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Abstract
computing linguistics. Different resources may have dif-

Linguistic resource plays a crucial role in

ferent structures due to their proposed purposes and or-
ganizations. However, it is difficult to use these hetero-
geneous resources in one model. In this paper, we pro-
pose an effective yet simple method which can integrate
the heterogeneous synonyms in Chinese by hierarchical
mapping. The proposed method can combine the clear
structures and Chinese-specific lexemes which are the
advantages of different Chinese thesauruses. With the
development of deep learning, word embedding can rep-
resent word meaning into a dense vector, and in this pa-
per we use word2vec to evaluate our model. Experimen-
tal results show that the proposed method can achieve
more synonym sets, and the meaning in the synonym set

is more concentrated.
Keywords heterogeneous thesauruses, Chinese syn-

onyms

1 Introduction

Lexical semantic resource plays an important role in
natural language processing. So far, many lexical seman-
tic resources have been developed by the world-wide lin-
guists, such as WordNet [1], ConceptNet [2,3] in English,
HowNet [4], Chinese Concept Dictionary (CCD) [5], and
Tongyici-Cilin (Cilin) [6] in Chinese. Different recourses
usually have different focuses and structures, while some
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of them are also closely related and could be comple-
mentary to each other. As a result, the integration of
several resources may be more useful than only using
one of them for a certain purpose.

There are roughly two types of methods to integrate
two different lexical semantic resources. The first one is
in semantic description level, and the other is in ontol-
ogy level. For the former type, Carpuat [7] links syn-
onym sets (Synsets) in WordNet to definitions (DEFs),
which is described via a set of pre-defined basic con-
cepts called “semantic atoms”, based on the English-
Chinese bilingual corpus and dictionaries. Mei [8] in-
vestigates a method that integrates Cilin and HowNet.
This method uses DEFs in HowNet to describe the word
sets in Cilin, and tags these DEFs by word sets IDs as
well. For the latter type, a typical work is performed by
Niles and Pease [9], which maps the WordNet Synsets
onto the ontologies in the suggested upper merged on-
tology (SUMO) and achieves a novel computable lexical
resources in English. However, it is hard to find such
existing works that focus on the Chinese resources.

In this paper, we propose an effective yet simple
method to integrate two heterogeneous thesauruses, i.e.,
CCD and Cilin, to build a large resource for Chinese syn-
onyms. By integrating these dictionaries, the proposed
method can benefit from both the clear and rich seman-
tic relations of CCD and the large set of Chinese-specific
lexemes in Cilin. With the development of deep learn-
ing in natural language processing, word embedding can
represent word meaning as a dense vector [10,11], and in
this paper we use word2vec to evaluate our model. Ex-
perimental results show that the proposed method can
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Table 1: Statistics of CCD Categories and Cilin Classes for each POS

POS Cilin CCD
Class Medium Class Subdivision Category
Noun ABCD 48 — 588 26
Verb FGHIJ 34 567 15
Adjective E 6 — 179 3
Adverb K 1 35 1
Pronoun A BCE 5— 8 0
Others KL 6 48 0

achieve more synonym sets, and the meaning in the syn-
onym set is more concentrated.
In

Section 2, we compare the difference between CCD and

The rest of this paper is organized as follows.

Cilin. In Section 3 we show a simple method which in-
tegrates two resources directly. And in Section 4, we
propose a hierarchical mapping procedure for the inte-
gration. Section 5 evaluates the mapping results, and

finally Section 6 gives the conclusion.

2 Comparison between CCD and Cilin

In this section, we compares CCD [5] with Cilin [6]
from the aspects of vocabulary, classification system,
and organization, respectively.

2.1  Vocabulary

CCD [5] is a Chinese thesaurus on the basis of Word-
Net [1]. It collects 125,929 words (or phrases) into 99,642
semantic classes (called CSynsets), including nouns,
All CSynsets in CCD
show the common concepts between Chinese and En-

verbs, adjectives and adverbs.

glish, but miss a large number of Chinese-specific words.

In contrast to CCD, Cilin [6] is a thesaurus with
a wide range of Chinese-specific phenomena, including
words, morphemes, phrases and idioms, even some com-
mon dialects or ancient words. Both content and func-
tion words are collected. There are 77,457 words in Cilin,
with only about half of them (35,123 words) covered by
CCD. However, Cilin may not collect all senses of a word,
because its vocabulary is focused on the synonyms.

As a result of the different purposes of CCD and Cilin,
two “monosemous” words with the same shape in them
respectively may convey totally different meanings.

2.2 Classification System

For the taxonomy of CCD, it follows WordNet and
In CCD, the
CSynsets in the same category are under the same part-
of-speech (POS).

