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Abstract

This paper investigates the effect of injec-
tion percentage on the performance of a case-
injected genetic algorithm for combinational
logic design. A case-injected genetic algo-
rithm is a genetic algorithm augmented with
a case-based memory of past problem solv-
ing attempts which learns to improve per-
formance on sets of similar design problems.
In this approach, rather than starting anew
on each design, we periodically inject a ge-
netic algorithm’s population with appropri-
ate intermediate design solutions to similar,
previously solved problems. Experimental re-
sults on a configuration design problem; the
design of a parity checker, demonstrate the
performance gains from our approach and
show that our system learns to take less time
to provide quality solutions to a new design
problem as it gains experience from solving
other similar design problems.

1 Introduction

Design problems seldom exist in isolation. Any useful
design system must expect to confront many related
problems over its lifetime and we would like such a sys-
tem to improve its performance with experience. Such
a learning system requires memory; a place for stor-
ing past experiences to guide future operations. The
storage area may be distributed or localized, but a sys-
tem without a memory is forced to start from scratch
in trying to solve every given problem. Genetic al-
gorithms (GAs) are randomized parallel search algo-
rithms that search from a population of points [4, 2].
Current genetic algorithm based machine learning sys-
tems use rules to store past experience to improve their
performance over time [4, 2] and [16, 6, 3]. However,

many application areas, especially in the design do-
main, are more suited to a case-based storage of past
experience [13, 5] and [17, 1]. ' We propose and de-
scribe a system that uses a case-base as a long term
knowledge store in a new genetic algorithm based de-
sign system that learns from experience. Results from
the design of parity checkers, applicable to problems
from engineering design and architecture, show 1) that
our system, with experience, takes less time to solve
new problems and produces better quality solutions 2)
a simple syntactic similarity metric can result in this
performance improvement thus avoiding the indexing
problem endemic to purely case-based systems and 3)
the system’s performance is affected by the strategy
for choosing which cases to inject (injection strategy)
and by the number of cases to inject (injection per-
centage).

Typically, a genetic algorithm randomly initializes its
starting population so that the GA can proceed from
an unbiased sample of the search space. However, as
pointed out earlier, problems do not usually exist in
isolation and we often confront sets of similar prob-
lems. It makes little sense to start a problem solv-
ing search attempt from scratch when previous search
attempts may have yielded useful information about
the search space. Instead, periodically injecting a ge-
netic algorithm’s population with relevant (we describe
what we mean by relevant later) solutions or partial so-
lutions to similar previously solved problems can pro-
vide information (a search bias) that reduces the time
taken to find a quality solution. Our approach bor-
rows ideas from case-based reasoning (CBR) in which
old problem and solution information, stored as cases
in a case-base, helps solve a new problem [15]. In
our system, the data-base, or case-base, of problems
and their solutions supplies the genetic problem solver

'See also the web page at http://www.ai-
cbr.org/projects.html for a list of case-based design
projects.



with a long term memory. The system does not re-
quire a case-base to start with and can bootstrap it-
self by learning new cases from the genetic algorithm’s
attempts at solving a problem.

The Case Injected Genetic AlgoRithm (CIGAR) sys-
tem presented in this paper can be applied in a number
of domains from computational science and engineer-
ing to operations research. We use configuration de-
sign problems, specifically the design of combinational
logic circuits, as an illustration of the performance im-
provements that are possible.

We define the CIGAR system in the next section. We
then delineate the difference between problem and so-
lution similarity and apply our system to two sets of
design problems that highlight fundamental issues ad-
dressed by this work. The last section presents con-
clusions and directions for future work.

2 Case Injected Genetic Algorithms

We consider two ways of combining a genetic algorithm
with case-based memory. Our first approach worked as
follows. When confronted with a (new) problem, the
CBR module looks in its case base for similar problems
and their associated solutions. Note that case-based
reasoning research has shown that defining a problem
similarity metric is non-trivial [7]. If the system finds
any similar problems, a small number of their solutions
get injected into the initial population of the genetic
algorithm. The rest of the population is initialized
randomly (to maintain diversity) and the GA searches
from this combined population. This works well if we
have a good measure of problem similarity and a pro-
totype system is described in [9].

However, if we assume that similar solutions must have
come from similar problems, an admittedly strong as-
sumption, CIGAR can operate on the basis of solution
similarity and avoid the issue of defining problem sim-
ilarity metrics. In this scenario, shown in Figure 1, we
periodically inject a small number of solutions sim-
ilar to the current best member (candidate solution) of
the GA population into the current population, replac-
ing the worst members. We call this the “closest to the
best” strategy, one of several possible injection strate-
gies. The GA continues searching with this combined
population. Since we are injecting cases into the pop-
ulation, injected cases must be chromosomes encoding
candidate solutions to the problem at hand. To create
the case base, during GA search, whenever the fitness
of the best individual in the population increases, the
new best individual is stored in the case-base. A case
is a member of the population (a candidate solution)
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Figure 1: Conceptual view of CIGAR.

together with auxiliary information including fitness,
the generation this case was generated, and its par-
ents [11]. Reusing old solutions has been a traditional
performance improvement procedure. Our work differs
in that 1) we attack a set of tasks, 2) store and reuse
intermediate candidate solutions, and 3) do not de-
pend on the existence of a problem similarity metric
avoiding indexing problems common to case-based sys-
tems.

