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Abstract

Effective teamwork is crucial in high-stakes domains, yet
it is highly challenging to achieve. Team members often
must make decisions with limited information and under con-
straints on communication and time. Recognizing both the
value of human coaches as well as the challenges of integrat-
ing them into practical settings, we envision AI-based coach-
ing agents to enhance team coordination and performance.
This extended abstract introduces AI Coaches and Coordina-
tors, highlights key research questions from both human and
AI perspectives that must be addressed to realize them, and
summarizes our recent work in developing algorithms and
systems to bring AI Coaches and Coordinators to fruition.

Introduction
Effective human teamwork is critical in many high-stakes
domains, such as healthcare and disaster response. Tasks in
these fields often demand goal-oriented collaboration within
application-specific, real-world environments. Poor coordi-
nation among team members can result in suboptimal task
performance and, in the worst cases, catastrophic failures
(Seo et al. 2021). At the same time, optimizing teamwork
is highly challenging. Team members often have limited ob-
servability of the task environment and may hold different
mental models regarding their roles and plans. This issue is
particularly pronounced in high-stakes domains, where time
constraints restrict opportunities for communication.

In certain contexts, such as sports, teams rely on expert
coaches to improve coordination and performance. These
coaches monitor team execution in real-time and provide in-
terventions, often in the form of verbal feedback. However,
resource constraints make it difficult to include specialized
coaches in most high-stakes teaming scenarios. Recognizing
both the value of human coaches and the challenges of in-
tegrating them into practical settings, we envision AI-based
coaching agents and coordinators (henceforth, AI Coach) to
enhance team coordination and performance. Our research is
building the computational foundation of AI Coaches (Seo
and Unhelkar 2022; Seo, Han, and Unhelkar 2023; Seo and
Unhelkar 2025). Concurrently, in collaboration with domain
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Figure 1: Schematic of the envisioned AI-based Coaching
agents and Coordinators: agents that monitor a team during
task execution and deliver interventions to enhance team co-
ordination, training, and performance.

experts, we are actively exploring their potential to enhance
surgical teamwork (Seo et al. 2021, 2025).

Similar to human coaches, an AI Coach monitors teams
as they perform situated tasks and provides real-time inter-
ventions to improve teamwork. As illustrated in Figure 1,
sensors are used to monitor both the team and the envi-
ronment in which the situated task takes place. When the
AI Coach detects imperfect coordination, it delivers inter-
ventions through its user interface to enhance teamwork.
At its core, the AI Coach is driven by a suite of ma-
chine learning and decision-making algorithms that trans-
late sensor-derived observations into interventions that en-
hance team coordination. In this abstract, we outline the key
requirements of the computational core and summarize our
progress in developing algorithms to fulfill them.

Scope Teamwork is influenced by various factors, and
defining what constitutes effective teamwork can vary de-
pending on the context and perspective. Hence, construct-
ing the computational core of an AI Coach is a complex re-
search endeavor, involving a vast design space and challeng-
ing AI problems. To arrive at a practical solution, our work
has focused on two (of many) axes of teamwork: shared
mental models and team performance. Shared mental mod-
els are a critical construct of teamwork that enables implicit
coordination in a team (Bisbey, Traylor, and Salas 2021).
Team performance is defined as the team’s achievement of
shared task objectives. Real-world scenarios often witness
poor team performance stemming from a lack of shared
mental models, reaffirming the utility of an AI Coach that
can help establish shared mental models.
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Imitation Learning of Team Behavior
To develop computational approaches for enhancing team-
work, a mathematical model of teamwork that captures team
members’ behavior driven by their mental models is essen-
tial. Specifically, while predicting team behavior, this model
should consider not only observable task contexts but also
each member’s unobservable plans and intents. Multi-agent
imitation learning (MAIL) offers a promising avenue to de-
velop such models using data of past task executions. More
concretely, conventional imitation learning designs an agent
behavior as a policy π(a|o), where ai is an action and o is an
observation, and seeks to learn it from demonstrations. How-
ever, traditional MAIL algorithms neither explicitly model
nor learn the influence of team members’ mental models or
intents on their decision-making.

