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ARTICLE INFO ABSTRACT

Existing statistical learning methods perform well when evaluated on training and test
data drawn from the same distribution. In practice, however, these distributions are not
always the same. In this paper we derive an estimable upper bound on the test error rate
that depends on a new probability distance measure between training and test distribu-
tions. Furthermore, we identify a non-parametric estimator for this distance measure that
can be estimated directly from data. We show how this new probability distance measure
can be used to construct algorithmic tools that improve performance. In particular,
motivated by our upper bound, we propose a new active learning algorithm for domain
adaptation. Comparative results confirm the efficacy of the active learning algorithm on a
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set of 12 speech classification tasks.
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1. Introduction

Many signal processing and machine learning tasks require
training data to learn the parameters of some underlying
model. Most of the theoretical analyses and practical con-
siderations in these applications are focused on scenarios
where training and test data come from the same distribution.
This may be justified in a number of small, controlled circum-
stances; however, in most applications, it is the case that, once
deployed, these algorithms will encounter data similar to, but
different from the training set. The focus of our work here is
on domain adaptation. That is, we are interested in developing
data-driven performance bounds for scenarios where there
exists some difference between training and test distributions.
These bounds are critical for understanding the conditions
under which a classifier trained on data from one distribution
can perform well on data drawn from another distribution; for
understanding how these conditions change as a function of
the difference between training and test distributions; and
for constructing algorithmic tools to improve performance.
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To that end, in this paper, we derive a bound on the test error
as a function of a new probability distance between training
and test distributions. Further, we show that this measure can
be estimated using the non-parametric Friedman-Rafsky
statistic, originally proposed for the multivariate two-sample
test [17,18].

Domain adaptation has been a topic of some interest in the
literature recently, with the research focusing on practical
algorithms [1-5] and, more recently, on theoretical analysis
[6-8,10-12,16]. In [6,7], Ben-David et al. relate the expected
error on the test data to the expected error on the training
data. They restrict their analysis to a specific hypothesis class
of finite complexity and show that, for the selected hypothesis
class, the test error is bounded by the #-distance between the
training and test distributions. This distance measure was first
introduced in [9]. However, as the authors point out, this is
not a valid bound over all domain subsets, but rather on
subsets over which this type of hypothesis can commit errors.
In [8], the authors derive new bounds for the case where a
small subset of labeled data from the test distribution is
available. In [10], Mansour et al. generalize the +—distance to
the regression problem. In contrast to these models, we pro-
pose a general non-parametric bound that can be estimated
without assuming an underlying model for the data and
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without restrictions on the hypothesis class. In [11], the
authors present a new theoretical analysis of the multi-sou-
rce domain adaptation problem based on the Renyi diver-
gence. In particular, they develop optimal linear combina-
tion learning rules and characterize performance using the
Renyi divergence. Although helpful to understand perf-
mance, the Renyi divergence is difficult to compute in gen-
eral [13]; as we will show, the bound here can be estimated
without ever computing density estimates.

We use the derived bound to construct a new active lear-
ning algorithm in a domain adaptation setting. In active lear-
ning, an algorithm interactively queries an oracle for the label
of the data point that provides the greatest reduction in the
test error. This topic has received a great deal of attention in
the traditional learning literature where the assumption is
that training and test data are drawn from the same distribu-
tion. The survey article in [14] provides an overview. In the
context of domain adaptation, active learning has received less
attention. The authors in [15] propose a pool-based active
learning algorithm that uses the confidence of a pre-trained
classifier to identify sets of points for labeling. In [22], the
authors propose an online version of a similar algorithm and
extend it by ruling out data points similar to the training set.
Here we propose a multi-criteria cost function for active
learning motivated by the new bound and evaluate it on 12
speech classification tasks. Results indicate that the proposed
approach consistently yields a lower error rate than a compet-
ing alternative.

2. Domain adaptation bound

We consider a binary classification problem. Let us define
data from two domains, the source (training) and the target
(testing) domain and a corresponding labeling function for
each domain gg, gr: X— {0, 1} that yields the true class label of
a given data point. The source domain, denoted by the pair
(Xs,85(Xs)), represents the data used to train the machine
learning algorithm and the data (X, g(Xr)) represents the
data the algorithm will encounter once deployed. The rows of
the source and target data are drawn from fg(x) and f(X).
The risk, or the probability that a hypothesis, h, disagrees with
the true labeling function is defined as

es(h, gs) = Ef ) [|h(X) — gs(X)[], (¢

for the source data. It is similarly defined for the target data. In
Theorem 1, we identify a relationship between the error rates
on the source and target data.

Theorem 1. Given a hypothesis, h, the target error, er(h, g7),
can be bounded by the error on the source data, es(h, gs), the
difference between labeling functions, and a distance mea-
sure between source and target distributions as follows:

er(h, gr) < €s(h, g5)+Ej [18s(X) — gr(X)1]
+ 2D (fs.f7), (2)
1— [(Fsx)fr(x)
where D (fs.fr) = \/WW.

Proof of Theorem 1. The proof begins in the same fashion
as the result in [7] and then diverges:
er(h, gr) = er(h, gr) +€s(h, gs) — es(h. gs)

+es(h, gr)—es(h,gr) 3

er(h,gr) < es(h, gs)+les(h, gr) —es(h, gs)
+ler(h, gr)—es(h, gr)l C))

er(h, gr) < es(h, g5) +Er (y[185(X) — g1(X)|]

+ / Frx)hx) —gr(X)| dx

- / FsIhX) —grx)| dx| ®)

er(h, gr) < €s(h, g5)+E y[18s(X) — gr(X)I]
+ / 1) —Fs (I 1(X) — g7 (X)) dx ®)

er(h, gr) < €s(h, g5) +Er ) [18s(X) — gr(X)1]
+ [ 1Re0-f5001dx %)

Going from (6) to (7), we recognize that the maximum
value of |h(x)—gp(X)| is 1. In (7), we identify an upper
bound on the target error expressed using the Kolmogorov
total variation (TV) distance between source and target
distributions, D (fs,fr) =1 [1fr(X) —fsX)| dx.

If we let

_ fsX)f ()

Afs.fr) = 0.5/ s(X)+0.5/7x) 0 °
then
1-A(fs.fr) = / 0.5f5(X)+0.5f7(x) d(x)

_ [ Ssfe ©)

0.5f5(x)+0.5f(x)
[ ]0.5f5(x)—0.5fr(x)]?

1-A(fs.fr) = / 0.5f5(X)+0.5f(X) o

An upper bound on the total variation distance can be
expressed in terms of A(fs, fr) as follows:

1
D1(fs.fr) =5 [ 1F100~Fs0] dx an
_[loshmose  par e
D1 (fs.fr) = / ‘ o500 05F.00 0.5f5(X)+0.5f(x)| dx
a2)

Di(fs.fr) < \/ 1-A(fs.fr) (13)

Going from (12) to (13), we make use of the Cauchy-
Schwarz inequality and simplify the resulting terms [19]. The
inequality in (13) upper bounds the total variation distance
in terms of A(fs,fr). We refer to this upper bound as the
Friedman-Rafsky (FR) distance, Dw(fs,f1)=/1—A(fs.f1)
(named after the non-parametric estimator corresponding to
A(fs.fr) [17,18]). =

The bound in Theorem 1 depends on three terms: the
error on the source data, the expected difference in the
labeling functions across the two domains, and a measure
of the distance between source and target distributions
(Friedman-Rafsky distance). We expect that the selected
training algorithm will seek to minimize the first term; the
second term characterizes the difference between labeling
functions in the source and target domains; the third term
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