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a b s t r a c t
We propose a novel natural language processing task, ReliAble dependency arc recognition (RADAR),
which helps high-level applications better utilize the dependency parse trees. We model RADAR as a binary classiﬁcation problem with imbalanced data, which classiﬁes each dependency parsing arc as correct
or incorrect. A logistic regression classiﬁer with appropriate features is trained to recognize reliable
dependency arcs (correct with high precision). Experimental results show that the classiﬁcation method
can outperform a probabilistic baseline method, which is calculated by the original graph-based dependency parser.
Ó 2013 Elsevier Ltd. All rights reserved.

1. Introduction
As a fundamental task of natural language processing, dependency parsing has become increasingly popular in recent years. It
aims to ﬁnd a dependency parse tree among words for a sentence.
Fig. 1 shows an example of dependency parse tree for a sentence,
where sbj is a subject, obj is an object, etc. (Johansson & Nugues,
2007). Dependency parsing are widely used: in biomedical text
mining (Kim, Ohta, Pyysalo, Kano, & Tsujii, 2009), as well as in textual entailment (Androutsopoulos & Malakasiotis, 2010), information extraction (Wu & Weld, 2010; Banko, Cafarella, Soderland,
Broadhead, & Etzioni, 2007) and sentiment analysis (Meena & Prabhakar, 2007).
The performance of dependency parsing has increased recently
(Kübler, McDonald, & Nivre, 2009). However, when we migrate
dependency parsing systems from laboratory demonstrations to
high-level applications, even the best parser available today still
encounter some serious difﬁculties.
First of all, parsing performance usually dramatically degrades
in real ﬁelds because of domain migration. Secondly, since every
parser inevitably will make some mistakes during decoding, outputs from any dependency parser are always fraught with a variety
of errors. Thus, in some high-level applications which expect to use
correct parsing results, it is extremely important to be able to predict the reliability of the auto-parsed results. If these applications
just use correct parsing results and ignore incorrect results, their
performances may be improved further. For instance, if an entity
relation extraction (a kind of information extraction) system,
which depends on parsing results heavily (Zhang, Zhang, Su, &
Zhou, 2006), only extracts relations from correct parsing sentences,
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then the system can extract more accurate relations and import
less wrong relations through incorrect parsing results. Although
some implied relations in those incorrect parsing sentences are
missed, these missing relations may be extracted from other sentences that can be parsed correctly while zooming in the data to
the whole Web.
Most large-margin based training algorithm for dependency
parsing output models that predict a single parse tree of the input sentence, with no additional conﬁdence information about
the correctness of it. Therefore, an interesting problem is how
to judge a parsing result as correct or not. However, it is difﬁcult
to obtain a parse tree in which all sub-structures are parsed correctly. CoNLL 2009 Shared Task results show that only about 40%
English and 35% Chinese sentences can be parsed complete correctly (Hajič et al., 2009b). Some previous studies have addressed the problem to recognize reliable parsing results
(Reichart & Rappoport, 2007; Dell’Orletta & Venturi, 2011; Kawahara & Kurohashi, 2010; Ravi, Knight, & Soricut, 2008). A parsing
result is reliable when, the result is correct with high precision.
However, all these studies focus on judging if the parsing results
of a whole sentence are reliable or not, which can cause the following problems:
1. The reliable parsing results may still include some wrong parsing sub-structures. Different applications need different key
sub-structures, such as backbone structures that are keys for
semantic role labeling (Gildea & Jurafsky, 2002) and branch
structures are important for multiword expression (Sag, Baldwin, Bond, Copestake, & Flickinger, 2002). If these key substructures are parsed incorrectly, even though the whole sentence is parsed with a high reliability, the tiny errors will be still
harmful to these given applications. This problem results in a
low precision.
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Fig. 1. An example of dependency parse tree.

