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Abstract

Evolutionary Algorithms (EAs) are a flexible and powerful search
technique that are frequently applied to a wide variety of prob-
lems. Much of their power comes from their ease of parallelization,
lending themselves well to a master-worker parallelization scheme.
When a synchronous (y, A)-style EA is parallelized and genome
evaluation time is not constant, worker processors may spend a
significant amount of time idle waiting for other genome evalua-
tions to complete. (y, A)-style EAs with a steady-state population
are frequently employed to avoid this idle time. There is an existing
body of work that suggests that, while this does reduce idle proces-
sor time, it may not lead to better solutions because of evaluation
time bias. In this work, results from a paper that demonstrate this
experimentally are fully reproduced from scratch. During this repli-
cation, the roles crossover and population initialization play in this
bias were uncovered. This is evaluated experimentally and moti-
vates a mitigation strategy, which is compared to other mitigation
strategies and is found to perform about as well as other strategies,
without modifying anything other than the way the population is
initialized. Moreover, a new open source library was developed in
order to facilitate these experiments and further investigations.
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1 Introduction

Evolutionary Algorithms (EA) are a flexible class of powerful search
techniques that have been successfully applied to practical problems
from a wide variety of domains. This flexibility also extends to their
ability to take advantage of available hardware: EAs that are domi-
nated by genome evaluation times can be parallelized trivially [2].
Parallelization can be done synchronously or asynchronously. In
a Synchronous Parallel EA (SPEA), a new generation can only be
generated after every member of the current generation has been
evaluated. The natural consequence of this is that a SPEA must wait
until the genome with the longest evaluation time finishes before
the next generation can be created, and in the case of heterogeneous
evaluation times this can lead to significant idle time and therefore
a drop in efficiency. For this reason the orthodox wisdom is that
an Asynchronous Parallel EA (APEA) should instead be employed
when faced with variable genome evaluation times as such algo-
rithms can effectively utilize a massive number of processors with
minimal idle time.

APEAs higher efficiency for this class of problem compared to
SPEAs make them an appealing choice however there can be un-
intended side effects — APEAs have been shown to prematurely
converge to local minima that are relatively fast to evaluate [7, 10,
12, 14, 15]. It is not difficult to intuit this phenomena in mecha-
nistic terms: a fast-to-evaluate genome and its offspring will have
many more opportunities to proliferate than a comparatively slow
genome. Over time, this may make it difficult for slow-to-evaluate
solutions to compete and lead to significant wasted computation
on local minima that are fast-to-evaluate.

The problem of evaluation time bias has been observed since
at least 2011, when Yagoubi et al. presented a work in which the
authors compare a SPEA with an APEA on a set of benchmark
problems [16]. The authors found that artificially increasing the
evaluation time in desirable regions of the search space actually
improved the quality of the solutions found. They speculate that
this is because convergence is slowed down thus allowing for more
exploration of the search space. In a follow up work, Yagoubi et al.
observe the negative impact of evaluation time bias — experiments
with artificially heterogeneous evaluation times demonstrate that
the APEAs avoid costly regions of the Pareto Front due to their
high computational cost [15].

Rivers et al. [10] identify evaluation time bias as a form of parsi-
mony pressure that is intrinsic to asynchronous genetic algorithms.
Parsimony pressure is a technique used as a form of regularization
in genetic programming, ensuring solutions to not get too large [9].
Normally this is done explicitly, however the observed tendency of
some APEAs to prefer individuals with shorter evaluation time can
be interpreted as a form of parsimony pressure.
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Scott and De Jong [12-14] began a series of investigations into
the properties of APEAs by trying to answer several research ques-
tions, of particular interest to this work is the following: do APEAs
inherently favor faster evaluating individuals? The authors run
a straightforward experiment where an APEA was run on a flat
fitness landscape, where genomes simply contain a value represent-
ing their evaluation time. New genomes are always inserted into
the population as their fitness values are all identical, thus any vari-
ation in the aggregate genotype must be attributable to an implicit
bias innate to the asynchrony of the EA. The authors unexpect-
edly do not find any bias on a flat fitness landscape, which hints at
something they experimentally demonstrate in a subsequent work:
evaluation time bias is a systematic process that emerges from the
interplay of the fitness landscape and evaluation-time landscape.