By contrast, all the concepts in Cilin are separated
into 12 classes, 94 medium classes (MC), and 1,425 sub-
divisions. For content words, there are 4 classes of nouns,

divides all CSynsets into 45 categories.

5 classes of verbs, 1 class of adjectives and 1 class of ad-
verbs. While for function words, they are scattered in all
classes. More details are shown in Table 1. In Table 1,
“~” means the related MCs do not only contain the cor-
responding POS, and different alphabet below “Class”
means different classes.

By comparing the taxonomy of CCD and Cilin, we
find that it is hard to achieve the corresponding rela-
tionship between CCD Category and Cilin Class/MC.
For example, in Class level, Class “C”, i.e., time and
space, in Cilin covers two Categories in CCD such as
“noun.Time” and “noun.Space”, but MC “Aa” and “Ba”
that are within different Cilin Classes like “person” and
“thing” respectively. Another example is shown in Fig-
ure 1, we can see that the many-to-many mappings in
MC level are much more complex than in Class level.
However we find that all the concepts in the same sub-
division in Cilin are almost corresponding to the same
CCD category.

2.3 Organization

As same as the classification system, the organization
of CCD follows WordNet as well, whose basic unit is
CSynset.
onyms.

Words in a CSynset are considered as syn-
CSynsets are divided into 45 categories and
linked by semantic relations. All relations are tagged
clearly and have various types. Some relations con-

tain hierarchical information. If we consider CSynsets
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Figure 2: Category and ID format in Cilin

as nodes and hierarchical relations as edges, CCD can
be represented as a forest-like graph.

The organization of Cilin is more close to the tradi-
tional thesaurus rather than CCD. A five-level hierar-
chical organization is preliminary defined by linguists,
which are Class, MC, Subdivision, Word Group (WG)
and Word Set (WS) from top to down. Figure 2 shows
the ID format defined in Cilin, from which we can get
the classification information of words. 80% of Cilin WSs
are Synonym Sets, while the other 20% of them either
consist of similar words or a single word, marked by “#”
and “@” respectively. The first word in a WG is called
title word (TW), which is the most representative one in
the WS. The meanings of other words in the same WG
are basically same as the TW, with some subtle differ-
ences in the emphasis of sense, emotional color or usage.
These differences are represented by the division of word
sets. So words in the same WS have a very high degree

of semantic similarity.

Figure 3 shows some examples of WG. In Figure 3,
the title word of each WG is noted after the WG id.
For example, the title word of WG Bi20A is % (die,
butterfly). The other WS in the Bi20A are either aliases
(e.g., WIME (hudie, butterfly)) or special cases (e.g., Uk
(jiadie, vanessa)) of die. In other WGs, the situations

are similar.

In general, CCD shows clear and rich semantic re-
lations but misses a large number of Chinese-specific
words, while Cilin covers a wide range of Chinese words
without clear relations between them. Therefore, we
could build a better Chinese synonym resource by in-
tegrating the structure of CCD and the Chinese-specific
words of Cilin together.

In order to achieve this goal, this paper proposes two
methods. Firstly we ignore the inner structure of CCD
and Cilin, and integrate them by direct mapping; Sec-
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Figure 3: Examples of Word Groups in Cilin

ondly we consider the structure of CCD and Cilin, and
integrate them by hierarchical mapping. The details of
two methods will be discussed in next two sections.

3 Integration by Direct Mapping

We first present the direct mapping algorithm, which
is a straightforward way of integrating heterogeneous

Algorithm 1 Direct Mapping

thesauruses. The procedure of it is show in Algorithm 1.

Direct mapping takes Cilin and CCD as input
(Tong_dict and CCD_dict, respectively), and go
through all WS in Cilin and CSynset in CCD. It sim-
ply adds all the words in CSynset of CCD into WS of
Cilin when two sets have the same word w. At last,
the merged dictionary Merge_ dict is returned by Algo-
rithm 1 as output. The empirical performance of direct
mapping is investigated in Section 5.

Require: Tong_dict Cilin, CCD_dict CCD
Ensure: merge_dict the dict after merge
1: function MERGE_ DICT(Tong_dict, CCD_dict)
2: Copy Tong_dict as Merge_ dict
3: for WS in Merge_dict do

4: for w in WS do

5: for CSynset in CCD__dict do

6: if w in CSynset then

7: add all words in CSynset to WS of
Merge_ dict

8: end if

9: end for

10: end for

11: end for

12: return Merge_ dict

13: end function

4 Integration by Hierarchical Mapping

CCD and Cilin have their own synonym sets, specifi-
cally, 99,646 CSynsets in CCD and 14,426 WS in Cilin.
To integrate them, a mapping among these sets is
needed. However, enumerating all possible mappings
between tens of thousands of sets is quite inefficient. In-
stead, we propose to use the hierarchical structures of
the two thesauruses to perform an efficient mapping.

