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Chapter 4

Supervised Domain Adaptation

In this chapter we focus on supervised domain adaptation and investigate
the application of auxiliary distributions (Johnson & Riezler, 2000) for domain
adaptation of the syntactic disambiguation model of the Alpino parser (intro-
duced in Chapter 2). We compare the approach to a range of straightforward
baselines and prior work, and evaluate it on two application domains: ques-
tion answering and spoken data. The result is negative: the auxiliary-based
approach does not work for domain adaptation; better results are achieved
either without adaptation or by simple model combination.1

4.1 Introduction and Motivation

For parsing, most previous work on domain adaptation has focused on data-
driven systems (Gildea, 2001; Roark & Bacchiani, 2003; McClosky et al., 2006;
Shimizu & Nakagawa, 2007), that is, systems that automatically induce their
grammar or model from an annotated corpus (Chapter 2).

Parse selection (also called parse disambiguation or parse reranking) con-
stitutes an important part of many parsing systems (Johnson et al., 1999; Hara
et al., 2005; van Noord & Malouf, 2005; McClosky et al., 2006). Yet, the adapta-
tion of parse selection models to novel domains is a far less studied area. This
may be due to the fact that potential gains for this task are inherently bound
by the underlying grammar.

In this and the following chapter, we focus on domain adaptation of parse
selection models. More specifically, we focus on supervised domain adaptation
in this chapter, and explore unsupervised domain adaptation approaches (that

1A part of this chapter is published in Plank and van Noord (2008).
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66 CHAPTER 4. SUPERVISED DOMAIN ADAPTATION

use only unlabeled target domain data) in the next chapter. As introduced in
Section 3.3, supervised domain adaptation is the scenario in which we have
access to some – but a limited amount of – labeled data of the new target
domain. Thus, given a parsing system and two data sets, the original (out-
of-domain or simply OUT) source data and the (new or IN-domain) target
data, the goal is to adapt the parsing system (that is by default trained on the
out-of-domain data) to the new target domain.

For the empirical evaluations of this and the following chapter, we use
Alpino, a natural language parser for Dutch. Alpino employs a discriminative
approach to parse selection that bases its decision on a conditional maximum
entropy (MaxEnt) model. An introduction to the MaxEnt framework and the
Alpino parser can be found in Section 2.3 and Section 2.4.1, respectively.

In particular, we investigate the use of auxiliary distributions (Johnson &
Riezler, 2000) for domain adaptation, originally suggested for the incorpora-
tion of lexical selectional preferences into a parsing system. We exploit an orig-
inal and larger out-of-domain model as auxiliary distribution (Section 4.2),
and compare it to a range of straightforward baselines (introduced in Sec-
tion 3.3.4) and prior work (Section 4.5). The approach is examined on two
application domains: question answering and spoken data.

Our empirical results show that the auxiliary distribution does not help.
The incorporation of the out-of-domain (source) model as auxiliary feature(s)
in the target domain model does not contribute to improved parsing accuracy
on the new domain – even in the case only very little target training data is
available; instead, better results are achieved either without adaptation or by
simple model combination.

4.2 Auxiliary Distributions for Domain Adaptation

First of all, auxiliary distributions will be introduced and defined. Subse-
quently, we will show how to apply auxiliary distributions to adapt a dis-
criminative parse selection model to novel domains.

4.2.1 What are Auxiliary Distributions

Auxiliary distributions are a mechanism to incorporate information from ad-
ditional, “auxiliary” sources into a maximum entropy model. In more detail,
auxiliary distributions are integrated into a model by considering the loga-
rithm of the probability given by an auxiliary distribution as an additional,
real-valued feature.
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More formally, given a conditional maximum entropy model p(ω|s) (i.e.
equation (2.13), restated below) that consists of m feature functions fi, where
ω and s represent a parse tree and sentence, respectively:

p(ω|s) = 1
Z(s)

exp(
m

∑
i=1

λi fi(ω, s)) (4.1)

And, given k auxiliary distributions q1, ..., qk that model aspects of p(ω|s).
Then, k new auxiliary features fm+1, ..., fm+k are added to the model, such that:

fm+i(ω, s) = log qi(ω|s) (4.2)

The auxiliary distributions qi(ω|s) do not need to be proper probability
distributions, however they must strictly be positive ∀ω ∈ Ω(s) (Johnson &
Riezler, 2000). Ω(s) is the set of parses of sentence s.

Auxiliary distributions resemble a reference distribution (cf. Section 2.3.2),
but instead of considering a single reference distribution they have the ad-
vantage that several auxiliary distributions can be integrated and weighted
against each other. Johnson and Riezler (2000) establish the following equiv-
alence between the two and show that a reference distribution is a geometric
mixture of k auxiliary distributions:

q(ω|s) =
k

∏
i=1

qi(ω|s)λm+i (4.3)

where q(ω|s) is the reference distribution, i.e. q0 in equation (2.29), and qi(ω|s)
is an auxiliary distribution. The contribution of each auxiliary distribution
qi(ω|s) is regulated through the estimated feature weight λm+i, which allows
the feature to get a discounted weight or even be ignored.

