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Abstracto 
Este es un trabajo de investigación sobre la experiencia del usuario de un 
método alternativo para enseñar el comportamiento no verbal a Agentes 
Conversacionales Personificados en entornos inmersivos. En el trabajo se 
supera las limitaciones de los enfoques existentes proponiendo un juego 
adaptivo y inmersivo de Realidad Virtual, en el que el jugador asume un papel 
activo en la mejora de los modelos de aprendizaje de los agentes. 

Específicamente, se emplea el marco Human-in-the-loop con preferencias 
humanas para enseñar el comportamiento no verbal a los agentes a través del 
sistema. Se introducen mecanismos de juego construidos en torno a todas las 
tareas del Marco de Aprendizaje Automático, diseñando cómo debe interactuar 
un ser humano dentro de este marco en tiempo real. 

El estudio explora cómo la interacción de un juego en un entorno inmersivo 
puede mejorar la experiencia del usuario al realizar esta tarea interactiva, 
compartiendo el mismo espacio con los agentes de aprendizaje. En particular, 
nos enfocamos en la participación de los jugadores así como en la usabilidad 
del sistema. 

Se han realizado 6 sesiones de prueba para comparar el diseño de nuestro 
sistema con otro sin mecanismos de juego en la enseñanza del comportamiento 
no verbal a agentes virtuales. Los resultados muestran que nuestro concepto de 
diseño y la historia del juego son más atractivos, aumentando el factor de 
satisfacción de usabilidad percibido por el usuario.  
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Abstract 
This research work investigates the user experience of an alternative method to 
teach nonverbal behavior to Embodied Conversational Agents in immersive 
environments. We overcome the limitations of the existing approaches 
proposing an adaptive immersive Virtual Reality game, in which the player takes 
an active role in improving the learning models of the agents. 

Specifically, we employ the Human-in-the-loop framework with human 
preferences to teach the nonverbal behavior to the agents through the system. 
We introduce game mechanisms built around all the tasks of the Machine 
Learning framework, designing how a human should interact within this 
framework in real-time. 

The study explores how a game interaction in an immersive environment can 
improve the user experience in performing this interactive task, sharing the 
same space with the learning agents. In particular, we focus on the involvement 
of the players as well as the usability of the system. 

We conducted 6 testing sessions to compare the design of our system with 
another one without game mechanisms in teaching the nonverbal behavior to 
virtual agents. Results show that our design concept and the game story are 
more engaging, increasing the satisfaction usability factor perceived by the user.
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1 Introduction 
 
Humans do not communicate only through words. Actually, some researchers 
even claim that 93% of the meaning is nonverbal [19]. This means that the 
effectiveness of communication depends not only on the verbal content of the 
communication, but also on expressing and understanding the accompanying 
nonverbal behaviors. 

Nonverbal behavior includes among others facial expressions, body gestures, 
posture and proxemics [27]. 

Because of this phenomenon, Embodied Conversational Agents (ECAs) are 
becoming more popular in various interactive systems. To enhance human-
computer interactions, they can not just look like real humans, they have to 
behave like them, communicating verbally and nonverbally. This behavior is 
context-dependent, which means they may need to adapt it depending on the 
state of the environment, the degree of intimacy with the interaction partners, 
or the state of the conversation.  

Ideally, the behavior should be generated at runtime, in order to guarantee 
this flexibility and adaptability. 

However, the difficulties are not only related to what an ECA has to do and 
when, but also to details and on the quality of their movements [29]. 
Especially in immersive environments, where the user could be close to the 
Virtual Agent and observe its behavior in detail, their design requires more 
precision. 

 

 

Figure 1.1: An example of emotion design on a virtual character. For each 
level, the expression becomes more accurate. The last level is a photo of a 

human. [37] 
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There is a relation between the human likeness of a virtual character and the 
emotional response of the human with that virtual character. Ideally, an 
increase in the degree of similarity should increase the positive response to the 
ECA. However, studies show that there is a situation in which the human 
likeness is high, but users feel a sense of creepiness and disturbance. This 
phenomenon is called uncanny valley [37], shown in Figure 1.2.
The risk of fell into the uncanny valley when designing a virtual character is 
high.

Figure 1.2: A graphic representing the familiarity as a function of the human 
likeness [13]

The common approach which has been followed so far to generate nonverbal 
behavior is to use either motion capture or procedural animation model. 
However, these approaches lack adaptability, because they require either 
professional actors, particular technologies, too much data, or processing 
time.

Researchers are investigating the use of interactive machine learning 
techniques to create adaptive models able to adjust in real-time the 
character’s behavior to the context.

In this work, we investigate an alternative training process based on the 
interaction with a game environment. In particular, we employ the Human-in-
the-loop learning model, where the human feedback is used to improve the 
nonverbal behavior of Virtual Agents.

However, there is still missing knowledge concerning how users should 
interact with such a model (for example, when to evaluate the output or when 
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to give feedback) in real-time applications, to ensure at the same time a 
correct learning and an engaging interaction. 

We aim at constructing a gamified interaction in order to explore these two 
challenges at the same time. 

Through this work, our objective is to get first insights on the requirements for 
designing successful and engaging interactive learning approaches embedded 
within Virtual Reality simulation. 

Around this idea, we develop a game where the player observes different 
virtual characters expressing an emotion nonverbally in Virtual Reality. Some 
of the characters' movements are driven by real humans, while others are 
generated by machine learning models. The player has to choose the one who 
better expresses the emotion according to their personal preference. However, 
the player does not know which of them is human and which virtual.  

The game is set in an audition room, where there is a casting for a masked 
character in a silent movie. The player is the movie director and the characters 
are the actors participating in the casting selection. All the actors pretend to 
be professionals, even if some of them are not. 

The player’s objective is to get rid of the bad actors who try to invade his 
audition through different rounds of the game. However, the more they will 
give feedback, the more precise the characters would become at learning how 
to reproduce human behaviors. 

The particular design of the game allows for the learning model to be a key 
component of the game interactions and to support at the same time the 
learning of the model by using the player’s decision to steer it. 

The game is developed using the Unity platform. We use the Unity ML-Agents 
Toolkit [8] to code the virtual characters' behavior and we use the HTC Vive 
headset and HMD controllers to access Virtual Reality. 

To implement the behavior of the characters corresponding to human actors, 
we captured human motions of different expressions of joy using The 
OptiTrack Motion Capture System [9]. 

We perform an experiment with real users in order to test the usability of the 
system and the effectiveness of the training of the Virtual Agents, comparing 
the results with existing approaches.  
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2 State of the art 
2.1 Traditional approaches to animate ECAs 
Animating virtual characters is a difficult task. Some of the existing 
techniques to generate nonverbal behavior are through keyframes, motion 
capture, or procedural.  

Keyframes are 3D positions of a model [38]. To generate an animation, the 
computer generates the frames between 2 different keyframes interpolating 
transformations at joints. This technique is easily customizable; however, it is 
time-consuming since keyframes are hand-crafted animations. 

 

 
Figure 2.1: An example of keyframes of a virtual character in different 

positions. The interpolation generates a walking animation [3]. 

 

Motion capture is the recording of human body movement [39]. The 
information captured could vary from a simple position of the body in the 
space to the mapping of the movements of the face muscles. For the 
generation of nonverbal behavior of a virtual character, the human motion is 
mapped onto the motion of the character. This approach is costly in terms of 
technology and requires exceptional artists for good results. 
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Figure 2.2: The movie Avatar used motion capture technology to generate body 

movements of virtual characters. [5] 

 

Procedural animations are generated by a set of rules expressed by 
mathematical models [10]. Starting from an initial condition, the animator 
uses these rules to execute a behavior. This technique produces adaptability 
and variability to different contexts, but it requires too much data. 

2.2 ML techniques to teach nonverbal behavior 
Researchers are investigating the use of Machine Learning techniques with 
human interaction to teach virtual characters any behavior, including the 
nonverbal one [28]. 

For example, agents can learn from demonstrations of the task [17]. However, 
this approach requires the human to perform the task too many times and it 
completely fails when there are some tasks that are humanly difficult to 
demonstrate. 

Another example is learning from interventions: the human observes the agent 
performing the task and intervenes only when necessary [16]. This approach is 
converging too slowly, because desired behaviors are discovered through more 
variable exploration. 

Other techniques used are learning through natural language, eye gaze 
tracking, gestures or brain electrical activity. 

2.2.1 Human-in-the-Loop framework 
To overcome these limitations, an emerging approach is to use the Human-In-
The-loop framework, an interactive Reinforcement Learning technique able to 
adapt in real-time the character’s behavior to the context. 

In Reinforcement Learning, an agent interacts with an environment over time. 
At each time step, it receives a state description and a set of actions. The 
agent takes an action following a policy and obtains a reward from the 
environment according to the action taken. The objective of the Agent is to 
learn a policy that maximizes the sum of the obtained rewards [31].  

In the Human-In-The-loop framework (Figure 2.3), the feedback is not 
provided by the environment, but by an external trainer [28]. The external 
trainer could be either a human or a neural network that acts as a reward 
predictor. In the latter case, the human is used to judge if the reward is 
correct or incorrect. 
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Figure 2.3: Scheme representing the Human-in-the-loop framework [34].

