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Abstract. A novel word sense disambiguation (WSD) discriminative model is
proposed in this paper to handle long distance sense dependency and multi-reference lexicon dependency (i.e., the sense of a lexicon might depend on several
other non-local lexicons under the same subtree) within the sentence. Many WSD
systems only adopt local context to independently decide the sense of each lexicon in a sentence. However, the sense of a target word actually also depends on
those structure related sense/lexicons that might be far away from it. Therefore,
we propose a supervised approach which integrates structural context (for long
distance sense dependency and multi-reference lexicon dependency) with the local context (for local dependency) to handle the problems mentioned above. As
the result, the sense of each word is decided not only based on the local lexicons,
but also based on various reference sense/lexicons (might be non-local) specified
by all its associated syntactic subtrees. Experimental results show that the proposed approach significantly outperforms other state-of-art WSD systems.

1

Introduction

Word sense disambiguation (WSD) is a process of determining the appropriate sense
of a word in the given context. It is a fundamental task in natural language processing.
Usually, we regard word sense disambiguation as an intermediate step, which could
help high-level applications in NLP, such as machine translation (Carpuat and Wu,
2005; Carpuat and Wu, 2007; Chan et al., 2007), information retrieval (Stokoe et al.,
2003) and content analysis (Berendt and Navigli, 2006). With the help of WSD, it is
expected to get a higher performance in these applications.
Among those proposed WSD systems, supervised approaches have achieved the best
performance (Tratz et al., 2007; Hatori et al., 2009; Zhong and Ng, 2010). And many
of them simply extract some lexicon related features from the local context around the
target word, and then independently train a classifier on those features for each word
(Zhong and Ng, 2010). Therefore, the correlation between the senses of various words
and the long distance dependency specified by the syntactic relation are not considered
by them.
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Fig. 1. sample sentence and its dependency tree structure

Fig.2. The corresponding phrase structure tree

However, the senses of words do have influence on each other, and the non-local
context also affects the sense selection. Furthermore, the dependency should be considered under the syntactic relation between them, as pointed out by Erk and Padó(2008).
Also, the long distance dependency should not be covered by simply adopting a large
context window, as it would involve a lot of irrelevant words and thus introduce considerable noise. What we really want is to only utilize those closely related non-local
words specified by the syntactic structure, not those irrelevant words that are far away
from the target word.
Take the following sentence as an example: “Tom will join the board of the film
company as a nonexecutive director”. The desired sense and the sense incorrectly assigned by Zhong and Ng (2010) of the word “director” in that sentence are listed as
follows.
(a) member of a board of directors (desired sense)
(b) the person who directs the making of a film (wrongly assigned sense)
Figure 1 shows this sentence and its dependency tree structure, and we want to disambiguate the sense of the word “director” (marked in red color), which should be the
sense-(a) illustrated above. After having analyzed this sentence, we found that the most
important word (or the key-context-word) for deciding the sense of “director” is
“board” (in blue color), and other words in this sentence are either less relevant or
irrelevant for deciding its sense. If only the local context is adopted to disambiguate the
senses of “director” in this case (Zhong and Ng, 2010), then we need to use a 17-word
window (centering on the target word “director”) to extract the key word “board”. In

