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ABSTRACT
This paper studies a new machine learning strategy called co-transfer
learning. Unlike many previous learning problems, we focuson
how to use labeled data of different feature spaces to enhance the
classification of different learning spaces simultaneously. For in-
stance, we make use of both labeled images and labeled text data
to help learn models for classifying image data and text datato-
gether. An important component of co-transfer learning is to build
different relations to link different feature spaces, thusknowledge
can be co-transferred across different spaces. Our idea is to model
the problem as a joint transition probability graph. The transition
probabilities can be constructed by using the intra-relationships
based on affinity metric among instances and the inter-relationships
based on co-occurrence information among instances from differ-
ent spaces. The proposed algorithm computes ranking of labels to
indicate the importance of a set of labels to an instance by propa-
gating the ranking score of labeled instances via the randomwalk
with restart. The main contribution of this paper is to (i) propose a
co-transfer learning (CT-Learn) framework that can perform learn-
ing simultaneously by co-transferring knowledge across different
spaces; (ii) show the theoretical properties of the random walk for
such joint transition probability graph so that the proposed learning
model can be used effectively; (iii) develop an efficient algorithm to
compute ranking scores and generate the possible labels fora given
instance. Experimental results on benchmark data (image-text and
English-Chinese-French classification data sets) have shown that
the proposed algorithm is computationally efficient, and effective
in learning across different spaces. In the comparison, we find that
the classification performance of the CT-Learn algorithm isbetter
than those of the other tested transfer learning algorithms.

Categories and Subject Descriptors
I.2.6 [Learning]: Induction; H.2.8 [Database Applications]: Data
mining

General Terms
Algorithms,Experimentation,Theory
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1. INTRODUCTION
Conventional machine learning considers the availabilityof a

large amount of labeled data to train a model in the same instance
or feature space. In many data mining applications, labeleddata
is limited and very expensive to obtain. Various machine learning
strategies [18, 2, 16, 13, 12, 7] have been proposed. Recently, trans-
fer learning [10] has been developed to handle the situationthat a
classification task is considered in one domain, but we have training
data in another domain where the latter data may be in a different
feature space or follow a different data distribution. Transfer learn-
ing makes use of knowledge transfer from a source domain to a
target domain to enhance the performance of learning by avoiding
much expensive data-labeling efforts. The main aim of this paper
is to study a co-transfer learning framework that can perform learn-
ing simultaneously by co-transferring knowledge across different
feature spaces.

1.1 Problem Definition
LetX (i) be thei-th instance space(i = 1, 2, · · · , N). In thei-th

instance space, each instancex
(i)
k is represented by ami-dimensional

feature vectory(i)
k in thei-th feature spaceY(i). Here we consider

X (i) 6= X (i′) andY(i) 6= Y(i′) for i 6= i′1. In the problem,
L(i) = {x

(i)
k , C

(i)
k }n̄i

k=1 is a labeled training data set whereC
(i)
k

(⊂ C(i)) is the set of true class labels ofx
(i)
k andC(i) is the set of

all class-labels ofX (i). For a single class label,|C(i)
k | = 1; for a

multi-class label,|C(i)
k | > 1. For simplicity, the number of classes

in C(i) is equal toc for eachi.
The unlabeled test data setU(i) is a set of̂ni samples{x(i)

k }n̄i+n̂i

k=n̄i+1.
The Co-Transfer Learning(CT-Learn) problem is to trainN dif-
ferent classifiers simultaneously to predict a single classor multi-
class label of test instancesx(i)

k in U(i) (i = 1, · · · , N , k =

n̄i + 1, · · · , n̄i + n̂i) by using all labeled instancesx(i)
k in L(i)

(i = 1, · · · , N , k = 1, · · · , n̄i).
For example,x(i)

k is a visual image andx(j)
l is a text document,

y
(i)
k is a SIFT-descriptor vector to represent a visual image andy

(j)
l

is a term vector to represent a text document. Given a set of labeled
images and labeled text documents, we would like to learn models
for classifying unlabeled images and text documents together. On
the other hand,x(i)

k is a English text document andx(j)
l is a Chinese

1This is different from multi-view learning.



text document,y(i)
k is a English-term vector to represent a English

text document andy(j)
l is a Chinese-term vector to represent a Chi-

nese text document. Given a set of labeled English and Chinese text
documents, we would like to learn models for classifying unlabeled
English and Chinese text documents together.

The co-transfer learning problem is different from the transfer
learning problem [10] where source space and target space are usu-
ally set. In our setting, we focus on how to use labeled data of
different feature spaces to enhance the classification of different
learning spaces simultaneously.

1.2 The Contribution
An important component of co-transfer learning is to build dif-

ferent relations to link different feature spaces, thus knowledge can
be co-transferred across different spaces. Our idea is to model
the problem as a joint transition probability graph. The transition
probabilities can be constructed by using the intra-relationships
based on affinity metric among instances and the inter-relationships
based on co-occurrence information among instances from differ-
ent spaces. Such co-occurrence informationo

(i,j)
k,l betweenx(i)

k in

X (i) andx
(j)
l in X (j). For simplicity, we seto(i,i)

k,l = 0 and let

O(i,j) = {o
(i,j)
k,l }. It is clear thatO(i,j) = O(j,i) ando

(i,j)
k,l =

o
(j,i)
l,k . For example, whenx(i)

k is a English text document andx(j)
l

is a Chinese text document, the co-occurrence information can be
obtained by crawling documents from English and Chinese pages
in GoogleandWikipedia[3]. Whenx

(i)
k is a visual image andx(j)

l

is a text document, the co-occurrence information can be obtained
by checking webpages of related images and text [11, 19].

