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Abstract
This article presents a methodology for automatically synthesizing a virtual pop-
ulation (pedestrians placed in a virtual environment) that impacts a user with
a specified affective experience. The pipeline began by developing a dataset of
behaviors that could be assigned to virtual characters. Next, an annotation phase
assigned affective responses of participants to each character’s behavior. The
design considerations of our affective multicharacter virtual reality experience
were then encoded to cost terms and assigned to a total cost function. This
method allowed the developer to control the priority and the targets of the cost
terms, and given the user inputs, our application could optimize the multichar-
acter experience using a Markov chain Monte Carlo method known as simulated
annealing. A user study was conducted to investigate whether our method could
synthesize virtual reality multicharacter experiences that affect participants in
an expected way. The results of our study showed that the three different synthe-
sized multicharacter experiences (low, medium, and high negative affect) were
perceived as expected by participants; therefore, we argue that we can indeed
automatically synthesize virtual reality multicharacter experiences that impact
participants’ affect levels in an expected way. Limitations and future research
directions are discussed.
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1 INTRODUCTION

Human crowds form an important aspect of our daily lives. We are surrounded by other people, and we interact both
directly and indirectly (e.g., observe other humans, avoid humans when walking, coordinate our movement, and socially
interact) with those surrounding us. Like the experiences we have in the real world, humans commonly interact or cohabit
with virtual characters in virtual environments. In such an experience, virtual reality users could either have an active or
passive interaction (i.e., either directly interact or just observe the virtual characters).1 Disregarding the interaction form
(active or passive) between humans and virtual characters, prior research has shown that virtual characters can elicit a
range of behavioral responses to virtual reality users, ranging from positive to negative.2-4

Some studies have addressed human interaction with virtual characters and virtual crowds. Examples include an
exploration of the effects of appearance and motion of virtual characters on humans’ emotional reactivity,5 an inves-
tigation of the effect that the virtual characters’ appearance fidelity has on emotion contagion during interpersonal
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interactions,6 research into the effects of interacting with a crowd of emotional virtual humans,7 the perception of the
interaction with virtual humans through haptic feedback patterns,8 and more. In such studies, the experiment team
developed variations of the stimulus to understand how changes (e.g., small changes in facial expressions or body ges-
tures, changes in appearance of the virtual characters) could affect the behavioral responses of participants. However, the
stimulus was prepared manually instead of automatically, which means that the designers needed to put in time and effort.

This article investigates the potential of inverting the stimulus-preparation process for automatically creating an affec-
tive multicharacter virtual reality experience. We think that such a method could be used in virtual reality experiences or
games, in which developers need to induce a certain level of affect to users, without the need for time-consuming and man-
ual processes. Our method was inspired by previous research on automatically synthesizing virtual reality experiences
that fulfill certain design goals;9-11 therefore, we developed a pipeline that helped us synthesize affective multicharacter
experiences automatically. Our pipeline started by developing a dataset of behaviors that could be assigned to the virtual
characters of our virtual reality scene. Then, each character’s behavior was annotated by participants using the negative
affect items retrieved from the positive and negative affect schedule (PANAS) scale.12 After the annotation phase, cost
terms were developed that encoded the design decisions of our multicharacter experience and assigned them to a total
cost function. To automatically synthesize an affective experience based on the behaviors that were assigned to the virtual
characters, we employed a Markov chain Monte Carlo optimization method13 called simulated annealing.14

Based on the developed methodology, our goal was to investigate whether we could synthesize multicharacter experi-
ences that impacted participants’ responses in an expected way. For this reason, a user study was conducted. In this study,
a simple virtual reality scenario was developed, and the behavior of characters in the virtual reality scene was optimized
to provide low, medium, and high negative affect experiences. We did so because prior studies indicated that users appre-
ciate experiencing negative emotions.15 Our results showed that significant differences were noted by the participants
across the three affective experiences, indicating that the proposed pipeline could be used to automatically synthesize
affective multicharacter virtual reality experiences.

The remainder of this article is arranged as follows. Section 2 introduces the related work. Section 3 describes the
preliminary steps that were followed to create the annotated dataset. The problem formulation and the optimization
process are described in Section 4. The conducted experimental study, the results, and the discussion are presented in
Section 5. Finally, the conclusions and future research directions are discussed in Section 6.

