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Abstract

In this paper, we address the relation between do-
main differences and domain adaptation for depen-
dency parsing. Our quantitative analyses showed
that it is the inconsistent behavior of same features
cross-domain, rather than word or feature cover-
age, that is the major cause of performances de-
crease of out-domain model. We further studied
those ambiguous features in depth and found that
the set of ambiguous features is small and has con-
centric distributions. Based on the analyses, we
proposed a DA method. The DA method can auto-
matically learn which features are ambiguous cross
domain according to errors made by out-domain
model on in-domain training data. Our method is
also extended to utilize multiple out-domain mod-
els. The results of dependency parser adaptation
from WSJ to Genia and Question bank showed that
our method achieved significant improvements on
small in-domain datasets where DA is mostly in
need. Additionally, we achieved improvement on
the published best results of CoNLL07 shared task
on domain adaptation, which confirms the signifi-
cance of our analyses and our method.

1 Introduction
Statistical models are widely used in the field of dependency
parsing. However, current models are usually trained and
tested on data from the same domain. When test data belongs
to a domain different from the training data, the performances
of the current dependency parsing models will be greatly de-
graded. Therefore when the labeled Treebank of the target
domain is insufficient, it is difficult to obtain accurate parsing
results on this domain.

To quickly adapt parser to new domains where few in-
domain labeled data is available, various techniques have
been proposed. No labeled data from target domain is needed
for most parser domain adaptation (DA) methods, e.g. self-
training [McClosky et al., 2008; Sagae, 2010], co-training
[Steedman et al., 2003; Sagae and Tsujii, 2007] and word
clustering approach [Candito et al., 2011]. These unsu-
pervised methods improve performances by helping parsers

cover more domain specific words or features [McClosky and
Charniak, 2008].

However, as will be shown in this paper, word and feature
coverges is not the only factor affecting cross-domain per-
formance. Specifically, we take WSJ corpus and Genia cor-
pus [Tateisi et al., 2005] as examples. During analysis, even
though we added gold POS tags and made the gap of word
coverage no longer exist, performance decline is still not al-
leviated much. It is now the ambiguous feature, behaving in-
constantly in different domains, that brings the performance
drop. In addition, Dredze et al. [2007] pointed out that do-
main differences may exist in different annotation guidelines
between Treebanks.

Above findings indicated that some labeled data was in
need for handling such differences. Unlike unsupervised
methods with difficulty to detect and handle these differ-
ences, current supervised and semi-supervised parser adapta-
tion [Hall et al., 2011] are proved to get better results. How-
ever, they do not directly solve the domain differences on fea-
tures discussed above.

In this paper, we try to learn which features are ambiguous
between domains with the help of only a small in-domain la-
beled dataset. The key idea is to learn which features are more
likely to be associated with errors based on in-domain train-
ing data. Then the model could identify and correct the un-
reliable arcs based on the ambiguous features they contained,
while still keeping as many reliable arcs outputted by out-
domain model as possible.

There are two major contributions in this paper. First, in
Section 2, quantitative analyses are performed to find out
which types of domain differences affect the cross-domain
performances of a parser mostly. As far as we know, few
works [Gildea, 2001] had focused on this problem. Second,
based on some general rules found in the analyses, in Section
3, we proposed a method to automatically learn domain dif-
ferences from small in-domain dataset, meanwhile avoiding
overfitting. Results of experiments are shown in Section 4.
Section 5 gives the conclusion.

2 Analysis on Domain Differences
2.1 Experimental Settings
In this section, we set Genia and WSJ corpus as in-domian
and out-domain data respectively. For WSJ corpus, sections
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2-21 are used for training (39832 sentences) and section 23
for test. For Genia corpus, training (14326 sentences) and
test data are divided as McClosky and Charniak [2008] did.
Treebanks are converted to dependency format using Penn
Converter [Johansson and Nugues, 2007]. First-order MST-
Parser [McDonald et al., 2005] is used to generate projective
trees. Stanford POS-tagger [Toutanova et al., 2003] is chosen
when a new trained POS-tagger is in need. The performances
are evaluated by unlabeled attachment accuracy (UAS).

