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Chapter 3

Domain Adaptation

This chapter introduces the problem of domain dependence of natural lan-
guage processing systems in a general machine learning setting. The chapter
provides an overview of techniques for domain adaptation that address this
problem, introduces straightforward baselines and discusses prior work on
domain adaptation with a special focus on natural language parsing.

3.1 Natural Language Processing and Machine Learning

The ultimate goal of natural language processing (NLP) is to build systems
that are able to understand and/or produce natural language, just as we hu-
mans do. However, this is an intrinsically difficult task due to the ambiguity
of natural language pertaining to all linguistic levels.

To advance NLP, an intermediate goal is to construct systems that perform
well on task such as named entity recognition, part-of-speech tagging, natural
language parsing, or sentiment analysis, to name but a few. Currently, to cre-
ate systems that perform well on these tasks, supervised machine learning (ML)
algorithms are employed to learn (or infer) a model capable of performing
the task at hand on the basis of annotated training data – the general machine
learning setup is illustrated in Figure 3.1. For example, in sentiment analysis
the training data consists of documents (training instances) annotated with
the corresponding class label (positive or negative sentiment).

Let us introduce some terminology by following the notation of Zhu and
Goldberg (2009). A training instance x is represented by a D-dimensional fea-
ture vector x = (x1, ..., xD) where each dimension is called a feature. Note
that the boldface x denotes a vector while xi is a single value. The length of
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Figure 3.1: Machine learning setup.

the feature vector D is known as its dimensionality. For instance in sentiment
analysis, the features might be words or sequences of words (n-grams) found
in a document. The desired prediction (also known as label or class, i.e. pos-
itive or negative sentiment) of a document is denoted by y (in our example
task it is an element from a finite set). The input to the learning process is the
training data (or training sample), which is a collection of n training instances
{x1, ..., xn} (Zhu & Goldberg, 2009). Depending on whether label information
is provided or not, machine learning algorithms fall broadly into three cate-
gories.

In supervised machine learning the training data contains pairs of training
instances, each consisting of an instance x and its corresponding class label y:
{(xi, yi)}n

i=1. On the basis of the type of label to be learned (discrete versus
continuous label), supervised machine learning can further be broadly subdi-
vided into classification and regression, respectively. Most natural language
processing tools exploit supervised machine learning.

In contrast, in unsupervised machine learning one is given only unlabeled data,
i.e. training instances with no associated label: {xi}n

i=1. The goal of unsu-
pervised machine learning is usually to detect some underlying structure or
pattern in the data, for instance by clustering the data.

A class of algorithms that is somewhere in between supervised and un-
supervised learning is semi-supervised machine learning. In that case, the goal
is to learn from both labeled and unlabeled data. In more detail, the training
data consists of n labeled data instances, {(xi, yi)}n

i=1, and m unlabeled data
instances, {xi}m

i=1. It is assumed that there is considerably more unlabeled
data than labeled data, i.e. m� n.

A general assumption of machine learning approaches is that the train-
ing data contains instances sampled independently from an underlying dis-
tribution: {xi}n

i=1 ∼i.i.d. p(x) (Zhu & Goldberg, 2009), where i.i.d. stands for
identically and independently distributed. More importantly, it is assumed
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that the testing data (the data the model is tested on to check its performance
or generalizability to unseen data) follows the same underlying distribution.
However, this assumption is obviously violated when a system is applied to
data that is different from the training data, as discussed next.

3.2 The Problem of Domain Dependence

A fundamental problem in machine learning is that supervised learning sys-
tems heavily depend on the data they were trained on. The parameters of a
model are estimated to best reflect the characteristics of the training data, at a
cost of portability. Indeed, the performance of a supervised learning systems
drops in an appalling way when the data distribution in the training domain
considerably differs from that in the test domain.

For instance, the performance of a statistical parser trained on the Penn
Treebank Wall Street Journal (WSJ; newspaper text) significantly drops when
evaluated on texts from other domains, as shown in Table 3.1 (note that we
will delay the discussion of the notion of “domain” until Section 3.4.1 – how-
ever, intuitively, texts may differ along many dimensions related to, e.g., topic,
genre and style). The Charniak parser operates on an accuracy level of around
90% when tested on data from the same domain as the training data (WSJ).
However, the accuracy drops by about 6% (in absolute bracketing f-score)
when the model is applied to the more varied Brown corpus (that contains
fiction/non-fiction literature). It degrades by as much as 13% when it is ap-
plied to an even more distant type of text, namely abstracts from the biomedi-
cal domain (Genia) or telephone conversations from the Switchboard (SWBD)
corpus.

