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Vision-Language Pre-training (VLP)

Captioning:
a cat staring out the
window at a group of

Visual Dialog:

i A-Bot: Image shows

DS a cat staring out the
FOIL: window at a group of
4 ) a deg cat staring out birds.
the window at a group .
. of birds. T Q-Bot: How many
Pret ral nEd === cats are there ?
Referring Expression _ A-Bot: 1
V L M O d e I Recognition: >
Bird to the left of the Q-Bot: Can you see
) feeder. its face? [it = cat; visual
\ ) Ada ption coreference]
' - - A-Bot: n
Visual Question otaho
Answering: :
-Bot: | think
Q: How many birds NLVR: Sere talkin'g S
are there? Q: Left image has twice as many cats as the right Image 2
A: four image, and at least two cats are black. A: True ;

Diverse Vision-Language Tasks [Kushal et al.]

[1] Kafle, Kushal, et al. "Challenges and prospects in vision and language research." Frontiers in Artificial Intelligence 2 (2019): 28.



Paired VLP Unpaired VLP

VLP Model VLP Model

“motorcycle front wheel”  “thumbnail for version as of 21 “file frankfurt airport
57 29 june 2010" skyline 2017 05 jpg”

"file london barge race 2 jpg” “Wild boar head portrait forest «st oswalds way and shops”
creature boar”

) . Image datasets Text corpora
Image-text pairs (eg., COCO, CC3M) (eg.. ImageNet) (eg. Wikipedia)
 Human-annotated * Auto-crawled from Internet Stand-alone images and texts
(COCO, Visual Genome) (Conceptual Captions) * Easy to scaling-up
 Hard to scale-up * Complicated data cleaning » Diverse visual/language patterns
 Language bias *  Weak Alignment e Less bias

* Unfriendly to minority language



Alignment Matters!

Paired VLP Unpaired VLP
* Instance-level alighment * Instance-level alignment
* Text-lmage contrastive learning * Contrast between a sentence and its
e Text-lmage matching multimodal view
* Token-level alignment * Token-level alignment
* Masked language/image modeling * MLM on the multimodal sentence

(MLM/MIM)



Cross-modal CutMix

Image patch gallery Self-supervised
objectives
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a girl holding a tennis racket a E holding a §

is sitting on a chair with a dog is sitting on a ﬁ!‘\ with a..
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Self-supervised Pretraining Objectives

Instance-level alighment Token-level alignment
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A girl holding a tennis
racket is sitting on a
chair with a dog.

Language View \_ Cross-modal View )




Experiments

Method Pre-training Data ~ VQA NLVR? Text Retrieval Image Retrieval GQA
Image Text Test-Dev Dev Test R@1 R@5 R@10 R@1 R@5 R@10 Test-Dev

Unpaired VLP

BERTpase (Devlin et al., 2019) None None 64.85 51.30 51.34 57.44 84.00 91.58 44.03 74.12 84.06 50.20
VinVLunpairea (Zhang et al., 2021) COCO  COCO 71.78 71.14 72.01 61.92 86.90 93.08 46.90 76.18 85.53 62.24
U-VisualBERT (Li et al., 2021b)* COCO COCO 72.41 - - - - - - - - -
VLMixer COCO coco 72.60 72.71 73.08 62.69 87.35 93.64 47.95 77.06 86.22 63.13
U-VisualBERT (Li et al., 2021b) CC3M CC3M+BC 70.74 71.74 71.02 - - - - - - -
VinVLunpairea (Zhang et al., 2021) CC3M  CC3M 7220 68.96 68.94 62.08 86.04 93.00 47.29 76.15 85.53 63.12
VLMixer CC3M _ CC3M 72.66 7431 73.86 62.20 86.32 92.80 47.44 76.22 85.41 62.65
|VLMixer Full Full 72.89 76.61 77.01 64.76 88.56 94.22 50.06 78.36 86.91 63.25

Superior performance on five downstream tasks.
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VLMixer benefits from the data scale.
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Experiments

Method Pre-training Data ~ VQA NLVR? Text Retrieval Image Retrieval GQA
Image Text Test-Dev Dev Test R@1 R@5 R@10 R@1 R@5 R@10 Test-Dev
Unpaired VLP
BERTase (Devlin et al., 2019) None  None  64.85 51.30 51.34 57.44 84.00 91.58 44.03 74.12 84.06 50.20
VinVLunpaired (Zhang et al., 2021) COCO  COCO  71.78 71.14 72.01 61.92 86.90 93.08 46.90 76.18 85.53 62.24
U-VisualBERT (Li et al.,, 2021b)* COCO COCO 7241 - - - - . = = - -
VLMixer COCO COCO  72.60 72.71 73.08 62.69 87.35 93.64 47.95 77.06 86.22 63.13
U-VisualBERT (Li et al., 2021b) CC3M CC3M+BC 70.74 71.74 71.02 - - - - - - -
VinVLynpaired (Zhang et al., 2021) CC3M  CC3M  72.20  68.96 68.94 62.08 86.04 93.00 47.29 76.15 85.53  63.12
VLMixer CC3M  CC3M  72.66 7431 73.86 62.20 86.32 92.80 47.44 76.22 85.41 62.65
[VLMixer Full Full 72.89 76.61 77.01 64.76 88.56 94.22 50.06 78.36 86.91 63.25
Superior performance on five downstream tasks.
VALP TAVP VQA NLVR? Text Retrieval Image Retrieval
MLM CMC CMCL Test-Dev  Dev Test R@1 R@5 R@10 Ra@l R@5  R@I0
v 7116 70.52 6923  60.18 8550  91.72 4587 7539  84.96
|/ 71.50 50.89 5216 4932 78.02 8772 3804  69.62  80.92 |
i v _72.00 72.52 7220 5930 8536 91.76 4578 7494 84.60
v v 7152 7113 7099 6040 8572 9292 4692 7586 8531 |
o & v 7184 73.19 7281 6054 8624 9244 4729 7643 856l
VvV vV 72601010 T2.T11061 73.081026 62.691051 87.35:010 93.641014 47.95:021 77.061013 86.221008
Paired Pre-training 72.39 75.28 7554 65.10  88.82 9438 5023 7849  87.13

e CMC improves NLVR? and retrieval tasks.
* CMC+ CMCL improve VQA.
* Unpaired model is slightly inferior to the paired counterpart.
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VLMixer benefits from the data scale.
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Diverse patch gallery helps cross-modal alignment.



Thanks for your listening!