Fig. 3. The Permuted-Lexical-Sequence for the sample sentence in Figure 1.
this way, many noisy irrelevant words (e.g. ”film”, “company”, etc.) would be also involved. As the consequence, it will tag the word “director” with the incorrect sense
“the person who directs the making of a film” because the sense-(b) of “director” usually co-occurs with the phrase “film company”.
To take care of sense dependency, Hatori et al. (2009) had made use of the tree
structure in their model. And they achieved a good precision with a small corpus. However, they merely adopted a simple dependency model in which the sense of each target
word only depends on the sense of its reference-head lexicon. With only one reference
sense, as shown in the dependency tree of Figure 1, the sense of “director” will only
depend on the sense of “join” (as it is the head). As the result, the sense of a head lexicon
(e.g., “director” in Figure 1) will not depend on any other non-local lexicons under the
same subtree. Therefore, multi-reference lexicon dependency (which denotes that the
sense of each word would also depend on its sibling lexicons under the same subtree)
is not taken consideration (i.e., “director” will not be related to “board” in Figure 2).
In addition, they incorporated a large 60-word window which will import many irrelevant words (and involve considerable noisy features).
To handle the problems mentioned above, a novel approach which integrates structural context (which are the head-lexicons of those child-nodes under each associated
syntactic subtree) with local context to disambiguate the word sense is proposed in this
paper. This approach explicitly expresses the structural dependency between various
senses via those associated syntactic subtrees, and let each word have one reference
sense and various sibling reference lexicons under each associated subtree. Since a head
word (e.g., a verb) might be simultaneously involved in several subtrees, it could have
a different set of dependent lexicons under each associated subtree (e.g., a verb will be
the head lexicon under both “VP  VP NP” and “S NP VP” these two subtrees).
Therefore, the sense of a head word would be decided via jointly considering all those
associated lexicons under various syntactic relations.
Furthermore, we slightly modified the head-percolation rules (which specify a specific child-node under each subtree to percolate its head lexicon to the subtree rootnode) to make them fit the WSD task better (e.g., for the PP-phrase “as a nonexecutive
director” in Figure 2, we regard “director”, not “as”, as the head of this PP so that
“director” can be related to “board” under an upper level subtree “VP  VB NP PP”).
In order to investigate the performance of our model, we conduct several experiments on all-words WSD tasks. The results show that our model is significantly better
(in statistical sense) than other state-of-the-art approaches. It thus illustrates that the
proposed structural context cannot be ignored.

2

Proposed Approach

2.1

Generate Permuted-Lexicon-Sequence

Since the dependent words of a head word might scatter around it at either left side or
right side, the search procedure would be quite complicated if we directly proceed the
WSD along the original lexicon sequence from left to right. To have a straightforward
procedure, we first permute the original lexicon sequence to move all the dependent
words of each head word to its right hand side before we conduct a search. After a
Permuted-Lexicon-Sequence is generated, the search can be proceeded strictly from left
to right. The permutation is implemented via two steps described below.
Firstly, we use a parser to process the sentence, and get its phrase structure tree. For
each sub-tree, we specify its first-head-child-node and second-head-child-node according to a few simple pre-specified precedence rules (e.g., VP > NP > PP > MD, if they
co-occur under the same parent node). The dependence between various child-nodes is
specified as follows: (1) Let each non-head-child-node (if it exists) under the sub-tree
depend on both the first-head-child-node and the second-head-child-node (denoted as
first-reference-lexicon and second-reference-lexicon); (2) Let the second-head-childnode depend on the first-head-child-node. Afterwards, we generate its corresponding
Permuted-Lexicon-Sequence by permuting all child-nodes into the order “First-Head <
Second-Head < NonHead” from the left to the right. Furthermore, we move all those
monosemous words under each subtree to the left side of its first-head-child-node (because they will not depend on any other child-nodes under the subtree, as each of them
has only one sense under WordNet (WSD is thus not necessary)). Afterwards, we perform the decoding process on this Permuted-Lexical-Sequence from left to right.
To illustrate the permutation procedure, Figure 2 shows the associated phrase structure tree (with the head-child-nodes marked) of the sentence given at Figure 1. After
having marked the head-child-nodes of each sub-tree, we can extract the associated
structural context of the lexicon “director” via following 4 steps.
Step 1: Regard the terminal-node “director” as the first-head-child-node of the subtree “NN  director”, and it will be the head-lexicon of NN.
Step 2: As “JJ” and “NN” are the second-head-child-node and the first-head-childnode, respectively, of the sub-tree “NP  DT JJ NN”, “director” will be further percolated to the sub-tree root-node “NP”. Also, the head-lexicon of “JJ”
(i.e., the word “nonexecutive”) will depend on the word “director” (which is
the head-lexicon of “NN”). Besides, as “DT” in this sub-tree is a non-headchild-node, its head-lexicon (i.e., the word “a”) will depend on both “nonexecutive” and “director” which are the head-lexicons of “NN” and “JJ”, respectively (called as the first-reference-lexicon and the second-reference-lexicon).
Since NN is the first-head-child-node under “NP  DT JJ NN”, we will continuously traverse to its parent subtree “PP  IN NP”.
Step 3:. In the subtree “PP  IN NP”, “IN” and “NP” are the second-head-child-node
and the first-head-child-node, respectively. The head lexicon of “IN” (i.e., the
word “as”) will depend on the head lexicon of “NP” (i.e., the word “director”).

