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In this paper we present a hybrid approach for automatic classification of Chinese
unknown verbs. The first method of the hybrid approach utilizes a set of
morphological rules summarized from the training data, i.e. the set of compound
verbs extracted from Sinica corpus, to determine the category of an unknown
compound verb. If the morphological rules are not applicable, then the
instance-based categorization using the k-nearest neighbor method for the
classification is employed. It was observed that some suffix morphemes are
frequently occurred in compound verbs and also uniquely determine the syntactic
categories of the resultant compound verbs. By processing and calculating the
training data, 15 suffix rules with coverage over 2% and category prediction
accuracy higher than 80% were derived. In addition to the above type of
morphological rules, the reduplication rules are also useful for category prediction,
such as some famous Chinese reduplication rules, like “aa” in two characters word,
“aab”, “abb” and “aab” in three characters word etc. For instance, B}, % ~has the
same category as “fg #,” and “{FAF4” has the same category as“J4L.” As a
result, nine reduplication patterns are generated. Experimenting on the training
data, it is found that the overall accuracy of the morphological rule classifier is
91.67% and its coverage is 23.19% only.

Since the coverage of the morphological rule classifier is low, an instance-based
categorization method is employed to taking care the uncovered cases. The
instance-based categorization utilizes similar examples to predict the category of
an unknown verb. The lexical similarity was measured by both the semantic
similarity and syntactic similarity. The semantic similarity between two words is
measured by the semantic distance of their HowNet definitions and the syntactic
similarity is measured by the distance of their syntactic categories. The distance
between two syntactic categories is their cosine measure of their grammatical

feature vectors derived from the Sinica Treebank. The category of an unknown
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verb is predicted as the same as the examples, which are most similar to the
unknown verb according to the above criteria of the similarity. For testing on the
training data, the optimal accuracy of instance-based categorization is 71.05%,
when the similar examples are from unknown verbs and verbs in the dictionary

(known verbs).

Both the morphological rule classifier and the instance-based categorization have
the advantages of not only predicting the syntactic categories of the unknown
words but also recognizing their morphological structures and major semantic
classes. The advantage of the morphological rule classifier is its higher accuracy
and for the instance-based categorization is its higher coverage. However, both of
the methods have their own drawback; the former cannot be applied to most
unknown verbs, but the latter suffers from low accuracy. For open test, 1000
unknown verbs that are unseen in the training process were tested. The accuracy
of the linguistic rule is 87.25%, and the instance-based categorization is 65.04%.
Finally, the overall accuracy of the hybrid approach is 70.80%.
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Sim(Word,ninown, WOordinows) = weight, *Sim(wordbase ynknown, Wordbase; xnown)

+weight,*Sim(wordbase, ynknown, WOrdbases known)

+...

+weight,*Sim(wordbase, unknown, WOrdbase, known)
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Word Sense Disambiguation and Sense-Based NV Event

Frame Identifier

Jia-Lin Tsai’, Wen-Lian Hsu and Jeng-Woei Su

Abstract

Word sense is ambiguous in natural language processing (NLP). This phenomenon
is particularly keen in cases involving noun-verb (NV) word-pairs. This paper
describes a sense-based noun-verb event frame (NVEF) identifier that can be used
to disambiguate word sense in Chinese sentences effectively. A knowledge
representation system (the NVEF-KR tree) for the NVEF sense-pair identifier is
also proposed. We use the word sense of Hownet, which is a Chinese-English
bilingual knowledge-base dictionary.

Our experiment showed that the NVEF identifier was able to achieve 74.8%
accuracy for the test sentences studied based only on NVEF sense-pair knowledge.
By applying the techniques of longest syllabic NVEF-word-pair first and exclusion
word checking, the sense accuracy for the same test sentences could be further
improved to 93.7%. There were four major reasons for the incorrect cases: (1) lack
of a bottomup tagger, (2) lack of non-NVEF knowledge, (3) inadequate word
segmentation, and (4) lack of a multi-NVEF analyzer. If these four problems could

be resolved, the accuracy would reach 98.9%.

The results of this study indicate that NVEF sense-pair knowledge is effective for

word sense disambiguation and is likely to be important for general NLP.

Keywords: word sense disambiguation, event frame, top-down identifier, Hownet

1. Introduction

Word sense disambiguation (WSD) has been a pervasive problem in natural language
processing (NLP) since 1949 [Weaver 1949]. Word sense ambiguity (or lexical ambiguity), is
generally classified into two types: syntactic and semantic ambiguity [Small er al. 1988,
Krovetz et al. 1992]. Syntactic ambiguity is caused by differences in syntactic categories (e.g.

* Institute of Information Science, Academia Sinica, Nankang, Taipei, Taiwan, R.O.C.
E-mail: {tsaijlhsu raycs} @iis.sinica.edu.tw
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“play” can occur as a noun or verb). Semantic ambiguity is caused by homonymy (e.g. “bank”
in “to put money in a bank,” “the bank of a river”) or polysemy (e.g. “face” in “human face,”
“face of a clock”). Although many approaches have been adopted to disambiguate word sense,
algorithms for word sense determination still are not reliable [Krovetz et al. 1992, Resnik et al.
2000]. Human beings usually can disambiguate word sense by using additional information
from the speaker, the writer or the context. When out-of-context (or out-of-sentence)
information is not symbolized and processed in the computer, WSD either becomes very
difficult or, sometimes, impossible. Therefore, it is crucial to investigate what kind of
knowledge is useful for WSD [Krovetz et al. 1992].

