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Abstract— In this paper, we propose a new framework called
domain adaptation machine (DAM) for the multiple source
domain adaption problem. Under this framework, we learn a
robust decision function (referred to as target classifier) for label
prediction of instances from the target domain by leveraging a set
of base classifiers which are prelearned by using labeled instances
either from the source domains or from the source domains and
the target domain. With the base classifiers, we propose a new
domain-dependent regularizer based on smoothness assumption,
which enforces that the target classifier shares similar decision
values with the relevant base classifiers on the unlabeled instances
from the target domain. This newly proposed regularizer can be
readily incorporated into many kernel methods (e.g., support vector machines (SVM), support vector regression, and least-squares
SVM (LS-SVM)). For domain adaptation, we also develop two
new domain adaptation methods referred to as FastDAM and
UniverDAM. In FastDAM, we introduce our proposed domaindependent regularizer into LS-SVM as well as employ a sparsity
regularizer to learn a sparse target classifier with the support
vectors only from the target domain, which thus makes the label
prediction on any test instance very fast. In UniverDAM, we
additionally make use of the instances from the source domains
as Universum to further enhance the generalization ability of the
target classifier. We evaluate our two methods on the challenging
TRECIVD 2005 dataset for the large-scale video concept detection task as well as on the 20 newsgroups and email spam datasets
for document retrieval. Comprehensive experiments demonstrate
that FastDAM and UniverDAM outperform the existing multiple
source domain adaptation methods for the two applications.
Index Terms— Domain adaptation machine, domain-dependent
regularizer, multiple source domain adaptation.

I. I NTRODUCTION

I

T IS well known that the collection of labeled instances
is expensive and time consuming. However, the classifiers
learned with a small number of labeled training data are not
robust and therefore cannot generalize well. To this end, many
domain adaptation methods were recently proposed1 [1]–[5]
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1 Domain adaptation is different from semisupervised learning (SSL). SSL
methods employ both labeled and unlabeled data for better classification, in
which the labeled and unlabeled data are assumed to come from the same
domain.

to learn robust classifiers with only a few or even no labeled
instances from the target domain by leveraging a large amount
of labeled training data from other domains (referred to as
auxiliary/source domains). These methods have demonstrated
that the labeled instances collected from other domains are also
useful for classifying the instances from the target domain in
many real applications, such as sentiment classification, text
categorization, WiFi localization, and video concept detection.
To utilize all training instances from the source and target
domains, Blitzer et al. [2] proposed a structural correspondence learning algorithm to induce the correspondences among
features from different domains. They employed a heuristic
technique to select the pivot features that appear frequently in
both domains. Daumé III [3] proposed a feature replication
(FR) method to augment features for domain adaptation.
The augmented features are then used to construct a kernel
function for kernel methods. Yang et al. [5] proposed the
adaptive support vector machine (A-SVM) to learn a new
SVM classifier f T (x) for the target domain, which is adapted
from an existing classifier f s (x) trained with the instances
from a source domain.
However, numerous unlabeled instances in the target domain
are not exploited in the above domain adaptation methods [1],
[3], [5]. As shown in [4] and [6]–[12], such unlabeled instances
can also be employed to improve generalization performances.
When there are only a few or even no labeled instances
available in the target domain, the classifiers can be trained
with labeled instances from the source domain. In such an
extreme case, several domain adaptation methods [13]–[16]
were proposed to cope with the inconsistency of data distribution (such as covariate shift [14] or sampling selection
bias [13]). These methods re-weighted training instances from
the source domain by leveraging the unlabeled data from the
target domain such that the statistics of instances from both
domains are matched.
Recently, several domain adaptation methods [4], [17] were
proposed to learn robust classifiers with diverse training data
from multiple source domains. Luo et al. [17] proposed to
maximize the consensus of predictions from multiple sources.
However, some source domains may not be useful for knowledge adaptation. The brute-force transfer of knowledge without domain selection may degrade the classification performance in the target domain [18], which is a well-known open
problem termed as negative transfer [19].
Some researchers also theoretically studied the domain
adaptation problem [20]–[25]. By assuming the distribution
of the target domain to be a weighted combination of the
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source distributions, Mansour et al. [23] proved that the
loss of the target classifier has an upper bound. Crammer
et al. [22] assumed that the distributions of multiple sources
are the same, but the labelings of the data from different
sources may be different from each other. And they derived
a bound on the error in the target domain by minimizing the
empirical error on the data from any subset of the sources.
Ben-David et al. [20] introduced a formal model for domain
adaptation using a generalization upper bound on the errors of
the training data. This bound is based on the distance between
the feature distributions of the instances from the source and
target domains, which is measured by a so-called dA distance
as introduced in [26]. Following [20], Mansour et al. [24]
extended the dA distance [20], [26] by introducing a socalled discrepancy distance to measure the mismatch of data
distributions, and they also provided Rademacher complexity
bounds for a broad family of loss functions. Blitzer et al. [21]
proposed uniform convergence bounds by additionally considering a limited number of labeled training data from the
target domain. In their recent work [25], Ben-David et al.
further analyzed three types of assumptions that are widely
used in the existing domain adaptation methods, and they also
mathematically discussed under which assumptions a domain
adaptation method can work. For more details on the theory
of the domain adaptation problems, the interested readers may
refer to [27].
In this paper, we focus on the setting with multiple source
domains, which is referred to as multiple source domain
adaptation. We propose a new domain adaptation framework
called the domain adaptation machine (DAM) to learn a robust
decision function (referred to as target classifier) for label
prediction of instances in the target domain by leveraging a
set of prelearned classifiers (referred to as base classifiers). In
our framework, any types of classifiers such as the standard
SVM classifier learned with the labeled instances from the
source domains or the FR classifier [3] learned with the labeled
instances from the source domains and the target domain can
be readily used as base classifiers. Motivated from manifold
regularization (MR) [7] and the graph-based multitask learning
(MTL) [28]–[30], with the base classifiers, we propose a new
domain-dependent regularizer based on smooth assumption,
which enforces that the learned target classifier should have
similar decision values on the unlabeled instances of the
target domain with the prelearned base classifiers from relevant source domains. This newly proposed regularizer can
be readily introduced to many kernel methods [31] such as
SVM, support vector regression (SVR), least-squares SVM
(LS-SVM) and so on, and extend these algorithms to the
corresponding domain adaptation methods. To the best of our
knowledge, this paper and its initial conference version [4]
are the first to introduce this domain-dependent regularizer
for domain adaptation.
Under this framework, we develop two new methods
referred to as FastDAM and UniverDAM. In FastDAM, we
incorporate the proposed domain-dependent regularizer into
LS-SVM. We also employ a sparsity regularizer based on
the -insensitive loss to enforce the sparsity of the target
classifier with the support vectors only from the target domain
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such that the label prediction on any test instance is very
fast in FastDAM. Recent work [32], [33] has indicated that
the instances that do not belong to the positive class and
the negative class can be used as an additional data collection called Universum [34] to improve the generalization
ability of SVM for the binary classification task. However,
how to choose/construct Universum is problem-dependent.
For example, Weston et al. [33] experimentally demonstrated
that one can make use of symbols (e.g., uppercase and
lowercase letters) as Universum for digit classification. For a
more detailed introduction of Universum, we refer the readers
to [34]. Note that while the instances from the source domains
are with different data distributions when compared with that
of the target domain, it is reasonable to assume that the
distributions of the samples from the source domain and the
target domain should overlap to some extent. We therefore
use the instances from the source domains as Universum
for domain adaptation to further enhance the generalization
ability of the target classifier. Specially, we introduce our
newly proposed regularizer based on smoothness assumption
and another regularizer based on the Universum from source
instances into LS-SVM in UniverDAM.
We evaluate our two DAM-based methods in two multiple
domain adaptation related applications, i.e., video concept
detection and document retrieval. In the video concept detection task, the experimental results on the large TRECVID 2005
dataset demonstrate that our proposed FastDAM significantly
outperforms other domain adaptation methods. Moreover, with
the utilization of the sparsity regularizer, the prediction of FastDAM is much faster than other domain adaptation methods,
making it suitable for the large-scale video concept detection
task. In the document retrieval task, we compare our two
methods with other baseline methods on the 20 newsgroups
and the email spam datasets. The comprehensive experiments
on the two datasets also demonstrate the effectiveness of
FastDAM and UniverDAM. UniverDAM achieves the best
document retrieval performances on both datasets because of
the successful utilization of Universum (i.e., the instances from
multiple source domains).
A preliminary version of this paper appeared in [4] which
focused on the FastDAM algorithm using auxiliary classifiers
(i.e., SVMs learned with the labeled instances from source
domains) as the base classifiers. In this paper, we additionally
propose a new method called UniverDAM and discuss the
connection between FastDAM and UniverDAM. Moreover, we
further employ the FR classifiers [3], which are learned with
the labeled instances from the source domains and the target
domain, as the base classifiers in our DAM framework and
report more experimental results using two new datasets (i.e.,
20 newsgroups and email spam) for document retrieval.
The rest of this paper is organized as follows. We
briefly review the related work in Section II. We then
introduce our proposed framework DAM and two methods
FastDAM and UniverDAM in Section III. The connections
between the proposed two methods and the related works
are discussed in Section IV. The experimental results are
reported in Section V. Finally, we conclude this paper in
Section VI.
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II. B RIEF R EVIEW OF R ELATED W ORK
Let us represent the labeled and unlabeled instances from
nl
nl +n u
the target domain as DlT = (xiT , yiT )|i=1
and DuT = xiT |i=n
,
l +1
respectively, where yiT is the label of xiT . We also define D s =
s
as the dataset from the sth source domain, where
(xis , yis )|ni=1
s = 1, . . . , P and P is the total number of source domains.
Also, we assume the dimension of each instance x to be d.
Moreover, we denote the dataset from the target domain as
D T = DlT ∪ DuT with the size n T = nl + n u . In the sequel, the
transpose of vector/matrix is denoted by the superscript  . Let
us also define In as the n×n identity matrix and 0n , 1n ∈ n as
the column vectors of all zeros and all ones, respectively. The
inequality u = [u 1 , . . . , u n ] ≥ v = [v1 , . . . , v n ] means that
u i ≥ v i for i = 1, . . . , n. And diag u represents a diagonal
matrix with u i as its i th diagonal entry.
A. Domain Adaptation Using Prelearned Classifiers
Yang et al. [5] proposed the A-SVM in which a target classifier f T (x) is adapted from the existing auxiliary classifiers
f s (x)’s trained with the instances from the auxiliary sources.
Specifically, the target decision function is formulated as
f T (x) =

