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Abstract: In this article, a new model is proposed in order 

to measure the degree of similarity between two sentences in 

machine translation based on example. The proposed model 

has applied genetic algorithm beside a new fitness function 

which is based on semantic load matching between the two 

sentences. Here, verbs are considered as the heart of a 

sentence because they are the main part of a sentence and 

carry the major part of the semantic load in the sentence; 

therefore more attention is paid to the verbs in the fitness 

function. It is noteworthy that the proposed model is largely 

dependent on the verbal part and the extracted synonyms 

from WordNet as well as the arrangement of words. The 

results are promising by precision and recall, indicating that 

the proposed method improves the quality of the retrieved 

matched sentences. 
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1. INTRODUCTION 
 

Corpus-based machine translation [1] is one of the most 

prominent areas of machine translation. The most actively 

studied frameworks are especially Example-Based Mach- 

ine Translation (EBMT) [2] and Translation Memory 

(TM) [3]. In example-based machine translation, a new 

sentence is translated from the source language into the 

target language using previous translated examples [4]. In 

this kind of machine translation, matching phase is the 

process that extracts the most similar sentences for an 

input sentence from a series of pre-ready examples. 

This process undoubtedly needs a similarity meas-

urement criterion [5]. So far, many studies have been 

carried out on the matching process by the researchers, 

which have created various scales for measuring the 

similarity of sentences, but none of the proposed measures 

have been able to measure the similarity of sentences in 

different conditions at a very high level. A potential 

solution that can be considered for defining the criteria is 

weighting the words in a sentence. Accordingly, each 

word in a sentence has a specific weight that can vary with 

the weight of other words. For example, consider the 

following two sentences S1 and S2: 

S1: Young people like playing football. 

S2: Old people like walking. 

The general meaning to be inferred from both sentences 

can be "interest of people in sports" that indicate a strong 

degree of similarity between the two sentences. But if the 

subject and the object are taken into consideration, a 

noticeable difference between the two sentences would 

reveal that difference of people leads to different preferred 

exercises. So, if two sentences have identical or synonym- 

ous verbs, most likely they have the same concept. But as 

seen in the two sentences above, other words also cause 

semantic differences in the sentences. If we take 1.0 as the 

maximum semantic value and 0.0 as the minimum 

semantic value in a sentence, then we can deduce that both 

of the above sentences receive 1.0 points. But if we 

consider the value of semantic similarity between the two 

sentences S1 and S2, the resulting point would be a 

number between 0.0 and 1.0. 

It looks like vectors, as some researchers have rep-

resented their documents as vectors [6,7]. When two 

vectors have the same size but are not in the same 

direction, it could not be said that they are quite similar. 

But if two vectors have the same size and direction, one 

can say that they are quite similar. This fully applies to 

sentences. If in a sentence other words value rather less 

than the verb, then the verb plays the key role, because if 

in a sentence the words that play the role of noun or 

adverb are removed, the decreased semantic load will not 

reduce essentially. Now if in the same sentence, the 

verb(s) are removed, we can see that the original meaning 

of the sentence will be very incomplete and unclear. 

Therefore, as the most important phase of the algorithm 

we shall define and use a criterion for measuring semantic 

similarity based on semantic similarity of words in a 

sentence. Two sentences are similar in meaning if the 

semantic load of one approaches the semantic load of the 

other [8]. Like our colleagues [9], we failed to find any 

precise and clear definition for "semantic load". We define 

the degree of similarity by matched semantic load between 

two sentences. To calculate this criterion, we have to 

clearly match two sentences and then determine the 

similarities and value them. 

Verbs in sentences are considered as content words. For 

this reason, in measuring the similarity of meaning 

between the two sentences, most of the attention is put on 

verbs, because most sentences contain at least one verb 

which indicates an event or situation in that sentence. 

Other words are also somehow related to the verbs in the 

sentences. So far, much research has been performed on 

simple sentences, but there are many sentences that are 

composed of several clauses, or in other words are made 

up of some main verbs. 

