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Abstract—In cross-lingual text classification problems, it is
costly and time-consuming to annotate documents for each
individual language. To avoid the expensive re-labeling process,
domain adaptation techniques can be applied to adapt a learn-
ing system trained in one language domain to another language
domain. In this paper we develop a transductive subspace
representation learning method to address domain adaptation
for cross-lingual text classifications. The proposed approach
is formulated as a nonnegative matrix factorization problem
and solved using an iterative optimization procedure. Our
empirical study on cross-lingual text classification tasks shows
the proposed approach consistently outperforms a number of
comparison methods.

Keywords-domain adaptation; cross-lingual text classifica-
tion; representation learning.

I. I NTRODUCTION

In cross-lingual text classification (CLTC) [1], it is costly
and time-consuming to annotate documents for each individ-
ual language. To avoid the expensive re-labeling process, it
is important to effectively adapt a learning system trained
in one language (the source domain), which has plenty
of labeled data, for another language (the target domain),
where labeled data are scarce. Previous work on cross-
lingual text classification tasks mainly relied on machine
translations [2], [3], [4], since the two domains have different
feature representation spaces. However, even with translated
documents, domain divergence still exists in the form of
feature distribution divergence due to the differences in cul-
ture, linguistic expression, and people’s interest in different
language regions. Domain adaptation techniques thus can be
applied to address cross-language adaptations [3], [5], [6].

A major issue in domain adaptation is to minimize domain
divergence to facilitate knowledge transfer from source
domain to target domain. Many domain adaptation methods,
including covariate shift methods [7], [8], [9] and feature
representation learning methods, have been developed to
bridge the domain divergence gap. It has been shown in
a recent theoretical work that a good cross-domain feature
representation is crucial for effective domain adaptation[10].
Previous work [11] demonstrates that a representation for
successful domain adaptation must simultaneously maintain
low values for both training error and domain divergence.

Recently, several approaches have been proposed to learn
generalizable features from the source and target domains,

including structural correspondence learning (SCL) [12],
coupled subspace learning (CSL) [13], and feature aug-
mentation methods [14], [15]. They all demonstrated good
empirical performance for a variety of cross domain pre-
diction tasks. However, the SCL and CSL methods reduce
domain divergence and minimize training error sequentially
instead of simultaneously. This inevitably leads to subop-
timal representations for the given prediction task since
the induced latent features do not convey task specific
discriminative information. The EASYADAPT (EA) [14]
and the co-regularization based semi-supervised extension
of EA (EA++) [15], on the other hand, simultaneously
minimize both domain divergence and training error. They
however try to separate common features across domains
from domain-specific features in the original feature space,
instead of inducing common predictive feature represen-
tations. Moreover, all these approaches are unsuitable for
domain adaptation tasks where the feature spaces of the two
domains are different. For cross-lingual text classification
tasks, although we can still employ these methods on the top
of machine translation tools, they nevertheless suffer from
the information loss and translation errors introduced in the
machine translation process.

Multi-view learning methods in combination with ma-
chine translation have also been applied on cross-lingual
text classification tasks recently, including co-training
[16], multi-view majority voting [1], and multi-view co-
regularization [17]. These method can exploit original doc-
uments in both the source and target domains, and thus can
alleviate the problem of information loss and translation
error. However, they mostly work on the original feature
space of each language, without effectively addressing the
feature distribution divergence problem between the original
and translated documents in each language.

In this paper, we generalize one primary assumption of
covariate shift methods for domain adaptation to tackle
cross-lingual text classifications. We propose a transductive
subspace representation learning method for domain adap-
tation with heterogeneous cross-domain feature spaces. We
assume there is a shared latent subspace representation over
the two domains, such that one common prediction function
can be learned from the shared representation for both
domains. Identifying such a common latent representation



will automatically bridge the domain divergence gap. Our
approach requires a translation tool to translate instances
from one domain into the other domain. For cross-lingual
text classification tasks, we use machine translation to
translate texts across languages. Thus each text article is
represented by two parallel instances, as two views of it.
We then formulate the transductive subspace representation
learning and the common prediction function training as
one joint optimization problem over two-view data, which
simultaneously minimizes both domain divergence and train-
ing error. The formulated problem is a special transductive
nonnegative matrix factorization (NMF) problem, which not
only can exploit information from two domains, but also
can exploit information from both labeled and unlabeled
instances. We develop an iterative optimization procedureto
solve the problem for a local optimal solution. Our empirical
results on cross-lingual text classification tasks suggestthe
proposed approach consistently outperforms several compar-
ison methods.