2.2 Ceiling Analysis
We believe the sources of performance drop, when using
dependency parsers cross-domain, can be divided into two
parts: first, the accuracy of POS tags, which has been proved
to be important and greatly affected by OOV and ambiguous
words; second, some “real” grammatical differences, which
exist even when the POS tags are completely accurate. So
first of all, a ceiling analysis was done to determine how seri-
ously the errors of POS-tagging stage would impact the per-
formances.

Tagger Method UAS(%) POS(%)

Gold tag In-domain 89.58 100
Out-domain 85.16 100

Auto tag In-domain 88.80 98.35
Out-domain 81.80 86.03

Table 1: Basic Results

Genia test set was used for evaluation and parser trained on
it was called “in-domain”. For “Out-domain” method, WSJ
corpus is used for training. Different taggers are used to label
test data. Here “Gold tag” means Gold POS tags from Tree-
banks are used for parsing. And “Auto tag” refers to the POS
tagger trained on the same domain that was used for training
parser. As shown in Table 1, when labeling POS tags auto-
matically, out-domain parser performed much worse (great
drop of 7%) than in-domain parser.

However, the accuracy of POS tagging, greatly affected by
OOVs cross-domain, is not the only source of performance
drop. Even when gold tags were used and therefore errors
from POS tagging were eliminated, a decrease of 4.42% still
existed. This implies the existence of other factors more im-
portant for domain differences. They are grammar level am-
biguities, so we call them grammatical differences. Note that
in the field of dependency parsing, we concentrate on syntac-
tic structure rather than predicting POS tags. Hence, in the
rest of the paper, gold POS tags are used to avoid influence of
POS tag accuracies and to reveal grammatical differences.

2.3 Word Coverage
In this section, we show that domain differences of depen-
dency parsing do not lie on the higher word coverage of in-
domain model on Genia test set (1970 OOVs out of 35639 to-
kens) than that of out-domain model (8253 OOVs). To prove
this, when decoding with in-domain model, words considered
to be OOVs by out-domain model are treated as unknown
words for in-domain model, making both models have the
same word coverage on test data. Result shows only a slight

reduction (0.11%) on in-domain model. Interestingly, Tateisi
et al. [2005] also states that annotation of Genia Treebank
can be stably done by linguists without knowledge of biol-
ogy. This may suggest some similarities between parsing and
human annotating, since parsers are also not affected much
by unknown biological terms.

2.4 Feature Coverage
Experiments showed out-domain model had low feature cov-
erage on in-domain data. In the 2918721 features extracted
from Genia, only 860911 were covered by WSJ model. To
verify whether this is related to the performances drop, we
built both models on the intersection features of in-domain
and out-domain models. Results showed that after eliminat-
ing the difference of feature coverages, out-domain model
(84.63%) still performs much worse than in-domain model
(89.15%).

Furthermore, since features with different signs are usu-
ally considered as major source of ambiguity, we also built
a general feature set to verify their influence. Features with
different signs were deleted from the intersection and those
with same signs in both in-domain and out-domain models
left. Two models were re-trained on this general feature set.
Performance of the new in-domain model had a small drop
(0.58%) to 89.00%, while that of out-domain model rose 1.31
percent to 85.94% by only deleting features with different
signs.

We achieved three conclusions from this analysis: (1)
domain-specific features do not contribute much to the high
performance of in-domain models (since the performance
drop caused by those features is trivial compared to still no-
table drop between performances of new in-domain and out-
domain models); (2) removing ambiguous features with dif-
ferent sign can improve performance of out-domain model;
(3) for different domains, different behaviors (i.e. weights) of
the same feature may play a more important role than feature
coverage, which are also the source of ambiguity.

2.5 Analyses of different behaviors of features
between domains

Above experiments showed that word and feature coverages
did not account for grammatical differences cross-domain.
Instead, ambiguous features, weighted differently in differ-
ent domains, are the crucial factor. In this section, a method
is proposed to evaluate ambiguities of features between dif-
ferent domains. Further more, we will show that ambiguous
features, which are the manifestations of domain differences,
concentrate on a small subset with patterns and are related
to underestimated gold arcs in target domain. The analyses
directly lead to our design of DA algorithm in Section 3.

