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to ranking of documents and proposes an optimized rank aggregation approach based on bio-inspired Grey Wolf 
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proposed method is then implemented and compared with other state-of-the-art math aware search engines to deduce 

the fact that our approach outperforms other search engines. 
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I. INTRODUCTION 

Document ranking is one of the fundamental problems in 

information retrieval (IR)[1]. In the setting of search 

engines, based on a query, relevant documents are ordered 

in decreasing order of similarity score. Many ranking 

techniques were developed in the field of Information 

Retrieval, which can be categorized into two types: ranking 

creation and ranking aggregation. “Ranking creation is to 

create a ranking list of objects using the features of the 

object, while ranking aggregation is to create a ranking list 

of objects using multiple ranking list of the objects”[2]. The 

focus of this paper lies in rank aggregation , also known as 

result merging, in the domain of mathematical information 

retrieval (MIR). As traditional text retrieval systems are not 

suitable for handling mathematical expressions since 

mathematical expression constitute a range of symbols to 

complex structures without disregarding the order [3]. This 

very fact motivated us to work in the direction of creating a 

rank aggregation scheme in the domain of  mathematical 

search engines or MIR.  

 

In this paper, we investigated ranking result of existing 

search engines available in the domain of math information 

retrieval (MIR) and proposed an optimized rank 

aggregation scheme based on Grey Wolf Optimizer (GWO) 

along with data fusion techniques to handle critical issues 

presented by existing mathematical search engines. 

 

The remainder of the paper is organized as follows. In 

Section II, a brief overview of related work is presented. 

The problem description is elaborated Section III. The 

proposed fitness function is explained in Section IV and in 

section V we explain the proposed algorithm. The 

experimental result and its interpretation are provided in 

section VI and finally, concluding remark is presented in 

section VII. 

II. RELATED WORK 

In this section, we briefly review and comment on the 

different aspects of our study and related contribution. 

A. Result Merging 

Result merging or rank aggregation is the core of meta 

search engine[4]. In this process an information need 

queried by the user in a meta-search engine gets  a merge 

result which are ranked in a single rank list . In the 

background, meta search engine reprocess the user query 

and sends it to underline appropriate set of search engines 

through which results are retrieved, merged and ranked in a 

single ranked list. The algorithms for result merging can be 

classified into four categories [5]: 

1. Round Robin based method: In this method, in 

each round and in a certain order one result is taken from 

the result list of underline search engine. 

2.  Similarity conversion-based method:  The 

local ranks of the component search engine are converted 

into similarities to apply similarity-based merging 

techniques. 

3.  Voting based method: Here each component 

search engine is modeled as a voter and each result is 
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modeled as a candidate in an election. The basic idea is to 

build a consensus among voters. 

4. Machine learning based method: Based on a 

training data the machine learns the merged result list with 

which it tries to predict the ranking of  the testing data. 

 

Many ranking techniques were developed in the field of 

Information Retrieval (IR). In [6], Collection Retrieval 

Interface (CORI) merging algorithm was used to normalize 

the document scores retrieved from each component search 

engine. In [7], another merging technique was used to 

calculate the merging score based on the number of 

retrieved documents. It actually scores the search engine 

based on the proportion of retrieved results. In [8], a semi 

supervised learning algorithm was employed which is based 

on overlap measures between underlying search engines 

and centralized search engine from which a mapping is 

generated between the corresponding search engine score 

using a learning function. In [9], a learning-based approach 

was used for search engine selection and Ordered Weighted 

Averaging (OWA) based merging approach was used 

which is based on fuzzy set theory. 

 

B. Data Fusion 

Data fusion schemes find its application ranging from 

sensor networks to information retrieval. 

Five combination function for combining scores was 

described by Fox and Shaw,1994[10,11].They are : 

CombMIN = Minimum of Individual Similarities 

CombMAX = Maximum of Individual Similarities 

CombSUM = Summation of Individual Similarities 

CombANZ = CombSUM ÷ Number of non zero 

Similarities 

CombMNZ = Comb SUM × Number of non zero 

Similarities. 

