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Introduction

With ongoing and expected advancements in AI technology, 
the promise of far-future autonomous teammates stands to 
benefit a multitude of applied contexts from search and res-
cue to healthcare, manufacturing, defense, and more (Lyons 
et  al., 2021). However, the same advancements that will 
inevitably yield to these teammates also pose a challenge to 
modern research. Indeed, the pace at which AI technology is 
developed, and new AI systems are produced often reduces 
the time researchers have to design, perform, and analyze 
empirical research. This time is especially challenging when 
one explores the utility of AI technology in far-future applied 
settings, as these teammates either require substantial devel-
opment or simulation efforts to explore (Schelble, Flathmann, 
& McNeese, 2020). To accommodate this challenge, recent 
trends in the human-autonomy and human-AI teaming 
(HAT) space have seen the rise of online factorial surveys. 
Within these surveys, experimenters are able to craft pre-
generated applied scenarios with far-future AI teammates, 
and participants can consume these scenarios, form percep-
tions, and rate perceptions (Li et al., 2023). In comparison to 
traditional simulation and physical systems, these surveys 
have been critical to rapidly prototype and explore AI team-
mates without development overhead.

However, while factorial surveys have been beneficial to 
the HAT community, their prevalence also presents a major 
limitation due to their low fidelity. Most notably, they lack 
the ability to facilitate interaction between humans and AI 
teammates, with scenarios often depicting slices of time and 
not allowing participants to explore teamwork over time 
(Cooke & Shope, 2017). Yet, switching to a high-fidelity 
simulation or physical system that allows interaction could 
be costly, time-consuming, and potentially not even possible 
in the case of far-future autonomy. As such, the HAT com-
munity needs a medium fidelity research platform that allows 
humans to interact and explore AI teammates in applied set-
tings. Such a platform would allow researchers to rapidly 
prototype AI teammates, permit interaction with teammates, 
and inform the eventual far-future utilization of AI team-
mates in applied settings.

To meet this challenge, this work researched and developed 
a simulation system that would allow for the medium-fidelity 
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exploration of AI teammates. This architecture leveraged gen-
erative AI as an open-ended simulation engine, which allows 
researchers to rapidly design far-future AI teammates, a simu-
lation to predict how these AI teammates would behave in an 
applied setting, and participants to interact and perceive these 
AI teammates’ impacts. This submission describes the process 
of designing and applying this architecture, which worked to 
meet the following three objectives in HAT research:

Objective 1: Allow researchers to theorize the future design 
and functionality of far-future autonomous teammates.
Objective 2: Simulate the interactions these autonomous 
teammates could have in an applied context.
Objective 3: Allow humans to interact with these simu-
lations to create a human-subjects research platform to 
explore far-future human-autonomy teams.

Background

Human-AI teaming is rapidly becoming one of the most 
expansive modern research domains (Vats et  al., 2024). 
Recent advancements in AI technology have ultimately accel-
erated the rate at which AI is being used and incorporated into 
the real world (Schmutz et  al., 2024). These advancements 
are ultimately leading to the possibility of teamwork, which 
would see humans and AI technology working autonomously, 
independently, and towards a shared goal (O’Neill et  al., 
2022). Unfortunately, the same advancements that drive  
interest in human-AI teaming also challenge research within 
the domain. At its core, HAT research is a multidisciplinary 
effort that requires computational AI research, social human 
research, and sociotechnical research that merges both enti-
ties (Flathmann, McNeese, & O’Neill, 2024). Managing all of 
these perspectives often requires specific research studies that 
take time and effort to not only perform data collection but 
also prepare for data collection (Cooke et al., 2020). In turn, 
the HAT domain has seen the rise and use of both low-fidelity 
and high-fidelity research platforms, as low-fidelity platforms 
can afford researchers speed while high-fidelity platforms 
afford depth (Li et  al., 2023). Understanding the utility of 
these two types of platforms within the HAT domain will 
identify the gap that exists between the two options, which his 
paper works to address.

Simulation and experimental platforms in HAT research 
are broad. Historically, empirical research has relied on 
robust, high-fidelity synthetic task environments, which 
intricately simulate realistic team tasks, such as search and 
rescue or unmanned aerial vehicles (Cooke & Shope, 2004; 
Schelble, Canonico, et al., 2020). However, the integration 
of autonomy into these platforms has been a struggle, as sys-
tem specific development and validation are often required 
to create singular AI teammates (Ball et  al., 2010). These 
platforms have been fundamental to landmark HAT research, 
such as the first validation of HAT performance (McNeese 
et  al., 2018), explorations of HAT communication (Zhang 

et  al., 2023), explorations of HAT trust (McNeese et  al., 
2021), and explorations of coordination (Rosero et al., 2021), 
and these simulations will remain critical to future research.

