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ABSTRACT
Parallelization of fitness evaluation is an established practice
in evolutionary computation, and is a necessity in applica-
tions where fitness functions are computationally expensive.
Traditional master-slave EAs based on a synchronous, gen-
erational model incur idle time when there is variance in the
time it takes for individuals to have their fitness evaluated.
Asynchronous evolutionary algorithms based on a steady-
state model can make more efficient use of parallelization
by eliminating idle time and reclaiming CPU resources. It is
believed, however, that asynchronous EAs are biased toward
regions of the search space where solutions take less time to
evaluate, and away from regions where fitnesses evaluation
is expensive. We show experimentally that asynchronous
EAs do indeed exhibit an evaluation-time bias. This bias
can either cause or prevent premature convergence. We also
show, however, that on a flat fitness landscape, the asyn-
chronous EA is attracted to both fast and slow regions of
the search space, and away from medium-speed solutions.
This indicates that further work is needed to understand
the implications that asynchrony has for EA applications.

Categories and Subject Descriptors
I.2 [Computing Methdologies]: ARTIFICIAL INTELLI-
GENCE—Problem Solving, Control Methods, and Search
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1. INTRODUCTION
Asynchronous master-slave EAs are a class of parallel evo-

lutionary algorithms that are based on a (µ+1)-style steady-
state model of evolution. The chief practical advantage of
asynchronous EAs is that in applications where the com-
putational cost of running an EA is dominated by fitness
evaluation, asynchronous EAs can leverage an unbounded
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number of processors for fitness evaluation with a nearly
100% utilization rate. By contrast, traditional master-slave
EAs, which are based on a generational, (µ, λ)-style model,
may leave a substantial fraction of CPU resources idle when
there is variance in the time it takes to evaluate individuals
[4, 7].

Asynchronous EAs are thus an attractive tool when fit-
ness evaluation times are long and variable. These condi-
tions are especially likely to occur when solving design or
optimization problems that involve executing an expensive
stochastic simulation – a class of applications that has been
growing in popularity in recent years. Examples include tun-
ing the parameters of a complex scientific model to minimize
the error between its predictions and real-world data, and
evolving the shape of a mechanical part to maximize the
performance of a simulated engine (ex. [5]). Efficient paral-
lelization is necessary in such applications, as a single fitness
evaluation may take on the order of minutes or even hours
to complete. Under the right conditions, asynchronous EAs
can facilitate a significant reduction in the amount of time it
takes to solve a problem. Churchhill et al., for example, ap-
ply an asynchronous EA to a multi-objective tool-sequence
optimization problem for automatic milling machine simu-
lations [3]. The asynchronous method solved the problem
just as well as a competing generational EA, but required
30-50% less wall-clock time.

By eliminating idle CPU resources, using an asynchronous
EA on these tasks ensures that we have maximized our paral-
lelization efficiency in terms of the number of individuals we
can evaluate per unit time. The algorithm’s search behavior,
however, differs from the generational EA in a poorly under-
stood and problem-specific way. The distribution of individ-
ual evaluation times in the population, the relationship (if
any) between evaluation time and fitness, and the number
of slave processors available all affect the search trajectory
of an asynchronous EA. It is not clear when this behav-
ior may help or hinder the algorithms’ ability to find good
solutions quickly, and the complex dynamics of the asyn-
chronous model make it difficult to answer such questions
analytically.

In particular, practitioners often fear that the search tra-
jectory of an asynchronous EA may be biased toward fast-
evaluating regions of the search space and away from solu-
tions that take a longer time to evaluate. Yagoubi et al.
mention that an asynchronous EA was indeed slower in dis-
covering solutions to a multi-objective problem that were
located in a region of the search space that was artificially
configured to have longer evaluation times than the rest of



the landscape [6]. In another experiment, they found that
penalizing high-quality solutions by giving them long eval-
uation times actually improved performance by helping to
prevent premature convergence on a test problem. However,
we previously found no statistically significant evidence of a
bias toward fast or slow regions in an experiment on a flat
fitness landscape [4], indicating that under some conditions
evaluation-time bias may be small or negligible.

This paper helps make sense of these results by investi-
gating the question of evaluation-time bias more closely on
artificial problems. We use a discrete-event simulation of
an asynchronous evolutionary algorithm to show that asyn-
chronous EAs do indeed have a systematic bias toward fast
solutions and away from slow ones while solving an illustra-
tive optimization problem. Additionally, however, we show
that in the absence of a fitness gradient, the asynchronous
EA is attracted to both fast-evaluating regions of the search
space and slow regions of the search space, and moves away
from medium-speed regions.

2. THE SIMPLE ASYNCHRONOUS EA
Master-slave parallelization is most commonly achieved by

using a (µ, λ)-style EA, where the entire population of λ chil-
dren have their fitnesses evaluated in parallel by a number
of slave processors [2]. These algorithms then synchronize
by waiting for all the fitness evaluations to complete before
proceeding to the next generation.

