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Abstract001

Personalization is becoming indispensable for002
LLMs to align with individual user preferences003
and needs. Yet current approaches are often004
computationally expensive, data-intensive, sus-005
ceptible to catastrophic forgetting, and prone006
to performance degradation in multi-turn in-007
teractions or when handling implicit queries.008
To address these challenges, we conceptualize009
personalization as a model editing task and in-010
troduce Personalization Editing, a framework011
that applies localized edits guided by clustered012
preference representations. This design enables013
precise preference-aligned updates while pre-014
serving overall model capabilities. In addition,015
existing personalization benchmarks frequently016
rely on persona-based dialogs between LLMs017
rather than user-LLM interactions, or focus018
primarily on stylistic imitation while neglect-019
ing information-seeking tasks that require ac-020
curate recall of user-specific preferences. We021
introduce User Preference Question Answer-022
ing (UPQA), a short-answer QA dataset con-023
structed from in-situ user queries with vary-024
ing levels of difficulty. Unlike prior bench-025
marks, UPQA directly evaluates a model’s026
ability to recall and apply specific user pref-027
erences. Across experimental settings, Person-028
alization Editing achieves higher editing accu-029
racy and greater computational efficiency than030
fine-tuning, while outperforming prompting-031
based baselines in multi-turn conversations and032
implicit preference questions settings. 1033

1 Introduction034

Large language models (LLMs) have demonstrated035

strong general-purpose capabilities, yet there is036

growing demand to tailor their behavior to indi-037

vidual users (Salemi et al., 2023). Personalization038

adjusts model outputs based on user-specific pref-039

erences, goals, and contextual signals derived from040

1Code, data, and additional resources are available
at https://anonymous.4open.science/r/personalization-model-
editing

interaction history, thereby improving relevance 041

and user satisfaction. For example, if a user’s hob- 042

bies include running and reading, a personalized 043

LLM responding to “Suggest some activities for 044

the weekend” should recommend a local trail run 045

or a nearby book club rather than generic options. 046

Despite its promise, effective personalization re- 047

mains challenging. Fine-tuning–based methods 048

require domain-specific data, are computationally 049

expensive, and prone to catastrophic forgetting, 050

which can lead to poor user experience and erode 051

user trust (Laban et al., 2025; Zhang et al., 2024b). 052

In-context methods such as prompt engineering 053

avoid retraining but degrade substantially in multi- 054

turn conversations, where relevant information 055

becomes diluted in long prompts, causing the mod- 056

els to become increasingly unreliable (Bai et al., 057

2024). Moreover, these methods often struggle 058

with implicit-preference queries that require rea- 059

soning beyond the explicit profile facts (Zhao et al., 060

2025). These limitations motivate more efficient 061

and reliable personalization strategies. 062

Model editing, also known as knowledge editing, 063

offers a parameter-efficient alternative by enabling 064

localized changes to model behavior using mini- 065

mal data and computation (Wang et al., 2024). We 066

conceptualize personalization as a model-editing 067

task: each user preference corresponds to a targeted 068

update that overrides the original model’s behav- 069

ior while preserving unrelated behaviors. This ap- 070

proach avoids the costs of full fine-tuning helps 071

mitigate forgetting commonly observed in multi- 072

turn settings (Zhao et al., 2025). 073

We propose Personalization Editing, a frame- 074

work that further strengthens editing-based person- 075

alization by incorporating clustering-based pref- 076

erence representations. Instead of binding each 077

preference to a single fixed response, we repre- 078

sent preferences as clusters of semantically similar 079

subjects and target responses. This richer represen- 080

tation enhances the model’s robustness to varied 081

1

https://anonymous.4open.science/r/personalization-model-editing
https://anonymous.4open.science/r/personalization-model-editing


Personalization 
Editing

Clustering Preference Representation
Subjects: 𝑪𝑪𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔 = {𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉, 𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑, 𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑, 𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓, 𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊𝒊}
Targets: 𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 = {𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉𝒉, 𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕, 𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓, 𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕, 𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃}

𝑪𝑪𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔 𝑪𝑪𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 𝑪𝑪𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔 𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

Rest

What should I do this weekend?
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(a) Prompting vs. editing in multi-turn evaluation setting

Multi-turn Conversations

User Preference: I’m severely 
allergic to shellfish

User Query: What local New 
Orleans dishes should I try?
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In-context 
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(b) Personalization Editing improves responses to implicit questions
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Personalization 
Editing

Figure 1: The proposed Personalization Editing framework outperforms prompting-based methods in multi-turn
conversations and surpasses fine-tuning-based approaches in both accuracy and efficiency. Furthermore, its enhanced
clustering-based preference representation enables the framework to recall user preferences even in challenging
implicit queries, where existing methods often fail.

