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Monkey See, Monkey Break?
Study of Rule-Breaking Imitation in Virtual Crowds
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Fig. 1: The 4 scenarios of our immersive virtual environment for the present experiment, populated with rule-followers and rule-breaking
virtual characters (detailed in Sec 3.3). Top-left (S1): Park walk. Top-right (S2): Unsignalized street crossing. Bottom-left (S3):
Signalized street crossing. Bottom-right (S4): Shop queue.

Abstract— Rule-breaking behaviors, such as jaywalking or skipping queues, are common in crowds but difficult to study in real-world
settings due to limited control and observability. Virtual reality (VR) provides a controlled alternative, but its validity depends on whether
VR elicits realistic rule-breaking behavior. We conducted a VR study with 65 participants navigating a virtual city with four scenarios
differing in social norms: walking on grass, crossing outside a crosswalk, jaywalking at a red light, and skipping a line. In each scenario,
the proportion of rule-breaking virtual characters was manipulated (0%, 25%, 50%). Participants’ movements and gaze were recorded
to assess behavior and attention. Results showed higher rule-breaking as the number of violators increased, except in the low-stakes
crossing scenario. Rule-breakers attended more to violating characters, whereas rule-followers focused on compliant ones. Participants
cited efficiency, safety, and social norms as key factors guiding their decisions. Overall, VR reproduced natural patterns of social
compliance and noncompliance, supporting its use for studying rule-breaking and applications in crowd simulation, urban design, safety

training, and immersive media.

Index Terms—Social imitation, rule breaking, virtual reality, crowd simulation.

1 INTRODUCTION

Rule-breaking (RB) is pervasive in everyday life, such as walking on
grass or jaywalking. Prior work has identified social contagion effects,
whereby an increasing number of violators raises the likelihood that
others will follow [13], potentially leading to snowball effects that
disrupt public order, especially in high-stakes contexts like pedestrian
crossings where safety risks increase [43]. However, it remains unclear
whether established social influence mechanisms (e.g., conformity [4])
fully transfer to RB contexts and what the precise dynamics are. While
field studies provide valuable insights, they are limited to observation
[61], constrained by ethical and safety concerns, and offer limited
access to critical data such as eye-gaze and local movement patterns.
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Recent reviews call for controlled, ethically sound VR studies that
systematically manipulate social exposure while capturing behavioral
and perceptual data to investigate the mechanisms underlying collective
rule-breaking [43]. In VR we can capture detailed behavioral data,
such as participant trajectories, and analyze the relationships among
distances, detours, timing, and decisions. In addition, gaze tracking pro-
vides an objective measure of visual attention, which has been shown to
be closely linked to decision intention and risk assessment [23]. Prior
VR studies of high-stakes scenarios, such as fire evacuations [60], have
shown that participants’ behavior closely mirrors real-world responses.
However, it is unclear if this holds for low-stakes rule-breaking, where
reduced real-world consequences and residual perceptual artifacts inher-
ent in VR may lead participants to down-weight social cues, potentially
weakening social influence. In an immersive virtual environment, when
users observe virtual agents breaking a rule, do they imitate the rule-
breaking behavior? Does this imitation increase as more virtual char-
acters break the rule, and is there a point at which it stops increasing?
Will we observe a similar pattern across different virtual scenarios?

To address these questions, we designed a between-subjects VR
experiment with four representative scenarios of varying normative
stakes: walking on park grass, crossing outside a crosswalk, jaywalking
at ared light, and skipping a queue (see Figure 1). To enable controlled
exposure of social influence, we manipulated the proportion of vio-
lating virtual agents (0%, 25%, 50%) in each case. Local trajectories
and gaze data were recorded to derive exposure-sensitive metrics that
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capture how participants perceived and evaluated their surroundings
before deciding whether to follow or break rules. Our results show
that the presence of rule-breaking characters increases participants’
rule-breaking extent, and that scene-invariant individual consistency
strengthens as the proportion rises.

Our contribution in this work are:

1. We studied the ecological validity of rule breaking behavior with
four representative scenarios of social rules.

2. We studied the coupling between observation and gaze with rule
breaking behavior.

3. We provide insights to inform the design of more socially believ-
able and immersive virtual crowds.

After discussing related work in Sec. 2, we introduce the system
design in Sec. 3, and describe our experiments in Sec. 4. Sec. 5 present
the analysis methodology, followed by results in Sec. 6. We discuss the
main findings in Sec. 7, limitations and insights in Sec. 8, and conclude
in Sec. 9.

2 RELATED WORK
2.1 Social Influence and Norm Violation

During individual-crowd interactions, the behavior of a crowd can influ-
ence not only what the individual attends to and perceives, but also how
the individual acts [43], even when the crowd’s behaviors are incor-
rect [3,4,21]. Such an effect of social influence leads to a wide range
of rule-breaking or norm-violation behavior from relatively harmless
infringements (e.g., jaywalking [33,46,61], queue jumping [1,22], and
off-trial walking [31]) to risky and dangerous acts (e.g., looting [55],
violence [11]). In these phenomena, individuals tend to join spreading
disorder [38,68], often imitating the behavior of those around them. Re-
search on collective rule-breaking emphasizes social conformity [3,4].
When exposed to non-compliant groups, individuals’ perceptions shift
between descriptive (“what most people do”) and injunctive (“what
people approve of”’) norms [9], involving attention to non-compliant
groups [29], imitation of others’ actions [14], and adjustments in risk
or ethical evaluation [8,72].

Social influence can be contagious, resulting in the transfer of rule-
breaking behaviors and the cascade effect in nonconformity. Such
“drawing power of crowds” [50] has been an interesting research
topic [9,32,44]. Previous studies have demonstrated that “first movers”
significantly increase the likelihood that others follow—group size, sta-
tus cues (e.g., attire), and impatience all raise violation rates [33,46,61].
In addition, the number of noncompliant individuals is crucial to the
force of social influence [44]. Multiple agents performing the same
behavior elicit strong motor activity [15, 16], eliciting a reflexive ten-
dency to follow their behavior [43]. Thus, larger groups induce stronger
imitative responses [13], facilitating both active rule-breaking and pas-
sive bystander (i.e., non-action) behaviors [16]. Multiple efforts have
been made to mathematically model collective rule-breaking behav-
iors [12,18,20,24,36,56]. To date, most studies have focused on specific
cases. Among these, jaywalking is one of the most studied cases due
to its relatively easy data collection from field observation [62]. The
contagion of jaywalking behavior depends on individual evaluation
of potential danger and the number of rule-breaking pedestrians [23].
Du et al. [23] demonstrated that, in high-risk situations, pedestrians
paid more attention to vehicle hazard cues before making jaywalking
decisions. Khuzam et al. [39] further revealed that rule-breaking pedes-
trians present erratic and difficult-to-predict movement with sudden
speed changes and a higher speed than rule-follower pedestrians.

