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Visual Dialog

Task that requires an Al
agent to hold a
conversation about visual
content

https.//visualdialog.org/
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A cat drinking water out of a coffee mug.

What color is the mug?

White and red

Are there any pictures on it?
No, something is there can't tell what it is

Is the mug and cat on a table?

Yes, they are

Are there other items on the table?

Yes, magazines, books, toaster and basket, and a plate



Why is this any different from Visual
Question Answering?



Key Challenge

Unlike VOA, where every
question is asked
independently, a visual
dialog system needs to
answer a sequence of
inter-dependent
questions about an input
image.

https.//visualdialog.org/

White and red

No, something is there can't tell what it is

Yes, they are

Yes, magazines, books, toaster and basket, and a plate

A cat drinking water out of a coffee mug

What color is the mug?

Are there any pictures on it?
Is the mug and cat on a table?
Are there other items on the table?



Key Challenge

Inter-dependent
questions

Ambiguity in
Questions

https.//visualdialog.org/
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White and red

No, something is there can't tell what it is

Yes, they are

Yes, magazines, books, toaster and basket, and a plate

A cat drinking water out of a coffee mug.



Visual Reference Resolution

# Question Answer

1  How many 9’s are there in the image? four




Visual Reference Resolution

# Question Answer

1  How many 9’s are there in the image? four

This can be answered by directly looking at the right
regions of the image
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Visual Reference Resolution

# Question Answer

1 How many 9’s are there in the image? four
2 How many brown digits are there among them? one




Visual Reference Resolution

# Question Answer
1 How many 9’s are there in the image? four
2 How many brown digits are there among|them?] one
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Visual Reference Resolution

#  Question Answer
1  How many 9’s are there in the image? four
2 How many brown digits are there among|them?| one

3 What is the background color of the digit at the left oflit? | white
4 What is the style of{the digit?] flat

5 What is the color of the digit at the left of blue

Visual Reference Resolution is required to localize
attention accurately in the presence of ambiguous
expressions
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Problem Statement

Improve Visual Dialog by performing Visual Reference
Resolution to remove ambiguity in questions
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Visual Reference Resolution
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# Question Answer

1 How many 9’s are there in the image?

four
2 How many brown digits are there among|them?]

one

To understand what them refers to, we need to look
at the previous question
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Visual Reference Resolution
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# Question Answer
1 How many 9’s are there in the image? four
2 How many brown digits are there among|them?] one

Using information from the previous region of
importance is useful!
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Visual Reference Resolution
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# Question Answer
1 How many 9’s are there in the image? four
2 How many brown digits are there among|them?] one

Using information from the previous region of
importance is useful!

Keep track of all the previous regions of interest
using an attention memory
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Contributions

e Novel Attention Mechanism to resolve Visual References
o Use Associate Attention Memory to keep track of previous regions of
importance in the image
e (Comprehensive Analysis of the capacity of the model
e State of the art performance on benchmark datasets

15



Related Work

e Visual Dialog, Das et al., CVPR 2017

o Used Memory to actively select the previous question in the history

e Learning Cooperative Visual Dialog Agents with Deep Reinforcement

Learning, Das et al., ICCV 2017
o Deep RL based approach

e GuessWhat?! Visual object discovery through multi-modal dialogue, Vries
et al., CVPR 2017

o Object discovery through a series of yes/no questions
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Model Overview
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Task

question ¢ —»

(a) RNN

history H —

(b) HRNN

\ 4

image [ —»

