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What is Multi-modal?
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What is Multi-modal?

X/

% Language Is Not All You Need: Aligning Perception with Language Models(MS, 2023)
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What is Contrastive learning?

X/

% Contrastive learing
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What is Contrastive learning?

G

%  Contrastive learning
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What is Contrastive learning?
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What is Contrastive learning?

 InfoNCE & NT-Xent Loss
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What is Contrastive learning? ) = T

«»  NT-Xent Loss
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Contrastive learning

J/

% Contrastive learning in video data

»  Spatiotemporal Contrastive Video Representation Learning(CVPR, 2021)
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) 3DCNN
Temporally consistent
Spatial augmentation
Temporally consistent 3D CNN
Spatial augmentation
Temporally consistent 3D CNN
Spatial augmentation
Temporally consistent | Clip4
Spatial augmentation 3DCNN
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CVRL

% Temporal Augmentation: a sampling perspective
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CVRL
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% Experiment & Results
Sampling distributionO| 2°J3IH ZA5t= 4% 71 E2 62 E0F
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Multi-modal Contrastive learning

X/

% VATT: Transformers for Multimodal Self-Supervised Learning from Raw Video, Audio and Text
(NeurlPS, 2021)

»  Transformer? |22 self-supervised leaming
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VATT

X/

% Tokenization and Positional Encoding
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VATT
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% Drop token
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VATT

% Multimodal Contrastive learning loss
«  (Video-audio), (Video-text) 4O 2 Sh&7IsH
*  NCE loss: Video-audio
*  MIL-NCE loss: Video-text
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VATT
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% Experiments
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>  AudioSet2 HAET EXSHX| YZO R HMIAEE 092 F1 MIL-NCE lossAHE SHA| %S

»  Downstream Task and Dataset
»  Video action recognition
v" UCF101, HMDB51, Kinetics-400, Kinetics-600, Moments in Time
» Audio event classification
v ESC50, AudioSet
»  Zero-shot video retrieval
v" YouCook2, MSR-VTT
>  Image dassification

v ImageNet |
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VATT

X/

< Result

Video action recognition

Kinetics-400

Kinetics-600

Moments in Time

METHOD Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 TFLOPs
13D [13] 71.1 89.3 71.9 90.1 29.5 56.1 -
R(2+1)D [26] 72.0 90.0 - - - - 17.5
bLVNet [27] 73.5 91.2 - - 314 59.3 0.84
S3D-G [96] 74.7 934 - - - - -
Oct-I3D+NL [20] 75.7 - 76.0 - - - 0.84
D3D [83] 75.9 - 77.9 - - - -
I3D+NL [93] 77.7 93.3 - - - B 10.8
ip-CSN-152 [87] 77.8 92.8 - - - - 33
AttentionNAS [92] - - 79.8 944 325 60.3 1.0
AssembleNet-101 [77] - - - - 34.3 62.7 -
MoViNet-AS [47] 78.2 - 82.7 - 39.1 - 0.29
LGD-3D-101 [69] 79.4 94.4 81.5 95.6 - - -
SlowFast-R101-NL [30] 79.8 93.9 81.8 95.1 - - 7.0
X3D-XL [29] 79.1 93.9 81.9 95.5 - - 1.5
X3D-XXL [29] 80.4 94.6 - - - - 5.8
TimeSFormer-L [9] 80.7 94.7 82.2 95.6 - - 7.14
VATT-Base 79.6 94.9 80.5 95.5 38.7 67.5 9.09
VATT-Medium 81.1 95.6 82.4 96.1 39.5 68.2 15.02
VATT-Large 82.1 95.5 83.6 96.6 41.1 67.7 29.80
VATT-MA-Medium 79.9 94.9 80.8 95.5 37.8 65.9 15.02 [ /| \
\\ f/‘//.‘/‘v"
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VATT

< Result

*  Audio event classification & ImageNet classification & Zero-shot text-to-video retrieval

METHOD mAP AUC d-prime
DaiNet [21] 290.5 95.8 2437
LeeNetl1 [55] 26.6 953 2371
LeeNet24 [55] 33.6 96.3 2.525
Res1dNet31 [49] 36.5 958 2444
Resl1dNet51 [49] 355 948 2.295
Wavegram-CNN [49] 38.9 96.8 2.612
VATT-Base 39.4 97.1 2.895
VATT-MA-Medium 39.3 97.0 2.884

Audio event dlassification

Copyright © 2023, All rights reserved.

