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Vision and Language
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[Antol et.al. 2015, Vinyals et.al. 2015, Zellers et.al. 2018, Yu et.al 2018]

Vision Language A grou_P of people
Deep CNN Generating| [Shopping at an
RN outdoor market.

i @ There are many
vegetables at the
fruit stand.

Image Captioning

Visual subject representation Matching function
_____________________________________________ Y
man I —- I s
1
boy | -
—_— girl \ e MLP [ L2-normiize
= red :
Attribute blue 1 Phrase-guided embeddlng .
blob black [ttt wlli il
¢ '| Subj. phrase embedding v
Tunning |' subj ‘I
. ]
1
I
,_1 L 1 score,;,:
I T 1 - subj
1
Res.C3 Resct | o sujet |
blob blob blob I
I
]
I

Refer Expression



Vision and Language

CEERD)

VisvaL COMMONSENSE REASONING

[Antol et.al. 2015, Vinyals et.al. 2015, Zellers et.al. 2018, Yu et.al 2018]

Common Objects in Context
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Visual Grounding

Common Objects in Context

Q: What type of plant is this? C: A bunch of red and yellow
A: Banana flowers on a branch.

Common model for visual grounding and leverage them on a
wide array of vision-and-language tasks

[Shen et.al 2018]



Pretrain-Transfer

[Deng et.al 2009, Devlin 2018]
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Pretrain-Transfer

e Aligned image-caption pairs.

* 3.3 million image compared to 0.12 million in COCO

Alt-text: Musician Justin Timberlake

L . caption.
performs at the 2017 Pilgrimage Music &
Cultural Festival on September 23, 2017
in Franklin, Tennessee. e Automatically collected.

Conceptual Captions: pop artist performs
at the festival in a city.

- /

Conceptual Caption Dataset

[Sharma et.al 2018]



BERT
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VILBERT
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Single-Stream model
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Single-Stream model

in Franklin, Tennessee.
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Alt-text: Musician Justin Timberlake
performs at the 2017 Pilgrimage Music &
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Conceptual Captions: pop artist performs
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VILBERT

Problem: Different modalities may require different level of abstractions.

* Linguistic stream:
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VILBERT

Solution: two-stream model which process visual and linguistic separately.
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VILBERT

Problem: how to fuse two different modality?

Solution: use co-attention [Lu et.al. 2016] to fuse information between different
source.

TRM TRM TRM “ oo x Kyt
1

<SEP> Man shopping



VILBERT

Co-attention [Lu et.al. 2016] to fuse information between different source.

<SEP> Man shopping



Pre-training Objective

Masked multi-modal modelling

* Follows masked LM in BERT.
* 15% of the words or image regions to predict.
* Linguistic stream:
o 80% of the time, replace with [MASK].
o 10% of the time, replace random word.
o 10% of the time, keep same.
* Visual stream:
o 80% of the time, replace with zero vector.

Multi-modal alignment prediction

* Predict whether image and caption is aligned or not



Visualizations

www.alamy.c - DY2BAF

A boat covered in flowers near the market.

[Sharma et.al 2018]



Sentence = Image
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[SEP]
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Image =2 Sentence
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Image =2 Sentence
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[SEP]




Fine-tuning Procedure
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Tasks

e

Why is [ person4jll] pointing at

IS Rationale: a) is correct because...
[person1i§]?
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B He jsst 1old 8 joke.
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VQA VCR Q-A
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VCR QA-R
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to a very tall building.

Guy in yellow dribbling ball

Referring Expressions Caption-Based Image Retrieval
[Antol 2015, zeller 2018, Yu 2016, Plummer 2015]
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Summary

Summary

Task-agnostic visiolinguistic representations pretraining for visual grounding
* Introduce pretrain-transfer to vision and language tasks.
e Achieve SOTA on multiple vision and language tasks.

Limitations

The model can still learn inconsistent grounding by task specific finetuning.
* Training multiple vision and language task together — multi-task V&L



Multi-Task V&L Learning

VIiLBERT Problems:

* Inconsistent grounding by task specific
finetuning.

* Four V&L tasks.

 Model is huge, overfitting.

What we want:

* Test on more tasks.
* Consistent Grounding across tasks.
* Explore the limit of the model.

One Model for V&L:

VQA

* VQA

* Genome QA
* GQA

Image Description

e Caption based
Retrieval (COCO)

e Caption based
Retrieval (COCO)

Referring Expression
 Ref COCO

 Ref COCO+

 Ref COCOg

* Visual 7w

* GuessWhat

V&L Verification
e NLVR2
e Visual Entailment



Model improvements over ViLBERT




Multi-Task V&L Learning

Model improvements over ViLBERT

* Masked multi-modal modelling only for aligned image caption pairs.