(c) CNN

(d) fc

\4

(e) attention |
process

attention

memory

7 A

(f) fc

" (g) answer

decoder

YVt

\4

C—r

(h) key
generation

Predict an answer y, at time t given

e Inputimage I,

e current question g,
e dialog history H={(q, .y, ). (qa,.V,), -... (q, . ¥,)}




Encoding

. att
question ¢ —»| (3) RNN > (e) attention —It—b
ctA yt P
(d) fc—*| process k?l_>em e: | (g) answer ] (h) key |k
. o I t‘ £
history H —, (b) HRNN > - a (f) fe | decoder eneration
attention L & &
memo e
image I —»| (c) CNN f gl I?/‘ Ct—> t

e LSTM to encode questiony,
e (NN to extract to compute a feature map f
e Hierarchical LSTM to encode the history
o Encode the question and answer separately using LSTMs
o Obtain a QA embedding by passing it through a fe layer
o QA embedding is passed through another LSTM to get history encoding o



Encoding

. att
question ¢ —»| (3) RNN > (e) attention -It—b
Ct yt P
(d) fc process k?l_.>em e: | (g) answer ] (h) key |k

. 2 I t‘ £

history H —, (b) HRNN > - a (f) fe | decoder eneration
attention Lt » &
. T memory g™
image I —»| (c) CNN > —x Y Ce—>

e f[clayer to obtain a fused encoding of the history and question
o This serves as a context embedding which will be helpful when looking at what region of the
image to consider

c; = fc(RNN(q:), HRNN(H))



Attention

question ¢ —»

history H —

image [ —»

(a) RNN

(b) HRNN

\ 4

(c) CNN

(d) fc

(e) attention
process

attention

memory

\4

7 A

(f) fc

" (g) answer

decoder

YVt

\4

C—r

(h) key
generation

e Two types of attention that focus on different aspects
o Tentative Attention: How important is the current question

o Associative Attention Memory: How important are the previous
questions
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Tentative Attention _——

Y

process e

juestion @ —. 1 | (e atention f’("' N "
(d) fc

v €, | (g) answer (h) key |K¢

decader generation
Cr—>

Key Idea: For certain questions, we can directly look at the image to figure
out the answer

history H —a| (b) IRNN
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e Key Idea: For certain questions, we can directly look at the image to figure

out the answer

# Question

Answer

1  How many 9’s are there in the image?
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juestion @ —; . {e) attention "-rm N -
(d) fe

history # —»| () IIRNN  |-8y] () answer (h) key |ky

Tentative Attention . =] )

e Key Idea: For certain questions, we can directly look at the image to figure
out the answer

tentative attention

tent
sun = (Weente) T (Wi, e L BT |
t @
f >
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(d) fc

history # —»| () IIRNN  |-8y] () answer (h)kp.y k,

Tentative Attention N =] )

e Key Idea: For certain questions, we can directly look at the image to figure
out the answer

Projection of context tentative attention
vector into some space
a%ent

T
St = (erntct) (Wi}entf ) C |
Projection'of image !

features vector into the
same space

C00e
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e Key Idea: For certain questions, we can directly look at the image to figure

out the answer

Projection of context

vector into some space

T
St = (erntct) (Wi}entf ) C |
Projection'of image !

features vector into the
same space

C00e

A 4

;™ = softmax ({s¢.n,1 <n < N})

tentative attention

a%ent
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e Key Idea: Explicitly store the image attentions obtained in the past
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# Question Answer
1 How many 9’s are there in the image? four
2 How many brown digits are there among|them?] one
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Attention Memory i

Y

pAtt
(ueshion g ——m—' (€) atzention H >
history # —a| (b) IIRNN

process e )
o fc ' answer (h) key +
decader generation

Key Idea: Explicitly store the image attentions obtained in the past
Every item in the memory is a (attention, key) pair

o a,lis the attention map at time t
o Kkis the key which captures the dialog
history (including answers) so far

attentions keys

ko

Ce0® +--- @000 @000

Ceo®
=
1
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question g _. (e) attention r.rnr N '
(d) fe ¢ s mem ¥
history # —»| (b) IRNN :. !

