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Abstract—We present an analysis of user fatigue mitigation
techniques in interactive genetic algorithms (IGAs). A user guides
the evolutionary process by picking every t generations the
solution the user likes best out of a small subset selected from a
large population size. We explore how the selection of individuals
from the population to be displayed to the user for subjective
evaluation affects the convergence of the IGA. We show that
we can reduce the number of evaluations performed by a user
with our evaluation technique by tenfold compared to a standard
IGA using a small population size. Our approach is tested on the
Onemax problem in order to analyze how the IGA performance
varies in a well known fitness landscape. In using the Onemax
problem, we are interested in showing the ability of a user to
guide the population towards areas of high fitness, rather than
finding a single optimal solution. We study the effect of different
subset selection strategies, different subset sizes, different choices
of t, the presence or absence of collaboration, and differing
amounts of noise on performance. Results show that using our
fitness interpolation technique a user can effectively bias the
interactive evolutionary search towards high fitness solutions
despite only evaluating a small fraction of the total number of
individuals.

Index Terms—Interactive genetic algorithm, user fatigue

I. INTRODUCTION

INTERACTIVE genetic algorithms (IGAs) differ from ge-

netic algorithms (GAs) in that the objective fitness eval-

uation is replaced with user evaluation. This allows the user

to guide an explorative evolutionary process when there is no

better fitness measure than the one in the human mind [19].

As such, IGAs can incorporate intuition, emotion, and domain

knowledge from the user. An often overlooked aspect of

solving problems in subjective domains is the benefit gained by

the user through exploration of the search space by interacting

with the genetic algorithm. A user may not find an optimal

solution, but through exploration and exposure to many solu-

tions, the user can gain a deeper understanding of the problem,

allowing the user to adapt and change the original concepts

and requirements initially given.

While IGAs are a powerful tool, their reliance on user

computation presents several issues, amongst the most notable

being user fatigue. GAs usually rely on the use of large pop-

ulation sizes running for hundreds of generations to achieve

satisfactory results [10]. Such computational dedication cannot
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be expected from the user due to psychological and physical

fatigue, boredom or losing interest in continuing the evaluation

of solutions. Thus, how best to incorporate user input into

the IGA process remains a significant research challenge [19].

Related work on techniques for mitigating user fatigue in

IGAs include using a small population size, presenting a

representative subset of a large population for user evaluation,

using a small number of generations, and using aggressive

convergence methods to ensure convergence within a small

number of generations [19].

In our fitness interpolation technique, instead of presenting

the user with a small population, we ask the user to evaluate

a small subset of a large population size every t generations,

hence mitigating the effect of genetic drift as a consequence

of using a small population size. This technique has been

introduced as part of our previous work [1], [15], [16], [17].

The user is asked to select either the best, or the best and

worst individuals from the subset displayed, and the fitness

of every other individual in the population is estimated based

on similarity to the user selection(s). In the work previously

presented, we combined the user subjective input with an

objective fitness, consisting of coded heuristics depending on

the problem domain. Our results showed that the objective

fitness component accounted for much of the increase in fitness

performance [15], [16], [17]. However, in the absence of an

objective fitness component, would the population converge

to a local optima or would the user still be able to guide

the population towards areas of high fitness? Building on our

previous work, we show that by doing fitness interpolation

based on the evaluation of the subset from a large population,

and by asking for user input every tth generation, t > 1, allows

the user to move the population towards high fitness areas even

without the use of an objective fitness. In addition, we show

that our fitness interpolation technique can reduce the amount

of feedback required by a user by tenfold when compared to

a standard IGA with a small population size, and where the

user evaluates the entire population every generation.

Our previous work focused on the design of simple user

interface (UI) panels and floorplanning [1], [15], [16], [17].

In this paper we analyze techniques presented in our previous

work on the Onemax problem of size 100. We follow along

the lines of research that uses the Onemax problem for the

empirical comparison of various techniques for IGAs [2], [10].

The challenge when conducting experiments with a subjective

domain problem, such as with UI panels and in floorplanning,

is being able to assess the fitness performance. Since solutions

with our technique are evaluated based on similarity to the

user selected best, solutions will always have a fitness value
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no greater than the fitness value of the user selected best.

The Onemax problem allows us to explore and analyze how

our interpolation techniques perform in a well known fitness

landscape. In contrast, when dealing with a subjective domain

problem, there is no way to know how close a solution

is to the optimum because the landscape is defined by the

user’s subjective input, and there is no concept of a global

optimum. In addition, the Onemax problem enables us to

conduct repeatable experiments and to simulate user input,

instead of having a user of a group of users interact with the

IGA over a large period of time in order to obtain statistically

significant results. In the experiments presented in this paper,

similar to subjective domain problems, we are not interested

in finding a single global optimal solution, rather in the ability

of a user to bias the search towards areas of interest, in this

case towards areas with an increasing number of ones.

The results in this paper include an analysis of our fitness in-

terpolation techniques with noise introduced into the subjective

evaluation provided by the simulated user input. Introducing

noise in the Onemax problem is analogous to a user picking

the solutions that would seem to contradict solutions picked by

the user in earlier generations. This variation of user feedback

is typical of actual users interacting with an IGA.

The rest of the paper is organized as follows. First, we

present in Section II previous research on techniques to miti-

gate user fatigue and improve the user experience with IGAs.

Section III presents a detailed description of the techniques for

mitigating user fatigue in IGAs that were used in our study.

In Section IV we present a discussion of the Onemax problem

and its applicability to the testing of user fatigue mitigation

techniques in IGAs. Section V presents the experimental setup

for the Onemax case study. We discuss our results and analysis

in Section VI. Finally, we conclude the paper in Section VII.

II. RELATED WORK

Research on IGAs has been done on various hypothetical

and real-world applications. Below we present a short survey

of IGA work focused on mitigating user fatigue in IGAs, from

the use of small populations to the use of machine learning

algorithms to augment fitness evaluations.

A. User Fatigue in IGAs

Interactive genetic algorithms are a suitable tool for prob-

lems where “there is no clear measure to give the evaluation

of fitness other than the one in the human mind” [3]. This

applies to the evolution of UIs because users will be evolving

UIs based on a mental model. Takagi identifies reducing

human fatigue in the use of IGAs as the major remaining

problem [19].

There are several fitness prediction techniques which try to

abstract the user evaluation by building a model of the user,

and using this model as a surrogate fitness function. Llorá et

al. make the user pick the best solution from a small subset

of the population displayed [10]. The displayed subset is a

tournament used to define partial ordering of solutions; given

that s1 and s2 are shown to the user, and the user picks

s1, then we assume that the fitness of s1 is greater than the

fitness of s2 [10]. The partial ordering of solutions, from the

winners and losers of the tournaments, is used along with the

dominance concepts of multi objective optimization to induce

a complete ordering of solutions, which is subsequently used

to train a support vector machine (SVM) to learn the user’s

preferences [4], [10].

A similar fitness prediction approach is presented by Watan-

abe et al. called PC-IGA: Interactive Genetic Algorithm based

on Paired Comparison [20]. In PC-IGA the user evaluates

binary tournaments as in the work by Llorá et al. The individ-

uals in the population are randomly paired into tournaments.

The winners of tournament brackets are subsequently paired

into tournaments, until all the tournament brackets have been

exhausted (all the way to the top of the tournament bracket).

In contrast to the work by Llorá et al. the loser of each

tournament bracket is replaced by the offspring of bracket

winners. Watanabe et al. compare the number of generations

between a typical IGA with the PC-IGA applied to hearing

aid fitting. While they found users to take a similar number

of generations with both approaches, the users provided more

positive feedback to using PC-IGA, stating that it was easier

to compare individuals than with the traditional IGA.

