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With the rapid increase of multi-modal data through the internet, cross-modal matching or retrieval has
received much attention recently. It aims to use one type of data as query and retrieve results from the
database of another type. For this task, the most popular approach is the latent subspace learning, which
learns a shared subspace for multi-modal data, so that we can efficiently measure cross-modal similarity.
Instead of adopting traditional regularization terms, we hope that the latent representation could recover
the multi-modal information, which works as a reconstruction regularization term. Besides, we assume
that different view features for samples of the same category share the same representation in the latent
space. Since the number of classes is generally smaller than the number of samples and the feature di-
mension, therefore the latent feature matrix of training instances should be low-rank. We try to learn the
optimal latent representation, and propose a reconstruction based term to recover original multi-modal
data and a low-rank term to regularize the learning of subspace. Our method can deal with both super-
vised and unsupervised cross-modal retrieval tasks. For those situations where the semantic labels are
not easy to obtain, our proposed method can also work very well. We propose an efficient algorithm
to optimize our framework. To evaluate the performance of our method, we conduct extensive experi-
ments on various datasets. The experimental results show that our proposed method is very efficient and

outperforms the state-of-the-art subspace learning approaches.

© 2021 Elsevier Ltd. All rights reserved.

1. Introduction

Along with the arrival of information age, people get a grow-
ing number of multimedia information everyday. These multime-
dia data are often collected from diverse modalities, such as im-
age, text, video and etc. These heterogeneous data are usually as-
sociated with the same entity. There is a great need for users to
use data of one modality as query to search relevant documents or
files of other modalities. For example, people can use text or key-
words to retrieve related images or videos. Therefore, cross-modal
matching has received much attention. In this paper, we mainly
focus on cross-modal retrieval which has been actively studied in
recent years.

For various modalities data of one object, there are heteroge-
neous properties between them, even though they share the same
semantic information. The main challenge of cross-modal retrieval
is how to reduce the heterogeneous gap between different modal-
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ity features and then measure their cross-modal similarity. To-
wards this issue, a lot of work have been proposed. Among existing
methods, latent subspace learning is the most popular approach
for cross-modal matching. By learning a shared subspace for multi-
modal data, we can reduce the heterogeneous gap and measure the
cross-modal relevance in the common space. There are mainly two
kinds of subspace learning methods. The first one is the projection
space learning method which hopes to project multi-modal data
into one common space with some regularizations, such as [1-3].
The other one [4] can be referred to as the intact space learning
method which wants to learn an original space where multi-view
data are projected from. Both these two kinds of methods are rea-
sonable and achieve good performance. So the problem is trans-
formed to how to learn an intrinsic subspace for multi-modal data.

Besides, there is another issue that we should take into consid-
eration. There are a lot of situations where the semantic labels are
not easy to obtain. So it is necessary to present a framework that
can also be applied to unsupervised situation.

In view of all above issues, we propose a reconstruction regular-
ized low-rank subspace learning (RRLSL) method for cross-modal
retrieval to learn the essential low-rank representation for multi-
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Fig. 1. The brief overview of our proposed reconstruction regularized low-rank subspace learning method. For multi-modal features, we project them into a low-rank
subspace with modality-specific projection matrix, and use the relevant weights to reconstruct the original data as a regularization term. For unsupervised learning, the

shared low-rank subspace S is jointly learned with all the projection matrices.

modal data. In Fig. 1, we present a brief overview of the proposed
method. Specifically, we project multi-modal data into a shared
latent subspace with low-rank constraint as we assume that dif-
ferent view features for samples of the same category share the
same representation in this latent space. In the meantime, in-
stead of adding traditional regularization terms, we hope the latent
representation could recover the multi-modal information, which
works as a reconstruction regularization term. Our proposed RRLSL
method can be applied to both supervised and unsupervised cross-
modal retrieval tasks. For unsupervised situation, the optimal la-
tent subspace is jointly learned with the projection matrices. For
supervised task, we directly use the label space as the shared la-
tent subspace. We also propose an efficient algorithm to optimize
this problem.

Main contributions of our work are summarized as follows:

(1) We propose a novel reconstruction regularized low-rank
subspace learning method for cross-modal retrieval, which can
learn the essential low-rank representation shared by multi-modal
data. The latent representation can well capture the essential in-
formation and reconstruct the original data.

(2) Within this framework, an efficient algorithm is proposed to
solve this optimization problem, learning the optimal latent sub-
space and projection matrices. Both the computation and space
complexities of our method are very low. It can be extended to
large-scale retrieval applications.

(3) Our proposed method can deal with both supervised and
unsupervised cross-modal matching tasks. Experimental results on
various datasets with different features show that our method can
outperform the start-of-the-art methods for both supervised and
unsupervised situations.

The remainder of the paper is organized as follows. In Section 2,
we will briefly review the related work of cross-modal retrieval.
In Section 3, we will illustrate the details of our RRLSL method
and optimization process. Experimental results are presented in
Section 4. Finally, Section 5 concludes our paper.

2. Related work

In this section, we briefly review the related studies about la-
tent subspace learning for cross-modal retrieval. Existing methods
can be divided into two categories, including the traditional latent
subspace learning methods and the deep learning methods.

2.1. Traditional latent subspace learning methods

Latent subspace learning is the most popular method for cross-
modal retrieval. By projecting multi-modal data into one common
subspace, we can measure their similarity effectively. Canonical
Correlation Analysis (CCA) [5], Partial Least Squares (PLS) [6] and
Bilinear Model (BLM) [7] are three main classic unsupervised
methods. CCA aims to learn a latent space by maximizing the cor-
relation between cross-modal features. There are also many CCA
based extensions, such as kernel CCA [8]. PLS tries to learn the op-
timal projection direction by maximizing their covariance. Sharma
et al. [9] applied PLS for cross-modal face recognition. BLM [7] at-
tempts to capture the variation in the latent space and is proposed
to separate style and content. Recently, Liang et al. [10,11] tried
to learn the unsupervised embedding based on self-paced learning
and groupwise correspondences.

