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ABSTRACT

Research about vibrotactile patterns is traditionally conducted with
patterns handcrafted by experts which are then subsequently eval-
uated in general user studies. The current empirical approach to
designing vibrotactile patterns mostly utilizes expert decisions and
is notably not adapted to individual differences in the perception of
vibration. This work describes GenVibe: a novel approach to design-
ing vibrotactile patterns by examining the automatic generation of
personal patterns. GenVibe adjusts patterns to the perception of an
individual through the utilization of interactive generative models.
An algorithm is described and tested with a dummy smartphone
made from off-the-shelf electronic components. Afterward, a user
study with 11 participants evaluates the outcome of GenVibe. Re-
sults show a significant increase in accuracy from 73.6% to 84.0%
and a higher confidence ratings by the users.
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1 INTRODUCTION

Researchers have evaluated a vast number of different tactile pat-
terns and mappings between data and vibrations, including magni-
tude, progress, colors, directions, and language [6, 7, 17, 25]. From
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this input researchers handcrafted universal vibrotactile patterns
based on prior trials and played them to humans in user studies.
However, as research into tactile perception has shown, human
individuals show a considerable variety in how they experience
tactile stimulation. For example, the perception of frequency differs
and cultural expectations influence the interpretation of rhythm
[23]. Further, Ferguson et al. showed that the polarity and magni-
tude of a data concept mapped to vibrations varies considerably
between individuals [9]. Even when looking only at one subject,
thresholds for vibration recognition highly depend on the contact
area, frequency, stimulus duration, waveform, attention, and age
of the subject [13]. All of these different factors make crafting a
set of vibrotactile patterns for a specific application challenging,
as the researcher or practitioner must incorporate the target user
group and their demographic, as well as the application and the
information that has to be transmitted. Another direction could be
to generate personalized sets of vibrotactile patterns that fit the
specific user and the specific application. However, there has been
very little research done into generative and personalized modes of
vibrotactile communication. In this work we aim to explore interac-
tive generation of vibration patterns. We propose requirements for
a generative approach to the creation of vibrotactile patterns, as
it has to navigate a non-linear and multi-objective solution space,
converge in an acceptable time to a solution, and needs to operate
with no or limited prior knowledge. We describe our approach to
fulfill said requirements in using a genetic algorithm and evaluate
the algorithm in a user study.

2 BACKGROUND AND RELATED WORK

Tactile displays have a multitude of applications and variants in how
the vibrations are administered and used [17]. Mobile phones are es-
pecially important applications for tactile pulses and present a clear
application case [14]. Brown et al. encoded the type and importance
of mobile phone notifications through rhythm and roughness [5],
they also described rhythmic patterns with music notes. While there
are concepts to increase effectiveness of notifications by increasing
their intrusiveness (see Giinther et al.), the existing research mostly
focuses on non-intrusive methods to increase effectiveness of notifi-
cations. Cauchard et al. indicated activity progress on a smartwatch
with countable rhythmic patterns [7]. Carcedo et al. signaled a po-
sition on a wristband between three tactile actuators with different
durations of sequentially played vibrations, indicating the color
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on a color wheel [6]. Similar experiments presented a cross-modal
correlation between color and vibration [8]. Increasing the number
of possible values for a dimension results in a higher expressiveness
of a mapping but with more values to choose from, differentiation
becomes more complicated as well. Therefore, a balance between
recognition and expressiveness is key to high information transmis-
sion. Azadi et al. found out that participants had difficulties with
a mapping of more than 5-6 different values on a single contact
actuator [4]. They reached a recognition rate of 73% to 83% for nine
tactons that were played eight times to participants. In another
study by the same research group, they found an overall recogni-
tion rate of 57% and information transmission of 1.72 bit s-1 for
eight tactons [4]. The latter result is similar to work by Ryu et al.,
who found a recognition rate of 53% and information transmission
of 1.68 bit/s on a set of 7 different tactons [20]. Further, Brown et al.
utilized 9 tactons and achieved a recognition rate of 71% [5].

An analysis of existing works in the field suggests non-linear
optimization for this problem because input parameters are not
correlated to outputs in a linear manner. Luzhnica et al. showed
that the sensitivity of the cutaneous sense is complex and does
not behave linearly to input values in general [15]. In their work,
the user could have three different mental models of vibration
intensity: 1) linear, 2) power, 3) log [15]. Steven’s law [22] defines
a non-linear relationship between the physical intensity and the
perceptive magnitude. These insights suggest the need for a non-
linear optimization algorithm.

