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Transfer learning, which focuses on finding a favorable representation for instances of different domains
based on auxiliary data, can mitigate the divergence between domains through knowledge transfer. Recently,
increasing efforts on transfer learning have employed deep neural networks (DNN) to learn more robust
and higher level feature representations to better tackle cross-media disparities. However, only a few articles
consider the correction and semantic matching between multi-layer heterogeneous domain networks. In this
article, we propose a deep semantic mapping model for heterogeneous multimedia transfer learning (DHTL)
using co-occurrence data. More specifically, we integrate the DNN with canonical correlation analysis (CCA)
to derive a deep correlation subspace as the joint semantic representation for associating data across different
domains. In the proposed DHTL, a multi-layer correlation matching network across domains is constructed,
in which the CCA is combined to bridge each pair of domain-specific hidden layers. To train the network,
a joint objective function is defined and the optimization processes are presented. When the deep semantic
representation is achieved, the shared features of the source domain are transferred for task learning in
the target domain. Extensive experiments for three multimedia recognition applications demonstrate that
the proposed DHTL can effectively find deep semantic representations for heterogeneous domains, and it is
superior to the several existing state-of-the-art methods for deep transfer learning.
CCS Concepts: • Computing methodologies → Neural networks; Feature selection; • Information
systems → Multimedia databases;
Additional Key Words and Phrases: Deep semantic mapping, heterogeneous multimedia, transfer learning,
deep neural networks, canonical correlation analysis

This work was supported in part by the National Natural Science Foundation of China under Grants No. 61672123, in part
by Key Science and Technology Planning Project of Guangdong Province, China, under Grant No. 2015B010110006 and in
part by the Fundamental Research Funds for the Central Universities under Grant No. DUT18RC(3)025. It is also supported
by the Canada Research Chair (CRC) program.
Authors’ addresses: L. Zhao and Z. Chen, Key Laboratory for Ubiquitous Network and Service Software of Liaoning
Province, School of Software Technology, Dalian University of Technology, Dalian, Liaoning, 116024, China; emails:
{liangzhao, zkchen}@dlut.edu.cn; L. T. Yang, Department of Computer Sciences, St. Francis Xavier University, Antigonish,
NS, B2G 2W5, Canada; email: ltyang@gmail.com; M. Jamal Deen, Department of Electrical and Computer Engineering,
McMaster University, Hamilton, ON, L8S 4K1, Canada; email: jamal@mcmaster.ca; Z. Jane Wang, Department of Electrical
and Computer Engineering, University of British Columbia, Vancouver, BC, V6T 1Z4, Canada; email: zjanew@ece.ubc.ca.
Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee
provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and
the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored.
Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires
prior specific permission and/or a fee. Request permissions from permissions@acm.org.
© 2019 Association for Computing Machinery.
1551-6857/2019/01-ART9 $15.00
https://doi.org/10.1145/3241055
ACM Trans. Multimedia Comput. Commun. Appl., Vol. 15, No. 1s, Article 9. Publication date: January 2019.

9:2

L. Zhao et al.

ACM Reference format:
Liang Zhao, Zhikui Chen, Laurence T. Yang, M. Jamal Deen, and Z. Jane Wang. 2019. Deep Semantic Mapping for Heterogeneous Multimedia Transfer Learning Using Co-Occurrence Data. ACM Trans. Multimedia
Comput. Commun. Appl. 15, 1s, Article 9 (January 2019), 21 pages.
https://doi.org/10.1145/3241055