The proposed algorithm computes ranking of labels to indicate
the importance of a set of labels to an instance by propagating the
ranking score of labeled instances via the random walk with restart.
The main contribution of this paper is to (i) propose a co-transfer
learning (CT-Learn) framework that can perform learning simulta-
neously by co-transferring knowledge across different spaces; (ii)
show the theoretical properties of the random walk for such joint
transition probability graph so that the proposed learningmodel
can be used effectively; (iii) develop an efficient algorithm to com-
pute ranking scores and generate the possible labels for a given
instance. Experimental results on benchmark data (image-text data
and English-Chinese-French classification data) have shown that
the proposed algorithm is computationally efficient, and effective
in learning across different spaces. In the comparison, we find that
the classification performance of the CT-Learn algorithm isbetter
than those of the transfer learning algorithms HTLIC [19] and TTI
[11].

The rest of the paper is organized as follows. In Section 2, we
present the proposed framework. In Section 3, we develop thepro-
posed algorithm. In Section 4, we review related works. In Section
5, we show and discuss the experimental results. In Section 6, we
give some concluding remarks.

2. THE PROPOSED FRAMEWORK
Our approach is to model the problem as a joint transition proba-

bility graph of all the instances (both labeled and unlabeled) so that
we can make use of idea in topic-sensitive PageRank [6] and ran-
dom walk with restart [15] to solve the co-transfer learningprob-
lem. The transition probabilities can be constructed by using the
intra-relationships based on affinity metric among instances in the
same space, and the inter-relationships based on co-occurrence in-
formation among instances from different spaces. We remarkthat
the existing methods for random walk in [6, 15] only calculate

the affinity between two instances in the same space. The affin-
ity between two instances in two different spaces is not considered
in these methods. Here we propose to use joint transition prob-
ability graph of all the instances, and model a coupled Markov-
chain random walk by constructing intra-relationships andinter-
relationships and combining them together.

2.1 Intra-Relationships Within the Same Space
We consider that all the instances (labeled and unlabeled) are

ordered as follows:

x
(1)
1 , · · · , x(1)

n1
︸ ︷︷ ︸

1st instance space

, x
(2)
1 , · · · , x(2)

n2
︸ ︷︷ ︸

2nd instance space

, · · · , x
(N)
1 , · · · , x(N)

nN
︸ ︷︷ ︸

Nth instance space

.

The total number of labeled and unlabeled instances is givenby
ni = n̄i + n̂i for the i-th instance space. For simplicity, we set
n =

∑N

i=1 ni. The intra-relationship betweenx(i)
k and andx(i)

l in

the i-th instance spaceX (i) can be measured by the affinitya(i,i)
k,l

between them in thei-th instance space. The affinitya(i,i)
k,l can

be calculated based on the norm for the difference between their
feature vectorsy(i)

k andy
(i)
l in Y(i). In this paper, the affinity in

the intrinsic manifold structure of data (Gaussian kernel function
used to yield the non-linear version of affinity) can be used [5] as
follows:

a
(i,i)
k,l = exp

[

−‖y
(i)
k − y

(i)
l ‖2

2σ2

]

, (1)

whereσ is a positive number to control the linkage in the manifold.
Now we can construct anni-by-ni matrix A(i,i), with its (k, l)-
th entry given bya(i,i)

k,l , to represent the intra-relationships among

all the instances within the same space. It is clear thatA(i,i) is
a matrix with all the entries being non-negative. By usingA(i,i),
we can further construct anni-by-ni Markov transition probability
matrix P(i,i) by normalizing the entries ofA(i,i) with respect to
each column, i.e., each column sum ofP(i,i) is equal to one. For
suchP(i,i), we can model the probabilities of visiting the instances
in the same instance space from the current instance in a random
walk.

2.2 Inter-Relationships Across Different Spaces
Our motivation is to study the instance interactions from differ-

ent spaces via their co-occurrence information. Accordingto o
(i,j)
k,l ,

we can construct anni-by-nj matrix with its (k, l)-th entry given
by o

(i,j)
k,l . A(i,j) is not necessarily to be symmetric, but we have

[A(i,j)]k,l = [A(j,i)]l,k, i.e.,A(i,j) is the transpose ofA(j,i). It is
clear thatA(i,j) is a matrix with all the entries being non-negative.
By usingA(i,j), we can construct anni-by-nj matrix P(i,j) by
normalizing the entries ofA(i,j) with respect to each column, i.e.,
each column sum ofP(i,j) is equal to one. We note that there may
be some columns ofP(i,j) to be zero as we may not find the co-
occurrences for some instances. In this case, we set all the entries
of this column to be1

ni
(an equal chance of visiting an instance in

a random walk). For suchP(i,j), we can model the probabilities of
visiting the instances inX (i) from the current instance inX (j).

Although the characteristics of the entries inA(i,i) are differ-
ent from that inA(i,j), we make use of a coupled Markov-chain
model to combine their corresponding probability matricesP(i,i)

andP(i,j) together to build a joint transition probability graph for
a random walk.