In contrast to discriminative models classifying chunks of data,
generative models are capable of creating synthetic data. With the
rise of modern machine learning approaches like deep neural learn-
ing, Goodfellow et al. introduced Generative Adversarial Networks
(GAN) in 2014, a game theory inspired approach of two networks
playing against each other [10]. These methods usually operate on
random input variables drawn from a distribution such as a uniform
distribution. A conditional approach generates outputs of a specific
class instead of random noise — a selection with added random-
ness to an initial condition. In order to follow these data-driven
methods for algorithmic generation of samples from existing data,
distribution needs to be available. Currently, no structured data
sets are mapping between vibrations and their perception, although
multiple research groups described evaluations of vibrations. Seifi
et al. developed a tool called VibViz, which connects keywords
and impressions of participants to vibrations [21]. Nevertheless,
some generative models have been utilized to generate a vibration
pattern. Ujitoko et al. employed a GAN, generating vibrations based
on textures [24]. Participants interacted with a tablet through the
use of a custom-made stylus. The stylus imitated the properties of
the texture shown on the screen of the tablet. Abdulali et al. applied
a radial basis network for surface-based interaction and generation
of vibration-based on textures [1]. Pescara et al. made attempts
to optimize the parameters length and intensity for vibrational
patterns on a custom-made wristband in an effort to generate per-
sonalized vibration patterns [19]. Luzhnica and Veas optimized the
alphabet encoding for skin reading by optimizing the distributions
of vibrotactile patterns on multiple vibration actuators.
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3 DESIGN
3.1 Requirements

An adaptive generation algorithm needs to fulfill a set of require-
ments to fit into the described domain of vibrations.

3.1.1 Non-Linear, Multi-objective Solution Spate.approach
has to find a set of vibration patterns representing a spectrum
rather than a single optimal solution. Each pattern in the set should
have a high recognition accuracy, as well as a high pleasantness
rating. Therefore, this approach needs to solve a a multi-objective
problem which may require the usage of a Pareto-Front, where no
solution can improve performance on one objective without de-
grading another objective. Interactivity is essential to this approach
as we try to take advantage of user feedback for the creation of
patterns. Therefore, the proposed approach needs to incorporate
user feedback for optimizations. This can be achieved through a
request-response pattern where the algorithm plays a pattern to a
user who subsequently provides feedback about that pattern. Based
on the given scoring, the algorithm adapts the parameters used for
the generation of patterns.

3.1.2 Fast ConvergentiRer engagement has certain drawbacks,
mainly user fatigue. In addition, a lengthy setup process is not in
the interest of the user. User fatigue occurs on extended evaluation
sessions that require a high degree of concentration by a user.
When concentration begins to wane, a break and context switch is
necessary to regain some of this resource. As a result, we emphasize
fast convergence to minimize the needed concentration resource.

3.1.3 No Existing Datdaturally, it is challenging to balance be-
tween exploration and exploitation of a solution space. An algo-
rithm might follow one successful trait to a local optimum without
exploring the residual solution space for a global optimum. In the
past, any approach to vibrotactile pattern generation is driven by
an expert’s decision, relying on previous study results. As of yet,
research groups have not collected or provided reusable data sets,
which are essential to the training of data-intensive approaches
like deep neural networks, making it unfeasible to employ any of
these techniques without data collection. We therefore needed to
work with low demands of data or no existing data.

In conclusion, this approach needs to investigate interactivity for
fast convergence in a non-linear, multi-objective solution space with
no existing data. Based on the requirements discussed, this approach
pinpointed genetic algorithms with a human-as-a-function to be
the best means for the optimization of this problem.

3.2 Vibration Pattern

In previous works, researchers used music notes to describe the
vibration rhythm [5, 23]. GenVibe borrows terms from the music
domain to simplify the understanding of clustering and encoding.

A vibration pattern consists of one or more notes. An intensity
level describes a note as a percentage and duration is described
in milliseconds. For example, a note with an intensity of 50% and
a duration of 500 ms activates an actuator for 500 ms with the
consistant intensity of 50%. Figure 1 visualizes an example pattern
with three notes, each note consists of a tuple holding intensity and
duration. Pauses, for example, are tuples with a given length but
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Figure 1: Example pattern with three rhythmic blocks.

