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A������Joint Representation�
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A������Joint Reprensetation�

Audio-visual speech recognition
[Ngiam et al., ICML 2011]

• Bimodal Deep Belief Network

Image captioning
[Srivastava and Salahutdinov, NIPS 2012]

• Multimodal Deep Boltzmann Machine

Audio-visual emotion recognition
[Kim et al., ICASSP 2013]

• Deep Boltzmann Machine



A������Joint Reprensetation�
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	��
�����

[Kiros et al., Unifying Visual-Semantic Embeddings with Multimodal Neural Language Models, 2014]
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A������Joint Representation�B������Coordinated Representation�
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B������Coordinated Representation�

	� A
�� ( )) (  

!∗, $∗ = argmax
+,,

-.//(!12, $13)

[Andrew et al., ICML 2013]
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A������Explicit Alignment�
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B������Explicit Alignment�
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A������Explicit Alignment������
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B������Explicit Alignment����	
������

[Karpathy et al., Deep Fragment Embeddings for Bidirectional Image Sentence Mapping,
https://arxiv.org/pdf/1406.5679.pdf]
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Multiple kernel learning

Multi-View Hidden CRF
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[Marsella et al., Virtual character performance from speech, 
SIGGRAPH/Eurographics Symposium on Computer Animation, 2013]
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[Huang, et al. Cross-modal Common Representation Learning by 
Hybrid Transfer Network, IJCAI 2017]
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n A ,  
: A

•What are they doing?
•Are there any humans?
•What sport is being played?
•Who has the ball?
•How many players are in the image?
•Who are the teams?
•Is it raining?

��

	

��	���

Playing football.
��
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n ��	������

 
Tsung-Yi Lin et al. “Microsoft COCO: Common Objects in COntext.” ECCV 2014.
http://mscoco.org/

 1. 2



n ���������

1 . - 1 . . -

Why is the girl holding an umbrella? What is the bus number?
a) 3 b) 1 c) green d) 4 e) window trim f) blue

g) m5 h) corn, carrots, 
onions, rice

i) red j) 125 k) san antonio l) sign 
pen

m) 478 n) no o) 25 p) 2 q) yes r) white

 2
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n Q
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>0.25 million images
>0.76 million questions
~10 million answers

A

C

p 	�����������
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Convolution Layer
+ Non-Linearity

Pooling 
Layer

Convolution Layer
+ Non-Linearity

Pooling  
Layer

Fully-Connected

4096 output units from last hidden layer
(VGG-19, Normalized)

“How    many horses   are      in      this    image?”
Fully-Connected

1024

1024

Point-wise
multiplication

Fully-Connected

1000

“2”

10242×2×512 LSTM

Softmax
over  1000

most frequent answers

1000

Fully-Connected

Slide credit: Yash Goyal and Peng Zhang
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������

Slide credit: Yash Goyal and Peng Zhang

Is there a clock … ?

‘yes’ 98%

Is the man wearing glasses 
… ?

‘yes’ 94%

……

……

Are the lights on … ?

‘yes’ 85%
……
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P C 7A R

Slide credit: Yash Goyal and Peng Zhang
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A

Slide credit: Yash Goyal and Peng Zhang

Convolution Layer

+ Non-Linearity

Pooling 

Layer

Convolution Layer

+ Non-Linearity

Pooling  

Layer

Fully-Connected

4096 output units from last hidden layer

(VGG-19, Normalized)

“How    many horses   are      in      this    image?”
Fully-Connected

1024

1024

Fully-Connected

1000

“2”

1024

2×2×512 LSTM

Softmax

over  1000

most frequent answers

1000
Fully-Connected

Point-wise

multiplication

“deaf” model����26%����
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CLEVR Sort-of-CLEVR

I
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2 4 2  1 0 .

>22 M compositional questions
involving a diverse set of reasoning skills 

>113K real-world images, each comes with a 
scene graph to represent its semantics



 F

5 8 A 5 20  .1,0 .

~ 5286 compositional questions

~ 2190 real-world images

~ 193,449 facts from knowledge base

Question:
What is the red cylinder object in the 
image is used for? 