It is important to note that case studies of rule-breaking are often
limited by technical and ethical challenges in real-world or lab settings,
making it difficult to capture high-quality data on what each pedestrian
sees and decides in crowded scenes [43]. Nevertheless, most research
relied on manual sampling to categorize pedestrian movements ob-
served from video cameras [62]. The lack of automatic data capture
and processing approaches restricts further research.

2.2

VR has emerged as a powerful tool for studying complex human
behaviors in the virtual world, ranging from risk-taking and rule-
breaking [19,51] to reactions to crowd behaviors [26, 34]. This kind of
experiment requires immersing a user into the virtual environment and
interacting with virtual characters driven by either prerecorded anima-
tion [69, 70] or real-time simulation [54,71]. Compared to empirical
studies in the real world, VR provides a series of benefits, including
high controllability and reproducibility, as well as a low ethical risk
of danger and physical damage. On the other hand, VR introduces
a number of perceptual and behavioral biases to users, such as af-
fecting depth perception [2, 48,59, 67], social distance with virtual
characters [5,7,28,47], and gaze patterns [6]. In addition, the level of
immersion, highly influenced by the sense of embodiment and social
presence, is critical to ensuring natural user behaviors during the VR
experiments [63]. However, despite quantitative differences, these stud-
ies generally agree that user behavior in VR is qualitatively similar to
that in the real world [58,69], supporting the use of VR to study crowd
influences on individual behavior.

Multiple VR-based studies have discovered how virtual crowds can
influence users’ behavior. Some studies examined users’ locomotion
and affirmed that users adjust their behavior to match the velocity and
density of their surrounding crowd [42, 54, 65]. Others addressed the
social influence of virtual characters on the user, typically the effects of
herd [53] and bystander [64]. A primary research focus is evacuation
behavior under emergency situations [40,41]. Moussaid et al. [53]
investigated path decision making during evacuation under high-stress.
In contrast, Rios et al. [60] and Kinateder et al. [41] demonstrated that
individual willingness to evacuate is respectively influenced by virtual
characters’ positive and negative responses to the simulated emergency.
Slater et al. [64] investigated the phenomenon of bystanders using
VR and demonstrated that people are more willing to help strangers
when they are part of a group than when they are alone. In summary,
existing studies show that VR is a validated platform for observing user
behaviors that closely resemble real-life situations, providing valuable
insights for crowd research.

Individual-Crowd Interaction in VR

2.3 Positioning

The present study bridges real-world social influence and VR research,
examining everyday imitation behaviors in crowds. Unlike prior VR
studies focused on emergencies, we investigate routine “monkey see,
monkey do” actions in public spaces, such as street crossings, off-trial
grass stepping, and queue jumping. This study serves as an ecologi-
cal validation of VR for studying social decision-making in everyday
situations and to propose a framework for collecting human decision-
making data that can inform more plausible crowd simulation models
in VR.

3 SYSTEM DESIGN
3.1 User Navigation

Users interacted with the environment using a head-mounted display
(HMD) and two hand-held controllers. Locomotion was controlled
via the joystick on the right-hand controller: participants could move
in any direction by pushing the joystick, with the forward direction
always aligned with the controller’s orientation in the virtual environ-
ment. The navigation speed was mapped to the joystick’s deflection
amplitude and capped at a maximum of 2m/s, allowing participants to
dynamically adjust their walking pace while maintaining fine-grained
control over their trajectory. For orientation and navigation support, a
virtual smartphone was attached to the left-hand controller, displaying
a dynamically updated map with the user’s position and the next navi-
gation target. To avoid introducing additional factors that could bias
movement decisions, no self-avatar was rendered for the users [52].
Figure 1 illustrates this interaction setup.

3.2 Virtual Characters

Character Definition. We define two types of virtual characters based
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on their compliance with real-world navigation rules. Rule-Following
Characters (RFC) navigate according to traffic rules and social con-
ventions. Rule-Breaking Characters (RBC), in contrast, neglect these
rules and conventions, preferring shorter paths to accomplish their tasks
more quickly.

Steering Strategy. The movement of virtual characters in all scenarios
was controlled using a social force—based crowd simulation model [35].
To improve natural collision avoidance, we extended the classical model
by incorporating two additional terms: (1) a short-range tangential
friction force to model close-contact interactions, and (2) a long-range
lateral perception force to simulate anticipation and early avoidance.
Each virtual agent was represented as a circular disk with a radius
of 0.5m. Agent behavior was governed by navigation points (NP)
that were defined according to the specific context of each of the four
scenarios.

The steering strategy also took the user’s information into considera-
tion as a dynamic neighbor. This means virtual agents actively avoided
collisions with the user by applying the same steering rules as for other
agents. We assigned virtual characters’ preferred velocity v, s depend-
ing on their behavior. For RFC, v,y was sampled from a uniform
distribution in the range [0.8, 1.6] m/s. For RBC, v,,.s Was increased,
sampled from the range [1.2,2.0]m/s, to reflect more assertive and
goal-oriented movements [30].

Animation. The movements of all virtual agents controlled by the so-
cial force model were animated using a Motion Matching approach [57].
Motion Matching synthesizes responsive and realistic character ani-
mations by using features such as foot positions and velocities, hip
velocity, and future trajectory directions as query vectors to search
within a motion database for the best-matching sequence. Compared
to conventional walking cycles, Motion Matching provides smoother
transitions and reduces artifacts such as foot sliding, resulting in more
natural locomotion for agents in the environment, thereby increasing
realism in VR.

Appearance. To increase visual diversity in the crowd, we selected
a total of 50 unique character models, consisting of 29 male and 21
female avatars. Among these, 21 models were sourced from Adobe
Mixamo and 29 models from the Microsoft Rocketbox avatar library.
We ensured that each scenario contained a balanced mix of male and
female characters and avoided duplication of the same model within
a single scene. To reduce the risk of uncanny valley effects and main-
tain consistency with the overall environment, we adopted a stylized,
semi-cartoonish visual appearance for the virtual crowd. This choice
aligns with prior findings indicating that both photorealistic and non-
photorealistic environments can effectively elicit a strong sense of
presence [49].

