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ABSTRACT
As AI systems become collaborative partners rather than passive
tools effective, human–AI teams require reciprocal understanding
between systems and their users. Across established team-efficiency
models, four foundations consistently emerge: shared understand-
ing, decision-making models, effective communication, and trust.
However, these foundations are difficult to achieve as humans of-
ten lack accurate mental models of the AI and AI systems have
limited representations of human cognitive structures and their
own capabilities. As with any new tool, humans must be trained
to use AI effectively. Yet AI is unique in its ability to interact and
potentially train humans to use itself. In this paper, we introduce
three new concepts as essential for genuine human–AI teaming: AI-
sympathy (humans understanding AI capabilities and limitations),
Human-sympathy (AI systems understanding human context and
constraints) and Self-sympathy (the AI system’s understanding of
its own limitations and capabilities), and present a roadmap for
the development of effective human-AI teamwork based on these
concepts which identifies four main stages in this evolution.
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1 INTRODUCTION
Many tools require training to use safely, responsibly, and effec-
tively. We teach children how to handle knives because proper
instruction prevents harm and empowers them to use the tool with
confidence. As tools becomemore powerful, we increase the level of
training and oversight. For example, driving a car not only requires
a formal license but also an understanding of how to coordinate
with others on the road, follow shared rules, and behave predictably
in a complex social environment.
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Artificial Intelligence is no different. As a transformative tool
that shapes decisions and interactions, AI demands its own form of
literacy. Users must learn not only how to use AI systems, but how
to work with them — understanding their strengths, limitations,
and the collective behaviours that emerge when humans and AI
collaborate. Just as society created driving schools, safety standards,
and road rules for cars, we now need structured guidance, train-
ing, and norms for AI-enabled work. Well-trained users become
empowered users, capable of harnessing the full potential of these
technologies while minimizing risks to themselves and others.

The term mechanical sympathy was originally coined by Sir
Jackie Stewart, the three-time Formula One World Champion, to
describe a driving philosophy in which the driver develops a deep
understanding of how the car behaves and deliberately drives in
ways that minimise mechanical stress while maximising perfor-
mance [36]. The concept was later adopted and popularised in soft-
ware engineering by Martin Thompson, who used it to characterise
high-performance software design in which programmers under-
stand and respect the underlying hardware architecture (memory
hierarchies, CPU pipelines, and data locality), arguing that soft-
ware systems perform best when engineers respect the hardware’s
internal dynamics rather than abstracting them away.

In this paper, we define a cognitive sympathy framework based on
three core ideas: AI-sympathy, human-sympathy and self-sympathy.
AI-sympathy is a technically grounded, intuition-driven sensitivity
to how anAI system processes information, learns, reasons, and fails
— allowing humans to interact with, guide, and integrate the AI in
ways that maximise performance, stability, transparency, and safety.
Developing AI-sympathy is essential because effective, safe, and
reliable engagement with artificial intelligence requires a nuanced
understanding of how these systems actually process information,
generalise, and fail. However, AI-sympathy must be learnt. As most
skills this will require a combination of formal training (e.g., core AI
paradigm understanding) and practice (i.e., real world experience).

Traditional technologies require external instruction, e.g., man-
uals, courses, certifications, etc. What makes AI fundamentally
different from every tool that came before it is its capacity to teach
its human partners how to use it, by providing adaptive, real-time
guidance tailored to each user’s skills, goals, and context. However,
for this potential to be realised, AI must also adapt to its human
partners — recognising their capabilities, preferences, limitations,
and levels of expertise. For an AI system to be able to engender
AI-sympathy in its human users in turn requires that the system
has both human-sympathy and self-sympathy. Human-sympathy
is the capacity of an AI system to model, adapt to, and respect the
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cognitive, emotional, contextual, and operational constraints of
human users, so that the AI interacts with humans in ways that
minimise cognitive friction, support human intentions, and align
with human limitations, values, and expectations. Finally, in order
for the system to instruct the human in its effective use requires
that it has an awareness of its own limitations and capabilities,
which we term self-sympathy.

