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Abstract

In this paper, to improve the accuracy of long sentence similarity calculation, we proposed a sentence similarity
calculation method based on a system similarity function. The algorithm uses word2vector as the system
elements to calculate the sentence similarity. The higher accuracy of our algorithm is derived from two
characteristics: one is the negative effect of penalty item, and the other is that sentence similar function (SSF)
based on word2vector similar elements doesn’t satisfy the exchange rule. In later studies, we found the time
complexity of our algorithm depends on the process of calculating similar elements, so we build an index of
potentially similar elements when training the word vector process. Finally, the experimental results show that
our algorithm has higher accuracy than the word mover’s distance (WMD), and has the least query time of
three calculation methods of SSF.
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1. Introduction

Sentence similarity calculation is widely used in many fields and plays a very important role [1]. It has
always been a key issue in text information processing technology and natural language processing (NLP)
[2]. In different application fields, the calculation of sentence similarity expresses different meanings and
functions. Therefore, it can be widely used in many applications, such as recommendation system [3],
intelligent retrieval [4], paraphrase generation [5], automatic summarization [6-8], ontology building [9],
digital library systems [10], question-answer systems [11], and so forth.

In recent years, the rapid development of machine learning, deep learning, and other technologies has
led to the rapid progress of natural language processing and related technologies, and the fast updating
iteration of the underlying technology also makes the method of sentence similarity calculation change
constantly. Among them, the method of using word vector to calculate word similarity and combine with
similarity function is favored by many researchers because of its higher accuracy than other methods.
Guo and Xing [12] proposed a method to calculate sentence similarity by using editing distance and
Jaccard coefficient with the vector as the basic element. Li et al. [13] proposed the use of word vectors to

represent the meaning of words and considers the influence of multiple factors such as word meaning,
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word order and sentence length on the calculation of sentence similarity. Arora et al. [14] proposed model
sentences based on word vector and unsupervised methods. Mrabet et al. [15] proposed a completely
different approach to the calculation of sentence similarity based on word vector, the algorithm draws on
the idea of DNA matching in biology, and fully considers the influence of word order on sentence
similarity in sentence structure. Xu [16] proposed a method based on the similarity calculation function
and word vector to calculate the text similarity, in this paper, this method is called W] method, which can
only calculate the sentence similarity after the change of simple synonyms. Kusner et al. [17] proposed
the word mover’s distance (WMD), which can solve the synonym problem well, but it has a poor effect
on the similarity calculation of the new long sentence of the "short-long" type or the "long-long" type
formed by the original sentence. Guan et al. [18] believe that everything in the information world can be
regarded as a system, the system is composed of elements, and the system has similarity, the system
similarity function can be used to calculate the similarity between the two systems.

From some prior work, we find the main problems in the current sentence similarity calculation: (1)
adjusting the word order, the passive sentence and the active sentence to exchange sentence patterns; (2)
sentence synonym replacement or word-of-speech words are replaced with each other; (3) extending the
original text to the long text. Aiming at the above problems, the main idea of sentence similarity
calculation is: words are the basic elements of the sentence, and word vectors can calculate word
similarity, so the mainstream sentence similarity algorithm uses the word vector to replace the word as
the expression of the sentence, then compare the expression’s similarity. In order to solve the problem of
original sentence extended growing sentences and their synonyms or words with the same part of speech
in sentence similarity calculation, a sentence similarity algorithm based on word vector is proposed in
this paper under the framework of system similarity function [19], and in order to reduce the time
complexity, an SSFP (index of potential similar elements) algorithm is proposed on the basis of algorithm
SSF (sentence similar function).

Inspired by the influence of system similarity function and application of word vector in sentence
similarity algorithm. Our main contributions are as follows:

1. Our paper proposes a sentence similarity function based on word2vec as a system element, and
calculating the similarity of sentences based on a system similarity function.

2. In order to speed up the calculation of similar elements, we propose to construct indexes of
potential similar elements in the process of word vector training. This greatly reduces the

calculation time.