2 RELATED WORK

Most real-world interactions with populations are based on the concept of interpersonal communication.16 The term
interaction can refer to anything from a user engaging actively with the characters (pushing them away, talking to them,
and so forth) or a passive interaction, where the presence of the crowd affects the experience of the user (such as produc-
ing a specific emotion in the player’s mind). The individual relationships between the members of a virtual population
encapsulate many nonverbal communication cues, including eye gaze and proxemics.17 For example, Hall et al.18 talked
about the importance of personal space and how it is deeply ingrained in our understanding of patterns in the physical
world. The five-factor model of personality, more commonly referred to as the OCEAN model,19 provides insight into
how a person can evaluate another person in a collective, using the traits of “openness, conscientiousness, extroversion,
agreeableness and neuroticism.”20

Previous studies have investigated the impact of various characteristics that could be assigned to virtual populations.
It has been reported that the size and the number of virtual characters assigned to a virtual crowd positively impact the
realism of the crowd,21-23 and the interaction scenario and the behaviors assigned to the virtual characters impact the
realism of the synthesized virtual population.24 Another study25 found that besides the size of the virtual crowd and
the number of virtual characters, it is also important to consider the orientation of virtual characters within a crowd as
well as the formation of the crowd; the study reported that rule-based formations can enhance realism compared with
a randomly formatted crowd. Finally, studies have also investigated the egocentric behavior of virtual populations,26,27

indicating that the absence of collision avoidance between virtual characters and virtual reality users results in lower
levels of presence and comfort.

Scenarios with virtual populations or crowds were mainly associated with evacuation-based studies28,29 and
disaster-management protocol testing.30,31 Previous findings shed light on how crowd movement in multihazard scenar-
ios could affect the decisions of participants.28,32 Kyriakou et al.33 examined how characteristics of a virtual population
could affect a user’s experience in a virtual environment. They found that when the virtual crowd was more interactive,
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the participants perceived it as more realistic. Volonte et al.7 examined the effects of various properties—such as eye gaze,
facial expression, and body language—in an interactive virtual reality application. They found that during the negative
conditions, the users generally had the least interaction with the virtual population. Marschner et al.34 explored the role
of gaze mechanics and eye contact using virtual agents. They found that mutual eye contact and body orientation were
important sources for effective communication between virtual agents and users. The exploratory study conducted by
Moustafa and Steed35 found that group dynamics get carried over into the virtual world, with the only drawback being
proper avatar implementation.36

This article explores the use of an optimization-based method to optimize affective multicharacter virtual reality expe-
riences. In the past, such techniques have been used for matters of adaptability or replayability in games,37,38 since such
techniques provide the ability to design games that adapt to a variety of constraints and parameters, both during the
initialization process and before the game starts.10,39 Optimization-based methods can even alter a game dynamically
in response to events in the game.40-43 We therefore think that such methods can be adapted and used to synthesize
multicharacter experiences that fulfill certain design goals.

This study considered previously published work on human interaction with virtual characters as well as prior work
on optimizing virtual reality experiences and combined such knowledge to explore whether it is possible to automatically
synthesize virtual reality multicharacter experiences that elicit certain emotional responses of participants. Thus, to the
best of our knowledge, this article contributes toward (1) proposing a pipeline for automatically synthesizing virtual reality
multicharacter experiences based on several design decisions and (2) validating through a user study that the optimized
multicharacter experiences could elicit a certain emotional state in our participants. We think our method could be useful
for the automatic synthesis of unique virtual reality experiences that eliminate the need for manual and time-consuming
stimulus preparation processes.

3 PRELIMINARIES

In this section, we describe the steps we followed for synthesizing the behaviors of our virtual characters as well as the
process that took place to annotate those behaviors.

3.1 Character behavior

The first step of the study was to develop a dataset of different behaviors that could be assigned to a virtual character, and
its connotation was determined to be between neutral and negative affect. The dataset consists of both motion sequences
(walk, point, yell, sidestep, and idle) and scripted behaviors (e.g., Look At participant’s position in the virtual environ-
ment). We also considered triggers that could prompt the behaviors to be displayed to the participants. For this part, we
considered the interpersonal space, also known as the proxemic model.18,44 Based on this model, a character behavior
is generated once the position of the user is inside either the intimate, personal, or social space of a virtual character.
This allowed us to add another dimension to the behavior display of the virtual population by introducing the concept of
invasion of space.

