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Abstract

Modern Al progress has been organized around tasks, data, and metrics that make
capabilities trainable, comparable, and scalable. This organization makes external
task performance easier to train and evaluate, but naturally leaves underdeveloped
the question of how AI systems should understand people and use that under-
standing when they act. Human information already enters Al through feedback,
preference data, personalization, evaluation, and deployment analysis, yet these
uses often remain setting-specific or limited in depth. We introduce the human
model concept as a unifying perspective on such work. Existing human-related Al
methods can be viewed as partial forms of human-state modeling across cognition,
affect, and behaviour. Under this perspective, we formulate the generalization hy-
pothesis: whether, to what extent, and in what forms setting-specific human models
can generalize. We argue that testing this generalization hypothesis should become
a central research agenda for Al, and discuss what forms of data infrastructure
could turn it into an empirical research problem and support the development of
scalable human models. If human models can support generalizable understanding
of people, they may become a crucial component toward trustworthy AGI.

1 Introduction

Since Turing asked whether machines can think, artificial intelligence has carried an ambition larger
than isolated task success: to build systems whose intelligence is meaningful in relation to human
thought, behaviour, and society [1]]. The Dartmouth proposal gave this ambition a technical form,
suggesting that central features of intelligence could be described precisely enough for machines to
simulate them [2]]. Along this tradition, Al research seeks to understand intelligence while also turning
that pursuit into trainable, comparable, and cumulative research targets. Tasks, data, and evaluation
have therefore become the basic organizing forms of modern Al progress. A task specifies what the
system should do; data provide learning material; metrics allow systems to be compared. Through
this organization, progress in vision, language, and agent research becomes trainable, measurable,
and scalable [3| 14, 15,16, 7, (8., 9, 110, [11]]. This organization also shapes what the field can easily see
and improve. Capabilities that can be expressed as tasks, datasets, and metrics are easier to train,
evaluate, and scale; by contrast, it is harder to formalize how an Al system should understand people
and use that understanding when it acts. This is the starting point of our paper: if the long-term aim
of Al remains tied to intelligence in human worlds, then how Al systems understand people, and how
they affect people, should become core questions for Al research.

The issue is methodological as well as historical. Measurement work has long emphasized that
operationalizations carry assumptions about the constructs they claim to measure [12]. Recent
analyses of Al benchmarks similarly show that static datasets, narrow metrics, and leaderboard
incentives can shape the direction of model development [13}[14]]. In Al, this produces an asymmetry
between human-centered goals and task-centered research structures. Human information often enters
Al research indirectly, through demonstrations, preference data, safety filtering, post-hoc evaluation,
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or deployment analysis. This pattern appears in imitation learning, RLHF and DPO, constitutional
or Al-feedback alignment, red-teaming, and human-Al evaluation [15, 16, (17, [18} 19} 20, 13} [10].
These mechanisms are important, but they usually position people as sources of labels, constraints,
or outcomes. The central modeling targets remain much more often external tasks, environments,
and system states. As a result, success is clearest when answers are correct, tasks are completed,
or scores improve. These measures capture task outcomes much more directly than what people
believe, understand or experience. Recent evaluation work already points to this gap between task
performance and human experience. HELM [[13] argues for metrics beyond accuracy; ChatBench
[21]] shows that Al-alone accuracy can fail to predict user-Al accuracy; user studies of Al chat
assistants show that satisfaction, adoption, and frustration depend on usability, expectations, and
interaction context, not benchmark performance alone [22].

Several lines of work have already explored more substantive ways for Al systems to use and
model information about people. User modeling captures user profiles and preferences [23] 24];
knowledge tracing captures changing learner knowledge [25)26]]; and trust estimation captures trust
and reliance [27, 28]]. They treat aspects of people as variables to be inferred, updated, and used by
Al systems, suggesting that information about people is learnable in specific settings and can improve
prediction, adaptation, and system behaviour. If such models remain setting-specific, they remain
isolated successes. If they generalize, they point toward a general capability for Al systems that must
understand and act with people. This raises the central question of generalization.

