i oA 2R TG BL CustomDataset .

4.1 CustomDataset

CustomDataset ;g—/Mll FIMEHRAES, SAEMH H B4, Hil Custombataset SCRELARHFI A
A H LR de S
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4.1.1 FXHERAR

SR A SR XA T HI2E5], A, class_1 A1 class_2 JEAEE T K7 TR HIEIZE5].

data_prefix/
F—— class_1

| — xxx.png
| F— =xy.png
| — ...

F—— class_2

| F— 123.png
| F— 124.png
| [E—

BRI TSR, AR AR E SO 5 ZE A I A T e

train_dataloader = dict (

PNGHREERE

dataset=dict (
type="'CustombDataset"',
data_prefix="'path/to/data_prefix',

pipeline=...

4.1.2 HEXHHBR

B SCAS X 32 B SO SO R AR E R B ., data_prefix fEIEF, ann_file fEHREFZEIIEE .
TR %EB, dataset HEUIF -

data_root/

F— meta/

| — ann_file
— data_prefix/
| F— folder_1

| | b= =xxx.png | | F— xxy.png
| F— 123.png
|

|

F— nsdf3.png
I;---

PREESCHE ann_file WRIESCAR, 2 hpisl, E—FAK rte, S5 RBIRES . W

10 Chapter 4. FE&HIEE
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folder_1/xxx.png 0
folder_1/xxy.png 1
123.png 1
nsdf3.png 2

i RHFSWIMER 24 7E [0, num_classes - 1] Y1 954K

FANET ERARERCE SRR E classes T, At

train_dataloader = dict (

t NGB EERE

dataset=dict (
type='Custombataset',
ann_file="'path/to/ann_file_path',
data_prefix="path/to/images’,
classes=['A', 'B', 'C', 'D', ...]

pipeline=.. .,

il WERAEE T ‘ann_file’, MW@ ‘ann_file’ BEGREGL; B, TS IR UL

4.2 ImageNet

ImageNet £ ZMUA, (Hi# A — 32 ILSVRC 2012, Al RAE DA N A HRIEH E
LSV PR SR B 2 A
2. #kF| ILSVRC2012 (i s, TEATPIASC1F:
+ ILSVRC2012_img_train.tar (~138GB)
+ ILSVRC2012_img_val.tar (~6.3GB)
3. MEEE T EMIE
4. ML SR TR BRI MR AR SO
5. MRPEAS LR TR B AR A AL SRRSO, BA%R KA

4.2. ImageNet

11



http://www.image-net.org/challenges/LSVRC/2012/
http://www.image-net.org/download-images
https://download.openmmlab.com/mmclassification/datasets/imagenet/meta/caffe_ilsvrc12.tar.gz
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imagenet/

F— meta/

\ — train.txt

F— test.txt

L— val.txt

train/

F— n01440764

F— n01440764_10026.JPEG
F— n01440764_10027.JPEG
n01440764_10029.JPEG
n01440764_10040.JPEG
n01440764_10042.JPEG
n01440764_10043.JPEG
n01440764_10048.JPEG

[TTTT

F— TLSVRC2012_val_00000001.JPEG
— ILSVRC2012_val_00000002.JPEG
F— ILSVRC2012_val_00000003.JPEG
|_
l_

ILSVRC2012_val_00000004.JPEG

|
\
}_
|
\
|
\
\
|
\
\
|
}7
|
|
\
|
\

WG, BTDARH BA AT ) ImageNet Xtk :

train_dataloader = dict (

FUGHEERE

dataset=dict (
type='ImageNet',
data_root="'imagenet_ folder',
ann_file="meta/train.txt"',
data_prefix="train/"',

pipeline=...,

)

val_dataloader = dict (

P REHREERE

dataset=dict (
type="'ImageNet',
data_root="'imagenet_ folder',
ann_file="meta/val.txt"',
data_prefix='val/",

pipeline=...,

(R Igksh)

12 Chapter 4. FE&HIEE
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(£ 50

)

test_dataloader = val_dataloader

4.3 CIFAR

BATAFH BN N CIFARIO MICIFART 00 B¥adE

, THTAE data_root FEHEE T ECHIRIT . I H.
W E test_mode=False /test_mode=True 3 H il Z&E I8 M 4 .

train_dataloader = dict (

PONGREEEE

dataset=dict (
type='CIFAR1OQO"',
data_root='data/cifarl0"',
test_mode=False,

pipeline=...,

)

val_dataloader = dict (

tRIEREERE

dataset=dict (
type='CIFARI1O0',
data_root='data/cifarl0"',
test_mode=True,

pipeline=...,

)

test_dataloader = val_dataloader

4.4 MNIST

AN ZH B 3 FEMNIST FFashion-MNIST $iii4E

o 22
’ z{@»/l:\lﬁﬁ

¥8E data_root FEHAY N EEEARHI W] . I HaE

138 E test_mode=False /test_mode=True 3l Il ZE sl MR BdR4E .

train_dataloader = dict (

#NAHEERE
dataset=dict (

(Rt

43. CIFAR

13
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(£ 50

type="MNIST',
data_root='data/mnist’',
test_mode=False,

pipeline=...,

)

val_dataloader = dict (

tRIEKBEERE
dataset=dict (
type="MNIST',
data_root="'data/mnist"',
test_mode=True,

pipeline=...,

)

test_dataloader = val_dataloader

4.5 OpenMMLab 2.0 #rE#IESE

N TGRS R 1, T 25 A FEREALI2%, OpenMMLab i T OpenMMLab 2.0 %
HRARNE , BURARARE S FRAT G IE, BRI TS 2 B U S AT B A S a2 i
FEPEIREIRARE S AT A ILERS S, P AT PAERRR HA AL LE RS S, I8 ) OpenMMLab (15534 i 1k
TR S A T RE N R I io

OpenMMLab 2.0 s fe it AMIERLE , AR Json B yaml, yml 3 pickle, pkl #3; bafk
AR F I A metainfo fll data_list WNFE. HP metainfo B— 7, HHMUE
BRI ICER data_list @SR, SIRPEAICRE D7, S IE ST — P EIAEEE (raw
data) , ARG B 6 & — G TSNS

MR s R dR , AR AR E SR R :

'metainfo':
{
'classes': ('cat', 'dog'), # 'cat' WX H FEH 0, 'dog' K4 1.

I
'data_1list':
[

(R Tgksh)

14 Chapter 4. FE&HIEE
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(£ 50

'img_path': "xxx/xxx_0.7Jpg",

'img_label': O,

"img_path': "xxx/xxx_1.jpg",

'img_label': 1,

H

Ie] i (B S R AT TR B A A T

data
— annotations
| F— train.json

I DA A

dataset_cfg=dict (
type='CustombDataset"',
ann_file='path/to/ann_file_path',
data_prefix="'path/to/images_folder',

pipeline=transfrom_list)

4.6 HihFiESR

MMCLassification i/ & 325 5 2 HA AR AR , 7T DA 2 4048 B A8 RICE M iL & B .

4.6. HiEIER

15
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4.7 WiRERBE

MMEngine ' SCFFA T Bt ey, T AZ% MMEngine 2075 7RI &
¢ ConcatDataset
* RepeatDataset
* ClassBalancedDataset

W iR b, MMClassification 18 X 45 T KFoldDataset, 22 i@ f#i[f] tools/kfold-cross-valid.py
e,

16 Chapter 4. FE&HIEE


https://mmengine.readthedocs.io/zh_CN/latest/advanced_tutorials/basedataset.html
https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.dataset.ConcatDataset.html#mmengine.dataset.ConcatDataset
https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.dataset.RepeatDataset.html#mmengine.dataset.RepeatDataset
https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.dataset.ClassBalancedDataset.html#mmengine.dataset.ClassBalancedDataset

CHAPTER B

YIS i

5.1 Ik

5.1.1 Bl EaR)I%k

PRATPAM ] tools/train.py TEFLN b CPU /2 GPU #EATHIAL A I 2.
PAR 2 IR A ) 52 86 A -

python tools/train.py CONFIG_FILE} [ARGS]

ik BOAE O, MMClassification £ H siH fARIK GPU #1745, WRARH GPU {EAMAEE ] CPU #17
&k, R EFEEAS 8 CUDA_VISIBLE_DEVICES N&5ai# -1 kX2 GPU,

CUDA_VISIBLE_DEVICES=-1 python tools/train.py ${CONFIG_FILE} [ARGS]

17
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CONFIG_FILE | Fl¥ SCHRIBEEE .

—-—work-dir

FRARAFIN R HERALE SR SO, BRIARE - /work_dirs HRTN, SRCEICIF

WORK_DIR A S

—-resume WA G o WRAEE TR SO, WIS & B SCUAE s s a fe, Wi
[RESUME] T BB A SO A TR

-—amp JE IR AR BN 25

——no-validaf

AN TE YIS B AN AT R IR Bk REERIE .

——auto-scalg

BRI SRR )N (bateh size) FIFBAALUCR N2 2] HIEAT SR

—-—cfg-optioy
CFG_OPTIONS

nSHL AC B OCPFh  —2E . IR xxx=yyy BIBEIEATE 4658, XS B 2wt

AAMBCE AR BCE . IR AEH] key="[a, b1 " B(# key=a, b KA KSR E
S FAERIE, HICRHRE, B0 key=" [(a,b)(c.d)]”, XHEMF 5 ATHREA . 555b
RN I P IS

—-—launcher
{none,
pytorch,

slurm, mpi}

JE8as, BRIAH “none”.

5.1.2 BHZRII%

FATRME T4 s

hell Jii4~, AIPAH] torch.distributed.launch F31% GPU {155,

bash ./tools/d

ist_train.sh CONFIG_FILE GPU_NUM

[PY_ARGS]

S ik

CONFIG_FILE | BB LRI

GPU_NUM A GPU it .

[PY_ARGS] tools/train.py CRFHANAIRSEL, 20 L.

VRIE T VASE FIPRIFAS SR A € S Shas BN S H, LU AN iy K5 Sl 1 2 TR 11 AS B 29666 -

PORT=29666 bas

h ./tools/dist_train.sh GPU_NUM} [PY_ARGS]

AR ARA BTN [ 9 GPU AT 0GRS5, T DATE SR Bl Rl 2 AN [] A8 TR 1 AN [l g T 3504

CUDA_VISIBLE_D
— [PY_ARGS]
CUDA_VISIBLE_D

— [PY_ARGS]

EVICES=0,1,2,3 PORT=29500 bash ./tools/dist_train.sh

EVICES=4,5,6,7 PORT=29501 bash ./tools/dist_train.sh

18
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5.1.3 Z %k
F—M%&TEIZH

AR B A ) — SR R e 2 & U EA T — NGS5, ATRABE AR fir -
1ES—HPlas b

NNODES=2 NODE_RANK=0 PORT=S$MASTER_PORT MASTER_ADDR=$SMASTER_.

—sh SCONFIG S$GPUS

ADDR bash tools/dist_train.

TE L b

NNODES=2 NODE_RANK=1 PORT=S$MASTER_PORT MASTER_ADDR=$MASTER_.

—sh SCONFIG $GPUS

ADDR bash tools/dist_train.

MPALZ R, RTe B e — LU PR A o -
NETE ik
NNODES GRS
NODE_RANK LTS
PORT WG, BRI LA EENY 22—
MASTER_ADDR | ML IP Huhk, EAEFTA LA LEIN 22— .

WHFRADL, WRXILEYLERZ A ZmE M AR, IR SRR,

Slurm BB TS EE

WSRARAE slurm £ F, AIPAMH ] tools/slurm_train.sh HAREsMES.

[ENV_VARS] . /tools/s lurm_train.sh PARTITION JOB_NAME CONFIG_FILE WORK_DIR /.
< [PY_ARGS]

X BBz AR — e
S iR
PARTITION 15 R BE R4 X
JOB_NAME W2 FR, VRAT AR R — 4.
CONFIG_FILE | BiH C/4%.,
WORK_DTIR FHDAMRAE H G FIASUCEE SO SCF 2
[PY_ARGS] tools/train.py XFWHAMATESEL, S0 L,

3% B — B AR AT DA SEAC B slurm {45 (3R AR &

5.1. il%k 19



https://slurm.schedmd.com/
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HETE ik
GPUS R GPU 4L, ZRAH 8.

GPUS_PER_NODE | AT 8 4R GPU %5, R0 ARIETT SIE 48 E . BRAN 8.
CPUS_PER_TASK | HAMESAHELA CPU £ (GEH 14> GPU X —MT45) . BRIAH 5.
SRUN_ARGS srun e A S E . AT BRSSO

5.2 i

5.2.1 EflEa-Rai

PRATLABE tools/test .py ZEHLI L CPU B2 GPU HEATHIR AR,
DA S M A 58 P

python tools/test.py ${CONFIG_FILE CHECKPOINT_FILE} [ARGS]

ik BUAEOLR, MMClassification 2% H #fiiH FI /R GPU #EA 1. QRARA GPU {HAIAEEH CPU k47
MR, 5 B FREE48 f CUDA_VISIBLE_DEVICES NZSa# -1 kX445 i GPU.

CUDA_VISIBLE_DEVICES=-1 python tools/test.py CONFIG_FILE CHECKPOINT_FILE [ARGS]

20 Chapter 5. g 5ili%



https://slurm.schedmd.com/srun.html
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CONFIG_FILE | Fl¥ SCHRIBEEE .

CHECKPOINT_H

POMEE ORI AR (SFF hetp G982, AR VT DAYE X L 4R SRR SCIF)

-—work-dir

WORK_DIR

AR PRAF ISR ARGE A ST

——out OUT

JH A BRAF D i 4 79 LA

——out—item

e Ml 1 SCPRR NS, TRACH “pred” B “metrics”™, JLrf “pred” IR fRATHTA AL

CFG_OPTIONS

OUT_ITEM g, XEHEE T DA T L NIT; 7 metrics” Fni b MHFadr. ZRIAKH “pred”,
——cfg-optionsH FHLE LA —LE E . IR xxx=yyy MEEXTETE e, X238 & 2

BANBCE SR E . ARATPABEI key="[a, b] " B key=a, b KRG E
FIFAEAIIME, HSCFHRE, I key=" [@b).(c.d)]”, XHLHF 52 AT . 755
BRI AR AT B A

—-—show-dir

TR AR T 235 2R P fR ) SR

SHOW_DIR

——show TEG O SR Fi i 45 2R 18
——interval | #FREZ DREAIAT— IR BN SR AT .
INTERVAL

-——walt-time

WAIT_TIME

FAE A R (AR .

—-—launcher
{none,

pytorch,

slurm, mpi}

Baigs, ERIAH “none”,

5.2.2 Bl SRR

AR T4 s

hell iiZ<, W[PAf#i] torch.distributed. launch J831£ GPU {4,

bash ./tools/dist_test.sh ${CO} NETIG_FILE CHECKPOINT_FILE GPU_NUM [PY_ARGS]
S iR
CONFIG_FILE e B SO R B AR
CHECKPOINT_FILE | AU SCIREEAR (SCHF http 58z, /RWTDATEX TSR B L) .
GPU_NUM i GPU #i& .
[PY_ARGS] tools/test.py XHFHAMTESE, S0 ESL,

PRIETT LAGE I RIRAE BRA5 G S s RO AON S, ECRIT AT iy -5 2l 2 640 188 Ty 171 22 5 29666

PORT=29666 bas
—ARGS]

h ./tools/dist_test.sh CONFIG_FILE CHECKPOINT_FILE GPU_NUM [PY_

5.2. ji®

21



https://mmclassification.readthedocs.io/en/1.x/modelzoo_statistics.html
https://mmclassification.readthedocs.io/en/1.x/modelzoo_statistics.html
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AR AR B AN [ 9 GPU EATZ AR5, T DAYE S5 31 Rl A AN [] A8 TR 1 AN [l By T 350

CUDA_VISIBLE_DEVICES=0,1,2,3 PORT=29500 bash ./tools/dist_test.sh ${CONFIG_FILE1
— {CHECKPOINT_FILE} 4 [PY_ARGS]
CUDA_VISIBLE_DEVICES=4,5,6,7 PORT=29501 bash ./tools/dist_test.sh ${CONFIG_FILE2
— {CHECKPOINT_FILE} 4 [PY_ARGS]

5.2.3 SHLE
F—R% Ty SHl

QR AR BB ) — R R I 22 B A T — NS5, AT DABE AN i %
1E— Al b

NNODES=2 NODE_RANK=0 PORT=$MASTER_PORT MASTER_ADDR=$MASTER_ADDR bash tools/dist_test.

—sh SCONFIG S$CHECKPOINT_FILE S$GPUS

e Ahlar b

NNODES=2 NODE_RANK=1 PORT=$MASTER_PORT MASTER_ADDR=$MASTER_ADDR bash tools/dist_test.

—sh SCONFIG S$CHECKPOINT_FILE $GPUS

BN R, VRG240 — SR MNY PR AL A

NETE iR

NNODES BLAS BB

NODE_RANK NI G)E =2

PORT WG, BRI LA AR 22—
MASTER_ADDR | FALAY IP Hudik, EAFEFTA NS AR 242 —501.

Slurm EETHSHEE

MWSARTE slurm &8 F, A[PAMIH tools/slurm_test.sh WA BZES .

[ENV_VARS] ./tools/slurm_test.sh PARTITION JOB_NAME CONFIG_FILE CHECKPOINT_
—FILE [PY_ARGS]

X HUR A — 24

W

20 Chapter 5. g 5ili%



https://slurm.schedmd.com/
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S iR

PARTITION AR X

JOB_NAME B2, VR ARE R — 44 F

CONFIG_FILE B B SRR A

CHECKPOINT_FILE | AU SCIREEAR (3CHF http 558z, /RWTDATE L HL S HR TR SLAOAE SCM) .
[PY_ARGS] tools/test.py XHFFHABTES AL, S0 LS,

X L@ — LU ARA] AT R BCE: slurm AE: 55 1) BRAR AL 1 -

MRTE it

GPUS i GPU 28, BRIAH 8.

GPUS_PER_NODE | &5 sisr ALY GPU £, ARATRAMRE Y fUE L de 2 . BRIAH 8.
CPUS_PER_TASK | f/MES54r L) CPU % (GE#H—A> GPU X .—AME55) . BRAK 5.
SRUN_ARGS srun Ay SR HANSE. AT RIS 0L SR .
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CHAPTER O

FIMEXH

Y B PRIR R AR S SIS (A PR CE, FRAT B SO R E SR AT A X S X R S R g LA AL
FILRAERE, 224090 DAFEMMEngine R

MMClassification 3= % i python SCHVE R E SCHF, B Bl B SCHRRIUEAE configs U, HREEH
R Frs:

MMClassification/
— configs/
| F— _base_/ t FAMEE Xk
| | — datasets/ ¥ R HEE
| | — models/ # RasER
| | — schedules/ # R 48k K wE
| | L— default_runtime.py # RHEMTRE
| — resnet/ # ResNet X & X %
| — swin_transformer/ # swin H & Xtk
| — vision_transformer/ # VIiT H % Xk
I
I

B DA ] python tools/misc/print_config.py /PATH/TO/CONFIG fiid k& FE BN EREE,
T 7 (SRS JOT 0 17 1) i S A o

A EYHH MMClassification it B ST fiv 44 MIEEHE , AR AN BT CA ML ESCPFB R, FPA ResNet50
P SO BATIRRE
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6.1 BL&E &

fE configs/_base_ XIFRTH 4 NEARLIFLR, 73H:

o JHZ (model)
* Kk (data)
o |25 (schedule)

* BT (runtime)

ARAT VA S AR — L BAS G B SO RAR A B SR VI ZRBC L SCHF . FRATFRX LR I B B SO R b e
XM, W _base_ SUFIEHR ST AU ISR O B SO

AT ResNetS0 [i S0P AR SR GIIEATUERAHERERE— 175 3L

_base_ = [ # W E X RS AINA _base T WHERE
'../_base_/models/resnet50.py"', # EARE
'../_base_/datasets/imagenet_bs32.py"', # HERE
'../_base_/schedules/imagenet_bs256.py"', # I % ¥ ¥ &
'../_base_/default_runtime.py' # BANEZATRE

]

FATRAE T i 43 AR X U A SR A e B S

6.1.1 {REEE

B FUGRCE S P& — A model “FUBIRESHY, T RAFRMAELEH . KRR E

* type: DRGBAW MTEGIRMES, EHY InageClassifier, WEMWIHSH APl L4,

* backbone: FTREE, FTME N EZEHRFFMESEEINZ, LUl ResNet, Swin Transformer,
Vision Transformer Z54%, WL f3kIiE 5% APl 3 4%,

* neck: FMLEIE, HINLE T TR ER: T MM RIMY, Al GlobalAveragePooling 4,
LW MW S % API L A%,

* head: SKMZIE, KM% 2@ )G RERAEI W 2800, 2 nI IR S% AP A4,

- loss: PIREERE, ¥4 CrossEntropyLoss, LabelSmoothLoss Z¢, WL 0] k&%
API 4%,
* data_preprocessor: EI Q5 AR AL BEAR B, AT UE B AL T AY AL BE 4R A, B 40
ClsDataPreprocessor, G XiF4EE, ESH API X 4%,

e train_cfqg: YIZGHBIEIRIIMEE . £ MMCLS 1, FRAT] 32 200 B ok B Bt b, N Mixup
Ml cutMix., HRFEMEE, HSH L,

26
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ik MESEH ‘type” NEMIERTISHE, M2HE4,

PAT 2 ResNet50 MRS configs/base/models/resnet50.py’

model = dict (

type='ImageClassifier"', # ok BEAM . HE RA 'ImageClassifier'
backbone=dict (
type="'ResNet', # EFT M4 KA

# BT type ZIAWHHTAFEHEAKE "ResNet® X HW __init_ F &
# ¥ & | https://mmclassification.readthedocs.io/zh_CN/1.x/api/generated/

—mmcls.models.ResNet.html

depth=50,
num_stages=4, #o
SE T MERAS (stages) WK H, REREFEUBHEEENE L H head BH#T N

out_indices=(3, ), # ?“ﬁé'ﬂ%ﬁ@?“ﬁ??h
frozen_stages=-1, K& ETRNWER
style='pytorch'),

neck=dict (type='GlobalAveragePooling'), ;Om & kA

head=dict (
type='LinearClsHead', # oW % ER

# BT “type ZIHWIHEFE#EHKXRE ‘LinearClsHead' % W _ _init_ F &

# ¥ & [f| https://mmclassification.readthedocs.io/zh_CN/1.x/api/generated/
—mmcls.models.LinearClsHead.html

num_classes=1000,

in_channels=2048,

loss=dict (type='CrossEntropyLoss', loss_weight=1.0), # #M % B HWEE £ &

topk= (1, 5), # FEAT, Top-k HFE, HKEH topl § tops.
e E

6.1.2 i

B I AG T E SC E E A T RS . dataloader DA N PPAN 4 S5 0 -
e data_preprocessor: A AT A, 5 model .data_preprocessor f[E, HILEH FHAL.
e train_evaluator | val_evaluator | test_evaluator: WEIELER, % API 4%,
e train_dataloader | val_dataloader | test_dataloader: #4JZ dataloader
- samples_per_gpu: 4 GPU H batch size
— workers_per_gpu: B GPU 24k

- sampler: RAEFFHCE

6.1. BEEXH#H&EH 27
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- dataset: $IREEHLE
* type: HIEHELA . MMClassification 735 ImageNet ., Cifar ZE¥RESE, SHAPI L 4%
* pipeline: ZUMALBIFIKE, SH M RBAE S QT A AL B /K 26
PAF J& ResNet50 FEHEHL E configs/base/datasets/imagenet_bs32.py’

dataset_type
# WA EERE

data_preprocessor

'ImageNet'

dict (

# AN E A SIEEE D "RGB' R
mean=[123.675, 116.28, 103.53],
std=[58.395, 57.12, 57.375],

to_rgb=True,
% 4 BGR
)

=
dict (type='LoadImageFromFile'"),

train_pipeline

dict (type='RandomResizedCrop',
dict (type='RandomFlip', prob=0.

dict (type='PackClsInputs'),

= [
dict (type='LoadImageFromFile'),

test_pipeline

dict (type='ResizeEdge',
dict (type="'CenterCrop',
dict (type='PackClsInputs'),

# M) %% dataloader
dict (

train_dataloader =
batch_size=32,
num_workers=5,
dataset=dict (
type=dataset_type,
data_root="'data/imagenet',
ann_file="'meta/train.txt',

data_prefix='train',

pipeline=train_pipeline),

sampler=dict (type='DefaultSampler"',

persistent_workers=True,
SELRFHE, TIU%ESE Mepochtly
)

scale=256,

crop_size=224),

e
# MNHEAGHE— W RGB HE KA
# MONE B — L RGB i M AR E E
# REWEHE#EYE, W\ BGR ¥ 4 RGB # # RGB.

# 3B R
scale=224), # [ ALK 45 B
5, direction='horizontal'), # WAL A F A

#EEERNERE

# EEEH%
edge="'short'), # HE i xt H2563 1T %
#od R

#EEERNEATE

# 4 % GPUWy batchsize
# & NcPUum & B %

&

B

# BRAKHERE

#

shuffle=True),

& B A

(FoUARZE)
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# M B iF £ dataloader
val_dataloader = dict (
batch_size=32,
num_workers=5,
dataset=dict (
type=dataset_type,
data_root="'data/imagenet',
ann_file="meta/val.txt',
data_prefix='val',
pipeline=test_pipeline),
sampler=dict (type='DefaultSampler', shuffle=False),
persistent_workers=True,
)
P RIEETFHERE, EAEREAER, XEMEM topkl UK tops HEHXE
val_evaluator = dict (type='Accuracy', topk=(1, 5))

test_dataloader = val_dataloader # test dataloaderfi & , X 2 H# 5 val dataloaderif [F
test_evaluator = val_evaluator #MAENTHEREE, XEHEE val evaluator H [

#i1E:  ‘model.data_preprocessor’ BETW] PAYE model=dict (data_preprocessor=dict ()) HFEX, ]
PAME ALY data_preprocessor 5E X, [FBECERT, EJeffiH model.data_preprocessor HECE .

6.1.3 JIIZkREE

YIRS S 46 G B S AR B A A BB AN, . Bk X ) TR 3R 45 i & (LOOP):
* optim_wrapper: fLHLARRIMAICEEE , FATOE AR A me B AL HEAE o
- optimizer: 3ff pytorch FrARIILALE:, S5 H X MMEngine 3C#Y.
- paramwise_cfg: MIESLHN R ATFREARFMIASE, SHR RS T Fook LA 0.
- accumulative_counts: BRI SRS TSR, ARAT AT &/ MRt
o

» param_scheduler : 23 RIME, R0 DAFEE IR A4 > R s sl 28 . A XEIE R, WS
MMEngine H1 Y.

e train_cfg | val_cfg | test_cfg: %, Wik A KK G R AT R I &, S H M %
HIMMEngine S Y.

PAF 2 ResNet50 f YIRS BL & configs/base/schedules/imagenet_bs256.py’
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optim_wrapper = dict(
# R seD B KNS K

optimizer=dict (type='SGD', 1lr=0.1, momentum=0.9, weight_decay=0.0001))

I ELHMAERS
# 'MultiStepLR' KA~ A % F Kk KRB E ¥ J F (LR)
param_scheduler = dict (

type="MultiStepLR', by_epoch=True, milestones=[30, 60, 90], gamma=0.1)

# NEWBRE, 2R 100 Mepoch, F—NMIW% epoch J& # # I i & IF f5

# 'by_epoch=True' % i\ {#f J ‘EpochBaseLoop', 'by_epoch=False' % i\{f i ‘IterBaseLoop’

train_cfg = dict (by_epoch=True, max_epochs=100, val_interval=1)
# fE R BROA B B I 98 3R 5 R B

val_cfg = dict ()

# R BN B R A B R B

test_cfg = dict ()

# EABRANRB AR ERFEIE, WRBERNTEIR KA 256
#FWMREEALARGEBRERA, bt 512 FBEREHF I XHK
# BNME¥I X2y K5 2 &

auto_scale_lr = dict (base_batch_size=256)

6.1.4 EFTRE
ATy EEAUSECRAAACE RS . HAERCE . MI4S40 W SORCE SR TR H sk 5% .
PAR 2 LR ByEA A fis 4T ld E S configs/base/default_runtime.py’

# BROA BT R M AR B

default_scope = 'mmcls'

# B E B\ W hook
default_hooks = dict (
# L EERE R M.
timer=dict (type='IterTimerHook"'),

#8100 RERITH-—KE L.
logger=dict (type="'LoggerHook', interval=100),

# B A %\ % % E hook.

param_scheduler=dict (type='ParamSchedulerHook'),

# & MNepochR F & & .
checkpoint=dict (type='CheckpointHook', interval=1),

Qi3]
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PEATATREFREREERT.
sampler_seed=dict (type='DistSamplerSeedHook"),

# HEERTANL, BIANLAER, #E True WEA.

visualization=dict (type='VisualizationHook', enable=False),

# BE
env_cfg = dict(
# & & JF B cudnn benchmark

cudnn_benchmark=False,

)

# RELSHESH

mp_cfg=dict (mp_start_method='fork', opencv_num_threads=0),

tREAH RS R
dist_cfg=dict (backend="'nccl'"),

# EETAMITE
vis_backends = [dict (type='LocalVisBackend')] # 1{# Ji # £ (HDD) 5 3%
visualizer = dict(

type="'ClsVisualizer', vis_backends=vis_backends, name='visualizer'")

# R E A K RA
log_level = '"INFO'

#ONTR S E R R

load_from = None

t RENMEHLEEXKEZINS

resume = False

6.2 4R IHISREE ¢

N TREREACH . PR EORC B SO A S (T E A, FRATEAR I Tk

XHFAE ] — SRS N I T BCE SO, MMClassification 72 HAFAE — ARV Rsde & 3C1F. I H
PR BC B SO IR R R ke e B OCHE, XA RE PR BC B SCPFRY s KA TR BEN 3.

Bl 4, dn 2R AE ResNet By B:fifi A 7 — 222k, P B LW DAl i 15 E  _base_ = ./
resnet50_8xb32_inlk.py' (X TARKYECE SCAFREEAR) , RAKIELAIAY ResNet 4544, il &
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DA AN G A5 S, SR8 L S B S BDASE UK . QAR St resnet50 (14 B fidf 1 5
CutMix YIZEHE5R, RRIZREEEH 100 BCh 300 FME Bt > R ide 4L, RS eodhsE S, AL Hr
HIECE SCF configs/resnet/resnet50_8xb32-300e_inlk.py, XHEALPLTHEA:

# 7 'configs/resnet/' 4| # M X
_base_ = './resnet50_8xb32_inlk.py'

# EREzZR N ERM EFER cutMix Y| 45
model = dict(
train_cfg=dict (
augments=dict (type="CutMix', alpha=1.0)

# kb5 e T,ﬁ“LJ:U]I"?Q /N~ epoch
train_cfg = dict (max_epochs=300, val_interval=10) # | %4 300/ epoch, # 10/ epoch.
ST — %

param_scheduler = dict (step=[150, 200, 250]) # 5] K EMA T

tEREEHHEFEER X
train_dataloader = dict (
dataset=dict (data_root="'mydata/imagenet/train'),
)
val_dataloader = dict (
batch_size=64, # BIEN B AR MEE, TUEHE KN batchsize
dataset=dict (data_root="'mydata/imagenet/val'),
)
test_dataloader = dict (
batch_size=64, # MK EAEREEE, TUERE AW batchsize
dataset=dict (data_root="mydata/imagenet/val'),

6.21 EREENHENPEIEE

M—Lera A&, PR AR LR B SO, EA S B

BlanE LAY train_pipeline/ test_pipeline @AFNEUIRF/KLRY AR . RATE BB E L E
i1, RIERENE#T] train_dataloader/test_dataloader 1. HIRAE SNSRI i Hy A& v
WIS, BEEMEN train_pipeline/test_pipeline XEEH[E]A &,

bgr_mean = [103.53, 116.28, 123.675]
train_pipeline = [
dict (type='LoadImageFromFile'"),
dict (type='RandomResizedCrop', scale=224, backend='pillow', interpolation='bicubic

=T (QiviE3)
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dict (type='RandomFlip', prob=0.5, direction='horizontal'),
dict (
type='RandAugment',
policies="timm_ increasing',
num_policies=2,
total_level=10,
magnitude_level=6,
magnitude_std=0.5,
hparams=dict (pad_val=[round(x) for x in bgr_mean], interpolation='bicubic')),

dict (type='PackClsInputs'),

test_pipeline = [

dict (type="'LoadImageFromFile'),

dict (type='ResizeEdge', scale=236, edge='short', backend='pillow', interpolation=
—~'bicubic'),

dict (type="'CenterCrop', crop_size=224),

dict (type='PackClsInputs"')

train_dataloader = dict (dataset=dict (pipeline=train_pipeline))
val_dataloader = dict (dataset=dict (pipeline=val_pipeline))
test_dataloader = dict (dataset=dict (pipeline=val_pipeline))

6.2.2 ZEREMEEXHENIBITAT

BHY, BHRERE _delete_=True 75 ZME AL E SO B — 2Ll N 2% . AT DA F MMEngine Y #f—
BT T .

PAR R — DR R 6. W RAE iR ResNet50 ZE31 b (i FH 43 5% 8 J2, i JH 4k K I BB &3l get
unexcepected keyword 'step' 4, KR AHECE X param_scheduler (g B R 'step' FEHE
RETRT, FEHA _delete_=True EZIKEMECE XA B param_scheduler FHRE N E:

_base_ = '../../configs/resnet/resnet50_8xb32_inlk.py'

EEELET L

param_scheduler = dict (type='CosineAnnealingLR', by_epoch=True, _delete_=True)
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6.2.3 SIAEMEENHEMNTE

A, ERTPAGIH _base_ FLEAFE M —SUl 2%, X FEAT ARG B4 5 L. W PAEE R MMEngine S i —
TR

PATR & — AT 22000, FE IR B s miAb 3K L il auto augment (HEIGSR, 2%l E 1
configs/resnest/resnest50_32xb64_inlk.py. fFENX train_pipeline i}, AJPAEETE _base_
FRAAE X auto augment ZHE 58 A0 S0 4%, Fid {{_base_.auto_increasing_policies}} 5|

_base_ = [
'../_base_/models/resnest50.py', '../_base_/datasets/imagenet_bs64.py"',
'../_base_/default_runtime.py', './_randaug_policies.py',

train_pipeline = [
dict (type='LoadImageFromFile'"),
dict (
type='RandAugment',
policies={{_base_.policies}}, # X BEfFFH T _base_ B W ‘policies’ % ¥ .
num_policies=2,
magnitude_level=12),
dict (type='EfficientNetRandomCrop', scale=224, backend='pillow'),
dict (type='RandomFlip', prob=0.5, direction='horizontal'),
dict (type='ColorJitter', brightness=0.4, contrast=0.4, saturation=0.4),
dict (
type='Lighting"',
eigval=EIGVAL,
eigvec=EIGVEC,
alphastd=0.1,
to_rgb=False),
dict (type='PackClsInputs'),

train_dataloader = dict (dataset=dict (pipeline=train_pipeline))

6.3 BEHLITEHNEHEEFE
2 P BIAS “tools/train.py” B “tools/test.py” HEXZATSS, PAKAHFH-—L8 T HBIAR), B PAHE A E
——cfg-options ZHCKH S MU AL E SCH N .
o BTG E SO Y
] DA BE 5 UG T SO H o S B A i R BC BRI I, ——cf£g-options model.backbone.
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norm_eval=False JF T M%) A BN B EYCN train Bz,

o TRTRCE SO NS R B
— SO B AR B S P S TE AN BN, YIZRIKZ data.train.pipeline B2 —
AFNFE . B, [dict (type='LoadImageFromFile'), dict (type='TopDownRandomFlip',
flip_prob=0.5), ...] . WISREIFF KL 'flip_prob=0.5" HHK 'flip_prob=0.0",
A PAX K€ ——cfg-options data.train.pipeline.1.flip_prob=0.0,

o HHARISTARE
ML SO FEE R R A RECE CH, i, EE SO EE SR E val_evaluator =
dict (type='Accuracy', topk=(1, 5)), HPURBEEN topk, FIEIKEE ——cfg-options

val_evaluator.topk="(1,3)". HEXEKFIS" XTI RASICHBIRLERME L E,
FHH ARG 5 W E ER B E %
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CHAPTER /

AT R AR R

TERZ ST, FNTH PR Y B A B4R b, (EACK I GRI0 FARAE Pl 8, XAy
TETERIR BN ] JBH, AR, TERERE IR poR & e REHLR AR A S B B R e R
B ORISR UE, AEBCEERR b 27 ) FATFRZ WA R . 40N, 7 ImageNet Bl EHUSTIZRi 7 S
BN T HAW R G AU AN AL 55 A AR RO RICR

P, BAREGE L T W RRF Model Zoo @ BEA BN ZREIUN T HAEESE, IS ELHFRIRCR
FEREE LR L RRBL A ) A w42 -

o FEMRAIE SR & IS BB AR 0 S0

o FRIRAREORE S I A B OB S

B FRATIAEAT — 1t ImageNet-2012 %4k E i) ZR4F ) ResNet-50 £24, Jf HATE{E CIFAR-10 %ffa gk Byt
TR, FAT 17 A e & S i TR

7.1 YR EMECE

i, AE— 1T RIECE SO configs/tutorial/resnet50_finetune_cifar.py RARFRATHIAE
LMK, XA DAE IR -

N T R B O 2 (B S, BTSSR Z A B I P AR S, Horp

o BETIEDE . TEA ResNet-50 5% . A PA4EK _base_/models/resnet50.py SEIEEBIAL ) E A4k
¥,

o FPRAERIE : ] CIFARIO $ii4E, TPAY¥K base_/datasets/cifar10_bsl6.py.

37



MMClassification Documentation, 4 %5 1.0.0rc6

o YIZRFME L E - 7] PAYKTK batchsize fy 128 [t CIFAR10 £ids£E A I Zhlid & 30 _base_/schedules/
cifarl0_bsl28.py.

s BATHLE: N THREEITMHRERE, WA INEH . R ES, FEMKK _base_/
default_runtime.py,

TR VA EIX B E SO, R BT N i — B U A TR Bl B Sk

_base_ = [
'../_base_/models/resnet50.py',
'../_base_/datasets/cifarl0_bsl6.py"',
'../_base_/schedules/cifar10_bs128.py"',
'../_base_/default_runtime.py',

]

Btz Ah, ARATDARNGEARR, B S8 B SCF, Bl configs/lenet/lenet5 mnist.py.

7.2 {2RHIRE

FEDATRHORIN , FATE # A B T W45 (backbone) N FIIZRBA, HHBANTHEAREN ZE— A8
7328k (head).

HTAEE T RGNS, FATHF LB T MFARIIRIIE, ] Pretrained KAMHIHHIL
R Fi4h, FERIIR LB E T, AT prefix="backbone" FEIFHIHG b bk KU BB TR A A
4, backbone HIfEMAMR R LT FZ. TR, FATX B —MERWBE L, el
Sk A B T B SR, AR AT ABR AR BOX MR, AR A A

FEROM, B 4 e SO R A T R SR A SR R H R B O Sk e . HAR B M JEk R

num_classes &R,

model = dict (
backbone=dict (
init_cfg=dict (
type='Pretrained',
checkpoint="https://download.openmmlab.com/mmclassification/v0/resnet/
—resnet50_8xb32_inlk_20210831-ead4938fc.pth’,
prefix="'backbone',
))

head=dict (num_classes=10),

NG X ARG EBOERA TR B S TR, B 2 B S FRATH S B SO

38 Chapter 7. #n{afz iRz



https://github.com/open-mmlab/mmclassification/blob/master/configs/lenet/lenet5_mnist.py

MMClassification Documentation, %4 %5 1.0.0rc6

F5b, 2 N SR AR BTN ZR A KB R i 7 A B 2N, FA e T R I A BR 4G
TWAERHIUZZE, RIIZIRHZE ARSI, XM B TAEa Sl gh, BREF R 48 BTN 25
B PR BUR IS RAE I AE JT . #E MMClassification H, jX—Zh g n] PAIEL f B — > frozen_stages
SRR HIBA T EEAREE A E M SR, A e B BcE h s —47:

model = dict (
backbone=dict (
frozen_stages=2,
init_cfg=dict (
type='Pretrained',
checkpoint="https://download.openmmlab.com/mmclassification/v0/resnet/
—resnet50_8xb32_inlk_20210831-ea4938fc.pth',
prefix="'backbone',
))

head=dict (num_classes=10),

#ik: HEIEANRPTA IMAH SR frozen_stages 28, TEMMZ AT, 5 Seke SO0 PABIIAYRET (]
RS RUE PSSR SN

7.3 fERFIRER

ME— ARSI T RO, FATE F AT ZE e — LB AR R AL PN L, AT 2T
CIFAR-10 dfa 4R A R /I 32 i3 224 SRIC £ ImageNet EFUNIGAERHIA . X —7F 2] DA
BRI AL B K 2 (pipeline) F-7 il n#kedt (dataloader) SCH.

*BRERKERE
train_pipeline = [
dict (type='RandomCrop', crop_size=32, padding=4),
dict (type='RandomFlip', prob=0.5, direction='horizontal'),
dict (type='Resize', scale=224),
dict (type='PackClsInputs'),
]
test_pipeline = [
dict (type='Resize', scale=224),
dict (type='PackClsInputs'),
1
#FREMRERE
train_dataloader = dict (dataset=dict (pipeline=train_pipeline))
val_dataloader = dict (dataset=dict (pipeline=test_pipeline))

test_dataloader = val_dataloader
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7.4 B4R RIRIRE

TR S5 BB SRS BN AR, 8 T 2R/ ) 3R DA S R B T DR

# RTHAMDNN 128 L BEI X
optim_wrapper = dict (
optimizer=dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001))
EEES Y
param_scheduler = dict (

type="MultiStepLR', by_epoch=True, milestones=[15], gamma=0.1)

IS MBI AT AS T 4o 7 2 15 i B S

7.5 FFi&lSk

e, FATE T T RORMECE S, SRR SRR

_base_ = [
'../_base_/models/resnet50.py"',
'../_base_/datasets/cifarl1l0_bsl6.py"',
'../_base_/schedules/cifarl0_bsl128.py"',
'../_base_/default_runtime.py',

#RARE
model = dict (
backbone=dict (
frozen_stages=2,
init_cfg=dict (
type='Pretrained',
checkpoint="https://download.openmmlab.com/mmclassification/v0/resnet/
—resnet50_8xb32_inlk_20210831-ea4938fc.pth',
prefix="'backbone',
))

head=dict (num_classes=10),

tREERE
*RERALERE

train_pipeline = [

dict (type='RandomCrop', crop_size=32, padding=4),

@3
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dict (type='RandomFlip', prob=0.5, direction='horizontal'),
dict (type='Resize', scale=224),
dict (type='PackClsInputs'),
]
test_pipeline = [
dict (type='Resize', scale=224),
dict (type='PackClsInputs'),
1
#FREMRSERE
train_dataloader = dict (dataset=dict (pipeline=train_pipeline))
val_dataloader = dict (dataset=dict (pipeline=test_pipeline))

test_dataloader = val_dataloader

# WG K EE
# FATHKRANA 128 L BE T E
optim_wrapper = dict (
optimizer=dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001))
PEIERRES
param_scheduler = dict (

type="MultiStepLR', by_epoch=True, milestones=[15], gamma=0.1)

R, HAMEM—& 8 5k GPU AR UIZIRATHIBAL, F5507F

bash tools/dist_train.sh configs/tutorial/resnet50_finetune_cifar.py 8

BN, FATRATAGE] B3R GPU SRIEATUIGR, (A Fans:

python tools/train.py configs/tutorial/resnet50_finetune_cifar.py

EUZANRFATEE A B 3K GPU HEAT IR, 7 AR S s i R~ gk

train_dataloader = dict (

batch_size=128,

dataset=dict (pipeline=train_pipeline),
)
val_dataloader = dict (

batch_size=128,

dataset=dict (pipeline=test_pipeline),
)

test_dataloader = val_dataloader

XA A TR AT VIR R 2 B X b K/ (batch size) Ay 128 BB ). FEACHECE XM, #E T HK
batch_size=16, (R 8 5k GPU, R/t 128, MR f ik GPU, i+ sh& ik
batch_size=128 3PLl i)l 2550
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CHAPTER 8

BRI

8.1 IR T RAE T

python tools/visualizations/browse_dataset.py \

${CONFIG_FILE} \

[
[
[
[
[
[
[
[

Oy

P
-n,
-i,
-m,
-r,

Cy

——output-dir ${OUTPUT DIR}] \

—-phase S{DATASET_PHASE}] \
——-show—-number ${NUMBER_IMAGES_DISPLAY}] \
—-—show—interval S${SHOW_INTERRVAL}] \
—-mode S${DISPLAY_MODE}] \
—-rescale-factor S${RESCALE_FACTOR}] \
——channel-order ${CHANNEL ORDER}] \

—-—cfg-options S${CEFG_OPTIONS }]

Wifi S8 B -
* config : BRI E ORI EEAE .

* —o, ——output-dir: fRIFEIF XM, WERBHIEE, BAHK ', R R
* -p, —-phase: W MALEIREMM B, HAEN ['train', 'val', 'test'l Z—, ERikN
'train',

_i,

-n, --show-number: H[HALFEAKE . WERAAIRE, BONERBIRELN A KR .

——show-interval: WYiH}, AF5KE R IERE R, BACHFD.
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e —m, —-mode: A e, HfE N ['original', 'transformed', 'concat',
'pipeline'] Z—. BRiAN'transformed’'.

* -r, —-rescale-factor: X| iAKW, ek g Reiad/NE .
e —¢, ——channel-order: B IEMEMF, N ['BGR', 'RGB'] Z—, BRAHN 'BGR',

« ——cfg-options: XEEIIFMBS, BF 5 TmE L.

ik
I -m, --mode M TR EMHALIIELL, BINIKE N transformed’
* QR ——mode WE N ‘original’, JBRIFIR A A
* Q2R —-mode & E Ny ‘transformed’, IFRHUITALI S 1Y K A
* QI —-mode BEY ‘concat’, FRIUFHAE FAITHAL BLIS IR R DFER 15
© W —-mode W EA ‘pipeline”, WIBRIFEH K LA E AR

2. -r, —--rescale-factor FEFIRE T E N AR L R E 3/ A E . e UiFE ] ¥4k CIFAR %=
LR, BT B PERIER /N, W -r, —-rescale-factor WHE M 10.

8.2 Ay el #L{t IR 4G B 15

ffif]  ‘original’ ARz :

python ./tools/visualizations/browse_dataset.py ./configs/resnet/resnetl101_8xbl6_
—~cifarl0.py —--phase val --output-dir tmp --mode original --show-number 100 --rescale-

—factor 10 —--channel-order RGB

* ——phase val: A ALERIEER, AT E4LN —p val;

* ——output-dir tmp: ATMALERERAAAE “tmp” SCHEJE, WITEEH —o tmp;

e ——mode original: WJALIEFE, W& —-m original;

e ——show-number 100: A[#i4k 100 5k &, ®[f&fb-~ -n 100;

e ——rescale—factor: FMECK 10 £5, AIfaifkh -r 10;

e ——channel-order RGB: Ak &G @B TR “RGB” |, A]féji{b} —c RGB.,
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8.3 NI e[ {#i{t B B E %

{#if] ‘transformed’ Az :

python ./tools/visualizations/browse_dataset.py ./configs/resnet/resnet50_8xb32_inlk.

—py -n 100 -r 2

8.4 tnfaF & eIt s E R S B R E &

{$if] ‘concat’ FR=:

python ./tools/visualizations/browse_dataset.py configs/swin_transformer/swin-small_

—16xb64_inlk.py -n 10 -m concat

i/l ‘pipeline’ 5z :

python ./tools/visualizations/browse_dataset.py configs/swin_transformer/swin-small_

—16xb64_inlk.py -m pipeline

8.3. MfAEIHILLEISER 4
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CHAPTER 9

RS ERBE AT AL

% LR BTER B P A L s p B S EO B2y (FEFIILR), ScRpsé > % (learning rate) FIZl i (momentum ).

9.1

THEN

python tools/visualizations/vis_scheduler.py \

CONFIG_FILE} \

-p, --parameter S${PARAMETER_NAME}] \

[

[-d, —-—-dataset-size DATASET_SIZE}] \
[-n, —--ngpus NUM_GPUs }]1 \

[-s, —-—-save-path SAVE_PATH}] \
[--title S{TITLE}] \

[--style STYLE}] \

[-—window-size ${WINDOW_ STIZE}] \

[

Pt S8l -

config : FBAINLE IR BRAE .
-p, parameter: WL H(4, HEEH ["1r", "momentum"] Z—, BRIAH "1r".

-d, --dataset-size: FUEEN K/, WHRIEE, build_dataset BFgBlad FHE X KAMER
BARESAN, BOAHTH build_dataset IS8R K/,

-n, —--ngpus: {§if] GPU 1%, BN 1.
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* -s, ——save-path: [R{FHYATILILIE A BIBEAE, BRIANORAE .

o ——title: WHMLIE A AITREL, BRICHBCE SCIFA

» ——style: WAL A HI XA, BRIAH whitegrid.

* ——window-size: WHULE HA/N, WEREARE, BN 12*7. WRGERE, HHEAK wen
* ——cfg-options: WEEMMBE, S% 5 TH A L.

ik W BARAEAE TR TE R BLLURFERS . W EERS -d, dataset-size FEERIRIERIAIN, PATTZI]
[

9.2 WA ZEFFAA LA STHAL 3 5T St

PRAT A G0 a2 HI il B S0 configs/resnet/resnet50_b16x8_cifarl100.py Ko fdi A
PR :

python tools/visualizations/vis_scheduler.py configs/resnet/resnet50_bl6x8_cifarl100.py

B RN ImageNet 1, i B4 E B SR K/ RATZI ], - PRA7 I A

python tools/visualizations/vis_scheduler.py configs/repvgg/repvgg-B3g4_4xb64—autoaug-
—1lbs-mixup-coslr-200e_inlk.py --dataset-size 1281167 —--ngpus 4 --save-path ./repvgg-
—~B3g4_4xb64-1r.jpg
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cHAPTER 10

EHHEE (CAM) AL

10.1 FEFFEETHETIRNE

MMClassification $2fit tools\visualizations\vis_cam.py T.EHFZA[MALENEEE. #EFH pip
install "grad-cam>=1.3.6" LMY pytorch-grad-cam,

ERIBER PR
Method What it does
GradCAM 5 FH P35 BEXT 2D P AT IAL
Grad- 2Bl GradCAM, {EfHH T —Bas
CAM++

XGradCAM | %{bl GradCAM, {EE 3t L Bm AT BR EEERT 1 AL

EigenCAM | (I 2D B HO8E—E sy (EEKA S, (AR T A4S )

BigenGrad- | %{bl EigenCAM, {HSZHRRIKAy, MUT T HOS * BEEAOS —EM, FEAM GradCAM
CAM ERE, BRETH

LayerCAM | {011 IE B BEXTO HEFTFAS A, A 2 A T AR

[ TE

python tools/visualizations/vis_cam.py \
IMG} \
CONFIG_FILE} \
CHECKPOINT} \

(Rt

49
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-—target-layers TARGET-LAYERS /] \
——preview-model] \

—--method METHOD }] \

——target—-category TARGET—-CATEGORY }] \

--save-path SAVE_PATH}] \
—-—num-extra—-tokens NUM—-EXTRA-TOKENS /|

-—aug_smooth] \

[
[
[
[
[
[——vit-1like] \
[
[
[-—eigen_smooth] \
[
[

——device DEVICE }] \
—-—cfg-options CEFG-OPTIONS /]
Biti BRG]

« img: HARE R .
» config: AL E SCIFRTERAR.
e checkpoint: EIEE.

* ——target-layers: I&EFMMLIZHAFR, WHA—DEELZNMEZE, WRARE, FHERHHEE—
A~ block ) norm/)Z.

¢ ——preview-model: EHRAFBBIAML)Z.

e ——method: ZEHEEEETTMALI HYE, HEIXHF GradCAM, GradCAM++, XGradCAM, EigenCAM,
EigenGradCAM, LayerCAM, RNXAHK/NE, WRANEE, ERAN GradCaM,

* ——target-category: BRI HREM, WRAVE, BRI R P25 H FrZ .
* ——save-path: {RIFATHALIE R rYEAE, BRIANRAE .

+ ——eigen-smooth: EHMMFMAFEMRMEE, BIAATTE.

o ——vit-like: 27K ViT Z5{If%Y Transformer-based % %%

e ——num-extra-tokens: ViT Z& W £ /) % /b ) tokens W EE, RIAMAH ETWEKK

num_extra_tokens.

* ——aug-smooth: JE7H I HE5E

o ——device: {IHMITHEERS, WRAKRE, BIAH cpu’.
* ——cfg-options: XWELEXAMEE, S5 5] mE LI,

% 1 TEf8 & --target-layers f, Q15 AN H1 8 A5 B G R 46 0 2% 22, W06 1 A 2 A7 I
——preview-model #F A ML ZEZ TR
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10.2 #nfaa]#it CNN F4Ea)250#EE (40 ResNet-50)

——target-layers fF Resnet—-50 JI{—LRFIUITT:
e 'backbone.layerd', FE/R B ResLayer ERHH .
* 'backbone.layerd.2' F/REPIA ResLayer FEHEE =14 BottleNeck HfkyH .

