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CHAPTER 1

TRBIERE

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

MMClassification j& T Linux, Windows 1 macOS. ‘&% Python 3.6+, CUDA 9.2+ £l PyTorch 1.5+,

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

5 1B MIM 2238 MMCV

pip install -U openmim

mim install mmcv-full

55 2 5273 MMClassification
R AT R, AT SR Rh i

o MR (M%) AivEE T MMClassification HESEIT & H CL R EUR /3 2BAT 55, TR PIEE, H
WAL A R B A, s 6 SRR A & A T

o Y54 Python &,42% 1 H 27 1% | MMClassification [ API 3 1, 8{E7E A 293 H F15: A MMClassi-
fication H AL,



https://github.com/open-mmlab/mim
https://github.com/open-mmlab/mmcv
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211 NiEtDZ3E

AFOLR , A IRAS AR 75 2% mmcls:

git clone https://github.com/open-mmlab/mmclassification.git

cd mmclassification

pip install -v -e .

#v RAMEEEREMXEER

Foreen RENTHAVALE, ARTUEFERLENHRT, LARB A EE LK

534, WSRARA R MMClassification kLR, sk 2 HUTHAI FOTIAE, W25 E] dev 40

git checkout dev

2.1.2 1§35 Python f1%23¢

L pip 2T

pip install mmcls

2.2 IEiE%R

N7 Yk MMClassification 2234 /& 5 IR A, FRATFLAL 7 — LRI R TR R .
5 1B FRAT T EEN HOC B SRS A S

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

55 2 BRI R PR HERL AR
WA MRS 23 mmels, AR 2 BH 21T AT A @A TIIE -

python demo/image_demo.py demo/demo.JPEG resnet50_8xb32_inlk.py resnet50_8xb32_inlk_

—20210831-ea4938fc.pth —--device cpu

YRATPAR B e ATl T AR T L, A4 pred_label, pred_score fllpred_class =3B, 74
QR A (A2 AR 2 ), AR AT DA ——show BTl 73 () AN RV Fr) T 45 5

TEH NP TR .
WRARZE A PyThon {922%¢, AR W DAFTHFRAY Python f#Rtss , FREMG T FARHS :

from mmcls.apis import init_model, inference_model

config_file = 'resnet50_8xb32_inlk.py'

6 Chapter 2. %3
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[CAWY)
checkpoint_file = 'resnetb50_8xb32_inlk_20210831-ea4938fc.pth’
model = init_model (config_file, checkpoint_file, device='cpu') # B #F device='cuda:0'
inference_model (model, 'demo/demo.JPEG")

BB — T, A PNAREE . 1530 24

2.3 BENRE
2.3.1 CUDA k&

G4z PyTorch i}, TFFELFEE CUDA MUA . WIERGEORTE RIS, W ia AT gl
o % Ampere 2441 NVIDIA GPU, {511 GeForce 30 series A}z NVIDIA A100, CUDA 11 231,

* XTH ) NVIDIA GPU, CUDA 11 Z[aHiak#sH, {H CUDA 10.2 e iR L brpse sk, i

1=}

Ho

THHORIRAY GPU SKEH AN 2 SR ATR K, Sk,

I WO IR S92 et A T4 5%, CUDA AT R85 1, PR FRATEEAEAH ¢ CUDA RS 151 dw
B, WA FE AT AR MR . (AR B MIFIL ST MMCV 19778, 802 7 HAh CUDA &1 1IF %,
LG R SERE R CUDA T HA%, 2L NVIDIA 11, 53 /MNATEZMi /1% CUDA T HAEMili4 5 PyTorch
AL EAH VSR (W0 conda install Z°%% PyTorch B45 52 Y cudatoolkit 7 74%) .

2.3.2 FfEH MIM 23 MMCV
MMCV & C++ F1 CUDA $7 &, [ XF PyTorch fHHE LR A 2% . MIM £ [ ShbT Ik Se (K81, 1A
1 MMCY e, (S R, (IR

T pip A2 MIM 2RZ2%E MMCV, 55 MMCV 222585 . B EARHEE url T ahi8 @ xf v
fX) PyTorch i1 CUDA R4S

AT, IR R e 5T PyTorch 1.10.x F1 CUDA 11.3 4% mmev-full ,

pip install mmcv-full -f https://download.openmmlab.com/mmcv/dist/cull3/torchl.10/

—index.html

23. BEXRE 7



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://mmcv.readthedocs.io/zh_CN/latest/get_started/installation.html
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2.3.3 7£ CPU Ifigchsst
MMClassification 7] DAYAE CPU BRIE dr2e3 | 78 CPU BERR, IRATDASER IS (FFE MMCV A >=1.4.4),
T R 0 25 T AT B0

1E CPU 30T, MMCV F35 0 T AEISE A TT A, a8 #2248 GPU ZRiFAY5A 1. At A F$H.0 , MMClassification
H LT IR BLERAS £ X S 57

2.3.4 7 Google Colab thzE

Google Colab % 2L 244 T PyTorch 3155, IR H 724235 MMCV Fil MMClassification BI 7], #y4-10
T

85 1 2B MIM 223 MMCV

'pip3 install openmim

'mim install mmcv-full

55 2 2B MRS 2% MMClassification

!git clone https://github.com/open-mmlab/mmclassification.git
%cd mmclassification

'pip install -e .

45 3 BRIk

import mmcls
print (mmcls.__version_ )

# M HmY: 0.23.0 REFE KA S

il A5 Jupyter H, BUINS | T HATANE G4, T Scd 2—NEAGS, ATk Python 1 TAEHZ.

2.3.5 @it Docker {€ H MMClassification

MMClassification $£{k Dockerfile ] M55 . HHIR/RAET Docker Jit 4~ >=19.03,

# M EBRINM PyTorch 1.8.1, CUDA 10.2 R A% #
# W BRFEEHEMR K, F B K Dockerfile

docker build -t mmclassification docker/

H AT fir %1217 Docker 5314 :

8 Chapter 2. %3



https://research.google.com/
https://github.com/open-mmlab/mim
https://github.com/open-mmlab/mmcv
https://ipython.readthedocs.io/en/stable/interactive/magics.html#magic-cd
https://github.com/open-mmlab/mmclassification/blob/master/docker/Dockerfile
https://docs.docker.com/engine/install/
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docker run --gpus all --shm-size=8g -it -v {DATA_DIR}:/mmclassification/data.

—mmclassification

2.4 R

WERARAE e R B B TAE AR, i R LR, AR R BRIk, ATDATE GitHub _E5E

issue,

2.4, HpERRR 9



https://github.com/open-mmlab/mmclassification/issues/new/choose
https://github.com/open-mmlab/mmclassification/issues/new/choose
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CHAPTER 3

HEuliFiz

AR MMClassification A 5¢ FH A FEASHRE

3.1 EEHIER

MMClassification % ] P4 SR EE AR H S48 5] SMMCLASSIFICATION/data . 1S H P SCEEIe4i
SN, 5 S e S R T B AR B B

mmclassification
F— mmcls

— tools

— configs

F— docs

— data

F— imagenet

| }7 meta

| F— train

| F— val

If cifar

| F— cifar-10-batches-py

F— mnist

| F— train-images—idx3-ubyte
| F— train-labels-idxl-ubyte
| F— t10k-images-idx3-ubyte

(T IUakss)

11
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(£ 50

| | F— ti10k-labels-—idxl-ubyte

FF ImageNet, HAFAEZAA, (ARG ILSVRC 2012, WA DA R S BRI AR 4.
L AR BT AT
2. L ILSVRC2012 FALHEH 4000 F SCp
e ILSVRC2012_img_train.tar (~138GB)
e JLSVRC2012_img_val.tar (~6.3GB)
3. MR F AR S
4 WP A TR
X} MNIST, CIFARIO il CIFAR100, &5 &AEmR2rmHE 3 30T 8 8dE4E .
S P B SRR A, BRI 30 4ofT B % SLAE

3.2 fE ATIISREE B 1THEIE

MMClassification &t T —SEJHIAC I FiE47 K B R A HERE . i SR i BRI B SR O L (401 ImageNet 45 )

3.21 BKEREHEE

python demo/image_demo.py IMAGE_FILE CONFIG_FILE CHECKPOINT_FILE

# Example

python demo/image_demo.py demo/demo.JPEG configs/resnet/resnet50_8xb32_inlk.py \
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb32_inlk_

—20210831-ea4938fc.pth

3.2.2 HiRFAHHEE SN

* XHFH GPU

* F§ CPU

© XFFATRZ GPU
© AR

JH P AT DA iy 2 BEA T Rt A fr) i 2

12 Chapter 3. Eiti3ii=



http://www.image-net.org/challenges/LSVRC/2012/
http://www.image-net.org/download-images
https://github.com/BVLC/caffe/blob/master/data/ilsvrc12/get_ilsvrc_aux.sh
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# ¥ GPU
python tools/test.py CONFIG_FILE CHECKPOINT_FILE} [-—-metrics METRICS}] [—--out
< {RESULT_FILE }]

# CPU: M GPU HEATH GPU MR MB A

export CUDA_VISIBLE_DEVICES=-1

python tools/test.py CONFIG_FILE CHECKPOINT_FILE [--metrics METRICS }] [—-—-out
<« {RESULT_FILE}]

# % GPU
./tOOlS/diSt_teSt.Sh CONFIG_FILE CHECKPOINT_FILE GPU_NUM [-—metrics
—~ {METRICS}] [—-—-out RESULT_FILE}]

# & T slurm W KAXEMHZH R

python tools/test.py S${CONFIG_FILE CHECKPOINT_FILE} [--metrics S${METRICS}] [--out
— {RESULT_FILE}] —--launcher slurm
TS

* RESULT_FILE: ¥jth &8R4 . WERKIRE , G PEASARIFR S . SCRF json, yaml, pickle 4%
.
* METRICS: HfmfEillilfabs, ARy (accuracy), K§ifi % (precision), 4[] (recall) 55
BilF
£ CIFAR10 B7ESE |, {37/ ResNet-50 34 TR BRAG I A7 48 K Hh 7 1) T A543«

python tools/test.py configs/resnet/resnet50_8xbl6_cifarll.py \
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_bl6x8_cifarl0_
—20210528-f54bfad9.pth \
——out result.pkl

3.3 ERI%:

MMClassification {ifi [l MMDistributedDataParallel #7904k, #i/] MMDataParallel #4f7dE

piiiEavllE
P 4 i (H S SCPF MBS B ALE SR ) SRR A7 2] TAE SRR . AR H SRl 1 it SO i 2 4

work_dir #8%&.

BOAKEOL T, MMClassification 7E451> 13]G SAERIEAR EIPAEIAL, WG EI AL E B interval
SRR B CITA ] B

3.3. #E&I%k 13
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evaluation = dict (interval=12) # & # 47 12 B %4 5T F — k= A

3.3.1 {ERALEA GPU #1Til%k

python tools/train.py CONFIG _FILE} [optional arguments]

R PR S s e TAEE &, WIFFEHE NS4 ——work—dir ${YOUR_WORK_DIR}

3.3.2 {& CPU i)k

1 CPU IR AR AN 52 GPU YN ZRn e — 2, FAVLFHREAEN AR G145 GPU.

export CUDA_VISIBLE_DEVICES=-1

Z it GPU JIIZR A RIAT

Bl OV R G CPU BT, iX RIL G208 o AT SRR EhBeE o 107 (I FHE A GPU
Las BT IR

3.3.3 ERAEBHBRZA GPU #1Til%k

./tools/dist_train.sh CONFIG_FILE GPU_NUM [optional arguments]

THSHON:

* ——no-validate (ANEEB): BUATEIL T, BIPRHSAEVIGSHE MR K (BRI D A EHEE T— R IRE
%%"—fﬂ%ﬁ#%ﬁé, ﬁﬁﬁ —-—-no-validate

¢ ——work-dir ${WORK_DIR}: Z&i:lCeE X ¥8Em TIEH %,
e ——resume—from ${CHECKPOINT FILE}: M DARTIIALEAY &SR E Y.

resume-from fl load-from B AR[E & : resume-from MBS EMALZRIRE, H AR B S
TEWI RS, 0 TR E A e Wi )1 2. load—from HUMEATI S8, (HEIHEN O FRUGTTHEL,
B TR

14 Chapter 3. Eiti3ii=
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3.3.4 fEHSalaR#ITIIZR

AR AR ethernet EREE R Z G0, AT A A N ad-
EH—EPLA L

NNODES=2 NODE_RANK=0 PORT=$SMASTER_PORT MASTER_ADDR=$MASTER_ADDR sh tools/dist_train.

—sh S$SCONFIG $GPUS

e —Ghlas b

NNODES=2 NODE_RANK=1 PORT=$MASTER_PORT MASTER_ADDR=$MASTER_ADDR sh tools/dist_train.

—sh $SCONFIG S$GPUS

EZ, ARG o B P B B T LA LR 13, IZRIF AR .

AR PAE slurm 4E8F |i24T MMClassification, AJ{#iff] slurm_train.sh i4~. (ZHAH R EN A -
PEFTFYIZR)

[GPUS=5{GPUS}] ./tools/slurm_train.sh PARTITION JOB_NAME CONFIG_FILE WORK__

—DIR

JH PRI PATE slurm_train.sh FAS A2 BT A 1O S BORIPR AL 1

R P2 G488 T Ethernet 42, WIW PAZ:% pytorch launch utility . 415 H P S p 4%, 401 Infini-
Band, #ERSAERIE.

33.5 EHBEBHREINSMES

AR B EPEEE 2 MES, WA 8 Bt GPU KA Las LiEzh 2 MR 4 B GPU WIZL 55, W
s B ME S R A 1, PARBEGRE R 2

WM PN dist_train. sh WASESIIIGAESS, AT DA AT 448 E i H

CUDA_VISIBLE_DEVICES=0,1,2,3 PORT=29500 ./tools/dist_train.sh CONFIG_FILE} 4

CUDA_VISIBLE_DEVICES=4,5,6,7 PORT=29501 ./tools/dist_train.sh CONFIG_FILE} 4

WA FAE slurm S58E R R sh 2 NNGAT S, WISFEE I E SCF Y dist_params A8 &, PARE AN
A .

JE configl.py H1,

dist_params = dict (backend="nccl', port=29500)

1F config2.py ¥,

3.3. #E&I%k 15



https://slurm.schedmd.com/
https://github.com/open-mmlab/mmclassification/blob/master/tools/slurm_train.sh
https://pytorch.org/docs/stable/distributed.html#launch-utility
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dist_params = dict (backend="'nccl', port=29501)

Z IR JF BT SS, A BIXT Y. configl.py #l config2.py.

CUDA_VISIBLE DEVICES=0,1,2,3 GPUS=4 ./tools/slurm_train.sh S{PARTITION JOB_NAME }..
—configl.py WORK_DIR

CUDA_VISIBLE_DEVICES=4,5,6,7 GPUS= ./tools/slurm_train.sh PARTITION JOB_NAME }..
—config2.py WORK_DIR

=

34 StHIRA

FATE tools/ Hg T AR — 2 I Rl +0A g TH

3.4.1 itH FLOPs f1&RE (A181489)

FATARHE flops-counter.pytorch $2 {7 —ANHIAS I T 115545 € 24 fY) FLOPs I S 40kt

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

IREEERESINRAE S

Input shape: (3, 224, 224)
Flops: 4.12 GFLOPs
Params: 25.56 M

Bl LA TR B, RATARIEZEFIEM IO . ORGSR TR IR, EAERARR
HEHOESCPR ARSI, ARG

* FLOPs S AR RS A X, MSHE S ARSI B A RS (1, 3,224, 224)
o SRRSO A FLOPs fgEit, Bl GN #lH & Lizdy. HAE RS % mnev. cnn.

get_model_complexity_info ()

16 Chapter 3. EHilifhie



https://github.com/sovrasov/flops-counter.pytorch
https://github.com/open-mmlab/mmcv/blob/master/mmcv/cnn/utils/flops_counter.py
https://github.com/open-mmlab/mmcv/blob/master/mmcv/cnn/utils/flops_counter.py
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342 ERET

TERAMBRZ A, RVF TR
L. RS TIAN 32 CPU KB
2. MR AR S
3. IR SIS AHE, NI R TA 2 )E

python tools/convert_models/publish_model.py INPUT_FILENAME OUTPUT_FILENAME

B

python tools/convert_models/publish_model.py work_dirs/resnet50/latest.pth imagenet_

—resnet50.pth

Rl P A% 44 4 ) imagenet_resnet50_{date}-{hash id}.pth

3.5 ¥

H i, MMClassification 42 DA~ JLAH S A HY 2R -
o dofTom G B E M
o bofT AR A
o Lol ho R R AR B
o JefTiE it R AL T AAR
o o fTHE ho R A
o 4ofT g & LARAL K

o defT g & SUEAT A

3.5. FAHE

17
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cHAPTER 4

21 MARSEEXH

MMClassification §=ZL{57 H] python SCAERELE SO HECE X RGE MR TTHRIBE SR AR, 77
P TR . PTA R E SR BCETE configs U, EEAME _base_ JFURHCE SCHAFIE A I

resnet, swin_transformer, vision_transformer LB I,

W PAM# ] python tools/misc/print_config.py /PATH/TO/CONFIG g4 REFCEINEEEE,

T 5 (G JT 56 . 1) i B A
o ML H VA BALE 4 L HLN)

B & L

s AR FAS B E A
- EREEHEN TN TS
- Bk A shEL E A 23N A
- I AAMBRE I HEN TS
o BT ARG B E R 6

s FNAF AR

wIOLI) AR

19
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4.1 BENXHLRNES SN

MM(Classification % it DA WS EATIRCEL SCIF 44, AR 2 A8 GOk 7 SEE0R R ] B9 iy &4 ML o SCPF44 A7
RPUER: FRAERE, BMER, ISEEAEEEEE . 28 LR T AR SRR [ A P RZ ' B,
[l — A 21> B AR 2 -

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

* algorithm info: FVAFR, BEAIRECE MELEH, 4N resnet 55
* module info: fHUFHE, PUESMT, HPAFIR—LRE7RMY neck, head FI pretrain {5 . ;
e training info: —¥YJIZ(E L., YKL E, 45 batch size, schedule j(FfiHa5m4E;

* data info: HefEE, BAaSLAPR. B, BARST4E, W imagenet, cifar 455

4.1.1 FiEER

TR SOP AL S, PARARIV 4 S A5 R . Bildn:
¢ resnet50
e mobilenet-v3-large
e vit-small-patch32: patch32 FEx ViT Y)iai N

e seresnext101-32x4d: SeResNet101 FAM L), 32x4d F{/RTE Bottleneck H groups
width_per_group 4352k 32 il 4

4.1.2 BRER

Fo—LURRIAM) neck . head B pretrain WI{EE., FEARTEIATIAEE, -
e in2lk-pre: Jf ImageNet21k Tl

e in21k-pre-3rd-party: ¥F ImageNet21k F¥ii)ll4k, HANER QHAMGE

4.1.3 JIZKER
YIRS — L5 E, MIE Y%A, batch size. 1r schedule. HUEIGHE DA SR I 2k R B 45 45,
Fbfi1: Batch size {5 . :
* #%3/ {gpu x batch_per_gpu}, il 8xb32
UIZRIEA (F 2T transformer W45, U1 VAT 503K, iXSBFIRIE R 70 A FIZRA RO P R 0):
* £t : Finetune config, [ fltif ity lic & SCfF
* pt : Pretrain config, T HIZRAYMC &SI

20 Chapter 4. 12 1: INEARSEEX
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ISR mE A5 D, IR SR DA ST BLTC B S S B, oo B ik O 0 b Y U1 R SR o (EL G R AR B SR A -
frofak, WFEERUIZRN, & BW 0 S AP HES, W {pipeline aug}-{train aug}-{loss
trick}-{scheduler}-{epochs}

* coslr-200e : f#Jf] cosine scheduler, Jl|Z: 200 > epoch

* autoaug-mixup-lbs-coslr-50e : f#i /| T autoaug., mixup. label smooth, cosine
scheduler, Y|ZT 50 MR

4.1.4 HIRER

e inlk: ImageNet 1k i, BRAFH 224x224 K/DBIE A

e in21k: ImageNet21k $¥adE, AL AN ImageNet22k s, BUAMEH 224x224 K/
B

e inlk-384px: ERIMNZEMHE HEF RK/NE 384x384

e cifarl100

415 EEENHHEEH:

repvgg-D2se_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_inlk.py

* repvgg-D2se: HIL(FHE
- repvgg: FEBEELIR.
- D2se: BIBILEHY
* deploy: BEUEE, ZBACHHEILRAS.
e 4xb64-autoaug-lbs—-mixup-coslr-200e: YIZfEE
- 4xb64: ffifi] 4 Bt GPU H HAjE GPU iyt K/ A 64.
— autoaug: {[#i] AutoAugment IR T,
— 1bs: ffiff] label smoothing #1441,
— mixup: i f mixup YZEHETRT .
- coslr: ffiff]l cosine scheduler {fLREHE.
- 200e: lIZ5 200 #IK .

o inlk: FEGERE. BLE AT ImageNet 1k H¥asE LA 224x224 K/NE K.

Frilis B BCE SO H AR A BRI G A4 NS, A SR A T R

4.1. BEETHURNES 2N 2
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4.1.6 WESHZHRN

RCE R fiv 43 FRASERCE 4, HIRIG A (e

{config_name}_{date}-{hash}.pth

4.2 BLE N4

Iy

N

£ configs/_base_ I FH 4 MEAHMARR,
o A (model)
* Hdfi (data)
o YIZEHME (schedule)
o BfTHE (runtime)
AR AT DA b 4 AR — S LA C B SO 2 ) CRI R B S ok _base_ BRSO B EFR A
primitive,

T HE W PR MMClassification 46 I 2 45 H 14 76 BEBE BRI HAT — S EEASHY T8, FRATAEH ResNet50 J5ih
P AR BT UL R — AT o EVRA R A DRI BT %, 5% APL XL
=R

_base_ = |
'../_base_/models/resnet50.py"', # A
'../_base_/datasets/imagenet_bs32.py"', &
'../_base_/schedules/imagenet_bs256.py', # il % K &
'../_base_/default_runtime.py' # BRANITATRE

]

R PUANER S > BIHEAT U, B4R PA_EiA ResNetS0 JEUR L B SCPFAE 5051

421 {#EE

B ZA mode L FERCE P —A> python Tk, TR AR L5 . Bk BRAEE B -
* type : ZFEIMAHK, HHI MMClassification H 3¢ f TmageClassifier, &% API 1Y,
e backbone : EFMZEA W HEWIS% APL LY.
e neck : MM, H @i MMClassification H 7 GlobalAveragePooling, &% APl Y,
* head : SKMZERA, GFRRFRE R G ZAR% LMY, W LSS % APL Y.

— loss @ EREEKA, T CrossEntropylLoss, LabelSmoothLoss ¢, A Hli&iZ# API
SRS
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https://github.com/open-mmlab/mmclassification/tree/master/configs/_base_/models
https://github.com/open-mmlab/mmclassification/tree/master/configs/_base_/datasets
https://github.com/open-mmlab/mmclassification/tree/master/configs/_base_/schedules
https://github.com/open-mmlab/mmclassification/blob/master/configs/_base_/default_runtime.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet50_8xb32_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet50_8xb32_in1k.py
https://mmclassification.readthedocs.io/zh_CN/latest/api/models.html#classifier
https://mmclassification.readthedocs.io/zh_CN/latest/api/models.html#backbones
https://mmclassification.readthedocs.io/zh_CN/latest/api/models.html#necks
https://mmclassification.readthedocs.io/zh_CN/latest/api/models.html#heads
https://github.com/open-mmlab/mmclassification/blob/master/configs/_base_/models/resnet50_label_smooth.py
https://mmclassification.readthedocs.io/zh_CN/latest/api/models.html#losses
https://mmclassification.readthedocs.io/zh_CN/latest/api/models.html#losses
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* train_cfg: YIZACE, CFF mixup, cutmix ZIZHEHE.

ik FCESCIFHRY Ctpe’ ARWIERSEL, M2EA.

model = dict (
type="'ImageClassifier’', # K BER
backbone=dict (

type='ResNet', # £ F M % xR
depth=50, # £ T M W%®E, ResNet —#tH 18, 34, 50, 101, 152.
<7 D% #
num_stages=4, #_
S>E TR LIRS (stages) B E, BERAFAEHHFAEEEANE LW head B A\
out_indices=(3, ), # M B R R R BERANE%L, REH KA
frozen_stages=-1, #_

SRR, KM% Hstage (NHEBRARTRHEEHELE) , Foum
—stages=4, backbonefl, 4 stem § 4 A stages, frozen_stagesﬂy —1H , RNFEER % o
SH O, KE stem; HAHI1W, KL stem F stagel; K 4W, W % #E Nbackbone

style='pytorch'), # = TFTH%&W AR, 'pytorch’ EREF LK A2 B K 3x3.
%M, r'caffe’ RBEFKA2HE A 1x1 HR.
neck=dict (type='GlobalAveragePooling'), # M KA
head=dict (
type='LinearClsHead', # %M kL
num_classes=1000, PR R, KB KRR KA — %
in_channels=2048, # M NEHER, X5 neck W HEYE — K
loss=dict (type='CrossEntropyLoss', loss_weight=1.0), # i % & # L & fz &
topk=(1, 5), # WA, Top-k EHE, KEH topl 5 tops.
o VE B E

4.2.2 ¥iE

BB data R E S H—4> python Fllt, FEAEHELIRLENN A (dataloader) BLEfF L :
e samples_per_gpu: H# dataloader i}, %54 GPU [y Batch Size
* workers_per_gpu : M## dataloader i}, %~ GPU RJZRAEEL
e train | val | test: WrEEHESE
- type : $dE4ESHA . MMClassification %15 ImageNet, Cifar 2, HFAPI kY
- data_prefix: HHREMRH
- pipeline : HRAEIIFIKL, S5 R KBRS A0 Rd AL BT /K 26
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https://github.com/open-mmlab/mmclassification/blob/master/configs/_base_/models/resnet50_mixup.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/_base_/models/resnet50_cutmix.py
https://mmclassification.readthedocs.io/zh_CN/latest/api/datasets.html
https://mmclassification.readthedocs.io/zh_CN/latest/tutorials/data_pipeline.html
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WS E evaluation H@—AFH, iy evaluation hook WRCEL(H R, FEMUEIEIEMIFGE . PEAEHEIR
%o

# dataset settings

dataset_type = 'ImageNet' # ¥ i & 4 1,

img_norm_cfg = dict ( #EGH—HWEE, AxH—ft@m N EL.
mean=[123.675, 116.28, 103.53], # MWL EA T HAINGE TR L EA B FHHE.
std=[58.395, 57.12, 57.375], P FNLEATHANAETTHEASHEA R Z.
to_rgb=True) # RER®EEHE, £ cv2, mmecv ZHEHFBRIN A

BGR WM HE N F, X B Normalize HE F ZH H WK E LI RGB #M W F, -

SHMFEREEEINT .