When the time it takes to evaluate each individual is con-
stant and much greater than any other EA overhead (such
as reproductive operators or network communication), the
synchronous master-slave model keeps all the available CPU
resources completely utilized. Since the algorithm waits for
every individual in the population to finish evaluating, how-
ever, all it takes is one unusually slow individual to cause a
significant fraction of CPU resources to lay idle while wait-
ing for the next generation. The precise fraction of resources
that are left idle depends on the distribution of evaluation
times in the population, which may change in a complex way
as evolution proceeds [4].

Asynchronous master-slave EAs eliminate this source of
idle time by using a steady-state evolutionary model. In-
dividuals are integrated into the population one-at-a-time
immediately after their fitness has been evaluated, and a
new individual is generated to take its place on the freed
up CPU resource, without waiting on anything else. When
the cost of fitness evaluation dwarfs all other overhead, an
asynchronous master-slave EA has a 100% utilization rate.

Algorithm 1 details the asynchronous evolutionary al-
gorithm we study in this paper from the perspective of
the master processor. The first loop initializes the pop-
ulation by sending randomly generated individuals to a
free node for evaluation (send()). We then breed one
individual from the population and send it off for eval-
uation to fill the free node (breedOne() represents both
parent selection and reproductive operators). Evolution
then proceeds in the for loop, which waits for an individ-
ual to complete evaluating and thus free up a slave pro-
cessor (nextEvaluatedIndividual()). Each newly evalu-
ated individual competes against an individual chosen by
selectOne() for a place in the population. Finally, a new
individual is generated and sent off to fill the free slave node,
and the cycle continues. This description of the algorithm
leaves a number of design decisions up to the practitioner.

Algorithm 1 The Simple Asynchronous EA

1: function AsynchronousEvolution(n, steps)
2: P ← ∅
3: while |P | < n do
4: if ¬nodeAvailable() then
5: wait()

6: while nodeAvailable() do
7: ind← randomIndividual()
8: send(ind)

9: finishedInd← nextEvaluatedIndividual()
10: P ← P ∪ {finishedInd}
11: newInd← breedOne(P )
12: send(newInd)
13: for i← 0 to steps do
14: finishedInd← nextEvaluatedIndividual()
15: replaceInd← selectOne(P )
16: if betterThan(finishedInd, replaceInd) then
17: P ← (P − replaceInd) ∪ finishedInd

18: newInd← breedOne(P )
19: send(newInd)

We use tournament selection of size 2 to select parents in
breedOne(), and we use random selection for survival selec-
tion (selectOne()).

Since we are interested in the case where fitness evaluation
dwarfs other EA overhead, experiments with asynchronous
EAs can be quite time consuming to run if we wish to obtain
statistically significant results. To facilitate doing a large
number of runs on artificial problems as well as complete
control over the experimental conditions, we implemented
Algorithm 1 via a discrete-event simulation, in which each
individual is assigned an evaluation time from an evaluation-
time function that is defined as part of the experiment. A
priority queue is used to instantly jump to the next com-
pleted evaluation event when nextEvaluatedIndividual()

is called.
The experiments in this paper are conducted on simple

real-valued optimization problems. We represent solutions
as vectors in Rn, and breed single children by applying two-
point crossover to the parents and discarding one of the re-
sults. We also apply Gaussian mutation with hard bounds
and a standard deviation of 0.5, mutating each gene indi-
vidually with probability 1/n.

The reason that we anticipate an evaluation-time bias in
the asynchronous EA is that, while an individual with a
long evaluation time is being executed on one processor, the
other processors might evaluate a large number of faster in-
dividuals. An example of this is shown in Figure 1, which
shows the sequence of evaluation times for 100 steps of an
asynchronous EA simulation as it solves a paraboloid func-
tion. The dashed lines emphasize the times that an indi-
vidual with a particularly long evaluation begins and ends.
Because the algorithm is operating with simulated evalua-
tion times, only the relative differences in evaluation times
matter, and we show time in arbitrary units. By the time
the single long-evaluating individual completes, more than
50 individuals have completed evaluation and had a chance
to compete for a place in the population. This would ap-
pear to put long-evaluating individuals at a disadvantage,
since in some cases fast individuals have more opportunity
to reproduce.
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Figure 1: A sequence of fitness evaluation durations
in an asynchronous EA. Many fast individuals may
complete and enter the population in the time it
takes for one slow individual to evaluate.

3. RESULTS
To demonstrate that asynchronous EAs are biased toward

fast-evaluating individuals, we focus on a simple objective
function that has two Gaussian basins of attraction centered
on local minima A0 and B0:

fa,b(~x) = max(|a|, |b|)

− a exp

(
− 1

2σ2

∑
(xi − 2σ)2

)
− b exp

(
− 1

2σ2

∑
(xi + 2σ)2

)
.

