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Abstract—Recently, the document information managed in
companies becomes complex and various more and more. Specification documents are used for the technical transfer and inheritance of manufactures and services. However, the description and
the meaning of the component words in specifications are often
inconsistent or multiple, because a specification document is made
by the persons in charge of various parts. Then the readers may
misunderstand the contents of specifications by its inconsistency.
This paper focuses on synonyms, multiple description of words
for a meaning or a word, in specification documents and proposes
an extraction method of them considering the co-occurrence
words of each morpheme in compound words. This paper applies
the proposed method to a test data, in which some words in
an actual specification document are replaced with words, and
studies the effectiveness of the proposed method.

I. I NTRODUCTION
Recently, the document information managed in companies becomes complex and various more and more with the
development of the computer performance and the accumulation of technologies. Specification documents are used in
various situations for the technical transfer and inheritance of
manufactures and services. Specifications are the documents
describing the flow of operations and each process, which
include the procedures of the project and the arrangement
based on the agreements, and they are necessary when people
want to transfer the complicated contents of work or the
requirements to other people in charge or customers. However,
a specification document is usually made by plural persons in
charge of various parts, which often causes multiple description or definition of the component words. The readers may
misunderstand the contents of specifications by these multipledescription/definition. This paper focuses on synonyms in
specifications, which are the multiple description of words
for the same meaning, and tries to extract the candidates of
them in the document. Showing the candidates of synonymous will support and reduce the burden of reviewing the
specifications greatly. A lot of research has been reported for
the detection of the synonyms in documents [1], [2]. One
of these approaches is to use dictionaries such as thesaurus.
However, the synonyms in specification documents are those
just in the small corpus, i.e., the target document, and a
lot of unknown words or technical terms which thesauri do
not have can be the synonyms. Another approach is based
on the distributional hypothesis [3], [4] that synonyms have

similar contextual information. Based on this hypothesis, the
contextual information for each word is represented as the cooccurrence vector, which is the co-occurrence relation with
other words in the document, and the degree of similarity
between words are quantified based on the index such as
the cosine similarity of the co-occurrence vectors. However,
it is difficult to quantify the similarity of the contextual
information effectively because the cosine similarity calculates
the exact matching of words without considering the similarity
of meaning or use.
This paper proposes an extraction method of synonyms in
specification documents, which are difficult to be extracted
based on thesauri. The proposed method employs the similarity
of the contextual information described above, then it is
expected that the specific synonyms which are shown just
in the document can be extracted. The technical terms, most
of which are compound words, are intended in the proposed
method by dividing the compound words into the morphemes
which are the smallest semantic units in a language. Moreover,
the proposed method employs the aggregation method of the
words in the co-occurrence vector based on the thesaurus to
consider the similarity of meaning or use between the cooccurred words. The compound words are also aggregated
using the dominant weight of each morpheme.
This paper applies the proposed method to an actual specification, in which half of some words are replaced into
words to put artificial synonyms in the document, and studies
the effectiveness of the proposed method by the extraction
performance of the candidates of synonyms for the replaced
words.
II. R ELATED W ORK
A lot of research to extract synonyms in documents automatically has been reported. Terada et al. [5] detected synonyms aiming for the correspondence between an abbreviated
word and its basic form, using the local information around the
words as the contextual information. Wang et al. [6] studied
the validity of the method which gave the different weights
to four features of the contextual information, the adjective
modifying a noun, the verb taking a noun as its object/subject,
and the neighboring words of a noun. They also proposed
the re-rank method of the calculated word pairs using the
word-similarity network. Though the aim of these studies is

similar to this paper in terms of extracting synonyms, the
target documents are basically general in these studies while
those are specification documents with a lot of synonyms of
technical terms in this paper. Terada et al. [7] intended to
extract technical terms and their synonyms in a particular area
using queries and proposed the tool to show the candidates
of synonyms. This method is the extension of [5] to Japanese
with some devices in the use of the contextual information. It is
different from this paper in terms of dealing with a compound
word as one word.
III. P ROPOSED M ETHOD
This section shows the flow of extracting synonyms by the
proposed method.
A. Generation of Co-occurrence Vector
First, this method generates co-occurrence vectors to all
nouns in the document which are the target of synonyms to
be extracted. As the contextual information, this method uses
the words which appear in the same sentence except for itself.
The elements of the vector are all nouns, verbs and adjectives
which appear at least once in the document, and the value of
each element is the number of occurrences. When successive
nouns appear, it regards them as a compound word and one
element of the vector.
B. Calculation of Dominant Weight
This sub-section calculates the dominant weight of each
morpheme in the compound words. A compound word is
divided into morphemes and the dominant weight for each
morpheme is given by the strength of the word. This strength
of a word means the uniformity of the meaning of compound
words when the word, i.e., the morpheme, becomes a part of
compound words, and the uniformity is quantified by the cooccurrence of the compound words. The hypothesis here is
“The more strongly a word dominates, the more similarly the
compound words are used.” TABLE I shows the co-occurrence
vector of “system” and “change” which are the morphemes of
the compound word “system change.” The dominant weight is
calculated as shown in eq.(1).
𝐷𝑜𝑚𝑖𝑛𝑎𝑛𝑡𝑊 𝑒𝑖𝑔ℎ𝑡 =

