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Abstract  

Reversible Logic Synthesis is an important area of current research because there is theoretical basis that shows that 

reversible circuits can be constructed for computing without any loss of information and, therefore, without expending 

energy. However, design of these circuits is a difficult problem as there is no standard algorithmic approach available.  

Quantum Inspired Evolutionary Algorithms (QIEA) combine  ideas from Quantum Computing and Evolutionary 

Algorithms for effective search and optimization. They rely on the immense representation power offered by Quantum 

Bits and search using Quantum operators. These have been shown to be effective on a wide variety of problems.  

This paper introduces a novel QIEA called the Enhanced Quantum Inspired Evolutionary Algorithm (EQIEA) for the 

automatic synthesis of reversible classical circuits like Binary to Gray converters, Gray to Binary Converters, Boolean 

functions and Arithmetic Circuits. It has been shown that EQIEA not only takes much lesser time to evolve reversible 

circuits than  those  using the original QIEA but is also able to find solutions for circuits for which QIEA fails to 

converge. The proposed EQIEA is general enough and can also be used with advantage on other circuit synthesis 

problems and other combinatorial optimization problems.  

Keywords : Reversible Circuit Synthesis, Reversible Logic, Quantum Inspired, Evolutionary Algorithms, Binary-Gray 

Code Converter, Arithmetic circuits 

 

1. INTRODUCTION 

The number of gates on the standard CMOS technology based chips has been increasing rapidly over the past 

few decades in accordance with the Moore’s Law. This can also be viewed as the reduction in size of 

integrated circuits and an immense increase in the computational speed of the chip which implies that more 

operations are being performed by more number of gates per chip resulting in more power being consumed. 

The current technology is reaching the limits of the power that can be consumed in a single chip and 

consequently efforts are being directed at reducing both, the power consumption as well as the energy loss in 

the computational process. 

The first component is more a technology issue whereas the second component can be eliminated by utilizing 

reversible logic [10] [11]. Thus, design of circuits utilizing reversible logic is an area of great practical 

interest. These reversible circuits are based on classical reversible gates and can be utilized in today’s chips 

for reducing energy loss. The flip side is that these circuits may require larger number of gates than the 

corresponding non-reversible circuits and, therefore, consume more chip area and may be slower.  

Quantum Circuits are reversible in nature and the designs have implications in Reversible Logic synthesis as 

well. Just like Quantum circuits, Reversible Logic (RL) circuits are n-input n-output logic system in which it 

is possible to uniquely recover inputs from the outputs [10]. This is not possible in the traditional classical 

circuits and hence they are irreversible in nature.  

In this work, the problem of RL circuit synthesis has been approached as a combinatorial optimization 

problem with an appropriate function  to optimize. The goal in this approach to RL circuits design is to create 

a circuit that implements a given logic function using minimum number of reversible gates and minimizing 

the total complexity of the circuit. In this paper, an attempt is made to use QIEAs for this purpose.  

Quantum Inspired Evolutionary Algorithms (QIEAs) are classical algorithms that combine ideas from 

Evolutionary Algorithms and Quantum Computing to create classical algorithms that can be used effectively 

for search and optimization problems on classical computers [4].  Several variants of QIEAs have been 
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proposed in the literature for the solution of a large variety of problems. They have been shown to perform 

much better than EAs on these problems and provide the motivation for their use in other combinatorial 

optimization problems [20].  

The QIEA is adopted in this work, provides solutions to problems of small size but gets into difficulties as the 

problem sizes increase. An Enhanced Quantum-Inspired Evolutionary Algorithm (EQIEA) is designed by 

embellishing the original QIEA with additional features to increase its search power for the problem at hand. 

The EQIEA is presented for solving these larger RL circuit synthesis problems including Binary to Gray and 

Gray to Binary converters, Boolean functions and arithmetic circuits.  

The rest of the paper is organized as follows. Section 2, introduces the concept of RL circuits.  In section 3, a 

brief summary of the previous attempts at implementing Evolutionary algorithms for reversible and Quantum 

circuit synthesis is provided. The proposed approach for automatic synthesis of RL circuits using QIEA and 

EQIEAs have been described in sections 4 and 5 respectively. Computational results are provided in section 6. 

