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Abstract
Extended reality (XR) combined with artificial intelligence (AI) offers significant value for teams in challenging
environments through three primary applications: on-site tool use (e.g., AR glasses), training simulations, and
realistic behavioral research enabled by virtual reality (VR). For all of these needs, realistically representing the
salient aspects of hazards is valuable. While existing simulation work has been domain-specific, we propose
a systematic approach: a unified framework that bridges neuroscience, ethology, and simulation design to
systematically characterize hazards across domains and allow us to create “isometric hazard profiles" of any given
threat. By grounding XR-AI systems in how humans actually perceive and respond to threats, this framework
enables systems that augment rather than override human expertise in high-stakes contexts, supporting field
deployment, team training, and empirical research.

Keywords
virtual reality, hazards, teamwork, simulation, fear, behavior

1. Introduction

Extended reality (XR) has value for teams in challenging environments in at least three ways. First,
it can be a tool used on-site through applications such as augmented reality (AR) glasses. Second, it
can be used to create training simulations. Finally, it can be used to study teams through the ability of
virtual reality (VR) to elicit realistic behavior.

For all of these needs, realistically representing the salient aspects of hazards is valuable. However,
current hazard frameworks are critically fragmented across domains, with many disciplines identifying
their own terms and definitions for hazards that can make it difficult for VR developers to reliably
implement or communicate about them. Thus, we argue for a universal behavioral language for
hazards—grounded in neuroscience—to enable the design of resilient XR systems that align with human
evolutionary threat perception.

Beyond improving XR experiences, such a language could improve how AI systems integrated
with XR tools offer guidance and interventions, better helping human-AI teams proactively recognize,
react, and manage hazard response in chaotic, dangerous environments. However, to realize future
human-AI collaboration for hazard management, we must first identify the hazard features that are
commonly encountered in high-stress contexts. Such features can then be used by AI technologies in
XR environments to model and anticipate human responses (e.g., errors, stress, reaction time, etc.) to
environmental threats, optimally informing interventions which improve the speed and accuracy of
hazard responses.
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To this end, we propose a conceptual framework for parameterizing hazards by synthesizing multi-
disciplinary perspectives on hazards. We discuss related work from hazard characterization in risk
communication, neurobiological responses underlying threat perception, and hazard parameterization
in video-game/VR/AR design. We describe initial steps for implementing a hazard system in a simulation
context via isometric hazard profiles: collections of universal features of hazards that characterize
equivalently-threatening hazards across domains and risk contexts. Finally, we indicate potential
challenges that could be fruitfully addressed in this workshop.

2. Related Work

Previous researchers and organizations have examined ways to characterize hazards in a variety of
scenarios [1, 2, 3, 4, 5]. For example, the UN Office for Disaster Risk Reduction classified hazards via the
physical processes causing them (e.g., a storm caused by meteorological phenomenon is different from
a disease brought on by biological processes), as well as certain aspects defining the level of danger a
hazard poses, such as its risk of cascading into further issues [2]. This aligns with work by the Centre
for Research on the Epidemiology of Disasters [4] and the Intergovernmental Panel on Climate Change
[3]. Other researchers have similarly attempted to define hazards across multiple domains by examining
triggering mechanisms (i.e., what is causing hazards) as well as which sequential behaviors hazards
move through as they build into larger threats [5].

These works provide overarching typologies through which we can identify hazards via their human-
facing features. Thus, we do not focus on larger classifications of hazards (e.g., geophysical, meteoro-
logical, biological, technological), but on granular characteristics of the hazards’ behaviors, such as
intensity, duration, and triggering mechanisms. By drawing out these particular mechanisms which
describe how hazards act, we aim to develop a framework that can use such terms to wholly describe
any hazard’s behavior.

We also propose that hazard features can be partly categorized based on their biological and evolu-
tionary significance, thus drawing from neuroscience, ethology, and ecological sciences [6, 7, 8, 9, 10, 11].
Biologically speaking, organisms (including human actors) are embedded in complex ecologies filled
with danger and uncertainty. These dangers are distributed across multiple spatiotemporal scales, and
it is imperative for the actor to anticipate, appraise, react to, and remember where/when those risks
occurred—otherwise, survival is at risk.

Much work in the areas of ethology and ecology has used an anti-predator model that informs similar
anti-threat responses in humans [6]. They have documented a “landscape of fear" in which the animal
considers the properties of predator stimuli and their relationships to the surrounding environment
using an iterative “risk assessment" process [7, 8, 9]. This investigative process allows the animal to
mount a strategic defense (fight, flight, freeze, and more) that optimizes survival—in other words, a
specific set of neural, physiological, and behavioral responses tuned to the situation. Those threat
responses often form so-called “defensive states" that might be called fear, anxiety, and aggression in
non-human and human animals [12, 13]. These anti-predator responses, and the risk assessment that
determines them, are often reflexively activated, primordial, and evolutionarily rooted across species
[6, 12, 14]. Anti-predator defense therefore represents a translational foundation for other defensive
responses to different threat types, not just predators. This includes weapons, other human beings, and
more symbolic threats like challenges to self-esteem [10, 11].

