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Abstract001

Large Language Models (LLMs) excel at002
general-purpose tasks, but personalizing003
their responses to individual users remains004
challenging. Retrieval augmentation offers005
a lightweight alternative to fine-tuning by006
conditioning LLMs on user history records,007
yet existing strategies rely on heuristics008
(e.g., relevance to the query) that overlook009
the true contribution of records to person-010
alization. To address these limitations,011
we propose PURPLE, a contextual bandit012
framework that oPtimizes UseR Profiles for013
Llm pErsonalization. PURPLE operates as014
a re-ranking layer over candidate records,015
balancing efficiency with personalization016
quality. Across nine real-world personaliza-017
tion tasks spanning classification, regression,018
and short- and long-text generation, PURPLE019
consistently outperforms strong heuristic and020
retrieval-augmented baselines, establishing021
contextual bandit retrieval as a principled022
and scalable solution for personalized023
LLMs. Our code is available at: https:024
//anonymous.4open.science/r/025
ACL-2026-PURPLE-3096/.026

1 Introduction027

Large Language Models (LLMs) have demon-028

strated remarkable success in various natural lan-029

guage processing tasks. As these models are in-030

creasingly applied to personalized applications,031

tailoring responses to individuals based on their032

own preferences has become a crucial challenge.033

Existing approaches for personalizing LLMs, such034

as Parameter-Efficient Fine-Tuning (PEFT) (Hu035

et al., 2022) and Reinforcement Learning from036

Human Feedback (RLHF) (Ouyang et al., 2022),037

generally require modifying model parameters.038

These approaches incur high computational costs,039

demand frequent updates, and are impractical040

for real-time personalization at scale, especially041

when the LLM is not fully open-sourced. More-042

over, continually fine-tuning models for differ- 043

ent individuals would complicate safety evaluation 044

and deployment, since each personalized variant 045

would require separate testing. 046

In this paper, we study a lightweight ap- 047

proach to LLM personalization via retrieval 048

augmentation (Wu et al., 2025), where user 049

profiles are formed by retrieving and inject- 050

ing past user records into the prompt. Prior 051

work has shown that incorporating such profiles 052

can effectively steer LLM outputs toward indi- 053

vidual preferences (Salemi et al., 2024; Jiang 054

et al., 2025). Compared to parameter-updating 055

methods, retrieval-augmented personalization is 056

lightweight, transparent, and readily deployable, 057

as users can directly inspect and edit the records 058

guiding generation. However, simply using the 059

full user history risks introducing redundancy and 060

noise and may exceed the model’s context win- 061

dow, while overly aggressive pruning may discard 062

important personalization signals. This tension 063

raises a central challenge: which user records 064

should be used to construct the user profile so as 065

to maximize utility, i.e., improve downstream task 066

performance when conditioned on by the LLM? 067

Existing strategies for building user profiles of- 068

ten rely on heuristics, such as selecting records 069

with the highest relevance, defined as semantic 070

similarity to the query (Karpukhin et al., 2020). 071

However, we argue that relevance is an unreliable 072

proxy for personalization utility. This is because 073

relevance-based heuristics conflate surface-level 074

contextual similarity with the underlying prefer- 075

ence signals that actually drive personalization. As 076

a result, relevance scores emphasize how similar a 077

record looks to the query not necessarily whether 078

it supports the user’s current intent. To illustrate 079

this dichotomy, consider Figure 1, where the user 080

seeks “relaxing movies for Friday night”. Stan- 081

dard relevance heuristics prioritize record h1 due 082

to the high lexical overlap of “Friday night”, ig- 083
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Figure 1: An illustration of the discrepancy be-
tween relevance and utility for a user’s past interaction
records given a query. The thought bubbles illustrate
the potential movie genres that satisfy the underlying
user intent for each query.