METHOD PRE-TRAINING DATA Top-1 Torp-5
iGPT-L [16] ImageNet 72.6 -
ViT-Base [25] JFT 79.9 -
VATT-Base - 64.7 83.9
VATT-Base HowTol00M 78.7 93.9
ImageNet classification

YouCook2 MSR-VTT
METHOD BATCH EPOCH R@ 10 MedR R@ 10 MedR
MIL-NCE [59] 8192 27  51.2 10 324 30
MMV [1] 4096 8 454 13 31.1 38
VATT-MBS 2048 4 455 13 297 49
VATT-MA-Medium 2048 4 406 17 236 67

Zero-shot text-to-video retrieval C |9 ‘ )
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Multi-modal Contrastive learning

X/

% Learning Transferable Visual Models From Natural Language Supervision(ICML, 2021)

- CHt2 CIO|HAMIZ Soll 23t Yzt 452 7HX|= pre-trained 2 & 4-d

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' Tlya Sutskever'

Abstract

State-of-the-art computer vision systems are
trained to predict a fixed set of predetermined
object categories. This restricted form of super-
vision limits their generality and usability since
additional labeled data is needed to specify any
other visual concept Leaming directly from raw
text about images is a promising alternative which
leverages a much broader source of supervision.
We demonstrate that the simple pre-training task
of predicting which caption goes with which im-
age is an efficient and scalable way to learn SOTA
image representations from scratch on a dataset
of 400 million (image, text) pairs collected from
the intemet. After pre-training. natural language
is used to reference learned visual concepts (or
describe new ones) enabling zero-shot transfer
of the model to downstream tasks. We study
the performance of this approach by benchmark-
ing on over 30 different existing computer vi-
sion datasets, spanning tasks such as OCR. ac-
tion recognition in videos, geo-localization, and
many types of fine-grained object classification.
The model transfers non-trivially to most tasks
and is often competitive with a fully supervised
baseline without the need for any dataset spe-
cific training. For instance, we match the ac-
curacy of the original ResNet-50 on ImageNet
zero-shot without needing to use any of the 1.28
million training examples it was trained on. We
release our code and pe-trained model weights at
https://github.com/OpenaA L

CLIP.

Task-agnostic objectives such as autoregressive and masked
language modeling have scaled across many orders of mag-
nitude in compute, model capacity, and data, steadily im-
proving capabilities. The development of “text-to-text™ as
a standardized input-output interface (McCann et al., 2018;
Radford et al., 2019; Raffel et al., 2019) has enabled task-
agnostic architectures to zero-shot transfer to downstream
datasets removing the need for specialized output heads or
dataset specific customization Flagship sysems like GPT-3
(Brown et al., 2020) ar now competitive across many tasks
with bespoke models while requiring little to no dataset
specific training data

These results suggest that the aggregate supervision acces-
sible to modern pre-training methods within web-scak col-
lections of text surpasses that of high-quality crowd-labeled
NLP datasets. However. in other fields such as computer
vision it is still standard practice to pre-train models on
crowd-labeled datasets such as ImageNet (Deng et al., 2009).
Could scalable pre-training methods which learn dirctly
from web text result in a similar breakthrough in computer
vision? Prior work is encouraging.

Over 20 years ago Mori et al. (1999) explored improving
content based image retrieval by training a model to pre-
dict the nouns and adjectives in text documents paired with
images. Quattoni et al. (2007) demonstrated it was
ble to keam more data efficient image representations via
manifold leaming in the weight space of classifiers trained
to predict words in captions associated with images. Sni-
vastava & Salakhutdinov (2012) explored deep represen-
tation Jeaming by training multimodal Deep Boltzmann
Machines on top of low-level image and text tag features.
Joulinet al. (2016) modernized this line of work and demon-

Copyright © 2023, All rights reserved. -22 - '% Data Mining
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CLIP

