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Large language models are rapidly evolving from general-purpose assistants into personalized Al systems that collaborate with
individuals over long periods of time. Emerging applications increasingly seek not only to answer questions, but also to reason,
communicate, and act in ways that faithfully reflect a particular person. Recent systems have begun to distill personal knowledge,
workplace experience, communication history, and behavioral traces into Al assistants, skill libraries, memory systems, and personalized
agents. Despite this rapid progress, the field remains fragmented. Existing work differs substantially in the evidence it uses, the aspects
of a person it preserves, the representations it constructs, the methods it employs, and the way it evaluates fidelity, leaving no common
conceptual foundation for person distillation.

This paper presents the first comprehensive framework for person distillation: the problem of transforming heterogeneous traces of
a particular real person into faithful, evidence-grounded, and revisable computational representations. We organize the field as an
end-to-end lifecycle consisting of four tightly coupled components: source evidence, distilled person representations, distillation methods,
and evaluation. For each component, we develop a taxonomy that unifies existing research and identifies open design choices. We
further organize the methodological landscape into six complementary families, ranging from prompt-based trace-to-profile distillation
to memory-based, parametric and adapter-based, preference- and reward-based, behavioral and trajectory-based, and hybrid and
revisable distillation. Finally, we propose a comprehensive evaluation framework covering person-fidelity objectives, benchmark
construction protocols, quantitative metrics, and diagnostic analyses for measuring evidence grounding, person specificity, boundary
awareness, and evaluation reliability.

Beyond surveying existing work, this paper establishes a common vocabulary, a conceptual framework, and a research agenda
for person distillation. By connecting advances in role-playing LLMs, personalized generation, agent memory, skill learning, and
preference modeling, we identify the fundamental challenges that distinguish modeling a particular real person from modeling generic
users, roles, or personas. As Al systems become increasingly personalized, collaborative, and long-lived, we believe person distillation
will become a foundational capability for the next generation of Al assistants, digital coworkers, and human-centered intelligent

systems.

1 Introduction

Large language models (LLMs) are rapidly evolving from general-purpose assistants into long-term collaborators that
work with people over extended periods of time. Beyond answering questions, future Al systems will help individuals
write papers, review code, make decisions, manage projects, and carry out complex workflows across months or even
years [59]. Achieving this vision requires more than stronger reasoning or better personalization. Al systems must
understand particular people: what they know, how they reason, how they communicate, and how they make decisions.
We call this capability person distillation and believe it will become a foundational component of the next generation of
personalized AL

Current personalization captures only part of this goal. Existing systems typically remember user information,
adapt communication style, or learn task-specific preferences [98, 120]. They improve user experience, but they do not

faithfully represent an individual. A personalized assistant may learn that an engineer prefers concise explanations,
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yet still fail to capture how that engineer evaluates deployment risk, balances competing objectives, or decides when
evidence is sufficient. Faithfully representing a person therefore requires a substantially richer notion of personalization.

We define person distillation as the process of transforming heterogeneous traces of a particular real person into
evidence-grounded, person-specific, and revisable computational representations for specified uses. Unlike conventional
knowledge distillation [22, 34], which transfers capability from a teacher model to a student model, person distillation
begins with evidence about a real individual and seeks to preserve person-specific knowledge, judgment, communication,
behavior, and other characteristics. The resulting representation may take many forms, including document profiles,
memory systems, parametric models, preference or reward models, and hybrid combinations thereof.

Faithfully representing a person is fundamentally different from imitating one. A system may reproduce a person’s
writing style while failing to preserve their expertise, make technically correct decisions that differ from the person’s
judgment, or invent unsupported preferences, experiences, or decision rules. Person distillation therefore asks three
fundamental questions: What information about a person is supported by the available evidence? What makes that
information specific to the individual rather than the role? When should the system acknowledge that the evidence is
insufficient?

These questions arise naturally as Al systems become long-term collaborators. Consider a senior software engineer
who has spent years developing a large-scale payment infrastructure. Existing documentation records which services the
engineer maintained and which design documents they authored, but rarely captures how they evaluated deployment
risk, what evidence they required before approving a launch, or how they communicated technical tradeoffs to different
teammates. Supporting future collaborators or Al assistants therefore requires more than a generic “senior backend
engineer” persona. It requires a computational representation that faithfully preserves person-specific expertise,
judgment, and behavior while remaining grounded in observable evidence. Figure 1 illustrates this vision, while Figure 2
previews the end-to-end lifecycle that this paper develops.

Although person distillation builds upon several active research directions, it is not reducible to any one of them.
Existing work has made substantial progress in role-playing, personalization, and skill learning, yet these directions
optimize different objectives. Role-playing models aim to emulate identities or personas [56, 98, 120, 123, 132]; per-
sonalized generation adapts models to individual users and tasks [94, 136]; and agent skill learning distills reusable
capabilities from trajectories and experience [41, 77, 118]. Person distillation addresses a different problem: constructing
faithful computational representations of a particular real person from heterogeneous evidence.

The distinction is fundamental. Existing research primarily models one of three objects: how a person appears, what a
user prefers, or how a task is accomplished. Person distillation instead models a particular real person, including their
knowledge, judgment, communication, behavior, and relationships, while remaining grounded in available evidence. This
broader objective introduces new requirements, including evidence grounding, person specificity, temporal evolution,
revisability, and explicit recognition of the limits of available evidence.

Recent research systems and open-source projects demonstrate that this vision is increasingly practical [1, 3, 23, 109,
116, 126, 135]. They distill workplace experience into colleague skills, transform communication histories into personal
assistants, construct expert agents from professional artifacts, and build developer portraits from interactions with Al
coding assistants. Collectively, these systems show that heterogeneous traces of real people can be distilled into useful
computational representations.

However, the field remains fragmented. Existing systems differ substantially in the evidence they use, the aspects
of a person they preserve, the representations they construct, the methods they employ, and the way they evaluate

fidelity. Most are designed for specific applications, rely on prompt-based profile generation, and lack common datasets,
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Fig. 1. Motivation for person distillation. When a key person leaves an organization, person-specific domain knowledge and
expertise, judgment and decision criteria, communication style, behavioral patterns, values and personality, and relational context
remain distributed across heterogeneous traces. Person distillation transforms these traces into evidence-grounded and revisable
representations, such as profiles, memory systems, adapters, reward models, or hybrid representations. These representations can
support future collaborators or guide an Al agent in bounded, person-specific tasks.

evaluation protocols, or benchmark tasks. Consequently, existing work demonstrates that person-related representations
can be constructed, but it remains unclear what has actually been distilled, how faithfully it has been preserved, or how
different approaches should be compared.

This fragmentation reflects a deeper challenge: person distillation lacks a common conceptual foundation. Designing
or evaluating a distilled representation requires jointly answering four tightly coupled questions: What evidence is
available? What aspects of the person should be preserved? How should they be represented? How should fidelity be
evaluated? These questions define an end-to-end lifecycle rather than independent design decisions.

We therefore organize person distillation as a unified lifecycle consisting of four connected components: source
evidence, distilled person representations, distillation methods, and evaluation (Figure 2). This lifecycle provides a common
conceptual framework for organizing existing systems, clarifying their relationships, and identifying unexplored
research opportunities. Rather than viewing document profiles, memories, parametric models, and reward models as
competing alternatives, we treat them as complementary representations within a single person-distillation pipeline.

Building on this framework, this paper establishes the foundations of person distillation as an emerging research area.
We develop a taxonomy for each stage of the lifecycle, organize existing methodologies into six complementary families,
and present a comprehensive evaluation framework for measuring person fidelity. Together, these components provide
a common vocabulary and a reference framework for designing, comparing, and evaluating future person-distillation
systems.

Our main contributions are summarized as follows.
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Fig. 2. A general taxonomy of person distillation. The taxonomy organizes person distillation as a coupled lifecycle from source
evidence to distilled person representations, distillation methods, and evaluation.

o We define person distillation as the process of transforming heterogeneous traces of a particular real person
into evidence-grounded, person-specific, and revisable computational representations, and distinguish it from
knowledge distillation, role-playing, personalization, memory-based assistants, and agent skill distillation.

e We establish the first end-to-end lifecycle for person distillation, organized around four connected components:
source evidence, distilled person representations, distillation methods, and evaluation, with a taxonomy for
each stage.

o We organize existing methodologies into six complementary families and analyze how they preserve different
facets of a person, providing a unified view of the emerging methodological landscape.

e We present a comprehensive evaluation framework covering objectives, protocols, metrics, and diagnostics
for measuring person fidelity, evidence grounding, person specificity, boundary awareness, and evaluation

reliability.

We believe person distillation will become a foundational capability for personalized AL As Al systems evolve from
generic assistants into long-term collaborators, they must move beyond remembering isolated preferences or imitating
conversational style toward faithfully representing particular people. We hope this paper provides a common conceptual
foundation for this emerging research area.

The remainder of this paper is organized as follows. Section 2 presents the proposed lifecycle and taxonomy. Section 3
examines personal traces as source evidence. Section 4 studies person representations. Section 5 reviews distillation
methods. Section 6 develops the evaluation framework. Finally, we discuss open challenges and future research directions

in Section 7.

2 A Taxonomy of Person Distillation

Person distillation spans the entire pipeline from personal traces to faithful computational representations, yet existing

work has largely studied its individual components in isolation [23, 77, 94, 98, 120, 135]. A unified taxonomy is therefore
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needed to organize the design space, clarify how different research directions relate to one another, and position both
existing systems and future work within a common framework.

We organize person distillation as a hierarchical taxonomy. At the top level, person distillation is viewed as an
end-to-end lifecycle consisting of four tightly connected components: source evidence, distilled person representations,
distillation methods, and evaluation. At the second level, each component is further developed into its own taxonomy,
capturing the major design dimensions and research challenges associated with that stage. Figure 2 illustrates this

overall organization.

2.1 Overview of the Taxonomy

Figure 2 presents the top-level taxonomy of person distillation as an end-to-end lifecycle. The lifecycle begins with
source evidence: the personal traces from which information about a person can be inferred. These traces are distilled into
person representations that preserve different aspects of the individual, such as knowledge, judgment, communication
style, behavior, values, and relationships. Distillation methods transform heterogeneous traces into these representations,
while evaluation measures whether the resulting representation faithfully captures the target person. These four
components jointly define the overall design space of person distillation.

These components are tightly coupled rather than independent. The available evidence determines which claims
about a person can be supported. The aspects of the person that should be preserved determine the appropriate
representation. The chosen representation shapes the corresponding distillation methodology, and the evaluation
protocol must ultimately assess whether the representation faithfully captures the intended person. Consequently,
person distillation cannot be understood by studying any single component in isolation; the entire lifecycle must be
considered as a coherent system.

This taxonomy is guided by several principles. Person distillation should be evidence-grounded, so that person-
specific claims remain supported by observable traces. It should be facet-aware, recognizing that knowledge, judgment,
communication, behavior, values, and relationships are distinct aspects of a person. It should be representation-aware,
allowing different facets to be encoded using different computational forms. It should be temporally aware, accounting
for how people evolve over time. Finally, it should remain person-specific, preserving what distinguishes one individual
from others with similar roles or expertise.

The remainder of this section develops a dedicated taxonomy for each component of this lifecycle.

2.2 Source Evidence

The first component of person distillation is source evidence: the personal traces from which a person’s knowledge,
behavior, preferences, relationships, and other characteristics can be inferred [54, 101]. Since different traces support
different kinds of claims, source evidence defines the boundary of what can be responsibly distilled [21, 114]. For
example, a diary entry, a meeting recording, and a peer evaluation may all describe the same individual, but each
provides different evidence about that person. We organize source evidence along four complementary dimensions:
provenance, modality, abstraction level, and temporality. Together, these dimensions characterize what evidence is
available and what person-specific claims it can support.

Provenance describes who generated a trace. First-person traces are produced by or directly attributable to the target
person, such as messages, emails, code, design notes, voice memos, calendar events, or activity logs [135]. Third-party
traces are produced by others who observe, evaluate, interact with, or discuss the target person, such as peer reviews,

recommendation letters, customer feedback, media reports, or conversations about the person [21, 114].
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These two sources provide complementary evidence. First-person traces reveal what the person actually said, wrote,
chose, or did, although they may be influenced by context or self-presentation. Third-party traces capture how the
person is perceived by others, but they may also reflect observer bias or misunderstanding. Provenance therefore
determines whether a claim is directly observed, externally perceived, or requires evidence from multiple perspectives.

Modality describes how a trace is expressed and organized. Personal traces may take the form of text, speech, video,
images, code, behavioral logs, task trajectories, relational graphs, or combinations of these modalities [23, 135]. They
also range from unstructured messages and recordings to semi-structured emails and tickets, and fully structured logs,
timelines, and networks [77].

Different modalities expose different aspects of a person. Text often reveals expertise and communication style [83],
audio and video capture conversational dynamics, and relational graphs expose collaboration, influence, and mentor-
ship [4]. Consequently, the available modalities determine which aspects of a person are observable and which remain
hidden.

Abstraction level describes how much interpretation has already been applied to a trace. Raw traces, such as original
messages, recordings, documents, logs, or actions, preserve detailed behavioral evidence but are often noisy and difficult
to analyze directly [101]. Interpreted traces, such as biographies, performance reviews, summaries, recommendation
letters, or personality assessments, provide compact descriptions but already incorporate human or algorithmic
interpretation [114].

This distinction creates a tradeoff between fidelity and compression. Raw traces preserve subtle behavioral patterns
that may never be stated explicitly, whereas interpreted traces are easier to use but inevitably lose detail and may
reflect the assumptions of their authors [86]. Abstraction level therefore determines how directly a claim is grounded in
observable behavior.

Temporality describes when a trace was produced and how its temporal structure is represented. Some traces
are snapshots, such as resumes, interviews, public profiles, or annual reviews. Others are longitudinal, including
communication archives, project histories, collaboration records, or social media timelines.

Temporality is essential because people evolve over time. Knowledge accumulates, roles change, preferences drift,
relationships develop, and behaviors adapt to new contexts [89]. Ignoring time may merge outdated and current
evidence into a single static portrait, whereas relying only on recent traces may overlook enduring expertise or values.
Temporality therefore determines which version of a person is being represented and which characteristics are stable
versus evolving.

Taken together, these four dimensions provide a structured view of source evidence. They clarify what person-specific
information can be inferred from available traces, what claims are supported by evidence, and what representations,

methods, and evaluation protocols are appropriate for the later stages of person distillation.

2.3 Distilled Person Representations

The second component of person distillation concerns the representation produced by the distillation process. Once
person-specific information has been extracted from personal traces, a system must determine both what aspects of the
person should be preserved and how they should be represented. Correspondingly, we organize the representation design
space along two complementary dimensions: person facets, which describe the content being preserved, and representation
formats, which describe how that content is computationally encoded. These two dimensions are orthogonal: the same

facet can be represented in different formats, and the same representation format can support multiple facets.
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Person facets describe what aspects of a person the representation aims to preserve. These facets include domain
knowledge and expertise [28], judgment and decision criteria [44], communication style [83], behavioral patterns [73],
values and personality [67], and relational context [4]. They capture different dimensions of a person and should not be
collapsed into a single generic persona [56, 98, 120]. Two individuals may possess similar expertise but make different
decisions, communicate differently, or maintain different relationships with others. Organizing representations by
facets therefore clarifies both what a system preserves and what remains outside its scope.

Representation formats describe how person-specific information is encoded. A distilled person may be represented
as an explicit document, such as a profile, skill file, system prompt, or behavioral specification [120, 135]. It may also
be represented as a parametric model or adapter that learns recurring patterns [37, 98], a preference or reward model
that captures evaluative judgment [10, 20], or a memory system that stores retrievable experiences together with their
supporting evidence [81].

Each format offers different strengths and limitations. Documents are transparent and easy to revise, but may miss
tacit knowledge [78]. Parametric models can learn implicit regularities, but are difficult to inspect [26]. Reward models
naturally capture judgment, but only evaluate candidate alternatives [10]. Memory systems preserve evidence and
support traceability, but require effective retrieval and reasoning [81]. Distinguishing representation formats therefore
clarifies the computational object that a distillation method is expected to produce.

Person facets and representation formats do not have a one-to-one correspondence. A single facet may be represented
in multiple formats, while one representation format may support multiple facets. Consequently, faithful person
distillation is unlikely to rely on a single profile, model, reward function, or memory store [10, 37, 81]. Instead, it will
likely require a hybrid representation that combines multiple formats, allowing each to preserve the aspects of a
person for which it is best suited.

Hybrid representations are also motivated by the multimodal nature of personal traces. Different modalities, such as
text, code, speech, video, behavioral logs, and relational graphs, often reveal complementary aspects of a person [23, 135],
and no single representation format is equally effective at preserving all of them. A hybrid representation therefore
provides a natural mechanism for integrating heterogeneous evidence while maintaining the strengths of different

computational representations.

2.4 Distillation Methods

The third component of person distillation concerns how distilled person representations are constructed from personal
traces. Given heterogeneous traces and a target representation, a distillation method must determine what information
to extract, how it should be abstracted, and how it should be represented.

We organize the methodology design space according to the primary computational mechanism used to preserve
person-specific information. Different methods encode different aspects of a person in different ways. Some summarize
traces into explicit textual descriptions [120, 135]; others organize them as retrievable memories [81]; others learn
implicit behavioral patterns in model parameters [37, 98]; still others represent evaluative judgment [10, 20] or procedural
behavior [77]. These different mechanisms make different assumptions about evidence, supervision, generalization,
interpretability, and revision, giving rise to six complementary families of distillation methods.

Prompt-Based Trace-to-Profile Distillation methods use large language models to summarize personal traces
into a single explicit textual representation, such as a persona description, skill file, behavioral summary, or structured

profile [120, 135]. This approach performs global compression by distilling diverse evidence into one document that is
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simple, transparent, and easy to integrate into existing LLM agents. However, such compression may discard subtle
behavioral patterns, implicit decision criteria, contextual information, and links to supporting evidence [78, 86].

