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Self-Supervised Learning

* Pre-train representations without labels for downstream tasks
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Self-Supervised Representation Learning

* Pre-train representations without labels for downstream tasks

build
chat-bot

— A'.‘ <4 ,’5
L =g detect and segment
(R objects

unsupervised
learning

predict
structure




Self-Supervised Representation Learning

« Scalable: train huge models on unlimited data and not worry
about overfitting



[Devlin et al, NAACL 2019] [Brown et al, NeurlPS 2020]
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[Devlin et al, NAACL 2019] [Brown et al, NeurlPS 2020]

Self-Supervised Representation Leaming

« Scalable: train huge models on unlimited data and not worry
about overfitting
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(Chen et al, ICML 2020] [He et al, CVPR 2020] [Grill et al, NeurlPS 2020] [Caron et al, NeurlPS 2020]

Self-Supervised Paradigms in Vision

» Contrastive / Siamese

S

X =

« Compare data points in the latent representation space
« Computer vision: SIMCLR, MoCo, BYOL, DINGO, ..., with augmentations

 Covered in Part Il of this tutorial




Self-sSupervised
e Contrastive / Siamese
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[He et al, CVPR 2022]

“aradigms in Vision

* Reconstructive / Auto-Encoding

X

X

13

» Reconstruct corrupted data points

» Grounded in the input space

« Paradigm of BERT & GPT in NLP

« Computer Vision: MAE



[Zhou et al, ICLR 2022] [Li et al, CVPR 2023]

Self-Supervised Paradigms in Vision

o “Contrastive + Reconstructive” is also possible

X X
X < z reconstructive
X”— oy _—

/

contrastive

« Multi-tasking makes representations more versatile: iBOT, MAGE

« But the pipeline is less clean to understand scientifically



Self-sSupervised
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[He et al, CVPR 2022]

“aradigms in Vision

————————————————————————————————————————————————————————

» Reconstructive / Auto-Encoding
Do

-> Covering now in Part |

» Xinlei: MAE - reconstructive on images

» Christoph: SSL on Videos

N e o o o e e e e = e - - - - - ———



[He et al, CVPR 2022]

VWhat is Masked Auto-Encoding (MAE)?

* Very simple method, but highly effective



VWhat 1s Masked Auto-

[Devlin et al, NAACL 2019] [He et al, CVPR 2022]

* Very simple method, but highly effective

—ncoding (MAE)"?

« BERT-like masked modeling objective, but with crucial design

changes for computer vision

Class
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[Devlin et al, NAACL 2019] [He et al, CVPR 2022]

VWhat is Masked Auto-Encoding (MAE)?

* Very simple method, but highly effective

« BERT-like masked modeling objective, but with crucial design

changes for computer vision

* Intriguing properties — better scalability and more



Works"?

How MA

Random masking



Works"?

How MA

ncoder

i

ramEEe

EEEEE .

-}
drT T B
EREEE
e

Encode visible patches



Works"?

How MA

—>

ncoder

1

Hlﬁlﬁ.ll

EEEEE .

-}
drT T B
EREEE
e

Add mask tokens



encoder -

Reconstruct



MA

Reconstruction Example

Masked input: 80% You guess?



MA

Reconstruction Example

Masked input: 80% MAE’s guess



MA

—Leconstruction

Masked input: 80% MAE’s guess Ground truth
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original

MAE Can (Generalize



original
85% mask

MAE Can (Generalize



95% mask

original
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MAE Can (Generalize




75% mask

95% mask

original
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[Dosovitskiy et al, ICLR 2021]

SBERT-Ike: Transformers

* Vision Transformer (ViT) @
* [ ess inductive bias %lil? | Il\felég

* Non-overlapping tokenization  \ "/
 Easier for masked auto-encoding

Transformer Encoder
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[Dosovitskiy et al, ICLR 2021]

SBERT-Ike: Transformers

* Vision Transformer (ViT) G;Q
* Less inductive bias %lilili <~ Head

* Non-overlapping tokenization  \ "/

 Easier for masked auto-encoding Transformer Encoder

 with larger models

* Extra learnable
[ Lmear PrOJectlon of Flattened Patches

[class] embedding

e ONn larger datasets NEE

das s
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—RT-like: Transtormers

[Dosovitskiy et al, ICLR 2021]

90
* Vision Transformer (\ & | -
: : : > 1
* Less inductive bias | g 851 ®
. =
* Non-overlapping tok 3 |
, ] ® 2
« Easier for masked al f 30 - l
(@ i
o ]
=
» Scalable 2 s BiT ViT-L/32
: L 1 . .
* with larger models | & | ¢ ViT-B/32 ViT-L/16
= . T . >S
» on larger datasets | = - VIT-B/16 D
ImageNet ImageNet-21k JFT-300M | ol
Pre-training dataset




[Devlin et al, NAACL 2019]

SERT-uniike: Mask Ratio

« BERT: 15% is enough to create a challenging task
* MAE: a high ratio of 75% - 80% to be meaningful
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—R[-unlike:

—Ncoder-Decoder

* BERT: encoder-only pre-training

[Devlin et al, NAACL 2019]
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5

* MAE:

 [arge encoder on visible tokens
« Small decoder on all tokens
* Projection layer to connect the two
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—R [-unlike: Encoder-Decoder

[Devlin et al, NAACL 2019]

projection layer

encoder

A

»




[Devlin et al, NAACL 2019]

SBERT-uniike: Encoder-Decoder

projection layer

A

 MAE:
 [arge encoder on visible tokens
« Small decoder on all tokens
* Projection layer to connect the two

HPNE™
£ . [

* Very efficient when coupled
with high mask ratio (75%)
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MAE for Downstream Tasks: Encoder Only

 After MAE pre-training, just throw away the decoder

* Encoder is used for representations with full-sequence input

)
EPNE™
Hrile o
’.... —» encoder, —»

input




[Deng et al, CVPR 2009]

—Xperimental Protocols

* Pre-training dataset: ImageNet-1K

» Architecture: Vil-Large encoder, 512-dim decoder



[Deng et al, CVPR 2009]

—Xperimental Protocols

* Pre-training dataset: ImageNet-1K
» Architecture: Vil-Large encoder, 512-dim decoder

 Transfer task: ImageNet-1K classification

« “ft". end-to-end tuning with MAE as an initialization

* “lin”: linear probing, a single classifier on top of frozen encoder features



Analysis: Mask

=Ratio

35 | —<— fine-tuning 849 850 849 849
84

812 834

32—

83 | | | | | | |

10 20 30 40 50 60 70 80 90

masking ratio (%)
732 73.5

71.8

-0 —— linear probing 69 9
60
54.
50 | | | | | | | J
10 20 30 40 50 60 70 80 90

masking ratio (%)



