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Multimodal Similarity Gaussian Process Latent
Variable Model
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Abstract— Data from real applications involve multiple modal-
ities representing content with the same semantics from com-
plementary aspects. However, relations among heterogeneous
modalities are simply treated as observation-to-fit by existing
work, and the parameterized modality specific mapping functions
lack flexibility in directly adapting to the content divergence
and semantic complicacy in multimodal data. In this paper, we
build our work based on the Gaussian process latent variable
model (GPLVM) to learn the non-parametric mapping functions
and transform heterogeneous modalities into a shared latent
space. We propose multimodal Similarity Gaussian Process latent
variable model (m-SimGP), which learns the mapping functions
between the intra-modal similarities and latent representation.
We further propose multimodal distance-preserved similarity
GPLVM (m-DSimGP) to preserve the intra-modal global sim-
ilarity structure, and multimodal regularized similarity GPLVM
(m-RSimGP) by encouraging similar/dissimilar points to be simi-
lar/dissimilar in the latent space. We propose m-DRSimGP, which
combines the distance preservation in m-DSimGP and semantic
preservation in m-RSimGP to learn the latent representation.
The overall objective functions of the four models are solved
by simple and scalable gradient decent techniques. They can
be applied to various tasks to discover the nonlinear correlations
and to obtain the comparable low-dimensional representation for
heterogeneous modalities. On five widely used real-world data
sets, our approaches outperform existing models on cross-modal
content retrieval and multimodal classification.

Index Terms— Multimodal learning, Gaussian processes, sim-
ilarity preservation.
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I. INTRODUCTION

DATA from real applications often involve multiple modal-
ities representing content with the same semantics [1]

and deliver rich information from complementary aspects. For
example, users can write blogs to record their life, share
photos with their friends, or find latent friends through tags.
On video sharing websites, video content can also be learned
from its associated textual descriptions such as user tags and
comments. In knowledge sharing websites (e.g., Wikipedia),
an item page may include text, images and video to charac-
terize the subject with different modalities. To leverage the
information present in all the available modalities, learning
from these multimodal data has become an important problem
in many application areas [2]–[5]. A common solution is to
learn the embedding function for multimodal data to obtain
a shared latent space where we can align observations from
different modalities and compare them directly.

One line of representative work is based on the genera-
tive model that provides intuitive probabilistic interpretation
on multimodal correlation. In particular, Gaussian process
latent variable models (GPLVMs) [6]–[9] have achieved great
success in learning nonlinear low-dimensional embedding for
multimodal data. Instead of specifying a set of deterministic
(e.g., CCA based methods [2], [10], [11]) or parametric (e.g.,
univariate Gaussian [12]) mapping functions, a smooth non-
parametric Gaussian process is defined in GPLVM on the
probabilistic mapping from latent space to observation space.
The flexibility of Gaussian process, determined by a variety of
covariance functions, facilitates learning from real-world data
with content divergence and complicated semantic relations.
Despite that GPLVM better adapts to different modalities,
there has been very few studies in describing multimodal
relation using GPLVM.

We address cross-modal correlation learning with multi-
modal GPLVMs in this paper. In fact, GPLVMs discover the
latent relation among multimodal data by introducing additive
priors over latent space [7] or modality-specific covariance
functions [8]. Given the latent representation, multimodal data
are reconstructed by the learned Gaussian processes parameter-
ized by covariance kernels. However, GPLVMs [6]–[8] suffer
from high dimensionality of the multimodal data, which limit
their applications on real-world problems.

One of the most critical problems of GPLVMs is that the
topological structure in the observation space is not guaranteed
to be preserved in the function embedding process, which
leads to model degradation in processing high-dimensional
multimodal data due to the curse-of-dimensionality. In existing
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Fig. 1. The overview of the proposed similarity GPLVM. Left) Different modalities (e.g., image and text) are first mapped from their respective natural
spaces (Y and Z ) to similarity spaces (S y and Sz ) by computing Euclidean distance. The shared space X is then learned using the framework of shared GPs.
Constraints (dash lines) are placed over X to preserve cross-modal semantic correlation (Syz) or intra-modal global similarity structure. Right) Inference for
image query as an example. The corresponding latent position xt for the query yt is obtained by maximizing the posteriori probability p(xt |s y

t,·), where s y
t,·

is the similarity matrix between yt and the training images Y . Then cross-modal retrieval or classification of the query can be performed in the shared space.

study, similarity information is used to encode the modality-
specific topological structure from perspectives of intra-modal
content similarity [12], [13], context information [13] and
semantic consistency [3]. It can be used as observation-to-
fit [12] or mapping function regularizer [3] for learning a com-
mon latent space. To preserve the intra-modal topology, we
construct Gaussian processes on the mappings between latent
representations and multimodal observations at the similarity
level rather than high-dimensional feature level [6]. To be
specific, we propose to learn the nonlinear mapping functions
between the intra-modal similarities and latent representa-
tions. From the maximum likelihood perspective, the nonlinear
covariance matrices of multimodal mapping functions are
learned to maximize the consistency to the modality-specific
topologies. It better encodes the nonlinear semantic similarity
in multimodal data. Compared to existing correlation models,
our similarity-based GPLVM is robust to content divergence
and high-dimensionality in multimodal representation.

In previous work, various constraints on the latent space
have been devised in extensions of GPLVMs for specific
purpose. For example, back-constraints [14] encodes the latent
representation with the affinity information in the observation
space. The locally linear embedding (LLE) [15] is combined
with GPLVMs in [16] to preserve topological constraints.
The discriminative shared-space prior [3], defined by a data-
dependent weight matrix, enforces the topological structure
preservation. In our similarity GPLVMs, we also impose
specific constraints on the embedding to enhance the learn-
ing ability. In this paper, we consider two complementary
constraints, as illustrated in Fig.1, from intra-modal similarity
structure and inter-modal relationship perspectives.

First, different from existing local distance preservation
models [14], [16], we intend to preserve the intra-modal global
similarity structure, which is theoretically interpreted and can
be easily unified to our similarity-based model. Our goal is
to place each data object into the latent space such that the
intra-modal similarities are maximally preserved. Motivated

by the general idea of multidimensional scaling (MDS) [14],
[17], where similarities among data objects are measured
as distances among points in a low-dimensional space, we
develop a distance-preserved constraint in each modality and
add them into our similarity-based model. The constrained
model makes full use of the intrinsic similarity information,
and finds solution that encourages the divergence between the
similarity structures of the original feature space and the latent
space to be small. We call this constrained model multimodal
Distance-preserved Similarity GPLVM (m-DSimGP).

