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Abstract- The authors present a genetic algorithm for 
the design of high performance arithmetic circuits for 
evolvable hardware applications. A distinct feature of the 
algorithm is its ability to directly evolve and evaluate cir- 
cuits in a hardware description language (HDL), within a 
novel environment termed the Virtual Chip. Because the 
Virtual Chip evolves circuit structures within a HDL, de- 
tailed simulation and analysis of each circuit is possible 
with any technology specific component library. This fea- 
ture allows accurate analysis of performance issues such 
as timing and area. 

The paper describes the genetic algorithm and the 
hardware evaluation environment, and provides results 
with a number of benchmark arithmetic circuits evolved 
under different performance driven timing and area con- 
straints. Our results reveal that the genetic algorithm is 
able to exploit the flexibility provided by a novel chromo- 
some architecture, and utilise a combination of primitive 
gates and macro components from a component library, 
in order to produce circuits which operate well within 
timing restrictions. The validity of our results are further 
supported by comparing the performance of functionally 
equivalent circuits generated using standard high-level 
design methodologies. 

1 Introduction 

Advances this decade in silicon technology have enabled 
design engineers to examine new methods of generating 
circuit designs. One such method has become known as 
evolvable hardware (EHW), which considers the automated 
design of digital systems using both software simulation and 
programmable hardware technologies. 

Although a range of evolutionary algorithms have been 
applied to EHW applications including; Genetic Program- 
ming, Evolutionary Strategies, and Evolutionary Program- 
ming, the most dominant approach involves the use of Ge- 
netic Algorithms [l, 21. 

Automated circuit design attempts to re-define the meth- 
odology by which electrical circuits are developed. Tradi- 
tional techniques utilise a top down or compartmentalised 
design methodology by which complex systems are broken 
down into small sub-systems and assigned (usually) to a num- 

ber of design groups. Evolvable hardware, inversely, ap- 
proaches the design problem as a whole system generating 
a ‘black box’ of the completed circuit. This technique is re- 
ferred to as a bottom up design methodology. The only in- 
formation an EHW framework has is that presented to it by 
the design engineer. For automated digital circuit design this 
is usually in the form of a boolean logic table. 

Circuits generated via evolvable hardware are evaluated 
by one of two methods: extrinsic evaluation (software sim- 
ulation), and direct intrinsic evaluation by which a circuit 
is transfered directly into silicon and then evaluated. In- 
trinsic evaluation has become feasible due to recent advances 
this decade in programmable hardware technology such as 
PLDs and FPGAs (Programmable Logic Devices and Field 
Programmable Gate Arrays). The successful generation of 
digital circuits using both extrinsic and intrinsic evaluation 
has demonstrated the potential of EHW for automated circuit 
design. It has also highlighted a number of inherent prob- 
lems, particularly associated with intrinsic evaluation [3], and 
raised a number of questions as to how current EHW tech- 
niques can be further improved. 

Evolvable hardware for automated digital design favours 
software based, or extrinsic evaluation, due to the simplicity 
of its implementation and the ease in which evolved circuits 
can be examined once a solution is found [4]. Using this ap- 
proach only the final solution is downloaded onto a recon- 
figurable device. The majority of frameworks which employ 
extrinsic evaluation use a technology independent net-list to 
model a digital circuit undergoing evolution [4, 51, although 
representations which more closely model the characteristics 
of a particular hardware platform have also been presented 
[61. 

Much attention in EHW research is given to the design 
of arithmetic circuits as they provide the foundation blocks 
for larger DSP (Digital Signal Processing) applications. With 
the advent of faster and larger F’PGAs, resulting from ad- 
vances in silicon technology, and the move towards deep sub- 
micron technologies, designers are under increasing pressure 
to provide high performance DSP circuits which take advant- 
age of these new platforms. The result are circuits which must 
operate under critical constraints imposed by high density, 
and the domination of interconnect capacitance [7]. Inovat- 
ive research into using EHW for DSP design has resulted in 
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the development of arithmetic circuits from sequential adder 
structures to more complex 3-bit parallel multiplier designs. 