Analysis: Decoder Size

 Encoder has 24-blocks, 1024-dimensional

blocks
]

0 = 2

[a—
(G

ft
84.8
84.9
84.9
84.9
84.4

lin
65.5
70.0
71.9
T3
39

Decoder depth

dim ft lin

128 84.9 69.1

256 84.8 71.3
342 84.9 73.5
768 84.4 3.1
1024 843 735

Decoder width



Analysis: Mask loken [M] In

case ft lin

encoder w/ [M] 84.2 59.6
encoder w/o [M] 84.9 73.5

e Encoder w/ [M] is default in BERT

» Big domain gap for linear probing

—Ncoder

FLOPs
3.3X%
1x

* Pre-train sees 25% of the images only, while evaluation sees 100%



[Ramesh et al, ICML 2021] [Bao et al, ICLR 2022]

Analysis: Reconstruction larget

case ft lin

pixel (w/o norm) 34.9 139
pixel (w/ norm) 85.4 73.9
PCA 84.6 523
dVAE token 85.3 71.6

 Pixels with normalization: per-patch -- minus mean, divide by std
« PCA: only low-frequency component is retained

» dVAE token: from DALLE, expensive to compute



Analysis: Augmentations

case ft lin

none 84.0 63.7
crop, fixed size 84."7 73.1
crop, rand size 34.9 73.5
crop + color jit 84.3 71.9

 MAE can work with minimal data augmentation



Analysis: Augmentations

case ft lin

none 84.0 65.7 o

crop, fixed size 84."7 73.1 }f < >
crop, rand size 84.9 735 :'A;‘“_ x"'- "iﬁ

crop + color jit 84.3 71.9

 MAE can work with minimal data augmentation
 For Contrastive / Siamese learning, augmentation is crucial




[Assran et al, ECCV 2022] [Assran et al, CVPR 2023]

Analysis: Augmentations

case ft

none 84.0
crop, fixed size 84.77
crop, rand size 34.9

crop + color jit 84.3

 MAE can work with minimal data augmentation

lin
65.7
73.1

73.5
71.9

-

o

 For Contrastive / Siamese learning, augmentation is crucial

« Masking as a strong “augmentation”:. MSN, [-JEPA




Scalability: Longer Training
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Scalability: Longer Training

85 7| fine-tuning L. |
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Wall-clock speed still efficient thanks to MAE design



Scalapbllity: Larger Models
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Scalapbllity: Larger Models
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Scalapbllity: Larger Models

fine-tuning accuracy

88
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Scalapbllity: Larger Models

fine-tuning accuracy

88

86

84

80

78

76

+4%

—*— MAE, INIK

— - supervised, IN1K, our impl.
—G— supervised, IN1K [16]
---+--- supervised, JFT300M [16]

new SOTA on ImageNet-1K (no extra data):



Scalapbllity: Larger Models

dataset ViT-B ViIT-L  ViT-H  ViT-Hygg

iNat 2017 70.5 75.7 79.3 83.4 [50]
iNat 2018 75.4 80.1 83.0 86.8 [49]
iNat 2019 80.5 83.4 85.7 88.3 [49]
Places205 63.9 65.8 65.9 66.8 [19]T
Places365 57.9 59.4 59.8 60.3 [36]%

new SOTA on 5 large-scale classification datasets

dataset ViT-B  VIiT-L ViT-H ViT-Hy4g

IN-Corruption | [27] 51.7 41.8 33.8 36.8 [32]
IN-Adversarial [28] 359 57.1 68.2 76.7 [41]
IN-Rendition [26] 48.3 59.9 64.4 66.5 [41]
IN-Sketch [60] 34.5 45.3 49.6 50.9 [41]

new SOTA on 4 ImageNet robust evaluations



Scalapbllity: Larger Models

method pre-train data  ViT-B VIiT-L method pre-traindata ~ ViT-B  ViT-L
supervised INIK w/labels 47.9 (493 O supervised IN1K w/ labels 474 499D
MoCo v3 IN1K 47.9 49.3 MoCo v3 IN1K 473 49.1
BEiT IN1K+DALLE 49.8 53.3 BEiT IN1K+DALLE 47.1 53.3
MAE INIK 503 (5335 MAE INIK 481 C53.60

COCO detection: ADE20K segmentation:



[Hu et al, arXiv 2202.04639]

Scalability: Sequence Length

Ld:L

autoencoding

Le=L-(1-vy)

masking

input image

L= (/p)?
<p-

~

* Input: pXp patches from
I XI iImages as tokens

* Length of token sequence
L= (I/p)*

* Analysis: change
seqguence length for MAE,
but fix length for
downstream tasks


https://arxiv.org/abs/2202.04639

Analysis of L, I and p, L = (I /p)?

[Hu et al, arXiv 2202.04639]

p L | AP® AP™ | mloU I L | AP® AP™ | mloU
64 49 | 440 398 | 35.0 112 49 | 473 42.1 | 422
32 196 | 495 442 | 48.0 224 196 | 504 45.1 | 494
16 784 | 51.7 459 | 50.8 448 784 | 51.7 459 | 50.8
Image size I = 448 patch size p = 16

I p | AP® AP™ | mIoU

224 8 | 51.7 46.0 | 50.5

448 16 | 51.7 459 50.8

672 24 | 51.7 458 | 504

seqguence length L = 784

COCO detection and ADE20K segmentation


https://arxiv.org/abs/2202.04639

[Hu et al, arXiv 2202.04639]

Scalability: Sequence Length

« Sequence length helps more for larger models

22 —e— VIiT-L 22 —eo— VIiT-L
B ViT-B ! ViT-B
x X
o (@]
o] 0
553 553
" O
L 5
@ 52 v 52
© ©
O O
Q O
O 51 O 51
O ©)

50 50

200 400 600 800 1000 200 400 600 800 1000
pretraining sequence length L pretraining sequence length L

COCO pre-training ImageNet-1K pre-training


https://arxiv.org/abs/2202.04639

lake-aways

 Self-supervised learning allows representation learning at scale

* Masked auto-encoders as a step toward scalable vision learners



Large
Language
Models

lake-aways

 Self-supervised learning allows representation learning at scale
* Masked auto-encoders as a step toward scalable vision learners

« Still need to close the gap with large language models

MAE



Self-supervised learning from masked
video and audio

Christoph Feichtenhofer
Meta Al, FAIR



Outline: Advances in representation learning from video

4 topics on masked self-supervised learning from video (visual) and audio information

1. Video Masked Autoencoders _
2. Audio Masked Autoencoders
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4. Hiera, a fast hierarchical transformer

3. Masked Audio-Video Learners g0 ===;:!.=
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Masked Autoencoders As Spatiotemporal Learners

Christoph Feichtenhofer”, Haoqi Fan®, Yanghao Li, Kaiming He
Meta Al, FAIR

github.com/facebookresearch/mae st
github.com/facebookresearch/SlowFast



Masked Language Modeling

men basketball

T |

“Two playing a game of on an outside court.”