II. M AIN APPROACH

In this section, we present a novel latent subspace repre-
sentation learning method to conduct domain adaptation for
domains with different feature spaces.

A. Motivation

A fundamental assumption behind many standard domain
adaptation methods is that the two domains share the same
conditional distribution, i.e.,PS(Y |X = x) = PT (Y |X =
x), but the marginal distributions vary across domains,
PS(X = x) 6= PT (X = x). The problem of the marginal
distribution varying has been widely studied as covariate
shift [7], [8], [9]. However, the assumption of a common
conditional distribution is obviously very constrictive and
cannot hold when the two domains have different feature
spaces. We propose to generalize this assumption to address
heterogeneous feature spaces based on their common latent
subspace representations. Specifically, we assume there isa
shared latent subspace representation spaceZ instead of a
shared conditional distribution over the two domains, such
that one common prediction function,f : Z → Y (or a
conditional distributionP (Y |Z)), can be learned for both
domains. Note a latent subspace representation vectorz

can correspond to different feature representation vectors in
different domains. Thus the generalized latent representation
based assumption holds for domain adaptations with either
homogeneous or heterogeneous feature spaces. It is obvious
that identifying such common latent representations will
automatically bridge the domain convergence gap.

Like many domain adaptation methods developed for
cross-lingual text classifications where two domains have
different feature spaces, we require the assistance of machine
translation tools. We first use machine translation tools to
translate each instance in one domain into a parallel instance

in the other domain. Thus each text article is represented by
two instances as two views. Different from many multi-view
learning methods exploited in cross-lingual text classifica-
tions, we try to capture the deep underlying predictive data
structure shared by the two views. We formulate the common
latent subspace representation learning and the common pre-
diction function training as one joint optimization problem in
form of nonnegative matrix factorization, which simultane-
ously minimizes both domain divergence and training error.
Such an optimization objective is supported by previous
theoretical work in domain adaptation [11].

B. Notation and Setting

Let Xs = [Xℓ
s ;X

u
s ] ∈ IRns×ds

+ denote the nonnegative
data matrix from the source domain, whereXℓ

s is the labeled
submatrix andXu

s is the unlabeled submatrix. Letyℓ
s ∈

{+1,−1}ls denote the corresponding label vector. Similarly,
let Xt = [Xℓ

t ;X
u
t ] ∈ IRnt×dt

+ denote the nonnegative data
from the target domain, whereXℓ

t is the labeled submatrix
and Xu

t is the unlabeled submatrix, andyℓ
t ∈ {+1,−1}lt

denote the corresponding label vector. Typically we assume
there are much more labeled instances in the source domain
than in the target domain, i.e.,ls > lt.

For the source data matrixXs, we can construct its
parallel viewX̂s in the target domain using a transformation
tool. Similarly, forXt we can construct its parallel vieŵXt

in the source domain. Collecting everything together, we
have parallel data in two views:X1 = [Xℓ

s ; X̂
ℓ
t ;X

u
s ; X̂

u
t ] ∈

IRn×ds

+ , andX2 = [X̂ℓ
s ;X

ℓ
t ; X̂

u
s ;X

u
t ] ∈ IRn×dt

+ , with labels
yℓ = [yℓ

s;y
ℓ
t ] ∈ {+1,−1}l.

C. Predictive Latent Subspace Representation Learning with
Non-Negative Matrix Factorization

To address the cross-lingual text classification problem,
where the data in two languages are both represented using
nonnegative features, but in different feature spaces, we
extend the nonnegative matrix factorization [18] in two
ways: discovering common low-dimensional representations
from parallel data expressed in different feature spaces, and
incorporating discriminative label information.

Given parallel data matricesX1 andX2, we aim to find
a common latent subspace representation matrixZ for them
such that the original data information can be maximally
preserved by enforcingX1 ≈ ZΘ1 and X2 ≈ ZΘ2 for
nonnegative subspace matricesΘ1 andΘ2, while enabling
a good prediction model to be learned fromZ with minimal
training error.