Memory-Based Distillation methods address this limitation by replacing a single global profile with a collection of
distilled memory units. Instead of compressing all traces into one document, they organize episodes, facts, procedures,
relationships, timestamps, and supporting evidence into a queryable memory system [55, 81]. Each memory captures a
small, coherent piece of person-specific knowledge while preserving its connection to the underlying evidence, enabling
grounded and traceable reasoning. Their main challenge lies in deciding what memories to construct, how to organize
and retrieve them, and how to generalize from historical experiences to new situations.

Parametric and Adapter-Based Distillation methods encode person-specific patterns directly into model param-
eters, adapters, embeddings, or other learned components [37, 94, 98]. They are well suited for capturing recurring
reasoning patterns and behavioral tendencies that are difficult to express explicitly [78]. Their main limitation is reduced
interpretability, making it difficult to understand what has been learned, detect memorization of sensitive information,
or verify that the learned behavior truly reflects the target person [15, 26].

Preference- and Reward-Based Distillation methods represent a person through their evaluative behavior by
learning how they compare or rank alternative decisions [20, 80]. This representation is particularly effective for
modeling judgment and decision criteria [10]. However, evaluating alternatives is not equivalent to generating them,
and reducing complex reasoning to scalar preference scores may obscure the rationale behind a person’s decisions.

Behavioral and Trajectory-Based Distillation methods learn from sequences of actions rather than isolated
artifacts [77, 111]. They model how a person gathers information, makes decisions, revises plans, and responds to
feedback across time. Such methods are important for capturing procedural behavior, but they must address the
challenge that real-world human trajectories are often fragmented, incomplete, and distributed across multiple contexts
and platforms.

These methodological families are complementary rather than mutually exclusive. A practical person-distillation
system may combine document-based profiles for explicit knowledge, memory systems for evidence, parametric
models for implicit behavioral patterns, and reward models for evaluative judgment [10, 37, 81, 135]. An important
research challenge is therefore to develop Hybrid and Revisable Person Distillation methods that coordinate
multiple representations, integrate heterogeneous evidence, resolve inconsistencies, and continually update the distilled

representation as new evidence becomes available [70, 84].

2.5 Evaluation

The fourth component of person distillation concerns evaluation. Once a distilled person representation has been
constructed, the system must determine whether it faithfully captures the target person. Unlike conventional Al
evaluation, person distillation cannot be assessed solely by task success, response quality, or user satisfaction [64, 94].
A system may complete a task successfully while failing to reflect the person’s knowledge, judgment, communication
style, or behavior [120]. It may also generate convincing but unsupported person-specific claims [40]. We therefore
organize the evaluation design space around three complementary dimensions: evaluation objectives, protocol design,
and metrics and diagnostics.

Evaluation objectives define what aspect of person fidelity is being measured. Because a distilled person represen-
tation may encode multiple facets, evaluation should distinguish knowledge fidelity, judgment fidelity, communication
fidelity, behavioral fidelity, values and personality fidelity, and relational fidelity. These objectives capture different

aspects of a person and should be evaluated separately rather than collapsed into a single score.
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Protocol design specifies how evaluation cases are constructed. Person distillation requires protocols that assess
both generalization and person specificity. For example, temporal hold-out evaluates whether historical traces predict
future behavior [39], case hold-out measures generalization to unseen situations [50], matched-peer comparison tests
whether the system distinguishes the target person from similar individuals [102], self and peer review assesses
perceived faithfulness [114], and boundary probing examines whether the system appropriately abstains when evidence
is insufficient [31, 40].

Metrics and diagnostics determine how evaluation results are measured and interpreted. Depending on the target
facet, evaluation may measure factual accuracy over known experiences, agreement with historical decisions, similarity
of communication patterns, alignment with observed behavioral trajectories, or consistency with peer assessments [102].
Person distillation also requires diagnostics beyond conventional model evaluation, including person specificity relative
to matched baselines, evidence support for generated claims, unsupported claim rate, boundary calibration, temporal
robustness, and cross-source consistency [31, 40].

Section 6 develops these three dimensions into a comprehensive evaluation framework, including objectives, bench-

mark construction protocols, metrics, and diagnostic analyses for assessing person-specific fidelity.

3 Source Evidence: A Taxonomy of Personal Traces

Person distillation begins with source evidence. Before asking how to extract, represent, or evaluate a person’s knowledge
and behavior, we must first ask what evidence about that person is available. The coverage, granularity, provenance,
modality, abstraction level, and temporal structure of this evidence fundamentally determine what can be distilled. A
system trained only on chat messages may imitate conversational style but is unlikely to recover technical judgment
or decision-making patterns. A system trained only on task trajectories may capture reusable skills but miss the
person-specific reasoning behind those skills.

We define personal traces as observable evidence from which a person’s knowledge, skills, preferences, personality,
relationships, and behavioral patterns can be inferred. Personal traces include first-person artifacts such as messages,
emails, code commits, authored documents, meeting recordings, social media posts, and activity logs, as well as third-
party artifacts such as peer evaluations, performance reviews, media reports, and conversations about the target person.
Personal traces are therefore not a single data type but a heterogeneous collection of signals accumulated across
personal, professional, and social contexts.

To organize this diversity, we analyze personal traces along four dimensions: provenance (Section 3.1), which concerns
who generated the trace; modality (Section 3.2), which concerns how the trace is expressed; abstraction level (Section 3.3),
which concerns how much interpretation has already been applied; and temporality (Section 3.4), which concerns when
the trace was generated and whether its temporal structure is preserved. These dimensions are complementary. A trace
can simultaneously be first-person, textual, raw, and timestamped; another can be third-party, visual, highly interpreted,
and retrospective. Figure 3 summarizes this taxonomy and provides illustrative trace examples.

This taxonomy also reveals an important limitation of existing work. Role-playing and persona-based LLMs [56,
98, 120, 123, 132] primarily rely on curated dialogues, scripts, and persona descriptions, emphasizing conversational
style and character consistency. Agent skill distillation frameworks [41, 77, 118] primarily rely on task execution
trajectories and feedback, emphasizing task success rather than person-specific reasoning. Existing person distillation
systems [23, 109, 116, 135] have begun to incorporate richer personal traces, but they still cover only a small portion of

the broader source-data landscape.



10 Zhang et al.

Personal Traces

il SR, CIREne. WA | i,
e Provenance 0 Modality e Abstraction Level Temporality

® First-Person Traces < Ee’: ® Raw Traces ® Snapshot
e Code
® Third-Party Traces oy Rilio/Nideo, ® Interpreted or e Longitudinal /
o Images/Screenshots Derived Traces Sequential Traces
JRREC Logs/Graphs Ny y I8 )

Illustrative Trace Examples

f N @ ~ ( W B ~ —a
+— 2
‘ U L > &
3 <[> _ Wéa| a8
Textual Code & Behavioral Structured Multimodal & Third-Party &
Communication Technical Artifacts Trajectories Behavioral Logs Situated Records Relational Evidence
@ Emails @ Source Code @ Incident Response © Activity Timestamps | | © Audio/Video ® Peer Feedback
© Chat Messages © Pull Requests B : o/ Calendar/Task ® Screenshots ® Manager Reviews
© Meeting Transcripts | | @ Design Docs i 5\;} l;t?[gol ‘:E Records © Images e Collaboration
\ ) 8 J - \ ) e )

Fig. 3. Taxonomy of personal traces. The top panel shows the four organizing dimensions: provenance, modality, abstraction level,
and temporality. The bottom panel gives illustrative trace-type examples.

The remainder of this section develops the taxonomy and highlights research opportunities associated with each

dimension.

3.1 Trace Provenance: Who Generated the Evidence?

Provenance concerns who generated a trace: the target person or others who observed, interacted with, evaluated, or
discussed that person. Provenance matters because different sources reveal different aspects of an individual. First-
person traces provide direct evidence of what a person said, wrote, built, chose, and did. Third-party traces provide

evidence of how that person was perceived, evaluated, and experienced by others.

3.1.1  First-Person Traces. First-person traces are artifacts produced by or directly attributable to the target person.
Examples include chat messages, emails, code commits, authored documents, social media posts, meeting recordings,
voice memos, screenshots, and activity logs. Existing person distillation systems rely heavily on such traces. For example,
COLLEAGUE-SKILL [135] ingests a colleague’s Feishu chat messages, DingTalk documents, PDFs, images, and screenshots.
Similarly, Ex-SKiLL [109] collects WeChat and iMessage conversation logs, screenshots, and related personal artifacts.

The primary advantage of first-person traces is direct attribution. The target person actually wrote the message,
committed the code, authored the document, or made the decision. As a result, these traces provide high-fidelity evidence
of behavior with minimal intermediary interpretation. They can reveal communication style, technical preferences,

decision patterns, routines, expertise, and values.
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Evidence from computational social science supports this view. Kosinski et al. [54] show that Facebook Likes
can predict personal attributes such as personality traits, political views, and sexual orientation. Stachl et al. [101]
demonstrate that smartphone behavioral data, including app usage, communication logs, mobility patterns, and screen
activity, can predict Big Five personality traits [68]. In software engineering, Caliskan-Islam et al. [13] show that
programmers can be de-anonymized from executable binaries with up to 96% accuracy, even after compilation removes
variable names and alters program structure. These results suggest that first-person traces encode not only observable
behavior but also deeper person-specific patterns of reasoning, choice, and judgment.

First-person traces are also attractive because they are naturally generated in modern digital environments. Messages,
emails, documents, commits, calendar events, and activity logs accumulate as a byproduct of everyday work and life.
However, abundance does not imply informativeness. Many traces are routine, repetitive, context-dependent, or only
weakly related to a person’s distinctive characteristics. A message such as “sounds good” is clearly attributable to the
individual yet reveals little about their expertise or judgment.

Moreover, first-person traces are often shaped by self-presentation. People curate public posts, write formal emails
differently from private notes, and may alter their behavior when they know they are being observed. Consequently, first-
person traces are not neutral observations of a person. They are direct evidence of behavior, but they may overrepresent
what the individual chose to record, communicate, or display.

Finally, first-person traces raise significant privacy concerns. Because they originate from the target person, they
may contain sensitive information about preferences, relationships, health, politics, location, work history, private
conversations, or confidential projects. The same property that makes these traces valuable for person distillation,
namely, their ability to encode rich personal information, also makes them risky to collect, store, model, and expose.
Person distillation systems therefore require mechanisms for provenance tracking, consent management, access control,
temporal scoping, selective forgetting, and the separation of reusable behavioral patterns from private details that

should not be reproduced.

3.1.2  Third-Party Traces. Third-party traces are artifacts produced by others that reveal information about the target
person. Examples include peer reviews, performance evaluations, recommendation letters, media reports, customer
feedback, code review comments written about the person, and conversations that mention the target individual. For
example, a Slack discussion between two teammates may reveal how they perceive a manager’s decision-making style,
even if the manager is not part of the conversation.

Compared with first-person traces, third-party traces are less directly tied to the person’s own behavior. However,
they often reveal information that first-person traces cannot easily capture, including reputation, interpersonal impact,
blind spots, externally visible competence, and how the person’s actions are interpreted by others. Existing person
distillation systems rely primarily on first-person traces [109, 135], leaving third-party evidence largely unexplored.
ZHANGXUEFENG-SKILL [3] provides a partial example by combining the subject’s own books and speeches with analytical
commentary from technology and business media.

Research in personality psychology and organizational behavior supports the value of third-party evidence. Connelly
and Ones [21] show that other-ratings of personality can predict job performance and academic achievement better
than self-ratings and provide predictive power beyond self-reports. Vazire [114] proposes the Self-Other Knowledge
Asymmetry (SOKA) model, which argues that individuals are often more accurate in assessing low-observability traits,

whereas observers may be more accurate in assessing highly evaluative traits such as intellect. For person distillation,
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this suggests that first-person traces may better reveal internal preferences and reasoning processes, while third-party
traces may better reveal competence, social impact, and evaluative judgments.

However, third-party traces are not objective ground truth. They reflect the observer’s perspective, incentives,
relationship with the target person, and social context. A peer review may identify genuine weaknesses but may also
reflect bias, misunderstanding, or conflict of interest. A media report may summarize a person’s reputation while
emphasizing controversy or adopting a particular narrative frame. Consequently, third-party traces should be interpreted

as evidence about how a person is perceived rather than direct evidence of their internal state.

3.1.3  Combining First-Person and Third-Party Evidence. First-person and third-party traces provide complementary
perspectives on the same individual. First-person traces capture what the person directly said, wrote, built, decided, and
experienced. Third-party traces capture how those actions were perceived, evaluated, interpreted, and discussed by
others. Together, they provide a more complete representation than either source alone.

For example, a person’s architecture decisions may reveal how they reason about technical tradeoffs, while colleagues’
assessments may reveal whether those decisions were considered effective, influential, or difficult to work with. Similarly,
a person’s stated leadership philosophy may differ from how team members experience that leadership in practice.
Combining both perspectives therefore offers the potential to capture both internal and external views of the same
individual.

This complementarity is consistent with the SOKA framework [114], which argues that different observers possess
different kinds of knowledge about a person. Provenance should therefore be treated not merely as metadata, but as a
factor that determines which aspects of a person can be reliably inferred from a trace.

Integrating these sources introduces several important research challenges.

Data Integration. First-person and third-party traces are often distributed across different platforms, modalities, and
contexts. Integrating them requires identity resolution, event alignment, and provenance-preserving representations

that maintain links between observations and their sources.

Verification and Conflict Resolution. Different sources may provide conflicting accounts of the same individual. Such
disagreements may arise from self-presentation bias, observer bias, differing perspectives, or genuine changes over
time. Future systems must reason about source reliability, uncertainty, and disagreement rather than simply averaging

conflicting signals.

Multimodal Provenance Fusion. Provenance interacts with modality. First-person traces may include text, code, audio,
video, and behavioral logs, whereas third-party traces may include evaluations, transcripts, social media discussions, and
organizational records. Future research must develop methods for combining multimodal evidence across provenance

types while preserving the evidential basis of distilled conclusions.

3.2 Trace Modality: How Is the Evidence Expressed?

While provenance concerns who generated a trace, modality concerns how the trace is expressed. Personal traces may
appear as text, code, audio, video, images, behavioral logs, relational graphs, and other modalities. Modality matters
because different modalities expose different facets of a person. The same individual may reveal expertise through
code, communication style through messages, behavioral habits through activity logs, and organizational role through
collaboration networks. Thus, the modalities available to a person distillation system determine what aspects of the

person can be observed, inferred, and distilled.
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Existing systems already use multiple modalities, but they remain concentrated in a narrow region of the design

space. Most are multimodal in principle but text-dominant in practice.

3.2.1 Text-Dominant Multimodal Traces. Existing person distillation systems rely heavily on textual artifacts, including
chat histories, emails, documents, social media posts, books, interviews, and transcripts [1, 3, 109, 116, 128, 135]. Text is
easy to collect, search, index, summarize, and process with modern language models. It is also intentionally produced:
people choose what to write, how to phrase it, and what to include. As a result, text often contains concentrated signals
about expertise, preferences, communication style, and reasoning patterns.

However, text captures only part of a person. Audio reveals how a person communicates, including tone, pacing,
hesitation, emphasis, confidence, and emotional expression. These signals often disappear in transcription. Visual
traces capture other dimensions of behavior. Whiteboard sketches reveal how a person structures problems spatially.
Presentation slides show how they organize arguments visually. Recorded demonstrations show how they interact with
tools, systems, and collaborators in real time.

Several systems have begun to incorporate such modalities. MAMASKILL [42] uses voice memos. EX-SKILL [109]
extracts temporal and geographic information from photographs through EXIF metadata. BROTHER-SKILL [1] ingests
video, audio, and textual content from YouTube and TikTok. ZHANGXUEFENG-SKILL [3] incorporates speeches and
lecture videos.

Despite their value, audio and visual traces remain underused because they are noisy and expensive to process. A
one-hour meeting recording may contain only a few minutes of person-revealing behavior. A photograph may contain
a useful sketch together with irrelevant background details. This tradeoff between signal richness and processing
complexity helps explain why current systems continue to favor text. As multimodal foundation models improve,
however, these richer modalities may become increasingly important for capturing aspects of a person that text alone

cannot reveal.

3.2.2 Code as a Behavioral Trace. A particularly important but underexplored modality is code. Although code is
central to agent learning and software engineering research, it plays a limited role in current person distillation systems.

In agent skill learning, code often represents a task solution. For example, VOYAGER [118] learns reusable skills from
generated code, execution feedback, errors, and self-critique. In this setting, code is primarily an executable artifact for
accomplishing tasks.

For person distillation, human-authored code should be viewed differently. When a developer structures a module,
names variables, designs interfaces, writes tests, or reviews a pull request, they leave traces of architectural thinking,
problem decomposition, quality standards, and engineering taste [13]. Code is therefore not merely an artifact of task
completion; it is evidence of how a specific person reasons and makes decisions.

Existing work has only begun to explore this opportunity. VIBEPORTRAIT [23] distills developer characteristics from
interactions with Al coding assistants. More broadly, Al-assisted development creates a new class of traces that we call
Al-mediated coding traces. These include prompts, rejected suggestions, edits, tests, refinements, and acceptance
decisions produced during collaboration between a human developer and a coding assistant.

Al-mediated traces occupy an intermediate position between human-authored and machine-generated content.
Although many code tokens may originate from the model, the developer frames the problem, specifies constraints,
evaluates alternatives, and validates solutions. Thus, the most informative signal may lie not in the final code artifact
but in the interaction process: how the developer evaluates suggestions, revises imperfect solutions, and exercises

judgment throughout development.
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3.2.3 Behavioral Logs and Human Trajectories. Another underexplored modality is structured behavioral data. Exam-
ples include commit histories, calendar events, task records, interaction timestamps, review activities, communication
frequencies, and response latency patterns.