Despite the above unsupervised methods, there are many ap-
proaches that incorporate label information to improve the re-
trieval results. Label space is often used as the latent subspace.
Regularization terms are well studied in these methods. Sharma
et al. [12] presented a general multi-view feature extraction ap-
proach called generalized multi-view analysis which extended lin-
ear discriminant analysis (GMLDA) and marginal Fisher analy-
sis (GMMFA) to their multi-view cases. Wang et al. [1] proposed
a method to learn coupled feature space with ¢5;-norm projec-
tion matrix penalty and low-rank constraint on the projected data.
Then they employed a multi-modal graph regularization term to
preserve the local relationship [2]. Zhai et al. [13] also adopted the
graph regularization to learn heterogeneous metric. In [14,15], the
authors presented a joint representation learning method to ex-
plore the influence of pairwise constraint during latent space re-
gression. Kang et al. [3] added a local group-based priori and an
e-dragging term for robust representation. Zhang et al. [16] pro-
posed a metric learning framework to learn multi-ordered dis-
criminative structured subspace. Instead of using the simple la-
bel information as the latent subspace. Wu et al. [17] came up
with a joint latent subspace learning and regression method to
learn the optimal common subspace for projection. Different from
the above projection subspace learning methods, Xu et al. [4] as-
sumed that multi-modal data are projected from an intact space,
and they proposed the multi-view intact space learning method
to integrate the encoded complementary information in multiple
views.



J. Wu, X. Xie, L. Nie et al.

Besides these above subspace clustering methods, dictionary
learning methods [18-20] are also very popular in cross-modal re-
trieval. Zhuang et al. [21] proposed the coupled dictionary learn-
ing with group structures for multi-modal retrieval. Huang and
Frank Wang [18] came up with the coupled dictionary and fea-
ture space learning method for cross-domain image synthesis and
recognition. Xu et al. [19] presented the semi-supervised coupled
dictionary learning for cross-modal retrieval. Deng et al. [22] tried
to capture the discriminative patterns and presented the dis-
criminative dictionary learning with common label alignment. Liu
et al. [23] first combined CNN with dictionary learning to learn
sparse representation, and then built a structure-guided multi-
modal dictionary learning model to learn the concept-level repre-
sentation [24].

According to previous work, existing studies mainly focus on
the learning of latent subspace and regularization terms. It is also
necessary to come up with a framework that can be applied to
both supervised and unsupervised situations. So we propose the
RRLSL method, where we hope that the representation in the
learned subspace could reconstruct the multi-modal data by pro-
jecting in some way. And we also investigate the correlation among
samples based on the low-rank regularization. This novel recon-
struction and low-rank terms work as regularization terms in our
framework, which is much different from previous regularization
related methods.

2.2. Deep learning based cross-model retrieval

Deep learning based methods receive more and more at-
tention in the past decade. For unsupervised learning, Andrew
et al. [25] proposed DCCA that uses the objective function of CCA
to guide the training of deep learning. Then Wang et al. [26] com-
bined it with autoencoder. Feng et al. [27] also used the au-
toencoder but defined the correlation based on distance metric.
For supervised cross-modal retrieval, Peng et al. [28] proposed
the deep hierarchical learning with multiple deep networks. Hua
et al. [29] explored the cross-modal correlation by adaptive hier-
archical semantic aggregation. Wang et al. [30] adopted the adver-
sarial learning to investigate the correlation between two modal-
ities. Liong et al. [31] focused on learning the coupled metric for
deep cross-modal matching. Liu et al. [32] combined dictionary
learning with deep learning to learn better representation. Semedo
et al. [33] proposed the scheduled adaptive margin constraints to
learn deep subspace. Besides the above cross-modal retrieval, there
are also many work focus on cross-modal hashing [34-38].

We mainly focus on traditional latent subspace learning in this
paper. But we can also use the pre-trained model to extract deep
features as the input for our subspace learning method to improve
the performance of cross-modal retrieval.

3. Reconstruction regularized low-rank subspace learning
3.1. Model formulation

Suppose that we have a collection of data from M different
modalities, X; = (xi X, ....x}),i=1,....M, where features in X;
are in d; dimensions, and n is the total number of samples. Multi-
modal features x!, x2, ... ,xﬁ/’ of the jth object share the same se-
mantic label. For traditional latent subspace learning methods, they
learn a projection matrix W; e R4 for each modality to map each
modality features X; € R%*" into the shared latent space S € RE<",
where c is the dimension in the latent space. By adding related
regularization on projection matrix W and subspace S, the general
objective function for latent space learning can be formulated as:
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M
02 WK 17 +a2(5) + B¥ W W), M
i=

where o and § are balance parameters, €2(S) and ¢ (W) are regu-
larizations on W and S, respectively.

For the regularization term (W), the commonly used
forms include sparse [15], low rank [1], and the graph Lapla-
cian [2,17] regularizations. Different from them and inspired by the
intact space learning method [4], we hope that the representation
in the latent subspace S should contain all essential information
of this object, so that we can reconstruct the original multi-modal
data based on S. Besides, for the latent representation, samples be-
long to same category should have the same representation. As the
number of classes is much smaller than the number of training
samples and the dimension of the latent subspace, the represen-
tation matrix of training samples S should be low-rank. Since it is
NP-hard to optimize the problem of rank(S) minimization, it is a
commonly used strategy to relax it to the nuclear norm ||S||..