These tournament based approaches to fitness evaluation in

IGAs are limited in that even when using a small population

size, the number of tournaments that must be evaluated by

the user is L − 1, where L is the population size. This is

especially the case with the PC-IGA, in which the user must

constantly evaluate binary tournaments, rather than evaluating

the entire population via tournaments once and then offloading

the fitness evaluation to a machine learning algorithm. In the

work by Llorá et al., the approach is reasonable for small

population sizes, for example, with a population size of 8, a

total of 7 evaluations would be required to create the partial

ordering of solutions. However, compared to our approach

which uses a large population size of 100, a total of 99

evaluations would be required. Most importantly, the total

population size along with their relative fitness values are

used to train the SVM, thus with small population sizes only

an SVM with a linear kernel would be successfully trained,

whereas for more complex kernels, larger population sizes

would be required.

Gu et al. present a fitness prediction approach for an IGA

which uses a general regression neural network (GRNN) in

order to predict individuals which match the user’s aesthetic

intentions [6]. The computational framework consists of two

parts. First the user conducts artificial selection, by selecting

individuals the user likes. After several generations, a pool

of selected and unselected individuals is used to train the

GRNN. The GRNN uses a probability distribution function.

The computation framework is tested on the creation of a

3D cartoon face, where the chromosome of each individual

encodes NURBS parameters, such as scaling and rotation

factors. No formal user studies are conducted, with two users

conducting the described experiments. One of the key design

issues when using the GRNN is the choice of a sigma value.

So a large portion of the results focuses on showing the effect

of various sigma values on the resulting approximations of the

measured cases from the interactive evolutionary process.
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Henmi et al. present a fitness prediction method in which

they learn and build a model of the user’s evaluation behavior

using feed-forward neural networks [7]. Once the model of

the user has been built, it is used as a surrogate fitness

function, allowing for the user model to take over evaluation,

and present the user with potentially high fitness individuals.

With other model based predictors in IGAs, the user evaluates

the population in early generations, while the user model

is learnt. In contrast, Henmi selects a user model built for

another user in the early generations of the IGA, as the system

learns and builds the current user’s model. The model from

another user which is the most similar to the current user’s

selections is picked while the system learns a model for the

current user. The authors conclude that the proposed method

is effective in early generations and can reduce user fatigue

by accelerating the search process, especially when the current

user’s evaluation is similar to other users. The main limitation

is that when user preferences vary in a problem domain, the

use of other users’ model can have a hindering effect.

The work presented in this paper does not attempt to do

any user modeling with machine learning techniques, yet it

is discussed as future work for this line of work. Instead,

we use a simple interpolation based on the user selection of

the best solution or the best and worst solutions in a limited

subset to determine the fitness of every other individual in

the population. Thus we reduce the user input to either one

or two decisions every generation. Furthermore, we have the

user evaluate a subset of the population every tth generation,

putting the user in a supervisory role and thus reducing the

amount of feedback needed from the user. This is similar to

the technique presented in [8]. We address how the value

for t affects fitness performance in section VI. The work

presented by Kamalian et al. also allows the user to give either

a promote or demote reaction to individuals displayed for user

evaluation [8] . In addition, they use a validity constraint to

determine viable and meaningful designs to be displayed to the

user. While individuals matching the validity constraint can be

numerous, we explore the effects of displaying a small subset

of the population for user evaluation and how the individuals

selected as part of the subset affect the IGA’s performance.

Lee and Cho introduce the concept of reducing user fatigue

and improving performance of an IGA by allowing a user

to evaluate a representative subset of the population [9].

Individuals from the population are divided into groups by

using a clustering method such as k-means. The individual in

the center of a cluster is selected as the representative of the

cluster. The user evaluates the representative individuals and

the rest of the cluster members are assigned a fitness based on

the Euclidean distance from the representative member. The

experiments conducted by Lee and Cho were done without a

user in the loop, but the results presented show that by using

a large population size, the fitness performance is increased

substantially. We take a similar approach in this paper, testing

how the composition of subsets taken from a large population

affect fitness performance. One of the methods tested consists

of a subset with the most diverse individuals from the popu-

lation by doing a PCA analysis combined with k-means.

Dun-wei et al. presents a similar approach to Lee and Cho,

but where the maximum number of clusters changes in time as

the population converges[5].The work of Dun-wei et al. and

Lee and Cho require the user to evaluate the representative

individual from each cluster. We propose reducing user fatigue

to a greater extent by asking the user to make only one

evaluation every generation. In addition, we do not require

the user to enter a numeric evaluation for the user, instead we

simply ask the user to pick the solution the user likes best.

B. Collaboration in IGAs

In our previous work, we proposed the use of collaborative

IGAs as a computational model of creative design [1], [14].

Our computational model most closely resembles Picbreeder,

a system used to evolve pictures collaboratively online [18].

Picbreeder supports collaboration by allowing users to branch

from images created by other users. Users can start evo-

lution from randomly generated images, or from an image

generated by someone else in the Picbreeder community. Our

work differs from Picbreeder in that we support collaboration

in real time. Users of our system participate in individual

evolutionary sessions concurrently, with users able to see

each others’ designs as evolution progresses. Picbreeder is a

special type of case injection, where users select the individual

from which to start evolution, referred to in their research as

“branching” [11]. In our model users work in a group setting,

with users able to inject at any time any individual they find

interesting from any of their peers.

In this paper we present an analysis of our computational

model on the Onemax problem, assessing how the number

of peers affects the IGA performance and how collaboration

compares versus having a single user evaluate a larger subset

size. We do not focus on the creativity aspect of the model,

instead we only look at the overall fitness performance of

introducing peer collaboration.

III. TECHNIQUES FOR MITIGATING USER FATIGUE IN

INTERACTIVE GENETIC ALGORITHMS

To mitigate user fatigue we use fitness interpolation by

asking the user evaluate the individuals from a subset se-

lected from a large population size. Compared to previous

approaches, where the user has to evaluate all individuals in

a small population or all the individuals in a representative

subset of the population, we ask the user to make two selec-

tions: the individual the user likes best and the individual the

user likes least. We refer to these two user selections as user

selected best and user selected worst. Asking the user to make

two selections every generation further reduces user fatigue

and improves the overall experience between the user and the

IGA. This also allows the user to make rapid evaluations, since

the user can concentrate on what he/she likes and does not

like, and use that to quickly discard individuals which do not

meet the user’s evaluation criteria. As a consequence, the user

would be compelled to participate in more generations than

with a typical IGA.
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A. Subset Display Method

We compared three methods of selecting individuals to

be displayed to the user, initially proposed in our previous

work [16], [17]. The three methods are displaying the best n
individuals, displaying n random individuals, and displaying

the best n/2 and the worst n/2 individuals in the population.

Displaying the best individuals in the population gives the user

the opportunity to view individuals that show the greatest po-

tential by both meeting the objective and subjective heuristics

most effectively. Displaying random individuals gives the user

an unbiased insight into the current state of the population; it

can allow the user to see the degree to which the population

is converging (by the number of individuals that are similar),

but it suffers because it can present bad solutions to the user.

Displaying both best and worst individuals allows the user

to see what the population is converging to and where it is

coming from.

