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CHAPTER 1

o BN
BB
— MMSelfSup &9 2R #1531
— MMSelfSup &4 534 & K
* A& ) MMSelfSup ¥t g V5 B L
* T MMSelfSup 53] B B Hik

TEA SO, FRATRFXIMMSelf Sup AT A 4. FATTE o k) B BB+ ~J (Self-supervised Learning) fHEA
RRGHEAT IO, SR 5 a7 5 286> MMSelf Sup BYBEANZEM . ), FATTRF4 H MMSelfSup () B FHEkIA,
B RZE R 8 1] MMSelfSup 177 [ 2 A RFABE R H 528k -

1.1 BHEESY)

1 iBf2% 5 (Self-supervised learning, SSL) & Fi i ELHE A2 ST 0, B B 7 (08 G- 10 ToRRE SRR AT
FAE2ES . A5 SSL R, il o SRR BINGHT S (o] E R AReE, B AR SR AT R I 4,
o ST A FA AR OB SRR . ST 1 R ST AT, el T T AT 45 iRt
(245 (RIS, PIIRRI, 5 A0 1%) obERE.

SRJUREL, [ RRRE B3R T Bl R, SRR RO T KA A 10 B i ) Sk . Jefl]
LN MMSelfSup 73 14— RESR K, 77 (8 5 RO TREGEVERE , B2 RTFFERI TR SRR B F ok,
147124 MMSelfSup (%0



https://github.com/open-mmlab/mmselfsup
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1.2 MMSelfSup ByZ2#aixit

5 HAth OpenMMLab (351 H 24fbl, MMSelfSup EF BB BTG HEN], AR S BT T B PR -
* Datasets SZHFAMRAE, A ISR AL B A0 K 18 o SR s
* Algorithms {3 7 Z A2 B I E BIE, RIRRES HRGH e .
* Tools {047 1" [ i~ W ARG UG b T A, .

* Benchmarks $2{it 1} B B2 ) PSR B G BBU 0 A T 2 RN AL 55 (B0, WA, i X
o1 EIEE) 7R

1.3 MMSelfSup By_E Figsk =

TR B PR B MMSelfSup,  FRATTHER S5 U0R % 2k B UEA T ko~

1.3.1 {£fH MMSelfSup I H K ELRE
T E R ) FEA R — i AN R A ) T SR A5 TRt I B2 T 1 38 3 2 A0 3 IS
Wy BEAT R OFAT 55 328 27 2T v B

o ASRARAR S MMSelfSup (L4428 B WiEF A ) 503k, FNTHETREARILSE S Ger Started Kb AT IRBERC
.

o XFTBNGRNTBE, BATERFARS T Pre-rrain SRR RBYNIF L, AU,

o T BRI IR BB, FAHERRZ % Benchmark 24 2 i 7n i, SR B N R AR 22104
MR AL 5 -

o BRubZ b, AR AL T 2o T HAN AT T A Useful Tools R Bl I F 5 J5 EHLG SE A #4712
AT
1.3.2 EF MMSelfSup 3B L EE*

SRR BT SSL R T IRIOHFIFIZE , AR Model ZoolE 5% | 2 SIATE G S22 f Bt
23] AR T,

4 Chapter 1. 24+


https://mmselfsup.readthedocs.io/zh_CN/latest/user_guides/#downstream-tasks
https://mmselfsup.readthedocs.io/zh_CN/latest/user_guides/#useful-tools
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MMSelfSup, %% 1.0.0

2.1 FEFRHF

TEATH, FATRHE R T (1] PyTorch HE #3155 .

MMSelfSup £ Linux 3247 (Windows £l macOS A32'EH 1 %5 ). ‘B 7% Python 3.7+, CUDA 9.2+ #ll PyTorch

1.6+,

TR WEREA [T PyTorch AR HO &2 TE, H¥dxX—H#
AT DA B AN AR THESS

B3 BEE T — AR A, £

B0 0. AT T 29143 Miniconda.,
U 1. A7 conda IS E

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

conda activate openmmlab

R 2. $2 WU UL % PyTorch, (i
1 GPU 15 L

conda install pytorch torchvision -c pytorch

#£ CPU 15 L

conda install pytorch torchvision cpuonly -c pytorch

22 B

FATA BN PRI FA T e L BOR 205 MMSelfSup. (H2, AR R ERIN. ARIEAFEE, 5

S HE SCERER Iy

2.2.1 mIEXER

SB0% 0. i ] MIM 223 MMEngine #1 MMCV,

pip install -U openmim
mim install mmengine

mim install 'mmcv>=2.0.0rcl’

A 1. 474 MMSelfSup.
MRPE IR L, FRATI S Fpde e =

Chapter 2. Efil#2



https://docs.conda.io/en/latest/miniconda.html
https://pytorch.org/get-started/locally/
https://github.com/open-mmlab/mim
https://github.com/open-mmlab/mmengine
https://github.com/open-mmlab/mmcv
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o MR (A7) - BARTT A H Y H BT 5 80T MM SelfSup HEZLRGHTIhAE, BN, @iy
KA s . ST DARE I FRATRR B A T A

e k3 Python &, %% R ARFESR B 1 Fl MMSelfSup 1 API 5§ 5: A MMSelfSup [t .

MR B %R

FEXFPIGIL T, AIEAUIE 222 MMSelfSup:

git clone https://github.com/open-mmlab/mmselfsup.git
cd mmselfsup

git checkout 1.x

pip install -v -e .

#o"-v" RONHEM, ZES R

# "-e" RTENTHBEHALENE,

# B, SRR ARG R AR, TREHLK.

o, AR MMSelfSup U vl SRS HIEFE SR g IRE, AR dev-1.x 7330

git checkout dev-1.x

1€ Python a3k

HH pip %%

pip install 'mmselfsup>=1.0.0rc0’

2.2.2 IF&RSE

FRULE AR LR 22 T MMSelfSup, HIDASTTIA N fird-:

import mmselfsup
print (mmselfsup.__version_ )

# BB 1.0.0rc0 REFHMA



https://github.com/open-mmlab/mmselfsup/blob/main/docs/zh_cn/notes/contribution_guides.md
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223 HENRE®
FEE

SR RIE AT REA R R TR S (BRI ek E]) SRR R IR, T )
2235 MMDetection 1 MMSegmentation.,
WREARIZAT MMDetection 1 MMSegmentation FHEN i, W ICTF 24 EA].

fasa] DU DA 64 7 B 2225 MMDetection £/l MMSegmentation :

pip install 'mmdet>=3.0.0rc0O0' 'mmsegmentation>=1.0.0rc0O'

HLZPEYIE B, AR AR A MMDetection F1 MMSegmentation {92235 T ] .

CUDA &

43¢ PyTorch I, &7 2 4HE CUDA BfRA . MR R EFIIAS, iREiadm el
* X THT Ampere f) NVIDIA GPU, {11l GeForce 30 %1l NVIDIA A100, CUDA 11 J&Zf.
* XFFRIHAY NVIDIA GPU, CUDA 11 [a]J55%, {H CUDA 10.2 S ftsd s ot HE R
TR GPU JRBIAR T L iR IRAZOR . A RIFIE R, SR,

A AR EEEIE AT R e, 23 CUDA zf7HIER R T, KM ASTEA MR/ CUDA f{
e fHIE, AR B MIEAID 413 MMCYV s 7 & HAth CUDA B, WIFFE M NVIDIA (¥ 9] 3l Z2%E 52 54 1)
CUDA T HAfu, HIAN 5 PyTorch 1) CUDA JiA&AHVLHL, Bl conda install fyd-H38ER cudatoolkit iy
PN

EARERA MIM 89185 T =3k MMEngine

FMUZE ] pip A2 MIM 4235 MMEngine, 1584 MMEngine %225 57

Bitn, GEATLAGE S DA fiy %44 MMEngine :

pip install mmengine

8 Chapter 2. Eiilighie



https://github.com/open-mmlab/mmdetection
https://github.com/open-mmlab/mmsegmentation
https://github.com/open-mmlab/mmdetection/blob/main/docs/zh_cn/get_started.md
https://github.com/open-mmlab/mmsegmentation/blob/main/docs/zh_cn/get_started.md
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://github.com/open-mmlab/mmengine/blob/main/docs/zh_cn/get_started/installation.md
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HERERA MIM B985 F =& MMCV
MMCYV 4% C++ 11 CUDA " f€, [HItbA—FhAZRm 77 UK T PyTorch. MIM 2 H Sk SL IS U R I
A G (B2, XARLII.

BFH pip A Z MIM 423 MMCV, 581§ MMCV ‘2545 R . X 75 2R % PyTorch fift4s K H: CUDA it A<
F-zh$5 € find-url,

BN, PAT find2¢%E A PyTorch 1.12.0 F1 CUDA 11.6 #42#) mmev-full ,

pip install 'mmcv>=2.0.0rcl' —f https://download.openmmlab.com/mmcv/dist/cull6/torchl.
—12.0/index.html

1%\ CPUMER LRE

MMSelfSup #f VA CPU Bpbg. £ CPU AR, BT PAYIZR. Il HERrL .

FERXFPECE, — IR, W2 GPU SIEmHAE. A AL, MMSelfSup HHigJLT-FrA &L
BRAX Le A o

7 Google Colab =3t

Google Colab i 5 & %% PyTorch, [HItFAT AT LAT iy 2% MMCV Fl MMSefiSup.

2 0. i ] MIM 223 MMEngine Fl MMCV,

'pip3 install openmim
'mim install mmengine

'mim install 'mmcv>=2.0.0rcl’

LR 1. RIS 2% MMSelfSup.,

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

'git checkout 1.x

'pip install -e .

LR 2. Bk

import mmselfsup
print (mmselfsup.__version_ )
# THEE: 1.0.0rc0 HEHHA



https://mmcv.readthedocs.io/en/2.x/get_started/installation.html
https://research.google.com/
https://github.com/open-mmlab/mim
https://github.com/open-mmlab/mmengine
https://github.com/open-mmlab/mmcv
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HEfi#: A Jupyter o, JBINUS L TR AISNBAT AT SCHE, 10 $cd @— MRk 4 A H L Python (241 T4
H%.

&1t Docker {§EF MMSelfSup

TATRME T —A Dockerfile MBS . IHHARET docker it 4 >=19.03,

# £ PyTorch 1.10.0. CUDA 11.3., CUDNN 8 MjB#{%,
docker build -f ./docker/Dockerfile ——-rm -t mmselfsup:torchl1.10.0-cudall.3-cudnn8 .

TR R 43 nvidia-container-toolkit ,

BT T4

docker run --gpus all --shm-size=8g -it -v {DATA_DIR}:/workspace/mmselfsup/data._
—mmselfsup:torchl.10.0-cudall.3-cudnn8 /bin/bash

{DATA_DIR} sl & T A X Se 0 A i A Hb S 42

2.2.4 gFEHERR

MR AL ZES R PR B —Le R, 5 L P R . QPR BCA BN R %8, 5T DAE GitHub |42

KF—~ issue .,

2.3 {EHZ1 MMSelfSup lR&

IR P EA 24 mmselfsup, - HAEAEMAEN, HERERITEZQEZ A conda BilE, WA R
FCAS 8 A [l B B3

TR A BB A LA (train.py. test.py sEGEFTIILATH AR AS) -

import os.path as osp
import sys

sys.path.insert (0, osp.join(osp.dirname (osp.abspath(_ file )), '../"))

AN AR SO 283 FPaz AT LATT iy - R i o 1 224 1 P A -

export PYTHONPATH="$ (pwd) " :S$PYTHONPATH

10 Chapter 2. Eiilighie



https://ipython.readthedocs.io/en/stable/interactive/magics.html#magic-cd
https://github.com/open-mmlab/mmselfsup/blob/main/docker/Dockerfile
https://docs.docker.com/engine/install/
https://docs.nvidia.com/datacenter/cloud-native/container-toolkit/install-guide.html#docker
https://github.com/open-mmlab/mmselfsup/issues/new/choose
https://github.com/open-mmlab/mmselfsup/issues/new/choose
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MMSelfSup 22 7E python SCIFFPORBLE A RIS FERYICEL . FATHC B SO R GERY BT R & T B ERAL FI AT 4k
RGBT, ATDALE I PAA Ty SR SE A PSSR C B . FIrA I B SO configs HRTN . 4N
REHERTE RS, EATLAMEH AT fr4 python tools/misc/print_config.pys

3.1.1 EEX#H&HaRn

FATVE T AR UK iy 24 AT T B SO, A X T kA SRk R DTk i AR . T BRI, O
AR F E TR A AN algorithm info, module information, training information
fl data information. AN[FEFR/E FRIL _ RIATHZE, WETH—NEBSMNE, Pz ok
BEATAH I

FATEF AR — A LB R A — I AR

{algorithm_info}_{module_info}_{training_info}_{data_info}.py

* algorithm_info: HEIAMERM—LMEE, HIIRTES;
* module_info: BHAMIRM—LE(EE, B loss, head IR MfER:;
* training_info: YIZRMIKAMEEL, BN batch size, 27 >] AR BE G ML HE 55 SRS
* data_info: HAHRAFE, BlUnEdEdes . AR RN
FE R LAY, FATREN SO it a5 A o A T R (i A -

HEER

{algorithm}-{misc}

algorithm AL T RBIEL T A TRIRAS. Filln:
* relative-loc: FiEA HARBMI T PRk —HiE
* simclr
* mocov?2
misc filiid TR HARE
* npid-ensure-neg

* deepcluster—-sobel

12 Chapter 3. Failllgk
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BRRIER

{backbone_setting}-{neck_setting}-{head_setting}-{loss_setting}

B HOCHR AL J2 45 5 backbone f— (% B Fif:
* resnet50
« vit-base-pl6
* swin-base

AR, A LR RO FR AR B4 P b, Bl

» resnet50-sobel: TEIFUILRMITI 2 B0 N UFESS, A FRA T H ))& DeepCluster TR, FE
285 Sobel 22 )5, B H B2 ZHA

M neck_setting, head_setting #ll loss_setting XJL/EE ] .

NEIER

YIZRAE ) —LE B, f935 batch size, 2 > AT HE 7 RIS 45 o
* Batch size, HA& "N {gpu x batch_per_gpu}, il 8xb32;

ol g E, AT ELANTmX AN RIEIT B E  {pipeline aug}-{train
aug}t—{scheduler}—-{epochs}

Ul

e 8xb32-mcrop-2-6-coslr-200e : mcrop & SWAV $2 H [ pipeline H ¢4 >k multi-crop f)—# 5. 2
F1 6 #7r 2 A~ pipeline 4374 2 ASF1 6 DNERBTIE 1 B BT EC A SRS B s

e 8xb32-accumlé6-coslr-200e: accuml 6 FRNESTEFEZEM 16 MERZ JGHEH

e 8xb512-amp-coslr-300e: amp TR HIREGREIN S,

HIEER

B F B S BdRE, MAKNE. Bin:
* inlk: ImageNet 1k ¥(#iu4E, BERIAGEM M A KGR/ 224x224
e inlk-384px: FiRk A EMEK/NE 384x384
« cifarl0
e inatl8: iNaturalist2018 $(¥E4E, W& 8142

* places205

31, HIE1: TRRECEX M 13




MMSelfSup, %% 1.0.0

EEX & &R6

X7, FATE AR ARG 5 R U B S i 44 AL :

swav_resnet50_8xb32-mcrop-2-6-coslr-200e_1inlk-224-96.py

e swav: Z¥E EE
e resnet50: BEHE E

* 8xb32-mcrop-2-6-coslr-200e: Y455

8xb32: HAfifi] 8 Ik GPU, 433k GPU |1 batch size /& 32

mcrop-2-6: {#1 ] multi-crop g a5E vk

coslr: fli I A% > R ELG

200e: YIZEALIAL 200 4~ 3]

e inlk-224-96: BIE(E S, F ImageNetlk Fude FlZ:, A K/NZ 224x224 F1 96x96

3.1.2 BEEX &K

1E configs/_base_ I, f7 4 FpE BRI ELRRZH (3014, B:
¢ models
« datasets
* schedules

e runtime

PP A P R SO T R e B PR OC 3R, U rain/val/test 083, DEALAS . VRATPAIE S 2K — L2t
BERHTC B SR FEHA AR B CRICE . | _base_ "FIA MY RCE YRR A FUGECE (primitive). 24T
Sy TR, FATE MoCo v2 #E—AB1 7, IATER AU TR #AR THEZ T, 5% APL X
(=R

Bl B 4 configs/selfsup/mocov2/mocov2_resnet50_8xb32-coslr-200e_inlk.py A FAfA:

_base_ = [
'../_base_/models/mocov2.py', # FEA
'../_base_/datasets/imagenet_mocov2.py', # HiE
'../_base_/schedules/sgd_coslr-200e_inlk.py', # W&EE
'../_base_/default_runtime.py', # BATHRE

# BATHAT RAWIZ/THEE, ANBEKY  CheckpointHook' .
# max_keep_ckpts ¥ #H|E work_dirs WELZEHFL VA checkpoint X

(QEA)

14 Chapter 3. Failllgk
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(£ 50

# Bl & 3, °CheckpointHook'' ¥4 R{RFHKAM 3 /4 checkpoint XfF

# WRAE work_dirs ¥ERAT 3 MXH, #2AHMERERAZGAN checkpoint
# , MWR#F checkpoint XPFHIHEHBLNA 3

default_hooks = dict (checkpoint=dict (max_keep_ckpts=3))

../_base_/models/mocov2.py & MoCo v2 f{ R & .

# type='MoCo' FeREMME MoCo EANFEk. FAWERFELI AWML
# backbone, neck, head #1 loss. "queue_len', 'feat_dim' and 'momentum' 2 54
# JL/ MoCo EEMSH.
model = dict (
type="'MoCo',
queue_len=65536,
feat_dim=128,
momentum=0.999,
data_preprocessor=dict (
mean=(123.675, 116.28, 103.53),
std=(58.395, 57.12, 57.375),
bgr_to_rgb=True),
backbone=dict (
type='ResNet',
depth=50,
in_channels=3,
out_indices=[4], # 0: conv-1, x: stage-x
norm_cfg=dict (type='BN"')),
neck=dict (
type="'MoCoV2Neck',
in_channels=2048,
hid_channels=2048,
out_channels=128,
with_avg_pool=True),
head=dict (
type='ContrastiveHead',
loss=dict (type='mmcls.CrossEntropyLoss'),

temperature=0.2))

../_base_/datasets/imagenet_mocov2.py 5= MoCo v2 I EEFHRER S . EHEHH T 5 dataset
dataloader #f 3915 K .

# dataset B HEH
# BAMER MMClassification WEEHLH °  ImageNet'' dataset ¥iEE, Pl
# XEH—/ mmels’ .

dataset_type = 'mmcls.ImageNet'

data_root = 'data/imagenet/'

Qi3]

31, HIE1: TRRECEX M 15




MMSelfSup, %45 1.0.0

# mocov2 1 mocovl WEEZFAETHEHRENTR
view_pipeline = [
dict (
type="'RandomResizedCrop', size=224, scale=(0.2, 1.), backend='pillow'"),
dict (
type='RandomApply"',
transforms=[
dict (
type='ColorJitter',
brightness=0.4,
contrast=0.4,
saturation=0.4,
hue=0.1)
1s
prob=0.8),
dict (
type='RandomGrayscale',
prob=0.2,
keep_channels=True,
channel_weights=(0.114, 0.587, 0.2989)),
dict (type='RandomGaussianBlur', sigma_min=0.1, sigma_max=2.0, prob=0.5),

dict (type='RandomFlip', prob=0.5),

train_pipeline = [
dict (type='LoadImageFromFile'"),
dict (type='MultiView', num_views=2, transforms=[view_pipeline]),

dict (type='PackSelfSupInputs', meta_keys=["'img_path'])

train_dataloader = dict (

batch_size=32,

num_workers=8,

drop_last=True,

persistent_workers=True,

sampler=dict (type='DefaultSampler', shuffle=True),

collate_fn=dict (type='default_collate'),

dataset=dict (
type=dataset_type,
data_root=data_root,
ann_file="'meta/train.txt',
data_prefix=dict (img_path='train/"),

pipeline=train_pipeline))

16 Chapter 3. Failllgk



MMSelfSup, %% 1.0.0

../_base_/schedules/sgd_coslr-200e_inlk.py & MoCo v2 {7 3L nliE E B .

# A
optimizer = dict (type='SGD', 1lr=0.03, weight_decay=1le-4, momentum=0.9)

optim_wrapper = dict (type='OptimWrapper', optimizer=optimizer)

EEES I T
# ) cosine learning rate decay
param_scheduler = [

dict (type='CosineAnnealingLR', T_max=200, by_epoch=True, begin=0, end=200)

# BHRE
train_cfg = dict (type='EpochBasedTrainLoop', max_epochs=200)

../_base_/default_runtime.py iz {THIFEIARLE . 21 THI B B & — 2yl g rh TR 2L F i 3
Al &, 4N default_hooks 1 log_processor

default_scope = 'mmselfsup'

default_hooks = dict (
runtime_info=dict (type="'RuntimeInfoHook"'),
optimizer=dict (type='OptimizerHook', grad_clip=None),
timer=dict (type='IterTimerHook"'),
logger=dict (type="'LoggerHook', interval=50),
param_scheduler=dict (type='ParamSchedulerHook'"),
checkpoint=dict (type='CheckpointHook', interval=10),
sampler_seed=dict (type='DistSamplerSeedHook"),

env_cfg = dict(
cudnn_benchmark=False,
mp_cfg=dict (mp_start_method='fork', opencv_num_threads=0),

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

log_processor = dict(

interval=50,

custom_keys=[dict (data_src='"', method='mean', windows_size="'global')])
vis_backends = [dict (type='LocalVisBackend')]
visualizer = dict (

type='SelfSupVisualizer',
vis_backends=vis_backends,

name='visualizer'")

31, HIE1: TRRECEX M 17



MMSelfSup, %% 1.0.0

(£ 50

log_level = '"INFO'
load_from = None

resume = False

3.1.3 dhm ey B E ¥

N oy TR, FANHERETTE NI 7 IR

XTI =S TR BT A O, FAT IR U AR (primitive) FICEL. JHCAb AT A TC Y. 24 IR
(primitive) FCEAER . XAERRIARIZUCH 3.

Bl 4n, a0 R AR R BCCE S 2 BT MoCo v2 it — BB, EEAR W DA AL iR 2 _base_ ='./
mocov2_resnet50_8xb32-coslr-200e_inlk.py.py' (FAXTTARIGE B SCHMIBEE) AR FEARM
MoCo v2 Z5#y, HETERCE A Btk — 2B S8 e, 12— BAn sl 1, FRATAEME
H configs/selfsup/mocov2/mocov2_resnet50_8xb32-coslr-200e_inlk.py.py TJL AR
B, (HI2RF IR IR 200 220 800, & Rkar ~) A i i HLAL R S e A, AR W] DA — A
#°F configs/selfsup/mocov2/mocov2_resnet50_8xb32-coslr-800e_inlk.py.py HIFHECE S
fF, WAEWT:

_base_ = './mocov2_resnet50_8xb32-coslr-200e_inlk.py'

EEESET
param_scheduler = [

dict (type='CosineAnnealingLR', T_max=800, by_epoch=True, begin=0, end=800)

train_cfg = dict (type='EpochBasedTrainLoop', max_epochs=800)

EREEPHPEIETE

TERCEL SO ] — L8 [ A i (P B SO S Bl A 2 T8l

Bl dataset_type, train_pipeline, @¥dlFHyHEA R FAVLE LENFHRFENEDE data.

* BEERE
# BAVEFKET MMClassification WH] ' ImageNet' ', FiLA—A " "mmcls’' " a4t
dataset_type = 'mmcls.ImageNet'

data_root = 'data/imagenet/'

# mocov2 f1 mocovl WIAFEEEFKE T HEH%E

(Foakss)
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MMSelfSup, %% 1.0.0

view_pipeline = [
dict (type='RandomResizedCrop', size=224, scale=(0.2, 1.)),
dict (
type='RandomApply"',
transforms=|
dict (
type="'ColorJitter',
brightness=0.4,
contrast=0.4,
saturation=0.4,
hue=0.1)
1s
prob=0.8),
dict (type='RandomGrayscale', prob=0.2, keep_channels=True),
dict (type='RandomGaussianBlur', sigma_min=0.1, sigma_max=2.0, prob=0.5),

dict (type='RandomFlip', prob=0.5),

train_pipeline = [
dict (type="'LoadImageFromFile'),
dict (type='MultiView', num_views=2, transforms=[view_pipeline]),

dict (type='PackSelfSupInputs', meta_keys=['img_path'])

train_dataloader = dict (

batch_size=32,

num_workers=38,

drop_last=True,

persistent_workers=True,

sampler=dict (type='DefaultSampler', shuffle=True),

collate_fn=dict (type='default_collate'),

dataset=dict (
type=dataset_type,
data_root=data_root,
ann_file="meta/train.txt"',
data_prefix=dict (img_path="train/"'),

pipeline=train_pipeline))
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MMSelfSup, %% 1.0.0

ZEEEMEEPHFER

B, RFRERE _delete_=True RZABSHEMNEL E S h— LB A N2 . AT PAS % mmengine $R75 5
ZUH]. FNRR— T WEARARAETE SimCLR fifi [ i MoCov2Neck, {UX 4K I BB UM get
unexcepected keyword 'num_layers' fi%, K NFE model.neck i E E A, FHAlfIE num_layers
FEGIRIFIRT, WHERM _delete_=True HZME model . neck TEHEANMACE S IA X F BN

2

75

_base_ = 'simclr_resnet50_8xb32-coslr-200e_inlk.py'

model = dict (
neck=dict (
_delete_=True,
type="'MoCoV2Neck',
in_channels=2048,
hid_channels=2048,
out_channels=128,

with_avg_pool=True))

EREMEEPHFER

A B, URATBESIH _base_ FLEH—S0 B, AR E L E L. RAT AZS % mmengine JRIE £
BUE R, R E — R BRSO num_classes W, 5% configs/selfsup/odc/
odc_resnet50_8xb64-steplr-440e_inlk.py

_base_ = |
'../_base_/models/odc.py"',
'../_base_/datasets/imagenet_odc.py"',
'../_base_/schedules/sgd_steplr-200e_inlk.py"',
'../_base_/default_runtime.py',

# model settings
model = dict (
head=dict (num_classes={{_base_.num_classes}}),

memory_bank=dict (num_classes={{_base_.num_classes}}),
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https://github.com/open-mmlab/mmengine/blob/main/docs/zh_cn/tutorials/config.md
https://github.com/open-mmlab/mmengine/blob/main/docs/zh_cn/tutorials/config.md

MMSelfSup, %% 1.0.0

3.1.4 EEHASREYEE

24 F P8 A “tools/train.py” BY “tools/test.py” FEAZAE S5, s HA T HES, Al DAEI 45 ——cfg-options
SRR H S U B S N2

o TR LA P R C EAY B

i 65 0T T DA o S0 S AR T b B 2 R Y 5 5E .« BB, ——cfg-options model.backbone.
norm_eval=False HZ5fiH! backbones H ¥ A BN i train fz,

o BRI PG E R B
PRATC B T Y — U e th 91 R 4. 9140, IlZk pipeline data.train.pipeline & —
AFF, I [dict (type='LoadImageFromFile'), dict (type='TopDownRandomFlip',
flip_prob=0.5), ...]1. R RAEEAE pipeline 1 ' £1ip_prob=0.5" {E¥N 'flip_prob=0.
0', BAPAFEE ——cfg-options data.train.pipeline.l1.flip_prob=0.0.

o TP list/tuples A AG{HE
AR BEE WAL — N R E TH, B, —EE SO P {5 param_scheduler

= "[dict (type='CosineAnnealingLR', T_max=200,by_epoch=True,begin=0,
end=200) 1", WIRARAHZ XA, fRA[PAfEE --cfg-options param_scheduler =
"[dict (type='LinearLR', start_factor=le-4, by_epoch=True,begin=0,end=40,
convert_to_iter_based=True)]". {1, " RWUEN, H HAEREEMEHE, E5]5 AR
7? =2

ZEHTFAT

3.1.5 SARPE LR

TEff: XAR N AWIEE W ARG, ARG H A MM-codebase Inf £ J 3, B AN 1] mmcls 152 55 =75 A2k
PR TR

XEBAF AR E AT ARk, RAE(E Al MM-codebase Bif < HI %, 1 4n{s Fl mmcls 75455 =7 PR AG H AR
TR i AT, AR AT MM-codebase 1E M55 =5 2, HFRZEAAAIREH SN RIS, FETERS
S A B S, /RATPAZ#% OpenMMLab Algorithm Competition Project 51 ({5 1.

FEAR B O R EEESCF A s Bk i A

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

allow_failed_imports=False)
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https://github.com/zhangrui-wolf/openmmlab-competition-2021

MMSelfSup, %% 1.0.0

3.2 HiE 2: AFBRER
MMSelfSup 37 725N AR o 15 AR LR B3t 1 4 i vl ORI B S AR B SR 3% %) SMMSELFSUP /
data. QUAERHYSCIFREHIANIR] , AT REFE 25 oA Me B SO A Y B8 A
o A2 2 REHER

— /&% ImageNet 3% &

— % Places205 #4% %&

— /% iNatralist2018 #3E &

— /% PASCAL VOC #.4% &

- /£% CIFARIO 335 %

- BEEM A B 55 R

* A

* /,;,\:;t;'lj

mmselfsup

F— mmselfsup

— tools

— configs

F— docs

F—— data

— imagenet
F— meta
F—— train

val

T

places205

<
@
[

TTT
a3
50
o ot
oo
=}

a3
5 O
o
P
=]

<
Q
=

<
O
Q
Q.
0}
<
~
-
o+

T

vOC2007

cifar

o
5
»
o
c
=
©
F
=
»
et
N
o
-
©

T

cifar-10-batches-py
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MMSelfSup, %% 1.0.0

3.2.1 % ImageNet #iE&%E

AT TmageNet, EHZ DA, HiRHE R ILSVRC 2012, W] DA AT A HG3 -
L WA I8 SR T A
2. & F| ILSVRC2012 [ F#isH:, NEDA NI
« ILSVRC2012_img_train.tar (~138GB)
« ILSVRC2012_img_val.tar (~6.3GB)
3. MBS
4. fFEFEA A T HEOCERE

3.2.2 #£% Places205 ¥iEtE

% Places205, aEi:
LOVEHK IR R AU
2. T4 Places205 i A H oA RN SRR T ity 9 A 910
3. MR F AR

3.2.3 & iNaturalist2018 g%

%IF iNaturalist2018 , #5555
Lo AR 2T T R AN AR R Kb
2. f R #A SO

3. A tools/data_converters/convert_inaturalist.py BRI json FRyFssg U h
G Feps

3.2.4 #%& PASCAL VOC #iEE

B3¢ 145300 95 4 BB SE 77 45 SYOUR_DATA_ROOT i, FTHI Y i 44 1 144 PASCAL VOC 2007 F # %
$SYOUR_DATA_ROOT W1, MEATIFFTFRISCH:, {F SMMSELFSUP REIE— A3k data, FHIME— ikt
vVoCdevkit,

bash tools/dataset_converters/prepare_voc07_cls.sh SYOUR_DATA_ROOT
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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
http://places.csail.mit.edu/downloadData.html
https://github.com/visipedia/inat_comp/tree/master/2018

MMSelfSup, %% 1.0.0

3.2.5 #%& CIFAR10 #{iE5E

MMSelfSup ffifl i MMClassification SEHIHYCIFARLIO, AP, MMClassification i HEI F#
CIFARLO $iffidk, HTHEAE data_root FEIHFEE FECSCHEICRIAT . I Hill i 5 test_mode=False/
test_mode=True KM IZEcR 4 MBI . X THELZHMY, WHS% MMClassification YL
=P

3.2.6 E&EWRNF05HEBIER
il

0] DA% mmdetection R ifE£: COCO, VOC2007 Fi1 VOC2012 AR LE .

&l

5] PAZ2% mmsegmentation 4G VOC2012AUG Fi Cityscapes 43 EIER4E .

3.3 i 3: EAINB/ERAITIHIS

o WAL 3 AR R IR AR TR 45
1% A E-F 24
1& B CPU | %%
128 % ol
AR % BN 4
- E—&WMELRHENMMES
A SO HRALEA AT i2 4T85 DA B el i FE MMSelfSup 1) —26 T B 3 A vk . A 56256 Ut B RIS e
£, %05 install.md F/I prepare_data.md,
## IR ISR
W FE SO BRI 2SS SRR SRR e 02 ) GPU (GPU & CL e FL & SCAA AR R ) o W
AR GPUs, G batchsize R4 HLBIANL, @44 new_1r = old_lr * new_ngpus /
old_ngpus FHiL2E>T .
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https://github.com/open-mmlab/mmclassification/blob/1.x/mmcls/datasets/cifar.py
https://github.com/open-mmlab/mmclassification/blob/1.x/docs/en/user_guides/dataset_prepare.md#cifar
https://github.com/open-mmlab/mmclassification/blob/1.x/docs/en/user_guides/dataset_prepare.md#cifar
https://github.com/open-mmlab/mmdetection/blob/main/docs/en/1_exist_data_model.md
https://github.com/open-mmlab/mmsegmentation/blob/main/docs/en/user_guides/2_dataset_prepare.md#prepare-datasets

MMSelfSup, %% 1.0.0

3.3.1 fE BRI

python tools/train.py CONFIG_FILE/} [optional arguments]

— AN EE BT RIS I 2 -

python tools/train.py configs/selfsup/mae/mae_vit-base-pl6_8xb512-coslr-400e_inlk.py

3.3.2 {&H CPU i)k

export CUDA_VISIBLE_DEVICES=-1

python tools/train.py CONFIG_FILE/} [optional arguments]

W FATAEBUR P CPU BEATIISR, BPUNERE T« JANTCFXA AR, 20 707 i PHESch GPU
fpLas EREF TR

3.3.3 ERAZ R

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

» ——work-dir: FE/RERHE XL TAEH RAREE checkpoints I H 7.

e ——resume: HIMEWRMK LIEHF P & & #H 0 checkpoints, 1f F % B —-resume
${CHECKPOINT_PATH} FMN#EErE R checkpoints {4,

« ——amp: HM AR AREEUIZ.

e ——cfg-options: ¥ ¥ --cfg-options Xf1& M i 4f Bd &. Bl 40, & E --cfg-options
randomness . seed=0 ¥ HEN B EFT.

1] 8 4~ GPUs JHA IR 7 1 -

sh tools/dist_train.sh configs/selfsup/mae/mae_vit-base-pl6_8xb512-coslr-400e_inlk.py.
8

B, SRR slurm PR EERE Fiz T MMSelfSup:

GPUS_PER_NODE=5{GPUS_PER_NOD SRUN_ARGS=5{SRUN_ARGS } sh tools/slurm_

—train.sh PARTITION G_FILE [optional arguments]

1] 8 4~ GPUs JHA IR 7~ 11 -
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https://slurm.schedmd.com/

MMSelfSup, %% 1.0.0

# ZRIN&E : GPUS_PER NODE=8 GPUS=8
sh tools/slurm_train.sh Dummy Test_job configs/selfsup/mae/mae_vit-base-pl6_8xb512-
—~coslr-400e_inlk.py

3.3.4 fEHRASaHI%

AR ARG ol AR R R Y 2 G 0L, BT ABE I AT iy

e .
A —E s b
NNODES=2 NODE_RANK=0 PORT=S${MASTER_PORT MASTER_ADDR=S{MASTER_ADDR sh tools/dist_
—~train.sh CONFIG GPUS

st — .
e B L
NNODES=2 NODE_RANK=1 PORT=S${MASTER_PORT MASTER_ADDR=S{MASTER_ADDR sh tools/dist_
—~train.sh CONFIG GPUS

EZ, ARG o B P B B T LA HLAR3h, IR AR 12

ARG A2 slarm SREH L EHLEE, S0 FE R SIS LR R BT, (H2 Bt
WEAGENSEA RS, BRRPAZ2% slurm_train.sh,

335 E—RANS LBIHZIMES

WRARE— G LS ERsiZ M5, B, f£—5F 8 A GPU IbLar LiEzh 2 A~ I 4 Bk GPU 1)l 45
155, IRFENFMESIRERFMIG T (BRIAK 29500) DAEEGIEfFEHZE.

MHEARFH dist_train.sh REshHIZAES .

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

—work-dir tmp_work_dir_1

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

—work-dir tmp_work_dir_2

WERAR A slurm JFBNNGATSS, AR B 73 15 B[R] 3815 g 11
Jitki1:

IE configl.py Hi:

env_cfg = dict (dist_cfg=dict (backend="nccl', port=29500))

JE config2.py H:
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https://github.com/open-mmlab/mmselfsup/blob/main/tools/slurm_train.sh

MMSelfSup, %% 1.0.0

env_cfg = dict (dist_cfg=dict (backend="nccl', port=29501))

IRIGVRAT A configl.py H config2.py JH BT 55

CUDA_VISIBLE DEVICES=0,1,2,3 GPUS=4 sh tools/slurm_train.sh ${PARTITION} 5{JOB_NAME }_

—configl.py [optional arguments]

CUDA_VISIBLE DEVICES=4,5,6,7 GPUS=4 sh tools/slurm_train.sh ${PARTITION} 5{JOB_NAME }_

—config2.py [optional arguments]

Jitk2:

ARAT DA AN R A5 S 1, TS 7R S OO B S0, (B S ——cfg-options M 78wt & SO iR
NN

CUDA_VISIBLE_DEVICES=0,1,2,3 GPUS=4 sh tools/slurm_train.sh S${PARTITION} ${JOB_NAME }_
—configl.py —--work-dir tmp_work_dir_1 --cfg-options env_cfg.dist_cfg.port=29500

CUDA_VISIBLE_DEVICES=4,5,6,7 GPUS=4 sh tools/slurm_train.sh S${PARTITION} ${JOB_NAME }._
—config2.py —--work-dir tmp_work_dir_2 --cfg-options env_cfg.dist_cfg.port=29501

3.4 iz 4 R BEELHIESRHEITHIIS

o PAZ 4 AR B R SRR R RATTO 4

- 8 LA R B MAE ik BT TR 45
R RIUA R SUAE A
* OB ik AF—ANB E AR A AR
* = SRR R AR E

- f& COCO #:3F & t1% Bl MAE H %347 TR 44

- fE B SUHIEE B4R R SimCLR Fik AT TRV %4

— 1% F) MMSelfSup 3404 TR 4R AR S Ao il 81

AZRE S, TALFA LA B E XEdRE Oofinih) d547 A KB .
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MMSelfSup, %% 1.0.0

3.4.1 HFHENHIER LER MAE BE#THIZK

& MMSelfSup #, FeAi132 5 1 7 B #2298 ] MMClassification ) CustomDataset(ZEMT torchvision HJ
ImageFolder), iZ¥EERE B AR T B . R HFEMESIREIRERSE, HE0ECE
4, BRI A MMSelfSup #4711 25 o

$—8: FRBAELHIBEE

RN B FIER,: data/custom_dataset/

B ERE—NEENHEHRR

TEARBFET, FAMEH configs/selfsup/mae/mae_vit-base-pl6_8xb512-coslr-400e_inlk.
py FEHA — Ao O 347 oF . AT B R d X A R SC R, R R & W S Ay &R

mae_vit-base-pl6_8xb512-coslr-400e_S${custom_dataset}.py.

e custom_dataset: FIAVRARIR N EHELE . Hlan, B inlk /435 ImageNet g4, coco L3 COCO
B .

XARCE SN AT :

_base_ = |
'../_base_/models/mae_vit-base-pl6.py’,
'../_base_/datasets/imagenet_mae.py"',
'../_base_/schedules/adamw_coslr-200e_inlk.py"',
'../_base_/default_runtime.py',

# dataset 8 x 512

train_dataloader = dict (batch_size=512, num_workers=8)

# optimizer wrapper
optimizer = dict(
type="'AdamW', lr=1.5e-4 * 4096 / 256, betas=(0.9, 0.95), weight_decay=0.05)
optim_wrapper = dict (
type='OptimWrapper',
optimizer=optimizer,
paramwise_cfg=dict (
custom_keys={
'In': dict (decay_mult=0.0),
'bias': dict (decay_mult=0.0),
'pos_embed': dict (decay_mult=0.),
'mask_token': dict (decay_mult=0.),
'cls_token': dict (decay_mult=0.)

(T IUakZE)
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MMSelfSup, %% 1.0.0

(£ 50

1)

# learning rate scheduler
param_scheduler = [
dict (
type='LinearLR',
start_factor=1le-4,
by_epoch=True,
begin=0,
end=40,
convert_to_iter_based=True),
dict (
type='CosineAnnealingLR"',
T_max=360,
by_epoch=True,
begin=40,
end=400,

convert_to_iter_based=True)

# runtime settings
# pre-train for 400 epochs
train_cfg = dict (max_epochs=400)
default_hooks = dict (
logger=dict (type="'LoggerHook', interval=100),
# only keeps the latest 3 checkpoints
checkpoint=dict (type="'CheckpointHook', interval=1, max_keep_ckpts=3))

# randomness

randomness = dict (seed=0, diff_rank_seed=True)

resume = True

FB=E: EUBIERAXHEER

BHREM X B E R EXTE _base_'../_base_/datasets/imagenet_mae.py' XHW. FATHEE
Yo H YA B WA s Er B B B SO mae_vit-base-pl6_8xb512-coslr-400e_S${custom_dataset}.
py H.

o BRI _base_ By '../_base_/datasets/imagenet_mae.py'.

e & Pk dataset_type = 'mmcls.CustomDataset' Ml data_root = /dataset/

my_custom_dataset.

* M Fx train_dataloader W ann_file , [AWFHR¥EH O M % FRAE 0L E 2

o
i

AW E
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MMSelfSup, %45 1.0.0

data_prefix,

{Ef#: CustomDataset J&¥fF MMClassification SZFLIY, i FATH H XA = dataset_type=mmecls.
CustomDataset Fffi X2,

B, SRR SRR

# >>>>>>5>>>>>>>>>>>>>> Start of Changed >>>>>>>>>>3>>>33>>>5>>>>>>>
_base_ = [
'../_base_/models/mae_vit-base-pl6.py',
# '../ _base_/datasets/imagenet_mae.py',
'../_base_/schedules/adamw_coslr-200e_inlk.py"',
'../_base_/default_runtime.py',

# custom dataset

dataset_type = 'mmcls.CustomDataset'

data_root = 'data/custom_dataset/'
train_pipeline = [
dict (type="'LoadImageFromFile'),
dict (
type='RandomResizedCrop',
size=224,
scale=(0.2, 1.0),
backend="pillow',
interpolation='bicubic'),
dict (type='RandomFlip', prob=0.5),
dict (type='PackSelfSupIlnputs', meta_keys=['img_path'])

# dataset 8 x 512
train_dataloader = dict (
batch_size=512,
num_workers=8,
persistent_workers=True,
sampler=dict (type='DefaultSampler', shuffle=True),
collate_fn=dict (type='default_collate'),
dataset=dict (
type=dataset_type,
data_root=data_root,
# ann_file="meta/train.txt', # removed if you don't have the annotation file

data_prefix=dict (img_path="./"),

@3
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MMSelfSup, %% 1.0.0

pipeline=train_pipeline))

# <K<K End of Changed <<<<<LKLLLLCLCLCLCLCLCLCLCLCLCLLCLCLCLCILCLCS

# optimizer wrapper
optimizer = dict(
type="'AdamW', lr=1.5e-4 * 4096 / 256, betas=(0.9, 0.95), weight_decay=0.05)
optim_wrapper = dict (
type='OptimWrapper',
optimizer=optimizer,
paramwise_cfg=dict (
custom_keys={
'In': dict (decay_mult=0.0),
'bias': dict (decay_mult=0.0),
'pos_embed': dict (decay_mult=0.),
'mask_token': dict (decay_mult=0.),
'cls_token': dict (decay_mult=0.)
)

# learning rate scheduler
param_scheduler = [
dict (
type='LinearlLR',
start_factor=le-4,
by_epoch=True,
begin=0,
end=40,
convert_to_iter_based=True),
dict (
type='CosineAnnealingLR"',
T_max=360,
by_epoch=True,
begin=40,
end=400,

convert_to_iter_based=True)

# runtime settings

# pre-train for 400 epochs

train_cfg = dict (max_epochs=400)

default_hooks = dict (
logger=dict (type="'LoggerHook', interval=100),
# only keeps the latest 3 checkpoints

(Rt
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MMSelfSup, %45 1.0.0

(£ 50

checkpoint=dict (type="'CheckpointHook', interval=1l, max_keep_ckpts=3))

# randomness
randomness = dict (seed=0, diff_rank_seed=True)

resume = True

B _FIRRCE SO, AR BB ER AR TE B 52 SCEIRAR B0 MAE SEsRIEFT BN SR T

3.4.2 7£ COCO #iEL &M MAE RE# TSR

WA VRA]REEEE S Y483 MMDetection /i il mmdet . CocoDataset,

S E i SRR A TEIN R0, AT AR A T A COCO Bt A HlIZ 07 .
PSRRI 3R F

# >>>>>55>5>55>>>>>>>>>> Start of Changed >>>>>>>5>>>5>555>5>555>5>>>>
_base_ = [
'../_base_/models/mae_vit-base-pl6.py"',
# '../_base_/datasets/imagenet_mae.py',
'../_base_/schedules/adamw_coslr-200e_inlk.py"',
'../_base_/default_runtime.py',

# custom dataset
dataset_type = 'mmdet.CocoDataset'

data_root = 'data/coco/'

train_pipeline = [
dict (type="'LoadImageFromFile'"),
dict (
type='RandomResizedCrop',
size=224,
scale=(0.2, 1.0),
backend="'pillow',
interpolation='bicubic'),
dict (type='RandomFlip', prob=0.5),
dict (type='PackSelfSupInputs', meta_keys=['img_path'])

train_dataloader = dict (

batch_size=128,

(FoUAkRZE)
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https://github.com/open-mmlab/mmdetection/blob/main/docs/en/get_started.md

MMSelfSup, %% 1.0.0

(£ 50

num_workers=8,
persistent_workers=True,
sampler=dict (type='DefaultSampler', shuffle=True),
collate_fn=dict (type='default_collate'),
dataset=dict (
type=dataset_type,
data_root=data_root,
ann_file='annotations/instances_train2017.json"',
data_prefix=dict (img='train2017/"'),

pipeline=train_pipeline))

# <K<K End of Changed <<<<<K<K<KLKLKLLLKLLLLLLLLLKLLLLS

# optimizer wrapper

dict (

optimizer

type='AdamW', lr=1.5e-4 * 4096 / 256, betas=(0.9, 0.95),

dict (

optim_wrapper =
type="'OptimWrapper',
optimizer=optimizer,
paramwise_cfg=dict (
custom_keys={

'In': dict (decay_mult=0.0),
'bias': dict (decay_mult=0.0),
'pos_embed': dict (decay_mult=0.),
'mask_token': dict (decay_mult=0.),
'cls_token': dict (decay_mult=0.)