P


γs f s (x) +  f (x)

(1)

s=1

where the perturbation function  f (x) is learned by using the
labeled data DlT from the target domain, and γs ∈ [0, 1] is
P
γs = 1.
the weight of each auxiliary classifier f s and s=1
Usually in the domain adaptation problems, there are only a
limited number of labeled training instances from the target
domain. Therefore, the adaptation process of A-SVM (i.e.,
learning of the target decision function) is very fast. In [5],
equal weights are used for all auxiliary classifiers in the
experiments. As shown in [5],
function can
nl the Tperturbation
αi yiT k(xiT , x), where αiT is
be formulated by  f (x) = i=1
the coefficient of the i th labeled instance in the target domain,
and k(·, ·) is a kernel function induced from the nonlinear
feature mapping φ(·). In addition, the authors assumed that
the auxiliary classifiers are also
with the same kernel
nslearned
s s
s
s
α
y
k(x
function, namely, f s (x) =
i=1 i i
i , x), where αi is
the learned coefficient of the i th instance from the sth source
domain. Then the decision function (1) becomes
f (x) =
T

P

s=1

γs

ns

i=1

αis yis k(xis , x) +

nl


αiT yiT k(xiT , x)

(2)

i=1

which is the sum of a set of weighted kernel evaluations
between the test instance x and all labeled instances xiT and
xis , respectively, from the target domain and all the source
domains. Thus, the prediction using (2) is inefficient in largescale applications with a large amount of test instances. In
addition, it is unclear how to use the valuable unlabeled data
DuT in the target domain in A-SVM.
Schweikert et al. [18] also made use of the prelearned
classifiers for domain adaptation. They formally presented
a so-called multiple convex combination method to linearly
combine auxiliary classifiers together with the target classifier.
Similar to A-SVM, each auxiliary classifier f s is learned by

using SVM with the labeled training data from one source
domain. And the target classifier f T is also obtained by simply
learning a SVM classifier using the labeled training instances
only from the target domain. Then the final classifier f (x) is
formulated as follows:
P
1−γ  s
f (x)
f (x) = γ f (x) +
P
T

(3)

s=1

where γ is the weight to balance the two terms.
B. Regularizers
Belkin et al. [7] extended regularized least squares (RLS)
and SVM to Laplacian RLS and Laplacian SVM for SSL
by adding a geometrically based regularizer, which enforces
nearby points in a high-density region to have similar decision
values (i.e., the so-called manifold smoothness assumption in
SSL). Let us denote G = {X, S} as an undirected weighted
graph with vertex set X and similarity matrix W ∈ n×n , in
which n is the total number of labeled and unlabeled training
samples and each element wi j of the real symmetric matrix
W represents the similarity of a pair of vertices. The proposed
regularizer in [7] is as follows:
M ( f ) =

n



2
wi j f (xi ) − f (x j )

(4)

i, j =1

where f (x) is the decision function. This regularizer can be
rewritten as  M ( f ) = f  L f , where f = [ f (x1 ), . . . , f (xn )] ,
L = D − W is the graph Laplacian matrix and
D is a diagonal
matrix with the diagonal elements as dii = nj =1 wi j .
A graph-based regularizer is also proposed in [28]–[30] for
MTL. It is based on two MTL functions f i and f j of the i th
task and the j th task in the reproducing kernel Hilbert space
(RKHS) H

1
γi j  f i − f j 2H (5)
G ( f 1 , f 2 , . . . , f K ) =
2
i, j : ( f i , f j )∈G
where K is the total number of tasks and γi j defines the
relevance between the i th task and the j th task of a graph
G and the graph G represents the weighted connectivity of
tasks.
Weston et al. [33] proposed a new data-dependent regularizer in combination with SVM for binary-class problems,
in which an additional dataset is employed in the learning
process to improve the generalization ability of the learned
classifier. This additional dataset, which does not belong to
the positive and the negative class, is called as Universum as
suggested by Vapnik in [34]. In [33], Weston et al. defined
the data-dependent regularizer based on the Universum with
the quadratic loss function as follows:
U( f ) =

n


( f (xi ))2

(6)

i=1

where f (x) is the decision function and n is the size of the
Universum.
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III. DAM F RAMEWORK
In this section, we introduce our proposed framework DAM
as well as the two methods FastDAM and UniverDAM for
multiple source domain adaptation.
A. Smoothness Assumption for Domain Adaptation
In MR [7], the decision function in (4) is enforced to be
smooth on the data manifold, namely, the two nearby instances
in a high-density region should share similar decision values.
For domain adaptation, we similarly assume that the target
classifier f T (x) should have similar decision values on the
unlabeled samples in the target domain with the precomputed
base classifiers. For the i th instance xi in the target domain,
we denote f iT = f T (xi ) and f is = f s (xi ), where f s
represents the sth base classifier. In our DAM framework, any
types of classifiers can be readily used as base classifiers. In
our experiments, we test our framework with two types of
classifiers for f s: 1) the standard SVM classifier learned by
using the labeled instances from the sth source domain, and
2) the FR classifier trained with the labeled instances from the
sth source domain and the target domain. For the unlabeled
target instances DuT in the target domain, let us define the
decision values from the target classifier and the sth base classifier as fuT = [ f nTl +1 , . . . , f nTT ] and fus = [ f nsl +1 , . . . , f nsT ] ,
respectively.
Let us also define γs as the weight for measuring the
distribution relevance between the sth source domain and the
target domain (see Section V-B for more discussions on γs ).
If the sth source domain and the target domain are relevant
(i.e., γs is large), we enforce that f is should be close to fiT
on the unlabeled instances in the target domain. Note that the
source domains are assumed to be independent of each other
in this paper.
Motivated by MR [7] and graph-based multitask learning [28]–[30] (see the corresponding regularizers in Section
II-B), we propose a domain-dependent regularizer for the
target classifier f T as below.
Definition 1: Domain-dependent regularizer for domain
adaptation
A ( f T ) =

nT 
P
2

1
fiT − f is
γs
2
s=1

P


i=nl +1

1
γs  fuT − fus 2 .
(7)
2
s=1
It is worth mentioning the differences between the regularizers defined in our DAM and MTL. First, MTL simultaneously
learns all task functions f 1 , . . . , f K (see (5)) and each two
of the task functions are compared in the same RKHS H.
In contrast, the base classifiers f s ’s in (7) are assumed to
be precomputed, and DAM focuses on the learning of the
target classifier only. Moreover, different kernels (or RKHS)
or even different learning methods can be employed to train the
base classifiers and the target classifier in DAM. Second, it is
still unclear how to exploit the unlabeled samples through the
regularizer (5) in MTL. In contrast, the unlabeled instances DuT
from the target domain are used in DAM (see (7) and Fig. 1).
=
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Source domains

Base classifiers

Target domain

1

f1

γ1

2

f2

γ2

D
D

DlT

γP

DuT

fP

DP

Fig. 1.
Base classifiers learned by using the labeled training instances
from the source domains (and the target domain 
as well). For each unlabeled
P γ̃ f s (x) as a weighted
instance x in DuT , we define its virtual label ỹ = s=1
s
summation of the 
decision values f s (x)’s from the base classifiers f s ’s on
P
x, where γ̃s = γs / s=1 γs .