Devlin et al., BERT: Pre-Training of Deep Bidirectional Transformers for Language Understanding



Masked Autoencoders (MAE) for visual learning

He et al., Masked Autoencoders Are Scalable Vision Learners



Masked Autoencoders as spatiotemporal learners

. B
L] m O
| =
e & &

[ ] ]

. encoder -> O N

| -

At B I

| O

L] m O

input . O =
L] L]

* Masking of random patches in spacetime

* Encoder operates on the set of visible patches

A small decoder on encoded patches and mask tokens reconstruct input
* Except for patch and positional embeddings, no inductive bias



Masking ratio can be extremely high

Task: 851
Kinetics-400 (K400)
video classification 841
Metric: accuracy (acc.) S
= 83f
Q
Model: ViT-L S ol _ ,
Pre-train: 200-1600 epochs & SZRLs~ -~ —>~ mask ratio 50%
Fine-tune: 100 epochs ~ -7 - mask rat}o 5%
Training from scratch: 71.4% 81 — EZZE 222 g(s)z//o
! (4
80 ' ' '
200 400 300 1600
# epochs (log-scale)
* For image classification, is the optimal value, but for video 90% is

considerably better



Masking can be agnostic in spacetime

4 N

‘ H

T W
@) agnostic, 90% /

4 )

@ space-only, 90% &) time-only, 75 ‘7y
case ratio  acc.
agnostic 4
'space-only 90 83.5
time-only 75 79.1)
' block 75 83.2)

k(d) block, 75% J




MAE is faster than pure supervised training

| >
T T 1

80 1 from scratch
w/ MAE | |
< 60 - from scratch ‘ | 400 epochs | ScratCh MAE
e \, >{ : 1-view 60.7 73.4(+12.7)
S i [ine-tune . . i
= 0 ) 100 epochs | - multi-view 71.4 84.4 (+13.0)
© 20 1 /_—/ MAE pre-train l l |
800 epochs l |
o+ . [
0 10 20 30 40 50 60

wall-clock time (hours)

Figure 5: MAE pre-training plus fine-tuning is much more accurate and faster than training from
scratch. Here the x-axis is the wall-clock training time (128 A100 GPUs), and the y-axis is the 1-view
accuracy on Kinetics-400 validation. The table shows the final accuracy. The model is ViT-L.



Influence of data scale and curation

pre-train set # pre-train data  pre-train method K400 AVA SSv2
- - none (from scratch) 714 - -

K400 240k supervised - 21.6 55.7
K400 240k MAE 84.8 31.1 72.1
K600 387k MAE 84.9 32.5 73.0
K700 537k MAE n/a 33.1 73.6
IG-uncurated 1M MAE 84.4 34.2 73.6

Table 3: Influence of pre-training data, evaluated on K400, AVA, and SSv2 as the downstream tasks.



MAE visualizations

original input 98% masked output 98% input 95% masked output 95%




MAE visualizations

original input 98% masked output 98% input 95% masked output 95%




MAE visualizations

original input 98% masked output 98% input 95% masked output 95%

- ' -




MAE visualizations

original input 98% masked output 98% input 95% masked output 95%




MAE visualizations

original input 98% masked output 98% input 95% masked output 95%




Masked Autoencoders that Listen

Po-Yao Huang, Hu Xu, Juncheng Li, Alexei Baevski
Michael Auli, Wojciech Galuba, Florian Metze, Christoph Feichtenhofer

Meta Al, FAIR

In NeurlPS 2022

github.com/facebookresearch/AudioMAE



Audio-MAE
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Experiments

* Pre-training (PT) * Fine-tuning

* Audioset-2M * Audioset-20K (balanced)
* 2 million 10-sec audio recordings in unbalanced 527 classes Audioset-2M (unbalanced)
* Labels are not used (self-supervised pre-training)
ESC-50

» For each 10-sec audio recording
* 128 Mel-fbanks / 1024 time windows (stride 10 ms) Speech commands vl
Speech commands v2

» Shape: 1024x128x1
SID (Voxceleb)



(a) Original (b) Unstructured (c) Time (d) Frequency (e) Time+frequency
Figure 2: Masking strategies for Audio-MAE.
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445 4 | | | | ———Stec 4625 ‘ ‘ ‘
0.3 04 0.5 0.6 0.7 0.8 0.9 0.0 0.1 0.2 0.3 0.4 0.5

(a) Pre-training masking ratio (b) Fine-tuning masking ratio



Comparison to state-of-the-art

Model Backbone  PT-Data AS-20K AS-2M ESC-50 SPC-2  SPC-1  SID

No pre-training

ERANN [57] CNN - - 45.0 89.2 - - -

PANN [58] CNN - 27.8 43.1 83.3 61.8 - -
In-domain self-supervised pre-training

wav2vec 2.0 [33] Transformer LS - - - - 96.2" 752"
HuBERT [35] Transformer LS - - - - 96.3" 81.4°
Conformer [37] Conformer AS - 41.1 88.0 - - -
SS-AST [18] ViT-B AS+LS 31.0 - 88.8 98.0 96.0 64.3
Concurrent MAE-based works

MaskSpec [43] ViT-B AS 32.3 47.1 89.6 97.7 - -
MAE-AST [38] ViT-B AS+LS 30.6 - 90.0 97.9 95.8 63.3
Audio-MAE (global) ViT-B AS 36.6+.11 46.8+.06 93.6+.11 98.3+.06 97.6+.06 94.1+.06
Audio-MAE (local) ViT-B AS 371+.06 47.3+.06 94.1+.10 98.3+.06 96.9+.00 94.8+.11
Out-of-domain supervised pre-training

PSLA [30] EffNet [59] IN 31.9 44 .4 - 96.3 - -

AST [10] DeiT-B IN 34.7 45.9 88.7 98.1 95.5 41.1
MBT [11] ViT-B IN-21K 31.3 44.3 - - : 3
HTS-AT [29] Swin-B IN - 47.1 97.07 98.0 - -

PaSST [28] DeiT-B IN - 47.1 0687 - ] ]



Audio-MAE speech sample
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l0-MAE misc sound sample
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Audio-MAE music sample
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A unifying trend across Vision and Audio

target

MAE-ST (Video-MAE)

NeurlPS 22

2022

TRETY™
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0 Shasta
Input | Target
K.
Audio-MAE

NeurlPS 22

Masked Spectrogram

Masked RGB Frames

add] Audio I8
i Encoder i}

Intra-modal contrast

n -
> Audio l|
"*2R: 1 Encoder {ll

Inter-modal contrast

View 1 . Vldeo ‘.|
g Encoder § ,.|

Intra-modal contrast

= " 7
BNy Video i
(LZRN Encoder K&

Raw Spectrogram (stage1)

=
Sn gl ]

u | Contextualized Representations (stage2)

Encoder i

Raw RGB Frames (stage1)
Contextualized Representations (stage2)

MAVIL: Masked Audio-Video Learners
arXiv 2023

github.com/facebookresearch/MAViL



MAViL: Masked Audio-Video Learners

* Reconstructing aligned & contextualized representations

* Inter-modal and intra-modal masked contrastive learning for promoting alignment between
semantically correlated audio and/or video.