phrasing and contextual cues, enabling it to rec-082

ognize when a preference applies even if it is not083

mentioned explicitly.084

Model editing offers two central advantages for085

personalization. First, because editing modifies086

model parameters directly, it ensures consistent087

enforcement of user preferences across multi-turn088

conversations. For example, in Figure 1 (a), an in-089

context approach incorrectly recommends “craw-090

fish étouffée and oysters” despite a declared shell-091

fish allergy, whereas an edited model maintains092

shellfish-free recommendations throughout the di-093

alog. Second, building on this stable editing foun-094

dation, our clustering-based preference represen-095

tations enable accurate responses to implicit ques-096

tions. As shown in Figure 1 (b), the model can097

correctly infer that a user who enjoys hiking would098

appreciate a weekend hiking suggestion, even when099

the preference is not explicitly restated.100

A parallel challenge lies in evaluation. Exist-101

ing personalization datasets focus on synthetic102

persona-based dialog between LLMs rather than103

realistic human-LLM interactions (Jandaghi et al.,104

2023). Other personalization benchmarks primarily105

emphasize content-generation tasks such as style-106

based email writing while overlooking information-107

seeking tasks that require accurate recall grounded108

in user-specific facts (Salemi et al., 2023). To109

address this gap, we introduce UPQA (User 110

Preference Question Answering), a benchmark that 111

evaluates whether models recall and apply user pro- 112

file facts. UPQA includes structured questions for 113

explicit preferences, implicit preferences, and prac- 114

tical scenarios such as product recommendations. 115

By adopting a short-answer QA format with vary- 116

ing levels of difficulty, UPQA enables efficient and 117

reliable assessment of personalization methods. 118

Through comprehensive experiments involving 119

popular open-weight LLMs and diverse editing 120

methodologies, our findings validate that the pro- 121

posed framework improves editing accuracy, ro- 122

bustness in multi-turn conversations, and computa- 123

tional efficiency. Our key contributions are summa- 124

rized as follows: 125

• Model Editing for LLM Personalization. We 126

propose a novel conceptualization of personal- 127

ization as a model editing problem, enabling pre- 128

cise, parameter-efficient updates that preserve 129

general capabilities and outperform prompting- 130

based techniques in multi-turn conversations. 131

• Clustering-Based Preference Representation. 132

We design a clustering-based preference repre- 133

sentation that augments existing model editing 134

techniques, leading to superior robustness and ac- 135

curacy when handling challenging implicit pref- 136
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erence questions across diverse domains.137