3.3 Scenarios

To maintain coherence and immersion throughout the experiment, we
designed a continuous task that naturally guided participants across
all experimental scenarios. The task narrative required participants
to (1) exit the park area, (2) collect a virtual coupon at a designated
location, and (3) redeem the coupon at a shop to obtain a gift. This goal-
oriented task provided natural motivation, allowing users to experience
the scenarios as part of a single, larger journey, while simultaneously
diverting their attention from the study’s actual research focus. Building
upon this continuous task, the virtual city was populated with four
scenarios (Figure 2), each designed to illustrate different situations
in which rule-breaking behavior varies in both severity and potential
danger. For example, walking on grass may be considered harmless and
perceived as a minor or soft rule, whereas crossing traffic at a red light
constitutes a dangerous act and is regarded as a more serious violation.

S1: Park Walk. This scenario replicates a real-life situation in which
pedestrians walking in a public park may decide to step on the grass,
even when it is prohibited. We designed a rectangular park of size
150m % 90m in the virtual environment, containing multiple walking
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Fig. 2: Our virtual city included four rule-breaking scenarios. Yellow
numbered markers indicate the Navigation Points (NPs) that sequentially
guide participants through the environment.

paths surrounded by grass. Several signs were placed next to the
paths, displaying icons such as “no stepping on grass”, “no picking
Sflowers”, and “no pets allowed”. Among these, only the “no stepping
on grass” rule is relevant to our study (see Figure 1): the others were
included to mimic real-world signs and to prevent participants from
easily identifying the experimental intention behind this scenario. The
park is populated with 50 virtual characters. All the RFCs follow
the designated walking paths inside and around the park. At each
intersection, a character randomly selects its subsequent route, ensuring
variability in trajectories. By contrast, all RBCs directly walk from one
randomly chosen point on a path to another, cutting across the grass.
This scenario starts at NP1 and ends at NP2 (Figure 2).

S2: Unsignalized Street Crossing. This scenario is situated on a
street measuring 90m x 30m. The participant enters the scene at NP2
and exits at NP3 (Figure 2). A single zebra crossing is placed in the
center of the street, connecting both sidewalks. To enhance realism,
multiple vehicles circulate along the street at a constant 10 m/s, yielding
to pedestrians: when a pedestrian enters a Sm x 8 m detection zone
in front of the vehicle, it decelerates at —20 m/s2 to a stop; once
the zone is clear, it accelerates at 10 m/s2 to regain cruising speed.
Virtual characters move along both sidewalks and randomly decide
to cross the street. All the RFCs walk toward the zebra crossing and
complete the crossing using the designated path. RBCs randomly select
a target position on the opposite sidewalk and walk directly toward it,
disregarding the zebra crossing.

S3: Red-Light Street Crossing. This scenario occurs at a signalized
intersection with zebra crossings. At the beginning, the traffic light is
red. A total of 16 virtual characters wait on both sides of the crossing
(NP4 and NP5 in Figure 2), performing idle animations from Mixamo.
A detection zone is placed 12 m before the crossing, and the scenario is
triggered when the participant enters this zone. At that moment, four
vehicles pass through the intersection (two traveling north—south and
two south—north), providing a strong visual cue that the traffic light is
red. After these vehicles leave, no further traffic appears, and the street
remains empty. The red signal lasts for 60 seconds before switching to
green. RFCs wait during the red phase while playing idle animations.
When the signal turns green, they cross using standard motion-matching
animations. RBCs exhibit red-light violations: one initiates a red-light
violation after the vehicles have cleared the crossing; nearby RBCs
observe, hesitate briefly, and then also cross during the red phase.

To better capture perceptual cues and hesitation in jaywalking, we
animated rule-breaking characters (RBCs) using the One-Man-Crowd
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(OMC) [69] paradigm with Xsens motion capture. A single experi-
menter iteratively embodied and role-played each character while being
motion-captured. When embodying the first character, the actor natu-
rally looked left and right before deciding to cross. When embodying
the remaining characters, the actor observed the previously captured
animations and decided whether to imitate the violation, thereby repro-
ducing realistic hesitation and decision-making processes. Characters
transitioned from OMC animations to social force control with motion
matching, so that OMC was applied near the crossing to enhance real-
ism while the social force model governed subsequent local movement.
The OMC paradigm allowed us to capture highly detailed animations
that responded naturally to the situations rather than relying on simple
walking cycles with a limited set of standard idle behaviors.

S4: Shop Queue. This scenario takes place in front of a gift shop,
where 12 virtual characters are waiting in line to receive a free gift. At
the end of the queue, a character holds a sign reading “Please queue
here” (see Figure 1) to informally notify the participants that a queue is
to be respected before retrieving the gift. All RFCs wait in the queue
and move forward in turn as the first-in-line character receives the gift
and leaves. In contrast, the RBCs approach the shop from a distance,
disregarding the queue and stepping directly to the staff to claim their
gift before leaving.

4 EXPERIMENT

In this section, we present the experiment designed to assess whether
and how the presence and proportion of rule-breaking agents would
influence participants’ decisions to follow or break rules in different
scenarios. To this end, we established three conditions representing
different proportions of RBCs: C1 (0%), C2 (25%), and C3 (50%).
The experiment followed a between-subjects design, where each par-
ticipant was exposed to only one of the three conditions. This design
choice was critical to prevent participants from becoming aware of the
manipulation through repeated exposure, thereby reducing learning
effects, fatigue, and bias. Furthermore, it ensured a more natural and
uninterrupted experience within the virtual environment while also
keeping the overall experiment duration within practical limits.

Building on cognitive mechanisms [43] of collective rule-breaking
and the expectation that rule-breaking decisions are shaped by the
prevalence of other rule-breakers and low-level perception or evaluation
of social cues, we formulated the following hypotheses:

H1. Participants’ rule-breaking behaviors will be influenced by the

behaviors of the virtual characters.

H2. Participants will exhibit consistent tendencies in their rule-

breaking behaviors across the different scenarios.

H3. Participants’ rule-breaking behaviors are related to low-level indi-

vidual behavior (e.g., visual attention).