* 'backbone.layer4.2.convl' FEix i BottleNeck Hirft convi BRI .

ik X T ModuleList B{# Sequential RAMMELLZE, W PAEBM ARG g TRk, It
il backbone.layerd [-1] Fl backbone.layer4.2 2AFEH, FHH layerd 22— PG =ATHHE

Sequential,

L AT AT AL ResNet 50, ERIA target-category ARG I SER, (BN T 1

target-layers,

python tools/visualizations/vis_cam.py \
demo/bird.JPEG \
configs/resnet/resnet50_8xb32_inlk.py \
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_batch256_
—»imagenet_20200708-cfb998bf.pth \
—-method GradCAM
# GradCAM++, XGradCAM, EigenCAM, EigenGradCAM, LayerCAM

Image | GradCAM | GradCAM++ | EigenGradCAM | LayerCAM

2. [A—BK BRI R ZE IS SR B, #F ImageNet ¥, 2551238 24 ¢ Greater Swiss Mountain dog”
2551 281 A ‘tabby, tabby cat’ .

python tools/visualizations/vis_cam.py \

demo/cat-dog.png configs/resnet/resnet50_8xb32_inlk.py \

https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_batch256_
—imagenet_20200708-cfb998bf.pth \

—-—-target-layers 'backbone.layer4.2' \

—-method GradCAM \

——target-category 238

# —-—target-category 281

10.2. {aE[#L4t CNN FEaI2E5)%EE (40 ResNet-50) 51
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Category | Image | GradCAM | XGradCAM | LayerCAM
Dog

Cat

3. fiH] ——eigen-smooth PAJ ——aug-smooth FRETIF AT MALRER -

python tools/visualizations/vis_cam.py \
demo/dog.jpg \
configs/mobilenet_v3/mobilenet-v3-large_8xbl128_inlk.py \
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/convert/
—mobilenet_v3_large-3ea3cl86.pth \
—-—target-layers 'backbone.layerl6' \
—-method LayerCAM \

—-—eigen-smooth —--aug-smooth

Image | LayerCAM | eigen-smooth | aug-smooth | eigen&aug

10.3 infae]#i{t Transformer &Y L&Y 5 EEE

——target-layers fF Transformer-based 2% H7 {1—LL R Bl 40T :

o Swin-Transformer H: 'backbone.norm3"'

e ViT 1: 'backbone.layers[-1].1ln1"
1T Transformer-based ¥ %%, Fb@l ViT. T2T-ViT F1 Swin-Transformer, $FE2 8%, N T 24 CAM
F, M7 B 48E ——vit-1ike T, MIEREFAEHERIE I ARHE
B TRHER T2 A1, 282 VIT B 2530 2 TR AR AMY) tokens. LA VIT AT T2T-ViT H8 1432 token,
DeiT HiATR I T 2515 token. FEIXEEM L&, At BRI G — MR B Y JFsE &5l T, 2550
o X LER AN tokens A5 3¢, HARHEEITGR , LR, I8 Xk LERRAE B ) S50 00 R, FRA7)
RS B 5 — R B i AR CAM 2§l B ARJZ
TiAb, R T EBRIX LS toekns DASRASFHIE ], FRATI T ZLHIE X LL%51 71 tokens [ %15 . MMClassification H1J1,
Vi & Transformer-based %) [ & H A num_extra_tokens J@PE. MAURRA LR THNHTH, 3
HE=M G, T HZM KA TR E num_extra_tokens @1, IBAFPAEH ——num-extra-tokens
STl e AR .

1. %f Swin Transformer ffifJBIA target-layers #HfF CAM n[ 4k :

52 Chapter 10. 3£5I#EE (CAM) T[#{t



MMClassification Documentation, %4 %5 1.0.0rc6

python tools/visualizations/vis_cam.py \
demo/bird.JPEG \
configs/swin_transformer/swin-tiny_16xb64_inlk.py \
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin_tiny_
—224_pbl6x64_300e_imagenet_20210616_090925-66df6beb.pth \

--vit-like

2. X Vision Transformer (ViT) ##4T CAM nJ#ifk:

python tools/visualizations/vis_cam.py \
demo/bird.JPEG \
configs/vision_transformer/vit-base-pl6_ft-64xb64_inlk-384.py \
https://download.openmmlab.com/mmclassification/v0/vit/finetune/vit-base-pl6_
—1in21k-pre-3rdparty_ft-64xb64_inlk-384_20210928-98e8652b.pth \
——vit-like \
—-—target—-layers 'backbone.layers[-1].1nl'

3. % T2T-viT 4T CAM "] Ak :

python tools/visualizations/vis_cam.py \
demo/bird.JPEG \
configs/t2t_vit/t2t-vit-t-14_8xb64_inlk.py \
https://download.openmmlab.com/mmclassification/v0/t2t-vit/t2t-vit-t-14_
—3rdparty_8xb64_inlk_20210928-b7c09b62.pth \
——vit-like \

—-—target-layers 'backbone.encoder[-1].1nl'

Image | ResNet50 | ViT | Swin | T2T-ViT

10.3. fn{aa]#l{t Transformer B EHIZEHIRIEE 53
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cHaPTER 11

FIENERE A E X4

print_config.py MIABASBTITA M AAS R, H4T S BAR EE S .

11.1 i HA:

tools/misc/print_config.py HAKBTIT AT E M, IR SAR S

python tools/misc/print_config.py CONE'IG} [--cfg-options CFG_OPTIONS}]
Bty ZA ] -

o config: ML E LM AL
e ——cfg-options: F/MNYELERT, SWAARE M, &% 55 E it

11.2 =6:

FIHl configs/t2t_vit/t2t-vit-t-14_8xb64_inlk.py X{FHI5C A E

#OATH R E B X
python tools/misc/print_config.py configs/t2t_vit/t2t-vit-t-14_8xb64_inlk.py

PR T ENREXHEREN AN B IHEE XK
python tools/misc/print_config.py configs/t2t_vit/t2t-vit-t-14_8xb64_inlk.py > final_

—CONtig.py CF W 4k%E)
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cHAPTER 12

HiE S S E

TE MMClassification {7, tools/misc/verify_dataset.py HASKERIEENTGRE, BF 254
[EZS 187 NEG)ESPaN

12.1 TR

python tools/print_config.py \
CONFIG} \
[-—out-path OUT-PATH/}] \
[--phase PHASE }] \
[-—num-process NUM-PROCESS /|
[

-—-cfg-options CFG_OPTIONS}]

PiAi S50
* config: MLE CIFRIEEAE.
e« ——out-path: BRI, BN ‘brokenfiles.log’ .
* ——phase: f &M Pr B EdEdE, WAMEY “tain”.” test” E(FE “val”, BRI “train”.
» ——num-process : JRER L, BAN L.

* ——cfg-options: FHMYRBLEILN, KWEHABEM, SHAME 1 W4 S HCE .
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12.2 7=H:

python tools/misc/verify_dataset.py configs/t2t_vit/t2t-vit-t-14_8xb64_inlk.py —-—-out-—

—path broken_imgs.log —--phase val —--num-process 8
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cHAPTER 13

HESHIA

13.1 BESH

13.1.1 BESHIRNE

tools/analysis_tools/analyze_logs.py A28 EHEM AL £k .

python tools/analysis_tools/analyze_logs.py plot_curve \
JSON_LOGS \

[-—keys KEYS}] '\

[--title TITLE}] \

[-—legend LEGEND }] \

[-——backend BACKEND }] \

[-—-style STYLE}] '\

[--out OUT_FILE}] \

[-—window-size WINDOW_SIZE}]
AT 5 B

* json_logs : WAL E SR EEAE (R [RIEHE AZAS, TSS9 TT)
o ——keys : /M HER EMFEY, B8N len (${JSON_LOGS}) * len (S{KEYS}) BRilk ‘loss’,
o ——title: pHTHEME AR, BROIAEHECE b4, BRIAhES.

« ——legend: EfIMAFR, HEHLH G5 len (${IJSON_LOGS}) * len (${KEYS}). BRIAH
"S{JSON_LOG}-${KEYS}".
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* —-backend : matplotlib [J%: & 5k, ERIAH matplotlib H Zli+.
--style: Z2EIELEA XA, BRINKH whitegrid,

——out : fREFAHTIE R IEEAR, WRHE & WA LRAE .

« ——window-size: AT HR/DN, WA E, BIAh 1127 AURTESEE, TR

TWrH' .

$41:: The ——style option depends on seaborn package, please install it before setting it.

13.1.2 IN{A 4R IR/ FE R Lk

FATHEE B — LR B, KRR tools/analysis_tools/analyze_logs.py MIAZHilAEE ih 2k
HHEPN S

£33 B RESCHF X R 15 SR ek

python tools/analysis_tools/analyze_logs.py plot_curve your_log_json —-—-keys loss —-—

—legend loss

LW BB XA top-1 70 top-5 MM E . HiGHhZ% B S results.jpg X -

python tools/analysis_tools/analyze_logs.py plot_curve your_log_json —--keys accuracy/

—topl accuracy/top5 --legend topl top5 —--out results.jpg

R —EEAL IR B S 43 R top-1 iRtk E .

python tools/analysis_tools/analyze_logs.py plot_curve logl.json log2.json —--keys.

—accuracy_top-1 —--legend expl exp?2

13.1.3 I SE it Zked Al

tools/analysis_tools/analyze_logs.py WA DARIE H & ST 4hEERT .

python tools/analysis_tools/analyze_logs.py cal_train_time \
JSON_LOGS

[-—include—-outliers]

Pidi S5 -
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* json_logs: BARE MR (TRREAZA, EHEESIF).

* --include-outliers: QIRFEE, FHASHEREE MU E —DIECR (AR —RERSFER
B

ZNE

python tools/analysis_tools/analyze_logs.py cal_train_time work_dirs/your_exp/
—20230206_181002/vis_data/scalars.json

BT EER AR Brs

————— Analyze train time of work_dirs/your_exp/20230206_181002/vis_data/scalars.json—-—-
e

slowest epoch 68, average time is 0.3818

fastest epoch 1, average time is 0.3694

time std over epochs is 0.0020

average iter time: 0.3777 s/iter

13.2 &R 5 HT

A tools/test.py i——out, FATAIVAREITA HIREAR R HERELE R ORAF 2 f h SCPF b R — 300, 2,
I AR T HE— 22 70T

13.2.1 infadiTRs EEF

FRATBEMAET tools/analysis_tools/eval_metric.py B4, i P RENSHRIETR M SCAPRARLA ,

python tools/analysis_tools/eval_metric.py \

RESULT} \
[-—metric METRIC_OPTIONS} ...] '\
Wi 28R -

e result: tools/test.py HiHMEEHE .

o ——metric: FITIHMLEERMFENR, HEDEE N8, I HARP DUEFEE LS ——metric KA
AR 2.

THS A AT A PR R AR L 1600

il fE tools/test.py B, FAISHFHEN ——out—1item FEIORIELLRAFMFNEE R 256 0 S0 TR fR
WA BINMEE ——out—item, HF{E T ——out-item=pred,
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# kB R UH
python tools/test.py configs/resnet/resnetl8_8xbl6_cifarlO.py \
https://download.openmmlab.com/mmclassification/v0/resnet/resnetl18_bl16x8_cifarl0_
—20210528-bd6371c8.pth \
—--out results.pkl

# W& top-1 F1 top-5 WEHE

python tools/analysis_tools/eval_metric.py results.pkl —--metric type=Accuracy topk=1,5

#UHERE. KHE. B EFE, Fl-score
python tools/analysis_tools/eval_metric.py results.pkl —--metric type=Accuracy \

—--metric type=SinglelLabelMetric items=precision,recall,fl-score

13.2.2 yIfE BTSSR BT HR (L

i
M

FATT A A tools/analysis_tools/analyze_results.py KR AZH B e M
IR .

Vg3t

=N
Jim

python tools/analysis_tools/analyze_results.py \
CONFIG} \
RESULT} \
[-—out-dir OUT_DIR}] \
[-—topk TOPK}]1 \
[-—rescale-factor RESCALE_FACTOR}] \
[

—-—cfg-options CFG_OPTIONS }]

IR 2 Q1L
* config: MALE IR,
e result: tools/test.py M L5514,
« ——out_dir: {RIFEERIHTIY UM I REAR
o ——topk: AFHMRAEZ DK AL/ LN E S . AR E, BN 20,

e ——rescale-factor: FEBIILEIEREL, WREA G T /NP R] DA (/e R PT RE S
ZEIRAREEAEHATT ) o

* ——cfg-options: FHMYRELI, SWEARE, &% 5 ] E Lit.

ik ff tools/test.py 1, FATSCHRFEN ——out—item FEITRBEREIRAFM FhEE R 2 46 S0 TR
EEBAINMEE ——out—-item, Bf§E T ——out—-item=pred,
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# FRBWMM &R XA
python tools/test.py configs/resnet/resnetl8_8xbl6_cifarlO.py \
https://download.openmmlab.com/mmclassification/v0/resnet/resnetl18_bl16x8_cifarl0_
—20210528-bd6371c8.pth \
—--out results.pkl

FRETONARD /KM E R, BARBHN 10 K, RETHLAHR B EREA 10 .
python tools/analysis_tools/analyze_results.py \
configs/resnet/resnetl18_8xbl6_cifarl0.py \
results.pkl \
—-—out-dir output \
——topk 10 \

—-—rescale—-factor 10
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cHAPTER 14

REERES

14.1 itH FLOPs F1S4RE (Sci81489)

FAMTARSE fveore FRALT— A T4 E AL FLOPs FIZ 40k .

python tools/analysis_tools/get_flops.py CONFIG_FILE [-—shape INPUT_SHAPE }]

R 28k
» config: HlE CIFRIEEAR .

e ——shape: Wi ARST, TIFEHE(HBEME, W: --shape 256, ——shape 224 256, ZRiAN 224
224,

PRFFHRAGUN T 25

Input shape: (3, 224, 224)
Flops: 17.582G

Params: 91.234M
Activation: 23.895M

BNy, RS EERATEAEREFE ., s
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| module | #parameters or shape | #flops
—#activations |
lfemimidcme———m—mm———————————————— W W X - | | ———— -
| model | 91.234M | 17.582G | 23.
—895M
|  backbone | 85.799M | 17.582G |
—23.895M |
| backbone.cls_token (1, 1, 768) =
— |
| backbone.pos_embed (1, 197, 768) -
— |
| backbone.patch_embed.projection 0.591M | 0.116G | _
—0.151M \
| backbone.patch_embed.projection.weight | (768, 3, 16, 16) -
— |

backbone.patch_embed.projection.bias | (768,) .
— |
| backbone.layers 85.054M 17.466G | u
—23.744M \
| backbone.layers.O0 7.088M 1.455G | -
—1.979M |
| backbone.layers.1 7.088M 1.455G | -
—1.979M |
| backbone.layers.?2 7.088M 1.455G | -
—~1.979M |
| backbone.layers.3 7.088M 1.455G | ~
—1.979M |
| backbone.layers.4 7.088M 1.455G | -
—1.979M |
| backbone.layers.5 7.088M 1.455G | -
—1.979M |
| backbone.layers.6 7.088M 1.455G | .
—~1.979M |
| backbone.layers.7 7.088M 1.455G | -
—1.979M |
| backbone.layers.8 7.088M 1.455G | -
—1.979M |
| backbone.layers.9 7.088M 1.455G | -
—~1.979M |
| backbone.layers.10 7.088M 1.455G | _
—1.979M |
| backbone.layers.11 7.088M 1.455G | -
—1.979M |

(Rt
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(22 30
| backbone.lnl | 1.536K 0.756M | _
-0 [
| backbone.lnl.weight (768,) -
— |

backbone.lnl.bias (768,) _
— |
| head.layers | 5.435M -
— |
| head.layers.pre_logits | 2.362M _
— |

head.layers.pre_logits.weight (3072, 768) -
— |

head.layers.pre_logits.bias (3072,) _
— |
| head.layers.head | 3.073M -
— |

head.layers.head.weight (1000, 3072) ~
— |

head.layers.head.bias (1000,) _

- |

i B

BT AT BB B, AV RIEZECF IEF TR SRFRER I TR IR, (AAER AR e
SRS R AT, WA

* FLOPs S AR RS A X, MSHE SiARS LK. BNmARST A (1, 3,224, 224)

o —SZFORAPTEA FLOPs YGETHH, Blankese e s5. HAFEERES% fvcore. nn.
flop_count ._DEFAULT_SUPPORTED_OPS,
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cHAPTER 15

TorchServe g2
HTMA Torchserve g —/{>MMClassification #ifl, FEEHFTPATFILE:
15.1 1. ## MMClassification %= TorchServe
python tools/torchserve/mmcls2torchserve.py S{CONFIG_FILE} S${CHECKPOINT_FILE} \

—-output-folder ${MODEL_STORE} \
—--model-name & {MODEL_NAME }

#rik: ${MODEL_STORE} F5#ld— /MUl Je iRt Az .

ZN/E

python tools/torchserve/mmcls2torchserve.py \
configs/resnet/resnetl18_8xb32_inlk.py \
checkpoints/resnet18_8xb32_inlk_20210831-fbbbldaé.pth \
—-—output-folder ./checkpoints \

—-—-model-name resnetl8_inlk
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https://pytorch.org/serve/
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15.2 2. 33 mmcls-serve docker &%

docker build -t mmcls-serve:latest docker/serve/

15.3 3. iZ1T mmcls-serve K

TESFZE IR T docker =47 TorchServe.
TSR RS GPU %, SS3E 444 nvidia-docker, 22 J5 1] DAL ——gpus SHVATE GPU B,
R

docker run —--rm \

—-—cpus 8 \

-—gpus device=0 \

-p8080:8080 -p8081:8081 -p8082:8082 \

—--mount type=bind, source= realpath ./checkpoints ,target=/home/model-server/model-
—store \

mmcls—serve:latest

f#ik: realpath ./checkpoints J& “./checkpoints” FJZENTEEAE, ARAT DAKE 3 A AR A7 TorchServe
T [ H SRR A% B AR

25 1200 TR T HERE (3080), AEEE (8081) AR (8082) 45 APIfE .

15.4 4. WiAEE

curl http://127.0.0.1:8080/predictions/${MODEL_NAME} —-T demo/demo.JPEG

TERZARFF AT AT AR AR . -

"pred_label": 58,
"pred_score": 0.38102269172668457,

"pred_class": "water snake"

HhN, A PA ] test_torchserver.py # 4 TorchServe fl PyTorch 4558, F-dEfTa 4k .
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https://docs.nvidia.com/datacenter/cloud-native/container-toolkit/install-guide.html
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python tools/torchserve/test_torchserver.py IMAGE_FILE CONFIG_FILE CHECKPOINT_
SFILE MODEL_NAME

[-—inference-addr INFERENCE_ADDR}] [—--device DEVICE }]

ENLE

python tools/torchserve/test_torchserver.py \
demo/demo.JPEG \
configs/resnet/resnetl18_8xb32_inlk.py \
checkpoints/resnetl18_8xb32_inlk_20210831-fbbblda6.pth \

resnetl18_inlk

15.4. 4. MWiXZpE 71
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cHAPTER 106

NINETERSE

P AR E — 4k H BasesDataset WFEARAELS, HEZR load_data_list (self) F¥, K
CIFARI10 FI ImageNet,

WHE, WrERE N E AR, R — T IS T RS B
Bl4n img fl gt_label,

B FRATRFE LI —A Filelist BORAE, REIREER M0 2 FZFATINZAM L. RS R A% = an
T

000001.Jpg O
000002.jpg 1

16.1 1. gIEREERA

FRATATPAYE mmcls/datasets/filelist.py FAIE—NREIREE AN EGE.

from mmcls.registry import DATASETS

from .base_dataset import BaseDataset

@DATASETS .register_module ()

class Filelist (BaseDataset) :

(R
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def load_data_list (self):
assert isinstance(self.ann_file, str)
data_list = []
with open(self.ann_file) as f:
samples = [x.strip() .split (' ")
for filename, gt_label in samples:

img_path = add_prefix(filename, self.img_prefix)

info = {'img_path': img_path, 'gt_label':

data_list.append(info)

return data_list

for x in f.readlines ()]

int (gt_label) }

16.2 2. Zxhni#k MMCls B

KEE I EPEEISIMA T mmcls/datasets/__init_ .py H:

from .base_dataset import BaseDataset

from .filelist import Filelist

_all = [

'BaseDataset’, ,'Filelist'

16.2.1 3. {EEXEE N

RIGHERCE SO, AT MM Filelist, PRI AR LA 7 8 el Bl

train_dataloader = dict (
dataset=dict (
type='Filelist',
ann_file="image_list.txt',

pipeline=train_pipeline,

i A 4k R BaseDataset B 4 JEHT B A B 28 VA B W5 A WAF IR 1, W A Z % M K SO

mmengine.basedataset.
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ik WORER AR SR b, R T Cimg path’ AUF ‘img’ , JWYE pipeline b2 A1 5
‘LoadImgFromFile’ .
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CHAPTER 17

BEXHIELERE (FFEH)

TS ISR, ARARA D4R S5 R SOOI, WGHIAE 1 HE XA TR A

77


https://mmclassification.readthedocs.io/en/dev-1.x/advanced_guides/pipeline.html
https://github.com/open-mmlab/mmclassification/discussions/1027
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cHAPTER 18

BE X &2

ERATW BT, RATE X — A BB InageClassifer. WU EEMW A F, —4
ImageClassifer JAHPAT 4 FhEHI AR 2H {20 BT

o ML EEE - DRFERRRI LS, e TR E R R Z R, BN ResNet. MobileNet.
o HER: TR T MRS, BN GlobalAveragePooling.

o K AT HATRRE AR S A, Bl R mIE .

o WUREE: TERIRIN TSR A 4L, B CrossEntropyLoss. LabelSmoothLoss.

18.1 HRMFBETF ML

X B, FAIPA ResNet _CIFAR KB, JE7R T UM H & — #3421

ResNet_CIFAR 4%} CIFAR 32x32 )RG5 A, 1L/NT R ZHAH ) ImageNet ZRIA A 224x224 % A
BeE, FrPAFRNTE-E T MZEH kernel_size=7, stride=2 HiXx BN kernel_size=3, stride=1,
HREBR T stem 22 J5H) MaxPooling, PABESAZ IS/ NFRHIE BB SR ZE e .

I ) R dh K H ResNet I HAE L stem 2.

1. B2 —A8 0 mmels/models/backbones/resnet_cifar.py.

import torch.nn as nn

from mmcls.registry import MODELS

(QA)
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(& k)
from .resnet import ResNet
@MODELS . register_module ()
class ResNet_CIFAR (ResNet) :
"""ResNet backbone for CIFAR.
(AN ETFREHEREHER)
Args:
depth (int): Network depth, from {18, 34, 50, 101, 152}.
(Z#HxXH)
def _ _init_ (self, depth, deep_stem=False, **kwargs):
# 8 % X ResNet 414 b & %
super (ResNet_CIFAR, self)._ _init__ (depth, deep_stem=deep_stem **kwargs)
A7 U/ A 3
assert not self.deep_stem, 'ResNet_CIFAR do not support deep_stem'
def _make_stem_layer(self, in_channels, base_channels):
#EREXNTE, WEHAANEEHHE K
self.convl = build_conv_layer (
self.conv_cfg,
in_channels,
base_channels,
kernel_size=3,
stride=1,
padding=1,
bias=False)
self.norml_name, norml = build_norm_layer (
self.norm_cfg, base_channels, postfix=1)
self.add_module (self.norml_name, norml)
self.relu = nn.RelU(inplace=True)
def forward(self, x):
# W RFEWE, TN EHE X forwardF &%
x = self.convl (x)
x = self.norml (x)
x = self.relu(x)
outs = []
CFoiaks:)
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for i, layer_name in enumerate (self.res_layers):
res_layer = getattr(self, layer_name)
X = res_layer (x)
if 1 in self.out_indices:
outs.append (x)
tREEFER - NMRATAAESZREMEH TA
#REAFELRERFE, TONEEERLA Y Lo — B4

return tuple (outs)

def init_weights(self):
#RFENE, TUEEXEA SN T &

super () .init_weights ()

R AETRNGEHERE, WAFEHATNEWHE AN
if self.init_cfg is not None and self.init_cfg['type'] == 'Pretrained':

return

#EERU, RMAENA init_cfg £ ETHENEN & T #
tRFEERE, ABEE, H-HKE£%
#FWMRARAKFTE, WA E AT H WA S LR ME

i 7F OpenMMLab 2.0 ik itH, ¥ AR BACKBONES. NECKS. HEADS, LOSSES ZHMEZFE—N
MODELS.

2. ¥ mmcls/models/backbones/__init_ .py AL

from .resnet_cifar import ResNet_CIFAR

all =

—all__ = [

'ResNet_CIFAR'

3. AERCE SR TR T R 4

model = dict (

backbone=dict (
type='ResNet_CIFAR',
depth=18,

other_arg=xxx),

CFTgkEh)
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18.2 FRINFHIAYFER LH 4

X BILAIPA GlobalAveragePooling A, X @& —HEH M IHLL:, BA TS5

ZEASIUH I SERALE, FATEZFEELH forward BB, PR LT M4 15 2T — L BAEHRR AR

(ESuEI PRI

1. B)E—ANH M mmels/models/necks/gap.py

import torch.nn as nn

from mmcls.registry import MODELS

@MODELS . register_module ()

class GlobalAveragePooling (nn.Module) :

def  init__ (self):
self.gap = nn.AdaptiveAvgPool2d((1, 1))

def forward(self, inputs):
#HERL, RMNRABRAARE IR E
outs = self.gap(inputs)
outs = outs.view(inputs.size(0), -1)

return outs

2. ¥ mmcls/models/necks/__init__.py P A BRI

from .gap import GlobalAveragePooling

__all = [

., 'GlobalAveragePooling'

3. B ECHC B SO AR By SR AL

model = dict (
neck=dict (type='GlobalAveragePooling'),
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18.3 ZRINFTHISL BB 4H ¢

T, FAIA— ML) VisionTransformerClsHead A, TiAH AT A B i) Sk L 1F

BN IM—ASH 0 SR, BA FRANIF LI pre_logits lREH TH ARG L 2 B TR BRI,
PAM forward pREL.

1.

B — 4 mmcls/models/heads/vit_head.py.

import torch.nn as nn

from mmcls.registry import MODELS

from .cls_head import ClsHead

@MODELS . register_module ()

class LinearClsHead (ClsHead) :

def _ _init_ (self, num_classes, in_channels, hidden_dim, **kwargs):
super () .__init__ (**kwargs)
self.in_channels = in_channels
self.num_classes = num_classes

self.hidden_dim = hidden_dim

self.fcl = nn.Linear (in_channels, hidden_dim)
self.act = nn.Tanh ()
self.fc2 = nn.Linear (hidden_dim, num_classes)

def pre_logits(self, feats):
FETHAENREEAYLEZREGEN TA
# T RoEESFERKR, RNAFEXERE W& A
feat = feats[-1]

# VisionTransformer# & # %y # &2 — N & & patch tokensficls tokensH . 4l
# X B &A1 R FHEcls tokens

_, cls_token = feat

OB T RE B AR K KA R

return self.act (self.fcl(cls_token))

def forward(self, feats):
pre_logits = self.pre_logits(feats)

PORREE A KK

cls_score = self.fc(pre_logits)

(FItakss)
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return cls_score

2. ¥ mmcls/models/heads/__init__ .py FISAX

from .vit_head import VisionTransformerClsHead

_all = [

., 'VisionTransformerClsHead'

3. A ECHC B SO AR T Sk AL o

model = dict(
head=dict (
type='VisionTransformerClsHead',

.7

18.4 RIMFNBIIRK T L

SEAMUBTAGR I BB, BT 32 2 AR BB forward s, XHFTEEREME, MHIBHMLLY
ZIEME] MODELS . b, HMIHEMAT weighted loss ARATS MY SE BRI AR TC B M5 S b T AL

P
(B FANTEREUM 7 — A7 ST R AT, T2 L1 1oss SREBIZH .

1. 88— mmels/models/losses/11_loss.py

import torch

import torch.nn as nn

from mmcls.registry import MODELS

from .utils import weighted_loss

@Qweighted_loss

def 11_loss (pred, target):
assert pred.size() == target.size() and target.numel() > 0
loss = torch.abs (pred - target)

return loss

@MODELS . register_module ()

class LlLoss (nn.Module) :

(Rt
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def __init__ (self, reduction='mean', loss_weight=1.0):
super (L1Loss, self).__init__ ()
self.reduction = reduction

self.loss_weight = loss_weight

def forward(self,
pred,
target,
weight=None,
avg_factor=None,
reduction_override=None) :
assert reduction_override in (None, 'none', 'mean', 'sum')
reduction = (

reduction_override if reduction_override else self.reduction)

loss self.loss_weight * 11_loss(
pred, target, weight, reduction=reduction, avg_factor=avg_~factor)

return loss

2. TEXff mmcls/models/losses/__init_ .py FHRAXIEE

from .11_loss import LlLoss

_all._ = [
., 'LlLoss'

3. B E S Loss B DA B0 2% s 4

model = dict (
head=dict (
loss=dict (type='LlLoss', loss_weight=1.0),
))

S FRATT AT DATEBC B SR 456 B A B A B A R B, BT ResNet_CIFAR A& T
ViT B85 TR %, XHBEFRNAH visionTransformerClsHead ECE .

model = dict (
type='ImageClassifier’',
backbone=dict (
type="'ResNet_CIFAR',
depth=18,

num_stages=4,

(Rt
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out_indices=(3, ),

style="pytorch'),

neck=dict (type='GlobalAveragePooling'),
head=dict (

type='LinearClsHead',
num_classes=10,
in_channels=512,
loss=dict (type='Ll1Loss"',
topk=(1, 5),

loss_weight=1.0),

BTy T O, AL ] AR M E A Y config SRR, SEZ AR AS % 5 5] e 5 it
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cHAPTER 19

B E XIS SR

AL ET, 2RIt Tl A W4 (40 ImageNet, CIFAR) MYERIAUIZRHAE0E I . A RAR BEAEx 2t
K EARSEAR TP R, SUEAEA IR AT A EAI TR 20, BRATIH 7R BB OX L EIA R S .

EAZRE, BAPENAGWATHEIZFT B E NG, i B i B FEriE i ds . SRR aIE |
B RERRTY « A6 R AL ] 5l o B SR 45 o [] IRt 2 e S AR 5 B R AT S ST A AR AR i 2

19.1 BB IS ILEEE

AT optim_wrapper SRECE FRAMACHNS , AR ISR, IROEEIIZRIESE, SHULRE
B, ARREEET LARERE Bt HE ORI BT X LU 25

19.1.1 #3i& PyTorch A& {i{t 2%

MMClassification 32§ PyTorch SCELAY A ifbds, (XTFAEECE SO, e iuds 35 FF 2 optimizer
FB.

R sco, MBHANT . & BB AT UL A 5 A IC EARTR EETE opt im_wrapper BCE HL.

optim_wrapper = dict (
type="'OptimWrapper',
optimizer=dict (type="'SGD', 1lr=0.0003, weight_decay=0.0001)
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https://pytorch.org/docs/stable/generated/torch.optim.SGD.html#torch.optim.SGD
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ik FCESCEHE ‘type’ ARMIEITIISEL, M2 PyTorch WELMLARHIZES . HZ ML AS
#PyTorch SCRFIAL RS2

B2 R, AR R E P g 1 BT, SPRCEHABS AL, W EH#AMRYE PyTorch API 3¢
4 HEAT

B, anEARS H Adam HFiRESECH torch.optim.Adam(params, 1r=0.001, betas=(0.9, 0.
999), eps=1le-08, weight_decay=0, amsgrad=False). WEEHTUNTEL:

optim_wrapper = dict (

type='OptimWrapper',

optimizer = dict(
type="Adam',
1lr=0.001,
betas=(0.9, 0.999),
eps=1e-08,
weight_decay=0,

amsgrad=False),

fiks HIEEIN T ARG, (AL EPE ORI Opt inwrapper, I IHER AT A HBA
W, PRUCRL SO T IARE— 5 i

optim_wrapper = dict (
optimizer=dict (
type="'Adam',
1lr=0.001,
betas=(0.9, 0.999),
eps=1e-08,
weight_decay=0,

amsgrad=False))

19.1.2 REHBEIlZ%

AERFATRE AL AR GRS 125 (Automactic Mixed Precision) , FATTH TG ] FHLKF opt im_wrapper B2
Y AmpOpt imWrapper,

optim_wrapper = dict (type='AmpOptimWrapper', optimizer=...)

A, RT O, FRATEINLERESIZMA tools/train. py HHREET ——amp SEE I RHR GRS B UIZ:
WIT K, EZ AN AS I 25 5 i B
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https://pytorch.org/docs/stable/optim.html#module-torch.optim
https://pytorch.org/docs/stable/generated/torch.optim.Adam.html#torch.optim.Adam

MMClassification Documentation, %4 %5 1.0.0rc6

19.1.3 SHLIFAER

FE— LR ORI AL SR 75 BE WA E I S AL, B UTAAE BatchNorm JZ (AU ZED, s AEA ] )2
MR RI2E ) R AEE . RATHENE] optim_wrapper 1) paramwise_cfg ZHORIATHTANLEL E

AR S B BB R T

BN, FATAIATE paramwise_cfg BLEHIXE norm_decay_mult=0. KHZH— (L2 B EAM WL
HZEDH 0.

optim_wrapper = dict (
optimizer=dict (type='SGD', 1lr=0.8, weight_decay=le-4),

paramwise_cfg=dict (norm_decay_mult=0.))

SR ZRBNSHEE, SHPTY%:
- lr_mult: JrSHI0 ) RAK
- decay_mult: FrgSE =K ER L
- bias_lr_mult: {mE M2 REE CRFEIENALZ T E KSR offset) , BRIAME
W1
- bias_decay_mult: fii EHAUE R RE (ARG E WAL 2 1 B DA S ] B TS FR) offset) , R
UNiEVSR!
- norm_decay_mult: IEJN{LEREREAEEB AL, BRIMEN 1
— dwconv_decay_mult: Depth-wise #FAE R AL, BRIME R 1
- bypass_duplicate: REBIEENSE, BILH False
- den_offset_1r_mult: A[ZSJEHF (Deformable Convolution) 2% >] %L, BRIMEN 1
HFEES BRI SR T
MMClassification it paramwise_cfqg ] custom_keys SEURE EH E SNBSS TR TF.

Bian, FATA AT AT RCE R B A backbone . layer0 J2 )] A E RN 0, backbone
AR 2R RIS — 2L, 34k head 222 35 0.001.

optim_wrapper = dict (
optimizer=dict (type='SGD', 1lr=0.01, weight_decay=0.0001),
paramwise_cfg=dict (
custom_keys={
'backbone.layer0': dict (lr_mult=0, decay_mult=0),
'backbone': dict (lr_mult=1),
'head': dict (lr_mult=0.1)

19.1.
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19.1.4 BEFRD
TEYIZRd R, BR R BORT eI T — S8 R W RN 0 DX, AT 3 E50bp B AR A . T FE 5 vl AR B R s Il
rid A, NG AS WLi% U .

HEIFAT S HE optim_wrapper FEHININ clip_grad 2HCRMITHERD, TS HS% Py-
Torch 3C#Y,

MBI -

optim_wrapper = dict (
optimizer=dict (type='SGD', 1lr=0.01, weight_decay=0.0001),
# norm_type: ff A B B LA, A F A K2,

clip_grad=dict (max_norm=35, norm_type=2))

19.1.5 HBERT

W IRERZ e Z I, B NIGRARE R/ (batch size) HBEBCENRUIME, X AT HE S BRI 1 RE -

R DA A R B i SR X — ). FR AT SRR optim_wrapper FEHRNI accumulative_counts &
BORATEEE BT
BN :

train_dataloader = dict (batch_size=64)
optim_wrapper = dict (
optimizer=dict (type='SGD', 1lr=0.01, weight_decay=0.0001),

accumulative_counts=4)

FORGRI, B 44 dter AT UL, T LR SK GPU _ERJHEUCK /N 64, a5 T #iKk GPU
B R CR /N 256, R

train_dataloader = dict (batch_size=256)
optim_wrapper = dict (
optimizer=dict (type='SGD', 1lr=0.01, weight_decay=0.0001))

19.2 ELESHMRILFER

NGB, RS EBIn S 5, Fha, EEASREE AR, 02 B I Zh R i AR 1 I R
PyTorch 34— 282 SR YRR (1 BE R, EJ@ AN 2 DASE LR 2= SR . 7E MMClassification o, R ATH2 M
param_scheduler 5 I HIA RS E SR .
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19.2.1 BB ) RAERE

WREE2E I WFIEr, T2 2 ) SRR e M 45 B PERE . FRATTSCRFR 24U PyTorch 2 3] R gy, Ho

$% ExponentiallR, LinearLR, StepLR, MultiStepLR 445,

WA 3 AR

ZHRFOUR , FeAi 18 B —24 5] RS, ;X B param_scheduler &2 — 78, HINZEERIAK) ResNet
P22 b, FRATTOE B RR 2 2 ) R IR MultisteplR, FCESCMEHR:

param_scheduler = dict (
type="MultiStepLR',
by_epoch=True,
milestones=[100, 1507,

gamma=0.1)

HEEAVEM CosineAnneal ingLR RIATE S REER:

param_scheduler = dict (
type='CosineAnnealingLR"',
by_epoch=True,

T_max=num_epochs)

ZAE )R

SRIMAE—LEHANE DU T, b TR, R S 2 bt o) RSN . BN, A gRm ey
B, MEBRGARGE, M RE RG0SR T DX AT EE .

BA AR, S Bl AN — MU MNIEZ S e m B BUEE, Sl A e ik —
L.

1t MMClassification ', FAI[FIFEM param_scheduler , KFZ ) 5t 5 sl nT PASE i L
LS UERS MRS

Bl
L TERT 50 YR AU 2B AR Bt Ze P i

param_scheduler = [

# FHERREK, &K

dict (type='LinearLR',
start_factor=0.001,
by_epoch=False, # # # Xk #
end=50), # R TS50k % R K%K

#EEWE T ER

dict (type="MultiStepLR',
by_epoch=True,

milestones=[8, 1117,

(Rt
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gamma=0.1)

]

2. TEHT 10 5B A P B AR B 2 P 7
param_scheduler = [

# ERi10RREREY, BARKEK, ZETH
dict (type='LinearLR',
start_factor=0.001,
by_epoch=True,
end=10,
convert_to_iter_based=True, # &% 3 X # F 37 % 5] &= .
)y
# O 10 Bk E, W4 mEKkFER
dict (type='CosineAnnealingLR', by_epoch=True, begin=10)
]

R T begin fll end B4L, EPANSHARE 7RI AKX T AR A HAEZ AR
JESA AW A TR VA, SRR A A2 . 24387E T begin fll end ZH}, FORILIME
o AU [begin, end) IX[AAAERL, HEALRH by_epoch S8k . FEALA N FIEEGNT, AR
by_epoch ZHCAMAMIE . WERBAHERINL T, begin K0, end Hi BN REE RAEN
URRAR T LA ) A S X ) A SR AR, T — BEIX oA B s, A BEIX ] 2 ) SR YEfF
AAE o TR PSP BE AR B LR ) kA T, S 2R R B ML, 27 2] SR RE 2 4 A
JEBHRCE SO % (7285 PyTorch Hi Chainedscheduler —().

AN T BRI R S WU, WEESGHUR , T PAKE A MMClassification $2f3t 5 57 5 57 71
RN oI E e

19.2.2 FEEZNEIFERIE
MMClassification 2 VI8 825 S SR AL RO B0  , IATTH 37 SR BRSO e Ao ) 53
RER—HL

AT S BRSO A0 T DAS % i . Fei ] KR g8 il LR 548 T Momentum, B
MG AT PAE BB param_scheduler 53,

X H R

param_scheduler = [
b E g

(FItgkgs)
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dict (type='LinearLR', ...),

# B & KW

dict (type="'LinearMomentum',
start_factor=0.001,
by_epoch=False,
begin=0,
end=1000)

19.3 FiEMIt BN EF ML BIHIISR

ik AFR A RiE 2 MM Classification Y545 5 [1] MMClassification HEZLER I, #)2%# AT ki o

19.3.1 1L

FESEARBFFERI LA S B, 7T REFR Ll MMClassification R SCBRR AL 3%, AT DAEEE AR .

1. BEL—HRRILEE

—A>E 5 R A TR 0 R AT 7 il -

B FLATEB I — A48 Myoptimzer WE4L#R, HIAESE a b M c. WRARIE—DZ N
mmcls/engine/optimizer X3k, HAEHF I —1 X, W mmcls/engine/optimizer/
my_optimizer.py HEEHIZH & LR -

from mmcls.registry import OPTIMIZERS

from torch.optim import Optimizer

@OPTIMIZERS.register_module ()

class MyOptimizer (Optimizer):

def _ init_ (self, a, b, c):

def step(self, closure=None) :
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2. EAHAILER

SO EfE SO LA, e RE RO IR S A B T A SR P AR AT ASEELE

o B mmcls/engine/optimizers/__init__ .py, HFHSEAZE mmcls.engine fi,

# & mmcls/engine/optimizers/__init__.py ¥

from .my optimizer import MyOptimizer # MyOptimizer = &A1 H & X Wb &M £ F

all = [..., '"MyOptimizer']

s, ®MESHS$ A mucls . engine WIFRIEHEM MyOoptimizer,
o FERCE A custom_imports Fal'FA

custom_imports = dict (
imports=['mmcls.engine.optimizers.my_optimizer'],

allow_failed_imports=False,

mmcls.engine.optimizers.my_optimizer B TERE P IR B S A, MyOptimizer 28
~biz BEgEN . HE, XEHAFESALE Myoptmizer KM, WRIHE mmcls.engine.
optimizers.my_optimizer.MyOptimizer N AN EHIESA.

3. EEEXHhiEEMILE

e, AP ERAERCE SO optim_wrapper.optimizer H fliJ] MyOoptimizer:

optim_wrapper = dict (

optimizer=dict (type="MyOptimizer', a=a_value, b=b_value, c=c_value))

19.3.2 FIARILREHIIERS

SRR RE A — LU E T S8 BCE AT AL, IR Iy BatchNorm J22 4 AN [+ AN FH 0

RAERME LT ME opt im_wrapper . paramwise_cfo FERMERESHOIARE, (TR
TR TR

2 SRR AGE LR EIEATISE. R AN De faultopt imiirapperConst ructor MMM . 1
Pt B, S paramwise_c o AORTALRLEAIBLE . B0 MIRUHIE RS T DA I 0 F R A 5
LR

FAMTHT AB G — A A A0 T R 7 e X LA TN
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# F£ mmcls/engine/optimizers/my_optim constructor.py W
from mmengine.optim import DefaultOptimWrapperConstructor

from mmcls.registry import OPTIM_WRAPPER_CONSTRUCTORS
@QOPTIM_WRAPPER_CONSTRUCTORS.register_module ()
class MyOptimWrapperConstructor:

def __init__ (self, optim_wrapper_cfg, paramwise_cfg=None) :

def _ call_ (self, model):

T RIUAF I PR AL 25 2A2 R ATFRB LA 2% o

1. £ mmcls/engine/optimizers/__init_ .py, BHHHEAZE mmcls.engine fi,

# 7 mmcls/engine/optimizers/ _init__.py W
from .my optim_constructor import MyOptimWrapperConstructor

_all__ = [..., 'MyOptimWrapperConstructor']

2. ¥FECE S opt im_wrapper.constructor FE I ] MyOpt imWrapperConstructor ,

optim_wrapper = dict (
constructor=dict (type="MyOptimWrapperConstructor'),
optimizer=...,

paramwise_cfg=...,

19.3. FiEiiitBNEMILBIES
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cHAPTER 20

BATSHICE U2 A IR, WA SR . HERCE S, TEARBAE T, AT 28 anfific i

LEThRE.

20.1 (REWEXH

WE SO PR AT BE 2 — D AE 2R B B BN FE M B9 84 7, AR ] DL 3 il & SO Y default_hooks.
checkpoint FEEET .

Frik: BT HLHIAE OpenMMLab JFEFIA I AP HAER T iz il 81, AW ATEABEORATAR ) 32 2 AT
WA O T A 2 DI RE

W] PASE AT O S A B T

EONINU G

default_hooks = dict (

checkpoint = dict (type='CheckpointHook', interval=1l)

)

N R B SR T (CheckpointHook) ) I W] BC S
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e interval (int): CHARFRI . WRM -1, BRREN SRR E.
* by_epoch (bool): &% interval ;25T epoch A2 KT iteration, ERIAKN True.

* out_dir (str): PRAFANESCIFAIMR A S WERARRE , KA nUF R ARAFAE TAE F SR P WREEE, fadk
RAFRIFAE out_dir f13CfFIH

* max_keep_ckpts (int): ZOR B B SCIRECRL. FERBERG DL T, O TR s e), A 2 AR B
AT SO BRIAH-1, gl To R -

* save_best (str, List[str]): Q1RIEE, BRAGFEA SAEAGEERPE. MHEELT, /R AERE

il save_best="auto" K HIEFIFALFER. MR EE SRWECE, WHSH N E 81
(CheckpointHook)

20.2 fEMF / B Lk

FERCE SCPEAR, ARAT VAN RS E B o s T 4 eI 2, 4T s

# MR E AR E S

load_from = "Your checkpoint path"

# /L yj y\ /jﬂ 54 , H}f ,F—L\’; ﬂ% é;}:—' :U” ?"ﬁ‘i

resume = False

load_from 7B DL AMAR, WA LAZ HTTP B4R, ARAT AR & RS N2k, T k2 f

resume=True,

INVEIYY: AR ETPAIE S FE E load_from=None fll resume=True J5 M EHFHIWE S B3 E . Runner $4f7
5P B B AR H sk h 3R 2 S A EE S0

WRARH AT tools/train.py MAKINGEIA, IRATFMMN —-resume ZHORIKZING, AT
BB E ST T o AR B

#OES AR AR E
python tools/train.py configs/resnet/resnet50_8xb32_inlk.py —--resume

# 35 E Bl Rk A
python tools/traln.py configs/resnet/resnet50_8xb32_inlk.py —--resume checkpoints/

—resnet.pth
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20.3 FEYI'H (Randomness) Bt &

N T AL AT RER A BURY , FATAE randomness FEIPHR AL T — Ly i FEHLIE A LI .
BOANTEOLT, FATASAERE S R B 7, FERR R E b, B S A R B T
AR IA ML ¥ -

randomness = dict (seed=None, deterministic=False)

AT ESEEG B A B, AR PAFRE E — R T IF IR E deterministic=True, deterministic #EIiH
(il FHRCR AT DATE X LR F

204 HEACE

HEWBE S Z 7B XK.

fE log_level T, IRIDASRE 4 ff HEGU. S Logging Levels PAZRAT H G A5

log_level = 'INFO'

fE default_hooks.logger FEtH, ARATPASEE YIZRANI LI 4 H AR AR o 1M Bl ) 2 4800T RATE 1
AT ICR R E

default_hooks = dict (

#EI00KKRBATH — % B &
logger=dict (type="'LoggerHook', interval=100),

)

£ log_processor FEH, ARATPAEE HEF BRI &, @%, AT MY 10 f5 HRF
B HETAME, A SIS ARARARRS SR E R L5 B I Ik, W8S 5 S AL P S0k

*RARE, EREI - PIOKENFOFRINATEFHE

log_processor = dict (window_size=10)

1E visualizer B, /RATDATE & 245 im R piAr H 15 B, 4 TensorBoard 1 WandB., 5522 (415 1] DA
TET AL T B3R 7).,
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https://pytorch.org/docs/stable/notes/randomness.html#cuda-convolution-benchmarking
https://docs.python.org/3/library/logging.html#levels
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20.5 HE XL #F

IRV ZIRE R TR, AR AT DAEE B custom_hooks FEOREAHARK) B & LT T
MMEngine F] MMClassification H(f)—2644 1, ARA] DAE B, fian:

* EMAHook
* SyncBuffersHook
* EmptyCacheHook

¢ ClassNumCheckHook

140, EMA (Exponential Moving Average) TEASALYIZibak) 2/, R AA T FXBEHE:

custom_hooks = [

dict (type='EMAHook', momentum=4e-5, priority='ABOVE_NORMAL'),

20.6 ISUEE LML

Bk AL 2 — IRk AR BOA T B . /R PTPATE default_hooks.visualization “FEH
FEEE

BRINTEIL T, AV XA T, RATPAENFEE enable=True KRB, 1M LS EAT ATE T L4
TR E,

default_hooks = dict (

visualization=dict (type='VisualizationHook', enable=False),

)

XA FRAE BRI A T e — 3B 15, AERRRIRIE AR et T BT T 4551 . IR DA &
SR MR ZR N A AT AR S B R A5 B Y MERE AR Ak

AL, ASRARA B IR SRS A S AR/ (<100, 1 Cifra 2854 ) , /RATAFE & rescale_factor SRAFHLEA],
Wl rescale_factor=2., ¥F Al ALY U HORH A% -
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20.7 Visualizer

Visualizer F TSNS R A AME B, S HE . BGRARE . BUAEILT, i030E B
FHETAEHF W vis_data e,

AR IA ML ¥ -

visualizer = dict(
type="'ClsVisualizer',
vis_backends=[

dict (type='LocalVisBackend'),

W, FA HRIRER R G R AN Loss (RAFEIA IR JE3G. B, BHEEAIRFFE] TensorBoard, A
R TR A

visualizer = dict(
type='ClsVisualizer',
vis_backends=[
dict (type='LocalVisBackend'),
dict (type='TensorboardVisBackend'),

HEHE BN XA E AN IRAFE] WandB:

visualizer = dict (
type='ClsVisualizer',
vis_backends=[
dict (type='LocalVisBackend'),
dict (type='WandbVisBackend'),

20.8 IMEHE

1t env_cfg FEH, VRAIARCE —SRZNZSEL, W1 cuDNN. ZyERErl iU (e .
FEREEX BB 0i, WHIPR URBIR X 2 S B 5 3

env_cfg = dict(

# 2% B Jf cudnn® N &

CFITgkZD)
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cudnn_benchmark=False,

# REZHRBESHK

mp_cfg=dict (mp_start_method='fork', opencv_num_threads=0),

#RESHRSH
dist_cfg=dict (backend='nccl'"),

20.9 FAQ

1. load_from fil init_cfg 2R RE24 7

e load_from: {1 resume=False, WS ABIAIRE, FEM Tmakl gt mmisd; g
resume=True , MENAWEEAE. IAZRRSMEMINGEE, E2HFRE HEmil
%,

e init_cfg: RWETPAFEE init=dict (type="Pretrained", checkpoint=xxx) Nz
W, FORTEAZR G AR A T, @S FE SRR aG R BepiA T . 22 T Al Zhas
B, ARATDATER T MG ECE LS, 0] DM prefix FFECR H BT rgF e, Filhn:

model = dict (
backbone=dict (
type="ResNet',
depth=50,

init_cfg=dict (type='Pretrained', checkpoints=xxx, prefix='backbone'),

SRR VAT M 2 RO A A0 1Y

2. default_hooks fll custom_hooks Z [ 2 X5 ?

JLF %A KA. %, default_hooks FEMH T EIJLFMA LM M HWHE T, m
custom_hooks FEHEHR D L IAFH I T o

71— XHE default_hooks @— M, 1fij custom_hooks @&— MR, HAEIRE .
LEVIZRIDIN], FRBATWEIN N &, XEfh2 0K ?
MR GEIEEMR /D, Mt EEAR R, RATBOAW HERFETRERR, LIl RmilZg

—+=
It o

PRATPAZE I H S AR, PRl —k, Hed:
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default_hooks = dict (

logger=dict (type="'LoggerHook', interval=10),

20.9. FAQ 103
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CHAPTER 2 1

BETEER (FFEH)

TS ISR, ARARA D4R S5 R SOOI, WGHIAE 1 HE XA TR A

105
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CHAPTER 22

#HiER (FrEH)
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CHAPTER 23

MMCLS sy 2y%E

231 EEEXHaaHN

MM(Classification % it DA™ WS EATIRC L SCIF 44, AR 26 A8 DOk 7 SEE0R R ] 68 iy 24 ML o SCPF 44 A7
FPERSy s ARAMEE, BRER, IIGME B ER . Z8H R TR A s R R R T
[l — A 2> B R 2 -

{algorithm info}_{module info}_{training info}_{data info}.py

* algorithm info: FVEFR, BEAIRECE MEELEN, 4N resnet &5

* module info: BIHUFHE, FESIMS, HPAFER—SERRT neck. head Fl pretrain {5 5. ;

e training info: —EIIZ(EHE., YFFEMRIEE, 1045 batch size, schedule DA S BRI TR 4E
e data info: FEE, FIRELTR. B, AR, U imagenet, cifar 45;

23.1.1 HiEER

TESCHIRAA RS . AR R 23 SRR B filtn:
* resnet50
* mobilenet-v3-large

e vit-small-patch32: patch32 /R ViT YAk
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e seresnext101-32x4d: SeResNet101 EARM L), 32x4d F/RTE Bottleneck 1 groups Fil
width_per_group 4354 32 il 4

23.1.2 |IR{ER

FE—LURRIR) neck . head B pretrain MI{FE, FEARTHEICHTILFEE, Han:
e in21k-pre: fF ImageNet21k FHiil%k

e in21k-pre-3rd-party : ¥F ImageNet21k EFil4:, HAER QHAMCE

23.1.3 I{E2
WGSRRE ) — S5 IR, batch size. lr schedule. HCHRHSR DA K A0k AR 2 B EEE 45,
Hen: Batch size {5 &
o ¥RN {gpu x batch_per_gpu}, llll 8xb32
AR (FEZEILT transformer W45, 41 VAT 809K, IXIRRIEH ) A TN SRR P RS 20):
« £t : Finetune config, F T8 mdMc & Sk
* pt : Pretrain config, FHT-FlillZhmHeE S 14

IR SRmE A5 S, IR SR ME DA ST BUTC B S S B, oo B b O o s Y U R SR o (EL G R A B SR i -
frofak, WFFEN g, % BV S ABFHES, W {pipeline aug}-{train aug}-{loss
trick}—-{scheduler}-{epochs}

e coslr-200e : f#/f] cosine scheduler, Jl|% 200 4~ epoch

* autoaug-mixup-lbs-coslr-50e : ffi /| T autoaug., mixup. label smooth, cosine
scheduler, Y14 T 50 M4EIR

23.1.4 HiEER

e inlk: ImageNetlk $(iE£E, BRI 224x224 K/PME A

e in21k: ImageNet21k ${flifE, ALy thFR N ImageNet22k $iflide, BRAMIH 224x224 K/MHY)
E R

e inlk-384px: FRINGHH HIE FK/INVE 384x384

e cifarl100
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23.1.5 BB HBEH

repvgg-D2se_deploy_4xbé64-autoaug-lbs-mixup-coslr-200e_inlk.py

* repvgg-D2se: HILfFE
- repvgg: FEBEELIR.
- D2se: BBILEH
* deploy: BEUEE, ZBACHHERLRAS.
e 4xb64-autoaug-lbs—mixup-coslr-200e: YIZfE L
- 4xb64: ffiff] 4 Bt GPU H HAEE GPU it K/ N A 64.
autoauqg: ffiffl AutoAugment FHEHETH ¥,
1bs: ffiffl 1abel smoothing #1441,
mixup: [ ] mixup YIZEEH0 I,
coslr: f#f] cosine scheduler LM%,
200e: I1%k 200 41K .

o inlk: FEGEE. BLE AT ImageNet 1k HEsE LA 224x224 R/NE K.