In addition, we test a subset method which runs a prin-

cipal component (PCA) analysis on the chromosomes in the

population. The work by Najafi and Beigy presents the use

of PCA to extract test scenarios with the maximum diversity

in order to improve the performance of evolutionary cellular

automata [13]. Najafi and Beigy sort the test scenario instances

according to their first PCA coefficient. We use the binary

chromosomes as the input to the PCA analysis. The input

dimension of the PCA analysis is set to the chromosome

length. In the case of the Onemax problem of size 100, the

input dimension is equal to 100. We set the output dimension

of the PCA analysis equal to two-in the case of the Onemax

problem of size 100, each chromosome is reduced to two

principal components. We then run k-means on the PCA

components, with the number of clusters equal to the size

of the subset. This results in running the k-means algorithm

in 2D space. Finally, we pick an individual from each cluster

to be part of the subset.

In the work presented in this paper we are assuming that the

IGA solves problems with chromosomes of uniform length,

which is the case for the Onemax problem. In the case of

varying length chromosomes, we propose two solutions. The

chromosome with the minimum length and the chromosome

with the maximum length are identified. The first solution

truncates all of the chromosomes to match the length of

the minimum length chromosome. The second solution pads

all of the chromosomes with zeros to match the length of

the maximum length chromosome. The first solution has

the advantage that by reducing the input dimension to the

length of the minimum length chromosome, we reduce the

computational complexity of the PCA analysis. If we were

using a standard GA, the computational complexity might not

be as important, since there is not a user waiting to evaluate

the next subset from the population. A disadvantage is that

chromosomes truncated could be losing critical genes which

account for the diversity of the chromosomes. For example, an

individual could have a chromosome with 10 bits longer than

the average chromosome length, with these 10 bits accounting

for what differentiates the chromosome from the rest of the

population. If the 10 bits were truncated off the tail of the

chromosome, then such diversity would be lost and not taken

into account by the PCA analysis. This could be mitigated

to an extent by taking the most important segments of the

chromosome, instead of simply truncating off the tail or head

of the chromosome. The second solution (by padding with

zeros) allows all chromosomes to be represented with all their

genes, but this in turn increases the computational complexity

of the PCA analysis. This has the disadvantage of increasing

the time a user has to wait between evaluations.

Once the individuals that make up the subset from the large

population have been identified, the subset is displayed for user

evaluation, and feedback is accepted from the user. In the next

subsection we address how the fitness of the individuals in the

population is interpolated based on the user feedback.

B. Fitness Interpolation

An IGA session between the user and an IGA with our

fitness interpolation technique begins by initializing a large

population size. From this large population we select a small

subset to be displayed to the user for evaluation. The choice

of subset method is important, and we present and analyze the

performance of various subset selection methods in section VI.

If the fitness evaluation includes an objective evaluation, with

a set of objective heuristics coded into the GA, then the

initial population can be first evaluated with the objective

heuristics, and then a subset is selected by taking into account

the objective fitness scores of the individuals of the initial

population. The user then makes the selection of picking the

solution the user likes best (b), or picking the solution the

user likes worst (w), or the best and worst, etc., from the

individuals in the subset displayed. In this paper we compare

only picking the best, versus picking both the best and worst.

After accepting the user feedback, the fitness of every other

individual in the population is then interpolated based on the

similarity to the user selected individuals. A new population

is created, with the choice of crossover, mutation, selection

algorithm, etc., depending on the problem. We evaluate the

new population and select a subset that is displayed to the

user again for evaluation. This process repeats until the user

has found one or more satisfactory solutions.

The similarity comparison can be done in either the geno-

typic space, the phenotypic space, or a combination of both.

A similarity comparison in genotypic space can consist of the

hamming distance or the longest common subsequence (LCS).

A similarity comparison in phenotypic space will depend on

the problem domain.

C. Purely Subjective Similarity Metric

Typical IGAs are driven by the user, where the fitness

evaluation is replaced with user evaluation, without any further

computation done by the fitness function. If the user makes a

selection of the individual the user likes the best and the user

likes the least, then the similarity between the best individual

b and individual i and between the worst individual w and

individual i in the population would be computed as follows:

bs = (MH − hamming(b, i)) (1)
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ws = hamming(w, i) (2)

where the term MH is the maximum hamming distance. The

final fitness value is the sum of bs and ws. This similarity

metric assumes a representation where the hamming distance

can be used. Alternatively, if the user were to only pick the

individual the user likes the best, then the final fitness value

would be set to the result of equation 1. While the purely

subjective fitness evaluation shown here uses the hamming

distance, other similarity metrics could have been used, such

as LCS, or Euclidean distance. In the results we address

performance of using the hamming distance versus LCS.

In our previous work we have used both hamming distance

and Euclidean distance in order to evolve the layout and color

of simple user interface (UI) panels that reflected the user’s

preferences while respecting UI style guidelines [15], [16],

[17]. The hamming and the LCS distance similarity metric

can be used when little to no domain knowledge is known.

In the majority of IGA applications, the user evaluates the

phenotype of individuals. In this case, the use of hamming

distance or LCS results in a process whose goal is to move the

population towards the genes contained by the user selected

best individual. For example, in the case of evolving the color

of a simple UI, if the user picks a UI with blueish tone as

the best, then by approximating the fitness of every other

individual in the population with hamming or LCS distance,

the population moves towards genes which when expressed

result in blueish tones.

Moreover, the similarity metric could also be applied on the

phenotype space. In the case of UI panels, we used Euclidean

distance to assign the fitness of a UI panel based on the

Euclidean distance of the UI panel color vector and the color

vector of the solution picked as the best by the user [15], [16],

[17].

IV. ONEMAX

The onemax problem consists of maximizing the number

of ones in a bit string of size l. It is one of the most basic

problems used with GAs. The onemax problem has a single

optimal solution, the string with l ones, and a simple objective

fitness function can be used to determine the fitness value of

solutions by just counting the number of ones in the string.

In contrast, IGAs consist of problems that are subjectively

evaluated, there is not a single optimal solution, and the

stopping criteria depends on the user finding one or more

solutions that the user is satisfied with. Which leads to the

question, how does the use of the onemax problem benefit

our study of user fatigue mitigation techniques for IGAs?

The onemax problem allows us to explore and analyze

how our proposed interpolation techniques perform in a well

known fitness landscape. In contrast, when dealing with a

subjective domain problem, there is no way of knowing how

close a solution is to the optimum because the landscape

is defined by the user’s subjective input, and there is no

concept of a global optimum. Although, the optimal solution

is ill-defined, a subjective IGA problem at any given point

of time (generation) also has a fitness landscape similar to

the Onemax problem. As the user picks his/her way through

the landscape, the landscape changes. In other words, the

Onemax problem has a constant global optima, a subjective

IGA problem has one too every generation, consisting of the

user selected best; however, the landscape is such that the

global optima constantly changes. Moreover, our efforts are

concentrated on guiding the search towards optimal regions

of the landscape instead of the global optima.

The onemax problem can be mapped to the special case

of a subjective IGA problem where a user has a strict set of

requirements. For example, assume that a user is interested

in exploring the space of dress designs. In this case, if the

user was interested in finding a dress with a specific set of

properties, such as having a navy blue color and a length at

least past the knee, then every generation the user can guide

evolution by picking the solutions which most closely meets

the user’s specific requirements. Similarly, in the onemax

problem the desired property is a higher number of ones.

How do we reconcile the onemax having a single optimal

solution and a well defined stopping criteria with an IGA

problem without a single optimal solution and a stopping

criteria defined by the user? In the experiments presented

in this paper, we are not interested in finding the optimal

solution consisting of a bit string with all ones. Instead, we

are interested in showing the ability of a user to guide the evo-

lutionary process towards high fitness solutions. Finding the

optimal solution is not the goal, rather the ability of the user,

through exploration, to be able to guide the search towards

strings with an increasing number of ones as the generation

increases. Furthermore, one of the primary stopping conditions

of IGAs tends to be user fatigue and rapid convergence, as

small population sizes is one of the most popular techniques

used to reduce user fatigue in IGAs. Similarly, we use a

stopping condition consisting of 20 user evaluations. That is,

we simulate solutions being displayed to the user a total of

20 times, and the user providing a fitness feedback during

evaluation.