As per [12,13,14] fusion functions which are different from 

Comb- functions with respect to the generation of answer 

sets. Based on relevance score , documents are assigned 

ranks using fusion functions. Data fusion functions are 

more feasible for optimizing search results in the 

mathematical information retrieval (MIR). In this regard, a 

single list is created by merging the documents using the 

Rank Position method[12,15] as given below: 

          (1) 

Here, the computation of the rank score of document i, 

using the position information of this document across all 

component search engines ( j = 1. . .m). 

The method proposed in [12], is a multilayer technique to 

maximize precision and improve the retrieval performance 

that satisfies the user needs. They suggested by invoking 

their method and integrating other techniques might lead to 

better performance. Data fusion concept was also used in 

[15], for automatic ranking of retrieval systems. They 

merged the retrieval results of multiple systems using a 

hybrid of Rank position method, Borda count method and 

Condorcet method. Hence obtained top-ranked documents 

in the merged result as the „„(pseudo) relevant documents,‟‟ 

and employed these documents to re-rank in the retrieval 

systems. . In both of the approaches mentioned above,  

relevance judgments was not considered as a feature which 

we consider a crucial factor for optimizing result merging 

process using data fusion technique. 

 

C. Existing Math Information Retrieval Systems(MIR) 

Unlike text, the structure of Mathematical Expression (ME) 

and formulae may be multidimensional. Majority of math 

aware search engines or MIR systems  handles this aspect 

by using two approaches of indexing namely text-based or 

tree based. 

In text-based approach, a mathematical formula markup is 

converted into plain text string. Then the traditional text 

retrieval schemes are implemented using existing 

information retrieval tools like Lucene. This conversion 

itself presents another set of challenges like retaining 

structure information of MEs into the string, resolving 

notational ambiguity and normalization of the string [16] 

Canonical form for normalized operands was proposed by 

Miller et. al. [17,18] after converting all non-alphanumeric 

symbols in LATEX into alphanumeric symbols. On the 

same grounds, later Misutka et al. [19] optimized the design 

by incorporating an additional normalization of variables 

and constants. But in all these methods the structural 

information of mathematical expressions cannot be 

recovered as it gets lost during the process. Moreover, 

Miner et al. [20] proposed n-gram indexing for substructure 

matching, setting n to five. Again this resulted in fewer 

nodes indexing causing ineffective index for complex 

structures.  

In tree based approach, mostly symbol  layout tree(SLT) or 

operator tree(OPT) are employed to index formulae. 

Attributes of tree structures like sub-expression or path are 

extracted as index terms. Indexing all  substructures of a 

formula can lead to high recall but suffers from index size 

growth. To address the issue of indexing the sub-structures 

of semantic formula a substitution tree indexing technique 

was proposed by Sojka et. al. [21] and Kohlhase et al. [22]. 

Originally substitution tree indexing was proposed by Graf 

[23] for theorem provers. Similarly,it was also used by 

Schellenberg et. al.[24] for indexing layout presentation of 

formulae. All these approaches although improves precision 

but offer inferior recall. 

As per our study, we are not aware of any mathematical 

meta search engine developed yet and the only contribution 

made for optimizing rank result in math similarity search is 

provided in [25]. Their work was based on correlation 

measurement whereas our work is based on human 

relevance or in other words relevance judgement.   

We have chosen MIaS[26] and WikiMirs[16,27] for the 

purpose of comparison due to the availability of human 

relevance judgement.   
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D. Grey Wolf  Optimizer(GWO) 

Originally, Grey Wolf Optimizer (GWO) was coined by S. 

Mirjalilli in year 2014 [29], which mimics the leadership 

hierarchy of wolves and their hunting behavior.  It is a 

simulation to recognize optimum unique hunting agent 

among pack of grey wolves and searching prey 

characteristics. Four levels of social hierarchy of grey 

wolves exists in GWO namely  

1. First level : It is also considered as the leader of the pack 

and known as  α ( best hunting agent) . It has the 

responsibility to take decision, manage and control the 

whole pack.  