The Human-in-the-loop framework has been already used to teach virtual 
characters nonverbal behaviors [27] [30]. This is advantageous because it 
avoids shaping a reward function provided by the environment and it 
guarantees faster convergence, without giving a demonstration of a specific 
desired behavior [25].

2.2.2 Human preferences rather than human feedback
[22] explores an alternative approach to solve problems of Reinforcement 
Learning: instead of using the human feedback directly as a reward function, 
it learns a reward function from the human feedback (Figure 2.4).

Specifically, in their experiment, humans have to compare short video clips of 
the agent's behavior, without giving an absolute numerical score. 

Figure 2.4: Scheme representing the Human-in-the-loop framework using 
Human Preferences [22]

In our system we use this idea: the users do not have to teach nonverbal 
behavior to one virtual character, continuously providing feedback or 
demonstrations to it, but they have to express their preferences between 
different behavior performed by different agents.

In this way, the amount of feedback from the human and the hours of 
experience required are reduced by several orders of magnitude.
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From the user perspective, comparisons are easier to provide rather than 
giving an absolute numerical score, and faster. 

2.3 Immersive environments for motion training 
Virtual Reality is emerging fastly and becoming more accessible, creating new 
opportunities for several fields, comprehending also motion training.  

Learning motions requires face-to-face guidance, especially when the focus is 
to improve little details in movements (like fluency). This goal is difficult to 
achieve from videos displayed on a PC, because it does not involve the 
presence of the user. Moreover, when a communication channel becomes 
mediated, some nonverbal features are lost [19]. 

Studies assessing different degrees of immersion find higher presence in more 
immersive VR systems compared to less sophisticated setups. From the users' 
perspective, the more they feel present in the environment, the more they 
experience emotions and the more they are engaged [24]. 

Several experiments show this trend. ImmerTai [21] is an example of an 
immersive system for motion training. Specifically, it is a system designed for 
effective remote motion training for Chinese Taichi in an immersive and 
collaborative way.  

The system was designed for CAVE, HMD and PC environments. Results show 
that the learning process is much faster in immersive environments compared 
to non-immersive ones (the PC setup in this case). 

For our task of teaching nonverbal behavior to virtual characters, the idea of 
sharing the same space with the learning agent leads to more effective training 
of the agent and to have more accurate feedback, compared to less immersive 
systems. 

Moreover, since the task is complex and abstract, an immersive system 
provides the trainers a means of visualization [23] and improves the trainer 
experience. 

2.4 Gamification of learning tasks 
Gamification is the use of game design elements in non-game contexts and it 
has a big potential in motivating the users and increase the engagement for 
tasks [20]. 

The task of teaching virtual characters nonverbal behavior is very repetitive 
from the users' perspective, because they have to provide feedback 
continuously to improve the models of the AI. So, we gamify the Human-in-
the-Loop framework, placing the training of virtual characters in a game 
scenario and creating a story around the learning task. 

There are interactive systems that are hiding with game mechanisms the 
training of an AI. One example is Illumination Butterfly [26], a Virtual Reality 
serious game for physical exercises. The user has to protect a butterfly from 
inclement, and at the same time, a Virtual Robot arm is trained inside the 
system to compete with the players and test their movements.  
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2.4.1 Adaptive Gameplay 
In the topic of serious games, standard script-driven games with a rigid 
storyline and fixed gameplay could be boring. 

Using Reinforcement Learning with Deep Neural Networks is advantageous to 
maximize the individualization changing the context, leading to a higher 
involvement from the player [25]. 

Moreover, competition is one of the most important factors for enjoying games: 
humans always tend to evaluate themselves, often in comparison with others 
[36]. In games, players report higher enjoyment, presence and flow when 
competing with other entities, that could be humans or virtuals. 

In the case of artificial competitors, to enrich the player experience, the 
difficulty has to be adapted to the player's performance [15]. 

In our case, since Virtual Agents improve in communicating nonverbally time 
by time, the game difficulty can be adapted to the ability of the user in 
recognizing who is human and who is virtual. The ideal situation is the one in 
which the player can not distinguish them. 

2.5 Our approach 
This research leads us to our idea: we want to explore a new approach for 
teaching nonverbal behavior to Embodied Conversational Agents creating a 
Virtual Reality game, in order to take all the advantages of immersive systems. 

Our approach is to gamify the process of the Human-in-the-Loop framework 
with human preferences, in order to make the learning process more engaging. 

The AI is trained inside the game through the feedback of the player. They 
improve time by time, giving us the opportunity to create an adaptable game 
scenario according to the abilities of the user. 
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3 Design 
3.1 Research questions and users 
Our approach is to gamify the process of the Human-in-the-Loop framework to 
teach virtual agents nonverbal behavior. 

The main research question is how a game interaction can help in keeping 
engaged the users in performing the learning task. 

Moreover, we investigate how users should interact with the framework in 
real-time applications. For example, how the player should give feedback to 
the agents, how the agent should observe the received feedback and the state 
of the environment to make a decision. 

Solving the machine learning problem of teaching nonverbal behavior is out of 
the scope of our work as we focus on the design of the human-system 
interaction. 

The users we focus on are Virtual Reality gamers and designers of Embodied 
Conversational Agents in immersive environments. 

Since the first group could not be experts in Machine Learning techniques, we 
consider ideas that do not involve previous knowledge in this field. So, the 
game story created around the Human-in-the-loop framework has to be 
entertaining and has to hide the fact that Virtual Agents in the meantime are 
learning nonverbal behavior.  

3.2 Brainstorming 
The general idea is to make players stay in the same environment as the 
learning characters. A basic scenario is that the humans have to guess who 
are the “humans” and who are the “agents” between them. 

The initial brainstorming about possible ideas of scenarios for gamifying the 
Human-in-the-Loop framework with human preferences can be divided into 2 
main categories: simple task-based and story-based. 

3.2.1 Simple task-based scenarios 
In all these ideas, human and virtual avatars are in the same environment 
performing a task, all together or in pairs. Examples of the tasks are: 

Playing a simple sport activity (throw a ball, ping pong, archery, darts, 
skeet shooting). 
Cooking something (make a hamburger, kneading pizza dough, beat 
eggs). 
Building with Lego or blocks. 
Playing a musical instrument (piano, xylophone, drums), focusing on 
the movement rather than on the music produced. 
Doing housework (ironing, window-cleaning). 

During or at the end of the task, the humans have to say who were the 
virtuals between them. 

These ideas may be useful in teaching nonverbal behavior to virtual agents. 
However, they were discarded because they may result in boring in the long 
term for a Virtual Reality game. 
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3.2.2 Story-based scenarios 
In these scenarios, human and virtual avatars are in the same environment, 
navigating in it and performing different tasks. The humans are aware that 
there are some virtuals between them, and their existence is motivated 
through the story behind. The humans have to perform tasks and at the same 
time observe other entities performing tasks. When they realize someone is not 
a real human, they can kick the entity out. Examples of stories are: 

Similar to the game Among Us (Figure 3.1), humans and virtual avatars 
have to perform some tasks in order to survive, because they are in an 
environment that is going to collapse. However, there are some 
impostors (the virtual agents) that want the system 6to collapse. They 
are known for their lack of fluency in body movements, so the players 
should report them when they discover and kick them out. 
There are some virtual agents that want to take over the world, trying to 
camouflage themselves between humans. The players, in order to 
discover them, have to navigate in the environment and observe the 
participants. When they meet other entities, they can ask to perform an 
activity together (like in The Sims).  

 

 

Figure 3.1: The game Among Us, in which the player has to discover who are 
the impostors. We took inspiration from this game during the design phase [1]. 

 

3.2.3 Challenges 
All these scenarios arise several dilemmas and design challenges of 
considerable importance. 

One of the biggest dilemmas is: should virtual avatars vote? 
If their vote is reliable (which means that they do not vote randomly, but they 
are able to recognize who is a human and who is virtual), should they vote 
against humans or virtuals? 
If they vote against humans, then the players can recognize the virtuals 
according to their votes, and not because of a weird nonverbal movement. If 
they vote against virtuals, for the “common good”, then there is no challenge, 
because humans always win. 
Then, if the virtual agents are not able to recognize who is human and who is 
virtual, they vote randomly. In this case, humans could be expelled, affecting 
negatively the learning of the neural networks. 
So, in any case, virtual agents voting is not a good idea, because they could 
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affect negatively the effectiveness of the task of teaching nonverbal behavior, 
since they can be discovered by humans in other ways, rather than through 
observation of movements. A solution is to make everyone vote secretly, in 
order to hide the fact that virtual avatars are not voting. 

Then, what happens when an entity is voted to be virtual? An idea is to ask 
the voter and the entity voted to perform some challenges while observed by all 
other entities, and then the entities have to vote for the one who better 
performs the task (in order to implement the human-in-the-loop framework 
with human preferences). 

Another design challenge is how to introduce competitiveness in the game, 
between humans and virtuals and also between humans. 
Regarding the competitiveness between humans and virtuals, we can rephrase 
the design question in: how virtual agents can win? Some answers are: when 
there are no more humans in the game, when a timer expires, when the points 
of humans go under zero (imagining that every time they gain or lose points 
according to the voting). To balance the game, we can also make multiply the 
virtual agents after some time, and when they go over a certain threshold, the 
players lose. 
Regarding the competitiveness between humans, we can use an internal 
ranking, where every player gets points killing virtuals and lose points killing 
other humans. Different amounts of points could be given considering the 
speed in recognizing the virtual avatar. 