2.3 The Coupled Markov-Chain



In the joint transition probability graph, all the labeled and unla-
beled instances are used. Each instance can be regarded as a node.
In a random walk with restart [15] on this graph, we require tocom-
pute the probability of visiting a node (an instancex

(j)
l in X (j))

from a node (an instancex(i)
k in X (i)) in the joint transition prob-

ability graph. Letx(i)(t) = [x
(i)
1 (t), x

(i)
2 (t), · · · , x

(i)
ni

(t)]T be the
probability distribution vector containing the probabilities of visit-
ing the instancesx(i)

1 , · · · , x
(i)
ni

at the timet, for i = 1, 2, · · · , N .
Here [·]T denotes the transpose operation. As a probability dis-
tribution vector, we note that

∑ni

k=1 x
(i)
k (t) = 1. In the coupled

Markov-chain model, we consider one-step transition probabilities
from {x(i)(t)}N

i=1 to {x(i)(t + 1)}N
i=1 as follows:

x
(i)(t + 1) =

N∑

j=1

λi,jP
(i,j)

x
(j)(t), i = 1, 2, · · · , N. (2)

The probabilities of visiting the instances{x(i)
k }ni

k=1 in the i-th in-
stance space at the timet + 1 is equal to the weighted sum of the
transition probabilities from the instances{{x(i)

k }ni

k=1}
N
i=1 in all

the instance spaces at the timet. In order to preservex(i)(t+ 1) to
be a probability distribution vector,λi,j are set to be the parameters
satisfying the following properties:

λi,j ≥ 0, 1 ≤ i, j ≤ N and
N∑

j=1

λi,j = 1, i = 1, 2, · · · , N.

(3)
It is easy to show that each inputx(i)(t) has

∑ni

k=1 x
(i)
k (t) = 1,

then we have the outputx(i)
k (t + 1) with

∑ni

k=1 x
(i)
k (t + 1) = 1

for eachi. The weighting parameterλi,j is to control the amount
of knowledge to be transferred from thej-th instance space to the
i-th instance space in the learning process when we propagatethe
ranking score of labeled instances in a random walk on the joint
transition probability graph.

In the matrix term, we have

x(t + 1) = Px(t) where x(t) =








x(1)(t)

x(2)(t)
...

x(N)(t)








,

P =








λ1,1P
(1,1) λ1,2P

(1,2) · · ·λ1,NP(1,N)

λ2,1P
(2,1) λ2,2P

(2,2) · · ·λ2,NP(2,N)

...
...

...
...

λN,1P
(N,1) λN,2P

(N,2) · · ·λN,NP(N,N)








.

Below we show some properties ofP so that the coupled Markov-
chain random walk can be used effectively in the learning process.
The proof can be found in Appendix.

THEOREM 1. Let λi,iP
(i,i) be irreducible,i = 1, 2, · · · , N .

ThenP is irreducible if and only if the matrixΛ = [λi,j ]
N
i,j=1 is

irreducible.

We note that whenΛ is an identity matrix (i.e.,λi,j = 0 for
all i 6= j), the co-transfer learning problem becomesN individual
learning problems.

It is necessary for us to know the connectivity among the in-
stances from different spaces. We know thatP(i,i) is generated
by using the affinity between instances (see (1)), it is usually irre-
ducible. Also it is natural to setλi,i to be non-zero as we solve
the learning problem in thei-th instance space but allow to transfer
knowledge from other instances spaces via (2).

THEOREM 2. Let λi,iP
(i,i) be irreducible,i = 1, 2, · · · , N ,

andΛ = [λi,j ]
m
i,j=1 be irreducible. Then 1 is the maximal eigen-

value ofP in magnitude.

The column sum of the whole matrixP is not equal to 1 (the
column sum ofP(i,j) is equal to 1), i.e.,P is not a stochastic ma-
trix. We cannot make use of Perron-Frobenius theorem to obtain
the maximal eigenvalue ofP. According to Theorem 2, we know
that the maximal eigenvalue ofP is equal to one. This is an impor-
tant property ofP, and is also very useful to show the convergence
of the proposed algorithm in the next section.

3. THE PROPOSED ALGORITHM
In our algorithm, we imagine a random walker starts from nodes

(instances) with the known label, the walker iteratively visits to its
neighborhood of nodes (instances) with the joint transition proba-
bility graph given inP. Also at each step, it has probabilityα to
return to training instances. The walker has the steady state prob-
abilities that will finally stay at different nodes (instances). These
steady state probabilities give ranking of labels to indicate the im-
portance of a set of labels to a test instance [15]. Formally,we make
use of the following equation:

(1 − α)PU + αQ = U, (4)

to compute the steady state probabilitiesU (n-by-c matrix) accord-
ing to Q (n-by-c matrix) which is the assigned probability dis-
tribution vector of the class labels that are constructed from the
training data from different instance spaces. The restart parameter
0 < α < 1 is to control the importance of the assigned probabil-
ity distributions in the training data to the resulting label ranking
scores of instances.

Given the training data, one simple way is to constructQ as fol-
lows:

Q = [q1,q2, · · · ,qc] (5)

whereqd is the assigned vector of the class labeld (d = 1, 2, · · · , c)
andc is the number of classes. Here each assigned vectorqd can
be constructed as follows:

qd = [q
(1)
d ,q

(2)
d , · · · ,q

(N)
d ]T , d = 1, 2, · · · , c

where

q
(i)
d = [q

(i)
d,1, q

(i)
d,2, · · · , q

(i)
d,ni

]T , i = 1, 2, · · · , N

is a probability distribution vector generated by using an uniform
distribution on the instances inq(i)

d with the class labeld for i =
1, 2, · · · , N . More precisely,

q
(i)
d,k =

{

1/l
(i)
d , if d ∈ C

(i)
k

0, otherwise.

wherel
(i)
d is the number of instances with the label classd in the

training data inX (i).

THEOREM 3. Under the assumptions of Theorem 2, there is a
unique matrixU = [u1,u2, · · · , uc] with positive vectors

ud = [u
(1)
d ,u

(2)
d , · · · ,u

(N)
d ]T , d = 1, 2, · · · , c,

u
(i)
d = [u

(i)
d,1, u

(i)
d,2, · · · , u

(i)
d,ni

]T , i = 1, 2, · · · , N

and
∑ni

k=1 u
(i)
d,k = 1 such thatQ = (1 − α)PU + αU, whereQ

is the assigned probability matrix constructed in (5).