Unlike text, which primarily captures what people say, behavioral traces capture what people do. They record actions,
decisions, routines, and temporal patterns. A developer’s commit history may reveal when they work, which systems
they know best, and how they approach debugging. Calendar records may reveal how they allocate attention across
projects. Code review histories may reveal which technical issues they consider important enough to examine closely.

This perspective connects person distillation to agent skill learning. Frameworks such as TRACE2SKILL [77] and Jiang
et al. [41] learn from trajectories consisting of states, actions, and outcomes. Human behavioral traces can be viewed as
real-world analogues of such trajectories.

However, human trajectories differ from agent trajectories in a crucial way: they are almost always incomplete.
Agent systems are usually designed to record observations, actions, and outcomes. Human activity is not. An engineer
investigating a production incident may leave behind Slack discussions, dashboard screenshots, commits, and tickets,
while critical reasoning occurs in a Zoom meeting, hallway conversation, or private mental process. The available
traces are therefore fragments rather than complete trajectories.

This observation motivates a research agenda around trajectory reconstruction. Future systems may need to
identify task boundaries across platforms, align fragmented observations into coherent episodes, distinguish observed
actions from inferred actions, and represent uncertainty arising from missing information. Incomplete trajectories are

not a corner case of person distillation; they are the normal case.

3.24 Relational Traces and Social Context. A third major gap concerns relational data. Existing systems primarily
focus on content produced by an individual, while largely ignoring the social structures in which that individual
operates.

Relational traces include organizational hierarchies, collaboration networks, communication graphs, code review
relationships, mentorship chains, expertise networks, and other representations of how people interact. Such traces
describe not the content of a person’s actions but their position within a broader social system.

This distinction matters because many aspects of a person’s role cannot be inferred from content alone. A senior
engineer’s Slack messages may reveal technical expertise and communication style. A collaboration graph may reveal
that they bridge multiple engineering organizations. A review network may show that junior engineers consistently
seek their advice before consulting others. These properties emerge from relationships rather than from any individual
message or document.

Current systems occasionally assume relational context. For example, Boss-SKILLs [116] assumes that the target
person is a manager but does not explicitly model relational structure as a first-class source of evidence. This omission
limits the ability of person distillation systems to capture how expertise is deployed, how influence propagates, and
how a person’s role emerges within a larger community.

A key open challenge is relational representation. Should relationships be modeled as hierarchies, collaboration
graphs, communication networks, review networks, or multi-relational knowledge graphs linking people, topics, projects,
and roles? More broadly, relational traces suggest that person distillation should move beyond isolated individuals and

model people as participants in evolving social systems.
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3.3 Trace Abstraction: How Processed Is the Evidence?

While provenance concerns who generated a trace and modality concerns how a trace is expressed, abstraction level
concerns how much interpretation has already been applied. Some traces are direct observations of behavior, such as
messages, commits, recordings, and activity logs. Others are processed summaries, evaluations, profiles, recommenda-
tions, or narratives that compress many observations into higher-level descriptions. This distinction matters because
abstraction changes both the information content and the assumptions embedded in the data. As traces become more

abstract, they often become easier to store, search, and use, but they also move further away from the original evidence.

3.3.1 Raw Behavioral Traces. At one end of the spectrum are raw traces: a person’s actual messages, code, meeting
recordings, calendar events, behavioral logs, and other direct records of activity. Raw traces are the closest available
approximation to observing the person’s behavior directly. The person actually sent the message, wrote the code,
attended the meeting, or performed the recorded action, with minimal intermediate interpretation.

The primary advantage of raw traces is fidelity. Because little processing has been applied, raw traces preserve subtle
behavioral patterns that higher-level abstractions may overlook. For example, Goyal et al. [35] show that observing how
a person works can predict task performance even without examining the final outcome. Similarly, Stachl et al. [101]
demonstrate that passively collected behavioral traces such as mobility patterns, communication activity, and media
consumption can predict personality traits. These findings suggest that person-specific signals are often embedded in
behavioral details that may appear unimportant in isolation but become informative in aggregate.

Raw traces are especially valuable because they preserve information that was never explicitly articulated. A senior
engineer may never state, “I prefer eventual consistency over strong consistency,” yet that preference may become
visible across many architecture decisions. A manager may never describe their leadership philosophy directly, yet
recurring communication patterns, meeting behaviors, and delegation choices may reveal it.

However, fidelity comes at a cost. Raw traces are often noisy, repetitive, and weakly informative when viewed
individually. A person’s digital history may contain millions of messages, interactions, and events, most of which reveal
little about distinctive expertise, judgment, or personality. Processing such traces at scale is expensive, and the relevant
signal is often distributed across many observations. Recovering a person’s expertise, values, or decision criteria may
require aggregating evidence across months or years.

Thus, the central challenge is not merely collecting raw traces but extracting person-specific signal from them

without discarding the subtle details that make them valuable.

3.3.2 Interpreted and Derived Traces. At the opposite end of the spectrum are interpreted traces: representations
that already contain human or algorithmic abstraction. Examples include performance reviews, recommendation
letters, personality assessments, resumes, biographies, media profiles, project retrospectives, expert evaluations, and
Al-generated summaries of behavior.

Unlike raw traces, interpreted traces do not simply record what happened. They explain, evaluate, or characterize
the person. A performance review may summarize a year of work into a few paragraphs. A recommendation letter may
compress hundreds of interactions into high-level claims about leadership or technical ability. A manager’s statement
that an engineer is “excellent at incident response” is itself an abstraction built from many observations.

The primary advantage of interpreted traces is information density. Rather than forcing a system to reconstruct

patterns from thousands of observations, interpreted traces often expose high-level conclusions directly. They may
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identify strengths, weaknesses, expertise areas, or behavioral tendencies, making such information easier to retrieve
and use.

However, interpreted traces embed the assumptions, biases, and limitations of whoever produced them. A performance
review reflects the reviewer’s expectations and criteria. A media profile reflects the author’s framing. Al-generated
summaries inherit biases from both the underlying data and the summarization process. Consequently, interpreted
traces should not be treated as objective ground truth. They are evidence about how behavior has been interpreted, not
necessarily direct evidence of the behavior itself.

Moreover, abstraction is lossy. When a year of behavior is compressed into a few sentences, many details disappear.
A summary may correctly identify that a person is a strong technical leader while omitting the situations, tradeoffs, and
decisions that support that conclusion. As abstraction increases, traces become easier to use but may lose the nuances

that distinguish one individual from another.

3.3.3 Linking Raw Evidence and Abstractions. Raw and interpreted traces should be viewed as complementary levels of
evidence. Raw traces provide fidelity; interpreted traces provide structure. Together, they form a hierarchy from direct
observations to increasingly abstract characterizations.

This hierarchy raises several research challenges.

Evidence Compression. Person distillation requires compressing large volumes of behavioral evidence into represen-
tations that can be stored, retrieved, and used efficiently. Excessive compression risks losing person-specific nuance,

while insufficient compression leaves systems overwhelmed by raw data.

Traceability and Verification. As abstractions move further from the underlying evidence, verification becomes harder.
If a distilled representation claims that a person is an excellent mentor or a risk-averse decision maker, users should
be able to trace that claim back to supporting evidence. Future systems may need explicit links between high-level

abstractions and the raw traces from which they were derived.

Multi-Level Reasoning. Different downstream tasks require different abstraction levels. Answering a question about
how a person handled a specific production incident may require concrete traces. Predicting how that person would
approach a future incident may require abstract behavioral patterns learned from many episodes. Person distillation
systems may therefore need to reason across multiple abstraction levels, dynamically moving between raw observations
and higher-level interpretations.

More broadly, abstraction suggests that person distillation should not construct a single flat representation. It may
require a hierarchy of representations that preserves connections among observations, patterns, explanations, and

high-level characterizations.

3.4 Trace Temporality: When Was the Evidence Generated?

While provenance concerns who generated a trace, modality concerns how the trace is expressed, and abstraction level
concerns how much interpretation has already been applied, temporality concerns when the trace was generated and how
its temporal structure is represented. Temporality matters because people are not static. Their knowledge, preferences,
relationships, expertise, responsibilities, and even sense of identity evolve over time [12, 95]. A person distillation
system that ignores time risks collapsing multiple versions of a person into a single static portrait.

Longitudinal research shows that personality traits change across the lifespan rather than remaining fixed [89]. Similar

evolution occurs in professional settings: individuals acquire expertise, develop judgment, adapt to new organizational
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environments, and redefine professional identities throughout their careers [8, 58]. A junior engineer, a senior architect,
and an engineering manager may be the same individual at different points in time, yet they may exhibit different
behaviors, priorities, and decision-making patterns. Person distillation must therefore account not only for who a person
is but also for when they were that person.

Existing person distillation systems rely on temporally situated traces, including workplace communications, personal
conversations, books, speeches, interviews, media reports, and other artifacts [109]. However, temporality is usually
treated as metadata rather than as a first-class representational dimension. This is a missed opportunity: temporal
structure determines what kinds of change can be observed, what patterns can be reconstructed, and what version of a

person is ultimately distilled.

3.4.1 Snapshot and Longitudinal Traces. The most basic temporal distinction is between snapshot and longitudinal
traces. Snapshot traces capture a person at a particular moment or during a limited period. Examples include resumes,
profile pages, performance reviews, recommendation letters, interviews, and published articles. Such traces often
summarize a longer history into a point-in-time description.

In contrast, longitudinal traces preserve observations across extended periods. Examples include commit histories,
code review records, communication archives, meeting transcripts, and long-running social media histories. Unlike
snapshots, longitudinal traces reveal trajectories. They make it possible to observe how expertise develops, how
communication styles change, how relationships evolve, and how behavioral patterns emerge over time [53, 60].

This distinction matters because many person-specific characteristics are inherently temporal. Expertise is not simply
possessed,; it is acquired. Leadership is not merely a trait; it emerges through repeated interactions. Judgment is not
static; it develops through experience. A snapshot may reveal the current state of a person, whereas longitudinal traces

reveal how that state was reached.

3.4.2  Facet-Specific Temporal Dynamics. Different facets of a person evolve at different rates. Some facets are largely
cumulative. Domain expertise, technical knowledge, and professional judgment often develop gradually over years, so
older traces may remain informative [58]. An architecture document written five years ago may still reveal enduring
principles that guide a person’s technical decisions today.

Other facets are more context-sensitive. Communication style, collaboration patterns, and organizational roles may
change rapidly when a person joins a new team, assumes a new position, or operates under different constraints [43]. A
person’s communication style as an individual contributor may differ substantially from their communication style as a
manager.

Still other facets exhibit long-term stability with gradual drift. Personality traits, values, and interpersonal
tendencies may remain recognizable over long periods while still evolving through major life experiences and career
transitions [71]. These differences suggest that temporality should not be modeled uniformly. The relevance of a trace
depends not only on its age but also on the facet being inferred. A decade-old design document may remain valuable
evidence of technical judgment, while a decade-old email exchange may be weak evidence of current communication

behavior.

3.4.3 Temporal Person Models. Beyond individual traces, temporality raises a deeper representational question: should
a person be modeled as a single profile or as an evolving sequence of profiles?
Most current systems implicitly assume a single profile. They aggregate traces across time and distill them into one

representation. This approach is simple, but it obscures temporal variation. Contradictions between older and newer
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behaviors are often averaged away rather than explained. A person who once preferred rapid experimentation but later
became risk-averse may appear inconsistent when, in reality, their priorities changed.

An alternative is to treat person distillation as constructing a temporal person model. Rather than producing
one static representation, the system would maintain multiple temporally grounded representations connected by an
evolution trajectory. Such a model could capture how expertise accumulates, how responsibilities shift, how preferences
change, and how major events reshape behavior. Temporal change is therefore not merely noise to filter out; it is part

of the person being distilled.
3.4.4 Temporal Challenges. Integrating temporality into person distillation introduces several challenges.

Temporal Scope. What period of a person’s life should be included in the source evidence? A short window may
better represent the current person while reducing storage and processing costs. A longer history may reveal deeper

developmental trajectories but may also incorporate outdated information.

Temporal Attribution. Many traces describe one time period while being created in another. Resumes, interviews,
autobiographies, postmortems, and performance reviews often discuss past events from a later perspective. Systems

therefore need to distinguish event time from recording time and reason about temporal ambiguity.

Temporal Sparsity and Missing Periods. Personal traces are rarely collected uniformly. Data may be concentrated
around particular projects, jobs, life events, or periods of intense activity, while other periods remain unobserved.
Future systems may need to model temporal coverage and represent uncertainty arising from missing data rather than

assuming continuous observation.

Temporal Drift and Versioning. A fundamental challenge is determining when accumulated changes justify treating
the person as a new version of themselves. At what point does a junior engineer become a senior engineer, or an
individual contributor become a manager? Future systems may require mechanisms for detecting meaningful shifts in
expertise, responsibilities, preferences, or behavior and for maintaining multiple temporally grounded versions of the
same person.

More broadly, temporality suggests that person distillation should be viewed not merely as modeling a person but as

modeling a person’s evolution.

3.5 Gaps in the Source-Data Landscape

The four dimensions above, provenance, modality, abstraction level, and temporality, define a broad design space
for personal traces. Existing research related to person distillation occupies only small regions of this space. Although
several adjacent fields aim to model individuals, characters, users, or agents, they typically focus on narrow subsets of
trace types while overlooking the heterogeneous evidence generated by real people.

Two especially relevant lines of work are role-playing LLMs and agent skill distillation. Both provide useful founda-

tions, but neither captures the full source-data complexity required for person distillation.

3.5.1 Role-Playing LLMs: Personas with Limited Evidence. The first related category is role-playing and persona-
based LLMs, whose goal is to make a model behave consistently as a character, historical figure, or fictional persona.
These systems rely on source evidence about individuals, but the evidence is typically narrow, curated, and dominated

by conversational content.



Person Distillation: Foundations and Principles for Personalized Al 19

At the simplest end, persona-mimicry systems operate almost entirely on dialogue. For example, Li et al. [56]
extract dialogues from television and anime scripts to construct memory databases of utterances, while Zhang et al.
[132] use crowdworker-generated persona descriptions and conversations to guide role-playing behavior. Similarly,
RoleLLM [120] constructs role profiles primarily from dialogues and character descriptions extracted from novels and
movies.

More recent systems enrich conversational data with additional context. Character-LLM [98] incorporates information
about a character’s experiences and emotional states. CoSER [123] further extracts actions and internal thoughts from
literary works, either directly from the source text or through LLM-based inference. These additions move beyond pure
dialogue, but they remain grounded in narrative descriptions of characters.

Viewed through our taxonomy, role-playing systems occupy a narrow region of the source-data space. Their traces
are predominantly textual, curated, and highly abstracted, often organized around scripted interactions. Missing are the
heterogeneous, naturally occurring traces that characterize real human behavior: workplace communications, code
repositories, meeting recordings, activity logs, behavioral trajectories, collaboration networks, and other modalities
through which professional expertise and real-world decision-making become visible.

This limitation becomes clear when considering expertise and judgment. Conversational traces are well suited for
capturing how a person speaks, their tone, emotional reactions, and aspects of personality. However, they provide
limited visibility into how the person solves problems, evaluates alternatives, and makes decisions under uncertainty. A
role-playing system may reproduce how Beethoven speaks in a hypothetical conversation, but such dialogue reveals little
about how he composed music: how he evaluated musical structures, departed from convention, or balanced technical
constraints against artistic expression. Similarly, a profile stating that someone is an “experienced and meticulous
engineer” describes a characteristic but does not expose the reasoning processes that produced that reputation.

From the perspective of person distillation, the key limitation is evidential depth. Role-playing systems primarily
model how a person appears in conversation. Person distillation seeks to model how a person thinks, decides, collaborates,
and develops expertise. Capturing these deeper facets requires traces that extend beyond dialogue and narrative

description into the behavioral records of real-world practice.

3.5.2  Agent Skill Distillation: Behavior without Identity. The second related category is agent skill distillation, whose
objective is to extract reusable skills from successful agent behavior. Rather than dialogues and persona descriptions,
agent skill frameworks rely on task execution trajectories.

For example, VOYAGER [118] learns reusable skills from generated code, environment feedback, execution errors,
and self-reflection. TRACE2SKILL [77] distills skills from trajectories consisting of task descriptions, reasoning traces,
tool-use histories, outputs, and correctness signals. More broadly, Jiang et al. [41] conceptualize skill distillation as a
lifecycle centered on task discovery, refinement, execution, and evaluation.

Viewed through our taxonomy, these systems occupy a different region of the source-data space. They use structured
behavioral traces, preserve temporal trajectories, and focus on observable actions and outcomes. In many ways, they
are closer to person distillation than role-playing systems because they model behavior rather than description.

However, they pursue a different objective. Agent skill distillation extracts task-general capabilities. Its central
question is whether the agent successfully completed the task and what reusable procedure can be learned from that
success. The identity of the actor is largely irrelevant.

Person distillation asks a different question. Rather than asking, “How can this task be solved?”, it asks, “How would

this particular person solve it?” This distinction matters when multiple individuals achieve the same outcome through



20 Zhang et al.

different reasoning processes. Two senior engineers may both resolve the same production outage: one by systematically
narrowing the search space through hypothesis testing, the other by relying on years of accumulated intuition. From the
perspective of agent skill distillation, both trajectories demonstrate a successful debugging skill. From the perspective
of person distillation, the difference is precisely the signal of interest.

More broadly, person distillation requires forms of evidence that agent skill frameworks typically ignore. Communi-
cation traces reveal how individuals explain and justify decisions. Code review comments reveal quality standards and
evaluative criteria. Meeting recordings reveal persuasion strategies and stakeholder management. Relational traces
reveal mentorship, influence, and organizational roles. These forms of evidence may contribute little to task success,
yet they are central to understanding what makes one individual distinct from another.