In modern Al, a major qualitative shift often occurs when information collected in specific settings is
organized into shared training problems that produce reusable representations: image labels support
visual representations, next-token prediction supports broad language competence, and environment
prediction supports control and planning. Information about people has not yet been organized into
an analogous shared modeling problem, let alone a mature shared training objective. We use the term
human model to name this target: computational models that estimate human states, model how they
may change, and make these estimates usable for prediction, evaluation, or action selection. Here,
human states refer to cognition, affect, and behaviour, from beliefs and emotions to intentions and
choices. These states are shaped by roles, routines, norms, and institutional constraints, reflecting the
interplay between individuals and the social structures in which they unfold. Under this concept, we
formulate the generalization hypothesis: whether, to what extent, and in what forms setting-specific
human models can generalize.

Our position. Al research should make the generalization hypothesis central to human model
research. AGI requires both generality and trustworthiness: it must generalize across tasks and
environments while remaining reliable for the people who use it, depend on it, and are affected by it.
Bringing these two requirements together means that Al systems must also generalize in how they
understand people, predict human behaviour and human-side consequences, and use such predictions
for action selection. If human models can support this capacity across users, tasks, systems, and time,
they may become a crucial component on the path toward trustworthy AGI.

Our contributions.

* Human model as a unifying perspective. We introduce the human model concept as a way
to view scattered human-related AI methods as partial forms of human-state modeling.

* The generalization hypothesis as the central question. We formulate the generalization
hypothesis to make explicit the key research question behind this perspective: whether, to
what extent, and in what forms setting-specific human models can generalize.

¢ Data infrastructure for human-model generalization. We discuss what forms of data
infrastructure could turn the generalization hypothesis into an empirical research problem
and support the development of scalable human models. As one direction, we propose
situated experience records as a promising data form.

Figure [T| summarizes the paper’s thesis. Panel A shows the human model as a perspective that
reorganizes scattered human-related Al methods into a common modeling target. Panel B formulates
the generalization hypothesis as movement from setting-specific human models toward models with
greater depth and scope. Panel C identifies data infrastructure as the empirical foundation needed to
make this agenda testable and scalable.
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Figure 1: The human model perspective and its research agenda. Panel A illustrates the human
model perspective: scattered human-related AI methods can be reorganized as partial, setting-specific
human models rather than as isolated techniques. The generalization hypothesis asks whether, to what
extent, and in what forms such setting-specific human models can generalize. In panel B, both curves
are schematic and do not represent precise empirical boundaries: the solid curve indicates the limited
depth and scope of current setting-specific human models, while the dashed curve indicates the
hypothesized region of generalizable human models. Panel C abstracts the needed data infrastructure:
isolated proxies are connected into situated experience records, making human-model learning,
inference, and evaluation empirically testable.

2 Existing Work Through the Human Model Perspective

Section [I] presented the human model concept as a unifying perspective on existing human-related Al
methods. We now use this perspective to organize representative lines of work. At first glance, these
lines may seem only loosely related. Viewed through the human model perspective, however, they
can be organized by asking what aspect of human states they model and how that information is used
by Al systems.

Practical use. The rows in Table [I] already affect AI systems in concrete ways. RLHF, DPO,
and reward models change language models through human judgments. Memory, personalization,
and profiles change how systems respond to particular users over time. Knowledge tracing uses
learner-state estimates to predict future performance and support adaptive tutoring [25, 26} 49]. Trust
and reliance studies show that human confidence in automation affects use, misuse, and overreliance
(28150, 151, 152]]. In HRI, modeling trust and adaptation can change robot behaviour and collaboration
outcomes [[73,161]]. These examples show that information about people carries predictive structure
and can change system behaviour, evaluation, and adaptation.

Toward transfer. Several of these lines already point toward generalization. Knowledge tracing
studies transfer across students, concepts, and platforms [49]]. User modeling and personalization
increasingly aim at reusable user representations across tasks and long-term contexts [42, [71]. HRI
and trust-aware planning have moved from single trust variables toward richer online trust and
collaboration models [73| 161} [74]. These efforts motivate our generalization hypothesis.