For intersection features in both WSJ and Genia corpus,
significant tests were performed to see whether they behave
differently cross-domain. Features behave significantly dif-
ferently are those ambiguous features we want. For each fea-
ture, the conditional probabilities are defined:

p(y = 1|f) = c(y = 1, f)

c(f)
+ λ · c(y = 1)

N
(1)

c(y, f) is the count of co-occurrences of feature f and la-
bel y, where y = 1 means f appears on an arc and y = 0
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otherwise. The proportion of arcs in all pair of words is in-
terpolated for smoothing, where the parameter λ was set to
0.0001 in the experiments.

Z-tests were performed to test the differences of condi-
tional probabilities between same features from two mod-
els. Since p(y|f) is a Bernoulli distribution, its mean value
µi is p(y = 1|f), and the variance can be computed as
p(y = 1|f)(1 − p(y = 1|f)). Results showed that about
16.35% of the intersection features behaved significantly dif-
ferently with p < 0.01. We also randomly splited WSJ into
two non-intersect parts (WSJ & WSJ) for comparison. Com-
pared with WSJ & WSJ, ambiguous features cross-domain
are much more for each level of significance test.

Significance (p < α)
α = 0.01 0.005 0.001

Genia & WSJ 140798 120692 95838
WSJ & WSJ 37122 26843 19912

Table 2: Z-test for feature behavior difference cross-domain
and in-domain

We also illustrate the concentration of ambiguous features
by comparing scores of gold arcs from test data given by out-
domain model. Gold arcs with low scores, which are mainly
caused by ambiguous features, may not be selected and hence
lead to mistakes. For each arc between a word w and its head
h, we first define normalized score (probability) as p(h|w) =
es(w,h)/

∑
h′εW\w e

s(w,h′), where s(w, h) is the score of arc
and W is the set of all words in the sentence.

Figure 1 illustrates the numbers of gold arcs with differ-
ent probabilities assigned by the out-domain and in-domain
models. Most errors of out-domain model are concentrated
(e.g. with probabilities less than 0.05). This implies that
features behaving differently cross-domain appear mostly on
these abnormally underestimated arcs. Meanwhile, these arcs
also contains more ambiguous features. Thus, if ambiguous
features on those arcs can be detected and re-weighted, those
mistakes can be corrected.

Figure 1: Probabilities of gold arcs assigned by different
models

Above errors of arcs fall into some common types. Most
errors are related to noun phrases and coordination structures

DNA and RNA samples peripheral blood mononuclear cells

DNA and RNA samples peripheral blood mononuclear cells
(b) noun phrases(a) coordination structures

ROOT Result : we have ... have similar ( inhibitory ) effects

ROOT Result : we have ... have similar ( inhibitory ) effects
(c) root of uncompleted sentences (d) brackets

J ( ... J )
(e)

( ... J ) N
(f)

Figure 2: Unreliable arcs outputted by WSJ model

(Figure 2(a) and 2(b)), which mainly originate from the anno-
tation standards of Genia corpus [Tateisi et al., 2005]. Genre
differences also cause many errors, e.g. errors in finding roots
of incomplete Genia sentences as in Figure 2(c), where the
WSJ model tends to label verbs as roots rather than nouns.
Another example is the type of errors caused by frequently
appearing brackets in Genia corpus as in Figure 2(d), where
the word ‘inhibitory’ modifies the word ‘similar’ as an expla-
nation, instead of directly modifying ‘effects’. Figure 2(e)
and 2(f) list the corresponding ambiguous features. WSJ
model tends to give higher weight to feature 2(f) and lower
weight to feature 2(e), while Genia model does in the oppo-
site way.

Additionally, we consider two reasons for error occur-
rences: gold arc given a low score as well as another arc mis-
takenly scored higher. For each error, we count the numbers
of ambiguous features appearing in both incorrectly labeled
arc (overestimated) and gold one (underestimated). Interest-
ingly, results showed that the numbers of ambiguous features
are close for both over and underestimated arcs. For example
when α = 0.001, the numbers are 42.99 and 41.09 accord-
ingly. This observation suggests that the gold arcs ignored
by the out-domain model also contain important information
about ambiguous features. So during re-weighting of am-
biguous features, the algorithm should be able to learn from
both types of arcs.

