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Abstract

Genetic algorithms (GAs) are believed
to exploit the synergy between different
traversals of the solution space that are
afforded by crossover and mutation oper-
ators. While dozens of different crossovers
are known, comparatively little attention
has been devoted to improving perfor-
mance by using multiple crossover op-
erators within a given GA implemen-
tation. Here, we examine various as-
pects of combining different crossovers; we
demonstrate that mixtures of crossovers
can outperform any single crossover, and
that choosing appropriate mixing propor-
tions 1is critical for good performance.
We conjecture that good crossover mix-
tures are characterized by “balance” in
the crossovers’ respective influences in the
population, and explore three adaptive
strategies for mixing crossovers.

1 Introduction

The crossover and mutation operators of genetic al-
gorithms (GAs) navigate the solution space in syn-
ergetic ways: crossover generates new solutions by
combining traits of already-visited solutions, while
mutation generates new solutions by random per-
turbations. The utility of crossover has been ex-
tensively discussed (e.g., [13, 18, 6, 7]), and there
are dozens of different crossovers in the literature.
Results showing that the various crossovers differ in
their traversals of the solution space (e.g., [4, 5]) to-
gether hint that using only one crossover —i.e., only
one style of traversing the solution space — may not
be optimal. However, surprisingly few works use
more than one crossover operator in a GA imple-
mentation.

*This work was partially supported by NSF YI
award MIP-9257982 and grant MIP-9223740. The
authors are with the UCLA VLSI CAD Laboratory
and the UCLA Commotion Laboratory (NSF CDA-
9303148).

Two works are notable for combining more than one
crossover operator [14, 17]. Schaffer and Morishima
[14] proposed an adaptive crossover scheme in
which the number of crossover points varies accord-
ing to punctuation marks on the chromosomes; 1t
was reported that the punctuated crossover outper-
formed the traditional (single-point) crossover, but
whether this performance improvement resulted
from adaptiveness of the crossover was not clear.
Spears [17] has suggested an adaptive crossover in
which two-point crossover and uniform crossover
are used with adaptively varying rates, based on a
tag bit for this purpose. For the N-Peak problems
[3], the performance of Spears’ adaptive crossover is
always intermediate between that of the two under-
lying crossovers (i.e., the better of the two underly-
ing crossovers outperformed the adaptive crossover)

[17).

In this paper, we study interactions among mul-
tiple crossovers within a single GA implementa-
tion. Specifically, we examine (i) whether using
mixtures of different crossovers can improve per-
formance over using only one crossover, (ii) how
different mixing proportions of crossovers can af-
fect the performance, (iii) how the influences of dif-
ferent crossovers in a mixture will change within
the population over time, and (iv) the characteris-
tics of good crossover mixtures. Within a testbed
consisting of three basic crossover types and a hy-
brid GA driver for VLSI cell placement, we demon-
strate that crossover mixtures exhibit what appear
to be unimodal relationships between the propor-
tion of a given crossover in the mixture and the GA
performance. Other experiments suggest that bal-
ancing the crossovers’ respective influences in the
makeup of the population is an important factor
for good performance. With this in mind, we ex-
amine three adaptive strategies for mixing distinct
crossovers: the first strategy gives higher chance to
the crossover which contributed more to the current
population, the second strategy offers a direct con-
trast with the first strategy, while the third strat-
egy tries to adaptively balance the crossovers’ cu-
mulative influences on the current population. The
second and the third strategies significantly outper-
form the first strategy.



2 An Experimental Protocol

We denote a mixture, or combination, of &k dif-
ferent crossovers as C1.X; + ChXo + - + Cp X,
where X; is the i** crossover and C; is the prob-
ability of applying crossover X; (Zle Ci = 1)t
Intuitively, we say the crossovers in a combination
{X1,Xs,...,Xi} are synergetic, or “orthogonal”,
if they allow the GA search to visit better-quality
regions in the solution space which are not as easily
reached by applying any single crossover by itself.
The coefficients of combination {C1,...,Cr} can
either be fixed or vary adaptively. To study the
effect of crossover combination on solution quality,
we use the following testbed.