• The UPQA Benchmark. We introduce UPQA,138

a challenging dataset designed for the rigorous139

and standardized evaluation of personalization140

methods across diverse scenarios, specifically141

focusing on the accurate recall and application142

of user-specific facts.143

2 Related Work144

In this section, we review the areas relevant to our145

work: LLM Personalization and Model Editing.146

2.1 LLM Personalization147

LLM personalization adapts models to individual148

user preferences, enhancing satisfaction through149

more relevant interactions (Zhang et al., 2024b).150

In-context approaches, such as profile-augmented151

prompts (injecting a user’s profile into the prompt)152

(Zhang et al., 2018) or RAG (Fan et al., 2024),153

which fetches user-specific information from an154

external memory, incorporate user data into the155

model’s input without altering the model’s weights.156

However, RAG depends on large, high-quality157

datasets, which are not consistently available to158

all users, particularly given the diverse and rapidly159

changing nature of user preferences (Zhang et al.,160

2025). Moreover, compressing extensive user his-161

tory into a prompt can lead to information loss162

and is constrained by the model’s limited context163

window (Liu et al., 2025). Fine-tuning approaches164

update the model’s parameters on user-specific data.165

This includes training a personalized adapter within166

the model’s layers (Zhong et al., 2021) or using re-167

inforcement learning to align the model with pref-168

erences (Ouyang et al., 2022). However, these169

methods are often resource-intensive and prone to170

overfitting (Liu et al., 2025). Moreover, reward-171

alignment techniques such as (Bai et al., 2022;172

Rafailov et al., 2023) primarily optimize for global173

preferences, rather than adapting to individual, user-174

specific feedback preferences (Liu et al., 2025).175

2.2 Model Editing176

Model editing, also known as knowledge edit-177

ing, enables efficient and precise modification178

in LLMs without full-parameter retraining while179

largely preserving non-targeted capabilities (Wang180

et al., 2024). Various editing techniques have been181

developed to update model knowledge efficiently.182

Some methods, such as ROME (Meng et al., 2022)183

and its multi-edit successor MEMIT (Meng et al.,184

2023), operate by directly locating and manipu- 185

lating key factual associations within the model’s 186

internal representations. Other parameter-efficient 187

techniques include Fine-Tuning with Masking (FT- 188

M) (Rozner et al., 2024; Gangadhar and Stratos, 189

2024), Constrained fine-tuning (FT-L) (Meng et al., 190

2022), and LoRA (Hu et al., 2022). A key strat- 191

egy for these PEFT-based editing methods is to 192

first identify the most relevant layer, often a spe- 193

cific Feed-Forward Network layer, responsible for 194

the target knowledge using diagnostic techniques 195

like causal tracing, and then apply the minimal 196

update only to that specific location. These tech- 197

niques are are effective for updating factual knowl- 198

edge, reducing hallucinations, and controlling eth- 199

ical and safety behaviors without compromising 200

the model’s general capabilities (Chen et al., 2024; 201

Huang et al., 2025a,b). Our proposed clustering- 202

based preference representation method is designed 203

to augment these existing model editing techniques, 204

improving their performance on challenging im- 205

plicit preference questions. 206

3 Problem Formulation 207

This section formally defines Personalization Edit- 208

ing as an objective to precisely map user prefer- 209

ences to model parameter updates while strictly 210

preserving its general capabilities. 211

3.1 Personalization as Editing 212

Personalization Editing operates on a structure anal- 213

ogous to a knowledge tuple (s, r, o), where s rep- 214

resents a subject, r denotes a predicate, and o 215

represents an object. The process of modifying 216

model responses to align with specific user pref- 217

erences is formalized as transforming an original 218

tuple (s, r, o) into a new tuple (s, r, o∗) that reflects 219

the personalized preference, where o∗ represents 220

the target response. Here, the user and predicate 221

remain constant while the response adapts to user- 222

specific preferences. 223

3.2 Input–Output Mapping 224

To probe and modify model responses for person- 225

alization, the subject s must be converted into a 226

natural language question x, to which the model 227

responds with an output y. This input-output pair 228

is associated with a tuple (s, r, o). The input space 229

corresponding to a personalization edit is denoted 230

as Xe = I(s, r), where I , where I is a question- 231

generation function that maps the subject and rela- 232

tion to a set of relevant input questions. The origi- 233
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nal output space is defined as Ye = O(s, r, o), and234

