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Abstract

Discriminative learning when training and test data belong to different distribu-
tions is a challenging and complex task. Often times we have very few or no
labeled data from the test or target distribution but may have plenty of labeled
data from multiple related sources with different distributions. The difference in
distributions may be both in marginal and conditional probabilities. Most of the
existing domain adaptation work focuses on the marginal probability distribution
difference between the domains, assuming that the conditional probabilities are
similar. However in many real world applications, conditional probability dis-
tribution differences are as commonplace as marginal probability differences. In
this paper we propose a two-stage domain adaptation methodology which com-
bines weighted data from multiple sources based on marginal probability differ-
ences (first stage) as well as conditional probability differences (second stage),
with the target domain data. The weights for minimizing the marginal probability
differences are estimated independently, while the weights for minimizing condi-
tional probability differences are computed simultaneously by exploiting the po-
tential interaction among multiple sources. We also provide a theoretical analysis
on the generalization performance of the proposed multi-source domain adapta-
tion formulation using the weighted Rademacher complexity measure. Empirical
comparisons with existing state-of-the-art domain adaptation methods using three
real-world datasets demonstrate the effectiveness of the proposed approach.

1 Introduction

We consider the domain adaptation scenarios where we have very few or no labeled data from target
domain but a large amount of labeled data from multiple related source domains with different data
distributions. Under such situations, learning a single or multiple hypotheses on the source domains
using traditional machine learning methodologies and applying them on target domain data may lead
to poor prediction performance. This is because traditional machine learning algorithms assume that
both the source and target domain data are drawn i.i.d. from the same distribution. Figure 1 shows
two such source distributions, along with their hypotheses obtained based on traditional machine
learning methodologies and a target data distribution. It is evident that the hypotheses learned by
the two source distributions D1 and D2 would perform poorly on the target domain data.

One effective approach under such situations is domain adaptation, which enables transfer of knowl-
edge between the source and target domains with dissimilar distributions [1]. It has been applied
successfully in various applications including text classification (parts of speech tagging, webpage
tagging, etc) [2], video concept detection across different TV channels [3], sentiment analysis (iden-
tifying positive and negative reviews across domains) [4] and WiFi Localization (locating device
location depending upon the signal strengths from various access points) [5].
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Figure 1: Two source domains D1 and D2 and target domain data with different marginal and
conditional probability differences, along with conflicting conditional probabilities (the red squares
and blue triangles refer to the positive and negative classes).
Many existing methods re-weight source domain data in order to minimize the marginal probability
differences between the source and target domains and learn a hypothesis on the re-weighted source
data [6, 7, 8, 9]. However they assume that the distributions differ only in marginal probabilities but
the conditional probabilities remain the same. There are other methods that learn model parameters
to reduce marginal probability differences [10, 11]. Similarly, several algorithms have been devel-
oped in the past to combine knowledge from multiple sources [12, 13, 14]. Most of these methods
measure the distribution difference between each source and target domain data, independently,
based on marginal or conditional probability differences and combine the hypotheses generated by
each of them on the basis of the respective similarity factors. However the example in Figure 1
demonstrates the importance of considering both marginal and conditional probability differences
in multi-source domain adaptation.

In this paper we propose a two-stage multi-source domain adaptation framework which computes
weights for the data samples from multiple sources to reduce both marginal and conditional prob-
ability differences between the source and target domains. In the first stage, we compute weights
of the source domain data samples to reduce the marginal probability differences, using Maximum
Mean Discrepancy (MMD) [15, 6] as the measure. The second stage computes the weights of
multiple sources to reduce the conditional probability differences; the computation is based on the
smoothness assumption on the conditional probability distribution of the target domain data [16].
Finally, a target classifier is learned on the re-weighted source domain data. A novel feature of our
weighting methodologies is that no labeled data is needed from the target domain, thus widening the
scope of their applicability. The proposed framework is readily extendable to the case where a few
labeled data may be available from the target domain.