* Train a student under masked view to predict contextualized representations in the aligned
latent space generated by a teacher with full-view.

e Model Architecture

view2 i

_hm

1 . 1
i = = ntra-modal contras
B@ lk Int dal contrast
: = s =
udio [
_>E |.I
Masked Spectrogram ¥4 Encoder i

Inter-modal contrast

.
|I:
Il
L

View 1
N

Video
Encoder

Intra-modal contrast

=] vide

Masked RGB Frames LN =N Encoder

§3.1 Masked Raw A-V Reconstruction

§3.2 Masked Contrastive Learning

Decoder

Raw Spectrogram (stage1)
Contextualized Representations (stage2)

) ol

Video
Decoder

Raw RGB Frames (stage1)
Contextualized Representations (stage2)

§3.3 Masked Contextualized A-V Reconstruction



MAViL: Masked Audio-Video Learners

* Two-stage training:

e Stage 1: Contrastive objectives and raw A-V reconstruction

» Stage 2: Contrastive objectives and contextualized reconstruction from a Teacher
* |teration 1: Use Stagel MAVIL as teacher

* Iteration 2+: Use previous MAVIL student as teacher

\ V-Enc
me 7

AV-
ENC

A-Dec

V-Dec

Stage 1

Target space

Student

Stage 2

lter2+

Target space

___________—_—_—_————————————————1

lterl I

|

AV-
ENC

A-Enc

V-Enc

Teacher




Experiments

* Pre-training (PT) * Fine-tuning
e Audioset-2M ® A-V Classification
e 2 million 10-sec videos e Audioset-20K (balanced)
* Labels are not used (self-supervised pre-training) e Audioset-2M (unbalanced)
« For each 10-sec audio traFk | | . VGGSound
* 128 Mel-fbanks/ 1024 time windows (stride 10 ms)
. Shape: 1x1024x128 * Audio-only Classification
* For each 10-sec video track * Speech commands vl
* Sample 4-sec with 8 frames e ESC-50
* Shape: 8x3x224x224 * Audio-Video Retrieval
- MAVIL model * YouCook
« ViT-B backbone for Audio/Video * MSR-VTT

- 80% Masking Ratio



Ablation Studies on Audioset-2M

Method Audio Video

A-MAE/V-MAE (baseline) 36.4 17.4

MAVIL stage-1

+ Joint AV-MAE 36.8104) 17.7403)

+ Inter contrast 38.4 21.0
+ Intra and Inter contrast  39.0422) 22.2:45)

MAVIL stage-2
+ Student-teacher learning 41.8;2.8) 24.8(:2.6)

Observation 1: Fusing multimodal info for

AE reconstructlo improve 3l -0.4 mAP
Observation 2: Bot Inter-modal and Intra-

modal contrastive learning helps!
Observation 3: Reconstructing aligned and

contextualized representations provides
additional 2.6-2.8 mAP gains!



A-V Classification
AS-20K (mAP?1) AS-2M (mAP?) VGGSound (Acc.T)

Method PT A vV A+V A V A+V A V  A+V
Audio-only Models

Aud-SlowFast [68] - - - - - - - 50.1 - -
VGGSound [58] - - - - - - - 48.8 - -
PANNSs [69] - 27.8 - - 439 - - - - -
AST [64] IN-SL 34.7 - - 45.9 - - - - -
HTS-AT [70] IN-SL - - - 47.1 - - - - -
PaSST [71] IN-SL - - - 47.1 - - - - -
Data2vec [51] AS-SSL 34.5 - - - - - - - -
SS-AST [72] AS-SSL 31.0 - - - - - - - -
MAE-AST [73] AS-SSL 30.6 - - - - - - - -
Aud-MAE [4] AS-SSL 37.0 - - 47.3 - - - - -
Audio-Video Models

G-Blend [74] - 29.1 22.1 378 324 188 41.8 - - -
Perceiver [75] - - - - 384 25.8 442 - - -
Attn AV [76] IN-SL - - - 38.4 25.7 442 - - -
CAV-MAE [41] IN-SSL, AS-SSL  37.7 19.8 420 46.6 262 512 595 470 655
MBT"[27] IN21K-SL 313 277 439 415 313 496 523 512 64.1
MAViL AS-SSL 416 237 446 48.7 283 519 606 50.0 66.5
MAViL IN-SSL, AS-SSL.  41.8 248 449 48.7 303 533 60.8 509 67.1

MAViL not only learns strong joint audio-video representations (A+V), but can also improve single modality encoders
without using the other modality during fine-tuning (A, V).
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Hiera: A Hierarchical Vision Transformer without
the Bells-and-Whistles

Chaitanya Ryali*, Yuan-Ting Hu*, Daniel Bolya*, Chen Wei, Haogi Fan, Po-Yao Huang, Vaibhav Aggarwal, Arkabandhu Chowdhury, Omid
Poursaeed, Judy Hoffman, Jitendra Malik, Yanghao Li*, Christoph Feichtenhofer*

Meta Al, FAIR
In ICML 2023

Oral A2 Computer Vision and Efficient ML Tue 25 Jul 5:30 p.m.
Poster: Wed 26 Jul 2 p.m. — 3:30 p.m.

github.com/facebookresearch/Hiera



Hiera: A Hierarchical Vision Transformer without the Bells-and-Whistles

O VIT Block | w/ Global Attention
L] (] _V|T Block w/ Q Pooling w/ Mask Unit Attention - gz;”‘,!.
= Z 7 .
2 % /

i LD oo - (TN - %58

: a K — . o l ‘
B Hiera Encoder VIT 8 |

Input == Decoder Target

e A simple hierarchical vision transformer

o Created by removing the bells-and-whistles from an existing one (MViTv2)
o Works if we supply the model with spatial bias through MAE pre-training
o Decoder can be multi-scale, important for video accuracy

multi-scale image video
X 85.0 83.8
4 85.6 85.5

(a) Multi-Scale Decoder. Hiera being hi-
erarchical, using multi-scale information
for decoding brings significant gains.



