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Abstract—This paper proposes a new concept—intimacy for
synonyms extraction.Firstly, we find the first n similar word
labeled A1...An of the word A, and then, find the first n
similar word groups of A1,A2...An respectively, and calculate
the intimacy based on whether or not A appears in these word
groups and the position A appears to obtain the final intimacy
score. Finally, sort the final intimacy score and obtain the first
n synonyms of A. In this paper, we test on Wikipedia dataset,
and compare with word similarity computing tasks. Experiments
show that the synonyms found by this method are higher than
other methods both in subjective and objective evaluation.

Index Terms—Word Similarity, Synonym Extraction, Intimacy.

I. INTRODUCTION

With the rapid development of the Internet, the information
shows exponential growth in network media, which means
how to make full use of it is particularly significant in the
fields of Natural Language Processing(NLP), data mining and
information retrieval. Synonym extraction, as a basic job, is
important to many natural language processing applications
such as question answering[2,3], web searching[4] and so on.
In traditional NLP systems, every word is an index in the
vocabulary, and there is no correlation between words[5].At
present there is no rigorous definition of synonyms. Bengio et
al[6] put forward ”word embedding” for the first time in 2003.
Since the words can be vectorized so they can be quantitatively
measured, then the similarity between words can be compared
directly with a certain kind of method, for example, the cosine
distance[7]. After the word embedding was proposed, a num-
ber of word embedding systems are emerged such as: Latent
Dirichlet Allocation(LDA)[8,9],word2vec[10,11], and GloVe
[15]. Among them, LDA is a generative statistical model,
it uses multinomial distribution to explain the relationship
between documents, topics, or words, and at the same time
it needs to be combined with Latent Semantic Allocation
(LSA) to get word embedding. Word2vec[10,11], based on
the neural networks (skip-gram, Continuous Bag-of-Words),
obtains word embedding by learning and training corpus. But
sometimes, the similarities between a word and its antonyms
are also very close, for example, ”good” and ”bad”, the
cosine similarity is 0.727(When the two words are completely
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similar, the cosine similarity is 1), higher than its synonym
”excellent”:0.597, and this may lead to inconsistent results.
GloVe can get the linear substructures of the word vector space
by constructing the co-occurrence matrix. However, with the
expansion of the datasets, for example, the Wikipedia corpus
is about 13G, the training process will become more difficult
and spend more time. In order to calculate the similarity
between two words and obtain synonyms,Dmitry et al[17,18]
proposed a graph-based approach which can induce synsets
using synonymy dictionaries and word embedding, as same
as web search algorithm[13]. However, the method depends
on the structures of the input synonymy graphs, the sparse or
dense input of the synonymous graph directly affects the result
of the calculation. Nazar et al[21] presented an approach to
compute the similarity of English word pairs but not individual
word. In this work they used relational features between
words, however, they didnt use attributional similarity. Andrew
and Alexander[13] thought that the notion of synset(a set of
synonyms) owes its occurrence to the WordNet[14], where dif-
ferent relations (synonymy, homonymy) are indicated between
synsets but not between individual words[20]. However, with
the increase of new words or the emergence of new meanings
of words, the results are difficult to control. In conclusion, if
there is a method that can analyze the relationship between
synonyms more appropriately and quantitatively, then the task
of synonym extraction will be easier. This paper proposes a
new concept of intimacy to measure the similarity between
words,called the IBW(Intimacy between words). It is based
on people’s perception of intimacy. In general, if both pay
attention to each other, their intimacy will be higher than
if only one of them pays attention and the other does not.
Suppose there is a seed word A, firstly, we find the first n
similar words labeled A1...An of the word A, and then,find
the first n similar word groups of A1,A2...An respectively,
and calculate the intimacy based on whether or not A appears
in these word groups and the position A appears, these will
be used to calculate the final intimacy score. Finally, sort all
these words and determine the new n words as the synonyms
of A. The experiments prove that the similarity of the words
found in this method is more realistic than other methods.

II. RELATED WORK

As one of the most famous word embedding systems, the
word2vec provides the state-of-the-art results on linguistic



tasks, it is released by Google in 2013. Using the skip-gram
model[7] and Continuous Bag-of-Words(CBOW) model[11] to
train and obtain the word embedding. Although both of them
contain three layers: input layer, hidden layer and output layer,
their input and output are different. For example, suppose there
is a sentence consists five words s(t-2), s(t-1), s(t),s(t+1),s(t+2),
the CBOW predicts the current word s(t) according to the
surrounding context words s(t-2), s(t-1), s(t+1),s(t+2), while
the skip-gram predicts the surrounding context words s(t-2),
s(t-1), s(t+1),s(t+2) according to s(t)[12,16]. The word2vec
uses cosine distance to compare the similarity between words,
but sometimes the results are not satisfied, for example, by
using the word2vec we can get 16 words similar to ”bird” in
Table I.

TABLE I
TOP 16 SIMILAR WORDS OR SYNONYMS FOR BIRD.

