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Genetic Algorithms for human-like expressions in an autonomous vehicle
Alberto Gosélvez White, Rébert Fjolnir Birkisson

Department of Mechanics and Maritime Sciences

Chalmers University of Technology

Abstract

Advancing Al technologies have bridged the gap between science ction and reality,
and a future where advanced human-robotic interaction is common doesn't seem far
away. While Al models are getting smarter in conversation and reasoning they are
still missing a crucial piece in human communication, namely facial expressions.

In this project, we investigate the prospect of using a Genetic Algorithm with Be-
havior Trees to create the illusion of having emotions for an autonomous vehicle.
The vehicle, called Will-e, determines on its own an appropriate emotional state and
then expresses those emotions using LED-matrices in the form of eyes and a mouth.
We implement these algorithms, train them, and test them in a populated setting
and explore how people interact with the robot.

Keywords: Behavior tree, Genetic algorithms, autonomous robot, human-robot in-
teraction, emotions, social robotics.
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Introduction

Human-robot interaction has been a large research topic in the last few years, espe-
cially with advancing Arti cial Intelligence technologies. Another focus has been on
Autonomous Robots which can use some human inspired features to communicate
with people.

The idea of adding emotions to these robots to signal their internal states seems like a
next logical step and indeed it has been implemented and researched in various areas,
such as in the service industry [2] and in human-robot collaboration [3]. Designing
robot interaction patterns can however be tedious work and potentially prone to
many biases or faulty ideas on how we humans want to interact with robots. An
interaction pattern or design that evolves from human input could therefore be of
great value by minimizing these biases.

1.1 Purpose & Objective

The primary objective of this project is to develop and test an algorithm that en-
ables a small autonomous vehicl&Vyill-e, to simulate human-like emotions through
its interactions. The main goal of the algorithm was to learn which expressions to
display on the front of the vehicle making it fun for people to interact with it.

The algorithm we decided to create is based on the use of Behavior Trees (BTs)
[4] in combination with Genetic Algorithms (GAs) with an objective of attracting
people to the robot and keeping them engaged with it for as long as possible. The
successful implementation of the algorithm demonstrates that it is possible to sim-
ulate engaging human-like emotions in autonomous vehicles, thereby validating our
initial hypothesis that GAs combined with BTs can enhance Human-Robot Inter-
action. Other simpler decision-making problems could be solved using an approach
similar to the one explored here.

1.2 Background

Human-Robot Interaction is a relatively new eld of research, encompassing diverse
areas such as perception methods, motion planning, cognitive models, and coordina-
tion strategies [5]. Emotions are particularly signi cant in deepening communication
between robots and humans [6].
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As already mentioned, the key part of our project was the algorithm that deter-
mines the expressions shown, which was based on BTs and GAs, but we also had to
overcome other imposing challenges. We structured it so that we could separately
handle the perception of the environment, the actions of the robot and the decision-
making process.

A Behavior Tree (BT) is an extension of a Finite-State Machine and a mathemat-
ical model of a plan execution. They can create very complex tasks by switching
between and combining simple tasks and so can simulate complex behaviors while
still being easy to understand.

Genetic Algorithms (GAs) are learning algorithms, part of Evolutionary Algorithms
[7], used for optimization of complex problems. They use biologically inspired meth-
ods such asnutation, crossoverand selectionto generate solutions which get itera-
tively higher in quality.

1.3 Context & Scope

This thesis was suggested and supervised by the company Semcon who had already
modi ed a small one-person vehicle into a autonomous vehicle they call&dill-e.
They wanted to incorporate some facial features into Will-e in order tégive life to

it". We decided that an achievable goal for Will-e was to attract people and interact
with them in places such as conferences and fairs.

As our thesis focuses on software, we constrained ourselves to only implement the
absolutely necessary hardware changes needed for this project. Additionally, because
training and testing with real people takes a long time, we had to implement some
special strategies in order to shorten the training times.

1.4 Thesis Contribution

Our ndings show people's reaction towards an autonomous vehicle showing expres-
sions with various emotions. The method used to determine these expressions is
an uncommon approach of combining BTs and GAs together, which can be used
in other contexts if needed but are used here as a novel method of determining
expressions and emotions for a robot.
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Theory

Our project covers many di erent topics and is in uenced by many diverse elds.
Since it is about the development and experimentation of a social robot, it is com-
posed of crucial elements which necessitate explanation, such as aspects of human-
robot interaction, emotional psychology and the algorithms used for the creation of

a sensible decision-making module.

2.1 Human-Robot Interaction

Human-Robot Interaction (HRI) is a multidisciplinary eld that studies the rela-

tion and interactions between humans and robots. HRI research is comprised of
contributions from diverse sources such as human computer interaction, arti cial
intelligence, robotics, natural-language processing, design, psychology and philoso-

phy.

Some of the general aspects of HRI research relate to methods for the robots to per-
ceive humans or surroundings, e.g. through the use of cameras, speech recognition
with natural-language processing models or any type of physical sensor used for the
purpose of understanding their environment [8].

HRI has a large e ect on various robotic technologies including industrial collabora-
tive robots (COBOTS) [9] working with humans; autonomous driving; exploration,
search and rescue missions; medical applications such as surgical robots [10], for re-
habilitation [11] [12] or healthcare [13]; social applications like therapy robots [14],
educational [15] and robotic toys that play with you and show emotions [16].

(@) Davinci, a (b) A COBOT, (c) Paro, asocial (d Cozmo, a
surgical robot UniversalRobots robot toy robot

Figure 2.1: Examples of HRI applications in di erent robots. These robots either
enhance human work or communicate with humans.
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Social robots are autonomous robots that communicate and interact with humans,
often mimicking human social expressions such as emotions, body language and be-
haviors. A large body of research has gone into exploring the interaction between
humans and social robots, especially related to emotions [16].