1))

# learning rate scheduler
param_scheduler = [
dict (
type='LinearLR"',
start_factor=le-4,
by_epoch=True,
begin=0,
end=40,
convert_to_iter_based=True),
dict (
type='CosineAnnealingLR"',
T_max=360,
by_epoch=True,
begin=40,
end=400,

weight_decay=0.05)

(Rt
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(£ 50

convert_to_iter_based=True)

# runtime settings
# pre-train for 400 epochs
train_cfg = dict (max_epochs=400)
default_hooks = dict (
logger=dict (type="'LoggerHook', interval=100),
# only keeps the latest 3 checkpoints
checkpoint=dict (type="'CheckpointHook', interval=1, max_keep_ckpts=3))

# randomness
randomness = dict (seed=0, diff_rank_seed=True)

resume = True

3.4.3 EBENLHIERLMEM SimCLR BE#ITHLIS
FA R T— A~ SImCLR 75 (7 S8 BT BN SO0, L8 A i SO I
5/} MAE 53004 T 3015 2 S0 -

AT iR 2 configs/selfsup/simeclr/simclr_resnet50_8xb32-coslr-200e_inlk.py,
PRAT AR B O A 75 B ECE SO e BB Al i SO R, HAB SR A

# >>5>>>555555>>>5555>> Start of Changed >>>>>>>>>>>335555>>335>>>
_base_ = [
'../_base_/models/simclr.py',
# '../_base_/datasets/imagenet_simclr.py’,
'../_base_/schedules/lars_coslr-200e_inlk.py"',
'../_base_/default_runtime.py"',

# custom dataset
dataset_type = 'mmcls.CustomDataset'

data_root = 'data/custom_dataset/'

view_pipeline = [
dict (type='RandomResizedCrop', size=224, backend='pillow'),
dict (type='RandomFlip', prob=0.5),
dict (
type='RandomApply"',
transforms=|
dict (
type='ColorJitter',

Q¥iEi3)
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brightness=0.8,
contrast=0.8,
saturation=0.8,
hue=0.2)
1,
prob=0.8),
dict (
type='RandomGrayscale',
prob=0.2,
keep_channels=True,
channel_weights=(0.114, 0.587, 0.2989)),

dict (type='RandomGaussianBlur', sigma_min=0.1, sigma_max=2.0, prob=0.5),

train_pipeline = [
dict (type='LoadImageFromFile'),
dict (type='MultiView', num_views=2, transforms=[view_pipeline]),

dict (type='PackSelfSupInputs', meta_keys=["'img_path'])

train_dataloader = dict (

batch_size=32,

num_workers=4,

persistent_workers=True,

sampler=dict (type='DefaultSampler', shuffle=True),

collate_fn=dict (type='default_collate'),

dataset=dict (
type=dataset_type,
data_root=data_root,
# ann_file="meta/train.txt’',
data_prefix=dict (img_path="./"),
pipeline=train_pipeline))

# << End of Changed <<<<<K<<LLLLLLCLCLLLLLLLILILCLCLCLCC

# optimizer
optimizer = dict (type='LARS', 1lr=0.3, momentum=0.9, weight_decay=1le-6)
optim_wrapper = dict (
type='OptimWrapper',
optimizer=optimizer,
paramwise_cfg=dict (
custom_keys=1{

'bn': dict (decay_mult=0, lars_exclude=True),

(Rt
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'bias': dict (decay_mult=0, lars_exclude=True),
# bn layer in ResNet block downsample module

'downsample.l': dict (decay_mult=0, lars_exclude=True),

)

# runtime settings
default_hooks = dict (
# only keeps the latest 3 checkpoints
checkpoint=dict (type='CheckpointHook', interval=10, max_keep_ckpts=3))

3.4.4 {ER MMSelfSup $R4409 TR 2R Y S hnE I 5

FERAARR A, FATATVAGE ] MMSelfSup 28 SR LR ISR AN TR H 5 SRR 4e Ll gRad i o ARmT A
B X LB . BARRE, ARR TR B S, RO A R
() URL g8, HAERBHINGRINR, HEe X MER A il g

bash tools/dist_train.sh CONFIG GCPUS} ——-cfg-options model.pretrained=5{PRETRAIN

 CONFIG: & ny il & S
* GPUS: {#i fH) GPU %k
o PRETRAIN: MMSelfSup £ (L Fiil| 2452 3441 URL
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https://mmselfsup.readthedocs.io/en/1.x/model_zoo.html

cHAPTER 4

TFES

- VOC SVM / Low-shot SVM

— B AR

ImageNet F V5 &5 %
ImageNet 37 i1 4R 5 %
16 MMSelfSup 1, FATH I FAEFARME TP 2 HL, FIBA] DITEAR R 43 AT 55 EabAT oAl XA
0 R B 0 T ) MMSelfSup. S5 77 5 1040 36 428 148 cools/benchmarks,

classification/3CPFJeH ML T IARIMAS, ®5 2 4. sh 3XfF, —A3XFRAIT 5 VOC SVM #
W FALS5, 53— SR T ImageNet st 47 FAT55 -

4.1.1 VOC SVM / Low-shot SVM

N T iBATIR R, B e RO A L) VOC Bdlidk . 1§ 2% prepare_data.md AR HE KPR (5
El

JEh O

N T P LR G, BRI LAB AT I T 54

# distributed version

bash tools/benchmarks/classification/svm_voc07/dist_test_svm_pretrain.sh S${SELFSUP_

CONFIG} ${GPUS} ${PRETRAIN} ${FEATURE_LIST} CRITaRED)
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# slurm version
bash tools/benchmarks/classification/svm_voc07/slurm_test_svm_pretrain.sh PARTITION

— JOB_NAME SELFSUP_CONFIG PRETRAIN FEATURE_LIST

BEAh, AR EARPEAG i runner fRAFHY ckpt SCPF, EERTLABFTHIT 454

# distributed version
bash tools/benchmarks/classification/svm_voc07/dist_test_svm_epoch.sh SELFSUP_

—~CONFIG EPOCH FEATURE_LIST

# slurm version
bash tools/benchmarks/classification/svm_voc07/slurm_test_svm_epoch.sh PARTITION

— {JOB_NAME SELEFSUP_CONFIG EPOCH FEATURE_LIST

6 ckpt BEATMNA, TRRSNEN] epoch_*.pth S, 3X BTG SEHEIURLE .
HyE:
* S{SELFSUP_CONFIG} & H Wi sLu il it & .

* ${FEATURE_LIST} @ PFAr, I THaEM layerl | layerS (BEpPANERAE s B0, fnsfas HARPRAl
layer5, #34 FEATURE_LIST 2 “feat5”, ISR MABTLIPAL A 4R1E, 84 FEATURE_LIST 52 “featl
feat2 feat3 feat4 feat5” (=), AR NS, HF4 FEATURE_LIST ERAE “feat5”,

* ${PRETRAIN}: FYIZMBIAICH:,
o QUSRGARMAE GPU ANEY, Al PATE Ay A Hil 1 Jll_|. GPUS_PER_NODE=4 GPUS=4,

o S{EPOCH} ;@AM ckpt (48 %k

4.1.2 M EFORE

LM PP AR R i ML AR E o FRATT M ZR M PP A R SO 1 L S R B A SR A TN 2R 3
R E 4 ImageNet, Places205 fil iNaturalist18.

B, WREC AR MIM, X dg OpenMMLab f)—/NJi H .

pip install openmim

AN, E2% MMClassification [1) 22255 FIEHE 5

RIFB T a4

# distributed version

bash tools/benchmarks/classification/mim_dist_train.sh CONFIG PRETRAIN

(Rt
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https://github.com/open-mmlab/mim
https://github.com/open-mmlab/mmclassification/blob/dev-1.x/docs/en/install.md
https://github.com/open-mmlab/mmclassification/blob/dev-1.x/docs/en/getting_started.md

MMSelfSup, %% 1.0.0

(22 30
# slurm version
bash tools/benchmarks/classification/mim_slurm train.sh PARTITION JOB_NAME
— {CONFIG PRETRAIN
agiE

e S{CONFIG}: ffi j§ configs/benchmarks/classification/F Bt & 3¢ 4. H & 3k i,
imagenet (&7 imagenet_*percent Xf4), places205and inaturalist2018.,

e S{PRETRAIN}: FYIZMHI .
BF-:

bash ./tools/benchmarks/classification/mim_dist_train.sh \
configs/benchmarks/classification/imagenet/resnet50_linear-8xb32-coslr-100e_inlk.py \

work_dir/pretrained_model.pth

AR AR GR i R, R IE TR a4

# distributed version

bash tools/benchmarks/classification/mim_dist_test.sh CONFIG CHECKPOINT

# slurm version
bash tools/benchmarks/classification//mim_slurm_test.sh PARTITION CONFIG

— {CHECKPOINT

&
e ${CHECKPOINT}: HAHIMSRIKI YRl o Spiizid
IRRE

bash ./tools/benchmarks/mmsegmentation/mim_dist_test.sh \
configs/benchmarks/classification/imagenet/resnet50_linear—-8xb32-coslr-100e_inlk.py \

work_dir/model.pth

4.1.3 ImageNet 5B 453

N T 1547 ImageNet 2 W335, FRATTRE AN ZME PG AN G0E —FERY . sh ARSI Z5
RS
o B) GPU (&£ 4.

* S{CONFIG}: f#iff] configs/benchmarks/classification/imagenet/ FHIECE XXM, 4 H
imagenet_*percent H3C{4,

e S{PRETRAIN}: FYIZMAI .
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4.1.4 ImageNet Rir4B4 3

X F cNN BRAMETFHE (Flir ResNet50) .

NPl T ImageNet St 87> SEHERY TN R, 0T ABAT AN fir

# distributed version
bash tools/benchmarks/classification/knn_imagenet/dist_test_knn.sh SELFSUP_CONFIG

— {PRETRAIN} [optional arguments]

# slurm version
bash tools/benchmarks/classification/knn_imagenet/slurm_test_knn.sh PARTITION

— {JOB_NAME SELFSUP_CONFIG CHECKPOINT [optional arguments]

LRk
* S{SELFSUP_CONFIG}: ;& Wi SCu i e & sk
* ${CHECKPOINT}: o cifSiZ SRy BRAE .
o QARGAHMCE GPU ¥, 0 LATER S I RITE I | GPUS_PER_NODE=4 GPUS=4.
* [optional arguments]: FITFAESEL, EA[PASH XA A

fir B — AT

# distributed version

bash tools/benchmarks/classification/knn_imagenet/dist_test_knn.sh \
configs/selfsup/barlowtwins/barlowtwins_resnet50_8xb256-coslr-300e_inlk.py \
https://download.openmmlab.com/mmselfsup/l.x/barlowtwins/barlowtwins_resnet50_

—8xb256-coslr-300e_inlk/barlowtwins_resnet50_8xb256-coslr—-300e_inlk_20220825-

<,57307488 .pth

4.2 2

o A2
- W%
— 4K

X HL, FAIEE f ] MMDetection Rz INATS5 . el fREET 223 T MIM, X /2 OpenMMLab [1j—/~1ii
Ho

pip install openmim

mim install 'mmdet>=3.0.0rcO’'
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https://github.com/open-mmlab/mmselfsup/blob/main/tools/benchmarks/classification/knn_imagenet/test_knn.py
https://github.com/open-mmlab/mim

MMSelfSup, %% 1.0.0

EHA G ZRIE D
Ak, 2% MMDetection [1) 425 FIE 1 £5

4.2.1 1)ll%k

THSEIG, T AR AR B T R A A MMDetection.,

# distributed version

bash tools/benchmarks/mmdetection/mim_dist_train_c4.sh CONFIG PRETRAIN GPUS
bash tools/benchmarks/mmdetection/mim_dist_train_fpn.sh CONFIG PRETRAIN GPUS

# slurm version

bash tools/benchmarks/mmdetection/mim_slurm_train_c4.sh PARTITION CONFIG
— {PRETRAIN

bash tools/benchmarks/mmdetection/mim_slurm_train_fpn.sh PARTITION CONFIG

— {PRETRAIN

it
e S{CONFIG}: {#i[fl configs/benchmarks/mmdetection/ FIEIE /. H1T OpenMMLab ff&
YRR SRR AN A S | R BC B S, TR b FRATT T AR ] MMDetection [%)FC & SC14, il

base_ = 'mmdet::mask_rcnn/mask-rcnn_r50-caffe-c4_1x_coco.py'

MEKTF UGB R B S SRR

e ${PRETRAIN}: FiillZpizd iy

o ${GPUS}: LT IIZn GPU i, XTI TS, FATBIAKRA 8 #t GPU.,
IERE

bash ./tools/benchmarks/mmdetection/mim_dist_train_c4.sh \
configs/benchmarks/mmdetection/coco/mask—rcnn_r50-c4_ms—-1x_coco.py \
https://download.openmmlab.com/mmselfsup/1.x/byol/byol_resnet50_16xb256-coslr-200e_
—inlk/byol_resnet50_16xb256-coslr-200e_inlk_20220825-de817331.pth 8

o A detectron2 MR INAE S5, FRATHARAL T — LU & SO WS % INSTALL.md [ 4256 5 i B
detectron2 FEELY H S 45 M HEA R 4E .

conda activate detectron2 # use detectron2 environment here, otherwise use open—-mmlab.
—environment

cd tools/benchmarks/detectron2

python convert-pretrain-to-detectron2.py WEIGHT_FILE OUTPUT_FILE} # must use
—pkl as the output extension.

bash run.sh DET_CFG OUTPUT_FILE
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https://mmdetection.readthedocs.io/en/dev-3.x/get_started.html
https://mmdetection.readthedocs.io/en/dev-3.x/user_guides/dataset_prepare.html
https://github.com/facebookresearch/detectron2
https://github.com/facebookresearch/detectron2/blob/main/INSTALL.md
https://github.com/facebookresearch/detectron2/tree/main/datasets

MMSelfSup, %% 1.0.0

4.2.2 iz

FENGZ )5, TRz AT - M AL

# distributed version

bash tools/benchmarks/mmdetection/mim_dist_test.sh CONFIG CHECKPOINT GPUS

# slurm version
bash tools/benchmarks/mmdetection/mim_slurm_test.sh PARTITION CONFIG

— {CHECKPOINT

7
* S{CHECKPOINT}: AR alAt) i) 257 R A 2y
BiF:

bash ./tools/benchmarks/mmdetection/mim_dist_test.sh \
configs/benchmarks/mmdetection/coco/mask—-rcnn_r50_fpn_ms—-1x_coco.py \
https://download.openmmlab.com/mmselfsup/1.x/byol/byol_resnet50_16xb256-coslr-200e_
—inlk/byol_resnet50_16xb256-coslr-200e_inlk_20220825-de817331.pth 8

4.3 o3&l

° /77\[§|]
- %
— X

X SOy IS5 FATT 8 ) MMSegmentation.  5EHIPREE 42424 T MIM, X 2 OpenMMLab ) —>Jii
H.

pip install openmim

mim install 'mmsegmentation>=1.0.0rcO'

PR T LHE A
WAt W27 MMSegmentation F2c 2 MR E 5 o
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https://github.com/open-mmlab/mim
https://mmsegmentation.readthedocs.io/zh_CN/latest/get_started.html
https://mmsegmentation.readthedocs.io/zh_CN/latest/user_guides/2_dataset_prepare.html

MMSelfSup, %% 1.0.0

4.3.1 i)llk

FEZESEG T LARI AT fif #4247 MMSegmentation..

# distributed version

bash tools/benchmarks/mmsegmentation/mim_dist_train.sh CONFIG PRETRAIN GPUS

# slurm version
bash tools/benchmarks/mmsegmentation/mim_slurm_train.sh PARTITION CONFIG

— {PRETRAIN

ot
e S{CONFIG}: ffiffl configs/benchmarks/mmsegmentation/ FHJHEIE M. HT OpenMMLab
(A BV e SRR AN [ 22 5 | C S, DR e FRATTmT ABEAA (T | MM Segmentation [ HC #SC4F, l40:

_base_ = 'mmseg::fcn/fen_r50-d8_4xb2-40k_cityscapes—-769x769.py"

MEKTTF UGS AR T B SO SRR o

e ${PARTITION}: FHillZFT {4

o ${GPUS}: A TIIZn GPU &, XForEfTs, JABIAKA 4 #t GPU,
il

bash ./tools/benchmarks/mmsegmentation/mim_dist_train.sh \
configs/benchmarks/mmsegmentation/vocl2aug/fcen_r50-d8_4xb4-20k_vocl2aug-512x512.py \
https://download.openmmlab.com/mmselfsup/1.x/byol/byol_resnet50_16xb256-coslr-200e_
—inlk/byol_resnet50_16xb256-coslr-200e_inlk_20220825-de817331.pth 4

4.3.2 i

FENSZ )5, SRRz AT AT - M AR

# distributed version

bash tools/benchmarks/mmsegmentation/mim_dist_test.sh CONFIG CHECKPOINT GPUS

# slurm version

bash tools/benchmarks/mmsegmentation/mim_slurm_test.sh PARTITION CONFIG

— {CHECKPOINT

HYE:
* ${CHECKPOINT}: MARMR LT Eiad
BF
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bash ./tools/benchmarks/mmsegmentation/mim_dist_test.sh \
configs/benchmarks/mmsegmentation/vocl2aug/fcn_r50-d8_4xb4-20k_vocl2aug-512x512.py \
https://download.openmmlab.com/mmselfsup/1.x/byol/byol_resnet50_16xb256-coslr-200e_
—inlk/byol_resnet50_16xb256-coslr-200e_inlk_20220825-de817331.pth 4
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CHAPTER D

EETH

5.1 At

A RRAL E BV S AR E S B
e AL

4o fT SE LT AL

MMSelfSup T AALABAT 4

TR o4 -5k )6 3%

ALY T AL
A KT

1-SNE 7T #L1L

AR RS FEE 32

“T AL shape bias
*EERIEE
* o KRR E
* ] bR ey B E AT AR

* @ W shape bias
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5.1.1 anfescBaT it

W] SOR BT AT A AR

OpenMMLab 2.0 5| A AJ AL X} % Visualizer Fl—EH[ M4k 5% VisBackend . W FEIFEEBRT
Visualizer ] VisBackend k&,

5.1.2 MMSelfSup g9a] {#R{t fisi{+ 4

(1) AN R B A7 I s A7 D1 285
MMEngine ) J5ifUd5 LocalVisBackend, TensorboardVisBackend #l WandbVisBackend,

TEIN Gt R, BN T LoggerHook (¥ after_train_iter() ¥ M, I H &S 7EAN R )5 i o A 2
add_scalars, fln:

def after_train_iter(...):

runner.visualizer.add_scalars (

tag, step=runner.iter + 1, file_path=self.json_log_path)

(EARMRACTE S

add_datasample () BRI T SelfSupVisualizer, i THE browse_dataset.py F Vo EiEEE . FEL2 4y
W PAS T HE BT AL

5.1.3 AFRAMEEER

QAR AR A W] i 476 5 o ( Wandb, Tensorboard, 58 Ef2 % 1 BUE LAY 5 0m) , 15 DA SRR WCRE B SR
vis_backends {7 T :

Local

vis_backends = [dict (type='LocalVisBackend')]
Tensorboard

vis_backends = [dict (type='TensorboardVisBackend") ]
visualizer = dict(

type='SelfSupVisualizer', vis_backends=vis_backends, name='visualizer')

Bi4n
Wandb
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https://github.com/open-mmlab/mmengine/blob/main/docs/zh_cn/design/visualization.md
https://github.com/open-mmlab/mmengine/blob/main/mmengine/hooks/logger_hook.py#L150
https://github.com/open-mmlab/mmselfsup/blob/main/mmselfsup/visualization/selfsup_visualizer.py#L151
https://github.com/open-mmlab/mmselfsup/blob/main/tools/analysis_tools/browse_dataset.py

MMSelfSup, %% 1.0.0

vis_backends = [dict (type='WandbVisBackend')]
visualizer = dict (

type='SelfSupVisualizer', vis_backends=vis_backends, name='visualizer')

Bilan:

5.1.4 EHI{LEIT#{E

it Bl T B0 1 7 A JE A LR G 4 BE. A8 B visualizer, VisBackend B
VisualizationHook 3G PAZ% MMEngine B ¥ i 44k S0y

5.1.5 ¥IEE Tt

tools/misc/browse_dataset.py #5 8 H P AT ML Y5 MMSelfSup HlE4E, &t n] DAIE KR A7 3 45
ERH R

python tools/misc/browse_dataset.py CONEIG} [-h] [--skip-type SKIP_ TYPE[SKIP_TYPE.
—~..]}] [-—output-dir OUTPUT_DIR}] [--not-show] [--show-interval SHOW_INTERVAL }]
BIFATF -

python tools/misc/browse_dataset.py configs/selfsup/simsiam/simsiam_resnet50_8xb32-

—~coslr-100e_inlk.py

— AR BT
o ZeEI WK SR EOR B2 ) AL .
o FAREK E RN T RS A A .
5.1.6 t-SNE oJ#l{t

FATFRAETHAL -SNE s - i RAE B T A

python tools/analysis_tools/visualize_tsne.py CONFIG _FILE} —--checkpoint CKPT_PATH
— ——work-dir WORK_DIR} [optional arguments]
24

e CONFIG_FILE: {ii T configs/tsne/ H1#) t-SNE [ E .
o CKPT_PATH: fZUAGH 351 H SR sk ek o
* WORK_DIR: FRAFH AL LA H R .

e [optional arguments]: AJ3EMI, AJPAZ#% visualize_tsne.py
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https://github.com/open-mmlab/mmengine/blob/main/docs/zh_cn/advanced_tutorials/visualization.md
https://github.com/open-mmlab/mmselfsup/blob/main/tools/analysis_tools/visualize_tsne.py

MMSelfSup, %% 1.0.0

— AR BT

python ./tools/analysis_tools/visualize_tsne.py \
configs/tsne/resnet50_imagenet.py \
——checkpoint https://download.openmmlab.com/mmselfsup/1.x/mocov2/mocov2_resnet50_
—8xb32-coslr-200e_inlk/mocov2_resnet50_8xb32-coslr-200e_inlk_20220825-b6d23c86.pth \
——work—-dir ./work_dirs/tsne/mocov2/ \

——-max-num-class 100

N R B, 2313k B MoCoV2_ResNet50, 4413 H MAE_ViT-base:

5.1.7 THLERSEER

AP P T IR E R AL
« MAE
* SimMIM

¢ MaskFeat

F PRI DA S AR iy nT AL

python tools/analysis_tools/visualize_reconstruction.py CONFIG_FILE} \
—-checkpoint CKPT_PATH} \
——img-path S${IMAGE_PATH} \
-—-out-file OUTPUT_PATH

* CONFIG_FILE: il Zim il & ek

* CKPT_PATH: BAUGA fBRAE .

+ IMAGE_PATH: ¥ij A UG FEAR .

* OUTPUT_PATH: i i IRk 42, & 4 T H.

e [optional arguments]: for optional arguments, 3R] PAZ:3% visualize_reconstruction.py | f [ %S48 .

BIFanT:

python tools/analysis_tools/visualize_reconstruction.py configs/selfsup/mae/mae_vit-—
—huge-pl6_8xb512-amp-coslr-1600e_inlk.py \

——-checkpoint https://download.openmmlab.com/mmselfsup/l.x/mae/mae_vit-huge-pl6_
—8xb512-fpl6-coslr-1600e_inlk/mae_vit-huge-pl6_8xb512-fpl6-coslr-1600e_inlk_20220916-
< f£848775.pth \

—-img-path data/imagenet/val/ILSVRC2012_val_00000003.JPEG \

——out-file test_mae.jpg \

(Qi¥i#3)
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https://github.com/open-mmlab/mmselfsup/blob/main/tools/analysis_tools/visualize_reconstruction.py

MMSelfSup, %% 1.0.0

(£ 50

——norm-pix

# SimMIM FEHEREARES, FTUBMNAAMKEZFHEHEMA '—-use-vis-pipeline’ kNFABREE
F XM 'vis_pipeline’

python tools/analysis_tools/visualize_reconstruction.py configs/selfsup/simmim/simmim_
—swin-large_16xbl28-amp-coslr-800e_inlk-192.py \

——-checkpoint https://download.openmmlab.com/mmselfsup/l.x/simmim/simmim_swin-
—large_16xbl28-amp-coslr-800e_inlk-192/simmim_swin-large_16xbl28-amp-coslr-800e_inlk-
—192_20220916-4ad216d3.pth \

——-img-path data/imagenet/val/ILSVRC2012_val_00000003.JPEG \

—-—out-file test_simmim.jpg \

—--use-vis-pipeline

MAE Z55 41
SimMIM Z55401F
MaskFeat £5R417F:

5.1.8 T[{{t shape bias

shape bias i F7E A BAFAL AL AR, SO E, BB shape AURRRE . JEOGERIN I ] PAZ % paper
TR ZA5E . MMSelfSup &4t MBI 1 T332 70 FEA5 A shape bias (1 THAf. ATRASEDA R 2 HORAL:

EERIER

B cue-conflict F#F| data SCFICHL, SR MEEGREE . AR5, Y data SIS NV AZ B FE

data
F——cue—conflict
|—airplane

|
| |—Dbear
|
|

|— truck
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https://arxiv.org/abs/2106.07411
https://github.com/bethgelab/model-vs-human/releases/download/v0.1/cue-conflict.tar.gz

MMSelfSup, %% 1.0.0

AR AREE

FH DA R EAC B 5 2k 1Y test_dataloader FiI test_evaluation

test_dataloader = dict (
dataset=dict (
type='CustomDataset',
data_root='data/cue-conflict"',
_delete_=True),
drop_last=False)
test_evaluator = dict (
type="mmsel fsup.ShapeBiasMetric',
_delete_=True,
csv_dir='directory/to/save/the/csv/file',

model_name='your_model_name')

HiIoHEACE S —T csv_dir fl model_name,

A L RiEE A E SRR

£
IR TR B 2 VR B A C B SCIFAE cue—conflict JdledR BAERIRIAY,

# For Slurm
GPUS_PER_NODE=1 GPUS=1 bash tools/benchmarks/classification/mim_slurm_test.sh
[«

—Spartition Sconfig S$checkpoint

# For PyTorch

GPUS=1 bash tools/benchmarks/classification/mim_dist_test.sh Sconfig Scheckpoint

TEX2Z )5, AIPASRTE4 N cue—conflict_model-name_session—1.csv ) csv XX, BT X2
Ah, BRINI% T csv SCUF BIXFV Y csv_dir.

B shape bias

SRJEFA T T AT H shape bias T

python tools/analysis_tools/visualize_shape_bias.py —-csv-dir S$SCVS_DIR —--result-dir

—SCSV_DIR —-colors SRGB —-markers o —--plotting-names $YOU_ MODEL_NAME --model-names

—~$YOU_MODEL_NAME

o ——csv-dir, HIFHXET, HTAEM csv 0,

e ——colors, N HPA RGB &= RGB {, L1 100 100 100, 15 44 i #THL 7 ) shape bias 135 %
4~ RGB {17
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https://github.com/bethgelab/model-vs-human/tree/master/raw-data/cue-conflict

MMSelfSup, %% 1.0.0

* —-plotting-names, fiFEARBIEGIRIZFR, LT RO 7o AR EAH I TR shape

bias 354 FiRZMEBAT

* ——model-names, WIZRFCE SCIFEA—HE, WERGEAE T THAU) shape bias (35214 F AT

WHRE, = -—colors XW—4> ——model-names ., A TRMSEGESHEIT EIE:

5.2 I TR

s HiT TR

it ke
- ZAHE

R EM

EHT

521 GHitSHE

python tools/analysis_tools/count_parameters.py CONFIG_FILE

— BT

python tools/analysis_tools/count_parameters.py configs/selfsup/mocov2/mocov2_

—resnet50_8xb32-coslr-200e_inlk.py

5.2.2 HfpHER

KA Z |, ARATRE AR :
o BRIy CPU KA.
o MR AL IR
o VTR RO A (EIFHE R A ID INE 34 L

python tools/model_converters/publish_model.py INPUT_FILENAME OUTPUT_FILENAME

Bl

python tools/model_converters/publish_model.py YOUR/PATH/epoch_100.pth YOUR/PATH/
—epoch_100_output.pth

5.2. TR
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523 £REWM

b aE R e AE s, 4 & A BB ik ® --cfg-options randomness.
deterministic=True ., {HE—EMWE, X2 X torch.backends.cudnn.benchmark F FE1%
YIHEE

5.2.4 BESH

tools/analysis_tools/analyze_logs.py A% HE ORI/ R4k, B pip install
seaborn ZZBE UK %

python tools/analysis_tools/analyze_logs.py plot_curve [-—-keys KEYS/}] [--title
—{TITLE}] [-—-legend LEGEND }] [--backend BACKEND }] [--style STYLE}] [-—-out

—{OUT_FILE}]

BIFanT:
o BT R T 2R R R A R

python tools/analysis_tools/analyze_logs.py plot_curve log.json —--keys loss_dense.

———legend loss_dense

o R IEA TR H o SR A5 2K eR BB A7 2 pdf SCPFHL,

python tools/analysis_tools/analyze_logs.py plot_curve log.json —--keys loss_dense.

—~loss_single —--out losses.pdf

o FER—5KIEN, PRI .

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

—loss ——-legend runl run2

o PP

python tools/analysis_tools/analyze_logs.py cal_train_time log.json [—-—include-

—outliers]

byt AR T TR

slowest epoch 11, average time is 1.2024
fastest epoch 1, average time is 1.1909
time std over epochs is 0.0028

average iter time: 1.1959 s/iter
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CHAPTER O

Btk

6.1 $iER

o BIER
- B A B E 5 AR Z R g RIE R
i &/ SUE &/ 0E
* AR e 3 B R BB AL T
* BRI IR B aY B AR AL FE

HAiii (Data Flow) 5@ 7 BARAEM N R 2 (A G 3 77 50, angicdian2ids (dataloader) #EbR 5457
(model) LB, 4IREI TR,

TE MMSelfSup H, FRATF R HEWRES R, —E8PamzEss (dataloader) 5% (model) Z[H], @
5 AI AL T H (visualizer) Z ). XT84 5 metric 2 [AIBARF NS, KETPAS% OpenMMLab H:
FARRS A SR, MM Classification. [E4h, X model 5 visualizer FZ [B] AR, OSBRI 15 ] DA

%3 visualization.
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https://github.com/open-mmlab/mmclassification

MMSelfSup, %% 1.0.0

6.1.1 #iEnE 2R 5RE 2 BRI

BaEimzkss (dataloader) FIFEZAL (model) 2 [A]FIKE R — M TT LA MR = A 0%:
i) /] PackSelfSupInputs K& se A EHETT CL N —A>F M
i) i f collate_fn & KEEN N — AL BLK &

iii) KR AL BLEHE DAL i BT A 3 GPUS 26 H bR 4, eSO gk a8 vt 2 BT il - M i s o —
ATedl, ool S A KGR SXHV R ICEE (SelfSupbataSample).

HiRRHIELE

1t MMSelfSup ', HHE7E R A BB R b Fl, 2EdEAT — RV, N pipeline, WH MY
RandomResizedCrop #l ColorJitter ¥, F pipeline HREME T KRG, ®ig— L2
PackSelfSupInputs, PackSelfSupInputs SYHHEHIFAISHITEE ot JF I EFIA,
B inputs fl data_samples.

#OEXHL, RMNABT —RAREZHNG

class PackSelfSupInputs (BaseTransform) :

def transform(self,

results: Dict) —-> Dict[torch.Tensor, SelfSupDataSample]:

packed_results = dict ()

if self.key in results:

packed_results['inputs'] = img

packed_results|['data_samples'] = data_sample

return packed_results

fe7n: inputs W& T AEGEIR, BlI— AT s RS IS . R AR B,
PackSelfsupInputs ARSI BB —DaEF.
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MMSelfSup, %% 1.0.0

iRk F B E

PABCHE 4R H B PR B S R Ve A, B #i 2% (dataloader) A9 collect_fn S #EBUAFASF UL
inputs R HB G —PDHLCPEEK E B4, FEAFIH) data_sample WOHHEA A —DFIE, MM

it — A5 e A R R B T R AR N 2l collect _£n XL,

BiETnAbEE 2R A iR Ak 3
BB R B AR B, ALBREER SR G — 2 . BT L AR SR B G A T I — AL B, A
BGR i #44ik RGB Bz, G rA IR IER 2 GPU & Hiriks . FiRgHBEs, REASHEH—4
JCHl, ZITHE S MBS, DR %R
class SelfSupDataPreprocessor (ImgDataPreprocessor) :
def forward/(
self,
data: dict,
training: bool = False
) —> Tuple[List[torch.Tensor], Optional[list]]:
assert isinstance (data,
dict), 'Please use default_collate in dataloader, \
instead of pseudo_collate.'’
data = [val for _, val in data.items()]
batch_inputs, batch_data_samples = self.cast_data (data)
# channel transform
if self._channel_conversion:
batch_inputs = [
_input(:, [2, 1, 0], ...] for _input in batch_inputs
]
# A float 3
# RAEE
batch_inputs = [input_.float () for input_ in batch_inputs]
# ZFBAH—., X5 :class: mmengine.ImgDataPreprocessor’ HFFAMH.
# MTELEE (I simCLR ) WEKHLZMIE, BT H &R Z— 7%,
# Hbae—KEGRK S ME.
if self._enable_normalize:
batch_inputs = [(_input - self.mean) / self.std
for _input in batch_inputs]
return batch_inputs, batch_data_samples
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MMSelfSup, %% 1.0.0

6.2 RGN

o BRAELEH
— SelfSupDataSample ¥ &) & 45| 1084 &t
— i MMSelfSup 323845 4T e1.45 SelfSupDataSample

1% OpenMMLab H H A E—FF, MMSelfSup tE X T — M EAESEH, 48 SelfSupbataSample , X4~
Bt S5 T B oL s B I A A P 8 . selfsupDataSample 4kK MMEngine HHgdi fij i
BaseDataElement., UIRFETHEA T E BaseDataElement , FA 1IN ZF# BaseDataElement, {FiX S5
H, A EBSHESelfSupDataSample H— L8 5E Hil ALY JE 1 o

6.2.1 SelfSupDataSample shgyEFI{L BB

£ MMSelfSup 1, selfsupDataSample FHEAFEFTEEE (BTEA) #7746, A mask image mod-
eling(MIM) H1if 3K H) mask FIH] &AL HHY pseudo_label . R TIRUMEE, BRREEZEAANEL,
Feanfiiigss . HeeEl EiRThRE, SelfSupbDataSample & LPAN AN @ME:

* gt label (FRZ54UR), W& HEIARE.

« sample_idx (SEBIER), L& —FFMABEUR NI IR B S & P i SRl i P 175

« mask (FHEEE), 75 MIM PigE A, i SimMIM il CAE.

* pred_label (FRAHHR), 0 EBALHHIFRLE .

* pseudo_label (HdEHEEI), (WAIEALS PN EIMEAAR%, AN Relation Location H1f¥) location,

T BB BEA# SelfSupDataSample PEEA AR, AL H— KT U EIH selfsupDataSample
BB B L PR fT FRB 1

import torch
from mmselfsup.core import SelfSupDataSample

from mmengine.data import LabelData, InstanceData, BaseDataElement

selfsup_data_sample = SelfSupDataSample ()
# 7 selfsup_data_sample B NELAFELIE
# EEMBEENLANE LabelData HEM —3%

selfsup_data_sample.gt_label = LabelData (value=torch.tensor ([1]))

# WRAEZFEHIERAS LabelData F—FH LM
selfsup_data_sample.gt_label = torch.tensor([1])
# W4 AssertionError: tensor([1]) should be a <class 'mmengine.data.label_data.

—LabelData'> but got <class 'torch.Tensor'>

# % selfsup_data_sample W NFEHFHE

Qi3]
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https://github.com/open-mmlab/mmengine
https://github.com/open-mmlab/mmengine/blob/main/docs/zh_cn/advanced_tutorials/data_element.md

MMSelfSup, %% 1.0.0
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# FIAEHy, HOIBEEGENRENE InstanceData REF—K

selfsup_data_sample.sample_idx = InstanceData(value=torch.tensor ([1]))

# % selfsup_data_sample JuTH-E

selfsup_data_sample.mask = BaseDataElement (value=torch.ones ((3, 3)))

# % selfsup_data_sample JI{EARZ

selfsup_data_sample.pseudo_label = InstanceData(location=torch.tensor([1, 2, 31))

#AlEEBEME, RN EFRX LB EWE
print (selfsup_data_sample.gt_label.value)

# i tensor([1])

print (selfsup_data_sample.mask.value.shape)

# W torch.Size([3, 3])

6.2.2 | MMSelfSup E#iiBITE 45 SelfSupDataSample

TEFEEAE LA 2 1), MMSelfSup #% BB IR IE ST selfSupbatasSample » WAL
PEife, nIPAZ % data transform, FRATIH— Y PackSelf Suplnputs )58 5k F T 65508

class PackSelfSupInputs (BaseTransform) :

AR Gt SRR S R & N
TEHME:

~ing

I o B AL

- data_sample

- inputs

S
key (str): MINERGEFHE, BRAA img .
algorithm _keys (List[str]): FuE EAH < WA R ME, hir mask . BIAA [] .
pseudo_label_keys (List[str]): BHRESNHEE. BIAA [] .
meta_keys (List[str]): EFKH meta FEME. BIAK [] .

men

def _ init_ (self,

(FoUaRZE)

6.2. iGN 57


https://github.com/open-mmlab/mmcv/blob/transforms/docs/zh_cn/understand_mmcv/data_transform.md

MMSelfSup, %% 1.0.0

(22 30
key: Optional[str] 'img"',
algorithm_keys: Optional[List[str]] = [],
pseudo_label_keys: Optional[List[str]] = [],
meta_keys: Optional[List[str]] = []) —-> None:
assert isinstance (key, str), f'key should be the type of str, instead \
of {type(key) /.'
self.key = key
self.algorithm keys = algorithm_keys
self.pseudo_label_keys = pseudo_label_keys
self.meta_keys = meta_keys
def transform(self,
results: Dict) —-> Dict[torch.Tensor, SelfSupDataSample]:
e T RBE B % .
results (Dict): RETHRE W FH,
B
Dict:
- 'inputs' (List[torch.Tensor]): AW E M HE.
- 'data_sample' (SelfSupDataSample): H HHKIEWHEBEEE.
o
packed_results = dict ()
if self.key in results:
img = results[self.key]
# if img is not a list, convert it to a list
if not isinstance(img, List):
img = [img]
for i, img_ in enumerate (img) :
if len(img_.shape) < 3:
img_ = np.expand_dims (img_, -1)
img_ = np.ascontiguousarray (img_.transpose (2, 0, 1))
img[i] = to_tensor (img_)
packed_results['inputs'] = img
data_sample = SelfSupDataSample ()
if len(self.pseudo_label_keys) > 0:
pseudo_label = InstanceData ()
data_sample.pseudo_label = pseudo_label
(FIUgkEh)
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MMSelfSup, %% 1.0.0

# gt_label, sample_idx, mask, pred_label MK E
for key in self.algorithm_keys:
self.set_algorithm_keys (data_sample, key, results)

# % gt_label, sample_idx, mask, pred_label HNH{HS#Z A BITEWEM
for key in self.pseudo_label_keys:

# convert data to torch.Tensor

value = to_tensor (resultslkey])

setattr (data_sample.pseudo_label, key, value)

img_meta = {}

for key in self.meta_keys:
img_metalkey] = resultslkey]

data_sample.set_metainfo (img_meta)

packed_results['data_sample'] = data_sample

return packed_results

@classmethod
def set_algorithm_keys(self, data_sample: SelfSupDataSample, key: str,
results: Dict) —> None:
nmrn L8 SelfSupDataSample WEEWE. T
value = to_tensor (resultslkey])
if key == 'sample_idx':
sample_idx = InstanceData (value=value)
setattr (data_sample, 'sample_idx', sample_idx)
elif key == 'mask':
mask = InstanceData (value=value)
setattr (data_sample, 'mask', mask)
elif key == 'gt_label':
gt_label = LabelData (value=value)
setattr (data_sample, 'gt_label', gt_label)
elif key == 'pred_label':
pred_label = LabelData (value=value)
setattr (data_sample, 'pred_label', pred_label)
else:
raise AttributeError (f'{key} is not a attribute of \
SelfSupDataSample')

JE SelfSupDataSample H' algorithm_keys f2ff T pseudo_label WEdE/EE, pseudo_label_keys &
SelfSupDataSample HH{EFRZEXT WY 1) 7 3@ PE . Badf e se BN RE . A 1A 835 1T PAYE GitHub _E 3 issue, 3%
MR PIR R
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MMSelfSup, %% 1.0.0

6.3 =HE

— MMSelfSup #:7 f.ix
- AT R ik
— AR b g3k R R A
FATAT DAERRLE B A RS RS 58 40 2 A i . E MM SelfSup o, RER R ZALHE AR LA 4
o BV, EAERIILY A TIOR3 B e R B 1 TR
o £, HEEEAEER AR, il MAE f1E VIT Al SimMIM H1f¥) Swin Transformer.
© R, HESURPRIETE, HCANRRDAS, © BRI IR s A5 R
o KR, PR LERRRROBIER, LN R EGIARTZ , BRI AL B SRR H i AR
< M2, MRS EE T AR B BB, A MoCo viv2,
o W2, TR R TR H AR Z R 2K
o BARERGES, b E B E AL B AR, G HOG, e By FEiE (DALL-E, CLIP) 4.

6.3.1 MMSelfSup {EE %

e, FHATHYE MMSelfSup H LA AR . FATHRSE_EIA R 73 JOR Frmix Loy

6.3.2 RFEREKIEHZE

EWL%%ﬁ7%4ﬁﬁﬁ%i$,ﬁ%,%%,ﬁ%ﬂﬂ CHZE G . BT A LR R et o T
R R BAR A CHRIR . WERTEEE SRR, TS % add_modules HHNZE . MMSelfSup ${ft—1
AR, 40 BaseModel, %%E@%&%ﬁﬂiﬁ%%ﬁﬁ\%ﬁﬁﬁi, i ELBTA R (KR TiciZimar) 1kt
T A TR IA A . ICAZER M ERT BRI init_ PRI . FRRERME LIRS G A R 1

class BaseModel (_BaseModel) :

def _ init_ (self,
backbone: dict,
neck: Optional[dict] = None,
head: Optional[dict] = None,
target_generator: Optional[dict] = None,
pretrained: Optional[str] = None,
data_preprocessor: Optional[Union[dict, nn.Module]] = None,

init_cfg: Optional[dict] = None) :

(Rt
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MMSelfSup, %% 1.0.0
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if pretrained is not None:

init_cfg = dict (type='Pretrained', checkpoint=pretrained)

if data_preprocessor is None:

data_preprocessor = {}
# The build process is in MMEngine, so we need to add scope here.
data_preprocessor.setdefault ('type',

'mmselfsup.SelfSupDataPreprocessor')

super () .__init__ (

init_cfg=init_cfg, data_preprocessor=data_preprocessor)

self.backbone = MODELS.build (backbone)

if neck is not None:

self.neck = MODELS.build (neck)

if head is not None:
self.head = MODELS.build (head)

I ERARSFTR, W T AR R, (FURX SRS S A e, B TSR AN, &
T B R AR Y — S S R A REAR B IR RS R ATRAE T — e X

6.3.3 EGRBPIMREL
forward REUREIRIA L . SR1, ERIAKZEL Pytorch AU i A —FiaXr) forward sEURFE. MM-

Self Sup T4 HZ HARTRIAAE forward H, MMTFRE ik il st . AR i AR 7R , MMSelfSup
i) forward BEARIEA ABAATRIMALBE, HRi3A =t akaEt, SAmmi.

def forward(self,

batch_inputs: torch.Tensor,

data_samples: Optional[List[SelfSupDataSample]] = None,
mode: str = 'tensor'):
if mode == 'tensor':
feats = self.extract_feat (batch_inputs)

return feats
elif mode == 'loss':

return self.loss (batch_inputs, data_samples)
elif mode == 'predict':

return self.predict (batch_inputs, data_samples)
else:

raise RuntimeError (f'Invalid mode "{mode}/".")
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MMSelfSup, %% 1.0.0

o Bk, MEBIAX N tensor, forward pREUMLR MK R B B ERAE. V% EE H P
extract_feat ¥ A BELEE HIAL IR BUSFRA L .

o WS, WA loss, forward eREUMR RITE S HARZ %K. AR, EVIxESH A
) Loss M A RELLE LRI FRIBGL AT AL

« B, WRHEA N predict, forward EMGIRIEIBIMATR, ARG SR 0IFE . Wk
T, predict MUBLFEES.

AP FATF T MMSelfSup HRGRIRAEAR A E 7, AR EARIRARISE, W LAS B8 AR) APL X
o

6.4 #EE

. BEE
- BEE
* A AR
* LA A Config ¥ B OpenMMLab Ak /X B 04 345 &
- BETH
mmselfsup FIAENH) datasets UPFIADE T & TS5 ECE N B R OB SCHE . SO T 20 IR

=ANERGY

o HE XEIRSE, T RGBS

o HE SBORERFES, T ERGINEZ mi I TR 5 B

o Bl TR, T A B TR g5, I RandomResizedCrop
TEARBRET, FATRR =T RIEF TN TS B fRRE .

6.4.1 iEE

OpenMMLab FJE LR 20 PHRAE TS A8 RV BdE S, X SBdRAERR S BaseDataset — JikH&, Jf
TE MMEngine 15 PASEE . QIAE#E—20 T fi#f BaseDataset WA IIIIRE, EOSERAY T F 7] PAZ2% MMEngine
R SCRY . ¥ MMSelfSup, ImageNet, ADE20KDataset fll CocoDataset & =N H R4 .
TR Z 0T, R PR BRSO e T — S B R A TR, BARSs s W T ik
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https://github.com/open-mmlab/mmengine/blob/429bb27972bee1a9f3095a4d5f6ac5c0b88ccf54/mmengine/dataset/base_dataset.py#L116
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https://mmengine.readthedocs.io/en/latest/advanced_tutorials/basedataset.html

MMSelfSup, %% 1.0.0

ERNT ARIER

JigHReE, AR SRR, P SR B e E A S R A%

mmselfsup

— mmselfsup

|— tools

— configs

— docs

|— data

— imagenet
| F— meta
| F— train
F— val

— ade

— ADEChallengeData2016
| — annotations
\ | — training
| | — validation
| — images
\ | — training
| | — validation
— coco

annotations

train2017

SRR SCPF LA B A1 SCPFJe i 46514, nTPAZ % OpenMMLab FHAIACRS 3, 4l MM Classfication, MM-
Segmentation 1 MMDetection.

ZEA A Config i | OpenMMLab H i {t i8R IEE

# | MMClassification W ImageNet HIEH

# EHEMEEFRA ImageNet

# AN, R R#REEN MMClassification § N\ ImageNet Wj#l*x config

# MARBFEMRENLEMN config

# 'mmcls’ WHfERY CRegistry' ' FEIF MMClassification & ' ImageNet'®
train_dataloader=dict (dataset=dict (type='mmcls.ImageNet', ...), ...)

