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Abstract—For judicial analysis, usually there are enough labeled instances for one domain, but there are few or even no
labeled instances in target domain. Therefore, to bridge the gap
between these two domains and use the sufficient source information for target analysis is important. In this paper, we focus
on developing a new deep transfer learning model to translate
the source domain information for target data classification. The
proposed model integrates the deep neural network (DNN) with
canonical correlation analysis (CCA) to derive a deep correlation
subspace for associating data across different domains. Moreover,
a new objective is designed to train the whole network jointly.
When the deep semantic representation is achieved, the shared
features of the source domain are transferred for instance classification in the target domain. Experiments on several datasets
present that the proposed method is superior to the state-of-theart methods for deep transfer learning, which is promising for
judicial data classification.
Index Terms—Deep semantic mapping; transfer learning; judicial data classification.

I. I NTRODUCTION
For judicial analysis, there are situations that plenty of
labeled data are collected in a one domain while there are
little or even no labeled data to solve learning problems
in the target domain [2,17]. For example, there are many
text descriptions for parties with individual annotations, but
there are no explanations for corresponding images. Transfer
learning, which focuses on digging the sufficient knowledge
in source domains to help task learning in a target domain, has
attracted extensive research attention in machine learning [1].
It can uses the sufficient textual information including image
annotations and documents related to the images, and extracts
the knowledge from text data (the source domain) to support
image classification in the target domain for judicial data
classification. However, in transfer learning, a tough research
problem is how to reduce differences between the source and
target domains while preserving the original data properties
[3,19].
Recent researches on transfer learning have witnessed the
appealing performances of feature-based methods, which can
learn the transformations to project instances from different
domains to a common semantic subspace where the differences
of the projected instances across domains can be reduced
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significantly. For instance, methods exploring canonical correlation analysis [4], non-negative matrix factorization [5],
collective matrix factorization [6], and latent semantic analysis
[7] were proposed to learn the latent semantic subspace
for transfer learning, and promising results were reported.
However, these methods only adopt linear transformation or
non-linear transformation with existing kernel functions to
bridge the gap across different domains. Therefore, they are
unfavorable to facilitate the knowledge transfer when there
are large distribution divergences or feature biases between
two domains.
Due to its power on identifying high-level feature representations, deep neural networks (DNN), consisting of multiple
nonlinear transformations, have captured increasing interests
in learning deep semantic structure for transfer learning [810], such as the stacked denoising auto-encoder (SDA) based
method [8] and its variants [9,10]. Moreover, task-driven,
parameter-shared and supervised deep transfer methods [1113] can achieve promising performances through learning the
parameters or features in an unified framework.
Similarly, we also propose a deep transfer learning model
for judicial data classification. First, the proposed model integrates the canonical correlation analysis (CCA) [14] with DNN
to learn a deep semantic structure of both domain-specific
and shared inter-domain representations across domains. More
specifically, in the model, multi-layers of domain-based autoencoders [15] joint by CCA are constructed and a new
optimization function is proposed to train the neural networks.
The deep semantic space is thus obtained, and the shared
features of the source domain are transferred for learning tasks
in the target domain.
II. T HE P ROPOSED D EEP T RANSFER L EARNING M ODEL
In this section, we present a new deep transfer learning
model for judicial data classification, which is composed of
multiple correlation mapping hidden layers between domains
to learn domain-specific networks and shared inter-domain
representation simultaneously.
A. Problem Formulation
For deep transfer learning, one crucial problem is to learn
the common feature representation space, in which the labeled source data can be transferred for annotating target
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Fig. 1. The proposed deep semantic mapping model.

instances. To address it, the co-occurrence data, a set of unlabeled instances existing across domains, should be collected.
Fortunately, the web pages or social networks can provide
sufficient such auxiliary data. For example, image annotations
or documents and corresponding images can be employed
as co-occurrence pairs for text-to-image transfer leaning. We
therefore can use them for shared feature space leaning across
domains.
Assuming the unlabeled data set in the target domain is
t
defined as U T = {XiT }ni=1
, the labeled data set in the
S
s
, and a co-occurrence
source domain is L = {XiS , YiS }ni=1
unlabeled data set of pairs of source and target domains is
c
, where the superscripts T and S denote
DC = {ZiS , ZiT }ni=1
the target and source domain, X and Z 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 paper is to jointly learn two deep networks
θT = {W T , bT }, θS = {W S , bS } by DC to achieve the highlevel semantic mapping space 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 θT , θS and the feature space Ω, one
can train a classifier Ψ from source domain data LS to make
prediction for target domain data U T by applying Ψ(Ω(U T )).

the hidden features of co-occurrence data Z S , Z T in forward
propagation simultaneously. Then the canonical correlation
analysis 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 correction matching between domains for
multiple layers, the high-level semantic mapping space and
domain-specific networks are obtained.
Specially, the stacked auto-encoders is employed as the
deep neural network in this paper. Given the co-occurrence
instances pairs of two domains Z S , Z T . First, they are encoded
by source and target auto-encoders to generate the hidden
representations H S(2) = f (W S(1) Z S + bS(1) ), H T (2) =
f (W T (1) Z T + bT (1) ) of these two domains, in which W S(1)
and W T (1) are the weight matrices, bS(1) and bT (1) are
the bias vectors, and f is a nonlinear activation function
(in this paper, we use the sigmoid function). After that, the
hidden features H S(2) and H T (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 promote the domain
parameters (W S , bS , 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 ℓS (W S , bS ) + ℓT (W T , bT ) − ρ(V S , V T ).