In general, a conditional maximum entropy model that includes k auxiliary
features takes the following form (Johnson & Riezler, 2000):

p(ω|s) = ∏k
i=1 qi(ω|s)λm+i

Z(s)
exp(

m

∑
j=1

λj f j(ω, s)) (4.4)

with Z(s):

Z(s) = ∑
ω′∈Ω(s)

k

∏
i=1

qi(ω|s) exp(
m

∑
i=1

λi fi(ω
′, s)) (4.5)

Due to the equivalence relation in equation (4.3) we can restate equation
(4.4) to show explicitly that auxiliary distributions are regarded as additional
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features. Note that the step from equation (4.4) to (4.6) holds by restating
equation (4.2) as qi(ω|s) = exp( fm+i(ω, s)).

p(ω|s) = ∏k
i=1 [exp( fm+i(ω, s))]λm+i

Z(s)
exp(

m

∑
j=1

λj f j(ω, s)) (4.6)

=
1

Z(s)
exp(

k

∑
i=1

fm+i(ω, s)λm+i) exp(
m

∑
j=1

λj f j(ω, s)) (4.7)

=
1

Z(s)
exp(

m+k

∑
j=1

λj f j(ω, s))

with f j(ω, s) = log qj(ω|s) for m < j ≤ (m + k)

(4.8)

Johnson and Riezler (2000) introduced auxiliary distributions to incor-
porate lexical selectional preferences estimated from a larger corpus into a
stochastic attribute-value grammar (SAVG). They used a simpler syntactic
structure (shallow parses) to parse a large corpus which forms the basis to es-
timate their auxiliary distributions. They integrated these additional features
into the SAVG model to overcome data sparseness.

4.2.2 Exploiting Auxiliary Distributions for Domain Adaptation

While Johnson and Riezler (2000) use auxiliary distributions for lexical selec-
tional preferences, we explore them for domain adaptation.

The idea is to exploit the information of the more general model, estimated
from the larger, out-of-domain treebank, for parsing data from a particular
target domain where only a small amount of training data is available. A
related study is Hara et al. (2005). They also assume a limited amount of in-
domain training data. However, their approach differs from ours in that they
incorporate an original model as a reference distribution, and their estimation
procedure is different (based on a packed parse forest rather than an informa-
tive sample, introduced in Section 2.3). Here we gauge the effect of auxiliary
distributions, and later (Section 4.5.1) compare it to an approach based on ref-
erence distributions. As already mentioned, auxiliary distributions have the
advantage that the contribution of the additional source is regulated through
the estimated feature weight.

More specifically, we extend the target model to include (besides the orig-
inal features) one additional real-valued feature (k=1).2 Its value is defined to

2Or alternatively, k ≥ 1 (cf. Section 4.4.1).
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be the negative logarithm of the conditional probability given by pOUT , the
original, out-of-domain model. Hence, the general model is ‘merged’ into a
single auxiliary feature:

fm+1 = − log pOUT(ω|s) (4.9)

The parameter of the new feature is estimated using the same estimation
procedure as for the remaining model parameters. Intuitively, our auxiliary
feature models dispreferences of the general model for certain parse trees.
When the out-of-domain model assigns a high probability to a parse candi-
date, the auxiliary feature value will be small, close to zero. In contrast, a low
probability parse tree in the general model gets a higher feature value. To-
gether with the estimated feature weight expected to be negative, this has the
effect that a low probability parse in the out-of-domain model will reduce the
probability of a parse in the target domain.

4.2.3 An Alternative: Simple Model Combination

In this section an alternative approach is presented. Only two features are
kept in the maximum entropy framework: one is the log probability assigned
by the out-of-domain model, the other is the log probability assigned by the
in-domain model:

f1 = − log pOUT(ω|s), f2 = − log pIN(ω|s)

Thus, the in-domain model is also collapsed into a single feature. The
contribution of each feature is again scaled through feature weights λ1, λ2.

We can think of this as a simple instantiation of model combination. Al-
ternatively, data combination is a baseline method where the in-domain and
out-domain training data is simply concatenated and a new model is trained
on the union of data (cf. the discussion in Chapter 3). A disadvantage of data
combination is that the larger amount of out-domain data might ‘overwhelm’
the small amount of in-domain data. Instead, simple model combination in-
terpolates the two models in a linear fashion by scaling their contribution
through the estimated feature weights. Model combination is called linear
interpolation (LinInt) in e.g. Daumé III (2007).

Note that if we skip the parameter estimation step and simply assign the
two parameters equal weights, the method reduces to pOUT(ω|s)× pIN(ω|s),
i.e. just multiplying the respective model probabilities.
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4.3 Experimental Design

The parsing system used in this study is Alpino (introduced in Section 2.4.1),
a wide-coverage natural language parser for Dutch.

To recap, Alpino consists of approximately 800 grammar rules in the tra-
dition of HPSG and a large hand-crafted lexicon, that together with a left-
corner parser constitutes the parser component. The second stage of Alpino is
a statistical disambiguation component based on maximum entropy. Training
the parser requires estimating parameters for the disambiguation component.
The Alpino system is used to parse the training corpora, where up to m = 1000
derivations are recorded for every sentence.

4.3.1 Treebanks

An overview of the various annotated corpora used in these experiments is
given in Table 4.1. It shows size, average sentence length and ambiguity (mea-
sured as average parses per sentence).