Second, we explore inter-modal (dis)similarity relation in
combination with the similarity-based model, while existing
models only exploit simple inter-modal relation. For example,
CCA-based models [2], [11] assume that the inter-modal
relation is expressed by aligned multimodal data pairs. The
inter-modal relation is also encoded as binary observation
matrix to be fit [12], [18], [19]. The multimodal projections are
learned to fit to observations of both intra-modal similarity and
inter-modal relation among heterogeneous data objects [10],
[12], [19]. In contrast, we directly impose two kinds of inter-
modal relations (i.e., semantic similarity and dissimilarity)
as smooth priors on the output of multimodal similarity
GPLVM. By using such regularization on the latent space, we
enforce that the semantically similar/dissimilar cross-modal
observations are also similar/dissimilar in the latent space,
which provides goal-oriented solution to maximize the cross-
modal semantic consistency. The proposed model is called
multimodal Regularized Similarity GPLVM (m-RSimGP).

The outline of the proposed model is summarized in
Fig.1. In particular, the following contributions have been
made.

1) We propose multimodal Similarity Gaussian Process
latent variable model (m-SimGP) for multimodal data
analysis, which learns the non-parametric mapping func-
tions between the intra-modal similarities and latent
representation. It can be seen as a non-parametric gen-
eralization of the subspace-learning-based models.
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2) We propose two general kinds of constraints over the
latent representations: distance-preserved constraints for
intra-modal global similarity structure preservation, and
cross-modal similarity and dissimilarity constraints for
inter-modal semantic consistency.

3) Two novel extensions of similarity GPLVM, i.e.,
m-DSimGP and m-RSimGP, are presented by incor-
porating the proposed constraints into the m-SimGP
model. Further, we derive a unified model m-DRSimGP,
which utilizes the two complementary constraints. The
conditional dependency among latent space and mul-
timodal similarity observations can be easily learned
with maximum a posteriori inference, and the overall
objective functions can be solved by simple and scalable
gradient decent techniques.

4) The proposed models can be applied to various tasks
to discover the nonlinear correlations and obtain the
comparable low-dimensional representation for hetero-
geneous modalities. On five widely used real-world mul-
timodal datasets, we achieve significant improvement
over the existing approaches in cross-modal content
retrieval and classification tasks.

The remaining of this paper is organized as fol-
lows. Section II gives an overview of the related work.
In Section III we review GPLVM and its multimodal exten-
sions. In Section IV, we present the proposed Similarity
Gaussian Process Latent Variable Model for multimodal data
analysis. Section V presents extensive empirical evaluation on
various datasets. Finally, Section VI concludes the paper.

II. RELATED WORK

A. Multimodal Learning

The general problem for multimodal learning is how to
bridge the heterogeneity gap between multimodal data for
learning the correlations across different modalities. A wide
variety of techniques have been developed for multimodal
data analytic based on the modeling mechanism. One kind
of representative works is to utilize latent variable models to
learn a common semantic space for multimodal data. Based on
different solution routines, these works can be roughly divided
into statistical subspace learning models and probabilistic
graphical models.

As the most typical subspace learning approach, canonical
correlation analysis (CCA) based methods [2], [10], [11]
project multimodal data into a shared subspace that guarantees
different modalities are maximally correlated. In SCM [2],
the CCA modeling is first applied to obtain two maximally
correlated subspaces, and then logistic regressors are learned in
each of these subspaces. GMA [11] is a supervised extension
of CCA, which projects multiview data to a single subspace for
cross-view classification and retrieval. There are some other
statistical methods [4], [20], [21] that have also been proposed
for multimodal learning problem. For example, the partial least
squares (PLS) algorithm [22] is used to learn the common
subspace by maximizing the covariance between different data
modalities. Coupled dictionary learning (CDL) approaches [4],
[23] have recently been proposed for multimodal data, which

jointly learn a coupled dictionary as well as the corresponding
mapping functions for different modalities.

The above subspace learning methods generally lack prob-
abilistic interpretation to describe the semantic similarities.
For probabilistic graphical modeling, representative works,
e.g., multimodal topic models, learn latent topics to describe
the intrinsic semantic correlations in multimodal data. Based
on latent Dirichlet allocation (LDA) [18], a variety of con-
straints are imposed. For example, mmLDA [24] enforces
that all modalities share the same topic proportions, and
corr-LDA [24] assumes one-to-one correspondence between
the topics in each modality. To automatically determine the
number of topics, non-parametric extensions of the multimodal
topic models are proposed, which extends the Dirichlet prior
by using a hierarchical Dirichlet process (HDP) [25] prior.
Indian buffet process (IBP) is employed in [26] as the non-
parametric prior distribution in Bayesian modeling for integrat-
ing multimodal data in a latent space. HDP and IBP model
the prior distribution of the latent semantics in multimodal
data analysis. In contrast, the Gaussian processes are used in
multimodal GPLVMs [7]–[9] as prior probability distributions
over the mappings from the shared space to data space. Due
to the flexibility of Gaussian process, GPLVM-based methods
can effectively obtain the informative latent representations
and discover the nonlinear relationship among multimodal data
with content divergence.

There is a close relationship between Gaussian processes
and neural networks. Bayesian neural network models will
converge to Gaussian processes in the limit of an infinite
number of hidden units [27]. Due to the powerful representa-
tion learning ability [28], [29] of deep neural network models,
recent works on multimodal embedding techniques [5], [30],
[31] are based on deep learning. Deep extensions [32], [33]
have also been developed for some shallow representation
learning methods. For example, deep CCA [32] is developed
to learn deep nonlinear mappings of two modalities that are
maximally correlated. Inspired by deep neural networks, deep
GP models [34], [35] are proposed by replacing every activa-
tion function in a Bayesian neural network with a Gaussian
process transformation.

B. Dimensionality Reduction Methods

In the context of dimensionality reduction, the high-
dimensional data Y = [y1, . . . , yN ]� ∈ R

N×d is assumed to
be generated by low-dimensional data X = [x1, . . . , xN ]� ∈
R

N×q , q � d through a mapping function,

yn = f (xn) + εn, (1)

where εn is the corrupting noise. The aim of dimensionality
reduction is to preserve as much information from the original
high-dimensional data as possible in the low-dimensional
representation.

