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ABSTRACT 

A grammatical inference (GI) algorithm is proposed, that utilizes a 

Genetic Algorithm (GA), in conjunction with a pushdown 

automaton (PDA) and the principle of minimum description length 

(MDL). GI is a methodology to infer context-free grammars 

(CFGs) from training data. It has wide applicability across many 

different fields, including natural language processing, language 

design, and software engineering. GAs is a search methodology 

that has been used in many domains and we utilize GAs as our 

primary search algorithm. The proposed algorithm incorporates a 

Boolean operator-based crossover and mutation operator with a 

random mask. Here, Boolean operators (AND, OR, NOT, and 

XOR) are applied as a diversification strategy. A PDA simulator is 

implemented to validate the production rules of a CFG. The 

performance is evaluated against state-of-the-art algorithms. 

Statistical tests demonstrate the superiority of the proposed 

algorithm over the algorithms implemented in this paper. 
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1 INTRODUCTION 

Genetic algorithm (GA) is a stochastic search and optimization 

algorithm based on natural selection and genetics. During the 

implementation of GA, each individual is assigned a fitness, which 

is used to measure the quality of a solution. Then, using the 

reproductory operators the individual population can be modified 

to a new population. GAs can suffer premature convergence when 

the diversity of the population decreases over time and the search 

is stuck. Pandey et al. [1] presented a comprehensive review of the 

various approaches that have been proposed to prevent premature 

convergence within GAs. Pandey et al. [2] proposed a bit-mask-

oriented GA (BMOGA) that uses a bit-mask-oriented data structure 

(BMODS) to perform crossover and mutation operations by 

creating a crossover mask (CM) and mutation mask (MM). To 

generate an offspring, BMOGA utilizes a Boolean-based 

procedure, which uses various Boolean operators. BMOGA avoids 

premature convergence, but the processing time of BMOGA is 

high. Grammatical inference (GI) or grammar learning is a subfield 

of machine learning (ML). Here, grammar needs to be learned from 

examples represented as sentences or programs in some unknown 

language. GI is an idealized learning procedure for grammar 

depending on the evidence about the languages [3] [4]. In general, 

GI can be described as the process of learning grammar from the 

set of corpora (positive and negative sentences). The solution of GI 

problem can be successfully utilized to solve problems in 

computational linguistics, natural language acquisition, pattern 

recognition, data mining, speech recognition, etc. Hence, it was 

studied extensively in [3] [7] due to its wide range of applications 

to solve practical problems in science and engineering. Learning 

context-free grammars (CFGs) is still a hard problem in ML. The 

primary challenge of a GI system is maintaining regularity in the 

data. This paper proposes a GI that utilizes a GA. We refer to the 

proposed algorithm as GIGA (Grammatical Inference using 

Genetic Algorithm). GIGA utilizes Boolean operators-based 

crossover and mutation operators. Employing Boolean operators is 

an effective decision for maintaining diversity in the population.  

The main contribution can be stated as follows: (a) GIGA - a 

CFG learning system that utilizes a GA is proposed; (b) Boolean 

operators-based re-production operations (crossover and mutation) 

have been implemented as a diversification strategy to alleviate 

premature convergence; (c) A PDA simulator is implemented to 

validate the best grammar rules that are generated by the learning 

system; and (d) Statistical performance significance is analyzed. 
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The rest of the paper is organized as follows: Section 2 presents 

the proposed methodology; Experimental results are given in 

Section 3; Concluding remarks are described in Section 4.  

2 PROPOSED METHODOLOGY 

Figure 1 represents the flowchart of the GA-based learning 

system for GI.  

 

Figure 1. Flowchart illustrating the steps involved in the GIGA. 

Phase I is for grammar construction and verification of 

production rules. Phase II is for the execution of the GA to search 

for the best production rules. The learning system is composed of 

several steps that are discussed in the subsections.  

 

Figure 2. A 3-bit representation is used as 2-symbols (1 and 0) 

are represented in the language. SC is split into block sizes of 

(equal to production rule length). UL, UF, A, and D respectively 

indicate useless, useful, accept, and discard production rules. 