2. The unreliable parsing results may include some useful substructures but should not be discarded totally. For instance,
extracting entity relations is possible if the parse tree path is
correct between two entities despite other parts of the sentence
being incorrectly parsed. Discarding unreliable parsing sentences can result in a low recall.
Therefore, dependency arcs, novel reliability measuring objects
for dependency parsing are proposed. A reliable dependency happens when a word can ﬁnd its parent and label the dependency
relation between them correctly with high precision. Once all reliable dependency arcs in a sentence are found, the corresponding
parse paths or sub-trees from them can be mapped out. These reliable sub-structures can be used according to the needs of different
applications. In paying attention to reliable parts and ignoring
unreliable ones in a sentence, the precision of applications can be
improved. Meanwhile, when the number of reliable sub-structures
is more than that extracted from reliable whole sentences, higher
recall can be obtained.
The problem of ReliAble Dependency Arc Recognition (RADAR)
can be regarded a binary classiﬁcation problem. The positive examples are the correctly predicted arcs and the others are the negative
examples. Thus, the problem can be converted to ﬁnd appropriate
classiﬁers and proper features. Different from normal binary classiﬁcation problems, the data are not balanced for RADAR. For the
state-of-the-art dependency parser, the LAS (Labeled Attachment
Score) can achieve about 80% in Chinese data set and 90% in English data set (Hajič et al., 2009b), which means that the ratio of
the number of correct dependency arcs to the number of incorrect
dependency arcs is 4:1 for Chinese and 9:1 for English. Aside from
learning from the imbalanced data, how to evaluate RADAR is another issue. The normal evaluation methods based on accuracy are
not suitable for the problem. If an incorrect dependency arc is recognized as a correct arc, the cost is larger than the opposite scenario. In addition, the classiﬁcation accuracy would not be a
suitable evaluation metric in an imbalanced scenario. Therefore,
there is a need to ﬁnd more appropriate evaluation criteria.
The rest of the present paper is organized as follows. Section 2
presents related work. Section 3 describes the proposed method.
Section 4 discusses the present experimental setting and results.
We conclude and set the direction of the future work in Sections
5 and 6 respectively.
2. Related work
To the best of our knowledge, Yates, Schoenmackers, and Etzioni (2006) was the ﬁrst work to address explicitly the parsing reliability recognition problem. They detected erroneous parses using
web-based semantics. In addition, an ensemble method based on
different parsers trained on different data sampled from a training
corpus to select high quality parsing results was proposed as well
(Reichart & Rappoport, 2007). Dell’Orletta and Venturi (2011) was
another study that detect reliable dependency parses with some
heuristic features. Kawahara and Uchimoto (2008) classiﬁed sentences into two classes, reliable and unreliable, with a binary classiﬁer. Ravi et al. (2008) predicted the accuracy of a parser on sets of

sentence by ﬁtting a real accuracy curve with linear regression
algorithm.1 However, all these works focused on recognizing reliable
parsing results of whole sentences and caused corresponding problems for some applications as discussed in Section 1.
Although the parsing reliability recognition of whole sentences
can be used in Active Learning (Settles, 2010) or Semi/Un-supervised Learning (Goldwasser, Reichart, Clarke, & Roth, 2011), recognizing sub-structures reliability is also useful. For instance, some
studies (van Noord, 2007; Chen, Kawahara, Uchimoto, & Zhang,
2008, 2009) used sub-trees or word pairs extracted from a large
auto-parsed corpus to help the dependency parser. However, the
conﬁdence of a sub-tree or a word pair is only expressed by its
count that appears in the corpus. Therefore, their methods may
be biased toward frequently appearing sub-trees or word pairs,
which may be incorrect, and penalizes the sparse but correct ones.
The studies most relevant to ours are done by Atserias, Attardi,
Simi, and Zaragoza (2010) and Avihai Mejer (2012). They both reported the similar problem with ours. Atserias et al. (2010) shows
how to use the probability scores that a transition-based parser
normally computes, in order to assigning a conﬁdence score to
parse trees. They assign such score to each arc and the active learning application uses the worst. Another independent work done by
Avihai Mejer (2012) describes several methods for estimating the
conﬁdence in the per-edge correctness of a predicted dependency
parse. The best method they conﬁrmed in their study is based on
model re-sampling, which is inefﬁcient. Our work differs in that
we proposed a novel supervised approach which makes use of
additional information as the features for learning models.
3. Method description
This section introduces the dependency parsing model and a
method to estimate the probability of each dependency arc. A binary classiﬁcation method to recognize reliable arcs follows. Besides
a classiﬁer, the classiﬁcation method includes three sorts of features and a process to construct training data.
3.1. Graph-based dependency parsing
Given an input sentence x = w1 . . . wn, a dependency tree is denoted by d ¼ fðh; m; lÞ : 0 6 h 6 n; 0 < m 6 n; l 2 Lg, where (h, m, l)
represents a dependency arc wh ? wm whose head word (or father)
is wh and modiﬁer (or child) is wm with a dependency label l, and L
is the set of all possible dependency relation labels. The artiﬁcial
node w0, which always points to the root of the sentence, is used
to simplify the formalizations.
^ is determined based on x:
Then, an optimal dependency tree d

