CS294-158 Deep Unsupervised Learning

Lecture 7 Self-Supervised Learning

Pieter Abbeel, Wilson Yan, Kevin Frans, Philipp Wu



Reminder: Representations Matter

Cartesian coordinates Polar coordinates

Goodfellow



Depth often refines representations

Depth: Repeated Composition
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Today

Goal: representation learning
= i.e.pre-train a NN so it can be finetuned to good performance on a
downstream task with limited downstream data
How about generative models we covered so far?
= e.g. AR, Flow, VAE, GAN, Diffusion
= Yes, they can also achieve this

Today: alternative approaches to representation learning,
which do not involve a generative model



What is Self-Supervised Learning?

= A version of unsupervised learning where data provides the
supervision

= In general, withhold some part of the data and the task a neural
network to predict it from the remaining parts

=« Details decide what proxy loss or pretext task the network tries to
solve, and depending on the quality of the task, good semantic
features can be obtained without actual labels



Motivation: LeCake

P “Pure” Reinforcement Learning (cherry)

» The machine predicts a scalar reward given once in a
while.

> A few bits for some samples

P> Supervised Learning (icing)

» The machine predicts a category or a few numbers
for each input

P Predicting human-supplied data
» 10—10,000 bits per sample

P> Self-Supervised Learning (cake génoise)

» The machine predicts any part of its input for any c ,,Zxk >
observed part. - — e . .

P Predicts future frames in videos

» Millions of bits per sample Yann LeCun’s cake
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Motivation

» Predict any part of the input from any
other part.

» Predict the future from the past.

» Predict the future from the recent past.

» Predict the past from the present.

» Predict the top from the bottom.

Predict the occluded from the visible

Pretend there is a part of the input you « Past - Future —
don’t know and predict that. Slide: LeCun
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Outline

Reconstruct from a corrupted (or partial) version
[ Denoising AutoEncoder / Diffusion
[ In-painting / Masked AutoEncoder: MAE, VideoMAE, Audio-MAE, BelT, M3AE, MultiMAE, SiamMAE
m  Colorization, Split-Brain AutoEncoder
Visual common sense tasks
m  Relative patch prediction
= Jigsaw puzzles
= Rotation
Contrastive Learning
m  Contrastive Predictive Coding (CPC)
n Instance Discrimination: SimCLR, MoCo-v1,2,3, BYOL
Feature Prediction: DINO/DINOv2/iBOT, JEPA, I-JEPA, V-JEPA
Text-Image: CLIP, LiT, SigLIP, FLIP, SLIP, CoCa, BLIP/BLIP-2, ImageBind
RL and Control: R3M, CURL, MVP, MTM, Multi-View MAE and Masked World Models for Visual Control
Language
m  Word2vec and Glove
m BERT, RoBERTa, T5, UL2



Denoising Autoencoder

Noisiy input

Encoder

o L

>Ei—+ Decoder
Compressed
representation

|

The feature we want to
extract from the image

Denoised image



Denoising Autoencoder
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Vincent et al 2010
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Denoising Autoencoder

e Additive isotropic Gaussian noise (GS): X|x ~ N (x,0%1);

e Masking noise (MN): a fraction v of the elements of x (chosen at random for each example)
1s forced to O;

e Salt-and-pepper noise (SP): a fraction v of the elements of x (chosen at random for each
example) is set to their minimum or maximum possible value (typically 0 or 1) according to
a fair coin flip.

Vincent et al 2010
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Denoising Autoencoder

Vincent et al 2010
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Emphasizing corrupted dimensions

Ly o(x,2) = O Z ) B( Z (xj—zj)2>

JEI(X)

Lna(x,z) = oc(— 2 [leogzj—l—(l—xj)log(l—zj)])

Jj€I(X)

+B (— > [leogzj+(1—Xj)log(l—zj)]>
Jj¢I(X)

Vincent et al 2010
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Stacked Denoising Autoencoder
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Denoising Autoencoder
fé”‘
co)

Vincent et al 2010
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Diffusion Models
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Predict missing pieces

Pathak et al 2016



Context Encoders
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Context Encoders

(a) Central region (b) Random block (c) Random region
Pathak et al 2016



Context Encoders

Lrec(x) = M © (z — F((1 - M) © 2))|)3

Logy =max Epcxl|log(D(x))

D
+log(1 — D(F((1 — M) ® z)))]

Pathak et al 2016
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Context Encoders
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Context Encoders

Input Image L2 Loss Adversarial Loss  Joint Loss

Pathak et al 2016
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Context Encoders

Pretraining Method Supervision Pretraining time  Classification Detection Segmentation
ImageNet [ 7] 1000 class labels 3 days 78.2% 56.8% 48.0 %
Random Gaussian initialization < 1 minute 53.3% 43.4% 19.8%
Autoencoder - 14 hours 53.8% 41.9% 25.2%
Agrawal et al. [ '] egomotion 10 hours 52.9% 41.8% -
Doersch et al. [ /] context 4 weeks 55.3% 46.6 % -
Wang et al. [ ] motion 1 week 58.4% 44.0% -

Ours context 14 hours 56.5% 44.5% 29.7%

Table 2: Quantitative comparison for classification, detection and semantic segmentation. Classification and Fast-RCNN
Detection results are on the PASCAL VOC 2007 test set. Semantic segmentation results are on the PASCAL VOC 2012
validation set from the FCN evaluation described in Section 5.2.3, using the additional training data from [ ' '], and removing

overlapping images from the validation set [ ].

Pathak et al 2016



Predicting one view from another

X

Raw Data Corrupted
Raw Data

Denoising Autoencoder

Slide: Richard Zhang



Predicting one view from another

‘: /// X2

Raw Data

Cross-Channel Encoder

Slide: Richard Zhang



Predicting one view from another

Grayscale image: L channel

X c IRHXWXl

L

Color information: ab channels
? c RHXWXQ

ab

Slide: Richard Zhang
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Predicting one view from another

Grayscale image: L Channel

X c ]RHXWXl

L

|
I—I Slide: Richard Zhang




Predicting one view from another

Ground Truth L2 regression Pixelwise classification

Slide: Richard Zhang



Predicting one view from another
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Grayscale image: L channel Concatenate (L,ab) channels
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Slide: Richard Zhang



Predicting one view from another

<)

Split-Brain Autoencoder

Slide: Richard Zhang



Predicting one view from another

Input Image X

Slide: Richard Zhang
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Predicting one view from another

RGB channels HHA depth channels

Input ~ ™~ Predicted
RGB-HHA RGB-HHA
image \ image

—

et 3
HHA depth channels RGB channels  gjige. Richard Zhang



Temporal coherence of color

Task: given a color video ...
Colorize all frames of a gray scale version using a reference frame

Reference Frame Gray-scale Video

Slide: Zisserman



Tracking emerges from colorization

GIFs from Google Al Blog post
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MAE

Masked Autoencoders Are Scalable Vision Learners

Kaiming He*! Xinlei Chen* Saining Xie YanghaoLi Piotr Dollir Ross Girshick
*equal technical contribution  'project lead
Facebook Al Research (FAIR)

Nov, 2021
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MAE
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Architecture: Vision Transformer (ViT)
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MAE on ImageNet validation images

Figure 2. Example results on ImageNet validation images. For each triplet, we show the masked image (left), our MAE reconstruction
(middle), and the ground-truth (right). The masking ratio is 80%, leaving only 39 out of 196 patches. More examples are in the appendix.
tAs no loss is computed on visible patches, the model output on visible patches is qualitatively worse. One can simply overlay the output with the visible
patches to improve visual quality. We intentionally opt not to do this, so we can more comprehensively demonstrate the method’s behavior.



MAE on CoCo validation images

S

Figure 3. Example results on COCO validation images, using an MAE trained on ImageNet (the same model weights as in Figure 2).
Observe the reconstructions on the two right-most examples, which, although different from the ground truth, are semantically plausible.

: v.- . i
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Masking Ratio

. 85.0
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Figure 5. Masking ratio. A high masking ratio (75%) works well
for both fine-tuning (top) and linear probing (bottom). The y-axes
are ImageNet-1K validation accuracy (%) in all plots in this paper.
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Comparison with Prior SOTA

method pre-traindata ViT-B VIiT-L ViT-H ViT-Hy4g
scratch, our impl. - 82.3 82.6 83.1 -
DINO [5] INIK 82.8 - - -
MoCo v3 [9] INIK 83.2 84.1 - -
BEIT [2] INIK+DALLE  83.2 85.2 - -
MAE INIK 83.6 85.9 86.9 87.8

Table 3. Comparisons with previous results on ImageNet-
1K. The pre-training data is the ImageNet-1K training set (ex-
cept the tokenizer in BEiT was pre-trained on 250M DALLE data
[50]). All self-supervised methods are evaluated by end-to-end
fine-tuning. The ViT models are B/16, L/16, H/14 [16]. The best
for each column is underlined. All results are on an image size of
224, except for ViT-H with an extra result on 448. Here our MAE
reconstructs normalized pixels and is pre-trained for 1600 epochs.
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MAE Cousins / Derivatives

- BelT

- VideoMAE
- SiamMAE

- Audio-MAE

-  M3AE

- MultiMAE

- Multi-View / Masked World Models for Visual Control (covered in 2nd half of lecture)
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BEIT

BEIT: BERT Pre-Training of Image Transformers

Hangbo Bao'; Li Dong!, Songhao Piao!, Furu Weit
1 Harbin Institute of Technology
1 Microsoft Research
https://aka.ms/beit

[June 2021 / Sep 2022]



BEIT Architecture

discreteVAE tokenizer
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VideoMAE

VideoMAE: Masked Autoencoders are Data-Efficient
Learners for Self-Supervised Video Pre-Training

Zhan Tong 12* Yibing Song 2 Jue Wang > Limin Wang 13

1State Key Laboratory for Novel Software Technology, Nanjing University
2Tencent Al Lab 3Shanghai AI Lab

tongzhan@smail.nju.edu.cn  {yibingsong.cv, arphid}@gmail.com lmwang@nju.edu.cn

[Oct, 2022]



VideoMAE Architecture
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Observations

— High masking ratio: 90% to 95%
— Impressive results even on very small datasets, e.g. 3k videos

— Data quality is more important than data quantity for Self

Supervised Video Pretraining. Domain shift between pre-training
and target datasets is an important factor.

— VideoMAE with the vanilla ViT backbone can achieve 87.4% on
Kinects-400, 75.4% on SomethingSomething V2, 91.3% on
UCF101, and 62.6% on HMDB51, without using any extra data.



Experiments on Something-Something V2

Method Backbone Extradata |Ex. labels|Frames| GFLOPs |Param |Top-1|Top-5

TEINetmy [40] | ResNet50, 2 7z 8+16 | 99x10x3 | 50 | 665 | N/A
TANetg, [41] | ResNet50y2 | ImageNet-1K v 8+16 | 99x2x3 | 51 | 66.0 | 90.1
TDNgn, [75] ResNet101 2 v 8+16 | 198x1x3 | 88 | 69.6 | 92.2
SlowFast [23] ResNetlOl | .o~ 7 8+32 | 106x1x3 | 53 | 63.1 | 87.6
MViTv1 [22] MViTv1-B 7 64 | 455x1x3 | 37 | 67.7 | 90.9
TimeSformer [6] ViT-B ImageNet-21K v 8 196x1x3 | 121 | 59.5 | N/A
TimeSformer [6] ViT-L v 64 |5549x1x3| 430 | 62.4 | N/A
ViViT FE [3] ViTL 7 32 | 995x4x3 | N/A | 65.9 | 89.9
Motionformer [51] ViT-B v 16 370x1x3 | 109 | 66.5 | 90.1
Motionformer [§1)| WipL, | TVAKKi00i o 32 |1185x1x3| 382 | 68.1 | 912
Video Swin [39] Swin-B 7 32 | 321x1x3 | 88 | 69.6 | 92.7
VIMPAC [65] VITL  |HowTol0OMsDALLE| X 10 [N/Ax10x3| 307 | 68.1 | N/A
BEVT [77] Swin-B IN-1K+K400+DALLE X 32 321x1x3 88 70.6 | N/A
MaskFeat1312 [80] | MVIiT-L Kinetics-600 / 40 |2828x1x3| 218 | 75.0 | 95.0
VideoMAE ViTB Kinetics-400 X 16 | 180x2x3 | 87 | 69.7 | 923
VideoMAE ViT-L Kinetics-400 X 16 | 597x2x3 | 305 | 74.0 | 94.6
VideoMAE ViTs X 6 | 57x2x3 | 22 | 668 | 903
VideoMAE ViT-B X 16 | 180x2x3 | 87 | 70.8 | 92.4
VideoMAE Vi, |Mewsemoldata: 16 | 597x2x3 | 305 | 743 | 94.6
VideoMAE ViT-L X 32 |1436x1x3| 305 | 754 | 95.2

Table 6: Comparison with the state-of-the-art methods on Something-Something V2. Our Video-
MAE reconstructs normalized cube pixels and is pre-trained with a masking ratio of 90% for 2400
epochs. “Ex. labels X means only unlabelled data is used during the pre-training phase. “N/A”
indicates the numbers are not available for us.



Experiments on Kinetics 400

Method Backbone | Extradata |Ex. labels Frames| GFLOPs |Param  Top-1|Top-5

VideoMAE1320 ViT-L 32 | 3958x4x3 | 305 | 86.1 | 97.3
VideoMAE1320 ViT-H 32 | 7397x4x3 | 633 | 874 | 97.6

Table 7: Comparison with the state-of-the-art methods on Kinetics-400. Our VideoMAE recon-
structs normalized cube pixels. Here models are self-supervised pre-trained with a masking ratio
of 90% for 1600 epochs on Kinetics-400. VideoMAEt320 is initialized from its 2242 resolution
counterpart and then fine-tuned for evaluation. “Ex. labels X’ means only unlabelled data is used
during the pre-training phase. “N/A” indicates the numbers are not available for us.

no external data

NL I3D [78] ResNet101 v 128 [ 359x10x3 | 62 | 773|933
TANet [41] ResNet152| ImageNet-1K v 16 242x4x3 59 | 793 | 94.1
TDNg, [75] ResNet101 v 8+16 | 198x10x3 | 88 | 794 | 944
TimeSformer [6] ViT-L v 96 | 8353x1x3 | 430 | 80.7 | 94.7
ViViT FE [3] ViT-L ImageNet-21K v 128 | 3980x1x3 | N/A | 81.7 | 93.8
Motionformer [51]| ViT-L v 32 [1185x10x3| 382 | 80.2 | 94.8
Video Swin [39] Swin-L v 32 604x4x3 | 197 | 83.1 | 959
ViViT FE [3] ViT-L JFT-300M v 128 | 3980x1x3 | N/A | 83.5 | 94.3
ViViT [3] ViT-H JFT-300M v 32 | 3981x4x3 | N/A | 849 | 95.8
VIMPAC [65] ViT-L  |HowTol00M+DALLE X 10 |N/Ax10x3| 307 | 774 | N/A
BEVT [77] Swin-B | IN-1K+DALLE X 32 282x4x3 88 | 80.6 | N/A
MaskFeat1352 [80] | MViT-L Kinetics-600 X 40 3790x4x3 | 218 | 87.0 | 97.4
ip-CSN [69] ResNet152 X 32 109x10x3 | 33 | 77.8 | 92.8
SlowFast [23] R101+NL T, X 16+64 | 234x10x3 | 60 | 79.8 | 93.9
MViTvl [22] MViTv1-B X 32 170x5x1 37 |80.2 | 944
MaskFeat [80] MViT-L X 16 | 377x10x1 | 218 | 84.3 | 96.3
VideoMAE ViT-S X 16 57x5x%3 22 [ 79.0 | 93.8
VideoMAE ViT-B —_—_— X 16 180x5x%3 87 | 815951
VideoMAE ViT-L X 16 597x5x3 | 305 | 85.2 | 96.8
VideoMAE ViT-H X 16 1192x5%x3 | 633 | 86.6 | 97.1
X
X
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Siam MAE

Siamese Masked Autoencoders

Agrim Gupta'* Jiajun Wu'! Jia Deng® Li Fei-Fei'
! Stanford University, ?Princeton University

[May 2023]



SiamMAE: Architecture

frame 1

patchify
k-
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Figure 1: Siamese Masked Autoencoders. During pre-training we randomly sample a pair of video
frames and randomly mask a huge fraction (95%) of patches of the future frame while leaving the past
frame unchanged. The two frames are processed independently by a siamese encoder parametrized
by a ViT [31]. The decoder consists of a sequence of cross-attention layers and predicts missing
patches in the future frame. Videos available at this project page.

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning




SiamMAE: Key idea

— By masking a large fraction (95%) of patches in the future frame while
leaving the past frame unchanged, SiamMAE encourages the network to
focus on object motion and learn object-centric representations.

— SiamMAE outperform state-of-the-art self-supervised methods on video

object segmentation, pose keypoint propagation, and semantic part
propagation tasks



R
il e

Figure 2: Visualizations on the Kinetics-400 [93] validation set (masking ratio 90%). For each video
sequence, we sample a clip of 8 frames with a frame gap of 4 and show the original video (top),
SiamMAE output (middle), and masked future frames (bottom). Reconstructions are shown with f;

as the first frame of the video clip and f5 as the remaining frames, using a SiamMAE pre-trained
ViT-S/8 encoder with a masking ratio of 95%.




Figure 3: Qualitative results on three downstream tasks: video object segmentation (DAVIS-
2017 [95]), human pose propagation (JHMDB [96]) and semantic part propagation (VIP [97]).
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https://docs.google.com/file/d/1K0hGO7eIvySGUktgqBFhUtWaLxQfLCXS/preview
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https://docs.google.com/file/d/1uGjNCwJokKl_iV5Jek6V4k1iwSy8Rz6i/preview
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https://docs.google.com/file/d/128zDb1-WOuoe6hj4MWbaiqEsLRg3Q2ZD/preview

Method

Backbone

Dataset

DAVIS

J&Fm  Im

Jm

VIP
mloU

JHMDB

PCK@0.1

PCK@0.2

Supervised [98]
SimSiam [20]

MoCo [19]

ResNet-50
ResNet-50
ResNet-50

ImageNet
ImageNet
ImageNet

66.0
66.3
65.4

63.7
64.5
63.2

68.4
68.2
67.6

39.5
35.0
36.1

59.2
58.4
60.4

78.3
77.5
793

TimeCycle [14]

UVC[12]
VES [16]

ResNet-50
ResNet-50
ResNet-50

VLOG
Kinetics
Kinetics

40.7
56.3
68.9

41.9
54.5
66.5

39.4
58.1
71.3

28.9
34.2
43.2

§1.7
56.0
60.9

78.5
76.6
80.7

MAE-ST [27]

MAE [24]

VideoMAE [28]

Dino [17]

SiamMAE (ours)

VIT-L/16
VIT-B/16
VIiT-S/16
VIT-S/16
VIT-S/16

Kinetics
ImageNet
Kinetics
ImageNet
Kinetics

54.6
33.5
39.3
61.8
62.0

55.5
52.1
39.7
60.2
60.3

53.6
55.0
38.9
63.4
63.7

332
28.1
233
36.2
37.3

444
44.6
41.0
45.6
47.0

12.5
73.4
67.9
75.0
76.1

Dino [17]

SiamMAE (ours)

VIT-S/8
VIT-S/8

ImageNet
Kinetics

69.9
71.4

66.6
68.4

731
74.5

39.5
45.9

56.5
61.9

80.3
83.8

Table 1: Comparison with prior work on three downstream tasks: video object segmentatio
(DAVIS-2017 [95]), human pose propagation (JHMDB [96]) and semantic part propagation (VIP [97])




Audio-MAE

Masked Autoencoders that Listen

Po-Yao Huang' HuXu' Juncheng Li’ Alexei Baevski’
Michael Auli' Wojciech Galuba' Florian Metze! Christoph Feichtenhofer!

