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Abstract

This paper presents a novel framework for human-agent
teaming grounded in the principles of Reinforcement Learn-
ing (RL). Recognizing the need for a unified language across
various disciplines, we utilize RL concepts to provide a stan-
dard for the understanding and evaluation of diverse team-
ing strategies. Our framework extends beyond traditional RL
constructs, integrating aspects such as belief states, prior
knowledge, social considerations, situational awareness, and
mental models. A particular focus is placed on the role of
ethics and trust in effective teaming. Additionally, we dis-
cuss how sensor data, perception models, and actuator mod-
ules can be incorporated, emphasizing the adaptability of our
framework to a broad range of tasks and environments. We
believe this work forms a substantial contribution to the field
of human-agent teaming, establishing a solid foundation for
future research and application.

Introduction
Over the past few decades, human-agent teaming (HAT) has
undergone significant development, drawing contributions
from multiple disciplines, including psychology (Lyons
et al. 2021), human factors engineering (Johnson et al.
2021), cognitive sciences (Khamassi et al. 2018), neuro-
science (Lakhmani et al. 2016), computer science, and
robotics (Khavas, Ahmadzadeh, and Robinette 2020; Hani
Daniel Zakaria et al. 2021). Despite the interconnections be-
tween these fields, a lack of a unified perspective persists.
Additionally, while artificial intelligence (AI) has made no-
table advancements, human operators working alongside AI
frequently encounter partners who excel in certain areas but
lack fundamental skills in others (Dellermann et al. 2019).
Consequently, it is essential to develop a comprehensive
HAT framework for engineering AI capable of managing
and comprehending the complementary capabilities of hu-
man operators that is helpful for both researchers and prac-
titioners.

Several HAT frameworks stemming from various disci-
plines have been proposed in the literature. These highlight
the importance of effective communication, collaboration,
and coordination. These frameworks have been applied in
diverse domains such as military operations (Nothwang et al.
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2016), search and rescue missions (Tai 2021), and industrial
automation (Schelble, Flathmann, and McNeese 2020). The
HACO (Human-AI Collaboration) framework adopts a soft-
ware development perspective and advocates for a model-
driven approach to HAT system development via a graphi-
cal user interface (Dubey et al. 2020). Several frameworks in
the literature originate from human factors engineering and
focus on design (Cooke, Demir, and Huang 2020), human
cognition (Scheutz, DeLoach, and Adams 2017), team be-
havior (Aldridge and Bethel 2023; Ma et al. 2022), and com-
position (Lohani et al. 2017; Schelble et al. 2020). More-
over, there are frameworks that specifically address certain
applications and domains. For instance, BO-MUSE employs
Bayesian methods to optimize the experimental design in-
volving human-AI teams (Gupta et al. 2023). Evertsz and
Thangarajah employ TDF-T diagrams to engineer human-
agent teams and provide context-specific team cognition to
human team members during the runtime of the StarCraft
strategy game (Evertsz and Thangarajah 2020).

The selection of an appropriate framework heavily relies
on the specific context and objectives of the HAT scenario,
and the efficacy of a framework hinges on its alignment with
the team’s requirements. To the best of our knowledge, no
single framework has demonstrated adaptability to different
settings. Furthermore, there is a lack of literature on evalua-
tion methods for HAT frameworks. This paper introduces a
novel HAT framework that is based on reinforcement learn-
ing (RL) with the aim of establishing a shared language and
conceptual framework that can be employed across disci-
plines. The ultimate objective is to foster improved collab-
oration and communication among researchers and practi-
tioners from diverse fields. This should lead to fresh insights
and innovative advancements in the field of HAT.

Reinforcement Learning
Reinforcement learning (RL) involves learning how to make
decisions or mapping situations to actions while interacting
with the environment in a way that maximizes a numerical
reward signal. Trial-and-error search and delayed reward are
the key defining features of reinforcement learning (Sutton,
Barto et al. 1998). In a decision-making task, the signal indi-
cating the agent’s choices is action (at ∈ A), the one signi-
fying the context in which those choices are made is obser-
vation (ot ∈ O), and the one that defines the agent’s ultimate
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Figure 1: Single-agent reinforcement learning

objective is the reward (rt). Anything the agent cannot arbi-
trarily change is considered to be part of its environment.
The agent-environment boundary indicates the limit of the
agent’s control rather than its knowledge and can vary de-
pending on the intended purpose. In a complicated environ-
ment, many agents may operate simultaneously, each within
its boundary (Sutton, Barto et al. 1998).

