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Abstract
Deep hashing methods have achieved great success in multi-label image retrieval
due to its computation and storage efficiency. However, most existing methods adopt a
relaxation-and-quantization optimization strategy, which inevitably degrades the performance. Besides, existing discrete hashing methods are very time-consuming due to the
bit-wise learning strategy. To tackle these issues, we propose a novel deep asymmetric discrete hashing method, named Fast and Multilevel semantic-preserving Discrete
Hashing(FMDH). FMDH makes the best of supervised information to preserve the multilevel semantic similarities between multi-label images, and further accelerates the training process. Extensive experiments on two widely used multi-label image datasets demonstrate that FMDH can achieve the state-of-the-art performance on both accuracy and
training time efficiency.

1

Introduction

Deep hashing methods have attracted much attention recently, due to the significant power
of feature representations for preserving semantic similarities between images. This paper
focuses on deep hashing for multi-label image retrieval.
Deep supervised hashing[4, 5, 16, 20, 34] utilizes deep learning frameworks as the feature extraction when learning hash function, which achieves excellent performance in image
retrieval. DPSH[19] performs feature learning and hash code learning with pairwise labels.
c 2019. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
* The corresponding author
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Figure 1: Overview of the proposed framework. Details are illustrated in the context.
DSH[22] tries to maximize the discriminability of the output space by encoding the supervised information and imposing regularization on the real-valued outputs. However, images
are usually associated with multiple semantic labels in practice, which requires a multilevel measurement to preserve complex semantic similarities. Some works[15, 26, 28, 33]
have been proposed to generate semantic-preserving codes for multi-label image retrieval.
DSRH[33] tries to learn hashing functions that preserve multilevel semantic similarity via
optimizing an adaptively weighted triplet loss which aims to penalize undesired orders with
different similarity degrees. IAH[15] focuses on designing a deep architecture that learns
instance-aware image representations for multi-label images.
However, existing multilevel semantic-preserving hashing methods adopt a widely used
relaxation-and-quantization strategy to avoid directly optimizing binary codes, which introduces large quantization error and degrades the retrieval performance. Recently, some
methods like ADSH[13] try to directly optimize binary codes, which efficiently reduce the
quantization error. Nevertheless, the bit-wise learning strategy they adopt is not efficient
enough, which may result in time-consuming training procedure.
To directly learn multilevel semantic-preserving binary codes, while achieving high training efficiency, we propose a novel deep supervised hashing method for multi-label image
retrieval, named Fast and Multilevel semantic-preserving Discrete Hashing(FMDH). An
overall view of the proposed framework is illustrated in Fig.1. Here we use CNN to learn
hash functions for query points, while directly and discretely optimize the binary codes for
database points. We leverage not only multilevel semantic similarity-preserving loss but
also the regression loss of labels to codes to guide the training of the network. The main
contributions of our method are summarized as follows:
• A novel deep hashing framework is proposed to preserve multilevel similarities for
multi-label image retrieval. To the best of our knowledge, it is the first time to optimize
binary codes discretely in multi-label image retrieval.
• The label regression loss is introduced to the objective function. The regression of
semantic labels to the corresponding codes can significantly reduces the training time,
and makes binary codes more likely to preserve multilevel semantic similarities.
• Extensive experiments conducted on two widely used multi-label image datasets show
that FMDH can achieve the state-of-the-art performance on both accuracy and training
time efficiency.
The rest of the paper is organized as follows: Related work is briefly discussed in Section
2. Section 3 elaborates the proposed method and the optimization algorithm. Experiment de-
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tails and the comparison of baselines on different evaluation metrics are analysed in Section
4. Finally, Section 5 concludes this paper.

