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Abstract—In the Web 2.0 era, a huge number of media data,
such as text, image/video, and social interaction information,
have been generated on the social media sites (e.g., Facebook,
Google, Flickr, and YouTube). These media data can be effectively
adopted for many applications (e.g., image/video annotation,
image/video retrieval, and event classification) in multimedia.
However, it is difficult to design an effective feature representation
to describe these data because they have multi-modal property
(e.g., text, image, video, and audio) and multi-domain property
(e.g., Flickr, Google, and YouTube). To deal with these issues, we
propose a novel cross-domain feature learning (CDFL) algorithm
based on stacked denoising auto-encoders. By introducing the
modal correlation constraint and the cross-domain constraint
in conventional auto-encoder, our CDFL can maximize the
correlations among different modalities and extract domain invariant semantic features simultaneously. To evaluate our CDFL
algorithm, we apply it to three important applications: sentiment
classification, spam filtering, and event classification. Comprehensive evaluations demonstrate the encouraging performance of the
proposed approach.
Index Terms—Cross-domain, deep learning, feature learning,
multi-modal.

I. INTRODUCTION

W

ITH the rapid development of Web 2.0, there are more
and more social media sites (e.g., Flickr, YouTube,
Facebook, and Google) for people to capture and share media
data online. As a result, what is happening around us and
around the world can spread very fast, and there are substantial
amounts of media data with multi-modal features (e.g., images,
videos, and texts) in the Internet. As in Fig. 1, we show the
growing amounts of media data generated on several social
media sites in 60 seconds.1 Based on this figure, we can see
that all these media data are not only large in scale, but also
various in both modality (e.g., photos, videos, and texts) and
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Fig. 1. Details about the speed of media generation on several social websites.
The data have both multi-domain property (e.g., Flickr, Pinterest, and Facebook) and multi-modal property (e.g., images, videos, and texts) (Image (a)
via Flickr under Creative Commons License). (https://www.flickr.com/photos/
wonker/3015441676/)

domain (e.g., Flickr, Pinterest, and Facebook). For example, as
shown in Fig. 1, the uploaded photos on Flickr always have the
corresponding titles, users’ preference and comments. Besides,
photos about the football players also appear on other social
media sites (domains), such as Pinterest and Facebook.
The huge volume of existing multimedia data contains
useful information and has been adopted for many applications. For example, real-time media data have been utilized
in semantic video indexing, event prediction, image/video
context annotation [1]. Streaming data coming from platforms
such as YouTube and Twitter have been utilized in multimedia
applications, clustering-based video retrieval [2] and socialized
video recommendation [3]. Data from Flickr have been used
in personalized search and recommendation [4], predicting
the winner of the 2008 United Sates president election and
monitoring the product distribution in the world [5]. Facial expressions in photos are explored to measure the public opinion
during the election period [6]. In [7], social relationship information is adopted to improve user-level sentiment analysis. In
[8]–[15], social media data are adopted for event detection and
classification.
In the above different applications, to make use of the multimedia data, one of the most important problems is how to
learn effective features. Most of the existing applications use
the metadata, such as time, location and descriptions, as features. For example, in [5], the number of photos uploaded in a
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Fig. 2. Illustration of the key idea of our CDFL. For simplicity, we only show two event instances in two domains (Flickr and Google) with two modalities (text
and
are from the Flickr domain.
and
are from the Google domain (
and
under Creative Commons
and image).
License). (https://www.flickr.com/photos/jneider/8459372838 and https://www.flickr.com/photos/usembassyta/8168917239)

fixed time duration is used to predict the election winner. In [3],
only text descriptions of the video are used for recommendation.
These metadata are easy to be extracted. However, they may not
be available in some data samples and cannot be obtained as features. To deal with this issue, we can make use of the content of
the multimedia data to learn effective features. For social media
analysis, it is a fundamental problem to learn such features to
represent the semantic information in the data. However, there
are three main challenges: 1) The media data have multi-modal
property. As shown in Fig. 1, a data sample in social media sites
is typically described with images, texts and other metadata simultaneously. 2) The media data have multi-domain property.
As shown in Fig. 1, the data may come from different domains
(e.g., Flickr, YouTube, and Facebook), and they can compensate
each other, but also have domain discrepancy. For example, if
Google News is regarded as one domain and Flickr as the other
domain, there are more noises on the images from Flickr, such as
the stylized face images. Besides, images on Google are mostly
captured by journalists while images on Flickr are typically captured by users, who may upload images which do not focus on
the targets of a specific event perfectly. This kind of domain
discrepancy is similar to the Office dataset and the multi-view
action dataset used for domain adaptation [16]–[18]. 3) The traditional manually designed low level features for some modalities, such as images, texts, and videos, still cannot effectively
represent their semantic information.
In this paper, to address the above challenges for feature
learning in multimedia, we propose a novel Cross-domain
Feature Learning (CDFL) approach based on marginalized
denoising auto-encoders. In our CDFL: (1) To make use of the
multi-modal property, we propose a modal correlation constraint to maximize the correlations among different modalities
of media data. (2) To deal with the domain discrepancy, we
adopt a cross-domain constraint to learn the domain invariant
features and make different domains share a common feature