The rest of the paper is organized as follows: Section 2 discusses the related work. Section 3 describes
the SSF. Section 4 discusses the optimization of calculating similar elements. In Section 5, the accuracy
and time consumption of SSF and SSFP is experimentally verified on three data set. Section 6 gives

conclusions.

2. Related Work

With the development of NLP, the related methods of text similarity calculation are evolving. In recent
years, the combination of word vector [16,17] and other similarity measurement functions has been
widely concerned. One of the most famous is the WMD algorithm proposed by Kusner et al. [17]. In this
paper, the method proposed by Xu [16] is called W] algorithm. In the experimental part, we will prove
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the superiority of SSF by comparing the performance of WMD, WJ.

WMD combines word vector and the earth mover's distance (EMD) to calculate text distance. WMD
uses the word frequency of two sentences to do the EMD algorithm respectively. Therefore, WMD
conforms to the characteristics of positive qualitative, homogeneous and inequality, and also ensures that

the input and output of weight value are equal, which satisfies the fourth constraint condition.

WMD = min Y T,c(i,j)

T=0 ;521

S T,=d, Vic {1,.n) (1)
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where T ; is corresponding weight matrix, d;, d; is the frequency of words, c(i, ) is the distance between

the i-th word and the j-th word, a represents the i-th word vector and b represents the j-th word vector.
WTJ uses word vector to realize the calculation process of word similarity in Max(a;, b;), then the

similarity of sentences is calculated by the formula (3):

Z w; Maz (a;,b;) + ijMax(bj,a,)
=1

Sim(A,B) = = — =
Zw, -+ ij
i=1 Jj=1

where m and n represent the number of elements contained in the word set A and the word set B,

3)

respectively. w; and w; represent the weight of the i-th word and the j-th word. Max represents the

maximum similarity.

3. Sentence Similarity Function

3.1 Definition of SSF

After the word segmentation and stop word processing, sentence A could be converted into word
vector set S4 by loading the word vector table. For any two sentences A and B, their similarity is expressed
as the similarity of word vector sets Saand Sz, and the sentence similarity function, SSF(A, B), is used to
calculate the similarity of the two sentences, which can be regarded as the cosine value of the angle a

between vector X and Y:

X = (Xl, xz, e ,Xm, O, . ,O)N,
Y = (U, XUy, oo, XpUp, 0, 1,0, Yp i1, Ypa2s -+ Vo) s

where N is a positive integer, the corresponding range of values is N = m + n; so the SSF value range is
[0, 1].

— The former m terms x;(1 < i < m) in the vector X is the word’s weight of Sa;

- Thentermsy; (1 < j < n) in the vector Y is the word’s weight of Sg;
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— The former p terms u; of x;u;(1 < i < p) in the vector Y represent the similarity of similar
elements of S4 and Sg;
— The former p terms x; of x;u;(1 <i < p) in the vector Y represent the weight of similar
elements;
— The latter terms y, (1 + p < k < n) represent the weight of non-similar elements;
The similarity calculation of any two sentences can be expressed by SSF(A, B), as shown in formula (4).

»
(O

- - (4)
St St 3
i=1 i=1

i=p+1

SSF(A,B) =

In formula (5), x: and yi represent the weight of the word, and the weight of the word is calculated by

using the frequency of the word.

€; €
:ci — m i — n
Z (5)
E € €
i=1 y=1

where e; represents the number of times that the i-th word appears in the sentence.

3.2 The Features of SSF

It is easy to prove that SSF(A, B) satisfies the following conditions:
(a) SSF(A, B) is a monotonically increasing function for the weights of similar elements;
(b) SSF(A, B) is a monotonically decreasing function for the weights of non-similar elements;

(c) SSF(A, B) is a monotonically increasing function for the similarity of similar elements;

3.2.1 Monotonic

Through the above three available conditions of (a) (b) (c), the SSF algorithm has monotonicity, and
the feature of the function ensures that the similarity of two sentences with the parameters of the linear

monotone increasing or decreasing.