Hiera: Mask Unit Attention

MAE is incompatible with multi-scale models.

MAE masks tokens, but tokens in multi-scale
transformers start very small (e.g., 4 x 4 pixels).

(a) We mask coarser “mask units” (32x32 pixels)
instead of tokens directly.

(b) MAE deletes what it masks (a problem for
spatial modules like conv).

(c) Keeping masked tokens fixes this but gives
up 4 - 10x training speed-up.

(d) We can solve the issue with undesirable
padding.

(e) In Hiera, we side-step the problem entirely
by changing the architecture so the kernels
can’t overlap between mask units.

(a) Use Mask Units instead of tokens.

This breaks the 2D grid, causing errors

for hierarchical models (e.g., w/ convs).

3x b o
0 Wede)y [Deleted] |V} e |

Potential Solutions

(c) MaskFeat: Fill with [mask].

3x3
B Conv [ZEEIIIN

Not sparse: VERY slow training.

(d) Baseline: Separate units & pad.

Sparse, but padding has overhead.

(e) Hiera: Just set kernel size = stride.

2x2 | 2x2
§ Max [ Max :

Sparse, no overhead, simple.




Bells-and-whistles are unnecessary when training with

a strong

oretext task (MAE)

Image Video

Setting acc. 1m/s acc. clip/s
Hiera-L MAE

a. replace rel pos with absolute = 85.6 253.3  85.3 20.7
b. replace convs with maxpools = 84.4 99.97  84.1 1047
c. delete stride=1 maxpools 85.4 309.2 84.3 26.2
d. set kernel size equal to stride 85.7 369.8 855 294
e. delete q attention residuals 85.6 3743 855 29.8
f. replace kv pooling with MU atn ~ 85.6 531.4  85.5 40.8

Without MAE pre-training:

—_ (84.4)

X x

o 84 (83.6)

< * (82.8)

¥ 83 % (82.3)

T (81.7) X (81.7)

2 82 % %

o) (80.8)
g 81 x

B MViTv2-B (a) (b) (c) (d) (e) Hiera-B

Figure 8. Training on classification from scratch. Here we re-
peat the experiment in Tab. 1 but without MAE pretraining, using
MViTv2’s supervised recipe instead. As expected, the bells-and-
whistles that Hiera removes are actually necessary when training
from scratch—hence their introduction in prior work in the first
place. Hiera learns spatial biases instead.



Significant speedup over concurrent work

%] .o ConvNextV2-B 1.9x faster
. e )

Hiera-B+
ConvNextVV2-L _1__-§§fa_$_tg_r)
Hiera-L
ImageNet-1K Accuracy (%) 830 Inference Speed (im/s)
Video . *25acc.  WARS 28xfaster ,
o Hiera-B
.. t2acc. FEE ViT-L ... 23xfaster R

Hiera-L
Kinetics-400 Accuracy (%) oo

87.

Inference Speed (clip/s)



Hiera: Simple and fast

Hiera outperforms
The SotA on Images
@ >@ 1.3xfaster

\

o~ |86.5
X
=
>\
O 86
(0]
| S
=
O 855
(8]
<
Y
= 85
)
>
O 82 Hiera &/8+/L/H) \\ @
=2 —==ViT eLm) N
€ 84 MCMAE @&/ RN e
- === ConvNextV2 @/L/m \
v T \\I
256 512 1024 ® 2048

Inference Speed (im/s)

Hiera establishes a
new frontieron VVideo

.\.

,3 87 A
N +2.1acc. b
~ ..\ 2.3x faster e
PN
® \ a
- \ .
> \\ //
O 85 9
(8]
\
< \
o \
g 84 \\ 1.
] \\ +2.5 acc. ‘
0 ,
2 83 \\ 2.8x faste’r.,.
© \ J
c . \ :
-2 g; = Hiera @/L/H) ‘\\ P
——=ViT @/L/m) N\ ‘
./
16 32 64 128

Inference Speed (clip/s)



Summary: Self-supervised learning from video

* Video offers to learn by space-time prediction of appearance/shape, motion
 Video allows learning from spatiotemporal associations (across modalities)

1. Video MAE :
- 2. Audio MAE
- m .
i WK
- r 5 ERE TIEE 1Y
1 M u ] MSE(ﬂ )nm e
H g | H|| = AT
B = 0 mln ailass il
u [ | E Target
; mLE

4. Hiera, a fast hierarchical transformer

3. Masked Audio-Video Learners

= 2L TXLLEERALDeco - (0N -
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Self-Supervised Learning
from Research Advances to Best Practices

Part 2

Ishan Misra, Mathilde Caron, Mark lbrahim, Randall Balestriero

ICML 2023



Google Translate

Xp Text M Images B Documents @ Websites

Detect language English Spanish French v English Spanish Arabic v

Translation

0/ 5,000

Introducing ChatGPT

We've trained a model called ChatGPT which interacts in a

conversational way. The dialogue format makes it possible for |ntr0dUCin8 I— I—a MA A fOU ndational, 65'
ChatGPT to answer followup questions, admit its mistakes, biIIion—parameter |arge language mOdeI

challenge incorrect premises, and reject inappropriate requests.

Try ChatGPT 2 Read about ChatGPT Plus

Al Computer Vision Research

DINOv2: A Self-supervised Vision

Transformer Model

A family of foundation models producing universal features suitable for image-level visual tasks (image

classification, instance retrieval, video understanding) as well as pixel-level visual tasks (depth estimation,



One of the most promising
“The Dark Matter of Intelligence” ways to build background

—Yann LeCun knowledge and approximate
common sense.

https://ai.facebook.com/blog/self-supervised-learning-the-dark-matter-of-intelligence/



Numerous
other decisions

Projector type & Dimension

Softmax Temperature

Represen&a&iou Dimension

Model Architecture

Model Kepresem&q&on Size

Training Length
Batch Size

Augmentations

Evaluation method .



Wisdom of Many
Self-Supervised Learning ,
Chefs o~

SSSSSSSSSSSSSS

T ' T 8 institutions
==

dozen+ researchers




1. Navigating the families of
self-supervised learning methods

— |shan 0

& 2. Recipes of best practices for

SELECT SEASON MIX ENJOY

training self-supervised learning
methods T
— Mathilde, Mark, Randall T '




Navigating the families of self-supervised
learning methods

Ishan Misra

GenAl @ Meta Al



What is "self" supervision?

