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Abstract

The growing importance of multil ingual information retrieval and machine trandation has made
multilingual ontologies an extremely vauable resource. Since the construction of an ontology
from scratch isavery expensive and time consuming undertaking, it is attractive to explore ways
of automaticdly aligning monolingua ontologies which aready exist.

This paper presents a language-independent, corpus-based method that borrows from
tedhniques used in information retrieval and madine translation, for creating abilingua ontology
by aligning WordNet with an existing Chinese ontology called HowNet. Wewill present results
to show that our method is capable of efficiently aligning ontologies with very different
structures, as well as ontologies from languages that are very different from ead other.

1 Introduction

The increasing popularity of the web and the growing inter-connectivity of the world have added
importance to the fidds of machine trandation and multilingual informetion retrieval. This has
increased the need for multilingual ontologies. The Euro WordNet (Vossen et al., 1997), which links
together languages such as Dutch, Italian, Spanish, German, French, Czech and Estonian with the
American English WordNet (Miller et d., 1990), is an example of such amultilingua ontology.

Since ontology building is a very time-consuming and costly process theideal method o building a
multilingua ontology would be to aign, or link, existing monolingual ontologies.

Although such atask, at afirst blush, may sean far from challenging, there are many reasons why it
is less trivial than it seams. A manua aignment would take too long and be extremely expensive,
while automeatic alignment would run into many of the same problems faced by machine translation,
among the more serious of them being the disambiguation problem.

2  Motivation and Challenge

In this paper, we propose a language independent, corpus-based method for automatically creating a
bili ngual ontology from two existing ontologies. Such hilingual ontologies are extremely useful for
applications auch as crosslingual information retrieval and machine trandation; however, current
methods for construction of these ontologies rely on large amounts of human labour. There has been
some work in ontology aignment (Pamer & Wu, 1999; Dorr et d., 2000); however, these methods
usualy mainly utilize the structurd information within the ontologies and therefore may not be
applicable to ontologies that have vastly differing structures.

Our propacsal is to create a bilingua Chinese-English ortology by linking the American English
WordNet! and Simplified Chinese HowNet together by their most basic concepts: the WordNet synset
and the HowNet definition. The languages involved, Chinese and English, are very different from
each other; and these two ortologies are very different in their structures and design philosophies,
making this an excd lent test for the portability and robustnessof our algorithm.

1 WordNet 1.6 was used in all our experiments.



The ready avail ability of bilingual dictionaries may make this sam like an easy task, but the truth of
the matter is that the task is made far from trivia by the fact that:
1. The structure of HowNet and WordNet are vastly different, as will be described later, making
a surface structural aignment impossble; and
2. Many polysemous words (words with more than one sense description) have multiple
tranglations depending on the sense, making it necessary to tackle the problem of word sense
disambiguation, a complicated problem.
Our method borrows from techniques found in Information Retrieval and Statistical Machine
Trandation. Therest of this sction will first describe the WordNet and HowNet structures, and go an
to gveathorough description of the algorithm.

2.1 Ontologies: WordNet and HowNet

WordNet (Miller et al., 1990) is an dectronic lexical database in which English nouns, verbs,
adjectives and adverbs are arranged in synonym sets, with dfferent relationships linking the different
Sets.

Like WordNet, HowNet (Dong, 1988) is also an eedronic lexical database for words, which are
mostly in Chinese (some English technical terms such as “ASCII” are included). HowNet and
WordNet, however, differ greatly in their structure, coverage and sense granularity. WordNet aims to
differentiate word senses from each other through the use of synonym sets, or synsets. These synsets
are monstructed by gathering synonymous word senses into nodes, which are constructed such as to
allow a user to easily distinguish between the different senses of aword. For example, given the noun
“address’, the mnstruction of the synsets { address computer address, and { address speech} should
be enough to assist a user in dstinguishing between the different senses of the word.?2 The synsets are
then in turn linked to other synsets through herarchicd rdations guch as hypernyms, hyponyms,
holonyms and meronyms. A total of 109,377 synsets are defined.