Consequently, agent skill distillation captures behavior without identity, while role-playing systems capture
identity without behavior. Person distillation sits at the intersection of these traditions. It requires the behavioral
richness of agent trajectories together with the person-specific characteristics that make those behaviors uniquely
attributable to a particular individual.

Existing systems either model how a person appears or how a task is performed. Person distillation requires modeling
how a particular individual acquires knowledge, exercises judgment, communicates, collaborates, and acts across
diverse contexts. Achieving this goal requires expanding beyond the narrow regions of the source-data taxonomy
currently explored by adjacent fields and embracing the full diversity of traces that real people generate throughout

their professional and personal lives.

4 Distilled Person Representations

Section 3 characterized the input to person distillation: the diverse personal traces from which a person’s knowledge,
behavior, and identity can be inferred. We now turn to the output. Once information has been distilled from these traces,
how should it be represented? The answer determines what aspects of the person are preserved, how the representation
can be inspected, updated, and shared, and ultimately what downstream tasks it can support. We refer to these outputs
collectively as distilled person representations.

We organize the representation design space along two orthogonal dimensions. The first concerns what should be
represented: which facets of a person should be preserved, including domain knowledge and expertise, judgment and
decision criteria, communication style, behavioral patterns, values and personality, and relational context (Section 4.1).
The second concerns how those facets should be represented, including document-based representations, parametric
models, preference and reward models, and memory and knowledge systems (Section 4.2). Jointly, these two dimensions
define a representation design space for person distillation. Figure 4 summarizes this two-dimensional representation
design space.

A central observation of this section is that no single representation format is well suited to every facet of a person.
Explicit knowledge may be naturally expressed in documents, recurring behavioral patterns may be better captured
by learned models, judgments may be encoded as preference functions, and episodic experiences may be preserved
in memory systems. The challenge is therefore not to identify one universal representation, but to understand how
different representation formats complement one another and how they can be combined into a coherent person
representation. We first introduce the two taxonomies independently and then discuss how they interact, highlighting

the opportunities and challenges of hybrid representations (Section 4.3).
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Distilled Person Representations
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Fig. 4. Taxonomy of the representation design space. Distilled person representations are organized along two dimensions: the
content facet dimension, which specifies what facets of a person should be preserved, and the representation format dimension,
which specifies how those facets should be represented.

4.1 Content Facets: What to Represent

The first dimension of the representation design space concerns what should be represented. This question is more
fundamental than choosing a representation format: before deciding how to encode a person, we must first decide
which aspects of the person are worth preserving. A person is not a single homogeneous object. Domain knowledge
and expertise, judgment and decision criteria, communication style, behavioral patterns, values and personality, and
relational context capture different aspects of human cognition and interaction, evolve at different rates, and serve
different downstream purposes. A faithful person representation should therefore preserve not only what a person
knows, but also how the person thinks, communicates, acts, and relates to others.

This perspective distinguishes person distillation from adjacent research areas. Role-playing LLMs primarily represent
communication style and personality [56, 120], whereas agent skill frameworks primarily represent reusable task-solving
procedures [77, 118]. Neither attempts to represent the full spectrum of person-specific characteristics. We therefore

organize the content of a distilled person into the following six complementary facets.

(1) Domain knowledge and expertise (what they know) [28]. This facet captures a person’s accumulated
knowledge, conceptual frameworks, technical expertise, and professional experience. For example, a senior
backend engineer may know that PostgreSQL advisory locks provide an effective solution for distributed rate
limiting without requiring external infrastructure.

(2) Judgment and decision criteria (how they evaluate) [44]. This facet captures how a person compares alterna-

tives, balances tradeoffs, and applies quality standards when making decisions. Two engineers may possess
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similar knowledge of distributed systems, yet one consistently prioritizes consistency while another accepts
eventual consistency in exchange for lower latency.

(3) Communication style (how they express) [83]. This facet captures characteristic patterns of communication,
including tone, wording, argumentation, level of detail, and adaptation to different audiences. For example, one
engineer may write code review comments as direct imperatives, whereas another conveys the same feedback
through questions and suggestions.

(4) Behavioral patterns (what they do) [73]. This facet captures recurring behaviors across situations rather than
isolated actions. For example, during a production incident, one engineer may immediately inspect dashboards
and logs, whereas another first gathers teammates to discuss hypotheses before examining system state.

(5) Values and personality (who they are) [67]. This facet captures relatively stable dispositions, including
personality traits, values, interpersonal orientation, and risk tolerance. For example, one person may naturally
think aloud and seek early feedback, whereas another prefers to reflect privately before sharing ideas.

(6) Relational context (how they interact with others) [4]. This facet captures interaction patterns that depend on
particular people and relational contexts. The same engineer may communicate formally with senior leadership,

casually with close teammates, and adopt different mentoring styles for different junior engineers.

These six facets are complementary rather than interchangeable. Domain knowledge describes what a person
knows, whereas judgment determines how that knowledge is applied. Communication style describes how decisions
are expressed, whereas behavioral patterns describe how they are enacted. Values and personality capture relatively
stable dispositions, whereas relational context captures how those dispositions are adapted across people and situations.
Together, the six facets provide a structured decomposition of the information that distinguishes one individual from
another.

More importantly, this taxonomy suggests that a person should not be represented as a single latent vector or
profile. Different facets exhibit fundamentally different statistical and semantic properties. Knowledge accumulates,
judgment matures through experience, communication adapts to audience, behavior depends on context, personality
evolves slowly, and relational context depends on the people involved. Treating these heterogeneous properties as one
undifferentiated representation risks losing precisely the distinctions that make a person unique.

This perspective also clarifies the limitations of existing paradigms. Role-playing systems primarily capture commu-
nication style and personality, while agent skill frameworks emphasize domain knowledge and executable procedures.
Neither provides comprehensive coverage of all six facets. Person distillation therefore requires integrating multiple
complementary facets rather than extending any single existing paradigm.

Finally, the taxonomy raises a broader research question: which facets should remain person-specific, and
which can be shared across individuals? Two engineers may possess similar expertise but apply different judgment;
two managers may communicate in similar ways while exhibiting fundamentally different leadership styles. Future
person-distillation systems should therefore reason about similarity at the level of individual facets rather than treating
every person as an indivisible representation. Such a factorized view of person representations opens the possibility of
transferring, comparing, updating, and evaluating different aspects of a person independently while preserving their

overall identity.



Person Distillation: Foundations and Principles for Personalized Al 23

4.2 Representation Formats: How to Encode

Having identified what a distilled person should preserve, we now ask how such information should be encoded. We
distinguish four representation formats: document-based representations, parametric model representations, preference
and reward model representations, and memory and knowledge system representations. These formats should not
be viewed as competing alternatives. Rather, they represent different answers to a fundamental question: What is a
distilled person? Should the person be represented as something that can be read, imitated, evaluated, or remembered?
Each representation makes different tradeoffs among transparency, learnability, auditability, updatability, privacy, and
generalization.

Running example. Throughout this section, consider a senior software engineer who is leaving a company
after eight years. The company hopes to build an Al assistant that preserves the engineer’s knowledge, judgment,
communication style, and experience so that future employees can consult it. The same engineer can be represented in
fundamentally different ways depending on the chosen representation format. We use this example to illustrate the

four representations below.

4.2.1 Document-Based Representations. Document-based representations encode a distilled person as structured text,
such as Markdown skill files, persona cards, system prompts, decision heuristics, or role profiles. This is the dominant
representation format in current practice. COLLEAGUE-SKILL packages distilled knowledge as a Markdown “capability
track + bounded behavior track” [135]. Role-playing systems similarly represent characters through textual persona
descriptions, catchphrases, and structured dialogue examples [120, 132]. In the running example, the departing engineer
is represented by a Markdown profile summarizing areas of expertise, decision heuristics, communication principles,
and frequently used engineering practices. Future employees consult this document whenever they seek advice.

The defining advantage of document-based representations is explicitness. A document can be read, edited, versioned,
shared, audited, and transferred across LLM systems without retraining. It also supports direct correction: when a
user says that the distilled agent “would not do that,” the corresponding rule or behavioral description can be revised.
Document-based representations are therefore naturally suited to explicit knowledge, stated preferences, behavioral
guidelines, and user-facing inspection.

Their central limitation is that they treat a person as a specification. Not everything important about a person is
specifiable. Much expertise is tacit, contextual, and difficult to articulate [78]. Even when relevant knowledge can be
written down, the document is useful only if the downstream model can interpret and apply it. Character-LLM shows
that models may still hallucinate beyond a character’s knowledge boundary despite carefully constructed profiles [98].
Moreover, current practice typically feeds a Markdown skill file directly into an LLM agent [109, 135], conflating three
distinct concerns: the quality of the representation itself, the model’s interpretation of that representation, and the
model’s ability to execute the represented behavior. This conflation makes it difficult to determine whether failures

originate from the representation, the downstream model, or both.

4.2.2  Parametric Model Representations. Parametric representations encode person-specific patterns directly in model
parameters or embeddings rather than external documents. This can be achieved through full fine-tuning, lightweight
adapters such as LoRA [37], quantized adapters such as QLoRA [25], or learned persona embeddings. Instead of reading
an explicit profile, the model itself is modified or conditioned to behave like the target person.

Existing work has explored this representation primarily in role-playing and personalization. CoSER trains role-

playing models from given-circumstance acting data [123]. Character-LLM fine-tunes character-specific models on
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reconstructed, profile-grounded scenes [98]. Persona-Plug represents users through learned personal embeddings
derived from historical behaviors [61]. These systems demonstrate that person-specific behavior can be encoded within
model parameters, although current methods mainly focus on conversational style, character consistency, or user
preference rather than the broader facets of person distillation. In the running example, the engineer is no longer
represented by a profile. Instead, the model is fine-tuned on years of emails, code reviews, design documents, and
technical discussions so that these person-specific patterns are absorbed directly into the model.

The defining strength of parametric representations is implicit learning. They can capture recurring patterns that are
difficult or impossible to describe explicitly, such as phrasing habits, stylistic preferences, recurring behavioral tendencies,
or subtle decision heuristics. Rather than requiring every important characteristic to be manually documented, the
representation learns statistical regularities directly from personal traces.

Their central limitation is opacity. Unlike a document, a fine-tuned model or adapter cannot be directly inspected
to determine what has been learned. Fine-tuning may also capture surface imitation more readily than underlying
competence: a model may reproduce vocabulary, tone, and repeated phrases while failing to recover the reasoning
processes that produced them. Parametric representations further introduce deployment and privacy challenges.
Adapters are often tied to specific foundation models, require retraining after model upgrades, and may memorize

sensitive personal information that is difficult to locate or remove.

4.2.3  Preference and Reward Model Representations. Preference and reward model representations encode a distilled
person as an evaluator rather than a generator. Instead of producing what the person would say or do, the model
scores, ranks, or critiques candidate outputs according to what the person would approve, reject, or consider high
quality [10, 57, 100]. This representation is particularly natural for modeling judgment, where the objective is to
determine which of several alternatives best reflects the person’s standards.

This representation builds upon reward modeling and reinforcement learning from human feedback, where reward
models are learned from human comparisons and subsequently guide generation [7, 20, 80]. Recent work extends
these ideas toward personalized preference modeling. LoRe learns user-specific reward functions through low-rank
structure [10]; PReF represents individual rewards as combinations of shared basis reward functions [100]; and PersRM-
R1 develops personalized reward models using synthetic preference data together with supervised fine-tuning [57]. In
the running example, the engineer is represented as a reviewer rather than a speaker. Given several candidate code
reviews or architecture proposals, the reward model ranks them according to which one the engineer would most likely
approve.

The defining contribution of reward models is the separation of judgment from generation. A person-specific
reward model can evaluate alternatives, guide optimization, support delegation when the person is unavailable, and
potentially combine multiple evaluative perspectives. In this view, the distilled person is represented primarily as a
source of standards rather than a source of actions.

The limitation is that evaluation is not creation. A reward model can only assess the candidates it receives. If none
reflects the solution the person would have proposed, the model can only select the closest approximation. Moreover, a
scalar reward often hides the structure of the person’s reasoning: a low score may arise from poor technical quality,
insufficient evidence, inappropriate tone, a value conflict, or a violation of the person’s knowledge boundary. More
fundamentally, reward models may learn generic notions of quality rather than the person’s distinctive judgment.
Person distillation therefore requires reward models that capture not only what is good, but why this particular person

considers it good.
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4.2.4 Memory and Knowledge System Representations. Memory and knowledge system representations encode a
distilled person as a queryable collection of organized evidence rather than as a compressed profile or model checkpoint.
Instead of directly representing the person, they organize retrievable episodes, semantic facts, procedural knowledge,
relationships, timestamps, confidence estimates, and links to supporting traces. Agent memory systems such as
MemGPT [81] and Mem0 [19], together with cognitive architectures such as CoALA [104], provide useful infrastructure
for this representation.

Importantly, the memory representation is not the raw trace archive itself. Emails, Slack messages, code reviews,
meeting transcripts, and documents remain source traces. The memory layer organizes these traces into structured
representations. In the running example, design documents, incident reports, code reviews, and Slack discussions are
converted into retrievable episodes, semantic facts, and procedural memories. When a future engineer asks how the
departing engineer would approach a production issue, the system first retrieves relevant experiences before generating
an answer.

The defining advantage of memory-based representations is traceability. Every high-level conclusion can, in
principle, be linked back to supporting evidence. Memory systems also naturally support continual growth and temporal
evolution: new experiences can be incorporated, obsolete memories updated or forgotten, and incomplete trajectories
represented without pretending that every reasoning step was observed.

The limitation is that memory is not reasoning. A memory system is useful only if it retrieves the right evidence at
the right time. Poor retrieval may produce convincing answers grounded in irrelevant traces, while successful retrieval
does not automatically imply successful generalization to new situations. Memory systems must additionally decide
what to store, merge, summarize, forget, protect, and expose. Consequently, memory representations preserve evidence
exceptionally well but require sophisticated mechanisms for retrieval, abstraction, temporal reasoning, and privacy
management.

Taken together, the running example illustrates that the same engineer admits four very different computational
representations: a document that can be read, a model that can imitate, a reward function that can evaluate, and
a memory system that can remember. This observation leads to a broader conclusion: person representation is
inherently multidimensional. No single representation format is sufficient in isolation. A mature person-distillation
system will likely integrate these complementary representations, allowing each to capture the facets for which it is

best suited while jointly forming a coherent, inspectable, and continually evolving model of a person.

4.3 Connecting Content Facets and Representation Formats

The two taxonomies above should not be interpreted independently. The content facets define what distinguishes
one person from another, whereas the representation formats define how those characteristics can be represented.
The central question is therefore not which representation is best, but how different representations should work
together. Figure 5 illustrates this mapping using a running example. Different facets produce different kinds of evidence,
evolve at different rates, and support different downstream tasks. Consequently, no single representation is sufficient
for faithfully modeling a person.

The running example illustrates this naturally. Suppose the company has successfully built an Al assistant representing
the departing senior engineer. Which representation should answer a user’s question? If a new engineer asks, “What
systems did she build?”, the answer should come from explicit documents or verified memories. If the question is “How
would she review this pull request?”, the system should rely on learned behavioral patterns and evaluative judgment. If

the user asks why the answer is trustworthy, the system should retrieve supporting evidence from memory. The same
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question may therefore require several representations working together rather than one representation operating
alone.

This observation suggests the first design principle: different facets require different representations. Explicit
knowledge, authored documents, and stated preferences are naturally represented by documents and memories. In
contrast, tacit expertise often emerges only through repeated decisions and accumulated experience [78, 85]. Likewise,
communication style and behavioral regularities are more naturally learned from repeated examples than explicitly
described. Reward models further capture what the person consistently approves or rejects [7, 10, 20, 57, 80, 100]. Future
person-distillation systems should therefore distinguish between knowledge that can be stated and knowledge that must
be learned.

The second design principle is that evidence should never be separated from conclusions. Suppose the assistant
recommends rejecting a system design because it lacks sufficient observability. A user should be able to ask, “Why do you
think she would say that?” and receive not only an explanation but also the historical code reviews, design discussions, or
incident reports that support the conclusion. Memory systems naturally provide this evidential grounding [19, 81, 104],
while reward models and document-based summaries become substantially more trustworthy when they remain linked
to their supporting traces. This suggests that traceability should be treated as a first-class design objective rather than
an implementation detail.

The third design principle is that different facets should evolve independently. Returning to the running

example, the engineer’s technical knowledge may continue growing, communication style may gradually change after
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becoming a manager, and relationships with teammates may evolve rapidly, while core values remain relatively stable.
These heterogeneous dynamics imply that different representations should also be updated in different ways. Stable
characteristics may gradually evolve through parametric learning; rapidly changing information may remain in external
memories; and evaluative criteria may be refined through continual preference learning. Future person-distillation
systems should therefore support facet-specific evolution instead of periodically rebuilding an entire representation
from scratch.

These principles also explain why existing paradigms capture only part of the problem. Role-playing systems represent
communication style and personality through textual descriptions or conversational fine-tuning [56, 110, 120, 132],
but provide limited support for grounded expertise, evolving judgment, or relationship-aware behavior. Agent skill
frameworks represent executable procedures and behavioral policies [77, 118], but largely ignore person-specific
communication, values, and relational context. Neither paradigm alone captures the multidimensional nature of a real
person.

Ultimately, person representation is not a modeling problem but a systems problem. The Al assistant in our
running example is not a document, a model checkpoint, a reward function, or a memory database. It is a coordinated
system in which documents preserve explicit knowledge, parametric models capture implicit regularities, reward
models represent evaluative judgment, and memory systems preserve grounded evidence. The next generation of
person-distillation systems will therefore be defined not by inventing a single better representation, but by learning
how to orchestrate multiple complementary representations into a coherent, continually evolving, inspectable, and

trustworthy computational model of a person.