Meta A 2Carnegic Mellon University
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Audio-MAE

— Encodes audio spectrogram patches with a high masking ratio, feeding only the
non-masked tokens through encoder layers.

— The decoder then re-orders and decodes the encoded context padded with mask
tokens, in order to reconstruct the input spectrogram.

— Local window attention in the decoder, as audio spectrograms are highly correlated in
local time and frequency bands.

— Fine-tune the encoder with a lower masking ratio on target datasets.

— Empirically, Audio-MAE sets new state-of-the-art performance on six audio and
speech classification tasks, outperforming other recent models that use external
supervised pre-training.



Audio-MAE: Architecture
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Figure 1: Audio-MAE for audio self-supervised learning. An audio recording is first transformed
into a spectrogram and split into patches. We embed patches and mask out a large subset (80%).
An encoder then operates on the visible (20%) patch embeddings. Finally, a decoder processes the
order-restored embeddings and mask tokens to reconstruct the input. Audio-MAE is minimizing the
mean square error (MSE) on the masked portion of the reconstruction and the input spectrogram.



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

No pre-training

ERANN [58] CNN - - 45.0 89.2 - - -

PANN [59] 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° 814
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 37.0+.11 47.3+.11 94.1+.10 98.3+.06 96.9+.00 94.8+.11
Out-of-domain supervised pre-training

PSLA [30] EffNet [60] 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 31.3 443 - - - -
HTS-AT [29] Swin-B IN - 47.1 97.0f 98.0 - -

PaSST [28] DeiT-B IN - 47.1 96.8" - - -

Table 2: Comparison with other state-of-the-art models on audio and speech classification
tasks. Metrics are mAP for AS and accuracy (%) for ESC/SPC/SID. For pre-training (PT) dataset,
AS:AudioSet, LS:LibriSpeech, and IN:ImageNet. f. Fine-tuning results with additional supervised
training on AS-2M. We gray-out models pre-trained with external non-audio datasets (e.g., ImageNet).
Best single models in AS-2M are compared (no ensembles). *: linear evaluation results from [53].




MultiMAE

MultiMAE: Multi-modal Multi-task Masked Autoencoders

Roman Bachmann* David Mizrahi* Andrei Atanov Amir Zamir
Swiss Federal Institute of Technology Lausanne (EPFL)

https://multimae.epfl.ch
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Masked MultiMAE
inputs  predictions

Masked MultiMAE
inputs  predictions

Masked MultiMAE

Target inputs  predictions

Target

RGB

Depth

Semantic

Figure 1. MultiMAE pre-training objective. We randomly select 1/6 of all 16 x 16 image patches from multiple modalities and learn to
reconstruct the remaining 5/6 masked patches from them. The figure shows validation examples from ImageNet, where masked inputs (left),
predictions (middle), and non-masked images (right) for RGB (top), depth (middle), and semantic segmentation (bottom) are provided.
Since we do not compute a loss on non-masked patches, we overlay the input patches on the predictions.



MultiMAE pre-training Single-modal fine-tuning
Original images  Selected input patches
il |
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Figure 2. (Left) MultiMAE pre-training: A small subset of randomly sampled patches from multiple modalities (e.g., RGB, depth, and
semantic segmentation) is linearly projected to tokens with a fixed dimension and encoded using a Transformer. Task-specific decoders
reconstruct the masked-out patches by first performing a cross-attention step from queries to the encoded tokens, followed by a shallow
Transformer. The queries consist of mask tokens (in gray), with the task-specific encoded tokens added at their respective positions. (Right)
Fine-tuning: By pre-training on multiple modalities, MultiMAE lends itself to fine-tuning on single-modal and multi-modal downstream
tasks. No masking is performed at transfer time.
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MultiMAE observations

— like MAE, encoder only processes non-masked tokens
— like MAE, shallow decoders

— pseudolabels for non-RGB modalities

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning



MultiMAE Experiments

Method IN-1IK (C) ADE20K(S) Hypersim(S) NYUv2(S) NYUv2 (D)
Supervised [£1]  81.8 45.8 33.9 50.1 80.7
DINO [12] 83.1 44.6 32.5 479 81.3
MoCo-v3 [17] 82.8 43.7 31.7 46.6 80.9
MAE [35] 83.3 46.2 36.5 50.8 85.1
MultiMAE 83.3 46.2 37.0 52.0 86.4

Table 1. Fine-tuning with RGB-only. We report the top-1 ac-
curacy (1) on ImageNet-1K (IN-1K) [23] classification (C), mloU
(T) on ADE20K [102] , Hypersim [68] , and NYUv2 [73] seman-
tic segmentation (S), as well as §; accuracy (1) on NYUv2 depth
(D). Text in bold and underline indicates the first and second-best
results, respectively. All methods are pre-trained on ImageNet-1K
(with pseudo labels for MultiMAE).
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MultiMAE Experiments

RGB Semantic Semantic RGB Depth

Depth input prediction  prediction input prediction  prediction

< Depth Semantic
RGB input prediction prediction

Figure 4. Single-modal predictions. We visualize MultiMAE cross-modal predictions on ImageNet-1K validation images. Only a single,
full modality is used as input. The predictions remain plausible despite the absence of input patches from other modalities.



M3AE: MultiModal MAE

Multimodal Masked Autoencoders
Learn Transferable Representations

Xinyang Geng!® Hao Liu'2*! Lisa Lee?
Dale Schuurmans’ Sergey Levine!  Pieter Abbeel’
1UC Berkeley  2Google Research, Brain Team
" Equal contribution. t Project lead.
{young.geng, hao.liu}@berkeley.edu

[Oct 2022]



M3AE Contributions

— Until M3AE: dominant multi-modal representation learning paradigm was contrastive learning (CLIP, ALIGN)
— Downside of cross-modal contrastive: only works with paired data

— We find that multimodal pretraining of M3AE on CC12M achieves significantly higher performance on the
ImageNet-1k linear classification benchmark [33] compared to pre-training on images only (MAE).

— M3AE performs best when we apply a high mask ratio (75%) on language, while in contrast, language models
like BERT conventionally use a low mask ratio (15%)

— Encoder: image patches and language tokens, ViT

— Decoder: light weight, following MAE



M3AE: Architecture

Unmasked tokens Mask token

III‘III
Ill‘l H B

Figure 1: Multimodal masked autoencoder (M3AE) consists of an encoder that maps language tokens and
image patches to a shared representation space, and a decoder that reconstructs the original image and language
from the representation.
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Comparison with MAE

801
[ MAE 64.1
75 A
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Figure 4: Left: Comparing the linear classification accuracy ViT model variants of different capacities (ViT-
S/B/L). All models are pre-trained for 50 epochs. M3AE scales well with model size, outperforming MAE in
every setting. Right: Comparing finetuning different number of blocks for ViT-L. All models are pre-trained for
50 epochs.
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Multiview MWM

Multi-View Masked World Models for Visual Robotic Manipulation

Younggyo Seo“! Junsu Kim"! Stephen James? Kimin Lee? Jinwoo Shin! Pieter Abbeel

[covered in a later section of lecture]
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Outline

m Reconstruct from a corrupted (or partial) version
[ Denoising AutoEncoder / Diffusion
m  In-painting / Masked AutoEncoder: MAE, VideoMAE, Audio-MAE, BelT, M3AE, MultiMAE, SiamMAE
m  Colorization, Split-Brain AutoEncoder
m Visual common sense tasks
m  Relative patch prediction
= Jigsaw puzzles
m Rotation
m  Contrastive Learning
m  Contrastive Predictive Coding (CPC)
[ Instance Discrimination: SimCLR, MoCo-v1,2,3, BYOL, DINO/DINOv2, JEPA, I-JEPA, V-JEPA
m  Text-Image: CLIP, LiT, SigLIP, FLIP, SLIP, CoCa, BLIP/BLIP-2, ImageBind
m RLand Control
m  R3M, CURL, MVP, MTM, Multi-View MAE and Masked World Models for Visual Control
m  lLanguage
m  Word2vec and Glove
m BERT, RoBERTa, T5, UL2
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Relative Position of Image Patches

Unsupervised Visual Representation Learning by Context Prediction

Carl Doersch!?  Abhinav Gupta! Alexei A. Efros?

! School of Computer Science 2 Dept. of Electrical Engineering and Computer Science
Carnegie Mellon University University of California, Berkeley

Task: Predict the relative position of the second patch with respect to the first

Slide: Zisserman
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Relative Position of Image Patches

Doersch, Gupta, Efros

Slide: Zisserman



Relative Position of Image Patches

D D < 8 possible locations

A

Classifier

4‘ Randomly Sample Patch
Sample Second Patch

Unsupervised visual representation learning by context prediction,
Carl Doersch, Abhinav Gupta, Alexei A. Efros, ICCV 2015




Relative Position of Image Patches

litter the patch
locations




Solving Jigsaw Puzzles
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Solving Jigsaw Puzzles
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Rotation

90° rotation 270° rotation 180° rotation 0° rotation 270° rotation



Rotation

Rotate 0 degrees

Rotated image: X°

ConvNet
model F(.)

ConvNet
model F(.)

—> g(x,y=1)
Rotate 90 degrees

Rotated image: X'

—» g(X,y=2)
Rotate 180 degrees
2

Rotated image: X

ConvNet
model F(.)

ConvNet
model F(.)

Rotate 270 degrees

Rotated image: X°

| Objectives: B

Maximize prob.
F°(X°) |
l Predict 0 degrees rotation (y=0)

|
|

Predict 90 degrees rotation (y=1) ‘

|
|

F*(X*)
l Predict 180 degrees rotation (y=2) ‘

|
|

Maximize prob.
F(X°)

l Predict 270 degrees rotation (y=3) |
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Rotation

# Rotations

Rotations

CIFAR-10 Classification Accuracy

4
8
2
2

07 90°, 1807, 270°

0°, 45°, 90°, 135°, 180°, 225°, 270°, 315°
0°, 180°

90°, 270°

89.06
88.51
87.46
835.52
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Rotation

Method Conv4 ConvS
ImageNet labels from (Bojanowski & Joulin, 2017) | 59.7 59.7
Random from (Noroozi & Favaro, 2016) 2741 12.0
Tracking Wang & Gupta (2015) 38.8 29.8
Context (Doersch et al., 2015) 45.6 30.4
Colorization (Zhang et al., 2016a) 40.7 352
Jigsaw Puzzles (Noroozi & Favaro, 2016) 45.3 34.6
BIGAN (Donahue et al., 2016) 41.9 32.2
NAT (Bojanowski & Joulin, 2017) - 36.0
(Ours) RotNet 50.0 43.8




Rotation

Method Convl Conv2 Conv3d Conv4 Conv5
ImageNet labels 19.3 36.3 44.2 48.3 50.5
Random 11.6 7.1 16.9 16.3 14.1
Random rescaled Krihenbiihl et al. (2015) 17.5 23.0 24.5 232 20.6
Context (Doersch et al., 2015) 16.2 23.3 30.2 31.7 29.6
Context Encoders (Pathak et al., 2016b) 14.1 20.7 21.0 19.8 15.5
Colorization (Zhang et al., 2016a) 12.5 24.5 30.4 31.5 30.3
Jigsaw Puzzles (Noroozi & Favaro, 2016) 18.2 28.8 34.0 33.9 27.1
BIGAN (Donahue et al., 2016) 17.7 24.5 31.0 29.9 28.0
Split-Brain (Zhang et al., 2016b) 17.7 29.3 35.4 335.2 32.8
Counting (Noroozi et al., 2017) 18.0 30.6 34.3 52.5 25.7
(Ours) RotNet 18.8 31.7 38.7 38.2 36.5




Rotation

Classification Detection Segmentation
(%mAP) (%omAP) (%mloU)

Trained layers | fc6-8 all all all
ImageNet labels | 789 799 56.8 48.0
Random 53.3 43.4 19.8
Random rescaled Krahenbiihl et al. (2015) | 39.2 56.6 45.6 32.6
Egomotion (Agrawal et al., 2015) 31.0 54.2 43.9

Context Encoders (Pathak et al., 2016b) 34.6 56.5 44.5 29.7
Tracking (Wang & Gupta, 2015) 55.6 63.1 47.4

Context (Doersch et al., 2015) 55.1 65.3 |

Colorization (Zhang et al., 2016a) 61.5 65.6 46.9 35.6
BIGAN (Donahue et al., 2016) 52.3 60.1 46.9 34.9
Jigsaw Puzzles (Noroozi & Favaro, 2016) - 67.6 53.2 37.6
NAT (Bojanowski & Joulin, 2017) 56.7 65.3 49 .4

Split-Brain (Zhang et al., 2016b) 63.0 67.1 46.7 36.0
ColorProxy (Larsson et al., 2017) 65.9 38.4
Counting (Noroozi et al., 2017) - 67.7 514 36.6
(Ours) RotNet | 70.87 72.97 54.4 39.1




Outline

Reconstruct from a corrupted (or partial) version
[ Denoising AutoEncoder / Diffusion
[ In-painting / Masked AutoEncoder: MAE, VideoMAE, Audio-MAE, BelT, M3AE, MultiMAE, SiamMAE
m  Colorization, Split-Brain AutoEncoder
Visual common sense tasks
m  Relative patch prediction
= Jigsaw puzzles
= Rotation
Contrastive Learning
m  Contrastive Predictive Coding (CPC)
n Instance Discrimination: SimCLR, MoCo-v1,2,3, BYOL
Feature Prediction: DINO/DINOv2/iBOT, JEPA, I-JEPA, V-JEPA
Text-Image: CLIP, LiT, SigLIP, FLIP, SLIP, CoCa, BLIP/BLIP-2, ImageBind
RL and Control: R3M, CURL, MVP, MTM, Multi-View MAE and Masked World Models for Visual Control
Language
m  Word2vec and Glove
m BERT, RoBERTa, T5, UL2



Contrastive Predictive Coding

Representation Learning with
Contrastive Predictive Coding

Aaron van den Oord Yazhe Li Oriol Vinyals
DeepMind DeepMind DeepMind
avdnoord@google.com yvazhe@google.com vinyals@google.com
Abstract

While supervised learning has enabled great progress in many applications, unsu-
pervised learning has not seen such widespread adoption, and remains an important
and challenging endeavor for artificial intelligence. In this work, we propose a
universal unsupervised learning approach to extract useful representations from
high-dimensional data, which we call Contrastive Predictive Coding. The key in-
sight of our model is to learn such representations by predicting the future in larent
space by using powerful autoregressive models. We use a probabilistic contrastive
loss which induces the latent space to capture information that is maximally useful
to predict future samples. It also makes the model tractable by using negative
sampling. While most prior work has focused on evaluating representations for
a particular modality, we demonstrate that our approach is able to learn useful
representations achieving strong performance on four distinct domains: speech, JUIy 2018
images, text and reinforcement learning in 3D environments.



Contrastive Predictive Coding

Figure from Alex Graves
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Contrastive Predictive Coding

Don't directly predict x

s

Figure from Alex Graves
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Contrastive Predictive Coding

max M1(c; z)
c 4 Z

Encoder Encoder

Figure from Alex Graves
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Contrastive Predictive Coding

exp f(c, Zz) Bilinear dot product
> exp f(c, z;) i@ ce) = exp (LuWeer)
J i 4

C - {21,22,23,24,2:5726}

Classify positive
example

/ Encoder \ Encoder

L

Figure from Alex Graves
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Contrastive Predictive Coding

Predictions
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Figure from Alex Graves
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Contrastive Predictive Coding

Predictions
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Figure from Alex Graves
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Contrastive Predictive Coding

Predictions
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Figure from Alex Graves
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Contrastive Predictive Coding

Slowly varying:
Prosody, phonemes, ...

Fast varying:
noise, details, ...
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Figure from Alex Graves
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Contrastive Predictive Coding

Slowly varying:
Prosody, phonemes, ...

Fast varying:
noise, details, ...
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Contrastive Predictive Coding
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Contrastive Predictive Coding
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Contrastive Predictive Coding

Slowly varying:
Prosody, phonemes, ...

Fast varying:
noise, details, ...
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CPC - Speech

Figure 2: t-SNE visualization of audio (speech) Figure 3: Average accuracy of predicting the
representations for a subset of 10 speakers (out positive sample in the contrastive loss for 1 to 20
of 251). Every color represents a different latent steps in the future of a speech waveform.
speaker. The model predicts up to 200ms in the future as

every step consists of 10ms of audio.
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CPC - Speech

Method | ACC

Method | ACC
Phone classification "
Random initialization 27.6 steps| predicted
MEFCC features 39.7 2 steps 28
CPC 64.6 4 steps 57.6
Supervised 74.6 8 steps 63.6
- - 12 steps 64.6
Speaker classification 16 steps 63.8
Random initialization 1.87 Negative samples from
MEFCC features 17.6 Mixed speaker 64.6
SPC ed ggg Same speaker 65.5
i . Mixed speaker (excl.) 573
Table 1: LibriSpeech phone and speaker Same speaker (excl.) 64.6
classification results. For phone classifi- Current sequence only 65.2

cation there are 41 possible classes and o :
for speaker classification 251. All mod- Table 2: ,lerlSpe?Ch phone ClaS“ﬁFa‘
ol ased the same architeeturs and the tion ablation experiments. More details

same audio input sizes. can be found in Section 3.1.



CPC - ImageNet
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Figure 4: Visualization of Contrastive Predictive Coding for images (2D adaptation of Figure 1).
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CPC - ImageNet




CPC - ImageNet

Method | Top-1 ACC

Using AlexNet convS

Video [28] 29.8

Relative Position [11] 304

BiGan [35] 34.8

Colorization [10] 35.2 Method | Top-5 ACC

Jigsaw [29] * 38.1 Motion Segmentation (MS) 48.3

Using ResNet-V2 Exemplar (Ex) 53.1

Motion Segmentation [36] 27.6 Relative Position (RP) 59.2

Exemplar [36] 31.5 Colorization (Col) 62.5

Relative Position [36] 36.2 Combination of

Colorization [36] 39.6 MS + Ex + RP + Col 69.3

CPC 48.7 CPC 73.6
Table 3: ImageNet top-1 unsupervised classifi- Table 4: ImageNet top-5 unsupervised classi-
cation results. *Jigsaw is not directly compa- fication results. Previous results with MS, EX,
rable to the other AlexNet results because of RP and Col were taken from [36] and are the

architectural differences. best reported results on this task.



CPC - ImageNet
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Figure 5: Every row shows image patches that activate a certain neuron in the CPC architecture.




CPC - Natural Language Processing

Method MR | CR | Subj | MPQA | TREC

Paragraph-vector [40] 74.8 | 78.1 | 90.5 74.2 91.8
Skip-thought vector [26] | 75.5 | 79.3 | 92.1 86.9 914
Skip-thought + LN [41] | 79.5 | 82.6 | 93.4 89.0 -

CPC 76.9 | 80.1 | 91.2 87.7 96.8

Table 5: Classification accuracy on five common NLP benchmarks. We follow the same transfer
learning setup from Skip-thought vectors [26] and use the BookCorpus dataset as source. [40] is an
unsupervised approach to learning sentence-level representations. [26] is an alternative unsupervised
learning approach. [41] is the same skip-thought model with layer normalization trained for 1M
iterations.

Oord, Li, Vinyals 2018



CPC - Reinforcement Learning

Auxiliary loss is on policy
Predict 30 steps in the future

Figure from Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

DATA-EFFICIENT IMAGE RECOGNITION
WITH CONTRASTIVE PREDICTIVE CODING

Olivier J. Hénaff, Aravind Srinivas, Jeffrey De Fauw, Ali Razavi,
Carl Doersch, S. M. Ali Eslami, Aaron van den Oord

DeepMind

London, UK

ABSTRACT

Human observers can learn to recognize new categories of images from a hand-
ful of examples, yet doing so with machine perception remains an open challenge.
‘We hypothesize that data-efficient recognition is enabled by representations which
make the variability in natural signals more predictable. We therefore revisit and
improve Contrastive Predictive Coding, an unsupervised objective for learning
such representations. This new implementation produces features which support
state-of-the-art linear classification accuracy on the ImageNet dataset. When used
as input for non-linear classification with deep neural networks, this representa-
tion allows us to use 2—5x less labels than classifiers trained directly on image
pixels. Finally, this unsupervised representation substantially improves transfer
learning to object detection on PASCAL VOC-2007, surpassing fully supervised May 2019
pre-trained ImageNet classifiers.