Algorithm 1 CT-Learn

Input : P, Q andU(0) is an initial guess stated in the footnote [1]
(e.g.,U(0) = Q), α, and the toleranceǫ
Output : U

Procedure:
1: Sett = 1;
2: ComputeU(t) = (1 − α)PU(t − 1) + αQ;
3: If ||U(t)−U(t−1)|| < ǫ, then stop, setU = U(t); otherwise

sett = t + 1 and goto Step 2.

The steady probability distribution vectorU can be solved by the
iterative method. The proposed CT-Learn algorithm is summarized
in Algorithm 1. The CT-Learn algorithm requires several iterations.
The main computational cost depends on the cost of performing
matrix-matrix multiplicationsPU(t − 1) in Step 2. Assume that
there areO(τ ) nonzero entries inP, the cost of these calculations
are ofO(cτ ) arithmetic operations. Theoretically, we have the fol-
lowing theorem to guarantee that Algorithm 1 converges to the so-
lution of (4).

THEOREM 4. Under the assumptions of Theorem 2, Algorithm
1 converges toU stated in Theorem 3 for any initial matrixU(0)2.

The proofs of Theorems 3 and 4 can be found in Appendix. Ac-
cording to the proof, the above algorithm is indeed equivalent to
finding a solution of the following equation:(I − (1 − α)P)U =
αQ. Therefore, the other linear system solvers can be employedto
solve such equations. We find in our experiments that Algorithm 1
is computationally efficient.

After solvingU by using Algorithm 1, we predict the class labels
of a test instancex(i)

k by considering the values of the(
∑i−1

j=1 nj +

k)-th row of U: [u
(i)
k,1, u

(i)
k,2, · · · , u

(i)
k,c]

T . For a single class label

prediction: the class label ofx(i)
k is set to bearg maxd{u

(i)
k,d}. For

a multi-class label prediction, we generate a ranking of thepossible
labels for a test instancex(i)

k by ordering the values ofu(i)
k,1, u

(i)
k,2,

· · · , u
(i)
k,c. Whenu

(i)
k,d > u

(i)
k,d′ , the labeld is considered to be

ranked higher than the labeld′. In Section 5, the classifier will be
evaluated in terms of its ability to predict a good approximation of
ranks for labels associated with a test instance.

4. RELATED WORKS
Various transfer learning strategies have been proposed and de-

veloped to perform learning tasks across different spaces.An ex-
cellent survey in transfer learning can be found in [10]. Here we
list the main differences between our work and the previous works
as follows.

• Transfer learning or translated learning is considered to mi-
grate the knowledge from the source spaces to a target space only,
e.g., TLRisk [3], TTI [11] and HTLIC [19]. Text-aided image
classification and cross-language (English-to-German) classifica-
tion are studied in [3]. Text corpus to web images classification
is studied in [11]. In [19], Zhu et al. considered the problem
of utilizing unlabeled text data for image classification byusing
HTLIC. However, our co-translated learning framework allows co-
transferring knowledge across different spaces simultaneously. Also
2Each column ofU(0) is a probability distribution vector given by
ud(0) = [u

(1)
d (0),u

(2)
d (0), · · · ,u

(N)
d (0)]T for d = 1, 2, · · · , c

with u
(i)
d (0) = [u

(i)
d,1(0), u

(i)
d,2(0), · · · , u

(i)
d,ni

(0)]T , for i =

1, 2, · · · , N and
∑ni

k=1 u
(i)
d,k(0) = 1.

our framework can deal with more than two spaces straightfor-
wardly, see the example in cross-language classification inSection
5.3. In [3, 11, 19], numerical examples are given on two spaces
only.

• Our framework can be formulated in the traditional supervised
learning by consideringλi,j = 0 for i 6= j, i.e., we solveN
individual supervised learning problems. On the other hand, our
framework can be formulated in the transfer learning setting. For
instance,X (1) is the target space andX (2) is the source space. We
setλ1,1 6= 0, λ1,2 6= 0 andλ2,1 = 0 in the coupled Markov-chain
model (cf. (2)), i.e., the knowledge is not migrated from thetarget
spaceX (1) to the source spaceX (2)3. Moreover, when there is a set
of labeled source data inX (2), L(2) = {x

(2)
k , C

(2)
k }n̄i

k=1 is given.
This is the setting considered in TLRisk and TTI. When there is no
labeled source data inX (2), L(2) = {x

(2)
k , C

(2)
k }n̄i

k=1 is not given.
This is the setting considered in HTLIC.

• Our proposed model and algorithm are different from the TL-
Risk, TTI and HTLIC. In HTLIC, matrix factorization and regular-
ization are employed to learn representations for the target space.
In TTI, the translator objective function is employed by evaluat-
ing the empirical loss of prediction, the learning functionby co-
occurrences and the regularization. However, this objective func-
tion is non-convex. The performance of the optimization method
depends on the initial guess. In TLRisk, an expected risk function
with respect to the labeled training data is minimized. However,
such risk function is difficult to minimize. An approximation is
further employed in TLRisk by making Markov chain assumption
in the parameters involved in the estimation process. The algorithm
is implemented using dynamic programming. In our proposed al-
gorithm, we only need to solveU in (4) via Algorithm 1. We have
shown that the solution is unique, and Algorithm 1 always con-
verges to this solution. The coupled Markov-chain random walk is
formulated for the learning process, and it is different from TLRisk
where Markov chain is used to estimate the parameters involved.

