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A clean kitchen with a double sink, a black

kettle on stove and a refrigerator.
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A clean kitchen with a double sink, a black
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Is there anything in the sink?
W
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Is there anythmg in the sink?

washcloth [
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Is there anything in the sink?
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‘ What color is the washcloth?
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s there anything in the sink?
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Visual Dialog

2
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The man at bat readies to swing at the Does it appear to be rainy?
pitch while the umpire looks on, ; 'Does this person have 20/20 vision?
p o

Visual Dialog .

What is the gender of the =
one in the white shirt 7

She is a woman

. What is she doing ?
Playing a Wii game

Is that a man to her right
No, it's a woman

O

>0 >» 0 >

What color are her eyes?
What is the mustache made of?

A large bus sitting next to a very tall
building,

Image Credit: COCO dataset |4 I
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Image Credit: Ezgi Dirik
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Thi)e Open-World Grounding Problem

S

It is impossible to collect a training set that

contains all the concepts we encounter everyday.




How to leverage grounding learned from other
sources to improve multi-modal Al capabilities ?
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Image Credit: Ezgi Dirik
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Assistive Technology
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Visual Question Answering
[ICCV 2015, 1JCV] VOA

Hierarchical Question-Image
Co-Attention for VQA.

NeurlPS 2016
Knowing when to Look: adap k :

attention for Image captioning
[CVPR 2017] Image

Captioning

e VILBERT
2w o= [NeurlPS 2019]

Graph RCNN Image/Video
[ECCV 2018] nderstandin

Human Action

Segmentation

CVPR 2015
Neural Baby Talk [ |

- [CVPR 2018]

Visual Curiosity
[CORL 2018]

Embodied Agent
e e <. —Self-Monitoring Navigation

= Discriminative Learning forwvisug

[NeurlPS 2018] (Visual) Dia log

Emergence of Compositional Language

with Deep Generational Transmission: Estimation.

“ [ICLR 2019]




This Talk

Neural Baby Talk CVPR 2018

VIiLBERT: Pretraining Task-Agnostic Visiolinguistic NeurlPS
Representations for Vision-and-Language Tasks 2019

Recent & Future Work




The fundamental capability to describe what is seen.

Input:

[Chen et.al. 2015]



Image Captioning

The fundamental capability to describe what is seen.
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Input:

e
Desired A table that has a mug and A dog wearing goggles and
output: a plate with food on it. leathers sitting on a motorcycle.

[Chen et.al. 2015] 23



SOTA neural image captioning system.
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[Anderson et.al. 2018]



Bottom up and Top down attention for image captioning
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1 A dog is sitting on a
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[Anderson et.al. 2018]



Bottom up and Top down attention for image captioning

______________ i
A dog is sitting on a
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SOTA neural image captioning system.

 Two elephants and a baby
elephant walking together.

[Anderson et.al. 2018]



SOTA neural image captioning system.

Two elephants and a baby A cat is standing on a sign

elephant walking together. that says “UNK".

[Anderson et.al. 2018]



SOTA neural image captioning system.

-

A man standing on a beach

“Two elephants and a baby
elephant walking together. that says “UNK". holding a surfboard.

[Anderson et.al. 2018]



Object detection and OCR output
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Two elephants and a baby A cat is standmg on a |gn A man standing on a beach
elephant walking together. that says “UNK". holding a surfboard.




Learn from object detection and OCR.

Two elephants and a baby A cat is standmg on |gn A man standing on 2, beach
elephant walking together. that says “UNK"-“Abundzu”.  holding a surfbeard - clock.




[Kulkarni et.al. 2011]



Related Work \

Image captioning system before deep learning “revolution”.

\

' |1 This is a photograph
—h of one dog and one
X . The dog is ...
11

L---

Multiscale detector.

\
Specifies unary costs. \
Pairwise costs.

detection root filter part filters deformation
models

[Kulkarni et.al. 2011]



Related Work \

Image captioning system before deep learning “revolution”.

A\ —
Specifies unary costs. \ @\
Pairwise costs.