space. (3) To avoid using manually designed low level features,
we adopt a data driven method to consider the data distribution
and learn more abstract and semantic features by deep learning.
It has been proven that stacked layer-wise features are much
more effective than the conventional shallow models [19]–[21].
The key idea of our CDFL algorithm is shown in Fig. 2. For
simplicity, we only show two domains (Flickr and Google) with
two modalities (Text and Image) related to event “2012 United
States Election”. For the Flickr domain, text and image features
are extracted from user uploaded photos and their descriptions.
For the Google domain, text and image features are extracted
from webpages returned from Google search engine. Most of
these webpages are news articles accompanied with pictures.
(
,
) are text and image data for an event instance
on the Flickr domain, and (
,
) are text and image
data for the same event on the Google domain. Though these
two data pairs are both about the US president election, they
contain some specific domain features. For example, the words
“taxpayer” and “spent” are highlighted in the extracted raw
features for
, and the words “obama” and “romney” are
highlighted for
. From the results, we can see that the
highlighted features for the same event are different in the
two domains. After cross-domain feature learning, the domain
invariant features like “election”/”re-election” and “president”
are highlighted as features. In this way, data in different domains can have similar features. For the other modality (image),
the same cross-domain feature learning scheme can be used to
obtain domain invariant features, such as the Barack Obama’s
faces, in the images. As a result, due to the modal correlation
constraint and the cross-domain constraint, our CDFL can learn
domain invariant features for cross-domain multi-modal data
analysis.
To evaluate the proposed CDFL algorithm, we test it in three
different applications in multimedia: sentiment classification,
spam filtering, and event classification. The first two applica-
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tions are special cases of our CDFL, and they are used to verify
the performance for single modal features. The third application
considers event classification using media data from different
domains with multiple modalities. Because there are no available event datasets for this task, we construct one with 11 events
by crawling images and the corresponding texts from Flickr and
Google. The experimental results on the three different applications demonstrate the effectiveness of our CDFL. Compared
with the existing methods, our contributions in this work are
threefold:
• To consider the multi-modal property, we introduce a
modal correlation constraint in conventional denoising
auto-encoders by maximizing the correlations among
different modalities of media data.
• To reduce the domain discrepancy among multiple domains, we introduce a cross-domain constraint in single
denoising autoencoders by use of maximum mean discrepancy (MMD).
• To verify our CDFL, we evaluate it on three different applications in multimedia and demonstrate that it achieves
much better performance than existing methods. Besides,
we collect a dataset for research on event classification
with multi-modal information in multiple domains, and
will release it for academic use.
The remainder of this paper is organized as follows. In
Section II, we review the related work. Section III introduces
the formulation of our CDFL algorithm. In Section IV, we show
how to solve the optimization problem. In Section V, we show
and analyze the experimental results for all three applications.
The conclusion is presented in Section VI.
II. RELATED WORK
In this section, we briefly introduce existing methods which
are most related to our CDFL algorithm, including multi-modal
feature learning, multi-domain feature learning, and deep feature representation.
A. Multi-Modal Feature Learning
To deal with the multiple modalities of features, there are
mainly three different kinds of learning methods.
1) Feature Subspace: The most widely used feature subspace method for multiple modalities is the canonical correlation analysis (CCA) [22]–[24]. The CCA can be seen as the
problem of finding basis vectors for variables with different
modalities. Thus, the correlation between the projected vectors
of the variables along the basis vectors is mutually maximized.
The basis vectors are decided by a set of linear transformations,
one for each modality of the variables.
2) Semantic Integration: In [25], the query-by-example paradigm is extended to the semantic domain. A semantic feature
space where each image is represented by the vector of posterior concept probabilities is defined. In [24], the semantic representation for each image is constructed based on the correlation
space where the original features are mapped using CCA. The
correlation between two modalities based on CCA and the semantic representation based on multi-class logistic regression
are combined in this method.

3) Kernel Method: In [26], a semi-supervised learning approach is proposed to leverage the information contained in
the tags associated with unlabeled images. The multiple kernel
learning (MKL) framework is used to combine a kernel based
on the image content with a second kernel which encodes the
tags associated with each image.
Though these methods perform well on some problems like
image retrieval, most of them can deal with multi-modal data
coming from only a single domain and only few of them can
deal with multi-modal data coming from different domains.
B. Multi-Domain Feature Learning
In multi-domain feature learning, most of the existing
methods are designed for improving the classification accuracies for unlabeled instances in the target domain by leveraging
on the labeled instances in the source domain. In [27], a structural correspondence learning method is proposed to induce
correspondence among features from two domains by modeling
their relations with pivot features that appear frequently in both
domains. The techniques in [28] reduce the distance across
two domains by learning a latent feature space where domain
similarity is measured through maximum mean discrepancy.
In [29], [30], the source and target domains are linked by
sampling finite or infinite number of intermediate subspaces
on the Grassmannian manifold. In [31], the boosting scheme is
applied by optimizing the source classification error and margin
constraints over the unlabeled target instances.
In multimedia community, there are also some algorithms
proposed for improving the learning task in the target domain
by leveraging on the source domain. A knowledge adaptation
method for Ad Hoc multimedia event detection is proposed in
[32]. In [33], cross-domain correlation knowledge is used for
web multimedia object classification. In [34], a feature transformation method is proposed to indirectly transfer semantic
knowledge between text and images. In [3], the authors use a
graph based framework to model the distribution discrepancy
problem between the social and the video domains. However,
most of these multi-domain feature learning methods do not
consider the multi-modality of data.
C. Deep Feature Representation
Deep learning can be considered as a particular kind of representation learning procedure that discovers multiple levels of
representation, with higher-level features representing more abstract aspects of the data [35]. The earliest approaches that have
been used to reduce the initialization sensitivity of the deep
compositions of non-linearities are based on greedy layer-wise
pre-training [19]–[21]. With unsupervised pre-training, each
layer is trained by RBM [36], [19] or denoising auto-encoders
[37] to model the distribution of values which are output of the
previous layer.
As one of the building blocks of deep learning, the denoising
auto-encoder [37] has been used in cross-domain feature
learning [38]. The key idea behind this method is that the union
of the samples from both source and target domains can be
used to train a common feature representation. In [39], the
denoising auto-encoder is simplified as a single linear denoiser
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for cross-domain feature learning where hidden nodes are discarded. This change greatly improves the efficiency for training
of the original auto-encoder. Recently, there are also some
deep learning methods proposed for multi-modal data. In [40],
the audio and video features are considered simultaneously
through autoencoders. For the speech classification on noise
data source, the videos of the mouth, as a complement for
audios, can obviously improve the recognition performance.
However, these methods do not consider the domain discrepancy problem.
Though the above methods perform well in various fields,
such as computer vision and natural language processing, they
are not easy to be adopted in multimedia where the domain discrepancy is large and the media data typically have different
kinds of modalities.
III. CROSS-DOMAIN FEATURE LEARNING
In this section, we introduce the details of our CDFL algorithm for multimedia data. Here, for simplicity, only media data
with two modalities, image and text, are adopted. Note that,
other types of media data can also be applied in our CDFL.
A. Problem Definition
Our goal is to learn a shared feature representation for instances contained in two different domains in an unsupervised
way. These instances considered in this paper are either single
modal or multi-modal, such as product reviews, spam e-mail
messages or events described by images and texts. The feature representation is determined by stacked linear denoising
auto-encoders (denoisers) in our CDFL algorithm. Denoising
auto-encoders are adopted to reconstruct image features and
text features from their corrupted features. Moreover, the modal
correlation and cross-domain constraints are considered in the
reconstruction process simultaneously. Practically, we need to
compute the mapping matrices of auto-encoders for image and
text features, respectively.
Let
and
denote the
image and text features of
instances in the source domain.
Similarly, let
and
be image and text features of
instances in the target domain,
where
. Furthermore, we denote image and text
features of instances in two domains as
,
. Let and denote the corrupted version of and by
adding noises. Besides,
and are the corrupted version of
and , respectively.
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Fig. 3. Illustration of the layer-wise structure of our CDFL. Multiple denoisers
with the modal correlation and cross-domain constraints are stacked together.
denotes image features, and denotes text features.