3.2.2 Does not satisty the exchange law
SSF(A, B) # SSF(B, A) could be verified. This feature of SSF has great advantages in calculating two

sentences with a large difference in length. For example, in the search engine domain question answering
system or the intelligent retrieval system, the question text is usually short but the high-quality answer
text or the search result text is usually long, therefore, it does not satisfy the exchange law to calculate the
text similarity based on "left" (the first text), which is more consistent with the application of the actual

question and answer and retrieval system.

3.2.3 Penalty items

In general, some words (such as negative words, interference words, etc.) in the text have negative or
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reverse effects on the expression of the whole text. The SSF has a penalty effect on non-similar elements
(including single words, negative words, noise words, etc.) according to the condition (b). This feature of

the SSF will show good accuracy for the similarity calculation of long sentences.

3.3 The Calculation of Similar Flements

The time complexity of SSF is mainly affected by the calculation of similar elements, that is, if the time
of similar element calculation becomes shorter, the calculation time of SSF will be shortened. on the
contrary, the calculation time of SSF will increase. u; represents the similarity of a similar element, as

shown in formula (6).

argmax (sim(a;,b))), if >u,
=y U (©6)
0o , if <u,

where the sim (a; bj) represents the cosine of the angle between two vectors as the calculation of similar
elements.

U, is the judgment of the similarity threshold. Guo and Xing [12] provides the following relevant
conclusions: [0, 0.25) is not similar, [0.25, 0.4) is similar, [0.4, 0.5) is very similar, and [0.5, 1] is basically
equivalent.

We give an intuitive way to calculate similar elements as shown in Table 1. In this paper, the calculation
method of this double cycle is called SSFN (SSF naive).

Table 1. SSF of calculating similar elements u

Input: S4, S, ug
Required variables: S=[ ] is similar element set ; NS=[ ] is non-similar set of elements, maxsim=0;
Output: u=(]

1: For a; in Sado

2:  For biin Sz do

3. if cos(ai,bi) > maxsim
4 maxsim = cos(ai,b:);
5:  End for

6: if maxsim >y, then
7 S.add(a)

8 u.add(maxsim)
9: else

10: NS.add(a:)

11 u.add(0);

12: End for

4. The Optimization of Calculating Similar Elements

In the context of big data, the text-similarity performance test system requires an efficient sentence
similarity algorithm, the time complexity of the SSF focuses on the optimization of calculating similar

elements.
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4.1 SSFT (SSF Temporary Index)

To reduce the calculation of a double cycle to one cycle, a further approach is to construct an index of
Sp for each vector a; in Sa.

According to experience, the dimension of the word vector is generally 200-300 dimensions to get
better results, using the open-source project FAISS to do this index job.

For a vector a; in Sa, we search for the vector b;with the highest similarity in the temporary index;, so
that the process requires only one similarity calculation.

The n times calculations of similar elements <a;, bj> are reduced to vector searching, thereby reducing
the execution time of SSF.

But there is a flaw that when every time similar elements of a sentence are calculated, a temporary index
needs to be built once, and the index cannot be reused.

The method of a temporary index is called the SSFT algorithm (SSF Temporary Index), as shown in
Fig. 1.

Search result: similar element <g; , b> with
argmin||e; |

i eeR! ﬂ

For each a; — —
ajaray |
I Index
' ﬁﬁﬁz e Rd .
b; b;..bn 4»5 i

Fig. 1. Similar elements calculation process of SSFT.

4.2 SSFP (Index of Potential Similar Elements)

In order to solve the problem that the index can’t be reused, we off-line establish an index of potential
similar elements in the process of word vector training. We could search for the index to complete the
calculation of similar elements without having to repeatedly create a temporary index.

The steps for creating the index of potential similar elements:

Step 1: Establishing an index for all the word vector set by trained word vector model.

Step 2: Traversing any vector v to search the index to get a return set. In this set, the potential similar
elements have abstained with the similarity is greater than the threshold wo, in similarity
descending order.

Step 3: The physic index of potential similar elements could be implemented by a Huffman tree.