^ ¼ arg max Scoreðx; dÞ
d
d

Recently, graph-based dependency parsing has gained interest due
to its state-of-the-art performance (Kübler et al., 2009). Graphbased dependency parsing views the problem as ﬁnding the highest
scoring tree from a directed graph. Based on dynamic programming
decoding, it can ﬁnd efﬁciently an optimal tree in a huge search
space. In a graph-based model, the score of a dependency tree is factored into scores of small parts (sub-trees):

Scoreðx; dÞ ¼ w  fðx; dÞ ¼

X

Scoreðx; pÞ

p#d

where f(x, d) refers to the feature vector and w is the corresponding
weight vector, p is a scoring part that contains one or more dependence arcs in the dependency tree d.

1

When the size of a set is 1, the accuracy of a sentence can be predicted.
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The present paper devotes to realize RADAR in graph-based
parsing algorithm. The most intuitive method is to use the probability of a dependency arc to denote its reliability. However, the
graph-based parsing method is based on a discriminative model
but not a generative model, therefore, we only can obtain the score
of each arc (Score(x, p)) but not its accurate probability. To overcome this difﬁculty, a study of Koo, Globerson, Carreras, and Collins
(2007)’s idea is used to estimate the probability of the dependency
arc. Before estimating the arc probability, the probability of a
dependency tree d, which can be obtained by exponentiating and
renormalizing the score Score(x, d), has to be computed:

expðScoreðx; dÞÞ
Pðdjx; MÞ ¼
Zðx; MÞ
X
0
Zðx; MÞ ¼
expðScoreðx; d ÞÞ
d0 2T ðxÞ

where M is the dependence parsing model, and Z(x;M) is a normalization factor. T ðxÞ is the set of all possible parse trees for the
sentence.
Given the conditional distribution P(djx;M), the probability of a
dependency arc (h, m, l) is:

X

Pððh; m; lÞjx; MÞ ¼
0

0

Pðd jx; MÞ
0

d 2T ðxÞ:ðh;m;lÞ2d

Note that both probabilities require a summation over the set T ðxÞ,
which is exponential in sentence size n. For the sake of simplicity,
we used the k-best dependency tree list in place of T ðxÞ, where k
is set to 1000 in the experiments.
3.2. RADAR as binary classiﬁcation
In a dependency parse tree, all dependency arcs are classiﬁed
into two classes: positive (the modiﬁer and head words of an arc
are extracted correctly and the syntactic relation is correct.2) and
negative (otherwise). RADAR can be regarded as a binary classiﬁcation problem naturally. For the classiﬁcation problem, three questions need to be answered: 1. Which classiﬁer is used? 2. What
features are extracted? and 3. How is the training data constructed?
3.2.1. Classiﬁer
The logistic regression classiﬁer (Bishop, 2006) is used in the
experiments. The main reason to select logistic regression is that
it can estimate the probability of each class, which will be used
as the criteria for RADAR later. In addition, logistic regression is fast
for training and effective for predicting. The present study used L2regularized logistic regression, which solves:

arg min
w

nþ
n
X
X
kwk2
T
þ Cþ
logð1 þ eðyi w xi Þ Þ þ C 
logð1
2
fijy ¼þ1g
fijy ¼1g

þ eðyi w

i

Tx

iÞ

i

Þ

where (xi,yi) is the ith training sample and w is the feature weight
vector. C+ and C are the penalties of constraints violation for positive and negative classes respectively, which can be used to handle
the imbalanced data problem. A larger C can be set to prevent the
classiﬁer from tending to recognize incorrect arcs as correct ones
(the majority class).
3.2.2. Features
Besides a classiﬁer algorithm, features are also important for a
classiﬁcation system. To predict whether a dependency arc is cor2
This is equivalent to ﬁnd the correct head word and dependency relation for a
word.