3 Proposed Method
3.1 Learning Domain Differences for Parser

Adaptation
A common DA method is to use predictions of out-domain
model as a new feature. In dependency parsing, this cor-
responds to adding a new feature, which indicates whether
the arc is selected by the out-domain model, when scoring an
arc. The underlying assumption is that the outputs of out-
domain model are correct most of the time. However, as
shown in Section 2.5, some ambiguous features behave dif-
ferently cross-domain. Therefore, if an arc predicted by out-
domain model contains some ambiguous features, it should
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be less reliable and should not be fully trusted.
Trying to utilize such information, we not only added a

unique feature indicating the outputs of out-domain, but also
added conjunctions between the outputs and original features
as new features so as to distinguish the ambiguities of origi-
nal features. In this way the outputs of out-domain model are
treated differently. If they contain ambiguous features, their
confidences will decrease. Since we do not know exactly
which features are ambiguous, our method learns this from
the errors made by out-domain model on in-domain train-
ing data. Intuitively, when an error is made by out-domain
model, the associated features are most likely to be ambigu-
ous. Based on the discussion in the end of Section 2.5, fea-
tures related to underestimated gold arcs are also more likely
to be ambiguous. To detect ambiguous features, we con-
sider both types of arcs and add the second and third terms
in Eq.(2).

score(T |S, TO)=
∑
e∈T

(∑
f∈F

λf ·f(e)+δ(e∈TO)
∑

f∈F&count(f)>1

ϕf ·f(e)

+δ(e /∈TO)
∑

f∈F&count(f)>1

θf ·f(e)+µ ·δ(e∈TO)
)

(2)
Here TO is the dependency tree predicted by out-domain

model, e stands for a possible arc and δ(x) is indicator func-
tion. f(e) means feature f is observed on e. The first item in
the summation is the same score function with the feature set
F as in [McDonald et al., 2005]. The second (third) term cor-
responds to additional score of e when the out-domain model
infers e does (not) exist. Only “frequent features”, which are
from F and appear more than once on gold trees, are calcu-
lated. λ, ϕ, θ and µ are weights of features. Intuitively, take
the second term as an example. When ϕf is low, it reflects
the existence of edge e predicted by out-domain model is not
trustworthy, since e contains ambiguous feature f . The last
item stands for the overall confidence when the arc is out-
putted by out-domain model.

We still take Figure 2 as an example to show how the
method works. During training by MIRA, since gold arc
2(d) from “inhibitory” to “similar” is incorrectly not selected
by out-domain model, features associated with gold arc, like
2(e), will get their weights in the third term be increased,
to encourage selecting un-chosen arcs by out-domain model
with those features. Meanwhile, features comprising the mis-
takenly chosen arc in TO by out-domain output, for instance
2(d), will be punished, by decreasing their weights in the sec-
ond term. All the mechanisms together will make the model
score the overestimated arc in 2(d) lower and the underes-
timated gold arc in 2(d) higher. Through the training, our
method could automatically detect which types of arcs in TO
are unreliable by re-weighting features associated with them.

Our method is similar to that in [McDonald and Nivre,
2011], in which whether an arc was outputted by another
model is used as a feature for parser combination. How-
ever their method treats all features equally, while our method
distinguish them by the second and third terms in Eq.(2).
Our method is also different from most DA methods as dis-
cussed in the last paragraph of Section 2.5. We add features

in the third term to capture ambiguous feature on underesti-
mated gold arcs, while existing methods just extract features
from output arcs but neglect the underestimated gold arcs that
should be chosen.

There are two reasons for our method to work well on small
in-domain data. First, only frequent features are used in the
second and third terms, because domain differences are usu-
ally related to more common types of ambiguous features as
discussed in Section 2.5. So our method can be seen as ad-
justing weights of a constrained feature set, which could be
done on just a small dataset. Second, since out-domain model
has an acceptable accuracy on in-domain data and the adapted
parser is consistent with out-domain parser most of the time,
actually only a small set of ambiguous features should have
their weights adjusted. So the method can benefit from large
out-domain data while take advantage of fewer in-domain
data.