, ,
, and
are four regularization parameters which
control the weights of , ,
, and
, respectively.
(1)
The modal correlation constraint
and cross-domain constraint
in Eq. (1) assure that the learned
and
will
map the original feature into a feature space, where the modal
correlation is maximized and domain discrepancy is minimized.
In the remainder of this paper, we denote
. The details of
and
are illustrated in
Section III-B1.
and
are explained in Section III-B2 and
III-B3, respectively.
After learning the single layer features by solving the optimization problem (1), we stack several single layer denoisers
by feeding the output of the
th denoiser as the input into
the th denoiser. The training processes for
and
are performed greedily layer by layer, and the output of the th denoiser
is denoted as
,
.
Here, the nonlinear function
is not contained in the
optimization, thus solving
and
is extremely fast for a
single layer denoiser. An example of 2 layer stacked denoisers
is shown in Fig. 3.
1) Corrupted Feature Reconstruction: The corrupted feature
reconstruction formulations for image and text are shown in Eq.
(2) and Eq. (3), respectively.

(2)

B. Formulation
To learn a common feature space for instances in the source
domain and target domain, we adopt the single-layer denoiser.
Linear mapping matrices need to be computed in conventional
single-layer denoiser. Here, we want to construct two mapping
matrices
and
for image and text in each layer, respectively. The errors for the two kinds of feature reconstruction determined by
and
are denoted with
and . Our final
objective function is shown in Eq. (1), where modal correlation
constraint
and cross-domain constraint
are adopted.

(3)
Here, the image or text features from both the source domain
and the target domain are combined together. This scheme is
beneficial to learn the domain invariant features as discussed in
[39].
2) Modal Correlation Constraint: To maximize the correlations among different feature modalities, inspired by the canon-
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ical correlation analysis (CCA) [22]–[24], we propose to minimize the following objective function:

be universal [45]. We denote
with a Gaussian kernel as
Then, Eq. (5) could be rewritten as

.

(4)
and
are covariance mawhere
is
trices of image and text, respectively. The
the cross-covariance matrix between image and text. Compared
with the formulation of CCA as in [22]–[24], the advantages of
our objective function (4) are discussed in Section III-C2.
3) Cross-Domain Constraint: In conventional deep learning
based domain adaptation methods [38], [39], the samples in
source and target domains are combined together to train the
auto-encoders. Here, to further reduce the distribution discrepancy between the source domain and the target domain, we introduce the maximum mean discrepancy (MMD) [41] in each
single layer of auto-encoder. The definition is shown in Eq. (5).

(6)
and

where

.
Linear kernel: Replacing the kernel function
in
Eq. (5) with a linear kernel, we obtain
,
. We denote
with a linear kernel as
. Then, Eq. (5) could be rewritten
as
(7)
where

and
.

C. Discussion

(5)
where
is a mapping function which can be expressed
in terms of a kernel function
. Strictly
speaking, the kernel function
should be universal (e.g.,
Gaussian) so that the domain discrepancy can be measured by
the expectations of the samples in the source domain and the
target domain in a reproducing kernel Hilbert spaces (RKHS)
[41], [42]. However, practically the kernel in MMD can be
relaxed to a more general case, such as the polynomial kernel,
which also presents comparable results to the Gaussian kernel
[43]. Because the linear function is a special case of the polynomial function, it’s also reasonable to use the linear kernel as
a replacement of the Gaussian kernel. Though there has been
no formal justification for utilizing a MMD with linear kernel,
the effectiveness has been demonstrated in [44]. Besides, in
our experiments, the linear kernel is even more effective when
marginalization is considered. Details of the cross-domain
constraints using Gaussian and linear kernels are illustrated as
follows.
Gaussian kernel: Here, we adopt the Gaussian kernel function
, which is known to

