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Abstract
Cultural Algorithms (CA) are a class of computational models derived from observing the cultural evolution pro-
cess in nature. The Cultural Algorithm is a dual inheritance system that characterizes evolution in human culture at 
both the macro-evolutionary level, which takes place within the belief space, and at the micro-evolutionary level, 
which occurs at the population space. Cultural algorithm is used to solve complex calculations of the new global 
optimization search algorithms, cultural algorithms in the optimization of the complex functions of its superior 
performance. In this paper, we use the this algorithm for combinational digital circuit optimization design, from 
the experiment results shown our algorithm are effective for this problem.
Keywords: CombInATIonAL dIgITAL CIrCuIT, CuLTurAL ALgorIThm, CIrCuIT opTImIZATIon 
dESIgn, CIrCuIT EvALuATIon
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1. Introduction
Evolutionary Electronics applies the concepts of 

genetic algorithms to the evolution of electronic cir-
cuits. The main idea behind this research field is that 
each possible electronic circuit can be represented as 
an individual or a chromosome of an evolutionary 
process, which performs standard genetic operations 
over the circuits. Due to the broad scope of the area, 
researchers have been focusing on different problems, 
such as placement, Field programmable gate Array 
(FpgA) mapping, optimization of combinational and 
sequential digital circuits, synthesis of digital circuits, 
synthesis of passive and active analog circuits, syn-
thesis of operational amplifiers, and transistor size 
optimization. Of great relevance are the works focus-
ing on “intrinsic” hardware evolution in which fitness 
evaluation is performed in silicon, allowing a higher 
degree of exploration of the physical properties of 
the medium. This particular area is frequently called 
Evolvable hardware [1-3].

In the sequence of this work, Coello, Christiansen 
and Aguirre presented a computer program that auto-
matically generates high-quality circuit designs [4]. 
Miller, Thompson and Fogarty applied evolutionary 
algorithms for the design of arithmetic circuits [5]. 
Kalganova, Miller and Lipnitskaya proposed another 
technique for designing multiple-valued circuits [6]. 
In order to solve complex systems, Torresen pro-
posed the method of increased complexity evolu-
tion. The idea is to evolve a system gradually as a 
kind of divide-and-conquer method [7]. based on the 
miller’s method, Yan applied gene Expression pro-
gramming (gEp) [8, 9], particle Swarm optimization 
Algorithms (pSo) [10-14], Cultural Algorithms (CA) 
[15-20], orthogonal Evolutionary Algorithm [21] 
and evolutionary algorithm [22-24] for the design of 
electronic circuits.

A major bottleneck in the evolutionary design of 
electronic circuits is the problem of scale. This re-
fers to the very fast growth of the number of gates, 
used in the target circuit, as the number of inputs of 
the evolved logic function increases. This results in 
a huge search space that is difficult to explore even 
with evolutionary techniques. Another related obsta-
cle is the time required to calculate the fitness value 
of a circuit. A possible method to solve this problem 
is to use building blocks either than simple gates. 
nevertheless, this technique leads to another diffi-
culty, which is how to define building blocks that are 
suitable for evolution. 

2. Cultural algorithm
Evolutionary computation (EC) [25, 26] methods 

have been successful in solving many diverse prob-

lem in search and optimization due to the unbiased 
nature of their operations which can still perform 
well in situation with little or no domain knowledge. 
However, there can be considerable improvement in 
their performance when problem specific knowledge 
is used to bias the problem solving process in order 
to identify patterns in their performance environment. 
These patterns are used to promote more instances of 
desirable candidates or to reduce the number of less 
desirable candidates in the population. In either case, 
this can afford the system an opportunity to reach the 
desired solution more quickly.