Conclusions and further work are described in section 7.  

 

2. REVERSIBLE LOGIC CIRCUITS  

Circuits composed of the reversible gates are by definition reversible. The reversible gates utilized here for 

designing reversible classical circuits are:  

 NOT gate - inverts the given input bit 

 Swap gate - interchanges the two input bit values 

 CNOT gate (Feynman) - flips the input bit if and only if the controlling bit is 1 

 C
2
NOT (Toffoli) - flips the input bit if and only if both the controlling bits are 1. 

Each of these reversible gates is a unitary operator that represents a state transformation. Due to its unitary 

nature, these are reversible and hence the number of inputs to the gate must always be equal to the number of 

outputs. A variety of these gates exit in literature [6][10]. 

A reversible circuit, similar to a Quantum circuit, is a sequence of unitary operations and measurements on an 

n-bit state. Just like an irreversible classical circuit is composed of different gates like AND, OR, NOT etc. 

reversible circuits are composed of reversible gates like CNOT, Toffoli etc. The main points of difference 

between a standard binary irreversible circuit and an RL circuit composed of reversible gates are as follows. 

(i) In RL circuits, fan out of any gate output is not allowed while a classical irreversible circuit can have 

as many fanouts as desired.  

(ii) Unlike conventional circuits where feedbacks and feed forwards are commonly used, no loops of 

gates are allowed in RL circuits. Circuits must be planar and use swap gates.  

These rules preserve the reversible characteristic of gates therefore the resulting circuit is also completely 

reversible. The figure below shows the basic structure of a reversible circuit. 

 

 

Figure 1. n x n Reversible circuit 
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3. PREVIOUS WORK 

Several methods for automated reversible and quantum logic circuit synthesis based on Genetic Algorithms 

(GA) have been developed in the past few decades. Yabuki and Iba [18], like Williams and Gray [17], 

approached evolving quantum algorithms from an optimization, rather than a search standpoint. They 

implemented GA to find a quantum circuit when a circuit for solving the given problem already existed. The 

circuit obtained using the algorithm solved the teleportation problem using fewer gates than already existing 

circuits given by Brassard [1] and by Williams and Gray[17]. GAs have also been successfully implemented 

for evolving teleportation circuits using only Hadamard and CNOT gates  [15]. 

GA has also been devised to solve Quantum Circuit synthesis problems like Quantum Fourier transform 

[Satsangi]. In their paper, Satsangi et al. have shown how genetic algorithm can be implemented to evolve 2, 

3, 4 and 5 qubit circuits for Quantum Fourier transform.  GAs have also found an important application in 

finding the reversible equivalent circuits for classical circuits which is similar to synthesis of Quantum circuit 

due to reversible nature of both [7][8][9][14]. Satsangi et al. [12] utilize a GA to evolve reversible equivalents 

for various classical circuits using Quantum gate. 

Yang et al. [2][19] proposed a hybrid approach including features like crossover and mutation apart from 

Quantum principles and a novel update operator, to evolve quantum circuits like FFT, entangle2 and 

entangle3. They termed their algorithm as hybrid quantum-inspired evolutionary algorithm (HQEA).  

The main drawback of most of the algorithms in literature implementing reversible circuits designs result in 

circuits that need to be further optimized by hand or by means of template matching. Further, as the circuit 

size increases, the evolution time increases and at times the algorithms fail to converge to an optimum 

solution [12][13]. This gives rise to need for faster and more robust algorithms for RL circuit synthesis. 

 
4. QIEA FOR THE AUTOMATIC SYNTHESIS OF RL CIRCUITS 

QIEA incorporates some of the key features of quantum mechanics such as quantum bits, superposition of 

states (quantum parallelism) and quantum gates. Quantum inspired evolutionary algorithm has been 

implemented in this work in order to explore its ability to evolve various types of reversible classical and 

quantum circuits. This procedure of the primitive QIEA that has been implemented to evolve the circuits is 

given in figure 2. 

 

The notations used in the paper have been defined below: 

 

 𝑄(𝑡): Q-bit population in 𝑡𝑡  iteration. 