By adding the low-rank constraint and the reconstruction term
as the regularization on subspace S, we can get the primary objec-
tive function for our RRLSL method:

M
ryvgl; (IWiX; = SIIE + IW;'s = Xillz) + ¥ IIS]l.. (2)

where « and y are constants to balance the contributions of differ-
ent terms, W;* denotes the projection matrix to reconstruct the ith
modality data, and the nuclear norm | - ||, is defined as the sum
of singular values for low-rank constraint.

Similar to that in deep belief networks [39,40], we adopt the
tied weights to simplify the framework in Eq. (2). That is:

wi=wWl i=12..M 3)

For the nuclear norm, it is also called the trace norm according to
its definition, and we have:

ISI]. = tr((S"$)"/2) = tr(ST(SST)~"2S). (4)

The above transformation can benefit the optimization. Moreover,
we add a Frobenius norm regularization term to penalize the pro-
jection matrix to avoid trivial solution. Then the final objective
function for our proposed RRLSL can be written as:

min > (IWiX; — SI + WS - X[ + BIWiIZ) + ytr(STHS).

—_

i (5)

where H = (SST + €I)~1/2, € is a small positive constant, «, B, and
y are balance parameters, and y should decay with the increasing
of iterations for convergence reason.

The overview of our work is shown in Fig. 1. We project multi-
modal data into a common low-rank subspace, and use the rele-
vant weights in Eq. (3) to reconstruct the original data based on
the representation in the latent space. The reconstruction part can
be regarded as a regularization term. For unsupervised situation,
the latent low-rank subspace S is jointly learned with all the pro-
jection matrices. After we get the optimal weights and latent sub-
space based on the training samples, we project the testing sam-
ples into the latent subspace and retrieve related cross-modal sam-
ples.

3.2. Optimization
For the problem in Eq. (5), there are three variables to optimize,

and it is hard to solve it jointly. However, with other variables
fixed, it is convex to optimize the specific variable and we can
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compute the close-form solution. We adopt the alternating mini-
mization to solve this problem.

W sub-problem:

We first fix S and H. According to the norm properties || X||2 =
||XT||%, the problem to optimize W can be transformed into:

M

rwn; (IWiX; = SII7 + e |S™W: = XT 117 + BIWil). (6)
i=

We can optimize W; (i e {1,2,...,M}) for each view, respectively.

By setting the derivative of the objective function in Eq. (6) with

respect to W; to zero, we can get:

(@SST + BDOW; + WiXXT = 1 +a)SX!, i=1,....M. (7)

By denoting A =aSST + BI, B;=XX[, and G = (1+ a)SXT, opti-
mization in Eq. (7) can be reformulated as:

AW;+WB; =G, i=1,2,....M. (8)

It is obvious that the above equation is the well-known Sylvester
equation, and it can be solved efficiently by the Bartels-Stewart
algorithm [41]. Please note that A = «SST + BI should be positive
definite in Sylvester equation. As the initialization and update of
S cannot guarantee positive definiteness of SST, so we incorporate
the regularization term on W to add term SI to guarantee positive
definiteness of A.

H sub-problem:

H can be simply computed by H = (SST + el)~1/2,

S sub-problem:

With W and H fixed, S can be solved by minimizing the follow-
ing problem:

M

: 2 T 2 T

mst]:(||W,»Xi—S||F+ot||Wi S — Xill?) + ytr(STHS). (9)
i=

The above problem in Eq. (9) is convex with respect to S. By setting
the derivative of the objective function in Eq. (5) with respect to S
to zero, we can get:
M
D (-2(WiX; = S) + 2aW,(W'S — X)) + y (H+H")S=0.  (10)
i=1
Then we can get:

M -1 M
S= (21\/1. [+20 Y "WW+y (H + HT)) (2(1 +a) Zwixl).

i=1 i=1
(11)

We summarize of RRLSL in

Algorithm 1.

the optimization process

Algorithm 1 Alternating Minimization for Unsupervised RRLSL.
Input: Multi-view data X; e R4*" i=1,2,... M.
1: Set k = 1, and initialize the subspace S° by K-means clustering.
2: while not converged do
3: for i=1,2,..., M do
4: Compute A =aSk=1(SK1)T + I, B;=XXT, and G = (1+
a)Sk1XT.
5 Update Wi" by solving the Sylvester equation in Eq.~(8).
6: end for
7. Update HK by HK = (Sk=1(Sk-1)T 4 e)~1/2,
8:
9

Update Sk by Eq.~(11).
: Update y by = 3 1.
10: k=k+1.
11: end while
Output: Projection matrices W; e R4, i=1,.... M.

Pattern Recognition 113 (2021) 107813

3.3. Convergence and complexity

We briefly discuss the convergence and the computational com-
plexity of our method.

We solve the problem of unsupervised situation by alternating
minimization. At each iteration, the subproblem to optimize each
variable with others fixed is convex, so we can compute the close-
form solution to update the variables. As we alternatively optimize
W and S, the objective function is monotonically decreasing. Ac-
cording to Tseng [42], our algorithm will converge to a stationary
point. For detailed convergence analysis, please refer to the ap-
pendix.

For the update of W;, the complexity to compute the interme-
diate matrices A, B, and C is O(nc? + nd? + ncd;), where d; is the
dimension of ith modality feature and c is the dimension in the la-
tent subspace. According to Bartels and Stewart [41], the complex-
ity to solve the Sylvester equation in Eq. (8) is O(di3 +¢3), which
is irrelevant to the sample number n and only depends on the fea-
ture dimension. Let d = max(dy, d;, ..., dy), then the complexity
to optimize W is O(nc? + nd? + d3 + ¢3). For the update of S and
H, the computational complexity is O(c3 + dc? + ncd). Denote the
iteration number as k, which is a small constant in practice as our
algorithm converges in a few steps. Then the total time complex-
ity of our algorithm is O(k(nc? + nd? + d3 + ¢3)), which is linear
to the number of samples n. In general, ¢ is much smaller than the
largest feature dimension d, and d is smaller than the number of
samples n. So the total time complexity of unsupervised RRLSL is
O(knd?), which is very efficient. It can be easily applied to large
scale datasets.