Dimensionality reduction methods can be categorized into
linear methods and nonlinear methods. The linear methods
assume that the mapping is a linear function, e.g., f (xn) =
W xn , where W ∈ R

d×q is the transformation weight matrix.
Linear methods [10], [36] are simple and easy to implement.
However, the linear assumption is overly smooth in preserving
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Fig. 2. GPLVMs versus the proposed m-SimGP. (a) is the original GPLVM proposed by Lawrence [6]. The observed data Y are assumed to be generated
from a latent variable set X . (b) shows the shared GPLVMs for multimodal data. Two observed data modalities Y and Z are assumed to share the common
latent space X . (c) is the proposed m-SimGP in this paper. To preserve the topological structure of each data modality, we build a multimodal latent variable
model between the intra-modal similarities and latent space.

local structure in the latent space, so dimension reduction
is natural to be extended to nonlinear mapping functions.
A wide range of nonlinear methods [15], [37] have been
suggested. It is possible for these methods to reflect the
structure of the data through nonlinear embeddings. However,
such methods may lack an intrinsic generative mechanism and
do not explicitly include an assumption of underlying reduced
data dimensionality [38].

Probabilistic dimensionality reduction approach [6] is to
formulate latent variable models with smooth mappings from
latent space to data space. If the mapping is chosen to be
linear and the prior over the latent variables is taken to be
Gaussian, the model is formulated as a probabilistic version
of PCA [6]. GPLVM is a more recent nonlinear probabilistic
dimensionality reduction method, which can be viewed as a
nonlinear generalization of probabilistic PCA. Probabilistic
models can be easily extended into a Bayesian framework for
parameter learning, because of their generative nature and the
forward mapping mechanism.

Our models can be recognized as the probabilistic dimen-
sion reduction on multimodal data. Compared to existing
methods, our approaches gain more flexibility on real data with
non-parametric and nonlinear mapping functions. By intro-
ducing the distance preservation and the semantic similarity
constraints, we can reconstruct the structure and semantic
relations more effectively with the generative mechanism over
the learned latent representation.

III. PRELIMINARY

In the GPLVM framework, the generative mapping function
from latent to observation space is modeled using a Gaussian
process as a prior distribution. As shown in Fig.2(a), the
observation Y ∈ R

N×d is assumed to be generated from a low
dimensional latent space X ∈ R

N×q , through the mapping,

f (x) ∼ GP
(
μ (x), k

(
x, x ′)), (2)

where the mean function μ (x) is typically taken to be zero for
simplicity, and the covariance function k

(
x, x ′) is necessarily

constrained to positive definite matrices.
The marginal likelihood of the observation Y with respect

to the latent space X can be formulated as,

p(Y |X, θ ) = 1

A exp

(
−1

2
tr

(
K −1Y Y �))

, (3)

where the normalization factor A =
√

(2π)Nd |K |d , and K ∈
R

N×N is the kernel matrix defined on X , i.e., Kij = k(xi , x j ).
Considering that RBF kernel is simple and effective for high
dimensional data [6], we use it with white noise as the
covariance function,

k(x, x ′) = σ 2
rbf exp(−

∥
∥x − x ′∥∥2

2l2
rbf

) + σ 2
wδx,x ′, (4)

where θ = {σ 2
rbf, σ

2
w, lrbf} denotes the parameters of the

covariance matrix, which govern the variance of the RBF
kernel, the variance of additive noise, and the RBF bandwidth,
respectively.

In practice, a maximum a posteriori (MAP) probability
estimation is used to learn the latent space X . The posterior
distribution can be written as

p (X, θ |Y ) ∝ p (Y |X, θ ) p (X). (5)

Different forms of prior knowledge, i.e., p (X), can be intro-
duced into the GPLVM to enhance the flexibility [6], [14],
[39]. For example, spherical Gaussian prior [6] is used over
the latent variables to enforce the smoothness of X and prevent
the GPLVM from placing latent positions infinitely far apart.

GPLVM can be generalized to multimodal data, which are
assumed to share a common latent space [8], [9], as shown
in Fig.2(b). These models have achieved success in numerous
applications, such as human pose estimation [7], tracking [40],
facial expression recognition [3], etc. We apply GPLVM to
multimodal data analysis for cross-modal correlation learning
and classification.

IV. THE PROPOSED APPROACH

The goal of our work is to discover a general latent
representation shared by observations from multiple modal-
ities. To achieve this, GPLVM is constructed on the
modalities for its flexibility in probabilistic modeling on the
conditional dependency between observation and latent space.
In Section IV-A, we introduce multimodal similarity Gaussian
process latent variable model, using similarity information in
each data modality to preserve the intra-modal consistency.
We further impose intra-modal distance constraint and cross-
modal similarity/dissimilarity constraint on the latent space,
respectively, which further enhances the model generality of
our multimodal similarity GPLVM approach as presented in
corresponding Section IV-B and IV-C.
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Specifically, we consider a set of bi-modal data objects O =
{oi }N

i=1, each comprising of observations from two modalities,
i.e., oi = {yi , zi }. Let Y ∈ R

N×dy and Z ∈ R
N×dz represent

two data modalities, respectively. The objective is to relate
these two modalities to the same latent space. In this work,
Gaussian kernel is used to measure the intra-modal similarities
for simplicity. Specifically, the similarity matrices Sy ∈ R

N×N

and Sz ∈ R
N×N are defined as follows,

Sy (
yi , y j

) = exp
(
−d2 (

yi , y j
)
/2γy

)
,

Sz (
zi , z j

) = exp
(
−d2 (

zi , z j
)
/2γz

)
, (6)

where d
(
yi , y j

) = ∥
∥yi − y j

∥
∥

2 and d
(
zi , z j

) = ∥
∥zi − z j

∥
∥

2.
γy, γz > 0 are bandwidth parameters.

A. Multimodal Similarity GPLVM (m-SimGP)

As shown in Fig.2(c), we assume that the intra-modal
similarity matrices Sy and Sz are generated from a shared
q-dimensional latent manifold, where q � min

(
dy, dz

)
. Each

similarity matrix can be represented by the mappings with
respect to a common latent space X ∈ R

N×q :

Sy
i j = f y

i j (X) + ε
y
i j , Sz

i j = f z
i j (X) + εz

i j , (7)

where f y
i j = f y

j (xi ) and f z
i j = f z

j (xi ) map the latent variable
to the corresponding similarity. Each xi generates the i -th row
of Sy and Sz with f j , j = 1, . . . , N . The noise terms εy and
εz are typically taken to be Gaussian with zero mean.