Test
Train WSJ Brown Genia SWBD
WSJ 89.7 84.1 76.2 76.7

Type of Data
WSJ: newspaper text
Brown: literature
Genia: biomedical abstracts
SWBD: phone conversations

Table 3.1: F-scores of the Charniak PCFG parser trained on the Penn Treebank
WSJ and evaluated on different domains (as reported in McClosky, 2010; p.44)

The problem of domain dependence is inherent in the assumption of in-
dependent and identically distributed (i.i.d.) samples for machine learning,
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and thus arises for almost all NLP tasks. However, the problem has started
to gain attention only in recent years. In general, there are two main solution
approaches to address this problem:

1. Manually annotate data for the new domain.

2. Try to adapt a model from a specific source domain to a new target domain
which is the goal of domain adaptation.

However, manually annotating data for the new domain leads to an unsat-
isfactory solution, because it is expensive and it is not a very elegant solution.
In contrast, domain adaptation (DA) tries to adapt or port a model trained on
a given source domain to a new target domain by exploiting either very lim-
ited quantities of labeled data or/and large amounts of unlabeled data from
the new target domain. An example setup of domain adaptation for parsing,
also known as parser adaptation (McClosky et al., 2006), is shown in Figure 3.2.
Next, we will introduce approaches to domain adaptation.

training
data of

source domain
e.g. WSJ

(newspaper)

Parsing model

testing data of
target domain

e.g. Genia

(biomedical)

additional
data of

target domain

infer apply

DA: exploit data that matches target domain

Figure 3.2: Domain adaptation (DA) setup. The boxes represent data sets –
they are shown in different gray-scales to underline the fact that training and
testing data are from different domains.

3.3 Approaches to Domain Adaptation

Similar to the general trichotomy of machine learning algorithms, there are
three main approaches to domain adaptation that have been identified in the
literature:

1. Supervised domain adaptation (e.g. Hara et al., 2005; Daumé III, 2007)
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2. Unsupervised domain adaptation (e.g. Blitzer, McDonald & Pereira, 2006;
McClosky et al., 2006)

3. Semi-supervised domain adaptation (e.g. Daumé III, Kumar & Saha, 2010;
Chang, Connor & Roth, 2010)

The approaches differ by the kind of data that is available for the new tar-
get domain. Note that the domain adaptation literature up to 2010 generally
mentioned only two main approaches: supervised and semi-supervised do-
main adaptation (Daumé III, 2007). That is, it was assumed that there is either
only labeled or only unlabeled data available of the new domain, respectively.
However, recent studies have also tried to examine scenarios in which both
labeled and unlabeled data are given for the target domain (e.g. Daumé III et
al., 2010; Chang et al., 2010). Therefore, there has been a shift in naming. What
was previously known as semi-supervised is nowadays often called unsuper-
vised DA, although this new ‘convention’ still needs to be established. In this
dissertation, we follow the emerging convention.

In the following, we will discuss the three major approaches in turn and
present straightforward baselines.

3.3.1 Supervised Domain Adaptation

In supervised domain adaptation, illustrated in Figure 3.3, we are given a rather
large amount of labeled source data Ds : {(xs

i , ys
i )}

ns
i=1 and only a limited

(comparatively small) amount of labeled data from the target domain: Dt :
{(xt

i , yt
i)}

nt
i=1. That is, there is considerably more source (out-of-domain) data

than target data (also known as in-domain data), i.e. ns � nt. The aim is to
leverage the limited in-domain data together with the out-of-domain data in
order to build a model that performs well on the new target domain.

labeled
source data

Ds : {(xs
i , ys

i )}
ns
i=1

labeled
target data

Dt : {(xt
i , yt

i )}
nt
i=1

Figure 3.3: Supervised domain adaptation scenario. Both Ds and Dt are la-
beled, however ns � nt.
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3.3.2 Unsupervised Domain Adaptation

In contrast, in unsupervised domain adaptation, depicted in Figure 3.4, instead of
having labeled in-domain training data, we only have unlabeled data from the
target domain. However, there is usually plenty of unlabeled target data. The
goal is to exploit the original, labeled out-of-domain (source) data together
with the unlabeled target data to build a model that performs well on the new
target domain. This is a much more realistic situation, as unlabeled data is
comparatively easy to obtain. At the same time, unsupervised domain adap-
tation is in general considerably more difficult.

labeled
source data

Ds : {(xs
i , ys

i )}
ns
i=1

unlabeled
target data

Dt : {xt
i}

nt
i=1

Figure 3.4: Unsupervised domain adaptation scenario. Rather than having
labeled data for the target domain, in this setting only unlabeled data of Dt is
available. However, there might be lots of unlabeled data, i.e. nt � ns.

3.3.3 Semi-supervised Domain Adaptation

Only very recently studies begun to exploit both labeled and unlabeled data
from the new target domain, as illustrated in Figure 3.5. Thus, the goal is to
exploit the labeled source data as well as a usually rather limited amount of
labeled target data together with lots of unlabeled data.

labeled
source data

Ds : {(xs
i , ys

i )}
ns
i=1

labeled
target data

Dt,l : {(xt
i , yt

i )}
nt,l
i=1

unlabeled
target data

Dt,u : {xt
i}

nt,u
i=1

+

Figure 3.5: Semi-supervised domain adaptation scenario. There is both la-
beled and unlabeled data available for the target domain. However, there is
only a small amount of labeled target data, i.e. nt,u � nt,l .

.

