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The era of multimodal learning

* Get billions of (image, text) pairs
* |Learn representations that “align”
images with text

1. Contrastive pre-training
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Image source: CLIP - Radford et al., 2021



Aligned image-text features

* Aligned representations are really useful

“a red cube on top “a stained glass window
of a blue cube” of a panda eating bamboo”
Image-text retrieval Open-vocabulary detection and . .
e L. . Text to image generationls!
Open-vocabulary classificationl] segmentationl?]

1] CLIP - Radford et al., 2021
2] Detic - Zhou et al., 2022 3
3] GLIDE - Nichol et al,, 2022, LAFITE - Zhou et al., 2022




Does SSL Matter?!

* Especially in this era of strong image features from (image, text)?
* Scaling (Image, text) data is the way forward?



Standalone SSL is scaling well
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Image credit - Wikimedia



https://commons.wikimedia.org/wiki/File:Arm_Wrestling_at_Sympulse_%2715.jpg

SSL vs: and Weakly supervised Bebate

Image credit - Wikimedia Image credit - Flickr


https://www.flickr.com/photos/141761303@N08/38826275042
https://commons.wikimedia.org/wiki/File:Arm_Wrestling_at_Sympulse_%2715.jpg

SSL WSP

Self-Supervised Learning Weakly Supervised Pretraining
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Ex: Image Reconstruction (MAE) Ex: Noisy Label Supervision (SWAG)
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MAE

Great potential

on diverse downstream tasks

Great fine-tuning

classification performance

Great on dense prediction
tasks like detection (ViTDeT)

WSP

Basis for SOTA
foundational models

SOTA for classification
(fine-tuning)

SOTA Zero Shot
Capabilities (CLIP, LiT)



The effectiveness of MAE pre-pretraining
for billion scale pretraining

Mannat Singh*, Quentin Duval*, Kalyan Vasudev Alwala*, Haoqi Fan,
Vaibhav Aggarwal, Aaron Adcock, Armand Joulin, Piotr Dollar,
Christoph Feichtenhofer, Ross Girshick, Rohit Girdhar, [shan Misra

ICCV 2023 Poster (Wednesday)



Key idea

* Introduce a “pre” pre-training stage
* Pre-pretraining uses self-supervised learning (no labels)
* [nitialize and train as usual



Pre-pretraining

Step 1: Pre-pretraining
Use Masked AutoEncoders (MAE)
Low FLOPs (75% masking)

target
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Unmasked tokens

Step 2: Standard weakly supervised training

Use image labels

Multi-target prediction (no contrastive learning!)

Simple yet SOTA

#icrane
#nature

Image
Encoder

#dog




Pre-pretraining at scale

Dataset: Instagram-3B
-3B unique images
5B Images after resampling

For weakly-supervised
28K unique hashtags

Architecture: ViT up to 6.5B params



MAE scales with both data and model
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He et al., 2022 showed it scaled only with model size



Pre-pretraining matters at large scale too!

IN1k linear probe (accuracy)
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Pre-pretraining matters at large scale too!

84

82

80

8

76

IN1Kk linear probe (accuracy)

w/0 pre-pretrain
pre-pretrain 0.1 epochs
pre-pretrain 0.2 epochs
—@-— pre-pretrain 0.4 epochs
—@— pre-pretrain 1.0 epoch

0.1 0.2 04 1 4
WSP pretraining epochs

82

80

78

76

IN1Kk linear probe (accuracy)

—@— MAE—WSP

—— WSP
| | | |

2 D 10 20
Training FLOPs x 10”

e More efficient! —> Better performance at fewer FLOPS



Best of SSL and WSP

MAE shines on dense prediction tasks
WSP shines on classification tasks

MAE->WSP combines their strengths
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Pushing the state-of-the-art

- ImageNet1k

e tuning 1-shot
91.3% 62.1%
top-1 top-1

accuracy accuracy

Food101
0-shot

96.2%
top-1
accuracy

Object Net
OOD eval

75.8%
top-1
accuracy



Multi-modal != Bi-modal
There are other modalities ...
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Image source: Rawpixel, The Rijksmuseum



Aligned data is hard to get

<)

Depth hermal Motion (IMU) Audio




Solution 1: Single model

Omnivore: A Single Model for Many Visual Modalities
Image Video (Single-view) 3D

aIIrecipesxcom“’

Omnivore

Omnivore: A Single Model for Many Visual Modalities - Girdhar et al., CVPR 202221




Omnivore: Cross-modal alighment emerges!

Iae (RGB)




Images are a universal language

Thermal Motion (IMU) Audio

:’" e i (\"w = .."- lr,
RGB 3

Image source (L to R): SUN RGB-D, LLVIP, Isaque Pereira, Ego4D, Wikimedia, Gabriel Peter

RGB



https://www.pexels.com/photo/yellow-arrow-led-signage-394377/
https://www.pexels.com/photo/timelapse-photography-off-water-fountain-719396/

Images are a universal language

<)

Motion (IMU) Audio
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RGB

Image source (L to R): SUN RGB-D, LLVIP, Isaque Pereira, Ego4D, Wikimedia, Gabriel Peter



https://www.pexels.com/photo/yellow-arrow-led-signage-394377/
https://www.pexels.com/photo/timelapse-photography-off-water-fountain-719396/

ImageBind: One Embedding to Rule them Al

Rohit Girdhar*, Alaaeldin EI-Nouby”*, Zhuang Liu, Mannat Singh,
Kalyan Vasudev Alwala, Armand Joulin, Ishan Misra*

https://githulb.com/facebookresearch/ImageBino


https://github.com/facebookresearch/ImageBind

Key Idea

* |Images naturally co-occur with

different modalities bepth
* Align every modality’s representation !ﬁ

with Images o I Thermal
* Heavily leverage self-supervised n A

learning
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Emergent behavior (Transitive alighment!)

* After training all modalities are aligned
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Training setup

* 6 modalities — Image/Video, Text, Audio, Depth, IMU, Thermal
* T[rain only with image-paired data

* Separate encoder per modality

* |nitialize image & text encoder from CLIP/OpenCLIP and keep frozen

Contrastive

. OSS
&




Measuring emergent alighment to text

* Train on (Image, X) (Image, Text)
* Teston (X, Text) —> “Emergent” zero-shot classification

Image Video Depth Audio Thermal MU
INTk  P365 K400 MSVTT NYU SUN AudioSet VGGS ESC LLVIP Ego4D
Random 0.1 027 025 01 |100 b26 062 0.32 2.7/5 50.0 0.9
InEREI=Ihem //./ 454 500 36.1 | 54.0 35.1 17.6 27.8 009 634 25.0
Text paired 41.9 254  28.4 68.6
GGl 010 607 899 57.7 | 767 649 496 525 97.0
SOTA




ImageBind for “upgrading” existing models

Only takes text
inputs

Text




ImageBind for “upgrading” existing models

Only takes text

. “Multi’’> Modal
inputs

“Upgrade”
————

No re-training

!ext New modality

i A »




Audio-based promp

Rain

Bark

eneration
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Aligned embeddings can be “added”

Church Bells

Chirping birds

33



Thanks!

Effectiveness of MAE Pre- MOST: Unsupervised Object

ImageBind o ]
pretraining Discovery
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Code & Models releasec Poster session (Wednesday) Poster session (Friday)
https://imagebind.metademolab.com/

Code & Models Code & Models
https://github.com/facebookresearch/ https://github.com/rssaketh/MOST

Maws



https://imagebind.metademolab.com/
https://github.com/facebookresearch/maws
https://github.com/facebookresearch/maws
https://github.com/rssaketh/MOST/