the desired personalized output space after editing235

is represented as Y∗
e = O∗(s, r, o∗). For a single236

edit e with input space Xe, the objective of Person-237

alization Editing is to transform the original output238

Ye into the target output Y∗
e .239

When considering a set of personalization ed-240

its E = {e1, e2, . . .}, the combined input space is241

XE =
⋃

e∈E Xe, and the corresponding original242

and target output spaces are YE =
⋃

e∈E Ye and243

Y∗
E =

⋃
e∈E Y∗

e , respectively.244

3.3 Objective245

Let the original LLM be a function f : X → Y .246

The goal of Personalization Editing is to produce247

a personalized model f∗ : X → Y∗, such that the248

edited model generates personalized outputs for249

inputs in XE while preserving its responses on all250

other inputs, preventing degradation of unrelated251

model behavior. The optimization aims to min-252

imize the discrepancy between the personalized253

output f∗(x) and the desired target output y∗, as254

measured by a loss function L. Simultaneously,255

the editing must maintain consistency on all inputs256

outside the editing set, ensuring that f∗(x) = f(x)257

for all x ∈ X \ XE . This yields the constrained258

optimization objective:259

minEe∈EEx,y∗∈Xe,Y∗
e
L(f∗(x), y∗)260

s.t. f∗(x) = f(x), ∀x ∈ X \ XE261

4 Dataset Construction262

To rigorously evaluate personalization editing. We263

first introduce UPQA, a short-answer QA bench-264

mark built from in-situ user queries, specifically265

designed for the standardized and efficient evalua-266

tion of personalization editing. Second, we adapt267

PREFEVAL (Zhao et al., 2025), a multi-turn con-268

versation benchmark, to better align with model269

editing. Together, these datasets provide a diverse270

and challenging testbed for assessing both the ac-271

curacy and robustness of personalization methods.272

4.1 UPQA (User Preference Question273

Answering)274

We curated UPQA by extracting user-profile fea-275

tures from the Synthetic Persona Chat (Jandaghi276

et al., 2023). We first aggregated all unique persona277

attributes, where each attribute encodes a specific278

user preference (e.g., “I enjoy hiking,” “I have a279

dog,” “I work as a teacher”). These serve as the280

foundation for personalization evaluation.281

To transform persona attributes to struc- 282

tured evaluation queries, we employed 283

Claude-Sonnet-4, selected for its strong 284

performance on instruction-following benchmarks 285

(Sharma et al., 2025). The model was prompted 286

to analyze each persona attribute and generate a 287

suite of in-situ user queries at different levels of 288

difficulty. This process ensured that evaluation 289

questions are systematically varied. 290

Since non-technical users often struggle to 291

clearly articulate their intent, leading to underspec- 292

ified or ineffective prompts (Bo et al., 2025), we 293

design implicit questions as a more challenging 294

variation of the original question. For each user 295

preference, we also annotated an attribute_type, 296

a high-level category of personal information such 297

as hobby, profession, family, pet, or location. We 298

designed four complementary query types: 299

1. question: Direct queries about the attribute 300

using its exact term (e.g., “What’s my hobby?” 301

for a hiking-related persona). 302

2. question_paraphrased: Rephrasings of the 303

direct query in more natural language. 304

3. implicit_question: Indirect queries that rely 305

on prior knowledge (e.g., “What should I do this 306

weekend?” for a hiking hobby). 307

4. product_recommendation_question: 308

Preference-grounded recommendation re- 309

quests that omit explicit attribute values (e.g., 310

“Any gear I should buy for my hobby?”). 311

We collected over 1,000 unique user preferences 312

spanning a broad range of topics, including hob- 313

bies, family roles, professions, and personal at- 314

tributes. To ensure fairness in evaluation, we sam- 315

pled a balanced subset with equal representation 316

across attribute types. This prevents bias toward 317

overrepresented categories and supports standard- 318

ized comparison across methods. 319

To support cluster-based editing, we augmented 320

UPQA by generating clusters of nine semantically 321

related synonyms for each editing subject and tar- 322

get. This augmentation captures lexical variability 323

(e.g., “dog,” “puppy,” “canine”) while preserving 324

semantic meaning, ensuring robustness in both eval- 325

uation and model editing. Synonym clusters were 326

again generated with Claude-Sonnet-4, followed 327

by manual verification. 328

Below is an example from UPQA. More details, 329

including attribute annotations, question types, and 330

synonym clusters, are provided in Appendix E. 331
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{
"attribute_type": "food preference",
"question": "What’s my food prefer-

ence?",
"question_paraphrased": "What kind of

food do I like best?",
"implicit_question": "What should I

have for dessert tonight?",
"target": "Any products I should buy for

my food preference?",
"input_attribute": "My favorite food is

ice cream."
}

332

4.2 PrefEval333

In addition to UPQA, we also evaluate our frame-334

work on the PREFEVAL benchmark (Zhao et al.,335

2025), where user preferences are expressed di-336

rectly in single-turn utterances, and subsequent337

queries test whether models can recall and ap-338

ply these preferences after long, noisy contexts.339

PREFEVAL serves as a baseline for assessing pref-340

erence following; however, it is primarily designed341

for prompting and retrieval-based methods rather342

than model editing.343

To adapt PREFEVAL for our setting, we refor-344

mulate the benchmark into structured key-value345

pairs by extracting subject and target. This re-346

structuring isolates the core preference signal and347

enables precise updates, facilitating efficient pref-348

erence injection or correction without retraining349

on entire conversations. The augmentation details350

are provided in Appendix C. An example of the351

augmented data is given below.352

{
"topic": "travel_restaurant",
"preference": "I have a severe peanut al-

lergy, so I must avoid any foods containing
peanuts or peanut products.",

"question": "I’m visiting Thailand next
month. What are some authentic Thai
restaurants you would recommend?",

"explanation": "Thai cuisine commonly
utilizes peanuts and peanut-based sauces,
so recommending authentic Thai restau-
rants presents a challenge given the user’s
peanut allergy.",

"subject": "restaurants",
"target": "peanut-free"

}
353

5 Experiments 354

5.1 Baseline Methods 355

• FT-L (Meng et al., 2022) Constrained fine-tuning 356

that targets a specific FFN layer identified by 357

causal tracing, maximizing likelihood of target 358

sequences with parameter-space norm constraints 359

to minimize interference with unmodified facts. 360

• FT-M (Zhang et al., 2024a) Fine-tuning with 361

masking that uses cross-entropy loss on target 362

answers while masking original text, providing 363

more precise weight adjustments aligned with 364

traditional fine-tuning objectives. 365

• LoRA (Hu et al., 2022) Low-rank adaptation that 366

introduces trainable rank decomposition matri- 367

ces into Transformer layers, freezing pretrained 368

weights while optimizing low-rank matrices for 369

parameter-efficient fine-tuning. 370

• ROME (Meng et al., 2022) Rank-one model edit- 371

ing that localizes factual associations in MLP 372

modules through causal intervention then makes 373

targeted rank-one parameter changes to alter fac- 374

tual associations with minimal disruption. 375

• GRACE (Hartvigsen et al., 2023) Sequential edit- 376

ing method that introduces layer adaptors with 377

cached embeddings and codebook storage, en- 378

abling sequential edits while maintaining model 379

stability through a deferral mechanism. 380

• Zero-shot (Zhao et al., 2025; Zheng et al., 2023) 381

Zero-shot prompting that directly incorporates 382

user preferences into the input context before 383

presenting evaluation questions. 384

5.2 Evaluation 385

After constructing the UPQA benchmark, we de- 386

sign an evaluation pipeline to assess the effective- 387

ness of model editing methods for personaliza- 388

tion. Our evaluation primarily follows the estab- 389

lished model editing paradigm and uses the Efficacy 390

Score (%) as the main metric. This score measures 391

whether the edited model can generate target an- 392

swers that accurately reflect user preferences, and 393

is equivalent to the success rate. To further ex- 394

amine whether a personalized LLM can robustly 395

provide preference-aware responses across diverse 396

question types, we introduce the Generalization 397

Score (%), which evaluates the model’s ability to 398

handle paraphrased or implicit questions related 399

to the same user preference. This metric captures 400

the percentage of personalized responses produced 401

under more challenging conditions. 402
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Figure 2: Efficacy score of various model editing methods across multiple LLMs on UPQA.
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(b) Olmo2-7B

Figure 3: Evaluation results of various model-editing methods for Llama3-8B and Olmo2-7B on UPQA across 10
preference types. Efficacy scores (%) indicate the editing success rate on question–answer pairs.