Adaptive evolutionary computation takes place 
when an EC system is able to incorporate such infor-
mation into its representation and operators in order 
to facilitate the pruning and promoting activities men-
tioned above. Some research works have shown that 
self-adaptation can take place on several levels within 
a system such as the population level, the individual 
level, and the component level. At the population 
level, aspects of the system parameters that control 
all elements of the population can be modified. At the 
individual level, aspects of the system that control the 
action of specific individual can be modified. If the 
individual is specified as s collection of components 
then component level adaptation is possible. This in-
volves the adaptation of parameters that control the 
operation of one or more components that make up 
an individual.

Several challenges arise in optimization. First is 
the nature of the problem to be optimized which may 
have several local optima the optimizer can get stuck 
in, the problem may be discontinuous, candidate so-
lutions may yield different fitness values when evalu-
ated at different times, and there may be constraints 
as to what candidate solutions are feasible as actual 
solutions to the real-world problem. Furthermore, 
the large number of candidate solutions to an opti-
mization problem makes it intractable to consider all 
candidate solutions in turn, which is the only way 
to be completely sure that the global optimum has 
been found. This difficulty grows much worse with 
increasing dimensionality, which is frequently called 
the curse of dimensionality, a name that is attributed 
to bellman, see for example [27]. This phenomenon 
can be understood by first considering an n-dimen-
sional binary search-space. Here, adding another 
dimension to the problem means a doubling of the 
number of candidate solutions. So the number of can-
didate solutions grows exponentially with increasing 
dimensionality. The same principle holds for continu-
ous or real-valued search-spaces, only it is now the 
volume of the search-space that grows exponentially 
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with increasing dimensionality. In either case it is 
therefore of great interest to find optimization meth-
ods which not only perform well in few dimensions, 
but do not require an exponential number of fitness 
evaluations as the dimensionality grows. Preferably 
such optimization methods have a linear relationship 
between the dimensionality of the problem and the 
number of candidate solutions they must evaluate in 
order to achieve satisfactory results, that is, optimi-
zation methods should ideally have linear time-com-
plexity o(n) in the dimensionality n of the problem to 
be optimized.

Another challenge in optimization arises from 
how much or how little is known about the problem 
at hand. For example, if the optimization problem is 
given by a simple formula then it may be possible to 
derive the inverse of that formula and thus find its op-
timum. Other families of problems have had special-
ized methods developed to optimize them efficiently. 
But when nothing is known about the optimization 
problem at hand, then the no Free Lunch (nFL) set 
of theorems by Wolpert and Macready states that any 
one optimization method will be as likely as any other 
to find a satisfactory solution [28]. This is especially 
important in deciding what performance goals one 
should have when designing new optimization meth-
ods, and whether one should attempt to devise the ul-
timate optimization method which will adapt to all 
problems and perform well. According to the NFL 
theorems such an optimization method does not exist 
and the focus of this thesis will therefore be on the 
opposite: Simple optimization methods that perform 
well for a range of problems of interest.

Cultural Algorithms (CA) are a class of compu-
tational models derived from observing the cultural 
evolution process in nature [29, 30]. The Cultural 
Algorithm is a dual inheritance system that charac-
terizes evolution in human culture at both the mac-
ro-evolutionary level, which takes place within the 
belief space, and at the micro-evolutionary level, 
which occurs at the population space. CA consists 
of a social population and a belief space. Experience 
of individuals selected from the population space by 
the acceptance function is used to generate problem 
solving knowledge that resides in the belief space. 
The belief space stores and manipulates the knowl-
edge acquired from the experience of individuals in 
the population space. This knowledge can control the 
evolution of the population component by means of 
the influence function. As a result, CA can provide an 
explicit mechanism for global knowledge and a use-
ful framework within which to model self-adaptation 
in an EC system. The population level component 

of the cultural algorithm will be Evolutionary pro-
gramming (Ep). The global knowledge that has been 
learned by the population will be expressed in terms 
of both normative and situational knowledge as dis-
cussed earlier.

A flowchart of the Cultural Algorithms as shown 
in Figure 1.