X/

% Experiments
*  Image Encoder: ResNet-D

e Text Encoder: Transformer

A smiling dog

on the grass e

Encoder

# image_encoder - ResNet or Vision Transformer

# text_encoder - CBOW or Text Transformer

# I[n, h, w, c] - minibatch of aligned images

# T[n, 1] - 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

# 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]

CLIP: Connecting Text and Images

DMQA Open Seminar
2022.05.20

CLIP: Connecting Text and Images

11 L Ty | To| ;- Ts Iy Ty
wnx: [ soiz

12 I Ti| I To| ;- Ts I Ty
. 4 581 90

I3 Iy Ty (I3 Ty| I3 Ts I Ty B 2022458 208
(3 2% 14~
O 222! H|C|2 A|H (YouTube)
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CLIP

X/

% Results
«  Zero-shot CLIP vs Fully supervised ResNet50

«  Robust on natural distribution shift

StanfordCars +28.9

Country211 .
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CLIP

X/

% Results
«  Zero-shot CLIP vs Fully supervised ResNet50

«  Robust on natural distribution shift
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Multimodal Contrastive learning

% Revisiting Multimodal Representation in Contrastive Learning: From Patch and Token Embeddings to
Finite Discrete Tokens(CVPR, 2023)

- 7|ECUP| ZX|E SHZSIH7| ol L= g
Finite Discrete Tokens(FDT)E Sdll 0|2{¢+ =X & &4

Abstract
Contrastive  learning-based  vision-language  pre-
training approaches, such as CLIP, have demonstrated
great success in many vision-language tasks. These meth-
ods achieve cross-modal alignment by encoding a matched
image-text pair with similar feature embeddings, which are
Revisiting Multimodal Representation in Contrastive Learning: From Patch and generated by aggregating information from visual patches
Token Embeddings to Finite Discrete Tokens and language tokens. However, direct aligning cross-modal
information using such representations is challenging, as
visual patches and text tokens differ in semantic levels and

Yuxiao Chen'; Jianbo Yuan?, Yu Tian?, Shijie Geng"z, Xinyu Li2, granularities. To alleviate this issue, we propose a Finite

Ding Zhou?, Dimitris N. Metaxas! : Hongxia Yang3 Discrete Tokens (FDT) based multimodal representation.

'Rutgers University ZByteDance Inc. 3Zhejiang University FDT is a set of learnable tokens representing certain visual-

{yc984, sg1309, dnm}@rutgers.edu, semantic concepts. Both images and texts are embedded

{jianbo.yuan, yutian.yt, lixinyu.arthur, ding.zhou}@bytedance.com using shared FDT by first grounding multimodal inputs

to FDT space and then aggregating the activated FDT
representations. The matched visual and semantic concepts
are enforced to be represented by the same set of discrete
tokens by a sparse activation constraint. As a result, the
granularity gap between the two modalities is reduced.
Through both quantitative and qualitative analyses, we
demonstrate that using FDT representations in CLIP-style
models improves cross-modal alignment and performance
in visual recognition and vision-language downstream
tasks. Furthermore, we show that our method can learn
more comprehensive representations, and the learned FDT

hongxia.yangl@gmail.com

capture meaningful cross-modal correspondence, ranging //
from objects to actions and attributes.' [ \\
\ J /)
N 74
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Multimodal Contrastive learning

X/

«» Motivation
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A smiling dog
on the grass |
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«» Motivation
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«  Leamnable tokens(FDT)S &M-5}0] modalZt semantic conceptsE SR = US > d& g4t
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% FDT(Finite Discrete Tokens)
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% Experiments
*  Pre-training settings: 15M, 30M, and 145M
»  Downstream Task
»  Zero-shot image classification
> Linear probe image classification
»  Zero-shot image-text retrieval
>  VQA
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*  Pre-training settings: 15M

»  CLIP DeCLIPO|| FDT 2fH2

% Experiments(zero-shot image classification)

o XMes o X OASE Ao ol
EZS HEH ER 7 2ot 42 EY
C10 C100 F101 PETS FLOW SUN DTD CAL IN AVG

SLIP [36] 50.7 25.5 333 235 49.0 34.7 144 599 343 36.1
MS-CLIP-S [57] - - - - - - - - 36.7 -
CLIP [10] 60.4 335 39.6 23.1 54.0 420 17.0 655 37.0 413
FILIP [51] 65.1 342 432 24.1 52.8 50.8 24 68.9 395 447
DeCLIP [2¥] 728 403 499 36.2 60.1 48.8 264 727 432 50.0
CLIP+FDT (Ours) 67.7 399 429 25.8 55.5 455 265 69.6 393 459
DeCLIP+FDT (Ours) 75.7 452 529 40.7 64.6 52.0 30.7 762 458 538

Table 2. Zero-shot image classification accuracy (%) under the 15M setting. The dataset names are abbreviated.

