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研究领域

研究方面一：
跨场景行为分析
- 解决行人碎片化轨迹问题
- 行人重识别

研究方面二：
行为意图识别
- 解决复杂交互行为建模
- 解决多通道信息融合问题
- 解决中、长短间隔预测

跨场景、多人、长时间行为识别
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Person Re-identification

Detecting target objects (cars, 
pedestrian, bags etc.)

Matching, Tracking

What is 
he 

doing?

Camera Network 
Understanding
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Person Re-identification: Challenges
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Person Re-identification: Challenges

❑ Some Main Variations

View Lighting Occlusion Low Resolution Clothing Change
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Recent Development & Question

❑ Pose-guided, Local, Attention-based, GAN-based, ……

[a ppt: https://share.weiyun.com/5VPtcZa]

❑ What should we do? I would guess we will soon have 

99% matching rate this year or early next year on 

benchmarks

❑ Have we already solved it?

https://share.weiyun.com/5VPtcZa
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My Today’s Focus

❑ Tell less about performance

❑ Aim to tell something of my understanding 

about Re-ID
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1. Unsupervised Person Re-id?
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Unsupervised Re-ID

◼ Existing works mainly focus on supervised models

◼ Scalability of supervised models

◆ Require quantities of labelled data across views

◆ Manually labelling not very reliable

◆ Prohibitive time and money cost

◆ …

◼ Unsupervised Re-ID to help solve this problem

◆ Feature Representation Learning

• Hand-crafted

• Sparse/dictionary learning

• CCA

• transfer

How to perform 

effective deep 

learning for 

unsupervised re-

id?

How to explicitly 

quantify cross-view 

matching?
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Deep Unsupervised Person Re-id

❑ Unsupervised Deep Learning
o DEep Clustering-based Asymmetric MEtric Learning 

(DECAMEL)

Hong-Xing Yu, Ancong Wu, Wei-Shi Zheng(PI)*. Unsupervised Person Re-

identification by Asymmetric Metric Embedding. In IEEE IEEE Transactions 

on Pattern Analysis and Machine Intelligence (TPAMI), 2019.

Asymmetric metric clustering

Cross-view consistency

regularization
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Asymmetric Metric for Re-ID: Unsupervised

不同摄像机同类
数据无法接近

不同摄
像机下
同类数
据重合

Asymmetric Metric Learning

min

Yingcong Chen, Xiatian Zhu, Wei-Shi Zheng*, and Jian-Huang Lai. Person Re-Identification by Camera 

Correlation Aware Feature Augmentation. IEEE Trans. on Pattern Analysis and Machine Intelligence (PAMI), 

2017.

Science in China 2018

Learning universal 

feature transformation

Learning view-specific

feature transformation
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Asymmetric Metric for Re-ID

Non-negativity Symmetry

Triangle Inequality

Coincidence

Pseudometric

Learn different feature

transformation for different

camera views
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Deep Unsupervised Person Re-id

❑ Deep Asymmetric Clustering
o DEep Clustering-based Asymmetric MEtric Learning 

(DECAMEL)

Hong-Xing Yu, Ancong Wu, Wei-Shi Zheng(PI)*. Unsupervised Person Re-

identification by Asymmetric Metric Embedding. In IEEE IEEE Transactions 

on Pattern Analysis and Machine Intelligence (TPAMI), 2019.

Asymmetric metric clustering

Cross-view consistency

regularization
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Deep Unsupervised Person Re-id

❑ Unsupervised Deep Learning

o Challenge: How to optimize unsupervised deep model?

(1) Metric initialization by the 

linear Clustering-based Asymmetric 

Metric Learning (CAMEL)

(2) End-to-end joint feature-metric

learning by any gradient based method

e.g. SGD
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Deep Unsupervised Person Re-id

❑ CAMEL: Metric initialization
o Clustering-based Asymmetric MEtric Learning 

(CAMEL) 

Hong-Xing Yu, Ancong Wu, Wei-Shi Zheng*. Cross-view Asymmetric Metric 

Learning for Unsupervised Person Re-identification. In IEEE Conf. on Computer 

Vision (ICCV), 2017.
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Deep Unsupervised Person Re-id

❑ Theoretical insight

Cross-view consistency

regularization

Bound the

Coincidence

Discrepancy

End-to-end learning with 

the asymmetric metric

Share know-

ledge for the 

feature learning
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Deep Unsupervised Person Re-id