Corpus Type Sents ASL APS
Alpino (Cdb) newspaper text 7,136 19.7 259.28
CLEF (2003-2007) questions 1,746 8.0 17.19
CGN spoken data 2,101 11.1 144.05

comp-a spontaneous conversations 1,193 8.6 80.33
comp-b interviews with teachers 525 14.2 174.03
comp-l commentaries (broadcast) 116 15.9 276.65
comp-m ceremonial speeches 267 12.8 234.62

Table 4.1: Overview of the corpora. Sents = number of sentences; ASL = aver-
age sentence length; APS = average parses per sentence.

The standard version of Alpino that we use here as out-of-domain model
is trained on the Alpino (Cdb) treebank (van Noord, 2006). It contains depen-
dency structures for the Cdb (newspaper) part of the Eindhoven corpus, that
contains 7,136 sentences.

For the domain-specific (target) corpora, we consider the CLEF treebank
(questions; 1,746 sentences) in the first set of experiments (Section 4.4.1). In
the second part (Section 4.4.2) we evaluate the approach on subdomains of
the Spoken Dutch corpus (CGN, Corpus Gesproken Nederlands Oostdijk, 2000;
spoken data; size varies). The CGN corpus contains a variety of subdomains
to document various dimensions of language use (Oostdijk, 2000). We se-
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smain

su
pron
1: hij

hd
verb
heb

vc
ppart

su
1

mod
adj
veel

hd
verb
lees

〈heb,su,hij〉
〈heb,vc,lees〉
〈lees,su,hij〉
〈lees,mod,veel〉

Figure 4.1: Example of a LASSY dependency structure (Alpino output) for
the sentence hij heeft veel gelezen ‘He has read a lot’ with corresponding set
of dependency relations (also called dependency triples) used for evaluation.
The corresponding dependency graph is shown in Figure 4.2.

lected a subset of the data from CGN to cover a variety of subdomains of dif-
ferent size, namely spontaneous conversations, interviews with teachers of Dutch,
commentaries/columns/reviews (broadcast), ceremonial speeches/sermons. Further-
more, we considered only parts of the annotated data that covers standard
Dutch spoken in the Netherlands (and not the southern standard Dutch, a
variant spoken in Flanders, the Flemish part of Belgium). Thus, the selected
subcorpora vary in size, ranging from 116 to 1,193 sentences per subdomain,
indicated as comp-x in Table 4.1.

4.3.2 Evaluation Metrics

To evaluate the performance of a parsing system, several metrics can be em-
ployed. As the output of the parsers used in this work are dependency struc-
tures, we here focus on evaluation schemes for dependency parsing.

The output of a parser is evaluated by comparing the generated depen-
dency structure for a sentence to the gold standard dependency structure in
a treebank. For this comparison, the dependency structure (a directed acyclic
graph) is represented as a set of named dependency relations (or dependency
triples) of the form 〈head-word, dependency relation, dependent head-word〉. An
example is given in Figure 4.1. It shows the output of Alpino (LASSY depen-
dency structure; cf. Section 2.4.1) and the dependency triples. A more com-
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mon representation of the same dependency structure is given in Figure 4.2.

ROOT Hij heeft veel gelezen

ROOT

SU

VC

MOD

SU

Figure 4.2: Dependency graph corresponding to the LASSY dependency
structure shown in Figure 4.1. Note that the Alpino evaluation scheme does
not consider the top-most relation from ROOT to the head of the sentence.

To compare such sets of dependency relations, the number of dependen-
cies that are identical in the generated and the stored structure are counted.
Let Di

p be the number of dependencies produced by the parser for sentence i,
Di

g is the number of dependencies in the treebank parse, and Di
o is the number

of correct dependencies produced by the parser. If no superscript is used, we
aggregate over all sentences of the test set, i.e.:

Dp = ∑
i

Di
p Do = ∑

i
Di

o Dg = ∑
i

Di
g

Precision is the total number of correct dependencies returned by the parser,
divided by the overall number of dependencies returned by the parser:

precision = Do/Dp

Recall is the number of correct system dependencies divided by the total
number of dependencies in the treebank:

recall = Do/Dg

As usual, precision and recall can be combined in a single f-score metric
(also known as f1-score in this particular instantiation), i.e. the harmonic mean
of precision and recall:

f-score =
2× precision× recall

precision + recall

An alternative evaluation score for dependency structures is based on the
observation that for a given sentence of n words, a parser would be expected
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to return exactly n dependencies, namely one dependency per word. This
follows from the single-head property (Kübler et al., 2009). In such cases, we
can simply use the percentage of correct dependencies as a measure of accu-
racy. This labeled (or named) dependency accuracy was used, for instance,
in the CoNLL shared task on dependency parsing (Buchholz & Marsi, 2006),
where the term labeled attachment score (LAS) was coined. In more detail,
since |Dp| = |Dg| we have:

labeled attachment score (LAS) = Do/Dg

Instead of considering an edge correct if both the label and attachment are
correct, there is also a variant of LAS that does not take the label into account,
called unlabeled attachment score (UAS). It is equivalent to LAS except that
a correctly attached dependency edge is still considered to be correct even
though the label itself (relation name) is incorrect. Thus, UAS is usually higher
than the respective LAS measure.