Since both thesauruses are organized in a forest-based
hierarchy, the mapping between higher structures could
be used as the extra information to distinguish synonym
sets. Therefore, we perform the hierarchical mapping in
a top-down manner.
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4.1 Assigning Cilin Subdivisions to CCD Categories

From Section 2, we can see that POS of words in
CCD can be separated by their categories clearly, while
in Cilin POS should be divided in subdivision level. So
mapping classifications between CCD and Cilin should
be done in subdivision level as well. In practice, we
treat the subdivision as the largest group of semantic
classes of Cilin, which will constrain the further search
for synonyms. Because the lack of regularity, we map

the 1,425 subdivisions onto CCD categories manually.

4.2 Mapping Word Groups and CSynset Subtrees

The mapping problem has been reduced to mapping
WSs under a given subdivision to the CSynset in the
sub-forest hierarchy of the corresponding category. This
mapping is also difficult because a single word could ap-
pear in multiple synonym groups with different mean-
ings. Instead of direct mapping, we propose to use
larger unit WG and its local structure as a mapping con-
straint in order to perform disambiguation and improve
efficiency. Our disambiguation relies on two important

facts of Cilin:

e The general meaning of a WG is represented by its
title word;
¢ WGs in a subdivision have similar meanings.

These facts could be briefly seen in Figure 3. All words
in the same WG are either synonymy or hyponymy with
its title word. And the title words of all WGs in the
same subdivision either have the same hypernym or are
antonyms.

We design an evaluation metric of the mapping be-
tween a WG and a CSynset subtree that has the follow-
ing three criteria:

e Criterion 1: The root CSynset of subtree in CCD
should contain the title word of the WG;

¢ Criterion 2: The CSynsets in subtree should cover
the other words in the same WG as many as possi-
ble;

e Criterion 3: The semantic relations of CSynsets in
CCD containing title words of WGs in the same sub-
division should be as close as possible. The closeness
of two CSynsets is measured by the number of se-
mantic relations of hyponyms and antonyms on the

path connecting them in CCD.

When a title word is not contained in any CSynset
of CCD, we use the next word in the same WS to take

its place. When no words in the WS are contained in
CCD, we assign this WG as brothers of the mapped ones
in the same subdivision. Most words in these WGs are
language-specific concepts in Chinese.

Based on the above three constraints, we calculate
the scores of possible mapping subtrees for each WG,
and then choose the one which has the maximum score
as our mapping result.

4.3 Mapping Word Sets and CSynsets

After the mapping of WGs and subtrees, the WS con-
taining title word of a WG has already been mapped to
the root CSynset of the corresponding subtree, and all
the other WSs in the given WG should be mapped to
CSynsets in the subtree. In this step, the words in a WS
could be used to disambiguate different CSynsets.

Similar to the solution of mapping WGs and CSynset
subtrees, we use the following two criteria to evaluate
the mapping between WSs and CSynsets:

e Criterion 4: The CSynset should contain one or
more words in the WS;

e Criterion 5: The CSynset should be close to the
CSynsets that contains the other words in the same
WS.

Based on the above two criteria, we calculate the
scores of possible mapping CSynsets for each WS and
choose the best mapping result with the maximum score.
In particular, if the subtree of a WG has only one node,
i.e., root, all WSs under the WG are added into the sub-
tree as the direct child nodes of the root. If none of the
words in a WS is contained by any CSynsets of the sub-
tree, the WS is added into the subtree as a direct child
node of the root as well.

We should note that the WSs marked by “#” in Cilin
consists of similar words, which cannot put in the same
CSynsets. As a result, we treat each word in these WSs
as a new WS that contains a single word and map them
onto CSynsets.

4.4 A Summary of the Proposed Method

In a nutshell, the key steps of the proposed hierar-
chical mapping approach to integrating heterogeneous

thesauruses are summarized as follows:

1. Treating the subdivision as the largest group of se-
mantic classes of Cilin, and assigning Cilin subdivi-
sions to CCD categories;
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Figure 4: An Example of Synonym Sets in new resource

2. Mapping word groups and CSynset subtrees accord-
ing to Criterion 1-3, and selecting the mapping with
the maximum score;

3. Mapping Word Sets and CSynsets according to Cri-
terion 4-5, and selecting the mapping with the max-

imum score.