Similar as GPLVM, to find the latent representation X
and the mappings { f y

j }N
j=1 and { f z

j }N
j=1, we place Gaussian

process priors over the mappings:

f y ∼ G P
(
μy (X), K y(X, X)

)
,

f z ∼ G P
(
μz (X), K z(X, X)

)
. (8)

As in section III, the mean functions are taken to be zero,
and the covariance functions are generated by RBF kernel.
The definition allows the mappings to be marginalized out
analytically, and the marginal likelihood with respect to the
latent variable can be computed as,

p
(
Sy, Sz

∣
∣X, θ y, θ z ) = p

(
Sy

∣
∣X, θ y )

p
(
Sz

∣
∣X, θ z )

, (9)

p(Sy
∣
∣X, θ y ) = 1

Ay
exp

(
−1

2
tr

(
K −1

y Sy(Sy)�
))

, (10)

p(Sz
∣
∣X, θ z ) = 1

Az
exp

(
−1

2
tr

(
K −1

z Sz(Sz)�
))

. (11)

If Gaussian prior is used over the latent variable, the objective
function can be written as:

arg minLy

X
+Lz +

N∑

i=1

1

2
‖xi‖2, (12)

where Ly and Lz are the negative log-likelihood associated
with Eq. (10) and (11), respectively. The model optimization
can be solved by scaled conjugate gradient (SCG) tech-
nique [41].

In the proposed m-SimGP model, a simple spherical
Gaussian prior is placed over the latent variable. For better

preserving the intra-modal structure or cross-modal correlation
among data observations, we can further impose more explicit
constraints on the embeddings. In the following sections, we
propose two kinds of better-behaved models through imposing
restrictions on latent points.

B. Multimodal Distance-Preserved Similarity GPLVM
(m-DSimGP)

In the embedding process of unimodal GPLVM, we aim to
maximally preserve the intra-modal global similarity structure
of the data. To be specific, the empirically similar objects
are encouraged to be near to each other in the latent space,
whereas those dissimilar objects are encouraged to be far apart.
In this paper, we borrow the general idea of multidimensional
scaling [14], [42] and measure similarities among pairs of
objects as distances among points in the low-dimensional
latent space. We bring a distance-preserved constraint for each
modality by imposing restrictions on distance or similarity
between data points, as shown in Fig.3(a).

Let Sx ∈ R
N×N be a similarity matrix, where Sx

i j between
latent variables xi and x j is computed according to

Sx (xi , x j ) = exp(−
∥
∥xi − x j

∥
∥2

2γx
), (13)

where the bandwidth parameter γx is set to 1 for simplicity.
We restrict the latent similarity matrix Sx to be in the prox-
imity of the input similarity matrices Sy and Sz :

∥
∥Sy − Sx

∥
∥2

F ≤ ρy,
∥
∥Sz − Sx

∥
∥2

F ≤ ρz , (14)

where the distance parameters ρy, ρz > 0, and ‖·‖F denotes
the Frobenius norm. The norms exploit the global structure by
preserving the pairwise sample similarity.

As functions of latent positions X , the norms in Eq. (14)
can be easily unified to our similarity-based model due to its
simple formulation. We replace the similarity constraints by
penalty terms for the latent variable X , and combine them
with the negative log-likelihood of the modalities Y and Z in
Eq. (12). The new objective is formulated as:

arg minLy

X
+Lz + μy

∥
∥Sy − Sx

∥
∥2

F + μz
∥
∥Sz − Sx

∥
∥2

F , (15)

where μy and μz are the tradeoff parameters. The constrained
model makes full use of the intrinsic similarity information.
The regularization terms enforce that the searching for the
latent variable should be in the vicinity of the input similarity
matrices Sy and Sz . Latent positions are encouraged to make
the divergence small between the similarities in the data and
the latent space. We can solve the problem by gradient based
optimization technique.

C. Multimodal Regularized Similarity GPLVM (m-RSimGP)

Nothing in GPLVM encourages the semantically dissimilar
observations to be far in the latent space, nor semantically
similar observations to be close in the latent space [39]. The
learned latent space may not appropriately reflect the true
cross-modal correlation in the observation space in the context
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Fig. 3. Extensions of m-SimGP. (a) Multimodal Distance-Preserved Similarity GPLVM (m-DSimGP): The added constraints are from intra-modal similarity
structure (S y, Sz). (b) Multimodal Regularized Similarity GPLVM (m-RSimGP): The added constraints are from inter-modal semantic relationship (Syz).
(c) m-DRSimGP: The model consists of the proposed intra-modal and inter-modal constraints.

of multimodal correlation learning. To address this problem,
we propose a regularized similarity GPLVM in this section.

Inspired by [43], where the topology preserving constraints
regularize the latent space for multimodal distance metric
learning, we aim to minimize the distance between similar data
pairs and maximize the distance between dissimilar data pairs.
We develop a multimodal regularized similarity Gaussian
process latent variable model (m-RSimGP), where the prior
characterized by a cross-modal similarity matrix is placed over
the latent space, as shown in Fig.3(b).

Given a set of data objects O = {oi }N
i=1 with two feature

modalities yi and zi , the cross-modal similarity matrix Syz ∈
{0, 1}N×N is defined as follows:

(
Syz)

i j =
{

1, if
(
oi , o j

) ∈ S

0, if
(
oi , o j

) ∈ D,
(16)

where i, j = 1, 2, . . . , N . S = {(oi , o j
)} denotes the set

of pairs with similar semantics, and D = {(oi , o j
)} denotes

the set of pairs with dissimilar semantics. To make sure that
semantically similar observations are close to each other and
semantically dissimilar observations are far from each other
in the embedded latent space, we impose the similarity and
dissimilarity priors on the latent representation. The corre-
sponding learning problem with respect to the latent variable
X is formulated as follows:

min
X

∑

(oi ,o j)∈S

∥∥xi − x j
∥∥2

s.t.
∥
∥xi − x j

∥
∥2 � 1, ∀ (

oi , o j
) ∈ D, (17)

where xi is the representation of the data point oi = {yi , zi }
in the latent space. Euclidean distance is used as the distance
measure for the embedded latent representation. The dissimilar
points are separated by a margin of 1 in the latent space.