In this thesis, we will examine supervised (Chapter 4) and unsupervised
domain adaptation (Chapter 5) to adapt the statistical disambiguation com-
ponent of the Dutch grammar-driven parser Alpino to new domains. Adopt-
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ing semi-supervised DA techniques (in the new sense) is a direction for fu-
ture work. Before reviewing existing literature on domain adaptation and
discussing actual approaches, we first introduce straightforward baselines.

3.3.4 Straightforward Baselines

For domain adaptation, there exist several straightforward baselines:

1. Out-of-domain (source only)

2. In-domain (target only)

3. Data combination (union of source and target data; possibly weighted)

The most straightforward baseline is the out-of-domain – or source only –
baseline: it means to train a model on the source data only, thereby ignoring
any possible target data. This is the default model before applying any adap-
tation techniques. However, the performance of the out-of-domain model is
usually rather impaired when applied on target data and thus domain adap-
tation aims at improving exactly this baseline model.

For the supervised domain adaptation scenario, the following baselines
are also applicable: the in-domain – or target only – baseline and data combi-
nation. The in-domain baseline is a model trained on the target data only. As
there is usually only a small amount of target data, the goal is to improve over
this baseline by exploiting the larger amount of data from the out-of-domain
(or source) domain. As we will see in the next chapter (Chapter 4) and as also
discussed in Daumé III (2007) this baseline is often difficult to beat.

In contrast, data combination involves training a model on the union of the
in- and out-domain data. In the literature, data combination is also referred to
as ‘all’ (Daumé III, 2007) or ‘combined’ (Hara et al., 2005) baseline. Despite of
its appealing simplicity, there are several disadvantages of this method. The
most obvious is that it requires considerably more training time. Moreover,
the large amount of out-of-domain data may ‘overwhelm’ the small amount of
in-domain data. Therefore, a variant exists that balances the possible different
amounts of in- and out-of-domain data by weighting the sources accordingly.
This is also called ‘weighted’ in Daumé III (2007).

3.4 Literature Survey

Domain adaptation is a large area of research under constant development,
with related work that can be found in different research fields (and under dif-
ferent names). For instance, previous work stems from both the core machine
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learning and the natural language processing community. Domain adapta-
tion belongs to the more general machine learning framework of transfer learn-
ing (Pan & Yang, 2010), which further includes the related tasks of multi-task
learning and covariate shift/sample selection bias. In general, the goal of transfer
learning is to transfer knowledge across different tasks or distributions. When
the goal is to transfer knowledge between different tasks, we speak about
multi-task learning (e.g. Caruana, 1997). In contrast, covariate shift/sample
selection bias and domain adaptation both refer to the case when distribu-
tions differ (Pan & Yang, 2010). The latter, which we are interested in here,
deals with transferring knowledge in case the test and training data distribu-
tions differ. As pointed out in Dredze et al. (2007) and Jiang and Zhai (2007),
theoretical work on domain adaptation attributes the performance loss to two
factors: the difference in the distribution between domains (instance or fea-
ture distribution) and the difference in labeling functions. For parsing, the
former corresponds to differences in the features between domains (e.g. new
unseen words), while the latter may correspond to differences in annotation
guidelines between domains (Dredze et al., 2007). The distribution difference
is usually addressed in unsupervised adaptation approaches, while the lat-
ter is the focus of supervised approaches that require labeled target domain
data. Very recent work on the new emerging field of semi-supervised domain
adaptation argues that it necessary to combine these two classes of domain
adaptation approaches to address both problems (Chang et al., 2010). They
thus propose to exploit both labeled and unlabeled data for the new target
domain, which is a setting that we have not explored yet.

In this section we review existing literature on domain adaptation with a
special focus on natural language parsing. For a literature review on domain
adaptation for NLP we refer the reader to Jiang (2008, chapter 6), while Pan
and Yang (2010) provide a survey on transfer learning from a machine learn-
ing perspective.

3.4.1 Early Work on Parser Portability and the Notion of “Domain”

The earliest studies to examine parser portability date back to Sekine (1997),
Ratnaparkhi (1999), and Gildea (2001).

Sekine (1997) argues that “it is intuitively conceivable that there are syn-
tactic differences between ’telegraphic messages’ and ’press reports’ [...]”. He
was the first to carry out an empirical investigation that compares structure
distributions (of CFG rules) in the subdomains of the Brown corpus. Related
to this is the work by Roland and Jurafsky (1998), who found that verb sub-
categorization frames are different between the Brown, WSJ and Switchboard
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corpora. For example, they found that the verb ’to pass’ is mainly used in
the movement sense in Brown, e.g. ”Blue Throat’s men spotted him .. as he
passed“. In contrast, the legislative (or law) sense was most prominent in the
WSJ, e.g. ”Britain’s House of Commons passed a law that will force English
soccer fans to carry identity cards to enter stadiums“.