Factual Knowledge:
<fire hydrant, UsedFor, firefighting>

I

p ������

p ��������

p 
	����



A

9 C  , , 15 0 . 2-1.

~ 14,055 compositional questions,
covering a variety of knowledge categories such as 
science technology,  history, and sports

~ 14,031 real-world images

~ open-domain knowledge



• Visual Turing Test [Geman et al., PNAS 2014]
• DAQUAR [Malinowski & Fritz, NIPS 2014]
• COCO-QA [Ren et al., NIPS 2015]
• FM-IQA [Gao et al., NIPS 2015]
• Visual7W [Zhu et al., CVPR 2016]
• Visual Genome [Krishna et al., IJCV 2016]
• VQA-HAT[Das et al., EMNLP 2016]

• CLEVR [Johnson et al., CVPR 2017]
• VQA v2.0 [Goyal et al., CVPR 2017]
• FVQA [Wang et al., TPAMI 2018]
• GQA [Hudson et al., CVPR 2019]
• KVQA [Shah et al., AAAI 2019]
• OK-VQA[Marino et al.,CVPR 2019]
• VQA-360[Chou et al., WACV, 2020]

 

http://www.pnas.org/content/112/12/3618.full.pdf
https://arxiv.org/pdf/1410.0210.pdf
https://arxiv.org/pdf/1505.02074.pdf
https://arxiv.org/pdf/1505.05612.pdf
https://arxiv.org/pdf/1511.03416.pdf
http://visualgenome.org/static/paper/Visual_Genome.pdf
https://arxiv.org/pdf/1612.06890.pdf
https://arxiv.org/pdf/1612.00837.pdf
https://arxiv.org/pdf/1606.05433.pdf
https://cs.stanford.edu/people/dorarad/gqa/
http://dosa.cds.iisc.ac.in/kvqa/KVQA-AAAI2019.pdf


Acc(ans) = min

⇢
#humans that said ans
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… and many more
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Convolution Layer
+ Non-Linearity

Pooling Layer Convolution Layer
+ Non-Linearity

Pooling Layer Fully-Connected MLP

4096-dim

EmbeddingImage
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Embedding
“How many horses are in this image?”

Question  
1024-dim

Convolution Layer
+ Non-Linearity

Pooling Layer Convolution Layer
+ Non-Linearity

Pooling Layer Fully-Connected MLP

4096-dim

EmbeddingImage
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Embedding
“How many horses are in this image?”

Question  
1024-dim

Convolution Layer
+ Non-Linearity

Pooling Layer Convolution Layer
+ Non-Linearity

Pooling Layer Fully-Connected MLP

4096-dim

EmbeddingImage
Neural Network 

Softmax
over top K answers
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What number of cat is
laying on bed? - 2

What is the name of the
cafe? - bagdad

Image credit: Human Attention in Visual Question Answering:
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Attention Mechanism (Soft)

CNN

7

7

512

softmax

LSTM LSTM LSTM LSTM LSTM

What is in the

Query

Image ?
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What are sitting in the basket on a bicycle?

Image credit: Stacked Attention Networks for Image Question Answering

• C 60 . 1 )
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0 ( 2 (  

What are sitting in the basket on a bicycle?

Image credit: Stacked Attention Networks for Image Question Answering

• 6 0 . 1 ) 0
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• 6 0A .

What 
are 
sitting 
in 
the 
basket 
on 
a 
Bicycle
?
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• 6 0A .

What 
are 
sitting 
in 
the 
basket 
on 
a 
Bicycle
?



Q: what is the color of the bird?

CNN

is thecolor ofthe bird ?what

is the
the

color
of

ofthe bird ?What
is

What     is     the     color    of     the     
bird     ?

Answer: white

6 1

. 2 0 ) 1 ( 

• Hierarchical Co-Attention (NIPS 2016)
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Aishwaya, Lu, Antol et.al 2015 Zhou et.al 2015

Jabri et.al 2016
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SAN (Yang et. al. 2016) DMN (Xiong et. al. 2016)

HieCoAtt(Lu et. al. 2016)



2.

. . .

MCB(Fukui et al 2016) MLB (Kim et al 2016)

MUTAN (Younes et al 2017)

MFB (Yu et al 2018)

https://arxiv.org/find/cs/1/au:+Fukui_A/0/1/0/all/0/1
https://arxiv.org/find/cs/1/au:+Ben_younes_H/0/1/0/all/0/1
https://www.researchgate.net/publication/319101478_Beyond_Bilinear_Generalized_Multimodal_Factorized_High-Order_Pooling_for_Visual_Question_Answering/link/5d7a59fe92851ca36810c1f0/download


.) / ( 2  

Modular Network (Andreas et. al. 2015) Jonhson et. al. 2017

https://arxiv.org/find/cs/1/au:+Andreas_J/0/1/0/all/0/1


• .

Mucko: Multi-Layer Cross-Modal Knowledge Reasoning
for Fact-based Visual Question Answering

IJCAI 2020

Zihao Zhu1,2, Jing Yu * 1,2, Yujing Wang3, Yajing Sun1,2, Yue Hu1,2, Qi Wu4

1 2 3 4
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[McClelland et al., Extendingmachine language models 
towards human-level language understanding�arxiv, 2019]
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fire hydrant

person

car

Object Regions
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Dense Captions

Fire hydrant

Woman Sidewalk
WalkOn

On

Shorts

Faster
R-CNN

What is the red cylinder object in 
the image is used for?