# % B AR R A &

train_pipeline = [
dict (type='LoadImageFromFile'), # EBE AR
dict (type='RandomResizedCrop', size=224), | &

dict (type='RandomFlip', flip_prob=0.5, direction='horizontal'), # PL# &= 40.
S A F#MERE A

dict (type='Normalize', **img_norm_cfg), # B — 1

dict (type='ImageToTensor', keys=['img']), # image # % torch.Tensor
dict (type='ToTensor', keys=['gt_label']), # gt_label ¥ 4 torch.Tensor
dict (type='Collect', keys=['img', 'gt_label']) #_

o P BYE PR BB R 4 B AR
]
# R &R K&
test_pipeline = [

dict (type="'LoadImageFromFile'),

dict (type='Resize', size=(256, -1)),

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

dict (type='Normalize', **img_norm_cfqg),

dict (type='ImageToTensor', keys=['img']),

dict (type='Collect', keys=['img']) # test W K # gt_label
]
data = dict (

samples_per_gpu=32, # ¥/ GPU Wy Batch size

workers_per_gpu=2, # BN GPU W &K

train=dict ( # W& FHIEEE
type=dataset_type, # OB E AR

data_prefix='data/imagenet/train', # KEEH F, Y A HF A& ann_file.
B, KA RN X H K E BB
pipeline=train_pipeline), #BREEFTELELN BE R AL
val=dict ( tRIEREERE L
type=dataset_type,

data_prefix='data/imagenet/val',
ann_file='data/imagenet/meta/val.txt', # AR EXHHBR, FA& ann_file.
S, FTEAXHEREGIRRELANER

Qi3]
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(2 E30)
pipeline=test_pipeline),
test=dict ( # MR BEEER
type=dataset_type,
data_prefix="'data/imagenet/val',
ann_file='data/imagenet/meta/val.txt"',
pipeline=test_pipeline))
evaluation = dict( # evaluation hook # T &
interval=1, # KE R A B A FE, B AL A epoch B #F iter, B HE T runner.
> KA,
metric='accuracy') # B OE H R R B A AT .

4.2.3 JIlgkREE

FEAEWAHUE . optimizer hook BEE . 23 HHEMEA runner YLH:
 optimizer : IALEFIEAEE, SX3F pytorch Bramtitbds, %MK mmev 3RS
* optimizer_config: optimizer hook [ELE UM, AN EAEERRS, S AH K mmev ALY
e 1r_config: 2£3J %M, L5 “CosineAnnealing”. “Step”. “Cyclic” %45, ZAf% mmev SCHY
« runner : % runner WIAZ#% mmev (T runner /43R

# A THERNBENEE XH. X#F PyTorch # WAL E, FIHENH £5% L5 PyTorch.
R -

optimizer = dict (type='SGD', # b B kA
1r=0.1, FRAEBHEIR, ZRGERETEFS RN H-

—PyTorch X 4%,
momentum=0.9, # # & (Momentum)
weight_decay=0.0001) # M &= & W % $ (weight decay) .
# optimizer hook Wy F & X fF
optimizer_config = dict (grad_clip=None) # K Z #H 7 = 4 A # Z R4 (grad clip).
# FIXRERE, AT EM Lrupdater hook.

lr_config = dict (policy='step', # W B A& (scheduler) i & W, H X Fo
—~CosineAnnealing, Cyclic, &
step=[30, 60, 901) # FE epoch % 30, 60, 90 W, 1r #1TFE WK

runner = dict (type='EpochBasedRunner', # ¥ 1fF F Wy runner Wy % %], W IterBasedRunner.
<> 8 EpochBasedRunner,
max_epochs=100) # runner M [El 4 %, X T IterBasedRunner.

~fF B ‘max_iters’
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https://mmcv.readthedocs.io/zh_CN/latest/_modules/mmcv/runner/optimizer/default_constructor.html#DefaultOptimizerConstructor
https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/optimizer.py#L8
https://mmcv.readthedocs.io/zh_CN/latest/_modules/mmcv/runner/hooks/lr_updater.html#LrUpdaterHook
https://mmcv.readthedocs.io/zh_CN/latest/understand_mmcv/runner.html

MMClassification Documentation, %4 %5 0.25.0

4.24 EBITRE

AT BRI SRS . HETCE . YIS W R AR A T A H R 2545

# Checkpoint hook W W & X .

checkpoint_config = dict (interval=1) # REWHERELE 1, ¥4 RIE runner.
>ARAZs, TIA epoch HF iter.

* HXBREREE.

log_config = dict(

interval=100, # FTENHLZMERE, ®fL iters
hooks=[
dict (type='TextLoggerHook'), # AT REINESEN ALK HE (logger) .

# dict (type='TensorboardLoggerHook ") # [ B £ & Tensorboard H %
1)

dist_params = dict (backend='nccl') # AT REALAINEH S %, o FEETHEE.
log_level = 'INFO' # HEAWWE R,

resume_from = None #o

NG EEREKEME K (checkpoints), NHERAKM AR EARFHRATEKREN % .
workflow = [('train', 1)] # runner W L1EW A, [('train', 1)].

sk RA-—NIERLIERRKHAT K

work_dir = 'work_dir' #F ATRELSW IR ERLEEME X8 H KX,

4.3 Yk FH ISl B 31

N TREREACT . PR EORC B S A S (T E A, FRATBAR A Tk

XHFAE ] — SRS N W BT AT L B SO, MM Classification HERE HAFAE —ANXT IV Rbsfio 5 3CHE. Brg
PR BC B SO IR R R Jode o B OCHE, XA RERE PRI RC B SCPF S RAORERBEA 3.

B, AR AE ResNet Py E Gl BT —2B %, MPELv Al E _base_ = './
resnet50_8xb32_inlk.py' (X TRAGELE SCAFMEER) | RAPREM Y ResNet 254y, il 4
PA S AR I 2R AR B ﬁifﬁféﬂﬁﬂﬂﬁiﬁqjE@M‘%%ﬁv/\mﬁiﬁ_%o AR LE EL Al resnetSO [ ST |
PR E il 100 2k 300 FAZ Bl > R e 25, W) P48 B8k AL 8% A, AT DA 7 38 A TC SO
configs/resnet/resnet50_8xb32-300e_inlk.py, XHHEALATHEA:

_base_ = './resnet50_8xb32_inlk.py'

runner = dict (max_epochs=300)

lr_config = dict (step=[150, 200, 250])

data = dict (

train=dict (data_prefix='mydata/imagenet/train'),

(R gksh)
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val=dict (data_prefix="'mydata/imagenet/train', ),

test=dict (data_prefix='mydata/imagenet/train', )

431 EREENHENPEIEE

ML As &, P E) A S L BSOS I, EA S B

Bl ) train_pipeline / test_pipeline @ NEHRI/K L HHIZE R, FRATE B E X
train_pipeline/test_pipeline, R ENZIES data Hro GUERAB SR = A K R
KN, EEEEB N train_pipeline /test_pipeline XEEHI[E]AF &,

img_norm_cfg = dict (

mean=[123.675, 116.28, 103.53], std=[58.395, 57.12, 57.375], to_rgb=True)
train_pipeline = [

dict (type="'LoadImageFromFile'),

dict (type='RandomResizedCrop', size=384, backend='pillow',),

dict (type='RandomFlip', flip_prob=0.5, direction='horizontal'),

dict (type='Normalize', **img_norm_cfgqg),

dict (type='ImageToTensor', keys=['img']),

dict (type='ToTensor', keys=['gt_label']),

dict (type='Collect', keys=['img', 'gt_label'])
]
test_pipeline = [

dict (type='LoadImageFromFile'),

dict (type='Resize', size=384, backend='pillow'),

dict (type='Normalize', **img_norm_cfqg),

dict (type='ImageToTensor', keys=['img']),

dict (type='Collect', keys=['img'])
]
data = dict (

train=dict (pipeline=train_pipeline),

val=dict (pipeline=test_pipeline),

test=dict (pipeline=test_pipeline))
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4.3.2 PHEEMEEXHEMNBITAT

A, BHRERE _delete_=True KZMGELAIHECESCIF A —LINZE . ATPAS B mmev SR ARAG—LL ]
HUETERS

PAR B — A B T 22 . SR AE_F A ResNet50 ZE 4] d1{di F cosine schedule , {if i 447K - BB SR get
unexcepected keyword 'step' ff, B A HEARHELE {4 Ir_config W5 EIY) 'step' FEMHHEETRT,
FIMA _delete_~True F/ZAMMERMILE Y 1r_config FHPIE:

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

lr_config = dict(
_delete_=True,
policy='CosineAnnealing',
min_1r=0,
warmup="'linear"',
by_epoch=True,
warmup_iters=5,

warmup_ratio=0.1

433 S| REMEEXHEMNTE

A, ERTPASI _base BCEFER-LEEANZE, XN ARSI E Lo W PAS IR mmev RPRAT—LEfi]
LENIDE o

PAR @ — R 2201, AE U 2R A B 7Kk 46 i auto augment Fififsin , % Bl & S0 configs/
_base_/datasets/imagenet_bs64_autoaug.py. fEE X train_pipeline i}, AJPAEEESE _base_
Hom AE X auto augment 2RI GE 1 S0 ah 44, FE {{_base_.auto_increasing_policies}} 5|

=N
AR

_base_ = ['./pipelines/auto_aug.py']

# dataset settings
dataset_type = 'ImageNet'
img_norm_cfg = dict (
mean=[123.675, 116.28, 103.53], std=[58.395, 57.12, 57.375], to_rgb=True)
train_pipeline = [
dict (type='LoadImageFromFile'"),
dict (type='RandomResizedCrop', size=224),
dict (type='RandomFlip', flip_prob=0.5, direction='horizontal'),

(
(
dict (type="'AutoAugment', policies={{_base_.auto_increasing_policies}}),
dict (type='Normalize', **img_norm_cfqg),

(

dict (type='ImageToTensor', keys=['img']),

(F T gksh)
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https://mmcv.readthedocs.io/zh_CN/latest/understand_mmcv/config.html#inherit-from-base-config-with-ignored-fields
https://mmcv.readthedocs.io/zh_CN/latest/understand_mmcv/config.html#reference-variables-from-base
https://github.com/open-mmlab/mmclassification/blob/master/configs/_base_/datasets/imagenet_bs64_autoaug.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/_base_/datasets/imagenet_bs64_autoaug.py
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dict (type='ToTensor', keys=['gt_label'l),

dict (type='Collect', keys=['img', 'gt_label'])
]
test_pipeline = [...]
data = dict (

samples_per_gpu=64,

workers_per_gpu=2,

train=dict (..., pipeline=train_pipeline),
val=dict (..., pipeline=test_pipeline))
evaluation = dict (interval=1, metric='accuracy')

44 BESH/UTSHIEHEERE

Y P BIA “tools/train.py” B “tools/test.py” FEXZAESS, PASATHH—LL THARS, WTPAME TR E
—-cfg-options SHUK HEAEUUIE N BYBC E S NE .

o SEBTC B A T

AT DAFEZ SR T S Hh S L ) B P G 4 o L BRI . Bl 40, ——cfg-options model.backbone.
norm_eval=False ¥ FET ML A BN BHEYUCN train Bz,

o TBTC B SO NS R B
— UL AR SO R TR AR B, JIZRIRKER data.train.pipeline il & —
ANFFE., B, [dict (type='LoadImageFromFile'), dict (type='TopDownRandomFlip',
flip_prob=0.5), ...] . WEHRERFH/KL ) 'flip_prob=0.5" M A 'flip_prob=0.0",
TN DX KEFEE ——cfg-options data.train.pipeline.l.flip_prob=0.0,

o THHIROTHIIE .

AT E S P R E R 2P RS T, B, ElE SO S E workflow=[ ('train’,
1)1, PR, FEIEE ——cfg-options workflow="[ (train, 1), (val,1)]1". &
XHEEE1E7 X5 RS THBIERA B SOR LB, I E ARG N IHE € ER B EE
2K o

45 SR EE LSS

i AFAUAE 24°%F MMClassification 44 4 5 C i H BJ ] e H 2], w)278 Bkl .

TR SE R SEHOE WA RS . AT A A BRRAR « AnATHs g il &, #5nT AEfd A MMClas-
sification 52 5% H CLRYIH HAETH B @ TR . B, BolgaRgg . b TR, WK MMClas-
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https://mmclassification.readthedocs.io/zh_CN/latest/tutorials/new_dataset.html
https://mmclassification.readthedocs.io/zh_CN/latest/tutorials/data_pipeline.html
https://mmclassification.readthedocs.io/zh_CN/latest/tutorials/new_modules.html
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sification 73— =07, MBI B CROBAMOR RS, FEAERCE SO S R SR . AT D
%% OpenMMLab 53 K JEH .

AT EAE AR B BC B S PAR QRS -

custom_imports = dict (
imports=['your_dataset_class',
'your_transforme_class',
'your_model_class',
'your_module_class'],

allow_failed_imports=False)

4.6 = Ilia=E

s T
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https://github.com/zhangrui-wolf/openmmlab-competition-2021

CHAPTER B

HiE 2: AR

C4UEM], 7E ImageNet Zifin g F G ZRAY 73 FEB A0 T HAl B S AUH AR AR 55 A R RO RCR «
SHARRRAL T AR Model Zoo R iEp I ZREa8 ] T H A B S, SRS EFRRER.
TERTBOR SR ORI 5y 2L

o FHRHGZ 30 Ao fT B LR B IR R SR S R

o $ BAREAR TP 0 A A RO SO

B FRATIAEA — 11 ImageNet-2012 £ii4E_E i)l 547 ResNet-50 £2 , Jf HA7EAE CIFAR-10 %ffla 4l Byt
PPN, FAT 7R A e B S A LAY

5.1 4R e 5

B, BIE—NHECE X configs/tutorial/resnet50_finetune_cifar.py RARFERATHIE
B, MR, XA FAA HGE -

T AN R (R A B R, AT SR BB T E P AR B . B ResNet-50 A7, e &
TEYK _base_/models/resnet50.py RAEHMAWEALEH . Jy T ] CIFARIO BiRSE, HivhE:
AR PAE AR _base_/datasets/cifarl0.py. MAH TAREBITHCERE, HAIIZGHEERS, B
BoE YK _base_/default_runtime.py.

TR A B E SO, AT BT - BB A TR B STk

31


https://github.com/open-mmlab/mmclassification/blob/master/docs/model_zoo.md
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_base_ = [
'../_base_/models/resnet50.py"',
'../_base_/datasets/cifarl0.py', '../_base_/default_runtime.py'

]

BRUtZ At PRI AN AR, HI S S BRI E SCF, Bl configs/lenet/lenet5_mnist.py.

5.2 {2RgiREY

FEDEATROR 2, BATEH A B T T W45 (backbone) M FINZRBIA, FHBATEARIEN G A8
50263k (head).

R THEET MWLM BN GARL, RATTEE L E T MNP E, I Pretrained FAMHILHIL
B T34, TR E T, AT prefix="backbone " G HI 4G 5K BRS IR A T SO B 44
FRIGRIZ, A backbone . convl AZAY convil. JyfEiie i, FATXHEAMH—MELMBE SO, ©
SAENZRET B 2 F X R SO, ARt ] DA AT R X MEAL, SR 5 T A M B 12 .

RO, B B0 E SO R R T K SR A SR B H R B O Sk I B HAR A M Ik P

num_classes WEHIT],

model = dict (
backbone=dict (
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),

MBS X ARG EBOERA TR B S TR, B 2 B S FRATHY S B SO R

78k, A FAEIAT RO AR REE E T MAMEIUZN S, XaBA U TERSEING T, R
¥ 28 M BRI ZRASCEE T 4R A ) S IR BT R AR A E )« 7E MM Classification #, 53X — 3y g ] DA 1o fif B A9 — 4>
frozen_stages ZHOREH. HAFANIFTERETHIPZ MR SE, A2 L BCE H i —17:

model = dict(
backbone=dict (
frozen_stages=2,
init_cfg=dict (

type='Pretrained',

(Rt
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https://github.com/open-mmlab/mmclassification/blob/master/configs/lenet/lenet5_mnist.py
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checkpoint="https://download.openmmlab.com/mmclassification/v0/resnet/
—resnet50_8xb32_inlk_20210831-ea4938fc.pth',
prefix="'backbone',
))

head=dict (num_classes=10),

ik HEEAZPA R MR frozen_stages 248, FEMIAZ AT, HJck SO PARIARET il
(9 32T P AR S F

5.3 fefiEE

BRSBTS VAT RO, FRATIE AR S LR A L. FEAIX HE, FRAT TR B
CIFAR-10 ffa 4R A R/ 32 iR 224 SRIC A ImageNet ERUUIGREIAAYHIA  3X— 7 20T DAIE L
BB AL Bk 2k (pipeline) RS<HL.

img_norm_cfg = dict (
mean=[125.307, 122.961, 113.8575],
std=[51.5865, 50.847, 51.255],
to_rgb=False,
)
train_pipeline = [
dict (type='RandomCrop', size=32, padding=4),
dict (type='RandomFlip', flip_prob=0.5, direction='horizontal'),
dict (type='Resize', size=224),
dict (type='Normalize', **img_norm_cfqg),
dict (type='ImageToTensor', keys=['img']),
dict (type='ToTensor', keys=['gt_label']),
dict (type='Collect', keys=['img', 'gt_label']),
]
test_pipeline = [
dict (type='Resize', size=224),
dict (type='Normalize', **img_norm_cfqg),
dict (type='ImageToTensor', keys=['img']),
dict (type='Collect', keys=['img']),
]
data = dict (
train=dict (pipeline=train_pipeline),
val=dict (pipeline=test_pipeline),
test=dict (pipeline=test_pipeline),

(Rt
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5.4 f&RrilgriRig iz E

T RORE S5 B SRS BN E AR, 85 T 2RI ) SRR A I R 1]

# ATHAANN 126 Wthth B¥ g %

optimizer = dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001)
optimizer_config = dict (grad_clip=None)

P ERRA

lr_config = dict (policy='step', step=[15])

runner = dict (type='EpochBasedRunner', max_epochs=200)

log_config = dict (interval=100)

5.5 Frigillgk

e, FATE T T RORMECE S, SRR SR

_base_ = |
'../_base_/models/resnet50.py"',
'../_base_/datasets/cifarl0_bsl6.py', '../_base_/default_runtime.py'
]
# EARE

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),

t BREERE

img_norm_cfg = dict (
mean=[125.307, 122.961, 113.8575],
std=[51.5865, 50.847, 51.2557,

@3
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to_rgb=False,
)
train_pipeline = [
dict (type='RandomCrop', size=32, padding=4),
dict (type='RandomFlip', flip_prob=0.5, direction='horizontal'),
dict (type='Resize', size=224),
dict (type='Normalize', **img_norm_cfqg),
dict (type='ImageToTensor', keys=['img']),
dict (type='ToTensor', keys=['gt_label']),
dict (type='Collect', keys=['img', 'gt_label']),
]
test_pipeline = [
dict (type='Resize', size=224),
dict (type='Normalize', **img_norm_cfqg),
dict (type='ImageToTensor', keys=['img']),
dict (type='Collect', keys=['img']),
]
data = dict (
train=dict (pipeline=train_pipeline),
val=dict (pipeline=test_pipeline),
test=dict (pipeline=test_pipeline),

# WHEKBEE

#FRATHAMDA 128 BB %

optimizer = dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001)
optimizer_config = dict (grad_clip=None)

FOETERRL

lr_config = dict (policy='step', step=[15])

runner = dict (type='EpochBasedRunner', max_epochs=200)

log_config = dict (interval=100)

BTk, BAER—5 8 3k GPU M ik YIZRFRATHRAL, $3540F

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

MR, AT AT AGE I B3K GPU SRBEATUISR, (AT v

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

fEUZURFA T B3k GPU HEATIIZRATG , 7 RS s i R~ gk

data = dict (
samples_per_gpu=128,

(Rt

5.5. Fi&illgk
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train=dict (pipeline=train_pipeline),
val=dict (pipeline=test_pipeline),
test=dict (pipeline=test_pipeline),

KA R 3R AT I 255 W 2 BT X L vk KU (batch size) by 128 B K. TESCHDE O, RET
samples_per_gpu=16, WIHRMH 8 ik GPU, @AHLIKI/INEE 128, TRl i fik GPU, mtaiiF
& samples_per_gpu=128 SEULHEI I Z5FRHE .
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#i2 3 MMBEEXHIES

A1 FFF L2 G 2 2880 A AL, ARmT ATE St i 4k 2B AT .
TEATT AT B[ 1% 8 & & ah 548 B DAL AT 1 8 3038 2 6%,

6.1 EFHBCHEIESR

6.1.1 BHIBEEFHFHARACHER

R B OB, B B A R B e 0 A i s X
T2 RAES, BANMEFMA custombataset #,
CustomDataset RFFHAPIALMHHER:
L PR AR, B g AT 8RR — IR 7.
FEAS B R AT DAAE R A5 A HEF T2 2R, Hetn:

train/
folder_1
F— xxx.png

l_

|

| — xxy.png
|

li

\_00.

123 .png

37
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F— nsdf3.png
I_---

TARE SR NIE SR T B e A R B S B AR A A I 2851 5 o e sl — 9 R A T 2 H
R (AHIHR train H3R) MBS, 8585

folder_1/xxx.png 0
folder_1/xxy.png 1
123.png 1
nsdf3.png 2

ik RAFSHENY/ET [0, num_classes - 1] jufl.

2. FEITH A SO AT S5 T

train/

Q
V)
=

XXX .png

XXy .png

[ TT

XXZ.png

irdl.png

o o

ird2.png

I
[TTg

Q.
o]
Q

123 .png

[TTT

asd932_.png

RGO T, ARATEERRBARE ST, AT cat HRTFRE R SR SBIN cat KRR

WHFMF , RO EIED A= THIE: train, val M test, 4HHT UL, UMM, &
AT T B SN A — B S5

BT, e ERELINT IR (28 —FhH 45 -

mmclassification
L— data
L— my_dataset

F— meta

(Fotakss)
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— train.txt
F— val.txt
L— test.txt

train

=

a

TT

test

ZIEAEARR S ESCAE A, ATDAMB B data RO

dataset_type = 'CustomDataset'
classes = ['cat', 'bird', 'dog']l # HKEEF LKW LK

data = dict (

train=dict (
type=dataset_type,
data_prefix='data/my_dataset/train',
ann_file='data/my_dataset/meta/train.txt',
classes=classes,
pipeline=train_pipeline

)y

val=dict (
type=dataset_type,
data_prefix='data/my_dataset/val',
ann_file='data/my_dataset/meta/val.txt"',
classes=classes,
pipeline=test_pipeline

)

test=dict (
type=dataset_type,
data_prefix='data/my_dataset/test',
ann_file='data/my_dataset/meta/test.txt"',
classes=classes,

pipeline=test_pipeline

6.1. EHAECHNES 39
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6.1.2 BIE—MHEVEIRSR %

PP PAYRE — 4k [ BasesDataset WIEEIESEZ, T load_annotations (self) ¥, 2K
CIFARI10 #{] ImageNet,

WA, WHERE— NS AEARNIR, KPR M ERERE— . PP s T OEREIRFER,
Ban img Fl gt_label,

B FRATRFE LI —A Filelist BUORAE, REPRER M0 ST FZFHATINAMK . FRES) R k%= an
T

000001.3pg 0
000002.3pg 1

FRATATPAYE mmcls/datasets/filelist.py FRIE—NHHEIREE AN EEE.

import mmcv

import numpy as np

from .builder import DATASETS

from .base_dataset import BaseDataset

@DATASETS.register_module ()

class Filelist (BaseDataset) :

def load_annotations(self):

assert isinstance(self.ann_file, str)

data_infos = []
with open(self.ann_file) as f:
samples = [x.strip() .split(' ") for x in f.readlines()]

for filename, gt_label in samples:

info = {'img_prefix': self.data_prefix}
info['img_info'] = {'filename': filename}
info['gt_label'] = np.array(gt_label, dtype=np.int64)

data_infos.append (info)

return data_infos

KEF I EPESEISIMA T mmcls/datasets/__init_ .py H:

from .base_dataset import BaseDataset

from .filelist import Filelist

(Rt
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(£ 50

_all = [
'BaseDataset', ... ,'Filelist'

]

NFAERCE S, AT Filelist, PRI DARE AR U2 e e

train = dict(
type='Filelist',
ann_file = 'image_list.txt',

pipeline=train_pipeline

6.2 fEARIERERE

R AR — T MCEBAR AT IO%, MR IR AT, SR 2
FT R

6.2.1 ESERIER

FAEH RepeatDataset fEH—NEEHIEEN TR . 2007, BRIRIEESEEE R Dataset_A, T
BEEY, RAIFEFAECE

data = dict(
train=dict (
type='RepeatDataset',
times=N,
dataset=dict( # X B & Dataset_A W FE I &

type='Dataset_A"',

pipeline=train_pipeline

6.2. ERMIERER 41
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6.2.2 25 FHBRE

FAMEN CclassBalancedDataset VERARYEZ A EAE L AT HIORFEM BB AT EERIEN
AR ET I RE self.get_cat_ids (idx) PAX¥f ClassBalancedDataset,

T, ¥ oversample_thr=1e-3 X} Dataset_A #HF7HEE KA, FHUTFREEE U4

data = dict (
train = dict(
type='ClassBalancedDataset',
oversample_thr=1le-3,
dataset=dict( # X B £ Dataset_ A W R I H &

type='Dataset_A"',

pipeline=train_pipeline

HMERANTY, S5 APT U,
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CHAPTER /

HiE 4 WA EERLIERE

7.1 i RER kS

Fie IR BT G A, FRAT IS Dataset fll DataLoader Hffi [l £~ worker HEAT8FE ML . % Dataset MR
5 EAERFIR 0] — SRR forward Jy¥ERY S EHIXT I ) 73 o

BlR UK SAER S R AR A . @R, A s SCUNAT AR FARTE SO, M ik 2 BT il 2K
TP IR FOKE R — RPN BRI A, i — .