The animations to elicit the behaviors were downloaded from Mixamo,1which has free animation resources. These
animations were then put into our animator controllers in the Unity game engine so that the characters could display
them during the simulation. Some animations were used directly without any changes needing to be made, while others
were a combination of two or more animations. This was achieved using custom scripts, layering, and transitions. Finally,
the virtual characters used in our project were also downloaded from Mixamo. Figure 1 illustrates a virtual character
assigned with different behaviors.

3.2 Behavior annotation

The second step of the preliminary part of our pipeline was the annotation of the developed behaviors of the virtual
characters. To do so, we recruited 10 students from our department: five males (age: M = 24.40, SD= 2.96) and five females
(age: M = 25.00, SD= 1.41).

1https://www.mixamo.com/

https://www.mixamo.com/
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F I G U R E 1 Example behaviors that could be assigned to a
virtual character and that were used in our project. From left to
right: Idle, Point, and Walk. The top row has no Look At
functionality, and the bottom row has Look At

F I G U R E 2 Example scenes that were used for the annotation phase. From left to right: Look At Idle, Look At Point, Look At Yell

The annotation stage was critical to our method because it helped us establish a baseline of how people perceived the
different behaviors that were developed. For the annotation phase, 34 scenes were developed (one scene for each behavior,
with only one No Look At scene since such behavior was not impacted by the proxemic zones) in Unity. Each scene
comprised 10 randomly chosen virtual characters exhibiting a single behavior. It should be noted that each participant
experienced each scene with a different combination of the virtual characters. This helped us eliminate the effects that
the virtual characters’ appearances had on the participants’ responses; therefore, we were able to collect data related to
the behavior of the virtual characters instead of their appearances. Figure 2 shows examples of the scenes developed for
the annotation phase.

For the annotation phase, after the participants observed each scene, they were asked to respond to four negative
affect items (upset, alert, nervous, distressed) that were retrieved from the PANAS scale12 using a 100-point visual scale (1
denoted “Not at all,” and 100 denoted “Extremely”) in a computer-based environment. Before assigning the collected data
to each of the developed behaviors, we screened the reliability of the measure using Cronbach’s alpha coefficient. Due to
sufficient correlation (.77 < 𝛼 < .91), we used a cumulative score of all four items (upset, nervous, alert, and distressed)
as the final result and treated it as a continuous scale. It should be noted that removal of items would not enhance the
reliability measures. Once all data was collected, a table was developed in which each behavior had a negative affect value
attached to it, which would be fed to the optimization algorithm. Figure 3 shows the results of the annotated study in the
form of a bar graph, with values between 0 (low negative affect) and 1 (high negative affect) for each behavior.

4 PROBLEM FORMULATION AND OPTIMIZATION

We wanted to automatically synthesize an affective experience E that consisted of a number of virtual characters ci (each
ci with a specific annotated behavior) assembled in a sequential order such that E = [c1, c2, c3, … , cn]. We decided to use
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F I G U R E 3 Average negative affect of each behavior derived from the annotation phase (LA, Look At; NLA, No Look At; IDLE, Idle
Behavior; SS, Sidestep; POINT, Point Behavior; WA, Walk Across Behavior; WT, Walk Toward; YELL, Yell Behavior; INTIMATE, PERSONAL,
and SOCIAL, Proxemics Zones)

three design decisions—the affect cost (CA), variance cost (CV ), and duplicate behavior cost (CD)—which we encoded to
our total cost function CTotal(E):

CTotal(E) = wACA + wV CV + wDCD, (1)

where wA, wV , and wD are associated weights for each of the cost terms to control their priority in the total cost function.
It should be noted that besides the three proposed cost terms, various other cost terms can be implemented, depending
on the characteristics and the design decisions of the developers. The following sections detail each of the cost terms
individually.

4.1 Affect cost

The affect cost term encodes the mean target affect that should be exhibited by the multicharacter experience. The affect
cost is defined as:

CA(E) =
1|E|∑ci

A(ci) − 𝜎A, (2)

where |E| is the total number of characters, 𝜎A is the target mean affect value of the synthesized experience (e.g., when
𝜎A = .25 means that the average negative affect of all characters should be close to .25), and A(ci) is the negative affect
value for the ci virtual character of the synthesized scene.