So, the verbs in sentences are considered as the anchor 

of the sentence and to obtain the degree of similarity of the 

input sentence to the sentences in the example set, two 

main phases including pre-processing and suggested 
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algorithm are considered. In pre-processing phase, 

sections like speech tagging (POS) and finding the root of 

verbs and extraction of synonyms for each word is done 

from WordNet [10] and other sources. The pre-processing 

phase reduces the time needed for processing in the main 

phase and thereby increases system performance. In the 

second phase of genetic algorithm, mutation and crossover 

operators are applied for changing the structure of the 

sentences and replacing the synonym of the words in order 

to approximate the intrinsic semantic load of the example 

set sentences. Depending on the domain, the matching 

process may be done on syntactic or semantic level or both 

[11]. The sentences were compared semantically and 

structurally. Then, the sentences with the highest level of 

semantic and structural similarity were chosen as the most 

similar sentences. If the two sentences contain the highest 

similarity values of 1.0, the sentences are quite identical. 

For example, in the two sentences S1 and S2 certain levels 

of syntactic and semantic similarity are deductible. The 

two sentences have the same verb as the main component. 

Although in some cases like subjects, there are differences 

and this has reduced the semantic similarity, but they can 

have the same ancestor in the tree structure of WordNet or 

similar POS structures. 

The focus here was on English sentences in which the 

composition of words in the clauses is more consistent 

with S-V-O(subject verb object). Each clause in the two 

sentences is divided into three parts and the verb is placed 

between two other partitions. In each partition, POS of 

each word is identified and labeled. Then, the related 

partitions are integrated and compared. Thus the similarity 

level of two sentences is formed of the obtained matching 

from three partitions for each clause. Sentence matching is 

performed at different levels, and each level of matching 

has its own relevant scores. These sentences can be 

composed of one or several clauses and as a result have 

one or several verbs such as complex sentences or 

compound sentences that are connected by conjunction or 

semicolon. Generally, in the proposed method, the most 

important part of the fitness function is related to the 

genetic algorithm that calculates the approximate 

similarity value of the sentences in the example set to the 

input sentence using the matched semantic load of the 

sentences. 

Semantic and syntactic information both contribute the 

meaning of a sentence. In comparing sentence similarity, 

most methods usually consider semantic, POS, syntactic 

(word order) information or a combination of them, and 

offer an overall similarity of the two sentences that are 

compared. 

In [12], has proposed a method adopting the Edit 

Distance as similarity measure between(parts of) senten- 

ces. This method mainly pays attention to the similarity of 

syntax structure. 

Shan Jian-fang et al [13], proposed a new method for 

measuring sentence similarity. The proposed method takes 

into account both semantic and syntax where semantic 

similarity is measured based on events, and syntactic 

similarity is measured based on the sequence of content w- 

ords. 

Lin Li et al [14], have proposed that sentence 

similarities be determined from four different aspects: 

Objects-Specified Similarity, Objects-Property Similarity, 

Objects-Behavior Similarity and Overall Similarity that 

are based on the information that people get from a 

sentence. In order to measure semantic similarity between 

words and concepts, Jay J. Jiang et al [15] proposed a new 

approach. The approach combines a lexical taxonomy 

structure with corpus statistical information. In this 

manner, the semantic distance between nodes in the 

semantic space constructed by the taxonomy can be better 

quantified with the computational evidence derived from a 

distributional analysis of corpus data. The proposed 

measure is a combined approach that inherits the edge-

based approach of the edge counting scheme. Then, it is 

enhanced by the node-based approach of the information 

content calculation. 

In [16], an existing word similarity method was adopted 

to deal with the similarity of verbs and nouns, while the 

similarity of adjectives and adverbs were measured only 

based on simple overlap of words. 

The idea of using matched semantic load comes from 

the work of Mehdi Mohammadi et al [9], of two sentences 

based on the semantic load value shared between the input 

sentences and the sentences that exist in the example set. 

So, semantic load is defined as: each part of the sentence 

carries a different part of the sentence meaning, and the 

sum of the meaning of different parts of a sentence can 

add up to the total meaning of that sentence. 

 

2. PROPOSED APPROACH 
 

Each sentence is made up of some words or phrases 

each carrying part of the original meaning. So, the first 

question after the definition of semantic load is to 

determine the contribution of different parts to it. If we 

divide this amount equally between all words in a 

sentence, most definitely it will not be acceptable, because 

each part of the sentence has a different semantic load 

comparing the other parts. For example, in the sentence "I 

fly in the sky" the contribution of each word to semantic 

load cannot be 20%. Thus, each word must be given the 

score proportionate to its contribution. To demonstrate 

this, you can remove some parts to realize the change in 

the original meaning. If the word "sky" or "I" is removed, 

it can be seen that the main concept of the sentence will 

not change. While if the word "fly" is removed which 

plays the role of the verb in the sentence, its meaning 

altogether becomes ambiguous. So, any part of the 

sentence has its own specific semantic load to complete 

the overall meaning of the sentence. 