3 The Generalization Hypothesis

Section [I] introduced the generalization hypothesis. Section [2] showed why the generalization
hypothesis is not merely speculative: existing work already shows that information about people



Table 1: Existing human-related Al methods viewed through the human model perspective. Each row
can be read as a partial human model, differing in what human information it captures and how that
information enters Al systems.

Line of work

What it captures about people

Human-model role

RLHF / DPO / reward
models

Preference alignment

Reward inference /
assistance games

Personalization /
memory

User modeling /
profiles / persona
Theory of mind /
intent recognition

Knowledge tracing /
learner modeling

Trust estimation /
reliance

HRI / collaboration

Human-aware
planning / POMDP
Action execution /
shared autonomy

Skills / workflow
customization /
harnesses

Human-AlI evaluation

User studies /

Evaluative judgments from feedback,
preferences, and ratings

(151129116 (17,301 31])

User or group preferences over
system behaviours

(1819113211331 134]

Latent objectives inferred from
behaviour or comparisons
[3511361132]

Persistent user-specific states across
interactions [37} 138 {39, 40]

Traits, contexts, roles, and identity
patterns of users [23} 124} 1411142} 43|
Beliefs, intentions, plans, and other
latent mental states behind behaviour
[441145] 146,147

Learner knowledge, misconceptions,
and update dynamics over time
[2501261 148, 149]

Trust, reliance, over-reliance, and
calibration in response to automation
[27,1281150; [511 152])

Human roles, intentions, constraints,
and coordination states in joint
activity [531[5411551156]]

Partially observed human states for
action selection [57}158} 159,160, 161]
User intent, capability, and control
preferences during execution
[62163} 164 165

Routines, tool-use patterns, task
practices, and organizational
workflows [66} 167,168 18]

Human responses, judgments, and
joint outcomes under system
interaction [[13} 114121} 122]

Observed behaviour, experience, and

Learning signal for modeling evaluative judgment.
Target specification for preference-sensitive behaviour.
Bridge from objective inference to assistance and action
selection.

User-level state for adaptation over time.

Classical basis for user-level representations.

Cognitive basis for latent-state inference.

Domain example of state-change modeling over time.

Affective and reliance-related state for calibration.

Interaction setting where human-state estimates guide
joint action.
Decision framework that makes human-state estimates

action-relevant.
Execution-time signal for adaptive assistance.

Extension from individuals to situated work practices.

Evaluation setting for human responses and joint

outcomes.

Empirical source for learning and validating human

behavioural logs state changes during interaction models.

[69L 1514 (70, (711 172]

can be learned, used by Al systems, and in some cases transferred beyond its original setting
[75.[76L [77]. However, these signs do not yet amount to a clear research problem. To study human
model generalization systematically, we need to unpack what generalization means, not treat it as a
single yes-or-no outcome. This section does so in two ways. First, we ask what levels of depth and
scope human models may reach. Second, we ask what technical forms such generalization may take,
including the shared learning problems, prediction targets, and verifiable signals through which it
could appear.

The empirical status of the generalization hypothesis should be established through concrete studies. It
may turn out that human-model generalization appears only locally, in modular or domain-conditioned
forms, with scaling trends limited to particular populations or contexts. It may also reveal broader
and more promising regularities. In either case, mapping where generalization holds and where it
fails is itself a central research objective.

Depth and scope. Table |2| summarizes the levels that human models may reach. We describe
these levels along two dimensions. The first dimension is the depth of understanding people. At
the shallowest level, a model captures observable responses, such as language, clicks, behaviour,
facial expressions, or physiological signals. At a deeper level, it infers human states, such as beliefs,
knowledge, preferences, trust, capability, or intentions. Deeper still, it predicts how Al actions may



Table 2: Depth and scope of human model generalization. The table organizes possible human models
by how deeply they model people and how broadly they apply.