Red

Image

Question

Candidate Facts

Fire hydrant

Firefighting

Car

Red Street

TransportUsedFor

HasProperty Use
dFo
r

At
Lo
ca
tio
n

Semantic 
Graph
Parsing

Spatial Relationship

!!"#

""#

"!#

W
ear

Nex
tTo

Fire hydrant

Woman Sidewalk
WalkOn

On

Shorts
Red

Fact Retrieval

DenseCap

Multi-Modal Heterogeneous Graph Construction Cross-Modal Heterogeneous Graph Reasoning

Visual-to-Fact Conv.

Semantic-to-Fact Conv.

Fact-to-Fact 
Aggr.

Visual Graph

Fact Graph

Semantic Graph 0.2
0.1

0.4

0.6

0.1

0.9
Answer

Property Property

Knowledge
base of facts

Fire hydrant

Firefighting

Car

Red Street

TransportUsedFor

HasProperty Used
ForAt

Lo
ca
tio
n

Woman is wearing blue shorts.
Red fire hydrant on the sidewalk.
Woman is next to fire hydrant.
…
Chain on fire hydrant.

<Fire hydrant, UsedFor, Firefighting>
<Fire hydrant, AtLocation, Street>
<Fire hydrant, HasProperty, Red>
…
<Car, UsedFor, Transport>
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Is my pose right?
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arms higher.
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H = {C, (Q1, A1), …, (Qt-1, At-1)}
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�	
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Q: Do you see any birds? 

No birds

I do not see any birds 

No

Nope Not at all

No, Not that I can see

Valid Answers

3 1 2 . 3 1 .



 4:

2 .

C: A man doing a grind on a skateboard.
Q1: Is the man on the skateboard?
A1: Yes, he is.
…
Q4: Is he younger or older?
A4: He is in the middle-aged.
Q5: Is there sky in the picture?
A5: Yes, the sky is deep blue.

3 .

C: A large bus is tipping over on the
street near buildings.
Q1: Is this a yellow school bus?
A1: No, it is a city bus.
Q2: See any stop signs?
A2: No, there are no signs at all.
Q3: Any people?
A3: Yes, there are in the people are
in the people are in the people are in
the people are.



  .
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DualVD: An Adaptive Dual Encoding Model for 
Deep Visual Understanding in Visual Dialogue

AAAI 2020

Xiaoze Jiang1,2, Jing Yu1*, Zengchang Qin2, Yingying Zhuang2, Xingxing Zhang3, Yue Hu1 and Qi Wu4 

1 2 3 4



DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

����������

p Late Fusion [1] (LF) p Memory Network [1] (MN)

p Co-Attention[2] (CoAtt)

[1] Abhishek Das, Satwik Kottur, Khushi Gupta, Avi Singh, Deshraj Yadav, Jose ́M. F. Moura, Devi Parikh, and Dhruv Batra. Visual dialog. In CVPR, 
pages 1080–1089, 2017.
[2] Qi Wu, Peng Wang, Chunhua Shen, Ian Reid, and Anton van den Hengel. Are you talking tome? reasoned visual dialog generation through
adversarial learning. In CVPR, pages 6106–6115, 2018.

The role of visual information has 
been less studied�
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DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

C: A man doing a grind on a skateboard.
Q1: Is the man on the skateboard?
A1: Yes, he is.
…
Q4: Is he younger or older?
A4: He is in the middle-aged.
Q5: Is there sky in the picture?
A5: Yes, the sky is deep blue with some clouds.

�

History
Image

Ø Visual Dialogue task demands the agent to adaptively focus on diverse visual content with respect to the
current question.

Ø The key challenge in Visual Dialogue task is thus to learn a more comprehensive and semantic-rich
image representation, which may have adaptive attentions on the image for variant questions.

����������
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C: A man doing a grind on a skateboard.
Q1: Is the man on the skateboard?
A1: Yes, he is.
…
Q4: Is he younger or older?
A4: He is in the middle-aged.
Q5: Is there sky in the picture?
A5: Yes, the sky is deep blue with some clouds.

�

History
Image

the man skateboard

Prospect

����������

Ø Visual Dialogue task demands the agent to adaptively focus on diverse visual content with respect to the
current question.

Ø The key challenge in Visual Dialogue task is thus to learn a more comprehensive and semantic-rich
image representation, which may have adaptive attentions on the image for variant questions.
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C: A man doing a grind on a skateboard.
Q1: Is the man on the skateboard?
A1: Yes, he is.
…
Q4: Is he younger or older?
A4: He is in the middle-aged.
Q5: Is there sky in the picture?
A5: Yes, the sky is deep blue with some clouds.