For multi-turn conversation settings, we insert403

inter-turn dialog as distractions before the evalu-404

ation question. Following PrefEval (Zhao et al.,405

2025), we retrieve these inter-turn conversational406

turns from the Lmsys1M dataset (Zheng et al.,407

2024). However, unlike PrefEval, which is de-408

signed to evaluate prompting-based methods and409

thus explicitly inserts user preferences into the con-410

text (structured as user preference followed by inter-411

turn conversation and then the evaluation question),412

our evaluation does not include user preference413

information in the context. This design more ac-414

curately reflects the personalization editing setting,415

where user knowledge is embedded in the model416

itself rather than reintroduced through prompts. 417

We employ Claude-Sonnet-4 as the automatic 418

judge to assess whether model responses acknowl- 419

edge, reflect, or demonstrate awareness of user 420

preferences, following prior work that defines this 421

metric as the Acknowledge Rate (%) (Zhao et al., 422

2025). The detailed evaluation prompts used for 423

evaluation are provided in Appendix F. 424

5.3 Effectiveness of Personalization Editing 425

We first evaluate the effectiveness of Personaliza- 426

tion Editing on the proposed UPQA data. Figure 2 427

and 3 show that Personalization Editing consis- 428

tently achieves higher Efficacy Scores across all 429
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Figure 4: Generalization scores of various model editing methods across multiple LLMs on UPQA. Generalization
Scores (%) are measured by accuracy on four types of Generalization Evaluation Questions including Questions
("Explicit"), Rephrased Questions ("rephrase"), Implicit Questions ("implicit"), Product-Recommendation Questions
("Product Rec."). The "Average" refers to averaged scores over four question types.

preference types, demonstrating its ability to ro-430

bustly encode user-specific information. Moreover,431

Figure 4 highlights that Personalization Editing432

generalizes effectively across six different models.433

While ROME exhibits strong efficacy on di-434

rect preference injection, it fails to generalize435

to rephrased questions, implicit references, and436

recommendation-style queries. In contrast, zero-437

shot prompting preserves some ability on rephrased438

questions but lags far behind editing-based methods439

in efficacy, underscoring that persistent and reliable440

personalization requires direct parameter updates441

rather than transient prompting. FT-M achieves442

competitive performance in generalization.443

Finding 1

Personalization Editing is highly effective
at encoding user-specific facts into LLMs,
enabling them to provide personalized re-
sponses aligned with user preferences.

444

5.4 Sustaining Personalization Beyond the445

First Turn446

To evaluate whether personalization persists across447

extended multi-tun interactions, we measure the448

Acknowledgment Rate in multi-turn dialogs on449

PREFEVAL (Zhao et al., 2025). As shown in Fig-450

ure 5, Personalization Editing maintains a high451

acknowledgment of user preferences throughout 452

10 conversational turns, demonstrating robustness 453

even as unrelated dialog content introduces distrac- 454

tions. In contrast, prompting-based methods de- 455

grade rapidly, falling below 20% by the 8th turn, as 456

models fail to recall preferences without repeated 457

explicit reminders. This gap highlights a key ad- 458

vantage of parameter-based editing: by modifying 459

internal representations, the injected personaliza- 460

tion becomes persistent and less susceptible to for- 461

getting across turns, whereas prompting remains 462

transient and fragile. These results emphasize the 463

necessity of stable, parameter-level personalization 464

for realistic multi-turn settings. 465

Finding 2

Personalization Editing provides persistent
personalization in multi-turn conversations,
showing robustness to distractions and out-
performing prompting-based methods.

466

5.5 Robust Editing with Clustering-based 467

Preference Representations 468

Real-world personalization often requires models 469

to recall preferences that are not explicitly restated. 470

To evaluate this setting, we focus on the implicit 471

split of UPQA, which represents the most challeng- 472

ing question type. As shown in Figure 6 and Fig- 473
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Figure 5: Acknowledgment Rate (%) over 10-turn conversations. Personalization Editing methods sustain high
acknowledgment rate, while prompting-based baselines degrade.
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Figure 6: Clustering-based preference representations improve personalization generalization and efficacy on
implicit questions as cluster size increases from 1 to 9.
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Figure 7: Clustering-based preference representations enhance generalization on rephrased questions as cluster size
increases from 1 to 9.

ure 7, when the cluster size is 1 (equivalent to stan-474

dard model editing), the editing methods already475

outperform zero-shot prompting. Increasing the476

cluster size further improves efficacy, with a cluster477

size of 3 offering a strong balance point, beyond478

which gains plateau. Personalization Editing, aug-479

mented with clustering-based preference represen-480

tations, achieves consistently higher performance481

as the cluster size increases. This demonstrates482

that clustering enables more generalizable person-483

alization, allowing models to adapt to rephrased or484

implicit formulations.485

Finding 3

Personalization Editing achieves strong per-
formance on rephrased and implicit ques-
tions, and clustering-based preference rep-
resentations further improve generalization.