According to a study in cognitive science [Choueka et al. 1983], people often disambiguate
word sense using only a few other words in a given context (frequently only one additional
word). Thus, the relationships between one word and others can be effectively used to resolve
ambiguity. Furthermore, from [Small et al. 1988, Krovetz et al. 1992, Resnik et al. 2000],
most ambiguities occur with nouns and verbs, and the object-event (i.e. noun-verb) distinction
is a major ontological division for humans [Carey 1992]. However, no clear data has been
collected to support these claims. These observations motivated us to demonstrate through an
experiment, how noun-verb (NV) relationships can be used to disambiguate word sense in

Chinese sentences.

In this paper, we shall focus on word sense disambiguation involving NV word-pairs since
these are most troublesome. Consider the following sentence: “SIMEE{TELIES (This car
moves well).” In this sentence, we have two possible NV word-pairs, “EE-{TEf (car, move)”
and “EE{T-B¥(auto-shop, move).” It is clear that the permissible NV word-pair is “EE-{TE}
(car, move).” We shall call such a permissible NV word-pair an NV-event frame (NVEF)
word-pair. Using a collection of pre-learned NVEF word-pairs, we can identify the NVEF
word-pair “EE-{TH” from the sentence “iSIHER{TELIES.” The word “EE” in a dictionary
can have three possible senses: ‘ surname’ (noun), ‘ car’ (noun) and ‘turn’ (verb). To resolve
this ambiguity, we can use the pre-defined sense of the NVEF word-pair “BE-fTE§(car,
move)” to determine that the correct sense of the Chinese word “BE” is “car” in the above

Chinese sentence.

In this paper, we shall show that knowledge of NVEF sense-pairs (to be defined in Section 2)
can be effectively used to resolve word sense ambiguity. In the next section, we will propose
an NVEEF sense-pair identifier, which is based on pre-stored knowledge of NVEF sense-pairs.
We use this NVEF sense-pair identifier to identify NVEF word-pairs in an input sentence and
to determine the corresponding word senses. In Section 3, we will present and analyze the
results of a WSD experiment on a set of test sentences using the NVEF sense-pair identifier.

Finally, we will give conclusions and directions for future research in Section 4.
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2. Development of an NVEF Sense-Pair Identifier

We use Hownet [Dong] as our system’ s Chinese machine-readable dictionary (MRD). Hownet
is a Chinese-English bilingual knowledge-base dictionary, which provides knowledge of the
Chinese lexicon, parts-of-speech (POS) and word senses.

2.1 Definition of an NVEF Sense-Pair

The sense of a word is defined as its DEF (concept definition) in Hownet. Table 1 lists three
different senses of the Chinese word “EE (Che/car/turn).” In Hownet, the DEF of a word
consists of its main feature and secondary features. For example, in the DEF “character/3
= surnamel¥¥ humanl A ,ProperNamelE” of the word “EE (Che),” the first item “character/3Z
% is the main feature, and the remaining three items, “surnamelf¥,” “humanlA,” and
“ProperNamelZ&,” are its secondary features. The main feature in Hownet can inherit features
in the hypernym-hyponym hierarchy. There are approximately 1,500 features in Hownet. Each
of these features is called a sememe, which refers to the smallest semantic unit that cannot be
further reduced.

Table 1. Three different senses of the Chinese word “B&(Che/car/turn).”

C.Word* EWord * Part-of-speech Sense (i.e. DEF in Hownet)

I=:) Che Noun characterI3=, surnamelf¥, humanl A , ProperNamelE
=] car Noun LandVehiclelEE
=] turn Verb cutiEI#El

* C.Word refers to a Chinese word; E.-Word refers to an English word

The Hownet dictionary used in this study contains 50,121 Chinese words, among which
there are 29,719 nouns, 16,652 verbs and 16,242 senses (including 9,893 noun-senses and
4440 verb-senses). Table 2 gives the statistics of the number of senses per Chinese word and
the number of Chinese words per sense used in Hownet.

Table 2. Statistics of the number of senses per Chinese word and the number of
Chinese words per sense used in Hownet.

Item * Total Noun Verb
Maximum number of senses per Chinese word 27 14 24
Mean number of senses per Chinese word 1.24 1.14 1.23
Maximum number of Chinese words per sense 374 372 129
Mean number of Chinese words per sense 38 30 4.6

* Similar WordNet statistics can be found in [Voorhees 1993]. (WordNet is a trademark of Princeton

University.)
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Now, take the NV word-pair “E2-fTE§ (car, move)” for example. According to the sense of
the Chinese word “EE (Che/car/turn)” and the sense of the Chinese word “{TEf (move),” the
only permissible NVEF sense-pair for the NV word-pair “ B2 - {T ¥ (car, move)” is
“LandVehiclelEE”-“VehicleGol§f .” We call such a permissible NV sense-pair an NVEF
sense-pair in this paper. Note that an NVEF sense-pair is a class that includes the permissible

word-pair instance *“E5-{T§#(car, move).”