The first two terms of the objective are the reconstruction
errors for source and target domain respectively, including the
cost function and the regularization item,as shown in Eqs. (2)
and (3),
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B. Deep Semantic Mapping Mechanism for Transfer Learning
Inspired by the ability of CCA [14] that can maximize correlations between domains by deriving the projected common
subspace as a joint representation, we integrate CCA with
deep neural networks to construct a multi-layer correlation
matching model (see Fig. 1), which can identify a deep
semantic mapping representation and learn the domain-specific
networks for source and target domains.
As presented in Fig. 1, the proposed deep semantic mapping model consists of multi-layer source and target domainspecific deep learning networks joint by CCA for the deep
semantic mapping space learning. To learn the correlating
semantic space, CCA is employed to guide domain network
matching. First, the source and target domain networks learn
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where hW S ,bS (ZiS ) and hW T ,bT (ZiT ) are the output results
for each co-occurrence pair, nS and nT are the number of
layers of the source and target networks, nSl and nTl are the
corresponding number of neurons in layer l, and λS and λT
are the trade-off parameters.
The third item in Eq. (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,
S
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in which ΣST = AS(l) AT (l) , ΣSS = AS(l) AS(l) and
T
ΣT T = AT (l) AT (l) .
By minimizing the model (1), we can joint train the domain
matching networks θT = {W T , bT }, θS = {W S , bS }. When
multiple layers of the networks are learned, the high-level
semantic mapping subspace between domains can be obtained
by the top layer CCA. The flow chart of the proposed deep
semantic mapping model training is presented in Fig. 2.
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Fig. 2. The flow chart for training the proposed deep semantic mapping
model.

After the deep semantic mapping subspace is obtained, the
source labeled features can be transferred for target tasks
prediction. The details of deep transfer learning model is
summarized in Algorithm 1.
III. E XPERIMENTS
In this section, the proposed deep transfer learning method
is evaluated for face recognition and text-to-image classification in judicial processes. The Yale1 and Wikipedia [16]
databases are used to simulate the classification tasks for
judicial analysis. The settings and results of the experiments
are discussed in the following subsections.
A. Experimental Settings
The proposed algorithm is tested on the Yale and Wikipedia
datasets. Yale dataset consists of 165 grayscale images for 15
individuals in GIF format. For each individual, there are 11
images, one per different facial expression or configuration,
including w/glasses, w/no glasses, center-light, left-light, rightlight, normal, happy, sad, sleepy, surprised and wink. For
each image, it can be represented by 32*32 and 64*64 pixels
1 http://www.cad.zju.edu.cn/home/dengcai/Data/FaceData.html

Algorithm 1 : The proposed deep transfer learning model.
Input: The co-occurrence domain data pairs DC =
c
{ZiS , ZiT }ni=1
, the labeled source domain data LS =
S
S ns
{Xi , Yi }i=1 and unlabeled target domain data U T =
t
{XiT }ni=1
, the domain networks θT = {W T , bT }, θS =
S S
{W , b } and the correlation coefficients V S , V T between domains.
t
Output: The labels {YjT }nj=1
for target domain instances.
1: Train the joint auto-encoders θ T and θ S and the correlation coefficients V S , V T layer by layer for two domains
c
as presented in Fig. 2;
with inputs {ZiS , ZiT }ni=1
ns
2: The labeled source instances {XiS }i=1
is transformed to
S ns
{Hi }i=1 in the common semantic subspace Ω based on
the learned source domain network θS and the projection
vector V S ;
3: The classifier Ψ is trained on the labeled source semantic
s
features {HiS , YiS }ni=1
;
nt
4: The unlabeled target instances {XjT }j=1
is transformed to
n
t
{HjT }j=1
in the common semantic subspace Ω based on
the learned target domain network θT and the projection
vector V T ;
nt
t
5: The labels {YjT }j=1
for {XjT }nj=1
are predicted by
T nt
Ψ({Hj }j=1 );