2. Second level: Also known as β (second best hunting 

agent) which assist the first level for taking decisions. 

3. Third level : These are the subordinates who are assigned 

tasks to execute. They also help the first level and second 

level in various tasks like hunting, boundary watching etc. 

These are also known as δ. 

4. Fourth level : This is the lowest level and known as Ω 

wolves. They have to submit to all the other levels. The last 

level Ω wolves followed by δ, responsible for maintaining 

the safety and integrity in the wolf pack. 

The distance α,β and δ wolves i.e. Dα , Dβ and Dδ to each of 

the remaining wolves ( ) are calculated using equation 

(2)[30] using which the effect of α, β and δ wolves on the 

prey viz.  ,  ,   can be calculated as represented in 

equation (3) 

 

{ = ,   

= , 

= }               (2) 

{  . , 

 .  

 . }             (3) 

 

, =2.                          (4) 

 

 

The values of controlling parameters of the algorithm which 

are α, A and C are calculated using Equation (4). Here, 

and  are the random vectors in the range of [0,1]. These 

vectors make wolves able to reach at any point between the 

prey and the wolf. Vector is involved in controlling 

activity of the GWO algorithm and used in calculating . 

The component values of  vector decreases linearly from 

2 to 0 over the courses of iterations.  helps in putting some 

extra weight on the prey to make it difficult for the wolves 

to find it. Finally, all other wolves update their positions 

 using Equation (5) [29,30,31]. 

We propose a bio-inspired optimization algorithm in the 

domain of mathematical information retrieval i.e. Grey 

Wolf Optimizer (GWO) to model the problem of rank 

aggregation using data fusion techniques based on 

relevance judgement. 

III. PROBLEM DESCRIPTION 

We have considered a label results for each system 

ranging from {1,2,..,5}. Here, label 1 represents the results 

which are not relevant to the query and higher score denotes 

results more relevant to the query. Based on our observation 

and study, the following challenges have been encountered. 

Here SE1,SE2 and SE3 represent component search 

engines. The following problems are encountered based on 

result merging from different component search engines.   

A. Missing Rank Position 

Different search engines provide different rank results. 

But many documents may have same relevance judgement, 

yet they are not ranked by one or more search engines. So, 

it is necessary to rank those documents which are not 

captured by the search engines. 

 

Doc 

ID 

Relevance 

judgement 

Rank position@10 

SE1 SE2 SE3 

1 4 4 4  

2 4   5 

3 4 9 9  

Table 1 Missing rank position problem having similar 

relevance judgments 

Consider Table 1, here Doc ID 1 has  relevance judgement 

of 4 but it is not captured by all the search engines as it is 

observed that search engine SE3 did not rank it at all. So, it 

can be concluded that SE3 could not rank it properly. 

Similarly, in-spite of  Doc Id 2‟s relevance judgement of 4, 

it is also not ranked by search engines SE1 and SE2. Hence, 

these two search engines also could not provide document 

ranking efficiently. 

In a nutshell, it is observed that all these documents are 

not present in the common ranking list of all the search 

engines. Therefore, considering the above fact it is 

necessary to rank these documents efficiently. 

B. Different Rank Position (Same Relevance judgement) 

Different search engines may provide different rank 

positions to the documents having same relevance 

judgments. Different documents having different rank 

positions in different search engines with same relevance 

judgments itself poses a challenge on the efficiency of the 

search engines. The problem is illustrated in Table 2. 

Table 2 Different rank position problem having similar 

relevance judgement 

Doc ID Relevance 

judgment 

Rank position@10 

SE1 SE2 SE3 

1 4 4 2 6 

2 4 2 4 5 

3 4 9 1 3 

 

C. Different Rank Position (Different Relevance 

judgement) 

 Different search engines may provide different rank 

positions for different relevance judgement. Documents 
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having higher relevance judgements might get lower 

ranking positions in different search engines, which also 

becomes a factor to the efficiency of the search engines. 

The problem is illustrated in Table 3. 