What happens if our similarity measure is noisy and /or
leads to unsuitable retrieved solutions? By defini-
tion, unsuitable solutions will have low fitness and
will quickly be eliminated from the GA’s population.
CIGAR may suffer from a slight performance hit but
will not break or fail — the genetic search compo-
nent will continue making progress toward a solution.
CIGAR is robust.

A summary of related work in evolutionary comput-
ing and case-based systems can be found in [8] and we
elide the discussion here due to limitations on space.
The next section defines what we mean by problem
similarity and solution similarity in the context of com-
binational logic design.

3 Indexing and similarity

Indexing, or how we define similarity, is a basic is-
sue in case-based systems. Previous work has dealt
with the simpler case where a similarity metric exists
in the problem space [10, 14]. Simply put, when we
know that two problems are similar, the system can
use information from attempting one problem to im-
prove performance on the other. However, a problem
similarity metric is not easy to come by and remains a
major issue for case-based reasoning systems. In this
paper, we study the more realistic case where we do
not have (or need) a similarity measure on the problem
space. Since genetic algorithms solutions are encoded
as binary or real strings, a purely syntactic similarity
measure, such as hamming distance, on these binary
strings leads to good performance — a needed property



for application to poorly-understood systems. Solu-
tion similarity measures avoid CBR’s indexing prob-
lems.

3.1 Problem Similarity

Combinational circuit design is an example of a config-
uration design problem. The general problem can be
stated as: Given a function and a target technology to
work within, design an artifact that performs the func-
tion subject to constraints. For parity checkers, the
function is parity checking and the target technology
is combinational logic gates such as boolean AND and
OR gates. A genetic algorithm can be used to design
combinational circuits as described in [12]. A five-
bit parity checker is one of 22° = 232 = 4294967296
different five-input one-output combinational circuits
(boolean functions). If we are trying to solve this class
of problems, one way of indexing, defining similarity
of problems, can be: Concatenate the output bit for
all possible 5-bit input combinations counting from 0
through 31 in binary. This results in a binary string of
output bits, S,, of length 32. Strings that are one bit
different from S, define a set of boolean functions, as
do strings that are two bits different and so on. This
way of naming boolean functions provides a simple
distance metric and indexing mechanism for the com-
binational circuit design problems that we consider in
this paper. That is, we have a metric for measuring
problem similarity. Problems are constructed from the
parity problem by randomly changing bits in the out-
put bit string. The fitness of a candidate circuit is the
number of correct output bits. Thus 5-bit problems
would have a maximum fitness of 2° = 32. As a sim-
ple example, consider the 3-bit parity checker as shown
in Table 3.1. The first column in Table 3.1 shows all
possible inputs for a 3-bit parity checker, the second
column shows the correct output for each input. We
construct a 3-input, l-output problem that is simi-
lar to the 3-bit parity checker by randomly choosing
and flipping one of the output bits of the 3-bit parity
checker as shown by the boxed 0 in the table. The cor-
rect output bits for the new problem (1 bit different
from the 3-bit parity checker) are shown in the third
column. This new problem is distance 1 away from
the parity problem in terms of our problem similarity
metric.

3.2 Representation

Since a solution similarity metric depends on how so-
lutions/circuits are encoded, we describe our represen-
tation. An individual in the GA’s population encoded
as a bit string maps to a two-dimensional circuit as

Table 1: Outputs of the 3-bit parity checker (a 3-0)
and a 3-1 problem.

Inputs 3-bit parity 3-1 problem
000 0 0
001 1 IZI
010 1

011
100
101
110
111

HOOMOM
OO MO

shown in figures 2 and 3. We use four (4) bits to en-
code all 22" = 16 possible two-input, one-output gates.
An additional bit specifies the location of the second
input. A gate S; ; gets its first input from S; ;_; and
its second, from one of S;y; ;1 or S;_1 ;-1 as shown
in figure 3. If the gate is in the first or last rows, the
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Figure 2: Mapping from 1D chromosome to 2D circuit.
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Figure 3: A gate in a 2D template gets its second input
from one of two gates in the previous column.

row number for the second input is calculated modulo
the number of rows. The gates in the first column, .S; o
receive the input to the circuit.

3.3 Solution Similarity Metric

The solution similarity metric needs to measure the
distance between encoded circuits (solutions). We are
assuming that similar circuits have similar function.
Since we use a binary string to encode combinational
circuits, the hamming distance between these bit
strings suffices as our similarity metric on this prob-
lem. We show empirically that this simple similarity
metric works well for these combinational logic design
problems.



3.4 Configuration Design

Using the parity problem as a basis, we generate 50
problems that are similar in terms of our problem sim-
ilarity metric by randomly choosing and flipping 0 to
10, 10 - 20, and 20 - 30 output bits of the 6-bit parity
checker’s output bit string.