V- BERT L - BERT
<IMG> \ L<MASK>J 3 A .- ;" L<C|_S> LTokl Tok2 . ‘ <SEP>
\ )\ )
Y Y

Image Aligned caption



Multi-Task V&L Learning

Model improvements over ViLBERT

* Masked multi-modal modelling only for aligned image caption pairs.

* Masking overlapped image regions (IOU > 0.4).

\1“‘ b /
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Multi-Task V&L Learning

Multi-Task Vision and Language Learning

* Use different head but similar tasks share the same head.

VQA/Genome QA

GQA

()

\ 4

p(o Retrieval
T NLVR

d /
hLO ( hL1 hL3W . ( hLT hLo ‘ hL1 ‘ th . hLT Visual Entailment
V- BERT L - BERT
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Image Aligned caption



Multi-Task V&L Learning

Multi-Task Vision and Language Learning

* Use different head but similar tasks share the same head.

VQA/Genome QA

A 4

Refer Expression

A GQA
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Multi-Task V&L Learning

Multi-Task Vision and Language Learning

* Use different head but similar tasks share the same head.

* Add <TSK> token for multi-task training.

y /
hi, ( hy, hL3W (hLT h, ‘ hy, ‘ h, hy,
V- BERT L - BERT
{ e '; <CLS> L<TSK>J Tok1 e ‘ <SEP>
\ \ /
v Y

Aligned caption



Multi-Task V&L Learning

Multi-Task Vision and Language Learning

* Use different head but similar tasks share the same head.
* Add <TSK> token for multi-task training.

* Dynamic Stop and Go



Multi-Task V&L Learning

Multi-Task Vision and Language Learning

* Use different head but similar tasks share the same head.
* Add <TSK> token for multi-task training.

* Dynamic Stop and Go

VQ,Q = . _________________________________________________________________J
Algorithm 1: DSG for Multi-Task Learning
VG QA —
n < number of iterations per epoch for task ¢
A < size of gap between iterations in st op mode A | —
DSGt < go IR COCO A
for i < 1 to Maxlter :
fort € Tasks : IR Flickr o  — - o
if DSG: = go or (DSG¢ = stop and i mod A = 0): RefCOCO 4 o
Compute task loss Ly (#) and gradient V(6) € S
Update 8 <— 0 — eV¢(6), where § = 6, U 6, RefCOCO+ -
if’imOdnt:O: Rf LB S S B & B 28R R R an +
Compute validation score s; on task ¢ efcOCOg
if DSG; =go and Converged (s¢) : Visual7W - —— - ——
| DSGt + stop
else if DSG; =stop and Diverged (s;): GuessWhat
| DSGt <—go
end MNLVRZ = T S —
end SNLI-VE -

1 T L} 1 T T I 1 T
0 5000 10000 15000 20000 25000 30000 35000 40000
Number of Training Ilterations



Multi-Task V&L Learning

Multi-Task Vision and Language Learning

* Use different head but similar tasks share the same head.
* Add <TSK> token for multi-task training.

* Dynamic Stop and Go

Training Procedure

* Conceptual caption pre-training.
* Multi-task training.

* Finetune on single task.
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Ablation Study

Task Performance with different Group

Relative
Performance of

VQA
Image Retrieval
Refer Expression
V&L Verification

Average
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-0.2
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0.24

-1.36

Average

0.19
-1.15
0.47

1.48
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DEMO

CloudCV: VILBERT Multi-Task Demo

A single VILBERT Multi-Task model can perform 8 different vision

and language tasks leamnt from 12 datasets!

Datasets: VQA v2, GQA, Visual Genorr A, Ref

More details about the VILBERT Multi-Task paper can be found here along with the for model tr

Browsers currently supported by the demo: Google Chrome, Mozilla Firefox

Try VILBERT Multi-Task on sample images

Select one or more images to send to our servers. Most tasks require one image. If you're
interested in matching a caption to a pair of images (|
retrieval, selec 4 images. You can also upload your

NLVR2), select 2 images. For image
wn images in JPG or PNG format

Note: Nothing is pre-computed for these images. They are treated as a fresh upload with every click

OR

Upload your own images

Choose Files |No file chosen

Terminal

How it works

1. You upload an image.
2. Our servers run the deep-learning based algorithm.
3. Results and updates are shown in real-time.

https://vilbert.cloudcv.org/



https://vilbert.cloudcv.org/

Summary

Summary

Explore multi-tasks vision and language learning.

* Introduce several tricks to improve ViLBERT.

* Add <TSK> tokens to improved the multi-task learning.

* Finetune on the multi-task representation lead to new SOTA.
* Study how different groups connect with each other.

Potential directions

* How to use the information across tasks for XAlI?

* How to incorporate more modalities?

* How to make the model smaller and more efficient?

* How to combine symbolic reasoning with representation learning.



Question?