As shown in our experiments in Section V, our proposed
domain-dependent regularizer generally works well on the
real-world datasets such as the TRECVID, 20 newsgroups,
and email spam datasets.
B. Proposed Framework
We propose to simultaneously minimize the loss of the
labeled training data from the target domain as well as
different regularizers defined on the unlabeled data, such as
the newly proposed domain-dependent regularizer A ( f T ) in
(7) and the data-dependent regularizer U( f T ) in (6) for the
Universum. The proposed framework DAM is then formulated
as follows:
min ( f T ) + λ L  L ( f T ) + λ D  D ( f T )
fT

(8)

where λ L , λ D > 0 are tradeoff parameters, ( f T ) is a
regularizer to control the complexity of the target classifier
f T ,  L ( f T ) is a loss function of the target classifier f T on
the labeled instances of the target domain, and the last term
 D ( f T ) represents different regularizers such as A ( f T ) and
U( f T ). Note that different types of loss functions can be
readily used as  L ( f T ) in our DAM framework for domain
adaptation (e.g., the hinge loss in SVM).
In this paper, we model  L ( f T ) in (8) as the square error
of the target classifier f T on the labeled instances DlT in
the target domain, which is analogous to the LS-SVM [35].
Note that the experimental results in [35] show that LSSVM is comparable with SVM using the hinge loss. We
consider two regularizers to define  D ( f T ). In FastDAM, we
use the regularizer A ( f T ) in (7) to model  D ( f T ), while
in UniverDAM, we additionally incorporate the regularizer
U( f T ) in (6) by treating the instances from the source
domains as Universum.
C. DAM with Fast Prediction
With the domain-dependent regularizer A ( f T ) in (7), we
rewrite (8) as follows:
nT 
P
2

λD 
f iT − f is
γs
min ( f T ) +
2
fT
s=1

+

nl 
λL 

2

i=1

i=nl +1

f iT − yiT

2

.

(9)
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1) Non-Sparse Solution:
Theorem 1: Assume that the target decision function is in
the form of f T (x) = w φ(x) and the regularizer ( f T ) =
w2 /2. Then, the solution f T of the optimization problem
(9) is
f (x) = λ D
T

P

s=1

γs

nT


f

s

(xiT )k̃(xiT , x) +

i=nl +1

nl


problem, that is
f iT ,w,b,ξi ,ξi∗

+
αiT k̃(xiT , x)

s.t.

(11)

is the kernel function for domain adaptation, k(xi , x j ) =
φ(xi ) φ(x j ) is the inner product between φ(xi ) and φ(x j ),
kx = [k(xnTl +1 , x), . . . , k(xnTT , x)] , Ku = [k(xiT , x Tj )] ∈
data
nu ×nu is the kernel matrix defined
 P on the unlabeled
from the target domain, M = λ D s=1
γs Inu , and αiT is the
coefficient for the i th labeled instances in the target domain.
Proof: The proof can be easily derived by solving the
dual problem of (9).
Note that similar to [28], [30], the solution of the target
decision function f T in (10) is non-sparse. All the base
classifiers f s ’s need to be used for predicting the labels
of the target instances, making it inefficient for large-scale
applications (e.g., video concept detection). Moreover, similar
to the manifold kernel defined in [36], the kernel for domain
adaptation in (11) involves the matrix inversion of a matrix
Inu + MKu , which is computationally infeasible when n u is
large.
2) Sparse Solution: As shown in [37] and [38], the use
of the -insensitive loss function in SVR can usually lead to
a sparse representation of the decision function.2 To obtain
the sparse solution, we therefore introduce an additional term
in (9), which regulates the approximation quality and the
sparsity of the decision function. Moreover, we also assume
that the regularizer ( f T ) = w2 /2 for the penalty of
function complexity of f T . The optimization problem (9) is
then rewritten as
T

1
w2 + C
2

n

min

f iT ,w,b

 (w



φ(xi ) + b − f iT )

i=1

+

P
λL T
λD 
 fl − ylT 2 +
γs  fuT − fus 2
2
2

(12)

s=1

where C is another tradeoff parameter, flT = [ f 1T , . . . , fnTl ]
is the vector of the target decision function on the labeled
instances DlT from the target domain, ylT = [y1T , . . . , ynTl ]
is the label vector of the labeled training instances in
the
 target domain, and  (t) is -insensitive loss  (t) =
|t| − , if |t| > ;
Since -insensitive loss is nonsmooth,
0,
otherwise.
(12) is usually transformed as a constrained optimization
2 For the samples that fall within the -tube of the -insensitive loss, the
corresponding dual variables αi ’s will be zeros, which makes the solution
sparse. For more details, refer to [37].

P
λL T
λD 
 fl − ylT 2 +
γs  fuT − fus 2
2
2

w φ(xiT ) + b − f iT ≤  + ξi , ξi ≥ 0

f iT − w φ(xiT ) − b ≤  + ξi∗ , ξi∗ ≥ 0

(10)

k̃(xi , x j ) = k(xi , x j ) − kx i (Inu + MKu )−1 Mkx j

i=1

(13)

s=1

i=1

where

T

1
w2 + C
(ξi + ξi∗ )
2

n

min

(14)
(15)

where ξi ’s and ξi∗ ’s are slack variables for -insensitive loss.
In the experiment, we fix  = 0.1, which is also the default
value in the online toolbox LIBSVM [39].


Detailed Derivation: Let us represent f T = [ flT , fuT ] . By
introducing the Lagrange multipliers αi ’s and ηi ’s (resp. αi∗ ’s
and ηi∗ ’s) for the constraints in (14) (resp. (15)), we set the
derivatives of the Lagrangian of (13) w.r.t. the primal variables
( f T , w, b, ξi , and ξi∗ ) to zeros, respectively, and we obtain
f T = ỹ + diag

1 
1 
1 ,
1
λ L nl pλ D nu



α − α∗

(16)

and w = (α ∗ − α), 1n T α = 1n T α ∗ , 0n T ≤ α, α ∗ ≤ C1n T ,
P
yT
γs is the normalized
where ỹ =  P l s , γ̃s = γs / s=1
s=1 γ̃s fu

weight for the s-th base classifier, α = [α1 , . . . , αn T ] and
α ∗ = [α1∗ , . . . , αn∗T ] are the vectors of the dual variables,
and  = [φ(x1 ), . . . , φ(xn T )]. Substituting them back into
the Lagrangian, we arrive at the following dual formulation:
1
(α − α ∗ ) K̃(α − α ∗ ) + ỹ (α − α ∗ ) + 1n T (α + α ∗ )
α,α
2
s.t. 1n T α = 1n T α ∗ , 0n T ≤ α, α ∗ ≤ C1n T
(17)

min∗

where K̃ = K + diag([(1/λ L )1nl , ( pλ1 D )1nu ]) is a transformed
P
kernel matrix, K =   and p = s=1
γs .
Parametric prediction: From the Karush–Kuhn–Tucker
(KKT) condition in (16), we can obtain the vector of the
target decision values f T . Moreover, the decision value of any
unlabeled data DuT in the target domain is given as f T (xi ) =
P
∗
s
s=1 γ˜s f (xi ) + (αi − αi )/λ D , ∀i = n l + 1, . . . , n T , which
is similar to that of A-SVM when we set the perturbation
function  f in A-SVM for the unlabeled instance xi as
 f (x i ) = (αi − αi∗ )/λ D . However, f T (xi ) also involves the
ensemble outputs from the base classifiers. Alternatively, we
use the parametric form of the target decision function for
label prediction on any test instance x by

(αi − αi∗ )k(xiT , x) + b
(18)
f (x) = w φ(x) + b =
i: αi −αi∗ =0

which is a linear combination of k(xi , x)’s only without involving any base classifiers. According to the KKT conditions, if
a target instance xiT has the value w φ(xiT ) + b − f iT less
than , then their corresponding coefficient (αi − αi∗ ) in (18)
becomes zero. Therefore, with the use of -insensitive loss
function, the computation for the prediction using the sparse
representation in (18) can be greatly reduced when compared
with A-SVM. We therefore refer to this sparse-solution version
of DAM as FastDAM.
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D. DAM with the Universum
Since the classification hyperplane learned with only a
limited number of labeled training instances in the target
domain may overfit these data, the generalization ability of
the learned FastDAM classifier may be degraded. As shown
in the traditional transductive and SSL methods [10], [12],
[36], [40], unlabeled data can be employed to improve the
classification performance. However, these algorithms require
that the unlabeled data come from the same distribution of the
labeled training data. Recently, Vapnik [34] proposed the use
of an additional unlabeled dataset called Universum to enhance
the generalization ability of the learned classifier for the binary
classification tasks. In contrast to the traditional transductive
and SSL methods, it does not assume that the unlabeled data
(i.e., Universum) should come from the same distribution
of the training data. Weston et al. [33] introduced a new
regularizer into the SVM framework based on the Universum.
The proposed method, referred to as U-SVM, maximizes not
only the margin between two classes but also the number
of contradictions on the Universum. For a detailed definition
of contradiction on the Universum, refer to [33], [34]. Sinz
et al. [32] discovered the connection between the Universumrelated algorithm in [33] and other algorithms including SVM
in a projected subspace, Fisher discriminant analysis, and
oriented principal components analysis.
Recall that the learned classifier by using labeled instances
from the source and target domains may not perform well
due to the distribution mismatch [4], [5], [9], [41], [42]. As
mentioned in [33] and [34], Universum can be drawn from
a distribution that is different from, yet close to, that of the
labeled training samples. In this paper, we use the instances in
the source domains as the Universum because of the following
two aspects: 1) the distributions of the samples from the source
domains and the target domain are different but overlap to
some extent, and 2) the Universum regularizer U( f T ) in
(6) is a data-dependent regularizer and it can be used to
control the complexity of the learned classifier. To this end,
we model  D ( f T ) by using two regularizers A ( f T ) and
U( f T ), namely
nT 
P
2

