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Similarity Preserving Hashing

[Wu-Jun Li , 2015] 
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Advantages

• Reduce Dimensionality and Storage Cost 
• Fast Query Speed

[Wu-Jun Li , 2015] 5
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Deep Multi-Region Hashing 
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Motivation
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Ø In the existing hashing methods, deep supervised hashing methods have 
achieved the best performance by utilizing the semantic labels on data 
with deep learning. 

Ø Most of deep methods only consider the semantics of the whole image 
but ignore the local information which contains much more semantic 
details. Evidently, the sematic details are beneficial for hash learning. 

Ø Fusing local information includes two ways:
a. Fusing feature of regions
b. Fusing discriminants (i.e. hash codes) of regions

Ø There are several deep hashing methods which utilize the local 
information by the former way, but no one adopts the latter way.



Network

9[Chatfield et al. , 2014] 

CNN-F • Input Size: 224×224×3 
• Output Size: K



Network

10[Isola et al. , 2017] 

Layer CNN-F Modified CNN-F

Layer6 FC-4096 Conv6-4096

Layer7 FC-4096 Conv1-4096

Layer8 FC-K Conv1-K

N=2

• Input Size: (192+32*N)×(192+32*N)×3 
• Output Size: N2×K



Ø Category Label information:
•  

Ø Pairwise label information: 
•  

Ø Hamming Distance distH(·,·) with Inner Product <·,·>:
•  

Ø The formulation of DPSH:
•  

•  

Formulation

11[Liu et al. , 2012][Li et al. , 2016] 



Formulation
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Ø The formulation of DPSH:
•  

Ø  Our formulation:
•  

•  

[Li et al. , 2016] 
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Ø How to get hi:

•  

•  

•  



Out-of-sample Extension
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N=2
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Experiment Setting
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Dataset Label size Training/Testing

CIFAR-10 Single(10) 60K 50K/10K

MS-COCO Multiple(81) 122K 82K/40K

NUS-WIDE Multiple(21) 195K 185K/10K

Method Parameters Value Method Parameters Value

Implementation 
Framework

Pytorch Optimizer (SGD)Stochastic 
Gradient Descent

Initial Network 
Parameters

Pre-trained CNN-F 
on ImageNet

Initial Learning Rate 0.1

Batch Size 32 Hyper-Parameter η 0.02

Epoch 150



Baseline
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Baseline Property Baseline Property

LSH(2004) non-deep DSH(2016) deep

SH(2009) non-deep DPSH(2016) deep

SKLSH(2009) non-deep DSDH(2017) deep

PCAH(2010) non-deep DCH(2018) deep

ITQ(2012) non-deep DDSH(2018) deep

FSSH(2018) non-deep ADSH(2018) deep



MAP Score
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Performance with different N
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Convergence Analysis

20



Outline
Ø Hashing
Ø DMRH
Ø Experiments
Ø Summary

21



Summary
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Ø We propose a deep supervised hashing method based on multiple 
regions of image. Different from the existing deep supervised 
hashing methods, the proposed DMRH can simply capture more 
semantic details from local regions by directly fusing them to hash 
codes. Experimental results show that DMRH could achieve state-of-
the-art performance.

Ø However, the proposed method only uses local hash codes to obtain 
the global hash code. In the future work, we will consider utilizing 
the relationship among the local hash codes for better performance.



     

Thanks !
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Questions？