1 INTRODUCTION
Transfer learning or domain adaptation, which aims at uncovering potential knowledge in auxiliary source domains to help tasks learning in a target domain with little or even no labeled data,
has attracted increasing research attention in machine learning [17, 31]. For example, in an image
(target domain) classification task, there may only be limited labeled images for classifier training.
Fortunately, sufficient textual information such as image annotations and documents related to
the images can be available, and knowledge extracted from the text data (source domain) can be
transferred to support image classification in the target domain [33]. In transfer learning applications, a crucial research issue is how to reduce the differences between the source and target
domains while preserving the original data properties, especially for domains that have heterogeneous types of features, e.g., multimedia domains, which leads to increasing research efforts on
developing heterogeneous transfer learning and domain adaptation methods [5, 18].
Heterogeneous transfer learning is different from homogeneous transfer learning [4, 13, 15]
in that it removes the restriction that the data in different domains be represented in the same
feature space with the same dimensionality. It allows the domains to be represented in different
feature spaces, e.g., text-image and audio-video cross-media transfer learning. Recent research on
heterogeneous transfer learning has shown excellent performance of feature-based methods. They
can learn transformations to project instances from different domains to a common latent space
with the aid of auxiliary data, such as labeled and co-occurrence data, in which the difference of
the projected instances between domains can be reduced [3, 40]. For example, in Refs. [5] and [12],
the projection or transformation metric was used to transform the data from the source and target
domains into a common subspace based on the class labels of training data in both domains. The
labeled data in these methods are used to effectively enhance the performance of task learning
in the target domain, but it is still expensive to obtain the labeled data for model training. In
contrast, the co-occurrence data that can be easily collected from many platforms, such as web
pages or social networks, is much cheaper to acquire [28]. Thus, by exploiting the co-occurrence
data, many methods exploring canonical correlation analysis (CCA) [21, 31], matrix factorization
[27, 39], and latent semantic analysis [29] were proposed to identify the latent semantic space for
heterogeneous transfer learning, and promising results were reported. In this article, we focus on
heterogeneous transfer learning based on co-occurrence datasets.
In heterogeneous transfer learning, an important research problem is how to facilitate the
knowledge transfer when there is a large distribution divergence and feature bias between two domains, especially for cross-media domains. Another problem is how to reduce the effects of noise
in auxiliary data for transfer model training. Existing methods that only adopt linear transformation or non-linear transformation with kernel functions to bridge the gap between the source and
target domains may not be effective enough for knowledge transfer. Recently, due to its power on
denoising and learning high-level feature representations, deep neural networks (DNN) composed
of multiple nonlinear transformations have attracted increasing interests in capturing the robust
and deep semantic structure to better tackle cross-domain disparities [2, 3, 7, 24, 37, 40]. In Refs. [2],
[7], and [37], the stacked auto-encoder is employed to learn the high-level features of data across
different domains. Then, the classifiers are trained on the labeled data with new representations
to predict results of data with new representations in the target domain. Besides, the task-driven,
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parameter-shared, and representation-shared deep transfer methods [3, 24, 40] can also achieve
promising performances through learning the features or parameters in a unified framework.
Previous deep learning based methods for transfer learning focused on learning a high-level abstraction by multiple layers of non-linear transformations, on which the differences between different domains can be reduced. However, most existing methods do not explicitly minimize the bias
between multi-layer domain networks, especially between heterogeneous domain networks when
learning the deep common subspace. Therefore, the accurate semantic matching across heterogeneous domains cannot be guaranteed with the learned feature subspace. Furthermore, most previous deep transfer learning methods employ a parameter-shared or representation-shared scheme
that forces the learned structures or features of different domains to be the same, and thus ignore
the role of domain-specific representations.
To address the above concerns, we propose a deep semantic mapping model for heterogeneous
multimedia transfer learning (DHTL) by exploiting co-occurrence data. The proposed DHTL integrates the CCA [8] with DNN [32] to learn a unified semantic mapping structure, by which both
the domain-specific neural networks and the shared inter-domain representations across domains
can be trained. More specifically, in DHTL, multiple layers of domain-based auto-encoders [36]
coupled by CCA in each layer are constructed based on the co-occurrence data pairs. Then, a joint
optimization function is defined to train the neural networks and refine the correlation matching
between the source and target domains simultaneously. The deep semantic subspace is thus obtained, and the shared features of the source domain are transferred for learning tasks in the target
domain. To summarize, we have made the following contributions in this work:
— The proposed DHTL model performs transfer learning for heterogeneous domains. It can
identify a high-level shared inter-domain feature subspace where the labeled data in the
source domain can be transformed for tasks learning in the target domain.
— The deep correlation mapping mechanism is developed in DHTL. It integrates multiple layers of domain-based auto-encoders with CCA to train the domain-specific and
representation-shared networks simultaneously, and refines the correlation matching
across domains layer by layer to achieve a deep semantic mapping subspace.
— A joint objective function is defined to update the proposed model, and the corresponding
optimization procedures are presented.
— The proposed method is also very promising for cross-domain transfer learning with no
training data in the target domain.
The rest of the article is organized as follows. In Section 2, a review of related work in transfer
learning is given. The details of the proposed deep semantic mapping mechanism for heterogeneous transfer learning is presented in Section 3. The experiments on several real-world datasets
are conducted and the results are discussed in Section 4. The concluding remarks are then given
in Section 5.
2 RELATED WORK
In this section, we briefly review two lines of related works on transfer learning: the shallow and
the deep transfer learning, and point out gaps in the literature that this work aims to address.
2.1 Shallow Transfer Learning
Transfer learning aims to propagate the knowledge learned from source domains with abundant training data to promote the performance of learning tasks in a target domain with little
or no additional labeled information. In recent years, many efforts were devoted to addressing
the transfer learning problem, which can be categorized into two main classes: homogeneous and
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heterogeneous methods. Homogeneous transfer learning [4, 13, 15] assumes that the instances in
source and target domains are represented in the same feature space with the same dimensionality, and the differences between domains are only caused by bias in data features and distributions. For example, Raina et al. [20] proposed a self-taught learning model based on sparse coding,
whose generalization ability across different domains of the same space was improved by learning
high-level features for transfer learning. Another advance in the homogeneous method was
transfer component analysis (TCA) developed by Pan et al. [16]. TCA employed dimensionality reduction to learn a low-dimensional subspace, in which the difference between the source and
target domains with different distributions could be significantly reduced.
Heterogeneous transfer learning focuses on knowledge transfer across domains in difference
feature spaces. In the past decade, there was extensive research on developing methods for heterogeneous transfer learning [5, 18, 31]. Among them, feature-based transfer learning methods were
shown to be superior to others. They aim to learn two different feature mappings to project instances from the source and target domains to a latent common feature space with the aid of labeled
or co-occurrence data [12, 21, 27, 39]. For example, in Refs. [5] and [12], two different projection
matrices were learned based on the labeled training data in both domains to transform the data
from the source and target domains into a common subspace. Here, the similarity between samples
across domains could be measured and existing supervised learning methods could be employed
for supervised heterogeneous transfer learning. Moreover, owing to the fact that the co-occurrence
data can be easily collected from web pages and social networks, many methods were proposed to
learn the shared semantic space for heterogeneous transfer learning by exploiting co-occurrence
data pairs [21, 27–29, 31, 39]. In Refs. [21] and [31], canonical correlation analysis was used to derive correlation subspace from the co-occurrence dataset as a joint representation for solving crossdomain pattern recognition problems. To consider the non-negative constraints on factors for semantic analysis, many researchers exploited non-negative matrix factorization on co-occurrence
text-image pairs for transfer learning [10, 27, 39]. In addition to these feature-based transfer learning methods, some other promising methods performed heterogeneous transfer learning by identifying an asymmetric transformation to map data from one domain to another domain [11, 38].
While the above transfer learning techniques can achieve promising results, they only adopt the
linear transformation or non-linear transformation with kernel functions, called shallow transfer
learning, to bridge the gap between the source and target domains. Therefore, they are not robust and effective enough to facilitate the knowledge transfer when there is a large distribution
divergence and feature bias between two domains.
2.2 Deep Transfer Learning
Deep neural networks composed of multiple nonlinear transformations can learn a more robust
and promising feature representation than traditional shallow models. Recently, the concept
of deep learning has been incorporated into transfer learning, which aims to align different
domains to uncover high-level correlation spaces simultaneously [14]. In Ref. [7], Glorot et al.
employed the stacked denoising auto-encoder (SDA) to learn homogeneous features on the union
of instances across domains for sentiment classification. Then, Chen et al. extended SDA, called
marginalized SDA (mSDA), to reduce the computational cost and enhance the scalability with
high-dimensional features of SDA [2]. By modeling and matching both the marginal and conditional distributions, Zhang et al. [34] developed a deep learning method for homogeneous transfer
learning. In Ref. [3], a task-driven deep transfer learning model, which learned the deep structure
of feature representations and trains the classifier in a unified framework simultaneously, was
designed for image classification. To minimize the difference between domains explicitly and
encode label information in learning the representation, Zhuang et al. [40] proposed a supervised
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representation learning method based on deep auto-encoder for homogeneous transfer learning.
More recently, Hoffman et al. employed adversarial learning to minimize an approximate domain
discrepancy distance through an adversarial objective in image-image transfer learning, which
can ensure the distributions of the training and test domain examples not be distinguished [9, 26].
Deep learning techniques were also employed in heterogeneous transfer learning [25, 30]. In
Ref. [23], Socher et al. first attempted to transfer knowledge from texts to images based on plenty
of co-occurrence text-image data through deep learning. After that, Zhou and Yan [37] proposed
an advanced deep heterogeneous transfer learning method based on an extension of mSDA, where
the domains were bridged by the cross-domain corresponding instances given in advance. In Ref.
[6], the multiple layers of correspondence restricted Boltzmann machine was designed to learn the
common representation of domain-specific networks. More recently, the generalized deep transfer
networks for knowledge propagation in heterogeneous domains was proposed in Refs. [22] and
[24]. Different from previous approaches, it considered both weakly shared representations and
parameters, and thus it can fully use the rich cross-domain information for transfer learning.
Though the reviewed deep transfer learning methods are promising to learn a powerful feature
representation to reduce the difference between domains, most of them do not explicitly minimize
the bias between multi-layer domain networks, especially among heterogeneous domain networks
when learning the deep common space. Hence, the correction and semantic matching across heterogeneous domains cannot be guaranteed with the learned feature space when there is a large
distribution divergence and feature bias between two domains. In this article, we propose a deep semantic mapping model for heterogeneous-domain transfer learning. Through layer-by-layer correlating, mapping, and fine-tuning, our model can jointly learn the domain-specific networks and
the shared inter-domain representation.
3 THE PROPOSED DEEP HETEROGENEOUS TRANSFER LEARNING MODEL
In this section, we present a feature-based deep heterogeneous transfer learning model. This model
is composed of multiple correlation, mapping hidden layers between domains to learn domainspecific networks and shared inter-domain representation simultaneously.
3.1 Problem Formulation
For feature-based deep heterogeneous transfer learning, one crucial problem is to learn the common feature representation subspace in which the labeled source data can be transferred for annotating target instances. Partially motivated by multi-view learning (MVL) [35], we exploit the
co-occurrence data to learn the shared semantic subspace across domains. However, the problem
setting is different in this article. MVL requires fully co-occurrence instances between two views
of data, and assumes the labels of the co-occurrence instances to be available, in general, for task
learning. However, our DHTL requires no label information of the co-occurrence instances and
only exploits the labeled data in the source domain to train classifiers for unlabeled instances
classification in the target domain.
nt
, the labeled dataset
Here, the unlabeled dataset in the target domain is denoted as DT = {X iT }i=1
ns
S
S
S
in the source domain is D = {X i , Yi }i=1 , and a co-occurrence unlabeled dataset of pairs of the
nc
source and target domains is DC = {CiS , CiT }i=1
, where the superscripts T and S denote the target and source domains, X and C denote the features of instances represented by vectors, and Y
and n denote the label vectors and the number of instances in domains, respectively. The goal of
this article is to jointly learn two deep networks θ T = {W T , bT } and θ S = {W S , b S } based on DC
to achieve the high-level semantic mapping subspace Ω for feature representations in the source
and target domains, such that the gap between domains in the new feature space is bridged favorably. With the learned networks θ T , θ S and the feature subspace Ω, one can train a classifier Ψ
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Fig. 1. Major components of the proposed deep heterogeneous transfer learning model.