In addition, we present a detailed theoretical analysis on the generalization performance of our
proposed framework. The error bound of the proposed target classifier is based on the weighted
Rademacher complexity measure of a class of functions or hypotheses, defined over a weighted
sample space [17, 18]. The Rademacher complexity measures the ability of a class of functions to
fit noise. The empirical Rademacher complexity is data-dependent and can be measured from finite
samples. It can lead to tighter bounds than those based on other complexity measures such as the
VC-dimension. Theoretical analysis of domain adaptation has been studied in [19, 20]. In [19], the
authors provided the generalization bound based on the VC dimension for both single-source and
multi-source domain adaptation. The results were extended in [20] to a broader range of prediction
problems based on the Rademacher complexity; however only the single-source case was analyzed
in [20]. We extend the analysis in [19, 20] to provide the generalization bound for our proposed
two-stage framework based on the weighted Rademacher complexity; our generalization bound is
tighter than the previous ones in the multi-source case. Our theoretical analysis also reveals the
key properties of our generalization bound in terms of a differential weight µ between the weighted
source and target samples.

We have performed extensive experiments using three real-world datasets including 20 Newsgroups,
Sentiment Analysis data and one dataset of multi-dimensional feature vectors extracted from Surface
Electromyigram (SEMG) signals from eight subjects. SEMG signals are recorded using surface
electrodes, from the muscle of a subject, during a submaximal repetitive gripping activity, to detect
stages of fatigue. Our empirical results demonstrate superior performance of the proposed approach
over the existing state-of-the-art domain adaptation methods; our results also reveal the effect of the
differential weight µ on the target classifier performance.
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2 Proposed Approach
We consider the following multi-source domain adaptation setting. There are k auxiliary source
domains. Each source domain is associated with a sample set Ds = (xsi , y

s
i )|

ns
i=1, s = 1, 2, · · · k,

where xsi is the i-th feature vector, ysi is the corresponding class label, ns is the sample size of the
s-th source domain, and k is the total number of source domains. The target domain consists of
plenty of unlabeled data DT

u = xTi |
nu
i=1 and optionally a few labeled data DT

l = (xTi , y
T
i )|nl

i=1. Here
nu and nl are the numbers of unlabeled and labeled data, respectively. DenoteDT = DT

l

⋃
DT
u and

nT = nl + nu. The goal is to build a classifier for the target domain data using the source domain
data and a few labeled target domain data, if available.

The proposed approach consists of two stages. In the first stage, we compute the weights of source
domain data based on the marginal probability difference; in the second stage, we compute the
weights of source domains based on the conditional probability difference. A target domain classifier
is learned on these re-weighted data.

2.1 Re-weighting data samples based on marginal probability differences

The difference between the means of two distributions after mapping onto a reproducing kernel
Hilbert space, called Maximum Mean Discrepancy, has been shown to be an effective measure of
the differences in their marginal probability distributions [15]. We use this measure to compute the
weights αsi ’s of the s-th source domain data by solving the following optimization problem [6]:

min
αs

∥∥∥∥∥ 1

ns

ns∑
i=1

αsiΦ(xsi )−
1

nT

nT∑
i=1

Φ(xTi )

∥∥∥∥∥
2

H

s.t. αsi ≥ 0

(1)

where Φ(x) is a feature map onto a reproducing kernel Hilbert space H [21], ns is the number of
samples in the s-th source domain, nT is the number of samples in the target domain, and αs is the
ns dimensional weight vector. The minimization problem is a standard quadratic problem and can
be solved by applying many existing solvers.

2.2 Re-weighting Sources based on Conditional probability differences

In the second stage the proposed framework modulates the αs weights of a source domain s obtained
on the basis of marginal probability differences in the first stage, with another weighting factor given
by βs. The weight βs reflects the similarity of a particular source domain s to the target domain
with respect to conditional probability distributions.

