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ABSTRACT

This paper learns semantic embeddings for multi-label cross-
modal retrieval. Our method exploits the structure in se-
mantics represented by label vectors to guide the learning of
embeddings. First, we construct a semantic graph based on
label vectors which incorporates data from both modalities,
and enforce the embeddings to preserve the local structure of
this semantic graph. Second, we enforce the embeddings to
well reconstruct the labels, i.e., the global semantic structure.
In addition, we encourage the embeddings to preserve local
geometric structure of each modality. Accordingly, the local
and global semantic structure consistencies as well as the
local geometric structure consistency are enforced, simulta-
neously. The mappings between inputs and embeddings are
designed to be nonlinear neural network with larger capacity
and more flexibility. The overall objective function is opti-
mized by stochastic gradient descent to gain the scalability
on large datasets. Experiments conducted on three real world
datasets clearly demonstrate the superiority of our proposed
approach over the state-of-the-art methods.
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1 INTRODUCTION

The past couple of decades witnessed an explosive increase
in the amount of multi-modal data on the Internet, which
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describes information from complementary modalities. Cross-
modal retrieval [24] for the multi-modal data has received
considerable attention. Given a query in one modality, a list
of documents in another modality is returned by cross-modal
retrieval, e.g., images retrieved with a text query or vice versa.
The returned list of documents are to be ordered according
to the semantic relevances between database documents and
the query document.

As a standard solution of cross-modal retrieval, subspace
learning [2, 20, 23, 24, 30] aims to find a low dimensional
latent common space that can well preserve or capture the
cross-modal relationship among data objects. For example,
CCA [13] and PLS [25] aim to learn a low dimensional com-
mon subspace to make cross-modal data pairs maximally
correlated. Following similar paradigm, significant research
efforts have been devoted afterworth [2, 20, 26, 31] to build
modality-specific mapping functions by preserving intra- and
inter-modal similarities. Nevertheless, the similarity informa-
tion is either employed as the observed information to fit,
or simply considered as a set of binary class indicators to
identify if cross-modal data objects belong to the same class.

Real-world cross-modal data contains rich semantic infor-
mation. For example, a natural image can be associated with
multiple category labels, and the keywords of these categories
also describe the topics in the corresponded textual descrip-
tion of the image. A label vector [23] can be used to represent
the multi-label information of each image or text. Although
cross-modal data have different feature spaces, they share
a common label representation. In existing frameworks, the
semantic labels are either used as an auxiliary view [9], or
to calculate the weights of cross-modal training pairs [23],
or used as the back constraints on the learned representa-
tion [9]. Despite of their simplicity, the semantic similarities
modeled on inter-modal data pairs provide only partial in-
formation on the whole cross-modal data corpus. For large
scale similarity-based information retrieval, techniques of
compact embeddings (codes) [10, 21, 22, 31] becomes increas-
ing popular and important in recent years. However, for data
with multiple modalities, the full semantic structure reflected
by intra-modal structure, inter-modal correlation and label
similarity has not been considered.

We address the cross-modal representation learning by
fully exploring the semantic structure of the multi-label in-
formation. Specifically, to fully represent the cross-modal
semantic similarity structure, we construct a semantic graph
based on the corresponding label vectors, where each vertex
in the graph represents an image or a text document, and
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Figure 1: Every image or text is a node on the se-
mantic graph and its modality-specific feature simi-
larity graph. Triangles denote images and rectangles
denote texts. On semantic graph, different colors rep-
resent different semantic clusters.

each edge connecting two vertices denotes the similarity score
using their corresponding label vectors, see Figure 1. The
semantic graph reflects the semantic affinity structure in a
more comprehensive way, i.e., one can easily identify all the
semantically similar data objects (image and text) given a
specific vertex (image or text) by some efficient affinity search
techniques [10, 22] on the semantic graph. According to the
spectral graph theory [5], the affinities provide essential infor-
mation on the graph spectral structure. Therefore, compared
to randomized training data selection strategy widely used
by previous approaches, a set of training data pairs can be
sampled from the database which contain more complete
set of instances with fine-grained semantic relevance scores
rather than the coarse similar/dissimilar ones.