# WH MMSegmentation W W] ADE20KDataset ¥{E&
# TEHAE W B FEF ADE20KDataset

@3
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https://github.com/open-mmlab/mmclassification
https://github.com/open-mmlab/mmsegmentation
https://github.com/open-mmlab/mmsegmentation
https://github.com/open-mmlab/mmdetection

MMSelfSup, %% 1.0.0
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# AEmERN, B{IAEMEEN MMSegmentation § N ADE20KDataset WAHl%x config
¢ TRRKERRBENLEH config
# " 'mmseg’ W BfEik% C Registry'' FEHE MMSegmentation Wi$& ° ADE20KDataset '’

train_dataloader=dict (dataset=dict (type="mmseg.ADE20KDataset', ...), ...)

# EHEMHRBFREA Cocobataset

# HEmEREN, RIIR#EH-EES N MMDetection B N\ CocoDataset WAk config

# MARBFEMRENLER config

# ' ‘mmdet’ W HfERY%  Registry' S FE I MMDetection Wi & CocoDataset''

train_dataloader=dict (dataset=dict (type="mmdet .CocoDataset', ...), ...)

# £ MMSelfSup T FAFIELE, I ° DeepClusterImageNet '

train_dataloader=dict (dataset=dict (type='DeepClusterImageNet', ...), ...)

WL B30, FAE TR BARE R DI KB TR, A B PR AR AT /E MMSelfSup mh {1 Kdia 4R 1
MREEAME S . AR oA AU A 2 CBIREREIE, 3% 3 add_datasets .

6.4.2 F¥zE

1E pytorch 1, Sampler T4l #k 2 wif %t £o4 19 & 51 # 47 R FE. MMEngine W1 & LA IR T
DefaultSampler il InfiniteSampler. REZHHH T, ATTAEEMA, LHFFIHELIEE X
RAE#R. SR DeepClusterSampler ;& MAMS—FRMFEH, KA PPN T HITHE—RG RN ZEHE,
PRI, AR PR R BRI A AR B — Y Taask , AT HE— 22 AT APL SCRY . WARARAE HATEA
ESCRIEGR I IE— DL, AR PAZ% DeepClusterSampler fE samplers SUARHEATSLH.

6.4.3 #iIETiRk

fAjiliHZ , transform @¥§ MM-repos HEHR AL, AR —FRFN K transform HA KL 75155, BY
pipeline. MMCV HELA5EH |t RZE SR04 e, BLAh, 4~ MM-repo ARG MMCV Hi) J]
P 2T HORAR R LT, B B8 CEHRET L 1) 447K BaseTransform, i) 3% t ransform
PRI FE L S F AT IR A K BB AR . fE MM SelfSup Hr, FRATE A5 T4 N X e84 -

XTSI X H P, WTAZ % APL SCRY AR N AT T X 265540 . HEl bk, ATCEWENH T X TH;

P AR S, A2 T A A S A config iR B AT SE L B SUEER , WTAS 2 SRS rransforms
Fladd_transforms.
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https://github.com/open-mmlab/mmcv/blob/dev-2.x/docs/zh_cn/understand_mmcv/data_transform.md
https://github.com/open-mmlab/mmcv/blob/dev-2.x/docs/zh_cn/understand_mmcv/data_transform.md
https://github.com/open-mmlab/mmcv/blob/19a024155a0b710568c2faeae07dead2a5550392/mmcv/transforms/base.py#L6

MMSelfSup, %% 1.0.0

6.5 HIEE(t

o BIET 1L
— B T Ak
— MultiView {8 f~

— PackSelfSuplnputs {7 A\~

6.5.1 HiETREAR
Tradd_transforms WIRATTNEE T WA Pipeline . Pipeline A —RFHEHEA ., MMSelfSup H1%k
PR ¥ B =2

L4 BR3P H B 89 204 48 4. processing.py  HY g ST A RE B9 £ 42 ¥, L6 W1 RandomCrop,
RandomResizedCrop fll RandomGaussianBlur., FATWH A A HE G EREIEA %, tin
MMCV H1f] LoadImageFromFile,

2. NFEMLAFR BB ATt as . X 1E SUHE wrappers.py o
3. FRRCR A WA RE B A SR P . XA AR formattingpy o
SARYE, FRATHIA 2 AR Ak SRl Ae e . AT TRFRAITHE B 5 PR A He .

6.5.2 MultiView &4y

TAH— LB LT 4 Ml ciview [WZ AR IR B ATEREERR, HLA MoCo %41, SimCLR, SwAV 4.
FERCESCHE, FATREXFEE X

pipeline = [
dict (type="Multiview',
num_views=2,
transforms=|
[dict (type="Resize', scale=224),]
1)
]

B ME S E R
FAT T DA E A AN 7] A JEE P B A 1 -

pipeline = [
dict (type="'Multiview',
num_views=[2, 6],

transforms=|[

(FItgkss)
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dict (type='Resize', scale=224)],

dict (type='Resize', scale=224),
dict (type='RandomSolarize')],

XEWEAMANEIEE, Wm0 EWAAEMASTAE. FE imagenet_mocov1.py A imagenet_mocov2.py
HI imagenet_swav_mcrop-2-6.py HH E 26T

6.5.3 PackSelfSuplnputs &4}

RAVE X T — 4 Hgpacksel fsupTnput s MFFAFHARFHN R ASTH IR . BRI HOE A4
BEEPIORR, MR R

train_pipeline = [
dict (type="'LoadImageFromFile'"),
dict (type='MultiView', num_views=2, transforms=[view_pipeline]),

dict (type='PackSelfSupInputs', meta_keys=["'img_path'])

6.6 HEIFEM

o AR
— MMEngine ¥ #43%n]
* &I
* B KA
— MMSelfSup ¥ &43%m

- aEFm
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https://github.com/open-mmlab/mmselfsup/blob/main/configs/selfsup/_base_/datasets/imagenet_mocov1.py
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6.6.1 MMEngine il

TERIUBUE AN AR rp, 2R 2 AT S 3Pl £ MMEngine P25 T Metric Ml Evaluator 3£

AT LI BE. HEEE )LMMEngine Doc.
R PEAL 3 AT E LTI A B 2 PPl
L VF

ELATI T valLoop Ml Test Loop Hi.
PA ValLoop Al

class ValLoop (BaseLoop) :

def run(self) —-> dict:
"""Launch validation."""
self.runner.call_hook ('before_wval')
self.runner.call_hook ('before_val_ epoch')
self.runner.model.eval ()
for idx, data_batch in enumerate (self.dataloader) :

self.run_iter (idx, data_batch)

# compute metrics

metrics = self.evaluator.evaluate (len(self.dataloader.dataset))
self.runner.call_hook ('after_val_epoch', metrics=metrics)
self.runner.call_hook ('after val')

return metrics

@torch.no_grad()

def run_iter(self, idx, data_batch: Sequence[dict]):

self.runner.call_hook (

'before_val_iter', batch_idx=idx, data_batch=data_batch)
# outputs should be sequence of BaseDataElement
with autocast (enabled=self.fpl6):

outputs = self.runner.model.val_step(data_batch)
self.evaluator.process (data_samples=outputs, data_batch=data_batch)
self.runner.call_hook (

'after_val_iter',

batch_idx=idx,

data_batch=data_lbatch,

outputs=outputs)

6.6. {REIFN
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https://mmengine.readthedocs.io/en/latest/design/evaluation.html
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o423l

A VI B PRATAE SO R I 25 5. AEX R DR, BT %A Runner, A7 HME Evaluator I
H offline_evaluate () L.

— M

from mmengine.evaluator import Evaluator

from mmengine.fileio import load

evaluator = Evaluator (metrics=dict (type='Accuracy', top_k=(1, 5)))

data = load('test_data.pkl")

predictions = load('prediction.pkl")

results = evaluator.offline_evaluate (data, predictions, chunk_size=128)

6.6.2 MMSelfSup SEy¥El

FEFNGRIIE], PO S BRI, B DA 55 S A P

TE L E D 0 1], PO 2Rt B 75 B A ) R AT 55 oK PP I M BB, Bl classification, detection,
segmentation %. EUAEH HALAY OpenMMLab 1 & iz 47 T iFAL 45, B4 MMClassification B
MMDetection, BEfIEASLF T H T EE.

B2 MMSelfSup 1523 T H28 5 7 LA TFI B g 24 S8 M55, a0 R Pn:
e knn_classifier ()

FTFITE knn 208 F000 ) AERR 1, - HH T KNN evaluation.

topl, top5 = knn_classifier(train_feats, train_labels, val_feats,

val_labels, k, args.temperature)

¢ ResLayerExtraNorm

HIEARE) ResLayer I T#SMIRIVE, I7E mmdetection 2 ifERD & H 1 .

model = dict (
backbone=.. .,
roi_head=dict (
shared_head=dict (
type='ResLayerExtraNorm',

norm_cfg=norm_cfg,

(FItakss)
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MMSelfSup, %% 1.0.0

(£ 50

norm_eval=False,

style="pytorch')))

6.6.3 B3E LT

T #5 Metric Ml Evaluator B B &SP, #6443 I, MMEngine Doc

6.7 Il%x518

o AT E
- #)F (Hook)
* N2
* BN T
* MMEngine ¥ 23484 % 4T
* MMSelfsup * 523004 ) F
- R
* RIS
Z 4| PyTorch ¥ 309 H A%
- BHELE
- MMSelfsup b 34 R1C 3
* AR ATH
- AR
- AR Ao
- B FREHTE (AMP) Y| %5
* ik g

- MMSelfsup F =L a9 H#) 1% 5

?‘,ﬂ

o

Y/
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6.7.1 §3F (Hook)

43
)AL OpenMMLab FFFSAEFE ) VZ M, #ATE Runner o1, A DURAAE IR A L B Ay
SR GEAT DA AR 56 SR TR K TR E LA R
7 HATE Runner WG A RETAE. H 08 T 325 B
* BRI\ (default hooks)
EEH T Runner BRIATEM, HIDASSHl—SL LA RE, I BLEABIAMMRSER, oA P a1 BN
s & X T (custom hooks)

HE X8 Tl custom_hooks YN % K F, X L8441 RN T I REIY SR, H HL5 ZAEHC & SO P 2
PRIedk. A T E B T RIS, WIBIAE UL 2B NORMAL.

gz
PICRIE T 8T HRAT IR FEWZRZ BT, H G SATE A B Bar 8 7 i AT, O R
BRIAESF

AR W49 i MMEngine Fiffjregister_default_hooks SEPIFAE default FREfT T30}

MMEngine SrstElayE AEF

{E MMEngine HE LSBT 241, E11E

MMSelfsup thseIpaY §9-5

{E MMSelfsup 1 V45080 17— 28441, BATE
* DeepClusterHook

¢ DenseCLHook

ODCHook
o SimSiamHook
e SwAVHook
54n:
PADenseCLHook R, X444 5 T DenseCL 1] loss_lambda Fiidit.

loss_lambda s B —FIHHE X LR 3 R ACE. BRIAESR 0.5.
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losses = dict ()
losses['loss_single'] loss_single * (1 - self.loss_lambda)
losses['loss_dense'] = loss_dense * self.loss_lambda

DenseCLHook SEPANT:

@HOOKS . register_module ()

class DenseCLHook (Hook) :

def before_train_iter(self,
runner,
batch_idx: int,

data_batch: Optional[Sequence[dict]] = None) -> None:

cur_iter = runner.iter
if cur_iter >= self.start_iters:
get_model (runner.model) .loss_lambda = self.loss_lambda

else:

Il
o

get_model (runner.model) .loss_lambda

74 F B #F MMEngine 5 MMSelfsup 182, AT DA B4 BOe B R A B X N8 7, R e

custom_hooks = [

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

I 4n{#i ] DenseCLHook, start_iters & 500:

custom_hooks = [

dict (type='DenseCLHook', start_iters=500)
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6.7.2 fii{LzE

NHPFELL 3 AR R RIS T Ui . LA BRI i g
fR1Lzs
ZE#l PyTorch ZTHia9{1L 28

FATE 4+ T PyTorch LAY BT A AL #S, T3 mmengine/optim/optimizer/builder.py. &%
i BB A, 3 SERRAC SO optimizer FFEL

BN, 228 H SGD, W A] FEF 740 S & k.

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

TEURIAY A R, AFTMACRRCE B 1 . [FIdn] AR PyTorch f) API doc BB E HABS AL

B, R s A 40 PyTorch A7 torch.optim.Adam(params, 1r=0.001, betas=(0.9, O.
999), eps=1e-08, weight_decay=0, amsgrad=False) [ Adam i¥%®, ALE WV i%E HFE:

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

— amsgrad=False)

SHEE

A LEREAE L AL IS AT BB — LEA4 o 1 S RO, BN 75 2OR B ZE Y I 3] Bat chNorm 2 HI%E—ZHY
bias H. Ry TAEHHHIECE E AT, FATAT A L4811 paramwise_cfg.

B, £ MAE , F-{TAZENT 1n, bias, pos_embed, mask_token il cls_token ZEBE0W A E R, I
ATTAT DAfSE FH DA B S

optimizer = dict(
type='AdamW', lr=1.5e-4 * 4096 / 256, betas=(0.9, 0.95), weight_decay=0.05)
optim_wrapper = dict (
type="'OptimWrapper',
optimizer=optimizer,
paramwise_cfg=dict (
custom_keys={
'"In': dict (decay_mult=0.0),
'bias': dict (decay_mult=0.0),
'pos_embed': dict (decay_mult=0.),
'mask_token': dict (decay_mult=0.),
'cls_token': dict (decay_mult=0.)
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https://pytorch.org/docs/stable/optim.html?highlight=optim#module-torch.optim
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MMSelfsup spseH i1t 2s

* LARS

4 7 PyTorch SZHLIUAEAL R Z Ah, TATAAE mmselfsup/engine/optimizers/lars.py FSLH T —4
FEMIPILARS, Sk SGD L8 T 432 H 3 B 2% > SR K

optimizer = dict (type='LARS', lr=4.8, momentum=0.9, weight_decay=1le-6)

VAR FIE

W1 PyTorch fiALaS U EAIIRESD, FATAIRML T —LENSRIIBE, (I AnPH Ry, B8R 2, AR ARG I %
& WEZH11E 5% MMEngine.

BER

HHEIFATLE optim_wrapper HXF clip_grad k5, 0] PAZ#% OptimWrapper A1 PyTorch Documenta-
tion SCHY TR Z 4L F e — -1

optimizer = dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001)
optim_wrapper = dict (
type='OptimWrapper',
optimizer=optimizer,
clip_grad=dict (
max_norm=0.2,
norm_type=2))

# norm_type: type of the used p-norm, here norm_type is 2.

IR clip_grad A4 None, E¥fi& torch.nn.utils.clip_grad.clip_grad_norm_ () HIZ%L.

BERN

UUA R ITIRI, N BEBLE S — A/ ML R, X T RE S PRSI R PERE. B 2T DA SR A
PILA [

N AT

train_dataloader = dict (batch_size=64)

optim_wrapper = dict (
type='OptimWrapper',
optimizer=optimizer,

accumulative_counts=4)

AT FARTENNZRIVIE], B 4 4 iter JEAT— IR B A4 HF H LR A T
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https://github.com/open-mmlab/mmengine/blob/main/mmengine/optim/optimizer/optimizer_wrapper.py
https://github.com/open-mmlab/mmengine/blob/main/mmengine/optim/optimizer/optimizer_wrapper.py#L17
https://pytorch.org/docs/stable/generated/torch.nn.utils.clip_grad_norm_.html
https://pytorch.org/docs/stable/generated/torch.nn.utils.clip_grad_norm_.html
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train_dataloader = dict (batch_size=256)

optim_wrapper = dict (
type='OptimWrapper',
optimizer=optimizer,

accumulative_counts=1)

BahREHRE (AMP) il

optimizer = dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001)

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

AmpOpt imWrapper H1 loss_scale FIEHAIREZ dynamic.

faiges
Py i A B AR S AU A, 00 A0 4% 528 DA JE il A ] 2 i 2 8. B SO optim_wrapper [

paramwise_cfq PRl A e .

MMSelfsup shscIpIfiE2E

* LearningRateDecayOptim WrapperConstructor

LearningRateDecayOptimWrapperConstructor N F T MZHKIA R EIREAF L2 %, HE: Hul,
TEAMIAL B 3 282k VAT, Swin, MixMIM 4 27

— M

optim_wrapper = dict (
type="AmpOptimWrapper"',
optimizer=dict (
type="AdamW', lr=5e-3, model_type='swin', layer_decay_rate=0.9),
clip_grad=dict (max_norm=5.0),
paramwise_cfg=dict (
norm_decay_mult=0.0,
bias_decay_mult=0.0,
custom_keys={
'.absolute_pos_embed': dict (decay_mult=0.0),

.relative_position_bias_table': dict (decay_mult=0.0)

1)y

constructor="mmselfsup.LearningRateDecayOptimWrapperConstructor"')

V=¥ JE LearningRateDecayOptimWrapperConstructor ®, paramwise_cfg H ¥ #F
weight_decay B HE X.
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6.8 )5

o R
- MK
AR EAERF MMSelfSup BHCH A SR H, IR AL T AE .

6.8.1 ik

WIAVESEIET, BRAY Loss IRMIAIIIR I 1% dict 287,
24/ MAE {51

class MAE (BaseModel) :
mn ”MAE .

Implementation of "Masked Autoencoders Are Scalable Vision Learners

<https://arxiv.org/abs/2111.06377>"_.

meen

def extract_feat(self, inputs: List[torch.Tensor],

**kwarg) —> Tuple[torch.Tensor]:

def loss(self, inputs: List[torch.Tensor],
data_samples: List[SelfSupDataSample],
**kwargs) —> Dict[str, torch.Tensor]:

"""The forward function in training.

Args:
inputs (List[torch.Tensor]): The input images.
data_samples (List[SelfSupDataSample]): All elements required

during the forward function.

Returns:

Dict[str, torch.Tensor]: A dictionary of loss components.
mrrn
# ids_restore: the same as that in original repo, which is used

# to recover the original order of tokens in decoder.

latent, mask, ids_restore = self.backbone (inputs[0])
pred = self.neck(latent, ids_restore)
loss = self.head(pred, inputs[0], mask)
losses = dict (loss=loss)
(N gker)
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return losses

& MAE FAIE [ R ), XA~ MAE . Loss O sRECRHBER I T IH AR IR X A5 AR
BOATEL T, A dict PRYBAER Loss (HRf, A 2T R 64k, MRAIRAFIAT Z 2 AR, /RATPA

IE 2 S AROE PRSI

class YourAlgorithm (BaseModel) :

def loss{():
losses['loss_1'"] = loss_1
losses['loss 2'"] = loss_2
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CHAPTER /

HERRBEX

7.1 FRINRR

EAZRE Y, AT ENFOIER 7 B @ B EAL IR, fe2E 3008 5w Bz ml, Sl T —
3 Emodels.md AR EEA MRS . SEPT DA E & Smodels.md SCHE S R BT A BBV, a0 32 T4
(backbone), neck, head FiiJ: (loss).

o IR

- W eEThy £ &

IS F Y neck

Ao b4 head

A/ RGP
A AR

7.1.1 FNFHEEF ML

BN 2R 2853 ) =T M 4% NewBackbone,

1. Frg—A 3 mmselfsup/models/backbones/new_backbone.py H¥EH A LB A £ T W 4%

NewBackbone,
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import torch.nn as nn

from mmselfsup.registry import MODELS

@MODELS . register_module ()
class NewBackbone (nn.Module) :
def _ init_ (self,

*args, **kwargs):

pass
def forward(self, x): # should return a tuple

pass

def init_weights(self):
pass
def train(self, mode=True) :

pass

2. B AN ET M3 mmselfsup/models/backbones/__init_ .

I

from .new_backbone import NewBackbone

'NewBackbone',

3. AERCE S B E S T M4

model

dict (

backbone=dict (
type="'NewBackbone',
)
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7.1.2 FnEHHEY neck

0] DA I 447K mmengine F1) BaseModule AR neck, I HEE XHAH) forward %, HAE
mmengine FH G — IR EW MG O, SR DA init_cfg RIGEVIRICRERISEL, s T AE & L
PR init_weights QIAREABEMH B E XoHaE .

A B A 1 neck HAE mmsel fsup/models/necks W, {RUNEZEA]EEHHY neck NewNeck,

1. HrE— X mmselfsup/models/necks/new_neck.py FHFEH LI NewNeck,

from mmengine.model import BaseModule

from mmselfsup.registry import MODELS

@MODELS . register_module ()

class NewNeck (BaseModule) :

def __init__ (self, *args, **kwargs):
super () .__init__ ()
pass

def forward(self, x):

pass

FREAE forward BRECHIEI—LLET X T M 28 th Y BRAE, IR R4S head.

2. B AHTE L neck B F| mmselfsup/models/necks/__init__ .py.

from .new_neck import NewNeck

'NewNeck',

3. AERCESCIE A F E LAY neck BB

model = dict (

neck=dict (
type="'NewNeck',
<)

(QEA)
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7.1.3 #HFHHR) head

] PAE T 447K mmengine HFAY BaseModule RAIHHHY head, - HEE LHHH) forward B,
BTG B4 1) head HJAF mmselfsup/models/heads . {RANGAEEG] 722571 head NewHead,

1. B} mmselfsup/models/heads/new_head.py HFFEHE PSP NewHead,

from mmengine.model import BaseModule

from mmselfsup.registry import MODELS

@MODELS.register_module ()

class NewHead (BaseModule) :

def _ _init__ (self, loss, **kwargs):
super () .__init__ ()
# build loss
self.loss = MODELS.build(loss)

# other specific initializations

def forward(self, *args, **kwargs):

pass

EFTEAE forward AP SLBL—LBBH RS 1T 4% 5k neck fiy 34, TSR . HEE, BURBLER Y
A head LB AP DABEA TR H

2. ¥ mmselfsup/models/heads/__init_ .py TS AFAIEH) head £,

from .new_head import NewHead

'NewHead',

3. AERCESCIF A E E XY head,
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model = dict (

head=dict (
type="'NewHead',
Y

7.1.4 FmEnRK

INIHT I 2% pR B, F- BT AT loss iR P SCI forward pRER. [FITERTRZERF loss BIHLYENT (register)
>N MODELS,

B 2 B R BRECHRTE mmse 1 £sup/models/losses W1, [RINGEAHEIEF R K NewLoss.

1. B mmselfsup/models/losses/new_loss.py FHFEH P LI NewLoss.,

from mmengine.model import BaseModule

from mmselfsup.registry import MODELS

@MODELS . register_module ()

class NewLoss (BaseModule) :

def __init__(self, *args, **kwargs):
super () .__init__ ()
pass

def forward(self, *args, **kwargs):

pass

2. ¥ mmselfsup/models/losses/__init__ .py PRAFE X loss bk,

from .new_loss import NewLoss

'NewLoss',

3. AERCE SRR B E LY loss B
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model = dict (

head=dict (

loss=dict (
type='NewLoss',
)
Y

7.1.5 HEEEK

TERIE EAR A MRAEZ 5, FATTE LR — S RTA NewAlgorithm HRF A A% I 2 4RI
JPAlEER . NewAlgorithm (] BARIEI BN i AT i th 45 s B{E 45 LAk 2% (optimizer).

1. B mmselfsup/models/algorithms/new_algorithm.py H{FH LI NewAlgorithm,

from mmselfsup.registry import MODELS

from .base import BaseModel

@MODELS . register_module ()
class NewAlgorithm (BaseModel) :

def _ _init__ (self, backbone, neck=None, head=None, init_cfg=None) :
super () .__init__ (init_cfqg)
pass

def extract_feat (self, inputs, **kwargs):

pass

def loss(self, inputs, data_samples, **kwargs):

pass

def predict (self, inputs, data_samples, **kwargs):

pass

2. JE mmselfsup/models/algorithms/__init__ .py PRAGE R EERE NewAlgorithm,

from .new_algorithm import NewAlgorithm

_all = [

(Rt
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'NewAlgorithm',

3. FERCE SR T A R SR SR

model = dict (

type='NewAlgorithm',

backbone=.. .,
neck=...,
head=.. .,

7.2 HRMBUESE

TEARZAEY, RAONA T A & CHIRENREALIR. 008 2 CHiREZ T, Bl
{Hdatasets.md YPEAREE ) FEEANE S,

o PG E
- BRI A EAEE
— WIR 2: B0 B AR B _init__py
- PR 3 S HELE LA

AR RIS EALAT A SO, 0T LA fl datasers direcrory BB R AR . (BT iX 2L 3]
AR, RS A B S e A Btn e Bk AR K

KT R G, BUGESG MMClassification %2,

721 SR 1: QIBBHESR

SR PASEI-— N E I ER S, B4KK 1 MMClassification f) CustomDataset, T EEHII%:.

AN B AR HE SN NewDataset, W PAYE mmselfsup/datasets FAJE X new_dataset.py I
TEHHSEILH 5 R4 NewDataset,

from typing import List, Optional, Union

from mmcls.datasets import CustomDataset

(FIakss)
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from mmselfsup.registry import DATASETS

@DATASETS .register_module ()

class NewDataset (CustomDataset) :

IMG_EXTENSIONS = ('.jpg', '.jpeg', '.png', '.ppm', '.bmp', '.pgm', '.tif'")

def _ init_ (self,
ann_file: str = "',
metainfo: Optional[dict] = None,
data_root: str = '"'",
data_prefix: Union[str, dict] = "'"',
**kwargs) —> None:
kwargs = {'extensions': self.IMG_EXTENSIONS, **kwargs}
super () .__init__ (
ann_file=ann_file,
metainfo=metainfo,
data_root=data_root,
data_prefix=data_prefix,

**kwargs)

def load_data_list (self) —-> List[dict]:
# Rewrite load_data_list () to satisfy your specific requirement.
# The returned data_list could include any information you need from

# data or transforms.

# writing your code here

return data_list

722 ] 2: FMBIEEER __init__py

IR NewDataset AT mmselfsup/dataset/__init_ .py P, UWREAESEA, N NewDataset
WA (register) 2

from .new_dataset import NewDataset

all = [

., 'NewDataset'
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7.2.3 HIR 3 1EECE N

/i NewDataset W}, BEAIPAZE T MG SORE B30T

train_dataloader = dict (

dataset=dict (
type='NewDataset',
data_root=your_data_root,
ann_file=your_data_root,
data_prefix=dict (img_path="train/"),

pipeline=train_pipeline))

7.3 FRINEIETE iR

TEARBRES, RAVGENFONE B E L FERP AL IR, fE 003 3 @ ki 2w, Bile T
{Htransforms.md FRFEJR A B AR S o

o AR ARAE TR

2 SRRk 1
* IR 2: WA EERIN A0 F] _init_py

i I -

7.3.1 EiEHhR

ff. Dataset Wi, Pipeline W@ —NEBHM, F 2 0 TT0 KB — 2 5 Bodh g 38, B4

RandomResizedCrop, RandomFlip ZE#4E,

PATF U2 Pipeline I SimCLR IR AL E R Bil:

view_pipeline = [
dict (type='RandomResizedCrop', size=224, backend='pillow'),
dict (type='RandomFlip', prob=0.5),
dict (
type='RandomApply',
transforms=[
dict (

type='ColorJitter',

(FIakss)
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(£ 50

brightness=0.8,
contrast=0.8,
saturation=0.8,
hue=0.2)
1,
prob=0.8),
dict (
type='RandomGrayscale',
prob=0.2,
keep_channels=True,
channel_weights=(0.114, 0.587, 0.2989)),

dict (type='RandomGaussianBlur', sigma_min=0.1, sigma_max=2.0, prob=0.5),

train_pipeline = [
dict (type='LoadImageFromFile', file_client_args=file_client_args),
dict (type='MultiView', num_views=2, transforms=[view_pipeline]),

dict (type='PackSelfSupInputs', meta_keys=["'img_path'])

TEX A Pipeline 1, S ANEEISRIZIC— A dict , BATVE A AR H 20, £ FMGIG5E DA K AR 5¢
AR dict .

7.3.2 HEEPLIENENR

PATR R B R A 3R

SR 1: QIBER

1E processing.py 45— ASBIIIFEIRE, HAER P E R IX D transform pREL, XA REIZIC—A dict %)
2, IR E— dict ¥H

@TRANSFORMS . register_module ()
class NewTransform (BaseTransform) :

"""Docstring for transform.

mn

def transform(self, results: dict) -> dict:
# apply transform

return results

TERL: XTIk S S B, FET AR mmev H Y R R
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E] 2: BEBEIRAME __init__py

SRIG, RS N E] __init__py

from .processing import NewTransform,

all = [

., 'NewTransform'

SR 3 EHEENH

LB NewTrans form, JRAT AR LA 8977 348 e e B S

view_pipeline = [
dict (type='RandomResizedCrop', size=224, backend='pillow'),
dict (type='RandomFlip', prob=0.5),
# add ‘NewTransform®
dict (type='NewTransform'),
dict (
type="'RandomApply',
transforms=|
dict (
type='ColorJitter’,
brightness=0.8,
contrast=0.8,
saturation=0.8,
hue=0.2)
1s
prob=0.8),
dict (
type='RandomGrayscale',
prob=0.2,
keep_channels=True,
channel_weights=(0.114, 0.587, 0.2989)),

dict (type='RandomGaussianBlur', sigma_min=0.1, sigma_max=2.0, prob=0.5),

train_pipeline = [
dict (type="'LoadImageFromFile', file_client_args=file_client_args),
dict (type='MultiView', num_views=2, transforms=[view_pipeline]),

dict (type='PackSelfSupInputs', meta_keys=['img_path'])

7.3. MBI 87
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7.4 BELEST

TS e

a3 (Loop)

£ (Hook)

* IR AlE—AFAT
* W2 FAHNHT

* S 3 SHEE

A3 (Optimizer)

*RAABOEE

*
3F
@
LT

— 1A/ % (Scheduler)

TEAZRET, FATHNG X TURESH A€ SGafri Tk,

7.4.1 & (Loop)

Loop Fnillgh. Biubsiiiin) TAER, FAEH train_cfg,val_cfg fil test_cfg RHE Loop.

vk

# Use EpochBasedTrainLoop to train 200 epochs.
train_cfg = dict (type='EpochBasedTrainLoop', max_epochs=200)

MMEngine 5& ST LA EEASHIIEER . AR E SCROPERR AN R 755K, Pl DASEBE B 5E SRR R

7.4.2 $5F (Hook)

e 2] QI E T2 0T, G~ S Fengine. md Hh T84 1 BB AR

SR1: QIB—-IHETF

AR T8 H Y, G AR SR Y 5 a5 S B R A R

B, AR ARSI SRR AR LA T S S B A B DI GRS B SO SO E, T AL —
AFEUPA T 8T
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# Copyright (c) OpenMMLab. All rights reserved.

from typing import Optional, Sequence

from mmengine.hooks import Hook

from mmselfsup.registry import HOOKS

from mmselfsup.utils import get_model

@HOOKS . register_module ()
class NewHook (Hook) :

"""Docstring for NewHook.

mn

def _ init_ (self, a: int, b: int) -> None:
self.a = a

self.b = Db

def before_train_iter (self,
runner,

batch_idx: int,

data_batch: Optional[Sequence[dict]] = None) -> None:
cur_iter = runner.iter
get_model (runner.model) .hyper_parameter = self.a * cur_iter + self.Db

SR 2: FAFTBBTF

IR IG IR TEE 5 NewHook 285 A . #iX NewHook F mmselfsup/engine/hooks/new_hook.py
B, AR 5 mmsel fsup/engine/hooks/__init__ .py fF:

from .new_hook import NewHook

_all_

Il
—

., NewHook]
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S]R3: EHEEXH

custom_hooks = [

dict (type="'NewHook', a=a_value, b=b_value)

Lk n] PAFE IR AR T 2N TR e gt

custom_hooks = [

dict (type='NewHook', a=a_value, b=b_value, priority='ABOVE_NORMAL")

PR OT, RN, SR e gpiis o NORMAL,

7.4.3 {1t 2% (Optimizer)

TE H E AU BLE 2 AT, BUEaE T S Fengine. md A SATALAR I B AR -
PATR 2 SGD {lEAbar iRl :

optimizer = dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001)

M5 FF PyTorch R ifbds. LA, 73 WMMEngine {i {45 S0k

PRl AJob

Pitbas b AR AL T B EEUINZR AU RE R B SR SR NGRS — 3 0 . AN 24> optim_wrapper
LN ORN

optimizer = dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001)

optim_wrapper = dict (type='OptimWrapper', optimizer=optimizer)

BEAh, AR GEAREN T A SR AR RIS, WA EIRAYICE, BN

optimizer = dict (type='SGD', 1lr=0.01, momentum=0.9, weight_decay=0.0001)

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

AmpOpt imWrapper M) loss_scale PEHARE N dynamic,
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https://github.com/open-mmlab/mmengine/blob/main/docs/zh_cn/tutorials/optim_wrapper.md
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HiEss

MEds BEM AR, eIt A CARZEWES . BE X+ optim_wrapper [
paramwise_cfqg @RI H E L.

B RARGIFEAGE R, 2 IWMMEngine {IL1b#§ SCR

AN, FATATPAREA custom_keys R R [RIBLHLR B AN A AT S50

PARE MAE ] optim_wrapper /~fil. PAFECE ¥ pos_embed, mask_token, cls_token HiELFI144 FR
% 1n Al bias AYHBLE R AL E WA ek A E o 0. FEUIZRd ARy, X SUBTH A A 3 DK 2

weight_decay * decay_mult,

optimizer = dict(
type="'Adamw', lr=1.5e-4 * 4096 / 256, betas=(0.9, 0.95), weight_decay=0.05)
optim_wrapper = dict (
type="'OptimWrapper',
optimizer=optimizer,
paramwise_cfg=dict (
custom_keys={
'In': dict (decay_mult=0.0),
'bias': dict (decay_mult=0.0),
'pos_embed': dict (decay_mult=0.),
'mask_token': dict (decay_mult=0.),
'cls_token': dict (decay_mult=0.)
1))

BEAh, X AR E B, AT AGE A R SRR R AR sS4 i, PAT 2 SimCLR 11
P :

optimizer = dict (type='LARS', 1lr=0.3, momentum=0.9, weight_decay=1le-6)
optim_wrapper = dict (
type='OptimWrapper',
optimizer=optimizer,
paramwise_cfg=dict (
custom_keys={
'bn': dict (decay_mult=0, lars_exclude=True),
'bias': dict (decay_mult=0, lars_exclude=True),
# bn layer in ResNet block downsample module
'downsample.l1': dict (decay_mult=0, lars_exclude=True),

1))

1E LARS fifbdi, FA1A lars_exclude $EHORHE S EIM)ZZE N LARS b k.
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7.4.4 FE2E (Scheduler)

e H € SCHEZABCE 2 A, #HUE ] MMEngine SCR H T IR BEEAR IR AR
PATR &R AR 7 B -

param_scheduler = [

dict (
type='LinearLR"',
start_factor=le-4,
by_epoch=True,
begin=0,
end=40,
convert_to_iter_based=True),
dict (
type='CosineAnnealingLR"',
T_max=360,
by_epoch=True,
begin=40,
end=400,

convert_to_iter_based=True)

R UEHEW train_cfg F¥ max_epochs i, HH{RFEHME param_scheduler HFRJESEL,
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CHAPTER 8

RE ERHRICE

* Number of papers: 24
— Algorithm: 24
* Number of checkpoints: 81
— [Algorithm] Bootstrap your own latent: A new approach to self-supervised Learning (2 ckpts)
— [Algorithm] Deep clustering for unsupervised learning of visual features (1 ckpts)
— [Algorithm] Dense contrastive learning for self-supervised visual pre-training (2 ckpts)
— [Algorithm] Momentum Contrast for Unsupervised Visual Representation Learning (1 ckpts)
— [Algorithm] Improved Baselines with Momentum Contrastive Learning (2 ckpts)
— [Algorithm] An Empirical Study of Training Self-Supervised Vision Transformers (13 ckpts)
— [Algorithm] Unsupervised Feature Learning via Non-Parametric Instance Discrimination (2 ckpts)
— [Algorithm] Online deep clustering for unsupervised representation learning (1 ckpts)
— [Algorithm] Unsupervised visual representation learning by context prediction (2 ckpts)
— [Algorithm] Unsupervised representation learning by predicting image rotations (2 ckpts)
— [Algorithm] A simple framework for contrastive learning of visual representations (6 ckpts)
— [Algorithm] Exploring simple siamese representation learning (4 ckpts)
— [Algorithm] Unsupervised Learning of Visual Features by Contrasting Cluster Assignments (2 ckpts)

— [Algorithm] Masked Autoencoders Are Scalable Vision Learners (11 ckpts)
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— [Algorithm] SimMIM: A Simple Framework for Masked Image Modeling (6 ckpts)

— [Algorithm] Barlow Twins: Self-Supervised Learning via Redundancy Reduction (2 ckpts)

— [Algorithm] Context Autoencoder for Self-Supervised Representation Learning (2 ckpts)

— [Algorithm] Masked Feature Prediction for Self-Supervised Visual Pre-Training (2 ckpts)

— [Algorithm] BEiT: BERT Pre-Training of Image Transformers (2 ckpts)

— [Algorithm] MILAN: Masked Image Pretraining on Language Assisted Representation (3 ckpts)

— [Algorithm] BEiT v2: Masked Image Modeling with Vector-Quantized Visual Tokenizers (2 ckpts)
— [Algorithm] EVA: Exploring the Limits of Masked Visual Representation Learning at Scale (3 ckpts)

— [Algorithm] MixMIM: Mixed and Masked Image Modeling for Efficient Visual Representation Learning (2
ckpts)

— [Algorithm] PixMIM: Rethinking Pixel Reconstruction in Masked Image Modeling (6 ckpts)
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CHAPTER 9

EBi)E

ASER T NS 22 MMSelfSup SCHFRUBIAUAITR 7> R UL 55 B PPl E5 23 .
.
— Tt i

* ImageNet

9.1 TiES

9.1.1 ImageNet

ImageNet £ Z A, Aidfew )2 ILSVRC 2012, FATHME T BT 2 RATA R ORI 7 JE 45 2R
TR TPASFIGR , [ AR S
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cHAPTER 10

BarlowTwins

Barlow Twins: Self-Supervised Learning via Redundancy Reduction

10.1 Abstract

Self-supervised learning (SSL) is rapidly closing the gap with supervised methods on large computer vision benchmarks.
A successful approach to SSL is to learn embeddings which are invariant to distortions of the input sample. However, a
recurring issue with this approach is the existence of trivial constant solutions. Most current methods avoid such solutions
by careful implementation details. We propose an objective function that naturally avoids collapse by measuring the cross-
correlation matrix between the outputs of two identical networks fed with distorted versions of a sample, and making it as
close to the identity matrix as possible. This causes the embedding vectors of distorted versions of a sample to be similar,
while minimizing the redundancy between the components of these vectors. The method is called Barlow Twins, owing
to neuroscientist H. Barlow’ s redundancy-reduction principle applied to a pair of identical networks. Barlow Twins does
not require large batches nor asymmetry between the network twins such as a predictor network, gradient stopping, or a
moving average on the weight updates. Intriguingly it benefits from very high-dimensional output vectors. Barlow Twins
outperforms previous methods on ImageNet for semi-supervised classification in the low-data regime, and is on par with
current state of the art for ImageNet classification with a linear classifier head, and for transfer tasks of classification and

object detection.
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10.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.

10.2.1 Classification

The classification benchmarks includes 1 downstream task datasets, ImageNet. If not specified, the results are Top-1
(%).

ImageNet Linear Evaluation

The Featurel - Feature5 don’ t have the GlobalAveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-90e.py for details

of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after Global AveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.

10.3 Citation

@inproceedings{zbontar202lbarlow,
title={Barlow twins: Self-supervised learning via redundancy reduction},
author={Zbontar, Jure and Jing, Li and Misra, Ishan and LeCun, Yann and Deny, St{\
—'e}phane},
booktitle={International Conference on Machine Learning},

year={2021},
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https://github.com/open-mmlab/mmselfsup/blob/main/configs/benchmarks/classification/imagenet/resnet50_mhead_linear-8xb32-steplr-90e_in1k.py

cHAaPTER 11

BEIT

BEiT: BERT Pre-Training of Image Transformers

11.1 Abstract

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

86.3% only using ImageNet- 1K, even outperforming ViT-L with supervised pre-training on ImageNet-22K (85.2%).
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11.2 Models and Benchmarks

Here, we report the results of the model on ImageNet, the details are below:

11.3 Citation

@inproceedings{bao2022beit,
title={{BE}iT: {BERT} Pre-Training of Image Transformers},
author={Hangbo Bao and Li Dong and Songhao Piao and Furu Wei},
booktitle={International Conference on Learning Representations},

year={2022},
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cHAPTER 12

BEIT v2

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

12.1 Abstract

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

During trainig, the VOKD target generator will download VQ-KD model automatically. Besides, You could also download
VQ-KD model from this link manually.

Here, we report the results of the model on ImageNet, the details are below:

12.3 Citation

@article{beitv2,
title={{BEiT v2}: Masked Image Modeling with Vector-Quantized Visual Tokenizers},
author={Zhiliang Peng and Li Dong and Hangbo Bao and Qixiang Ye and Furu Wei},
journal={ArXiv},

year={2022}
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https://download.openmmlab.com/mmselfsup/1.x/target_generator_ckpt/vqkd_encoder.pth

cHAPTER 13

BYOL

Bootstrap your own latent: A new approach to self-supervised Learning

13.1 Abstract

Bootstrap Your Own Latent (BYOL) is a new approach to self-supervised image representation learning. BYOL relies
on two neural networks, referred to as online and target networks, that interact and learn from each other. From an
augmented view of an image, we train the online network to predict the target network representation of the same image
under a different augmented view. At the same time, we update the target network with a slow-moving average of the

online network.

13.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.
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13.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.

13.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.
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Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

13.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.

13.3 Citation

@inproceedings{grill2020bootstrap,
title={Bootstrap your own latent: A new approach to self-supervised learning},
author={Grill, Jean—-Bastien and Strub, Florian and Altch{\'e}, Florent and Tallec, .
—Corentin and Richemond, Pierre H and Buchatskaya, Elena and Doersch, Carl and Pires,
— Bernardo Avila and Guo, Zhaohan Daniel and Azar, Mohammad Gheshlaghi and others},
booktitle={NeurIPS},
year={2020}

13.3. Citation 105
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cHAPTER 14

CAE

Context Autoencoder for Self-Supervised Representation Learning

14.1 Abstract

We present a novel masked image modeling (MIM) approach, context autoencoder (CAE), for self-supervised learning.
We randomly partition the image into two sets: visible patches and masked patches. The CAE architecture consists of
(i) an encoder that takes visible patches as input and outputs their latent representations, (ii) a latent context regressor that
predicts the masked patch representations from the visible patch representations that are not updated in this regressor, (iii)
a decoder that takes the estimated masked patch representations as input and makes predictions for the masked patches,
and (iv) an alignment module that aligns the masked patch representation estimation with the masked patch representations
computed from the encoder. In comparison to previous MIM methods that couple the encoding and decoding roles, e.g.,
using a single module in BEiT, our approach attempts to separate the encoding role (content understanding) from the
decoding role (making predictions for masked patches) using different modules, improving the content understanding
capability. In addition, our approach makes predictions from the visible patches to the masked patches in the latent
representation space that is expected to take on semantics. In addition, we present the explanations about why contrastive
pretraining and supervised pretraining perform similarly and why MIM potentially performs better. We demonstrate the
effectiveness of our CAE through superior transfer performance in downstream tasks: semantic segmentation, and object

detection and instance segmentation.
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14.2 Prerequisite

Create a new folder cae_ckpt under the root directory and download the weights for dalle encoder to that folder

14.3 Models and Benchmarks

Here, we report the results of the model, which is pre-trained on ImageNet-1k for 300 epochs, the details are below:

14.4 Citation

@article{CAE,
title={Context Autoencoder for Self-Supervised Representation Learning},
author={Xiaokang Chen, Mingyu Ding, Xiaodi Wang, Ying Xin, Shentong Mo,
Yunhao Wang, Shumin Han, Ping Luo, Gang Zeng, Jingdong Wang},
journal={ArXiv},

year={2022}
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cHAPTER 15

DeepCluster

Deep Clustering for Unsupervised Learning of Visual Features

15.1 Abstract

Clustering is a class of unsupervised learning methods that has been extensively applied and studied in computer vision.
Little work has been done to adapt it to the end-to-end training of visual features on large scale datasets. In this work, we
present DeepCluster, a clustering method that jointly learns the parameters of a neural network and the cluster assignments
of the resulting features. DeepCluster iteratively groups the features with a standard clustering algorithm, k-means, and

uses the subsequent assignments as supervision to update the weights of the network.

15.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.
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15.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM
The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer
is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

The AvgPool result is obtained from Linear Evaluation with GlobalAveragePooling. Please refer to resnet50_linear-
8xb32-steplr-100e_inlk for details of config.

Places205 Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

15.3 Citation

@inproceedings{caron2018deep,
title={Deep clustering for unsupervised learning of visual features},
author={Caron, Mathilde and Bojanowski, Piotr and Joulin, Armand and Douze, .
—Matthijs},
booktitle={ECCV},
year={2018}
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cHAPTER 106

DenseCL

Dense Contrastive Learning for Self-Supervised Visual Pre-Training

16.1 Abstract

To date, most existing self-supervised learning methods are designed and optimized for image classification. These pre-
trained models can be sub-optimal for dense prediction tasks due to the discrepancy between image-level prediction and
pixel-level prediction. To fill this gap, we aim to design an effective, dense self-supervised learning method that directly
works at the level of pixels (or local features) by taking into account the correspondence between local features. We present
dense contrastive learning (DenseCL), which implements self-supervised learning by optimizing a pairwise contrastive

(dis)similarity loss at the pixel level between two views of input images.

16.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.
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16.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.

16.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.
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Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

16.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.