The meaning representation in WordNet thus follows what is commonly referred to as a differentia
theory of lexical semantics (Miller et d., 1990); and in contrast, HowNet takes a constructive
approach to building a lexical hierarchy. At the most atomic level is a set of almost 1500 basic
definitions, or sememes, such as “human”, or “avalue’ (attribute-value). A total of 16,788 word
concepts, or definitions, are mmposed of subsets of these sememes, sometimes accompanied with
“pointers’ that expresscertain kinds of relations.

For example, in HowNet, the word “Ji” (scar) is associated with the definition (the English gosses
are part of the original HowNet definitions):

{ traceJR, #diseasg|fk J5, #wounded|3% 1% }
where “#” is apointer that denotes a “rdevance’ rdation.

Unlike WordNet, synsets are not explicitly defined in HowNet. However, word synonyms can till
be found by looking for words with identicd definitions. For example, the words “ & %% A& (fanatic)
and “Z 434" (enthusiast/hobbyist) are both associated with the definiti on:

{ human| A\, * FondOf|=- %k, #Whil eAway|7H A }
where “*” denotes ardation of “agent or instrument of an event”.

Relationships other than synonyms can also be etraded from the definitions. For example, the
word “%Z %" (hobby) has the definition:

{ fact|Z 1%, $FondOf|Z-%Kk, #WhileAway|H H }
where “$” denotes arelation of “patient, target, possession or content of an event”.
A detail ed WordNet-HowNet structurd comparison can be found in Wong & Fung (2002).

2.2 Word Sense Disambiguation

The biggest initid problem encountered was that of polysemous words and multiple sense
trandlations. For example, the word “crané’, which has two sense definitions in WordNet, has at least
two Chinese trandations. The first of the two WordNet senses, “a pieceof heary madinery’ is

2 Exampl e taken from (Miller et al., 1990)



usually translated as “#2 # 41", while the common translaion for the secnd sense, “a large wading
bird”, is“#3".
To get a sense of the severity of this problem, we conducted a simple baseline experiment:
1. Pick 2000 HowNe definitions at random and extract all the corresponding word entries.
2. Trandate exch o these words to English.
3. Assdae eab of these English words with its corresponding entry in WordNet.
Average Number of HowNet Entries per Definition 54
Average Number of WordNet Synsets per Definition 8.1

Table 1: Results of Basdline Experiment

Table 1 shows the results of the basdine experiment. The 2000 randomly chosen HowNet definitions
each contain, on average, over 5 words, or entries. Furthermore, our simple dignment agorithm
aligns eat definition to an average of 8 WordNet senses.

To create afiner-grained mapping, we took a similar gpproach to the Definition Match Algorithm
(Knight & Luk, 1994), which compares words according to their contexts from example sentences
and definitions found in a dictionary. Our approac aso uses word contexts, but instead of using
dictionary definitions, we ectract word contexts from a large bilingual corpus.

2.3 AnInformation Retrieval Approach to Bilingual Dictionary Extraction

In order to be able to compare words using their contexts, we need to use a method that will allow
cross-lingual comparison of words and their contexts.

Fung & Lo (1998) developed an information retrieval-like method designed to alow comparison of
word contexts across languages, and across corpora that need not be parald. Given two languages,
say English and Chinese, the algorithm consists of the foll owing steps:

1. Ddfinealist of t seed words in both languages. The set of seed words from one language is
adired tranglation from those in the other language.

2. For each of the other words w in the rpus, construct a ontext vector v relative to the seed
words from the corresponding language (e.g. for an English word, consider only English
seal words, etc.), such that v;, thei™ dement of v, is defined as:

v, =TF,, x IDF,
where TF, =termfrequencynumbernf occurenceof seedwordin thecontextof w
IDF, = ~log M)
where n, = totalnumberof occurencesf seedwordin thecorpus

max(n) = maximumfrequencyof anyseedwordh thecorpus

3. Given apair of words from the two languages [0 for example, an English word w, and a
Chineseword w, O the similarity between them is the distance between their context
vectors. We use the S3 measure from Fung & Lo (1998), which is a combination of the
cosine similarity and the dice oefficient:

3w 2 (o)
P IES TCRD S JE
where w, =TF, x IDF,

Wie = TFie X IDF|

similarity (w,,w,) =

2.4 Using Synsetsfor Word Sense Disambiguation

The ontext vedor similarity has been shown to be dfedive at extracting bilingual word trandation
pairs. What we are interested in, however, is, asauming that we already have a list of candidate



tranglations, the alignment of the proper translation pair to the @rred word sense. Our method uses
the similarity score and the synset information to aid in word sense disambiguation.
1. Given a HowNet definition d, first extract its associated set of Chinese words and English
translations.
2. For each word from the English trandlations, find the WordNet synsets that it belongs to.
3. For each of these andidate WordNet synsets s,
3.1. If scontains only asingleword (|s| = 1), expand it by adding words from its dired hyperset.

3.2. Ddfine
> > similarity(w,, w,)
Similarity(d, S) — wels w0d
appeargw)
2
m if n, >0
where appeargw) = %) otherwise

The a@ndidate WordNet synsets are then ranked according to their similarity with the Chinese
HowNet definition. The alignment “winner” is defined as the highest-ranking WordNet synset.

Step 3.1 deserves ome more eplanation. In the course of our investigation, we noticed that there
were many WordNet synsets that contained only one word, which correspond to word senses for
which a reasonable synonym does not exist. (WordNet uses a short gloss to hdp the user to
distinguish between such senses.) For example, the noun “support” has 11 senses defined in WordNet,
of which 5 are singleword synsets. The semantic meaning of these synsets range from “aid” to
“supporting structure’. If our method relied solely on words from the synset, we would be unable to
distinguish between these senses, which would be a mgjor problem indeed. Therefore, words from
the hyperset — the set of hypernyms of the airrent word — are included to aid in defining the meaning.

3  Experiments

The bilingual data in aur experiments was taken from the English-Chinese Hong Kong News corpus,
which comprises of amost 18,500 aligned article pairs (totalling over 6 milli on words on the English
side) from news documents released between 1997 and 2000. On the Chinese side, the corpus was
word segmented with a simple greedy maximum-forward-match agorithm, using the entire HowNet
vocabulary as a lexicon. The seed words list for the @mntext vedor construction was extraded by
taking the monosemous words from WordNet and throwing out al those that had more than one
translation in Chinese.

It must be noted that even though the Hong Kong News Corpusis roughly parall €, our method does
not restrict usto parallel corpora. Indeed, any large bili ngual corporawill work for our method.

3.1 Overall Reaults

Table 2 shows the highest scoring alignments. For each HowNet definition, the highest scoring
WordNet synset that was aligned to it, and the corresponding alignment score are shown. With afew
exceptions, it can be seen that most of the time our method is succesdul at doing a reasonable
alignment of WordNet synsetsto align to HowNet definiti ons.

The “BeNot|iE” and “BeGood| R " definitions deserve some further explanation. It is difficult to
understand how “BeNot” aligns to a WordNet synset of { name, identify}. The HowNet entries that
cary this definition, however, mostly have a rough meaning o “misrecognize”, or “mistaken
identity”, hence the bizarre-seeming WordNet alignment result. Likewise, the entries for “BeGood’
generaly carry the meaning of being “in a good or desirable state”, which leads to “BeGood” aligning
to the synset { state} .



HowNet Definition Top Aligned WordNet Synset(s) Score
human| A, #ocaupationliifiz, employed { employee, worker} 0.002456
BeNot|dE { name, identify} 0.002311
human| A, unable|, undesired|#5 { master, original} 0.0007193
BeRewvered|E |, Statel ni=ali veli & {revive} 0.0004365
imagel &4, $carvelfif %) { sculpture} 0.0003106
AlterForm|ZZ 2R {top, pinch} 0.0001777
avalueJ& 118 rank| 25 2% ,d ementary| ] { dementary, primary} 0.0001083
AimAL|E 7] {calculate, aim, direct} 8.958x10°
attributel@ ¥, pattern|#£ X, physical |# 5 {form, word form} 4.859x10°
break|# ¥t { break} 4.624x10°
pay|f} ,possesson=money| 5% M { pay} 3.769x10°
BeGood| R A& { state} 3.739x10°
BeOppositelf 37 { confront} 1.460x10°
donatel#, possesson=money| 5t { subscription} 1.094x10°
Hol dWithHand}i# 5 {pass hand, reach, passon, tum | goes, g
over, give}
AmountTol/& i1, means=CauseToBelf# 2 =& { convert, change over} 2.557x10°®
timelfif 4], @rest |k & ,education|# & { break, pause, interruption} 2.173x10°
Avalueg|Jg ME{H form|[fEIR ,even|~) { even} 1.549x10°®
BeBad|5E % {die, decsase, perish3 go, exit, 1.792x107
passaway, expire}
AlterL ocati on|25 =% [H] {7 & { exchange, change, interchange} | 1.4333x107