However, due to this overhead, research that explores 
more experimental and far-future autonomy has shifted away 
from these simulations. Rather, online factorial surveys have 
become a critical tool, as they allow for the rapid exploration 
of autonomous teammates that don’t have to be simulated in 
real-time (Li et  al., 2023). Rather than having participants 
directly interact with autonomous teammates, these surveys 
often leverage text or video-based scenarios to depict humans 
and autonomous teammates interacting, with participants 
rating their perceptions of these interactions. Like traditional 
simulation, these surveys have been critical to exploring 
HAT explanations (Lyons et  al., 2023), HAT acceptance 
(Flathmann, Schelble, et  al., 2024), and expertise in HATs 
(Zhang et al., 2022). However, the results taken from these 
surveys, while rapid, are often not fully representative of 
real-time teamwork, which requires interaction over time. As 
such, a gap exists where a medium-fidelity platform would 
aid HAT research by providing a real-time simulation with-
out the need to develop and validate a fully simulated auton-
omous teammate.

Within this gap, a recent platform design known as snow-
globe was designed to explore open-ended wargames with AI 
(Hogan & Brennen, 2024). This work established the principle 
for using generative AI as a narrative simulator, allowing for 
open-ended narration and interaction between humans and AI. 
Further, snowglobe’s original conceptualization identified that 
teams could be explored through an open-ended manner, as 
each teammate would be able to conversationally interact, 
with these conversations being fed into a generative AI narra-
tive simulator. However, this perspective still possesses limita-
tions, and advancing the core idea of using AI as a simulation 
backend may provide even greater opportunity for HAT 
research. In particular, the current state of this approach 
allowed rapid AI design and interactive simulation; AI designs 
were limited to personality differences, and simulations were 
limited to narrative tasks. Yet, generative AI may also be able 
to simulate the functional capabilities of AI teammates and 
their interactions within a team context. Applying these prin-
ciples to an applied scenario would, in turn, allow researchers 
to narratively describe and rapidly simulate an applied task 
without the need to fully develop a simulation for said task or 
teammates. As such, coupling the medium-fidelity principles 
of snowglobe with the applied and team-focused nature of tra-
ditional HAT simulations would yield a medium-fidelity simu-
lation that allows the research of interactive AI teammates in 
applied settings without development overhead.

Approach

Combining existing perspectives on simulation in HAT 
research, this research effort created a novel simulation plat-
form referred to as ARCHAIST (ARCHAIST Rapidly 
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Creates Human-AI Simulated Teams). ARCHAIST (depicted 
in Figure 1) centers around an AI-powered simulation engine, 
which essentially uses LLM AI technology to predict changes 
to a defined simulation state based on interactions performed 
by a participant. Based on traditional HAT simulations, this 
simulation state is designed and provided by an experi-
menter, who creates a list of AI teammates, points of interest, 
and objectives that relate to an applied setting. Due to the 
nature of the LLM AI, these components can be described 
narratively, removing the need for high-fidelity design and 
overhead. This state is then stored in a standardized JSON 
format, allowing for the usage of this game state by the AI 
simulation engine and user interfaces that display simulation 
details to a participant. This JSON state would contain an 
abstracted view of a traditional high-fidelity simulation plat-
form, depicting existing resources, locations, objectives, and 
points of interest. However, these elements would simply 
exist in description only, which provides a generative AI 
simulation engine with enough knowledge to understand 
how these elements interact with on another in the specific 
environment being simulated.

Once this JSON state is finalized, it is ingested by the AI 
game engine, which leverages this state as the initial simula-
tion state presented to participants. This state can then be 
provided to a custom user interface to allow for the simula-
tion state to be graphically displayed to users (such as show-
ing AI teammates’ statuses and locations). Due to the 
simplicity of everything being transmitted as a JSON object, 
these interfaces can exist as simple front-end webpages that 
simply update their display whenever a new JSON state is 
received. Within this interface, participants are then able to 
interact with AI teammates by sending directives through a 
provided chat window. Based on these chats, the LLM can 
act as an AI Game Engine and assign status to AI teammates, 
predict how these AI teammates would impact the applied 
setting, and update the game state accordingly.

