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Background

• Hashing for image retrieval:

Map high dimensional data into lower dimensional binary codes 𝑙 Hamming space while

preserving the similarity relation in original space

• Extremely fast query speed

• Low storage cost

• Deep supervised hashing:

Apply DNNs to integrate features extraction and hashing learning end-to-end

• Pairwise labels-based: DPSH [W.-J. Li et al. AAAI17], DSDH [Q. Li et al. NIPS17] …

• Triplet labels-based: DTSH [X. Wang et al. ACCV16] …

• Class labels-based: DCWH [X. Zhe et al. TNNLS20], CSQ [L. Yuan et al. CVPR20] …
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Related Works

• Pairwise/triplet labels-based methods:
• Tremendous computation cost

• Time complexity 2

• Compromise: Sample a portion of data for training

• Only use the local data structure

• Hard to capture the global similarity relation

Pairwise group 2

Pairwise group 1

Pairwise group 1

Pairwise group 2
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s+

margin
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s-

s+
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s+: positive sample
s-:  negative sample

(b)

Fig. 1. (a) Pairwise labels-based learning metric   (b) Triplet labels-based learning metric 
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Related Works

• Deep Classwise Hashing (DCWH)

• Cross-entropy based normalized Gaussian

• Minimize the error assigning intra-class samples to the corresponding class center

min
𝛩,𝑀

𝐿𝑐𝑙𝑤 = −σ𝑖=1
𝑁 σ𝑗=1

𝐶 𝑦𝑗𝑖log
exp −

∥ℎ𝑖−𝜇𝑗∥
2

2𝜎2

σ𝑗=1
𝐶 exp −

∥ℎ𝑖−𝜇𝑗∥
2

2𝜎2

𝑠. 𝑡. ℎ𝑖 = 𝑏𝑖 , ℎ𝑖∈ ℝ𝑙 , 𝑏𝑖 =
𝑙

𝐶 Number of class

𝑁 Number of training samples 𝑥𝑖 𝑖=1
𝑁

𝑦𝑗𝑖 Label indicator of 𝑗-th class for 𝑖-th sample

ℎ𝑖 Hashing output of 𝑥𝑖

𝜇𝑗 =
1

𝑛𝑗
෍

𝑖=1

𝑁

𝑦𝑗𝑖 ℎ𝑖 𝑗-th class center, updated periodically from the intra-class outputs
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Our method

Motivation

Fig. 2. Draw two-class datapoints from two independent 
Gaussian distributions with centers/mean: (0,1) and (1,1) in 
(a), whereas (0,1) and (1,0) in (b).  

• Problem of DCWH: 
Samples belonging to different classes but lying far from their corresponding centers are vulnerable to be
closer to each other than their intra-class counterparts

• Solution: 
Increase the Hamming distance between pairwise class centers for more separable inter-class distribution
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Our method

Improved Classwise Hashing with Center Similarity Loss (IDCWH)

Fig. 3. Illustration of IDCWH.

𝛩 Network parameters

𝑀 = 𝜇𝑗 𝑗=1

𝐶
Learnable class centers

𝑈 = 𝑢𝑘 𝑘=1
𝑍 Estimated binary center of each unique label in a mini-batch

𝑠𝑖𝑗 = ቐ
1, 𝑦𝑢𝑖

𝑇 𝑦𝜇𝑗 = 1

0, 𝑦𝑢𝑖
𝑇 𝑦𝜇𝑗 = 0

Similarity matrix describing relations between 𝑈 and 𝑀
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Our method

Two-step Centers Similarity Learning:

a. Intra-class samples clustering:  

Estimate each center with binary constraint from intra-class binary codes

min
𝑢𝑗

σ𝑖=1
𝑁 σ𝑗=1

𝐶 𝑦𝑗𝑖 ∥ 𝑢𝑗 − 𝑏𝑖 ∥2
2 𝑠. 𝑡. 𝑢𝑗 ∈ {−1,1}𝑙

𝑢𝑗,𝑣 = 𝐬𝐠𝐧 𝑚𝑗 = ቊ
1, 𝑚𝑗,𝑣 ≥ 0

−1, 𝑚𝑗,𝑣 < 0
where 𝑚𝑗 = σ

𝑘=1

𝑛𝑗
𝑏𝑗𝑘

• Dynamically attract each class center to concentrate on corresponding intra-
class samples
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Our method

Two-step Centers Similarity Learning:

b. Center-sample concentration and repelling:

𝑝 𝑠𝑖𝑗|𝑢𝑖; 𝜇𝑗 = ൝
𝜎 𝜃𝑖𝑗 , 𝑠𝑖𝑗 = 1

1 − 𝜎 𝜃𝑖𝑗 , 𝑠𝑖𝑗 = 0

where 𝜃𝑖𝑗 = 0.5𝑙 cos 𝑢𝑖 , 𝜇𝑗 , 𝜎 ∙ is sigmoid function

min
𝑀

𝐿𝑐𝑠𝑙 = − log ෑ
𝑖=1,…,𝑍
𝑗=1,…,𝐶

𝑝 𝑠𝑖𝑗|𝑢𝑖; 𝜇𝑗 = − ෍

𝑠𝑖𝑗∈𝑆

(𝑠𝑖𝑗𝜃𝑖𝑗 − log(1 + 𝑒𝜃𝑖𝑗))

• Minimize the distance between estimated center and learnable class center 
while maximizing the distance between intra-class samples and centers 
belonging to other classes



12

Our method

• Relax ℎ𝑖 to be continuous and introduce 𝐿𝑞𝑢𝑎𝑛𝑡. between 𝑏𝑖 = 𝐬𝐠𝐧 ℎ𝑖 and ℎ𝑖

• Finalized loss function:

min
𝛩,𝑀

𝐿𝑐𝑙𝑤 + 𝛾𝐿𝑐𝑠𝑙 + 𝛽𝐿𝑞𝑢𝑎𝑛𝑡. =

−෍

𝑖=1

𝑁

෍

𝑗=1

𝐶

𝑦𝑗𝑖log
𝑒𝑥𝑝{−

∥ ℎ𝑖 − 𝜇𝑗 ∥
2

2𝜎2
}

σ𝑗=1
𝐶 𝑒𝑥𝑝{−

∥ ℎ𝑖 − 𝜇𝑗 ∥
2

2𝜎2
}

− 𝛾 ෍

𝑠𝑖𝑗∈𝑆

𝑠𝑖𝑗𝜃𝑖𝑗 − log 1 + 𝑒𝜃𝑖𝑗 + 𝛽෍

𝑖=1

𝑁

𝑏𝑖 − ℎ𝑖 2
2
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Experiments and Results

Datasets and Experiments Settings:

Dataset Training Query Remarks

CIFAR-101

10 classes; randomly sample 500/class; total 500
Randomly sample 
100/class; total 1,000

Mini setting; the rest images are 
all used as database; Follow the 
protocol in DPSH

Official training split: 5,000/class; total 50,000
Official test split:
1,000/class; total 10,000

Full setting, the training images 
are used as database

CIFAR-1002 100 classes; Official training split: 500/class; 
total 50,000

Official test split:
100/class; total 10,000

Follow the protocol in DCWH

MS-COCO3 Combine ‘train2014’ and ‘val2014’; 
Randomly sample 10,000 

Randomly sample 5,000

Labeled with 80 semantic
concepts; The remainder are all 
used as database; Follow the 
protocol in HashNet

1https://www.cs.toronto.edu/~kriz/cifar.html
2https://www.cs.toronto.edu/~kriz/cifar.html
3https://cocodataset.org/#home

https://www.cs.toronto.edu/~kriz/cifar.html
https://www.cs.toronto.edu/~kriz/cifar.html
https://cocodataset.org/#home
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Experiments and Results

Results on Mean Average Precision (MAP)

*Replace the backbone applied in the original works with our employed GoogleNet

• Hyper parameters: 𝜎2 = 4, 𝛾 = 1 and 𝛽 = 0.01
• Optimized by SGD with momentum 0.9, weight decay 5e-4
• Learning rate: 1e-2 and 5e-3 for feature learning and centers learning, 

respectively. Decay by 0.1 every 50 epochs
• Train for 150 epochs with batch size fixed to 128
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Experiments and Results

Results on P@H=2, R@H=2, P@N and PR curve

Fig. 5. Results on CIFAR-100 dataset. 

Left: P@H=2 w.r.t. different code lengths 

Middle: P@N with 48-bit codes

Right: PR-curve with 48-bit codes

Fig. 4. Results on CIFAR-10 dataset. 

Left: P@H=2 w.r.t. different code lengths 

Middle: P@N with 32-bit codes

Right: R@H=2 w.r.t. different code lengths 
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Experiments and Results

Visualization

Fig. 6. The t-SNE visualization of hashing
codes learned from deep features, DTSH,
DCWH and the proposed IDCWH, respectively.

𝑑𝑤/𝑑𝑏 represents the ratio of within-class
distance and the between-class distance.
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