Figure 1. Flowchart of cultural algorithm

In this algorithm, first the belief space and the 
population space are initialized. Then, the algorithm 
will repeat processing for each generation until a ter-
mination condition is achieved. Individuals are evalu-
ated using the performance function. The two levels 
of Cultural Algorithm communicate through the ac-
ceptance function and the influence function. The ac-
ceptance function determines which individuals from 
the current population are selected to impact the be-
lief space. The selected individuals’ experiences are 
generalized and applied to adjust the current beliefs 
in the belief space via the update function. The new 
beliefs can then be used to guide and influence the 
evolutionary process for the next generation. Cul-
tural algorithms as described above consist of three 
components. First, there is a population component 
that contains the social population to be evolved and 
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the mechanisms for its evaluation, reproduction, and 
modification. Second there is a belief space that rep-
resents the bias that has been acquired by the popu-
lation during its problem-solving process. The third 
component is the communications protocol that is 
used to determine the interaction between the popula-
tion and their beliefs.

Cultural algorithm is in-depth analysis of the su-
periority of the original evolution theory on the basis 
of drawing on the social (cultural) evolution theory 
in the social sciences and has achieved broad consen-
sus on the research results, and proposed a new al-
gorithm. Cultural algorithm is used to solve complex 
calculations of the new global optimization search 
algorithms, cultural algorithms in the optimization of 
the complex functions of its superior performance.

3. Combinational digital circuit representation
3.1. Circuit coding
In this paper, the chromosome representation we 

use miller’s [5]. This representation is based on the 
Field programming gate Array (FpgA) of Xilinx 
virtex-II (Figure 2 is the structure of FpgA). The 
starting point in this technique is to consider, for each 
potential design, a geometry (of a fixed size array) 
of uncommitted logic cells that exist between a set 
of desired inputs and outputs. The uncommitted log-
ic cells are typical of the resource provided on the 
Xilinx FpgA part under consideration. An uncom-
mitted logic cell refers to a two-input, single-output 
logic module with no fixed functionality. The func-
tionality may then be chosen, at the implementation 
time, to be any two input variable logic function. In 
this technique, a chromosome is defined as a set of 
interconnections and gate level functionality for these 
cells from outputs back toward the inputs based upon 
a numbered rectangular grid of the cells themselves, 
as in Figure 3. The inputs that are made available are 
logic ‘0’, logic ‘1’, all primary inputs and primary in-
puts inverted. To illustrate this consider a 3 x 3 array 
of logic cells between two required primary inputs 
and two required outputs.

The inputs 0 and 1 are standard within the chro-
mosome, and represent the fixed values, logic ‘0’ and 
logic ‘1’ respectively. The inputs (two in this case) 
are numbered 2 and 3, with 2 being the most signifi-
cant. The lines 4 and 5 represent the inverted inputs 2 
and 3 respectively. The logic cells which form the ar-
ray are numbered column-wise from 6 to 14. The out-
puts are numbered 13 and 11, meaning that the most 
significant output is connected to the output of cell 
13 and the least significant output is connected to the 
output of cell 11. These integer values, whilst denot-
ing the physical location of each input, cell or output 

within the structure, now also represent connections 
or routes between the various points. In other words, 
this numbering system may be used to define a netlist 
for any combinational circuit. Thus, a chromosome is 
merely a list of these integer values, where the posi-
tion on the list tells us the cell or output which is be-
ing referred to, while the value tells us the connection 
(of cell or input) to which that point is connected, and 
the cells functionality.