This phenomenon has been demonstrated experimentally going
at least as far back as 2015 with a work by Scott and De Jong [12].
The authors employ a discrete event simulation to efficiently model
the behavior of APEAs with a variety of execution time topologies,
running many thousands of experiments to approximate the prob-
ability of premature convergence for a given fitness function and
corresponding execution time function. They find that the coinci-
dence of local extrema in the fitness landscape and in the evaluation
time landscape (i.e. how long it takes for a particular genome to be
evaluated) produce a bias towards or against the global minimum,
depending on whether the surrounding region is relatively slow or
fast to evaluate.

APEAs reduce idle time and can reduce the wall clock time
required for convergence, and this is the motivation for a few works
that aim to address this bias. The method proposed by Harada [7] in
2022 only requires adding a single additional parameter to genomes
to serve as a counter. The purpose of the counter is to ensure the
fitness landscape is searched in a more uniform manner, free of
evaluation time bias. Selected parent genomes are always those
who have the smallest counters, and during reproduction their
counters are incremented, and the child will have a counter equal
to the mean of its parent’s counters. This method was used with
an asynchronous parallel version of NSGA-III [3] on a variety of
benchmark functions and reduced the effect of the evaluation time
bias, ultimately leading to an overall faster runtime. Scott et al.
present an alternative method meant to avoid evaluation time bias
with the goal of avoiding excess computation [11]. The method is
quite simple: when selecting genomes for reproduction, genomes
that are still evaluating are eligible thus allowing slow-to-evaluate
genomes to propagate their genetic information earlier.

In this work, the methodology and experiments from Scott and
De Jong’s [12] 2015 paper demonstrating the existence of evaluation
time bias are replicated based only on the materials presented in
the original work. Their work did not include any source code,
therefore a novel discrete event simulation framework was created
specifically for this work. This new open source! framework is
written in modern C++ and was built to be extensible and fast,
allowing millions of APEAs runs to be simulated in mere seconds
when multithreaded. This new framework has been designed to be
easily extensible, allowing for different fitness functions, evaluation

IThe source code is available on GitHub: https://github.com/jkarns275/evo-sim
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time landscapes, genetic operators and even different EAs to be
plugged in with minimal effort.

Scott and De Jong’s original findings are largely validated, though
one of their figures could not be replicated. In the process of repli-
cating their work, these results are found to be sensitive to two
details that are not given much weight in the original work: (1) the
inclusion of crossover and (2) genome initialization. We find that
two-point crossover as described in the original work exacerbates
the bias and hinders exploration into slower to evaluate regions
of the search space. Genome initialization is also found to have a
controlling effect on convergence behavior, which is particularly
strong when crossover is disabled. This discovery is leveraged in a
second, novel set of experiments where the population initializa-
tion process is modified in order to begin asynchronous evolution
with a more diverse population. This method is experimentally
demonstrated to reduce evaluation time bias, and is compared to
the existing methods proposed by Harada [7] and Scott et al. [11].
Unlike those methods however, this approach does not modify the
manner in which genomes are selected for reproduction and only
modifies the initialization procedure.

The contributions of this work are re-enumerated as follows:

(1) A fast, extensible, and open-source discrete event simulation
framework purpose built for this work with modern C++ is
presented.

(2) The experimental methodology from Scott and De Jong’s
paper demonstrating the existence of evaluation time bias is
fully replicated and partially validates their original findings
in Section 3. One of their figures with confounding impli-
cations could not successfully be replicated, suggesting a
methodological issue in the original paper.

(3) In the process of replicating the original study, it was discov-
ered that crossover and genome initialization play significant
role in this bias. This is experimentally demonstrated in Sec-
tion 4.

(4) The findings from Section 4 motivate a novel evaluation time
bias mitigation technique, only requiring that population
initialization be modified slightly. Other methods to reduce
evaluation time bias are tested and compared to the one
proposed in this work in Section 5.