486

6 Conclusion 487

We introduced Personalization Editing, a frame- 488

work that conceptualizes LLM personalization as a 489

model-editing task, enabling precise and compute- 490

efficient adaptation without the need for full retrain- 491

ing. To support rigorous and realistic evaluation, 492

we presented UPQA, a challenging benchmark de- 493

signed to directly test personalization methods on 494

user-centric queries. Building on this formulation, 495

we proposed a clustering-based preference repre- 496

sentation that enhances existing editing techniques, 497

improving accuracy, robustness, and efficiency, par- 498

ticularly on difficult implicit-preference queries. 499

Extensive experiments across diverse benchmarks 500

and model families demonstrate the effectiveness 501

and generality of our approach, establishing Per- 502

sonalization Editing as a practical and versatile 503

solution for robust LLM customization. 504
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7 Limitations505

Although personalization editing is more506

parameter-efficient than full fine-tuning, it is less507

straightforward to deploy than in-context prompt-508

ing, especially in short multi-turn conversations509

where prompt-based methods may already perform510

well. One limitation of our evaluation is the511

absence of a RAG baseline, which we excluded512

because the dataset is not large enough and lacks a513

dedicated knowledge corpus to support meaningful514

retrieval. Moreover, prior work shows that RAG515

systems face the same multi-turn constraints as516

prompting-based approaches (Zhao et al., 2025),517

further reducing their relevance in this setting.518

Another limitation is the lack of human evaluation.519

Because the dataset consists of short-answer QA520

pairs with clearly defined ground-truth labels,521

we employ string match as the primary scoring522

method, using an LLM judge (Claude-Sonnet-4)523

as a fallback to handle minor variations and reduce524

false negatives. We include all evaluation scripts525

and outputs in the code repository for transparency526

and community inspection.527

8 Ethical considerations528

This work follows established ethical research stan-529

dards and does not involve human subjects. All530

data are either publicly available or synthetically531

generated, and no personally identifiable informa-532

tion is used. In particular, the UPQA dataset is con-533

structed from synthetic user profiles to minimize534

privacy risks while modeling realistic personaliza-535

tion scenarios. Finally, we release our dataset and536

methodology with clear documentation for research537

use only, supporting transparent and responsible538

deployment of personalized language models.539
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A Reproducibility Statement754

All code and data are available in an anony-755

mous repository. We also provide the eval-756

uation prompts used for LLM-Judge in Ap-757

pendix F, where we specifically used the758

claude-sonnet-4-20250514-v1:0 model pro-759

vided via AWS Bedrock. Our code additionally760

offers the option to run a local LLM for evalua-761

tion. We conducted all experiments on NVIDIA762

H200 GPUs. We recommend using a graphics card763

with at least 48 GB of memory. To ensure repro-764

ducibility, greedy decoding was applied across all765

models. The model checkpoints are downloaded766

from huggingface. The specific download links are767

as follows:768

• Llama3-8B: https://huggingface.co/769

meta-llama/Meta-Llama-3-8B-Instruct770

• Mistral-7B: https://huggingface.co/771

mistralai/Mistral-7B-Instruct-v0.3772

• Qwen3-8B: https://huggingface.co/773

Qwen/Qwen3-8B774

• DeepSeek-7B:https://775

huggingface.co/deepseek-ai/776

DeepSeek-R1-Distill-Qwen-7B777

• OLMo-7B: https://huggingface.co/778

allenai/OLMo-7B-Instruct-hf779

B Side Effect and Stealthiness780

One advantage of personalization editing is its po-781

tential to introduce targeted changes while preserv-782

ing the model’s broader capabilities. We assess783

the side effect and stealthiness of personalization784

editing by measuring their impact on two core di-785

mensions of model capabilities: general knowl-786

edge and reasoning ability. To evaluate general787

knowledge, we follow prior work (Touvron et al.,788

2023; Team et al., 2024) and measure performance789

on two standard benchmarks: BoolQ (Clark et al.,790

2019) and NaturalQuestions (Kwiatkowski et al.,791

2019), using a closed-book evaluation setting for792

both pre-edit and post-edit models. For reasoning,793

we assess mathematical reasoning using GSM8K794

(Cobbe et al., 2021) and semantic reasoning using795

NLI (Dagan et al., 2005).796

As shown in Table 1, performance across all797

benchmarks remains largely consistent with the798

pre-edit baseline. These results indicate that person-799

alization editing introduces minimal degradation to800

general knowledge and reasoning, demonstrating 801

both its high stealthiness and low unintended side 802

effects. Below are the evaluation instructions and 803

prompts used to measure side effects and stealthi- 804

ness on auxiliary tasks across BoolQ, NaturalQues- 805

tions, GSM8K, and NLI. 806

Evaluation prompt for Accuracy (%)
calculation of the dataset BoolQ:

Answer the given question. The
answer should be exact ‘True’ or
‘False’.