23.1.6 RNESHZHN

FCE R fiv 44 FRASERCE SO 4, H R A (i

{config_name}_{date}-{hash}.pth
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* WRICHE: 54
— Algorithm: 54
o BIRUACE SO 4R 416
— [Algorithm] MobileNetV2: Inverted Residuals and Linear Bottlenecks (1 ckpts)
— [Algorithm] Searching for MobileNetV3 (6 ckpts)
— [Algorithm] Deep Residual Learning for Image Recognition (25 ckpts)
— [Algorithm] Res2Net: A New Multi-scale Backbone Architecture (3 ckpts)
— [Algorithm] Aggregated Residual Transformations for Deep Neural Networks (4 ckpts)
— [Algorithm] Squeeze-and-Excitation Networks (2 ckpts)
— [Algorithm] ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile Devices (1 ckpts)

— [Algorithm] ShuffleNet V2: Practical Guidelines for Efficient CNN Architecture Design (1 ckpts)
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— [Algorithm] Swin Transformer: Hierarchical Vision Transformer using Shifted Windows (14 ckpts)
— [Algorithm] Very Deep Convolutional Networks for Large-Scale Image (8 ckpts)

— [Algorithm] RepVGG: Making VGG-style ConvNets Great Again (12 ckpts)

— [Algorithm] Transformer in Transformer (1 ckpts)

— [Algorithm] An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (8 ckpts)
— [Algorithm] Tokens-to-Token ViT: Training Vision Transformers from Scratch on ImageNet (3 ckpts)
— [Algorithm] TinyViT: Fast Pretraining Distillation for Small Vision Transformers (8 ckpts)

— [Algorithm] MLP-Mixer: An all-MLP Architecture for Vision (2 ckpts)

— [Algorithm] Conformer: Local Features Coupling Global Representations for Visual Recognition (4 ckpts)
— [Algorithm] Designing Network Design Spaces (16 ckpts)

— [Algorithm] Training data-efficient image transformers & distillation through attention (9 ckpts)

— [Algorithm] Twins: Revisiting the Design of Spatial Attention in Vision Transformers (6 ckpts)

— [Algorithm] EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks (32 ckpts)

— [Algorithm] A ConvNet for the 2020s (23 ckpts)

— [Algorithm] Deep High-Resolution Representation Learning for Visual Recognition (9 ckpts)

— [Algorithm] RepMLP: Re-parameterizing Convolutions into Fully-connected Layers for Image Recognition (2
ckpts)

— [Algorithm] Wide Residual Networks (3 ckpts)

— [Algorithm] Visual Attention Network (4 ckpts)

— [Algorithm] CSPNet: A New Backbone that can Enhance Learning Capability of CNN (3 ckpts)

— [Algorithm] Patches Are All You Need? (3 ckpts)

— [Algorithm] Densely Connected Convolutional Networks (4 ckpts)

— [Algorithm] MetaFormer is Actually What You Need for Vision (5 ckpts)

— [Algorithm] Rethinking the Inception Architecture for Computer Vision (1 ckpts)

— [Algorithm] MViTv2: Improved Multiscale Vision Transformers for Classification and Detection (4 ckpts)

— [Algorithm] EdgeNeXt: Efficiently Amalgamated CNN-Transformer Architecture for Mobile Vision Applica-
tions (6 ckpts)

— [Algorithm] An Improved One millisecond Mobile Backbone (5 ckpts)
— [Algorithm] EfficientFormer: Vision Transformers at MobileNet Speed (3 ckpts)
— [Algorithm] Swin Transformer V2: Scaling Up Capacity and Resolution (12 ckpts)

— [Algorithm] DeiT III: Revenge of the ViT (16 ckpts)
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— [Algorithm] HorNet: Efficient High-Order Spatial Interactions with Recursive Gated Convolutions (9 ckpts)

— [Algorithm] Mobile ViT Light-weight, General-purpose, and Mobile-friendly Vision Transformer (3 ckpts)

— [Algorithm] Da ViT: Dual Attention Vision Transformers (3 ckpts)

— [Algorithm] Scaling Up Your Kernels to 31x31: Revisiting Large Kernel Design in CNNs (6 ckpts)

— [Algorithm] Residual Attention: A Simple but Effective Method for Multi-Label Recognition (1 ckpts)

— [Algorithm] BEiT: BERT Pre-Training of Image Transformers (1 ckpts)

— [Algorithm] BEiT v2: Masked Image Modeling with Vector-Quantized Visual Tokenizers (1 ckpts)

— [Algorithm] EVA: Exploring the Limits of Masked Visual Representation Learning at Scale (10 ckpts)

— [Algorithm] Reversible Vision Transformers (2 ckpts)

— [Algorithm] Learning Transferable Visual Models From Natural Language Supervision (14 ckpts)

— [Algorithm] MixMIM: Mixed and Masked Image Modeling for Efficient Visual Representation Learning (1

ckpts)

— [Algorithm] EfficientNetV2: Smaller Models and Faster Training (15 ckpts)

— [Algorithm] Co-designing and Scaling ConvNets with Masked Autoencoders (26 ckpts)

— [Algorithm] LeViT: a Vision Transformer in ConvNet’ s Clothing for Faster Inference (5 ckpts)

— [Algorithm] Vision GNN: An Image is Worth Graph of Nodes (7 ckpts)

— [Algorithm] ArcFace: Additive Angular Margin Loss for Deep Face Recognition (1 ckpts)

— [Algorithm] XCiT: Cross-Covariance Image Transformers (42 ckpts)

24.2 FRARBENEXH

24.2.1 ImageNet-1k

R SH#E (M) | Flops (G) | Top-1(%) | Top-5(%) | Readme
mobilenet-v2_8xb32_inlk 3.50 0.32 71.86 90.42 HEiE
mobilenet-v3-small-050_3rdparty_inlk 1.59 0.02 57.91 80.19 i
mobilenet-v3-small-075_3rdparty_inlk 2.04 0.04 65.23 85.44 %
mobilenet-v3-small_8xb128 inlk 2.54 0.06 66.68 86.74 %
mobilenet-v3-small_3rdparty_inlk 2.54 0.06 67.66 87.41 I
mobilenet-v3-large_8xb128_inlk 5.48 0.23 73.49 91.31 HEiE
mobilenet-v3-large_3rdparty_inlk 5.48 0.23 74.04 91.34 i
resnet18_8xb32_inlk 11.69 1.82 69.90 89.43 %

TTI4RE:
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R S8 (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
resnet34_8xb32_inlk 2.18 3.68 73.62 91.59 HEIE
resnet50_8xb32_inlk 25.56 4.12 76.55 93.06 HEE
resnet101_8xb32_inlk 44.55 7.85 77.97 94.06 ¥l
resnet152_8xb32_inlk 60.19 11.58 78.48 94.13 5
resnetv1d50_8xb32_inlk 25.58 4.36 77.54 93.57 %
resnetv1d101_8xb32_inlk 44.57 8.09 78.93 94.48 w3
resnetvld152_8xb32_inlk 60.21 11.82 79.41 94.70 s
resnet50_8xb32-fpl6_inlk 25.56 4.12 76.30 93.07 L g
resnet50_8xb256-rsb-al-600e_inlk 25.56 4.12 80.12 94.78 HEiE
resnet50_8xb256-rsb-a2-300e_inlk 25.56 4.12 79.55 94.37 b AE
resnet50_8xb256-rsb-a3-100e_inlk 25.56 4.12 78.30 93.80 aF S
resnetvlc50_8xb32 inlk 25.58 4.36 77.01 93.58 EiE
resnetvlc101_8xb32_inlk 44.57 8.09 78.30 94.27 (e
resnetvlc152_8xb32_inlk 60.21 11.82 78.76 94.41 EiE
res2net50-w14-s8_3rdparty_8xb32_inlk 25.06 4.22 78.14 93.85 iz
res2net50-w26-s8_3rdparty_8xb32_inlk 48.40 8.39 79.20 94.36 53
res2net101-w26-s4_3rdparty_8xb32_inlk 45.21 8.12 79.19 94.44 b A%
resnext50-32x4d_8xb32_inlk 25.03 427 77.90 93.66 w3
resnext101-32x4d_8xb32_inlk 44.18 8.03 78.61 94.17 HEiE
resnext101-32x8d_8xb32_inlk 88.79 16.50 79.27 94.58 iz
resnext152-32x4d_8xb32_inlk 59.95 11.80 78.88 94.33 s
seresnet50_8xb32_inlk 28.09 4.13 77.74 93.84 L%
seresnet101_8xb32_inlk 49.33 7.86 78.26 94.07 A%
shufflenet-v1-1x_16xb64_inlk 1.87 0.15 68.13 87.81 EE
shufflenet-v2-1x_16xb64_inlk 2.28 0.15 69.55 88.92 HE AR
swin-tiny_16xb64_inlk 28.29 4.36 81.18 95.61 A%
swin-small_16xb64_inlk 49.61 8.52 83.02 96.29 L g e
swin-base_16xb64_inlk 87.77 15.14 83.36 96.44 s
swin-tiny_3rdparty_inlk 28.29 4.36 81.18 95.52 i
swin-small_3rdparty_inlk 49.61 8.52 83.21 96.25 w3
swin-base_3rdparty_inlk 87.77 15.14 83.42 96.44 HEdE
swin-base_3rdparty_in1k-384 87.90 44.49 84.49 96.95 (g S
swin-base_in21k-pre-3rdparty_inlk 87.77 15.14 85.16 97.50 w3
swin-base_in21k-pre-3rdparty_in1k-384 87.90 44.49 86.44 98.05 i
swin-large_in21k-pre-3rdparty_inlk 196.53 34.04 86.24 97.88 w3
swin-large_in21k-pre-3rdparty_in1k-384 196.74 100.04 87.25 98.25 %
vggl1_8xb32_inlk 132.86 7.63 68.75 88.87 w3
ToidREL
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®I1-4LEW
FER S8 (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
vggl3_8xb32_inlk 133.05 11.34 70.02 89.46 A%
vggl6_8xb32_inlk 138.36 15.50 71.62 90.49 hAE
vggl9_8xb32_inlk 143.67 19.67 72.41 90.80 ¥l
vegl 1bn_8xb32_inlk 132.87 7.64 70.67 90.16 Py
vggl3bn_8xb32_inlk 133.05 11.36 72.12 90.66 %
vggl6bn_8xb32_inlk 138.37 15.53 73.74 91.66 A%
vggl19bn_8xb32_inlk 143.68 19.70 74.68 92.27 hAE
repvgg-AQ_8xb32_inlk 8.31 1.36 72.37 90.56 iz
repveg-Al_8xb32_inlk 12.79 2.36 74.23 91.80 Py
repvgg-A2_8xb32_inlk 25.50 5.12 76.49 93.09 iz
repvge-BO_8xb32_inlk 3.42 15.82 75.27 92.21 b 45
repvge-B1_8xb32_inlk 51.83 11.81 78.19 94.04 b33
repvgg-B1g2_8xb32_inlk 41.36 8.81 77.87 93.99 (e
repvgg-Blg4_8xb32_inlk 36.13 7.30 77.81 93.77 HEdE
repvgg-B2_8xb32_inlk 80.32 18.37 78.58 94.23 iz
repvgg-B2g4_8xb32_inlk 55.78 11.33 79.44 94.72 EZ e
repveg-B3_8xb32_inlk 110.96 26.21 80.58 95.33 43
repveg-B3gd_8xb32_inlk 75.63 16.06 80.26 95.15 s
repvgg-D2se_3rdparty_inlk 120.39 32.84 81.81 95.94 HEIE
tnt-small-p16_3rdparty_inlk 23.76 3.36 81.52 95.73 iz
vit-base-p16_in21k-pre-3rdparty_ft-64xb64_in1k-384 86.86 33.03 85.43 971.77 s
vit-base-p32_in2 1 k-pre-3rdparty_ft-64xb64_in1k-384 88.30 8.56 84.01 97.08 i
vit-large-p16_in21k-pre-3rdparty_ft-64xb64_in1k-384 304.72 116.68 85.63 97.63 A%
vit-base-p16_pt-32xb128-mae_inlk 86.86 33.03 82.37 96.15 FEIE
t2t-vit-t-14_8xb64_inl1k 21.47 4.34 81.83 95.84 %
t2t-vit-t-19_8xb64_inlk 39.08 7.80 82.63 96.18 A%
t2t-vit-t-24_8xb64_inlk 64.00 12.69 82.71 96.09 %
tinyvit-Sm_3rdparty_inlk 5.39 1.29 79.02 94.74 A%
tinyvit-5Sm_in21k-distill-pre_3rdparty_inlk 5.39 1.29 80.71 95.57 i
tinyvit-11m_3rdparty_inlk 11.00 2.05 81.44 95.79 w3
tinyvit-11m_in2 1k-distill-pre_3rdparty_inlk 11.00 2.05 83.19 96.53 FEIE
tinyvit-21m_3rdparty_inlk 21.20 4.30 83.08 96.58 iz
tinyvit-21m_in2 1k-distill-pre_3rdparty_inlk 21.20 4.30 84.85 97.27 w3
tinyvit-21m_in21k-distill-pre_3rdparty_in1k-384px 21.23 13.85 86.21 91.71 i
tinyvit-21m_in21k-distill-pre_3rdparty_in1k-512px 21.27 27.15 86.44 97.89 w3
mlp-mixer-base-p16_3rdparty_64xb64_inlk 59.88 12.61 76.68 92.25 i
mlp-mixer-large-p16_3rdparty_64xb64_inlk 208.20 44.57 72.34 88.02 w3
Tougkes
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FER S8 (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
conformer-tiny-p16_3rdparty_8xb128_inlk 23.52 4.90 81.31 95.60 HEIE
conformer-small-p16_3rdparty_8xb128_inlk 37.67 10.31 83.32 96.46 HEE
conformer-small-p32_8xb128_inlk 38.85 7.09 81.96 96.02 iz
conformer-base-p16_3rdparty_8xb128_inlk 83.29 22.89 83.82 96.59 5
regnetx-400mf_8xb128_inlk 5.16 0.41 72.56 90.78 %
regnetx-800mf_8xb128_inlk 7.26 0.81 74.76 92.32 A%
regnetx-1.6gf_8xb128_inlk 9.19 1.63 76.84 93.31 FEIE
regnetx-3.2gf_8xb64_inlk 3.21 1.53 78.09 94.08 iz
regnetx-4.0gf_8xb64_inlk 22.12 4.00 78.60 94.17 HhAE
regnetx-6.4gf 8xb64_inlk 26.21 6.51 79.38 94.65 iz
regnetx-8.0gf_8xb64_inlk 39.57 8.03 79.12 9451 A%
regnetx-12gf_8xb64_inlk 46.11 12.15 79.67 95.03 EiE
deit-tiny_pt-4xb256_inlk 5.72 1.08 74.50 92.24 HAE
deit-tiny-distilled_3rdparty_pt-4xb256_inlk 5.72 1.08 74.51 91.90 HEE
deit-small_pt-4xb256_inlk 22.05 4.24 80.69 95.06 i
deit-small-distilled_3rdparty_pt-4xb256_inlk 22.05 4.24 81.17 95.40 53
deit-base_pt-16xb64_inlk 86.57 16.86 81.76 95.81 %
deit-base_3rdparty_pt-16xb64_inlk 86.57 16.86 81.79 95.59 AAE
deit-base-distilled_3rdparty_pt-16xb64_inlk 86.57 16.86 83.33 96.49 HEIE
deit-base_3rdparty_ft-16xb32_in1k-384px 86.86 49.37 83.04 96.31 %
deit-base-distilled_3rdparty_ft-16xb32_in1k-384px 86.86 49.37 85.55 97.35 A%
twins-pcpvt-small_3rdparty_8xb128_inlk 24.11 3.67 81.14 95.69 il
twins-pcpvt-base_3rdparty_8xb128_inlk 43.83 6.45 82.66 96.26 53
twins-pcpvt-large_3rdparty_16xb64_inlk 60.99 9.51 83.09 96.59 FEIE
twins-svt-small_3rdparty_8xb128_inlk 24.06 2.82 81.77 95.57 wE I
twins-svt-base_8xb128_3rdparty_inlk 56.07 8.35 83.13 96.29 EiE
twins-svt-large_3rdparty_16xb64_inlk 99.27 14.82 83.60 96.50 iz
efficientnet-b0_3rdparty_8xb32_inlk 5.29 0.42 76.74 93.17 35
efficientnet-b0_3rdparty_8xb32-aa_inlk 5.29 0.42 77.26 93.41 b E
efficientnet-b0_3rdparty_8xb32-aa-advprop_inlk 5.29 0.42 77.53 93.61 w3
efficientnet-b0_3rdparty-ra-noisystudent_inlk 5.29 0.42 77.63 94.00 FEIE
efficientnet-b1_3rdparty_8xb32_inlk 7.79 0.74 78.68 94.28 iz
efficientnet-b1_3rdparty_8xb32-aa_inlk 7.79 0.74 79.20 94.42 EiE
efficientnet-b1_3rdparty_8xb32-aa-advprop_inlk 7.79 0.74 79.52 94.43 i
efficientnet-b1_3rdparty-ra-noisystudent_inlk 7.79 0.74 81.44 95.83 w3
efficientnet-b2_3rdparty_8xb32_inlk 9.11 1.07 79.64 94.80 i
efficientnet-b2_3rdparty_8xb32-aa_inlk 9.11 1.07 80.21 94.96 w3
Tougkes
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®I1-4LEW
FER S8 (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
efficientnet-b2_3rdparty_8xb32-aa-advprop_inlk 9.11 1.07 80.45 95.07 HEIE
efficientnet-b2_3rdparty-ra-noisystudent_in1k 9.11 1.07 82.47 96.23 HEE
efficientnet-b3_3rdparty_8xb32_inlk 12.23 1.95 81.01 95.34 HEE
efficientnet-b3_3rdparty_8xb32-aa_inlk 12.23 1.95 81.58 95.67 GEiE
efficientnet-b3_3rdparty_8xb32-aa-advprop_inlk 12.23 1.95 81.81 95.69 i
efficientnet-b3_3rdparty-ra-noisystudent_inlk 12.23 1.95 84.02 96.89 A%
efficientnet-b4_3rdparty_8xb32_inlk 19.34 4.66 82.57 96.09 EE
efficientnet-b4_3rdparty_8xb32-aa_inlk 19.34 4.66 82.95 96.26 iz
efficientnet-b4_3rdparty_8xb32-aa-advprop_inlk 19.34 4.66 83.25 96.44 HhAE
efficientnet-b4_3rdparty-ra-noisystudent_in1lk 19.34 4.66 85.25 97.52 iz
efficientnet-b5_3rdparty_8xb32_inlk 30.39 10.80 83.18 96.47 35
efficientnet-b5_3rdparty_8xb32-aa_inlk 30.39 10.80 83.82 96.76 EiE
efficientnet-b5_3rdparty_8xb32-aa-advprop_inlk 30.39 10.80 84.21 96.98 (e
efficientnet-b5_3rdparty-ra-noisystudent_inlk 30.39 10.80 86.08 97.75 A%
efficientnet-b6_3rdparty_8xb32-aa_inlk 43.04 19.97 84.05 96.82 iz
efficientnet-b6_3rdparty_8xb32-aa-advprop_inlk 43.04 19.97 84.74 97.14 HEiE
efficientnet-b6_3rdparty-ra-noisystudent_inlk 43.04 19.97 86.47 97.87 i
efficientnet-b7_3rdparty_8xb32-aa_inlk 66.35 39.32 84.38 96.88 F S
efficientnet-b7_3rdparty_8xb32-aa-advprop_inlk 66.35 39.32 85.14 97.23 HEIE
efficientnet-b7_3rdparty-ra-noisystudent_in1k 66.35 39.32 86.83 98.08 HEIE
efficientnet-b8_3rdparty_8xb32-aa-advprop_inlk 87.41 65.00 85.38 97.28 s
efficientnet-12_3rdparty-ra-noisystudent_in1k-800px 480.31 174.20 88.33 98.65 i
efficientnet-12_3rdparty-ra-noisystudent_in1k-475px 480.31 484.98 88.18 98.55 A%
convnext-tiny_32xb128_inlk 28.59 4.46 82.14 96.06 EE
convnext-tiny_32xb128-noema_inlk 28.59 4.46 81.95 95.89 wE I
convnext-tiny_in21k-pre_3rdparty_inlk 28.59 4.46 82.90 96.62 wEE
convnext-tiny_in21k-pre_3rdparty_in1k-384px 28.59 13.14 84.11 97.14 %
convnext-small_32xb128_inlk 50.22 8.69 83.16 96.56 HE £
convnext-small_32xb128-noema_inlk 50.22 8.69 83.21 96.48 b E
convnext-small_in21k-pre_3rdparty_inlk 50.22 8.69 84.59 97.41 w3
convnext-small_in21k-pre_3rdparty_in1k-384px 50.22 25.58 85.75 97.88 FEIE
convnext-base_32xb128_inlk 88.59 15.36 83.66 96.74 A%
convnext-base_32xb128-noema_inlk 88.59 15.36 83.64 96.61 EiE
convnext-base_3rdparty_inlk 88.59 15.36 83.85 96.74 i
convnext-base_3rdparty-noema_inlk 88.59 15.36 83.71 96.60 hAE
convnext-base_3rdparty_in1k-384px 88.59 45.21 85.10 97.34 HEIE
convnext-base_in21k-pre_3rdparty_inlk 88.59 15.36 85.81 97.86 w3
Tougkes
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R S8 (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
convnext-base_in2 1k-pre-3rdparty_in1k-384px 88.59 45.21 86.82 98.25 HEIE
convnext-large_3rdparty_inlk 197.77 34.37 84.30 96.89 HEE
convnext-large_3rdparty_in1k-384px 197.77 101.10 85.50 97.59 iz
convnext-large_in21k-pre_3rdparty_inlk 197.77 34.37 86.61 98.04 bk 3%
convnext-large_in21k-pre-3rdparty_in1k-384px 197.77 101.10 87.46 98.37 i
convnext-xlarge_in2 1k-pre_3rdparty_inlk 350.20 60.93 86.97 98.20 w3
convnext-xlarge_in21k-pre-3rdparty_in1k-384px 350.20 179.20 87.76 98.55 FEIE
hrnet-w18_3rdparty_8xb32_inlk 21.30 4.33 76.75 93.44 L g
hrnet-w30_3rdparty_8xb32_inlk 37.71 8.17 78.19 94.22 HEiE
hrnet-w32_3rdparty_8xb32_inlk 41.23 8.99 78.44 94.19 b AE
hrnet-w40_3rdparty_8xb32_inlk 57.55 12.77 78.94 94.47 A%
hrnet-w44_3rdparty_8xb32_inlk 67.06 14.96 78.88 94.37 EiE
hrnet-w48_3rdparty_8xb32_inlk 77.47 17.36 79.32 94.52 HAE
hrnet-w64_3rdparty_8xb32_inlk 128.06 29.00 79.46 94.65 A%
hrnet-w18_3rdparty_8xb32-ssld_inlk 21.30 4.33 81.06 95.70 (g
hrnet-w48_3rdparty_8xb32-ssld_inlk 77.47 17.36 83.63 96.79 HhAE
repmlp-base_3rdparty_8xb64_inlk 68.24 6.71 80.41 95.14 b A%
repmlp-base_3rdparty_8xb64_in1k-256px.py 96.45 9.69 81.11 95.50 s
wide-resnet50_3rdparty_8xb32_inlk 68.88 11.44 78.48 94.08 EiE
wide-resnet101_3rdparty_8xb32_inlk 126.89 22.81 78.84 94.28 iz
wide-resnet50_3rdparty-timm_8xb32_inlk 68.88 11.44 81.45 95.53 s
van-tiny_8xb128_inlk 4.11 0.88 75.41 93.02 L%
van-small_8xb128_inlk 13.86 2.52 81.01 95.63 aFE S
van-base_8xb128 inlk 26.58 5.03 82.80 96.21 EE
van-large_8xb128_inlk 44.77 8.99 83.86 96.73 2353
cspdarknet50_3rdparty_8xb32_inlk 27.64 5.04 80.05 95.07 wEE
cspresnet50_3rdparty_8xb32_inlk 21.62 3.48 79.55 94.68 iz
cspresnext50_3rdparty_8xb32_inlk 20.57 3.11 79.96 94.96 s
convmixer-768-32_10xb64_inlk 21.11 19.62 80.16 95.08 %
convmixer-1024-20_10xb64_inlk 24.38 5.55 76.94 93.36 bk 3%
convmixer-1536-20_10xb64_inlk 51.63 48.71 81.37 95.61 EE
densenet121_4xb256_inlk 7.98 2.88 74.96 92.21 (g S
densenet169_4xb256_inlk 14.15 3.42 76.08 93.11 hAE
densenet201_4xb256_inlk 20.01 4.37 77.32 93.64 ¥l
densenet161_4xb256_inlk 28.68 7.82 77.61 93.83 hAE
poolformer-s12_3rdparty _32xb128_inlk 11.92 1.87 77.24 93.51 %
poolformer-s24_3rdparty_32xb128_inlk 21.39 3.51 80.33 95.05 w3
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poolformer-s36_3rdparty_32xb128_inlk 30.86 5.15 81.43 95.45 A%
poolformer-m36_3rdparty_32xb128_inlk 56.17 8.96 82.14 95.71 EiE
poolformer-m48_3rdparty_32xb128_inlk 73.47 11.80 82.51 95.95 iz
inception-v3_3rdparty_8xb32_inlk 23.83 5.75 77.57 93.58 hAE
mvitv2-tiny_3rdparty_inlk 24.17 4.70 82.33 96.15 i
mvitv2-small_3rdparty_inlk 34.87 7.00 83.63 96.51 w3
mvitv2-base_3rdparty_inlk 51.47 10.16 84.34 96.86 EE
mvitv2-large_3rdparty_inlk 217.99 43.87 85.25 97.14 iz
edgenext-xxsmall_3rdparty_in1lk 1.33 0.26 71.20 89.91 w3
edgenext-xsmall_3rdparty_inlk 2.34 0.53 74.86 92.31 iz
edgenext-small_3rdparty_inlk 5.59 1.25 79.41 94.53 5
edgenext-small-usi_3rdparty_inlk 5.59 1.25 81.06 95.34 FEIE
edgenext-base_3rdparty_inlk 18.51 3.81 82.48 96.20 (e
edgenext-base_3rdparty-usi_inlk 18.51 3.81 83.67 96.70 HEE
mobileone-s0_8xb32_inlk 2.08 0.27 71.34 89.87 (g
mobileone-s1_8xb32_inlk 4.76 0.82 75.72 92.54 bk 3%
mobileone-s2_8xb32_inlk 7.81 1.30 77.37 93.34 %
mobileone-s3_8xb32_inlk 10.08 1.89 78.06 93.83 AAE
mobileone-s4_8xb32_inlk 14.84 2.98 79.69 94.46 EiE
efficientformer-11_3rdparty_8xb128_inlk 12.28 1.30 80.46 94.99 iz
efficientformer-13_3rdparty_8xb128_inlk 31.41 3.74 82.45 96.18 EiE
efficientformer-17_3rdparty_8xb128_inlk 82.23 10.16 83.40 96.60 il
swinv2-tiny-w8_3rdparty_in1k-256px 28.35 435 81.76 95.87 g
swinv2-tiny-w16_3rdparty_in1k-256px 28.35 4.40 82.81 96.23 FEIE
swinv2-small-w8_3rdparty_in1k-256px 49.73 8.45 83.74 96.60 A%
swinv2-small-w16_3rdparty_in1k-256px 49.73 8.57 84.13 96.83 wEE
swinv2-base-w8_3rdparty_in1k-256px 87.92 14.99 84.20 96.86 iz
swinv2-base-w16_3rdparty_in1k-256px 87.92 15.14 84.60 97.05 s
swinv2-base-w16_in21k-pre_3rdparty_in1k-256px 87.92 15.14 86.17 97.88 i
swinv2-base-w24_in21k-pre_3rdparty_in1k-384px 87.92 34.07 87.14 98.23 w3
swinv2-large-w16_in21k-pre_3rdparty_in1k-256px 196.75 33.86 86.93 98.06 FEIE
swinv2-large-w24_in21k-pre_3rdparty_in1k-384px 196.75 76.20 87.59 98.27 iz
deit3-small-p16_3rdparty_inlk 22.06 4.61 81.35 95.31 w3
deit3-small-p16_3rdparty_in1k-384px 22.21 15.52 83.43 96.68 i
deit3-small-p16_in21k-pre_3rdparty_inlk 22.06 4.61 83.06 96.77 w3
deit3-small-p16_in21k-pre_3rdparty_in1k-384px 22.21 15.52 84.84 97.48 %
deit3-medium-p16_3rdparty_inlk 38.85 8.00 82.99 96.22 w3
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deit3-medium-p16_in21k-pre_3rdparty_inlk 38.85 8.00 84.56 97.19 HEIE
deit3-base-p16_3rdparty_inlk 86.59 17.58 83.80 96.55 HEE
deit3-base-p16_3rdparty_in1k-384px 86.88 55.54 85.08 97.25 HEE
deit3-base-p16_in21k-pre_3rdparty_inlk 86.59 17.58 85.70 97.75 hAE
deit3-base-p16_in21k-pre_3rdparty_inl1k-384px 86.88 55.54 86.73 98.11 i
deit3-large-p16_3rdparty_inlk 304.37 61.60 84.87 97.01 A%
deit3-large-p16_3rdparty_in1k-384px 304.76 191.21 85.82 97.60 FEIE
deit3-large-p16_in21k-pre_3rdparty_inlk 304.37 61.60 86.97 98.24 iz
deit3-large-p16_in21k-pre_3rdparty_in1k-384px 304.76 191.21 87.73 98.51 HhAE
deit3-huge-p14_3rdparty_inlk 632.13 167.40 85.21 97.36 iz
deit3-huge-p14_in21k-pre_3rdparty_inlk 632.13 167.40 87.19 98.26 A%
hornet-tiny_3rdparty_inlk 2241 3.98 82.84 96.24 FEIE
hornet-tiny-gf_3rdparty_inlk 22.99 3.90 82.98 96.38 (e
hornet-small_3rdparty_inlk 49.53 8.83 83.79 96.75 b5 A%
hornet-small-gf 3rdparty_inlk 50.40 8.71 83.98 96.77 iz
hornet-base_3rdparty_inlk 87.26 15.58 84.24 96.94 HEiE
hornet-base-gf_3rdparty_inlk 88.42 15.42 84.32 96.95 i
mobilevit-small_3rdparty_inlk 5.58 2.03 78.25 94.09 AAE
mobilevit-xsmall_3rdparty_inlk 2.32 1.05 74.75 92.32 HEIE
mobilevit-xxsmall_3rdparty_inlk 1.27 0.42 69.02 88.91 HEIE
davit-tiny_3rdparty_inlk 28.36 4.54 82.24 96.13 A%
davit-small_3rdparty_inlk 49.75 8.80 83.61 96.75 i
davit-base_3rdparty_inlk 87.95 15.51 84.09 96.82 A%
replknet-31B_3rdparty_inlk 79.86 15.64 83.48 96.57 FEIE
replknet-31B_3rdparty_in1k-384px 79.86 45.95 84.84 97.34 wE I
replknet-31B_in21k-pre_3rdparty_inlk 79.86 15.64 85.20 97.56 wEE
replknet-31B_in21k-pre_3rdparty_in1k-384px 79.86 45.95 85.99 97.75 iz
replknet-31L_in21k-pre_3rdparty_in1k-384px 172.67 97.24 86.63 98.00 A%
replknet-XL_meg73m-pre_3rdparty_in1k-320px 335.44 129.57 87.57 98.39 i
beit-base_3rdparty_inlk 86.53 17.58 85.28 97.59 w3
beitv2-base_3rdparty_inlk 86.53 17.58 86.47 97.99 EE
eva-g-p14_30m-in21k-pre_3rdparty_in1k-336px 1013.01 620.64 89.61 98.93 HEIE
eva-g-pl4_30m-in21k-pre_3rdparty_in1k-560px 1014.45 1906.76 89.71 98.96 w3
eva-l-pl4_mim-pre_3rdparty_in1k-336px 304.53 191.10 88.66 98.75 i
eva-l1-p14_mim-in21k-pre_3rdparty_in1k-336px 304.53 191.10 89.17 98.86 hAE
eva-l1-p14_mim-pre_3rdparty_in1k-196px 304.14 61.57 87.94 98.50 HEIE
eva-l1-p14_mim-in21k-pre_3rdparty_in1k-196px 304.14 61.57 88.58 98.65 w3
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revvit-small_3rdparty_inlk 22.44 4.58 79.87 94.90 HEIE
revvit-base_3rdparty_inlk 87.34 17.49 81.81 95.56 EiE
clip-vit-base-p32_laion2b-in12k-pre_3rdparty_inlk 88.22 4.36 83.06 96.49 HEE
clip-vit-base-p32_laion2b-pre_3rdparty_inlk 88.22 4.36 82.46 96.12 hAE
clip-vit-base-p32_openai-pre_3rdparty_inlk 88.22 4.36 81.77 95.89 i
clip-vit-base-p32_laion2b-in12k-pre_3rdparty_in1k-384px | 88.22 12.66 85.39 97.67 A%
clip-vit-base-p32_openai-in12k-pre_3rdparty_in1k-384px | 88.22 12.66 85.13 97.42 FEIE
clip-vit-base-p16_laion2b-in12k-pre_3rdparty_inlk 86.57 16.86 86.02 97.76 iz
clip-vit-base-p16_laion2b-pre_3rdparty_inlk 86.57 16.86 85.49 97.59 HhAE
clip-vit-base-p16_openai-in12k-pre_3rdparty_inlk 86.57 16.86 85.99 97.72 iz
clip-vit-base-p16_openai-pre_3rdparty_in1k 86.57 16.86 85.30 97.50 A%
clip-vit-base-p32_laion2b-in12k-pre_3rdparty_in1k-448px | 88.22 17.20 85.76 97.63 FEIE
clip-vit-base-p16_laion2b-in12k-pre_3rdparty_in1k-384px | 86.57 49.37 87.17 98.02 (e
clip-vit-base-p16_laion2b-pre_3rdparty_in1k-384px 86.57 49.37 86.52 97.97 A%
clip-vit-base-p16_openai-in12k-pre_3rdparty_in1k-384px | 86.57 49.37 86.87 98.05 iz
clip-vit-base-p16_openai-pre_3rdparty_in1k-384px 86.57 49.37 86.25 97.90 HhAE
mixmim-base_3rdparty_inlk 88.34 16.35 84.60 97.00 b A%
efficientnetv2-b0_3rdparty_inlk 7.14 0.92 78.52 94.44 w3
efficientnetv2-b1_3rdparty_inlk 8.14 1.44 79.80 94.89 HEIE
efficientnetv2-b2_3rdparty_inlk 10.10 1.99 80.63 95.30 HEIE
efficientnetv2-b3_3rdparty_inlk 14.36 3.50 82.03 95.88 s
efficientnetv2-s_3rdparty_inlk 21.46 9.72 83.82 96.67 L%
efficientnetv2-m_3rdparty_inlk 54.14 26.88 85.01 97.26 A%
efficientnetv2-1_3rdparty_inlk 118.52 60.14 85.43 97.31 EE
efficientnetv2-s_in21k-pre_3rdparty_inlk 21.46 9.72 84.29 97.26 wE I
efficientnetv2-m_in21k-pre_3rdparty_inlk 54.14 26.88 85.47 97.76 wEE
efficientnetv2-1_in21k-pre_3rdparty_inlk 118.52 60.14 86.31 97.99 iz
efficientnetv2-x1_in21k-pre_3rdparty_inlk 208.12 98.34 86.39 97.83 A%
convnext-v2-atto_fcmae-pre_3rdparty_inlk 3.71 0.55 76.64 93.04 i
convnext-v2-femto_fcmae-pre_3rdparty_inlk 5.23 0.78 78.48 93.98 w3
convnext-v2-pico_fcmae-pre_3rdparty_inlk 9.07 1.37 80.31 95.08 FEIE
convnext-v2-nano_fcmae-pre_3rdparty_inlk 15.62 2.45 81.86 95.75 HEIE
convnext-v2-nano_fcmae-in21k-pre_3rdparty_inlk 15.62 2.45 82.04 96.16 w3
convnext-v2-tiny_fcmae-pre_3rdparty_inlk 28.64 4.47 82.94 96.29 i
convnext-v2-tiny_fcmae-in21k-pre_3rdparty_inlk 28.64 4.47 83.89 96.96 hAE
convnext-v2-nano_fcmae-in2 1k-pre_3rdparty_in1k-384px | 15.62 7.21 83.36 96.75 HEIE
convnext-v2-tiny_fcmae-in21k-pre_3rdparty_in1k-384px 28.64 13.14 85.09 97.63 w3
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convnext-v2-base_fcmae-pre_3rdparty_inlk 88.72 15.38 84.87 97.08 HEIE
convnext-v2-base_fcmae-in2 1k-pre_3rdparty_inlk 88.72 15.38 86.74 98.02 HEE
convnext-v2-large_fcmae-pre_3rdparty_inlk 197.96 34.40 85.76 97.59 iz
convnext-v2-large_fcmae-in21k-pre_3rdparty_inlk 197.96 34.40 87.26 98.24 5
convnext-v2-base_fcmae-in21k-pre_3rdparty_in1k-384px | 88.72 45.21 87.63 98.42 i
convnext-v2-large_fcmae-in21k-pre_3rdparty_in1k-384px | 197.96 101.10 88.18 98.52 w3
convnext-v2-huge_fcmae-pre_3rdparty_inlk 660.29 115.00 86.25 97.75 FEIE
convnext-v2-huge_fcmae-in2 1k-pre_3rdparty_in1k-384px | 660.29 337.96 88.68 98.73 iz
convnext-v2-huge_fcmae-in21k-pre_3rdparty_inlk-512px | 660.29 600.81 88.86 98.74 w3
levit-128s_3rdparty_inlk 7.39 0.31 76.51 92.90 iz
levit-128_3rdparty_inlk 8.83 0.41 78.58 93.95 A%
levit-192_3rdparty_inlk 10.56 0.67 79.86 94.75 EiE
levit-256_3rdparty_inlk 18.38 1.14 81.59 95.46 GEiE
levit-384_3rdparty_inlk 38.36 2.37 82.59 95.95 A%
vig-tiny_3rdparty_inlk 7.18 1.31 74.40 92.34 iz
vig-small_3rdparty_inlk 22.75 4.54 80.61 95.28 EZ e
vig-base_3rdparty_inlk 20.68 17.68 82.62 96.04 i
pvig-tiny_3rdparty_inlk 9.46 1.71 78.38 94.38 w3
pvig-small_3rdparty_inlk 29.02 4.57 82.00 95.97 EiE
pvig-medium_3rdparty_inlk 51.68 8.89 83.12 96.35 bk %
pvig-base_3rdparty_inlk 95.21 16.86 83.59 96.52 eZEs
xcit-nano-12-p16_3rdparty_inlk 3.05 0.56 70.35 89.98 il
xcit-nano-12-p16_3rdparty-dist_in1k 3.05 0.56 72.36 91.02 L35
xcit-tiny-12-p16_3rdparty_inlk 6.72 1.24 77.21 93.62 FEIE
xcit-tiny-12-p16_3rdparty-dist_in1k 6.72 1.24 78.70 94.12 wE I
xcit-nano-12-p16_3rdparty-dist_in1k-384px 3.05 1.64 74.93 92.42 wEE
xcit-nano-12-p8_3rdparty_inlk 3.05 2.16 73.80 92.08 iz
xcit-nano-12-p8_3rdparty-dist_inlk 3.05 2.16 76.17 93.08 s
xcit-tiny-24-p16_3rdparty_inlk 12.12 2.34 79.47 94.85 i
xcit-tiny-24-p16_3rdparty-dist_inlk 12.12 2.34 80.51 95.17 w3
xcit-tiny-12-p16_3rdparty-dist_in1k-384px 6.72 3.64 80.58 95.38 FEIE
xcit-tiny-12-p8_3rdparty_inlk 6.71 4.81 79.75 94.88 iz
xcit-tiny-12-p8_3rdparty-dist_inlk 6.71 4.81 81.26 95.46 w3
xcit-small-12-p16_3rdparty_inlk 26.25 4.81 81.87 95.77 i
xcit-small-12-p16_3rdparty-dist_inlk 26.25 4.81 83.12 96.41 w3
xcit-nano-12-p8_3rdparty-dist_in1k-384px 3.05 6.34 77.69 94.09 i
xcit-tiny-24-p16_3rdparty-dist_in1k-384px 12.12 6.87 82.43 96.20 w3
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xcit-small-24-p16_3rdparty_in1k 47.67 9.10 82.38 95.93 HEIE
xcit-small-24-p16_3rdparty-dist_inlk 47.67 9.10 83.70 96.61 HEE
xcit-tiny-24-p8_3rdparty_inlk 12.11 9.21 81.70 95.90 I
xcit-tiny-24-p8_3rdparty-dist_inlk 12.11 9.21 82.62 96.16 hAE
xcit-tiny-12-p8_3rdparty-dist_in1k-384px 6.71 14.13 82.46 96.22 i
xcit-small-12-p16_3rdparty-dist_in1k-384px 26.25 14.14 84.74 97.19 w3
xcit-medium-24-p16_3rdparty_inlk 84.40 16.13 82.56 95.82 FEIE
xcit-medium-24-p16_3rdparty-dist_inlk 84.40 16.13 84.15 96.82 %
xcit-small-12-p8_3rdparty_inlk 26.21 18.69 83.21 96.41 w3
xcit-small-12-p8_3rdparty-dist_inlk 26.21 18.69 83.97 96.81 iz
xcit-small-24-p16_3rdparty-dist_in1k-384px 47.67 26.72 85.10 97.32 5
xcit-tiny-24-p8_3rdparty-dist_in1k-384px 12.11 27.05 83.77 96.72 FEIE
xcit-small-24-p8_3rdparty_in1k 47.63 35.81 83.62 96.51 (e
xcit-small-24-p8_3rdparty-dist_in1lk 47.63 35.81 84.68 97.07 HEE
xcit-large-24-p16_3rdparty_inlk 189.10 35.86 82.97 95.86 iz
xcit-large-24-p16_3rdparty-dist_in1k 189.10 35.86 84.61 97.07 EZ e
xcit-medium-24-p16_3rdparty-dist_in1k-384px 84.40 47.39 85.47 97.49 i
xcit-small-12-p8_3rdparty-dist_in1k-384px 26.21 54.92 85.12 97.31 w3
xcit-medium-24-p8_3rdparty_inlk 84.32 63.52 83.61 96.23 HEIE
xcit-medium-24-p8_3rdparty-dist_inlk 84.32 63.52 85.00 97.16 %
xcit-small-24-p8_3rdparty-dist_in1k-384px 47.63 105.24 85.57 97.60 s
xcit-large-24-p16_3rdparty-dist_in1k-384px 189.10 105.35 85.78 97.60 i
xcit-large-24-p8_3rdparty_inlk 188.93 141.23 84.23 96.58 A%
xcit-large-24-p8_3rdparty-dist_inlk 188.93 141.23 85.14 97.32 FEIE
xcit-medium-24-p8_3rdparty-dist_in1k-384px 84.32 186.67 85.87 97.61 A%
xcit-large-24-p8_3rdparty-dist_in1k-384px 188.93 415.00 86.13 97.75 wEE
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=il Z#2 (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
resnet18_8xb16_cifar10 11.17 0.56 94.82 G
resnet34_8xbl16_cifarl0 | 21.28 1.16 95.34 B
resnet50_8xb16_cifar10 | 23.52 1.31 95.55 %
resnet101_8xb16_cifar10 | 42.51 2.52 95.58 EE
resnet152_8xb16_cifar10 | 58.16 3.74 95.76 HiE
24.2.3 CIFAR-100
b=l ZH#2 (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
resnet50_8xb16_cifar100 | 23.71 1.31 79.90 95.19 B
24.2.4 CUB-200-2011
1ERY S48 (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
resnet50_8xb8_cub 23.92 16.48 88.45 AEJE
swin-large_8xb8_cub_384px | 195.51 100.04 91.87 i3 e
24.2.5 PASCAL VOC 2007
b =g idl SH#E (M) | Flops (G) | Top-1(%) | Top-5 (%) | Readme
resnet101-csra_1xb16_voc07-448px | 23.55 4.12 %
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R & (M) | Flops (G) | Top-1(%) | Top-5(%) | Readme
resnet50-arcface_inshop | 31.69 16.57 A%
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CHAPTER 25

ArcFace

ArcFace: Additive Angular Margin Loss for Deep Face Recognition

25.1 {FE

Recently, a popular line of research in face recognition is adopting margins in the well-established softmax loss function to
maximize class separability. In this paper, we first introduce an Additive Angular Margin Loss (ArcFace), which not only
has a clear geometric interpretation but also significantly enhances the discriminative power. Since ArcFace is susceptible
to the massive label noise, we further propose sub-center ArcFace, in which each class contains K sub-centers and training
samples only need to be close to any of the K positive sub-centers. Sub-center ArcFace encourages one dominant sub-
class that contains the majority of clean faces and non-dominant sub-classes that include hard or noisy faces. Based on
this self-propelled isolation, we boost the performance through automatically purifying raw web faces under massive real-
world noise. Besides discriminative feature embedding, we also explore the inverse problem, mapping feature vectors
to face images. Without training any additional generator or discriminator, the pre-trained ArcFace model can generate
identity-preserved face images for both subjects inside and outside the training data only by using the network gradient
and Batch Normalization (BN) priors. Extensive experiments demonstrate that ArcFace can enhance the discriminative

feature embedding as well as strengthen the generative face synthesis.
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25.2 GGRFRE

25.2.1 InShop

| Model | Pretrain | Params(M) | Flops(G) | Recall@l | Config | Download | |

ol -l Il Il Il I
-1 -1 | Resnet50-ArcFace | ImageNet-2 1k-mill 1 31.69 | 16.48 190.18 | config
| model | log |

25.3 5|H

@inproceedings{deng2018arcface,

title={ArcFace: Additive Angular Margin Loss for Deep Face Recognition},
author={Deng, Jiankang and Guo, Jia and Niannan, Xue and Zafeiriou, Stefanos},
booktitle={CVPR},

year={2019}

}
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https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_3rdparty-mill_in21k_20220331-faac000b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/arcface/resnet50-arcface_8xb32_inshop.py
https://download.openmmlab.com/mmclassification/v0/arcface/resnet50-arcface_inshop_20230202-b766fe7f.pth
https://download.openmmlab.com/mmclassification/v0/arcface/resnet50-arcface_inshop_20230202-b766fe7f.log

CHAPTER 20

BEIT

BEiT: BERT Pre-Training of Image Transformers

26.1 HE

We introduce a self-supervised vision representation model BEiT, which stands for Bidirectional Encoder representation
from Image Transformers. Following BERT developed in the natural language processing area, we propose a masked
image modeling task to pretrain vision Transformers. Specifically, each image has two views in our pre-training, i.e,
image patches (such as 16x16 pixels), and visual tokens (i.e., discrete tokens). We first “tokenize” the original image
into visual tokens. Then we randomly mask some image patches and fed them into the backbone Transformer. The pre-
training objective is to recover the original visual tokens based on the corrupted image patches. After pre-training BEiT,
we directly fine-tune the model parameters on downstream tasks by appending task layers upon the pretrained encoder.
Experimental results on image classification and semantic segmentation show that our model achieves competitive results
with previous pre-training methods. For example, base-size BEiT achieves 83.2% top-1 accuracy on ImageNet-1K,
significantly outperforming from-scratch DeiT training (81.8%) with the same setup. Moreover, large-size BEiT obtains

86.3% only using ImageNet- 1K, even outperforming ViT-L with supervised pre-training on ImageNet-22K (85.2%).
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26.2 &RFOREY

26.2.1 ImageNet-1k

R il S# 2 (M) | Flops(G) | Top-1(%) | Top-5(%) | BEXH | TH
BEiT-base* | ImageNet-21k | 86.53 17.58 85.28 97.59 config model

Models with * are converted from the official repo. The config files of these models are only for inference.

For BEiT self-supervised learning algorithm, welcome to MMSelfSup page to get more information.

26.3 5|H

@article{beit,
title={{BEiT}: {BERT} Pre-Training of Image Transformers},
author={Hangbo Bao and Li Dong and Furu Wei},
year={2021},
eprint={2106.08254},
archivePrefix={arXiv},

primaryClass={cs.CV}

132 Chapter 26. BEiT



https://github.com/open-mmlab/mmclassification/blob/1.x/configs/beit/beit-base-p16_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/beit/beit-base_3rdparty_in1k_20221114-c0a4df23.pth
https://github.com/microsoft/unilm/tree/master/beit
https://github.com/open-mmlab/mmselfsup/tree/dev-1.x/configs/selfsup/beit

CHAPTER 2/

BEIT V2

BEiT v2: Masked Image Modeling with Vector-Quantized Visual Tokenizers

271 RBE

Masked image modeling (MIM) has demonstrated impressive results in self-supervised representation learning by re-
covering corrupted image patches. However, most existing studies operate on low-level image pixels, which hinders the
exploitation of high-level semantics for representation models. In this work, we propose to use a semantic-rich visual tok-
enizer as the reconstruction target for masked prediction, providing a systematic way to promote MIM from pixel-level to
semantic-level. Specifically, we propose vector-quantized knowledge distillation to train the tokenizer, which discretizes
a continuous semantic space to compact codes. We then pretrain vision Transformers by predicting the original visual
tokens for the masked image patches. Furthermore, we introduce a patch aggregation strategy which associates discrete
image patches to enhance global semantic representation. Experiments on image classification and semantic segmentation
show that BEiT v2 outperforms all compared MIM methods. On ImageNet-1K (224 size), the base-size BEiT v2 achieves
85.5% top-1 accuracy for fine-tuning and 80.1% top-1 accuracy for linear probing. The large-size BEiT v2 obtains 87.3%
top-1 accuracy for ImageNet-1K (224 size) fine-tuning, and 56.7% mloU on ADE20K for semantic segmentation.
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27.2 GGRFRE

27.2.1 ImageNet-1k

(Ll FuillZk 2 % & | Flops(G)| Top-1 Top-5 Bl B3 | T#H
(M) (%) (%) *

BEiTv2- ImageNet-1k & ImageNet- | 86.53 17.58 86.47 97.99 config model

base* 21k

Models with * are converted from the official repo. The config files of these models are only for inference.

For BEiTv2 self-supervised learning algorithm, welcome to MMSelfSup page to get more information.