4.1 Apparatus

The VR application was developed in Unity 6000.0.39f1 and executed
on a high-performance PC (Intel Core i9-12900HK, NVIDIA RTX
3080 Ti, 64 GB RAM). Participants experienced the virtual environment
through a Meta Quest Pro head-mounted display (HMD) connected
to the PC via Meta Quest Link. The headset provides a resolution of
1800 x 1920 pixels per eye, a refresh rate of 90 Hz, a field of view of
106°, and integrated eye-tracking capabilities for gaze-aware recording.
OMC motion data for S3 was captured using the Xsens Awinda system.

4.2 Participants

A total of 69 participants (Mgg, = 26.99, SD = 5.7) took part in
the study. The sample included 38 males (55.07%) and 31 females
(44.93%). Participants were randomly assigned to one of three experi-
mental conditions: C1 (24 participants), C2 (22 participants), and C3
(23 participants). Due to data recording issues and motion sickness,
data from four participants were discarded, leaving 65 valid datasets
for analysis. A priori power analysis for a between-subjects design
indicated that a sample of this size achieves adequate power (> .80,
large effect).

Participants were recruited through an open online questionnaire
and were primarily students and faculty members from the university.
30 participants reported high gaming experience, 24 medium, 13 low,
and 2 no experience. 17 participants reported high VR experience, 21
medium, 23 low, and 8 no experience.

4.3 Experimental Design

Upon arrival, participants read and signed an informed consent form,
during which the experimental task was explained. They were then
instructed to put on the Meta Quest Pro headset and hold the two
controllers. Each participant was assigned a unique random ID. In
the virtual environment, participants first completed a short training
scenario designed to familiarize them with the VR devices and navi-
gation method. They were then immersed in a low-poly style virtual
city and instructed to navigate to a designated point (identical for all
participants). To ensure minimal motion sickness, the experimenter
reminded participants to naturally hold the right-hand controller in
front of their body while moving, so that their physical body orientation
corresponded to the virtual movement direction.

After completing the training task, participants were transported to
the experimental area of the virtual city, starting at the south entrance
of a park (NP1 in Figure 2). The experiment then unfolded as a con-
tinuous task in which participants were instructed to go through four
scenarios described in Sec. 3.3. Participants were free to decide how
to accomplish each navigation step (e.g., which route to take) as well
as whether to respect or violate social conventions. In this context,
rule-breaking behaviors corresponded to stepping on the grass (S1),
crossing the street outside the zebra line (S2), jaywalking during a red
light (S3), or skipping the queue (S4).

During the experiment, we recorded participants’ head position and
orientation, left-hand position and orientation, and gaze direction at a
fixed frequency of S0Hz. All random processes (e.g., virtual character
appearance, walking speeds, and navigation targets, as well as vehicle
initialization) within the application were seeded using each partici-
pant’s ID, ensuring that the experiment could be replayed afterwards
for analysis purposes.

Upon completing the final task and receiving the virtual gift, the
VR session ended. Participants were then asked to remove the headset
and answer an open-ended questionnaire. They were invited to reflect
on whether they had deliberately broken certain rules, to explain their
reasons, and to provide subjective ratings of their overall experience.
All procedures received approval from the Ethics Committee of the
Universitat Politecnica de Catalunya (UPC),

5 ANALYSIS

In this section, we present the analysis of the collected data to investi-
gate how participants responded to the presence of virtual rule-breaking
agents. The analysis combines objective behavioral measures with
subjective self-reports, enabling us to capture the observable actions of
the participants in the virtual environment and their perceptions of the
overall experience.

5.1 Extent of Rule-Breaking Behavior

To capture the extent of rule-breaking behavior, we define scenario-
specific metrics. Instead of using a binary indicator, the extent of
rule-breaking was quantified based on spatial or temporal deviations
from the expected rule-following behavior.

Egi: Park Walk. In the park scenario, rule-following participants
remained on the designated walking paths. For each participant i, we
define the instantaneous rule-breaking extent at time ¢ as the lateral
deviation from the edge of the nearest path dy, (t). To compute the
overall rule-breaking extent for the entire scenario, we normalized both
the deviation and the duration of the trajectory to the unit interval.
The normalized instantaneous extent is given by egl (1) = dif‘?, where

dmax = 10m denotes the maximum possible deviation from the path
boundary in the scene. With ¢ € [0, 1] denoting normalized time, the

total rule-breaking extent is then expressed as Ef; = fol ek (t)dt.
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Eg;: Unsignalized Street Crossing. In this scenario, rule-following
meant staying within the zebra crossing while crossing the street. For
participant i, we defined d, (r) as the shortest lateral distance to the ze-
bra crossing boundary whenever their position fell outside it; otherwise,
dg,(t) = 0. To evaluate the overall rule-breaking magnitude, we again
normalized distance and trajectory duration. The normalized extent is

expressed as ek, (1) = Z 2(1)

, with dpax = 10m as the upper bound. The

integrated extent £ lsz is computed in the same manner as E! 51+

Eg3: Red-Light Street Crossing. In this scenario, compliance required
participants to remain within the designated waiting zone during the
red light, and begin crossing when it turned green. For participant i,
the normalized rule-breaking extent was defined as the proportion of
the red-light duration during which the participant was not waiting in

max | Trea—Ty,0
the compliant area: Ef; = M where Teq = 60s is the red-

light duration (beginning as the participant approached the crossing),
and Tvlvalt is the time spent in the waiting zone. A positive value indicates

that the participant crossed during the red light (i.e., jaywalking).

Eg4: Shop Queue. In this scenario, compliance required participants
to remain in the queue until reaching the counter. For participant i, the
normalized rule-breaking extent was defined as the proportion of time
advantage gained relative to the last virtual agent in the queue: Eg, =

max (TIC.S, 7;;1“ ,())

T ¢ 18 the time when participant i received the
gift, Tja5¢ 1s the time when the last RFC received theirs, and Ty is the
initial time when the participant arrives to NP6 (Figure 2). Larger values
indicate that the participant obtained the gift earlier than expected, i.e.,
by cutting the queue.