Sometimes two sentences have almost the same 

meaning but are located in two different structures. 

Consider the following examples: 

A) My friend is Ahmad and he is so clever. 

B) Ahmad was clever and he was my friend. 
And sometimes two sentences are semantically completely 

equal but are different in some words. For example the fol- 
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lowing two sentences: 

C) That is my home. D) That is my house. 
For sentences A and B by moving the clauses, the same 

semantic and structural sentence could be made. For 

sentences C and D by realizing that the two words "home" 

and "house" are synonymous, it can be detected that the 

two sentences are exactly alike. 

Based on the fact that verbs carry the bulk of the 

semantic load of a sentence [9] (which will be proved in 

the next sections), the proposed algorithm is based on two 

phases. In the first phase, the pre-processing function is 

performed on the sentences and then in the second and 

main phase for each sentence in the example set that its 

similarity with the input sentence is calculated, first the 

various synonymous compositions of that sentence 

obtained in the pre-processing phase is taken as the 

primary sample and then using the genetic algorithm and 

an efficient fitness function the degree of approximate 

similarity of the input sentence to the example set 

sentences is obtained through the created new generations. 

In the suggested method, each clause from a sentence is 

divided into three parts: before the verb, the verb and after 

the verb. The default partitioning is based on SVO. To 

calculate the total similarity, the clauses and the 

corresponding partitions in the two sentences are matched 

and calculations are performed to measure the similarity 

levels (in the next section below). Suppose A as the input 

sentence and B as one of the sentences in the example set 

which their similarity level is going to be calculated using 

the new method. Before anything, the clauses relating to 

each sentence are specified and each clause is partitioned 

in three parts as follows. In this example, we assume that 

the sentences have two clauses. 

A: {p the word before the first verb} {the first verb} {q 

the word after the first verb} {Conjunction}{r the word 

before the second verb} {the second verb} {t the word 

after the second verb}, p, q, r, t> = 0. 
B: {x the word before the first verb} {the first verb} {y 

the word after the first verb} {Conjunction}{w the word 

before the second verb} {the second verb} {z the word 

after the second verb}, x, y, w, z > = 0. 
Thus, for each clause in the sentence three partitions are 

created. It is noteworthy that the initial major condition for 

comparing a sentence from example set with the input 

sentence that has one or several verbs is that at least one of 

the verb roots in the input sentence or its synonym in the 

example set exists in the common clauses. For example, if 

the two sentences A and B have a common verb and both 

are located in the first clause of the sentences, the initial 

condition is established. However, if the common verb of 

the two sentences is located in the first clause of the 

sentence A and the second clause of the sentence B, the 

initial condition is not established, and the sentence is set 

aside from the example set and no calculations will be 

performed on it. Perhaps it may seem that the above 

condition is not true. Because it is likely that there are 

sentences that have the same verbs in different clauses but 

are semantically identical. The solution proposed in this 

article is the genetic algorithm that creates different 

generations from one sentence of the example set that 

differs in the structure and word synonym so as to achieve 

a similar and optimum structure from the input sentence 

and calculation of an exact level of the similarity is made 

possible. But there are sentences such as "Good morning" 

that do not contain verbs. These sentences are compared to 

the sentences without verbs and the semantic load will be 

divided equally among words. 

The question now arising about the matched semantic 

load is how much of the semantic load shall be allocated to 

different clauses and partitions? As mentioned in the 

previous part, giving an equal value to all clauses or parts 

would not be acceptable. As mentioned in the previous 

section, if we divide the amount equally between clauses 

or partitions, it would not be acceptable. The approach 

we've taken includes “the reduction of semantic load of the 
sentence by moving toward the next clauses in each 

sentence”. That is, in most cases, the main verb of the first 
clause carries more important concepts and semantic loads 

of the sentence compared to the verbs in the next clauses. 

So, in most sentences, the more one gets close to the last 

clauses, the more the main concept gets farther and the 

more the details are dealt with rather than the concept of 

the sentence. For example, note the two sentences below:  

- My brother went to the market to buy a shirt. 