noring the latent preference for “suspense” which084

contradicts the current need for relaxation. Con-085

versely, record h2 offers high utility by captur-086

ing the semantic intent to “unwind”, despite lack-087

ing surface-level keyword matches. This high-088

lights that relevance scores prioritize how similar a089

record looks to the query, whereas utility depends090

on whether it supports the underlying user intent.091

Beyond evaluating individual records, con-092

structing an effective user profile requires set-093

aware reasoning rather than independent selec-094

tion. Even if the utility of each record could be095

accurately estimated in isolation, a greedy top-096

k selection remains suboptimal. This is because097

record utilities do not compose additively; the con-098

tribution of a specific record depends heavily on099

the context of other retrieved records. Revisit-100

ing Figure 1, while h2 and h3 individually ap-101

pear useful by reflecting a shared preference for102

lighthearted content, their combination is subopti-103

mal. Jointly prompting with {h2, h3} introduces104

conflicting constraints—mixing “comedy” pref-105

erences with “young kids” requirements—which106

dilutes generation quality compared to using h2107

alone. This demonstrates that personalization util-108

ity is non-monotonic: even valid preference sig-109

nals can interfere with one another, meaning that110

simply accumulating “useful” records can actively111

degrade profile performance.112

The limitations highlighted above call for a re-113

ranking mechanism that is directly optimized for114

downstream generation performance and is explic-115

itly aware of interactions among records. Exist-116

ing approaches fall short of these requirements:117

heuristic retrieval relies on static proxies like sim-118

ilarity, while recent listwise rerankers, though 119

capable of modeling dependencies, remain con- 120

strained by relevance-oriented supervision. To 121

bridge this gap, we propose PURPLE, a frame- 122

work that models user record selection as a contex- 123

tual bandit problem (Langford and Zhang, 2007). 124

In its formulation, the context consists of both the 125

current query and the user’s past records. The se- 126

lection policy is guided by a reward function re- 127

flecting downstream personalized text generation 128

performance. PURPLE outputs a propensity score 129

for each user record, which is passed through a 130

Plackett-Luce ranking model to produce the final 131

selected user records. This formulation enables 132

the model to capture interactions between records 133

and adaptively select those that are most benefi- 134

cial. We train PURPLE end-to-end using the pol- 135

icy gradient method (Sutton et al., 1999). 136

Our main contributions are as follows: 137

• We introduce PURPLE, a framework that casts 138

retrieval-augmented LLM personalization as a 139

contextual bandit problem, adaptively optimiz- 140

ing user profiles beyond static heuristics. 141

• We show through extensive experiments on nine 142

personalization tasks, covering classification, re- 143

gression, and short- and long-text generation, 144

that PURPLE consistently outperforms strong 145

baselines in both effectiveness and efficiency. 146

• We perform comprehensive ablation studies on 147

PURPLE’s key design choices and further vali- 148

date PURPLE’s effectiveness through extended 149

analysis and human evaluation. 150

2 Related work 151

LLMs for Personalization. LLMs demonstrate 152

strong performance across domains (OpenAI, 153

2024), yet their outputs often diverge from user 154

expectations because pre-training captures general 155

rather than individual needs. Reinforcement learn- 156

ing from human feedback (RLHF) (Ouyang et al., 157

2022) and parameter-efficient finetuning (PEFT) 158

(e.g., LoRA (Hu et al., 2022)) can align models 159

with user preferences, but both require model fine- 160

tuning and are impractical for end users who lack 161

access to resources. A complementary direction 162

personalizes LLMs through user profiles (Salemi 163

et al., 2024), built from prior user interactions 164

or external signals. Leveraging user profiles has 165

shown benefits across multiple tasks requiring per- 166

sonalization, such as recommendation (Penaloza 167
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et al., 2025), text summarization (Zhang et al.,168