16.3 Citation

@inproceedings{wang202ldense,
title={Dense contrastive learning for self-supervised visual pre-training},
author={Wang, Xinlong and Zhang, Rufeng and Shen, Chunhua and Kong, Tao and Li, Lei}
—r
booktitle={CVPR},
year={2021}
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CHAPTER 17

EVA

EVA: Exploring the Limits of Masked Visual Representation Learning at Scale

17.1 Abstract

We launch EVA, a vision-centric foundation model to explore the limits of visual representation at scale using only pub-
licly accessible data. EVA is a vanilla ViT pre-trained to reconstruct the masked out image-text aligned vision features
conditioned on visible image patches. Via this pretext task, we can efficiently scale up EVA to one billion parameters,
and sets new records on a broad range of representative vision downstream tasks, such as image recognition, video ac-
tion recognition, object detection, instance segmentation and semantic segmentation without heavy supervised training.
Moreover, we observe quantitative changes in scaling EVA result in qualitative changes in transfer learning performance
that are not present in other models. For instance, EVA takes a great leap in the challenging large vocabulary instance
segmentation task: our model achieves almost the same state-of-the-art performance on LVISv1.0 dataset with over a
thousand categories and COCO dataset with only eighty categories. Beyond a pure vision encoder, EVA can also serve as
a vision-centric, multi-modal pivot to connect images and text. We find initializing the vision tower of a giant CLIP from
EVA can greatly stabilize the training and outperform the training from scratch counterpart with much fewer samples
and less compute, providing a new direction for scaling up and accelerating the costly training of multi-modal foundation

models. To facilitate future research, we release all the code and models at this https URL.
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17.2 Models and Benchmarks

Here, we report the results of the model, which is pre-trained on ImageNet-1k for 400 epochs, the details are below:

17.3 Citation

Qarticle{fang2022eva,
title={Eva: Exploring the limits of masked visual representation learning at scale},
author={Fang, Yuxin and Wang, Wen and Xie, Binhui and Sun, Quan and Wu, Ledell and.
—Wang, Xinggang and Huang, Tiejun and Wang, Xinlong and Cao, Yue},
journal={arXiv preprint arXiv:2211.07636},
year={2022}
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cHAPTER 18

MAE

Masked Autoencoders Are Scalable Vision Learners

18.1 Abstract

This paper shows that masked autoencoders (MAE) are scalable self-supervised learners for computer vision. Our MAE
approach is simple: we mask random patches of the input image and reconstruct the missing pixels. It is based on two
core designs. First, we develop an asymmetric encoder-decoder architecture, with an encoder that operates only on the
visible subset of patches (without mask tokens), along with a lightweight decoder that reconstructs the original image
from the latent representation and mask tokens. Second, we find that masking a high proportion of the input image, e.g.,
75%, yields a nontrivial and meaningful self-supervisory task. Coupling these two designs enables us to train large models
efficiently and effectively: we accelerate training (by 3x or more) and improve accuracy. Our scalable approach allows for
learning high-capacity models that generalize well: e.g., a vanilla ViT-Huge model achieves the best accuracy (87.8%)
among methods that use only ImageNet-1K data. Transfer performance in downstream tasks outperforms supervised

pretraining and shows promising scaling behavior.
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18.2 Models and Benchmarks

18.3 Evaluating MAE on Detection and Segmentation

If you want to evaluate your model on detection or segmentation task, we provide a script to convert the model keys from

MMClassification style to timm style.

cd SMMSELFSUP

python tools/model_converters/mmcls2timm.py Ssrc_ckpt Sdst ckpt

Then, using this converted ckpt, you can evaluate your model on detection task, following Detectron2, and on semantic
segmentation task, following this project. Besides, using the unconverted ckpt, you can use MMSegmentation to evaluate

your model.

18.4 Citation

@article{He2021MaskedAA,
title={Masked Autoencoders Are Scalable Vision Learners},
author={Kaiming He and Xinlei Chen and Saining Xie and Yanghao Li and
Piotr Doll'ar and Ross B. Girshick},
journal={arXiv},

year={2021}
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cHAPTER 19

MaskFeat

Masked Feature Prediction for Self-Supervised Visual Pre-Training

19.1 Abstract

We present Masked Feature Prediction (MaskFeat) for self-supervised pre-training of video models. Our approach first
randomly masks out a portion of the input sequence and then predicts the feature of the masked regions. We study five
different types of features and find Histograms of Oriented Gradients (HOG), a hand-crafted feature descriptor, works
particularly well in terms of both performance and efficiency. We observe that the local contrast normalization in HOG
is essential for good results, which is in line with earlier work using HOG for visual recognition. Our approach can
learn abundant visual knowledge and drive large-scale Transformer-based models. Without using extra model weights
or supervision, MaskFeat pre-trained on unlabeled videos achieves unprecedented results of 86.7% with MViT-L on
Kinetics-400, 88.3% on Kinetics-600, 80.4% on Kinetics-700, 38.8 mAP on AVA, and 75.0% on SSv2. MaskFeat
further generalizes to image input, which can be interpreted as a video with a single frame and obtains competitive results

on ImageNet.
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19.2 Models and Benchmarks

Here, we report the results of the model on ImageNet, the details are below:

19.3 Citation

@InProceedings{wei2022masked,

author

—~Yuille, Alan and Feichtenhofer,

title
booktitle

year

{Wei, Chen and Fan, Haogi and Xie,

Christoph},

Saining and Wu,

Chao-Yuan and.

{Masked Feature Prediction for Self-Supervised Visual Pre-Training},

{CVPR},
{2022},
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cHAPTER 20

MILAN

MILAN: Masked Image Pretraining on Language Assisted Representation

20.1 Abstract

Self-attention based transformer models have been dominating many computer vision tasks in the past few years. Their
superb model qualities heavily depend on the excessively large labeled image datasets. In order to reduce the reliance
on large labeled datasets, reconstruction based masked autoencoders are gaining popularity, which learn high quality
transferable representations from unlabeled images. For the same purpose, recent weakly supervised image pretraining
methods explore language supervision from text captions accompanying the images. In this work, we propose masked
image pretraining on language assisted representation, dubbed as MILAN. Instead of predicting raw pixels or low level
features, our pretraining objective is to reconstruct the image features with substantial semantic signals that are obtained
using caption supervision. Moreover, to accommodate our reconstruction target, we propose a more efficient prompting
decoder architecture and a semantic aware mask sampling mechanism, which further advance the transfer performance
of the pretrained model. Experimental results demonstrate that MILAN delivers higher accuracy than the previous works.
When the masked autoencoder is pretrained and finetuned on ImageNet- 1K dataset with an input resolution of 224x224,
MILAN achieves a top-1 accuracy of 85.4% on ViTB/16, surpassing previous state-of-the-arts by 1%. In the downstream
semantic segmentation task, MILAN achieves 52.7 mloU using ViT-B/16 backbone on ADE20K dataset, outperforming

previous masked pretraining results by 4 points.

121


https://arxiv.org/pdf/2208.06049

MMSelfSup, %% 1.0.0

20.2 Models and Benchmarks

Here, we report the results of the model, which is pre-trained on ImageNet-1k for 400 epochs, the details are below:

20.3 Citation

@article{Hou2022MILANMI,
title={MILAN: Masked Image Pretraining on Language Assisted Representation},
author={Zejiang Hou and Fei Sun and Yen-Kuang Chen and Yuan Xie and S. Y. Kung},
journal={ArXiv},

year={2022}
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CHAPTER 2 1

MixMIM

MixMIM: Mixed and Masked Image Modeling for Efficient Visual Representation Learning

21.1 Abstract

In this study, we propose Mixed and Masked Image Modeling (MixMIM), a simple but efficient MIM method that is
applicable to various hierarchical Vision Transformers. Existing MIM methods replace a random subset of input tokens
with a special [MASK] symbol and aim at reconstructing original image tokens from the corrupted image. However, we
find that using the [MASK] symbol greatly slows down the training and causes training-finetuning inconsistency, due to
the large masking ratio (e.g., 40% in BEiT). In contrast, we replace the masked tokens of one image with visible tokens of
another image, i.e., creating a mixed image. We then conduct dual reconstruction to reconstruct the original two images
from the mixed input, which significantly improves efficiency. While MixMIM can be applied to various architectures,
this paper explores a simpler but stronger hierarchical Transformer, and scales with MixMIM-B, -L, and -H. Empirical
results demonstrate that MixMIM can learn high-quality visual representations efficiently. Notably, MixMIM-B with 88§M
parameters achieves 85.1% top-1 accuracy on ImageNet- 1K by pretraining for 600 epochs, setting a new record for neural
networks with comparable model sizes (e.g., ViT-B) among MIM methods. Besides, its transferring performances on the
other 6 datasets show MixMIM has better FLOPs / performance tradeoff than previous MIM methods
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21.2 Models and Benchmarks

Here, we report the results of the model on ImageNet, the details are below:

21.3 Citation

@article{MixMIM2022,
author = {Jihao Liu, Xin Huang, Yu Liu, Hongsheng Li},
journal = {arXiv:2205.13137},
title = {MixMIM: Mixed and Masked Image Modeling for Efficient Visual.

—Representation Learning},

year = {2022},
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CHAPTER 22

MoCo v1

Momentum Contrast for Unsupervised Visual Representation Learning

22.1 Abstract

We present Momentum Contrast (MoCo) for unsupervised visual representation learning. From a perspective on con-
trastive learning as dictionary look-up, we build a dynamic dictionary with a queue and a moving-averaged encoder.
This enables building a large and consistent dictionary on-the-fly that facilitates contrastive unsupervised learning. MoCo
provides competitive results under the common linear protocol on ImageNet classification. More importantly, the repre-

sentations learned by MoCo transfer well to downstream tasks.

22.2 Citation

@inproceedings{he2020momentum,
title={Momentum contrast for unsupervised visual representation learning},
author={He, Kaiming and Fan, Haogi and Wu, Yuxin and Xie, Saining and Girshick, .
—~Ross},
booktitle={CVPR},
year={2020}
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CHAPTER 23

MoCo v2

Improved Baselines with Momentum Contrastive Learning

23.1 Abstract

Contrastive unsupervised learning has recently shown encouraging progress, e.g., in Momentum Contrast (MoCo) and
SimCLR. In this note, we verify the effectiveness of two of SImCLR’ s design improvements by implementing them
in the MoCo framework. With simple modifications to MoCo—namely, using an MLP projection head and more data
augmentation—we establish stronger baselines that outperform SimCLR and do not require large training batches. We

hope this will make state-of-the-art unsupervised learning research more accessible.

23.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.
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23.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.

23.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.
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Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

23.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.

23.3 Citation

Qarticle{chen2020improved,
title={Improved baselines with momentum contrastive learning},
author={Chen, Xinlei and Fan, Haogi and Girshick, Ross and He, Kaiming},
journal={arXiv preprint arXiv:2003.04297},
year={2020}
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CHAPTER 24

MoCo v3

An Empirical Study of Training Self-Supervised Vision Transformers

24.1 Abstract

This paper does not describe a novel method. Instead, it studies a straightforward, incremental, yet must-know baseline
given the recent progress in computer vision: self-supervised learning for Vision Transformers (ViT). While the training
recipes for standard convolutional networks have been highly mature and robust, the recipes for ViT are yet to be built,
especially in the self-supervised scenarios where training becomes more challenging. In this work, we go back to basics
and investigate the effects of several fundamental components for training self-supervised ViT. We observe that instability
is a major issue that degrades accuracy, and it can be hidden by apparently good results. We reveal that these results are
indeed partial failure, and they can be improved when training is made more stable. We benchmark ViT results in MoCo
v3 and several other self-supervised frameworks, with ablations in various aspects. We discuss the currently positive
evidence as well as challenges and open questions. We hope that this work will provide useful data points and experience

for future research.
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24.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.

24.3 Citation

@InProceedings{Chen_2021_ICCV,
title = {An Empirical Study of Training Self-Supervised Vision Transformers},
author = {Chen, Xinlei and Xie, Saining and He, Kaiming},
booktitle = {Proceedings of the IEEE/CVF International Conference on Computer.
—Vision (ICCV)},
year = {2021}
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CHAPTER 25

NPID

Unsupervised Feature Learning via Non-Parametric Instance Discrimination

25.1 Abstract

Neural net classifiers trained on data with annotated class labels can also capture apparent visual similarity among cat-
egories without being directed to do so. We study whether this observation can be extended beyond the conventional
domain of supervised learning: Can we learn a good feature representation that captures apparent similar- ity among

instances, instead of classes, by merely asking the feature to be discriminative of individual instances?

We formulate this intuition as a non-parametric classification problem at the instance-level, and use noise-contrastive
estimation to tackle the computational challenges imposed by the large number of instance classes. Our experimental
results demonstrate that, under unsupervised learning settings, our method surpasses the state-of-the-art on ImageNet

classification by a large margin.

Our method is also remarkable for consistently improving test performance with more training data and better network
architectures. By fine-tuning the learned feature, we further obtain competitive results for semi-supervised learning and
object detection tasks. Our non-parametric model is highly compact: With 128 features per image, our method requires

only 600MB storage for a million images, enabling fast nearest neighbour retrieval at the run time.
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25.2 Results and Models

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.

25.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - Feature5 don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.
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25.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.

Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

25.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.

25.3 Citation

@inproceedings{wu20l8unsupervised,
title={Unsupervised feature learning via non-parametric instance discrimination},
author={Wu, Zhirong and Xiong, Yuanjun and Yu, Stella X and Lin, Dahua},
booktitle={CVPR},
year={2018}
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CHAPTER 20

ODC

Online Deep Clustering for Unsupervised Representation Learning

26.1 Abstract

Joint clustering and feature learning methods have shown remarkable performance in unsupervised representation learn-
ing. However, the training schedule alternating between feature clustering and network parameters update leads to un-
stable learning of visual representations. To overcome this challenge, we propose Online Deep Clustering (ODC) that
performs clustering and network update simultaneously rather than alternatingly. Our key insight is that the cluster cen-
troids should evolve steadily in keeping the classifier stably updated. Specifically, we design and maintain two dynamic
memory modules, i.e., samples memory to store samples’ labels and features, and centroids memory for centroids evo-
lution. We break down the abrupt global clustering into steady memory update and batch-wise label re-assignment. The
process is integrated into network update iterations. In this way, labels and the network evolve shoulder-to-shoulder
rather than alternatingly. Extensive experiments demonstrate that ODC stabilizes the training process and boosts the

performance effectively.
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26.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.

26.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM
The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer
is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

The AvgPool result is obtained from Linear Evaluation with GlobalAveragePooling. Please refer to resnet50_linear-

8xb32-steplr-100e_inlk for details of config.

Places205 Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after Global AveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.
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CHAPTER 2/

PixMIM

PixMIM: Rethinking Pixel Reconstruction in Masked Image Modeling

27.1 TL;DR

PixMIM can seamlessly replace MAE as a stronger baseline, with negligible computational overhead.

27.2 Abstract

Masked Image Modeling (MIM) has achieved promising progress with the advent of Masked Autoencoders (MAE) and
BEiT. However, subsequent works have complicated the framework with new auxiliary tasks or extra pretrained models,
inevitably increasing computational overhead. This paper undertakes a fundamental analysis of MIM from the perspective
of pixel reconstruction, which examines the input image patches and reconstruction target, and highlights two critical but
previously overlooked bottlenecks. Based on this analysis, we propose a remarkably simple and effective method, PixMIM,
that entails two strategies: 1) filtering the high-frequency components from the reconstruction target to de-emphasize the
network ’ s focus on texture-rich details and 2) adopting a conservative data transform strategy to alleviate the problem of
missing foreground in MIM training. PixMIM can be easily integrated into most existing pixel-based MIM approaches
(i.e., using raw images as reconstruction target) with negligible additional computation. Without bells and whistles, our
method consistently improves three MIM approaches, MAE, ConvMAE, and LSMAE, across various downstream tasks.
We believe this effective plug-and-play method will serve as a strong baseline for self-supervised learning and provide

insights for future improvements of the MIM framework.
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27.3 Models and Benchmarks

Here, we report the results of the model on ImageNet, the details are below:

27.4 Pre-train and Evaluation

27.4.1 Pre-train

If you use a cluster managed by Slurm

# all of our experiments can be run on a single machine, with 8 A100 GPUs
bash tools/slurm_train.sh Spartition $job_name configs/selfsup/pixmim/pixmim_vit-base-

—pl6_8xb5l2-amp-coslr-300e_inlk.py —-—amp

If you use a single machine without any cluster management software

bash tools/dist_train.sh configs/selfsup/pixmim/pixmim_vit-base-pl6_8xb512-amp-coslr—

—300e_inlk.py 8 —-—amp

27.4.2 Linear Probing

If you use a cluster managed by Slurm

# all of our experiments can be run on a single machine, with 8 A100 GPUs
bash tools/benchmarks/classification/mim_slurm_train.sh Spartition configs/selfsup/
—pixmim/classification/vit-base-pl6_linear—-8xb2048-coslr-torchvision-transform-90e_

—inlk.py Spretrained_model —-—amp

If you use a single machine without any cluster management software

GPUS=8 bash tools/benchmarks/classification/mim_dist_train.sh configs/selfsup/pixmim/
—classification/vit-base-pl6_linear—-8xb2048-coslr-torchvision-transform-90e_inlk.py

—Spretrained_model —--amp
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27.4.3 Fine-tuning

If you use a cluster managed by Slurm

# all of our experiments can be run on a single machine, with 8 A100 GPUs
bash tools/benchmarks/classification/mim_slurm_train.sh Spartition configs/selfsup/
—pixmim/classification/vit-base-pl6_ft-8xb128-coslr-100e_inlk.py Spretrained_model —-—

—amp

If you use a single machine without any cluster management software

GPUS=8 bash tools/benchmarks/classification/mim_dist_train.sh configs/selfsup/pixmim/

—classification/vit-base-pl6_ft-8xb128-coslr-100e_inlk.py Spretrained _model —--amp

27.5 Detection and Segmentation

If you want to evaluate your model on detection or segmentation task, we provide a script to convert the model keys from

MMClassification style to timm style.

cd SMMSELFSUP

python tools/model_converters/mmcls2timm.py Ssrc_ckpt Sdst _ckpt

Then, using this converted ckpt, you can evaluate your model on detection task, following Detectron2, and on semantic
segmentation task, following this project. Besides, using the unconverted ckpt, you can use MMSegmentation to evaluate

your model.
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CHAPTER 28

Relative Location

Unsupervised Visual Representation Learning by Context Prediction

28.1 Abstract

This work explores the use of spatial context as a source of free and plentiful supervisory signal for training a rich visual
representation. Given only a large, unlabeled image collection, we extract random pairs of patches from each image and
train a convolutional neural net to predict the position of the second patch relative to the first. We argue that doing well on
this task requires the model to learn to recognize objects and their parts. We demonstrate that the feature representation
learned using this within-image context indeed captures visual similarity across images. For example, this representation
allows us to perform unsupervised visual discovery of objects like cats, people, and even birds from the Pascal VOC 2011
detection dataset. Furthermore, we show that the learned ConvNet can be used in the RCNN framework and provides a
significant boost over a randomly-initialized ConvNet, resulting in state-of-the-art performance among algorithms which

use only Pascal-provided training set annotations.

28.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.
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28.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.

28.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.
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Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

28.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.
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CHAPTER 29

Rotation Prediction

Unsupervised Representation Learning by Predicting Image Rotation

29.1 Abstract

Over the last years, deep convolutional neural networks (ConvNets) have transformed the field of computer vision thanks
to their unparalleled capacity to learn high level semantic image features. However, in order to successfully learn those
features, they usually require massive amounts of manually labeled data, which is both expensive and impractical to
scale. Therefore, unsupervised semantic feature learning, i.e., learning without requiring manual annotation effort, is of
crucial importance in order to successfully harvest the vast amount of visual data that are available today. In our work we
propose to learn image features by training ConvNets to recognize the 2d rotation that is applied to the image that it gets
as input. We demonstrate both qualitatively and quantitatively that this apparently simple task actually provides a very
powerful supervisory signal for semantic feature learning. We exhaustively evaluate our method in various unsupervised
feature learning benchmarks and we exhibit in all of them state-of-the-art performance. Specifically, our results on those
benchmarks demonstrate dramatic improvements w.r.t. prior state-of-the-art approaches in unsupervised representation

learning and thus significantly close the gap with supervised feature learning.
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29.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.

29.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - Feature5 don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.
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29.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.

Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

29.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.
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cHAPTER 30

SimCLR

A Simple Framework for Contrastive Learning of Visual Representations

30.1 Abstract

This paper presents SimCLR: a simple framework for contrastive learning of visual representations. We simplify recently
proposed contrastive self-supervised learning algorithms without requiring specialized architectures or a memory bank.
In order to understand what enables the contrastive prediction tasks to learn useful representations, we systematically
study the major components of our framework. We show that (1) composition of data augmentations plays a critical role
in defining effective predictive tasks, (2) introducing a learnable nonlinear transformation between the representation and
the contrastive loss substantially improves the quality of the learned representations, and (3) contrastive learning benefits
from larger batch sizes and more training steps compared to supervised learning. By combining these findings, we are able
to considerably outperform previous methods for self-supervised and semi-supervised learning on ImageNet. A linear
classifier trained on self-supervised representations learned by SimCLR achieves 76.5% top-1 accuracy, which is a 7%

relative improvement over previous state-of-the-art, matching the performance of a supervised ResNet-50.
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30.2 Results and Models

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.

30.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - Feature5 don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.
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30.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.

Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

30.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.
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CHAPTER 31

SimMIM

SimMIM: A Simple Framework for Masked Image Modeling

31.1 Abstract

This paper presents SimMIM, a simple framework for masked image modeling. We simplify recently proposed related
approaches without special designs such as blockwise masking and tokenization via discrete VAE or clustering. To study
what let the masked image modeling task learn good representations, we systematically study the major components
in our framework, and find that simple designs of each component have revealed very strong representation learning
performance: 1) random masking of the input image with a moderately large masked patch size (e.g., 32) makes a strong
pre-text task; 2) predicting raw pixels of RGB values by direct regression performs no worse than the patch classification
approaches with complex designs; 3) the prediction head can be as light as a linear layer, with no worse performance than
heavier ones. Using ViT-B, our approach achieves 83.8% top-1 fine-tuning accuracy on ImageNet-1K by pre-training
also on this dataset, surpassing previous best approach by +0.6%. When applied on a larger model of about 650 million
parameters, SwinV2H, it achieves 87.1% top-1 accuracy on ImageNet-1K using only ImageNet-1K data. We also leverage
this approach to facilitate the training of a 3B model (SwinV2-G), that by 40x less data than that in previous practice, we
achieve the state-of-the-art on four representative vision benchmarks. The code and models will be publicly available at

https: //github.com/microsoft/SimMIM .
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31.2 Models and Benchmarks

Here, we report the results of the model, and more results will be coming soon.
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CHAPTER 32

SimSiam

Exploring Simple Siamese Representation Learning

32.1 Abstract

Siamese networks have become a common structure in various recent models for unsupervised visual representation
learning. These models maximize the similarity between two augmentations of one image, subject to certain conditions for
avoiding collapsing solutions. In this paper, we report surprising empirical results that simple Siamese networks can learn
meaningful representations even using none of the following: (i) negative sample pairs, (ii) large batches, (iii) momentum
encoders. Our experiments show that collapsing solutions do exist for the loss and structure, but a stop-gradient operation
plays an essential role in preventing collapsing. We provide a hypothesis on the implication of stop-gradient, and further
show proof-of-concept experiments verifying it. Our “SimSiam” method achieves competitive results on ImageNet and
downstream tasks. We hope this simple baseline will motivate people to rethink the roles of Siamese architectures for

unsupervised representation learning.

32.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.
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32.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.

32.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.
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Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

32.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.
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CHAPTER 33

SwAV

Unsupervised Learning of Visual Features by Contrasting Cluster Assignments

33.1 Abstract

Unsupervised image representations have significantly reduced the gap with supervised pretraining, notably with the re-
cent achievements of contrastive learning methods. These contrastive methods typically work online and rely on a large
number of explicit pairwise feature comparisons, which is computationally challenging. In this paper, we propose an
online algorithm, SWAV, that takes advantage of contrastive methods without requiring to compute pairwise compar-
isons. Specifically, our method simultaneously clusters the data while enforcing consistency between cluster assignments
produced for different augmentations (or “views” ) of the same image, instead of comparing features directly as in
contrastive learning. Simply put, we use a “swapped” prediction mechanism where we predict the code of a view from
the representation of another view. Our method can be trained with large and small batches and can scale to unlimited
amounts of data. Compared to previous contrastive methods, our method is more memory efficient since it does not
require a large memory bank or a special momentum network. In addition, we also propose a new data augmentation
strategy, multi-crop, that uses a mix of views with different resolutions in place of two full-resolution views, without

increasing the memory or compute requirements.
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33.2 Models and Benchmarks

In this page, we provide benchmarks as much as possible to evaluate our pre-trained models. If not mentioned, all models

are pre-trained on ImageNet-1k dataset.

33.2.1 Classification

The classification benchmarks includes 4 downstream task datasets, VOC, ImageNet, iNaturalist2018 and Places205.
If not specified, the results are Top-1 (%).

VOC SVM / Low-shot SVM

The Best Layer indicates that the best results are obtained from which layers feature map. For example, if the Best Layer

is feature3, its best result is obtained from the second stage of ResNet (1 for stem layer, 2-5 for 4 stage layers).

Besides, k=1 to 96 indicates the hyper-parameter of Low-shot SVM.

ImageNet Linear Evaluation

The Featurel - FeatureS don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_linear-8xb32-steplr-90e_in1k for

details of config.

Places205 Linear Evaluation

The Featurel - Feature5 don’ t have the Global AveragePooling, the feature map is pooled to the specific dimensions
and then follows a Linear layer to do the classification. Please refer to resnet50_mhead_8xb32-steplr-28e_places205.py

for details of config.

ImageNet Nearest-Neighbor Classification

The results are obtained from the features after GlobalAveragePooling. Here, k=10 to 200 indicates different number of

nearest neighbors.
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33.2.2 Detection

The detection benchmarks includes 2 downstream task datasets, Pascal VOC 2007 + 2012 and COCO2017. This

benchmark follows the evluation protocols set up by MoCo.

Pascal VOC 2007 + 2012

Please refer to config for details.

COCO02017

Please refer to config for details.

33.2.3 Segmentation

The segmentation benchmarks includes 2 downstream task datasets, Cityscapes and Pascal VOC 2012 + Aug. It follows

the evluation protocols set up by MMSegmentation.

Pascal VOC 2012 + Aug

Please refer to config for details.

33.3 Citation

@article{caron2020unsupervised,
title={Unsupervised Learning of Visual Features by Contrasting Cluster Assignments},
author={Caron, Mathilde and Misra, Ishan and Mairal, Julien and Goyal, Priya and.
—Bojanowski, Piotr and Joulin, Armand},
booktitle={NeurIPS},
year={2020}
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1. MMEngine: MMEngine JZ 7 OpenMMLab 2.0 3 H By R REE, —3 B0 JETH BN 5R A 3 AR A
MMCV %% T MMEngine.

2. MMCV: OpenMMLab THEAIL SRR 2 o XA @AM, (HR EHFEHHTI %8 £/ 2.0.0rcl
H‘ﬁj—(o

3. MMClassification: OpenMMLab 43 JACHD 2 . XA @B A, (Hg TR 2or Tt g 2=/ 1. 0.
0rcO A,

34.2 BLENH

KEATRNG _base_ I BLE SCHRAEL, EBAEPUT =445
o Bt mmselfsup/configs/selfsup/_base_/datasets
o MRl mmselfsup/configs/selfsup/_base_/models

o ifkss MVHE: mmselfsup/configs/selfsup/_base_/schedules

34.2.1 HiEE

1 MMSelfSup 0.x 1, A 7B data RIEAEHRA KAE L, #IA1 samples_per_gpu, train, val
&,

£ MMSelfSup 1.x F7, A1 5I# 5 E% t rain_dataloader, val_dataloader BIFI|ZrALGIE IR
MEEE, I H data FEE 28 B,

data = dict (
samples_per_gpu=32, # total 32*8(gpu)=256
workers_per_gpu=4,
train=dict (
type=dataset_type,
data_source=dict (
type=data_source,
data_prefix='data/imagenet/train',
ann_file='data/imagenet/meta/train.txt"',
),
num_views=[1, 1],
pipelines=[train_pipelinel, train_pipeline2],
prefetch=prefetch,
) s

val=...)

train_dataloader = dict (

batch_size=32,

(Rt

168 Chapter 34. T#30#



https://github.com/open-mmlab/mmengine
https://github.com/open-mmlab/mmcv
https://github.com/open-mmlab/mmcv

MMSelfSup, %% 1.0.0

(£ 50

num_workers=4,
persistent_workers=True,
sampler=dict (type='DefaultSampler', shuffle=True),
collate_fn=dict (type='default_collate'),
dataset=dict (
type=dataset_type,
data_root=data_root,
ann_file="meta/train.txt',
data_prefix=dict (img_path="train/"),
pipeline=train_pipeline))

val_dataloader =

AN, Fdi] BBR T 7Bt data_source, PAMSRARIETR AT H F1HE OpenMMLab 1 H HE i i1— 2. &
215 Config AREUHEEANHE E o

pipeline Hi7EAL:

PAMAE ) pipeline {61, HSIEMT:

train_pipeline = [
dict (type='LoadImageFromFile'"),
dict (
type='RandomResizedCrop"',
size=224,
scale=(0.2, 1.0),
backend="pillow',
interpolation="'bicubic'"),
dict (type='RandomFlip', prob=0.5),
dict (type='PackSelfSupInputs', meta_keys=['img_path'])

34.2.2 &EHY

PRSI L E SO, A MMSefiSup 0.x BRASAH I, B P AN .

L H—AHH5 Bt data_preprocessor, FERATTIHAHIATHALIL, FIANA—1L, EEHEHRE.
T

model = dict (
type="'MAE',
data_preprocessor=dict (
mean=[123.675, 116.28, 103.53]1,
std=[58.395, 57.12, 57.375],
bgr_to_rgb=True),

(Rt
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(22 30
backbone=.. .,
neck=...,
head=. ..,
init_cfg=...)

& data_preprocessor A DAE XAERAFEZ A8, AN E SCRFA R /edh, FF BB s
Bl Lo

FIEPA T B¥Ed, Runner 45T mean=[123.675, 116.28, 103.53] fl std=[58.395, 57.12,
57.375] XESFHITIE data_preprocessor, MZM 127.5 S5,

data_preprocessor=dict (
mean=[123.675, 116.28, 103.53],
std=[58.395, 57.12, 57.375],
bgr_to_rgb=True)
model = dict(
type="MAE',
data_preprocessor=dict (
mean=[127.5, 127.5, 127.5],
std=[127.5, 127.5, 127.5],
bgr_to_rgb=True),
backbone=...,
neck=...,
head=...,
init_cfg=...)

FH % MMEngine f0i%4%#E: Runner &3kl cfg.data_preprocessor, HH & ¥ cfg.model.

2. FEFUA ) head FBUP, ATHHM T Loss, TEATTHRRRBHIE. I :

model = dict (

type="'MAE',

data_preprocessor=...,

backbone=.. .,

neck=...,

head=dict (
type="'MAEPretrainHead',
norm_pix=True,
patch_size=16,
loss=dict (type='MAEReconstructionLoss')),

init_cfg=...)
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34.2.3 {RILEERIEE

1. optimizer f/l optimizer config HyZAE{k:

s MAEFK AT optim _wrapper FERULIHITA ML REM X E, M optimizer &2
optim_wrapper B—"TFE.

* paramwise_cfg /& optim_wrapper H— T FE, MAFE optimizer B FFEL.
* optimizer_config AZEWIRRR, A AL SR E & XA optim_wrapper Hi.

e grad_clip Efii% N clip_grad.,

optimizer = dict(

type="'AdamW',

1r=0.0015,

weight_decay=0.3,

paramwise_options = dict (
norm_decay_mult=0.0,
bias_decay_mult=0.0,

))

optimizer_config = dict (grad_clip=dict (max_norm=1.0))

optim_wrapper = dict (
optimizer=dict (type='AdanW', 1lr=0.0015, weight_decay=0.3),
paramwise_cfg = dict (
norm_decay_mult=0.0,
bias_decay_mult=0.0,
)y

clip_gard=dict (max_norm=1.0),

2. 1lr_config )75k :
« 1r_config CAWHBK, 7 HRAHHHNTFE paran_scheduler AT,

o warmup MR FBAGABER, ROAFAT 24 ) A AL AR S X N RE . B A Al & T e AR
FRIG, TR EBOT SRR ] R sh AR 2. 2% 20 RBCEZ (8.

lr_config = dict(
policy='CosineAnnealing',
min_1lr=0,
warmup="'linear’',
warmup_iters=5,
warmup_ratio=0.01,

warmup_by_epoch=True)
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param_scheduler = [

# warmup

dict (
type='LinearLR"',
start_factor=0.01,
by_epoch=True,
end=5,
# Update the learning rate after every iters.
convert_to_iter_based=True),

# main learning rate scheduler

dict (type='CosineAnnealingLR', by_epoch=True, begin=5, end=200),

3. runner [1)728{k:

TERH) runner FERAPHBIEC AW train_cfg, val_cfgfll test_cfg 24, TEHEHIIIZ%. K
e, PSR AR -

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

train_cfg = dict (by_epoch=True, max_epochs=200)

34.2.4 FITHXIZE

1. checkpoint_config fll log_config Hj72% 1k, :

checkpoint_config fHXECE##38h%] T default_hooks.checkpoint , i log_config ##sh2]
T default_hooks.logger,

FEH, AR L4 T R B IE default _hooks PRI T4,

default_hooks = dict (
# record the time of every iterations.
timer=dict (type='IterTimerHook"'),
# print log every 100 iterations.
logger=dict (type="'LoggerHook', interval=100),
# enable the parameter scheduler.
param_scheduler=dict (type='ParamSchedulerHook'),
# save checkpoint per epoch, and automatically save the best checkpoint.
checkpoint=dict (type='CheckpointHook', interval=1, save_best='auto'),
# set sampler seed in distributed evrionment.
sampler_seed=dict (type='DistSamplerSeedHook"),

# validation results visualization, set True to enable it.
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(£ 50

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

FAN, BATRIEA R Logger ¥543°A logger Al visualizer, logger FEMTT EEICHE, M visualizer
D IR AN ) i i >R s e SR B (5 ., Bl Un#Zesi, TensorBoar il Wandb.

log_config = dict(
interval=100,
hooks=[
dict (type='TextLoggerHook'),
dict (type='TensorboardLoggerHook'),

default_hooks = dict (

logger=dict (type="'LoggerHook', interval=100),
)
visualizer = dict (
type="'SelfSupVisualizer',
vis_backends=[dict (type='LocalVisBackend'), dict (type='TensorboardVisBackend')],

2. load_from fl resume_£rom {254k, :
* resume_from EAWBE, FAIHH resume Ml load_from fUHE:
— 3R resume=True ¥ H load_from 42 None, $%HL load_from FE B T4k S 45

- IR resume=True # H load_from /g None, R7E TAEH 3 Sl St AR SO S|
%

- W resume=False If H load_from AJ& None, WIHZEMAISCHE, RNadhsii)lZ.

- IR resume=False JfH load_from g None, ARSI, BASMEIZ, RIEEHL
IR E R 2

3. dist_params [#454k:

dist_params PRI env_cfg B—HR, FHMTEA —HHHIRCETE env_cfg K,

env_cfg = dict(
# whether to enable cudnn benchmark
cudnn_benchmark=False,
# set multi process parameters
mp_cfg=dict (mp_start_method='fork', opencv_num_threads=0),

# set distributed parameters

(FItakss)
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(£ 50

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

4. workflow [254k: workflow X FERC 24 BIR.
5. F1¥FB visualizer:

AL &2 OpenMMLab 2.0 ZUAH T BT — 7 . 7 runner . FEATHE ] T WLALAR ) SE R AL BRES SR AN H
G RTAL, F AR B A BN R 8 5 . 35225 MMEngine ] #L0SCR REBUEZ 45 B

visualizer = dict(
type="'SelfSupVisualizer',
vis_backends=[
dict (type='LocalVisBackend'),

# Uncomment the below line to save the log and visualization results to.

—TensorBoard.

# dict (type='TensorboardVisBackend')

6. FrFEB default_scope: #Hl4 S K RITA TN, MMSelfSup 1 default_scope HIZ
mmselfsup. THA [ LT SCR FRECE 245 B

34.3 K28

ANFARIC S AR . SOl B
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CHAPTER 35

mmselfsup.datasets

35.1 datasets

class mmselfsup.datasets.DeepClusterImageNet (ann_file: str = ”, metainfo: Optional[dict] = None,

data_root: str = ”, data_prefix: Union[str, dict] =7,

**kwargs)

ImageNet Dataset.

The dataset inherit ImageNet dataset from MMClassification as the DeepCluster and Online Deep Clustering al-

gorithm need to initialize clustering labels and assign them during training.

¥

ann_file (str)—Annotation file path. Defaults to None.

metainfo (dict, optional)—Metainformation for dataset, such as class information.

Defaults to None.

data_root (str) —-The root directory for data_prefix and ann_file. Defaults to

None.
data_prefix (str | dict) —Prefix for training data. Defaults to None.

**kwargs —Other keyword arguments in CustomDataset and BaseDataset.

assign_labels (labels: list) — None

Assign new labels to self.clustering_labels.

%% labels (1ist)-The new labels.
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& [Al None

prepare_data (idx: int) — Any
Get data processed by self.pipeline.

Z¥ idx (int) -The index of data_info.
i’ [H] Depends on self.pipeline.
BRFIKR Any

class mmselfsup.datasets.ImageList (ann_file: str, metainfo: Optional[dict] = None, data_root: str = ”,
data_prefix: Union[str, dict] =, **kwargs)
The dataset implementation for loading any image list file.

The ImageList can load an annotation file or a list of files and merge all data records to one list. If data is unlabeled,
the gt_label will be set -1.

An annotation file should be provided, and each line indicates a sample:

The sample files:

data_prefix/

— folder_1

| F— xxx.png

| b xxy.png

| — ...

L— folder_2
— 123.png

— nsdf3.png
I;-..

1. If data is labeled, the annotation file (the first column is the image path and the second column is the
index of category):

folder_1/xxx.png 0
folder_1/xxy.png 1
folder_2/123.png 5
folder_2/nsdf3.png 3

2. If data is unlabeled, the annotation file is:

folder_1/xxx.png
folder_1/xxy.png
folder_2/123.png
folder_2/nsdf3.png
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* ann_file (str)—Annotation file path.

e metainfo (dict, optional)-Metainformation for dataset, such as class information.

Defaults to None.

* data_root (str) —The root directory for data_prefix and ann_file. Defaults to

None.
* data_prefix (str | dict)—Prefix for training data. Defaults to None.
» **kwargs —Other keyword arguments in CustomDataset and BaseDataset.
load_data_list () — List[dict]
Rewrite load_data_list() function for supporting annotation files with unlabeled data.
]\l A list of data information.
BN List[dict]

class mmselfsup.datasets.Places205 (ann_file: str = ”, metainfo: Optional[dict] = None, data_root: str =
7, data_prefix: Union[str, dict] = 7, **kwargs)
Places205 Dataset.

The dataset supports two kinds of annotation format. More details can be found in CustomDataset.
SH
* ann_file (str)—Annotation file path. Defaults to None.

e metainfo (dict, optional)-Metainformation for dataset, such as class information.

Defaults to None.

* data_root (str) —The root directory for data_prefix and ann_file. Defaults to

None.
* data_prefix (str | dict)—Prefix for training data. Defaults to None.
» **kwargs —Other keyword arguments in CustomDataset and BaseDataset.

mmselfsup.datasets.build_dataset (cfg)
Build dataset.
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35.2 transforms

class mmselfsup.datasets.transforms.BEiTMaskGenerator (input_size: int,
num_masking_patches: int,
min_num_patches: int = 4,
max_num_patches: Optional[int] =
None, min_aspect: float = 0.3,
max_aspect: Optional[float] =
None)

Generate mask for image.
Added Keys:
* mask
This module is borrowed from https://github.com/microsoft/unilm/tree/master/beit
BH
* input_size (int) —The size of input image.
* num_masking_patches (int)-The number of patches to be masked.

* min_num_patches (int) -The minimum number of patches to be masked in the process

of generating mask. Defaults to 4.

* max_num_patches (int, optional)-Themaximum number of patches to be masked

in the process of generating mask. Defaults to None.

* min_aspect (float, optional)-Theminimum aspectratio of mask blocks. Defaults
to 0.3.

* min_aspect —The minimum aspect ratio of mask blocks. Defaults to None.

get_shape () — Tuple[int, int]
Get the shape of mask.

&\l The shape of mask.
B nJ% Tuplelint, int]

transform (results: dict) — dict

Method to generate random block mask for each Image in BEiT.
2% results (dict)—Result dict from previous pipeline.
J&[A] Result dict with added key mask.

BMEAY dict
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class mmselfsup.datasets.transforms.ColorJitter (brightness: Union[float, List[float]] = 0,
contrast: Union[float, List[float]] = 0,
saturation: Union[float, List[float]] = 0, hue:
Union[float, List[float]] = 0, backend: str =
pillow”)

Randomly change the brightness, contrast, saturation and hue of an image.
Modified from https://github.com/pytorch/vision/blob/main/torchvision/transforms/transforms.py
Required Keys:
e img
Modified Keys:

* img

S

* brightness (float or tuple of float (min, max)) —How much to jitter
brightness. brightness_factor is chosen uniformly from [max(0, 1 - brightness), 1 + bright-

ness] or the given [min, max]. Should be non negative numbers.

* contrast (float or tuple of float (min, max))-—How much to jitter con-
trast. contrast_factor is chosen uniformly from [max(0, 1 - contrast), 1 + contrast] or the given

[min, max]. Should be non negative numbers.

* saturation (float or tuple of float (min, max)) —How much to jitter
saturation. saturation_factor is chosen uniformly from [max(0, 1 - saturation), 1 + saturation]

or the given [min, max]. Should be non negative numbers.

* hue (float or tuple of float (min, max)) —How much to jitter hue.
hue_factor is chosen uniformly from [-hue, hue] or the given [min, max]. Should have 0 <=
hue <= 0.5 or -0.5 <= min <= max <= 0.5. To jitter hue, the pixel values of the input image
has to be non-negative for conversion to HSV space; thus it does not work if you normalize
your image to an interval with negative values, or use an interpolation that generates negative

values before using this function.

* backend (str) —The type of image processing backend. Options are cv2, pillow. Defaults
to pillow.

static get_params (brightness: Optional[List[ float]], contrast: Optional[List[ float]], saturation:
Optional[ List{ float] ], hue: Optional[List[ float]]) — Tuple[numpy.ndarray,
Optional[float], Optional[float], Optional[float], Optional[float]]

Get the parameters for the randomized transform to be applied on image.

B8

35.2. transforms 179


https://github.com/pytorch/vision/blob/main/torchvision/transforms/transforms.py

MMSelfSup, %% 1.0.0

* brightness (tuple of float (min, max), optional) —The range from

which the brightness_factor is chosen uniformly. Pass None to turn off the transformation.

* contrast (tuple of float (min, max), optional)-Therangefrom which

the contrast_factor is chosen uniformly. Pass None to turn off the transformation.

* saturation (tuple of float (min, max), optional) —The range from

which the saturation_factor is chosen uniformly. Pass None to turn off the transformation.

e hue (tuple of float (min, max), optional) —The range from which the

hue_factor is chosen uniformly. Pass None to turn off the transformation.
Bl
The parameters used to apply the randomized transform along with their random order.
RMIZRAY tuple
transform (results: dict) — dict
Randomly change the brightness, contrast, saturation and hue of an image. # noqa: ES01.
%% results (dict)—The results dict from previous pipeline.
JR[A] Results after applying this transformation.
BRI dict

class mmselfsup.datasets.transforms.MAERandomResizedCrop (size, scale=(0.08, 1.0),
ratio=(0.75,
1.3333333333333333),
interpola-
tion=<InterpolationMode. BILINEAR:
bilinear’>, antialias:
Optional[bool] = None)

RandomResizedCrop for matching TF/TPU implementation: no for-loop is used.

This may lead to results different with torchvision’ s version. Following BYOL’ s TF code: https://github.com/
deepmind/deepmind-research/blob/master/byol/utils/dataset.py#L206 # noga: E501

forward (results: dict) — dict
The forward function of MAERandomResizedCrop.

%% results (dict) —The results dict contains the image and all these information related to

the image.
R [A] The results dict contains the cropped image and all these information related to the image.
BT dict

static get_params (img: PIL.Image.Image, scale: tuple, ratio: tuple) — Tuple

Get parameters for crop for a random sized crop.

S8
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e img (PIL Image or Tensor)-Inputimage.

* scale (1ist) -range of scale of the origin size cropped

e ratio (1ist)-range of aspect ratio of the origin aspect ratio cropped
BRI params (i, j, h, w) to be passed to crop for a random sized crop.
BRMERH tuple

class mmselfsup.datasets.transforms.MultiView (transforms: List[List[ Union[dict, Callable[[dict],
dict]]]], num_views: Union[int, List[int]])

A transform wrapper for multiple views of an image.

ZH

* transforms (list[dict | callable], optional)-Sequence of transform ob-

ject or config dict to be wrapped.

* mapping (dict) —A dict that defines the input key mapping. The keys corresponds to the
inner key (i.e., kwargs of the t ransform method), and should be string type. The values
corresponds to the outer keys (i.e., the keys of the data/results), and should have a type of

string, list or dict. None means not applying input mapping. Default: None.

* allow_nonexist_keys (bool) —If False, the outer keys in the mapping must exist in

the input data, or an exception will be raised. Default: False.

SCRREEBI

>>> # Example 1: MultiViews 1 pipeline with 2 views

>>> pipeline = [

>>> dict (type="MultivView',

>>> num_views=2,

>>> transforms=[

>>> [

>>> dict (type='Resize', scale=224))],
>>> 1)

>>> ]

>>> # Example 2: MultiViews 2 pipelines, the first with 2 views,

>>> # the second with 6 views

>>> pipeline = [

>>> dict (type="Multiview',

>>> num_views=[2, 6],

>>> transforms=[

>>> [

>>> dict (type='Resize', scale=224)],
>>> [

>>> dict (type='Resize', scale=224),

(Rt
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[CAWY)
>>> dict (type='RandomSolarize')],
>>> 1)
>>> ]

transform (results: dict) — dict

Apply transformation to inputs.
%% results (dict) —Result dict from previous pipelines.
& [A] Transformed results.
BRI dict

class mmselfsup.datasets.transforms.PackSelfSupInputs (key: str = img’, algorithm_keys:
List[str] = [], pseudo_label_keys:
List[str] = [], meta_keys: List[str] =
n

Pack data into the format compatible with the inputs of algorithm.
Required Keys:

* img
Added Keys:

e data_samples

* inputs

S

* key (str)-The key of image inputted into the model. Defaults to

‘ 7

img
* algorithm_keys (List [str]) —Keys of elements related to algorithms, e.g. mask.

Defaults to [].

* pseudo_label_keys (List [str])—Keys set to be the attributes of pseudo_label. De-
faults to [].

* meta_keys (List [str])-The keys of meta info of an image. Defaults to [].

classmethod set_algorithm_keys (data_sample:
mmselfsup.structures.selfsup_data_sample.Self SupDataSample,
key: str, results: dict) — None

Set the algorithm keys of SelfSupDataSample.

B

* data_sample (SelfSupDataSample) —An instance of SelfSupDataSample.
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* key (str) —The key, which may be used by the algorithm, such as gt_label, sample_idx,
mask, pred_label. For more keys, please refer to the attribute of SelfSupDataSample.

* results (dict) —The results from the data pipeline.

transform (results: Dict) — Dict[torch.Tensor,
mmselfsup.structures.selfsup_data_sample.SelfSupDataSample)
Method to pack the data.

%% results (Dict) —Result dict from the data pipeline.
Rl

e inputs (List[torch.Tensor]): The forward data of models.

e data_samples (SelfSupDataSample): The annotation info of the forward data.
R MR Dict

class mmselfsup.datasets.transforms.RandomCrop (size: Union[int, Sequence[int]], padding:
Optional[ Union[int, Sequence[int]]] = None,
pad_if_needed: bool = False, pad_val:
Union[numbers. Number,
Sequence[numbers.Number]] = 0,
padding_mode: str = constant’)

Crop the given Image at a random location.
Required Keys:

e img
Modified Keys:

e img

* img_shape

B

* size (int or Sequence) —Desired output size of the crop. If size is an int instead of

sequence like (h, w), a square crop (size, size) is made.