- Ahmad went to Tehran and came back after a few days. 

As seen in the above sentences, the main purpose and 

concept is "going to a place" and events such as "buying" 

and "coming back" are at a lower semantic level than the 

original concept. This principle does not work for a 

number of sentences, but is true for most sentences (in the 

experiments section it has been tried to demonstrate this). 

If the value of x is taken as a proportion of the total 

semantic load for all parts of the sentence verbs, the result 

would be that the value of (1-x) would remain for the other 

parts. Now the question arises that in the case of having 

several clauses and therefore, having several verbs, how 

do we divide the scores attributed to the section of verbs 

among all verbs? We've done an attempt to answer this 

question. If we divide the number of scores related to the 

verbs equally among the verbs, it will be unacceptable, 

because we have not followed the proposed rule which 

generally states by going ahead along the clauses, the main 

concept of the sentence is weakened. So the new equation 

(1) is defined and used in this context. In this regard, much 

attention is paid to the number of main verbs of a sentence 

and their place so as the scores can be divided 

appropriately between the verbs in the sentence. 

 � � = �− + ∗ (� − ∑ � −= )   (1) 

 

In the above equation jvs is the share of the j
th

 verb 

from the 5
th

 total contributions made to the verbs, n is the 

number of verbs in that sentence, and f is the percentage of 

shares of intended for semantic load for the verbs. At 

every phase, we need knowledge of the contribution 

allocated to the previous verbs 11
( )

j

ii
vs   as well as the 
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number of verbs that have not yet received a share (n-j). 

So, to allocate the share of each verb, we need to start 

from the first verb and continue to the last. To allocate a 

share to the first verb, the variable of the scores of the 

previous verbs shall be taken zero 0( 0)vs  . Generally, 

in the first part of the equation, the shares are divided 

regarding the remaining portion and in the second part of 

the equation, the value of semantic load for all remaining 

verbs are calculated. By multiplying the two parts, a 

proportionate value of the score allocated to each verb 

regarding its position is achieved. Thus by the proposed 

equation, each verb is given the value regarding its 

position in the sentence. Figure 1 shows the partitioning 

and dividing the similarity score for a sentence that has 

two clauses where the value of x is the share of total 

semantic load related to all verbs that is divided among 

them using the equation (1) and the remaining value of (1-

x) is equally divided among the remaining words before 

and after verbs. 

 

 
Fig.1. Sentence Partitioning and Semantic Load Sharing 

among Partitions 

 

A. Approximation of Matched Semantic Load for 

Verbs: 
To determine matched semantic load for different parts 

of the sentence, first the value shall be determined for 

verbs. This way the scores for other parts can be allocated 

correctly. To determine these scores, we conducted a test 

on the dataset. We tested the model with different values 

of x semantic load that were exerted on the verbs of the 

sentence (The range of the experiment numbers is from 

0.3 0.8 with 0.1 phases). In this experiment, we created a 

series of examples, including 165000 English sentences 

which one-third of them are taken from the first sentences, 

one third from the middle sentences and one-third from the 

final sentences in the Europarl [17] in order to have a 

variety of sentences in the example set. Then 500 

sentences were randomly collected from various sources 

as the input sentences. It is noteworthy that the collected 

sentences had one or more clause and simple sentences 

alone were not used. The proposed algorithm was six 

times tested with varying amounts of semantic load share 

of the verbs on the input sentences and the matched 

sentences were obtained. Then, based on the criteria 

discussed below, the review and evaluation was performed 

manually. These criteria are placed at four ranks A, B, C, 

D as follows.  

A( The input sentence is quite similar to the matched 

sentence or it can be achieved with a small amount of 

change. 

B( The input and matched sentences contains the same 

verb roots and many changes are required to extract the 

input sentence from the matched sentence. 

C( The matched sentence has at least half of the verb roots 

in the input sentence, but not all verbs. Many changes are 

required to extract the input sentence from the matched 

sentence. 

D)The matched sentence includes none or less than half of 

the input sentences but it is common in some words. 

Using the proposed criteria and considering the impact 

of each of the ratings given to the verb in a six-run, the 

analysis has been performed studying and counting the 

best matched sentences. 

Figure 2 illustrates the fact that verbs with a score of 0.6, 

with a rating of A and B in matching the sentences had 

increases in the scores comparing other verbs. In contrast, 

the number of matched sentences was reduced in rank D. 