2024), question answering (Wu et al., 2024), con-169

tent generation (Shen et al., 2024), and person-170

alized chatbot interaction (Jiang et al., 2025).171

Yet it remains unclear which user history records172

in a profile truly drive performance improve-173

ments, particularly in retrieval-augmented genera-174

tion (RAG), where performance hinges on select-175

ing semantically relevant context. Moreover, little176

analysis has been conducted on how to best se-177

lect and compose user records into profiles with178

high personalization utility. Our work addresses179

this gap by studying how user profiles shape per-180

sonalization in retrieval-augmented LLMs, and by181

proposing strategies for selecting user records to182

maximize downstream performance.183

Retrieval-Augmented Language Models.184

Retrieval-augmented language models (RALMs)185

enhance parametric LMs with external memory to186

improve factuality and coverage. Early work such187

as REALM (Guu et al., 2020) and RAG (Lewis188

et al., 2020) jointly trained the retriever and LM,189

while Re2G (Glass et al., 2022) further incor-190

porated a reranking module into this end-to-end191

pipeline. To reduce training costs, subsequent192

methods froze the LM and applied retrieval193

in-context. For example, In-Context RALM (Ram194

et al., 2023) leveraged LLMs for reranking, while195

REPLUG (Shi et al., 2024) distilled retrievers196

from LLMs. More recently, instruction-tuned197

variants such as SelfRAG (Asai et al., 2024)198

and RankRAG (Yu et al., 2024) jointly model199

retrieval and generation, but their reliance on200

large-scale finetuning renders them impractical201

for personalization.202

The methods most relevant to our work are In-203

Context RALM and REPLUG; however, both in-204

corporate only one retrieved record at a time, a205

limitation our method directly addresses. Specif-206

ically, REPLUG combines multiple records by207

weighting generation outputs with retrieval prob-208

abilities, while In-Context RALM periodically209

triggers retrieval during decoding at fixed steps210

and replaces previously used records. These de-211

signs arise because jointly reasoning over multi-212

ple records leads to a combinatorial explosion in213

the number of possible profiles. In contrast, our214

approach is explicitly designed to overcome this215

limitation by modeling cross-record dependencies216

and directly optimizing over multi-record profiles217

without resorting to such approximations.218

LLMs for Reranking. Reranking methods can 219

be categorized as pointwise, pairwise, or listwise. 220

Pointwise models such as MonoBERT (Nogueira 221

et al., 2019) and MonoT5 (Nogueira et al., 2020) 222

score each query–document pair independently, 223

while pairwise models such as DuoT5 (Pradeep 224

et al., 2021) compare candidates in pairs. In 225

contrast, listwise approaches jointly model the 226

full candidate set and have recently been ad- 227

vanced by LLMs through prompt-only ranking 228

(RankGPT (Sun et al., 2023)), model distilla- 229

tion (e.g., RankVicuna, RankZephyr, Lit5Distill, 230

FIRST (Pradeep et al., 2023a,b; Tamber et al., 231

2023; Gangi Reddy et al., 2024)), and inference- 232

time relevance extraction (ICR (Chen et al., 233

2025)). However, these methods conflate rele- 234

vance with utility, which is not ideal for person- 235

alization. In this work, we instead train rerankers 236

using downstream generation quality as feedback, 237

prioritizing utility over semantic similarity. 238

3 Methodology 239

We formulate retrieval-augmented LLM personal- 240

ization as a contextual bandit problem (Langford 241

and Zhang, 2007), where the goal is to learn a 242

policy that selects informative user records. Un- 243

like classic multi-armed bandits, contextual ban- 244

dits incorporate auxiliary information (e.g., the 245

current query and user history) before making a 246

selection, enabling direct optimization of retrieval 247

strategies through policy gradient reinforcement 248

learning. This aligns the selection of user records 249

with downstream personalization objectives. 250

3.1 Problem Formulation 251

We consider a dataset D = {(Hu, xu, yu)}|D|
u=1, 252

where each example consists of a user’s collection 253

of history records Hu, a query xu, and a ground- 254

truth personalized response yu. Personalization is 255

achieved by retrieving informative records from 256

Hu and supplying them as context to a frozen 257

LLM, which then generates the final response. 258

In practice, we apply PURPLE as a re-ranking 259

module on top of a candidate pool selected by 260

lightweight heuristics, ensuring low-latency infer- 261

ence compatible with large-scale systems. In the 262

following development, we focus on a single user 263

and omit the superscript index for brevity. 264

Let H = {h1, . . . , hN} denote the set of N his- 265

tory records for a user, where each record hi = 266

(xi, yi) is an input–output pair (e.g., a query and 267
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its answer from the user). Given a new query x,268

our goal is to construct a user profile from H to269

condition the LLM for generating a personalized270

response. Formally, a profile is an ordered tuple271

P = ⟨p1, . . . , pK⟩ ∈ PermK(H), which is a K-272

permutation of H. We stress that the profile is273

order-sensitive: different permutations of the same274

K records correspond to distinct profiles and thus275

provide different inputs to the downstream LLM.276

We formulate the selection of P as a contextual277

bandit problem, where the context is given by the278

user’s history H and the query x, and the action279

corresponds to selecting K records from H to con-280

struct a profile. Formally, this formulation consists281

of the following key components:282

• Context: C = (H, x), where H is the user’s283

collection of history records and x is the284

query. This representation captures both past285

user preferences and the immediate intent.286

• Actions: P = ⟨p1, . . . , pK⟩ ∈ PermK(H),287

which corresponds to selecting K distinct288

records from H in a particular order. The ac-289

tion thus determines not only which records290

to use but also how they are arranged. The291

size of the action space is N !/(N −K)!.292

• Reward: R(LLM(P, x), y), a function that293

measures the quality of the LLM-generated294

response LLM(P, x) relative to the ground-295

truth personalized response y.296

We model the policy with a neural distribution297

πθ(· | C), parameterized by θ, which assigns prob-298

abilities to candidate user profiles given the con-299

text C. The objective is to learn parameters θ300

such that the policy assigns higher probabilities301

to more informative profiles, which ultimately en-302

hance personalized text generation. To this end,303

we maximize the expected reward over sampled304

user profiles, optimizing the following objective305

on a dataset D spanning multiple users, each as-306

sociated with a set of history records, a query, and307

the corresponding ground-truth answer:308

J (θ) =

E(H,x,y)∼D,P∼πθ(·|C)[R(LLM(P, x), y)].
(1)309

It is challenging to directly optimize Equation 1310

since the reward is not differentiable. To address311

this, we employ the likelihood ratio gradient esti-312

mator from reinforcement learning and stochastic313

optimization (Williams, 1992; Sutton et al., 1999), 314

which allows us to compute the gradient as: 315

∇θJ (θ) = E(H,x,y)∼D,P∼πθ(·|C)

[∇θ log πθ(P | C)R(LLM(P, x), y)].
(2) 316

Since it is intractable to enumerate all profiles 317

P ∈ PermK(H) during the optimization pro- 318

cess, we estimate Equation 2 by randomly sam- 319

pling M = 32 profiles. To stabilize training and 320

reduce variance in gradient estimation, we apply 321

z-score normalization over the rewards of these 32 322

profiles sampled for each example. The detailed 323

gradient estimation scheme is provided in Equa- 324

tion 2 in Appendix A. 325

3.2 Model and Function Design 326

Design of πθ(· | C) Since different permuta- 327

tions of the selected records may lead to differ- 328

ent final responses, we adopt the Plackett–Luce 329

(PL) model, which assigns probabilities to pro- 330

files based on the scores of individual user records. 331

Therefore, πθ(· | C) defines a distribution over all 332

N !/(N − K)! permutations of length K drawn 333

from the user’s N history records. The probability 334

assigned to a specific profile P is given by: 335

πθ(P | C) =
K∏
k=1

fθ(pk; C)
S −

∑k−1
j=1 fθ(pj ; C))