❑ Superiority of asymmetric metric
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Deep Unsupervised Person Re-id

❑ Superiority of asymmetric metric: Comparison 

to the state of the art

❑ Superiority of asymmetric metric: Comparison 

to the symmetric model
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Deep Unsupervised Person Re-id

❑ Challenge for asymmetric learning

o Generalization to unseen views

o Computation grows quickly with more views

❑ View Clustering (VC)

View distance

View representation

View clustering
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Deep Unsupervised Person Re-id

❑ View-extendable setting for Re-ID

❑ Computation-efficient and also effective

Complexity of metric initialization:

w/o VC: O((Vd)^3), V the # views

w/ VC: O((Jd)^3), J user-defined 

(i.e. constant)
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2. How to match heterogeneous

person images across camera views?
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Person Re-ID vs. Cross-Modality

❑ Matching between Heterogeneous Images
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RGB-Infrared Re-ID

❑ Cross-Modality Learning: RGB-IR Re-ID

o Deep zero-padding

Ancong Wu, Wei-Shi Zheng*(PI), Hong-Xing Yu, Shaogang Gong, Jianhuang Lai. RGB-Infrared 

Cross-Modality Person Re-Identification. In IEEE Conf. on Computer Vision (ICCV), 2017. 
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RGB-Infrared Re-ID

❑ Cross-Modality Learning: RGB-IR Re-ID

o Deep zero-padding
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RGB-Infrared Re-ID

❑ Cross-Modality Learning: RGB-IR Re-ID

o SYSU RGB-IR Re-ID Dataset
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When the input is not image?
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❑ Match person images with specific attribute

Attribute-Image Person Re-ID

Zhou Yin, Wei-Shi Zheng*(PI), et al. Adversarial Attribute-Image Person Re-

identification, IJCAI 2018
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Attribute-Image Person Re-ID

Our model:
❑ Outperforms traditional cross modality retrieval methods (DeepCCAE, DeepCCA, 2WayNet, 

CMCE).

❑ Outperforms classical pedestrian attribute recognition model (DeepMAR).

❑ Outperforms other variants of our model, which also generate homogenous distributions 

under semantic consistency regularization for the two modalities (MMD, DeepCoral). 

Wrong samples
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When dressing differently?
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Depth Re-ID

❑ Something to see

In these cases, appearance cues are not reliable. 

Illumination 
change

Clothes 
change
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Depth Re-ID



41

Depth Re-ID

❑ Learning & Transferring Depth

Ancong Wu, Wei-Shi Zheng*(PI), and Jian-Huang 

Lai. Robust Depth-based Person Re-identification. 

IEEE Transactions on Image Processing, 2017

Learning relation between RGB 

features and depth features 
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3. Low-resolution 

Person Re-identification

Camera A Camera B

Varying 

Resolutions
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Low-resolution Re-ID
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Low-resolution Re-ID

❑ Low-resolution Re-ID

o JUDEA : joint multi-scale discriminant component 

analysis

Xiang Li, Wei-Shi Zheng*(PI), Xiaojuan Wang, Tao Xiang, Shaogang Gong. Multi-scale 

Learning for Low-resolution Person Re-identification. IEEE Conf. on Computer Vision 

(ICCV), 2015.
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Low-resolution Re-ID

❑ Super- resolution and Identity joiNt learninG

(SING) 

Jiening Jiao, Wei-Shi Zheng*(PI), Ancong Wu, Xiatian Zhu, and Shaogang Gong. Deep Low-

resolution Person Re-identification. AAAI 2018 
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Low-resolution Re-ID
❑ Super- resolution and Identity joiNt learninG (SING) 
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Low-resolution Re-ID

❑ Results
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4. Open-world 

Person Re-identification
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One-Shot Open-World Group-based Re-id

❑ Motivation

Open-world person 

re-identification setting

1) A large amount of non-target 

imposters captured along 

with the target people on the 

watch list. 

2) Their images will also appear 

in the probe set and some of 

them will look visually similar 

to the target people

Wei-Shi Zheng, Shaogang Gong, and Tao Xiang. Towards Open-World Person Re-

Identification by One-Shot Group-based Verification. IEEE Transactions on Pattern 

Analysis and Machine Intelligence (PAMI), vol. 38, no. 3, pp. 591-606, 2016.
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Adversarial Open-World Re-id

❑ Learn to attack feature extractor on the target people using 

GAN to generate very target-like images (imposters

❑ Make the feature extractor learn to tolerate the attack by 

discriminative learning so as to realize group-based 

verification.