 𝑃 𝑡 : Population of binary solutions in 𝑡𝑡  iteration. 

 𝐵(𝑡): Population of best solutions in 𝑡𝑡  iteration. 

 𝑞𝑖𝑗
𝑡 :  𝑗𝑡  Q-bit of the 𝑖𝑡  individual in 𝑄(𝑡). 

 𝑝𝑖𝑗
𝑡 :  𝑗𝑡  Q-bit of the 𝑖𝑡  individual in P(t). 

 𝑏𝑖𝑗
𝑡 :  𝑗𝑡  qubit of the 𝑖𝑡  individual in B(t). 

 𝑏:  Global best solution observed so far. 

 𝑡: Current iteration. 

 𝑛:  Number of gates the circuit 

 𝑚:  Size of population/number of chromosomes 

 𝑘:  Number of qubits representing a gene 



  
 
 
 

37 Swanti Satsangi, C. Patvardhan 

 

International Journal of Engineering Technology Science and Research 

IJETSR 

www.ijetsr.com 

ISSN 2394 – 3386 

Volume 3, Issue 1 

January 2016       

 

Figure 2 Pseudo Code for Quantum-Inspired Evolutionary Algorithm 

 

4.1 Population Representation  

Unlike other evolutionary algorithms which use either binary, numeric or symbolic representation, the main 

feature of QIEA is its qubit representation. This means that the Quantum population is simply a string of Q-

bits written in terms of probabilities. Q-bit representation has a better characteristic of population diversity 

than other representations, since it can represent linear superposition of states probabilistically. 

QIEA maintains a population of Q-bit individuals, 𝑄(𝑡) = {𝑞𝑖𝑗
𝑡 } at generation 𝑡, where 𝑖 =

1, 2, 3,… . .𝑚represents the 𝑖𝑡  chromosome in population and 𝑗 =  1, 2, 3… .𝑛, represents the 𝑗𝑡  gene in 

each chromosome. Each gene in turn is composed of 𝑘 qubits. In other words, each individual 𝑞𝑖𝑗
𝑡 , represents a 

circuit with 𝑛 gates where each gate is a gene represented by  𝑘 Q-bits. A k-bit gene is capable of representing 

2𝑘gates. For instance, if one gene comprise of 3 qubits, then a gene will exist in a superposition of 2
3
 = 8 

possible binary combinations that will collapse to 000, 001, 010, 011, 100, 101, 110, 111 after measurement. 

Each of these combinations denotes a gate. The gate library consists of Not, Hadamard, CNot, Swap, 

Controlled rotation and Toffoli gates. To begin with, all qubits of the individuals of the quantum population 

are initialized with 𝛼𝑖𝑗  =  𝛽𝑖𝑗 =  
1

 2
.. 

4.2 Binary Coded Gates 

In order to create a population of gates, the Q-bit population is first collapsed to a binary population by 

measurement. Thus, in each generation, binary strings are generated from the respective Q-bit strings by 

observing the Q-bit states 𝑄(𝑡) using the following criteria: 

 

𝑝𝑖𝑗
𝑡 =  

0, 𝑖𝑓  𝛼𝑖𝑗
2  > 𝑟𝑎𝑛𝑑()

1,                      𝑜𝑡𝑒𝑟𝑤𝑖𝑠𝑒
  

 

where 𝑝𝑖𝑗
𝑡 is the 𝑗𝑡  qubit of 𝑖𝑡 individual in the population. This step makes binary solutions in 𝑃(𝑡), where 

𝑃𝑖 𝑡 =  𝑝𝑖1
𝑡 ,𝑝𝑖2

𝑡 ,… . .𝑝𝑖𝑛
𝑡   at generation 𝑡. Each binary solution 𝑝𝑖𝑗

𝑡 , 𝑗 = 1, 2,… . .𝑛, is a binary string of length 

k, which is formed by selecting either 0 or 1, for each bit of 𝑞𝑖𝑗
𝑡 , using the probability,  either  𝛼𝑖𝑗

𝑡  
2
or  𝛽𝑖𝑗

𝑡  
2
. 