Table 2: Top Ranking Alignments of HowNet definitionsto WordNet Synsets. (Words enclosed in curly
braces belong to the same synset)

3.2 Individual Examples

The previous subsection gave an overview of theresults. In order to have a better idea of the method,
wewill consider individual examplesin this subsedion.

3.2.1 Example 1: Sculpture, or School Principal?
Wefirst consider the HowNet definition

{ imagd 1%, Scarveliif %) }
which indudes the words “h %" (carving), “ ¥ & 4 (bust), “RfEZ” (carving), “ ME¥” (scul pture),
“REM5” (statue), “3k15” (head), “IFRfE” (relief sculpture) and “JE %" (clay scul pture), among athers.
Using the words from the Engli sh translations directly, we have a mapping to 77 WordNet synsets.
However, our algorithm imposes the following partial ordering on the synsets:

WordNet Synset Similarity with HowNet definition
{sculpture} (sense 1 of sculpture) 0.0003106
{princpal, school principal, head teacher, head}
(sense 13 of head) 0.0003091
{mud, clay} (sense?2 of clay) 0.0003072

The WordNet synset that best fits the HowNet definition is “sculpture”, which is appropriate given
that al the various objeds defined by the HowNet definition are various types of scul ptures.
3.2.2 Example 2: A Shape, or the Flow of Traffic?

As another example of the difficulty of our task, and to demonstrate the success of our method in
distinguishing between dfferent word senses, we consider ancther HowNet definition:

{ Bt (attribute), F£X (pattern), &#1)% (physical) }



which indudes the following words: “zX” (pattern, form) and “ . #£” (modd, style). The English
words map to atotal of 38 senses in WordNet.

Our method imposes the following partial ordering on the senses:

WordNet Synset Similarity

{form, shape, pattern} (sense 3 of form) 3.739%x10°
A . {form} (s_ense8 of form) 3.795¢10°

ypernyms: document, written document, papers
{traffic pattern, approach pattern} (sense 7 of pattern) 3.680x10°
As before, the most appropriate senseis assigned the highest weight and ranking.

3.2.3Example 3: An Interruption, or a Fracture?

Another good example of the strength of our agorithm can be demonstrated by the HowNet definition
{ timelisf 8], @rest|f& )5, educationE & }

This definition has only one entry: “i&[H]” (brek).

WordNet Synset Similarity
Pause, intermisson, break, interruption, suspension -7
(sense 7 of break) 1.43x10
fault, geological fault, fault line, fracture, bres -7
(sense 2 of bresk) 1.03x10

Since ‘bre&”, in this snse usage, carries the meaning similar to that of “recess’ or “term break”, our
method correctly ranks the WordNet sense mrresponding to { pause, intermisson, break, etc} ahead
of the synset that corresponds to geological faults.

3.2.4 A Problematic Example: AlterForm| &4t and “ break”

The HowNet definition { AlterForm|ZZ 2]k} and the WordNet synset {bresk} provide chalenging
cases for our method. The set of words in the HowNet definition are very diverse and include entries
such as %5 (conged), 453t (curdie/agglomerate) and ## (break into pieces). The WordNet synset
{break}, on the other hand, is very finely divided with 63 total senses, with 34 of them being single-
word synsets. Severa senses of “bregk”, with the following partial ranking, were among the possble
alignment candidates picked for this HowNet sense:

WordNet Synset Similarity
{ break} (sense 25 of bresk) 4.6234x10°
No hypernyms

{bre&, break off, snap off} (sense 45 of brek) 4.522x10°
{break} (sense31 of break) 4.468x10°