2.2 Emotions in robots

Humans have a strong propensity to anthropomorphize anything, especially ani-
mated entities, therefore exploiting this bias for robotics is potentially very powerful.
The ability to convey emotions convincingly could serve as a way to enhance human-
robot interaction [2] [6]. The capability of robots to express emotions through facial
expressions, body language, and other non-verbal cues is a growing area of research
within the elds of robotics, arti cial intelligence (Al), and human-computer inter-
action (HCI) and could help with human-robot collaboration in the future [3].

Expressions play a fundamental role in human communication, serving as a primary
medium through which emotions are conveyed and social bonds are formed. Gener-
ally it is accepted that six basic facial expressions of emotions are universal: anger,
fear, enjoyment, sadness, disgust and surprise. [17]. In theory all emotions can be
formed as a combination of these basic ones.

(@) Image taken from The Grimace
project, an experiment to analyze how well
cartoon expressions show their intended
emotion. [18]

Figure 2.2: The six basic facial expressions of humans that are commonly consid-
ered to be universally recognized no matter the culture.

Providing robots with the ability to express emotions, fundamentally, has the goal
of a ecting humans. Examples of reasons for simulating emotions in robots can be
to warn humans about something, to catch their attention, to lift their mood in

4
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an empathetic way, to joke when working on boring tasks or to induce a desired
behavior the robot may want for the human [19]. An undesirable consequence of
robotic emotions is theuncanny valley e ect[1]; the hypothesis that the likeability

of something resembling a human depends on how closely it does and how there is
an area where the likeability drops sharply.

Figure 2.3: Original representation of the uncanny valley e ect (Masahiro Mori,
1970)[1]. People are unnerved by things that resemble a human but are distinctly
not human, like zombies or creepy dolls.

Relevant to this project, we implemented the basic universal faces on Will-e with
addition of two more, a neutral face and aeuphoric face which is more happy
than joy. However, after implementing the faces we noticed thdear, disgustand
surprise were all ambiguous i.e. easily misinterpreted, and so they were not used
for this project. The reason for adding theeuphoric face was to balance out the
positive and negative emotions so that we had the same number of each, namely
two negative, two positive and one neutral.

(a) Anger (o) Sadness (c) Neutral (d) Happiness (e) Euphoria

Figure 2.4. The facial expressions of Will-e used in this project. These expressions
were created by combining di erent eye and mouth con gurations and were essential
for testing the response of human subjects.
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(@) Surprise (b) Disgust (c) Fear

Figure 2.5: Unused faces of Will-e. When tested, people felt they were too am-
biguous for our experiments.

2.3 Behavior Trees

A Behavior Tree (BT) [4] is a structured graph that determines when an autonomous
agent should switch between tasks. BTs are an e cient way of creating complex
behaviors that are modular and reactive, which are crucial properties in many appli-
cations. These properties have allowed BTs to spread to many branches of Arti cial
Intelligence (Al) and Robotics.

Figure 2.6: An example of a simple high level BT for a robot to carry out a task
consisting of rst nding, then picking and nally placing a ball.

2.3.1 Formal de nition

A BT is a directed rooted tree where internal nodes are callecbntrol ow nodes
and leaf nodes are calleéxecution nodesAll control nodes have at least one child
and all nodes have exactly one control node parent, except the root. A BT starts its
execution by sending execution signals, call¢idks, from its root node to its children
at a given frequency. A node is executed only if it receives this tick. The child im-
mediately returns Running to the parent, if its execution is under way,Successf it
has achieved its goal, oFailure otherwise. In the classical formulation, there exists

6
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four categories of control ow nodes but only two will be explored here&equences
and Fallbacks and two categories of execution nodegctions and Conditions.

Sequencesend ticks to their left-most child rst and if the child returns running or
failure, the Sequence returns the same. Otherwise, if the child returi@iccessthe
Sequence sends ticks to the next child. In other words, a Sequence only retwsas-
cessif all its children return successrunning if any of the children return running

and failure otherwise.

Similarly, Fallbackssend ticks to their left-most child rst but return successf any
of their children return success running if any of their children are running and
failure otherwise (if all their children return failure).

When Actions receive ticks they run some speci ed code, often performing opera-
tions or functions. They return running if the action is currently being performed,
failure if the action fails for some reason anduccessf the action succeeds.

Conditions nodes immediately check a condition as soon as they receive a tick and

therefore can only returnsuccesr failure if the condition is true or not respectively.
Usually, the Condition nodes check the state of the total environment state, which
can change quickly due to outside factors. Theggonditions allow the BT to be

highly responsive to its environment.

(a) One example of an execution of a
particular tree where the rst action
node visited returns running, there-
fore it stops ticking there.

(c) Now the rst action nodewas a
failure. As its immediate parent is a
sequencehe children of this node are
not visited but as its previous parent
is a fallback the next child branch of
this node is visited.

(b) Another execution on the same
tree where the rst action nodeis now
a successand as its parent is ase-
guencet continues to the next sibling.

(d) Again, the rst action failed in
this execution and the action under
the middle fallback node was visited.
This time it returned failure and since
its parent is afallback node it contin-
ued to its sibling.
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(e) In this execution, the rst action (f) In this last example of an execu-
succeedednd the secondailed mean- tion all the nodes were visited. The
ing the next action node visited was rst branch ends up failing and that
the one in the middle branch. That gets transmitted all the way to the
one succeeded and because all its par- root node. As this one is afallback
ents are fallbacksthe entire tree re- it visits the next branch and as this
turns Success The tree stopped exe- branch also returnsfail it visits the
cuting even though norunning node next one. Finally the tree visits arun-
got visited. This evaluation of the tree ning action node, so this evaluation
didn't return any action. returns the last action.

Figure 2.7: Examples of a tree evaluated at di erent times i.e. with di erent
environment states. The evaluations do not depend on what a previous evaluation
obtained, they only depend on the state of the environment at that moment.