rect or not, we deﬁned three sorts of features. Below is the detail
description of the features and intuitions.
1. Text-based features relate only to the original text of a
sentence.
 The length of a sentence: Longer sentences are harder to be
parsed correctly than shorter sentences. We group the
lengths into three buckets: with a bucket LS (long-sentence)
for length 40+, a single bucket MS (middle-sentence) for 16–
40, and a single bucket SS (short-sentence) for 1–15. The
length thresholds are tuning on the development data.
 Number of unknown words: Words that never appear in the
training set are unknown words. Sentences containing more
unknown words are more unlikely to be parsed correctly.
Since the number of unknown words usually ranges in a
small interval, we didn’t group them info buckets. Therefore,
each number is assigned a single bucket.
Note that the two features indicated above have the same
value over the words in the same sentence.
 Unknown word property: The boolean feature represents
whether a word is an unknown word. The parser performance is worse for an unknown word.
 Current word: wm (current word at position m).
 Bigrams of POS tags: tm1tm (POS tags at position m  1 and
m) and tmtm+1.
 Trigram of POS tag: tm1tmtm+1.
2. Parser-based features are extracted based on parsing results.
 The length of a dependency arc: Number of words between
wm and wh (head word). As with the text-based ‘‘Length of
Sentence’’ feature, we also attempted to group this feature
into buckets. However, it did not help. So we just assign a
single bucket for a single length.
 Word collocation: wmwh (current word at position m and its
head word).
 POS tag collocation: tmth (POS of current word and its head
word).
 Dependency relation: lm (dependency relation label of current word and its head word). We have also considered the
direction of the dependency arc with respect to the word,
but it brings no improvement.
 Combination of POS tag and dependency relation: tmlm.
 The InBetween POS features (form of a POS trigram): tmtbth
(POS of current word, of its parent, and of a word in
between)
 The Surrounding POS features (form of a POS 4-gram): tm1m1tmthth1,tm1tmthth+1, tm+1tmthth1,tm+1tmthth+1.
 Combined features. The combination of some of the features
above can prove very helpful.
3. Comparison among Parsers
 Agreement of different parsers: Intuitively, if two parsers
based on different learning schemes agree on one dependency arc, it will probably be a reliable one. In this paper,
we use a transition-based parser (Nivre, 2006) as the reference parser. If the reference parser products the same labeling (including the head and dependency label) for the
current word with the basic parser, this feature is set TRUE;
otherwise FALSE.
3.3. Training process
In this section, we will introduce how to train a RADAR model.
Fig. 2 shows the training process ﬂow. The core problem is how to
construct a reliable arc training corpus. Here, n-fold validation
method is used. At step , the traditional dependency parsing
training corpus was divided into n folds. At each time, n-1 folds
were selected to train a dependency parser with graph-based mod-
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Fig. 2. The process ﬂow of training a reliable arc classiﬁer.

els. Then the leaving fold was parsed with the parser at step and
the obtained automatic parsing dependency arcs were split into
positive (correct) and negative (incorrect) classes according to
their comparison with the gold parse trees. The above steps were
repeated n times and the RADAR training corpus was constructed
at step . Finally at step , the reliable arc classiﬁer was trained
with the training corpus.

Table 1
Number of sentences and dependency arcs in training, development, and test set and
their corresponding performance.
Lang

Data set

#{sent}

#{arcs}

LAS (%)