�

History
Image

Background

sky

����������

Ø Visual Dialogue task demands the agent to adaptively focus on diverse visual content with respect to the
current question.

Ø The key challenge in Visual Dialogue task is thus to learn a more comprehensive and semantic-rich
image representation, which may have adaptive attentions on the image for variant questions.
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C: A man doing a grind on a skateboard.
Q1: Is the man on the skateboard?
A1: Yes, he is.
…
Q4: Is he younger or older?
A4: He is in the middle-aged.
Q5: Is there sky in the picture?
A5: Yes, the sky is deep blue with some clouds.

�

History
Image

Higher-level semantics 

the middle-aged man

����������

Ø Visual Dialogue task demands the agent to adaptively focus on diverse visual content with respect to the
current question.

Ø The key challenge in Visual Dialogue task is thus to learn a more comprehensive and semantic-rich
image representation, which may have adaptive attentions on the image for variant questions.
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DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

Ø Dual-coding theory [1]�
Our brain encodes information in two ways: visual imagery

and textual associations.visual imagery 

textual associations 

Ø When asked to act upon a concept, our brain re-trieves either
images or words, or both simult-aneously.

Ø The ability to encode a concept by two different ways
strengthens the capacity of memory and understanding.

[1] A. Paivio, “Imagery and Verbal Process.” New York: Holt, Rinehart and Winston., 1971.

����������
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DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

Ø Inspired by the cognitive process, we first propose a novel
framework to comprehensively depict an image from both
visual and semantic perspectives.

Ø Based on the dual encoding framework, we propose a new
method to adaptively select question-relevant information from
the image in a hierarchical mode:

�

Visual Module

Relationship
s

�

Semantic Module

Global 

Caption
Local 

Caption

�

Q6: Are there other people around?

Dialogue History

Image

Current Question

Objects

�Answer

C: A man doing a grind on a skateboard.
Q1: Is the man on the skateboard?
A1: Yes, he is.
…
Q4: Is he young or older?
A4: He is in the middle-aged.
Q5: Is there sky in the picture?
A5: Yes, the sky is deep blue with some clouds.

on

around

around

in

Man on a skateboard.
Blue jeans on a man.
A blue sky with clouds.
A man doing a trick on a skateboard.

A man doing a grind 
on a skateboard.

A6: Yes, there are several people around.

�

Input  Block

�

Reasoning Block

(1) intra-model selection: captures the visual and semantic information
individually from the object-relational visual features and global-local
semantic features

(2) inter-modal selection: obtains the joint visual-semantic knowledge
by correlating vision and semantics.


��	
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DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

Ø The core structure of the model is divided into two parts:
Visual-Semantic Dual Encoding
Adaptive Visual-Semantic Knowledge Selection

�����
LSTM

LSTM

G

Object-Relation
Feature Fusion

Visual Relationship 
Encoder

LSTM

LSTM
Global-Local

Feature FusionImage I

…

Question-Guided
Relation Attention 

Question Embedding

Question-Guided
Graph Convolution

Faster 
R-CNN Visual Embedding

Visual Module

Image Caption C

Dense Caption Z

Question-Guided
Semantic Attention 

…

Semantic Module

Caption Embedding

Visual Knowledge 
Embedding

Is he wearing shorts?

Current  Question Q

Dialogue History H

Object Regions !"
!#

$"#$#"

!"
!#

$"#$#" %!#

%!" $"#$#"

A man doing a trick on
his skateboard on a wall.

• The man is wearing
black pants.

• Skateboard in the air.
• …
• The boy is wearing a

shirt.

LSTM

LSTM
…

G

C: A man doing a trick on his skateboard on a
wall.
Q1: Is he young or old?
A1: Young, late teens.
Q2: Is he in mid-air?
A2: Yes.
…
Q5: What color is his shirt?
A5: Purple.

�����
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LSTM

LSTM

G

Object-Relation
Feature Fusion

Visual Relationship 
Encoder

LSTM

LSTM
Global-Local

Feature FusionImage I

…

Question-Guided
Relation Attention 

Question Embedding

Question-Guided
Graph Convolution

Faster 
R-CNN

Visual Embedding

Visual Module

Image Caption C

Dense Caption Z

Question-Guided
Semantic Attention 

…

Semantic Module

Caption Embedding

Visual Knowledge 
Embedding

Is he wearing shorts?

Current  Question Q

Dialogue History H

Object Regions !"
!#

$"#$#"

!"
!#

$"#$#" %!#

%!" $"#$#"

A man doing a trick on
his skateboard on a wall.

• The man is wearing
black pants.

• Skateboard in the air.
• …
• The boy is wearing a

shirt.