In turn, by having the AI game engine run at a constant 
refresh rate, a constantly updated simulation state can be 
generated, constantly considering the interactions and 

communication participants provide. In turn, experimenters 
can narratively create high-level AI teammates; these team-
mates can be simulated in an applied setting, and participants 
can be given the opportunity to interact with these teammates 
through a user-friendly dashboard. All of this can be com-
pleted in a short timeframe and hosted on lightweight com-
puter resources, making the simulation highly accessible  
to researchers and participants. This capability allows 
ARCHAIST to be a highly flexible simulation platform, 
where far-future AI teammates can be theorized and described 
without literal implementation. Then, if a robust enough 
description is provided, the generative AI simulation would 
be able to predict how described resources would interact 
with one another over a given period, allowing for a narrative 
simulation of a non-existent AI teammate.

It is worth noting that this simulation presents one key chal-
lenge. As it stands, the validation of such a simulation is not 
guaranteed due to these generative AI platforms themselves 
not being validated. Indeed, while a traditional simulation 
platform may benefit from a deterministic physics engine, the 
reasoning capabilities of a generative AI simulation are not 
deterministic to the same degree. As depicted in Figure 1, the 
current solution to this approach is to create a human-on-the-
loop, where the researcher who creates the initial JSON state 
for this simulation remains on the loop to validate the outputs 
of ARCHAIST through multiple iterations. Once the model 
and simulation is deemed reliable by the researcher in pilot 
sessions, then the ARCHAIST would be deployable to actual 
participants. As the reasoning capabilities of generative AI 
models improve, the validity of ARCHAIST would similarly 
increase. As such, the current iteration of ARCHAIST serves 
as the initial baseline capability of this approach, and the plat-
form is likely to only improve in validation, speed, and capa-
bility as reasoning models continue to advance.

Application Example

Based on ARCHAIST system architecture, this research 
team has created and simulated a HAT working in a search 

Figure 1.  System architecture for ARCHAIST: Rapid creation of human-AI simulated teams (ARCHAIST).
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and recovery simulation (depicted in Figure 2). This system 
design has served as the pilot for this platform, and this pilot 
will be leveraged and validated in a future human-subjects 
study. This pilot application of ARCHAIST within this 
applied context will be discussed below, allowing future 
research to mimic such an approach for their own specific 
contexts. For this applied simulation, the research team 
focused on the exploration of far-future search and rescue 
HATs, where far-future HATs leverage AI teammates with a 
greater number of capabilities that help ensure safe, fast, and 
reliable execution in these environments. For the specific AI 
teammate of interest, the research team explored an aerial 
search teammate that can leverage sound detection, real-time 
building assessment, and remote rubble clearing to locate 
and rescue trapped survivors.

Rather than having to manually design and simulate this 
AI teammate, the research team was instead able to provide 
the AI simulation engine with a simple JSON file that narra-
tively described the capabilities of said teammate, search 
zones of interest, and locations for survivors that needed to 
be rescued. For example, an AI teammate in this instance 
would have its baseline capabilities, its current location, and 
a potential status of the action it is performing. In a tradi-
tional simulation, each of these elements would need to be 
individually programmed and interrelated to one another. 
However, ARCHAIST allows each factor to be a descriptive 
characteristic of the AI teammate that is then processed and 
accounted for by the generative AI simulation. This same 
approach can also be taken for other aspects of the simula-
tion state, such as areas that would need to be searched for 
and rescue objectives that need to be completed. With all 
these aspects narratively described and linked within the ini-
tial JSON state, the research team was then able to upload 
this state to the generative AI simulation engine to start the 
simulation process.

With the initial simulation state created and uploaded, the 
simulation system can now iteratively present a simulation 
state that can be displayed by a custom-made front-end that 

presents the status of AI teammates, potential areas to search, 
and ongoing objectives (e.g., shown in Figure 3). Using this 
information, participants are then able to direct and interact 
with the aerial teammate to perform certain search and res-
cue operations in the applied simulation. Based on these 
directives, the AI simulation engine was then able to logi-
cally predict the search zones completed by these directives, 
any survivors found in this process and reveal the current 
state of those survivors. This updated state was then provided 
to participants, and new directives could be sent to have the 
AI teammate clear rubble to rescue found survivors or con-
tinue searching zones for additional unfound survivors. This 
pilot application continued this process until all survivors 
listed were flagged as found and rescued by the simulation. 
Throughout this pilot application, a researcher was able to 
monitor this simulation and identify whether a predicted 
state logically made sense.