3.4. Extension to supervised situation

Our method can be directly extended to supervised version. Just
as most existing supervised methods do, we use the label space
Y =[y1.¥2.....¥yn] € R%*" to define the latent subspace. Here, cg
denotes the number of classes. Then the objective function is
transformed to:

M
min} (IWiX; - YII7 + WY = XlIF + BIWilI7). (12)
i=1

Then we set the derivative of Eq. (12) with respect to each W; to
zero. The above problem in Eq. (12) can be optimized by solving
the following Sylvester equation:

(YY" + BOW; + WXXT = 1 +a)YX], i=1,....M. (13)

As introduced in the last complexity subsection, the above equa-
tion can be solved efficiently. It can be applied to large scale
datasets.

3.5. Relations to existing methods

Compared with existing subspace learning methods, the main
difference of RRLSL method lies in the regularization term. As tra-
ditional methods add regularization terms such as structured spar-
sity [43], low rankness [1], group-based priori [3], and graph Lapla-
cian [2], we propose a novel reconstruction based regularization,
which helps the latent representation preserve the essential infor-
mation. And our low-rank constraint can better explore the cor-
relation among samples. Besides, our RRLSL model can deal with
both supervised and unsupervised situations, while previous stud-
ies only focus on one situation.

For unsupervised learning, our model looks like the autoen-
coder as we both try to learn the latent embedding. How-
ever, there are still much difference. Correspondence autoen-
coder [27,44] and DCCAE [26] are two main autoencoder re-
lated work. For cross-modal problems, correspondence autoen-
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Music
The work for Pearl Jam's
follow-up to "Riot Act” began
after its appearance on the
2004 Vote for Change tour.
The time period between the
two albums was the longest
gap between Pearl Jam's studio
albums to date and the new
album was its first release for a
new label. Clive Davis

Geography
Kochi is located on the
southwest coast of India at,
spanning an area of 94.88
square kilometres (36.63 sq
mi). The city is situated at
the northern end of a

Biology

"The buildings conceived in
the wake of this disaster

‘The adult male Bam Swallow
of the nominate subspecies "H.
. rustica” is 17-19 em (6.7-7.5
in) long including 2-7 cm
(0.8-2.8 in) of elongated outer
tail feathers. It has a wingspan
of 32-34.5 cm (12.6-13.6 in)
and weighs 16-22 g (0.56—
0.78 02). It has steel blue
upperparts and a rufous
forehead, chin and throat,
which are separated from the
off-white underparts by a
broad dark blue breast band.

expressed a light-hearted
freedom of decoration whose
incongruous gaiety was
intended, perhaps, to assuage
the horror" Mary Miers,
"Country Life" (1 Nov. 2004);
reproduced on the website of
John Martin Gallery, London.
While this is an accurate
description of a style which is
almosta celebration of "joie de
vivre” in stone, it is unlikely to
be the reason for the choice.

peninsula, about 19
kilometres (12 mi) long and
less than one mile (1.6 km)
wide. To the west lies the
Arabian Sea, and to the east
are estuaries drained by
perennial rivers originating
in the Western Ghats. Much
of Kochi lies at sea level,
with a coastline of 48 km.

announced in February 2006
that Pearl Jam had signed with
his label, J Records, which like
Epic, is part of the Sony BMG

group. The band's eighth
studio album, was released.

(a) The Wiki dataset
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Fig. 2. Some example image-text pairs of the Wiki dataset (a) and the Pascal VOC dataset (b).

coder in [27,44] used the distance between cross-modal embed-
dings and DCCAE [26] adopted the CCA in the latent layer as the
regularization to optimize the latent embedding. Instead of con-
straining the distance or correlation, we learn a specific low-rank
latent subspace S which is shared by all modalities. Besides, the
optimization algorithms are different. We propose an efficient it-
erative algorithm to compute the optimal the projection matrices,
while other autoencoder related work uses the back propagation
method to update the weights based on the loss function. In ad-
dition, our methods can be easily extended to multi-view cases,
while the above two methods can only deal with the two-view
situation. Moreover, when we use the label space as the latent
subspace for supervised mode in our RRLSL method, it can be re-
garded as the label-aware autoencoder, which will benefit the re-
trieval. And previous autoencoder methods mainly work on the un-
supervised situation.

4. Experiments
4.1. Datasets

For cross-modal retrieval, the main task is the matching
between image and text. There are mainly three commonly
used datasets, including the Wiki dataset [45], the Pascal VOC
dataset [46], and the NUS-WIDE dataset [47]. Some sample image-
text pairs of Wiki and Pascal VOC are shown in Fig. 2.

The Wiki dataset [45] contains 2,866 image-text pairs, which
are generated from the featured article of Wikipedia. There are 10
semantic categories in total. For each pair, the text is a long article
describing the label related information, and the image is highly
correlated to the content of the article. We adopt the same setting
as that in [1,2], which splits 2,866 pairs into a training set of 1,300
pairs (130 pairs per class) and a testing set of 1,566 pairs. For text
features, latent Dirichlet allocation (LDA) [48] is adopted to extract
10 dimensional representations. For images, we extract the 128 di-
mensional SIFT [49] descriptor histograms.