According to the hierarchical Softmax strategy in word2vec, an original word2vec Huffman tree
constructed on the basis of the word frequency, and each node (except the root node) represents a word

and its corresponding vector.
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replace

|—> potential similar element 2
potential similar element 3

potential similar elements

| word | vector | | word | vector

Fig. 2. The physic data structure of potential similar elements.
We try to replace the vector with potential similar elements. So each node of the tree represents a word
and its corresponding potential similar elements instead, as shown in Fig. 2. This method via the global

index of potential similar elements is called to be SSFP, as shown in Table 2.

Table 2. SSFP of calculating similar elements u

Input . Sa, S, Uy

Required variables: S=[ ] is similar element set ; NS=[ ] is non-similar set of elements, P=[] is potential similar
elements; maxsim=0;

Output: u=[]

1: For a; in Sado
2: P[]= searchHuffman(a:);
3: For bjin Sz do

4:  For prin P[] do

5 if b .equals(px.vector)
6 S.add(ai)

7: u.add(pr.sim)

8 Break to loop gi+1;

9 End for

10: End for

11:  NS.add(a:)

12:  wu.add(0);

13: End for

4.3 Time Complexity Analysis of SSFN, SSFT, and SSFP

Suppose that the number of sentence pairs to be similarly calculated is L, the average number of word
vectors of the word vector set S4 is m, and the average number of word vectors of the word vector set Sg

is n, d represents the dimension of the vector.

(1) In SSEN, whether all elements which constitute similar elements (u:) are calculated once by using
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formula (6), and the time consumption of calculation is determined by the number of vector
dimension, the time complexity of SSFN is O(LmnxTcos), where Tcos is the time of cos(6)
between vector a; and b, and equals d. so the time complexity of SSEN is O(Lmnxd).

(2) 1In SSFT, in order to reduce the number of similar element calculations in SSFN, the method of
constructing an index is used, the index is equivalent to fuzzy search, and then the similar element
is calculated to determine whether it constitutes a similar element, the time complexity of SSFT
is O (LmTindex +Lnlog(m)d), where Tindex is the time to index each word vector, and log(m) is
the number of times to look up in the index. Since the Tindex value is small that LmTindex can
be ignored, compared with Lulog(m)d. the time complexity of SSFT approximately equals to
O(Lnxlog(m)d).

Suppose d (the number of dimensions) is 300, m (the number of word vectors of the word vector set
Sa) is 50, and K (the total number of the dictionary) is 160,000. We can deduce that the time of Tcos is
seen like 300 times of CPU operation, the time of searching Huffman tree log(K) is seen like 400 times of
CPU operation. So the time proportion of SSFP:SSFT:SSFN equals to 400:2100:15000. So the time
complexity of SSF is shown in Table 3.

Table 3. The time complexity of SSF

Algorithm Time complexity Proportion
SSEN O(Lnxmd) 150
SSET O(Lnxlog(m)d) 21
SSFP O(Lnxlog(K)) 4

5. Experimental Evaluation

5.1 Experimental Preparation

5.1.1 Word vector training corpus

The data set of training word vector model is Wikipedia Chinese corpus [20] which requires data
cleansing, traditional and simplified conversion, and so on. The amount of Wikipedia Chinese corpus
downloaded is about 1.12 GB and 4 million articles. The model of training word vector is the combination
of the Skip-gram model and hierarchical Softmax strategy, and the code of training word vector is the
word vector toolkit [21]. In general, the threshold value of calculating similar elements is o = 0.5, the

dimension number of word vector is 200.