CPCv2 - Large Scale CPC on ImageNet

Figure from Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

ResNet-161

Figure from Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

Figure from Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

Figure from Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

Figure from Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

Figure from Aaron Van den Oord




CPCv2 - Large Scale CPC on ImageNet

Figure from Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

Figure from Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

Ct fie(Zirr,ct) = exp (ZakaCt)

_ fr(Ttir, ct)
= % [108 ijex fk(m:i’ Ct):l

Figure tfrom Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

Ct fie(Zirr,ct) = exp (ZakaCt)

ij eX fk (37.7" ct)

l Negatives

Lxn = —E |log Je(Tttk; Ct)
“t+k X

1. Other patches within image
2. Patches from other images

Figure tfrom Aaron Van den Oord
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CPCv2 - Large Scale CPC on ImageNet

INfoNCE Loss

/

7‘
[

I//

€t fu(@iyr, ct) = exp (zZI-kact)

\asmwe

L Ji (@4, ct)
A= [bg > ex Fel@s ct)]

J Negatives

Rt+k

i
]

1. Other patches within image
2. Patches from other images
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CPCv2 - Large Scale CPC on ImageNet

INfoNCE Loss

d“““

/

/
1

Ct Te(@irps0t) = exp (ZﬁkaCt)

(R LT\

Se(Tt4k,Ct)
Ln = —E |[log
P i
T~ Rt+k X ijex fre(zj, ct)
— S
lNegatives

—

Parallel Implementation 1. Other patches within image

with PixelCNN (masked conv) and 1x1 conv 2. Patches from other images
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CPCv2 - Large Scale CPC on ImageNet

Contrastive Predictive Coding 2.0 (CPCv2)

e Train CPC on unlabeled ImageNet
e Train as long as possible (500 epochs) - 1 week

e Augment every patch with a lot of spatial and color
augmentation [extremely crucial]

e Effective number of negatives = number of instances *
number of patches per instance = 16 * 36 = 576



CPCv2 - Large Scale CPC on ImageNet

Feature Extractor fg
Patched ResNet-161

Image x

Context Network 9

Masked ConvNet

Patched Masked
[256, 256, 3] ResNet-161 [7, 7, 4096] ConvNet [7,7, 4096]

Self-supervised

pre-training
100% images; 0% labels

Pre-trained Fixed
[256, 256, 3] Patched ResNet-161 [7, 7, 4096]

w e g Linear [1000, 1]
Linear classification

100% images and labels

Pre-trained
Fixed / Tuned
L. . . [224, 224, 3] ResNet-161  [14, 14, 4096] ResNet-33 [1000, 1]
Efficient classification
1% to 100% images and labels X —m—> z 4’@_’ y
Pre-trained
Fixed / Tuned
i H, W, 3] ResNet-161  [H/16, W/16, 4096] Faster-RCNN [20, 1]
Transfer learning
100% images and labels X ﬂ z —Pl_T_'—> y
[224, 224, 3] ResNet-152 [1000, 1]

Supervised training
1% to 100% images and labels
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CPCv2 - Linear Classification

Linear Method Architecture  Params. (M) Top-1 Acc.
Classifier Motion Segmentation  ResNet-101 28 27.6
S Exemplar ResNet-101 28 31.5
core Relative Position ResNet-101 28 36.2
Colorization ResNet-101 28 39.6
(Imagenet) CPC v1 ResNet-101 28 48.7
Rotation RevNet-50 x4 86 55.4
BigBiGAN RevNet-50 x4 86 61.3
AMDIM Custom-103 626 68.1
CMC ResNet-50 x2 188 68.4
Momentum Contrast  ResNet-50 x4 375 68.6
CPC v2 ResNet-161 305 71.5
Local Aggregation ResNet-50 24 60.2
Momentum Contrast  ResNet-50 24 60.6

CPCv2 ResNet-50 24 63.8
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CPCv1 ---> CPCv2

07 ®
1 . Figure 3. Linear classification performance of new variants of CPC,
0.65 ] . which incrementally add a series of modifications. MC: model ca-
pacity. BU: bottom-up spatial predictions. LN: layer normalization.
. RC: random color-dropping. HP: horizontal spatial predictions.

LP: larger patches. PA: further patch-based augmentation. Note
that these accuracies are evaluated on a custom validation set and
’ are therefore not directly comparable to the results we report on
the official validation set.

o
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CPCv2 - Data-Efficient Image Recognition
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Instance Discrimination
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Instance Discrimination
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Momentum Contrast (MoCo)

Momentum Contrast for Unsupervised Visual Representation Learning

Kaiming He Haoqi Fan Yuxin Wu Saining Xie Ross Girshick

Facebook Al Research (FAIR)

Nov 2019
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Momentum Contrast (MoCo)

contrastive loss
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Momentum Contrast (MoCo)
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Momentum Contrast (MoCo)

Algorithm 1 Pseudocode of MoCo in a PyTorch-like style.

# f_g, f_k: encoder networks for gquery and key
# queue: dictionary as a queue of K keys (CxK)
# m: momentum

# t: temperature

f_k.params = f_g.params # initialize
for x in loader: # load a minibatch x with N samples
xX_g aug (x) # a randomly augmented version

3 1] aug (x) # another randomly augmented version

~
I

f_g.forward(x_g) # gqueries: NxC
f_k.forward(x_k) # keys: NxC
k.detach () # no gradient to keys

~ RQ
I

# positive logits: Nx1
1 _pos = bmm(g.view(N,1,C), k.view(N,C,1))

# negative logits: NxK
1 _neg = mm(g.view(N,C), gueue.view(C,K))

# logits: Nx (1+K)

logits = cat([l_pos, 1l_neg], dim=1)

# contrastive loss, Egn. (1)

labels = zeros(N) # positives are the O0—-th
loss = CrossEntropyloss(logits/t, labels)

# SGD update: query network
loss.backward()
update (f_g.params)

# momentum update: key network
f_k.params = mxf_k.params+ (1l-m)*f_g.params

# update dictionary
enqueue (queue, k) # enqueue the current minibatch
dequeue (queue) # dequeue the earliest minibatch

bmm: batch matrix multiplication; mm: matrix multiplication; cat: concatenation.
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Momentum Contrast (MoCo)

contrastive loss contrastive loss contrastive loss

gradient T gradient gradient T gradient T
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(a) end-to-end (b) memory bank (c) MoCo
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Momentum Contrast (MoCo)
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Momentum Contrast (MoCo)
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SImCLR

A Simple Framework for Contrastive Learning of Visual Representations

Ting Chen' Simon Kornblith! Mohammad Norouzi! Geoffrey Hinton '
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SImCLR

Maximize agreement

Z; - > Zj
90)] o)
h; +— Representation —» h;
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SImCLR

Algorithm 1 SimCLR’s main learning algorithm.

input: batch size IV, temperature 7, structure of f, g, 7.
for sampled minibatch {x;}1_, do
forallk € {1,...,N} do

draw two augmentation functions ¢t ~ 7, t' ~T

# the first augmentation

Eop—1 = t(xk)

hok—1 = f(Z2x-1) # representation

2zok—1 = g(hak—1) # projection

# the second augmentation

i’2k = t'(:z:k)

hor = f(Tak) # representation

zor = g(hak) # projection
end for
foralli e {1,...,2N}andj € {1,...,2N} do

sij = 2z; zj/(7||zillllzj]l)  #pairwise similarity
end for

define e(’l,,]) as f(z,_y)-:_ lOg s7m exp(si, ;)
ok

=1 Lprzi) exp(sik)
L=5N | [6(2k—1,2k) + £(2k, 2k—1)]
update networks f and g to minimize £
end for
return encoder network f
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SImCLR
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SImCLR
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MoCov2 vs SImCLR
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MoCov2 vs SImCLR

unsup. pre-train ImageNet VOC detection

case MLP aug+ cos epochs| acc. |APsy AP APy
supervised 76.5 81.3 535 58.38
MoCo vl 200 60.6 81.5 559 626
(a) v 200 66.2 82.0 564 62.6

(b) v 200 63.4 82.2 56.8 63.2

(c) v v 200 67.3 825 572 63.9

(d) v v v 200 67.5 824 570 63.6

(e) v v o v 800 211 825 574 64.0
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MoCov2 vs SImCLR

unsup. pre-train ImageNet

case MLP aug+ «cos epochs batch acc.
MoCo vl [6] 200 256 60.6
SimCLR [2] v v v 200 256 61.9
SimCLR [2] v v v 200 8192 66.6
MoCo v2 v v v 200 256 67.5
results of longer unsupervised training follow:

SimCLR [2] v v v 1000 4096 69.3
MoCo v2 v v v 800 256 71.1
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MoCo v3

An Empirical Study of Training Self-Supervised Vision Transformers

Xinlei Chen* Saining Xie* Kaiming He
Facebook AI Research (FAIR)

Abstract
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MoCo v3

Algorithm 1 MoCo v3: PyTorch-like Pseudocode

# f_qg: encoder: backbone + proj mlp + pred mlp
¥ £ k: momentum encoder: backbone + proj mlp

# m: momentum coefficient

# tau: temperature

for x in loader: # load a minibatch x with N samples

x1l, x2 = aug(x), aug(x) # augmentation
ql, g2 = f_qg(x1), f_g(x2) # queries: [N, C] each
kl, k2 = f_k(x1), f_k(x2) # keys: [N, C] each

loss = ctr(gql, k2) + ctr(g2, kl) # symmetrized
loss.backward()

update (f_q) # optimizer update: f_g
f k =mxf_k + (1-m)xf_gq # momentum update: f_k

# contrastive loss

def ctr(gq, k):
logits = mm(q, k.t()) # [N, N] pairs
labels = range(N) # positives are in diagonal
loss = CrossEntropyLoss(logits/tau, labels)
return 2 x tau * loss

Notes: mm is matrix multiplication. k.t () is k’s transpose. The predic-
tion head is excluded from £ _k (and thus the momentum update).

R50, 800-ep | MoCo v2 [12] MoCo v2+ [13] MoCo v3
linearacc. |  71.1 722 73.8

The improvement here is mainly due to the extra prediction
head and large-batch (4096) training.
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Figure 2. Training curves of different learning rates (MoCo v3,
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MoCo v3
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MoCo v3

3

¥

linear probing accuracy (%)

—+- ResNet, SimCLR v2
73.557 —*— SK-ResNet, SimCLR v2
i —%— ResNet, BYOL
2 ~—&— ViT, MoCo v3
- —4— ViT-BN, MoCo v3
Mo 0 a0 o a0 =0 sw 70 s
params (M)

MoCov3w/ | VIiT-S ViT-B ViT-L ViT-H
ViT baseline 734 76.7 71.6 78.1
ViT-BN 74.1 T7.5 78.6 79.1
ViT-BN/7 71.0 79.5 81.0 -

Figure 8. Comparisons with state-of-the-art big ResNets, pre-
sented as parameters-vs.-accuracy trade-off. All entries are pre-
trained with two 224 x 224 crops, and are evaluated by linear prob-
ing. SimCLR v2 results are from Table 1 in [11], and BYOL re-

sults are from Table 1 in [18].
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BYOL

Bootstrap Your Own Latent
A New Approach to Self-Supervised Learning

Jean-Bastien Grill*! Florian Strub*! Florent Altché*! Corentin Tallec*! Pierre H.Richemond*!+
Elena Buchatskaya' Carl Doersch! Bernardo Avila Pires'! Zhaohan Daniel Guo'

Mohammad Gheshlaghi Azar' Bilal Piot! Koray Kavukcuoglu’ Rémi Munos' Michal Valko'
' DeepMind 2Imperial College



BYOL
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BYOL

Method Top-1 Top-5
Local Agg. 60.2 -
PIRL [35] 63.6 -
CPC v2 [32] 63.8 85.3
CMC [11] 66.2 87.0
SimCLR [8] 69.3 89.0
MoCo v2 [37] 71.1 -
InfoMin Aug. [12] 73.0 91.1
BYOL (ours) 74.3 91.6

Method Architecture Param. Top-1 Top-5
SimCLR [8] ResNet-50 (2 %) 94M 74.2 92.0
CMC [11] ResNet-50 (2 %) 94M 70.6 89.7
BYOL (ours)  ResNet-50 (2 %) 94M 77.4 93.6
CPC v2[32] ResNet-161 305M (LD 90.1
MoCo [9] ResNet-50 (4 %) 375M 68.6 -
SimCLR [8] ResNet-50 (4x) 375M 76.5 93.2
BYOL (ours)  ResNet-50 (4%) 375M 78.6 94.2
BYOL (ours)  ResNet-200 (2x) 250M 79.6 94.8

(a) ResNet-50 encoder.

(b) Other ResNet encoder architectures.

Table 1: Top-1 and top-5 accuracies (in %) under linear evaluation on ImageNet.



BYOL

Method Top-1 Top-5
1% 10% 1% 10%
Supervised [77] 25.4 56.4 48.4 80.4
InstDisc - - 392 774
PIRL [35] - - 57.2 83.8
SimCLR [8] 48.3 65.6 755 87.8
BYOL (ours) 53.2 68.8 784 89.0

(a) ResNet-50 encoder.

Method Architecture Param. Top-1 Top-5

1% 10% 1% 10%
CPC v2 [32] ResNet-161 305M - - 779 91.2
SimCLR [8] ResNet-50 (2x) 94M 58.5 T1.7 83.0 91.2
BYOL (ours) ResNet-50 (2x) 94M 62.2 T73.5 84.1 91.7
SimCLR [8] ResNet-50 (4x) 3756M 63.0 744 85.8 92.6
BYOL (ours) ResNet-50 (4x) 375M 69.1 75.7 87.9 925
BYOL (ours) ResNet-200 (2x) 250M 71.2 77.7 89.5 93.7

(b) Other ResNet encoder architectures.

Table 2: Semi-supervised training with a fraction of ImageNet labels.
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Decrease of accuracy from baseline

Decrease of accuracy from baseline

4 N1 . et nS— .
SimCLR (repro) ' 1 : ;
H . . . . . Baseline Remove Remove Crop + Crop
4096 2048 1024 512 256 128 grayscale color bluronly  only
Batch size Transformations set
(a) Impact of batch size (b) Impact of progressively removing transformations

Figure 3: Decrease in top-1 accuracy (in % points) of BYOL and our own reproduction of SimCLR at 300
epochs, under linear evaluation on ImageNet.
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BYOL

Another perspective

(1) BYOL often performs no better than random
when batch normalization is removed, and §
o

view embedding projection prediction

H A
m i gradient

MLP

(2) the presence of batch normalization implicitly
causes a form of contrastive learning.

60 Linear Evaluation Accuracy on STL10

- ® Batch norm needed to prevent mode
collapse

® Implicit contrastive learning - common

mode between examples in the minibatch
--=- Random Baseline
Y B ey removed

=== BYOL w/0 MLP Batch Norm
0

g & 8

Accuracy %

N
o

2 4 Epocf? 8 10 https://imbue.com/research/2020-08-24-understanding-self-supervised-contrastive-learnina/
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Summary

MLP

SimCLR

MLP

MoCo v2

MLP

https://imbue.com/research/2020-08-24-understanding-self-supervised-contrastive-learnina/

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning


https://imbue.com/research/2020-08-24-understanding-self-supervised-contrastive-learning/

Outline

Reconstruct from a corrupted (or partial) version
[ Denoising AutoEncoder / Diffusion
[ In-painting / Masked AutoEncoder: MAE, VideoMAE, Audio-MAE, BelT, M3AE, MultiMAE, SiamMAE
m  Colorization, Split-Brain AutoEncoder
Visual common sense tasks
m  Relative patch prediction
= Jigsaw puzzles
= Rotation
Contrastive Learning
m  Contrastive Predictive Coding (CPC)
n Instance Discrimination: SimCLR, MoCo-v1,2,3, BYOL
Feature Prediction: DINO/DINOv2/iBOT, JEPA, I-JEPA, V-JEPA
Text-Image: CLIP, LiT, SigLIP, FLIP, SLIP, CoCa, BLIP/BLIP-2, ImageBind
RL and Control: R3M, CURL, MVP, MTM, Multi-View MAE and Masked World Models for Visual Control
Language
m  Word2vec and Glove
m BERT, RoBERTa, T5, UL2



DINO

Emerging Properties in Self-Supervised Vision Transformers

Mathilde Caron’?  Hugo Touvron'®  Ishan Misra’ = Hervé Jegou'
Julien Mairal®>  Piotr Bojanowski! ~ Armand Joulin®

1 Facebook AI Research 2 Inria* 3 Sorbonne University



DINO

Consider knowledge distillation
Teacher —>% e Student network 9e, tries to match
a teacher network 9o,

® Minimize the cross entropy of the
distributions

v
o exp(ge, (2)V /)
@ % nyin H(F(2), (@) P = S oxplan, (@)

where H (a,b) = —alogb




DINO

Self supervised learning as Algorithm 1 DINO PyTorch pseudocode w/o multi-crop.
kn OWIEdge distillation # gs, gt: student and teacher networks

# C: center (K)
# tps, tpt: student and teacher temperatures

IOSS‘ # 1, m: network and center momentum rates
i gt .params = gs.params
P1 - P2 log p1 for x in loader: # load a minibatch x with n samples
x1, x2 = augment (x), augment (x) # random views
S8 sl, s2 = gs(x1l), gs(x2) # student output n-by-K
tl, t2 = (x1), (x2) # teacher output n-by-K
softmax softmax ot gt 3 ¥

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

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

: > gt.params = lxgt.params + (1-1)*gs.params
student g teacher gp C = m*C + (1-m)#cat ([t1, 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=1) # center + sharpen

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

Ap p |y cente ri N g to avoid COl | a p se Algorithm 1 DINO PyTorch pseudocode w/o multi-crop.

# gs, gt: student and teacher networks

- use EMA so things work across ¢ center =)

# tps, tpt: student and teacher temperatures

different batch sizes N params  ge.params o ooom ates

for x in loader: # load a minibatch x with n samples
x1l, x2 = augment (x), augment (x) # random views

B
1 sl, s2 = gs(x1), gs(x2) # student output n-by-K
C +— mc _|_ (1 — m)_ ge (fL') tl, t2 = gt(xl), gt(x2) # teacher output n-by-K
B EA
=l

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

# student, teacher and center updates

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

XVWL140S

Student

-ptLoG

def H(t, s):

t = t.detach() # stop gradient

s softmax (s / tps, dim=1)
t softmax((t - C) / tpt, dim=1) # center + sharpen
return - (t * log(s)) .sum(dim=1) .mean ()

XVWL40S




DINO

Linear and k-NN classification on ImageNet.

Supervised
Method Arch. Param. im/s Linear k-NN
Supervised  RN50 23 1237 793 793
SCLR['”]  RN50 23 1237 691 607
MoCov2[1°] RN50 23 1237 711 619
InfoMin[-7]  RN50 23 1237 730 653
BarlowT [*1] RN50 23 1237 732 660
OBoW[/]  RN50 23 1237 738 619
BYOL[')]  RN50 23 1237 744 648
DCv2[10]  RN50 23 1237 752 671
SWAV[I)]  RN50 23 1237 753 657
DINO RN50 23 1237 753 615
Supervised ViT-S 21 1007 79.8 79.8
- BYOL* [10)]  ViT-S 21 1007 714 66.6
Random  Supervised DINO MoCov2* [1] ViT-S 21 1007 727 644
: SWAV* [0]  VIT:S 21 1007 735 663
ViT-S/16 22.0 273 45.9 DINO VIT-S 21 1007 770 745
ViT-S/8 21.8 23.7 447 G - ;
omparison across archttectures
SCLR['’]  RNSOw4 375 117 768 693
SWAV[I)]  RNSOW2 93 384 773 613
Th h Id M k BYOL [(] RN50w2 93 384 77.4 -
reshold attention map gEt mas DINO VITB/16 85 312 782 761
SWAV[I)]  RNSOWS 58 76 785 671
. . . BYOL[')]  RN50w4 375 117 786 -
Compare similarity to ground truth mask BYOLL))  RNIOw2 230 13 6 7S
DINO VAT-S/8 21 180 797 783
SCLRv2[ 7] RNIS2w3+SK 794 46 798 73.1
DINO ViT-B/8 85 63 801 774
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DINO

Figure 8: Self-attention for a set of reference points. We visualize the self-attention module from the last block of a ViT-S/8 trained with
DINO. The network is able to separate objects, though it has been trained with no supervision at all.