2 Asynchronous Parallel Evolutionary
Algorithms

Asynchronous Parallel Evolutionary Algorithms (APEAs) are usu-
ally contrasted with Synchronous Parallel Evolutionary Algorithms
(SPEAs) as they address one of their primary drawbacks. (y, A)-style
EAs can be parallelized using a master-worker model — each gener-
ation of A child genomes are evaluated in parallel on the worker
processors [1]. The master will collect evaluated children and wait
for all of them to complete during the synchronization step, which
is where potential idle time is introduced.

Work by Zavoianu et al. [17] provides supporting evidence for
this concern and conclude that an APEA is a better choice than an
SPEA in the case of high evaluation time variability. Their methods
however use randomly generated evaluation times rather than
relying on a consistent topology, meaning any evaluation time
biases may be masked.
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Algorithm 1 The Simple Asynchronous Evolutionary Algorithm
Modeled in this Work

function INITIALIZE_POPULATION(pop_size)
population «— 0
while |population| < pop_size do
if = node_available() then
wait()
end if
while node_available() do
send(random_genome())
end while
population «— populationU next_evaluated_genome()
end while
send(reproduce(population))
return population
end function
function siMpLE_APEA(pop_size, steps)
initialize_population(pop_size)
for i « 0 to steps do
evaluated_genome < next_evaluated_genome()
opponent «— select_one(population)
if better_than(evaluated_genome, opponent) then
population «— (population — opponent)
population «— population U evaluated_genome
end if
send(reproduce(population))
end for
end function

ASPEAs avoid this potentially costly synchronization step by
combining a (y, 1)-evolution strategy with a steady state population,
thus worker processors can immediately begin evaluating a new
child genome (ignoring EA-related overhead), while genomes are
continuously integrated into the population.

The “Simple Asynchronous EA” as described by Scott and De
Jong [12-14] in several of their works will be the model of an APEA
used in this work. Algorithm 1 provides pseudocode for this model,
and is largely copied verbatim.

The algorithm begins by asynchronously initializing the pop-
ulation, where the master sends random genomes to workers for
evaluation and places evaluated individuals into the population.
In Section 4, the effect of this initialization strategy is explored —
asynchronously initializing the population may start the search off
with an already biased population, exacerbating the problem.

Next, the algorithm evaluates steps genomes asynchronously.
Worker processors will evaluate genomes and send the results to
the master. When an evaluated genome is received by the master,
it will be inserted into the population, and a new individual will be
generated via reproduction and sent to the idle worker processor.
Assuming the overhead of selection, reproduction, and communi-
cation are proportionally low to genome evaluation, this algorithm
will minimize idle time of its processors.

2.1 Discrete Event Simulation Framework

Running actual evolutionary algorithms in order to understand their
behaviors can be quite costly, particularly when the experiments
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involve a fitness function that has high evaluation time variability.
For this reason, Scott and De Jong [12-14] implement Algorithm 1
in the form of a discrete event simulation in their series of articles
related to evaluation time bias.

For this work, a novel discrete event simulation framework was
implemented - a link to the source can be found in the footnotes.
The framework is written in C++ and is written to execute experi-
ments in parallel — each experiment requires that many thousands
of independent simulations are run, which is trivial to parallelize
using multithreading. Implementing the simple APEA outlined in
Algorithm 1 hinges primarily on a min-priority queue to allow
fast transitioning between each simulated genome evaluation, and
requires that an evaluation time function #(x) is specified. This
evaluation time function will share the same domain as the fitness
function and will be used to compute the simulated finish time
of each genome (this will be the simulation’s current time added
to t(x)). This finish time is what the priority queue uses to sort
its values, making it fast to instantly jump to the next completed
genome evaluation.

3 Replication Study
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Figure 1: Genomes evaluation time spans plotted by their
birth step. The horizontal bars plat the start and end time of
genome evaluation.

In this Section, Scott and De Jong’s [12] work is replicated and
the two hypotheses they present in their 2015 work are affirmed,
though one of their figures with confounding implications could
not be replicated successfully. The four figures included in their
paper are replicated, although Figure 4 shows different results than
were found in the original work.