, where T

5.2 Trajectory Analysis

To better understand how participants moved through the virtual city
while performing the task, and to enable a direct comparison of navi-
gation patterns across the three experimental conditions, we analyzed
participants’ trajectories together with their associated rule-breaking
extent. This allowed us to examine how compliant and rule-breaking
behaviors manifested in different parts of the task and to identify sys-
tematic differences in movement strategies across scenarios. In the
park (S1) and unsignalized crossing (S2) scenarios, rule-breaking was
directly reflected in spatial deviations from compliant routes. We
therefore evaluated the extent of rule-breaking along participants’ tra-
jectories. In contrast, in the red-light crossing (S3) and shop queue
(S4) scenarios, rule-breaking primarily influenced task efficiency rather
than path shape. Accordingly, we differentiated participants’ overall
trajectories based on their rule-breaking extent, which enabled us to
assess how trajectories were related to differences in task completion
time.

5.3 Visual Attention Patterns

To investigate the role of individual-level perception in participants’
decision-making, we analyzed their visual attention during the experi-
ment. Eye-gaze orientation data were continuously recorded from the
HMD and later replayed together with participants’ trajectories in each
of the four scenarios. During this replay, gaze targets were classified
into predefined categories (see Table 1). Any gaze falling outside these
categories, such as background elements of the environment, was la-
beled as None. Gaze detection was performed using a cone-casting
method. Specifically, from the participant’s eye position, a cone with
a 5° aperture and a maximum length of 50m was cast along the gaze
direction. All objects intersecting the cone were identified, and their
depth, lateral offset, and angular deviation relative to the gaze direction
were computed. The closest object along the gaze vector was recorded
as the current attention target.

To analyze the relationship between visual attention and participants’
rule-breaking choices, we calculated the proportion of time participants
spent gazing at specific object categories relative to the total duration

of each scenario. We then compared these gaze patterns across condi-
tions (C1-C3), scenarios (S1-S4) and between participants who either
followed or broke the rules to explore associations between visual
attention and actions.

Table 1: Categories of gaze targets and their definitions.

Label Definition

RBC Rule-Breaking Characters.

RFC Rule-Following Characters.

Sign Prohibition or instruction signs in the scene(e.g., park sign, traffic light).
Phone The virtual phone attached to the left controller.

Vehicle Cars moving in the environment.

Target The current navigation target in the scene.

5.4 Post-Experimental Questionnaire
5.4.1 Perception and Experience

To evaluate participants’ subjective experiences, we administered a
Likert scale questionnaire (Table 2) focusing on two dimensions:
Perception of risk and social pressure: Assessing participants’ judg-
ments of rule-breaking consequences and the degree to which they felt
influenced by the surrounding virtual crowd.

Experience evaluation: Focusing on the perceived naturalness of
the virtual agents’ behavior and the overall sense of immersion and
engagement during the VR task.

Table 2: Questionnaire content. ltems were rated on a 5-point Likert
scale (1 = strongly disagree, 5 = strongly agree).

Perception of Risk & Social Pressure

Q1 I felt that breaking the rule could lead to negative consequences.
Q2 I felt pressured to follow the behavior of the crowd.

Q3 I consciously evaluated the risks before making a decision.

Q4 I was more likely to break rules when more agents were doing it.
Q5 I felt safer breaking a rule when I saw others doing it first.

Experience Evaluation

Q6 The behavior of the virtual agents seemed natural and human-like.
Q7 I felt immersed and engaged during the VR experience.

5.4.2 Reported Reasons

Beyond the quantitative ratings, the questionnaire included open-ended
questions that asked participants to explain their decisions in each of
the four scenarios, particularly whether and why they chose to break
or comply with the rule. We analyzed subjective responses using an
open coding approach, allowing up to three labels per answer. Two
experimenters independently coded each scenario, with a large language
model (OpenAl GPT-5) serving as a third labeler. The experimenters
then reviewed all labels and reached a consensus on the final coding
for each response.

6 RESULTS

In this section, we report an overview of the results following the
analyses in Sec. 5, focusing on differences in participants’ behavior,
perception, and evaluation across scenarios (S1-S4) and experimental
conditions (C1-C3). For an in-depth discussion and interpretation of
these findings, please refer to Sec. 7.

6.1

We first examined the extent of rule-breaking across all conditions in
the four scenarios, using the metrics Eg|—Eg4 as defined in Sec. 5.1.
Figure 3 illustrates the distributions across conditions.

Before conducting comparisons, we tested data normality using the
Shapiro—Wilk test, which indicated frequent violations of normality.
Consequently, we applied non-parametric methods. Table 3 summarizes

Extent of Rule-Breaking Behavior
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Fig. 3: Distributions of rule-breaking extent across conditions (C1-C3) in

the four scenarios (S1-S4).

the results of Kruskal-Wallis tests with Dunn post-hoc comparisons.
We additionally report epsilon-squared (€2) as an effect size, following
Cohen’s guidelines [10], interpreted as follows: large (>0.14), medium
(>0.06) and small (>0.01).

Large significant condition effects emerged in S1 (p < 0.001, €> =
0.244), S3 (p < 0.05, €2 = 0.174), and S4 (p < 0.001, €2 = 0.207)
scenarios. In all three cases, participants in C2 and C3 exhibited greater
rule-breaking than those in C1, while no significant differences were
found between C2 and C3. By contrast, the S2 showed no significant
effect of condition (p = 0.853), suggesting that participants’ behavior
remained stable regardless of the proportion of rule-breaking agents.

We assessed cross-scene consistency of participants’ rule-breaking
extent using Kendall’s W, interpreted as small (= 0.1), medium (~0.3),
and large (=~ 0.5). There was no significant consistency when no RBCs
were present (W = 0.379, x% = 30.31, p = 0.064). However, when
RBCs were present, the consistency became significant: participants in
C3 (W =0.548, 2 = 48.20, p = 0.001) showed stronger consistency
than those in C2 (W = 0.497, %2 = 39.78, p = 0.005). This indicates
a progressively stronger, scene-invariant consistency of individuals’
rule-breaking or rule-following behavior as the proportion of RBCs
increases.

Table 3: Effect of rule-breaking extent across conditions. Kruskal-Wallis
test with Dunn post-hoc (Holm-adjusted p). Effect size reported as
epsilon-squared (£2).