By exploring literature in the domain of anti-predator responses and fear landscapes, we aim to
identify hazard features that represent ambiguous sources of threats, such as social threats from other
humans or internal threats from a user’s own mental model. By identifying the language used to describe
these neuroscience-driven reactions to threats, for instance, we can anticipate and model elements of a
user’s response to hazards within our framework, such as a user’s cognitive load, emotional states, or
stress levels when facing more agentic hazards.

Finally, to guide our implementation of realistic hazards, we look to XR modeling and video game
design. When designing video games and XR environments, designers must decide where to emphasize



fidelity (e.g., whether to focus on photorealistic visuals or on believable scenarios). The Interaction
Fidelity Model [15] delineates eight fidelity types, with the most important for hazard parameterization
being simulation fidelity (does the environment react appropriately to users’ actions) and experiential
fidelity (does the user feel the same way about the environment as they would in the real-world
equivalent). Experiential fidelity is additionally linked to XR coherence [16] and authenticity [17],
which measure how well the environment aligns with user expectations. In game design, researchers
have used procedural content generation [18] to generate games or game levels of a specific difficulty
[19, 20], as well as evolutionary algorithms like MAP-Elites to generate game enemies that players
perceive as easy, medium, and hard [21]. The challenge with algorithmic approaches like these is
defining the best behavioral descriptor factors from the start; the results depend heavily on the choices
of the designer. When designing hazards, we propose these descriptor factors can be best chosen from
the interdisciplinary space of neural and psychological perception of hazards.

3. Current Work

Building on the literature reviewed above, we have begun to investigate the specific features of hazards
that give rise to different threat response strategies such as decisions to “fight," “flee," or “freeze." Such
features may be fruitful starting points for categorizing hazard features in high stress operational
environments. First, the physical features of hazards—such as size, shape and distance—contribute
to the perception of threats and thus, human threat responses (cognitions and behaviors). Second,
the spatiotemporal features (when and where hazards occur) influence how humans interpret these
physical features. Finally, how features are perceived also influences human responses. For example,
the level of ambiguity (or perceptual identifiability) of an environmental hazard and the intensity of
the stimulus both can influence response. Importantly, these areas are not exhaustive of all categories
of hazard features–they represent an initial starting point that we can use to implement a functional
version of this framework (detailed below). Future additions to our framework, particularly those
represented by non-agentic hazards, are discussed in Section 4.

Below, we describe an initial effort to parameterize a set of hazard “behaviors." Collectively, these
behaviors form a descriptive isometric hazard profile that tells us how a hazard should act. The
following profile parameters have been implemented in a Universal Hazard Controller prototype
developed in Unity. This Controller allows developers to drag-and-drop hazards from their Unity
environments into slots in the Controller script, and use simple interfaces such as sliders and numeric
entry fields to set the value of the parameters. Based on the values selected for a particular hazard, its
behavior in the environment will be altered. We provide examples of how this system works with two
very different sets of hazards: marine animal hazards and structural fires.

• Aggression: A parameter that defines how likely a hazard is to trigger more aggressive behaviors
(e.g., how likely a shark is to attack the player rather than flee, how likely a fire is to spread
quickly rather than die out).

• Caution: A parameter that defines how likely a hazard is to linger on certain behaviors before
moving to others (e.g., how likely a shark will circle something before swimming closer to
investigate, how likely a fire will stay burning on one object before spreading to another).

• Patrolling: A behavior where a hazard has a given territory that it keeps to or starts within, and
simply moves around that territory (e.g., a shark circling through a reef, a fire spreading within a
single room).

• Approaching: A behavior where a hazard moves or expands towards a player or target in a
scene (e.g., a shark swimming closer to something that caught its attention, a fire spreading when
a door or window is open).

• Attacking: A behavior where a hazard actively collides with a player or target in a scene (e.g., a
shark lunging at a player’s body and “biting" it, a fire touching and lighting up the object beside
it).



Ultimately, these isometric hazard profiles allow us to compare the behaviors that hazards display
across domains, noting how similar and dissimilar they are under various conditions. Additionally, we
can identify hazards that pose equivalent threats across domains; for example, a Patrolling shark and a
Patrolling fire pose the equivalent threat of a hazard that may expand or move if given the chance, but
is currently contained to one location.