Scope / depth Observed responses

Inferred human states

Changes after Al actions

Long-term outcomes

Task / setting-specific Individual signals:
language, clicks, choices,

gaze

Individual state: beliefs,
knowledge, preferences,
trust

Setting-specific ck
understanding, reliance,
choices

Setting-specific outcomes:
preference shift, capability
change, habits

Cross-context Interaction signals:
turn-taking, feedback,

coordination

Multi-person state: shared
understanding, roles, team
trust

Cross-context change:
coordination, motivation,
task allocation

Cross-context outcomes:
role adaptation, workflow
change, group outcomes

General / Aggregate signals:

Social state: norms,

Societal change: adoption,

Societal outcomes: norm

societal-level population patterns,

discourse, logs

conventions, institutional
constraints

incentives, public response  formation, inequality,

social trust

change human states. At the deepest level, it estimates longer-term human consequences, such as
dependence, capability change, norm formation, or social impact. The second dimension is scope.
A human model may focus on a single user or one human-AlI interaction, and it may also extend to
multi-person collaboration, teams, organizations, institutions, and broader social structures. These
levels make human model generalization more concrete. They describe how deeply Al systems model
people, how broadly these models apply, and whether they can become reusable across users, tasks,
systems, and time.

Forms of generalization. Human model generalization should not be understood as a model
becoming stronger on all human-related tasks at once. In modern Al, generalization usually appears
through a more specific technical form: a shared learning problem, a prediction target, and a loss.
In language models, the shared problem is next-token prediction, and generalization first appears as
lower perplexity on held-out text [78]. In vision-language models, the shared problem is image-text
prediction or matching, and generalization appears as visual representations that transfer across
tasks [79]. In vision-language-action models, the shared problem is action prediction from robot
demonstrations and vision-language-action data, and generalization appears as embodied policies
that adapt beyond the original demonstrations [80]. Later capabilities are built on these forms, and
some tasks show corresponding scaling trends while others may not.

By analogy, human model generalization is more likely to first appear through a pretraining-like
shared prediction problem than through direct success on every downstream human-facing task.
For human models, a plausible shared problem is to learn from records of how people encounter
Al systems, how the systems act, how people respond, and what later changes follow. Testing the
generalization hypothesis therefore requires systematic evaluation: where prediction and transfer
improve with scale, where they fail, and what practical conditions make the route viable. The
immediate bottleneck is data, which we discuss in Section 4]

4 Data Infrastructure for Human Models

Modern Al progress has repeatedly depended on data regimes that turn capabilities into trainable,
scalable, and testable objectives, as shown by recent work on data-centric Al, language-model training
corpora, and code benchmarks [81} 82, |83} [8]]. For human models, the corresponding bottleneck is
data infrastructure: what kinds of human-related data can make human states learnable, transferable,
and evaluable at scale? Existing human-related data are useful but fragmented. Preference labels, user
profiles, interaction logs, surveys, behavioural logs, and physiological signals are typically collected
for particular tasks, products, or studies [37, 184} 85]. Such data can support setting-specific modeling,
but they are rarely organized to test the generalization of human-state representations. This section
therefore focuses on the data forms needed to turn human-state modeling into a scalable empirical
problem. We argue that one promising direction is to move from isolated proxies toward situated
experience records.

From Isolated Proxies to Situated Experience Records. Existing data forms have structural
limits for studying human-model generalization. Interaction logs connect system actions with user
responses, but they only partially reveal user understanding, trust, or difficulty. Speech and language
are information-rich, but their meaning becomes unstable when separated from task context, what the
user saw, and later outcomes. Gaze, physiological signals, and neural signals can be temporally dense,



but their connection to higher-level human states, such as understanding or intention, is indirect
and noisy. Surveys and self-reports provide subjective anchors, but they are sparse, retrospective,
and constrained by limits of self-knowledge and recall. Social and workflow records preserve roles,
routines, and institutional context, but they often miss a person’s immediate response to a specific
event. Moreover, these data forms are valuable, but they usually reflect only one aspect of human
state [I86, [87, [85]]: data collected for a specific task are formatted to make that task tractable, so
signals judged irrelevant to the task are compressed into labels, treated as noise, or excluded to control
collection cost. Models may then learn the structure selected by the task and its collection pipeline
rather than transferable human-state structure.