C10/100 is CIFAR10/100.

F101 is Food101. FLOW is Flowers. CAL is Caltech. IN is ImageNet-1K. “AVG” is the average accuracy over all datasets.

Table

Copyright © 2023, All rights reserved.

C10 C100 F101 PETS FLOW SUN CARS DTD CAL AIR AVG
SLIP [36] 874 695 713 705 91.9 669 275 656 862 277 66.5
MS-CLIP-S [52] 872 667 760 62.1 93.8 717 275 694 816 329 669
CLIP [40] 883 686 721 725 92.6 695 208 678 862 27.7 675
FILIP [51] 865 66.6 717 69.2 93 69.6 300 664 857 27.0 66.6
DeCLIP [25] 804 696 759 714 95.7 71.6  30.1 66.9 89.0 267 68.6
CLIP+FDT (Ours) 89.1 712 744 730 934 708 314 694 877 279 688
DeCLIP+FDT (Ours) 89.8 712 77.7 739 95.7 729 337 696 894 269 70.1

- 31 -

“AVG” is the average accuracy over all datasets.

3. Linear probing image classification accuracy (%) under the 15M setting. The dataset names are abbreviated. C10/100 is CI-
FAR10/100. F101 is Food101. FLOW is Flowers. CAL is Caltech. Air is Aircraft.
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*  Pre-training settings: 15M

»  CLIP DeCLIPO|| FDT 2fH2

% Experiments(linear probing image classification)

o XMes o X OASE Ao ol
EZS HEH ER 7 2ot 42 EY
C10 C100 F101 PETS FLOW SUN DTD CAL IN AVG

SLIP [36] 50.7 25.5 333 235 49.0 34.7 144 599 343 36.1
MS-CLIP-S [57] - - - - - - - - 36.7 -
CLIP [10] 60.4 335 39.6 23.1 54.0 420 17.0 655 37.0 413
FILIP [51] 65.1 342 432 24.1 52.8 50.8 24 68.9 395 447
DeCLIP [2¥] 728 403 499 36.2 60.1 48.8 264 727 432 50.0
CLIP+FDT (Ours) 67.7 399 429 25.8 55.5 455 265 69.6 393 459
DeCLIP+FDT (Ours) 75.7 452 529 40.7 64.6 52.0 30.7 762 458 538

Table 2. Zero-shot image classification accuracy (%) under the 15M setting. The dataset names are abbreviated.

C10/100 is CIFAR10/100.

F101 is Food101. FLOW is Flowers. CAL is Caltech. IN is ImageNet-1K. “AVG” is the average accuracy over all datasets.

Table
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C10 C100 F101 PETS FLOW SUN CARS DTD CAL AIR AVG
SLIP [36] 874 695 713 705 91.9 669 275 656 862 277 66.5
MS-CLIP-S [52] 872 667 760 62.1 93.8 717 275 694 816 329 669
CLIP [40] 883 686 721 725 92.6 695 208 678 862 27.7 675
FILIP [51] 865 66.6 717 69.2 93 69.6 300 664 857 27.0 66.6
DeCLIP [25] 804 696 759 714 95.7 71.6  30.1 66.9 89.0 267 68.6
CLIP+FDT (Ours) 89.1 712 744 730 934 708 314 694 877 279 688
DeCLIP+FDT (Ours) 89.8 712 77.7 739 95.7 729 337 696 894 269 70.1

- 32 -

“AVG” is the average accuracy over all datasets.
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3. Linear probing image classification accuracy (%) under the 15M setting. The dataset names are abbreviated. C10/100 is CI-
FAR10/100. F101 is Food101. FLOW is Flowers. CAL is Caltech. Air is Aircraft.
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% Experiments(different scales of taring data & image encoder architectures)