Each of the logic cells is capable of assuming the 
functionality of any two-input logic gate, or, alterna-
tively a 2-1 multiplexer (muX) with single control 
input. In the geometry shown in Figure 3, a sample 
chromosome is shown below:

Figure 4. A typical netlist chromosome for the 3 x 3 ge-
ometry of Figure 3

Notice, in this arrangement that the chromosome 
is split up into groups of three integers. The first two 
values relate to the connections of the two inputs to 

Figure 2. Structure of FpgA

Figure 3. A 3 x 3 geometry of uncommitted logic cells 
with inputs, outputs and netlist numbering
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the gate or muX. The third value may either be posi-
tive - in which case it is taken to represent the control 
input of a muX - or negative - in which case it is taken 
to represent a two-input gate, where the modulus of 
the number indicates the function according to Figure 
5 below. The first input to the cell is called A and the 
second input called B for convenience. For the logic 
operations, the C language symbols are used: (i) & for 
And, (ii) | for or, (iii) ^ for exclusive-or, and (iv) ! 
for noT. There are only 12 entries on this table out of 
a possible 16 as 4 of the combinations: (i) all zeroes, 
(ii) all ones, (iii) input A passed straight through, and 
(iv) input b passed straight through are considered 
trivial - because these are already included among the 
possible input combinations, and they do not affect 
subsequent network connections in cascade.

performance of the circuit important indicator of the 
evolution of the design of digital circuits has three 
goals descending order of importance: the correct 
function, minimize delay time and minimum power 
consumption. Meet the three objectives of the circuit 
is the best circuit.

For a specific circuit, as shown in Figure 6, there 
may be a plurality of output terminals, there may be 
many different paths from the input to the output, the 
delay of each path are not normally equal, we calcu-
lated each path delay, as to which the maximum delay 
of the entire circuit, such as the figure 8 above, a full 
adder, from the A input or the B input, through XOR 
gate, And gate to reach the or gate, then to C0, this 
road of maximum delay path and calculate the delay 
time as follows:

T =Tinstrinsic(Xor) + Tinstrinsic(And) + 
+ Tinstrinsic(or)

First Xor: t1= 0.1373(ns)
Second And: t2= 0.0801(ns)
Third or: t3= 0.0617(ns)
Total delay tiem: t= t1 + t2 + t3 = 0.2791(ns)

Figure 5. Cell gate functionality according to negative 
gene value in chromosome

This means that the first cell with output number 
6 and characterized by the triple {0, 2, -1} has it’s a 
input connected to ‘0’, its b input connected to input 
2, and since the third value is -1, the cell is an And 
gate (thus in this case always produces a logical out-
put of 0). picking out the cell who’s output is labeled 
9, which is characterized by the triple {2, 6, 7}, it can 
be seen that its A input is connected to input 2 and 
its b input is connected to the output of cell 6, while 
since the third number is positive the cell is a muX 
with control input connected to the output of cell 7.

3.2. Circuit evaluation
In practical applications, the evaluation of the 

quality of a circuit, in addition to function correctly, 
there are two important parameters: the delay time 
and power consumption. The evolution of digital cir-
cuit design process, even if the correct solution, but 
the circuit is not necessarily the optimal circuit func-
tions correctly premise, the delay is the most impor-
tant indicators of the evaluation circuit is good or bad, 
secondly, the power consumption is also to reflect the 

Figure 6. One-bit adder circuit

Calculate the power consumption is simple, to ac-
cumulate all logic gates used in the circuit power con-
sumption. So the power consumption of the Figure 8 
as: 

W = W (Xor) * 2 + W (And) * 2 + W (or) = 
= 0.0372 * 2 + 0.0103 * 2 + 0.0191 = 0.1141

According to the design requirements of the cir-
cuit gate count, power consumption, delay, and the 
fitness function of the circuit as follows:

( ) 2 ( )
( )

( ) ( )) 2 ( )

n

n

F x F circuit wrong
G x

F x w V x F circuit correct

 <= 
+ ∗ =

In here, F(x) is the circuit x full output cell infor-
mation and the truth table of the degree of matching, 
V(x) for x is the effective number of gates of the cir-
cuit, the circuit is completely correct conditions, the 
smaller the effective number of gates, the better the 
circuit performance. w is the weight value factor, tak-
ing a very small positive number.
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4. Circuit design case
Evolving the one-bit adder was easier to do on a 

larger geometry but resulted in a less efficient circuit. 
That is many genetic algorithm was able to discover 
100% functional solutions was intimately related to 
the size of the geometry, but our algorithm use small 
geometry to find the fully functional solutions. Figure 
7 is the circuit designed by CA (with three gates) and 
Figure 8 is the circuit designed by miller [31]. From 
the figure we know it is a gratifying result to obtain 
as it is clear that this design is an optimum solution.