The automated design of arithmetic circuits is not trivial. 
Each possible circuit solution for a given task lies within 
a search space. The search space is defined by the num- 
ber of different component building-blocks presented to the 
framework, the number of logic elemem used to generate 
the circuit, and the application for which the circuit is being 
evolved. Evolutionary algorithms are employed within EHW 
as they provide a non-heuristic investigation of what is po- 
tentially a very large search space. Successful solutions are 
often made more difficult to find as the output response must 
be exact, for instance as part of a sequence of operations such 
as memory mapping. This differs from other types of cir- 
cuit which instead approximate a specified analogue transfer 
function. 

It is a combination of these factors which has resulted 
in the difficulties experienced by researchers to evolve cir- 
cuits larger than those detailed. In addition, one draw-back 
of extrinsic evaluation is that little information is processed 
in terms of how accurately a system is modelled, as in most 
cases the additional detail required has not been integrated 
into the software. This inhibits the development of high per- 
formance DSP circuits where timing and area constraints are 
of great importance, and therefore must be accounted for in 
EHW applications. The authors are currently unaware of ap- 
plications using genetic algorithms which incorporate timing 
and area performance considerations into the fitness of a cir- 
cui t undergoing evaluation. 

Perhaps the most important feature in evolvable hardware 
applications is the evolutionary algorithm. The algorithm 
needs to be able to generate quality circuit solutions, which in 
tern are implemented on a programmable device. The qual- 
ity of the evolutionary algorithm is then characterised by its 
speed, flexibility, and ability to effectively search a solution 
space to produce circuits which are able to meet multiple per- 
formance criteria. 

This paper presents both the genetic algorithm and the 
hardware evaluation environment, and provides results with 
a number of benchmark arithmetic circuits evolved under dif- 
ferent performance driven timing and area constraints. Our 
results reveal that the genetic algorithm is able to exploit the 
flexibility provided by a novel chromosome architecture, and 
utilise a combination of primitive gates and macro compon- 
ents from a component library, in order to produce circuits 
which operate well within timing restrictions. Comparisons 
are then made between circuits generated using our genetic 
algorithm, and circuits generated using standard CAD based 
design methodologies. 

2 Describing the Genetic Algorithm 

2.1 Encoding a circuit within a chromosome 

Genetic algorithms for evolvable hardware are used to de- 
velop chromosomes which then encode the functional de- 

scription of a given circuit. As with many applications which 
utilise genetic algorithms, the resulting circuit is termed a 
phenotype as it comprises numerous smaller logic cells or 
genotypes. The terminologies used are designed to reflect 
the conceptual similarity between genetic algorithms, natural 
evolution, and genetics. 

The genetic algorithm presented\ here uses a permutation- 
based encoding of fixed-length. As such only a specified 
number of logic elements are presented to the framework. 
From this, the desired circuit functionality must be generated. 
Using a fixed-length encoding is standard practice and is one 
of the main restrictions within which a genetic algorithm op- 
erates [I]. 

Specific sections of each chromosome are reserved for de- 
scribing the inputs and outputs required for the desired cir- 
cuit. Logic elements are referenced by position within the 
chromosome. Figure 1 displays the relative location of each 
encoded section. Circuit inputs are encoded in the first sec- 

Input 1 
Positional element output 1 I Input I I I 

. . . . e . . . .  

1 :  
Input2 I 

: I  
j output 2 

Input section j Main circuit description j output 
j section 

Figure 1: Chromosome structure defining sections for spe- 
cific circuit description 

tion of chromosome. If a circuit has I inputs, then the first I 
elements in the chromosome will describe these inputs. This 
description includes the input pin number in addition to which 
logic element the input pin is connected. Outputs are simil- 
arly defined at the end of the chromosome, where position 
relates to the identification of an output pin connected to a 
logic element. Total chromosome length, N ,  is then defined 
as the number of logic elements summed with the number of 
circuit inputs. Therefore, if a circuit has two outputs, what 
ever logic elements are at N and N - l  are connected to output 
pin one and output pin two respectively. 