from the source domain data D S to make a prediction for the target domain data DT by applying
Ψ(Ω(DT )).
3.2

Deep Semantic Mapping Mechanism

The CCA [8] can maximize correlations between domains by deriving the projection subspace
as a joint representation. Therefore, we integrate CCA with deep neural networks to construct a
multi-layer correlation matching model (see Figure 1), which can identify a deep semantic mapping
representation and learn the domain-specific networks for source and target domains.
As presented in Figure 1, the proposed DHTL model consists of the source and target domainspecific deep learning networks coupled by CCA for the deep semantic mapping subspace learning, and the prediction model on the learned feature subspace for transfer learning from the source
to the target domain. To learn the correlating semantic subspace, CCA is employed to guide the
domain network matching layer by layer. For each layer, the source and target domain networks
learn the hidden features of co-occurrence data C S , C T in the forward propagation simultaneously.
Then, CCA is conducted on the achieved hidden features to identify the correlation coefficients
between heterogeneous features, which can be used for refining the network parameters in back
propagation. After the multi-layer networks are constructed, the additional top layer CCA is employed to fine-tune the whole correction matching network, from which the high-level semantic
mapping subspace and domain-specific networks are obtained. When transforming the labeled
source domain data X S and unlabeled target data X T to the common semantic subspace by the
trained domain networks, the source labeled features can be used for the target data prediction.
In this article, we employ the stacked auto-encoders (SAE) as the deep neural networks, thus
given the co-occurrence pairs of two domains C S , C T , the domain-specific auto-encoders training and the cross domain matching with one hidden layer is presented in Figure 2. First, the domain pairs C S , C T are encoded by the source and target auto-encoders to generate the hidden
representations AS (2) = f (W S (1)C S + b S (1) ), AT (2) = f (W T (1)C T + bT (1) ) of these two domains, in
which W S (1) and W T (1) are the weight matrices, b S (1) and bT (1) are the bias vectors, and f is a
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Fig. 2. The domain-specific auto-encoders training and the cross domain matching with one hidden layer.

nonlinear activation function (the sigmoid function is adopted in this article). After that, the hidden features AS (2) and AT (2) are utilized for canonical correlation analysis to learn the correlation
coefficients V S (2) and V T (2) , which can project the source and target domains to a correlating subspace Ω, meanwhile promoting the domain parameters (W S , b S , W T , bT ) refining to reconstruct
more matching domain auto-encoders. Therefore, the objective of the proposed model is to minimize the reconstruction error for source and target domains, and maximize the correlation between
them simultaneously, which can be defined as,
min J = JS (W S , b S ) + JT (W T , bT ) − Γ(V S , V T ).

(1)

The first two terms of the objective J are the reconstruction errors for the source and target domains, respectively, including the cost function and the regularization item, as shown in
Equations (2) and (3),
⎡⎢ 
m 
⎤
2 ⎥
1
1
hW S ,b S (CiS ) − CiS  ⎥⎥
JS (W S , b S ) = ⎢⎢
⎢⎣ m i=1 2
⎥⎦
(2)
S −1 n S n S
n
l
l
+1
λS    S (l ) 2
+
(Wk j ) ,
2
j=1
l =1

k =1

⎡⎢ 
m 
⎤
2 ⎥
1
1
hW T ,b T (CiT ) − CiT  ⎥⎥
JT (W T , bT ) = ⎢⎢
⎢⎣ m i=1 2
⎥⎦
T nT
T
n
n −1 l 
l +1
2
λT  
+
(WkTj (l ) ) ,
2
j=1
l =1

(3)

k =1

where hW S ,b S (CiS ) and hW T ,b T (CiT ) are the output results for each co-occurrence pair, nS and nT
are the number of layers of the source and target networks, nlS and nTl are the corresponding
number of neurons in layer l, and λS and λT are the tradeoff parameters.
The third item in Equation (1) is the correlation matching between domains, which can learn the
projection vectors V S and V T to transform two domain features to maximize their correlations.
Specifically, this item can be formalized as follows,
Γ(V , V ) =
S

T

S −1
n

l =2
T

T

V S (l ) ΣST V T (l )
,


T
T
V S (l ) ΣS S V S (l ) V T (l ) ΣT T V T (l )
T

(4)