Our CDFL is a novel denoising auto-encoder with both multimodal and multi-domain properties as shown in Eq. (1). Here,
and
denote the feature reconstruction errors for image
and text, respectively.
and
model the modal correlation and the cross-domain constraints, respectively. With different settings of the four parameters , ,
and
, our
CDFL algorithm has different properties. (a) If we set
(or
) and
to zeros, our CDFL is similar to the conventional
cross-domain classification algorithm for single modal features
like mSDA. In this case, to evaluate our CDFL, we test it on two
applications (sentiment classification and spam filtering) with
single-modal features as introduced in Sections V-A and V-B.
(b) If , ,
, and
are non-zeros, our CDFL is appropriate for cross-domain multi-modal data analysis, and we evaluate it for event classification as discussed in Section V-C.
1) Comparison Between Our CDFL and mSDA: Based
on Eq. (2) and Eq. (3), we can see that both our CDFL algorithm and mSDA [39] adopt the denoising auto-encoders
as the building block for unsupervised cross-domain feature
learning. Their differences are as follows. (a) In mSDA, only
single modal features are adopted. However, our CDFL can be
used for multi-modal features. To achieve this goal, we introduce the modal correlation constraint(
) in the denoising
auto-encoders to consider the correlations among multi-modal
features. (b) In mSDA, the instances from source domain and
target domain are simply merged together to train the denoising
auto-encoders. In our CDFL, we adopt Maximum Mean Discrepancy (MMD) to reduce the domain discrepancy. Thus, for
single modal features, our CDFL is an improved mSDA by
considering the cross-domain constraint (
).
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2) Comparison Between Our CDFL and Conventional
Multi-Modal Methods: Traditional methods for multi-modal
classification or cross-modal retrieval mostly adopt shallow
model, such as CCA, to map features in different modalities
into a common feature space [25]–[26]. Different from these
methods, our CDFL makes use of an transformation of the
CCA, the modal correlation constraint shown in Eq. (4), to
model the correlations among different modalities. Furthermore, in our CDFL, the correlations among different modalities
are considered in each layer of the auto-encoder, and the
stacked auto-encoders in our CDFL can be viewed as a deep
correlation maximization model. Thus, our CDFL can learn
more abstract and semantic representations for multi-modal
features compared with the existing methods.

where
,

(13)

where
IV. OPTIMIZATION
In this section, we introduce how to solve the optimization
problem in Eq. (1). Since two different kinds of kernel functions
[Eqs. (6) and (7)] are considered for the cross-domain constraint
in Eq. (1), we need to solve these two cases of Eq. (1) separately. For the Gaussian kernel adopted in
, we need to solve
(8)
where
kernel adopted in

. For the linear
, we need to solve
(9)

. Next, we will
where
introduce how to solve those two optimization problems.
A. Solving Eq. (8)
For the Gaussian kernel in the cross-domain constraint, we
make use of conjugate gradients which is a popular nonlinear
optimization method with fast convergence rate. Mapping matrix
or
is iteratively computed with the other one fixed.
To solve
and
, we need to compute the gradient of
with respect to
and
.

.
As discussed in [43], the resulting mapping functions used
within nonlinear kernel of the MMD probably only capture
the noise of both domains if we directly adopt the preceding
gradient descent method. As a result, it will decrease the performance dramatically. Similar to [43], we also add orthogonal
constraints for
and
to prevent our model wrongly
matching the two distributions. Then, we adopt the Manopt
[46], a Matlab toolbox for optimization on manifolds, to solve
the problem shown in Eq. (8). Here,
and
are optimized alternatively with one of them fixed. We observe that
learning
and
typically converges quite fast (less than
10 iterations).

B. Solving Eq. (9)
1) Closed Form Solution: If we use the linear kernel in the
cross-domain constraint, the four items
,
,
and
are all convex (the convexities of ,
and
are obvious,
and the convexity of
will be explained in the Appendix A).
In this case, Eq. (9) represents a convex quadratic programming
problem. The global optimal solution can be obtained by finding
the points where the partial gradients of
are equal to zeroes. The partial gradients for all these four
items are shown in Appendix B.
The partial derivative of
according to
is computed as

(10)
(14)

(11)
The partial gradients of , ,
are shown in Appendix B.
Partial Gradients of
are computed as follows.

where
derivative of

,

and
. Similarly, we get the partial

according to

(15)
and
.
Let Eq. (14) and Eq. (15) be zeroes, we get a linear
equation array for matrices
and
. If
and

where
(12)

,
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are invertible matrices (this condition is always satisfied in practice), we obtain the solution of
as follows:

Let
sion of

, then we get the following marginalized expres:
(24)
(25)

(16)
, we can compute
Once we get
lowing equation:

according to the fol-

Let

(17)
and (
) do
If the inverse matrices of
not exist, we can use the corresponding pseudo-inverse matrix
to compute the approximate solutions of
and
.
2) Marginalization: One serious issue with auto-encoder is
that only using the reconstruction error constraint may potentially lead to learn an identity function [47]. To prevent this
issue, the strategy adopted by denoising auto-encoder is to reconstruct the inputs from their stochastically corrupted features
[37]. The stochastic corruption process consists of randomly
setting some of the inputs to zero. Hence, the denosing autoencoder is trying to predict the missing values from the nonmissing values. The corruptions are useful for capturing the statistical dependencies between the inputs [47]. As in [39], the solutions in Section IV-B1 are based on corrupted input features.
The more corruptions we average over, the more effective and
robust the learned mapping
and
will be. Here, we introduce how to marginalize infinitely many times random noise
through the weak law of large numbers [39].
Let
be a probability vector, where
is the corruption probability and
represents the probability
of a feature value with subscript “surviving” the corruption.
Following, we will explain how to compute the marginalized
version of
,
,
,
,
,
and
which are used
for the closed form solution in Section IV-B1.
Let
, and are used to denote the matrix row
and column subscripts, respectively. Then we get the following
marginalized expressions of
and
:
(18)
(19)
(20)
Let
pressions of

, then we obtain the following marginalized exand
:
(21)
(22)
(23)

we obtain the following marginalized vectors of

and

:

(26)
(27)
Thus, we get the final marginalized solutions as shown in Eq.
(28) and Eq. (29) by replacing all matrices in Eq. (16) and Eq.
(17) with their marginalized versions.

