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Human Identification & Activity
n Background

Activity

Person Re-
identification

Face
Recog
nition

Recent Work

The whole story

1）Detect an event

2）track persons across camera view

3）Identify who he/she is
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Human Identification & Activity
n A Standard Processing

u Detect what is happening
u Who is the suspect?
u Track him/her across camera views
u Search him/her in large dataset
u Recognise him/her
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About Hashing based Search

n K Near Neighbour Search
u Find the nearest point for the query (green point)

Query Database

Exact	
results
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About Hashing based Search

n Problems traditional NN search faced
u Large data size, e.g., millions or billions;
u High dimension 
u Exhaust time search
u Large storage space

Query Database Millions	
or	Billions

Exact	
results

High	
dimension+
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About Hashing based Search

n A solution using Hashing

( ) sgn( ( ))T
k k kh x f w x b= +

Different choices of W and f(.) lead to different hashing approaches.

Projection	Matrix	
W Threshold	B

Transferred	
points

Source	
points

Projection	
Function	f

—data	pointx kw kb—projection	vector —threshold

Binary	hash	bits
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About Hashing based Search

0

1

0
1 0

1

110 Index by compact code



Learning	Hashing	Codes	Online

Long-Kai Huang, Qiang Yang, Wei-Shi Zheng*. Online Hashing. IEEE 
Transactions on Neural Networks and Learning Systems, 2017 (DOI: 
10.1109/TNNLS.2017.2689242) 

new hashing 
model

generat
e new 
dataupdate hashing 

model
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Online Hashing

n Update a hashing model online to process 
sequential pairwise data

n We assume a pairwise data comes at a time
u It can be easily generalised

n Label: similar or non-similar
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Background

n The Hash Function:

n Online Learning History for Hashing
u Online Kernel Hashing (IJCAI 2013)
u Sketching Hashing (CVPR 2015)
u LEGO-LSH (NIPS, 2008)
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Online Hashing (OH)

n The hashing model we address

Goodness: we can directly learn W more easily by getting rid of sgn
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Quantifying the Loss

Hamming distance 
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The Processing

No update

Update the previous model

Find zero- loss hash code pair 

Obtain an updated hash projection matrix 

predicts similar hash code pair towards 
the zero-loss hash code pair 
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Online Kernel Hashing (OKH)

n Criterion to optimise
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Bounds
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Bounds
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Bounds
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Bounds
n When retaining more than one model as candidates?
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Evaluation

n Datasets
u Photo Tourism: 100K, 512D Gist Features
u LabelMe: 22K, 512D Gist Features
u Gist1M: 1M, 960-D Gist Features
u CIFAR-10 and Tiny Image 80M: 80M, 2048-D deep 

features
n Compared Methods

u ITQ, KLSH, SDH
u LEGO-LSH, MLH, SSBC, OSH and AdaptHash.

n Measurement
u MAP: Mean Average Precision
u Time cost
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Evaluation

n Comparison with related online methods
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Evaluation

n Comparison with related offline models
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Evaluation
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Evaluation

n Different
numbers
of
models
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Evaluation
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Evaluation

n Training time
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Evaluation

n Training time



Learning Hashing with Multiple 
Features

Chenghao Zhang, and Wei-Shi Zheng. Semi-supervised Multi-view Discrete 
Hashing for Fast Image Search. IEEE Transactions on Image Processing, 
vol. 26, no. 6, pp. 2604-2617, 2017. 
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Semi-supervised Multi-Modality Hashing
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n Multi-view Discrete Modeling 

Modeling

View-specific transformation
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Modeling

n Regression on Class Label Vectors 
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Modeling

n Extracting Statistically Uncorrelated View-
specific Features 

}
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Modeling

n Composite local data variation
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Evaluation

n Datasets
u WIKI: image (SIFT), text (LDA)
u CIFAR-10: Gist, HOG features
u NUS-WDIE: image (SIFT), text (tag vector)
u ILSVRC-150K: 17 &18 layer features of VGG net 

n Compared Methods
u Unsupervised Multi-view Hash Models
u Semi-supervised Hash Models

n Measurement
u MAP: Mean Average Precision
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Evaluation

n Multiple Modality vs. Single
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Evaluation

n Comparison to Semi-supervised Models
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Evaluation

n Comparison to Unsupervised Models
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Evaluation

n When deep features are used?
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Evaluation

n On more diverse dataset
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Evaluation

n When different classes are imbalanced?
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Evaluation

n Are the models transferable?
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Evaluation

n Why not use classifiers to generate binary codes?



Hashing	for	Cross-Modalities

Botong Wu, Qiang Yang, Wei-Shi Zheng*, Yizhou Wang, and Jingdong
Wang. Quantized Correlation Hashing for Fast Cross-modal Search. In 
International Joint Conference on Artificial Intelligence (IJCAI), 2015.

Xiatian Zhu, Botong Wu, Dongcheng Huang, Wei-Shi Zheng*. Fast Open-
World Person Re-Identification. Submitted to IEEE Transactions on Image 
Processing. (Minor Revision)
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Cross-modality Hashing
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Cross-modality Hashing

n How is it related to person re-id
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Evaluation

n Datasets
u CUHK03
u SYSU
u Market

n Setting: open-world re-id
u Re-id with large scale of imposters

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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Evaluation

n Comparison to other related Hashing functions
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Evaluation

n Comparison to re-id methods
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Evaluation

n When using more powerful features?



49

Evaluation

n Visual Comparison
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n Fast Search based on Hashing
u Online Hashing

(IEEE TNNLS 2017, IJCAI 2013)
u Smart Model for Active Hashing

(IJCAI 2013)
u Multi/Cross Modality Search

(IEEE TIP 2017; IJCAI 2015)
new hashing 
model

generat
e new 
dataupdate hashing 

model

Large-scale Search
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感谢各位老师和同学！


