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Abstract

Large language models (LLMs) have achieved remarkable success
across diverse applications, yet their generic training paradigm
limits effectiveness in user-specific scenarios. LLM personalization
aims to adapt large models to individual users or user groups by
incorporating preferences, histories, and contextual signals while
maintaining generalization ability. Despite growing interest, a uni-
fied understanding of personalization strategies for LLMs remains
lacking, and key challenges—including data scarcity, efficiency,
privacy, and fairness—are still open. This tutorial provides a sys-
tematic overview of LLM personalization, covering core paradigms
such as user-aware representations, prompt-based adaptation, mem-
ory augmentation, parameter-efficient fine-tuning, and continual
learning. We discuss evaluation protocols, theoretical foundations,
and real-world applications in recommendation, dialogue systems,
education, and healthcare. By synthesizing recent advances and
identifying emerging research directions, this tutorial aims to equip
the KDD community with a structured framework for advancing
personalized large model research and deployment.

CCS Concepts

« Computing methodologies — Artificial intelligence.

Keywords

LLM Personalization, User Modeling, Personalized Evaluation

This work is licensed under a Creative Commons Attribution 4.0 International License.
KDD °26, Jeju Island, Republic of Korea

© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2259-2/2026/08

https://doi.org/10.1145/3770855.3816457

ACM Reference Format:

Ruijie Wang, Qingkai Zeng, Xuefei Wang, Yutong Ye, Li Sun, Jianxin Li,
and Phillip S. Yu. 2026. From Generic Intelligence to Personalized AL: A
Tutorial on Foundations of LLM Personalization. In Proceedings of the 32nd
ACM SIGKDD Conference on Knowledge Discovery and Data Mining V.2 (KDD
'26), August 09-13, 2026, Jeju Island, Republic of Korea. ACM, New York, NY,
USA, 5 pages. https://doi.org/10.1145/3770855.3816457

1 introduction

Large Language Models (LLMs) are increasingly deployed in user-
centric applications that demand responses attuned to individual
users [26, 31, 40, 45]. This demand emerges in personal assistants,
educational platforms, and other interactive systems shaped by
heterogeneous user contexts [44, 47, 49, 50, 58]. Accordingly, LLM
personalization has emerged as a foundational paradigm for user-
aware intelligence [38] By integrating user-specific signals such as
profiles, interaction histories, and preference patterns into genera-
tion, personalized LLMs move beyond generic language competence
toward outputs that are context-sensitive, preference-consistent,
and more valuable in real-world applications [8].

However, deploying personalized LLMs in real-world settings
remains challenging, as it requires effective adaptation, reliable user
data, and principled evaluation [38, 45]. First, personalization under
limited user supervision is difficult: although prior studies have ex-
plored retrieval augmentation, prompting, representation learning,
and reinforcement learning from human feedback [17, 22, 28, 36],
real-world user signals are often sparse, noisy, or privacy-sensitive,
and cold-start scenarios remain underexplored [13, 34, 60]. Second,
evaluating whether an LLM is genuinely personalized is nontrivial,
as existing direct generation-based and indirect downstream-task
evaluations [4, 20, 29, 38] are limited by scarce ground truth and
the difficulty of jointly assessing style, relevance, and accuracy [60].
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These issues make effectively leveraging imperfect user data and
ensuring reliable evaluation central challenges for the field [45].

To address these challenges, substantial research has sought
to improve how personalized LLMs acquire, utilize, and validate
user-specific information [7, 9, 37]. Methodological studies inves-
tigate how user information can be incorporated into LLMs via
retrieval-augmented generation, prompting, representation learn-
ing, or reinforcement learning from human feedback [10, 15, 36, 56].
Data-centric studies examine what forms of user information sup-
port personalization and under which settings it can be realized. Ex-
isting work distinguishes personalization by preference-modeling
scope, including user-level, persona-level, and global-preference set-
tings [25, 33, 63], and categorizes datasets by whether they provide
ground-truth user-written text for direct personalized generation
or only support downstream personalization tasks [20, 30, 58]. Eval-
uation studies assess whether personalized behavior is genuinely
achieved, distinguishing intrinsic evaluation of personalized text
from extrinsic evaluation in downstream applications, often with
human judgments of user-specific satisfaction [5, 11, 23, 39, 46].

This tutorial systematically reviews LLM personalization for
real-world user-centric applications, focusing on how user-specific
information is acquired, incorporated, and evaluated. It is orga-
nized into four parts. Part I introduces the motivations, problem
settings, and foundational concepts. Part Il examines key challenges
of incorporating user-specific information, and then introduce rep-
resentative techniques, including retrieval-augmented generation,
prompting, representation learning, and reinforcement learning
from human feedback. Part III covers data foundations, personaliza-
tion granularities, and dataset settings for direct and downstream
personalization. Part IV discusses evaluation protocols, benchmarks,
metrics, and open challenges toward effective, reliable, and respon-
sible personalized LLMs.