𝑁𝑥
𝑁𝑦

(1)

In eq.(1), 𝑁𝑦 is the number of co-occurrence words which
appear one or more times in the co-occurrence vectors of
the compound words, e.g. 8 in TABLE I (a), and 𝑁𝑥 is the
number of co-occurrence words which appear more than once
in the vectors, e.g. 2, “proposal” and “update,” in TABLE I
(a). When dominant weight becomes “1,” it means no matter
which words are combined with, the use of the compound
words, i.e., the co-occurred words, is similar. In TABLE I,
the dominant weight of “system” is 2/8 = 0.25, and that of
“change” is 5/6 ≃ 0.83. The dominant rate is also calculated
here, which becomes as follows;

𝐷𝑜𝑚𝑖𝑛𝑎𝑛𝑡𝑅𝑎𝑡𝑒(“𝑠𝑦𝑠𝑡𝑒𝑚 𝑐ℎ𝑎𝑛𝑔𝑒”) :
0.83
0.25
:
0.25 + 0.83 0.25 + 0.83
= 0.23 : 0.77
(2)

“𝑠𝑦𝑠𝑡𝑒𝑚” : “𝑐ℎ𝑎𝑛𝑔𝑒” =
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C. Generation of Concept Vector
This sub-section generates concept vectors using dominant
rate described in III-B. This study defines “concept” which
is the aggregated group of words in the vectors based on a
thesaurus. This paper uses “Nihongo Dai-Thesaurus” [8] as
the thesaurus. This thesaurus has three hierarchical groups
of words. This paper calls the highest level group as “large
concept,” middle one as “middle concept,” and lowest one
as “small concept.” The small concept is the minimum unit
of words to be aggregated, and the small concepts and the
words belonging to them are aggregated to the upper concept,
i.e., middle concept. Compound words are considered as
one element of co-occurrence vectors, and aggregated to the
concepts considering dominant rate. Fig.1 shows an example
of the aggregation of the compound word “system change”
to the concepts based on the dominant rates. In this example,
“system change” in III-B is aggregated to the concepts that
“system” belongs to as 0.23, and to those “change” belongs as
0.77. “system” belongs to “computers,” “information science,”
and so on in the small concept, and “change” does to “reform.”
When a word co-occurred with “system change” three times,
the values of the element in the concept vector for this
word become 3 × 0.23 = 0.69 for “computers,” “information
science” and 3 × 0.77 = 2.31 for “reform,” respectively.

the extraction of the candidates of synonyms is evaluated by
the rank order of those words for the candidates in the all
pairs of nouns in the document. The synonyms in TABLE II
are originally written in Japanese. A and B in TABLE II are
high frequency words, C and D are middle frequency words,
and E and F are low frequency words.

Co-occurrence vector

䈈
䈈

䈈
䈈

system
change
3

䈈
䈈

䈈
䈈

Concept vector

䈈
䈈

computers
0.69

Fig. 1.

information
science
2.31

reform

䈈

2.31

…

TABLE II
C ORRECT W ORDS M ADE BY R EPLACEMENT

Example of Aggregation to Concepts

pair

D. Calculation of Similarity
Equation (3) shows the modified cosine similarity to calculate the similarity between concept vectors. In eq.(3), 𝑘 is the
adjustment term for the consideration of low frequency words,
because it is often seen that low frequency pairs of words tend
to have high similarity.
√

⃗𝑥 ⋅ ⃗𝑦
√

∣⃗𝑥∣2 + 𝑘 2

∣⃗𝑦 ∣2 + 𝑘 2

(3)

E. Filtering of Candidates of Synonyms
This method can filter the candidates of synonymous by
appending some rules arbitrarily. The rules which users can
select are shown below.
(a)Pairs which do not appear in a common sentence
(b)Words which do not contain a number
(c)Pairs of words whose detailed classification of a part of
speech are matched
(d)Pairs of words whose concept or one of the concepts of
the morphemes are matched
(e)Using string matching or edit distance as the threshold
(a) is the rule to exclude the pairs of words which appear
in a common sentence from the candidates because the cooccurrence of these pairs tends to be similar. Besides, synonyms rarely appear in a common sentence except for the
explanation of the abbreviation. In (b), the words containing
a number can be hardly synonyms, and there are a lot of
sentences that only the number part is different in specification
documents, which makes the similarity of those words high.
(c) verifies whether detailed classification of a part of speech,
e.g., proper nouns, common nous and concrete nous, are
matched. (d) and (e) are the filtering by the meaning or the
description.
IV. E XPERIMENT