2

Related Work

Generally speaking, hashing can be roughly divided into data-independent hashing and datadependent hashing. Data-independent hashing tries to utilize random projections as hash
functions to encode binary codes for data points. Data-dependent hashing[3, 10, 17, 29, 30,
31] leverages semantic information to learn data-specific hash functions. QaDWH[32] tries
to learn the hash codes and corresponding class-wise weights jointly to reflect the importance of different hash bits for different image classes. HashNet[4] proposes a continuation
method with convergence guarantees and learns exactly binary hash codes from imbalanced
similarity data. ADSH[13] learns a deep hash function only for query points, while the hash
codes for database points are directly learned. DSDH[18] utilizes both the pairwise label
information and the classification information to learn the hash codes within one stream
framework.
However, these hashing methods[1, 2, 7] mentioned above aim at preserving simple binary semantic similarity (i.e. 1 for similar and 0 for dissimilar). Nevertheless, images are
usually associated with multiple semantic labels in practice, which requires a multilevel measurement to preserve complex semantic similarities. Therefore, some deep hashing methods
have been proposed for multi-label image retrieval. DMSSPH[28] tries to preserve finegrained multilevel semantic similarity under the Jaccard coefficient based evaluation criteria. DSOH[26] performs different operations on semantic concepts of multiple query image
codes, which enables users to expand their query intention in a more flexible and friendly
manner.
Despite the promising performance of these deep hashing methods, most of them generate binary codes with a relaxation-and-quantization strategy. More specifically, they solve a
relaxed problem through discarding the discrete constraints, and then quantize the continuous features to achieve the approximate binary codes. Unfortunately, the relaxation makes
the resulting hash functions less effective due to the accumulated quantization error. Recently, some works[13, 14, 24, 25] try to solve the binary optimization problem directly and
discretely. However, they are rather time-consuming due to the bit-wise learning strategy.
Specifically, in one step they can only optimize one bit, and lots of steps are needed to optimize all bits. To address these problems, we propose the method named Fast and Multilevel
semantic-preserving Discrete Hashing(FMDH).

3
3.1

The Proposed Method
Problem Definition

Assume that we have a set of m d-dimensional query image representations denoted as A =
[a1 , a2 , ..., am ] ∈ Rm×d , and a set of n d-dimensional database image representations denoted
as Z = [z1 , z2 , ..., zn ] ∈ Rn×d . The learned binary codes are denoted as B = [b1 , b2 , ..., bm ] ∈
{−1, +1}m×r and H = [h1 , h2 , ..., hn ] ∈ {−1, +1}n×r for A and Z respectively, where r is the
binary code length. Labels for database images are denoted as Y = [l1 , l2 , ..., ln ] ∈ {0, 1}n×c ,
where c is the number of classes and lik is the k-th element of label vector li (lik = 1 if zi is in
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the class k and 0 otherwise). Pairwise semantic similarity matrix is denoted as:
Scos =

hli , lj i
||li ||||lj ||

(1)

where Scos ∈ [0, 1]m×n , which is a widely used cosine distance for pairwise label vectors.
cos
cos
Sicos
j = 1 denotes ai and zj are completely similar, Si j = 0 for dissimilar and Si j ∈ [0, 1] for
partially similar. Furthermore, we can also adopt the Jaccard coefficient based distance to
denote the semantic similarity as:
S jaccard =

|li ∩ lj |
|li ∪ lj |

(2)

Note that both Scos and S jaccard can be used in our method. Then we will introduce our loss
function step by step below.

3.2

Loss Function

In order to learn similarity-preserving binary codes, we can minimize the L2 loss between
the similarity matrix S and the inner product of binary codes from query points and database
points, which can be formulated as:
min ||rS − BHT ||2F
B,H

s.t. B ∈ {−1, +1}m×r , H ∈ {−1, +1}n×r ,

(3)

|| · ||F denotes the Frobenius norm of a given matrix, and S ∈ [−1, +1]m×n , which is obtained
by a simple tranformation S = 2Scos − 1.
In this paper, we utilize a convolutional neural network(CNN) model for feature learning and hash functions learning simultaneously. Assume that F(xi ; Θ) is the output of
CNN model, where Θ is parameters to be learned. Hash functions can be denoted as
h(F(xi ; Θ)) = sign(F(xi ; Θ)), where sign(·) is an element-wise sign operation. Due to the
constraint of back-propagation in CNN model, we utilize hyperbolic tangent function tanh(·)
to approximate sign(·) function.
Multilevel Semantic-Preserving Loss. We replace the binary codes matrix B in Eq.(3)
with the real-valued outputs, which can achieve better approximation when preserving similarities. We also add an quantization loss term to keep B and tanh(F(xi ; Θ)) as close as
possible. Since query images cannot be obtained during training procedure, we can sample
a subset images from database images to form A. Hence, we have two representations for
sampled images: binary codes in database, and real-valued outputs by CNN. We denote Hq
as the sub matrix of H according to the rows of H indexed by sampled images. Eq.(3) can
thus be formulated as:
min ||rS − UHT ||2F + ||U − Hq ||2F
H,Θ

s.t. Hq ∈ {−1, +1}m×r , H ∈ {−1, +1}n×r ,
m×r

U ∈ [−1, +1]