27.3 5|H

@article{beitv2,

title={{BEiT v2}: Masked Image Modeling with Vector-Quantized Visual Tokenizers},

author={Zhiliang Peng and Li Dong and Hangbo

year={2022},
eprint={2208.06366},
archivePrefix={arXiv},

primaryClass={cs.CV}

Bao and Qixiang Ye and Furu Wei},
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/beitv2/beitv2-base-p16_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/beit/beitv2-base_3rdparty_in1k_20221114-73e11905.pth
https://github.com/microsoft/unilm/tree/master/beit2
https://github.com/open-mmlab/mmselfsup/tree/dev-1.x/configs/selfsup/beitv2

CHAPTER 28

CLIP

Learning Transferable Visual Models From Natural Language Supervision

28.1 {HE

State-of-the-art computer vision systems are trained to predict a fixed set of predetermined object categories. This re-
stricted form of supervision limits their generality and usability since additional labeled data is needed to specify any
other visual concept. Learning directly from raw text about images is a promising alternative which leverages a much
broader source of supervision. We demonstrate that the simple pre-training task of predicting which caption goes with
which image is an efficient and scalable way to learn SOTA image representations from scratch on a dataset of 400 million
(image, text) pairs collected from the internet. After pre-training, natural language is used to reference learned visual
concepts (or describe new ones) enabling zero-shot transfer of the model to downstream tasks. We study the performance
of this approach by benchmarking on over 30 different existing computer vision datasets, spanning tasks such as OCR,
action recognition in videos, geo-localization, and many types of fine-grained object classification. The model transfers
non-trivially to most tasks and is often competitive with a fully supervised baseline without the need for any dataset spe-
cific training. For instance, we match the accuracy of the original ResNet-50 on ImageNet zero-shot without needing to
use any of the 1.28 million training examples it was trained on. We release our code and pre-trained model weights at
this https URL.
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28.2 &GRFORE

28.2.1 ImageNet-1k

1A il Zx S48 | Flops(G)lop-1 | Top-5 | B & | T
(M) (%) (%) X | #H
clip-vit-base-p32_laion2b-in12k- LAION-2B & | 88.22 4.36 83.06 | 96.49 config | mode
pre_3rdparty_inlk* ImageNet-12k
clip-vit-base-p32_laion2b- LAION-2B 88.22 4.36 82.46 | 96.12 | config | modg
pre_3rdparty_inlk*
clip-vit-base-p32_openai- OpenAl 88.22 4.36 81.77 | 95.89 | config | modg
pre_3rdparty_inlk*
clip-vit-base-p32_laion2b-in12k- LAION-2B & | 88.22 12.66 | 85.39 | 97.67 | config | modg
pre_3rdparty_in1k-384px* ImageNet-12k
clip-vit-base-p32_openai-in12k- OpenAl & | 88.22 12.66 | 85.13 97.42 config | modg
pre_3rdparty_in1k-384px* ImageNet-12k
clip-vit-base-p16_laion2b-in12k- LAION-2B & | 86.57 16.86 | 86.02 97.76 config | mode
pre_3rdparty_inlk* ImageNet-12k
clip-vit-base-p16_laion2b- LAION-2B 86.57 16.86 | 85.49 | 97.59 | config | modg
pre_3rdparty_inlk*
clip-vit-base-p16_openai-in12k- OpenAl & | 86.57 16.86 | 8599 | 97.72 | config | modg
pre_3rdparty_inlk* ImageNet-12k
clip-vit-base-p16_openai- OpenAl 86.57 16.86 | 85.30 | 97.50 | config | modg
pre_3rdparty_inlk*
clip-vit-base-p32_laion2b-in12k- LAION-2B & | 88.22 17.20 | 85.76 | 97.63 | config | modg
pre_3rdparty_in1k-448px* ImageNet-12k
clip-vit-base-p16_laion2b-in12k- LAION-2B & | 86.57 49.37 | 87.17 98.02 config | modg
pre_3rdparty_in1k-384px* ImageNet-12k
clip-vit-base-p16_laion2b- LAION-2B 86.57 49.37 | 86.52 | 97.97 config | mode
pre_3rdparty_in1k-384px*
clip-vit-base-p16_openai-in12k- OpenAl & | 86.57 49.37 | 86.87 98.05 config | mode
pre_3rdparty_inl1k-384px* ImageNet-12k
clip-vit-base-p16_openai- OpenAl 86.57 49.37 | 86.25 | 97.90 | config | modg
pre_3rdparty_inl1k-384px*
Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure
these config files’ training accuracy and welcome you to contribute your reproduction results.
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p32_pt-64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p32_laion2b-in12k-pre_3rdparty_in1k_20221220-b384e830.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p32_pt-64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p32_laion2b-pre_3rdparty_in1k_20221220-194df57f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p32_pt-64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p32_openai-pre_3rdparty_in1k_20221220-a0182ba9.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p32_pt-64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p32_laion2b-in12k-pre_3rdparty_in1k-384px_20221220-c7757552.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p32_pt-64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p32_openai-in12k-pre_3rdparty_in1k-384px_20221220-dc2e49ea.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p16_pt-64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p16_laion2b-in12k-pre_3rdparty_in1k_20221220-a5e31f8c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p16_pt-64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p16_laion2b-pre_3rdparty_in1k_20221220-5e24ff58.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p16_pt-64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p16_openai-in12k-pre_3rdparty_in1k_20221220-90d930a8.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p16_pt-64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p16_openai-pre_3rdparty_in1k_20221220-c7d9c899.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p32_pt-64xb64_in1k-448px.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p32_laion2b-in12k-pre_3rdparty_in1k-448px_20221220-ca404a7d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p16_pt-64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p16_laion2b-in12k-pre_3rdparty_in1k-384px_20221220-84ed0cc0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p16_pt-64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p16_laion2b-pre_3rdparty_in1k-384px_20221220-558ed826.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p16_pt-64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p16_openai-in12k-pre_3rdparty_in1k-384px_20221220-8df86b74.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/clip/vit-base-p16_pt-64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/clip/clip-vit-base-p16_openai-pre_3rdparty_in1k-384px_20221220-eb012e87.pth
https://github.com/rwightman/pytorch-image-models
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@InProceedings{pmlr-vl39-radford2la,

title = {Learning Transferable Visual Models From Natural Language Supervision},
author = {Radford, Alec and Kim, Jong Wook and Hallacy, Chris and Ramesh, Aditya and.
—~Goh, Gabriel and Agarwal, Sandhini and Sastry, Girish and Askell, Amanda and.
—Mishkin, Pamela and Clark, Jack and Krueger, Gretchen and Sutskever, Ilya},
booktitle = {Proceedings of the 38th International Conference on Machine Learning},
year = {2021},

series = {Proceedings of Machine Learning Research},

publisher = {PMLR},

}
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CHAPTER 29

Conformer

Conformer: Local Features Coupling Global Representations for Visual Recognition

29.1 {FE

Within Convolutional Neural Network (CNN), the convolution operations are good at extracting local features but ex-
perience difficulty to capture global representations. Within visual transformer, the cascaded self-attention modules can
capture long-distance feature dependencies but unfortunately deteriorate local feature details. In this paper, we propose
a hybrid network structure, termed Conformer, to take advantage of convolutional operations and self-attention mech-
anisms for enhanced representation learning. Conformer roots in the Feature Coupling Unit (FCU), which fuses local
features and global representations under different resolutions in an interactive fashion. Conformer adopts a concur-
rent structure so that local features and global representations are retained to the maximum extent. Experiments show
that Conformer, under the comparable parameter complexity, outperforms the visual transformer (DeiT-B) by 2.3%
on ImageNet. On MSCOCO, it outperforms ResNet-101 by 3.7% and 3.6% mAPs for object detection and instance

segmentation, respectively, demonstrating the great potential to be a general backbone network.
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29.2 GRFORE

29.2.1 ImageNet-1k

g S48 (M) | Flops(G) | Top-1(%) | Top-5(%) | EREXH | T

Conformer-tiny-p16* 23.52 4.90 81.31 95.60 config model
Conformer-small-p32* | 38.85 7.09 81.96 96.02 config model
Conformer-small-p16* | 37.67 10.31 83.32 96.46 config model
Conformer-base-p16* | 83.29 22.89 83.82 96.59 config model

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

29.3 5|H

@article{peng202lconformer,

title={Conformer: Local Features Coupling Global Representations for Visual._
—Recognition},

author={Zhiliang Peng and Wei Huang and Shanzhi Gu and Lingxi Xie and Yaowei.
—Wang and Jianbin Jiao and Qixiang Ye},

journal={arXiv preprint arXiv:2105.03889},

year={2021},
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/conformer/conformer-tiny-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/conformer/conformer-tiny-p16_3rdparty_8xb128_in1k_20211206-f6860372.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/conformer/conformer-small-p32_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/conformer/conformer-small-p32_8xb128_in1k_20211206-947a0816.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/conformer/conformer-small-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/conformer/conformer-small-p16_3rdparty_8xb128_in1k_20211206-3065dcf5.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/conformer/conformer-base-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/conformer/conformer-base-p16_3rdparty_8xb128_in1k_20211206-bfdf8637.pth
https://github.com/pengzhiliang/Conformer

cHAPTER 30

ConvMixer

Patches Are All You Need?

30.1 {FE

Although convolutional networks have been the dominant architecture for vision tasks for many years, recent experiments
have shown that Transformer-based models, most notably the Vision Transformer (ViT), may exceed their performance
in some settings. However, due to the quadratic runtime of the self-attention layers in Transformers, ViTs require the
use of patch embeddings, which group together small regions of the image into single input features, in order to be
applied to larger image sizes. This raises a question: Is the performance of ViTs due to the inherently-more-powerful
Transformer architecture, or is it at least partly due to using patches as the input representation? In this paper, we present
some evidence for the latter: specifically, we propose the ConvMixer, an extremely simple model that is similar in spirit
to the ViT and the even-more-basic MLP-Mixer in that it operates directly on patches as input, separates the mixing of
spatial and channel dimensions, and maintains equal size and resolution throughout the network. In contrast, however,
the ConvMixer uses only standard convolutions to achieve the mixing steps. Despite its simplicity, we show that the
ConvMixer outperforms the ViT, MLP-Mixer, and some of their variants for similar parameter counts and data set sizes,

in addition to outperforming classical vision models such as the ResNet.
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30.2 &RFOERE

30.2.1 ImageNet-1k

R & (M) | Flops(G) | Top-1(%) | Top-5 (%) | BEXH | T#H

ConvMixer-768/32* 21.11 19.62 80.16 95.08 config model
ConvMixer-1024/20* | 24.38 5.55 76.94 93.36 config model
ConvMixer-1536/20* | 51.63 48.71 81.37 95.61 config model

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.

30.3 5|H

@misc{trockman2022patches,
title={Patches Are All You Need?},
author={Asher Trockman and J. Zico Kolter},
year={2022},
eprint={2201.09792},
archivePrefix={arXiv},

primaryClass={cs.CV}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convmixer/convmixer-768-32_10xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/convmixer/convmixer-768-32_3rdparty_10xb64_in1k_20220323-bca1f7b8.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convmixer/convmixer-1024-20_10xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/convmixer/convmixer-1024-20_3rdparty_10xb64_in1k_20220323-48f8aeba.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convmixer/convmixer-1536-20_10xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/convmixer/convmixer-1536_20_3rdparty_10xb64_in1k_20220323-ea5786f3.pth
https://github.com/locuslab/convmixer

CHAPTER 3 1

ConvNeXt

A ConvNet for the 2020s

31.1 &4t

ConvNeXt is initially described in A ConvNet for the 2020s, which is a pure convolutional model (ConvNet), inspired

by the design of Vision Transformers. The ConvNeXt has the pyramid structure and achieve competitive performance

on various vision tasks, with simplicity and efficiency.

31.2 H=E

31.3 EHAR

TEFE R F

>>> import torch

>>> from mmcls.apis import get_model, inference_model

>>>

>>> model = get_model ('convnext-tiny_ 32xb128_inlk', pretrained=True)
>>> predict = inference_model (model, 'demo/demo.JPEG'")

>>> print (predict['pred_class'])

sea snake

(Rt
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(£ 50

>>> print (predict['pred_score'])

0.8915778398513794

pLNiEk

>>> import torch

>>> from mmcls.apis import get_model
>>>

>>> model = get_model ('convnext-tiny_ 32xbl128_ inlk', pretrained=True)
>>> inputs = torch.rand(1l, 3, 224, 224))
>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size([1, 10007)

>>> # To extract features.

>>> outs = model.extract_feat (inputs)
>>> print (outs[0] .shape)

torch.Size([1, 768]

YL/,
Ff ImageNet P EAE data/imagenet HEF, SR docs M HA A4 .
|2

python tools/train.py configs/convnext/convnext—-tiny_ 32xbl128_inlk.py

Test:

" "shell
python tools/test.py configs/convnext/convnext-tiny_32xb128_inlk.py https://download.
—openmmlab.com/mmclassification/v0/convnext/convnext-tiny_3rdparty_32xbl28-noema_

—1inlk_20220222-2908964a.pth

For more configurable parameters, please refer to the API.

31.4 ZERMER

31.4.1 Pre-trained Models

The pre-trained models on ImageNet-1k or ImageNet-21k are used to fine-tune on the downstream tasks.
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https://mmclassification.readthedocs.io/en/1.x/user_guides/dataset_prepare.html#prepare-dataset
https://mmclassification.readthedocs.io/en/1.x/api/generated/mmcls.models.backbones.ConvNeXt.html#mmcls.models.backbones.ConvNeXt
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i=Kid Training 2 ¥ 2 | Flops(G) Top-1 Top-5 | T
Data (M) (%) (%) #
ConvNeXt-T (convnext-tiny_32xb128-noecmagiNdtk)| 28.59 4.46 81.95 95.89 model
1k
ConvNeXt-S (convnext-small_32xbl28-rokmageNett ki) 50.22 8.69 83.21 96.48 model
1k
ConvNeXt-B (convnext-base_32xb128-nodmagdNdtk)| 88.59 15.36 83.64 96.61 model
1k
ConvNeXt-B* (convnext-base_3rdparty-neageNédta 1k $8.59 15.36 83.71 96.60 model
1k
ConvNeXt-B* (convnext-base_3rdparty_|ilmPapkNet- | 88.59 15.36 N/A N/A model
21k
ConvNeXt-L* (convnext—large_3rdparty hmdgeNet- | 197.77 34.37 N/A N/A model
21k
ConvNeXt-XL* ImageNet- | 350.20 60.93 N/A N/A model
(convnext-xlarge_3rdparty_in21k) 21k
Models with * are converted from the official repo.
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https://download.openmmlab.com/mmclassification/v0/convnext/convnext-tiny_32xb128-noema_in1k_20221208-5d4509c7.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-small_32xb128-noema_in1k_20221208-4a618995.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_32xb128-noema_in1k_20221208-f8182678.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_3rdparty_32xb128-noema_in1k_20220222-dba4f95f.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_3rdparty_in21k_20220124-13b83eec.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-large_3rdparty_in21k_20220124-41b5a79f.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-xlarge_3rdparty_in21k_20220124-f909bad7.pth
https://github.com/facebookresearch/ConvNeXt
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31.4.2 ImageNet-1k

et I Flops(Glop- | Top- | BLE | T#

% mOHE 1 5 X

z | (M) (%) | (%)

ConvNeXt-T Mo Sk | 224x2228.59 | 446 | 82.14 | 96.06 | con- | model
(convnext-tiny_32xb128_in1lk) Il fig I log
ConvNeXt-T* ImageNet-224x2228.59 | 4.46 | 82.90 | 96.62 | con- | model
(convnext-tiny_in2lk-pre_3rdpantIlkinik) fig
ConvNeXt-T* ImageNet-384x3828.59 13.13| 84.11 | 97.14 | con- | model
(convnext-tiny_in2lk-pre_3rdpantlkinlk-384gx) fig
ConvNeXt-S Mo 3k | 224x2280.22 | 8.69 | 83.16 | 96.56 | con- | model
(convnext-small_32xb128_in1lk) S| E2 fig I log
ConvNeXt-S* ImageNet-224x2250.22 | 8.69 | 84.59 | 97.41 | con- | model
(convnext-small_in2lk-pre_3rdpdr2ik inlk) fig
ConvNeXt-S* ImageNet-384x3880.22 | 25.58 | 85.75 | 97.88 | con- | model
(convnext-small_in2lk-pre_3rdpar2ik inlk-384px) fig
ConvNeXt-B M Sk | 224x2288.59 15.36 | 83.66 | 96.74 | con- | model
(convnext-base_32xb128_in1lk) |4 fig I log
ConvNeXt-B* Mo Sk | 224x2288.59 15.36| 83.85 | 96.74 | con- | model
(convnext-base_3rdparty_inlk) Tl fig
ConvNeXt-B M 3k | 384x3888.59 | 45.21| 85.10 | 97.34 | con- | model
(convnext-base_3rdparty_inlk-3g4pigf fig
ConvNeXt-B* Ima- 224x22488.59 | 15.36| 85.81 | 97.86 | con- | model
(convnext-base_in2lk-pre_3rdpantgeNetlk) fig

21k
ConvNeXt-B* ImageNet-384x3888.59 | 45.21| 86.82 | 98.25 | con- | model
(convnext-base_in2lk-pre-3rdpant¥lkinlk-384gx) fig
ConvNeXt-L* Mo 3k | 224x22497.77 | 34.37| 84.30 | 96.89 | con- | model
(convnext—-large_3rdparty_inilk) | Y%k fig
ConvNeXt-L* M 3k | 384x38497.77 | 101.10 85.50 | 97.59 | con- | model
(convnext—-large_3rdparty_inlk-38#iE%) fig
ConvNeXt-L* Ima- 224x22497.77 | 34.37| 86.61 | 98.04 | con- | model
(convnext-large_in2lk-pre_3rdpgrgeNetnlk) fig

21k
ConvNeXt-L ImageNet-384x38497.77 | 101.10 87.46 | 98.37 | con- | model
(convnext-large_in2lk-pre-3rdpar2ik inlk-384px)* fig
ConvNeXt-XL* Ima- 224x22350.20 | 60.93 | 86.97 | 98.20 | con- | model
(convnext-xlarge_in2lk-pre_3rdgageNetirlk) fig

21k
ConvNeXt-XL* ImageNet-384x38350.20 | 179.20 87.76 | 98.55 | con- | model
(convnext-xlarge in2lk-pre-3rdpaZtky inlk-384px) fig
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-tiny_32xb128_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-tiny_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-tiny_32xb128_in1k_20221207-998cf3e9.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-tiny_32xb128_in1k_20221207-998cf3e9.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-tiny_32xb128_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-tiny_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-tiny_in21k-pre_3rdparty_in1k_20221219-7501e534.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-tiny_32xb128_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-tiny_32xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-tiny_in21k-pre_3rdparty_in1k-384px_20221219-c1182362.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-small_32xb128_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-small_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-small_32xb128_in1k_20221207-4ab7052c.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-small_32xb128_in1k_20221207-4ab7052c.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-small_32xb128_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-small_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-small_in21k-pre_3rdparty_in1k_20221219-aeca4c93.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-small_32xb128_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-small_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-small_in21k-pre_3rdparty_in1k-384px_20221219-96f0bb87.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_32xb128_in1k_20221207-fbdb5eb9.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_32xb128_in1k_20221207-fbdb5eb9.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_3rdparty_32xb128_in1k_20220124-d0915162.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_3rdparty_32xb128-noema_in1k_20220222-dba4f95f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_in21k-pre-3rdparty_32xb128_in1k_20220124-eb2d6ada.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-base_32xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-base_3rdparty_in1k-384px_20221219-c8f1dc2b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-large_64xb64_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-large_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-large_3rdparty_64xb64_in1k_20220124-f8a0ded0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-large_64xb64_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-large_64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-large_3rdparty_in1k-384px_20221219-6dd29d10.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-large_64xb64_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-large_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-large_in21k-pre-3rdparty_64xb64_in1k_20220124-2412403d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-large_64xb64_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-large_64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-large_in21k-pre-3rdparty_in1k-384px_20221219-6d38dd66.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-xlarge_64xb64_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-xlarge_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-xlarge_in21k-pre-3rdparty_64xb64_in1k_20220124-76b6863d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-xlarge_64xb64_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext/convnext-xlarge_64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-xlarge_in21k-pre-3rdparty_in1k-384px_20221219-b161bc14.pth
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Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction resulls.

31.5 5|H
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title = {A ConvNet for the 2020s},

journal = {arXiv preprint arXiv:2201.03545},

year = {2022},
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https://github.com/facebookresearch/ConvNeXt

CHAPTER 32

ConvNeXt V2

Co-designing and Scaling ConvNets with Masked Autoencoders

32.1 {FE

Driven by improved architectures and better representation learning frameworks, the field of visual recognition has en-
joyed rapid modernization and performance boost in the early 2020s. For example, modern ConvNets, represented by
ConvNeXt, have demonstrated strong performance in various scenarios. While these models were originally designed
for supervised learning with ImageNet labels, they can also potentially benefit from self-supervised learning techniques
such as masked autoencoders (MAE). However, we found that simply combining these two approaches leads to subpar
performance. In this paper, we propose a fully convolutional masked autoencoder framework and a new Global Response
Normalization (GRN) layer that can be added to the ConvNeXt architecture to enhance inter-channel feature competi-
tion. This co-design of self-supervised learning techniques and architectural improvement results in a new model family
called ConvNeXt V2, which significantly improves the performance of pure ConvNets on various recognition bench-
marks, including ImageNet classification, COCO detection, and ADE20K segmentation. We also provide pre-trained
ConvNeXt V2 models of various sizes, ranging from an efficient 3.7M-parameter Atto model with 76.7% top-1 accuracy

on ImageNet, to a 650M Huge model that achieves a state-of-the-art 88.9% accuracy using only public training data.
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http://arxiv.org/abs/2301.00808
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32.2 &GRFRE

32.2.1 Pre-trained Models

The pre-trained models are only used to fine-tune, and therefore cannot be trained and don’ t have evaluation results.

ER S8 (M) | Flops(G) | BEE# | TH
convnext-v2-atto_3rdparty-fcmae_inlk* 3.71 0.55 config model
convnext-v2-femto_3rdparty-fcmae_inlk* | 5.23 0.78 config model
convnext-v2-pico_3rdparty-fcmae_inlk* 9.07 1.37 config model
convnext-v2-nano_3rdparty-fcmae_inlk* 15.62 2.45 config model
convnext-v2-tiny_3rdparty-fcmae_inlk* 28.64 4.47 config model
convnext-v2-base_3rdparty-fcmae_inl1k* 88.72 15.38 config model
convnext-v2-large_3rdparty-fcmae_inlk* | 197.96 34.40 config model
convnext-v2-huge_3rdparty-fcmae_in1k* 660.29 115.00 config model

Models with * are converted from the official repo.
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-atto_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-atto_3rdparty-fcmae_in1k_20230104-07514db4.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-femto_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-femto_3rdparty-fcmae_in1k_20230104-adbe2082.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-pico_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-pico_3rdparty-fcmae_in1k_20230104-147b1b59.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-nano_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-nano_3rdparty-fcmae_in1k_20230104-3dd1f29e.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-tiny_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-tiny_3rdparty-fcmae_in1k_20230104-80513adc.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-base_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-base_3rdparty-fcmae_in1k_20230104-8a798eaf.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-large_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-large_3rdparty-fcmae_in1k_20230104-bf38df92.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-huge_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-huge_3rdparty-fcmae_in1k_20230104-fe43ae6c.pth
https://github.com/facebookresearch/ConvNeXt-V2
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32.2.2 ImageNet-1k

et Tl 4k S & | Flops(G)Top-1 | Top-5 | B & | T
(M) (%) (%) X | &

convnext-v2-atto_fcmae- FCMAE 3.71 0.55 76.64 93.04 config | model
pre_3rdparty_inlk*
convnext-v2-femto_fcmae- FCMAE 5.23 0.78 78.48 93.98 config | model
pre_3rdparty_inlk*
convnext-v2-pico_fcmae- FCMAE 9.07 1.37 80.31 95.08 config | model
pre_3rdparty_inlk*
convnext-v2-nano_fcmae- FCMAE 15.62 2.45 81.86 95.75 config | mode]
pre_3rdparty_inlk*
convnext-v2-nano_fcmae-in21k- FCMAE + Ima- | 15.62 2.45 82.04 96.16 config | model
pre_3rdparty_inlk* geNet 21k
convnext-v2-tiny_fcmae- FCMAE 28.64 4.47 82.94 96.29 config | model
pre_3rdparty_inlk*
convnext-v2-tiny_fcmae-in21k- FCMAE + Ima- | 28.64 4.47 83.89 96.96 config | model
pre_3rdparty_inlk* geNet 21k
convnext-v2-nano_fcmae-in21k- FCMAE + Ima- | 15.62 7.21 83.36 96.75 config | model
pre_3rdparty_inl1k-384px* geNet 21k
convnext-v2-tiny_fcmae-in21k- FCMAE + Ima- | 28.64 13.14 | 85.09 97.63 config | model
pre_3rdparty_inl1k-384px* geNet 21k
convnext-v2-base_fcmae- FCMAE 88.72 15.38 | 84.87 97.08 config | mode]
pre_3rdparty_inlk*
convnext-v2-base_fcmae-in21k- FCMAE + Ima- | 88.72 15.38 | 86.74 98.02 config | model
pre_3rdparty_inlk* geNet 21k
convnext-v2-large_fcmae- FCMAE 197.96 34.40 | 85.76 97.59 config | model
pre_3rdparty_inlk*
convnext-v2-large_fcmae-in21k- FCMAE + Ima- | 197.96 34.40 | 87.26 98.24 config | model
pre_3rdparty_inlk* geNet 21k
convnext-v2-base_fcmae-in21k- FCMAE + Ima- | 88.72 4521 | 87.63 98.42 config | model
pre_3rdparty_in1k-384px* geNet 21k
convnext-v2-large_fcmae-in21k- FCMAE + Ima- | 197.96 101.10| 88.18 98.52 config | model
pre_3rdparty_in1k-384px* geNet 21k
convnext-v2-huge_fcmae- FCMAE 660.29 115.00 | 86.25 97.75 config | model
pre_3rdparty_inlk*
convnext-v2-huge fcmae-in21k- FCMAE + Ima- | 660.29 337.96| 88.68 98.73 config | model
pre_3rdparty_in1k-384px* geNet 21k
convnext-v2-huge_fcmae-in21k- FCMAE + Ima- | 660.29 600.81| 88.86 98.74 config | model
pre_3rdparty_inlk-512px* geNet 21k
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-atto_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-atto_fcmae-pre_3rdparty_in1k_20230104-23765f83.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-femto_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-femto_fcmae-pre_3rdparty_in1k_20230104-92a75d75.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-pico_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-pico_fcmae-pre_3rdparty_in1k_20230104-d20263ca.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-nano_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-nano_fcmae-pre_3rdparty_in1k_20230104-fe1aaaf2.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-nano_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-nano_fcmae-in21k-pre_3rdparty_in1k_20230104-91fa8ae2.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-tiny_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-tiny_fcmae-pre_3rdparty_in1k_20230104-471a86de.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-tiny_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-tiny_fcmae-in21k-pre_3rdparty_in1k_20230104-8cc8b8f2.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-nano_32xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-nano_fcmae-in21k-pre_3rdparty_in1k-384px_20230104-f951ae87.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-tiny_32xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-tiny_fcmae-in21k-pre_3rdparty_in1k-384px_20230104-d8579f84.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-base_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-base_fcmae-pre_3rdparty_in1k_20230104-00a70fa4.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-base_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-base_fcmae-in21k-pre_3rdparty_in1k_20230104-c48d16a5.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-large_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-large_fcmae-pre_3rdparty_in1k_20230104-ef393013.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-large_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-large_fcmae-in21k-pre_3rdparty_in1k_20230104-d9c4dc0c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-base_32xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-base_fcmae-in21k-pre_3rdparty_in1k-384px_20230104-379425cc.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-large_32xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-large_fcmae-in21k-pre_3rdparty_in1k-384px_20230104-9139a1f3.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-huge_32xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-huge_fcmae-pre_3rdparty_in1k_20230104-f795e5b8.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-huge_32xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-huge_fcmae-in21k-pre_3rdparty_in1k-384px_20230104-02a4eb35.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/convnext_v2/convnext-v2-huge_32xb32_in1k-512px.py
https://download.openmmlab.com/mmclassification/v0/convnext-v2/convnext-v2-huge_fcmae-in21k-pre_3rdparty_in1k-512px_20230104-ce32e63c.pth

MMClassification Documentation, 4 %5 1.0.0rc6

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction resulls.
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@article{Woo02023ConvNeXtV2,
title={ConvNeXt V2: Co-designing and Scaling ConvNets with Masked Autoencoders},
author={Sanghyun Woo, Shoubhik Debnath, Ronghang Hu, Xinlei Chen, Zhuang Liu, In So.
—Kweon and Saining Xie},
year={2023},
journal={arXiv preprint arXiv:2301.00808},

152 Chapter 32. ConvNeXt V2



https://github.com/facebookresearch/ConvNeXt-V2

CHAPTER 33

CSPNet

CSPNet: A New Backbone that can Enhance Learning Capability of CNN

33.1 {FE

Neural networks have enabled state-of-the-art approaches to achieve incredible results on computer vision tasks such as
object detection. However, such success greatly relies on costly computation resources, which hinders people with cheap
devices from appreciating the advanced technology. In this paper, we propose Cross Stage Partial Network (CSPNet) to
mitigate the problem that previous works require heavy inference computations from the network architecture perspective.
We attribute the problem to the duplicate gradient information within network optimization. The proposed networks
respect the variability of the gradients by integrating feature maps from the beginning and the end of a network stage,
which, in our experiments, reduces computations by 20% with equivalent or even superior accuracy on the ImageNet
dataset, and significantly outperforms state-of-the-art approaches in terms of AP50 on the MS COCO object detection
dataset. The CSPNet is easy to implement and general enough to cope with architectures based on ResNet, ResNeXt,

and DenseNet. Source code is at this https URL.

153


https://arxiv.org/abs/1911.11929

MMClassification Documentation, 4 %5 1.0.0rc6

33.2 GRFRE

33.2.1 ImageNet-1k

Eil Billg | B#E (M) | Flops(G) | Top-1(%) | Top-5(%) | BEXMH | TH

CSPDarkNet50* | M:3LillZ%: | 27.64 5.04 80.05 95.07 config model
CSPResNet50* ML | 21.62 3.48 79.55 94.68 config model
CSPResNeXt50* | M4k | 20.57 3.11 79.96 94.96 config model

Models with * are converted from the timm repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.

33.3 5|H

@inproceedings{wang2020cspnet,

title={CSPNet:

author={Wang,

—Yang and Hsieh,

Jun-Wei and Yeh,

Chien-Yao and Liao,

I-Hau},

Hong—-Yuan Mark and Wu,

A new backbone that can enhance learning capability of CNN},

Yueh-Hua and Chen,

Ping-

booktitle={Proceedings of the IEEE/CVF conference on computer vision and pattern.

—recognition workshops},

pages={390--391},

year={2020}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/cspnet/cspdarknet50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/cspnet/cspdarknet50_3rdparty_8xb32_in1k_20220329-bd275287.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/cspnet/cspresnet50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/cspnet/cspresnet50_3rdparty_8xb32_in1k_20220329-dd6dddfb.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/cspnet/cspresnext50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/cspnet/cspresnext50_3rdparty_8xb32_in1k_20220329-2cc84d21.pth
https://github.com/rwightman/pytorch-image-models

CHAPTER 34

CSRA

Residual Attention: A Simple but Effective Method for Multi-Label Recognition

34.1 {FE

Multi-label image recognition is a challenging computer vision task of practical use. Progresses in this area, however, are
often characterized by complicated methods, heavy computations, and lack of intuitive explanations. To effectively cap-
ture different spatial regions occupied by objects from different categories, we propose an embarrassingly simple module,
named class-specific residual attention (CSRA). CSRA generates class-specific features for every category by proposing
a simple spatial attention score, and then combines it with the class-agnostic average pooling feature. CSRA achieves
state-of -the-art results on multilabel recognition, and at the same time is much simpler than them. Furthermore, with only
4 lines of code, CSRA also leads to consistent improvement across many diverse pretrained models and datasets without
any extra training. CSRA is both easy to implement and light in computations, which also enjoys intuitive explanations

and visualizations.
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34.2 &GRFRE

34.2.1 VOC2007

ki) FuijllZk S48 (M) | Flops(G)| mAP | OF1 CF1 B & XX | TH
(%) (%) i

Resnet101- ImageNet- 23.55 4.12 94.98 | 90.80 89.16 config model

CSRA 1k log

34.3 5|H

@misc{https://doi.org/10.48550/arxiv.2108.02456,
doi {10.48550/ARXIV.2108.02456},

url = {https://arxiv.org/abs/2108.02456},

author = {Zhu, Ke and Wu, Jianxin},

keywords = {Computer Vision and Pattern Recognition (cs.CV), FOS: Computer and.

—information sciences, FOS: Computer and information sciences},

title = {Residual Attention: A Simple but Effective Method for Multi-Label.
—~Recognition},

publisher = {arXiv},
year = {2021},

copyright = {arXiv.org perpetual, non-exclusive license}
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https://download.openmmlab.com/mmclassification/v0/resnet/resnet101_8xb32_in1k_20210831-539c63f8.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet101_8xb32_in1k_20210831-539c63f8.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/csra/resnet101-csra_1xb16_voc07-448px.py
https://download.openmmlab.com/mmclassification/v0/csra/resnet101-csra_1xb16_voc07-448px_20220722-29efb40a.pth
https://download.openmmlab.com/mmclassification/v0/csra/resnet101-csra_1xb16_voc07-448px_20220722-29efb40a.log.json

CHAPTER 35

DaViT

DaViT: Dual Attention Vision Transformers

35.1 {HE

In this work, we introduce Dual Attention Vision Transformers (DaViT), a simple yet effective vision transformer archi-
tecture that is able to capture global context while maintaining computational efficiency. We propose approaching the
problem from an orthogonal angle: exploiting self-attention mechanisms with both “spatial tokens” and “channel tokens”
. With spatial tokens, the spatial dimension defines the token scope, and the channel dimension defines the token feature
dimension. With channel tokens, we have the inverse: the channel dimension defines the token scope, and the spatial
dimension defines the token feature dimension. We further group tokens along the sequence direction for both spatial and
channel tokens to maintain the linear complexity of the entire model. We show that these two self-attentions complement
each other: (i) since each channel token contains an abstract representation of the entire image, the channel attention natu-
rally captures global interactions and representations by taking all spatial positions into account when computing attention
scores between channels; (ii) the spatial attention refines the local representations by performing fine-grained interactions
across spatial locations, which in turn helps the global information modeling in channel attention. Extensive experiments
show our DaViT achieves state-of-the-art performance on four different tasks with efficient computations. Without extra
data, DaViT-Tiny, DaViT-Small, and DaViT-Base achieve 82.8%, 84.2%, and 84.6% top-1 accuracy on ImageNet-1K
with 28.3M, 49.7M, and 87.9M parameters, respectively. When we further scale up DaViT with 1.5B weakly supervised
image and text pairs, DaViT-Gaint reaches 90.4% top-1 accuracy on ImageNet-1K.
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35.2 LGRFORE

35.2.1 ImageNet-1k

il Blg | S¥PE | SHE (M) | Flops(G) | Top-1(%) | Top-5(%) | BL & X | T#
%

DaViT-T* | M 3k Il | 224x224 | 28.36 4.54 82.24 96.13 config model
R

DaViT-S* | M 3L Il | 224x224 | 49.74 8.79 83.61 96.75 config model
%

DaViT-B* | M sk Il | 224x224 | 87.95 15.5 84.09 96.82 config model
%

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

Note: Inference accuracy is a bit lower than paper result because of inference code for classification doesn’ t exist.

35.3 5|H

@inproceedings{ding2022davit,

title={DaViT: Dual Attention Vision Transformer},

author={Ding, Mingyu and Xiao, Bin and Codella, Noel and Luo, Ping and Wang, .

—Jingdong and Yuan, Lu},
booktitle={ECCV},

year={2022}%,
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/davit/davit-tiny_4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/davit/davit-tiny_3rdparty_in1k_20221116-700fdf7d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/davit/davit-small_4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/davit/davit-small_3rdparty_in1k_20221116-51a849a6.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/davit/davit-base_4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/davit/davit-base_3rdparty_in1k_20221116-19e0d956.pth
https://github.com/dingmyu/davit

CHAPTER 30

DeiT

Training data-efficient image transformers & distillation through attention

36.1 {HE

Recently, neural networks purely based on attention were shown to address image understanding tasks such as image
classification. However, these visual transformers are pre-trained with hundreds of millions of images using an expensive
infrastructure, thereby limiting their adoption. In this work, we produce a competitive convolution-free transformer by
training on Imagenet only. We train them on a single computer in less than 3 days. Our reference vision transformer
(86M parameters) achieves top-1 accuracy of 83.1% (single-crop evaluation) on ImageNet with no external data. More
importantly, we introduce a teacher-student strategy specific to transformers. It relies on a distillation token ensuring that
the student learns from the teacher through attention. We show the interest of this token-based distillation, especially
when using a convnet as a teacher. This leads us to report results competitive with convnets for both Imagenet (where we

obtain up to 85.2% accuracy) and when transferring to other tasks. We share our code and models.

36.2 L&RFORE

36.2.1 ImageNet-1k

The teacher of the distilled version DeiT is RegNetY-16GF.

159


https://arxiv.org/abs/2012.12877

MMClassification Documentation, 4 %5 1.0.0rc6

g Huilll gk % # 8 | Flops(G)| Top-1 Top-5 | B EX | F#
(M) (%) (%) Lis

DeiT-tiny ML 25 5.72 1.08 74.50 92.24 config model |
log

DeiT-tiny distilled* ML 25 5.72 1.08 74.51 91.90 config model

DeiT-small MKINZ: | 22.05 4.24 80.69 95.06 config model |
log

DeiT-small distilled* M3 25 22.05 4.24 81.17 95.40 config model

DeiT-base ML 25 86.57 16.86 81.76 95.81 config model |
log

DeiT-base* ML 86.57 16.86 81.79 95.59 config model

DeiT-base distilled* M 25 86.57 16.86 83.33 96.49 config model

DeiT-base 384px* ImageNet- | 86.86 49.37 83.04 96.31 config model

1k
DeiT-base distilled | ImageNet- | 86.86 49.37 85.55 97.35 config model
384px* 1k

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

#x fe: MMClassification doesn’ t support training the distilled version DeiT. And we provide distilled version

checkpoints for inference only.

36.3 5|H

@InProceedings{pmlr-v139-touvron2la,

title = {Training data-efficient image transformers &amp; distillation through._
—attention},

author = {Touvron, Hugo and Cord, Matthieu and Douze, Matthijs and Massa, .

—Francisco and Sablayrolles, Alexandre and Jegou, Herve},

booktitle = {International Conference on Machine Learning},
pages = {10347--10357},

year = {2021},

volume = {139},

month = {July}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-tiny_pt-4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-tiny_pt-4xb256_in1k_20220218-13b382a0.pth
https://download.openmmlab.com/mmclassification/v0/deit/deit-tiny_pt-4xb256_in1k_20220218-13b382a0.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-tiny-distilled_pt-4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-tiny-distilled_3rdparty_pt-4xb256_in1k_20211216-c429839a.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-small_pt-4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-small_pt-4xb256_in1k_20220218-9425b9bb.pth
https://download.openmmlab.com/mmclassification/v0/deit/deit-small_pt-4xb256_in1k_20220218-9425b9bb.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-small-distilled_pt-4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-small-distilled_3rdparty_pt-4xb256_in1k_20211216-4de1d725.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-base_pt-16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-base_pt-16xb64_in1k_20220216-db63c16c.pth
https://download.openmmlab.com/mmclassification/v0/deit/deit-base_pt-16xb64_in1k_20220216-db63c16c.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-base_pt-16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-base_3rdparty_pt-16xb64_in1k_20211124-6f40c188.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-base-distilled_pt-16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-base-distilled_3rdparty_pt-16xb64_in1k_20211216-42891296.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-base_ft-16xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-base_3rdparty_ft-16xb32_in1k-384px_20211124-822d02f2.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit/deit-base-distilled_ft-16xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/deit/deit-base-distilled_3rdparty_ft-16xb32_in1k-384px_20211216-e48d6000.pth
https://github.com/facebookresearch/deit

CHAPTER 37

DeiT lll: Revenge of the VIiT

DeiT III: Revenge of the ViT

371 {HE

A Vision Transformer (ViT) is a simple neural architecture amenable to serve several computer vision tasks. It has limited
built-in architectural priors, in contrast to more recent architectures that incorporate priors either about the input data or of
specific tasks. Recent works show that ViTs benefit from self-supervised pre-training, in particular BerT-like pre-training
like BeiT. In this paper, we revisit the supervised training of ViTs. Our procedure builds upon and simplifies a recipe
introduced for training ResNet-50. It includes a new simple data-augmentation procedure with only 3 augmentations,
closer to the practice in self-supervised learning. Our evaluations on Image classification (ImageNet- 1k with and without
pre-training on ImageNet-21k), transfer learning and semantic segmentation show that our procedure outperforms by a
large margin previous fully supervised training recipes for ViT. It also reveals that the performance of our ViT trained
with supervision is comparable to that of more recent architectures. Our results could serve as better baselines for recent

self-supervised approaches demonstrated on ViT.
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37.2 &GRFRE

37.2.1 ImageNet-1k

gl Tl SHEE | B¥E (M) | Flops(G) | Top-1 Top-5 Bt 8 X | TH
(%) (%) %

DeiT3-S* | M3kill%k 224x224 | 22.06 4.61 81.35 95.31 config model

DeiT3-S* | M3l %k 384x384 | 22.21 15.52 83.43 96.68 config model

DeiT3-S* | ImageNet- 224x224 | 22.06 4.61 83.06 96.77 config model
21k

DeiT3-S* | ImageNet- 384x384 | 22.21 15.52 84.84 97.48 config model
21k

DeiT3- Mk 4 224x224 | 38.85 8.00 82.99 96.22 config model

M*

DeiT3- ImageNet- 224x224 | 38.85 8.00 84.56 97.19 config model

M* 21k

DeiT3-B* | M3Lill%k 224x224 | 86.59 17.58 83.80 96.55 config model

DeiT3-B* | ML)l 384x384 | 86.88 55.54 85.08 97.25 config model

DeiT3-B* | ImageNet- 224x224 | 86.59 17.58 85.70 97.75 config model
21k

DeiT3-B* | ImageNet- 384x384 | 86.88 55.54 86.73 98.11 config model
21k

DeiT3-L* | M3LI%k 224x224 | 304.37 61.60 84.87 97.01 config model

DeiT3-L* | Mkl 384x384 | 304.76 191.21 85.82 97.60 config model

DeiT3-L* | ImageNet- 224x224 | 304.37 61.60 86.97 98.24 config model
21k

DeiT3-L* | ImageNet- 384x384 | 304.76 191.21 87.73 98.51 config model
21k

DeiT3- M 224x224 | 632.13 167.40 85.21 97.36 config model

H*

DeiT3- ImageNet- 224x224 | 632.13 167.40 87.19 98.26 config model

H* 21k

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-small-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-small-p16_3rdparty_in1k_20221008-0f7c70cf.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-small-p16_64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-small-p16_3rdparty_in1k-384px_20221008-a2c1a0c7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-small-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-small-p16_in21k-pre_3rdparty_in1k_20221009-dcd90827.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-small-p16_64xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-small-p16_in21k-pre_3rdparty_in1k-384px_20221009-de116dd7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-medium-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-medium-p16_3rdparty_in1k_20221008-3b21284d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-medium-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-medium-p16_in21k-pre_3rdparty_in1k_20221009-472f11e2.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-base-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-base-p16_3rdparty_in1k_20221008-60b8c8bf.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-base-p16_64xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-base-p16_3rdparty_in1k-384px_20221009-e19e36d4.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-base-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-base-p16_in21k-pre_3rdparty_in1k_20221009-87983ca1.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-base-p16_64xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-base-p16_in21k-pre_3rdparty_in1k-384px_20221009-5e4e37b9.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-large-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-large-p16_3rdparty_in1k_20221009-03b427ea.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-large-p16_64xb16_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-large-p16_3rdparty_in1k-384px_20221009-4317ce62.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-large-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-large-p16_in21k-pre_3rdparty_in1k_20221009-d8d27084.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-large-p16_64xb16_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-large-p16_in21k-pre_3rdparty_in1k-384px_20221009-75fea03f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-huge-p14_64xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-huge-p14_3rdparty_in1k_20221009-e107bcb7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/deit3/deit3-huge-p14_64xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/deit3/deit3-huge-p14_in21k-pre_3rdparty_in1k_20221009-19b8a535.pth
https://github.com/facebookresearch/deit
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@article{Touvron2022DeiTIR,
title={DeiT III: Revenge of the ViT},
author={Hugo Touvron and Matthieu Cord and Herve Jegou},

journal={arXiv preprint arXiv:2204.07118},
year={2022},
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CHAPTER 38

DenseNet

Densely Connected Convolutional Networks

38.1 {HE

Recent work has shown that convolutional networks can be substantially deeper, more accurate, and efficient to train if
they contain shorter connections between layers close to the input and those close to the output. In this paper, we embrace
this observation and introduce the Dense Convolutional Network (DenseNet), which connects each layer to every layer
in a feed-forward fashion. Whereas traditional convolutional networks with L layers have L connections - one between
each layer and its subsequent layer - our network has L(L+1)/2 direct connections. For each layer, the feature-maps of all
preceding layers are used as inputs, and its own feature-maps are used as inputs into all subsequent layers. DenseNets have
several compelling advantages: they alleviate the vanishing-gradient problem, strengthen feature propagation, encourage
feature reuse, and substantially reduce the number of parameters. We evaluate our proposed architecture on four highly
competitive object recognition benchmark tasks (CIFAR-10, CIFAR-100, SVHN, and ImageNet). DenseNets obtain
significant improvements over the state-of-the-art on most of them, whilst requiring less computation to achieve high

performance.
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38.2 &GRFORE

38.2.1 ImageNet-1k

gl S48 (M) | Flops(G) | Top-1(%) | Top-5 (%) | EREXH | T

DenseNet121* | 7.98 2.88 74.96 92.21 config model
DenseNet169* | 14.15 342 76.08 93.11 config model
DenseNet201* | 20.01 4.37 77.32 93.64 config model
DenseNet161* | 28.68 7.82 77.61 93.83 config model

Models with * are converted from pytorch, guided by original repo. The config files of these models are only for inference.

We don’ t ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

38.3 5|H

@misc{https://doi.org/10.48550/arxiv.1608.06993,

doi = {10.48550/ARXIV.1608.06993},

url = {https://arxiv.org/abs/1608.06993},

author = {Huang, Gao and Liu, Zhuang and van der Maaten, Laurens and Weinberger,
— Kilian Q.},

keywords = {Computer Vision and Pattern Recognition (cs.CV), Machine Learning.
— (cs.LG), FOS: Computer and information sciences, FOS: Computer and information..
—sciences},

title = {Densely Connected Convolutional Networks},

publisher = {arXiv},

year = {2016},

copyright = {arXiv.org perpetual, non-exclusive license}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/densenet/densenet121_4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/densenet/densenet121_4xb256_in1k_20220426-07450f99.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/densenet/densenet169_4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/densenet/densenet169_4xb256_in1k_20220426-a2889902.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/densenet/densenet201_4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/densenet/densenet201_4xb256_in1k_20220426-05cae4ef.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/densenet/densenet161_4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/densenet/densenet161_4xb256_in1k_20220426-ee6a80a9.pth
https://pytorch.org/vision/stable/models.html
https://github.com/liuzhuang13/DenseNet

CHAPTER 39

EdgeNeXt

EdgeNeXt: Efficiently Amalgamated CNN-Transformer Architecture for Mobile Vision Applications

39.1 {FE

In the pursuit of achieving ever-increasing accuracy, large and complex neural networks are usually developed. Such
models demand high computational resources and therefore cannot be deployed on edge devices. It is of great interest
to build resource-efficient general purpose networks due to their usefulness in several application areas. In this work,
we strive to effectively combine the strengths of both CNN and Transformer models and propose a new efficient hybrid
architecture EdgeNeXt. Specifically in EdgeNeXt, we introduce split depth-wise transpose attention (SDTA) encoder
that splits input tensors into multiple channel groups and utilizes depth-wise convolution along with self-attention across
channel dimensions to implicitly increase the receptive field and encode multi-scale features. Our extensive experiments
on classification, detection and segmentation tasks, reveal the merits of the proposed approach, outperforming state-of-
the-art methods with comparatively lower compute requirements. Our EdgeNeXt model with 1.3M parameters achieves
71.2% top-1 accuracy on ImageNet- 1K, outperforming MobileViT with an absolute gain of 2.2% with 28% reduction in
FLOPs. Further, our EdgeNeXt model with 5.6M parameters achieves 79.4% top-1 accuracy on ImageNet-1K.
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39.2 &GRFRE

39.2.1 ImageNet-1k

il Bl | B%E (M) | Flops(G) | Top-1(%) | Top-5(%) | B2 & 3 | T#k
%

EdgeNeXt-Base-usi* M3kl | 18.51 3.84 83.67 96.7 config model
%

EdgeNeXt-Base* M Sk )| 18.51 3.84 82.48 96.2 config model
4

EdgeNeXt-Small-usi* | M 3k il | 5.59 1.26 81.06 95.34 config model
%

EdgeNeXt-Small* M3k | 5.59 1.26 79.41 94.53 config model
%

EdgeNeXt-X-Small* Mok | 2.34 0.538 74.86 92.31 config model
%

EdgeNeXt-XX- M3k I | 1.33 0.261 71.2 89.91 config model

Small* %

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.
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@article{Maaz2022EdgeNeXt,

title={EdgeNeXt: Efficiently Amalgamated CNN-Transformer Architecture for Mobile.
—Vision Applications},

author={Muhammad Maaz and Abdelrahman Shaker and Hisham Cholakkal and Salman Khan.
—and Syed Wagas Zamir and Rao Muhammad Anwer and Fahad Shahbaz Khan},

journal={2206.10589},

year={2022}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/edgenext/edgenext-base_8xb256-usi_in1k.py
https://download.openmmlab.com/mmclassification/v0/edgenext/edgenext-base_3rdparty-usi_in1k_20220801-909e8939.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/edgenext/edgenext-base_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/edgenext/edgenext-base_3rdparty_in1k_20220801-9ade408b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/edgenext/edgenext-small_8xb256-usi_in1k.py
https://download.openmmlab.com/mmclassification/v0/edgenext/edgenext-small_3rdparty-usi_in1k_20220801-ae6d8dd3.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/edgenext/edgenext-small_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/edgenext/edgenext-small_3rdparty_in1k_20220801-d00db5f8.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/edgenext/edgenext-xsmall_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/edgenext/edgenext-xsmall_3rdparty_in1k_20220801-974f9fe7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/edgenext/edgenext-xxsmall_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/edgenext/edgenext-xxsmall_3rdparty_in1k_20220801-7ca8a81d.pth
https://github.com/mmaaz60/EdgeNeXt

cHAPTER 40

EfficientFormer

EfficientFormer: Vision Transformers at MobileNet Speed

40.1 BHE

Vision Transformers (ViT) have shown rapid progress in computer vision tasks, achieving promising results on various
benchmarks. However, due to the massive number of parameters and model design, e.g., attention mechanism, ViT-
based models are generally times slower than lightweight convolutional networks. Therefore, the deployment of ViT
for real-time applications is particularly challenging, especially on resource-constrained hardware such as mobile devices.
Recent efforts try to reduce the computation complexity of ViT through network architecture search or hybrid design with
MobileNet block, yet the inference speed is still unsatisfactory. This leads to an important question: can transformers
run as fast as MobileNet while obtaining high performance? To answer this, we first revisit the network architecture
and operators used in ViT-based models and identify inefficient designs. Then we introduce a dimension-consistent pure
transformer (without MobileNet blocks) as a design paradigm. Finally, we perform latency-driven slimming to get a series
of final models dubbed EfficientFormer. Extensive experiments show the superiority of EfficientFormer in performance
and speed on mobile devices. Our fastest model, EfficientFormer-L1, achieves 79.2% top-1 accuracy on ImageNet-1K
with only 1.6 ms inference latency on iPhone 12 (compiled with CoreML), which runs as fast as MobileNetV2x1.4 (1.6
ms, 74.7% top-1), and our largest model, EfficientFormer-L7, obtains 83.3% accuracy with only 7.0 ms latency. Our
work proves that properly designed transformers can reach extremely low latency on mobile devices while maintaining

high performance.
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40.2 ZERFOEREY

40.2.1 ImageNet-1k

R S4& (M) | Flops(G) | Top-1(%) | Top-5(%) | BEXH | T#H

EfficientFormer-11* | 12.19 1.30 80.46 94.99 config model
EfficientFormer-13* | 31.41 3.93 82.45 96.18 config model
EfficientFormer-17* | 82.23 10.16 83.40 96.60 config model

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.

40.3 5|H
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keywords = {Computer Vision and Pattern Recognition (cs.CV), FOS: Computer and.

—information sciences, FOS: Computer and information sciences},

title = {EfficientFormer: Vision Transformers at MobileNet Speed},

publisher = {arXiv},

year = {2022},

copyright = {Creative Commons Attribution 4.0 International}

170 Chapter 40. EfficientFormer



https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientformer/efficientformer-l1_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l1_3rdparty_in1k_20220915-cc3e1ac6.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientformer/efficientformer-l3_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l3_3rdparty_in1k_20220915-466793d6.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientformer/efficientformer-l7_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l7_3rdparty_in1k_20220915-185e30af.pth
https://github.com/snap-research/EfficientFormer

cHAPTER 4 1

EfficientNet

Rethinking Model Scaling for Convolutional Neural Networks

41.1 &4t

EfficientNets are a family of image classification models, which achieve state-of-the-art accuracy, yet being an order-of-

magnitude smaller and faster than previous models.

EfficientNets are based on AutoML and Compound Scaling. In particular, we first use AutoML MNAS Mobile framework
to develop a mobile-size baseline network, named as EfficientNet-B0; Then, we use the compound scaling method to scale

up this baseline to obtain EfficientNet-B1 to B7.

M2 BE

41.3 SGRFRE

41.3.1 ImageNet-1k

In the result table, AA means trained with AutoAugment pre-processing, more details can be found in the paper; Ad-
vProp is a method to train with adversarial examples, more details can be found in the paper; RA means trained with

RandAugment pre-processing, more details can be found in the paper; NoisyStudent means trained with extra JFT-300M
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https://arxiv.org/abs/1909.13719
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unlabeled data, more details can be found in the paper; L2-475 means the same L2 architecture with input image size
475.

Note: In MMClassification, we support training with AutoAugment, don’ t support AdvProp by now.