(28)
(29)
where

V. EXPERIMENTS
In this section, we show the experimental results of our CDFL
algorithm on three different applications: sentiment classification, spam filtering and event classification. The first two applications are for single modal features while the third application
is for multi-modal features. The three applications can demonstrate the usefulness of our CDFL algorithm for feature extraction from multimedia data.
To better evaluate the domain transfer power of our method,
we compare the CDFL algorithm with recent related methods,
such as GFK [29], Landmark [30] and mSDA [39]. For our
cross-domain feature learning method, we implemented three
versions. We use CDFL-g to denote the algorithm with Gaussian
kernel as shown in Eq. (8). We set the of the Gaussian kernel
to be the median squared distance between all source examples as in [43]. The algorithm with linear kernel as shown in
Eq. (9) is denoted as CDFL which is solved in closed form
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TABLE I
ACCURACY ON EACH TASK AND THEIR AVERAGE ACCURACIES FOR SENTIMENT CLASSIFICATION

with marginalization. As shown in Section IV, our cross-domain feature learning algorithm with Gaussian kernel could not
be solved with marginalization directly. To fairly compare with
the CDFL-g, we test our algorithm with linear kernel but without
marginalization denoted as CDFL-1. We also show the results of
mSDA method without marginalization as mSDA-1. As a simple
baseline, we test the classification method SVM without considering domain discrepancy. Specifically, the classifier model is
trained on the source domain and tested directly on the target
domain. Moreover, we also show the classification accuracies
within the target domain as In-domain in all experiments. Half
of the instances in the target domain are selected for training
SVM classifiers using the raw features, and the other half of the
instances are used for testing.
A. Sentiment Classification
Analyzing sentiment in text has emerged as a very interesting
and challenging research subject in the past decade. One of the
major challenges is the domain discrepancy among reviews of
different kinds of products. In practice, a sentiment analysis
model that is learned on book reviews does not perform well on
kitchen appliance reviews if applied directly [48]. One reason
of the poor performance is that the kinds of features that indicate positive or negative sentiment in book reviews(source domain) are not the same as the features in kitchen appliances reviews(target domain).
For this application, our CDFL algorithm can reduce the domain discrepancy for the reviews of different products. Because
the reviews are represented by text, we only need to consider
single modal features. As discussed in III-C, the single modal
cross-domain feature learning is the special case of our CDFL
by discarding
(or ) and
in Eq. (1). As illustrated in
Section III, we can obtain multiple layers of feature representations for each instance in source domain and target domain
using our CDFL algorithm. These features of multiple layers of
auto-encoders are concatenated together as a single feature representation for each instance. Then we train a supervised classifier, such as SVM, in source domain and test it in target domain.
1) Dataset and Features: For the cross-domain sentiment
classification, we use the same dataset as in [27]. This dataset
contains more than 340,000 reviews from 25 different types of
products from Amazon. As in [39], we only consider the binary
classification problem whether a review is positive or negative.
Besides, a smaller dataset is created to evaluate the existing