Table 3 Different rank position problem having 

dissimilar relevance judgement 

Doc ID Relevance 

judgement 

Rank position@10 

SE1 SE2 SE3 

1 4 4 1 2 

2 3 2 4 1 

3 2 1 2 3 

D. Hybrid  

The fourth issue arises as a combination of the above three 

points which is hybrid problem shown in Table 4.In real 

world, the aforementioned problems are evident as most of 

the search engines results differ due to their underlying 

document representations, indexing schemes, similarity 

matching and the datasets. 

Table 4: Hybrid problem 

Doc ID Relevance 

judgement 

Rank position@10 

SE1 SE2 SE3 

1 4 1  6 

2 4 2 1 1 

3 3 3  5 

4 2 4 2 3 

IV. PROPOSED FITNESS FUNCTION 

As discussed earlier, the Grey wolf optimizer technique 

along with data fusion concept, is proposed here in which 

we draw the analogy of all the problems discussed in 

previous section. In this method, all the ranked documents 

are considered as Grey wolves and all the ranked document 

have different ranked position in different search engines 

like all Grey wolves have different position in different 

dimensions.  

In Grey Wolf Optimization scenario, the fitness value of 

every wolves is calculated in every dimension based on its 

position vector from target position i.e. prey position. Then 

based on  fitness value, wolf position is updated. While  

calculation of fitness value, the position of the prey is 

uncertain, hence in every dimension a random position 

value is generated.  

Similarly, we considered fitness value of every document 

in every component search engine. But in our context by 

only considering position of ranked document, it is not 

possible to calculate fitness value of each document as 

every document may have different relevance judgments 

along with different ranked position. 

For instance, consider the following example given in 

Table 5. 

 

Table 5: Different relevance judgments along with 

different ranked position 

Doc Id Relevance judgement SE1 

1 4 2 

2 3 4 

3 2 1 

 

Here, Doc ID 3 have top position in search engine SE1, but 

relevance judgment  is less than Doc ID 1. So, to calculate 

fitness value document it is necessary to consider relevance 

judgment of every document. Also, only considering 

relevance judgment as fitness value is not justified to select 

top position because, there might be possible more than one 

has same relevance judgments as shown in Table 6.  

 

Table 6: Same relevance judgments for multiple 

documents 

 

Doc ID Relevance judgement SE1 

1 4 2 

2 4 4 

3 4 1 

 

Hence by considering both parameter i.e. relevance 

judgment and ranked position, fitness value of the 

document can be calculated using the equation(6) as given 

below: 

       (6) 

 

Where ,  

 Fitness  value of document id (id=1,2…n)  

corresponding search engine j(j=1,2….m). 

=Initial Fitness Value of document i (Assumed 

relevance judgement of document i) 

Position score of document id in the search engine 

j. 

is a flag variable is used to recognize whether the document is 

present or missing, K=1 if document exists , otherwise 0. 

 
The procedure is further illustrated below. Consider the following 

scenario shown in Table 7. 

 

Table 7: Fitness Value Calculation 

Doc ID Relevance 

judgement 

SE1 
 

1 3 1 3 

2 4 2 4.5 

3 4 3 4.3 

4 2 α( infinity) 0 

 

To omit document which are not ranked, we consider its  

position as α (infinity) which is different from α-solutions 

as the output of GWO. 

The main advantage of this model is that it guarantees to 

provide unique fitness value of the document. In simple 

words, every document has different fitness value because 
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each document has unique ranked position in the 

considering current search engine. 