While many IGA applications make use of multi-objective

optimization, including our previous work on floorplan-

ning [1], alternatives can be implemented. Instead of using

multi-objective optimization, the criteria being optimized can

be combined using a linear weighted sum, subsequently using

a standard GA to optimize this linear weighted sum. This

approach to solving a multi-objective optimization problem is

intuitive and easy to use. However, it has several deficiencies.

The most notable deficiency is finding a precise value of

the weight for each objective. For example, in experiments

conducted related to simple UI design we used weight values

of 0.5 for the objective fitness and 0.5 for the subjective

fitness [15], [16], [17]. These weight values could be varied

to reflect various preferences, such as higher preference for

the objective fitness value over the subjective fitness value

or vice-versa. Other difficulties associated with converting

a multi-objective problem into a single value optimization

problem include that only one Pareto-optimal solution can be

found in one simulation run of the algorithm, not all Pareto-

optimal solutions can be found in nonconvex multi-objective

optimization problems, and the algorithm requires the use of

problem domain knowledge to find a suitable weight val-



6

ues [4]. Nevertheless, the onemax problem can be mapped to

multi-objective optimization problems in IGAs which combine

the optimization criteria using a linear weighted sum.

The onemax problem also enables us to conduct repeatable

experiments. With subjective domain problems, as there is

no global optimum solution, there is no way of assessing

the performance or effectiveness of various IGA strategies.

It is important to mitigate user fatigue, but it is just as

critical to determine how a user fatigue mitigation technique

affects the IGA performance. For example, a certain technique

may reduce user fatigue by requiring less user input, but

as a consequence may expose the user to fewer number of

solutions, or may lead to premature convergence, hindering the

ability of the user to explore potentially interesting solutions.

One of the key experiments presented in the results section

revolves around introducing noise into the fitness evaluation.

Introducing noise is analogous to a user picking the second

or third best solution, from a subset displayed to the user,

as the best solution for the current generation. This is meant

to simulate variation in user feedback, as is typical in IGAs.

In the case of dress designs, a user may be interested in

bluish tones rather than a specific navy blue color and between

successive interactions may change his preference from navy

blue to ultramine although maintaining his overall predilection

for blueish tones. By varying the degree of noise in the fitness

evaluation, we can assess and compare a directed search versus

a highly explorative search.

A. Subjective Evaluation of Onemax

We use the onemax problem to explore and gain further

understanding of user fatigue mitigation techniques because

we know its fitness landscape. In subjective domain problems

and IGAs, where optimization is user driven, we cannot

fully assess how some techniques affect the search, because

the landscape and the definition of optimal and high fitness

solutions will be user dependent.

Our results for the UI panel case study showed that the

objective fitness accounted for much of the increase in fitness

performance [15], [16], [17]. This was especially the case

when we varied the frequency of user input, by asking for the

user to evaluate the solutions in the subset every tth generation.

The average fitness in the population continued to increase

steadily due to the objective criteria. One benefit we found of

the objective heuristics, is that it allowed the user to serve a

supervisory role, lessening the burden on the user having to

make an evaluation every generation. The objective heuristics

could fine tune solutions to meet a set of requirements or

criteria, but the subjective input also provided a balancing

criterion, which allowed the user to explore solutions which

reflected the user’s preferences as well as the coded objective

criteria.

Based on the problem domain, and on the understanding of

the problem and solution space, it might not always be possible

to write a set of objective criteria which can be incorporated

into an IGA to improve the subjective evolutionary search.

Would a user be able to guide an IGA towards high fitness

areas without an objective fitness value, incorporated via

domain knowledge, resulting in a movement towards high

fitness areas, or would the population get stuck on a local

optima? Looking at the onemax problem of size l, we can

hypothesize why a subjective evaluation based on a nearest-

neighbor approach, such as hamming distance, might at first

seem to fail to move the population towards high fitness

areas without the pull of an objective fitness evaluation, as

was the case in our examples of UIs [15], [16], [17].The

expected fitness value of a randomly generated onemax string

X of length l, where the random number generator follows a

uniform distribution, is the following:

E(X) =

l∑

k=1

0 ∗ 0.5 + 1 ∗ 0.5 = 0.5 ∗ l (3)

There are two possible outcomes when generating a bit,

either a 1 or a 0. Using a uniform distribution, each outcome

has a 0.5 probability, and this repeated over the length l of

the string X gives 0.5 ∗ l. Consequently, the expected fitness

value of an individual from the initial population will be

equal to half the length of the individual’s chromosome. If

we pick a random subset from the initial population, this

subset will consist mostly of solutions in the range of l/2
plus or minus some deviation, where l is the length of the

chromosomes. Once the user makes a selection of the best

individual from the subset, individuals whose number of ones

in the chromosome is close to l/2 will get high fitness values,

with individuals those with a high number of ones or zeros

getting lower fitness values because of the hamming distance

metric. Using a similarity metric based on LCS would yield a

similar performance.

Regardless of the solution picked as the best by the user,

the optimal solution, if already in the population or generated

via crossover or mutation, will get a low score, with the

individuals being in the median range getting the highest

fitness values. The question we face is whether the population

converges to a local optima, or if the proposed scheme allows

a user to move the search towards areas of higher overall

fitness (chromosome having increasingly higher number of

ones). Building on our previous work presented in [15], [16],

[17], we show that by doing fitness interpolation based on the

evaluation of the subset from a large population, and by asking

for user input every tth generation, t > 1, allows the user to

move the population towards high fitness areas.

We note that when using the PCA subset method for the

Onemax problem, we do a naive PCA analysis, without the

use of domain knowledge to improve the PCA analysis. For

example, assuming a Onemax problem of size six, three

possible individuals in the population could be x(1) = 010101,

x(2) = 111000, and x(3) = 101111. The individuals x(1) and

x(2) have the same number of ones, and hence they have the

same fitness value. However, there is no guarantee that after

the PCA analysis with k-means that these two individuals will

belong to the same cluster, which would be desirable since

both have the same fitness. On the other hand, we would want

individual x(3) to be part of a different cluster, since x(3) has

a different number of ones.
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By using a naive approach we are assuming as little domain

knowledge as possible. An approach that uses domain knowl-

edge from the Onemax problem could arrange the bits in the

chromosomes before doing the PCA analysis, such as grouping

all ones at the beginning of the chromosome, or grouping all

zeros at the beginning of the chromosome. This would make

all chromosomes with an equal number of ones equivalent to

the PCA analysis. We know that the number of ones is the

only aspect of interest, and doing this would allow the PCA

analysis with k-means to differentiate between chromosomes

with a different number of ones.

B. Model of Collaboration in Interactive Genetic Algorithms

In our previous work, we proposed a computational model

of creative design based on collaborative IGAs [1], [14]. The

computational model is shown in figure 1. The figure illustrates

three users collaborating with each other, with each of the

peers denoted by the dotted boxes. Users interact with a GA

by acting as subjective evaluators. The models shows an eval-

uation that is not purely subjective, instead the evaluation of

design solutions consists of the multi-objective optimization of

the subjective and objective criteria. We use Pareto optimality

to maximize these criteria [4]. The arrows between the GAs of

each of the peers represent the communication that takes place

between them. If a user likes a solution from one of his/her

peers, then the user has the option to inject that solution into

his/her population, thus introducing a search bias.