Hypernyms: cancd, call off
{ break} (sense 60 of bresk) 4.439x10°

Hypernyms: decrease, diminish, lessn, fal

Bankrupt, ruin, break (sense 35 of break) 4.435x10°

Sense 25 of “break” carries the meaning of “cause to give up” (as in: “to bre& onesdf of a bad
habit”). A single-word synset without any hypernyms, it creates a difficult case to handle due to the
lack of other semantic dues, and indeed, our method wrongly gives it thetop rank. It is encouraging,
however, that sense 45 of break, which is one of the most semanticdly smilar senses, is given the
secnd-highest relative ranking; and senses 31 and 0, which are also singleword synsets, are given
reasonabl e relative rankings, which would not have been possble without hyperset generalization.

3.2.5WordNet to HowNet mappings

In addition to the above examples, the reverse mapping of WordNet synsets to HowNet definitions
can also demonstrate the capabilities of our method. As an example, we onsider the word “board”,
which is divided into 9 WordNet senses, ranging from “plank” to “dining table’ to “committe€’.

When translated to Chinese, the synonyms for “board” in its various nses produce a total of 537
HowNet entries, distributed among 39 HowNet definitions. Table 3 shows, for each WordNet synset,
the highest-ranking HowNet definition that was aligned to it. (The WordNet glossis included for
synsets that contain only one word for the realer’ s convenience)



WordNet Sensesfor “board” HowNet Definition
1 | board (a committeehaving supervisory powers) display|&7~
board (aflat pieceof materia designed for a spedal 2
2 oUrpose) control |1l
3 | board, plank shapel#) ¥ fl at| i, surfacial | i
. . display|/&7~
4 | displ and, display board, board .
Playp iy show|ZR E 4
display|f&7r~
5 | board, gameboard show{Z: 3]
6 | board, table shapel¥) ¥ ,fl at| i, surfacial |
wood| A
7 | control pand, instrument panel, control board control |4z
8 | dircuit board, circuit card part[ZB 1 ,%implement| 25 B
9 | dining table, board shapel¥) ¥ ,fl at| i, surfacial |

Table 3: HowNet Definitionsfor various nses of theword " board"

In generd our method does find reasonable HowNet definitions for each synset. For example, it
correctly identifies “circuit board” as an “implemented part”. Where it does not find the best
alignment, for example, for the two senses of “table’ and “dining table’, it does give reasonable
descriptions: a “table’ is reasonably described as having a shape that is “flat” and “surfaca”, and
furthermore is commonly made of “wood”.

An important thing to point out about this example is the problem caused by data scarcity. For the
first sense of the word “board”, the corred¢ HowNet definition is {institution|#1#4, * manage|& ¥,
commercial |}, which contains only one entry: the word “FE 24" (board of diredors, or simply,
“board”). Thisword did ocaur in the Hong Kong Daily News corpus used in our experiments, but due
to the sparseness of the seadwords in our corpus, its resulting similarity scores with the WordNet
synsets were negligible

4  Analyss

The examples presented in the previous sdion clearly show that in many cases, our method succe@ls
in finding a corred ordering of the WordNet senses that are @andidates for dignment to a HowNet
definition. However, there are some problematic situations that neel to be aldressed before a full
HowNet-WordNet mapping can be achieved:

= One significant problem is the difference in sense granularity between WordNet and HowNet. For
example, the HowNet definition “# & (livestock) includes entries as diverse as “#fJ” (dog), “Zf”
(cattle), “4&” (rabbit), while WordNet all ocates these threewords to different synsets. Therefore, a
1-to-1 mapping from all HowNet definitions to WordNet synsets does not exist.

» The seed word coverage that we ae achieving with the HK Daily News corpus is dso a matter of
concan. As our sead words, we picked monosemous words in WordNet which had only one
Chinese trandlation in ou dictionary. This resulted in a list of very precise tranglations, but
unfortunatdy, the words thus extracted also tend to be rare words, resulting in context vedors that
had a lot of blank fields. To addressthis concen, and also to test the robustness of our approach,
we plan to further experiment on comparable, rather than paralld, corpora. Since comparable
corpora tend to be more plentiful than parallel corpora, we hope that the introduction of extra noise
will be more than compensated for by the larger amount of available data.