As “NP” is the first-head-child-node under “PP  IN NP”, we traverse again
to its parent subtree “VP  VB NP PP”.
Step 4: In the subtree “VP  VB NP PP”, “VB” and “NP” are the first-head-childnode and the second-head-child-node, respectively. As “PP” is a non-headchild-node, the head lexicon of it (i.e., the target word “director”) will depend
on both the head-lexicons of “VB” and “NP” (the first-reference-lexicon and
second-reference-lexicon of this subtree). Besides, the second-reference-lexicon (i.e., the word “board”) also depends on the first-reference-lexicon (i.e.,
the word “join”). As “PP” is not the first-head-child-node of current subtree,
the traversing procedure stops; otherwise, we will keep going until we reach
the root of the whole tree.
Based on the method described above, we can find the dependency relationship between various terminal nodes of the parse tree in Figure 2. Figure 3 shows the associated Permuted-Lexicon-Sequence of that sentence, in which the black arc denotes the
first reference dependency and the red arc denotes the second reference dependency.
2.2

Proposed Model

The task of WSD is to determine the correct senses of words in the given context. Given
a sentence snt, let 𝑤1𝑚 denote the sequence of words (𝑤1 , 𝑤2 , … , 𝑤𝑚 ) within the sentence to be assigned their senses, and 𝑠1𝑚 denote the corresponding sense sequence for
𝑤1𝑚 , then the word sense disambiguation problem can be formulated as:
ŝm
𝑃(𝑠1𝑚 |𝑤1𝑚 , 𝑠𝑛𝑡), where m is the number of words to be assigned senses,1.
1 =arg 𝑚𝑎𝑥
𝑚
𝑠1

In the discriminative model adopted by Zhong and Ng (2010), the above
𝑃(𝑠1𝑚 |𝑤1𝑚 , 𝑠𝑛𝑡) is derived as follows.
𝑚

𝑃(𝑠1𝑚 |𝑤1𝑚 , 𝑠𝑛𝑡)

=

∏ 𝑃(𝑠𝑖 |𝑠1𝑖−1 , 𝑤1𝑚 , 𝑠𝑛𝑡)
𝑖=1

𝑚

≈ ∏ 𝑃(𝑠𝑖 | 𝑤𝑖 , 𝑠𝑛𝑡)

(1)

𝑖=1

However, if the associated parse-tree pt can be given, then 𝑃(𝑠1𝑚 |𝑤1𝑚 , 𝑠𝑛𝑡) will be
re-formulated as:
𝑃(𝑠1𝑚 |𝑤1𝑚 , 𝑠𝑛𝑡) = ∑ 𝑃(𝑠1𝑚 , 𝑝𝑡 | 𝑤1𝑚 , 𝑠𝑛𝑡) ≈ 𝑚𝑎𝑥𝑃𝑡 𝑃(𝑠1𝑚 , 𝑝𝑡 | 𝑤1𝑚 , 𝑠𝑛𝑡)
𝑝𝑡

(2)

Where 𝑃(𝑠1𝑚 , 𝑝𝑡 |𝑤1𝑚 , 𝑠𝑛𝑡) can be further derived as follows.
𝑃(𝑠1𝑚 , 𝑝𝑡 | 𝑤1𝑚 , 𝑠𝑛𝑡) = 𝑃(𝑠1𝑚 |𝑤1𝑚 , 𝑠𝑛𝑡, 𝑝𝑡) × 𝑃(𝑝𝑡 |𝑠𝑛𝑡)