Next, we show how to estimate the weights βs. For each of the k source domains, a hypothesis
hs : X → Y is learned on the αs re-weighted source data samples. This ensures that the hypothesis
is learned on source data samples with similar marginal probability distributions. These k source
domain hypotheses are used to predict the unlabeled target domain data DT

u = xTi |
nu
i=1. Let HS

i =
[h1
i · · ·hki ] be the 1× k vector of predicted labels of k source domain hypotheses for the i-th sample

of target domain data. Let β = [β1 · · ·βk]′ be the k × 1 weight vector, where βs is the weight
corresponding to the s-th source hypothesis. The estimation of the weight for each source domain
hypothesis hs is based on the smoothness assumption on the conditional probability distribution
of the target domain data [16]; specifically we aim to find the optimal weights by minimizing the
difference in predicted labels between two nearby points in the target domain as follows.

min
β:β′e=1,β≥0

nu∑
i,j=1

(HS
i β −HS

j β)2Wij (2)

where HS is an n× k matrix with each row of HS given by HS
i as defined above, HS

i β and HS
j β

are the predicted labels for the i-th and j-th samples of target domain data obtained by following
a β weighted ensemble methodology over all k sources, and Wij is the similarity between the two
target domain data samples. We can rewrite the minimization problem as follows:

min
β:β′e=1,β≥0

β
′
HS′

LuH
Sβ (3)

3



where Lu is the graph Laplacian associated with the target domain dataDT
u , given by Lu = D−W ,

where W is the similarity matrix defining edge weights between the data samples in DT
u , and D

is the diagonal matrix given by Dii =
∑n
j=1Wij . The minimization problem in (3) is a standard

quadratic problem (QP) and can be solved efficiently by applying many existing solvers.

To illustrate the proposed two-stage framework, we demonstrate the effect of re-weighting data
samples in source domains D1 and D2 of the toy dataset (shown in Figure 1), based on the computed
weights, in the supplemental material.

2.3 Learning the Target Classifier

The target classifier is learned based on the re-weighted source data and a few labeled target domain
data (if available). We also incorporate an additional weighting factor µ to provide a differential
weight to the source domain data with respect to the labeled target domain data. Mathematically,
the target classifier ĥ is learnt by solving the following optimization problem:

ĥ = argmin
h

µ

k∑
s=1

βs

ns

ns∑
i=1

αsiL(h(xsi ), y
s
i ) +

nl∑
j=1

1

nl
L(h(xTj ), yTj ) (4)

where nl is the number of labeled data from the target domain.

We refer to the proposed framework as 2-Stage Weighting framework for Multi-Source Domain
Adaptation (2SW-MDA). Algorithm 1 below summarizes the main steps involved in 2SW-MDA.

Algorithm 1 2SW-MDA
1: for s = 1, . . . ,k do
2: Compute αs by solving (1)
3: Learn a hypothesis hs on the αs weighted source data
4: end for
5: Form the nu × k prediction matrix HS as in Section 2.2
6: Compute matrices W , D and L using the unlabeled target data DT

u
7: Compute βs by solving (3)
8: Learn the target classifier ĥ by solving (4)

3 Theoretical Analysis
For convenience of presentation, we rewrite the empirical joint error function on (α, β)-weighted
source domain and the target domain defined in (4) as follows:

ÊSα,β(h) = µε̂α,β(h) + ε̂T (h) = µ

k∑
s=1

βs

ns

ns∑
i=1

αsiL(h(xsi ), fs(x
s
i )) +

nl∑
i=1

1

nl
L(h(x0

i ), f0(x0
i )) (5)

where ysi = fs(x
s
i ) and fs is the labeling function for source s, µ > 0, (x0

i ) are samples from the
target, yti = f0(x0

i ) and f0 is the labeling function for the target domain, and S = (xsi ) include all
samples from the target and source domains. The true (α, β)-weighted error εα,β(h) on weighted
source domain samples is defined analogously. Similarly, we define ESα,β(h) as the true joint error
function. For notational simplicity, denote n0 = nl as the number of labeled samples from the target,
m =

∑k
s=0 ns as the total number of samples from both source and target, and γis = µβsαsi/ns for

s ≥ 1 and γis = 1/n for s = 0. Then we can re-write the empirical joint error function in (5) as:

ÊSα,β(h) =

k∑
s=0

ns∑
i=1

γsiL(h(xsi ), fs(x
s
i )).