IXEEHAE I B, Pt B A% AL .
X HL( ] ResNet-50 7 ImageNet £ ERYERHIK AR AR B

img_norm_cfg = dict (

mean=[123.675, 116.28, 103.53], std=[58.395, 57.12, 57.375], to_rgb=True)
train_pipeline = [

dict (type='LoadImageFromFile'),

dict (type='RandomResizedCrop', size=224),

dict (type='RandomFlip', flip_prob=0.5, direction='horizontal'),

dict (type='Normalize', **img_norm_cfqg),

dict (type='ImageToTensor', keys=['img']),

dict (type='ToTensor', keys=['gt_label']),

dict (type='Collect', keys=['img', 'gt_label'])
1
test_pipeline = [

dict (type="'LoadImageFromFile'"),

(FItgkss)

43




MMClassification Documentation, %4 %5 0.25.0

(£ 50

dict (type='Resize', size=256),
dict (type='CenterCrop', crop_size=224),

(

(
dict (type='Normalize', **img_norm_cfqg),
dict (type='ImageToTensor', keys=['img']),
(

dict (type='Collect', keys=['img'])

XFEAEAE, FRAIE TEI . R, MIBRGIA B FERK L EG, FAIEH collect {UfR
TR forward EFIRF .

7.1.1 RS

LoadImageFromFile - M\ U mak %
e USN: img, img_shape, ori_shape

BOATEDLT , LoadImageF romFile ff& EAE MBI A EIR , (HO0F— LR . USRI, 5Xm]
RES FELIO S . MMCV S5 2 R N 20 s ok g X —id A« Bian, iRl 2kt ss ERCE T memcached,
IR 2 FAT T4 B AN Ty 54 e S

memcached_root = '/mnt/xxx/memcached_client/'
train_pipeline = [
dict (
type='LoadImageFromFile"',
file_client_args=dict (
backend="memcached"',
server_list_cfg=osp.join (memcached_root, 'server_ list.conf'),

client_cfg=osp.join (memcached_root, 'client.conf'))),

B2 T REEEME G, T PAS: I, mmev fileio.FileClient.

7.1.2 FR4bIE

Resize - BT
o USI: scale, scale_idx, pad_shape, scale_factor, keep_ratio
e T img, img_shape
RandomF 1ip - FEHLEIFE KB
e ¥ flip, flip_direction
* TP img
RandomCrop - FEHLEST K&
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* H3ff: img, pad_shape
Normalize - BRI —1k
o US: img_norm_cfg

« W img

713 Bt

ToTensor - ¥ (F7%5) $3EE torch. Tensor
o BH MRIES M keys FE

ImageToTensor - FIEGEIER torch. Tensor
o B MRIESE keys f8E

Collect - fRE 8 EH(H
o MIER: BR T SE keys $55E ASMIBTA B0

7.2 I RRERAEE LK

1. %5 — R b EAE, HETE mmcls/datasets/pipelines/ Hax FHEM—A 04,
Bl my_pipeline.py. XNEFEEH _ call  F¥k, BZ—PNFMEREA, HFRE—AFE

ZNo°

from mmcls.datasets import PIPELINES

@PIPELINES.register_module ()

class MyTransform(object):

def _ call_ (self, results):
# X results(['img'] HATE HEE

return results

2. ¥E mmcls/datasets/pipelines/__init_  .py HHRAXAHIZE,

from .my_ pipeline import MyTransform

_all = [

.., 'MyTransform'

3. FERHRAT K 2R HE B A IR X — 44

7.2. ¥RRERERE RS
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img_norm_cfg =

mean=[123.675,

dict (
116.28, 103.53],
train_pipeline = [
dict (type='LoadImageFromFile'),
dict (type='RandomResizedCrop', size=224),
dict (type='RandomFlip', flip_prob=0.5,
dict (type='MyTransform'),
dict (type='Normalize', **img_norm_cfqg),
dict (type='ImageToTensor', keys=['img']),
dict (type='ToTensor', keys=['gt_label']),

dict (type='Collect', keys=['img',

std=[58.395,

57.12, 57.375], to_rgb=True)

direction='horizontal'),

'gt_label'])

7.3 FIKEE DI

BRI R, BT DMIOR 711 T LA KRR

46
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CHAPTER 8

HIZ5: MAIGINHTIRLR

8.1 FAMAH

TRATHA_ERABRALE 5 3 AP
o ETMS: JEE R DMRAESR M %, 140 ResNet, MobileNet
o BB AT EERA T MARLER AL, B4 Global AveragePooling
o SKER: AT RATREEALSS AL, Bilnsr2mmg

8.1.1 FMHFETFMLE

XHL, FATLA ResNet_CIFAR S0, J&7R 1 UR[IT A — A8 T 25 411

ResNet_CIFAR 4%t CIFAR 32x32 (&% &1 A, ¥ ResNet H! kernel_size=7, stride=2 [k BN
kernel_size=3, stride=1, KT stem E2Z 51 MaxPooling, DAEEGAZ T/ INEHIE K B 5 2= e
H

B4K H ResNet HHBN T stem JZ.

1. B8 —AN0 0 mmels/models/backbones/resnet_cifar.py.

import torch.nn as nn

from ..builder import BACKBONES

from .resnet import ResNet

(Rt
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@BACKBONES . register_module ()
class ResNet_CIFAR (ResNet) :

"""ResNet backbone for CIFAR.
CEXESS LS ELEED

Args:
depth (int): Network depth, from {18, 34, 50, 101, 152}.

(ZHX#)

mn

def _ init_ (self, depth, deep_stem=False, **kwargs):
#  JH # £ ResNet Wy #7141 & %
super (ResNet_CIFAR, self).__init__ (depth, deep_stem=deep_stem **kwargs)
#OH f B kB4 R R

assert not self.deep_stem, 'ResNet_CIFAR do not support deep_stem'

def _make_stem_layer(self, in_channels, base_channels):
# ERERMTE, WEAXMEEH NGB 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.RelLU(inplace=True)

def forward(self, x): # F ER[FE — /L4
pass # WA EF T W% B m L

def init_weights(self, pretrained=None) :

pass # WRALEWE, ERERX ResNet XA ML B &

def train(self, mode=True) :

pass # WRALEHE, EHERX ResNet B
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2. £ mmcls/models/backbones/__init__ .py TS AP

from .resnet_cifar import ResNet_CIFAR

_all = [
., 'ResNet_CIFAR'

3. AERCESCHF P B 32T 1 2%

model = dict (

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

other_arg=xxx),

8.1.2 R IMFHIFEP A 4

XHIAIVA GlobalAveragePooling Nl X2 ARF ) B H AR, BAITMTSEL.
LIRS SR, A FRF LI forward BREL, RO £ T R 2500 Hh AT — L4 R4 2R

(ESuEI PRI

1. B)E—AF M mmels/models/necks/gap.py

import torch.nn as nn

from ..builder import NECKS

@NECKS.register_module ()

def _ init_ (self):

def forward(self, inputs):

outs = self.gap(inputs)

return outs

class GlobalAveragePooling (nn.Module) :

self.gap = nn.AdaptiveAvgPool2d( (1,

# HERL, RMNKARAE-IMKE

outs = outs.view(inputs.size(0),

1))

1)

2. fE mmcls/models/necks/__init__.py S AFELR

8.1. FAMAH
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from .gap import GlobalAveragePooling

_all = [

., 'GlobalAveragePooling'

3. A ECHC SO AR B SR AL

model = dict (

neck=dict (type='GlobalAveragePooling'),

8.1.3 FRINFAYSLERLAH ¢

eI, FATPA LinearClsHead MBI, i BH Q] A& HT ) Sk s 4l 44

BSR4 ERANTFHELH forward_train s%, B3E2K H IGHEE T M4 HRHIE
B A, TR T HIRE A

1. B8 — 3 mmcls/models/heads/linear_head.py.

from ..builder import HEADS

from .cls_head import ClsHead

@HEADS.register_module ()

class LinearClsHead (ClsHead) :

def _ init_ (self,
num_classes,
in_channels,

loss=dict (type='CrossEntropyLoss', loss_weight=1.0),

topk=(1, )):
super (LinearClsHead, self).__init__ (loss=loss, topk=topk)
self.in_channels = in_channels
self.num_classes = num_classes

if self.num_classes <= 0:
raise ValueError (

f'num_classes={num_classes} must be a positive integer')

self._init_layers()

(FIUakss)
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def _init_layers(self):

def init_weights(self):

def forward_train(self, x, gt_label):
cls_score = self.fc(x)
losses = self.loss(cls_score, gt_label)

return losses

self.fc = nn.Linear(self.in_channels, self.num_classes)

normal_init (self.fc, mean=0, std=0.01, bias=0)

2. ¥fE mmcls/models/heads/__init_ _.py FHAX R

from .linear_head import LinearClsHead

_all = [

., 'LinearClsHead'

3. A ECHC B SCOF DARE T BT Sk AL o

i£[A] GlobalAveragePooling FiR4H 4, SRR E AN

model = dict (
type='ImageClassifier’',
backbone=dict (
type="'ResNet',
depth=50,
num_stages=4,
out_indices=(3, ),
style='pytorch'),
neck=dict (type='GlobalAveragePooling"'),
head=dict (
type='LinearClsHead',
num_classes=1000,

in_channels=2048,

loss=dict (type='CrossEntropyLoss', loss_weight=1.

topk=(1, 5),

8.1. FAMAH
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8.1.4 ZRMNFREIIRKE B

SRR B, TR B A R A forward BB %34h, PN weiohted Loss
AT DA R S BIR A TG B A TR

IEBFRATBERLBIN S A5 KB BUOIR A i, FBERIN L1 Loss SRSEBUAH 0.

1. B —AH 3 mmcls/models/losses/11_loss.py

import torch

import torch.nn as nn

from ..builder import LOSSES

from .utils import weighted_loss

@weighted_loss

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

return loss

@QLOSSES.register_module ()

class LlLoss (nn.Module) :

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. FEXfF mmcls/models/losses/__init_ .py PRAXHEH

from .11 _loss import LlLoss, 1l1_loss

(Rt
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(£ LT
_all_ = [
.., 'LlLoss', 'l1l_loss'
]
3. BMECE S Loss FELRAE BT 2% R 4k
loss=dict (type='LlLoss', loss_weight=1.0))
8.1. FAEAH 53
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CHAPTER 9

#i2 6: WM EE AL R

TEAZRET, FATHNGUIAEISAT B E B, PTG DA . il ) 3R M sl RSN . BRI

5. BRI AL A E AT IR

o #)i& PyTorch W EARALE

o T ) 3] B R ek
- FIERFZMEE
Y PESITE L

T 2 R ek

o HfftrmieE

o WERT 5 Rt
- WA
- WHE Rt

o AP AR SURALT i
- BRI E

- BRI ERER
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9.1 }3i& PyTorch N E{i{t2s

MMClassification 3% PyTorch SEEL AT flifbds, IUFRAEBLE SO, 5 “optimizer” “FEr. fFldn, sk
Bl “SGD”, WHEMANTR .

optimizer = dict (type='SGD', 1lr=0.0003, weight_decay=0.0001)

BB, AR AR ORLI S L T, BRIBILAR S, TR Py Torch APT 3¢
P4 ST

ik FCESCIFHRY ‘type’ AZWIERIISEL, i/ PyTorch WEMAEIZES .

Han, RS Adam FEESECN torch. optim.Adam (params, 1r=0.001, betas=(0.9, 0.
999), eps=1e-08, weight_decay=0, amsgrad=False), WEEHITII N &K

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

— amsgrad=False)

9.2 3 fll% =) R R

9.2.1 EHIS )RR AL

TREE2 I BEIE, )2 I 2 ) SRR S g P A5 MR o BT 2 ) el , W DATEFC B iRl 1r_confyg
FB.
FLATERRIA MY ResNet IZ5II R, FRATOE I Bk 2N 2 ~) SRIE RS, FeE SR :

lr_config = dict (policy='step', step=[100, 150])

ENGad T, FEPF SR ERE ] MMCV Hi) stepLRHook SRFIT24 > R BT .
BeA, Fofi1t 38 HoAtheg > RyE ¥ vk, Ul CosineAnnealing fll Poly 28, (&AL X B

* ConsineAnnealing:

lr_config = dict (policy='CosineAnnealing', min_lr_ratio=le-5)

* Poly:

lr_config = dict (policy='"poly', power=0.9, min_lr=le-4, by_epoch=False)

56 Chapter 9. #8 6: I8 % XL K&
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9.2.2 TSI ETHAR

TEVIZRI RN BE, 428 ARG, T2 T RO TRl TR SR AR . SIS, el
MR/ R 24 6 T £

7 MMClassification ', FAFFEM A Lr_config BUELT RN, FHESHA U TILA:

e warmup : 22> RIS, AATN constant’ . ‘linear’, ‘exp’ B(F None J—, I None,
DUPAS A ] 27 3] ZR PR

* warmup_by_epoch : @ AU (epoch) Sy FAA7HEATHIA.

» warmup_iters : W#MATIERREL, 4 warmup_by_epoch=True B}, BA{iHEIK (epoch) ; 24
warmup_by_epoch=False i}, BN AIECIREL (iter)o

e warmup_ratio: FM#IEE#I% 1r = 1r * warmup_ratio,

L B BACR B L PE A

lr_config dict (

policy='CosineAnnealing',
by_epoch=False,
min_lr_ratio=le-2,
warmup="'linear',
warmup_ratio=le-3,
warmup_iters=20 * 1252,

warmup_by_epoch=False)

2. BEEKHBRBOTTR

lr_config dict (
policy='CosineAnnealing',
min_1lr=0,

warmup='exp',
warmup_iters=5,
warmup_ratio=0.1,

warmup_by_epoch=True)

MY ECE SN, P PABEH MMClassification $2 A1) 27> 2 n] A4k T L ) X [ 2 > SRy s fh 4% .
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9.3 ElzhEAERE

MM(Classification 3712l it i BE AR P > RAZ UMy Bl i, AT GRS N SO B

SRR AR P 5 ) PR SRR AN, B0, PATECE M TN S 2 YR 2% CyclicLrUpdater
Fl CyclicMomentumUpdater

XHEZ—HB:

lr_config = dict(
policy='cyclic',
target_ratio= (10, 1le-4),
cyclic_times=1,
step_ratio_up=0.4,

)

momentum_config = dict (
policy='cyclic',
target_ratio=(0.85 / 0.95, 1),
cyclic_times=1,

step_ratio_up=0.4,

9.4 SHILFRARE

— SRR ] BE B — LU TSR0 E A T4k, 15110 BatchNorm J2 /R G IS EE 3 I 505 AN [ 1) 199 2%
AR A2 3] % . #F MMClassification /1, {11t optimizer ) paramwise_cfg ZEHATRLE, 7]
AZEZMMCV,

o AR E B

MMClassification & 4t T f % bias_lr_mult., bias_decay_mult, norm_decay_mult,
dwconv_decay_mult, dcn_offset_lr mult Hl bypass_duplicate Ui, I8 EM X G
/] bais, norm, dwconv, dcn fll bypass S8, BlanHZH G 1) BN A TS50 0

optimizer = dict(
type="'SGD',
1r=0.8,

weight_decay=le-4,

paramwise_cfg=dict (norm_decay_mult=0.)

o {fiff] custom_keys IHESE

MM(Classification [ i1 custom_keys & [A B SEUH A A B4 2] R ol E W E R, FlunxdsE
HIZHCR A F R T
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https://github.com/open-mmlab/mmcv/blob/f48241a65aebfe07db122e9db320c31b685dc674/mmcv/runner/hooks/lr_updater.py#L327
https://github.com/open-mmlab/mmcv/blob/f48241a65aebfe07db122e9db320c31b685dc674/mmcv/runner/hooks/momentum_updater.py#L130
https://mmcv.readthedocs.io/en/latest/_modules/mmcv/runner/optimizer/default_constructor.html#DefaultOptimizerConstructor
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paramwise_cfg = dict(
custom_keys={
'backbone.cls_token': dict (decay_mult=0.0),
'backbone.pos_embed': dict (decay_mult=0.0)
})

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

paramwise_cfg=paramwise_cfqg)

X backbone i Fl 5 /N2 2] 25 1l R AL

optimizer = dict(
type='SGD"',
1lr=0.8,
weight_decay=le-4,
# backbone Wy 'lr' and 'weight_decay' 4%k 0.1 * 1Ir F1 0.9 * weight_decay
paramwise_cfg = dict (custom_keys={"backbone': dict (lr_mult=0.1, decay_mult=0.

=9) 1))

9.5 BERNSHERIT

BT PyTorch {EAb#RAEATIRE, FRATEIRML T XA RRIIBE, GIABREERST . B RIS, 2
% MMCV,

=

9.5.1 HEHRN
TENGRRE s, R BB Rl T LU S i BRI 1 DX 3, AT S B0Bh B E . TR 250 mT A Bh AR e Il
Gl ke, EZNAEVAS ILZ I .

HEI AR optimizer_config FEHIRM grad_clip SHCEHITHEERDY, FIEMNSHTS%H
PyTorch 14,

MBI -

# norm_type: A B WK LR, HAMEA LK.

optimizer_config = dict (grad_clip=dict (max_norm=35, norm_type=2))

BRI B SRR B E Ty S, AR BRI E P grad_clip=None, F#ill _delete_=True.
*K _delete WPAZEHAE | A4 SHCE /T KBIWT:
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https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/optimizer.py
https://paperswithcode.com/method/gradient-clipping
https://pytorch.org/docs/stable/generated/torch.nn.utils.clip_grad_norm_.html
https://mmclassification.readthedocs.io/zh_CN/latest/tutorials/config.html#id16
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_base_ = [./_base_/schedules/imagenet_bs256_coslr.py]

optimizer_config = dict (grad_clip=dict (max_norm=35, norm_type=2), _delete_=True, type=
— 'OptimizerHook")
# ¥ type h 'OptimizerHook', T W& type; HME AT, WA XLFHEH type=

— 'xxxOptimizerHook',

9.5.2 BERIT

W Z Sz, S INGRERA R/ (batch size) HBEBCE MR/, X 7] HE S S RS PERE -
AT AR L R R AL X — TR

MBI -

data = dict (samples_per_gpu=64)

optimizer_config = dict (type="GradientCumulativeOptimizerHook", cumulative_iters=4)

FORGRI, & 44 dter AT UL . BT IEIRER K GPU _ERJHEUCK N 64, &5 T 83Kk GPU
B BRI 256, R

data = dict (samples_per_gpu=256)

optimizer_config = dict (type="OptimizerHook")

il M7TE optimizer_config AEEMEATIAM, BIAMH OptimizerHook.

9.6 HFBEEXMILFHE

FESAARBEFER Tl SE e, W] RERG 2464 1) MMClassification ARSLBUILALTTIE, AT VAEIE AR 73450 -

Pk A S-RHE B MMClassification JFASEY # [1] MMClassification #EALSIACHY , W)~ Bkl .
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9.6.1 BEMNILILEE
1. E L~ HE L8

—ANEE RIS ATARYE 0 R AT 2 il

BRRFRATRERIN—4 4~ Myoptimzer HHALAE, HANAS% a, b Al c. ALAGIE—4 45 K mmels/core/
optimizer W XCHJe, HIEHZFH— 3, Wl mmcls/core/optimizer/my_optimizer.py H5L
MiZ B & Xufeds

from mmcv.runner import OPTIMIZERS

from torch.optim import Optimizer

@OPTIMIZERS.register_module ()

class MyOptimizer (Optimizer) :

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

2. EAEIEEE

SO b SO BB, e R IR AR T Ay A W A PIRTIA T PASE L .

e B mmcls/core/optimizer/__init_ .py, FHFHEHBAZE optimizer ; FEHN mmcls/core/
__init_ .py PARA optimizer 4]

] # mmcls/core/optimizer/_ _init_ .py X, #HrE XA RN 5 A F] mmcls/core/
optimizer/_ init_ .py H', PAEYEMERAER BHEI R HE I :

# & mmcls/core/optimizer/__init__ _.py H
from .my_optimizer import MyOptimizer # MyOptimizer Z #H 18 & X Wit B 4 F

_all_ = ['MyOptimizer']

# f£ mmcls/core/__init__.py W

from .optimizer import * # noga: F401, F403

e TEBCE i custom_imports FEIHA

custom_imports = dict (imports=['mmcls.core.optimizer.my_optimizer'], allow_failed_

—imports=False)
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mmcls.core.optimizer.my_optimizer SHIFATERRFH IR B A, MyOptimizer KFEZ H
PN, HE, HAES Myoptmizer KIYHSWFA . mncls.core.optimizer.my_optimizer.
MyOptimizer NEWHET A

3. EEEXHhiEEMIitas

25, AP EeAERLE SO optimizer WA MyOptimizer. ZEECE Y, Piibasd “optimizer” FE
ESL, WTR PR

optimizer = dict (type='SGD', 1lr=0.02, momentum=0.9, weight_decay=0.0001)

TR B E L As . ATRARFZ T BUE O

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

9.6.2 HE L iftaEfiEas

FLERIR T RE R 2 T SRR E AT A, B4 BatchNorm JZ AL E € -

ESRTEA Y Defaultopt imi zerConst ructor ELAHL T EEH K HITAE , (L REMIA TR B R A K. It
AR T DA 1 i ST A 3 B RO T AL 1 2 4

from mmcv.runner.optimizer import OPTIMIZER_BUILDERS

@QOPTIMIZER_BUILDERS.register_module ()

class MyOptimizerConstructor:

def _ init_ (self, optimizer_cfg, paramwise_cfg=None) :

pass

def _ call_ (self, model):
# EX B DM B R,

return my_optimizer

PR FRATEA R A A A SE B, T AR SR U0 A A 1 8 5 B A AR -
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https://github.com/open-mmlab/mmcv/blob/9ecd6b0d5ff9d2172c49a182eaa669e9f27bb8e7/mmcv/runner/optimizer/default_constructor.py#L11

cHAPTER 10

27 MMEEXRBIEITSH

TEAZRE S, FATRN A RAEIZET B E SRR, 9547 B & LR T 7 k.
o A TAFR
« AT
- BNV EATF
- AN EAHT
- BELAT

. rﬁ]’? Jnu Iﬂ 7%

10.1 EHTER

TAER R AW (14554, FINED mp, BT EE Iy . X8 “REED 18 B TS
AR PTE

EL 47 MMClassification H, FRATERAM T RKIITEE (EpochBasedRunner), ARA “FEMIEL 151
WX W AT S5 — A R AT 2 DA k. B, BOTAGEIITINGATS, B2 RFEMEH LT
B

workflow = [('train', 1)]

AW FATAT REA BAEVIZhid B v S A AR ISR DR —28gahR (BIan, 2%, MERTE).
FEXAEOLT , ATRAKF TAR AR S -
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[('"train', 1), ('val', 1)1

ARk, BP0 S AT

BRI, BOAEOLT, BATFAHERE XM I ORI TR, M2 I 2R P (] EvalHook
PEATRZMES IR . bk TARRR Ay A TR AR R — T 5

e
1. FERGUEJE BN 2 BB R S 40
2. B SO 8RR max_epochs #ERIIZRI %L, I HASEmEIE T/ERFE.

3. TAEW [ ("train', 1), ('val', 1)1 M [('train', 1)] A&WA EvalHook AT H. BN
EvalHook ff after_train_epoch i, MIUE T/ER HE % after_val_epoch WM T .
PG, [(‘train', 1), ('val', 1)1 [("train', 1)) MXHFET, runner {56 WA
g, UERIEE Bk,

10.2 $9%

#7HLiAE OpenMMLab JFJESA I AR 2, S5 G AT il ASE BRI ZRa A i B2 i Jo SUI 0t A7
R, W] DA A S 2 PR T

B HATEME S B AR, B R 3220 ik
o BNV T

BN ZRe T s T a AN, — oy — S RER B T, E@AERIIES, — BT E Bt
Jed.

 EMET

FE B Tilid custom_hooks M, — o LEHRAIIRERIHY T, TEAERCESCIF R EM EH, Aa
SERH T HISCR AR E N ‘'NORMAL

R
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https://zhuanlan.zhihu.com/p/355272220
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Level Value
HIGHEST 0
VERY_HIGH 10
HIGH 30

ABOVE_NORMAL | 40

NORMAL(default) 50

BELOW_NORMAL | 60

LOW 70
VERY_LOW 90
LOWEST 100

PLSCmf e # TR PATIY , IIZRET, HESATEISAH B TRIRATINY 7 iR

10.2.1 ERiNISRESF

AL LI TR custom_hooks EF, H&fEizfrd (Runner) HHEGAEN, EA1E:

Hooks Priority
LrUpdaterHook VERY_HIGH (10)
MomentumUpdaterHook | HIGH (30)
OptimizerHook ABOVE_NORMAL (40)
CheckpointHook NORMAL (50)
IterTimerHook LOW (70)

EvalHook LOW (70)

LoggerHook (s)

VERY_LOW (90)

OptimizerHook, MomentumUpdaterHook #Hl LrUpdaterHook FEAL 1L % o4& #4477 T 1
IterTimerHook FlTic&ir HWE], HEIAZEHMEM;

T AU €l CheckpointHook, LoggerHooks PAM EvalHook,

WEX%$F (CheckpointHook)

MMCYV §J runner ffi [f] checkpoint_config F#iHik CheckpointHook,

@,

checkpoint_config = dict (interval=1)

FH PRI DA E “max_keep_ckpts” SRAXPRAE /D EARBIAL T SCLF, st “save_optimizer” i @ HALME AL

HAPRE T L, H2HITSH L

10.2. §3F
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https://github.com/open-mmlab/mmcv/blob/9ecd6b0d5ff9d2172c49a182eaa669e9f27bb8e7/mmcv/runner/hooks/checkpoint.py#L9
https://mmcv.readthedocs.io/zh_CN/latest/api.html#mmcv.runner.CheckpointHook
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BEF4¥ (LoggerHooks)

log_config WA T EZA RS H T, H AT AXEE. HAl, MMCV % {# TextLoggerHook,
WandbLoggerHook., MlflowLoggerHook fll TensorboardLoggerHook, BEZT [ SHE X H,

log_config = dict(
interval=50,
hooks=[
dict (type='TextLoggerHook'),
dict (type='TensorboardLoggerHook")

18iF$3¥ (EvalHook)

BoE P evaluation FELEH THIIG40 EvalHook,

EvalHook —E{R BB 24, Ul interval, save_best fll start £, HAMPKSE, U1 “metrics” FFyiiE
45 dataset .evaluate ().

evaluation = dict (interval=1, metric='accuracy', metric_options={'topk': (1, )})

FATATLAEL B R save_best GRATHUT RIS R RAUAN 5 -

# "auto" RTAHFEBHAARH#ATHEAHLER., WITUNHEZE—PMHEMN key Wi "accuracy_
—top-1",

evaluation = dict (interval=1, save_best=True, metric='accuracy',6 metric_options={'topk

FERL— LRSI, ALAEE B SR start SR YIZREE TR N AYIRIE A 3R, DA 2R, 40

evaluation = dict (interval=1, start=200, metric='accuracy', metric_options={'topk':_

= (1, )}

FORNTESS 200 Je 2 fl, RPATUIGRRAE, APETHIAE; MR 200 J146, 1ed—RIZZ Gt TiiE.