(3)

We will first permute those m lexicons into its corresponding Permuted-LexiconSequence 𝐿𝑋1𝑚 according to the dependency relationship specified by the associated
parse-tree. With 𝐿𝑋1𝑚 specified above, 𝑃(𝑠1𝑚 |𝑤1𝑚 , 𝑠𝑛𝑡, 𝑝𝑡) can be replaced with
𝑃(𝐿𝑋𝑆1𝑚 |𝐿𝑋1𝑚 , 𝑠𝑛𝑡, 𝑝𝑡), where 𝐿𝑋𝑆1𝑚 denotes a specific sense sequence assigned to
𝐿𝑋1𝑚 .
1

Which words should be assigned senses depends on the given task.

It is reasonable to assume that the sense assignment of each lexicon mainly depends
on its local context and its structural context specified by the parse-tree. In the above
formulation, for each permuted lexicon 𝐿𝑋𝑖 in 𝐿𝑋1𝑚 , we will find its original location
in the given sentence (call it <i>), and then extract its associated local context vec<𝑖>+𝐾
tor 𝐶𝐿𝑋i which is a window [𝑤<𝑖>−𝐾
] around 𝑤<𝑖> (which is 𝐿𝑋𝑖 ) with the length
“2K+1” (including 𝑤<𝑖> ). Take the following sentence as an example:
(i)

He works in a bank in the capital of his hometown.

For the word “bank” in this sentence, if we set K to 3, the local context will be the
phrase “works in a bank in the capital”. We will extract the position, POS, word form
and local collocations (specified at (Zhong and Ng, 2010)) of each word from them
(even they are not specified in WordNet). Take the word at the position <-2> (i.e., the
word “in” at the left side) as an example, it is not defined in WordNet as it is not a
content word; however, it still helps our disambiguation task, because it usually cooccurs with the “bank” when its sense is “a building in which the business of banking
transacted”.
Besides the local context, we also extract the structural context sequence of each
lexicon from all its associated syntactic subtrees. Take the target word “director” in
Figure 2 as an example, the procedure of extracting its structural lexicons is described
as follows. In the Step 2 specified in the previous section, it shows that the associated
context words under the sub-tree “NPDT JJ NN” are “a” and “nonexecutive” (the
head lexicons of “DT” and “JJ”). In the Step 3, we get only one associated context word
“as” (the head lexicons of “IN”) under the sub-tree “PP -> IN NP”. Finally, in the Step
4, the associated context words obtained under the sub-tree “VP-> VB NP PP” are
“join” and “board” (the head lexicons of “VB” and “NP”). Those extracted words make
up the structural context sequence “join board as a nonexecutive director”, and we can
see that this sequence includes the key-lexicon “board” for disambiguating the sense
of “director” without importing too many irrelevant words (such as “the”, “of”, “the”,
“film” and “company”, if a large local context window is adopted). We will pack the
lemmas, POSes and collocations of those words in this sequence as the structural-lexicon-dependency feature (denoted as SLX) to improve the performance.
Also, for each permuted lexicon 𝐿𝑋𝑖 , and for each subtree that it is involved, the
first-reference-lexicon and second-reference-lexicon under the subtree will also be
specified according to the procedure mentioned in Section 2.1. For each associated subtree, use the Reference-Sense-Tuple <first-reference-lexicon-sense, second-referencelexicon, associated production-rule> to denote its corresponding structural context. The
associated structure-reference-information for 𝐿𝑋𝑖 (denoted by 𝑅𝑋𝑆𝐼𝑖 ) is then a set of
such tuples derived from all its associated subtrees. Take the word “director” in Figure
2 as an example, its structure-reference-information 𝑅𝑋𝑆𝐼𝑖 will involve three subtrees
(i.e., “NPDT JJ NN”, “PP -> IN NP” and “VP-> VB NP PP”). And the corresponding
tuple for the subtree “VP-> VB NP PP” would be <assigned sense of “join”, “board”,
“VP-> VB NP PP”>.
Assume that the assignment of the lexicon sense 𝐿𝑋𝑆𝑖 (for 𝐿𝑋𝑖 ) only depends on its
local context vector 𝐶𝐿𝑋𝑖 , structural lexicon information 𝑆𝐿𝑋𝑖 and its associated structure-reference-information 𝑅𝑋𝑆𝐼𝑖 . Let 𝑅𝐿𝑋𝐼𝑖 denote the associated set of Reference-