« Obtain "labels" from the data itself by using a "semi-automatic" process
+ Predict part of the data from other parts
+ Train a network using such a prediction task

I

Observed Hidden data
data Hidden property of the data



Why is it useful?

+ Training data is “automatically generated”
 |deally, for a downstream task that we care about, need less human
supervision



In the context of
Computer Vision

10



Pretext task

 Self-supervised task used for learning representations
« Often, not the "real" task (like image classification) we care about

Pretext task

s

Observed data Hidden data

Hidden property of the data

Unsupervised visual representation learning by context prediction. Doersch et al., 2015 ™



Pretext task

« Using images
« Using video
 Using video and sound

I

Observed data Hidden data
Hidden property of the data



How to categorize SSL approaches?

s

Observed data Hidden data
Hidden property of the data

Training Performance based

- Ease of use

« Amount of training/supervision
needed for downstream
application

- Type of hidden data/property
+ Loss function/Training
mechanism



Type of hidden data/property

DD & 8 possible locations

. L "a =
........... -

Sample Second Patch

Doersch et al., 2015, Unsupervised visual representation learning by context prediction 14



Type of hidden data/property

i 7

——-90% Input: image rotated by
[0, 90, 180, 270]

Output: 4-way classification

b 2700

Gidaris et al., 2018, Predicting Image Rotations



Type of hidden data/property

« Masked Image Modeling (MIM)
+ Predict missing pixel values

41 1
~ | | -1 | |
= kI
~ NS b1 |

Image from: BEIT: BERT Pre-Training of Image Transformers - Bao et al., 2021
MAE - He et al., 2021



Type of hidden data/property

« Masked Image Modeling (MIM)
- Be robust to missing pixels in the input

anchor view patchify & mask

original

Similar

target view patchify Fe a t u re S
T

> | . o d

e ¢ i Beemldid—

¢ AN
LT |

MSN Masked Siamese Networks - Assran et al., 2022 v



Type of hidden data/property

- Invariance
- Berobust to a large class of data augmentations
Similar

E Features

Figure from Dosovitskiy et al., 2014



Training/Loss Function

« Can be quite simple if the target is computed algorithmically

N | ENE Ead
£ . Y =mN =gH
i— mﬁ k20 EEEN

B AE ol
Discrete Discrete .
e e Reconstruction of
classification: classification:

Cross Entropy Cross Entropy pixels: MSE



Training/Loss Function — Invariance methods

- Can beinvolved

Similar
Features

20



Invariance based learning

- Being invariant to the data augmentation

Learn features such that:

fo(I) = fo(augment(I)) .

Figure from Dosovitskiy et al., 2014



Why is it useful?

fo(I) = fo(augment(I))

Learned features are invariant to "nuisance factors"
or data augmentation

22



Can it work?

= fo(augment (7))

mmj///»swnnanty<\\\\

encoder encoder

¥ . fe




Trivial Solutions

= fo(augment (]

grad similarity \

fo(I) = constant  encoder encoder

¥ . @

Satisfies the invariance property, but not useful




Invariant feature learning - Training/Loss categorization

Based on ways that they avoid trivial solutions

25



Invariant feature learning: ways to avoid trivial solutions

Similarity Maximization Objective
« Contrastive learning

- MoCo, PIRL, SImCLR
* Clustering

» DeepCluster, SeLA, SwAV

- Distillation
- BYOL, SimSiam, DINO

Redundancy Reduction Objective

- Redundancy Reduction
« Barlow Twins, VICReg

26



Many ways to avoid trivial solutions

Similarity Maximization Objective
« Contrastive learning
- MoCo, PIRL, SImCLR

27



Contrastive Learning

Groups of
Related and Unrelated
Images




Contrastive Learning

Groups of

Balsted ard Unrelated Shared network  Image Features

(Siamese Net) (Embeddings)

Images




Contrastive Learning .
Loss Function

Embeddings from related images should be
closer than embeddings from unrelated images

SiRate 6 Shared network  Image Features
Related and Unrelated : .
(Siamese Net) (Embeddings)
Images

/' C 1T ORC I )
=g 1 OREC 1 )
)

N

.-

——

Hadsell et al., 2005, DrLim



Contrastive Learning in PIRL

Dataset Loss Function

(i@ < (e

i@ < (e
) —~

. Image Feature &

Random Images

Patch Features

Self-Supervised Learning of Pretext-Invariant Representations. Misra et al. 2019



Nearby patches vs. distant patches of an Image

Related

<POSIUV€S) van der Oord et al., 2018,

Henaff et al., 2019

Contrastive Predictive
Unrelated Coding

(Negative)




Frames of a video

Time

“Sequence” of data

Hadsell et al., 2005, DrLim
van der Oord et al., 2018, CPC

Video & Audio

AVID+CMA - Morgado et al., 2020
GDT - Patrick et al., 2020

33



Tracking Objects

(a) Unsupervised Tracking in Videos

Learning to Rank

A

3

Conv

Conv

Conv

(b) Siamese-triplet Network

Query

Tracked Negative
(First Frame) (Last Frame) (Random)

Unsupervised Learning of Visual Representations using Videos. Wang & Gupta, 2015.

D: pistance in deep feature space

(c) Ranking Objective

34



3D Point Clouds

Augmentations

T~

t DepthContrast - Zhang et al., ICCV 2025
PointContrast Xie et al., CVPR 2020



Good negatives are necessary

Loss Function

Embeddings from related images should be
closer than embeddings from unrelated images

d( @) < (D .

d( ’) < d(l ’>

Positive Negative
(Related) (Unrelated)

Good negatives are very important in contrastive
learning

Hadsell et al., 2005, DrLim ¢



SIMCLR

- Large batch size - e.g. in SIMCLR
* Pros - Simple to implement
- Cons - Large batch size

GPU 1 GPU 2 GPU 3

Jo Jo fo

A simple framework for contrastive learning - Chen et al., 2020



Memory Bank

+ Maintain a "memory bank" -- momentum of
activations

* Pros - compute efficient

- Cons - Needs large memory, not "online”

Moving average

of features
@
fo O
/\ -
@ =
- Non parametric Instance Discrimination - Wu et al., 2018 >




MoCo

« Maintain "momentum" network - MoCo

* Pros - online, improved performance

« Cons - extra memory for parameters/stored features, extra fwd pass
compared to memory bank

Moving average Stored
of parameters features

f9 f9EMA

- - Momentum Contrast - He et al., 2019




Many ways to avoid trivial solutions

Similarity Maximization Objective
« Contrastive learning
- MoCo, PIRL, SImCLR

* Clustering
» DeepCluster, SeLA, SwAV

- Distillation
- BYOL, SimSiam

Redundancy Reduction Objective

- Redundancy Reduction
- Barlow Twins



Contrastive learning -- what does it do?