Next, we bound the difference between the true joint error function ESα,β(h) and its empirical esti-
mate ÊSα,β(h) using the weighted Rademacher complexity measure [17, 18] defined as follows:
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Definition 1. (Weighted Rademacher Complexity) Let H be a set of real-valued functions defined
over a set X . Given a sample S ∈ Xm, the empirical weighted Rademacher complexity of H is
defined as follows:

<̂S(H) = Eσ

[
sup
h∈H
|
k∑
s=0

ns∑
i=1

γsi σ
s
i h(xsi )|

∣∣∣∣∣S = (xsi )

]
.

The expectation is taken over σ = {σsi } where {σsi } are independent uniform random variables
taking values in {−1,+1}. The weighted Rademacher complexity of a hypothesis set H is defined
as the expectation of <̂S(H) over all samples of size m:

<m(H) = ES

[
<̂S(H)

∣∣∣ |S| = m
]
.

Our main result is summarized in the following lemma, which involves the estimation of the
Rademacher complexity of the following class of functions:

G = {x 7→ L(h′(x), h(x)) : h, h′ ∈ H}.
Lemma 1. Let H be a family of functions taking values in {−1,+1}. Then, for any δ > 0, with
probability at least 1− δ, the following holds for h ∈ H:

∣∣∣ESα,β(h)− ÊSα,β(h)
∣∣∣ ≤ IRS(H) +

√√√√(∑k
s=0

∑ns

i=1(γsi )2
)

log(2/δ)

2
.

Furthermore, if H has a VC dimension of d, then the following holds with probability at least 1− δ:

∣∣∣ESα,β(h)− ÊSα,β(h)
∣∣∣ ≤

√√√√(∑k
s=0

∑ns

i=1(γsi )2
)

log(2/δ)

2

(√
2d log

em

d
+ 1

)
,

where e is the natural number.

The proof is provided in Section A of the supplemental material.

3.1 Error bound on target domain data

In the previous section we presented an upper bound on the difference between the true joint error
function and its empirical estimate and established its relation to the weighting factors γsi . Next we
present our main theoretical result, i.e., an upper bound of the error function on target domain data,
i.e., an upper bound of εT (ĥ). We need the following definition of divergence for our main result:
Definition 2. For a hypothesis space H, the symmetric difference hypothesis space dH∆H is the set
of hypotheses

g ∈ H∆H⇔ g(x) = h(x)⊕ h
′
(x) for some h, h

′
∈ H,

where⊕ is the XOR function. In other words, every hypothesis g ∈ H∆H is the set of disagreements
between two hypotheses inH.
The H∆H-divergence between any two distributions DS and DT is defined as

dH∆H (DS , DT )) = 2 sup
h,h′∈H

|PrxvDS
[h(x) 6= h′(x)]− PrxvDT

[h(x) 6= h′(x)]| .