They begin their work with a figure visualizing the manifesta-
tion of evaluation time bias in the form of a sequence of fitness
evaluation durations, replicated here in Figure 1. The key is that
in the time it takes to evaluate one slow genome (shown with the
vertical red lines) many generations of advancement for the fast to
evaluate genomes take place.
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3.1 Methodology

The authors [12] propose four hypotheses pertaining to evaluation
time bias, and they are made with respect to a simple function which
they then test with their discrete event simulation framework. The
function represents a simple topology with two basins of attraction
each of which has a corresponding parameter A,B € R which
roughly equate to depths. The function is as follows for an N-
dimensional vector x [12]:

fa(x) = max(|Al, |B|)

N
1
-A eXP(—ﬁ Z(xi -20)%)
i=1

N
1 2
-B exp(—ﬁ ;(x,- +20)%)

This function will be referred to as the f4 g in this work. The
two extrema of the function will be located at (20,...,20) and
(—20,...,—20) for some value of o (not specified in the original
work), where their depths are given by A and B respectively. These
extrema will be referred to as Ag and Bg. The function f4 g will
always have a constant evaluation time, therefore to modify the
behavior of the discrete event simulation a time function #(x) must
be specified. With this in mind, they make the following hypotheses
regarding the behavior of APEAs [12]:

HypotHgsis 1a (H1a). On the fitness function f, g with A = B,
an APEA will converge to either optimum with equal probability
if individual evaluation times are constant (t(x) = 1) or directly

proportional to fitness (t(x) o fy g(x)).

HypotHEsts 1B (H1B). If solutions in one basin have shorter eval-
uation times than in the other basin (e.g. t(x) o« f, _g(x)), the APEA
will be biased toward the fast-evaluating basin.

Convergence to Ap can be thought of as a random variable R
which follows a binomial distribution for some proportion param-
eter r, i.e. P(R = 1) = r. Each simulation on f4 g can be thought
of as drawing a sample from this distribution, thus the true value
of r can be directly estimated by running numerous experiments
and computing the proportion of them which converge to Ag. The
authors provide the following convergence criteria for each run
given the best found genome x, yielding random variable R; [12]:

)1 if [lx=Aoll <7
"“lo if |lx-Boll <~
For some small value of 7, although an exact ¢ value was not
provided. This function is undefined for all x that are not within
the n-sphere with radius 7 centered around either Ag or By. For this
reason, an alternative convergence criteria is used:

1 if  lx = Aoll < |lx = Boll
R; =
0 else

A sample of P(R = 1) is simply a run of the APEA simulation,
and using the definition of R; (the ith sample from P(R = 1)) above
the proportion parameter r can be estimated with I% Zf(zl R; for
some large number of experiments K. Experiments done in this
manner also have a 95% confidence interval computed using the
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Wilson method in the original work and the experiments done in
this work.

In order to test Hypotheses 1a and 1b, the authors approximate
P(R = 1;t(x)) (probability that R = 1 with time function t(x)) with
5,000 simulations with fitness function f4 g with A = B for three
different time functions #(x):

(1) P(R = 1;1), constant evaluation time.

(2) P(R = 1;f4 ), evaluation time that is directly correlated
with fitness.

(3) P(R = 1;f4 _p), evaluation time that is slower for one of the
basins — By in this case.

In the instance of the “Simple Asynchronous EA” [12] used in
their study, child genomes are produced using two-point crossover,
and Gaussian mutation is applied to each gene with probability
ﬁ, modified genes are offset by a value sampled from N (0.0, 0.25).
Genomes are inserted into the population using random survival
selection, and parent genomes are selected using stochastic tour-
nament selection of size 2. In each experiment, the population size
is 10 and the number of simulated worker processors is 10 (i.e. the
size of the priority queue). The dimensionality of the genomes is
not specified, although it can be inferred it must be greater than 2
to allow for two-point crossover and less than 30 at which point
the algorithm fails to converge after the specified 1,000 iterations.
Genomes parameters are all bound within the range of [-10, 10].