2.2 Knowledge Representation Tree of NVEF Sense-Pairs

A knowledge representation tree (KR-tree) of NVEF sense-pairs is shown in Fig.1. There are
two types of nodes in the KR-tree, namely, function nodes and concept nodes. Concept nodes
refer to words and features in Hownet. Function nodes are used to define the relationships
between their parent and children concept nodes. If a concept node A is the child of another
concept node B, then A is a subclass of B. Following this convention, we can omit the
function node “subclass” (which should exist) between A and B. We can classify the
noun-sense class (FBrIaAE34H) into 15 subclasses according to their main features. They
are “ 5D (bacteria),” “ENEE (animal),” “ AY¥I%E (human),” “1E4P5E (plant),” “ A4
(artifact),” “ KA Y (natural),” “FBF 3 (even),” “FFfHEE (mental),)” “IRRE
(phenomena),” “$HZ4E (shape),” “IHhBEEE (place),” “PIEXE (location),” “HFFEIEE (time),”
“IMZREE (abstract)” and “B{=%H (quantity).” Appendix A gives a sample table of 15 main

features of nouns in each noun-sense subclass.

# @ Root
< @ 00 57 (bacteria)
@ 01 #h¥0E (animal)
@ 01a ' §74E (human)
Q 02 fE2E (plant
el 103 . [ 77 (arbfact)
= & &landVehicle|
=@ F=HE(}: (Major Event)
=& =VehicleGo| &
=- @ Ef| (Word Instance)
@ {TE (move)
@ 58 (move)
=@ JHEEE (Test Sentence)
@ R EREE TR 68 (This car moves well)
=@ ] (Word Instance)
@ = (car)
@ 04 751 (natural)
Figure 1 An illustration of the KR-tree using “AN L)
(artifact)” as an example noun-sense subclass. (The English
words in parentheses are there for explanatory purposes only.)
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Three function nodes are used in the KR-tree as shown in Fig. 1:

(1) Major-Event (EZEEE4): The content of its parent node represents a noun-sense
subclass, and the content of its child node represents a verb-sense subclass. A
noun-sense subclass and a verb-sense subclass linked by a Major-Event function
node is an NVEF subclass sense-pair, such as “&LandVehiclelB8” and “=VehcileGol
B in Fig. 1. To describe various relationships between noun-sense and verb-sense
subclasses, we have designed three subclass sense-symbols, in which “=" means
“exact,” “&” means ‘like,” and “%” means “inclusive.” An example using these
symbols is given below.

Given three senses S;, S, and S; defined by a main feature A and three

secondary features B, C and D, let

S] = A, B, C, D,
S,=A,B,and
S;=A,C,D.

Then, we have that sense S, is in the “=A,B” exact-subclass; senses S; and S,
are in the “&AB” like-subclass; and senses S; S,, and S; are in the “%A”
inclusive-subclass.

(2) Word-Instance (&1jll): The content of its children are the words belonging to the
sense subclass of its parent node. These words are self-learned by the NVEF
sense-pair identifier according to the sentences under the Test-Sentence nodes.

(3) Test-Sentence (R RE): The content of its children is several selected test sentences

in support of its corresponding NVEEF subclass sense-pair.

2.3 Generation of NVEF Sense-Pairs

To speedup the creation of the KR-tree, an example-based algorithm is proposed to generate
the KR-tree semi-automatically. This algorithm is described below.
Step 1. Select a noun-sense, such as “diseasel#&f&,” in Hownet.
Step 2. Collect all Chinese polysyllabic words of the selected noun-sense. (Monosyllabic
words are not considered at this stage.)
Step 3. Select those Chinese un-segmented sentences that include at least one word

collected in Step 2 from the Sinica corpus (which is a Chinese corpus of two

millions words [CKIP 1995]) or other domain specific collections. For example,
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the Chinese sentence “EE4 BB ETAMELAEEM (A doctor’s job is to

prevent a disease and to cure the patient)” is a candidate sentence that includes
the Chinese word “¥&J% (disease).”

Step 4. Find all possible verb-senses from the sentences selected in Step 3 to form all
possible verb-senses for the selected noun-sense. Calculate the frequency for each
verb-sense.

Step 5. Sort all possible different verb-senses according to their corresponding
frequencies from large to small. (See Fig. 2) Determine a cut-off frequency in the
list. Among all verb-senses above the cut-off frequency, manually pick the
permissible ones for the selected noun-sense. Meanwhile, determine their
subclass sense-symbols (i.e. “&,” “%” and “=".)

Step 6. Add these permissible NVEF subclass sense-pairs to the KR-tree.