3.2.4 Constraints 
There are some constraints in terms of availability of time, technology and 
human resources to take into consideration. These constraints lead us to 
important design decisions: 

To avoid the difficulties related to multi-agent collaborative systems, 
which are out of scope, we design the system to be one-player only. 
The player may not be familiar with the task performed, so there could 
be some bias in judging. For example: if the task is to cook something, 
but the player does not have any experience with it, the judgment could 
be useless. So, the task to perform is an emotion. 
We are not equipped with technology to detect facial expressions while 
wearing a headset, so we are not considering them. Moreover, we are 
not considering the walk of virtual entities, because it could bias the 
judgment of the player. In the end, since we removed facial expressions 
and leg movements, we consider only the upper-body language for 
expressing the emotions. 
We thought that the player's judgment could be not accurate if they 
have to look at more performances at the same time. So, the users see 
only one performance at a time, in order to have the full focus. 

3.3 Game idea: casting for a movie 
In the end, taking into account our research objectives and our technical 
constraints, we decided to design a game in the context of a movie casting. 

In this game, the player takes the role of a movie director, who is looking for 
an actor for a silent movie. This actor is one of the main characters 
characterized by having a mask on the face for the entire movie. Due to these 
particular constraints, the director has to hire an actor who better performs 
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an emotion with the upper part of the body, without considering the facial 
expressions and speech. 

Some aspiring actors go to the auditions for this part, but not all of them are 
professionals. The role of the director is to get rid of the bad actors who try to 
invade his audition through different rounds of the game. 

3.3.1 Characters 
Between the actors, some are real humans and others are virtual agents. 

The characters that represent the human actors are not playing in real-time: 
their performance is pre-recorded. The virtual agents' performance is 
generated by the ML algorithm, in real-time. 

Throughout the learning process of the agents, the game becomes more and 
more difficult, because the virtual agents become better at performing the 
emotions. 

While performing the emotion, all the actors wear the mask of the main 
character to hide their faces. 

The players take the role of the movie director. They do not know who between 
the actors is a “human” or a “virtual” agent. Their task is to choose the best 
actor following their own personal taste. 

3.3.2 Environment 
 

 

Figure 3.2: The draft of the environment during the design phase. The scene is 
composed of some trapdoors where the actors perform, the table and the 
director chair from which the player observes. All the other objects are for 

cosmetic purposes. 
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The environment is an audition room divided into 2 parts: 

The movie director's part: where the player sits looking at the actors' 
performances. In this part, a smart table (explained in Section 3.3.5) is 
placed, from where the user can interact with the system. 
This part is also composed of some scenographical objects related to the 
cinema (like a film camera, area lights, photographic lighting 
umbrellas), to immerse the user more in the context of cinema 
auditions, as well as decoration objects (like a plant, a table with a 
whiskey bottle, a shelf), to make the user feel more relaxed. 
The actors' part: where the actors perform. In this part, there are some 
trapdoors, from which the actors pop up and disappear. 
Precisely, they appear through a lifting platform from inside the 
trapdoor, and they disappear falling inside the trapdoor when they have 
finished the performance. 
The trapdoors are useful to hide participants' walks, because the latter 
could lead to biased judgments, even if they would be the same for 
every actor. 

In the beginning, we considered using curtains to hide actors’ walkings, 
making them open and close between every performance. We chose to use 
trapdoors to make the game more fun.  

3.3.3 Emotions 
Due to some constraints expressed above, the virtual characters have to 
perform the emotions only with the upper part of the body. Facial expressions 
and legs movement is not taken into account. 

This scenario is limited but still useful for our task. In [33] an experiment is 
conducted and the participants had to guess the emotion performed by some 
face-body compound images. Sometimes the facial expression mismatches the 
body emotion. In these cases, people's judgments of facial expressions were 
biased towards the emotion expressed by the body, proving that body 
language strongly influences facial expressions. 

Moreover, the idea of expressing emotions only with the upper part of the body 
without facial expressions is explored in [32]. In this study, participants were 
able to identify emotions performed in this particular way by a human-like 
robot and by a human actor. 
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Figure 3.3: An human actor performing different emotions with the upper part 
of the body, without using the face [32]. In our work, the entities perform the 

emotions in the same way. 
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3.3.4 The sequence of events in the game 

 

Figure 3.4: A schema of the sequence of the events in the game. Phase 1 is 
done only at the beginning. Phases 2, 3 and 4 form a round and are executed 

until the player decides to stop. 

 

At the beginning of the game, the player performs an example of the emotion 
with only the upper part of the body. This motion is recorded to provide new 
data to the neural networks for the generation of the emotion. 

Then the round of the game starts, in which the movie director has to look at 
the performances, eventually ask for a replay and vote for the best actor. 

The round consists of 3 phases:  

1. Performances of the actors: one by one, all the actors appear in the 
audition room through the trapdoor to perform their emotion. After 
every performance, the director can ask for a replay. 

2. Replay of the performances: the director, if needed, can call back an 
actor and ask for a replay of the previous performance. This phase can 
be skipped. 

3. Voting of the best actor: all the actors are called back in the room, 
appearing through the trapdoors. The director votes for the one who 
won the round. 

After the voting phase, the player could decide to do another round. 
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3.3.5 Interaction design 
The game experience is Seated VR, which is a form of experiencing Virtual 
Reality where the user is sitting down [12]. 

Users access the game through HMD and HTC Vive controllers. Eventually, 
they can also use a VIVE Tracker with Belt Strap to track their chest 
movements when they have to perform the emotion at the beginning. 

The interaction is situated in a smart table, where there are the following 
elements: 

A screen that guides the user in the round, prompting statements and 
questions. For example “Now it's the turn of the actor number 3. Are 
you ready?”, “Do you want to see a replay of the performance?”, “Now 
it's time to vote!”. 
A “YES” and a “NO” buttons, used to answer the questions shown on 
the screen and proceed with the game round. 
Some numbered buttons, that correspond to the actors. They are used 
to vote for the best actor or to ask for a replay of a specific actor. 

3.3.6 Interview to design the context 
We interviewed 2 actresses in order to know more about the context of 
auditions, to understand what are the main phases in casting and to design 
better the environment. 

The questions are both specific to find out information about location, tasks of 
all participants and context (cinema and theater), as well as general questions 
about their personal experience in castings. 

All the most important findings are used to design the system. For example, 
on the stage part there should not be objects, because the actors could use 
them when they do not know how to improvise. 

The template of the questions and the received replies are in Annex 9.1 (in the 
Italian language). 

 



 
 

17 
 

4 Development 
We developed the system using the Unity platform and the Unity ML-Agents 
Toolkit [8], an open-source project that enables games and simulations to 
serve as environments for training intelligent agents. 

For Virtual Reality, we used the HTC Vive headset and HMD controllers.  

4.1 Environment: the audition room 
The scene is designed in a way shown in Figure 4.1. 

 

Figure 4.1: Image taken from the game, showing the design of the audition 
room. 

 

The smart table of the director (Figure 4.2) is exactly in front of actor number 
3, which is the one in the center of the scene. 

 

Figure 4.2: Image taken from the game, showing the smart table, with the 
virtual buttons and the screen. 

 

Regarding the actors' part (Figure 4.3), the floor is a bit elevated, to make the 
user more comfortable in looking at the performances of the actors. 
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Figure 4.3: Image taken from the game, showing the actors' part. Here 5 actors 
are standing on the trapdoors with their masks. 

 

We downloaded the premade 3D objects used in the scene from the Unity 
Assets store [14] and from CGTarder [2]. The virtual buttons that appear on 
the Smart Table and the trapdoors are created manually. 

4.1.1 The underground 
We added another part to the 2 explained in Section 3.3.2: the underground. 

This part (shown in Figure 4.4) is where the actors go when they fell into the 
trapdoor and is not accessible by the player. 

When the characters are here, the ML algorithm is executed multiple times, in 
order to improve the ML models of the generation of the nonverbal behavior 
while the player is looking at other performances. 
Moreover, we added this part because during the pilot testing (Section 5.4) we 
discovered that the Python interface used in the ML-Agents Toolkit generates a   
“UnityTimeOutException” if the algorithm is not executed for a while. So, 
having the virtual agents training in the background is useful also to avoid 
this crash of the system. 

 

Figure 4.4: Images taken from the game. On the left, the virtual characters are 
training their ML models in the “underground”. On the right, the user view 

with an actor on a trapdoor. 
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4.2 Characters: the actors 
The characters are downloaded from the mixamo platform [7]. 

For the design of the mask that the actors are wearing, we received the help of 
Cyril Verecchia, an Engineer at the LISN laboratory. He provided various 
versions of the mask in order to investigate different possibilities of 
appearances. The masks are visible in Figure 4.3. 

4.3 Player motions recording 
In the beginning, the player has to perform an example of the emotion of joy 
with the upper body. To be able to record the motions, there is an invisible 
character representing the real-time position of the player. During the 
recording phase, all the movements of the upper-body bones performed by this 
avatar are saved in a file. 

Specifically, 4 CSV files are generated: Head.csv, Chest.csv, RightArm.csv, 
LeftArm.csv. In the first two files, the rotations are saved that are performed 
by the correspondent bones (head rotations in the first, chest rotations in the 
second) during the time. In the last two files are saved the rotations of the 
correspondent hand, forearm and arm bones throughout time. 