• On the other hand, Zhou et al. [17] proposed a simple ranking
algorithm for data lying in the Euclidean space (the same instance
space) using (1). The method is to form the affinity matrix among
instances and to rank the instances by spreading ranking scores to
their nearby neighbors. However, in this paper, the learning prob-
lem involves different instance spaces. It may be not suitable to
combine the instances from different instance spaces in a joint tran-
sition probability graph, and give their rankings via Zhou’s method,
as we lose the problem structure and characteristics of learning task
in each instance space.

5. EXPERIMENTAL RESULTS
In this section, we compare the performance of CT-Learn algo-

rithm with transfer learning algorithms: TTI and HTLIC, andshow
that the proposed algorithm outperform these algorithms.

5.1 Text-Image Data and Baselines
The first experiment is conducted for image and text classifica-

tion. We use the benchmark data set, NUS-WIDE4, to generate
learning tasks. The NUS-WIDE data set is fromFlickr 5. It in-
cludes 269,648 images and 5,018 unique tags associated for im-
ages, which we refer the tags as the text data.X (1) is the instance
space of image data andX (2) is the instance space of text data.
There are 81 ground-truth “image” concepts that can be used for

3The CT-Learn algorithm still converges to the unique solution.
The proof can be found in the Appendix.
4http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
5http://www.flickr.com
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Figure 1: The accuracy of translated learning results with 40 labeled images (target data) and without labeled text source data.
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Figure 2: The accuracy of translated learning results with 10 labeled images (target data) and 1200 labeled texts (source data).

evaluation. We randomly selected 10 categories (bird, boat, flower,
food, rock, sun, tower, toy, tree, car), and builtC2

10 = 45 pairs
of binary classification tasks. Similarly, the corresponding ground-
truth “text” labels are constructed so that image and text data labels
are related. For each task, we randomly pickup 600 images, 1,200
texts, and 1,500 co-occurred image and text pairs.

To apply the CT-Learn algorithm for the images and text classi-
fication, we construct following matrices:A(1,1), A(2,2), A(1,2),
A(2,1) for image-to-image, text-to-text, text-to-image and image-
to-text relations respectively discussed in Section 2.A(1,1) and
A(2,2) are the intra-related affinity among instances within the same
space that can be directly calculated using (1).A(1,2) andA(2,1)

are the inter-related affinity among instances across different spaces.
They are the links to co-transfer knowledge between instance spaces.
An image instance is represented by anm1-dimensional feature
vector based on SIFT, and a text instance is represented by anm2-
dimensional feature vector based on tags. The co-occurrence infor-
mationo

(1,2)
k,l between two instancesx(1)

k in X (1) andx
(2)
l in X (2)

can be obtained via co-occurred image and text pairs(z
(1)
s , z

(2)
t ).

We first compute the affinityb(1,1)
k,s betweenx(1)

k andz
(1)
s and the

affinity b
(2,2)
l,t betweenx(2)

l andz
(2)
t using the formula in (1). By

usingb
(1,1)
k,s andb

(2,2)
l,t , the co-occurrence information betweenx

(1)
k

andx
(2)
l can be computed by

o
(1,2)
k,l =

∑

(s,t)

b
(1,1)
k,s b

(2,2)
l,t (6)

where(s, t) in the summation refers to the co-occurred image and
text pairs. After we constructA(i,j), the corresponding transition
probability matrixP(i,2j) can be obtained.

We compare our proposed method with the following three base-
line learners:

1. SVM. This baseline only uses the target labeled data for learn-
ing without considering to use any auxiliary sources. The linear
kernel SVM in LibSVM6 is used.

6Available at http://www.csie.neu.edu.tw/cjlin/libsvm/

2. HTLIC. This denotes a transfer learning algorithm proposed
by Zhu et al. [19], which uses the unlabeled text data to enhance
the performance in image classification.

3. TTI. This is a transfer learning algorithm [11], which is de-
signed with the use of a translator function converting the seman-
tics from text to images via the cross-domain label propagation.
The auxiliary text and target training images are labeled. In [11], it
is shown that the performance of TTI is better than TLRisk [3].

For each learning task, HTLIC, TTI, CT-Learn use the same set
of images and text co-occurrence data. The parameters of HTLIC
and TTI are well-tuned using 5-fold cross validation. The parame-
ters setting of CT-Learn can be found in Section 5.2.7.

5.2 Results and Discussion

5.2.1 Transfer Learning: No Labeled Text Source Data
We first consider the class label of auxiliary text data is removed

to perform the learning tasks. We set CT-Learn withλ1,1 6= 0,
λ1,2 6= 0, λ2,2 = 1, λ2,1 = 0, and without labeled source text data
in X (2), and compare with the learning algorithm HTLIC. The per-
formance is measured in classification accuracy rate by averaging
10 trials by randomly selected data on each image classification
task. For each trial, 40 labeled image instances are selected in tar-
get training data. The similar setting is studied in HTLIC [19].

Figure 1 shows the accuracy results of learning on all 45 tasks.
The x-axis of the figure refers to the 45 binary classificationtasks.
We can see from the figure that our CT-Learn (the blue bar), can
outperform HTLIC (the red bar) in general. On the average, CT-
Learn achieves accuracy improvement of 5% (0.706 versus 0.656)
compared with HTLIC. We also measure the performance differ-
ence between CT-Learn and HTLIC and count the results of the
win-tie-loss with pairwiset-tests at 0.10 significance level. For
each task, a win (or loss) is counted when CT-Learn is significantly
better (or worse) than the HTLIC algorithm over 10 runs. Other-
wise, a tie is recorded. The win/tie/loss counts is 35/9/1. This result
reveals that CT-Learn is statistically superior to HTLIC.