* padding (int or Sequence, optional)-Optional padding on each border of the
image. If a sequence of length 4 is provided, it is used to pad left, top, right, bottom borders
respectively. If a sequence of length 2 is provided, it is used to pad left/right, top/bottom

borders, respectively. Default: None, which means no padding.

* pad_if_needed (boolean)-Itwill pad the image if smaller than the desired size to avoid
raising an exception. Since cropping is done after padding, the padding seems to be done at a

random offset. Default: False.
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* pad_val (Number | Sequence [Number ])-Pixel pad_val value for constant fill. If a

tuple of length 3, it is used to pad_val R, G, B channels respectively. Default: 0.

* padding_mode (str) -Type of padding. Defaults to “constant” . Should be one of the

following:
— constant: Pads with a constant value, this value is specified with pad_val.
— edge: pads with the last value at the edge of the image.

— reflect: Pads with reflection of image without repeating the last value on the edge. For
example, padding [1, 2, 3, 4] with 2 elements on both sides in reflect mode will result in [3,
2,1,2,3,4,3,2].

— symmetric: Pads with reflection of image repeating the last value on the edge. For example,
padding [1, 2, 3, 4] with 2 elements on both sides in symmetric mode will result in [2, 1, 1,
2,3,4,4,3].

static get_params (img: numpy.ndarray, output_size: Tuple) — Tuple

Get parameters for crop for a random crop.
BH
* img (np.ndarray)-Image to be cropped.
* output_size (Tuple) -Expected output size of the crop.
Bl
Params (xmin, ymin, target_height, target_width) to be passed to crop for random crop.
MR tuple

transform (results: dict) — dict

Randomly crop the image.
%% results (dict) —Result dict from previous pipeline.
RN Result dict with the transformed image.
BRI dict

class mmselfsup.datasets.transforms.RandomGaussianBlur (sigma_min: float, sigma_max:
float, prob: Optional[float] = 0.5)

GaussianBlur augmentation refers to SimCLR.
Paper link.
Required Keys:
e img
Modified Keys:

* img
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BH
* sigma_min (f1oat)-The minimum parameter of Gaussian kernel std.
* sigma_max (f1oat)-The maximum parameter of Gaussian kernel std.
* prob (float, optional)-Probability. Defaults to 0.5.
transform (results: dict) — dict
Apply GaussianBlur augmentation to the given image.
%% results (dict) —Results from previous pipeline.
i’ [a] Results after applying this transformation.
RMIZRA dict

class mmselfsup.datasets.transforms.RandomPatchWithLabels

Relative patch location.
Required Keys:
* img
Modified Keys:
* img
Added Keys:
* patch_label
e patch_box
 unpatched_img

Crops image into several patches and concatenates every surrounding patch with center one. Finally gives labels 0,

1,2, 3,4, 5, 6, 7 and patch positions.

transform (results: dict) — dict

Apply random patch augmentation to the given image.

¥ results (dict) -Results from previous pipeline.

R Results after applying this transformation.

BRI dict

class mmselfsup.datasets.transforms.RandomResizedCrop (size: Union[int, Sequence[int]], scale:

Tuple = (0.08, 1.0), ratio: Tuple =
(0.75, 1.3333333333333333),
max_attempts: int = 10,
interpolation: str = bilinear’,
backend: str = cv2’)

Crop the given image to random size and aspect ratio.
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A crop of random size (default: of 0.08 to 1.0) of the original size and a random aspect ratio (default: of 3/4 to

4/3) of the original aspect ratio is made. This crop is finally resized to given size.
Required Keys:

* img
Modified Keys:

* img

* img_shape

S

* size (Sequence | int) —Desired output size of the crop. If size is an int instead of

sequence like (h, w), a square crop (size, size) is made.

* scale (Tuple)—Range of the random size of the cropped image compared to the original
image. Defaults to (0.08, 1.0).

* ratio (Tuple) —Range of the random aspect ratio of the cropped image compared to the

original image. Defaults to (3. /4.,4. /3.).

* max_attempts (int)-Maximum number of attempts before falling back to Central Crop.
Defaults to 10.

)

* interpolation (str)-Interpolation method, accepted values are ‘nearest’ , ‘bilinear

, ‘bicubic’ , ‘area’ , ‘lanczos’ . Defaults to ‘bilinear’ .

* backend (str) -The image resize backend type, accepted values are cv2 and pillow. De-

faults to cv2.

static get_params (img: numpy.ndarray, scale: Tuple, ratio: Tuple, max_attempts: int = 10) — Tuple[int,
int, int, int]

Get parameters for crop for a random sized crop.
BH
* img (np.ndarray) -Image to be cropped.

¢ scale (Tuple) -Range of the random size of the cropped image compared to the original

image size.

e ratio (Tuple)-Range of the random aspect ratio of the cropped image compared to the

original image area.

* max_attempts (int)-Maximum number of attempts before falling back to central crop.
Defaults to 10.

B

Params (ymin, xmin, ymax, xmax) to be passed to crop for a random sized crop.
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BRI tuple

transform (results: dict) — dict

Randomly crop the image and resize the image to the target size.
%% results (dict) —Result dict from previous pipeline.
&[] Result dict with the transformed image.

BRI dict

class mmselfsup.datasets.transforms.RandomResizedCropAndInterpolationWithTwoPic (size:
Union[tuple,
int],
sec-
ond_size=None,
scale=(0.08,
1.0),
ra-
tio=(0.75,
1.33333333333
in-
ter-
po-
la-
tion="bilinear’,
sec-
ond_interpolatic

Crop the given PIL Image to random size and aspect ratio with random interpolation.
Required Keys:
e img
Modified Keys:
* img
Added Keys:
e target_img
This module is borrowed from https://github.com/microsoft/unilm/tree/master/beit.

A crop of random size (default: of 0.08 to 1.0) of the original size and a random aspect ratio (default: of 3/4 to
4/3) of the original aspect ratio is made. This crop is finally resized to given size. This is popularly used to train

the Inception networks. This module first crops the image and resizes the crop to two different sizes.
S8

* size (Union[tuple, int])-Expected output size of each edge of the first image.
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* second_size (Union[tuple, int], optional) —Expected output size of each

edge of the second image.

* scale (tuple[float, float])-Range of size of the origin size cropped. Defaults to
(0.08, 1.0).

* ratio (tuple[float, float]) —Range of aspect ratio of the origin aspect ratio
cropped. Defaults to (3./4., 4./3.).

* interpolation (str) —The interpolation for the first image. Defaults to bilinear.

* second_interpolation (str) —The interpolation for the second image. Defaults to

lanczos.

static get_params (img: numpy.ndarray, scale: tuple, ratio: tuple) — Sequence[int]

Get parameters for crop for a random sized crop.

S8

* img (np.ndarray) -Image to be cropped.

* scale (tuple) -range of size of the origin size cropped

e ratio (tuple)-range of aspect ratio of the origin aspect ratio cropped
Bl

params (i, j, h, w) to be passed to crop for a random sized crop.
REIZREY tuple

transform (results: dict) — dict

Crop the given image and resize it to two different sizes.

This module crops the given image randomly and resize the crop to two different sizes. This is popularly used

in BEiT-style masked image modeling, where an off-the-shelf model is used to provide the target.
%L results (dict) —Results from previous pipeline.
RN Results after applying this transformation.
BRI dict

class mmselfsup.datasets.transforms.RandomRotation (degrees: Union[int, Sequence(int]],
interpolation: str = nearest’, expand: bool
= False, center: Optional[ Tuple[ float]] =
None, fill: int = 0)
Rotate the image by angle.

Required Keys:
e img

Modified Keys:
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* img

BH

* degrees (sequence | int)-Range of degrees to select from. If degrees is an int in-

stead of sequence like (min, max), the range of degrees will be (-degrees, +degrees).

* interpolation (str, optional) —Interpolation method, accepted values are

‘nearest’ , ‘bilinear’ , ‘bicubic’ , ‘area’ , ‘lanczos’ . Defaultsto ‘nearest’ .

* expand(bool, optional)-Optional expansionflag. If true, expands the output to make
it large enough to hold the entire rotated image. If false or omitted, make the output image
the same size as the input image. Note that the expand flag assumes rotation around the center

and no translation. Defaults to False.

* center (Tuple[float], optional)—Center point(w,h)of the rotation in the source

image. If not specified, the center of the image will be used. Defaults to None.
e £fill (int, optional)-Pixel fill value for the area outside the rotated image. Default to
0.
static get_params (degrees: List[float]) — float
Get parameters for rotate for a random rotation.

%% degrees (List [float])-Range of degrees to select from.

&l
angle parameter to be passed to rotate for random rotation.

R MIRAY float

transform (results: dict) — dict

Randomly rotate the image.
%L results (dict) —Result dict from previous pipeline.
RN Result dict with the transformed image.

BRI dict

class mmselfsup.datasets.transforms.RandomSolarize (threshold: int = 128, prob: float = 0.5)

Solarization augmentation refers to BYOL.
Paper link.
Required Keys:
* img
Modified Keys:

e img
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BH
e threshold (float, optional)—The solarization threshold. Defaults to 128.
* prob (float, optional)-Probability. Defaults to 0.5.
transform (results: dict) — dict
Apply Solarize augmentation to the given image.
2% results (dict)—Results from previous pipeline.
R Results after applying this transformation.
RAIRA dict

class mmselfsup.datasets.transforms.RotationWithLabels

Rotation prediction.
Required Keys:
* img
Modified Keys:
e img
Added Keys:
¢ rot_label
Rotate each image with 0, 90, 180, and 270 degrees and give labels 0, 1, 2, 3 correspodingly.

transform (results: dict) — dict

Apply rotation augmentation to the given image.
%¥ results (dict) —Results from previous pipeline.
& [A] Results after applying this transformation.
BRI dict

class mmselfsup.datasets.transforms.SimMIMMaskGenerator (input_size: int = 192,
mask_patch_size: int = 32,
model_patch_size: int = 4,
mask_ratio: float = 0.6)
Generate random block mask for each Image.

Added Keys:
* mask
This module is used in SimMIM to generate masks.
S8

* input_size (int) —Size of input image. Defaults to 192.
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* mask_patch_size (int)—Size of each block mask. Defaults to 32.
* model_patch_size (int) —Patch size of each token. Defaults to 4.
* mask_ratio (float)-The mask ratio of image. Defaults to 0.6.

transform (results: dict) — dict

Method to generate random block mask for each Image in SimMIM.
¥ results (dict)—Result dict from previous pipeline.
R Result dict with added key mask.

BRI dict

35.3 samplers

class mmselfsup.datasets.samplers.DeepClusterSampler (dataset: Sized, shuffle: bool = True,
seed: Optional[int] = None, replace:
bool = False, round_up: bool = True)

The sampler inherits DefaultSampler from mmengine.

This sampler supports to set replace to be True to get indices. Besides, it defines function

set_uniform_indices, which is applied in DeepClusterHook.
SH
e dataset (Sized)-The dataset.
* shuffle (bool) -Whether shuffle the dataset or not. Defaults to True.

* seed (int, optional)-Random seed used to shuffle the sampler if shuffle=True.

This number should be identical across all processes in the distributed group. Defaults to None.

* replace (bool) —Replace or not in random shuffle. It works on when shuffle is True.
Defaults to False.

* round_up (bool) ~Whether to add extra samples to make the number of samples evenly

divisible by the world size. Defaults to True.

set_uniform_indices (labels: list, num_classes: int) — None

The function is applied in DeepClusterHook for uniform sampling.
S
* labels (1ist) -The updated labels after clustering.
e num_classes (int) —number of clusters.

&8l None
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CHAPTER 30

mmselfsup.engine

36.1 hooks

class mmselfsup.engine.hooks.DeepClusterHook (extract_dataloader: dict, clustering: dict,

unif_sampling: bool, reweight: bool, reweight_pow:
float, init_memory: bool = False, initial: bool =

True, interval: int = 1, seed: Optional[int] = None)

Hook for DeepCluster.

This hook includes the global clustering process in DC.

¥

extractor (dict) —Config dict for feature extraction.

clustering (dict) —Config dict that specifies the clustering algorithm.
unif_sampling (bool) ~Whether to apply uniform sampling.
reweight (bool) —~Whether to apply loss re-weighting.
reweight_pow (f1oat) —The power of re-weighting.

init_memory (bool) —Whether to initialize memory banks used in ODC. Defaults to

False.
initial (bool)—Whether to call the hook initially. Defaults to True.

interval (int) -Frequency of epochs to call the hook. Defaults to 1.
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e seed (int, optional)-Random seed. Defaults to None.

after_train_epoch (runner) — None

Run cluster after indicated epoch.

before_train (runner) — None

Run cluster before training.

deepcluster (runner) — None

Call cluster algorithm.

evaluate (runner, new_labels: numpy.ndarray) — None

Evaluate with labels histogram.

set_reweight (runner, labels: numpy.ndarray, reweight_pow: float = 0.5)

Loss re-weighting.
Re-weighting the loss according to the number of samples in each class.
B8
e runner (mmengine.Runner)-mmengine Runner.
e labels (numpy.ndarray) —Label assignments.
* reweight_pow (float, optional)-The power of re-weighting. Defaults to 0.5.

class mmselfsup.engine.hooks.DenseCLHook (start_iters: int = 1000)
Hook for DenseCL.

This hook includes 10ss_1lambda warmup in DenseCL. Borrowed from the authors’ code: https://github.com/
WXinlong/DenseCL.

%% start_iters (int) The number of warmup iterations to set 1oss_lambda=0. Defaults
to 1000.

before_train (runner) — None

Obtain loss_lambda from algorithm.

before_train_iter (runner, batch_idx: int, data_batch: Optional[Sequence[dict]] = None) — None

Adjust 1loss_lambda every train iter.

class mmselfsup.engine.hooks.ODCHook (centroids_update_interval: int,
deal_with_small_clusters_interval: int, evaluate_interval: int,
reweight: bool, reweight_pow: float, dist_mode: bool = True)
Hook for ODC.

This hook includes the online clustering process in ODC.

S

* centroids_update_interval (int) -Frequency of iterations to update centroids.
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* deal_with_small_clusters_interval (int) —Frequency of iterations to deal

with small clusters.
* evaluate_interval (int) -Frequency of iterations to evaluate clusters.
* reweight (bool) -Whether to perform loss re-weighting.
* reweight_pow (f1oat) —The power of re-weighting.
* dist_mode (bool)—Use distributed training or not. Defaults to True.

after_train_epoch (runner) — None

Save cluster.

after_train_iter (runner, batch_idx: int, data_batch: Optional[Sequence[dict]] = None, outputs:
Optional[dict] = None) — None

Update cluster centroids and the loss_weight.

evaluate (runner, new_labels: numpy.ndarray) — None

Evaluate with labels histogram.

set_reweight (runner, labels: Optional[numpy.ndarray] = None, reweight_pow: float = 0.5)

Loss re-weighting.
Re-weighting the loss according to the number of samples in each class.
S8
e runner (mmengine.Runner)-mmengine Runner.
e labels (numpy.ndarray) —Label assignments.
e reweight_pow (float, optional)-The power of re-weighting. Defaults to 0.5.

class mmselfsup.engine.hooks.SimSiamHook (fix_pred_Ir: bool, Ir: float, adjust_by_epoch:
Optional[bool] = True)

Hook for SimSiam.
This hook is for SimSiam to fix learning rate of predictor.
S8
* fix pred_1r (bool)—whether to fix the Ir of predictor or not.
e 1r (float) —the value of fixed Ir.

* adjust_by_epoch (bool, optional)-whether to setlr by epoch or iter. Defaults to

True.

before_train_epoch (runner) — None

fix Ir of predictor by epoch.

before_train_iter (runner, batch_idx: int, data_batch: Optional[Sequence[dict]] = None) — None

fix Ir of predictor by iter.
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class mmselfsup.engine.hooks.SwAVHook (batch_size: int, epoch_queue_starts: Optionalfint] = 15,

crops_for_assign: Optional[ List[int]] = [0, 1], feat_dim:
Optional[int] = 128, queue_length: Optional[int] = 0,
interval: Optional[int] = 1, frozen_layers_cfg: Optional[ Dict]

={h
Hook for SWAV.

This hook builds the queue in SWAV according to epoch_queue_starts. The queue will be saved in

runner.work_dir or loaded at start epoch if the path folder has queues saved before.
BH
* batch_size (int) —the batch size per GPU for computing.

* epoch_queue_starts (int, optional) —from this epoch, starts to use the queue.
Defaults to 15.

* crops_for_assign (list[int], optional) -list of crops id used for computing

assignments. Defaults to [0, 1].
» feat_dim (int, optional)—feature dimension of output vector. Defaults to 128.
* queue_length (int, optional)-length of the queue (0 for no queue). Defaults to O.
* interval (int, optional) -the interval to save the queue. Defaults to 1.

» frozen_layers_cfg(dict, optional)-Dictto configfrozen layers. The key-value
pair is layer name and its frozen iters. If frozen, the layers don’ t need gradient. Defaults to
dict().

after_train_epoch (runner) — None

Save the queues locally.

before_run (runner) — None

Check whether the queues exist locally or not.

before_train_epoch (runner) — None

Check the queues’ state.

before_train_iter (runner, batch_idx: int, data_batch: Optional[Sequence[dict]] = None) — None

Freeze layers before specific iters according to the config.
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36.2 optimizers

class mmselfsup.engine.optimizers.LARS (params: Iterable, Ir: float, momentum: float = 0,

weight_decay: float = 0, dampening: float = 0, eta: float =
0.001, nesterov: bool = False, eps: float = 1e-08)

Implements layer-wise adaptive rate scaling for SGD.

Based on Algorithm 1 of the following paper by You, Gitman, and Ginsburg. Large Batch Training of Convolutional

Networks:.
SH
* params (Iterable)-Iterable of parameters to optimize or dicts defining parameter groups.
* 1r (float)—Base learning rate.
* momentum (f1oat) -Momentum factor. Defaults to 0.
* weight_decay (float) —Weight decay (L2 penalty). Defaults to 0.
* dampening (f1oat)-Dampening for momentum. Defaults to 0.
* eta (float)-LARS coefficient. Defaults to 0.001.
* nesterov (bool)—Enables Nesterov momentum. Defaults to False.
* eps (float)—A small number to avoid dviding zero. Defaults to 1e-8.
NG
>>> optimizer = LARS (model.parameters(), lr=0.1, momentum=0.9,
>>> weight_decay=le-4, eta=le-3)
>>> optimizer.zero_grad()
>>> loss_fn (model (input), target) .backward()
>>> optimizer.step()

step (closure=None) — torch.Tensor

Performs a single optimization step.

%% closure (callable, optional)—A closure that reevaluates the model and returns

the loss.

36.2. optimizers 197



https://arxiv.org/abs/1708.03888
https://arxiv.org/abs/1708.03888

MMSelfSup, %% 1.0.0

class mmselfsup.engine.optimizers.LearningRateDecayOptimWrapperConstructor (optim_wrapper_cfg:
dict,
param-
wise_cfg:
Op-
tional[dict]

None)
Different learning rates are set for different layers of backbone.

Note: Currently, this optimizer constructor is built for ViT and Swin.

In addition to applying layer-wise learning rate decay schedule, the paramwise_cfg only supports weight decay

customization.

add_params (params: List[dict], module: torch.nn.modules.module. Module, optimizer_cfg: dict, **kwargs) —
None

Add all parameters of module to the params list.

The parameters of the given module will be added to the list of param groups, with specific rules defined by

paramwise_cfg.
e params (List [dict])—A list of param groups, it will be modified in place.
¢ module (nn.Module)—The module to be added.
* optimizer_cfg (dict) —The configuration of optimizer.

e prefix (str)-The prefix of the module.

198 Chapter 36. mmselfsup.engine



CHAPTER 37

mmselfsup.evaluation

37.1 functional

mmselfsup.evaluation. functional.knn_eval (frain_features: torch. Tensor, train_labels: torch. Tensor,
test_features: torch. Tensor, test_labels: torch. Tensor, k:
int, T: float, num_classes: int = 1000) — Tuple[float,
float]

Compute accuracy of knn classifier predictions.

S8
* train_features (Tensor) —Extracted features in the training set.
* train_labels (Tensor) —Labels in the training set.
* test_features (Tensor) —Extracted features in the testing set.
* test_labels (Tensor) —Labels in the testing set.
e k (int) —Number of NN to use.
* T (float)-Temperature used in the voting coefficient.
e num_classes (int) —Number of classes. Defaults to 1000.

1& 1] The topl and top5 accuracy.

R AI Tuple[float, float]
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CHAPTER 38

mmselfsup.models

38.1 algorithms

class mmselfsup.models.algorithms.BELiT (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator: Optional[dict] =
None, pretrained: Optional[str] = None, data_preprocessor:
Optional[ Union[dict, torch.nn.modules.module. Module]] =
None, init_cfg: Optional[dict] = None)
BEiT v1/v2.

Implementation of BEiT: BERT Pre-Training of Image Transformers and BEiT v2: Masked Image Modeling with

Vector-Quantized Visual Tokenizers.

loss (batch_inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
SH
e batch_inputs (List [torch. Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
iR A] A dictionary of loss components.

W [E]ZRHD Dict[str, torch. Tensor]
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class mmselfsup.models.algorithms.BYOL (backbone: dict, neck: dict, head: dict, base_momentum: float
= 0.996, pretrained: Optional[str] = None,
data_preprocessor: Optional[dict] = None, init_cfg:
Optional[ Union[dict, List[dict]]] = None)
BYOL.

Implementation of Bootstrap Your Own Latent: A New Approach to Self-Supervised Learning.
S
* backbone (dict) —Config dict for module of backbone.
* neck (dict) —Config dict for module of deep features to compact feature vectors.
* head (dict) —Config dict for module of head functions.

* base_momentum (f1oat) -The base momentum coefficient for the target network. De-
faults to 0.996.

* pretrained(str, optional)-The pretrained checkpoint path, support local path and

remote path. Defaults to None.

* data_preprocessor (dict, optional) —The config for preprocessing input data.
If None or no specified type, it will use “SelfSupDataPreprocessor” as type. See

SelfSupDataPreprocessor for more details. Defaults to None.

e init_cfg (Union[List[dict], dict], optional)—Configdictfor weight ini-

tialization. Defaults to None.

extract_feat (inputs: List[torch.Tensor], **kwargs) — Tuple[torch.Tensor]

Function to extract features from backbone.
%% batch_inputs (List [torch. Tensor])—The input images.
i&[A] Backbone outputs.
B \ZHE Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
SH
e inputs (List [torch. Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
iRA] A dictionary of loss components.

W [EZRHT Dict[str, torch. Tensor]
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class mmselfsup.models.algorithms.BarlowTwins (backbone: dict, neck: Optional[dict] = None,
head: Optional[dict] = None, target_generator:
Optional[dict] = None, pretrained: Optional[str]
= None, data_preprocessor: Optional[ Union[dict,
torch.nn.modules.module. Module]] = None,
init_cfg: Optional[dict] = None)

BarlowTwins.

Implementation of Barlow Twins: Self-Supervised Learning via Redundancy Reduction. Part of the code is bor-

rowed from: https://github.com/facebookresearch/barlowtwins/blob/main/main.py.

extract_feat (inputs: List[torch. Tensor], **kwargs) — Tuple[torch.Tensor]

Function to extract features from backbone.

S8
e inputs (List [torch. Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&[] Backbone outputs.
MR MEI2EH Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.

S8
e inputs (List [torch. Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
#&A] A dictionary of loss components.
R\ Dict[str, torch.Tensor]

class mmselfsup.models.algorithms.BaseModel (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator:
Optional[dict] = None, pretrained: Optional[str] =
None, data_preprocessor: Optional[ Union[dict,
torch.nn.modules.module. Module]] = None, init_cfg:
Optional[dict] = None)
BaseModel for SelfSup.

All algorithms should inherit this module.

38.1. algorithms 203


https://arxiv.org/abs/2103.03230
https://github.com/facebookresearch/barlowtwins/blob/main/main.py

MMSelfSup, %% 1.0.0

ZH
¢ backbone (dict)—The backbone module. See mmcls.models.backbones.

* neck (dict, optional) —The neck module to process features from backbone. See

mmcls.models.necks. Defaults to None.

* head (dict, optional)-The head module to do prediction and calculate loss from pro-
cessed features. See mmcls.models.heads. Notice that if the head is not set, almost all

methods cannot be used except ext ract_feat (). Defaults to None.

* target_generator —(dict, optional): The target_generator module to generate tar-
gets for self-supervised learning optimization, such as HOG, extracted features from other
modules(DALL-E, CLIP), etc.

* pretrained(str, optional)-The pretrained checkpoint path, support local path and

remote path. Defaults to None.

* data_preprocessor (Union[dict, nn.Module], optional)—The configfor
preprocessing input data. If None or no specified type, it will use “SelfSupDataPreprocessor”

as type. See SelfSupDataPreprocessor for more details. Defaults to None.
e init_cfg(dict, optional)-the configto control the initialization. Defaults to None.

extract_feat (inputs: torch. Tensor)

Extract features from the input tensor with shape (N, C, ---).
This is a abstract method, and subclass should overwrite this methods if needed.

Z¥ inputs (Tensor) —A batch of inputs. The shape of it should be (num_samples,

num_channels, *img_shape).
&\ The output of specified stage. The output depends on detailed implementation.
R EI2RH tuple | Tensor

forward (inputs: torch. Tensor, data_samples:
Optional[ List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample]] = None, mode: str =
tensor’)

Returns losses or predictions of training, validation, testing, and simple inference process.
This module overwrites the abstract method in BaseModel.
SH
* inputs (torch. Tensor) —batch input tensor collated by data_preprocessor.

* data_samples (List [BaseDataElement], optional)—datasamples collated

by data_preprocessor.
¢ mode (st r)-—mode should be one of 1oss, predict and tensor.

— loss: Called by train_step and return loss dict used for logging
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— predict: Called by wval_step and test_step and return list of

BaseDataElement results used for computing metric.

— tensor: Called by custom use to get Tensor type results.

Bl
e If mode == loss,return a dict of loss tensor used for backward and logging.
* If mode == predict, return a 1ist of BaseDataElement for computing metric

and getting inference result.

e If mode == tensor, return a tensor or tuple of tensor or “dict of tensor for custom

use.
BRI ForwardResults (dict or list)

loss (inputs: torch. Tensor, data_samples:
Listfmmselfsup.structures.selfsup_data_sample.Self SupDataSample]) — dict

Calculate losses from a batch of inputs and data samples.
This is a abstract method, and subclass should overwrite this methods if needed.
e inputs (torch. Tensor) —The input tensor with shape (N, C, ---) in general.

e data_samples (List [SelfSupDataSample ])-The annotation data of every sam-

ples.
&[] A dictionary of loss components.
R dict[str, Tensor]

predict (inputs: tuple, data_samples:
Optional[ Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample]] = None, **kwargs)
— List[mmselfsup.structures.selfsup_data_sample.SelfSupDataSample)

Predict results from the extracted features.

This module returns the logits before loss, which are used to compute all kinds of metrics. This is a abstract

method, and subclass should overwrite this methods if needed.
ZH
e feats (tuple)—The features extracted from the backbone.

e data_samples (List [BaseDataElement], optional) —The annotation data

of every samples. Defaults to None.
» **kwargs —Other keyword arguments accepted by the predict method of head.

property with_head: bool
Check if the model has a head module.
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property with_neck: bool
Check if the model has a neck module.

property with_target_generator: bool

Check if the model has a target_generator module.

class mmselfsup.models.algorithms.CAE (backbone: dict, neck: dict, head: dict, target_generator:
Optional[dict] = None, base_momentum: float = 0.0,
data_preprocessor: Optional[dict] = None, init_cfg:
Optional[ Union[dict, List[dict]]] = None)
CAE.

Implementation of Context Autoencoder for Self-Supervised Representation Learning.
BH
* backbone (dict) —Config dict for module of backbone.
* neck (dict) —Config dict for module of neck.
* head (dict) —Config dict for module of head functions.

* target_generator —(dict, optional): The target_generator module to generate tar-
gets for self-supervised learning optimization, such as HOG, extracted features from other
modules(DALL-E, CLIP), etc.

* base_momentum (f1oat) -The base momentum coefficient for the target network. De-
faults to 0.0.

» data_preprocessor (dict, optional) —The config for preprocessing input data.
If None or no specified type, it will use “SelfSupDataPreprocessor” as type. See

SelfSupDataPreprocessor for more details. Defaults to None.

* init_cfg (Union[List[dict], dict], optional)—Config dict for weight ini-

tialization. Defaults to None.

init_weights () — None

Initialize weights.

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
S8
e inputs (List [torch. Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.

Bl A dictionary of loss components.
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B [EIZRH Dict[str, torch. Tensor]

momentum_update () — None

Momentum update of the teacher network.

class mmselfsup.models.algorithms.DeepCluster (backbone: dict, neck: dict, head: dict, pretrained:
Optional[str] = None, data_preprocessor:
Optional[dict] = None, init_cfg:
Optional[ Union[dict, List[dict]]] = None)
DeepCluster.

Implementation of Deep Clustering for Unsupervised Learning of Visual Features. The clustering operation is in

engine/hooks/deepcluster_hook.py.
S8
* backbone (dict)—Config dict for module of backbone.
* neck (dict) —Config dict for module of deep features to compact feature vectors.
* head (dict) —Config dict for module of head functions.

* pretrained(str, optional)-The pretrained checkpoint path, support local path and

remote path. Defaults to None.

* data_preprocessor (dict, optional) —The config for preprocessing input data.
If None or no specified type, it will use “SelfSupDataPreprocessor” as type. See

SelfSupDataPreprocessor for more details. Defaults to None.

* init_cfg (Union[List[dict], dict], optional)—Config dict for weight ini-

tialization. Defaults to None.

extract_feat (inputs: List[torch. Tensor], **kwarg) — Tuple[torch.Tensor]

Function to extract features from backbone.
S5
e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&Ml Backbone outputs.
R [E[2REY Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.

28
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e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
Bl A dictionary of loss components.
R Dict[str, torch. Tensor]

predict (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) —
List[mmselfsup.structures.selfsup_data_sample.Self SupDataSample]

The forward function in testing.
SH
e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&M The prediction from model.
BRIAIRI List[SelfSupDataSample)

class mmselfsup.models.algorithms.DenseCL (backbone: dict, neck: dict, head: dict, queue_len: int =
65536, feat_dim: int = 128, momentum: float = 0.999,
loss_lambda: float = 0.5, pretrained: Optional[str] =
None, data_preprocessor: Optional[dict] = None,
init_cfg: Optional[ Union[dict, List[dict]]] = None)
DenseCL.

Implementation of Dense Contrastive Learning for Self-Supervised Visual Pre-Training. Borrowed
from the authors’ code: https://github.com/WXinlong/DenseCL.  The loss_lambda warmup is in en-

gine/hooks/densecl_hook.py.
S8
* backbone (dict) —Config dict for module of backbone.
* neck (dict) —Config dict for module of deep features to compact feature vectors.
* head (dict) —Config dict for module of head functions.
* queue_len (int)-Number of negative keys maintained in the queue. Defaults to 65536.
» feat_dim (int) -Dimension of compact feature vectors. Defaults to 128.

* momentum (fIloat)-Momentum coefficient for the momentum-updated encoder. Defaults
to 0.999.

* loss_lambda (float) —Loss weight for the single and dense contrastive loss. Defaults to
0.5.
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* pretrained(str, optional)-The pretrained checkpoint path, support local path and
remote path. Defaults to None.

* data_preprocessor (dict, optional) —The config for preprocessing input data.
If None or no specified type, it will use “SelfSupDataPreprocessor” as type. See

SelfSupDataPreprocessor for more details. Defaults to None.

* init_cfg (Union[List[dict], dict], optional)—Config dict for weight ini-
tialization. Defaults to None.

extract_feat (inputs: List[torch.Tensor], **kwargs) — Tuple[torch.Tensor]

Function to extract features from backbone.
S
e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the
forward function.

Rl Backbone outputs.
JRAIZRI Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:

List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
e
e inputs (List [torch. Tensor]) -The input images.

e data_samples (List [SelfSupDataSample ]) —All elements required during the
forward function.

Bl A dictionary of loss components.
HBREIZRMY Dict[str, torch. Tensor]

predict (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) —
mmselfsup.structures.selfsup_data_sample.SelfSupDataSample
Predict results from the extracted features.

S
* batch_inputs (List [torch. Tensor])-The input images.

e data_samples (List [SelfSupDataSample ]) —All elements required during the
forward function.

B M| The prediction from model.
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BRMIRE SelfSupDataSample
class mmselfsup.models.algorithms.EVA (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator: Optionalfdict] =
None, pretrained: Optional[str] = None, data_preprocessor:
Optional[ Union[dict, torch.nn.modules.module. Module]] =
None, init_cfg: Optional[dict] = None)
EVA.

Implementation of EVA: Exploring the Limits of Masked Visual Representation Learning at Scale.

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,

torch.Tensor]

The forward function in training.

S
e inputs (List [torch. Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the
forward function.
&A] A dictionary of loss components.
R [EZRA Dict[str, torch. Tensor]
class mmselfsup.models.algorithms.MAE (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator: Optional[dict] =
None, pretrained: Optional[str] = None, data_preprocessor:
Optional[ Union[dict, torch.nn.modules.module.Module]] =
None, init_cfg: Optional[dict] = None)
MAE.

Implementation of Masked Autoencoders Are Scalable Vision Learners.

extract_feat (inputs: List[torch. Tensor], data_samples:
Optional[ Listfmmselfsup.structures.selfsup_data_sample.Self SupDataSample]] = None,
**kwarg) — Tuple[torch.Tensor]

The forward function to extract features from neck.
%¥ inputs (List [torch. Tensor])—The input images.
& Al Neck outputs.
JRAI2KHEY Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
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S8
e inputs (List [torch. Tensor])—The input images.
¢ data_samples (List [SelfSupDataSample]) —All elements required during the
forward function.
&l A dictionary of loss components.

R A2 Dict[str, torch.Tensor]

reconstruct (features: torch. Tensor, data_samples:
Optional[ List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample]] = None,
**kwargs) — mmselfsup.structures.selfsup_data_sample.SelfSupDataSample

The function is for image reconstruction.

S8
e features (torch. Tensor) —The input images.
¢ data_samples (List [SelfSupDataSample]) —All elements required during the
forward function.
&[] The prediction from model.
BREPRIY SelfSupDataSample

class mmselfsup.models.algorithms.MILAN (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator: Optional[dict] =
None, pretrained: Optional[str] = None,
data_preprocessor: Optional[ Union[dict,
torch.nn.modules.module.Module] ] = None, init_cfg:
Optional[dict] = None)
MILAN.

Implementation of MILAN: Masked Image Pretraining on Language Assisted Representation.

loss (inputs: List[torch. Tensor], data_samples:

Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
BH
e inputs (List [torch. Tensor])—The input images.

e data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
iR\ A dictionary of loss components.

B[R Dict[str, torch.Tensor]
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class mmselfsup.models.algorithms.MaskFeat (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator:
Optional[dict] = None, pretrained: Optional[str] =
None, data_preprocessor: Optional{ Union[dict,
torch.nn.modules.module. Module]] = None, init_cfg:
Optional[dict] = None)
MaskFeat.

Implementation of Masked Feature Prediction for Self-Supervised Visual Pre-Training.

extract_feat (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], compute_hog: bool =
True, **kwarg) — Tuple[torch.Tensor]

The forward function to extract features from neck.

S
e inputs (List [torch.Tensor])—The input images and mask.

e data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.

* compute_hog (bool) ~-Whether to compute hog during extraction. If True, the batch

size of inputs need to be 1. Defaults to True.
&Ml Neck outputs.

MR Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample ], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
L
e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
Rl A dictionary of loss components.
R\ Dict[str, torch.Tensor]

reconstruct (features: List[torch. Tensor], data_samples:
Optional[ List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample]] = None,
**kwargs) — mmselfsup.structures.selfsup_data_sample.Self SupDataSample

The function is for image reconstruction.

SH

212 Chapter 38. mmselfsup.models


https://arxiv.org/abs/2112.09133

MMSelfSup, %% 1.0.0

* features (List [torch. Tensor])-The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&M The prediction from model.

BRI SelfSupDataSample

class mmselfsup.models.algorithms.MixMIM (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, pretrained: Optional[str] = None,
data_preprocessor: Optional[ Union[dict,
torch.nn.modules.module. Module] ] = None, init_cfg:
Optional(dict] = None)
MiXMIM.

Implementation of MixMIM: Mixed and Masked Image Modeling for Efficient Visual Representation Learning..

loss (inputs: List[torch. Tensor], data_samples:
List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
e
e inputs (List [torch. Tensor]) -The input images.

e data_samples (List [SelfSupDataSample ]) —All elements required during the

forward function.
B Ml A dictionary of loss components.
BRI Dict[str, torch. Tensor]

class mmselfsup.models.algorithms.MoCo (backbone: dict, neck: dict, head: dict, queue_len: int =
65536, feat_dim: int = 128, momentum: float = 0.999,
pretrained: Optional[str] = None, data_preprocessor:
Optional[dict] = None, init_cfg: Optional[ Union[dict,
List[dict]]] = None)
MoCo.

Implementation of Momentum Contrast for Unsupervised Visual Representation Learning. Part of the code is

borrowed from: https://github.com/facebookresearch/moco/blob/master/moco/builder.py.
S
* backbone (dict) —Config dict for module of backbone.
* neck (dict) —Config dict for module of deep features to compact feature vectors.
* head (dict) —Config dict for module of head functions.

* queue_len (int) -Number of negative keys maintained in the queue. Defaults to 65536.
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» feat_dim (int) -Dimension of compact feature vectors. Defaults to 128.

* momentum (float)-Momentum coefficient for the momentum-updated encoder. Defaults
to 0.999.

* pretrained(str, optional)-The pretrained checkpoint path, support local path and

remote path. Defaults to None.

* data_preprocessor (dict, optional) —The config for preprocessing input data.
If None or no specified type, it will use “SelfSupDataPreprocessor” as type. See

SelfSupDataPreprocessor for more details. Defaults to None.

* init_cfg(Union[List[dict], dict], optional)—Config dict for weight ini-

tialization. Defaults to None.

extract_feat (inputs: List[torch.Tensor], **kwarg) — Tuple[torch.Tensor]

Function to extract features from backbone.
S
e inputs (List [torch. Tensor]) -The input images.

e data_samples (List [SelfSupDataSample ]) —All elements required during the

forward function.
i&[A] Backbone outputs.
R [A[2iF Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
SH
e inputs (List [torch. Tensor]) -The input images.

e data_samples (List [SelfSupDataSample ]) —All elements required during the

forward function.
&[] A dictionary of loss components.
B [EIZRHY Dict[str, torch. Tensor]

class mmselfsup.models.algorithms.MoCoV3 (backbone: dict, neck: dict, head: dict, base_momentum:
float = 0.99, pretrained: Optional[str] = None,
data_preprocessor: Optional[dict] = None, init_cfg:
Optional[ Union[dict, List[dict]]] = None)
MoCo v3.

Implementation of An Empirical Study of Training Self-Supervised Vision Transformers.
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* backbone (dict) —Config dict for module of backbone
* neck (dict) —Config dict for module of deep features to compact feature vectors.
* head (dict) —Config dict for module of head functions.

* base_momentum (float) -Momentum coefficient for the momentum-updated encoder.
Defaults to 0.99.

* pretrained(str, optional)-The pretrained checkpoint path, support local path and

remote path. Defaults to None.

* data_preprocessor (dict, optional) —The config for preprocessing input data.
If None or no specified type, it will use “SelfSupDataPreprocessor” as type. See

SelfSupDataPreprocessor for more details. Defaults to None.

* init_cfg (Union[List[dict], dict], optional)—Config dict for weight ini-

tialization. Defaults to None.

extract_feat (inputs: List[torch.Tensor], **kwarg) — Tuple[torch.Tensor]

Function to extract features from backbone.
L
e inputs (List [torch. Tensor]) -The input images.
e data_samples (List [SelfSupDataSample])—-All
i’ [A] Backbone outputs.
JRAI2RHEY Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.Self SupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
e inputs (List [torch.Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&[] A dictionary of loss components.

BRI Dict[str, torch. Tensor]
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class mmselfsup.models.algorithms.NPID (backbone: dict, neck: dict, head: dict, memory_bank: dict,
neg_num: int = 65536, ensure_neg: bool = False, pretrained:
Optional[str] = None, data_preprocessor: Optional[dict] =
None, init_cfg: Optional[ Union[dict, List[dict]]] = None)
NPID.

Implementation of Unsupervised Feature Learning via Non-parametric Instance Discrimination.
S
* backbone (dict) —Config dict for module of backbone.
* neck (dict) —Config dict for module of deep features to compact feature vectors.
* head (dict) —Config dict for module of head functions.
* memory_bank (dict) —Config dict for module of memory bank.
* neg_num (int)-Number of negative samples for each image. Defaults to 65536.

* ensure_neg (bool) —If False, there is a small probability that negative samples contain

positive ones. Defaults to False.

* pretrained(str, optional)-The pretrained checkpoint path, support local path and

remote path. Defaults to None.

* data_preprocessor (dict, optional) —The config for preprocessing input data.
If None or no specified type, it will use “SelfSupDataPreprocessor” as type. See

SelfSupDataPreprocessor for more details. Defaults to None.

e init_cfg (Union[List[dict], dict], optional)—Config dict for weight ini-

tialization. Defaults to None.

extract_feat (inputs: List[torch. Tensor], **kwarg) — Tuple[torch.Tensor]

Function to extract features from backbone.
S5
e inputs (List [torch. Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&Nl Backbone outputs.
MR Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.

SH
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e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
Bl A dictionary of loss components.
PRI Dict[str, Tensor]

class mmselfsup.models.algorithms.ODC (backbone: dict, neck: dict, head: dict, memory_bank: dict,
pretrained: Optional[str] = None, data_preprocessor:
Optional[dict] = None, init_cfg: Optional[ Union[dict,
List[dict]]] = None)
ODC.

Official implementation of Online Deep Clustering for Unsupervised Representation Learning. The operation w.r.t.

memory bank and loss re-weighting is in engine/hooks/odc_hook.py.
S8
* backbone (dict) —Config dict for module of backbone.
* neck (dict)—Config dict for module of deep features to compact feature vectors.
* head (dict) —Config dict for module of head functions.
* memory_bank (dict) —Config dict for module of memory bank.

* pretrained(str, optional)-The pretrained checkpoint path, support local path and

remote path. Defaults to None.

* data_preprocessor (dict, optional) —The config for preprocessing input data.
If None or no specified type, it will use “SelfSupDataPreprocessor” as type. See

SelfSupDataPreprocessor for more details. Defaults to None.

* init_cfg (Union[List[dict], dict], optional)—Config dict for weight ini-

tialization. Defaults to None.

extract_feat (inputs: List[torch. Tensor], **kwarg) — Tuple[torch.Tensor]

Function to extract features from backbone.
S5
e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&Ml Backbone outputs.

IR [E[2R7EY Tuple[torch. Tensor]
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loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
BH
e inputs (List [torch. Tensor])—The input images.

e data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&[] A dictionary of loss components.
BRI Dict[str, torch.Tensor]

predict (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample/, **kwargs) —
List[mmselfsup.structures.selfsup_data_sample.SelfSupDataSample]

The forward function in testing.
BH
e inputs (List [torch.Tensor])—The input images.

¢ data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&[] The prediction from model.
BREPRAE List[SelfSupDataSample)

class mmselfsup.models.algorithms.PixMIM (backbone: dict, neck: Optional[dict] = None, head:

Optional[dict] = None, target_generator: Optional[dict]

= None, pretrained: Optional[str] = None,
data_preprocessor: Optional[ Union[dict,
torch.nn.modules.module.Module]] = None, init_cfg:
Optional(dict] = None)

The official implementation of PixMIM.

Implementation of PixMIM: Rethinking Pixel Reconstruction in Masked Image Modeling.
Please refer to MAE for these initialization arguments.

loss (inputs: List[torch.Tensor], data_samples:
List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.

e inputs (List [torch. Tensor]) —The input images.
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* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
R&Al A dictionary of loss components.
W [EIZRH Dict[str, torch. Tensor]

class mmselfsup.models.algorithms.RelativeLoc (backbone: dict, neck: Optional[dict] = None,
head: Optional[dict] = None, target_generator:
Optional[dict] = None, pretrained: Optional[str]
= None, data_preprocessor: Optional[ Union/[dict,
torch.nn.modules.module. Module] ] = None,
init_cfg: Optional[dict] = None)

Relative patch location.
Implementation of Unsupervised Visual Representation Learning by Context Prediction.

extract_feat (inputs: List[torch. Tensor], **kwargs) — Tuple[torch.Tensor]

Function to extract features from backbone.
%% inputs (List [torch. Tensor])—The input images.
i’ [H] Backbone outputs.
R MIZRH Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
BH
e inputs (List [torch. Tensor])—The input images.

¢ data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
&[] A dictionary of loss components.
BRI Dict[str, torch.Tensor]

predict (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.Self SupDataSample/, **kwargs) —
List[mmselfsup.structures.selfsup_data_sample.SelfSupDataSample]

The forward function in testing.
BH
e inputs (List [torch. Tensor])—The input images.

¢ data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
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&M The prediction from model.
RIS List[SelfSupDataSample)

class mmselfsup.models.algorithms.RotationPred (backbone: dict, neck: Optional[dict] = None,
head: Optional[dict] = None, target_generator:
Optional[dict] = None, pretrained: Optional[str]
= None, data_preprocessor:
Optional{ Union| dict,
torch.nn.modules.module. Module]] = None,
init_cfg: Optional[dict] = None)

Rotation prediction.
Implementation of Unsupervised Representation Learning by Predicting Image Rotations.

extract_feat (inputs: List[torch.Tensor], **kwargs) — Tuple[torch.Tensor]

Function to extract features from backbone.
¥ inputs (List [torch. Tensor])—The input images.
&Ml Backbone outputs.

R [E[2RAEY Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.
S8
e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
Rl A dictionary of loss components.
BRI Dict[str, torch. Tensor]

predict (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) —
List[mmselfsup.structures.selfsup_data_sample.Self SupDataSample]

The forward function in testing.
S
e inputs (List [torch. Tensor]) -The input images.

* data_samples (List [SelfSupDataSample ]) —All elements required during the

forward function.

&M The prediction from model.
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BRIAIRI List[SelfSupDataSample]

class mmselfsup.models.algorithms.SimCLR (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator: Optional[dict]
= None, pretrained: Optional[str] = None,
data_preprocessor: Optional[ Union[dict,
torch.nn.modules.module. Module]] = None, init_cfg:
Optional[dict] = None)
SimCLR.

Implementation of A Simple Framework for Contrastive Learning of Visual Representations.

extract_feat (inputs: List[torch. Tensor], **kwargs) — Tuple[torch.Tensor]

Function to extract features from backbone.
%% inputs (List [torch. Tensor])—-The input images.
i’ [H] Backbone outputs.
B \H Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.