Theorem 1. Let ĥ ∈ H be an empirical minimizer of the joint error function on similarity weighted
source domain and the target domain:

ĥ = arg min
h∈H

Êα,β(h) ≡ µε̂α,β(h) + ε̂T (h)

for fixed weights µ, α, and β and let h∗T = minh∈H εT (h) be a target error minimizer. Then for any
δ ∈ (0, 1), the following holds with probability at least 1− δ:

εT (ĥ) ≤ εT (h∗T ) +
2<S(H)

1 + µ
+

2

1 + µ

√√√√(∑k
s=0

∑ns

i=1(γsi )2
)

log(2/δ)

2

+
µ

1 + µ
(2λα,β + dH∆H (Dα,β ,DT )) , (6)
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if H has a VC dimension of d, then the following holds with probability at least 1− δ:

εT (ĥ) ≤ εT (h∗T ) +
2

1 + µ


√√√√(∑k

s=0

∑ns

i=1(γsi )2
)

log(2/δ)

2

(√
2d log

em

d
+ 1

)
+

µ

1 + µ
(2λα,β + dH∆H (Dα,β ,DT )) , (7)

where λα,β = minh∈H{εT (h) + εα,β(h)}, and dH∆H (Dα,β ,DT )) is the symmetric difference hy-
pothesis space for (α, β)-weighted source and target domain data.

The proof as well as a comparison with the result in [19] is provided in the supplemental material.

We observe that µ and the divergence between the weighted source and target data play significant
roles in the generalization bound. Our proposed two-stage weighting scheme aims to reduce the
divergence. Next, we analyze the effect of µ. When µ = 0, the bound reduces to the generalization
bound using the nl training samples in the target domain only. As µ increases, the effect of the source
domain data increases. Specifically, when µ is larger than a certain value, for the bound in (7), as µ
increases, the second term will reduce, while the last term capturing the divergence will increase. In
the extreme case when µ =∞, the second term in (7) can be shown to be the generalization bound
using the weighted samples in the source domain only (the target data will not be effective in this
case), and the last term equals to 2λα,β + dH∆H (Dα,β ,DT ). Thus, effective transfer is possible in
this case only if the divergence is small. We also observed in our experiments that the target domain
error of the learned joint hypothesis follows a bell shaped curve; it has a different optimal point for
each dataset under certain similarity and divergence measures.

4 Empirical evaluations

Datasets. We evaluate the proposed 2SW-MDA method on three real-world datasets and the
toy data shown in Figure 1. The toy dataset is generated using a mixture of Gaussian distribu-
tions. It has two classes and three domains, as shown in Figure 1. The two source domains D1
and D2 were created to have both conditional and marginal probability differences with the target
domain data so as to provide an ideal testbed for the proposed domain adaptation methodology.
The three real-world datasets used are 20 Newsgroups1, Sentiment Analysis2 and another dataset
of multi-dimensional feature vectors extracted from SEMG (Surface electromyogram) signals. The
20 Newsgroups dataset is a collection of approximately 20,000 newsgroup documents, partitioned
(nearly) evenly across 20 different categories. We represented each document as a binary vector
of the 100 most discriminating words determined by Weka’s info-gain filter [22]. Out of the 20
categories, we used 13 categories, to form the source and target domains. For each of these cat-
egories the negative class was formed by a random mixture of the rest of the seven categories, as
suggested in [23]. The details of the 13 categories used can be found in the supplemental material.
The Sentiment Analysis dataset contains positive and negative reviews on four categories (or do-
mains) including kitchen, book, dvd, and electronics. We processed the Sentiment Analysis dataset
to reduce the feature dimension to 200 using a cutoff document frequency of 50.

The SEMG dataset is 12-dimensional time and frequency domain features derieved from Surface
Electromyogram (SEMG) physiological signals. SEMG are biosignals recorded from the muscle
of a subject using surface electrodes to study the muscoskeletal activities of the subject under test.
SEMG signals used in our experiments, are recorded from extensor carpi radialis muscle during a
submaximal repetitive gripping activity, to study different stages of fatigue. Data is collected from
8 subjects. Each subject data forms a domain. There are 4 classes defining various stages of fatigue.
Data from a target subject is classified using the data from the remaining 7 subjects, which form the
multiple source domains.