Three main sub-components of RL are policy, value func-
tion, and a model of the environment. A policy, π : O →
∆(A), is the agent’s behavior or a mapping from its percep-
tion of the state (sbt) of the environment to actions. The value
function, V , predicts future rewards or how good it is to be
in the current state (and taking action A) in the long run.
A model of the environment simulates its behavior and pre-
dicts the consequences given the state and action(s) taken by
the agent.

Multi-agent reinforcement learning (MARL) extends se-
quential decision-making to multiple agents interacting
within a shared environment and potentially with each
other (Gronauer and Diepold 2022). Joint actions of all
agents impact environment state changes and individual re-
ward signals. Agents optimize their own long-term rewards
based on other agents’ policies. MARL can be centralized,
where a central agent makes decisions for all agents, allow-
ing better coordination but with increased complexity and
potential single point of failure. Alternatively, it can be de-
centralized, with each agent having its own policy, leading to
scalability and robustness (Zhang, Yang, and Başar 2021a;
Sharma et al. 2021). Emergent behavior occurs due to inter-
actions and individual learning algorithms, allowing decen-
tralized coordination and cooperation without a central con-
troller (Martinez-Gil, Lozano, and Fernández 2017). It is de-
sirable for efficiency, flexibility, and adaptability in MARL,
though designing and controlling it can be challenging. Ex-
amples of emergent behavior include communication proto-
cols, specialized roles, and the self-organization of collective
behaviors (Gupta, Hazra, and Dukkipati 2020).

HAT and RL
Human-agent teaming refers to the collaborative effort be-
tween one or more humans and autonomous agents to
achieve common goals. It is characterized by interdepen-
dence in activity and outcomes, where each team member,

Figure 2: HAT components in the context of teaming.

whether human or autonomous agent, has a unique role and
is recognized as such (O’Neill et al. 2022). The agent in HAT
always has some level of autonomy, meaning it can take ac-
tion and make decisions within the context of the overall
team and its goals (O’Neill et al. 2022).

Human-agent teaming can be categorized into six main
components: decision-making and planning, communica-
tion and information-sharing, human-autonomy interac-
tions, performance, adaptability and learning, and ethics and
social considerations (Figure 2). This work argues that all
these components can be explained using RL concepts.

Decision-making and Planning: This involves choosing
appropriate actions to maximize some notion of cumulative
reward. In the RL framework, this is analogous to the pol-
icy of an agent, which is a mapping from states to actions.
For successful Human-agent teaming, both the human and
the agent need to have compatible or cooperative decision-
making and planning mechanisms. This could involve con-
sidering the reward functions, utilities, or satisficing condi-
tions of both the human and the agent, and ensuring that the
combined policy respects these.

Communication and Information-Sharing: In RL, agents
need to observe the state of the environment in order to make
decisions. In a human-agent team, it’s critical that both par-
ties share relevant information about their observations, in-
tentions, and actions. This could be implemented in a num-
ber of ways, such as through a shared state representation,
through auxiliary communication channels (like textual or
spoken language), or even through modifications to the ac-
tion space to include communication actions.

Human-Autonomy Interactions: This could be understood
as a multi-agent extension of RL, where the human and the
RL agent are both actors in the environment. The interac-
tion dynamics need to be carefully managed so that both the
human and the agent can effectively collaborate. One com-
mon approach is to use models that account for the behavior
of the other actor, for example, by predicting the human’s
actions, intentions or preferences.
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Figure 3: Agent model and its interaction with the environ-
ment.

Performance: Just as in RL, performance in a human-
agent team is typically measured by some kind of cumula-
tive reward. However, this might be more complex because
it could involve multiple, potentially conflicting, objectives.
Furthermore, since humans are part of the team, subjective
measures like user satisfaction, trust, perceived usefulness,
and perceived performance of the RL agent could also be
important.

Adaptability and Learning: RL agents are, by definition,
capable of learning and adapting over time. In a human-
agent team, it’s crucial that the agent is able to adapt to the
human’s behaviors and preferences, and, ideally, the human
should adapt to the agent’s capabilities. This could involve
concepts from transfer of learning (to rapidly adapt to new
humans or tasks), inverse reinforcement learning (to learn
human preferences), or meta-learning (to learn how to learn
from humans).

