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Vision-Language Tasks

“A group of young people
playing a game of
Frisbee.”

Image Captioning

Q: “What is the

Visual Question Answering mustache made
Of?”

A: “bananas”




Vision-Language Tasks

“Grey haired man in
Image Retrieval black and yellow tie.”

“Grey haired man in

Image Generation black and yellow tie.




Why vision and language?

® |Intuitive:

© Humans learn in multimodal settings

e Applications:
o Aid to visually impaired users

©  Online shopping and organizing photos
o Grounded virtual assistants

e Scientific:
o Visual recognition
Language understanding

Combining information across modalities
Visio-linguistic compositional reasoning

O O O O

Commonsense and factual knowledge reasoning



This is a dog. It’s a white
fluffy dog.

What season is this?
It looks like a summer day.
Why do you think so?

The grass is green and
the dog is not wearing a
sweater.

What breed is the dog?
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Current State of Vision-Language Research

DeepMind’s Flamingo
Link

What breed is the dog? &)

ﬁ)z It’s a Samoyed.
Is the dog running? ¢

ﬁ)l No, it’s sitting.

Can you describe the pose
of its back legs? D)

The back legs are bent

and the dog is sitting on
(™ its haunches.



https://www.deepmind.com/blog/tackling-multiple-tasks-with-a-single-visual-language-model

Vision-Language Progress

PaLl: 84.3% [Chen et al., 2022]
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Vision-Language Challenges

e QOut-of-distribution generalization



DeepMind

Reassessing Evaluation Practices in Visual Question Answering:
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Experimental Setup

Datasets
VQAv2 VG GQA VizWiz
(Goyal et al., 2017) (Krishna et al., 2017) (Hudson and Manning, 2019) (Gurari et al., 2018)

Q: What is the color of Q: What are these Q: What is the large Q: Please fully describe

the hydrant? zebras doing? container made of? what you see in this
image, thank you.

Al: orange A: Eating A: cardboard

A2: yellow Al: bird cage bottles

A3: orange paper towels

] A2: birdcage cleaning

supplies
A3: unanswerable QI’

[...]

Slide credits: Ivana Kaji¢ 10



Experimental Setup
Models

e Two representative, widely-used pretrained models achieving strong
performance in V&L tasks:
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e Total: 128 experiments
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Potential factors causing poor OOD
generalization: A qualitative analysis

e Poor reasoning skills (logical, spatial, compositional)
E.g., “Is the cheese to the right or to the left of the empty plate?”

e Overfitting to answer priors
E.g., “What is the skateboarder wearing to protect his head?” >

Y/

‘helmet”

e Overfitting to question format

E.g., “What animal ... ?”, “What kind of animal ... ?” (GQA)
@ 45% accuracy drop

“Who is ... ?”, “What is ... ?” (VG)

13



Vision-Language Challenges

e Qut-of-distribution generalization

e Data-efficient adaptation to new tasks



Data-efficient adaptation to new tasks

e |f a model can caption images (VL task-1), can we adapt it to answer questions about
images (VL task-2) with few examples?

e Can we use few-shot capabilities of pre-trained language models such as GPT-3?
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Goal: Adapt pre-trained language model for visual inputs

Image Vision
9 Encoder

Language
Model Text

Text

Slide adapted from Oscar Mafias



What existing approaches do

® Finetune the entire language model [Dai et al. 2022, Hao et al. 2022]

® Insert and train adapter layers in the language model [Eichenberg et al. Image —— _Vision

2021, Alayrac et al. 2022] Model " Text
® Learn vision encoder from scratch [Tsimpoukelli et al. 2021]

Text —

Issues with existing approaches:

® Large number of trainable parameters (~40M to ~10B)

® Inserting adapter layers is not straightforward

® Learning vision encoder from scratch does not scale well with larger vision
encoders

Figure credits: Oscar Mafias


https://arxiv.org/abs/2203.06386
https://arxiv.org/abs/2206.06336
https://arxiv.org/abs/2112.05253
https://arxiv.org/abs/2112.05253
https://arxiv.org/abs/2204.14198
https://arxiv.org/abs/2106.13884

What we propose

Reuse large pre-trained unimodal models while keeping them completely
frozen and free of adapter layers

Learn a lightweight mapping between the representation spaces of
pretrained unimodal models.

Benefits of our approach:

Orders of magnitude fewer parameters
Can be trained in just a few hours
Uses modest computational resources and public datasets

Modular, hence easily extensible to newer/better pretrained unimodal
models

Image —

Vision

Model Text

Text —

Figure credits: Oscar Mafias



MAPL ¥ : method
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Slide credits: Oscar Mafias



A dog catching a frisbee.

MAPL ¥ : method
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Slide credits: Oscar Mafas



MAPL ¥ : inference

A dog catching a frisbee.
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0-shot image captioning.

Black, white, gray and brown.

,T

LM Self-attention
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Network Embedder Network Embedder Network Embedder
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Vision \\ LM / Vision \'\ LM Vision '_ LM
Encoder \ Tokenizer Encoder \\ Tokenizer / Encoder \ Tokenizer

Q: Is it Q: Where are Q: What

night time?

A: No.

the flowers?
A: In vase.

2-shot VQA.