5.1.2 Evaluated algorithms

The algorithms involved in the time complexity comparison experiment are SSFN, SSFT, and SSFP,
since SSFN, SSFT and SSFP only calculate the similarity element in different ways, the error of the
similarity calculation results of the three is zero, and the similarity accuracy is consistent. SSFN, WMD
and W] algorithms were selected to participate in the experiment of precision comparison. An overview

of the algorithms involved in the accuracy comparison is shown in Table 4.
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Table 4. Relevant algorithms for participation in the accuracy comparison

Algorithm Brief description Ref.
WMD Calculating the moving distance of word vector [22]
SSF Calculating the similarity by similar elements and no-similar elements [23]
W] Take the weight of words into account in the similarity calculation [24]

5.1.3 Experimental data

The experimental dataset is divided into the following three categories:

- News: from Guangming Daily, People's Daily, and other News articles (400 news), the average
length of news is 500 words;

- Wikis: from Wikipedia and other encyclopedia texts (400 wikis), the average length of the wiki
is 2000 words;

- Papers: from papers and periodicals, etc. (400 papers), the average length of a paper is 20,000
words.

Each kind of data set which is randomly selected from the three categories is divided into four groups,
each group contains 100 pieces. The first group has 100 titles of 10 words, the second group has 100 titles
of 25 words, the third group has 100 titles of 35 words, and the fourth group has 100 titles of 50 words
(Table 5).

Table 5. The groups of the experimental dataset

Dataset
News Wikis Papers
Number of data 400 400 400
Average number of words 500 2,000 20,000
Average number of sentences 20 80 800
Group Group 1 (100 titles of 10 words), Group 2 (100 titles of 25 words),

Group 3 (100 titles of 35 words), Group 4 (100 titles of 50 words)

5.2 Evaluation Indicator

The first is the accuracy of similarity calculation comparison, the essence of WMD is to calculate the
distance between texts, and W] and SSF are to calculate the similarity directly. The distance of the text
and similarity can swap, the smaller the distance, the greater the similarity, the greater the distance, the
smaller the similarity. In order to make a reasonable evaluation, we used sentence similarity calculation
in [2] as an experimental method.

As shown in Fig. 3, the experimental process is divided into two stages: calculation and result
comparison:

1. Calculation step: Traversing the similarity (or distance) between the title sentence and the S; in the
sentence set S.
2. Results comparison step: The sentence with the highest similarity (or the smallest distance)

compared with the artificially marked sentence.
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N Sentence 3
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The sentence of e
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Highest SSF calculation
“~ similarity to title —— similarity
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results

Fig. 3. Experiment process.

5.2.1 Accuracy

First of all, a graduate student of Chinese language literature is invited to manually mark the most
similar sentences which are the most similar to the title in each type of data set. The algorithm then
calculates the sentences that are most similar to the title. For example, we take the title as the original
sentence, to calculate the minimum distance with the original sentence on WMD, to calculate the most
similar to the original sentence on WJ and SSF. Finally, the accuracy of the algorithm is examined by
comparing the difference of accuracy between the results of the algorithm and the result of artificial
markers.

In each class of data sets, 100 articles are selected according to the length of the title 10, 25, 35, and 50
words and then divided into 4 groups. Each algorithm is carried out in each group of data sets, and then
the average accuracy of each algorithm in each group is calculated. Three kinds of datasets are selected
and 4 groups, each algorithm calculates the average accuracy of 12 times, and there are 3 algorithms

involved in the comparison of similarity accuracy. In total, the average accuracy was calculated to 36 times.

5.2.2 Query time

Time performance is evaluated by the average cost time comparison of algorithms (SSEN, SSFT, and
SSEP) hits in each group, there are 4 algorithms involved in the comparison of query time. In total, the

average query time was calculated to 48 times.

~-WJ - WMD -&-SSF ~-WJ B WMD 4-SSF ~-WJ - WMD --SSF
100 100 100
I I I
S A\ﬂ\s\ﬁ Sot St
> - >
g g g
£ i £
Sa Sa o
%) %) %)
kd kS kS
" ‘ ‘ ‘ 0 ‘ ‘ ‘ o ‘ ‘ ‘

10 25 35 50 10 25 35 50 10 25 35 50

LENGTH OFTITLE LENGTH OFTITLE LENGTH OFTITLE
(a) (b) ()

Fig. 4. The comparison of the average accuracy: (a) News, (b) Wikis, and (c) Papers.
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5.3 Accuracy Evaluation

The comparison of the average accuracy on algorithms (WMD, SSF, and WJ) is shown in Fig. 4. There

are the following discussions:

(1) The average accuracy of each algorithm is different under the same header length. The general trend
is that as the number of sentences increases, the average accuracy tends to decrease. And the accuracy
comparison of the 3 datasets shows that the larger the dataset, the smaller the accuracy. This is normal
because the increase in data size will always increase the error hit, leading to a decrease accuracy.