5 Distillation Methods

Sections 3 and 4 characterized the two endpoints of person distillation: personal traces as input and distilled person
representations as output. This section focuses on the transformation between them. Specifically, we ask how heteroge-
neous traces, such as messages, documents, code reviews, behavioral logs, meeting records, and peer feedback, can be
distilled into faithful computational representations of a particular person.

Current person-distillation systems largely adopt a prompt-based trace-to-profile paradigm. They collect personal
traces and use an LLM to generate a Markdown profile, skill file, persona description, or behavioral summary [109, 135].
This approach is attractive because it is simple, transparent, editable, and easy to integrate into existing LLM agents.
However, it is also fundamentally compressive. Summarizing heterogeneous traces into a single profile inevitably loses
information, as observed in summarization and context-compression settings [86]. The resulting representation also
depends heavily on prompt design [133] and may fail to capture tacit, distributional person-specific patterns that are
difficult to express explicitly [78]. Consequently, prompt-based methods may produce a plausible persona while failing
to preserve the distinctive knowledge, judgment, and behavior of the target person.

Fortunately, adjacent research areas provide many useful methodological foundations. Role-playing and personalized
LLMs study persona construction, fine-tuning, learned embeddings, and persona-conditioned generation [94, 98, 120,
132, 136]. Agent skill distillation learns reusable procedures from task trajectories, execution feedback, and tool-use
histories [41, 77, 118]. Preference and reward modeling learns evaluative functions from human choices [7, 10, 20, 57,
80, 100]. Agent memory systems organize long-term experience into retrievable records [19, 81, 104]. These methods
provide valuable building blocks, but they optimize objectives such as character consistency, task success, or user
preference rather than fidelity to a particular real person. Person distillation therefore requires adapting these ideas to

preserve evidence grounding, person specificity, multi-facet fidelity, boundary awareness, and continual revision.
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The remainder of this section organizes the methodology landscape into six complementary families. We begin with
prompt-based trace-to-profile distillation as the current practical baseline, and then discuss memory-based, parametric
and adapter-based, preference- and reward-based, behavioral and trajectory-based, and hybrid and revisable methods as
increasingly expressive mechanisms for preserving person-specific information. Rather than surveying these methods in
isolation, we examine what each family contributes to person distillation, where it falls short, and what methodological

advances are needed to build faithful, grounded, and revisable representations of real people.

5.1 Prompt-Based Trace-to-Profile Distillation

Prompt-based trace-to-profile distillation is the current practical baseline for person distillation. A system collects
personal traces, provides selected traces or summaries to an LLM, and asks it to generate a structured profile, Markdown
skill file, persona description, decision guide, or behavioral summary. COLLEAGUE-SKILL, for example, packages workplace
knowledge into Markdown-style skill representations [135], while Ex-SKILL constructs similar representations from
personal communication logs and related artifacts [109]. Related role-playing systems also rely heavily on textual
profiles, persona descriptions, catchphrases, and dialogue examples [98, 120, 132].

The popularity of this approach stems from its simplicity. The resulting profile is transparent, editable, and portable
across different LLM agents without retraining. A user can directly inspect the distilled knowledge, revise incorrect
descriptions, or incorporate the profile into downstream applications. These advantages make prompt-based distillation
an attractive starting point for practical systems.

Its main limitation is that it treats a person as a written specification. Compressing heterogeneous traces into a
single profile inevitably loses information, particularly tacit knowledge and behavioral regularities that are difficult to
describe explicitly [78]. For example, two engineers may both be summarized as “cautious about reliability,” yet one
consistently focuses on observability while the other emphasizes ownership and operational responsibility. Although
the profiles appear similar, the underlying judgment criteria are fundamentally different. Furthermore, the generated
profile is not an executable policy. A downstream LLM must still interpret and apply the profile, making the final
behavior sensitive to prompt wording and context [93, 133]. Because profile statements are often disconnected from
their supporting traces, they are also difficult to verify, revise, or audit. Finally, a profile may encourage the model to
answer questions beyond the available evidence, leading to unsupported personalization. Character-LLM reports a
related phenomenon in which models hallucinate beyond a character’s intended knowledge boundary despite carefully
constructed profiles [98].

These limitations suggest that prompt-based trace-to-profile distillation should be viewed as structured knowledge

extraction rather than ordinary summarization. We argue that future systems should satisfy three requirements.

e Evidence-linked profile generation connects every person-specific claim to supporting traces. Instead of
producing a free-form profile, the system generates structured claims together with supporting evidence, times-
tamps, provenance, and confidence estimates. The resulting profile remains auditable and can be automatically
verified as new evidence becomes available.

e Facet-aware profile generation organizes the profile according to person content facets rather than a
single persona description. Claims about domain knowledge and expertise, judgment and decision criteria,
communication style, behavioral patterns, values and personality, and relational context are generated separately
before being integrated into a unified profile, preventing distinctive characteristics from being collapsed into

coarse role-level descriptions.
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e Boundary-aware profile generation explicitly represents uncertainty and unsupported areas. Rather than
encouraging the downstream model to infer missing preferences or knowledge, the profile records what is

unknown, weakly supported, or outside the available evidence, enabling the system to abstain when appropriate.

Prompt-based distillation remains an attractive baseline because of its simplicity and interpretability. However, future
work should move beyond profile generation by developing loss-aware compression, incorporating evidence metadata
and confidence estimates, measuring facet coverage, checking consistency across profile components, and evaluating
profiles against strong matched-peer baselines. These directions would transform prompt-based distillation from an

informal summarization technique into a more faithful, evidence-grounded, and auditable methodology.

5.2 Memory-Based Distillation

Memory-based distillation extends the prompt-based paradigm by replacing a single global profile with a collection
of distilled memory units. Rather than summarizing all personal traces into one document, the system organizes
person-specific evidence into retrievable memories. This approach preserves substantially more information while
maintaining explicit links to supporting evidence. Existing person-distillation systems primarily rely on document-based
profiles [109, 135], whereas retrieval-augmented generation (RAG) [55], long-term agent memory [19, 81, 82], and
related memory architectures suggest a richer alternative for representing people.

The motivation follows directly from the limitations of prompt-based profiles. A single profile inevitably loses
case-specific evidence, rare exceptions, and context-dependent behavior. Memory-based distillation instead preserves
these signals as individual memory units. For example, design decisions, code reviews, production incidents, mentoring
interactions, and relationship-specific communication patterns can each become retrievable memories. When asked
how a person would approach a new problem, the system retrieves the most relevant experiences before generating a
response, transforming person representation from a static profile into an evidence-grounded memory system.

A practical memory-based pipeline consists of two stages: memory construction and person-centered indexing. The
first stage builds directly upon existing work in retrieval-augmented generation, long-term agent memory, and process
mining [19, 55, 81, 82, 111]. Raw traces are segmented into memory candidates, related fragments are consolidated into
coherent episodes, and each memory stores metadata such as provenance, timestamps, participants, source artifacts,
and uncertainty. This produces a persistent collection of structured memories rather than a single compressed profile.

However, directly applying RAG or agent memory is insufficient for person distillation. Conventional retrieval
primarily retrieves documents that are topically similar to a query. Person distillation requires retrieving evidence
that explains how a particular person would think, judge, communicate, or act. A past code review, for example, may
provide the best evidence for a person’s reliability standard even if it concerns a different service than the current
design proposal. Consequently, memories should be indexed not only by topic, but also by person-specific facets such
as domain knowledge and expertise, judgment and decision criteria, communication style, behavioral patterns, values
and personality, and relational context. Retrieval therefore becomes person-centered rather than document-centered.

This perspective naturally raises the problem of facet assignment. Each memory should be associated with the
person content facets it supports. A code review comment may simultaneously provide evidence of technical judgment
and communication style, whereas a meeting transcript may primarily reveal relational context. Future work could
investigate supervised classifiers, LLM-based judges, and hybrid human-LLM annotation protocols for assigning

memories to person content facets while controlling annotation reliability [62, 115].
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Compared with prompt-based distillation, memory-based distillation provides stronger evidence grounding, trace-
ability, and support for continual updates. New experiences can be incorporated as new memories, outdated memories
can be revised or deprecated, and conflicting evidence can be preserved instead of being averaged into a single sum-
mary. At the same time, memory alone is not sufficient. A memory system primarily stores evidence; it does not
automatically infer general decision rules, abstract recurring behavioral patterns, or generalize to novel situations. Con-
sequently, memory-based distillation is naturally complementary to prompt-based, parametric, and other learning-based
approaches.

Several research challenges remain. First, person-centered indexing should retrieve memories according to person-
specific reasoning rather than topical similarity. Second, retrieval itself should be learned so that retrieved memories
maximize prediction of the target person’s behavior instead of semantic relevance alone. Third, memory systems
should support abstraction with traceability by summarizing repeated experiences while preserving links to the
underlying evidence. Fourth, they should explicitly represent conflicting evidence and its provenance instead of
collapsing disagreements into a single memory. Finally, retrieval should support principled abstention: when no
supporting evidence exists, the system should acknowledge this rather than fabricate person-specific behavior. These
directions move memory-based distillation beyond conventional RAG toward an evidence-grounded representation of a

real person.

5.3 Parametric and Adapter-Based Distillation

Prompt-based methods distill a person into a single textual profile, while memory-based methods preserve a collection
of evidence-backed memories. Parametric and adapter-based methods represent a third alternative: they distill person-
specific information directly into learned model parameters. Instead of explicitly storing what a person knows or
has done, the model learns recurring behavioral patterns from many examples. Although current person-distillation
systems mainly rely on external artifacts such as Markdown profiles or skill files [109, 135], adjacent research already
demonstrates the effectiveness of fine-tuning, parameter-efficient adapters, learned embeddings, and conditioning
modules for adapting LLM behavior, including LoRA [37], QLoRA [25], role-playing models [98, 120], and personalized
LLMs [94, 136].

The motivation is that many person-specific characteristics are distributional rather than explicit. A person may
never state “I prefer designs with strong observability,” yet this preference may consistently appear across years of code
reviews and incident responses. Likewise, a manager’s feedback style may emerge only through repeated interactions
rather than explicit rules. Such recurring regularities are difficult to summarize in a profile and cumbersome to recover
from individual memories. Parametric representations instead learn these patterns directly from examples and use them
to guide generation, ranking, or action selection.

A typical pipeline converts personal traces into supervised training instances. Communication traces become examples
of writing style, review histories become examples of technical judgment, historical choices become preference signals,
and behavioral trajectories become supervision for action prediction. These examples are then used to train person-
specific adapters, learned embeddings, or other lightweight parameterizations that condition the underlying language
model.

However, directly adopting role-playing or personalization methods is insufficient for person distillation. Role-playing
models primarily learn conversational style and character consistency [98], while personalized LLMs often optimize task-
specific user preferences such as writing style, tagging, ratings, or citation prediction [94]. Person distillation requires

substantially richer fidelity, including domain knowledge and expertise, judgment and decision criteria, communication
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style, behavioral patterns, values and personality, and relational context. A model that merely sounds like the target
person or remembers historical details is therefore not a faithful representation.

Parametric representations also introduce several challenges. Because person-specific knowledge is encoded implicitly,
the learned representation is difficult to inspect [26], difficult to edit when mistakes are discovered [70], and vulnerable
to memorizing sensitive personal information [15]. Moreover, learned adapters may overfit superficial stylistic cues
while failing to capture deeper reasoning patterns [27]. Unlike memory-based methods, they also provide little direct
evidence for why a particular output reflects the target person, making grounding and boundary awareness significantly
more difficult.

These challenges suggest that person distillation should move beyond a single monolithic adapter. Instead, we
propose facet-specific and evidence-regularized parametric representations. Different adapters or learned modules can
specialize in domain knowledge and expertise, judgment and decision criteria, communication style, behavioral patterns,
values and personality, or relational context, while their outputs remain grounded in supporting memories or profile
claims whenever possible. Rather than replacing prompt-based or memory-based representations, parametric models
should complement them by learning the recurring regularities that are difficult to encode explicitly.

This perspective raises several methodological questions. First, traces must be assigned to the facets they supervise.
Because individual traces often support multiple facets, routing should naturally be multi-label. Practical solutions may
combine limited human annotation, active learning [97], and LLM-based judges with explicit rubrics [62, 115], and
report annotation reliability [6]. Second, multiple facet-specific modules must be composed at inference time. Possible
directions include router-based composition inspired by adapter fusion and mixture-of-experts architectures [29, 84, 99],
or constraint-based composition where separate modules govern judgment, communication style, and boundary
checking. Third, conflicts among modules must be resolved, such as disagreement between communication style and
judgment. Finally, local model editing remains an open problem. Although recent model-editing methods provide useful
foundations [70, 74], person distillation requires edits that are facet-specific, evidence-grounded, and aligned with
feedback from the target person.

Future work should therefore investigate facet-specific training objectives, reliable local model editing, privacy
auditing of learned parameters, tighter integration with memory-based retrieval, and evaluation against matched-peer
baselines. The central question is not whether learned parameters imitate a person’s style, but whether they capture
person-specific knowledge and reasoning beyond what can be achieved with explicit profiles and retrieved memories

while remaining grounded, corrigible, and trustworthy.

5.4 Preference- and Reward-Based Distillation

Prompt-based methods distill what a person says into an explicit profile, memory-based methods preserve what the
person has experienced as retrievable memories, and parametric and adapter-based methods learn recurring behavioral
patterns from large collections of traces. Preference- and reward-based distillation focuses on a complementary person
facet: judgment and decision criteria. Instead of modeling what a person would produce, it models how the person
evaluates alternatives. Given a context and a set of candidate responses, the learned preference model predicts which
alternatives the target person would prefer or reject. The resulting model can rank candidates, critique outputs, select
actions, or guide generation toward decisions that better reflect the person’s evaluative standards.

The central challenge is that a person’s preferences are rarely observed explicitly. In standard preference learning
and reinforcement learning from human feedback (RLHF), supervision is typically provided through ratings, rankings,

or pairwise comparisons, which become direct training signals for reward models [20, 80, 103]. In person distillation,
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however, evaluative standards are usually implicit. They must be inferred from traces such as edits, comments, revisions,
and repeated choices. The goal is therefore not only to determine which alternative the person preferred, but also to
recover the underlying judgment criteria and identify the situations in which those criteria should generalize.

Three design questions arise naturally.

The first question concerns preference scope. A person’s judgment often depends on context, including the task
domain, the artifact being evaluated, the intended audience, the person’s role, the stakes, and the available evidence.
Consequently, a single global preference model is unlikely to capture the full range of a person’s evaluative behavior.
Preference- and reward-based methods may instead be scoped in several ways. A top-down strategy defines models
for specific application domains, such as code review, writing revision, or strategic planning. A facet-based strategy
organizes models around different kinds of judgment, such as technical correctness, maintainability, communication
tone, or relational appropriateness. An evidence-driven strategy groups traces exhibiting similar contexts, artifacts, or
decision patterns. Existing work on fine-grained and multi-objective reward modeling suggests decomposing holistic
rewards into more specific evaluative dimensions [119, 125], while mixture-of-experts reward models provide one
possible architecture for combining heterogeneous preference criteria [129]. These ideas suggest representing a person
through multiple context-specific preference or reward models rather than a single global reward function.

The second question concerns preference supervision. Some traces provide direct preference evidence, including
ratings, rankings, or pairwise comparisons [20, 80, 103]. More commonly, supervision must be constructed from observed
behavior. Useful comparison pairs may come from accepted versus rejected proposals, approved versus declined requests,
or competing alternatives discussed during decision making. Preference information can also be extracted from revisions,
such as before-and-after edits [63, 69], or constructed from model-generated alternatives [80, 103], counterfactual
edits [47], or matched-peer alternatives [10, 16]. These comparisons provide indirect evidence of a person’s evaluative
standards even when explicit preference labels are unavailable.

The third question concerns preference representation. Comparison data can be used to train an explicit reward
model [20, 80, 103], directly optimize a generator through preference learning [87], learn personalized or factorized
reward functions [10, 16, 100], or model multiple judgment dimensions simultaneously [125]. Each representation
makes different tradeoffs between interpretability, sample efficiency, and generalization. For person distillation, however,
the learned model should preserve not only which alternative is preferred, but also why the preference is specific to the
target person, where it applies, and when the available evidence is insufficient to support a confident judgment.

Compared with the previous three method families, preference- and reward-based methods naturally capture
evaluative reasoning but provide weaker evidence grounding. A reward score indicates which alternative is preferred,
but not necessarily which past experiences or observations justify that judgment. Preference- and reward-based
methods are therefore best viewed as complementary to prompt-based profiles, memory-based representations, and
parametric models. Profiles summarize explicit principles, memories provide supporting evidence, parametric models
capture recurring behavioral patterns, and preference- and reward-based methods contribute person-specific evaluative
standards.

Several research challenges remain. First, observed decisions are not equivalent to clean preference labels. A decision
may reflect external constraints rather than intrinsic preferences, a challenge that is also well known in learning from
implicit feedback [38]. Preference- and reward-based methods should therefore represent uncertainty and condition
judgments on contextual factors such as audience, role, stakes, deadlines, and available resources. Second, preference
evidence is often sparse and uneven across domains. Although personalized and pluralistic reward models improve

sample efficiency through shared structure [10, 16, 100], person distillation must ensure that shared information
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complements rather than replaces the target person’s individuality. Third, preference- and reward-based methods
should account for temporal drift by representing how evaluative standards evolve over time instead of collapsing all
historical traces into a single static reward function. Finally, preference- and reward-based methods must preserve person
specificity. A model that predicts generally good decisions has learned a generic reward rather than a person-specific
one. Methods such as matched-peer alternatives, contrastive objectives, and evidence-linked explanations may therefore

be necessary to distinguish genuinely person-specific judgment from role-level or population-level preferences.