5.2.2 Transfer Learning: Labeled Text Source Data
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Figure 4: The accuracy results of image classification task with 40 labeled images and 40 labeled texts.
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Figure 5: The accuracy results of text classification task with 40 labeled images and 40 labeled texts.
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Figure 3: Average accuracy against with the number of co-
occurred text-image pairs. (a) 40 labeled images (target data)
without labeled text (source data). (b) 10 labeled images (target
data) with 1200 labeled texts (source data).

We conduct experiments with labeled text source data for learn-
ing. We set CT-Learn withλ1,1 6= 0, λ1,2 6= 0, λ2,2 = 1, λ2,1 = 0,
and labeled source text data inX (2), and compare with the learning
algorithm TTI [11]. Figure 2 shows the experimental resultsfor the
comparison when there are 10 labeled images in the target training
set. The similar setting is studied in [11]. We can see from the fig-
ure that, in all the cases, CT-Learn (the blue bar) can achieve better
performance than the TTI algorithm (the red bar) by a large mar-
gin. On the average, CT-Learn achieves accuracy improvement of
11.5 % (0.765 versus 0.650). The win-tie-loss tally with pairwise
t-tests at 0.10 significance level for CT-Learn against TTI over all
45 learning tasks is 43-2-0. The experimental results implythat
CT-Learn can give significantly better performance in the situation
of labeled text data learning, by comparing Figures 1 and 2 with
respect to 45 binary classification tasks in the x-axis.

5.2.3 Transfer Learning: Number of Co-Occurred
Pairs

The above results are obtained by using 1,500 pairs of co-occurred
images and text pairs. The co-occurrence data is the key to the
success of transferring knowledge across two heterogeneous do-

mains. Therefore, we experiment to find out how the number of
co-occurred data affects the learning accuracy. Figure 3 shows
the average accuracy over all 45 classification tasks with respect
to number of co-occurred image-text pairs. We can see that the av-
erage accuracy of all learning algorithms increase as the number
of pairs increases. However, the performance of CT-Learn isstill
better than those of HTLIC and TTI algorithms.

5.2.4 Co-Transfer Learning
Now we setλ2,1 to be non-zero, i.e., we perform learning si-

multaneously by co-transferring knowledge between text and im-
age data. We compare the proposed algorithm with baseline clas-
sifiers: image-only SVM and text-only SVM. Here, image-only
(text-only) means to apply the algorithm to images (text) data with-
out text and (image) auxiliary data source. Figures 4 and 5 show
the results when there are 40 labeled images and 40 labeled texts.
In particular, for each learning task, we randomly pick up these
labeled images and texts, the remaining data is the set of testing
instances. The performance is measured in classification accuracy
rate by averaging 10 trials by randomly selected data on eachtarget
classification task. We see that CT-Learn can achieve significantly
improvement against SVM. On the average, CT-Learn achievesac-
curacy improvement of 11.0% (0.765 versus 0.655) on image clas-
sification task, and achieves 2.1% improvement on text classifica-
tion task (0.942 versus 0.921). The win-tie-loss tally withpairwise
t-tests at 0.10 significance level for CT-Learn against SVM onim-
age classification task is 43-2-0, while on text classification task is
33-12-0.

5.2.5 Co-Transfer Learning: Number of Labeled Data
In this experiment, we investigate how the number of labeled

data affects the classification results of different algorithms. Here
we plot Figures 6(a), 6(b), 6(c) and 6(d), which compare the aver-
age classification accuracies of CT-Learn with the other algorithms
in different settings over all 45 classification tasks with varying
number of labeled data. According to the figures, we see that CT-
Learn consistently outperforms the other algorithms. The smaller
the number of training data is, the larger improvement CT-Learn
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Figure 6: Average accuracy with respect to number of training
examples. Transfer learning: (a) no labeled text and (b) 1200
labeled texts; Co-Transfer learning: (c) and (d) the same num-
ber of labeled images and texts are used.

can achieve. CT-Learn obtains the least improvement on learning
without labeled text source data, this is because of the lackof label
information for learning. However, it is interesting to obtain good
classification results compared with HTLIC when there is only a
few number of target training data available. We also observe that
the performance of CT-Learn is more stable and it achieves a signif-
icant improvement for learning with labeled text source data even
in the situation of extremely small number of training target data
(see Figure 6(b)). In summary, our proposed method can effec-
tively transfer the knowledge of labels from auxiliary source do-
main to the target domain, and work well even in the paucity of
target training data.

5.2.6 Co-Transfer Learning: Multi-Class Label In-
stances

In this experiment, we test the performance of CT-Learn for data
with multi-class label. Here we randomly select 5 classes (c = 5):
’flower’,’rock’,’car’,’tree’,’boat’, to generate a multi-class data set
with 1500 images, 1500 texts and 1500 image-text co-occurrence
pairs. Figure 7 shows the classification results in the settings of
transfer learning in Sections 5.2.1 and 5.2.2. and co-transfer learn-
ing in Section 5.2.4. Figure 8 shows the classification results with
respect to the number of labeled examples in the co-transferlearn-
ing in Section 5.2.4. In the figures, the minimum and maximum
accuracies among 10 repeated trials of each algorithm are also re-
ported. According to the two figures, we find that the performance
of CT-Learn algorithm is better than the other tested learning algo-
rithms.