Scene  Test Post-hoc

s1 %2(2) =17.13, p<0.001, 2 =0244  C2 > CI (p < 0.001), C3 > ClI

(p <0.01), C2=C3(p=0.443)
— (no significant differences)
C2>Cl(p<0.01), C3>Cl(p<
0.05), C2=~C3 (p=0.311)
C2>Cl(p<0.05), C3>Cl(p<
0.001), C3~C2(p=0.143)

52 %%(2) =0.319, p=0.853, £2 = 0.000
53 22(2) =12.80, p<0.01, € =0.174

54 22(2) = 14.85, p < 0.001, €2 =0.207

6.2 Participant trajectories

We next examined participants’ navigation trajectories across condi-
tions and scenarios. Figure 4 visualizes the recorded paths, with green
indicating rule-following and red indicating rule-breaking. In S1 and
S2, red trajectories reflected spatial deviations from compliant routes
(e.g., cutting across grass or crossing outside the zebra line), more
frequent in C2—C3 than in C1 In S3 and S4, where rule-breaking re-
flected temporal advantages, red trajectories indicate participants who
shortened their red-light waiting or bypassed the queue. Overall, these
results show that rule-breaking manifested spatially and temporally
across social contexts.

6.3 Visual Attention Patterns

We conducted a series of Mann—Whitney U tests to compare partici-
pants’ gaze allocation between rule-following (RF) and rule-breaking
(RB) participants across different visual tags, experimental conditions
(C1-C3), and scenarios (S1-S4).

0.8

o
o
RB Extent

o
>

0.2

0.0

Fig. 4: Participant trajectories across the four scenarios (S1-S4) under
the three experimental conditions (C1-C3). Each line represents an
individual trajectory, color-coded by the corresponding rule-breaking
extent as defined in Sec. 5.1. The dashed boxes in S3 indicate the
waiting area.

Out of 44 comparison groups, 11 showed a statistically significant
difference (p < 0.05). Notably, the majority of these significant dif-
ferences (8 out of 11) were related to virtual characters (5 for RFC, 3
for RBC), followed by vehicles (2) and phones (1). This indicates that
participants’ attention patterns mainly differed when viewing virtual
characters. A consistent pattern emerged in most of these character com-
parisons: RF participants showed significantly more gaze allocation
towards RFCs, while RB participants showed greater gaze allocation
towards RBCs. So it appears that there was an imitation pattern which
led to the decision making of whether to follow or break the rule, where
participants would behave according to what they were observing in
the scenario. The only exception was found in C3 of S1, where RF
participants unexpectedly gazed more at RBCs, with a small signifi-
cance (p = 0.03, r = 0.45). Meanwhile, we recorded and labeled the
tag of each gazed object in the timeline for each scenario. Figure 5
visualizes S3 gaze data, which shows the most interesting informa-
tion, enabling detection of jaywalkers who crossed before and after the
first RBC. The color coding shows participants’ visual attention while
waiting and prior to rule-breaking (see deeper discussion in Sec. 7.3).
Gaze recording and statistical results are detailed in the supplementary
material.

6.4 Post-Experimental Questionnaire
6.4.1 Perception and Experience

We analyzed the questionnaire scores using the same statistical proce-
dure as in Sec. 6.1, applying Kruskal-Wallis tests with Dunn post-hoc
comparisons. Figure 6 shows participants’ responses to the question-
naire in Table 2. A medium significant difference across conditions
was found for Q2 (p < 0.05, €2 =0.118): participants reported greater
pressure to break the rule as more agents engaged in rule-breaking.
For Q3, participants in C2 and C3 showed a tendency toward lower
agreement compared to C1, whereas for Q4, scores in C2 and C3
tended to be higher. This suggests that observing the rule-breaking
made participants less cautious and more inclined to break rules. There
was no significant difference for Q1 and Q5, indicating that participants
did not perceive negative consequences in VR, nor did they feel safer
if others were already breaking the rule. Therefore, in VR, it appears
that the imitation factor had more influence than the risk/safety evalua-
tion. The behavior of the virtual agents was reported as natural (Q6)
and participants felt immersed and engaged (Q7) with no significant
differences across conditions.

6.4.2 Reported Reasons

Figure 7 summarizes participants’ self-reported reasons for breaking or
following rules across the four scenarios. Rule-breaking was most often
attributed to pragmatic considerations such as efficiency (e.g., choos-
ing the shortest path), impatience (e.g., long waiting times), perceived
lack of consequences, or even an explicit desire to see what would
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Fig. 5: Eye gaze recording of each participant in S3. Each horizontal bar recorded a participant’s gaze target evolution along the time, including both
before the participant started to cross (marked by vivid color) and after (marked by fade color), until the participant finished the crossing and left the
area (blank). Note that in S3, there are two key time point: 1) At 60s, the traffic light turned green, 2) in C2 and C3, the RBCs initiated jaywalking at
10s. The two time points are respectively marked as green and black dashed lines in the figure.

Score
w b

N

LELL Lk

s C1(0%) C2(25%) mwss= C3(50%) === Mean Median

Fig. 6: Results for the Questionnaire in Table 2. The scores are on a
5-Likert scale (1 = strongly disagree, 5 = strongly agree)

happen (exploration). In contrast, rule-following was mainly justified
by normative and safety-related factors, including respect for signs,
adherence to traffic rules, social norms, and personal habits. These
patterns suggest a clear divergence between efficiency-driven motiva-
tions for rule-breaking and rule-oriented rationales for rule-following.
Imitation emerged as a reason for both behaviors, consistent with the
questionnaire responses and the cognitive science literature in Sec. 2.1.

7 DIsSCUSSION
7.1 The Drawing Power of Virtual Rule Breakers

Building on previous research, we first hypothesized (H1) that the
force of social influence exerted by RBCs’ would increase with their
number, leading to more frequent and extensive rule-breaking by partic-
ipants [13]. For this reason, we designed three experimental conditions
with increasing proportions of rule-breaking. Statistical analysis of rule-
breaking (RB) extent showed clear differences in S1, S3, and S4, with
C2 and C3 exceeding C1 (see Figure 3). An exception was observed
in S2, where no significant difference was found. However, as shown
in Figure 4, a clear pattern difference is visible: while rule-breaking
participants in C2 and C3 preferred diagonal crossing paths, those in
C1 still chose the shortest perpendicular crossing, minimizing exposure
to road traffic despite ignoring the zebra-line convention. Participants
who exhibited this behavior often explained in their self-reports that
they were unaware of the zebra crossing. For example, P9 stated: “At
first I didn’t notice there was a zebra crossing... I didn’t go back.”
Gaze recordings of those participants showed that before crossing,
their attention was frequently on their phones or classified as None,
suggesting distraction or a focus on the navigation map. Overall, our
results suggest that the presence of RBCs in the virtual environment
exerts effective social influence, shaping participants’ rule-following
and rule-breaking decisions in ways consistent with real-world observa-