DINO

Table 7: Important component for self-supervised ViT pre-
training. Models are trained for 300 epochs with ViT-S/16. We
study the different components that matter for the k-NN and linear
(“Lin.”) evaluations. For the different variants, we highlight the
differences from the default DINO setting. The best combination
is the momentum encoder with the multicrop augmentation and
the cross-entropy loss. We also report results with BYOL [©(],
MoCo-v2 [ 5] and SWAV [10].

Method Mom. SK MC Loss Pred. k-NN  Lin.

1 DINO v X v CE X 728 76.1
2 X X v CE X 0.1 0.1
3 v v CE X 722 76.0
4 v X X CE X 67.9 72.5
5 v X Vv MSE X 52.6 62.4
6 v X v CE v 718 75.6
7 BYOL v X X MSE v 66.6 714
8 MoCov2 Vv X X INCE X 62.0 71.6
9 SWAV X v oV CE X 64.7 71.8

SK: Sinkhorn-Knopp, MC: Multi-Crop, Pred.: Predictor
CE: Cross-Entropy, MSE: Mean Square Error, INCE: InfoNCE
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IBOT

IBOT &: IMAGE BERT PRE-TRAINING WITH ONLINE
TOKENIZER

Jinghao Zhou' Chen Wei’ Huiyu Wang®> Wei Shen® Cihang Xie* Alan Yuille’ Tao Kong!
IByteDance 2Johns Hopkins University 3Shanghai Jiao Tong University “UC Santa Cruz



IBOT
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[ e[mask]

online tokenizer
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IBOT

iBOT

Table 6: Object detection (Det.) & instance segmentation (ISeg.) on COCO and Semantic
segmentation (Seg.) on ADE20K. We report the results of ViT-S/16 (left) and ViT-B/16 (right).
Seg. denotes using a linear head for semantic segmentation.

5
g 78
1.

- Method Arch.  Param. DU IS€g- Seg.  ypgoq Det. ISeg.  Seg! = Seg.
> 77 AP® AP™ mloU AP>  AP™ mloU mloU
z Sup. SwinT 29 481 417 445  Sup. 498 432 354 466
B MoBY Swin-T 29 48.1 415 441  BET 501 435 274 458
E Sup.  ViT:S/16 21 462 40.1 445  DINO  50.1 434 345 468

. iBOT ViT-S/16 21 494 426 454  iBOT 512 442 383 500

S 4 ResNet

23] MoCova bl

25 50 100 200 400

Number of Parameters (Millions)
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DINO - V2

DINOv2: Learning Robust Visual Features
without Supervision

Maxime Oquab**, Timothée Darcet**, Théo Moutakanni**,

Huy V. Vo*, Marc Szafraniec*, Vasil Khalidov*, Pierre Fernandez, Daniel Haziza,
Francisco Massa, Alaaeldin El-Nouby, Mahmoud Assran, Nicolas Ballas, Wojciech Galuba,
Russell Howes, Po-Yao Huang, Shang-Wen Li, Ishan Misra, Michael Rabbat,

Vasu Sharma, Gabriel Synnaeve, Hu Xu, Hervé Jegou, Julien Mairal',

Patrick Labatut*, Armand Joulin*, Piotr Bojanowski*

Meta AI Research L Imria



DINO - V2

ViT-L INet-1k k-NN  INet-1k linear
iBOT 72.9 82.3
+ (our reproduction) 74.5 1 1.6 83.2 1 0.9
+LayerScale, Stochastic Depth  75.4 1 0.9 82.0 | 1.2
+128k prototypes 76.6 1 1.2 81.9 J 0.1
+KoLeo 78.9 123 82.5 1 0.6
+SwiGLU FFN 78.7 1 0.2 83.1 1 0.6
+Patch size 14 78.9 1 0.2 83.5 1 0.4
+Teacher momentum 0.994 79.4 1 0.5 83.6 1 0.1
+Tweak warmup schedules 80.5 +1.1 83.8 1 0.2
+Batch size 3k 81.7 11.2 84.7 1 0.9
+Sinkhorn-Knopp 81.7 = 84.7 =
+Untying heads = DINOv2 82.0 10.3 84.5 | 0.2
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DINO-V2

kNN linear
Method Arch. Data Text sup. val val Real V2
‘Weakly supervised
CLIP ViT-L/14 WIT-400M v 79.8 84.3 881 753
CLIP ViT-L/14336 WIT-400M v 80.5 85.3 88.8 758
SWAG ViT-H/14 1G3.6B v 82.6 85.7 88.7 77.6
OpenCLIP ViT-H/14 LAION-2B v 81.7 84.4 884 755
OpenCLIP ViT-G/14 LAION-2B v 83.2 86.2 894 77.2
EVA-CLIP ViT-g/14 custom* v 83.5 864 893 774
Self-supervised

MAE ViT-H/14 INet-1k X 49.4 76.6 833 64.8
DINO ViT-S/8 INet-1k X 78.6 79.2 855 68.2
SEERv2 RG10B 1G2B X — 79.8 — —
MSN ViT-L/7 INet-1k X 79.2 80.7 86.0 69.7
EsViT Swin-B/W=14 INet-1k X 79.4 81.3 87.0 704
Mugs ViT-L/16 INet-1k X 80.2 82.1 86.9 708
iBOT ViT-L/16 INet-22k X 72.9 82.3 875 724

ViT-S/14 LVD-142M X 79.0 81.1 86.6 70.9
DINOv2 ViT-B/14 LVD-142M X 82.1 84.5 8.3 75.1

ViT-L/14 LVD-142M X 83.5 86.3 89.5 78.0

ViT-g/14 LVD-142M X 83.5 86.5 89.6 784
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DINO - V2

Figure 1: Visualization of the first PCA components. We compute a PCA between the patches of the
images from the same column (a, b, ¢ and d) and show their first 3 components. Each component is matched
to a different color channel. Same parts are matched between related images despite changes of pose, style
or even objects. Background is removed by thresholding the first PCA component.



DINO-V2

Feature Image
matching retrieval
Segmentation Depth

prediction
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JEPA

A Path Towards Autonomous Machine Intelligence
Version 0.9.2, 2022-06-27

Yann LeCun

More precisely, the main advantage of this architecture for representing multi-modal dependencies is
twofold: (1) the encoder function s, = Enc(y) may possess invariance properties that will make it
produce the same sy for a set of different y. This makes the energy constant over this set and allows
the model to capture complex multi-modal dependencies; (2) The latent variable z, when varied over
a set Z, can produce a set of plausible predictions Pred(s;, Z) = {5, = Pred(s,, 2) Vz € Z}

If z is a video clip of a car approaching a fork in the road, s, and s, may represent the position,
orientation, velocity and other characteristics of the car before and after the fork, respectively, ig-
noring irrelevant details such as the trees bordering the road or the texture of the sidewalk. z may
represent whether the car takes the left branch or the right branch of the road.

Figure 12: The Joint-Embedding Predictive Architecture (JEPA) consists of two encoding branches.
The first branch computes s, a representation of  and the second branch s, a representation of y.
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I-JEPA

Self-Supervised Learning from Images with a
Joint-Embedding Predictive Architecture

Mahmoud Assran’?3* Quentin Duval! Ishan Misra'! Piotr Bojanowski'
Pascal Vincent! Michael Rabbat!'3 Yann LeCun'* Nicolas Ballas!

1Meta AI (FAIR) 2McGill University 3 Mila, Quebec Al Institute  *New York University



I-JEPA

Sy mummmm=- »| D(sx 5y) @—) decoder ----| D(7,y) @—') predictor - - - | D(3,s,)
1 y Sy
! 4 7 : i sy 4
1
x-encoder y-encoder x-encoder ) x-encoder y-encoder
1
(a) Joint-Embedding Architecture (b) Generative Architecture (c) Joint-Embedding Predictive Architecture
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I-JEPA

predictor
context B Context Encoder, Target Encoder
v . .
- and Predictor are ViTs
e . Predi
Big —_— . 8 .---E--: redictor
&  Transformer encoder
. « Concat context tokens
target .11« Have masked tokens for
e S prediction patches

Eﬁﬁ% f jffiii:::::;:::::::'.- 20 = By lien = go(8e imyljen)
— -7 [ S A Lo
| 17 2D (3y(0),8y() = 77 D D 118y, — syl
=1

=1 jE€B;
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I-JEPA

original  context targets

Context and Target Selection

Figure 4. Examples of our context and target-masking strategy.
Given an image, we randomly sample 4 target blocks with scale
in the range (0.15,0.2) and aspect ratio in the range (0.75,1.5).
Next, we randomly sample a context block with scale in the range
(0.85,1.0) and remove any overlapping target blocks. Under this
strategy, the target-blocks are relatively semantic, and the context-
block is informative, yet sparse (efficient to process).



I-JEPA

Method Arch.

Epochs Top-1

Methods without view data augmentations

data2vec ["] ViT-L/16 1600 71.3
ViT-B/16 1600 68.0
MAE [ 7] ViT-L/16 1600 76.0
ViT-H/14 1600 712
v ViT-B/16 1600 70.4
ok [ VILL/16 1600  78.1
ViT-B/16 600 72.9
I-JEPA ViT-L/16 600 77
ViT-H/14 300 79.3
ViT-H/16445 300 81.1

Methods using extra view data augmentations
SimCLRv2[’'] RN152(2x) 800 79.1
DINO [ 7] ViT-B/8 300 80.1
iBOT [ '] ViT-L/16 250 81.0

Top 1 (%)

ImageNet-1K Linear Evaluation vs GPU Hours

82 I-JEPA
ViT-H/1644g (300ep)
YA R — -
"“
>
o I-JEPA o
80 ViT-H/14 (300ep) "ﬂ" &
"
79 —
[o) CAE
78 — o ViT-L/16 (1600ep)
iBOT MAE
7 i ViT-S/16 (8ooep) datazvec > ViT-H/14 (1600ep)
ViT-L/16 (1600ep)
76 L1 L1
10 10
Pretraining GPU Hours
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Freeze context
encoder and predictor

Train a RCDM
(representation
conditioned diffusion

model to visualize
Figure 6. Visualization of I-JEPA predictor representations. For each image: first column contains the original image; second column
p r e d i Ct i O n S contains the context image, which is processed by a pretrained I-JEPA ViT-H/14 encoder. Green bounding boxes in subsequent columns
contain samples from a generative model decoding the output of the pretrained I-JEPA predictor, which is conditioned on positional mask
tokens corresponding to the location of the green bounding box. Qualities that are common across samples represent information that
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V-JEPA

Revisiting Feature Prediction for Learning Visual
Representations from Video

Adrien Bardes!'?3, Quentin Garrido!'*, Jean Ponce?:%:%, Xinlei Chen!, Michael Rabbat!, Yann LeCun':®>:,
Mahmoud Assran’'T, Nicolas Ballas®'

IFAIR at Meta, 2Inria, 3Ecole normale supérieure, CNRS, PSL Research University, Univ. Gustave Eiffel,

CNRS, LIGM, 5Courant Institute, New York University, ®Center for Data Science, New York University
T Joint last author



V-JEPA

We seek to answer the simple question:

How effective is feature prediction as a stand-
s . 5 : Context
alone objective for unsupervised learning from e

video with modern tools?

EMA

® Performs well on downstream
video/image tasks

e Better than pixel prediction
approaches if freezing weights

e Competitive with full fine tuning

e Shorter training schedules

Target
encoder
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V-JEPA

[Bx14x14xd]

[ ]

\ ]

16 video frames ] 3D Conv flatten []
resolution 224 x 224 2x16x16xd] !
) 3

H

[16 x 224 x 224 x 3] [8x14x14xd] [1568 x d]

2 - d

eeBuRD I predictor B & [ | el ]
0 i - — L U
\ . Eg . O Pe HEEEEEE = I Bl S EEEY PR / C Eg [ |
- : Concatenate W i stop-grad [ C L

Remove 0 B el = o B Remove : :
masked [ ] unmasked [ | [ |

tokens tokens
[Lxd] [Nxd] [Nxd] [Lxd] [Mxd] [Mxd] [Lxd] [Lxd]

Short range masks: union of 8 randomly sampled target blocks converting 15 % of each frame
Long range masks:union of 2 randomly rampled target blocks covering 70% of each frame
~90% mask ratio

Train on large dataset of 2 million videos from publicly available dataset
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V-JEPA

Frozen Evaluation

SOTA fine-tuned task-spec1ﬁc : ' : : :
model ‘on SSvz (MVD) : o VJEPA : '
o : - : : Vi'I:'-H/16 i ] 1
? 70 — » : e e i
an OmmMAE : : : : : .
R DV‘T H/16 VldeoDM AE . SOTA fine-tuned |
= Hlera : - task-specific model |
S - D_- B Hlera-H YlT_Hhﬁ ~....on_Kg00_(UniFormen) .
E VideoMAEv2 : : : : : : |
=3 ViTglia :
c’l) :
' DINOv2 1
on LJEPA ‘&
- . ViT:
g 0  ViTH/A GA ! '31‘4 I
= ' 1
epd
E :
uo) 40 — ) e Video Feature Pred.
: : | 0] Video Pixel Pred.
OpenCLIP :
: Image Models
. ViT-Gly4 A ; | A tmage Mo

T T T T
70 72 74 76 78 80 82 84 86 88 90 92
Kinetics 400
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V-JEPA

Comparison with State-of-the-Art Models.

Video Tasks Image Tasks
K400 SSv2 AVA IN1K Places205 iNat21

Method Arch. Params. Data  (16x8x3)  (16x2x3)
Methods pretrained on Images
I-JEPA ViT-H/16512 630M IN22K 79.7 50.0 19.8 84.4 66.5 85.7
OpenCLIP ViT-G/14 1800M LAION 81.8 34.8 23.2 85.3 70.2 83.6
DINOv2 ViT-g/14 1100M LVD-142M 83.4 50.6 24.3 86.2 68.4 88.8
Methods pretrained on Videos
MVD ViT-L/16 200M IN1K+K400 79.4 66.5 19.7 73.3 59.4 65.7
OmniMAE ViT-H/16 630M IN1K+SSv2 71.4 65.4 16.0 76.3 60.6 72.4
VideoMAE ViT-H/16 630M K400 79.8 66.2 20.7 72.3 59.1 65.5
VideoMAEv2  ViT-g/14 1100M Un.Hybrid 71.2 61.2 12.9 71.4 60.6 68.3
Hiera Hiera-H 670M K400 77.0 64.7 17.5 71.4 59.5 61.7

ViT-L/16 200M 80.8 69.5 25.6 74.8 60.3 67.8
V-JEPA ViT-H/16 630M  VideoMix2M 82.0 71.4 25.8 75.9 61.7 67.9

ViT-H/16384 630M 81.'9 72.2 25.0 77.4 62.8 72.6




V-JEPA

Pixels vs. Featurized Targ ets. Average Pooling vs. Adaptive Pooling.
Frozen Evaluation Fine-Tuning Frozen Evaluation
K400 SSv2 IN1K K400-ft K400 SSv2
Target Arch.  @6xix1)  (16x1x1) (16x5x3) 16X1x1) 16X 1X 1)
- - Method Arch. Avg. Att.  Avg.  Att.
Pixels ViT-L/16 68.6 66.0 73.3 854 -
Features  ViT-L/16 73.7 66.2 74.8 85.6 V-JEPA ViT-L/16 567 73.7 50.1 66.2

Pretraining Data Distribution.
Ablating Prediction Task.

Frozen Evaluation

Frozen Evaluation
K400 SSv2 IN1K Avg.

Arch. Data #Samples  asxixn  asxixn K400 SSv2 IN1K
K710 700K 75.8 632 737 709 Masking A6x1x1)  (6x1x1)

VIT-L/16 K710+SSv2 900K 729 67.4 72.8 71.0 random-tube[0.9] 51.5 46.4 55 6
R PIDELL 1900K 745 642 748  TLI causal multi-block[6] 61.3 49.8 66.9
VideoMix2M 2000K 73.7 66.2 74.8 71.5 causal multi-block[12] 71.9 63.6 72.2

VIT-H/16 K710+SSv2 900K  75.7 66.8 73.7 72.0 multi-block 72.9 67.4 72.8

VideoMix2M 2000K 74.0 68.5 75.9 72.8




V-JEPA

Samples Seen (M)

', End-to-End Fine-Tuning
1
ED V-JEPA Hiera
:é 75 ViT-L/16 D Hiera-L @ Video Feature Pred.
[ Video Pixel Pred.
g
3
3 74.5 —
g uVideoMAE OmniMAE
2 ViT-L/16 n niMA
'50 4 — i 1 | | ViRt
g 102.4 102.6 102.8 103 103.2 103.4
wn

Pretraining Time (Hrs.)
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Outline

Reconstruct from a corrupted (or partial) version
[ Denoising AutoEncoder / Diffusion
[ In-painting / Masked AutoEncoder: MAE, VideoMAE, Audio-MAE, BelT, M3AE, MultiMAE, SiamMAE
m  Colorization, Split-Brain AutoEncoder
Visual common sense tasks
m  Relative patch prediction
= Jigsaw puzzles
= Rotation
Contrastive Learning
m  Contrastive Predictive Coding (CPC)
n Instance Discrimination: SimCLR, MoCo-v1,2,3, BYOL
Feature Prediction: DINO/DINOv2/iBOT, JEPA, I-JEPA, V-JEPA
Text-Image: CLIP, LiT, SigLIP, FLIP, SLIP, CoCa, BLIP/BLIP-2, ImageBind
RL and Control: R3M, CURL, MVP, MTM, Multi-View MAE and Masked World Models for Visual Control
Language
m  Word2vec and Glove
m BERT, RoBERTa, T5, UL2



CLIP

Learning Transferable Visual Models From Natural Language Supervision

Alec Radford”! Jong Wook Kim “! Chris Hallacy' Aditya Ramesh! Gabriel Goh! Sandhini Agarwal !
Girish Sastry! Amanda Askell! Pamela Mishkin'! Jack Clark! Gretchen Krueger! Ilya Sutskever !



CLIP

1. Contrastive pre-training

pepper the

aussie pup

Text
Encoder

Image
Encoder

I,T,

I, T,

I;T,

IyTy

I,T,

I,T,

I;T,

IyT,

I;Ts

I, T3

I;Ty

IyTs

I,y

I, Ty

I;Ty

IyTy

2. Create dataset classifier from label text

plane r—

ﬁ

dog ——

L

a photo of [n—— Text
a {object}. Encoder

3. Use for zero-shot prediction

Image

_ — o
Encoder 1

a photo of

adog.
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CLIP

Dataset

« Existing text annotated image dataset at the time were

relatively small
« YFCC100M

- Text metadata quality is low, some captions are automatically
generated file names like “20160716 113957.JPG”

o Constructed dataset of 400M image-text pairs
o Images searched with one of 500K generated queries



ResNet or Vision Transformer
CBOW or Text Transformer
minibatch of aligned images
minibatch of aligned texts
W_i[d_i, d_e] learned proj of image to embed
W_t[d_t, d_e] learned proj of text to embed
t - learned temperature parameter

# image_encoder
# text_encoder
# Iln, h;ow, <]
# T[n, 1]
#
#
#

# extract feature representations of each modality
I_f = image_encoder(I) #[n, d_i]

T_f = text_encoder(T) #[n, d_t]

# joint multimodal embedding [n, d_e]

I_e = 12_normalize(np.dot(I_f, W_i), axis=1)

T_e = 12_normalize(np.dot(T_f, W_t), axis=1)

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function

labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=80)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss_i + loss_t)/2
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CLIP

Food101
guacamole (901%) Ranked 1out of 101 labels

+ aphoto of guacamole, a type of food.
—

 a photo of ceviche, a type of food.