The replication experiments copy all algorithms, methods, and
experimental parameters exactly as described above based on the
original work, unless otherwise specified. An additional experiment
is run in this work to compute P(R = 1;f_4 p). As no dimension-
ality was specified, 10 is selected is it fits the criteria specified in
the paper of being small enough so that “all [K] runs converged”
in 1,000 steps. In this work the number of simulations run, K, is
raised to 1,000,000 rather than using 5,000 — this makes for a re-
duced margin of error and can be done in a timely fashion with
our newly introduced discrete event simulation framework. The
number of simulations is sufficient such that the 95% confidence in-
terval computed for each experiment is quite small in most figures,
consistently under 0.1%. No values for A and B were specified in the
original work, just their ratios, so 10 is selected for both A and B in
this first set of experiments. The manner in which genomes are ran-
domly generated during the initialization phase of the simulation
is not specified by Scott and De Jong, however experimentation
pointed towards genomes being initialized with Gaussian noise
from N(0,1) so it is used here.

Regardless of whether experiments confirm or deny Hypotheses
la and 1b, by themselves the implications are not particularly seri-
ous as they deal with a fitness landscape that contains two equal
minima. Scott and De Jong [12] propose the following hypotheses
regarding a fitness landscape with two local minima and a unique
global minimum:

HypoTHEsIs 2a (H2A). Let A, B € R with A < B. An asynchronous
EA using the fitness function f, g will prematurely converge to local
minimum Ag using a constant time function with probability P(R =
1;1) (read as “the probability that R = 1 given t(x) = 1”) equal to
P(R=1;fyp)-

HypoTHEsIs 2B (H2B). If Ag has faster evaluation than basin B
(e.g- t(x) = fu _p(x)), an asynchronous EA will converge prematurely
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to Ao with probability P(R = 1;f, _p) such that P(R = 1;f, _p) >
P(R=1;1).

HypotHEsIs 2c (H2c). If basin A has slower evaluation than basin
B (t(x) = f_4 g(x), an asynchronous EA will converge prematurely
to A with probability P(R = 1;f_ 4 g) such that P(R = 1;f_ 4 g) <
P(R=1;1).

The same set of fitness functions are again tested using the
previously described methodology with A = 10 and B = 1.5A = 15.
Again, only the ratio for A and B was supplied in the original work
rather than specific values.

The last set of experiments Scott and De Jong describe is one
where simulations are run with a flat fitness landscape (i.e. f(x) = 1)
and a heterogeneous time function - specifically t(x) = f4 _p(x).
They run 5,000 simulations for 100 steps using a 2-dimensional
genome (two-point crossover must be disabled in this case). At
the end of each simulation, a random member of the population is
selected and logged. These genomes are placed onto a scatter plot,
and their results essentially resemble a bimodal distribution, with
both A and By exhibiting attractive forces. 5,000 simulations are
run for 100 steps to generate Figure 4.

A logical deduction can be made that this experiment should
yield random noise equal to the distribution used to initialize the
population, as no child genome will ever be better than its parent,
and therefore should never be inserted according to our survival
selection (illustrated in Algorithm 1).

All experiments in this work were run on a MacBook Pro with an
Apple M3 Max CPU (10 performance cores and 4 efficiency cores)
and 36 GB of RAM, running MacOS Sequoia 15.1.1. The 1,000,000
simulations run per experiment were run in parallel on 10 separate
threads. Note that no hardware specifications were given in the
original work.

3.2 Results
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Figure 2: The probability of converging to Ay (i.e. P(R = 1))
when A = B with different time functions.

The experiments testing Hypotheses 1a and 1b are shown in
Figure 2. The figure shows P(R = 1;1) and P(R = 1;f4 g) to both be

GECCO ’25, July 14-18, 2025, Malaga, Spain

equal to 50%, validating Hypothesis 1a. Hypothesis 1b is validated
as well as both P(R = 1;1) and P(R = 1;f4 ) are less than P(R =
1;f4,—B). These results correspond perfectly with those presented
by Scott and De Jong - both in their implications and exact values
(though the confidence intervals in the original work were larger,
about +2.5%) [12]. An additional time function was tested for this
work as well, providing additional evidence for Hypothesis 1b as
P(R = 1;f_4 p) is less than both P(R = 1;1) and P(R = 1;f4 ).

p(R = 1) with B = 1.5A
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Figure 3: The probability of converging to A (i.e. P(R = 1))
when 1.5A = B with different time functions.