2.3.2 Relevancy for this project

As stated before, Behavior Trees can produce complex and responsive behaviors,
even with a low number of available actions such as with emotions in this project.
Additionally, they provide a clear explanation for why a certain action was taken
for an outside viewer, especially relevant when behaviors are being learned from
scratch. In comparison, using a Reinforcement Learning algorithm for a similar ob-
jective produces hard to explain behaviors.

Figure 2.8: Example of a relatively complex Behavior Tree generated during one
of our training sessions. The trees generated were often large with some unreachable
branches so some pruning could be used for optimization.
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2.4 Genetic Algorithms

Genetic Algorithms (GAs) are learning algorithms, part of Evolutionary Algorithms

[7], used for optimization of complex problems. They use biologically inspired meth-
ods such as mutation, crossover and selection, i.e. heredity, to generate solutions
which get iteratively higher in quality.

The process of GAs involves generating random solutions to a problem calladi-
viduals and checking how well they solve the problem. The individuals that solve
the problem well i.e. have a high tness, are then selected to create new individuals
with some slight changes. This process has some degree of randomness to it and can
be thought of as a type of stochastic gradient ascent with some clever biologically
inspired methods to make the convergence to the best solution faster.

2.4.1 Components of GAs

GAs implement the process above usirdhromosomeswhich are comprised ofjenes
to encode di erent individuals. Thesechromosomesare often programmed as ar-
rays of numbers or characters where each element igeneand corresponds to some
element or input of the tness function, depending on the problem. A GAs runtime
Is split into several distinct parts:

" Fitness checking: Each individual is checked for their tness, this can be
through simulation, a speci c function or any process that generates a number
that determines how good an individual is at solving the problem.

Selection: After getting each individuals tness, a selection is performed to
get some of the better ones to repopulate. Common selection methods include
Tournament selection and Roulette Wheel selection. An important note is that
the selection is random and biased towards better tness but not deterministic.

Crossover: After selection, new individuals are formed through reproduction
of the previously selected individuals. To do so, new individuals are formed
by mixing two chromosomes through a process called crossover. A part of
chromosome A is switched out for a part of chromosome B, leading to two
new chromosomes that are a combination of both A and B.

Mutation:  In nature, mutation is an error while copying chromosomes but
these errors play a crucial role in providing evolution with new material to

work with. Therefore, with a small random chance, some of the newly formed
chromosomes are changed a little bit with completely random (but also valid)
elements.

Replacement: The nal step in the GA procedure is replacement where the
new individuals are added into the population and the old population possibly
taken out. Then the whole procedure can start again with the new population

9
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until a good enough individual, and therefore solution, is found.

2.4.2 Benets of GAs in our context

Genetic Algorithms have been shown to combine well with Behavior Trees [20] and
limit the search space of BTs somewhat, especially where BTs are being learned
from scratch. The methods of GAs with the node structure and modularity of BTs
allow for extensive exploration and ne tuning in a large problem space without the
search space becoming excessively large.

Additionally, using GAs with BTs allows for easy analysis of the generated BTs

meaning they do not act as a black box and can easily be modi ed if needed to
better suit the objective. By allowing BTs to be evolved using GAs it is possible to

create complex behaviors faster than by hand.

Comparing this to learning BTs through classical Reinforcement Learning where
BTs are learned through trial and error, the search space becomes increasingly large
over time and requires more computing power. Of course, Reinforcement Learning
can be used with BTs to great e ect when the problem space is more limited but
that does not apply in this project.

2.5 Communication

Many parts of the software were split up over a few di erent computers, each having
their specialized domain, e.g. one computer handled image processing and detec-
tion, another handled control ow for the vehicle itself and a few micro-controllers
handled their respective hardware components were also included. Two di erent
communication protocols were used, namely ROS and MQTT.

2.5.1 Robotic Operating System (ROS)

ROS [21] is a set of software libraries and tools that make it easier to build robot
applications. Namely it helps run separate processes or microservices and makes it
simple to communicate between them, whether they are running on the same ma-
chine or not.

ROS implements this process by having one main information stream that all data
is sent to and programs can listen for speci ¢ data. This made transferring large and
small data between di erent programs (or "nodes") trivial and enabled us to create
programs that focused on one single thing, e.g. one program focused on retrieving
the newest frame from a web-camera and publishing it to the data stream.

10
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2.5.2 Message Queuing Telemetry Transport (MQTT)

Classically, MQTT [22] is a standard messaging protocol for the Internet of Things
(IoT). It is a lightweight publishing/subscribing messaging transport that is ideal
for small embedded devices. This made it perfect for the various micro-controllers
present in the project, which listened to commands from the control programs on
the larger computers. In addition, MQTT also allowed us to send signals from other
devices, such as buttons or phones, to the larger computers to control Will-e or
provide feedback.

2.6 Related work

Emotions in robots has been a popular subject of studies since robotics was in its
infancy and their e ect on humans in a service setting was studied in the paper by
Staphanie Hui-Wen Chuah and Joanne Yu, 2021 [2]. There they investigated how
emotional robots in uence potential consumers' feelings by using sentiment analy-
sis and machine learning and they found that the development of emotional robots
had implications for human-robot communication. The robots could give non-verbal
cues and signals to human to communicate something or change the context of a
statement.

Additionally, they found that some emotions, like surprise or some instances of hap-
piness, were often misunderstood by human participants which shows that conveying
accurate emotions is di cult and often very subjective. Another study by Di Fu,
Fares Abawi and Stefan Wermter, 2023 [3] further showed that this was the case but
additionally showed that when working together to solve a task, humans performed
better when working with a robot that showed emotions than the same robot with-
out emotions. All this is to say that adding emotions to a robot that will interact
with humans could be bene cial if done right.

As autonomous vehicles get more popular, more research has gone into communica-
tion between self-driving cars and pedestrians e.g. when a pedestrian needs to cross
a street. A paper by Chia-Ming Chang, Koki Toda, Daisuke Sakamoto and Takeo
Igarashi, 2017 [23] studies how adding eyes to a car a ects interactions between
pedestrians and self-driving vehicles. Based on their evaluation, pedestrians could
make faster decisions whether to cross the street and felt safer when the autonomous
vehicle had eyes and made eye-contact with them.
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Methods

A number of features were implemented for this project ranging from hardware
modules which had to be assembled and integrated to software algorithms with
complex structures.