In this paper, we define these concepts, review progress toward
AI-, human-, and self-sympathy, and propose a research agenda
which the AAMAS community is uniquely equipped to address.

2 PRINCIPLES OF COGNITIVE SYMPATHY
Several decades of research has investigated the foundational
factors which underpin effective human teamwork. Across well-
established frameworks, four characteristics consistently emerge
as essential to high-performing teams [4, 16, 21]:
Shared Understanding refers to the team’s collective clarity

about its mission, goals, priorities, and working norms.
Decision-Making Model defines how choices are made, who

holds responsibility for specific outcomes, and the distribu-
tion of roles and authority within the team.

Communication & Collaboration encompass the methods and
protocols used to share information and work together.

Trust is the confidence team members have in one anothers’ in-
tegrity, competence, and reliability.

Human–agent teams must embody these characteristics if they
are to operate successfully in complex, real-world environments
and we argue that this requires fostering cognitive sympathy.1 In
the remainder of this section, we present the core principles that
shape each type of sympathy.

2.1 AI-Sympathy
AI-sympathy refers to the user’s sensitivity to how an AI system
processes information, learns, reasons, and fails. Inspired by me-
chanical sympathy, the core principles are:
(1) Working with the model, not against it. Understanding how the

AI represents knowledge, handles context, and reacts to inputs,
data structures, and system design.

(2) Aligning behaviours with internal constraints. Just as mechani-
cal sympathy respects torque curves and heat dissipation, AI-
sympathy respects each AI paradigm constraints, such as token
limits for Large Language Models (LLM), the specification of
rewards in Reinforcement Learning (RL), etc.

(3) Minimising “friction” in human-AI interaction. Designing work-
flows and interfaces that provide the right type of input in the
right format at the right time.

(4) Anticipating emergent failure modes. Understanding where mod-
els fail, e.g,. overfit, or misgeneralise, and adapting engineering
and communication practices accordingly.

(5) Respecting the AI’s “computational ergonomics". Choosing repre-
sentations, constraints, and instructions that make tasks cogni-
tively “easy” for the underlying AI paradigm.

1In the most basic scenario, a team is composed of a single human and a single agent.
However, in general, teams may involve multiple humans and agents grouped in
multiple (cooperating) teams.

2.2 Human-Sympathy
As AI-sympathy asks humans to understand the nature of AI sys-
tems, Human-sympathy asks AI systems to understand the nature
of humans. The core principles of Human-sympathy are:

(1) Working with the user, not against them. AI must adapt its be-
haviour, interface, language, and explanations to human cog-
nitive strengths and limitations. This includes clarity, reduced
ambiguity, personalised assistance, and supporting incremental
understanding.

(2) Respecting human cognitive constraints and minimising friction.
AI systems should account for limits in memory, attention, work-
load, and time pressure by adapting outputs to reduce cognitive
load—summarising when appropriate, maintaining context, pre-
senting information at the right level of abstraction, providing
clear error messages, and supporting natural, low-effort interac-
tion aligned with human workflows.

(3) Anticipating human reasoning patterns and failure modes.AImust
recognise when humans are likely to misunderstand, misinter-
pret, overtrust, or misuse the system. This includes modelling:
human misunderstanding of AI output, misunderstanding of
probabilities or uncertainty, tendencies toward automation bias.

(4) Respecting human values, emotions, and ethical boundaries.
Human-sympathy requires AI to adjust behaviour to align with
human social norms, moral expectations, and emotional context.
This includes: safe and respectful communication, transparency
about limitations, adapting tone to the user’s state, supporting
human goals without manipulation.

(5) Supporting human agency and decision-making. Rather than
replacing human judgement, AI systems must enhance it by
offering explanations, alternatives, and uncertainty indicators.
Human-sympathy ensures that AI does not dominate or obscure
decision processes.

2.3 Self-Sympathy
Self-sympathy is the capacity of an AI system to understand its own
internal states, capabilities, and limitations. The core principles of
self-sympathy are:

(1) Self-Representation. AI maintains an interpretable model of its
own reasoning processes, available knowledge, uncertainty, op-
erational boundaries, and performance limitations. This includes
recognising when it lacks data, expertise, or the capacity to per-
form reliably.