1A S48 (M) | Flops(G) | Top-1(%) | Top-5(%) | BEEXH | T

EfficientNet-BO* 5.29 0.42 76.74 93.17 config model
EfficientNet-BO (AA)* 5.29 0.42 77.26 93.41 config model
EfficientNet-BO (AA + AdvProp)* 5.29 0.42 77.53 93.61 config model
EfficientNet-BO (RA + NoisyStudent)* 5.29 0.42 77.63 94.00 config model
EfficientNet-B1* 7.79 0.74 78.68 94.28 config model
EfficientNet-B1 (AA)* 7.79 0.74 79.20 94.42 config model
EfficientNet-B1 (AA + AdvProp)* 7.79 0.74 79.52 94.43 config model
EfficientNet-B1 (RA + NoisyStudent)* 7.79 0.74 81.44 95.83 config model
EfficientNet-B2* 9.11 1.07 79.64 94.80 config model
EfficientNet-B2 (AA)* 9.11 1.07 80.21 94.96 config model
EfficientNet-B2 (AA + AdvProp)* 9.11 1.07 80.45 95.07 config model
EfficientNet-B2 (RA + NoisyStudent)* 9.11 1.07 82.47 96.23 config model
EfficientNet-B3* 12.23 1.07 81.01 95.34 config model
EfficientNet-B3 (AA)* 12.23 1.07 81.58 95.67 config model
EfficientNet-B3 (AA + AdvProp)* 12.23 1.07 81.81 95.69 config model
EfficientNet-B3 (RA + NoisyStudent)* 12.23 1.07 84.02 96.89 config model
EfficientNet-B4* 19.34 1.95 82.57 96.09 config model
EfficientNet-B4 (AA)* 19.34 1.95 82.95 96.26 config model
EfficientNet-B4 (AA + AdvProp)* 19.34 1.95 83.25 96.44 config model
EfficientNet-B4 (RA + NoisyStudent)* 19.34 1.95 85.25 97.52 config model
EfficientNet-B5* 30.39 10.1 83.18 96.47 config model
EfficientNet-B5 (AA)* 30.39 10.1 83.82 96.76 config model
EfficientNet-B5 (AA + AdvProp)* 30.39 10.1 84.21 96.98 config model
EfficientNet-B5 (RA + NoisyStudent)* 30.39 10.1 86.08 97.75 config model
EfficientNet-B6 (AA)* 43.04 20.0 84.05 96.82 config model
EfficientNet-B6 (AA + AdvProp)* 43.04 20.0 84.74 97.14 config model
EfficientNet-B6 (RA + NoisyStudent)* 43.04 20.0 86.47 97.87 config model
EfficientNet-B7 (AA)* 66.35 39.3 84.38 96.88 config model
EfficientNet-B7 (AA + AdvProp)* 66.35 39.3 85.14 97.23 config model
EfficientNet-B7 (RA + NoisyStudent)* 66.35 65.0 86.83 98.08 config model
EfficientNet-B8 (AA + AdvProp)* 87.41 65.0 85.38 97.28 config model
EfficientNet-L2-475 (RA + NoisyStudent)* | 480.30 174.20 88.18 98.55 config model
EfficientNet-L2 (RA + NoisyStudent)* 480.30 484.98 88.33 98.65 config model

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure
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https://arxiv.org/abs/1911.04252
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b0_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b0_3rdparty_8xb32_in1k_20220119-a7e2a0b1.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b0_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b0_3rdparty_8xb32-aa_in1k_20220119-8d939117.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b0_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b0_3rdparty_8xb32-aa-advprop_in1k_20220119-26434485.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b0_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b0_3rdparty-ra-noisystudent_in1k_20221103-75cd08d3.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b1_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b1_3rdparty_8xb32_in1k_20220119-002556d9.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b1_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b1_3rdparty_8xb32-aa_in1k_20220119-619d8ae3.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b1_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b1_3rdparty_8xb32-aa-advprop_in1k_20220119-5715267d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b1_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b1_3rdparty-ra-noisystudent_in1k_20221103-756bcbc0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b2_3rdparty_8xb32_in1k_20220119-ea374a30.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b2_3rdparty_8xb32-aa_in1k_20220119-dd61e80b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b2_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b2_3rdparty_8xb32-aa-advprop_in1k_20220119-1655338a.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b1_3rdparty-ra-noisystudent_in1k_20221103-756bcbc0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b3_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b3_3rdparty_8xb32_in1k_20220119-4b4d7487.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b3_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b3_3rdparty_8xb32-aa_in1k_20220119-5b4887a0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b3_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b3_3rdparty_8xb32-aa-advprop_in1k_20220119-53b41118.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b3_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b3_3rdparty-ra-noisystudent_in1k_20221103-a4ab5fd6.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b4_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b4_3rdparty_8xb32_in1k_20220119-81fd4077.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b4_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b4_3rdparty_8xb32-aa_in1k_20220119-45b8bd2b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b4_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b4_3rdparty_8xb32-aa-advprop_in1k_20220119-38c2238c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b4_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b4_3rdparty-ra-noisystudent_in1k_20221103-16ba8a2d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b5_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b5_3rdparty_8xb32_in1k_20220119-e9814430.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b5_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b5_3rdparty_8xb32-aa_in1k_20220119-2cab8b78.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b5_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b5_3rdparty_8xb32-aa-advprop_in1k_20220119-f57a895a.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b5_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b5_3rdparty-ra-noisystudent_in1k_20221103-111a185f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b6_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b6_3rdparty_8xb32-aa_in1k_20220119-45b03310.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b6_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b6_3rdparty_8xb32-aa-advprop_in1k_20220119-bfe3485e.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b6_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b6_3rdparty-ra-noisystudent_in1k_20221103-7de7d2cc.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b7_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b7_3rdparty_8xb32-aa_in1k_20220119-bf03951c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b7_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b7_3rdparty_8xb32-aa-advprop_in1k_20220119-c6dbff10.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b7_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b7_3rdparty-ra-noisystudent_in1k_20221103-a82894bc.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-b8_8xb32-01norm_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b8_3rdparty_8xb32-aa-advprop_in1k_20220119-297ce1b7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-l2_8xb32_in1k-475px.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-l2_3rdparty-ra-noisystudent_in1k-475px_20221103-5a0d8058.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet/efficientnet-l2_8xb8_in1k-800px.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-l2_3rdparty-ra-noisystudent_in1k_20221103-be73be13.pth
https://github.com/tensorflow/tpu/tree/master/models/official/efficientnet
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these config files’ training accuracy and welcome you to contribute your reproduction results.

4.4 ERAX

R Jr

>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/efficientnet/efficientnet-b0_8xb32_inlk.py', "https://
—download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b0_3rdparty_
—8xb32_1inlk_20220119-a7e2a0bl.pth")

>>> predict = inference_model (model, 'demo/demo.JPEG'")

>>> print (predict['pred_class'])

sea snake

>>> print (predict['pred_score'])

0.6968820691108704

A A

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/efficientnet/efficientnet-b0_8xb32_inlk.py', "https://
—download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b0_3rdparty_
—8xb32_inlk_20220119-a7e2a0bl.pth")

>>> inputs = torch.rand(1, 3, 224, 224).to(model.data_preprocessor.device)

>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size([1, 1000])

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> print (outs[0].shape)

torch.Size ([1, 12807)

YNGR
f ImageNet LN EAE data/imagenet HIKN, BN docs #E A HAMKIRLE .
gk

python tools/train.py configs/efficientnet/efficientnet-b0_8xb32_inlk.py

st
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python tools/test.py configs/efficientnet/efficientnet-b0_8xb32_inlk.py https://
—download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b0_3rdparty_

—8xb32_1inlk_20220119-a7e2a0bl.pth

For more configurable parameters, please refer to the API.

415 5|H

@inproceedings{tan20l19efficientnet,
title={Efficientnet: Rethinking model scaling for convolutional neural networks},
author={Tan, Mingxing and Le, Quoc},
booktitle={International Conference on Machine Learning},
pages={6105--6114},
year={2019},
organization={PMLR}
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CHAPTER 42

EfficientNetV2

EfficientNetV2: Smaller Models and Faster Training

421 HE

This paper introduces EfficientNetV2, a new family of convolutional networks that have faster training speed and better
parameter efficiency than previous models. To develop this family of models, we use a combination of training-aware
neural architecture search and scaling, to jointly optimize training speed and parameter efficiency. The models were
searched from the search space enriched with new ops such as Fused-MBConv. Our experiments show that Efficient-
NetV2 models train much faster than state-of-the-art models while being up to 6.8x smaller. Our training can be further
sped up by progressively increasing the image size during training, but it often causes a drop in accuracy. To com-
pensate for this accuracy drop, we propose to adaptively adjust regularization (e.g., dropout and data augmentation) as
well, such that we can achieve both fast training and good accuracy. With progressive learning, our EfficientNetV?2 sig-
nificantly outperforms previous models on ImageNet and CIFAR/Cars/Flowers datasets. By pretraining on the same
ImageNet21k, our EfficientNetV2 achieves 87.3% top-1 accuracy on ImageNet ILSVRC2012, outperforming the re-
cent ViT by 2.0% accuracy while training 5x-11x faster using the same computing resources. Code will be available at

https://github.com/google/automl/tree/master/efficientnetv2.
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42.2 ERAAK

PRI H

>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/efficientnet_v2/efficientnetv2-b0_8xb32_inlk.py"',
—"https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2—
—b0_8xb32_inlk_20221219-9689f21f.pth")

>>> predict = inference_model (model, 'demo/demo.JPEG")

>>> print (predict['pred_class'])

sea snake

>>> print (predict['pred_score'])

0.3147328197956085

A AR

>>> import torch

>>> from mmcls import get_model

>>>

>>> model = get_model ("efficientnetv2-b0_3rdparty_inlk", pretrained=True)
>>> model.eval ()

>>> inputs = torch.rand(1, 3, 224, 224).to(model.data_preprocessor.device)
>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size([1, 1000])

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> print (outs[0] .shape)

torch.Size([1, 12807])

E TR
F5 ImageNet HREHCETE data/imagenet HgF, BUEMRYE docs HEAILAMEIRLE .
e

python tools/train.py configs/efficientnet_v2/efficientnetv2-b0_8xb32_inlk.py

python tools/test.py configs/efficientnet_v2/efficientnetv2-b0_8xb32_inlk.py https://
—download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-b0_8xb32_

—1inlk_20221219-9689f21f.pth
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For more configurable parameters, please refer to the API.

42.3 GRINER

42.3.1 ImageNet-1k

21k

=il Fllgk | SHE | Flops(GYop- | Top- | B & | T
(M) 1 5 X | #
(%) | (%)

EfficientNetV2-b0* ML | 7.14 092 | 78.52 | 94.44 | con- mode
(efficientnetv2-b0_3rdparty_inilk) | % fig
EfficientNetV2-b1* M3 | 8.14 1.44 | 79.80 | 94.89 | con- modd
(efficientnetv2-bil_3rdparty_inilk) | % fig
EfficientNetV2-b2* ML | 10.10 1.99 | 80.63 | 9530 | con- modg
(efficientnetv2-b2_3rdparty_inilk) | % fig
EfficientNetV2-b3* MK | 14.36 3.50 | 82.03 | 95.88 | con- mode
(efficientnetv2-b3_3rdparty_inilk) | % fig
EfficientNetV2-s* M | 21.46 9.72 | 83.82 | 96.67 | con- mode
(efficientnetv2-s_3rdparty_inlk) % fig
EfficientNetV2-m?* ML | 54.14 26.88 | 85.01 | 97.26 | con- mode
(efficientnetv2-m_3rdparty_inlk) % fig
EfficientNetV2-1* M3 | 11852 | 60.14 | 85.43 | 9731 | con- | modd
(efficientnetv2-1_3rdparty_inlk) 7 fig
EfficientNetV2-s* Ima- 21.46 9.72 84.29 | 97.26 | con- mode
(efficientnetv2-s_in2lk-pre_3rdpantgeNenlk fig

21k
EfficientNetV2-m* Ima- 54.14 26.88 | 85.47 | 97.76 | con- mode
(efficientnetv2-m_in2lk-pre_3rdpantgeNenlk fig

21k
EfficientNetV2-1* Ima- 118.52 | 60.14 | 86.31 | 97.99 | con- mode
(efficientnetv2-1_in2lk-pre_3rdpantgeNenlk fig

21k
EfficientNetV2-x1* Ima- 208.12 | 98.34 | 86.39 | 97.83 | con- modg
(efficientnetv2-x1_in2lk-pre_3rdpgrgeNetnlk) fig

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction resullts.
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https://mmclassification.readthedocs.io/en/1.x/api/generated/mmcls.models.backbones.EfficientNetV2.html#mmcls.models.backbones.EfficientNetV2
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-b0_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-b0_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-b0_3rdparty_in1k_20221221-9ef6e736.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-b1_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-b1_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-b1_3rdparty_in1k_20221221-6955d9ce.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-b2_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-b2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-b2_3rdparty_in1k_20221221-74f7d493.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-b3_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-b3_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-b3_3rdparty_in1k_20221221-b6f07a36.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-s_8xb32_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-s_8xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-s_3rdparty_in1k_20221220-f0eaff9d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-m_8xb32_in1k-480px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-m_8xb32_in1k-480px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-m_3rdparty_in1k_20221220-9dc0c729.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-l_8xb32_in1k-480px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-l_8xb32_in1k-480px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-l_3rdparty_in1k_20221220-5c3bac0f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-s_8xb32_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-s_8xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-s_in21k-pre-3rdparty_in1k_20221220-7a7c8475.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-m_8xb32_in1k-480px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-m_8xb32_in1k-480px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-m_in21k-pre-3rdparty_in1k_20221220-a1013a04.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-l_8xb32_in1k-480px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-l_8xb32_in1k-480px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-l_in21k-pre-3rdparty_in1k_20221220-63df0efd.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-xl_8xb32_in1k-512px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-xl_8xb32_in1k-512px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-xl_in21k-pre-3rdparty_in1k_20221220-583ac18b.pth
https://github.com/rwightman/pytorch-image-models/blob/main/timm/models/efficientnet.py
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42.3.2 Pre-trained Models In ImageNet-21K

The pre-trained models are only used to fine-tune, and therefore cannot be trained and don’ t have evaluation results.

il S48 (M) | Flops(G) | &L & X | TH
G
EfficientNetV2-s* (efficientnetv2-s_3rdparty_in21k)| 21.46 9.72 config model
EfficientNetV2-m* (efficientnetv2-m_3rdparty_in21k) 54.14 26.88 config model
EfficientNetV2-1* (efficientnetv2-1_3rdparty_in21k)| 118.52 60.14 config model
EfficientNetV2-x1* (efficientnetv2-x1_3rdparty_in21kP08.12 98.34 config model

Models with * are converted from the official repo.

42.4 5|H

@inproceedings{tan202lefficientnetv2,
title={Efficientnetv2: Smaller models and faster training},
author={Tan, Mingxing and Le, Quoc},
booktitle={International Conference on Machine Learning},
pages={10096--10106},
year={2021},
organization={PMLR}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-s_8xb32_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-s_3rdparty_in21k_20221220-c0572b56.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-m_8xb32_in1k-480px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-m_3rdparty_in21k_20221220-073e944c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-l_8xb32_in1k-480px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-l_3rdparty_in21k_20221220-f28f91e1.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/efficientnet_v2/efficientnetv2-xl_8xb32_in1k-512px.py
https://download.openmmlab.com/mmclassification/v0/efficientnetv2/efficientnetv2-xl_3rdparty_in21k_20221220-b2c9329c.pth
https://github.com/rwightman/pytorch-image-models/blob/main/timm/models/efficientnet.py

cHAPTER 43

EVA

EVA: Exploring the Limits of Masked Visual Representation Learning at Scale

431 HE

We launch EVA, a vision-centric foundation model to explore the limits of visual representation at scale using only pub-
licly accessible data. EVA is a vanilla ViT pre-trained to reconstruct the masked out image-text aligned vision features
conditioned on visible image patches. Via this pretext task, we can efficiently scale up EVA to one billion parameters,
and sets new records on a broad range of representative vision downstream tasks, such as image recognition, video ac-
tion recognition, object detection, instance segmentation and semantic segmentation without heavy supervised training.
Moreover, we observe quantitative changes in scaling EVA result in qualitative changes in transfer learning performance
that are not present in other models. For instance, EVA takes a great leap in the challenging large vocabulary instance
segmentation task: our model achieves almost the same state-of-the-art performance on LVISv1.0 dataset with over a
thousand categories and COCO dataset with only eighty categories. Beyond a pure vision encoder, EVA can also serve as
a vision-centric, multi-modal pivot to connect images and text. We find initializing the vision tower of a giant CLIP from
EVA can greatly stabilize the training and outperform the training from scratch counterpart with much fewer samples
and less compute, providing a new direction for scaling up and accelerating the costly training of multi-modal foundation

models.
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43.2 GRFORE

43.2.1 merged-30M

The pre-trained models on merged-30M are used to fine-tune, and therefore don’ t have evaluation results.

e patch size | 9% | T#H
EVA-G (eva-g-p14 3rdparty 30m* | 14 224x224 | model

EVA-G (eva-g-pl6_3rdparty_30m)* | 14to 16 224x224 | model

Models with * are converted from the official repo.

43.2.2 ImageNet-21k

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

=AY Tl 2k SR | THE

EVA-G (eva-g-pl4_30m-pre_3rdparty_in21k)* | merged-30M 224x224 | model
EVA-L (eva-1-pl14_3rdparty-mim_in21k)* From scratch with MIM | 224x224 | model
EVA-L (eva-1-pl4_mim-pre_3rdparty_in21k)* | MIM 224x224 | model

Models with * are converted from the official repo.
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https://download.openmmlab.com/mmclassification/v0/eva/eva-g-p14_3rdparty_30m_20221213-3b7aca97.pth
https://download.openmmlab.com/mmclassification/v0/eva/eva-g-p16_3rdparty_30m_20221213-7bed23ee.pth
https://github.com/baaivision/EVA
https://download.openmmlab.com/mmclassification/v0/eva/eva-g-p14_30m-pre_3rdparty_in21k_20221213-d72285b7.pth
https://download.openmmlab.com/mmclassification/v0/eva/eva-l-p14_3rdparty-mim_in21k_20221213-3a5da50b.pth
https://download.openmmlab.com/mmclassification/v0/eva/eva-l-p14_mim-pre_3rdparty_in21k_20221213-8f194fa2.pth
https://github.com/baaivision/EVA
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43.2.3 ImageNet-1k

et Huilll g 5 | & Flops(Gop- | Top- | B2E | T
wmoBE 1 5 |
£ | (M) (%) | (%)
EVA-G merged-30M & | 336x336013.01] 620.64 89.61 | 98.93 | con- | moddl
(eva-g-pl4_30m-in2lk-pre_3rdhmageNet-A 1k -B36px)* fig
EVA-G merged-30M & | 560x360014.45 1906.7689.71 | 98.96 | con- | model
(eva-g-pl4_30m-in2lk-pre_3rdmageXet-2 k-5 60px)* fig
EVA-L MIM 336x33804.53 | 191.10 88.66 | 98.75 | con- | model
(eva-1-pl4_mim-pre_3rdparty] inlk-336px)H fig
EVA-L MIM & | 336x33804.53 | 191.10 89.17 | 98.86 | con- | modal
(eva-1l-pl4_mim-in2lk-pre_3rdhmageXet-2 1k -B36px)* fig
EVA-L MIM 196x19804.14 | 61.57| 87.94 | 98.50 | con- | moddl
(eva-1-pl4_mim-pre_3rdparty| inlk-196px) fig
EVA-L MIM & | 196x119804.14 | 61.57| 88.58 | 98.65 | con- | modadl
(eva-1-pl4_mim-in2lk-pre_3rdhmageNet-Alk -1 96px)* fig

Models with * are converted from the official repo. The config files of these models are only for inference.

43.3 5|H

@article{EVA,
title={EVA: Exploring the Limits of Masked Visual Representation Learning at Scale},
author={Fang, Yuxin and Wang, Wen and Xie, Binhui and Sun, Quan and Wu, Ledell and.
—Wang, Xinggang and Huang, Tiejun and Wang, Xinlong and Cao, Yue},
journal={arXiv preprint arXiv:2211.07636},
year={2022}

43.3. 5|H 181


https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-g-p14_8xb16_in1k-336px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-g-p14_8xb16_in1k-336px.py
https://download.openmmlab.com/mmclassification/v0/eva/eva-g-p14_30m-in21k-pre_3rdparty_in1k-336px_20221213-210f9071.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-g-p14_8xb16_in1k-560px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-g-p14_8xb16_in1k-560px.py
https://download.openmmlab.com/mmclassification/v0/eva/eva-g-p14_30m-in21k-pre_3rdparty_in1k-560px_20221213-fa1c3652.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-l-p14_8xb16_in1k-336px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-l-p14_8xb16_in1k-336px.py
https://download.openmmlab.com/mmclassification/v0/eva/eva-l-p14_mim-in21k-pre_3rdparty_in1k-336px_20221213-f25b7634.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-l-p14_8xb16_in1k-336px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-l-p14_8xb16_in1k-336px.py
https://download.openmmlab.com/mmclassification/v0/eva/eva-l-p14_mim-in21k-pre_3rdparty_in1k-336px_20221213-f25b7634.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-l-p14_8xb16_in1k-196px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-l-p14_8xb16_in1k-196px.py
https://download.openmmlab.com/mmclassification/v0/eva/eva-l-p14_mim-pre_3rdparty_in1k-196px_20221214-2adf4d28.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-l-p14_8xb16_in1k-196px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/eva/eva-l-p14_8xb16_in1k-196px.py
https://download.openmmlab.com/mmclassification/v0/eva/eva-l-p14_mim-in21k-pre_3rdparty_in1k-196px_20221213-b730c7e7.pth
https://github.com/baaivision/EVA
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cHAPTER 44

HorNet

HorNet: Efficient High-Order Spatial Interactions with Recursive Gated Convolutions

441 HE

Recent progress in vision Transformers exhibits great success in various tasks driven by the new spatial modeling mech-
anism based on dot-product self-attention. In this paper, we show that the key ingredients behind the vision Transform-
ers, namely input-adaptive, long-range and high-order spatial interactions, can also be efficiently implemented with a
convolution-based framework. We present the Recursive Gated Convolution (g nConv) that performs high-order spatial
interactions with gated convolutions and recursive designs. The new operation is highly flexible and customizable, which
is compatible with various variants of convolution and extends the two-order interactions in self-attention to arbitrary or-
ders without introducing significant extra computation. g nConv can serve as a plug-and-play module to improve various
vision Transformers and convolution-based models. Based on the operation, we construct a new family of generic vision
backbones named HorNet. Extensive experiments on ImageNet classification, COCO object detection and ADE20K
semantic segmentation show HorNet outperform Swin Transformers and ConvNeXt by a significant margin with simi-
lar overall architecture and training configurations. HorNet also shows favorable scalability to more training data and a
larger model size. Apart from the effectiveness in visual encoders, we also show g nConv can be applied to task-specific
decoders and consistently improve dense prediction performance with less computation. Our results demonstrate that g
nConv can be a new basic module for visual modeling that effectively combines the merits of both vision Transformers

and CNNs. Code is available at https://github.com/raoyongming/HorNet.
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44.2 GGRFORE

44.2.1 ImageNet-1k

gl g | 2¥E | S#E (M) | Flops(G) | Top-1 Top-5 Bt & X | T#H
(%) (%) %

HorNet-T* M3k I | 224x224 | 22.41 3.98 82.84 96.24 config model
%

HorNet-T- M3k I | 224x224 | 22.99 3.9 82.98 96.38 config model

GF* %

HorNet-S* M3k Il | 224x224 | 49.53 8.83 83.79 96.75 config model
%

HorNet-S- M3k I | 224x224 | 504 8.71 83.98 96.77 config model

GF* 2

HorNet-B* M3k I | 224x224 | 87.26 15.59 84.24 96.94 config model
2

HorNet-B- M3k I | 224x224 | 88.42 15.42 84.32 96.95 config model

GF* 2

*Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

44.2.2 Pre-trained Models

The pre-trained models on ImageNet-21k are used to fine-tune on the downstream tasks.

=R Tui)llZ SPE | B¥E (M) | Flops(G) | T#H

HorNet-L* ImageNet-21k | 224x224 | 194.54 34.83 model
HorNet-L-GF* ImageNet-21k | 224x224 | 196.29 34.58 model
HorNet-L-GF384* | ImageNet-21k | 384x384 | 201.23 101.63 model

*Models with * are converted from the official repo.
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https://github.com/open-mmlab/mmclassification/blob/master/configs/hornet/hornet-tiny_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-tiny_3rdparty_in1k_20220915-0e8eedff.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/hornet/hornet-tiny-gf_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-tiny-gf_3rdparty_in1k_20220915-4c35a66b.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/hornet/hornet-small_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-small_3rdparty_in1k_20220915-5935f60f.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/hornet/hornet-small-gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-small-gf_3rdparty_in1k_20220915-649ca492.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/hornet/hornet-base_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-base_3rdparty_in1k_20220915-a06176bb.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/hornet/hornet-base-gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-base-gf_3rdparty_in1k_20220915-82c06fa7.pth
https://github.com/raoyongming/HorNet
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-large_3rdparty_in21k_20220909-9ccef421.pth
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-large-gf_3rdparty_in21k_20220909-3aea3b61.pth
https://download.openmmlab.com/mmclassification/v0/hornet/hornet-large-gf384_3rdparty_in21k_20220909-80894290.pth
https://github.com/raoyongming/HorNet

MMClassification Documentation, %4 %5 1.0.0rc6
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@article{rao2022hornet,
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author={Rao, Yongming and Zhao, Wenliang and Tang, Yansong and Zhou, Jie and Lim,.
—~Ser-Lam and Lu, Jiwen},
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year={2022}
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cHAPTER 45

HRNet

Deep High-Resolution Representation Learning for Visual Recognition

451 {HE

High-resolution representations are essential for position-sensitive vision problems, such as human pose estimation, se-
mantic segmentation, and object detection. Existing state-of-the-art frameworks first encode the input image as a low-
resolution representation through a subnetwork that is formed by connecting high-to-low resolution convolutions in series
(e.g., ResNet, VGGNet), and then recover the high-resolution representation from the encoded low-resolution represen-
tation. Instead, our proposed network, named as High-Resolution Network (HRNet), maintains high-resolution represen-
tations through the whole process. There are two key characteristics: (i) Connect the high-to-low resolution convolution
streams in parallel; (i) Repeatedly exchange the information across resolutions. The benefit is that the resulting repre-
sentation is semantically richer and spatially more precise. We show the superiority of the proposed HRNet in a wide
range of applications, including human pose estimation, semantic segmentation, and object detection, suggesting that the

HRNet is a stronger backbone for computer vision problems.
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45.2 ZRFORE

45.3 ImageNet-1k

o] %8 (M) | Flops(G) | Top-1(%) | Top-5 (%) | BRBEXH | T

HRNet-W18* 21.30 4.33 76.75 93.44 config model
HRNet-W30* 37.71 8.17 78.19 94.22 config model
HRNet-W32* 41.23 8.99 78.44 94.19 config model
HRNet-W40* 57.55 12.77 78.94 94.47 config model
HRNet-W44* 67.06 14.96 78.88 94.37 config model
HRNet-W48* 77.47 17.36 79.32 94.52 config model
HRNet-W64* 128.06 29.00 79.46 94.65 config model
HRNet-W18 (ssld)* | 21.30 4.33 81.06 95.70 config model
HRNet-W48 (ssld)* | 77.47 17.36 83.63 96.79 config model

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction resullts.

454 5|H

@article{WangSCJDZLMTWLX19,
title={Deep High-Resolution Representation Learning for Visual Recognition},
author={Jingdong Wang and Ke Sun and Tianheng Cheng and
Borui Jiang and Chaorui Deng and Yang Zhao and Dong Liu and Yadong Mu and
Mingkui Tan and Xinggang Wang and Wenyu Liu and Bin Xiao},
journal = {TPAMI}
year={2019}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w18_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w18_3rdparty_8xb32_in1k_20220120-0c10b180.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w30_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w30_3rdparty_8xb32_in1k_20220120-8aa3832f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w32_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w32_3rdparty_8xb32_in1k_20220120-c394f1ab.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w40_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w40_3rdparty_8xb32_in1k_20220120-9a2dbfc5.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w44_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w44_3rdparty_8xb32_in1k_20220120-35d07f73.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w48_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w48_3rdparty_8xb32_in1k_20220120-e555ef50.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w64_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w64_3rdparty_8xb32_in1k_20220120-19126642.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w18_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w18_3rdparty_8xb32-ssld_in1k_20220120-455f69ea.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/hrnet/hrnet-w48_4xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/hrnet/hrnet-w48_3rdparty_8xb32-ssld_in1k_20220120-d0459c38.pth
https://github.com/HRNet/HRNet-Image-Classification

CHAPTER 40

Inception V3

Rethinking the Inception Architecture for Computer Vision

46.1 HE

Convolutional networks are at the core of most state-of-the-art computer vision solutions for a wide variety of tasks. Since
2014 very deep convolutional networks started to become mainstream, yielding substantial gains in various benchmarks.
Although increased model size and computational cost tend to translate to immediate quality gains for most tasks (as long
as enough labeled data is provided for training), computational efficiency and low parameter count are still enabling factors
for various use cases such as mobile vision and big-data scenarios. Here we explore ways to scale up networks in ways
that aim at utilizing the added computation as efficiently as possible by suitably factorized convolutions and aggressive
regularization. We benchmark our methods on the ILSVRC 2012 classification challenge validation set demonstrate
substantial gains over the state of the art: 21.2% top-1 and 5.6% top-5 error for single frame evaluation using a network
with a computational cost of 5 billion multiply-adds per inference and with using less than 25 million parameters. With
an ensemble of 4 models and multi-crop evaluation, we report 3.5% top-5 error on the validation set (3.6% error on the

test set) and 17.3% top-1 error on the validation set.
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46.2 ZGRFORE

46.2.1 ImageNet-1k

Top-1 (%) | Top-5 (%) | MEXH | T

il S# & (M) | Flops(G)
23.83 5.75

Inception V3*

77.57 93.58 config model

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.

46.3 5|H

@inproceedings{szegedy20l6rethinking,

title={Rethinking the inception architecture for computer vision},

author={Szegedy, Christian and Vanhoucke,

—and Wojna, Zbigniew},

Vincent and Ioffe, Sergey and Shlens, Jon.

booktitle={Proceedings of the IEEE conference on computer vision and pattern.

—recognition},
pages={2818--2826},
year={2016}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/inception_v3/inception-v3_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/inception-v3/inception-v3_3rdparty_8xb32_in1k_20220615-dcd4d910.pth
https://github.com/pytorch/vision/blob/main/torchvision/models/inception.py#L28

cHAPTER 4/

LeViT

LeViT: a Vision Transformer in ConvNet’ s Clothing for Faster Inference

471 HE

We design a family of image classification architectures that optimize the trade-off between accuracy and efficiency in a
high-speed regime. Our work exploits recent findings in attention-based architectures, which are competitive on highly
parallel processing hardware. We revisit principles from the extensive literature on convolutional neural networks to apply
them to transformers, in particular activation maps with decreasing resolutions. We also introduce the attention bias, a new
way to integrate positional information in vision transformers. As a result, we propose LeVIT: a hybrid neural network
for fast inference image classification. We consider different measures of efficiency on different hardware platforms, so as
to best reflect a wide range of application scenarios. Our extensive experiments empirically validate our technical choices
and show they are suitable to most architectures. Overall, LeViT significantly outperforms existing convnets and vision
transformers with respect to the speed/accuracy tradeoff. For example, at 80% ImageNet top-1 accuracy, LeViT is 5
times faster than EfficientNet on CPU.
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47.2 ZRFORE

47.2.1 ImageNet-1k

gl millg | %2 (M) | Flops(G)| Top-1 Top-5 BLE X T
(%) (%)
levit- M3 Y| 7.39 0.31 76.51 92.90 config | de- | model
128s_3rdparty_in1k* 2 ploy
levit- M3k | 8.83 0.41 78.58 93.95 config | de- | model
128_3rdparty_inlk* 2 ploy
levit- M 3k )| 10.56 0.67 79.86 94.75 config | de- | model
192_3rdparty_in1k* 4 ploy
levit- M3k I | 18.38 1.14 81.59 95.46 config | de- | model
256_3rdparty_in1k* o ploy
levit- M3k | 38.36 2.37 82.59 95.95 config | de- | model
384 _3rdparty_inlk* 4, ploy

Models with * are converted from the official repo. The config files of these models are only for inference. All these models
are trained by distillation on RegNet, and MMClassification doesn’ t support distillation by now. See MMRazor for model
distillation.

47.3 5|H

@InProceedings{Graham_2021_ICCV,

author = {Graham, Benjamin and El-Nouby, Alaaeldin and Touvron, Hugo and Stock,
— Pierre and Joulin, Armand and Jegou, Herve and Douze, Matthiijs},

title = {LeViT: A Vision Transformer in ConvNet's Clothing for Faster.
—Inference},

booktitle = {Proceedings of the IEEE/CVF International Conference on Computer.

—Vision (ICCV)},

month = {October},
year = {2021},
pages = {12259-12269}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/levit-128s_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-128s_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-128s_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/levit/levit-128s_3rdparty_in1k_20230117-e9fbd209.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/levit-128_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-128_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-128_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/levit/levit-128_3rdparty_in1k_20230117-3be02a02.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/levit-192_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-192_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-192_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/levit/levit-192_3rdparty_in1k_20230117-8217a0f9.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/levit-256_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-256_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-256_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/levit/levit-256_3rdparty_in1k_20230117-5ae2ce7d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/levit-384_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-384_8xb256_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/levit/deploy/levit-384_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/levit/levit-384_3rdparty_in1k_20230117-f3539cce.pth
https://github.com/facebookresearch/LeViT
https://github.com/open-mmlab/mmrazor

CHAPTER 48

MixMIM

MixMIM: Mixed and Masked Image Modeling for Efficient Visual Representation Learning

48.1 {HE

In this study, we propose Mixed and Masked Image Modeling (MixMIM), a simple but efficient MIM method that is
applicable to various hierarchical Vision Transformers. Existing MIM methods replace a random subset of input tokens
with a special [MASK] symbol and aim at reconstructing original image tokens from the corrupted image. However, we
find that using the [MASK] symbol greatly slows down the training and causes training-finetuning inconsistency, due to
the large masking ratio (e.g., 40% in BEiT). In contrast, we replace the masked tokens of one image with visible tokens of
another image, i.e., creating a mixed image. We then conduct dual reconstruction to reconstruct the original two images
from the mixed input, which significantly improves efficiency. While MixMIM can be applied to various architectures,
this paper explores a simpler but stronger hierarchical Transformer, and scales with MixMIM-B, -L, and -H. Empirical
results demonstrate that MixMIM can learn high-quality visual representations efficiently. Notably, MixMIM-B with 88§M
parameters achieves 85.1% top-1 accuracy on ImageNet- 1K by pretraining for 600 epochs, setting a new record for neural
networks with comparable model sizes (e.g., ViT-B) among MIM methods. Besides, its transferring performances on the
other 6 datasets show MixMIM has better FLOPs / performance tradeoff than previous MIM methods
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48.2 ERAAX

48.2.1 Inference

PR

>>> import torch

>>> import mmcls

>>> model = mmcls.get_model ('mixmim-base_3rdparty_inlk', pretrained=True)
>>> predict = mmcls.inference_model (model, 'demo/demo.JPEG')

>>> print (predict['pred_class'])

sea snake

>>> print (predict['pred_score'])

0.865431010723114

A A

>>> import torch

>>> import mmcls

>>>

>>> model = mmcls.get_model ('mixmim-base_3rdparty_inlk', pretrained=True)
>>> inputs = torch.rand(l, 3, 224, 224)
>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size ([1, 10007)

>>> # To extract features.

>>> outs = model.extract_feat (inputs)
>>> print (outs[0] .shape)

torch.Size([1, 10241])

48.3 Models

fER % ¥ 8 | Pretrain Flops(G)| Top-1 Top-5 BLEX | T#H
(M) Epochs (%) (%) LG

mixmim- 88 300 16.3 84.6 97.0 config model

base_3rdparty_inlk*

Models with * are converted from the official repo. The config files of these models are only for inference.

For MixMIM self-supervised learning algorithm, welcome to MMSelfSup page to get more information.
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mixmim/mixmim-base_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/mixmim/mixmim-base_3rdparty_in1k_20221206-e40e2c8c.pth
https://github.com/Sense-X/MixMIM
https://github.com/open-mmlab/mmselfsup/tree/dev-1.x/configs/selfsup/mixmim
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48.4 5|H

@article{MixMIM2022,

author = {Jihao Liu, Xin Huang, Yu Liu, Hongsheng Li},
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cHAPTER 49

Mip-Mixer

MLP-Mixer: An all-MLP Architecture for Vision

49.1 {HE

Convolutional Neural Networks (CNNs) are the go-to model for computer vision. Recently, attention-based networks,
such as the Vision Transformer, have also become popular. In this paper we show that while convolutions and atten-
tion are both sufficient for good performance, neither of them are necessary. We present MLP-Mixer, an architecture
based exclusively on multi-layer perceptrons (MLPs). MLP-Mixer contains two types of layers: one with MLPs applied
independently to image patches (i.e. “mixing” the per-location features), and one with MLPs applied across patches
(i.e. “mixing” spatial information). When trained on large datasets, or with modern regularization schemes, MLP-
Mixer attains competitive scores on image classification benchmarks, with pre-training and inference cost comparable to
state-of -the-art models. We hope that these results spark further research beyond the realms of well established CNNs

and Transformers.
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49.2 ZRFNRE

49.2.1 ImageNet-1k

gl S48 (M) | Flops(G) | Top-1(%) | Top-5(%) | RREXH | T
Mixer-B/16* | 59.88 12.61 76.68 92.25 config model
Mixer-L/16* | 208.2 44.57 72.34 88.02 config model

Models with * are converted from timm. The config files of these models are only for validation. We don’ t ensure these

config files’ training accuracy and welcome you to contribute your reproduction results.

49.3 5|H

@misc{tolstikhin202imlpmixer,

title={MLP-Mixer: An all-MLP Architecture for Vision},

author={Ilya Tolstikhin and Neil Houlsby and Alexander Kolesnikov and Lucas..
—~Beyer and Xiaohua Zhai and Thomas Unterthiner and Jessica Yung and Andreas Steiner.
—and Daniel Keysers and Jakob Uszkoreit and Mario Lucic and Alexey Dosovitskiy},

year={2021},

eprint={2105.01601},

archivePrefix={arXiv},

primaryClass={cs.CV}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mlp_mixer/mlp-mixer-base-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/mlp-mixer/mixer-base-p16_3rdparty_64xb64_in1k_20211124-1377e3e0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mlp_mixer/mlp-mixer-large-p16_64xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/mlp-mixer/mixer-large-p16_3rdparty_64xb64_in1k_20211124-5a2519d2.pth
https://github.com/rwightman/pytorch-image-models/blob/master/timm/models/mlp_mixer.py

cHAPTER B0

MobileNet V2

MobileNetV2: Inverted Residuals and Linear Bottlenecks

50.1 &4y

MobileNet V2 is initially described in the paper, which improves the state of the art performance of mobile models on
multiple tasks. MobileNetV2 is an improvement on V1. Its new ideas include Linear Bottleneck and Inverted Residuals,
and is based on an inverted residual structure where the input and output of the residual block are thin bottleneck layers.
The intermediate expansion layer uses lightweight depthwise convolutions to filter features as a source of non-linearity.
The author of MobileNet V2 measure its performance on Imagenet classification, COCO object detection, and VOC

image segmentation.

50.2 {HE

The MobileNetV?2 architecture is based on an inverted residual structure where the input and output of the residual block
are thin bottleneck layers opposite to traditional residual models which use expanded representations in the input an
MobileNetV2 uses lightweight depthwise convolutions to filter features in the intermediate expansion layer. Additionally,
we find that it is important to remove non-linearities in the narrow layers in order to maintain representational power.
We demonstrate that this improves performance and provide an intuition that led to this design. Finally, our approach
allows decoupling of the input/output domains from the expressiveness of the transformation, which provides a convenient

framework for further analysis. We measure our performance on Imagenet classification, COCO object detection, VOC
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image segmentation. We evaluate the trade-offs between accuracy, and number of operations measured by multiply-adds

(MAdd), as well as the number of parameters.

50.3 ERAAX

TEREE

>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/mobilenet_v2/mobilenet-v2_8xb32_inlk.py', 'https://
—download.openmmlab.com/mmclassification/v0/mobilenet_v2/mobilenet_v2_batch256_
—imagenet_20200708-3b2dc3af.pth'")

>>> predict = inference_model (model, 'demo/demo.JPEG")

>>> print (predict['pred_class'])

leatherback turtle, leatherback, leathery turtle, Dermochelys coriacea

>>> print (predict['pred_score'])

0.6252720952033997

A A

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/mobilenet_v2/mobilenet-v2_8xb32_inlk.py', 'https://
—download.openmmlab.com/mmclassification/v0/mobilenet_v2/mobilenet_v2_batch256_
—imagenet_20200708-3b2dc3af.pth')

>>> inputs = torch.rand(1, 3, 224, 224).to(model.data_preprocessor.device)

>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size ([1, 10007)

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> print (outs[0] .shape)

torch.Size ([1, 12807])

LLERRIREY
Ff ImageNet $HR4E i EAE data/imagenet HEN, SR docs & HABEHRLE .
W%

python tools/train.py configs/mobilenet_v2/mobilenet-v2_8xb32_inlk.py
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Wiz

python tools/test.py configs/mobilenet_v2/mobilenet-v2_8xb32_inlk.py https://download.
—openmmlab.com/mmclassification/v0/mobilenet_v2/mobilenet_v2_batch256_imagenet_

—20200708-3b2dc3af.pth

For more configurable parameters, please refer to the API.

50.4 ZRFOREY

50.4.1 ImageNet-1k

=R S48 (M) | Flops(G) | Top-1(%) | Top-5(%) | BEEXH | TH
MobileNet V2 | 3.5 0.319 71.86 90.42 config model | log

50.5 5|H

@INPROCEEDINGS{8578572,
author={M. {Sandler} and A. {Howard} and M. {Zhu} and A. {Zhmoginov} and L. {Chen}},
booktitle={2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition},
title={MobileNetV2: Inverted Residuals and Linear Bottlenecks},
year={2018},
volume={},
number={1},
pages={4510-4520},
doi={10.1109/CVPR.2018.00474}}
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CHAPTER D1

MobileNet V3

Searching for MobileNetV3

51.1 &4t

MobileNet V3 is initially described in the paper. MobileNetV3 parameters are obtained by NAS (network architec-
ture search) search, and some practical results of V1 and V2 are inherited, and the attention mechanism of SE chan-
nel is attracted, which can be considered as a masterpiece. The author create two new MobileNet models for release:
MobileNetV3-Large and MobileNetV3-Small which are targeted for high and low resource use cases. These models
are then adapted and applied to the tasks of object detection and semantic segmentation. The author of MobileNet V3

measure its performance on Imagenet classification, COCO object detection, and Cityscapes segmentation.

51.2 {FE

51.3 ERAAK

TEREIE

>>> import torch
>>> from mmcls.apis import init_model, inference_model

>>>

(N IUERED)
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>>> model = init_model ('configs/mobilenet_v3/mobilenet-v3-small-050_8xb128_inlk.py"',
—'https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-small-
—050_3rdparty_inlk_20221114-e0b86bel.pth’")

>>> predict = inference_model (model, 'demo/demo.JPEG")

>>> print (predict['pred_class'])

print (predict|['pred_class'])

>>> print (predict['pred_score'])

print (predict|['pred_score'])

A A

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/mobilenet_v3/mobilenet-v3-small-050_8xb128_inlk.py"',
—'https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-small-
—050_3rdparty_inlk_20221114-e0b86bel.pth")

>>> inputs = torch.rand (1, 3, 224, 224).to(model.data_preprocessor.device)

>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size ([1, 10007)

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> print (outs[0] .shape)

torch.Size([1, 288])

Y/,
K5 ImageNet HHREMELE data/imagenet HEF, BiERIE docs MERHAMEINLE .
YL

python tools/train.py configs/mobilenet_v3/mobilenet-v3-small_8xbl128_inlk.py

python tools/test.py configs/mobilenet_v3/mobilenet-v3-small 8xb128_inlk.py https://
—download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-small_8xbl128_

—1inlk_20221114-bdlbfcde.pth

For more configurable parameters, please refer to the API.
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51.4 &GRFRE

51.4.1 ImageNet-1k

g S48 (M) | Flops(G) | Top-1(%) | Top-5 (%) | RREXH | T
MobileNetV3-Small-050** | 1.59 0.02 57.91 80.19 config model
MobileNetV3-Small-075%* | 2.04 0.04 65.23 85.44 config model
MobileNetV3-Small 2.54 0.06 66.68 86.74 config model | log
MobileNetV3-Small* 2.54 0.06 67.66 87.41 config model
MobileNetV3-Large 5.48 0.23 73.49 91.31 config model | log
MobileNetV3-Large* 5.48 0.23 74.04 91.34 config model

We cannot reproduce the performances provided by TorchVision with the training script, and the accuracy results we got
are 65.5+0.5% and 73.39% for small and large model respectively. Here we provide checkpoints trained by MMClassi-

fication that outperform the aforementioned results, and the original checkpoints provided by TorchVision.

Models with * are converted from torchvision. Models with ** are converted from timm. The config files of these models are
only for validation. We don’ t ensure these config files’ training accuracy and welcome you to contribute your reproduction

results.

51.5 5|H

@inproceedings{Howard_2019_ICCV,

author = {Howard, Andrew and Sandler, Mark and Chu, Grace and Chen, Liang-Chieh.
—and Chen, Bo and Tan, Mingxing and Wang, Weijun and Zhu, Yukun and Pang, Ruoming.
—and Vasudevan, Vijay and Le, Quoc V. and Adam, Hartwig},

title = {Searching for MobileNetV3},

booktitle = {Proceedings of the IEEE/CVF International Conference on Computer.
—~Vision (ICCV)},

month = {October},

year = {2019}
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https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-small-050_3rdparty_in1k_20221114-e0b86be1.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobilenet_v3/mobilenet-v3-small-075_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-small-075_3rdparty_in1k_20221114-2011fa76.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobilenet_v3/mobilenet-v3-small_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-small_8xb128_in1k_20221114-bd1bfcde.pth
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-small_8xb128_in1k_20221114-bd1bfcde.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobilenet_v3/mobilenet-v3-small_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/convert/mobilenet_v3_small-8427ecf0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobilenet_v3/mobilenet-v3-large_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-large_8xb128_in1k_20221114-0ed9ed9a.pth
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/mobilenet-v3-large_8xb128_in1k_20221114-0ed9ed9a.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobilenet_v3/mobilenet-v3-large_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/convert/mobilenet_v3_large-3ea3c186.pth
https://github.com/pytorch/vision/tree/master/references/classification#mobilenetv3-large--small
https://pytorch.org/vision/stable/_modules/torchvision/models/mobilenetv3.html
https://github.com/rwightman/pytorch-image-models/blob/main/timm/models/mobilenetv3.py
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CHAPTER D2

MobileOne

An Improved One millisecond Mobile Backbone

52.1 {#4r

Mobileone is proposed by apple and based on reparameterization. On the apple chips, the accuracy of the model is close

to 0.76 on the ImageNet dataset when the latency is less than 1ms. Its main improvements based on RepVGG are fllowing:
» Reparameterization using Depthwise convolution and Pointwise convolution instead of normal convolution.

¢ Removal of the residual structure which is not friendly to access memory.

52.2 {FE

52.3 How to use

The checkpoints provided are all training—time models. Use the reparameterize tool or switch_to_deploy
interface to switch them to more efficient inference—time architecture, which not only has fewer parameters but

also less calculations.

R J

Use classifier.backbone.switch_to_deploy () interface to switch the MobileOne to a inference mode.
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>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/mobileone/mobileone-s0_8xb32_inlk.py', 'https://
—download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s0_8xb32_inlk_
—20221110-0bc94952.pth")

>>> predict = inference_model (model, 'demo/demo.JPEG")

>>> print (predict['pred_class'])

sea snake

>>> print (predict['pred_score'])

0.4539405107498169

>>>

>>> # switch to deploy mode

>>> model .backbone.switch_to_deploy ()

>>> predict_deploy = inference_model (model, 'demo/demo.JPEG')

>>> print (predict_deploy|['pred class'])

sea snake

>>> print (predict_deploy|['pred score'l])

0.4539395272731781

A AR

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/mobileone/mobileone-s0_8xb32_inlk.py', 'https://
—download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s0_8xb32_inlk_
—20221110-0bc94952.pth")

>>> inputs = torch.rand(1, 3, 224, 224).to(model.data_preprocessor.device)
>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size([1, 10007)

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> print (outs[0] .shape)

torch.Size([1, 7681])

>>>

>>> # switch to deploy mode

>>> model .backbone.switch_to_deploy ()

>>> out_deploy = model (inputs)

>>> print (out.shape)

torch.Size ([1, 10007)

>>> assert torch.allclose (out, out_deploy) # pass without error
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PUE ARy
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%:

python tools/train.py configs/mobileone/mobileone-s0_8xb32_inlk.py

Download Checkpoint:

wget https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s0_8xb32_

—1inlk_20221110-0bc94952.pth

Test use unfused model:

python tools/test.py configs/mobileone/mobileone-s0_8xb32_inlk.py mobileone-s0_8xb32_
—1nlk_20221110-0bc94952.pth

Reparameterize checkpoint:

python ./tools/convert_models/reparameterize_model.py ./configs/mobileone/mobileone—
—s0_8xb32_inlk.py mobileone-s0_8xb32_inlk_20221110-0bc94952.pth mobileone_s0_deploy.
<~>pth

Test use fused model:

python tools/test.py configs/mobileone/deploy/mobileone-s0_deploy_8xb32_inlk.py._
—mobileone_s0_deploy.pth

52.3.1 Reparameterize Tool

Use provided tool to reparameterize the given model and save the checkpoint:

python tools/convert_models/reparameterize_model.py CFG_PATH SRC_CKPT_PATH
— {TARGET_CKPT_PATH

${CFG_PATH} is the config file path, ${SRC_CKPT_PATH} is the source chenpoint file path,
${TARGET_CKPT_PATH} is the target deploy weight file path.

For example:

wget https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s0_8xb32_
—inlk_20221110-0bc94952.pth

python ./tools/convert_models/reparameterize_model.py ./configs/mobileone/mobileone—

—s0_8xb32_inlk.py mobileone-s0_8xb32_inlk_20221110-0bc94952.pth mobileone_s0_deploy.
—pth
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To use reparameterized weights, the config file must switch to the deploy config files.

python tools/test.py Deploy_CFG Deploy_Checkpoint

For example of using the reparameterized weights above:

python ./tools/test.py ./configs/mobileone/deploy/mobileone-s0_deploy_8xb32_inlk.py .
—mobileone_s0_deploy.pth

For more configurable parameters, please refer to the API.

52.4 ZRFORE

52.4.1 ImageNet-1k

=AY sHE (M) Flops(G) Top-1 | Top-5 | BEEXH T
(%) (%)

MobileOne{ 5.29 (train) | 2.08 | 1.09 (train) | 0.28 | 71.34 89.87 config (train) | config | model |
sO (deploy) (deploy) (deploy) log
MobileOne- 4.83 (train) | 4.76 | 0.86 (train) | 0.84 | 75.72 92.54 config (train) | config | model |
sl (deploy) (deploy) (deploy) log
MobileOne- 7.88 (train) | 7.88 | 1.34 (train) | 1.31 | 77.37 93.34 config (train) Iconfig | model |
s2 (deploy) (deploy) (deploy) log
MobileOne-{ 10.17 (train) | 10.08 | 1.95 (train) | 1.91 | 78.06 93.83 config (train) Iconfig | model |
s3 (deploy) (deploy) (deploy) log
MobileOne-{ 14.95 (train) | 14.84 | 3.05 (train) | 3.00 | 79.69 94.46 config (train) Iconfig | model |
s4 (deploy) (deploy) (deploy) log

52.5 5|H

@article{mobileone2022,

title={An Improved One millisecond Mobile Backbone},

author={Vasu, Pavan Kumar Anasosalu and Gabriel, James and Zhu, Jeff and Tuzel, .
—Oncel and Ranjan, Anurag},

journal={arXiv preprint arXiv:2206.04040},

year={2022}
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https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s0_8xb32_in1k_20221110-0bc94952.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/mobileone-s1_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/deploy/mobileone-s1_deploy_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/deploy/mobileone-s1_deploy_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s1_8xb32_in1k_20221110-ceeef467.pth
https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s1_8xb32_in1k_20221110-ceeef467.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/mobileone-s2_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/deploy/mobileone-s2_deploy_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/deploy/mobileone-s2_deploy_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s2_8xb32_in1k_20221110-9c7ecb97.pth
https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s2_8xb32_in1k_20221110-9c7ecb97.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/mobileone-s3_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/deploy/mobileone-s3_deploy_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/deploy/mobileone-s3_deploy_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s3_8xb32_in1k_20221110-c95eb3bf.pth
https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s3_8xb32_in1k_20221110-c95eb3bf.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/mobileone-s4_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/deploy/mobileone-s4_deploy_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobileone/deploy/mobileone-s4_deploy_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s4_8xb32_in1k_20221110-28d888cb.pth
https://download.openmmlab.com/mmclassification/v0/mobileone/mobileone-s4_8xb32_in1k_20221110-28d888cb.pth

CHAPTER B3

MobileVit

MobileViT: Light-weight, General-purpose, and Mobile-friendly Vision Transformer

53.1 &4t

MobileViT aims at introducing a light-weight network, which takes the advantages of both ViTs and CNNs, uses the
InvertedResidual blocks in MobileNetV2 and MobileViTBlock which refers to ViT transformer blocks to

build a standard 5-stage model structure.

The MobileViTBlock reckons transformers as convolutions to perform a global representation, meanwhile conbined with
original convolution layers for local representation to build a block with global receptive field. This is different from
ViT, which adds an extra class token and position embeddings for learning relative relationship. Without any position

embeddings, MobileViT can benfit from multi-scale inputs during training.

Also, this paper puts forward a strategy for multi-scale training to dynamically adjust batch size based on the image size

to both improve training efficiency and final performance.

It is also proven effective in downstream tasks such as object detection and segmentation.
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53.2 {FE

Light-weight convolutional neural networks (CNNs) are the de-facto for mobile vision tasks. Their spatial inductive
biases allow them to learn representations with fewer parameters across different vision tasks. However, these networks
are spatially local. To learn global representations, self-attention-based vision trans-formers (ViTs) have been adopted.
Unlike CNNs, ViTs are heavy-weight. In this paper, we ask the following question: is it possible to combine the strengths
of CNNs and ViTs to build a light-weight and low latency network for mobile vision tasks? Towards this end, we introduce
MobileViT, a light-weight and general-purpose vision transformer for mobile devices. MobileViT presents a different
perspective for the global processing of information with transformers, i.e., transformers as convolutions. Our results
show that MobileViT significantly outperforms CNN- and ViT-based networks across different tasks and datasets. On
the ImageNet- 1k dataset, MobileViT achieves top-1 accuracy of 78.4% with about 6 million parameters, which is 3.2%
and 6.2% more accurate than MobileNetv3 (CNN-based) and DelT (ViT-based) for a similar number of parameters.
On the MS-COCO object detection task, MobileViT is 5.7% more accurate than MobileNetv3 for a similar number of

parameters.

53.3 fEHAR

TR

>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/mobilevit/mobilevit-small_8xb128_inlk.py', 'https://
—download.openmmlab.com/mmclassification/v0/mobilevit/mobilevit-small_3rdparty_inlk_
—20221018-cb4f741c.pth")

>>> predict = inference_model (model, 'demo/demo.JPEG'")

>>> print (predict['pred_class'])

sea snake

>>> print (predict['pred_score'])

0.9839211702346802

T AR

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/mobilevit/mobilevit-small_8xbl128_inlk.py', 'https://
—download.openmmlab.com/mmclassification/v0/mobilevit/mobilevit-small_3rdparty_inlk_
—20221018-cb4f741c.pth'")

>>> inputs = torch.rand(1, 3, 224, 224).to(model.data_preprocessor.device)

>>> # To get classification scores.

>>> out = model (inputs)

(Rt
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(£ 50

>>> print (out.shape)
10001)

>>> # To extract features.

torch.Size([1,
>>> outs = model.extract_feat (inputs)
>>> print (outs[0] .shape)

torch.Size([1, 640]

YL/
R ImageNet P EFE data/imagenet HEF, SiE AR docs M HA A 4L .
Yilk:

python tools/train.py configs/mobilevit/mobilevit-small_8xbl128_inlk.py

L

python tools/test.py configs/mobilevit/mobilevit-small_8xb128_inlk.py https://
—download.openmmlab.com/mmclassification/v0/mobilevit/mobilevit-small_3rdparty_inlk_

—20221018-cb4f741c.pth

For more configurable parameters, please refer to the API.