The encoding ensures that the number of inputs and out- 
puts described by a chromosome remains consistent after op- 
erations such as crossover. 

The genetic algorithm presented in this paper utilises a 
range of functional elements or mucro blocks, along with 
simple gate primitives with which to generate various circuit 
structures. Macro blocks particularly suited to more complex 
arithmetic circuits were chosen such as a halfadder and ful- 
ladder. Other macro cells included small combinational logic 
blocks, in addition to simple through-connects. Figure 2 dis- 
plays samples of the types of additional cells present in the 
component library. 
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Figure 2: Generic style of macro and other logic elements 
provided to component library for the evolution of arithmetic 
circuits. 

Each cell is connected within a flexible chromosome en- 
coding which allows placement of any cell (macro or prim- 
itive) into any position within the suing. This provides 
the EHW framework both the flexibility of standard gate 
level encodings, and the potential of building more com- 
plex systems afforded by less flexible functional architec- 
tures. Both circuits presented in Figure 3 are functionally 

1 Macro-baed Encodmg Gatr-lercl Encoding 

I"3' I 

Figure 3: Comparison of a standard gate-level encoding with 
the novel macro-bawl encoding to describe a Fulladder with 
additional logic. 

identical. However, the gate-level encoding would require 
a seven cell description to represent the circuit, while the 
macro-based encoding would require only three. Although 
more cell connectivity information is required to encode the 
fulladder cell described using the macro approach, the overall 
reduction in chromosome length justifies this. 

2.2 Connecting Cells Within the Chromosome 

Each genotype (logic element) in a circuit is allocated a spe- 
cific position within the corresponding chromosome. The 
type of logic cell at any given position is initially determined 
randomly, however cells can be allocated different positions 
after initialisation through manipulation by genetic operators 
(see section 2.3). Figure 4 demonstrates the technique used to 
encode the connectivity of the fulladder cell depicted in Fig- 
ure 3. It is important to note that a cells connectivity is not 
restricted to its nearest positional neighbour. Rather, cells are 
free to connect to any cell of higher position within the chro- 
mosome. This form of 'over-the-cell' connectivity provides 
a much wider range of possible circuit configurations. Feed- 
back connections, however, are not permitted as there effects 
are not desirable for most DSP applications. 

Figure 4: Example of macro-bawd encoding describing a 
macro element (fulladder) and its connectivity. 

2.3 Parameters and Constraints 

Several constraints are imposed during initialisation of the ge- 
netic algorithm. Some are designed to eliminate contentious 
circuit configurations, while others are a result of the evol- 
utionary algorithm employed. Initial global parameters are 
entered by the designer and are a$ follows: 

0 Number of inputs and outputs required for the desired 
circuit: 

Definition of input and output vectors upon which eval- 
uation takes place, and which describe circuit function- 
ality; 

0 Number of logic elements within a chromosome used I 

to create the circuit; 

0 The maximum number of possible fan-outs per cell 
output; 

Definition of global clock speed for timing constraints; 

0 Population size, defining the number of circuit solu- 
tions concurrently evolving within the search space. 

So as to optimise cell connectivity within a fixed-length cir- 
cuit encoding, each output pin on a logic element is randomly 
allocated a fan-out ranging between one, and a user defined 
maximum. Fan-out describes the number of logic elements 
that an individual element may connect with. The, connectiv- 
ity of any specific logic element is not restricted to its nearest 
positional neighbour. 

2.4 The Genetic Operators 

Crossover and mutation are the operators through which new 
circuit solutions are generated. Crossover swaps material 
between two individuals at randomly chosen points along 
the chromosome, producing ofSspn'ng. The greater the num- 
ber of crossover points, the higher the degree of intermixing 
between the parents. The resulting offspring encode two new 
circuit solutions, potentially better than the two parent solu- 
tions which generated them. The algorithms presented in this 
paper use single-point crossover. Due to the complex interac- 
tion of logic elements which comprise a circuit, the effects of 
both crossover and mutation can be highly disruptive to the 
search. This is a result of broken connections between logic 
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\Figure 5:  Example of broken element connectivity resulting 
from crossover. 

elements caused by recombination. Figure 5 illustrates this 
effdt. 