, (3) 336

where S =
∑N

i=1 fθ(hi; C), and fθ(·) is the user 337

record encoder that outputs a propensity score 338

in [0, 1] for each record, indicating the model’s 339

tendency to include that record in the user pro- 340

file. During training, profiles are generated by 341

sampling K records without replacement based 342

on Equation 3. At inference time, the top-K 343

records ranked by propensity scores are selected. 344

Because our user record encoder is order-aware 345

and rewards are assigned to ordered sets, the 346

learned propensity score can be interpreted as each 347

record’s contribution to the selected set. We fur- 348

ther show in Sec. 5.3 that this ordering achieves 349

higher final utility compared with other baselines. 350

Design of fθ For the record encoder fθ, we 351

aim to capture the interdependencies among user 352

records. A key design consideration is the trade- 353

off between modeling dependencies at the token 354

level versus the sentence level. While the for- 355

mer could, in principle, capture finer-grained in- 356

teractions, it would quickly exceed the encoder’s 357

context length. To address this, we adopt a late 358
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Figure 2: Workflow of the proposed PURPLE framework. User records encoder takes a user query and a list of user
history records as input, outputting the propensity scores of all records. During training, a Plackett-Luce model
is employed to convert the propensity scores to a probability distribution over all possible profiles, followed by
sampling M profiles for gradient estimation. During inference, records with top K propensity scores are provided
to the LLM along with the user query to generate a personalized response.

interaction strategy (Khattab and Zaharia, 2020),359

where we first obtain sentence-level embeddings360

with a pre-trained encoder, and then apply a Trans-361

former encoder to model dependencies across362

records. Figure 2 illustrates the overall workflow363

of our method. Within the user record encoder,364

we utilize a pre-trained Contriever (Izacard et al.,365

2022) to obtain token embeddings for both the366

query and the records. Each record first cross-367

attends to the query at the token level, produc-368

ing query-fused record embeddings that incorpo-369

rate query information. A subsequent pooling op-370

eration is then applied to the updated record to-371

ken embeddings to produce fixed-size sentence-372

level embeddings. embeddings are then processed373

by a Transformer encoder to model cross-record374

dependencies. We omit positional encodings to375

avoid ordering bias among records.376

Design of Reward Function In this work, we377

propose an LLM-driven reward, where the policy378

is trained to maximize the log-likelihood that the379

LLM assigns to the target sequence. Formally,380

given a user profile P , a query x, and a ground-381

truth personalized response y, we define the re-382

ward as:383

R(LLM(P, x), y) = log pϕ(y | P, x)

=

|y|∑
j=1

log pϕ(yj | P, x, y<j),
(4)384

where ϕ are the parameters of the LLM and pϕ(·)385

denotes its next-token distribution. Using the log-386

likelihood of ground-truth sequences as the re- 387

ward provides dense feedback signals, in contrast 388

to downstream metrics such as accuracy, mean 389

squared error, or ROUGE-1 (Liu et al., 2025). 390

Moreover, we show in Appendix B that this ob- 391

jective is equivalent to maximizing the evidence 392

lower bound (ELBO) of the marginalization-based 393

RAG approach (Lewis et al., 2020), which be- 394

comes intractable in our setting due to the combi- 395

natorial explosion. In the next section, we empir- 396

ically demonstrate that this log-likelihood-based 397

reward is robust across diverse downstream tasks. 398

4 Experiments 399

4.1 Dataset and Evaluation 400

We evaluate the performance of PURPLE using 401

Phi-4-Mini-Instruct (Microsoft, 2025) 402

and Llama-3-8B-Instruct (Team, 2024) 403

as the frozen LLM, and further scale to 404

Llama-3-70B-Instruct (Team, 2024). Our 405

experiments span a wide range of personaliza- 406

tion settings, including personalized classifica- 407

tion, regression, and both short- and long-text 408

generation from the LaMP (Salemi et al., 2024) 409

and LongLaMP (Kumar et al., 2024) benchmarks. 410

We follow the prompt templates of Salemi et al. 411

(2024) and Kumar et al. (2024) to incorporate user 412

profiles into the original queries. 413

Specifically, we evaluate PURPLE on nine 414

personalization tasks: two classification tasks 415

— Personalized Citation Identification (Citation) 416

and Personalized Movie Tagging (Movie), evalu- 417
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Table 1: Results on the LaMP benchmark. The best and second-best results in each column are highlighted in bold
and underlined, respectively. We report the mean and standard deviation over three runs with different random
seeds for LLM generation. For GPT-5-nano, we report only a single run due to API cost constraints.

Task Citation Movie Rating News Scholar Tweet

Metric Acc. / F1 Acc. / F1 MAE / RMSE RG1 / RGL / MT RG1 / RGL / MT RG1 / RGL / MT

With Phi-4-Mini-Instruct (3.84B)