Birds 0.733
Parrot 0.644
Mynah 0.617
Turtle 0.601
Owl 0.592

Feather 0.589
Lorikeets 0.564

Taxidermied 0.558
Magpie 0.580
Ptitsy 0.542

Chirping 0.552
Parakeets 0.549

Foodle 0.542
Gooney 0.534
Dodo 0.518
Fowl 0.546

It can be found that ”turtle” and ”feather” is not belong
to birds, but their rankings are very high, even exceed the
real birds: ”owl”. Several methods are used to solve this
problem[11,16,17,20,21], but the results are not satisfied. In
this paper, we propose a new method named intimacy to solve
this problem.

III. THE CONCEPT OF INTIMACY

In this paper, the ”intimacy” means: the similarity between
individuals, which is used to describe the selection criteria
for candidate words. This is not only the similarity between
two words, but also between multiple words, for example, in
Table II, we can get the similar words of ”owl”, ”turtle” and
”feather” by using the word2vec :

It can be found that both ”turtle” and ”owl” appear in the
similar words of ”bird”, and their rankings are also high,
however, ”bird” in the similarity ranking of ”owl” clearly
exceeds the position of ”bird” in ”turtle”. Obviously, ”bird”
and ”owl” are more similar than ”bird” and ”turtle”. Similarly,
”feather” appears in the similarity ranking of ”bird”, but ”bird”
doesn’t appear in the similarity ranking of ”feather”, therefore,
”bird” and ”owl” are more similar than ”bird” and ”feather”.
This is the theoretical basis of the ”intimacy” proposed in
this paper, it comes from the intimacy between people.The
intimacy of the words Di and Dj is defined as:

TABLE II
THE SIMILARITIES IN DIFFERENT WORDS.

owl turtle feather
Squirrel 0.591 Tortoise 0.704 Feathered 0.625

Bird 0.592 Crab 0.679 Pennaceous 0.620
Alligator 0.525 Snake 0.636 Ruffling 0.596

Glimfeather 0.519 Crocodile 0.587 Ruffle 0.551
Baboon 0.541 Elephant 0.573 Tassle 0.574
Monkey 0.548 Lizard 0.576 Ruffled 0.631

Cat 0.522 Monkey 0.535 Forelock 0.528
Rabbit 0.542 Triggerfish 0.537 Frilled 0.558

Tortoise 0.516 Gourami 0.585 Headpiece 0.551
Parrot 0.589 Parrot 0.564 Plumed 0.595

Elephant 0.501 Alligator 0.661 Vaned 0.554
Lizard 0.497 Shark 0.559 Frill 0.537
Turtle 0.498 Eel 0.540 Kerchief 0.530
Ostrich 0.517 Squirrel 0.548 Matted 0.529

Spectacled 0.555 Toad 0.563 Topknot 0.529
Ostrich 0.530 Frilly 0.544
Bird 0.601 Whiskers 0.546

S(Di,Dj) = Sim(Di,Dj)+Sim(Dj,Di)+

n∑
m=1

Sim(Di,Djm)+

n∑
m=1

Sim(Dj,Dim)

(1)

S is the intimacy fraction, D is the word set similar to ”bird”,
n is the word groups of Dj and Di, n is an adjustable parameter,
We find that when n is 117, it works best. The position function
is also called the sigmoid function,the reason we chose it is:
1. The sigmoid function converges within (0,1) . 2. The closer
to the target word, the higher the fraction. It is defined as :

Sim(Di,Dj) =
1

1 + e−x
(2)

Where x is associated with the position.Table III shows the
results after calculating the intimacy of bird. We list the top 5
intimacy words after calculation(the IBW). It shows that the
top 5 intimacy words are all belong to ”bird”.

TABLE III
THE INTIMACY USED IN THE IBW.

Seed words bird
the IBW Birds

Jubjub
Owl

Mynah
Ostrich

IV. METHODOLOGY

We obey the following experimental steps:
• Obtain the first n similar word-

s(”Birds”,”Mynah”,...”Tortoise”) of the ”bird”.
• Find the first n similar word groups of the words in step1

respectively .
• Calculate the fraction of intimacy according to the po-

sition ”bird” appears in the words of step 1 and word
groups of step 2.



• Sum and resort the fraction of each word above according
to intimacy to get the final result.

In addition to above, during the preliminary processing
of wordset, we also use NLPIR participle system system to
remove words from different parts of speech.

V. EXPERIMENTS

A. Training Models

In this paper we used Wikipedia corpus to train word2vec
and Glove,as a comparison, during training word2vec,we set
the dimension is 200, the window is 5 and min count is 10.

B. Analysis And Comparison Of Experimental Results

To evaluate the validity of our model, we compared our
results with the word2vec, the WordNet and Glove. We se-
lected about 103 most common seed words to test, and asked
11 persons to give their marks to the words, if they thought
the word is exactly similar to seed word, the score is 10, if
they thought they have no similarity, the score is 0. Due to the
limitation of the length of this article, Table IV and Table V
list the top 7 similar words of each method. If the number
of synonyms are less than 7,then all are listed. The last two
lines show the average mark and standard deviation. Table VI
shows the average of 103 common seed words average mark
and standard deviation.