5.5 Behavioral and Trajectory-Based Distillation

Prompt-based methods represent what a person says, memory-based methods preserve what the person has experienced,
parametric and adapter-based methods learn recurring behavioral regularities, and preference- and reward-based
methods model how the person evaluates alternatives. Behavioral and trajectory-based distillation focuses instead on
how the person acts over time. Rather than modeling isolated decisions, it seeks reusable process patterns, such as how a
person frames situations, gathers evidence, sequences actions, coordinates with others, revises plans, and responds to
uncertainty.

This perspective is closely related to several existing research areas. Agent skill distillation learns reusable procedures
from trajectories, tool-use histories, execution feedback, and task outcomes [41, 77, 118]. Process mining discovers
workflow structure from event logs [111]. Learning from demonstration and inverse reinforcement learning infer
policies or latent objectives from observed behavior [2, 5, 76]. Person distillation shares many of these techniques
but changes the learning objective. The goal is not simply to recover a successful workflow or executable skill, but to
identify what is distinctive about this person’s way of acting.

For example, two people may both successfully organize a family trip. One may first collect everyone’s constraints,
fix the budget, and prepare contingency plans before selecting activities, whereas another may begin with the desired
experiences and adjust logistics afterward. From the perspective of task success, both strategies are equally effective.
From the perspective of person distillation, however, the ordering of decisions, evidence-seeking habits, coordination
strategies, and revision patterns are precisely the signals that distinguish one individual from another.

The first step is therefore to construct person-centered trajectories. Rather than treating historical records as isolated
events, the system reconstructs coherent episodes consisting of context, evidence, actions, and outcomes. Raw traces are
first segmented into episodes, aligned across heterogeneous sources, ordered temporally, and abstracted into higher-level

5 &

actions such as “collect constraints,” “compare alternatives,” or “seek confirmation.” Existing work on process mining,
event-log preprocessing, and event abstraction provides useful techniques for these operations [65, 108, 111-113]. The
resulting trajectories should remain linked to their underlying traces so that every abstract action can be traced back to
supporting evidence.

Once trajectories have been constructed, the next challenge is to identify decision points. Many actions are dictated
by the task itself and reveal little about the individual. More informative are situations in which several reasonable
actions were available and the observed choice reflects the person’s characteristic way of proceeding. Existing decision
mining identifies branching points in workflows [92], while inverse reinforcement learning explains observed behavior
through latent objectives [2, 76]. Person distillation extends these ideas by asking which choices distinguish the target
person from peers performing similar tasks. This often requires reconstructing the alternatives that were available,
using matched-peer episodes, workflow templates, or the person’s own historical trajectories.

Trajectory information can then be distilled at several levels. Step-level models predict the person’s next action from

the current context, drawing inspiration from learning from demonstration and sequential imitation learning [5, 90].
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Sequence-level models learn longer-range behavioral patterns by modeling entire trajectories, similar to Decision
Transformer [17]. Routine-level models compress frequently occurring action sequences into reusable behavioral
routines or options [105]. Regardless of the modeling approach, the objective remains the same: to preserve behaviors
that are characteristic of the target person rather than generic task procedures.

Compared with the previous four method families, behavioral and trajectory-based methods capture procedural
knowledge that is difficult to express as explicit rules, isolated memories, learned parameters, or preference functions.
At the same time, they depend heavily on accurate trajectory reconstruction and often require complementary repre-
sentations for grounding and interpretation. In practice, behavioral and trajectory-based methods are likely to work
together with memory-based retrieval and parametric representations rather than replacing them.

Several research challenges remain. First, action abstraction must balance generalization and fidelity. Actions that
are too fine-grained become difficult to learn, whereas actions that are too coarse lose the behavioral distinctions
that identify an individual. Hierarchical action vocabularies may provide one solution by preserving links between
low-level traces and higher-level behavioral routines. Second, behavioral and trajectory-based methods must generalize
beyond sparse and uneven observations without overextending limited evidence. Retrieval-augmented behavioral and
trajectory-based methods, uncertainty-aware prediction, and interactive correction mechanisms may help maintain
person-specific fidelity. Finally, behavioral and trajectory-based methods must support continual revision. Because
behavioral patterns evolve over time, future systems should incorporate time-aware trajectory modeling, change-point
detection, and versioned behavioral routines so that new experiences update rather than overwrite a person’s evolving

process.

5.6 Hybrid and Revisable Person Distillation

The five method families above should be viewed as complementary rather than competing. Prompt-based methods distill
a person into an explicit profile, memory-based methods preserve evidence as retrievable memories, parametric and
adapter-based methods learn recurring behavioral patterns, preference- and reward-based methods capture evaluative
judgment, and behavioral and trajectory-based methods represent procedural behavior. Each preserves different aspects
of a person, but each also leaves important gaps. Profiles are transparent but lossy; memories preserve evidence
but do not automatically generalize; parametric models learn implicit regularities but are difficult to interpret and
revise; preference- and reward-based methods encode judgment but depend on the quality of candidate alternatives;
and behavioral and trajectory-based methods capture behavioral processes but require reconstructing incomplete
episodes. Faithful person distillation therefore requires combining these complementary capabilities within a unified
and continually evolving system.

Current person-distillation systems largely rely on a single representation, such as a Markdown profile or skill
file [109, 135]. Adjacent research provides useful building blocks for richer systems. Retrieval-augmented generation
combines generation with external evidence [55]; long-term agent memory combines persistent memories with
inference-time retrieval [19, 81, 82]; adapter composition and mixture-of-experts methods study how multiple learned
modules can be coordinated [29, 84, 99]; and model-editing techniques investigate how learned models can be corrected
locally [70, 74, 122]. These methods, however, optimize different objectives. Hybrid person distillation must instead
coordinate multiple representations around a single goal: faithfully preserving a person’s domain knowledge and
expertise, judgment and decision criteria, communication style, behavioral patterns, values and personality, and

relational context while remaining evidence-grounded and revisable.
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A hybrid person-distillation system should therefore support four core functions. First, it should maintain multiple
complementary representations of the same person, including explicit profiles, retrievable memories, learned parametric
modules, preference and reward models, and behavioral routines or trajectory models. Second, it should determine
which representation, or combination of representations, is appropriate for each query. Third, it should detect and
resolve inconsistencies across representations. Finally, it should support continual revision as new traces and feedback
become available.

The central methodological challenge is orchestration. A hybrid system should not simply concatenate profile text,
retrieved memories, adapter outputs, reward scores, and trajectory predictions. Instead, each component should play a
well-defined role. One possible strategy is staged composition: retrieve relevant evidence, infer the person’s substantive
judgment, express that judgment using the person’s communication style, and finally verify that the response remains
grounded and within the available evidence. This separation of evidence retrieval, reasoning, style realization, and
boundary checking makes the overall system more interpretable, debuggable, and revisable.

Hybrid systems must also handle conflicts across representations. A profile may state that a person values careful
testing, while recent memories show that they adopted faster release practices after changing roles. Likewise, a judgment
model may recommend rejecting a proposal, whereas a communication module prefers a softer presentation. Rather
than averaging such disagreements, future systems should explicitly distinguish substantive decisions from their
presentation. Judgment modules should determine the person’s stance, while communication modules determine how
that stance is expressed.

Equally important is revision. Person distillation is not a one-time process. People acquire new expertise, change
responsibilities, develop new relationships, and revise their own standards. The distilled representation may also
contain errors that are corrected by the target person or trusted collaborators. Different representations naturally
require different revision mechanisms. Profiles can be edited directly. Memory systems can add, revise, or invalidate
individual memories. Parametric models require model editing or additional training [70, 74, 122]. Preference- and
reward-based methods require new comparison data or recalibration, while behavioral and trajectory-based methods
require additional episodes that reflect updated behavioral patterns. Revision should therefore be component-specific
rather than applied uniformly to the entire system.

Revision should also be facet-specific. Different aspects of a person evolve at different rates. Technical knowledge
may change rapidly; communication style may shift after a promotion; and relationships may evolve as organizational
structures change, while core values often remain relatively stable. Updating every representation after each new
observation risks destroying stable characteristics, whereas freezing the entire representation causes it to become
outdated. Similar to concept drift [30], future systems should therefore support different update strategies for different
facets and representation types.

Several research challenges remain. First, systems need principled representation routing that determines which
representations should contribute to a given query. Second, they require mechanisms for detecting and explaining
inconsistencies across profiles, memories, learned models, preference and reward models, and behavioral or trajectory
models. Third, they need local correction methods that revise one component without damaging unrelated person-
specific knowledge. Fourth, they should maintain temporally versioned representations that distinguish past behavior
from current behavior. Finally, they should preserve revision provenance by recording what changed, why it changed,
who provided the correction, and which evidence supported the update.

Taken together, the six method families should be viewed as complementary building blocks rather than independent

alternatives. Prompt-based methods provide explicit summaries, memory-based methods preserve evidence, parametric
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and adapter-based methods learn implicit regularities, preference- and reward-based methods capture judgment,
behavioral and trajectory-based methods represent behavior, and hybrid and revisable methods orchestrate these
representations into a coherent, evidence-grounded, and continually evolving computational representation of a real

person.

6 An Evaluation Framework for Person Distillation

Evaluation is the final component of person distillation. Unlike conventional Al systems, the objective is not merely
to generate plausible or useful outputs, but to faithfully represent a particular individual. A system may write like a
senior engineer, provide technically sound advice, or successfully complete a task, yet still fail at person distillation if
its behavior is generic to the role rather than specific to the target person. The central evaluation question is therefore
not ‘Is the output good?” but rather “Is this what this person would know, say, decide, or do in this situation?” Answering
this question requires evaluating person-specific fidelity rather than correctness or task success alone.

Despite its importance, person distillation currently lacks a principled evaluation framework. Existing systems [23,
109, 116, 135] are primarily presented as repositories, demonstrations, or case studies, without shared benchmarks,
standardized evaluation protocols, or a common notion of person-specific fidelity. Existing evaluation paradigms
address only part of the problem. Role-playing benchmarks evaluate character consistency through dialogue quality,
knowledge consistency, utterance style, and emotional expression [110, 134]. Agent benchmarks primarily measure
task success [77, 118], while personalized generation benchmarks such as LaMP [94] and PersonalLLM [136] evaluate
user adaptation using conventional metrics such as accuracy, F1, MAE/RMSE, and ROUGE. These benchmarks evaluate
correctness, task performance, or personalization, but they do not assess whether a system faithfully preserves a
person’s domain knowledge and expertise, judgment and decision criteria, communication style, behavioral patterns,
values and personality, or relational context. In short, existing benchmarks evaluate whether a system behaves like
someone, whereas person distillation requires evaluating whether it behaves like this particular person.

This section proposes a comprehensive evaluation framework organized around four complementary questions.
Evaluation objectives define what aspects of a person should be evaluated. Evaluation protocols define how
benchmark cases should be constructed. Evaluation metrics measure person-specific fidelity, while diagnostics
assess whether the evaluation itself is trustworthy by examining evidence grounding, boundary awareness, consistency,
and robustness. Together, these four components provide a systematic framework for comparing person-distillation
systems and measuring fidelity to an individual.

Our framework builds upon established evaluation techniques, including held-out evaluation [39, 50], task success [18,
64, 127], rubric-based judgment [62, 115], authorship comparison [51, 52, 102], hallucination detection [40], selective
prediction [31], and inter-annotator agreement [6]. Building upon these foundations, the remainder of this section
develops person-distillation-specific evaluation objectives, protocols, metrics, and diagnostics for measuring faithfulness

to a particular individual.

6.1 Evaluation Objectives

Section 4 organized distilled person representations around six complementary facets: domain knowledge and expertise,
judgment and decision criteria, communication style, behavioral patterns, values and personality, and relational context.
These same facets naturally define the evaluation objectives of person distillation. A faithful representation should
preserve not only what the target person knows, but also how the person evaluates alternatives, communicates, acts,

interacts with others, and where the boundaries of the person’s knowledge and preferences lie. Since these facets
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capture different aspects of a person, they should be evaluated separately rather than collapsed into a single score.
Person distillation therefore requires a multi-dimensional fidelity profile.

Knowledge fidelity measures whether the distilled representation faithfully captures the person’s knowledge,
expertise, and experience while respecting the boundaries of that knowledge. A faithful system should know what the
person knows, recognize what the person does not know, and avoid inventing unsupported expertise, experiences, or
opinions. Thus, knowledge fidelity evaluates not only factual correctness but also faithfulness to the person’s actual
experience.

Judgment fidelity measures whether the representation preserves the person’s characteristic way of evaluating
alternatives and making decisions. Individuals with similar expertise often apply different criteria, prioritize different
objectives, and make different tradeoffs. Judgment fidelity therefore asks whether the system reproduces the person’s
distinctive reasoning rather than merely producing reasonable decisions.

Communication fidelity measures whether the representation expresses ideas in ways that are characteristic
of the target person. This includes writing style, tone, organization, level of detail, explanation strategy, and, when
available, multimodal behaviors such as speech patterns or visual explanation habits. The objective is to preserve the
person’s characteristic style of communication across different situations rather than simply matching surface linguistic
features [75, 88, 102].

Behavioral fidelity measures whether the representation reproduces the person’s recurring patterns of action.
Whereas communication fidelity concerns how a person expresses ideas, behavioral fidelity concerns how the person
acts. Two people may achieve the same outcome while following different processes. Behavioral fidelity therefore
evaluates whether the system preserves characteristic action patterns, evidence-seeking habits, planning strategies, and
responses to uncertainty.

Values and personality fidelity measures whether the representation consistently reflects the person’s values,
preferences, priorities, risk tolerance, interpersonal disposition, and personal boundaries. These characteristics often
influence decisions even when factual knowledge is identical, making them an essential component of person-specific
behavior.

Relational fidelity measures whether the representation adapts appropriately to different social relationships
and organizational contexts. People naturally communicate and behave differently with close collaborators, junior
colleagues, senior leadership, customers, or external partners. Relational fidelity therefore evaluates whether these
relationship-dependent patterns are preserved rather than treating behavior as independent of social context.

Together, these six objectives define a comprehensive notion of person fidelity. Unlike conventional evaluation, which
typically focuses on task success, personalization, or role consistency, person distillation evaluates whether a system
faithfully represents a particular individual across multiple complementary dimensions. The following sections translate

these objectives into practical evaluation protocols, quantitative metrics, and diagnostic analyses.

6.2 Benchmark Construction

Section 6.1 defined what aspects of a distilled person should be evaluated. This section addresses the complementary
question of how those evaluations should be designed. Unlike many machine learning problems, person distillation
cannot be evaluated using a single benchmark or experimental protocol. Different evaluation protocols probe different
aspects of person fidelity, making benchmark construction an experimental methodology rather than a single dataset or

benchmark.
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We organize benchmark construction around five complementary protocols (Figure 6). Temporal hold-out evaluates
whether a distilled representation generalizes from historical traces to future behavior. Case hold-out evaluates
generalization to previously unseen situations while preserving person-specific reasoning. Matched-peer comparison
evaluates whether the representation distinguishes the target individual from similar people. Self and peer review
evaluates whether the representation appears faithful to both the target person and knowledgeable collaborators. Finally,
boundary probing evaluates whether the representation recognizes the limits of its knowledge and avoids unsupported
personalization. These protocols are complementary rather than competitive: each reveals different strengths and
failure modes, and together they provide a more comprehensive evaluation of person-specific fidelity than any single

benchmark alone.

6.2.1

historical traces to the future behavior of a particular person. The representation is constructed using only traces collected

Temporal Hold-Out. Temporal hold-out evaluates whether a distilled representation can generalize from

before a temporal cutoff and is evaluated on events that occur afterward. This follows the standard principle of time-
aware evaluation that training data should contain only information available before the prediction target [39]. Similar
chronological protocols are widely used in sequential recommendation, where each user’s most recent interactions are
held out for evaluation [36, 45]. Person distillation extends this idea from predicting future user behavior to predicting
the future behavior of a particular individual.

A temporal benchmark partitions a person’s traces into a distillation window before a cutoff time ¢, and an evaluation
window afterward. The distillation window contains all evidence available before ., such as code reviews, design
documents, incident reports, chat messages, and meeting notes. The evaluation window contains person-specific events
that occur later. To avoid information leakage [46], the system should receive only the information that was available to

the target person at the time of each evaluation event. For example, when evaluating a code review, the model should
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receive the pull request before the review was written; when evaluating an incident response, it should receive the
system state before any actions were taken. Later discussions, outcomes, and retrospective analyses should be excluded.

Temporal hold-out naturally evaluates multiple aspects of person fidelity within a single benchmark. A held-out
code review can assess not only whether the system reaches the same decision, but also whether it identifies similar
concerns, requests comparable evidence, and communicates in a manner consistent with the target person. Likewise, a
held-out incident can evaluate both the final decision and the sequence of actions used to reach it. Compared with
conventional prediction tasks that focus on a single output label, temporal hold-out provides a richer evaluation of
knowledge, judgment, communication, and behavior.

A rigorous temporal benchmark should clearly report its construction, including the distillation window, the validation
window, the evaluation window, the temporal gap between training and evaluation, and whether the split is performed
globally or separately for each individual. Beyond a single train-test split, a stronger protocol is rolling temporal
evaluation, where the representation is repeatedly distilled from traces before successive cutoff times and evaluated
on subsequent events. Rolling evaluation measures not only predictive accuracy but also the temporal stability of the
distilled representation.

The principal limitation of temporal hold-out is temporal drift. People continuously acquire new knowledge, assume
new responsibilities, adopt new tools, and revise their decision-making habits. Consequently, degraded performance
may reflect deficiencies in the distilled representation, genuine evolution of the person, or both. This challenge is closely
related to concept drift in machine learning [30]. Temporal benchmarks should therefore document major changes in
the target person’s role, organization, or working context during the evaluation period.