(4)

,

where U denotes the outputs tanh(F(xi ; Θ)) of query images through CNN model for the
sake of simplicity.
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Label Regression Loss. We argue that although the pairwise similarity matrix S can be
constructed from the label matrix, it is still informative. leveraging only similarity matrix S
in the objective function cannot make the best of the abundant semantic information. Hence,
the label matrix Y can be further regressed to approximate binary codes, which is also in
coherent with its classification ability. Furthermore, the specific form of label regression
loss can greatly reduce the training time. Thus, we introduce label matrix Y and an extra
term to the objective function.
In a nutshell, the overall objective function is:
min ||rS − U(YW)T ||2F + α||U − Hq ||2F + β ||YW − H||2F

H,Θ,W

(5)

s.t. Hq ∈ {−1, +1}m×r , H ∈ {−1, +1}n×r ,
m×r

U ∈ [−1, +1]

,W ∈ R

c×r

,

where W is a projection matrix for the regression of labels to binary codes, α and β are
hyper-parameters for balancing loss terms.

3.3

Optimization

We design an alternative optimization algorithm, which updates one variable while fixing
others in each iteration.
3.3.1

Θ-step

When H, W are fixed, the overall objective function can thus be optimized only by backpropagation algorithm to update parameters Θ in CNN model, which is a traditional and
widely used algorithm for deep learning:
∂J
= 2{ ∑ [(rSij − ûi (lj W)T )(lj W)T ] + 2α(û − (lj W))}
∂ ûi
j∈Z

(1 − û2i )

(6)

where J denotes the overall objective function in Eq.(5), û denotes F(xi ; Θ) and denotes
∂J
∂J
the Hadamard product. We can calculate
based on
by chain rules, and update Θ by
∂Θ
∂ ûi
back-propagation algorithm.
3.3.2

W-step

When H, Θ are fixed, the overall objective function can be simplified as:
min ||rS − U(YW)T ||2F + β ||YW − H||2F
W

s.t. H ∈ {−1, +1}n×r , U ∈ [−1, +1]m×r , W ∈ Rc×r ,

(7)

Here we can obtain a closed-form solution for W by directly setting the derivative of Eq.(7)
w.r.t.W to 0. Hence we can update W by:
W = (YT Y)−1 (YT H + YT ST U)(UT U + Ir )−1

(8)

where Ir is r-order identity matrix. Note that in Eq.(8), only term YT ST U and term UT U are
updated in each iteration during training procedure, while other terms are constants and can
be pre-computed before training, which can evidently reduce the training time.
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Algorithm 1 The optimization algorithm for FMDH
Input: label matrix Y; pre-computed terms (YT Y)−1 , YT ST for Eq.(8); hyper-parameters
α, β ; n database images and m sampled images; epoch number Tep and code length r.
Output: Θ, W, H.
1: Randomly initialize Θ, W, H.
2: for ep = 1 → Tep do
3:
update Θ by back-propagation algorithm in Eq.(6).
4:
update W by the closed-form solution in Eq.(8).
5:
update H by the closed-form solution in Eq.(11).
6: end for
3.3.3

H-step

When W, Θ are fixed, the overall objective function can be simplified as:
min α||U − Hq ||2F + β ||YW − H||2F
H

s.t. Hq ∈ {−1, +1}m×r , H ∈ {−1, +1}n×r ,

(9)

W ∈ Rc×r , U ∈ [−1, +1]m×r ,
We can futher rewrite Eq.(9) as:
min αTr.((U − Hq )T (U − Hq )) + β Tr.((YW − H)T (YW − H))
H

= −Tr.(αHTq UT + β HT YWT ))
s.t. Hq ∈ {−1, +1}m×r , H ∈ {−1, +1}n×r ,

(10)

W ∈ Rc×r , U ∈ [−1, +1]m×r ,
Where Tr.(·) is the trace of a given matrix. Then we get the closed-form solution for H as:
Hq = sign(αU + β (YW)q )
Hq̄ = sign(β (YW)q̄ )

(11)

Where subscript q̄ denotes the remaining sub matrix of the given matrix according to the
sampled images. Obviously, we can update all bits in binary codes H by Eq.(11) in one
single step during training procedure.
The whole algorithm for FMDH is summarized in Algorithm 1.