So as to minimise the negative effects of crossover, chro- 
mosome 'repair' is used to reconnect any element connec- 
tions bryken during the operation. This is achieved using a 
nearest neighbour connection rule. In the example offspring 
chromosome depicted in Figure 5, the logic element at posi- 
tion x is no longer able to connect to the new logic element 
now at positipn y. The repair algorithm instead attempts to 
connect element x to its nearest neighbour at position x + l .  
If this is unsuccessful then subsequent reconnection attempts 
are made from x!+2 to N-1,  where N denotes the total number 
of logic elements present in the chromosome. In the event 
that no logic elements are available for connection, the cur- 
rent element is assigned as floating and further attempts at 
reconnection made during later crossover operations. Each 
logic element in the resulting offspring chromosome is ex- 
amined for broken connections after every crossover event. 

Mutation is used to maintain diversity within the popula- 
tion. It operates directly \after crossover and is analogous to 
a copying infidelity as material is transfered from parent to 
offspring. Mutation is invokkd with relatively low probability 
so aq not to prove deleterioussto the algorithm search. There 
are four circuit-specific mutation operators used within the 
genetic algorithm presented. Each is depicted in Figure 6. 

Each operator was specifically designed to enhance the 
genetic algorithm by providing it with ability to introduce 

Inter-chromosome cell swapping: 
r After mutation 

Before mutation - 
Cell replacement: \ 

BeJore mufafion 

Connection interchange: 

Before mutation 

Cell specific pin interchange 

Before mutation 

, After mufation 
New Cell 

After mutation 

After mutation 

Figure 6: Four mutation operators used by the genetic al- 
gorithm. 

both new logic elements and connections not obtainable us- 
ing crossover. Of these operators only cell replacemenf needs 
explanation. The result of this mutation is to replace an ex- 
isting logic element in the chromosome with one randomly 
selected from the component library. This ensures than new 
solutions can be obtained through diversification many gen- 
erations after initialisation. 

Our mutation rate is a derivation of the chromosome 
bit-length relationship originally proposed by Muhlenbein 
[2], and defined as: 

P(m) = (1 / 1 )  

Where the number of bits used to encode the chromo- 
some, 1, governs the mutation rate. Because the genetic 
algorithm presented here uses a permutation-based integer 
encoding, a direct translation of Muhlenbeins relationship 
is not possible. Instead the total number of logic elements 
encoded in the chromosome ( N )  is used to represent 1. Muta- 
tion therefore operates on each logic element with the same 
probability rate given above. If an element becomes subject 
to mutation, one of the four mutation operators highlighted 
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Figure 7: Graphical representation of the Virtual Chip environment, evolving a 2-bit multiplier within a population size of N. 

in Figure 6 is applied, each with an equal probability of 
selection (0.25). 

A summary of the parameters applied to our genetic al- 
gorithm are as follows: 

0 Generational genetic algorithm 

0 Two-way tournament selection implemented (Two 
chromosomes are selected randomly and the fittest be- 
comes a member of the next generation) 

plied; 
0 One-point crossover at 0.7; chromosome repair ap- 

Mutation using Muhlenbein derivation P(m) = 1 / 1 [21; 
with application specific operators; 

0 Population size fifty. 

Fitness is represented as a percentage of circuit func- 
tionality. Correctness is calculated by summing the total 
number of correct bits produced by the circuit solution under 
evaluation and comparing this to the desired output response. 
Fitness is expressed mathematically as follows: 

Where Rb is the total number of bits comprising the 
desired output vectors, Ea is the actual number of bits 
matched with the desired output vectors during evaluation, 
'0' are the output pins and 'I' the number of input pins. Eval- 
uation is achieved through interaction with a HDL (Hardware 
Description Language), described in the following section. 