The optimization problem in Eq. (17) can be interpreted
as a prior over the latent variable and combined with the
likelihood maximization problem, where the smooth Gaussian
prior constraint in Eq. (12) is substituted with the cross-
modal similarity and dissimilarity constraints. As a result, our
proposed m-RSimGP model is formulated as:

min
X

Ly + Lz +
∑

(oi ,o j)∈S

∥
∥xi − x j

∥
∥2

s.t.
∥
∥xi − x j

∥
∥2 � 1, ∀ (

oi , o j
) ∈ D . (18)

The dissimilar constraints in Eq. (18) can be further relaxed
with a convex hinge loss. Thus we obtain an unconstrained

problem that is much easier to optimize:

min
X

Ly + Lz + λ1

∑

(oi ,o j)∈S

∥
∥xi − x j

∥
∥2

+ λ2

∑

(oi ,o j)∈D
max

(
0, 1 − ∥

∥xi − x j
∥
∥2

)
, (19)

where λ1 and λ2 are the tradeoff parameters. They can be
assigned with the same value, indicating equal importance of
similar pairs and dissimilar pairs.

D. Multimodal Distance-Preserved Regularized GPLVM
(m-DRSimGP)

As shown in Fig.3(c), we further combine the proposed
two kinds of constraints to measure the interaction between
them in the unified model. The distance constraints in Eq. (14)
are introduced into the m-RSimGP model and combined with
the cross-modal semantic regularization terms in Eq. (19).
The new model is denoted as m-DRSimGP, and the resulting
objective is formulated as:

arg min
X

Ly + Lz + μy
∥∥Sy − Sx

∥∥2
F + μz

∥∥Sz − Sx
∥∥2

F

+ λ1

∑

(oi ,o j)∈S

∥
∥xi − x j

∥
∥2

+ λ2

∑

(oi ,o j)∈D
max

(
0, 1 − ∥

∥xi − x j
∥
∥2

)
, (20)

where μy , μz , λ1 and λ2 are the tradeoff parameters. The
experiments show that these two different kinds of constraints
can affect each other. For cross-modal correlation learning, the
inter-modal similarity and dissimilarity constraints play a more
important role than the intra-modal similarity constraints.

E. Generalization

When the observed data are coming from more than two
modalities, the model can be readily extended. Take a new
data modality W ∈ R

N×dw for example, our objective is
to relate the three modalities (Y, Z , W ) to the same latent
space X . Then the new marginal likelihood with respect
to the latent variable is p (Sy, Sz , Sw |X, θ y, θ z, θw ) =
p (Sy |X, θ y ) p (Sz |X, θ z ) p (Sw |X, θw ).

Similar to Eq. (10) and (11), the new modality-specific
negative log-likelihood Lw can be computed and added to
the objective function. For the m-DSimGP model, we can
obtain the modality-specific similarity constraint as in Eq.(14),
i.e., ‖Sw − Sx‖2

F ≤ ρw . The m-RSimGP model can also be



4174 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 26, NO. 9, SEPTEMBER 2017

easily extended and scaled to multiple modalities. For data
with three different modalities, e.g., oi = (yi , zi , wi ), the
observations of different modalities share the common latent
variables xi . Therefore, the pairwise semantic relation is still
applied between oi and o j , and the new cross-modal similarity
matrix Syzw can be obtained according to Eq. (16).

F. Optimization and Inference

It is obvious that the problems to be solved are highly non-
linear functions of the latent variables, and there are no closed-
form solutions. Therefore, we employ the SCG technique to
optimize the objective functions. The optimization procedure
for the m-RSimGP model is given in [44], and the solution
for the m-DSimGP model can be obtained according to the
similar procedure.

After the optimization procedure, we obtain the Gaussian
processes for generating multimodal observations with the
shared space X . When inferring the new set of observed
test points, the inference procedure is straightforward in our
solution framework. We take image observation as an example.
The procedure for the text is similar. Given the image obser-
vation yt , we can learn the corresponding latent representation
xt by maximizing the posteriori probability p(xt |sy

t,·), where
sy

t,· is the similarity matrix between yt and the training images
Y according to Eq. (6).

V. EXPERIMENTS

A. Datasets and Experimental Settings

Five popular multimodal datasets are used in experiments:
PASCAL Sentence [45] contains a total of 1000 images

collected from 20 categories of PASCAL 2008. For each
of the categories, 50 images are randomly selected. Each
image is annotated with 5 sentences by Amazon Turkers. We
use the same feature representation as in [46]. After SIFT
features are extracted, each image is represented as a 1024-dim
feature vector with the bag of visual words (BoVW) model.
The text representation is based on 100-topic latent Dirichlet
allocation (LDA) model. A random 70/30 split of the dataset
is used for training/testing.

Wiki [2] is collected from Wikipedia consisting of 2,866
image-text documents. Each image is represented by a 128-
dim bag-of-words based on SIFT descriptor and each text is
represented by a 10-dim LDA feature. Totally 10 categories are
considered and each document is labeled with one of them. A
random 80/20 split of the dataset is used to produce a training
set and a testing set.

TVGraz [47] contains 2,058 image-text pairs from 10 visual
object categories of the Caltech-256 dataset. It is collected
from webpages retrieved by Google image search for each of
the 10 categories. We still use the same data provided by [46],
where each image is represented by a 1024-dim feature vector
based on SIFT BoVW, and the text is represented by a 100-dim
LDA feature. The dataset is randomly divided into a training
set of 1,558 documents and a test set of 500 documents.

NUS-WIDE-5.7K is a subset selected from NUS-WIDE
dataset [48], consisting of 5730 paired objects. Each pair
includes an image represented by a 500-dim bag-of-words

based on SIFT descriptor and 1000-dim tag text. The class
labels of image-text pairs are selected as the classes with the
top-10 largest numbers of images. We randomly choose 85%
of the data for training and the remaining 15% for testing.

Pascal VOC2007 [49] consists of 9963 image-tag pairs
with 20 categories. We follow the same dataset used in [21]
and [20], where the text is represented by a 399-dim word
frequency feature, and each image is represented by a
512-dim GIST feature. In the experiment, the images contain-
ing only one object are selected. Finally, we obtain a training
set with 2808 pairs and a test set with 2841 pairs.

Unless specified, we use the optimal settings of the para-
meters tuned by a parameter validation process for all the
experiments. The bandwidth parameters of similarity matrices
are set to 1, i.e., γy = γz = 1. In all experiments, the
tradeoff parameters μy and μz are assigned with the same
value, indicating equal importance of two data modalities. The
tradeoff parameters λ1 and λ2 are also assigned with the same
value, indicating equal importance of similar and dissimilar
semantic information. For each dataset, PCA [50] is used first
to reduce the dimensions for textual and image features to
10 and 128, respectively. Then CCA [10] is used to obtain
a low-dimensional initial representation of the latent space
shared by two data modalities.