5.2.7 Parameters and Running time
Convergence. Figure 9(a) shows the convergence curve of CT-

Learn algorithm for an example of (“flower versus tree”) learning
task. The change of the successive computed probabilities||U(t)−
U(t − 1)||F , decreases when iteration number increases, and the
successive difference after 7 iterations, is less than10−16 which
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Figure 7: Comparison of accuracy results in different settings.
(a) transfer learning. (b) co-transfer learning.
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Figure 8: Accuracy of CT-Learn and SVM with varying num-
ber of labeled examples where the same number of labeled im-
ages and texts are used. (a) image classification and (b) text
classification.

is small enough for convergence criterion. The required computa-
tional time is about 1 second under the MATLAB implementation.
The convergence results for the other learning tasks are similar.

Running time. Figure 9(b) shows the running time of different
algorithms. We show the average running time for the experiment
in Figures 1 and 2. The comparison is performed in a computer
with 2.40GHz CPU and 4.0 GB memory. We can see from the
figure that the running time of CT-Learn is much faster than those
of HTLIC and TTI. This result is observed in the other experiments.

Parameters. We need to set several parameters in CT-Learn al-
gorithm: α (restart probability),λ1,1 andλ2,2

7. Figure 10 shows
how the average accuracy of CT-Learn over 45 co-transfer learning
tasks in Section 5.2.4 under 10-folds cross validation withvary-
ing parameters: (a) fixedλ1,1 = 0.1 and λ2,2 = 0.9, vary α;
(b) fixedα = 0.9 andλ2,2 = 0.9, vary λ1,1; (c) fixed α = 0.9
andλ1,1 = 0.9, vary λ2,2. We see that the accuracy of CT-Learn
algorithm is quite insensitive to the value ofα. For the restart prob-
ability α, previous study on image annotation suggests to useα
in between 0.85 and 0.90. Here we chooseα = 0.9 as the de-
fault value in all the previous experiments. Figure 10(a) shows that
the accuracy of image classification decreases asλ1,1 increases and
Figure 10(b) shows that the accuracy of text classification increases
asλ2,2 increases. We find that CT-Learn has better performance
whenλ1,1 in the range of 0.1 to 0.4, andλ2,2 in the range of 0.7
to 0.9. These results are reasonable as a “bridge” (parameters) is
built to link between text data and image data in order to migrate
the knowledge among themselves. Experimental results in the pre-
vious subsections show that the text learner is superior to the image
learner. Therefore, we expect a small valueλ2,1 and a large value

7By (3), λ1,2 = 1 − λ1,1 andλ2,1 = 1 − λ2,2.



0 5 10 15 20

10
−15

10
−10

10
−5

10
0

Number of Iterations

||u
t +

1 −
 u

t|| 1

 

 

(a)

CT−Learn TTI HTLIC
0

50

100

150

200

R
un

ni
ng

 ti
m

e 
(in

 s
ec

on
d)

(b)

Figure 9: (a) The difference between two successive calculated
probability vectors against iterations. (b) The running time of
different learning algorithms.
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Figure 10: The accuracy of CT-Learn varies with different pa-
rameter settings.α is the restart probability, λ1,1 and λ2,2. (a)
accuracy on image data, (b) accuracy on text data.

λ1,2 should be used, i.e., less (more) knowledge is required to trans-
fer from image (text) data to text (image) data. In all the previous
experiments, we setλ1,1 = 0.1 andλ2,2 = 0.9.

5.3 Cross-Language Classification
In this experiment, we test CT-Learn to perform learning in the

cross-language classification data set. We crawl documentsfrom
GoogleandWikipediafrom English, Chinese and French pages to
generate the cross-language classification data set. Thus we have
text data of three languages: English documents(X (1)), Chinese
documents (X (2)) and French documents (X (3)), i.e.,N = 3. The
description of the collected data is listed in Table 1. For the co-
occurrence information, we note that each article inWikipediahas
multiple language versions and these documents are often indexed
(linked) together to help readers browse through articles in different
languages. This provides us with a large number of co-occurrence
data. In our experiment, we collect 300 English-Chinese-French
co-occurred article triples in total. To apply CT-Learn algorithm in
the cross-language problem, we construct following affinity matri-
ces:{A(i,j)}3

i,j=1. The matrices{A(i,i)}3
i=1 are the intra-related

affinity among instances within the same space that can be directly
calculated using (1) based on their own language term-feature vec-
tors. The co-occurrence informationo(i,j)

k,l between two languages
articles can be obtained via co-occurred articles, and calculated
based on (6). The corresponding transition probability matrices
{P(i,j)}3

i,j=1 can be obtained by normalizing the columns of the
matrices{A(i,j)}3

i,j=1 stated in Section 2.
In this experiment, we do not empirically tune the parameters

{λi,j}
3
i,j=1 for the cross-language classification. We simply set

α = 0.9 (the same as the previous experiments),λ1,1 = λ2,2 =
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Figure 11: The accuracy of CT-Learn and SVM for cross-
language classification. In each instance space, (a) 20 labeled
examples; (b) 50 labeled examples, are used.

Table 1: The number of examples for each category for differ-
ent languages.

Category Number of example
English Chinese Frence

bird 360 450 580
animals 325 300 220
fishes 389 250 200

λ3,3 = 0.5 (expect half of the knowledge can be migrated from the
other two sources) andλ1,2 = λ1,3 = λ2,1 = λ2,3 = λ3,1 =
λ3,2 = 0.25 (expect the same amount of knowledge from two
sources). In Figure 11, the average, minimum and maximum ac-
curacies among 10 repeated trials of each algorithm are reported.
We see that the CT-Learn algorithm performs much better thanthe
SVM in all three language classification tasks. We also evaluate
the convergence of the CT-Learn algorithm in cross-language clas-
sification. The algorithm converges very quickly in 10 iterations
within a second.