3.1 Implemented features on Will-e before project

Will-e had a number of features already implemented from previous projects, such
as a LIDAR sensor, controllers for the car features, microphone and integration with
Chat-GPT among others but only features relevant to this project will be discussed
here.

(@) (b)

Figure 3.1: (a): Ruidi Cabin Car X9, the mobility scooter that Will-e is based on.
(b): The LED matrix used as Will-e's mouth. It was attached into the grill of the
mobility scooter.

A number of computers where integrated into Will-e, communicating using ROS
(Robot Operating System) and performing various tasks depending on their position

in the vehicle and sensors attached to them. One of these sensors was a web camera
positioned and oriented to look through the window and onto the environment in
front of the vehicle. The camera streamed at images to one of the main computers,
an Nvidia Jetson edge computer, where the detection algorithms were applied to
the images.

13
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Another important feature was the LED mouth that is integrated to the front of
Will-e. It is a 64x32 LED matrix connected to an ESP32 micro-controller that has
been programmed to display a few di erent expressions (see Figure 2.4 and Fig-
ure 2.5). It runs a MQTT subscriber that listens to commands coming from the
other parts of the system.

These features provided a good base to start the project on and allowed for easy
expansion in other features.

3.2 Installation of eyes

Similar to the mouth, two 64x64 LED matrices were provided to be used as eyes but
they had not been programmed or installed into the vehicle yet. Another ESP32
was used as a microcontroller and a program for the eyes was written in the C-based
Arduino programming language.

The graphics for the eyes constitutes of a white background, two overlapping circles
resembling the iris and the pupil, and two black areas resembling the higher and

lower eyebrows. These features are parametrized and controlled via a MQTT client

on the ESP32 to change gazing direction, color, eyebrow angle and more, allowing
them to display a wide array of expressions and providing personality to Will-e.

Figure 3.2: The LED matrices used as eyes for Will-e. Two 3D-printed brackets
were used to attach them to where the headlights were. For each eye, we used two
concentric circles to represent the iris and pupil and a line to represent en eyelid
serving as an eyebrow.

The eyes are often referred to as the "windows to the soul" and therefore they are
an essential component for the communication of emotions [23]. Just adding this
simpli ed design we opted for, gave Will-e a noticeable increase of appeal. The
inclusion of eyes capable of focusing and following a person also allowed it to have a
way of indicating attention, showing that it is engaged in the interaction, something
crucial as a lack of eye contact might suggest distraction or disinterest.

In addition to focusing and following people, we created a series of small actions and
animations for variety in the experiment. We observed how small subtle movements
helped increase the attention people pay to Will-e, such as looking around when not
focusing on anyone, but it was clear that staring at people was the most e ective
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way to maintain the attention as most people thought Will-e was malfunctioning
when it was not looking at them.

3.3 Person and pose detection

In order for Will-e to react to and interact with people, it was necessary to imple-
ment a robust method not only capable of detecting humans but also their poses.
We chose YOLOv8n-pose [24] because it is speci cally tailored for identifying and
mapping human body keypoints in images. The YOLOv8 Pose models are pre-
trained on the large COCO dataset.

Figure 3.3: Keypoints given by YOLOv8n-pose. The returned matrix included
these keypoints and a con dence score for each one. The keypoints were vital for
the distance estimation and gesture detection in Will-e.

The output of the pose estimation is a set of points that represent the keypoints,
as seen in Figure 3.3, on the objects in each frame along with a con dence score for
each point. To keep track of the detected objects we implemented a simple centroid-
tracking algorithm which allows us to apply a unique ID to each tracked object as
they move around in a video.

For every frame in our video stream we compute an object's centroid and then de-
termine if we can associate the new object's centroid with an old object's centroid.
To accomplish this process, we compute the Euclidean distance between each pair
of existing object centroids and input object centroids.

The primary assumption of the centroid-tracking algorithm is that a given object
will potentially move in between subsequent frames, but the distance between the
centroids for framesF; and Fi,; will be smaller than all other distances between
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objects.

Therefore, by choosing to associate centroids with minimum distances between sub-
sequent frames we track those objects. In case that there are more objects detected
than tracked, we simply register these new objects by assigning them a new ID
and adding them to our list of tracked objects. When a tracked object cannot be
matched to any detected object, it is removed from the list of tracked objects, i.e.
when a person leaves the frame.

In addition to the tracking, we also predict where some key features of the person
will be in the next frames. This is accomplished by tting the data of the positions
of those key features in a few previous frames and predicting where it will be in the
next frames.

As we only had access to a 2d camera for the detection, we had to estimate how
far in the depth axis the persons are. To achieve this estimation in a sensible, fast
and accurate enough manner for our objectives, we look at how wide the head of
the person is; the wider the head is, the closer to the camera we assume it is. We
decided to use the keypoints on the head, namely the eyes, the ears and the nose,
because the maximum distance between the visible features barely changes except
when moving closer or farther from the camera.

All this information acquired during the detection process serves to create snap-
shots of the state environment, where attributes are recorded for a behavior tree
to check when it is run, such as how far a person is from a desired target position,
their direction of movement, if it is looking at the robot and if the person is gesturing.

Figure 3.4: Example of our detections, showing the bounding box, keypoints of
the subject, predictions for the movement of some features and the control point
calculated using the width of the head. The concentric ellipses are the limits of the
di erent area levels used for the decision-making process of the robot, their center
IS a target position where we desired the subject to go.
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3.4 Genetic algorithm with Behavior Trees

In order to use Behavior Trees (BTs) with a Genetic Algorithm (GA), the structure
of a single BT had to be encoded into a simple chromosome for the GA and suitable
algorithms for crossover, mutation and the tness had to be found.