5 Empirical Study

5.1 Evaluation Method

After mapping, we get millions of synonym sets in
our new resource, and it is difficult and not realistic to
evaluate the result manually. Fortunately, we can evalu-
ate the similarity between words by the distance of word
vector. Word2Vec [10,11] maps a word to a dense vector
with the fixed dimensionality. This method can retain
some semantic information of words from their context.
Word2Vec can also allow similar words in semantics be
close to each other in vector space. For dataset, we use
SogouCAY to train the Chinese word embedding. Then,
we use this word embedding to represent the word in syn-
onym set generated from Section 3 and Section 4. We
apply the average v, of all vectors in synonym set to
represent the semantics of this synonym set. In other
words, the average vector is the key word embedding in
this synonym set. The Euclidean distance between this
word and v, can be utilized to measure the possibility
that a word belongs to this synonym set. The smaller
the value, the higher the possibility. This calculation is
show as Formula (1)

diS(Vi) = ”Vi - Vavgng’ (1)

where v; is a vector of word belonging the synonym set.

1) https://www.sogou.com/labs/resource/ca.php

Due to the scale of training dataset, we cannot cover
all words in CCD or Cilin. For the dis(-) of this word,
we use the average distance among the synonym set as
their dis(-). Then, we sort the words according to dis(-)
by ascending order, and get the nearest k as synonyms.
The result is shown in Figure 4. Due to the different
sizes of synonym sets, it is not convinced that using the
same strategy to select the value of k. For both direct
and hierarchical mapping, we use Formula (2) to get the
value of k,

k = len(Synonym_set) xm+2 mel0,1], (2)

where len(Synonym__set) denotes the length of synonym
set, and multiplying m means we only select the top m.
This strategy can get different k for different synonym
sets. We will discuss the value of m in detail later.

5.2 Experimental Result

Table 2 and Table 3 represent the result of direct and
hierarchical mapping. From Table 2, 125,146 synonym
sets are got by hierarchical mapping, but we only get
66,815 sets by direct mapping. Direct mapping would
cause the granularity of partitioned set cruder, since
some same words may have different semantics. How-
ever, hierarchical mapping can retain this relation when
considering the high-level mapping. Our method can
keep the synonym sets which contain the same word in
mind, and meanwhile has different semantics via using
the high-level words.

There are 17,817 WS in Cilin and 99,642 CSynset
in CCD, it seems that break the math formula of the
union of two sets because our hierarchical mapping can
get more than 117,459 synonym set. Actually, as men-
tioned in the last of Section 3, in hierarchical mapping,
the WS's which begin as # in Cilin are not synonymous
relationship, thus we get these words one by one to merge
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Table 2: A Comparison of some metrics between two methods

Direct Hierarchical
# of synonym set 66,815 125,146
# of synonym set except single word 38,462 67,540
average # of words in synonym set 5.98 2.21
# of shared synonym set 58,332
# of unique synonym set 8,517 66,814
average distance of unique synonym set  2.9868 2.1643

with CCD. This method will cause a lot of single word,
which can be treated as a synonym set alone. From Ta-
ble 2, hierarchical mapping can get more synonym sets
compared with direct mapping except the single word.

We also count the average number of words in syn-
onym set generated by two methods. It can be seen that
the sets generated by direct mapping are larger since
this method is straightforward and simple. We find that
hierarchical mapping can cover 87.30% result of direct
mapping from bottom 3 line of Table 2.

For the unique set, the average distance of unique
synonym set shows that the hierarchical mapping can
get closer distance in synonym set than direct mapping.

5.3 Effectiveness of different m

Table 3 shows the result when using different m in two
methods. From Table 3, the average distance of hierar-
chical mapping is significantly less than the distance of
direct mapping. It indicates that the result of hierar-
chical mapping is better than direct mapping. In other
words, all words in synonym sets generated by hierarchi-
cal mapping is more likely to belong a same semantics.
It is normal that the average distances of two method
both increase when increasing m. However, average dis-
tance of hierarchical mapping among different m is more
stable than that of direct mapping.

Table 3: Average distance for different m in two methods

m  direct mapping hierarchical mapping

0.3 2.0710 1.7600
0.5 2.3101 1.8300
0.8 2.5837 1.9113
1.0 2.7585 1.9176

The above result indicates that the bad words in the
hierarchical mapping have more confident than that in
the direct mapping. This phenomenon could verify that

the hierarchical mapping have higher stability than the
direct one.

6 Conclusion

In this paper, we propose a hierarchical mapping
method which can integrate two heterogeneous the-
sauruses, CCD and Cilin. Our method takes advantage
of the organizing structures of two thesauruses and
brings a novel integrated resource for Chinese syn-
onyms. As a result, we obtain a novel resource with
125,146 synonym sets which covers 148,327 words. We
use word2vec to evaluate our novel resource, and the
experimental results show that the proposed hierarchi-
cal mapping can achieve better performance than direct

mapping.
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