Competing Methods. To evaluate the effectiveness of our approach we compare 2SW-MDA with a
baseline method SVM-C as well as with five state-of-the-art domain adaptation methods. In SVM-C,

1Available at http://www.ai.mit.edu/vjrennie/20Newsgroups/
2Available at http://www.cs.jhu.edu/vmdredze/
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the training data comprises of data from all source domains (12 for 20 Newsgroups data) and the test
data is from the remaining one domain as indicated in the first column of the results in Table 1. The
recently proposed multi-source domain adaptation methods used for comparison include Locally
Weighted Ensemble (LWE) [14] and Domain Adaptation Machine (DAM) [13]. To evaluate the
effectiveness of multi-source domain adaption, we also compared with three other state-of-the-art
single-source domain adaptation methods, including Kernel Mean Matching (KMM) [6], Transfer
Component Analysis (TCA) [11] and Kernel Ensemble (KE) [24].

Experimental Setup. Recall that one of the appealing features of the proposed method is that
it requires very few or no labeled target domain data. In our experiments, we used only 1 labeled
sample per class from the target domain. The results of the proposed 2SW-MDA method are based
on µ = 1 (see Figure 2 for results on varying µ). Each experiment was repeated 10 times with
random selections of the labeled data. For each experiment, the category shown in first column of
Table 1 was used as the target domain and the rest of the categories as the source domains. Different
instances of the 20 Newsgroups categories are different random samples of 100 data samples se-
lected from the total 500 data samples in the dataset. Different instances of SEMG dataset are data
belonging to different subjects used as target data. Details about the parameter settings are included
in the supplemental material.

Dataset SVM-C LWE KE KMM TCA DAM 2SW-MDA

talk.politics.mideast
46.00% 50.66% 49.01% 45.78% 58.66% 52.03% 73.49%
49.33% 49.39% 53.48% 39.75% 56.00% 52.00% 65.06%
49.33% 50.27% 54.67% 43.37% 52.04% 51.81% 62.65%

talk.politics.misc
48.83% 53.62% 46.77% 62.32% 55.90% 53.22% 63.67%
48.22% 51.12% 48.39% 59.42% 53.23% 54.12% 60.87%
48.31% 50.72% 55.01% 59.07% 54.83% 54.12% 68.12%

comp.sys.ibm.pc.hardware
48.42% 51.25% 49.50% 50.56% 61.25% 52.50% 62.92%
47.44% 51.44% 49.44% 59.55% 57.50% 52.50% 60.67%
45.93% 49.88% 48.00% 58.43% 59.75% 57.80% 64.04%

rec.sport.baseball
56.25% 61.51% 47.50% 61.79% 61.75% 61.25% 79.78%
58.75% 50.09% 51.25% 64.04% 57.75% 53.75% 60.22%
56.35% 59.26% 56.25% 58.43% 57.83% 55.05% 61.24%

kitchen 35.55% 40.12% 49.38% 64.04% 64.10% 58.61% 70.55%
electronics 35.95% 42.66% 48.38% 65.55% 54.20% 52.61% 59.44%

book 37.77% 40.12% 49.38% 58.88% 55.01% 54.10% 59.47%
dvd 36.01% 49.44% 48.77% 50.00% 50.00% 50.61% 51.11%

SEMG- 8 subjects

70.76% 67.44% 63.55% 64.94% 66.35% 74.83% 83.03%
43.69% 77.54% 74.62% 63.63% 59.94% 81.36% 87.96%
50.11% 75.55% 62.50% 64.06% 56.78% 74.77% 88.96%
59.65% 81.22% 69.35% 52.68% 73.38% 80.63% 88.49%
40.37% 52.48% 65.61% 49.77% 57.48% 76.74% 86.14%
59.21% 65.77% 83.92% 70.62% 76.92% 59.21% 87.10%
47.13% 60.32% 77.97% 51.13% 55.64% 74.27% 87.08%
69.85% 72.81% 79.48% 67.24% 42.79% 84.55% 93.01%

Toy data 60.05% 75.63% 81.40% 68.01% 64.97% 84.27% 98.54%

Table 1: Comparison of different methods on three real-world and one toy datasets in terms of
classification accuracies (%).