PDA simulator is used for acceptance or rejection of 

production rules. 

2.1 Initialization and Symbolic Chromosome 

Representation 

GIGA implements the first step only once, at the beginning of the 

execution. A random binary chromosome comprising of sequence 

of 0’s and 1’s is generated. The binary chromosomes are then 

mapped to terminals and non-terminals to generate symbolic 

chromosomes as depicted in Figure 2 (see Figures 2 and 3 in 

Appendix 1.1 in supplementary data).  

2.2 Fitness Function 

Equation (1) is used to determine the fitness function value (Fv).  

𝐹𝑣 = 𝑚𝑎𝑥 ∑ 𝑄((𝑃𝑠 +  𝑁𝑟) − (𝑁𝑎 + 𝑃𝑟)) + (2 ∗ 𝑄 − 𝑃𝑅𝐿)  (1) 

S.T. 

       Ps + Na ≤ Total positive strings in the corpus.  

       Nr + Pr ≤ Total negative strings in the corpus.  

       PRL: Production rule length. 

      Q: A constant. 

Where Ps: accepted positive strings, Nr: rejected negative strings, 

Na: accepted negative strings, Pr: rejected negative strings, PRL: 

production rule length, and Q: constant. 

2.3 Reproduction Operators 

In the GIGA, Boolean operators (AND, OR, NOT, and XOR) 

based crossover and mutation operations have been implemented 

as a diversification strategy so that diversity of the population could 

be maintained throughout the search for an optimal grammar. 

((Terms: P1, P2: parent population; P1(updated), P2(updated): up-dated 

parent populations are generated after applying Boolean operators 

on P1/P2 and RM; CH1: child population after crossover operation; 

CH1(updated): child population after mutation operation; RM: random 

mask). 

 

Figure 3: Boolean operators-based crossover operation. 

 

Figure 4: Mutation operation by creating an RM and then 

applying the ‘XOR’ operation to generate the offspring. 

Figure 3 illustrates a crossover operation where parent 

populations P1 and P2 are selected. Figure 4 presents a mutation 

operation where Boolean XOR operation is performed to maintain 

population diversity.  

2.4 Generalization 

Let 𝐶𝐿 = {𝑐1, 𝑐2, … , 𝑐𝑖 , … 𝑐𝐿}  is a set of corpora of length L 

where 𝑐𝑖  is ith string of 𝐶𝐿, ∀1 ≤ 𝑖 ≤ 𝐿. We can define a partial 

grammar set 𝐺𝑘 = {𝑔1, 𝑔2, … 𝑔𝑗 , … 𝑔𝑘} where 𝑔𝑗 is a jth production 

rule for training data. In a non-standard way, 𝐺𝑘 represent a set of 

classes where 𝑔𝑗 = {𝑔𝑗
′ → 𝑤1}∀𝑔𝑗 ∈ 𝐺𝑘 𝑎𝑛𝑑 ∀𝑔𝑗

′ ∈ 𝑔𝑗 . In other 



 

words, 𝑔𝑗 shows a set of production rules where 𝑔𝑗
′  is on the left-

hand side of the production rules. MDL principle is used for 

generalization and data regularity. Two operations – merge and 

construct are implemented to handle temporary production rules. 

Algorithm 1 presents the steps of generalization. 

Algorithm-1: Generalization () 

Terms:𝑔𝑖 : ith production rule corresponding to 𝑔𝑖
′  is present 

(production rules in Backus Naur form (BNF)), G: a partial 

grammar contains a nonstandard set of classes 𝑔𝑖 , DL: 

description length, and DL(M/C): description length after merge or 

construction operations.  

1 Set a separate class for each string of training set.  

𝑔1  ← {𝑔1
′ → 𝑤1}, 𝑔2 = {𝑔2

′ → 𝑤2}, ….     