In Grey Wolf Optimizer scenario, after calculation fitness 

value of hunting agents  (wolves) next task is to find out 

best hunting agent α, second best hunting agent β, third best 

hunting agent δ and the rest are known as ω which are 

following delta. With this connection, we traverse all the 

search engines corresponding to every document. As a 

result, for every search engine we have different fitness 

value of every document. So, different search engines will 

have different α, β and δ and might lead to an ambiguous 

condition which results in having same fitness value of 

more than one document. Hence, by only considering total 

fitness value it is not possible to recognize unique optimum 

solutions.To elaborate the problem , consider the following 

Table 8.                                                          

Table 8: Calculation of    

Doc 

ID  

SE1 SE2 SE3 
 

1 4.5 (α) 1.5 (α) 2.5 (β) 8.5 (same) 

2 2.5(β) 4.5 (β) 0 7.5 

3 0 0 1.5 (δ) 1.5 

4 1.5 (δ) 2.5 (δ) 4.5 (α) 8.5(same) 

 

Now to solve this problem using data fusion concept, we 

extended (6) into our proposed model given in (7). 

 

 
 
Where, 

Final fitness value of the considering ranked document. 

 since all the ranked document are considered. 

Fitness value of the document id in the considering search 

engine j. 

Ranked position score of the document id. 

 

To further illustrate consider the following scenario: 

 

Table 9: A running example 

Doc 

ID 

Releva

nce 

Judgem

ent 

SE1 SE2 SE3 
  

1 4 2 4 α( 

infinity

) 

8.75 1.33 

2 3 1 α( 

infini

ty) 

2 7.5 0.66 

3 2 α( 

infi

nity

) 

3 1 5.33 0.75 

 

Using equation 1 we get, 

 

  

Similarly, 

=0.66 

=0.75 

 

Now using equation 7 we get, 

 

 

 
and finally, we get our desired results tabulated in Table 10. 

 

Table 10:  Final Fitness Value (FFV) 

 

Doc ID    

1 1.33 8.75  (α -solution) 

2 0.66 7.5  (β -solution) 

3 0.75 5.33  (δ-solution) 

V. PROPOSED ALGORITHM 

We have considered five different search engines based on 

different indexing scheme and similarity metrics. In our 

earlier work [32] we have created a meta-search engine for 

scientific document retrieval based on different indexing 

schemes namely Pattern Based Trie (PBT), Lucene [33] 

with Structure Encoded String (SES) , Lucene(Vector 

Space Model) .. We have also considered two other state-

of-the-art math-aware search engine namely MIaS , 

Wikimirs1 as discussed earlier and obtained ranked 

documents corresponding to different standard queries. 

A. Algorithm 

Input: Let a set S= {Uq, Di}, where Uq is the user 

query and Di = {D1, D2, D3… Dn} is list of document 

return by the underlying search engine SEj 

(j=1,2…m). Since we considered five search engines, 
so value of m is set to 5. 

Output: Single rank list Dr{r =1,2,3….n} of 

document after merging the result, where D1=Dα  
,D2=Dβ ,D3=Dδ. 
Method: 
Begin 

Step 1: Generate the random population of documents in 

the search space along with their rank position and 

relevance judgments. 

Step 2:   Calculate the Rank position score (RPS) of each 

individual of population document across all component 

search engines by considering equation (1) . 

 

                (1) 

Where, 

       =RPSi  is the rank position score of document i 

(i=1,2….n) across all the search engine SEj (j=1,2…m). 

Step 3: Check whether end of results is encountered for the 

current search engine SEj ?  
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                    If True goto Step 7; else goto Step 4. 

Step 4: Calculate fitness value (FV) of each individual 

corresponding to the current search engine SEj, using 

equation (6). 

       (6) 

Step 5: Update the rank position of the individuals based on 

fitness value (FV). 

Step  6: Find the current value of α(alpha), β(beta) and 

δ(delta) using individuals position with respect to current 

search engine SEj and repeat the process from Step 3 to 

Step 6 for all participant search engines. 

Step 7: Compute the final fitness value (FFV) of all the 

ranked individuals by using (7). 

 
Step 8:Finally obtain the optimum solution by finding the 

values of α, β and δ among n individuals. 

  End 

B. Flowchart 

 

Fig1. Flowchart of the proposed algorithm 

VI. EXPERIMENTAL RESULTS 

We evaluated our system using NTCIR-12 Math-IR1 task 

(http://ntcir-math.nii.ac.jp/.) from which Wikipedia Corpus 

was downloaded that contain mathematical formulas 

written for normal users.  