Multiscale detector.
- :

Predicted Labeling

<dog>, against, <cake>
<dog>, is, <black>

detection root filter part filters deformation
models

[Kulkarni et.al. 2011]
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' This is a photograph
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Motivation ‘

=
ThIS is a photograph L
More of one THand one |,
Grounded M dogis ... !
______________ - )
f- Associate the named concept to the pixels / bounding box detections‘:
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Motivation ‘
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More :-—U of one THand one |,
Grounded | ::M dogis ... !
' ______________ a
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Neural Baby
Talk




Neural Baby
Talk

-

TR R TETE




’_--------_--_---—-_--------_-

-

Neural Baby

Talk ""°p°&ﬁ' ” o= RNN

Region feature

s---—-

* Slotted caption ' A [CJ) with a [) is sitting at () with a ).

template generation —---m- - - - - oo oo T




Framework |
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Neural Baby E
Talk RNN :
* Slotted caption 1 A ([T]) with a () is sitting at () with a (). :
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 Filling in the slots :
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Framework \
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Neural Baby E
Talk RNN :
+ Slotted caption {3 with a () s stting at () with 3 (.
template generation -------------C e !
e FEilling i E- [1—puppy [1—tie E
Filling in the slots ' [}—cake [}—table
I S
»  Final caption A with a tie is sitting at table with a cake.



How to construct the caption template?

A young woman standing next to a man holding a surfboard.




How to construct the caption template?

A young woman standing next to a man holding a surfboard.

Object label: <person>, <person>, <surfboard>, <surfboard>




How to construct the caption template?

A young woman standing next to a man holding a surfboard.

Object label: <person>, <person>, <surfboard>, <surfboard>

e

A young woman standing next to a man holding a surfboard.




How to construct the caption template?

A young woman standing next to a man holding a surfboard.

Object label: <person>, <person>, <surfboard>, <surfboard>

N

A young woman standing next to a man holding a suriboard.

n young [l standing next to a [jijholding a |-




How to construct the caption template?

A young woman standing next to a man holding a surfboard.
Object label: <person>, <person>, <surfboard>, <surfboard>

\ i

A young woman standing next to a man holding a surfboard.

A young [l standing next to a [ijholding a [
A I N et to o [N -




Use pointer networks [Vinyals et.al 2015] with visual sentinel [Lu et.al 2017] to
generate caption templates.
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Use pointer networks [Vinyals et.al 2015] with visual sentinel [Lu et.al 2017] to
generate caption templates.
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Use pointer networks [Vinyals et.al 2015] with visual sentinel [Lu et.al 2017] to
generate caption templates.
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How to handle inaccurate object detection?




Model

How to handle inaccurate object detection?

A man is playing guitar on the stage.



Model

How to handle inaccurate object detection?

* Treat object labels as caption template.

Template: A man is playing guitar on the stage.

A man is playing guitar on the stage.



Model

How to handle inaccurate object detection?

* Treat object labels as caption template.

Template: A man is playing guitar on the stage.
* Dynamically identify the visual words.

loU(detected bbox, GT bbox) > 0.5 and labels == words

A man is playing guitar on the stage.



Filling in the slots
Input: A young <region-2> standing next to a <region-3> holding a <region-5>,

person, person, surfboard (coarse names form the object detector)




Filling in the slots

Input: A young <region-2> standing next to a <region-3> holding a <region-5>,

person, person, surfboard (coarse names form the object detector)

1) Classify Plurality
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Filling in the slots

Input: A young <region-2> standing next to a <region-3> holding a <region-5=,

person, person, surfboard (coarse names form the object detector)

1) Classify Plurality 2) Determine Fine Grained Category
ReLU \\(’ , @ dot @

person person
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Filling in the slots

Input: A young <region-2> standing next to a <region-3> holding a <region-5=,

person, person, surfboard (coarse names form the object detector)

1) Classify Plurality 2) Determine Fine Grained Category

O O
@ m@ @woman

© ©® ®
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person person

X ”

A :
X '
RelU Y £ Osoftmax O single

RelU

Output: A young woman standing next to a man holding a surfboard,




Minimize this cross-entropy loss
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Minimize this cross-entropy loss
Template word prob.

T : m
1 -
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Minimize this cross-entropy loss

Template word prob. Refinement prob.

T : m
1 .
L) = - Z log (p e |7, Y16~ (FlY1.e-1) 1 (yr=ytxty + p(bE, ST, y;:t—l)(az p(re ly{:t-l))l(y;=yvis))
t=1 i=1




Minimize this cross-entropy loss
Template word prob. Refinement prob. target region prob.