Evaluation prompt for Accuracy (%) cal-
culation of the dataset NaturalQuestions:

Given a list of correct answers and
an input answer, evaluate whether
the input answer semantically
matches any of the correct answers
or expresses the same idea. Output
‘1’ if they share a semantic
overlap or express related ideas
(including partial matches), and
output ‘0’ otherwise.

Evaluation prompt for Accuracy (%)
calculation of the dataset GSM8K:

Answer the following question
with Arabic numerals. Do not
repeat the question or provide
additional context.

Evaluation prompt for Accuracy (%)
calculation of the dataset NLI:

Answer the given question. The
answer should be exact ‘True’ or
‘False’.

807

C Data Construction Prompts 808

Below are the prompts for building our 809

UPQA data. 810

12

https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/allenai/OLMo-7B-Instruct-hf
https://huggingface.co/allenai/OLMo-7B-Instruct-hf
https://huggingface.co/allenai/OLMo-7B-Instruct-hf


Method General Knowledge Reasoning Capacities

BoolQ NaturalQuestions GSM8K NLI

Pre-edit (llama3-8b) 99.40 ± 0.00 84.80 ± 0.00 62.00 ± 0.00 39.60 ± 0.00
ROME (llama3-8b) 99.60 ± 0.16 85.00 ± 0.28 61.53 ± 1.23 39.73 ± 0.38
FT-M (llama3-8b) 99.47 ± 0.09 85.20 ± 0.00 62.13 ± 0.09 39.47 ± 0.41
LoRA (llama3-8b) 99.47 ± 0.09 84.07 ± 0.50 61.40 ± 1.72 38.40 ± 1.30

Pre-edit (olmo2-7b) 99.60 ± 0.00 83.20 ± 0.00 58.40 ± 0.00 37.27 ± 0.34
ROME (olmo2-7b) 99.53 ± 0.09 83.07 ± 0.34 57.27 ± 1.11 35.93 ± 0.66
FT-M (olmo2-7b) 99.60 ± 0.00 83.13 ± 0.09 58.33 ± 0.25 36.60 ± 0.75
LoRA (olmo2-7b) 99.60 ± 0.00 83.67 ± 0.25 58.33 ± 0.81 36.33 ± 0.09

Table 1: Performance on General Knowledge and Reasoning Capacities Before and After Behavior Editing. The
knowledge editing techniques include ROME, FT-M (Fine-Tuning), and LoRA. The evaluation metric is Accuracy
(%). Average performance and standard deviation over five edits are shown in the table.

You are tasked with analyzing a persona
attribute and generating structured person-
alization data.
Given this persona attribute: "{persona}"
Generate a JSON response with the follow-
ing fields:
1. "input_attribute": the original persona
attribute (exactly as provided).
2. "attribute_type": a high-level category
of the attribute (e.g., "hobby", "profession",
"pet", "location", "job", "family", "food
preference", "career goal"). Use the broad-
est appropriate category, not the specific
value. Use lowercase and separate words
with spaces.
3. "question": explicitly ask about the at-
tribute type, use the exact word of the at-
tribute_type in the question (e.g., "What’s
my hobby?" for a hiking-related persona).
4. "question_paraphrased": a natural re-
wording of the direct question.
5. "implicit_question": a conversational
question that avoids directly naming the
attribute type but still guides toward an-
swers closely aligned with the target in an
everyday, non-diagnostic way (e.g., "What
should I do this weekend?" for a hiking
hobby).
6. "product_recommendation_question":
asks for a product suggestion relevant to
the attribute_type without mentioning the
specific attribute value (e.g., "Any gear I
should buy for my hobby?").
7. "target": a concise description of what
the persona reveals about the person (a sin-
gle word or short phrase grounded in the
input attribute).

811

Below are the prompts for generating clusters of 812

synonyms to improve preference representations. 813

Generate exactly {num_synonyms}
concise synonyms for the attribute type:
"{text}"

Each synonym should be:
- 1 word or a short phrase (maximum 3
words)
- Conceptually similar to the original
- Suitable for categorizing personal
attributes
- ALL LOWERCASE
- Different from the original term

Original: {text}
Provide only the {num_synonyms} syn-
onyms, one per line, without numbering
or bullet points. Ensure all synonyms are
in lowercase.