0% intensity. In the future, other features of a note might include
waveform or roughness.

3.3 Individual, Population, Generation

An individual contains data and fitness used by the evolution strat-
egy. On creation, the data field is necessary and needs to be filled,
while the fitness of an individual is assigned later. A population rep-
resents a group of individuals and offers extra functionality when
compared to a simple list of individuals. Researchers in the field
of genetic algorithms commonly use the terms of individual and
population. A generation holds a population with individuals, an
assigned number, and any submitted scoring of that generation. A
participant submits a score as an evaluation of the tested pattern.
There can be multiple scores to a pattern if evaluated multiple times,
but there is only one fitness value assigned to the individual.

3.4 Genetic Algorithm

Genetic algorithms encode solutions to a problem in a genetic
code to apply evolution-inspired methods. The genetic code of
an individual consists of a list of notes consisting of length and
intensity. As the mammal tactile perception has a low resolution
for vibrations, a high granularity in the encoding has only small
benefits, which is why our approach follows a note-like encoding.

Evolution-inspired methods include selection, mutation, and
crossover. In selection, the algorithm selects individuals from a set
for the next steps of mating and mutation. Crossover and muta-
tion are the sources of change in genetic algorithms. Thereby, the
crossover is the operator for the exploitation of the solution space,
while mutation is the operator for exploration.

Fitness Functiol compounded from recognition results, confi-
dence, and pleasantness:

I =21"1#+$

is either 1for correct or " 1 for incorrect, #
is the confidence of choice, and $ is the pleasantness. As discussed
earlier it is a weighted sum, multi-objective approach.

where ! is the fitness, '

Selection is achieved by tournament selection, the size of the
tournament is set by the parameter ts. For each position in the
population of the current generation, tournament selection selects
the better performer from a set of ts randomly drawn individuals.
An individual is better than another if its fitness value is in sum
higher. The selected individual can be part of mutation in the next
step or stay unaltered. After selection, crossover, and mutation,
there might be empty spots in a population, to keep the population
size constant high-performing individuals of past generations fill
these slot. Crossover of two individuals is a one-point crossover.
A random point between index zero and the shorter length of
the two individuals is chosen and used as a slicing pivot. After
slicing individuals into two parts, individuals exchange halves. The
joined halves form two new offspring. The probability of crossover
between two individuals in a population is set by the parameter CX
and can be between 0 and 1. The probability of mutation is set by
the parameter mt and can be between 0 and 1, if an individual is
selected for mutation, the bit mutation decides over the mutation
of each gene of the individual. Bit Mutation of a note is set by the
parameter bmt and can be between 0 and 1, the mutation replaces
the current note with a new randomly drawn note having no context
with the replaced note. The optimization of patterns can potentially
take place in two different moments in the process: after each
evaluation of a pattern or after evaluation of all patterns. GenVibe
applies genetic operators to the solutions after the evaluation of
all patterns in a generation. In the process of starting the genetic
algorithm, there needs to be an initial population of individuals.
This seed consists of randomly generated individuals with random
notes. The following constraints apply to the generation:

¥ Intensity can be 0%, 50% or 100%

¥ Note length needs to be between 50 ms and 600 ms

¥ Minimum accumulated length needs to exceed 800 ms

¥ Patterns can not start or end with a block of intensity level
0%

4 SYSTEM

While the genetic algorithm used in GenVibe could run on any plat-
form and an a multitude of haptic devices and wearables, we decided
to use a smartphone usecase to evaluate the system in the context
of today’s smartphone generation. We decided to use a dummy
smartphone as the physical platform to conduit the vibrations.

4.1 Case

As a case for our prototype we chose to emulate a 6 inch smartphone
due to their popularity and relevant dimensions. Additionally to
a relateable height, width, and depth, the dummy weighs 194 g
and has rounded edges. A close look and feel to a smartphone
favors a transformation of knowledge between test setting and
the real world. Unfortunately as a result of using breakout board
components inside the case, it was not possible to work with a
case as thin as a smartphone; instead, the thickness of the dummy
increased from 8.3 mmto 20 mm see the resulting case in Figure 2.