T

in which ΣST = AS (l ) AT (l ) , ΣS S = AS (l ) AS (l ) , and ΣT T = AT (l ) AT (l ) .
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By minimizing J in Equation (1), we can collectively train the domain matching networks θ T =
{W T , bT } and θ S = {W S , b S }. When multiple layers of the networks are constructed, an additional
CCA on the top layer is employed to fine-tune the whole network in the back-propagation process,
from which the high-level semantic mapping subspace between domains is obtained.
3.3 Training the Proposed Model
In Equation (1), the variables θ T = {W T , bT }, θ S = {W S , b S }, V S , and V T are coupled together, so
it is generally difficult to optimize them at the same time. To solve this problem, we adopt the
Lagrangian multiplier and stochastic gradient descent methods to update [V S , V T ] and [θ T , θ S ] in
an alternating way. Thus, there are two subproblems in DHTL.
1. Updating [V S , V T ] with [θ T , θ S ] fixed: In Equation (1), there is no direct relation to V S and
T
V in the first and second terms, so the updating of V S and V T only depends on the third term,
namely Equation (4). As proven in Ref. [8], the solution of Equation (4) is not affected by rescaling
V S or V T either together or independently, so that the optimization problem for each layer of V S (l )
and V T (l ) is equivalent to
T

V S (l ) ΣST V T (l )
−
,

T
T
V S (l ) ,V T (l )
S
(l
)
S
(l
)
T
(l
)
T
(l
)
V
ΣS S V
V
ΣT T V
min

T

(5)

T

subject to V S (l ) ΣS S V S (l ) = 1 and V T (l ) ΣT T V T (l ) = 1.
Therefore, the corresponding Lagrangian is
T

L(ω l , V S (l ) , V T (l ) ) = −V S (l ) ΣST V T (l )
+

ωlS
2

T

(V S (l ) ΣS S V S (l ) − 1)

(6)

T
ωT
+ 2l (V T (l ) ΣT T V T (l ) −1).
to V S (l ) and V T (l ) , we get

Taking derivatives with respect
∂L
= ΣST V T (l ) − ωlS ΣS S V S (l ) = 0,
∂V S (l )

∂L
= ΣTST V S (l ) − ωlT ΣT T V T (l ) = 0.
∂V T (l )
Through the reduction, we have
V T (l ) =

ΣT−1T ΣST V S (l )
,
ωl

ΣST ΣT−1T ΣTST V S (l ) = ωl2 ΣS S V S (l ) ,

(7)
(8)

(9)
(10)

=
and ωl in Equation (10) can be solved by the generalized eigenvalue
where ωl =
decomposition and the corresponding V T (l ) can be calculated by Equation (9).
2. Updating θ T (θ S ) with θ S (θ T ) and [V S , V T ] fixed: It can be seen from Equation (1) that θ T
and θ S are independent of each other. When V S , V T , and ω are fixed, the updating of θ T and θ S is
similar. Hence, we only describe the parameter updating processes of the source domain network,
which can be written as the following subproblem involving θ S ,
ωlS

ωlT . So V S (l )

min ϕ (θ S ) = JS (W S , b S ) − Γ(V S , V T ).
θS

(11)

To address this problem, we adopt the gradient descent in the back-propagation algorithm to
adjust the parameters as follows,
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∂ϕ
,
(12)
∂W S (l )
∂ϕ
b S (l ) = b S (l ) − μ S S (l ) ,
(13)
∂b
where μ S is the learning rate. And the gradient of the objective function ϕ with respect to
S
{W S (l ) , b S (l ) }ln=1−1 of the generalized layers can be calculated as
W S (l ) = W S (l ) − μ S

∂ϕ
∂W S (l )

=

∂ JS (W S ,b S )
∂W S (l )

∂Γ(V S ,V T )
∂W S (l )

=



δ S (l +1) − γ S (l +1) + ωl β S (l +1) ∗ AS (l ) nc +λS W S (l ) ,
∂ϕ
∂b S (l )

=

−

∂ JS (W S ,b S )
∂b S (l )

∂Γ(V S ,V T )
∂b S (l )

−



= δ S (l +1) − γ S (l +1) + ωl β S (l +1) nc .

(14)

(15)

Herein, (i) for l = nS , we have
δ S (l ) = −(C S − AS (l ) ) • AS (l ) • (1 − AS (l ) ),
γ

S (l )

=β

S (l )

= 0;

(16)
(17)

(ii) for l = 2, . . . , nS − 1, we have
T

δ S (l ) = W S (l ) δ S (l +1) • AS (l ) • (1 − AS (l ) ),
S (l )T

(18)

γ
=A V V
•A
• (1 − A ),
(19)
T
(20)
β S (l ) = AS (l )V S (l )V S (l ) • AS (l ) • (1 − AS (l ) ).
The operator • stands for dot product. After each layer of the joint domain network is pretrained by Equations (5) and (11). The CCA on the top hidden layer is employed to fine-tune all
the parameters through the whole network in the back-propagation process. Because there are
no labeled instances in the co-occurrence pairs for fine-tuning, we exploit the correlation of two
domain networks and rewrite Equation (1) as
S (l )

T (l ) T (l )

min

θ S ,θ T ,V S ,V T

S (l )

S (l )

J = −Γ(V S , V T ).

(21)

The procedures of updating [V S , V T ] are the same as that in Equation (5). However, for updating
= 0, and

[θ T , θ S ], some differences from Equation (11) should be addressed. Specifically, we set δ S (l )
(i) for l = nS , we have
T

γ S (l ) = AT (l )V T (l )V S (l ) • AS (l ) • (1 − AS (l ) ),
β
=A V
− 1, we have
S (l )

(ii) for l =

2, . . . , nS

S (l )

S (l )

V

S (l )T

•A

S (l )

• (1 − A

S (l )

);

T

γ S (l ) = W S (l ) γ S (l +1) • AS (l ) • (1 − AS (l ) ),
T

S (l +1)

β
=W
β
•A
• (1 − A ).
The details of the proposed model training are summarized in Algorithm 1.
S (l )

S (l )

S (l )

S (l )

(22)
(23)
(24)
(25)