Accordingly, in accordance with the test, the semantic 

load of the verbs is taken 0.6. 
 

 
Fig.2. Comparing the Best Matches for Different Values 

for the Share of Verb Score 

 

B. Pre-processing of Sentences: 
The first phase to identify the most similar sentences of 

the example set to the input sentence is identifying the 

semantic and structural relation of the sentences. On this 

basis, in the pre-processing phase, first the sentences are 

labeled in the speech labeling section to determine 

transition of the speech part of each word. Then non useful 

words like (of, the ...) are deleted from the source and 

target sentences, because they have no significant impact 

on the general meaning of the sentence. Now, the roots of 

words in each sentence are extracted and their synonyms 

are found from WordNet and then several limited 

permutations are considered from the composition of word 

synonyms in each sentence in the example set as the initial 

population of the genetic algorithm. With this phase, for 

each sentence in the example set several permutations of 

that sentence is obtained which almost all the 

compositions have the same meaning using different 

words. Then for each of the extracted meanings, one 

weighted likelihood is required. Weighted likelihood for 

each of the meanings of a word is obtained from equation 

(2): 

  (2) 
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Where w is the target word, s number of the selected 

meaning and Total Sense is the total number of meanings 

of the intended word. It is noteworthy that the number of 

one meaning is identified regarding the total time applied 

in the transmutation of text of semantic core for each 

word. Thus, the first meaning of a word is its most 

common meaning. Finally, the number of main verbs in 

the sentence and also the length of the sentence would be 

saved for use in equations. 

In general, the pre-processing stage reduces the time 

needed to process in the main stage and thus increases 

system performance. So, for every sentence, all of the 

above cases shall be saved. For this purpose, a data 

structure displayed in Figure 3 is considered for each 

sentence. 

 

 
Fig.3.A view of a data structure designed for the pre-

processing stage 

 

3. IMPLEMENTATION OF GENETIC ALGORITHM 

PROVIDED FOR SENTENCE MATCHING 
 

The process of measuring the similarity of the sentences 

using the genetic algorithm starts when each sentence is 

taken as a chromosome and each word is taken as a gene. 

The proposed genetic algorithm is: (1) start with a set of 

solutions (the first generation prepared in pre-processing), 

(2) select two parent solutions and combine them as a 

child, (3) use a cost function to evaluate solutions, (4) 

Repeat all phases from phase 2 to 4. 

In the presented genetic algorithm if the initial condition 

is met (having at least one common verb with the input 

sentence) for each sentence in the example set a variety of 

structurally and semantically various generation of 

sentences are created that can make the example set 

similar to the input sentence if the two sentences are 

semantically and structurally similar. To estimate the 

degree of similarity between each generation of the 

example set to input sentences an efficient fitness function 

is required that is able to consider the two important 

criteria of meaning and structural similarity in order to 

measure the similarity between two sentences. 

A. Fitness Function: 
Fitness function is the most important part of genetic 

algorithm. This part of algorithm clarifies if a solution is 

correct or better than other solutions. This is while the 

method that determines the best answer depends on the 

type of problem and the proposed approach. If fitness 

function does not properly compare the solutions, the 

genetic algorithm will reach the incorrect answer. In 

furtherance of this goal, matched semantic load was used 

to measure the approximate value of similarity between 

sentences. So, in this matter, the defined fitness function 

shall be able to compare two sentences semantically and 

structurally in order to find the approximate similarity 

between the sentences. 

To find the most similar sentence to the input sentence 

in the example set, all sentences in the example set shall 

have at least one root or synonym of the verbs in the input 

sentence to be taken as the candidates for the matching 

and to retrieve them. The similarity score is calculated 

from the POS of the words in the sentence identified in the 

pre-processing stage to detect matched verbs and then it is 

used for the input sentence and all sentences in the 

example set that have been considered as a candidate 

match. 

To determine the share of semantic load for each word, 

we must first determine the matching levels for allocation 

of points. Table 1 shows these levels. The tests performed 

in the previous parts revealed that the share of semantic 

load for sentence verbs is 0.6. So, the total amount of 

shares in other parts which is 0.4 will be divided among 

other words in the sentence before and after the verb. 