#%{E: ¥ MMClassification [¥JBRIABL B SC{4FHT, evaluation 52 B — g i 7E datasets JEAHFL & SCF .
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https://mmcv.readthedocs.io/zh_CN/latest/api.html#mmcv.runner.LoggerHook
https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/evaluation.py
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10.2.2 ERAESF

— BT ELFE MMCV #1 MMClassification 31523 -
* EMAHook
* SyncBuffersHook
e EmptyCacheHook

¢ ProfilerHook

T DA BB O B DA %, AR

custom_hooks = [

dict (type='MMCVHook', a=a_value, b=b_value, priority='NORMAL'")

Flanfi il EMAHook , #4T—IR EMA [#[R] & 100 kAL :

custom_hooks = [

dict (type='EMAHook', interval=100, priority='HIGH')

10.3 BEN#F

10.3.1 BIE—1HF#¥

X B4~ MMClassification H @1 — 4401, HAEIZE P & AR Bl

from mmcv.runner import HOOKS, Hook

@QHOOKS . register_module ()

class MyHook (Hook) :

def _ init_ (self, a, b):

pass

def before_run(self, runner):

pass

def after_run(self, runner):

pass

(Rt
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https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/ema.py
https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/sync_buffer.py
https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/memory.py
https://github.com/open-mmlab/mmcv/blob/master/mmcv/runner/hooks/profiler.py
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(£ 50

def before_epoch(self, runner):

pass

def after_epoch(self, runner):

pass

def before_iter (self, runner):

pass

def after_iter(self, runner):

pass

WRIGHTHITIRE, NPT 248 E W TAEIZRA BB BOF BRI, Helll before_run, after_run,

before_epoch, after_epoch, before_iter fll after_iter,

10.3.2 M EF

ZJG, TEFA MyHook. Ri%IZCMHE mmcls/core/utils/my_hook.py, AMMINERAE:
e B¥t mmecls/core/utils/__init_ .py #fFFHEA

e LIRS A S mmels/core/utils/__init__py W, PAEIEMHERAEIRE TG

from .my_ hook import MyHook

_all__ = ['MyHook']

o FEPCE SR custom_imports AR FEIFA

custom_imports = dict (imports=['mmcls.core.utils.my_hook'], allow_failed_

—limports=False)

10.3.3 ¢ ECE

custom_hooks = [

dict (type='MyHook', a=a_value, b=b_value)

WAl priority ZHBLEM TILER, WTHIR:
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custom_hooks = [
dict (type='MyHook', a=a_value, b=b_value, priority='NORMAL')
]

BOAREOLT, fedMbd it , it et Eh “NORMAL”,

10.4 ‘& Bl ja)

10.4.1 1. resume_from, load_from, init_cfg.Pretrained X3l

* load_from : {UOUMMBMIARCE, LB T BT GREEE YISk py ;

s resume_from: AMUSPAMRE, BEFAMAATEE, ST (epoch) {5 HE, F%H T MK L
s l]| k2N

* init_cfg.Pretrained : YERCEMIMAMCIRIIMBARCE, BT RASEE BN ARIEL . 308 B 7E AR
RIRHEEAT, WSR2 20 Ao TR
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cHAPTER 11

BRI ST

© IR 34
— ALGORITHM: 34
o BIRACE SO R 224
— [ALGORITHM] Conformer: Local Features Coupling Global Representations for Visual Recognition (4 ckpts)
— [ALGORITHM] Patches Are All You Need? (3 ckpts)
— [ALGORITHM] A ConvNet for the 2020s (13 ckpts)
— [ALGORITHM] CSPNet: A New Backbone that can Enhance Learning Capability of CNN (3 ckpts)
— [ALGORITHM] Residual Attention: A Simple but Effective Method for Multi-Label Recognition (1 ckpts)
— [ALGORITHM] Training data-efficient image transformers & distillation through attention (9 ckpts)
— [ALGORITHM] Densely Connected Convolutional Networks (4 ckpts)
— [ALGORITHM] EfficientFormer: Vision Transformers at MobileNet Speed (3 ckpts)
— [ALGORITHM] Rethinking Model Scaling for Convolutional Neural Networks (23 ckpts)

— [ALGORITHM] HorNet: Efficient High-Order Spatial Interactions with Recursive Gated Convolutions (9
ckpts)

— [ALGORITHMY] Deep High-Resolution Representation Learning for Visual Recognition (9 ckpts)
— [ALGORITHM] MLP-Mixer: An all-MLP Architecture for Vision (2 ckpts)

— [ALGORITHM] MobileNetV2: Inverted Residuals and Linear Bottlenecks (1 ckpts)
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— [ALGORITHM] Searching for MobileNetV3 (2 ckpts)

— [ALGORITHM] MViTv2: Improved Multiscale Vision Transformers for Classification and Detection (4 ckpts)
— [ALGORITHM] MetaFormer is Actually What You Need for Vision (5 ckpts)

— [ALGORITHM] Designing Network Design Spaces (16 ckpts)

— [ALGORITHM] RepMLP: Re-parameterizing Convolutions into Fully-connected Layers forlmage Recognition
(2 ckpts)

— [ALGORITHM] Repvgg: Making vgg-style convnets great again (12 ckpts)

— [ALGORITHM] Res2Net: A New Multi-scale Backbone Architecture (3 ckpts)

— [ALGORITHM] Deep Residual Learning for Image Recognition (26 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)

— [ALGORITHM] Swin Transformer: Hierarchical Vision Transformer using Shifted Windows (14 ckpts)
— [ALGORITHM] Swin Transformer V2: Scaling Up Capacity and Resolution (12 ckpts)

— [ALGORITHM] Tokens-to-Token ViT: Training Vision Transformers from Scratch on ImageNet (3 ckpts)
— [ALGORITHM] Transformer in Transformer (1 ckpts)

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

— [ALGORITHM] Visual Attention Network (8 ckpts)

— [ALGORITHM] Very Deep Convolutional Networks for Large-Scale Image Recognition (8 ckpts)

— [ALGORITHM] An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale (7 ckpts)

— [ALGORITHM] Wide Residual Networks (3 ckpts)
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cHAPTER 12

Model Zoo

12.1 ImageNet

ImageNet has multiple versions, but the most commonly used one is ILSVRC 2012. The ResNet family models below

are trained by standard data augmentations, i.e., RandomResizedCrop, RandomHorizontalFlip and Normalize.

Model Params(M) Flops(G) Top-1(%) | Top-5(%) | C
VGG-11 132.86 7.63 68.75 88.87 cC
VGG-13 133.05 11.34 70.02 89.46 cc
VGG-16 138.36 15.5 71.62 90.49 cc
VGG-19 143.67 19.67 72.41 90.80 cc
VGG-11-BN 132.87 7.64 70.75 90.12 cC
VGG-13-BN 133.05 11.36 72.15 90.71 cc
VGG-16-BN 138.37 15.53 73.72 91.68 cC
VGG-19-BN 143.68 19.7 74.70 92.24 cC
RepVGG-AO0* 9.11 (train) | 8.31 (deploy) 1.52 (train) | 1.36 (deploy) 72.41 90.50 cC
RepVGG-AT* 14.09 (train) | 12.79 (deploy) 2.64 (train) | 2.37 (deploy) 74.47 91.85 cC
RepVGG-A2* 28.21 (train) | 25.5 (deploy) 5.7 (train) | 5.12 (deploy) 76.48 93.01 C
RepVGG-BO* 15.82 (train) | 14.34 (deploy) 3.42 (train) | 3.06 (deploy) 75.14 92.42 cC
RepVGG-B1* 57.42 (train) | 51.83 (deploy) 13.16 (train) | 11.82 (deploy) | 78.37 94.11 CC
RepVGG-B1g2* 45.78 (train) | 41.36 (deploy) 9.82 (train) | 8.82 (deploy) 77.79 93.88 cC
RepVGG-B1gd* 39.97 (train) | 36.13 (deploy) 8.15 (train) | 7.32 (deploy) 77.58 93.84 cC
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http://www.image-net.org/challenges/LSVRC/2012/
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-A0_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-A0_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A0_3rdparty_4xb64-coslr-120e_in1k_20210909-883ab98c.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-A1_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-A1_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A1_3rdparty_4xb64-coslr-120e_in1k_20210909-24003a24.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-A2_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-A2_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A2_3rdparty_4xb64-coslr-120e_in1k_20210909-97d7695a.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B0_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B0_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B0_3rdparty_4xb64-coslr-120e_in1k_20210909-446375f4.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B1_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B1_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1_3rdparty_4xb64-coslr-120e_in1k_20210909-750cdf67.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B1g2_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B1g2_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1g2_3rdparty_4xb64-coslr-120e_in1k_20210909-344f6422.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B1g4_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B1g4_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1g4_3rdparty_4xb64-coslr-120e_in1k_20210909-d4c1a642.pth
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F®1-EER
Model Params(M) Flops(G) Top-1(%) | Top-5(%) | C
RepVGG-B2* 89.02 (train) | 80.32 (deploy) 20.46 (train) | 18.39 (deploy) | 78.78 94.42 cC
RepVGG-B2g4* 61.76 (train) | 55.78 (deploy) 12.63 (train) | 11.34 (deploy) | 79.38 94.68 C
RepVGG-B3* 123.09 (train) | 110.96 (deploy) | 29.17 (train) | 26.22 (deploy) | 80.52 95.26 cC
RepVGG-B3g4* 83.83 (train) | 75.63 (deploy) 17.9 (train) | 16.08 (deploy) 80.22 95.10 CcC
RepVGG-D2se* 133.33 (train) | 120.39 (deploy) | 36.56 (train) | 32.85 (deploy) | 81.81 95.94 cC
ResNet-18 11.69 1.82 70.07 89.44 cc
ResNet-34 21.8 3.68 73.85 91.53 cc
ResNet-50 (rsb-al) 25.56 4.12 80.12 94.78 cC
ResNet-101 44.55 7.85 78.18 94.03 cc
ResNet-152 60.19 11.58 78.63 94.16 cC
Res2Net-50-14w-8s* 25.06 4.22 78.14 93.85 cc
Res2Net-50-26w-8s* 48.40 8.39 79.20 94.36 cC
Res2Net-101-26w-4s* 45.21 8.12 79.19 94.44 cC
ResNeSt-50* 27.48 5.41 81.13 95.59 cc
ResNeSt-101* 48.28 10.27 82.32 96.24 cC
ResNeSt-200* 70.2 17.53 82.41 96.22 cc
ResNeSt-269* 110.93 22.58 82.70 96.28 cc
ResNetV1D-50 25.58 4.36 77.54 93.57 cc
ResNetV1D-101 44.57 8.09 78.93 94.48 cc
ResNetV1D-152 60.21 11.82 79.41 94.7 e
ResNeXt-32x4d-50 25.03 4.27 77.90 93.66 cc
ResNeXt-32x4d-101 44.18 8.03 78.71 94.12 cC
ResNeXt-32x8d-101 88.79 16.5 79.23 94.58 cc
ResNeXt-32x4d-152 59.95 11.8 78.93 94.41 cC
SE-ResNet-50 28.09 4.13 77.74 93.84 cc
SE-ResNet-101 49.33 7.86 78.26 94.07 cc
RegNetX-400MF 5.16 0.41 72.56 90.78 cc
RegNetX-800MF 7.26 0.81 74.76 92.32 cc
RegNetX-1.6GF 9.19 1.63 76.84 93.31 cC
RegNetX-3.2GF 15.3 3.21 78.09 94.08 cc
RegNetX-4.0GF 22.12 4.0 78.60 94.17 cc
RegNetX-6.4GF 26.21 6.51 79.38 94.65 cc
RegNetX-8.0GF 39.57 8.03 79.12 94.51 cc
RegNetX-12GF 46.11 12.15 79.67 95.03 cC
ShuffleNetV1 1.0x (group=3) 1.87 0.146 68.13 87.81 cc
ShuffleNetV2 1.0x 2.28 0.149 69.55 88.92 cC
MobileNet V2 3.5 0.319 71.86 90.42 cc
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https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B2_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B2_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B2_3rdparty_4xb64-coslr-120e_in1k_20210909-bd6b937c.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B2g4_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B2g4_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B2g4_3rdparty_4xb64-autoaug-lbs-mixup-coslr-200e_in1k_20210909-7b7955f0.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B3_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B3_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B3_3rdparty_4xb64-autoaug-lbs-mixup-coslr-200e_in1k_20210909-dda968bf.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B3g4_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B3g4_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B3g4_3rdparty_4xb64-autoaug-lbs-mixup-coslr-200e_in1k_20210909-4e54846a.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-D2se_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-D2se_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_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/open-mmlab/mmclassification/blob/master/configs/resnet/resnet18_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet18_batch256_imagenet_20200708-34ab8f90.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet18_batch256_imagenet_20200708-34ab8f90.log.json
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet34_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet34_batch256_imagenet_20200708-32ffb4f7.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet34_batch256_imagenet_20200708-32ffb4f7.log.json
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/resnet/resnet101_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet101_batch256_imagenet_20200708-753f3608.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet101_batch256_imagenet_20200708-753f3608.log.json
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet152_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet152_batch256_imagenet_20200708-ec25b1f9.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet152_batch256_imagenet_20200708-ec25b1f9.log.json
https://github.com/open-mmlab/mmclassification/blob/master/configs/res2net/res2net50-w14-s8_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/res2net/res2net50-w14-s8_3rdparty_8xb32_in1k_20210927-bc967bf1.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/res2net/res2net50-w26-s8_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/res2net/res2net50-w26-s8_3rdparty_8xb32_in1k_20210927-f547a94b.pth
https://github.com/open-mmlab/mmclassification/blob/master/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/open-mmlab/mmclassification/blob/master/configs/resnest/resnest50_32xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnest/resnest50_imagenet_converted-1ebf0afe.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnest/resnest101_32xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnest/resnest101_imagenet_converted-032caa52.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnest/resnest200_64xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnest/resnest200_imagenet_converted-581a60f2.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnest/resnest269_64xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/resnest/resnest269_imagenet_converted-59930960.pth
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/configs/shufflenet_v1/shufflenet-v1-1x_16xb64_in1k.py
https://download.openmmlab.com/mmclassification/v0/shufflenet_v1/shufflenet_v1_batch1024_imagenet_20200804-5d6cec73.pth
https://download.openmmlab.com/mmclassification/v0/shufflenet_v1/shufflenet_v1_batch1024_imagenet_20200804-5d6cec73.log.json
https://github.com/open-mmlab/mmclassification/blob/master/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
https://github.com/open-mmlab/mmclassification/blob/master/configs/mobilenet_v2/mobilenet-v2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v2/mobilenet_v2_batch256_imagenet_20200708-3b2dc3af.pth
https://download.openmmlab.com/mmclassification/v0/mobilenet_v2/mobilenet_v2_batch256_imagenet_20200708-3b2dc3af.log.json
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F®1-EER
Model Params(M) Flops(G) Top-1(%) | Top-5(%) | C
ViT-B/16* 86.86 33.03 85.43 97.77 cc
ViT-B/32* 88.3 8.56 84.01 97.08 cc
ViT-L/16* 304.72 116.68 85.63 97.63 cc
Swin-Transformer tiny 28.29 4.36 81.18 95.61 cC
Swin-Transformer small 49.61 8.52 83.02 96.29 cC
Swin-Transformer base 87.77 15.14 83.36 96.44 cC
Transformer in Transformer small* | 23.76 3.36 81.52 95.73 cC
T2T-ViT_t-14 21.47 4.34 81.83 95.84 cc
T2T-ViT_t-19 39.08 7.80 82.63 96.18 cc
T2T-ViT_t-24 64.00 12.69 82.71 96.09 cC
Mixer-B/16* 59.88 12.61 76.68 92.25 cc
Mixer-L/16* 208.2 44.57 72.34 88.02 e
DeiT-tiny 5.72 1.08 74.50 92.24 cc
DeiT-tiny distilled* 5.72 1.08 74.51 91.90 cc
DeiT-small 22.05 4.24 80.69 95.06 cc
DeiT-small distilled* 22.05 4.24 81.17 95.40 cC
DeiT-base 86.57 16.86 81.76 95.81 cC
DeiT-base distilled* 86.57 16.86 83.33 96.49 cc
DeiT-base 384px* 86.86 49.37 83.04 96.31 cC
DeiT-base distilled 384px* 86.86 49.37 85.55 97.35 cc
Conformer-tiny-p16* 23.52 4.90 81.31 95.60 cC
Conformer-small-p32* 38.85 7.09 81.96 96.02 cC
Conformer-small-p16* 37.67 10.31 83.32 96.46 cC
Conformer-base-p16* 83.29 22.89 83.82 96.59 CC
PCPVT-small* 24.11 3.67 81.14 95.69 cc
PCPVT-base* 43.83 6.45 82.66 96.26 cc
PCPVT-large* 60.99 9.51 83.09 96.59 cc
SVT-small* 24.06 2.82 81.77 95.57 cc
SVT-base* 56.07 8.35 83.13 96.29 cC
SVT-large* 99.27 14.82 83.60 96.50 cc
EfficientNet-BO* 5.29 0.02 76.74 93.17 cc
EfficientNet-BO (AA)* 5.29 0.02 77.26 93.41 cc
EfficientNet-BO (AA + AdvProp)* | 5.29 0.02 77.53 93.61 cC
EfficientNet-B1* 7.79 0.03 78.68 94.28 cC
EfficientNet-B1 (AA)* 7.79 0.03 79.20 94.42 cc
EfficientNet-B1 (AA + AdvProp)* | 7.79 0.03 79.52 94.43 cC
EfficientNet-B2* 9.11 0.03 79.64 94.80 cc
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/open-mmlab/mmclassification/blob/master/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/master/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/master/configs/swin_transformer/swin_base_224_b16x64_300e_imagenet.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/master/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/open-mmlab/mmclassification/blob/master/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/master/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/master/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/open-mmlab/mmclassification/blob/master/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/master/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/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/configs/efficientnet/efficientnet-b2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientnet/efficientnet-b2_3rdparty_8xb32_in1k_20220119-ea374a30.pth
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F®1-EER
Model Params(M) Flops(G) Top-1(%) | Top-5(%) | C
EfficientNet-B2 (AA)* 9.11 0.03 80.21 94.96 cC
EfficientNet-B2 (AA + AdvProp)* | 9.11 0.03 80.45 95.07 C
EfficientNet-B3* 12.23 0.06 81.01 95.34 cc
EfficientNet-B3 (AA)* 12.23 0.06 81.58 95.67 cC
EfficientNet-B3 (AA + AdvProp)* | 12.23 0.06 81.81 95.69 cC
EfficientNet-B4* 19.34 0.12 82.57 96.09 cC
EfficientNet-B4 (AA)* 19.34 0.12 82.95 96.26 cc
EfficientNet-B4 (AA + AdvProp)* | 19.34 0.12 83.25 96.44 cC
EfficientNet-B5* 30.39 0.24 83.18 96.47 cC
EfficientNet-B5 (AA)* 30.39 0.24 83.82 96.76 cC
EfficientNet-B5 (AA + AdvProp)* | 30.39 0.24 84.21 96.98 cC
EfficientNet-B6 (AA)* 43.04 0.41 84.05 96.82 cC
EfficientNet-B6 (AA + AdvProp)* | 43.04 0.41 84.74 97.14 cC
EfficientNet-B7 (AA)* 66.35 0.72 84.38 96.88 cc
EfficientNet-B7 (AA + AdvProp)* | 66.35 0.72 85.14 97.23 cC
EfficientNet-B8 (AA + AdvProp)* | 87.41 1.09 85.38 97.28 cC
ConvNeXt-T* 28.59 4.46 82.05 95.86 cc
ConvNeXt-S* 50.22 8.69 83.13 96.44 cc
ConvNeXt-B* 88.59 15.36 83.85 96.74 cc
ConvNeXt-B* 88.59 15.36 85.81 97.86 CC
ConvNeXt-L* 197.77 34.37 84.30 96.89 cC
ConvNeXt-L* 197.77 34.37 86.61 98.04 cc
ConvNeXt-XL* 350.20 60.93 86.97 98.20 cC
HRNet-W18* 21.30 433 76.75 93.44 cC
HRNet-W30* 37.71 8.17 78.19 94.22 I<e
HRNet-W32* 41.23 8.99 78.44 94.19 cc
HRNet-W40* 57.55 12.77 78.94 94.47 cC
HRNet-W44* 67.06 14.96 78.88 94.37 cC
HRNet-W48* 77.47 17.36 79.32 94.52 cC
HRNet-W64* 128.06 29.00 79.46 94.65 cC
HRNet-W18 (ssld)* 21.30 433 81.06 95.70 cc
HRNet-W48 (ssld)* 77.47 17.36 83.63 96.79 CC
WRN-50* 68.88 11.44 81.45 95.53 cc
WRN-101* 126.89 22.81 78.84 94.28 cC
CSPDarkNet50* 27.64 5.04 80.05 95.07 cC
CSPResNet50* 21.62 3.48 79.55 94.68 cC
CSPResNeXt50* 20.57 3.11 79.96 94.96 cC
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/configs/convnext/convnext-tiny_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-tiny_3rdparty_32xb128_in1k_20220124-18abde00.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/convnext/convnext-small_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-small_3rdparty_32xb128_in1k_20220124-d39b5192.pth
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/open-mmlab/mmclassification/blob/master/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/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/configs/cspnet/cspresnext50_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/cspnet/cspresnext50_3rdparty_8xb32_in1k_20220329-2cc84d21.pth
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F®1-EER
Model Params(M) Flops(G) Top-1(%) | Top-5(%) | C
DenseNet121* 7.98 2.88 74.96 92.21 cC
DenseNet169* 14.15 342 76.08 93.11 cc
DenseNet201* 20.01 4.37 77.32 93.64 cC
DenseNet161* 28.68 7.82 77.61 93.83 cC
VAN-T* 4.11 0.88 75.41 93.02 cc
VAN-S* 13.86 2.52 81.01 95.63 cc
VAN-B* 26.58 5.03 82.80 96.21 cc
VAN-L* 44.77 8.99 83.86 96.73 cc
MViTv2-tiny* 24.17 4.70 82.33 96.15 cC
MViTv2-small* 34.87 7.00 83.63 96.51 cC
MViTv2-base* 51.47 10.20 84.34 96.86 cc
MViTv2-large* 217.99 42.10 85.25 97.14 cC
EfficientFormer-11* 12.19 1.30 80.46 94.99 cC
EfficientFormer-13* 3141 3.93 82.45 96.18 cc
EfficientFormer-17* 82.23 10.16 83.40 96.60 cC
Models with * are converted from other repos, others are trained by ourselves.
12.2 CIFAR10
Model Params(M) | Flops(G) | Top-1 (%) | Config | Download
ResNet-18-b16x8 11.17 0.56 94.82 config
ResNet-34-b16x8 21.28 1.16 95.34 config
ResNet-50-b16x8 23.52 1.31 95.55 config
ResNet-101-b16x8 | 42.51 2.52 95.58 config
ResNet-152-b16x8 | 58.16 3.74 95.76 config
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/configs/densenet/densenet161_4xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/densenet/densenet161_4xb256_in1k_20220426-ee6a80a9.pth
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/configs/van/van-large_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-large_8xb128_in1k_20220501-f212ba21.pth
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/configs/mvit/mvitv2-large_8xb256_in1k.py
https://download.openmmlab.com/mmclassification/v0/mvit/mvitv2-large_3rdparty_in1k_20220722-2b57b983.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/efficientformer/efficientformer-l1_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l1_3rdparty_in1k_20220803-d66e61df.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/efficientformer/efficientformer-l3_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l3_3rdparty_in1k_20220803-dde1c8c5.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/efficientformer/efficientformer-l7_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l7_3rdparty_in1k_20220803-41a552bb.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet18_8xb16_cifar10.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet34_8xb16_cifar10.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet50_8xb16_cifar10.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet101_8xb16_cifar10.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet152_8xb16_cifar10.py
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cHAPTER 13

Conformer

Conformer: Local Features Coupling Global Representations for Visual Recognition

13.1 Abstract

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.

79


https://arxiv.org/abs/2105.03889
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13.2 Results and models

13.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.

13.3 Citation

@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/master/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/master/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/master/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/master/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 14

ConvMixer

Patches Are All You Need?

14.1 Abstract

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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14.2 Results and models

14.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.

14.3 Citation

@misc{trockman2022patches,

title={Patches Are All You Need?},

author={Asher Trockman and J.

year={2022},

eprint={2201.09792},

archivePrefix={arXiv},

primaryClass={cs.CV}

Zico Kolter},
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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 15

ConvNeXt

A ConvNet for the 2020s

15.1 Abstract

The “Roaring 20s” of visual recognition began with the introduction of Vision Transformers (ViTs), which quickly
superseded ConvNets as the state-of-the-art image classification model. A vanilla ViT, on the other hand, faces difficulties
when applied to general computer vision tasks such as object detection and semantic segmentation. It is the hierarchical
Transformers (e.g., Swin Transformers) that reintroduced several ConvNet priors, making Transformers practically viable
as a generic vision backbone and demonstrating remarkable performance on a wide variety of vision tasks. However, the
effectiveness of such hybrid approaches is still largely credited to the intrinsic superiority of Transformers, rather than
the inherent inductive biases of convolutions. In this work, we reexamine the design spaces and test the limits of what a
pure ConvNet can achieve. We gradually “modernize” a standard ResNet toward the design of a vision Transformer,
and discover several key components that contribute to the performance difference along the way. The outcome of this
exploration is a family of pure ConvNet models dubbed ConvNeXt. Constructed entirely from standard ConvNet modules,
ConvNeXts compete favorably with Transformers in terms of accuracy and scalability, achieving 87.8% ImageNet top-1
accuracy and outperforming Swin Transformers on COCO detection and ADE20K segmentation, while maintaining the

simplicity and efficiency of standard ConvNets.
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15.2 Results and models

15.2.1 ImageNet-1k

Model Pretrain Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
ConvNeXt-T* From scratch 28.59 4.46 82.05 95.86 config | model
ConvNeXt-S* From scratch 50.22 8.69 83.13 96.44 config | model
ConvNeXt-B* From scratch | 88.59 15.36 83.85 96.74 config | model
ConvNeXt-B* ImageNet-21k | 88.59 15.36 85.81 97.86 config | model
ConvNeXt-L* From scratch 197.77 34.37 84.30 96.89 config | model
ConvNeXt-L* ImageNet-21k | 197.77 34.37 86.61 98.04 config | model
ConvNeXt-XL* | ImageNet-21k | 350.20 60.93 86.97 98.20 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.