In Algorithm 1, the joint auto-encoders by CCA for each layer are pre-trained to learn the encoding and decoding weights of the proposed model, which is favorable for the multi-layer correlation
mapping construction. After that, the whole model is fine-tuned by the CCA on the top hidden
layer in the back-propagation process. When it is converged, the domain-specific networks and the
correlation coefficients between domains are achieved for deep heterogeneous transfer learning.
It is noteworthy that to guarantee the performance of the proposed DHTL model, the parameters
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ALGORITHM 1: Deep heterogeneous transfer model training.
nc
Input: The co-occurrence domain data pairs DC = {CiS , CiT }i=1
, the tradeoff parameters λS , λT , the learning
S
T
rates μ , μ , and the number of nodes in hidden layers.
Output: The domain-specific networks θ T = {W T , bT }, θ S = {W S , b S }, and the correlation coefficients V S ,
V T between domains.
Initialize θ S and θ T for the source and target domain SAEs randomly;
nc
Pretrain the joint auto-encoders layer by layer for two domains with inputs {CiS , CiT }i=1
according to
Equations (1), (5), and (11);
repeat
Set δ S (l ) = 0, δ T (l ) = 0; //Fine-tune the whole model by the CCA on the top hidden layer;
Updating V S , V T by minimizing Equation (5);
Updating θ T , θ S by minimizing Equation (21);
until Convergence;

are tuned with the training data by adopting the cross-validation, and empirically selected to yield
the best results in a greedy fashion.
3.4 Prediction by Deep Transfer Model
In order to achieve promising prediction (classification) performances for a target domain with no
labeled instances, we focus on how to learn the deep semantic subspace across domains with the
aid of co-occurrence datasets that contain pairs of source and target domain instances. By applying
the proposed multi-layer correlation mapping model on the co-occurrence pairs, the deep semantic
subspace can be identified, where the classifiers for the label prediction of target instances can be
constructed.
Specifically, the labeled data X S in the source domain and the unlabeled data X T in the target
domain are mapped by the proposed joint deep networks to generate high-level hidden features
S
T
S
T
AS (n ) and AT (n ) at first. Then, the features AS (n ) , AT (n ) are transformed by the correlation
S
T
S
S
T
T
coefficients V S (n ) , V T (n ) to H S = V S (n ) AS (n ) and H T = V T (n ) AT (n ) in the common semantic
ns
to train a target
subspace Ω. After that, we apply a standard classification algorithm on {HiS , YiS }i=1
classifier Ψ (in this article, we choose the popular Support Vector Machine, SVM), which can be
used for predicting the target instances X T by Ψ(H T ). Algorithm 2 presents the deep heterogeneous transfer model for target data prediction in detail.
We would like to emphasize that the proposed DHTL model has a major advantage when compared with the existing deep heterogeneous transfer learning methods—no labeled target data is
required to build the classifier for target data prediction. Because the source and target domain
data can be transformed to the common semantic space, the labeled source domain instances are
sufficient to build the classifier for prediction in the target domain.
4 EXPERIMENTS
In this section, we evaluate our proposed DHTL method for handwritten digit recognition, textto-image classification, and multilingual text categorization on four real-world datasets. For the
heterogeneous transfer learning setting, we mainly focus on the knowledge transfer from one
source domain to one target domain by exploiting co-occurrence data.
4.1 Experimental Design
In our experiments, we consider three cross-domain recognition tasks, which exhibit different
properties and difficulties in terms of heterogeneous transfer learning.
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ALGORITHM 2: Deep heterogeneous transfer for target data prediction.
ns
nt
Input: The labeled source domain data D S = {X iS , YiS }i=1
and unlabeled target domain data DT = {X iT }i=1
;
T
T
T
S
S
S
S
The domain-specific networks θ = {W , b }, θ = {W , b }, and the correlation coefficients V ,
V T between domains.
t
for target domain instances.
Output: The label {YjT }nj=1
for i = 1, 2, . . . , ns do
S (n S )

The instance X iS is transformed to Ai
forward learning;

based on θ S = {W S , b S } trained by Equations (1) and (11) in

S (n S )

Ai

S
S
S (n S )
is projected to HiS = V S (n ) Ai
based on V S (n ) learned by Equation (5) in common
semantic space Ω;

end
ns
The classifier Ψ (SVM) is trained on the labeled source semantic features {HiS , YiS }i=1
;
for j = 1, 2, . . . , nt do
T (nT )

The instance X Tj is transformed to A j
forward learning;

based on θ T = {W T , bT } trained by Equations (1) and (11) in

T (nT )

T
T
T (nT )
is projected to H jT = V T (n ) A j
based on V T (n ) learned by Equation (5) in common
semantic space Ω;
The label YjT for X Tj is predicted by Ψ(H jT );