The code that connects the real-time position of the player to the invisible 
character is written by Killian Cannet, another intern at the LISN laboratory, 
who gracefully allowed us to use it and integrate it within the project. 

The code tracks the real-time positions of the HMD headset, the controllers 
and the VIVE Tracker with Belt Strap. These positions are then used to 
configure the corresponding bones of the invisible character, on which Final IK 
and RootMotion [11] are set up.  

4.4 Motions generation for virtual actors 
4.4.1 Inverse Kinematics 
The arms, head and chest of the characters are moved using the Inverse 
Kinematic (IK) approach [4]. Every character has 4 cubes used as targets for 
the IK: one for the left hand, one for the right hand, one for the head and one 
for the chest. All these body parts follow the movement of the correspondent 
target cube, and the joints angles of the other bones are calculated 
automatically (like in Figure 4.5). 

 

Figure 4.5: A character with Animation Rigging set up on the right arm. The 
hand position is following the target blue cube. IK used to calculate the 

rotations of the forearm and arm accordingly. 
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4.4.2 ML Algorithm 
Unfortunately, the ML-Agents Toolkit [8] does not provide a mechanism to 
learn a reward function from the human feedbacks, in order to be able to 
implement the Human-in-the-loop framework with human preferences 
(explained in Section 2.2.2). 

For this reason, we chose to implement a temporary solution, in which the 
agents only try to imitate the player movement recorded at the beginning. With 
this approach, it is possible to implement a reward function manually, but the 
feedback of the player is ignored. 

To imitate the player movement, every character has 3 neural networks 
learning in parallel: one for the left arm, one for the right arm and one for the 
head and chest.  

This avoids predicting a large number of parameters with a single neural 
network. On the other hand, this approach requires more computational 
power. 

Every neural network learns how to move the correspondent body part. More 
specifically, the goal of the algorithm is to predict the positions and rotations 
of the cubes used as targets for the IK. 

In the beginning, every neural network retrieves the rotations performed by 
the correspondent bone from the CSV files. The length of each file corresponds 
to the duration of the user movement, and it determines the number of steps 
that the neural networks have to execute. 

The agents take their decisions only based on the number of the current 
frame: given a frame number, they learn which pose provides a better reward. 
All the values for both observation and actions are normalized between 0 and 
1. 

At the beginning of every episode, the character starts from the default 
position (see the left image in Figure 4.6). 
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Figure 4.6: Images taken from the game. On the left, a character in the default 
position. On the right, a character in a random position after the execution of 

the algorithm. 

 

The algorithm to move the right arm is showed in Annex 9.6. 

For each step in an episode, the neural networks randomly move the target 
cubes in the space (lines 13 and 17). Consequently, through the IK, the 
correspondent configuration of the avatar is calculated following the cube 
targets.  

If the position is perfect, which means that is the same position performed by 
the player in that timeframe, the reward is 1. If the position is the worst 
possible (that is, the furthest position from the original), the reward is -1. 

The neural networks used to learn the movements of the arms receive a 
reward for each part of the arm (arm, forearm and hand position). We choose 
to give more importance to the position of the arm compared to the ones of the 
forearm or the hand (correspondingly, 66%, 20% and 13%, in lines 30, 33, 36), 
because we want the arm in the correct position before adjusting the forearm 
and the hand accordingly. 

In the case of the neural network for the head and chest, we give more 
importance to the position of the chest (60%) rather than the position of the 
head (40%). 

All the positions and rotations performed by the cubes are stored (lines 22 and 
23), so the actor can perform a replay of the movement if the player asks for it.  

When the number of steps reaches the number of actions performed by the 
player, a new episode starts. At the beginning of every episode, the cube 
targets positions are reset so that the character is positioned back in the 
default pose and the previous positions and rotations performed are canceled. 
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4.5 Motions recording for human actors 
To drive the virtual characters that are representing the human actors, we 
captured several human motions of different expressions of joy (Figure 4.7), 
directly playable in Unity.  

 

Figure 4.7: Photos of me performing some joyful motions, wearing the motion-
tracking bodysuit. 

 

We created a database of 20 different performances of joy, 10 made by a 
female interpreter (Miriam Punzi) and 10 by a male interpreter (Brian 
Ravenet), in order to have different motions to apply on female and male 
avatars.  

To capture the human motions, we used The OptiTrack Motion Capture 
System [9]. Laurence Bolot, an engineer at the lab, helped us perform the 
recordings by configuring and controlling the OptiTrack recording system. 
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5 Experiment Design 
The test is designed to investigate how game mechanisms can help in 
maintaining people engaged in an interactive learning task (in this case, 
teaching nonverbal behavior to Virtual Agents). 

We created another system (System B) which accomplishes the same objective 
of the main system (System A), but without having a game story built around 
it (Figure 5.1). 

 

Figure 5.1: A screenshot of the System B “No Game”, showing 2 actors before 
their performance. 

 

Our hypothesis is that people in the gamified environment should remain 
engaged in the task for a longer time period and have a better user experience.  

5.1 Participants 
The participants were divided equally into 2 groups: the first group started 
testing System A and then switched to System B, while the second group did 
the opposite. 

Before starting the experiment, every participant was asked to fill in a 
questionnaire to have some background information about gender, physical 
characteristics and experience with virtual environments. The questions are 
related to age, gender, handwriting, colorblindness and frequency of use of 3D 
video games, VR systems and 3D visualization software. The template of the 
questions is in Annex 9.2. 
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5.2 Tasks 
The participants were first introduced to the context of the research and the 
goal of the systems. 

For System A, the task was: 

“Imagine you are a movie director who organized a casting for an important 
role. This character wears a mask on his face for the entire movie and is 
always sitting. At the casting, 5 actors will show up. You have to vote for the 
one who best interprets the emotion of joy with the upper part of the body.” 

For System B, the task was: 

“Select the avatar who best performs the emotion of joy with the upper part of 
the body.” 

5.3 Evaluation methods 
To understand the user experience and the degree of involvement in both 
systems, we used the following techniques: 

Thinking-aloud method: the participants were asked to verbalize their 
thoughts while using both systems. These thoughts were analyzed 
together with the observed body language and spontaneous reactions of 
the participants. 
Open-questions interview: conducted immediately after the test of each 
system. With these questions, we wanted to discover general opinions 
about the systems, discuss their effectiveness, find out improvements. 
The questions related to the comparison were asked only when the user 
tested both systems. 
SUS questionnaire: to measure the usability of the system. It was 
conducted after the use of each system. 
GodSpeed questionnaire: designed in [18], it examines the perception of 
the Embodied Conversational Agents in the environment. The questions 
were adapted to refer to virtual characters driven by the ML algorithm, 
rather than to a robot like the original format. It was conducted after 
the use of each system. 
Presence questionnaire: designed in [40], it examines the feeling of 
presence in the virtual environment. It was conducted after the use of 
each system. 

The questions of the open-question interview are: 

1. What do you think about this system? 
2. Why did you decide to stop at that time? 
3. Do you think the system accomplishes the goal of teaching avatars how 

to perform joy with upper-body language? 
4. (FOR SYSTEM A) Which was your favorite part of the game? 
5. (FOR SYSTEM A) Which was the part that you liked the least in the 

game? 
6. (FOR SYSTEM A) Would you play this game again? 
7. (FOR SYSTEM A) Which was your favorite part of the game? 
8. (FOR SYSTEM A) Which was the part that you liked the least in the 

game? 
9. What should be improved in the system? 
10.Which system do you prefer? 
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11.Which system do you think is more effective? 
12.Which system would you use to accomplish the task of teaching 

emotions to virtual characters? 

The interview is divided in two parts. In the first one (questions from 1 to 9) we 
want to discover opinions specific to the system tested, without considering 
the other system. In the last part (questions from 10 to 12) we want to 
understand the preferences  

The templates of the questions are in Annex 9.3, 9.4 and 9.5. 

5.4 Pilot testing 
Before starting with the testing, we conducted a pilot test in order to 
understand if the use case was designed properly and if there were some bugs 
to fix. The pilot test was performed at home in a familiar space with a friend. 

During this test, we discovered that if the learning algorithm is not executed 
for a while with the ML-Agents toolkit, the python server generates a 
“UnityTimeOutException” and the system crashes. It was happening because 
the user was slower in performing the actions compared to us. This is why we 
decided to introduce the learning in the background/underground discussed 
in Section 4.1.1. With this solution, the algorithm is called regularly, avoiding 
the crashing of the system. Moreover, it is useful to speed up the learning of 
virtual agents. 

We also realized that the design of the recording part was not intuitive, in fact, 
the user failed the recording. We thought the instructions were not enough 
clear, so we decided to write them more specifically. However, the future tests 
show that it was not a matter of instruction, but a problem with the design. 
This concept is discussed better in the following chapter. 

Finally, we applied minor modifications, like writing better the instructions 
and fix some bugs. 

This user started testing System A, which was found better because is more 
fun. Even if this testing was made in different circumstances than the proper 
testing, the opinions of the user were similar to the ones of the other 
participants. 

The testing lasted exactly one hour. 
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6 Results
The fact that some participants started testing System A and others the 
System B did not affect at all the user experience. Most of the comments were 
in common between all the users.