LSTM

LSTM
…

G

C: A man doing a trick on his skateboard on a
wall.
Q1: Is he young or old?
A1: Young, late teens.
Q2: Is he in mid-air?
A2: Yes.
…
Q5: What color is his shirt?
A5: Purple.

Ø Visual-Semantic Dual Encoding

�����
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LSTM

LSTM

G

Object-Relation
Feature Fusion

Visual Relationship 
Encoder

LSTM

LSTM
Global-Local

Feature FusionImage I

…

Question-Guided
Relation Attention 

Question Embedding

Question-Guided
Graph Convolution

Faster 
R-CNN

Visual Embedding

Visual Module

Image Caption C

Dense Caption Z

Question-Guided
Semantic Attention 

…

Semantic Module

Caption Embedding

Visual Knowledge 
Embedding

Is he wearing shorts?

Current  Question Q

Dialogue History H

Object Regions !"
!#

$"#$#"

!"
!#

$"#$#" %!#

%!" $"#$#"

A man doing a trick on
his skateboard on a wall.

• The man is wearing
black pants.

• Skateboard in the air.
• …
• The boy is wearing a

shirt.

LSTM

LSTM
…

G

C: A man doing a trick on his skateboard on a
wall.
Q1: Is he young or old?
A1: Young, late teens.
Q2: Is he in mid-air?
A2: Yes.
…
Q5: What color is his shirt?
A5: Purple.

Ø Adaptive Visual-Semantic Knowledge Selection

�����
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l Visual-Semantic Dual Encoding Visual Encoding and Semantic Encoding

Visual Relationship 
Encoder

Image I

…

Faster 
R-CNN

Object Regions !"
!#

$"#$#"

Ø Propose a novel framework to comprehensively depict an

image from both visual and semantic perspectives.

• Scene Graph Construction

ü Nodes: Use a pre-trained Faster-RCNN to detect

N objects in an image and then describe each node

as a 2048-dimentional vector.

ü Edges: Use a pre-trained visual relationship

encoder[1] to encode relationships between the

subject and object.

[1] J. Zhang, Y. Kalantidis, M. Rohrbach, M. Paluri, A. Elgammal, and M. Elhoseiny “Large-scale visual relationship understanding,” in AAAI, 2019.

Image Caption C

Dense Caption Z

A man doing a trick on his
skateboard on a wall.

• The man is wearing
black pants.

• Skateboard in the air.

• …

• The boy is wearing a shirt.

�����
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DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

• Multi-level Image Captions

Each image is represented as a hierarchical semantic

description:

ü Global image caption: the captions provided by

the dataset.

ü Local image caption: the top k dense captions

extracted by the DenseCap[1] .

[1] Johnson, J.; Karpa- thy, A.; and Fei-Fei, L. 2016. Densecap: Fully convolutional localization networks for dense captioning. In CVPR, 4565–4574. 

Visual Relationship 
Encoder

Image I

…

Faster 
R-CNN

Object Regions !"
!#

$"#$#"

Image Caption C

Dense Caption Z

A man doing a trick on his
skateboard on a wall.

• The man is wearing
black pants.

• Skateboard in the air.

• …

• The boy is wearing a shirt.

l Visual-Semantic Dual Encoding Visual Encoding and Semantic Encoding

Ø Propose a novel framework to comprehensively depict an

image from both visual and semantic perspectives.

�����
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l Visual-Semantic Knowledge Selection

(1) Intra-modal selection: Visual selection and Semantic selection 
(2) Inter-modal selection

!"

!#

Question

!"

!#

!"

!#

Visual Embedding

Visual Module intra-selection

Relation Update
Visual
Object

Update

Global Visual
Information

�����

�����
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Question

…

G

Caption Embedding

Semantic
Information Update

Global-Local Information Fusion

�����

�����

l Visual-Semantic Knowledge Selection

(1) Intra-modal selection: Visual selection and Semantic selection 
(2) Inter-modal selection

Visual Module intra-selection
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Caption Embedding

Visual Embedding
G

Visual Knowledge 
Embedding

selective visual-semantic fusion
via gate operation

�����

�����

l Visual-Semantic Knowledge Selection

(1) Intra-modal selection: Visual selection and Semantic selection 
(2) Inter-modal selection

Inter-modal selection
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l Late Fusion Encoder

LSTM

LSTM

Late Fusion

Visual Knowledge 
Embedding

Fused Feature
Answer 

Candidates

Score

Dialogue HistoryH

Current Question 
Q

. Softma
xAnswer Candidate A

…

LSTM

A1 A2 A100      

0.20 0.05 0.03…

Dual 
Encodin

g
Image I

Ø Our model has complementary advantages with existing research work on dialogue history, it can also be
applied to more complex decoders and fusion strategies.

Ø We utilize the simple late fusion and discriminative decoder to highlight the advantages of our visual
encoder.