Notably, this is but one application of this simulation plat-
form. Within minutes, any applied scenario and AI teammate 
capability can be described and simulated, leading to a fully 
interactive simulation platform that still affords to prototyp-
ing and exploring the abilities of far-future autonomous 
teammates. Moreover, as new robotic and AI teammates are 
created, they can be rapidly simulated without the need for 
full development or costly purchasing, making applied 
research questions more feasible for a broader number of 
researchers.

Discussion and Future Work

As it stands, open research platforms designed exclusively 
for HAT research are few and far between (McNeese et al., 
2023). ARCHAIST presents one of ideally many research 
platforms that will enhance the capabilities of not just HATs 
but HAT researchers who need to design and understand AI 
systems that work alongside humans. One of the greatest 
challenges facing HAT simulations may be in the domain’s 
prior reliance on Wizard of Oz AI teammates, which saw 

Figure 2.  Example application of ARCHAIST as a simulation for a search and rescue task.
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humans interact with a researcher posing as an AI (Dahlbäck 
et al., 1993). On one hand, rapid AI advancements have made 
the WoZ technique less needed, as real-AI technology is 
capable of a lot of the needed teamwork functions 
(Dell’Acqua et al., 2025); however, the integration of these 
teammates may not always be possible or feasible within 
older HAT simulation platforms. As such, future HAT 
research likely needs to explicitly work toward HAT-specific 
simulations that allow for all of the traditional depth of team-
work platforms and the integration of increasingly advanced 
AI systems. ARCHAIST presents a potential avenue for this 
approach, but it should not be the only avenue explored by 
the HAT domain. Ideally, future HAT research could benefit 
from pursuing two different pathways for HAT-specific sim-
ulation. First, HAT research would benefit from indexing 
existing simulation platforms that have seen use within the 
domain and identifying which platforms could incorporate 
modern AI platforms. This modification would rapidly  
accelerate platform development, as long as these platforms 
are opened to the broader community. Second, HAT research 
would benefit from research initiatives solely focused on  
the development of HAT-specific research platforms. 
Notably, this second pathway could also be aided by new AI 

developments that allow for rapid software development, as 
the time needed to develop research platforms will likely 
only decrease as development tools increase in capability 
(Tufano et al., 2024). While ARCHAIST presents an initia-
tive in the second pathway, both likely need to be pursued to 
create a comprehensive understanding and availability of 
HAT platforms that can be used to accelerate future research 
efforts.

Additionally, there is also additional future work that 
needs to be done within the ARCHAIST platform. While 
ARCHAIST fills a clear and notable gap in the HAT domain, 
a few limitations still exist with ARCHAIST that require an 
opportunity for future research. Most notably, the validation 
of the approach to ARCHAIST may not be entirely scalable, 
as having a human researcher on the loop for multiple simu-
lations may not be possible in large experiments. Creating  
an automated validation tool would benefit large-scale 
deployment. Further, future research into ARCHAIST will 
be needed to explore how future AI models benefit the ability 
of generative AI to act as simulation engines. During the ini-
tial pilot of ARCHAIST, OpenAI released their o3 reasoning 
model (Arrieta et al., 2025, Pfister & Jud, 2025), which dras-
tically improves the capability of the platform. Over time, 

Figure 3.  Simplified ARCHAIST HTML interface for displaying JSON state received from AI Game Engine.
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new AI models will only increase the validity and capability 
of ARCHAIST and similar research platforms, and the HAT 
domain will need to remain aware of how these innovations 
open up new opportunities for simulation development and 
validation.

Conclusion

This work details a novel simulation platform for human-
autonomy teaming. Through this simulation, researchers will 
gain a greater ability to theorize and validate the capabilities 
needed of autonomous teammates in far-future teams. Rather 
than relying on inflexible simulations that provide a high-
fidelity depiction of a singular applied setting and AI team-
mate, this system allows researchers to rapidly design and 
change the abilities of AI teammates and the setting of a 
HAT. In turn, this platform will enable future researchers to 
increase the affordance of rapid research prototyping and 
data collection, with the added ability to explore HATs in a 
greater number of applied contexts without substantial 
increases in development.
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