Note that among the above steps, only step 5 requires human intervention. This step is quite
laborious, but through learning, human involvement can be greatly reduced. Fig. 2 shows the
top 5 possible verb-senses picked by the above algorithm for the noun-sense “diseasel&i&”
collected from 302 sentences in the Sinica corpus. In Fig. 2, the permissible verb-senses for
the noun-sense “disease#&I&" are “curc/B&/&” with a frequency of 24, “Cause AffectfB,
medical/Z&” with one of 23, “Result InZEEE{” with one of 19 and “obstructlfHLE” with one of
14. It is observed that, if the number of sentences collected in Step 3 is greater than 300, then

the top 5 verb-senses will almost always form NVEF sense-pairs with the selected noun-sense.

=R cure/EF S <24

FeBE TS EE Ccure) <19

ﬁ?ﬁ A ¥ (do prevention and cure) <3:=

~ER fE¥E (cure once and for ally =1>

: -HeE ETVE cdtreat and cure) =1=

D % Causesffect R Bt medical |BFF <23
== HE FEEL (affect) <12

[ E-EE RS dinfect) =11

.j HE Resullln|dE BT <19

i % 5 [#FB (caused =<15>

-HE 5 [EF dinitiate) <2>

~EE 8EEF dinduced =1

- EEE ELEY (result ind =1

produce|BisE <15

-HE ZFAE (generate) <13

- BYEE (manufacture) <2>=

= #E obstruct|BE 1k <14>

{ - EE TEES dpreventd =113

IE ﬁfﬂ" A1l Cavoidy =2=

- ﬁ? T FE (intervene) =1>

Figure 2 Top 5 possible verb-senses for creating permissible
NVEF sense subclasses for the noun-sense “diseasel¥&®.”

35583

i
35805004
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2.4 A Primitive NVEF Sense-Pair Identifier

Based on the KR-tree, we shall develop a primitive NVEF sense-pair identifier as follows. For
a given sentence, the algorithm will first identify all NVEF sense-pairs in the KR-tree that
have corresponding NVEF word-pairs in the sentence. It will then arrange these NVEF
sense-pairs and their corresponding NVEF word-pairs into a tree, called a sentence-NVEF tree,
as shown in Fig. 3.

(A 3ingle-NVEF sentence)

+iEEREE/TENEHS (This car moves well)

+--+N1

+--+--+LandVehicle|E

+--+--+-—+E (car)

+--4+V1

+--+-—+VehicleGo| Bl

+--+-—+-—+fT7BI (move) (the longest syllablic word)
+--+-—+-—+BF (move)

(A multi-NVEF sentence)

+2 B AEH (Drive the horses intoc the corral)
+--+N1

+--+--+livestock| &

t--+--+--+%& (horse)

+--+V1

+-—+--+expel | EREE

+-—+-—+-—+3E (drive)

+-—4N2

+-—+--+facilities|z}iE, space| 28], Gfoster | BH&, #livestock | HE
+--+--+-—+EHF (corral)

+--4+V2

+-—+--+GolInto|iEA

+-—t-—-+--+ A (into)

Figure 3 Two sentence-NVEF trees for the input Chinese
sentences (a) “ISIMEE{TERIES ” (a single-NVEF sentence)
and (b) “CEEBANEW” (a multi-NVEF sentence), respectively.

A more formal description of the primitive NVEF sense-pair identifier is given below:
Step 1. Input a sentence.
Step 2. Generate all possible NV word-pairs of the input sentence.
Step 3. Check each NV word-pair got in step 2 to see if its corresponding NV
sense-pairs can be matched to an NVEF subclass sense-pair in the KR-tree. If
matches are found, then use the corresponding noun-senses and verb-senses to

form the permissible NVEF sense-pairs, respectively, for this sentence.
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Step 4. Arrange all permissible NVEF sense-pairs and their corresponding NVEF

word-pairs in a sentence-NVEEF tree.

A system overview of the primitive NVEF sense-pair identifier is given in Fig. 4.

primitive NVEF
sentence sense-pair »| sentence-NVEF tree
identifier

A

y

A

<
%

< KR tree O ( Howneto

T

semi-automatic NVEF
generation

Figure 4 System overview of the primitive NVEF sense-pair
identifier.

2.5 An NVEF Sense-Pair Identifier

In Fig. 3, the correct segmented results of the two Chinese sentences are *i&/8/E8/{TE#/|IE
¥ and “ ¥2/BB/ AN/ZEW,” respectively. The upper part of Fig. 3 is a sentence-NVEF tree with
a single NVEF sense-pair, “LandVehiclelEE”- “VehicleGol§#,” which has two corresponding
NV word-pairs, ie. “E-fTH” and “E-Bf” If we further apply the “longest syllabic
NVEF-word-pair first’ strategy (LS-NVWF), the incorrect NVEF word-pair “EE-§ will be
successfully dropped. Note that the “longest syllabic word first strategy” is an effective
technique for Chinese word segmentation [Chen et al. 1986]. The lower part of Fig. 3 is a
sentence-NVEF tree with two NVEF sense-pairs including “expell§E#2”-“livestock $4&”
(NV word-pair is “BB-#8") and “facilitieszR 8, spacelZEfl], @fosterlfAEE, #livestockl4t
& -“Golnto#EA” (NV word-pair is “ZEHE-A").