In this paper we are interested in addressing strictly how the

fitness performance of an IGA is affected in the presence of

collaboration with peers. The user as well as the collaborating

peers are simulated using virtual users, with a purely subjective

evaluation.

Fig. 1: Collaborative IGA Model

V. EXPERIMENTAL SETUP

Experiments are conducted on the onemax problem of size

100, with the optimal solution being a string with 100 ones.

However, as is the case in subjective problem domains, our

goal is to show the ability of a user to guide the evolution

towards areas of interest rather than finding a global optimum

solution. In the case of the Onemax problem, areas of interest

are solutions with an increasing number of ones. The IGA

uses a large population size of 100, in contrast to a small

population size, such as 10 or 20, used in standard IGAs [19].

The subset displayed for user evaluation is always of size nine.

This subset size was determined empirically in our previous

work and experiments [15], [16], [17], as too small a subset

may not allow a user to view enough variety, whereas a large

subset may overwhelm the user and can increase user fatigue.

The effect of the subset size on the fitness performance of the

IGA is an issue which we have not explored in our previous

work, but which we address in the results presented in this

paper.

Instead of having an actual user or a group of users conduct

the experiments, we simulate user input. This gives us the

leverage to conduct repeatable experiments and to obtain

statistically significant results by running the IGA over 30

independent runs for each experiment. The simulated user

input consists of always picking the solution from the subset

with the most ones as the user selected best. In addition, we

present results where we introduce noise into the simulated

user pickings. This is analogous to the user picking the second

best, third best, or nth best solution from the subset as the

user selected best, in order to make sure that the subset fitness

interpolation works where there is not a clear solution, as tends

to be the case in subjective domain problems.

The stopping condition for each independent IGA run is

20 user picks, that is, 20 generations. This is consistent with

the number of generations typically completed by actual users

interacting with IGAs [19]. From each subset displayed for

user evaluation, we saved the individual picked by the user

as the best. The user selected best was always the individual

with the most ones, with the exception of the runs where we

introduce noise. We base the performance of each of these

algorithms on the subset constitution, since the user selections

are all based on the individuals in the subset.

We are interested in determining through our experiments

whether we can reduce user fatigue in IGAs with our fitness

interpolation technique. In addition, we want to show that even

in the absence of an objective fitness component, that a purely

subjective fitness evaluation using our fitness interpolation

technique allows a user to bias the population towards areas

of high fitness. Finally, we want to assess and analyze how

variations of our fitness interpolation technique affect the

fitness performance of the IGA.

The fitness averages over the 30 independent runs of the

resulting best individuals at the end of 20 generations are

compiled in tables. Boxplots are used to analyze how widely

fitness values vary across the 30 independent runs, and to

establish statistical significance of the results. Looking at the

variation will give us a better sense of how each of the methods

performs in comparison to the others, and how the presented

variations affect the performance.

We use box plots to analyze the 30 best individuals over

the 30 independent runs for each of the methods. A box

plot is a graphic representation of numerical data depicted

through its five-number summary: minimum, lower quartile,

median, upper quartile, and maximum. Furthermore, we use a

variation of the box plot, a notched box plot, which in addition
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shows notches around the median, the notches depicting the

confidence intervals around the median [12]. If the notches

around two medians do not overlap, then it can be said that

the medians are statistically different at a 95% confidence

level [12].

1) Subset Method and Step Size: Our experiments address

two issues that affect convergence behavior of the IGA. First,

should we show the user the top individuals in the population,

a mixture of the best and worst individuals, a random set of

individuals, or a set of the most diverse individuals from the

population? Second, how often do we need to ask the user for

feedback? And does lessening the frequency of user feedback

actually improve fitness performance?

We’ll be using the case where the user makes a selection

of the best individual, using hamming distance as the sim-

ilarity metric, as the base line for variations of our fitness

interpolation technique. The performance of the base line

case and variations of our fitness interpolation technique are

further compared against a control group, consisting of a

standard IGA with a small population size and where the user

evaluates the entire population every generation. We compare

the subset methods discussed herein: (1) displaying the top

nine individuals; (2) displaying the best five and the worst

four individuals; (3) displaying nine random individuals; and

(4) displaying individuals selected from the PCA analysis with

k-means. For each experimental run, we average fitness over

the 30 independent runs of the IGA using each of the subset

methods. The subset methods are compared against each other

using step sizes of 1, 2, 5, 10, and 20. This is equivalent to

asking the user to provide input every generation, every other

generation, every five generations, every 10 generations, and

every 20 generations respectively. Whenever we ask for user

input every tth generation, with t > 1, we continue to compute

the subjective fitness evaluation, using the individual picked as

the best by the user in the last user evaluation. For example, if

t = 20, the user selects an individual as the best at generation

zero. The IGA then uses the individual picked as the best at

generation zero to evaluate the populations at generations one

through 19. At generation 19, the user provides feedback, and

the feedback is used to guide the evolutionary process for the

next 20 generations.

2) Picking Best versus Picking Best and Worst: During

evaluation, is it necessary to ask the user to select the solution

the user likes best and the solution the user likes least, or is

it sufficient to only ask the user to pick the solution the user

likes best? The second experiment addresses this question. Our

hypothesis is that asking the user to only pick the solution

the user likes best yields similar fitness performance when

asking the user to pick both the best and the worst solutions.

This issue is important, as we can reduce the amount of user

feedback further by only requiring one evaluation per subset

every t generations.

3) Similarity Metric: While the similarity metric can be

chosen based on a variety of factors, two methods which can

be used for genotypic space comparison are hamming distance

and LCS. The hamming distance can be computed in linear

time, O(l), where l is the length of the chromosome. LCS

has a running time of O(l1 ∗ l2), where l1 and l2 are the

lengths of the two chromosomes being compared respectively.

In addition, LCS requires O(l1 ∗ l2) space complexity. In our

previous experiments we had preferred the use of hamming

distance over LCS because it noticeably increased the time it

took to compute the fitness of the population, which in turn

introduced a time lag between user pickings which affected the

user experience [15], [16], [17]. In the experiments presented

in the results section which test the performance of hamming

distance versus LCS, our hypothesis is that LCS gives better

fitness performance. For each experimental run, we average

fitness over the 30 independent runs of the IGA using each of

the four subset methods with step sizes of 1, 2, 5, 10 and 20.

4) Subset Size: How does the subset size affect the fitness

performance of the IGA? We hypothesize that a larger subset

size can improve the fitness performance, since a user would

be able to provide feedback based on a larger sample of

the population. However, a larger subset also increases the

cognitive load on the user, and as a consequence can increase

user fatigue faster than when using smaller subset sizes. The

control group for this experiment is the use of a subset size

of nine, which is the standard subset size used in the pre-

viously presented and the rest of the experiments conducted.

We compare this against subset sizes of six individuals, 12

individuals, and 18 individuals. For each experimental run,

we average fitness over the 30 independent runs of the IGA

for each of the four subset methods with step sizes of 1, 2, 5,

10, and 20.

