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Abstract
Learning to team with an AI counterpart can be challenging –
particularly in the context of an unfamiliar task that must also
be learned. This study compares the impacts of scaffolded
versus self-paced training on human-AI agent teams nego-
tiating a novel logistics and sustainment task. It was found
that guiding participants early on in how to leverage AI assis-
tance (scaffolded practice) led to much more robust teaming
than allowing them to learn at their own pace. Additionally,
teams whose human counterpart received scaffolded practice
tended to achieve higher scores than those who learned un-
der self-direction. Post-hoc analysis also revealed that when
human teammembers leveraged the agent was of particular
importance – with the greatest impact of human-AI team-
ing observed in the most high stakes periods of the game.
Taken together, these findings demonstrate not only that some
forms of training are more beneficial than others for human-
AI agent teaming – but also, that context-specific learning on
the fly is important for effective team performance.

Introduction
The integration of AI systems into various societal aspects
holds immense potential for revolutionizing how we work
and interact (Vaccaro, Almaatouq, and Malone 2024). How-
ever, challenges to effective human-agent teaming (HAT) are
also well known AI systems are needed that can function as
genuine collaborators, complementing human strengths and
offsetting weaknesses (Metcalfe et al. 2021). Yet, existing
AI systems often lack the flexibility and robustness of hu-
man systems, impeding the emergence of efficient commu-
nication and coordination processes (McNeese et al. 2018;
Demir, McNeese, and Cooke 2016). Further, negative hu-
man perceptions of an AI agent – particularly along the lines
of its intent, transparency, and task readiness and integration
(Wynne and Lyons 2018) – can diminish trust and obstruct
HAT processes.

The present analysis explores approaches to training for
improved human-AI collaboration. It builds from the idea
that teaming dynamics are affected both by stable, trait-like
factors, such as prior experience of team members work-
ing together, personality, or interface designs, as well as by
transient, emergent features of context, such as momentary
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task complexities or time pressures. Effective training for ro-
bust HAT will need to account for how stable and transient
features interact. Here, a proof of concept is outlined us-
ing a virtual sustainment and logistics game, Space Transit,
in which human- agent teams create efficient routes in 3D
space to transport passengers from spontaneously spawn-
ing transit stations to their destinations. A study was con-
ducted comparing the benefits of scaffolded versus self-
paced training methods to foster human-AI collaboration
during game play. Scaffolded methods yielded superior col-
laboration – likely because they offered users an opportunity
to gain richer, context-relevant experience with the agent be-
fore launching into the task. However, deeper analysis sug-
gests that simply knowing how to collaborate with the agent
did not heavily impact performance outcomes. Rather, bet-
ter performance was associated with strategic collaboration
at critical times within the game. This finding suggests a
corollary to the idea that robust HAT requires AI agents with
more flexible, adaptive capabilities. Humans must also be
able to organize their interaction with AI teammates to meet
the contingencies that arise from task fluidity.

Method
Platform Design and Implementation
Paralleling the commercially available game, Mini Metro,
Space Transit centers on transporting passengers from sta-
tions that spawn in 3D space by creating transit networks
(Figure 1). In constructing routes, the player is tasked with
ensuring that all passengers can reach at least one of their
possible destinations, and that lines are efficiently con-
structed for timely pick-ups and drop-offs. If too many pas-
sengers accumulate at a location, overcrowding will cause
the game to end. A second challenge is allocation of re-
sources. New trains and lines become available at regular
intervals and can be distributed at the player’s discretion.
Further, multiple separate transit networks can run in par-
allel, tasking players both with designing and monitoring
each network as well as with switching attention between
networks.

Space Transit can be played by solo humans or AI agents,
or by heterogeneous or homogeneous teams. In the present
study, humans were paired with a hierarchical task network
(HTN) agent (Lawley and Maclellan 2024) in hybrid team
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Figure 1: A) Stations in Space Transit are represented by spheres, cubes, and cones. Passengers can travel between stations when
they are connected by lines. B) Up to five separate lines can be implemented. C) Trains can be moved between lines. D) An
overcrowding warning signal appears if more than six passengers accumulate at a station. After thirty seconds of overcrowding,
the network is terminated.

mode. The agent could perform the same tasks as its human
counterpart, but only in response to a command to act. Pos-
sible actions (for either team member) are the following:

• create line takes two stations and create a line to connect
them.

• delete line takes a given line and delete the line as well
as releasing all the stations on the line.

• insert station inserts a given station to the closest loca-
tion to a given line.

• remove station removes a given station.
• add train add a train to a given line.
• remove train removes a train from a given line.
• goto game takes the game ID and directs players to a

specific game.

Further, teams were required to manage two separate net-
works simultaneously in each game. Participants interfaced
with the virtual world using the HTC Vive Pro Eye system.