Attention Memory i
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e Key Idea: Explicitly store the image attentions obtained in the past
e [veryitem in the memory is a (attention, key) pair
o a,lis the attention map at time t
Wmemc

o Kkis the key which captures the dialog
history (including answers) so far B: | [xeys
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question @ —a|  (z) RI i f’m >
(d)fe—§* process e el @ Mk K
° history H [€r ]| (8) answer ey T
5 tt t M ¥ —>{ (0) IRNN . decoder generation
en lon emor ’ image I —*| (c) CNN f S

e Key Idea: Explicitly store the image attentions obtained in the past
e [veryitem in the memory is a (attention, key) pair
o a,lis the attention map at time t
Wmemc

o Kkis the key which captures the dialog
history (including answers) so far B: | [xeys
Projection of context N ?
vector into some space O Tle| Ko
@
m— e
S merin o] 1
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question @ —a|  (z) RI i f’m >
(d)fe—§* process e el @ Mk K
° history H [€r ]| (8) answer ey T
5 tt t M ¥ —>{ (0) IRNN . decoder generation
en lon emor ’ image I —*| (c) CNN f S

e Key Idea: Explicitly store the image attentions obtained in the past
e [veryitem in the memory is a (attention, key) pair
o a,lis the attention map at time t
Wmemc

o Kkis the key which captures the dialog
history (including answers) so far B: | [xeys
Projection of context N ®
vector into some space O Tle| Ko
@
( \ ' @ "
_ mem T =0l k1
myr = (W c:) ki Bt
\ } : :
Similarity with each U.._é.g ke,
key Y o
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e Key Idea: Questions in a dialog have a
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qm“""q_' A | fe) atcention . "
(d) fe
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process | fkmem

. . T e @[] e
Sequential Dialog i .
e Key Idea: Questions in a dialog have a _g o
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Dynamic Attention Combination

question ¢ —»

history H —

image [ —»

e (Combine the tentative and memory attention to get an attention map for the

(a) RNN
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(c) CNN
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current question
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L (S)

patt
q_. () €) attention HF <
(d) fe—f  proce: mem
history # —s| (b) IRNN | - B
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memary
€
[

Dynamic Combination .. =

coder

(h) key +
eneration

a(e;) = softmax (WP (¢;) - y(af®™, af™™))

\

}

|
Output of a
Convolution Layer

40



L (S)
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(h) key +
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q_. () €) attention HF <
(d) fe—f  proce: mem
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altention
memary
€
[

Dynamic Combination .. =

a(e;) = softmax (WP (¢;) - y(af®™, af™™))
\

}

|
Output of a
Convolution Layer

}

|

fc layer
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question g _, ] €) al ion f?n
(d) fc

Dynamic Combination =55

ey | (g) answer (h) key |k
decoder generation

a(e;) = softmax (WP (¢;) - y(af®™, af™™))
}

|

If this is simply learned as a parameter, the merging process
would not depend on the question
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Dynamic Combination . ==

Yueshang _‘ () atcention i, '
(d) fo [ ner s
history H —a| (b) IRNN [ :

€, | () answer (h) key |K¢
decader generation

¥

ER- A
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A
b= 14
-~

a(e;) = softmax (WP (¢;) - y(af®™, af™™))

Key Idea: Dynamically generate the weight matrix of the fc layer depending
on the question
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|
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_______________________________________________________________________________________________________

‘*ZC;' “ Parameter Prediction Network )
- |
% ~ GRU P GRU P GRU P GRU p| GRU ;
é A 4 A A A ) E
5 x E
= is in the cabinet ? Candidate Weights |
g J

_______________________________________________________________________________________________________

Noh, Hyeonwoo, Paul Hongsuck Seo, and Bohyung Han. "Image question answering using convolutional neural network with dynamic
parameter prediction." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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» e, | (g) answer (h) key |k

Dynamic Combination = = =
image I —»| (c)CNN f — c—| e

a(ct) = softmax (WPPY (¢p) - y(af™, a™))

Dynamic Parameter Layer

The same as C,

P e S

‘*\g' ," Parameter Prediction Network Y
g | |

. ! ;
£ ¥ GRU P GRU P GRU P GRU pf GR » GR ;
é ;é\!? i 4 4 4 7'y r'y ry i
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_______________________________________________________________________________________________________