2 Presentor Biography

In-person presenters of the tutorial include Ruijie Wang, Qingkai
Zeng, Xuefei Wang, Li Sun, Jianxin Li, and Philip S. Yu, who will de-
liver the lecture-style presentations and interact with the audience
during the session.

Ruijie Wang is a Professor at the School of Computer Science
and Engineering, Beihang University. His research focuses on trust-
worthy and efficient AI, with an emphasis on large language models,
graph learning, temporal data mining, and structured knowledge in-
tegration. He has published more than 40 papers in top-tier venues
including NeurIPS, ACL, KDD, WWW, SIGIR, and UbiComp. His
research has received multiple recognitions including the IEEE
DCOSS Best Paper Award and UIUC PhD Fellowship. His work
on graph-enhanced LLMs and structured knowledge integration
directly aligns with the core technical focus of this tutorial.

Qingkai Zeng is an Associate Professor in the College of Com-
puter Science at Nankai University. His research focuses on text
mining, knowledge-enhanced LLMs, and knowledge graph reason-
ing, with an emphasis on improving reliability and interpretability
in knowledge-intensive tasks. He has published more than 30 pa-
pers in leading venues such as KDD, WWW, ACL, EMNLP, and
ICLR, and served as PC member or Area Chair for major confer-
ences. His expertise in knowledge-enhanced LLMs and graph-based
reasoning supports the methodological foundations of this tutorial.

Ruijie Wang et al.

Xuefei Wang is a Ph.D. student at Beihang University. His re-
search focuses on LLM personalization and LLM system implemen-
tation, contributing implementation perspectives to this tutorial.

Yutong Ye is a Postdoctoral Researcher at Beihang University
whose research focuses on graph data management, scalable graph
analytics, and graph-enhanced LLMs. He has published over 30
papers in venues such as SSIGMOD, VLDB, ICDE, AAAI, IJCAI, and
CVPR, and his expertise supports scalable graph-LLM integration.

Li Sun is an Associate Professor at Beijing University of Posts
and Telecommunications. His research focuses on large language
models, graph representation learning, and knowledge mining. He
has published over 70 papers in premier venues, including ICML,
NeurIPS, ICLR, KDD, WWW, AAAI, TPAMI, TKDE, ACM TOIS, and
TWEB, and received the ACM CIKM 2022 Best Paper Award. He
has served as Area Chair or Program Committee member for major
conferences such as KDD, ICML, NeurIPS, ICLR, WWW, IJCAI, and
AAAL His research on graph learning and LLM-based knowledge
mining provides key algorithmic perspectives for the tutorial.

Jianxin Li is a Professor at the School of Computer Science
and Engineering and the Beijing Advanced Innovation Center for
Big Data and Brain Computing at Beihang University. His research
interests include social network analysis, trustworthy machine
learning, and large-scale data mining. He has published extensively
in leading journals and conferences including TKDE, TDSC, TOIS,
TKDD, KDD, AAAIL and WWW. He received the AAAI 2021 Best
Paper Award and the DependSys 2017 Best Paper Award. He has
also achieved first place in several international data science compe-
titions. He currently serves as Associate Editor of IEEE Transactions
on Computers and several other journals.

Philip S. Yu is a Distinguished Professor of Computer Science
and the Wexler Chair in Information Technology at the University of
Illinois Chicago (UIC). Before joining UIC, he managed the Software
Tools and Techniques Department at IBM. He is a Fellow of ACM,
IEEE, and AAAS. His research spans data mining, graph learning,
user behavior modeling, and multimodal large language models. He
has published over 1,700 papers with more than 252,000 citations
and an h-index of 214. He received the ACM SIGKDD Innovation
Award, IEEE Computer Society Technical Achievement Award, and
multiple Test-of-Time awards. His pioneering work in graph mining
and large-scale data analytics provides foundational insights for
the tutorial’s discussion of graph-enhanced Al and LLM systems.

3 Tutorial Details
3.1 Outline of the Tutorial

The tutorial will last for 3 hours, and the outline is as follows:

e Part I: Introduction
- Background and Motivations
— Problem Definitions and Settings
o Part II: Personalization Techniques for LLMs
— Personalization via Retrieval-Augmented Generation
— Personalization via Prompting
— Personalization via Representation Learning
- Personalization via Reinforcement Learning from Human
Feedback
o Part III: Data Foundations
— Personalization Granularity
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— Dataset Settings for Direct and Downstream Personalization
e Part IV: Evaluation and Open Questions

— Evaluation Protocols and Benchmarks

— Open Challenges and Future Directions

The details for Parts II-IV are introduced as follows.