While Sekine (1997) analyzed parser performance within subdomains of
the Brown corpus, to our knowledge, Ratnaparkhi (1999) and Gildea (2001)
were the first to examine the effect of parsing accuracy across corpora (be-
tween WSJ and Brown). The obvious motivation was:

Most work in statistical parsing has focused on a single corpus:
the Wall Street Journal portion of the Penn Treebank. While this
has allowed for quantitative comparison of parsing techniques, it
has left open the question of how other types of text might affect
parser performance, and how portable parsing models are across
corpora. (Gildea, 2001)

Both Ratnaparkhi (1999) and Gildea (2001) analyzed the performance of a
phrase-structure parser trained on the WSJ when applied to the Brown cor-
pus. They found that the accuracy decreases by around 6% (in absolute f-
scores) when tested on Brown, and simple data combination derived only a
small benefit over just using in-domain Brown data – Table 3.2 shows their
results (Gildea, 2001).

Training Data Test Set F-score
WSJ WSJ 86.34
WSJ Brown 80.64
Brown Brown 84.09
WSJ+Brown Brown 84.33
WSJ+Brown WSJ 86.59

Table 3.2: Parsing results from Gildea (2001) by training and test corpus. Size
of training sets, respectively: WSJ 39,832 sentences; Brown 21,818 sentences.

Thus, one conclusion from that line of work is that a large amount of out-
of-domain data does not help: “Our results show strong corpus effects for sta-
tistical parsing models: a small amount of matched training data appears to
be more useful than a large amount of unmatched data” (Gildea, 2001). In ad-
dition, Gildea (2001) analyzed the effect of including lexical dependencies. He
found that a large part of the parameter space of his parser can be removed
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without much effect on accuracy. A model with and without lexical depen-
dency features resulted in almost identical performance on the target Brown
data. On the source domain data the performance dropped by less than 0.5%
f-score.

While Ratnaparkhi (1999) and Gildea (2001) both focus on the WSJ and
Brown corpora, Lease and Charniak (2005) were the first to analyze parser
portability to another domain: biomedical data (Genia). They show that the
unknown word rate increases as they move to increasingly technical domains,
and that this clearly affects parsing accuracy. Rather than trying to adapt the
parsing system itself, they focus on the adaptation of pre-processing steps
such as the PoS tagger. This is similar to Rimell and Clark (2008), who studied
the effect of adapting the PoS tagger and supertagger of their CCG parser to
contrasting domains (biomedical data and questions).

In general, the observed performance loss on various domains is an in-
dication that statistical parsers are sensitive to data shifts. One possible ap-
proach to address this problem is to apply regularization techniques, i.e. to
integrate prior knowledge into a model. This will be discussed in the next
section. However, before moving to actual adaptation approaches, let us first
examine the notion of “domain“ as perceived in the literature and look at text
excerpts to get an intuitive feeling on how texts differ.

The Notion of “Domain“ and Text Excerpts from Various Sources The cat-
egories found in the Brown corpus are considered domains in Sekine (1997)
and Ratnaparkhi (1999). They include “general fiction”, “romance and love
story”, “press: reportage”. In contrast, Gildea (2001) does not explicitly men-
tion the term domain. However, he speaks about “text types” and ”differ-
ent genres of text”. Similarly, Lease, Charniak, Johnson and McClosky (2006)
mention the problem of portability in the context of differences across genres:
“As might be expected, a parser trained on one genre of text (e.g. WSJ) tends
to perform less accurately when evaluated on a different genre.” (Lease et al.,
2006). Blitzer et al. (2006) attribute domain differences mostly to differences
in vocabulary, while Biber (1988) explores differences between corpora from
a sociolinguistics perspective. For parsing, McClosky (2010) states that the
problem of parser portability “is usually attributed to a difference in domain.
By domain, we mean the style, genre, and medium of a document.” Thus,
there is no common ground on what constitutes a domain – moreover, terms
such as genre, register, text type, domain, style are often used differently in
different communities (D. Y. Lee, 2001).

Intuitively, texts vary along several dimensions or parameters, as they are
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called in Karlgren and Cutting (1994). To give an impression of the variability
of language across texts, Figure 3.6 on page 52 and Figure 3.7 on page 53 show
text excerpts from various sources (for Dutch and English, respectively). Note
that the data is tokenized (split into separate sentences and punctuation is sep-
arated from word tokens) which is a normal pre-processing step for parsing.

Newspaper text (e.g. WSJ, Cdb) contains relatively long sentences from the
written register, that clearly follows standard practices of written language. In
contrast, the spoken data contains many idiosyncrasies of spoken language,
for example, hesitation, repetition, false starts, contracted forms (e.g. ’k in-
stead of ik ‘I’), extra-linguistic signals (e.g. pauses). Similarly, social media
posts (e.g. tweets from Twitter) contain many contractions (e.g. kga standing
for ik ga ‘I go’), but additionally also include smiley’s, spelling errors (spekgald
rather than spekglad ‘slippery’), URLs and special tokens expressing mood or
user names. This type of data might be considered even more distant from
newspaper text than the spoken data.