Another useful technique is to exclude certain nouns or verbs from the sentence-NVEF tree.
A word with very low frequency as a noun or a verb is treated as a word of exclusion for the
NVEF sense-pair identifier. Take the Chinese word “HJ (of/target)” as an example. Its
frequency as a noun or a verb is only 0.004% (computed according to the Sinica corpus). Thus,
“HY” becomes a word of exclusion. In our experiment, the exclusion word list (EWL) consists
of those words whose frequencies as nouns or verbs are no greater than 5%. When an NVEF
word-pair includes at least one exclusion word, its corresponding NVEF sense-pair is
excluded from the sentence-NVEF tree. This process is called EWL checking. Appendix B
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lists all of the exclusion words used in this experiment.
Thus, our final NVEF sense-pair identifier can be described as follows.

Step 1. Input a sentence.

Step 2. Generate all possible NV word-pairs of the nput sentence. Exclude certain
word-pairs based on EWL checking.

Step 3. Check each NV word-pair to see if its corresponding NV sense-pairs can be
matched to an NVEF subclass sense-pair in the KR-tree. For each NV sense-pair
that matches an NVEF subclass sense-pair in the KR-tree, use it to the set of
permissible NVEF sense-pairs, respectively, for this sentence. Resolve conflicts
using the LS-NVWEF strategy.

Step 4. Arrange all permissible NVEF sense-pairs and their corresponding NVEF

word-pairs in a sentence-NVEEF tree.

A system overview of the NVEF sense-pair identifier is given in Fig. 5.

LS-NVWF & EWL checking

sentence ,| NVEF sense- l » sentence-NVEEF tree
pair identifier

A

<&

{ KR tree O ( Hownet O

T

semi-automatic NVEF
generation

Figure 5 A system overview of the NVEF sense-pair identifier.

To evaluate the WSD performance of the NVEF sense-pair identifier, we will consider a
WSD experiment in the next section.

3. The WSD experiment

Within a sentence, the number of available NVEF sense-pairs is finite. Consider the Chinese
sentence “{SMEE{TREIENS (This car moves well).” Table 3 gives eight possible pairs of
NVEF senses found in this sentence, but there is only one permissible NVEF sense-pair,
“LandVehiclelBE”-“VehicleGol§§ .
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To evaluate the performance of WSD by using the NVEF sense-pair identifier with the

KR-tee, we define the NVEF sense accuracy for a set of test sentences to be

NVEEF sense accuracy = # of successful sentences / # of test sentences, (1)
where a sentence is successful if all NVEF sense-pairs and their corresponding NVEF
word-pairs obtained from the NVEF sense-pair identifier are correct for this sentence. With
the KR-tree, the WSD performance for the test sentences can be evaluated by computing the
NVEF sense accuracy. This equation is designed from the viewpoint of natural language
understanding. Since NVEF sense-pairs often represent a key feature in the meaning of a
sentence, any incorrect NVEF sense-pair identification could result in misunderstanding this
sentence.

Table 3. Eight possible pairs of NVEF senses found in the Chinese sentence ‘ia8E
TTBRNERSG (This car moves well).”

C.Word / Noun-sense C.Word / Verb-sense PNVEF *
iE / timelf§ S 178 / Golgg No
iE / timelfFFE B / cutiiHl No
35 / timelBRFRE B / irrigateliZEiE No
B / LandVehiclelEE {78 / VehicleGolB##  Yes
B / characterI3X= surnamel#¥ human| A ProperNamelE8 178 / VehicleGolBf No
EF / machine /#2838 178 / VehicleGol8# No
B / parti&R {4, %tool IR #recreationl IR 44 178 / VehicleGolBf No
BS / LandVehicleEE B / VehicleGolB#  Yes

* P.NVEF represents a permissible NVEF sense-pair.

3.1 WSD Evaluation
The framework of WSD evaluation for the NVEF sense-pair identifier is as follows.
1.Select a set of Chinese test sentences from the Sinica Corpus [CKIP 1995] randomly.

2.Use the tool of example-based possible NVEF generation to search and create all

permissible NVEF subclass sense-pairs found in these test sentences in the KR-tree.

3.Apply the NVEF sense-pair identifier to these test sentences and obtain their

corresponding sentence-NVEEF trees.
4. Compute the NVEF sense accuracy for the test sentences using Equation 1.

In this study, we analyzed 7.7% (=764/9,893) of the noun-senses in Hownet and created

4,028 NVEF subclass sense-pairs in the KR-tree. The minimum, maximum and mean of
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characters per sentence (of the 445 Chinese test sentences) were 4, 24 and 11.5, respectively.
In addition, the numbers of single-NVEF sentences and multi-NVEF sentences among the test

sentences were 96 and 349, respectively.