Accordingly, we propose to learn the Semantic-Structure-
Preserved cross-modal Embedding (SSPE) which encourages
both local and global semantic structure consistencies. The
local semantic structure is encoded by the semantic graph,
and the global structure consistency [19] is enforced by re-
construction of the original label vectors. As shown in Figure
2, the embeddings in hidden space are connected to the la-
bel space using a mapping g learned by least-square fitting,
then the label reconstruction error passes back to guide the
embedding learning.

Moreover, nearby points in the feature spaces are likely
to have the same labels [35, 37]. To enforce smoothness and
semantic information propagation along the data manifolds,
the embeddings should be learned towards the consistency
with local geometric structure in the original visual space
and textual space. As shown in Figure 1, we build two affini-
ty graphs on the original visual and textual feature spaces,
respectively. To avoid time-consuming similarity matrix stor-
age and eigen-analysis on the graph Laplacians, we sample
neighborhood vertices of the query vertices on each graph
according to the edge weights, and maximizes the likelihood
of neighborhood preservation of all the query vertices. The
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Figure 2: Illustration of our method. Starting by in-
puts of images and texts, the model outputs their
predicted labels in a feed-forward manner. The hid-
den space indicates the semantic structure-preserved
embedding space to learn, which bridges the inputs
and outputs, and is then used for cross-modal re-
trieval.

scalable negative sampling algorithm [21] is applied to ap-
proximate the likelihood. Based on the three graphs and
neighborhood sampling strategy, the most informative sets
of both intra-modal and inter-modal training data pairs can
be quickly identified for model training.

The functions f, and f; to project images and texts to the
hidden space are neural networks with stacked nonlinear map-
pings, which endow our model with large capacity and more
flexibility. The overall objective function, including terms of
local semantic structure preserving, global semantic
structure preserving and local geometric structure p-
reserving, is optimized by stochastic gradient descent and
standard back-propagation on large datasets. Finally, we
apply the proposed method to cross-modal retrieval tasks.
Experiments conducted on real-world datasets well demon-
strate its efficiency and effectiveness. In summary, our key
contributions are summarized as follows.

(1) We propose SSPE, a semantic structure-preserved em-
bedding learning method for multi-label cross-modal
retrieval. The embeddings are learned towards local
and global semantic structure consistencies as well as
local geometric structure consistency.

(2) By using neighborhood sampling and negative sam-
pling, our model does NOT require similarity matrix
storage for training, and it can scale well to large real-
world cross-modal datasets.

(3) Experimental results on three public cross-modal dataset-
s show significant improvement over existing state-of-
the-art methods on the cross-modal retrieval tasks.

2 RELATED WORK
2.1 Cross-modal retrieval

Cross-modal retrieval methods can be generally divided into
two categories: traditional methods and deep learning based
methods.



Traditional methods. Traditional methods usually learn
a latent space based on linear projections. CCA [13], as a clas-
sical method, aims at learning a latent space by maximizing
the correlation between the projected data of two modalities.
PLS [25] is another classical method which creates orthog-
onal score vectors by maximizing the covariance between
the projected data of two modalities. As labels contain rich
semantic information, CCA is extended by using label infor-
mation. Sharma et al. [2] combine popular supervised and
unsupervised feature extraction techniques with CCA. 3view
CCA [9] extends CCA by incorporating a third view, i.e.,
the label vectors, to capture high level semantics. ml-CCA
[23] extends CCA with the high level multi-label semantic
information to establish correspondences between different
modalities.

Besides, some cross-modal learning methods focusing on
relative order of the retrieved documents employ learning-
to-rank techniques. Yao et al. [36] propose RCCA which
jointly explores subspace learning and pairwise learning-to-
rank techniques. It initially finds a common subspace by
CCA, and further simultaneously learns a bilinear similarity
function and adjusts the subspace to preserve the preference
relations. Wu et al. [33] propose an online learning algorithm
which learns a similarity function with bi-directional pair-
wise learning-to-rank loss. Wu et al. [32] propose Bi-CMSRM
which optimizes a bi-directional listwise ranking loss by struc-
tural risk minimization.