4. Opportunities, Challenges and Next Steps

By grounding hazards in a universal lexicon, we enable resilience by design. This shared language
enables VR developers to think critically about how they introduce hazards in challenging simulations
from the beginning, considering various features of hazards that can be connected to risk literature.
This makes the process of generating hazardous environments more resilient and grounded from the
beginning stages. Further, through the isometric hazard profiles that can be generated by this shared
lexicon, developers can create hazards that are explainable and transferable between disciplines, making
simulation development more resilient for collaboration and expansion.

There are also more technical benefits of this framework to simulation development. A system that
can model threat features matching human neurobiology can improve the use of XR in challenging
environments in multiple ways. In the context of human-AI teaming, AI interventions that respect
evolutionary risk assessment processes may feel intuitively correct rather than alien or disruptive. For
example, an AI system that provides distal alerts for ambiguous threats (allowing time for human risk
assessment) versus immediate directives for proximal, high-intensity threats aligns with the freeze-
versus-flee response patterns hardwired into human physiology. This biological alignment means
operators don’t need to consciously override their instincts to follow AI guidance; instead, the AI
augments existing threat perception circuits.

In addition, our implementation of universal hazard characteristics through simple, public-facing
interfaces like drag-and-drop or sliders lessen a substantial workload that simulation designers face when
creating hazardous simulations. This work would allow for rapid generation of realistic, customizable
hazards with minimal effort in the future. For instance, we propose a potential AI-powered hazard
profiler, Hazardrama, that could automatically generate recommended isometric hazard profiles for the
intended hazards in a developer’s environment. If a developer is working on a simulation of a forest
with various wild animals, they could input the base physical variables that their animals are meant
to have (e.g., speed, size). The profiler can than suggest different optimal settings for that hazard; if a
wolf in the forest is injured but hungry, then it will be recommended a High Aggression / High Caution
profile, whereas if it is healthy and defending a territory, it might have High Aggression / Low Caution.
This proposed application would allow developers to procedurally generate new and variable hazards
for any type of simulation.

Such procedurally-generated hazards also prevent overfitting to specific scenarios. Training that sys-
tematically varies ambiguity (lighting conditions), predictability (timing of threat onset), and behavioral
patterns (patrolling territories) builds cognitive flexibility rather than rote memorization. Teams learn
to recognize threat signatures—combinations of features that indicate danger—rather than specific in-
stantiations. This prepares them for the fundamental unpredictability of real challenging environments,
where no two emergencies are identical but underlying threat dynamics follow recognizable patterns.
The lexicon also enables cross-domain communication: firefighters discussing “high ambiguity, low
predictability" scenarios can immediately connect with combat medics facing similar isometric hazard
profiles in different contexts.

However, our work still faces many limitations. At the moment, our implementation of a universal
VR hazard simulation is still in development, and lacks representation of all areas of hazard research,
particularly non-agentic work. Hazard interpretation relies heavily on contextual information, as
hazards may lack visible or physical attributes and rarely occur in isolation. Instead, they emerge within
complex, dynamic environments that span both social and non-social contexts. Threat responses can
be self-directed or other-directed, with the latter potentially targeting individuals at varying social



distances from the actor. Hazard perception is also known to be significantly affected by experience
with the hazard, as documented in driving [22], machining [23], and disaster preparation [24], among
others. Also, multiple previous studies have explored the impact of personality factors (such as the
Big Five factor neuroticism) on risk perception [25, 26, 27]. These results suggest that parameters such
as domain expertise and personality factors must also be included in a framework for parameterized
hazard generation. To generate a truly complete framework for hazards, we must establish features
that account for additional families of hazards, including:

• Contextual Hazards: “Invisible" threats such as risks of contamination or widespread equipment
failures that have less agentic forms. We may incorporate this through a “Spreading" behavior to
represent acting maliciously on multiple inter-connected actors or objects.

• Self-Generated Hazards: Internal threats introduced by a user’s own personal and mental
profile, such as their fatigue, stress levels, or personality-driven response to threats. We may
incorporate this through a “Cognitive Load" behavior that enhances the likelihood of multiple
hazards being present at a single time.

5. Conclusion

We propose a robust framework for universal hazard design that establishes a series of parameters (i.e.,
isometric hazard profiles) which can effectively represent the salient behavior of hazards in the context
of teamwork. By developing this framework, we create a common language which simulation designers,
developers, teams training for real-life hazards, and other members of the hazard and risk community
can utilize to fully explain any hazard. In addition, we propose a potential implementation of this
framework whereby a simulation designer can customize realistic hazards by altering a set of hazard
behaviors drawn from various fields such as biology, neuroscience, and risk management, using simple
interfaces such as sliders. This implementation supersedes the need for designers to create complex
code for new hazards, and allows them to create any desired hazard by adjusting universal parameters
behind hazardous behaviors. This work not only links together core work on understanding hazards
and simulating them across disciplines, but opens the path to developing more realistic hazardous
simulations in XR for some of XR’s most critical use cases.
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