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Image credit: https://mp.weixin.qq.com/s/HKjMqZ6bxnUoZg2WlBapJg

Prof. Qi Wu’s VL pyramid 



 

Representation

Memory

Reasoning

Accumulation

Genera4on
VL

• �����������������
• 	��������������������

• ����������
����������������

Q: What’s the time in Portugal�
• �����������
• ���������

• ���������������������
• ����������������������

• ������
• ���������

• 
�����������
• ��������



VQA/ Visual Dialogue/Scene Graph Generation 2020
• Jing Yu, Xiaoze Jiang, Yue Hu, Qi Wu, et al. Learning Dual Encoding Model for Adaptive Visual Understanding in

Visual Dialogue� TIP 2020

• Jing Yu, Zihao Zhu, Yujing Wang, Yue Hu, et al. Cross-modal knowledge reasoning for knowledge-based visual
question answering, Pattern Recognition 2020

• Jing Yu, Weifeng Zhang, Yuhang Lu, Qi Wu, et al. Reasoning on the Relation: Enhancing Visual Representation for
Visual Question Answering and Cross-modal Retrieval, TMM 2020

• Jing Yu, Weifeng Zhang, Zhuoqian Yang, Yue Hu, Qi Wu. Cross-modal learning with prior visual relation knowledge,
Knowledge-based Systems 2020

• Jing Yu, Yuan Chai, Yue Hu, Qi Wu. CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation.
https://arxiv.org/abs/2009.07526

• Weifeng Zhang, Jing Yu, Hua Hu, Haiyang Hu. Multimodal feature fusion by relational reasoning and attention for
visual question answering, Information Fusion 2020

• Xiaoze Jiang, Jing Yu*, Yue Hu, Qi Wu, et al. Deep Visual Understanding Like Humans: An Adaptive Dual Encoding
Model for Visual Dialogue�AAAI 2020

• Zihao Zhu*, Jing Yu*(Equal), Yujing Wang, Yue Hu, Qi Wu, et al. Mucko: Multi-Layer Cross-Modal Knowledge
Reasoning for Fact-based Visual Question Answering, IJCAI 2020

• Xiaoze Jiang*, Jing Yu*(Equal), Xingxing Zhang, Yue Hu, Qi Wu, et al. DAM: Deliberation, Abandon and Memory
Networks for Generating Detailed and Non-repetitive Responses in Visual Dialogue, IJCAI 2020
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CogTree: Cogni+on Tree Loss for 
Unbiased Scene Graph Genera+on

https://arxiv.org/abs/2009.07526

Jing Yu*, Yuan Chai, Yue Hu, Qi Wu



CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation
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CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation
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CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation

 



CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation

 

• SGG Network ➔ Bias-Adaptive Cognition Tree Building ➔ Learning 
with Cognition Tree Loss 



CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation
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CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation
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CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation

 

• SGG Network ➔ Bias-Adaptive Cognition Tree Building ➔ Learning 
with Cognition Tree Loss 



CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation
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• Comparison with state-of-the-art models
• Baselines

• MOTIFS, VCTree, SG-transformer, IMP+, FREO, KERN

• Debiasing approaches: Focal, Reweighting, Resampling, TDE

• Our X + CogTree > X+debiased approaches > exsiting baselines  



CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation
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• Ablation Study
• Both CogTree and balancing losses benefit the performance
• Tree Structure matters
• Weighting strategy matters



CogTree: Cognition Tree Loss for Unbiased Scene Graph Generation
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• Visualization
• CogTree predicts more fine-grained relationships.
• CogTree successfully distinguishes visually and semantically similar relationships.



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

IJCAI 2020
https://github.com/astro-zihao/mucko.

Zihao Zhu, Jing Yu*, Yujing Wang, Yajing Sun, Yue Hu, Qi Wu
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p Retrieval-based Approach [1]
p Fusion-based Approach [2]

p Global Evaluation [3]

The complementary role of visual-
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• Multi-Modal Heterogenous Graph Construction ➔ Intra-Modal Knowledge 
Selection➔ Cross-Modal Knowledge Reasoning
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Woman is wearing blue shorts.
Red fire hydrant on the sidewalk.
Woman is next to fire hydrant.
…
Chain on fire hydrant.
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<Fire hydrant, AtLocation, Street>
<Fire hydrant, HasProperty, Red>
…
<Car, UsedFor, Transport>
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• Multi-Modal Heterogenous Graph Construction ➔ Intra-Modal Knowledge 
Selection➔ Cross-Modal Knowledge Reasoning
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• Multi-Modal Heterogenous Graph Construction ➔ Intra-Modal Knowledge 
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W
ear

Ne
xtT
o

Dense Captions

Woman Sidewalk
WalkOn

On

Shorts
Red

Image

Semantic 
Graph
Parsing

DenseCap

Multi-Modal Heterogeneous Graph Construction

Semantic Graph

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

���	��
 ��	��

• ������	� � " �� !�
������!� ��� � ���!��� 
���"! ������

• ����� � " �� !� ���#��! !�%!
��!�  ����!�� ����� !" =
(%", '") �

• ���� ���� ��� ���� � 
����� ��!�� �& �����
����������

• )*+ ∈ -.//
• 0*+ ∈ -.//



��+�!%���+"* ���.�(��(%))��%��"��$%-"��������)%$ $���%(����*���)���� )+�"��+�)* %$��$)-�( $��

( - - ( )

• Multi-Modal Heterogenous Graph Construction ➔ Intra-Modal Knowledge 
Selection➔ Cross-Modal Knowledge Reasoning
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Learning Dual Encoding Model for 
Adap4ve Visual Understanding in Visual Dialogue

TIP 2020
https://github.com/JXZe/DualVD

Jing Yu*, Xiaoze Jiang, Zengchang Qin, Weifeng Zhang, Yue Hu,  Qi Wu



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

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

C: Aman 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
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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

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
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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

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�

 



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

Dual-coding theory [1]

Our brain encodes information in two ways: visual imagery and textual associations.

visual imagery 

textual associations 

When asked to act upon a concept, our brain retrieves either images or words, or both simultaneously.

Encoding 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.

 



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.

�	��

������



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 HistoryH

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

ü Our model consistently outperforms all the approaches on most metrics and slightly underperforms the model
using multi-step reasoning and complex attention mechanism.
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DualVD: An Adaptive Dual Encoding Model for Deep Visual Understanding in Visual Dialogue

ü Each component is effective.

 



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

• Case

Image Dialogue History

 



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

Visual Module Semantic Module

 

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

Ø Simple questions about a single object depending more on the visual clues.



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

Visual Module Semantic Module

 

Ø Complex questions about multiple objects and relationships require more semantic clues.

Ø Visual information is more important than semantic information to image understanding in 

visual dialogue.



 

Human Cognition
(Human Prior Knowledge)
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