 

1. t  0 

2. Initialize Quantum population Q(t) 

3. Make P(t) from Q(t) 

4. Evaluate P(t) 

5. Copy P(t) to B(t) 

6. Assign the fittest B(t) to global best b 

7. Update Q(t) towards global best solution b 

8. while termination condition not satisfied 

a. t  t + 1 
b. Make P(t) from updated Q(t) 
c. Evaluate P(t) 
d. Compare P(t) with B(t-1) 

i. Copy P(t) to B(t) if better than B(t-1) 
ii. Assign the fittest B(t) to global best b 

e. Update P(t) towards b 
9. end 
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Typically, when the measurement is done in a quantum system, superposition disappears and only one value 

becomes available for use i.e. qubit chromosome converges to a single state and the diversity given by the 

superposition of states disappears gradually. But since QIEA is only Quantum-inspired and not truly 

Quantum, we assume that the superposition state will remain intact for further use. 

4.3 Circuit construction 

Once the population consisting of the binary strings has been generated, circuit matrices are calculated and 

fitness of these circuits is measured  by comparing the obtained matrix with the desired matrix. A quantum 

circuit is a composition of parallel and/or serial connections of  quantum gates. The circuit matrix for each 

circuit is calculated by multiplication of its gates matrices. The serial connection of quantum gates 

corresponds to the standard matrix multiplication of the unitary matrices representing the gates, and the 

parallel connection corresponds to Kronecker multiplication of the unitary matrices. 

The circuit matrix calculated by multiplication of gates in the chromosomes is termed as the  'obtained' matrix. 

For a system of  𝑝 input qubits, the size of the circuit matrix is 2p × 2p . 
For instance, a 3-bit binary chromosome with 4 gates represented as 011, 111, 010 and 101, will be decoded 

into gate numbers 3, 7, 4 and 5. If gate number 5 denotes a Not gate operating on bit 3, gate number 7 

represents a Swap gate operating on qubits (1, 2), gate number 1 and 3 are the CNot gates operating on qubits 

(1,3) and (2,3) respectively, then the quantum circuit for this chromosome would be as given in Figure 3 

below. 

 

Figure 3. Example of a Quantum Circuit 

The gate matrix for Hadamard gate operating on first bit is calculated using Kronecker product with Identity 

gate applied on bits two and three as follows: 

𝑁3 =  𝐼 ⨂ 𝐼 ⨂ 𝑁 

which gives  

𝑁3 =

 
 
 
 
 
 
 
 
0 1
1 0

0 0
0 0

0 0
0 0

0 1
1 0

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

0 1
1 0

0 0
0 0

0 0
0 0

0 1
1 0 

 
 
 
 
 
 
 

 

Similarly 𝑆𝑤𝑎𝑝1,2,𝐶𝑁𝑜𝑡1,3 and 𝐶𝑁𝑜𝑡2,3 matrices are calculated. Finally the circuit matrix is obtained by 

serially multiplying all these gate matrices. 

𝐶𝑖𝑟𝑐𝑢𝑖𝑡 𝑚𝑎𝑡𝑟𝑖𝑥 =  𝑁3 × 𝑆𝑤𝑎𝑝1,2 × 𝐶𝑁𝑜𝑡1,3 × 𝐶𝑁𝑜𝑡2,3 

𝐶𝑖𝑟𝑐𝑢𝑖𝑡 𝑀𝑎𝑡𝑟𝑖𝑥 =  

 
 
 
 
 
 
 
 
0 1
1 0

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

1 0
0 1

0 0
0 0

1 0
0 1

0 0
0 0

0 0
0 0

0 0
0 0

0 0
0 0

0 1
1 0

0 0
0 0 
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4.4 Evaluation  

This step comprises of fitness calculation and determination of best solution. 

4.4.1 Fitness calculation 

The fitness of the circuit is calculated by Matrix-based approach. This process calculates component wise 

difference metric on the obtained circuit matrix and the desired output matrices in order to find the exact 

equivalent of the desired circuit. The fitness is calculated as [12]: 

Fitness =  
No. of matching elements

Total no. of elements
 

The algorithm searches for a matrix with fitness = 1. 