Lexicon-Tuple (which is obtained by replacing the first element “first-reference-lexicon-sense” of the corresponding reference-sense-tuple with “first-reference-lexicon”),
then 𝑅𝑋𝑆𝐼𝑖 can be obtained from 𝑅𝐿𝑋𝐼𝑖 after all associated “first-reference-lexiconsense” are given. Let 𝑡1𝑚 denote the corresponding POS-sequence for 𝐿𝑋1𝑚 , then the
original probability factor 𝑃(𝐿𝑋𝑆1𝑚 |𝐿𝑋1𝑚 , 𝑠𝑛𝑡, 𝑝𝑡) can be derived as follows.
𝑃(𝐿𝑋𝑆1𝑚 |𝐿𝑋1𝑚 , 𝑠𝑛𝑡, 𝑝𝑡)
≈ 𝑃(𝐿𝑋𝑆1𝑚 |𝐿𝑋1𝑚 , 𝑡1𝑚 , 𝐶𝐿𝑋1𝑚 , 𝑆𝐿𝑋1𝑚 , 𝑅𝐿𝑋𝐼1𝑚 )
𝑖−1
≈ ∏𝑚
𝑖=1 𝑃(𝐿𝑋𝑆𝑖 |𝐿𝑋𝑖 , 𝑡𝑖 , 𝐶𝐿𝑋𝑖 , , 𝑆𝐿𝑋𝑖 , 𝐿𝑋𝑆1 , 𝑅𝐿𝑋𝐼𝑖 )
𝑚

(4)

≈ ∏ 𝑃(𝐿𝑋𝑆𝑖 |𝐿𝑋𝑖 , 𝑡𝑖 , 𝐶𝐿𝑋𝑖 , 𝑆𝐿𝑋𝑖 , 𝑅𝑋𝑆𝐼𝑖 )
𝑖=1

To enhance the coverage rate of the test set, we will pool the training samples of
various word-types (i.e., different 𝐿𝑋𝑖 ) together by replacing their LXS and first-reference-lexicon-sense (in the tuple of RLXI) with their corresponding synsets defined in
WordNet 3.1 (i.e., replacing “ 𝑃(𝐿𝑋𝑆𝑖 |𝐿𝑋𝑖 , 𝑡𝑖 , 𝐶𝐿𝑋𝑖 , 𝑆𝐿𝑋𝑖 , 𝑅𝑋𝑆𝐼𝑖 ) ” with
“𝑃(𝑠𝑦𝑛𝑠𝑒𝑡𝑖 |𝑡𝑖 , 𝐶𝐿𝑋𝑖 , 𝑆𝐿𝑋𝑖 , 𝑅𝑋𝑆𝐼𝑖 )” in Eq(4), in which 𝐿𝑋𝑖 has been dropped).

3

Evaluation

3.1

Data Sets

We train various models on Semcor corpus (Miller et al., 1993), and then conduct word
sense disambiguation experiments on the test sets of senseval-2 (Palmer et al., 2001)
and senseval-3 (Snyder et al., 2004). We choose these corpora because they are frequently used in evaluating WSD performance in the literature; and the quality of these
corpora is good (Navigli, 2009).
Semcor corpus is constructed via annotating a subset of the English Brown Corpus
(Kucera and Francis, 1967) with WordNet synsets (Miller et al., 1990; Fellbaum,
1998). It is the largest publicly available sense-tagged corpus. And we select two allwords test sets from Semantic Evaluation (Palmer et al., 2001; Snyder et al., 2004) (i.e.,
senseval-2 and senseval-3) as the test sets. These two testing sets are from WSJ articles
and Brown Corpus.
3.2

Experiments

Experimental Setup.
We first use the Berkeley parser,2 to process the sentences extracted from the Semcor
corpus (Miller et al., 1993) to get the phrase structure trees. As some of the sub-trees
we parsed only have one child node, we will use the approach described in (Su et al.,
1995) to normalize the trees. After this step, all the sub-trees (except the leaf nodes) in
the phrase structure trees will have at least two child nodes.