There are some cross-modal learning methods that directly
use label space as the common space and see the retrieval task
as a classification task. LCFS [30] performs linear regression
to label space with ¢21-norm constraints on the projection
matrices and a low-rank constraint on the projected data.
LGCFL [17] performs e-dragging on the label space and
imposes group sparse constraints in regression process. Deng
et al. [6] proposed a discriminative dictionary learning method
augmented with common label alignment. However, directly
using label space as the common hidden space can’t discover
the correlation between labels and fixes the dimension of
common space to the dimension of label space.

Deep learning based methods. Since deep methods
provide better representation learning power, neural network
is adopted by many cross-modal methods recently. Masci et
al. [20] propose MMNN to train a two-branch neural network
to map images and texts into a common space. A loss func-
tion involving intra-modality and inter-modality similarity is
optimized to learn the mappings. Wang et al. [31] propose
to train a two-branch neural network using a large-margin-
based objective that combines cross-view ranking constraints
with within-view neighborhood structure preservation con-
straints. He et al. [12] apply two convolution based networks
to map images and texts into a common space in which the
cross-modal similarity is measured by cosine distance. Sub-
sequently, a bi-directional loss involving the matched and
unmatched image-text pairs is designed. Yan et al. [34] pro-
pose to match images and texts in a joint latent space learnt

with deep canonical correlation analysis (DCCA) [3]. Corr-
AE [8] is constructed by correlating hidden representations
of two autoencoders.

Although many cross-modal methods have been proposed,
there is a need to capture the nonlinear relation between
cross-modal data and label information. To achieve this goal,
our method uses neural network to gain the nonlinear rep-
resentation power and uses label information to guide the
learning of semantic embeddings.

2.2 Learning Graph Embedding

Graphs are common data representations used in many real-
world problems. Earlier works like Graph embedding [35]
first construct the affinity graph based on the feature vectors
and then solve the eigenvectors of the largest eigenvalues to
approximate the original graph. Graph-based cross-modal
methods [18, 27] use LPP [11] style approach to learn lin-
ear mappings. However, they adopt shallow models which
are difficult to capture the highly nonlinear nature in the
underlying graph and need inefficient eigen-value decompo-
sition. Deep methods have been proposed to learn graph
representations. For example, DeepWalk proposed by Perozzi
et al. [22] applies local information obtained from truncat-
ed random walks to learn representations of vertices in a
graph. Grover et al. [10] generalize DeepWalk by designing a
biased random walk procedure to efficiently explore diverse
neighborhoods of vertices. As we focus on cross-modal data,
we build three graphs and utilize a deep model to learn the
unified embeddings from the three graphs.

3 PROPOSED METHOD
3.1 Problem Formulation

Assume we have n, images V = {v;, -+ ,vn, } and n; texts
T = {t1, -+ ,tn,}, where each image is represented as a
data point v; € R%, and each text is represented as a data
point t; € R%. Along with the images and texts are their
corresponding label vectors. Let z,, € R denote the label
vector of v; and z;; € R® denote the label vector of ¢;. Label
vector indicates what labels an image or a text has, where
more than one entry in z,; and z;; could be nonzero. Our goal
is to learn mapping functions to project images and texts into
a common hidden space that can well preserve or capture their
cross-modal semantic relationship. Let f, : R% — R? be the
mapping function from image feature space to the hidden
space. Here d is a parameter specifying the dimensionality of
the hidden space. Similarly, let f; : R% — R? be the mapping
function from text feature space to the hidden space.
Local semantic structure preserving. In the learned
hidden space, images and texts with similar meaning should
be close. As images and texts share a label space, we build a
graph to incorporate all images and texts using their label
vectors to encode their high level semantic relations. This is
shown as semantic graph in Figure 1. In the following, we use
n; to denote an image or a text, z,; to denote its label vector,
and f(n;) to denote its embedded representation after the
mapping, where f can be f, or f: depending on the modality



of the input. The semantic graph Gs = (Vs; Fs) is built as
follows. First, we set vertex set Vs = VJ T, i.e., every image
or text is a vertex. Then two vertices are connected if they
share at least one label. The weight of edge is defined by a
similarity function in label space as follows:

o {s(zni,znj), if n; and n; are connected,
ij —

0, otherwise.