(i) Wikipedia Corpus contains 319,689 articles from 

English Wikipedia converted into simpler XHTML format 

with images removed. There are around 31,839 MathTag 

 
1 http://ntcir-math.nii.ac.jp/. 

articles which is approximately 10% of the collection 

approximately and 287,850 Text articles which contributes 

90% of the collection approximately. There are 

around590,000 formulas in this corpus encoded using 

presentation and content MathML. The size of this corpus 

having uncompressed documents is 5.15GB . 

(ii) Query Set Description The query set was downloaded 

from [34] along with necessary relevance judgments. The 

query set is presented in JSON format, which is composed 

of with approximately 100 queries. Each query contains a 

query string in LATEX along with list of labels containing 

the URL and its score. 

A. Evaluation Measure 

 To evaluate the performance of results, Precision and 

Discounted Cumulative Gain (DCG) @10 [35], are 

calculated respectively, over 25 random queries chosen 

from the query set. 

Precision: It measures the exactness of the retrieval 

process. If the actual set of relevant document is denoted by 

I and the retrieved set of document is denoted by O, then 

the precision is given by: 

              (8) 

Discounted Cumulative Gain(DCG): DCG measures the 

usefulness, or gain, of a document based on its position in 

the result list. DCG of the top-k retrieved results can be 

calculated using equation (9) as shown below: 

         (9) 

B. Result 

We compared the ranked result of our approach with the 

ranked result of other search engines namely Pattern Based 

Trie , Lucene with Structure Encoded String (SES), 

,Lucene(Vector Space Model) , MIaS  and Wikimirs1 in 

terms of Precision@10, which is shown in Table 11 and 

Fig.2.Similarly, compared ranked result of our approach 

with other search engines in terms of  DCG@10, is shown 

in Table 12 and Fig.3. 

        In the Table 11 and Fig.2, it is observed that most of 

the results based on queries retrieved through our approach 

shows better precision value than that of other search 

engines.   

Few queries like Q9 and Q14 has a better precision value in 

in MIaS and for Q25, Wikimirs1 shows better precision  

value. However, in   case of our approach, mean value of 

precision@10 value over 25 queries is 0.76 which is better 

result in comparison of  other search engines: Pattern Based 

Trie (0.664), Lucene (SES) (0.664), Lucene (VSM) (0.316), 

MIaS (0.34) and wikimirs1(0.124). 

Similarly, comparison is done in terms DCG@10 in 

Table 12 and Fig.3. It is observed that Q3,Q13 and Q19,the 

DCG remains the same and consistent.For the rest of the 

queries, our approach provides better or optimum results 

than considering the results of all the search engines . We 

estimated mean value of DCG @10 for the set of 25 

queries, in case of our approach it shows  13.9864 which is 

better than pattern Based Trie (12.7064), Lucene (SES) 
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(12.6052),Lucene (VSM) (7.9268), MIaS(3.2852) and Wikimirs1(3.3824) 

Table 11: Precision@10 Comparison PBT,SES,VSM,MIaS,Wikimirs1 Vs Our Approach 

 

Query 

Id 

Mathematical Notation/LaTeX 

Query 

Pattern Based 

Trie 

(PBT) 

   Lucene 

(SES) 

    Lucene 

(VSM) 

MIa

S 

 

 

 

Wikimir

s1 

 

 