4.4.2 Best solution 

When the fitness for entire population is calculated in the first iteration, the entire population is stored in 𝐵 𝑡  

where 𝐵 𝑡 =   𝑏𝑖𝑗
𝑡   for 𝑖 = 1, 2, 3,… . .𝑚 and 𝑗 =  1, 2, 3… .𝑛. In successive iterations, the chromosomes 𝑝𝑖

𝑡  

providing the better solutions than 𝑏𝑖
𝑡−1 are selected and stored into 𝑏𝑗

𝑡 . The fittest member of 𝐵(𝑡) is stored as 

the global best solution b. Both 𝐵(𝑡) and 𝑏 are updated in each iteration if a fitter chromosome is found in the 

population.  

4.5 Update 

In each iteration, several solution strings are generated from the Q-bit individuals 𝑄(𝑡) by observation as 

given above and their fitness values are computed. The solution with the best fitness is identified. The process 

of update tries to shift the elements of 𝑄(𝑡) towards the global best solution slightly such that there is a higher 

probability of generation of solution strings, which are similar to the best solution, in subsequent iterations.  

A quantum rotation gate 𝑈 𝜃𝑖  is used to update the values of the qubits of each quantum individual. This gate 

is defined as [4]: 

𝑈 𝜃𝑖 =  
cos𝜃𝑖 − sin𝜃𝑖
sin𝜃𝑖 cos𝜃𝑖

  

where 𝜃𝑖 , 𝑖 =  1, 2,… , 8, is a rotation angle of each Q-bit toward either state 0 or 1 depending on its sign. 

Rotation takes place towards the global best solution 𝑏. The value of theta θihas been obtained from following 

lookup table as a function of the ith  bit of  the best solution bi
t  and the i

th
 bit of the binary solution p

i
t based on 

conditions mentioned in the table below. 



𝑝𝑖  𝑏𝑖  𝑓(𝑝) ≥ 𝑓(𝑏) 𝜃𝑖  

0 0 𝑓𝑎𝑙𝑠𝑒 0 

0 0 𝑡𝑟𝑢𝑒 0 

0 1 𝑓𝑎𝑙𝑠𝑒 . 01𝜋 

0 1 𝑡𝑟𝑢𝑒 0 

1 0 𝑓𝑎𝑙𝑠𝑒 −.01𝜋 

1 0 𝑡𝑟𝑢𝑒 0 

1 1 𝑓𝑎𝑙𝑠𝑒 0 

1 1 𝑡𝑟𝑢𝑒 0 

 

Table 1. Value of Rotation Operator 



  
 
 
 

40 Swanti Satsangi, C. Patvardhan 

 

International Journal of Engineering Technology Science and Research 

IJETSR 

www.ijetsr.com 

ISSN 2394 – 3386 

Volume 3, Issue 1 

January 2016       

The magnitude of θi has an effect on the speed of convergence, but if it is too big, the solutions may diverge 

or converge prematurely to a local optimum. Two sets of experiments were conducted with different theta 

values using the two algorithms. A 5-bit Binary to Gray converter was selected as the test circuit. In the first 

set of experiments, all theta values were varied together, i.e. 𝜃𝑖 =  .01𝜋 𝑡𝑜 .08𝜋, 𝑖 = 1, 2,… . .8 and the effect 

on evolution time was noted. In the second set, all thetas except  𝜃3 𝑎𝑛𝑑 𝜃5 were assigned the value zero, 

i.e.𝜃𝑖 =  0 for 𝑖 = 1, 2, 4, 6, 7 𝑎𝑛𝑑 8 while 𝜃3 𝑎𝑛𝑑 𝜃5 vary from . 01 𝑡𝑜 .07 with opposite signs. From the 

figure below, two observations were made:  

 The evolution time increases with the theta values  

 The minimum evolution time is obtained when θ3 and θ5 were taken as . 01π and −.01π and the rest 

were taken as 0. 

 

Figure 4.  Effect of Theta Values on Evolution time 

A new binary solution is derived from this updated population which is again used to derive the circuit. These 

circuits are evaluated and the Q-bit population is updated again. This process continues till the circuit with the 

desired fitness is not obtained. 