Chinese

Train
Dev
Test

55,496
1,500
3,000

1,025,054
29,091
56,786

81.37
81.19
81.43

English

Train
Dev
Test

39,060
1,325
2,389

837,340
29,024
50,291

89.72
88.36
90.03

4. Experiments
4.1. Data set
In order to evaluate the effectiveness of the our approach, we
conducted experiments on both English data and Chinese data.
For English, we used the data of CoNLL 2009 Shared Task: Syntactic Dependency Parsing (Hajič et al., 2009a). However, when
dealing with sentences longer than 60 words, the 1000-best parsing process became extremely slow and memory consumption.
Therefore, we just discard those sentences in our experiments.
For Chinese, we used the Chinese Dependency Treebank (CDT) as
the experimental data set (Liu, Ma, & Li, 2006). CDT consists of
60,000 sentences from the People’s Daily in 1990s. The third and
fourth columns of Table 1 show the numbers of sentences and
dependency arcs (not including the punctuations) in training,
development, and test set respectively.
4.2. Dependency parser and classiﬁer
An open source NLP toolkit, mate-tools,3 was selected as the
dependency parser, which implemented a fast and the state-ofthe-art graph-based dependency model (Bohnet, 2010). We modiﬁed
the source code of mate-tools to output k-best results of each sentence. The probability of each dependency arc was calculated with
the method introduced in Section 3.1. The last column of Table 1
shows the performance of mate-tools on the CoNLL and CDT data
set. Note that the training data are constructed with a fourfold validation as described in Section 3.3 and the LAS of the training data is
the average of these folds. Finally, the parser for the development
and test data was trained on the whole training data. According to
the LAS value as we can see, for English data, the number of positive
examples rates about 8 to 9 times as the number of negative examples, while for Chinese data that is 4 to 5 times, which implies an
imbalance.
The maltparser (Nivre et al., 2007) with default parameter settings was used as the transition-based reference parser to obtain
the Agreement feature.4
The liblinear (Fan, Chang, Hsieh, Wang, & Lin, 2008) was used as
3
4

http://code.google.com/p/mate-tools/.
http://maltparser.org/.

Table 2
The contribution of different sort of features on the development data of CoNLL2009en and CDT.
Lang

Feature sort

AUC-PR (%)

Decrease

Chinese

All Features
–Text-based
–Parser-based
–Comparison

94.89
94.81
93.06
93.90

N/A
0.07%
1.75%
0.99%

English

All Features
–Text-based
–Parser-based
–Comparison

97.97
97.95
97.35
97.73

N/A
0.02%
0.62%
0.24%

Table 3
AUC-PR and AUC-ROC measurements on the test data.
Lang

Chinese
English

Classiﬁcation

Probabilistic

AUC-PR (%)

AUC-ROC (%)

AUC-PR (%)

AUC-ROC (%)

94.65
98.56

81.42
89.29

93.59
97.68

79.38
85.50

the RADAR classiﬁer,5 which implements the L2-regularized logistic
regression algorithm with parameters C+ and C.
4.3. Evaluation method
Accuracy is perhaps the most commonly used evaluation method for a classiﬁcation problem. However, for imbalanced data,
accuracy can yield misleading conclusions. For example, for a binary classiﬁcation problem with a 90:10 class distribution, the Accuracy can easily reach 90% when we simply classify all the samples
to the majority class. In practical applications, it is strongly desired
that the most of used arcs are reliable (high precision). However, if

5

http://www.csie.ntu.edu.tw/cjlin/liblinear/.
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Fig. 3. P@N curves on test data set.

Fig. 4. PR curves on the test data.

studies only care about the precision of reliable arcs, the number of
recognized reliable arcs can be restricted. This situation leads to a
low recall of reliable arcs, which are useless in practical applications. The F measure is another normal evaluation method that
considers precision and recall at the same time. However, it is
not a proper evaluation here either. The same with accuracy as
in the previous example, the minority class has much less impact
on the F score than the majority class.
In practice, the top N most reliable dependency arcs are important. It can be evaluated with another information retrieval evaluation method, P@N. The N is different for different applications. For
instance, for a search engine, the N is set to 10 or 20 usually, because users usually only check those top results. However, in the
RADAR problem, the N should be larger, while it is difﬁcult to ﬁx
the N for different applications.
In case of imbalanced data, ROC curve is usually thought as a
suitable evaluation metric. However, it was suggested that the PR
curves give more informative pictures of the performance of a
learning algorithm (Davis & Goadrich, 2006). Therefore, in the current experiments, the PR curve is used as another evaluation method. In addition, we also calculate the Area Under both the ROC
Curve and PR Curve in order to give a quantitative comparison.
The AUCCalculator-0.2 tool was used to calculate the AUC-PR and
AUC-ROC.6 Larger AUC values indicate better performance.

6

http://mark.goadrich.com/programs/AUC/.