This limitation is common in practice. A user accepting a suggestion may indicate trust, or it may
be a default choice under time pressure. Repeatedly viewing the same content may indicate interest,
confusion, or uncertainty. A positive verbal response may express genuine satisfaction, or it may
serve to close the current task. Personal assistants, educational systems, workflow agents, embodied
assistants, and Al evaluation settings all face this ambiguity. A more suitable organization should
therefore start from the user’s experience and keep relevant human-related observations together
within the same activity. We call these data units situated experience records. They may include task
background, user situation, Al actions, immediate human responses, explicit feedback, later revisions,
and downstream outcomes. In such records, the human state remains a latent quantity to be inferred
and validated through relations among multiple proxies. No single proxy then has to carry the full
explanatory burden. Instead, multiple signals within one experience can constrain and calibrate one
another, helping models learn more stable human-state structure.

Language-model pretraining provides a useful analogy [81} 83]82]. Next-token prediction is also a
proxy objective: it does not directly annotate knowledge, reasoning ability, or task competence. Yet
natural language preserves many relations among knowledge, goals, task examples, communicative
intent, and social context. With sufficient scale, surface token prediction can therefore support
transferable representations. Similarly, human models should not expect any single observable
proxy to equal a human state. Proxies such as a click, rating, pause, or acceptance is not itself
trust, understanding, or intention. If records keep task context, Al action, human response, explicit
feedback, and later outcome within the same experience, however, relations among proxies may
provide learnable structure.

Capturing Data in the Flow of Activity. Situated experience records need to be constructed during
or near ordinary activity, since many important signals naturally appear only as activity unfolds
[88. 1891 90]. Traditional user studies, retrospective surveys, and product logs each provide partial
information, but they are limited in scale, temporal continuity, or coverage of ordinary activity. A
more promising route is to record relevant links in a natural and scalable way as activity unfolds:
what the user sees, hears, does, says, accepts, corrects, and later returns to, rather than reconstructing
these relations afterward through costly interviews, surveys, or isolated labels.

Recent work on computer-use and GUI-navigation agents suggests a shift toward device- and interface-
level interaction. Al interfaces are moving beyond chat windows into operating systems, applications,
devices, and everyday workflows. For example, OSWorld evaluates multimodal agents in real
computer environments across web and desktop applications, while OSUniverse focuses on complex
desktop-oriented GUI navigation tasks [91} 92]]. These systems are only early signs; complete data
infrastructure remains open. Their relevance is that future Al systems may be positioned closer to the
activity streams from which situated experience records can be constructed.

Learning from Fine-Grained Human Responses. The training value of situated experience
records lies in placing fine-grained human responses inside the structure of the same experience. A
gaze shift, a pause, an acceptance, or an undo action cannot by itself be mapped directly to a human
state. When combined with task context, Al interactions, explicit feedback, and later outcomes,
however, these responses can become dense proxies for learning human states [86), [87].

Human-model training should therefore not rely only on explicitly elicited targets such as satisfaction
scores, preference choices, or human ratings. Explicit feedback and self-reports can serve as sparse
anchors, while naturally occurring fine-grained responses provide a more continuous training source.
A model can then learn which signals recur across similar experiences and which vary with Al
behaviour, task conditions, or later feedback. Training thus can shift from predicting a single proxy



to learning relations among multiple signals within the same experience, therefore increasing the
possibility of generalization.

Using Context at Inference Time. Situated experience records also matter at inference time. Many
failures of Al assistance arise not only because models lack reasoning ability, but because Al is
absent from the context in which work is generated. In real work, the task itself is often short, but the
context is long; the execution step may be light, but locating context, handing off state, specifying
constraints, and synchronizing systems can be heavy. A request such as “forward this,” “check this,”
“confirm this,” or “remind me” may depend on messages, calls, document state, spreadsheet fields,
system permissions, organizational procedures, personal memory, and local experience. If users have
to reorganize this background into a prompt, the cost of handing the task to AI may exceed the cost
of completing it manually.