One simple (to compute) and obvious dimension of variability is sentence
length. Figure 3.8 plots the sentence length distribution of data from various
sources. For instance, the figure on the left shows that the sentence length dis-
tribution of the spoken data (CGN) is rather different from that of newspaper
text (Cdb). The spoken data contains a large fraction of very short sentences.
Similarly, for the English data, the plot on the right shows that the average
sentence length in Brown is shorter than that in the WSJ. Thus, the sentence
length distribution may reveal differences between text collections. On the
other hand, the sentence length distributions of the WSJ and Genia corpus are
comparatively similar – by looking only at the location and shape of the dis-
tribution (and ignoring actual frequency) we may not be able to distinguish
between them. Thus, there is more than one dimension that accounts for dif-
ferences between texts. Intuitively, by looking at the text excerpts in Figure 3.7,
the biomedical text from Genia contains a wealth of highly specialized terms,
and therefore vocabulary differences might account for a considerable part
of the domain difference between WSJ and Genia. This is supported by the
results of Rimell and Clark (2008). They found that, for parser performance,
retraining the PoS tagger accounted for a greater proportion of the improve-
ment on the biomedical data, while retraining the supertagger (that includes
subcategorization information) was more beneficial for the questions domain.
Thus, intuitively, they argue that the main difference between newspaper and
biomedical text is in vocabulary, while the main difference between newspa-
per text and questions is syntactic. Indeed, questions and biomedical data
are presumably rather different types of data, however, it will be less clear
what is more beneficial for, say, biomedical questions. In general, both lexical
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Newspaper text (Cdb):

De jaarlijkse omzet van Xiat bedraagt ongeveer flo 4 miljoen .

Xiat heeft zijn hoofdkantoor in Villanova d’Ardenghi bij Pavia , alsmede een

verkoopkantoor in Milaan .

De militairen Van Wingerden en Steenbeek zijn op 12 mei 1940 in Breda ten

onrechte doodgeschoten .

Beide militairen werden in de meidagen van 1940 op de binnenplaats van het

Bredase politiebureau zonder vorm van proces gefusilleerd door een sergeant ,

die daartoe van de sergeant-majoor H. de Leeuw opdracht had gekregen .

Spoken data (CGN):

heb je niet gekookt ?

ik had geen zin om te koken bah .

en uhm ...

ik had nog een restje vlees dat heb ’k afgeknabbeld .

waren van die spareribs .

oh lekker .

en uh ...

toen heb ’k wat vla gegeten .

toen had ik nog honger .

toen heb ’k een stukje brie gegeten .

ggg .

wat een combinatie .

Social media data (Twitter):

Wilt iemand een vespa 125cc ?

RT @bkkc_nieuws : Het bkkc heeft een nieuwe facebookpagina !

#voelmekut http://bit.ly/i0YRNE

wat doet een douche veel goeds zeg , gelijk weer stuk fitter :)

=S / dat zegik tog xd

Ok , kga nu slapen .

ik bedoelde ... " and then you meet that one person " ....

@sophievh en k mag niet meer pinge van mn moeder trouwens xD

IK WIL NOG STEEDS BROODJE EI

1234 is best een moeilijke code

Spekgald buiten !

@mennooow ik heb al 23 tweets #weinig

Figure 3.6: Excerpts of Dutch data from various sources.
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Newspaper text (WSJ):

Rolls - Royce Motor Cars Inc. said it expects its U.S. sales to remain steady at

about 1,200 cars in 1990 .

The luxury auto maker last year sold 1,214 cars in the U.S.

Howard Mosher , president and chief executive officer , said he anticipates

growth for the luxury auto maker in Britain and Europe , and in Far Eastern

markets .

Bell , based in Los Angeles , makes and distributes electronic , computer and

building products .

Investors are appealing to the Securities and Exchange Commission not to limit

their access to information about stock purchases and sales by corporate

insiders .

Literature (Brown):

With the end of the trial Diane disappeared from New York .

Several years ago she married a Houston business man , Robert Graham .

She later divorced Graham , who is believed to have moved to Bolivia .

Houston police got to know Diane two years ago when the vice squad picked her up

for questioning about a call girl ring .

The next time the police saw her she was dead .

It was September 20 , 1960 , in a lavishly decorated apartment littered with

liquor bottles .

She had a party with a regular visitor , Dr. William W. McClellan .

When the police arrived , they found McClellan and the two lawyers sitting and

staring silently .

An autopsy disclosed a large amount of morphine in Diane ’s body .

‘‘ I think that maybe she wanted it this way ’’ , a vice squad cop said .

Biomedical abstracts (Genia):

Glucocorticoid resistance in the squirrel monkey is associated with

overexpression of the immunophilin FKBP51 .

The low binding affinity of squirrel monkey GR does not result from

substitutions in the receptor , because squirrel monkey GR expressed in vitro

exhibits high affinity .

Rather , squirrel monkeys express a soluble factor that , in mixing studies of

cytosol from squirrel monkey lymphocytes ( SML ) and mouse L929 cells , reduced

GR binding affinity by 11-fold .

Figure 3.7: Excerpts of English data from various sources.
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Figure 3.8: Sentence length distribution of data from various sources.

and syntactic differences will play an important role between domains. This
brings us to our next point, namely, what in practice has been considered as
domain.