The evaluation metric of the Alpino parser is a variant of labeled depen-
dency accuracy, which does allow for some discrepancy between the number
of returned and expected dependencies. The resulting metric is called concept
accuracy (CA) and is defined as:

CA =
∑i Di

o

∑i max(Di
g, Di

p)

Such a discrepancy between returned and expected dependencies can oc-
cur, for instance, because in the syntactic annotations of Alpino words can be
dependent on more than a single head (thus they do not follow the single-
head property). Such ‘secondary edges’ (van Noord, 2006) are expressed by
means of coindexation and an example is illustrated in Figure 4.1: hij ‘he’ is
the subject of both the auxiliary verb heeft ‘has’ and the verb gelezen ‘read’.
Note that the standard Alpino evaluation scheme does not consider the top
relation (the ‘root’ relation in CoNLL) for scoring. In our example, that would
be the dependency triple <ROOT,root,heb>, i.e. the dependency edge from
some artificial starting token (ROOT) to the head of the sentence heb (Fig. 4.2).

The concept accuracy metric can be characterized as the mean of a per-
sentence minimum of recall and precision. The resulting CA score therefore
is typically slightly lower than the corresponding f-score. An explanation and
motivation for the use of CA over f-score is given in van Noord (2009). In
this dissertation, we will report CA. Using f-score would not have altered the
conclusions.
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1: Set c = 0, R = number of iterations
2: Compute actual statistic of score differences |SX − SY| on test data
3: for random shuffles r = 0, . . . , R do
4: for sentences in test set do
5: Shuffle variable tuples between system X and Y with probability 0.5
6: end for
7: Compute pseudo-statistic |SXr − SYr | on shuffled data
8: if |SXr − SYr | ≥ |SX − SY| then
9: c ++

10: end if
11: end for
12: p = (c + 1)/(R + 1)
13: Reject null hypothesis if p is less than or equal to specified rejection level

Figure 4.3: Approximate randomization test pseudo-code.

In the experiments that follow we report concept accuracy. We compute
statistical significance using the approximate randomization test (Noreen, 1989,
chapter 2). It is a computer-intensive, non-parametric statistical hypothesis
test, that has been applied to several natural language processing tasks (e.g.
Yeh, 2000; Riezler & Maxwell, 2005; Cahill et al., 2008). A general introduction
to computer-intensive tests can be found in Noreen (1989). A nice description
of the approximate randomization test applied to natural language processing
applications is given in Yeh (2000), Riezler and Maxwell (2005) and Cahill et
al. (2008). The following is a summary thereof.

Computer-intensive tests (like the approximate randomization test) are de-
signed to assess result differences of a test statistic without making assump-
tions on the sampling distribution of the test statistic. Thus, they are well-
suited to assess significance of differences in test statistics such as f-scores.
They are called computer-intensive because such tests require recomputing
the test statistics for many (typically 1000 or 10000) artificially constructed
data sets. The test statistics are computed by accumulating certain count vari-
ables over sentences in the test set, like the number of produced and correct
dependency relations. Under the null hypothesis, the compared systems are
not different, thus any variable tuple produced by one system could have been
produced just as well by the other system. Thus, shuffling the variable tuples
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between the two systems with equal probability and recomputing the pseudo-
statistic on the shuffled data creates an approximation of the test statistic dis-
tribution under the null hypothesis. For a test set of S sentences, there are 2S

possible shuffles. The approximate randomization test produces shuffles by
randomization rather than requiring access to all possible assignments. The
significance level is then computed by counting how often the pseudo-statistic
is greater than or equal to the actual test statistic. We have implemented the
approximate randomization test in R, the pseudo-code is given in Figure 4.3
(taken from Riezler & Maxwell, 2005).

4.4 Empirical Results

In the first set of experiments we focus on the question answering (QA) do-
main (CLEF corpus). Later we evaluate the various approaches also on sub-
parts of the spoken Dutch corpus, Corpus Gesproken Nederlands (CGN). An
overview of the experimental setup is given in Figure 4.4.

out-of-domain
(source) data:
Cdb/Alpino

(newspaper text)

Alpino Disambiguator
in-domain

(target) data:
CLEF (or CGN)

train adapt to

Figure 4.4: Supervised domain adaptation setup: source=Alpino and tar-
get=CLEF (or CGN); both are labeled, but there is less in-domain (target) data.

4.4.1 Experiments with the CLEF Data

Besides evaluating the auxiliary-based approach and simple model combina-
tion, we conduct several baseline experiments. An overview of the various
models follows:

• In-domain (CLEF): train on CLEF (baseline); this is done using 5-fold
cross validation (train on four folds, evaluate on the fifth; per-fold accu-
racy is reported)

• Out-domain (Alpino): train on Alpino

• Data combination (CLEF+Alpino): train a model on the union of data
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• Auxiliary distribution (CLEF+Alpino aux): add the Alpino model as
auxiliary feature to CLEF

• Model combination: keep only two features pOUT(ω|s) and pIN(ω|s).
Two variants:

i) estimate the parameters λ1, λ2 (estimate λ)

ii) give them equal weights, i.e. λ1=λ2=−1 (equal λ)

We assess the performance of all of these models on the CLEF data. Base-
lines are given in Table 4.2. To illustrate the role of the disambiguation com-
ponent, Table 4.3 provides lower and upper bounds on the in-domain target
data. The random model selects an arbitrary parse per sentence, while the
oracle chooses the best available parse.