3.2 Domain Adaptation from multi-domain
models

Our proposed DA method can be easily extended to use mod-
els from multi-domains to enhance the in-domain parser. For-
mula (2) is extended as following:

score(T |S, {TOi
})=

∑
e∈T

(∑
f∈F

λf ·f(e)

+
∑
i

δ(e∈TOi
)
∑

f∈F&count(f)>1

ϕif ·f(e)

+
∑
i

δ(e /∈TOi
)
∑

f∈F&count(f)>1

θif ·f(e)

+
∑
i

µi ·δ(e∈TOi
)

)
(3)

Here TOi
is the dependency tree predicted by the model

from the ith out-domain. Features associated with different
domains have different weights ϕi, θi and µi.

4 Experiments
4.1 Overall Results on Adaptation from WSJ to

Genia
To compare with our proposed method, we ran three base-
line methods: training the parser on out-domain data only
(Out-domain), on in-domain data only (In-domain) and on the
combination of both in-domain and out-domain data (Combi-
nation). The results of the method proposed in [McDonald
and Nivre, 2011] (McDonald) was also showed in the fig-
ure. Although their method was proposed for combination of
parsers, we made it a DA method which combines the outputs
of out-domain parser with in-domain parser. Same settings
with Section 2.1 are used. Performances of these methods are
plotted in Figure 3.

The proposed method outperforms the others in most cases.
It significantly improved the performances against both in-
domain (> 1.5%) and combination (> 1%) method on
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Figure 3: Performances of different methods

small in-domain dataset with size between 500 and 2000.
Our method also outperforms the method of [McDonald and
Nivre, 2011]. When the number of in-domain sentences is
less than 500, our method utilizes more information from out-
domain parser. With the increase of in-domain data, the in-
troduced features could be better trained under our method.
Until the system benefits more from sufficient in-domain data
than out-domain parser where DA is no more necessary, the
in-domain model starts to get similar scores to those of DA
methods. Besides, analysis in Section 2 together with above
results show the necessity of certain amount of in-domain
labeled data, since the main domain differences lay on the
inconsistent conditional probabilities of same features. This
also agrees with the conclusion of [Dredze et al., 2007].

Our method well suits the task of DA, where few in-domain
data is available. For example our method achieved similar
performance to the best result of in-domain model but with
only 1/7 of in-domain data when 2000 in-domain sentences
were used. One of the reason is the existence of some general
domain differences which can be utilized even when the in-
domain data set is small, as discussed in Section 2.5. Among
all the errors made by WSJ model, 1932 can be corrected
by in-domain model trained on only 2000 sentences of Ge-
nia corpus, leading to a potential performance improvement
of 5.42% on UAS of out-domain model. While Performance
further increases 6.67% when trained on all 14326 sentences.
This shows the small in-domain data has comparable infor-
mation to the much larger data for correcting the out-domain
model. And the proposed method can untilize such informa-
tion very well.

4.2 Performance on Question bank
To show the generalization strength of the method, we also
conducted experiments on Question Bank [Judge et al.,
2006]. As in [Petrov et al., 2010], the first 2000 sentences
were for training and the last 1000 for test. Our method got
1.7% improvement on UAS when gold POS tags were used.

Meanwhile, our methods can be easily modified for domain

adaptation of POS-taggers. So we also applied our method
on DA of POS-tagging by replacing score function in Eq.(2)
with that of POS-tagging. In this way, we can deal with both
the two types of domain differences as described in Section
2.2. We carried out experiments where POS-tags were au-
tomatically labeled and adapted to target domain. In Table
3, adapted tagger greatly improved both POS tag and UAS
performances against the taggers trained on either in-domain
or out-domain data. When the tagger and parser were both
adapted, there was an improvement of 3.12% against the best
performance when no adaptation was taken.

Methods UAS(%) POS(%)
Auto

POS-tag
In-domain 88.04 90.05

Out-domain 83.26 87.12

Adapted
POS-tag

In-domain 89.74 92.94
Out-domain 87.97 92.94

Parser Adapted 91.16 92.94

Gold
POS-tag

In-domain 92.39 100
Out-domain 91.43 100

Parser Adapted 94.09 100

Table 3: Performances on Question Bank

4.3 Results on DA from multi-domain models
As proposed in Section 3.2, our DA method can be extended
to further benefit from multi-domain models. To show the
potential of performance improvement by adding more avail-
able out-domain models, in addition to WSJ model, we also
add Genia model into the DA system in the way described by
Eq.(3).