Negative samples

__
Positive /‘7

Negative samples




Contrastive learning -- what does it do?

Negative samples - |
/ Negative samples

-

Positive
Sample




Contrastive Learning => Groups in feature space

Creates groups
in the feature space




Clustering creates groups too

Creates groups
in the feature space

So does clustering?!




Many ways to avoid trivial solutions

Similarity Maximization Objective
« Contrastive learning
- MoCo, PIRL, SImCLR

* Clustering
« DeepCluster, SeLA, SWAV

- Distillation
-« BYOL, SimSiam, DINO

Redundancy Reduction Objective

- Redundancy Reduction
- Barlow Twins



“Self” Distillation

. What we want fo (I) = fg(augment(l))
- How we doit f3™ae (1) = fieaer (augment(]))

+ Prevent trivial solutions by asymmetry
* Asymmetric learning rule between student teacher
« Asymmetric architecture between student teacher



BYOL
. What we want fo(I) = fo(augment([))

. HOW we do |t fstudent( ) éceacher(augment (I))

grad /v similarity
v

predictor
moving

average mom.

Student | encoder ——| L oder le€QACher

¥ @

“Target”

BYOL - Grill et al., 2020

47



SimSiam
- What we want  fo(I) = fo(augment([))

: similarity
grad : :
: / gradx
v

predictor

|

Student  encoder encoder Teacher

SimSiam - Chen & He 2020



DINO - Mainidea .
simiiarity

/ N

grad v Softmax Softmax
+ center

T T

moving
g average mom.
 ———
ehcoder encoder

e
e

“Target”

DINO - Caron et al., 2022



I-JEPA - Main idea

/ L2
grad . Predictor
B T moving
d average mom.
.
ehcoder encoder

|

context

‘-‘:«»i"’"

==

%
g

50

[-JEPA - Assran et al., 2023



Many ways to avoid trivial solutions

Redundancy Reduction Objective

- Redundancy Reduction
« Barlow Twins, VICReg

o1



Barlow Twins - Loss

Distorted Represen-
images

Net tations

Empirical Target
cross corr. Cross-cofrT.

ZB / feature

dimension

ZA

Barlow Twins - Zbontar et al., 2020 52



Barlow Twins - Loss

Distorted Represen-
images Net  tations N
Empirical Target
cross corr. Cross-cofrr.
ZA
Images
EBT

) backprop.

ZB / feature

dimension

) backprop.

Barlow Twins - Zbontar et al., 2020 53



How to evaluate?

Most standard way
Use the pretrained network from self-supervised learning

Use some amount of labeled data for the downstream task

Measure performance



How to use the labeled data?

Wk Qs ﬁmﬂu

= - == —

Fine-tune all layers Linear classifier



How much labeled data to use?

Most important factor
Typically not measured in academic papers



Top 1 (%)

Label-efficient learning

Low-Shot Evaluation on ImageNet-1k

80 - A
70 - e BT
60 - MSN /"\ ".v"n—‘
N D“" '¢°
50 11(%]\ \,\’, ,w’
I:I' r"‘
40 — DINO ,,'o
30 - s
O
20 - ’\¢,
10 - o
MAE
0 l Lo l L1
1,000 10,000
Labeled Images

Top 1 (%)

Evaluation on 1% ImageNet-1k

80
75 —~MSNA SimCLRv2 O
70 DINOA OBYOL
: O TWIST
65 iBOT A
60 —
NNCLR
55 - §VICReg
50 SwAY A Frozen Features
O SimCLR O Fine-Tuned
45 Y O Y Y N HO

0 100 200 300 400 500 600 700 800 900
Model Parameters (M)

57

MSN Masked Siamese Networks - Assran et al., 2022



Pretraining time vs. Performance

Semi-Supervised ImageNet-1K 1% Evaluation vs GPU Hours

80 —
ViT-H/ 16448
(3ooep) oo
75 —- ."
ViT-H/14
< LR YAy ViT-L/16
é s Esooep) (1600ep)
- 70 — ! 'A p
o Vo g VIT-U/36
SR, : ;oo @® IJEPA
ViT-B/16 .' '.' A 50T
iT-B/1
(600ep) e A D MAE
_ ViT-5/16 datazvec
60 (80oep) o
|AGA bt o ) L 11l 1 | | | | | 1 j
108 104 10° 106
Pretraining GPU Hours

I-JEPA - Assran et al.,

Label efficient and compute efficient

58
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Are the models useful without any labeled data?

DINO - Caron et al., 2022





https://docs.google.com/file/d/1BspCTzaWg1KfNZtS57a8shEGhm1m07NO/preview

extractor?

Mathilde Caron

@Google Research



Practical use case

You have access to unlabeled data and you want to leverage
these to learn a good feature space.

=] & -

deep neural features useful for
network downstream tasks

unlabeled
data

62



Option 1: Re-use opensourced models

github.com/facebookresearch/dino

You can directly download
SSL models and use them
to extract features on
your data.

ViT-S/16
ViT-5/8
ViT-B/16
ViT-B/8

ResNet-50

arch

import torch

vitsl6 = torch.hub.load('facebookresearch/dino:main"',
vits8 = torch.hub.load('facebookresearch/dino:main',
vitb16 = torch.hub. load('facebookresearch/dino:main',
vitb8 = torch.hub.load('facebookresearch/dino:main',
xcit_small_12_p16 = torch.hub.load('facebookresearch/dino:main’',
xcit_small_12_p8 = torch.hub. load('facebookresearch/dino:main',
xcit_medium_24_p16 = torch.hub.load("'facebookresearch/dino:main"',
xcit_medium_24_p8 = torch.hub.load('facebookresearch/dino:main',
resnet50 = torch.hub.load('facebookresearch/dino:main',

Pretrained models

params

21M

21M

85M

85M

23M

We also release XCiT model

xcit_small_12_p16
xcit_small_12_p8
xcit_medium_24_p16

xcit_medium_24_p8

k-nn

74.5%

78.3%

76.1%

774%

67.5%

linear
77.0%
797%
78.2%
80.1%

75.3%

S and ViT-S names refer exactly to the same architecture.

backbone only
backbone only
backbone only
backbone only

backbone only

full ckpt
full ckpt
full ckpt
full ckpt

full ckpt

Is ([ arXiv ] [ code ]) trained with DINO:

params
26M
26M
84M

84M

k-nn
76.0%
771%
76.4%

77.9%

Pretrained models on PyTorch Hub

linear

77.8% backbone only

79.2% backbone only

78.8%  backbone only

80.3% = backbone only

download
onnx
onnx
onnx
onnx

onnx

args
args
args
args

args

download

full ckpt
full ckpt
full ckpt

full ckpt

‘dino_vits16')
'dino_vits8')

*dino_vitb16')
'dino_vith8')

args

args

args

args

logs
logs
logs
logs

logs

logs
logs
logs

logs

You can choose to download only the weights of the pretrained backbone used for downstream tasks, or the full
checkpoint which contains backbone and projection head weights for both student and teacher networks. We also
provide the backbone in onnx format, as well as detailed arguments and training/evaluation logs. Note that DeiT-

eval logs
eval logs
eval logs
eval logs

eval logs

eval
eval
eval

eval

‘dino_xcit_small_12_p16"')
‘dino_xcit_small_12_p8"')

'dino_xcit_medium_24_p16"')

'dino_xcit_medium_24_p8"')

‘dino_resnet50"')
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However, there might be a domain gap...