Figure 3 shows experiments run to test Hypotheses 2a, 2b, and
2c. The value P(R = 1;1) hypothesized in 2a is shown to be about
38%. One might also deduce from Hypothesis 1a that P(R = 1;f4 )
is also around 38%, which is roughly true, although it is slightly
smaller.

The experimentally derived value for P(R = 1;f4 _g) is shown
to be approximately 60% and greater than P(R = 1;1), validating
Hypothesis 2b. Similarly, the computed value for P(R = 1;f_4 ) is
shown to be approximately 17% and less than P(R = 1; 1), validating
Hypothesis 2c.

While the conclusions made regarding Hypotheses 2a, 2b, and
2c match those made by Scott and De Jong, their experimental
results using a flat fitness landscape could not be replicated. In the
methodology (Section 3.1) it is logically deduced that no genomes
should ever be inserted according to the survival selection criteria
in Algorithm 1, thus the scatter plot should simply be spherical
Gaussian noise. The attempt at replication is shown in Figure 4,
which appears to show Gaussian noise.

All care to accurately copy the methodology from the original
work was given, however there may be an important detail about
the experiment that was missing from the original work thus pre-
venting accurate replication. Still, the original findings were quite
confounding: the points were shown to be drawn to both the fast
and slow basin of attraction [12]. The results obtained in this work
however are still confounding and suggest the mechanistic intuition
behind evaluation time bias does not tell the whole story, and that
selection plays a key role in the manifestation of the bias.
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Figure 4: A scatter plot of random genomes at the end of
5,000 runs of the simulated APEA.

4 Role of Crossover and Population
Initialization

In the previous Section, replicated results were presented that pro-
vide some basic insight into how APEAs with heterogeneous eval-
uation times behave with a simple example function. Scott and De
Jong’s original work did not specify the exact method by which
genomes created during the initialization phase of their Algorithm
(the “random_genome” function in Algorithm 1)[12]. While repli-
cating their work, the finding that genome initialization plays a
significant role in the magnitude of the measured bias was discov-
ered. Crossover also appears to play a significant role in exacerbat-
ing evaluation time bias, contrary to the assumption made by the
original authors in another related work [14].

In this section, a set of experiments are run to demonstrate the
role of crossover and population initialization in evaluation time
bias. These findings motivate a mitigation technique laid out in
Section 5, which is compared to various mitigation techniques that
exist in literature.

4.1 Methodology

In order to demonstrate the relationship between initialization, dis-
tribution and evaluation time bias, the distribution used to initially
generate genomes is made increasingly diffuse by increasing the
variance of the 0-centered Gaussian distribution used to generate
the genomes. In other words, new genomes are generated by taking
N-samples from N (0, o) for an N dimensional genome:

G=|.|, gi~N(,6% fori=1,2...,N

9In
The same algorithm and experimental parameters are used as in
Section 3.1, except the initialization method used when generating
the initial population. A grid search is done on the variance starting
at 0 up through 14 - note that a variance of 0 will simply yield a
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population of genomes all located at the origin. One experiment is
done with crossover enabled, and another done with crossover dis-
abled. The time function for these experiments is t(x) = f4 _p(x),
and is done for both pairs of (A, B) values (10, 10) and (10, 15).

4.2 Results

Convergence Probability vs. Initialization Radius; A = B

75+
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651

P(R=1)

60+

551

Figure 5: A plot summarizing the relationship between vari-
ance (02) and the probability of converging to Ay P(R = 1)
when A =B and t(x) =f4 _p.

Figure 5 and Figure 6 summarize the results. With A = B in
Figure 5 the results for ¢ = 1 match those in Section 3.2, with a
higher convergence rate to Ay than By stemming from the eval-
uation time function. It can be observed that this bias dissipates
as o? increases, dropping precipitously in the experiments that
neglect to use crossover. This suggests two things: (1) the inclusion
of crossover can exacerbate evaluation time bias and (2) initial pop-
ulations that cover more of the search space are less prone to this
bias.