The primitive QIEA discussed above was successful in evolving a wide variety of  as classical circuits as 

shown in table 2. From the table it can be seen that as the types of gates and the number of gates in the library 

increases, the evolution time increases since the search space becomes larger. Further, the number of input 

qubits also affects the evolution time. QIEA does not converge for circuits with more than 6 input qubits. 

Lastly, QIEA tends to take larger evolution time to find solutions as the number of gates in a circuit increases. 

Thus, with the increase in any of the above factors, the evolution time increases. Since the three factors are 

fixed for any given circuit, in order to improve the efficiency, a Enhanced-QIEA has been developed. This 

algorithm is capable of evolving any circuit with upto 8 input qubits and 12 quantum gates. The algorithm and 

its pseudo code have been discussed in the next section. 

 

5. ENHANCED-QIEA FOR EVOLUTION REVERSIBLE CIRCUITS 

This section discusses the various modifications that have been done in QIEA in order to  make it more 

efficient. The new algorithm has been termed as Enhanced-QIEA and has been described below: 



  
 
 
 

41 Swanti Satsangi, C. Patvardhan 

 

International Journal of Engineering Technology Science and Research 

IJETSR 

www.ijetsr.com 

ISSN 2394 – 3386 

Volume 3, Issue 1 

January 2016       

 
 

Figure 5. Pseudo-code Enhanced-Quantum-Inspired Evolutionary Algorithm 

5.1 Population Representation  

The population in Enhanced QIEA has been represented in the same manner as in QIEA mentioned in section 

3.3. 

5.2 Gray-coded gates 

In the primitive QIEA, when the Q-bit individuals are collapsed, they denote binary values which are 

converted to decimal which in turn denote the gate associated with this number. In case of Enhanced-QIEA, 

quantum individuals are assumed to collapse to gray-coded values rather than binary so the gates are 

deciphered from the gray codes. For instance, if a 3 qubit gate is represented as 101  in binary form, then in 

QIEA, this gate will be decoded as 5 while in Enhanced-QIEA, it will be decoded as 7.The benefit of using 

gray-coded gates instead of binary-coded is that in gray code, only one bit changes at a time reducing 

uncertainty on measurement and is thus more stable. 

5.3 Evaluation  

This is done as in QIEA. 

5.4 Repair 

In order to improve the global best solution, a greedy approach is adopted for local search. Each of the 𝑛  gates 

is picked one at a time and substituted with all other gate possibilities, keeping the gates in remaining 

positions unchanged. Fitness of the new solutions is calculated and compared with the existing best solution. 

The best solution is replaced with the new solution if the fitness of the latter is found to be better. Thus the 

repair process finds a set of gates providing better solution than the best one. 

5.5 Permutation 

Since the set of gates found in the repair process gives a better solution, the next step involves finding the 

sequence of gates which improves the fitness of the chromosome. Therefore the new global best solution 

obtained is permuted to find the best positions for the gate combination. The fittest of the permutations then 

replaces a chromosome in the local best solution 𝐵 (𝑡 ). 
 

1. t  0 

2. Initialize Quantum population Q(t) 

3. Make gray-coded P(t) from Q(t) 

4. Evaluate P(t) 

5. Copy P(t) to B(t) 

6. Assign the fittest B(t) to global best b 

7. Update Q(t) towards b 

8. while termination condition not satisfied 

a. t  t + 1 

b. Make P(t) from updated Q(t) 

c. Evaluate P(t) 

d. Compare P(t) with B(t-1) 

i. Copy P(t) to B(t) if better than B(t-1) 

ii. Assign the fittest B(t) to global best b 

e. Repair b 

i. Permute b  

ii. if b(t-1) fitter, retain b else replace 

iii. Substitute in B(t) 

f. Update Q(t) towards Enhanced B(t) 

g. if t > 1000, Purge non-performing individuals 

9. end 
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5.6 Update 

Similar to primitive QIEA, Enhanced QIEA updates the Q-bit population. But unlike QIEA, here the update 

takes place only after the repair of the global best solution in order to increase the efficiency of the algorithms. 