In general, most previous work on domain adaptation used the term do-
main somewhat arbitrarily. We here quote from Finkel and Manning (2009):

The word domain is used here somewhat loosely: it may refer to
a topical domain or to distinctions that linguists might term mode
(speech versus writing) or register (formal written prose versus
AMS communications).

Practically, a domain is defined by the corpus – thus, a corpus constitutes
the domain, e.g. the WSJ domain or the Genia domain. However, this is not
quite a universal view – a corpus might contain one domain, but might also
consist of several subdomains (e.g. Sekine, 1997; Kilgarriff & Rose, 1998; Plank
& Sima’an, 2008; Webber, 2009; Lippincott, Ó Séaghdha, Sun & Korhonen,
2010). The first even argues that “when we try to parse text in a particular do-
main, we should prepare a grammar which suits that domain” (Sekine, 1997).

For the first part of this thesis, we will follow the general trend of consider-
ing a particular corpus as a text domain. However, we will come back to this
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issue in the last chapter (Chapter 7), in which we devise a measure of domain
similarity for parsing.

We want to stress the fact that previous work often associated domain with
shifts in topics only – this is not the view taken here. Instead, we consider a
domain as necessarily multi-dimensional, and thus we do not want to equate
it with any particular term. Rather, let us consider the term domain as hyper-
nym spanning over all kinds of variability (and their interplay) between texts,
e.g. topic, genre, style, medium, to name but a few. Obviously, we delimit
the variability to that found within a particular language, as we will examine
parser portability on Dutch and on English, but not across languages.

3.4.2 Overview of Studies on Domain Adaptation

In this final section, we will review previous studies on domain adaptation.
In the first part, we will discuss studies that focused on supervised domain
adaptation (where some limited amount of labeled target data is available),
while in the second part we present prior work on using unlabeled data.

Prior Work on Supervised Domain Adaptation

Previous studies that focus on supervised domain adaptation include Roark
and Bacchiani (2003), Hara et al. (2005), Daumé III (2007) and Jiang and Zhai
(2007).

One way to bridge the gap between in-domain and out-of-domain data
is to incorporate prior knowledge into a model. This is basically the approach
taken in Roark and Bacchiani (2003), Hara et al. (2005) and Chelba and Acero
(2006). That is, the original, out-of-domain, source domain model is exploited
as a prior when estimating a model on the target domain for which only lim-
ited resources are available. Roark and Bacchiani (2003) examined this idea
to adapt a PCFG parser, while Chelba and Acero (2006) successfully applied
it to another task (automatic capitalization). In contrast, Hara et al. (2005) try
to adapt the probabilistic disambiguation component of a grammar-driven
parser (based on a HPSG) trained on newspaper text (WSJ) to the biomedi-
cal domain (GENIA corpus). The disambiguation component of their parser,
Enju, is a maximum entropy model on a packed forest structure. Their ap-
proach consisted in integrating the original model estimated on the larger,
out-of-domain data (newspaper text) as a reference distribution (introduced on
page 26) when learning a model on the target domain. Their empirical re-
sults, also given in Table 3.3 below, show that incorporating the general model
helped in outperforming the in-domain baseline. However, simple data com-
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bination came close to the result obtained by their method. Note that they
only had a very small amount of in-domain data available (the Genia corpus
as of today contains approximately 14,000 annotated sentences, thus it is four
times the size, which will render it a harder baseline). In the next chapter
(Chapter 4) we evaluate a similar approach to supervised domain adaptation
by exploiting auxiliary distributions. Therefore, we will return to the reference
distribution-based approach.

F-score
Reference distribution (Hara et al., 2005) 86.87
Data combination 86.32
Genia only (in-domain baseline) 85.72
WSJ, original (out-of-domain) model 85.10

Table 3.3: Results reported in Hara et al. (2005), where the general model is
exploited as reference distribution for the target domain. The size of the Genia
and WSJ corpus is, respectively: 3,524 and 39,832 sentences.

Another approach to domain adaptation is to alter the feature space. A study
that exclusively focused on the supervised scenario and changed the feature
space is Daumé III (2007). In his paper he introduces an algorithm called easy
adapt. The idea of easy adapt is to transform the domain adaptation learning
problem into a standard supervised learning problem to which “any standard
algorithm may be applied (e.g. SVM, MaxEnt)” (Daumé III, 2007). In order
to achieve this, he proposes a simple pre-processing step in which the feature
space is altered and the resulting data is used as input to a standard learning
algorithm. In more detail, easy adapt basically triples the feature space: it takes
each feature in the original feature space and makes three versions of it, a
general version, a source-specific and a target-specific version. By transform-
ing the feature space, the supervised learning algorithm is supposed to ‘learn’
which features transfer better to the new domain. Using this simple transfor-
mation, Daumé III (2007) achieved decreased error rates on several datasets
and tasks (e.g. named entity classification, PoS tagging). As stated in the pa-
per, a precondition for the pre-processing technique to work is that “one has
enough labeled target domain data to do slightly better than just using only
source data” (Daumé III, 2007). We will explore his approach in Chapter 4
(Section 4.2).