B. Image-Text Retrieval

Image-text retrieval is a typical cross-modal problem, con-
sisting of two tasks: (1) image query vs. text database, (2)
text query vs. image database. The observations of different
modalities can be projected into the unified latent space X ,
and then cross-modal retrieval is performed by measuring
the distance between their latent representations. A retrieved
result is considered correct if it belongs to the same class as
the query. We use 11-point interpolated precision-recall (PR)
curve and mean average precision (MAP) [51] to measure the
retrieval performance.

We compare our methods with the following baselines:

• CCA [10]: CCA learns a shared subspace by maximizing
the correlation between the projections of images and text
documents. Then the latent subspace is used to perform
retrieval with standard distance based querying.

• SCM [2]: SCM first uses the CCA modeling to learn
two maximally correlated subspaces, and then Logistic
regressors are learned in each of these subspaces to
produce the semantic mappings.

• MLBE [12]: As a generative model, MLBE uses binary
hash codes as latent variables to generate intra-modal and
inter-modal similarities. The code length for MLBE is set
to 8 in our experiments.

• GMLPP [11]: GMLPP is the multiview extension of
locality preserving projections (LPP), which is a linear
dimensionality reduction algorithm with locality preserv-
ing quality.

• DCCAE [30]: DCCAE is a DNN-based multimodal
feature learning algorithm which combines CCA [32]
and autoencoder [28] based terms. In the experiment, the
parameters for DCCAE are set according to [30], where
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TABLE I

THE MAP COMPARISON FOR CROSS-MODAL RETRIEVAL TASK ON FIVE DATASETS. THE RESULTS SHOWN IN BOLDFACE ARE THE BEST

feature mappings and reconstruction mappings are both
implemented by networks of 3 hidden layers.

• LGCFL [21]: As a supervised cross-modal matching
approach, LGCFL utilizes class labels to learn consistent
feature representations from heterogeneous modalities,
and introduces a local group based priori for better
utilizing block based image features.

• RL-PLS [20]: RL-PLS takes the class label as the assis-
tant modality, and builds two kernel PLS [52] models to
project both images and text into the label space, which
can reserve the label information and local structure at
the same time.

• GCDL [4]: GCDL learns coupled dictionaries for the two
modalities such that the transformed sparse coefficients
of the same class are maximally correlated and they are
also discriminative enough to be used for cross-modal
matching.

• SGPLVM [7]: SGPLVM uses back-constraints to learn a
shared latent representation that captures the correlations
among different modalities.

Table I summarizes the performance results of the cross-
modal retrieval in terms of MAP over PASCAL Sentence,
Wiki, TVGraz, NUS-WIDE-5.7K, and Pascal VOC2007,
respectively. First, we can see that our similarity based
GPLVMs are much better than other methods in overall
performance. Compared to SGPLVM and GMLPP, m-SimGP
gains significant performance improvement, which indicates
that similarity information is important in capturing the cor-
relation structure of multimodal data. It is clear that our
non-parametric models outperform the parametric MLBE
model. To be specific, the best performance achieved by m-
RSimGP outperforms MLBE by 15% higher MAP on the
Wiki dataset. Compared to our models, MLBE models the
dependence between similarity observations and the latent
variables by univariate Gaussian mapping functions, which
shows the effectiveness of Gaussian process in discovering the
nonlinear relationship among multimodal data. Our methods
also give better performance than the deterministic CCA-based
models (CCA, SCM, DCCAE). For example, the performance

achieved by m-SimGP outperforms SCM by 42% higher MAP
on the PASCAL dataset. DCCAE performs badly for all
the tasks except the image-to-text retrieval on NUS-WIDE,
because that DNN-based models are appropriate for relatively
large datasets. On most of the datasets, our unsupervised m-
SimGP and m-DSimGP outperform the supervised algorithms
(LGCFL, RL-PLS, GCDL) that utilize class label information
to reduce the semantic gap across modalities. For TVGraz,
our proposed supervised approaches (i.e., m-RSimGP and
m-DRSimGP) achieve a comparable performance. The main
reason for the outstanding performance of RL-PLS is that
the authors introduce a complex label space using real values
instead of the simple binary class labels. Moreover, we see
that TVGraz is a less challenging dataset than the other four
datasets because all the algorithms achieve relative high MAP
scores on TVGraz.

Second, the m-DSimGP method outperforms m-SimGP on
all the datasets for all the retrieval tasks. It shows that the
distance constraints in (14) are helpful for latent variable
modeling. Besides, m-DRSimGP gains performance improve-
ment compared to m-RSimGP on almost all the tasks, which
further shows the proposed similarity constraints can facilitate
the cross-modal correlation learning. Third, we can see m-
RSimGP achieves the best performance compared to our m-
SimGP and m-DSimGP models. It shows that the cross-modal
similarity and dissimilarity constraints in Eq. (17) over the
latent variables contribute significantly to the cross-modal
correlation learning.

Fig. 4 shows the PR curves on all the datasets demonstrating
the promising performance of our methods. Fig.4(a-1) (a-2)
and Fig. 4(e-1) (e-2) show that our methods, especially m-
RSimGP and m-DRSimGP, perform consistently better than
any other methods on PASCAL and VOC2007, respectively.
For TVGraz dataset, it can be observed from Fig. 4(c-1) and
(c-2) that m-RSimGP and m-DRSimGP outperform all the
other methods except RL-PLS.

On Wiki dataset, Fig.4(b-1) and (b-2) show that our
methods achieve significant improvement over other meth-
ods except MLBE for both retrieval tasks. However, MLBE
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Fig. 4. Precision-Recall curves of cross-modal retrieval using both image and text queries, and average per-class MAP scores across image and text queries.
(a-1) PASCAL: PR curves for image query (a-2) PASCAL: PR curves for text query (a-3) PASCAL: average per-class map (b-1) Wiki: PR curves for image
query (b-2) Wiki: PR curves for text query (b-3) Wiki: average per-class map (c-1) TVGraz: PR curves for image query (c-2) TVGraz: PR curves for text
query (c-3) TVGraz: average per-class map (d-1) NUS-WIDE: PR curves for image query (d-2) NUS-WIDE: PR curves for text query (d-3) NUS-WIDE:
average per-class map (e-1) VOC2007: PR curves for image query (e-2) VOC2007: PR curves for text query (e-3) VOC2007: average per-class map.

achieves better precision at low recall rates compared to our
methods. As we can see from the PR curves of PASCAL,
TVGraz, NUS-WIDE and VOC2007, it is in fact much more

difficult for MLBE to obtain good precision rate when detect-
ing more relevant documents. We attribute this to its intrinsic
property. As a parametric model, MLBE is pre-specified with
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Fig. 5. Image-to-text retrieval on Wiki. (a) The image query. Here we present images that corresponding to the top retrieved texts. Red border indicates a
false positive. (b) SGPLVM (c) m-SimGP (d) m-DSimGP (e) m-RSimGP (f) m-DRSimGP.