Noh, Hyeonwoo, Paul Hongsuck Seo, and Bohyung Han. "Image question answering using convolutional neural network with dynamic
parameter prediction." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Dynamic Combination
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a;(c;) = softmax (WDPL (er) - v(eg®™, a**™))

The same as C,

Dynamic Parameter Layer

- WDPL (Ct)
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© 1
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Noh, Hyeonwoo, Paul Hongsuck Seo, and Bohyung Han. "Image question answering using convolutional neural network with dynamic 47

parameter prediction." Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.
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Final Encoding Generation

i tt
question ¢ —»| (3) RNN —> ¢ | (@ attention i3 R ,
(d) fc ty process k{nem R . t - i
history H —| (h) HRNN > "l ) fc Fh (%) anzwer (h) ey |k
attention |[J%t ecoder generation
memo ir—y
image ] —»| (c) CNN f N | - ‘?’ _— ¢

e (Combine attended image feature embedding, context embedding, attention
map and retrieved key
o Intuition is that additional information might be helpful
e ¢, is the final encoding



Decoder

question ¢ —»

(a) RNN

history H —

(b) HRNN

\ 4

image [ —»

(c) CNN

(d) fc

(e) attention |
process

attention

memory

\4

7 A

(f) fc

" (g) answer

decoder

YVt

A\ 4

A\ 4

(h) key
generation

e ¢, isused as the hidden state of the LSTM that generates the output y,
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Key Generation

question ¢ —»

(a) RNN

history H —

(b) HRNN

\ 4

image [ —»

(c) CNN

(d) fc

\4

(e) attention |

process

attention
memory

7 A

(f) fc

" (g) answer

decoder

YVt

A\ 4

C—>

(h) key
generation

e Answer embedding a_is generated by passing y, through a LSTM
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Key Generation

question ¢ —»| (3) RNN

history H —| (h) HRNN
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image I —| (c) CNN
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(e) attention |
process

attention

memory

7 A

(f) fc

" (g) answer

decoder

YVt

A\ 4

C—>

(h) key
generation

e Answer embedding a_is generated by passing y, through a LSTM
e Answer embedding a_and context embedding ¢, are combined using a fc

layer to obtain key k,
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Key Generation

question ¢ —»| (3) RNN

history H —| (h) HRNN

image I —»| (c) CNN

\ 4

(d) fc

(e) attention |
process

attention

memory

\4

7 A

(f) fc

" (g) answer

decoder

YVt

\4

C—>

(h) key
generation

e Answer embedding a_is generated by passing y, through a LSTM
e Answer embedding a_and context embedding ¢, are combined using a fc

layer to obtain key k,
e The key-attention pair (k, a) is added to the memory
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Training

question ¢ —»

(a) RNN

history H —

(b) HRNN

\ 4

image [ —»

(c) CNN

(d) fc

\4

(e) attention |
process

attention

memory

7 A

(f) fc

" (g) answer

decoder

YVt

\4

C—r

(h) key
generation

e Since all the modules of the network are fully differentiable, the entire
network can be trained end-to-end by standard gradient-based learning
algorithms




Experiments

e MNIST Dialog

o To measure the ability to resolve visual references
o Contains ambiguous expressions and strong inter-dependencies

e VisDial

o Performance in real world dataset
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MNIST Dialog

o 4x4 grid of MNIST digits
e FEach digit has 4 attributes

o color(s)
o  bgcolor(s)
o number(10)
o style(2)
e Questions
o Counting
o Attribute
e Answers
o Single word

2 -3 N R

— O Y O
LO WO
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Implementation details

Word embedding (32 x 1)

Hidden state (64 x 1)

4 Convolution layer (3 x 3)

Pooling layer (2 x 2)

512 weight candidates for dynamic parameters
Cross entropy loss
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Baseline - LF

Do you think the
woman is with him?