2.5 The Virtual Chip Environment 

VHDL (Very High Speed Integrated Hardware Description 
Language is one of two dominant languages for describing 
digital electronic systems [8]. It is a technology independent 
environment and describes the structure of a digital system 
by describing subsystems (logic elements) and how they are 
interconnected. In addition, circuit descriptions can then be 
accurately simulated without the need for hardware prototyp- 
ing. After successful testing a circuit can then be synthesised 
to provide a technology specific net-list, ready for transfer 
onto silicon. Almost all technology vendors provide models 
for logic elements within component libraries. 
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The Virtual Chip has been designed to provide an auto- 
mated digital design procedure. Within this framework a 
novel genetic algorithm is used to evolve digital circuits. Its 
simulated environment evolves the structure of a circuit dir- 
ectly within the VHDL language. This is performed within a 
specially designed testbench. It is this testbench which in- 
stantiates and interconnects all logic elements within each 
chromosome, used to describe a specific circuit solution. 
Evaluation is performed by instantiating and simulating all 
circuits described within a population of chromosomes, as if 
they were being implemented within a single reconfigurable 
chip. Figure 7 illustrates a 2-bit multiplier evolving within 
the Virtual Chip environment. 

As can be seen in Figure 7, each 2-bit multiplier has 4 
inputs and 4 outputs. All inputs and outputs are synchronised 
with flip-flops to account for propagation delays and ensure 
that all output signals have reached a steady state. It is these 
flip-flops which, governed by a global clock, set the timing 
constraints within which the evolving circuit must operate. A 
circuit with incorrect timing will produce output signals offset 
with those desired and will therefore incur lowfrtness. 

-\ Each 4-bit output grouping represents an individual cir- 
, cuit evolving within the virtual environment. Each group- 

ing is tagged according to the circuits ID within the evolving 
population. Every circuit solution is therefore represented as 

‘i a technology independent VHDL netlist. Netlists are direct 
‘,interpretations of the circuit chromosome and define a circuit 

in terms of its logic elements and inter-connectivity. Standard 
CAD tools can then be used to both optimise the circuit and 
translate the generic netlist into a technology specific netlist 
suitable form implementation in hardware. 

Due to the implicit parallelisation of the Virtual Chip en- 
vironment, the entire population is compiled, and simulated 
as one entity. This differs from most standard approaches 
which evaluate each individual solution sequentially. As a 
result, within the Virtual Chip environment, an entire popu- 
lation of fifty individuals, evolving fifty 2-bit multiplier cir- 
cuits, can be simulated and evaluated in approximately five 
seconds. In contrast, if each circuit were evaluated as an rn- 
dividual entity, it would take approximately two minutes to 
evaluate the same population. These results were obtained 
on a standard Sparc Ultra 10 workstation with 640Mb of 
memory. 

The Virtual chip is a fusion of C code and VHDL. The 
genetic algorithm itself is executed in C and generates the 
VHDL required to instantiate each chromosome encoded cir- 
cuit. After a circuit has been successfully evolved it is then 
pa$sed through a CAD tool for optimisation. Figure 8 dis- 
plays the execution flow and coding format of the Virtual 
Chip EHW framework. 

- 
CAD Took 

Syntheslse Una1 clrdul 

solution 

3 Implementation and Results 

The following section highlights the results obtained when 
using our genetic algorithm to autonomously generate arith- 

‘>- 

\. End evdutlon 
Ed1 pmgranune 

~ r a u t i n e :  

lnltial drcuil population 
created 

6 
C routine: Vimal  Chip: Crouiine: 

4 0 
met requhments 

SelectJon, Mutallon, 
I &crossover I \ /  

Figure 8: Execution flow and coding format of the genetic 
algorithm and Virtual Chip evaluation environment. 

metic circuits evolved with performance constraints. Four 
circuit architectures are examined: 1-bit fulladder, 2-bit un- 
signed parallel multiplier, 7-bit pattem recogniser (one’s 
voter) and 3-bit unsigned parallel multiplier. Each represents 
a benchmark circuit within the field of evolvable hardware re- 
search [6,4, g]. They also provide the foundation blocks for 
larger DSP applications. Because evolvable hardware-is still 
in its infancy, it should be noted that the circuits chosen rep- 
resent some of the most complex arithmetic modules currently 
generated using an evolutionary algorithm. 

