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ABSTRACT

The integration of autonomous agents into human society is a grand
challenge for AL In order to achieve widespread acceptance, agents
must conform to the values of people with whom they interact.
Current approaches treat the value alignment problem as a unidi-
rectional interaction where the aim is to imbue an agent’s actions
with human values. Our Coadaptive Value Alignment paradigm
acknowledges that human perceptions, expectations, and values
continuously evolve in response to agent actions. We conceptual-
ize human-agent interaction as an adaptive loop where the agent
actively models and intentionally influences the human’s percep-
tion, rather than just acting according to static human values. For
instance, unlike a traditional agent that simply maximizes speed,
an adaptive agent could detect a drop in user trust and strategi-
cally sacrifice short-term efficiency to repair the relationship. This
perspective transforms value alignment into a multi-agent chal-
lenge where all actors must identify and adhere to a shared, implicit
social contract. The opportunity to create a virtuous cycle of self-
improvement is accompanied by the risk of negative reinforcement,
which could result in undesired behaviors. We outline the core
framework components, present a research road map for the MAS
community, and propose that this dynamic perspective is critical
for creating truly collaborative social partners.
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Figure 1: The Coadaptive Value Alignment Framework. For-
mulated as a POMDP, the agent maintains a Belief State (b;)
over the latent Human Internal State (p;) and observable Task
State (e;). The Transition Function (7°) explicitly models how
actions influence the human’s internal state, while the Obser-
vation Function () relates observable signals to these latent
perceptions. Crucially, the Policy () optimizes a non-static
objective (R), allowing the agent to self-modulate by selecting
Actions (a;) that strategically modify the human’s internal
state (p;) to maximize satisfaction (rs,;) while balancing task
efficiency (r;4sk)-

1 INTRODUCTION

Creating intelligent machines that can effectively and safely collab-
orate with humans is a foundational goal of artificial intelligence.
Central to this endeavor is the value alignment problem: ensuring
that an agent’s objectives correspond to the true, but often nu-
anced, intentions of the agent’s human partners. Early cybernetics
research highlighted this challenge, noting that discrepancies in
communication and execution make it difficult for humans and
machines to pursue a common purpose [31]. The dominant para-
digm for addressing value alignment casts the agent as a passive
recipient of human guidance. Whether through demonstrations [3],
preferences [13], or explicit rewards [25], these methods are fun-
damentally unidirectional: information flows only from a person
to an agent. The agent then optimizes a fixed objective. However,
people’s objectives are not static, and when a fixed objective is used
as an imperfect proxy for a person’s true, dynamic objective, Al
systems often find loopholes to maximize reward without achieving
the intended goal [22].

To foster true collaborative partnerships, we propose modeling
agent alignment on the rich, bidirectional nature of human team-
work. We define a new paradigm: Coadaptive Value Alignment,
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shown in Figure 1, characterized by a closed-loop dynamic where
the AI agent explicitly models the human’s latent mental state,
such as expectations and trust, as a fundamental component of the
decision-making process. In this view, an agent’s actions inherently
influence the human’s internal mental state. Consequently, this
paradigm empowers the agent to not only learn from the person,
but also to actively shape their evolving mental state to foster a high
level of satisfaction and a stable collaborative partnership. Crucially,
this framework allows agents to move beyond passive adaptation
and actively shape interaction dynamics in order to influence and
align human behavior.

For instance, whereas a traditional agent might execute a task
at maximum speed to optimize efficiency, an adaptive agent might
deliberately slow down or explicate its movements, sacrificing im-
mediate speed to rebuild a user’s wavering trust or to calibrate their
understanding of the system capabilities.

This reframing has profound implications. By incorporating hu-
man mental state into the agent’s state, we transform the agent’s
objective from a static, predefined goal into a dynamic objective that
incorporates how its behavior is perceived. We propose a reward
that incorporates both the task state and the human mental state.
The effect of this structure is that the agent now has the ability to
influence its own reward function, mediated through the human’s
internal state. This ability introduces the critical challenge of in-
fluential inseparability: an agent that has the ability to influence a
human’s mental state positively must also be able to use the same
mechanism for negative influence.