L(@) = Z log (P()’t |7, ¥1:e-1)P (Fly1. t—l)l(y —ytxty + p(be, S¢|re, ¥1. t-1)(_z p(7¢|ys. t-1))1 o _va))




Obijective
Minimize this cross-entropy loss

Template word prob. Refinement prob.  target region prob.
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Co-reference when different kind of supervision exists.



Minimize this cross-entropy loss
Template word prob. Refinement prob.  target region prob.

T m
. * ~ * x = x 1 ] =
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t=1 =

Co-reference when different kind of supervision exists.

A young woman is sitting inside a boat.
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Minimize this cross-entropy loss
Template word prob. Refinement prob.  target region prob.
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Co-reference when different kind of supervision exists.

A young woman is sitting inside a boat.

Problem: which boat is the caption referred to.




Minimize this cross-entropy loss
Template word prob. Refinement prob.  target region prob.

T m
~ * ~ ok e oo * 1 ] v
L(O) = - Z log (p()’: |7, ¥1.6—1)P (Tl}’1:t—1)1(yg=ytxt) + p(bs,sc|Te )’1:t—1)(az P(Ttl|)’1:t—1))1(y;=yvi8))
t=1 =]

Co-reference when different kind of supervision exists.

A young woman is sitting inside a boat.
Problem: which boat is the caption referred to.

Solution: maximize the averaged target region prob.




Dataset

Datasets
* Flickr30k: 31,783 images, 5 captions per image, 275,555 annotated bounding boxes.
« COCO: 164,062 images, 5 captions per image.

Object category to words
* For COCO dataset. (e.g., “person” mapping to [“child”, “baker”, ...])
Caption pre-processing

« Caption truncation (if > 16 words)

 Building vocabulary (9,587 words for COCO, 6,864 words for Flickr30k)



Standard Image Captioning

Flickr30k COCO
m Hard-Attention m ATT-FCN m Adaptive m NBT m NBT* ®m Adaptive mAtt2in mUp-Down m NBT mNBT*
347 349

28.5
27.1
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25.1 32.5
23 23.1 e
21.7
55 20.4
18.9
18.5
gy T4
26.6
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Standard Image Captioning

Flickr30k COCO
® Hard-Attention m ATT-FCN m Adaptive m NBT m NBT* m Adaptive mAtt2in mUp-Down m NBT mNBT*

BLEU4 METEOR METEOR




Standard Image Captioning

Flickr30k COCO
m Hard-Attention m ATT-FCN m Adaptive m NBT m NBT* ®m Adaptive ®mAtt2in m Up-Down = NBT mNBT*

------------

BLEU4 METEOR BLEU4 METEOR




Robust Image Captioning




Robust Image Captioning

* To evaluate image captioning for novel scene compositions.
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Robust Image Captioning

* To evaluate image captioning for novel scene compositions.
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Robust-COCO split
 Distribution of co-occurring objects in train data is different from test data.
+ Sufficient examples from each category in train set.
* Novel compositions (pairs) of categories in test set.
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Robust Image Captioning

* To evaluate image captioning for novel scene compositions.
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Robust-COCO split
 Distribution of co-occurring objects in train data is different from test data.

 Sufficient examples from each category in train set.
* Novel compositions (pairs) of categories in test set.
Accuracy (new metric)

» Whether or not a generated caption includes the new object combination.
* 100% accuracy for at least one mention of the novel category pair.




Robust Image Captioning
m Att2in m Up-down m NBT m NBT*

95.5 18.7
94.1
18.3
92
18.1
90.6 42.4
17.7
39.7
39 I

CIDEr SPICE Accuracy

45.7




Robust Image Captioning

m Att2in m Up-down m NBT m NBT*

45.7
42.4
39.7
39 I

Accuracy




Novel Object Captioning [Hendricks et.al.]




Novel Object Captioning [Hendricks et.al.]

» Describe image with novel objects.