Our 

Approa

ch 

                                   Precision @10   

Q1 (¬q∨¬q)↔(p→¬q) 0.5 0.5 0.2 0.3 0 0.6 

Q2 (a-b)^2 = a^2+b^2-2ab 0.9 0.9 0 0.2 0 0.9 

Q3 (x⊕y)=(x+7)(x+4)−6k 0.1 0.1 0.1 0.4 0 0.1 

Q4 \int \frac{\sin x}{x}dx 0.6 0.6 0.6 0.5 1 0.7 

Q5 

\neg(p \vee q) \vee (\neg p 

\wedge q) = \neg p 
0.6 0.6 0.2 0.2 

0 0.7 

Q6 a \equiv b \pmod n 0.1 0.1 0.1 0.5 0.1 0.6 

Q7 {6.7}^n - {2.3}^n 0.7 0.7 0.1 0 0/5 0.8 

Q8 ((p→(q→r))→((p→q)→(p→r))) 0.8 0.8 0.7 0 0.1 0.9 

Q9 (p-1)! \equiv -1 (\mod {p}) 0.1 0.1 0.1 0.3 0 0.1 

Q10 

(a^2+b^2+c^2)^2 = 

2(a^4+b^4+c^4) 0.9 0.9 0.1 0.3 

0 0.9 

Q11 (n-m) \mid (n^k-m^k) 0.8 0.8 0.7 0.8 0 0.9 

Q12 (p \leftrightarrow q) 0.4 0.4 0.1 0.1 0.3 1 

Q13 

(p \vee q) \wedge (p \to r) 

\wedge (p \to r) \to r 0.9 0.9 0.3 0 

0 0.9 

Q14 (x+y)\times\frac{a}{b} 0.1 0.1 0.1 0.3 0 0.1 

Q15 (x^2+1)^2 0.9 0.9 0.8 0.4 0.3 1 

Q16 (z + y + x)^2 0.9 0.9 0.9 0.4 0 0.9 

Q17 1+\tan^2x 0.9 0.9 0.1 0.1 0 0.9 

Q18 1+x+x^2+x^3+\ldots \: 0.9 0.9 0.7 0.5 0 0.9 

Q19 1+x+x^2+x^3=y 0.9 0.9 0.1 0.2 0 0.9 

Q20 1.1!+\dots+n.n! = (n+1)! 0.8 0.8 0.1 0.4 0 0.9 

Q21 

10 \sin^2(\theta) - 13 \sin(\theta) 

- 3 = 0 0.9 0.9 0.9 0.9 

0 1 

Q22 2+4+\dots+2n=n(n+1) 0.9 0.9 0.6 0.3 0 1 

Q23 3x^2 + 2x 0.9 0.9 0.1 0.5 0 0.9 

Q24 7x + 5y = 3 \pmod 4 0.6 0.6 0.1 0.4 0 0.7 

Q25 

F_{n}^{2}-(F_{n+1})(F_{n-

1})=(-1)^{n-1} 0.5 0.5 0.1 0.5 

 

0.8 

 

       0.7 

 

                                                        

Mean 0.664 0.664 0.316 0.34 

 

0.124 

 

0.76 

Query 

Id 

Mathematical Notation/LaTeX 

Query 

Pattern 

Based 

Trie 

(PBT) 

   Lucene 

(SES) 

    Lucene 

(VSM) 

 

 

 

MIaS 

 

 

 

Wikimirs1 

       Our 

Approach 

DCG @10 

Q1 (¬q∨¬q)↔(p→¬q) 12.29 12.29 9.17 3.74 7.95 14.14 

Q2 (a-b)^2 = a^2+b^2-2ab 14.49 14.49 14.48 1.51 0 15.47 

Q3 (x⊕y)=(x+7)(x+4)−6k 9.08 9.08 7.76 1.3 0 9.08 
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Table 12: DCG@10 Comparison  PBT,SES,,VSM,MIaS,Wikimirs1 Vs Our Approach 

 

Fig2. Precision @10 comparison: Pattern Based Trie (PBT),Lucene (SES),Lucene(VSM)  MIaS and Wikimirs1 vs Our 

approach 

 

