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Abstract. Domain adaptation is a fundamental learning problem where
one wishes to use labeled data from one or several source domains to
learn a hypothesis performing well on a different, yet related, domain for
which no labeled data is available. This generalization across domains is
a very significant challenge for many machine learning applications and
arises in a variety of natural settings, including NLP tasks (document
classification, sentiment analysis, etc.), speech recognition (speakers and
noise or environment adaptation) and face recognition (different lighting
conditions, different population composition).

The learning theory community has only recently started to analyze do-
main adaptation problems. In the talk, I will overview some recent the-
oretical models and results regarding domain adaptation.

This talk is based on joint works with Mehryar Mohri and Afshin Ros-
tamizadeh.

1 Introduction

It is almost standard in machine learning to assume that the training and test
instances are drawn from the same distribution. This assumption is explicit in
the standard PAC model [19] and other theoretical models of learning, and it is a
natural assumption since when the training and test distributions substantially
differ there can be no hope for generalization. However, in practice, there are
several crucial scenarios where the two distributions are similar but not identical,
and therefore effective learning is potentially possible. This is the motivation for
domain adaptation.

The problem of domain adaptation arises in a variety of applications in nat-
ural language processing [6, 3,9, 4, 5], speech processing [11,7, 16, 18,8, 17], com-
puter vision [15], and many other areas. Quite often, little or no labeled data
is available from the target domain, but labeled data from a source domain
somewhat similar to the target as well as large amounts of unlabeled data from
the target domain are at one’s disposal. The domain adaptation problem then
consists of leveraging the source labeled and target unlabeled data to derive a
hypothesis performing well on the target domain.

The first theoretical analysis of the domain adaptation problem was presented
by [1], who gave VC-dimension-based generalization bounds for adaptation in



classification tasks. Perhaps, the most significant contribution of that work was
the definition and application of a distance between distributions, the d4 dis-
tance, that is particularly relevant to the problem of domain adaptation and
which can be estimated from finite samples for a finite VC dimension, as previ-
ously shown by [10]. This work was later extended by [2] who also gave a bound
on the error rate of a hypothesis derived from a weighted combination of the
source data sets for the specific case of empirical risk minimization. More refine
generalization bounds which apply to more general tasks, including regression
and general loss functions appears in [12]. From an algorithmic perspective, it
is natural to re-weight the empirical distribution to better reflect the target
distribution; efficient algorithms for this re-weighting task were given in [12].

A more complex variant of this problem arises in sentiment analysis and
other text classification tasks where the learner receives information from several
domain sources that he can combine to make predictions about a target domain.
As an example, often appraisal information about a relatively small number of
domains such as mowvies, books, restaurants, or music may be available, but little
or none is accessible for more difficult domains such as travel. This is known as
the multiple source adaptation problem. Instances of this problem can be found
in a variety of other natural language and image processing tasks.

The problem of adaptation with multiple sources was introduced and an-
alyzed [13,14]. The problem is formalized as follows. For each source domain
i €[1, k], the learner receives the distribution of the input points Q;, as well as
a hypothesis h; with loss at most € on that source. The task consists of combin-
ing the k hypotheses h;, i € [1, k], to derive a hypothesis A with a loss as small
as possible with respect to the target distribution P. Unfortunately, a simple
convex combination of the k source hypotheses h; can perform very poorly; for
example, there are cases where any such convex combination would incur a clas-
sification error of half, even when each source hypothesis h; makes no error on
its domain @Q; (see [13]). In contrast, distribution weighted combinations of the
source hypotheses, which are combinations of source hypotheses weighted by the
source distributions, perform very well. In [13] it was shown that, remarkably,
for any fixed target function, there exists a distribution weighted combination
of the source hypotheses whose loss is at most € with respect to any mixture P
of the k source distributions @Q;. For the case that the target distribution P is
arbitrary, generalization bounds, based on Rényi divergence between the sources
and the target distributions, were derived in [14].
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