4.4. Contribution of features
To evaluate the contribution of different sorts of features mentioned in Section 3.2.2, we build a classiﬁer with all of these three
sorts of features at ﬁrst. Then, we threw away each sort of features respectively to see the performance decreasing. Once a sort
of thrown features drop down the performance more than another, it indicates that this sort of features is more important than
another. Contributions are evaluated on the development set of
English data and Chinese data respectively. Table 2 shows the results. Note that in order to achieve optimal AUC-PR, the parameters of logistic regression classiﬁer are tuned on the development
data. The ﬁnal settings are C+ = 1 and C = 1.4. Since C > C+, we
can prevent negative examples from being easily recognized into
positive class.
From Table 2, we can see that all of the three sorts of features
are useful for RADAR, because each removed sort of features decrease the performance. Among these three sorts, the parser-based
features contribute the most and text-based features are the least
important. The reason is probably that text-based features do not
look at the full parse tree, they just evaluate the hardness of correctly parsing a sentence or a modiﬁer. However, this is far from
enough to decide the reliability of an arc. At the same time, some
of the text-based features, such as the sentence length and the unknown word number, have the same value for all words in a sentence. As a consequence, they would be less indicative. In
addition, The comparison features are also helpful.
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4.5. Results
Table 3 shows the AUC-PR and AUC-ROC measurements on the
test data. We can see that both for English and Chinese data, the
classiﬁcation method outperforms the probabilistic baseline system. In order to understand the improvement better and more
intuitively, we provide the P@N curve with different N in Fig. 3
and the Precision-Recall (PR) curve in Fig. 4.
We can see in the ﬁgures that, for different Recall/N, the
classiﬁcation method is all better than the probabilistic baseline,
especially when N is small or Recall is low. Based on our analysis, there are two reasons for this. First, the k-best approaching
for estimating the probability of an arc is an approximate one.
It depends very much on the selection of k. Although a 1000best estimation is good enough, it is not ideal. The second factor is that the classiﬁcation method can make use of more extra
information (features) such as parsers’ agreement, as well as
more powerful tools (classiﬁers), which help to defeat the probabilistic method. We would also note that the k-best decoding
in graph-based parsing comes at a high cost in terms of both
memory and time consumption, especially when a large k
(e.g. k = 500,1000. . .) is set. Thus the classiﬁcation approach is
much more efﬁcient and ﬂexible than the probabilistic
approach.

5. Conclusion
This present paper proposes a novel natural language processing task, RADAR (ReliAble Dependency Arc Recognition). The performance of practical applications, such as information extraction
and question answering, has potential to be improved further if
the reliable arcs can be recognized correctly rather than only recognizing reliable parse trees of whole sentences.
We model RADAR as a binary classiﬁcation problem with imbalanced data. Then we can elastically use various features and classiﬁers to achieve better performance. In this paper, we design
three sorts of features to express reliability of arcs. A logistic
regression model with adjustable C parameter was used as the
classiﬁer, which can classify large scale data with high speed and
performance.
Different from normal binary classiﬁcation problem, RADAR
cannot be evaluated with accuracy or F measure because of the
problem of data imbalance. Instead, the P@N curve and PR curve,
together with the use of associated area under the curve (AUCPR, AUC-ROC) evaluate RADAR systems more suitably.
The experimental results show that the classiﬁcation method
with appropriate features can outperform the arc probabilistic
baseline method. In addition, we also evaluated the contributions
of different sorts features.
6. Future work
In the future, the work can be extended in the following ways:
1. The improvement of the performance of RADAR will be in two
aspects, classiﬁer and features. Besides logistic regression, more
classiﬁers can be compared, which should not only have a high
speed and accuracy, but also have output probability. RADAR
also can be regarded as a ranking problem and can use various
learning to rank algorithms. Besides classiﬁcation methods,
more combinatorial features and global features can be combined, such as the reliabilities surrounding the other and current arcs. Hence, it is no longer a simple binary classiﬁcation
model. In addition, another kind of global features counts from
large scale unlabeled data, such as the number of arcs, which
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are parsed automatically or the Google Web 1T n-gram count
information can be used.
2. Apply RADAR to applications, such as entity relation extraction
based on a web corpus. These applications may recognize larger
reliable sub-structures, such as parse paths. However, corresponding reliable arcs cannot be accumulated simply. Thus, recognizing reliable sub-structures becomes an interesting
problem.
3. It would be necessary to apply our approach to transition-based
parser, to check whether it produces similar results.
4. The last future work is domain adaption problem, i.e. how to
adapt the reliability model trained on one domain into another
domain or even open domains. This is also an open question for
natural language processing.
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