5.6.1 Update towards local best 

In case of QIEA, the update takes place towards the global best solution b in each iteration. In case of 

Enhanced-QIEA, at 𝑡  =  0, 𝑄(𝑡 ) is updated towards the global best solution b, since the local best, 𝐵 (𝑡 ) is 

simply a copy of 𝑃 (𝑡 ) while in the successive generations, each 𝑞 𝑖
𝑡  of 𝑄(𝑡 ) is updated towards its 

corresponding 𝑏 𝑖
𝑡  of 𝐵 (𝑡 ). Updating towards 𝐵 (𝑡 ) is more beneficial since after the repair process, 𝐵 (𝑡 ) 

contains better solution than the previously global best 𝑏 . 

5.6.2 Theta values 

The rotation operator U(θi) used in Enhanced QIEA is the same as in QIEA (mentioned in Section 3.7). 

5.7 Purge  

After  every 1000 iterations, the non-performing chromosomes, i.e. the ones with fitness lower than the best 

solution, are reinitialized to 
1

 2
. This is also beneficial in improving the exploration capability of the algorithm 

as it increases the diversity in the population. 

 

6. EXPERIMENTAL RESULTS 

The traditional QIEA and the Enhanced QIEA, both are tested on 20 different types of problems including a 

variety of Arithmetic and logical functions and Binary-Gray code converters. Population sizes of 10, 20, 50, 

100, 150 and 200 were selected and the test problem taken was 5 bit Binary to Gray converter as before. A 

comparison of the effect of population size on the evolution time for QIEA and Enhanced QIEA has been 

done. The figure below shows that the evolution time is optimum for population size of 20 for both 

algorithms. Also, that the evolution time for the same problem is much lesser in case of Enhanced QIEA as 

compared to QIEA. 

 

 

Figure 6. Effect of Population Size on Evolution time 

The size of the circuit (number of gates in circuit) varies with the problem type. The input is given in the form 

of a square circuit matrix. The algorithm is stopped when the circuit with 100% fitness is found i.e. the 

obtained circuit matrix is same as the input target matrix. The algorithm was run 5 times for each case. The 

evolution time and the number of generations reported in the table 2 are the average time and generations 

recorded over 5 runs. 
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Table 2. Comparison of performance of QIEA and EQIEA 

 Function Circuit QIEA 
Enhanced 

QIEA 

1 Half adder TOFFOLI (3,2,1), CNOT (3,2) 
18 gens  

0.3248 sec 

3 gens 

0.1083 sec 

2 Full adder 
TOFFOLI(2,3,4), TOFFOLI(2,3,4), 

CNOT(2,4), TOFFOLI(1,3,4) 

3942 gens 

87.64 sec 

4 gens 

0.4439 sec 

3 Half Subtractor 
CNOT (1,2) 

    TOFFOLI (1,2,3) 

3 gens 

0.103593 sec 

3 gens 

0.081389 sec 

4 Full Subtractor 
   CNOT (1,3), TOFFOLI (3,1,4), 

CNOT (2,3), TOFFOLI (2,3,4) 

1838 gens 

39.68242 sec 

4 gens 

0.45485 sec 

5 1 bit comparator (equality) NOT 1, CNOT (2,1) 
2 gens 

0.0707 sec 

2 gens 

0.05313 sec 

6 
1 bit comparator 

(greater/lesser) 
SWAP (3,1), SWAP (2,3) 

9 gens 

0.1342 sec 

3 gens 

0.1113 sec 

7 3 bit Binary to gray CNOT(2,3), CNOT(1,2) 
2 gens 

0.094525 sec 

3 gens 

0.0999 sec 

8 4 bit Binary to gray CNOT(3,4), CNOT(2,3), CNOT(1,2) 
3 gens 

0.1965 sec 

3gens 

0.1381 sec 

9 5 bit Binary to Gray 
CNOT(4,5), CNOT(3,4), CNOT(2,3), 

CNOT(1,2) 

6 gens 

1.4615 sec 

5 gens 

0.5073 sec 

10 6 bit Binary to Gray 
CNOT(5,6), CNOT(4,5) CNOT(3,4), 

CNOT(2,3), CNOT(1,2) 