- For example, opensourced SSL models is pre-trained on
natural looking images:
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Option 2: Train SSL models on your data

* Most SSL algorithms look pretty simple to train:D'!

loss:
® sinx @
Sg

softmax softmax
|
centering
|

€ma
student ggs — | teacher gg

DINO, Caron et al. ICCV 2021




The DINO training algorithm

Teacher

A

minibatch I




Code snippet

Algorithm 1 DINO PyTorch pseudocode w/o multi-crop.

# gs, gt: student and teacher networks

# C: center (K)

# tps, tpt: student and teacher temperatures

# 1, m: network and center momentum rates

gt.params = gs.params

for x in loader: # load a minibatch x with n samples
x1, x2 = augment (x), augment (x) # random views

sl, s2 = gs(x1l), gs(x2) # student output n-by-K
tl, t2 = gt(x1l), gt(x2) # teacher output n-by-K

loss = H(tl, s2)/2 + H(t2, sl)/2
loss.backward() # back-propagate

# student, teacher and center updates
update (gs) # SGD

gt.params = lxgt.params + (1-1)*gs.params
C = mxC + (1l-m)xcat([tl, t2]) .mean(dim=0)

def H(t, s):
t = t.detach() # stop gradient
s = softmax(s / tps, dim=1)

t = softmax((t — C) / tpt, dim=l) # center + sharpen

return - (t * log(s)) .sum(dim=1) .mean ()




Important components for a successful SSL training

Goal: preventing the model from solving the task in a trivial
way

How the model finds trivial ways to solve the SSL ... and how to prevent it.

Centering+sharpening or Sinkhorn-Knopp

Collapse all the representations to a constant output. o
normalizations

68




Collapse to constant output

1




Centering

Center = Average Score I

/

14y




Centering




Centering alone -> it still collapses




Centering + sharpening

,Y| -

2]

7| B




Important components for a successful SSL
training

Goal: preventing the model from solving the task in a trivial
way

How the model finds trivial ways to solve the SSL ... and how to prevent it.

Find similar images based on color statistics Data augmentation




Data augmentation to prevent solving the task with
low-level cues

Two crops from the same image: The model just need to encode color information to predict

one from the other.
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Data augmentation to prevent solving the task with
low-level cues

ssl data augmentation = transforms.Compose ([
transforms.RandomResizedCrop (224) ,
transforms.RandomHorizontalFlip (p=0.5),
transforms.RandomApply (
[transforms.ColorJitter (brightness=0.4, contrast=0.4, saturation=0.2, hue=0.1)], p=0.8),
transforms.RandomGrayscale (p=0.2),
utils.GaussianBlur(0.1),
utils.Solarization(0.2),
normalize,

https://github.com/facebookresearch/dino/blob/main/main_dino.py 76



Important components for a successful SSL
training

Goal: preventing the model from solving the task in a trivial
way

How the model finds trivial ways to solve the SSL ... and how to prevent it.

Find similar images based on who is located on which

: Batch synchronisation
hosts/machines Y




Importance of batch normalization

Images located on the same device
are closer together because they
share the same batch statistics.
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Speeding up your training

60
-
Q
@ 50
-
S
S 40
S 30
7 —— FFCV-SSL (8GPU Res 160 -> 224)
220 —— FFCV-SSL (8GPU 224)
E 8 FFCV-SSL (1GPU Res 160 -> 224)
- Torchvision (8GPU 224)

0 s 10 15 20 0 25 30
Time (hours)

€ FFCv-SSL

Fast Forward Computer Vision for Self-Supervised
Learning

MASKING




Speeding up your training

O PyTorch

TORCH.TENSOR.BFLOAT16

Tensor.bfloat16(memory_format=torch.preserve_format) — Tensor &

loat16() is equivalent to self.to(torch.bfloat16). See to().

solo-learn

with autocast():
= model(input)
= loss_fn(output, target)
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Distributed Training Gotchas

#1 Sync your batchnorm

model = .nn.SyncBatchNorm.convert_sync_batchnorm(model)
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Distributed Training Gotchas

Algorithm 1:

1 class GatherLayer (torch.autograd.Function) :
won

#2 Gather & Reduce

# Forward

2

Gather tensors from all process and support backward propagation

for the gradients across processes.
wnn

@staticmethod

def forward(ctx, x):
output = [torch.zeros_like(x) for _ in range (dist.get_world_size())]
dist.all_gather (output, x)
return tuple (output)

@staticmethod

def backward(ctx, xgrads):
all_gradients = torch.stack(grads)
dist.all_reduce(all_gradients)
return all_gradients[dist.get_rank ()]

.distributed.all_gather(output, x)

# Backward

.distributed.all_reduce(all_gradients)
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Other considerations

CNNs or ViTs?

Project size?

SSL for unbalanced data

Standard hyperparameters
Extending SSL to other modalities
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Evaluation without labels

RCDM RankMe

ground truth untrained SSL

= 7 - =
= R

} embeddings’ rank

RankMe: Assessing the Downstream Performance of Pretrained Self-Supervised Representations by Their Rank. Garrido et al. 2022 86
High Fidelity Visualization of What Your Self-Supervised Representation Knows About. Bordes et al. 2022



Evaluation without labels

RCDM

Florian Bordes

https://www.linkedin.com/in/florianbordes/
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RankMe: Assessing the Downstream Performance of Pretrained Self-Supervised Representations by Their Rank. Garrido et al. 2022 87
High Fidelity Visualization of What Your Self-Supervised Representation Knows About. Bordes et al. 2022



Evaluation without labels

Quentin Garrido

Poster

RankMe: Assessing the Downstream Performance of Pretrained Self-
Supervised Representations by Their Rank
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