domain adaption methods. Each domain consists of 6,000 instances. In this work, we evaluate our method on the same small
dataset which contains four types of products: books (B), DVDs
(D), electronics (E) and kitchen (K) appliances. With these four
domain instances, there are 12 tasks in total when we take every
pair as a task. We use the same features as in [39], where the raw
bag-of-words features are extracted.
2) Results: In the experiment, for the GFK method, we test
it using different dimensions of the learned subspace. In Table I,
we show the best results for each task. In Table I, we also show
the experimental results of the Landmark method reported in
[30]. The authors of [30] only show results on 4 tasks of the sentiment classification dataset. We show the results of remaining
8 tasks using the code provided by the authors. On the task
K-B, mSDA performs better than our CDFL. In this experiment, the only difference between our CDFL and mSDA [39] is
the cross-domain constraint. In mSDA, the scheme to learn domain invariant features is to reconstruct the corrupted features in
the source domain and the target domain simultaneously. In our
CDFL, besides the scheme used in mSDA, we add the cross-domain constraint
. Compared with mSDA, the worse performance of our CDFL on task K-B is probably due to the instance
noises, which disturb the cross-domain constraint in the source
domain and the target domain. Though CDFL-g achieves the
best results on tasks K-E and E-K, and mSDA shows the best result on task K-B, our CDFL algorithm performs best on average.
The average results are shown in the last column of Table I.
Besides, CDFL-g performs better than mSDA-1 and CDFL-1
which are solved without marginalization. Thus we believe that
the better performance of the CDFL, compared with CDFL-g,
results from the marginalization, which also contributes to the
performance advantage of mSDA [39]. It’s worth noting that,
also appeared in [39], on target domains D, K and E, our CDFL
method trained on the source domain performs even better than
the In-domain classifiers. This is because the mSDA or our
CDFL can not only reduce the domain discrepancy but also improve the representability of the feature. To demonstrate this
point, in the third row “in-domain-FL” of Table I, we add the
accuracy result of the classifier for each domain which is trained
on half of the data using the learned feature by our CDFL (do
not consider the domain discrepancy) and tested on the other
half. We can see that the results on all four domains are all increased when compared with “in-domain” results. However, on
the DVDs domain and the electronics domain, the transfer accuracies are still higher than the “in-domain-FL” results using
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the learned features. This may be because more instances in the
source domain can be used to train the domain transfer classifier.
B. Spam Filtering
To construct a spam filtering system, we need to train a classifier based on emails from a group of users with corresponding
spam or not spam labels. For a new email, we want to classify
it as spam or not spam by using our trained classifier. The challenge is that the distributions among various users are different.
Besides, the spam emails always change their appearances overtime. We assume that the source domain contains previously
collected spam e-mail messages, and the target domain contains
spam e-mail messages generated from different users or in different time. One of the main problems of spam filtering model
is the discrepancy between source domain and target domain.
A domain invariant feature representation can be learned to
solve the above mentioned problem in spam filtering. Here, the
single-modal version of our CDFL in Section III-C is adopted.
The learned multiple layers of features for each instance through
our CDFL algorithm are concatenated together for training a
classifier on the source domain. The learned classifier on the
source domain is tested on the target domain. To verify the performance of our algorithm, we compare it with recent cross-domain feature representation methods with single modal features.
1) Dataset and Features: For the spam filtering application, we use the UCI Spam dataset.2 This dataset contains 4,601
emails with 2,788non-spam instances and 1,813 spam instances,
which are represented by 57-dimensional features. For fair comparison with state-of-the-art methods, we use the same scheme
as in [31]. The original UCI Spam dataset is randomly split into
three different sets of equal size. The first sample set is used
to represent the source domain. The other two sets are used as
unlabeled training samples from the target domain and test samples in the target domain. To simulate different distributions, the
last two sample sets are created by adding Gaussian noise as in
[31]. Specifically, Gaussian noise is generated for the -th element of the original features according to
. The mean
and the standard deviation
are sampled from a uniform
distribution among
and
, respectively. This
process is repeated for 5 times for 5 different cross-domain tasks
in the experiments.
2) Results: For spam filtering, we also compare our CDFL
with the state-of-the-art unsupervised cross-domain learning
methods. The results in Table II show that the proposed CDFL
method performs the best against all the other methods. The
first 6 results in Table II are reported in [31]. To fairly compare
with the SLDAB [31], we denote the SVM in [31] as SVM-1,
and our implemented version as SVM-2. For the GFK [29] and
Landmark [30] methods, we give the results by running the
source code provided by the authors. For the mSDA method
[39] and the proposed CDFL algorithm, we use two layer
auto-encoders. Furthermore, the regularization parameters used
for linear SVM in SVM-2, mSDA [39] and our CDFL methods
are all set to be the same value 10 for fair comparison. Other
values of the regularization parameters can not affect the final
conclusion for the comparison of our method and the baselines.
Although the randomly generated 5 tasks are different, the
2http://archive.ics.uci.edu/ml/datasets/Spambase

TABLE II
ACCURACIES FOR SPAM FILTERING (SVM-2 IN THE BOTTOM
PART ARE OUR IMPLEMENTED VERSION USING LIBSVM)

TABLE III
ACCURACIES FOR EACH TASK OF THE FIVE SPAM FILTERING TASKS

average performance demonstrates the effectiveness of our
proposed CDFL method. In addition, the accuracy on each task
is shown in Table III.
C. Event Classification
The above two applications are adopted to evaluate the performance of our CDFL for single modal features. To test our
CDFL for multi-modal features, we apply it to event classification. Here, we introduce a cross-domain experiment based on
the event dataset crawled from Flickr and Google. Each instance
in the event dataset is represented by the corresponding image
and text descriptions. The cross-domain experiment consists of
two sub-experiments. In the first sub-experiment, we classify
the event samples on Google domain with the help of the samples on Flickr domain. In the second sub-experiment, Google is
adopted as the source domain to classify the samples with only
images on Flikcr domain. In the following, we will firstly introduce the event dataset in Section V-C1. Then details of the
two cross-domain sub-experiments for event classification will
be illustrated in Section V-C2 and V-C3 respectively.
Dataset and Features: There are already some event datasets,
such as the TRECVID [52]. However, the TRECVID dataset
mainly focuses on some simple and general events. In this paper,
to analyze events captured by media data with the multi-modal
and multi-domain properties, we mainly focus on 11$ complex
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TABLE IV
ILLUSTRATION OF THE EVENT NAME, DURATION TIME, AND NUMBER OF CRAWLED SAMPLES FOR EACH EVENT IN OUR EVENT DATASET

TABLE V
AVERAGE ACCURACIES OF EVENT CLASSIFICATION ON GOOGLE WITH THE HELP OF FLICKR

and public events. These 11 events are well-known all over the
world and have abundant media data captured by users. In order
to cover the whole evolutionary process of each event, we manually create the introduction page of each event or download
it from the Wikipedia.3 We then search and download related
web pages from both Google and Flickr based on the keywords
for each event. For each query, the corresponding texts (On
Flickr, they are descriptions, tags and title. On Google, they
are common web pages like news or blogs.) and corresponding
images are downloaded. The details of our collected dataset
are shown in Table IV. The collected 11 events cover a wide
range of topics including politics, economics, techniques, military and society. Totally, there are 2463 documents and 4235 images from Google, and 3183 documents and 3183 images from
Flickr. Some events are quite similar, such as “Occupy Wall
Street” and “Greek protests” with similar topics, which brings
great challenges to classification.
The textual and visual features are extracted as follows. For
text features, two preprocessing tasks are conducted. The first
task is segmenting the document to get the separate feature items
in words. The second task is to remove the stop words. After the
preprocessing, we extract the remaining words as the feature
items of the event texts. This paper takes the commonly used
vector space model to represent the text features [53]. The corresponding weights of the feature items are calculated by TF-IDF
[54]. For visual features, we adopt the popular sparse coding
based method by considering its performance and efficiency. It
includes the extraction of local descriptors, codebook design,
local descriptors coding, pooling, and a spatial layout sensitive
concatenating. The local descriptors can be obtained by densely
extracting SIFT [55] from images. The codebook (or dictionary)
is built to represent the local descriptors using K-means. For
local descriptors coding, the localized soft-assignment coding
(LSC) [56] is adopted. Max-pooling [57] is adopted to obtain
3http://www.wikipedia.org/