3.4.1 Behavior Tree encoding

To get a chromosome representation of a BT, each node of the BT was encoded as
a small string and parentheses were used to denote the parent-child hierarchy [25].
Each of the node representations were then used as the genes for the chromosome,
which was represented by a list of these genes. The following encodings were used
for each of the di erent nodes:

Figure 3.5: An example of a tree with the encoding: ["s(", "f(",
"s(","c_stopped?”, "HAPPY2"")", "ANGRY1", ")", "s(", "c_leaving?",
"SAD1", )", ")']

Control nodes: Sequence nodes were represented by the stris¢™and Fall-
back nodes by the string f{ . To complement them, a closing bracket)™ is
required in order to have a valid chromosome. The rst element of a chromo-
some is always one of these control nodes.

Condition nodes: There are a few di erent types of condition nodes that
check di erent aspects of the environment. One of the types ardistance
conditions that check the distance from the agent to Will-e, e.gc_far_dist?
and c_mid_dist? . Another type checks the agent's currentirection , if it is
approaching or leaving and another checks the agent's predicted direction, e.g.
c_curr_approaching? and c_pred_stopping? . The last type of conditions
check the currentstate of Will-e and what emotion he is performing, e.g.
c_happy?and c_focus?. Additionally, condition nodes have a decorator at
the back of their respective string, which by default is the question mark?".
However, they can also have the exclamation mark™which means the entire
condition is ipped, e.g. c_far_dist? (is agent far away) vs. c_far_dist!

(is agent not far away).
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Action nodes: Action nodes are denoted by the name of an action and a
duration (either "1", "2" or "3"), e.g. ANGRYZARGET3When activated by
a behavior tree, the named action is performed for a speci ¢ amount of time
denoted by the duration decorator.

3.4.2 Crossover and mutation

The tree structure of a BT meant that crossover and mutation in a GA had to have
special cases. Focrossover, a non-length preserving crossover was used where a
random node (except the root node) was selected in two trees and then those nodes
were switched, along with all of their children if they had any.

Figure 3.6: An example of the non-length preserving crossover that was used in
the Genetic Algorithm. Two random nodes (except the root nodes) are selected in
the trees, then they and all their children are switched.

There were a few di erent types ofmutation to account for di erent changes:

N

18

Adding control node: Control nodes can be added anywhere and they
change their siblings into their children.

Adding leaf node: Leaf nodes can be added anywhere.

Deleting control node: If a control node is deleted (except the root node)
their children go up in the hierarchy.

Deleting leaf node: A special case happens if a leaf node is deleted and it's
the last child of a control node and the control node is deleted as well.
Changing operators or durations: Operators on condition nodes and ac-
tion nodes can be changed to any other valid operator.

Nodes changing to a node of the same type:  Control nodes can change
into other control nodes and leaf nodes can turn into other leaf nodes.
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(b) Fallback  node
(@) Original behavior switched to a sequence
tree node (c) Add control node

(d) Delete control node (e) Add leaf node (f) Delete leaf node

Figure 3.7: Examples of various mutations being applied to the original tree in
Figure 3.7a. Having a mutation like this that can slightly change the structure of
the tree is important for exploring the whole solution space.

In gure 3.8 we can see an example of a special case where all the leaf nodes of a
control node are deleted and therefore the control node is deleted as well.

(a) (b) (c)

Figure 3.8: Example of all children of a control node being deleted. In 3.8a we see
the original chromosome, in 3.8b we see that leaf node #2 has been deleted and in
3.8c leaf node #1 has been deleted as well as the parent fallback node.
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3.4.3 Additional methods and parameters

In addition to crossover and mutation we used dournament selectionmethod and
Elitism. The Tournament Selection involved randomly selecting some amount of in-
dividuals (Usually 4 for training in the simulations and 2 for training with humans
because of population size) and allowing the individual with the highest tness can
win according to a probability (e.g. 60% of the time). If that individual doesn't
win, the individual with the next highest tness can win using the same probability
and so on and so forth until the last individual, which always wins if it gets to it.
The winner of this tournament is selected for the crossover process.

Elitism involves taking the individual with the highest tness in a generation and
inserting it unchanged into the next generation when repopulating. This allows
for smoother change and helps retain good individuals when the tness is non-
deterministic, as is the case in this project.

3.4.4 Fitness function

The objective we wanted to achieve for this project was that the Will-e robot would

learn to attract people to itself and keep them interacting for as long as possible.
For this purpose the tness function chosen prioritizes the length of interaction and

that the person is located close to a desired position.

Each chromosome is evaluated on a set number of agents, each providing a score
calculated by adding together a few di erent rewards and penalties based on the
performance. The nal tness for the chromosome is then the mean of the scores
obtained for each agent. To calculate the score for each agent, a number of factors
had to be considered, including the agent's position and duration of interaction,
number of actions sent from the BT, length of the chromosome and feedback from
human agents.

To reward BTs that managed to make the agents stay in the target area, the eld
of view was split into di erent areas based on the distance to the target center. De-
tecting the agent position on every time step, a certain number of points is rewarded
depending on which area level it is, the closer to the target the higher the reward.
When leaving the eld of view a penalty is considered, so that an agent starting
close to the target area and then leaving immediately gets a worse score than one
starting further away but staying in the eld of view for a considerable long amount

of time.

When an interaction session ends, either because the agent leaves the eld of view
or the time limit is reached, the accumulated number of points per levels is divided
by the duration of the session to get an average score for each time step in the
session. The decision to use this average number of points instead of just the ac-
cumulated points was taken to balance the scores of agents starting in di erent areas.

In addition, the level that was visited the most by the agent in the session also
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contributes to the tness score. Without taking this in consideration, the evolved
BTs would attempt to make the agent stop in place no matter where it started just
to maximize the time spent in the eld of view, but when adding a considerable
reward for spending the most time in the closer levels to the target, the evolved BTs
would instead want the agent to move to the target as fast as possible and then stay
there in place.