1
T
γs
f T (xiT ) − f s (xiT )
D( f ) =
2
s=1

i=nl +1

P ns 
2
θ 
+
f T (xis )
2

+

λ D1
2

γs



f T (xiT ) − f s (xiT )

i=nl +1
n
P
s
λ D    T s 2
f (xi ) .
+ 2
2
s=1 i=1

+

P
λL T
λD 
 fl − ylT 2 + 1
γs  fuT − fus 2
2
2
s=1

+

λ D2
2

P


2

s=1

(20)

 fsT 2

(21)

s=1

s.t. For the target domain, i = 1, . . . , n T
w φ(xiT ) + b − f T (xiT ) ≤ T + ξT ,i , ξT ,i ≥ 0
f

T

(xiT ) − w φ(xiT ) −

b ≤ T +

ξT∗,i ,

ξT∗,i

≥0

For the sth source domain, i = 1, . . . , n s :
w φ(xis ) + b − f T (xis ) ≤ s + ξs,i , ξs,i ≥ 0

(22)
(23)
(24)

∗
∗
f T (xis ) − w φ(xis ) − b ≤ s + ξs,i
, ξs,i
≥ 0.

(25)




Let us define f T = [ fTT , f1T , . . . , f PT ] , ξ = [ξT , ξ1 , . . . ,
 ∗
 

∗
∗


∗
ξ P ] , ξ = [ξT , ξ1 , . . . , ξ P ] , α = [αT , α1 , . . . , α P ] , α ∗ =
[αT∗  , α1∗  , . . . , α ∗P  ] and  = [T , 1 , . . . ,  P ]. We introduce the Lagrangian multipliers αT = [αT ,1 , . . . , αT ,n T ] and
ηT = [ηT ,1 , . . . , ηT ,n T ] (resp. αT∗ = [αT∗ ,1 , . . . , αT∗ ,n T ] and
ηT∗ = [ηT∗ ,1 , . . . , ηT∗ ,n T ] ) for the constraints of the target

domain in (22) (resp. [23]), as well as the Lagrangian multipliers αs = [αs,1, . . . , αs,ns ] and ηs = [ηs,1, . . . , ηs,ns ] (resp.
∗ , . . . , α ∗ ] and η∗ = [η∗ , . . . , η∗ ] ) for the
αs∗ = [αs,1
s,n s
s
s,n s
s,1
constraints of the sth source domain in (24) (resp. (25)). By
setting the derivatives of the Lagrangian of (21) w.r.t. the
primal variables f T , w, b, ξ and ξ ∗ to zero, we obtain the
following solutions:
f T = ỹ + diag

where θ > 0 is a tradeoff parameter.
Denote λ D1 = λ D and λ D2 = θ λ D . Substituting (19)
back into the DAM framework (8), we arrive at the following
optimization problem:
nl 
2
λL 
f T (xiT ) − yiT
min ( f T ) +
2
fT
i=1
nT


s=1

∗
ξT∗,i ,ξs,i ,ξs,i

(19)

s=1 i=1

P


1) Detailed Solution: Note that the optimization problem
(20) can be solved through the least-squares method. However,
it is computationally infeasible as stated in Section III-C.1.
Again, we employ -insensitive loss to regulate the approximation quality and the sparsity of the target decision function.


Let fTT = [ f T (x1T ), . . . , f (xnTT )] = [ flT , fuT ] , ξT =
[ξT ,1 , . . . , ξT ,n T ] , and ξT∗ = [ξT∗,1 , . . . , ξT∗,n T ] for the target
domain, fsT = [ f T (x1s ), . . . , f T (xns s )] , ξs = [ξs,1 , . . . , ξs,ns ]
∗ , . . . , ξ ∗ ] for the sth source domain. With
and ξs∗ = [ξs,1
s,n s
the -insensitive loss, we can rewrite (20) as the following
constrained optimization problem which is referred to as
UniverDAM:


P

1
2

∗

∗
w + C 1n T (ξT + ξT ) +
1ns (ξs + ξs )
min
f T ,w,b,ξT ,i 2

1 
1 
1 
1 ,
1 ,
1 P
λ L nl pλ D1 nu λ D2
s=1 n s



α − α∗



(26)
w = (α ∗ − α), 1N α = 1N α ∗ and 0 N ≤ α, α ∗ ≤ C1 N , where

  P
P
γ̃s fus  , 0 P
, N = n T + s=1
n s is the
ỹ = ylT , s=1
s=1 n s
P
total number of training instances and γ̃s = γs / s=1 γs is
the normalized weight for the sth base classifier. Similar to
the derivation of FastDAM in Section III-C.2, we arrive at the
dual problem of UniverDAM as follows:
1
(α − α ∗ ) K̃(α − α ∗ ) + ỹ (α − α ∗ ) +   (α + α ∗ )
α,α
2
s.t. 1N α = 1N α ∗ , 0 N ≤ α, α ∗ ≤ C1 N
(27)
min∗
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where K̃ = K + diag([(1/λ L )1nl , ( pλ1D )1nu , (1/λ D2 )
1
]) is a transformed kernel matrix, K =  ,
1 P
ns
s=1 
P


 
p =
s=1 γs , and  = [T 1n T , 1 1n 1 , . . . ,  P 1n P ] . In the
experiments, we fix all s and T as 0.1.
2) Parametric Prediction: The solution (26) to the target
decision function f T is transductive. Namely, it is restricted
to the training data only and it cannot be used for the prediction of newly coming test instances. To this end, similarly
as in Section III-C2, we introduce a parametric form of
the target decision function f T for label prediction. With
the dual variables α and α ∗ obtained from (27), the target
decision function f T onany test instance x is formulated as
f T (x) = w φ(x) + b = i: αT ,i −α ∗ =0 (αT ,i − αT∗ ,i )k(xiT , x) +
T ,i
P 
s
∗
s=1
i: αs,i −α ∗ =0 (αs,i − αs,i )k(xi , x) + b.
s,i

matrix K and the regression label vector y in (29) are
replaced by the transformed kernel matrix K̃ and ỹ in (17),
respectively. In experiments, we normalize the sum of γs
to 1 (i.e., p = 1). So the transformed kernel matrix is
K + diag([(1/λ L )1nl , (1/λ D )1nu ]), which is similar to the
automatic relevance determination kernel used in a Gaussian
process, where λ L and λ D are the parameters to control the
noise of output.
the i th item of the last n u entries of
 P Moreover,
γ̃s f s (xi ), which can be explained as the virtual
ỹ is ỹi = s=1
label generated by a weighted summation of the decision
values f s (xi )’s from the base classifiers f s ’s on the unlabeled
instance xi in DuT (also see Fig. 1). Moreover, the objective
function of FastDAM in (12) can be solved efficiently by using
state-of-the-art SVM solvers such as LIBSVM [39]. When
compared with the original formulation in (9), the calculation
of the matrix inversion in (11) is avoided.