4.2 Hardware

We used the HUZZAH32 B ESP32 Feather Badtto-controller on
a breakout board manufactured by Adafruit [3]. The main purpose

AHs 0620, March 16D17, 2020, Kaiserslautern, Germany
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Figure 2: The dummy smartphone with the electronic com-
ponents inside.

of the board is to connect to the haptic driver DRV2605L by Texas
Instruments [12], which is provided on a breakout board by Adafruit
[2]. The driver supports ERM and LRA actuators, is controlled
through I12C, and has multiple modes. The 12C interface sets the
intensity level of the vibration. The microcontroller connects to the
driver through I2C, voltage supply, and one GPIO pin. The vibration
actuator is directly soldered to the connectors on the driver.

As a vibration actuator, the dummy smartphone uses a C10-100
by Precision Microdrives [18]. It’s a LRA actuator with a diameter of
10 mm) a resonance frequency of 175 Hzand an amplitude of 1.5¢g
A LRA actuator was chosen due to higher expressiveness than an
ERM. A variety of devices use such actuator, including cell phones,
game controllers, and virtual reality hardware. After setting a new
level, the chip will drive the actuator with the specified intensity
as long as no reset occurs. Additionally, the driver operates in a
closed-loop manner, handling the acceleration and braking of the
actuator automatically.

E. Pescara et al.
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Figure 3: Full Benchmark

5 EVALUATION
5.1 Algorithm Benchmark

As an algorithmic benchmark, we decided to run the algorithm
against the One Max optimization problem instantiated with invid-
uals holding 15 genes. For the One Max optimization problem an
individual with only ones at every gene reachest the highest fitness
value. Initially, individuals are seeded with a random combination
of zeros and ones. This approach allowed examining convergence
with different sets of hyperparameters for the algorithm and al-
lowed comparing the implementation to other Genetic Algorithm
implementations. The convergence of this implementation shows
consistent results when compared to other implementations. Fig-
ure 3 and Figure 4 show average fitness values of a generation for
different hyperparameters. In Figure 3 crossover probability is 60%,
mutation probability is 10%, bit mutation probability is 5%, tourna-
ment size of three, population size of 100, and 100 generations. The
used operators make it impossible to reach an average fitness value
of one, due to randomness. Usually, an algorithm terminates if it
reaches a certain threshold of mean fitness or if it finds an individual
with a fitness value higher than a threshold. In the above configu-
ration, the algorithm needed at least 35 generations to return one
individual with a fitness value of only ones. Figure 4 shows a more
appropriate set of hyperparameters for the vibration optimization
problem with the configuration of 90% crossover probability, 10%
mutation probability, 10% bit mutation probability, tournaments
size of three, and ten generations.

5.2 Preliminary Study

Before the main user study, we conducted preliminary studies to
analyze the first samples and generally test the setup. Participants
were encouraged to give qualitative feedback during the study.
Participants were recruited from the lab and given candy as a re-
ward. Each session lasted for approximately one hour and included
a briefing and familiarization with the graphical user interface. In
conversation with participants, three statements emerged:

¥ Comparing duration is difficult
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¥ Comparing intensity levels is easier than duration
¥ Comparing intensity levels is more difficult than rhythm

Furthermore, it seemed to be easier to recognize patterns with
constant pulses than slopes of multiple intensity levels. Participants
reported that some patterns are impossible to tell apart, although
these patterns were technically different. The algorithm ensured to
have only distinct patterns in a generation. Participants reported
less confidence over time, due to the high amount of newly learned
vibrations. Also, confidence drops within one evaluation round, as
the time between training and testing increases. The order seemed
to be important as well. Playing two similar patterns after each other
makes it easier to compare them. Participants described patterns
as "more distinguishable over time" and a more diverse population
in later generations of the algorithms. It was also possible to de-
crease the likelihood of further occurrences of unpleasant patterns
by rating them as unpleasant. In addition to recognition results
and interview notes, participants submitted their personal notes.
Three types of personal notes emerged: adjectives, music notes, and
intensity lines. Participants report difficulties when responding to a
test without their notes. By observing the samples, it became clear
that participants would not answer without looking at the notes
first. In discussions with participants, two cases emerged: more
confident selection result in higher pleasantness, but also more
pleasant patterns are easier to remember. Due to the difficulty of
our participants to create a mental model of the generated vibra-
tions we decided to incorporate the notes also in the main study to
help our participants and get insights into how their mental model
of the vibrations worked.