= Another mgjor problem encountered was that of non-compositional compounds, or NCCs. NCCs
are word phrases whose meanings are “a matter of convention and cannot be synthesized from the
meanings of their space-ddimited components’ (Melamed, 1997). Examples include phrases sich
as “floppy disk” and “hot dog’. At the present, our method considers only singleton words and
does not take such compounds into acoount, though it is intuitive that these ompounds dould not
be broken up. We are mnsidering using techniques borrowed from Chinese word segmentation,
together with alarge dictionary, to join words in these @mpounds before running our method on it.



= Other concearns include the IR-like technique used to tadle this problem, which also leads to some
problems. Measures 2uch as TF and IDF do not take into account the syntactic function of a word,
causing mouns and verb forms of the same word to have the same weight, which is likely
subogima. Furthermore, tedhniques such as stemming should adso be included into the method,
which would likdly be able to capture the way aword is used more accuretely.

Even though these are real concerns that should be addressed, none of them appea to be due to a

fundamenta flaw in our agorithm, and some of them (for example, the @rpus problem and the

stemming iswue) are easily surmounted. Our method still succeels in the partial digning o two

ontologies, which were constructed using very different approaches and phlosophies and therefore

differ vastly in their structure.

5 Related Work

The previous work that diredly led to our research has been described in the earlier sections. This
sedion will describe related work that targets the same problem.

There has been some interest in aligning ontologies. Dorr et a. (2000) and Pamer & Wu (1995)
took a structural approach to this problem. They focused on HowNet verbs and used thematic-role
information, which denotes the @ntexts in which a paticular verb may ocaur.  The HowNet
thematic-role spedficaions are mapped to word classes in an existing classfication of English verbs
caled EVCA (Levin, 1993), whose structure is smilar to that of the verb dasses in HowNet. These
mappings are then used to align English EVCA verbs to Chinese HowNet verbs. In Japanese,
Asanoma (2001) used structural link information to aign nouns from WordNet to a pre-existing
Japanese ontology caled Goi-Taikel via the Jgpanese WordNet (Hayashi 1999), which was
constructed by manually trand ating a subset of WordNet nouns.

There has aso been alot of interest in automatic bili ngual word alignment and dictionary induction.
The IBM Candide projed (Brown et a., 1990) used statistical data to aign words in sentence pairs
from parale corpora in an unsupervised fashion through the EM agorithm. Church (1993) used
character frequencies to align words in a paralle corpus, and Fung & Church (1994) used seed words
to aign paralld texts and extract bilingua word translation pairs.

Word sense disambiguation is aso a difficult and much-studied subject, and many approaches have
been tried on the problem. Among the numerous efforts are those of Gale, Church & Yarowsky
(1992) and Schuetze (1992), who applied vedor space models and similarity measures to the problem;
Yarowsky (1995) used dedsion lists, and Kikui (1999), who used word in nonpaald bilingua
corporato resolve translation ambiguity in an ursupervised fashion.

6 Conclusions and Future Work

In this paper, we present a language-independent, corpus-based method to aign definitions from the
Chinese HowNet with synsets from the English WordNet. Unlike many other ontology alignment
tedhniques, our method does not take into account the structure of the ontology. Our method uses
techniques borrowed from machine translation and information retrieval to calculate similarity scores
between HowNet definitions and WordNet synsets; the alignment then relies on these scores to find
the most optimal alignment between the ontologies. Since our method does not make any
asumptions about the structure of the ontology, or use ay but the most basic structura information,
it makes it posgbleto align ontologies with vastly different structures.

We show that our method is promising in its ability to produce a reasonably good mapping from
HowNet definitions to WordNet synsets. There are some problematic situations that prevent us from
achieving a full mapping at this point, but they do na appear to be serious or insurmountable.

We plan to expand on this work in the future by addressng the @nceans raised in the analysis
sedion and producing a full dignment from HowNet to WordNet. We aso intend to expand our
algorithm to posshbly integrate more structural information. Finally, our goal is to examine the use of
the aigned ontology in applicaions auich as crosslingua information retrieval and machine
trandation.
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