Data set In-dom. Out-dom. Data combination
(size: sents) CLEF Alpino CLEF+Alpino

CLEF 2003 (446) 97.01 94.02 97.21
CLEF 2004 (700) 96.60 89.88 95.14
CLEF 2005 (200) 97.65 87.98 93.62
CLEF 2006 (200) 97.06 88.92 95.16
CLEF 2007 (200) 96.20 92.48 97.30

Table 4.2: Baselines on the CLEF test data; underlined scores indicate results
above in-domain baseline (CLEF).

CLEF 2003 2004 2005 2006 2007

Random 76.87 76.83 78.09 78.25 77.14
Oracle 99.60 99.14 99.80 99.69 99.16

Table 4.3: Lower and upper bounds of models trained on the target data.

First of all, the baselines in Table 4.2 show that, despite the smaller size
of the in-domain training data, the CLEF models reach a high performance
level in this question domain. Moreover, they perform significantly better
than the Alpino model, trained on a larger amount of out-of-domain data. In
contrast, simple data combination results in a model (CLEF+Alpino) whose
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performance is somewhere in between. It is able to contribute in some cases
to disambiguate questions, while leading to wrong decisions in other cases.

The results of the various adaptation techniques are shown in Table 4.4.
For the auxiliary-based approach (CLEF+Alpino aux) with its regulated con-
tribution of the general model, the results show that adding the feature does
not help. On most data sets the same performance was achieved as by the
in-domain model, while on only two data sets (CLEF 2005, 2007) the use of
the auxiliary feature results in an insignificant improvement.

Data set In-dom. Aux.distribution Model combination
size (sents) CLEF CLEF+Alpino aux estimate equal

CLEF 2003 (446) 97.01 97.01 97.14 97.46 ?
CLEF 2004 (700) 96.60 96.60 97.12 ? 97.23 ?
CLEF 2005 (200) 97.65 97.72 97.99 98.19
CLEF 2006 (200) 97.06 97.06 97.00 96.45
CLEF 2007 (200) 96.20 96.33 96.33 96.46

Table 4.4: Results on the CLEF test data; underlined scores indicate results
above in-domain baseline (CLEF). Entries marked with ? are statistically sig-
nificant at p < 0.05 with respect to the in-domain baseline.

In contrast, simple model combination works surprisingly well. On almost
all data sets model combination yields an improvement over all other models.
On only one data set (CLEF 2006) it falls slightly below the in-domain base-
line, but still considerably outperforms data combination (Table 4.2). This is
true for both model combination methods, those with estimated and those
with equal weights. In general, the results show that model combination out-
performs data combination (with the exception of one data set, CLEF 2007),
and the simplest model combination technique with equal weights often per-
forms best (e.g. on two test sets it reaches a significant improvement over the
in-domain baseline).

Contrary to expectations, the auxiliary-based approach performs poorly
and often could not even come close to the results obtained by simple model
combination. In the following we explore possible reasons for this result.

Examining Possible Causes

Is the feature ignored? One possible point of failure could be that the auxil-
iary feature is simply ignored. If the estimated weight had been close to zero
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the feature would indeed not contribute to the disambiguation task. There-
fore, we examined the estimated weights for that feature. From that analysis
we saw that, compared to the other features, the auxiliary feature got a weight
relatively far from zero. It got on average a weight of −0.0905 in our data sets
and as such is among the most influential weights, suggesting it to be impor-
tant for disambiguation.

Is the feature properly modeling the out-of-domain model? Another ques-
tion that needs to be asked is whether the auxiliary feature is properly mod-
eling the original Alpino model. For this sanity check, we create a model that
contains only the single auxiliary feature and no other features. The weight of
the feature is set to a constant negative value. Alternatively, we may estimate
its weight, but as it does not have competing features we are safe to assume it
constant. The performance of the model is assessed on the CLEF test data. The
result in Table 4.5 shows that the auxiliary feature is indeed properly modeling
the general Alpino model, as the two models result in identical performance.

Data set only aux Alpino

CLEF2003 94.02 94.02
CLEF2004 89.88 89.88
CLEF2005 87.98 87.98
CLEF2006 88.92 88.92
CLEF2007 92.48 92.48

Table 4.5: Sanity check: a model that only contains the auxiliary feature versus
out-of-domain Alpino model.

Is the single feature too weak? In the experiments so far the general model
was ‘packed’ into a single feature value. To check whether the auxiliary fea-
ture alone is too weak, we examine the inclusion of several auxiliary distribu-
tions (k > 1). Each auxiliary feature that is added represents a submodel corre-
sponding to an actual feature template class used in the original model. The
value of the feature is the negative log-probability as defined in equation (4.9),
where OUT corresponds to the respective Alpino submodel.

The current disambiguation model of Alpino uses 21 feature templates (in-
troduced in Section 2.4.1). From these feature templates, we create two mod-
els that vary in the number of classes used. In the first model (5 class), five
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(k = 5) auxiliary distributions are used which correspond to five clusters of
feature templates. They are defined manually and correspond to submodels
for part-of-speech, dependencies, grammar rule applications, bilexical prefer-
ences and the remaining Alpino features. In the second model (21 class), every
single feature template is simply used as its own cluster (k = 21).

We test the two models and compare them to our baseline (the model
trained on in-domain CLEF data). The results of these experiments are given
in Table 4.6. They show that both the 5 class and the 21 class model do not
achieve any improvement over the in-domain baseline (CLEF), nor over the
single auxiliary model (CLEF+Alpino aux).