The Pascal VOC dataset [46] contains 5,011 training and 4,952
testing image-tag pairs collected from 20 different classes. As
image-tags pairs that belong to only one object of the 20 concepts
are selected in the experiment, there are 2,808 pairs for the train-
ing set and 2,841 pairs for the testing set. For feature extraction,
512 dimensional GIST [50] features are used to represent the im-

ages. 399 dimensional word frequency features are used to repre-
sent texts.

The NUS-WIDE database [47] is a real-world web image
database which is created by NUS’s lab for media search. It con-
tains 269,648 images and the associated tags from Flickr, with a
total of 5,018 unique tags. There are 81 concepts in total, and some
pairs may belong to more than one concepts. Like many previous
work, we select image-tags pairs that exclusively belong to only
one of the 21 largest concepts, which results in 97,079 pairs in to-
tal for our experiments. For this task, some work also select 10
largest concepts, which is much easier. We use the same setting
as that in [3], one third of the samples in each class are randomly
selected to form the testing set, and the remaining samples are
used as the training set. For this database, six different types of
low-level image features are provided by the authors. We directly
adopt the 500-dimensional bag of words feature vectors based on
SIFT descriptions and 1000-dimensional bag-of-words feature vec-
tors to represent images and textual tags, respectively.

4.2. Evaluation metrics and parameters setting

We mainly consider two cross-modal retrieval tasks: (1) Im-
age query vs. Text database and (2) Text query vs. Image database.
Based on the training dataset, we learn the latent space as well as
the projection matrices. Then we map the multi-modal features of
test dataset into the common subspace based on the learned view-
dependent projection matrices. During testing phase, one modal-
ity data of the testing set serves as the query set and the other
modality data of the testing set serves as the database. We use the
query to retrieval relevant objects of the other modality from the
database. We adopt the cosine distance to measure the similarity
between cross-modal features.

To evaluate the performance of our proposed RRLSL method,
the mean average precision (MAP) is used in the experiments.
The average precision (AP) of N retrieved results is defined by
AP = %Z?’zl P(i)6 (i), where T is the actual number of same cat-
egory objects in the database, P(i) represents the precision of the
top i retrieved results, and §(i) = 1 only when the ith retrieved re-
sult belongs to the same class with the query. Then we can com-
pute the MAP by averaging the AP of all queries in the query set.
Higher MAP scores represent better result. Besides the MAP, we
also adopt the precision-recall curve to thoroughly evaluate the ef-
fectiveness of different methods.
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Table 1
MAP scores comparison between the usupervised RRLSL and other methods on the Wiki, the Pascal VOC, and the NUS-WIDE datasets.
Da;asets Wiki Pascal VOC NUS-WIDE
an
Methods Image query  Text query  Average Image query  Text query  Average Image query  Text query  Average
CCA 0.2541 0.2058 0.2299 0.3022 0.2298 0.2660 0.2463 0.2415 0.2434
BLM 0.2565 0.2029 0.2297 0.3178 0.2329 0.2754 0.2621 0.2542 0.2581
PLS 0.2615 0.2190 0.2403 0.3273 0.2578 0.2925 0.2796 0.2684 0.2740
SCSM 0.2740 0.2170 0.2450 0.3435 0.2787 03111 — — -
SPGCM 0.2847 0.2229 0.2538 0.3512 0.2770 0.3141 0.2907 0.2734 0.2821
URRLSL  0.2949 0.2267 0.2608 0.3663 0.2835 0.3249 0.3003 0.2892 0.2947
Table 2
P-value of statistic significance test between the results of related methods on all three datasets.
Medthods Unspervised Supervised
an
Datasets URRCSL VS SCSM  URRCSL VS SPGCM ~ RRCSL VS JRL ~ RRCSL VS LGCFL
Wiki 1.00 % 10716 7.33%10°° 2.69% 1071 23110724
Pascal VOC  1.26% 10716 1.32%107° 1.90 10710 4.00% 10716
NUS-WIDE - 7.83 % 10-30 3.55% 1078 4.72 10715

For the parameters in our proposed RRLSL method, we fine-
tune the parameters «, 8 and y in Eq. (5) by searching the gird
of {10-2,10"1, ..., 102,103} based on cross validation. The dimen-
sion of latent subspace is fine-tuned in the range of [1 x cg, 10 % cg].

4.3. Compared methods

For unsupervised cross-modal retrieval, we compare the unsu-
pervised RRLSL (URRLSL) with five unsupervised algorithms, in-
cluding the CCA [5], PLS [7], BLM [7], self-paced cross-modal
subspace matching (SCSM) [10], and simultaneous pairwise and
groupwise correspondences maximization (SPGCM) [11].

For supervised cross-modal retrieval, supervised RRLSL (SR-
RLSL) is compared with seven supervised algorithms, includ-
ing the GMMFA [12], GMLDA [12], learning coupled feature
spaces (LCFES) [1], joint representation learning (JRL) [14], and the
local group based consistent feature learning (LGCFL) [3]. In order
to compare fairly, the kernel method used in [14] to improve the
MAP scores is not adopted for all the methods in this paper.

4.4. Experimental results of unsupervised situation

We test the performance of unsupervised RRLSL and other
methods on the Wiki, the Pascal VOC, and the NUS-WIDE datasets.
The MAP scores are presented in Table 1. The value in bold repre-
sents the best result. SCSM fails to work on the large NUS-WIDE
dataset since it has very high computation complexity. We can see
that our unsupervised RRLSL method outperforms all other unsu-
pervised methods in MAP scores for both tasks of image and text
query. On the Wiki dataset, the average MAP score of our method
is 0.2608, which is relatively 32898 — 1 =2.76% higher than the
second best result 0.2538 achieved by the SPGCM. On the Pas-
cal VOC dataset, our MAP score 0.3249 is 3.44% higher than the
SPGCM'’s result 0.3141.