Our research question “How can a game interaction help in keeping the users 
engaged in performing the learning task?” seems to be confirmed, since the 
data collected from all the evaluation methods show more positive outcomes in 
the Game one.

6.1 Participant demographics
Unfortunately, because of restrictions imposed by the COVID-19 crisis, it was 
possible to perform the experiments only with colleagues of the laboratory. So, 
the information collected through the experiments is biased due to the 
experience the test subjects have in Virtual Reality programming or Machine 
Learning techniques. We managed to find only 6 available participants. The 
demographics data of the population, collected through the preliminary 
questionnaire about the background information, is shown in pie charts in 
Figures 6.1, 6.2, 6.3, 6.4.

Figure 6.1: A pie chart describing the gender distribution in the population.
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Figure 6.2: A pie chart describing the frequency of playing 3D games in the 
population.

Figure 6.3: A pie chart describing the frequency of using 3D visualization 
software in the population.
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Figure 6.4: A pie chart describing the level of knowledge in VR in the 
population.

6.2 Common considerations
6.2.1 Actors performances
Regarding the performances of the Virtual actors, the users were either 
laughing or scared, especially when the generated movements were impossible 
to perform in reality or when the actors were blocked in a weird position. 

However, 3 users noticed that the virtual characters were improving round by 
round. A user was bored in looking at all the performances: in this case, they 
were a bit longer because he performed a long motion at the beginning.

Regarding the performances of the Human actors, the users were smiling or 
laughing.

6.2.2 Interaction through the smart table
About the interaction, almost all the users liked pushing the buttons on the 
smart table. 3 users, in the beginning, were playing with them.

Only one user found it too essential: they would have preferred to also 
manipulate some virtual objects.

A user appreciated the idea of a screen with the text rather than a floating text 
placed somewhere, because it seemed more real. However, another user said 
that the instructions sometimes were not always clear. For example, they were
directly clicking the number of the actor to see replays or to vote, without 
realizing there was the question “Do you want to see other replays?”. 
Moreover, some participants did not realize when the text changed and, in 
order to proceed with the story, they had to push a button. They realized this 
only when they noticed that nothing was happening in the environment.
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6.2.3 Recording of emotion 

 
Figure 6.5: Image taken from the game, showing the recording of the player’s 

emotion at the beginning of the round. 

 

The part that created more trouble was the recording of the director's motions 
at the beginning of the round. Some participants did not remember what that 
part was for, they were not expecting that the actors were going to imitate the 
movement. This activity was found to be not intuitive enough. 

6.3 Game system 
In general, the opinions about the Game system were positive, regardless of 
the order in which they tested the two systems. All the participants liked the 
context of the casting auditions built around the learning task. Some users 
felt completely immersed: one of them was shouting “Next!” every time an 
actor was felling in a trapdoor. 
Only one user that started with System B found the rounds a bit long, 
because of pressing multiple times the “Yes” and “No” buttons, or because 
there were many loading phases. 
Also, another user who started with System B was worried during the actors’ 
performances, because they were afraid to not be able to choose since there 
were too many actors. 

All the participants liked the design of the scene and the decorations: it 
seemed accurate and realistic and it helped in immersing more in the context 
of the casting. Moreover, the users enjoyed the concept of trapdoors. For most 
of them, seeing the actors appear or fell from them was the favorite part of the 
game. 

The factor that kept engaged the users in playing the game was the ability of 
virtual characters in imitating the player's movement. In fact, the participants 
who noticed that the agents were improving did much more rounds compared 
to the ones who did not notice. All the participants stopped the experience 
when they noticed there were no more improvements or when nothing was 
changing. 

While some users believe that the system has a great potential in teaching 
nonverbal behavior to virtual characters, others believe that the system would 
require too much data and time in order to make agents express emotions. For 
now, since they are only trying to imitate the movement of the user, the agents 
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can learn the bigger movement (like how to stand up or position arms) or how 
to not twist the body, but they can not invent the emotion of joy from scratch.  

Regarding playing the game again, there were contrasting opinions. 2 users 
answered yes because it was fun, without even thinking about it. 3 users 
answered yes only if the ML algorithm is improved. 1 user answered no, 
because they did not feel that their actions were not changing the status of the 
environment.  

6.3.1 SUS questionnaire 
Table 5.1 shows the results of the SUS score related to System A.  

 
Strongly 
disagree Disagree Neutral Agree 

Strongly 
agree 

1 3 0 1 1 1 

2 2 3 0 1 0 

3 1 0 0 2 3 

4 3 3 0 0 0 

5 0 0 1 2 3 

6 3 2 1 0 0 

7 0 0 0 2 4 

8 2 3 1 0 0 

9 0 0 0 1 5 

10 3 3 0 0 0 
 

Table 5.1: Results of the SUS questionnaire for System A. In every cell, there is 
the number of the participant who voted for that answer. 
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 User 1 User 2 User 3 User 4 User 5 User 6 Mean 
Standard 
Deviation 

1 1 1 5 4 1 3 2,5 1,760682 

2 2 2 1 2 1 4 2 1,095445 

3 5 5 5 4 1 4 4 1,549193 

4 1 2 1 2 1 2 1,5 0,547723 

5 5 4 5 4 5 3 4,333333 0,816497 

6 1 1 1 2 2 3 1,666667 0,816497 

7 5 5 5 4 5 4 4,666667 0,516398 

8 1 3 1 2 2 2 1,833333 0,752773 

9 5 5 5 5 5 4 4,833333 0,408248 

10 1 2 1 2 2 1 1,5 0,547723 

 

Table 5.2: Results of the SUS questionnaire for System A. The rows 
correspond to the 10 statements, the first columns are the answers of every 
user. In the last 2 columns, there are the mean and the standard deviation 

related to every statement. 

 

The answers tend to be extreme, alternating between strongly disagree (for 
negative questions) and strongly agree (for positive questions). The only 
exception is for statement number 1: “I think that I would like to use this 
system frequently”. This information is consistent with what has emerged 
during the interview: users would use the system if the ML algorithm is 
improved. 

The statement number 9 “I felt very confident using the system” is the one 
that got the highest consensus in the responses: 5 users voted for “Strongly 
agree”, while the other one for “Agree”. 

Also, the statement number 7 “I would imagine that most people would learn 
to use this system very quickly.” got a high consensus: 4 users voted for 
“Strongly agree”, while the other 2 for “Agree”. 
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6.3.2 GodSpeed questionnaire 

 User 1 User 2 User 3 User 4 User 5 User 6 Mean 
Standard 
Deviation 

ant1 4 1 3 4 1 1 2,333333 1,505545 
ant2 2 1 2 3 1 2 1,833333 0,752773 
ant3 1 1 2 3 1 2 1,666667 0,816497 
ant4 1 1 2 3 1 1 1,5 0,83666 
ant5 2 3 2 4 1 1 2,166667 1,169045 
ani1 3 4 2 4 2 2 2,833333 0,983192 
ani2 3 3 3 4 2 2 2,833333 0,752773 
ani3 3 4 2 3 2 2 2,666667 0,816497 
ani 4 1 3 2 3 1 2 2 0,894427 
ani 1 2 4 3 1 2 2,166667 1,169045 

ani 6 1 3 3 3 3 1 2,333333 1,032796 
lik 1 4 4 4 4 1 4 3,5 1,224745 
lik 2 3 3 4 4 2 3 3,166667 0,752773 
lik 3 3 3 4 3 2 4 3,166667 0,752773 
lik 4 2 4 4 3 2 3 3 0,894427 
lik 5 3 4 4 3 2 3 3,166667 0,752773 
psb1 5 2 5 4 4 4 4 1,095445 
psb2 5 2 5 4 4 4 4 1,095445 
psb3 4 4 3 4 2 3 3,333333 0,816497 
pse1 5 4 5 4 5 4 4,5 0,547723 
pse2 5 4 5 4 5 4 4,5 0,547723 
pse3 4 2 3 4 2 3 3 0,894427 

 

Table 5.3: Results of the GodSpeed questionnaire for System A. The rows 
correspond to the questions, the first columns are the answers of every user. 

In the last 2 columns there are the mean and the standard deviation related to 
every question. 

 

The average perception of the virtual agents is negative: the mean values go 
between 1.5 and 3.5 for most of the questions. This result is consistent with 
the opinions collected during the interview. 

The questions with the highest average are the ones in the “Perceived Safety” 
section: the values are between 3 and 4.5. Specifically, participants felt more 
relaxed, calm and surprised at the end of the testing. 
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6.3.3 Presence questionnaire 

 User 1 User 2 User 3 User 4 User 5 User 6 Mean 
Standard 
Deviation 

1 6 7 7 6 7 3 6 1,549193 
2 6 6 6 6 7 5 6 0,632456 
3 6 6 7 6 6 4 5,833333 0,983192 
4 2 6 7 5 4 6 5 1,788854 
5 6 6 7 6 5 4 5,666667 1,032796 
6 6 6 7 5 4 3 5,166667 1,47196 
7 4 4 7 4 7 3 4,833333 1,722401 
8 6 6 6 3 7 4 5,333333 1,505545 
9 4 4 7 4 6 5 5,2 1,30384 

10 6 7 7 6 7 5 6,333333 0,816497 
11 6 6 7 6 7 6 6,333333 0,516398 
17 2 7 6 5 1 4 4,166667 2,316607 
18 2 4 5 3 4 4 3,6 1,140175 
19 7 7 6 5 6 4 5,833333 1,169045 
20 7 7 7 5 6 5 6,166667 0,983192 
21 7 7 7 5 6 4 6 1,264911 
22 6 7 7 6 4 4 5,666667 1,36626 
23 4 6 5 6 6 4 5,166667 0,983192 
24 6 6 5 6 4 5 5,333333 0,816497 
25 7 6 7 6 6 5 6,166667 0,752773 
27 2 4 2 2 1 4 2,5 1,224745 
28 5 3 1 2 2 4 2,833333 1,47196 
29 1 3 1 3 2 4 2,333333 1,21106 
 

Table 5.4: Results of the Presence questionnaire for System A. The rows 
correspond to the questions, the first columns are the answers of every user. 