We also use our algorithm to evolve the three-bit 
full adder and four-bit full adder. A three-bit full ad-
der, with a truth table with 7 inputs and 4 outputs. In 
this case, our algorithm use small geometry to find 
the fully functional solutions, the matrix has a size 
of 4×4. The resulting circuits as shown in Figure 11 
(with 9 gates). From the figures we know it is a grati-
fying result to obtain as it is clear that this design is 
an optimum solution.Figure 7. One-bit full adder circuit designed by CA

Figure 8. One-bit full adder circuit designed by Miller

A two-bit full adder circuit, which with a truth 
table with 5 inputs and 3 outputs. In this case, our 
algorithm use small geometry to find the fully func-
tional solutions, the matrix has a size of 3×3. The re-
sulting circuits as shown in Figure 9 (with six gates) 
and Figure 10 is the circuit designed by miller [31]. 
From the figures we know it is a gratifying result to 
obtain as it is clear that this design is an optimum 
solution.

Figure 9. Two-bit full adder circuit designed by CA

Figure 10. Two-bit full adder circuit designed by Miller

Figure 11. Three-bit full adder circuit designed by CA

A four-bit full adder, with a truth table with 9 in-
puts and 5 outputs. In this case, our algorithm use 
small geometry to find the fully functional solutions, 
the matrix has a size of 8×8. The resulting circuits as 
shown in Figure 12 (with 12 gates). From the figures 
we know it is a gratifying result to obtain as it is clear 
that this design is an optimum solution.

We run our circuit design algorithm 10 times for 
the four circuit design problems and verify the al-
gorithm’s effective. Figure 13 are the experiment 
results of two-bit full adder among 10 runs. In Fig-
ure 14 are the experiment results for the four circuit 
design cases.

5. Conclusion
In human societies, culture can be a vehicle for the 

storage of information in a form that is independent 
of the individual or individuals that generated and are 
potentially accessible to all members of the society. 
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As such culture is useful in guiding the problem solv-
ing activities and social interaction of individuals in 
the population. This allows self-adaptive information 
as well as other knowledge to be stored and manipu-
lated separately from the individuals in the social 
population. This provides a systematic way of utiliz-
ing self-adaptive knowledge to direct the evolution of 
a social population. Cultural Algorithms in order to 
model the evolution of cultural systems based upon 
principles of human social evolution taken from the 
social science literature. This paper we use the this 
algorithm for combinational digital circuit optimiza-
tion design. Compared with the traditional circuit de-
sign algorithm, this algorithm enlarges the searching 
space and the complexity is not high. For the circuit 
design cases studies this means has proved to be ef-
ficient, experiments show that we have better results 
than the traditional algorithm.
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1. Introduction
Modern technological progresses in sensor net-

works embedded computing technologies and wire-
less communications have enabled the design of 
lightweight low power intelligent monitoring devic-
es. A key technical challenge in most wireless sensor 
networks is how to successfully arrange and manage 
the sensors and how to control data collection in or-
der to get a minimum continuous delay, a maximum 

monitoring duration and a desired excellence of mon-
itoring. The maximum monitoring duration is period 
of time that monitoring service is provided while ex-
cellence of monitoring captures possible performance 
and accuracy of data.

Modern technological progresses in sensor net-
works embedded computing technologies and wire-
less communications have enabled the design of 
lightweight low power intelligent monitoring devic-
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