Aj

end

(i) Handwritten Digit Recognition: We employ the Multiple Features Dataset,1 which comes
from the University of California at Irvine (UCI) Machine Learning Repository, for this task. It
consists of 10 classes of handwritten digits from “0” to “9” with 200 images per class, represented
by six different types of features, namely 76-D Fourier coefficients of the character shapes, 216-D
profile correlations, 64-D Karhunen-Love coefficients, 240-D pixel averages in 2*3 windows, 47-D
Zernike moments, and 6-D morphological features. For this image recognition task, our goal is to
assess the ability of our proposed method for adapting information across different feature spaces
with different dimensionalities, while all features are extracted from the image data.
(ii) Text-to-Image Classification: In this task, we consider the typical heterogeneous transfer
learning (text-to-image) problem using the datasets NUS-WIDE2 and Wikipedia [19]. NUS-WIDE
contains 269,648 images annotated with tags from Flickr in 81 categories, with a total number of
5,018 unique tags. The images in the dataset are represented by six types of low-level features
and the corresponding tag vectors. Wikipedia is extracted from the “Wikipedia Feature Articles,”
in which each instance is with a text-image pair. As presented in Ref. [19], it consists of 2,866
instances belonging to the top 10 most populated categories. For the textual representation, the
features are described by the probability of the topic assignment in the dataset, thus each instance
can be represented by a 10-D vector. For the visual representation, the images are converted to 128D bag-of-words features based on SIFT descriptions. For this task, we aim to verify the effectiveness
of our proposed method in solving cross-domain (text-to-image) classification tasks.
(iii) Multilingual Text Categorization: We use the Reuters Multilingual Dataset,3 which is
extracted from the Reuters RCV1 and RCV2 collections for this task. It contains six samples of
1,200 (totally 7,200) documents, balanced over the six classes (i.e., E21, CCAT, M11, GCAT, C15,
1 https://archive.ics.uci.edu/ml/datasets/Multiple+Features.
2 http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm.
3 http://multilingreuters.iit.nrc.ca/ReutersMultiLingualMultiView.htm.
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and ECAT) in five languages (i.e., English, French, German, Italian, and Spanish). All documents
are represented by using the TF-IDF feature and the 2,000 words are selected with the k-medoids
algorithm. In this task, we tackle a more challenging heterogeneous transfer learning problem by
adapting information from one sparse feature space to the other sparse feature space.
4.2 Comparison Methods and Evaluation
The proposed DHTL method combines domain-specific networks with CCA to jointly learn the
high-level common representation between source and target domains, and further builds the target classifier with the new representation of labeled source domain data. Therefore, the following
three methods, CCA [8], KCCA (kernel CCA) [31], and DCCA (deep CCA) [1] are adopted as the
baseline methods. In addition, we also compare our method with some other state-of-the-art deep
transfer learning methods, such as CRBM (correspondence restricted Boltzmann machine) [6],
DDTN (duft-deep transfer networks) [22], and DtDTN (duft-tDTNs) [24].
(i) CCA: It employs CCA to determine a common representation for the source and target domain data by linear transformation, so that the classifier can be applied on the learned features in
the labeled source domain for predicting labels of target instances.
(ii) KCCA: KCCA, applying non-linear transformation with kernel functions, is employed to
learn the shared representation space between source and target domains.
(iii) DCCA: DCCA [1] computes representations of the two domains by passing them through
multiple stacked layers of nonlinear transformation. The CCA is employed on the output features
of domains to train the whole model maximally by their correlations.
(iv) CRBM: CRBM [6], composed of multiple layers of the correspondence restricted Boltzmann
machine, is a typical representation-shared deep transfer network. For each layer of CRBM, the
learned representations of the domain-specific networks are weakly shared.
(v) DDTN: DDTN is a parameter-shared deep transfer network, which captures the complex
representation of data in different domains by utilizing both shared interdomain and domainspecific knowledge.
(vi) DtDTN: DtDTN is the improved method of duft-DTNs. It consists of several parametershared and representation-shared layers (called generalized layers) that hierarchically learn to
transfer the semantic knowledge from the source to the target domain.
In DDTN and DtDTN, an additional softmax layer on the target SAE is added for target instances
annotation. For CCA, KCCA, DCCA, CRBM, and our DHTL, the linear SVM with default parameter
settings is employed. We use the cross-validation to adjust the model parameters and empirically
select the best results for all experiments. Since the DDTN and DtDTN methods need some labeled
target domain instances to train the classifier, 10 extra instances are exploited in the methods as
reported in Refs. [22] and [24]. Regarding the structure of the deep networks, all deep learning
methods, DCCA, CRBM, DDTN, DtDTN, and DHTL, are trained in four layers presented in the
following sections. The last two layers are the shared layers for DDTN and DtDTN. Moreover,
to avoid the effect of the suboptimal solution, each experiment is repeated 15 times by randomly
selecting the instances, and mean values of the measures are reported.
About the evaluation metric, the classification accuracies of the methods over all categories on
the four datasets are measured.
4.3 Experiment 1: Handwritten Digit Recognition
In the first experiment, we conduct our experiments on the Multiple Features Dataset (MFD),
in which different features of images with different dimensionalities can be viewed as heterogeneous domains. Specifically, the 240-D pixel averages are utilized as the source domain to transfer knowledge to classify the target domain data represented in 216-D profile correlations for
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Fig. 3. Multiple features dataset: Accuracies of the 45 binary classification tasks. DDTN and DtDTN need
an additional 10 labeled training instances in the target domain.
Table 1. Multiple Features Dataset: Average Classification Accuracies
of Methods Over All 10 Categories

No.
1
2
3
4
5
6
7
8
9
10

CCA
0.750
0.740
0.780
0.748
0.752
0.728
0.755
0.775
0.764
0.754

KCCA
0.804
0.767
0.812
0.790
0.799
0.762
0.770
0.797
0.793
0.781

CRBM
0.968
0.948
0.963
0.948
0.968
0.942
0.962
0.958
0.948
0.948

DDTN
0.956
0.935
0.948
0.938
0.947
0.927
0.951
0.949
0.940
0.934

DtDTN
0.961
0.943
0.955
0.945
0.956
0.938
0.958
0.962
0.948
0.944

DCCA
0.972
0.956
0.972
0.956
0.969
0.949
0.966
0.968
0.954
0.958

DHTL
0.983
0.964
0.979
0.966
0.980
0.958
0.978
0.978
0.965
0.970

2 = 45) binary classification tasks
cross-domain handwritten digit recognition. We construct 45 (C 10
of 10 categories in MFD. For each task, 80 labeled source domain instances, 80 unlabeled target domain instances, and 240 co-occurrence unlabeled pairs of source and target domain instances are
sampled. About the deep network setting, we train 4-layer domain networks correlated by CCA,
in which the number of neurons are 240 → 170 → 100 → 30 and 216 → 154 → 92 → 30 at each
layer from the bottom up in the source and target SAEs, respectively. The average classification
accuracy results of all 45 binary tasks and 10 categories are given in Figure 3 and Table 1.
It can be seen from Figure 3 and Table 1 that the proposed DHTL method outperforms the other
six methods, illustrating one advantage of the proposed DHTL that no labeled training data of
the target domain is needed. This is also consistent with the assertion that the multi-layer semantic mapping model can discover the deep shared subspace across domains and transfer the
sufficient labeled source domain data knowledge to the target domain for prediction by exploring co-occurrence information. We also observe that the deep transfer learning methods (DHTL,
DCCA, DtDTN, DDTN, and CRBM) perform better than the shallow transfer learning methods
(KCCA and CCA). This is due to the fact that discriminative semantic information can be embedded in a multi-layer of the feature hierarchy, and deep neural networks can capture it through
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Fig. 4. NUS-WIDE dataset: Accuracy of the 45 binary classification tasks. DDTN and DtDTN need an additional 10 labeled training images in the target domain.

multiple nonlinear transformations. Thus, deep transfer learning methods can bridge the semantic gap across domains in the deep semantic subspace for knowledge transfer. Because the source
and target domains describe two visual feature sets of images in this experiment, the semantic
divergence and feature bias between them are not large. Hence, the top layer correlation matching
method (DCCA) and the parameter-shared or representation-shared methods (DDTN, CRBM, and
DtDTN) yield similar results to that of our multi-layer correlation matching method (DHTL).
4.4 Experiment 2: Text-to-Image Classification
In this experiment, we conduct the typical heterogeneous transfer learning task (text-to-image
classification) on two datasets, NUS-WIDE and Wikipedia. For NUS-WIDE, 10 categories of instances, including birds, buildings, car, cat, dog, fish, flowers, horses, mountain, and plane are selected. Similar to Experiment 1, we also construct 45 binary classification tasks to test the effectiveness of all methods. In each task, the images are represented with 500 visual words and the texts are
described with the top 1,000 tags that have the higher term frequency-inverse document frequency
values. Here, the joint 4-layer network with the number of neurons 1000 → 800 → 500 → 200 and
500 → 400 → 250 → 100 at each layer from the bottom up for the source and target domains is
trained. Our goal is to perform classification for unlabeled images in the target domain, so 2,000
co-occurrence image and text pairs, 600 labeled texts, and 600 images are sampled for each task.
The experimental results are presented in Figure 4 and Table 2.
As shown, the proposed DHTL method produces the highest classification accuracy on almost
all 45 tasks, though sometimes lower than that of the DtDTN method, which needs 10 extra labeled
training instances in the target domain. We also observe from Figure 4 that our multi-layer correlation mapping model (DHTL) is better than the top layer correlation mapping model (DCCA).
This observation implies that for heterogeneous features transfer, the multi-layer correlating between source and target domains can discover promising deep semantic subspaces, where different
domain features can be transformed to the common representation. Furthermore, DHTL is consistently superior to the multi-layer parameter or representation shared deep transfer methods
DDTN [22] and CRBM [6], this observation confirms that the multiple correlated layers are more
generalized for modeling the domain-specific and representation-shared heterogeneous data than
the parameter-shared layers and the representation-shared layers. Similar to Experiment 1, all
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Table 2. NUS-WIDE Dataset: Average Classification Accuracies
of Methods Over All 10 Categories