BM25 63.90.53 / 63.80.69 34.50.65 / 29.60.61 0.4380.00 / 0.8520.01 14.40.16 / 12.80.16 / 11.90.12 39.70.08 / 33.20.04 / 42.20.08 38.30.04 / 33.60.08 / 35.20.04
Contriever 64.60.33 / 64.50.20 36.00.37 / 31.10.24 0.4240.01 / 0.8300.03 14.60.04 / 13.10.00 / 12.20.04 39.70.00 / 33.30.08 / 42.00.08 38.60.08 / 33.70.08 / 35.80.04
IC-RALM 62.00.20 / 61.70.37 33.60.12 / 28.80.16 0.4710.01 / 0.8570.02 13.40.04 / 11.90.04 / 11.00.00 37.60.12 / 31.00.12 / 41.00.33 38.10.12 / 33.30.16 / 35.20.12
REPLUG 61.20.94 / 60.20.78 37.40.49 / 32.10.37 0.4860.01 / 0.8910.02 14.10.04 / 12.70.00 / 11.40.08 38.11.63 / 32.80.90 / 40.41.51 42.20.08 / 37.30.00 / 38.60.04
RankGPT (Llama-3-8B-Instruct) 63.90.82 / 63.70.65 34.20.94 / 28.91.18 0.4460.00 / 0.8630.01 14.70.33 / 13.10.24 / 12.30.24 39.70.00 / 33.30.04 / 42.00.04 38.20.04 / 33.40.02 / 35.20.08
RankGPT (GPT-5-nano) 65.9 / 65.6 35.5 / 31.4 0.444 / 0.865 14.6 / 13.0 / 12.1 39.8 / 33.4 / 42.3 38.5 / 33.7 / 35.5
ICR (Llama-3-8B-Instruct) 65.20.53 / 65.00.45 34.10.73 / 29.81.02 0.4240.00 / 0.8300.02 15.00.00 / 13.40.04 / 12.50.00 39.50.08 / 33.10.08 / 42.00.04 38.60.12 / 33.60.24 / 35.50.16
PURPLE (Ours) 66.00.20 / 65.60.16 38.60.33 / 34.20.53 0.4190.01 / 0.8080.02 15.10.04 / 13.50.00 / 12.60.08 40.00.04 / 33.50.04 / 42.40.00 39.00.04 / 34.00.04 / 35.90.00

With Llama-3-8B-Instruct (8.03B)

BM25 56.90.61 / 56.50.53 45.20.37 / 36.50.98 0.3280.01 / 0.6640.02 16.70.33 / 15.10.37 / 14.70.33 41.00.02 / 35.20.04 / 40.60.02 31.40.16 / 26.60.16 / 27.60.24
Contriever 58.50.20 / 58.10.41 47.20.37 / 39.10.29 0.3140.00 / 0.6310.01 17.20.04 / 15.60.04 / 15.10.04 41.10.08 / 35.40.12 / 40.50.04 32.10.16 / 27.20.24 / 28.50.16
IC-RALM 59.30.04 / 56.60.29 38.00.82 / 29.90.41 0.3510.01 / 0.6710.01 14.10.24 / 12.50.24 / 12.10.08 37.50.08 / 31.50.04 / 39.20.04 29.20.69 / 24.60.57 / 25.60.49
REPLUG 55.51.06 / 47.52.00 42.01.35 / 31.81.14 0.3140.00 / 0.6330.00 14.80.04 / 13.20.00 / 11.80.04 42.50.08 / 37.10.06 / 40.80.12 30.40.20 / 26.10.12 / 25.80.37
RankGPT (Llama-3-8B-Instruct) 57.00.20 / 56.30.12 47.20.90 / 38.40.53 0.3180.01 / 0.6370.01 16.90.20 / 15.30.16 / 14.80.29 41.00.04 / 35.40.08 / 40.50.16 31.00.12 / 26.30.08 / 27.30.16
RankGPT (GPT-5-nano) 59.5 / 58.0 45.1 / 36.2 0.321 / 0.638 17.1 / 15.4 / 15.0 41.0 / 35.3 / 40.5 31.5 / 26.5 / 27.8
ICR (Llama-3-8B-Instruct) 58.40.29 / 57.30.37 48.00.37 / 39.30.73 0.3120.01 / 0.6310.02 17.10.04 / 15.40.00 / 14.90.00 41.30.16 / 35.50.29 / 40.80.24 31.80.33 / 26.80.24 / 28.10.29
PURPLE (Ours) 59.20.82 / 58.80.78 49.60.65 / 41.60.53 0.3070.01 / 0.6240.01 17.60.04 / 15.90.00 / 15.30.08 41.40.49 / 35.80.73 / 40.30.37 32.50.04 / 27.50.00 / 28.80.04
With Llama-3-70B-Instruct (70.6B)