2 Merging 𝐺 ← 𝑔1 ∪ 𝑔2 ∪ … 

3 Constructing 𝑔𝑛𝑒𝑤 ← {𝑔𝑛𝑒𝑤
′ → 𝑔𝑙

′𝑔𝑘
′ }       

4 Set 𝐷𝐿 ← 𝐷𝐿(𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝑠𝑒𝑡) + 𝐷𝐿(𝐺)  

5 Set ∆𝐷𝐿(𝑀) ← difference in DL after merging. 

6 Set ∆𝐷𝐿(𝐶) ← difference in DL after construction. 

7 If (𝐷𝐿(𝑀/𝐶) < 𝐷𝐿) Then 

8       Set 𝐷𝐿 ←  𝐷𝐿(𝑀/𝐶)  

9 Else  

10       Set 𝐷𝐿 ← 𝐷𝐿  

2.5 Rule Validation 

A PDA-based method is implemented for production rules 

validation as shown in Algorithm 2. 

Algorithm-2: Rule_Validation (Str, Stack) 

Terms: ST: Symbol at the top of stack, SF: First symbol of top of 

stack, TOP: Top of stack, Istr: input string, PR: Set of production 

rules, S: Stack, EOStr: End of string, EOS: End of stack, PRule: 

production rule starting with start symbol, Tstr: Temporary 

string, TSTACK: Temporary stack. 

1 Begin 

2          Set S ← “S$” 

3          Set Istr ← Str 

4           Set TOP ← S’ 

5          Set ST ← Return 1st symbol from Istr 

6          Set SF ← Return 1st symbol from TOP 

7          If S_Overflow () Then 

8                 Return “Overflow” 

9                   Else If (EOStr && EOS) Then 

10                 Return “Istr accepted” 

11              Else If (SF = Terminal && ST = SF) Then 

12                Delete SF from Istr 

13                Delete SF from TOP 

14              Else If (SF = Non_Terminal) Then  

15                  For ∀𝑃𝑅𝑢𝑙𝑒 ∈ 𝑃𝑅 

16                      If (Null Production Rule) Then 

17                             Delete SF 

18                      Else 

19                            Delete SF 

20                            Copy the right-hand side of the 

                           production ST to TOP  

21                   End For 

22          End If 

23          Set Result ← Rule_Validation (Tstr, TSTACK)                  

24          If (Results = 1) Then 

25               Return “String is Accepted” 

26          Else  

27               Return “String is Rejected” 

28 End 

2.6 GA Based Grammatical Inference 

Algorithm-3 presents the pseudocode of GIGA. 

Algorithm-3: Grammatical Inference Genetic Algorithm  

Input: BC: Binary chromosome; PS: size of population, CS: size 

of chromosome, CR: crossover probability, MR: mutation 

probability, PRL: production rule length, Th: threshold, TR: 

total run, P1/P2: parent populations, RM: random mask, CH: 

child population and Gmax: maximum number of generations.  

Output: CFG production rules, Fv: fitness value and T: 

processing time.  

1 Begin 

2     Set BC  Generate random initial BC of PSIZE 

3     Grammar constructions (Repeat 4 – 6)  

4 Map BC to SC using sequential structuring and BNF 

to get CFG. 

5           Rule_Validation (Str, Stack)         //Algorithm-2 

6           Generalization ()                            //Algorithm-1 

7      While (Fv > Th) and (TR = Gmax) Then  

8           Selection operation through the roulette wheel     

9           Boolean operator-based crossover operation. 

10                   Set P1  parent population 

11                   Set P2  parent population 

12                             Set RM generate a random mask  

13                   Set P1(updated)  P1 AND RM 

14                   Set P2(updated)  P2 AND (NOT RM) 

15                   Set CH1  P1(updated) OR P2(updated) 

10           Boolean operator-based mutation operation. 

11                   Set RM  generate a random mask 

12                   Set CH1(updated) CH1 XOR RM 

13           Determine Fv using Equation (1) 

14           Set Fv Arrange fitness value  

15           Selection of parents for the next generation. 

16       End While 

17       Display CFG rules, Fv and T. 

18 End 

3 Experimental Results 

Experiments have been conducted using Java programming on 

Eclipse IDE, Intel CoreTM 2 processor (2.8 GHz) with 4 GB RAM. 