S1: Park Walk
Broke rules Followed rules
Habit B 7
Exploration- 7 Imitation I 4
Path-following I 4
micaton [ 4 Rules E— 4

S2: Unsignalized Street Crossing
Safety 13

Shortest path NI ¢ n
Habit EE—
Safety NG ¢ . 1o
Habit I 2 Rules I 8
No consequence NN 2 Imitation M 3

Unaware i 3
Unaware [N 2 Exploration Fmmm 3

S3: Red-Light Street Crossing

Wait too long NI 22 Rules I 1

No consequences [N 10
Imitation NN ©
Exploration [N 6
Urgency I 4

Urgency NI 12
Disorder NN ©
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Imitation [N 2

Imitation [ 7
Safety I 3
Habit I 2
Hesitated I 2

S4: Shop Queue
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Tolerable I 7

Sign I 5
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Fig. 7: Labels representing participants’ reasons for breaking (in red) or
following (in green) rules; Count indicates the number of answers per
label. Only labels with counts > 1 are shown.

tions. These findings support H1, showing that the presence of RBCs
significantly increased participants’ likelihood of rule-breaking.

Interestingly, the ratio of RBCs did not differ significantly between
C2 and C3, consistent with social contagion research suggesting that im-
itative tendencies increase initially but stabilize as group size grows [13].
The visual comparison in Figure 4 further confirms the similarity in rule-
breaking frequency and extent. To interpret this, we refer to previous
research on the “drawing power” of real [50] and virtual crowds [37],
which found that even simple collective actions, like a group looking up,
can strongly influence participants’ behavior. Their results showed that
as the size of the confederate crowd grew, more participants looked up,
but the effect plateaued once the group exceeded about five agents. Our
findings suggest a similar marginal effect in rule-breaking scenarios. It
is highly possible that the 25% rule-breaker may already surpass this
margin, explaining why no significant difference was observed between
C2 and C3. We selected ratios of 0%, 25%, and 50% because our
study involved free route choice within a large environment. Therefore,
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Fig. 8: Rule-breaking extent across the four scenarios. Each dot indicates
a participant’s rule-breaking score in one scenario. Participants were

grouped by condition and ordered by average score.

to ensure participants encountered comparable numbers of RBCs, we
opted for sufficiently high scene-level proportions rather than small
increments (e.g., 1% or 5%).

7.2

Figure 8 shows that participants exhibit behavioral consistency across
scenarios: those who engaged in high-extent rule-breaking in one
scenario tended to do so in others, while rule-followers remained con-
sistent. Statistical tests confirm this pattern, with significant results
in C2 and C3 indicating that, although participants were not perfectly
uniform across scenarios, their rule-breaking tendencies were strongly
consistent. This suggests that participants did not randomly decide
whether to follow or break rules in each scene, which is aligned with
previous research correlating rule-breaking behavior to personality
traits [17,45]. More interestingly, the effect was stronger in C3 than in
C2, indicating that behavioral consistency became more pronounced in
situations with a higher number of rule breakers. In C1, however, the
statistical test showed a low W score (W = 0.379) and a non-significant
p-value (p = 0.064), indicating that we cannot rule out randomness in
participants’ rule-following or rule-breaking choices. One explanation
is that some participants may have been unwilling to wait for the 60s
red light in S3 and therefore chose to jaywalk, consistent with prior re-
search linking jaywalking to longer waiting times, particularly beyond
30s [66]. This may explain the high extent of rule-breaking observed in
S3 despite the absence of RBC, while participants still followed rules
in other scenarios. Overall, although rule-following and rule-breaking
decisions were sometimes scene-specific, participants exhibited a gen-
erally consistent tendency. In C2 and C3, several participants never
broke the rules despite the presence of RBCs, and one participant even
whispered, “Those people are jaywalking, but I'm not crossing until
the green light”. Figure 5 confirms that participants observed those
RBCs, often with prolonged fixations. These participants’ choices
clearly demonstrated consistency and resistance to rule-breaking in-
fluences. We identify two response types: context-aware imitation,
where decisions adapt to the scene and surrounding agents, and context
ignorance, where initial tendencies persist despite observing others
behaving differently. This aligns with prior work [43].

Considering that We; < Wep < Wes, it is notable that participants’
behavior becomes more consistent between rule-breaking and rule-
following as the virtual environment grows increasingly chaotic (with
more RBCs). From C1 to C3, the RFCs gradually decreased, reducing
the social influence encouraging rule-following and possibly allowing
participants to act more according to their true intentions rather than
conforming to the virtual crowd. Note that this is a preliminary inter-
pretation that warrants further investigation, ideally involving cognitive
or psychological experts.

In summary, our results partially support H2: although participants’
behavior varied across scenarios, they exhibited consistent patterns,
particularly as the number of RBCs increased.

Individual Behavioral Consistency

7.3 Participant Eye Gaze

Gaze data was used to decode participants’ behavior. As shown in
Sec. 6.3, despite scene-specific differences, rule-following participants
generally focused more time on RFCs, whereas rule-breaking partici-
pants focused more on RBCs. Moreover, full gaze recordings enabled
finer analysis of attentional focus preceding rule-breaking decisions.
We focus our analysis on S3, defined by key time points: the first RBC

jaywalking (T=10 s), and the traffic light turning green (T=60 s). In
Figure 5, the switch from dark to light color for each horizontal bar
indicates when the participant starts crossing the street. The results
show that some participants jaywalked within the first 10s (C1: 2 out of
21, C2: 4 out of 21, C3: 3 out of 23), before observing RBCs in C2 and
C3. Conversely, several participants in C3 waited for the green light
despite 50% of surrounding characters breaking the rules. These obser-
vations support the context ignorance response discussed in Sec 7.2.
We next focus on C2 and C3, examining participant behavior between
the first RBC jaywalking and the traffic light turning green. In C2,
12 participants jaywalked during this time window, of which 4 were
looking at the RBCs when they started moving, while 8 did not fixate
on them. In C3, 7 out of 15 participants were looking at the RBCs
when they started crossing, and 6 were looking at cars, which is aligned
with previous research which also reported higher fixations towards
dangerous hazards [19]. Note that in S1, the RBCs were not presented;
yet, 7 participants performed jaywalking within the same time window.
We believe this interesting observation confirms that the social influ-
ence of the RBCs indeed drove some participants’ jaywalking behavior,
while others could simply be driven by personality traits driving lack
of patience or by not perceiving danger or negative consequences. Our
results provide preliminary validation for H3. This study marks one of
the first attempts to systematically collect and analyze pedestrian gaze
data, specifically examining its relationship to rule-breaking behavior.
In the absence of established metrics and analytical frameworks, our
foundational methods nonetheless provide valuable insights and lay the
groundwork for future research.