4.2 Variance cost

We implemented a variance cost term to constrain the variance of affect that should be included in the synthesized scene,
therefore overcoming synthesizing scenes with great variations across characters. The variance cost for each synthesized
experience E is defined as:

CV (E) =
1|E|∑ci

(
A(ci) − A

)
2 − 𝜎V , (3)

where 𝜎V denotes the target affect variation and A denotes the mean negative affect of the characters in the scene. Note
that when a higher value is assigned to 𝜎V , characters with higher affective variations will be included in the scene.
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4.3 Duplicate behavior cost

Our last cost term was developed to prevent our scene from including multiple characters that exhibit the same behavior.
The duplicate behavior cost is defined as:

CD(E) =
1|E|!

(2!(|E|−2)!)

∑
ci,cj

Γ(ci, cj), (4)

where |E|!
(2!(|E|−2)!)

returns the total number of combinations between ci and cj that are a pair of characters currently in the
scene, and Γ returns 1 if the characters have the same behavioral characteristic or 0 if they have different behavior based
on the following condition:

Γ(ci, ci) =

{
1 if (ci) == (cj)
0 otherwise,

where (ci) and (cj) represent the behavior of characters ci and cj, respectively.

4.4 Optimization

The optimization problem was solved using a Markov chain Monte Carlo method13 called simulated annealing14 with a
Metropolis–Hastings state-searching step.45 The optimization process starts by initializing a scene with different behaviors
assigned to the virtual characters, and the system computes the current total cost CTotal(E) of that set of characters. In
the next iteration, our system proposes a new configuration E′ and computes the proposed total cost CTotal(E′). The new
configuration of our scene is achieved by randomly choosing one of the characters ci in the E configuration and assigning
a randomly chosen behavior to that character. The optimizer accepts a proposed configuration either when the proposed
cost is lower than the current cost or based on the temperature parameter of the simulated annealing process. In our
optimizer, we set a temperature t = 1.00 at the beginning of the optimization, and it is reduced by .10 every 200 iterations.
As the temperature parameter decreases, the optimizer becomes greedier in finding the optimal solutions; therefore, fewer
high total cost configurations are accepted. The optimization process is completed when the total cost change is less than
2% in the past 500 iterations.

Unless otherwise specified, the target variance was set as 𝜎V = .50, and the weights were set as wA = 1.00, wV = .10, and
wD = .10. The total number of characters was set to 10, so the optimization algorithm had to consider the affect values for
10 behaviors at a time. The weights assigned to each cost term gave a certain level of control to the designer by allowing
them to either prioritize certain terms or to give equal priority to all costs, to create scenarios with different levels of affect,
variance, and acceptance of duplicate behaviors. Figure 4 illustrates example scenes synthesized with different target
values for negative affect.

5 USER STUDY

The sections below present details about the study that was conducted to evaluate the ability of our method to synthesize
affective multicharacter experiences.

5.1 Participants

In our study, 57 university students participated (42 male, 14 females, and one other) within the age
range of 18–29 years old (M = 19.44, SD= 2.28). All participants were recruited through emails, posters, and
class announcements. Before participating in our study, the participants signed a consent form that was
approved by the Institutional Review Board (IRB) of our university. No compensation was provided for their
participation.
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F I G U R E 4 Stills from the user point of view of different scenes optimized based on our method. Top: low negative affect; Middle:
medium negative affect; Bottom: high negative affect

F I G U R E 5 A top view of the virtual road that was used in our study (left), the virtual environment (middle), and a synthesized scene
with virtual characters (right)

5.2 Hardware and application

For both the implementation and the user study, an Asus Republic of Gamers Scar III laptop computer was used with an
NVIDIA GeForce RTX 2070 graphics card and 16 GB of RAM. The virtual reality part was implemented using an Oculus
Quest head-mounted display and the associated SDKs for Unity. The application was developed in the Unity game engine
and run on 60 FPS in Oculus Quest. A virtual street scene was built from the ground up, which consisted of 70 different
location coordinates in which the characters were to be spawned (see Figure 5). To standardize the experimental condition
across participants, in an initialization phase, we let our application randomly pick 10 spawn points and assign each scene
to one of the virtual characters we had in our database.

