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Abstract: Interactive Evolutionary Computation (IEC) merges traditional Evo-
lutionary Computation with subjective human evaluation, eliminating the quan-
titative fitness function used in standard methods. By leveraging principles like 
selection, mutation, and recombination, IEC applies user feedback to guide evo-
lutionary processes, making it particularly suitable for creative and subjective 
tasks. A notable application is Multi-Objective Interactive Genetic Algorithms 
(MO-IGA), which balance conflicting objectives by integrating qualitative hu-
man input with quantitative criteria, as seen in product design scenarios. 

IEC has proven invaluable in domains such as art, music, and user interface 
design, where subjective human preferences are central. For instance, humanoid 
robots can learn aesthetic dances through human-aided evolutionary algorithms, 
while personalized music compositions are generated by analysing indirect phys-
iological feedback. These applications demonstrate IEC’s capability to adapt 
technology to human creativity and emotions. 

However, challenges persist, particularly user fatigue during extensive evalu-
ations, which can impact feedback quality and efficiency. Techniques like indi-
rect feedback collection (e.g., eye-tracking) and collaborative user inputs aim to 
address these issues. Additionally, advancements like large language models en-
hance IEC’s potential by improving user interaction and understanding subjective 
feedback. Emerging applications include customizing video game NPC behav-
iours and adaptive medical devices, showcasing IEC’s growing versatility. De-
spite its challenges, IEC represents a transformative approach for integrating hu-
man intuition with computational efficiency across diverse fields. 
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1 Principles of Interactive Evolutionary Computation 

1.1 Definition 

Interactive Evolutionary Computation, also known as IEC, is a branch of Evolutionary 
Computation, also known as EC.  
Like EC, IEC is inspired by the principles of natural evolution and genetics and simu-
lates evolutionary processes such as selection, mutation, recombination or survival of 
the fittest. IEC differs, however, in that it combines this evolutionary calculation with 
subjective human evaluation and selection. In other words, there is no quantitative cal-
culation of the fitness function and selection operation in IEC. 
 

Fig. 1. Evolution strategy of GA and IEC taken from [2]

 

1.2 Multi-objective IGA 

Let's take the example of multi-objective IGA, also known as MO-IGA, to understand 
how interactive EC works. My explanations are based on research by Alexan-dra Me-
like Brintrup, Hideyuki Takagi and Jeremy Ramsden [1]. 
A MO-IGA is a version of the standard IGA designed to solve problems with multiple, 
sometimes conflicting, objectives. This is where it differs from conventional IGA, 
which focuses on a single objective such as aesthetics or ease of optimisation. MO-IGA 
aims to balance the trade-offs between multiple objectives, while incorporating subjec-
tive user feedback to guide the evolution process. A simple example of the use of MO-
IGA is in the context of product design. In this case, not only aesthetics but also cost 
and ergonomics have to be considered. 
Here are the main steps of the algorithm with examples: 
Step 1- Initialise the population  P0 with N number of random solutions. 
Step 2- Display the offspring individuals, in this case the solutions of P0, to the user 
and ask them for an evaluation, for instance on the aesthetic of each offspring, which 
can only be evaluated qualitatively. 
Step 3- Calculate the fitness for what can be done quantitatively, for example the cost 
of the offspring. 
Step 4- Sort and rank the population P0 for non-domination. 
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The idea is to group solutions into different Pareto fronts based on their dominance 
relationship. They can then be ranked according to their degree of non-dominance, 
starting with the least dominated group [4].  
A solution A dominates a solution B if: 

- A is never worse than B in any objective 
- A is better than B in at least one objective  

Solutions are classified by their level of non-domination, starting with the most non-
dominated (Pareto-optimal) solutions. 
Let’s take an example: 
 

Table 1: Solutions example 

Solution Objective 1 Objective 2 
A 5 4 
B 3 4 
C 4 5 
D 6 3 

In this example: 
- A dominates B 
- There is no domination between A and C 
- There is no domination between A and D 
- C dominates B 
- There is no domination between B and D 
- There is no domination between C and D 

We then group the solutions that are not dominated in the Front Pareto F1. In this ex-
ample: 

F1 = {𝐴𝐴,𝐶𝐶,𝐷𝐷} 
The second Front Pareto F2 contains the solutions that are only dominated by F1 , here: 

F2 = {𝐵𝐵} 
Step 5- Calculate the crowding distance of each solution 
To do this, we use the Front Pareto groups we created earlier.  
For each Front Pareto group and each objective, sort the solutions in ascending order. 
Let’s call 𝑑𝑑𝑖𝑖 the crowding distance of a solution i. If i is an extreme solution (in the 
example above, for example, with the smallest value for instance), then  