6. CONCLUDING REMARKS
In this paper, we have proposed CT-Learn, an efficient and novel

coupled Markov-chain based co-transfer learning algorithm across
different instance spaces. We have shown theoretically andexper-
imentally that the proposed algorithm is computationally efficient,
and effective in learning across different instance spaces, and is
competitive with the other tested transfer learning algorithms. The
future work includes how to (i) setΛ in the joint transition prob-
ability graph by using cross-validation method, and (ii) establish
co-occurrence information in the coupled Markov-chain model for
different data mining applications.

Appendix
Proof of Theorem 1: Let us defineω1 = 0 andωi =

∑i−1
z=1 nz

for i = 2, 3, · · · , N , and ī = {ωi + 1, ωi + 2, · · · , ωi + ni}
for i = 1, 2, · · · , N . Let us consider anys and t in between 1
and n. Case (i): ifs and t are in ī for somei, there is a path
connectings and t as λi,iP

(i,i) is irreducible. Case (ii): let us
considers ∈ ī andt ∈ j̄ wherei 6= j. SinceΛ is irreducible, there
is a path connectingi andj, i.e.,λi,v1

, λv1,v2
, · · · , λvt,j are not

equal to zero. It is noted that sinceP(.,.) is a transition probability
matrix, i.e.,P(i,v1) 6= 0, · · · ,P(vt,j) 6= 0, andλk,kP

(k,k) for
k = 1, · · · , N are irreducible, we can deduce that there is a path
connectings andt. Conversely, ifΛ is reducible, then there exist
two subsetsS1 andS2 such thatS1 ∪ S2 = {1, 2, · · · , N}, S1 ∩
S2 = φ, andλi,j = 0 for any i ∈ S1 and j ∈ S2. We set



ī1 = ∪i∈S1
ī and ī2 = ∪j∈S2

j̄. Then there is no path connecting
from s ∈ ī1 to t ∈ ī2 which contradicts the assumption.

Proof of Theorem 2: It is easy to see that 1 is a maximal eigenvalue
in modulus ofΛ. Then by Perron-Frobenius Theorem, there exists a
vectorz = (z1, z2, · · · , zN )T such thatzT Λ = zT (each row sum
of Λ is equal to 1). We note thateT

ni
P(i,j) = eT

nj
for 1 ≤ i, j ≤ N

whereeni
is the vector with sizeni of all ones. Then it is easy to

show that(z1e
T
n1

, z2e
T
n2

, · · · , zNeT
nN

)P = (z1e
T
n1

, z2e
T
n2

, · · · , zNeT
nN

),
and hence 1 is an eigenvalue ofP. Next we show that 1 is the
spectral radius ofP. We see thatP has a positive eigenvector
corresponding to the eigenvalue 1, i.e.,wT P = wT . Let µ be
the maximal eigenvalue ofP in magnitude. By Theorem 1,P is
irreducible. Hence by Perron-Frobenius theoremµ is positive and
there is a positive eigenvectorq corresponding toµ, i.e.,Pq = µq.
This implies that1 ·wT q = wT Pq = wT µq. BecausewT q is a
scalar and it must be positive,µ = 1.

Proof of Theorem 3: As the maximal eigenvalue ofP is equal
to 1, the maximal eigenvalue of(1 − α)P is equal to1 − α. It
implies that the matrixI − (1 − α)P is invertible. ThusU =
(I − (1 − α)P)−1αQ is well-defined. It shows that there ex-
ists a unique matrixU satisfyingU = (1 − α)PU + αQ. By
using the series of expansion of(I − (1 − α)P)−1 as follows:
∑

∞

k=0(1 − α)k(P)k and the fact thatP is irreducible, we have
the entries ofU must be positive. Because

∑
∞

k=0(1 − α)kα = 1

and each column of(P)kQ consists ofN probability distribution
vectors corresponding toN instance spaces, the results follows.

Proof of Theorem 4: Note thatU(t) − U = ((1 − α)P)(U(t −
1) − U), and the spectral radius of(1 − α)P is less than 1. The
sequence converges for any initial starting vectorU(0) satisfying
the required property in the theorem.

Proof of Translated Learning Case: We consider a special case of
our framework: transfer learning. We only consider to transfer the
knowledge from source spaces to a target space. Suppose the target
space isX (i) and the source spaces are those in{X (j)}j>i. In this
setting, the parametersλi,j are set to be zero forj < i, i.e., the
parameter matrixΛ is of upper triangular form withλN,N = 1 and
λi,i 6= 0 for 1 ≤ i ≤ N . It is clear thatΛ is not irreducible, thus
the whole matrixP is not irreducible (see Theorem 1). However,
when eachλi,iP

(i,i) is irreducible, we still obtain the same results
in Theorems 3 and 4, i.e., there is a unique solution and Algorithm
1 converges to this solution. The main reason is thatP(N,N) is
irreducible. There exists a unique positive vectoru

(N)
d satisfying

u
(N)
d = (1 − α)P(N,N)u

(N)
d +αq

(N)
d . By using the same trick,

we can show that there exists a unique positiveu
(N−1)
d satisfy-

ing u
(N−1)
d = (1 − α)λN−1,N−1 P(N−1,N−1)u

(N−1)
d + (1 −

α)λN−1,NP(N−1,N)u
(N)
d + αq

(N−1)
d . The argument can be ap-

plied recursively up tou(1)
d . Since eachP(i,i) is Markov transition

probability matrix, the maximal eigenvalue is equal to 1. Because
λi,i is less than or equal to 1, the spectral radius ofP is less than
or equal to 1. It implies the spectral radius of(1−α)P is less than
1. The result follows.
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