7.4 Behavioral Ecological Validity

Although VR has been used to study imitation in human crowds [37,60],
daily rule-breaking scenarios remain unexplored. Our work goes be-
yond the state-of-the-art, representing the first attempt to address this
gap. The validation of H1 and partial validation of H2 successfully
confirm that our VR experiment captures participant behaviors con-
sistent with findings from previous real-world field observations [27].
Previous work on ecological validity [25] reported from real world
observations that pedestrians are 1.5 to 2.5 times more likely to jay-
walk on a red light if they observe a neighbor starting to cross, which
is consistent with the results observed in our VR experiment for S3,
with probabilities increasing by 1.5 in C2 and by 2 in C3. In addition,
although this work does not aim to discover participants’ psychological
and cognitive mechanisms, the subjective evaluations provide valuable
insights. Figure 7 shows that time-saving is the most cited reason
for rule-breaking, whereas safety and rules are the main concerns for
rule-following, consistent with everyday observations [25]. Note that
in the two street-crossing scenarios (S2 and S3), both RB and RF
participants cited safety, indicating that they evaluated the danger of
their movements in the virtual situations, even though ultimately they
reached different conclusions and took opposite actions. Notably, the
terms “no consequence” and “exploration” appeared exclusively in the
responses of the RB participants. We believe this reflects an interesting
pattern: RB participants might self allow to perform actions to fulfill
personal interest, whereas RF participants explored the environment
while still adhering to social rules. For example, taking longer paths in
the park to avoid stepping on the grass (see S1, C1, in Figure 4). These
observations indicate that our experiment produced results qualitatively
consistent with real-world studies. While a real-world replication could
provide stronger validation, ethical and safety concerns could make
it infeasible for some scenarios. VR experiments, by contrast, offer
greater control and replicability, provided that the virtual environment
is perceived as plausible by the participant [63].

Post-experimental questionnaires provided practical insights into
how participants’ experiences varied across conditions. As the propor-
tion of RBCs increased, participants reported greater pressure, lower
safety, reduced perceived realism and decreased immersion. These
effects may partly stem from limitations in the crowd simulation, as
classical models struggle with chaotic scenarios, leading to less coher-
ent and less plausible crowd behavior.
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8 LIMITATIONS AND INSIGHTS

To fully exploit VR for studying human behavior, environments and
events must be plausible and elicit a strong sense of presence [63];
otherwise, participants’ behavior may not replicate real-world behavior.
From the open-ended questionnaires, we gathered information about
user experience and areas for improvement. For example, the anima-
tions used for the virtual characters when performing non-normative
behavior need to exhibit more interaction, such as gazing towards other
non-normative characters. Moreover, the tendencies observed in Q6
and Q7 suggest that an excess of RBCs may reduce participants’ per-
ception of realism and immersion. However, observing a small number
of rule-breaking characters could improve immersion, according to par-
ticipants’ comments. For example, in C1 (0% RBC), P27 mentioned:
“l didn’t see any agents breaking the rules, maybe increase the possibility
of them doing so, because it is quite common.”. In our experiments,
the proportion of rule breakers was established ad hoc. Future studies
should consider more balanced mixtures of rule-following and rule-
breaking behaviors to ensure socially believable crowds. Based on our
findings, we suggest keeping the proportion of rule-breaking characters
below 25%. Traffic simulation may also have influenced participants’
risk assessment; for example, P39 noted: “car density could greatly
influence the decision to break or not break the rules". Future work may
thus include advanced traffic simulation for improved risk perception
evaluation.

At the time of our experiment, motion matching combined with a
force-based crowd simulation offered the most controllable and effec-
tive animation approach. However, its perceptual realism remained
limited for some participants (e.g., P14: “sometimes the pedestrians’
postures were a bit odd (one person’s running posture was really
funny)”. Rule-breaking by RBCs was explicitly scripted, except in Sce-
nario S3, where we used the OMC framework to prerecord animations
capturing contagion effects such as rule-breaking, hesitation, and traffic
observation. In our simulation, virtual agents do not socially react to
the user’s violations (e.g., by casting disapproving glares, gesturing) or
exhibit behavioral contagion. While this design isolates the imitation
effect from social confrontation, future work could incorporate reactive
behaviors (e.g., gaze, verbal objections) to study the impact of social
sanctioning on rule-breaking. Additionally, analyzing the effects of
virtual authority figures could inform city planners in optimizing police
presence across scenarios. In our experiment, we decided to use a fixed
scenario order to avoid confounds from environment modifications,
but it may have introduced learning effects in later scenarios; however,
participants did not comment on any perceived patterns in rule-breaking
behavior across scenarios.

Finally, this study aimed to test the behavioral ecological validity of
rule-breaking in VR to inform future crowd simulation models. While
our experiment validated the social imitation effects observed in the
real world, conclusions about human behavior must be tempered by the
limitations of VR and the specific social background of our participants.
Results may differ with samples from other geographical or social
contexts.

9 CONCLUSION

In this work, we studied user responses to virtual characters’ rule-
breaking in everyday crowd scenarios using immersive VR. Across four
scenarios, we varied the proportion of RBCs and analyzed participants’
rule-breaking behavior. Our results show that participants’ decisions
were influenced by the presence of RBCs.

Individual factors played a key role: gaze allocation revealed that
users’ environmental scanning and attention to characters correlated
with their rule-breaking behavior. Subjective reports further showed
that observing others’ violations reduced perceived risks and increased
the legitimacy of rule-breaking. Furthermore, the eye gaze data con-
tributed to the confirmation that RBCs indeed triggered participants’
rule breaking, and it also enabled cross-verification of the participants’
subjective reports. Our results also suggest that, 25% RBCs in a free
route choice scenario can provide effective social influences. Mean-
while, the effectiveness of even lower RBC ratios would be worth
exploring in the future.

We provide insights into both the research on rule-breaking using
VR and crowd simulation. This work validates VR in the study of
everyday rule-breaking while opening multiple research questions that
require further interdisciplinary knowledge, especially in psychology
and cognitive science.
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