5) Noise: Solving the onemax problem with an IGA is a

special case, where there is always a correct solution, the

one with the most ones. This is certainly not always the

case with IGAs in general. As has been pointed out in the

discussion above, many factors influence the choices made

by the user, among the most notable being user fatigue and

the user changing the basis for evaluating individuals as the

interactive session progresses. These factors contribute to an

ever changing fitness landscape in a general IGA and we

simulate it by introducing noise into candidate selection of the

onemax problem. We also assess how fitness performance of

our interpolation technique changes when we introduce noise

into the fitness evaluation. Instead of displaying the actual

number of ones contained in a string, we present a floating

point number equal to the actual number of ones plus some

Gaussian noise, with mean µ = 0 and standard deviation

σ = 2. We also ran the IGA with standard deviation values

of σ = 1 and σ = 5, but we use the σ = 2 for comparison

because it introduces a reasonable amount of noise (with σ = 5
the noise was quite large).

Introducing the Gaussian noise into the fitness evaluation is

analogous to having the user pick the second best, or third best,

etc., as the best solution from the individuals in the subset. The

smaller the noise (the smaller the sigma value of the Gaussian

noise), the more likely the virtual user is to pick one of the

solutions from the subset with the highest fitness value. On

the other hand, a larger Gaussian noise results in more erratic

evaluations by the virtual user. For example, with a larger

Gaussian noise the virtual user would be as equally likely

to pick any individual in the subset as the best due to the

introduced noise.
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For each experimental run, we average fitness over the 30

independent runs of the IGA using each of the four subset

methods with step sizes of 1, 2, 5, 10, and 20.
6) Collaboration: Previous work relating to our compu-

tational model of creative design has focused on assessing

the creative quality of solutions. Here, we conduct a set

of experiments in order to assess the performance of the

collaborative computational model with regards to fitness

performance. We address three issues regarding collaboration

in the experiments. First, how does the number of peers affect

the IGA fitness performance on the onemax problem? We

compare the IGA fitness performance using collaboration with

one, two, three, four, five and nine peers. Second, is there a

benefit to displaying the solutions picked as the best from

peers on the current user’s screen? The experiment compares

performance with solutions picked as the best from peers

displayed on the current user’s subset and without displaying

the solutions picked as the best from peers. Third, what

is the difference in fitness performance between working

individually (without collaboration) with a large subset size of

n versus working collaboratively viewing n/2 solutions from

the user’s own population and viewing n/2 solutions from

peers. The experiment compares the use of a large subset size

of 18 consisting of solutions from the user’s own population,

versus a subset consisting of nine solutions from the user’s

own population and nine solutions taken from peers.

For each experimental run, we average fitness over the 30

independent runs of the IGA using every subset method with

step sizes of 1, 2, 5, 10, and 20.

VI. RESULTS AND DISCUSSION

A. Subset Method and Step Size

Table I shows the average fitness value over 30 independent

runs of the solution with the maximum fitness after 20

generations for each of the four subset methods - best, best-

worst, random and PCA for varying step sizes of 1, 2, 5, 10

and 20.

From Table I we see that the fitness performance improves

as we increase the step size, which is consistent with our

previous results with the evolution of the UI panels. We notice

that the performance does not increase linearly, in fact the

performance decreases by a small fraction from step 10 to

step 20, with the exception being the PCA subset method.

Using a step size of either 5 or 10 provides the best results.

As we compare the subset methods, we see that displaying the

best individuals performs better than the other subset methods

for steps 1 and 2. However, for steps 5 through 20, we see

the random and PCA subset methods outperform the best and

the best-worst subset methods. Using a step size greater than

one allows the user to make a significant change in the large

population. However, using too large of a step size can result in

premature convergence to a local optima. We also see that with

the higher step sizes, the random and PCA subset methods

perform better. With the larger step sizes, the population

converges faster, and hence the greater diversity from the PCA

and subset methods improve the overall performance.

Figure 2 shows the performance of each of the subset

methods: best, best-worst, random, and PCA. In addition, the

performance of each of the subset methods is compared using

a step size of 1, 2, 5, 10, and 20. In contrast to Table I, we

can better appreciate the difference in performance of each

subset method. In the box plot, the line at the top shows the

maximum; the dotted line on the top of the box (or whisker)

extends from the maximum individual to the upper quartile,

shown as the top of the box; the median is the line inside

the box, which depending on the data set may lie anywhere

along the box; the lower quartile is shown as the bottom of

the box; the bottom whisker extends from the lower quartile

to the minimum individual, shown as a line; any outliers are

depicted as points either above the maximum or below the

minimum; and the notches around the median depict the 95%

confidence intervals.

The first boxplot, labeled “Control”, shows the fitness

performance of the control case, an IGA with a population

size of 10 with a stopping condition of 20 generations. The

control case reflects the performance of a typical IGA with a

small population size and where the user evaluates the entire

small population every generation. From the figure we can

see that the control IGA performs almost identically to the

case where the user picks the best from a subset consisting of

nine best individuals from a population of size 100. However,

the figure shows the positive effect in the fitness performance

by increasing the step size. Most importantly, our fitness

interpolation technique using the subset method consisting

of the best individuals from the population and using a step

size of 1 performs the same as the control group, but with

a total of only 20 evaluations by the user, i.e. only 20 user

picks. In contrast, the control group achieves the same level

of performance but by having the user provide feedback about

10 individuals for 20 generations for a combined total of

200 user picks. With our fitness interpolation technique, using

the lowest possible step size, we can reduce the amount of

user feedback by tenfold. Further, using a large population

size reduces genetic drift, reduces the likelihood of premature

convergence, and allows the user to explore a greater diversity

of individuals.

When comparing the various subset methods, using a step

size of 1 and displaying the best individuals from the popula-

tion to the user for evaluation performs the best. However, by

observing the overlap of the notches, it can be inferred that

the medians of the best, best-worst, and PCA methods are not

statistically different within the 95% confidence interval. The

medians of the best and best-worst are significantly different

than those of the random method, but the PCA method does

have a small degree of overlap with the random method.

When using a step size of 2, the best subset method

outperforms the random and PCA methods, but the median

TABLE I: Average Maximum Fitness for Different Combina-

tions of Subset Methods and Step Sizes
Step Best Best Worst Random PCA

1 70.00 68.70 65.86 67.40
2 73.43 72.26 71.96 70.93
5 76.26 75.50 77.20 77.06
10 76.23 76.66 78.73 78.63
20 74.60 76.53 78.60 79.00
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Fig. 2: Comparison of the various subset methods. The first

boxplot shows the control group. The rest of the boxplots show

the four subset methods using a step size of 1, 2, 5, 10, and

20.

confidence interval of the best method overlaps with that of the

best-worst method. The boxplots for a step size of 2 include

some odd ends on the bottom notches of the boxplot for the

best and random methods. This depicts that the confidence

interval lies outside of the lower quartile, which can occur if

the median is close to the lower quartile and if the sample

sizes are small.

The performance of the best and best-worst methods begin

to degrade when using a step size of 5, when compared to

the random and PCA methods, as we continue to increase the

step size. Nevertheless, the confidence intervals around the

medians of the best, random, and PCA methods overlap. The

only statistically significant difference is between the medians

of the PCA and the best-worst methods.

Picking the most diverse individuals from the population

through PCA yields the best performance when using large

step sizes of 10 and 20, as seen in Figure 2. With a step size

of 10, the PCA method shows a statistically different median

than the best, random, and best-worst methods. When using

a step size of 20, the medians of the PCA and the random

methods are nearly identical, with both of these methods being

clearly superior to the best method, and the random and PCA

methods having a fraction of overlap with the confidence

interval around the median of the best-worst method.

While the tables shown present average of the best individ-

ual in the subset displayed for evaluation, it does not show how

the fitness performance progresses on a step basis. Figure 3

shows how the four subset methods compare when using a

step size of 1 versus using a step size of 5. From the results

presented above, it can be seen that IGA with t = 5 performed

as well as t = 10 and t = 20, while still allowing a user to

intervene in the evolutionary process in an efficient manner.