-
 a photo of edamame, a type of food.

x a photo of hummus, a type of food.

Youtube-BB
airplane, person (89.0%) Ranked 1out of 23 labels

 a photo of tuna tartare, a type of food.

+ aphoto of a airplane.

X aphoto of a bird.
-
X aphoto of a bear.

X aphoto of a giraffe.

X a photo of a car.

SUNB397
television studio (90.2%) Ranked 1out of 397 labels

+ aphoto of a television studio.
-

 aphoto of a podium indoor.
-

x aphoto of a conference room.
x aphoto of a lecture room.

x aphoto of a control room.

EuroSAT
annual crop land (46.5%) Ranked 4 out of 10 labels

———
x a centered satellite photo of permanent crop land.

 acentered satellite photo of pasture land.
—
 acentered satellite photo of highway or road.

—
+ acentered satellite photo of annual crop land.

X a centered satellite photo of brushland or shrubland.

StanfordCars +28.9
Country211
Food101
Kinetics700
SST2

SUN397
UCF101
HatefulMemes

CIFAR100 [g]+3.0

STL10 |3+ 3.0

FER2013 j+2.8
Caltech101

ImageNet
OxfordPets
PascalvOC2007

FGVCAircraft
RESISC45
Flowers102
DTD
CLEVRCounts

GTSRB

PatchCamelyon

KITTI Distance

Euro§AT i :

-40 -30 =20 =10 O 10 20 30 40

A Score (%)
Zero-Shot CLIP vs. Linear Probe on ResNet50

Figure 5. Zero-shot CLIP is competitive with a fully super-
vised baseline. Across a 27 dataset eval suite, a zero-shot CLIP
classifier outperforms a fully supervised linear classifier fitted on
ResNet-50 features on 16 datasets, including ImageNet.
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ImageNet Zero-Shot

100 ResNet101 CLIP A Score

Dataset Examples

== |deal robust model (y = x)

954 @ Zero-ShotCLP -7
@ Standard ImageNet training -~

90 - ® Exisiting robustness techniques - ImageNet

85 4

80 A
75 4
70 4
65
60
55 4
50 A
45 A
40 A
35 4
30 4
251
265 70 75 8 8 0 o5 100 ImageNet-A !L
Average on class subsampled ImageNet (top-1, %)

76.2 76.2 0%

ImageNetV2 64.3 70.1 +5.8%

ImageNet-R 37.7 889 +51.2%

ObjectNet 326 723  +39.7%

ImageNet

25.2 60.2 +35.0%
Sketch ;

Average on 7 natural distribution shift datasets (top-1, %)

27 771 +74.4%
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CLIP

CLIP learns features useful for other model

language model (Vicuna v1.5 13B)

(0 |55 | | s | s e
_ CLIP objective
“a corgi vision-language connector (MLP) tokenizer &
playing a = embedding
Wl 1 — vision encoder (CLIP ViT-L/336pXx) _
trum e‘?” ] C@Qﬁ ) User: what is
’ 2 unusual about
g @) o) (G ..
........................................ — §__19.8.8 this image?
©) @ ©
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LiT

LiT &: Zero-Shot Transfer with Locked-image text Tuning

Xiaohua Zhai*! Xiao Wang* Basil Mustafa* Andreas Steiner* Daniel Keysers Alexander Kolesnikov Lucas Beyer*
Google Research, Brain Team, Ziirich
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LiT

Design choice comparison SOTA 0-shot comparison
(Data: yfcc100m subset) (Data: private)
£ Urlocked — LiT 0]  Supervised fine-tuning
B pre-trained d i i & —Kk
U pre-trained 18 from-scratch Q
seee 8 60_
........... g = . 1
s N : 3 Fine-tuned - Li
s L : = ' 851 & "
o P lo 0i i 3 501 .
il S B 18 <>t g @ it @ @ ]
£ R  E I A E{T A o From-scratch -
i 1 i 5} i :
) : 40 20
/ ------- L_ ...................... %{) CLIP 4
L u U u u u £ 304 x CLIP ALI(EN
]
T T T T 75 T T T T
0 250 500 750 1000 0 5 10 15 20

Image-text pairs seen [M] Image-text pairs seen [B]
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LiT

Pre-training LiT

§ % Z % g
Model: s 8 Z 8 2 E 7
vitkls & 5 2 ¢ Z 1 4
MoCo-v3[I'] IN n 76.7 606 554 335 17.6
DINO [] IN n 782 612 555 334 182
AugReg [°°] IN21k y 77.4 639 559 303 17.2
AugReg [*°] IN 'y 77.7 771 643 254 138
AugReg [*°] Places y = 225 285 230 pi29

Table 3. The role of pre-training method for the image model: as
long as it is general, it does not matter. The background coloring

denotes whether a value is similar or far away from the others

in that column.

We generally perform
evaluation on 0-shot ImageNet classification (“0-shot™) and
MSCOCO image (“T—1I”) and text (“I—T") retrieval.



LiT

Train speedup Max batch size

160 | . 2560 | =
image model /| Tt
— B/32 1536 | e ""-‘\\ =
50 — LJ/16 896 | @ PY \‘\ °
— g/l4 B o N\
5 | text model ‘\\ AN
: B ~\.\ \\ \\\
10 B 256 | @ R el
s /7 | T LTSRN
5 . ASERNY
g 128 S e S
precompute on -
2 64 \.,
===- precompute off
1
01 03 1 2 51020 ) B/32 L/16 g/14
Epoch Image model

Figure 10. Left: Pre-computing image embeddings accelerates
LiT, when tuning for more than a single epoch. Right: Pre-
computing image embeddings in LiT allows larger batch size in
memory.

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning




SigLIP

Sigmoid Loss for Language Image Pre-Training

Xiaohua Zhai* Basil Mustafa Alexander Kolesnikov Lucas Beyer”
Google DeepMind, Ziirich, Switzerland

{xzhai, basilm, akolesnikov, lbeyer}@google.com



SigLIP

( image—text softmax
-

text—image softmax \
<

1

_ A" - _ A
| elXiyi 1 eltXi'yi
0g 0og
| B| tx;- |1 B| tx
Zj:l ey Zj:l € arss

B| |B]

1
5: S: log 1+ ezz‘j(_txi'Yj+b)

=1 7=1 ~—_—_ ——




SiglLIP

B: swap negs C: per device
across devices loss

b(di+1) b(d;+1)

—ﬁz z > X L

l =1 =1 i=bd; j=bd;
\—v—/ W—J
A: ‘v’ device d; all local negs from

POSitives pext device

Device 1 Device 2 Device 3 Device 1 Device 2 I Device 3 Device 1 ] Device 2 Device 3 Device 1 Device 2 Device 3
L L1 L 05 16 |1 T Io Lo I ez Ll T3 1 |1 16 |17 [T Io (Lo |l |1nz 1 [ 15 [0 [0 |1 [ 15 18 [ 1o [hao 1aa [1az 1y [0 1a [0 [0 [ [15 1s [ 15 [rao a1z
mEC || | - - - LT 1-0-1-] .
in - In mnnsssl
|5 [ el - | - B - 2 [T === EEIE
ar=— a = +— o ar>
T ‘ o - |- | - | v T} SEEE T} SEIEE
Ty T + - - - T[-1-1-1- i SEEE
o o~ 1 -t — o —
8 Te [] 8 Te e " HEEE F ===
T [] To --1- 18 . HHEE T,
s TrENEEEEEECODON $EEENEEEE  EEEE
£ = ETo . -[ - 1o (g -[-1-1- gMol - - - -
i | B ENEE-El EEENEEEE - DEBE
Tiz [_~ Tiz - -] - Tiz =E=EE M) — (- [ |-
R EEEEEEE TR T EEEEEEEEER" EEEEEEEEEEE
339 339 |339% 33%|33% 33% 339 33%33% 33% 33% 33% 6% 66% 66% 66% 6% 66% 66% 6%
loss el | loss| itk | | i lipsid loss " . .
Device 1 Device 2 Device 3 Device 1 Device 2 Device 3 Device 1 Device 2 Device 3
N 1 '

Cross Device X
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851
Image Text BS #TPUv4 Days INet-0 3 84_
SiglLiT B/ L* 32k 4 1 798 'gc{)
SiglLiT % g/l14 L 20k 4 2 845 O ]
e
SigLIP &JB/16 B 16k 16 3 710 2 83 1
SiglLlP B/16 B 32k 32 2 11 3 1
SiglLlP  B/6 B 32k 32 5 7134 X
* We use a variant of the L model with 12 layers. ._51 82 |
. - i‘/ —e— Sigmoid
] 66 - -—*-  Softmax
81 T T T T T T T T T T T
2 8 32 262 1024 4 8 16 32 98 307
Batch Size (k) Batch Size (k)
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FLIP

Scaling Language-Image Pre-training via Masking

Yanghao Li* Haoqi Fan* Ronghang Hu*  Christoph Feichtenhofer! = Kaiming He'
*equal technical contribution, fequal advising

Meta Al FAIR
https://github.com/facebookresearch/flip
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contrastive
7 s T ) /_ _ __3Txspeedup
image encoder text encoder 6\3 Ll
>
A A i
371
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70
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[ [ P | g
ETEEEE
.== =- 69 —A—mask 0% (our CLIP repro.)
EEEETE —¥—mask 50%
masked image —©—mask 75%
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training time (hours)
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FLIP

20x,09%1
B 2.9x%,0.6%7"
mask 50% mask 75% <72 37%
baseline 69.6 68.2 g
. 571
+ tuning 70.1 69.5 3
g
Z 70
. & . & i ; g —A— mask 0%
(¢) Unmasked tuning. The distribution shift ~+-mask 50% (w/o tuning)
. . . 69 —k— k 50%
by masking is reduced by a short tuning. - mask 75% (wio tuning)
—©—mask 75%
68 : : ; : ;
0 50 100 150 200 250

training time (hours)
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FLIP

case data epochs B/16 L/16 L/14 H/14
CLIP [52] WIT-400M 32 68.6 - 733 -
OpenCLIP [36] LAION-400M 32 67.1 - 72.8 -
CLIP, our repro. LAION-400M 32 68.2 72.4 73.1 -
FLIP LAION-400M 32 68.0 74.3 74.6 75.5

Table 2. Zero-shot accuracy on ImageNet-1K classification, compared with various CLIP baselines. The image size is 224. The entries
noted by 2rcy are pre-trained on a different dataset. Our models use a 64k batch, 50% masking ratio, and unmasked tuning.

case data epochs model | zero-shot linear probe fine-tune
CLIP [52] WIT-400M 32 L/14 75.3 83.97 -
CLIP [52], our transfer WIT-400M 32 L/14 75.3 83.0 87.4
OpenCLIP [36] LAION-400M 32 L/14 72.8 82.1 86.2
CLIP, our repro. LAION-400M 32 L/16 72.4 82.6 86.3
FLIP LAION-400M 32 L/16 74.3 83.6 86.9

Table 3. Linear probing and fine-tuning accuracy on ImageNet-1K classification, compared with various CLIP baselines. The entries
noted by o1y are pre-trained on a different dataset. The image size is 224. T: CLIP in [52] optimizes with L-BFGS; we use SGD instead.
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SLIP

SLIP: Self-supervision meets Language-Image Pre-training

Norman Mu! Alexander Kirillov? David Wagner! Saining Xie?
1UC Berkeley, ZFacebook AI Research (FAIR)

Code: https://github.com/facebookresearch/SLIP



SLIP

Zero-shot Transfer

0,

ssL NOT SUPPORTED

35 40 45
Linear Classification

0,
0,

Uncurated Data 60 65 70 75
ImageNet Acc (%)
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SLIP

# s: learnable log logit scale
def clip(zi, zt):
zi, zt = normalize(zi, zt)
label range (N)
logit exp(s) » zi @ zt.T

Algorithm 1 SLIP-SimCLR: PyTorch-like Pseudocode ﬁ

CrossEntropy (logit, label)
CrossEntropy (logit.T, label)

# fi, ft: image, text encoders

# hi, ht: CLIP image, text projectors

# hs: SimCLR projector

# c: SIimCLR loss scale

def forward(img, text):
xi, x1, x2 = crop(img), aug(img), aug(img)
yt = tokenize (text)

loss = (1li + 1t) / 2
return loss

# tau: softmax temperature
def simclr(zl, z2):
z1l, z2 = normalize(zl, z2)
label = range (N)
mask = eye(N) x 1le9

wi, wl, w2 = fi(xi, x1, x2)

S = Bk (Y logit = z1 @ z2.T

z1, z2 = hs(wl), hs(w2) # SSL embed: N x C2 g = & o e
zi, zt = hi(wi), ht(wt) # CLIP embed: N x C1 g §

_ . . , logitl = cat(logit, logitl)
loss = ¢ % simclr(zl, z2) + clip(zi, zt) logit2 = cat(logit.T, logit2)
return loss

Ll CrossEntropy (logitl / tau)

12 CrossEntropy (logit2 / tau)

loss = (11 + 12) / 2
return loss
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SLIP

Model Method 0-shot Linear Finetuned
ViT-S/16  CLIP 32.7 59.3 78.2
SimCLR - 58.1 79.9
SLIP 383 (+5.6) 66.4(+7.1) 80.3(+0.4)
ViT-B/16  CLIP 37.6 66.5 80.5
SimCLR - 64.0 82.5
SLIP 428 (+5.2) 72.1(+5.6) 82.6 (+0.1)
ViT-L/16  CLIP 40.4 70.5 81.0
SimCLR - 66.7 84.0
SLIP 46.2 (+4.8) 76.0 (+5.5) 84.2 (+0.2)
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CoCa

CoCa: Contrastive Captioners are Image-Text
Foundation Models

Jiahui Yu' Zirui Wang'
{jiahuiyu, ziruiw}@google.com
Vijay Vasudevan Legg Yeung Mojtaba Seyedhosseini Yonghui Wu
Google Research



CoCa

two dogsrunning in a field [/s]

fFt 1t 1111

Multimodal
Text Decoder

attentional pooling cls-token
Image Unimodal
Encoder Text Decoder
! rrrtr 111

0O000000oOoo0oooo [s] two dogs runningin a field [CLS]

“two dogs running in a field” } pairs

text

Contrastive learning with
conventional encoder
decoder transformer
Achieving 91% top 1
ImageNet accuracy post fine
tuning



CoCa

Captioning Loss

two dogsrunning in a field [/s]

P11 111t

) : def attentional_pooling(features, query):
—_— Contrastive Loss € out = multihead_attention(features, query)

attentional pooling cls-token return layer_norm(out)
img_feature = vit_encoder(image) # [batch, seq_len, dim]

Image UnlmOdaI con_feature = attentional_pooling(img_feature, con_query) # [batch, 1, dim]
cap_feature = attentional_pooling(img_feature, cap_query) # [batch, N, dim]

Algorithm 1 Pseudocode of Contrastive Captioners architecture.

image, text.ids, text.labels, text.mask: paired {image, text} data
con_query: 1 query token for contrastive embedding
cap_query: N query tokens for captioning embedding
cls_token_id: a special cls_token_id in vocabulary

HHEHH

Encoder Text Decoder . _ ,
ids = concat(text.ids, cls_token_id)
T T T T T T T T T mask = concat(text.mask, zeros_like(cls_token_id)) # unpad cls_token_id
txt_embs = embedding_lookup(ids)
000000000000 [S] two dogs running in a field [CLS] unimodal_out = lm_transformers(txt_embs, mask, cross_attn=None)

multimodal_out = 1lm_transformers(
unimodal_out[:, :-1, :], mask, cross_attn=cap_feature)
cls_token_feature = layer_norm(unimodal_out)[:, -1:, :] # [batch, 1, dim]

con_loss contrastive_loss(con_feature, cls_token_feature)

“two dogs running in a field” pairs cap_loss = softmax_cross_entropy_loss(
multimodal_out, labels=text.labels, mask=text.mask)

vit_encoder: vision transformer based encoder; 1m_transformer: language-model transformers.

text
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CoCa

N
Lo __(Zl exp x; yi/o) +Zlog exp(y; x;/0) ) )
on — N ]
> exp(z] Yi/o) T D= exp(y; z;/0)
1mage‘;o text text-t(:-rimage

T
Lcap = — Zlog Py(ytly<t, ).
t=1
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CoCa

« Trained from scratch
on JFT-3B dataset
and ALIGN dataset

« JFTis a (internal)
Google classification
benchmark

- Randomly sample a
caption from a
templated prompt

- le “aphoto of the
cat, animal”

ImageNet

NoCaps s

Kinetics-400
/

122 ol

SNLI-VE 88 Zero-shot
ImageNet
Zero-shot
SOTA
Mscoco(12T i e
AN (21) — (specialized models)
h s Florence
82 5 (dual-encoder)
/ S _— \
g | A\ SimVLM
£OFg=ShoE s Zerorshok = (encoder-decoder)
Flickr30K (T21) Mscoco(T21)
[ cocCa
Zero-shot

Flickr30K (12T)
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(a) Finetuned ImageNet Top-1 Accuracy. (b) Zero-Shot ImageNet Top-1 Accuracy.

Figure 5: Image classification scaling performance of model sizes.
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CoCa

Flickr30K (1K test set) MSCOCO (5K test set)
Image — Text Text — Image Image — Text Text — Image
Model R@l1 R@5 R@10 R@l R@5 R@l0 R@l R@5 R@I0 R@1 R@5 R@I10
CLIP [12] 88.0 98.7 94 68.7 90.6 95.2 584 815 88.1 37.8 624 722

ALIGN [13] 88.6 987 997 757 938 968 58.6 830 8.7 456 698 78.6
FLAVA [35] 67.7 94.0 - 652 894 - 4277 76.8 - 384 67.5 -
FILIP [61] 89.8 992 998 750 934 963 613 843 904 459 70.6 793
Florence [14] 90.9  99.1 - 76 936 - 64.7 859 - 472 714 -

CoCa-Base 80.8 988 998 768 937 968 638 847 90.7 475 724 809
CoCa-Large 914 992 999 790 95.1 974 654 856 914 50.1 73.8 81.8
CoCa 925 995 999 804 957 977 663 862 918 51.2 742  82.0

Table 3: Zero-shot image-text retrieval results on Flickr30K [62] and MSCOCO [63] datasets.




CoCa

softmax cross-entropy

attentional pooling

e e

Model ImageNet Model K-400 K-600 K-700 Moments-in-Time Image Image Image Image
ALIGN [13] 886  ViViT[53] 848 843 - 38.0 gl i ol Eheodet
Florence [14] 90.1 MoViNet [54] 815 848 794 40.2 1 1 1 1
MetaPseudoLabels [51] 90.2 VATT [55] 82.1 83.6 & 41.1 video frame 1 video frame 2 video frame ... video frame 6
CoAtNet [10] 90.9 Florence [14] 86.8 88.0 - -
ViT-G [21] 90.5 MaskFeat [56] 87.0 88.3 804

+ Model Soups [52] 90.9 CoVeR [11] 87.2 87.9 78.5 46.1
CoCa (frozen) 90.6 CoCa (frozen) 88.0 88.5 81.1 47.4
CoCa (finetuned) 91.0 CoCa (finetuned)  88.9 89.4 82.7 49.0

Table 2: Image classification and video action recognition with frozen encoder or finetuned encoder.