Fig. 6. Text-to-image retrieval on Wiki. (a) The text query and ground-truth image. Here we present six retrieved relevant images. Red border indicates a
false positive. (b) SGPLVM (c) m-SimGP (d) m-DSimGP (e) m-RSimGP (f) m-DRSimGP.

the nearly optimal latent feature dimension for retrieving
documents that are related specifically to the query. However,
the parametric MLBE lacks the ability to widen the scope of
matches, and thus tends to achieve low precision at high recall
levels.

On NUS-WIDE-5.7K dataset, the PR curves shown in
Fig.4(d-2) indicate that our methods perform much better than
any other baseline methods for the text-to-image retrieval. For
the image-to-text retrieval task, as shown in Fig.4(d-1), the PR
curves of m-RSimGP and m-DRSimGP clearly outperform
other methods except DCCAE and RL-PLS, further verifying
the results shown in Table I. It can be observed that our
methods achieve higher precision than DCCAE and RL-PLS
at low recall, which is more applicable in practice. Fig.4(d-1)
and (d-2) also show that m-RSimGP achieves the best
performance compared with the proposed m-SimGP and
m-DSimGP. However, it requires a more careful study of
the corresponding PR curves to compare the effectiveness
of m-RSimGP and m-DRSimGP models. This observation is
consistent with the MAP results shown in Table I, where the
corresponding MAP scores for m-RSimGP and m-DRSimGP
are close to each other, especially in image-to-text retrieval.
Fig. 4 also shows the per-class MAP scores of our methods
compared to SGPLVM. For all the datasets, our four methods
have higher MAP scores than the GPLVM-based baseline
SGPLVM on almost all the classes, and m-DRSimGP has the
best overall performance.

Our methods consistently achieve promising performance
on both retrieval tasks, which verifies the effectiveness of our
methods in reducing the semantic gap between modalities. As
shown in Table I, other latent variable models either achieve
better MAP performance of image query (e.g., SGPLVM) or
better MAP of text query (e.g., MLBE). For our methods, the
MAP scores of both retrieval tasks are pretty close to each
other. Therefore, our models can better achieve the semantic
consistency among cross-modal data and the learned latent

representation can better reflect the cross-modal correlation in
the observation space.

Finally, we show some examples of cross-modal retrieval
on Wiki. Fig. 5 shows an example of image-to-text retrieval.
We use the corresponding images of the retrieved texts to
demonstrate the results. We see that the retrieved results by
our methods are all about “biology", but the fifth retrieved text
of SGPLVM comes from the “geography" category. For the
example of text-to-image, the query text is presented with its
corresponding image. Fig. 6 shows some of the top retrieved
images by SGPLVM are from other categories. However, all of
the retrieved images by our methods are from the “warfare"
category same as the query text, and our m-DRSimGP can
retrieve the ground-truth image of the query text.

C. Classification

Our work aims to discover a general latent representation
shared by multimodal observations. Therefore, the resulting
posterior of our framework is the latent space instead of the
class information. In other words, the classification problem
is not directly modeled in our methods. To obtain the class
prediction, we apply a classifier to the learned latent space. In
our experiments, classification is accomplished by using the
k-nearest neighbor (k-NN) classifier to find the closest latent
representation to the test data.

The proposed models are compared to 1-NN, CCA,
SGPLVM, Discriminative GPLVM (D-GPLVM) [39] and Dis-
criminative Shared GPLVM (DS-GPLVM) [3]. As a single-
view method, D-GPLVM restricts the latent space with a prior
based on Linear Discriminant Analysis (LDA). In our exper-
iments, we extend it to learn from multimodal observations.
DS-GPLVM generalizes the Gaussian Markov Random Field
(GMRF) prior for single view to multiview learning. In [3],
DS-GPLVM is performed in two scenarios for inference. In
the first, each modality is independently back-projected to the
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TABLE II

AVERAGE CLASSIFICATION ACCURACY ON FIVE DATASETS. THE RESULTS SHOWN IN BOLDFACE ARE THE BEST

Fig. 7. Visualization of the latent representations discovered by (a-1) SGPLVM (a-2) m-SimGP (a-3) m-DSimGP (a-4) m-RSimGP (a-5) m-DRSimGP on
the Wiki dataset, and (b-1) SGPLVM (b-2) m-SimGP (b-3) m-DSimGP (b-4) m-RSimGP (b-5) m-DRSimGP on the TVGraz dataset. The data points with the
same colors and shapes indicate that they come from the same category (Better viewed in color).

latent space, where the back-constraints are defined on each
modality separately. In the second, a single back-projection
to the latent space is performed for all the modalities, where
the back-constraint is defined on the set of all the modalities.
We denote the former approach as DS-IBP and the latter one
as DS-SBP. We build 1-NN classifier baseline in the image
feature space. In the testing stage, 1-NN classifier is applied
to the learned latent space to obtain the prediction results.

Table II presents the average classification accuracy on
all the five datasets. The results show that our models can
effectively learn a discriminative latent space from multimodal
observations. We can see that our methods are either com-
parable or better than other methods. Though DS-IBP and
D-GPLVM are designed for the classification problem, their
poor performance reflects that these two methods lack the
ability to effectively capture the semantically consistent rep-
resentation of multimodal data. Since the major difference
between DS-IBP and DS-SBP is the pattern of back-projection,
we attribute the superior performance of DS-SBP to the fact
that DS-SBP back-projects complementary information from
all the data modalities during the inference process. Different
from DS-SBP, the inference procedure of our methods is much
simpler, where only the image information is used to estimate
a posteriori to infer the testing latent representations.

Furthermore, we can see that m-RSimGP achieves the
best classification accuracy among our proposed methods on

all the datasets. The proposed m-DSimGP and m-DRSimGP
performs relatively worse than the other two models, which
indicates that the distance constraints in Eq.(14) do not take
an active part in class prediction. Different from the retrieval
task, as we know, classification needs labels and thus is
not a purely distance-based approach. Therefore, m-DSimGP
and m-DRSimGP with heavy emphasis on global structure
tends to weaken the discriminative manifold learning, which
requires the same-class samples to be close and those of
different classes to be far. And yet, the m-RSimGP model can
achieve better classification performance by enforcing that the
semantically similar/dissimilar cross-modal observations are
also similar/dissimilar in the latent space.