Another important factor for the tness is related to the number of di erent actions

the BT decides to realize. This number is tracked and then divided by the runtime

in order to get an average frequency of changes during the interaction session. That
frequency is then mapped to a penalty where too low and too high of a frequency
gives a high penalty, as can be seen in equations 3.1 and 3.2. The reason for this
penalty was to nd a suitable frequency of changes in emotions, so that they were
not changing every single frame or not changing at all.

P =16(f 0:5)%f> 05 (3.1)
Pr =(f 1)%f<=0:5 (3.2)

Figure 3.9: Graph of equations 3.1 and 3.2 for the frequency penalty. Note the
large spikes when approaching a ratio of O (when there's no change in the face) and
a ratio of 1 (when the face changes every tick).

When training in real life the possibility of using more factors was taken into ac-
count. Humans would sometimes unpredictably attempt to interact with Will-e
gesturing with their hands. Counting the duration of these gestures was a good
way to measure the engagement during a session, and as such it was included when
calculating the tness. The feedback humans would give was also valuable infor-
mation and it was collected using an array of buttons where they could easily rate
their interaction. The feedback contributes considerably to the score but without
completely overshadowing the other passive factors.

Lastly, two penalties are applied, one if the length of the chromosome being tested

is longer than a 100 nodes and the other if the agent leaves the interaction before a
certain amount of time.
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Putting everything together, we get the formula:

F=R+Rc+ P+ Ry+Rp+ P+ Pe (3.3)

with:

R, = Average reward for the distance levels

R. = Reward for the most common distance level

P = Penalty for the frequency of changes

Ry = Reward for the duration of gestures

Ry = Reward from the feedback of humans

P, = Penalty for the length of the chromosome

P. = Penalty for agents leaving early

3.5 Simulation of expected human behavior

Since evaluating every chromosome in real life is an extremely time consuming task
and humans are prone to fatigue, especially when testing bad or boring trees, we
created a simulator to help us train some preliminary chromosomes that would later
be introduced in the population when training in real life.

The simulator tries to replicate how a person would react to the di erent expres-
sions that Will-e is capable of doing. When starting the simulation, a particle is
spawned in a randomly uniformly distributed position inside the canvas workplace.
The patrticle starts with a random speed, direction and attention level and for every
time step of the simulator it has a chance of changing these parameters.

When evaluating a chromosome, for every step of the simulation, a snapshot of the
environment state in the simulator is taken and then fed into the BT encoded in
a chromosome to get the action Will-e should do. That change in the state of the
robot is then passed to the simulator, so that the particle can notice it and react
according to a probability depending on its attention level.

The simulation is similar to a random walk but with some key di erences. Di erent
behaviors for the particle are de ned and for each of the expressions that Will-e can
have, a list of expected behaviors is coupled. Depending on di erent probabilities,
when an expression is detected by the patrticle, it will use the expected behavior or
not. These behaviors consist of making changes to the speed, direction and attention.

When the particle is onstandard behavior, it will usually keep its speed and
direction because the changes are calculated using a random normal distribu-
tion, centered on zero with a standard deviation of a third of the maximum
expected change for speed and direction respectively.
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When on the stopping behavior it will change the speed by subtracting from
it a value calculated by a random normal distribution centered on its current
speed value. In e ect, the particle will slow down while still changing the
direction normally.

Other behaviors make the particle be attracted to certain speci ed positions,
such agarget and middle. The changes are done to the direction by calculating
the angle di erence between its current direction and the vector towards the
objective, then using this value as the center of a random normal distribution
to get the change of direction.

The oppositebehavior acts in a similar way totarget and middle, by centering
the random distribution at 180 degrees but only the rst time the behavior is
activated when a new detection is noticed, afterwards it just does the standard
behavior. This e ectively reverses the direction of the particle.

The attention of the particle is also calculated in the simulation, it may increase
when changes in the state of the robot happen or when certain behaviors get acti-
vated e.g. eyes focusing on the agent. The robot making too many state changes in
a short span or not making enough will decrease the attention of the particle. This
re ects how in real life the robot needs a balanced approach when making changes
so that the people don't get fatigued or bored too soon.

As the reaction of a person wouldn't be immediate from noticing an action of Will-
e, the simulator also has a delay when changing the behavior of an agent after it
notices a change in the state of the robot.

(a) Example of a trajectory of a random simulation. Notice how when the state of
the robot changes the particle may not necessarily do the expected behavior.
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(b) Example of a trajectory made by a person during a real interaction with Will-e.
Notice how the simulation is similar to the behaviors in real-life.

Figure 3.10: Comparison of a simulated agent to the reactions of a real person
when interacting to Will-e. We can observe how both move in similarly random
ways and how the changes of the robot a ect them in a similar manner. In these
examples we can clearly see that when Will-e sngry both the human and the
simulated agent change their direction after a delay. In addition, it can also be
observed that when the human was paying attention and Will-e wabappy, the
movement slows down, as we predicted for the expected behaviors for the simulator.
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Results

4.1 Evolution with the simulator

The Genetic Algorithm (GA) provides a nite population of chromosomes for each
generation. Each of the chromosomes has to be evaluated for the selection process
and the repopulation of the next generation to take place. This evaluation is the
most challenging part of the project, as it depends on the unpredictable nature of
human actions. The simulation of human behavior was created with the intent of
providing an educated representation of how a real person is expected to act, to be
able to evaluate a Behavior Tree (BT) on many di erent arti cial persons or agents.

4.1.1 Setup and training with the simulator

When evaluating the BT encoded in a chromosome we test it using a large number
of di erent agents, with initial positions randomly uniformly distributed around the
workspace area. Each of the agents will move by itself and react to the actions the
tree decides to perform in each step of their simulation. Every simulation provides
information that is used to determine the tness of the chromosome, such as how
many times the robot performed actions, the places the agent visited and for how
long it was there. The nal tness of each chromosome is the mean of the scores of
all agents tested on it in this generation as explained in Section 3.4.4.