15.2.2 Pre-trained Models

The pre-trained models on ImageNet-1k or ImageNet-21k are used to fine-tune on the downstream tasks.

Model Training Data | Params(M) | Flops(G) | Download
ConvNeXt-T* ImageNet-1k 28.59 4.46 model
ConvNeXt-S* ImageNet-1k 50.22 8.69 model
ConvNeXt-B* ImageNet-1k 88.59 15.36 model
ConvNeXt-B* ImageNet-21k | 88.59 15.36 model
ConvNeXt-L* ImageNet-21k | 197.77 34.37 model
ConvNeXt-XL* | ImageNet-21k | 350.20 60.93 model

Models with * are converted from the official repo.

15.3 Citation

@Article{liu2022convnet,

author =

{Zhuang Liu and Hanzi Mao and Chao-Yuan Wu and Christoph Feichtenhofer.

—and Trevor Darrell and Saining Xie},

{A ConvNet for the 2020s},

title =

journal =

{arXiv preprint arXiv:2201.03545},

(QA)
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https://github.com/open-mmlab/mmclassification/blob/master/configs/convnext/convnext-tiny_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-tiny_3rdparty_32xb128_in1k_20220124-18abde00.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/convnext/convnext-small_32xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-small_3rdparty_32xb128_in1k_20220124-d39b5192.pth
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/facebookresearch/ConvNeXt
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-tiny_3rdparty_32xb128-noema_in1k_20220222-2908964a.pth
https://download.openmmlab.com/mmclassification/v0/convnext/convnext-small_3rdparty_32xb128-noema_in1k_20220222-fa001ca5.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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cHAPTER 106

CSPNet

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

16.1 Abstract

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.
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16.2 Results and models

16.2.1 ImageNet-1k

Model Pretrain Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
CSPDarkNet50* | From scratch | 27.64 5.04 80.05 95.07 config | model
CSPResNet50%* From scratch | 21.62 3.48 79.55 94.68 config | model
CSPResNeXt50* | From scratch | 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.

16.3 Citation

@inproceedings{wang2020cspnet,
title={CSPNet: A new backbone that can enhance learning capability of CNN},

author={Wang, Chien-Yao and Liao, Hong-Yuan Mark and Wu, Yueh-Hua and Chen, Ping-—
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booktitle={Proceedings of the IEEE/CVF conference on computer vision and pattern.
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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 17

CSRA

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

17.1 Abstract

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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17.2 Results and models

17.2.1 VOC2007

Model Pretrain Params(M) | Flops(G) | mAP | OF1 CF1 Con- | Down-

(%) (%) fig load
Resnet101- ImageNet- 23.55 4.12 94.98 | 90.80 89.16 config | model |
CSRA 1k log

17.3 Citation
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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 18

DeiT

Training data-efficient image transformers & distillation through attention

18.1 Abstract

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.

18.2 Results and models

18.2.1 ImageNet-1k

The teacher of the distilled version DeiT is RegNetY-16GF.
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Model Pretrain Params(M)| Flops(G)| Top-1 Top-5 Con- | Down-
(%) (%) fig load

DeiT-tiny From 5.72 1.08 74.50 92.24 config | model |
scratch log

DeiT-tiny distilled* From 5.72 1.08 74.51 91.90 config | model
scratch

DeiT-small From 22.05 4.24 80.69 95.06 config | model |
scratch log

DeiT-small distilled* From 22.05 4.24 81.17 95.40 config | model
scratch

DeiT-base From 86.57 16.86 81.76 95.81 config | model |
scratch log

DeiT-base* From 86.57 16.86 81.79 95.59 config | model
scratch

DeiT-base distilled* From 86.57 16.86 83.33 96.49 config | model
scratch

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.

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

checkpoints for inference only.

18.3 Citation
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https://github.com/open-mmlab/mmclassification/blob/master/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/tree/master/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/master/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/tree/master/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/master/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/master/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/tree/master/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/tree/master/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/tree/master/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
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cHAPTER 19

DenseNet

Densely Connected Convolutional Networks

19.1 Abstract

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 other 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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19.2 Results and models

19.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.

19.3 Citation
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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 20

EfficientFormer

EfficientFormer: Vision Transformers at MobileNet Speed

20.1 Abstract

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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20.2 Results and models

20.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.

20.3 Citation
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https://github.com/open-mmlab/mmclassification/blob/master/configs/efficientformer/efficientformer-l1_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l1_3rdparty_in1k_20220803-d66e61df.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/efficientformer/efficientformer-l3_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l3_3rdparty_in1k_20220803-dde1c8c5.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/efficientformer/efficientformer-l7_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/efficientformer/efficientformer-l7_3rdparty_in1k_20220803-41a552bb.pth
https://github.com/snap-research/EfficientFormer

CHAPTER 2 1

EfficientNet

Rethinking Model Scaling for Convolutional Neural Networks

21.1 Abstract

Convolutional Neural Networks (ConvNets) are commonly developed at a fixed resource budget, and then scaled up for
better accuracy if more resources are available. In this paper, we systematically study model scaling and identify that
carefully balancing network depth, width, and resolution can lead to better performance. Based on this observation, we
propose a new scaling method that uniformly scales all dimensions of depth/width/resolution using a simple yet highly
effective compound coefficient. We demonstrate the effectiveness of this method on scaling up MobileNets and ResNet.
To go even further, we use neural architecture search to design a new baseline network and scale it up to obtain a family of
models, called EfficientNets, which achieve much better accuracy and efficiency than previous ConvNets. In particular,
our EfficientNet-B7 achieves state-of-the-art 84.3% top-1 accuracy on ImageNet, while being 8.4x smaller and 6.1x faster
on inference than the best existing ConvNet. Our EfficientNets also transfer well and achieve state-of-the-art accuracy
on CIFAR-100 (91.7%), Flowers (98.8%), and 3 other transfer learning datasets, with an order of magnitude fewer

parameters.
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21.2 Results and models

21.2.1 ImageNet-1k

In the result table, AA means trained with AutoAugment pre-processing, more details can be found in the paper, and

AdvProp is a method to train with adversarial examples, more details can be found in the paper.

Note: In MMClassification, we support training with AutoAugment, don’ t support AdvProp by now.

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Con- Down-
fig load
EfficientNet-BO* 5.29 0.02 76.74 93.17 config | model
EfficientNet-BO (AA)* 5.29 0.02 77.26 93.41 config | model
EfficientNet-BO (AA + AdvProp)* | 5.29 0.02 77.53 93.61 config model
EfficientNet-B1* 7.79 0.03 78.68 94.28 config | model
EfficientNet-B1 (AA)* 7.79 0.03 79.20 94.42 config | model
EfficientNet-B1 (AA + AdvProp)* | 7.79 0.03 79.52 94.43 config | model
EfficientNet-B2* 9.11 0.03 79.64 94.80 config | model
EfficientNet-B2 (AA)* 9.11 0.03 80.21 94.96 config | model
EfficientNet-B2 (AA + AdvProp)* | 9.11 0.03 80.45 95.07 config | model
EfficientNet-B3* 12.23 0.06 81.01 95.34 config | model
EfficientNet-B3 (AA)* 12.23 0.06 81.58 95.67 config | model
EfficientNet-B3 (AA + AdvProp)* | 12.23 0.06 81.81 95.69 config | model
EfficientNet-B4* 19.34 0.12 82.57 96.09 config | model
EfficientNet-B4 (AA)* 19.34 0.12 82.95 96.26 config | model
EfficientNet-B4 (AA + AdvProp)* | 19.34 0.12 83.25 96.44 config model
EfficientNet-B5* 30.39 0.24 83.18 96.47 config | model
EfficientNet-B5 (AA)* 30.39 0.24 83.82 96.76 config | model
EfficientNet-B5 (AA + AdvProp)* | 30.39 0.24 84.21 96.98 config | model
EfficientNet-B6 (AA)* 43.04 0.41 84.05 96.82 config | model
EfficientNet-B6 (AA + AdvProp)* | 43.04 0.41 84.74 97.14 config | model
EfficientNet-B7 (AA)* 66.35 0.72 84.38 96.88 config | model
EfficientNet-B7 (AA + AdvProp)* | 66.35 0.72 85.14 97.23 config model
EfficientNet-B8 (AA + AdvProp)* | 87.41 1.09 85.38 97.28 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.
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/tensorflow/tpu/tree/master/models/official/efficientnet
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CHAPTER 22

HorNet

HorNet: Efficient High-Order Spatial Interactions with Recursive Gated Convolutions

22.1 Abstract

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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22.2 Results and models

22.2.1 ImageNet-1k

Model Pretrain resolu- Params(M)| Flops(G)| Top-1 Top-5 Con- | Down-
tion (%) (%) fig load

HorNet-T* From 224x224 | 22.41 3.98 82.84 96.24 config | model
scratch

HorNet-T- From 224x224 | 22.99 39 82.98 96.38 config | model

GF* scratch

HorNet-S* From 224x224 | 49.53 8.83 83.79 96.75 config | model
scratch

HorNet-S- From 224x224 | 50.4 8.71 83.98 96.77 config | model

GF* scratch

HorNet-B* From 224x224 | 87.26 15.59 84.24 96.94 config | model
scratch

HorNet-B- From 224x224 | 88.42 15.42 84.32 96.95 config | model

GF* scratch

*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.

22.2.2 Pre-trained Models

The pre-trained models on ImageNet-21k are used to fine-tune on the downstream tasks.

Model Pretrain resolution | Params(M) | Flops(G) | Download
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
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CHAPTER 23

HRNet

Deep High-Resolution Representation Learning for Visual Recognition

23.1 Abstract

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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23.2 Results and models

23.3 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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 24

Mip-Mixer

MLP-Mixer: An all-MLP Architecture for Vision

24.1 Abstract

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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24.2 Results and models

24.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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 25

MobileNet V2

MobileNetV2: Inverted Residuals and Linear Bottlenecks

25.1 Abstract

In this paper we describe a new mobile architecture, MobileNetV2, that improves the state of the art performance of
mobile models on multiple tasks and benchmarks as well as across a spectrum of different model sizes. We also describe
efficient ways of applying these mobile models to object detection in a novel framework we call SSDLite. Additionally,
we demonstrate how to build mobile semantic segmentation models through a reduced form of DeepLabv3 which we call
Mobile DeepLabv3.

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
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
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25.2 Results and models

25.2.1 ImageNet-1k

Model

Params(M)

Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download

MobileNet V2

3.5

0.319 71.86 90.42 config | model | log

25.3 Citation
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https://github.com/open-mmlab/mmclassification/blob/master/configs/mobilenet_v2/mobilenet-v2_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v2/mobilenet_v2_batch256_imagenet_20200708-3b2dc3af.pth
https://download.openmmlab.com/mmclassification/v0/mobilenet_v2/mobilenet_v2_batch256_imagenet_20200708-3b2dc3af.log.json

CHAPTER 20

MobileNet V3

Searching for MobileNetV3

26.1 Abstract

We present the next generation of MobileNets based on a combination of complementary search techniques as well as
a novel architecture design. MobileNetV3 is tuned to mobile phone CPUs through a combination of hardware-aware
network architecture search (NAS) complemented by the NetAdapt algorithm and then subsequently improved through
novel architecture advances. This paper starts the exploration of how automated search algorithms and network design can
work together to harness complementary approaches improving the overall state of the art. Through this process we 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.
For the task of semantic segmentation (or any dense pixel prediction), we propose a new efficient segmentation decoder
Lite Reduced Atrous Spatial Pyramid Pooling (LR-ASPP). We achieve new state of the art results for mobile classification,
detection and segmentation. MobileNetV3-Large is 3.2% more accurate on ImageNet classification while reducing latency
by 15% compared to MobileNetV2. MobileNetV3-Small is 4.6% more accurate while reducing latency by 5% compared
to MobileNetV2. MobileNetV3-Large detection is 25% faster at roughly the same accuracy as MobileNetV2 on COCO
detection. MobileNetV3-Large LR-ASPP is 30% faster than MobileNetV2 R-ASPP at similar accuracy for Cityscapes

segmentation.
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26.2 Results and models

26.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
MobileNetV3-Small* | 2.54 0.06 67.66 87.41 config | model
MobileNetV3-Large* | 5.48 0.23 74.04 91.34 config | model

Models with * are converted from torchvision. 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/master/configs/mobilenet_v3/mobilenet-v3-small_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/convert/mobilenet_v3_small-8427ecf0.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/mobilenet_v3/mobilenet-v3-large_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/mobilenet_v3/convert/mobilenet_v3_large-3ea3c186.pth
https://pytorch.org/vision/stable/_modules/torchvision/models/mobilenetv3.html

CHAPTER 2/

MVIT V2

MViTv2: Improved Multiscale Vision Transformers for Classification and Detection

27.1 Abstract

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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27.2 Results and models

27.2.1 ImageNet-1k

Model Pretrain Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
MViTv2-tiny* From scratch | 24.17 4.70 82.33 96.15 config | model
MViTv2-small* | From scratch | 34.87 7.00 83.63 96.51 config | model
MViTv2-base* | From scratch | 51.47 10.20 84.34 96.86 config | model
MViTv2-large* | From scratch | 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.
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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 28

PoolFormer

MetaFormer is Actually What You Need for Vision

28.1 Abstract

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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28.2 Results and models

28.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.

28.3 Citation

@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/master/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/master/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/master/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/master/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/master/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 29

RegNet

Designing Network Design Spaces

29.1 Abstract

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.

119


https://arxiv.org/abs/2003.13678

MMClassification Documentation, %4 %5 0.25.0

29.2 Results and models

29.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.

29.3 Citation

@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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/configs/regnet/regnetx-400mf_8xb128_in1k
https://download.openmmlab.com/mmclassification/v0/regnet/convert/RegNetX-400MF-0db9f35c.pth
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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 30

RepMLP

RepMLP: Re-parameterizing Convolutions into Fully-connected Layers forlmage Recognition

30.1 Abstract

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).

121


https://arxiv.org/abs/2105.01883

MMClassification Documentation, %4 %5 0.25.0

30.2 Results and models

30.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config Download
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.

30.3 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.

30.3.1 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 Deploy_Checkpoint } ——-metrics accuracy

30.3.2 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"',
—3),

img_size=224, reparam_conv_kernels=(1,._

deploy=False)

(R gksn)
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https://github.com/open-mmlab/mmclassification/blob/master/configs/repmlp/repmlp-base_8xb64_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/repmlp/repmlp-base_8xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repmlp/repmlp-b256_deploy_8xb64_in1k.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 ()

30.4 Citation

@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 31

RepVGG

Repvgg: Making vgg-style convnets great again

31.1 Abstract

We present a simple but powerful architecture of convolutional neural network, which has a VGG-like inference-time body
composed of nothing but a stack of 3x3 convolution and ReLU, while the training-time model has a multi-branch topol-
ogy. Such decoupling of the training-time and inference-time architecture is realized by a structural re-parameterization
technique so that the model is named RepVGG. On ImageNet, RepVGG reaches over 80% top-1 accuracy, which is the
first time for a plain model, to the best of our knowledge. On NVIDIA 1080Ti GPU, RepVGG models run 83% faster than
ResNet-50 or 101% faster than ResNet-101 with higher accuracy and show favorable accuracy-speed trade-off compared
to the state-of-the-art models like EfficientNet and RegNet.
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31.2 Results and models

31.2.1 ImageNet-1k

Model EpochsParams(M) Flops(G) Top-1 | Top-5 | Config Down-
(%) (%) load

RepVGG- | 120 9.11 (train) | 8.31 | 1.52 (train) | 1.36 | 72.41 90.50 config (train) | con- | model

AQ* (deploy) (deploy) fig (deploy)

RepVGG- | 120 14.09 (train) | 12.79 | 2.64 (train) | 2.37 | 74.47 91.85 config (train) | con- | model

Al* (deploy) (deploy) fig (deploy)

RepVGG- | 120 28.21 (train) | 25.5 | 5.7 (train) | 5.12 | 76.48 93.01 config (train) | model

A2% (deploy) (deploy) Iconfig (deploy)

RepVGG- | 120 15.82 (train) | 14.34 | 3.42 (train) | 3.06 | 75.14 92.42 config (train) | model

BO* (deploy) (deploy) Iconfig (deploy)

RepVGG- | 120 57.42 (train) 1 51.83 | 13.16 (train) | | 78.37 94.11 config (train) | model

BI* (deploy) 11.82 (deploy) Iconfig (deploy)

RepVGG- | 120 45.78 (train) | 41.36 | 9.82 (train) | 8.82 | 77.79 93.88 config (train) | model

Blg2* (deploy) (deploy) Iconfig (deploy)

RepVGG- | 120 39.97 (train) 1 36.13 | 8.15 (train) | 7.32 | 77.58 93.84 config (train) | model

Blgd* (deploy) (deploy) Iconfig (deploy)

RepVGG- | 120 89.02 (train) 1 80.32 | 20.46 (train) | | 78.78 94.42 | config (train) | model

B2* (deploy) 18.39 (deploy) Iconfig (deploy)

RepVGG- | 200 61.76 (train) 155.78 | 12.63 (train) | | 79.38 94.68 config (train) | model

B2g4* (deploy) 11.34 (deploy) Iconfig (deploy)

RepVGG- | 200 123.09 (train) | | 29.17 (train) | | 80.52 95.26 config (train) | model

B3* 110.96 (deploy) 26.22 (deploy) Iconfig (deploy)

RepVGG- | 200 83.83 (train) | 75.63 | 17.9 (train) | 16.08 | 80.22 95.10 config (train) | model

B3gd* (deploy) (deploy) Iconfig (deploy)

RepVGG- | 200 133.33  (train) | | 36.56 (train) | | 81.81 95.94 config (train) | model

D2se* 120.39 (deploy) 32.85 (deploy) Iconfig (deploy)

Models with * are converted from the official repo. The config files of these models are only for validation. We don’

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/master/configs/repvgg/repvgg-A0_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-A0_deploy_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-A0_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A0_3rdparty_4xb64-coslr-120e_in1k_20210909-883ab98c.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-A1_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-A1_deploy_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-A1_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A1_3rdparty_4xb64-coslr-120e_in1k_20210909-24003a24.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-A2_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-A2_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-A2_3rdparty_4xb64-coslr-120e_in1k_20210909-97d7695a.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B0_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B0_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B0_3rdparty_4xb64-coslr-120e_in1k_20210909-446375f4.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B1_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B1_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1_3rdparty_4xb64-coslr-120e_in1k_20210909-750cdf67.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B1g2_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B1g2_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1g2_3rdparty_4xb64-coslr-120e_in1k_20210909-344f6422.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B1g4_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B1g4_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B1g4_3rdparty_4xb64-coslr-120e_in1k_20210909-d4c1a642.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B2_4xb64-coslr-120e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B2_deploy_4xb64-coslr-120e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B2_3rdparty_4xb64-coslr-120e_in1k_20210909-bd6b937c.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B2g4_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B2g4_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B2g4_3rdparty_4xb64-autoaug-lbs-mixup-coslr-200e_in1k_20210909-7b7955f0.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B3_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B3_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B3_3rdparty_4xb64-autoaug-lbs-mixup-coslr-200e_in1k_20210909-dda968bf.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-B3g4_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-B3g4_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://download.openmmlab.com/mmclassification/v0/repvgg/repvgg-B3g4_3rdparty_4xb64-autoaug-lbs-mixup-coslr-200e_in1k_20210909-4e54846a.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/repvgg-D2se_4xb64-autoaug-lbs-mixup-coslr-200e_in1k.py
https://github.com/open-mmlab/mmclassification/blob/master/configs/repvgg/deploy/repvgg-D2se_deploy_4xb64-autoaug-lbs-mixup-coslr-200e_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
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31.3 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.

31.3.1 Use tool

Use provided tool to reparameterize the given model and save the checkpoint:

python tools/convert_models/reparameterize_model.py CFG_PATH

— {TARGET_CKPT_PATH

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.

python tools/test.py Deploy_CFG Deploy_Checkpoint } —-metrics accuracy

31.3.2 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="RepVGG',arch="A0"),
backbone = build_backbone (backbone_cfqg)
backbone.switch_to_deploy ()

or

from mmcls.models import build_classifier

cfg = dict(
type='ImageClassifier',
backbone=dict (
type="'RepVGG',
arch="A0"),
neck=dict (type='GlobalAveragePooling'),
head=dict (
type='LinearClsHead',

num_classes=1000,

(Rt

31.3. How to use

127




MMClassification Documentation, %4 %5 0.25.0

in_channels=1280,
loss=dict (type='CrossEntropyLoss', loss_weight=1.0),
topk=(1, 5),

))

classifier = build_classifier (cfqg)

classifier.backbone.switch_to_deploy ()

31.4 Citation

@inproceedings{ding2021lrepvgg,

title={Repvgg: Making vgg-style convnets great again},

author={Ding, Xiaohan and Zhang, Xiangyu and Ma, Ningning and Han, Jungong and Ding,
— 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 32

Res2Net

Res2Net: A New Multi-scale Backbone Architecture

32.1 Abstract

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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32.2 Results and models

32.2.1 ImageNet-1k

Model resolu- Params(M) | Flops(G) | Top-1 Top-5 Con- Down-

tion (%) (%) fig load
Res2Net-50-14w-8s* | 224x224 25.06 4.22 78.14 93.85 config | modelllog
Res2Net-50-26w-8s* | 224x224 48.40 8.39 79.20 94.36 config | modelllog
Res2Net-101-26w- 224x224 45.21 8.12 79.19 94.44 config | modelllog
4s*

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.

32.3 Citation

@article{gao2019res2net,

title={Res2Net: A New Multi-scale Backbone Architecture},

author={Gao, Shang-Hua and Cheng, Ming-Ming and Zhao, Kai and Zhang, Xin-Yu and._
—Yang, Ming-Hsuan and Torr, Philip},

journal={IEEE TPAMI},

year={2021},

doi={10.1109/TPAMI.2019.2938758},
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https://github.com/open-mmlab/mmclassification/blob/master/configs/res2net/res2net50-w14-s8_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/res2net/res2net50-w14-s8_3rdparty_8xb32_in1k_20210927-bc967bf1.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/res2net/res2net50-w26-s8_8xb32_in1k.py
https://download.openmmlab.com/mmclassification/v0/res2net/res2net50-w26-s8_3rdparty_8xb32_in1k_20210927-f547a94b.pth
https://github.com/open-mmlab/mmclassification/blob/master/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 33

ResNet

Deep Residual Learning for Image Recognition

33.1 Abstract

Deeper neural networks are more difficult to train. We present a residual learning framework to ease the training of
networks that are substantially deeper than those used previously. We explicitly reformulate the layers as learning resid-
ual functions with reference to the layer inputs, instead of learning unreferenced functions. We provide comprehensive
empirical evidence showing that these residual networks are easier to optimize, and can gain accuracy from considerably
increased depth. On the ImageNet dataset we evaluate residual nets with a depth of up to 152 layers—8x deeper than
VGG nets but still having lower complexity. An ensemble of these residual nets achieves 3.57% error on the ImageNet
test set. This result won the Ist place on the ILSVRC 2015 classification task. We also present analysis on CIFAR-10
with 100 and 1000 layers.

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.
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33.2 Results and models

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

Model

resolution

Params(M)

Flops(G)

Download

ResNet-50-mill

224x224

86.74

15.14

model

The “mill” means using the mutil-label pretrain weight from ImageNet-2 1K Pretraining for the Masses.

33.2.1 Cifar10

33.2.2 Cifar100

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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
Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
ResNet-50 | 23.71 1.31 79.90 95.19 config | model | log
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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/master/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/master/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/master/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/master/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/master/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/master/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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33.2.3 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.

33.2.4 CUB-200-2011

Model Pretrain resolution | Params(M) | Flops(G) | Top-1 (%) | Config | Download

ResNet-50 | ImageNet-21k-mill | 448x448 23.92 16.48 88.45 config | model | log
33.2.5 Stanford-Cars

Model Pretrain resolution | Params(M) | Flops(G) | Top-1 (%) | Config | Download

ResNet-50 | ImageNet-21k-mill | 448x448 23.92 16.48 92.82 config | model | log
33.2. Results and models 133


https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/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/master/configs/resnet/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/master/configs/resnet/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/master/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/master/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/master/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://github.com/open-mmlab/mmclassification/blob/master/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
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_3rdparty-mill_in21k_20220331-faac000b.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/resnet/resnet50_8xb8_cars.py
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb8_cars_20220812-9d85901a.pth
https://download.openmmlab.com/mmclassification/v0/resnet/resnet50_8xb8_cars_20220812-9d85901a.log.json
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33.3 Citation

@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 34

ResNeXt

Aggregated Residual Transformations for Deep Neural Networks

34.1 Abstract

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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34.2 Results and models

34.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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

34.3 Citation

@inproceedings{xie20l17aggregated,

title={Aggregated residual transformations for deep neural networks},

author={Xie, Saining and Girshick, Ross and Doll{\'a}r, Piotr and Tu, Zhuowen and.
—He, Kaiming},

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/master/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/master/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/master/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/master/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 35

SE-ResNet

Squeeze-and-Excitation Networks

35.1 Abstract

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%.
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35.2 Results and models

35.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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

35.3 Citation

@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/master/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/master/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 30

ShuffleNet V1

ShuffleNet: An Extremely Efficient Convolutional Neural Network for Mobile Devices

36.1 Abstract

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.