 

Table 1.Different levels of matching 
Levels Explanations 

Root The verb is given scores if the verb roots are the 

same or if the two verbs are detected as synonyms in 

the WordNet. 
Equal Words The scores  are obtained for each word if the two 

words are equal in common parts. 
The Ancestor 

Part 

Obtaining part of the scores of every word, enjoying 

the privilege of being a sibling and space between 

words, using the libraries provided by WordNet. 

POS Tag Obtaining only a quarter of the scores for each word 

if only the role is same in common parts. 
 

After sharing the scores among the verbs and dividing 

the remaining scores among the other words in the input 

sentence, the distributed values are considered as the 

potential (p-score), because it is possible for a word not to 

obtain this similarity score, but this value can be 

considered as a high level of similarity value for that word. 

Finally, each word will receive a share of the determined 

point by C-Score in this method. C-Score for each word is 

calculated based on the matching level defined in Table 1. 

In presented matching levels, the point related to p-score 

of that word is added to the similarity value of the 

sentence if the two words or the verb roots are equal (verb 

synonymy). Another level is the ancestor part which in 

case of similar ancestor for two words such as "Iran" and 

"Canada" (their ancestors is "Country") a similarity value 

is extracted using equation (3) [18] for the two words and 

then it is multiplied by the p-score of that word and finally 

it would be added to the similarity value of that sentence. 

 

1 ( , ) /       W
( , )

0                              !(W )

i j i j

i j

i j

dis W W D W
Sim W W

W

   

 (3) 

In this equation 
iW is indicative of a word from the 

input sentence and 
jW is a word from the example set and 
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D is the depth of the tree of these words in the WordNet. 

Wi jW shows the condition that the two intended words 

in question have the same ancestor, and ( , )i jdis W W repre- 

sents the distance between the two words in the tree 

created by Word Net. 

Another level is considered for POS tag which in case 

two words have the same role, for example both are verbs, 

one fourth of the p-score of that word is added to the 

similarity level. But if there is no matching in the POS 

level, no value is added to the similarity level of the 

sentence. For example, if you have a sentence with a 

clause containing a verb and four other words, then the p-

score of each word except the verb is equal to 0.1. Now to 

calculate C-score for each word in POS level, one fourth 

of the value (0.025) is considered as the C-score in case 

the words in the sentence have equal roles. Otherwise, the 

C-score of that word is zero, because there is no other 

matched level for scoring and POS level is the last level. It 

is noteworthy that if a word obtains the score of root level, 

the score of other lower levels will not be calculated for it.  

So, to calculate the approximate similarity of a pair of 

sample sentences, first the C-scores of each matched 

words in each stage are extracted and added to each other 

to make the total score which is initially equal to zero. For 

example, in Table 2, two sentences are given where the 

first and second sentences are respectively considered as 

the input sentence and example set sentence and pre-

processing phase is performed on them. The potential 

score given to input verbs which is 0.6 is divided among 

them using equation (1) and then the remaining amount is 

divided equally among other words. 

 

Table2.Calculation of TotalScore for an example sentence 
 L V1 R            L V2 R 

P-score 0.066 0.39 0.066     0.066    0.066 0.21 0.066 0.066 

Input 

sentence 
He be born     Esfahan    he have good    voice 

Corpus 

sentence 
She be born     Shiraz      she have two   brother 

C-score 0.0165 0.39 0.066    0.0574    0.0165 0.21 0   0.0165 

 
Total Score = 0.0165+0.39+0.066+0.0574+0.0165+0.21+0+0.0165 =  0.772 

 

 

Now each word in the example set gets the intended C-

score regarding the matched levels and at the end they are 

added to obtain Totalscore value which in this example is 

0.77. In this example, "he" and "she", and "voice" and 

"brother" are matched in POS level. Words like "born" 

that come in one common partition of the two sentences 

receive the full score of the p-score in the level of equal 

words. But words like "Esfahan" and "Shiraz" which have 

the same ancestor (City) receive a score at the ancestor 

level using equation (2). 

As an important reality, the input and matched sentences 

must be of the same appropriate length. For this purpose, 

the similarity score of the two sentences shall be norma- 

lized using length ratio of the two sentences. Such pair of 

matched sentences with nearly the same length receives a 

higher score than the sentences with different lengths. So 

length ratio should be considered and applied in the 

calculation of similarity scores. In another case, if the 

input sentence is a sub sentence of the example set, then 

their similarity scores should not decrease too much. 

In order to avoid this side effect, a rate of algorithm 

values from the length of each sentence should be used. 