Novel ObjeCt Captioning [Hendricks et.al.]
» Describe image with novel objects.
« Excludes all the pairs that contain at least one of the eight objects in COCO

(“bottle”, “bus”, “couch”, “microwave”, “pizza”, “racket”, “suitcase”, and “zebra”)
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Novel Object Captioning [Hendricks et.al.]
* Describe image with novel objects.
« Excludes all the pairs that contain at least one of the eight objects in COCO

(“bottle”, "bus”, “couch”, “microwave”, “pizza”, “racket”, “suitcase”, and “zebra”)

« Test set is split into in-domain and out-of-domain subsets.
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Novel Object Captioning [Hendricks et.al.]
» Describe image with novel objects.
« Excludes all the pairs that contain at least one of the eight objects in COCO

(“bottle”, “bus”, “couch”, “microwave”, “pizza”, “"racket”, “suitcase”, and “zebra”)

« Test set is split into in-domain and out-of-domain subsets.

* F1 score (metric)

Checks if the excluded object is correctly mentioned in the generated caption.




Novel Object Captioning

METEOR CIDEr

70.3




Novel Object Captioning [Hendricks et.al.]
» Describe image with novel objects.
« Excludes all the pairs that contain at least one of the eight objects in COCO

(“bottle”, “bus”, “couch”, “microwave”, “pizza”, “racket”, “suitcase”, and “zebra”)

 Test set is split into in-domain and out-of-domain subsets.

* F1 score (metric)

Checks if the excluded object is correctly mentioned in the generated caption.




Novel Object Captioning

70.3

METEOR CIDEr




Summary

Two-stage approach for image captioning
« generate hybrid template

» fills the slots with categories recognized by object detector
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Summary

Two-stage approach for image captioning
* generate hybrid template

* fills the slots with categories recognized by object detector
Limitation

Only ground on noun words which found by object detector
« Extend to attributes, actions, OCR etc.



Results

Summary

Two-stage approach for image captioning
« generate hybrid template

» fills the slots with categories recognized by object detector

Limitation

Only ground on noun words which found by object detector
« Extend to attributes, actions, OCR etc.

Limited by the image captioning dataset.

* Learn from other data sources -- VIiLBERT.



This Talk

VILBERT: Pretraining Task-Agnostic Visiolinguistic ~ NeurlPS
Representations for Vision-and-Language Tasks 2019
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Representations for Vision-and-Language Tasks
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This Talk

VIiLBERT: Pretraining Task-Agnostic Visiolinguistic
Representations for Vision-and-Language Tasks

Masked Region Masked Sentence

L 3

\ Image and text pair from conceptual caption /
Pre-training

NeurlPS
2019

Image Question

Image Question Pair

Fine-Tuning



4096 outpet units from Kast hidden layer 1024
(VGGNet, Normalzed)
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“How many horses are in this imoge?”

Visual Question Answering

] () o

{persont ] ordered pancakes.

Visual Commonsense Reasoning

A group of people
shopping at an
outdoor market.

There are many
vegetables at the
fruit stand.

Move inside and ... formal dining table

Vision and Language Navigation
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Vision and Language Navigation




Vision and Language |




Visual Grounding

[Shen et.al 2018]




[Shen et.al 2018]




[Shen et.al 2018]



Q: What type of plant is this?
A: Banana

[Shen et.al 2018]

C: A bunch of red and yellow
flowers on a branch.
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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]



[Deng et.al 2009, Devlin 2018]




Pretrain-Transfer

[Deng et.al 2009, Devlin 2018]



Pretrain-Transfer

[Deng et.al 2008, Devlin 2018]
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Transformer encoder

 Multi-headed self attention
o Model context

[Vaswani 2017]

N x

Add & Norm

Feed
Forward

\,

Add & Norm

Multi-Head
Attention

Positional
Encoding

QRS

Input
Embedding

Inputs

Multi-Head Attention

t

Linear




Transformer

Transformer encoder Add & Norm
| Multi-Head Attention
 Multi-headed self attention -
o Model context Nix I -~
« Feed-forward layers e i

o Computes non-linear hierarchical features

Scaled Dot-Product ' h
Attention :

Positional
Encoding

Inputs

[Vaswani 2017] _.I



Transformer

Transformer encoder

* Multi-headed self attention

o Model context
* Feed-forward layers

o Computes non-linear hierarchical features
* Layer norm and residuals
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[Vaswani 2017]
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Transformer

Transformer encoder Add & Norm
Feed : :
) . Forward Multi-Head Attention
* Multi-headed self attention ! L

1

Concat
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Scaled Dot-Product h
Attention ;

o Model context N

Add & Norm

Multi-Head
Attention

* Feed-forward layers

o Computes non-linear hierarchical features

* Layer norm and residuals Positional
o Makes training deep networks healthy =R
* Positional embeddings
o Allows model to learn relative positioning mptuts

[Vaswani 2017] ‘ l
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Problem: Different modalities may requires different level of abstractions.