Q4 \int \frac{\sin x}{x}dx 15.24 15.23 13 3.31 4.54 16.33 

Q5 

\neg(p \vee q) \vee (\neg p \wedge q) = 

\neg p 
12.68 12.68 9.17 2.15 0 14.68 

Q6 a \equiv b \pmod n 5.54 6.89 6.13 17.73 15 10.04 

Q7 {6.7}^n - {2.3}^n 11.83 11.7 3.89 0 3.94 12.7 

Q8 ((p→(q→r))→((p→q)→(p→r))) 12.45 12.45 10.57 0 15 14.28 

Q9 (p-1)! \equiv -1 (\mod {p}) 5.65 5.65 4.54 0 0 6.65 

Q10 (a^2+b^2+c^2)^2 = 2(a^4+b^4+c^4) 14.59 14.58 4.54 2.42 0 14.97 

Q11 (n-m) \mid (n^k-m^k) 13.17 12.78 7.25 3.82 0 14.31 

Q12 (p \leftrightarrow q) 12.54 16.74 9.17 4.51 31.96 19.92 

Q13 

(p \vee q) \wedge (p \to r) \wedge (p \to 

r) \to r 15.26 15.26 9.12 0 0 15.26 

Q14 (x+y)\times\frac{a}{b} 6.85 6.85 8.2 9.96 0 10.07 

Q15 (x^2+1)^2 16.13 13.97 4.85 2.84 2.13 16.13 

Q16 (z + y + x)^2 13.2 13.2 6.94 4.34 0 13.34 

Q17 1+\tan^2x 16.62 16.61 8.29 0.33 0 17.19 

Q18 1+x+x^2+x^3+\ldots \: 18.12 13.15 4.87 2.66 0 18.32 

Q19 1+x+x^2+x^3=y 13.63 13.63 7.2 0.61 0 13.63 

Q20 1.1!+\dots+n.n! = (n+1)! 12.68 12.68 4.54 4.21 0 13.04 

Q21 10 \sin^2(\theta) - 13 \sin(\theta) - 3 = 0 13.63 13.63 14.05 6.58 0 13.63 

Q22 2+4+\dots+2n=n(n+1) 14.58 14.57 11.49 1.81 0 15.35 

Q23 3x^2 + 2x 15.52 15.13 5.89 2.19 0 15.37 

Q24 7x + 5y = 3 \pmod 4 9.88 9.88 5.92 2.26 0 13.37 

Q25 

F_{n}^{2}-(F_{n+1})(F_{n-1})=(-

1)^{n-1} 12.01 12.01 7.14 3.85 4.04 12.39 

 

                                                        

Mean 12.7064 12.6052 7.9268 3.2852 3.3824 13.9864 
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Fig3. DCG @10 comparison: Pattern Based Trie (PBT),Lucene (SES),Lucene(VSM)  MIaS and Wikimirs1 vs Our approach 

VII. CONCLUSION 

This effort was focused towards issue of result merging 

in meta-search engine in the domain of mathematical 

information retrieval. We proposed a heuristic approach 

based on the principles of Grey Wolf Optimizer and data 

fusion schemes. As per our approach, we obtained the 

fitness value of the retrieved results across different search 

engines depending on the rank position and relevance 

judgments of the results. With our approach we deduced 

that the document having the best fitness value moves 

towards the top of the single ranked list based on rank 

position method. Our proposed model also takes into 

account of the missing results. 

In this approach, all the results retrieved from each 

component search engine are considered as grey wolves. To 

find the values of α, β, δ –solutions we employed rank 

position method which is data fusion technique and 

proposed a heuristic approach of including relevance 

judgement in the model. Other candidate solutions i.e. Ω 

wolves are updated based on the position of α, β, δ 

depending on the final fitness score. The process is 

iteratively called for all the solutions in each component 

search engine until the optimum α, β, δ –solutions are 

obtained and a single rank list is created. 

The comparison was done with other state-of-the art math 

aware search engines on the basis of precision and 

discounted cumulative gain to measure the usefulness of 

our results. In summary, from the comparative analysis , 

our approach facilitates result which yields an  optimized 

result  that  performs better than other search engines. 

We conclude that our results outperformed or optimized the 

rank list results in comparison to other systems. In future, 

other optimization techniques like gravitational algorithm, 

blue whale optimization techniques may be exploredl in 

context of the problem and other combination functions 

may be used to further enhance. Weighting schemes of the 

documents may also be exploited in this construction. The 

field of MIR is still young and has a vast scope of 

implementing new theories and principles in this engaging 

field to create a mature system.  
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