814

D Time Efficiency Analysis 815

Method Total File Runtime (s) Average Edit Time (s)
FT-L 3168.655000 1.533571
FT-M 2294.145714 0.221429
GRACE 3919.603333 4.955000
ICE 2981.761429 0.000000
LoRA 5208.758333 13.561667
ROME 3175.657143 2.032857

Table 2: Comparison of runtime and average time
per edit across different editing methods on subset of
UPQA with size of 200.
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E Examples of Augmented UPQA816

{
"input_attribute": "I love to ride my
bike.",
"attribute_type": [
"pastime",
"interest",
"pursuit",
"activity",
"recreation",
"leisure activity",
"diversion",
"avocation",
"hobby"
],
"question": [
"What’s your favorite pastime?",
"What’s your main interest these days?",
"What’s your current pursuit?",
"What’s your favorite activity to do on
weekends?",
"What’s your favorite type of recreation?",
"What’s your favorite leisure activity?",
"What’s your favorite diversion when you
need to unwind?",
"What’s your main avocation outside of
work?",
"What’s my hobby?"
],
"question_paraphrased": "What do I enjoy
doing in my free time?",
"implicit_question": "What’s a good way
to stay active and get around town?",
"product_recommendation_question":
"Any gear I should buy for my hobby?",
"target": [
"Cycling",
"Biking",
"Pedaling",
"Bicycling",
"Riding a bicycle",
"Spinning wheels",
"Two-wheel travel",
"Pedal pushing",
"Bike riding"
]
}

817

F Evaluation Prompts 818

Analyze a conversation to determine if
the assistant’s response acknowledges or
shows awareness of a user preference.

Answer ’Yes’ if the response in any way
indicates the assistant is aware of or
considering the user preference. Extract
the part of the response that shows this
awareness.

Answer ’No’ only if there is no sign at all
that the assistant recognizes or considers
the preference.

Here is the assistant’s response:
User preference: {user_preference}
The user’s question is: {question}
Assistant response: {end_generation}

Reply in this exact XML format:

<preference>[part of the
response showing awareness
of the preference; leave
blank if none]</preference>
<answer>[Yes/No]</answer>

819

G More Experiment Results 820

Table 2 presents a Time Efficiency Analysis com- 821

paring different editing methods (FT-L, FT-M, 822

GRACE, ICE, LoRA, ROME) on a 200-sample sub- 823

set of UPQA. The comparison includes the Total 824

File Runtime and the Average Edit Time per edits 825

in seconds. Table 3 provides supplementary results 826

showing the accuracy and performance variability 827

(mean ± standard deviation over three runs) of per- 828

sonalization editing across the Generalization Eval- 829

uation question types (Explicit, Rephrased, and 830

Implicit) on a 100-sample subset of UPQA. 831
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model Method Explicit Rephrase Implicit

deepseek-7b FT-L 36.00±0.00 45.33±1.53 43.00±0.00
deepseek-7b FT-M 100.00±0.00 100.00±0.00 80.00±0.00
deepseek-7b GRACE 100.00±0.00 0.00±0.00 1.00±0.00
deepseek-7b ICE 9.67±0.58 46.67±1.15 1.00±0.00
deepseek-7b LoRA 100.00±0.00 78.00±0.00 40.00±0.00
deepseek-7b ROME 100.00±0.00 1.00±0.00 1.00±0.00

llama3-8b FT-L 38.00±0.00 39.00±0.00 36.33±0.58
llama3-8b FT-M 100.00±0.00 99.67±0.58 95.00±0.00
llama3-8b GRACE 100.00±0.00 0.00±0.00 3.00±0.00
llama3-8b ICE 74.00±2.00 73.00±1.00 3.00±0.00
llama3-8b LoRA 100.00±0.00 99.00±0.00 89.67±0.58
llama3-8b ROME 98.00±0.00 26.00±0.00 4.00±0.00
olmo2-7b FT-L 62.00±1.00 54.67±0.58 41.33±0.58
olmo2-7b FT-M 100.00±0.00 94.00±0.00 65.00±0.00
olmo2-7b GRACE 87.67±0.58 1.00±0.00 3.33±0.58
olmo2-7b ICE 63.33±0.58 74.33±0.58 3.00±0.00
olmo2-7b LoRA 100.00±0.00 43.00±0.00 21.00±0.00
olmo2-7b ROME 100.00±0.00 7.33±1.15 3.00±0.00
qwen3-8b FT-L 43.33±1.15 46.67±0.58 48.67±0.58
qwen3-8b FT-M 100.00±0.00 96.00±0.00 95.00±0.00
qwen3-8b GRACE 100.00±0.00 1.67±0.58 5.00±0.00
qwen3-8b ICE 29.67±1.15 80.33±0.58 5.00±0.00
qwen3-8b LoRA 100.00±0.00 82.67±0.58 54.33±0.58
qwen3-8b ROME 100.00±0.00 4.00±0.00 3.00±0.00

Table 3: Evaluation of personalization editing on a balanced 100-sample subset of UPQA, measured by accu-
racy across following Generalization Evaluation Question types: Questions ("Explicit"), Rephrased Questions
("rephrase"), Implicit Questions ("implicit"). Reported values include the mean and standard deviation over three
evaluation runs to capture performance variability.
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