(2) WJ's accuracy reduces with the length increased, since W] only considers the influence of the word’s
weight, the similarity of words and other factors on the overall similarity of sentences, and it couldn’t
effectively excavate the deep semantic information of the sentence and lacks the penalty term, so it has
not solved the similarity of the long sentence.

(3) SSF's accuracy is always higher than WMD in the five groups of each data set. We try to explain the
results with the theoretical analysis:

—  The negative effect of penalty item: SSF’s penalty items composed of noise words, single words,
and non-similar elements. SSF takes full account of the harmful or undesirable influences of
penalty terms on the overall similarity of sentences. However, WMD does not consider the
negative effects of penalty terms on the calculation of sentence similarity.

- Not satisfying the exchange rule: WMD satisfies the exchange rules. Taking the title sentence as
the standard, SSF compares the text sentence to the title sentence. When the length of the two
sentences is basically the same, the two algorithms do not show any significant difference. When

two sentences differ greatly in length, the SSF algorithm will show great advantages.

In conclusion, SSF takes the first sentence as the standard, would be ideal for two sentences with large
length differences and partial content similarity, good at calculating "short-long" sentence similarity. At
the same time, SSF takes full account of the negative effect of penalty terms on the overall sentence
similarity, the accuracy of similarity calculation of "long-long" sentences is improved, which also makes

SSF have high accuracy.

5.4 Query Time Evaluation

This experiment is a comparative experiment of the average time-consuming index of SSFN, SSFT, and
SSEP under three sets of data sets, and the results measured in the experimental data sets are shown in

Fig. 5. There are the following discussions:

(1) SSEN takes the most time because SSFN needs mn times of similar element calculation. SSFT builds
temp index to lookup to complete the calculation of similar elements, takes less time than SSFN. The
disadvantage of SSFT is that every time the similarity of a sentence is calculated, an index should be set
up, the index cannot be reused. Using the idea of finding similar elements instead of calculating them,
the difference of SSFP is that SSFP establishes the global index for all potential similar element of word
vector by training the word vector model meanwhile. So the global index could be reused, SSFP takes less
time than SSFT.

(2) As the length of the title increases in the same data set, the average time spent by each algorithm
increases. This is because the number of times the similar elements are calculated in long sentences is

more than that of short sentences, so it takes more time to calculate the similarity of long sentences than
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short sentences. At the same time, as the number of sentences included in the data set increases, the
average time-consuming time of each algorithm tends to increase. For example, the Paper set contains

more sentences than News and Wiki, so the average time taken in the group of the same title length is
high.

- ~-SSFN —5-SSFT ——SSFP 0 —o-SSFN —E-SSFT —-SSFP 15 ~o-SSFN —5-SSFT —&—SSFP
120 120 | @—_/ 120 b /
=) Zg9 | Zg |
1<} =
z g z
E60 Ee =
z z z
B30 g B30t
3 EER =)
} . s g o
— a4 S
0 N ’ | 0 A 0 I . |
10 25 35 50 10 25 35 50
‘ 10 25 35 50
LENGTH OFTITLE L ENGTH OF WIILE LENGTH OF TITLE
(a) (b) (c)

Fig. 5. Time-consuming results of SSEN, SSFT, and SSFP: (a) News, (b) Wikis, and (c) Papers.

6. Conclusions

This paper presented and analyzed some possible approaches for sentence similarity functions. We
proposed the SSF that uses word2vector as the system elements to calculate the similarity of sentences.
The accuracy results show our novel SSF generally performs superior. The time complexity analysis and

time experimental evaluation show the query time performance of SSFP is optimal.
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