Note that easy adapt is actually a simplified version of a more complicated
model proposed earlier (Daumé III & Marcu, 2006). As they show in Daumé
III (2007), easy adapt performed similar to or better than their previously (rather
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involved) suggested approach (which is based on hidden variables and the ex-
pectation maximization learning algorithm), thus we will not discuss it here
further. A recent study related to easy adapt is Finkel and Manning (2009).
They extend easy adapt by adding explicit hyperparameters to the model. That
is, each domain has its own set of domain-specific parameters, but they are
linked by introducing an additional layer that acts as general parameter set.
This parametrization encourages the features to have similar weights across
domains, unless there is evidence in the domains to the contrary (Finkel &
Manning, 2009). They showed that this extension outperformed the feature
duplication approach of Daumé III (2007).

A basic assumption of these three approaches is that there are three under-
lying distributions (rather than just two): an in-domain (or target) distribu-
tion, an out-of-domain (or source domain) distribution and a general domain
distribution. Thus, it is assumed that the in-domain data is drawn from a mix-
ture of an in-domain and a general distribution. Similarly, the out-of-domain
data is drawn from a out-of-domain and the general distribution. They moti-
vate their choice with an example coming from part-of-speech tagging: “For
example, the assignment of the tag ‘determiner’ (DT) to the word ”the“ is
likely to be a general decision, independent of domain. However, in the Wall
Street Journal, ”monitor“ is almost always a verb (VB), but in technical docu-
mentation it will most likely be a noun.” (Daumé III & Marcu, 2006).

An alternative approach is to change the instance distribution, rather than al-
tering the feature space. This has been suggested as instance weighting in Jiang
and Zhai (2007). They propose to weigh source training instances by their
similarity to the target distribution. They have shown the effectiveness of this
approach on three NLP tasks (PoS tagging, named entity classification and
spam filtering). In the last section of their paper, they additionally evaluated
a bootstrapping scenario in which they added the most confidently predicted
unlabeled target instances with their predicted label to the training set. This
brings us directly to the next section.

Studies on Unsupervised Domain Adaptation

In contrast to the supervised scenario, studies on unsupervised domain adapta-
tion exploit unlabeled data from the target domain, besides the limited amount
of labeled data from the source domain only. Unsupervised domain adapta-
tion approaches include bootstrapping, like self-training (McClosky et al., 2006)
and co-training (Steedman et al., 2003). An alternative approach is to infer a
shared feature representation between domains (Blitzer et al., 2006). In the fol-
lowing, we will discuss these approaches.
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A common approach of using unlabeled data is bootstrapping, which is a
general semi-supervised machine learning approach. A model is trained on
the labeled data and is then applied to label data from a pool of unlabeled data
instances. A new model is then trained on the combination of the original la-
beled and the automatically labeled data, and this process might be iterated.
Note that in general in machine learning this is referred to as semi-supervised
learning (as there is both labeled and unlabeled data), while in domain adap-
tation we will refer to this specific setting as unsupervised DA (in order to
distinguish it from the semi-supervised domain adaptation setting in which
we have both labeled and unlabeled data from the target domain).

In self-training a model is used to label data for itself. In contrast, in co-
training there are two (or more) models, where one model is labeling data for
the other. An assumption of co-training is that each model has a different
view on the task. Steedman et al. (2003) explore co-training for bootstrapping
statistical parsers. They used a lexicalized PCFG parser and a lexicalized tree
adjoining grammar (LTAG) parser as their two base parsers. They performed
experiments in which the parsers are trained on small seeds of labeled data
(500 sentences). Then, either co-training or self-training is used to automat-
ically label data. They showed that co-training is beneficial when the seed
set is small, that co-training outperformed self-training, and that co-training
is helpful in the case the seed data is from a different domain than the unla-
beled data (in their case, WSJ and Brown). A scheme similar to co-training
was used by Sagae and Tsujii (2007). They used two different parsing models
to parse unlabeled data of the target domain. Subsequently, they added only
those sentences to the source training data for which the two models produced
identical analyses. This approach helped them to improve parsing accuracy,
and their system actually scored highest in the 2007 CoNLL shared task on
domain adaptation.

McClosky et al. (2006) and McClosky and Charniak (2008) applied self-
training to the generative Charniak PCFG parser. While it was generally as-
sumed that self-training does not help (e.g. Charniak, 1997; Steedman et al.,
2003), they were the first to show that self-training can help for improved
parsing accuracy when used in combination with a second-stage discrimina-
tive parse reranker. They used self-training with a large seed set and tested it
on the Brown corpus (McClosky et al., 2006) and biomedical data (McClosky
& Charniak, 2008). Reichart and Rappoport (2007) were the first to show that
self-training (without reranking) can also be effective in case the seed set is
small (in contrast to Steedman et al. (2003) they added the automatically la-
beled data all at once rather than adding a small amount at each iteration).
Moreover, very recently, Sagae (2010) evaluated self-training with and without
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reranking and its impact on semantic role labeling. He showed that despite
the fact that simple self-training (with no reranker) does not always improve
parser performance, it can be effective when evaluated on a subsequent task
that relies on the parser’s output. However, it is still necessary to investigate
the reason why, for instance, simple self-training (without reranking) proved
to be better for adapting a semantic role labeler than self-training with rerank-
ing. Thus, due to these mixed results, bootstrapping remains a challenging
and active area of research.