On the NUS-WIDE dataset, compared with the second best re-
sult 0.2821 achieved by the SPGCM, the average MAP score of our
method 0.2947 is 4.47% higher. Compared with the results of su-
pervised methods shown in Table 3, our results on the Wiki and
the Pascal VOC datasets are much better than that of GMMFA,
GMLDA, and LCFS. Even if compared with LGCFL, the gap is also
acceptable. In Table 2, we test the statistic significance [51] be-
tween the results of SCSM, SPGCM and URRLSL, and present the
p-values. We can see that the p-values are less than 0.01 on all
datasets, which shows that there is significant difference between
the results of SCSM, SPGCM and our URRLSL method.

Figs. 3 and 4 present the precision-recall curves on the Wiki
and the Pascal VOC datasets. Our method also outperforms other
methods.

4.5. Experimental results of supervised situation

For the supervised cross-modal retrieval, we test the perfor-
mance of these supervised methods on all three datasets, includ-
ing the Wiki, Pascal VOC, and NUS-WIDE datasets. Table 3 shows
the MAP scores of all these methods. We can observe that the per-
formance of our SRRLSL method surpasses the results of all other
methods in tasks of both image query and text query. Compared
with the second best results, our results achieve an average 2%
improvement on these three datasets, which further verifies the
effectiveness of the RRLSL method. Thanks to the authors of LGCFL
and JRL to share their codes, we present the p-value of statistic sig-
nificance test between results of these related methods in Table 2.
As p-values on all datasets are less than 0.01, there is also signifi-
cant difference between the results of these supervised methods.

Figs. 5 and 6 show the precision-recall curves for both tasks
on the Wiki and the Pascal VOC datasets. We can also see that
for both tasks on two datasets, our results are better than other
methods.

4.6. Performance with different types of features

We also test the influence of different types of features of
both images and texts to the cross-modal retrieval performance
on the Wiki dataset. Besides the SIFT image features and LDA
text features given by the Wiki dataset itself, deep image fea-
tures and another type of text features are also extracted. The con-
volutional neural network (CNN) is adopted to extract the 4096-
dimensional features [52] for image presentation. For text features,
5000-dimensional BOW feature vectors are learned based on the
TF-IDF. PCA [53] is adopted to reduce the dimension. In Table 4, we
present the MAP scores of GMLDA, LCFS, LGCFL, JRL and our super-
vised RRLSL with different types of features on the Wiki dataset.
We can see that with CNN features, all methods achieve much bet-
ter results, which can be attributed to the powerful representation
ability of deep neural networks. Compared with the result of LDA
features, there is no obvious improvement for the TF-IDF features.
Compared with all other methods, our SRRLSL method achieves the
best result with all these different kinds of features.

To further demonstrate the effectiveness of our proposed
method, we conduct experiments on the NUS-WIDE dataset and



J. Wu, X. Xie, L. Nie et al. Pattern Recognition 113 (2021) 107813

0.4 0.7 T T T T
-<-URRLSL -<-URRLSL
- SPGCM -o-SPGCM
0.35 ->PLS i 0.6% > PLS H
@ 60009000000 -+ BLM B - BLM
T 600000068 ; 2 -* CCA ) -+ CCA
0.3 oo 0,090' kw&,&,»p»>1>- R 0.5
5 Ewtwk@* Fek g g &
(2] *- (2]
© 0.25 r ‘5 0.4
o o
o o
0.2F 0.3
L 5
0.15 < 0.2
0.1 : : : : 0.1
0 0.2 0.4 0.6 0.8 1 0
Recall Recall
(a) Image query (b) Text query
Fig. 3. Performance of different unsupervised methods on the Wiki dataset, based on precision-recall curve. Best view on screen!
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Fig. 4. Performance of different unsupervised methods on the Pascal VOC dataset, based on precision-recall curve. Best view on screen!
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Fig. 5. Performance of different supervised methods on the Wiki dataset, based on precision-recall curve. Best view on screen!
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Table 3
MAP scores comparision between the supervised RRLSL and other methods on the Wiki, the Pascal VOC, and the NUS-WIDE datasets.
Da;asets Wiki Pascal VOC NUS-WIDE
an
Methods Image query Text query Average Image query Text query Average Image query Text query Average
GMLDA 0.2751 0.2098 0.2425 0.3094 0.2448 0.2771 0.3243 0.3076 0.3159
GMMFA 0.2750 0.2139 0.2445 0.3090 0.2308 0.2699 0.2983 0.2939 0.2961
LCFS 0.2798 0.2141 0.2470 0.3438 0.2674 0.3056 0.3830 0.3460 0.3645
LGCFL 0.3009 0.2377 0.2693 0.3988 0.3212 0.3600 0.3780 0.3290 0.3535
JRL 0.2979 0.2413 0.2696 0.4044 0.3166 0.3605 0.3818 0.3360 0.3589
SRRLSL 0.3146 0.2466 0.2806 0.4134 0.3228 0.3681 0.4120 0.3666 0.3893
08 T T T T T T T T T
g —9—SRRCSL
a =»=JRL
0.7 -D- LGCFL [
LCFS
=+= GMLDA
06 —# GMMFA |]

. \

%
0.25F h !\ 1
02f \ S

Rl
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(a) Image query

0 1 1 1 1 1 1 1 1 1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

(b) Text query

Fig. 6. Performance of different supervised methods on the Pascal VOC dataset, based on precision-recall curve. Best view on screen!