* Linguistic stream:

artist

* Visual stream:

[He 2015]
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Solution: two-stream model which process visual and linguistic separately.
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Solution: use co-attention [Lu.et.al 2016] to fuse information between
different source.
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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



[Anderson et.al. 2018]
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Faster R-CNN with Res101 backbone.

 Trained on Visual Genome dataset.

1600 detection classes.

Sum of region embeddings + location embeddings




[Devlin 2018]
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[SEP]
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 Use 30,000 WordPiece vocabulary on input.

* Each token is sum of three embeddings

[Devlin 2018]
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Is there something to cut the vegetables with?

VQA

[Antol 2015, zeller 2018, Yu 2016, Plummer 2015]
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Referring Expressions

[Antol 2015, zeller 2018, Yu 2016, Plummer 2015]
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ViLBERT Problems: One Model for ALL V&L:
* Inconsistent grounding by task specific vQA Referring Expression
finetuning. * VQA * Ref COCO
 Four V&L tasks. * Genome QA * Ref COCO+
* Model is huge, overfitting. * GOA ; R?f COCOg
* Visual 7w

Image Description
* (Caption based

What we want:

* More tasks. Retrieval (COCO)
* Consistent Grounding. e Caption based
* Explore the limit of the model. Retrieval (COCO)

e GuessWhat

V&L Verification
e NLVR2
 Visual Entailment
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VISION AND LANGUAGE MULTI-TASK LEARNING

One Model for ALL V&L:

VQA

e VQOA

* Genome QA
* GQA

Image Description

e (Caption based
Retrieval (COCO)

* (Caption based
Retrieval (COCO)

Referring Expression . Benchmark ALL vision and language

Ref OCo understanding tasks with ViLBERT.

e Ref COCO+
« Ref COCOg » Study inter-connections within task
* Visual 7w group and between task group.
e GuessWhat ,

 Explainable Al : Use other task
V&L Verification outputs to provide explanations.
* NLVR2

 Visual Entailment
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DIALOG WITHOUT DIALOG

How does Q-Bot know what to say?

| is children is big to me to? ] Reward: -1
&)

| laying [ P4

®

f == :l1 what color is the is the the? ] Reward: 9

@

[ red @5} [ P:3 :l

>

Goals (with sparse reward):
1. Language fluency
2. Task performance




Language Fluency from VQA

Who is wearing glasses?
man woman

Is the umbrella upside down?
yes no

Learn how to ask from VQA




Key Insight: LM with discrete
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Language Fluency from VQA

Is the umbrella upside down?
yes
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Learn how to ask from VQA | 10.where is he looking ?




Ongoing Work \

Key Insight: LM with discrete
latent action space

Interpolation
1. how many beds ?

2. how many cats ?

3. how many dogs ?

4. where is the dog ?
5. where is the man ?
6. where is this man ?
7
8
9.
1

Language Fluency from VQA

Who is wearing glasses?
man woman

Is the umbrella upside down?
yes 7 n
. where is this woman ?
. where is this ?
where is he ?
0.where is he looking 7

Learn how to ask from VQA



Ongoing Work

Task Performance via Fine-Tuning without Forgetting Language

Key Insight: Reinforce discrete latent action space.

_Is the child laying or

Planner i
sitting?

Context

Reward: 9



Initial Results
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Future Interest

Multi-modality representation learning in vision, language,
sound and action.

e Environment around us is not un-modal

Tk s Providing a level surface on
' which objects may be placed

* Learn a representation that connect all the modalities.
o More complete understanding of the environment.
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Future Interest

Emerging of goal orientated dialog with natural language.

* Dialog is the most natural way to communicate.
o Impossible to collect dialog data for all the dialog tasks.

* Emerging of language (machine code) is not useful.
o People can not understand them

« Emerging of strategy (language that human can
understand)
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Future Interest

Common sense abstraction and causal reasoning.

e |ntrinsic “motivation” behind the “"scene”.

* Emerging of the commonsense and reasoning of the
“motivation”

* More human-like and interpretable agent which helps people
in the daily life.
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