Ethics and Social Considerations: While this isn’t typi-
cally a standard focus of RL research, it is critical in any ap-
plication involving humans. This could involve ensuring that
the RL agent respects human values and social norms, and
is transparent, interpretable, and fair. Ethical considerations
could also shape the reward function or policy of the RL
agent, constraining it to make ”ethical” decisions or guiding
it to promote beneficial outcomes for the human.

This research uses these six components to propose a con-
ceptual framework for designing, implementing, and eval-
uating the teamwork between humans and artificial agents
using reinforcement learning.

Proposed Framework
Using RL terminology, it can be said that in any given sce-
nario, numerous agents can operate simultaneously while
having their own objectives and policy for decision-making
as they engage with their environment. Their abilities may
vary in how they perceive and gather information from
the environment, evaluate feedback, and learn new patterns.
Agents, as members of a team, have two kinds of boundaries
when interacting with the environment; one is the individ-
ual boundary, and the other is the team’s boundary. Within
the team’s boundary, agents communicate, share informa-
tion and interact toward a common goal. Therefore, their

personal and team goals influence agents’ decision-making
processes. Furthermore, agents can access information that
would otherwise be unavailable outside of the team, affect-
ing their decision-making process. Figure 3 illustrates a sin-
gle agent model, its components, and its interaction with the
environment.

Beliefs (bt) are the agent’s internal representations of the
state of the world or aspects of it, whether accurate or not.
An agent forms beliefs based on its perception, learning,
and prior knowledge (Poole and Mackworth 2010). In RL,
this component is typically formalized as a Partially Ob-
servable Markov Decision Process (POMDP) where ”belief”
is a probability distribution over the set of possible states,
representing the agent’s uncertainty about the true state of
the environment (Spaan 2012). The belief is updated over
time based on the agent’s observations and actions, often us-
ing Bayesian updating. The belief update rule in POMDP
is usually given by Bayes’ rule, which allows the agent to
update its belief based on its latest action and observation.
In a fully observable environment (Markov Decision Pro-
cess or MDP), the agent’s belief about the current state is
always a distribution with all probability mass on the actual
current state, because the agent has complete information in
this case.

Prior knowledge represents the agent’s pre-existing
knowledge or information before it interacts with the en-
vironment. It could include things the agent was designed
to know or understand, or information it has learned in pre-
vious interactions (Poole and Mackworth 2010). In RL, the
concept of prior knowledge is often incorporated into the
model of the environment or the learning process in a num-
ber of ways (e.g. value initialization, inductive bias (Zam-
baldi et al. 2019)).

Social consideration is the agent’s capacity to include so-
cial contexts and norms when making decisions or interact-
ing with humans. It includes understanding of things like
trust, ethics, social roles, cultural norms, and more (Jack-
son and Williams 2021). While traditional Reinforcement
Learning (RL) algorithms primarily focus on maximizing a
reward signal, there is growing interest in extending these al-
gorithms to handle complex social considerations like trust
and ethics. For example, using inverse reinforcement learn-
ing (IRL) the AI agent aims to infer the human’s reward
function (Adams, Cody, and Beling 2022) or determine what
they find satisficing (Richardson 2017). This could be a way
to incorporate human values, trust, ethics, and other social
considerations into the agent’s behavior.

Situational awareness (SA) is the agent’s understanding
of the current situation or environment in which it is oper-
ating(Feng, Teng, and Tan 2009) and predicts how it will
change in the immediate future (Endsley 1995). It includes
knowledge of both the physical environment and the social
context, including the goals, intentions, and actions of other
agents. In RL literature, SA spans across several components
of an RL system such as state representation, reward func-
tion, policy, value decomposition (Sunehag et al. 2017) and
more.

Mental models are the agent’s internal models or repre-
sentations of how the world works, including other agents.
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Mental models guide the agent’s expectations and predic-
tions, and shape how it interprets sensory input and makes
decisions (Denzau, North et al. 1994). In RL, a model of the
environment is an understanding or representation of how
the environment works. Specifically, the model can predict
what the next state and reward will be given the current state
and action. This concept of an environmental model in RL
aligns well with the notion of a mental model.

Sensors are the hardware or software components that
collect data from the agent’s environment. For an AI agent,
sensors could include things like cameras, microphones, or
data input streams. Typically, an RL agent interacts with
its environment by taking actions based on its current state
which is a representation of what the agent senses or ob-
serves about the environment. Depending on the specifics of
the RL problem, this state might include a variety of differ-
ent types of sensory information, such as visual input, audio
input, or other types of sensory data.