IV. D ISCUSSION
A. Connection Between FastDAM and UniverDAM

C. Discussion on Related Work

We first discuss the connection between FastDAM and
UniverDAM and introduce a theorem on the degradation
of UniverDAM into FastDAM. One can observe that, when
∗
= 0, the dual optimization problem (27) of
αs,i = αs,i
UniverDAM reduces to the dual optimization problem (17)
of FastDAM. The following theorem shows that UniverDAM
can be reduced to FastDAM under some conditions.
Theorem 2: The optimization problem (21) of UniverDAM
will be reduced to the optimization problem (13) of FastDAM,
if each s (s = 1, . . . , P) satisfies the following condition:

Our proposed DAM framework is different from MTL
[28]–[30], [43]. DAM focuses on learning the target decision
classifier only by leveraging the existing base classifiers, and
the computational cost in the learning stage is reduced, especially for FastDAM. In addition, according to the definition
of our domain-dependent regularizer in (7), the base classifiers can be trained with different kernels and even different
learning methods.
The most related work to DAM is A-SVM [5], in which
the new SVM classifier is adapted from the existing auxiliary classifiers. However, DAM is different from A-SVM
in two aspects. First, A-SVM did not exploit the unlabeled
data DuT in the target domain. In contrast, the unlabeled
instances DuT in the target domain are employed in DAM
(see the domain-dependent regularizer defined in (7)). Second,
A-SVM employed auxiliary classifiers for the label prediction
of the instances in the target domain. In contrast, the target
classifier learned in DAM (see (18)) is in a sparse representation of the target instances only. In Table I, we summarize
the comparisons between our two methods (i.e., FastDAM
and UniverDAM) and other domain adaptation methods (i.e.,
FR [3], A-SVM [5], multiple convex combination of SVM
(MCC-SVM) [18], and multiple KMM (Multi-KMM) [18])
which will be evaluated in the experiments.
Finally, DAM also differs from other SSL methods. SSL
methods generally assumed that the labeled and unlabeled
samples come from the same domain. In contrast, DAM does
not enforce such a constraint.

s > max

i=1,...,n s

w φ(xis ) + b − f T (xis ) .

(28)

Proof: The proof is given in the Appendix.
Recall that Universum is initially proposed for the binaryclass problem [32]–[34], which means that the positive
instances are from one class and the negative instances are
from another class. The Universum is an additional data
collection belonging to neither class, which is used as prior
knowledge to help find the optimal margin and enhance the
generalization ability of the learned classifier. However, it is
not clear how to make use of the Universum in the multiclass
setting in which the training data are from multiple classes.
B. Connection to SVR
Under the framework of DAM, we have introduced two
methods, namely, FastDAM and UniverDAM. Surprisingly,
for both FastDAM and UniverDAM, the dual forms of (17)
and (27) do not involve any expensive matrix operation as in
[28]–[30] and can be reduced to a form which is quite close
to the dual of -SVR
1
min (α − α ∗ ) K(α − α ∗ ) + y (α − α ∗ ) + 1 (α + α ∗ )
α,α ∗ 2
s.t. α  1 = α ∗  1, 0 ≤ α, α ∗ ≤ C1
(29)
except for the kernel matrix K, the regression label vector
y, and the parameter vector 1. For the ease of presentation,
we take the dual (17) of FastDAM as an example, and
note that the dual (27) of UniverDAM can be similarly
analyzed. To transform -SVR into FastDAM, the kernel

V. E XPERIMENTS
In the experiments, we evaluate our two methods FastDAM
and UniverDAM for two multiple domain adaptation related
applications: 1) video concept detection, and 2) document
retrieval.
A. Descriptions of Datasets
We conduct experiments on three datasets which are suitable for the multiple source domain adaptation applications.
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TABLE I
S UMMARY OF THE C OMPARISONS B ETWEEN O UR T WO M ETHODS (i.e., FAST DAM AND U NIVER DAM) AND O THER D OMAIN A DAPTATION M ETHODS
Smoothness
assumption
FR [3]




A-SVM [5]
MCC-SVM [18]
Multi-KMM [18]
FastDAM
UniverDAM

Prelearned
classifiers







Labeled
target data

Source data









Optional
Optional



Optional

Unlabeled
target data

Fast
adaptation

Fast
prediction












TABLE II
D ESCRIPTION OF THE TRECVID 2005 D ATASET
Domain

Source domains

Target domain

Channel

CNN_ENG

MSNBC_ENG

NBC_ENG

CCTV4_CHN

NTDTV_CHN

LBC_ARB

# keyframes

11 025

8905

9322

10 896

6481

15 272

We use the challenging TRECVID 2005 dataset for the video
concept detection task and employ two text datasets (i.e., 20
newsgroups and email spam) for document retrieval.
1) TRECVID 2005 Dataset: The TRECVID3 video corpus
is one of the largest annotated video benchmark datasets
for research purposes. The TRECVID 2005 dataset contains
61 901 keyframes extracted from 108 hours of video programs
from six different broadcast channels, including three English
channels (CNN, MSNBC, and NBC), two Chinese channels
(CCTV and NTDTV), and one Arabic channel (LBC). The
total number of keyframes in each channel is listed in Table II.
Thirty-six semantic concepts are chosen from the large-scale
concept ontology for multimedia-lite lexicon [44], which cover
the dominant visual concepts present in broadcast news videos
including objects, locations, people, events, and programs.
And these concepts have been manually annotated to describe
the visual content of the keyframes in the TRECVID 2005
dataset.
As shown in [5], the data distributions of six channels
are quite different, making it suitable for evaluating domain
adaptation methods. In this paper, three English channels and
two Chinese channels are used as the source domains, and
the Arabic channel is used as the target domain D T . The
training dataset comprises all the labeled samples from the
source domains as well as the labeled samples (i.e., DlT )
from the target domain, in which 10 samples per concept are
randomly chosen. The remaining samples in the target domain
are used as the test dataset. Moreover, from the test dataset
we randomly select 4000 instances as the unlabeled training
data. We only sample the instances from the target domain
once because of the very high computational cost in the large
TRECIVD 2005 dataset.
Three low-level global features, namely, grid color moment
(225 dim.), Gabor texture (48 dim.), and edge direction histogram (73 dim.), are used to represent the diverse content of
keyframes, because of their consistent and good performance
reported in TRECVID [5], [45]. Yanagawa et al. [46] have
3 Available at: http://www-nlpir.nist.gov/projects/trecvid.

made the three types of features extracted from the TRECVID
2005 dataset publicly available. The three types of features are
then put together to form a 346-D feature to represent each
keyframe.
2) Twenty Newsgroups Dataset: The 20 newsgroups
dataset4 contains 18 774 documents, and has a hierarchical
structure with 6 main categories and 20 subcategories. We
choose the instances from three main categories with at least
four subcategories and generate three settings for evaluating
multiple source domain adaptation algorithms. For each setting, we consider one main category as the positive class
and use another one as the negative class, and employ all
the labeled instances from two subcategories (i.e., one from
the positive class and the other from the negative class) to
construct one domain. In the experiments, we have three
source domains and one target domain (see Table III for
the detailed settings). The training dataset comprises all the
labeled samples from the source domains as well as 2m labeled
samples from the target domain, in which m positive and
m negative instances are randomly chosen. The remaining
samples in the target domain are used as the unlabeled training
data and the test data. In the experiments, we set m as
0, 2, 4, 6, 10, 15, and 20. We repeat the experiments 10 times
with different randomly sampled instances from the target
domain and report the means and the standard deviations. The
word-frequency feature is used to represent each document.
3) Email Spam Dataset: The email spam dataset5 contains
a set of 4000 publicly available labeled emails as well as
three email sets (each has 2500 emails) annotated by three
different users. Therefore, the data distributions of the three
user-annotated email sets and the publicly available email set
differ from each other. For each of the four datasets, onehalf of the emails are non-spam (labeled as 1) and the other
half of them are spam (labeled as −1). In our experiments, we
consider the three user-annotated sets as three source domains,
and employ the publicly available email set as the target
4 Available at: http://people.csail.mit.edu/jrennie/20Newsgroups/.
5 Available at: http://www.ecmlpkdd2006.org/challenge.html.
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TABLE III
D ESCRIPTION OF THE 20 N EWSGROUPS D ATASET

rec versus sci

comp versus rec

sci versus comp

Source domains
rec.autos & sci.crypt
rec.motorcycles & sci.electronics
rec.sport.baseball & sci.med
comp.graphics & rec.autos
comp.os.ms-windows.misc & rec.motorcycles
comp.sys.ibm.pc.hardware & rec.sport.baseball
sci.crypt & comp.graphics
sci.electronics & comp.os.ms-windows.misc
sci.med & comp.sys.ibm.pc.hardware

TABLE IV
D ESCRIPTION OF THE E MAIL S PAM D ATASET
Domain

Source domains

Target domain

Email sets

User1 (U00)

User2 (U01)

User3 (U02)

Public set

# emails

2500

2500

2500

4000

domain (see Table IV for more details). The training dataset
comprises all the labeled samples from the source domains as
well as 20 labeled samples from the target domain, in which
10 positive and 10 negative instances are randomly chosen.
The remaining samples in the target domain are used as the
unlabeled training data and also as the test data. We repeat
the experiments 10 times with different randomly sampled
instances from the target domain and report the means and the
standard deviations. Again, we use the word-frequency feature
to represent each document.
B. Experimental Setup
For performance evaluation, we use noninterpolated average
precision (AP) [47]. Any base classifiers can be readily used
in our DAM framework. In the experiments, we test our
methods using two types of base classifiers: 1) the standard
SVM classifier learned by using the labeled instances from one
source domain, which is the same as the auxiliary classifier in
A-SVM [5], and 2) the FR classifier trained with the labeled
instances from one source domain and the target domain. On
the TRECVID 2005 and email spam datasets, we use FR
classifiers as base classifiers in FastDAM and UniverDAM.
And on the 20 newsgroups dataset, we use SVM classifiers
learned from source domains as base classifiers.
Recall that FastDAM and UniverDAM both make use of
the virtual labels ỹ (i.e., the weighted decision values from
the base classifiers) of the unlabeled instances from the target
domain (see Section IV-B for more details). However, the unlabeled instances from the target domain may bring ambiguity
in the learning of the target classifier if their virtual labels are
close to zero. To alleviate such side effect of the ambiguity
as well as accelerate the learning process, we discard the
unlabeled instances from the target domain with the virtual
labels ranging from −0.3 to 0.3 and only employ the remaining unlabeled instances. In the experiment, we empirically fix
the thresholds as −0.3 and 0.3. We will investigate how to
automatically determine the thresholds in the future.