(2) Self-Assessment. AI continuously evaluates the adequacy of its
own outputs relative to task demands, human expectations, and
ethical constraints. Critically, it understands when its limitations
affect task performance — for example, when uncertainties raise
beyond (team-)acceptable limits.

(3) Self-Adjustment. AI adapts its behaviour in response to recog-
nised limitations. This includes deferring decisions to humans,
asking for clarification, increasing transparency, switching
strategies, or reducing autonomy in conditions where it cannot
operate safely or effectively.

A key difference between Self-sympathy and guardrails specified
by a human engineer who anticipates potential problems or limita-
tions of the system and introduces rules to constrain the AI, is that
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the agent’s own models allows it to detect its own limitations in a
particular context.

3 STATE OF THE ART
The agent research community has produced a substantial and
diverse literature relevant to the concepts of sympathy we pro-
pose. Because this body of work is too extensive to survey compre-
hensively, we focus here on illustrative examples that capture the
community’s core contributions.

AI-Sympathy. Ontologies and other knowledge representation
approaches contribute to shared understanding by grounding agent
knowledge in formal, human-interpretable semantic structures,
ensuring that concepts used by agents align with human con-
ceptual frameworks [15, 20]. In addition, there has been consid-
erable work in Agent-Oriented Software Engineering (AOSE) on
modelling techniques which make agent architectures, behaviours,
and interaction patterns explicitly understandable to human de-
signers and users [6, 10, 23, 31, 35, 37]. Similarly, research on
norms [5, 12, 22, 39] provides explicit representations of the ex-
pectations, obligations, and constraints guiding agent behaviour,
enabling humans to anticipate how agents will respond under differ-
ent conditions. There is also work on decision models which aim to
make agent decision-making both principled and interpretable (e.g.
Belief-Desire-Intention (BDI) [30] and goal-oriented architectures).
Because these models align closely with human concepts, they nat-
urally support AI-sympathy by exposing the underlying logic of
agent choices. Research on agent communication provides addi-
tional mechanisms for helping humans understand AI behaviour.
Commitment-based interaction models offer structured represen-
tations of what an agent has promised to do, under what condi-
tions, and with what consequences—concepts that map naturally
to human expectations about cooperation [40, 42]. Other key con-
tributions to building trust in AI systems are formal methods and
verification for agents [8]. A final area contributing to AI-sympathy
is the extensive work on explainability [2, 17] and responsible AI [9].
Explainable agent reasoning techniques aim to expose the rationale
behind actions, plan selections, or belief updates in forms appro-
priate for human interpretation [32, 33, 41] making them a central
piece for AI-sympathy. Clearly, LLM-based agents (aka Agentic AI)
will play a major role in enabling AI-sympathy. However, given the
many cases of “anti-sympathy” of LLMs, integrating multiple AI
techniques is necessary to enable AI systems to develop human-
and self-sympathy and ultimately to support the emergence of
AI-sympathy in human users.

Human-Sympathy. Ontologies and norms have been used not
only to structure agent knowledge but also to represent human con-
cepts, expectations, and conventions, enabling agents to align their
interpretations with human reasoning patterns. Complementing
this, Theory of Mind-based approaches provide mechanisms for
modelling human beliefs, desires, and intentions, allowing agents
to form predictive representations of human mental states and
adapt their behaviours accordingly [13, 26]. Human-aware practi-
cal reasoning builds on BDI-style frameworks to incorporate human
conceptualization of goals, values, and situational constraints into
the agent’s deliberation process, including preference and value

modelling [27], human behaviour models that capture likely pat-
terns of action [14], and goal recognition techniques that infer
human objectives from observations [1, 24, 25, 29]. Work on assess-
ing cognitive load gives agents the ability to adjust decision-making
based on human capacity, attention, and performance, supporting
more adaptive and context-sensitive teaming [38]. While there has
been considerable work on helping humans trust AI systems, there
has been comparatively little research on how agents calibrate their
trust in humans. Early directions suggest that combining cogni-
tive load estimation, goal recognition, and behavioural monitoring
could allow agents to evaluate human reliability, predict mistakes,
and adjust collaboration strategies. This remains a largely open
challenge and a key gap for achieving full Human-sympathy.