(1)

We set σ = 2.5 and use bounds of (−10, 10) when initializing
and mutating each gene. In addition to the fitness function,
let t(~x) denote the evaluation time of each individual
~x ∈ Rn. When the depth parameters a and b are equal, the
two basins are identical from a fitness perspective. In this
case, we anticipate the following:

Hypothesis 1a: On the fitness function fa,b with a =
b, an asynchronous EA will converge to either optimum
with equal probability if individual evaluation times are
constant (t(~x) = 1) or directly proportional to fitness
(t(~x) = fa,b(~x)).

Hypothesis 1b: If solutions in one basin have
shorter evaluation-times than the other basin, however
(namely, t(~x) = fa,−b(~x)), the EA will be biased to-
ward the fast-evaluating basin.

For each of the three choices of t(~x) in Hypothesis 1, we
ran N = 5, 000 independent runs of the asynchronous EA
out to 1,000 steps, long enough so that all N runs converged.
The population size is 10 and we use 10 simulated slave
processors. The result of each run can be represented by
the random variable

Ri =

{
1 if ‖~x′ −A0‖ ≤ τ
0 if ‖~x′ −B0‖ ≤ τ , (2)
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Figure 2: The fraction of runs that converge on op-
timum A0 under three different evaluation-time con-
ditions, supporting Hypothesis 1.

where ~x′ is the best individual discovered in the run, A0

and B0 are the locations of the two optima, and τ is a small
number that serves as a convergence threshold. Now, the
number of runs that converge to basin A is

∑N
i=1Ri, which

follows a binomial distribution with proportion parameter
p equal to P (R = 1). We use the Wilson method [1] to
compute 95% confidence intervals around p .

The results confirm Hypothesis 1, showing that there is
a substantial bias toward optimum A0 when basin A has
fast evaluation times and basin B has slow evaluation times
(see Figure 2). This result serves as a clear demonstration
that evaluation-time bias does indeed occur in asynchronous
EAs.

Now, a more realistic concern is how evaluation-time
bias affects the chance of premature convergence. Building
on the intuition that the algorithm is biased away from
slow-evaluating regions of the space, we form the following
additional prediction:

Hypothesis 2a: On the fitness function fa,b, set b > a,
so that B0 is the unique global optimum. When evalua-
tion time is constant (t(~x) = 1), the asynchronous EA
will converge prematurely to optimum A0 with some
probability p.

Hypothesis 2b: When basin A has faster eval-
times than basin B (t(~x) = fa,−b(~x)), the algorithm
will converge prematurely to A0 with a probability
greater than p.

Hypothesis 2c: When basin A has slower eval-
times than basin B (t(~x) = f−a,b(~x)), the algorithm
will converge prematurely to A0 with a probability less
than p.

We tested this by setting b = 1.5a and running exper-
iments similar to the above. Figure 3 shows the results.
When evaluation-times are constant, about 16% of the runs
converge prematurely. When the local optimum is faster,
the premature convergence rate rises to 27%, while it drops
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Figure 3: The fraction of runs that converge prema-
turely to A0 when B0 has better fitness.

to 11% when the global optimum is faster and the local op-
timum is slow, confirming all three parts of Hypothesis 2.
All the differences are statistically significant at p < 0.05.

These results are consistent with the simple intuition that
asynchronous EAs prefer fast solutions and avoid slow ones.
The truth is not quite that simple, however. This can be
seen by setting t(~x) = fa,−b(~x), so that basin A is fast and
B is slow, and running the asynchronous EA on a flat fitness
landscape, so that the search trajectory is determined solely
by evaluation time bias. Figure 4 is a scatterplot of search
points that result from 5,000 runs of the asynchronous EA
with this configuration. The runs are carried out to 100
steps, and the each point shows a random individual from
the final population. In the absence of a fitness gradient,
we might expect the algorithm to wander toward the fast
optimum. In fact, however, we see that search points cluster
heavily around both the fast and slow regions, indicating
that sometimes the algorithm prefers to move toward slow
regions.

4. CONCLUSION
We have confirmed on a simple test problem that there

exist cases where asynchronous evolutionary algorithms are
biased toward regions of the search space that have faster
evaluation times. Such an evaluation-time bias may cause or
help prevent premature convergence, depending on the rela-
tionship between individual evaluation-times and the fitness
landscape.

The dynamics that lead to the evaluation-time bias are
complex, however, as we observe evidence that the EA is
attracted to both fast and slow regions of the search space
on a flat fitness landscape, and away from medium-speed
regions. Further study is needed if we wish to understand
the cause of this behavior and its practical implications.

In [4], we observed no evaluation time bias on a flat fitness
landscape when evaluation time was defined by a binary gene
that could take one of two values, fast or slow. That exper-
iment was simpler than the one we present here and had a
smaller number of runs, and may not have been rich enough
for an evaluation-time bias to occur or to be detected.
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Figure 4: Solutions returned from independent runs
on a flat fitness landscape. In the absence of a fitness
gradient, the asynchronous EA is attracted to both
the fast and slow regions of the space.
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