36.2 Results and models

36.2.1 ImageNet-1k

Model

Params(M)

Flops(G)

Top-1 (%)

Top-5 (%)

Config

Download

ShuffleNetV1 1.0x (group=3)

1.87

0.146

68.13

87.81

config

model | log

139


https://openaccess.thecvf.com/content_cvpr_2018/html/Zhang_ShuffleNet_An_Extremely_CVPR_2018_paper.html
https://github.com/open-mmlab/mmclassification/blob/master/configs/shufflenet_v1/shufflenet-v1-1x_16xb64_in1k.py
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36.3 Citation

@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 37

ShuffleNet V2

Shufflenet v2: Practical guidelines for efficient cnn architecture design

37.1 Abstract

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.

37.2 Results and models

37.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
ShuffleNetV2 1.0x | 2.28 0.149 69.55 88.92 config | model | log
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37.3 Citation

@inproceedings{maz2018shufflenet,
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CHAPTER 38

Swin Transformer

Swin Transformer: Hierarchical Vision Transformer using Shifted Windows

38.1 Abstract

This paper presents a new vision Transformer, called Swin Transformer, that capably serves as a general-purpose backbone
for computer vision. Challenges in adapting Transformer from language to vision arise from differences between the two
domains, such as large variations in the scale of visual entities and the high resolution of pixels in images compared to
words in text. To address these differences, we propose a hierarchical Transformer whose representation is computed
with Shifted windows. The shifted windowing scheme brings greater efficiency by limiting self-attention computation to
non-overlapping local windows while also allowing for cross-window connection. This hierarchical architecture has the
flexibility to model at various scales and has linear computational complexity with respect to image size. These qualities
of Swin Transformer make it compatible with a broad range of vision tasks, including image classification (87.3 top-1
accuracy on ImageNet-1K) and dense prediction tasks such as object detection (58.7 box AP and 51.1 mask AP on COCO
test-dev) and semantic segmentation (53.5 mloU on ADE20K val). Its performance surpasses the previous state-of-the-
art by a large margin of +2.7 box AP and +2.6 mask AP on COCO, and +3.2 mloU on ADE20K, demonstrating the
potential of Transformer-based models as vision backbones. The hierarchical design and the shifted window approach

also prove beneficial for all-MLP architectures.
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38.2 Results and models

38.2.1 ImageNet-21k

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

Model | resolution | Params(M) | Flops(G) | Download
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

38.2.2 ImageNet-1k

Model Pretrain resolu- Params(M) | Flops(G) | Top-1 Top-5 Con- | Down-
tion (%) (%) fig load

Swin-T | From scratch | 224x224 | 28.29 4.36 81.18 95.61 config | model |
log

Swin-S | From scratch | 224x224 | 49.61 8.52 83.02 96.29 config | model |
log

Swin-B | From scratch | 224x224 87.77 15.14 83.36 96.44 config | model |
log

Swin- From scratch | 224x224 | 49.61 8.52 83.21 96.25 config | model

S*

Swin- From scratch | 224x224 | 87.77 15.14 83.42 96.44 config | model

B*

Swin- From scratch | 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/master/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/master/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/master/configs/swin_transformer/swin_base_224_b16x64_300e_imagenet.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/master/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/master/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/master/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/master/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/master/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/master/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/master/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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38.2.3 CUB-200-2011

Model | Pretrain resolution | Params(M) | Flops(G) | Top-1 (%) | Config | Download
Swin-L | ImageNet-21k | 384x384 195.51 100.04 91.87 config | model | log

38.3 Citation

@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/master/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
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CHAPTER 39

Swin Transformer V2

Swin Transformer V2: Scaling Up Capacity and Resolution

39.1 Abstract

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.
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39.2 Results and models

39.2.1 ImageNet-21k

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

Model resolution | Params(M) | Flops(G) | Download
Swin-B* | 192x192 87.92 8.51 model
Swin-L* | 192x192 196.74 19.04 model
39.2.2 ImageNet-1k
Model | Pretrain resolu- win- Params(M) Flops(G)| Top-1 Top-5 Con- | Down-
tion dow (%) (%) fig load
Swin- From 256x256 | 8x8 28.35 4.35 81.76 95.87 con- model
T* scratch fig
Swin- From 256x256 | 16x16 | 28.35 4.4 82.81 96.23 con- model
T* scratch fig
Swin- From 256x256 | 8x8 49.73 8.45 83.74 96.6 con- model
S* scratch fig
Swin- From 256x256 | 16x16 | 49.73 8.57 84.13 96.83 con- model
S* scratch fig
Swin- From 256x256 | 8x8 87.92 14.99 84.2 96.86 con- model
B* scratch fig
Swin- From 256x256 | 16x16 | 87.92 15.14 84.6 97.05 con- model
B* scratch fig
Swin- ImageNet- 256x256 | 16x16 | 87.92 15.14 86.17 97.88 con- model
B* 21k fig
Swin- ImageNet- 384x384 | 24x24 | 87.92 34.07 87.14 98.23 con- model
B* 21k fig
Swin- ImageNet- 256X256 | 16x16 | 196.75 33.86 86.93 98.06 con- model
L* 21k fig
Swin- ImageNet- 384x384 | 24x24 | 196.75 76.2 87.59 98.27 con- model
L* 21k fig
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.

148

Chapter 39. Swin Transformer V2


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
https://github.com/open-mmlab/mmclassification/blob/master/configs/swin_transformer_v2/swinv2-tiny-w8_16xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-tiny-w16_16xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-small-w8_16xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-small-w16_16xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-base-w8_16xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-base-w16_16xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-base-w16_in21k-pre_16xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-base-w24_in21k-pre_16xb64_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-large-w16_in21k-pre_16xb64_in1k-256px.py
https://github.com/open-mmlab/mmclassification/blob/master/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/master/configs/swin_transformer_v2/swinv2-large-w24_in21k-pre_16xb64_in1k-384px.py
https://github.com/open-mmlab/mmclassification/blob/master/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 40

Tokens-to-Token ViT

Tokens-to-Token ViT: Training Vision Transformers from Scratch on ImageNet

40.1 Abstract

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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40.2 Results and models

40.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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 41

TNT

Transformer in Transformer

41.1 Abstract

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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41.2 Results and models

41.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.
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https://github.com/open-mmlab/mmclassification/blob/master/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 42

Twins

Twins: Revisiting the Design of Spatial Attention in Vision Transformers

42.1 Abstract

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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42.2 Results and models

42.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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 43

Visual Attention Network

Visual Attention Network

43.1 Abstract

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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43.2 Results and models

43.2.1 ImageNet-1k

Model Pretrain resolu- Params(M) | Flops(G) | Top-1 Top-5 Con- | Down-
tion (%) (%) fig load

VAN- From 224x224 | 4.11 0.88 75.41 93.02 config | model
BO* scratch

VAN- From 224x224 13.86 2.52 81.01 95.63 config | model
BI* scratch

VAN- From 224x224 | 26.58 5.03 82.80 96.21 config | model
B2* scratch

VAN- From 224x224 | 44.77 8.99 83.86 96.73 config | model
B3* scratch

VAN- From 224x224 | 60.28 12.22 84.13 96.86 config | model
B4* scratch

*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.

43.2.2 Pre-trained Models

The pre-trained models on ImageNet-21k are used to fine-tune on the downstream tasks.

Model Pretrain resolution | Params(M) | Flops(G) | Download
VAN-B4* | ImageNet-21k | 224x224 60.28 12.22 model
VAN-B5* | ImageNet-21k | 224x224 89.97 17.21 model
VAN-B6* | ImageNet-21k | 224x224 283.9 55.28 model

*Models with * are converted from the official repo.

43.3 Citation
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https://github.com/open-mmlab/mmclassification/blob/master/configs/van/van-b0_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-tiny_8xb128_in1k_20220501-385941af.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/van/van-b1_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-small_8xb128_in1k_20220501-17bc91aa.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/van/van-b2_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-base_8xb128_in1k_20220501-6a4cc31b.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/van/van-b3_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-large_8xb128_in1k_20220501-f212ba21.pth
https://github.com/open-mmlab/mmclassification/blob/master/configs/van/van-b4_8xb128_in1k.py
https://download.openmmlab.com/mmclassification/v0/van/van-b4_3rdparty_in1k_20220909-f4665b92.pth
https://github.com/Visual-Attention-Network/VAN-Classification
https://download.openmmlab.com/mmclassification/v0/van/van-b4_3rdparty_in21k_20220909-db926b18.pth
https://download.openmmlab.com/mmclassification/v0/van/van-b5_3rdparty_in21k_20220909-18e904e3.pth
https://download.openmmlab.com/mmclassification/v0/van/van-b6_3rdparty_in21k_20220909-96c2cb3a.pth
https://github.com/Visual-Attention-Network/VAN-Classification
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cHAPTER 44

VGG

Very Deep Convolutional Networks for Large-Scale Image Recognition

441 Abstract

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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44.2 Results and models

44.2.1 ImageNet-1k

Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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

44.3 Citation
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https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/master/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/master/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/master/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/master/configs/vgg/vgg16bn_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/master/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 45

Vision Transformer

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale

45.1 Abstract

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 CNNss 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)
attains excellent results compared to state-of-the-art convolutional networks while requiring substantially fewer compu-

tational resources to train.

45.2 Results and models

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.
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45.2.1 ImageNet-21k

The pre-trained models on ImageNet-21k are used to fine-tune, and therefore don’ t have evaluation results.

Model resolution | Params(M) | Flops(G) | Download
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.
45.2.2 ImageNet-1k
Model Pretrain resolu- Params(M)| Flops(G)| Top-1 Top-5 Con- | Down-
tion (%) (%) fig load
ViT-B16* ImageNet- 384x384 | 86.86 33.03 85.43 97.77 config | model
21k
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
ViT-B16 ImageNet- 224x224 | 86.86 33.03 81.22 95.56 config | model |
(IPU) 21k log

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/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
https://github.com/open-mmlab/mmclassification/blob/master/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/master/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/master/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/open-mmlab/mmclassification/blob/master/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/google-research/vision_transformer#available-vit-models

CHAPTER 40

Wide-ResNet

Wide Residual Networks

46.1 Abstract

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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46.2 Results and models

46.2.1 ImageNet-1k
Model Params(M) | Flops(G) | Top-1 (%) | Top-5 (%) | Config | Download
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.

46.3 Citation

@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/master/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/master/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/master/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 4/

Pytorch % ONNX' (i3 %/Y)

o ot T AT AN PyTorch % 3% %) ONNX
- E&TIE
- R 7 *

¥ A5 E ONNX 09427 5 &

471 B EEIM PyTorch 453 %] ONNX

4711 HEZTE

L. 155 MR 4225051 MRS Z:%E MMClassification ,

2. 2% onnx ] onnxruntime,

pip install onnx onnxruntime==1.5.1
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471.2 {EAA %

python tools/deployment/pytorch2onnx.py \
CONFIG_FILE} \

——-checkpoint CHECKPOINT_FILE \
——output-file S${OUTPUT_FILE/} \
—--shape IMAGE_SHAPE} \
—-—-opset-version OPSET_VERSION} \

—-dynamic-shape \
——show \
——simplify \

——verify \

A S H L -
* config: BURIFLE S BEAE .
* ——checkpoint : BB E SCFHIHAE.
* ——output-file: ONNX B th AR . QURICAHHRE, BRI A HTMIAITE|R T tmp . onnx.
* —-shape: B AR BERITERE . WERECHFRE, BRIAH 224 224,
« ——opset-version: ONNX [{] opset fias. WISREHISE, Bl 11,
* ——dynamic-shape : @ AZIZH AR S ONNX. WIREAHHRE, BIANK False.
* ——show: EHITHIFHBUNAEH . AAA R E, BRIAH False.
* ——simplify: EARERESH B ONNX B, WEREAHEE, BINH False.
o ——verify: RMIIET IR IEMEE. GREATEE, BIH False.

ZN/E

python tools/deployment/pytorch2onnx.py \
configs/resnet/resnetl18_8xbl6_cifarlO.py \
——-checkpoint checkpoints/resnet/resnetl18_b16x8_cifarl0.pth \
——output-file checkpoints/resnet/resnetl8_bl6x8_cifarl0.onnx \
——-dynamic-shape \
——show \
——simplify \
——verify \
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47.2 TS HE ONNX BJERFIE

RSN T ARIERT 3 2 ONNX, H-7E ONNX Runtime HzF7 AL

1=E [A=a fit # | EWMAR | &
b1 T i
Mo- configs/mobilenet_v2/mobilenet-v2_8xb32_inlk. | Y Y
bileNetV2 j9Y%
ResNet configs/resnet/resnetl18_8xbl6_cifarl0.py Y Y
ResNeXt configs/resnext/resnext50-32x4d_8xb32_inlk. Y Y
by
SE-ResNet | configs/seresnet/seresnet50_8xb32_inlk.py Y Y
Shuf- configs/shufflenet_vl/shufflenet-vli-1x_16xb64_|i¥lk. | Y
fleNetV1 j9%
Shuf- configs/shufflenet_v2/shufflenet-v2-1x_16xb64_|i¥lk. | Y
fleNetV2 j9%
H:

o VAL P AR S 45 MK A T Pytorch==1.6.0 # 45

47.3 &R

o QRARAE BRI AR s 2] 17

AR, T BERIR S, FRATTRETCAR MR AN B, A RIE R A,

47.4 #0

s T

i =

W AT

THAE GitHub H I~ issue, FATSIPALIE. RAYE_EX

47.2. ZFSHE ONNX p#EEIF|R
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CHAPTER 48

ONNX % TensorRT (iXI&TERY)

o ofTHAR A AN ONNX #3423 TensorRT
- R&ETAE
- Rk

o LR E TensorRT 8947 5] &

48.1 1N{TIGHEEEIM ONNX %) TensorRT

48.1.1 HEZ Tk

L. 155 MR 4225051 MRS Z:%E MMClassification ,

2. {FHFATA L Epytorch2onnx.md ¥ PyTorch %544 & ONNX,
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48.1.2 {EAA %

python tools/deployment/onnx2tensorrt.py \
MODEL \
——trt-file TRT_FILE \

—-shape ${IMAGE_SHAPE} \
-—workspace-size {WORKSPACE_SIZE} \
——show \
——verify \

B S Ui -

* model : ONNX il 445 .

« ——trt-file: TensorRT 5 BE S LR i tH R A2 o WISRIATHE E , BRIAH 4 AT AP TR 42 T 1 tmp . trts

« ——shape: BRI AR ERITERE . WRBEE, B 224 224,

* ——workspace-size : #4f# TensorRT 5T FE A GPU =S[HAU/N, Bk GiB. AIREATRE, A
AN 1 GiB,

« ——show: Z2H BRI . GUREAETEE, BN False.

o ——verify: J27f# il ONNXRuntime FI TensorRT il %L ) IF Bk . SRS H5 8, Bk

False,

ZNiIE

python tools/deployment/onnx2tensorrt.py \
checkpoints/resnet/resnet18_bl16x8_cifarl0.onnx \
—-—trt-file checkpoints/resnet/resnetl18_bl16x8_cifarlO.trt \
—-shape 224 224 \
——show \

——verify \

48.2 ZHFRMME TensorRT BYIEE IR

B T PRI 5445 TensorRT YR,

R [kt RS
MobileNetV2 | configs/mobilenet_v2/mobilenet-v2_8xb32_inlk.py Y
ResNet configs/resnet/resnetl18_8xbl6_cifarl0.py Y
ResNeXt configs/resnext/resnext50-32x4d_8xb32_inlk.py Y
ShuffleNetV1 | configs/shufflenet_vl/shufflenet-vli-1x_16xb64_inlk.py | Y
ShuffleNetV2 | configs/shufflenet_v2/shufflenet-v2-1x_16xb64_inlk.py | Y
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T
e VA b BT AR & 3 iR K T Pytorch==1.6.0 #= TensorRT-7.2.1.6.Ubuntu-16.04.x86_64-gnu.cuda-
10.2.cudnn8.0 # 47

48.3 &R

o ARARYE AR R B £ MG, 5 AE GitHub HhEJEE—A> issue, ATRRPRABEE. RAE 12451
AR, T YRR E, FRATATRE O MR A D), WRIB RN A, Wk B AT

48.4 Dl i)l

s T

48.3. 1®7= 173
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cHAPTER 49

Pytorch % TorchScript (3XI&THERY)

o Lol 44 PyTorch #3570 46 4 £ TorchScript

- Rk

49.1 tn{aig PyTorch #&EAY3E4ZE TorchScript

49.1.1 {ERAE

python tools/deployment/pytorch2torchscript.py \
S{CONFIG_FILE} \
——checkpoint S${CHECKPOINT_FILE/} \
——output-file S{OUTPUT_FILE} \
--shape ${IMAGE_SHAPE} \

——verify \

I 0B -
* config: BRI E SCIAFHBRAE
* ——checkpoint : BIAKE SRR BEAR
* ——output-file: TorchScript 71 th B4R . ARBCA HEE , BN R A BIAAS A TER AR R 11 tp . pt.
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» ——shape: BB AW S ERTER . WA E, Bk 224 224,
o ——verify: @AEIESHEAEBAESME. WRKAHEE, BIAHN False,

K

python tools/deployment/pytorch2torchscript.py \
configs/resnet/resnet18_8xbl6_cifarl0.py \
——checkpoint checkpoints/resnet/resnetl8_bl6x8_cifarl0.pth \
——output-file checkpoints/resnet/resnetl8_bl6x8_cifarl0.pt \
——verify \

i
o BT A K F Pytorch==1.8.1 il it T 4 303X,
49.2 R

e fIF torch.jit.is_tracing() HFE PyTorch 1.6 2 J5HIMUA 1538 5 FE, X+ PyTorch 1.3-1.5
M, FRATEN TP TR 45251 .

o ARARYEA PR AR AL T B 2 WA, 5 HE GitHub HIE—1> issue, FRATSPRAEEE.

49.3 ‘= 0l is)Ed

It
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cHAPTER B0

ERIERE = TorchServe

HTMA Torchserve g —/{>MMClassification #ifl, FEEHFTPATFILE:

50.1 1. &3 MMClassification #£Z!ZE TorchServe

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

—-—-model-name resnetl8_inlk

177



https://pytorch.org/serve/

MMClassification Documentation, %4 %5 0.25.0

50.2 2. ¥33 mmcls-serve docker &%

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

50.3 3. iZ{T 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 .

50.4 4. JUi &RE

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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python tools/deployment/test_torchserver.py IMAGE_FILE CONFIG_FILE CHECKPOINT_
—FILE MODEL_NAME

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

ENLE

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

resnetl18_inlk

50.4. 4. MiXEpE 179
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CHAPTER B 1

|

»

(14

o FIEAKATAAL
5] R R g ST AL

-
o K AEE T

>,
o FILIE)A

51.1 RBEifks Tt

python tools/visualizations/vis_pipeline.py \
S{CONFIG_FILE} \
[-—output-dir S${OUTPUT_DIR}] \
[--phase S${DATASET_PHASE;] \
[--number ${BUNBER_IMAGES_DISPLAY}] \
[-—skip-type ${SKIP_TRANSFORM_TYPE}] \
[--mode S{DISPLAY_MODE}] \
[-—show] \
[-—adaptive] \
[--min-edge-length ${MIN_EDGE_LENGTH/}] \
[-—max—-edge-length S${MAX_EDGE_LENGTH!] \
[--bgr2rgb] \
[-—window-size S{WINDOW SIZE}] \
[-—cfg-options S${CEG_OPTIONS /]
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Pt S8l -

config: BN E CIFHIEEAE.

——output-dir: fRAFE TSR, WERBCATRE, BIAN ', FRARAF.

——phase: ATMALEERERMNE, HEEN [train, val, test] Z—, BRiAm train,
——number: TJHALFEARS R . WRAIRE, BONRREBIREN AR .

——skip-type: FRBE EIRRIK LS WA 5 E , BHAKH [ ' ToTensor', 'Normalize',

'ImageToTensor', 'Collect'],

—-mode: AJMALIGAE, HEEN [original, transformed, concat, pipeline] Z—, Ul
BAHEE, BUAN concat.

——show: ¥ AL A AR T 20 R o
——adaptive: AT R AALE F KN,

--min-edge-length: BB KEF, MHH T --adaptive W AHM. BE AT EDL/NT
${MIN_EDGE_LENGTH} B}, &fRFFKFEHALBMAKE R, Hilixi5F % ${MIN_EDGE_LENGTH}, 2k
PAH 200,

--max-edge-length: FHREBKE, UM H T --adaptive W HW. UE AT EHB KT
${MAX_EDGE_LENGTH} K}, &K IEHAZS/NE R, MilXFF % ${MAX_EDGE_LENGTH}, 2k
AH 1000,

——bgr2rgb: K& F i€ 8 E B .
--window-size: MIHLE MR/, WERECAHEE, BOAN 1277, WURGESE, KK W
-—cfg-options : MECE CAMMEE, SHHHE 12 Q45 LS S0

ke

1.

2.

WERAFEE ——mode, BRIABEN concat, REUSIRIE ARG A PHERIE 5 AR --mode
WHEN original, WZRHUSIAE F; WK ——mode ¥E N transformed, WIZRHUHALEE R 1 IE Fr s
W --mode WA pipeline, MFAGEHEHIK LA L REE A

MIEE T -—-adaptive FEIIKF, & H 3y H B R F KA N E R, AR DA R E
--min-edge-length 5 ——max—edge—-length Z4§5E H K H Rt

ZR R

1.

‘original’ iz, WMk CIFARL100 BHEAEH Y 100 5KJFEIRE R, BRIFARIFAE . /tmp XA

python ./tools/visualizations/vis_pipeline.py configs/resnet/resnet50_8xbl6_cifarl00.

—py —-phase val --output-dir tmp --mode original -—-number 100 --show —--adaptive —-
—bgr2rgb
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2. ‘transformed’ #ix(, W[HfL ImageNet YIZER TG LA FAHE R, HATE N ER:

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

———show —--mode transformed

3. ‘concat’ Kz, WAL ImageNet YIZREER) 10 HKISARIE A S AL PG I Xt FEIEL, RAFTE - /tmp SC
IR

python ./tools/visualizations/vis_pipeline.py configs/swin_transformer/swin_base_224_

—b16x64_300e_imagenet.py --phase train —--output-dir tmp --number 10 --adaptive

4. ‘pipeline’ 5\, ML ImageNet YIZRER LSRR LSRR K -

python ./tools/visualizations/vis_pipeline.py configs/swin_transformer/swin_base_224_

—bl6x64_300e_imagenet.py —--phase train --adaptive --mode pipeline —--show

51.2 F3)RFERETIML

python tools/visualizations/vis_lr.py \

CONFIG_FILE} \

—-dataset-size Dataset_Size}] \
-—-ngpus NUM_GPUs }1 \
—-—-save-path SAVE_PATH}] \

(-
[
[
[--title S{TITLE}] \
[
[
[

--style STYLE}] \

——-window-size WINDOW_SIZE}] \

-—cfg-options CFG_OPTIONS}] \
Bifi ]

* config: BIRINCE SCIFAY AL

e ——dataset-size : ZIRER /N, WMHEIEE, build_dataset BFgiBkid Al H X IME N EHRE
FEFRN, BRUAEH build_dataset FISEHEERI KN,

* —-ngpus : {IJl] GPU %

* ——save-path : [RAFIYATHLIE R IEEAR, BRIAAERAE .

o ——title: ATHULIE R AOARAE, BRIAHECE SCIF4

« —-style: AJMLIE R XA, BRIAH whitegrid.

« ——window-size: \IHLE AV, WEREATRE, BN 1277, WERGEIGE, LK wa,
+ ——cfg-options: XMEEICAMBE, SHAA 1 W5 SHCE .
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ik T BARARAEATIRE N B LR FERS , T BT dataset-size SEERUREMR/N, PAATLIRTE

Bl

python tools/visualizations/vis_lr.py configs/resnet/resnet50_bl16x8_cifarl00.py

LR ImageNet I, 3l 13 B R E BB R/ AT LIITTR], H-RAFIE

python tools/visualizations/vis_lr.py configs/repvgg/repvgg-B3gd_4xb64—autoaug-lbs—
—mixup—-coslr-200e_inlk.py —--dataset-size 1281167 --ngpus 4 --save-path ./repvgg-B3gd_
—4xb64-1r.Jjpg

51.3 ZEHIENEETHL

MMClassification $£fit tools\visualizations\vis_cam.py L HEZa[MALLE S ER. #E M H pip
install "grad-cam>=1.3.6" LK pytorch-grad-cam,

ERIFER PR
Method What it does
GradCAM i F P39 B6 BEXT 2D Js AT AL
Grad- Al GradCAM, {HAFEH T —Bb g
CAM++

XGradCAM | {b] GradCAM, (HH i I — ARG X0 B HEAT T A

EigenCAM | {1} 2D il 55— 2 ek XK, (BRCR TP AHY)

EigenGrad- | 250l EigenCAM, {HZH2RX 5, MM TI80E * SRS — T, BERA GradCAM
CAM ERZ, (HREETH

LayerCAM | i IEBEISERTIROF AT, A T VeI A AR

et

python tools/visualizations/vis_cam.py \
IMG} \
CONFIG_FILE} \
CHECKPOINT} \
-—target-layers TARGET-LAYERS /] \

——preview-model] \

-—target-category TARGET-CATEGORY /] \

[

[

[-—method METHOD }] \

[

[-—save-path SAVE_PATH}] \

(Fgksh)
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(£ 50

[——vit-1like] \
[-—num-extra-tokens NUM-EXTRA-TOKENS /|
[-—aug_smooth] \
[-—eigen_smooth] \
[ CE
[

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

img: HFRE R L.
config: FEBIELE SCIFRIIEAS.
checkpoint: EKE.,

-—target-layers: JIEEHHMBZEHIR, THA—NEREZAMEKZ, MRARE, KEHRE—
A~ block ) norm &,

-—preview-model: EEAFWHIFTAML)Z,

——method: ZEHEHE KE R ML, HEI X GradCAM, GradCAM++, XGradCAM, EigenCAM,
EigenGradCAM, LayerCAM, AXAHFI/INE ., WMHEARE, BRiAKH GradCAM,

--target-category: EHEWHRER, WIRABCE, HAEUGI IR AI L HIECN BRI .
--save-path: fREFIYATIALIE R iEste, BOARIREE.

——eigen-smooth: M EMIMEIEE, BIAAITE.

——vit-like: J275°H ViT ZEBI¥) Transformer-based [ %%

--num-extra-tokens:  ViT &M 4% [ % 40 1) tokens i B %, BRIAGEH T W %1

num_extra_tokens,

——aug-smooth: i K 5

——device: {IHAYITHBA, WARABE, BN cpu’.
--cfg-options: RMEEICIMBYN, SHHIE 1 W% 5 E T

il TEf8 € -—target-layers K, G021 BB W 28 W 45 )22, W]l i & A7 4
——preview-model #FETH ML ZE LR

Bl

(CNN):

——target-layers fF Resnet-50 H¥—L Rk BlU1F:

'backbone.layerd', FE/RFEVIA ResLayer ZEHIHH .