We conducted the experiment in a progressive manner. The NVEF sense accuracy of the
test sentences determined using the NVEF sense-pair identifier with only the knowledge of
the KR-tree was 74.8% (see Table 4). When the strategy of adopting the longest syllabic
NVEF-word-pair first (LS-NVWF) was used together with the NVEF sense-pair identifier, the
NVEEF sense accuracy reached 87.6%. When the exclusion word list (EWL checking) was
adopted together with the NVEF sense-pair identifier, the NVEF sense accuracy reached
89.2%. When the techniques of both LS-NVWF and EWL checking were adopted with the
NVEF sense-pair identifier (see Table 4), the NVEF sense accuracy improved to 93.7%.
Meanwhile, along with the NVEF sense-pair identifier, the word-segmentation accuracy (for
those ambiguous NVEF word-pairs) for these sentences was 99.6% (443/445). This result also
supports the aforementioned claim that the NVEF word-segmentation accuracy was better
than the NVEF sense accuracy. Appendix C presents two successful and one unsuccessful

sentence-NVEF trees obtained in this experiment.

Table 4. Results of the WSD experiment for 445 Chinese un-segmented test sentences.

#of NVEF NVEF sense accuracy Using LS-NVWEF*  Using EWL" Using Both®

4,028 74.8%(333/445) 87.6%(390/445) 89.2%(397/445) 93.7%(417/445)

* “Using LS-NVWF” represents NVEF sense accuracy using LS-NVWF with the NVEF sense-pair
identifier.

® «Using EWL” represents NVEF sense accuracy using EWL checking with the NVEF sense-pair identifier.

¢ “Using Both” represents NVEF sense accuracy using both LS-NVWF and EWL checking with the NVEF
sense-pair identifier.

3.2 An Analysis of the Unsuccessful Cases

Although the NVEF sense accuracy could reach 93.7% when the techniques of both
LS-NVWF and EWL checking were adopted with the NVEF sense-pair identifier, there was
still a room for improvement. Below, we have classified the reasons behind the unsuccessful

cases into four major types:

(1) Lack of a bottom-up tagger: There are many specific linguistic units, such as names,
addresses, determinative -measure compounds, etc. in sentences which need to be recognized
in order to supplement the NVEF sense-pair identifier (which works in a top-down fashion).
In this study, 6 sentences were unsuccessful for this reason. Although the techniques of
LS-NVWF and EWL checking inadvertently resolved these cases, this is still a potential

problem.
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(2) Lack of Non-NVEF knowledge: Consider the Chinese sentence, “ANEBEZEIBEEMEE
(A wife wants to take her husband’s wallet into her hands).” There were three different
noun-senses of the Chinese word, “#&4E (teacher/doctor/husband),”  which could form an
NVEF sense-pair with the verb-sense “E4#& (take.into one’s hands).” To get the correct
noun-sense “ #5648 (husband)” for this sentence, we need the knowledge of a noun-noun (NN)
sense-pair, such as “/KX/K (wife)’-to-“5c4E (husband),” or other contextual information.
This knowledge is not available from the KR-tree and needs to be collected separately. In
this study, 15 sentences were unsuccessful for this reason, and this problem could not be
resolved using the technique of LS-NVWF or EWL checking.

(3) Inadequate word segmentation: Consider the Chinese sentence, “fHIAim 3 SEIEEHe
obtained the championship with a full mark).” There were two possible verbs with the same
verb-sense “4315 (obtain)” and “#5 % (obtain)” that could form NVEF sense-pairs with the
noun-sense “JEER (champ).” In this case, we have two conflicting NVEF sense-pairs and
need a better segmentation algorithm to determine that the correct verb are “#5%l (obtain)”
for this sentence (the correct segmented result of this sentence is “ft/IA/im93 /52 //EE").
In this study, 3 sentences were unsuccessful for this reason, and this problem could not be
resolved using the technique of LS-NVWF or EWL checking.

(4) Lack of a multi-NVEF analyzer: Consider the Chinese sentence “¥SfRH&EEBIAIL (Take
airplane to leave Taipei).” The NVEF sense-pair identifier detected that there were three
NVEF sense-pairs: Ni-V;: [N;=f # (airplane),V,=$& (take)], N,-V,: [N,=& 1t
(Taipei),V,=Ef B8 (leave)], and N;-V;: [Ny=fR#& (airplane),V,;=BEB8 (leave)] in the
sentence. In this case, Ni-V; and N,-V, can be used to construct a permissible bi-NVEF
sequence V;-N;V,-N, , which will compete with the NVEF sense-pair N;-V; . Currently,
such cases are not analyzed since our system does not yet have the knowledge of permissible
multi-NVEF sense-pairs. In this study, 5 sentences were unsuccessful for this reason, and
this problem could not be resolved using the technique of LS-NVWF or EWL checking.

If these four problems could be resolved, the NVEF sense accuracy could be improved to

(417+154345) / (445)=98.9%.

Based on this experiment, we find that our NVEF sense-pair identifier has the potential to
provide the following information for a given sentence: (1) main verbs, (2) nouns, (3) NVEF
word-pairs, (4) NVEF sense-pairs, (5) NVEF phrase-boundaries, and (6) the initial

relationship among multi-NVEF sense/word-pairs. A correct NVEF sense-pair will naturally
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include the correct NVEF word-pair for word segmentation. However, the converse is not true.
That is, a correct NVEF word-pair cannot guarantee that the corresponding NVEF sense-pair
is permissible. Thus, the NVEF word-segmentation accuracy is normally better than the

NVEF sense accuracy.