No.
1
2
3
4
5
6
7
8
9
10

CCA
0.690
0.706
0.702
0.692
0.687
0.674
0.698
0.700
0.717
0.716

KCCA
0.723
0.741
0.731
0.731
0.726
0.713
0.733
0.736
0.748
0.747

CRBM
0.769
0.785
0.771
0.767
0.765
0.757
0.778
0.771
0.782
0.793

DDTN
0.776
0.794
0.791
0.784
0.785
0.764
0.784
0.791
0.806
0.812

DtDTN
0.784
0.810
0.803
0.797
0.798
0.773
0.799
0.802
0.816
0.824

DCCA
0.770
0.783
0.773
0.766
0.765
0.752
0.783
0.775
0.786
0.787

DHTL
0.796
0.816
0.812
0.806
0.805
0.781
0.805
0.808
0.827
0.828

deep transfer learning methods conducted in this experiment are superior to the shallow transfer
learning methods. This is most likely due to the fact that the multi-layer nonlinear transformations can extract the deep semantic features from sparse data (text represented with tags). Notably,
compared to Experiment 1, the performance of the KCCA method is better than that of the CCA
method, which verifies the capability of nonlinear transformation for sparse data again.
Table 2 reports the average classification accuracies of different methods over all 10 categories.
For the five deep transfer learning methods, DHTL and DtDTN can consistently achieve better
results than DDTN, CRBM, and DCCA. This suggests that the multi-layer correlation mapping
or generalized knowledge-shared network can bridge the gap between heterogeneous domains,
which have a large distribution divergence and feature bias, and thus is more favorable when
compared with the top layer correlation mapping and parameter or representation shared networks. The proposed DHTL is superior to DtDTN in this experiment, though 10 labeled training
images in the target domain are used for DtDTN.
For Wikipedia, we study a more difficult heterogeneous transfer learning task, in which the lowdimensional text features are transferred to support the classification of high-dimensional image
features. Specifically, five subject categories (i.e., art & architecture, biology, literature, sport, and
warfare) in the dataset are selected for task learning, because the image instances in these five categories are more relevant to the corresponding subjects. Regarding the network setting, the number of neurons are 10 → 10 → 10 → 10 and 128 → 92 → 56 → 20 at each layer from the bottom
up in the source and target 4-layer SAEs, respectively. As for data partition of the experimental
implementation, 200 pairs of unlabeled co-occurrence instances are selected for transfer model
learning, and 40 labeled textual instances and 40 unlabeled visual instances are selected for the
classifier training and target predicting correspondingly. Similar to previous settings, we conduct
10 (C 52 ) binary classification tasks of the five categories by the given five methods. The average
classification results over all tasks and categories are shown in Figure 5.
It can be seen from the experimental results that our proposed DHTL method outperforms other
methods for this challenging heterogeneous transfer learning task. Moreover, we can see that deep
transfer learning methods are superior to the compared shallow transfer learning methods, and the
nonlinear model is better than the linear model for shallow transfer learning. Such observations
imply that the use of nonlinear transformation, especially multi-layer nonlinear transformation,
can introduce additional capability in representing and separating lower dimensional data. Once
again, from the cross-domain classification tasks tested in the experiment, the effectiveness and
robustness of our proposed deep heterogeneous transfer learning model is illustrated.
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Fig. 5. Wikipedia dataset: (a) Accuracies of the 10 binary classification tasks, (b) Average classification accuracies of methods over all five categories. DDTN and DtDTN need an additional 10 labeled training images
in the target domain.
Table 3. Reuters Multilingual Dataset: Average
Classification Accuracies of Methods for Different
Target Domains, French, German, Italian, and Spanish

Methods
CCA
KCCA
CRBM
DDTN
DtDTN
DCCA
DHTL

French
0.599
0.692
0.741
0.738
0.745
0.741
0.796

German
0.628
0.694
0.748
0.756
0.758
0.751
0.793

Italian
0.650
0.699
0.766
0.765
0.777
0.771
0.802

Spanish
0.645
0.691
0.759
0.761
0.772
0.766
0.800

4.5 Experiment 3: Multilingual Text Categorization
In the last experiment, we test the performance of multilingual (cross-language) text categorization
for all methods on Reuters Multilingual Dataset. We take English as the source domain and use
each of the other four languages, French, German, Italian, and Spanish, as an individual target
domain, thus we have four transfer learning tasks in this experiment. For each task, 720 pairs of
unlabeled co-occurrence instances in each category are used for model training, and 240 labeled
English instances and 240 unlabeled target language instances are selected for transfer learning
accordingly. Similar to previous experiments, we still train the 4-layer joint network, in which the
number of neurons are 2000 → 1000 → 500 → 60 for both domains.
Table 3 shows the mean values of classification accuracies for all methods, in which we can see
that KCCA still outperforms CCA for all four tasks of cross-language text categorization. The deep
transfer learning methods DtDTN, DDTN, CRBM, and DCCA, providing similar results, perform
better than shallow transfer learning methods KCCA and CCA. It is noteworthy that the proposed
DHTL yields much better results than that of the other four deep models on this dataset. Moreover,
we also plot the classification results of all methods on different categories for each target domain
in Figure 6, and the observations are consistent with that presented in Table 3.
The above experimental results illustrate that the proposed method is promising for deep heterogeneous multimedia transfer learning with no training data in the target domain.
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Fig. 6. Reuters multilingual dataset: Average classification accuracies of methods over all six categories.
English is considered as the source domain, and in each subfigure, the results are obtained from each target
domain, (a) French, (b) German, (c) Italian, and (d) Spanish.

Fig. 7. Effects of the co-occurrence data size on the seven different methods when tested on the NUS-WIDE
dataset.

