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 Let’s start with ...



Video

Audio 

Image

Text

…...



The Future is Multimedia

 By 2020 (IHS), security cameras will capture 
• 30 billion images per second
• 100 trillion images pre hour
• 2.5 million terabyte per day
• 29 cameras per person

 Crucial for security, economy and spans all types of applications



Exploit the relationships between different media types
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Multimedia data analyzed as a whole for a robot to think/act like human

An example: robot

Visual Audio

Taste

Olfactory

Haptic Haptic



大数据智能

群体智能

跨媒体智能

混合增强智能

自主无人系统

 推动人工智能发生如下跃变：

 从人工知识表达到大数据驱动知识学习

 从个体智能到基于互联网络的群体智能

 从单一数据到跨媒体认知、学习和推理

 从追求机器智能到人机混合的增强智能

 从机器人到自主无人系统的跨越

中国 AI 2.0 - 5大智能方向



Vison and Language
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人工智能

跨媒体学习

理论算法设计

视觉描述 视觉检测 视觉问答

视觉特征与语言特征的提取

融合知识图谱的
视觉关联性分析

知识聚合与推理

的关联性分析

视觉分类 跨媒体搜索 图像合成



Binary classification 

Classify binary data with binary weights

Problem Statement

Floating-point

multiplications
XNOR operations

: Hamming distance



Binary classification 

Classifying an image reduces to retrieving its nearest class codes in the Hamming space





Multimedia Data – Multimodal In Nature
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 Explosion of multimedia contents that are represented by           
multiple modalities coming from multiple sources

Image

Text

Video

Image



Multimodal Data - Heterogeneous in Nature

 Images and texts have very different natures of representation

Image Text
yellow, frog, 
amphibian, 

canon, 550d, 
eos, picture

real-valued discrete



Cross-Modal Retrieval  

 Cross-Modal Retrieval:
Given a query from one modality, search the closest matches in another modality
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 Strong need for “modality invariant” retrieval system 
 Given the “title” of one movie, e.g. “Dunkirk”

→ Reviews                             Video clips       Soundtrack



Main Challenge

 Heterogeneous representations -> Modality Gap
 Similarities cannot be directly measured
 Distributions cannot be well aligned

On Flicker-30K dataset

A cruise ship docked at a coast.

A dark-haired man with a mustache is 
behind a red-haired man on a boat.

There is a bridge over the top of the 
water with boats in it.

An indoor plant in a yellow pot 
by a window.

A black dog lies on the grass.

Two young people are sitting at a 
table next to a sliding glass door, with 

one person pointing at the other.

This is the green stem of a potted plant.



Main Approach: Common Subspace Learning

…

Textual
Space

Visual
Space

Common Subspace Fish
Cat

Bird
Dog

Cat
Fish

Bird
Dog

Main Tasks of Subspace Learning
 Learning discriminative representations for each modality
 Modeling inter-item correlations across modalities 
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Limitations of Previous Deep Methods

Ideal case: modality invariant representation
 Given a subspace representation, its original modality 

cannot be identified

Limitations
 Previous methods mainly focus on feature discrimination 

and pairwise item correlations
 Modality invariance is seldom considered

However, it is non-trivial since it is hard to correlate the 
cross-modal items if the shift between modalities is large 

Fish

?
Text modality

Image modality



Ours: Adversarial Cross-Modal Retrieval (ACMR)
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 Adversarial Framework: Interplay between feature projector and modality classifier
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Novelties of ACMR

Feature Projector Modality Classifier

Fish C
la

ss
if

ie
r

Fish: 0.95
Cat: 0.01
...

Fish: 0.92
Cat: 0.21
...

Feedback 
Signal

 Introducing immediate feedback signal to steer the learning process of
feature projector, for mitigating the modality gap

 Simultaneously exploit feature discrimination and correlation modeling

Fish

Bird

Dog

Subspace 
representations
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Feature Discrimination Correlation Modeling

Mutually 
Promote



An Example

Two airplanes parked in an 
airport.

Modality ClassifierFeature Projector





Two airplanes parked in an 
airport.




Two airplanes parked in an 

airport.




Two airplanes parked in an 

airport.