'"backbone.layerd.2"' EREIA ResLayer EHEE =/ BottleNeck M.

51.3.
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e 'backbone.layer4.2.convl' FEx LA BottleNeck it convi ERHIH .

& W ModuleList B(# Sequential RAIRML)ZE, FTLAESZM A RIIM HXTEE TR, b
il backbone.layerd [-1] fl backbone.layer4.2 2HFEH, FHHK layerd B— PG =ATHHAEY

Sequential,

L i A J7 3T AL ResNet 50, BRIA target-category JWBIAUK MY SE SR, () BRIAIE S 1Y

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. [Al—5K ER R 28 S0 H 30s ERCR I, 7 ImageNet Hdnder, 2551 238 & ¢ Greater Swiss Mountain dog”,
2551 281 >k ‘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

Category | Image | GradCAM | XGradCAM | LayerCAM
Dog

Cat

3. fiiff] ~—eigen-smooth PAJ ~—aug-smooth FRIUEHFfyi HALAR .
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python tools/visualizations/vis_cam.py \
demo/dog.Jjpg \
configs/mobilenet_v3/mobilenet-v3-large_8xb32_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

78 (Transformer) :

——target-layers £ Transformer-based [ 2% H1 [ —LE R B 1R :
e Swin-Transformer #: 'backbone.norm3'
e ViT }1: 'backbone.layers[-1].1lnl"

}F Transformer-based [ %%, Eh#l ViT, T2T-ViT F1 Swin-Transformer, 4287 FH . N T 24 CAM
B, FATFEEIEE ——vit-1ike #I0, MMiLBE R IRHMERE T TEFHER .

W TR RS2 Ah, 282 VIT M 25k 2 ﬁbnﬁﬁ%m tokens. 4N ViT 1 T2T-ViT H1is i T 4324 token,
DeiT RSN T 751 token. FEXSERIZgrh | ZpRM B R G — MER B FC &M T, /K55
1 HFLX BEEG P tokens 7 ¢ E%{El’é‘wﬁ‘ﬂé, WYL, AL SRR G S5k 0. L, FRATT
R 35 Je — R B i VE CAM 23l B AR 2

FIAR, R T R BRIX LA toekns PASRAFFFAE B , AT TR ZEHITE X LL451 5] tokens [ 4 & . MMClassification H1J1,
SP-Ji4 Transformer-based [ 48 Z3 45 num_extra_tokens J@t. T USRARA BRI T EN AT, 3
FHE =M, T HZM B AT E num_extra_tokens @1, IBAFLAEH ——num-extra-tokens
ZRCT AR E HA R .

1. Xf Swin Transformer {fifflBRIA target-layers #fT CAM A ¥4k :

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_bl16x64_300e_imagenet_20210616_090925-66df6be6.pth \

--vit-like

2. X} Vision Transformer (ViT) i#t47 CAM m] Ak :
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demo/bird.JPEG \

——vit-like \

python tools/visualizations/vis_cam.py \

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

configs/vision_transformer/vit-base-pl6_ft-64xb64_inlk-384.py \
https://download.openmmlab.com/mmclassification/v0/vit/finetune/vit-base-pl6_

—in2lk-pre-3rdparty_ft-64xb64_inlk-384_20210928-98e8652b.pth \

3. % T2T-viT @7 CAM A] ¥4k :

51

demo/bird.JPEG \

——vit-like \

python tools/visualizations/vis_cam.py \

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 \

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

Image

ResNet50

ViT

Swin

T2T-ViT

4 BREME

s o
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52.1 BEGH

52.1.1 22§t E

S E— Mg HECHE, Alifid tools/analysis_tools/analyze_logs.py A2 HFS E#EN AL
h £&

python tools/analysis_tools/analyze_logs.py plot_curve \
S{JSON_LOGS} \
[——keys S{KEYS}] \

CFoakss)
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(22 30
[--title TITLE }] \
[-—1legend LEGEND }] \
[--backend BACKEND }]1 '\
[--style STYLE }] \
[--out OUT_FILE}] \
[--window-size WINDOW_STIZE }]
GIRER 2 GOl

json_logs : WA E IS (RTRBHEAZAS, ST .
——keys : SMHTHEM R FE, $E N len (S{IJSON_LOGS}) * len (${KEYS}) BRiAN ‘loss’.
——title : ST HENE A AR, BROAEHECE SO, BRI,

~--legend : BEBI% (WFEIEHMEAZAS, EHZEAIT, BH S ${ISON_LOGS} * S$S{KEYS} $(H—
). BN "S{ISON_LOG}-S${KEYS}",

--backend : matplotlib )2 [l f5 i, #KIAHI matplotlib |5 ZfjeH.

——style : 2EFE XM, BRIAH whitegrid,

——out : PRAFIIHTIE T RYBRAR, AIANTEE AR ERAT

--window-size: \[HLE AN, WEREAHEE, BIAK 127, WRFE S E, T wear,

Pk ——style BRWIKI T56 =7 i seaborn, TFEis 2 I XAKTH 256 %% o
B 4n:

22 H RSSO L PR 4 2 R

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

——legend loss

228 H AR SCPEXT Y top-1 Al top-5 HERA IR IA], H-KF I 2P T A results. jpg 3L

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

—accuracy_top-1 accuracy_top-5 --legend topl top5 --out results.jpg

TEIR— PG 223017 5y H A6 SRR R top-1 it 56 iy 22 el

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

—accuracy_top-1 —--legend runl run2

Ik

¢ AT RS A SR 7 BOs e A H G IIZR 0 ie Bl BRI, PIAIRARAS I T B E 5
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UEFEFR, T AN Y 1 ¢ 4 B A B A T H ) TEST_METRICS A8,

52.1.2 GEiti)l4kE 8]

tools/analysis_tools/analyze_logs.py WA AR H & A4S ZhEERT .

python tools/analysis_tools/analyze_logs.py cal_train_time \
JSON_LOGS

[-—include-outliers]

Pt S8 sl -
* json_logs : MIAECECIFREKAE (WTIFIMEAZAS, @HZEKDIT).

e ——include-outliers : QIRIEE, WASHBRE MR PE RERKICTE (BE-RERS
FERTR K )
il

python tools/analysis_tools/analyze_logs.py cal_train_time work_dirs/some_exp/
—20200422_153324.10g.json

B SR AR R

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
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52.2 LER5HT

HH tools/test.py W) ——out ZHL, FATADARE A HOREAHOHERR S SR ORAF B4 S0P AT —3C
7, FATRTAREATHE— 2B 24T

52.2.1 kR

tools/analysis_tools/eval_metric.py ] DAFSEFRRITEIEALSE R .

python tools/analysis_tools/eval_metric.py \

CONFIG} \
RESULT} \
[-—metrics S{METRICS}] \

[-—cfg-options CFG_OPTIONS}] \

[--metric-options METRIC_OPTIONS }]

Biti S8l :
* config : MCE M.
* result : tools/test.py M H &R .
» metrics : PEAEAYETEFERR, PRI T RRESL.
* ——cfg-options: HAMYELEIRT, SWEARENE, SHARE 1 W4 SR E .

e ——metric-options: YIRIGE T , XEETUFHZ B A LIRS evaluate I metric_options
e

#ik: £ tools/test.py ', FATHHFFMN ——out-items WHORBERARIFILELTR . N THHATA,
TER RS SRS A4 “class_scores”,

ZHE

python tools/analysis_tools/eval_metric.py configs/t2t_vit/t2t-vit-t-14_8xb64_inlk.py.

—./result.pkl —--metrics accuracy —--metric-options "topk=(1,5)"
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52.2.2 EEMBER

tools/analysis_tools/analyze_results.py A] DMEFETRIM BTN/, RS> HER kK DEHS .

python tools/analysis_tools/analyze_results.py \
CONFIG} \
RESULT} \
[-—out-dir OUT_DIR}] \
[-—topk TOPK}] \
[-—cfg-options CFG_OPTIONS}]

IREE -2 LK
* config: BUESCIFMIEEAE.
* result : tools/test.py 45 .
« ——out-dir @ fRAFEERIHTHY SO I BRAR
* ——topk : 2 HIRAFZL D IR I R E G RATEE, BRIAHN 20.
* ——cfg-options: FSMYBLEILI, 2BEABCEM:, SHERAL 1 W4 50 E k.

#4iE: FF tools/test.py WY, AR ——out-items WHORIERRRAFMPLELER . I THAATH,
TR LS RS 2 “pred_score”.” pred_label” F1 “pred_class”.

ZRE

python tools/analysis_tools/analyze_results.py \
configs/resnet/resnet50_xxxx.py \
result.pkl \
--out-dir results \

—-—topk 50

52.3 REIFRERH

52.3.1 it& FLOPs f1&#& (iX1814aY)

FeAI TR flops-counter.pytorch HEHk T — NI T8 45 @A AL FLOPs Fl1& 4= .

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

Wifi 280 -
» config : ECESCIERIREAR.

523. BRISZXEST 193
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e ——shape: AR, ZHFH(EBSEDE, : ——shape 256, ——shape 224 256, BRiAh 224
224,

AP A R 4R

Input shape: (3, 224, 224)
Flops: 4.12 GFLOPs
Params: 25.56 M

T WA T IR H B, FATARIEREC T Ef o Gl Rras R TR R, (HAERARMR
sOESCH R SR Z AT, AR

* FLOPs 5HI AR RS K, MSEESMART X BAEARS N (1, 3,224, 224)

o —ELEBR ST A FLOPs (9451, Bl GN F1H & LizB. H41{5 Bii5% mncv.cnn.
get_model_complexity_info ()

f_i:?
He
=

52.4 el

s T
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CHAPTER B3

HiTH

s TP EERE
c BEHIER

o FILIFIAL

53.1 {TENEEME

tools/misc/print_config.py MAKMNITAMAZR, HITHEEILERFRE.

python tools/misc/print_config.py CONFIG} [--cfg-options CFG_OPTIONS }]

Wita B0 -

e config: WL E XCHRIHAL.

e ——cfg-options: HHMIUEC BRI, SAABE S, SR | 0495 E 0,
YK

python tools/misc/print_config.py configs/t2t_vit/t2t-vit-t-14_8xb64_inlk.py
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53.2 ERIER

tools/misc/verify dataset.py AKX AELIEMIA R R, EREGACEIIRE T

python tools/print_config.py \
CONFIG} \
—-—-out-path OUT-PATH/}] \

[

[--phase PHASE}] \
[-—num-process NUM—-PROCESS }]
[

-—-cfg-options CFG_OPTIONS }]

UREE2 S L
* config : FUE M.
« ——out-path : HiliZREKTE, BINH brokenfiles.log’ .
* —-phase : WAMAHEAEIEE, WTHMEN “tain”.” test” @3 “val”, FRIAK “train”.
+ ——num-process : FHENIRRE, KiK.
« ——cfg-options: FSMYRLEEN, SPEGAREM, SHARE 10 W45 EE 1.
7 pil:

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

53.3 W I ia)=t

«
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CHAPTER B4

2 5%k OpenMMLab

WOMAEAT I BTk, AL (AR T
o BEHFE RS
o NSO EERE SR A T
o BSIHT I RERHT LT

54.1 T{ERTE

1. fork Jf pull %3] OpenMMLab % (MMClassification)
2. ZWE AW (REAE master 43 3722 PR)
3. FFTIB TR RE & fork HI) H ORI JE

4. EFA QR D EIE—A PR

ks WERARIT RIS I — LS5 Ehae, HIIAKENS), HREE LA issue RIEATHHE.
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54.2 BN

54.2.1 Python

FAT IR PEPS VR4 — M AURD KUK «
FATIE T 9 TR AT AR A A A S i XA -
» flake8: Python B Ay A M A TR, RE M E THAYER
o isort: F BRI G AN TR
* yapf: —> Python UM AL T H
* codespell: K25 BT 5 2 A 1
 mdformat: }# markdown SC{4# T E
o docformatter: —~ docstring #& 04k T.H.
yapf £l isort FJ4% I E A7 T setup.cfg

AT A pre-commit  hook 3¢ £/ HiE & K $2& 22 i) H 3 #F 47 A8 K A R A KAk, B B9 T fE AL 4
flake8, vyapf, isort, trailing whitespaces, markdown files, & & end-of-files,
double-quoted-strings, python-encoding-pragma, mixed-line-ending, X} requirments.

txt BHEFEE. pre-commit hook FR & ST .pre-commit-config
VRV BRI , RS AT P BRI W1 iRk pre-commit hook .

pip install -U pre-commit

FEQFESCIEI P AT

pre-commit install

TEMZ G, BREEAL, ARG A A e TR0 i A7

B FEQIE PR ZAT, TEFORIRAYACAD 8 i ARG, IF4d T yapf UL

54.2.2 C++ 1 CUDA

C++ Fll CUDA A EE M Google C++ Style Guide
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CHAPTER B5

mmcls.apis

These are some high-level APIs for classification tasks.

mmcls.apis

e Train

o Test

e Inference

55.1 Train

55.2 Test
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55.3 Inference

200 Chapter 55. mmcls.apis



CHAPTER DO

mmcls.core

This package includes some runtime components. These components are useful in classification tasks but not supported
by MMCYV yet.

£41:: Some components may be moved to MMCYV in the future.

mmcls.core

e FEvaluation

e Hook

» Optimizers

56.1 Evaluation

Evaluation metrics calculation functions
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56.2 Hook

56.3 Optimizers

202 Chapter 56. mmcls.core



CHAPTER D7

mmcls.models

The models package contains several sub-packages for addressing the different components of a model.
* Classifier: The top-level module which defines the whole process of a classification model.
¢ Backbones: Usually a feature extraction network, e.g., ResNet, MobileNet.
* Necks: The component between backbones and heads, e.g., Global AveragePooling.
* Heads: The component for specific tasks. In MMClassification, we provides heads for classification.

e Losses: Loss functions.
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57.1 Classifier

57.2 Backbones

57.3 Necks

57.4 Heads

57.5 Losses

204
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CHAPTER B8

mmcls.models.utils

This package includes some helper functions and common components used in various networks.

mmcls.models.utils

e Common C()IT[[?()H,EHTS

* Helper Functions

channel_shuffle

make_divisible

to_ntuple

is_tracing

58.1 Common Components
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58.2 Helper Functions

58.2.1 channel_shuffle
58.2.2 make_divisible
58.2.3 to_ntuple

58.2.4 is_tracing

206 Chapter 58. mmcls.models.utils



CHAPTER 59

mmcls.datasets

The datasets package contains several usual datasets for image classification tasks and some dataset wrappers.

59.1 Custom Dataset
59.2 ImageNet

59.3 CIFAR

59.4 MNIST

59.5 VOC

59.6 StanfordCars Cars
59.7 Base classes

59.8 Dataset Wrappers
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cHAPTER 60

Data Transformations

In MMClassification, the data preparation and the dataset is decomposed. The datasets only define how to get samples’
basic information from the file system. These basic information includes the ground-truth label and raw images data / the

paths of images.

To prepare the inputs data, we need to do some transformations on these basic information. These transformations includes
loading, preprocessing and formatting. And a series of data transformations makes up a data pipeline. Therefore, you can

find the a pipeline argument in the configs of dataset, for example:

img_norm_cfg = dict(

mean=[123.675, 116.28, 103.53], std=[58.395, 57.12, 57.375], to_rgb=True)
train_pipeline = [

dict (type='LoadImageFromFile'),

dict (type='RandomResizedCrop', size=224),

dict (type='RandomFlip', flip_prob=0.5, direction='horizontal'),

dict (type='Normalize', **img_norm_cfqg),

dict (type='ImageToTensor', keys=['img']),

dict (type='ToTensor', keys=['gt_label']),

dict (type='Collect', keys=['img', 'gt_label'])
]
test_pipeline = [

dict (type='LoadImageFromFile'"),

dict (type='Resize', size=256),

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

dict (type='Normalize', **img_norm_cfqg),

dict (type='ImageToTensor', keys=['img']),

(Rt
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dict (type='Collect', keys=['img'])

data = dict(
train=dict (..., pipeline=train_pipeline),
val=dict (..., pipeline=test_pipeline),
test=dict (..., pipeline=test_pipeline),

Every item of a pipeline list is one of the following data transformations class. And if you want to add a custom data

transformation class, the tutorial Custom Data Pipelines will help you.

mmcls.datasets.pipelines

* Loading
— LoadlmageFromFile
* Preprocessing and Augmentation
— CenterCrop
— Lighting
— Normalize
— Pad
— Resize
— RandomCrop
— RandomErasing
— RandomFlip
— RandomGrayscale
— RandomResizedCrop
— ColorlJitter
— Composed Augmentation
» Formatting
— Collect

— ImageToTensor

— ToNumpy
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— ToPIL

— ToTensor

— Transpose

60.1 Loading
60.1.1 LoadlmageFromFile
60.2 Preprocessing and Augmentation

60.2.1 CenterCrop
60.2.2 Lighting

60.2.3 Normalize

60.2.4 Pad

60.2.5 Resize

60.2.6 RandomCrop
60.2.7 RandomErasing
60.2.8 RandomFlip
60.2.9 RandomGrayscale
60.2.10 RandomResizedCrop
60.2.11 Colorditter

60.2.12 Composed Augmentation

Composed augmentation is a kind of methods which compose a series of data augmentation transformations, such as

AutoAugment and RandAugment.
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In composed augmentation, we need to specify several data transformations or several groups of data transformations
(The policies argument) as the random sampling space. These data transformations are chosen from the below table.

In addition, we provide some preset policies in this folder.

60.3 Formatting

60.3.1 Collect

60.3.2 ImageToTensor
60.3.3 ToNumpy
60.3.4 ToPIL

60.3.5 ToTensor

60.3.6 Transpose

212 Chapter 60. Data Transformations


https://github.com/open-mmlab/mmclassification/tree/master/configs/_base_/datasets/pipelines

CHAPTER O 1

Batch Augmentation

Batch augmentation is the augmentation which involve multiple samples, such as Mixup and CutMix.

In MMClassification, these batch augmentation is used as a part of Classifier. A typical usage is as below:

model = dict(
backbone = ...,
neck = ...,
head = ...,
train_cfg=dict (augments=]|
dict (type='BatchMixup', alpha=0.8, prob=0.5, num_classes=num_classes),
dict (type='BatchCutMix', alpha=1.0, prob=0.5, num_classes=num_classes),

1))

61.1 Mixup
61.2 CutMix

61.3 ResizeMix
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CHAPTER 02

mmcls.utils

These are some useful help function in the ut i 1s package.
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CHAPTER 63

Changelog

63.1 v0.25.0(06/12/2022)

63.1.1 Highlights

 Support MLU backend.

63.1.2 New Features

 Support MLU backend. (#1159)

* Support Activation Checkpointing for ConvNeXt. (#1152)

63.1.3 Improvements

e Adddist_train_arm.sh for ARM device and update NPU results. (#1218)
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63.1.4 Bug Fixes

¢ Fix a bug caused MMC1sWandbHook stuck. (#1242)

¢ Fix the redundant device_ids in tools/test.py. (#1215)

63.1.5 Docs Update

* Add version banner and version warning in master docs. (#1216)
¢ Update NPU support doc. (#1198)

* Fixed typo in pytorch2torchscript .md. (#1173)

e Fixtypoinmiscellaneous.md. (#1137)

e further detail for the doc for ClassBalancedDataset. (#901)

63.2 v0.24.1(31/10/2022)

63.2.1 New Features

 Support mmcls with NPU backend. (#1072)

63.2.2 Bug Fixes

¢ Fix performance issue in convnext DDP train. (#1098)

63.3 v0.24.0(30/9/2022)

63.3.1 Highlights

* Support HorNet, EfficientFormerm, SwinTransformer V2 and MViT backbones.

* Support Standford Cars dataset.
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63.3.2 New Features

 Support HorNet Backbone. (#1013)

* Support EfficientFormer. (#954)

* Support Stanford Cars dataset. (#893)
* Support CSRA head. (#881)

* Support Swin Transform V2. (#799)

» Support MViT and add checkpoints. (#924)

63.3.3 Improvements

¢ [Improve] replace loop of progressbar in api/test. (#878)

¢ [Enhance] RepVGG for YOLOX-PAL. (#1025)

 [Enhancement] Update VAN. (#1017)

* [Refactor] Re-write get _sinusoid_encoding from third-party implementation. (#965)
¢ [Improve] Upgrade onnxsim to v0.4.0. (#915)

* [Improve] Fixed typo in RepVGG. (#985)

* [Improve] Using t rain_step instead of forward in PreciseBNHook (#964)

 [Improve] Use forward_dummy to calculate FLOPS. (#953)

63.3.4 Bug Fixes

¢ Fix warning with torch .meshgrid. (#860)

* Add matplotlib minimum version requriments. (#909)
* val loader should not drop last by default. (#857)

* Fix config.device bug in toturial. (#1059)

* Fix attenstion clamp max params (#1034)

¢ Fix device mismatch in Swin-v2. (#976)

* Fix the output position of Swin-Transformer. (#947)
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63.3.5 Docs Update

* Fix typo in config.md. (#827)
¢ Add version for torchvision to avoide error. (#903)
* Fixed typo for ——out—dir option of analyze_results.py. (#898)

* Refine the docstring of RegNet (#935)

63.4 v0.23.2(28/7/2022)

63.4.1 New Features

* Support MPS device. (#894)

63.4.2 Bug Fixes
* Fix a bug in Albu which caused crashing. (#918)
63.5 v0.23.1(2/6/2022)

63.5.1 New Features

¢ Dedicated MMClsWandbHook for MMClassification (Weights and Biases Integration) (#764)

63.5.2 Improvements

¢ Use mdformat instead of markdownlint to format markdown. (#844)

63.5.3 Bug Fixes

* Fix wrong ——local_rank.
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63.5.4 Docs Update

¢ Update install tutorials. (#854)

* Fix wrong link in README. (#835)

63.6 v0.23.0(1/5/2022)

63.6.1 New Features

¢ Support DenseNet. (#750)

e Support VAN. (#739)

63.6.2 Improvements

* Support training on IPU and add fine-tuning configs of ViT. (#723)

63.6.3 Docs Update

¢ New style API reference, and easier to use! Welcome view it. (#774)

63.7 v0.22.1(15/4/2022)

63.7.1 New Features

* [Feature] Support resize relative position embedding in SwinTransformer. (#749)

¢ [Feature] Add PoolFormer backbone and checkpoints. (#746)

63.7.2 Improvements

* [Enhance] Improve CPE performance by reduce memory copy. (#762)

* [Enhance] Add extra dataloader settings in configs. (#752)
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63.8 v0.22.0(30/3/2022)

63.8.1 Highlights

 Support a series of CSP Network, such as CSP-ResNet, CSP-ResNeXt and CSP-DarkNet.
* Anew CustomDataset class to help you build dataset of yourself!

* Support ConvMixer, RepMLP and new dataset - CUB dataset.

63.8.2 New Features

¢ [Feature] Add CSPNet and backbone and checkpoints (#735)

¢ [Feature] Add CustomDataset. (#738)

¢ [Feature] Add diff seeds to diff ranks. (#744)

* [Feature] Support ConvMixer. (#716)

¢ [Feature] Our dist_train & dist_test tools support distributed training on multiple machines. (#734)
¢ [Feature] Add RepMLP backbone and checkpoints. (#709)

¢ [Feature] Support CUB dataset. (#703)

¢ [Feature] Support ResizeMix. (#676)

63.8.3 Improvements

* [Enhance] Use ——a—b instead of ——a_b in arguments. (#754)
¢ [Enhance] Add get_cat_ids and get_gt_labels to KFoldDataset. (#721)

¢ [Enhance] Set torch seed in worker_init_fn. (#733)

63.8.4 Bug Fixes

* [Fix] Fix the discontiguous output feature map of ConvNeXt. (#743)
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63.8.5 Docs Update

* [Docs] Add brief installation steps in README for copy&paste. (#755)

¢ [Docs] fix logo url link from mmocr to mmcls. (#732)

63.9 v0.21.0(04/03/2022)

63.9.1 Highlights

* Support ResNetV1c and Wide-ResNet, and provide pre-trained models.

* Support dynamic input shape for ViT-based algorithms. Now our ViT, DeiT, Swin-Transformer and T2T-ViT

support forwarding with any input shape.

* Reproduce training results of DeiT. And our DeiT-T and DeiT-S have higher accuracy comparing with the official

weights.

63.9.2 New Features

* Add ResNetVlec. (#692)
¢ Support Wide-ResNet. (#715)

* Support gem pooling (#677)

63.9.3 Improvements

» Reproduce training results of DeiT. (#711)

* Add ConvNeXt pretrain models on ImageNet-1k. (#707)

* Support dynamic input shape for ViT-based algorithms. (#706)

¢ Add evaluate function for ConcatDataset. (#650)

* Enhance vis-pipeline tool. (#604)

e Return code 1 if scripts runs failed. (#694)

» Use PyTorch official one_hot to implement convert_to_one_hot. (#696)
* Add a new pre-commit-hook to automatically add a copyright. (#710)

¢ Add deprecation message for deploy tools. (#697)

» Upgrade isort pre-commit hooks. (#687)

* Use ——gpu-—1id instead of ——gpu-ids in non-distributed multi-gpu training/testing. (#688)
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* Remove deprecation. (#633)

63.9.4 Bug Fixes

 Fix Conformer forward with irregular input size. (#686)

* Add dist .barrier to fix a bug in directory checking. (#660)

63.10 v0.20.1(07/02/2022)

63.10.1 Bug Fixes

 Fix the MMCYV dependency version.

63.11 v0.20.0(30/01/2022)

63.11.1 Highlights

* Support K-fold cross-validation. The tutorial will be released later.

» Support HRNet, ConvNeXt, Twins and EfficientNet.

 Support model conversion from PyTorch to Core-ML by a tool.