Table 4
MAP comparison with different features on the Wiki dataset.
Query Image Query Text Query
Image/Text Features GMLDA LCFS LGCFL JRL SRRLSL GMLDA LCFS LGCFL JRL SRRLSL
SIFT/LDA 0.2751 0.2798  0.3009 0.2979 0.3146  0.2098 0.2141 02377 0.2413  0.2466
CNN/LDA 0.4084 0.4132 0.4532 0.4208 0.4633 0.3693 0.3845 0.3887 0.3854 0.4028
SIFT/TF-IDF 0.2782 0.2978 0.3157 0.3023 0.3188 0.1925 0.2134 0.2461 0.2395 0.2496
CNN/TE-IDF 0.4455 0.4553 0.4535 0.4412 0.4681 0.3661 0.3978 0.4033 0.3900 0.4169
Table 5
MAP comparison with deep learning based methods on NUS-WIDE-10.
Corr-AE [27] DCCA [25] CMDN [28] CCL[54] SAM[33]  SRRLSL
Image query 0.391 0.475 0.643 0.671 0.701 0.695
Text query 0.429 0.500 0.626 0.676 0.707 0.719
Average 0.410 0.488 0.635 0.674 0.704 0.707

compare the results with deep learning based cross-modal re-
trieval methods. For fair comparison, we use the same setting
as [33,54], where only the largest 10 categories are selected to
construct NUS-WIDE-10 with more than 60,000 instances. For our
SRRCSL, we use a pre-trained VGG-19 convolutional network to
extract the 4,096-dimensional image features, and we adopt the
1,000-dimensional bag-of-words vector for the text feature, while
other deep learning methods train the network on the training
instances. The results are shown in Table 5. We directly copy
the results of other methods from Peng et al. [28]. We can
also see that our method achieves the best average MAP. Based
on the pre-trained deep features without fine-tune, our method
can even outperform the state-of-the-art deep learning based
methods.

4.7. Complexity and processing time

In Table 6, we compare the time complexity and space com-
plexity of these state-of-the-art methods. We also list the train-
ing computation time of all these methods on the Wiki, the Pascal
VOC, and the NUS-WIDE datasets. All these methods are achieved
with matlab code and tested on a 3.4GHZ PC with 64GB RAM. In
Table 6, top three methods are unsupervised and last seven meth-
ods are supervised. In the results, d is the max dimension of fea-
tures, n is the number of samples, k is the number of iterations
until convergence, s denotes seconds, t is the number of groups
during unsupervised clustering, ¢ is the group number for LGCFL.
In general, d is much smaller than n. For example, on the NUS-
WIDE dataset, d is equal to 1000, while n is 97,079. We can see
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Fig. 7. Performance variations of SRRLSL for the Text query vs. Image database and Image query vs. Text database tasks with respect to o and B on the Wiki, the Pascal
VOC, and the NUS-WIDE datasets, respectively.

Table 6

Complexity and processing time of all related methods on the Wiki, the Pascal VOC, and the NUS-WIDE datasets, where
d is the max dimension of features, n is the number of samples, k is the number of iterations, s denotes seconds, t is
the number of groups during unsupervised clustering, c is the group number for LGCFL.

Methods  Time complexity Space complexity =~ Time on Wiki  Time on Pascal VOC  Time on NUS-WIDE
SCSM O(ktn?) omn?) 96.56s 1015.35s -

SPGCM O(kd? + ktn?) O(nd) 0.15s 1.52s 32.73s

URRLSL O(knd?) O(nd) 0.07s 1.31s 21.25s

GMLDA O(dn?) omn?) 0.15s 1.13s 495s

GMMFA O(dn?) om?) 0.22s 2.29s 790s

LCFS O(k(d® +n2378))  O(n?) 1.54s 21.28s 21000s

LGCFL O(kdncg) O(nd) 0.02s 0.38s 8.04s

JRL O(kdn?) om?) 2.28s 21.23s 8000s

SRRLSL O(nd?) O(nd) 0.01s 0.23s 2.59s

our methods under both supervised and unsupervised modes have
the lowest complexities in both time and space aspects. The pro-
cessing time is also the shortest among all these methods. For
unsupervised methods, SCSM has the highest computation com-
plexity O(ktn3). Even on the Pascal VOC dataset, it needs more
than 1,000 s, while our URRLSL only need 1.31 s. For the NUS-
WIDE dataset where n is very large, SCSM fails to work. SPGCM
has the similar complexity with our method. For supervised meth-
ods, even on the largest NUS-WIDE dataset, our method can fin-
ish training within 3 seconds, which is very fast. In comparison,
JRL needs 8,000 s to finish training on this dataset, which is about
3,000 times more than that of our method. In this case, our algo-
rithm is very efficient and it can be easily extended to large scale
applications.

4.8. Parameter sensitivity analysis

Our method is relatively stable. Due to the page limit, we
mainly analyze the supervised situation, which is similar to un-
supervised condition. There are two parameters « and § in su-
pervised mode. We tune these two parameters in the range of
{0.001,0.01,0.1, 1, 10, 100}. In Fig. 7, we present the results on all
three datasets. We can observe that the experimental results are
very stable with various 8 on all three datasets. So the proposed
method is insensitive to 8. When « is between 0.01 and 1, our
method can achieve the best performance. It is also insensitive to
o.

Based on all above experimental results, we can get the fol-
lowing conclusions. First of all, the result of supervised methods
is better than that of unsupervised methods. By incorporating the
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label information, we can get more discriminative separation be-
tween classes in the latent subspace, which benefits the cross-
modal retrieval. Secondly, our RRLSL method achieves very good
performance in both unsupervised and supervised tasks, which can
be attributed to the effectiveness of reconstruction regularization.
With the regularization to recover the original data, the embed-
ding in the latent space of our method can preserve more essen-
tial information. And then, good features will benefit the retrieval.
CNN features show great improvement on the results. Finally, the
time and space complexity of our method is very low, so it can be
scaled to very large datasets.