The rate of total score obtained in the previous phase is 

multiplied to obtain the total similarity. If the length of the 

input sentence is equal to the length of corpus sentence, 

then the rate of their algorithm value should be equal to 1. 

So, final similarity score of these two sentences should be 

equal to the similarity score obtained in the previous 

phase. It shall be noted that the input sentences in this 

algorithm shall be of one length with the example set 

sentences and no empty sentence can be considered. For 

this purpose, equation (4) is used in order to normalize the 

scores and obtain the final score. 

 �� �� � � = �� � � × g i {���� ℎ ,���� ℎ }g ax{���� ℎ ,���� ℎ }     (4) 

 

Where S1 and S2 respectively represent the input and 

the example set sentence and Total Score scores is the 

score that is obtained from the sum of c-scores. If, for 

example, we calculate the final score of the Table 2, it is 

calculated as follows: 

 �� �� � � = . × � �� � = . × = .  

 

As it is seen, if the lengths of the sentences are equal, it 

will have no effect on the results and the value of 0.77 is 

considered as the degree of similarity between the two 

sentences. 

B. Crossover and Mutation Operators: 
In order to get the example set sentence to the maximum 

inherent semantic and structural similarity to the input 

sentence through creating new generations, we need 

semantic and structural changes in the sentence and 

consequently in the new generations of that sentence in 

order to achieve a better similarity approximation. For this 

purpose, we need the crossover and mutation operators. 

The purpose of crossover stage is combining two 

sentences into one. The new sentence is retained if it is 

similar to or better than the previous sentence compared to 

the input sentence (which is calculated using fitness 

function). Otherwise it is eliminated and will not be used 

for the next compounds. To this end we have used the 

method of dominant genes. So, we try to choose more 

powerful sentences. Thus, children sentences have 

stronger genes inherited from their parents and will 

naturally be stronger than their parents. The speed of this 

method in producing robust solutions is higher than many 

other methods [19]. 

The method of superior one third approach of dominant 

gene is used here. In this method, the words are sorted 

based on their value, and are divided into three groups. 

First, one third of the words from the first parents that 

have earned the maximum value with respect to equation 
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(2) are selected and then are transferred to the child. Then, 

from the second parent, two-third of the words with have 

the highest value are selected and transferred to the child 

(if the corresponding words in child are empty). Finally, 

the remaining words from the child are valued by 

corresponding words from the first parents. 

One other important operator of genetic algorithms is 

mutation. The original idea of  mutation, is giving another 

chance to genetic algorithm, because there are solutions 

that are local maximum and the algorithm may identify 

them as the ultimate answer. In the method of dominant 

genes, mutation pursues two objectives: (1) providing a 

second chance that will be through providing another 

dominant gene, and (2) offering an approach that could 

help improve rebound and undervalued genes. 

In our algorithm, a mutation operator randomly alters 

some of the words with the aim to obtain better solutions 

and to avoid algorithm trapping in the local maximum. 

The combination of two methods of swap and invert were 

used for mutation of algorithm. In the stage of swap, first a 

random number (n) between zero and sentence length is 

produced. Then n% of the meaning of the words with the 

lowest value are replaced with one of the other meanings 

of the corresponding words (with a value greater than the 

current meaning). Then, in the invert stage, if the sentence 

has several clauses, the weight of each clause shall be 

calculated based on the sum of the meaning values of the 

words in that clause and then the clauses are sorted in 

descending order. Otherwise, only the swap stage in 

mutation operator in our algorithm takes place. 

 

4. DISCUSSION AND ANALYSIS 
 

To evaluate the proposed method, information retrieval 

model evaluation criteria and implementing the work of 

other colleagues in this field and comparing them on the 

same example sets can be used. For this purpose, the two 

methods above are used to evaluate the new 

algorithm.There are several criteria for evaluating 

information retrieval algorithm. Among these are Recall 

and Precision that are most frequently used as the standard 

criteria [20]. Precision is defined as the number of correct 

matches divided by the total number of matches (correct or 

incorrect) and Recall is defined as the number of correct 

matches divided by the number of all sentences in the 

example set that are similar to the input sentence. The 

correct matches are detected manually. 