The similarity function s(zn,, 2n,) assigns a high value to
similar label pair, and assigns a low value to dissimilar la-
. . . . . . <Zn;,Zn;>
bel pair. Cosine similarity function s(zn,, zn;) = i Al S

i 1z [Mzn

or squared exponential distance based similarity function

Zn, —Zn. 2 .
8(2n;s2n;) = exp(—w) can be used [23], where o is

a constant factor. Thus, images and texts are on a large graph
containing both intra- and inter-modal semantic relations.

The local semantic structure preserving quality is partic-
ularly important as similarity search in the hidden space is
performed in the retrieval phase. Therefore, we encourage
the learned embeddings to capture the local semantic graph
structure. Motivated by Node2vec [10] and Deepwalk [22]
which learn latent representations of vertices in a network,
we use skip-gram model [21] to learn the local structure of
Gs. The skip-gram model seeks to minimize the negative
log-probability of observing a neighborhood P(n;) for each
vertex n;:

- Zlog Pr(P(n;)|n;). (1)

Assuming that neighborhood vertices are independent of
each other given one vertex, and the given vertex and its
neighborhood have a symmetric effect over each other, we
have

» exp(f(ni)" f(n;))
nj€P(n;) anEVs exp(f(n:)T f(nw)) '

However, the softmax function requires exhaustive computa-
tion of exp(f(n:)T f(nk)) for every training example. As we
focus on learning semantically consistent embeddings, we use
negative sampling [21] to approximate the softmax function.
The aim of negative sampling is to distinguish the target
vertex from vertices drawn from a noise distribution using
logistic regression. For vertex n;, the objective becomes to
minimize the following loss:

S epny 1080 (1) F(1)) + 5, vy 08 0 (—F () F (1))},

where N (n;) defines the negative samples for vertex n;. Since
our semantic graph incorporate all images and texts and
there are intra-modal and inter-modal semantic relations,
inner product term f(n;)” f(n;) can be either f,(v:)” fi(t;),
or fu(vi)" fu(vy), or fe(t:)T fe(ty).

Now the problem is how to sample neighborhood vertices
and negative vertices. Taking account of intra- and inter-
modal relations, for each vertex, we sample ki vertices from
the same modality and k2 vertices from the other modality
to form its neighborhood. When sampling neighborhood
vertices for n;, we sample a set of modality-specific vertices
from multinomial distribution with probability in proportion

Pr(P(n;)|n;) =11

to their edge weights to n;. Thus vertices with high label
correlation to n; are more likely to be sampled. Since our
objective is to enlarge the similarity of relevant pairs while
suppressing the similarity of irrelevant pairs, we randomly
sample its unconnected vertices as negative samples.
Taking an image v; as an example, the set of neighborhood
images is denoted as P,, and the set of negative images is
denoted as N,. Similar meanings are applied on notations P;
and N;. Specifically, Eq. 2 becomes the following loss for v;,

la, (vi) = - ; >{loga(fv(w)TfU@j))+
k :gj:( ){10g0(fv(vi)Tft(tj))+

Global semantic structure preserving. If the embed-
dings contain enough semantic information, they should be
able to recover their corresponding label information. The
spirit is similar to an Autoencoder [29] which uses recon-
struction ability to get hidden representations. As shown in
Figure 2, we define a prediction function g : R* — R® from
the hidden space to the label space which predicts label vec-
tor for each point in the hidden space. We aim to minimize
the label reconstruction error of embeddings, and the label
reconstruction loss term is defined as:

L(ni) = lg(f(n3)) = zn, s
where || - ||r denotes the Frobenius-norm, which means a
least-square error is adopted and minimized. The consistency
between the recovered labels and ground-truth labels provides
global consistency of semantic structure [19].

Local geometric structure preserving. In addition to
label information, the geometry in the original feature spaces
is also important for propagating the semantic information.
Considering that nearby points in the feature space are likely
to have the same label [37], we enforce the learned embeddings
to preserve local geometric property as well.

As show in Figure 1, we build a graph G, = (V,,; E,,) on
the original visual features and a graph G: = (V4; E¢) on
the original textual features. Taking G, as an example, it is
defined on V, where the vertex set V, is V. We connect v;
and v; if one of them is among the other’s k-nearest neighbor
by Euclidean distance and define the corresponding weight
on the edge as follows:

1, if v; and v; are connected,
Wij = .
0, otherwise.