Another line of work that focuses on unsupervised domain adaptation
is Blitzer et al. (2006). They propose structural correspondence learning (SCL).
It is an algorithm that tries to exploit unlabeled data from both source and
target domains to learn a common feature representation that is meaning-
ful across domains. The key idea of SCL is to automatically identify corre-
spondences among features from different domains by modeling their corre-
lations with so-called pivot features. Pivots are features occurring frequently
in both domains. Non-pivot features that correspond with many of the same
pivot-features are assumed to correspond. SCL has proven to be successful
for the two tasks examined, PoS tagging and sentiment classification (Blitzer
et al., 2006; Blitzer, Dredze & Pereira, 2007). An attempt was made in the
CoNLL 2007 shared task on domain adaptation to apply SCL to data-driven
dependency parsing (Shimizu & Nakagawa, 2007). However, their system just
ended up on place 7 out of 8 teams due to a bug in their system. Moreover, as
discussed in Dredze et al. (2007), the biggest problem of the shared task was
that the datasets provided were annotated with different annotation guide-
lines. Therefore, results are inconclusive and structural correspondence learn-
ing remains rather unexplored for parsing. In Chapter 5, we will present an
application of SCL to the statistical disambiguation component of the Alpino
parser and we will compare it to simple self-training.

This literature review is necessarily incomplete as the literature on domain
adaptation is huge. For instance, just for the task of parsing there are other ap-
proaches that we did not mention above (e.g. Foster, Wagner, Seddah & Gen-
abith, 2007; W. Chen, Wu & Isahara, 2008; Zhang & Wang, 2009; McClosky,
Charniak & Johnson, 2010). However, we tried to give an overview of the
field by focusing on approaches that we consider relevant to our work. The
work described here paves the way for the next two chapters, while studies
that are relevant for later chapters will be discussed then (i.e. Zhang & Wang,
2009; McClosky et al., 2010).

We want to conclude this chapter with a summary and pointers to recent
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work that address problems that have mostly been neglected so far, but we
believe that they are relevant for the practical advance of domain adaptation.

3.5 Summary and Outlook

The goal of this chapter was to introduce the problem of domain dependence
and provide an overview of approaches to tackle this problem, commonly
known as domain adaptation techniques. Depending on the type of data that
is available for the target domain, there are three main approaches: super-
vised, semi-supervised and unsupervised domain adaptation.

The chapter provided a literature overview of current approaches to do-
main adaptation with special attention to natural language parsing. More-
over, we discussed the notion of domain and noted that it was mostly arbitrar-
ily used to refer to some kind of coherent unit. In practice, a domain is defined
by the corpus given. This implies that most previous work on domain adap-
tation focused on adapting a system trained on one specific domain (say, the
WSJ) to a particular other domain (say, the Genia corpus). In this setting, one
knew that a domain change had occurred, knew what the source and what
the target domain was and, additionally, had data available for that domain
to exploit. This is also the scenario we will assume in Chapter 4 and Chapter 5.

However, as more and more data becomes available, we believe that it be-
comes increasingly important to address the related issues of domain detection
and domain selection. For instance, what is the best way to use available sources
(e.g. which data or model(s) should be used to parse an unknown target do-
main?). Similarly, how can we detect a domain shift without having access to
annotated data? Quoting Van Asch and Daelemans (2010), as of now:

There is unfortunately no unambiguous measure to assert a do-
main shift, except by observing the performance loss of an NLP
tool when applied across different domains. This means that we
typically need annotated data to reveal a domain shift.

However, can we detect a domain shift without having access to annotated
data? This could be useful, for example, to trigger adaptation techniques. A
first study that goes in this direction is the recent work by Dredze, Oates and
Piatko (2010). They use the A-distance (Kifer, Ben-David & Gehrke, 2004) to
detect shifts in online streaming data. The measure has been used in a batch
setting by Daumé III and Marcu (2006) and Blitzer et al. (2007), who train
a linear classifier to discriminate between instances from different domains.
In Chapter 7 we will devise a simple measure of domain similarity to select
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related training data for a new target domain. The work most related to this
is the recent study by McClosky et al. (2010). They address the problem of
finding the best mixture of parsing models trained on several source corpora
to parse an unknown target text. We will discuss their work in further detail
in Chapter 7.

For the practical success of parser portability, we believe that the adapta-
tion of pre-processing tools like PoS taggers or tokenizers as well as the lexical
component of grammar-driven parsers will be important, too. However, we
mainly focus on parser adaptation in this dissertation. More specifically, we
will examine the adaptation of the syntactic disambiguation component of a
grammar-driven parser in the next two chapters, while the last chapter fo-
cuses on domain adaptation for a data-driven dependency parser.