4

Experiments

We conduct experiments on two widely used multi-label image datasets: MIRFLICKR25K[12] and MS-COCO[21]. Both of them are comprised of a large number of images
belonging to different semantic labels. The MIRFLICKR-25K dataset is collected from
Flickr. It consists of 25,000 multi-label images. Each image is associated with 24 classes.
The MS-COCO dataset contains 122,218 multi-label images. Each image is associated with
90 ground-truth categories. Following the suggestions of [26], we randomly selected 2,000
and 5,000 images as test images for MIRFLICKR-25K and MS-COCO respectively, and the
remaining images are used as database images for training.
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MIRFLICKR-25K
MS-COCO
16 bits 32 bits 64bits 16 bits 32 bits 64 bits
NDCG@100
LSH
0.2377 0.2635 0.3207 0.1683 0.2370 0.3231
SH
0.3238 0.3636 0.3757 0.2809 0.3686 0.4044
ITQ
0.3577 0.4063 0.4297 0.2761 0.3799 0.4345
MSDH
0.3950 0.4265 0.4527 0.3338 0.4066 0.4464
DSRH
0.4396 0.4774 0.5113 0.2994 0.3747 0.4267
DMSSPH 0.4835 0.4877 0.5004 0.4337 0.4817 0.5053
DSOH
0.5307 0.5603 0.5872 0.4663 0.5178 0.5400
FMDH
0.5517 0.5793 0.6028 0.5036 0.5370 0.5541
ACG@100
LSH
1.346
1.460
1.681 0.6678 0.8434 1.074
SH
1.681
1.805
1.831 0.9920 1,164
1.233
ITQ
1.857
2.016
2.081 0.9962 1.222
1.348
MSDH
1.983
2.086
2.166
1.072
1.258
1.367
DSRH
2.200
2.316
2.434
1.079
1.248
1.362
DMSSPH
2.225
2.238
2.292
1.355
1.453
1.509
DSOH
2.426
2.529
2.617
1.439
1.570
1.628
FMDH
2.501
2.739
2.760
1.501
1.618
1.633
Weighted MAP@100
LSH
1.393
1.531
1.767 0.7111 0.9015 1.140
SH
1.767
1.902
1.945
1.035
1.216
1.295
ITQ
1.886
2.067
2.142
1.024
1.260
1.385
MSDH
2.018
2.130
2.222
1.091
1.292
1.402
DSRH
2.216
2.334
2.453
1.085
1.265
1.384
DMSSPH
2.267
2.294
2.344
1.376
1.476
1.533
DSOH
2.467
2.566
2.656
1.464
1.599
1.657
FMDH
2.536
2.723
2.722
1.530
1.697
1.708
Table 1: Comparison of NDCG@100, ACG@100 and Weighted MAP@100 on two datasets.
Method

4.1

Baselines and Implementation Details

We implement our method with the comparison of several baselines, including LSH[8],
SH[27], ITQ[9], MSDH[23], DSRH[33], DMSSPH[28] and DSOH[26]. Besides, we design
two variants named FMDH-j and FMDH-a to further illustrate the effectiveness and training
time efficiency of FMDH, respectively. FMDH-j adopts the Jaccard coefficient based similarity S jaccard , while FMDH-a adopts the loss function without the label regression term.
For fair comparison, we implement them by using source codes provided by the authors.
For deep hashing methods, we use ResNet-152[11], which is a widely used CNN model
in deep learning, and initialize it with the pre-trained parameters on ImageNet[6]. We set
the mini-batch size to 64, and utilize a step-decayed learning rate with initialization value
0.001. Hyper-parameters are selected by a validation strategy, which are 100000 and 100 for
α and β , respectively. All experiments are conducted with the open-source deep learning
framework Pytorch on a NVIDIA M40 GPU server.
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(a) MIRFLICKR-25K