22 gens 

22.22 sec 

8 gens 

6.63 sec 

11 7 bit Binary to Gray 
CNOT(6,7), CNOT(5,6), CNOT(4,5), 

CNOT(3,4), CNOT(2,3), CNOT(1,2) 
--- 

15 gens 

58.08 sec 

12 8 bit Binary to Gray 

CNOT(7,8), CNOT(6,7), CNOT(5,6), 

CNOT(4,5), CNOT(3,4), CNOT(2,3), 

CNOT(1,2) 

--- 
29 gens 

1306.90 sec 

13 3 bit Gray to Binary CNOT (1,2), CNOT (2,3) 
2 gens 

0.0948 sec 

2 gens 

0.0636 sec 

14 4 bit Gray to Binary CNOT(1,2), CNOT(2,3), CNOT(3,4) 
3 gens 

0.1862 sec 

3 gens 

0.1209 sec 

15 5 bit Gray to Binary 
CNOT(1,2),CNOT(2,3),CNOT(3,4), 

CNOT(4,5) 

3 gens 

0.6315 sec 

3 gens 

0.2233 sec 

16 6 bit Gray to Binary 
CNOT(1,2),CNOT(2,3),CNOT(3,4), 

CNOT(4,5),CNOT(5,6) 

9 gens 

17.58 sec 

10 gens 

6.84 sec 

17 7 bit Gray to Binary 

CNOT(1,2),CNOT(2,3),CNOT(3,4), 

CNOT(4,5), 

CNOT(5,6),CNOT(6,7) 

--- 
20 gens 

80.91 sec 

18 8 bit Gray to Binary 

CNOT(1,2),CNOT(2,3),CNOT(3,4), 

CNOT(4,5),CNOT(5,6),CNOT(6,7), 

CNOT(7,8) 

--- 
14 gens 

609.02 sec 

19 𝐹  =  𝑥 1𝑥 2 TOFFOLI (1,2,3) 
7 gens 

0.1002 sec 

3 gens 

0. 0513 sec 

20 𝐹 = 𝑥 1 + 𝑥 2
     TOFFOLI (1,2,3), CNOT(2,3), NOT 3 

11 gens 

.2391 sec 

3 gens 

.05592 sec 

21 𝐹  =  𝑥 1𝑥 2
    + 𝑥 1

     TOFFOLI (1,2,3), NOT 3 
39 gens 

0.4332 sec 

2 gens 

0.0637 sec 

22 

𝐹
= 𝑥 1

    𝑥 2 + 𝑥 2𝑥 3
    

+ 𝑥 1𝑥 2
    𝑥 3 

TOFFOLI(1,3,4), CNOT(2,4) 
13 gens 

0.1479 sec 

2 gens 

0.0652 sec 

 

where 𝑔𝑒𝑛𝑠 denotes the number of generations taken to evolve a circuit and 𝑠𝑒𝑐 is the time taken in seconds. 
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From the table above, it can be noticed that the primitive QIEA does not converge to any solution for 

problems with more than 6 qubits. On the other hand, the Enhanced-QIEA is able to find solutions for upto 8 

qubits. For problems with small number of inputs, both QIEA and EQIEA find good solutions, but EQIEA 

typically does so in much lesser number of iterations. For problems with larger number of inputs, QIEA fails 

to provide any solutions but EQIEA finds solutions albeit in somewhat larger times. 

 

7. CONCLUSIONS 

This paper experimented with a novel application of Quantum inspired Evolutionary algorithms in evolving  

reversible classical circuits. An enhanced version of QIEA has been proposed which has been shown to give 

better and faster results as compared to original QIEA. Concepts like gray-code representation for gates 

instead of binary representation and repair and permutation of  best solution have been introduced to improve 

performance. The effect of the value of the rotation angle theta, and the evolution time has been studied.  

Moreover, the relation between the population size and the performance is that, as the population size 

increases, the speed of convergence of the algorithm reduces due to increase in the number of calculations 

being done in each iteration. It has been shown experimentally, that unlike other problems, the performance of 

EQIEA in evolving circuits, improves when population size is kept small. Further, features like purge, 

improve the exploratory property of the algorithm. The given EQIEA can be implemented to evolve more 

complicated circuits like decoders, multiplexers etc. in future. 
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