Figure 3: CoCa for video recognition.
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ImageBind

IMAGEBIND: One Embedding Space To Bind Them All

Rohit Girdhar* Alaaeldin El-Nouby* Zhuang Liu Mannat Singh
Kalyan Vasudev Alwala Armand Joulin Ishan Misra*
FAIR, Meta Al

https://facebookresearch.github.io/ImageBind

w ‘,)) .i ))) —NaturallyAli'gned IMAGEBIND
Images Videos Text Audio Depth mu Emergent Alignment ]
Web Image-Textu Depth SensorData@ Web 1) Thermal Data Egocentric Videos ))) "/
e T , o @) g

e Al e S S

Sheep basking in the sun




ImageBind

Train with (Image, Modality) pairs
Transformer for all modality encoders
Train with InfoNCE loss

B o) @ ) — NowalyAim IMAGEBIND [T
Images Videos Text Audio Depth Thermal IMU akssent alisimens \ p ]

Thermal Data

Egocentric Video ))) u

A
1%

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning



ImageBind

Audio

<
<

Baby Cooing
g

Crackle of a Fire

-
1) Cross-Modal Retrieval

Text

“A fire crackles while a pan of food is frying on
the fire.”

“Fire is crackling then wind starts blowing.”
“Firewood crackles then music...”

Images & Videos

ki
7

“A baby is crying while a toddler is laughing.”
“A baby is laughing while an adult is laughing.”
“A baby laughs and something...”

i
=
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BLIP-2: Bootstrapping Language-Image Pre-training
with Frozen Image Encoders and Large Language Models

Junnan Li Dongxu Li Silvio Savarese Steven Hoi
Salesforce Research
https://github.com/salesforce/LAVIS/tree/main/projects/blip2

o Goal: Efficient, zero-shot capabilities in vision-language tasks

o Pitfalls:
- end-to-end training on vision-language models is expensive
- Finetuning from pretrained LLMs or ViTs can result in catastrophic forgetting
- Aligning image and language modalities is hard



BLIP-2

e Solution: Q-Former
o Learn the image-language modality alignment, then finetune for language generation
e 2-stage pretraining: vision-language representation learning, vision-to-language
generative learning

Vision-and-Language
Representation Learning

Vision-to-Language
Generative Learning

'
]
!
'
'

s Im age [N Q-Former ' - : 3 :
B Encoder Querying Transformer| | | ' Write a romantic message |
" 7 7 4. that goes along this photo. E
Z Love is like a sunset, it's i
! Text ¥ hard to see it coming but |
Queries ' when it does it's so beautiful. |
Bootstrapping Pre-trained | Bootstrapping Pre-trained
' Image Models ! Large Language Models (LLMs) |
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BLIP-2

Q: query token positions; T: text token positions.

i Image-Text Image-Grounded [ masked [] unmasked
Matching Text Generation Q - aQ - Q T
Input Image i
o Bl

Feed Forward Feed Forward

JOOEE [OOEE
‘0000 °OOomE °O0EE
0000 000 =E00
"ANAN TOoooo Temo0

x N Bi-directional Multi-modal Causal Uni-modal
Self-Attention Mask  Self-Attention Mask Self-Attention Mask

Attention Masking

bidirectional
mutlimodal causal

H Self Attention

Learned : Image-Text Image-Grounded Image-Text
Queries (0 0-00 Input Text [a cat wearing sunglasses] Matchin g_] Tt Ciararalt [Co trastive Leaming

Representation learning just focuses on this block
Three objectives: Image-Grounded Text Generation (ITG), Image-Text
Matching (ITM), Image-Text Contrastive Learning (ITC)
e |mage encoder alternatively cross attends, queries and text self-attend
e Delineate image X, text Y as an image-text pair (here, image + caption)

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning




BLIP-2

ITC (Image-Text
Contrastive Learning)

Maximum similarity
computed among
queries and taken as
text-image similarity
Similarities
contrasted between
positive image-text

Q 45
pairs and negatives QBE ==
in-batch cooo
Result: aligning "mE 00

relevant image-text
modalities

Uni-modal
Self-Attention Mask

Image-Text
Contrastive Learning
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BLIP-2

ITG (Image-Grounded

Text Generation)

Queries attend on
one another, separate
from text transformer
Text transformer
takes in decoder
token and conditions
on queries to do text
generation (using as
a target the same text
label as in ITC)
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-000m
00 o

Multi-modal Causal

Self-Attention Mask

Image-Grounded
Text Generation




ITG (Image-Grounded
Text Generation)

e Textlabels are
generated
autoregressively -
resulting attention
mask shown above

e Train on text
generation loss

e Result: creating
informative
vision-language
tokens
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Q T

,O0 Hm
00 Bl

-000m
00 o

Multi-modal Causal

Self-Attention Mask

Image-Grounded
Text Generation




BLIP-2

Q T
ITM (Image-Text . EE %B
Matching) L0000
e Queries and text p—— Ddl_l I_”:ll
i-direction
attend on one another Al Se"'lAﬁenﬁc;" Mk
unrestricted '&%.ﬁ;‘t
e Output queries
classified and
averaged, trained on
classifying (X,Y) as a
pair or not
e Hard negative mining
utilized
e Result: fine-grained

representation learning
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BLIP-2

Output Text [ a cat wearing sunglasses }

Bootstrapping from a hm‘.a
Decoder-based ‘\‘ g Image NN [ . ] [ Fully
Large Language Model ’ ™ * Encoder Q-Former Connected LLM Decoder
(e.g. OPT) “‘ {
B - N
Input Image Learned Queries
oOo-@o Suffix Text | wearing sunglasses |
Bootstrapping from an nm‘;
Encoder-Decoder-based ' . . Fully = 7
Large Language Model l e Encoder [ Q-Former ] ‘ Connected 2% LLM Encoder * LLM Decoder
(e.g. FlanT5) ol
bd DO-EE \\»[D O-mm)(acat)
Input Image Learned Queries Prefix Text

e Second pretraining stage: use X as input to encoder, Y as output from LLM
Decoder

e Q-Former is finetuned on the same data, along with a projection layer
between Q-Former and the LLM Decoder (language modeling loss)
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BLIP-2

Training

e Trained on 129 million image-caption pairs
o COCQO, Visual Genome, LAION400M, etc.

e Used CapFilt to generate synthetic captions from BLIP-1 and filter on
caption similarity with CLIP embeddings
e Random augmentations: cropping, horizontal flipping
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BLIP-2

that has a range of 310 miles and
can accelerate from 0 to 60 mph in
Just 4 seconds.

Is this photo unusual?

Yes, it's a house that looks like it's
upside down.

How could someone get
out of the house? 8

It has a slide on the side of the
house.

Visual Question Answering Image Captioning Image-Text Retrieval

Models ggﬁ;‘:ble g)‘:;‘:e " VQAV2 (test-dev) NoCaps (val) Flickr (test)

‘ VQA acc. CIDEr SPICE TR@l IR@l
BLIP (Li et al., 2022) 583M v 1132 148 967 86.7
SimVLM (Wang et al., 2021b)  1.4B x m2 - - )
BEIT-3 (Wang etal, 2022b)  1.9B x - - 94.9 81.5
Flamingo (Alayrac et al., 2022) 10.2B X 56.3 - -
BLIP-2 188M v 65.0 1216 158  97.6 89.7

e BLIP shows notable improvements especially in
zero-shot visual question answering

e Image-text retrieval doesn’t utilize language
generation stage (so only the BLIP visual encoder

gets used)
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BLIP-2

BLIP2 ViT-G OPT6.7B - BLIP2 ViT-G FlanT5-XL

w
o
!

/

(o)}
o
L

N
o

zero-shot VQAV2 acc
w
o
zero-shot VQAV2 acc
w
()

1 —— w/ representation learning —— w/ representation learning

—— w/o representation learning —— w/o representation learning

T T T T T 20 T T T T

16k 32k 48k 64k 80k 16k 32k 48k 64k 80k
iterations iterations

N

o
D
o

=
o
w
o
!

Figure 5. Effect of vision-language representation learning on
vision-to-language generative learning. Without representation
learning, the Q-Former fails the bridge the modality gap, leading
to significantly lower performance on zero-shot VQA.
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Outline

Reconstruct from a corrupted (or partial) version
[ Denoising AutoEncoder / Diffusion
[ In-painting / Masked AutoEncoder: MAE, VideoMAE, Audio-MAE, BelT, M3AE, MultiMAE, SiamMAE
m  Colorization, Split-Brain AutoEncoder
Visual common sense tasks
m  Relative patch prediction
= Jigsaw puzzles
= Rotation
Contrastive Learning
m  Contrastive Predictive Coding (CPC)
n Instance Discrimination: SimCLR, MoCo-v1,2,3, BYOL
Feature Prediction: DINO/DINOv2/iBOT, JEPA, I-JEPA, V-JEPA
Text-Image: CLIP, LiT, SigLIP, FLIP, SLIP, CoCa, BLIP/BLIP-2, ImageBind
RL and Control: R3M, CURL, MVP, MTM, Multi-View MAE and Masked World Models for Visual Control
Language
m  Word2vec and Glove
m BERT, RoBERTa, T5, UL2



CURL

CURL: Contrastive Unsupervised Representations for Reinforcement Learning

Aravind Srinivas* ! Michael Laskin* ! Pieter Abbeel !
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CURL

o Kplay buffer \

04 O 9=1o(%) | | Reinforcement
l l —  TAeW || lL—Y Leaming
: Query '
Encoder Momentum Encoder E o Oq Encoder
_ k = (00 : 2
i 0= ml -+ (1= m), ' ‘s
. .
< 7 X :
q k Observation
/ \ / ------- LR
k = fo (o)

Encoder

Reinforcement .
. Contrastive Loss
Learning
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CURL

exp(q’ Wky)

Input

L, = log =
! exp(qTWky) + Yiy ' exp(qTWk;)

Positive

Encoding keys Using bilinear vs.
with / without EMA cosine similarity
< .
.
600 600
100 x 100 £ 400 £ 400
o Q
w 2]
200 200
/ EMA J bilinear
/ No EMA / cosine
0 0
0 1 2 0 1 2

Environment Steps (Millions) Environment Steps (Millions)



CURL

ball_in_cup, catch cartpole, balance cartpole, balance_sparse cartpole, swingup
L1 pe— —] 1000 - 1000 1000
750 800 750 750 . i .
Finger, spin Cartpole, swingup Reacher, easy
500 &6 500 500
1000 1000
250 0 250 | 250 1000
750
°% 2 4 0 2 4 ©5 2 4 0 750 750
100?“‘)0'9, swingup_sparse o cheetah, run - o ﬁngfr thr:_\eis\yu $ _— 500
P —— P Wi v W s 500 T~
750 / 750 750 O 50 250 N \/
I
&0 &0 50 A o 220 W
g 250 250 250 0 0
3 . . , g 00 02 04 06 08 10 00 08 16 24 32 40 00 04 08 12 16 20
0 5 ) 1 2 0 2 2 i )
'8 finger, turn_hard — hopper, stand pendulum, swingup + Cheetah, run Walker, Walk Ba” n Cup, CatCh
Q 100 1000 1000 D 1000
8 3 1000 1000
La- 750 150 750 750 —T N I N N e ey —
o 750 /
500 100 500 500 Lﬁ 750
250 50 250 250 M 500 500
0 0 0 ol oA 250
walker, stand walker, walk 250
1000 1000 1000 [ 1000 0
| 0
750 0 o0 00 04 08 12 16 20 00 04 08 12 16 20 00 04 08 12 16 20
500 500 600 . . i
ol 5 Environment Steps (Millions)
o o 200
0 2 4

mem= CURL === CURL (detached) ====  SAC+AE (detached)
Environment Steps (Millions)

CURL State SAC

=== Random features = =  D4PG (1e8 steps)
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R3M

R3M: A Universal Visual Representation
for Robot Manipulation

Suraj Nair!*, Aravind Rajeswaran?, Vikash Kumar?, Chelsea Finn'!, Abhinav Gupta?

1Stanford University, 2Meta Al



R3M

Motivation: Plug-and-play, general Visual Representations for
Robotics must contain Three main ingredients...

1. Temporal dynamics of the scene i.e. how states might
transition to other states

2. A prior over semantic relevance: should focus on task relevant
features like objects and their relationships

3. Be compact, excluding features irrelevant to the previous two
criteria such as backgrounds



R3M

Efficient Robot Learning

New Environment, New Tasks

55;”’ el

Time Contrastive Learning

Ego4D Video +
Language

55

o=

o 8

o

=0

£o

" . PI Q-

stirs the “removes the o2
snacks...” battery...” a

L1 Sparsity Penalty

Egodd is diverse, in-the-wild, and language annotated
Contains 3,500 hours of data from 70 locations across the globe



R3M

Time Contrastive Learning encodes temporal - ...,

dynamics into the representation time are more
perceptually similar

than frames farther
apart in time

2. Frames from the
same videos are
more perceptually
similar than those
from other videos

“stirs the snacks ina
pan with a strainer
within her left hand” b

“wiping the window -
with the rag”

“picks up a piece of
wood from the

il | [ ‘ U Geo go |
‘e SR S(@1,2) = —||21 — 5]
S(zf,z;?) 7
Lien = = l;glog S 4 oS(2220) 1 oS(2t,27Y) B Lo Do
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R3M

Video-Language alignment encourages F to capture

semantically relevant features

gg(zg,z;?>i,lb)

L = lo
language Z g Qe(zo,z
beB

J>z,lb)_|_egg(z0,zz,lb)_|_ego(zo ,zj>7,7lb)

1. Video language
alignment should
increase over the course
of the video

2. Frames from captioned
video should be more
aligned language than
frames from another
video

g@(f¢(f0)7'7:¢(l’i)7 l)

[I’ia Ij>'i7 l]l:B



R3M

Joint Optimization - Simple regularizations encourage sparsity of representations

- ResNet18, ResNet34, and ResNet50 L1 reduces representations to only
architectures optimized with Adam are all critical features
released L2 probably has more of a

- Random cropping at the video level regularizing effect than anything

‘C(d)a 9) — EI&‘

)

sz kN'D [)\1£tcn + )\2£language + )\3HF¢(I’6)H1 + )\4||F¢(Iz)||2]

1J )



R3M

Adroit

MetaWorld
Assembly, Bin Picking, Button Pressing, Drawer Opening, Hammering

MetaWorld Franka Kitchen Adroit

Re-orient Pen,
Relocate Ball

- 1} —aT® _4‘?

ik #¥ "'k L '

Franka Kitchen

Sliding Door, Turning Light On, Opening Door, Turning Knob, Opening Microwave



R3M

Franka Kitchen MetaWorld Adroit All Domains

Success Rate
N w N (9] ()] ~
o o © o () o

[a
o

O_
mmm R3M mmm MoCo (345) mmm CLIP mmm  |mNet Supervised Scratch
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R3M

Environment Supervised Self-Supervised
R3M R3M(-Aug) R3M(-L1) R3M(-Lang)
Franka Kitchen | 53.1 2.7% 51.1 £2.7% 46.7 +2.7% 47.24+2.9%
MetaWorld 69.2 £2.0% 68.9 +2.1% 65.0 £2.4% 67.0+£2.0%
Adroit 65.0 £1.7% 613 +2.1% 66,5 +1.6% | 45.61+3.3%
All Domains 624 +1.3% 604 +1.4% 59.4+15% | 53.2+1.5%

Table 1: Ablating Components of R3M. We see report success rate of
downstream imitation learning on variants of R3M. We observe that on average,
removing the L1 penalty have a negative impact, particularly on the Franka
Kitchen and MetaWorld environments. Lastly, removing language grounding
has the most significant drop in performance, particularly on the Adroit tasks.



MVP

Masked Visual Pre-training for Motor Control

Tete Xiao*! Ilija Radosavovic*! Trevor Darrell T ! Jitendra Malik !
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MVP

Use MAE learned features for robotic control

policy |>a

\

encoder

| proprioception

(a) masked visual pretraining (b) learning motor control
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MVP

Establishes a benchmark dataset and evaluation suite

Train on Human-Object-Interaction dataset of 700k
images:

1. Epic Kitchens

2. Youtube 10 Days of Hands

3. Something 2 Something

Evaluate on new PixMC Benchmark - Train with PPO

RLBENCH ROBOSUITE METAWORLD OURS
SIMULATOR COPPELIA MulJoCo MulJoCo ISAACGYM
FAST v
#ARMS 1 8 1 2
#HANDS v
#TASKS 100 9 50 8
REWARDS v v v
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MVP

Simulator 1

Simulator 2

Policy Network 2

A

Process 2

Simulator n

ofeloYe
Policy Network n

Procgss n

Policy Sync

—

[
|
1
|
|
|
|
|
|
|
|

Global Policy Network

Evaluate with highly parallelized PPO

MLP policy

Critic has same architecture and
learns from same representations
State is MAE representation +
proprioception

Action space is position control in
joint angle space

Learn to handcrafted dense rewards
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MVP

Self-supervised on large data is better than supervised on smaller data (ImageNet)

Success (%)

FrankaCabinet
—— Oracle
— MVP
Supervised

FrankaPick
mee Oracle

Oracle has access to
o hand-engineered state -
N location of objects, 3d poses,
4 : direction to goal vectors

5 3

Success (%)

£
ol

2 4 6 8 0.0 25 5.0 75 10.0 125 150 0.0 25 5.0 .5 100 125 15.0
Env. Steps (M) Env. Steps (M) Env. Steps (M)

0

1 2 3
Env. Steps (M)
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MVP

Representations robust to distractors and generalize different object types

e -
¢ . ¢ ~ ) i

FrankaPick KukaPick
100
o o~
o
") N :
g wn 60 L ! e
0 p
o [0} FrankaPick KukaPick | &
QA bt 40 || — Box [ [ ’ — Box |
3 —— Can ¢ —— Can
V20 Mug | U — Mug i}
None Color Shape Size None Color Shape Size o Haa Banana ! . —— Banana |

00 25 50 75 100 125 15.0 0.0 25 50 7.5 100 125 15.0

Env. Steps (M) Env. Steps (M)

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning



Egocentric human videos Robot execution trajectories Simulators

(e.g. Ego4D, Epic-Kitchens etc) (e.g. BAIR Robot Dataset, BC-Z etc) (e.g. Habitat, MuJoCo etc)
+ Large volume and diversity + Matching modality and embodiments + Side information available
- Lacks modalities important for EAI - Lacks volume and diversity (e.g. joint sensors, object poses)

(e.g. proprioception, actions etc) (physical system, lab setup etc.) - Inaccurate physics for transfer

Goal: Develop a unified learning paradigm for trajectories that are multi-modal and heterogeneous




MTM

T = (Xo, b o SR ¢ XH) Trajectory is a generic sequence of elements.

o N

f Joint Sensors qtl
Lift to common
W Vision (RGB)
— embedding space with
L o gme
modality-specific
Vision (Depth)
Element encoders.
(tlme t) Action
\ Modalities Tokens
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MTM

[ Missing modalities < Masked as a constraint }

Train with random autoregressive mask

e
“ Tt lislitlt

‘ Bi-Directional Transformer (Decoder) '
‘ Bi-Directional Transformer (Encoder) '

e J
1 LI | I |
Masl.:ed
g :]*l =) ..
a3
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MTM

Train with random autoregressive mask

Inference

. a R ' Tasks & Masking Patterns

Reconstructed .n B .

Trajectory a E ° \
I e e

(Output) @@ Future
/ Prediction

r

Bi-Directional Transformer (Decoder)

Imitation
Learning

Masked = = - : D/ \
‘Trajectory

Bi-Directional Transformer (Encoder)

@ State
Representation

) t 1 — -
Masked I l I ( A
T;:;:::ory s, S, R f/}’ Inverse

a, . / Dynamics
N J/
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MTM

Training: Random Autoregressive Mask 0 ( RCBC Inference ) Summa ry
@ E] @ ® Random autoregressive masking helps
( Masked Trajectory Model ) ( Masked Trajectory Model ) downstream prediction tasks
5 B8 B EE ) CRE GRE BRE )
<

Forward Dynamics Inference N ( Behavior Cloning Inference Y ( Inverse Dynamics Inference b ® Com petitive RCBC on continuous control tasks

& ©

( Masked Trajectory Model ) ( Masked Trajectory Model ) ( Masked Trajectory Model )

00 B0 86 | | 00 660 08 | (08 08 &

® Heteromodal dataset training capabilities

® Representation learning
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MTM

- MLP-BC — MTM (Ours) e Setup: Only a small fraction (~1%) of the
B mip-rcBC BBE( Heteromodal MTM (Ours) dataset has full (s, R, a) trajectories.