�����
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�������

Ø Experiments 
���Overall Results on VisDial v0.9 and VisDial v1.0

���Ablation study 

���Visualization

Ø Dataset
VisDial v0.9 :  built on MSCOCO images,

divided into train, test and val set. 

Ø Evaluation Metrics 

VisDial v0.9� utilize retrieval metrics: MRR, R@k (k = 1, 5, 10) and Mean
VisDial v1.0� NDCG is added as an extra metric for more comprehensive analysis. 

Lower value for Mean and higher value for other metrics are desired. 

VisDial v1.0 : all the splits of VisDial v0.9 serve as the train set (120k) ,
test set (8k) and val set (2k) consist of dialogues on extra 10k COCO-like

images from Flickr.
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Ø Compare with State-of-the-art

ü Our model consistently outperforms all the approaches on most metrics and slightly underperforms than the
model using multi-step reasoning and complex attention mechanism.

�������

�������
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Ø Ablation Study

�������

ü Each component is effective.

�������



DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

Ø A critical advantage of DualVD lies in its interpretability: DualVD is capable to predict the attention weights in the
visual module, semantic module and the gate values in visual-semantic fusion.

• Visualization of visual objects
w1

!"#!#"

Question

w2

wn

Step 1 Step 2
$"

$#w1

w2

w3 w4
w5

w6

Step 3
$"

$#w1

w2

w3 w4
w5

w6

sbj, 
0.10 obj, 

0.06

obj, 
0.02

�������
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w1
!"#!#"

Question

w2

wn

Step 1 Step 2
$"

$#w1

w2

w3 w4
w5

w6

Step 3
$"

$#w1

w2

w3 w4
w5

w6

• Visualization of caption

…

Question

w1

w2

w3

wk

• Visualization of Gate Value
Visual Embedding

Caption Embedding
Visual Knowledge 

Embedding

G
Gc

Gv

G

Gv

G

Gc

G

The ratio of visual module

The ratio of semantic module

�������
Ø A critical advantage of DualVD lies in its interpretability: DualVD is capable to predict the attention weights in the

visual module, semantic module and the gate values in visual-semantic fusion.

• Visualization of visual objects

�������
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• Case

Image Dialogue History

�������
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• Case

Visual Module Semantic Module
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• Case

�������

Visual Module Semantic Module
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• Case

�������

Visual Module Semantic Module
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DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

• Observation

Ø The amount of information derived from each module highly depends on the complexity 
of the question and the relevance of the content.

Ø The visual information is more important than semantic information to image
understanding in visual dialogue.

Ø DualVD is capable to capture the most relevant visual and semantic information
regarding the current question.

�������
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DAM: Deliberation, Abandon and Memory Networks for Generating Detailed and Non-repetitive Responses in Visual Dialogue
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DAM: Deliberation, Abandon and Memory Networks 
for Generating Detailed and Non-repetitive 

Responses in Visual Dialogue
IJCAI 2020

Xiaoze Jiang1,2, Jing Yu1,3*, Yajing Sun1,3, Zengchang Qin2, Zihao Zhu1,3, Yue Hu1,3 and Qi Wu4 

1 2 4 53



DAM: Deliberation, Abandon and Memory Networks for Generating Detailed and Non-repetitive Responses in Visual Dialogue
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�

Answer candidate
set

A1: I cannot see.
A2: It is blue.
A3: No, it is a city bus.
A4: It is a sunny day!
…

Select an answer
A3

�

Vocabular
y

I, you, hit, blue, sunny, red,
better, mouse, house, phone,
job, bus, an, the, old, see, is,
no, any, at, people, signs, it,
all, a, trees, attitude, …

Generate an answer
No, it is a city bus 
on the street.

crucial to achieve human-like conversation

limited ability in real world
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Repeated Words in Response

Brief
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Any people?

C: A large bus is tipping over on
the street near buildings.
Q1: Is this a yellow school bus?
A1: No, it is a city bus.
Q2: See any stop signs?
A2: No, there are no signs at all.

Current  Question Q

Dialogue HistoryH

Image I

Encoder
Knowledge Vector K

LSTM LSTM LSTM LSTM

<SOS>

Yes

Yes

�

�

there <EOS
>

are

�

Traditional Generative 
Method

Global semantics, lack the detailed input information

 



DAM: Deliberation, Abandon and Memory Networks for Generating Detailed and Non-repetitive Responses in Visual Dialogue

C: A man is riding a snowboard and he is

high above the snow.

Q1: Can you tell how old the man is?

A1: No.

…
Q9: Are there any clouds?

A9: Yes.

Image  I Dialogue History H

Question  Q
Does anything else stand out?