5.3 Main Study

For the evaluation, we invited 11 participants to our lab (8m, 3f)
with an age range from 22 to 35. Participants gave their consent to
store and process their data, including information about gender
and age. Each participant received sweets at the end of the session.
The total duration of a session was between 48 min and 75 min,

Pattems without
evaluation > 0

Figure 5: User Flow during the main study

Figure 6: Setup for the user studies.

depending on the participants individual performance and if and
how long breaks were.

5.4 Procedure
The genetic algorithm was initialized as follows:

¥ Individuals per Generation: 7
¥ Number of Generations: 10
¥ Crossover probability: 90%

¥ Mutation probability: 10%

¥ Bit mutation probability: 10%
¥ Tournament size: 3

At the beginning of every session the participants were briefed
about the study and the interface, next they were free to test the user
interface to familiarize with it. The initial test run aimed to minimize
learning effects of the interaction during the actual run. Participants
wore earphones with white noise played to mask the sound emitted
by the vibrations, they were asked to adjust the volume to avoid
hearing any vibration noises during the study. Participants took the
test on a clear desk without any distractions, see Figure 6. Notes
are on the right, while the participants hold the device in their
left hand. Due to the complicated and lengthy task of the study
participants needed a high amount of concentration, participants
were encouraged to take breaks and regain concentration if they
felt their concentration was waning.

The study itself consisted of three steps seen in Figure 5. First a
short introduction to the study with an introduction to the experi-
ment and all instructions for the following steps.

AHs &20, March 16D17, 2020, Kaiserslautern, Germany
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On the training page, participants learned all patterns by clicking
on the presented numbers. A click on a number would play the
pattern on the actuator. When ready to proceed, participants would
click on the ‘Next Step’ button. Initial user testing uncovered rushed
skipping of training. As a solution, the final version contained a
confirmation pop-up, which has to be clicked before proceeding to
the evaluation page.

On the evaluation page, a participant could press 'Play’ multiple
times to play the pattern on the actuator. A participant was asked
to identify the played participant by clicking on the corresponding
number, learned on the training page. In addition, participants
were asked to rate their confidence and pleasantness on a 10-point
scale each. After submission of an evaluation result, a user would
either be shown a new test page, indicating more patterns to be
played or a training page with the next generation patterns. In each
generation each pattern would be tested three times, testing order
was randomized for each generation.

Throughout the multiple rounds of training and evaluation, the
number of patterns per generation would not change, but rather be
always 7 patterns.

5.5 Notes

During the training phase of a generation, each participant made
notes about the vibrations that was experienced. These notes helped
to distinguish between the different patterns. It also gives clues
about the cognitive model of a vibration for the user and helps to
understand the user. Three methods of note-taking were found to
be used: written adjectives, music notes, and lines. Line-based notes
were the most common among participants, while music notes
were rare. In this way, a line indicates the changing intensity levels
during the play of a vibration. In later generations, participants
stopped making notes for each pattern but only noted changing
patterns. Usually, a dominant pattern group emerged, consisting of
2-4 patterns with very distinguishable features. Therefore, partici-
pants recognized them quickly. At the end of a session, participants
could compare their notes with the actual plots of the patterns.

5.6 Results

5.6.1 Accurac¥igure 7 shows results for recognition. In the first
generation, the mean recognition rate is 736 %with a standard
deviation of 119 %In the last generation, the mean is 840 %with
a standard deviation of 119 %

There is a significant improvement of the recognition rate over
the course of the study between the first and the last generation
(paired t-test, t(10)= 2.6312, p<0.05) with a large Cohen’s d effect size
of 0.87. Also, Figure 7 indicates an increasing trend over time. These
results are comparable to prior works, for example Ryu et al. uses
seven tactons and achieves recognition for 53 %{20]. In addition,
the recognition results show a trend towards higher values in the
last generations of a session. This indicates a successful adaptation
of the vibration patterns to the individual vibrotactile perception
of a participant.

5.6.2 Confidenceé\s shown in Figure 8, confidence has a signif-
icant change over time. In the beginning, mean is 696 %with a
standard deviation of 151 % while in the end, mean is 77.9 %and a
standard deviation of 111 %

E. Pescara et al.
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Figure 8: Confidence in Percent.

There is a significant improvement of the confidence over the
course of the study between the first and the last generation (paired
t-test, t(10)= 2.7616, p<0.05) with a moderate Cohen’s d effect size of
0.87. The increase in confidence over time suggests two outcomes:
participants are more familiar with vibrations at the end of a ses-
sion, and patterns are easier to distinguish. Participants make more
confident decisions about vibrations generated by GenVibe.