2
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We then mark the head-child-node for each sub-tree in the phrase structure trees.
The rules that specify which syntactic label in the sub-tree should be the head-childnode are taken from Penn2Malt,3. Afterwards, with the method presented in Section
2.1, we will permute the original sentence into its corresponding Permuted-LexiconSequence. During the permutation, we also extract the structural dependency features
and contextual features described in Section 2.2 from the phrase structure subtrees. We
then use those structural context and local contextual features to train a Maximum Entropy Classifier,4. When a test sentence is encountered, we will first obtain its
Permuted-Lexicon-Sequence, as mentioned above, and then proceed the decoding on
the Permuted-Lexicon-Sequence.
Results and Analysis.
SE2
IMS
Our model

68.75%
69.59%

Rank-1 system ( Palmer et al. 2001)

69.0%

Rank-2 system ( Palmer et al. 2001)

63.6%

MFS

61.9%

Table 1. SE2 all-words task results. The improvement of our
model over the IMS baseline is statistically significant (p<0.05).
SE3
IMS

64.58%

T-CRF ( Hatori et al. 2009)

65.40%

Our model

66.04%

IMS + adapted CW ( Taghipour et al. 2015)

68.20%

PNNL ( Tartz et al. 2007)

67.00%

MFS

62.37%

Table 2. SE3 all-words task results. The improvement of our model
over the IMS baseline is statistically significant (p<0.05).

Table 1 and Table 2 show the performance of our system on senseval-2 and senseval-3
data-sets, respectively. In order to compare with those state-of-the-art systems, we also
add those participants that were ranked within Top-2 in SE2 all-words task into Table
1 and Table 2 (the WordNet Most Frequent Sense “MFS” is also added as the lower
bound). Those official scores are extracted from (Taghipour et al., 2015) and (Tartz et
al., 2007). It should be noted that some systems (except IMS, T-CRF and our model)
use additional training corpus, while we just use the Semcor corpus (Miller et al., 1993)
as our training set. For example, “IMS + adapted CW” ( Taghipour et al. 2015) adopted
additional six parallel corpora and DSO corpus (Ng and Lee, 1996) as the training set,
3
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Feature type

SE2

SE3

Local-context (baseline)
Structural-lexicon-dependency
Structural-sense-dependency

68.75%
63.20%
57.50%

64.58%
63.90%
61.82%

Local-context + structural-lexicon-dependency
Local-context + structural-sense-dependency
Local-context + structural-lexicon + structural-sense

69.04%
69.03%
69.59%

64.73%
65.84%
66.04%

Table 3. The performance for each dependency relation on these two datasets
SE2
POS

adj

noun

verb

adv

#Tokens

404

1065

535

265

IMS
Our model
Diff.

72.03%
72.28%
+0.25%

75.39%
75.96%
+0.57%

46.54%
48.60%
+1.06%

81.89%
82.26%
+0.37%

Table 4. The performance for each POS on SE2 all-words task.