S8
e inputs (List [torch. Tensor])—The input images.

e data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
iR\l A dictionary of loss components.
B [E[ZRHT Dict[str, torch. Tensor]

class mmselfsup.models.algorithms.SimMIM (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator: Optional[dict]
= None, pretrained: Optional[str] = None,
data_preprocessor: Optional[ Union[dict,
torch.nn.modules.module. Module] ] = None, init_cfg:
Optional(dict] = None)
SimMIM.

Implementation of SimMIM: A Simple Framework for Masked Image Modeling.

extract_feat (inputs: List[torch. Tensor], data_samples:
Listfmmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwarg) —
torch.Tensor

The forward function to extract features.
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S8
e inputs (List [torch. Tensor])—The input images.
¢ data_samples (List [SelfSupDataSample]) —All elements required during the
forward function.
&[] The reconstructed images.

MR [AIPEHI torch. Tensor

loss (inputs: List[torch. Tensor], data_samples:
List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.

S8
e inputs (List [torch. Tensor])—The input images.
¢ data_samples (List [SelfSupDataSample]) —All elements required during the
forward function.
&l A dictionary of loss components.
R AR Dict[str, Tensor]

reconstruct (features: torch. Tensor, data_samples:
Optional[ List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample]] = None,
**kwargs) — mmselfsup.structures.selfsup_data_sample.SelfSupDataSample

The function is for image reconstruction.

S8
e features (torch. Tensor) —The input images.

e data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
J&[A] The prediction from model.

RIS SelfSupDataSample
class mmselfsup.models.algorithms.SimSiam (backbone: dict, neck: Optional[dict] = None, head:
Optional[dict] = None, target_generator: Optional[dict]
= None, pretrained: Optional[str] = None,
data_preprocessor: Optional[ Union[dict,
torch.nn.modules.module.Module]] = None, init_cfg:
Optional(dict] = None)

SimSiam.

Implementation of Exploring Simple Siamese Representation Learning. The operation of fixing learning rate of

predictor is in engine/hooks/simsiam_hook.py.
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extract_feat (inputs: List[torch. Tensor], **kwarg) — Tuple[torch.Tensor]

Function to extract features from backbone.
%% inputs (List [torch. Tensor])—The input images.
&\l Backbone outputs.
MR Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

The forward function in training.

S8
e inputs (List [torch. Tensor])—The input images.

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.
JR[A] A dictionary of loss components.
WM Dict[str, Tensor]

class mmselfsup.models.algorithms.SwAV (backbone: dict, neck: Optional[dict] = None, head:
Optionalldict] = None, target_generator: Optional[dict] =
None, pretrained: Optional[str] = None, data_preprocessor:
Optional[ Union[dict, torch.nn.modules.module. Module]] =
None, init_cfg: Optional[dict] = None)
SwAV.

Implementation of Unsupervised Learning of Visual Features by Contrasting Cluster Assignments. The queue is

built in engine/hooks/swav_hook.py.

extract_feat (inputs: List[torch.Tensor], **kwargs) — Tuple[torch.Tensor]

Function to extract features from backbone.
¥ inputs (List [torch. Tensor])—The input images.
Bl backbone outputs.
JRAIZRT Tuple[torch. Tensor]

loss (inputs: List[torch. Tensor], data_samples:
List/mmselfsup.structures.selfsup_data_sample.SelfSupDataSample], **kwargs) — Dict[str,
torch.Tensor]

Forward computation during training.
B8

e inputs (List [torch. Tensor]) —The input images.

38.1. algorithms 223


https://arxiv.org/abs/2006.09882

MMSelfSup, %% 1.0.0

* data_samples (List [SelfSupDataSample]) —All elements required during the

forward function.

R&Al A dictionary of loss components.

JRMEIEI Dict[str, torch. Tensor]

38.2 backbones

class mmselfsup.models.backbones.BELiTVAT (arch: str = base’, img_size: int = 224, patch_size: int =

16, in_channels: int = 3, out_indices: int = - 1,
drop_rate: float = 0, drop_path_rate: float = 0,
norm_cfg: dict = {’eps’: 1e-06, type’: 'LN’}, final_norm:
bool = True, avg_token: bool = False, frozen_stages: int
= - 1, output_cls_token: bool = True, use_abs_pos_emb:
bool = False, use_rel_pos_bias: bool = False,
use_shared_rel_pos_bias: bool = True,
layer_scale_init_value: int = 0.1, interpolate_mode: str =
‘bicubic’, patch_cfg: dict = { padding’: 0}, layer_cfgs: dict
= {}, init_cfg: Optional[ Union[dict, List[dict]]] = None)

Vision Transformer for BEiT pre-training.

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

S

arch (str | dict)—Vision Transformer architecture. If use string, choose from ‘small’

, ‘base’ and ‘large’ . If use dict, it should have below keys:

embed_dims (int): The dimensions of embedding.

num_layers (int): The number of transformer encoder layers.

num_heads (int): The number of heads in attention modules.

feedforward_channels (int): The hidden dimensions in feedforward modules.
Defaults to ‘base’ .

img_size (int | tuple) -The expected input image shape. Because we support dy-
namic input shape, just set the argument to the most common input image shape. Defaults to
224,

patch_size (int | tuple)-The patch size in patch embedding. Defaults to 16.
in_channels (int) —-The num of input channels. Defaults to 3.

out_indices (Sequence | int) —Output from which stages. Defaults to -1, means

the last stage.
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* drop_rate (f1oat) —Probability of an element to be zeroed. Defaults to 0.

* drop_path_rate (float) —stochastic depth rate. Defaults to 0.

* gkv_bias (bool) ~Whether to add bias for gkv in attention modules. Defaults to True.

* norm_cfg (dict) —Config dict for normalization layer. Defaults to dict (type="LN").

 final_norm (bool) —Whether to add a additional layer to normalize final feature map.
Defaults to True.

* with_cls_token (bool) ~Whether concatenating class token into image tokens as trans-

former input. Defaults to True.

* avg_token (bool)—-Whether or not to use the mean patch token for classification. If True,

the model will only take the average of all patch tokens. Defaults to False.

» frozen_stages (int) —Stages to be frozen (stop grad and set eval mode). -1 means not

freezing any parameters. Defaults to -1.

* output_cls_token (bool) —Whether output the cls_token. If set True,

with_cls_token must be True. Defaults to True.

* use_abs_pos_emb (bool) ~Whether or not use absolute position embedding. Defaults

to False.
* use_rel_pos_bias (bool) -Whether or not use relative position bias. Defaults to False.

* use_shared_rel_pos_bias (bool)—Whether or not use shared relative position bias.

Defaults to True.

* layer_scale_init_value (float) —The initialization value for the learnable scaling

of attention and FFN. Defaults to 0.1.

* interpolate_mode (str)—Select the interpolate mode for position embeding vector re-

size. Defaults to “bicubic” .
» patch_cfg (dict) —Configs of patch embeding. Defaults to an empty dict.

* layer_cfgs (Sequence | dict)—Configs of each transformer layer in encoder. De-

faults to an empty dict.
* init_cfg (dict, optional)-Initialization config dict. Defaults to None.

forward (x: forch. Tensor, mask: torch.Tensor) — Tuple[torch.Tensor]

The BEIT style forward function.
S
* x (torch. Tensor) —Input images, which is of shape (Bx C x Hx W).

* mask (torch. Tensor) —Mask for input, which is of shape (B x patch_resolution[0] x

patch_resolution[1]).
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& [A] Hidden features.

MR AR Tuple[torch. Tensor]

init_weights () — None

Initialize position embedding, patch embedding and cls token.

rescale_init_weight () — None

Rescale the initialized weights.

class mmselfsup.models.backbones.CAEVAT (arch: str = b’, img_size: int = 224, patch_size: int = 16,
out_indices: int = - 1, drop_rate: float = 0,
drop_path_rate: float = 0, gkv_bias: bool = True,
norm_cfg: dict = {’eps’: 1e-06, type’: 'LN’}, final_norm:
bool = True, output_cls_token: bool = True,
interpolate_mode: str = 'bicubic’, init_values:

Optional[ float] = None, patch_cfg: dict = {}, layer_cfgs:
dict = {}, init_cfg: Optional[dict] = None)

Vision Transformer for CAE pre-training.
Rewritten version of: An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale
S8
e arch (str | dict)—Vision Transformer architecture. Default: ‘b’
* img_size (int | tuple)-Inputimage size
* patch_size (int | tuple)-The patch size

* out_indices (Sequence | int) —Output from which stages. Defaults to -1, means

the last stage.
* drop_rate (float) —Probability of an element to be zeroed. Defaults to 0.
* drop_path_rate (float) —stochastic depth rate. Defaults to 0.
* norm_cfg (dict) —Config dict for normalization layer. Defaults to dict (type="LN").

* final_norm (bool) —Whether to add a additional layer to normalize final feature map.
Defaults to True.

* output_cls_token (bool) ~Whether output the cls_token. If set True, with_cls_token

must be True. Defaults to True.

* interpolate_mode (str) Select the interpolate mode for position embeding vector re-

size. Defaults to “bicubic” .

* init_values (float, optional)—The initvalue of gamma in TransformerEncoder-

Layer.

» patch_cfg (dict)—Configs of patch embeding. Defaults to an empty dict.
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* layer_cfgs (Sequence | dict)—Configs of each transformer layer in encoder. De-

faults to an empty dict.
* init_cfg(dict, optional) -Initialization config dict. Defaults to None.

forward (img: torch. Tensor, mask: torch. Tensor) — torch.Tensor

Generate features for masked images.
This function generates mask images and get the hidden features for visible patches.
S8
* x (torch. Tensor) —Input images, which is of shape Bx Cx Hx W.
* mask (torch. Tensor) -Mask for input, which is of shape B x L.
& Al hidden features.
B [EIZRMY torch. Tensor

init_weights () — None

Initialize position embedding, patch embedding and cls token.

class mmselfsup.models.backbones.MAEVAT (arch: Union[str, dict] = 'b’, img_size: int = 224,
patch_size: int = 16, out_indices: Union[Sequence, int] = -
1, drop_rate: float = 0, drop_path_rate: float = 0,
norm_cfg: dict = {‘eps’ 1e-06, type’: 'LN’}, final_norm:
bool = True, output_cls_token: bool = True,
interpolate_mode: str = 'bicubic’, patch_cfg: dict = {},
layer_cfgs: dict = {}, mask_ratio: float = 0.75, init_cfg:
Optional[ Union[dict, List[dict]]] = None)

Vision Transformer for MAE pre-training.

A PyTorch implement of: An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. This
module implements the patch masking in MAE and initialize the position embedding with sine-cosine position

embedding.
S8
e arch (str | dict)—Vision Transformer architecture Default: ‘b’
* img size (int | tuple)-Inputimage size
* patch_size (int | tuple)-The patch size

* out_indices (Sequence | int)—Output from which stages. Defaults to -1, means

the last stage.
* drop_rate (f1oat) —Probability of an element to be zeroed. Defaults to 0.
* drop_path_rate (f1loat) —stochastic depth rate. Defaults to O.

* norm_cfg (dict) —Config dict for normalization layer. Defaults to dict (type="LN").
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e final_norm (bool) ~Whether to add a additional layer to normalize final feature map.

Defaults to True.

* output_cls_token (bool) —Whether output the cls_token. If set True, with_cls_token

must be True. Defaults to True.

* interpolate_mode (str)—Select the interpolate mode for position embeding vector re-

size. Defaults to “bicubic” .
* patch_cfg (dict)—Configs of patch embeding. Defaults to an empty dict.

* layer_cfgs (Sequence | dict)—Configs of each transformer layer in encoder. De-

faults to an empty dict.
* mask_ratio (bool)-The ratio of total number of patches to be masked. Defaults to 0.75.

e init_cfg (Union[List[dict], dict], optional) —Initialization config dict.
Defaults to None.

forward (x: forch.Tensor) — Tuple[torch.Tensor, torch.Tensor, torch.Tensor]

Generate features for masked images.

This function generates mask and masks some patches randomly and get the hidden features for visible

patches.

%8 x (torch. Tensor) —Input images, which is of shape Bx C x Hx W.

Rl
Hidden features, mask and the ids to restore original image.
¢ x (torch.Tensor): hidden features, which is of shape B x (L * mask_ratio) x C.
» mask (torch.Tensor): mask used to mask image.
* ids_restore (torch.Tensor): ids to restore original image.

R MIZRH Tuple[torch. Tensor, torch. Tensor, torch. Tensor]

init_weights () — None

Initialize position embedding, patch embedding and cls token.

random_masking (x: torch. Tensor, mask_ratio: float = 0.75) — Tuple[torch.Tensor, torch.Tensor,
torch.Tensor]

Generate the mask for MAE Pre-training.
B8
* x (torch. Tensor) -Image with data augmentation applied, which is of shape Bx L x C.
* mask_ratio (float)-The mask ratio of total patches. Defaults to 0.75.
B

masked image, mask and the ids to restore original image.
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» x_masked (torch.Tensor): masked image.

* mask (torch.Tensor): mask used to mask image.

* ids_restore (torch.Tensor): ids to restore original image.
B\ F Tuple[torch. Tensor, torch.Tensor, torch. Tensor]

class mmselfsup.models.backbones.MILANVAT (arch: Union[str, dict] = b’, img_size: int = 224,
patch_size: int = 16, out_indices: Union[Sequence, int]
= - 1, drop_rate: float = 0, drop_path_rate: float = 0,
norm_cfg: dict = {‘eps’ 1e-06, type’: LN},
final_norm: bool = True, output_cls_token: bool =
True, interpolate_mode: str = bicubic’, patch_cfg: dict
= {}, layer_cfgs: dict = {}, mask_ratio: float = 0.75,
init_cfg: Optional[ Union[dict, List[dict]]] = None)

MILANVIT.

Implementation of the encoder for MILAN: Masked Image Pretraining on Language Assisted Representation. This
module inherits from MAEVIiT and only overrides the forward function and replace random masking with attention

masking.

attention_masking (x: torch. Tensor, mask_ratio: float, importance: torch.Tensor) — Tuple[torch.Tensor,
torch.Tensor, torch.Tensor, torch.Tensor, torch.Tensor, torch.Tensor]

Generate attention mask for MILAN.

This is what is different from MAEViT, which uses random masking. Attention masking generates attention

mask for MILAN, according to importance. The higher the importance, the more likely the patch is kept.
S8
* x (torch. Tensor) —Input images, which is of shape B x L x C.
* mask_ratio (float) —The ratio of patches to be masked.
e importance (torch. Tensor) -Importance of each patch, which is of shape B x L.

&I\l masked image, mask, the ids to restore original image, ids of the shuffled patches, ids of the
kept patches, ids of the removed patches.

RHY Tuple[torch. Tensor, -]

forward (x: forch. Tensor, importance: torch. Tensor) — Tuple[torch.Tensor, torch.Tensor, torch.Tensor]

Generate features for masked images.

This function generates mask and masks some patches randomly and get the hidden features for visible
patches. The mask is generated by importance. The higher the importance, the more likely the patch is
kept. The importance is calculated by CLIP. The higher the CLIP score, the more likely the patch is kept.
The CLIP score is calculated by by cross attention between the class token and all other tokens from the last

layer.
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S8

* x (torch. Tensor) —Input images, which is of shape Bx Cx Hx W.

* importance (torch. Tensor) -Importance of each patch, which is of shape B x L.

B

masked image, the ids to restore original image, ids of the kept patches, ids of the removed

patches.

¢ x (torch.Tensor): hidden features, which is of shape B x (L * mask_ratio) x C.
* ids_restore (torch.Tensor): ids to restore original image.

¢ ids_keep (torch.Tensor): ids of the kept patches.

¢ ids_dump (torch.Tensor): ids of the removed patches.

RIAIEHY Tuple[torch. Tensor, -]

class mmselfsup.models.backbones.MaskFeatViT (arch: Union[str, dict] = 'b’, img_size: int = 224,

patch_size: int = 16, out_indices: Union[Sequence,
int] = - 1, drop_rate: float = 0, drop_path_rate:
float = 0, norm_cfg: dict = {’eps’: 1e-06, type’:
'LN’}, final_norm: bool = True, output_cls_token:
bool = True, interpolate_mode: str = ‘bicubic’,
patch_cfg: dict = {}, layer_cfgs: dict = {}, init_cfg:
Optional[ Union[dict, List[dict]]] = None)

Vision Transformer for MaskFeat pre-training.

A PyTorch implement of: Masked Feature Prediction for Self-Supervised Visual Pre-Training.

arch (str | dict)—Vision Transformer architecture Default: ‘b’
img_size (int | tuple)-Inputimage size
patch_size (int | tuple)-The patch size

out_indices (Sequence | int) —Output from which stages. Defaults to -1, means

the last stage.

drop_rate (float) —Probability of an element to be zeroed. Defaults to 0.
drop_path_rate (float) —stochastic depth rate. Defaults to 0.

norm_cfg (dict) —Config dict for normalization layer. Defaults to dict (type="LN").

final_norm (bool) —~Whether to add a additional layer to normalize final feature map.

Defaults to True.
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* output_cls_token (bool) ~Whether output the cls_token. If set True, with_cls_token

must be True. Defaults to True.

* interpolate_mode (str) —Select the interpolate mode for position embeding vector re-

size. Defaults to “bicubic” .
* patch_cfg (dict)—Configs of patch embeding. Defaults to an empty dict.

* layer cfgs (Sequence | dict)—Configs of each transformer layer in encoder. De-

faults to an empty dict.
* init_cfg (dict, optional)-Initialization config dict. Defaults to None.

forward (x: torch. Tensor, mask: torch. Tensor) — torch.Tensor

Generate features for masked images.
S48
* x (torch. Tensor) —Input images.
* mask (torch. Tensor) —Input masks.
& IAl Features with cls_tokens.

RAIZKI torch. Tensor

init_weights () — None

Initialize position embedding, mask token and cls token.

class mmselfsup.models.backbones.MixMIMTransformerPretrain (arch: Union/[str, dict] =
base’, mlp_ratio: float = 4,
img_size: int = 224,
patch_size: int = 4,
in_channels: int = 3,
window_size: List = [14, 14,
14, 7], gkv_bias: bool =
True, patch_cfg: dict = {},
norm_cfg: dict = { ‘type:
'LN’}, drop_rate: float = 0.0,
drop_path_rate: float = 0.0,
atm_drop_rate: float = 0.0,
use_checkpoint: bool = False,
range_mask_ratio: float =
0.0, init_cfg: Optional[dict] =
None)

MixMIM backbone during pretraining.

A PyTorch implement of : * MixMIM: Mixed and Masked Image Modeling for Efficient Visual Representation
Learning <https://arxiv.org/abs/2205.13137>°_

38.2. backbones 231


https://arxiv.org/abs/2205.13137

MMSelfSup, %% 1.0.0

B

forward (x

arch (str | dict)-MixMIM architecture. If use string, choose from ‘base’ ,’ large’

and ‘huge’ . If use dict, it should have below keys:

— embed_dims (int): The dimensions of embedding.

— depths (int): The number of transformer encoder layers.

— num_heads (int): The number of heads in attention modules.
Defaults to  ‘base’ .

mlp_ratio (int) -The mlp ratio in FEN. Defaults to 4.

img_size (int | tuple) —-The expected input image shape. Because we support dy-
namic input shape, just set the argument to mlp_ratio the most common input image shape.
Defaults to 224.

patch_size (int | tuple)-The patch size in patch embedding. Defaults to 16.
in_channels (int) —-The num of input channels. Defaults to 3.

window_size (1ist)—The height and width of the window.

gkv_bias (bool) ~Whether to add bias for gkv in attention modules. Defaults to True.
patch_cfqg (dict) —Extra config dict for patch embedding. Defaults to an empty dict.
norm_cfg (dict) —Config dict for normalization layer. Defaults to dict (type="LN").
drop_rate (f1loat) —Probability of an element to be zeroed. Defaults to 0.
drop_path_rate (f1oat) —Stochastic depth rate. Defaults to 0.
attn_drop_rate (float)—Attention drop rate. Defaults to 0.

use_checkpoint (bool) -Whether use the checkpoint to

GPU memory cost (reduce)—

range_mask_ratio (float) -The range of mask ratio. Defaults to O.
init_cfg(dict, optional) -Initialization config dict. Defaults to None.

: torch. Tensor, mask_ratio=0.5)

Generate features for masked images.

This function generates mask and masks some patches randomly and get the hidden features for visible

patches.

%%t x (torch. Tensor) —Input images, which is of shape Bx C x Hx W.

B

* X (torch.Tensor): hidden features, which is of shape B x L x C.

* mask_s4 (torch.Tensor): the mask tensor for the last layer.
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B AZF Tuple[torch. Tensor, torch. Tensor]

init_weights ()

Initialize position embedding, patch embedding.

random_masking (x: torch. Tensor, mask_ratio: float = 0.5)

Generate the mask for MixMIM Pretraining.

* x (torch. Tensor) -Image with data augmentation applied, which is of shape Bx L x C.
* mask_ratio (float)-The mask ratio of total patches. Defaults to 0.5.

B
e mask_s1 (torch.Tensor): mask with stride of self.encoder_stride // 8.
¢ mask_s2 (torch.Tensor): mask with stride of self.encoder_stride // 4.
e mask_s3 (torch.Tensor): mask with stride of self.encoder_stride // 2.
¢ mask (torch.Tensor): mask with stride of self.encoder_stride.

JRAIZRI Tuple[torch.Tensor, torch.Tensor, torch. Tensor, torch. Tensor]

class mmselfsup.models.backbones.MoCoV3VAiT (stop_grad_convl: bool = False, frozen_stages: int = -
1, norm_eval: bool = False, init_cfg:
Optional[ Union[dict, List[dict]]] = None, **kwargs)

Vision Transformer.
A pytorch implement of: An Images is Worth 16x16 Words: Transformers for Image Recognition at Scale.
Part of the code is modified from: https://github.com/facebookresearch/moco-v3/blob/main/vits.py.

BH

* stop_grad_convl (bool)—-whether to stop the gradient of convolution layer in PatchEm-
bed. Defaults to False.

» frozen_stages (int) —Stages to be frozen (stop grad and set eval mode). -1 means not

freezing any parameters. Defaults to -1.

* norm_eval (bool)-Whether to set norm layers to eval mode, namely, freeze running stats

(mean and var). Note: Effect on Batch Norm and its variants only. Defaults to False.

* init_cfg(dict or list[dict], optional) -Initialization config dict. Defaults

to None.

init_weights () — None

Initialize position embedding, patch embedding, gkv layers and cls token.

train (mode: bool = True) — None

Set module status before forward computation.
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¥ mode (bool) ~Whether it is train_mode or test_mode

class mmselfsup.models.backbones.ResNeXt (depth: int, groups: int = 32, width_per_group: int = 4,
**kwargs)
ResNeXt backbone.

Please refer to the paper for details.

As the behavior of forward function in MMSelfSup is different from MMCIs, we register our own ResNeXt, in-

heriting from mmselfsup.model.backbone. ResNet.
S8

* depth (int) -Network depth, from {50, 101, 152}.
* groups (int) —Groups of conv2 in Bottleneck. Defaults to 32.
* width_per_group (int)-Width per group of conv2 in Bottleneck. Defaults to 4.
* in_channels (int) -Number of input image channels. Defaults to 3.
* stem_channels (int) -Output channels of the stem layer. Defaults to 64.
* num_stages (int) —Stages of the network. Defaults to 4.

* strides (Sequence[int]) —Strides of the first block of each stage. Defaults to (1,
2, 2, 2).

* dilations (Sequence[int ]) —Dilation of each stage. Defaultsto (1, 1, 1, 1).

* out_indices (Sequence [int ])—Output from which stages. If only one stage is spec-
ified, a single tensor (feature map) is returned, otherwise multiple stages are specified, a tuple

of tensors will be returned. Defaults to (3, ).

* style (str) —pytorch or caffe. If set to “pytorch” , the stride-two layer is the 3x3 conv

layer, otherwise the stride-two layer is the first 1x1 conv layer.
* deep_stem (bool) -Replace 7x7 conv in input stem with 3 3x3 conv. Defaults to False.

* avg_down (bool) -Use AvgPool instead of stride conv when downsampling in the bottle-

neck. Defaults to False.

» frozen_stages (int) —Stages to be frozen (stop grad and set eval mode). -1 means not

freezing any parameters. Defaults to -1.
* conv_cfg(dict | None)-The config dict for conv layers. Defaults to None.
* norm_cfg (dict) -The config dict for norm layers.

* norm_eval (bool)-Whether to set norm layers to eval mode, namely, freeze running stats

(mean and var). Note: Effect on Batch Norm and its variants only. Defaults to False.

* with_cp (bool) —Use checkpoint or not. Using checkpoint will save some memory while

slowing down the training speed. Defaults to False.
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=Bl

* zero_init_residual (bool) -Whether to use zero init for last norm layer in resblocks

to let them behave as identity. Defaults to False.

>>>

>>>

>>>

>>>

>>>

>>>

>>>

~

from mmselfsup.models import ResNeXt

import torch

self = ResNeXt (depth=50)

self.eval ()

inputs = torch.rand(1, 3, 32, 32)

level_outputs = self.forward(inputs)

for level_out in level_outputs:
print (tuple (level_out.shape))

256, 8, 8)

512, 4, 4)
1024, 2, 2)
2048, 1, 1)

make_res_layer (**kwargs) — torch.nn.modules.module.Module

Redefine the function for ResNeXt related args.

class mmselfsup.models.backbones.ResNet (depth: int, in_channels: int = 3, stem_channels: int = 64,

base_channels: int = 64, expansion: Optional[int] = None,

num_stages: int = 4, strides: Tuple[int] = (1, 2, 2, 2),

dilations: Tuple[int] = (1, 1, 1, 1), out_indices: Tuple[int]

= (4), style: str = pytorch’, deep_stem: bool = False,

avg_down: bool = False, frozen_stages: int = - 1,

conv_cfg: Optional[dict] = None, norm_cfg: Optional[dict]

= {requires_grad’: True, type’: 'BN’}, norm_eval: bool =

False, with_cp: bool = False, zero_init_residual: bool =

False, init_cfg: Optionalldict] = [{type’: Kaiming’, layer’:
[‘Conv2d’]}, { type’: Constant’, val’: 1, layer’:

[’_BatchNorm’, ‘GroupNorm’]}], drop_path_rate: float =

0.0, **kwargs)

ResNet backbone.

Please refer to the paper for details.

S

* depth (int) -Network depth, from {18, 34, 50, 101, 152}.

* in_channels (int) -Number of input image channels. Defaults to 3.

* stem_channels (int)—Output channels of the stem layer. Defaults to 64.

* base_channels (int)-Middle channels of the first stage. Defaults to 64.
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* num_stages (int) —Stages of the network. Defaults to 4.

* strides (Sequence[int]) —Strides of the first block of each stage. Defaults to (1,
2, 2, 2).

* dilations (Sequence[int ]) —Dilation of each stage. Defaultsto (1, 1, 1, 1).
* out_indices (Sequence [int ])—Output from which stages. Defaults to (4, ).

* style (str) —pytorch or caffe. If set to “pytorch” , the stride-two layer is the 3x3 conv

layer, otherwise the stride-two layer is the first 1x1 conv layer.
* deep_stem (bool)—Replace 7x7 conv in input stem with 3 3x3 conv. Defaults to False.

* avg_down (bool) -Use AvgPool instead of stride conv when downsampling in the bottle-

neck. Defaults to False.

» frozen_stages (int) —Stages to be frozen (stop grad and set eval mode). -1 means not

freezing any parameters. Defaults to -1.
* conv_cfg (dict | None)-The config dict for conv layers. Defaults to None.
* norm_cfg (dict) -The config dict for norm layers.

* norm_eval (bool)—-Whether to set norm layers to eval mode, namely, freeze running stats

(mean and var). Note: Effect on Batch Norm and its variants only. Defaults to False.

* with_cp (bool) —Use checkpoint or not. Using checkpoint will save some memory while

slowing down the training speed. Defaults to False.

* zero_init_residual (bool)-Whether to use zero init for last norm layer in resblocks

to let them behave as identity. Defaults to False.

* of the path to be zeroed. Defaults to 0.1 (Probability)—

N

>>> from mmselfsup.models import ResNet

>>> import torch

>>> self = ResNet (depth=18)

>>> self.eval()

>>> inputs = torch.rand(l, 3, 32, 32)

>>> level_outputs = self.forward(inputs)

>>> for level_out in level_outputs:
print (tuple (level_out.shape))

(1, 64, 8, 8)

(1, 128, 4, 4)

(1, 256, 2, 2)

(1, 512, 1, 1)
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forward (x: forch. Tensor) — Tuple[torch.Tensor]

Forward function.

As the behavior of forward function in MMSelfSup is different from MMCls, we rewrite the forward function.

MMCIs does not output the feature map from the ‘stem’ layer, which will be used for downstream evaluation.

class mmselfsup.models.backbones.ResNetSobel (**kwargs)
ResNet with Sobel layer.

This variant is used in clustering-based methods like DeepCluster to avoid color shortcut.

forward (x: forch. Tensor) — Tuple[torch.Tensor]

Forward function.

class mmselfsup.models.backbones.ResNetV1ld (**kwargs)
ResNetV1d variant described in Bag of Tricks.

Compared with default ResNet(ResNetV1b), ResNetV1d replaces the 7x7 conv in the input stem with three 3x3
convs. And in the downsampling block, a 2x2 avg_pool with stride 2 is added before conv, whose stride is changed

to 1.

class mmselfsup.models.backbones.SimMIMSwinTransformer (arch: Union/[str, dict] = T,
img_size: Union[Tuple[int, int], int]
= 224, in_channels: int = 3,
drop_rate: float = 0.0,
drop_path_rate: float = 0.1,
out_indices: tuple = (3),
use_abs_pos_embed: bool = False,
with_cp: bool = False,
frozen_stages: bool = - 1,
norm_eval: bool = False,
norm_cfg: dict = {type’: 'LN’},
stage_cfgs: Union[Sequence, dict] =
{}, patch_cfg: dict = {},
pad_small_map: bool = False,
init_cfg: Optional[dict] = None)

Swin Transformer for SimMIM.
S8
e Args —
e arch (str | dict)—-Swin Transformer architecture Defaultsto ‘T’ .
* img_size (int | tuple)—-The size of input image. Defaults to 224.
* in_channels (int)—-The num of input channels. Defaults to 3.

* drop_rate (f1oat) -Dropout rate after embedding. Defaults to 0.
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* drop_path_rate (float) —Stochastic depth rate. Defaults to 0.1.
* out_indices (tuple)—Layers to be outputted. Defaults to (3, ).

* use_abs_pos_embed (bool) —If True, add absolute position embedding to the patch
embedding. Defaults to False.

* with_cp (bool) —Use checkpoint or not. Using checkpoint will save some memory while

slowing down the training speed. Defaults to False.

» frozen_stages (int) —Stages to be frozen (stop grad and set eval mode). -1 means not

freezing any parameters. Defaults to -1.

* norm_eval (bool)-Whether to set norm layers to eval mode, namely, freeze running stats

(mean and var). Note: Effect on Batch Norm and its variants only. Defaults to False.

* norm_cfg (dict) —Config dict for normalization layer at end of backone. Defaults to
dict(type=" LN’ )

* stage_cfgs (Sequence | dict)—Extra config dict for each stage. Defaults to empty
dict.

* patch_cfg (dict) —Extra config dict for patch embedding. Defaults to empty dict.

* pad_small_map (bool) —If True, pad the small feature map to the window size, which is
common used in detection and segmentation. If False, avoid shifting window and shrink the
window size to the size of feature map, which is common used in classification. Defaults to

False.
* init_cfg(dict, optional)-The Config for initialization. Defaults to None.

forward (x: torch. Tensor, mask: torch. Tensor) — Sequence[torch.Tensor]

Generate features for masked images.
This function generates mask images and get the hidden features for them.
S8
* x (torch. Tensor) —Input images.
* mask (torch. Tensor)—Masks used to construct masked images.
Rl A tuple containing features from multi-stages.
RAIRE tuple

init_weights () — None

Initialize weights.
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38.3 necks

class mmselfsup.models.necks.AvgPool2dNeck (output_size: int = 1)

The average pooling 2d neck.

forward (x: List[torch.Tensor]) — List[torch.Tensor]

Forward function.

class mmselfsup.models.necks.BEiTV2Neck (num_layers: int = 2, early_layers: int = 9, backbone_arch:
str = ‘base’, drop_rate: float = 0.0, drop_path_rate: float =
0.0, layer_scale_init_value: float = 0.1, use_rel_pos_bias:
bool = False, norm_cfg: dict = {’eps’: 1e-06, type: 'LN’},
init_cfg: Optional[ Union[dict, List[dict]]] = { bias’: 0,
layer’: 'Linear’, 'std’: 0.02, ‘type’: 'TruncNormal’})
Neck for BEiTV2 Pre-training.

This module construct the decoder for the final prediction.
BH
* num_layers (int) -Number of encoder layers of neck. Defaults to 2.

* early_layers (int)—The layer index of the early output from the backbone. Defaults to
9.

* backbone_arch (str) —Vision Transformer architecture. Defaults to base.
* drop_rate (f1oat) —Probability of an element to be zeroed. Defaults to 0.
* drop_path_rate (float) —stochastic depth rate. Defaults to 0.

* layer_ scale_init_value (float) —The initialization value for the learnable scaling

of attention and FFN. Defaults to 0.1.

* use_rel_pos_bias (bool) —Whether to use unique relative position bias, if False, use

shared relative position bias defined in backbone.
* norm_cfg (dict)—Config dict for normalization layer. Defaults to dict (type="LN").
* init_cfg (dict, optional)-Initialization config dict. Defaults to None.

forward (inputs: Tuple[torch.Tensor], rel_pos_bias: torch.Tensor, **kwargs) — Tuple[torch.Tensor,
torch.Tensor]

Get the latent prediction and final prediction.
e x(Tuple[torch. Tensor]) —Features of tokens.
e rel_pos_bias (torch. Tensor) —Shared relative position bias table.

Bl
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¢ x: The final layer features from backbone, which are normed in BE1 TV2Neck.

* x_cls_pt: The early state features from backbone, which are consist of final layer
cls_token and early state patch_tokens from backbone and sent to PatchAggregation layers

in the neck.

JRAIZRI Tuple[torch.Tensor, torch.Tensor]

rescale_patch_aggregation_init_weight ()

Rescale the initialized weights.

class mmselfsup.models.necks.CAENeck (patch_size: int = 16, num_classes: int = 8192, embed_dims: int

= 768, regressor_depth: int = 6, decoder_depth: int = §,
num_heads: int = 12, mlp_ratio: int = 4, gkv_bias: bool =
True, gk_scale: Optional[float] = None, drop_rate: float = 0.0,
attm_drop_rate: float = 0.0, drop_path_rate: float = 0.0,
norm_cfg: dict = {‘eps’ 1e-06, type’: 'LN’}, init_values:
Optional[ float] = None, mask_tokens_num: int = 75, init_cfg:
Optional[dict] = None)

Neck for CAE Pre-training.

This module construct the latent prediction regressor and the decoder for the latent prediction and final prediction.

SH

patch_size (int) —The patch size of each token. Defaults to 16.
num_classes (int)—The number of classes for final prediction. Defaults to 8192.

embed_dims (int) —The embed dims of latent feature in regressor and decoder. Defaults
to 768.

regressor_depth (int) -The number of regressor blocks. Defaults to 6.
decoder_depth (int) —The number of decoder blocks. Defaults to 8.

num_heads (int)—The number of head in multi-head attention. Defaults to 12.
mlp_ratio (int) -The expand ratio of latent features in MLP. defaults to 4.

gkv_bias (bool) —Whether or not to use gkv bias. Defaults to True.
gk_scale(float, optional)-Thescaleapplied to the results of gk. Defaults to None.
drop_rate (float) -The dropout rate. Defaults to O.

attn_drop_rate (float) -The dropout rate in attention block. Defaults to 0.

norm_cfg (dict)-The config of normalization layer. Defaults to dict(type="LN’, eps=1le-
6).

init_values (float, optional)-The init value of gamma. Defaults to None.

mask_tokens_num (int)—The number of mask tokens. Defaults to 75.

240
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* init_cfg (dict, optional)-Initialization config dict. Defaults to None.

forward (x_unmasked: torch. Tensor, pos_embed_masked: torch. Tensor, pos_embed_unmasked: torch. Tensor)
— Tuple[torch.Tensor, torch.Tensor]

Get the latent prediction and final prediction.
B8
e x_unmasked (torch. Tensor) —Features of unmasked tokens.
¢ pos_embed_masked (torch. Tensor) —Position embedding of masked tokens.
* pos_embed_unmasked (torch. Tensor) —Position embedding of unmasked tokens.
B
Final prediction and latent prediction.
JRAIZRI Tuple[torch. Tensor, torch.Tensor]

init_weights () — None

Initialization.

class mmselfsup.models.necks.ClsBatchNormNeck (input_features: int, affine: bool = False, eps: float
= le-06, init_cfg: Optional[ Union[dict,
List[dict]]] = None)

Normalize cls token across batch before head.
This module is proposed by MAE, when running linear probing.
S8
e input_features (int)—The dimension of features.

e affine (bool) —a boolean value that when set to True, this module has learnable affine

parameters. Defaults to False.

* eps (float) —a value added to the denominator for numerical stability. Defaults to 1e-6.

* init_cfg (Dict or List[Dict], optional) —Config dict for weight initializa-
tion. Defaults to None.

forward (inputs: Tuple[List[torch.Tensor]]) — Tuple[List[torch.Tensor]]

The forward function.

class mmselfsup.models.necks.DenseCLNeck (in_channels: int, hid_channels: int, out_channels: int,
num_grid: Optional[int] = None, init_cfg:
Optional[ Union[dict, List{dict]]] = None)

The non-linear neck of DenseCL.

Single and dense neck in parallel: fc-relu-fc, conv-relu-conv. Borrowed from the authors’ code.

SH
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* in_channels (int) -Number of input channels.

* hid_channels (int) —Number of hidden channels.

* out_channels (int) -Number of output channels.

* num_grid (int) —The grid size of dense features. Defaults to None.

e init_cfg(dict or list[dict], optional) -Initialization config dict. Defaults

to None.

forward (x: List[torch.Tensor]) — List[torch.Tensor]

Forward function of neck.
¥ x (List [torch. Tensor]) —feature map of backbone.
Bl
The global feature vectors and dense feature vectors. - avgpooled_x: Global feature vectors.
- x: Dense feature vectors. - avgpooled_x2: Dense feature vectors for queue.

JRMEIPF List[torch.Tensor, torch.Tensor, torch.Tensor]

class mmselfsup.models.necks.LinearNeck (in_channels: int, out_channels: int, with_avg_pool: bool =
True, init_cfg: Optional[ Union/[dict, List[dict]]] = None)

The linear neck: fc only.
S8
* in_channels (int) -Number of input channels.
* out_channels (int)-Number of output channels.

* with_avg_pool (bool) ~Whether to apply the global average pooling after backbone.

Defaults to True.

* init_cfg(dict or list[dict], optional)-Initialization config dict. Defaults

to None.

forward (x: Tuple[torch.Tensor]) — List[torch.Tensor]

Forward function.
¥ x (List [torch. Tensor]) —The feature map of backbone.
&M The output features.

RIAIZRI List[torch. Tensor]
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class mmselfsup.models.necks.MAEPretrainDecoder (num_patches: int = 196, patch_size: int = 16,

in_chans: int = 3, embed_dim: int = 1024,
decoder_embed_dim: int = 512,
decoder_depth: int = 8, decoder_num_heads:
int = 16, mlp_ratio: int = 4, norm_cfg: dict =
{‘eps’: 1e-06, type’: LN},
predict_feature_dim: Optionalf float] = None,
init_cfg: Optional{ Union[dict, List[dict]]] =
None)

Decoder for MAE Pre-training.

Some of the code is borrowed from https://github.com/facebookresearch/mae. # noqa

S
* num_patches (int)—The number of total patches. Defaults to 196.
* patch_size (int)-Image patch size. Defaults to 16.
* in_chans (int) —The channel of input image. Defaults to 3.
* embed_dim (int)—Encoder’ sembedding dimension. Defaults to 1024.
* decoder_embed_dim (int)-Decoder’ s embedding dimension. Defaults to 512.
* decoder_depth (int) -The depth of decoder. Defaults to 8.
* decoder_num_heads (int) -Number of attention heads of decoder. Defaults to 16.
* mlp_ratio (int)—Ratio of mlp hidden dim to decoder’ s embedding dim. Defaults to 4.
* norm_cfg (dict) -Normalization layer. Defaults to LayerNorm.

* init_cfqg (Union[List[dict], dict], optional) —Initialization config dict.
Defaults to None.

L]

>>> from mmselfsup.models import MAEPretrainDecoder
>>> import torch

>>> self = MAEPretrainDecoder ()

>>> self.eval()

>>> inputs = torch.rand(1, 50, 1024)

>>> ids_restore = torch.arange (0, 196).unsqueeze (0)
>>> level_outputs = self.forward(inputs, ids_restore)
>>> print (tuple (level_outputs.shape))

(1, 196, 768)
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property decoder_norm

The normalization layer of decoder.

forward (x: torch.Tensor, ids_restore: torch. Tensor) — torch.Tensor

The forward function.

The process computes the visible patches’ features vectors and the mask tokens to output feature vectors,

which will be used for reconstruction.
S8
* x (torch. Tensor) —hidden features, which is of shape B x (L * mask_ratio) x C.
* ids_restore (torch. Tensor) —ids to restore original image.
Bl
The reconstructed feature vectors, which is of shape B x (num_patches) x C.
R x (torch.Tensor)

init_weights () — None

Initialize position embedding and mask token of MAE decoder.

class mmselfsup.models.necks.MILANPretrainDecoder (num_patches: int = 196, patch_size: int =
16, in_chans: int = 3, embed_dim: int =
1024, decoder_embed_dim.: int = 512,
decoder_depth: int = 8,
decoder_num_heads: int = 16,
predict_feature_dim: int = 512, mlp_ratio:
int = 4, norm_cfg: dict = {'‘eps’: 1e-06,
type’: 'LN’}, init_cfg: Optional[ Union[dict,
List[dict]]] = None)

Prompt decoder for MILAN.

This decoder is used in MILAN pretraining, which will not update these visible tokens from the encoder.
S8
* num_patches (int) -The number of total patches. Defaults to 196.
* patch_size (int) -Image patch size. Defaults to 16.
* in_chans (int) —The channel of input image. Defaults to 3.
* embed_dim (int)-Encoder’ sembedding dimension. Defaults to 1024.
* decoder_embed_dim (int) -Decoder’ s embedding dimension. Defaults to 512.
* decoder_depth (int) -The depth of decoder. Defaults to 8.

* decoder_num_heads (int) -Number of attention heads of decoder. Defaults to 16.
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* predict_feature_dim (int) -The dimension of the feature to be predicted. Defaults
to 512.

* mlp_ratio (int)—-Ratio of mlp hidden dim to decoder’ s embedding dim. Defaults to 4.
* norm_cfg (dict) -Normalization layer. Defaults to LayerNorm.

e init_cfg (Union[List[dict], dict], optional) -Initialization config dict.
Defaults to None.

forward (x: forch. Tensor, ids_restore: torch. Tensor, ids_keep: torch. Tensor, ids_dump: torch. Tensor) —
torch.Tensor

Forward function.
e
* x (torch. Tensor) —The input features, which is of shape (N, L, C).
* ids_restore (torch. Tensor) —The indices to restore these tokens to the original
image.
e ids_keep (torch. Tensor) —The indices of tokens to be kept.
e ids_dump (torch. Tensor) —The indices of tokens to be masked.
Bl
The reconstructed features, which is of shape (N, L, C).
JRMAIZE torch. Tensor

class mmselfsup.models.necks.MixMIMPretrainDecoder (num_patches: int = 196, patch_size: int =
16, in_chans: int = 3, embed_dim: int =
1024, encoder_stride: int = 32,
decoder_embed_dim: int = 512,
decoder_depth: int = 8,
decoder_num_heads: int = 16, mlp_ratio:
int = 4, norm_cfg: dict = {‘eps’: 1e-06,
type’: LN}, init_cfg:
Optional[ Union[dict, List[dict]]] =
None)

Decoder for MixMIM Pretraining.

Some of the code is borrowed from hitps://github.com/Sense-X/MixMIM. # noqa
S
* num_patches (int) -The number of total patches. Defaults to 196.
* patch_size (int)-Image patch size. Defaults to 16.

* in_chans (int) -The channel of input image. Defaults to 3.
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* embed_dim (int) -Encoder’ sembedding dimension. Defaults to 1024.

* encoder_stride (int)—The output stride of MixMIM backbone. Defaults to 32.

* decoder_embed_dim (int) -Decoder’ s embedding dimension. Defaults to 512.

* decoder_depth (int) -The depth of decoder. Defaults to 8.

* decoder_num_heads (int) -Number of attention heads of decoder. Defaults to 16.

* mlp_ratio (int)—Ratio of mlp hidden dim to decoder’ s embedding dim. Defaults to 4.
* norm_cfg (dict) -Normalization layer. Defaults to LayerNorm.

e init_cfg (Union[List[dict], dict], optional) -Initialization config dict.
Defaults to None.

forward (x: torch.Tensor, mask: torch. Tensor) — torch.Tensor

Forward function.
e
* x (torch. Tensor) —The input features, which is of shape (N, L, C).
e mask (torch. Tensor) —The tensor to indicate which tokens a re masked.
Bl
The reconstructed features, which is of shape (N, L, C).
B [EIRHY torch. Tensor

init_weights () — None

Initialize position embedding and mask token of MixMIM decoder.

class mmselfsup.models.necks.MoCoV2Neck (in_channels: int, hid_channels: int, out_channels: int,
with_avg_pool: bool = True, init_cfg:
Optional{ Union[dict, List[dict]]] = None)

The non-linear neck of MoCo v2: fc-relu-fc.
S8
* in_channels (int) -Number of input channels.
* hid_channels (int)—Number of hidden channels.
* out_channels (int)-Number of output channels.

* with_avg_pool (bool) ~Whether to apply the global average pooling after backbone.
Defaults to True.

* init_cfg(dict or list[dict], optional) -Initialization config dict. Defaults

to None.

forward (x: List[torch.Tensor]) — List[torch.Tensor]

Forward function.
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%% x (List [torch. Tensor])-The feature map of backbone.

i’ [H] The output features.

JR BT List[torch. Tensor]

class mmselfsup.models.necks.NonLinearNeck (in_channels: int, hid_channels: int, out_channels: int,

num_layers: int = 2, with_bias: bool = False,
with_last_bn: bool = True, with_last_bn_affine: bool
= True, with_last_bias: bool = False, with_avg_pool:
bool = True, vit_backbone: bool = False, norm_cfg:
dict = {type’: 'SyncBN’}, init_cfg:

Optional[ Union[dict, List[dict]]] = [{ type’: Constant’,
val’: 1, layer’: [*_BatchNorm’, ‘GroupNorm']}])

The non-linear neck.

Structure: fc-bn-[relu-fc-bn] where the substructure in [] can be repeated. For the default setting, the repeated time

is 1. The neck can be used in many algorithms, e.g., SImCLR, BYOL, SimSiam.