To select the corpus, the strings of terminals were generated for the 

length, L, starting with L = 0 and gradually increasing L to get the 

required size to represent the language features from the given 

language. The corpus of 50 strings was sufficient to represent the 

language features selected to perform the experiments. Four 

languages L1, L2, L3 and L4 were used (L1 = {Palindrome over {a 

+ b}}, L2 = {Palindrome over {a + b + c}}, L3 = {(0*+2*)1 over 
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(0+1+2)*} and L4 = {ab* U cb* over (a + b + c)*}) for the 

experiments. The tuning process involved 5 control factors 

(population size (PS), production rule length (PRL), chromosome 

size (CS), crossover rate (CR), and mutation rate (MR)) with 2 

levels. Equation (2) is used to determine SNR as an objective 

function where the control factors combination which gave the 

smaller SNR value was selected (see Figure 6 in Appendix 1.2 in 

supplementary data). 

𝑆𝑁𝑅𝑖 = −10 𝑙𝑜𝑔 (∑
𝑦𝑢

2

𝑁𝑖

𝑁𝑢

𝑢=1

) (2) 

The best results were obtained using the following settings: PS: 

120, PRL: 5, CS:120, CR: 0.9, MR: 0.8, and Gmax: 500. GIGA’s 

performance is compared with BMOGA [2], ITBL [8], GAWMDL 

[6] and GAWS [9]. These algorithms were implemented to avoid 

premature convergence. GIGA was compared with ITBL [8] 

because it is a CFG learning algorithm, while BMOGA [2], 

GAWMDL [6], and GAWS [9] were proposed for handling 

premature convergence where the domain of inquiry was CFG 

learning. The result reveals that GIGA was capable of inferring 

CFGs as shown in Table 1. Production rules were validated with 

the best-known CFGs [2][9]. The standard CFG representation [10] 

[11] was used for representing the grammars as shown in Table 1. 

Table 1: CFGs using GIGA. 

L-id CFG Representation 

L1 <{S}, {a, b}, {S→bSb, S →aSa, S→ ∈}, S> 

L2 <{S}, {a, b, c}, {S→cSc, S→bSb, S → aSa, S→ ∈}, S > 

L3 <{S, M, L, K}, {0, 1}, {S→L, S→K, L→1, L→2L, K→0K, 

K→1}, S> 

L4 < {S, I, L}, {a, b, c}, {S→bL, S→aL, S→ ∈, L →b, L→Sb, 

I→a, I→Sa} S> 

 

 

Figure 5: Fitness Vs. generations chart for algorithms.  

In GIGA, a 2-point cut cyclic crossover operator and inverted 

mutation with an RM and then an XOR operator have been 

implemented to maintain population diversity. This reproduction 

operator combination showed a promising effect on the computer 

simulation.  Algorithm-1 and 2 handled the complexity of search 

space and validated production rules successfully. The fitness vs 

generation chart is shown in Figure 5. GIGA has outperformed 

other algorithms and ITBL showed worse performance. Overall, 

the proposed GIGA has outperformed the other algorithms in terms 

of both computational cost and success rate (Appendix 1.2 in 

supplementary data). Statistical results confirm the superiority of 

the GIGA (Appendix 1.3 in supplementary data). It was noted that 

Boolean operators-based crossover and mutation operators have 

successfully maintained population diversity during a genetic 

evolution which allowed the GIGA to reach the global optimum 

successfully without getting trapped at local optimum convergence. 

4 Conclusions 

In this paper, a GIGA is presented for CFG induction. 

Exploration and exploitation are the keys to the success of any 

search algorithm [7]. In GA, it is achieved through the selection and 

recombination process. We applied Boolean operators-based 

crossover and mutation operations. which maintained the 

population diversity during the evolution. We also utilized the 

MDL principle for handling the complexity of the search space as 

it removed unwanted temporary production rules. The results 

showed that GIGA can infer the CFGs and greatly improve the 

performance. The performance of GIGA was tested against ITBL, 

BMOGA, GAWMDL and GAWS. These algorithms were mainly 

proposed to alleviate premature convergence by maintaining 

population diversity. Further, GIGA was compared with ITBL. 

ITBL uses a GA, and it was proposed for the CFG induction. 

Experimental results confirmed that GIGA outperformed other 

algorithms.  
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