The risk lies not in acknowledging this bidirectional influence,
but in leaving it unmodeled. Ignoring these dynamics implies accept-
ing an inherent flaw where the agent may manipulate the human
to maximize reward without safeguards. Conversely, by explicitly
modeling the mutual dynamic, we can analyze, understand, and
design safeguards necessary to mitigate the potential for misuse.
Coadaptive Value Alignment has the potential to create a contin-
uous, adaptive loop where the agent and the human co-create a
shared understanding, moving beyond mere instruction-following
to build a genuine collaborative relationship.

2 COADAPTIVE VALUE ALIGNMENT

While RL theory dictates that a reward function should remain
fixed to define a problem, in practice, researchers typically engage
in a meta-level loop of refinement [17]. They specify a learning con-
figuration containing an agent guided by a proxy reward function.
After optimization yields a policy, the researcher evaluates it, not
against the specified reward function, but against their own actual
desired behavior, which remains latent in their mind. Recognizing
that the agent maximized the specified reward but failed to achieve
the intended goal, the researcher refines the reward specification or
shaping components. The flow of information in this process is fun-
damentally unidirectional, always flowing from the researcher into
the learning setup. The Coadaptive Value Alignment framework
proposes to close this meta-level loop by bringing the human’s
subjective judgment directly into the agent’s learning process. Our
framework empowers the agent to estimate the human’s latent
internal state, allowing it to adapt not only to the environment but
also to the human’s evolving perceptions and expectations.
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2.1 Conceptual Framework

We conceptualize the alignment problem as a dynamic interaction
between an agent and a human, where the ultimate goal is to maxi-
mize the human’s latent satisfaction. In our framework, “adaptation”
refers specifically to the update of the human’s latent internal
state, p;. To close the loop, the agent adapts to the human, and the
human’s internal state updates based on this interaction. Human
behavioral changes naturally follow these shifts in p;, rather than
occurring as immediate, unprompted adjustments.

Unlike standard RL where the reward is static, human satisfaction
is fungible, history-dependent, and sensitive to context. Psycho-
logical frameworks, such as Prospect Theory [16], suggest that
human satisfaction is determined not by absolute outcomes, but
by gains and losses relative to a reference point (e.g., expectations).
Furthermore, factors such as loss aversion [30] and the history of
the interaction [19] play significant roles; a trajectory of improving
performance is often perceived more favorably than a trajectory of
declining performance, even if the net task output is identical.

Because satisfaction depends on the complex interplay of his-
tory, context, and expectation, a static reward function cannot fully
capture the human’s desired outcome. Therefore, we propose that
the agent must pursue a strategy that maximizes the human’s latent
satisfaction by performing the task effectively while also positively
shaping the human’s internal state. This shaping goes beyond sim-
ply “aligning” expectations to reality; it involves optimizing for the
psychological drivers of satisfaction. For example, in some contexts,
aligning expectations is critical to prevent disappointment (loss
aversion). In others, the agent might aim to exceed low expectations
to generate positive surprise. Thus, a successful agent must learn
a policy that is not only competent at the task but is also capable
of reasoning about the unobservable mental state of the human to
maximize long-term satisfaction.

2.2 Formulation

Formally, we frame the mutual adaptation problem as a POMDP
from the agent’s perspective, where the environment includes both
observable states that describe the physical environment and a hu-
man whose mental state is a critical component, but unobservable.
This formulation naturally connects to Multi-Agent Systems under
the view that a human acts as a co-agent with hidden variables,
compelling an agent such as a robot to maintain a belief over these
variables while optimizing a shared objective.