Remainder of dataset is missing actions.

e Baselines: Can train only on the labelled

subset of data.

Relative Performance

LLLLLLL L] [H

e Heteromodal MTM: Train on mixture

;

D4RL D4RL D4RL Adroit

Hopper HalfCheetah Walker2D Door Pen as if they were masked out.
Environment

dataset, with missing modalities treated

>
o
=
=]
+
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MTM

MTM State-Action (Finetuned) e Asymptotic TD3

s Base TD3 MTM State (Finetuned)

1000 1000 -
800 - 8001
o C
S 6001 S
o) Q4004
o 400 o
2001
2001
T T T T T 0 L T T T T T 0 B T T T T T
0 5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000 0 5000 10000 15000 20000 25000
Training Steps Training Steps Training Steps
(a) DM-Control Walker2D Stand Task. (b) DM-Control Walker2D Walk Task (c) DM-Control Walker2D Run Task

Setup: (1) Pretrain MTM model on offline dataset.
(2) Use state encoder of MTM and feed it to a standard RL algorithms (TD3)
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Masked World Models for Visual Control

Masked World Models for Visual Control

Younggyo Seo’'?:* Danijar Hafner?>3* HaoLiu? Fangchen Liu?
Stephen James®'T Kimin Lee? Pieter Abbeel?
1 KAIST 2 UC Berkeley 2 Google Research # University of Toronto



Masked World Models for Visual Control

Mastering Diverse Domains through World Models

Danijar Hafner!? Jurgis Pasukonis! Jimmy Ba? Timothy Lillicrap!

!DeepMind  2University of Toronto

(a) World Model Learning (b) Actor Critic Learning
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Masked World Models for Visual Control

Main idea: Decouple visual representation learning and dynamics learning

Visual Representation Learning Dynamics learning

e Training an autoencoder with e Training a recurrent state-space model
convolutional feature masking (RSSM) that reconstructs frozen
e Reward prediction to encode autoencoder representations

task-relevant information

-w w
= +St +St+1
Masked Conv - -
Features z™ W t t
] — [ -!0. H B .-0-.

Zg

Zghy (From Younggyo)



Masked World Models for Visual Control

Visual Representation Learning Dynamics Learning
c,0 c,0
. ol A Zhy

L]
I
." .—’Ot

l
—>
I
Masked Conv
Features

Zt

’I

Zt+1

L™ ($,0) = Z

—Inpy(0j|2;"™) —Inpy(ryl2;™)

= visual representation learning

—1npe<z;f’°|sj> Inpg (rs|s5) + BKL |go(sslsj-1,j-1,7"°) | Po(45135-1,05-1)] )

dynamics learning

/\
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Masked World Models for Visual Control

F A

-, r— [

Predicted Predicted Recon
(Dreamer) (MWM) (MWM)

Figure 7: Future frames reconstructed with the autoencoder (i.e., Recon) and predicted by latent
dynamics models (i.e., Predicted). Best viewed as video provided in Appendix B.
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(From Younggyo)
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100 100

100
= DreamerV2 - 75% = DreamerV2
= Conv feature — - MWM w/ Reward prediction I~
—~ 87— Pixel patch (MAE) o Ol —~ 87— MWM w.o/ Reward prediction
X X = X
Q [} Q
w 601 w 601 w 601
o o o
? @ @
© 40 O 40 © 40
3 3 3
o ) > 3>
n %) N
20 - 20 - 20
- . : : : 0 . . . : 0 ; . : .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Normalized Environment Steps Normalized Environment Steps Normalized Environment Steps
(a) Feature masking (b) Masking ratio (c) Reward prediction

Figure 6: Learning curves on three manipulation tasks from Meta-world that investigate the effect of
(a) convolutional feature masking, (b) masking ratio, and (c) reward prediction. The solid line and
shaded regions represent the mean and stratified bootstrap confidence interval across 12 runs.
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Multi-View MAE

e Multiple cameras have often been used for visual robotic manipulation

[Akkaya et al., 2019] [Jangir et al., 2022]

(From Younggyo)



Multi-View MAE

View-Masking Autoencoding
P vl
Main Idea:
1 Reconstruct masked viewpoints
Decoder to learn cross-view information
1 Encoder

EEE !

B : Convolutional Features : Masked Features

(From Younggyo)
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Multi-View MAE

MV-MAE can extract both multi-view Visual robotic manipulation with
and single-view representations multi-view or single-view data

View-Masking Video Autoencoding

D

Multi-View Control Single-View Control

‘ .— Enc ». = Enc ».
| |
=~ s f

Decoder
[

! = e

Embd@r ‘
- i r : . : World Model
.: Convolutional Features : Masked Features

(From Younggyo)
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Multi-View MAE

e RLBench [James et al., 2020] with front and wrist cameras
o Widely-used camera configuration

” Y
R
"

(a) Phone On Base (b) Take Umbrella Out of Stand (c) Put Rubbish in Bin

(d) Pick Up Cup (e) Stack Wine
(From Younggyo)
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Multi-View MAE

e MV-MWM outperforms both single-view and multi-view baselines
Multi-View Control

B MV-MWM (Ours) 0 MWM
B MAE+WM @ CLIP+WM ®E TCN+WM

100
< 80+
X
. . (0]
Single-View Control < 601
o
[77]
= o -’. .
(&)
O
1 S
Vha i

0 o
Multi-View Control (Front + Wrist) Single-View Control (Front)
. . WOI'ld MOdCl (From Younggyo)
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Multi-View MAE

e MV-MWM is also outperforming baselines in imitation learning
setup

80 Bl MV-MWM (Ours)
B MV-MWM (Ours, View-masking X)
70 = MWM
. BN MAE + WM
3 601 B CLIP+WM
o)
w 901
e
® 40
()
: - 8 30-
Single-View Control 3
20
= - -’. Y
! o
’ x‘ Figure 8. Aggregate success rate of imitation learning agents on
! five single-view control tasks. The result shows the mean and

stratified bootstrap confidence interval across 20 runs.

. : World Model (From Younggyo)
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Multi-View MAE

\B;;\“AZ}*WOM Motivation:
o :::: LY e Camera calibration is a
tedious procedure

Robot Base

e Solution: Training a viewpoint-robust policy with viewpoint randomization

—> - World Model

Viewpoint randomization (From Younggyo)



Multi-View MAE

e Step 1: Multi-view representation learning with viewpoint randomization

Viewpoint Randomization

E | »  Encoder
— 3

e Step 2: Learn a world model for viewpoint-robust control

Viewpoint-Robust Control

Enc - / |
> s I "J Sim2Real ! : World Model
| - | Transfer

(From Younggyo)



Multi-View MAE

MV-MWM learns a policy with aggressive viewpoint randomization

Training with Weak Randomization

- - Training with Medium Randomization
B MV-MWM (Ours) B MV-MWM (Ours)
MWM MWM

. B MAE + WM . B MAE + WM
2 60 = CLIP+WM s 60 B CLIP + WM
o = TCN+WM & = TCN+WM
& &
o, 40+ o 40
(2] [}
] [0
Q Q
S 5
o 20 o 204

0- 0.

Seen (Weak)

Seen (Medium)

BL\2 g." @\ @

(a) Weak randomization (b) Medium randomization

(From Younggyo)



Multi-View MAE

MV-MWM learns a policy with aggressive viewpoint randomization

Training with Weak Randomization

- 80 Training with Medium Randomization
B MV-MWM (Ours) B MV-MWM (Ours)
MWM MWM
. B MAE + WM . B MAE + WM
e 60 B CLIP+WM e 60 B CLIP+WM
o = TCN+WM & = TCN+WM
- -—
e o
o » 401
0 2]
] [0
Q Q
S s
N s PO
O A

Seen (Weak)

Seen (Medium)

BL\2 g." @\ @

(a) Weak randomization (b) Medium randomization

(c) Strong randomization
(From Younggyo)



Multi-View MAE

e Zero-Shot Sim2Real Transfer with Hand-held Cameras
o Without proprioceptive states, depth, and adaptation

Rotation Shake Translation Zoom

(From Younggyo)



Outline

Reconstruct from a corrupted (or partial) version
[ Denoising AutoEncoder / Diffusion
[ In-painting / Masked AutoEncoder: MAE, VideoMAE, Audio-MAE, BelT, M3AE, MultiMAE, SiamMAE
m  Colorization, Split-Brain AutoEncoder
Visual common sense tasks
m  Relative patch prediction
= Jigsaw puzzles
= Rotation
Contrastive Learning
m  Contrastive Predictive Coding (CPC)
n Instance Discrimination: SimCLR, MoCo-v1,2,3, BYOL
Feature Prediction: DINO/DINOv2/iBOT, JEPA, I-JEPA, V-JEPA
Text-Image: CLIP, LiT, SigLIP, FLIP, SLIP, CoCa, BLIP/BLIP-2, ImageBind
RL and Control: R3M, CURL, MVP, MTM, Multi-View MAE and Masked World Models for Visual Control
Language
m  Word2vec and Glove
m BERT, RoBERTa, T5, UL2



Predicting neighbouring context

—

Predict any part of the input from any
other part.

Predict the future from the past.

i

Predict the Tuture from the recent past.

Predict the past from the present.

Predict the top from the bottom.

Predict the occluded from the visible

Pretend there is a part of the input you «— Past — Future —
don’t know and predict that. Slide: LeCun

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning



Word Embeddings

t 1 ... qpebra — 0

rardvark — |0 W

|
=)

&
)

(From 224n Stanford)
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Word Embeddings

1. I enjoy flying.
2. Ilike NLP.

3. Ilike deep learning.
The resulting counts matrix will then be:

like enjoy deep learning NLP flying

flying

I .

B i@ 2 1 0 0 0 0 O

like Z @ 0 1 0 il 0 O

enjoy 1 0 0 0 0 0 1 0

X — deep 0 1 0 0 L 0 0 0
learning | 0 0 0 1 0 0 0 1

NLP 0 1 0 0 0 0 0 1

0 0 1 0 0 0 0 1

00 0 0 1 1 1 0

= (From 224n Stanford)
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Word Embeddings

Applying SVD to X:

V] \4 v ] IR . .
I i i | | I 01 0 — 7N —
\4 X = |V| U1 Uy --- \4 0 oo --- \4 — Uy —

(From 224n Stanford)
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Word Embeddings

SVD approach suffers from:

Sparsity

SVD computation costs

Infrequent words

Noise from frequent words

There are hacks to fix some of these (ex TF-IDF) but still not
very reliable

(From 224n Stanford)



n-gram Language Models

Unlgram

P(wll wy, - I_IP(ZU,)

Bigram

n
P(wy,wy, - -+, wn) = | | P(wiw;_1)
=2

(From 224n Stanford)




word2vec

Efficient Estimation of Word Representations in
Vector Space

Tomas Mikolov Kai Chen
Google Inc., Mountain View, CA Google Inc., Mountain View, CA
tmikolov@google.com kaichenlRgoogle.com
Greg Corrado Jeffrey Dean
Google Inc., Mountain View, CA Google Inc., Mountain View, CA
gcorrado@google.com jeff@google.com
Abstract

‘We propose two novel model architectures for computing continuous vector repre-
sentations of words from very large data sets. The quality of these representations
is measured in a word similarity task, and the results are compared to the previ-
ously best performing techniques based on different types of neural networks. We
observe large improvements in accuracy at much lower computational cost, i.e. it
takes less than a day to learn high quality word vectors from a 1.6 billion words
data set. Furthermore, we show that these vectors provide state-of-the-art perfor-
mance on our test set for measuring syntactic and semantic word similarities.



word2vec

Continuous Bag Of Words (CBOW) Skip Gram
o \Input layer

We must learn W and W’ Output layer
Xy P We must learn W and W’
Vi
. Hidden laygy O PUt layer Input layer
x}t E y‘ xk u yz
: » V-dim V-dim
XQ E " yC
%/ CxV-dim o

(From 224n Stanford)
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word2vec - CBOW

Continuous Bag Of Words (CBOW)
o \Input layer

We must learn W and W’

X [
minimize] = — log P(wcle—m, asilie ,wc—1, wc-l-ll oo ,wc+m)
Output layer = —log P(uc|0)
: il exp(uld)
X ) Y, lell exp(u; 9)
| ) v
: = = —u.0+log Z‘{ exp(u]- o)
=

(From 224n Stanford)
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word?2vec - Skip Gram

Skip Gram
minimize ] = —log P(We—m, . - -, We—1, Wet1, -+ - - » Wetm|We)

2 Output layer

L
©

We must learn W and W’

2m
¥ = —log 1__[ P(wc—m+j|wc)
Vi j=0,j#m

2m
= _log 1__[ P(uc—m+]'|vc)
j=0,j#m

: 2m  exp(ul )
I yz _ _log H p( C—m+] C)

.+ \4 T
j=0,j#m Yy exp(u, vc)

. 2m \4
V-dim w =— ) uf_m+jvc +2mlog Y exp(uivc)
: j=0,j#m k=1
1 Ve 2
J = — Z logp(uc—m—l—jlvc)
j—0,j7#~m
2m
CxV-dim = Y. H@ Yec—m+rj)
=0, j7#m (From 224n Stanford)
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word?2vec - Skip Gram

T
. 1
Skip-gram model =2 Z - logp(wesslwr)
t=1 _CSJSC,J?éO

;T
exp (vwo fuwl)

w ¥ T
Zw=1 exp (Uw 'U'wr)

p(wolwr) =

Don’t have to have the denominator over all words in the vocabulary
- Can use negative sampling

k
. T
log 0(Vyy, Vuw;) + E B~ P, (w) [loga(—’vivi v“”)] Plwy) =1- f(wi)
i=1 z
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word2vec

Country and Capital Vectors Projected by PCA

2 - : |
Ching¢-----oeee .
------------------ =»Beijing
15 Russia<----.... |
Japant---ao. e
B B . “»Moscow i
T e e “Ankara ~Tokyo
05 |
Poland<- ...
0+ Germx_anyé ----------------------------------------- W ]
France " "TTtteeeeel U L T arsaw
e —Berlin
05 | L Pars |
Greece&___"_“___"__________________:::j:::::::::::: ----- = =>Athens
1+ Spalné _______________ Rome l
e e
A5 | Portugal T e e =1 is;:'r\:l e |

UC Berkeley -- Spring 2024 -- Deep Unsupervised Learning -- Pieter Abbeel, Kevin Frans, Philipp Wu, Wilson Yan -- L7 Self-Supervised Learning




word2vec

NEG-15 with 10~° subsampling | HS with 10~° subsampling
Vasco de Gama Lingsugur Italian explorer
Lake Baikal Great Rift Valley Aral Sea
Alan Bean Rebbeca Naomi moonwalker
Ionian Sea Ruegen Ionian Islands
chess master chess grandmaster Garry Kasparov

Table 4: Examples of the closest entities to the given short phrases, using two different models.

Czech + currency | Vietnam + capital German + airlines Russian + river French + actress
koruna Hanoi airline Lufthansa Moscow Juliette Binoche
Check crown Ho Chi Minh City carrier Lufthansa Volga River Vanessa Paradis
Polish zolty Viet Nam flag carrier Lufthansa upriver Charlotte Gainsbourg
CTK Vietnamese Lufthansa Russia Cecile De

Table 5: Vector compositionality using element-wise addition. Four closest tokens to the sum of two
vectors are shown, using the best Skip-gram model.



GloVe

Consider counting based statistical approaches

Word co occurrences X. where  Xj; is the number of times j
occurs in the context of i

Probability and Ratio | k = solid k = gas k = water k = fashion
P(klice) 1.9x107% 6.6x 10> 3.0x1073 1.7x 107
P(k|steam) 22%x107° 7.8x107*% 22x1073 1.8x 1073
P(klice)/P(k|steam) 8.9 8.5 x 1072 1.36 0.96

Ratios of co-occurrence probabilities can encode meaning



GloVe

Vector dot product to be similar to likelihood of of their co
occurrence

w; - wj = log P(i|7)

Vv
J = Z f (Xij) (W?Wj +bi +Ej = logX,-j)z
1, 7=1
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GloVe

T
| ] S e -
Calerpillar.. _ stronger
luncle  jwoman Chrysler.. _ Rl TP o~
| ! 1queen United . _ i 98817 _ _ — ,
I /I : ——— onolulu —
I et ——
p / | Exxon= — — — _ _ _ _ _ |r2a1L .~ clearer
. ' : W s 2l i i e i = o 95628 — - — - - ~8shils o . 7~ 'softer” ~
J ! s Git 7o
! | Bl = . .
- - - - T = - -
‘ / , 92804 — — — — —Apaheim clear =~ -~ darker
! " soft « -
p {sir | -
Iman ‘king Viscome= = = = = = B
man - woman company - ceo city - zip code comparative - superlative

o. frog

1. frogs

2. toad

3. litoria

4. leptodactylidae

5. rana

6. lizard

7. eleutherodactylus

3. litoria

4. leptodactylidae

5.rana

7. eleutherodactylus

Table 2: Results on the word analogy task, given

as percent accuracy. Underlined scores are best
within groups of similarly-sized models; bold
scores are best overall. HPCA vectors are publicly e
available?; (i)vLBL results are from (Mnih et al.,
2013); skip-gram (SG) and CBOW results are
from (Mikolov et al., 2013a,b); we trained SGt

and CBOW using the word2vec tool®. See text

for details and a description of the SVD models.

Model Dim. Size | Sem. Syn. Tot.
ivLBL 100 15B | 559 50.1 532
HPCA 100 1.6B | 42 164 1038
GloVe 100 1.6B | 67.5 543 60.3
SG 300 1B | 61 61 61
CBOW 300 16B | 161 526 36.1
VLBL 300 1.5B | 542 64.8 60.0
ivLBL 300 1.5B | 652 63.0 64.0
GloVe 300 1.6B | 80.8 61.5 70.3
SVD 300 6B | 63 81 73
SVD-S 300 6B | 367 466 42.1
SVD-L 300 6B | 566 63.0 60.1
CBOW' 300 6B | 63.6 674 657
SGT 300 6B | 73.0 66.0 69.1
GloVe 300 6B | 774 670 71.7
CBOW 1000 6B | 573 689 63.7
SG 1000 6B | 66.1 65.1 65.6
SVD-L 300 42B | 384 582 492
GloVe 300 42B | 819 69.3 75.0
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BERT

BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding

Jacob Devlin Ming-Wei Chang Kenton Lee Kristina Toutanova
Google Al Language
{jacobdevlin,mingweichang, kentonl,kristout}@google.com

Oct 2018



@ e . \ » Task 1 - Masked Language Model:
* . s * - 15% mask ratio

o e ) ) - 10% of the time use a random token
L > 10% of the time leave unchanged
> Loss only on masked tokens

BERT

B £ | -~ | E H E H E’ | | E.’ | Input: The man went to the [MASK] . He bought a [MASK], of milk .
— o a — o - Labels: [MASK], = store; [MASK], =Agallon )
— -, i B -
o [ ] oo [ e [ ] Lo o Task 2 - Next Sentence Prediction
- 50/50 next sentence directly follows vs a
Masked Sentence A Masked Sentence B
o / random one from the dataset
Unlabeled Sentence A and B Pair
Sentence A =The man went to the store. Sentence A = The man went to the store.
Pre-trainino Sentence B = He bought a gallon of milk. Sentence B = Penguins are f£lightless

Label = IsNextSentence Label = NotNextSentence



Input [CLS]W my || dog is ‘ cute ’ [SEP] he ‘ likes H play} ##ing} [SEP]

Token

Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes Eplay E##ing E[SEP]
= 4= = == == b == =+ =+ == ==

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
e s e e of= e o= e e e wfa

Position

Embeddings Eo E1 Ez E3 E4 ES E6 I':'7 E8 E9 Elo




BERT

Pre-training data:

. BookCorpus (800M words)
. English Wikipedia (2500M words)

ﬁP Mask LM Mask LM
> @

BERT .