Target domain
rec.sport.hockey & sci.space

comp.sys.mac.hardware & rec.sport.hockey

sci.space & comp.sys.mac.hardware

1) Detailed Setup for Video Concept Detection: We compare our method FastDAM with the baseline SVM and other
four domain adaptation methods: MCC-SVM [18], FR [3],
A-SVM [5], and Multi-KMM [18]. We do not test UniverDAM for the video concept detection task because the
instances from each source domain come from multiple
classes, which violates the basic assumption on Universum
stated in Section V. It is also worth mentioning that UniverDAM can achieve comparable results with FastDAM because
FastDAM is a special case of UniverDAM (see Section IV-A
for the details about the connection between FastDAM and
UniverDAM).
In this paper, we focus on the multiple source domain
setting. For the baseline SVM algorithm, we report the
results for two cases: 1) in SVM_T, we only use the training instances from the target domain (i.e., DlT ) for SVM
learning, and 2) in SVM_S, we equally fuse6 the decision
values of five base classifiers independently trained with the
labeled instances from five source domains. MCC-SVM, FR,
A-SVM, and Multi-KMM can cope with the training samples
from multiple source domains. For MCC-SVM, as in [18],
we equally fuse the decision values of six SVM classifiers
independently trained with the labeled instances from the
target domain and five source domains. And similarly for FR,
we also equally fuse the decision values of five base classifiers
with each classifier learned using the labeled instances from
one source domain and the target domain. Considering we
only have a limited number of labeled training samples from
the target domain (i.e., 10 samples per class), for MultiKMM [18] we shift the samples from each source domain
toward the mean of the target samples without considering the
class label information. We also empirically set the parameter
α in Multi-KMM as 1. The Multi-KMM classifier is finally
learned by using the shifted samples from the source domains
and the labeled data from the target domain. Considering that
Multi-KMM and FastDAM can take advantage of both labeled
and unlabeled data, we use a semisupervised setting in this
paper. In practice, 4000 test instances from the target domain
are randomly sampled as DuT for Multi-KMM and Fast6 For each of the P source domains, we train one SVM
corresponding labeled samples in the source domain. Then,
instance x, the decision values from the P SVM classifiers
into the probability values by using the sigmoid function
1/(1 + exp(−t)) as suggested in [48]. Finally, we average the
values as the final prediction of the test instance x.

by using the
for each test
are converted
(i.e., g(t) =
P probability
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TABLE V
MAPS (%) OF A LL M ETHODS OVER 36 C ONCEPTS ON THE TRECVID 2005 D ATASET

MAP

SVM_T

SVM_S

MCC-SVM

FR

Multi-KMM

A-SVM

FastDAM_50

FastDAM_200

25.5

26.4

28.8

30.4

26.7

28.1

32.2

32.6

DAM, which are used as unlabeled data during the learning
process.
For all methods, we train one-versus-others SVM classifiers
with the fixed regularization parameter C = 1. For FastDAM,
we fix the tradeoff parameters λ L = λ D = 100. Gaussian
kernel (i.e., k(xi , x j ) = exp(−γ xi − x j 2 )) is used as the
default kernel in SVM_T, SVM_S, MCC-SVM, FR, MultiKMM, and FastDAM, where γ is set to 1/d = 0.0029
(d = 346 is the feature dimension). For A-SVM, we train
50 auxiliary classifiers by independently using 5 sources and
10 kernel parameters for the Gaussian kernel, which are set
as 1.2δ γ , where δ ∈ {−0.5, 0, 0.5, . . . , 4}. We also report
two results for FastDAM: 1) in FastDAM_50, we exploit 50
base classifiers independently learned by using the labeled
training data from each source domain and the target domain
with the Gaussian kernel and the same ten kernel parameters,
and 2) in FastDAM_200, we additionally employ another
three types of kernels: Laplacian kernel (i.e., k(xi , x j ) =
√
exp(− γ xi − x j )), inverse square distance kernel (i.e.,
k(xi , x j ) = 1/(γ xi − x j 2 + 1)), and inverse distance kernel
√
(i.e., k(xi , x j ) = 1/( γ xi − x j  + 1)). Then, for FastDAM,
there are in total 200 base classifiers from 5 sources, 4 types
of kernels, and 10 kernel parameters.
In A-SVM and FastDAM, we also need to determine the
weight γs for the s-th base classifier. For fair comparison, we
set
2
s
T
γs = e−βDISTk (D , D )

(30)

where β > 0 is the bandwidth parameter to control the spread of DISTk (D s , D T ) and DISTk (D s , D T ) is
the maximum mean discrepancy (MMD) [49] for measuring the data distributions between the sth the source
domain and the target domain. MMD is an effective
nonparametric distance metric for comparing data diss
T
tributions in the RKHS, namely, DIST

2 k (D , D ) =


n
n
s
s
T
T
(1/n s )

i=1 φ(xi ) − (1/n T )
i=1 φ(xi ) H . In this paper,
we adopt MMD owing to its effectiveness and simplicity [9],
[41], [49]. In the experiment, we further normalize the sum of
the weights γs ’s as 1 and empirically set β = 100.
2) Detailed Setup for Document Retrieval: The 20 newsgroups dataset and the email spam dataset are used for
document retrieval. For this application, we compare our two
methods FastDAM and UniverDAM with the baseline SVMs
(i.e., SVM_T, SVM_S), FR, MCC-SVM, and Multi-KMM. We
use the same settings for these methods as in Section V-B1.
In our methods, linear kernel (i.e., k(xi , x j ) = xi x j ) and
polynomial kernel (i.e., k(xi , x j ) = (xi x j +1)a ) are considered
as the base kernels to train the base classifiers, where a =
1.1, 1.2, . . . , 1.5 for both datasets. And the linear kernel is
used as the default kernel because of its good performance on

text datasets. Therefore, we have in total 18 base classifiers
from 3 sources and 6 base kernels. In the default setting, the
regularization parameter C is set as 1 for all methods, and we
set λ L = λ D = 1 for FastDAM and λ L = λ D1 = λ D2 = 1
for UniverDAM on both datasets. As in the video concept
detection task, we use (30) to determine the weight γs for
the sth base classifier, and we further normalize the sum
of the weights γs ’s as 1. We empirically set β as 10 000
for the 20 newsgroups dataset and β as 100 for the email
spam dataset. In Section V-D, we take the 20 newsgroups
dataset as an example to analyze the performance variations
of different methods with respect to all these parameters
C, λ L , λ D , λ D1 , λ D2 , and β.
C. Performance Comparisons
1) Results of Video Concept Detection: The MAPs
over all 36 concepts on the TRECVID 2005 dataset is
given in Table V. From the table, we observe that the
domain adaptation methods MCC-SVM, FR, Multi-KMM, and
A-SVM outperform SVM_T and SVM_S, which demonstrates
that the instances from source domains and target domain can
be used to improve generalization performance in the target
domain. MCC-SVM and A-SVM achieve similar performance
in terms of MAP over 36 concepts. Multi-KMM is worse than
MCC-SVM, FR, and A-SVM, possibly because it is difficult
to estimate the means to be shifted with many source domains.
In our initial version of this paper [4], we have shown that
our FastDAM_50 and FastDAM_200 using the auxiliary classifiers (i.e., the SVM_S classifiers) can respectively improve
the performance from 26.4% (SVM_S) to 29.8% and 30.9%
and the prediction of FastDAM is also much faster than other
domain adaptation methods because of the sparse solution.
In Table V, we report the results of FastDAM using the FR
classifiers as the base classifiers. The MAPs of FastDAM_50
and FastDAM_200 using the better base classifiers are further improved to 32.2% and 32.6%, respectively, which are
better than SVM_T, SVM_S and other cross-domain learning
methods. When compared with FR (resp. A-SVM), the relative
MAP improvements of FastDAM_50 and FastDAM_200 are
5.9% and 7.2% (resp. 14.6% and 16.0%), respectively. These
results clearly demonstrate that FastDAM can learn a robust
target classifier for domain adaptation by leveraging a set of
prelearned base classifiers.
We additionally report the results of SVM_S, MCC-SVM,
and FR in the single-source domain setting in which all the
instances from five source domains are considered as one
source domain. The MAPs of SVM_S, MCC-SVM, and FR
in the single source domain setting are 23.4%, 28.4%, and
28.7%, respectively, and they are worse than the results from
the multiple source domain setting reported in Table V.
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TABLE VI
M EANS AND S TANDARD D EVIATIONS (%) OF AP S OF A LL M ETHODS WITH m P OSITIVE AND m N EGATIVE T RAINING I NSTANCES FROM THE TARGET
D OMAIN ON THE 20 N EWSGROUPS D ATASET. T HE R ESULTS S HOWN IN B OLDFACE A RE S IGNIFICANTLY B ETTER T HAN THE O THERS , J UDGED BY THE
t -T EST WITH A S IGNIFICANCE L EVEL AT 0.01
(a) rec versus sci
m