Given the initialized scene, we ran our optimization method that searched to find the optimal behavior that should
be assigned to each character. Thus, besides the behavior assigned to each virtual character, the rest of the virtual reality
scene would remain the same (i.e., took place on the same stretch of virtual road and had the exact same 10 characters
placed in the exact same locations in the virtual environment to not induce any bias due to different visual styles or
placement of the characters).

At the beginning, the participant was placed at one end of the street, and Unity’s navigation mesh functionality was
used to find the path that the virtual reality camera should follow to reach the other end of the road. It should be noted
that we set the camera’s speed to not exceed 1.2 m/s. This choice was based on the US Manual of Uniform Traffic Control
Devices,46 which states that the normal walking speed of humans has been estimated to be 1.2 m/s. The screen fades in
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from black to ease the participant into the environment. They then move through the virtual population (without needing
any input), and at the end, the screen fades out to black, signaling the end of the simulation.

5.3 Experimental conditions

Three experimental conditions were developed for the study by using three different target values of negative affect. These
were low negative affect, medium negative affect, and high negative affect of the synthesized virtual population. Details
of the conditions are given below:

• Low negative affect: In this condition, the 10 behaviors that were selected by the optimization algorithm had to achieve
an overall low total cost of the current scene’s configuration. The chosen target values were 𝜎A = .30 and 𝜎V = .50.

• Medium negative affect: In this condition, the 10 behaviors that were selected by the optimization algorithm had
to achieve an overall medium total cost of the current scene’s configuration. The chosen values were 𝜎A = .50 and
𝜎V = .50.

• High negative affect: In this condition, the 10 behaviors that were selected by the optimization algorithm had to achieve
an overall high total cost of the current scene’s configuration. The chosen values were 𝜎A = .70 and 𝜎V = .50.

5.4 Measurements

Participants’ affective ratings were collected using the four items of the PANAS12 scale that were also used in the anno-
tation phase: upset, alert, nervous, and distressed. The participants were asked to respond using a 100-point visual scale
in which 1 denoted “Not at all” and 100 denoted “Extremely.” This self-reported data was used to analyze the overall
user-reported negative affect intensities for the results, as it gave a direct idea about the user-perceived negative affect
of each of the generated multicharacter virtual reality experiences. Finally, a designated space in the survey was used
to allow participants to leave their comments regarding the virtual reality application and the conditions they exposed.
Figure 6 illustrates the visual scale that was used in our study to collect the negative affect rating of our participants.

5.5 Procedure

When participants arrived at our lab space, they first sanitized their hands using university-prescribed hand sanitizers to
minimize the risk of the spread of the COVID-19 virus. The participants and the researcher wore masks for preventive
measures, and appropriate physical-distancing measures were taken whenever necessary. The participants were given a
consent form that was approved by the IRB of our university; the researcher advised them to give it a read-through. At
the end of the consent form, they were asked whether they were 18 years or older and gave their consent to participate
in the study. If they answered that they wanted to take part in the study, a demographics questionnaire (age, gender,
whether they had VR experience before, and so forth) appeared. Once they answered that, the researcher briefed them on
how the study was going to proceed. First, they were familiarized with the consumer virtual reality headset that would
be used (the Oculus Quest) and how to adjust it to their comfort level, and then they were informed that they would be
experiencing three scenes with a virtual crowd. At the end of each scene they experienced, they were asked to respond to
the questionnaire based on what they had just experienced and rate the negative affect of the virtual population on a scale
of 1–100. This was repeated two more times, for a total of three times (for three scenes). Since this was a between-group
study, all participants experienced all three conditions mentioned in Section 5.3. Note that the order of the three different
conditions was counterbalanced by a Graeco–Latin square47 for controlling potential carry-over effects. A participant
during the study is shown in Figure 7. The total duration of the study did not exceed 30 min.

5.6 Results

The analysis of the results was done using one-way repeated measures analysis of variance using the three con-
ditions as independent variables and the questionnaire responses as dependent variables. The internal validity of
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F I G U R E 6 The 100-point visual scales that were developed to
capture the negative affective experience of our participants

F I G U R E 7 A participant wearing the head-mounted
display and observing one of the synthesized scenes

the questionnaire’s scale was measured using Cronbach’s alpha coefficient. With sufficient scores (.75 < 𝛼 < .81), we
used a cumulative score. Removal of items would not enhance the reliability measures. The normality assumption
of the ratings was evaluated with Shapiro–Wilk tests at the 5% level and with the Q-Q plots of the residuals. Post
hoc comparisons were conducted using Bonferroni corrected estimates. A p< .05 value was deemed statistically
significant.