As in semantic graph, our model preserves local structure of
the visual graph by predicting nearby vertices of every vertex.
But different from semantic graph, this visual graph only
involves images. Given a vertex, sampling nearby vertices is
done based on the probabilities in proportion to edge weights
to the given vertex. Negative vertices are sampled randomly
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Figure 3: The proposed architecture. Below the hid-
den space, there are two branches for image and
text respectively. These two branches are modality-
specific so that different branch has different param-
eters. Above the hidden space, a mapping connects
embeddings in hidden space to label vectors.

from those unconnected to the given vertex. The loss with
respect to image v; in the visual graph is defined as follows:

la, () =— Y {loga(fo(vi)" fulvy)) +

v; €P(v;)

Z log o(—fu (vi)" fu(vr))}. (3)

vE EN(v;)

The local geometric structure preserving term enforces the
mapping function to be smooth, and thus can also be consid-
ered as a regularization.

The loss function. Combining the local semantic struc-
ture consistency, global semantic structure consistency and
local geometry structure consistency, the final loss for an
image v; is:

la, (vi) + a1l (vi) + a2l (vi), (4)

where a1 and aq are trade-off parameters determining the
relative importance of each loss term. Similarly, the loss for
a text t; is:

la, (ti) + a1l (ti) + azla, (t:). (5)

3.2 Network Structure

In general, there are two mappings (f», ft) projecting images
and texts into a hidden space and one mapping g connect-
ing the embeddings to label space. We model the mapping
functions with neural networks because of their ability of
modeling nonlinearity. As shown in Figure 3, our model has
two different branches, one for image mapping and the other
for text mapping. Each is composed of fully connected layers
followed by tanh nonlinearities. Other nonlinearities can also
be used, but we find that tanh which can give positive and
negative values leads to better results.

3.3 Training

The model can be easily learned using back-propagation and
stochastic gradient descent based technique. The loss function
consists of logistic regression terms and linear regression
terms, so the gradient can be easily derived. It is worth
mentioning that since every image (text) is mapped through
the same branch, summation of gradient passed back from
every embedding is needed. Algorithm 1 summarizes the
proposed algorithm. The outer loop specifies the number of
times we sample the neighborhood for each vertex. In the
inner loop, we iterate over all images and texts.

Algorithm 1 The SSPE algorithm.

Input: images, texts and their corresponding labels,
sampling times 7,
neighborhood size |P| of Gs, G, and G, negative sample
size |N| for each neighborhood vertex,
trade-off parameters a; and aso
Output: f,, f, and g
Build graph G5, G, and G:
fori=1,...,r do
for j=1,...,n, do
Sample neighbor vertices and negative vertices for
image v; in G5 and in G,
end for
for j=1,...,n: do
Sample neighbor vertices and negative vertices for text
t]' in Gs and in Gt
end for
Perform mini-batch stochastic gradient descent to opti-
mize the sum of image and text losses in Eq. 4 and 5
end for

4 EXPERIMENTS

4.1 Datasets

Pascal VOC 2007 [7], collected from Flickr, contains 9963
images. For label representations, we use the ground-truth
annotation of the images which have 20 classes. For text
representations, we use the 399-dim tag frequency features
provided by Hwang and Grauman [15]. For image repre-
sentations, we use the 4,096-dim CNN image features in
‘fc7 extracted using Caffe[16] with the pre-trained CaffeNet
learned on ImageNet. The original train-test split provided in
the dataset is used for training and testing. After removing
images without tags, we get a training set with 5,000 pairs
and a test set with 4,919 pairs.

MIRFLICKR dataset [14] contains 25,000 images along
with the user assigned tags. Each image-text pair is annotated
with some of 38 classes. We use the 2,000-dim tag frequency
text features [28], and extract 4,096-dim CNN image features
in ‘fc7’ as on Pascal dataset. Following the training-testing
split [14] and removing images without tags, we have 12,144
pairs for training and 7,958 pairs for testing.