The performance of our genetic algorithm is compared 
with equivalent arithmetic circuits developed using standard 
HDL design methodologies. Using a standard HDL meth- 
odology, the four arithmetic circuits were developed in two 
stages. Each circuit was described at a behavioural level us- 
ing a hardware description language. The description was 
then passed through an industrial synthesis tool in order to 
produce a technology specific netlist [lo]. The same syn- 
thesis tool was used to optimise the technology independent 
netlists produced by our genetic algorithm. 

For the purpose of future comparisons, the following ter- 
minologies will be used to describe the two different design 
approaches: 

Genetic implementation: a genetic algorithm for auto- 
mated circuit design, presented in this paper. 

Behavioural implementation: conventional synthesis 
flow for digital circuit design from behavioural descripl 
tion written in HDL. 

On average each circuit architecture was evolved ten 
times, and terminated after 10,000 generations if a fully cor- 
rect solution (fitness of 1.0) had not been found. All four 
circuits were constrained by the genetic algorithm to operate 
no slower than 10 MHz. Chromosomes encoding fifteen logic 
elements (both gate primitives and macro blocks) were used 
to describe each of the four circuit architectures. The same 
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Method of Circuit Generation 

Genetic implementation 
Behavioural implementation 
Genetic implementation 
Behavioural implementation 

Behavioural implementation 
Genetic implementation 
Behavioural implementation 

Genetic implementation 

number of logic elements were used to describe each archi- 
tecture in order to demonstrate that combining both primitive 
and macro logic elements provides flexible, compact chromo- 
some descriptions, with encoding lengths less influenced by 
circuit complexity. 

Selected circuit netlists, generated using the genetic im- 
plementation, were optimised and re-synthesised for a spe- 
cific silicon technology. The arithmetic circuits developed 
using the behavioural implementation were also synthesised 
using the same technology library. A technology library de- 
scribes the physical characteristics (such as timing and area) 
of logic components associated with a specific fabrication 
process. In this experiment the LSI Logic lca300K techno- 
logy library was used. 

Using a technology library common to both genetic and 
behavioural implementations provides a common platform 
for comparison. As a result the performance of the arithmetic 
circuits generated using both implementations can then be ef- 
fectively compared. 

In addition to providing a technology specific circuit netl- 
.ist, the synthesis procedure also provides circuit optimisation 
by removing redundant logic elements. This is particularly 
useful for circuits generated using the genetic implementa- 
tion as many logic elements such as through connects (Fig- 
ure 2) will also be removed. Table 1 displays both timing and 
area statistics for the four arithmetic circuits under investig- 
ation. Each circuit is identified as having been generated us- 
ing either the genetic or behavioural implementation. Timing 
slack is defined to be the duration for which the slowest out- 
put of the circuit remained stable before the next data pulse 
arrives. It should be noted that +INF denotes that timing con- 
straints are well within specified limits. 

As detailed in section 2.2, our genetic implementation has 
been designed to incorporate performance constraints. There- 
fore, to further investigate the performance of the arithmetic 
circuits generated using the genetic implementation, selec- 
ted netlists were re-optimised at an operational speed of 100 
MHz. The selected netlists themselves were the same as those 
evolved to operate at 10 MHz found in Table 1,  and were 
synthesised using the same technology library. Each circuit 

Circuit Function Circuit Area Timing Slack Timing Slack Average 
in equivalent at 10 MHz at 100 MHz Number of 
NAND gates (ns) (ns) Generations 

Fulladder 10.0 +INF 2.3617 674 
Fulladder 10.0 +INF 2.3617 NA 
2bit multiplier 11.0 +INF 2.4907 3687 
2bit multiplier 14.0 +INF 2.0962 NA 

3bit multiplier 59.0 +INF 1.7926 NA 
7bit pattern recog 24.0 +INF 1.2697 2749 
7bit pattern recog 29.0 +INF 0.4949 NA 

1.8151 > 10,000 3bit multiplier 60.0 +INF 

was again compared with a functionally equivalent circuit de- 
signed using the behavioural implementation, and synthes- 
ised at 100 MHz. Both results are also displayed in Table 1. 