ZS CLS LPCLS ZS-Flickr30K ZS-MSCOCO VQAV2
Setting  AVG Acc AVG Acc IRR@1 TRR@1 rsum IRR@1 TRR@1 rsum overall
CLIP 15M 41.3 67.5 27.6 42.8 343.1 15.9 24.8 236.8 47.5
CLIP+FDT  15M  45.9(74.6) 68.8(T1.3) | 32.6(15.0) 51.0(18.2) 376.5(133.4) | 19.4(13.5) 29.6(14.8) 263.1(126.3)  50.6(13.1)
CLIP 30M 56.8 73.8 43.6 58.8 4313 233 34.8 300.8 50.6
CLIP+FDT  30M  61.2(T44) 75.6(11.8) | 52.5(18.9) 70.8(712.0) 474.2(142.9) | 28.3(15.0) 43(18.2) 337.1(136.3) 53.4(12.8)
CLIP 145M 64 82.1 52.6 67.9 469.8 29.3 42.1 335.2 53.1
CLIP+FDT  145M  69.0(15.0) 823 (10.2) | 56.3(13.7)  75.9(18.0)  489.4(119.6) | 31.0(T1.7) 46.4(14.3) 353.0(117.8)  55.2(12.1)

Table 5. Ablation study results when using different scales of training data. “ZS” means zero-shot. “AVG” is average. “ACC” is accuracy.
“LP” stands for linear prob. “CLS” represents classification. “IR” and “TR” are image retrieval and text retrieval, respectively.

Table 6. Ablation Study results when using different image encoder architectures. “ZS” means zero-shot.
accuracy. “LP” stands for linear prob. “CLS” represents classification. “IR” and “TR” are image retrieval and text retrieval. [

Copyright © 2023, All rights reserved.

ZS CLS LPCLS ZS-Flickr30K ZS-MSCOCO VQAv2
AVG Acc  AVG Acc IRR@1 TRR@1 rsum IRR@1 TRR@1 rsum Overall
CLIP-ViT-B/32 413 67.5 27.6 428 343.1 15.9 24.8 236.8 47.5
CLIP-VIiT-B/32+FDT  45.9(14.6) 68.8(11.3) | 32.6(15.0) 51.0(18.2)  376.5(133.4) | 19.4(13.5) 29.6(14.8) 263.1(126.3)  50.6(13.1)
CLIP-ViT-B/16 45.2 68.8 353 50.5 387.8 19.3 29.7 263.6 49.2
CLIP-ViT-B/16+FDT  49.9(14.7) 71.3(12.5) | 41.6(16.3) 60.8(110.3) 425.5(137.7) | 23.4(14.1) 35.3(15.6) 205.4 (131.8) 54.3(15.1)
CLIP-Swin-B 39.6 68.5 30.5 48.5 368.1 17.7 26.0 247.6 46.5
CLIP-Swin-B+FDT 42.4(12.8)  70.7(12.2) | 39.6(19.1)  57.9(19.4)  415.5(147.4) | 22.3(14.6) 33.8(17.8) 288.3(140.7) 51.6(15.1)

- 33 -
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*» Visualization of Learned FDT

Token Token to words Token to patches
jumping

#5675 jump

#2166 cat
horse

#177 horses
pony

#3181 orange

Figure 4. Example of the top-5 most relevant image patches and text tokens of four FDT tokens. Note that the redundant text tokens in the
top-5 are removed. The color of the heatmap from blue to red denotes the relevance between patches and FDT from small to large.

Copyright © 2023, All rights reserved. -34 - '% Data Mining
... Quality Analytics



Conclusion

% Multimodal learning
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% Contrastive learning

« AR EIOIE = 7Y CHE HIO|H = 27| 2taotd] label 80| = T2 855 U1l ot SHE

% Multimodal Contrastive learming
«  LabelO| Bl= 02| EfRIQ| H|O[HE AHE5HY £2 representations 4-dot= HEE
*  Model architecture= H|=Z0HX|2H M2 CFE H|O|H 45 €2 S0 20t &

representation A|7| 1K} St= ALS0| Tl &
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