NUS-WIDE dataset [4], crawled from the Flickr web-
site, contains 269,648 images associated with their tags. Each



image is labeled with 81 underlying semantic concepts. We
take the 1,000-dim tag frequency features as text represen-
tations, and take the 4,096-dim output of ‘fc7’ layer from
CaffeNet as image features. Original train-test split provided
in the dataset is used. By selecting pairs that belong to the
20 largest classes for a reasonable multi-label setting, we get
52,830 pairs for training and 35,216 pairs for testing. The 20
largest classes are used for label representations.

4.2 Compared Approaches

Eight approaches are chosen as the baselines of the evalua-
tions. Here we briefly introduce the eight methods: CCA [13]
aims at learning a latent space by maximizing the correlation
between two modality data; PLS [25] creates orthogonal score
vectors by maximizing the covariance between two modality
data; GMLDA [2] combines LDA with CCA to obtain direc-
tions which achieve closeness between multi-view samples of
the same class; MMNN [20] uses a coupled siamese neural
network architecture which allows unified treatment of intra-
and inter-modality similarity learning to map data into a
common space; ml-CCA [23] extends CCA by using multi-
label information to establish correspondences between two
modalities; LGCFL [17] performs e-dragging on the label
space, and then performs linear regression to the modified
label space with group sparsity constraint. DSPE [31] is a
two-branch neural network using a large-margin-based ob-
jective that combines cross-view ranking constraints with
within-view neighborhood structure preservation constraints.
CMOS [33] is an online learning algorithm which learns a
similarity function with bi-directional loss.

4.3 Evaluation

To evaluate the performance of our method, we perform
two kinds of two cross-modal retrieval tasks, i.e., the image-
to-text task (text retrieval using an image query) and the
text-to-image task (image retrieval using a text query). The
test set is used as both query set and database set. Here
the images and texts used for testing are not present dur-
ing training which allows us to evaluate the generalization
ability of the proposed approach. In the evaluation process,
documents that share at least one label with the query are
considered to be relevant to the query. The search quality is
evaluated with Mean Average Precision (MAP) which is a
widely used metric in retrieval task. Given a query and a set
of R retrieved documents, Average Precision (AP) is defined
AP ey P(1)S(r)
as AP= SF s
the top r retrieved documents, and §(r) = 1 if the r-th re-
trieved document is relevant with the query and d(r) = 0
otherwise. We average the AP values over all queries in the
query set to obtain the MAP measure. Besides, we present
precision-scope curve [30] to further show the performance of
different methods. The precision-scope curve shows precision
values as a function of the number of returned documents.

, where P(r) denotes the precision of

4.4 Implementation Details

All datasets were mean-centered and unit-length normalized.
Principle component analysis (PCA) is performed by preserv-
ing 95% energy additionally for CCA, GMLDA and ml-CCA,
leading to better results [30]. For GMLDA and LGCFL, the
category of every training pair is selected randomly from
its multiple labels. For fair comparison, we ignore the bi-
narization step for hashing method MMNN. In the testing
phase, cosine distance function is adopted for all methods
except MMNN that uses Euclidean distance and CMOS that
learns similarity function itself. The dimensions of common
hidden space for all methods are set to 32 on all datasets,
except LGCFL that fixes label space as its common space
and CMOS that does not have hidden space. The network
configuration of image branch and text branch of MMNN]
DSPE and our method are the same. The output dimensions
of the first layer and the second layer of image branch and
text branch are 64 and 32, respectively. For the compared
methods, we use the parameters optimal settings tuned by a
parameters validation process except for the specified values.

We implement our model by tensorflow [1]. For our method,
the configuration is the same on all the three datasets. We use
cosine similarity function to build semantic graph, and select 8
nearest neighbors on feature graphs. The trade-off parameters
a1 and ag are set to 0.1. We sample 8 neighborhood vertices
for each vertex in each graph. Specifically, on G, the eight
neighborhood vertices consist of six inter-modal neighborhood
vertices and two intra-modal neighborhood vertices. Only
one negative vertex for each neighborhood vertex is sampled,
since sampling more negative vertices can not improve the
performance. The sampling is performed five times to get the
final training data. We train our networks using mini-batch
stochastic gradient descent with momentum 0.9 and weight
decay 0.001. Every batch contains five images and five texts,
and their corresponding neighborhood and negative samples.
We use a small learning rate starting with 0.01 and decay
the learning rate by 0.95 after every 2000 batches.