B

forward (x:

Forward

in_channels (int) -Number of input channels.

hid_channels (int) -Number of hidden channels.

out_channels (int) -Number of output channels.

num_layers (int) -Number of fc layers. Defaults to 2.

with_bias (bool)-Whether to use bias in fc layers (except for the last). Defaults to False.
with_last_bn (bool) ~Whether to add the last BN layer. Defaults to True.

with_last_bn_affine (bool)-Whether to have learnable affine parameters in the last
BN layer (set False for SimSiam). Defaults to True.

with_last_bias (bool) ~Whether to use bias in the last fc layer. Defaults to False.

with_avg_pool (bool) —Whether to apply the global average pooling after backbone.

Defaults to True.

vit_backbone (bool) —The key to indicate whether the upstream backbone is ViT. De-

faults to False.

norm_cfg (dict) —Dictionary to construct and config norm layer. Defaults to dict(type=’
SyncBN’ ).

init_cfg(dict or list[dict], optional)-Initialization config dict.

Tuple[torch. Tensor]) — List[torch.Tensor]

function.

28 x (List [torch. Tensor])-The feature map of backbone.
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&M The output features.
RIAIZKRI List[torch. Tensor]

class mmselfsup.models.necks.ODCNeck (in_channels: int, hid_channels: int, out_channels: int,
with_avg_pool: bool = True, norm_cfg: dict = { type’:
SyncBN'}, init_cfg: Optional[ Union[dict, List[dict]]] = [{ type:
‘Constant’, val’: 1, layer’: [’_BatchNorm’, ‘GroupNorm’]}])

The non-linear neck of ODC: fc-bn-relu-dropout-fc-relu.
BH
* in_channels (int) -Number of input channels.
e hid_channels (int) -Number of hidden channels.
* out_channels (int) -Number of output channels.

* with_avg_pool (bool) —Whether to apply the global average pooling after backbone.
Defaults to True.

* norm_cfg (dict) —Dictionary to construct and config norm layer. Defaults to dict(type="
SyncBN’ ).

* init_cfg(dict or list[dict], optional)-Initialization config dict.

forward (x: List[torch.Tensor]) — List[torch.Tensor]

Forward function.
¥ x (List [torch. Tensor]) —The feature map of backbone.
iR The output features.
B [ERHY List[torch. Tensor]

class mmselfsup.models.necks.RelativeLocNeck (in_channels: int, out_channels: int, with_avg_pool:
bool = True, norm_cfg: dict = { type’: '‘BN1d’},
init_cfg: Optional[ Union[dict, List[dict]]] =
[{ type’: 'Normal’, ’std’: 0.01, layer’: 'Linear’},
{type’: ‘Constant’, val’: 1, layer’: ['_BatchNorm’,
‘GroupNorm’]}])

The neck of relative patch location: fc-bn-relu-dropout.
S8
* in_channels (int) -Number of input channels.
* out_channels (int) -Number of output channels.

* with_avg_pool (bool) —Whether to apply the global average pooling after backbone.
Defaults to True.
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* norm_cfg (dict) —Dictionary to construct and config norm layer. Defaults to dict(type="
BN1d’ ).

* init_cfg(dict or list[dict], optional)-Initialization config dict.

forward (x: List[torch.Tensor]) — List[torch.Tensor]

Forward function.
¥ x (List [torch. Tensor]) -The feature map of backbone.
Rl The output features.
B [ERAY List[torch. Tensor]

class mmselfsup.models.necks.SimMIMNeck (in_channels: int, encoder_stride: int)
Pre-train Neck For SimMIM.

This neck reconstructs the original image from the shrunk feature map.
ZH
* in_channels (int) —Channel dimension of the feature map.
* encoder_stride (int)—The total stride of the encoder.

forward (x: forch.Tensor) — torch.Tensor

Forward function.

class mmselfsup.models.necks.SwAVNeck (in_channels: int, hid_channels: int, out_channels: int,
with_avg_pool: bool = True, with_I2norm: bool = True,
norm_cfg: dict = { type’: ‘SyncBN’}, init_cfg:
Optional[ Union[dict, List[dict]]] = [{ type’: Constant’, val’:
1, layer’: [’_BatchNorm’, ‘GroupNorm’[}])

The non-linear neck of SWAV: fc-bn-relu-fc-normalization.
S8
* in_channels (int) -Number of input channels.
* hid_channels (int)—Number of hidden channels.
* out_channels (int) -Number of output channels.

* with_avg_pool (bool) ~Whether to apply the global average pooling after backbone.

Defaults to True.
* with_l2norm (bool)-whether to normalize the output after projection. Defaults to True.

* norm_cfg (dict) —Dictionary to construct and config norm layer. Defaults to dict(type="
SyncBN’ ).

* init_cfg(dict or list[dict], optional) -Initialization config dict.
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forward (x: List[torch.Tensor]) — List[torch.Tensor]

Forward function.
28 x (List [torch. Tensor]) -list of feature maps, len(x) according to len(num_crops).
&Nl The projection vectors.
R\ List[torch. Tensor]

forward_projection (x: forch.Tensor) — torch.Tensor

Compute projection.
¥ x (torch. Tensor) —The feature vectors after pooling.
iR [A] The output features with projection or L2-norm.

JRIAIRIY torch. Tensor

38.4 heads

class mmselfsup.models.heads.BEiTV1Head (embed_dims: int, num_embed: int, loss: dict, init_cfg:
Optional[ Union[dict, List[dict]]] = { bias’: 0, layer’:
‘Linear’, std’: 0.02, type’: "TruncNormal'})
Pretrain Head for BEIiT vl.

Compute the logits and the cross entropy loss.
BH
* embed_dims (int) -The dimension of embedding.
* num_embed (int)-The number of classification types.
* loss (dict) —The config of loss.

e init_cfg(dict or List[dict], optional) -Initialization config dict. Defaults
to None.

forward (feats: torch. Tensor, target: torch. Tensor, mask: torch.Tensor) — torch.Tensor

Generate loss.
SH
e feats (torch. Tensor) —Features from backbone.
* target (torch. Tensor) —Target generated by target_generator.

* mask (torch. Tensor) —Generated mask for pretraing.
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class mmselfsup.models.heads.BEiTV2Head (embed_dims: int, num_embed: int, loss: dict, init_cfg:
Optional[ Union[dict, List[dict]]] = { bias’: 0, layer’:
‘Linear’, std’: 0.02, type’: 'TruncNormal'})
Pretrain Head for BEiT.

Compute the logits and the cross entropy loss.
BH
* embed_dims (int) -The dimension of embedding.
* num_embed (int)-The number of classification types.
* loss (dict) —The config of loss.

e init_cfg(dict or List[dict], optional) -Initialization config dict. Defaults

to None.

forward (feats: torch. Tensor, feats_cls_pt: torch. Tensor, target: torch. Tensor, mask: torch.Tensor) —
torch.Tensor

Generate loss.
BH
e feats (torch. Tensor) —Features from backbone.
e feats_cls_pt (torch. Tensor) —Features from class late layers for pretraining.
e target (torch. Tensor) —Target generated by target_generator.
* mask (torch. Tensor) —Generated mask for pretraing.

class mmselfsup.models.heads.CAEHead (loss: dict, init_cfg: Optional[ Union[dict, List[dict]]] = None)
Pretrain Head for CAE.

Compute the align loss and the main loss. In addition, this head also generates the prediction target generated by
dalle.

S8
* loss (dict) —The config of loss.
* tokenizer_ path (str) -The path of the tokenizer.

* init_cfg(dict or List[dict], optional) -Initialization config dict. Defaults

to None.

forward (logits: torch. Tensor, logits_target: torch.Tensor, latent_pred: torch.Tensor, latent_target: torch. Tensor,
mask: torch. Tensor) — Tuple[torch.Tensor, torch.Tensor]

Generate loss.

B8

* logits (torch. Tensor) —Logits generated by decoder.
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* logits_target (img_target) —-Target generated by dalle for decoder prediction.
* latent_pred (torch. Tensor) —Latent prediction by regressor.
* latent_target (torch. Tensor) —Target for latent prediction, generated by teacher.
Bl
The tuple of loss.
* loss_main (torch.Tensor): Cross entropy loss.
* loss_align (torch.Tensor): MSE loss.
R AR Tuple[torch. Tensor, torch. Tensor]

class mmselfsup.models.heads.ClsHead (loss: dict, with_avg_pool: bool = False, in_channels: int =
2048, num_classes: int = 1000, vit_backbone: bool = False,
init_cfg: Optional[ Union[dict, List[dict]]] = [{ type’: 'Normal,
std’: 0.01, layer’: Linear’}, { type’: ‘Constant’, val’: 1, layer’:
[’_BatchNorm’, ‘GroupNorm’]}])

Simplest classifier head, with only one fc layer.
* loss (dict) —Config of the loss.

* with_avg_pool (bool) —~Whether to apply the average pooling after neck. Defaults to
False.

* in_channels (int) -Number of input channels. Defaults to 2048.
* num_classes (int) —Number of classes. Defaults to 1000.
e init_cfg(Dict or List[Dict], optional)-Initialization config dict.

forward (x: Union[List[torch. Tensor], Tuple[torch.Tensor]], label: torch.Tensor) — torch.Tensor
Get the loss.

S8

e x(List[Tensor] | Tuple[Tensor])-Feature maps of backbone, each tensor has
shape (N, C, H, W).

e label (torch. Tensor) —The label for cross entropy loss.
iz Al The cross entropy loss.
IR B[R torch.Tensor

logits (x: Union[List[torch. Tensor], Tuple[torch.Tensor]]) — List[torch.Tensor]

Get the logits before the cross_entropy loss.

This module is used to obtain the logits before the loss.
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%% x (List [Tensor] | Tuple[Tensor])-Feature maps of backbone, each tensor has
shape (N, C, H, W).

Jxa] A list of class scores.
JRMIJAM List[Tensor]

class mmselfsup.models.heads.ContrastiveHead (loss: dict, temperature: float = 0.1)

Head for contrastive learning.
The contrastive loss is implemented in this head and is used in SimCLR, MoCo, DenseCL, etc.
S8
* loss (dict) —Config dict for module of loss functions.

* temperature (float)-The temperature hyper-parameter that controls the concentration

level of the distribution. Defaults to 0.1.

forward (pos: torch.Tensor, neg: torch. Tensor) — torch.Tensor

Forward function to compute contrastive loss.
S
* pos (torch. Tensor) -Nx1 positive similarity.
* neg (torch. Tensor)—Nxk negative similarity.
& [Al The contrastive loss.
RAIZI torch. Tensor

class mmselfsup.models.heads.LatentCrossCorrelationHead (in_channels: int, loss: dict)

Head for latent feature cross correlation.
Part of the code is borrowed from script.
S8
* in_channels (int) -Number of input channels.
* loss (dict) —Config dict for module of loss functions.

forward (input: torch. Tensor, target: torch. Tensor) — torch.Tensor

Forward head.
S8
e input (torch. Tensor) -NxC input features.
* target (torch. Tensor) -NxC target features.
&\l The cross correlation loss.

R\ torch.Tensor
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class mmselfsup.models.heads.LatentPredictHead (loss: dict, predictor: dict)

Head for latent feature prediction.

This head builds a predictor, which can be any registered neck component. For example, BYOL and SimSiam call

this head and build NonLinearNeck. It also implements similarity loss between two forward features.
BH
* loss (dict) —Config dict for the loss.
* predictor (dict) —Config dict for the predictor.

forward (input: torch. Tensor, target: torch.Tensor) — Tuple[torch.Tensor, torch.Tensor]

Forward head.
S8
e input (torch. Tensor) -NxC input features.
* target (torch. Tensor) -NxC target features.
R The latent predict loss.
R torch. Tensor

class mmselfsup.models.heads.MAEPretrainHead (loss: dict, norm_pix: bool = False, patch_size: int =
16)
Pre-training head for MAE.

S8
* loss (dict) —Config of loss.
* norm_pix_loss (bool) -Whether or not normalize target. Defaults to False.
* patch_size (int) —Patch size. Defaults to 16.

construct_target (target: torch. Tensor) — torch.Tensor

Construct the reconstruction target.

In addition to splitting images into tokens, this module will also normalize the image according to norm_pix.
%% target (torch. Tensor)-Image with the shape of Bx 3x Hx W
RN Tokenized images with the shape of Bx L x C
RAIZKI torch.Tensor

forward (pred: torch. Tensor, target: torch. Tensor, mask: torch. Tensor) — torch.Tensor
Forward function of MAE head.

S8
* pred (torch. Tensor) —The reconstructed image.

* target (torch. Tensor) —The target image.
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* mask (torch. Tensor) —-The mask of the target image.
&\l The reconstruction loss.
JREIZRE torch.Tensor

patchify (imgs: torch. Tensor) — torch.Tensor

Split images into non-overlapped patches.
¥ imgs (torch. Tensor) —A batch of images, of shape Bx Hx W x C.
RN Patchified images. The shape is Bx L x D.
BRI torch. Tensor

unpatchify (x: torch. Tensor) — torch.Tensor

Combine non-overlapped patches into images.
¥t x (torch. Tensor) —The shape is (N, L, patch_size**2 *3)
& [A] The shape is (N, 3, H, W)
RAIZREY imgs (torch.Tensor)

class mmselfsup.models.heads.MILANPretrainHead (loss: dict)
MILAN pretrain head.

%% loss (dict)—Config of loss.

forward (pred: torch. Tensor, target: torch. Tensor, mask: Optional[torch. Tensor] = None) — torch.Tensor

Forward function.
e
e pred (torch. Tensor) —Predicted features, of shape (N, L, D).
* target (torch. Tensor) —Target features, of shape (N, L, D).
* mask (torch. Tensor) —The mask of the target image of shape.
&Al the reconstructed loss.
R\ torch. Tensor

class mmselfsup.models.heads.MaskFeatPretrainHead (loss: dict)

Pre-training head for MaskFeat.
It computes reconstruction loss between prediction and target in masked region.
24 loss (dict) —Config dict for module of loss functions.

forward (pred: torch. Tensor, target: torch. Tensor, mask: torch. Tensor) — torch.Tensor

Forward head.

B8

e latent (torch. Tensor) —Predictions, which is of shape B x (1 + L) x C.
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* target (torch. Tensor) —Hog features, which is of shape Bx L x C.

* mask (torch. Tensor)—The mask of the hog features, which is of shape B x H x W.
2\l The loss tensor.
BIA2HY torch. Tensor

class mmselfsup.models.heads.MixMIMPretrainHead (loss: dict, norm_pix: bool = False, patch_size:
int=16)
MixMIM pretrain head.

S8
* loss (dict) —Config of loss.
* norm_pix_loss (bool) —Whether or not normalize target. Defaults to False.
* patch_size (int) —Patch size. Defaults to 16.

forward (x_rec: torch. Tensor, target: torch. Tensor, mask: torch.Tensor) — torch.Tensor
Forward function of MixMIM head.

S8

* pred (torch. Tensor) —The reconstructed image.

e target (torch. Tensor) —The target image.

* mask (torch. Tensor) —-The mask of the target image.
jJ&[H] The reconstruction loss.
JREIZHE torch. Tensor

class mmselfsup.models.heads.MoCoV3Head (predictor: dict, loss: dict, temperature: float = 1.0)
Head for MoCo v3 algorithms.

This head builds a predictor, which can be any registered neck component. It also implements latent contrastive loss
between two forward features. Part of the code is modified from: https://github.com/facebookresearch/moco-v3/

blob/main/moco/builder.py.
S8
» predictor (dict) —Config dict for module of predictor.
* loss (dict) —Config dict for module of loss functions.

* temperature (float) -The temperature hyper-parameter that controls the concentration

level of the distribution. Defaults to 1.0.

forward (base_out: torch. Tensor, momentum_out: torch. Tensor) — torch.Tensor

Forward head.

28
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¢ base_out (torch. Tensor) —-NxC features from base_encoder.

* momentum_out (torch. Tensor) -NxC features from momentum_encoder.
2\l The loss tensor.
BIMM torch. Tensor

class mmselfsup.models.heads.MultiClsHead (backbone: str = ‘resnet50’, in_indices: Sequence[int] =
(0, 1, 2, 3, 4), pool_type: str = ‘adaptive’, num_classes:
int = 1000, loss: dict = {loss_weight’: 1.0, ‘type’:
‘mmcls.CrossEntropyLoss’}, with_last_layer_unpool:
bool = False, cal_acc: bool = False, topk: Union[int,
Tuple[int]] = (1), norm_cfg: dict = { type’: BN},
init_cfg: Union[dict, List[dict]] = [{type’: 'Normal’,
std’: 0.01, layer’: ‘Linear’}, { type’: ‘Constant’, val’: I,
layer’: [*_BatchNorm’, ‘GroupNorm’]}])

Multiple classifier heads.

This head inputs feature maps from different stages of backbone, average pools each feature map to around 9000

dimensions, and then appends a linear classifier at each stage to predict corresponding class scores.

ZH

* backbone (str) —Specify which backbone to use, only support ResNet50. Defaults to

‘resnet50’ .
* in_indices (Sequence [int ]) —Input from which stages. Defaults to (0, 1, 2, 3, 4).

* pool_type (str)—‘adaptive’ or ‘specified’ . If setto ‘adaptive’ , use adaptive average

pooling, otherwise use specified pooling params. Defaults to ‘adaptive’ .
* num_classes (int) -Number of classes. Defaults to 1000.

e loss (dict) —The dict of loss information. Defaults to ‘mmcls.models.CrossEntro):

Whether to unpool the features from last layer. Defaults to False.

* cal_acc (bool)—Whether to calculate accuracy during training. If you use batch augmen-
tations like Mixup and CutMix during training, it is pointless to calculate accuracy. Defaults

to False.
* topk (int | Tuple[int])-Top-k accuracy. Defaultsto (1, ).

* norm_cfg (dict) -Dict to construct and config norm layer. Defaults to
dict (type='BN').

e init_cfg (dict or List[dict]) -Initialization config dict. De-
faults to [ dict (type='Normal', std=0.01, layer='Linear'),
dict (type='Constant', wval=1l, layer=['_BatchNorm',

'GroupNorm']) 1
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forward (feats: Union[list, tuple]) — list

Compute multi-head scores.

%% feats (Sequence[torch.Tensor]) —Feature maps of backbone, each tensor has
shape (N, C, H, W).

&\l A list of class scores.
R\ List[torch. Tensor]

loss (feats: Sequence[torch.Tensor], data_samples: List[mmcls.structures.cls_data_sample.ClsDataSample],
**kwargs) — dict

Calculate losses from the extracted features.

SR

* x(Sequence [torch. Tensor ])—Feature maps of backbone, each tensor has shape (N,
C,H, W).

e gt_label (torch. Tensor) -The ground truth label.
#&\] Dict of loss and accuracy.
R\ Dict[str, torch.Tensor]

predict (feats: Sequence(torch.Tensor], data_samples:
List[mmcls.structures.cls_data_sample.ClsDataSample]) —
List[mmcls.structures.cls_data_sample.ClsDataSample]

Inference without augmentation.
S8
e feats (tuple[Tensor])—The extracted features.

e data_samples (List [BaseDataElement], optional) —The annotation data

of every samples. If not None, set pred_label of the input data samples.
Rl
The data samples containing annotation, prediction, etc.
R List[BaseDataElement]

class mmselfsup.models.heads.SimMIMHead (patch_size: int, loss: dict)
Pretrain Head for SimMIM.

S8
* patch_size (int)—Patch size of each token.
* loss (dict) —The config for loss.

forward (pred: torch. Tensor, target: torch. Tensor, mask: torch. Tensor) — torch.Tensor
Forward function of MAE Loss.
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This method will expand mask to the size of the original image.
S8
e pred (torch. Tensor) —The reconstructed image.
* target (torch. Tensor) —The target image.
* mask (torch. Tensor)—The mask of the target image.
jJ&[H] The reconstruction loss.
B [EIRHY torch. Tensor

class mmselfsup.models.heads.SwAVHead (loss: dict)
Head for SWAV.

%% loss (dict)—Config dict for module of loss functions.

forward (pred: torch. Tensor) — torch.Tensor
Forward function of SWAV head.

%% pred (torch. Tensor) -NxC input features.
&\l The SWAV loss.

R\ torch.Tensor

38.5 losses

class mmselfsup.models.losses.BEiTLoss
Loss function for BEiT.

The BEiTLoss supports 2 diffenrent logits shared 1 target, like BEiT v2.

forward (logits: Union[ Tuple[torch. Tensor], torch.Tensor], target: torch. Tensor) — Tuple[torch.Tensor,
torch.Tensor]

Forward function of BEiT Loss.
S
¢ logits (torch. Tensor) —The outputs from the decoder.
* target (torch. Tensor) —The targets generated by dalle.
i’ [A] The main loss.
R MI2RH Tuple[torch. Tensor, torch. Tensor]

class mmselfsup.models.losses.CAELoss (lambd: float)

Loss function for CAE.

Compute the align loss and the main loss.
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%%, lambd (f1oat) -The weight for the align loss.

forward (logits: torch. Tensor, target: torch. Tensor, latent_pred: torch. Tensor, latent_target: torch. Tensor) —
Tuple[torch.Tensor, torch.Tensor]

Forward function of CAE Loss.
B8
* logits (torch. Tensor) —The outputs from the decoder.
e target (torch. Tensor) —The targets generated by dalle.
e latent_pred (torch. Tensor) —The latent prediction from the regressor.
* latent_target (torch. Tensor) —The latent target from the teacher network.
R[] The main loss and align loss.
JRAIZRI Tuple[torch. Tensor, torch.Tensor]

class mmselfsup.models.losses.CosineSimilaritylLoss (shift_factor: float = 0.0, scale_factor:
float = 1.0)

Cosine similarity loss function.
Compute the similarity between two features and optimize that similarity as loss.
SH
* shift_factor (float) —The shift factor of cosine similarity. Default: 0.0.
* scale_factor (float) —The scale factor of cosine similarity. Default: 1.0.

forward (pred: torch.Tensor, target: torch. Tensor, mask: Optional[torch.Tensor] = None) — torch.Tensor

Forward function of cosine similarity loss.
S8
* pred (torch. Tensor) —The predicted features.
* target (torch. Tensor) —The target features.
i’ [H] The cosine similarity loss.
MR [AIZEHAI torch. Tensor

class mmselfsup.models.losses.CrossCorrelationLoss (lambd: float = 0.0051)

Cross correlation loss function.
Compute the on-diagnal and off-diagnal loss.
%% lambd (f1oat) —The weight for the off-diag loss.

forward (cross_correlation_matrix: torch. Tensor) — torch.Tensor

Forward function of cross correlation loss.

¥ cross_correlation_matrix (torch. Tensor)—The cross correlation matrix.
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’&IA] cross correlation loss.

RAIZI torch.Tensor

off_diagonal (x: torch.Tensor) — torch.Tensor

Rreturn a flattened view of the off-diagonal elements of a square matrix.

class mmselfsup.models.losses.MAEReconstructionlLoss
Loss function for MAE.

Compute the loss in masked region.

forward (pred: torch. Tensor, target: torch. Tensor, mask: torch. Tensor) — torch.Tensor

Forward function of MAE Loss.
S8
* pred (torch. Tensor) —The reconstructed image.
* target (torch. Tensor) —The target image.
* mask (torch. Tensor) —The mask of the target image.
& [A] The reconstruction loss.
R\ torch. Tensor

class mmselfsup.models.losses.PixelReconstructionLoss (criterion: str, channel: Optionalfint]
= None)

Loss for the reconstruction of pixel in Masked Image Modeling.

This module measures the distance between the target image and the reconstructed image and compute the loss to
optimize the model. Currently, This module only provides L1 and L2 loss to penalize the reconstructed error. In

addition, a mask can be passed in the forward function to only apply loss on visible region, like that in MAE.

S

* criterion (str) —The loss the penalize the reconstructed error. Currently, only supports

L1 and L2 loss

* channel (int, optional)-The number of channels to average the reconstruction loss.

If not None, the reconstruction loss will be divided by the channel. Defaults to None.

forward (pred: torch. Tensor, target: torch. Tensor, mask: Optional[torch. Tensor] = None) — torch.Tensor

Forward function to compute the reconstrction loss.
e
e pred (torch. Tensor) —The reconstructed image.
e target (torch. Tensor) —The target image.
* mask (torch. Tensor) -The mask of the target image.

&\l The reconstruction loss.
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JRIAIRI torch. Tensor

class mmselfsup.models.losses.SimMIMReconstructionLoss (encoder_in_channels: int)
Loss function for MAE.

Compute the loss in masked region.
%% encoder_in_channels (int)-Number of input channels for encoder.

forward (pred: torch. Tensor, target: torch. Tensor, mask: torch. Tensor) — torch.Tensor
Forward function of MAE Loss.

S8

* pred (torch. Tensor) —The reconstructed image.

e target (torch. Tensor) —The target image.

* mask (torch. Tensor)—The mask of the target image.
j&[a] The reconstruction loss.
B [E]2RH torch. Tensor

class mmselfsup.models.losses.SwAVLoss (feat_dim: int, sinkhorn_iterations: int = 3, epsilon: float =
0.05, temperature: float = 0.1, crops_for_assign: List[int] =
[0, 1], num_crops: List[int] = [2], num_prototypes: int =
3000, init_cfg: Optional[ Union[dict, List[dict]]] = None)
The Loss for SWAV.

This Loss contains clustering and sinkhorn algorithms to compute Q codes. Part of the code is borrowed from

script. The queue is built in engine/hooks/swav_hook.py.
S8
* feat_dim (int) —feature dimension of the prototypes.

* sinkhorn_iterations (int) number of iterations in Sinkhorn-Knopp algorithm. De-

faults to 3.

* epsilon (float) —regularization parameter for Sinkhorn-Knopp algorithm. Defaults to
0.05.

* temperature (f1loat) -temperature parameter in training loss. Defaults to 0.1.

* crops_for_assign(List [int ])-listof cropsid used for computing assignments. De-
faults to [0, 1].

* num_crops (List [int ]) -list of number of crops. Defaults to [2].
* num_prototypes (int)—number of prototypes. Defaults to 3000.

* init_cfg(dict or List[dict], optional)-Initialization config dict. Defaults

to None.
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forward (x: torch. Tensor) — torch.Tensor

Forward function of SWAYV loss.
¥ x (torch. Tensor)-NxC input features.
& [A] The returned loss.

R\ torch.Tensor

38.6 memories

class mmselfsup.models.memories.ODCMemory (length: int, feat_dim: int, momentum: float,
num_classes: int, min_cluster: int, **kwargs)

Memory module for ODC.

This module includes the samples memory and the centroids memory in ODC. The samples memory stores features

and pseudo-labels of all samples in the dataset; while the centroids memory stores features of cluster centroids.
SH
* length (int)-Number of features stored in the samples memory.
* feat_dim (int)-Dimension of stored features.
* momentum (fI1oat) -Momentum coefficient for updating features.
* num_classes (int) -Number of clusters.
* min_cluster (int)-Minimal cluster size.

deal_with_small_clusters () — None

Deal with small clusters.

init_memory (feature: numpy.ndarray, label: numpy.ndarray) — None

Initialize memory modules.

update_centroids_memory (cinds: Optional[List] = None) — None

Update centroids memory.

update_samples_memory (idx: torch. Tensor, feature: torch.Tensor) — torch.Tensor

Update samples memory.

class mmselfsup.models.memories.SimpleMemory (length: int, feat_dim: int, momentum: float,
**kwargs)

Simple feature memory bank.

This module includes the memory bank that stores running average features of all samples in the dataset. It is used
in algorithms like NPID.

BH

* length (int) -Number of features stored in the memory bank.
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e feat_dim (int)—Dimension of stored features.
* momentum (float)-Momentum coefficient for updating features.

update (idx: torch.Tensor, feature: torch. Tensor) — None

Update features in the memory bank.
S8
e idx (torch. Tensor) —Indices for the batch of features.

e feature (torch. Tensor) —Batch of features.

38.7 target_generators

class mmselfsup.models.target_generators.CLIPGenerator (tokenizer_path: str)

Get the features and attention from the last layer of CLIP.
This module is used to generate target features in masked image modeling.
%% tokenizer_path (str)-The path of the checkpoint of CLIP.

forward (x: forch. Tensor) — Tuple[torch.Tensor, torch.Tensor]

Get the features and attention from the last layer of CLIP.
¥ x (torch. Tensor)—The input image, which is of shape (N, 3, H, W).

j&[A] The features and attention from the last layer of CLIP, which are of shape (N, L, C) and (N,
L, L), respectively.

R MIZRH Tuple[torch. Tensor, torch. Tensor]

class mmselfsup.models.target_generators.Encoder (n_hid: int = 256, n_blk_per_group: int = 2,
input_channels: int = 3, vocab_size: int =
8192, device: torch.device =
device(type='cpu’), requires_grad: bool =
False, use_mixed_precision: bool = True,
init_cfg: Optional[ Union[dict, List[dict]]] =
None)

forward (x: torch. Tensor) — torch.Tensor

Defines the computation performed at every call.

Should be overridden by all subclasses.

M. Although the recipe for forward pass needs to be defined within this function, one should call the

Module instance afterwards instead of this since the former takes care of running the registered hooks while
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the latter silently ignores them.

class mmselfsup.models.target_generators.HOGGenerator (nbins: int = 9, pool: int = 8,
gaussian_window: int = 16)

Generate HOG feature for images.

This module is used in MaskFeat to generate HOG feature. @ The code is modified from file slow-

fast/models/operators.py. Here is the link of HOG wikipedia.
S8
e nbins (int) —Number of bin. Defaults to 9.
e pool (float)-Number of cell. Defaults to 8.
* gaussian_window (int) —Size of gaussian kernel. Defaults to 16.

forward (x: torch. Tensor) — torch.Tensor

Generate hog feature for each batch images.
¥ x (torch. Tensor) —Input images of shape (N, 3, H, W).
#&Al Hog features.
MR [AIPEHI torch. Tensor

generate_hog_image (hog_out: torch.Tensor) — numpy.ndarray

Generate HOG image according to HOG features.

get_gaussian_kernel (kernlen: int, std: int) — torch.Tensor

Returns a 2D Gaussian kernel array.

class mmselfsup.models.target_generators.LowFreqTargetGenerator (radius: int, img_size:
Union[int, Tuple[int,
int]])

Generate low-frquency target for images.

This module is used in PixMIM: Rethinking Pixel Reconstruction in Masked Image Modeling to remove these

high-frequency information from images.
SH
* radius (int) —radius of low pass filter.
* img_size (Union[int, Tuple[int, int]])-size of inputimages.

forward (imgs: torch. Tensor) — torch.Tensor

Filter out these high frequency components from images.
¥ imgs (torch. Tensor) —input images, which has shape (N, C, H, W).

B
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low frequency target, which has the same shape as input images.

RAIZI torch.Tensor

class mmselfsup.models.target_generators.VQKD (encoder_config: dict, decoder_config:
Optional[dict] = None, num_embed: int = 8192,
embed_dims: int = 32, decay: float = 0.99, beta:

float = 1.0, quantize_kmeans_init: bool = True,

init_cfg: Optional[dict] = None)

Vector-Quantized Knowledge Distillation.

The module only contains encoder and VectorQuantizer part Modified from https://github.com/microsoft/unilm/

blob/master/beit2/modeling_vgkd.py
SH

* encoder_config (dict) -The config of encoder.

* decoder_config(dict, optional)-The configof decoder. Currently, VQKD only

support to build encoder. Defaults to None.

* num_embed (int) -Number of embedding vectors in the codebook. Defaults to 8192.

* embed_dims (int)-The dimension of embedding vectors in the codebook. Defaults to 32.

* decay (float)—The decay parameter of EMA. Defaults to 0.99.

* beta (float) -The mutiplier for VectorQuantizer loss. Defaults to 1.

* quantize_kmeans_init (bool)—-Whether to use k-means to initialize the VectorQuan-

tizer. Defaults to True.

* init_cfg(dict or List[dict], optional) -Initialization config dict. Defaults

to None.

encode (x: torch.Tensor) — Tuple[torch.Tensor, torch.Tensor, torch.Tensor]

Encode the input images and get corresponding results.

forward (x: torch. Tensor) — torch.Tensor

The forward function.
Currently, only support to get tokens.

get_tokens (x: torch. Tensor) — dict

Get tokens for beit pre-training.
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38.8 utils

class mmselfsup.models.utils.CAEDataPreprocessor (mean: Optional[Sequence[ Union[int, float]]]
= None, std: Optional[Sequence[ Union[int,
float]]] = None, pad_size_divisor: int = 1,
pad_value: Union[float, int] = 0,
bgr_to_rgb: bool = False, rgb_to_bgr: bool =
False, non_blocking: Optional[bool] =
False)

Image pre-processor for CAE.

Compared with the mmselfsup.SelfSupDataPreprocessor, this module will normalize the prediction

image and target image with different normalization parameters.

forward (data: dict, training: bool = False) — Tuple[List[torch.Tensor], Optional[list]]

Performs normalization, padding and bgr2rgb conversion based on BaseDataPreprocessor.

ZH
* data (dict) —data sampled from dataloader.

e training (bool) -Whether to enable training time augmentation. If subclasses override
this method, they can perform different preprocessing strategies for training and testing based

on the value of training.
iR [A] Data in the same format as the model input.
B\ FE Tuple[torch. Tensor, Optional[list]]

class mmselfsup.models.utils.CAETransformerRegressorLayer (embed_dims: int, num_heads:
int, feedforward_channels: int,
num_fcs: int = 2, gkv_bias:
bool = False, gk_scale:
Optional[float] = None,
drop_rate: float = 0.0,
attm_drop_rate: float = 0.0,
drop_path_rate: float = 0.0,
init_values: float = 0.0,
act_cfg: dict = {type:
‘GELU’}, norm_cfg: dict =
{‘eps’: 1e-06, type’: 'LN’})

Transformer layer for the regressor of CAE.

This module is different from conventional transformer encoder layer, for its queries are the masked tokens, but its

keys and values are the concatenation of the masked and unmasked tokens.

B
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* embed_dims (int)—The feature dimension.

* num_heads (int) —The number of heads in multi-head attention.

* feedforward_channels (int) —The hidden dimension of FFNs. Defaults: 1024.

* num_fecs (int, optional)-The number of fully-connected layers in FFNs. Default: 2.
* gkv_bias (bool) —If True, add a learnable bias to g, k, v. Defaults to True.

* gk_scale (float, optional)-Override default gk scale of head_dim ** -0.5

if set. Defaults to None.
* drop_rate (float) -The dropout rate. Defaults to 0.0.
* attn_drop_rate (float)-The drop out rate for attention output weights. Defaults to O.
* drop_path_rate (float) —Stochastic depth rate. Defaults to O.
* init_values (float) —The init values of gamma. Defaults to 0.0.
* act_cfg (dict) —The activation config for FENs. Defaluts to dict (type="'GELU"').
* norm_cfg (dict) —Config dict for normalization layer. Defaults to dict (type="LN").

forward (x_g: torch.Tensor, x_kv: torch.Tensor, pos_gq: torch. Tensor, pos_k: torch.Tensor) — torch.Tensor

Forward function.

class mmselfsup.models.utils.CosineEMA (model: torch.nn.modules.module. Module, momentum: float
= 0.996, end_momentum: float = 1.0, interval: int = 1,
device: Optional[torch.device] = None, update_buffers: bool
= False)

CosineEMA is implemented for updating momentum parameter, used in BYOL, MoCoV3, etc.

The momentum parameter is updated with cosine annealing, including momentum adjustment following:
m=my — (my —my) * (cos(pi xk/K)+1)/2

where £ is the current step, K is the total steps.
¥
* model (nn.Module)-The model to be averaged.

* momentum (f1oat) —The momentum used for updating ema parameter. Ema’ s param-
eter are updated with the formula: averaged_param = momentum * averaged_param + (I-

momentum) * source_param. Defaults to 0.996.
* end_momentum (fIoat)-The end momentum value for cosine annealing. Defaults to 1.
* interval (int) —Interval between two updates. Defaults to 1.

* device (torch.device, optional)-If provided, the averaged model will be stored

on the device. Defaults to None.
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* update_buffers (bool) —if True, it will compute running averages for both the param-

eters and the buffers of the model. Defaults to False.

avg_func (averaged_param: torch. Tensor, source_param: torch.Tensor, steps: int) — None

Compute the moving average of the parameters using the cosine momentum strategy.
B8
* averaged_param (Tensor) —The averaged parameters.
* source_param (Tensor) —The source parameters.
e steps (int)—The number of times the parameters have been updated.
& [A] The averaged parameters.
B[R] Tensor

class mmselfsup.models.utils.Extractor (extract_dataloader:
Union[torch.utils.data.dataloader. DataLoader, dict], seed:
Optionalfint] = None, dist_mode: bool = False, pool_cfg:
Optional[dict] = None, **kwargs)

Feature extractor.

The extractor support to build its own DatalLoader, customized models, pooling type. It also has distributed and

non-distributed mode.
S8
* extract_dataloader (dict) —A dict to build Datal.oader object.
e seed (int, optional)-Random seed. Defaults to None.
e dist_mode (bool)—Use distributed extraction or not. Defaults to False.

* pool_cfg (dict, optional) —The configs of pooling. Defaults to dict(type=" Avg-
Pool2d’ , output_size=1).

class mmselfsup.models.utils.GatherLayer (*args, **kwargs)

Gather tensors from all process, supporting backward propagation.

static backward (ctx: Any, *grads: torch.Tensor) — torch.Tensor
Defines a formula for differentiating the operation with backward mode automatic differentiation (alias to the

vjp function).
This function is to be overridden by all subclasses.

It must accept a context ct x as the first argument, followed by as many outputs as the forward () returned
(None will be passed in for non tensor outputs of the forward function), and it should return as many tensors,
as there were inputs to forward (). Each argument is the gradient w.r.t the given output, and each returned
value should be the gradient w.r.t. the corresponding input. If an input is not a Tensor or is a Tensor not

requiring grads, you can just pass None as a gradient for that input.
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The context can be used to retrieve tensors saved during the forward pass. It also has an attribute ctx.
needs_input_grad as a tuple of booleans representing whether each input needs gradient. E.g.,
backward () will have ctx.needs_input_grad[0] = True if the first input to forward ()

needs gradient computated w.r.t. the output.

static forward (ctx: Any, input: torch. Tensor) — Tuple[List]

Performs the operation.
This function is to be overridden by all subclasses.

It must accept a context ctx as the first argument, followed by any number of arguments (tensors or other
types).

The context can be used to store arbitrary data that can be then retrieved during the backward pass. Tensors
should not be stored directly on ctx (though this is not currently enforced for backward compatibility). Instead,
tensors should be saved either with ctx.save_for_backward () if they are intended to be used in

backward (equivalently, vijp) or ctx.save_for_forward () if they are intended to be used for in
Jvp.
class mmselfsup.models.utils.MultiPooling (pool_type: str = ‘adaptive’, in_indices: tuple = (0),

backbone: str = resnet50’)

Pooling layers for features from multiple depth.

SH

* pool_type (st r)-Pooling type for the feature map. Options are ‘adaptive’and ‘specified’
. Defaults to ‘adaptive’ .

* in_indices (Sequence [int ])—Output from which backbone stages. Defaults to (0, ).
e backbone (st r)—The selected backbone. Defaults to ‘resnet50’ .

forward (x: Union[List, Tuple]) — None

Forward function.

class mmselfsup.models.utils.MultiPrototypes (output_dim: int, num_prototypes: List[int])
Multi-prototypes for SWAV head.

ZH
* output_dim (int) -The output dim from SwAV neck.
* num_prototypes (List [int ])—The number of prototypes needed.

forward (x: torch. Tensor) — List[torch.Tensor]

Run forward for every prototype.
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class mmselfsup.models.utils.MultiheadAttention (embed_dims: int, num_heads: int, input_dims:

Optional[int] = None, attn_drop: float = 0.0,
proj_drop: float = 0.0, gkv_bias: bool = True,
gk_scale: Optional[ float] = None, proj_bias:
bool = True, init_cfg: Optional[dict] = None)

Multi-head Attention Module.

This module rewrite the Multihead Attention by replacing gkv bias with customized gkv bias, in addition to removing

the drop path layer.

S

forward (x:

Forward

embed_dims (int) —The embedding dimension.
num_heads (int) —Parallel attention heads.

input_dims (int, optional)—The inputdimension, and if None, use embed_dims.

Defaults to None.

attn_drop (float) —Dropout rate of the dropout layer after the attention calculation of

query and key. Defaults to 0.

proj_drop (float) —Dropout rate of the dropout layer after the output projection. De-
faults to 0.

dropout_layer (dict) —The dropout config before adding the shortcut. Defaults to
dict (type='Dropout', drop_prob=0.).

gkv_bias (bool) —If True, add a learnable bias to q, k, v. Defaults to True.

gk_scale (float, optional)-Override default gk scale of head_dim ** -0.5

if set. Defaults to None.
proj_bias (bool) —Defaults to True.
init_cfg(dict, optional)-The Config for initialization. Defaults to None.

torch. Tensor) — torch.Tensor

function.

class mmselfsup.models.utils.NormEMAVectorQuantizer (num_embed: int, embed_dims: int, beta:

float, decay: float = 0.99,
statistic_code_usage: bool = True,
kmeans_init: bool = True,
codebook_init_path: Optional[str] =
None)

Normed EMA vector quantizer module.

BH

num_embed (int) -Number of embedding vectors in the codebook. Defaults to 8192.
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forward (7)

embed_dims (int)-The dimension of embedding vectors in the codebook. Defaults to 32.
beta (float)-The mutiplier for VectorQuantizer embedding loss. Defaults to 1.
decay (float) —The decay parameter of EMA. Defaults to 0.99.

statistic_code_usage (bool) —Whether to use cluster_size to record statistic. De-

faults to True.

kmeans_init (bool)—Whether to use k-means to initialize the VectorQuantizer. Defaults

to True.

codebook_init_path (str) —The initialization checkpoint for codebook. Defaults to

None.

Forward function.

class mmselfsup.models.utils.PromptTransformerEncoderLayer (embed_dims: int, num_heads:

int, feedfor-
ward_channels=<class ‘int’>,
drop_rate: float = 0.0,
attm_drop_rate: float = 0.0,
drop_path_rate: float = 0.0,
num_fcs: int = 2, gkv_bias:
bool = True, act_cfg: dict =
{type’: 'GELU’}, norm_cfg:
dict = {’type’: 'LN’}, init_cfg:
Optional[ Union/dict,
List[dict]]] = None)

Prompt Transformer Encoder Layer for MILAN.

This module is specific for the prompt encoder in MILAN. It will not update the visible tokens from the encoder.

B

embed_dims (int) —The feature dimension.
num_heads (int) —Parallel attention heads.
feedforward_channels (int)—The hidden dimension for FFNs.

drop_rate (float) —Probability of an element to be zeroed after the feed forward layer.
Defaults to 0.0.

attn_drop_rate (f1loat)-The drop out rate for attention layer. Defaults to 0.0.
drop_path_rate (f1oat) —Stochastic depth rate. Defaults to 0.0.
num_fcs (int) -The number of fully-connected layers for FFNs. Defaults to 2.

gkv_bias (bool)—Enable bias for gkv if True. Defaults to True.
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* act_cfg (dict) -The activation config for FFNs. Defaluts to dict (type='GELU"').
* norm_cfg (dict)—Config dict for normalization layer. Defaults to dict (type="LN").

* batch_first (bool) —Key, Query and Value are shape of (batch, n, embed_dim) or (n,
batch, embed_dim). Defaults to False.

* init_cfg (dict, optional)-The Config for initialization. Defaults to None.

forward (x: torch. Tensor, visible_tokens: torch. Tensor, ids_restore: torch. Tensor) — torch.Tensor

Forward function for PromptMultiheadAttention.
S8
* x (torch.Tensor)-Mask token features with shape N x L_m x C.

e visible_tokens (torch. Tensor) —The visible tokens features from encoder with
shape Nx L_v x C.

e ids_restore (torch. Tensor)—The ids of all tokens in the original image with shape
NxL.

&M Output features with shape N x L x C.
R\ torch Tensor

class mmselfsup.models.utils.RelativeLocDataPreprocessor (mean:
Optional[Sequence[ Union[int,
float]]] = None, std:
Optional[Sequence[ Union[int,
float]]] = None,
pad_size_divisor: int = 1,
pad_value: Union[float, int] =
0, bgr_to_rgb: bool = False,
rgb_to_bgr: bool = False,
non_blocking: Optional[bool] =
False)

Image pre-processor for Relative Location.

forward (data: dict, training: bool = False) — Tuple[List[torch.Tensor], Optional[list]]

Performs normalization. padding and bgr2rgb conversion based on BaseDataPreprocessor.
B8
* data (dict) —data sampled from dataloader.

* training (bool)-Whether to enable training time augmentation. If subclasses override
this method, they can perform different preprocessing strategies for training and testing based

on the value of training.

&[] Data in the same format as the model input.
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B AZRAE Tuple[torch. Tensor, Optional[list]]

class mmselfsup.models.utils.RotationPredDataPreprocessor (mean:
Optional[Sequence[ Union[int,
float]]] = None, std:
Optional[Sequence[ Union[int,
float]]] = None,
pad_size_divisor: int = 1,
pad_value: Unionf[float, int] =
0, bgr_to_rgb: bool = False,
rgb_to_bgr: bool = False,
non_blocking: Optional[bool]
= False)

Image pre-processor for Relative Location.

forward (data: dict, training: bool = False) — Tuple[List[torch.Tensor], Optional[list]]

Performs normalization, padding and bgr2rgb conversion based on BaseDataPreprocessor.
BH
e data (dict) —data sampled from dataloader.

* training (bool)-Whether to enable training time augmentation. If subclasses override
this method, they can perform different preprocessing strategies for training and testing based

on the value of training.
iz [A] Data in the same format as the model input.
R MZRH Tuple[torch. Tensor, Optional[list]]

class mmselfsup.models.utils.SelfSupDataPreprocessor (mean: Optional[Sequence[ Union[int,
float]]] = None, std:
Optional[Sequence[ Union[int, float]]]
= None, pad_size_divisor: int = 1,
pad_value: Union[float, int] = 0,
bgr_to_rgb: bool = False, rgb_to_bgr:
bool = False, non_blocking:
Optional[bool] = False)

Image pre-processor for operations, like normalization and bgr to rgb.

Compared with the nmengine . ImgDataPreprocessor, this module treats each item in inputs of input data

as a list, instead of torch.Tensor.

forward (data: dict, training: bool = False) — Tuple[List[torch.Tensor], Optional[list]]

Performs normalization, padding and bgr2rgb conversion based on BaseDataPreprocessor.
B8

e data (dict) —data sampled from dataloader.
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* training (bool)-Whether to enable training time augmentation. If subclasses override
this method, they can perform different preprocessing strategies for training and testing based

on the value of training.
R Data in the same format as the model input.
JRAIZRI Tuple[torch. Tensor, Optional[list]]

class mmselfsup.models.utils.Sobel

Sobel layer.
The layer reduces channels from 3 to 2.

forward (x: forch.Tensor) — torch.Tensor

Run sobel layer.

class mmselfsup.models.utils.TransformerEncoderLayer (embed_dims: int, num_heads: int,
feedforward_channels: int,
window_size: Optional[int] = None,
drop_rate: float = 0.0, attn_drop_rate:
float = 0.0, drop_path_rate: float =
0.0, num_fcs: int = 2, gkv_bias: bool
= True, act_cfg: dict = {type
‘GELU’}, norm_cfg: dict = { type’:
'LN’}, init_values: float = 0.0, init_cfg:
Optional(dict] = None)

Implements one encoder layer in Vision Transformer.