The graph shows a considerable fitness improvement when

using the step size of 5 compared to interacting the user every

generation (step size of 1). Displaying the best individuals

from the population for user evaluation provides a superior

fitness performance over the three other subset methods when

using a step size of 1. When using a larger step size, displaying

a diverse set of individuals in the subset for user evaluation

yields better fitness performance, as exemplified by both the

random and PCA subset methods yielding the highest fitness

performance.
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Fig. 3: Average Maximum Fitness Vs Generation: The top four

line plots show the fitness performance of the subset methods

for t = 5, while the bottom four line plots show the subset

methods for t = 1.

B. Picking Best versus Picking Best and Worst

Next we analyzed the performance of picking the best

individual versus picking both the best and worst individuals

from the subset displayed to the user for evaluation. Our

hypothesis was that asking the user to pick the best would

yield the same performance as asking the user to pick the best

and worst. Table II shows the performance of these two user

evaluation alternatives. We see that for a step size of 1, the

performance of the two evaluation alternatives is similar, with

the best and worst user picking resulting in slightly higher

fitness scores. With a step size of 2, the performance of the

best and worst user picking gains a greater edge, however,

the performance of the two evaluation methods is comparable

across all subset methods. Furthermore, on step sizes of 5

through 20, we see that the picking of the best individual

shows increasing better performance as the step size increases.

This shows that asking the user to pick the best individual

from a subset, instead of asking the user to pick both the best

and worst individuals from the subset, allows us to reduce the

amount of user feedback every generation, while not suffering

from a loss in fitness performance.

C. Similarity Metric

Table III shows the result of the hamming versus LCS

method comparison, where the user picking was simulated by

picking only the best individual from the subset displayed for
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TABLE II: Average Maximum Fitness for Different Combi-

nations of Subset Methods, Step Sizes and Picking Variants
Step Pick Variant Best Best Worst Random PCA

1 Best 70.00 68.70 65.86 67.40
1 Best Worst 71.33 69.36 67.36 67.90

2 Best 73.43 72.26 71.96 70.93
2 Best Worst 75.83 73.70 73.06 72.46

5 Best 76.26 75.50 77.20 77.06
5 Best Worst 76.26 74.93 76.13 75.20

10 Best 76.23 76.66 78.73 78.63
10 Best Worst 74.43 73.06 75.30 72.33

20 Best 74.60 76.53 78.60 79.00
20 Best Worst 70.00 69.40 69.36 69.60

TABLE III: Average Maximum Fitness for Different Combina-

tions of Subset Methods, Step Sizes and Similarity Measures

(Pick Variant: Best Only)
Step Similarity Method Best Best Worst Random PCA

1 Hamming 70.00 68.70 65.86 67.40
1 LCS 70.06 69.33 67.20 67.96

2 Hamming 73.43 72.26 71.96 70.93
2 LCS 74.16 73.40 71.80 73.03

5 Hamming 76.26 75.50 77.20 77.06
5 LCS 75.36 76.16 76.86 77.70

10 Hamming 76.23 76.66 78.73 78.63
10 LCS 74.50 76.80 79.66 79.16

20 Hamming 74.60 76.53 78.60 79.00
20 LCS 74.40 77.40 79.80 79.53

evaluation. We see that both the hamming distance and the

LCS perform competitively, with LCS giving a slightly higher

fitness score in the majority of cases, but never being of a

significant difference. From this results we can conclude that

we can use the hamming distance as similarity metric, either

when we have no further domain knowledge which can be used

to define a stronger similarity metric or when the simplicity of

the hamming distance is sufficient to compare two genomes

in the genotypic space. Finally, we can compute the similarity

between any two chromosomes in linear time O(l) in contrast

to the O(l1 ∗ l2) running time and space complexity of LCS.

D. Subset Size

Figure 4a shows a box plot of step sizes compared up to

step size five, similar to figure 2, but with each pair denoting

the subset size of 9 with the first box and the subset size of

6 with the second box. By comparing every pair of boxes in

sequential order we can see how reducing the subset size from

nine to six affects the fitness performance. We can see that

as we had hypothesized, reducing the subset size decreased

the fitness performance. The difference in fitness performance

between using a subset size of nine versus six grows as we

increase the step size.

Figures 4b and 4c shows the performance comparison of

using a subset size of nine versus a subset size of 12 and 18.

We used factors of three, because that would still allow us to

display the subset on the screen a grid of three individuals per

row, or alternatively using a grid of six individuals per row.

From figures 4b and 4c, we can see that as the subset size

is increased, the fitness performance increases substantially.

On figure 4c we see how the last pairs of boxes, using a

step size of five, show a big gap in fitness performance from

doubling the subset size from nine to 18. While the shown

increase in fitness performance is highly desirable, it is also

accompanied by asking the user to evaluate twice as many

individuals at every interaction. This can result in the user

stopping the evolutionary process after a few generations,

leading to suboptimal solutions.

E. Noise

Introducing the Gaussian noise into the fitness evaluation is

analogous to having the user pick the second best, or third best,

etc., as the best solution from the individuals in the subset. The

smaller the noise (the smaller the sigma value of the Gaussian

noise), the more likely the virtual user is to pick one of the

solutions from the subset with the highest fitness value. On

the other hand, a larger Gaussian noise results in more erratic

evaluations by the virtual user.

How does the amount of noise affect the fitness perfor-

mance? Table IV compares the performance of the IGA

without noise and with Gaussian noise with sigma values

of σ = 1, 2, 5, from which we can see how increasing the

Gaussian noise affects the IGA performance for each step

size. The noise of σ = 1 has a small effect on the fitness

performance, while the noise of σ = 5 has a significant effect

on the fitness performance, especially for larger step sizes.

It has already been shown that a larger step size improves

fitness performance. However, the use of the larger step size

does not help when there is a large degree of noise in the

IGA evaluation. In fact, for all step sizes, 1 through 20, and

with σ = 5 we see the fitness performance converging to

values between the mid to low 60s. Given that the starting

expected fitness value of the individuals in the population for

the Onemax problem of size 100 is 50, a score in the low 60s

means that the algorithm has difficulty extrapolating in the

presence of large amount of noise. This would be analogous

to a user making inconsistent decisions while providing user

feedback. For example, if a user was evaluating a color scheme

for a UI, the user could show a tendency for colors with a blue

tone. However, it is still reasonable for the user to pick blue

tones for a few generations, and then to decide to start picking

UIs with a yellow tone. While enforcing consistency from the

user lessens the complexity of the problem solving by the IGA,

it can also inhibit the exploratory nature of the IGA. A user

change is not necessarily something negative, since one of the

key features which makes IGAs powerful is their ability to

allow users to explore many solutions quickly.

Figure 5 shows how the fitness performance is affected with

various Gaussian noise values. The box plots from figure 5

show pairwise comparison of the IGA without noise and with

Gaussian noise for each of the four subset methods. The first

eight box plots are for the IGA using a step size of one, t = 1,

the following eight box plots are for the IGA using a step size

of two, t = 2, and the last eight box plots are for the IGA

using a step size of five, t = 5. We only show the box plots

up to t = 5 because for the larger values of t, we saw similar

fitness performance to t = 5.

The boxplots on figure 5 are paired by color, wherein within

each colored pair the left boxplot represents the IGA with no
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(a) Subset 9 vs Subset 6

(b) Subset 9 vs Subset 12

(c) Subset 9 vs Subset 18

Fig. 4: Fitness performance comparison of using a subset size

of 9 solutions displayed to the user for evaluation versus subset

sizes of 6, 12, and 18.