𝑑𝑑𝑖𝑖 = ∞   
else  

𝑑𝑑𝑖𝑖 =  �
𝑓𝑓𝑘𝑘,𝑖𝑖+1 − 𝑓𝑓𝑘𝑘,𝑖𝑖−1

𝑓𝑓𝑘𝑘,𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑓𝑓𝑘𝑘,𝑚𝑚𝑚𝑚𝑚𝑚

𝑀𝑀

𝑘𝑘=0

 

With M the number of objectives, 𝑓𝑓𝑘𝑘,𝑖𝑖+1 and 𝑓𝑓𝑘𝑘,𝑖𝑖−1the values of the neighbours of i in 
the objective k, 𝑓𝑓𝑘𝑘,𝑚𝑚𝑚𝑚𝑚𝑚  𝑎𝑎𝑎𝑎𝑎𝑎 𝑓𝑓𝑘𝑘,𝑚𝑚𝑚𝑚𝑚𝑚 the maximum and minimum values in the objective 
k. 
Using the example above, for F1 = {𝐴𝐴,𝐶𝐶,𝐷𝐷}: 

- Sorting for objective 1: C,A,D 
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- Sorting for objective 2: D,A,C 
Because C and D are respectively the smallest value for the objective 1 and 2, we have: 

𝑑𝑑𝐶𝐶 = 𝑑𝑑𝐷𝐷 = ∞   
And for the solution A: 

𝑑𝑑𝐴𝐴 =   
𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜1,𝐷𝐷 − 𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜1,𝐶𝐶

𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜1,𝐷𝐷 − 𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜1,𝐶𝐶
+ 
𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜2,𝐶𝐶 − 𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜2,𝐷𝐷

𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜2,𝐶𝐶 − 𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜2,𝐷𝐷
= 2 

 
For F2 = {𝐵𝐵}, 𝑑𝑑𝐵𝐵 = ∞   
Step 6- Select the solutions with the least crowded distance in P0 
Step 7- Perform cross-over and mutation operators to create offsprings O0 of size N 
Step 8- Generation count i= 0 
Step 9- Combine Pi and Oi to get Ri of size 2N 
Step 10- Rank and calculate crowding distance of the population Ri for non-domination 
Step 11- Sort Ri according to non-domination rank 
Step 12- Fill new population Pi with the sorted population Ri while Pi< N 
Step 13- Sort the remaining population Ri by crowding distance 
Step 14- Include the most widely spread solution of Ri to Pi 
Step 15- Perform cross-over and mutation operators to Pi to produce offsprings Oi+1 of 
size N 
Step 16- Display the offspring individuals, here the solutions of Pi, to the user and ask 
them for an evaluation 
Step 17- Calculate the fitness for what can be done quantitatively, for example the cost 
of the offspring. 
Step 18- If the user asks for termination or if the number of generations is reached, end 
the program. Otherwise, i = i +1, go to Step 9. 

2 Applications 

2.1 Art and Design 

Fields such as art and design typically don’t work well with the world of algorithms 
and computation. In fact, they represent one of the most difficult parts of the human 
intelligence to reproduce as they involve creative choices that cannot be easily ex-
plained and are often done in a highly subjective and instinctive manner. Interactive 
Evolutionary Computation can be used in these exact situations, where human input is 
necessary to understand what makes a piece of art attractive or vice versa. IEC will, 
after multiple interactions with the user, get a better understanding of a general aesthet-
ical ideal. 
 
This is especially true with dancing. A human will dance instinctively to the music he 
hears without knowing why these movements are the proper ones for this type of music.  
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The idea of making a humanoid robot that “learns some associations between music 
and movements through an internal mechanism of evaluation, and by means of a genetic 
algorithm”[5] was proposed by Adriano Manfré, Agnese Augello, Giovanni Pilato, Fil-
ippo Vella and Ignazio Infantino. For the idea of making a robot dance aesthetically to 
work, music is first categorized thanks to objective data such as speed (Beats Per 
Minutes) and intensity. According to this, a dance is generated using a mix of both long-
term memory (saved passed actions and movements for evolutionary learning) and the 
assessment process (internal and external fitness types). The internal one represents an 
opinion based on given models, and the external one represents the verdict of an audi-
ence. Using this method, the humanoid robot learns by saving the most appreciated 
dances. Without this external assessment process, the robot wouldn’t be encouraged to 
be innovative and would struggle to improve this fast. 
 
Music generation could also be done using the same techniques. As Yan Pei states in 
its research: “IEC provides an implementation pathway to create music compositions 
and sound synthesis that are more human-like.”[6]. Music can be judged in an indirect 
way thanks to natural body reactions such as the changing heart rate. This method could 
be used to create user-tailored music recommendations in the context of a music-
streaming service. Everyone could get a different experience thanks to preferences 
given implicitly (skip a song means disliking it and on the contrary, listening to it until 
the end means liking it). These represent emotion-driven preferences that are impossi-
ble to replicate without IEC. 