This problem is more fundamental for deployed human models. For ordinary assistants, missing
context is first a source of usability friction. For human models, missing context becomes a measure-
ment bottleneck. A human model aims to infer latent states such as understanding, trust, confusion,
intention, pressure, preference, and dependence. These states are rarely fully reportable in the user’s
current input. Their evidence is often distributed through the activity itself: commitments made in
meetings, tone in calls, information the user saw, waiting and hesitation, later revisions, undo actions,
repeated confirmations, or longer-term reliance. If such information can only be recovered through
retrospective recall and manual entry, the model receives sparse, costly, and retrospectively biased
self-reports rather than situated evidence from the activity.

Situated experience records can therefore serve as inference-time context infrastructure. Rather than
waiting for users to package a task as a complete input, they preserve relevant task state such as
information environment, interaction history, Al actions, human responses, and downstream outcomes
as activity unfolds. When a human model interprets a new request, feedback, revision, or behavioural
trace, it can place that proxy back into the concrete activity instead of relying on incomplete fragments
actively supplied by the user. In this sense, situated experience records point toward a persistent layer:
within appropriate boundaries, Al systems can carry context which is automatically generated in
workflows, reducing the friction of context handoff while giving human-state inference more stable
measurement conditions.

Treating Real-World Activity as Noisy Measurement. Data collected closer to real activity can
also introduce stronger measurement confounding. User behaviour may be shaped by interface
design, task difficulty, or environmental factors. Large-scale language and multimodal data practices
further show that low-quality samples, duplicates, contamination, and misalignment can weaken gen-
eralization [83, 193] /94]]. Human-model data infrastructure should therefore treat situated experience
records as noisy observations. At a minimum, data infrastructure should preserve metadata, such as
provenance, collection context, and generation conditions. This allows models to better distinguish
transferable human-state structure from artifacts introduced by data collection.

5 Alternative View: Human Models as Part of World Models

One natural alternative view is that human models need not be treated separately: humans are part
of the world, so sufficiently complete world models should eventually represent human cognition,
affect, and behaviour. We agree this viewpoint ontologically, but our claim is more of methodological.
Distinguishing human models makes the problem visible as a research direction in its own right,
where progress can be organized around the data, objectives, and evaluations needed to model human
states. Without such organization, changes in human states are easily hidden inside generic prediction
or post hoc evaluation.

This distinction also matters for governance. Human-facing Al does not only predict external
environments; it also affects how people understand, rely on, resist, adapt to, and are changed by Al
actions. These effects raise normative and dual-use questions that are easy to obscure when human
states are treated as just another part of the environment. Human models are therefore best understood
as a focused part of world modeling whose data, evaluations, and risks require explicit treatment. The
distinction is analogous to treating vision, language, reward modeling, or safety evaluation as distinct
research directions even though all are, in principle, parts of modeling the world.



6 Discussion: Implications and Constraints

The human model perspective reorganizes human-related information that is currently scattered across
Al systems. Such information is often used for specific purposes such as personalization, interface
improvement, feedback training, or post-hoc evaluation. Under the human model perspective, it
can also be viewed as material for learning human states and for organizing a more unified research
problem around cognition, affect, and behaviour. If the generalization hypothesis holds in some form,
human models may bring new system capabilities: Al systems may better predict human responses,
estimate how Al actions affect people, and adjust their behaviour accordingly. Since these capabilities
are directed toward people, they also raise clearer risks and stronger governance requirements.

Potential applications. Figure [2[summarizes three application patterns. First, validated human
models could make human-centered evaluation more scalable: observed human signals remain neces-
sary, but model-mediated proxies could extend human-centered signals from evaluation into training
and model selection across systems, tasks, populations, and time. Second, human models could
support simulation by estimating how people may respond under changing contexts, interventions,
information conditions, and scenarios. Third, human models could become part of human-aware
agent loops, complementing world models with estimates of how actions may affect human cognition,
affect, behaviour, and potential downstream consequences.