D. The Latent Representation Visualization

In this section, we visualize the discovered latent represen-
tation. The experiments are performed on Wiki and TVGraz,
each with 10 categories. On both datasets, the 10-dim latent
representations are embedded into a 2-dim space using the
t-SNE [53] algorithm for visualization. The results show that
the proposed models perform much better on producing a low-
dimensional embedding compared to the original SGPLVM.
As shown in Fig. 7, the latent representations discovered by
SGPLVM provide little insight into the category structure
of the data objects. In contrast, the latent representations
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Fig. 8. Sensitivity test on the tradeoff parameters in m-RSimGP w.r.t. the performance of image-text retrieval. Here we denote the parameter variables λ1
and λ2 as λ for simplicity. (a) PASCAL (b) Wiki (c) TVGraz (d) NUS-WIDE (e) VOC2007.

Fig. 9. Sensitivity test on the tradeoff parameters in m-DSimGP w.r.t. the
performance of image-text retrieval. (a) Image to text (b) Text to image. The
dashdot line shows the best results obtained by m-SimGP.

discovered by our models exhibit a more clear grouping pattern
for the data from the same category. Therefore, our similarity-
based GPLVMs are capable of discovering the discriminative
information among multimodal data.

E. Parameter Sensitivity Analysis

1) μ: In our work, the tradeoff parameters μy and μz

in (15) are assigned with the same value, i.e. μy = μz = μ,
indicating equal importance of the observation modalities.
We conduct sensitivity analysis on them to test how they
impact the performance of the proposed m-DSimGP model.
Fig.9 shows the curves of average MAP scores for image-text
retrieval with different tradeoff parameters.

It can be seen that m-DSimGP can achieve superior per-
formance over m-SimGP under some range of the parameter
value. For example, m-DSimGP performs better on PASCAL
when the value of the parameter μ is limited to [100, 102], and
for Wiki the best interval of the parameter value is [10−1, 101].
For TVGraz and VOC2007, the performance decreases as the
value of μ increases to 102 for both retrieval tasks. However,
m-DSimGP is robust to the change of the parameter on the
NUS-WIDE-5.7K dataset, and it performs consistently better
than m-SimGP. The figure shows that the constraints on the
local structure in (15) are helpful for latent variable modeling,
but overly strong constraints may cause overfitting problem
especially for the small-scale datasets. For consistency, we fix
μy = μz = 1 for m-DSimGP in all the experiments.

2) λ1 and λ2 : We conduct sensitivity analysis on the
tradeoff parameters λ1 and λ2 in (19) to test how they impact
the cross-modal correlation learning. Fig.8 shows the curves
of average MAP scores of image-text retrieval with different
tradeoff parameters. We consider three different settings: (1)
λ1 is fixed to 0, (2) λ2 is fixed to 0, (3) λ1 and λ2 are set

Fig. 10. Sensitivity test on the tradeoff parameters in m-DRSimGP w.r.t. the
performance of image-text retrieval: An example on the PASCAL dataset.

to the same value. For simplicity, the parameter variables are
denoted as λ, as shown in Fig.8.

We can observe that both similar and dissimilar semantic
information have great impact on the performance of the m-
RSimGP model. The curves of λ1 and λ2 are pretty similar to
each other, which indicates their equal importance in cross-
modal correlation learning. In all the settings, the average
MAP is low for small λ, and it is improved by increasing λ.
The performance is much better, when λ is increased to 100 or
101. Fig.8 clearly shows that the average MAP performance
is on a downward trend, e.g., the average MAP score on
PASCAL decreases significantly when λ reaches 101. These
phenomenons are possibly due to the fact that an overly large
λ will improve the risk of overfitting and cause the model to
become trapped in a local minima. Taken together, λ1 and λ2
are set to 1 for m-RSimGP in all the experiments.

3) λ and μ : We also conduct sensitivity analysis on
the tradeoff parameters in (20) to evaluate the two kinds
of constraints in the m-DRSimGP model. The m-DRSimGP
performance is tested on the PASCAL dataset in the case of
cross-modal retrieval. We assume the observation modalities
are equally important, and both similar and dissimilar semantic
information are present in Eq. (20), i.e., μy = μz = μ, and
λ1 = λ2 = λ. We have used 9 different values of μ and λ,
resulting in a total of 81 pairs of (μ, λ), as shown in Fig.10.

Seen from Fig.10, m-DRSimGP can achieve consistently
good performance as long as the value of μ or λ is not too
large. The best performance is achieved when μ and λ are
increased to around 100. Therefore, the proposed two kinds
of constraints, i.e., intra-modal distance constraints and inter-
modal semantic constraints, are helpful for the m-DRSimGP
model in cross-modal correlation learning. Overall, the per-
formance is slightly better when λ is set to a larger value
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than μ. Again, it indicates that the inter-modal similarity
and dissimilarity constraints play a more important role than
the intra-modal distance constraints. For all the experiments,
we fix the tradeoff parameters of m-DRSimGP and also set
μ = λ = 1 on the other four datasets.

VI. CONCLUSION

Most existing models [10], [12], [19] assume that both
inter-modal relation and intra-modal relation are independent.
In this paper, we assume that the intra-modal relation is
conditionally independent to each other given the latent repre-
sentation. The intra-modal similarities are sampled from multi-
modal Gaussian processes determined by the modality-specific
covariance functions on the latent representation. Accordingly,
we extend the similarity GPLVM [44] by exploiting the rela-
tionship between latent output space and mutimodal similarity
input space. For better preserving the nonlinear similarity
structure, we construct m-DSimGP by putting restrictions
on intra-modal similarity structure. For encoding semantic
similarity in multimodal data, we come up with m-RSimGP
by forcing similar/dissimilar points to be similar/dissimilar in
the latent space. Then these two extensions are combined to
formulate m-DRSimGP by constraining both intra-modal and
inter-modal similarity correlation. The proposed models can be
applied to various tasks to discover the nonlinear correlations
and obtain the comparable low-dimensional representation for
heterogeneous modalities. In future work, we will investigate
on constructing hierarchical/deep structure for latent variable
model [34], [35], [54] to better capture the intrinsic semantic
consistency of heterogeneous modalities. We will also address
the problems of correspondence missing and information
imbalance in real-world data based on our similarity-based
GPLVM.
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