E
nc

od
er

Knowledge Base…

…

…

Question

Knowledge Vector

Image Dialogue History

Input Unit

…
…

…
…

…
…

…
…

…
…

…
…

th

e

mountai

n

distanc

e

The mountain is very steep and there are mountains in the distance.Answer

…

…

  

…
…

…
…

…
…

th

e

mountai

n
mountai

n

The mountain and the mountain and the mountain.Answer

…

ØEach DAM module performs an

adaptive combination of the response-

level semantics captured from the

encoder and the word-level semantics

specifically selected for generating

each word.

Green color: response-level semantics

Blue color: word-level semantics
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LSTMd

KBxτ-1

xτ

Qτ-1

nτ

rτ

Kτ-1

Kτ
dτ

LSTMr

Deliberation
Unit

Abandon
Unit

Memory
Unit

sτ-1
d sτ

d

sτ-
1

r sτ
r

oτ
woDAM cell

Ø Two Level Semantic Decode Layer

ü Response-level semantic decode layer
ü Word-level detail decode layer

Ø Modular Architecture

ü Deliberation Unit
ü Abandon Unit
ü Memory Unit

Ø Universal Architecture

ü DAM can be combined with existing visual
dialogue models by adapting the Deliberation
Unit to the corresponding encoder.
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ü RSL is responsible for capturing the global
information to guarantee the response's
fluency and correctness.

xτ-1
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sτ-
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where is the previous generated word,
is the memory state of LSTMr .sτ

r
xτ-1
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ü WDL incorporates the essential and unique
visual dialogue contents (i.e. question, dialogue
history and image) into the generation of current
word to enrich the word-level details.

where is the updated knowledge vector in the
! − 1 step,
is the memory state of LSTMd ,

[·,·] denotes concatenation.
sτ
d
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LSTMd
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Kτ
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Unit
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d

sτ-
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r sτ
r

DAM cellØ Deliberation Unit

ü Deliberation Unit aims to adaptively leverage
the encoder structure to extract the most related
and detailed information for current word
generation.

ü To prove the effectiveness of DAM, we
combine it with three typical encoders: LF, MN,
DualVD.
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Ø Abandon Unit

LSTMd

KBxτ-1 Qτ-1
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LSTMr
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Unit
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Unitsτ-1
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DAM cell

ü Abandon Unit further filters out the redundant
information while enhancing the word-specific
information from both the global and local
encoded clues.
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Ø Memory Unit

ü Memory Unit selects response-level information
to control the global semantics in response and
tracks the word-level information for generating
more detailed and less repeated response via a
gate operation.
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xτ

woü The generated word with the maximum
value in the probability distribution is
selected as the predicted word.
Probability distribution is computed as:

xτ
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Ø Guided by the question and current generated word state , Deliberation Unit captures more detailed information
from encoder-specific structures.

Ø To prove the effectiveness of DAM, we combine it with three typical encoders:

nτ

ü LF encoder[1] for the general feature fusion

ü MN encoder[1] for dialogue history reasoning

ü DualVD encoder[2] for visual-semantic image understanding

[1] Abhishek Das, Satwik Kottur, Khushi Gupta, Avi Singh, Deshraj Yadav, Jose Ḿ. F. Moura, Devi Parikh, and Dhruv Batra. Visual dialog. In CVPR, 
pages 1080–1089, 2017.
[2] Xiaoze Jiang, Jing Yu, Zengchang Qin,Yingying Zhuang, Xingxing Zhang, Yue Hu, and Qi Wu. Dualvd: An adaptive dual encoding model for deep 
visual understanding in visual dialogue. In AAAI, 2020. 
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Ø It mainly contains three steps:

ü Step 1: word-guided question information update blue lines in the following figure

ü Step 2: question-guided information update orange lines in the following figure

ü Step 3: general feature fusion green lines in the following figure
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Ø Experiments 
���Overall Results on VisDial v1.0

���Ablation study (including Human Study) 

���Qualitative Analysis 

Ø Dataset

Ø Evaluation Metrics 

VisDial v1.0� utilize retrieval metrics: MRR, R@k (k = 1, 5, 10) and Mean,
NDCG for more comprehensive analysis. 

Lower value for Mean and higher value for other metrics are desired. 

VisDial v1.0 : train set (120k) built on MSCOCO images,
test set (8k) and val set (2k) consist of dialogues on extra 10k COCO-like

images from Flickr.
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Ø Compare with State-of-the-art

ü Compared with the baseline models, our models outperform them on all the metrics, which indicates the
complementary advantages between DAM and existing encoders in visual dialogue.

ü DualVD-DAM outperforms DMRM on all the other metrics without multi-step reasoning, which is the
advantages in DMRM over our models.

�������

Table 1: Result comparison on validation set of VisDial v1.0. 