Slide credits: Oscar Mafias

color is the

dog? A:



MAPL¥ : experimental results

Trainable | Training n-shot VQAv2 n-shot OK-VQA n-shot TextVQA n-shot VizWiz-VQA n-shot Overall
h e a3 STane f ‘ params ! H 0 4 8 0 4 8 0 4 8 0 4 8 0 4 8
e MAPL achieves superior or competitive performance ‘ ,. R R
Frozen 40.3M1 3.3M 29.50 38.20 - 590 12.60 - - - - - - - - - -
compared to similar methods while training orders of  Yagen | 2ou | s faeso wsa0 - a0 240 - - - S0 060 -
p g VLKD cc3m 406M 3.3M 38.60 - - 10.50 - - - - - - - - - - -
. " Flamingo | 102B | >21B | - - - 5060 5740 5750|3500 3650 3730 - - - | - . T o
magnitude fewer parameters (e e
. MAPL-blind cc.clean 3.4M 374K 20.62 35.01 35.11 | 4.84 14.68 14.28 | 3.68 543 5.82 3.18 8.65 9.55 8.08 1594 16.19
Frozen™ cc.clean 40.3M 374K 2598 37.80 38.52 | 5.51 18.86 1991 5.11 6.15 6.30 433 11.28 16.68 | 10.23 18.52 20.35
MAPL cc-clean 3.4M 374K 33.54 45.13 45.21 | 13.84 24.25 2393 | 8.26 8.88 8.77 | 11.72 18.46 19.52 | 16.84 24.18 24.36
1% domain-agnostic training
0 ° o o Frozen* cC.clean 40.3M 37K 2622 36.69 3741 | 550 18.76 20.51 | 571 7.9 7.53 | 383 1171 16.66 | 1031 18.58 20.53
[ ) M A P L IS m o re effe ct|ve t h an t h e b ase I INé 1IN Iow_d at a MAPL cCclean ‘ 34M ‘ 3.7K H 3080 37.38 37.95| 877 18.18 19.15| 640 707 7.74 | 568 926 1058 | 12.91 17.97 1885
' ' ! 100% in-domain training '
. PICa* 0 0 20.61 46.86 47.80 | 11.84 31.28 33.07 - - - - - - - - -
S ett | n gS ® " Frozen* coco | 403M | 414K [ 32.09 3890 39.42 | 981 20.72 2183 | 754 6.82 674 | 587 1207 1735|1382 19.63 2133
Frozen* TextCaps 40.3M 103K 3249 37.39 38.03 | 11.34 19.87 20.82 | 8.83 7.33 7.51 6.25 1226 16.86 | 1473 19.21 20.80
Frozen* vizwiz 40.3M 110K 2693 37.38 3791 | 585 19.12 20.64 | 6.38 7.44 7.47 557 13.06 18.06 | 11.18 19.25 21.02
"MAPL coco | 34M | 414K | 4351 4875 48.44 | 1827 31.13 31.63 | 1099 11.10 11.08 | 14.05 17.72 19.18 | 21.70 27.17 27.58
MAPL TextCaps 3.4M 103K 38.83 4334 4343 | 16.33 25.07 25.92 | 22.27 19.53 19.75 | 1231 16.69 18.18 | 2243 26.15 26.82
MAPL vizwiz 3.4M 110K 32.80 4294 4320 | 11.70 2491 25.73 | 927 1036 10.23 | 10.42 20.63 23.10 | 16.05 24.71 25.56
1% in-domain training
Frozen* coco 40.3M 4.1K 30.18 37.23 37.89 | 9.33 19.60 20.71 | 7.43 7.65 7.67 4.37 12.00 16.48 | 12.83 19.12 20.69
Frozen* TextCaps 40.3M 1.0K 32.09 36.72 37.25|10.75 18.85 19.51 | 8.17 7.57 7.28 539 11.79 16.20 | 14.10 18.73 20.06
Frozen* vizwiz 40.3M 1.1K 29.62 37.30 37.87 | 7.57 19.36 20.60 | 7.16 117 7.25 453 12,51 17.56 | 1222 19.08 20.82
"MAPL coco | 34M | 41K [ 37.69 4042 40.84 | 13.92 21.66 2241 | 830 696 684 | 694 1072 1243 | 1671 19.94 2063
MAPL TextCaps 3.4M 1.0K 33.57 36.70 36.87 | 1246 17.45 18.21 | 9.34 8.29 8.62 6.54 958 11.62 | 1548 18.00 18.83
MAPL viwiz 3.4M 1.1K 31.88 36.81 37.04 | 9.59 17.64 17.64 | 7.25 5.99 6.04 473 9.48 11.33 | 13.36 17.48 18.01

ArXiv: https://arxiv.org/abs/2210.07179



https://arxiv.org/abs/2210.07179

Input:

Completion:

Input:

Completion:

/’ N O N
A AN _
a man watches the sea birds a rail crossing with a sign a boy playing soccer in the

as they fly over the beach. warning of trains. field.

- h & r N
What kind of leaf is this? What does this animal eat? LIRS BV GF i is o

\_ y € \_ these vegetables? )

A maple leaf.

Squirrels eat nuts, seeds,
berries, and insects.

broccoli.

WORK UNDER REVIEW - PLEASE DO NOT SHARE PUBLICLY

MAPL¥ : qualitative results

Slide credits: Oscar Mafias



Vision-Language Challenges

e Qut-of-distribution generalization

e Data-efficient adaptation to new tasks

Thanks!
Questions?