Let Zℓ denotes the subset ofZ corresponding to the
labeled part ofX1 andX2, i.e., the firstl rows of X1 and
X2. For a latent vectorz, we assume a linear prediction
function

f(z) = z⊤w + b (1)



where w is a m × 1 parameter vector, andb is a bias
parameter. Using a least squared loss function we formulate
a joint learning problem as below

min
w,b,Z,Θ1,Θ2

‖yℓ − Zℓw − b1‖2 + β‖w‖2 (2)

+α1‖X1 − ZΘ1‖
2
F + α2‖X2 − ZΘ2‖

2
F

subject to Θ1 ≥ 0, Θ2 ≥ 0, Z ≥ 0

where Z is a n × m nonnegative latent matrix,Θ1 is a
m×ds matrix, andΘ2 is am×dt matrix; 1 denotes al×1
vector with all 1 entries;‖ · ‖F denotes a Frobenius matrix
norm. This objective function contains three components:
a L2-norm regularized least squared training loss, and two
matrix reconstruction losses. We expect this minimization
problem will capture the intrinsic structure of the two view
data and provide task-specific discriminative representation
for learning the target prediction model.

First, we solve the minimization problem with respect
to w and b given other variables fixed. By setting the
derivatives of the objective function with respect tow and
b to zeros, we obtain the following closed-form solutions

b =
1

l
1⊤(yℓ − Zℓw) (3)

w = (Zl⊤HZℓ + βI)−1Zl⊤Hyℓ (4)

whereH = I − 1

l
11⊤ is a l × l matrix, andI is a l × l

identity matrix. Plugging (3) and (4) back into the objective
function, we obtain the following optimization problem

min
Z,Θ1,Θ2

α1‖X1 − ZΘ1‖
2
F + α2‖X2 − ZΘ2‖

2
F (5)

−yl⊤HZℓ(Zl⊤HZℓ + βI)−1Zl⊤Hyℓ

subject to Θ1 ≥ 0, Θ2 ≥ 0, Z ≥ 0.

Let B = [I,Ol,u] whereOl,u is a l × u matrix with all
zero values, such thatZℓ = BZ. Let A = HB. Then the
optimization problem (5) can be rewritten as

min
Z,Θ1,Θ2

L = α1‖X1 − ZΘ1‖
2
F + α2‖X2 − ZΘ2‖

2
F

−yl⊤AZ(Z⊤A⊤AZ + βI)−1Z⊤A⊤yℓ (6)

subject to Θ1 ≥ 0, Θ2 ≥ 0, Z ≥ 0.

The objective function of the semi-supervised optimiza-
tion problem above has two matrix factorization terms, one
for each view. The third term takes the discriminative label
information from both domains into account, which only
involves the small set of labeled data and has a matrix in-
version term over am×m matrix. Later we will show in our
experiments,m can be a small number, e.g.,m = 20. Thus
the computational complexity of the optimization problem
above is not much higher than the standard NMFs.

III. O PTIMIZATION ALGORITHM

The optimization problem formulated above can be
viewed as a transductive nonnegative matrix factorization
(NMF) problem. However, the simple multiplicative updates
used in standard nonnegative matrix factorizations cannotbe
directly applied here due to the fact that our objective func-
tion is much more general with a matrix inverse term. We
develop aniterative projected gradient descentoptimization
algorithm to solve it for a local optimal solution.

Let L(Z,Θ1,Θ2) denote the objective function in (6).
Starting from some initial feasible values{Z,Θ1,Θ2}, in
each iteration we sequentially update each parameter matrix
using a projected gradient descent method to minimize the
objective function. To facilitate the algorithm presentation
below, we define a general projection function

Proj(X; C) = argmin
M :M∈C

‖M −X‖2F (7)

which projects a given matrixX into the constraint setC.