More broadly, temporal hold-out raises an important research question: should a distilled representation preserve the
historical person or continually evolve toward the current person? Short temporal gaps primarily evaluate near-term
prediction, whereas longer gaps increasingly measure whether the representation remains faithful as the individual
changes. Understanding this tradeoff between person fidelity and person evolution is likely to become a central research

problem for continually updated person-distillation systems.

6.2.2 Case Hold-Out. Whereas temporal hold-out evaluates generalization across time, case hold-out evaluates
generalization across situations. The goal is to determine whether a distilled representation has learned the target
person’s characteristic way of reasoning rather than memorizing previously observed episodes. Instead of holding out
all traces after a temporal cutoff, the evaluator removes one or more complete cases from the person’s history and
reserves them exclusively for testing. This follows the general principle of held-out evaluation and cross-validation [50],
but extends it from independent examples to person-specific episodes.

A case is a coherent unit of activity, such as a code review, design discussion, incident response, feature-prioritization
meeting, mentoring interaction, or conflict-resolution process. Unlike evaluating individual messages or actions,
treating the entire episode as the evaluation unit preserves the dependencies among context, reasoning, communication,
decisions, and outcomes.

During evaluation, the system receives only the information that was available before the target person’s response
within the held-out case. For example, in a code review task, the system receives the pull request and any preceding
discussion, but not the review itself. In a design discussion, it receives the proposal and supporting materials, but not
the person’s subsequent comments or decision. The evaluation target may include the person’s response, final decision,

action sequence, or recorded rationale. The objective is therefore not to reproduce historical text, but to determine
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whether the distilled representation behaves as the target person would in a previously unseen instance of a familiar
problem.

Compared with temporal hold-out, case hold-out is less sensitive to temporal drift because the held-out episode
may originate from any point in the person’s history. Instead, it focuses more directly on person-specific reasoning.
For example, two senior engineers may receive the same deployment proposal yet consistently differ in whether they
approve it immediately, request additional monitoring, postpone deployment, or require a rollback strategy. Case
hold-out evaluates whether the representation reproduces these characteristic tendencies rather than merely producing
a technically reasonable recommendation.

The principal challenge is case-level leakage. A held-out case is often connected to follow-up emails, meeting
summaries, retrospective reports, documentation updates, or later conversations that explicitly or implicitly reveal
the person’s decisions. If these artifacts remain in the distillation corpus, the system may recover the correct answer
through leaked evidence rather than person-specific reasoning [46]. Consequently, benchmark construction should
clearly define what constitutes a case, identify all related artifacts, and exclude information that reveals the outcome of
the held-out episode.

More broadly, case hold-out shifts the evaluation objective from memorization to reasoning. Rather than asking
whether a system can reproduce previously observed outputs, it asks whether the distilled representation has learned
how the target person analyzes unfamiliar situations, weighs alternatives, and reaches decisions. Together with temporal
hold-out, case hold-out provides a complementary view of generalization: the former evaluates fidelity across time,

whereas the latter evaluates fidelity across situations.

6.2.3 Matched-Peer Comparison. Temporal hold-out evaluates generalization across time, and case hold-out evaluates
generalization across situations. Matched-peer comparison addresses a different question: does the distilled represen-
tation capture what makes the target person unique? Even if a system accurately predicts future behavior and generalizes
to unseen cases, it may still behave like a generic individual with similar expertise, role, or experience. Matched-peer
comparison therefore evaluates person specificity by determining whether the representation can be distinguished
from representations of similar people. This idea is closely related to authorship attribution and verification, where an
unknown document is compared against candidate authors or same-author/different-author examples [51, 52, 102].

The benchmark is constructed by comparing the distilled representation against carefully matched alternatives. Given
a held-out scenario, such as a pull request, design proposal, incident response, or mentoring situation, the evaluator
prepares multiple candidate responses. These may include the target person’s actual response, the response generated
by the distilled representation, responses from matched peers, and outputs from generic baselines such as role-only
prompting or retrieval-only systems. Human reviewers or automatic evaluators then identify or rank the responses
according to how well they match the target person. Comparative annotation methods such as best-worst scaling are
particularly suitable because they reduce ambiguity compared with absolute rating scales [49].

Unlike the previous two protocols, matched-peer comparison explicitly measures distinguishability. Temporal and
case hold-out ask whether a representation predicts the target person’s future behavior or reasoning. Matched-peer
comparison asks whether those behaviors remain distinguishable from plausible alternatives. This distinction is
important because people with similar expertise often differ systematically in judgment, communication style, risk
tolerance, mentoring approach, or leadership philosophy. A faithful person representation should therefore preserve

the characteristics that differentiate one individual from others who appear superficially similar.
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An important extension is cohort-based comparison. Instead of comparing only a few matched peers, the evaluator
constructs distilled representations for a larger population and compares them collectively. This idea is related to the
intuition behind k-anonymity [106]. If a representation cannot be distinguished from a sufficiently large group of
similar people, it may provide stronger privacy protection, but it also provides weaker evidence that person-specific
characteristics have been preserved. The goal is therefore to understand the balance between cohort coherence and
individual distinctiveness.

A practical implementation exposes every distilled representation to the same collection of evaluation probes spanning
all dimensions of person fidelity. Responses may then be represented as embeddings or rubric-based evaluation vectors
and compared across individuals. Pairwise similarities, clustering methods, and visualization techniques can reveal
whether meaningful population structure emerges. Standard clustering diagnostics, such as silhouette analysis [91],
provide one way to quantify whether the resulting representations exhibit both cohort coherence and individual separation.

The effectiveness of matched-peer comparison depends critically on benchmark design. Weak or obviously different
baselines artificially inflate person specificity. Matched peers should therefore be selected to be genuinely confusable
with the target person by sharing similar roles, experience, technical domains, organizational contexts, or communication
environments. Evaluation reports should clearly document peer-selection criteria, the number of candidate responses,
whether evaluators were blinded to response sources, and whether person specificity was measured globally, facet by
facet, or through cohort-level analyses.

Together with temporal and case hold-out, matched-peer comparison completes the evaluation of generalization by
asking a complementary question. Rather than evaluating whether a representation behaves correctly or consistently, it
evaluates whether the behavior is uniquely identifiable as that of the particular person. Person specificity is therefore not

simply another evaluation metric, but a defining property of person distillation itself.

6.2.4 Self and Peer Review. Temporal hold-out, case hold-out, and matched-peer comparison evaluate person fidelity
by comparing a distilled representation against historical evidence and observable behavior. Self and peer review
provides a complementary perspective by asking whether the representation is recognizable to the target person and to
people who know that person well. This protocol is particularly valuable for evaluating judgment, communication
style, behavioral tendencies, values, personality, and relational behavior, where historical traces often provide only
partial evidence.

The key assumption is not that human judgments provide perfect ground truth, but that they provide complementary
perspectives. Human judgments are inherently subjective and may disagree [130]. The target person may misremember
past decisions, describe themselves in socially desirable ways, or overlook recurring patterns that are evident in their
historical traces. Likewise, different collaborators observe different aspects of the same individual depending on their
roles, relationships, and shared experiences. This observation is consistent with research showing that self-reports
and observer reports capture complementary rather than identical aspects of personality [21, 114]. Consequently,
disagreement among reviewers should be interpreted as evidence about different perspectives rather than simply as
annotation noise.

A practical benchmark can again be constructed using held-out cases. For each case, the target person and one or
more knowledgeable collaborators evaluate whether the distilled response faithfully reflects the person’s knowledge,
judgment, communication style, behavioral patterns, values, and relational behavior. Structured rubrics should encourage
reviewers to assess each fidelity dimension independently rather than assigning a single overall score. Reviewers should

also be allowed to indicate “not enough evidence,” recognizing that a response may appear plausible while remaining
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unsupported by the available traces. When expert evaluation becomes expensive, active learning can prioritize the most
informative cases, focusing human effort on uncertain, highly person-specific, or potentially controversial examples [97].

Compared with the previous protocols, self and peer review evaluates aspects of person fidelity that are difficult to
measure automatically. Historical traces reveal what a person did, but they do not always explain how those actions were
perceived by the person or by others. For example, a code-review history may reveal technical decisions, while close
collaborators may better recognize whether the person’s mentoring style, interpersonal behavior, or decision-making
philosophy has been faithfully reproduced. Human evaluation therefore complements evidence-based evaluation by
assessing person-specific dimensions that are difficult to operationalize through automatic metrics.

Because human evaluation is itself part of the benchmark, it should also be evaluated systematically. Benchmark
reports should document who participated, how reviewers were selected, what relationship they had with the target per-
son, which fidelity dimensions they evaluated, whether they had access to supporting evidence, and how disagreements
were handled. Self-ratings and peer ratings should be reported separately before aggregation because they capture
different perspectives on the same individual. Such transparency improves reproducibility and enables future work to
study when different observers agree, when they disagree, and which aspects of person fidelity are most sensitive to
perspective.

Together with temporal hold-out, case hold-out, and matched-peer comparison, self and peer review provides an
essential human-centered perspective on evaluation. Rather than asking only whether a representation predicts behavior
or distinguishes one individual from another, it asks whether the representation is recognized as a faithful representation
of the target person. In this sense, disagreement is not merely an evaluation challenge, but an informative signal about

the inherently multi-perspective nature of human identity.

6.2.5 Boundary Probing. The previous benchmark protocols evaluate whether a distilled representation faithfully
reproduces what a person would know, say, decide, or do. Boundary probing evaluates the complementary question:
does the representation also recognize what the person does not know? Rather than rewarding a system for answering
every question, boundary probing evaluates whether it appropriately abstains, qualifies its conclusions, or explicitly
acknowledges uncertainty when the available evidence is insufficient. This perspective is closely related to hallucination
detection and selective prediction, where systems are expected to avoid unsupported claims when reliable evidence is
unavailable [31, 40].

A practical benchmark consists of both negative and near-negative probes. Negative probes concern information that
is absent from the person’s traces, such as projects they never worked on, opinions they never expressed, decisions
made by other people, or events that occurred after the distillation window. Near-negative probes are more challenging
because they concern topics adjacent to the person’s expertise while remaining unsupported by evidence. For example,
a backend engineer may have extensive experience with payment reliability, but this does not justify inferring their
opinion about every payment-related design decision. Likewise, a manager who frequently mentors junior engineers
should not automatically be assumed to have a particular relationship with every employee. These probes evaluate
whether the representation distinguishes reasonable generalization from unsupported personalization.

Boundary probing complements the previous evaluation protocols by explicitly measuring the limits of person
fidelity. Temporal hold-out evaluates generalization across time, case hold-out evaluates generalization across situations,
matched-peer comparison evaluates person specificity, and self and peer review evaluates perceived faithfulness.

Boundary probing instead evaluates whether every person-specific claim remains supported by evidence. This distinction
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is particularly important because person distillation must generalize beyond observed traces without fabricating
unsupported beliefs, preferences, relationships, or experiences [131].

The correct behavior is not always refusal. In many situations, the most faithful response is a qualified answer. For
example, a distilled engineer might respond, “The person consistently emphasized observability in similar production
incidents, but there is no evidence regarding this particular service” Such responses appropriately generalize from his-
torical evidence while making the limits of that evidence explicit. Benchmark construction should therefore distinguish
among supported answers, qualified answers, unsupported but plausible answers, and clear hallucinations. Whenever
possible, person-specific claims should also be linked to the evidence from which they were inferred.

Boundary probing highlights a defining characteristic of person distillation: ignorance is itself part of a faithful
representation. Every individual has limits on their knowledge, experience, memories, and relationships. A representation
that confidently answers every question may appear capable while fabricating unsupported personal information. Future
benchmark construction should therefore report the composition of boundary probes, the proportion of probes that
require abstention or qualification, and the frequency of unsupported person-specific claims. Modeling the boundaries

of a person’s knowledge is as important as modeling the knowledge itself.

Taken together, these five benchmark construction protocols provide complementary views of person fidelity.
Temporal hold-out evaluates generalization across time, case hold-out evaluates generalization across situations,
matched-peer comparison evaluates person specificity, self and peer review evaluates human-perceived fidelity, and
boundary probing evaluates whether the representation respects the limits of available evidence. No single protocol is
sufficient on its own. Person distillation should therefore be viewed as a multi-protocol evaluation problem, where
different protocols reveal complementary strengths and failure modes [130].

An important direction beyond these benchmark protocols is cross-source and cross-representation evaluation.
Rather than evaluating only a single distilled representation, future work should compare representations constructed
from different source traces and representation formats. For example, one may compare representations distilled
from code reviews, chat histories, documents, or meeting recordings, as well as document-based representations,
parametric model representations, preference and reward model representations, and memory and knowledge system
representations. Agreement across independently constructed representations may indicate stable person-specific
characteristics rather than artifacts of a particular data source or representation. Conversely, disagreement is not
necessarily a failure. Different sources naturally capture different facets of a person: chat histories may better reveal
communication style and relational context, whereas code reviews and design documents may better capture technical
judgment and decision criteria. Future evaluation should therefore examine not only whether different representations
agree, but also which aspects of person fidelity remain stable across sources and which are inherently source-dependent.
Such analyses will deepen our understanding of both person distillation and the nature of computational person

representations.

6.3 Evaluation Metrics

Section 6.2 defined how evaluation benchmarks should be constructed. This section addresses the complementary
question of how performance on those benchmarks should be measured. Existing evaluation paradigms provide
useful measurement foundations. Role-playing benchmarks measure character consistency, communication style,
and conversational believability [110, 120]; agent benchmarks measure task success, reward, progress, and action

validity [64, 127]; and code-generation benchmarks execute generated programs against test cases [18]. Person distillation
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builds upon these ideas while asking a different question: does the output faithfully represent what this particular person
would know, decide, say, or do?

We organize the metrics into three levels. Metric foundations define the basic measurement primitives used to
compare system outputs with the target person’s observed behavior. Person-fidelity metrics quantify how faithfully
the distilled representation preserves the target person’s domain knowledge and expertise, judgment and decision
criteria, communication style, behavioral patterns, values and personality, and relational context. Person specificity
metrics measure whether the representation captures characteristics that distinguish the target individual from strong
generic baselines and matched peers. Together, these metrics quantify person fidelity, while the diagnostic analyses in
Section 6.4 assess whether the resulting measurements are trustworthy.

Throughout this section, let p denote the target person, R, the distilled representation, x; a held-out evaluation
case, yf’ the person’s observed response, decision, or action, and §; = R, (x;) the system output. Different metrics are
computed over different evaluation sets, denoted by & with appropriate subscripts.

Label matching. The simplest measurement primitive compares the system output with the person’s observed
decision when the evaluation target is a discrete label, such as approve/request changes, escalate/wait, or accept/reject.
When outputs are free-form, the corresponding labels may first be extracted by human annotators or LLM-based
classifiers before comparison.

Execution or state checking. Some outputs can be executed directly in an environment. Examples include running
generated programs against unit tests or executing action sequences in a simulated environment. For an execution-based

evaluation set Eeyec, the task success rate is

SR(p) =

Z 1{Check(x;, ;) = 1},

i€ Eexec

|89X6C |

where Check denotes a task-specific verifier, such as a unit-test suite, an environment reward function, a final-state
checker, or a subgoal-completion checker. Although execution success is an important measure of task performance, it
does not by itself establish person fidelity.

Reference-based similarity. When the held-out case contains the person’s observed response yf , the generated
output ; can be compared using text overlap, embedding similarity, stylometric features, action-sequence similarity,
or edit distance [130]. Because multiple faithful responses may exist, these similarity scores should be interpreted as
evidence of consistency rather than exact correctness.

Rubric-based judgment. Many aspects of person fidelity cannot be reduced to labels, execution success, or textual
similarity. In these cases, outputs are evaluated using explicit rubrics by human reviewers, peers, LLM-as-judge systems,
or trained reward models [62, 115]. Rather than assigning a single overall score, the rubric should specify the particular
aspect being evaluated, such as judgment, evidence use, communication style, relational adaptation, or boundary
awareness. This primitive provides a common foundation for many of the person-fidelity metrics introduced below.

Outcome metrics. The most direct evaluation asks whether the distilled representation reaches the same observable
outcomes as the target person. The appropriate metric depends on the task. When the outcome is a discrete decision,
such as approve/request changes, escalate/wait, or accept/reject, decision alignment measures whether the system
reproduces the person’s observed decision. Let &p denote the evaluation set of held-out decision cases. If d (yf ) and

d(y;) denote the decisions made by the target person and the distilled representation, respectively, then
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1 .
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Decision alignment differs from ordinary classification accuracy because the objective is not to recover the objectively
correct decision, but the decision that the target person would make.

Some tasks additionally admit an external notion of success. For example, generated code can be executed against unit
tests, and interactive agents can be evaluated by whether they complete a task successfully. Such metrics remain valuable

because they quantify functional correctness. A common example is pass@k [18], which estimates the probability that

at least one of k sampled programs passes all test cases:
(")
()

where n is the number of sampled programs and c is the number of correct ones. However, external task success

pass@k =1 -

should be interpreted as complementary rather than sufficient. A system may complete the task successfully while
following reasoning, design choices, or communication patterns that differ substantially from those of the target person.
Consequently, task-success metrics should always be reported together with person-centered metrics.

Judgment alignment. Many person-specific decisions cannot be evaluated by exact agreement alone. Two responses
may reach the same conclusion for different reasons, while two different conclusions may nevertheless reflect similar
reasoning. Judgment alignment therefore evaluates how the decision was reached rather than only what decision was
made. Building upon rubric-based evaluation [62, 115], we propose evaluating four complementary aspects of judgment:
whether the output identifies the same primary concern, uses similar evidence, prioritizes considerations in a similar
order, and reaches a similar final stance or action.