besides, it used three large corpus to train the required word embedding; and “PNNL”
use additional OMWE 1.0 (Chklovski and Mihalcea, 2002) and example sentences in
WordNet as the training corpus. Therefore, their performances cannot be directly compared with that of ours (i.e, only IMS and T-CRF can be directly compared).
From these two tables, we can see that the performance has been improved significantly (p<0.05) over the baseline on both datasets. This shows that the structural context features are very useful for WSD. Table 3 investigates the individual contribution
from each set of those adopted feature sets (i.e., local context features, structural sense
dependency features, and structural lexicon dependency features), which shows that
local context feature is the most effective feature set, but other two feature sets are also
helpful.
Table 3 shows the effect of each feature on these two datasets. When we adopt just
one type of feature, the local context feature is the best. This is because the associated
reference-lexicons are within the local context window about 66% of the time (we got
the ratio of reference lexicons within the local context window are 66.34% and 65.60%
on SE2 and SE3, respectively). However, to further improve the performance, the remaining 34% cases with complex structural dependency should also be taken care. Besides, when we add the structural context features to the model, the improvement on
senseval-3 is better than senseval-2 (In Table 3, when we add these two structural context features, the improvement on SE3 is 1.46% while the improvement on SE2 is just
0.84%). The reason for that is that senseval-3 contains more words whose dependency
relation is complex (As we calculated, the ratio of reference lexicons without local context window on SE3 is bigger than the ratio on SE2).
In Table 4, we present the performance of each POS on Senseval2 all-words task.
From this tables, we find that the influences of structural context on each POS category
are different. The distribution and size of the samples may have an influence on the
results, however, we can still see that it can improve the performance of noun and verb
words significantly. And it also has a little positive influence on adj and adv words.

This is also true for SE3. This phenomenon matches the observation that the long distance dependency and multi-reference dependency usually exist between verb and noun
words, while the adj and adv words frequently only depend on the local context. As the
use of structural lexicon dependency features, we can see the performance of adj and
adv words also improves. In summary, the structural dependency we proposed contributes more to the words with complex dependency relations.

4

Related work

WSD is a well-known topic, and many related papers have been published. Navigli
(2009) had given a good survey of this field. Based on the classification method
adopted, the task of WSD could be divided into (1) Supervised (Tratz et al., 2007; Hatori et al., 2009; Zhong and Ng, 2010; Chen et al., 2014), (2) Unsupervised (Agirre et
al., 2011; Chen et al., 2009), and (3) Semi-supervised (Mihalcea, 2004) approaches.
Among them, the supervised approach gives the best performance so far. As our method
is a supervised method for all-words WSD (Hatori et al., 2009; Zhong and Ng, 2010;
Taghipour and Ng, 2015), we will focus and introduce this kind of approaches in the
following.
Zhong and Ng (2010) proposed a WSD system based on supervised learning, and
achieved state-of-the-art results on several Senseval and Semeval evaluations. They
adopted POS tags, content words and collocations in a 7-word local window as features,
and used a SVM to perform classification. In comparison with our approach, they ignored the structural dependency and did not consider the correlation between various
senses.
On the other hand, Hatori et al. (2009) considered the structural dependency (via a
dependency tree) in addition to the local context mentioned above. They described
these dependencies on the tree-structured conditional random fields. Furthermore, they
incorporated these sense dependencies in combination with various coarse-grained
sense tag sets, which are expected to relieve the data sparseness problem, and enable
their model to work even for words that do not appear in the training data. Their approach was shown to be comparable to those state-of-the-art systems on Senseval datasets. In comparison with our approach, they adopted a large 60-word context window,
which would involve many irrelevant words and thus introduce additional noisy information. Also, each sense only depends on one reference sense in their model, which is
inadequate in many cases.

5

Conclusion

To correctly classify each content word in the sentence, not only local context but also
structural context (which is mainly responsible for handling long distance sense/lexicon dependency) is required. To take the structural context into account without introducing too much additional noisy information, we propose a new approach to describe
various syntactic dependency relations between different words. In this approach, after
parsing a sentence into its phrase structure tree, we mark two head-child-nodes under

each sub-tree. Then we can use these head-child-nodes and syntactic subtrees to describe the long distance dependency and multi-reference dependency (which lets each
target word be capable of depending on several non-local words).
Our contributions include: (1) Proposing a novel model to represent different dependency relations between various senses, which is able to handle the long distance
multi-reference dependency that has not been touched in those previous WSD tasks. (2)
Proposing a way to permute the original lexicon sequence to improve the search efficiency. (3) Showing that the structural dependency relations are useful for distinguish
the senses of words with complex dependency relations.
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