A. UpdateZ

In each iteration, given the current values ofZ, Θ1 and
Θ2, we updateZ in the following way to improve the
objective functionL. First we compute the derivative ofL
with respect toZ,

∂L

∂Z
= 2α1ZΘ1Θ

⊤
1 − 2α1X1Θ

⊤
1 + 2α2ZΘ2Θ

⊤
2 (8)

−2α2X2Θ
⊤
2 − 2A⊤yℓyl⊤AZQ

+2A⊤AZQZ⊤A⊤yℓyl⊤AZQ

whereQ = (Z⊤A⊤AZ + βI)−1. Let CZ = {M : M ∈
R

n×m,M ≥ 0}. We then updateZ along its gradient
direction and project the updated matrix into the feasible
setCZ ; i.e.,

Z = Proj

(
Z − τ∗

∂L

∂Z
; CZ

)
(9)

whereτ∗ is an optimal stepsize parameter. The projection (9)
has a simple closed-form solutionZ = max(Z − τ∗ ∂L

∂Z
, 0).

Moreover, following the principle of standard NMF [18], we
ensure1⊤Z1 = 1 to remove the scale factor betweenZ and
Θ1,Θ2. This can be simply achieved by taking a default step
Z = Z/(1⊤Z1) following each projection operation. The
optimal stepsizeτ∗ can be determined using a backtracking
line search procedure by minimizing the objective function;
that is,

τ∗ = argmin
0<τ≤1

L

(
Proj

(
Z − τ

∂L

∂Z
; CZ

)
,Θ1,Θ2

)
(10)



Algorithm 1 A Projected Gradient Descent Algorithm

Input: parallel data matricesX1 andX2; labelsyℓ;
initial Z, Θ1 andΘ2;
control parametersα1, α2, β, ǫ > 0.

Procedure:
for iter = 1 to maxitersdo

• Set Ẑ = Z, Θ̂1 = Θ1, Θ̂2 = Θ2

• UpdateZ according to Eq. (9)
• SetZ = Z/(1⊤Z1)
• UpdateΘ1,Θ2 according to Eq. (12)
• Setσz = ‖Ẑ − Z‖F , σj∈{1,2} = ‖Θ̂j −Θj‖F ,

σL = |L(Ẑ, Θ̂1, Θ̂2)− L(Z,Θ1,Θ2)|
• if (σz < ǫ) · (σ1 < ǫ) · (σ2 < ǫ) · (σL < ǫ)

then breakend if
end for

B. Update{Θ1,Θ2}

Next, we update eachΘi for i ∈ {1, 2} using a projected
gradient descent procedure as well. The derivative ofL
regardingΘi can be computed as

∂L

∂Θi

= 2αiZ
⊤ZΘi − 2αiZ

⊤Xi (11)

Let CΘi
= {M : M ∈ R

m×di ,M ≥ 0}, where d1 =
ds, d2 = dt. ThenΘi can be updated by

Θi = Proj

(
Θi − τ∗

∂L

∂Θi

; CΘi

)
(12)

whereτ∗ is an optimal stepsize parameter. Similar as above,
a simple closed-form solution exists for (12), and the step-
size parameterτ∗ can be found by using a backtracking line
search to minimize the objective function.

We iteratively updateZ, Θ1, andΘ2 as described above
until local convergence is reached. The overall projected
gradient descent algorithm is presented in Algorithm 1.

After solving for a local optimal solution{Θ1,Θ2, Z}, the
prediction model parametersw andb can be recovered using
equations (4) and (3) respectively. An unlabeled instancezu

can then be classified usingf(zu) = zu⊤w + b.

IV. EXPERIMENTS

In this section, we report our experimental results over
cross lingual text classification tasks.

A. Experimental Setting

Our experiments are conducted on the cross-lingual text
classification (CLTC) dataset used in [1]. This dataset is
a comparable corpus constructed with data sampled from
Reuters RCV1 and RCV2, which contain newswire arti-
cles written in5 languages, namely, English(E), French(F),
German(G), Italian(I) and Spanish(S), distributed over 6
classes. In this multilingual corpus, each original document
was translated into the other 4 languages using a statistical

machine translation system. The following preprocessing
steps are conducted, including lowercasing all tokens, re-
moving non-alphanumeric tokens, mapping digits to a single
digit token, and filtering out the stopping words and tokens
occurring in less than 5 documents. All documents are
represented using TF-IDF features.