 

�������



DAM: Deliberation, Abandon and Memory Networks for Generating Detailed and Non-repetitive Responses in Visual Dialogue

Ø Ablation Study

�������

We conduct extensive ablation study to verify the following key points:

ü The Effectiveness of Each Unit
ü The Effectiveness of Two-Level Decode Structure
ü The Effectiveness of Each Operation in Deliberation Unit

�������
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ü The Effectiveness of Each Unit

�������

Table 2: Ablation study of each unit on VisDial v1.0 validation set. 

1) 2L-DAM: this is our full model that adaptively
selects related information for decoding.
2) 2L-DM: full model w/o Abandon Unit.
3) 2L-M: 2L-DM w/o Deliberation Unit.

4) 2-LSTM: 2L-M w/o Memory Unit.
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ü The Effectiveness of Two-Level Decode Structure 

�������

Table 3: Human evaluation of 100 sample responses on VisDial v1.0 validation set.

• Complementary Advantages 

• Information Compositive Mode

0.2

0.4

0.6

0.8

Question Are there trees on 
the mountains?

DualVD-G Yes, yes, yes, yes, 
yes, yes, yes, yes. 

Yes, in the backgr-
ound.

DualVD-DAM

WDL

Yes , in the backgroundWord

33.65%

35.48%

34.03%
37.44%

44.39%

Image Visualization of Memory Unit at Each 
Decoding Step

RSL
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ü The Effectiveness of Each Operation in Deliberation Unit 

�������

Table 4: Ablation study of Deliberation Unit on VisDial v1.0 validation set. 

1) I-S only uses semantic-level image information for information selection. 

2) I-V only utilizes visual-level image information for information selection. 

3) I-SV jointly exploits semantic and visual information for information selection. 

4) H only leverages dialogue history for information selection. 
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Ø Qualitative Analysis 

�������

ü Response generation quality

A1: Maybe in his face is in his face is in his face is in 
his face is in his face.

A2: He looks like he looks like he looks like he 
looks like he looks like he looks like he looks.
A3: He looks like he looks like he looks like he 
looks like he looks like he looks like he looks.

A4: Shirt and a suit and a suit and a suit and a suit 
and a suit and a suit and.

Q3: Is he giving attitude or having fun?

Q1: How old is the gentleman?

Q2: Is he happy or sad?

Q4: What is the man wearing?

A2: Looks very happy.

A4: Suit coat and 
pants with tie.

A1: About 60.

A3: Having fun.

A4: A suit and tie.

A2: He looks happy.

A1: He ’s in his 60s.

C: A woman playing tennis with the ball in mid-air in front 
of her and the racket raised with her arm across her body in 

front of a sponsored grandstand.

A2: A white tennis dress and 
ten-nis shoes.

A4: A visor.

A1: I see 3 people.

A3: Black and white.

Q4: Is she wearing a hat?

Q3: What color is her tennis racket?

Q2: What is the tennis player wearing?

Q1: Do you see a lot of people?

A4: A visor.

A3: Red and red and red and red and red and red and 
r-ed and red and red and red and.

A2: White shirt and a white shirt and a white shirt and 
a white shirt and a white shirt and a.

A1: I see 3.A1: Just 3.

A3: Black.

A2: White tennis dress.

A4: A visor.

A3: Having fun and he looks 
like he is posing for the picture.

Image + Caption Question Human Responses DualVD-G DualVD-DAM

C: A cheerful older gentleman with his hands on his hips is 
smiling at the camera.

Figure: Qualitative results of DualVD-DAM comparing to Human Responses and DualVD-G.
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Ø Qualitative Analysis 

�������

ü Information selection quality

Figure: Visualization of the evidence when generating the response by DualVD-DAM. The essential visual regions and dialogue

history for answering the question are highlighted in the last three columns. The attention weights of visual regions and dialogue

history are visualized, where clearer region and darker orange color indicates higher attention weight.

C: A tarmac with a lot of large blue and white planes parked.

Q1: Are there people? A1: I see 2 people.

Q2: 1s it sunny? A2: It looks like a clear day, yes.

Q3: Are there clouds? A3: A couple of clouds, yes.

Q4: Are the planes big? A4: They look like large passenger planes.

Q5: Are there people boarding? A5: No.

Q6: Are there any bags? A6: No.

Q7: Are there signs? A7: No.

Is there a building?Question
DualVD-G

DualVD-DAM
No.

There are some buildings in the background.

Image Dialogue History Visualization

C    QA1 QA2 QA3QA4 QA5 QA6 QA7                                      C    QA1 QA2 QA3QA4 QA5 QA6 QA7                                      C    QA1 QA2 QA3QA4 QA5 QA6 QA7                                      

there                            buildings                   backgrounds
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