63.11.2 New Features

* Support K-fold cross-validation. (#563)

* Support HRNet and add pre-trained models. (#660)

 Support ConvNeXt and add pre-trained models. (#670)
 Support Twins and add pre-trained models. (#642)

* Support EfficientNet and add pre-trained models.(#649)

* Support features_only option in TIMMBackbone. (#668)

¢ Add conversion script from pytorch to Core-ML model. (#597)
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63.11.3 Improvements

¢ New-style CPU training and inference. (#674)

¢ Add setup multi-processing both in train and test. (#671)

* Rewrite channel split operation in ShufflenetV2. (#632)

* Deprecate the support for “python setup.py test” . (#646)
 Support single-label, softmax, custom eps by asymmetric loss. (#609)

» Save class names in best checkpoint created by evaluation hook. (#641)

63.11.4 Bug Fixes

* Fix potential unexcepted behaviors if met ric_options is not specified in multi-label evaluation. (#647)
* Fix API changes in pytorch-grad-camé&gt; =1.3.7. (#656)

 Fix bug which breaks cal_train_time in analyze_logs.py. (#662)

63.11.5 Docs Update

» Update README in configs according to OpenMMLab standard. (#672)

¢ Update installation guide and README. (#624)

63.12 v0.19.0(31/12/2021)

63.12.1 Highlights

¢ The feature extraction function has been enhanced. See #593 for more details.

 Provide the high-acc ResNet-50 training settings from ResNet strikes back.

* Reproduce the training accuracy of T2T-ViT & RegNetX, and provide self-training checkpoints.
 Support DeiT & Conformer backbone and checkpoints.

* Provide a CAM visualization tool based on pytorch-grad-cam, and detailed user guide!
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63.12.2 New Features

* Support Precise BN. (#401)

¢ Add CAM visualization tool. (#577)

* Repeated Aug and Sampler Registry. (#588)

¢ Add DeiT backbone and checkpoints. (#576)

¢ Support LAMB optimizer. (#591)

¢ Implement the conformer backbone. (#494)

¢ Add the frozen function for Swin Transformer model. (#574)

* Support using checkpoint in Swin Transformer to save memory. (#557)

63.12.3 Improvements

* [Reproduction] Reproduce RegNetX training accuracy. (#587)

* [Reproduction] Reproduce training results of T2T-ViT. (#610)

 [Enhance] Provide high-acc training settings of ResNet. (#572)

¢ [Enhance] Set a random seed when the user does not set a seed. (#554)

¢ [Enhance] Added NumClassCheckHook and unit tests. (#559)

¢ [Enhance] Enhance feature extraction function. (#593)

* [Enhance] Improve efficiency of precision, recall, f1_score and support. (#595)
* [Enhance] Improve accuracy calculation performance. (#592)

¢ [Refactor] Refactor analysis_log.py. (#529)

* [Refactor] Use new API of matplotlib to handle blocking input in visualization. (#568)
* [CI] Cancel previous runs that are not completed. (#583)

* [CI] Skip build CI if only configs or docs modification. (#575)

63.12.4 Bug Fixes

* Fix test sampler bug. (#611)
e Try to create a symbolic link, otherwise copy. (#580)

¢ Fix a bug for multiple output in swin transformer. (#571)

226 Chapter 63. Changelog


https://github.com/open-mmlab/mmclassification/pull/401
https://github.com/open-mmlab/mmclassification/pull/577
https://github.com/open-mmlab/mmclassification/pull/588
https://github.com/open-mmlab/mmclassification/pull/576
https://github.com/open-mmlab/mmclassification/pull/591
https://github.com/open-mmlab/mmclassification/pull/494
https://github.com/open-mmlab/mmclassification/pull/574
https://github.com/open-mmlab/mmclassification/pull/557
https://github.com/open-mmlab/mmclassification/pull/587
https://github.com/open-mmlab/mmclassification/pull/610
https://github.com/open-mmlab/mmclassification/pull/572
https://github.com/open-mmlab/mmclassification/pull/554
https://github.com/open-mmlab/mmclassification/pull/559
https://github.com/open-mmlab/mmclassification/pull/593
https://github.com/open-mmlab/mmclassification/pull/595
https://github.com/open-mmlab/mmclassification/pull/592
https://github.com/open-mmlab/mmclassification/pull/529
https://github.com/open-mmlab/mmclassification/pull/568
https://github.com/open-mmlab/mmclassification/pull/583
https://github.com/open-mmlab/mmclassification/pull/575
https://github.com/open-mmlab/mmclassification/pull/611
https://github.com/open-mmlab/mmclassification/pull/580
https://github.com/open-mmlab/mmclassification/pull/571

MMClassification Documentation, %4 %5 0.25.0

63.12.5 Docs Update

¢ Update mmcv, torch, cuda version in Dockerfile and docs. (#594)
¢ Add analysis&misc docs. (#525)

* Fix docs build dependency. (#584)

63.13 v0.18.0(30/11/2021)

63.13.1 Highlights

 Support MLP-Mixer backbone and provide pre-trained checkpoints.

¢ Add a tool to visualize the learning rate curve of the training phase. Welcome to use with the tutorial!

63.13.2 New Features

¢ Add MLP Mixer Backbone. (#528, #539)
* Support positive weights in BCE. (#516)

* Add a tool to visualize learning rate in each iterations. (#498)

63.13.3 Improvements

¢ Use CircleCI to do unit tests. (#567)
* Focal loss for single label tasks. (#548)
¢ Remove useless import_modules_from_string. (#544)

¢ Rename config files according to the config name standard. (#508)

¢ Use reset_classifier toremove head of timm backbones. (#534)

* Support passing arguments to loss from head. (#523)
¢ Refactor Resize transform and add Pad transform. (#506)

» Update mmcv dependency version. (#509)
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63.13.4 Bug Fixes

* Fix bug when using ClassBalancedDataset. (#555)

¢ Fix a bug when using iter-based runner with ‘val’ workflow. (#542)

* Fix interpolation method checking in Resize. (#547)

* Fix a bug when load checkpoints in mulit-GPUs environment. (#527)

* Fix an error on indexing scalar metrics in analyze_result.py. (#518)

* Fix wrong condition judgment in analyze_logs.py and prevent empty curve. (#510)

63.13.5 Docs Update

* Fix vit config and model broken links. (#564)

* Add abstract and image for every paper. (#546)

¢ Add mmflow and mim in banner and readme. (#543)

¢ Add schedule and runtime tutorial docs. (#499)

¢ Add the top-5 acc in ResNet-CIFAR README. (#531)

* Fix TOC of visualization.md and add example images. (#513)

¢ Use docs link of other projects and add MMCYV docs. (#511)

63.14 v0.17.0(29/10/2021)

63.14.1 Highlights

* Support Tokens-to-Token ViT backbone and Res2Net backbone. Welcome to use!
* Support ImageNet21k dataset.

* Add a pipeline visualization tool. Try it with the tutorials!

63.14.2 New Features

* Add Tokens-to-Token ViT backbone and converted checkpoints. (#467)
¢ Add Res2Net backbone and converted weights. (#465)
* Support ImageNet21k dataset. (#461)

* Support seesaw loss. (#500)
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¢ Add a pipeline visualization tool. (#4006)
¢ Add a tool to find broken files. (#482)

¢ Add a tool to test TorchServe. (#468)

63.14.3 Improvements

¢ Refator Vision Transformer. (#395)

» Use context manager to reuse matplotlib figures. (#432)

63.14.4 Bug Fixes

e Remove DistSamplerSeedHook if use IterBasedRunner. (#501)
* Set the priority of EvalHook to “LOW?” to avoid a bug when using IterBasedRunner. (#488)
* Fix a wrong parameter of get _root_loggerinapis/train.py. (#486)

¢ Fix version check in dataset builder. (#474)

63.14.5 Docs Update

* Add English Colab tutorials and update Chinese Colab tutorials. (#483, #497)
¢ Add tutuorial for config files. (#487)
¢ Add model-pages in Model Zoo. (#480)

* Add code-spell pre-commit hook and fix a large mount of typos. (#470)

63.15 v0.16.0(30/9/2021)

63.15.1 Highlights
* We have improved compatibility with downstream repositories like MMDetection and MMSegmentation. We will
add some examples about how to use our backbones in MMDetection.
¢ Add RepVGG backbone and checkpoints. Welcome to use it!

¢ Add timm backbones wrapper, now you can simply use backbones of pytorch-image-models in MMClassification!
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63.15.2 New Features

Add RepVGG backbone and checkpoints. (#414)

Add timm backbones wrapper. (#427)

63.15.3 Improvements

Fix TnT compatibility and verbose warning. (#436)

Support setting ——out-items in tools/test.py. (#437)

Add datetime info and saving model using torch<1.6 format. (#439)

Improve downstream repositories compatibility. (#421)

Rename the option ——options to ——cfg-options in some tools. (#425)

Add PyTorch 1.9 and Python 3.9 build workflow, and remove some CI. (#422)

63.15.4 Bug Fixes

Fix format error in test . py when metric returns np . ndarray. (#441)
Fix publish_model bug if no parent of out_file. (#463)

Fix num_classes bug in pytorch2onnx.py. (#458)

Fix missing runtime requirement packaging. (#459)

Fix saving simplified model bug in ONNX export tool. (#438)

63.15.5 Docs Update

Update getting_started.mdand install.md. And rewrite finetune.md. (#460)

Use PyTorch style docs theme. (#457)
Update metafile and Readme. (#435)

Add CITATION.cEf. (#428)
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63.16 v0.15.0(31/8/2021)

63.16.1 Highlights

e Support hparams argument in AutoAugment and RandAugment to provide hyperparameters for sub-

policies.
* Support custom squeeze channels in SELayer.

* Support classwise weight in losses.

63.16.2 New Features

¢ Add hparams argument in Aut oAugment and RandAugment and some other improvement. (#398)
* Support classwise weight in losses. (#388)

* Enhance SELayer to support custom squeeze channels. (#417)

63.16.3 Code Refactor

¢ Better result visualization. (#419)

* Use post_process function to handle pred result processing. (#390)
e Update digit_version function. (#402)

 Avoid albumentations to install both opencv and opencv-headless. (#397)
* Avoid unnecessary listdir when building ImageNet. (#396)

¢ Use dynamic mmcv download link in TorchServe dockerfile. (#387)

63.16.4 Docs Improvement

* Add readme of some algorithms and update meta yml. (#418)
¢ Add Copyright information. (#413)

e Fix typo ‘metirc’ . (#411)

» Update QQ group QR code. (#393)

¢ Add PR template and modify issue template. (#380)
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63.17 v0.14.0(4/8/2021)

63.17.1 Highlights

¢ Add transformer-in-transformer backbone and pretrain checkpoints, refers to the paper.
* Add Chinese colab tutorial.

 Provide dockerfile to build mmcls dev docker image.

63.17.2 New Features

* Add transformer in transformer backbone and pretrain checkpoints. (#339)

 Support mim, welcome to use mim to manage your mmcls project. (#376)

Add Dockerfile. (#365)

* Add ResNeSt configs. (#332)

63.17.3 Improvements

e Use the presistent_works option if available, to accelerate training. (#349)
¢ Add Chinese ipynb tutorial. (#306)

¢ Refactor unit tests. (#321)

* Support to test mmdet inference with mmcls backbone. (#343)

¢ Use zero as default value of thrs in metrics. (#341)

63.17.4 Bug Fixes

» Fix ImageNet dataset annotation file parse bug. (#370)

* Fix docstring typo and init bug in ShuffleNetV1. (#374)

* Use local ATTENTION registry to avoid conflict with other repositories. (#376)
¢ Fix swin transformer config bug. (#355)

* Fix patch_cfg argument bug in SwinTransformer. (#368)

 Fix duplicate init_weights call in ViT init function. (#373)

 Fix broken _base__link in a resnet config. (#361)

* Fix vgg-19 model link missing. (#363)
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63.18 v0.13.0(3/7/2021)

¢ Support Swin-Transformer backbone and add training configs for Swin-Transformer on ImageNet.

63.18.1 New Features

 Support Swin-Transformer backbone and add training configs for Swin-Transformer on ImageNet. (#271)
* Add pretained model of RegNetX. (#269)

* Support adding custom hooks in config file. (#305)

* Improve and add Chinese translation of CONTRIBUTING.md and all tools tutorials. (#320)

e Dump config before training. (#282)

* Add torchscript and torchserve deployment tools. (#279, #284)

63.18.2 Improvements

* Improve test tools and add some new tools. (#322)

* Correct MobilenetV3 backbone structure and add pretained models. (#291)

* Refactor Pat chEmbed and HybridEmbed as independent components. (#330)
¢ Refactor mixup and cutmix as Augment s to support more functions. (#278)

o Refactor weights initialization method. (#270, #318, #319)

* Refactor LabelSmoothLoss to support multiple calculation formulas. (#285)

63.18.3 Bug Fixes

¢ Fix bug for CPU training. (#286)

* Fix missing test data when num_imgs can not be evenly divided by num_gpus. (#299)
¢ Fix build compatible with pytorch v1.3-1.5. (#301)

¢ Fix magnitude_std bugin RandAugment. (#309)

* Fix bug when samples_per_gpuis 1. (#311)
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63.19 v0.12.0(3/6/2021)

* Finish adding Chinese tutorials and build Chinese documentation on readthedocs.

» Update ResNeXt checkpoints and ResNet checkpoints on CIFAR.

63.19.1 New Features

* Improve and add Chinese translation of data_pipeline.md and new_modules.md. (#265)
¢ Build Chinese translation on readthedocs. (#267)

¢ Add an argument efficientnet_style to RandomResizedCrop and CenterCrop. (#268)

63.19.2 Improvements

* Only allow directory operation when rank==0 when testing. (#258)
* Fix typo in base_head. (#274)

¢ Update ResNeXt checkpoints. (#283)

63.19.3 Bug Fixes

e Add attribute data.test in MNIST configs. (#264)
e Download CIFAR/MNIST dataset only on rank 0. (#273)
¢ Fix MMCYV version compatibility. (#276)

* Fix CIFAR color channels bug and update checkpoints in model zoo. (#280)

63.20 v0.11.1(21/5/2021)

¢ Refine new_dataset .md and add Chinese translation of finture.md, new_dataset .md.

63.20.1 New Features

¢ Add dim argument for GlobalAveragePooling. (#236)
* Add random noise to RandAugment magnitude. (#240)

¢ Refine new_dataset .md and add Chinese translation of finture.md, new_dataset .md. (#243)
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63.20.2 Improvements

Refactor arguments passing for Heads. (#239)
Allow more flexible magnitude_range in RandAugment. (#249)

Inherits MMCYV registry so that in the future OpenMMLab repos like MMDet and MMSeg could directly use the
backbones supported in MMCIs. (#252)

63.20.3 Bug Fixes

Fix typo in analyze_results.py. (#237)

Fix typo in unittests. (#238)

Check if specified tmpdir exists when testing to avoid deleting existing data. (#242 & #258)
Add missing config files in MANIFEST. in. (#250 & #255)

Use temporary directory under shared directory to collect results to avoid unavailability of temporary directory for
multi-node testing. (#251)

63.21 v0.11.0(1/5/2021)

Support cutmix trick.

Support random augmentation.

Add tools/deployment/test .py as a ONNX runtime test tool.
Support ViT backbone and add training configs for ViT on ImageNet.

Add Chinese README . md and some Chinese tutorials.

63.21.1 New Features

Support cutmix trick. (#198)

Add simplify optionin pytorch2onnx.py. (#200)

Support random augmentation. (#201)

Add config and checkpoint for training ResNet on CIFAR-100. (#208)

Add tools/deployment/test .py as a ONNX runtime test tool. (#212)
Support ViT backbone and add training configs for ViT on ImageNet. (#214)
Add finetuning configs for ViT on ImageNet. (#217)

Add device option to support training on CPU. (#219)
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¢ Add Chinese README . md and some Chinese tutorials. (#221)
e Addmetafile.yml in configs to support interaction with paper with code(PWC) and MMCLI. (#225)

¢ Upload configs and converted checkpoints for ViT fintuning on ImageNet. (#230)

63.21.2 Improvements

e Fix LabelSmoothLoss so that label smoothing and mixup could be enabled at the same time. (#203)
* Add cal_acc option in ClsHead. (#206)

* Check CLASSES in checkpoint to avoid unexpected key error. (#207)

* Check mmcv version when importing mmcls to ensure compatibility. (#209)

e Update CONTRIBUTING.md to align with that in MMCV. (#210)

* Change tags to html comments in configs README.md. (#226)

¢ Clean codes in ViT backbone. (#227)

¢ Reformat pytorch2onnx.md tutorial. (#229)

* Update setup.py to support MMCLI. (#232)

63.21.3 Bug Fixes

* Fix missing cutmix_prob in ViT configs. (#220)

* Fix backend for resize in ResNeXt configs. (#222)

63.22 v0.10.0(1/4/2021)

 Support AutoAugmentation

* Add tutorials for installation and usage.

63.22.1 New Features

* Add Rotate pipeline for data augmentation. (#167)

¢ Add Invert pipeline for data augmentation. (#168)

¢ Add Color pipeline for data augmentation. (#171)

* Add Solarize and Posterize pipeline for data augmentation. (#172)

 Support fp16 training. (#178)
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* Add tutorials for installation and basic usage of MMClassification.(#176)

e Support AutoAugmentation, AutoContrast, Equalize, Contrast, Brightness

Sharpness pipelines for data augmentation. (#179)

63.22.2 Improvements

¢ Support dynamic shape export to onnx. (#175)
* Release training configs and update model zoo for fp16 (#184)

¢ Use MMCV’ s EvalHook in MMClassification (#182)

63.22.3 Bug Fixes

» Fix wrong naming in vgg config (#181)

63.23 v0.9.0(1/3/2021)

* Implement mixup trick.

¢ Add a new tool to create TensorRT engine from ONNX, run inference and verify outputs in Python.

63.23.1 New Features

¢ Implement mixup and provide configs of training ResNet50 using mixup. (#160)
* Add Shear pipeline for data augmentation. (#163)

* Add Translate pipeline for data augmentation. (#165)

and

* Add tools/onnx2tensorrt.py as atool to create TensorRT engine from ONNX, run inference and verify

outputs in Python. (#153)

63.23.2 Improvements

* Add —-eval-optionsintools/test.py tosupport eval options override, matching the behavior of other

open-mmlab projects. (#158)

 Support showing and saving painted results in mmcls.apis.test and tools/test.py, matching the be-

havior of other open-mmlab projects. (#162)
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63.23.3 Bug Fixes

* Fix configs for VGG, replace checkpoints converted from other repos with the ones trained by ourselves and upload

the missing logs in the model zoo. (#161)

63.24 v0.8.0(31/1/2021)

* Support multi-label task.

 Support more flexible metrics settings.

* Fix bugs.

63.24.1 New Features

Add evaluation metrics: mAP, CP, CR, CF1, OP, OR, OF1 for multi-label task. (#123)
Add BCE loss for multi-label task. (#130)

Add focal loss for multi-label task. (#131)

Support PASCAL VOC 2007 dataset for multi-label task. (#134)

Add asymmetric loss for multi-label task. (#132)

Add analyze_results.py to select images for success/fail demonstration. (#142)

Support new metric that calculates the total number of occurrences of each label. (#143)
Support class-wise evaluation results. (#143)

Add thresholds in eval_metrics. (#146)

Add heads and a baseline config for multilabel task. (#145)

63.24.2 Improvements

Remove the models with O checkpoint and ignore the repeated papers when counting papers to gain more accurate
model statistics. (#135)

Add tags in README.md. (#137)

Fix optional issues in docstring. (#138)

Update stat.py to classify papers. (#139)

Fix mismatched columns in README.md. (#150)

Fix test.py to support more evaluation metrics. (#155)

238

Chapter 63. Changelog



MMClassification Documentation, %4 %5 0.25.0

63.24.3 Bug Fixes

* Fix bug in VGG weight_init. (#140)
 Fix bug in 2 ResNet configs in which outdated heads were used. (#147)
* Fix bug of misordered height and width in RandomCrop and RandomResizedCrop. (#151)

e Fix missing meta_keysin Collect. (#149 & #152)

63.25 v0.7.0(31/12/2020)

¢ Add more evaluation metrics.

* Fix bugs.

63.25.1 New Features

* Remove installation of MMCYV from requirements. (#90)
¢ Add 3 evaluation metrics: precision, recall and F-1 score. (#93)

* Allow config override during testing and inference with ——options. (#91 & #96)

63.25.2 Improvements

e Use build_runner to make runners more flexible. (#54)

 Support to get category ids in BaseDataset. (#72)

¢ Allow CLASSES override during BaseDateset initialization. (#85)
 Allow input image as ndarray during inference. (#87)

* Optimize MNIST config. (#98)

¢ Add config links in model zoo documentation. (#99)

¢ Use functions from MMCYV to collect environment. (#103)

» Refactor config files so that they are now categorized by methods. (#116)
¢ Add README in config directory. (#117)

¢ Add model statistics. (#119)

* Refactor documentation in consistency with other MM repositories. (#126)
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63.25.3 Bug Fixes

¢ Add missing CLASSES argument to dataset wrappers. (#66)

¢ Fix slurm evaluation error during training. (#69)

* Resolve error caused by shape in Accuracy. (#104)

* Fix bug caused by extremely insufficient data in distributed sampler.(#108)
* Fix bug in gpu_ids in distributed training. (#107)

* Fix bug caused by extremely insufficient data in collect results during testing (#114)

63.26 v0.6.0(11/10/2020)

* Support new method: ResNeSt and VGG.
 Support new dataset: CIFAR10.

* Provide new tools to do model inference, model conversion from pytorch to onnx.

63.26.1 New Features

¢ Add model inference. (#16)

¢ Add pytorch2onnx. (#20)

¢ Add PIL backend for transform Resize. (#21)
* Add ResNeSt. (#25)

¢ Add VGG and its pretained models. (#27)

* Add CIFARI10 configs and models. (#38)

¢ Add albumentations transforms. (#45)

* Visualize results on image demo. (#58)

63.26.2 Improvements

* Replace urlretrieve with urlopen in dataset.utils. (#13)
* Resize image according to its short edge. (#22)
» Update ShuffleNet config. (#31)

e Update pre-trained models for shufflenet_v2, shufflenet_vl1, se-resnet50, se-resnet101. (#33)
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63.26.3 Bug Fixes

 Fix init_weights in shufflenet_v2.py. (#29)

* Fix the parameter size in test_pipeline. (#30)

* Fix the parameter in cosine Ir schedule. (#32)

¢ Fix the convert tools for mobilenet_v2. (#34)

¢ Fix crash in CenterCrop transform when image is greyscale (#40)

* Fix outdated configs. (#53)

63.26. v0.6.0(11/10/2020) 241



MMClassification Documentation, %4 %5 0.25.0

242 Chapter 63. Changelog



CHAPTER 064

0.X tHRF A1 o) A

64.1 MMClassification 0.20.1

64.1.1 MMCV # =1

15 Twins BT R%$, RAE T MMCV 32450 Pat chEmbed B, WHLHZAE MMCV 142 BUAMIARY,
R0 175 B MMCY (KR ATE 5 1.4.2,

243



MMClassification Documentation, %4 %5 0.25.0

244 Chapter 64. 0.x HxFRZ 1% (0] RE



CHAPTER 65

T o) &

ik

FATAEK HLA T — S D IR S AR Y A R 58 o SR BT AT UL DA Dy i Bl e, i
IR E AR AR A A I R P, I S R A GitHub B3R e, I skt b
HIEE

65.1 %3

* MMCV 5 MMClassification [{JFEZ A8, UM F| “AssertionError: MMCV==xxx is used but incompatible.

Please install mmcv>=xxx, <=xxx.”

X HLFATF2E T 45 iA: MMClassification X MMCV A H OB, 13§ HeE A 1E H) MMCV AR A b 2
TR FH H R

245


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

MMClassification Documentation, %4 %5 0.25.0

MMClassification version | MMCYV version

dev mmcv>=1.7.0, <1.9.0
0.25.0 (master) mmcv>=1.4.2, <1.9.0
0.24.1 mmcv>=1.4.2,<1.9.0
0.23.2 mmcv>=1.4.2, <1.7.0
0.22.1 mmcv>=1.4.2, <1.6.0
0.21.0 mmev>=1.4.2, <=1.5.0
0.20.1 mmcev>=1.4.2,<=1.5.0
0.19.0 mmev>=1.3.16, <=1.5.0
0.18.0 mmev>=1.3.16, <=1.5.0
0.17.0 mmcv>=1.3.8, <=1.5.0
0.16.0 mmev>=1.3.8, <=1.5.0
0.15.0 mmcv>=1.3.8, <=1.5.0
0.15.0 mmev>=1.3.8, <=1.5.0
0.14.0 mmcv>=1.3.8, <=1.5.0
0.13.0 mmcv>=1.3.8, <=1.5.0
0.12.0 mmcv>=1.3.1, <=1.5.0
0.11.1 mmev>=1.3.1, <=1.5.0
0.11.0 mmcev>=1.3.0

0.10.0 mmev>=1.3.0

0.9.0 mmcev>=1.1.4

0.8.0 mmev>=1.1.4

0.7.0 mmcev>=1.1.4

0.6.0 mmcev>=1.1.4

ik T dev ST TREI T, MMCV AT BEAHER . WEREHAER dev 73 ST %]
P, 2R MMCV B 5O .

 {§iH] Albumentations

MMRARAEM ] albumentations AHEMTHEE, FM1ZEIUEH pip install -r requirements/
optional.txt #{# pip install -U albumentations>=0.3.2 --no-binary qudida,

albumentations fy& T L%,
W AR E M A pip install albumentations>=0.3.2 3 & %%, B & [H W % %%

opencv-python-headless (HIffi{fRE. &A% T opencv-python) . HARHFTaI&H 2
PEER
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PYTHONPATH="$ (dirname $0)/..":SPYTHONPATH
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bash tools/dist_train.sh configs/cspnet/resnet50_8xb32_inlk.py 8 —--device npu

i, TS, 7 NPU _LillZRiad (DA ResNet Jyfil) :

python tools/train.py configs/cspnet/resnet50_8xb32_inlk.py —--device npu
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66.2 ZidIEIERIREY

Petil] Top-1(%) | Top-5 (%) | BEXH | #HXTH
CSPResNeXt50 77.10 93.55 config model | log
DenseNet121 72.62 91.04 config model | log
EfficientNet-B4(AA + AdvProp) | 75.55 92.86 config model | log
HRNet-W18 77.01 93.46 config model | log
ResNetVID-152 77.11 94.54 config model | log
ResNet-50 76.40 - config model | log
ResNetXt-32x4d-50 77.55 93.75 config model | log
SE-ResNet-50 77.64 93.76 config model | log
VGG-11 68.92 88.83 config model | log
ShuffleNetV2 1.0x 69.53 88.82 config model | log
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