Let &y denote the evaluation set for judgment. For each case i, let gconcern,i> Gevidence,i» @priority,i> aNd Gstance,i denote

rubric scores in [0, 1]. A judgment alignment score is

4
JAi = Wi{concern,i T W2qevidence,i T W3qpriority,i T Wa{stance,i> Z w; = 1,

=1
and the overall judgment alignment is

1
A :—E A,
JA(p) B JA;

€&y
The weighting scheme should be reported explicitly because different applications emphasize different aspects of
judgment. For example, safety-critical evaluations may place greater weight on the primary concern and final decision,
whereas evaluations emphasizing interpretability may assign higher weight to evidence use and priority ordering.
Compared with decision alignment, judgment alignment provides a richer characterization of person-specific reasoning.
Behavioral trajectory alignment. Many person-distillation tasks require evaluating not a single decision, but an
entire sequence of actions. Existing agent benchmarks typically measure task success, accumulated reward, or progress
toward a goal [64, 127]. Person distillation introduces an additional requirement: when multiple successful action
sequences exist, the distilled representation should follow a trajectory that resembles the target person’s characteristic

way of working.
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p
i,1:T;
and 4; 7, the system-generated sequence. We measure similarity using both subgoal completion and action-order

Let &t denote the set of held-out trajectory cases. For each case, let a be the person’s observed action sequence

similarity:
TA; = aSubgoalFl(afliTi, ;1) + (1-a) (l - NED(afl:Ti, di,l:fi)) ,
where SubgoalF1 measures overlap between completed subgoals, NED is the normalized edit distance between the

two action sequences, and « € [0, 1] controls the relative importance of the two components. The average trajectory

alignment is

1
TA(p) = B Z TA;.
ie&t

Behavioral trajectory alignment complements both task success and decision alignment. Two systems may successfully
complete the same task and even make the same final decision, yet differ substantially in how they gather evidence,
interact with collaborators, revise plans, or respond to uncertainty. Trajectory alignment therefore measures whether
the distilled representation preserves the target person’s characteristic process rather than merely reproducing the final
outcome.

Facet-level fidelity metrics. Section 6.1 defined person fidelity as a multi-dimensional concept consisting of
domain knowledge and expertise, judgment and decision criteria, communication style, behavioral patterns, values and
personality, and relational context. Evaluation should therefore report fidelity for each facet rather than collapsing
all results into a single score. Let ¥ denote the set of evaluated facets, and let ; be the probe set for facet f € .
Depending on the facet, the measurement primitive may be label matching, execution or state checking, reference-based
similarity, or rubric-based judgment. Let my (xi5 Ui y‘f ) € [0, 1] denote the corresponding measurement function. The

fidelity score for facet f is

L
[Prl

Rather than reporting only an overall average, person distillation should report the complete fidelity profile

D my (e g ).

iEPf

Sr(p) =

S(p) = (Sf(p))fe‘F’

which reveals the strengths and weaknesses of the distilled representation across different aspects of a person. For
example, a representation may achieve high knowledge fidelity while exhibiting weaker judgment or relational fidelity.
Such a profile is substantially more informative than a single aggregate score because it identifies what has been
successfully distilled and what remains difficult to capture.

Facet-level evaluation can also be organized by depth. Level 1 probes evaluate broad domain knowledge, Level 2
probes evaluate specialized expertise, Level 3 probes evaluate organization-specific knowledge, Level 4 probes evaluate
team-specific practices, and Level 5 probes evaluate person-specific judgment and behavior. Reporting fidelity as a depth
curve helps distinguish systems that capture only general domain knowledge from those that preserve increasingly
individual characteristics.

Communication and relational similarity. Communication fidelity evaluates whether the system expresses
ideas in ways that resemble the target person. Existing work in authorship attribution and stylometry provides

useful measurement techniques for comparing writing style, lexical choice, sentence structure, and other stylistic
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characteristics [75, 102]. More recent approaches compare learned authorship or text embeddings to capture broader
semantic and stylistic patterns [130]. These methods provide useful measurement primitives, but communication fidelity
extends beyond writing style to include explanation strategy, level of detail, tone, and adaptation to different audiences.

Let &c denote the communication evaluation set. Let ¢(-) denote a communication representation, such as a
stylometric feature vector or a learned embedding, and let sim denote an appropriate similarity function. The raw

communication similarity for case i is

CS; = sim ($(7:), p(y7))

and the average communication similarity is

CS(p) = — ch,».

|8C| i€e&c
Raw similarity, however, is often insufficient because people in similar professional roles naturally share vocabulary,
conventions, and writing styles. A stronger metric therefore compares the generated response with matched-peer

outputs. Let Bpeer (i) denote the index set of matched-peer responses for case i. For each peer response,

e = sim ($5 T 0D). b€ B,
and let pipeer (i) and opeer (i) denote their mean and standard deviation. The normalized communication similarity is
CSi - ﬂpeer(i)

O'peer(i) +e’

where € > 0 avoids division by zero. Averaging over all communication cases gives

NCS; =

NCS(p) = —— Z NCS;.
|6C| i€e&c

Positive values indicate that the generated response is more similar to the target person than typical matched-peer
responses, whereas values near zero indicate that the response is no more distinctive than those of similar individuals.
The same idea naturally extends to relational fidelity by comparing responses within different relationship contexts,
such as teammates, managers, junior colleagues, customers, or external collaborators.

Taken together, these person-fidelity metrics evaluate complementary aspects of a distilled representation. Outcome
metrics measure whether the system reaches the same decisions as the target person, judgment alignment evaluates
whether it reasons in similar ways, trajectory alignment measures whether it follows similar behavioral processes,
facet-level metrics reveal which aspects of the person are faithfully preserved, and communication and relational metrics
assess how the person’s characteristic style is expressed across different social contexts. The next section complements

these fidelity measures with diagnostics that assess whether the evaluation is trustworthy.

6.4 Evaluation Diagnostics

The metrics in Section 6.3 quantify how faithfully a distilled representation matches the target person. High metric
values, however, do not necessarily imply that the evaluation is trustworthy. A representation may achieve strong

decision alignment while relying on unsupported evidence, overgeneralizing beyond the available traces, or exploiting
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artifacts of a particular benchmark. Evaluation therefore requires not only fidelity metrics but also diagnostics that
explain why a representation succeeds or fails and whether the reported measurements can be trusted.

We organize evaluation diagnostics into four complementary categories. Evidence-grounding diagnostics examine
whether person-specific claims are supported by the available traces. Boundary diagnostics evaluate whether
the representation appropriately distinguishes supported conclusions from unsupported speculation. Consistency
diagnostics examine whether different evidence sources and representation formats produce compatible conclusions.
Finally, evaluation-reliability diagnostics assess the stability and reliability of the evaluation process itself.

Evidence-grounding diagnostics. Person distillation should produce claims that remain traceable to the underlying
evidence rather than merely sounding plausible. Let E¢jaim (p) denote the evaluation outputs analyzed for claim-level
grounding for target person p, and let C(y;) denote the set of person-specific claims contained in output ¢;. Each claim

y is labeled as directly supported, weakly supported, or unsupported by the available traces:

1,  directly supported,
e(y;Dp) =10.5, weakly supported,
0,  unsupported.

The evidence support rate is

D€ Eim (p) 2yeC(g) €(V3 Dp)
ZiESdaim(p) |C(gz)| ’

ESR(p) =

while the unsupported claim rate is

D€ Eaim (p) 2yeC() He(y; Dp) =0}
Ziesclaim(P) |C(gl)|

Together, these diagnostics measure whether person-specific conclusions remain grounded in supporting evidence

UCRclaim (P) =

rather than relying on unsupported personalization.
Boundary diagnostics. A faithful representation should know not only what the target person knows but also
what the available evidence does not justify. Building on hallucination detection and selective prediction [31, 40], we

distinguish supported probes Q* (p) from unsupported probes Q~ (p). Balanced boundary accuracy is

BBA(p) = % m ‘ Z 1{supported answer} +

i€eQ*(p)

m ‘ Z 1{qualified answer or abstention} |,
i€Q(p)
which rewards systems that both answer supported questions and refrain from unsupported personalization. This
diagnostic complements the benchmark protocol of Section 6.2 by measuring how well the representation respects the
limits of its knowledge.
Consistency diagnostics. Faithful person representations should remain reasonably consistent across different
evidence sources and representation formats. Let RI(,S) and Rj(f) denote two representations of the same person constructed

from different sources or formats. On a shared probe set Pshared (P),

1

CSCp(s 1) = o

Z simy (g(RI(,S), Xi), g(RI(f), x,»)) R
i€ Pspared (P)
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where the similarity function is chosen according to the output type. High consistency suggests stable person-specific
characteristics, whereas systematic disagreement may indicate that different sources capture different facets of the
individual. Consequently, consistency should be analyzed both globally and separately for each person-fidelity facet.

Evaluation-reliability diagnostics. Many person-fidelity metrics rely on human reviewers, peers, LLM-as-judge
systems, or learned reward models. The evaluation itself should therefore be assessed for reliability. LLM judges may
exhibit position bias, verbosity bias, or self-preference bias [121], making it important to compare their judgments
against human evaluations. Human studies should report inter-annotator agreement [6], while LLM judges and learned
evaluators should report correlation with human or peer judgments [62]. For self and peer review, self-ratings and peer
ratings should be reported separately before aggregation because they provide complementary perspectives on the
same individual.

Taken together, these diagnostics complement the fidelity metrics introduced in Section 6.3. Metrics quantify how
faithfully a representation captures a particular person, whereas diagnostics explain whether those measurements are
grounded, well calibrated, internally consistent, and reliable. Reporting both provides a substantially more complete

evaluation than either metrics or diagnostics alone.

7 Conclusion and Future Directions

This paper establishes the conceptual foundations of person distillation and, to our knowledge, presents the first
comprehensive survey of this emerging research area. Rather than viewing role-playing, personalization, memory
systems, skill learning, and preference modeling as independent research directions, we unify them under a common
problem: transforming heterogeneous traces of a particular real person into faithful, evidence-grounded, and revisable
computational representations. By organizing the field as an end-to-end lifecycle spanning source evidence, distilled
person representations, distillation methods, and evaluation, we provide a common vocabulary, a coherent
conceptual framework, and a reference architecture for understanding how these components jointly determine the
fidelity of a distilled person.

More broadly, this work argues that person distillation is fundamentally different from adapting models to
users or imitating personas. The central challenge is not simply to reproduce how a person writes or acts, but to
faithfully preserve what distinguishes that individual: their domain knowledge and expertise, judgment and decision
criteria, communication style, behavioral patterns, values and personality, and relational context, while remaining
grounded in available evidence and explicitly recognizing the limits of what can be inferred. This perspective shifts
attention from isolated algorithms toward the complete lifecycle of representing a person, emphasizing that source
evidence, distilled person representations, distillation methods, and evaluation must be designed as a coherent system rather
than optimized independently.

We hope this framework provides a foundation for future research in person distillation. By identifying the fun-
damental design principles, open problems, and connections across previously fragmented research areas, it offers a
roadmap for developing Al systems that can faithfully, transparently, and responsibly represent particular individuals.
As Al assistants become increasingly personalized, collaborative, and long-lived [59], we believe person distillation
will become a foundational capability for the next generation of human-centered intelligent systems.

The preceding sections identify open challenges within each stage of the person-distillation lifecycle. Looking
ahead, however, we believe that the most significant research opportunities lie beyond the lifecycle itself As person
representations become increasingly persistent, reusable, and capable, they will no longer function merely as machine

learning artifacts. Instead, they will become computational entities that interact with people, organizations, and
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other Al systems over extended periods of time. This transition fundamentally expands the scope of person distillation.
The central questions are no longer limited to how to construct faithful person representations, but extend to how such
representations should evolve, collaborate, be governed, and ultimately participate in future Al ecosystems. We believe the
following directions will define the next stage of research.

Person representations should evolve from static artifacts into living digital counterparts. Current systems
largely construct static representations from historical traces. Future systems should instead model people as continually
evolving entities [72]. Knowledge accumulates, judgment matures, communication styles adapt, relationships change,
and professional responsibilities evolve throughout a person’s lifetime [89, 95]. Consequently, person distillation should
become a lifelong process rather than a one-time construction task. Future representations should continually incorporate
new evidence, revise outdated conclusions, distinguish enduring characteristics from transient behaviors, preserve
historical versions, and explicitly reason about uncertainty arising from incomplete or conflicting observations [30].
More fundamentally, future systems should not merely answer “Who was this person?” but continuously update their
understanding of “Who is this person now?”

Person distillation also raises a deeper scientific question: What is the appropriate computational represen-
tation of a human? Existing approaches represent people using document-based representations, memory and knowl-
edge systems, parametric models and adapters, preference and reward models, or hybrid representations [10, 37, 81, 135].
These are useful computational forms, but they are unlikely to capture the full richness of human expertise and
judgment. Future work should investigate richer representations that preserve not only observable behaviors but also
the principles, reasoning processes, causal relationships, and decision mechanisms that generate those behaviors. Such
representations should remain interpretable, evidence-grounded, revisable, and capable of explaining why a person
reached a particular conclusion rather than merely reproducing the conclusion itself. Addressing this challenge will
require new connections among machine learning, knowledge representation, cognitive modeling, causal reasoning,
and human cognition [96, 104]. Ultimately, person distillation may require new computational abstractions that bridge
symbolic knowledge, statistical learning, episodic memory, and human reasoning into unified representations of
people [66].

Another major frontier is extending person distillation from individuals to collective intelligence. Many
forms of expertise reside not within individuals but within teams, organizations, and scientific communities [124].
A faithful collective representation should preserve complementary expertise, organizational memory, coordination
procedures, authority structures, and legitimate disagreements rather than collapsing them into a synthetic “average”
expert [11, 117]. Future Al systems may routinely consult multiple distilled people simultaneously, each contributing
different expertise, assumptions, priorities, and historical perspectives. This raises new questions about routing problems
to appropriate experts, reasoning over conflicting recommendations, preserving minority viewpoints, distinguishing
disagreement caused by expertise from disagreement caused by outdated evidence, and determining when consensus
should or should not be reached. In many settings, preserving informed disagreement may be more faithful than producing
artificial consensus. Looking further ahead, person distillation may evolve into representations of laboratories, companies,
governments, and scientific communities, enabling Al systems to preserve and reason over collective human knowledge
rather than isolated individuals.

As person representations become increasingly capable, governance should become an integral component
of their design rather than an external constraint. A distilled representation may continue operating long after its
source traces become outdated, the represented person changes roles, withdraws consent, or is no longer available to

supervise its use. Future systems therefore require mechanisms that place people, rather than models, in control of
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their digital counterparts [24]. Consent should specify what information may be distilled, which aspects of a person
may be represented, how the representation may be used, how long it may persist, and what level of authority it may
exercise. Governance mechanisms should further support correction, provenance tracking, accountability, auditing,
ownership, and transparent attribution of responsibility [9, 107]. Privacy presents an equally important challenge.
Removing the original traces is insufficient if derived information remains embedded in memories, profiles, learned
parameters, reward models, or collective representations. Future systems should therefore support verifiable person
unlearning, allowing a person’s influence to be identified, removed, and audited throughout the entire representation
lifecycle [14, 33]. Designing person representations that remain simultaneously useful, controllable, accountable, and
revocable will require close integration of machine learning, systems, security, and Al governance.

The ultimate goal is not autonomous person representations but trustworthy collaboration between
humans and their computational counterparts. High person fidelity should not automatically imply unrestricted
authority. A representation that faithfully captures someone’s code-review decisions may provide little reliable guidance
for hiring, strategic planning, or domains beyond the available evidence. Future systems should therefore communicate
what they know, what they do not know, which facets are represented, which periods of a person’s life are covered,
and where important uncertainties remain. These limitations should directly determine what the system is permitted
to do, ranging from answering questions to providing recommendations to making autonomous decisions. Future Al
ecosystems may also require principled mechanisms for deciding when to consult a distilled representation, when to
seek additional expertise, when to defer to the real person if available, and when to abstain entirely [31]. Trust calibration
should therefore become an interactive property of long-term human-AI collaboration rather than a static confidence
score attached to individual predictions [79].

Perhaps the most ambitious long-term challenge is moving beyond behavioral imitation toward causal
and mechanistic fidelity. Existing systems primarily learn statistical regularities from historical traces. However,
faithfully representing a person ultimately requires understanding why that person reaches particular conclusions,
how competing objectives are balanced, what evidence changes their mind, and under what conditions they would
make different decisions. Future evaluation should therefore move beyond reproducing historical behavior toward
testing whether a representation responds appropriately to carefully controlled counterfactual situations [47, 48]. By
systematically varying available evidence, organizational constraints, risks, stakeholders, or temporal context, future
benchmarks may determine whether a representation captures the mechanisms underlying human judgment rather
than merely its observable outcomes [32, 96]. Achieving causal fidelity would substantially expand the robustness,
interpretability, and generalization capabilities of person-distillation systems, enabling them to reason responsibly
beyond previously observed situations. More broadly, this direction suggests a transition from learning what people did
to understanding how people think.

These directions suggest that person distillation is evolving from a problem of constructing faithful rep-
resentations into a broader scientific discipline concerned with modeling, maintaining, governing, and
collaborating with computational representations of real people. Achieving this vision will require advances in
machine learning, knowledge representation, databases, systems, security, human—-computer interaction, cognitive
science, and Al governance. The long-term goal is to enable Al systems that faithfully preserve, responsibly extend, and
effectively collaborate with human expertise across individuals, organizations, and generations. As personalized Al becomes
increasingly collaborative, long-lived, and autonomous, we believe person distillation has the potential to become
a foundational abstraction connecting human knowledge with future intelligent systems, much as knowledge

representation, databases, and machine learning became foundational abstractions for previous generations of Al
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