Feature Discrimination

 Improved discrimination of subspace representations
 Image and text classifiers to output predicted probability distributions
 Supervised by the same set of semantic abstractions
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Correlation Modeling

 Goals of Correlation Modeling
 Minimize the distances among semantically similar items 
 Maximize the distances among semantically different items

 Enforce triplet constraints
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Images Texts



Overall Formulation for Feature Projector
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Regularization 
for preventing

overfitting

Inter-modal correlation loss 
combining visual and textual 

modalities

Intra-modal discrimination
loss
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ACMR Optimization: Minimax Game

Feature projector Modality classifier
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 Integrate losses from the two “players”

 A minimax game between the two “players”

Gradient Reversal Layer



Experimental Settings

 Configuration, Tasks and Metrics
 Network: V  2000  200 for visual feature; T  500  200 for textual feature; 

f  50  1 for modality classifier
 Tasks: Img2Txt and Txt2Img
 Metric: Mean Average Precision (MAP) and precision-scope curve
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 Data and Features
Dataset Instances Labels Image feature Text feature

Wikipedia 1,300/1,566 10 128d SIFT
4,096d VGG

10d LDA
1,000d BoW

Pascal Sentences 800/200 20 4,096d VGG 1000d BoW

NUSWIDE-10k 8000/2000 350 4,096d VGG 3000d BoW

MSCOCO 66,226/16,557 500 4,096 VGG 3,000 BoW

 Compared Methods
 Traditional:  SCM (CCA) [MM’10], JRL [TCSVT’14], LCFS [ICCV’15], CCA-3V [IJCV’14], 

JFSSL [TPAMI’16]
 DNN-based: Multimodal-DBN [ICML’12], Bimodal-AE [ICML’11], Corr-AE [MM’14], 

CMDN [IJCAI’16]



 Retrieval results on Wikipedia Dataset
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Experimental Results

 Adversary for modality invariance modeling 



 Retrieval results on Pascal Sentences and NUSWIDE-10k
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Experimental Results

Pascal Sentences NUSWIDE-10k

Img2Txt Txt2Img Average Img2Txt Txt2Img Average

CCA 0.363 0.219 0.291 0.189 0.188 0.189

Multimodal DBN 0.477 0.424 0.451 0.201 0.259 0.230

Bimodal AE 0.456 0.470 0.458 0.327 0.369 0.348

LCFS 0.442 0.357 0.400 0.383 0.346 0.365

Corr-AE 0.489 0.444 0.467 0.366 0.417 0.392

JRL 0.504 0.489 0.496 0.426 0.376 0.401

CMDN 0.534 0.534 0.534 0.492 0.515 0.504

ACMR 0.535 0.543 0.539 0.544 0.538 0.541

Our approach consistently achieves better performance



(a) Without Adversary (b) With Adversary

 t-SNE visualizations of subspace representations on Wikipedia
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Visualization of Subspace Representations

Adversary is effective to reduce the modality gap





 Problem Statement

Describing video visual content with natural language text

A man is running down a road

A Video:

Caption:

A Video:
A monkey is pulling a 
dog’s tail and is chased 
by the dog.

Caption:

Video captioning



[Sutskever et al. NIPS’14] 

[Sutskever et al. NIPS’14]
[Vinyals et al. CVPR’15]

[Subhashini et al. NAACL’15]

[Venugopalan et. al. ICCV’ 15]

Key: Encode the visual feature of the video and “decode” it to a sentence

The Encoder-Decoder framework

Related work



Related work

A basic model for Video Captioning: Sequence to Sequence - Video to Text [1]

Based on many to many Hierarchical RNN：seq of frames -> seq of words

[1] Venugopalan, Subhashini, et al. "Sequence to sequence-video to text.” ICCV 2015.



Related work

Attention Mechanism for Video Captioning [1]

[1] Yao, Li, et al. "Describing videos by exploiting temporal structure." ICCV 2015.

Based on many to many RNN with attention：seq of frames -> seq of words



 Motivations

 Most existing decoders apply the attention mechanism to every generated 
word including non-visual words (e.g. “the”, “a”).

 However, these non-visual words can be easily predicted using natural 
language model. Imposing attention mechanism on non-visual words could 
mislead and decrease the overall performance of video captioning.

Video Caption:

A Video:

hLSTM with adjusted temporal attention 
(IJCAI 2017 & TPAMI 2019)



hLSTM with adjusted temporal attention   

A unified encoder-decoder framework:
 Visual words (e.g. “shooting” or “gun”) are generated with visual

information extracting from a set of specific frames.
 non-visual words (e.g. “a” and “is”) are relying on the language model.



hLSTM with adjusted temporal attention   

RNN Decoder



hLSTM with adjusted temporal attention   

Bottom LSTM 
captures the low-level visual features 



hLSTM with adjusted temporal attention   

Temporal Attention Model 
captures the attended visual feature



hLSTM with adjusted temporal attention   

Top LSTM
captures the high-level semantic features of the videos



hLSTM with adjusted temporal attention   

Adjusted Temporal Attention Model
decides whether visual information or language context



hLSTM with adjusted temporal attention   

MLP Layer
outputs a predicted word with probabilities



The performance comparison with the state-of-the-art methods on MSVD. (V)
denotes VGGNet, (O) denotes optical flow, (G) denotes GoogleNet, (C) denotes
C3D and (R) denotes ResNet-152

Comparison study



Comparison study

The performance comparison with the state-of-the-art 
methods on MSR-VTT



Video captioning by adversarial LSTM (TIP 2018)