SVM_T

SVM_S

MCC-SVM

FR

Multi-KMM

FastDAM

UniverDAM

0

–

95.44 ± 0.00

–

–

97.58 ± 0.00

97.77 ± 0.00

99.69±0.00

2

67.58 ± 6.82

95.44 ± 0.01

95.45 ± 0.26

93.87 ± 2.86

97.69 ± 0.07

97.81 ± 0.05

99.69±0.01

4

73.56 ± 7.46

95.44 ± 0.02

95.61 ± 0.41

94.87 ± 2.63

97.81 ± 0.09

97.87 ± 0.05

99.69±0.01

6

75.77 ± 5.79

95.45 ± 0.03

95.66 ± 0.40

95.34 ± 1.58

97.91 ± 0.07

97.93 ± 0.07

99.70±0.01

10

81.55 ± 6.87

95.45 ± 0.03

95.82 ± 0.56

95.94 ± 1.43

98.04 ± 0.08

98.01 ± 0.11

99.71±0.02

15

87.58 ± 4.72

95.46 ± 0.05

96.03 ± 0.43

96.69 ± 0.95

98.18 ± 0.09

98.04 ± 0.12

99.72±0.01

20

90.52 ± 3.70

95.46 ± 0.05

96.17 ± 0.51

97.31 ± 0.87

98.31 ± 0.09

98.11 ± 0.13

99.72±0.01

(b) comp versus rec
m

SVM_T

SVM_S

MCC-SVM

FR

Multi-KMM

FastDAM

UniverDAM

0

–

97.53 ± 0.00

–

–

98.78 ± 0.00

99.03 ± 0.00

99.82±0.00

2

67.96 ± 10.19

97.53 ± 0.01

97.49 ± 0.41

97.34 ± 1.25

98.80 ± 0.03

99.03 ± 0.01

99.82±0.00

4

75.53 ± 8.28

97.52 ± 0.01

97.47 ± 0.54

97.36 ± 1.03

98.83 ± 0.02

99.04 ± 0.01

99.82±0.00

6

78.45 ± 9.18

97.52 ± 0.01

97.28 ± 0.65

97.31 ± 1.18

98.85 ± 0.03

99.05 ± 0.02

99.82±0.00

10

83.71 ± 5.60

97.53 ± 0.03

97.47 ± 0.44

97.86 ± 0.58

98.90 ± 0.04

99.06 ± 0.03

99.82±0.01

15

88.71 ± 5.72

97.52 ± 0.04

97.58 ± 0.53

98.47 ± 0.37

98.97 ± 0.04

99.07 ± 0.03

99.82±0.01

20

92.50 ± 3.56

97.51 ± 0.04

97.79 ± 0.38

98.52 ± 0.36

99.01 ± 0.03

99.08 ± 0.03

99.82±0.01

(c) sci versus comp
m

SVM_T

SVM_S

MCC-SVM

FR

Multi-KMM

FastDAM

UniverDAM

0

–

91.94 ± 0.00

–

–

91.16 ± 0.00

94.68 ± 0.00

98.44±0.00

2

66.95 ± 6.50

91.93 ± 0.02

92.07 ± 0.25

89.34 ± 2.30

91.51 ± 0.17

94.77 ± 0.04

98.46±0.02

4

73.17 ± 6.33

91.94 ± 0.02

92.32 ± 0.36

90.41 ± 2.35

91.92 ± 0.17

94.92 ± 0.11

98.50±0.02

6

76.69 ± 6.10

91.94 ± 0.03

92.56 ± 0.31

91.63 ± 1.93

92.33 ± 0.23

95.04 ± 0.13

98.53±0.02

10

81.65 ± 3.54

91.94 ± 0.03

92.94 ± 0.43

93.13 ± 1.72

92.85 ± 0.38

95.28 ± 0.15

98.59±0.03

15

85.28 ± 2.88

91.93 ± 0.04

93.43 ± 0.49

94.48 ± 1.31

93.53 ± 0.33

95.64 ± 0.23

98.68±0.05

20

88.22 ± 2.55

91.93 ± 0.06

93.76 ± 0.51

95.27 ± 0.95

94.04 ± 0.28

95.87 ± 0.25

98.73±0.04

2) Results of Document Retrieval: Table VI shows the
means and standard deviations of APs of all methods on the
20 newsgroups dataset. When the number of positive and
negative training instances (i.e., m) from the target domain
increases, the performances of most methods improve in terms
of the means of APs. We observe that SVM_S achieves
good results by only using the labeled instances from the
source domains, possibly because some source domains are
highly relevant to the target domain. This conjecture is also
supported by measuring the distances between the source
domains and the target domain with the MMD criterion. We
therefore use the SVM_S classifiers as the base classifiers
in our FastDAM and UniverDAM. Multi-KMM is generally
better than SVM_S, MCC_SVM, and FR, which demonstrates
that Multi-KMM can successfully shift the means of source
domains toward the target domain on this dataset. Our method
FastDAM outperforms other algorithms in most cases except
that it performs slightly worse than Multi-KMM in three cases
when setting m = 10, 15, and 20 (see setting (a) in Table VI)
and in some cases FastDAM only performs slightly better
than Multi-KMM and FR when setting m = 10, 15, and 20
(see settings (b) and (c) in Table VI). The explanation is
that the existing domain adaptation algorithms such as MultiKMM and FR can achieve good performances when there

are more labeled target samples. UniverDAM achieves the
best results in all the cases in terms of the means of APs,
which demonstrates the effectiveness of our DAM framework.
Moreover, UniverDAM is also significantly better than other
methods judged by the t-test with a significance level at
0.01. It demonstrates that the data-dependent regularizer for
the Universum suggested in [32] and [33] is suitable for
this binary-class document retrieval problem in which the
instances from the source domains can be effectively used
as the Universum for domain adaptation. Since the SVM_S
classifiers are used as the base classifiers in FastDAM and
UniverDAM, our methods can successfully handle the extreme
case in which there are no labeled instances in the target
domain. In such an extreme case, we do not consider the
loss of the labeled training data from the target domain in
our DAM framework. However, other cross-domain learning
methods such as MCC-SVM and FR cannot cope with such
an extreme case.
Table VII lists the results of all methods on the email
spam dataset. Since the performance of FR is much better
than that of SVM_S, we use the FR classifiers as the base
classifiers in FastDAM and UniverDAM on this dataset. In
terms of the means of APs, our two methods outperform
the other methods, and UniverDAM achieves the best result,
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Fig. 2. Means and standard deviations (%) of APs of all methods on the 20 Newsgroups dataset with different regularization parameter C = 0.01, 0.1, 1, 10,
and 100. For better visualization, see the colored PDF file. (a) Rec versus sci, (b) comp versus rec, and (c) sci versus comp.
TABLE VII
M EANS AND S TANDARD D EVIATIONS (%) OF AP S OF A LL M ETHODS WITH 10 P OSITIVE AND 10 N EGATIVE T RAINING I NSTANCES FROM THE TARGET
D OMAIN ON THE E MAIL S PAM D ATASET. T HE R ESULTS S HOWN IN B OLDFACE A RE S IGNIFICANTLY B ETTER T HAN THE O THERS , J UDGED BY THE
t -T EST WITH A S IGNIFICANCE L EVEL AT 0.01

AP

SVM_T

SVM_S

MCC-SVM

FR

Multi-KMM

FastDAM

UniverDAM

83.01 ± 3.08

68.62 ± 0.09

76.89 ± 2.75

84.13 ± 3.46

74.10 ± 1.36

85.36 ± 2.48

87.05±2.94

TABLE VIII
AVERAGE T RAINING AND T ESTING T IME ( IN S ECONDS ) OVER 10 ROUNDS OF E XPERIMENTS FOR A LL M ETHODS ON THE F IRST S ETTING (i.e., R EC
V ERSUS S CI ) OF THE 20 N EWSGROUPS D ATASET. N OTE T HAT THE T RAINING T IME OF B OTH FAST DAM AND U NIVER DAM C ONSISTS OF T WO PARTS
(i.e., THE C ALCULATION OF THE V IRTUAL L ABELS AND THE L EARNING OF THE C LASSIFIER )
SVM_T