5. Conclusion

In this paper, we have proposed a novel RRLSL method that
takes both the low-rank subspace learning and original data re-
construction into consideration to jointly learn the latent subspace
and the projection matrices, which can be applied to both unsuper-
vised and supervised cross-modal retrieval. An efficient algorithm
is presented for optimization. Extensive experiments on several re-
lated datasets demonstrate the superiority of the proposed method
over other state-of-the-art methods, especially on the supervised
situation. Compared with existing methods, our main strengths lie
in the lower computational complexity, better performance, and
wider application for different situations. For the weakness, its ap-
plication to the semi-supervised situation could be further investi-
gated. For the future work, we would like to extend the proposed
RRLSL to the semi-supervised situation, where only a few samples
are labeled.
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Appendix

In the following, we provide the detailed convergence analysis
of the proposed algorithm in unsupervised situation.
Recall that our objective function is:

M
min LW, S, H) =3 (IWiX; =S|I + o [WS = Xill} + BIIWi )
- i=1
+ Yitr(STHS). (A1)
Since we have three variables, we divide the convergence analysis
into the following four parts.

10
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(1) With S¥ and H¥ fixed, the problem to optimize W can be
formulated as:
min L(W, S¥, H)
w

M
= 3 (WX, — K12 + | (4 TW; — XTIIZ + BIIW;I2),
i=1

(A2)

which is strongly convex with respect to W. By setting the deriva-
tive of the objective function in Eq. (6) with respect to W; to zero,
we can get:

(@S (ST + BOW; + WiXiX] = 1 +a)S'X], i=1,...,M. (A3)

By denoting A = aS¥(S¥)T + BI. B; = XiX[, and C; = (1 + a)SkXT,
optimization in Eq. (7) can be reformulated as:

AW, +WB;=¢C, i=1,2,....M, (A.4)
which is equivalent to the following problem:
(ln® A+ Bl ® Iy)vec(W;) = vec(Gy), i=1,2,....M. (A.5)

Since A = BI, B; = 0, and S¥ST = 0, we have (Im ®A+B! ®In) >
BI. Then:

L(Wk, Sk, Hk) _ L(Wk+l’ Sk, Hk) > g”vec(vvikﬂ) _ vec(Wi") ||i
B I k|2

—SIwE WL s

(2) With S* fixed, H*' = (SkK(S)T + e)~1/2. Denote |X|f =

max; ||X;||r and ||W¥||; = max; ||W,."||F, then according to Eq. (11),
we have:

51

M

> wi

i=1

1
< o * @1 +a)

F
1+a
<
=M
=+ a)[X[lp* [WH,-

s M s || X || HW"HF
(A7)

Recall that we also add a regularization term on W, so Wk
is bounded. Therefore, Sk is also bounded. For convenience, let
ISk|l < Bs for all k. Denote U = [SK~1,€l] and V = [SK, €l], then
€ <||U|lp <Bs+e€ and € < ||V||f < Bs+¢€, where € >0 is a small
positive constant. We have:

iL(WkJJ , Sk, Hk) _ L(warl , Sk, Hk+])|
= [ mtr((STH'SY) — ptr((SH)THH'5¥) |
B |,

< mBZ|| U712 — (W) | (A8)
Since
((UUT)—l/Z _ (VVT)—l/Z)(UUT)—l/Z
+ (VVT)—l/Z((UUT)—l/Z _ (VVT)—l/Z)
=@WUHT—wvhH1=_wuhH-1wuT —vvhHwvhH-1,
(A9)

then we can get:
}L(W’H], Sk, Hk) _ L(wk+l,sk, Hk+l)‘
< mBZ| WU — (w1 |

< kag ((UuT)—l/Z ®I+I® (VvT)—l/z)*l

< JuuT v o] v

Bs + €
2

< yB? * *5* JuuT —wvT|,
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2
- k% #JUU-V)T + U -VVT|,
BZ(B 2
< ykS(sE—je)llU =Vl
2 2
- kas(BSE—je) s s (A10)
By setting y}, < (B:;)‘, k=1 —s¥|| .. we can get:
{L(W’H—], Sk, Hk) _ L(Wk+], Sk, Hk+])| < ||Sk—1 _ sk ||12: (A11)
Therefore,
L(Wk+l,Sk,Hk) _ L(W’H'], Sk, Hk+1) > _“Sk—l _ Sk “12: (A-lz)

(3) Similarly, with W**+1 and H¥+! fixed, S can be solved by mini-
mizing the following problem:

Skt = argmin L(Wk+1, 5, H¥1)
s

M
= arggninz (IWFIX; =S|I + el (W/HTS = Xi17)
i=1
+ Vitr (STHHHLS).

The above problem has the following close-form solution:

(A13)

-1

M
sk+l — 2M~I+20[Z‘/Vik+] (vvik+1)T +yk(Hk+1 + (Hk+1)T)
i=1

M
x (21 +a) Y WX,
i=1

Since Hk1 = (Sk(S)T)=1/2 = 0, then H**! + (H*1)T » 0. We also
have W1 (WHT > 0. So LWK+1, S, H*+1) is 2M-strongly convex.
Therefore,

L(Wk+1,sk,Hk+1) _ L(W“],S"“, Hk+1) > 2M”sk+1 _ Sk”IZ:

(A14)

(A15)
(4) By combining Eqs. (A.6), (A.12) and (A.16), we can get:
L(Wk, Sk, Hk) _ L(Wk+1, Sk+1, Hk+1)
2
> (2M —1)||Sk+1 — 512 + §||Wl.’<+l - W5 (A.16)

In summary, our objective function will monotonically decrease
and it has lower bound, so it will converge to a stationary point.
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