The results of adaptation to Question Bank with the help of
both WSJ and Genia models are listed in Table 4. Note that
Genia and Question Bank do not share much similarities, due
to the lack of questions in Genia. Even so, when automatic
tags are used, using multi-domain models still yielded an im-
provement of about 0.5% against using WSJ only. This shows
Genia corpus could help to reduce errors accumulated in the
pipeline of dependency parsing. We believe that if more cor-
pora, especially those from more related domains, are avail-
able, the framework described in Eq.(3) will achieve further
improvements.

Methods Baseline Adapted

Auto
Tag

WSJ model 83.26 91.16
Genia model 73.97 86.84

Genia+WSJ model - 91.61

Gold
Tag

WSJ model 91.43 94.09
Genia model 86.07 92.96

Genia+WSJ model - 94.12

Table 4: Results of Adapting from Multi-domains

4.4 Results on CoNLL-07 Domain Adaptation
Track

In CoNLL-07 shared task, there was a track on DA of de-
pendency parser [Nivre et al., 2007]. The goal is to adapt
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WSJ parsers to a test set of chemical abstracts denoted as
PchemTB. According to [Dredze et al., 2007], no system had
succeeded in this task since their system without any adap-
tation scored in the 2nd place and the system ranked in the
1st place was only 0.04% higher than theirs. Especially, their
attempts for domain adaptation did not improve the system
with no adaptation either.

The shared task also provided 200 labeled sentences from
biomedical abstracts as a development set, which is suppos-
edly more similar to PchemTB. Since both the development
set and the test set are from the PennBioIE[Kulick et al.,
2004] project, we believe that the grammatical gap between
the two data sets is smaller than that between the training set
and the test set. So we employed our adaptation algorithm to
this task to see if there is any space for improvement when
the development set of 200 sentences are used as in-domain
data to bridge the gap between source and target domains.

We tried to reproduce the results of [Dredze et al., 2007]
with no adaptation but only found their published MSTParser
with a slightly better version. So the reproduced baseline
is higher (0.06%) than theirs. Although base on this bet-
ter parser, our adaptation can still achieved 0.38% improve-
ment on the reproduced baseline. The best performance of
the newest published MSTParser is also listed in Table 5.
Our method could improve it by 0.3%. The develop set with
only 200 sentences is too small to capture enough in-domain
knowledge and therefore limit the maximum improvement
one can ever achieve. This is one possible reason why the
best MSTparser improved less than reproduced one.

For comparison between existing DA approaches, we also
re-implemented the method in [McDonald and Nivre, 2011]
and the EasyDA method proposed in [Daumé, 2007] on the
same task. Our method out-performed all participants’ unsu-
pervised DA and other supervised DA results, with the same
resources as the “closed-track” provided. This results proved
that our method indeed could well utilize small in-domain
data. From the results, the method in [McDonald and Nivre,
2011] only slightly improve the performance, which is con-
sistent with the conclusion in Section 4.1 that our method has
advantages to theirs when the in-domain labeld set is small.

Method Baseline
(UAS)

Adaptation
(UAS)

Proposed method
(based on best mstparser) 83.66 83.96

EasyDA
(based on best mstparser) 83.66 83.34

McDonald
(based on best mstparser) 83.66 83.68

Proposed method
(based on reproduced mstparser) 83.44 83.82

Dredze et al.
(2nd in CoNLL07) 83.38 83.38

Sagae & Tsujii
(1st in CoNLL07) - 83.42

Table 5: Performances of Proposed Method on CoNLL07
Domain Adaptation Track

5 Conclusion and perspectives
In this paper, a DA method is proposed to better benefit from
out-domain model’s predictions by learning what kinds of
features are ambiguous. The method improved the perfor-
mances significantly.

The method can be improved from different perspectives
in the future. Firstly, sparse constrains can be introduced
to the algorithm and extra unlabeled in-domain data can be
made use of, in order to avoid overfitting and get better gen-
eration strength. At the same time, since the results showed
that adaptation from multi-domains may achieve better re-
sults than from a single out-domain, we plan to better explore
information from multi-domains based on their similarities to
the target domain.
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