 Motivations

 Existing methods often generate descriptions with syntax 
errors, e.g., 

 “A boy is soccer playing”

 “A boy is fighting with the soccer”

 Existing methods could generate descriptions that are 
irrelevant to videos, e.g.,

 “A boy is playing soccer” is confused with “a plane is flying”



LSTM-GAN

Reference 
sentences

Syntax

Relevance



Adversarial attack to targeted partial captions 
via Structured Output Learning with Latent Variables 
(CVPR 2019)

Targeted partial caption: 
the words at some locations 
are observed, while the 
words at other locations are 
not specified. (Fig. (b)) 

Targeted complete caption: 
the words at all locations 
are observed. (Fig. (c)) 

This task has never been studied in previous work!



Text-to-image synthesis via Perceptual Pyramid 
Adversarial Networks (AAAI 2019)
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 Problem Statement
Generating natural images given text descriptions

 Text input

A small bird with yellow and gray throat and belly, and darker crown, wings and tail feathers
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Text-to-image synthesis via Perceptual Pyramid 
Adversarial Networks (AAAI 2019)

 Problem Statement
Generating natural images given text descriptions

 Text input
A small bird with yellow and gray throat and belly, and darker crown, wings and tail feathers



Visual Question Answering (VQA)
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 Problem Statement
Given an image and a natural language question about the image, providing

an accurate natural language answer

 It requires a potentially vast set of AI capabilities to answer



50

 How to enable VQA?
 We need luxuriant mutli-modal data containing triplets of images,

questions and answers
 Selecting images with multiple objects and rich contextual information

Images from MSCOCO

Visual Question Answering (VQA)



 Questions and Answers
 User interface to collect “interesting” questions
 Gathering various kinds of questions and answers from different workers

51Types of Questions Types of Answers

Visual Question Answering (VQA)
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 The quality of questions is crucial for VQA
 Quantity, Diversity, Appropriateness

Manually collecting questions of high quality is costly!

Visual Question Answering (VQA)



Visual Question Generation (VQG)
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Can we automatically generate questions for images ?

VQG 

Model

 Visual question generation (VQG)
 It is a dual task for the VQA, which can provide infinite sources of

questions for the VQA
 For VQG, can we get some hints from VQA?
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 Rethinking the relation between “image”, “question” and “answer”

The answer area that corresponds to the latent answer “blue” can be directly

located and then connected with the relevant object regions around in image,

where their explicit interactions can be naturally encoded in a graph structure to

generate question

Using radial graph structure to model the relation between 
image, answer and question

Radial Graph Convolutional Network for Visual Question Generation 
(TNNLS 2020)



Radial Graph Convolutional Network for Visual Question Generation
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 An innovative answer-centric approach focuses on the relevant image regions
 Finding the core answer area in an image by matching the latent answer with 

the semantic labels learned from all image regions
 Using sparse graph of radial structure is naturally built to capture the 

associations between the core node



Our proposed method can generate questions that follow the same 
principles and spirit of human-like questions in the ground-truth set
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Visualization

Distribution of 
Groundtruth

questions

Distribution of 
Generated 
questions



 For simple questions, object 
appearance features are enough

 For complicated questions, 
relations between objects are 
indispensable

 Visual relation: binary relation, 
trinary relation

 Relations between keywords also 
provide semantic relational 
knowledge

MRA-Net: Multi-modal Relation Attention Network for VQA
(TPAMI 2020）



Overview



Question Attention

 Node Attention for catching 
the keywords

 Relation Attention for 
encoding the core 
relationships between words



0.40.20.3

question-related 
objects

Object Attention



Q: Is the man wearing a hat?
A: Yes

Q: What is the man’s right
hand taking?  A: Frisbee

Visual Relation

hat

man man
hand

frisbee

Only encode the relations of the K 
most important objects



Binary Relation Attention: Trinary Relation Attention:

Attention

Relation Embedding

Visual Relation



Why not quaternary or more-nary?  

Training set Testing set

Ratio of the questions that involve 
different number of objects

Visual Relation



Visualization



 人类大量先验知识需要被探索与结合

 符合人类认知习惯的视觉认知场景有待探索

Vison and Language: the Future

亟待研究协同视觉与语言处理的视觉自然认知技术
。



将视觉信息进行结构化的表达，让模型能够基于
结构化知识图谱对自然知识进行聚合和推理

关联性
分析

并行数据
处理平台

跨模态数据
特征提取 普适的深度神经网络，能够并行与快速的同时提

取视觉与语言特征

基于视觉和语言的关联性分析，将其部署在有实
用价值的应用上，提供跨模态解决方案

部署应用

协
同
视
觉
与
语
言
处
理
的

视
觉
自
然
认
知

Vison and Language: the Future



Vison and Language: the Future
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Thank you!
shenhengtao@hotmail.com