In the last 2 columns there are the mean and the standard deviation related to 
every question. 

 

The average feeling of perceived presence is high: the mean values are around 
5 and 6 for most of the questions, with the exception of the last 3 ones related 
to the interface quality. In fact, sometimes the system was a bit slow in 
computation because of the training of 3 different neural networks in parallel. 
Moreover, all the users had trouble recording the emotion at the beginning. 

Question number 18 “How well could you examine objects from multiple 
viewpoints?” has a neutral average of 3, since the user experienced the game 
sitting. 
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6.4 No Game system 
In general, the comments related to the No Game system are similar to the 
Game system for the parts in common. 

The participants had the same reactions while they were looking at the 
performances of the virtual characters, they had the same experience 
interacting through the smart table, they had problems in recording the 
emotion at the beginning, they were involved in continuing playing according 
to the improvements of the performances. 

However, the participants who tested the Game system first expressed their 
preferences compared to that system. Some users expressed that the 
environment is not as rich and pleasing as the other, or that the smart table in 
this system is worse. They found the No Game system boring and repetitive 
compared to the other. 

Only one user out of 6 was more involved in this, after trying the Game first.  

6.4.1 SUS questionnaire 
Table 5.5 shows the results of the SUS score related to System B. In every cell, 
there is the frequency of the answers of the participants. 

 
Strongly 
disagree Disagree Neutral Agree 

Strongly 
agree 

1 3 1 0 2 0 

2 2 4 0 0 0 

3 0 0 0 3 3 

4 4 2 0 0 0 

5 1 0 2 1 2 

6 4 2 0 0 0 

7 0 0 0 3 3 

8 4 1 1 0 0 

9 0 0 0 3 3 

10 4 2 0 0 0 
 

Table 5.5: Results of the SUS questionnaire for System B. In every cell, there 
is the number of the participant who voted for that answer. 
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 User 1 User 2 User 3 User 4 User 5 User 6 Mean 
Standard 
Deviation 

1 1 1 4 4 1 2 2,2 1,643168 

2 2 2 1 2 1 2 1,6 0,547723 

3 5 4 5 4 5 4 4,6 0,547723 

4 1 2 1 2 1 1 1,4 0,547723 

5 5 3 5 4 1 3 3,6 1,67332 

6 1 2 1 2 1 1 1,4 0,547723 

7 5 4 5 4 5 4 4,6 0,547723 

8 1 3 1 2 1 1 1,6 0,894427 

9 5 4 5 4 5 4 4,6 0,547723 

10 1 2 1 2 1 1 1,4 0,547723 

 

Table 5.6: Results of the SUS questionnaire for System B. The rows 
correspond to the 10 statements, the first columns are the answers of every 
user. In the last 2 columns there are the mean and the standard deviation 

related to every statement. 

 

Similar to the SUS table for System A, the answers tend to be extreme, 
alternating between strongly disagree (for negative questions) and strongly 
agree (for positive questions). Also in this case there is the exception for 
statement number 1, which reflects what emerged in the interview. 

However, the answers for this system are more homogeneous: the majority 
(more than 50%) of users agree more on a specific class. Specifically, they 
voted “Strongly disagree” in 4 negative statements (the numbers 4, 6, 8, 10). 
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6.4.2 GodSpeed questionnaire 

 User 1 User 2 User 3 User 4 User 5 User 6 Mean 
Standard 
Deviation 

ant1 4 1 3 4 1 1 2,4 1,341641 
ant2 2 1 2 3 1 2 2,4 1,516575 
ant3 1 1 2 3 1 2 1,6 0,894427 
ant4 1 1 2 3 1 1 2 1 
ant5 2 3 2 4 1 1 2 1 
ani1 3 4 2 4 2 2 3 1 
ani2 3 3 3 4 2 2 2,8 0,447214 
ani3 3 4 2 3 2 2 2,2 0,83666 
ani 4 1 3 2 3 1 2 2 0,707107 
ani 1 2 4 3 1 2 2,6 0,894427 
ani 6 1 3 3 3 3 1 3 1,414214 
lik 1 4 4 4 4 1 4 3,4 0,894427 
lik 2 3 3 4 4 2 3 3 0,707107 
lik 3 3 3 4 3 2 4 3,2 0,447214 
lik 4 2 4 4 3 2 3 2,8 1,48324 
lik 5 3 4 4 3 2 3 3,2 0,447214 
psb1 5 2 5 4 4 4 4,4 0,894427 
psb2 5 2 5 4 4 4 4,4 0,894427 
psb3 4 4 3 4 2 3 2,8 1,30384 
pse1 5 4 5 4 5 4 4,6 0,547723 
pse2 5 4 5 4 5 4 4,4 0,547723 
pse3 4 2 3 4 2 3 3,2 1,30384 
 

Table 5.7: Results of the GodSpeed questionnaire for System B. The rows 
correspond to the questions, the first columns are the answers of every user. 
In the last 2 columns, there are the mean and the standard deviation related 

to every question. 

 

The average perception of the virtual agents is also negative in this system: the 
mean values go between 1.5 and 3 for most of the questions. This result is 
consistent with the opinions collected during the interview. Same as before, 
the questions with higher averages are the ones in the “Perceived Safety” 
section: the values are between 3 and 4.5. Specifically, participants felt more 
relaxed, calm and surprised at the end of the testing. 

Overall, the values are a bit lower than the ones of the Game system. 
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6.4.3 Presence questionnaire 

 User 1 User 2 User 3 User 4 User 5 User 6 Mean 
Standard 
Deviation 

1 6 7 7 6 7 3 5,6 0,894427 
2 6 6 6 6 7 5 6,6 0,547723 
3 6 6 7 6 6 4 6,2 0,447214 
4 2 6 7 5 4 6 5,4 1,341641 
5 6 6 7 6 5 4 6,2 0,83666 
6 6 6 7 5 4 3 5,8 1,095445 
7 4 4 7 4 7 3 5 1,224745 
8 6 6 6 3 7 4 4,8 2,280351 
9 4 4 7 4 6 5 4,25 0,957427 

10 6 7 7 6 7 5 6 0,707107 
11 6 6 7 6 7 6 5,6 1,140175 
17 2 7 6 5 1 4 4 2,12132 
18 2 3 5 3 4 4 2,75 1,5 
19 7 7 6 5 6 4 4,6 2,073644 
20 7 7 7 5 6 5 6,4 0,547723 
21 7 7 7 5 6 4 6,4 0,894427 
22 6 7 7 6 4 4 6,2 0,83666 
23 4 6 5 6 6 4 5,2 1,30384 
24 6 6 5 6 4 5 4 0,707107 
25 7 6 7 6 6 5 6,4 0,547723 
27 2 4 2 2 1 4 2,8 1,923538 
28 5 3 1 2 2 4 2,4 0,894427 
29 1 3 1 3 2 4 1,6 0,894427 
 

Table 5.8: Results of the Presence questionnaire for System B. The rows 
correspond to the questions, the first columns are the answers of every user. 
In the last 2 columns, there are the mean and the standard deviation related 

to every question. 

 

Similarly to System A, the average feeling of presence perceived is high: the 
mean values are around 5 and 6 for most of the questions, with the exception 
of the last 3 ones, for the same reasons. 

Question number 18 “How well could you examine objects from multiple 
viewpoints?” has a neutral average of 2.8, since the user experienced the game 
sitting. 

Also for this questionnaire, the values are a bit lower than the ones of the 
Game system. 
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6.5 Comparison 
6.5.1 Think aloud and open-questions 
5 out of 6 participants preferred the Game system because of the story idea, 
the decoration objects and the presence of more actors. Even if they spent 
more time in it, they did not realize it because it was fun. 
Only one user preferred the No Game system. This user thought that this 
system is easier to use because there are only 2 actors to consider, while in 
the Game system there were too many performances to remember. 

Regarding the effectiveness of the system, there are contrasting opinions. 
All the users that tested the No Game system first and a user who tested the 
Game system first believe the No Game system is more effective, because it is 
faster and more efficient since they can focus only on one character and more 
on the improvements. 
In contrast, the 2 other users who tested the Game first believe the Game 
system is more effective because they spent more time playing and because it 
is more fun. 

At the question of which system they would use to train virtual characters, all 
the users stick with their preference. 

6.5.2 Questionnaires 
For the Game system, the SUS score is 70.42, while in the No Game system 
the SUS score is 65.83. According to [6] interpretation of results, System A is 
considered as Good, while System B is considered to be Poor.  