To be able to objectively compare the chromosomes, we use the same set of agents
for all the chromosomes in each generation. Each agent in the set has a random
seed for their random number generator, and the initial conditions of each agent
are the same for the chromosomes in a generation, including the speed, direction,
position, attention and behaviors. As the simulations run for each chromosome, the
same agent will behave di erently, unless the visited parts of the trees are identical
between chromosomes.

As the set of agents has to be nite, we run into the problem that eventually the GA
will start over tting to these particular agents. To solve this problem, it's needed
to diversify the agents used for the evaluation. We achieve this by replacing some
agents in the set with new ones having di erent attributes at a regular interval of
generations.

The e ects on the tness of a chromosome when testing on di erent sets of agents
can be very noticeable, e.g. the tness of a chromosome that was large with a cer-
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tain set of agents can sink by the exclusion of a single agent. While this method of
changing the agents can seem aggressive and defeating the purpose of the GA by
creating uctuations on the best tness per generation, we observe how the overall
trend of the best tness keeps increasing in the same manner as in a traditional GA.

(a) Graph of a training session where (b) Graph of a training session where
20% of the agents used for evaluation all of the agents used for evaluation
are changed every 50 generations are changed every 500 generations.

Figure 4.1. Graphs of the best tness, the average tness and rolling averages of
both for two simulation training sessions with di erent agent-rotation parameters.
Note the large dips every 500 generations in the graph on the right.

4.1.2 Results using the simulator

Looking at the results from the training sessions in the simulator, the best generated
BTs mostly shared some characteristic behaviors although with completely di erent
tree structures. They usually displayed positive expressions when the subject was
close and in the middle of the frame and negative emotions when the subject was
too far or was moving away, in addition they didn't change too fast nor too slow.
This was in line with our tness function as the BTs got a higher reward for suc-
cessfully guiding agents to the middle of the screen, therefore this step helped in
nding adequate BTs with which to continue training in the real world.

As for the training sessions themselves, it is interesting to analyze how the evo-
lution progress di ers when using modi ed strategies. The amount of test agents
and how frequently they are rotated are particularly in uential in the evolution
progress. As mentioned in Section 4.1.1, the rotation is necessary so that the train-
ing doesn't overt to a specic set of agents, but a rotation too frequent or too
aggressive (changing too many agents at the same time) can also have detrimental
e ects. Having too frequent rotations meant that the GA did not have time to t

to the agents and as such, did not learn anything at all. Too aggressive rotations
introduced large dips in the tness and often the better chromosomes were lost to
these large dips, meaning that these training sessions often got stuck in local optima.
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(a) A typical training run. Notice the
steep incline at the start and then the
long plateau, common in Genetic Al-
gorithms. 20% of the agents were ro-
tated out every 50 generations.

(c) A failed training run. Notice
the big drops when rotations hap-

(b) Another typical training run but
with all agents being rotated every
250 generations. Notice how the uc-
tuations are less frequent but the dips
are more noticeable.

(d) A training run that got one of the
highest tness. Notice the rapid esca-

lation when good chromosomes where
created and how the rotation didn't
destroy them.

pen, they were being too frequent and
aggressive and eventually the better
chromosomes were lost to bad agents.

Figure 4.2: Various training runs with di erent parameters. Most of the graphs
tend to go up but are heavily a ected by the parameters of each run. The magnitude
and frequency of the uctuations also vary depending on these parameters.

In addition, the training runs were heavily a ected by the randomness of the agents
they were tested on. Testing each chromosome on a large number of agents largely
eliminated these factors at the cost of computing time so a middle ground had
to be found. For most training sessions, we chose to evaluate each chromosome
on 100 di erent simulated agents per generation, this mitigated the randomness of
the agents while still having a high performance, with each training run of 5000
generations taking around 8 hours. However, in some training runs, the random
nature of the agents in some generations changed the tness so much that bad
chromosomes, that for example were largely unchanging and only displayed one
expressions, dominated and pushed the other chromosomes out.
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(@ A graph showing the typical (b) A graph showing a failed run
jumps and plateaus often observed in where the randomness of the agents
GAs when a good chromosome is rst did not allow for an escalation on the
generated. tness to occur.

Figure 4.3: An example of how randomness a ects the outcome of the training.
The outcome in gure 4.3a was a commaon occurrence in our training runs because
of the high number of agents used but because this number is nite, edge cases such
as the one shown in gure 4.3b can happen. The smaller number of agents the more
likely these edge cases are to appear. Both training runs used the same parameters
where they rotated 20% of the agents every 50 generations. Note the scale of the
tness in both graphs.

The crossover and mutation parameters in the GA are also factors that noticeably af-
fected the performance of the evolution. Higher crossover and mutation encouraged
exploration of new behaviors but at the cost of possibly destroying good chromo-
somes. A balance between exploration and exploitation is necessary for a successful
training run.

For the simulated training sessions, a crossover rate of 60% and a mutation rate of
10% were used. A greater emphasis on exploration was put in the simulated envi-
ronments due to the possibility of evaluating on a greater number of agents while
being able to compare di erent chromosomes with the same agents, as opposed to
real life scenarios where these options are impossible.

4.2 Evolution in real life

As stated earlier, being able to evaluate the many di erent BTs the evolution cre-
ates is challenging, but especially so in a real-life scenario. Humans behave in
unpredictable ways, the noisy environment is uncontrollable, opinions when rating
a session of interactions are completely subjective and can be contradictory, but the
main problem is the high number of evaluations needed to achieve objective and fair
tness scores for the chromosomes.
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4.2.1 Setup of the training in real-life

Will-e was tested in two main scenarios, one at the Semcon headquarters and the
other at the VECS fair in Gothenburg. The rst scenario was in the main hall of
the Semcon headquarters, where many people passed every day. In addition to the
passive ways that the tness was calculated there was also an array of ve buttons
installed in order to allow people to rate their interactions and a ect the training.
People would then come and play with Will-e and rate how they felt it performed.