Question Q,

The man is niding his bicycle on the
sidewalk. Is the man wearing a
helmet? No he does not have

a helmet on. ... Are there any people
nearby? Yes there's a woman walking
behind him

t rounds of history
(concatenated)

LSTM

LSTM

(a) Late Fusion Encoder

Decoder

No | don't think
they are together

Answer A,
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Baseline - HRE

Image |

Do you think the

woman is with him?

Question Q,

The man is riding his bicycie on the sidewalk @
Is the man wearing a helmet? No he does not have /
ahelmet on

How old is the man? He looks around 40 yearsold. | = -

What color is his bike? It has black wheels and
handlebars. | can't see the bady of the bike that well | @

Is anyone else riding a bike? No he's the only one.

Are there any people nearby? Yes there's a woman \ @
walking behind him

t rounds of history
{(Caption), (Q,A), ... (Q,.,, A,,)}

ms N\

.

Hx-?

LSTM

51#////

LSTM

Decoder

(b) Hierarchical Recurrent Encoder

No | don't think
they are together

Answer A,
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Baseline - MNE

Do you think
the woman is
with him?
Question Q,

LSTM

The man is riding his bicycle on the sidewalk

Is the man wearing a helmet? No he does not have

a helmet on

How old is the man? He looks arcund 40 years old.
What color is his bike? It has black wheels and

handlebars. | can't see the body of the bike that well. i —/
Is anyane else riding a bike? No he's the only cne.

Are there any people nearby? Yes there's a woman

walking behind him

t rounds of history

{(Caption), (Q,A), .. (Q,,, A,,)}

®

®

A

R

:;:IHI ( tx 512
= Attention over history

Fully-connected
layer

Weighted sum

(c) Memory Network Encoder

Decoder

No | don't think
they are together

Answer A
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Results

Basemodel +H +SEQ  Accuracy

I - 20.18
_ 36.58

Q v 37.58
LF v 45.06
HRE 7 49.10
MN v 48.51
- 62.62

ATT v 79.72
_ 87.53

& 89.20

AMEM _ 90.05
7 96.39

Figure 4: Results on MNIST Dialog. Answer prediction accuracy [%] of all models for all questions
(left) and accuracy curves of four models at different dialog steps (right). +H and +SEQ represent the

accuracy

o
N

1.0

=
©

o
0

0.6 1

|— ATT —— ATT+H —— AMEM —— AMEM+H+SEQ
/-—‘—_\
P
/\“\___
2 4 6 8 10
dialog step ID

use of history embeddings in models and addressing with sequential preference, respectively.
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Semantic interpretability

History: Are there any 9's in the image ? three
How many digits in a yellow background are there among them ? one
What is the color of the digit ? red

What is the color of the digit at the right of it ? blue

What is the style of the blue digit ? flat

Current QA: What is the color of the digit at the right of it ? violet

Retrieved attention

o ey Final attention

[nput image

Manually modified

; ; Final attention
retrieved attention

bofy
d3q2
@S T
Q75 ¢ 3

‘4

Predicted answer: violet

a.

Predicted answer: green

Figure 7: Qualitative analysis on MNIST Dialog. Given an input image and a series of questions
with their visual grounding history, we present the memory retrieved and final attentions for the current
question in the second and third columns, respectively. The proposed network correctly attends to
target reference and predicts correct answer. The last two columns present the manually modified
attention and the final attention obtained from the modified attention, respectively. Experiment shows
consistency of transformation between attentions and semantic interpretability of our model. 63



Parameter analysis

e 0 is consistently negative m, = (Wmeme) ' k40 (t—7)
o Model prefers recent elements ’

e B, also shows similar trend

o  Without bias W™ puts too much focus on recent information

& 047 —— AMEM
2 031 AMEM+SEQ
g 0.2 i "
(O]
S 01
0.0 T
2 4 6 8 10

relative time distance (t— 1)
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Parameter analysis