4.5 Comparison Results

The performance comparison on all three datasets is shown
in Table 1 and Figure 4. From the table, we can see that
SSPE outperforms other methods with remarkable perfor-
mance gains. The promising results confirm the effectiveness
of SSPE. The performance of SSPE is the best on all three
datasets, but the performance of other methods is not stable.
DSPE is the second best method on MIRFLICKR, but does
not perform well on NUS-WIDE. MMNN performs well on
NUS-WIDE but does not perform well on Pascal. This may
be caused by their cursory random sampling strategy and
the structure difference of different datasets. ml-CCA and
GMLDA extend CCA, but ml-CCA performs better than
GMLDA, which shows that multi-label information is impor-
tant. Moreover, by projecting images and texts to label space,
LGCFL achieves good results. This verifies the effectiveness
of global semantic preserving term. It is easy to see from
the results that label vector is very useful for cross-modal



retrieval. From the precision-scope curves we can observe
that SSPE still outperforms other methods on the whole.
Since SSPE considers preserving structure of three graphs
simultaneously and can model nonlinear relations between
inputs and embeddings, it achieve better results.
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Figure 4: Performance of different methods on all
benchmark datasets based on precision-scope curve.

4.6 Analysis of Parameters

As a1 and a2 adjust the contributions of global semantic
structure preserving term and local geometric structure pre-
serving term, respectively, here we take Pascal dataset and
MIRFLICKR dataset as examples to analyze the effect of
these two parameters. The evaluation is conducted by chang-
ing one parameter while fixing the other. The values of oy
and «az are varied in the range {0,0.2,0.4,0.6,0.8,1}. Figure 5
shows the average cross-modal retrieval performance of SSPE
in terms of MAP@all for different values of a1 and as. It can
be observed from Figure. 5(a) that when o = 0, the model
is instable. Sometimes the model collapses as it gets NaN
value when the training procedure proceeds. The observation
indicates that the local geometric structure preserving terms
encourage the mapping functions to be smoother, and work
like regularization terms. Except for the collapsed situation,

o 0
alphat 02702

o o
alphat 0z 02 alpha2 alpha2

(a) performance on Pascal. (b) performance on MIRFLICKR.

Figure 5: Average cross-modal retrieval performance
of SSPE with different values of ov; and o> on Pascal
and MIRFLICKR.
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k k
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Figure 6: Performance of different methods with d-
ifferent ranks (the number of the latent dimensions)
on MIRFLICKR.

the performance of SSPE is stable as the average performance
does not vary much. This demonstrates that our method is
not sensitive to the trade-off parameters. But if we carefully
compare the relative color and height of each bin, we can find
that global semantic structure preserving term can improve
the performance. But the maximum value is obtained by
setting a1 and az to middle value.

4.7 Effect of hidden space dimensionality

Furthermore, we show the MAP scores of different methods
on MIRFLICKR dataset with varying ranks (i.e., the dimen-
sionality of the latent space) in Figure 6. We can see that
the performance of CCA and ml-CCA is slightly worse as
the dimension increasing, while the performance of SSPE
and MMNN is stable with varied ranks. These results show
that the dimension of the latent space has little influence
on the performance of our method. Moreover, our method
outperforms other methods on all the ranks.

4.8 Effect of neighborhood size

We report the MAP scores when sampling different numbers
of neighborhood vertices in Figure 7. On the semantic graph,
the proportion of intra-modal neighborhood vertices is fixed
to 25%. It can be seen that with the increasing number of
neighborhood vertices, the quality of the learned embeddings
first increases and then decreases. Small number of neighbor-
hood vertices may not provide enough information to learn,



Table 1: Performance comparison in terms of MAP (%) on Pascal VOC 2007, MIRFLICKR and NUS-WIDE.

The best results are shown in boldface.