We aim to study cross-lingual text classification between
multiple languages, especially between English the other 4
languages. Towards this goal, we constructed a set of binary
cross-lingual classification tasks. We selected two classes,
CCAT and ECAT, to form a binary classification problem.
From all instances in these two classes, we randomly
selected 2000 instances for each class in each language
to use as our experimental data. From the 5 languages,
we constructed 20 cross lingual binary classification tasks
as shown in Figure I, one for each source-target pair of
languages; for example, the taskE2F means that the source
domain isEnglishand the target domain isFrench.

Approaches.We compared the following 7 cross domain
classification approaches in our experiments. All of them
used least squared predictors as base classifiers and were
tested on the unlabeled instances in the target domain.

• TVT : a baseline approach that trains a classifier only
on the labeled target instances.

• TVST: a baseline approach that trains a classifier on
both the labeled target instances and the translated
labeled instances from the source domain.

• EA: the EASYADAPT approach developed in [14]. It
uses a synthetic source domain formed by translating
the labeled data in the original source domain into the
target language.

• EA++: the co-regularization based semi-supervised do-
main adaptation approach developed in [15]. It uses
a synthetic source domain formed by translating all
instances in the original source domain into the target
language.

• CSL: the coupled subspace learning approach devel-
oped in [13]. It uses the same synthetic source domain
as the EA++ above.

• MVCC : the semi-supervised version of the multi-
view co-classification method [17], which penalizes the
disagreement of the two view predictions on unlabeled
data. It uses all parallel data in both source and target
domains constructed by translating instances in each
domain into the other domain.

• NMF : Our proposed domain adaptation approach.

B. Classification Results

For each of the 20 CLTC tasks constructed with different
pairs of languages, we randomly chose 900 labeled and 100
unlabeled instances from the source domain, and chose 100
labeled and 900 unlabeled instances from the target domain
to conduct each experiment. The translated parallel view of
each instance in the alternative domain was produced using



Table I
AVERAGE ACCURACY±STANDARD DEVIATION RESULTS OVER10 RUNS FOR20 CLTC TASKS.

Tasks TVT TVST EA EA++ CSL MVCC NMF
E2F 79.00± 0.66 79.66± 0.63 78.33± 1.00 79.39± 0.66 73.93± 2.83 81.61± 0.56 82.77± 0.71