The modulating effect of 6 shown in Figure 5 is not seen nearly
as dramatically in Figure 6. Crossover does again appear to exacer-
bate the algorithms preferences for the faster to evaluate basin Ay,
as the faulty preference for Ay is notably lower when crossover is
not used. With a o2 value of 0 the bias is markedly reduced in both
cases — a wider initialization radius can both help the EA avoid
evaluation time bias as seen in Figure 5 or exacerbate it as seen
here.

The effect is quite subtle in the experiments utilizing crossover,
suggesting that the exploitative power of crossover can contribute
to evaluation time bias arising. The EA used for this study is simple
as is the fitness landscape, making its two-point crossover relatively
powerful which may be why the effect is dramatic.

5 Addressing Evaluation Time Bias

In the previous section a relationship between premature conver-
gence to Ay and the population initialization distribution was un-
covered. This suggests that, in some cases, a larger initialization
distribution can mitigate evaluation time bias. In most practical
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Figure 6: A plot summarizing the relationship between vari-
ance (0?) and the probability of converging to Ag P(R = 1)
when 1.5A =B and t(x) = f4 _p.

applications, this is not as easy as modifying o when sampling ran-
dom noise — APEAs that exhibit this problem often have complex
genotypes that may represent an unbounded search space. In such
cases, uniform initialization is not possible, however it is possible
to initialize the population without inducing evaluation time bias.

Algorithm 1 describes the simple EA being studied in this work,
and a key feature of it is that it initializes the population with
random generation and asynchronous evaluation - this asynchrony
may induce evaluation time bias from the very beginning and hinder
a more uniform initialization. For this reason, a new mitigation
strategy is proposed: simply evaluating the initial population of
genomes synchronously. The proposed changes to the initialization
procedure are highlighted in Algorithm 2.

The significance of the proposed method mostly stems from
its simplicity — it only requires a small number of genomes to be
evaluated synchronously at the beginning of the algorithm whereas
other methods to be described later on fundamentally effect the way
genomes are selected for reproduction. This method will be referred
to as GEN as it modifies the initial generation of the population.

Algorithm 2 Proposed synchronous initialization procedure to
APEAs, as opposed to the asynchronous initialization seen in Algo-
rithm 1. The serial genome evaluations could be parallelized.

function INITIALIZE_POPULATION(pop_size)
population « 0
> Synchronously evaluate genomes to fill the population.
for i < 0 to pop_size do
population « populationU evaluate(random_genome())
end for
np « get_number_worker_processors()
for i < 0to np do
send_to_worker(i, reproduce(population))
end for
return population
end function
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Two other mitigation techniques have been proposed in litera-
ture, both of which are elegant and require minimal modification to
the APEA. First is a method proposed by Harada, in which a counter
is added to genomes which counts how many times that genome
has passed along its genetic material via crossover [7], referred to
as CNT in this work. When a child genome is created, its parents
have their counters incremented and then the child’s counter is
set to the average of the parents counters. These counters are used
when selecting genome for reproduction: the genomes with the
lowest counters are always selected for reproduction, thus avoiding
a situation where only the fast to evaluate regions of the fitness
landscape are explored.

The second method is proposed by Scott et al. and is called
SWEET: “Selection whilE EvaluaTing” [11], and is shortened to
SWT in this work. The motivation behind the method is to mitigate
excess evaluation of fast to evaluate regions of the fitness landscape
and thus avoid excess computation. It is fairly straight forward:
the method simply allows genomes to be selected for reproduction
before they have finished evaluation. In the case of the simple APEA
shown in Algorithm 1, the “reproduce” function must be modified
to take an additional parameter representing the set of genomes
that are currently being evaluated.

Section 5.1 described the methodology with which these mitiga-
tion techniques are tested, and Section 5.2 summarizes the results.

5.1 Methodology

The methodology from Section 3.1 is used but modified to test
the three mitigation strategies: (1) SWEET [11] (2) Harada’s count-
ing method [7] and (3) the proposed synchronous initial genome
generation method described previously.