a compact description from the obtained codes. Finally, Spatial
Pyramid Matching (SPM), proposed in [58], is exploited to concatenate all the code vectors. For the same query with multiple
returned images, we adopt the max-pooling strategy [57] to obtain a single feature vector. The final vector of each image is
viewed as a semantic description of the image.
1) Event Classification With the Help of Flickr: The feature
representation is important for event recognition in practical applications [59]. As mentioned in Section I, a huge number of
media data are generated in the Internet with multiple modalities. These media data can be easily collected from the social
media sites like Flickr. And the uploaded images on Flickr are
always accompanied with textual information, such as, tags and
descriptions. Based on these media data on Flickr, we can learn
an event classifier. However, the domain discrepancy will influence the performance if the classifier is applied on the target
domain (Google).
In this sub-experiment, we learn domain invariant event feature representation for instances on both Flickr and Goolge domains in an unsupervised manner. The learned multiple layers
of features for each event instance through our CDFL algorithm
are concatenated together for training a classifier on the Flickr
domain. Then, we test it for event instances on Google domain.
Here, the image and text features of each event instance are
adopted simultaneously.
To evaluate our algorithm, we compare it with two unsupervised cross-domain methods, GFK [29] and mSDA [39]. To
show the best results of GFK method, we select the subspace
dimension to be 55, 105 and 350 for text, image and combined
features, respectively. The experimental results are shown in
Table V. We also report the results without considering the domain discrepancy in the first column of Table V. These results
are achieved by training an SVM classifier on source domain
and directly testing it on the target domain. To utilize the combined features, all algorithms except our method simply concatenate the image and text features together. Based on the re-
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Fig. 4. Classification accuracy comparison for each event on Google.

sults in Table V, we can see that our CDFL algorithm performs
the best compared with the three baselines. GFK method is effective for object recognition as illustrated in [29]. However,
the accuracies of GFK method are much lower than the SVM
baseline in our event classification experiment. This is probably due to the large discrepancy between visual features in
different social media sites, which contain many noisy images.
Moreover, both our CDFL and mSDA adopt marginalized denoising auto-encoder for feature learning. However, our CDFL
performs better than mSDA due to the modal correlation constraint and the cross-domain constraint, especially when using
both image and text features jointly. We also show the accuracy comparison of each event class by the combined features
in Fig. 4. We can see that, even though the CDFL-g performs
better on some event categories, our CDFL performs best on
average. This is consistent with the results of the previous experiments shown in Section V-A and Section V-B.
Finally, we show an extra comparison with the multimodal
deep learning method [40] which also deals with the multimodal
problem. The authors do not provide source code. So we implement their algorithm by ourselves and adopt the similar scheme
as mSDA for cross-domain feature learning. With the similar
architecture of a 4-layer deep autoencoder as in [40], we only
obtain 73% accuracy performance on the event dataset. The
multi-modal deep learning method [40] does not consider the
domain discrepancy, to make it suitable for the cross-domain
event classification task mentioned in Section V-C-II, we adopt
the similar scheme as [39] by training the deep autoencoder with
the instances in the Flickr domain and the Google domain. After
finishing the training of the deep autoencoder, we train an SVM
classifier with the shared feature representations on the Flickr
domain and test it on the Google domain. Since the authors of
[40] do not share their code, we implement the bimodal deep autoencoder based on a deep learning toolbox written in Matlab.4
More details about the multi-modal deep model are introduced
in following. Architecture of the deep autoencoder: In the bimodal deep autoencoder, there are two separate hidden layers
for image and text respectively which are followed with a shared
feature layer. The node number of the hidden layer for image
is 2 times the dimension of the image features while the node
number for text is 1.5 times. The node number of the second
layer (shared feature layer) is 1.5 times the total number of the
4http://www.mathworks.com/matlabcentral/fileexchange/42853-deepneural-network

nodes contained in two hidden layers for image and text. Note
that this deep structure is slightly different from the deep autoencoder proposed in [40] for video and audio inputs. Here,
we change the architecture and the parameters of the deep autoencoder through coarse tuning to improve the performance.
Training scheme: The bimodal deep autoencoder is initialized
using sparse RBMs. With the same scheme adopted in [40], we
also add examples which have zero values for one of the input
modalities (e.g., image) and original values for the other input
modality (e.g, text). For these additional examples, the deep autoencoder is still required to reconstruct both modalities (image
and text).
2) Event Classification on Flickr: In this sub-experiment,
we consider the case where only images are available for event
recognition on the Flickr domain. In this case, only visual features can be used to decide the class labels of event samples.
This is a difficult but common problem in practical applications,
because there are a huge number of photos on the social media
sites without any metadata like tags or descriptions. Here, we
attempt to use both image and text features on Google domain
to classify events on Flickr domain. The samples on Google
domain contain both text and image features while samples on
Flikcr domain only contain image features.
For this sub-experiment, the objective functions
and
are redefined as
and , respectively. Here,
,
. Different from ,
,
, and
,
formulates
the reconstruction loss of text features only on the source domain,
formulates the modal correlation only in the source
domain, and
and
consider the discrepancy between the
source domain and the target domain only for image features.
The solutions to these two optimization problems are similar to
the process as introduced in Section IV.
After feature learning via our CDFL algorithm, we adopt the
learned image features on Google domain to train a classifier
and test it for event instances with the learned image features
on Flickr domain. The experimental results shown in Table VI
verify the effectiveness of our algorithm. We can see that both
GFK and mSDA methods do not outperform the SVM which
does not consider the domain discrepancy. This is due to the
large discrepancy between Flickr domain and Google domain.
Different from these methods, our CDFL method shows much
better performance.
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TABLE VI
AVERAGE EVENT RECOGNITION ACCURACIES IN IMAGE COLLECTION ON FLICKR

Fig. 5. Accuracy versus
. Accuracies of our CDFL method with different
on the sentiment and the spam experiments.
values of

Fig. 7. Accuracy versus different

Fig. 6. Accuracy versus different

and

.

and

are both fixed to 1.