Dataset | Direction CCA PLS GMLDA

MMNN

ml-CCA | LGCFL DSPE CMOS SSPE

Pascal

img-to-txt | 65.9£0.0 | 63.3+£0.0 | 67.3+0.1 | 69.7£0.2 | 69.8+0.0 | 73.2+0.4 | 72.7£0.2 | 72.4%0.1
txt-to-img | 64.5£0.0 | 50.1£0.0 | 66.4+0.1 | 64.7£0.2 | 69.7£0.0 | 72.3+£0.1 | 71.7£0.1 | 70.0£0.2 | 74.1+0.2

74.5+0.1

MIR- img-to-txt | 65.2£0.0 | 66.2+0.0 | 65.0£0.1 | 71.2+0.5 | 70.8+0.0 | 72.3+0.4 | 72.8+£0.1 | 72.7+0.1
FLICKR | txt-to-img | 65.3£0.0 | 66.1+0.0 | 65.1£0.1 | 73.1+0.4 | 71.3£0.0 | 72.54+0.5 | 73.9£0.3 | 72.840.4 | 76.6+0.2

74.9£0.3

WIDE

NUS- img-to-txt | 40.9£0.0 | 50.3+0.0 | 50.7+0.1 | 57.7£0.1 | 51.6+0.0 | 51.6+0.1 | 48.2+0.2 | 53.3+0.1 | 58.5+0.4
txt-to-img | 37.7£0.0 | 45.6£0.0 | 45.9+0.1 | 47.3£0.5 | 43.5£0.0 | 44.0+0.7 | 43.7£0.2 | 48.5£0.1 | 50.4+0.3

) 6 1 16

10
the number of neighbors

Figure 7: Performance of SSPE with different num-
bers of neighborhood vertices on MIRFLICKR.
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(a) Changes of losses. (b) Changes of MAP scores.

Figure 8: Changes of losses and MAP scores as a
function of training iterations on MIRFLICK.

while large number of neighborhood vertices may lead to over-
fitting to specific vertices. We also conducted experiment to
see how the number of negative vertices for each neighbor-
hood vertex influences the performance of our method. We
find that increasing the number of negative samples cannot
boost the performance. Therefore, in our experiment, only
one negative sample is sampled for each neighborhood vertex.

4.9 Analysis of losses

As our method consists of three terms, i.e., local semantic
structure preserving term, global semantic structure preserv-
ing term and local geometric structure preserving term, it
is interesting to see how the losses of the three terms vary
as the training procedure proceeding and how the retrieval
performance changes. We show experiment results of losses
and MAP scores as a function of training iterations on MIR-
FLICKR dataset. The experiment result is shown in Figure
8. The losses shown are averaged over 2000 iterations.

It is apparent from the Figure 8(a) that local semantic
structure preserving loss (i.e., lossa,) and global semantic

structure preserving loss (i.e., loss.) decrease dramatically
at first and decline slowly after 10, 000 iterations. However,
local geometric structure preserving losses (i.e., lossg, and
lossa, ) increase a little and flatten out then. This indicates
that original visual space and textual space contain noise not
in accordance with semantic information. But as shown in
subsection 4.6, information contained in original visual space
and textual space is important. The local geometric structure
preserving terms work like regularization terms.

It can be clearly seen from Figure 8(b) that the retrieval
performance increases fast at first and then stays stable. The
result indicates that our method can achieve good results
by only training modest iterations (i.e., 10,000 iterations).
Combined with Figure 8(a), we can see that the retrieval
performance remains steady even though the local seman-
tic structure preserving loss and global semantic structure
preserving loss decrease.

5 CONCLUSION

In this paper, we propose SSPE, which learns semantic
structure-preserved embeddings for multi-label cross-modal
retrieval. The local and global semantic structure consisten-
cies as well as the local geometric structure consistency are
enforced simultaneously. The three terms fully exploits the in-
trinsic relevance between cross-modal data. Nonlinear neutral
network is applied to model the mapping functions between
inputs and embeddings. The overall objective function is op-
timized by stochastic gradient descent to gain the scalability
on large datasets. Comprehensive experiments are conducted
on three public cross-modal datasets. Experimental results
compared with eight methods have demonstrated that the
proposed method outperforms state-of-the-art approaches. In
future work, we will study efficient cross-modal embedding
learning method with a finer-scale visual-textual association,
e.g., the object-word and region-phrase association.
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