TABLE IV
SYNONYMS OF ”BIRD”.

Bird
IBW word2vec(wiki) WordNet Glove(wiki)
Birds Birds Bird Birds
Jubjub Parrot Fowl melaselvanur
Owl Mynah kersees

Mynah Turtle hohow
Ostrich Owl attiveri
Goose Feather gerhl
Dodo Lorikeets mangalavanam

ave 7.64 7.01 8.22 4.04
std 1.97 2.06 1.73 4.13

TABLE V
SYNONYMS OF ”BEIJING”

Beijing
IBW word2vec(wiki) WordNet Glove(wiki)

Shanghai Shanghai Beijing Sineirina
Guangzhou Taibei Shanghai
Shenzhen Shenzhen China

Taipei Seoul Zaoxing
Nanjing China Guangzhou
Tianjin Changchun Taolunhui
Wuhan Baxy seoul

ave 7.11 6.83 10 5.13
std 2.03 2.47 0 4.51

Table IV, Table V and Table VI shows that the IBW is more
close to human estimates than other methods, we can get the
same effect and even better than those methods: For ”bird”, the
word2vec expands ”turtle” , it is obviously not belong to birds.

TABLE VI
AVERAGE OF 103 COMMON SEED WORDS

method IBW word2vec(wiki) WordNet Glove(wiki)
Average of ave 7.03 6.77 7.71 4.72
Average of std 2.04 2.52 1.81 4.01

For ”Beijing”, our method expands ”Shanghai, Guangzhou”,
however, the WordNet only find ”Beijing”, which is less rich
due to the fact that it focus on a particular aspect[18].Glove
only focus on cooccurence, it contains limited semantic infor-
mation for the word embeddings,resulting in a lower score.

C. Evaluation Using F score

We calculated the F score of top 10 and top 20 of rank lists
in our results. The F score is used in the field of information
retrieval and statistical classification to evaluate the quality of
the results. In this paper it is known as F[25,26]:

F = 2 • precision • recall
precision+ recall

(3)

Precision is used to calculate the degree of the evaluation
words(words in the WordNet synonym dictionary) in the top
10 of expanded word list, recall is used to calculate the degree
of the evaluation words expanded by models in the top 10 of
word list. Higher values indicate better results. We selected
about 20K most common seed words and compared our results
with one well-known embedding, Glove[15], and we validated
our model(the IBW) on the Wikipedia data(wiki) the results
are given in Table VII.

TABLE VII
EVALUATION OF OUR METHOD AND GLOVE.

models F(10) F(20)
IBW(wiki) 0.339 0.370

word2vec(wiki) 0.338 0.363
Glove(wiki) 0.234 0.245

In Table VII, the F score of ours is the highest compare
with the word2vec(wiki) and Glove(wiki),which proves the
effectiveness of our method.

D. Evaluation Using ρ

Above all, in order to prove that the algorithm is closer
to human cognition, we also reported the spearmans rank
correlation coefficient. It assesses the relationship between
two variables, and it can be described by using a monotonic
function. A perfect spearman correlation of +1 or -1 occurs
when each of the variables is a perfect monotone function of
the other. It is defined as:

ρrx,ry =
cov(rx, ry)

σrxσry
(4)

Where
ρ denotes the usual Pearson correlation coefficient, but

applied to the rank variables.



cov(rx, ry) is the covariance of the rank variables.
σrx and σry are the standard deviations of the rank variables.
rx and ry are the ranks of x,y.
We used several different datasets: WordSim353[27],

SCWS[28], Rare Words[24], MEN[29] and SimLex999[30],
which provide words and their similarity judgments by human-
s. We selected about 20k most common used seed words and
used the word2vec and the Glove as comparison. Table VIII
presents the (average) Spearman rank correlation for various
datasets.

TABLE VIII
TABLE TYPE STYLES

Datasets WordSim353 SCWS Rare Words MEN SimLex999
word2vec(wiki) 0.493 0.532 0.323 0.531 0.215

IBW 0.514 0.537 0.317 0.540 0.224
Glove(wiki) 0.304 0.206 0.148 0.224 0.054

It can be found that our model outperforms the
word2vec(wiki) and Glove(wiki). The words in Rare Words
are rare and complex, causing interference in the training of the
words and resulting in a lower score.Therefore, it is necessary
to pay attention to the training of complex and rare words.

VI. CONCLUSION

This paper proposes a new method of synonym extraction,
it is based on people’s perception of intimacy, and it is
different from traditional similarity-based methods. Firstly, we
find the first n similar words labeled A1...An of the word A,
and then,find the first n similar word groups of A1,A2...An
respectively, and calculate the intimacy based on whether
or not A appears in these word groups and the position A
appears, these will be used to calculate the final intimacy
score. Finally, sort all these words and determine the new
n words as the synonyms of A. Experiments show that our
method outperforms the other methods both in subjective and
objective evaluation.
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