Self-Sympathy. The concept of introspection in agents has a long
history [3, 19]. Work on meta-cognition and self-monitoring equips
agents with mechanisms to assess their knowledge gaps, detect
reasoning failures, and evaluate plan viability [7, 28]. Research on
bounded rationality and resource-aware reasoning contributes tech-
niques for agents to recognise computational or perceptual limits
and adjust strategies accordingly [18]. In addition, verification, run-
time monitoring, and autonomic computing offer tools for agents
to diagnose inconsistencies, detect unexpected behaviours, and
adapt plans or goals to maintain stability [8, 11, 34]. Collectively,
this body of work lays important groundwork for Self-sympathy,
but it remains fragmented and typically oriented toward system
robustness rather than deeper self-understanding or the ability to
communicate limitations to human or AI teammates.
4 A ROADMAP TO ACHIEVING COGNITIVE

SYMPATHY
In this section we present a roadmap for research to achieve cogni-
tive sympathy.
4.1 Stage 1 — Foundations
The first stage aims to create the representational and behavioural
bedrock for sympathy-enabled teaming. We imagine AI systems
that see human intent, cognitive load, uncertainty, and behavioural
patterns — not as heuristics but as first-class modelled entities. Like-
wise, humans gain access to transparent, legible signals describing
the AI’s internal states and limitations. We introduce Self-sympathy
as a crucial element: AI capable of articulating its own limitations,
blind spots, degradations, and failure modes. At this stage, most
components are static or defined at design time.

Imagine a human–agent disaster-response team, where first-
responders (humans and robots) must attend to a collapsing build-
ing. In this stage, the agent-drone can recognise that dust levels
exceed its sensor reliability and alerts the human team that its
object-detection accuracy is degraded, while humans share their
mission priorities (e.g., “locate survivors first, structural mapping
second”). Both sides understand basic goals and limitations, but
coordination remains simple and mostly manual.

This stage requires: (1) Shared Understanding: Representations of
humanmental models, AI competence limits, and sharedworldmod-
els. (2) Decision-Making: Early joint decision primitives, uncertain-
ty-aware self-assessment, and human cognitive models. (3) Com-
munication: Bidirectional, interpretable channels to communicate
goals, limitations, and expectations. (4) Trust: Foundational trust
metrics and safe delegation rules.
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4.2 Stage 2 — Integration
The second stage envisions continuous co-adaptation, where hu-
mans and AI develop mutual sympathy that evolves during col-
laboration. AI models incorporate not just human behaviour but
human variability, shifting expertise, and moment-to-moment cog-
nitive conditions. Humans, in turn, are trained by the AI to better
understand its reasoning, constraints, and strategies — leveraging
the unique property that AI is the first tool in history capable of
teaching humans how to use the tool itself.

In our example, the drone now adapts its search patterns based on
the human team’s stress levels, changing commands, and shifting
tactical priorities, while also teaching humans how to interpret
its uncertainty signals. Humans adjust their behaviour based on
real-time AI feedback (e.g., “I need you to move 10 meters north so I
can recalibrate my signal”). The team co-adapts during the mission.

This stage requires: (1) Shared Understanding: Adaptive mod-
elling that synchronises human goals, AI goals, and team-level
representations. (2) Decision-Making: Mixed-initiative role nego-
tiation driven by real-time human and AI states. (3) Communica-
tion: Multimodal interactions channels with adaptive explanations,
uncertainty signalling, and self-aware communication. (4) Trust:
Dynamic trust calibration to avoid over-reliance and under-reliance,
integrating self-sympathy disclosures.

4.3 Stage 3 — Co-Agency
This stage imagines teams where humans and AI operate as true
co-agents, each capable of understanding the other and themselves
with nuance and self-awareness. AI agents leverage full-spectrum
sympathy to become reliable teammates — predictable but adaptive,
transparent but efficient, self-aware but collaborative.