Consequently, learning the required teamwork models
necessitates specialized MAIL algorithms that explicitly
model team members’ intents. To derive such algorithms,
we explicitly represent the i-th team member’s policy as
πi(ai|o, xi), where xi denotes an intent. Also, since the team
members may update their intent during the task, we model
its temporal dynamics as ζi(xi|o, x−

i ), where x−
i is the pre-

vious intent. Consequently, imitation learning of team be-
havior requires learning both π and ζ from demonstrations
in collaborative settings. Since annotations of the intents are
highly challenging to collect, we assume only partial amount
of them are optionally available.

To address this partially observable MAIL problem, we
have developed Bayesian Team Imitation Learner (BTIL)
and Deep Team Imitation Learner (DTIL) (Seo and Un-
helkar 2022, 2025). Built upon mean-field variational in-
ference, BTIL achieves sample- and label-efficient learning
of teaming behaviors. However, BTIL struggles to scale up
to domains with complex or continuous state spaces as it is
based on a Bayesian approach. DTIL, on the other hand, uti-
lizes distribution-matching-based online imitation learning
and function approximation (specifically, neural networks)
to learn team behavior models from demonstrations (Seo
and Unhelkar 2024). DTIL effectively learns team mem-
ber policies even for complex multi-agent scenarios (such
as those with high-dimensional states) through factored op-
timizations.

Automated Task-Time Team Intervention
Building on the teamwork models described above, the AI
Coach requires reasoning algorithms to assess team align-
ment during task execution and prescribe interventions to
enhance performance. To address this need, we have de-
veloped TIC: an algorithm that automatically generates in-
terventions based on its sensor-derived observations and
a learned model of teamwork (Seo, Han, and Unhelkar
2023). TIC specifically targets imperfect coordination re-
sulting from a lack of shared mental models. Accordingly,
its interventions are limited to offering suggestions that help
align team members’ intents.

TIC consists of two key components: an intent inference
module and an intervention strategy module. The intent in-
ference module employs a filtering algorithm that accounts

for the possibility that team members may not always ac-
cept the AI Coach’s suggestions. The intervention strategy
module optimizes intervention decisions by balancing their
costs and benefits. Rather than relying on rule-based meth-
ods, TIC algorithmically generates interventions by evalu-
ating intent compatibility through the expected cumulative
return, computed using task objectives and the teamwork
model. Importantly, the cost of interventions must be consid-
ered, as excessive interventions may disrupt task execution
and introduce unintended side effects.

In recent work, we developed a proof-of-concept AI
Coach, Socratic, which integrates TIC with an interactive
user interface (Seo et al. 2025). Human subject studies show
that Socratic significantly improves team performance with
minimal interventions. Participants also found Socratic help-
ful and trustworthy, reinforcing its potential for adoption.

Future Directions
Alongside these promising results highlighting the potential
of AI Coaches and Coordinators, our findings also motivate
research directions for developing more capable ones.

First, while BTIL and DTIL introduce novel team model-
ing capabilities, both are limited to shared mental models
represented as a scalar intent and require the set of pos-
sible intents to be predefined. Future methods that lever-
age high-dimensional representations of mental models and
adapt them dynamically during learning are highly relevant.

Second, current interventions are restricted to suggestions
that align team members’ mental models. Expanding the
types interventions to include more varied and generalized
recommendations would lead to more capable AI Coaches.
Two particularly relevant directions are: (1) incorporating
explainable AI to generate more interpretable suggestions
– e.g., not only suggesting a more optimal shared plan, but
also the reason behind its selection; and (2) leveraging novel
methods for reward design to refine the AI Coach’s interven-
tion strategy to specify – both which plans the team should
undertake and how they should execute these plans.

Finally, given that AI Coaches and Coordinators can make
errors, a critical area for further research is ensuring their
safe and responsible deployment. This includes studying
how trust in AI Coaches and Coordinators can be effectively
built, calibrated, and maintained to foster successful human-
AI collaboration.
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