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Abstract

Language models implicitly infer user attributes that shape their responses in ways
users often neither expect nor endorse. This implicit personalization mediates concern-
ing behaviors such as sycophancy, deception, and demographic bias. We investigate
implicit user modeling through mechanistic interpretability, focusing on three goals:
measuring the prevalence of personalized behaviors driven by implicit cues, analyzing
how implicit user information is represented internally, and evaluating whether such rep-
resentations can be controlled via editing and steering techniques. We construct realistic
narrative biographies using a structured interview protocol conditioned on AgentBank
synthetic persona templates, then generate implicit question–answer pairs answerable
from each biography. Behaviorally, we compare how templated and narrative attributes
elicit different levels of personalized behavior; mechanistically, we test whether latent
representations of personas obtained via various steering methods preserve meaning-
ful individual differences. To facilitate such work, we develop a visual interface for
interacting with predefined personas and evaluating steering and probing methods.

We found steering via ActAdd to be weak compared to in-context conditioning, with
only the education axis showing consistent directional transfer to the no-context implicit
setting at pilot scale. Moreover we found a significant difference in both in-context learn-
ing and LoRA-based steering when using templates attributes vs biographies: models
conditioned on narrative biographies consistently achieve higher accuracy on both ex-
plicit and implicit persona questions, with the gap largest on explicit questions (81.4%
vs. 75.2% for Qwen3-4B in-context) and persisting, though narrowing, on implicit ones.
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1 Introduction

When language model (LM)-based conversational agents interact with users, they implicitly infer
user attributes such as expertise level, demographics, and beliefs [5, 8]. This phenomenon, known as
implicit personalization, was observed in LLMs even in the absence of explicit signals, due to subtle
associations with conversational style, vocabulary, stated preferences, and contextual cues. While
such adaptation can improve user experience, it can also manifest in ways users neither expect nor
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endorse, leading to harmful behaviors including sycophancy, deception, and demographic bias [12].
For example, response quality can be degraded for users implicitly associated with minority groups
[8]. As models become more capable, these behaviors become subtler and harder to detect through
output inspection alone, raising the stakes for understanding and controlling the internal mech-
anisms that produce them. Prior work on implicit personalization generally relied on behavioral
evaluations with explicit system-prompt manipulations targeting a restricted set of demographic
attributes [5, 8]. Recent advances in mechanistic interpretability have opened a complementary
avenue, enabling the verbalization of complex user models directly from model activations [3].
However, reliably steering model behavior through interventions has proven substantially harder
than decoding latent beliefs [3]. Bridging this gap requires richer evaluation resources, a deeper
understanding of how persona information is distributed across model components, and practical
tools for experimentation.

This project advances the study of implicit personalization in LLMs and its detection and con-
trol using white-box techniques that leverage model activations. First, we move beyond isolated
demographic attributes toward rich, realistic personas as the unit of analysis. Using a structured
interview protocol conditioned on synthetic persona templates from AgentBank [10], we construct
detailed narrative biographies for a large set of simulated individuals, then generate both explicit
and implicit question-answer pairs grounded in each biography, finally an additional set of multiple
choice question-answer shared across all of the personas are created. This resource, SynthPer-
sona, enables systematic comparison of how templated attribute lists and narrative contexts elicit
different levels and kinds of personalized behavior, and provides the provenance annotations needed
for fine-grained causal attribution of which persona elements drive specific model inferences. Us-
ing SynthPersona, we investigate how persona information is represented in model activations and
whether these representations can be controlled by means of various steering approaches, with
the aim of testing whether model activations can support effective behavioral steering for rich per-
sonas, and identifying gaps with current methods to inform the development of reliable intervention
techniques in this domain. To support rapid experimentation within this setup, we develop an in-
teractive visual interface that integrates persona extraction, analyses, steering, and probing into a
unified interface, drawing on prior work on transparency dashboards for attribute-controlled LLM
conversations [2, 3].

Together, these efforts contribute to AI safety by developing methods to detect when models
engage in potentially problematic personalization, characterizing which internal mechanisms sup-
port such behaviors, and creating resources to foster further research on implicit personalization in
realistic, multi-turn settings.

1.1 Related Work

1.1.1 Implicit Personalization in Language Models

A growing body of work has documented that LMs adjust their behavior based on inferred user
attributes, even when those attributes are not explicitly provided. Jin et al. conducted a systematic
study of implicit personalization, showing that models alter response style, content, and quality
based on demographic cues embedded in user prompts [5]. Neplenbroek et al. demonstrated
that stereotypes shape LM responses through implicit inference, with models producing lower-
quality or more stereotyped outputs for users associated with minority groups [8]. Sharma et al.
characterized sycophancy as a specific failure mode of implicit user modeling, in which models
prioritize agreement with perceived user beliefs over truthfulness [12]. These studies establish
that implicit personalization is pervasive, but they rely primarily on behavioral evaluations with
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controlled prompt manipulations targeting individual demographic dimensions such as gender, age,
or political leaning. In this work, we expand such analyses to rich, multi-dimensional personas
derived from structured interview protocols.

1.1.2 Synthetic Personas and Behavioral Simulation

Simulating realistic human personas with LMs has emerged as a methodology for studying social
behavior at scale. Park et al. introduced generative agent simulations of 1,000 people, demonstrat-
ing that LMs conditioned on detailed interview transcripts can reproduce individual-level attitudes
and behavioral tendencies with notable fidelity [10]. Kolluri et al. showed that fine-tuned LMs can
predict human behavior in social science experiments, suggesting that models internalize coherent
person-level representations [6]. Our SynthPersona dataset builds on this line of work by gener-
ating rich narrative biographies from structured interview protocols and comparing their effects on
user models with those of traditional templated attributes for both explicit and implicit QA pairs.

1.1.3 Latent User Representations and Mechanistic Interpretability

Recent work has begun to bridge the gap between behavioral observation and internal mechanism.
Pan et al. introduced LatentQA, a framework for verbalizing latent user representations by training
a decoder probe on model activations, demonstrating that a single middle layer can be decoded
to recover inferred user attributes with high accuracy [9]. However, recent work applying similar
techniques to study user models in LLMs has shown that information is readily decodable from in-
dividual activations, but steering model behavior requires broader interventions spanning multiple
layers. This suggests that user-model representations are distributed across the network and may
involve distinct encoding and output pathways. Chen et al. explored how such latent representa-
tions can be surfaced to users through transparency dashboards, proposing interface designs that
expose the model’s inferred user attributes in real time [2]. Our persona vector UI builds on this
vision, extending it to support inspection, interactive steering and probing analyses.

2 Datasets

2.1 SynthPersona Dataset

SynthPersona is our main resource for studying implicit personalization under rich persona context.
Starting from AgentBank-style templated personas [11], we run a structured interview to elicit a
larger set of user facts from an LLM, maintaining previous interview turns in-context to maximize
consistency. We then convert the transcript into three views of the same persona: a templated
attribute list, a set of statements mapped to specific interview turns, and a narrative biography. For
each profile, we also generate implicit multiple-choice questions and link them to their supporting
statements, so the same item can later be rendered either as a full biography or as a statement-level
ablation target. For example, the implicit statements:

You recently suffered a back injury and have been recovering slowly.
You prefer dealing with difficulties privately.

are used to produce the implicit multiple-choice question:
Would you be interested to join a support group for people with similar injuries?

A. I would like to join to exchange advice and experiences.
B. I’d rather handle this with close family rather than strangers.
C. I’d likely seek more information about the group first.
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