Data set (sents) CLEF CLEF+Alpino aux 5 class 21 class

CLEF2003 (446) 97.01 97.01 97.01 97.04
CLEF2004 (700) 96.60 96.60 96.57 96.60
CLEF2005 (200) 97.65 97.72 97.72 97.72
CLEF2006 (200) 97.06 97.06 97.06 97.06
CLEF2007 (200) 96.20 96.33 96.20 96.27

Table 4.6: Results on CLEF including several auxiliary features corresponding
to Alpino submodels versus in-domain CLEF baseline and single auxiliary
distribution approach.

What if we have smaller amounts of in-domain training data? Our expec-
tation is that the auxiliary feature is at least helpful in the case very little in-
domain training data is available. Therefore, we evaluate the approach with
smaller amounts of training data.

We sample (without replacement) a specific number of training instances
from the original CLEF data and train models on the reduced training data.
The resulting models are tested with and without the additional feature as
well as model combination. Table 4.7 reports the results of these experiments
for models trained on a portion of up to 5% CLEF data. Figure 4.5 illustrates
the overall change in performance of models trained on up to 60% of the data
(the figure shows the learning curve for the CLEF 2004 data set - similar fig-
ures result from the other CLEF data sets).

Obviously, an increasing amount of in-domain training data improves the
accuracy of the models. However, for the auxiliary feature, the results in Ta-
ble 4.7 show that the models with and without the auxiliary feature result in
an almost identical performance (therefore we depict only one of the lines in
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0% 1% CLEF 5% CLEF

CLEF Alpino In-dom. +aux MCλ MC= In-dom. +aux MCλ MC=

2003 94.02 91.93 (4) 91.93 95.59 93.65 93.83 (22) 93.83 95.74 95.17
2004 89.88 86.59 (7) 86.59 90.97 91.06 93.62 (35) 93.62 93.42 92.95
2005 87.98 87.34 (2) 87.41 91.35 89.15 95.90 (10) 95.90 97.92 97.52
2006 88.92 89.64 (2) 89.64 92.16 91.17 92.77 (10) 92.77 94.98 94.55
2007 92.48 91.07 (2) 91.13 95.44 93.32 94.60 (10) 94.60 95.63 95.69

Table 4.7: Results on the CLEF data with varying amount of domain-specific
training data (number of sentences in parentheses). First column: standard
Alpino performance on the data set (0% CLEF/Alpino); in-dom: performance
of model trained on certain percentage of in-domain training data; +aux: in-
domain model augmented with auxiliary feature that represents the general,
out-of-domain Alpino model; MC: model combination (in particular, MCλ

with estimated weights and MC= with equal/constant weights). Underlined
scores represent performance levels above in-domain baseline.

Figure 4.5, the auxiliary distribution line). Hence, the inclusion of the auxiliary
feature does not help in this case either. The models achieve similar perfor-
mance independently of the available amount of in-domain training data.

In more detail, the auxiliary-based approach does not perform as well as
model combination, but usually works better than simply including all data
(data combination; cf. Fig. 4.5). However, in contrast to those techniques, the
auxiliary-based approach even hurts performance: on models trained on very
little in-domain training data (e.g. 1% CLEF training data, which corresponds
to on average approximately three questions), the performance falls even be-
low the original Alpino model accuracy (0% column in Table 4.7, i.e. straight
dashed line in Fig. 4.5). Thus, including the out-of-domain model through the
auxiliary feature does not help.

In contrast, simple model combination is more beneficial. It is able to out-
perform almost constantly the in-domain baseline (CLEF) and the auxiliary-
based approach (CLEF+Alpino aux). Furthermore, in contrast to the latter,
model combination almost never falls below the out-of-domain (Alpino) base-
line (except slightly on the CLEF 2003 data set with 1% training data). And, as
shown in Figure 4.5, even 30% of the training data (on that particular data set)
is enough for model combination to reach the performance level of a model
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Figure 4.5: Amount of in-domain training data versus accuracy on CLEF 2004
(similar figures result from the other CLEF data sets) - note that since the per-
formance of the auxiliary distribution approach is nearly indistinguishable
from the in-domain baseline (cf. Table 4.7) we only depict one of the lines. The
auxiliary-based approach does not work as well as model combination; but it
usually works better than simply including the OUT data (data combination).

trained on all (100%) of the in-domain data.
We would have expected the auxiliary feature to be useful at least when

very little in-domain training data is available. However, the empirical results
reveal the contrary. We tried to rule out several possible causes for this neg-
ative result. Amongst others, the suspicion that the (non-auxiliary) features
may overwhelm the single auxiliary feature, so that possible improvements
by increasing the feature space on this small scale might be invisible. We be-
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lieve this is not the case. Other studies have shown that including just a few
features might indeed help (Johnson & Riezler, 2000; van Noord, 2007) (e.g.
the former just added three features).

We believe that the reason for this drop in performance is the amount of
available in-domain training data and the corresponding scaling of the weight
of the auxiliary feature. When little training data is available, the weight can-
not be estimated reliably and hence is not contributing enough compared to
the other features (exemplified in the drop of performance from 0% to 1%
training data in Table 4.7). In such cases it is more beneficial to just apply the
original Alpino model or the simple model combination technique.