Our analysis revealed significant results [Λ = .726, F(2, 52)= 9.928, p< .001; 𝜂2
p = .274]. Post hoc comparisons showed

that the low negative affect condition (M = 31.71, SD= 16.81) was rated lower than that of the medium negative affect
condition (M = 36.73, SD= 21.13) at the p= .041, and high negative affect condition (M = 40.68, SD= 22.50) at p= .001.
Moreover, the medium negative affect condition was rated lower than that of the high negative effect condition at the
p= .040. Boxplots of our results are shown in Figure 8.
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F I G U R E 8 Negative affect ratings of our participants for low,
medium, and high negative affect conditions

5.7 Discussion

Our experimental study was conducted to evaluate whether our pipeline could be used to synthesize an affective virtual
reality experience that would be perceived by participants in an expected way. Our study evaluated three experimen-
tal conditions consisting of low, medium, and high negative affect. Based on the collected self-reported ratings of our
participants, we conclude that it is indeed possible to optimize the behavior of the virtual characters and synthesize mul-
ticharacter experiences that affect participants in an expected way: low negative affect was rated lower than medium and
high negative affect, and medium negative affect was rated lower than the high negative affect multicharacter experience.

Besides the self-reported data that was collected, the participants were also asked to provide feedback about the
exposed conditions. Notable responses pointed toward the fact that they could perceive the hostile nature of the virtual
population and them being singled out or threatened by the characters. Moreover, a few participants reported that they
had a more negative experience when virtual characters invaded their spatial zones, confirming that pairing proxemics
with behaviors is an acceptable approach to inducing a negative feeling in the participant. Some notable comments were
the following: for a high affect scene: “This particular event was the most threatening, as the virtual characters made hostile
remarks, causing a feeling of being uncomfortable and anxious.”; for a medium affect scene: “Yes, I did notice a difference in
all three of the crowds. They seemed to react differently every time I walked down the street, but overall, I still felt like an out-
sider and unwelcome in the environment. I felt that my personal space was not being respected.”; and for the low affect scene
with respect to the medium affect scene: “Overall, the crowd was not as negative as the simulation before.” Thus, given
both the self-reported ratings and the comments from our participants, it can be said that our method made participants
perceive the synthesized scenes differently since the multicharacter experiences impacted their affect levels differently.

6 CONCLUSIONS AND FUTURE WORK

This article presented a method for synthesizing multicharacter experiences that could elicit a certain amount of negative
affect on virtual reality users. By conducting a user study, we validated the possibility of automatically synthesizing virtual
reality multicharacter experiences that trigger participants’ emotional responses in an expected way. Thus, we conclude
that the proposed algorithm is successful in optimizing multicharacter scenarios and generating a set of characters that
can induce a specific level of negative affect.

Besides the presented methodology and the interesting findings, a few limitations should be mentioned. First, no
audio was involved, which could have added to the aspect of realism and/or added to the factors that would influence the
participants’ responses. Second, we think that the dataset itself is limited to a small number of behaviors that could be
assigned to virtual characters; hence, a larger behavior dataset should be developed and evaluated. Third, for this study,
we only considered annotating the dataset and evaluating our method using self-reported ratings for negative affect,
which might not always indicate the true feelings of the participants. We think that the collection of objective data such
as collection of arousal levels through galvanic skin response and electroencephalogram could help us understand even
more the power of optimizing virtual reality multicharacter affective experiences.

We consider this study a starting point for studies dealing with affect-driven multicharacter scenarios. Besides the
mentioned limitations that should be explored, we plan to expand our pipeline in various other directions. Among others,
we would like to synthesize more complex scenarios that participants could observe as well as interactive applications
such as virtual reality games, in which participants could directly interact with the virtual characters. For both mentioned
cases, we would like to explore design decisions (cost terms) that should be included and artificial intelligence methods
such as the use of behavior trees48,49 for authoring event-centric and affect-driven multicharacter narratives.
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