A POMDP is a tuple (S, A, 0, T, Z,R,y), where: S is the state
space, A is the action space, O is the observation space, 7 : SXAX
S — [0,1] is the transition function 7 (s’[s, a) = P(s;+1 = §'|s;
s,a; = a), L : S XA xO — [0,1] is the observation function
Z(ols’,a) = P(0r41 = 0lsssr =5"sar =a),R: SxA - Rlisa
d-component reward function, y € [0, 1) is the discount factor.

Under our framework, the state s; € S is composite: s; = (e, p;),
where e; is the observable task state, which describes the physical
environment (e.g., positions in a shared workspace, task progress),
and p; is the unobservable human internal state, which represents
relevant psychological elements such as trust in the agent, expecta-
tion of competence, level of surprise, comfort, or overall satisfaction.
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Building on psychological models [16, 21, 24], we choose satisfac-
tion as a proxy to encapsulate the complex relationships between
many elements of human internal state.

Because the internal state of the person is latent, the agent does
not have direct access to p;. It receives an observation o, € O
that includes the full task state e;, plus imperfect cues regarding
p:. These cues could be verbal feedback, facial expression, posture,
or even measures of passivity in a shared task. The observation
function Z(ols’, a) models how cues provide partial information
about the human’s latent perception of robot behavior.

The transition function 7 (s’|s, a) captures the dual impact of the
agent’s actions. Importantly, the action space A includes inaction
(e.g., waiting), capturing how passivity influences p; (e.g., erod-
ing trust over time). It decomposes into environmental dynamics
P(es+1ler, a;) which governs the physical task and human men-
tal dynamics P(pr+1|ps, az, €, 0¢), which models how the human
updates their mental state based on the agent’s actions and out-
comes. This is the first nexus of bidirectional influence: the agent’s
action a; directly influences the subsequent human mental state
pr+1. For example, a successful and communicative action might
increase a human’s trust, while an unexpected or clumsy action
might decrease it.

The reward function R is a fixed mapping known to the agent.
However, because the human’s true objective is latent and cannot
be fully written down [2, 10], we approximate the components
required to achieve human satisfaction. We formulate R as a vector
of reward components, recognizing that this is a simplification of
the complex human utility function:

R(e’p3 a) = <rtask(e) a)srsat(e)p) a)) (l)

Objective progress on the physical task is incentivized by r; 4 (e, a),
while human satisfaction with the interaction is incentivized by
rsat (€, p, a). Depending on the specific domain, rg,; may reward
states corresponding to high trust, accurate expectations, or pos-
itive surprise. Factoring the reward in this manner is a practical
simplification that allows the agent to weigh the trade-offs between
immediate task efficiency and the long-term maintenance of the
collaborative relationship. Finding an acceptable optimal policy
under these multiple objectives requires balancing actions that are
purely task-optimal with those that effectively shape the human’s
perception in the vector-valued total return V”.

Since the human internal state p, is hidden, the agent main-
tains a belief state b, : & — [0,1], where b;(s) is the prob-
ability distribution over possible states given history. Belief up-
dates follow the standard Bayes’ filter with normalization factor :
bv1(s") =1 Z(0rnls’s ar) 2 T (s'ls, ar)bi (s).

The agent’s policy 7 : 8 — A maps its current belief b, to the
next action a;. In general, a policy & which optimizes for one compo-
nent of R may not be optimal for the other component of R, so an op-
timal 7 must be chosen from a set of possibly optimal policies, effec-
tively striking a balance between immediate task efficiency and the
long-term maintenance of the collaborative relationship under the
vector-valued objective: V7 (b) = E [Z?‘;O Y'R(ss,a) | bo = b, n].
Our formulation explicitly models the human internal state p;, en-
abling the agent to shape interaction dynamics rather than just
responding to task-related feedback. Encapsulating p; in the be-
lief b; allows the robot to condition its policy for the next action
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7(ar+1|br) on both the human’s latent state p; and task state e;. Our
formulation acknowledges the challenge of reward function tuning
in standard RL while highlighting the need to treat the human as a
dynamic partner with evolving internal state.