BM25 71.30.37 / 70.80.37 54.50.37 / 47.20.41 0.2450.01 / 0.5440.01 18.10.33 / 16.50.29 / 14.90.37 43.80.53 / 38.20.41 / 40.50.49 36.30.16 / 30.90.20 / 33.00.12
Contriever 71.20.78 / 70.80.73 56.60.16 / 49.50.29 0.2380.00 / 0.5280.00 18.60.08 / 17.00.08 / 15.60.08 44.10.08 / 38.60.12 / 41.10.00 36.50.00 / 31.40.00 / 33.30.00
IC-RALM 66.50.04 / 66.40.00 49.00.29 / 41.80.12 0.2610.00 / 0.5550.00 14.80.02 / 13.30.04 / 12.20.00 39.70.00 / 34.10.24 / 38.60.16 32.00.20 / 27.40.00 / 28.80.20
REPLUG 65.80.33 / 65.40.41 51.70.04 / 44.00.08 0.2580.01 / 0.5540.02 15.20.04 / 13.90.04 / 12.10.04 41.80.12 / 36.60.33 / 38.60.35 32.10.08 / 27.60.12 / 27.70.08
RankGPT (Llama-3-8B-Instruct) 69.70.16 / 69.10.12 56.90.16 / 48.80.41 0.2470.00 / 0.5460.01 18.00.24 / 16.50.29 / 15.20.29 44.00.04 / 38.60.08 / 41.10.12 35.80.00 / 30.60.00 / 32.40.08
RankGPT (GPT-5-nano) 73.8 / 73.5 55.3 / 48.2 0.240 / 0.523 18.7 / 17.0 / 15.8 44.6 / 38.8 / 41.5 36.6 / 31.3 / 33.2
ICR (Llama-3-8B-Instruct) 71.60.16 / 71.00.16 56.80.24 / 49.60.57 0.2380.00 / 0.5310.00 18.30.00 / 16.80.04 / 15.30.16 44.30.06 / 38.50.04 / 41.20.20 36.30.16 / 31.10.24 / 33.20.20
PURPLE (Ours) 72.20.49 / 71.80.57 57.00.08 / 49.90.41 0.2360.02 / 0.5200.01 18.80.04 / 17.10.00 / 15.60.08 44.40.02 / 38.80.06 / 41.00.04 37.30.01 / 32.10.04 / 34.00.06

ated with Accuracy and F1; one regression task418

— Personalized Product Rating (Rating), evalu-419

ated with MAE and RMSE; and six generation420

tasks, evaluated with ROUGE-1 (RG1), ROUGE-421

L (RGL) (Lin, 2004), and METEOR (MT) (Baner-422

jee and Lavie, 2005). The generation tasks are423

further divided into short-text generation — Per-424

sonalized News Headline Generation (News), Per-425

sonalized Scholarly Title Generation (Scholar),426

and Personalized Tweet Paraphrasing (Tweet) —427

and long-text generation — Personalized Abstract428

Generation (Abstract), Personalized Topic Gener-429

ation (Topic), and Personalized Product Review430

Generation (Review). In all experiments, we first431

use Contriever (Izacard et al., 2022) to retrieve the432

top 20 records as the user history H, and then433

select 5 of them to construct the user profile P .434

Appendix C further elaborates implementation de-435

tails.436

4.2 Baseline Methods437

We focus on the setting where the LLM is kept438

frozen and no ground-truth profile is available for439

training the reranker. Therefore, we compare with440

three categories of prior methods that, likewise,441

neither fine-tune the LLM nor rely on supervision442

from ground-truth retrieval results.443

The baselines we compare with include444

(i) Zero-Shot Rerankers, represented by445
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RankGPT (Llama-3)
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Figure 3: Performance–throughput graph on the News
dataset. PURPLE is faster than LLM-based rerankers
while achieving better performance.

RankGPT (Sun et al., 2023) and ICR (Chen 446

et al., 2025). For both methods, we adopt 447

Llama-3-8B-Instruct as the reranker 448

LLM. We also report the performance of 449

RankGPT with GPT-5-nano to reflect an 450

upper bound of the methods that distill from 451

the ranking results of state-of-the-art proprietary 452

LLMs (Pradeep et al., 2023a,b; Tamber et al., 453

2023; Gangi Reddy et al., 2024). (ii) In-Context 454

Retrieval-Augmented Language Models, rep- 455

resented by IC-RALM (Ram et al., 2023) and 456

REPLUG (Shi et al., 2024). Both methods con- 457

sider only one record at a time when generating a 458

response. They incorporate multiple records from 459

the user profile either through marginalization 460
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Table 2: Ablation studies of PURPLE using Phi-4-Mini-Instruct. CA and RDM stand for cross-attention
and record dependency modeling, respectively. MR refers to using task-specific evaluation metric as the reward.

Task Citation Movie Rating News Scholar Tweet

Metric Acc. / F1 Acc. / F1 MAE / RMSE RG1 / RGL / MT RG1 / RGL / MT RG1 / RGL / MT

PURPLE 66.2 / 65.8 38.2 / 33.6 0.405 / 0.788 15.2 / 13.5 / 12.5 40.0 / 33.5 / 42.4 39.1 / 34.0 / 35.9
w/o CA 64.8 / 64.5 35.1 / 29.7 0.440 / 0.816 14.8 / 13.2 / 12.4 40.0 / 33.5 / 42.2 39.1 / 34.1 / 36.0
w/o RDM 61.3 / 60.6 35.0 / 31.1 0.449 / 0.850 14.5 / 12.8 / 11.9 39.7 / 33.1 / 41.9 39.0 / 34.0 / 36.1

w/ MR 64.8 / 64.8 38.0 / 33.3 0.433 / 0.854 15.0 / 13.2 / 12.4 39.5 / 32.9 / 41.8 38.7 / 33.7 / 35.6