Comparing the two GodSpeed questionnaires, the differences between the 
mean answers are minimal, in some cases even 0. This shows that the 
Embodied Conversational Agents were perceived in a similar way. Overall, it 
seems that the agents were perceived more positively in System A. 

The results of the two Presence questionnaires were quite similar in most of 
the questions, even if the answers are overall more positive in favor of the 
Game system. 
In 2 questions the difference was more significant, always in favor of System 
A: 

In question 19: “Were you able to anticipate what would happen next in 
response to the actions that you performed?”, the mean of the answers 
for System A is 1,16 more than the mean of the answers for System B. 
This shows that is easier to anticipate the responses in the Game 
system. 
In question 24: “Were there moments during the virtual environment 
experience when you felt completely focused on the task or 
environment?”, the mean of the answers for System A is 1,3 more than 
the mean of the answers for System B. This shows that in the Game 
system the participants were more focused on the task and on the 
environment.  
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6.6 Main findings and ideas for next iteration 
6.6.1 Effectiveness: the most important usability factor perceived 
What affected the user experience the most was the effectiveness of the 
system. The temporary solution for generating the agents' nonverbal behavior 
impacted the involvement in the game, sometimes decreasing the satisfaction 
factor. 
For some users, it was confusing that the Virtual Agents were trying to imitate 
their motion of joy performed at the beginning. 
Moreover, all the participants stopped playing the game when they realized the 
Virtual Agents were not improving anymore, and some of them were 
disappointed by the fact that their decision was not considered in the game 
story. 

6.6.2 Recording of emotion part not enough immersive 
All the users failed to perform the recording of the emotion at the beginning of 
the game. This was the only part of the game in which the interaction was not 
through button-pressing on the smart table, but through the pressing of the 
trigger button on the Vive Controller. We chose to design in this way because 
we did not want to include in the emotion recording the movement that the 
user has to make to press a virtual button. However, it was not a good idea 
because interacting with a real object instead of a virtual object leads to less 
immersion. 

After the pilot testing, when the user did not manage to understand how to 
record, we changed the instructions on the display. Through all the testing 
sessions we discovered that the problem was not related to the instructions, 
but with the degree of immersion in the system. In fact, all the users were not 
focused on that part and they did not realize when the recording started after 
clicking on the trigger button. They were feeling stranger to the system during 
that task. 

A user suggested introducing an avatar that is reproducing the user motions 
to increase the degree of immersion, but this could lead to less spontaneity of 
the movement. I experimented with this problem on myself while I was doing 
the recording of the joy emotion through the motion capture suit: we got much 
better results when I was not seeing my avatar reproducing my motions. 

6.6.3 The number of actors influences the user experience 
The design of the testing itself has to be improved in order to get more 
accurate data. Actually, the Game system has 5 performing actors, while the 
No Game system has 2 of them. This difference was a factor of interest for the 
user that emerged during the think-aloud technique and during the open-
questions interview, and influenced the preference. 

Some users preferred to have more actors, because it implies more 
unpredictability due to the various performances, leading to a more fun 
experience. Others preferred to have only 2 actors, because it is easier to keep 
the focus and it is easier to remember the performances. 

This difference influenced the user experience of the participants, in fact when 
they had to express their preference between the two systems, they mentioned 
also this factor. So, the preference was not only chosen considering uniquely 
the gamification around the task, but also the number of actors of each round. 
Nevertheless, it is interesting to investigate how the number of actors 
influences the emotional response of the user.  
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6.6.4 Seated VR or navigation in the environment? 
Some users enjoyed experiencing Virtual Reality while seated because they 
found it relaxing, while one participant would have preferred to walk inside the 
environment and observe the actors from a closer perspective. 

In a scenario with navigation, the interaction through a static smart table 
would not fit anymore. We could investigate alternative interaction methods 
through object manipulation or direct communication with the virtual agent. 
For example, the users could carry a mobile controller with buttons, or they 
can communicate directly to the ECAs through gestures.  
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7 Conclusions 
In this work, we designed a system that allows ECAs to learn nonverbal 
behavior in immersive environments. Specifically, we used the Human-in-the-
loop framework with human preferences in a Virtual Reality game, where the 
player improves the learning models of the agents through different rounds of 
the game. The learning task was to perform the emotion of joy with the upper 
body, without facial expressions. 

Our challenge concerned how to insert game mechanisms around the 
framework and how to design the interaction between a human and the 
framework. 

We were not interested in solving the machine learning problem of teaching 
nonverbal behavior to virtual agents. To overcome the absence of a neural 
network that approximates the user preferences, we implemented a temporary 
solution in which the virtual agents in the system were just imitating the user 
movement, without considering the user feedback. 

Our research was focused on investigating how this alternative training 
process can help in keeping the users engaged in performing the learning 
task. 

We conducted 6 testing sessions in which the participants had to compare the 
user experience of the game with another system that accomplishes the same 
learning task without having a game story around it. 

Results show that users were more involved and satisfied in the gamified 
scenario. However, the usability of the system was affected by the 
ineffectuality of the virtual agents in performing the emotion of joy. The fact 
that the system is not considering the feedback of the user yet is negatively 
affecting the user experience and the satisfaction factor. In addition, the 
mismatch between the design and the development created a lot of confusion 
to the users, since they were not able to understand the differences introduced 
by the temporary solution (especially why in both systems the virtual 
characters are trying to copy the user movement). 

In the future, in order to have more accurate results, we first have to improve 
the Machine Learning algorithm, starting from validating the player's decision 
and avoiding learning agents in performing impossible movements with the 
body. 
Moreover, the bias in the testing population needs to be reduced. Because of 
the limitations imposed by the COVID-19 pandemic, we were allowed to test 
only 6 colleagues from the laboratory, and all of them were virtual reality 
programmers or machine learning students. The population should include 
the other users we focused on: virtual reality gamers without knowledge in 
machine learning. 
Furthermore, the test design should be improved. Both systems should have 
the same number of performing actors since we discovered that it influences 
the user experience. Some users preferred to have 5 actors, while others 
preferred to have 2. Some investigation could be done to discover the optimal 
number of actors, or we can just give the players the opportunity to customize 
this number at the beginning of the game. 
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The part of the recording emotion at the beginning should be redesigned, 
trying to increase the feeling of immersion without impacting the spontaneity 
of the movement. 

Finally, we could explore new interactions, including the navigation in the 
environment, where the player can go closer to virtual agents. New research 
questions can arise around the perception of the learning agents from a closer 
perspective and how this impacts the quality of the nonverbal behavior 
generated. 

These alternative approaches could affect the engagement in the game 
positively, leading to a better user experience and to better results in the 
generation of nonverbal behavior.  
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9 Annexes 
 

9.1 Interview about theatre (in Italian) 
 
Questions 
Personal experience: 
Hai mai fatto un provino? Per quale parte? Parlami della tua esperienza. 
 
Location: 
Dove si fanno solitamente le audizioni? 
Quali sono gli oggetti tipici che si trovano in una stanza per audizioni? 
Quali figure lavorative sono presenti in una stanza per audizioni? 
 
Time and numbers: 
Quanto può durare un’audizione? 
Quanti attori ci sono solitamente a un’audizione? 
Le performances degli attori vengono registrate? 
 
Tasks of director: 
Che cosa fa il regista quando dirige delle audizioni? 
Come fa un regista a valutare una performance? Quali parametri guarda? 
Come viene comunicato l’attore che è stato preso per la parte? 
 
Tasks of actors: 
Cosa devono fare gli attori per andare a un provino? Si devono iscrivere? 
Cosa devono fare gli attori quando si presentano a un provino? 
Cosa fanno gli attori una volta eseguita la performance? Vanno in sala d’attesa? 
 
Context: 
Ci sono delle differenze tra audizioni per uno spettacolo teatrale e audizioni per un 
film cinematografico? Quali? 
Hai mai assistito a una cerimonia di premiazione di uno spettacolo/film? Sai come 
funzionano? 
 
Answers 
M: per entrare in accademia di teatro, per fare una comparsa mimica in un’opera 
lirica. Poco fa ha inviato un video per candidarsi a uno spettacolo. 
Alcune esperienze belle, altre brutte. Le più belle sono quelle dove viene chiesto di 
improvvisare. In quelle teatrali puoi andare lì con un pezzo preparato, ma poi ti 
chiedono di modificarlo un po’ cambiando alcuni elementi (es carattere persona, usare 
altri oggetti). Brutta esperienza nell’entrare nelle scuole, perchè hanno tantissimi 
candidati, quindi sono molto sbrigativi e non ti considerano. 
E: per spettacoli di teatro e per un cortometraggio. Per spettacoli teatrali viene chiesto 
di essere creativi e di essere inventivi, non solo di recitare delle parti prestabilite. In un 
provino cinematografico mi hanno chiesto di eseguire una parte. In quelli teatrali 
costruiscono il personaggio su di te, quanto sei flessibile. 
M: affittano stabilimenti. 
E: a teatro, o in piccole sale. 
M: dipende dall’audizione che devi fare. Il meno possibile. In genere un tavolo e una 
sedia. 
E: meno oggetti possibile, perchè gli oggetti sono “stampelle”. Un attore in difficoltà 
potrebbe usare gli oggetti per aiutarsi quando non sa improvvisare. 
M: regista, aiuto regista, casting director (seleziona e gestisce casting, fa una pre 
audizione e se vede qualcuno bravo gli fa fare il provino vero e proprio), tecnico 
telecamera. 
E: costumista, consulente d’immagine. 
Da 1 minuto a un’ora, molto variabile.  