TABLE IV: Fitness Degradation due to Noise
Step Gaussian Noise -

Sigma
Best Best Worst Random PCA

1 No noise 70.00 68.70 65.86 67.40
1 1 68.13 67.4 66.23 66.17
1 2 63.77 66.93 66.27 65.77
1 5 61.07 63.3 61.5 64.03

2 No noise 73.43 72.26 71.96 70.93
2 1 70.87 70.77 70.2 69.9
2 2 65.83 68.17 66.6 68.47
2 5 59.87 64.37 64.9 64.4

5 No noise 76.26 75.50 77.20 77.06
5 1 70.9 73.6 75.27 76.23
5 2 66.97 70.23 72.17 72.33
5 5 60.43 64.5 64.77 65.23

10 No noise 76.23 76.66 78.73 78.63
10 1 70.5 74.83 76.27 76.37
10 2 64.6 69.93 72.53 72.73
10 5 59.63 62.63 61.77 64.2

20 No noise 74.60 76.53 78.60 79.00
20 1 69.53 72.1 76.23 76.6
20 2 64.43 69.9 70.03 71.87
20 5 59.6 62.67 63.6 63.67

noise and the right boxplot represents the IGA with noise.

When using a Gaussian noise with σ = 1, as shown in

figure 5a, the fitness performance of the IGA with noise shows

a fitness performance comparable with the IGA with no noise.

The performance is comparable across all subset methods as

we increase the step size t, with the exception of the subset

method that displays the best individuals from the population.

The subset method that displays the best individuals from the

population is sensitive to noise because of its lack of diversity.

If a user were to pick the second or third best individual from

the subset as the best, then during the next evaluation the

subset would consist of individuals similar to the second or

third best, with no considerable progress in the fitness of the

population. Whereas a more diverse subset method, such as

random or PCA, would allow the user to potentially correct a

previous erroneous or inconsistent evaluation.

When using a Gaussian noise with σ = 2, figure 5b, the

fitness performance degrades further than when using σ = 1
as expected. However, even when using this larger Gaussian

noise, the fitness performance continues to improve when

using larger step sizes as in the case with the IGA with no

noise. This shows that a user is able to guide the evolution

towards high fitness solutions with a reasonable amount of

noise. With the Gaussian noise of σ = 1, the degradation in

fitness performance of the best subset method was statistically

significant for t > 1, since for t > 1 the confidence intervals

of the IGA without noise and with σ = 1 did not overlap. With

the larger Gaussian noise of σ = 2 the confidence intervals on

the box plots are spread farther apart, as is especially obvious

for t = 5, where the degradation in fitness performance is

statistically significant for all subset methods.

Figure 5c shows the fitness performance when using a

Gaussian noise of σ = 5. As the noise in the fitness

evaluation continues to increase, the fitness performance ends

up averaging in the low to mid 60s. With larger noise, the

use of a larger step size t yields no improvement on fitness

performance. Further, regardless of the value of t, all of

the subset methods perform similarly. Figure 6 shows the
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comparison of the IGA with Gaussian noise with σ = 1
versus σ = 5. From this we can conclude that the proposed

interpolation techniques are robust with a reasonable amount

of noise in the fitness evaluation. A user who provides poor

and inconsistent evaluations introduces noise into the fitness

landscape, resulting in the IGA converging to suboptimal

solutions.

F. Collaboration

We ask how the number of peers affects the IGA fitness

performance on the onemax problem. Figure 7 shows boxplot

for the fitness performance, with the IGA running with one

peer, two peers, three peers, four peers, five peers, and nine

peers. We can see that increasing the number of peers does

improve the fitness performance of the IGA. However, the

increase in fitness performance is moderate.

In the computational model of creative design, the indi-

viduals selected as the best from peers are always displayed

on the peer panel of the all the collaborators [1]. However,

in this study we analyze the relative importance of enforce

this requirement. Figure 8 shows the fitness performance of

the four subset methods when not displaying the individuals

selected as the best from peers, and when displaying the

individuals selected as the best from peers. We can see that the

performance of the random and the PCA subset methods are

the ones that improve the most. Overall, we can see the four

subset methods are evened out in terms of fitness performance.

By displaying the individuals selected as the best from peers,

the PCA and random subset methods improve in performance,

as these methods gain the benefits of displaying the individuals

with the highest fitness.

How does increasing the number of peers affects the fitness

performance? Figure 9 shows the fitness performance of using

an IGA with a large subset size, with 18 individuals in the

subset, versus displaying nine individuals from the user’s

population and displaying nine individuals belonging to peers.

From the boxplots we can see that using a larger subset

size yields similar fitness performance to collaborating with

peers while using an IGA. As we increase the number of

peers, the fitness performance improves. When allowing for

collaboration amongst a large number of peers, the chances of

one user finding a high fitness solution increases, since the user

can inject a solution from one of the many peers into his/her

own population. The collaborative process can be thought of

as parallel IGAs, and taking the maximum of all individuals

selected as the best by users, and using this maximum as the

user selected best of all users.

While the results show similar fitness performance for using

collaboration and having using a larger subset, this does not

imply that these two methods are equivalent and would yield

similar results. The collaborative IGA model was introduced

as a computational model of creative design, and the results

presented here do not reflect any assessment of creativity.

The results also do not reflect on the degree of diversity

in the corresponding populations of the two methods. From

our empirical observations we have seen that when using the

collaborative model with subjective problems, the population

(a) No Noise vs Gauss σ = 1

(b) No Noise vs Gauss σ = 2

(c) No Noise vs Gauss σ = 5

Fig. 5: Fitness performance comparison of various subset

methods without Gaussian noise in the user evaluation versus

Gaussian noise with σ = 1, 2, 5.
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Fig. 6: Fitness performance comparison for various subset

methods with Gaussian noise of varying magnitude: σ = 1
vs σ = 5

Fig. 7: Fitness performance comparison of different subset

methods with varying number of peers

Fig. 8: Fitness performance comparison of the subset methods

with and without displaying peer best solutions

contains a diverse number of high fitness individuals, whereas

individual IGA sessions usually converge to a single solution.

Fig. 9: Fitness performance comparison of large subset size

made up of varying degree of collaborative solutions

VII. CONCLUSION

User fatigue in IGAs can be detrimental to the user expe-

rience. Traditional IGAs rely on the use of small population

sizes and a small number of generations in order to mitigate

user fatigue. Consequently, this leads to limited exploration of

the search space. In addition, even if using a small population

size, evaluating individuals from the population over several

generations can result in the user losing interest and stopping

before finding a satisfactory solution.

Our fitness interpolation technique demonstrated how to

reduce user fatigue while effectively making use of the user

feedback. In this technique, a small subset selected from a

large population size is displayed to the user for evaluation

every t generations. The user selects the solution the user likes

best from the subset displayed for evaluation. By requiring

only a single evaluation every t generations, we can reduce

the amount of user evaluations. The use of a large population

size reduces genetic drift, reduces the likelihood of premature

convergence, and allows the user to explore a greater diversity

of individuals. It was found using our technique we can

reduce the amount of user feedback by tenfold compared to a

standard IGA using a small population size. In addition, the

evolutionary search can be effectively guided towards areas of

interest while evaluating only subsets of the population and

without an objective fitness component.

While the focus of this work is on the onemax problem,

the similarity and mapping between the onemax problem and

to subjective domain problems has been established. Thus, the

use of the onemax problem is a promising direction of research

which can significantly contribute to the empirical testing of

user fatigue mitigation techniques in interactive evolutionary

computation.
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