E2G 76.49± 0.42 74.82± 0.63 75.18± 0.68 74.64± 0.66 75.76± 3.28 81.52± 0.59 82.77± 0.71

E2I 80.37± 0.60 77.39± 0.72 79.97± 0.87 77.17± 0.79 76.14± 1.43 81.72± 0.77 84.10± 0.79

E2S 85.63± 1.45 85.50± 0.90 84.17± 1.38 84.66± 0.99 78.52± 2.11 89.46± 0.46 91.09± 0.82

F2E 77.14± 1.10 80.43± 0.53 77.84± 0.97 79.84± 0.53 73.49± 2.43 80.31± 0.64 84.28± 0.47

F2G 77.56± 0.60 75.44± 0.85 77.78± 0.63 75.34± 0.77 81.64± 0.94 82.60± 0.69 82.34± 0.51

F2I 80.37± 0.60 77.39± 0.72 76.48± 0.89 76.70± 0.79 76.14± 1.43 80.70± 0.48 84.10± 0.79

F2S 85.44± 1.23 85.93± 0.84 83.21± 1.20 85.60± 0.54 76.39± 3.44 89.73± 0.50 91.08± 0.40

G2E 76.64± 0.98 78.22± 0.78 76.14± 2.35 77.91± 0.74 77.96± 1.16 78.76± 0.67 79.87± 0.57

G2F 76.06± 0.53 77.09± 0.56 76.93± 0.43 76.99± 0.55 77.89± 0.87 78.96± 0.51 80.97± 0.67

G2I 79.94± 0.73 78.96± 0.89 79.40± 1.12 79.18± 0.76 75.48± 3.13 80.94± 0.75 81.19± 0.65

G2S 86.59± 1.03 86.04± 0.45 85.59± 0.63 85.49± 0.46 62.26± 2.83 86.76± 0.44 89.23± 1.87

I2E 77.11± 0.93 76.77± 0.60 78.93± 0.67 76.48± 0.58 70.41± 2.61 77.42± 0.86 78.58± 0.70

I2F 77.07± 0.48 78.40± 0.65 77.84± 0.69 78.19± 0.65 74.01± 2.57 78.63± 0.53 79.81± 0.53

I2G 77.58± 0.51 77.37± 0.41 78.69± 0.40 77.38± 0.27 76.72± 2.34 80.64± 0.36 82.36± 0.57

I2S 86.87± 1.13 87.74± 0.37 85.26± 1.10 87.09± 0.41 75.98± 2.48 89.86± 0.46 90.11± 0.51

S2E 74.29± 1.05 74.84± 0.51 69.44± 2.89 75.29± 0.48 74.17± 1.18 78.98± 0.45 78.90± 0.81

S2F 76.22± 0.56 77.21± 0.59 76.39± 0.57 77.39± 0.59 75.59± 2.55 79.74± 0.41 81.42± 0.46

S2G 76.86± 0.44 74.10± 0.80 73.58± 0.75 74.24± 0.64 77.83± 1.02 80.31± 0.53 80.49± 0.95

S2I 79.22± 1.02 78.32± 0.78 80.04± 0.65 78.54± 0.90 73.41± 2.84 83.87± 0.47 85.56± 0.69
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Figure 1. Classification accuracy results with different latent dimensions for 6 CLTC tasks.

machine translation. Thus finally each of the two view data
matrices contains 2000 documents. For the two approaches,
CSL and NMF, that learn latent feature representations, we
set the dimension of the latent features as 20. The proposed
NMF approach is not sensitive to theL2 regularization
parameterβ, and we treated the two parallel views in a
similar way. Thus we usedα1 = 0.5, α2 = 0.5, β = 0.0001
for NMF. We repeated each experiment10 times based on
different random selections of source and target instances.
The average test results on unlabeled (during training) target
data, measured in term of accuracy, are reported in Table I.

From Table I, we can see that by simply exploiting
translated labeled source data, TVST does not consistently
outperform TVT. Comparing to the simple monolingual
methods, TVT and TVST, the domain adaptation methods,
EA, EA++ and CSL, lead to improved performances on
some of the 20 tasks, but there are no consistent advantages.
The multi-view method (MVCC), which exploits original
data and translated data in both domains, demonstrates
superior performance on most tasks, comparing to the base-
line and domain adaptation methods. The proposed NMF,
which combines multi-view learning and domain adaptation



in one model, makes further advances. It outperforms the
domain adaptation methods on 19 out of the 20 tasks, and
outperforms the multi-view method on 18 out of the 20
tasks. These results suggest that domain divergence exists
between the translated data and the original data in the
same feature space, and machine translation is far from
ideal in CLTC tasks. Thus the proposed technique that
exploits the original data in both domains to alleviate the
information loss of machine translation and learns a common
subspace representation from two domains has advantages
over methods that does not properly consider either original
data or domain adaptation.

C. Robustness to Latent Dimensionality

Next we empirically studied the influence of latent di-
mension size over the two representation learning based
methods, CSL and NMF, on a few tasks. We used the
same data and experimental setting stated above for a set of
different latent dimension sizes,m = {10, 20, 30, 40, 50}.
The average classification accuracy results are presented in
Figure 1. We can see the proposed approach NMF is less
sensitive to latent dimension size and it is more effective
than CSL across the range of latent dimension sizes.

V. CONCLUSION

In this paper we generalized the covariate shift assumption
into heterogeneous cross-domain feature spaces by assuming
a latent low dimensional representation is shared by both
domains. We developed a novel predictive latent subspace
representation learning approach to address domain adap-
tation problems with different feature spaces, in particular
cross-lingual text classifications. The proposed approach
conducts latent subspace representation learning and com-
mon prediction function training jointly in one nonnegative
matrix factorization (NMF) problem, which simultaneously
minimizes both domain divergence and training error. We
developed an iterative optimization procedure to solve the
problem for a local optimal solution. Our empirical results
on cross-lingual text classification tasks suggest the proposed
approach consistently outperforms a few baseline methods
and some existing multi-view learning and domain adapta-
tion methods.
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