(REPLUG) or context switching (In-Context461

RALM). Additionally, we include (iii) Efficient462

Sparse and Dense Retrievers, applied directly463

as rerankers. We include BM25 (Robertson and464

Zaragoza, 2009) for the sparse retriever and Con-465

triever (Izacard et al., 2022) for the dense retriever.466

These methods represent the efficiency-oriented467

side of the efficiency–performance trade-off.468

5 Experiment Results469

5.1 Overall Performance Comparison470

Table 1 presents the results of PURPLE and base-471

line methods on the LaMP benchmark, while Ta-472

ble 3 presents the results on the LongLaMP bench-473

mark. The main findings are as follows:474

PURPLE consistently outperforms strong base-475

lines across LLM scales Across all tasks and476

LLMs of varying sizes, PURPLE achieves consis-477

tent improvements over existing methods. Com-478

pared with Contriever, which is of comparable479

model size, our learned propensity scores pro-480

vide more effective ranking signals than raw rele-481

vance. Compared with zero-shot rerankers, which482

use much larger backbone LLMs and incur higher483

inference cost, PURPLE achieves stronger person-484

alization with a much smaller model, since re-485

inforcement learning training allows us to better486

capture the utility of profiles formed by multi-487

ple records. Compared with in-context RALMs,488

which provide user records one at a time to the489

LLM and combine multiple records post hoc, our490

single-stage modeling more effectively captures491

personalized signals, highlighting the advantage492

of treating user profiles holistically.493

PURPLE outperforms strong baselines with494

high computational throughput. Figure 3495

shows that, on a representative LaMP dataset,496

PURPLE outperforms existing methods while497

being more efficient. PURPLE achieves higher498

performance than ICR and RankGPT (Llama-3) 499

while maintaining high computational throughput. 500

PURPLE is effective across task types, in- 501

cluding regression. As our reward is based on 502

the log-probability that the LLM assigns to the 503

ground-truth response, it does not directly reflect 504

numerical distances between regression targets. 505

Nevertheless, PURPLE still achieves strong gains 506

on the regression task (Rating). This demon- 507

strates that log-probability provides a principled 508

and broadly applicable reward signal across di- 509

verse task formats. 510

5.2 Ablation Studies 511

Table 2 presents ablation studies of PURPLE us- 512

ing Phi-4-Mini-Instruct. Overall, we ex- 513

amine three key design choices. First, instead of 514

performing token-level cross attention, we test a 515

simplified variant that encodes the entire query 516

into a single embedding and prepends it as an ex- 517

tra token to the Transformer encoder (w/o CA). 518

This approach is less effective, indicating that 519

fine-grained token-level interactions between the 520

query and user records are crucial for accurate 521

personalization. Second, we remove the Trans- 522

former encoder entirely, resulting in a point-wise 523

scoring model where each record is processed in- 524

dependently (w/o RDM). This variant shows the 525

largest performance drop across tasks. Although 526

the model can still leverage individually infor- 527

mative records, it fails to model dependencies 528

such as redundancy and complementarity among 529

records. Third, we examine an alternative re- 530

ward design that uses task-specific evaluation met- 531

rics as the reward (Accuracy, MAE, and ROUGE- 532

1). This metric-based reward is substantially 533

more sparse and coarse-grained, providing weaker 534

learning signals and making optimization more 535

challenging. Empirically, this variant consistently 536

underperforms PURPLE across all tasks, thereby 537

7



strongly motivating our reward design choice.538

These results highlight that token-level cross at-539

tention, cross-record dependency modeling, and540

the log-probability-based reward are all indispens-541

able, validating our design choice of treating user542

profiles as structured contexts rather than isolated543

records, and providing denser reward signals via544

ground-truth log-probabilities given by the LLM.545

5.3 Analysis: Selecting topK at inference546

To further examine the quality of the learned547

propensity scores, we compare the top-5 selec-548

tions of PURPLE, ICR, RankGPT, and Contriever549

on Citation, Rating, News, and Tweet. For each550

test example, we consider the top-5 records pro-551

posed by each method and randomly sample five552

orderings from the 5! = 120 permutations as con-553

trols. As shown in Figure 4, orderings induced554

by our learned propensity scores are more fre-555

quently ranked as the best among the six candi-556

dates. This result indicates that our scoring func-557

tion better captures relative dependencies between558

records, rather than relying on local pairwise rel-559

evance alone. These findings highlight that our560

method not only identifies useful records but also561

arranges them in an order that maximizes down-562

stream personalization utility.563

5.4 Human Evaluation564

To complement our automatic evaluation and ver-565

ify the practical utility of the selected profiles,566

we conduct a rigorous side-by-side human eval-567

uation. While automatic metrics measure lexical568

overlap, they often fail to capture the subtle stylis-569

tic nuances, such as voice, stance, and informal570

phrasing, that define true personalization. We fo-571

cus our human evaluation on Personalized Tweet572

Paraphrasing (Tweet), which requires significant573

stylistic adaptation to user personas. We randomly574

sample 250 instances. For each instance, human575

evaluators are presented with the input query, a576

snippet of the user’s history, and two anonymized577

model outputs: one generated using one of the578

most recent baseline ICR and one using PURPLE.579

Evaluators perform a blind, forced-choice compar-580

ison to determine which output better reflected the581

user’s specific persona while maintaining seman-582

tic fidelity. The results demonstrate that PURPLE583

achieves a decisive victory, surpassing ICR by a584

margin of +14.4% (57.2% vs. 42.8%). This con-585

firms that our method effectively captures personal586

stylistic features, such as slang usage and infor-587
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Figure 4: Ranking accuracy across various tasks. PUR-
PLE achieves the highest accuracy on the examined
datasets, consistently outperforming heuristic retriev-
ers, LLM-based rerankers, and in-context rerankers.