This module is the rewritten version of the TransformerEncoderLayer in MMClassification by adding the gamma

and relative position bias in Attention module.
S8
* embed_dims (int)—The feature dimension.
e num_heads (int) —Parallel attention heads
» feedforward_channels (int) —The hidden dimension for FFNs

* drop_rate (float) —Probability of an element to be zeroed after the feed forward layer.
Defaults to 0.

* attn_drop_rate (f1oat)-The drop out rate for attention output weights. Defaults to 0.
* drop_path_rate (f1loat) —Stochastic depth rate. Defaults to 0.

* num_fecs (int) -The number of fully-connected layers for FENs. Defaults to 2.

* gkv_bias (bool) —enable bias for gkv if True. Defaults to True.

* act_cfg (dict) —The activation config for FENs. Defaluts to dict (type="'GELU"').

* norm_cfg (dict) —Config dict for normalization layer. Defaults to dict (type="LN").
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* init_values (f1oat) -The init values of gamma. Defaults to 0.0.

* init_cfg (dict, optional)-Initialization config dict. Defaults to None.

forward (x: forch.Tensor) — torch.Tensor

Forward function.

class mmselfsup.models.utils.TwoNormDataPreprocessor (mean: Optional[Sequence[ Union[int,

Image pre-processor for CAE, BEiT v1/v2, etc.

float]]] = None, std:
Optional[Sequence[ Union[int, float]]]
= None, second_mean:
Optional[Sequence[ Union[float, int]]]
= None, second_std:
Optional[Sequence[ Union{ float, int]]]
= None, pad_size_divisor: int = 1,
pad_value: Union[float, int] = 0,
bgr_to_rgb: bool = False, rgb_to_bgr:
bool = False, non_blocking:
Optional[bool] = False)

Compared with the mmselfsup.SelfSupDataPreprocessor, this module will normalize the prediction

image and target image with different normalization parameters.

S

* mean (Sequence[float or int], optional)-The pixel mean of image channels.

If bgr_to_rgb=True it means the mean value of R, G, B channels. If the length of mean
is 1, it means all channels have the same mean value, or the input is a gray image. If it is not

specified, images will not be normalized. Defaults None.

std (Sequence[float or int], optional)-The pixel standard deviation of im-
age channels. If bgr_to_rgb=True it means the standard deviation of R, G, B channels.
If the length of std is 1, it means all channels have the same standard deviation, or the input is

a gray image. If it is not specified, images will not be normalized. Defaults None.

second_mean (Sequence[float or int], optional)-The description is like

mean, it can be customized for targe image. Defaults None.

second_std (Sequence[float or int], optional) —The description is like

std, it can be customized for targe image. Defaults None.

pad_size_divisor (int) -The size of padded image should be divisible by

pad_size_divisor. Defaults to 1.
pad_value (float or int)-The padded pixel value. Defaults to O.
bgr_to_rgb (bool)—-whether to convert image from BGR to RGB. Defaults to False.

rgb_to_bgr (bool)-whether to convert image from RGB to RGB. Defaults to False.
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* non_blocking (bool) -Whether block current process when transferring data to device.

forward (data: dict, training: bool = False) — Tuple[List[torch.Tensor], Optional[list]]

Performs normalization, padding and bgr2rgb conversion based on BaseDataPreprocessor.

ZH
e data (dict) —data sampled from dataloader.

* training (bool)-Whether to enable training time augmentation. If subclasses override
this method, they can perform different preprocessing strategies for training and testing based

on the value of training.
B
Data in the same format as the model input.
JRAIZRI Tuple[torch. Tensor, Optional[list]]

class mmselfsup.models.utils.VideoDataPreprocessor (mean: Optional[Sequence[ Union[int,
float]]] = None, std:
Optional[Sequence[ Union[int, float]]] =
None, pad_size_divisor: int = 1,
pad_value: Union[float, int] = 0,
bgr_to_rgb: bool = False, format_shape:
str = 'NCHW’)

Video pre-processor for operations, like normalization and bgr to rgb conversion .

Compared with the mmaction.ActionDataPreprocessor, this module treats each item in inputs of input

data as a list, instead of torch.Tensor.

B

* mean (Sequence[float or int, optional)-The pixel mean of channels of im-

ages or stacked optical flow. Defaults to None.

* std (Sequence[float or int], optional) —The pixel standard deviation of

channels of images or stacked optical flow. Defaults to None.

*» pad_size_divisor (int) -The size of padded image should be divisible by

pad_size_divisor. Defaults to 1.
* pad_value (float or int)—The padded pixel value. Defaults to 0.
* bgr_to_rgb (bool) -Whether to convert image from BGR to RGB. Defaults to False.
» format_shape (str) —Format shape of input data. Defaults to ' NCHW'.

forward (data: dict, training: bool = False) — Tuple[List[torch.Tensor], Optional[list]]

Performs normalization, padding and bgr2rgb conversion based on BaseDataPreprocessor.
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e data (dict) —data sampled from dataloader.

* training (bool) —Whether to enable training time augmentation. If subclasses override
this method, they can perform different preprocessing strategies for training and testing based

on the value of training.
P
Data in the same format as the model input.
B\ H Tuple[List[torch. Tensor], Optional[list]]

mmselfsup.models.utils.build_2d_sincos_position_embedding (patches_resolution: Unionf[int,
Sequencel[int]], embed_dims:
int, temperature: Optional[int]
= 10000.0, cls_token:
Optional[bool] = False) —
torch.Tensor

The function is to build position embedding for model to obtain the position information of the image patches.
SH

* patches_resolution (Union[int, Sequence[int]])—The resolution of each

patch.
* embed_dims (int) -The dimension of the embedding vector.
* temperature (int, optional)-The temperature parameter. Defaults to 10000.
* cls_token (bool, optional)—Whether to concatenate class token. Defaults to False.
&1l The position embedding vector.
BRI torch. Tensor

mmselfsup.models.utils.build_clip_model (state_dict: dict, finetune: bool = False, average_targets: int
= ]) — torch.nn.modules.module.Module
Build the CLIP model.

S8

* state_dict (dict) —-The pretrained state dict.

e finetune (bool)—Whether to fineturn the model.

* average_targets (bool) ~Whether to average the target.
j&[n] The CLIP model.

&I nn.Module
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mmselfsup.structures

class mmselfsup.structures.SelfSupDataSample (*, metainfo: Optional[dict] = None, **kwargs)

A data structure interface of MMSelfSup. They are used as interfaces between different components.
Meta field:

* img_shape (Tuple): The shape of the corresponding input image. Used for visualization.

e ori_shape (Tuple): The original shape of the corresponding image. Used for visualization.

* img_path (str): The path of original image.
Data field:

e gt_label (LabelData): The ground truth label of an image.

e sample_idx (InstanceData): The idx of an image in the dataset.

* mask (BaseDataElement): Mask used in masks image modeling.

e pred_label (LabelData): The predicted label.

* pseudo_label (InstanceData): Label used in pretext task, e.g. Relative Location.
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SCRREBI

>>> import torch
>>> import numpy as np
>>> from mmengine.structure import InstanceData

>>> from mmselfsup.structures import SelfSupDataSample

>>> data_sample = SelfSupDataSample ()
>>> gt_label = LabelData()
>>> gt_label.value = [1]
>>> data_sample.gt_label = gt_label
>>> len (data_sample.gt_label)
1
>>> print (data_sample)
<SelfSupDataSample (
META INFORMATION
DATA FIELDS
gt_label: <InstanceData (
META INFORMATION
DATA FIELDS
value: [1]
) at 0x7£15c08£9d10>
_gt_label: <InstanceData(
META INFORMATION
DATA FIELDS
value: [1]
) at 0x7£15c08£9d10>
) at 0x7£15c077ef10>

>>> idx = InstanceData()
>>> idx.value = [0]
>>> data_sample = SelfSupDataSample (idx=idx)

>>> assert 'idx' in data_sample

>>> data_sample = SelfSupDataSample ()

>>> mask = dict (value=np.random.rand (48, 48))
>>> mask = PixelData (**mask)

>>> data_sample.mask = mask

>>> assert 'mask' in data_sample

>>> assert 'value' in data_sample.mask

>>> data_sample = SelfSupDataSample ()
>>> pred_label = dict (pred_label=[3])

Ch

e

S

n

23]
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>>> pred_label = LabelData (**pred_label)
>>> data_sample.pred_label = pred_label

>>> print (data_sample)
<SelfSupDataSample (
META INFORMATION
DATA FIELDS
_pred_label: <InstanceData (
META INFORMATION
DATA FIELDS
pred_label: [3]
) at 0x7f£15c06a3990>
pred_label: <InstanceData (
META INFORMATION
DATA FIELDS
pred_label: [3]
) at 0x7£15c06a3990>
) at 0x7£15c07b8bd0>
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mmselfsup.visualization

class mmselfsup.visualization.SelfSupVisualizer (name: str = Visualizer’, image:

Optional[numpy.ndarray] = None,
vis_backends: Optional[List[ Dict]] = None,
save_dir: Optional[str] = None, line_width:
Union[int, float] = 3, alpha: Union[int, float]
=0.8)

MMSelfSup Visualizer.

B

name (str)—Name of the instance. Defaults to ‘visualizer’ .

image (np.ndarray, optional) —the origin image to draw. The format should be
RGB. Defaults to None.

vis_backends (1ist, optional)—Visual backend config list. Defaults to None.

save_dir (str, optional) —Save file dir for all storage backends. If it is None, the

backend storage will not save any data.
line_width (int, float)—The linewidth of lines. Defaults to 3.

alpha (int, float)—The transparency of boxes or mask. Defaults to 0.8.

283



MMSelfSup, %% 1.0.0

SCRREBI

>>>

>>>

>>>

>>>

>>>

import numpy as np

import torch

from mmengine.structures import InstanceData

from mmselfsup.structures import SelfSupDataSample

from mmselfsup.visualization import SelfSupVisualizer

>>>

>>>

>>>

>>>

>>>

>>>

>>>

>>>

>>>

>>>

>>>

>>>

>>>

>>>

selfsup_visualizer = SelfSupVisualizer ()
image = np.random.randint (0, 256,
size= (10, 12, 3)).astype('uint8")
pseudo_label = InstanceData()
pseudo_label.patch_box = torch.Tensor ([[1, 2, 2, 5]1])
gt_selfsup_data_sample = SelfSupDataSample ()
gt_selfsup_data_sample.pseudo_label = pseudo_label
selfsup_visualizer.add_datasample ('image', image,
gt_selfsup_data_sample)
selfsup_visualizer.add_datasample (
'image', image, gt_selfsup_data_sample,
out_file="out_file.Jjpg'")
selfsup_visualizer.add_datasample (
'image', image, gt_selfsup_data_sample,
show=True)
pseudo_label = InstanceData ()
pseudo_label.patch_box = torch.Tensor([[1, 2, 2, 511])
pred_selfsup_data_sample = SelfSupDataSample ()
pred_selfsup_data_sample.pseudo_label = pseudo_label
selfsup_visualizer.add_datasample ('image', image,
gt_selfsup_data_sample,
pred_selfsup_data_sample)

add_datasample (name: str, image: numpy.ndarray, gt_sample:

Optional[mmselfsup.structures.selfsup_data_sample.SelfSupDataSample] = None,
pred_sample: Optional[mmselfsup.structures.selfsup_data_sample.Self SupDataSample] =

None, draw_gt: bool = True, draw_pred: bool = True, show: bool = False, wait_time: float

= 0, out_file: Optional[str] = None, step: int = 0) — None

Draw datasample and save to all backends.

o If GT and prediction are plotted at the same time, they are displayed in a stitched image where the left

image is the ground truth and the right image is the prediction.

 If show is True, all storage backends are ignored, and the images will be displayed in a local window.

e If out_file is specified, the drawn image will be saved to out_file. tis usually used when the

display is not available.
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S8

name (str)—The image identifier.
image (np.ndarray) —The image to draw.

gt_sample (SelfSupDataSample, optional) -GT SelfSupDataSample. Defaults to

None.

pred_sample (SelfSupDataSample, optional) —Prediction SelfSupDataSample.
Defaults to None.

draw_gt (bool)—Whether to draw GT SelfSupDataSample. Default to True.
draw_pred (bool) ~Whether to draw Prediction SelfSupDataSample. Defaults to True.
show (bool) —Whether to display the drawn image. Default to False.

wait_time (fIloat) —The interval of show (s). Defaults to 0.

out_file (str)—Path to output file. Defaults to None.

step (int) —Global step value to record. Defaults to O.
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mmselfsup.utils

class mmselfsup.utils.AliasMethod (probs: torch.Tensor)

The alias method for sampling.
From: https://hips.seas.harvard.edu/blog/2013/03/03/the-alias-method-efficient-sampling- with-many-discrete-outcomes/
%%, probs (torch. Tensor)—Sampling probabilities.

draw (N:int) — None

Draw N samples from multinomial.
% N (int) —Number of samples.
R\ Samples.
R torch.Tensor

mmselfsup.utils.batch_shuffle_ddp (x: forch.Tensor) — Tuple[torch.Tensor, torch.Tensor]
Batch shuffle, for making use of BatchNorm.

%% x (torch. Tensor) —Data in each GPU.
Bl
Output of shuffle operation.
» x_gather[idx_this]: Shuffled data.
* idx_unshuffle: Index for restoring.

R Tuple[torch. Tensor, torch.Tensor]
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mmselfsup.utils.batch_unshuffle_ddp (x: torch. Tensor, idx_unshuffle: torch. Tensor) — torch.Tensor
Undo batch shuffle.

S8

* x (torch. Tensor)—Data in each GPU.

* idx_unshuffle (torch. Tensor) —Index for restoring.
i&\] Output of unshuffle operation.
BRMA torch. Tensor

mmselfsup.utils.collect_env ()

Collect the information of the running environments.

mmselfsup.utils.concat_all_gather (fensor: torch.Tensor) — torch.Tensor

Performs all_gather operation on the provided tensors.
%% tensor (torch. Tensor) —Tensor to be broadcast from current process.
&\ The concatnated tensor.
BI2RI torch. Tensor

mmselfsup.utils.dist_forward_collect (func: object, data_loader:
torch.utils.data.dataloader. DataLoader, length: int) — dict

Forward and collect network outputs in a distributed manner.

This function performs forward propagation and collects outputs. It can be used to collect results, features, losses,

etc.
S8
* func (function) —The function to process data.
* data_loader (DataLoader) —the torch Datal.oader to yield data.
* length (int) —Expected length of output arrays.
& [a] The collected outputs.
JR[AIRH Dict[str, torch.Tensor]

mmselfsup.utils.distributed_sinkhorn (out: torch. Tensor, sinkhorn_iterations: int, world_size: int,
epsilon: float) — torch.Tensor

Apply the distributed sinknorn optimization on the scores matrix to find the assignments.
S8
e out (torch. Tensor)—The scores matrix
* sinkhorn_jiterations (int) -Number of iterations in Sinkhorn-Knopp algorithm.

* world_size (int)-The world size of the process group.
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* epsilon (float) —regularization parameter for Sinkhorn-Knopp algorithm.
&\l Output of sinkhorn algorithm.

IR 0|22 torch. Tensor

mmselfsup.utils.get_model (model: torch.nn.modules.module. Module) —
mmengine.model.base_model.base_model. BaseModel

Get model if the input model is a model wrapper.
%%t model (nn.Module)—A model may be a model wrapper.
&\ The model without model wrapper.
BIIRA BaseModel

mmselfsup.utils.nondist_forward_collect (func: object, data_loader:
torch.utils.data.dataloader. DataLoader, length: int) —
dict

Forward and collect network outputs.

This function performs forward propagation and collects outputs. It can be used to collect results, features, losses,

etc.
B8
* func (function) -The function to process data.
* data_loader (DataLoader) —the torch Datal.oader to yield data.
* length (int) -Expected length of output arrays.
& [H] The concatenated outputs.
&I Dict[str, torch. Tensor]

mmselfsup.utils.register_all_modules (init_default_scope: bool = True) — None

Register all modules in mmselfsup into the registries.

%% init_default_scope (bool) —Whether initialize the mmselfsup default scope. When
init_default_scope=True, the global default scope will be set to mmselfsup, and all registries will
build modules from mmselfsup’ s registry node. To understand more about the registry, please
refer to https://github.com/open-mmlab/mmengine/blob/main/docs/en/tutorials/registry.md De-

faults to True.
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E#BEE

42.1 MMSelfSup

42.1.1 v1.0.0 (06/04/2023)
Highlight

o T PixMIM

e JE projects/dino/ F T DINO
New Features

o TIET PixMIM (#721)
* ¥F projects/dino/ ZHFT DINO (#658)

© SCFFE BT A (#660)
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Bug Fixes

o BREIEMEHR (#732)

* &% local-rank 7£ pytorch2.0 (#728)
o 3T MAE 2531 (#722)

* B% t-SNE BCE SR IT (#715)
* &% shape bias [1J bug (#717)

* B3 T-SNE AR (#708)

Improvements

o TP CI (#742, #739)

o FEHT file io FE 1 (#662)

Docs

o TRCRIHERE (#738)

o F#i%¢ customize_runtime.md (#734)

o USIRE X EEREAIRH S AT (#730, #693)
o FHIESCRY (#725)

o FHIESCR (#723)

42.1.2 v1.0.0rc6 (10/02/2023)

master 2 0.x A, FATKFS checkout —ANFTHY 1. x HIRAA 1x BiAS . RRIA T2 R ZES PSR
Ao

AV EASI ) TR . S 85 R ER A IR |

ot

)

* f£ projects/maskfeat_video/ X F T MaskFeat MUAREIHSE N TIZ

o ek SCRERH A S
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T

* fF projects/maskfeat_video/ T MaskFeat WIFEHELE M TRIIZ: (#678)

Bug 1%

* 184 shape bias ZHfizCYIZRAY AL (#689)

* HRr BEIT v2 H5E# (#676)

» BREASINARIEESEIW R (#654)

o W default_runtime.py X4 (#681)

e ¥ metafile.yaml HE4 N metafile.yml (#680)

e 5% configs/selfsup/eva/metafile.yml ¥ (#669)

Cgi
o BRI SBECH 1.x (#686)
T ¥ pre-commit (#685)

« 713 python 3.6 1) %45 (#657)

X#E

o 12 add_transforms.md /I conventions.md (#674)

* BHi% classification.md, detection.md, segmentation.md (#665)
o TH KNN JIA R fE8E (#661)

o BHPEP A SRS (#653)

o BIE=AROCRS (#651)

42.1.3 v1.0.0rc5 (30/12/2022)

master {38RJe O LA, FATKF& checkout —ANHTHY 1. x HIRAAN Lx A, ARARFAMT L [ NAESF PSR
A

ARSI T E AL . S5 47 LAHRER AR5

42.1. MMSelfSup 293


https://github.com/open-mmlab/mmselfsup/pull/678
https://github.com/open-mmlab/mmselfsup/pull/689
https://github.com/open-mmlab/mmselfsup/pull/676
https://github.com/open-mmlab/mmselfsup/pull/654
https://github.com/open-mmlab/mmselfsup/pull/681
https://github.com/open-mmlab/mmselfsup/pull/680
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https://github.com/open-mmlab/mmselfsup/pull/661
https://github.com/open-mmlab/mmselfsup/pull/653
https://github.com/open-mmlab/mmselfsup/pull/651
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otk

)

e ¥¥T BELT v2,MixMIM, EVA
o VAR THEIRI MM T H ShapeBias
o} FGIA ACCV 2022 45— fifih i %%

o HEHJ t-SNE

T

o T BELIT v2 (#627)

o T MixMIM (#626)

o TIET EVA (#632)

o T ShapeBias TEM AR (#635)
o MR AUEL IR A FIHE S| (#621)

* M FGIA HCFEHIIZ: T 58 (#607)

Bug 128

» ¥ pseudo_collect ¥ A default_collect (#616)

o &5 SImMIM 3 )51 (#622)

o &M map_location H cpu (#623) &% import 15 (#631)
* [BEE ST BLR R (#630)

o &2 np.int 4 int (#636)

* 185 knn £ bug (#634)

G gt
o k) projects/ LI (#620)
o 4 t-SNE (#629)
 JF target_generator EH CAE (#645)

o ECA IR R A (#637)

294

Chapter 42. EH*


https://github.com/open-mmlab/mmselfsup/pull/627
https://github.com/open-mmlab/mmselfsup/pull/626
https://github.com/open-mmlab/mmselfsup/pull/632
https://github.com/open-mmlab/mmselfsup/pull/635
https://github.com/open-mmlab/mmselfsup/pull/621
https://github.com/open-mmlab/mmselfsup/pull/607
https://github.com/open-mmlab/mmselfsup/pull/616
https://github.com/open-mmlab/mmselfsup/pull/622
https://github.com/open-mmlab/mmselfsup/pull/623
https://github.com/open-mmlab/mmselfsup/pull/631
https://github.com/open-mmlab/mmselfsup/pull/630
https://github.com/open-mmlab/mmselfsup/pull/636
https://github.com/open-mmlab/mmselfsup/pull/634
https://github.com/open-mmlab/mmselfsup/pull/620
https://github.com/open-mmlab/mmselfsup/pull/629
https://github.com/open-mmlab/mmselfsup/pull/645
https://github.com/open-mmlab/mmselfsup/pull/637

MMSelfSup, %% 1.0.0

X#

o TA data_flow.md SCEY (#612)
o BT datasets.md 3CRY (#633)

42.1.4 v1.0.0rc4 (07/12/2022)

master J38RJE Ox A, FATHF& checkout —ANHTHY 1. x HIRAA Lx A . ARARFLAMT L [ NSRS
A

WAVEE Y] B S . 1S 4% AR AR/ T T 455]
Highlight

o ¥¥;BELIT fl MILAN

o 3 FF low-level E I AAL

New Features

o T¥;BELIT (#425)
o T MILAN (#600)

* SZFF low-level EEATHLAL (#570)
Bug Fixes
o R B AT AT (#603)
o R AN 7 B IR (#611)
Improvements

o T file io (#582))
o Hihn ¢ Jprojects’ SCHEIEHIRBI (#586))
o H3H CIFI UT (#601))
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https://github.com/open-mmlab/mmselfsup/pull/612
https://github.com/open-mmlab/mmselfsup/pull/633
https://github.com/open-mmlab/mmselfsup/pull/425
https://github.com/open-mmlab/mmselfsup/pull/600
https://github.com/open-mmlab/mmselfsup/pull/570
https://github.com/open-mmlab/mmselfsup/pull/603
https://github.com/open-mmlab/mmselfsup/pull/611
https://github.com/open-mmlab/mmselfsup/pull/582
https://github.com/open-mmlab/mmselfsup/pull/586
https://github.com/open-mmlab/mmselfsup/pull/601

MMSelfSup, %% 1.0.0

Docs

o T readthedocs FI3% EAAL (#572)

o 34N readthedocs 5535 U1 TR HA& 52 0 TE YLstiiz (#599)

42.1.5 v1.0.0rc2 (12/10/2022)

master J38RJE Ox A, FATHF& checkout —ANHTHY 1. x HIRAA Lx A . ARARFLAMT L [ NSRS
A

AT FEA L . S 4 AR R M TTER 4T

otk

)

o 4B MAE, SimMIM, MoCoV3.

EEER

* 4 FCRF MAE (#483)

o A FE simMIM (#487)

o 4B HE of MoCoV3 (#496)
¥ Bug

» &% classification configs (#488)

=

%534 MAE config W1 44 5% 7] 80 (#498)

Bt
o &K colab F65| (#470))
* H 3T readthedocs BE3K (#472)
o B CI (#476)
o {ifb mim_slurm_test.sh flmim_dist_test.sh 4 benchmarks (#477)

o B Metafile format #/1 content (#478)
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https://github.com/open-mmlab/mmselfsup/pull/572
https://github.com/open-mmlab/mmselfsup/pull/599
https://github.com/open-mmlab/mmselfsup/pull/483
https://github.com/open-mmlab/mmselfsup/pull/487
https://github.com/open-mmlab/mmselfsup/pull/496
https://github.com/open-mmlab/mmselfsup/pull/488
https://github.com/open-mmlab/mmselfsup/pull/498
https://github.com/open-mmlab/mmselfsup/pull/470
https://github.com/open-mmlab/mmselfsup/pull/472
https://github.com/open-mmlab/mmselfsup/pull/476
https://github.com/open-mmlab/mmselfsup/pull/477
https://github.com/open-mmlab/mmselfsup/pull/478

MMSelfSup, %% 1.0.0

X#

» SN advanced_guides/engine.md (#454)

* NI advanced_guides/evaluation.md (#456)
o U advanced_guides/transforms.md (#463)
o 7NN dataset docs (#437)

* fltAk contribution guide (#492)

* FHT convention (#475)

42.1.6 v1.0.0rc1 (01/09/2022)

FRATAR 15 2% B 17 &A1 MMSelfSup v1.0.0rc1, We are excited to announce the release of MMSelfSup v1.0.0rc1. MM-
SelfSup v1.0.0rc1 & MMSelfSup 1.x 58— A4S, & OpenMMLab 2.0 i H #1—#%r . master %% 0.x
WA, FATRF2x checkout —ANETTY 1. x HIRAM 1x A . A RIKATS FIBF4ESF P RUAS

FAMTE RPN FEREAE . S5 15 AR R AR

=1
4N

otk

o HF MMEngine il MMCV.
o KATE.

Datasets

Models

— Config

o PEALRTA SO

T
o }¥Hl SelfSupDataSample R4 —EM,
o #f SelfSupVisualizer AIMALTIRE.

o I SelfSupDataPreprocessor TR BB E AL HE
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https://github.com/open-mmlab/mmselfsup/pull/454
https://github.com/open-mmlab/mmselfsup/pull/456
https://github.com/open-mmlab/mmselfsup/pull/463
https://github.com/open-mmlab/mmselfsup/pull/437
https://github.com/open-mmlab/mmselfsup/pull/492
https://github.com/open-mmlab/mmselfsup/pull/475
https://github.com/open-mmlab/mmengine
https://github.com/open-mmlab/mmcv

MMSelfSup, %% 1.0.0

gt

PN B &S 5 (TE W R

o BUEA R BEEIG R4 1R dict.

« {ifi )} MMClLassification 1217 FiiE/r Z4F
X

o (RACHTAT SCRIANE R B B A
o ANTE AL IET A

42.2 MMSelfSup

42.2.1 v0.10.0 (30/09/2022)

=1

4N

ot

o ¥} MaskFeat (#485)

o T3 README &% 1.0.0rc iiAS (#474)

T

* % MaskFeat (#485)

Bug 18

* 1852 DenseCL ] 45k )80 (#411)
o B HELE SO AR (#418)
o B EEEUE R IR (#386)

oy it
* BT hook _cfg FRIT 2 (#409)
o SCRF HTCE SO (#410)
o SCRHRAF MAE ATHALEE R (#388)
o MHERIE ST IRIEIAE (#490)

%
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https://github.com/open-mmlab/mmselfsup/pull/485
https://github.com/open-mmlab/mmselfsup/pull/474
https://github.com/open-mmlab/mmselfsup/pull/485
https://github.com/open-mmlab/mmselfsup/pull/411
https://github.com/open-mmlab/mmselfsup/pull/418
https://github.com/open-mmlab/mmselfsup/pull/386
https://github.com/open-mmlab/mmselfsup/pull/409
https://github.com/open-mmlab/mmselfsup/pull/410
https://github.com/open-mmlab/mmselfsup/pull/388
https://github.com/open-mmlab/mmselfsup/pull/490

MMSelfSup, %% 1.0.0

X#

* T MAE PCe SCEEER: (#497)
* ¥} README E % 1.0.0rc fiftA (#474)

o TET get_started SCRY (#402)

42.2.2 v0.9.2 (28/07/2022)

T

* SCFF MAE S EBR R ATHLE (#376)

Bug 128

* B extract.py SCUIFH cfg/args gAML, LI ofg HABRAZHEATAL TR (#357)
* {252 SImMIM Jg B SCPF e RS AR s R LA PRV AT 1% (#360)

gt

T ¥ mdformat 15 B (#323)

o VST circle ci it B (#374)
X

o BT R R (#327)

* FHT tutorials/4_schedule.md W[ SCRY S5 (#354)
42.2.3 v0.9.1 (31/05/2022)

=1

4N

ot

o W3 BYOL FiAUFIZE SR (#319)
o HCEER AR SR
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https://github.com/open-mmlab/mmselfsup/pull/497
https://github.com/open-mmlab/mmselfsup/pull/474
https://github.com/open-mmlab/mmselfsup/pull/402
https://github.com/open-mmlab/mmselfsup/pull/376
https://github.com/open-mmlab/mmselfsup/pull/357
https://github.com/open-mmlab/mmselfsup/pull/360
https://github.com/open-mmlab/mmselfsup/pull/323
https://github.com/open-mmlab/mmselfsup/pull/374
https://github.com/open-mmlab/mmselfsup/pull/327
https://github.com/open-mmlab/mmselfsup/pull/354
https://github.com/open-mmlab/mmselfsup/pull/319

MMSelfSup, %% 1.0.0

T

* BB BYOL BAURIZER (#319)

Bug 1%

* X1 CAE fll MAE X gkv [ E-S 41 (#303)

* 852 MAE BB SRS 5 R (#307)
it

« B4 (#304)

* W/ | mdformat (#311)

XH

o WIEZRE P IET AR IR (#308)
o Tl # Myst-parser (#309)

o BURTSCRIFIATRIT (#310)

o B SORY (#317)

o ik i README (#318)

42.2.4 v0.9.0 (29/04/2022)

otk

)

« % CAE (#284)

» 374F Barlow Twins (#207)

EEER L]

o % CAE (#284)
* 7§ Barlow twins (#207)
o H4fm SimMIM 192 FiIl 25 K 224 AR 25 (#280)

* 340 MAE fpl6 Tl 25 5 (#271)
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https://github.com/open-mmlab/mmselfsup/pull/319
https://github.com/open-mmlab/mmselfsup/pull/303
https://github.com/open-mmlab/mmselfsup/pull/307
https://github.com/open-mmlab/mmselfsup/pull/304
https://github.com/open-mmlab/mmselfsup/pull/311
https://github.com/open-mmlab/mmselfsup/pull/308
https://github.com/open-mmlab/mmselfsup/pull/309
https://github.com/open-mmlab/mmselfsup/pull/310
https://github.com/open-mmlab/mmselfsup/pull/317
https://github.com/open-mmlab/mmselfsup/pull/318
https://github.com/open-mmlab/mmselfsup/pull/284
https://github.com/open-mmlab/mmselfsup/pull/207
https://github.com/open-mmlab/mmselfsup/pull/284
https://github.com/open-mmlab/mmselfsup/pull/207
https://github.com/open-mmlab/mmselfsup/pull/280
https://github.com/open-mmlab/mmselfsup/pull/271

MMSelfSup, %% 1.0.0

Bug 18

* BREZHIAE (#290)

* 1£ MAE Jig & "2 imgs_per_gpu 4y samples_per_gpu (#278)
« {ifi[f] prefetch dataloader ff3EE%e GPU PNAES Y (#277)

o WEEAEME R SCH T I SR B R IR A (#273)

G
* T SimCLR AR5 (#295)
o BT AR (#291)
o % pytorch 1.5 Jljiz (#288)
o HATA LAV ELE SO (#281)
* A api HE AT (#276)

XA

o TERZ PSS SimMIM B HERE (#272)

42.2.5 v0.8.0 (31/03/2022)

=1
W

i

o H SImMIM (#239)

o W KNN BN, 3255 1E checkpoint FIFEIT backbone AL IEAT A (#243)

o 4% ImageNet-21k i Ja4E (#225)

T

o S SImMIM (#239)

o 3O KNN EEHEM i, SZHFH[A] checkpoint FIHEERH) backbone AL E HEATITAl (#243)

o 7 FF ImageNet-21k ZHEEE (#225)
* SCHFEBhAREE checkpoint SCIFIIIZR (#245)
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https://github.com/open-mmlab/mmselfsup/pull/290
https://github.com/open-mmlab/mmselfsup/pull/278
https://github.com/open-mmlab/mmselfsup/pull/277
https://github.com/open-mmlab/mmselfsup/pull/273
https://github.com/open-mmlab/mmselfsup/pull/295
https://github.com/open-mmlab/mmselfsup/pull/291
https://github.com/open-mmlab/mmselfsup/pull/288
https://github.com/open-mmlab/mmselfsup/pull/281
https://github.com/open-mmlab/mmselfsup/pull/276
https://github.com/open-mmlab/mmselfsup/pull/272
https://github.com/open-mmlab/mmselfsup/pull/239
https://github.com/open-mmlab/mmselfsup/pull/243
https://github.com/open-mmlab/mmselfsup/pull/225
https://github.com/open-mmlab/mmselfsup/pull/239
https://github.com/open-mmlab/mmselfsup/pull/243
https://github.com/open-mmlab/mmselfsup/pull/225
https://github.com/open-mmlab/mmselfsup/pull/245

MMSelfSup, %% 1.0.0

Bug &8
* Fe43 A=A sampler HrIg IR (#250)
» &5 dist_test_svm_epoch.sh F7 S5V B 1]/ (#260)
» 8% prepare_voc07_cls.sh W mkdir JE7E4S 1R (#261)
Cgi

© BT AT SRR (#253)

XH

o {458 6_benchmarks.md H S 3RS (#263)

* % 6_benchmarks.md | 3¢ (#262)

42.2.6 v0.7.0 (03/03/2022)

otk

)

* SZFF MAE Bk (#221)
o B0 Places205 | L HEI I (#210)

o 7E CI TAER H s Windows s (#215)

RS

* X MAE 53k (#221)

o I Places205 R AENZ (#210)

Bug 188

o B ERA L B SO RS (#200)
o B PR S G T 1) AU B BT AH S 4 3 (#210)
o BREAEM prefetch B, 4> dataset fij Hikg XN VTELH [F)8T (#218)

* 5% t-sne ‘noinit_cfg’ MEEIR (#222)
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https://github.com/open-mmlab/mmselfsup/pull/250
https://github.com/open-mmlab/mmselfsup/pull/260
https://github.com/open-mmlab/mmselfsup/pull/261
https://github.com/open-mmlab/mmselfsup/pull/253
https://github.com/open-mmlab/mmselfsup/pull/263
https://github.com/open-mmlab/mmselfsup/pull/262
https://github.com/open-mmlab/mmselfsup/pull/221
https://github.com/open-mmlab/mmselfsup/pull/210
https://github.com/open-mmlab/mmselfsup/pull/215
https://github.com/open-mmlab/mmselfsup/pull/221
https://github.com/open-mmlab/mmselfsup/pull/210
https://github.com/open-mmlab/mmselfsup/pull/200
https://github.com/open-mmlab/mmselfsup/pull/210
https://github.com/open-mmlab/mmselfsup/pull/218
https://github.com/open-mmlab/mmselfsup/pull/222

MMSelfSup, %% 1.0.0

B ik

o MBS FH imgs_per_gpu, M samples_per_gpu (#204)

o FH MMCV (1435055 (#208)
o “HE Y readme FIRIEHALIE N pre-commit £4)F (#213)
« Y& CI TAEFL &I Windows Ui (#215)
B'E =
 } 0_config.md 5 S (#216)
* ¥ 32 0 OpenMMLab il H #1425 (#219)
42.2.7 v0.6.0 (02/02/2022)

=1
W

s

o T HET vision transformer 1] MoCo v3 (#194)
o IEEYIRANE SR E #181)
o XFF cpu Il %k (#188)

EEEd
o FJFHET vision transformer [t MoCo v3 (#194)
o SZHF cpu |25 (#188)

Bug 28

o BRI (#159, #160) FPEZFIAIH] 5 bugs (#161)

* {85 RandomAppliedTrans Hifd: ) prob WAE (#173)

W

» 5% k-means losses {7~ [1) bug (#182)
o BEAEDHAZE gpu YR/ H ) bug (#189)
o BEIMEK cifar ZEAERH) bug (#191)

» 5% dataset.evaluate [Z4] bug (#192)

Y

Y
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https://github.com/open-mmlab/mmselfsup/pull/204
https://github.com/open-mmlab/mmselfsup/pull/208
https://github.com/open-mmlab/mmselfsup/pull/213
https://github.com/open-mmlab/mmselfsup/pull/215
https://github.com/open-mmlab/mmselfsup/pull/216
https://github.com/open-mmlab/mmselfsup/pull/219
https://github.com/open-mmlab/mmselfsup/pull/194
https://github.com/open-mmlab/mmselfsup/pull/181
https://github.com/open-mmlab/mmselfsup/pull/188
https://github.com/open-mmlab/mmselfsup/pull/194
https://github.com/open-mmlab/mmselfsup/pull/188
https://github.com/open-mmlab/mmselfsup/issues/159
https://github.com/open-mmlab/mmselfsup/issues/160
https://github.com/open-mmlab/mmselfsup/pull/161
https://github.com/open-mmlab/mmselfsup/pull/173
https://github.com/open-mmlab/mmselfsup/pull/182
https://github.com/open-mmlab/mmselfsup/pull/189
https://github.com/open-mmlab/mmselfsup/pull/191
https://github.com/open-mmlab/mmselfsup/pull/192

MMSelfSup, %% 1.0.0

Bt
* BUHZHIAE CL R SEIIIZAT (#145)
o 1455 MIM ZHEE (#152)
o SRR E S CT (#154)
© FERG 7 eval PEALZR AR drop_last #EI (#158)
o FEFIN) “python setup.py test” [ 4 (#174)
o DEYIZEAE B E] (#181)
o FH4% isort ] 5.10.1 (#184)

X
o HAYSORY H SKEE Y (#146)
« &% readthedocs (#148, #149, #153)
o B LBESCR T BE B R R O EERE (#155, #180, #195)
o B EE I 2 H G FNIEMEMNRES R (#157, #165, #195)
o BT SRS BRI ST (#163, #164, #165, #166, #167, #168, #169, #172, #176, #178, #179)

* HUHE R README ZIHi% s (#177)

42.2.8 v0.5.0 (16/12/2021)

ot

4N

RN EER )=y 38

o T3 ASEN A R RRA.

* 33§ MMDet il MMSeg (5L HENR -
o UNIINAXTATFY SCRS

L)

© GIFTURERE S
 WERCHR MMCV, ZBRIFBUH AR .

o k3% MMCYV BaseModule,

o AL F SR
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https://github.com/open-mmlab/mmselfsup/pull/145
https://github.com/open-mmlab/mmselfsup/pull/152
https://github.com/open-mmlab/mmselfsup/pull/154
https://github.com/open-mmlab/mmselfsup/pull/158
https://github.com/open-mmlab/mmselfsup/pull/174
https://github.com/open-mmlab/mmselfsup/pull/181
https://github.com/open-mmlab/mmselfsup/pull/184
https://github.com/open-mmlab/mmselfsup/pull/146
https://github.com/open-mmlab/mmselfsup/pull/148
https://github.com/open-mmlab/mmselfsup/pull/149
https://github.com/open-mmlab/mmselfsup/pull/153
https://github.com/open-mmlab/mmselfsup/pull/155
https://github.com/open-mmlab/mmselfsup/pull/180
https://github.com/open-mmlab/mmselfsup/pull/195
https://github.com/open-mmlab/mmselfsup/pull/157
https://github.com/open-mmlab/mmselfsup/pull/165
https://github.com/open-mmlab/mmselfsup/pull/195
https://github.com/open-mmlab/mmselfsup/pull/163
https://github.com/open-mmlab/mmselfsup/pull/164
https://github.com/open-mmlab/mmselfsup/pull/165
https://github.com/open-mmlab/mmselfsup/pull/166
https://github.com/open-mmlab/mmselfsup/pull/167
https://github.com/open-mmlab/mmselfsup/pull/168
https://github.com/open-mmlab/mmselfsup/pull/169
https://github.com/open-mmlab/mmselfsup/pull/172
https://github.com/open-mmlab/mmselfsup/pull/176
https://github.com/open-mmlab/mmselfsup/pull/178
https://github.com/open-mmlab/mmselfsup/pull/179
https://github.com/open-mmlab/mmselfsup/pull/177

MMSelfSup, %% 1.0.0

o Hrd T ECE S

i

o UM SWAV. SimSiam. DenseCL 3%,
o VRN t-SNE A[ ¥4 T A .

* 3ZFF MMCV KA fpl6.

-3
o WRRMEMASIR, W IAE .
o SCRFRIFTSS il — 2o ik .

 f#i ] MIM J5 31 MMDet 1 MMSeg |4

X

« H 4 README, getting_started. install, model_zoo SCFY.

o NI A SO
o NG R

42.3 OpenSelfSup (FH5hR)

42.3.1 v0.3.0 (14/10/2020)

=1
W

s

o SCRHRER .
o it GaussianBlur i 3)I| 2535 A% .
o THZ ELEIN A,

42.3. OpenSelfSup (F5)
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MMSelfSup, %% 1.0.0

Bug 18
* 2% moco v2 1Y) bugs, BAAEZR I IL.
* 2% byol H11] bugs.

A

o WRAKE .
o 3t GaussianBlur fff MoCo V2. SimCLR. BYOL [ill 3k BE A .

o WRRMENHALER, 45 Places. VOC, COCO,

42.3.2 v0.2.0 (26/6/2020)

otk

)

* ¥ BYOL,

o SCFF IR EENA

Bug 1¢&

&% publish_model.py 75 id.

EEER L

« % BYOL.

o TESMEAE IR A R I Al A 53T

o THRRIS B YEMR : benchmarks/dist_train_semi.sh.,

o RFERE DA Y IC B SO 3 ) configs/benchmarks/ o

o PRALELHEN ST AL B

o SCRPRERRLUIR AR 0 2% .

* SCRFHTA Nesterov [ LARS {4k -

* 3§ SimCLR Hl BYOL M LARS 3 b FIA 2 08 HE R 2 S H00 75K
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cHAPTER 43

FAQ

BAIHN R —LLH g WL R, R TR DT SR HH o AT DR — S8 88 A B0 A &% DL 1% TR A fin 2647
r, ORHR B A A PR i NS BUEN P AV R R A, R IR B B A issue, HFHLR
BAEBR IS T T ZoREE .

« FAQ

- LI

— DeepCluster #£ A100 GPU

43.1 =3
MMCYV, MMClassification, MMDetection and MMSegmentation [ i A4S HEAPEUN T s . 142258 TE A 04 A St 3
pike ETIIR
Note:
* MMDetection 1l MMSegmentation J2 1] 1) .

o WEREAVRA AR, THEE— issue HERHEEM R RAER .
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https://github.com/open-mmlab/mmselfsup/tree/master/.github/ISSUE_TEMPLATE

MMSelfSup, %% 1.0.0

43.2 DeepCluster 7£ A100 GPU

WP FEAE 25K DeepCluster 75 A100 GPU |, ] pip %% faiss K5k, e gl Kid.

(4 ] conda 273k

conda install -c pytorch faiss-gpu cudatoolkit=11.3

[ I} fAs T 220 S 3 CUDA11.3 {4 PyTorch, [A]fh} faiss-gpu==1.7.2 %3k python 3.6-3.8.
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https://github.com/open-mmlab/mmselfsup/blob/main/configs/selfsup/deepcluster/README.md
https://github.com/facebookresearch/faiss/issues/2076

cHAPTER 44

English
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cHAPTER 45

)3
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CHAPTER 40

* genindex
* modindex

e search
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Python &R & 5]

m

mmselfsup.
mmselfsup.
mmsel fsup.
mmsel fsup.
mmselfsup.

mmselfsup.

mmsel fsup
mmsel fsup

mmsel fsup

mmselfsup.
mmsel fsup.

mmsel fsup.

mmsel fsup

mmselfsup.
mmsel fsup.
mmsel fsup.

mmsel fsup.

datasets, 175

datasets.samplers, 191

datasets.transforms, 178

engine.

engine.optimizers, 197

evaluation.functional, 199

.models.

.models.

models.
models.

models.

.models.

models.

hooks, 193

.models.algorithms, 201
backbones, 224

heads, 250
losses, 259

memories, 263

necks, 239

target_generators, 264

utils, 267

structures, 279
utils, 287

visualization, 283
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=5

A

add_datasample () (mmself-
sup.visualization.SelfSup Visualizer VREIN
284

add_params () (mmself-

7 %), 269
BarlowTwins (mmselfsup.models.algorithms F &4 &),
202
BaseModel (mmselfsup.models.algorithms + &4 %), 203
batch_shuffle_ddp () (£ mmselfsup.utils 23 F),

sup.engine.optimizers. LearningRateDecayOptim WrapperConstl?b%c%or
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SwAVNeck (mmselfsup.models.necks F 44 %), 249

T

sup.datasets.transforms. RandomGaussian Blur
7 %), 185
transform() (mmself-
sup.datasets.transforms. RandomPatch WithLabels
7 i%), 185
transform() (mmself-
sup.datasets.transforms. RandomResizedCrop
7 i%), 187

transform() (mmself-

sup.datasets.transforms. RandomResizedCropAndInterpolation With1

% i%), 188

transform() (mmself-
sup.datasets.transforms. RandomRotation 7
%), 189

transform() (mmself-
sup.datasets.transforms.RandomSolarize 7
%), 190

transform() (mmself-

sup.datasets.transforms. Rotation WithLabels

7 i%), 190
transform() (mmself-
sup.datasets.transforms.SimMIMMaskGenerator

7 %), 191

TransformerEncoderlLayer (mmself-
train () (mmselfsup.models.backbones.MoCoV3ViT 75 sup.models.utils ¥ 4 %), 275
i%), 233 TwoNormDataPreprocessor (mmself-
transform() (mmself- sup.models.utils ¥ #49%), 276
sup.datasets.transforms. BEiTMaskGenerator
7 i4), 178 U
transform() (mmself- unpatchify () (mmself-
sup.datasets.transforms. Color Jitter 7 ik), sup.models.heads. MAEPretrainHead 7 %),
180 255
transform() (mmself- update () (mmselfsup.models.memories.SimpleMemory
sup.datasets.transforms. Multi View 7 k), 7 k), 264
182 update_centroids_memory () (mmself-
transform() (mmself- sup.models.memories. ODCMemory 7 k),
sup.datasets.transforms. PackSelf SupInputs 263
7 %), 183 update_samples_memory () (mmself-
transform() (mmself- sup.models.memories.ODCMemory 7 k),
sup.datasets.transforms.RandomCrop 7 %), 263
184
transform() (mmself-
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VideoDataPreprocessor (mmselfsup.models.utils
P ay k), 277
VQKD (mmselfsup.models.target_generators F 849 %), 266

W

with_head  (mmselfsup.models.algorithms. BaseModel
property), 205

with_neck  (mmselfsup.models.algorithms.BaseModel
property), 205

with_target_generator (mmself-

sup.models.algorithms. BaseModel property),

\ 4
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mmsel fsup.
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evaluation.functional, 199
models.algorithms, 201
models.backbones, 224
models.heads, 250
models.losses, 259
models.memories, 263
models.necks, 239
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structures, 279
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