3 REAL-WORLD APPLICATION

The POMDP formulation provides a theoretical blueprint for Coad-
aptive Value Alignment, but its instantiation depends on three
critical building blocks. First, one must identify and clearly define
the key dimensions of human internal state with which the agent
is concerned. Second, one needs a robust method for estimating the
identified human state in real time from observable signals. Finally,
the agent must be deployed in a scenario that can leverage the
estimate of human internal state to learn policies that balance task
success with perception management. Importantly, measuring task
success and interaction dynamics over long-term deployments will
reveal practical strategies, such as determining when to sacrifice
short-term efficiency to repair an interaction, or how to calibrate
user expectations over repeated interactions. The recent and pro-
posed research discussed in this section provides an actionable
pathway for instantiating each component, which will enable the
framework to move from theory into practice.

3.1 Elements of Human State

Human internal state (p;) is a critical component of our framework.
We draw upon established psychological frameworks, including
dimension models like the Circumplex Model of Affect [21] and
appraisal theories [24]. Researchers typically quantify human men-
tal states using techniques such as behavioral analysis (e.g., facial
expression [8], body language [7]), and physiological sensing (e.g.,
heart rate [20], Electroencephalogram [18]). Ground-truth data for
these states is typically elicited via instruments such as the NASA-
TLX survey [11], the Robot Social Attribute Scale (RoSAS) [5], and
the Perceived Social Intelligence (PSI) [4]. However, surveys break
the real-time flow of information during the interaction and serve
as a post-hoc source of ground-truth data, motivating the need for
continuous, non-intrusive estimation methods.

3.2 Real-Time Estimation

Applying the framework in the real world requires operationalizing
the observation function Z to map observable cues o; to latent
human state p;. To this end, recent work demonstrates two avenues
for creating such real-time perception modules.

First, Zhang et al. [33] demonstrate that it is possible to train
machine learning models to predict people’s internal states based
on survey feedback that maps external observations to implicit,
non-verbal cues. Datasets incorporating implicit feedback, includ-
ing gaze, posture, and the spatial relationships between human and
robot, can serve as an effective proxy for internal states such as per-
ceived competence [32]. While Zhang et al. [33] and other research
in this area [6] have primarily been conducted in simulation, real
world demonstrations provide a pathway for learning perception
models using only on-robot sensing [9, 29].

Alternatively, high-fidelity physiological signals (e.g., EEG, PPG)
could provide a data-rich stream mapping to cognitive states. Fu-
ture work could correlate these signals with on-robot sensors to
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create a deployable perception model that operates without requir-
ing surveys or on-body sensing. Crucially, while on-body sensing
and non-verbal cues are potential pathways to estimating p;, our
control-theoretic framework remains entirely agnostic to the spe-
cific sensing method.

3.3 Robot Actions to Human Perception

Our framework hinges on the premise that an agent’s actions, a;,
are capable of directly influencing the human’s future mental state
(pr+1)- We conducted a preliminary case study in which a group of
students took turns teleoperating and observing a Boston Dynamics
Spot robot navigating environments of varying complexity with
both static and dynamic obstacles. The teleoperator was instructed
to navigate the robot to a pre-specified goal position. The teleoper-
ator was given instructions to perform the navigation according
to one of two behaviors: in a “competent” or “incompetent” man-
ner, while maintaining safety. No further definition was provided
regarding the two subjective behaviors, and the observers were not
told the current navigation behavior.

We analyzed the relationship between the teleoperator’s in-
structed level of competence and people’s perceived level of compe-
tence. Spearman’s correlations revealed significant positive relation-
ships between ground truth competence and perceived competence
for both observers blind to the instruction (r;(249) = .6917,p <
.0001) and the teleoperators themselves (r;(124) = .7786, p < .0001).
Our results provide preliminary support for the modeled human
mental dynamics P(p;+1|p:, at, €, 04): a robot, through its physical
actions on the ground plane, can predictably influence a human’s
latent perception of its performance.