To evaluate the matching algorithm, an example set as 

the corpus sentences and an example set as the input 

sentences as well as a reference file are needed to 

determine the highest level of similarity of the input 

sentence to one of the corpus sentences. On this basis, a 

data set with 643 example set sentences and 100 input 

sentences are randomly selected from English news sites 

and Wikipedia and also a reference file obtained by 

manual evaluation of the sentences are used to evaluate the 

suggested method. In order to see the efficiency of the 

equation (1), the proposed method was tested by equal 

division of the considered score (0.6) among the verbs of 

the input sentences and the next time the method testing 

was performed using the (1) equation. This way, to 

compare the proposed metric with a number of standard 

similarity metrics Cosine and Jaccard, first, the metrics 

were implemented on the set of input sentences and then 

the words were extracted for each match. Then, precision 

and recall were separately performed on all three methods. 

Table 3 represents these results. 

 

Table 3. Comparing Precision of Proposed Method  

Method 
Correct 

Matches 

Total 

Matches 
Precision Recall 

Jaccard 46 100 46% 46% 

Cosine 44 100 44% 44% 

Proposed without 

equation (1) 
79 100 79% 79% 

Proposed with 

equation (1) 
85 100 85% 85% 

 

As shown in Table 3, the proposed method provides a 

higher precision compared to other standard methods used 

in IR. One of the main objections against Jaccard and 

Cosine methods, is not taking into account the order of 

words, as well as not considering any worth for the role of 

words. This means that the weight of a verb can be the 

same as other words. So, one of the main advantages of 

our proposed method compared to other methods is 

covering this important issue in determining the similarity 

of two sentences. 

Now, to evaluate this work and compare it with other 

methods used by colleagues, the results of the presented 

method [21] called LM-ASM and data set are used which 

are among the newest methods in the field of matching 

algorithm. Thus, to evaluate the method, the data set of the 

existing algorithm [21] called IWSLT09 was used. It was 

also implemented on the algorithm performed by other 

colleagues [9] called shared semantic load, and the results 

were compared to the results of LM-ASM method. The 

figure 4 shows the result of this evaluation. The 

underlying reason for using LM-ASM, in addition to its 

strength, is the availability of the dataset, because despite 

much effort, we were unable to obtain a good dataset in 

the field of EBMT matching phase. 

 

 
Fig.4.The results are consistent with the proposed method 

in terms of comparisons with other methods on the dataset 

IWSLT09 

After observing and evaluating the results, the dataset 

and matched sentences obtained in the method were 

manually analyzed. The analysis of the sentences revealed 
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that the proposed method has in some occasions 

considered some sentences as the most similar ones which 

are by far better than the sentence determined in the 

dataset reference file or at least both sentences could be 

considered as the most similar. For example, take the input 

sentence "It is August fifteenth" in the dataset. Consider 

the matched sentence in the data set which is "July 

fifteenth", while in our method the sentence "it is the 

fifteenth of August" is extracted from the dataset as the 

most semantically and structurally similar sentence. Table 

4 shows another example of this. Thus, errors in the 

dataset should be seen as external factors affecting the 

outcomes. 

 

Table 4. Another example of errors in the dataset 

IWSLT09 

Sentences  

could you send this to japan? 

 
Input Sentence 

could you send it to japan? 

 
Selected in 

IWSLT09 

could you send these to japan? 
Selected by 

proposed method 
 

5. CONCLUSION 
 

In this article, a new method was proposed based on 

genetic algorithm to match the input sentences with the 

example set sentences. The presented algorithm, unlike 

many methods is efficient on the simple as well as 

sentences with several clauses. The most important part of 

the present research is the fitness function of genetic 

algorithm which performs comparison based on the 

semantic proximity of two sentences and considering 

verbs as the heart of the sentence and extracts the most 

similar sentence to the input sentence. To approximate the 

inherent similarity of the sentences in the example set to 

the input sentence structurally and semantically, genetic 

algorithm is used to most optimally approximate the 

corpus sentence to the input sentence and consequently 

calculate a better value of similarity. 

The stress placed on the verb as well as the special 

storage structure of the examples which defined an index 

on verbs of example sentences demonstrated a more 

precise behavior of proposed model compared to other 

standard retrieval methods. 

The proposed matching process is based on partial order 

which provided a more faithful translation of the original 

text by selecting the most similar sentence in the corpus to 

the input sentence. 

The results of evaluation show that prioritizing the verb 

for matching increases the accuracy of the matching 

method. This precision is twice as much as standard 

methods like Jaccard and Cosine. 
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