4.4.2 Experiments with CGN

One might argue that the question domain is rather ‘easy’, given the high
baseline performance and the fact that a few hand-annotated questions are
enough to obtain a reasonable model. Therefore, we examine the auxiliary-
based approach on CGN subdomains (Corpus Gesproken Nederlands), the Spo-
ken Dutch Corpus (Oostdijk, 2000).

The empirical results per CGN subdomain are given in Table 4.8. The table
shows the accuracy of models trained on the relevant subcorpora (In-dom.),
the result of Alpino and the performance of the two adaptation approaches,
auxiliary distribution and model combination. In contrast to the question do-
main, the general accuracy level is much lower on this more heterogeneous,
spoken data.

The results show that the auxiliary-based approach does not work on these
CGN subdomains either. It just performs about as well as the in-domain
model, trained on the respective corpus. Even on subdomains where Alpino
clearly outperforms the in-domain baseline (like comp-l, broadcast commen-
taries, or comp-m, ceremonial speeches), the auxiliary feature does not contribute
to improved parsing performance. Moreover, the auxiliary-based approach is
not able to improve accuracy on data sets where very little training data is
available (e.g. comp-l), thus confirming our previous finding. In some cases
the auxiliary feature rather, although only slightly, degrades performance (in-
dicated in italic in Table 4.8) and performs worse than the counterpart model
without the additional feature.

Depending on the characteristics of data/domain and its size, the best
model adaptation method varies on CGN. On some subdomains simple model
combination performs best, while on others it is more beneficial to just apply
the original, out-of-domain Alpino model. To conclude, model combination
achieves in most cases a modest improvement, while we have shown em-
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Data set In-dom. Aux.Distr. Out-dom. Model combination
(+aux) Alpino estimate equal

comp-a (1,193) - Spontaneous conversations (‘face-to-face’)

fn000250 63.20 63.28 62.90 63.91 63.99
fn000252 64.74 64.74 64.06 64.87 64.96
fn000254 66.03 66.00 65.78 66.39 66.44

comp-b (525) - Interviews with teachers of Dutch
fn000081 66.20 66.39 66.45 67.26 66.85
fn000089 62.41 62.41 63.88 64.35 64.01
fn000086 62.60 62.76 63.17 63.59 63.77

comp-l (116) - Commentaries/columns/reviews (broadcast)
fn000002 67.63 67.63 77.30 76.96 72.40
fn000017 64.51 64.33 66.42 66.30 65.74
fn000021 61.54 61.54 64.30 64.10 63.24

comp-m (267) - Ceremonial speeches/sermons
fn000271 59.25 59.25 63.78 64.94 61.76
fn000298 70.33 70.19 74.55 74.83 72.70
fn000781 72.26 72.37 73.55 73.55 73.04

Table 4.8: Excerpt of results on various CGN subdomains (number of sen-
tences per component in parentheses). In-dom.: performance of a parser
trained on relevant subdomain; Aux.Distr. (+aux): adding Alpino model as
auxiliary feature to in-domain model. Best performance in boldface; perfor-
mance below in-domain baseline in italic, above baseline is underlined.

pirically that the domain adaptation method based on auxiliary distributions
performs about as well as a model trained on in-domain data.

4.5 Comparison to Prior Work

In this section, we compare the auxiliary-based approach to two previously
suggested supervised domain adaptation techniques: the reference distribution
approach (Hara et al., 2005) and easy adapt (Daumé III, 2007).
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4.5.1 Reference Distribution

The idea is similar to the approach based on auxiliary distributions: exploit an
original, out-of-domain model that was trained on a larger treebank as addi-
tional information source. However, rather than incorporating it as additional
log-weighted features, the distribution is integrated as reference distribution.
That is, instead of estimating parameters for the maximum entropy model so
that the resulting model minimally diverges from a uniform distribution this
uniform distribution is now replaced by another, hopefully more informative,
reference distribution q0(ω|s) (previously denoted as q(ω|s)). The resulting
model is also known as maximum entropy minimum divergence (MEMD)
model.

p(ω|s) = 1
Z(s)

q0(ω|s) exp(
m

∑
i=1

λi fi(ω, s)) (4.10)

This was the approach adopted by Hara et al. (2005). They integrated an
original, out-of-domain model estimated from the Penn Treebank (newspa-
per text) into a model trained on biomedical abstracts (Genia corpus), thereby
obtaining an improvement over both the in-domain baseline and simple data
combination (cf. Table 3.3 – to summarize, their model reached an f-score of
87.87 compared to data combination 86.32 and in-domain baseline 85.72).

We tested the reference distribution approach on our CLEF data. That is,
we considered pOUT(ω|s) (the out-of-domain Alpino model) as reference dis-
tribution when estimating parameters for the CLEF models.

Data set In-dom. Aux.distr. Ref.distr.
size (sents) CLEF CLEF+Alp aux

CLEF 2003 (446) 97.01 97.01 82.37
CLEF 2004 (700) 96.60 96.60 80.32
CLEF 2005 (200) 97.65 97.72 81.57
CLEF 2006 (200) 97.06 97.06 81.00
CLEF 2007 (200) 96.20 96.33 78.43

Table 4.9: Results of using the source model as reference distribution q0.

The results in Table 4.9 show that the reference distribution approach does
not work: the model results in the overall lowest performance, scoring below
the in-domain baseline but even below the out-of-domain (Alpino) baseline.
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This suggests that relying too much on the external source (original distribu-
tion) has a deteriorating effect on performance.