5.6.3 Pleasantnedss can be seen in Figure 9, there are no signifi-
cant changes in pleasantness (paired t-test, t(10)= 0.70557, p>0.05)
with a small Cohen’s d effect size of 0.26. In the first generation
average pleasantness is 57.1 %with a standard deviation of 10.0 %
while in the last generation mean is 595 %and standard deviation
7.9 %In conversation with participants, they reported difficulties
to quantify pleasantness and effectively compare patterns based on
pleasantness.
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5.6.4 Response Tinuring the user study, participants took
breaks resulting in wrong response times. Figure 10 shows changes
in response time over the ten generations. The starting mean is
17.6 sand standard deviation is 5.2 s The final mean is 9.3 sand
standard deviation is 2.0 S There is a significant reduction in re-
sponse time over the course of the study between the first and
the last generation (paired t-test, t(10)= 6.2009, p<0.05) with a very
large Cohen’s d effect size of 2.12.

Figure 11 plots the average amount of times a participant played
a vibration pattern on the evaluation page (see Figure 5). In average
participants played every pattern 4.1 times with a standard devia-
tion of 2.7 in the first generation. In the last generation, participants
played vibration patterns 2.7 times with a standard deviation of
0.9. There is no significant change in plays over the course of the
study between the first and the last generation (paired t-test, t(10)=
2.0544, p>0.05) although is has a moderate Cohen’s d effect size of
0.74.

Plays (count)
>

0 T T T T T
2 4 6 8 10
Generations

Figure 11: Plays in Number of Plays.

The response time (see Figure 10) and amount of plays suggest
a substantial improvement in reaction. In the last generation of a
session, participants responded almost twice as fast, with only % of
the plays. This improvement suggests that these populations are
easier to recognize for the participants. The individually optimized
vibrations show quick recognition.

5.6.5 Personal Vibrationss the vibrotactile patterns are person-
alized by a generative model the patterns differ between the partici-
pants, therefore it is hard to compare the patterns in their structure
between participants.

We show three different samples of vibrations in the last gen-
eration. Each plot compares the total duration with the number
of changes in a pattern. A change describes a switch between two
intensity levels. For example, a break as part of an otherwise monot-
onous pattern means two changes. In comparison, all three show a
different set of patterns in the last generation.

The first participant has roughly the same length vibrations
with different amount of changes (see Figure 12. In the second
sample, each vibration has a minimum length of approx. 800 mgsee
Figure 13. The third participant selects a wider range of vibration
lengths, containing very short vibrations as well (see Figure 14).

The diversity of results for the last generation suggests the im-
portance of individual differences in tactile perception. GenVibe
selected the best performing patterns for each participant. Thereby,
each participant has preferences regarding patterns.

6 DISCUSSION

The results show an improvement in recognition and confidence
the end of the user study. This prompts two different reasons: Par-
ticipants became better through practice, vibration patterns are
adapted to individual perception. While this work highlights the
individual differences of resulting vibrations, it is clear that partici-
pants also improved their vibrotactile perception. It was the goal to
minimize learning effects through preliminary rounds of training
and evaluation.
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7 CONCLUSION AND FUTURE WORK

In prior works, researchers mostly utilized existing expert knowl-
edge or random guessing for the generation of vibration patterns
and tested said patterns with an audience without any individual
modifications. We explore a novel approach to answer the question
of how vibration patterns can be created. GenVibe uses an instance
of genetic algorithms, during multiple evaluation rounds, a popu-
lation of vibration patterns adapts to individual preferences of a
particular user. In this way, GenVibe exploits the personal differ-
ences in the cutaneous perception of a human. Differences are not
only limited to the sense but also the mental model of vibrations
and originate from differences in gender, age, culture, and activity.
Although genetic algorithms are known for a slow convergence to
an optimal solution, we chose to work with one due to the lack of
prior data and the ability to of a genetic algorithm to start with very
limited data. Many evaluations drain concentration of participants
leading to user fatigue ultimately, so we chose to stop after ten
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Figure 14: Last generation vibrotactile patterns. Example 3.

generations, and even that might be too long. We would like to
work on a faster convergence in the future, possible solutions could
be an estimator to the system that learns from prior evaluations and
can be used to train the genetic algorithm. A deep neural network
estimating fitness values for individuals could enable us to train
the model partially without user input and thus lead to a faster
convergence.
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