A | Scalable Human-Centered Evaluation B | Human Simulation C | Human-Aware Agent Loop
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Figure 2: Potential applications of human models. Panel A illustrates scalable human-centered
evaluation: sparse or incomplete observed human signals can calibrate a human model, which then
extends evaluation across systems, tasks, populations, contexts, and time. Panel B illustrates human
simulation: simulation conditions are routed through a human model to project responses, outcomes,
and state changes. Panel C illustrates a human-aware agent loop: world and human models act as
parallel predictive models for policy, so action selection can account for both external dynamics and
human-side consequences.

Power, dual use, and data boundaries. Looking further ahead, situated experience records also
point toward a stronger Al presence. If users, under explicit permission, lawful process, and clear
boundaries, allow devices, operating systems, or workflow interfaces to preserve relevant activity,
then meetings, calls, documents, system actions, and everyday interactions could become contextual
sources for human models. Such models would not only respond to isolated prompts. They could
gradually model personal states, relationships, organizational routines, and collective dynamics, and
could support low-friction delegation within appropriate boundaries. A stronger human model could
help an Al system detect confusion, calibrate trust, preserve user control, and adapt assistance to
human needs. The same capability could also predict when a person is likely to defer, accept a
suggestion, or reveal vulnerability, and may reveal patterns that users do not explicitly express, cannot
easily recall, or cannot reliably self-report.

For this reason, this route raises governance challenges beyond conventional privacy. Situated
records often contain not only data about one person, but also bystanders’ speech and actions,
relationship structures, organizational processes, and collective contexts. Highly sensitive modalities



such as speech, gaze, physiological signals, EEG, neural-interface traces, or long-term behavioural
trajectories require stricter review. If such records and strong human models become concentrated in
a small number of platforms or companies, they could become unprecedented sources of behavioural
and social intelligence, supporting more precise influence, manipulation, dependency formation,
and concentration of power. Human-model data infrastructure therefore cannot focus only on data
availability. It must treat consent, purpose limitation, data minimization, access control, retention
limits, deletion rights, auditability, bystander consent, and institutional concentration as central issues
from the start. Privacy-preserving learning methods such as differential privacy and federated learning
can support this agenda when raw human data should not be centrally exposed [95, [96]]. Human
models should ultimately serve human understanding, agency, and well-being, and avoid treating
more effective prediction or influence as an end in itself.

7 Conclusion

This position paper argues that trustworthy AGI requires a systematic way to model people. We
introduced the human model concept as a unifying perspective on learnable representations of human
states across cognition, affect, and behaviour. Human models need not correspond to a single
architecture: they may be explicit or implicit, setting-specific or more general. Their common role
is to estimate human states, model how those states may be changed by Al actions, and make these
estimates usable for prediction, evaluation, or action selection.

The central question is whether setting-specific human models can generalize. Existing work in
RLHEF, personalization, user modeling, knowledge tracing, trust estimation, HRI, and human-AI
evaluation already provides many local forms of human-state modeling. Yet these lines have not
been organized as a unified research agenda. We formulate the generalization hypothesis to move the
question from whether people can be modeled in a given setting to which human-state representations
can transfer across users, tasks, systems, and time. Whether such generalization turns out to be broad,
local, or conditional, systematically testing its boundaries should become an important objective for
Al research.

To make this problem trainable and evaluable, human models also require corresponding data
infrastructure. We propose situated experience records as one promising direction: preserving
task state, Al actions, human responses, explicit feedback, and downstream outcomes as activity
unfolds, so that models can learn human states from relations among multiple proxies within the same
experience. Such records are not only useful for training. At inference time, they can form a persistent
context layer, reducing the friction of repeatedly handing off context and giving human-state inference
more stable measurement conditions. This route remains only a starting point, and its technical,
ethical, safety, and governance boundaries require further study. But if the generalization hypothesis
holds in some form, human models are likely to become an important component of trustworthy AGI:
Al systems that generalize over external tasks and environments, and also develop transferable ways
to understand people.
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