respectively, which are the domains for transfer learning.
Wikipedia dataset is extracted from the “Wikipedia Feature
Articles”, in which each instance is represented by a textimage pair. As described in [16], it contains 2,866 instances
of 10 top most populated categories. For the textual domain,
the instances are defined based on the probability of the topic
assignment in the whole dataset. Hence, each instance can be
described by a 10-D vector. Regarding the visual domain, all
images can be converted to the 128-D bag of words features
corresponding to SIFT descriptions.
The proposed method combines domain-specific networks with CCA and constructs multi-layer semantic mapping
model to jointly learn the high-level representation between
the source and target domains, and further builds the target
classifier by SVM with the new representation. Therefore,
the following three methods, CCA-SVM [14], KCCA-SVM
[2] and DCCA-SVM [18], also employ the CCA correlating,
are adopted as the comparison methods. We compare these
methods and discuss them in the next subsection.
(i) CCA-SVM: It employs CCA to determine a common
representation for the source and target domain data by linear
transformation, so that the SVM can be applied on the learned
features in the source domain to build the classifier for
predicting labels of target instances.
(ii) KCCA-SVM: The KCCA, applying non-linear transformation with kernel functions, is employed to learn the shared
representation space between the source and target domains.
Then the SVM is employed on the shared features of the
source domain to annotate target instances’ labels.
(iii) DCCA-SVM: The DCCA computes representations of

Fig. 3. Classification accuracies of the 45 binary tasks on Yale dataset.

Fig. 4. Average accuracy results of the 10 categories on Yale dataset.

the two domains by passing them through multiple stacked
layers of nonlinear transformation. The CCA is employed on
the output layers to update the domain networks simultaneously, to make them maximally correlated. In this way, the
transformed source domain instances can be used for target
prediction by SVM.
In this paper, the classification performance is measured by
accuracy, which is defined as
nt
/
∑
T
accuracy =
δ(YjT , Yc
(5)
j ) nt ,
j=1
T
in which YjT is the true label of instance XjT , Yc
j is the
corresponding predicted label, and nt is the number of testing
cT
T
T
instances in the target domain. δ(YjT , Yc
j ) = 1 if Yj = Yj ,
otherwise δ(Y T , YcT ) = 0. The higher the accuracy is, the
j

j

Fig. 5. Classification accuracies of the 10 binary tasks on Wikipedia dataset.

better classification performance the method yields.
B. Experimental Results and Discussion
In the first experiment, we test the methods on Yale dataset,
in which the different features of images with different pixels
can be viewed as different domains. Specifically, the 32*32
pixel features are utilized as the source domain to transfer
knowledge to classify the target domain images represented in
2
= 45) binary classification
64*64 pixels. We construct 45 (C10
tasks of the first 10 categories in Yale. Each experiment is
repeated 10 times by randomly selecting the instances, and
mean values of the experimental results are calculated. Figs.
3 and 4 give the average classification accuracies of all the 45
binary classification tasks and the 10 categories.
In the second experiment, we conduct a text-to-image
transfer leaning task, in which the text features are transferred
to support the classification of image features, using the
Wikipedia dataset. In this experiment, five subject categories,
art&architecture, sport, literature, biology 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. We conduct 10 (C52 ) binary classification
tasks of the 5 categories by the given compared methods.
All tasks are repeated 10 time by randomly sampling the
instances, and the average classification results over all tasks
and categories are presented in Figs. 5 and 6.
It can be seen from Figs. 3-6 that our proposed method
outperforms other methods on these two datasets, even though
there is no training instances for task learning in target domain.
Moreover, we can note that deep transfer learning methods, our
method and DCCA-SVM, are much superior to the compared
shallow transfer learning methods, KCCA-SVM and CCASVM, and the nonlinear method, KCCA-SVM, is better than
the linear method, CCA-SVM, for shallow transfer learning.
Such observations imply that the use of nonlinear transformation, especially multi-layer nonlinear transformation, can
introduce additional capability in separating and representing
lower dimensional instances.
From Figs. 3 and 4, we can observe that our method has similar accuracy results with DCCA-SVM on Yale dataset, but the

Fig. 6. Average accuracy results of the 5 categories on Wikipedia dataset.

accuracies of our method are much higher than DCCA-SVM
on Wikipedia dataset (see Figs. 5 and 6). This is because both
domains describe the same images with different resolutions
on Yale dataset, thus the domain gap is not big. However, on
Wikipedia dataset, we conduct a text-to-image transfer leaning
task, using the text features to support the classification of
image features, so the domain gap is big. Hence, we can
conclude that our method is promising to bridge the gap
between domains, especially for heterogeneous domains. More
important, from the cross-domain classification tasks tested in
the experiments, the effectiveness and robustness of our deep
heterogeneous transfer learning model are illustrated.
IV. C ONCLUSION
In this paper, a new deep transfer learning model has been
proposed for judical data classification. In the proposed model,
we train the multi-layer domain-correlated networks on the cooccurrence data by approaching canonical correlation analysis
in each layer. 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 employed on the learned representations of labeled
source instances to train a classifier and predict the label information of the testing target instances. An efficient optimization
function is proposed to solve the proposed model. Experiments
conducted on the Yale and Wikipedia datasets present that
our method outperforms the state-of-the-art methods, thus it
is suitable for classification of judical data with no annotations.
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