3.2 PartII: Personalization Techniques for LLMs

Personalization techniques for LLMs aim to incorporate user-specific
information in a principled and effective manner [6, 55]. Existing
studies can be broadly categorized into retrieval-augmented gen-
eration, prompting, representation learning, and reinforcement
learning from human feedback [35, 61, 62], which differ in how
user signals are represented, injected, and optimized [32, 53, 54].
Retrieval-augmented generation treats user information as external
knowledge, typically encoded as vectors and retrieved at inference
time through similarity-based search [36]. Prompting incorporates
user information into the input context to guide personalization
tasks [18, 21, 43]. Representation learning maps user information
into neural representations for fine-tuning, parameter-efficient
adaptation, or user-specific embeddings [27]. Reinforcement learn-
ing from human feedback leverages user information as alignment
signals [3, 33, 35, 54]. This part reviews how these paradigms enable
LLMs to exploit user information in real-world applications.

3.3 Part III: Data Foundations

Data foundations of personalized LLMs determine what forms of
user information can support personalization and how finely such
personalization can be realized [48, 51]. The heterogeneous na-
ture of user data, together with sparsity, dynamic preferences, and
privacy concerns, makes personalization substantially more chal-
lenging than generic language modeling [41, 42]. In this part, we
discuss the challenges of building personalized LLMs under realistic
data settings, including limited user-specific data, skewed user cov-
erage, and cold-start scenarios [19]. We categorize related studies
based on the granularity of personalization objectives and intro-
duce three major settings: user-level personalization, persona-level
personalization, and global preference personalization [14, 17, 52].
Moreover, we discuss the implications of data availability and struc-
ture for building personalized systems that are effective, robust,
and adaptable across different application scenarios [1, 2, 57].

3.4 PartIV: Evaluation and Open Questions

To assess whether personalized LLMs truly satisfy user-specific
requirements, comprehensive evaluation has become a central prob-
lem in this area [16, 39]. In this setting, intrinsic evaluation com-
pares personalized outputs with ground-truth user-written text
or preference signals, while extrinsic evaluation measures their
utility in downstream applications [24, 59]. Reliable evaluation fur-
ther requires appropriate protocols, benchmarks, and metrics, since
existing benchmarks often fail to capture realistic multi-turn inter-
actions, evolving preferences, and diverse contexts [12, 20]. This
part discusses evaluation foundations and broader open questions
for the field, including benchmark design, cold-start settings, bias
and fairness, privacy, and multimodal personalization.

4 Related Tutorials

e Tutorial on Large Language Models for Recommendation

KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

— Presenters: Wenyue Hua, Lei Li, Shuyuan Xu, Li Chen, and
Yongfeng Zhang

— Conference: RecSys 23, September 18-22, 2023, Singapore

- Connection: This tutorial introduces large language models
for recommendation, covering datasets, models, evaluation,
toolkits, and real-world systems.

— Differences: This tutorial focuses on recommendation as a
downstream application of LLMs. Our tutorial instead stud-
ies LLM personalization more broadly, covering techniques,
data foundations, evaluation, and open questions beyond
recommendation.

e Large Language Models for Recommendation: Progresses
and Future Directions

— Presenters: Jizhi Zhang, Keqin Bao, Yang Zhang, Wenjie
Wang, Fuli Feng, and Xiangnan He

- Conference: WWW °24, May 13-17, 2024, Singapore

— Connection: This tutorial presents recent advances in using
large language models for recommendation, which is closely
related to personalized generation and user-aware modeling.

- Differences: This tutorial centers on LLMs for recommen-
dation. Our tutorial instead focuses on the broader problem
of LLM personalization, covering core techniques, personal-
ization data, and evaluatio.

5 Tutorial Participation

Target Audience and Expected Reach. The intended audience of
this tutorial includes students, researchers, and practitioners inter-
ested in LLMs, personalization, and user-centric Al systems. Basic
familiarity with machine learning and natural language process-
ing is helpful but not required. Given the growing use of LLMs in
assistants, recommendation, customer interaction, and education,
the tutorial is relevant to both academic and industrial audiences.
We will promote the tutorial through academic networks, personal
webpages, social media, and related research communities. The
estimated number of participants is around 50-100.

Engagement Plan and Expected Impact. As LLM personaliza-
tion has become a rapidly developing research topic, this tutorial
is expected to attract broad interest. We will prepare clear tutorial
materials and recorded videos with intuitive examples to support
accessibility and participation. To improve the interactive quality
of the tutorial, we will encourage questions both during and after
the session. This tutorial is expected to serve as a useful reference
and source of research directions for researchers and practitioners.

6 Social Impact Statement

This tutorial is closely related to the KDD community, as person-
alization is a longstanding topic in recommendation, search, user
modeling, and interactive systems. With the rapid deployment of
LLMs, personalization is becoming an important direction for data-
driven Al research and applications. From a societal perspective,
personalized LLMs may support more equitable and inclusive AI
services by adapting to users with diverse needs, preferences, and
contexts. These capabilities are relevant to education, recommen-
dation, and digital assistants, while also raising important concerns
about fairness, bias, and privacy that this tutorial will discuss.
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