53.4 GRFIRE

53.4.1 ImageNet-1k

R S8 (M) | Flops(G) | Top-1(%) | Top-5 (%) | REXH | T#H

MobileViT-XXSmall* | 1.27 0.42 69.02 88.91 config model
MobileViT-XSmall* | 2.32 1.05 74.75 92.32 config model
MobileViT-Small* 5.58 2.03 78.25 94.09 config model

Models with * are converted from ml-cvnets. The config files of these models are only for validation. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.

53.4. S&ERFRE
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https://mmclassification.readthedocs.io/en/1.x/user_guides/dataset_prepare.html#prepare-dataset
https://mmclassification.readthedocs.io/en/1.x/api/generated/mmcls.models.backbones.MobileViT.html#mmcls.models.backbones.MobileViT
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobilevit/mobilevit-xxsmall_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilevit/mobilevit-xxsmall_3rdparty_in1k_20221018-77835605.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobilevit/mobilevit-xsmall_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilevit/mobilevit-xsmall_3rdparty_in1k_20221018-be39a6e7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mobilevit/mobilevit-small_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilevit/mobilevit-small_3rdparty_in1k_20221018-cb4f741c.pth
https://github.com/apple/ml-cvnets
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53.5 5|H

@article{mehta202imobilevit,

title={MobileViT: Light-weight, General-purpose, and Mobile-friendly Vision.
—Transformer},

author={Mehta, Sachin and Rastegari, Mohammad},

journal={arXiv preprint arXiv:2110.02178},

year={2021}
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CHAPTER B4

MVIT V2

MViTv2: Improved Multiscale Vision Transformers for Classification and Detection

54.1 {FE

In this paper, we study Multiscale Vision Transformers (MViTv2) as a unified architecture for image and video clas-
sification, as well as object detection. We present an improved version of MViT that incorporates decomposed rela-
tive positional embeddings and residual pooling connections. We instantiate this architecture in five sizes and evaluate
it for ImageNet classification, COCO detection and Kinetics video recognition where it outperforms prior work. We
further compare MViTv2s’ pooling attention to window attention mechanisms where it outperforms the latter in accu-
racy/compute. Without bells-and-whistles, MViTv2 has state-of-the-art performance in 3 domains: 88.8% accuracy on

ImageNet classification, 58.7 box AP on COCO object detection as well as 86.1% on Kinetics-400 video classification.
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54.2 GGRFIRE

54.2.1 ImageNet-1k

kil millgk | B¥E (M) | Flops(G) | Top-1(%) | Top-5 (%) | BEXH | T#

MViTv2-tiny* MLNGR | 24.17 4.70 82.33 96.15 config model
MViTv2-small* | M3Li)l|4: | 34.87 7.00 83.63 96.51 config model
MViTv2-base* | M3ill%: | 51.47 10.20 84.34 96.86 config model
MViTv2-large* | M3k | 217.99 42.10 85.25 97.14 config model

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction resullts.

54.3 5|H

@inproceedings{1i2021limproved,

title={MViTv2: Improved multiscale vision transformers for classification and.
—~detection},

author={Li, Yanghao and Wu, Chao-Yuan and Fan, Haogi and Mangalam, Karttikeya and.
—Xiong, Bo and Malik, Jitendra and Feichtenhofer, Christoph},

booktitle={CVPR},

year={2022}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mvit/mvitv2-tiny_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/mvit/mvitv2-tiny_3rdparty_in1k_20220722-db7beeef.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mvit/mvitv2-small_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/mvit/mvitv2-small_3rdparty_in1k_20220722-986bd741.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mvit/mvitv2-base_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/mvit/mvitv2-base_3rdparty_in1k_20220722-9c4f0a17.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/mvit/mvitv2-large_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/mvit/mvitv2-large_3rdparty_in1k_20220722-2b57b983.pth
https://github.com/facebookresearch/mvit

CHAPTER B5

PoolFormer

MetaFormer is Actually What You Need for Vision

55.1 {FE

Transformers have shown great potential in computer vision tasks. A common belief is their attention-based token mixer
module contributes most to their competence. However, recent works show the attention-based module in transformers
can be replaced by spatial MLPs and the resulted models still perform quite well. Based on this observation, we hypoth-
esize that the general architecture of the transformers, instead of the specific token mixer module, is more essential to
the model’ s performance. To verify this, we deliberately replace the attention module in transformers with an embar-
rassingly simple spatial pooling operator to conduct only basic token mixing. Surprisingly, we observe that the derived
model, termed as PoolFormer, achieves competitive performance on multiple computer vision tasks. For example, on
ImageNet-1K, PoolFormer achieves 82.1% top-1 accuracy, surpassing well-tuned vision transformer/MLP-like baselines
DeiT-B/ResMLP-B24 by 0.3%/1.1% accuracy with 35%/52% fewer parameters and 49%/61% fewer MACs. The ef-
fectiveness of PoolFormer verifies our hypothesis and urges us to initiate the concept of “MetaFormer” , a general
architecture abstracted from transformers without specifying the token mixer. Based on the extensive experiments, we
argue that MetaFormer is the key player in achieving superior results for recent transformer and MLP-like models on
vision tasks. This work calls for more future research dedicated to improving MetaFormer instead of focusing on the
token mixer modules. Additionally, our proposed PoolFormer could serve as a starting baseline for future MetaFormer

architecture design.
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55.2 LRFIRE

55.2.1 ImageNet-1k

gl S48 (M) | Flops(G) | Top-1(%) | Top-5 (%) | BREXH | T

PoolFormer-S12* 11.92 1.87 77.24 93.51 config model
PoolFormer-S24* | 21.39 3.51 80.33 95.05 config model
PoolFormer-S36* | 30.86 5.15 81.43 95.45 config model
PoolFormer-M36* | 56.17 8.96 82.14 95.71 config model
PoolFormer-M48* | 73.47 11.80 82.51 95.95 config model

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.

55.3 5|H

@article{yu202lmetaformer,

title={MetaFormer is Actually What You Need for Vision},

author={Yu, Weihao and Luo, Mi and Zhou, Pan and Si, Chenyang and Zhou, Yichen and.
—Wang, Xinchao and Feng, Jiashi and Yan, Shuicheng},

journal={arXiv preprint arXiv:2111.11418},

year={2021}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/poolformer/poolformer-s12_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/poolformer/poolformer-s12_3rdparty_32xb128_in1k_20220414-f8d83051.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/poolformer/poolformer-s24_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/poolformer/poolformer-s24_3rdparty_32xb128_in1k_20220414-d7055904.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/poolformer/poolformer-s36_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/poolformer/poolformer-s36_3rdparty_32xb128_in1k_20220414-d78ff3e8.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/poolformer/poolformer-m36_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/poolformer/poolformer-m36_3rdparty_32xb128_in1k_20220414-c55e0949.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/poolformer/poolformer-m48_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/poolformer/poolformer-m48_3rdparty_32xb128_in1k_20220414-9378f3eb.pth
https://github.com/sail-sg/poolformer

CHAPTER DO

RegNet

Designing Network Design Spaces

56.1 {HE

In this work, we present a new network design paradigm. Our goal is to help advance the understanding of network
design and discover design principles that generalize across settings. Instead of focusing on designing individual network
instances, we design network design spaces that parametrize populations of networks. The overall process is analogous to
classic manual design of networks, but elevated to the design space level. Using our methodology we explore the structure
aspect of network design and arrive at a low-dimensional design space consisting of simple, regular networks that we call
RegNet. The core insight of the RegNet parametrization is surprisingly simple: widths and depths of good networks can
be explained by a quantized linear function. We analyze the RegNet design space and arrive at interesting findings that do
not match the current practice of network design. The RegNet design space provides simple and fast networks that work
well across a wide range of flop regimes. Under comparable training settings and flops, the RegNet models outperform

the popular EfficientNet models while being up to 5x faster on GPUs.
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56.2 GRFORE

56.2.1 ImageNet-1k

Ry S8 (M) | Flops(G) | Top-1(%) | Top-5 (%) | BREXH | T#H
RegNetX-400MF | 5.16 0.41 72.56 90.78 config model | log
RegNetX-800MF 7.26 0.81 74.76 92.32 config model | log
RegNetX-1.6GF 9.19 1.63 76.84 93.31 config model | log
RegNetX-3.2GF 15.3 3.21 78.09 94.08 config model | log
RegNetX-4.0GF 22.12 4.0 78.60 94.17 config model | log
RegNetX-6.4GF 26.21 6.51 79.38 94.65 config model | log
RegNetX-8.0GF 39.57 8.03 79.12 94.51 config model | log
RegNetX-12GF 46.11 12.15 79.67 95.03 config model | log
RegNetX-400MF* | 5.16 0.41 72.55 90.91 config model
RegNetX-800MF* | 7.26 0.81 75.21 92.37 config model
RegNetX-1.6GF* | 9.19 1.63 77.04 93.51 config model
RegNetX-3.2GF* 15.3 3.21 78.26 94.20 config model
RegNetX-4.0GF* | 22.12 4.0 78.72 94.22 config model
RegNetX-6.4GF* | 26.21 6.51 79.22 94.61 config model
RegNetX-8.0GF* | 39.57 8.03 79.31 94.57 config model
RegNetX-12GF* 46.11 12.15 79.91 94.78 config model

Models with * are converted from pycls. The config files of these models are only for validation.

56.3 5|H

@article{radosavovic2020designing,

title={Designing Network Design Spaces},

author={Ilija Radosavovic and Raj Prateek Kosaraju and Ross Girshick and Kaiming.
—He and Piotr Dolléar},

year={2020},

eprint={2003.13678},

archivePrefix={arXiv},

primaryClass={cs.CV}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-400mf_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-400mf_8xb128_in1k_20211213-89bfc226.pth
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-400mf_8xb128_in1k_20211208_143316.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-800mf_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-800mf_8xb128_in1k_20211213-222b0f11.pth
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-800mf_8xb128_in1k_20211207_143037.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-1.6gf_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-1.6gf_8xb128_in1k_20211213-d1b89758.pth
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-1.6gf_8xb128_in1k_20211208_143018.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-3.2gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-3.2gf_8xb64_in1k_20211213-1fdd82ae.pth
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-3.2gf_8xb64_in1k_20211208_142720.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-4.0gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-4.0gf_8xb64_in1k_20211213-efed675c.pth
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-4.0gf_8xb64_in1k_20211207_150431.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-6.4gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-6.4gf_8xb64_in1k_20211215-5c6089da.pth
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-6.4gf_8xb64_in1k_20211213_172748.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-8.0gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-8.0gf_8xb64_in1k_20211213-9a9fcc76.pth
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-8.0gf_8xb64_in1k_20211208_103250.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-12gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-12gf_8xb64_in1k_20211213-5df8c2f8.pth
https://download.openmmlab.com/mmclassification/v0/regnet/regnetx-12gf_8xb64_in1k_20211208_143713.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-400mf_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-400MF-0db9f35c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-800mf_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-800MF-4f9d1e8a.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-1.6gf_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-1.6GF-cfb32375.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-3.2gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-3.2GF-82c43fd5.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-4.0gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-4.0GF-ef8bb32c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-6.4gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-6.4GF-6888c0ea.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-8.0gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-8.0GF-cb4c77ec.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/regnet/regnetx-12gf_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-12GF-0574538f.pth
https://github.com/facebookresearch/pycls/blob/master/MODEL_ZOO.md

CHAPTER D7

RepLKNet

Scaling Up Your Kernels to 31x31: Revisiting Large Kernel Design in CNNs

571 {FE

We revisit large kernel design in modern convolutional neural networks (CNNs). Inspired by recent advances in vision
transformers (ViTs), in this paper, we demonstrate that using a few large convolutional kernels instead of a stack of
small kernels could be a more powerful paradigm. We suggested five guidelines, e.g., applying re-parameterized large
depth-wise convolutions, to design efficient highperformance large-kernel CNNs. Following the guidelines, we propose
RepLKNet, a pure CNN architecture whose kernel size is as large as 31x31, in contrast to commonly used 3x3. Re-
pLKNet greatly closes the performance gap between CNNs and ViTs, e.g., achieving comparable or superior results than
Swin Transformer on ImageNet and a few typical downstream tasks, with lower latency. RepLKNet also shows nice
scalability to big data and large models, obtaining 87.8% top-1 accuracy on ImageNet and 56.0% mloU on ADE20K,
which is very competitive among the state-of-the-arts with similar model sizes. Our study further reveals that, in contrast
to small-kernel CNNs, large kernel CNNs have much larger effective receptive fields and higher shape bias rather than

texture bias.
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57.2 LRFIRE

57.2.1 ImageNet-1k

il Res- | Pre- sHE (M) Flops(G) Top- | Top- | EEEXH T
olu- | trained 1 5 2
tion Dataset (%) (%)

RepLKNet- 224x224 From 79.9 (train) || 15.6 (train) | | 83.48 | 96.57 | config (train) | | mod¢

31B* Scratch 79.5 (deploy) 15.4 (deploy) config (deploy)

RepLKNet- 384x384 From 79.9 (train) || 46.0 (train) | | 84.84 | 97.34 | config (train) | | modg

31B* Scratch 79.5 (deploy) 45.3 (deploy) config (deploy)

RepLKNet- 224x224 ImageNet- | 79.9 (train) | | 15.6 (train) | | 85.20 | 97.56 | config (train) | | modg

31B* 21K 79.5 (deploy) 15.4 (deploy) config (deploy)

RepLKNet- 384x38# ImageNet- | 79.9 (train) | | 46.0 (train) | | 85.99 | 97.75 | config (train) | | modd

31B* 21K 79.5 (deploy) 45.3 (deploy) config (deploy)

RepLKNet- 384x38# ImageNet- | 172.7 (train) | | 97.2 (train) | | 86.63 | 98.00 | config (train) | | modd

31L* 21K 172.0 (deploy) 97.0 (deploy) config (deploy)

RepLKNet- 320x320 MegData- 335.4 (train) | | 129.6 (train) | | 87.57 | 98.39 | config (train) | | modg

XL* 3M 335.0 (deploy) 129.0 (deploy) config (deploy)

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

57.3 How to use

The checkpoints provided are all t raining-time models. Use the reparameterize tool to switch them to more efficient

inference-time architecture, which not only has fewer parameters but also less calculations.

57.3.1 Use tool

Use provided tool to reparameterize the given model and save the checkpoint:

python tools/convert_models/reparameterize_model.py

— {TARGET_CKPT_PATH

CFG_PATE

SRC

_CKPT_PATH

${CFG_PATH} is the config file, ${ SRC_CKPT_PATH} is the source chenpoint file, ${ TARGET_CKPT_PATH} is

the target deploy weight file path.

To use reparameterized weights, the config file must switch to the deploy config files.

222

Chapter 57. RepLKNet



https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/replknet-31B_32xb64_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/deploy/replknet-31B-deploy_32xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/replknet/replknet-31B_3rdparty_in1k_20221118-fd08e268.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/replknet-31B_32xb64_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/deploy/replknet-31B-deploy_32xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/replknet/replknet-31B_3rdparty_in1k-384px_20221118-03a170ce.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/replknet-31B_32xb64_in1k.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/deploy/replknet-31B-deploy_32xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/replknet/replknet-31B_in21k-pre_3rdparty_in1k_20221118-54ed5c46.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/replknet-31B_32xb64_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/deploy/replknet-31B-deploy_32xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/replknet/replknet-31B_in21k-pre_3rdparty_in1k-384px_20221118-76c92b24.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/replknet-31L_32xb64_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/deploy/replknet-31L-deploy_32xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/replknet/replknet-31L_in21k-pre_3rdparty_in1k-384px_20221118-dc3fc07c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/replknet-XL_32xb64_in1k-320px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/replknet/deploy/replknet-XL-deploy_32xb64_in1k-320px.py
https://download.openmmlab.com/mmclassification/v0/replknet/replknet-XL_meg73m-pre_3rdparty_in1k-320px_20221118-88259b1d.pth
https://github.com/DingXiaoH/RepVGG

MMClassification Documentation, %4 %5 1.0.0rc6

python tools/test.py Deploy_CFG Deploy_Checkpoint } —-metrics accuracy

57.3.2 In the code

Use backbone.switch_to_deploy () or classificer.backbone.switch_to_deploy () to switch

to the deploy mode. For example:

from mmcls.models import build_backbone

backbone_cfg=dict (type="RepLKNet',arch="'31BR"),
backbone = build_backbone (backbone_cfqg)
backbone.switch_to_deploy ()

or

from mmcls.models import build_classifier

cfg = dict(
type='ImageClassifier',
backbone=dict (
type="'RepLKNet',
arch="31B"),
neck=dict (type='GlobalAveragePooling'),
head=dict (
type='LinearClsHead',
num_classes=1000,
in_channels=1024,
loss=dict (type='CrossEntropyLoss', loss_weight=1.0),
topk=(1, 5),
))

classifier = build_classifier (cfqg)

classifier.backbone.switch_to_deploy ()

57.4 5|H

@inproceedings{ding2022scaling,
title={Scaling up your kernels to 31x31: Revisiting large kernel design in cnns},
author={Ding, Xiaohan and Zhang, Xiangyu and Han, Jungong and Ding, Guiguang},
booktitle={Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern.

—~Recognition},

(Rt
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(£ 50

pages={11963--11975},
year={2022}
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CHAPTER B8

RepMLP

RepMLP: Re-parameterizing Convolutions into Fully-connected Layers forlmage Recognition

58.1 {FE

We propose RepMLP, a multi-layer-perceptron-style neural network building block for image recognition, which is com-
posed of a series of fully-connected (FC) layers. Compared to convolutional layers, FC layers are more efficient, better at
modeling the long-range dependencies and positional patterns, but worse at capturing the local structures, hence usually
less favored for image recognition. We propose a structural re-parameterization technique that adds local prior into an
FC to make it powerful for image recognition. Specifically, we construct convolutional layers inside a RepMLP during
training and merge them into the FC for inference. On CIFAR, a simple pure-MLP model shows performance very close
to CNN. By inserting RepMLP in traditional CNN, we improve ResNets by 1.8% accuracy on ImageNet, 2.9% for face
recognition, and 2.3% mloU on Cityscapes with lower FLOPs. Our intriguing findings highlight that combining the global
representational capacity and positional perception of FC with the local prior of convolution can improve the performance
of neural network with faster speed on both the tasks with translation invariance (e.g., semantic segmentation) and those

with aligned images and positional patterns (e.g., face recognition).
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58.2 LRFIRE

58.2.1 ImageNet-1k

Ry S8 (M) | Flops(G) | Top-1(%) | Top-5 (%) | FR& X TH
RepMLP-B224* | 68.24 6.71 80.41 95.12 train_cfg | deploy_cfg | model
RepMLP-B256* | 96.45 9.69 81.11 95.5 train_cfg | deploy_cfg | model

Models with * are converted from the official repo.. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

58.3 How to use

The checkpoints provided are all t raining—time models. Use the reparameterize tool to switch them to more efficient

inference—time architecture, which not only has fewer parameters but also less calculations.

58.3.1 Use tool

Use provided tool to reparameterize the given model and save the checkpoint:

python tools/convert_models/reparameterize_model.py CFG_PATH SRC_CKPT_PATH

— {TARGET_CKPT_PATH

${CFG_PATH} is the config file, ${ SRC_CKPT_PATH} is the source chenpoint file, ${ TARGET_CKPT_PATH} is
the target deploy weight file path.

To use reparameterized weights, the config file must switch to the deploy config files.

python tools/test.py Deploy_CFG Deploy_Checkpoint} —-metrics accuracy

58.3.2 In the code

Use backbone.switch_to_deploy () or classificer.backbone.switch_to_deploy () to switch

to the deploy mode. For example:

from mmcls.models import build_backbone

backbone_cfg=dict (type='RepMLPNet', arch='B', img_size=224, reparam_conv_kernels=(1,._

—3), deploy=False)

(R gksn)
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repmlp/repmlp-base_delopy_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/repmlp/repmlp-base_3rdparty_8xb64_in1k_20220330-1cb1f11b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repmlp/repmlp-base_8xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repmlp/repmlp-base_deploy_8xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/repmlp/repmlp-base_3rdparty_8xb64_in1k-256px_20220330-7c5a91ce.pth
https://github.com/DingXiaoH/RepMLP
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backbone = build_backbone (backbone_cfqg)
backbone.switch_to_deploy ()

or

from mmcls.models import build_classifier

cfg = dict(

type='ImageClassifier',

backbone=dict (
type="'RepMLPNet',
arch='B"',
img_size=224,
reparam_conv_kernels=(1, 3),
deploy=False),

neck=dict (type='GlobalAveragePooling'),

head=dict (
type='LinearClsHead',
num_classes=1000,
in_channels=768,
loss=dict (type='CrossEntropyLoss', loss_weight=1.0),
topk=(1, 5),

))

classifier = build_classifier (cfqg)

classifier.backbone.switch_to_deploy ()

58.4 5|H

@article{ding202lrepmlp,

title={Repmlp: Re-parameterizing convolutions into fully-connected layers for image.
—recognition},

author={Ding, Xiaohan and Xia, Chunlong and Zhang, Xiangyu and Chu, Xiaojie and Han,
— Jungong and Ding, Guiguang},

journal={arXiv preprint arXiv:2105.01883},

year={2021}
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CHAPTER 59

RepVGG

RepVGG: Making VGG-style ConvNets Great Again

59.1 &4t

RepVGG is a VGG-style convolutional architecture. It has the following advantages:

1. The model has a VGG-like plain (a.k.a. feed-forward) topology 1 without any branches. IL.e., every layer takes the

output of its only preceding layer as input and feeds the output into its only following layer.
2. The model’ s body uses only 3 x 3 conv and ReL.U.

3. The concrete architecture (including the specific depth and layer widths) is instantiated with no automatic search,

manual refinement, compound scaling, nor other heavy designs.

59.2 {H=E

59.3 How to use

The checkpoints provided are all training-time models. Use the reparameterize tool or switch_to_deploy
interface to switch them to more efficient inference—time architecture, which not only has fewer parameters but

also less calculations.

EREE A
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Use classifier.backbone.switch_to_deploy () interface to switch the RepVGG models into inference

mode.

>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/repvgg/repvgg-A0_8xb32_inlk.py', 'https://download.
—openmmlab.com/mmclassification/v0/repvgg/repvgg-AO0_8xb32_inlk_20221213-60ae8e23.pth

")

>>> results = inference_model (model, 'demo/demo.JPEG")

>>> print ( (results|['pred_class'], results['pred_score']) )
('sea snake' 0.8338906168937683)

>>>

>>> # switch to deploy mode

>>> model .backbone.switch_to_deploy ()

>>> results = inference_model (model, 'demo/demo.JPEG")

>>> print ( (results|['pred_class'], results['pred_score']) )

('"sea snake', 0.7883061170578003)

LNiEk

>>> import torch

>>> from mmcls.apis import get_model

>>>

>>> model = get_model ("repvgg-al_8xb32_inlk", pretrained=True)
>>> model.eval ()

>>> inputs = torch.rand(1, 3, 224, 224).to(model.data_preprocessor.device)
>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size([1, 10007])

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> print (outs[0] .shape)

torch.Size ([1, 12807])

>>>

>>> # switch to deploy mode

>>> model .backbone.switch_to_deploy ()

>>> out_deploy = model (inputs)

>>> print (out.shape)

torch.Size ([1, 10007)

>>> assert torch.allclose(out, out_deploy, rtol=le-4, atol=le-5) # pass without error

YR
f ImageNet ZRLETLEAE data/imagenet HIRN, s docs #EA HAMMILER .
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gk

python tools/train.py configs/repvgg/repvgg-al_8xb32_inlk.py

Download Checkpoint:

wget https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A0_8xb32_inlk_
—20221213-60ae8e23.pth

Test use unfused model:

python tools/test.py configs/repvgg/repvgg-al_8xb32_inlk.py repvgg-A0_8xb32_inlk_
—20221213-60ae8e23.pth

Reparameterize checkpoint:

python ./tools/convert_models/reparameterize_model.py configs/repvgg/repvgg-a0_8xb32_
—inlk.py repvgg-A0_8xb32_inlk_20221213-60ae8e23.pth repvgg_AO0_deploy.pth

Test use fused model:

python tools/test.py configs/repvgg/repvgg-A0_8xb32_inlk.py repvgg_AO0_deploy.pth —-
—cfg-options model.backbone.deploy=True

or

python tools/test.py configs/repvgg/repvgg-AO0_deploy_inlk.py repvgg_AO_deploy.pth

For more configurable parameters, please refer to the API.

Use provided tool to reparameterize the given model and save the checkpoint:

python tools/convert_models/reparameterize_model.py CFG_PATH SRC_CKPT_PATH
— {TARGET_CKPT_PATH

${CFG_PATH} is the config file path, ${SRC_CKPT_PATH} is the source chenpoint file path,
${TARGET_CKPT_PATH} is the target deploy weight file path.

For example:

# download the weight

wget https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-AO0_8xb32_inlk_
—20221213-60ae8e23.pth

# reparameterize unfused weight to fused weight

python ./tools/convert_models/reparameterize_model.py configs/repvgg/repvgg-al_8xb32_
—inlk.py repvgg-A0_8xb32_inlk_20221213-60ae8e23.pth repvgg-AO_deploy.pth
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To use reparameterized weights, the config file must switch to the deploy config files as the deploy_AO example or add

——cfg-options model.backbone.deploy=True in command.

For example of using the reparameterized weights above:

python ./tools/test.py ./configs/repvgg/repvgg-A0_deploy_inlk.py repvgg-AQ_deploy.pth

You can get other deploy configs by modifying the AO_deploy example:

# in repvgg-AO_deploy_inlk.py
_base_ = '../repvgg-AO_8xb32_inlk.py' # basic A0 config

model = dict (backbone=dict (deploy=True)) # switch model into deploy mode

oradd -—cfg-options model.backbone.deploy=True in command as following:

python tools/test.py configs/repvgg/repvgg-A0_8xb32_inlk.py repvgg_AO_deploy.pth —-

—cfg-options model.backbone.deploy=True
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59.4 &GRFIRE

59.4.1 ImageNet-1k

1A Il | Params(M) Flops(G) Top-1 | Top-5 | & & | T#H
% (train|deploy) (train|deploy) (%) (%) pra S
repveg- M3k | 9.1118.31 1.5311.36 72.37 90.56 config | model |
AQ_8xb32_inlk &k log
repvgg- Mok | 14.09112.79 2.6512.37 74.47 91.85 config | model |
Al1_8xb32_inlk IS log
repvgg- M 3k | 28211255 5.7215.12 76.49 93.09 config | model |
A2_8xb32_inlk G log
repvgg- M 3k | 15.82114.34 3.4313.06 75.27 92.21 config | model |
B0_8xb32_inlk Ik log
repvgg- M 3k | 57.42151.83 13.20111.81 78.19 94.04 config | model |
B1_8xb32_inlk e log
repveg- M3k | 4578 141.36 9.8618.80 77.87 93.99 config | model |
Blg2_8xb32_inlk | I|%k log
repvgg- M 3k | 39.97136.13 8.1917.30 77.81 93.77 config | model |
Blg4_8xb32_inlk | |k log
repvgg- M3k | 89.02180.32 20.5118.4 78.58 94.23 config | model |
B2_8xb32_inlk s log
repvgg- M 3k | 61.76155.78 1271113 79.44 94.72 config | model |
B2g4_8xb32_inlk p|Ez log
repvgg- M3k | 123.091110.96 29.2126.2 80.58 95.33 config | model |
B3_8xb32_inlk IR log
repvgg- M 3L | 83.83175.63 18.0116.1 80.26 95.15 config | model |
B3g4_8xb32_inlk | |k log
repveg- Mo Sk | 133.331120.39 36.6132.8 81.81 95.94 config | model
D2se_3rdparty_in1k* {Jl|Z;

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-A0_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A0_8xb32_in1k_20221213-60ae8e23.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A0_8xb32_in1k_20221213-60ae8e23.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-A1_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A1_8xb32_in1k_20221213-f81bf3df.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A1_8xb32_in1k_20221213-f81bf3df.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-A2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A2_8xb32_in1k_20221213-a8767caf.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A2_8xb32_in1k_20221213-a8767caf.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-B0_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B0_8xb32_in1k_20221213-5091ecc7.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B0_8xb32_in1k_20221213-5091ecc7.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-B1_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1_8xb32_in1k_20221213-d17c45e7.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1_8xb32_in1k_20221213-d17c45e7.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-B1g2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1g2_8xb32_in1k_20221213-ae6428fd.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1g2_8xb32_in1k_20221213-ae6428fd.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-B1g4_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1g4_8xb32_in1k_20221213-a7a4aaea.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1g4_8xb32_in1k_20221213-a7a4aaea.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-B2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B2_8xb32_in1k_20221213-d8b420ef.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B2_8xb32_in1k_20221213-d8b420ef.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-B2g4_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B2g4_8xb32_in1k_20221213-0c1990eb.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B2g4_8xb32_in1k_20221213-0c1990eb.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-B3_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B3_8xb32_in1k_20221213-927a329a.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B3_8xb32_in1k_20221213-927a329a.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-B3g4_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B3g4_8xb32_in1k_20221213-e01cb280.pth
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B3g4_8xb32_in1k_20221213-e01cb280.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/repvgg/repvgg-D2se_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-D2se_3rdparty_4xb64-autoaug-lbs-mixup-coslr-200e_in1k_20210909-cf3139b7.pth
https://github.com/DingXiaoH/RepVGG/blob/9f272318abfc47a2b702cd0e916fca8d25d683e7/repvgg.py#L250
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59.5 5|H

@inproceedings{ding2021lrepvgg,

title={Repvgg: Making vgg-style convnets great again},

Xiangyu and Ma, Ningning and Han, Jungong and Ding,

author={Ding, Xiaohan and Zhang,

— Guiguang and Sun, Jian},
booktitle={Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern.

—Recognition},
pages={13733--13742},
year={2021}
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cHAPTER 60

Res2Net

Res2Net: A New Multi-scale Backbone Architecture

60.1 {FE

Representing features at multiple scales is of great importance for numerous vision tasks. Recent advances in back-
bone convolutional neural networks (CNNs) continually demonstrate stronger multi-scale representation ability, leading
to consistent performance gains on a wide range of applications. However, most existing methods represent the multi-
scale features in a layer-wise manner. In this paper, we propose a novel building block for CNNs, namely Res2Net, by
constructing hierarchical residual-like connections within one single residual block. The Res2Net represents multi-scale
features at a granular level and increases the range of receptive fields for each network layer. The proposed Res2Net
block can be plugged into the state-of-the-art backbone CNN models, e.g., ResNet, ResNeXt, and DLA. We evaluate the
Res2Net block on all these models and demonstrate consistent performance gains over baseline models on widely-used
datasets, e.g., CIFAR-100 and ImageNet. Further ablation studies and experimental results on representative computer
vision tasks, i.e., object detection, class activation mapping, and salient object detection, further verify the superiority of

the Res2Net over the state-of-the-art baseline methods.
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60.2 &RFOERE

60.2.1 ImageNet-1k

RE SWE | BHYE (M) | Flops(G) | Top-1(%) | Top-5(%) | BEXH | TH

Res2Net-50-14w-8s* 224x224 | 25.06 4.22 78.14 93.85 config model
Res2Net-50-26w-8s* 224x224 | 48.40 8.39 79.20 94.36 config model
Res2Net-101-26w-4s* | 224x224 | 45.21 8.12 79.19 94.44 config model

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

60.3 5|H

@article{gao2019res2net,

title={Res2Net: A New Multi-scale Backbone Architecture},

Shang-Hua and Cheng, Ming-Ming and Zhao, Kai and Zhang, Xin-Yu and._

Philip},

author={Gao,
—Yang, Ming-Hsuan and Torr,
journal={IEEE TPAMI},
year={2021},

doi={10.1109/TPAMI.2019.2938758},
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https://download.openmmlab.com/mmclassification/v0/res2net/res2net50-w26-s8_3rdparty_8xb32_in1k_20210927-f547a94b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/res2net/res2net101-w26-s4_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/res2net/res2net101-w26-s4_3rdparty_8xb32_in1k_20210927-870b6c36.pth
https://github.com/Res2Net/Res2Net-PretrainedModels

CHAPTER O 1

ResNet

Deep Residual Learning for Image Recognition

61.1 &4t

Residual Networks, or ResNets, learn residual functions with reference to the layer inputs, instead of learning unrefer-
enced functions. In the mainstream previous works, like VGG, the neural networks are a stack of layers and every layer
attempts to fit a desired underlying mapping. In ResNets, a few stacked layers are grouped as a block, and the layers in a

block attempts to learn a residual mapping.

Formally, denoting the desired underlying mapping of a block as H(x), split the underlying mapping into the sum of the
identity and the residual mapping as H(z) = = + F(z), and let the stacked non-linear layers fit the residual mapping
F(x).

Many works proved this method makes deep neural networks easier to optimize, and can gain accuracy from considerably

increased depth. Recently, the residual structure is widely used in various models.
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61.2 {FE

The depth of representations is of central importance for many visual recognition tasks. Solely due to our extremely deep
representations, we obtain a 28% relative improvement on the COCO object detection dataset. Deep residual nets are
foundations of our submissions to ILSVRC & COCO 2015 competitions, where we also won the 1st places on the tasks

of ImageNet detection, ImageNet localization, COCO detection, and COCO segmentation.

61.3 EAAR

TR

>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/resnet/resnet50_8xb32_inlk.py', 'https://download.
—openmmlab.com/mmclassification/v0/resnet/resnet50_8xb32_inlk_20210831-ea4938fc.pth')
>>> predict = inference_model (model, 'demo/demo.JPEG'")

>>> print (predict['pred_class'])

sea snake

>>> print (predict['pred_score'])

0.6649363040924072

A AR

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/resnet/resnet50_8xb32_inlk.py', 'https://download.
—openmmlab.com/mmclassification/v0/resnet/resnet50_8xb32_inlk_20210831-ea4938fc.pth')
>>> inputs = torch.rand(1, 3, 224, 224).to(model.data_preprocessor.device)

>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size ([1, 1000])

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> print (outs[0] .shape)

torch.Size ([1, 2048])

EsR Ry
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python tools/train.py configs/resnet/resnet50_8xb32_inlk.py

s

python tools/test.py configs/resnet/resnet50_8xb32_inlk.py https://download.openmmlab.

—com/mmclassification/v0/resnet/resnet50_b1l6x8_cifarl10_20210528-f54bfad9.pth

For more configurable parameters, please refer to the API.

61.4 &GRFORE

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

il SYE | BEE (M) | Flops(G) | T#H
ResNet-50-mill | 224x224 | 86.74 15.14 model

The “mill” means using the mutil-label pretrain weight from ImageNet-21K Pretraining for the Masses.

61.4.1 Cifar10

RE SHE (M) | Flops(G) | Top-1(%) | Top-5(%) | BEXH | TH
ResNet-18 11.17 0.56 94.82 99.87 config model | log
ResNet-34 21.28 1.16 95.34 99.87 config model | log
ResNet-50 23.52 1.31 95.55 99.91 config model | log
ResNet-101 | 42.51 2.52 95.58 99.87 config model | log
ResNet-152 | 58.16 3.74 95.76 99.89 config model | log
61.4.2 Cifar100
oEit] S48 (M) | Flops(G) | Top-1(%) | Top-5(%) | RREMXH | TH
ResNet-50 | 23.71 1.31 79.90 95.19 config model | log

61.4. ERFRE
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https://mmclassification.readthedocs.io/en/1.x/api/generated/mmcls.models.backbones.ResNet.html#mmcls.models.backbones.ResNet
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_3rdparty-mill_in21k_20220331-faac000b.pth
https://github.com/Alibaba-MIIL/ImageNet21K
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet18_8xb16_cifar10.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet18_b16x8_cifar10_20210528-bd6371c8.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet18_b16x8_cifar10_20210528-bd6371c8.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet34_8xb16_cifar10.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet34_b16x8_cifar10_20210528-a8aa36a6.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet34_b16x8_cifar10_20210528-a8aa36a6.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet50_8xb16_cifar10.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_b16x8_cifar10_20210528-f54bfad9.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_b16x8_cifar10_20210528-f54bfad9.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet101_8xb16_cifar10.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet101_b16x8_cifar10_20210528-2d29e936.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet101_b16x8_cifar10_20210528-2d29e936.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet152_8xb16_cifar10.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet152_b16x8_cifar10_20210528-3e8e9178.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet152_b16x8_cifar10_20210528-3e8e9178.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet50_8xb16_cifar100.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_b16x8_cifar100_20210528-67b58a1b.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_b16x8_cifar100_20210528-67b58a1b.log.json
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61.4.3 ImageNet-1k

HE SYHE (M) | Flops(G) | Top-1(%) | Top-5 (%) | REXH | TH
ResNet-18 11.69 1.82 69.90 89.43 config model | log
ResNet-34 21.8 3.68 73.62 91.59 config model | log
ResNet-50 25.56 4.12 76.55 93.06 config model | log
ResNet-101 44.55 7.85 77.97 94.06 config model | log
ResNet-152 60.19 11.58 78.48 94.13 config model | log
ResNetV1C-50 25.58 4.36 77.01 93.58 config model | log
ResNetV1C-101 44.57 8.09 78.30 94.27 config model | log
ResNetV1C-152 60.21 11.82 78.76 94.41 config model | log
ResNetV1D-50 25.58 4.36 77.54 93.57 config model | log
ResNetV1D-101 44.57 8.09 78.93 94.48 config model | log
ResNetV1D-152 60.21 11.82 79.41 94.70 config model | log
ResNet-50 (fp16) 25.56 4.12 76.30 93.07 config model | log
Wide-ResNet-50* 68.88 11.44 78.48 94.08 config model
Wide-ResNet-101* | 126.89 22.81 78.84 94.28 config model
ResNet-50 (rsb-al) | 25.56 4.12 80.12 94.78 config model | log
ResNet-50 (rsb-a2) | 25.56 4.12 79.55 94.37 config model | log
ResNet-50 (rsb-a3) | 25.56 4.12 78.30 93.80 config model | log

The “rsb” means using the training settings from ResNet strikes back: An improved training procedure in timm.

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

61.4.4 CUB-200-2011

(il FuijllZk SMWE | SHE (M) | Flops(G) | Top-1(%) | B & X | TH
%
ResNet-50 | ImageNet-21k- 448x448 | 23.92 16.48 88.45 config model | log
mill
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet18_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet18_8xb32_in1k_20210831-fbbb1da6.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet18_8xb32_in1k_20210831-fbbb1da6.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet34_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet34_8xb32_in1k_20210831-f257d4e6.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet34_8xb32_in1k_20210831-f257d4e6.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb32_in1k_20210831-ea4938fc.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb32_in1k_20210831-ea4938fc.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet101_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet101_8xb32_in1k_20210831-539c63f8.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet101_8xb32_in1k_20210831-539c63f8.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet152_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet152_8xb32_in1k_20210901-4d7582fa.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet152_8xb32_in1k_20210901-4d7582fa.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnetv1c50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1c50_8xb32_in1k_20220214-3343eccd.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1c50_8xb32_in1k_20220214-3343eccd.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnetv1c101_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1c101_8xb32_in1k_20220214-434fe45f.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1c101_8xb32_in1k_20220214-434fe45f.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnetv1c152_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1c152_8xb32_in1k_20220214-c013291f.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1c152_8xb32_in1k_20220214-c013291f.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnetv1d50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1d50_b32x8_imagenet_20210531-db14775a.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1d50_b32x8_imagenet_20210531-db14775a.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnetv1d101_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1d101_b32x8_imagenet_20210531-6e13bcd3.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1d101_b32x8_imagenet_20210531-6e13bcd3.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnetv1d152_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1d152_b32x8_imagenet_20210531-278cf22a.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnetv1d152_b32x8_imagenet_20210531-278cf22a.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet50_8xb32-fp16_in1k.py
https://download.openmmlab.com/mmclassification/v0/fp16/resnet50_batch256_fp16_imagenet_20210320-b3964210.pth
https://download.openmmlab.com/mmclassification/v0/fp16/resnet50_batch256_fp16_imagenet_20210320-b3964210.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/../wrn/wide-resnet50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/wide-resnet50_3rdparty_8xb32_in1k_20220304-66678344.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/../wrn/wide-resnet101_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/wide-resnet101_3rdparty_8xb32_in1k_20220304-8d5f9d61.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet50_8xb256-rsb-a1-600e_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb256-rsb-a1-600e_in1k_20211228-20e21305.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb256-rsb-a1-600e_in1k_20211228-20e21305.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet50_8xb256-rsb-a2-300e_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb256-rsb-a2-300e_in1k_20211228-0fd8be6e.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb256-rsb-a2-300e_in1k_20211228-0fd8be6e.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet50_8xb256-rsb-a3-100e_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb256-rsb-a3-100e_in1k_20211228-3493673c.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb256-rsb-a3-100e_in1k_20211228-3493673c.log.json
https://arxiv.org/abs/2110.00476
https://github.com/pytorch/vision
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_3rdparty-mill_in21k_20220331-faac000b.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_3rdparty-mill_in21k_20220331-faac000b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnet/resnet50_8xb8_cub.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb8_cub_20220307-57840e60.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb8_cub_20220307-57840e60.log.json
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61.5 5|H

@inproceedings{he2016deep,
title={Deep residual learning for image recognition},
author={He, Kaiming and Zhang, Xiangyu and Ren, Shaoging and Sun, Jian},
booktitle={Proceedings of the IEEE conference on computer vision and pattern.
—recognition},
pages={770--778},
year={2016}
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CHAPTER 02

ResNeXt

Aggregated Residual Transformations for Deep Neural Networks

62.1 {FE

We present a simple, highly modularized network architecture for image classification. Our network is constructed by
repeating a building block that aggregates a set of transformations with the same topology. Our simple design results
in a homogeneous, multi-branch architecture that has only a few hyper-parameters to set. This strategy exposes a new
dimension, which we call “cardinality” (the size of the set of transformations), as an essential factor in addition to the
dimensions of depth and width. On the ImageNet-1K dataset, we empirically show that even under the restricted con-
dition of maintaining complexity, increasing cardinality is able to improve classification accuracy. Moreover, increasing
cardinality is more effective than going deeper or wider when we increase the capacity. Our models, named ResNeXt,
are the foundations of our entry to the ILSVRC 2016 classification task in which we secured 2nd place. We further
investigate ResNeXt on an ImageNet-5K set and the COCO detection set, also showing better results than its ResNet

counterpart. The code and models are publicly available online.
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https://openaccess.thecvf.com/content_cvpr_2017/html/Xie_Aggregated_Residual_Transformations_CVPR_2017_paper.html
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62.2 &GRFORE

62.2.1 ImageNet-1k

ERY S8 (M) | Flops(G) | Top-1(%) | Top-5 (%) | REXH | T#H

ResNeXt-32x4d-50 | 25.03 4.27 77.90 93.66 config model | log
ResNeXt-32x4d-101 | 44.18 8.03 78.61 94.17 config model | log
ResNeXt-32x8d-101 | 88.79 16.5 79.27 94.58 config model | log
ResNeXt-32x4d-152 | 59.95 11.8 78.88 94.33 config model | log

62.3 5|H

@inproceedings{xie20l17aggregated,

title={Aggregated residual transformations for deep neural networks},

author={Xie,

—He, Kaiming},

Saining and Girshick, Ross and Doll{\'a}r,

Piotr and Tu,

Zhuowen and.

booktitle={Proceedings of the IEEE conference on computer vision and pattern.

—recognition},
pages={1492--1500},
year={2017}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnext/resnext50-32x4d_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnext/resnext50_32x4d_b32x8_imagenet_20210429-56066e27.pth
https://download.openmmlab.com/mmclassification/v0/resnext/resnext50_32x4d_b32x8_imagenet_20210429-56066e27.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnext/resnext101-32x4d_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnext/resnext101_32x4d_b32x8_imagenet_20210506-e0fa3dd5.pth
https://download.openmmlab.com/mmclassification/v0/resnext/resnext101_32x4d_b32x8_imagenet_20210506-e0fa3dd5.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnext/resnext101-32x8d_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnext/resnext101_32x8d_b32x8_imagenet_20210506-23a247d5.pth
https://download.openmmlab.com/mmclassification/v0/resnext/resnext101_32x8d_b32x8_imagenet_20210506-23a247d5.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/resnext/resnext152-32x4d_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnext/resnext152_32x4d_b32x8_imagenet_20210524-927787be.pth
https://download.openmmlab.com/mmclassification/v0/resnext/resnext152_32x4d_b32x8_imagenet_20210524-927787be.log.json

CHAPTER 63

Reversible Vision Transformers

Reversible Vision Tranformers

63.1 &9t

RevViT is initially described in Reversible Vision Tranformers, which introduce the reversible idea into vision trans-

former, to reduce the GPU memory footprint required for training.

63.2 {FE

63.3 &GRFIERE

il Wiz | 248 (M) | Flops(G) | Top-1 Top-5 BB X | T#H
(%) (%) #

revvit- M3k i)l | 22.43 4.58 79.87 94.90 config model

small_3rdparty_in1k* 7

revvit- M 3k I | 87.33 17.49 81.81 95.56 config model

base_3rdparty_in1k* 7.

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction resullts.
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https://openaccess.thecvf.com/content/CVPR2022/papers/Mangalam_Reversible_Vision_Transformers_CVPR_2022_paper.pdf
https://openaccess.thecvf.com/content/CVPR2022/papers/Mangalam_Reversible_Vision_Transformers_CVPR_2022_paper.pdf
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/revvit/revvit-small_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/revvit/revvit-base_3rdparty_in1k_20221213-87a7b0a5.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/revvit/revvit-base_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/revvit/revvit-small_3rdparty_in1k_20221213-a3a34f5c.pth
https://github.com/facebookresearch/SlowFast
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63.4 5|H

@inproceedings{mangalam2022reversible,

title={Reversible Vision Transformers},

author={Mangalam, Karttikeya and Fan, Haogi and Li, Yanghao and Wu, Chao-Yuan and.
—~Xiong, Bo and Feichtenhofer, Christoph and Malik, Jitendra},

booktitle={Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern.
—Recognition},

pages={10830--10840},

year={2022}

246 Chapter 63. Reversible Vision Transformers




CHAPTER 064

SE-ResNet

Squeeze-and-Excitation Networks

64.1 {FE

The central building block of convolutional neural networks (CNN5) is the convolution operator, which enables networks
to construct informative features by fusing both spatial and channel-wise information within local receptive fields at each
layer. A broad range of prior research has investigated the spatial component of this relationship, seeking to strengthen
the representational power of a CNN by enhancing the quality of spatial encodings throughout its feature hierarchy.
In this work, we focus instead on the channel relationship and propose a novel architectural unit, which we term the
“Squeeze-and-Excitation” (SE) block, that adaptively recalibrates channel-wise feature responses by explicitly modelling
interdependencies between channels. We show that these blocks can be stacked together to form SENet architectures
that generalise extremely effectively across different datasets. We further demonstrate that SE blocks bring significant
improvements in performance for existing state-of-the-art CNNs at slight additional computational cost. Squeeze-and-
Excitation Networks formed the foundation of our ILSVRC 2017 classification submission which won first place and

reduced the top-5 error to 2.251%, surpassing the winning entry of 2016 by a relative improvement of ~25%.

247


https://openaccess.thecvf.com/content_cvpr_2018/html/Hu_Squeeze-and-Excitation_Networks_CVPR_2018_paper.html
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64.2 &RFORE

64.2.1 ImageNet-1k

R S8 (M) | Flops(G) | Top-1(%) | Top-5 (%) | REXH | T#H
SE-ResNet-50 | 28.09 4.13 77.74 93.84 config model | log
SE-ResNet-101 | 49.33 7.86 78.26 94.07 config model | log

64.3 5|H

@inproceedings{hu2018squeeze,

title={Squeeze-and-excitation networks},
author={Hu, Jie and Shen, Li and Sun, Gang},

booktitle={Proceedings of the IEEE conference on computer vision and pattern.
—recognition},

pages={7132--7141}%,

year={2018}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/seresnet/seresnet50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/se-resnet/se-resnet50_batch256_imagenet_20200804-ae206104.pth
https://download.openmmlab.com/mmclassification/v0/se-resnet/se-resnet50_batch256_imagenet_20200708-657b3c36.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/seresnet/seresnet101_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/se-resnet/se-resnet101_batch256_imagenet_20200804-ba5b51d4.pth
https://download.openmmlab.com/mmclassification/v0/se-resnet/se-resnet101_batch256_imagenet_20200708-038a4d04.log.json

CHAPTER 65

ShuffleNet V1

ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile Devices

65.1 FE

We introduce an extremely computation-efficient CNN architecture named ShuffleNet, which is designed specially for
mobile devices with very limited computing power (e.g., 10-150 MFLOPs). The new architecture utilizes two new oper-
ations, pointwise group convolution and channel shuffle, to greatly reduce computation cost while maintaining accuracy.
Experiments on ImageNet classification and MS COCO object detection demonstrate the superior performance of Shuf-
fleNet over other structures, e.g. lower top-1 error (absolute 7.8%) than recent MobileNet on ImageNet classification
task, under the computation budget of 40 MFLOPs. On an ARM-based mobile device, ShuffleNet achieves ~13x actual

speedup over AlexNet while maintaining comparable accuracy.

65.2 LERFREY

65.2.1 ImageNet-1k

o S48 (M) | Flops(G) | Top-1(%) | Top-5(%) | BEEXH | T
ShuffleNetV1 1.0x (group=3) | 1.87 0.146 68.13 87.81 config model | log
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https://openaccess.thecvf.com/content_cvpr_2018/html/Zhang_ShuffleNet_An_Extremely_CVPR_2018_paper.html
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/shufflenet_v1/shufflenet-v1-1x_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/shufflenet_v1/shufflenet_v1_batch1024_imagenet_20200804-5d6cec73.pth
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@inproceedings{zhang2018shufflenet,

title={Shufflenet: An extremely efficient convolutional neural network for mobile.
—devices},

author={Zhang, Xiangyu and Zhou, Xinyu and Lin, Mengxiao and Sun, Jian},

booktitle={Proceedings of the IEEE conference on computer vision and pattern.
—recognition},

pages={6848--6856},

year={2018}
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CHAPTER OO

ShuffleNet V2

Shufflenet v2: Practical guidelines for efficient cnn architecture design

66.1 {HE

Currently, the neural network architecture design is mostly guided by the indirect metric of computation complexity, i.e.,
FLOPs. However, the direct metric, e.g., speed, also depends on the other factors such as memory access cost and platform
characterics. Thus, this work proposes to evaluate the direct metric on the target platform, beyond only considering
FLOPs. Based on a series of controlled experiments, this work derives several practical guidelines for efficient network
design. Accordingly, a new architecture is presented, called ShuffleNet V2. Comprehensive ablation experiments verify

that our model is the state-of-the-art in terms of speed and accuracy tradeoff.

66.2 LRFIER

66.2.1 ImageNet-1k

il
ShuffleNetV2 1.0x

Flops(G) | Top-1(%) | Top-5 (%) | BEEXH | TH
0.149 69.55 88.92 config model | log

Ny

2%
Helm
=
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https://openaccess.thecvf.com/content_ECCV_2018/papers/Ningning_Light-weight_CNN_Architecture_ECCV_2018_paper.pdf
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/shufflenet_v2/shufflenet-v2-1x_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/shufflenet_v2/shufflenet_v2_batch1024_imagenet_20200812-5bf4721e.pth
https://download.openmmlab.com/mmclassification/v0/shufflenet_v2/shufflenet_v2_batch1024_imagenet_20200804-8860eec9.log.json
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66.3 5|H

@inproceedings{maz2018shufflenet,
title={Shufflenet v2: Practical guidelines for efficient cnn architecture design},
author={Ma, Ningning and Zhang, Xiangyu and Zheng, Hai-Tao and Sun, Jian},
booktitle={Proceedings of the European conference on computer vision (ECCV) },
pages={116-—-131},
year={2018}
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CHAPTERO7

Swin Transformer

Swin Transformer: Hierarchical Vision Transformer using Shifted Windows

67.1 &4y

Swin Transformer (the name Swin stands for Shifted window) is initially described in the paper, which capably serves
as a general-purpose backbone for computer vision. It is basically a hierarchical Transformer whose representation is
computed with shifted windows. The shifted windowing scheme brings greater efficiency by limiting self-attention com-

putation to non-overlapping local windows while also allowing for cross-window connection.

Swin Transformer achieves strong performance on COCO object detection (58.7 box AP and 51.1 mask AP on test-dev)

and ADE20K semantic segmentation (53.5 mIoU on val), surpassing previous models by a large margin.