Compared to the reference distribution, the auxiliary-based approach that
scales the contribution of the original model through the estimated feature
weight would be a viable approach overall, despite its empirically shown
weaknesses.

4.5.2 Easy Adapt

In this section, we report on applying easy adapt (Daumé III, 2007), introduced
in section 3.4. The training data is generated as follows: take each feature in
the source and target domain, duplicate it in order to create source-specific
and general, as well as target-specific and general versions (three in total).
Train a model on the union of data, augmented with the new features. In
this way, the training data contains source-specific, target-specific and general
features. Intuitively, through this simple transformation of the feature space,
the supervised learning algorithm is supposed to ‘learn’ which features trans-
fer better to the new domain. We evaluate the approach on both application
domains, CLEF and CGN. The results are given in Table 4.10 and 4.11, respec-
tively.

Data set In-dom. Out-dom. Easy adapt
size (sents) CLEF Alpino

CLEF 2003 (446) 97.01 94.02 96.99
CLEF 2004 (700) 96.60 89.88 94.88
CLEF 2005 (200) 97.65 87.98 93.15
CLEF 2006 (200) 97.06 88.92 96.02
CLEF 2007 (200) 96.20 92.48 96.01

Table 4.10: Results on the CLEF test data including easy adapt results.

Table 4.10 shows that the performance of easy adapt falls below the in-
domain baseline on all CLEF test sets. On some data sets, easy adapt has
a substantial deteriorating effect. A possible explanation for this might be
that the in-domain baseline (CLEF) not only does slightly better (but rather
performs substantially better) than the out-domain model. That is, we do
not meet the requirement of easy adapt, which is appropriate “exactly in the
case when one has enough target data to do slightly better than just using
only source data” (Daumé III, 2007). Our empirical results suggest that on
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this question domain a small amount of annotated in-domain data is already
enough to obtain a model of reasonable performance.

Data set In-dom. Out-dom. Easy adapt

comp-a (1,193) - Spontaneous conversations

fn000250 63.20 62.90 63.67
fn000252 64.74 64.06 64.85
fn000254 66.03 65.78 66.22

comp-b (525) - Teacher interviews
fn000081 66.20 66.45 65.95
fn000089 62.41 63.88 64.08
fn000086 62.60 63.17 62.69

comp-l (116) - Commentaries (broadcast)
fn000002 67.63 77.30 72.06
fn000017 64.51 66.42 64.07
fn000021 61.54 64.30 60.28

comp-m (267) - Ceremonial speeches
fn000271 59.25 63.78 60.30
fn000298 70.33 74.55 72.98
fn000781 72.26 73.55 71.60

Table 4.11: Easy adapt results on CGN components.

Table 4.11 reports the results on the more heterogeneous CGN data. On
the subdomain spontaneous conversations (comp-a), where we do meet the pre-
condition, easy adapt is able to improve the in-domain baseline slightly. Fur-
thermore, what is consistent with previous findings (Daumé III, 2007) is that
in cases where the out-of-domain model outperforms the domain-specific in-
domain model (such as on CGN domains teacher interviews, commentaries and
ceremonial speeches) easy adapt will fail. Daumé III (2007) believes the reason
for this is that source and target domains are not that different: “If the do-
mains are so similar that a large amount of source data outperforms a small
amount of target data, then it is unlikely that blowing up the feature space will
help.” We do not believe this to be the case here, as, for instance, ceremonial
speeches (comp-m) and newspaper text do not seem to be very similar domains
either, nor do we suppose this to be the only reason for the approach to fail.
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Factors such as training set size should also play a considerable role, but this
would need further investigation. However, a question which emerges here
is: How can we measure domain similarity? We will return to this issue in
later chapters.

We conclude that easy adapt does not really work in our case. Often, ei-
ther just applying the Alpino model or simple model combination was more
beneficial.

4.6 Summary and Conclusions

In this chapter we focused on supervised domain adaptation techniques to
adapt a discriminative parse selection model to novel domains. We exam-
ined auxiliary distributions for domain adaptation, and compared them to
a range of straightforward baselines (data combination, model combination)
and prior work (reference distribution, easy adapt).

While the auxiliary approach has been successfully applied to learn lex-
ical selectional preferences (Johnson & Riezler, 2000; van Noord, 2007), the
empirical results show that integrating a more general model into a domain-
specific model through the auxiliary feature(s) does not help. The auxiliary
approach needs training data to estimate the weight(s) of the auxiliary fea-
ture(s). When little in-domain training data is available, the weight cannot
be estimated appropriately and hence does not contribute enough compared
to the other features. The resulting models usually just achieve in-domain
baseline performance. This result was confirmed on both examined domains,
questions and spoken data. In contrast, both prior-work techniques fell be-
low the in-domain baseline; the reference distribution turned out to be the
worst performing technique. This suggests that relying too much on the out-
of-domain model has a deteriorating effect, thus favoring the scaling property
of the auxiliary distribution, despite its shown weaknesses.

We conclude that the auxiliary feature approach is not appropriate for inte-
grating information from a more general model to leverage limited in-domain
data. Better results were achieved either without adaptation or by simple
model combination.

In the next chapter, we will investigate other possibilities for parser adap-
tation, especially techniques for unsupervised domain adaptation, which as-
sume that there is no labeled in-domain data available.