Xiang Li, Ancong Wu, Wei-Shi Zheng*(PI). Adversarial Open-World Person Re-Identification. 

In European Conference on Computer Vision (ECCV), 2018.
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Adversarial Open-World Re-id

❑ Jointly learns a generator, a person discriminator, a 

target discriminator and a feature extractor

❑ The feature extractor and target discriminator share the 

same weights

makes the feature 

extractor learn to tolerate 

the attack by imposters
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Adversarial Open-World Re-id
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Adversarial Open-World Re-id

❑ Results
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More ……
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Hash Re-ID for Fast Search

❑ FAST Re-ID on Numbers of Cameras

o Learning view-specific hash code for each camera

Xiatian Zhu, Botong Wu, Dongcheng Huang, Wei-Shi Zheng*(PI). Fast Open-World Person 

Re-Identification. IEEE Transactions on Image Processing, 2018.

Wei-Shi Zheng, Shaogang Gong, and Tao Xiang. Towards Open-World Person Re-

Identification by One-Shot Group-based Verification. IEEE Transactions on Pattern Analysis 

and Machine Intelligence (PAMI), vol. 38, no. 3, pp. 591-606, 2016.
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Cross-scenario Re-ID

❑ Transferring between sets An 

Asymmetric

Multi-task 

Modelling

Xiaojuan Wang, Wei-Shi Zheng*(PI), Xiang Li, and Jianguo Zhang. Cross-scenario Transfer Person Re-

identification. IEEE Transactions on Circuits and Systems for Video Technology, vol. 26, no. 8, pp. 

1447-1460, 2016.
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Partial Re-ID

Wei-Shi Zheng, Xiang Li, Tao Xiang, Shengcai Liao, JianHuang Lai, 

Shaogang Gong. Partial Person Re-identification. ICCV, 2015.



64

More

Lingxiao He, et al., CVPR 2018. S.Li et al., CVPR 2017

Weijian Deng, et al,. CVPR, 2018. Longhui Wei, et al,. CVPR, 2018.
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Take Home Message

❑ Person Re-id is far from being solved

❑ Unsupervised Learning….

❑ Illumination, Occlusion, Low-resolution

❑ Cross-modal Searching

❑ Open-world, ….

❑ More?
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Thanks to my students

http://isee.sysu.edu.cn/~zhwshi

EMAIL ME：wszheng@ieee.org

mailto:wszheng@ieee.org?subject=
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Person Re-ID vs. Cross-Modality

❑ View Bias
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Asymmetric Metric for Re-ID

Learning universal feature 

transformation

Learning view-specific

feature transformation
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Asymmetric Metric for Re-ID

Non-negativity Symmetry

Triangle Inequality

Coincidence

Pseudometric

Learn different feature

transformation for different

camera views
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Asymmetric Metric for Re-ID

❑ Re-ID Reformulation by Augmentation

View-specific

transformatio

n

Yingcong Chen, Xiatian Zhu, Wei-Shi Zheng*, and Jian-Huang Lai. Person Re-Identification 

by Camera Correlation Aware Feature Augmentation. IEEE Trans. on Pattern Analysis and 

Machine Intelligence (PAMI), 2017.

Not able to measure the relationship

between different view-specific

transformation matrices

Do not constraint the discrepancy

between feature transformation

across view: Coincidence
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❑ Adaptive feature augmentation 

Asymmetric Metric for Re-ID

control the

discrepancy

Between

fa and fb

generalised

Yingcong Chen, Xiatian Zhu, Wei-Shi Zheng*, and Jian-Huang Lai. Person Re-Identification 

by Camera Correlation Aware Feature Augmentation. IEEE Trans. on Pattern Analysis and 

Machine Intelligence (PAMI), 2017.
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Asymmetric Metric for Re-ID

❑ Learning:
Camera coRrelation Aware Feature augmenTation (CRAFT)

Bregman discrepancy of a projection 

pair

Camera View 

Discrepancy 

Regularization 

:

Reduce

Coincidence

Generalize any symmetric metric learning models to 

asymmetric ones: e.g. MFA 