We study instances with & = 2 or 3, with var-
ious combinations of three underlying crossover
operators that are expected to afford very differ-
ent search mechanisms: traditional crossover?, cy-
cle crossover [12], and two-dimensional geographic
crossover [10].>  While this is just one of many
possible crossover combinations, note that promis-
ing qualities of each crossover have been shown
in the literature. In cycle crossover, the gene at
each position of an offspring is guaranteed to be
from one of the two parents; cycle crossover is
thus believed to have relatively low disruptivity.
In experiments on the circuit placement problem
[15], cycle crossover performed better than other
ordering crossovers such as PMX [8] and order
crossover [16]. Geographic crossover [10] is a multi-
dimensional crossover that effectively uses genes’
geographical linkages. In [10], geographic crossover
outperformed both traditional crossover and uni-
form crossover on instances of graph bisection.

Our test domain is a single instance of the VLSI
standard-cell placement problem. A given circuit
description may be viewed as a hypergraph G =
(V, E) where V corresponds to the set of modules,
or cells, and E corresponds to the set of signal nets.
Each signal net is a hyperedge connecting two or
more cells. All cells are assumed to have unit width
and unit height; the objective is to place the cells
on a given number of equal-width rows such that
the total interconnection wire length, denoted net
cost, 1s minimized. This problem is well-known to
be NP-hard [11]. * Throughout this paper, the

Tn our experience, it does not matter whether the
probabilities of applying the respective crossovers are
enforced by coin-tossing, or by a more deterministic
scheme (e.g., cycling through the crossover types ac-
cording to the proportions C;). All of our experimental
results below are based on a coin-tossing scheme.

2We use 5-point crossover for this.

®These three crossovers seem likely to afford very
different recombinations, but we do not have any formal
analysis of this issue.

*The optimal interconnection of the terminals in
a multi-terminal signal net is given by a rectilinear
Steiner tree, which is difficult to compute. Following
standard practice, our net cost measure approximates
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Figure 1: Occupancy rates of three crossovers
plotted against time (generation number) for the
crossover combination 0.33X7 + 0.33X, + 0.33.X3.

test case that we use is the fract benchmark circuit
which contains 149 cells.’

The underlying optimization engine consists of a
steady-state hybrid-type GA, i.e., a GA which ap-
plies a local improvement heuristic after mutation.
Hybrid-type GAs generally produce much better
results than GAs that do not use local improve-
ment, and we use them to reduce running time and
enable more extensive experiments. We do not dis-
cuss the local improvement heuristic itself except to
note that it is a simple iterative local improvement
heuristic of our own; further details are beyond our
present scope. After generating each offspring, the
replacement scheme of [2] is used, i.e., (i) replace
the closer parent to the offspring (say, according to
Hamming distance) if the offspring is better; (ii) if
this fails, replace the other parent if the offspring is
better; and (iii) if this also fails, replace the worst-
quality solution in the population. Unless otherwise
noted, all performance comparisons in this paper
are based on averages of solution qualities (total
wire lengths) over 100 trials.

3 Observations

3.1 Dynamic Influence of Crossovers

Henceforth, we let X;, X5, and X3 respectively
denote traditional crossover, cycle crossover, and
geographic crossover. Our first experiments stud-
ied the crossover combination 0.33X; + 0.33X, +
0.33X3, i.e., the same usage rate for each of the
three crossovers. Over the 100 GA executions, we
observed that cycle crossover generates the largest
number (approximately 85%) of the “new bests”
during a given GA run. However, at the end of a

the Steiner tree cost by the half perimeter of the small-
est rectangular bounding box that encloses the termi-
nals of the signal net.

®This test case is found in the LayoutSynth90 bench-
mark suite maintained by ACM SIGDA; it and re-
lated test cases are available by anonymous ftp to
mcnc.org:/pub/benchmark.
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Figure 2: Final solution quality plotted against
mixing coefficient of each given crossover (the other
two mixing coefficients are assumed equal).

GA run, all three crossovers were equally likely to
have generated the final best (the final solution).

Define the occupancy rate of a crossover at a given
generation to be the number of solutions in the
population that were generated by the crossover,
over the total number of solutions in the popula-
tion. Figure 1 shows typical occupancy rates of the
three crossovers, plotted against generation num-
ber (i.e., time), with the 0.33X7 +0.33X5 4+ 0.33X3
combination. It is likely that cycle crossover has
such a dominant occupancy rate (as well as a high
proportion of “new bests”) because its low disrup-
tivity makes i1t likelier to generate higher-quality
solutions.