4. Conclusions and Directions for Future Research

In this paper, we have described an NVFE sense-pair identifier which we attempted to use to
disambiguate word sense in Chinese sentences. A WSD experiment was conducted using the
NVEEF sense-pair identifier with the KR-tree. The knowledge in the KR-tree was created with
the help of a semi-automatic NVEF generation tool.

Based on current techniques, our experiment showed that the NVEF sense accuracy reached
93.7% and the NVEF word-segmentation accuracy 99.6%. We have indicated, in Section 3,
several ways to further improve the performance of our system, some of which are currently

being studied.

Our experiment indicated that NVEF sense-pair knowledge can be used effectively to
achieve NVEF word-sense disambiguation in Chinese sentences. It also supports the claim in
[Choueka et al. 1983] that people usually disambiguate word sense using only a few words
(frequently only one word) in the given context. We are particularly pleased to note that the
NVEF knowledge can achieve high accuracy in NVEF word-segmentation since correct

word-segmentation is one key to a successful Chinese NLP [Slocum et al. 1985].

Although we have a semi-automatic NVEF generation tool, it was still a laborious task to
create our current level of NVEF knowledge, which constitutes only 7.7% of the entire NVEF
knowledge. Hence, a systematic method for fully automatic NVEF knowledge generation is
highly desired. Furthermore, we will try to develop a combined top-down and bottom-up
NVEF sense-pair identifier that can address the issues involved in the four unsuccessful cases
described in Section 3.

We plan to create a full fledged KR-tree so that we can investigate the robustness of the
sense-based approach for monolingual and bilingual (e.g. English-Chinese) WSD. The study
of NVEF will also be extended to noun-noun pairs, noun-adjective pairs and verb-adverb pairs.
Another related research goal is to apply the NVEF sense-pair identifier to other fields of NLP,
in particular, document classification, information retrieval, question answering and speech
understanding.
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Appendix A. A Sample Table of the Main Features of Nouns and their
corresponding Noun-Sense Classes

An example Main Feature Noun-sense Class
bacterialfi{ 44 WEY
AnimalHumanl/E)4$4) %R
humanl A AP
planti&4 B
artifact A\ T4 AIH
natural KR4 R
factEE1E S48
mental #5 {8 it
phenomenal IR SR R
shape 72 IR EE
InstitutePlace35Ffr HEREE
location i B B
attributelB M HRE
quantity E{ = HEHE

Appendix B. Exclusion Word List

I. Monosyllabic exclusion words

1280/ BB/ R/ BB BA/ T 18k RIS TR B 388 X — 1R 1B
1 /X5 TR B4R B /4001 R 5% 4 35 TE/ R — /4 =/ L/ i/
Vo it V< Tl e T = LS Ve = o Vo W A2V N =TT - T W Yo IR
1A I 7N EE R R R/ RE /AR R AR
/o) /B ] B R B AR /M B B B R
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II. Polysyllabic exclusion words

J. L. Tsai et al.

IFRSA/ B/ A B/ B/ Z /A& A /M — /B8 T3 /7 a8
DRI A RR/AE — B/ BB R 2/ B/ R
ML/ BAL B /SRR B E — B/ B —/ RN/ KEB &/
/RETE/ KBS/ B/ AR B/ R B/ A BB AN/
I/ BT/ /4850 A/ — i+ 73 B R/ Fh 1L/ — ¥/ o] LA/
17T/ BB RS/ BR B/ IE U /1 ¥ — AR/ 281X/ F B/ B IR/ FE sk /
1B RBER /R 5o/ AR 08 T B Bl BB RV I e R
/BEI BB — T F/—3R5R/FEER/

Appendix C. Three sentence-NVEF trees used in this study

I. Successful sentence-NVEF tree

+MEREFEF PIEL (Lin Cheng-Nan picks up the pipe on his hand.)

+--+N1

--+--+toollFARL, *addictlEHF
—+--+--+ 1B (pipe)

+--+V1

—+--+lifHE R

--+-—+--+ {8 (pick up)

+

+

+

+

II. Successful sentence-NVEF tree

+H PR N HOER 3 4554 (Parts of conclusion I have given.)
+--+N1

+--+--+thought;Z 88, $decideiRTE

+--+--+--+&E5® (conclusion)

+--+V1

+--+--+announcelEEFR/V

+-—+--+--+F (give)
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III. Unsuccessful sentence-NVEEF tree that includes one incorrect word sense:

“& (put)”

45

+18 ERMEE AT (Yellow silk ribbons are hung on the tree.)
+--+N1

+--+--+tool IR, linearl4R, *fasten/$23&E, *decorateFE Al
444+ 5485 (silk ribbon)

+--+V1

+--+--+putliNE

+-—+--+--+18 (put)

+--+N2

+--+--+toolIFAR, linearlR, *fastenl$2IE, *decoratelZEf
4o-tt--+#4EE (silk ribbon)

+--+V2

+--+--+ hang|F#}

+--+--+--+§} (hang)
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Abstract

This thesis presents a description of a semantic disambiguation model applied in

the syntax parsing process of the machine translation system.