SVM_S

MCC-SVM

FR

Multi-KMM

FastDAM

UniverDAM

Training

0.04

69.38

72.96

69.19

201.53

133.41 + 8.87

133.41 + 284.26

Testing

1.10

125.80

128.61

126.51

126.93

24.64

146.85

which again demonstrates the effectiveness of our methods. Moreover, UniverDAM is also significantly better than
other methods judged by the t-test with a significance level
at 0.01.
Moreover, we take the first setting (i.e., rec versus sci) of
the 20 newsgroups dataset as an example to compare the
average training and test time of all methods. All methods
are performed on an IBM workstation (2.13 GHz CPU with
16 GB RAM), and we set m = 20 for all methods. The
performances of all methods are shown in Table VIII. Note
that for our methods FastDAM and UniverDAM we need to
obtain the virtual labels of the unlabeled training instances in
advance. We assume that the base classifiers (i.e., SVM_S)
can be learned in an offline fashion. The calculation of the
virtual labels takes 133.41 s on average. Because of the sparse
solution, the prediction of FastDAM is much faster than the
other methods except SVM_T which only uses 20 positive
and 20 negative training instances. While a large number of
unlabeled training data from the source domain are used as
Universum, the testing time of UniverDAM is comparable
with other methods (i.e., SVM_S, MCC-SVM, FR, and MultiKMM).
D. Parameter Analysis for Different Methods
In this subsection, we evaluate the performance variations
with respect to the regularization parameter C used in all
methods, the parameters λ L , λ D , and β used in FastDAM,

and the parameters λ L , λ D1 , λ D2 , and β used in UniverDAM
by using the 20 newsgroups dataset in which 20 positive and
20 negative labeled instances from the target domain are used
for training. In the default setting, we set the regularization
parameter C = 1 for all methods, λ L = λ D = λ D1 = λ D2 = 1,
and β = 10 000 for both FastDAM and UniverDAM. When
evaluating the performance variations with respect to one
parameter, we fix the other parameters as their default values.
1) Performance Variations w.r.t. the Regularization Parameter C: We compare all methods on the three settings of
the 20 newsgroups dataset by using different C in Fig. 2,
where C is set as 0.01, 0.1, 1, 10, and 100. We observe that
the performances of most methods tend to saturate when
C becomes large. Our method FastDAM is generally better
than other methods, and UniverDAM consistently achieves the
best performances by using different C’s. Moreover, the large
improvement of UniverDAM over the other methods clearly
demonstrates the successful utilization of the source domain
data as the Universum. We have similar observations when
using different numbers of training samples from the target
domain.
2) Performance Variations w.r.t. the Tradeoff Parameters
λ L , λ D , λ D1 , and λ D2 : We conduct two experiments to study
the tradeoff parameters λ L , λ D , λ D1 , and λ D2 . First, we evaluate the effectiveness of transferring source information. Specifically, we set λ D = λ D1 = λ D2 for our methods FastDAM and
UniverDAM as 0.1, 1, 10, 100, and 1000. Other parameters
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Fig. 3. Means and standard deviations (%) of APs of FastDAM and UniverDAM on the 20 newsgroups dataset with different λ D = λ D1 = λ D2 =
0.1, 1, 10, 100, and 1000. (a) Rec versus sci, (b) comp versus rec, and (c) sci versus comp.
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Fig. 4. Means and standard deviations (%) of APs of FastDAM and UniverDAM on the 20 newsgroups dataset with different tradeoff parameter λ =
0.1, 1, 10, 100, and 1000. (a) Rec versus sci, (b) comp versus rec, and (c) sci versus comp.
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Fig. 5. Means and standard deviations (%) of APs of FastDAM and UniverDAM on the 20 newsgroups dataset with different bandwidth parameter
β = 0, 0.01, 1, 100, and 10 000 in (30). (a) Rec versus sci, (b) comp versus rec, and (c) sci versus comp.

are set as default values. The performance variations with
respect to different λ D are shown in Fig. 3. When setting
λ D ≤ 1, it can be observed from Fig. 3 that the performances of both FastDAM and UniverDAM increase when λ D
increases, which demonstrates that it is beneficial to utilize
the unlabeled data for domain adaptation. We also observe
that their performances become stable when setting λ D ≥ 10.
Second, we evaluate the performance variations with respect
to all the tradeoff parameters. To avoid too many combinations
of the parameters, we fix λ L = λ D = λ D1 = λ D2 = λ.
We report the results of FastDAM and UniverDAM by using
different λ in Fig. 4, where λ is set as 0.1, 1, 10, 100, and
1000. From Fig. 4, we observe that the performances of both
FastDAM and UniverDAM do not change much when setting
λ ≥ 1, and UniverDAM achieves the best performance when
setting λ = 1.

3) Performance Variations w.r.t. the Bandwidth Parameter
β: Recall that β is the bandwidth parameter for the calculation
of γs (see (30)), and we normalize the sum of γs ’s to 1. In
Fig. 5, we show the performances of FastDAM and UniverDAM by using different β, where β is set as 0, 0.01, 1, 100,
and 10 000. When setting β = 0, we have equal weights for
all source domains (i.e., γs = 1/P, ∀s = 1, . . . , P). From
Fig. 5, we observe that both FastDAM and UniverDAM using
β = 10 000 achieve better performances when compared with
β = 0, which demonstrates that it is beneficial to adopt the
MMD criterion to measure the distribution mismatch between
each source domain and the target domain. We also observe
that UniverDAM achieves much better performances than
FastDAM, which again demonstrates the effectiveness of the
Universum constructed by using the source domain data for
document retrieval.
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VI. C ONCLUSION
We have proposed a new framework, referred to as DAM,
for multiple source domain adaptation. It learns a robust target
classifier for predicting labels of test instances from the target
domain by leveraging a set of prelearned base classifiers. Any
types of classifiers, such as the standard SVM classifier learned
with the labeled instances from the source domains or the
FR classifier [3] learned with the labeled instances from the
source domains and target domain, can be readily used as
base classifiers in our framework. With the base classifiers,
we introduced a new domain-dependent regularizer based
on smoothness assumption, which enforces that the target
classifier share similar decision values with the relevant base
classifiers on the unlabeled instances from the target domain.
This newly proposed regularizer can be readily combined with
many kernel methods, such as SVM, SVR, LS-SVM, and so
on, for domain adaptation. Under this framework, we also
developed two methods, referred to as FastDAM and UniverDAM. In FastDAM, we incorporated the proposed domaindependent regularizer into LS-SVM as well as employed a
sparsity regularizer based on the -insensitive loss to enforce
the sparsity on the target classifier. In FastDAM, the label
prediction of test instances is very fast, making it suitable for
large-scale applications (e.g., video concept detection) with a
large number of test instances. In order to further enhance the
generalization ability of the target classifier, in UniverDAM we
additionally introduced another regularizer suggested in [32]
and [33] into the objective function of FastDAM by treating
the instances from the source domains as the Universum.
We also showed that the final formulations of FastDAM and
UniverDAM share a similar form to that of -SVR, which
can be readily solved by using the state-of-the-art solvers
such as LIBSVM [39]. Comprehensive experiments on the
video concept detection and document retrieval tasks clearly
demonstrate the effectiveness of our two methods.
In this paper, we adopted the simple but effective nonparametric criterion MMD [49] to define the weight γs in
(30) which measures the distribution relevance between the
sth source domain and the target domain. In the future, we
will investigate other criteria in order to better measure the
distribution mismatch between the source and target domains.
A PPENDIX
P ROOF OF T HEOREM 2
Proof: The KKT conditions of the proposed formulation
of UniverDAM for the sth source domain are stated as follows:


αs,i s + ξs,i

∗
∗
αs,i
s + ξs,i

∗
≥0
ξs,i , ξs,i


s
T s
− w φ(xi ) − b + f (xi ) = 0

+ w φ(xis ) + b − f T (xis ) = 0

(31)
(32)
(33)

Assuming s > maxi=1,...,ns w φ(xis ) + b − f T (xis ) , we
have s > w φ(xis ) + b − f T (xis ) and s > −w φ(xis ) − b +
f T (xis ). With the KKT conditions in (31), (32), and (33), it is
∗ = 0 for every training instance from
easy to verify αs,i , αs,i
the source domains.

Therefore, if s > maxi=1,...,ns w φ(xis ) + b − f T (xis )
holds for each source domain, the optimization problem (21)
(resp. the dual form (27)) of UniverDAM can be simplified
into the optimization problem (13) (resp. the dual form (17)),
namely, UniverDAM reduces to FastDAM.
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