Perception model is the method or algorithm that the
agent uses to interpret the data it collects from its sensors
before it is incorporated into its beliefs and mental mod-
els (Cangelosi 2010). While the term perception model isn’t
explicitly used in RL literature, concepts like observations,
state representations, state transition functions, observation
functions, and neural network-based functions approxima-
tors all contribute to the agent’s perception of its environ-
ment.

Learning model represents the method or algorithm the
agent uses to update its beliefs, mental models, and be-
haviors based on experience. It can include methods like
reinforcement learning, supervised learning, unsupervised
learning, and more. In RL, policy (π), value function (V
or Q), reward function (R), learning algorithms (e.g. Q-
learning, SARSA, Policy Gradient methods, Actor-Critic
methods) and model of environment all contributes to the
learning models (Sutton, Barto et al. 1998).

Communication module is the component of the agent
that allows it to communicate with humans or other agents. It
might involve natural language processing for a chatbot or a
data transmission protocol for a more specialized agent (Bal-
aji and Srinivasan 2010). In a MARL context, communica-
tion might be represented as a function or module that trans-
forms an agent’s internal state or observations into a mes-
sage, and/or one that transforms received messages into in-
puts for the agent’s decision-making process. For example,
in some cases, an agent might have a communication policy,
which is a function that maps its internal state to a message.
Similarly, the agent might have a message-processing func-
tion that maps received messages to inputs for the decision-
making process. In Multi-Agent Reinforcement Learning
(MARL), various methods have been proposed for enabling
communication between agents. The primary goal of these
methods is to allow agents to share information to improve
coordination and collective performance (Zhang, Yang, and
Başar 2021b).

Policy: In the context of an agent, a policy refers to the
strategy or rule that the agent follows when deciding what
actions to take in a given situation. The policy is often based
on the agent’s beliefs, mental models, and learning. This

concept aligns with the definition of policy in RL.
Actuator module: This is the component of the agent that

carries out actions in the world. For a robot, this could in-
clude motors that move its limbs. For a software agent, this
could include sending messages or changing data. In RL,
the action space (A) can be considered a representation of
the capabilities of the actuator module (Sutton, Barto et al.
1998). The action space includes all the actions that an agent
can potentially take. For instance, in a robotic arm task, the
action space might consist of all possible joint angles or mo-
tor torques.

Conclusion and Future Work
In conclusion, our proposed framework offers a novel,
robust, and comprehensive approach to engineering au-
tonomous agents in human-agent teaming based on princi-
ples of Reinforcement Learning (RL). By harnessing the ex-
pressive power of RL, we are able to create a common lan-
guage that unifies disparate disciplines and provides a con-
sistent, quantifiable means of evaluating and comparing dif-
ferent teaming strategies.

Our framework expands upon traditional RL components,
incorporating elements such as belief states, prior knowl-
edge, social consideration, situational awareness, mental
models, and communication. These enrichments enable a
deeper understanding and modeling of human-agent inter-
action (largely framed around human-centered concepts),
moving beyond simple reward optimization towards more
nuanced, context-sensitive behavior.

Importantly, our framework accommodates not only fully
observable environments but also partially observable sce-
narios, with a particular emphasis on handling uncertainties.
We’ve also addressed the critical aspect of communication
in multi-agent scenarios, highlighting methodologies such
as centralized/decentralized learning, and transfer learning
techniques. Furthermore, our approach pays specific atten-
tion to ethical considerations and trust, integral factors in
real-world applications of human-agent teaming.

The adaptability of our model enables it to incorpo-
rate sensor data, perception models, and actuation modules,
demonstrating its applicability to a wide range of tasks and
environments. At the same time, our framework is grounded
in the fundamental elements of RL, namely states, actions,
policies, value functions, and reward functions. The com-
bination of traditional RL constructs with advanced social,
psychological, and environmental considerations paves the
way for more effective and efficient human-agent collabora-
tion.

Future work will explore empirical evaluations of our
framework, with a particular focus on real-world applica-
tions and scenarios where human-agent teaming is key. We
believe that this line of research will contribute significantly
to the field, fostering increased understanding and refine-
ment of human-agent teaming methodologies and applica-
tions.

We hope that this work will prompt further exploration
and innovation in the field of human-agent teaming, moving
toward more effective, efficient, and socially-aware collabo-
rative systems.
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Zhang, K.; Yang, Z.; and Başar, T. 2021b. Multi-agent re-
inforcement learning: A selective overview of theories and
algorithms. Handbook of reinforcement learning and con-
trol, 321–384.

85