67.2 {HE

67.3 fEHAR

EREIE A

>>> import torch
>>> from mmcls.apis import init_model, inference_model

>>>

(N IUERED)
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>>> model = init_model ('configs/swin_transformer/swin-tiny_16xb64_inlk.py', 'https://
—download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_tiny_
—patchd4_window7_224-160bb0a5.pth'")

>>> predict = inference_model (model, 'demo/demo.JPEG")

>>> print (predict['pred_class'])

sea snake

>>> print (predict['pred_score'])

0.9092751741409302

A A

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/swin_transformer/swin-tiny_ 16xb64_inlk.py', 'https://
—download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_tiny_
—patch4_window7_224-160bb0a5.pth")

>>> inputs = torch.rand (1, 3, 224, 224).to(model.data_preprocessor.device)

>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size ([1, 10007)

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> print (outs[0] .shape)

torch.Size([1, 7681])

Y/,
K5 ImageNet HHREMELE data/imagenet HEF, BiERIE docs MERHAMEINLE .
YL

python tools/train.py configs/swin_transformer/swin-base_16xb64_inlk.py

python tools/test.py configs/swin_transformer/swin-base_16xb64_inlk.py https://
—download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_tiny_

—patch4_window7_224-160bb0a5.pth

For more configurable parameters, please refer to the API.
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67.4 GRFIRE

67.4.1 ImageNet-21k

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

R | oE | BHE8 (M) | Flops(G) | T#H
Swin-B | 224x224 | 86.74 15.14 model
Swin-B | 384x384 | 86.88 44.49 model
Swin-L | 224x224 | 195.00 34.04 model
Swin-L | 384x384 | 195.20 100.04 model
67.4.2 ImageNet-1k
R | Bl aWE | BHE (M) | Flops(G)| Top-1 Top-5 BB X | T#H
(%) (%) %
Swin-T | MkillZk 224x224 | 28.29 4.36 81.18 95.61 config model |
log
Swin-S | ML IIZk 224x224 | 49.61 8.52 83.02 96.29 config model |
log
Swin-B | MkilllZk 224x224 | 87.77 15.14 83.36 96.44 config model |
log
Swin- MK 224x224 | 49.61 8.52 83.21 96.25 config model
S*
Swin- e SIES 224x224 | 87.77 15.14 83.42 96.44 config model
B*
Swin- Mk 384x384 | 87.90 44.49 84.49 96.95 config model
B*
Swin- ImageNet- 224x224 | 87.77 15.14 85.16 97.50 config model
B* 21k
Swin- ImageNet- 384x384 | 87.90 44.49 86.44 98.05 config model
B* 21k
Swin- ImageNet- 224x224 | 196.53 34.04 86.24 97.88 config model
L* 21k
Swin- ImageNet- 384x384 | 196.74 100.04 87.25 98.25 config model
L* 21k

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.
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https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin-base_3rdparty_in21k.pth
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin-base_3rdparty_in21k-384px.pth
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin-large_3rdparty_in21k.pth
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin-base_3rdparty_in21k-384px.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-tiny_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin_tiny_224_b16x64_300e_imagenet_20210616_090925-66df6be6.pth
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin_tiny_224_b16x64_300e_imagenet_20210616_090925.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-small_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin_small_224_b16x64_300e_imagenet_20210615_110219-7f9d988b.pth
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin_small_224_b16x64_300e_imagenet_20210615_110219.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-base_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin_base_224_b16x64_300e_imagenet_20210616_190742-93230b0d.pth
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin_base_224_b16x64_300e_imagenet_20210616_190742.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-small_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_small_patch4_window7_224-cc7a01c9.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-base_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_base_patch4_window7_224-4670dd19.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-base_16xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_base_patch4_window12_384-02c598a4.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-base_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_base_patch4_window7_224_22kto1k-f967f799.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-base_16xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_base_patch4_window12_384_22kto1k-d59b0d1d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-large_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_large_patch4_window7_224_22kto1k-5f0996db.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-large_16xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin_large_patch4_window12_384_22kto1k-0a40944b.pth
https://github.com/microsoft/Swin-Transformer#main-results-on-imagenet-with-pretrained-models
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67.4.3 CUB-200-2011

A | Bl SR | B¥E (M) | Flops(G) | Top-1 (%) | BEXH | TH
Swin-L | ImageNet-21k | 384x384 | 195.51 100.04 91.87 config model | log

67.5 5|H

@article{1iu2021Swin,
title={Swin Transformer: Hierarchical Vision Transformer using Shifted Windows},
author={Liu, Ze and Lin, Yutong and Cao, Yue and Hu, Han and Wei, Yixuan and Zhang, .
—Zheng and Lin, Stephen and Guo, Baining},
journal={arXiv preprint arXiv:2103.14030},
year={2021}
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https://download.openmmlab.com/mmclassification/v0/swin-transformer/convert/swin-base_3rdparty_in21k-384px.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer/swin-large_8xb8_cub_384px.py
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin-large_8xb8_cub_384px_20220307-1bbaee6a.pth
https://download.openmmlab.com/mmclassification/v0/swin-transformer/swin-large_8xb8_cub_384px_20220307-1bbaee6a.log.json

CHAPTER 08

Swin Transformer V2

Swin Transformer V2: Scaling Up Capacity and Resolution

68.1 &4y

Swin Transformer V2 is a work on the scale up visual model based on Swin Transformer. In the visual field, We can not
increase the performance by just simply scaling up the visual model like NLP models. The possible reasons mentioned

in the article are:
¢ Training instability when increasing the vision model
* Migrating the model trained at low resolution to a larger scale resolution task
* Too mush GPU memory
To solve it, The following method improvements are proposed in the paper:
 post normalization: layer normalization after self-attention layer and MLP block
* scaled cosine attention approach: use cosine similarity to calculate the relationship between token pairs

* log-spaced continuous position bias: redefine relative position encoding
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68.2 {HE

Large-scale NLP models have been shown to significantly improve the performance on language tasks with no signs of
saturation. They also demonstrate amazing few-shot capabilities like that of human beings. This paper aims to explore
large-scale models in computer vision. We tackle three major issues in training and application of large vision models,
including training instability, resolution gaps between pre-training and fine-tuning, and hunger on labelled data. Three
main techniques are proposed: 1) a residual-post-norm method combined with cosine attention to improve training sta-
bility; 2) A log-spaced continuous position bias method to effectively transfer models pre-trained using low-resolution
images to downstream tasks with high-resolution inputs; 3) A self-supervised pre-training method, SimMIM, to reduce
the needs of vast labeled images. Through these techniques, this paper successfully trained a 3 billion-parameter Swin
Transformer V2 model, which is the largest dense vision model to date, and makes it capable of training with images of
up to 1,536x1,536 resolution. It set new performance records on 4 representative vision tasks, including ImageNet-V2
image classification, COCO object detection, ADE20K semantic segmentation, and Kinetics-400 video action classifi-
cation. Also note our training is much more efficient than that in Google’ s billion-level visual models, which consumes

40 times less labelled data and 40 times less training time.

68.3 fE AR

EREIE A

>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/swin_transformer_v2/swinv2-tiny-wl6_16xb64_inlk-256px.
—py', 'https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-tiny-wl6_
—3rdparty_inlk-256px_20220803-9651cdd7.pth")

>>> predict = inference_model (model, 'demo/demo.JPEG")

>>> print (predict['pred_ class'])

sea snake

>>> print (predict['pred_score'])

0.9504518508911133

A A

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/swin_transformer_v2/swinv2-tiny-wl6_16xb64_inlk-256px.
—py', 'https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-tiny-wl6_
—3rdparty_inlk-256px_20220803-9651cdd7.pth")

>>> inputs = torch.rand(l, 3, 224, 224).to(model.data_preprocessor.device)

>>> # To get classification scores.

(Rt
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>>> out = model (inputs)

>>> print (out.shape)

torch.Size ([1, 10007)

>>> # To extract features.

>>> outs = model.extract_feat (inputs)
>>> print (outs[0] .shape)

torch.Size ([1, 2048])

Y/
i ImageNet BABE BT data/imagenet HE N, B{ERIE docs R HABSHEE .
V=

python tools/train.py configs/swin_transformer_v2/swinv2-tiny-wl6_16xb64_inlk-256px.py

st

python tools/test.py configs/swin_transformer_v2/swinv2-tiny-wlé6_16xb64_inlk-256px.py.
—https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-tiny-wl6_3rdparty_
—1nlk-256px_20220803-9651cdd7.pth

For more configurable parameters, please refer to the API.

68.4 &RFOREY

68.4.1 ImageNet-21k

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

i il SR | BEE (M) | Flops(G) | T#H
Swin-B* | 192x192 | 87.92 8.51 model
Swin-L* | 192x192 | 196.74 19.04 model
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https://mmclassification.readthedocs.io/en/1.x/user_guides/dataset_prepare.html#prepare-dataset
https://mmclassification.readthedocs.io/en/1.x/api/generated/mmcls.models.backbones.SwinTransformerV2.html#mmcls.models.backbones.SwinTransformerV2
https://download.openmmlab.com/mmclassification/v0/swin-v2/pretrain/swinv2-base-w12_3rdparty_in21k-192px_20220803-f7dc9763.pth
https://download.openmmlab.com/mmclassification/v0/swin-v2/pretrain/swinv2-large-w12_3rdparty_in21k-192px_20220803-d9073fee.pth
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68.4.2 ImageNet-1k

BE | Bulllgk SYPER | win- | Z # & | Flops(G) Top-1 Top-5 | BLEX | T#H
dow | (M) (%) (%) %

Swin- NESIES 256x256| 8x8 28.35 4.35 81.76 95.87 config model
T*

Swin- M)k 256x256| 16x16 | 28.35 4.4 82.81 96.23 config model
T*

Swin- ML) 256x256 | 8x8 49.73 8.45 83.74 96.6 config model
S*

Swin- ML) 2R 256x256| 16x16 | 49.73 8.57 84.13 96.83 config model
S*

Swin- M) 25 256x256| 8x8 87.92 14.99 84.2 96.86 config model
B*

Swin- M3 25 256x256 | 16x16 87.92 15.14 84.6 97.05 config model
B*

Swin- ImageNet- 256x256| 16x16 | 87.92 15.14 86.17 97.88 config model
B* 21k

Swin- ImageNet- 384x384 | 24x24 | 87.92 34.07 87.14 98.23 config model
B* 21k

Swin- ImageNet- 256X256| 16x16 | 196.75 33.86 86.93 98.06 config model
L* 21k

Swin- ImageNet- 384x384 | 24x24 | 196.75 76.2 87.59 98.27 config model
L* 21k

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

ImageNet-2 1k pretrained models with input resolution of 256x256 and 384x384 both fine-tuned from the same pre-training

model using a smaller input resolution of 192x192.

68.5 5|H

Qarticle{https://doi.org/10.48550/arxiv.2111.09883,
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keywords = {Computer Vision and Pattern Recognition (cs.CV), FOS: Computer and._
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-tiny-w8_16xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-tiny-w8_3rdparty_in1k-256px_20220803-e318968f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-tiny-w16_16xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-tiny-w16_3rdparty_in1k-256px_20220803-9651cdd7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-small-w8_16xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-small-w8_3rdparty_in1k-256px_20220803-b01a4332.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-small-w16_16xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-small-w16_3rdparty_in1k-256px_20220803-b707d206.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-base-w8_16xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-base-w8_3rdparty_in1k-256px_20220803-8ff28f2b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-base-w16_16xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-base-w16_3rdparty_in1k-256px_20220803-5a1886b7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-base-w16_in21k-pre_16xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-base-w16_in21k-pre_3rdparty_in1k-256px_20220803-8d7aa8ad.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-base-w24_in21k-pre_16xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-base-w24_in21k-pre_3rdparty_in1k-384px_20220803-44eb70f8.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-large-w16_in21k-pre_16xb64_in1k-256px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-large-w16_in21k-pre_3rdparty_in1k-256px_20220803-c40cbed7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/swin_transformer_v2/swinv2-large-w24_in21k-pre_16xb64_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/swin-v2/swinv2-large-w24_in21k-pre_3rdparty_in1k-384px_20220803-3b36c165.pth
https://github.com/microsoft/Swin-Transformer#main-results-on-imagenet-with-pretrained-models
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CHAPTER 69

Tokens-to-Token ViT

Tokens-to-Token ViT: Training Vision Transformers from Scratch on ImageNet

69.1 {FE

Transformers, which are popular for language modeling, have been explored for solving vision tasks recently, e.g., the
Vision Transformer (ViT) for image classification. The ViT model splits each image into a sequence of tokens with
fixed length and then applies multiple Transformer layers to model their global relation for classification. However, ViT
achieves inferior performance to CNNs when trained from scratch on a midsize dataset like ImageNet. We find it is
because: 1) the simple tokenization of input images fails to model the important local structure such as edges and lines
among neighboring pixels, leading to low training sample efficiency; 2) the redundant attention backbone design of ViT
leads to limited feature richness for fixed computation budgets and limited training samples. To overcome such limitations,
we propose a new Tokens-To-Token Vision Transformer (T2T-ViT), which incorporates 1) a layer-wise Tokens-to-Token
(T2T) transformation to progressively structurize the image to tokens by recursively aggregating neighboring Tokens into
one Token (Tokens-to-Token), such that local structure represented by surrounding tokens can be modeled and tokens
length can be reduced; 2) an efficient backbone with a deep-narrow structure for vision transformer motivated by CNN
architecture design after empirical study. Notably, T2T-ViT reduces the parameter count and MACs of vanilla ViT by
half, while achieving more than 3.0% improvement when trained from scratch on ImageNet. It also outperforms ResNets
and achieves comparable performance with MobileNets by directly training on ImageNet. For example, T2T-ViT with
comparable size to ResNet50 (21.5M parameters) can achieve 83.3% topl accuracy in image resolution 384x384 on

ImageNet.
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69.2 &RFORE

69.2.1 ImageNet-1k

R SHE (M) | Flops(G) | Top-1(%) | Top-5 (%) | BLEXH | T#H

T2T-ViT_t-14 | 21.47 4.34 81.83 95.84 config model | log
T2T-ViT_t-19 | 39.08 7.80 82.63 96.18 config model | log
T2T-ViT_t-24 | 64.00 12.69 82.71 96.09 config model | log

In consistent with the official repo, we adopt the best checkpoints during training.

69.3 5|H

@article{yuan202ltokens,

title={Tokens-to-token vit: Training vision transformers from scratch on imagenet},

author={Yuan, Li and Chen, Yunpeng and Wang, Tao and Yu, Weihao and Shi, Yujun and.

—~Tay, Francis EH and Feng, Jiashi and Yan, Shuicheng},

journal={arXiv preprint arXiv:2101.11986},
year={2021}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/t2t_vit/t2t-vit-t-14_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/t2t-vit/t2t-vit-t-14_8xb64_in1k_20211220-f7378dd5.pth
https://download.openmmlab.com/mmclassification/v0/t2t-vit/t2t-vit-t-14_8xb64_in1k_20211220-f7378dd5.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/t2t_vit/t2t-vit-t-19_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/t2t-vit/t2t-vit-t-19_8xb64_in1k_20211214-7f5e3aaf.pth
https://download.openmmlab.com/mmclassification/v0/t2t-vit/t2t-vit-t-19_8xb64_in1k_20211214-7f5e3aaf.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/t2t_vit/t2t-vit-t-24_8xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/t2t-vit/t2t-vit-t-24_8xb64_in1k_20211214-b2a68ae3.pth
https://download.openmmlab.com/mmclassification/v0/t2t-vit/t2t-vit-t-24_8xb64_in1k_20211214-b2a68ae3.log.json
https://github.com/yitu-opensource/T2T-ViT

cHAPTER 70

TinyViT

TinyViT: Fast Pretraining Distillation for Small Vision Transformers

70.1 {FE

Vision transformer (ViT) recently has drawn great attention in computer vision due to its remarkable model capability.
However, most prevailing ViT models suffer from huge number of parameters, restricting their applicability on devices
with limited resources. To alleviate this issue, we propose TinyViT, a new family of tiny and efficient small vision
transformers pretrained on large-scale datasets with our proposed fast distillation framework. The central idea is to
transfer knowledge from large pretrained models to small ones, while enabling small models to get the dividends of
massive pretraining data. More specifically, we apply distillation during pretraining for knowledge transfer. The logits of
large teacher models are sparsified and stored in disk in advance to save the memory cost and computation overheads. The
tiny student transformers are automatically scaled down from a large pretrained model with computation and parameter
constraints. Comprehensive experiments demonstrate the efficacy of TinyViT. It achieves a top-1 accuracy of 84.8% on
ImageNet-1k with only 21M parameters, being comparable to SwinB pretrained on ImageNet-2 1k while using 4.2 times
fewer parameters. Moreover, increasing image resolutions, TinyViT can reach 86.5% accuracy, being slightly better than
Swin-L while using only 11% parameters. Last but not the least, we demonstrate a good transfer ability of TinyViT on

various downstream tasks.
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70.2 ZGRFORE

70.2.1 ImageNet-1k

HEE Tl 2k S ¥ 8 | Flops(G)Top-1 | Top-5 | & & | T
(M) (%) (%) X | #H

tinyvit-5m_3rdparty_in1k* ML 5.39 1.29 79.02 94.74 config | mode

tinyvit-5m_in2 1k-distill- ImageNet-21k | 5.39 1.29 80.71 95.57 config | mode

pre_3rdparty_inlk* (distill)

tinyvit-11m_3rdparty_inlk* Mk 11.00 2.05 81.44 95.79 config | mode

tinyvit-11m_in2 1k-distill- ImageNet-21k | 11.00 2.05 83.19 96.53 config | mode

pre_3rdparty_inlk* (distill)

tinyvit-21m_3rdparty_in1k* MK 25 21.20 4.30 83.08 96.58 config | mode

tinyvit-21m_in2 1k-distill- ImageNet-21k | 21.20 4.30 84.85 97.27 config | mode

pre_3rdparty_inlk* (distill)

tinyvit-21m_in2 1k-distill- ImageNet-21k | 21.23 13.85 | 86.21 97.77 config | mode

pre_3rdparty_in1k-384px* (distill)

tinyvit-21m_in2 1k-distill- ImageNet-21k | 21.27 27.15 | 86.44 97.89 config | mode

pre_3rdparty_inlk-512px* (distill)

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tinyvit/tinyvit-5m_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/tinyvit/tinyvit-5m_3rdparty_in1k_20221021-62cb5abf.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tinyvit/tinyvit-5m-distill_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/tinyvit/tinyvit-5m_in21k-distill-pre_3rdparty_in1k_20221021-d4b010a8.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tinyvit/tinyvit-11m_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/tinyvit/tinyvit-11m_3rdparty_in1k_20221021-11ccef16.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tinyvit/tinyvit-11m-distill_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/tinyvit/tinyvit-11m_in21k-distill-pre_3rdparty_in1k_20221021-5d3bc0dc.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tinyvit/tinyvit-21m_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/tinyvit/tinyvit-21m_3rdparty_in1k_20221021-5346ba34.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tinyvit/tinyvit-21m-distill_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/tinyvit/tinyvit-21m_in21k-distill-pre_3rdparty_in1k_20221021-3d9b30a2.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tinyvit/tinyvit-21m-distill_8xb256_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/tinyvit/tinyvit-21m_in21k-distill-pre_3rdparty_in1k-384px_20221021-65be6b3f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tinyvit/tinyvit-21m-distill_8xb256_in1k-512px.py
https://download.openmmlab.com/mmclassification/v0/tinyvit/tinyvit-21m_in21k-distill-pre_3rdparty_in1k-512px_20221021-e42a9bea.pth
https://github.com/microsoft/Cream/tree/main/TinyViT

CHAPTER 7 1

TNT

Transformer in Transformer

711 {FE

Transformer is a new kind of neural architecture which encodes the input data as powerful features via the attention
mechanism. Basically, the visual transformers first divide the input images into several local patches and then calculate
both representations and their relationship. Since natural images are of high complexity with abundant detail and color
information, the granularity of the patch dividing is not fine enough for excavating features of objects in different scales
and locations. In this paper, we point out that the attention inside these local patches are also essential for building visual
transformers with high performance and we explore a new architecture, namely, Transformer iN Transformer (TNT).
Specifically, we regard the local patches (e.g., 16x16) as “visual sentences” and present to further divide them into
smaller patches (e.g., 4x4) as “visual words” . The attention of each word will be calculated with other words in the
given visual sentence with negligible computational costs. Features of both words and sentences will be aggregated to
enhance the representation ability. Experiments on several benchmarks demonstrate the effectiveness of the proposed
TNT architecture, e.g., we achieve an 81.5% top-1 accuracy on the ImageNet, which is about 1.7% higher than that of

the state-of-the-art visual transformer with similar computational cost.
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71.2 &GRFRE

71.2.1 ImageNet-1k

Top-1 (%)

Top-5 (%)

AL E 14

TH

LRl SHE Flops(G)
TNT-small* | 23.76 3.36

81.52

95.73

config

model

Models with * are converted from timm. The config files of these models are only for validation. We don’ t ensure these

config files’ training accuracy and welcome you to contribute your reproduction results.

71.3 5|H

@misc{han202ltransformer,

title={Transformer in Transformer},

author={Kai Han and An Xiao and Enhua Wu and Jianyuan Guo and Chunjing Xu and._

—Yunhe Wang},
year={2021},
eprint={2103.00112},
archivePrefix={arXiv},

primaryClass={cs.CV}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/tnt/tnt-s-p16_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/tnt/tnt-small-p16_3rdparty_in1k_20210903-c56ee7df.pth
https://github.com/rwightman/pytorch-image-models/

CHAPTER 7/ 2

Twins

Twins: Revisiting the Design of Spatial Attention in Vision Transformers

721 RE

Very recently, a variety of vision transformer architectures for dense prediction tasks have been proposed and they show
that the design of spatial attention is critical to their success in these tasks. In this work, we revisit the design of the spatial
attention and demonstrate that a carefully-devised yet simple spatial attention mechanism performs favourably against
the state-of-the-art schemes. As a result, we propose two vision transformer architectures, namely, Twins-PCPVT and
Twins-SVT. Our proposed architectures are highly-efficient and easy to implement, only involving matrix multiplications
that are highly optimized in modern deep learning frameworks. More importantly, the proposed architectures achieve
excellent performance on a wide range of visual tasks, including image level classification as well as dense detection
and segmentation. The simplicity and strong performance suggest that our proposed architectures may serve as stronger

backbones for many vision tasks. Our code is released at this https URL.
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72.2 GGRFRE

72.2.1 ImageNet-1k

g S48 (M) | Flops(G) | Top-1(%) | Top-5(%) | EREXH | T

PCPVT-small* | 24.11 3.67 81.14 95.69 config model
PCPVT-base* | 43.83 6.45 82.66 96.26 config model
PCPVT-large* | 60.99 9.51 83.09 96.59 config model
SVT-small* 24.06 2.82 81.77 95.57 config model
SVT-base* 56.07 8.35 83.13 96.29 config model
SVT-large* 99.27 14.82 83.60 96.50 config model

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t ensure
these config files’ training accuracy and welcome you to contribute your reproduction results. The validation accuracy is
a litfle different from the official paper because of the PyTorch version. This result is get in PyTorch=1.9 while the official

result is get in PyTorch=1.7

72.3 5|H

@article{chu202ltwins,
title={Twins: Revisiting spatial attention design in vision transformers},
author={Chu, Xiangxiang and Tian, Zhi and Wang, Yuging and Zhang, Bo and Ren, .
—Haibing and Wei, Xiaolin and Xia, Huaxia and Shen, Chunhua},
journal={arXiv preprint arXiv:2104.13840},
year={2021}taltgvt
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/twins/twins-pcpvt-small_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/twins/twins-pcpvt-small_3rdparty_8xb128_in1k_20220126-ef23c132.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/twins/twins-pcpvt-base_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/twins/twins-pcpvt-base_3rdparty_8xb128_in1k_20220126-f8c4b0d5.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/twins/twins-pcpvt-large_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/twins/twins-pcpvt-large_3rdparty_16xb64_in1k_20220126-c1ef8d80.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/twins/twins-svt-small_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/twins/twins-svt-small_3rdparty_8xb128_in1k_20220126-8fe5205b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/twins/twins-svt-base_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/twins/twins-svt-base_3rdparty_8xb128_in1k_20220126-e31cc8e9.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/twins/twins-svt-large_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/twins/twins-svt-large_3rdparty_16xb64_in1k_20220126-4817645f.pth
https://github.com/Meituan-AutoML/Twins

CHAPTER 7 3

Visual Attention Network

Visual Attention Network

73.1 FE

While originally designed for natural language processing (NLP) tasks, the self-attention mechanism has recently taken
various computer vision areas by storm. However, the 2D nature of images brings three challenges for applying self-
attention in computer vision. (1) Treating images as 1D sequences neglects their 2D structures. (2) The quadratic com-
plexity is too expensive for high-resolution images. (3) It only captures spatial adaptability but ignores channel adapt-
ability. In this paper, we propose a novel large kernel attention (LKA) module to enable self-adaptive and long-range
correlations in self-attention while avoiding the above issues. We further introduce a novel neural network based on LKA,
namely Visual Attention Network (VAN). While extremely simple and efficient, VAN outperforms the state-of-the-art
vision transformers and convolutional neural networks with a large margin in extensive experiments, including image

classification, object detection, semantic segmentation, instance segmentation, etc.
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73.2 G&GRFRE

73.2.1 ImageNet-1k

¥l il gk SPE | BEE (M) | Flops(G) | Top-1(%) | Top-5 (%) | EREXH | T

VAN-T* | M3Li)l|gk | 224x224 | 4.11 0.88 75.41 93.02 config model
VAN-S* | M3l | 224x224 | 13.86 252 81.01 95.63 config model
VAN-B* | MLl | 224x224 | 26.58 5.03 82.80 96.21 config model
VAN-L* | M3 | 224x224 | 44.77 8.99 83.86 96.73 config model

*Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

73.3 5|H

@article{guo2022visual,

title={Visual Attention Network},

author={Guo, Meng-Hao and Lu, Cheng-Ze and Liu, Zheng-Ning and Cheng, Ming-Ming and.
—Hu, Shi-Min},

journal={arXiv preprint arXiv:2202.09741},

year={2022}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/van/van-tiny_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-tiny_8xb128_in1k_20220501-385941af.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/van/van-small_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-small_8xb128_in1k_20220501-17bc91aa.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/van/van-base_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-base_8xb128_in1k_20220501-6a4cc31b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/van/van-large_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-large_8xb128_in1k_20220501-f212ba21.pth
https://github.com/Visual-Attention-Network/VAN-Classification

CHAPTER /4

VGG

Very Deep Convolutional Networks for Large-Scale Image Recognition

741 HE

In this work we investigate the effect of the convolutional network depth on its accuracy in the large-scale image recognition
setting. Our main contribution is a thorough evaluation of networks of increasing depth using an architecture with very
small (3x3) convolution filters, which shows that a significant improvement on the prior-art configurations can be achieved
by pushing the depth to 16-19 weight layers. These findings were the basis of our ImageNet Challenge 2014 submission,
where our team secured the first and the second places in the localisation and classification tracks respectively. We
also show that our representations generalise well to other datasets, where they achieve state-of-the-art results. We have
made our two best-performing ConvNet models publicly available to facilitate further research on the use of deep visual

representations in computer vision.
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74.2 G&RFRE

74.2.1 ImageNet-1k

gl S48 (M) | Flops(G) | Top-1(%) | Top-5 (%) | RREXH | T

VGG-11 132.86 7.63 68.75 88.87 config model | log
VGG-13 133.05 11.34 70.02 89.46 config model | log
VGG-16 138.36 15.5 71.62 90.49 config model | log
VGG-19 143.67 19.67 72.41 90.80 config model | log
VGG-11-BN | 132.87 7.64 70.67 90.16 config model | log
VGG-13-BN | 133.05 11.36 72.12 90.66 config model | log
VGG-16-BN | 138.37 15.53 73.74 91.66 config model | log
VGG-19-BN | 143.68 19.7 74.68 92.27 config model | log

74.3 3|F

@article{simonyan20l4very,
title={Very deep convolutional networks for large-scale image recognition},
author={Simonyan, Karen and Zisserman, Andrew},
journal={arXiv preprint arXiv:1409.1556},
year={2014}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vgg/vgg11_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/vgg/vgg11_batch256_imagenet_20210208-4271cd6c.pth
https://download.openmmlab.com/mmclassification/v0/vgg/vgg11_batch256_imagenet_20210208-4271cd6c.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vgg/vgg13_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/vgg/vgg13_batch256_imagenet_20210208-4d1d6080.pth
https://download.openmmlab.com/mmclassification/v0/vgg/vgg13_batch256_imagenet_20210208-4d1d6080.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vgg/vgg16_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/vgg/vgg16_batch256_imagenet_20210208-db26f1a5.pth
https://download.openmmlab.com/mmclassification/v0/vgg/vgg16_batch256_imagenet_20210208-db26f1a5.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vgg/vgg19_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/vgg/vgg19_batch256_imagenet_20210208-e6920e4a.pth
https://download.openmmlab.com/mmclassification/v0/vgg/vgg19_batch256_imagenet_20210208-e6920e4a.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vgg/vgg11bn_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/vgg/vgg11_bn_batch256_imagenet_20210207-f244902c.pth
https://download.openmmlab.com/mmclassification/v0/vgg/vgg11_bn_batch256_imagenet_20210207-f244902c.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vgg/vgg13bn_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/vgg/vgg13_bn_batch256_imagenet_20210207-1a8b7864.pth
https://download.openmmlab.com/mmclassification/v0/vgg/vgg13_bn_batch256_imagenet_20210207-1a8b7864.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vgg/vgg16_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/vgg/vgg16_bn_batch256_imagenet_20210208-7e55cd29.pth
https://download.openmmlab.com/mmclassification/v0/vgg/vgg16_bn_batch256_imagenet_20210208-7e55cd29.log.json
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vgg/vgg19bn_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/vgg/vgg19_bn_batch256_imagenet_20210208-da620c4f.pth
https://download.openmmlab.com/mmclassification/v0/vgg/vgg19_bn_batch256_imagenet_20210208-da620c4f.log.json

CHAPTER 75

VIG

Vision GNN: An Image is Worth Graph of Nodes

75.1 {HE

Network architecture plays a key role in the deep learning-based computer vision system. The widely-used convolutional
neural network and transformer treat the image as a grid or sequence structure, which is not flexible to capture irregular
and complex objects. In this paper, we propose to represent the image as a graph structure and introduce a new Vision
GNN (ViG) architecture to extract graph-level feature for visual tasks. We first split the image to a number of patches
which are viewed as nodes, and construct a graph by connecting the nearest neighbors. Based on the graph representation
of images, we build our ViG model to transform and exchange information among all the nodes. ViG consists of two
basic modules: Grapher module with graph convolution for aggregating and updating graph information, and FFN module
with two linear layers for node feature transformation. Both isotropic and pyramid architectures of ViG are built with
different model sizes. Extensive experiments on image recognition and object detection tasks demonstrate the superiority
of our ViG architecture. We hope this pioneering study of GNN on general visual tasks will provide useful inspiration

and experience for future research.
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75.2 GRFORE

75.2.1 ImageNet-1k

Lt Wilg | S%&(M) | Flops(G)| Top-1 Top-5 BB X | T#
(%) (%) %

vig-tiny_3rdparty_in1k* Mk | 7.18 1.31 74.40 92.34 config model
%

vig-small_3rdparty_in1k* M Sk | 2275 4.54 80.61 95.28 config model
%

vig-base_3rdparty_in1k* M 3k Il | 20.68 17.68 82.64 96.04 config model
R

pvig-tiny_3rdparty_inlk* M3k | 9.46 1.71 78.38 94.38 config model
%

pvig-small_3rdparty_inlk* | M 3k iJI] | 29.02 4.57 82.00 95.97 config model
R

pvig- M Sk I | 51.68 8.89 83.12 96.35 config model

medium_3rdparty_in1k* 7

pvig-base_3rdparty_inlk* | M 3k Il | 95.21 16.86 83.59 96.52 config model
%

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.

75.3 5|H

@inproceedings{han2022vig,

title={Vision GNN: An Image is Worth Graph of Nodes},

author={Kai Han and Yunhe Wang and Jianyuan Guo and Yehui Tang and Enhua Wu},

booktitle={NeurIPS},

year={2022}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vig/vig-tiny_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/vig/vig-tiny_3rdparty_in1k_20230117-6414c684.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vig/vig-small_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/vig/vig-small_3rdparty_in1k_20230117-5338bf3b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vig/vig-base_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/vig/vig-base_3rdparty_in1k_20230117-92f6f12f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vig/pvig-tiny_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/vig/pvig-tiny_3rdparty_in1k_20230117-eb77347d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vig/pvig-small_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/vig/pvig-small_3rdparty_in1k_20230117-9433dc96.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vig/pvig-medium_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/vig/pvig-medium_3rdparty_in1k_20230117-21057a6d.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vig/pvig-base_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/vig/pvig-base_3rdparty_in1k_20230117-dbab3c85.pth
https://github.com/huawei-noah/Efficient-AI-Backbones/tree/master/vig_pytorch

CHAPTER /0O

Vision Transformer

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale

76.1 &9y

Vision Transformer, known as ViT, succeeded in using a full transformer to outperform previous works that based
on convolutional networks in vision field. ViT splits image into patches to feed the multi-head attentions, concatenates a
learnable class token for final prediction and adds a learnable position embeddings for relative positional message between
patches. Based on these three techniques with attentions, ViT provides a brand-new pattern to build a basic structure in

vision field.

The strategy works even better when coupled with large datasets pre-trainings. Because of its simplicity and effectiveness,
some after works in classification field are originated from ViT. And even in recent multi-modality field, ViT-based method

still plays a role in it.

76.2 HE

While the Transformer architecture has become the de-facto standard for natural language processing tasks, its applica-
tions to computer vision remain limited. In vision, attention is either applied in conjunction with convolutional networks,
or used to replace certain components of convolutional networks while keeping their overall structure in place. We show
that this reliance on CNNs is not necessary and a pure transformer applied directly to sequences of image patches can
perform very well on image classification tasks. When pre-trained on large amounts of data and transferred to multi-

ple mid-sized or small image recognition benchmarks (ImageNet, CIFAR-100, VTAB, etc.), Vision Transformer (ViT)
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attains excellent results compared to state-of-the-art convolutional networks while requiring substantially fewer compu-

tational resources to train.

76.3 ERAABK

TEREE

>>> import torch

>>> from mmcls.apis import init_model, inference_model

>>>

>>> model = init_model ('configs/vision_transformer/vit-base-pl6_pt-32xbl28-mae_inlk-
224 .py"', 'https://download.openmmlab.com/mmclassification/v0/vit/vit-base-pl6_pt-
—32xbl128-mae_inlk_20220623-4c544545.pth")

>>> predict = inference_model (model, 'demo/demo.JPEG")

>>> print (predict['pred_class'])

sea snake

>>> print (predict['pred_score'])

0.9184340238571167

A A

>>> import torch

>>> from mmcls.apis import init_model

>>>

>>> model = init_model ('configs/vision_transformer/vit-base-pl6_pt-32xbl28-mae_inlk-
224 .py"', 'https://download.openmmlab.com/mmclassification/v0/vit/vit-base-pl6_pt-
—32xbl128-mae_inlk_20220623-4c544545.pth")

>>> inputs = torch.rand(1, 3, 224, 224).to(model.data_preprocessor.device)

>>> # To get classification scores.

>>> out = model (inputs)

>>> print (out.shape)

torch.Size ([1, 10007)

>>> # To extract features.

>>> outs = model.extract_feat (inputs)

>>> # The patch token features

>>> print (outs[0] [0].shape)

torch.Size([1, 768, 14, 14])

>>> # The cls token features

>>> print (outs[0][1].shape)

torch.Size ([1, 768])

YNGR
Rf ImageNet FHREMELE data/imagenet HEF, 2BiERHE docs MERHAMBINLE .
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https://mmclassification.readthedocs.io/en/1.x/user_guides/dataset_prepare.html#prepare-dataset

MMClassification Documentation, %4 %5 1.0.0rc6

gk

python tools/train.py configs/vision_transformer/vit-base-pl6_pt-32xbl128-mae_inlk-224.
—Py

s

python tools/test.py configs/vision_transformer/vit-base-pl6_pt-32xbl28-mae_inlk-224.
—py https://download.openmmlab.com/mmclassification/v0/vit/vit-base-pl6_pt-32xbl128-
—mae_1inlk_20220623-4c544545.pth

For more configurable parameters, please refer to the API.

76.4 ZRFOREY

The training step of Vision Transformers is divided into two steps. The first step is training the model on a large dataset,
like ImageNet-21k, and get the pre-trained model. And the second step is training the model on the target dataset, like

ImageNet-1k, and get the fine-tuned model. Here, we provide both pre-trained models and fine-tuned models.

76.4.1 ImageNet-21k

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

HE SR | SHE (M) | Flops(G) | T#

ViT-B16* | 224x224 | 86.86 33.03 model
ViT-B32* | 224x224 | 88.30 8.56 model
ViT-L16* | 224x224 | 304.72 116.68 | model

Models with * are converted from the official repo.

76.4. R FEE 279



https://mmclassification.readthedocs.io/en/1.x/api/generated/mmcls.models.backbones.VisionTransformer.html#mmcls.models.backbones.VisionTransformer
https://download.openmmlab.com/mmclassification/v0/vit/pretrain/vit-base-p16_3rdparty_pt-64xb64_in1k-224_20210928-02284250.pth
https://download.openmmlab.com/mmclassification/v0/vit/pretrain/vit-base-p32_3rdparty_pt-64xb64_in1k-224_20210928-eee25dd4.pth
https://download.openmmlab.com/mmclassification/v0/vit/pretrain/vit-large-p16_3rdparty_pt-64xb64_in1k-224_20210928-0001f9a1.pth
https://github.com/google-research/vision_transformer#available-vit-models

MMClassification Documentation, 4 %5 1.0.0rc6

76.4.2 ImageNet-1k

et Fuilllgx % ¥ |5 ¥ B | Flops(G) Top-1 Top-5 |EEX | TH
E (M) (%) (%) *
ViT-B16 M1 25 224x224| 86.86 33.03 82.37 96.15 config model |
log

ViT-B16* ImageNet- 384x384| 86.86 33.03 85.43 97.77 config model
21k

ViT-B16 ImageNet- 224x224| 86.86 33.03 81.22 95.56 config model |

(IPU) 21k log

ViT-B32* ImageNet- 384x384| 88.30 8.56 84.01 97.08 config model
21k

ViT-L16* ImageNet- 384x384| 304.72 116.68 85.63 97.63 config model
21k

Models with * are converted from the official repo. The config files of these models are only for validation. We don’ t

ensure these config files’ training accuracy and welcome you to contribute your reproduction results.

76.5 5|H

@inproceedings{

dosovitskiy202lan,

title={An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale},

author={Alexey Dosovitskiy and Lucas Beyer and Alexander Kolesnikov and Dirk.
—Weissenborn and Xiaohua Zhai and Thomas Unterthiner and Mostafa Dehghani and.
—Matthias Minderer and Georg Heigold and Sylvain Gelly and Jakob Uszkoreit and Neil..
—Houlsby},

booktitle={International Conference on Learning Representations},

year={2021},

url={https://openreview.net/forum?id=YicbFdNTTy}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vision_transformer/vit-base-p16_pt-32xb128-mae_in1k-224.py
https://download.openmmlab.com/mmclassification/v0/vit/vit-base-p16_pt-32xb128-mae_in1k_20220623-4c544545.pth
https://download.openmmlab.com/mmclassification/v0/vit/vit-base-p16_pt-32xb128-mae_in1k_20220623-4c544545.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vision_transformer/vit-base-p16_ft-64xb64_in1k-384.py
https://download.openmmlab.com/mmclassification/v0/vit/finetune/vit-base-p16_in21k-pre-3rdparty_ft-64xb64_in1k-384_20210928-98e8652b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vision_transformer/vit-base-p16_ft-4xb544-ipu_in1k.py
https://download.openmmlab.com/mmclassification/v0/vit/vit-base-p16_ft-4xb544-ipu_in1k_20220603-c215811a.pth
https://download.openmmlab.com/mmclassification/v0/vit/vit-base-p16_ft-4xb544-ipu_in1k.log
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vision_transformer/vit-base-p32_ft-64xb64_in1k-384.py
https://download.openmmlab.com/mmclassification/v0/vit/finetune/vit-base-p32_in21k-pre-3rdparty_ft-64xb64_in1k-384_20210928-9cea8599.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/vision_transformer/vit-large-p16_ft-64xb64_in1k-384.py
https://download.openmmlab.com/mmclassification/v0/vit/finetune/vit-large-p16_in21k-pre-3rdparty_ft-64xb64_in1k-384_20210928-b20ba619.pth
https://github.com/google-research/vision_transformer#available-vit-models

CHAPTER 7/ /

Wide-ResNet

Wide Residual Networks

771 WBE

Deep residual networks were shown to be able to scale up to thousands of layers and still have improving performance.
However, each fraction of a percent of improved accuracy costs nearly doubling the number of layers, and so training very
deep residual networks has a problem of diminishing feature reuse, which makes these networks very slow to train. To
tackle these problems, in this paper we conduct a detailed experimental study on the architecture of ResNet blocks, based
on which we propose a novel architecture where we decrease depth and increase width of residual networks. We call the
resulting network structures wide residual networks (WRNs) and show that these are far superior over their commonly
used thin and very deep counterparts. For example, we demonstrate that even a simple 16-layer-deep wide residual net-
work outperforms in accuracy and efficiency all previous deep residual networks, including thousand-layer-deep networks,

achieving new state-of-the-art results on CIFAR, SVHN, COCO, and significant improvements on ImageNet.
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77.2 &RFRE

77.2.1 ImageNet-1k

e Eil S48 (M) | Flops(G) | Top-1(%) | Top-5(%) | RREXH | T
WRN-50* 68.88 11.44 78.48 94.08 config model
WRN-101*% 126.89 22.81 78.84 94.28 config model
WRN-50 (timm)* | 68.88 11.44 81.45 95.53 config model

Models with * are converted from the TorchVision and TIMM. The config files of these models are only for inference. We

don’ tensure these config files’ training accuracy and welcome you to contribute your reproduction results.

773 5|H

@INPROCEEDINGS{Zagoruyko2016WRN,
author = {Sergey Zagoruyko and Nikos Komodakis},
title = {Wide Residual Networks},
booktitle = {BMVC},
year = {2016}}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/wrn/wide-resnet50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/wrn/wide-resnet50_3rdparty_8xb32_in1k_20220304-66678344.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/wrn/wide-resnet101_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/wrn/wide-resnet101_3rdparty_8xb32_in1k_20220304-8d5f9d61.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/wrn/wide-resnet50_timm_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/wrn/wide-resnet50_3rdparty-timm_8xb32_in1k_20220304-83ae4399.pth
https://github.com/pytorch/vision/blob/main/torchvision/models/resnet.py
https://github.com/rwightman/pytorch-image-models/blob/master

CHAPTER 78

XCiT

XCiT: Cross-Covariance Image Transformers

78.1 {FE

Following their success in natural language processing, transformers have recently shown much promise for computer
vision. The self-attention operation underlying transformers yields global interactions between all tokens ,i.e. words or
image patches, and enables flexible modelling of image data beyond the local interactions of convolutions. This flexibility,
however, comes with a quadratic complexity in time and memory, hindering application to long sequences and high-
resolution images. We propose a “transposed” version of self-attention that operates across feature channels rather
than tokens, where the interactions are based on the cross-covariance matrix between keys and queries. The resulting
cross-covariance attention (XCA) has linear complexity in the number of tokens, and allows efficient processing of high-
resolution images. Our cross-covariance image transformer (XCiT) is built upon XCA. It combines the accuracy of
conventional transformers with the scalability of convolutional architectures. We validate the effectiveness and generality
of XCiT by reporting excellent results on multiple vision benchmarks, including image classification and self-supervised
feature learning on ImageNet- 1k, object detection and instance segmentation on COCO, and semantic segmentation on
ADE20k.

283


https://arxiv.org/abs/2106.09681

MMClassification Documentation, 4 %5 1.0.0rc6

78.2 LGRFORE

78.2.1 ImageNet-1k

&R Wik | B8E (M) | Flops(G) | Top-1(%) | Top-5 (%) | BLEXH
xcit-nano-12-p16_3rdparty_inl1k* ML | 3.05 0.56 70.35 89.98 config
xcit-nano-12-p16_3rdparty-dist_in1k* Distillation | 3.05 0.56 72.36 91.02 config
xcit-nano-12-p16_3rdparty-dist_in1k-384px* Distillation | 3.05 1.64 74.93 92.42 config
xcit-nano-12-p8_3rdparty_in1k* MLINg: | 3.05 2.16 73.80 92.08 config
xcit-nano-12-p8_3rdparty-dist_in1k* Distillation | 3.05 2.16 76.17 93.08 config
xcit-nano-12-p8_3rdparty-dist_in1k-384px* Distillation | 3.05 6.34 77.69 94.09 config
xcit-tiny-12-p16_3rdparty_in1k* MK | 6.72 1.24 77.21 93.62 config
xcit-tiny-12-p16_3rdparty-dist_in1k* Distillation | 6.72 1.24 78.70 94.12 config
xcit-tiny-24-p16_3rdparty_in1k* MK | 12.12 2.34 79.47 94.85 config
xcit-tiny-24-p16_3rdparty-dist_in1k* Distillation | 12.12 2.34 80.51 95.17 config
xcit-tiny-12-p16_3rdparty-dist_in1k-384px* Distillation | 6.72 3.64 80.58 95.38 config
xcit-tiny-12-p8_3rdparty_inl1k* MK | 6.71 4.81 79.75 94.88 config
xcit-tiny-12-p8_3rdparty-dist_in1k* Distillation | 6.71 4.81 81.26 95.46 config
xcit-tiny-24-p8_3rdparty_inl1k* MK | 1211 9.21 81.70 95.90 config
xcit-tiny-24-p8_3rdparty-dist_in1k* Distillation | 12.11 9.21 82.62 96.16 config
xcit-tiny-12-p8_3rdparty-dist_in1k-384px* Distillation | 6.71 14.13 82.46 96.22 config
xcit-tiny-24-p16_3rdparty-dist_in1k-384px* Distillation | 12.12 6.87 82.43 96.20 config
xcit-tiny-24-p8_3rdparty-dist_in1k-384px* Distillation | 12.11 27.05 83.77 96.72 config
xcit-small-12-p16_3rdparty_in1k* MK | 26.25 4.81 81.87 95.77 config
xcit-small-12-p16_3rdparty-dist_in1k* Distillation | 26.25 4.81 83.12 96.41 config
xcit-small-24-p16_3rdparty_in1k* Mg | 47.67 9.10 82.38 95.93 config
xcit-small-24-p16_3rdparty-dist_in1k* Distillation | 47.67 9.10 83.70 96.61 config
xcit-small-12-p16_3rdparty-dist_in1k-384px* Distillation | 26.25 14.14 84.74 97.19 config
xcit-small-12-p8_3rdparty_in1k* ML | 26.21 18.69 83.21 96.41 config
xcit-small-12-p8_3rdparty-dist_in1k* Distillation | 26.21 18.69 83.97 96.81 config
xcit-small-24-p16_3rdparty-dist_in1k-384px* Distillation | 47.67 26.72 85.10 97.32 config
xcit-small-24-p8_3rdparty_inlk* MkNgE | 47.63 35.81 83.62 96.51 config
xcit-small-24-p8_3rdparty-dist_in1k* Distillation | 47.63 35.81 84.68 97.07 config
xcit-small-12-p8_3rdparty-dist_in1k-384px* Distillation | 26.21 54.92 85.12 97.31 config
xcit-small-24-p8_3rdparty-dist_in1k-384px* Distillation | 47.63 105.24 85.57 97.60 config
xcit-medium-24-p16_3rdparty_in1k* MK | 84.40 16.13 82.56 95.82 config
xcit-medium-24-p16_3rdparty-dist_in1k* Distillation | 84.40 16.13 84.15 96.82 config
xcit-medium-24-p16_3rdparty-dist_in1k-384px* | Distillation | 84.40 47.39 85.47 97.49 config
T
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-nano-12-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-nano-12-p16_3rdparty_in1k_20230213-ed776c38.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-nano-12-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-nano-12-p16_3rdparty-dist_in1k_20230213-fb247f7b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-nano-12-p16_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-nano-12-p16_3rdparty-dist_in1k-384px_20230213-712db4d4.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-nano-12-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-nano-12-p8_3rdparty_in1k_20230213-3370c293.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-nano-12-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-nano-12-p8_3rdparty-dist_in1k_20230213-2f87d2b3.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-nano-12-p8_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-nano-12-p8_3rdparty-dist_in1k-384px_20230213-09d925ef.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-12-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-12-p16_3rdparty_in1k_20230213-82c547ca.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-12-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-12-p16_3rdparty-dist_in1k_20230213-d5fde0a3.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-24-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-24-p16_3rdparty_in1k_20230213-366c1cd0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-24-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-24-p16_3rdparty-dist_in1k_20230213-b472e80a.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-12-p16_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-12-p16_3rdparty-dist_in1k-384px_20230213-00a20023.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-12-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-12-p8_3rdparty_in1k_20230213-8b02f8f5.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-12-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-12-p8_3rdparty-dist_in1k_20230213-f3f9b44f.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-24-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-24-p8_3rdparty_in1k_20230213-4b9ba392.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-24-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-24-p8_3rdparty-dist_in1k_20230213-ad9c44b0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-12-p8_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-12-p8_3rdparty-dist_in1k-384px_20230213-a072174a.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-24-p16_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-24-p16_3rdparty-dist_in1k-384px_20230213-20e13917.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-tiny-24-p8_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-tiny-24-p8_3rdparty-dist_in1k-384px_20230213-30d5e5ec.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-12-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-12-p16_3rdparty_in1k_20230213-d36779d2.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-12-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-12-p16_3rdparty-dist_in1k_20230213-c95bbae1.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-24-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-24-p16_3rdparty_in1k_20230213-40febe38.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-24-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-24-p16_3rdparty-dist_in1k_20230213-130d7262.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-12-p16_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-12-p16_3rdparty-dist_in1k-384px_20230213-ba36c982.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-12-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-12-p8_3rdparty_in1k_20230213-9e364ce3.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-12-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-12-p8_3rdparty-dist_in1k_20230213-71886580.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-24-p16_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-24-p16_3rdparty-dist_in1k-384px_20230213-28fa2d0e.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-24-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-24-p8_3rdparty_in1k_20230213-280ebcc7.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-24-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-24-p8_3rdparty-dist_in1k_20230213-f2773c78.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-12-p8_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-12-p8_3rdparty-dist_in1k-384px_20230214-9f2178bc.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-small-24-p8_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-small-24-p8_3rdparty-dist_in1k-384px_20230214-57298eca.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-medium-24-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-medium-24-p16_3rdparty_in1k_20230213-ad0aa92e.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-medium-24-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-medium-24-p16_3rdparty-dist_in1k_20230213-aca5cd0c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-medium-24-p16_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-medium-24-p16_3rdparty-dist_in1k-384px_20230214-6c23a201.pth
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R1-ZIW
HE Willgk | B8E (M) | Flops(G) | Top-1(%) | Top-5 (%) | BLEXH
xcit-medium-24-p8_3rdparty_in1k* M4 | 84.32 63.52 83.61 96.23 config
xcit-medium-24-p8_3rdparty-dist_in1k* Distillation | 84.32 63.52 85.00 97.16 config
xcit-medium-24-p8_3rdparty-dist_in1k-384px* Distillation | 84.32 186.67 85.87 97.61 config
xcit-large-24-p16_3rdparty_in1k* Mg | 189.10 35.86 82.97 95.86 config
xcit-large-24-p16_3rdparty-dist_in1k* Distillation | 189.10 35.86 84.61 97.07 config
xcit-large-24-p16_3rdparty-dist_in1k-384px* Distillation | 189.10 105.35 85.78 97.60 config
xcit-large-24-p8_3rdparty_in1k* MKIIZ: | 188.93 141.23 84.23 96.58 config
xcit-large-24-p8_3rdparty-dist_in1k* Distillation | 188.93 141.23 85.14 97.32 config
xcit-large-24-p8_3rdparty-dist_in1k-384px* Distillation | 188.93 415.00 86.13 97.75 config

Models with * are converted from the official repo. The config files of these models are only for inference. We don’ t ensure

these config files’ training accuracy and welcome you to contribute your reproduction results.

78.3 5|H

@article{el2021xcit,

title={XCiT: Cross—-Covariance Image Transformers},

author={E1-Nouby, Alaaeldin and Touvron,

Hugo and Caron,

Mathilde and Bojanowski, .

—Piotr and Douze, Matthijs and Joulin, Armand and Laptev, Ivan and Neverova, Natalia.
—and Synnaeve, Gabriel and Verbeek, Jakob and others},
journal={arXiv preprint arXiv:2106.09681},
year={2021}
}
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https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-medium-24-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-medium-24-p8_3rdparty_in1k_20230214-c362850b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-medium-24-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-medium-24-p8_3rdparty-dist_in1k_20230214-625c953b.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-medium-24-p8_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-medium-24-p8_3rdparty-dist_in1k-384px_20230214-5db925e0.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-large-24-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-large-24-p16_3rdparty_in1k_20230214-d29d2529.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-large-24-p16_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-large-24-p16_3rdparty-dist_in1k_20230214-4fea599c.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-large-24-p16_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-large-24-p16_3rdparty-dist_in1k-384px_20230214-bd515a34.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-large-24-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-large-24-p8_3rdparty_in1k_20230214-08f2f664.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-large-24-p8_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-large-24-p8_3rdparty-dist_in1k_20230214-8c092b34.pth
https://github.com/open-mmlab/mmclassification/blob/1.x/configs/xcit/xcit-large-24-p8_8xb128_in1k-384px.py
https://download.openmmlab.com/mmclassification/v0/xcit/xcit-large-24-p8_3rdparty-dist_in1k-384px_20230214-9f718b1a.pth
https://github.com/facebookresearch/xcit
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CHAPTER 79

M MMClassification 0.x %%

FAIHE MMClassification 1.x fUA 15| AT —SE4& Bl , W] GE 2> 7= 2E AP IR 8. 143 B AR B0RE A MM Classification
0.x IEREHTIH .