Comparative Studies. Table 1 shows the classification accuracies of different methods on the real-
world and the toy datasets. We observe that SVM-C performs poorly for all cases. This may be
attributed to the distribution difference among the multiple source and target domains. We observe
that 20 Newsgroups and Sentiment Analysis datasets have predominantly marginal probability dif-
ferences. In other words, the frequency of a particular word varies from one category of documents
to another. In contrary physiological signals, such as SEMG are predominantly different in con-
ditional probability distributions due to the high subject based variability in the power spectrum
of these signals and their variations as fatigue sets in [25, 26]. We also observe that the proposed
2SW-MDA method outperforms other domain adaptation methods and achieves higher classification
accuracies in most cases, specially for the SEMG dataset. The accuracies of an SVM classifier, on
the toy dataset, when learned only on the source domains D1, D2 individually and on the combined
source domains, are 64.08% and 71.84% and 60.05% respectively, while 2SW-MDA achieves an
accuracy of 98.54%. More results are provided in the supplemental material.

It is interesting to note that instance re-weighting method KMM and feature mapping based method
TCA, which address marginal probability differences between the source and target domains per-

7



form better than LWE and KE for both 20 Newsgroups and Sentiment Analysis data. They also
perform better than DAM, a multi-source domain adaptation method, based on marginal probability
based weighted hypotheses combination. It is worthwhile to note that LWE is based on conditional
probability differences and KE tries to address both differences. Thus, it is not surprising that LWE
and KE perform better than KMM and TCA for the SEMG dataset, which is predominantly differ-
ent in conditional probability distributions. DAM too performs better for SEMG signals. However
the proposed 2SW-MDA method, which addresses both marginal and conditional probability differ-
ences outperforms all the other methods in most cases. Our experiments verify the effectiveness of
the proposed two-stage framework.
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Figure 2: Performance of the proposed 2SW-
MDA method on 20 Newsgroups dataset and Sen-
timent Analysis dataset with varying µ.

Parameter Sensitivity Studies. In this exper-
iment, we study the effect of µ on the classifica-
tion performance. Figure 2 shows the variation
in classification accuracies for some cases pre-
sented in Table 1, with varying µ over a range
[0 0.001 0.01 0.1 0.3 0.5 1 100 1000]. The x-
axis of the figures are in logarithmic scale. The
results for the toy data are included in supple-
mental material. We can observe from the fig-
ure that in most cases, the accuracy values in-
crease as µ increases from 0 to an optimal value
and decreases when µ further increases. When
µ = 0 the target classifier is learned only on the
few labeled data from the target domain. As µ
increases the transfer of knowledge due to the
presence of additional weighted source data has
a positive impact leading to increase in classifi-
cation accuracies in the target domain. We also
observe that after a certain value of µ the classifier accuracies drop, due to the distribution differ-
ences between the source and target domains. These experimental results are consistent with the
theoretical results established in this paper.

5 Conclusion
Domain adaptation is an important problem that arises in a variety of modern applications where
limited or no labeled data is available for a target application. We presented here a novel multi-
source domain adaptation framework. The proposed framework computes the weights for the source
domain data using a two-step procedure in order to reduce both marginal and conditional probability
distribution differences between the source and target domain. We also presented a theoretical error
bound on the target classifier learned on re-weighted data samples from multiple sources. Empirical
comparisons with existing state-of-the-art domain adaptation methods demonstrate the effectiveness
of the proposed approach. As a part of the future work we plan to extend the proposed multi-source
framework to applications involving other types of physiological signals for developing generalized
models across subjects for emotion and health monitoring [27, 28]. We would also like to extend
our framework to video and speech based applications, which are commonly affected by distribution
differences [3].
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