Masked Sentence A Masked Sentence B

~
Unlabeled Sentence A and B Pair

Pre-training

ﬁ/@@m Start/End Span\

BERT
chchch Jo el

Question Paragraph
*
Question Answer Pair

Fine-Tuning

Fine Tuning

. For each task, inputs and outputs
given to BERT

. Pretraining enables
Sentence A/B type tasks, ie sentence
pairs in paraphrasing,
hypothesis-premise pairs, question
passage pairs
Token level tasks by looking at features
per token
CLS for whole sentence level tasks.

. Evaluate on GLUE - 11 NLP tasks



BERT

System MNLI-(m/mm) QQP QNLI SST-2 CoLA  STS-B MRPC RTE  Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 82.3 93.2 35.0 81.0 86.0 61.7 74.0
BiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 90.4 36.0 13.3 84.9 56.8 71.0
OpenAl GPT 82.1/81.4 70.3 87.4 91.3 45.4 80.0 82.3 56.0 75.1
BERT&gAsE 84.6/83.4 71.2 90.5 93.5 52.1 85.8 88.9 66.4 79.6
BERT | ArGE 86.7/85.9 72.1 92.7 94.9 60.5 86.5 89.3 70.1 82.1

Table 1: GLUE Test results, scored by the evaluation server (https://gluebenchmark.com/leaderboard).



BERT

Table 5: Ablation over the pre-training tasks using the

Dev Set BERT hi e g5 @ ; )

BAsg architecture. “No NSP” is trained without

Tasks NI(Ti)m SFCIC‘ )I héfi? ?‘,ng S%?SD the next sentence prediction task. “LTR & No NSP” is
BERT 914 884 867 927 885 trained as a left-to-right LM without the next sentence
No NSBﬁ o 839 849 865 926 879 prediction, like OpenAI GPT. “+ BiLSTM” adds a ran-

ITR & NoNSP  82.1 843 775 921 778 domly initialized BiLSTM on top of the “LTR + No
+ BiLSTM 82.1 84.1 757 916 849 NSP” model during fine-tuning.




BERT

Feature based System Dev F1 Test F1
ELMo (Peters et al., 2018a) 95.7 92.2
« Extract out frozen features CVT (Clark et al.. 2018) > o0
« Learn classifier for Named CSE (Akbik et al,, 2018) - 9
: i Fine-tuning approach
Entity Recognition task . 68 GBS
BERTgAsE 96.4 92.4
Feature-based approach (BERTgAsE)

Embeddings 91.0 -

Second-to-Last Hidden 95.6 -

Last Hidden 94.9 -

Weighted Sum Last Four Hidden 95.9 -

Concat Last Four Hidden 96.1 -

Weighted Sum All 12 Layers 95.5 -




ROBERTa

RoBERTa: A Robustly Optimized BERT Pretraining Approach

Yinhan Liu® Myle Ott** Naman Goyal*® Jingfei Du®* Mandar Joshi'
Danqgi Chen! Omer Levy? Mike Lewis® Luke Zettlemoyer'® Veselin Stoyanov®

Jul 2019



ROBERTa

Masking SQuAD 2.0 MNLI-m SST-2
reference 76.3 84.3 92.8

Greatly simplify the process to train

Our reimplementation:

BERT static 78.3 84.3 92.5
dynamic 78.7 84.0 92.9
« Dynamic Masking
o Original BERT performed masking at Model SQuAD 1.1/20 MNLI-m SST-2 RACE
: Our reimplementation (with NSP loss):
the data prOCESSIHg Step SEGMENT-PAIR 90.4/78.7 84.0 92.9 64.2

e Next sentence prediction lOoSS NOt  _SENTENCE-PAIR 88.7/76.2 82.9 92.1  63.0

Our reimplementation (without NSP loss):

needed FULL-SENTENCES  90.4/79.1 847 925 648
DOC-SENTENCES 90.6/79.7 84.7 92.7 65.6
BERTp,s: 88.5/76.3 843 928 643
XLNetyps (K =7) ~/81.3 858 927  66.1

XLNetgase (K =6) —/81.0 85.6 934 66.7




ROBERTa

Training with large batches bsz steps Ir ppl MNLI-m SST-2

Text encoding with BPE (50K 256 1M le-4 399  84.7 92.7
vocab size) 2K 125K 7e-4 3.68 852 929

8K 31K 1le-3 3.77 84.6 92.8

SQuAD

(v1.1/2.0) MNLI-m SST-2

Model data bsz steps

RoBERTa
with BOOKS + WIKI 16GB 8K 100K 93.6/87.3 89.0 95.3
+ additional data (§3.2) 160GB 8K 100K 94.0/87.7 89.3 95.6

+ pretrain longer 160GB 8K 300K 94.4/88.7 90.0 96.1

+ pretrain even longer 160GB 8K 500K 94.6/89.4 90.2 96.4
BERTLARGE

with BOOKS + WIKI 13GB 256 1M  90.9/81.8 86.6 93.7

with BOOKS + WIKI 13GB 256 1M  94.0/87.8 88.4 94.4
+ additional data 126GB 2K 500K 94.5/88.8 89.8 95.6




T5

Exploring the Limits of Transfer Learning with a Unified
Text-to-Text Transformer

Colin Raffel* CRAFFELQGMAIL.COM
Noam Shazeer* NOAM@GOOGLE.COM
Adam Roberts* ADAROB@QGOOGLE.COM
Katherine Lee* KATHERINELEEQGOOGLE.COM
Sharan Narang SHARANNARANG@QGOOGLE.COM
Michael Matena MMATENAQGOOGLE.COM
Yanqi Zhou YANQIZQGOOGLE.COM
Wei Li MWEILIQGOOGLE.COM

Peter J. Liu PETERJLIUQGOOGLE.COM
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T5

[ "translate English to German: That is good."

[ “cola sentence: The "Das ist gut."]

course is jumping well."

“not acceptable"]
"stsb sentencel: The rhino grazed

on the grass. sentence2: A rhino
is grazing in a field."

“summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county."

Cast all tasks as language input, language output
Explore different architectures and pre training tasks



T5

Output

Finetuning

[President Franklin <M> born <M> January 1882.

D. Roosevelt was <M> in ]

Lily couldn't <M>. The waitress al
had brought the largest <M> of believe her eyes <M>
chocolate cake <M> seen. piece <M> she had ever

Our <M> hand-picked and sun-dried peaches are <M> at our ] Pesiliong

<M> orchard in Georgia. A Ercodng

Outpt
Emback:

Inors Oupats
—— o — — (Ht0d #hv)

President Franklin D.
Roosevelt was born
in January 1882.

Pre-training

Fine-tuning

Fine-tune with the same input output format. Add a
[""‘e" A iankLin e T 5 1882 task specific text prefix to the model, ex.

Roosevelt born?

Input: translate English to German: That is good.
Output: Das ist gut.
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T5

Denoising Objective

Original text

Thank you fef inviting me to your party [ast week.

Inputs

Thank you <x> me to your party <Y> week.

Targets
<X> for inviting <Y> last <z>

Sentinel token to
delineate
removed spans
(unique ids that
are added to the
token vocab)



T5

Objective Inputs Targets
Prefix language modeling Thank you for inviting me to your party last week .
BERT-style Devlin et al. (2018) Thank you <M> <M> me to your party apple week . (original text)
Deshuffling party me for your to . last fun you inviting week Thank (original text)
MASS-style Song et al. (2019) Thank you <M> <M> me to your party <M> week . (original text)
Li.d. noise, replace spans Thank you <X> me to your party <Y> week . <X> for inviting <Y> last <Z>
Li.d. noise, drop tokens Thank you me to your party week . for inviting last
Random spans Thank you <X> to <Y> week . <X> for inviting me <Y> your party last <Z>
Fully-visible Causal Causal with prefix Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
Ye ..... * Encoder-decoder ~Denoising 2P M 8328 19.24 8088 71.36 26.98 39.82 27.65
Enc-dec, shared Denoising Y M 82.81 18.78 80.63 70.73 26.72 39.03 27.46
Ya ....D Enc-dec, 6 layers  Denoising P M/2  80.88 18.97 77.59 68.42 26.38 38.40 26.95
Language model  Denoising P M 74.70 17.93 61.14 55.02 25.09 35.28  25.86
Ys ...DD Prefix LM Denoising P M 81.82 18.61 78.94 68.11 26.43 37.98 27.39
Yz .-[:][:]D Encoder-decoder LM 2P M 7956 1859 7602 6429 2627 39.17  26.86
Enc-dec, shared LM P M 7960 1813 7635 6350  26.62 39.17 27.05
- .DDDD Enc-dec, 6 layers LM P M/2 7867 1826 7532 6406  26.13 3842  26.89
Xp Xy X3 Xy X4 Language model LM P M 73.78 17.54 53.81 56.51 25.23  34.31 25.38
Input Prefix LM LM P M 7968  17.84 7687 6486 2628 3751 26.76




T5

Objective GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
Prefix language modeling 80.69 18.94 77.99 65.27 26.86 39.73 27.49
BERT-style (Devlin et al., 2018) 82.96 19.17 80.65 69.85 26.78 40.03 2741
Deshuffling 73.17 18.59 67.61 58.47 26.11  39.30 25.62

Table 4: Performance of the three disparate pre-training objectives described in Section 3.3.1.

Objective GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo

BERT-style (Devlin et al., 2018)  82.96 19.17 80.65 69.85 26.78 40.03 27.41
MASS-style (Song et al., 2019) 82.32 19.16 80.10 69.28 26.79 39.89 27.55
% Replace corrupted spans 83.28 19.24 80.88 71.36 26.98 39.82 27.65
Drop corrupted tokens 84.44 19.31 80.52 68.67 27.07 39.76 27.82

Table 5: Comparison of variants of the BERT-style pre-training objective. In the first two
variants, the model is trained to reconstruct the original uncorrupted text segment.
In the latter two, the model only predicts the sequence of corrupted tokens.
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T5

GLUE CoLA SST-2 MRPC  MRPC STS-B STS-B
Model Average Matthew’s Accuracy F1 Accuracy Pearson Spearman
Previous best  89.4* 69.2° 97.1° 93.6" 91.5 92.7° 92.3°
T5-Small 774 41.0 91.8 89.7 86.6 85.6 85.0
T5-Base 82.7 51.1 95.2 90.7 87.5 89.4 88.6
T5-Large 86.4 61.2 96.3 92.4 89.9 89.9 89.2
T5-3B 88.5 67.1 97.4 92.5 90.0 90.6 89.8
T5-11B 90.3 71.6 97.5 92.8 90.4 93.1 92.8
QQP QQP  MNLIm MNLLmm  QNLI RTE WNLI
Model F1 Accuracy Accuracy  Accuracy  Accuracy Accuracy Accuracy
Previous best ~ 74.8° 90.7° 91.3% 91.0% 99.2¢ 89.2¢ 91.8%
T5-Small 70.0 88.0 82.4 82.3 90.3 69.9 69.2
T5-Base 72.6 89.4 87.1 86.2 93.7 80.1 78.8
T5-Large 73.9 89.9 89.9 89.6 94.8 87.2 85.6
T5-3B 74.4 89.7 91.4 91.2 96.3 91.1 89.7
T5-11B 75.1 90.6 92.2 91.9 96.9 92.8 94.5
SQuAD SQuAD SuperGLUE BoolQ CB CB COPA
Model EM F1 Average Accuracy F1  Accuracy Accuracy
Previous best ~ 90.1* 95.5% 84.6¢ 87.17  90.5¢  95.2¢ 90.6%
T5-Small 79.10 87.24 63.3 76.4 56.9 81.6 46.0
T5-Base 85.44 92.08 76.2 81.4 86.2 94.0 71.2
T5-Large 86.66 93.79 82.3 85.4 91.6 94.8 83.4
T5-3B 88.53 94.95 86.4 89.9 90.3 94.4 92.0
T5-11B 91.26 96.22 88.9 91.2 93.9 96.8 94.8
MultiRC  MultiRC ReCoRD ReCoRD RTE WiC WSC
Model Fla EM F1 Accuracy Accuracy Accuracy Accuracy
Previous best ~ 84.4¢ 52.57 90.67 90.0¢ 88.2¢ 69.9¢ 89.0¢
T5-Small 69.3 26.3 56.3 55.4 73.3 66.9 70.5
T5-Base 79.7 43.1 75.0 74.2 81.5 68.3 80.8
T5-Large 83.3 50.7 86.8 85.9 87.8 69.3 86.3
T5-3B 86.8 58.3 91.2 90.4 90.7 72.1 90.4
T5-11B 88.1 63.3 94.1 93.4 92.5 76.9 93.8
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T5

T5’s effect in Imagen - using T5’s text encoder

“A Golden Retriever dog wearing a blue
checkered beret and red dotted turtleneck.”

Text

A
Frozen Text Encoder
Text Embedding
Y
Text-to-Image B 25 B
Diffusion Model
¥ ¥
64 x 64 Image ‘?‘. =1 2. 20 (- -
4
| Super-Resolution E o E 15 |- i
Diffusion Model
= 10 k= -
I I 1 I I I I I I
0.22 0.24 0.26 0.28 024 025 026 027 028 0.29
256 x 256 Image CLIP Score CLIP Score
) (a) Impact of encoder size. (b) Impact of U-Net size.
Super-Resolution
™| Diffusion Model
4

1024 x 1024 Image
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T5

‘ 100%
25 :__.;5]_-:::“ N |:|T5-XXL I:lCL]P

v —e— T5-XL
= 20 | | =e— T5-XXL N
- v uess CLIP 50% | |
@ 15| f

10 | |

: 0%

| | |
0.22 0.24 0.26 0.28
CLIP Score Alignment
(b) Comparing T5-XXL and CLIP on DrawBench.

Fidelity

(a) Pareto curves comparing various text encoders.

Figure A.5: Comparison between text encoders for text-to-image generation. For Fig. A.5a, we sweep
over guidance values of [1,1.25,1.5,1.75,2,3,4,5,6,7, 8,9, 10]

0.28
g
3 0.26
175}
& .
d 0.24 | :J/ - - - BERTBase - - - BERT Large TS Small ——— T5 Base | |

: —— T5 Large T5 XL  TSXXL -eeee-. CLIP
— . = .- Reference
0.22 : ; : ‘
0 1 2 3 4 5
Training Steps -10°
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UL2: Unifying Language Learning Paradigms

Yi Tay* Mostafa Dehghani*
Vinh Q. Tran* Xavier Garcia®* Jason Wei* Xuezhi Wang® Hyung Won Chung?
Siamak Shakeri* Dara Bahri’ Tal Schuster’ Huaixiu Steven Zheng”

Denny Zhou” Neil Houlsby” Donald Metzler®

Google Brain



UL2

Does training on
different pre training
tasks help?

Formulate 3 types of
pretraining

o Extreme denoisin

o Low corruption
« Sequential
denoising

X-denoiser X-denoiser X-denoiser

(short spans

(long spans & (long spans &
low high
corruption) corruption)

& high
corruption)

Inputs-to-targets
“Autoregressive”
models

Learning Paradigms

Supervised
Finetuning

In-context
Learning

X-denoiser

Decoder-only (extreme denoising)

PrefixLM

O R R-denoiser
(short spans & low corruption)

b

Encoder-Decoder —
S-denoiser Understanding
(sequential denoising / prefix
language modeling) E;mdfeg‘i
Groundin
Long Range
Mixture-of-Denoisers Reasoning

|

Task Paradigms
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UL2

R-Denoising

Inputs:

S-Denoising

Inputs:

.He dealt in archetypes before anyone knew such

He dealt in archetypes before anyone knew such

things existed, and his[ 3 ]to take an emotion or a

things existed, and his ability to take an emotion or a

situationl 5 lt to the limit helped create a cadre of

situation and push it to the limit helped create a cadre of

plays that have been endlesslyl 4 I- and copied.

plays that have been endlessly staged — and copied.

Inputs:

X-Denoising

Inputs:

. He dealt in archetypes bel 16

- He dealtin archetypesl 3 ]anyone knew such

things existed, and his ability to take an emotion or a

things existed,a| 3 Hbiltytotakean| 5 |

32

situationl

situation and push it to the limit helped[ 4 Jcadre of

plays that have been endlessly staged — and copied.

plays| 4 lbeenendiesslystaged-and] 5 |

Apart from this, Romeo and Juliet inspired Malorie

Apart from this, Romeo and Julietl

Apart frorr{ 24

Nalorie

Apart from this, Romeo and Juliet inspired Malorie

Blackman'sNoughts| 5 | there are references to

Blackman's Noughts & Crosses, there are references to

Blackman's[ 5 ICrosses,I 8 Iare references to

Hamlet in &Park by Bret Eastonmandl 4 l

| 4 Iwasthe[?lforTheI 4 IbyJohnI 5 I

=

Hamlet in Lunar Park by Bret Easton EIIisB]The 95 Hamlet in Lunar| 24
Tempest was the cue for The Magus by John Fowles. Tempest was the cue for The Magus by John Fowles.
Target: Target: i Target:
> 3s 5 sl 4s 5| = | 6 s
=l 2] 95 ! 32

| 24 <

I

= | 2 e

e 33 5 s 4 S
4 5 o 5 3
B2 4 B ¢ B2S
T4 ksl 5 =
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74 -
*ULZ (EncDec)

.T5 (EncDec)
. UniLM (EncDec)

72

Table 9: Results on SuperGLUE dev set. We compare with T5-11B (Raffel et al., 2019), ST-MoE-32B (Zoph
etal., 2022) and PaLM-8B, PaLM-62B and PaLM-540B (Chowdhery et al., 2022). Scores reported are the peak
validation scores per task.

g o PrefixLM (EncDec)

Finetuned SuperGLUE Score

Model BoolQ  CB  CoPA MuliRC Record RTE WIiC WSC Avg 68- o >Pancorrupt (Dec)
PaLM 62B 906 964/957 980 87.7/619 93.0/924 895 759 962 892
PaLM 540B 922 100/100 100 90.1/692 940/946 957 788 100 92.6
STMoE32Bssos 931  100/100 100  90.4/699 95.0/956 957 810 100 932 66 - UL2 (Dec)
PaLM 8B 876 964/92.1 860 8l6/640 89.7/893 845 734 885 834 *
T5 11B 908 949/9%.4 980 874/661 938/932 939 773 962 899
UL220B 908 987/982 990 884/648 937/932 921 773 981 907 o
GPT-like ’
5 (Dec) ® PrefixLM (Dec)
62 -
6 0 W ' ' ' 1 '
0 2 4 6 8 10

1-Shot GEM XSum, SGD, TOT Avg. Rouge-L
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Outline

Reconstruct from a corrupted (or partial) version
[ Denoising AutoEncoder / Diffusion
[ In-painting / Masked AutoEncoder: MAE, VideoMAE, Audio-MAE, BelT, M3AE, MultiMAE, SiamMAE
m  Colorization, Split-Brain AutoEncoder
Visual common sense tasks
m  Relative patch prediction
= Jigsaw puzzles
= Rotation
Contrastive Learning
m  Contrastive Predictive Coding (CPC)
n Instance Discrimination: SimCLR, MoCo-v1,2,3, BYOL
Feature Prediction: DINO/DINOv2/iBOT, JEPA, I-JEPA, V-JEPA
Text-Image: CLIP, LiT, SigLIP, FLIP, SLIP, CoCa, BLIP/BLIP-2, ImageBind
RL and Control: R3M, CURL, MVP, MTM, Multi-View MAE and Masked World Models for Visual Control
Language
m  Word2vec and Glove
m BERT, RoBERTa, T5, UL2