3.2 Performance of Different
Combinations

Because we perform at least 100 trials to obtain a
single data point, it is difficult to exhaustively ana-
lyze all possible combinations. Thus, we examined
the restricted set of combinations for which at least
two of the three mixing coefficients C; are the same.
In other words, we studied “isosceles” combinations
of form C1.X; + 1_201)(1 + 1_201)(3, or 1_202)(1 +
02X2—|— 1_202 X3, or 1_203X1+ 1_203 X2—|—03X3. Flg—
ure 2 shows the relationship between each crossover
and the average performance obtained for each
of its combinations with the other two (evenly
split) crossovers. Here, the performance seems
roughly unimodal in the relative amount of a given

Crossover.

Figure 2 also indicates the performance of each
1solated crossover: the solution qualities plotted
above rate = 1.0 represent the performances of the
three combinations 1.0X, 1.0X5 and 1.0X3, with
traditional crossover (1.0X7) performing best and
cycle crossover (1.0X3) performing worst. (This
phenomenon might change if a non-hybrid GA is
used.) The best combination we tried (0.45X; +
0.1X540.45X3) substantially outperforms the best
single-crossover strategy, i.e., 1.0X;. Figure 3
shows occupancy rates of the three crossovers over
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Figure 3: Occupancy rates of three crossovers plot-
ted against time (generation number) for the com-

bination 0.45X7 + 0.1X2 + 0.45X5.

time during a typical GA run for the combination

0.45X; + 0.1X5 + 0.45X5.

3.3 «a: Mean Variance

Given that Figure 3 shows more balanced occu-
pancy rates than Figure 1, it 1s possible that the
balance of occupancy rates affects the overall per-
formance of the multiple-crossover paradigm. One
possible intuitive measure of “balance” might be
the parameter «, defined as follows.

Given k different crossovers within a steady-state
GA framework, let p; be the occupancy rate of the

jt crossover at a given generation. Let

3
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where
o Tizae — 1)
2 k :
The variable s indicates the index of the first gen-
eration at which all individuals in the initial pop-
ulation were replaced by generated offsprings; the

variable ¢ is the index of the last generation.

For our present testbed, the o measure turns out
to be strongly correlated with performance, i.e.; a
combination that yields good performance is likely
to have a small « value. Figure 4 plots the average
« values of different combinations (averaged over 20
trials for each) and their average solution qualities.
The correlation coefficient (i.e., the strength of lin-
ear relationship) between « and the final solution
quality is 0.876.

4 Adaptive Crossovers

Assume that we are to adaptively combine two dif-
ferent crossovers, e.g., traditional crossover and cy-
cle crossover. In this section, we describe three pos-
sible heuristics, the last two of which are motivated
by the concept of “balance” in the occupancy rates
of the crossovers.
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Figure 4: Correlation between solution cost and the
value of the a parameter.
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Figure 5: Occupancy rates of two crossovers under
Strategy #1.

4.1 Adaptive Strategy #1

Strategy #1 is an adaptive crossover where (for the
example of mixing traditional and cycle crossovers):
(i) if both parents were generated by traditional
crossover, traditional crossover is applied; (ii) if
both parents were generated by cycle crossover, cy-
cle crossover is applied; and (iii) if one parent was
generated by traditional crossover and the other
parent was generated by cycle crossover, either of
the two crossovers (randomly selected by a coin
toss) is applied. This strategy is very similar to
that suggested by Spears in [17], wherein (i) and
(ii) still apply, but in the case of (iii) the crossover
is selected by a tag bit maintained as an extra gene
for this purpose.

This strategy preferentially applies the crossover
which has generated better results (on average) so
far. In practice, one crossover quickly tends to dom-
inate the population and remains dominant there-
after, as shown in Figure 5. This might be unde-
sirable mechanism, if a crossover that is superior in
the initial stages of the GA becomes less useful in
the later stages. Note that Figure 5 is consistent
with the reported data in [17], but shows a some-
what larger gap in occupancy rates between the two
crossovers. Again confirming [17], we find that the
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Figure 6: Occupancy rates of two crossovers under
Strategy #2.

performance of the adaptive strategy is intermedi-
ate between those of the two underlying crossovers.
Since this actually indicates a negative effect of this
type of adaptive strategy, we next propose two new
adaptive crossover strategies that each offer promis-
ing empirical performance.

4.2 Adaptive Strategy #2

Strategy #2 is simply the opposite of Strategy #1,
i.e., (i) if both parents were generated by cycle
crossover, apply traditional crossover; (ii) if both
parents were generated by traditional crossover, ap-
ply cycle crossover; and (iii) select the crossover via
a random coin toss otherwise. Thus, for any pair
of crossovers, Strategy #2 balances the occupancy
rate by probabilistically giving lower priority to the
crossover which has affected more members of the
current population. Figure 6 shows that the occu-
pancy rates of the cycle and traditional crossovers
are more balanced under Strategy #2.