Finally, as this was a high tra c area, a lot of people didn't interact with Will-e
and walked past and so we developed a functionality that disregarded these agents
in the training, even though Will-e would still attempt to attract them. As an ex-
ample, after a week long training we had around 700 interacting humans, with only
35 giving feedback using the buttons and around 1500 passers-by.

Figure 4.4: The setup for training at the Semcon headquarters. Note the array of
ve buttons for feedback from human agents next to Will-e, this feedback function
was vital when training with people.

The second scenario was at the VECS fair, a very populated conference, where
Will-e was at the Semcon booth in the exhibition hall for two days. Although many
people interacted with Will-e, most people passed by and some stopped in front to
speak to other people without paying attention to Will-e, which heavily skewed the
training.

Because of the high variance of the human agents each of the chromosomes needed
to be tested on several agents to be evaluated fairly. We explored two di erent
approaches. The rst involved testing the same chromosome a few times in a row
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before using the next one but we observed that seeing the same behavior promoted
fatigue in people, especially when evaluating a subpar tree. In an attempt to remedy
this, the second approach was tried, where each of the BTs is evaluated with the
same amount of people as before but the trees are rotated on every interaction
session, so that no chromosome is used twice in a row. Although this introduces an
issue where a person can get two very di erent behaviors from Will-e if they leave
its eld of vision and come back, which could be problematic when giving feedback
for the interaction.

4.2.2 Results from real-life scenarios

At the Semcon headquarters, several long training sessions were run, around a week
long each. The data recorded included the location of the control point of the main
subject, the current expression and eyes state of Will-e, locations of various key-
points on the person and any feedback received with the buttons.

Initially, before there was a way for human agents to provide direct feedback, we
observed that Will-e got stuck in a local optima. The better scoring trees mainly dis-

played the sad emotion and did not react su ciently to changes in the environment

because people were more likely to stay in front of Will-e in an attempt to lighten

his mood. However, even though this accomplished the objective of attracting and
keeping people in front of Will-e, it wasn't really satisfactory behavior, especially
since people wouldn't want to interact with Will-e again afterwards.

Once the feedback buttons were installed Will-e's behavior became more complex
and gratifying. Now that the human agents could give their opinions, better inter-
actions that felt more real were rewarded and simple interactions were punished. In
addition, interactions were overall more positive, the BTs that resulted mostly in
negative-feeling emotions got worse scores than without this feedback. These e ects
were felt even though only 4.5% of interacting agents gave feedback using the but-
tons.

Figure 4.5: The button array used to send feedback to Will-e during training.
Five Shelly Button 1 were used with a custom 3d printed case. They sent a message
through MQTT to the training software.

We can see how the di erent expressions of Will-e a ected the human agents when
reading the recorded data. To analyse it, we checked the position of the control
point of each person that interacted with Will-e and we looked at how it changed
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in the following frames every time Will-e changed expressions. By observing the
actions of the humans in a su cient number of frames we can deduce how they
reacted to an expression change.

Figure 4.6: Ratio of reactionary movement due to di erent expressions. After an
expression change the next 10 movement states were counted and then divided by
the number of total states after the new expression.

Looking at Figure 4.6, after Will-e becameangry, people were more likely to ap-
proach him compared to the other emotions. It also was the expression that made
people move around the most, either approaching or leaving. A possible explanation
Is that being angry could be making people want to approach and explore trying
to help Will-e improve his mood or to see what is a ecting him, as this is a very
powerful emotion not often seen in robots.

Another interesting thing of note is that it seems the emotionsad and euphoric
evoked similar responses in humans, mainly favoring stopping. The reasons for this
could be many but our hypothesis, based on our observations, is that people stop
when Will-e is sad because they think they did something wrong but they also stop
when Will-e is euphoric because they feel they did something right or are standing
in the correct place. In addition, it seems the more negative of the two emotions
was slightly more likely to make people leave.

In contrast, the emotion happy does not seem to evoke as strong of a response from
human agents. In fact, we believe it acts as a middle ground betweagutral and
euphoric While the response taneutral is mainly to ignore it and leave, people are
slightly more likely to stop with happy but not as overwhelmingly as witheuphoric

We theorize that happyacts more as aneutral face because people are used to seeing
happy faces on robots, with that being one of the reasons the responssad is more
noticeable than that of happy
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(a) A graph using the same data set as in Figure 4.6 plotting the
ratio of movement reactions of people but with an additional break-
down of the previous state of the robot. It's dicult to get to a
conclusion when the data is as dense as this, so we shall focus on
each reaction separately in the following graphs. When ordering
the state changes by the ratio of the human reactions it is easier to
visualize the data.

(b) On one hand, we can observe that it was more probable for
people to approachwhen changing from any expression tangry
than any other expressions, although it was only the most probable
response for the extreme case of going fragaphoricto angry. On
the other hand, changing toneutral rarely made people approach.
This seems to suggest that big displays of emotions attract people
to Will-e.
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(c) Looking at the columns wherestoppingis the most likely reac-
tion, we can see that it happened when changing t®ad euphoric
and happybut changing fromeuphoricto sadand vice versa elicited
the strongest stopping responses. This seems to support our hy-
pothesis that going from a positive emotion tesad seems to signal
that something is wrong and so people will stop and going from
sad or neutral to a positive emotion, likehappy or euphoric seems
to signal that the person did something right and so they will also
stop, thinking Will-e wants them where they are now.

(d) When ordered byleaving we can see thaneutral is commonly
involved when a person is leaving. Theeutral face was used as the
default face when no one was interacting with Will-e, so it could be
that people felt that when Will-e changed to neutral that the robot
was disinterested in them or that it was ignoring them.

Figure 4.7: An in-depth analysis of how Will-e changing from an expression to an-
other evoked di erent reactions in people. We can clearly observe that the di erent
emotional changes evoked distinct kinds of reactions.
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