Participants and Protocol
This study was approved by the UC San Diego Institu-
tional Review Board. Twenty healthy adults were recruited
from the general population and gave written informed con-
sent. They were randomly allocated to either a self-paced

or scaffolded training group. All participants received the
same comprehensive game play instructions and completed
a structured tutorial. Subsequently, they undertook two in-
dependent practice sessions. Self-paced players explored the
game independently and had the discretion to utilize the AI
agent at will. In contrast, for the first guided practice ses-
sion, scaffolded players were directed by a co-present exper-
imenter to request specific forms of AI assistance (e.g. move
a train to a different line) according to a pre-established
schedule. In the second practice session, they were in-
structed to perform their next self-chosen action using the
AI agent every 30 seconds. Following the practice sessions,
both groups performed four test sessions, aiming to maxi-
mize their scores.

Data Collection and Analysis
Performance was operationalized as the final score for each
game, computed as the total number of passengers delivered
and averaged. Teaming was operationalized as the number
of requests made to the agent per minute. Additionally, all
instances of actions performed by the player or agent were
recorded, along with their timestamp.

As an exploratory examination of the relationship be-
tween visual attention and performance, eye tracking data
were recorded in fourteen individuals using the integrated
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eye tracker in the head-mounted display. After preprocess-
ing, a velocity-based parsing algorithm was applied to the
time-series gaze points. Periods of data characterized by an
angular velocity lower than 30 °per second were classified
as fixations. Angular velocities that exceeded this threshold
characterized saccades. Next, we classified each fixation as
either focal or ambient on the basis of its duration and the
amplitude of the preceding saccade (Krejtz et al. 2016). Fo-
cal fixations typically involve longer durations with smaller
intervening saccades. This type of gaze indicates attention
centered on small, consistent regions of space. On the other
hand, ambient fixations are typically shorter in duration and
preceded by longer saccades, indicating a more exploratory
pattern of gaze.

Team Roles and Responsibilities
The VAL agent was structured to support humans by provid-
ing timely assistance in low stress as well as in high-stress
situations. The human participants, on the other hand, re-
tained decision-making authority, but could rely on the AI
agent for support when needed. This asymmetric team struc-
ture enables us to analyze the impact of training in a con-
trolled context in which the agent performs in predictable
and repeatable ways. Our goal is to understand the princi-
ples of effective collaboration, which will inform the devel-
opment of more autonomous AI agents and the implementa-
tion of complex team configurations in the future.

Preliminary Results and Discussion
Scaffolded Practice Fosters Collaboration
Offering guidance early on in how to leverage AI assis-
tance led to more robust teaming compared to self-paced
learning (Figure 2). Participants with scaffolded practice en-
gaged the AI agent more frequently and consistently, sug-
gesting that proper training protocols are crucial for success-
ful human-AI collaboration. They also achieved higher per-
formance scores, suggesting that proper training protocols
aiming for successful human-AI collaboration can optimize
performance outcomes.

Increased HAT in High-Stakes Situations
We divided games into quarters and computed each team’s
mean performance in each quarter. Next, we constructed a
linear mixed model that predicted each team’s performance
using the number of agent actions, the segment of game play
(divided into quarters), and the interaction between these
two variables as predictors. Our findings revealed that en-
gaging the AI agent led to better performance mostly in the
third and fourth quarters of the game, when the risk of fail-
ure was much higher due to overcrowding of passengers,
compared to low-stress situations (se Figure 3). This behav-
ior underscores the importance of designing AI systems that
provide timely and effective support during critical times.
Furthermore, it demonstrates that players were willing to
cooperate with and trust the agent at high stakes moments.
Finally – and perhaps most notably – it demonstrates the
importance of learning how to utilize AI strategically to mit-
igate emergent challenges of the moment.

Figure 2: Increased performance and agent interactions were
observed after scaffolded relative to self-directed practice.

Figure 3: Agent interactions during critical, high-stress
game phases were linked to better performance.

Enhancing HAT with Psychophysiological Data

We investigated the link between psychophysiological data
and HAT, focusing on eye gaze metrics. Our analysis re-
vealed that shorter fixation durations and longer saccade am-
plitudes, characteristic of ambient fixation modes, lead to
improved performance (Figure 4). Building on these find-
ings, our future research will explore approaches to train-
ing and agent assistance that stimulate ambient gaze pat-
terns. We will also utilize diverse psychophysiological met-
rics (e.g. eye-gaze, pupillometry, cardiological indices, and
EEG) to gain deeper insights into the mental states of in-
dividuals and understand how these states influence human-
AI collaboration. We will also use psychophysiological met-
rics to guide and inform AI agents in their reasoning and
decision-making by providing them with information about
human mental states.
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Figure 4: Ambient viewing behavior was linked to better
performance.

Conclusion
The present analysis explores a framework for studying fac-
tors that can modulate the robustness of human- agent col-
laboration. Our findings highlight the importance of struc-
tured training in fostering effective human-AI collaboration,
as scaffolded practice was shown to promote engagement
with AI agents. By understanding and incorporating contex-
tual characteristics and psychophysiological metrics, such as
eye gaze patterns, collaborative AI systems can be designed
that are flexible, robust, and capable of genuine collabora-
tion with humans.
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