The model uses Hownet as its main semantic resource, which is a common-sense
knowledge base unveiling inter-conceptual relations and inter-attribute relations of
concepts as connoting in lexicons of the Chinese and their English equivalents. It

can provide rich semantic information for our disambiguation.

The model makes the word sense and structure disambiguation in the way of

CLINNT3

“preferring”. “preferring” is applied in the results produced by the parsing process.

It combines the rule-based method and statistic based method.

First we extract from a large the co-occurrence information of each sense-atom.
The corpus is untagged so the extracting process is unguided. We can construct
restricted rules from the co-occurrence information according to certain transfer
template. The semantic entry of a word in the Hownet is made of sense-atoms, so

we can make out the restricted rules for each entry of any word.

During the course of disambiguation, the model constructs the context-related
words set for each notational word in the input sentence. The semantic collocation
relations between notional words can play a very important role in the syntax
structure disambiguation. Our evaluation of some candidates is based on the degree
of tightness of match between notional words in the structure. We compare the
context-related words set of the word in the current structure with all the restricted
rules of the word in the lexicon, and find the best match. Then the entry with the
best match is taken as the word’s explanation. And the degree of similarity shows
how the word in the structure matches with other notional words in it, so it can be
taken as the reference of the notional words. Because the discrepancy of different
candidate parses of a structure, the same word has different content-related words

set, and so will get different scores. We can calculate the best match according to
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the score of all the notional words of the sentence. In this way we can solve the

most of word sense disambiguation and structural disambiguation at the same time.

The semantic disambiguation model proposed in this thesis has been implemented
in MTG system. Our experiment shows that the model is very effective for this
purpose. And it is obviously more tolerant and much better than traditional YES or
NO clear cut method.

In this thesis we first put forward the general idea of the method and give a brief
introduce to the Hownet Dictionary. Then we give the methods of extracting
co-occurrence information for each sense-atom from the corpus and transferring
this information to restricted rules. Then the algorithm of disambiguation is
proposed with detail, which includes constructing context-related words set, the
calculation of the similarity between atom-senses, and between restricted-rules and
the context-related sets. The experiment result given in the end of the paper shows
that the method is effective.

Keywords: Word Sense Disambiguation, Hownet, InterLigua, Sense Atom, Corpus,
Semantic Environment
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Abstract

The WWW is increasingly being used source of information. The volume of
information is accessed by users using direct manipulation tools. It is obviously
that we’d like to have a tool to keep those texts we want and remove those texts we
don’t want from so much information flow to us. This paper describes a module

that sifts through large number of texts retrieved by the user.

The module is based on HowNet, a knowledge dictionary developed by Mr.
Zhendong Dong. In this dictionary, the concept of a word is divided into sememes.
In the philosophy of HowNet, all concepts in the world can be expressed by a
combination more than 1500 sememes. Sememe is a very useful concept in settle
the problem of synonym which is the most difficult problem in text filtering. We
classified the set of sememes into two sets of sememes: classfiable sememes and

unclassficable semems. Classfiable sememes includes those sememes that are more
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useful in distinguishing a document’s class from other documents. Unclassfiable
sememes include those sememes that have similar appearance in all documents.
Classfiable includes about 800 sememes. We used these 800 classficable sememes
to build Classficable Sememes Vector Space(CSVS).

A text is represented as a vector in the CSVS after the following step:

1. text preprosessing: Judge the language of the text and do some process attribute

to its language.
2. Part-of-Speech tagging
3. keywords extraction

4. keyword sense disambiguation based on its environment by calculating its
classifiable sememes relevance with it’s environment’s classifiable sememes.
We add the weight of a semantic item if there are classifiable sememes the same
as classifiable sememe in the its environment word’s semantic item. This is
not a strict disambiguation algorithm. We just adjust the weights of those

semantic items.

5. Those keywords are reduced to sememes and the weight of all keywords ‘s all
semantic items ‘s classifiable sememes are calculated to be the weight of its

vector feature.

A user provides some texts to express the text he interested in. They are all
expressed as vectors in the CSVS. Then those vectors represent the user’s
preference. The relevance of two texts can be measured by using the cosine angle
between the two text’s vectors. When a new text comes, it is expressed as a vector
in CSVS too. We find its k nearest neighbours in the texts provided by the user in
the CSVS . Calculating the relevance of the new text to its k nearest neighbours
and if it is bigger than a certain valve, than it means it is of the user’s interest if
smaller, it means that it is not belong to the user’s interesting. The k is determined

by calculated every training vector its neighbours.
Information filtering based on classifiable sememes has several advantage:
1. Low dimentional input space. We use 800 sememes instead of 10000 words.

2. Few irrelevant feature after the keyword extraction and unclassifiable

sememes’s removal.

3. Document vector’s feature’s weight are big.



HICL F a2 fﬁcNNﬂ/fJﬁ#ffv TR 8l

We made use of documents from eight different users in our experiments. All these
users provides texts both in Chinese and English. We took into account the user’s
feedback and got a result of about 88 percent of recall and precision. It
demonstrates that this is a success method.

Keywords: Classfiable Sememe, Vector Space, kNN, Text Representation,
HowNet
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