40 4
204

0
-204

—40 A

[ e attribute

@ counting |

-40

-20

0

20

40

e no_relation e right o above

e left ® below

™ ﬂ‘fg
-

@

—40 -20 0 20 40

40

20 -

0

-20 4

—40

targets

® sub_targets |

- b

20

40

Figure 6: Characteristics of dynamically predicted weights for attention combination. Dynamic
weights are computed from 1,500 random samples at dialog step 3 and plotted by t-SNE. Each figure
presents clusters formed by different semantics of questions. (left) Clusters generated by different

question types. (middle) Subclusters formed by types of spatial relationships in attribute questions.

(right) Subclusters formed by ways of specifying targets in counting questions; cluster sub_targets
contains questions whose current target digits are included in the targets of the previous question.
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VisDial

e MS-COCO images + Caption + 10 Questions
o Each question with 100 candidate answers

e Compared to MNIST Dialog

o Answers are free form text
o  Contains fewer ambiguous expressions
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Implementation details

e The initial history is constructed with the image caption
e [eature map extracted from convs; layer of VGG-16 trained on ImageNet
e LSTM

o  Share weights for question and caption
o Separate weight matrix for answers

e Word embedding (64 x 1) and Hidden state (128 x 1)

o These dimensions are significantly lower than baseline models
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Results

Table 1: Experimental results on VisDial. We show the number of parameters, mean reciprocal
rank (MRR), recall@k and mean rank (MR). +H and ATT indicate use of history embeddings in
prediction and attention mechanism, respectively.

Model +H ATT # of params MRR R@l R@5 R@l0 MR

Answer prior m - - n/a 0.3735 23,55 48.52 5323 26.50
LF-Q - - 8.3 M (3.6x) 0.5508 4124 7045 7983  7.08
LF-Q v - 12.4 M (5.4x) 0.5578 41.75 7145 8094 6.74
LF-QI - - 10.4 M (4.6x) 0.5759 4333 7427 83.68 5.87
LE-QIHT1 7 - 14.5 M (6.3x) 0.5807 4382 74.68 8407 5.78
HRE-QH M - 15.0 M (6.5x) 0.5695 4270 7325 8297 6.11

HRE-QIH o = 16.8 M (7.3x) 0.5846  44.67 7450 8422 572
HREA-QI 7 = 16.8 M (7.3x) 0.5868 4482 7481 8436 566
MN-QH v - 12.4 M (5.4x) 0.5849 44.03 7526 8449 568
MN-QIH J - 14.7 M (6.4x) 0.5965 4555 7622 8537 5.46
SAN-QI = ¢ n/a 0.5764 43.44 7426 8372 5.88
HieCoAt-Q = ¢ n/a 0.5788 4351 7449 8396 584
AMEM-QI - & 1.7 M (0.7x) 0.6196 4824 7833 87.11 492
AMEM-QIH J Wi 2.3 M (1.0x) 0.6192 48.05 7839 87.12 4.88
AMEM+SEQ-QI i o 1.7 M (0.7x) 0.6227 4853 78.66 87.43 4.86
AMEM+SEQ-QIH Y ¥ 23 M (1.0x) 0.6210  48.40 7839 87.12 492
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Strengths

e Novel attention mechanism which exploits visual attention history
e Achieves state-of-the-art performance with reduced number of parameters

Weaknesses

e MNIST Dialog dataset is not very representative of general visual dialog
questions
e Should have evaluated performance over more ambiguous questions
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Potential extensions

e Are You Talking to Me? Reasoned Visual Dialog Generation through

Adversarial Learning, Qi Wu et al, arXiv:1711.07613
o Uses a combination of RL and GAN
o Generates more human like answers
o But does not use attention

e Use reinforcement learning approach
o For example, Q-bot and A-bot

e Some combination of Attention, GAN and RL
e Use module networks for solving complex visual references
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