79.1 Y ARG

MM(Classification 1.x {KH—22T 0L, ] ARES— ST BB ERse, ok I s 3O BOpT208%; oi F30
LN N AL

1. MMEngine: MMEngine /& OpenMMLab 2.0 Z2H %00, AT 2 51T MG T % i 20 M
MMCV $7#43#] T MMEngine.

2. MMCV: OpenMMLab T EMAGE IR, XA Z—NHRKE, (AARTRERHTFE) 2.0.0rcl i
ARPAL.

3. rich: —A@ATTEALRE, HATE G 71 B SR 1
79.2 ELEX#F

£ MMClassification 1.x W1, FRATHMY T HCESCIFRYZER , ZEHR I JFOR AL B SO Tk R
AT, AT BB S . FATBRSE T Zoxnbae 5T B T .
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https://github.com/open-mmlab/mmengine
https://github.com/open-mmlab/mmcv
https://github.com/Textualize/rich
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79.21 BEENGE

model.backbone, model.neck fll model.head FEHA L.
model.train_cfqg FEHARk:

e BatchMixup #{E A4~ Mixup

e BatchCutMix #{EMAL N CutMix

* BatchResizeMix #f FEfy44 N ResizeMix

o DA FtEsR A prob SEUMALEE, PIESE train_cfg FHTH— %K probs FEIG E A
MRS, WA probs SFEE, BIEHRY SIHBEHL AR R,

model = dict (

train_cfg=dict (augments=|[
dict (type='BatchMixup', alpha=0.8, num_classes=1000, prob=0.5),
dict (type='BatchCutMix', alpha=1.0, num_classes=1000, prob=0.5)

model = dict (

train_cfg=dict (augments=|[
dict (type='Mixup', alpha=0.8),
dict (type='CutMix', alpha=1.0),

79.2.2 FiEiEE

data TR

o JFSER data FEWFRS N train_dataloader, val_dataloader fll test_dataloader FE.
X AVFERATHEAT M ANAL L E . L AnAE VI ZRANI A 48 8 AN [ R AR . LR/ NGE

e samples_per_gpu FEHIE M4 N batch_size

e workers_per_gpu FEMEMSL N num_workers

data = dict (
samples_per_gpu=32,
workers_per_gpu=2,
train=dict(...),

val=dict (...),

(N dksn)
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test=dict (...),

train_dataloader = dict (
batch_size=32,
num_workers=2,
dataset=dict (...),
sampler=dict (type='DefaultSampler', shuffle=True) # 55 E W

val_dataloader = dict (
batch_size=32,
num_workers=2,
dataset=dict (...),
sampler=dict (type='DefaultSampler', shuffle=False) # b E W

test_dataloader = val_dataloader

pipeline BNk
» JF4EH) ToTensor. ImageToTensor fll Collect #i& ¥l PackClsInputs

o WATHWEBEEIRERKL ) Normalize A8k, #ififliJ] data_preprocessor FRUETIH—1k
FHALEE

e RandomFlip Hff] flip_prob W EML N flip
* RandomCrop W1 size MW FE 4 N crop_size
* RandomResizedCrop W] size ZEWE M4 N scale

* Resize H1f] size ZHMHEM KN scale. H HAHILEEM (256, -1) WR-F, HHEH

ResizeEdge

* AutoAugment fll RandAugment W] policies SEUIAE CHFM H F4F 5 R 45 0 Hh LUl i 1 SR
4 AutoAugment % 4F “imagenet”, RandAugment Z#F “timm_increasing”

* RandomResizedCrop fil CenterCrop N F H #f efficientnet_style ZH ¥, iF f# /7
EfficientNetRandomCrop MlEfficientNetCenterCrop

Frils AR LR AL e TAERS BRI BRI T, A —Ak, SRS T2 AR B

img_norm_cfg = dict (

mean=[123.675, 116.28, 103.53], std=[58.395, 57.12, 57.375], to_rgb=True)
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https://mmcv.readthedocs.io/zh_CN/2.x/api/generated/mmcv.transforms.RandomFlip.html#mmcv.transforms.RandomFlip
https://mmcv.readthedocs.io/zh_CN/2.x/api/generated/mmcv.transforms.Resize.html#mmcv.transforms.Resize
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train_pipeline = [
dict (type="'LoadImageFromFile'),
dict (type='RandomResizedCrop',
dict (type='RandomFlip', flip_prob=0.5,
dict (type='Normalize', **img_norm_cfgqg),
dict (type='ImageToTensor',
dict (type='ToTensor',

dict (type='Collect', keys=['img',

size=224),

keys=["img']),
keys=['gt_label']),
'gt_label'])

direction='horizontal'),

dict (
116.28,

data_preprocessor =
mean=[123.675, 103.5371,
train_pipeline = [
dict (type="'LoadImageFromFile'),
dict (type='RandomResizedCrop',
dict (type='RandomFlip', prob=0.5,
dict (type='PackClsInputs'),

std=[58.395,

57.12, 57.375], to_rgb=True)

scale=224),

direction='horizontal'),

evaluation FE;fHA8{k

e ) evaluation FEr#i¥F4r N val_evaluator Ml test_evaluator, FF HAFH X
interval Ml save_best Z%{. interval KN E train_cfg.val_interval FE, #
W4 % o4 mE . T save_best B if281 E default_hooks.checkpoint.save_best F,

WA TR E

o ‘accuracy’ IEFRPEEEGN4N Accuracy

e ‘precision’,’ recall’,’ fl-score’ Fll ‘support’ F5¥r#i4H &N SingleLabelMetric, HAfiff] items

SRR E H AT SENRLE SR AR .

e ‘mAP’ F8IpWiE M4 N AveragePrecision

« ‘CP’,” CR’,” CF1’,” OP’,” OR’ #il ‘OFI’

il average ZH4 E BRI FMFLE DR

SR &N MultiLabelMetric, FH{#if] items

evaluation = dict (
interval=1,
metric='accuracy',

metric_options=dict (topk=(1, 5))

290
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val_evaluator = dict (type='Accuracy', topk=(1, 5))

test_evaluator = val_evaluator

evaluation = dict (
interval=1,
metric=['mAP', 'CP', 'OP', 'CR', 'OR', 'CFl', 'OF1'],

metric_options=dict (thr=0.5),

val_evaluator = [
dict (type='AveragePrecision'),
dict (type='MultilLabelMetric',
items=['precision', 'recall', 'fl-score'],
average='both',
thr=0.5),
]

test_evaluator = val_evaluator

79.2.3 IRERIRE

optimizer fl optimizer_config FEX{ZA8 k.

« BIAEIRAIEE ] optim wrapper FEX{§E S EA X F A E. T optimizer FEfE
optim_wrapper B)—FFE.

e paramwise_cfqg FEAFZ optimizer P TFE, & optim_wrapper TFEL.
* optimizer_config FEHHEE, HA B A optim_wrapper FE.

e grad_clip #fEmMm4 N clip_grad

optimizer = dict(

type="AdamW',

1r=0.0015,

weight_decay=0.3,

paramwise_cfg = dict (
norm_decay_mult=0.0,
bias_decay_mult=0.0,

))

optimizer_config = dict (grad_clip=dict (max_norm=1.0))

optim_wrapper = dict (

optimizer=dict (type='AdamW', 1lr=0.0015, weight_decay=0.3),

(Rt
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paramwise_cfg = dict(
norm_decay_mult=0.0,
bias_decay_mult=0.0,
) ’

clip_grad=dict (max_norm=1.0),

1lr_config FE AL :
* 1r_config FEWBE, AL paran_scheduler FLERM.
« warmup HRMFBARR IR, B2 3] SEHAT DA 242 3] SRS 2 AR S8, LA T
I
H A SHOR IR H AR IR R, (Rn] AR Bkt 2 Fhe 2], giiihZk, ¥ MMEngine
R

lr_config = dict(
policy='CosineAnnealing',
min_1lr=0,
warmup="'linear’',
warmup_iters=5,
warmup_ratio=0.01,

warmup_by_epoch=True)

param_scheduler = [
EEES T
dict (
type='LinearlR',
start_factor=0.01,
by_epoch=True,
end=5,
# BRARMEFF I X, WL EEFAN epoch
convert_to_iter_based=True),
PEEIENKE
dict (type='CosineAnnealinglLR', by_epoch=True, begin=5),

runner FEHYARL :

Jf runner “FEMAHFII N train_cfg, val_cfg Ml test_cfg =AFE, 7 HIRCEIIZ. Hik A Los
o

runner = dict (type='EpochBasedRunner', max_epochs=100)
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# ‘val_interval® FHE X B EBEY ‘evaluation.interval F&
train_cfg = dict (by_epoch=True, max_epochs=100, val_interval=1)
val_cfg = dict() # ZFRERTFIEABRANRIIRE

test_cfg = dict() # ZFAXTEARAN AR E

1 OpenMMLab 2.0 #t, FATSIA T “OEFRERlE" ARfHUIgE . BULAM AT, MR Runner J)fEHA]
A T A . RN 412 I MMEngine PRI T AR 2R o

79.24 EBITRE

checkpoint_config fll log_config FEHIARk.:

checkpoint_config ff # 3 & default_hooks.checkpoint, log_config #f ¥ z1 &
default_hooks.logger.[dllf, FATRAR 2 I e e I Gh A h fa e L8 1313 T default_hooks
FE.

default_hooks = dict (
#ORTERE R R
timer=dict (type='IterTimerHook"),

# & 100 HARITH —KE &
logger=dict (type="'LoggerHook', interval=100),

# B R #E 5B R #
param_scheduler=dict (type='ParamSchedulerHook'"),

# FA epoch RE—RERAREXH, FHHEIHEFRLENE M4

checkpoint=dict (type='CheckpointHook', interval=1l, save_best='auto'),

tFELHAATE T REXEERT
sampler_seed=dict (type='DistSamplerSeedHook"),

# AN IELE £, ¥ ‘enable’ & A True X B H X —H &,

visualization=dict (type='VisualizationHook', enable=False),

Ak, FRATREEEORAY H G ShREYR 40 H B0 T Ak . H Ao 0 se i IR 95 E Rl B A7 H S50, YA
AT I SR A0 B, nTAE A TEA R B G imic sk H &, W%, TensorBoard £l WandB,

log_config = dict(
interval=100,
hooks=[
dict (type='TextLoggerHook'),

(FIakss)
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dict (type='TensorboardLoggerHook'),

default_hooks = dict (

logger=dict (type="'LoggerHook', interval=100),

visualizer = dict (

type='ClsVisualizer',

vis_backends=[dict (type='LocalVisBackend'), dict (type='TensorboardVisBackend')],

load_from l resume_from 5B/ :
¢ resume_from ‘FEPHER. FATIHEMA resume Ml load_from FBSL B PA T LIAE:
— Ul resume=True H load_from A4 None, M load_from #§ & HIALE UK VI
- Wl resume=True H load_from 3y None, M A H R AL E SCHREZ IIZ:
- Wl resume=False H load_from Ay None, {UMZIEERIMEIM, AR,
— 1l resume=False H load_from 3} None, ANFEfTAF{a[#E1E.

dist_params FZE 455l dist_params FEWESI N env_cfg ZEH—PTFE. AN N env_cfg
- B T T

env_cfg = dict(
# Z % B A cudnn benchmark

cudnn_benchmark=False,

tRESZHBHEXER

mp_cfg=dict (mp_start_method='fork', opencv_num_threads=0),

#RELARMESK
dist_cfg=dict (backend="'nccl'),

workflow FEIIIASE : workflow A EPIIHREIL E #iFS 1% .

Bi7Bl visualizer: WL{LARE OpenMMLab 2.0 ZEt i it, FATEE I MALER AT H & S92 0
RS Z R R At . UL MMEngine H i LA R

visualizer = dict (
type="'ClsVisualizer',

vis_backends=[

(Rt
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dict (type='LocalVisBackend'),
FRTARBER, WTRaEMATNLLERRFE TesnorBoard
# dict (type='TensorboardVisBackend')

B Bt default_scope: f§ & I A vE M A 2F 17 AL B3 R EROA B9 2 . MMClassification  H1 1)
default_scope FE N mmcls, KFMHFN T AFEBK. FEIL MMengine H SRR

79.3 ERTT)

79.3.1 mmcls.apis

E NI
E T3
init_model T )

inferencemodel | % &, 1 & M M % B 0 % M #H B foocls.
ImageClassificationInferencer,

train_model R, HEMEH runner. train #4714,

multi_gpu_test Flr, EHIEMH runner.test FHTINIL.

single_gpu_test | Bk, EHIEMH runner.test FATIIE.

show_result_pyplot B, fifflmmcls. ImageClassificationInferencer JATHLFL IS,

AL .
set_random_seed izl},%, ﬁﬁﬁ mmengine.runner.set_random_seed.

init_random_seed | #[%, ffifj mmengine.dist.sync_random_seed.

79.3.2 mmcls.core

mmcls.core W E ML Nmmcls. engine

Fa& L)

evaluation B, il mmcls.evaluation

hook ¥ Emmcls.engine. hooks

optimizers ®ahEmmcls.engine.optimizers

utils Bl , ARG KA RS — 2 mmengine . dist {4

visualization | % &, H d 5] M 1k A * B9 ¥ 68 ¥ % 3 & mmcls.visualization.
ClsVisualizer
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hooks fJH ) MMC1sWandbHook [HAZZF .

hooks fiHffj CosineAnnealingCooldownLrUpdaterHook #5145 . FRATEIAE L3l F 2% > RE K251
HAETLIZIIEE. T B 2 L2 ok o

79.3.3 mmcls.datasets

PRI & S A%
CustomDataset BT data_root B3, fE N data_prefix fl ann_file WILEIREER.
ImageNet Y custombataset #[A.
ImageNet21k 5 custombataset FH[H .
CIFAR10 & CIFAR100 test_mode ZE{H i 2 SE.
MNIST & | test_mode Z4(HHIEWNESH,
FashionMNIST
voC IMFEEETLFE F data_root, image_set_path fll test_mode Z%{.
CUB IMAEEEELFEE data_root Ml test_mode Z%.

mmcls.datasets.pipelines A E 44 A mmcls.datasets.transforms

G RE e T

LoadImageFromFill#[:, i) mmcv.transforms.LoadImageFromFile

RandomFlip B, i mmev.transforms.RandomFlip, H flip_prob S EMN
“H prob

RandomCrop size B EML N crop_size

RandomResizedCriopize W E M4 N scale; scale W EMAL N crop_ratio_range; A
WY H efficientnet_style, il EfficientNetRandomCrop

CenterCrop #lg il mmev.transforms.CenterCrop; AH-H#fefficientnet_style,
HMHEfficientNetCenterCrop
Resize ¥, i mmcv.transforms.Resize; size BB E ML N scale, HAH

XREM (256, -1) B4, (iH ResizeEdge
AutoAugment & | policies ZEUIIAEHFEH FAT R E Pl R mE 4R .
RandomAugment

Compose HW:, il mmcv.transforms.Compose

296 Chapter 79. M MMClassification 0.x i£%%


https://mmcv.readthedocs.io/zh_CN/2.x/api/generated/mmcv.transforms.LoadImageFromFile.html#mmcv.transforms.LoadImageFromFile
https://mmcv.readthedocs.io/zh_CN/2.x/api/generated/mmcv.transforms.RandomFlip.html#mmcv.transforms.RandomFlip
https://mmcv.readthedocs.io/zh_CN/2.x/api/generated/mmcv.transforms.CenterCrop.html#mmcv.transforms.CenterCrop
https://mmcv.readthedocs.io/zh_CN/2.x/api/generated/mmcv.transforms.Resize.html#mmcv.transforms.Resize
https://mmcv.readthedocs.io/zh_CN/2.x/api/generated/mmcv.transforms.Compose.html#mmcv.transforms.Compose

MMClassification Documentation, %4 %5 1.0.0rc6

79.3.4 mmcls.models

£ 6, 4%, backbones. necks F/l losses [7) 451 A 485 .

ImageClassifier W)Z5%:

rRIBW T E T

extract_feat TLASBh

forward WAEET =47 A\ inputs, data_samples fll mode, FIL 4%
forward_train | ZF®H K loss ik,

simple_test ASH ) predict k.

train_step optimizer ZEWHE YN optim_wrapper, 57 OptimWrapper
val_step JRJeH) val_step 5 train_step —&(, BRI ER2PN predict
test_step WY, 5val_step —F,

heads F)AS ) :

pre_logits | 523

forward_tralrff ¥4 loss ik,

simple_test | AW} predict Fik.
loss IMAEHEY data_samples 81, MAE gt_labels, data_samples Z¥(V 4%
ClsDataSample {53 .

forward B, ERRRES ISR, AT EARE (45 softmax B¥ sigmoid) .

79.3.5 mmcls.utils

HEW AL
collect_env T2 5
get_root_logger % [, {ii H mmengine.logging.MMLogger.
get_current_instance
load_json_log s U R AR
setup_multi_processes % % {gi H mmengine.utils.dl_utils.

set_multi_processing

wrap_non_distributed_mode

1Rk, BAAE runner & H 2 L

wrap_distributed_model

%, PIAE runner £ [ BB RIRL,

auto_select_device

Folk, BUAE runner & H B

79.3. BERTE)

297


https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.optim.OptimWrapper.html#mmengine.optim.OptimWrapper
https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.logging.MMLogger.html#mmengine.logging.MMLogger.get_current_instance
https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.logging.MMLogger.html#mmengine.logging.MMLogger.get_current_instance
https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.utils.dl_utils.set_multi_processing.html#mmengine.utils.dl_utils.set_multi_processing
https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.utils.dl_utils.set_multi_processing.html#mmengine.utils.dl_utils.set_multi_processing

MMClassification Documentation, 4 %5 1.0.0rc6

79.3.6 HihZzh

o WATRFBITATEM R0 E XA EHEEE] T mcls . registry 4,
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mmcls.apis

e Model

. 32

80.1 Model
list_models List all models available in MMClassification.
get_model Get a pre-defined model by the name of model.
init_model MBCE SRR AL — A 2K s
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80.1.1 mmcls.apis.list_models

mmcls.apis.list_models (pattern=None)

List all models available in MMClassification.
%% pattern (str | None)-A wildcard pattern to match model names.

jJRIA| a list of model names.

R List[str]

fiE AR B

List all models:

>>> from mmcls import list_models

>>> print (list_models())

List ResNet-50 models on ImageNet- 1k dataset:

>>> from mmcls import list_models

>>> print (list_models ('resnet*inlk'))
['resnet50_8xb32_inlk',
'resnet50_8xb32-fpl6_inlk"',
'resnet50_8xb256-rsb-al-600e_inlk"',
'resnet50_8xb256-rsb-a2-300e_inlk"',
'resnet50_8xb256-rsb—-a3-100e_inlk']

80.1.2 mmcls.apis.get_model

mmcls.apis.get_model (model_name, pretrained=False, device=None, **kwargs)

Get a pre-defined model by the name of model.
BH
* model_name (st r)—-The name of model.

* pretrained (bool | str)-If True,load the pre-defined pretrained weights. If a string,
load the weights from it. Defaults to False.

* device (str | torch.device | None) —Transfer the model to the target device.
Defaults to None.

» **kwargs —Other keyword arguments of the model config.
J&[E] The result model.

BRMFEH mmengine.model. BaseModel
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fi£ AR B

Get a ResNet-50 model and extract images feature:

>>> import torch
>>> from mmcls import get_model

>>> inputs = torch.rand(l6, 3, 224, 224)

—indices=(0, 1, 2, 3)))
>>> feats = model.extract_feat (inputs)
>>> for feat in feats:
print (feat.shape)
torch.Size([16, 25617)
torch.Size([16, 512])
torch.Size ([16, 1024])
torch.Size([16, 2048])

>>> model = get_model ('resnet50_8xb32_ inlk', pretrained=True, backbone=dict (out_

Get Swin-Transformer model with pre-trained weights and inference:

>>> from mmcls import get_model, inference_model

>>> model = get_model ('swin-base_16xb64_inlk', pretrained=True)
>>> result = inference_model (model, 'demo/demo.JPEG")

>>> print (result['pred_class'])

'sea snake'

80.1.3 mmcls.apis.init_model

mmcls.apis.init_model (config, checkpoint=None, device=None, **kwargs)
M E SR IR — A7 2K e
S8

* config (str Immengine.Config)—-Config file path or the config object.

* checkpoint (str, optional)—-Checkpoint path. If left as None, the model will not

load any weights.

* device (str | torch.device | None) —Transfer the model to the target device.

Defaults to None.
» **kwargs —Other keyword arguments of the model config.
j&[\] The constructed model.

B2 nn.Module
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80.2 #kiF

ImageClassificationInferencer The inferencer for image classification.

80.2.1 ImagecClassificationInferencer

class mmcls.apis.ImageClassificationInferencer (model, weights=None, device=None,

classes=None)

The inferencer for image classification.

S8

* model (BaseModel | str | Config) —A model name or a path to
the confi file, or a BaseModel object. The model name can be found by
ImageClassificationInferencer.list_models () and you can also query it
in FEA B 4t

* weights (str, optional) —Path to the checkpoint. If None, it will try to find a pre-
defined weight from the model you specified (only work if the model is a model name).
Defaults to None.

e device (str, optional)-Device to run inference. If None, use CPU or the device of
the input model. Defaults to None.

EN L)

1. Use a pre-trained model in MMClassification to inference an image.

>>> from mmcls import ImageClassificationInferencer
>>> inferencer = ImageClassificationInferencer ('resnet50_8xb32_inlk")
>>> inferencer ('demo/demo.JPEG")
[{'pred_score': array([...]),
'pred_label': 65,
'pred_score': 0.6649367809295654,

'pred_class': 'sea snake'}]

2. Use a config file and checkpoint to inference multiple images on GPU, and save the visualization results in a
folder.

>>> from mmcls import ImageClassificationInferencer
>>> inferencer = ImageClassificationInferencer (
model="configs/resnet/resnet50_8xb32_inlk.py"',

weights="https://download.openmmlab.com/mmclassification/v0/resnet/

—resnetb50_8xb32_inlk_20210831-ead4938fc.pth', CF W 4k%E)
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(£ 50

device='cuda')

>>> inferencer (['demo/dog.jpg', 'demo/bird.JPEG'], show_dir="./visualize/")

__call__ (inputs, return_datasamples=False, batch_size=1, **kwargs)

Call the inferencer.
ZH
e inputs (InputsType) —Inputs for the inferencer.

e return_datasamples (bool) —Whether to return results as BaseDataElement.
Defaults to False.

¢ batch_size (int)—Batch size. Defaults to 1.

rescale_factor (float, optional)-Rescale the image by the rescale factor for
visualization. This is helpful when the image is too large or too small for visualization. De-

faults to None.

e draw_score (bool) —Whether to draw the prediction scores of prediction categories.

Defaults to True.

show (boo1) —~Whether to display the visualization result in a window. Defaults to False.

show_dir (str, optional)-IfnotNone,save the visualization results in the specified

directory. Defaults to None.
j&[n] The inference results.
BRI Tist
static list_models (pattern=None)
List all available model names.
%% pattern(str | None)-A wildcard pattern to match model names.

#&[A] a list of model names.

BRI List[str]

inference_model Inference an image with the classifier.
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80.2.2 mmcls.apis.inference_model

mmcls.apis.inference_model (model, img, device=None)

Inference an image with the classifier.

SH

e model (BaseModel | str | Config) —The loaded classifier or the model name or

the config of the model.

* img(str | ndarray)—The image filename or loaded image.

e device (str, optional)-Device to run inference. If None, use CPU or the device of

the input model. Defaults to None.
Bl
The classification results that contains:
* pred_scores: The classification scores of all categories.
* pred_class: The predicted category.
* pred_label: The predicted index of the category.
* pred_score: The score of the predicted category.

R result (dict)

f#7E:  This function is reserved for compatibility and demo on a single image.

ImageClassificationInferencer, which is more powerful and configurable.

We suggest to use
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81.1 Hooks

ClassNumCheckHook Class Number Check HOOK.

PreciseBNHook Precise BN hook.

VisualizationHook Classification Visualization Hook.
PrepareProtoBeforeValLoopHook The hook to prepare the prototype in retrievers.
SetAdaptiveMarginsHook Set adaptive-margins in ArcFaceClsHead based on the

power of category-wise count.

EMAHook A Hook to apply Exponential Moving Average (EMA) on

the model during training.

81.1.1 ClassNumCheckHook

class mmcls.engine.hooks.ClassNumCheckHook

Class Number Check HOOK.

before_test (runner)

Check whether the test dataset is compatible with head.
¥ (obj (runner) —lIterBasedRunner): Tter based Runner.

before_train (runner)

Check whether the training dataset is compatible with head.
¥t (obj (runner) —IterBasedRunner): Tter based Runner.

before_val (runner)

Check whether the validation dataset is compatible with head.

¥ (obj (runner) —IterBasedRunner): Iter based Runner.

81.1.2 PreciseBNHook

class mmcls.engine.hooks.PreciseBNHook (num_samples=8192, interval=1)

Precise BN hook.

Recompute and update the batch norm stats to make them more precise. During training both BN stats and the
weight are changing after every iteration, so the running average can not precisely reflect the actual stats of the

current model.

With this hook, the BN stats are recomputed with fixed weights, to make the running average more precise. Specif-
ically, it computes the true average of per-batch mean/variance instead of the running average. See Sec. 3 of the

paper Rethinking Batch in BatchNorm <https://arxiv.org/abs/2105.07576> for details.
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This hook will update BN stats, so it should be executed before CheckpointHook and EMAHook, generally set
its priority to “ABOVE_NORMAL” .

B8
* num_samples (int)-The number of samples to update the bn stats. Defaults to 8192.
* interval (int)—Perform precise bn interval. If the train loop is

* by_epoch=True (EpochBasedTrainLoop or)—train loop is lterBasedTrainLoop or

by_epoch=False, its unit is ‘iter’ . Defaults to 1.

e the (its unit is 'epoch'; if) —train loop is [lterBasedTrainLoop or

by_epoch=False, its unitis ‘iter’ . Defaults to 1.

after_train_epoch (runner)

Calculate prcise BN and broadcast BN stats across GPUs.
2% (obj (runner) —Runner): The runner of the training process.

after_train_iter (runner, batch_idx, data_batch=None, outputs=None)

Calculate prcise BN and broadcast BN stats across GPUs.
S8
¢ (obj (runner) —Runner): The runner of the training process.
* batch_idx (int)-The index of the current batch in the train loop.

e data_batch (Sequence[dict], optional)—Data from dataloader. Defaults to

None.

81.1.3 VisualizationHook

class mmcls.engine.hooks.VisualizationHook (enable=False, interval=5000, show=False,

out_dir=None, **kwargs)
Classification Visualization Hook. Used to visualize validation and testing prediction results.
» If out_dir is specified, all storage backends are ignored and save the image to the out_dir.

e If show is True, plot the result image in a window, please confirm you are able to access the graphical

interface.

SH
e enable (bool)—Whether to enable this hook. Defaults to False.
* interval (int) —The interval of samples to visualize. Defaults to 5000.

* show (bool)-Whether to display the drawn image. Defaults to False.
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* out_dir (str, optional)—directory where painted images will be saved in the testing

process. If None, handle with the backends of the visualizer. Defaults to None.
e **kwargs —other keyword arguments of mmcls.visualization.

ClsVisualizer.add_datasample().

after_test_iter (runner, batch_idx, data_batch, outputs)

Visualize every self.interval samples during test.
B8
e runner (Runner) —The runner of the testing process.
* batch_idx (int) -The index of the current batch in the test loop.
e data_batch (dict) —Data from dataloader.
* outputs (Sequence[DetDataSample]) —Outputs from model.

after_val_iter (runner, batch_idx, data_batch, outputs)

Visualize every self.interval samples during validation.
S8
e runner (Runner) —The runner of the validation process.
e batch_idx (int)-The index of the current batch in the val loop.
e data_batch (dict)—Data from dataloader.

* outputs (Sequence[ClsDataSample]) —Outputs from model.

81.1.4 PrepareProtoBeforeValLoopHook

class mmcls.engine.hooks.PrepareProtoBeforeValLoopHook

The hook to prepare the prototype in retrievers.

Since the encoders of the retriever changes during training, the prototype changes accordingly. So the proto-

type_vecs needs to be regenerated before validation loop.

81.1.5 SetAdaptiveMarginsHook

class mmcls.engine.hooks.SetAdaptiveMarginsHook (margin_min=0.05, margin_max=0.5,

power=- 0.25)
Set adaptive-margins in ArcFaceClsHead based on the power of category-wise count.
A PyTorch implementation of paper Google Landmark Recognition 2020 Competition Third Place Solution. The

margins will be f(n) = (marginMaz — marginMin)-norm(nP) + marginMin. The n indicates the number

of occurrences of a category.
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BH
* margin_min (float)-Lower bound of margins. Defaults to 0.05.
* margin_max (float)—-Upper bound of margins. Defaults to 0.5.
» power (float)-The power of category freqercy. Defaults to -0.25.

before_train (runner)

change the margins in ArcFaceClsHead.

%% (obj (runner) —Runner): Runner.

81.1.6 EMAHook

class mmcls.engine.hooks.EMAHook (ema_type="ExponentialMovingAverage’, strict_load=False,
begin_iter=0, begin_epoch=0, evaluate_on_ema="True,

evaluate_on_origin=False, **kwargs)
A Hook to apply Exponential Moving Average (EMA) on the model during training.
Comparing with mmengine.hooks.EMAHook, this hook accepts evaluate_on_ema and

evaluate_on_origin arguments. By default, the evaluate_on_ema is enabled, and if you want

to do validation and testing on both original and EMA models, please set both arguments True.

Rk
* EMAHook takes priority over CheckpointHook.
 The original model parameters are actually saved in ema field after train.

* begin_iter and begin_epoch cannot be set at the same time.

ZH

* ema_type (str)-The type of EMA strategy to use. You can find the supported strategies

inmmengine.model.averaged_model. Defaults to ‘ExponentialMovingAverage’ .

* strict_load (bool) —Whether to strictly enforce that the keys of state_dict in
checkpoint match the keys returned by self.module.state_dict. Defaults to False.
Changed in v0.3.0.

* begin_iter (int)—-The number of iteration to enable EMAHook. Defaults to 0.
* begin_epoch (int)-The number of epoch to enable EMAHook. Defaults to 0.

* evaluate_on_ema (bool)—-Whether to evaluate (validate and test) on EMA model during

val-loop and test-loop. Defaults to True.

81.1. Hooks 309


https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#float
https://docs.python.org/3/library/functions.html#float
https://mmengine.readthedocs.io/zh_CN/latest/api/generated/mmengine.hooks.EMAHook.html#mmengine.hooks.EMAHook
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#int
https://docs.python.org/3/library/functions.html#bool

MMClassification Documentation, 4 %5 1.0.0rc6

* evaluate_on_origin (bool) ~Whether to evaluate (validate and test) on the original

model during val-loop and test-loop. Defaults to False.

* **kwargs —Keyword arguments passed to subclasses of BaseAveragedModel

after_load_checkpoint (runner, checkpoint)

Resume ema parameters from checkpoint.
%% runner (Runner)—The runner of the testing process.

after_test_epoch (runner, metrics=None)

We recover source model’ s parameter from ema model after test.
e runner (Runner) —The runner of the testing process.

e metrics (Dict[str, float], optional) —Evaluation results of all metrics on

test dataset. The keys are the names of the metrics, and the values are corresponding results.

after_val_epoch (runner, metrics=None)

We recover source model’ s parameter from ema model after validation.
BH
e runner (Runner) —The runner of the validation process.

e metrics (Dict[str, float], optional) —Evaluation results of all metrics on
validation dataset. The keys are the names of the metrics, and the values are corresponding

results.

before_test_epoch (runner)

We load parameter values from ema model to source model before test.
Z¥( runner (Runner)—The runner of the training process.

before_val_epoch (runner)

We load parameter values from ema model to source model before validation.

%% runner (Runner) —The runner of the training process.

81.2 Optimizers

Lamb A pure pytorch variant of FuseLAMB (NvLamb variant)

optimizer.
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81.2.1 Lamb

class mmcls.engine.optimizers.Lamb (params, lr=0.001, bias_correction=True, betas=(0.9, 0.999),
eps=1e-006, weight_decay=0.01, grad_averaging="True,

max_grad_norm=1.0, trust_clip=False, always_adapt=False)

A pure pytorch variant of FuseLAMB (NvLamb variant) optimizer.

This class is copied from timm. The LAMB was proposed in Large Batch Optimization for Deep Learning -
Training BERT in 76 minutes.

B8
* params (iterable) —iterable of parameters to optimize or dicts defining
* groups. (parameter) —
e 1r(float, optional)-learning rate. (default: le-3)

* betas (Tuple[float, float], optional) —coeflicients used for computing run-

ning averages of gradient and its norm. (default: (0.9, 0.999))

* eps(float, optional)-term added to the denominator to improve numerical stability.
(default: 1e-8)

* weight_decay (float, optional)-weight decay (L2 penalty) (default: 0)

* grad_averaging (bool, optional)-whether apply (1-beta2) to grad when calculat-

ing running averages of gradient. (default: True)

* max_grad_norm (float, optional) —value used to clip global grad norm (default:
1.0)

* trust_clip (bool)—enable LAMBC trust ratio clipping (default: False)

* always_adapt (boolean, optional) —Apply adaptive learning rate to 0.0 weight

decay parameter (default: False)

step (closure=None)

Performs a single optimization step.

%% closure (callable, optional)—A closure that reevaluates the model and returns

the loss.
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82.1 Custom Dataset

class mmcls.datasets.CustomDataset (ann_file=", metainfo=None, data_root=", data_prefix=",

extensions=("jpg’, jpeg, ‘png, ‘ppm’, .bmp’, .pgm’, tif’),
lazy_init=False, **kwargs)

Custom dataset for classification.
The dataset supports two kinds of annotation format.

1. An annotation file is provided, and each line indicates a sample:

The sample files:

data_prefix/

F— folder_1

\ — xxx.png

| =xxy.png

| — ...

L— folder_2
— 123.png

F— nsdf3.png
I_---

The annotation file (the first column is the image path and the second column is the index of category):

folder_1/xxx.png 0
folder_1/xxy.png 1
folder_2/123.png 5
folder_2/nsdf3.png 3

Please specify the name of categories by the argument classes ormetainfo.

2. The samples are arranged in the specific way:

data_prefix/
F— class_x

| — xxx.png
| F— xxy.png

| — ...

| L— xxz.png

L— class_y

— 123.png
I— nsdf3.png

L— asd932_.png
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If the ann_ file is specified, the dataset will be generated by the first way, otherwise, try the second way.

S

15

ann_file (st r)—Annotation file path. Defaults to

metainfo (dict, optional)—Metainformation for dataset, such as class information.
Defaults to None.

4

data_root (str)—The root directory for data_prefix and ann_file. Defaults to

15

data_prefix (str | dict)—Prefix for the data. Defaults to

b

extensions (Sequence [str])—A sequence of allowed extensions. Defaults to ( ‘.jpg

¢ 9

, ‘.Jpeg’ , ‘.png’ , ‘.ppm’ , ‘bmp’ , ‘.pgm’ , ‘.tif’ ).

lazy_init (bool)—Whether to load annotation during instantiation. In some cases, such
as visualization, only the meta information of the dataset is needed, which is not neces-
sary to load annotation file. Basedataset can skip load annotations to save time by set

lazy_init=False. Defaults to False.

**kwargs —Other keyword arguments in BaseDataset.

82.2 ImageNet

class mmcls.datasets.ImageNet (ann_file=", metainfo=None, data_root=", data_prefix=", **kwargs)

ImageNet Dataset.

The dataset supports two kinds of annotation format. More details can be found in CustomDataset.

BH

class mmcls.

15

ann_file (st r)—Annotation file path. Defaults to

metainfo (dict, optional)—Metainformation for dataset, such as class information.

Defaults to None.

5

data_root (st r)-The root directory for data_prefix and ann_file. Defaults to

4]

data_prefix (str | dict)-Prefix for training data. Defaults to

**kwargs —Other keyword arguments in CustomDataset and BaseDataset.

datasets.ImageNet21k (ann_file=", metainfo=None, data_root=", data_prefix=",

multi_label=False, **kwargs)

ImageNet2 1k Dataset.

Since the dataset ImageNet21k is extremely big, cantains 21k+ classes and 1.4B files. We won’ t provide the

default categories list. Please specify it from the classes argument.

82.2. ImageNet
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B

* ann_file (str)—Annotation file path. Defaults to

e metainfo (dict, optional)-Metainformation for dataset, such as class information.

Defaults to None.

4]

* data_root (str)-The root directory for data_prefix and ann_file. Defaults to

5

* data_prefix (str | dict)-Prefix for training data. Defaults to
* multi_label (bool)-Notimplement by now. Use multi label or not. Defaults to False.

* **kwargs —Other keyword arguments in CustomDataset and BaseDataset.

82.3 CIFAR

class mmcls.datasets.CIFAR1O (data_prefix, test_mode, metainfo=None, data_root=", download="True,

**kwargs)

CIFAR10 Dataset.

This implementation is modified from https://github.com/pytorch/vision/blob/master/torchvision/datasets/cifar.

py
S8
e data_prefix (st r)—Prefix for data.

* test_mode (bool) —test_mode=True means in test phase. It determines to use the

training set or test set.

* metainfo (dict, optional)-Meta information for dataset, such as categories infor-
mation. Defaults to None.

* data_root (str)—The root directory for data_prefix. Defaultsto *

* download (bool) -Whether to download the dataset if not exists. Defaults to True.

» **kwargs —Other keyword arguments in BaseDataset.

class mmcls.datasets.CIFAR100 (data_prefix, test_mode, metainfo=None, data_root=", download="True,

**kwargs)

CIFAR100 Dataset.
ZH
e data_prefix (st r)—Prefix for data.

* test_mode (bool) —test_mode=True means in test phase. It determines to use the

training set or test set.
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* metainfo (dict, optional)-Meta information for dataset, such as categories infor-
mation. Defaults to None.

* data_root (str)-The root directory for data_prefix. Defaults to °

e download (bool) —Whether to download the dataset if not exists. Defaults to True.

» **kwargs —Other keyword arguments in BaseDataset.

82.4 MNIST

class mmcls.

datasets.MNIST (data_prefix, test_mode, metainfo=None, data_root=", download=True,

**kwargs)

MNIST Dataset.

This implementation is modified from https://github.com/pytorch/vision/blob/master/torchvision/datasets/mnist.

py
B8

class mmcls.

e data_prefix (st r)—Prefix for data.

* test_mode (bool) —test_mode=True means in test phase. It determines to use the

training set or test set.

* metainfo (dict, optional)-Meta information for dataset, such as categories infor-
mation. Defaults to None.

* data_root (str)-The root directory for data_prefix. Defaults to °

¢ download (bool)—Whether to download the dataset if not exists. Defaults to True.

» **kwargs —Other keyword arguments in BaseDataset.

datasets.FashionMNIST (data_prefix, test_mode, metainfo=None, data_root="",

download="True, **kwargs)

Fashion-MNIST Dataset.

S8

* data_prefix (st r) —Prefix for data.

* test_mode (bool) —test_mode=True means in test phase. It determines to use the
training set or test set.

* metainfo (dict, optional)-Meta information for dataset, such as categories infor-
mation. Defaults to None.

* data_root (str)-The root directory for data_prefix. Defaults to °

¢ download (bool)—-Whether to download the dataset if not exists. Defaults to True.
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» **kwargs —Other keyword arguments in BaseDataset.

82.5 VOC

class mmcls.datasets.VOC (data_root, image_set_path, data_prefix={ ann_path’: ’Annotations’, img_path’:

JPEGImages’}, test_mode=False, metainfo=None, **kwargs)

Pascal VOC Dataset.
After decompression, the dataset directory structure is as follows:

VOC dataset directory:

VOC2007 (data_root)/
F—— JPEGImages (data_prefix['img_path'])
| F— xxx.jpg

F— xxy.Jjpg
\_ .« o o

F— xxx.xml
F—— XXy .xml

|
|
FA* Annotations (data_prefix['ann_path'])
|
|
| — ...

L

ImageSets (directory contains various imageset file)

Extra difficult label is in VOC annotations, we will use gt_label_difficult to record the difficult labels in each sample
and corresponding evaluation should take care of this field to calculate metrics. Usually, difficult labels are reckoned

as negative in defaults.
SH
* data_root (str)—The root directory for VOC dataset.

* image_set_path (str) -The path of image set, The file which lists image ids of the sub

dataset, and this path is relative to data_root.

* data_prefix (dict) —Prefix for data and annotation, keyword ‘img_path’
and ‘ann_path’ can be set. Defaults to be dict (img_path='JPEGImages',

ann_path='Annotations"').

* test_mode (bool) —test_mode=True means in test phase. It determines to use the

training set or test set.

* metainfo (dict, optional)-Meta information for dataset, such as categories infor-

mation. Defaults to None.

» **kwargs —Other keyword arguments in BaseDataset.
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82.6 CUB

class mmcls.datasets.CUB (data_root, test_mode, ann_file="images.txt’, data_prefix=images’,
image_class_labels_file="image_class_labels.txt’,

train_test_split_file=train_test_split.ixt’, **kwargs)

The CUB-200-2011 Dataset.

Support the CUB-200-2011 Dataset. Comparing with the CUB-200 Dataset, there are much more pictures in
CUB-200-2011. After downloading and decompression, the dataset directory structure is as follows.

CUB dataset directory:

CUB-200-2011 (data_root)/

— images (data_prefix)

| F— class_x

I | = =xx1.3pg

|| F— xx2.3pg

I

| F— class_y

| F— vyvl.jpg

|| F— vyv2.3pg

| \ — ...

| [

— images.txt (ann_file)

If image_class_labels.txt (image_class_labels_file)
I— train_test_split.txt (train_test_split_file)
L

* data_root (str)—The root directory for CUB-200-2011 dataset.

* test_mode (bool) —test_mode=True means in test phase. It determines to use the

training set or test set.

* ann_file (str, optional)—Annotation file path, path relative to data_root. De-

faults to  ‘images.txt’ .

* data_prefix (str) —Prefix for iamges, path relative to data_root. Defaults to
‘images’ .
* image_class_labels_file (str, optional) —The label file, path relative to

data_root. Defaults to ‘image_class_labels.txt’ .

* train_test_split_file (str, optional) —The split file to split train and test

dataset, path relative to data_root. Defaults to ‘train_test_split_file.txt’ .

82.6. CUB 319



http://www.vision.caltech.edu/visipedia/CUB-200-2011.html
http://www.vision.caltech.edu/visipedia/CUB-200.html
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/functions.html#bool
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/stdtypes.html#str

MMClassification Documentation, 4 %5 1.0.0rc6

fi£ AR B

>>> from mmcls.datasets import CUB

>>> cub_train_cfg = dict (data_root="'data/CUBR_200_2011"', test_mode=True)
>>> cub_train = CUB(**cub_train_cfqg)

>>> cub_train

Dataset CUB

Number of samples: 5994

Number of categories: 200

Root of dataset: data/CUB_200_2011

>>> cub_test_cfg = dict (data_root="'data/CUB_200_2011"', test_mode=True)
>>> cub_test = CUB(**cub_test_cfqg)

>>> cub_test

Dataset CUB

Number of samples: 5794

Number of categories: 200

Root of dataset: data/CUB_200_2011

82.7 Retrieval

class mmcls.datasets.InShop (data_root, split="train’, data_prefix="Img’,

ann_file="Eval/list_eval_partition.txt’, **kwargs)

InShop Dataset for Image Retrieval.

Please download the images from the homepage ‘https://mmlab.ie.cuhk.edu.hk/projects/DeepFashion/
InShopRetrieval.html’ (In-shop Clothes Retrieval Benchmark -> Img -> img.zip, Eval/list_eval_partition.txt), and

organize them as follows way:

In-shop dataset directory:

In-shop Clothes Retrieval Benchmark (data_root)/
F— Eval /
| L— list_eval_partition.txt (ann_file)
F—— Img (img_prefix)
| L— img/
— README.txt

* data_root (str)-The root directory for dataset.

e split (str)—Choose from ‘train’ , ‘query’ and ‘gallery’ . Defaultsto ‘train’

320

Chapter 82. mmcls.datasets



https://mmlab.ie.cuhk.edu.hk/projects/DeepFashion/InShopRetrieval.html
https://mmlab.ie.cuhk.edu.hk/projects/DeepFashion/InShopRetrieval.html
https://docs.python.org/3/library/stdtypes.html#str
https://docs.python.org/3/library/stdtypes.html#str

MMClassification Documentation, %4 %5 1.0.0rc6

* data_prefix (str | dict)-Prefix for training data. Defaults to ‘Img’

* ann_file (str) —Annotation file path, path relative to data_root. Defaults to

‘Eval/list_eval_partition.txt’

» **kwargs —Other keyword arguments in BaseDataset.

f& R Bl

>>> from mmcls.datasets import InShop
>>>
>>> # build train InShop dataset
>>> inshop_train_cfg = dict (data_root='data/inshop', split='train')
>>> inshop_train = InShop (**inshop_train_cfqg)
>>> inshop_train
Dataset InShop
Number of samples: 25882
The "CLASSES' meta info is not set.
Root of dataset: data/inshop
>>>
>>> # build query InShop dataset
>>> inshop_query_cfg = dict (data_root='data/inshop', split='query"')
>>> inshop_qgquery = InShop (**inshop_query_cfqg)
>>> inshop_query
Dataset InShop
Number of samples: 14218
The "CLASSES' meta info is not set.
Root of dataset: data/inshop
>>>
>>> # build gallery InShop dataset
>>> inshop_gallery_cfg = dict (data_root='data/inshop', split='gallery')
>>> inshop_gallery = InShop (**inshop_gallery_cfqg)
>>> inshop_gallery
Dataset InShop
Number of samples: 12612
The "CLASSES' meta info is not set.

Root of dataset: data/inshop
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82.8 Base classes

class mmcls.datasets.BaseDataset (ann_file, metainfo=None, data_root=", data_prefix=",
filter_cfg=None, indices=None, serialize_data=True, pipeline=(),
test_mode=False, lazy_init=False, max_refetch=1000,

classes=None)

Base dataset for image classification task.
This dataset support annotation file in OpenMMLab 2.0 style annotation format.
Comparing with the mmengine .BaseDataset, this class implemented several useful methods.
S8
* ann_file (str)—Annotation file path.

e metainfo (dict, optional)—Metainformation for dataset, such as class information.

Defaults to None.

4

* data_root (str)-The root directory for data_prefixand ann_file. Defaults to

15

* data_prefix (str | dict)—Prefix for training data. Defaults to
e filter_cfg(dict, optional)—Config for filter data. Defaults to None.

* indices(int or Sequence([int], optional)-Supportusingfirstfew datainan-
notation file to facilitate training/testing on a smaller dataset. Defaults to None, which means

using all data_infos.

* serialize_data (bool) ~Whether to hold memory using serialized objects, when en-
abled, data loader workers can use shared RAM from master process instead of making a copy.

Defaults to True.
* pipeline (Sequence) —Processing pipeline. Defaults to an empty tuple.
* test_mode (bool) —test_mode=True means in test phase. Defaults to False.

* lazy_init (bool) —Whether to load annotation during instantiation. In some cases, such
as visualization, only the meta information of the dataset is needed, which is not neces-
sary to load annotation file. Basedataset can skip load annotations to save time by set

lazy_init=False. Defaults to False.

* max_refetch (int)-If Basedataset.prepare_data get a None img. The maxi-

mum extra number of cycles to get a valid image. Defaults to 1000.
* classes (str | Sequence[str], optional)-Specify names of classes.
— If is string, it should be a file path, and the every line of the file is a name of a class.

— If is a sequence of string, every item is a name of class.
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— If is None, use categories information in metainfo argument, annotation file or the class

attribute METAINFO.
Defaults to None.

class mmcls.datasets.MultilabelDataset (ann_file, metainfo=None, data_root=", data_prefix="",
filter_cfg=None, indices=None, serialize_data="True,
pipeline=(), test_mode=False, lazy_init=False,

max_refetch=1000, classes=None)
Multi-label Dataset.
This dataset support annotation file in OpenMMLab 2.0 style annotation format.

The annotation format is shown as follows.

{
"metainfo":
{
"classes":['A', 'B', 'C'....]
Hy
"data_list":
[
{
"img_path": "test_imgl.jpg",
'img_label': [0, 117,
I
{
"img_path": "test_img2.]jpg",
'img_label': [2],
b
]
}
S8

* ann_file (str)—-Annotation file path.

e metainfo (dict, optional)—Metainformation for dataset, such as class information.

Defaults to None.

* data_root (str)-The root directory for data_prefixand ann_file. Defaultsto °

15

* data_prefix (str | dict)—Prefix for training data. Defaults to

e filter_cfg(dict, optional)—Config for filter data. Defaults to None.
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indices (int or Sequence[int], optional)-Supportusing firstfew datainan-
notation file to facilitate training/testing on a smaller dataset. Defaults to None which means

using all data_infos.

serialize_data (bool, optional)—Whether to hold memory using serialized ob-
jects, when enabled, data loader workers can use shared RAM from master process instead of

making a copy. Defaults to True.
pipeline (1ist, optional)Processing pipeline. Defaults to [].

test_mode (bool, optional)-test_mode=True means in test phase. Defaults to

False.

lazy_init (bool, optional) —Whether to load annotation during instantiation. In
some cases, such as visualization, only the meta information of the dataset is needed, which is
not necessary to load annotation file. Basedataset can skip load annotations to save time

by set lazy_init=False. Defaults to False.

max_refetch (int, optional) —If Basedataset.prepare_data get a None

img. The maximum extra number of cycles to get a valid image. Defaults to 1000.
classes (str | Sequence([str], optional)—-Specify names of classes.
— If is string, it should be a file path, and the every line of the file is a name of a class.
— If is a sequence of string, every item is a name of class.

— If is None, use categories information in metainfo argument, annotation file or the class

attribute METAINFO.

Defaults to None.

82.9 Dataset Wrappers

class mmcls.datasets.KFoldDataset (dataset, fold=0, num_splits=35, test_mode=Fualse, seed=None)

A wrapper of dataset for K-Fold cross-validation.

K-Fold cross-validation divides all the samples in groups of samples, called folds, of almost equal sizes. And we

use k-1 of folds to do training and use the fold left to do validation.

ZH

dataset (mmengine.dataset .BaseDataset |dict) —The dataset to be divided
fold (int)—The fold used to do validation. Defaults to 0.
num_splits (int)—The number of all folds. Defaults to 5.

test_mode (bool) —Use the training dataset or validation dataset. Defaults to False.
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* seed (int, optional) -The seed to shuffle the dataset before splitting. If None, not

shuffle the dataset. Defaults to None.

The dataset wrappers in the MMEngine can be directly used in MMClassification.

ConcatbDataset

A wrapper of concatenated dataset.

RepeatDataset

A wrapper of repeated dataset.

ClassBalancedDataset

A wrapper of class balanced dataset.

82.9. Dataset Wrappers
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IR WAL — R IR TRk 4 (data pipeline) . [t TEREAERIRCE S Bl H A7
fE—> pipeline 24k, Biln:

train_pipeline = [
dict (type="'LoadImageFromFile'),
dict (type='RandomResizedCrop', scale=224),
dict (type='RandomFlip', prob=0.5, direction='horizontal'),
dict (type="

t PackClsInputs'),

(Rt
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train_dataloader = dict (

dataset=dict (
pipeline=train_pipeline,

<)y

pipeline JFR P IERZ DA N IR HRE L — . RGN B 2 IS, WASHE A 2 Lk
PR ERHAL,

o A5 X%

o F XL

o MMCV P b9 335 T 4%
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Albumentations fd1 i Albumentations [ 4T AR Ha ) 5 e 248
ColorJitter BEATLE S MR Y 52 B o 6] L BE R 2
EfficientNetCenterCrop EfficientNet XUk i H o0&k B
EfficientNetRandomCrop EfficientNet XA H Bl ATLAR BT

Lighting {71 AlexNet KUK H) PCA I3l FEHLYA B 1 4 TR ]
RandomCrop TEREALAL B 35T 45 i B

RandomErasing TEEG FRELIERE— B KO R G R
RandomResizedCrop P2 5 16 e HR AL R T RS e #4728 5
ResizeEdge i I FR K R R R )

Albumentations

class mmcls.datasets.transforms.Albumentations (transforms, keymap=None)
fdiF] Albumentations [ 34 4548 i () 4 28
Required Keys:
* img
Modified Keys:
e img

* img_shape
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Adds custom transformations from albumentations library. More details can be found in Albumentations. An

example of t ransforms is as followed:

dict (
type='ShiftScaleRotate',
shift_1imit=0.0625,
scale_limit=0.0,
rotate_limit=0,
interpolation=1,
p=0.5),
dict (
type='RandomBrightnessContrast',
brightness_limit=[0.1, 0.3],
contrast_limit=[0.1, 0.37],
p=0.2),
dict (type='ChannelShuffle', p=0.1),
dict (
type='0OneOf"',
transforms=|
dict (type='Blur', blur_limit=3, p=1.0),
dict (type='MedianBlur', blur_limit=3, p=1.0)
1,
p=0.1),

BH
* transforms (List [Dict]) -List of albumentations transform configs.

* keymap (Optional [Dict]) —Mapping of mmcls to albumentations fields, in format {

o)

‘input key’ albumentation-style key’ }. Defaults to None.

L]

>>> import mmcv
>>> from mmcls.datasets import Albumentations
>>> transforms = [
dict (
type='ShiftScaleRotate',
shift_limit=0.0625,
scale_1limit=0.0,
rotate_limit=0,

interpolation=1,
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p=0.5),
dict (
type='RandomBrightnessContrast',
brightness_limit=[{0.1, 0.3],
contrast_limit=[0.1, 0.37,
p=0.2),
dict (type='ChannelShuffle', p=0.1),
dict (
type='0OneOf"',
transforms=|
dict (type='Blur', blur_limit=3, p=1.0),
dict (type="'MedianBlur', blur_limit=3, p=1.0)
1,
p=0.1),
]
>>> albu = Albumentations (transforms)
>>> data = {'img': mmcv.imread('./demo/demo.JPEG') }
>>> data = albu(data)
>>> print (datal['img'].shape)

(375, 500, 3)

transform (results)

Transform function to perform albumentations transforms.
%¥ results (dict)—Result dict from loading pipeline.
B
Transformed results, ‘img’ and ‘img_shape’ keys are updated in result dict.

R dict

Colorditter

class mmcls.datasets.transforms.ColorJitter (brightness=0.0, contrast=0.0, saturation=0.0,
hue=0.0)

BEALEAS PRS2 . A EEBERI It A

Modified from https://github.com/pytorch/vision/blob/main/torchvision/transforms/transforms.py Licensed un-

der the BSD 3-Clause License.
Required Keys:
e img

Modified Keys:
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* img

BH

* brightness (float | Sequence[float] (min, max)) —How much to jitter
brightness. brightness_factor is chosen uniformly from [max (0, 1 - brightness),
1 + brightness] or the given [min, max]. Should be non negative numbers. De-
faults to 0.

* contrast (float | Sequence[float] (min, max))-How much to jitter con-
trast. contrast_factor is chosen uniformly from [max (0, 1 - contrast), 1 +
contrast] or the given [min, max]. Should be non negative numbers. Defaults to
0.

* saturation (float | Sequence[float] (min, max)) —How much to jitter
saturation. saturation_factor is chosen uniformly from [max (0, 1 - saturation),
1 + saturation] or the given [min, max]. Should be non negative numbers. De-

faults to 0.

* hue (float | Sequence[float] (min, max)) —How much to jitter hue.
hue_factor is chosen uniformly from [-hue, hue] (0 <=hue <= 0.5) or the given [min,

max] (-0.5 <= min <= max <= 0.5). Defaults to 0.

transform (results)

Transform function to resize images.
%% results (dict)—Result dict from loading pipeline.
&[] ColorJitter results, ‘img’ key is updated in result dict.

RMIZRA dict

EfficientNetCenterCrop

class mmcls.datasets.transforms.EfficientNetCenterCrop (crop_size, crop_padding=32,
interpolation="bicubic’,
backend="cv2’)

EfficientNet XUt 1) o035
Required Keys:

* img
Modified Keys:

* img

e img_shape
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