(b) MIRFLICKR-25K

(d) MS-COCO
(c) MS-COCO
Figure 2: NDCG@m, ACG@m curves w.r.t. different numbers of top returned images

4.2

Experimental Results

Following the suggestions of [26], we adopt three widely used evaluation metrics for accuracy, including Normalized Discounted Cumulative Gain(NDCG), Average Cumulative
Gain(ACG) and Weighted mean Average Precision(Weighted MAP). We also report training
time to evaluate the time efficiency of our method.
Accuracy. The NDCG@100, ACG@100 and Weighted MAP@100 results of various
baselines are reported in Table 1. To make further comparison, we have these following
analyses on the results:
1) Our method outperforms all baselines in the NDCG@100, ACG@100 and Weighted
MAP@100 results dramaticly. On MIRFLICKR-25K, the NDCG@100 value of FMDH
indicates a 19.4% to 31.4% relative increase over some relatively earlier methods, including LSH, SH and ITQ. Besides, when compared to recently proposed baselines, including
MSDH, DSRH, DMSSPH and DSOH, our method also achieve a better performance with
different code lengths. More specifically, the NDCG@100 value of our method indicates a
2.1% to 15.6% performance gain over these methods. Results on MS-COCO also indicate
the efficiency of our method.
2) Results of NDCG@m and ACG@m with diffferent numbers of top returned images
are plotted in Fig.2. We can observe that FMDH performs consistently better than FMDHj, which indicates the superiority of cosine distance similarity Scos over Jaccard coefficient
based similarity S jaccard on preserving multilevel semantic similarities. On the other hand,
we can also observe that FMDH-a performs better than FMDH slightly, which is mainly due
to the discrepancy between corresponding codes and the regression of labels to them. How-
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(a) 16-bit
(b) 32-bit
(c) 64-bit
Figure 3: Training time on MIRFLICKR-25K w.r.t. different numbers of code length

(d) MS-COCO
(c) MS-COCO
(a)MIRFLICKR-25K (b) MIRFLICKR-25K
Figure 4: Parameter sensitivity analysis on two datasets with 16-bit
ever, FMDH-a is rather time-consuming compared with FMDH during training procedure,
which will be illustrated below.
3) In general, the results in Table 1 and Fig.2 indicate the significant superiority of our
method over baselines. By discretely obtaining more precise binary codes for database images, we can exploit more semantic information than relaxed hashing methods. Furthermore,
our method leverages not only pairwise similarity matrix S but also lable matrix Y, which
indicates that more supervised information leads to more precise binary codes.
Training time efficiency. To illustrate the training efficiency of our method, we report
the training time of FMDH and FMDH-a on MIRFLICKR-25K dataset in Fig.3. FMDHa adopts the loss function without the regression of labels to codes, which is also adopted
in ADSH. To the best of our knowledge, ADSH is the state-of-the-art hashing method for
single-label image retrieval on both accuracy and training time efficiency. Obviously, FMDH
is much faster compared with FMDH-a. This is mainly due to the learning strategy we adopt.
Specifically, we can update all elements of H and W in one single step, while FMDH-a
has to learn one bit with other bits fixed. Furthermore, our method needs no significant
extra training time when encoding with longer binary codes, which usually can capture more
semantic information.

4.3

Parameter Sensitivity Analysis

To analyze the influence of hyper-parameters α and β on the performance, we conduct experiments on two datasets. The Weighted MAP@100 curves in the case of 16-bit are plotted
in Fig.4. For convenience, we normalized the Weighted MAP@100 by dividing the maxi-
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mum value of it. We can find that our method is not sensitive to α and β in a large range.
Specifically, when α varies in the range of [104 , 106 ], and β varies in the range of [100 , 102 ],
our method can always obtain the good performance.

5

Conclusion

This paper presents a novel deep supervised hashing method, named Fast and Multilevel
semantic-preserving Discrete Hashing(FMDH). It is the first time to optimize binary codes
directly and discretely in multi-label image retrieval. Both semantic similarities and the
regression of labels to codes are leveraged in the loss function, which makes FMDH efficient
and fast to generate multilevel semantic-preserving binary codes. Extensive experiments on
two benchmark multi-label image datasets demonstrate that our method achieves the stateof-the-art performance on both accuracy and training time efficiency.
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