In our running example, the AI autonomously identifies struc-
tural risks, proposes an evacuation strategy, then defers to human
judgement when ethical trade-offs arise (e.g., choosing between
two risky routes). Humans and AI fluidly decide who leads which
part of the mission, and the AI transparently explains its reasoning
and limits. The team operates as coordinated co-agents with shared
autonomy — but within known strategies.

This stage requires: (1) Shared Understanding: Continuously
evolving joint mental models capturing risk, strategy, context, and
human state. (2) Decision-Making: Fluid shared autonomy, where
agents knows when to lead, follow, and teach. (3) Communica-
tion: Collaborative communication—negotiation of roles, strate-
gies, intent, and uncertainty. (4) Trust: Frameworks integrating
behavioural history, team norms, and self-sympathy as source of
guardrails.
4.4 Stage 4 — Co-Evolution
In the final, aspirational stage, humans and AI agents transcend
coordination, sympathy, and co-agency to enter a regime of co-
evolution. In this stage, human–AI teams do not merely collaborate
—they mutually shape each other’s abilities, developing new forms
of teamwork, cognition, and strategy that neither could achieve
alone. The team becomes a living, adaptive ecosystem where capa-
bilities continuously emerge and refine across missions, domains,
and versions of systems.

At this stage, during repeated missions, the human–agent team
discovers and progressively refines a new hybrid rescue tactic,

e.g. a coordinated drone–human “triage funnel” method where
drones guide humans movement in real time. This method was not
designed, programmed, or imagined in advance; it emerges through
joint experimentation, learning, and adaptation across deployments.
Over time, the new tactic becomes a novel capability of the team
itself, not of humans or drones individually.

(1) Shared Understanding: Human and AI partners jointly con-
struct evolving joint mental models that accumulate experience,
strategies, and insights. (2) Decision-Making Models: Decision–
making becomes a reciprocal learning process in which humans
and agents refine each other’s heuristics, challenge assumptions,
and synthesize new decision policies. The team gradually develops
new, emergent decision-making paradigms irreducible to either
species alone. (3) Communication & Collaboration: Through sus-
tained co-learning, interaction channels evolve from explanation
and negotiation into collaborative ideation, where humans and
agents co-create new communication protocols, shorthand lan-
guages, and mixed-initiative workflows. (4) Trust Trust becomes
a dynamic, bi-directional construct that adapts not only to perfor-
mance but to growth trajectories, shared experiences, and emerging
capabilities.

5 CONCLUSION
This paper has proposed a new framework to conceptualise
human-AI teaming through the complementary notions of Human-
sympathy, AI-sympathy, and Self-sympathy. Building on the four
pillars of high-performing human teams—shared understanding,
decision-making, communication, and trust—we argue that sympa-
thy in these three forms is essential for enabling the next generation
of adaptive, resilient, and safe human-agent partnerships.

By reframing intelligent agents as teammates that must under-
stand humans, be understood by humans, and understand them-
selves, we introduced a four-stage research agenda that charts a
path from foundational representational capabilities, through dy-
namic co-adaptation, toward mature co-agency, and ultimately co-
evolution. The progression illustrates how human-agent teams will
evolve from systems that merely exchange information to teams
capable of fluid joint autonomy and the development of entirely
new capabilities. This trajectory highlights how agent can actively
teach, shape, and learn from their human partners.

In this work, we have highlighted major stepping stones of this
evolution. However, the community will have build the scaffolding
to support this progress. In this context, some important research
direction include: (1) Self-sympathy as an AI-reflective model to
enable systems to reason about themselves; (2) definition of metrics
and benchmarks to evaluate performance of cognitive sympathy
(e.g. efficiency of communication, human mental models); (3) stan-
dards and reference architectures for human-agent teams (e.g. goal
representation, protocol models); (4) shared interpretable decision–
making models (e.g. human interpretable models, adaptive social
and cooperation norms) (5) security and safety in cognitive sympa-
thy (e.g. how to prevent deception or unethical use of AI-sympathy)
(6) resilience and fault tolerance of models.

Our hope is that this Blue Sky agenda catalyses a new research
direction for the AAMAS community–one where agents are de-
signed with built-in sympathy mechanisms to train and cooperate
with humans to its true potential.
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