4 PERSPECTIVES ON VALUE ALIGNMENT

The concept of value alignment has a rich history, progressing from
early cybernetic formulations [31] to modern learning-based ap-
proaches. However, the dominant paradigm remains fundamentally
unidirectional: the human is cast as an external oracle who specifies
objectives and evaluates success, while the agent is a passive learner.
The agent learns from human data, but rarely learns to adapt to the
dynamic human providing it.

Standard paradigms like reward learning [25], Learning from
Demonstration (LfD) [3], and Preference Learning [13] are unidirec-
tional, treating the human as a consistent oracle with a fixed utility
function. Our framework challenges this perspective by positing
that the human is an active, in-the-loop participant whose mental
state, and consequently their satisfaction, is a dynamic variable that
the agent must explicitly model and influence.

Value alignment has also been investigated through the lenses
of norms, trust, and Computational Theory of Mind (ToM). Such
models structure mental states to predict human behavior governed
by social constructs and shared values. Our framework is designed
to complement these approaches. Whereas ToM and norm-based
architectures provide the structural representations of human men-
tal states, our control-theoretic perspective supplies the closed-loop
mechanism by which an agent can optimize its actions over those
evolving states.
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4.1 Contrasting Frameworks

Our approach shares methodological roots with formalisms like
POMDPs, yet its core objective is distinct. Frameworks such as
Mutual Adaptation [1] and Shared Autonomy [12, 15] acknowl-
edge that interaction is a two-way street, but primarily focus on
bidirectionality at a behavioral level, adapting physical motions or
delegating sub-tasks. Similarly, Ad Hoc Teamwork [27] emphasizes
reasoning about a partner’s hidden state to achieve coordination
without pre-planning, sometimes involving actions to guide a team-
mate’s behavior [28].

Prior framings typically focus on instrumental coordination by
achieving informational alignment over task-related states, or value
alignment over fixed objectives. In contrast, our framework targets
epistemic alignment, where the agent explicitly aligns its belief
state with the human’s evolving internal state. We propose that
an agent’s actions inherently influence the user’s internal state,
which includes elements such as trust, expectations, and comfort,
regardless of the agent’s intent. Unlike prior work, we explicitly
model this unavoidable influence, treating the human’s internal
state not just as a variable to be estimated, but as a state to be
actively managed in order to foster stable, long-term partnerships.

4.2 Ethical Considerations & Inseparability

A critical implication of our framework is the problem of influential
inseparability, where an agent capable of positively shaping human
states inherently possesses the capability to manipulate them for
maladaptive ends [23]. For example, large language models have
violated ethical standards for mental health practice [14]. While
unidirectional approaches leave this risk unmodeled and suscep-
tible to “reward gaming” via cognitive bias exploitation [26], our
framework moves these dynamics into the system’s explicit state
space. By formalizing these dynamics, we enable the future imple-
mentation of concrete safeguards, such as constraints on the rate
of induced trust change or regularizers for autonomy preservation,
which are impossible to enforce when influence remains implicit.

5 CONCLUSION

Traditional value alignment relies on the assumption that a static
reward function can adequately encode human internal states. How-
ever, this view ignores the complex psychology of the human part-
ner: satisfaction is not a fixed target, but a dynamic perception
influenced by history, context, and the presentation of behavior.

While an agent cannot directly control a human’s internal per-
ceptions, it does have control over the history of interaction. Our
proposed framework leverages this control, allowing the agent to
shape the interaction history not just to complete tasks, but to
foster a positive latent state in the user. Ultimately, transitioning
from a static reward to optimizing for a person’s overall satisfaction
offers a critical pathway for Al, moving beyond obedient tools that
blindly optimize metrics towards socially aware teammates capable
of building long-term, satisfying partnerships.

Interesting directions for future work include the integration of
formal safeguards to prevent manipulative policies, the exploration
of communicative actions that transparently calibrate expectations,
and the development of robust value drift models to track long-term
changes in human preferences.
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