4.3 Adaptive Strategy #3

Assuming that reducing the mean variance of occu-
pancy rates results in improved performance (recall
the study of the & parameter above), we propose yet
another adaptive strategy which uses a greedy bal-
ancing approach. For a given set of k crossovers,
Strategy #3 tries to maintain an occupancy rate
for each crossover as close as possible to 1/k for
all generations (a very strong constraint). Initially,
random numbers ranging from 1 to k are assigned
to the solutions in the population; this randomly re-
lates each solution to a specific crossover. At each
generation, the crossover with least occupancy rate
is applied. We easily have

Fact 1 (Assume without loss of generality that the
population size p is a multiple of k.) Under Strategy
#3, once a balance of occupancy rates is achieved,
all occupancy rales remain within the range [1/k —

1/p, 1/k+1/p].
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Figure 7: Performances of three strategies for
adaptive combination of crossovers, relative to
performance of the better of the two underlying
crossovers. Error bars indicate +/- one sample
standard deviation.

Hence, the occupancy rate of each crossover un-
der Strategy #3 will essentially remain constant at
1/k. Figure 7 shows that for the VLSI standard-cell
placement instance, Strategies #2 and #3 substan-
tially outperform Strategy #1. Observe that the
performances of Strategies #2 and #3 are compa-
rable, which may imply that maintaining o ~ 0
is too strong an objective (e.g., flexibility in main-
taining small « values may be beneficial). Note
also that both Strategy #2 and Strategy #3 per-
formed better than any of the isolated underlying
crossovers; this is in contrast to the results observed

for Strategy #1 (and in [17]).

5 Discussion

The exact mechanism by which using two or more
different crossovers improves GA performance is
still a difficult open issue. In this paper, we
report initial studies which examine various as-
pects of the synergetic combination of different
crossovers within a single GA implementation. We
also propose two new adaptive crossover combina-
tion strategies, which for the present testbed out-
perform the previous method of [17]. Our ongoing
work i1s aimed at a number of open questions and
gaps in our experimental methodology, including
the following.

e QOur experiments use hybrid-type GAs for the
efficiency reasons discussed above, but the lo-
cal search hybridization may mask aspects
of the orthogonal combination of crossovers.
More computationally demanding studies can
isolate the effects of crossover combination us-
ing non-hybrid type GAs.

e We have used the notion of “orthogonality”
to intuitively convey a synergetic relationship
of different crossovers. It would be useful to
achieve more formal definitions and measures

for the orthogonality between two or more
crossovers. Existing analyses of structure in
fitness landscapes (e.g., [1, 9]) might be help-
ful here, since the concept of fitness landscape
is directly associated with the concept of solu-
tion space traversal.

e Maintaining strict balance of occupancy rates
(o ~ 0) did not significantly improve solu-
tion quality. Indeed, Strategy #2 outperforms
Strategy #3 on the circuit placement prob-
lem despite having higher « values. Thus,
it 1s likely that other factors must be consid-
ered, as we note below. For example, in our
present experimental testbed solutions associ-
ated with cycle crossover can have higher prob-
ability of being selected as parents under pro-
portional selection, since they are likely to be
of higher quality than solutions generated by
other crossovers. In evaluating the influence
of each crossover in the population, one might
consider such parameters as the sum of solu-
tion fitnesses associated with each crossover,
extended genealogical histories, etc.

e In our experiments, better-performing combi-
nations of crossovers usually run longer than
inferior combinations. While it is unlikely that
the inferior combinations can find significantly
better solutions just by tightening the conver-
gence criteria (i.e., extending the number of
generations), a more careful comparison must
vary and normalize resource usage (e.g., by
tuning the number of generations and the pop-
ulation size).

Finally, we again emphasize that the crossovers
used in this paper represent only several tenta-
tive combinations, and that the choice of testbed
(VLSI placement, with hybrid-type GA) introduces
many experimental variables. It is not yet possi-
ble to conclude that the phenomena observed in
this paper hold more generally for other combina-
tions of different crossovers. We have recently com-
bined 2-point crossover and uniform crossover for
another combinatorial optimization problem (the
planar Euclidean traveling salesman problem), and
found that the combination always had perfor-
mance intermediate between those of the two un-
derlying crossovers no matter which of our adaptive
strategies was used. This is more consistent with
the results reported in [17], and clearly points out
the need for more detailed future investigations.
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