D. Parameter Analysis
Several parameters play important roles in the proposed algorithm. In this section, we show how to determine their values
and their effects on accuracy performance.
1) Effect of : The four parameters , ,
and
in
Eq. (1) are used to determine the weights of corrupted feature
reconstruction, modal correlation constraint, and cross-domain
constraint, respectively.
For the first two experiments as shown in Section V-A and
Section V-B, only the
related to the cross-domain constraint
needs to be set up while the of the reconstruction item is fixed.
In Fig. 5, we fix
and show the accuracies with different
values of
. We can see that
has a small effect on the
performance of our CDFL method. Overall, the results are quite
stable. Based on these results, we can see that it is good to set
to 0.09 and 0.03 for the sentiment experiment and the spam
experiment, respectively, due to their performances.
For the third experiment as shown in Section V-C, tuning all
these four parameters is a time consuming task. Here, we only
adopt an approximation method by tuning two parameters while
the remaining two parameters are fixed. In Fig. 6, we show the

and

.

and

are both fixed to 1.

Fig. 8. Accuracy versus number of the auto-encoders for the experiment in
Section V-C2. Accuracy of our method increases with the number of the autoencoders.

performances of the sub-experiment in Section V-C2 using different parameters
and
while
and
are fixed to 1.
In Fig. 7, we show the performances using different parameters
and
while
and
are fixed to 1. We can see that a
better performance can be achieved by setting
to 1. Meanwhile,
can be set to any values from 1 to 100 because it has
a little effect on the final performance.
Effect of : In our implementation, the corruption probability
is chosen according to the best performance on the sentiment
dataset reported in mSDA [39]. Following the setting in mSDA
[39], the is set to 0.7 in all experiments.
2) Effect of the Number of Layers: By sequentially concatenating outputs of different layers of denoisers, we get different
results. For all methods, we choose the layer number to be 5
according to the best results reported in mSDA [39]. For the
event classification experiment, a single layer autoencoder is
adopted for the mSDA method because its performance will decrease with the increase of the number of layers as shown in
Fig. 8. To further analyze the performance of our CDFL method,
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TABLE VII
COMPUTATIONAL COST (SECONDS) FOR THREE EXPERIMENTS

we show the accuracies of the sub-experiment in Section V-C2
when using a different number of layers in Fig. 8. These results
are obtained by concatenating different layers of latent features
learned by mSDA and our CDFL on the event dataset. We can
see that the accuracies by mSDA feature learning are decreased
with the increase of the number of layers. Different from the
mSDA, the accuracies of our CDFL will be improved with more
layers of auto-encoders. The reason is that the conventional
mSDA does not consider the modal differences between image
and text features. As a result, some noise will be introduced in
the learned deep layer features of the mSDA method. Different
from the mSDA, our CDFL algorithm considers the difference
and maximizes the correlations among different modalities, and
achieves better performance.

APPENDIX A
CONVEXITY OF
Firstly, we explain the convexity of the third item
Eq. (1). We rewrite
as

(30)

E. Computational Cost Analysis
In Table VII, we show the computational cost of all methods.
For each method, we give the average computational cost
of all domain transfer tasks on the preceding three experiments. For simplicity, the sentiment classification experiment
in Section V-A is denoted as sentiment, the spam filtering
experiment in Section V-B as spam. The two sub-experiments
of the third experiment about cross-domain event classification
in Section V-C are denoted as Event1 and Event2, respectively.
For the Event1 experiment, we only show the time cost of
all methods using combined features. Though two additional
constraints are used, our CDFL is only slightly slower than
the mSDA. In CDFL, we only use the linear kernel to approximate the MMD. Thus, we can obtain the closed form
solutions through marginalization which could be implemented
by simple matrix operation as in the mSDA. The CDFL-g can
not be solved in closed form due to the Gaussian kernel. The
gradient descent method dominates most of the solving time.
For both mSDA and our CDFL, the total time cost for training
features is linearly proportional to the number of auto-encoders.
All the experiments are carried out on a PC with 16G RAM
and 3.1 GHZ CPU.

in

Since
quadratic function.

is convex,

is also a convex

APPENDIX B
PARTIAL GRADIENTS
A. Partial gradients of

and

(31)
Similarly, we get the partial gradient for
(32)

VI. CONCLUSION
In this paper we proposed CDFL, an algorithm for obtaining
representations of multimedia data that have multiple modalities and come from different domains. In the formulation of our
CDFL, we introduce the modal correlation and cross-domain
constraints in the conventional marginalized denoising auto-encoders. We evaluate our CDFL on three cross-domain applications: sentiment classification, spam filtering and event classification. The experimental results demonstrate the effectiveness
and generality of our CDFL.

B. Partial Gradients of

(33)

(34)
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C. Partial Gradients of

(35)
D. Partial Gradients of
Compute the partial derivative of

with respect to

(36)
Similarly, we get the partial derivative of

with respect to

(37)
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