In this paper, CIGAR uses a population of size 30 run
for a maximum of 30 generations to solve 6-bit com-
binational circuit design problems (similar to parity
checkers). This results in a 150 length chromosome (6
rows, 5 columns, 5 bits per gate) with a corresponding
search space of 2!50. The probability of crossover is
0.95 and the probability of mutation is 0.05. All plots
are averages over ten (10) runs.

In all cases, we replace the worst individuals in the
population with the individuals chosen by the injection
strategy. We chose the injection interval, the num-
ber of generations between injections, to be [log,(N)]
where N is the population size. This formula reflects
the takeover time when using CHC selection. We in-
ject differing numbers of cases into the population ev-
ery [log»(30)] = 5 generations.

Figure 4(left) compares performance in terms of time
taken to find a solution for CIGAR and a randomly
initialized genetic algorithm. CIGAR used 10% injec-
tion percentage, and the probabilistic closest to the
best injection strategy. The figure plots time taken
to find the best solution on the vertical axis and the
number of problems solved on the horizontal axis. The
Randomly Initialized Genetic Algorithm (RIGA) uses
the same set of genetic algorithm parameters. Figure 4
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Figure 4: Left: Convergence speed. As more problems
are attempted, CIGAR reduces the time to conver-
gence. Right: Solution quality. As more problems are
solved CIGAR produces better solutions

(right) plots the fitness of the best solution found on
the vertical axis and number of problems solved on the

horizontal axis. The figures clearly show that CIGAR
takes less time to produce better quality solutions as
it gains experience from attempting more problems.

Previous work has looked at the effect of injection
strategy on performance. In this study, we investigate
the effect of injection percentage on performance. In-
jection percentage defines the number of cases injected
into the genetic algorithm population as a percentage
of the genetic algorithm’s population size.

Figure 5 (right) plots the solution quality as a function
of experience for differing injection percentages when
using the “closest to the best” injection strategy. The
figure shows that higher injection percentages result in
better quality solutions as the system gains experience.
There must, however, exist a maximum injection per-
centage beyond which performance suffers because of
premature convergence. Figure 5 (left) shows a similar
trend for the time to solution measure of performance.
In these plots the system is attempting problems that
have on average a difference of between 5 and 10 on
the output bits, according to our problem similarity
measure. Figure 6 shows what happens as we attempt
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Figure 5: Comparing injection percentages. Left: Av-
erage time to find the best design versus number of
problems attempted. Right: Quality of design solu-
tion versus number of problems attempted

to solve problems that are on average between 10 to 20
bits different in output. All other parameters remain
the same. It appears that you need more cases injected
to achieve a performance boost. Keep in mind how-
ever, that these figures are affected to a large extent
by the search landscape and will not quantitatively
generalize.

4 Discussion and Conclusions

CIGAR makes the assumption that similar problems
have similar solutions. According to the schema theo-



CIGAR - 50%

Fitness

Cigar - 10%

RIGA

| | | | | |
.00 1000 000 3000 4000 500 00 1000 000 0.00 4000 500

No. of Problems atiempted No. of Problems attempted

—F P P P P P P P P P P P ]

Figure 6: Comparing injection percentages on prob-
lems that are less similar. These problems are between
20 and 30 bits different.

rem, genetic algorithms process syntactic string simi-
larities and we have shown that storing and injecting
syntactically similar solutions leads to increased per-
formance with experience. We expect this qualitative
behavior to generalize to other design problems.

Our sample results indicate that CIGAR learns to in-
crease performance at related tasks as it gains expe-
rience. We show that the simple syntactic similarity
measure of hamming distance works well on combina-
tional circuit design problems. It is important to note
that we need to save (and re-use) to the case-base, not
just the best or final solution to the problem at hand,
but also intermediate solutions that the GA generates
while working on a problem. We also find that the
more similar the problems the larger the difference in
performance between CIGAR and RIGA and the more
individuals that can be injected without loss of perfor-
mance.

These performance gains imply that fewer evaluations
are needed to reach a specified design solution quality
and that the organization deploying this system builds
a knowledge base of cases. When deployed, all simi-
lar problems attempted by an organization using this
system will contribute to the deployed system’s case-
base. With the right browsing and case analysis tools,
an organization can develop and persist its problem
solving intellectual property.

Our experiments also indicate that we can use one of
several ways to choose individuals to be injected with
little difference in CIGAR performance. We can in-
ject the closest (individuals in the case-base) to the
best individual in the population, the farthest from the
worst, and probabilistic versions of both. The proba-
bilistic versions seem to result in greater performance
improvements and we are currently working on con-

firming these initial impressions.

We are applying CIGAR to problems in object identi-
fication, spectroscopic analysis of dense plasmas, and
real-time targeting and re-targeting. Because these
problems are computationally intensive or require real-
time responses, we will be building and investigating
a parallel CIGAR implementation, different selection
schemes, and different case-base implementations. On
the theoretical side we are modeling and quantifying
our qualitatively derived parameter values for CIGAR.
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