4.6 Effect of Co-occurrence Data
The co-occurrence data play an important role to bridge the gap between domains for the studied
methods. In this section, we therefore investigate the effects of co-occurrence pairs across domains
from two aspects, namely the size and the quality of co-occurrence data. Due to the limit of space,
we only report the results on the NUS-WIDE dataset. The results on other datasets show similar
patterns. Classification results with different sizes (from 500 to 1,000) of co-occurrence data for
each category are presented in Figure 7, where the average accuracy results of the 45 tasks are
reported.
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Fig. 8. Effects of (a) noise proportion in only the text domain and (b) noise proportion in both text and image
domains on different methods when tested on the NUS-WIDE dataset.

As we can see, when the number of co-occurrence instances increases, the average classification accuracies of all methods increase as well, which indicates that more co-occurrence pairs
tend to provide more informative knowledge for heterogeneous transfer learning. Specifically, for
the studied deep transfer learning methods, more co-occurrence instances make the learned deep
networks more precise and robust for representing the heterogeneous domain data in transfer
learning. As expected, the proposed DHTL outperforms other deep transfer learning methods intuitively because DHTL employs the multi-layer semantic mapping across domains; meanwhile,
the bias between layers is fine-tuned by the top layer correlation mapping in back propagation.
As referred in many related works [28, 29, 31, 39], transfer learning based on co-occurrence data
between source and target domains is normally motivated by noisy data pairs found in the web.
Therefore, we also study the effects of such noisy data on the performance using different methods. To investigate how the quality of co-occurrence data affects the performances of the studied
methods, 1,600 text-image pairs are selected for each binary classification task on the NUS-WIDE
dataset, and two data quality settings are considered similar to Ref. [27]. In one setting, we randomly add some irrelevant text terms from the whole text vocabulary for different percentages of
the pair-wise instances (e.g., in the 10% of unrelated terms case in Figure 8(a), 10% of the pair-wise
instances are modified by adding some irrelevant text terms). In the other setting, we simultaneously add some noise into the text-image co-occurrence data instances (e.g., in the 10% of unrelated
text-image pairs case in Figure 8(b), 10% of the pair-wise instances contain noise in both domains).
As shown in Figure 8, the performances of all studied methods degrade with the increase in the
proportion of noisy data. However, it is noted that the studied deep transfer learning methods
(i.e., DCCA, CRBM, DDTN, DtDTN, and DHTL) show slower performance degradation and outperform the studied shallow transfer learning methods (i.e., KCCA and CCA). This observation
suggests that deep learning networks are generally more robust to noisy data. When comparing
the five deep transfer learning methods, the proposed DHTL yields more promising results. CRBM
explores multiple representation shared layers to bridge the bias across domains, in which the representations of different domains in each layer are forced to be the same, thus the noisy data in
one domain could affect the information fusion across domains easily. Moreover, there are biases
between adjacent layers in CRBM, so the noise cannot be fully addressed even though multi-layer
correspondence restricted Boltzmann machines are employed. However, since DHTL uses the top
layer correlation mapping in back propagation to fine-tune the whole network, it can achieve more
promising results than CRBM. Regarding the DCCA, DDTN, and DtDTN, since they only share the
domain information in the last or last few layers, the noise can be reduced in the first few layers
and more favorable results than CRBM can be obtained.
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Fig. 9. Effects of the number of network layer for
the proposed DHTL on MF, NW, WK, and RM
datasets.
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Fig. 10. Effects of the number of neuron in the last
layer of DHTL tested on RM for the English-toGerman classification task.

4.7 Parameter Sensitivity Tests
In this article, we propose a multi-layer correlation mapping network for deep heterogeneous
transfer learning. Therefore, the choice of the deep network structure is important. In this section,
we investigate the effects of network design and parameters on our coupled deep transfer learning
network. In the experiments, when tuning one parameter, the values of the other parameters are
fixed. Due to space limitations, we only report the influence of the number of network layers and
network dimensions in each layer, and other parameters are evaluated similarly by cross-validation
to achieve the best results.
Regarding the impact of the network layer, we vary its number from one to five and report the
average classification results of DHTL on Multiple Features (MF), NUS-WIDE (NW), Wikipedia
(WK), and Reuters Multilingual (RM) datasets (see Figure 9). Since the four transfer learning tasks
on RM are similar, we only report the English-to-Spanish task. It can be seen from Figure 9 that
as more layers are exploited, better performance is achieved. More specifically, the accuracies of
DHTL increase dramatically at first, and then become stable on MF. This might be because the
source and target domains describe two visual feature sets of images, where the semantic divergence and feature bias between them are not large. In this task, it seems that four-layer correlation
mapping is enough to bridge the bias between domains. On NW, WK, and RM, with the increasing
number of layers, DHTL can enhance the classification performance by generating more robust
and correlated features that alleviate the cross domain bias. As we know, the cost of memory and
computation will rise significantly to train more layers of networks. Therefore, to balance the cost
and accuracy tradeoff, we study 4-layer deep transfer learning networks in this article.
For the test of the network dimension, we adopt the 4-layer structure and evaluate a different
number of neurons in a single hidden layer when fixing other layers. For example, we set the
number of neurons in the first three layers as 2000 → 1000 → 500 for both domains, and evaluate
the number of neurons in the last layer varying from 20 to 100 for the English-to-German crosslanguage classification tasks on the RM dataset. The average results are presented in Figure 10.
It can be seen from Figure 10 that a different number of neurons in the last hidden layer would
yield different classification results. When the number of neurons is 60, the best result for this
setting can be achieved.
5 CONCLUSIONS
In this article, a novel deep semantic mapping model has been proposed for heterogeneous
multimedia transfer learning by exploiting co-occurrence data. In the proposed model, we first
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pre-train the multi-layer domain-correlated networks on the co-occurrence data through shared
semantic mapping by approaching canonical correlation analysis in each layer. Then, the top layer
correlation matching between domains is exploited to fine-tune the whole network in back propagation to obtain the unified deep semantic mapping model. Thus, the high-level semantic
representation of both the source and target domain data in the common subspace can be
identified. Finally, an existing classification method is applied on the new representations of
labeled source instances to learn a classifier and predict the label information of the testing
target instances. The proposed model can make a reliable and effective bridge to transfer robust
and useful information from the source domain to the target domain. An efficient optimization
function is proposed to solve the proposed model, and the updating processes are presented.
Experiments conducted on four real-world multimedia datasets demonstrate that the proposed
model outperforms several state-of-the-art models in terms of classification accuracy.
In this article, we build our deep heterogeneous transfer learning model upon the co-occurrence
data. However, the quality and quantity of this auxiliary data are crucial to affect the performance.
Thus, in future work, we will focus on how to mathematically and statistically evaluate the effectiveness of the auxiliary data and extend our model to more generic auxiliary data for deep
heterogeneous transfer learning.
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