2.2 Other Professional Use Cases 

Everything that requires (or is based on) user feedback is a good candidate for using 
IEC. For example, user interfaces[7] can be upgraded by showing different types to the 
users and let them decide which they instinctively prefer. The same came be applied 
for recruitment[7]: teaching the algorithm to judge applicant files automatically. Fi-
nally, in the medical[7] field, hearing aids can be programmatically adapted for each 
patient. 

3 Challenges 

3.1 The user fatigue challenge  

In 2019, two Japanese scientists, Makoto Fukumoto and Yoshiko Hanada [3], investi-
gate the efficiency of IEC and how asking humans for multiple ratings could affect 
potential biases in the solution and feedback delay.  
 
To do this, they used a system of Interactive Differential Evolution, also known as IDE, 
which generates sign sounds. The aim of this algorithm was to design “a ’bright’ sign 
sound suited to each user’s feeling.”[3]. 
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The experiment was then divided into two study groups. Each group had to make thirty 
evaluations, giving a score between 1 and 7 for each new solution.  
However, the first group had to complete all the ratings in one go, or one day, while the 
second group had to spread the ratings over two days. The researchers then tried to 
record both the scores and the time taken for each person in each group so that they 
could be compared. The scores recovered were those of the 0th, 14th and final iteration. 
 
Surprisingly, the scientists found the same trends in both groups, both in terms of the 
algorithm's search space and the reduction in the number of candidate solution modifi-
cations. Similarly, the fitness function increased almost identically in both groups. 
However, as expected, there was a difference in the evaluation time between the first 
and second groups, with the second group being faster. 

3.2 Impact of the user fatigue 

This study simply shows that the main problem with IEC is user fatigue. This fatigue 
can easily occur, especially with large populations or large numbers of generations, as 
was the case in the study above. It then affects the user's feedback delay by reducing 
the speed with which the user will evaluate and provide feedback.  
 
Finally, all this has an impact on the evaluation capacity of IECs. In fact, we can't eval-
uate the same number of solutions with a computer, which can evaluate thousands of 
them, and with a human, who usually evaluates between 10 and 20 generations. It is for 
this reason that new algorithms are attempting to combine qualitative and quantitative 
fitness, reducing the number of evaluations by the user while allowing a large search 
space [1]. 
 
These challenges give rise to other problems such as the notion of user bias or scalabil-
ity.  
 
Another issue is the choice of interface to enable the user to judge a solution. Users will 
not give the same feedback if, in order to evaluate a sound, they are shown musical 
notes on the one hand and the sound on the other. 

4 Evolution 

4.1 Integrating Other Technologies 

Large language models (short, LLM) such as GPT-4 (Open AI) appeared to the public 
quite recently. They are a step forward to create more human-like behaviours as they 
make understanding and generating text possible. This can be used alongside with in-
teractive evolutionary computation to upgrade certain processes. One of them is the 
understanding of the human feedback[8]. Indeed, it could be used to let the user freely 
express their opinion on the given material to assess, instead of relying on binary input 
fields or scales.  
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The interaction would be more natural and help the user give more details and emotions. 
The LLM will optimize the given feedback and extract the key improvements to be 
made.  
LLMs could also be used not only to understand the user input, but to generate natural 
questions as well, making them less neutral and more human-like. Users are better mo-
tivated when the interaction feels less generic. 
 
Another technology that could be integrated into the process could be the use of indirect 
feedback methods, such as eye tracking. It was indeed researched by Hiroshi Takenou-
chi and Masataka Tokumaru in 2018[9]. It is used in the context of overcoming user 
fatigue by reducing manual input requests while avoiding the use of additional devices 
for the user to wear. The presented “E-IEC” method shows the user successive panels 
with eight candidate solutions each. The appreciation for one candidate solution is 
measured in the number of gazes on it in relation to the others presented. 
  

Fig. 2. “Outline of the E-IEC system” taken from [9]

 

4.2 New User Interactions 

As stated previously, one of the main challenges of IEC is the user fatigue. Overcoming 
the issue could be done thanks to diverse methods. Indirect feedback (using eye tracking 
for example) is one solution, as the user does not have to manually enter its feedback, 
and it is less prone to change with time. Another solution would be user collaboration: 
users could work together in assessing content which would make them more efficient 
longer. 
 
IEC can also be used to create new user experiences. It was used by Patrikk D. Søren-
sen, Jeppeh M. Olsen and Sebastian Risi to make an NPC move in the Super Mario 
Bros. video game. In fact, users could choose the movements they preferred for Mario 
to perform. These inputs were used in the character’s controlling neural network that 
lead to diverse movements performed programmatically. Users thought the process was 
enjoyable and engaging[10]. This approach could be extended to other games, allowing 
players to design NPC behaviours in a creative and intuitive way. 
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