Results show that circuits generated using the genetic im- 
plementation are of comparable or better performance than 
those produced using the behavioural implementation. Both 
fulladder circuits display identical timing and area character- 
istics. Although similar, the ‘evolved’ 2bit multiplierrequires 
a smaller area than its equivalent, and also operates with less 
delay at 100 MHz. The 7bit pattern recogniser generated us- 
ing the genetic implementation is noticeably more effective 
than its behavioural equivalent in both area and speed of op- 
eration. 

Both 3bit multipliers are of comparable performance in 
terms of area and timing. However, the 3bit multiplierpresen- 
ted in this paper was evolved using a modular approach de- 
rived from our current algorithm. Modular approaches to 
circuit evolution have been investigated by a number of re- 
searchers, including our research group [ll, 121. Develop- 
ment of the modularised approach is on going, however, ini- 
tial results for the evolution of the 3bit multiplier are shown 
here. 

It is worth noting that although successfully optimised at 
100 MHz, all circuits evolved by the genetic implementation 
were originally constrained to operate at only 10 MHz. The 
encouraging results therefore indicate that robust timing per- 
.formanee can be achieved using performance relatedjtness 
criteria during evolution. 

Because our genetic algorithm directly manipulates a 
hardware description language, the designer requires little or 
no knowledge of digital design or hardware description lan- 
guages. Only a boolean logic table, describing the circuits 
functionality, needs to be generated. Standard HDL tools do 
provide a means of synthesising circuits more efficiently than 
using behavioural-level circuit models. However, more de- 
tailed knowledge of circuit design and of gate level design 
methodologies is required. Such a low level design methodo- 
logy also has the disadvantage of increasing the design time. 

Analysis of the arithmetic circuits presented in this paper 
also provide insights into complexity issues associated with 
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automated circuit design. Table 1 details the average number 
of generations required by the genetic algorithm to produce a 
correct circuit solution. As would be expected, the number of 
generations taken to evolve a solution increases non-linearly 
with circuit complexity. Figure 9 displays the average per- 
formance of the genetic implementation when evolving each 
circuit architecture. 

Figure 9: Typical number of generations taken to evolve a 
l-bit fulladder, 2-bit multiplier and 7-bit pattem recogniser 

The results presented in this section demonstrate that the 
flexible chromosome architecture detailed in this paper is able 
to provide circuits of varying complexity, whilst holding the 
chromosome length constant. The results indicate that by 
minimising the number of logic elements required to describe 
a chromosome, the complexity of the search space is also 
minimised. The trends shown in Figure 9 demonstrate the 
similarity in performance of evolving both the 2-bit multi- 
plier and 7-bit pattem recogniser. Further research into the 
modularisation of circuit evolution hopes to produce larger 
circuits less influenced by the complexity of a chromosome 
encoding. 

4 Conclusion 

A novel genetic algorithm for the automated design of per- 
formance driven arithmetic circuits has been presented. The 
algorithm also describes a flexible chromosome encoding de- 
signed to fasciculate complex circuit structures with a min- 
imal number of logic elements. The environment in which 
circuits are evaluated has also been presented. Four arith- 
metic architectures have been examined. Each architecture 
was autonomously generated using our genetic algorithm and 
compared with equivalent architectures developed using con- 
ventional high-level design methodologies. Results show that 
the arithmetic circuits generated using the genetic algorithm 
operate well within the timing restrictions imposed. For this 
reason the use of a genetic algorithm leads to a significant 
saving in design time whilst taking into consideration timing 
issues crucial to todays deep sub-micron technologies. 
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