 
 

47 
 

E: dipende dal livello e dallo spettacolo. Per spettacoli teatrali non molti. Per scuole 
anche un migliaio. 
M: per cinema un migliaio. 
Non sempre, spesso sì. 
Il regista si presenta, l’attore si presenta, chiede delle esperienze precedenti e dà la 
consegna. Ti può dare un feedback o grazie arrivederci. 
Difficile dirlo. Dipende da quello che cerca. Non solo l’essere capaci, ma anche se si 
intravede una versatilità, capacità di cambiare e modellarsi. Physic du role: quanto 
corrispondono all’immagine (es sto cercando una specifica donna di una certa età con 
certe caratteristiche fisiche). 
Email o telefonata. Non succede quasi mai che venga comunicato il giorno stesso. Per 
uno spettacolo di scuola era successo. In ambienti chiusi viene comunicato anche 
direttamente dal regista. Se hanno pochi candidati per volta da valutare, può 
comunicarlo anche subito e dire che vanno al next round. 
In genere su internet, o si manda un email, ci si iscrive. 
Si presentano e seguono quello che il regista dice di fare, o magari vanno al provino 
con una parte imparata a memoria da prima su richiesta. 
Salutano, ringraziano, e se ne vanno. Al 90% non comunicano l’esito subito, quindi 
non vanno in una sala d’attesa. 
Si ce ne sono. Nel cinema è più facile che il regista abbia già chiaro come deve essere il 
personaggio. Nel teatro (e probabilmente anche grande schermo), il personaggio si 
costruisce attorno. Il cinema è più discriminante (es quanto sei fotogenico, quanto 
vieni bene), ci sono attori bravissimi che però non sono fotogenici. Nel teatro si può 
cambiare corpo con tanto trucco, parrucche ecc, ma nel cinema no, deve essere più 
vicino alla realtà. 
No. Probabilmente in un auditorium. Fase in cui la giuria guarda il film, discute, vota. 
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9.2 Background information 
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9.3 SUS 
 

1 2 3 4 5
I think that I would like to use this system frequently.
I found the system unnecessarily complex.
I thought the system was easy to use.
I think that I would need the support of a technical person to be able to use this 
system.
I found the various functions in this system were well integrated.
I thought there was too much inconsistency in this system.
I would imagine that most people would learn to use this system very quickly.
I found the system very cumbersome to use.
I felt very confident using the system.
I needed to learn a lot of things before I could get going with this system.
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9.4 State of presence questionnaire 

1.1 Involvement 
1. How much were you able to control events?

NOT AT ALL
  

SOMEWHAT
  

COMPLETELY

 

2. How responsive was the environment to actions that you initiated (or performed)?

NOT REACTIVE
  

MODERATELY REACTIVE
  

COMPLETELY REACTIVE

 

3. How natural did your interactions with the environment seem?

EXTREMELY ARTIFICIAL
  

HALFWAY
  

COMPLETELY NATURAL

 

4. How much did the visual aspects of the environment involve you?

NOT AT ALL
  

SOMEWHAT
  

COMPLETELY

 

5. How natural was the mechanism which controlled movement through the environment?

EXTREMELY ARTIFICIAL
  

HALFWAY
  

COMPLETELY NATURAL

 

6. How compelling was your sense of objects moving through space?

NOT AT ALL
  

MODERATELY MISTAKED
  

VERY MISLEAD

 

7. How much did your experiences in the virtual environment seem consistent with your real 
world experiences?

NOT LOOKING LIKE
  

MODERATELY LIKE
  

VERY SIMILAR

 

8. How completely were you able to actively survey or search the environment using vision?

NOT AT ALL
  

ENOUGH
  

COMPLETELY

 

9. How compelling was your sense of moving around inside the virtual environment?

NOT AT ALL CONFONDENT
  

MODERATELY CONFONDENT
  

VERY CONFONDENT

 

10. How well could you move or manipulate objects in the virtual environment?

NOT WELL
  

MODERATELY WELL
  

FULLY WELL
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11. How involved were you in the virtual environment experience?

NOT AT ALL
  

MODERATELY COMMITTED
  

FULLY ABSORBED

 

1.2 Sensory Fidelity 
17. How closely were you able to examine objects?

NOT NEAR
  

RATHER CLOSE
  

VERY CLOSE

 

18. How well could you examine objects from multiple viewpoints?

NOT AT ALL
  

ENOUGH
  

COMPLETELY

 

1.3 Adaptation/Immersion 
19. Were you able to anticipate what would happen next in response to the actions that you 
performed?

NOT AT ALL
  

ENOUGH
  

COMPLETELY

 

20. How quickly did you adjust to the virtual environment experience?

NOT SUITABLE AT ALL
  

SLOWLY
  

IN LESS THAN A MINUTE

 

21. How proficient in moving and interacting with the virtual environment did you feel at the 
end of the experience?

NOT COMPETENT
  

REASONABLY COMPETENT
  

VERY COMPETENT

 

22. How well could you concentrate on the assigned tasks or required activities rather than 
on the mechanisms used to perform those tasks or activities?

NOT AT ALL
  

ENOUGH
  

COMPLETELY

 

23. How completely were your senses engaged in this experience?

NOT ENGAGED
  

ENOUGH ENGAGED
  

COMPLETELY ENGAGED

 

24. Were there moments during the virtual environment experience when you felt completely 
focused on the task or environment?

NOT AT ALL
  

SOMETIMES
  

ALL THE TIME
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25. How easily did you adjust to the control devices used to interact with the virtual 
environment?

NOT EASILY
  

MODERATELY EASILY
  

COMPLETELY EASILY

 

1.4 Interface Quality 
27. How much delay did you experience between your actions and expected outcomes?

NO DELAY
  

MODERATE DELAY
  

LONG DELAY

 

28. How much did the visual display quality interfere or distract you from performing assigned 
tasks or required activities?

NOT AT ALL
  

ENOUGH INTERFERED
  

COMPLETELY INTERFERED

 

29. How much did the control devices interfere with the performance of assigned tasks or 
with other activities

NOT AT ALL
  

ENOUGH INTERFERED
  

COMPLETELY INTERFERED
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9.5 GodSpeed questionnaire 
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9.6 The code for the generation of a right arm movement 
in a single time step. 

 

1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
 
14 
15 
 
16 
 
17 
 
18 
19 
20 
21 
22 
 
23 
 
24 
25 
26 
27 
28 
29 
30 
 
 
31 
32 
33 
 
 
 
34 
35 
36 
 
 
37 
38 
39 

public override void OnActionReceived(ActionBuffers actions) 
{ 
   // values used to move the target cube for the right arm 
   float moveRightArmX = actions.ContinuousActions[0]; 
   float moveRightArmY = actions.ContinuousActions[1]; 
   float moveRightArmZ = actions.ContinuousActions[2]; 
 
   float rotateRightArmX = actions.ContinuousActions[3]; 
   float rotateRightArmY = actions.ContinuousActions[4]; 
   float rotateRightArmZ = actions.ContinuousActions[5]; 
 
   // move the target cube for the right arm 
   targetRightArm.localPosition += new Vector3(moveRightArmX, 
moveRightArmY, moveRightArmZ) * Time.deltaTime * moveSpeed; 
   targetRightArm.Rotate( 
      (transform.localRotation.x + rotateRightArmX) * Time.deltaTime * 
moveSpeed * 500, 
      (transform.localRotation.y + rotateRightArmY) * Time.deltaTime * 
moveSpeed * 500, 
      (transform.localRotation.z + rotateRightArmZ) * Time.deltaTime * 
moveSpeed * 500); 
 
   // save movement performed by the right target cube 
   if (isForPerformance) 
   { 
      performedPositionsRightTarget.Add(new Vector3(moveRightArmX, 
moveRightArmY, moveRightArmZ)); 
      performedRotationsRightTarget.Add(new Vector3(rotateRightArmX, 
rotateRightArmY, rotateRightArmZ)); 
   } 
 
   // CALCULATE REWARD 
   float reward = 0.0f; 
 
   if (countStep < EnvironmentStatus.rotationsRightArm.Count) 
      reward += (-1 + 2 * 
Mathf.Abs(Quaternion.Dot(actorRightArm.localRotation, 
(Quaternion)EnvironmentStatus.rotationsRightArm[countStep]))) * 0.66f; 
 
   if (countStep < EnvironmentStatus.rotationsRightForeArm.Count) 
      reward += (-1 + 2 * 
Mathf.Abs(Quaternion.Dot(actorRightForeArm.localRotation, 
(Quaternion)EnvironmentStatus.rotationsRightForeArm[countStep]))) * 
0.20f; 
 
   if (countStep < EnvironmentStatus.rotationsRightArm.Count) 
      reward += (-1 + 2 * 
Mathf.Abs(Quaternion.Dot(actorRightHand.localRotation, 
(Quaternion)EnvironmentStatus.rotationsRightArm[countStep]))) * 0.13f; 
 
   AddReward(reward); 
} 

 