A
B
C
D
E
F

before replacement
number of
occurrences
89
61
16
17
8
10

word
management
operation trustee
making
obstacle
probe
keeping space

after replacement
number of
occurrences
75
56
23
16
6
5

word
supervision
management trustee
establish
abuse
consideration
preserving space

B. Effects of Aggregation by Concepts
First, the effect of the aggregation by the concepts was
studied comparing with no aggregation, i.e., using the cooccurrence vectors described in III-A. Here, 𝑘 in eq.(3)
was set to 0, and the dominant weight was not taken into
consideration and the weight of each morpheme in compound
words was equivalent. TABLE III shows the similarity which
is calculated by eq.(3) and the rank order of the artificial
synonyms in TABLE II. The sorting of the rank is given by
the descending order of the similarity. “words” in TABLE
III means no aggregation, and “large concepts” means that
large concepts were used for the aggregation in the concept
vector described in III-C. The upper value in TABLE III is
the value of similarity for each pair, and the lower value
is the rank order in all candidates. The number of pairs
in the document was 2,593,503, which means the pair of
correct synonyms A, “management” and “supervision,” appear
as the 2792th candidate of synonyms in 2,593,503 pairs in
“words.” In TABLE III, the rank orders using the concept
vector are superior to those using the co-occurrence vector in
all synonyms. It is important to raise not only the similarity
but also the rank order, because the reviewer looks over the
candidates of synonyms from the top in rank. More over, we
can see that larger concepts show better result. One of the
reason is that the co-occurrence vectors were too sparse to
extract the proper contextual information because of the large
amount of pairs. In the following experiment, this paper uses
the large concepts for the aggregation whose result was the
best in TABLE III.

A. Specification Document and Synonyms

C. Study on Consideration of Dominant Weight

The proposed method was applied to “Outsourcing operations specification of information center system for cancer
measures in 2009 (in Japanese)” [9] from the Ministry of
Health, Labour and Welfare (Japan). We put artificial synonyms in the document by replacing half of the words in the
left column of TABLE II into other words shown in the right
column of TABLE II. In this experiment, the performance of

Second, the effect of the dominant weight was studied with
the following conditions.
Method 1: 𝑘 = 0 in eq.(3)
Method 2: 𝑘 = 3 in eq.(3)
Method 3: 𝑘 = 3 in eq.(3), and filtering rule (a), (b) and (c)
in III-E were applied.

TABLE III
E FFECT OF AGGREGATION BY C ONCEPTS
large
small
middle
pair
words
concepts
concepts
concepts
0.914
0.960
0.968
0.982
A
2792
1508
1382
1569
0.905
0.964
0.968
0.991
B
2914
1433
1394
1035
0.488
0.947
0.948
0.975
C
106282
1871
1985
2125
0.780
0.921
0.926
0.970
D
8359
2800
2659
2035
0.761
0.919
0.926
0.967
E
7338
3196
2989
2860
0.690
0.866
0.885
0.950
F
13144
11092
7367
6348

TABLE IV shows the result of the similarity and rank
order in Method 1 to Method 3 without consideration of the
dominant weight. The number of pairs in Method 1 and 2
was 2,593,503, and that in Method 3 was 618,297. In TABLE
IV, the rank order of Method 2 and 3 were higher than that
of Method 1 in all synonyms. The adjustment term 𝑘 and
the filtering rules in the proposed method worked very well
especially in the high frequency words. The exclusion of the
noise candidates, high similarity because of low frequency,
appearing in the same sentence, and just the difference of the
number part, made the rank order of the correct synonyms
higher.

TABLE V
R ESULT U SING D OMINANT W EIGHT
pair
A
B
C
D
E
F

Method 1
0.982
1504 (-65)
0.990
981 (-54)
0.974
2038 (-87)
0.967
2694 (78)
0.970
2422 (-438)
0.955
4451 (-1897)

Method 2
0.982
164 (-10)
0.990
7 (-5)
0.974
449 (5)
0.966
1096 (93)
0.964
1344 (-488)
0.942
4699 (-2379)

Method 3
0.982
3 (0)
0.990
2 (0)
0.974
14 (0)
0.966
51 (5)
0.964
81 (-74)
0.942
674 (-492)

meaning of compound words, the aggregation of words in
the co-occurrence vector based on the concept, the adjustment
term to consider low frequency words, and filtering rules to
exclude noise candidates were introduced in this paper. The
proposed method was applied to an actual specification which
had artificial synonyms by replacing words, and the results
showed the proposed method worked very well to extract
synonyms in the specification documents. For the further work,
the study on other calculation methods for dominant weight,
the proper value of the adjustment term 𝑘, and more effective
exclusion of noise candidates will be needed. We will also
apply the proposed method to other specification documents.
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V. C ONCLUSION
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