Each of the of these three strategies as well as a control are tested
on the same set of four time functions from Section 3.1, and this is
done for 5 pairs of (A, B) value which each increase the disparity
between the time function and fitness landscape. The values used
for (A, B) are (10, 10), (10, 15), (10, 20), (10, 25), and (10, 30).

5.2 Results

The results from all experiments are summarized in Figure 7. In
each subplot, the middle two bars effectively act as a control —
demonstrating the behavior of the algorithm with either a constant
time function or a time function that corresponds one-to-one with
fitness, revealing convergence behavior with no evaluation time
bias as per Hypothesis 1a and 2a.

Each mitigation technique in has a clear effect compared to the
control experiments, although SWT and GEN appear to increase
P(R = 1;1) and P(R = 1;f4 p) indicating an increase in conver-
gence to local minima Ay, however this may also indicate wasted
computation around the fast to evaluate local minima. This holds
for every pair of (A, B) except for the first column (10, 10). For CNT,
these values are consistently identical to the control row indicating
the strategy is effectively neutral in the case where there is no
evaluation time bias.

6 Discussion

In this work the work of Scott and De Jong demonstrating the
existence of evaluation time bias is fully replicated from scratch and
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Figure 7: Matrix of bar-plots showing the probability of converging to Ay under varying conditions. Each row corresponds to a

different permutation of mitigation techniques, and each column contains a different pair of A and B values.

experiments demonstrating the key Hypotheses made in the paper
are confirmed, though one of the figures could not be replicated [12].
This figure was somewhat confounding however, suggesting there
may have been a problem in (1) the experimental setup as described
in the paper or (2) a misconfiguration in the experiments run to
obtain the data. This work is seminal in the field as it demonstrates
in a direct manner the existence of evaluation time bias using a
generic and extensible experimental framework.

A novel and open source discrete event simulation framework
was purpose built with C++ for this replication experiment, and was
further leveraged in two additional sets of experiments. First is a
set of experiments which sought to highlight the role crossover and
population initialization play in evaluation time bias, and they show
that crossover plays an exacerbating role in the bias and population
initialization can contextually push the bias in either direction. Sec-
ond, the findings from the previous section were roughly translated
into a mitigation technique: simply evaluating the initial genera-
tion synchronously should at the very least mitigate evaluation
time bias induced by the asynchronous population initialization
used in Algorithm 1. The direct comparison of existing mitigation
techniques is, to the best of the authors’ knowledge, a novel contri-
bution. Moreover, these experiments serve a further purpose as a
replication study for the methods of Harada [7] and Scott et al. [11].

The common thread among all of these techniques is they en-
sure the fitness landscape is searched in a more uniform manner,
although the exact means by which they do so are unique. They all
achieve somewhat similar performance on the objective function
fa,B(x), creating a strong motivation for a future work in which

these mitigation techniques are tested directly against one another
on a variety of more complex benchmarking functions and poten-
tially several types of APEA (e.g. differential evolution, CMA-ES).
Our newly provided simulation framework will easily enable this
future work, as well as facilitate future research into this phenome-

non.

6.1 Limitations

While the head-to-head comparison of these methods is novel and
can inform the design of APEAs, this study leaves room for future
work in comparing these search strategies on a more complex set of
fitness and time landscapes that model real-world problems or be
directly applied to such problems. In general, the fitness landscape
used in most of the experiments in this work was originally selected
by Scott and De Jong to highlight the problem of evaluation time
bias [12]. The problem therefore may arise in more complex and
non-linear ways than this work may represent. Additionally, the
EA used in this work is fairly simple, and findings may be differ-
ent if more advanced EAs are used, e.g., CMA-ES [5], differential
evolution [4], or particle swarm optimization [8], among others.
Some groundwork in understanding the evolutionary dynamics
surrounding evaluation time bias has been done by Harada in other
works, as well as Scott et al. [6, 7, 11]. The analysis tools presented
in these works can be leveraged to robustly analyze the head-to-
head performance of the various evaluation time bias mitigation
strategies that exist, and hopefully provide practitioners with an

intuition as to which technique is best suited to their problem.
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