mal tone, where heuristic relevance retrieval often 588

fails. We provide detailed qualitative case studies 589

analyzing these behaviors in Appendix D. 590

6 Conclusion 591

In this work, we study the problem of retrieval- 592

augmented personalization for large language 593

models. Our key intuitions are twofold: (i) 594

record relevance does not reliably predict person- 595

alization utility, and (ii) utility is non-monotonic 596

across records, making greedy aggregation sub- 597

optimal. To address these limitations, we pro- 598

pose PURPLE, a contextual bandit framework 599

that optimizes user profiles by directly leverag- 600

ing downstream performance as feedback. PUR- 601

PLE jointly models query–record interactions and 602

cross-record dependencies, enabling adaptive se- 603

lection of user profiles beyond static heuristics. In- 604

stead of raw task-specific metrics, PURPLE relies 605

on LLM-based probability as the reward, provid- 606

ing denser reward signals that facilitate more ef- 607

fective training. Extensive experiments on nine 608

real-world personalization tasks spanning clas- 609

sification, regression, and text generation show 610

that PURPLE consistently outperforms heuristic 611

retrievers, LLM-based rerankers, and in-context 612

RALMs, while being significantly more efficient. 613

These results establish contextual bandit-based re- 614

trieval as a principled and scalable paradigm for 615

personalizing LLMs. 616

8



Limitations617

While PURPLE demonstrates strong effectiveness618

across diverse personalization tasks, it has several619

limitations. First, the method relies on the log-620

likelihood of ground-truth personalized responses621

under a frozen LLM as the training reward, which622

assumes access to high-quality personalized su-623

pervision. In practical deployment, such explicit624

supervision may be sparse or unavailable, with625

user feedback often taking implicit or noisy forms626

(e.g., engagement signals), and extending PUR-627

PLE to these settings remains an open challenge.628

Second, although using log probability as the re-629

ward provides a unified and task-agnostic opti-630

mization signal across classification, regression,631

and generation tasks, PURPLE is still trained sep-632

arately for each dataset and task in our current633

study. We do not explicitly evaluate the extent to634

which a policy learned under this unified objec-635

tive can generalize across tasks or domains, and636

exploring more transferable training and deploy-637

ment strategies is left for future work.638
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A Details of Gradient Estimation875

To estimate the gradient in Equation 2, we first876

draw a batch of examples {(Hb, xb, yb)}Bb=1. For877

each example, we sample M profiles P1
b , . . . ,PM

b878

from πθ(· | Cb), and finally compute the empirical879

mean. This learning procedure corresponds to the880

REINFORCE algorithm (Sutton et al., 1999), with881

gradient estimate:882

∇θJ (θ) ≈

1

B

B∑
b=1

1

M

M∑
m=1

∇θ log πθ(Pm
b | Cb)r̃mb .

(5)883

To reduce variance in gradient estimation, we ap-884

ply reward normalization over the M profiles sam-885

pled for each example. Concretely, for each ex-886

ample with rewards rb = [r1b , . . . , r
M
b ]⊤, where887

rmb = R(Φ(Pm
b , xb), yb), the normalized reward888

is computed as r̃mb =
rmb −mean(rb)

std(rb)
.889

B Motivating our Reward890

The specific choice of using the log-probability of891

ground truth personalized response is grounded in892

the generative modeling perspective of retrieval-893

augmented generation (RAG) (Lewis et al., 2020),894

where the user profile is treated as a latent vari-895

able and the response likelihood is obtained by896

marginalizing over all possible profile selections.897

Applying Jensen’s inequality to the training objec-898

tive in this setting gives:899

E(H,x,y)∼Dlog ∑
P∈PermK(H)

πθ(P | C)pΦ(y | P, x)


≥ E(H,x,y)∼D,P∼πθ(·|C)[log pΦ(y | P, x)].

(6)900

Therefore, maximizing the expected reward under901

our reinforcement learning objective is equivalent902

to maximizing the evidence lower bound (ELBO),903

with pΦ modeled by a frozen LLM.904

C Implementation Details905

We employ a frozen pre-trained Contriever to906

first encode both queries and user history records907

into token embeddings. The only trainable com-908

ponents are the remaining modules of the user909

records encoder. These include a cross-attention910

layer that integrates query information into record911

embeddings, a Transformer encoder that captures912

inter-record dependencies, and an MLP decoder 913

that maps the updated record encodings into scalar 914

propensity scores. We set the number of Trans- 915

former encoder layers to l = 12, resulting in a 916

parameter size roughly twice that of Contriever, 917

while still being substantially smaller than the 918

zero-shot rerankers and in-context RALMs used 919

as baselines. For gradient estimation, we use a 920

batch size of B = 16 and sample M = 32 user 921

profiles for each example. We train the model for 922

10 epochs using the Adam optimizer (Kingma and 923

Ba, 2017) with β1 = 0.9, β2 = 0.999, and a learn- 924

ing rate of 1 × 10−4. During training, we apply 925

a gradient clipping norm of 1.0. The checkpoint 926

achieving the best validation performance is se- 927

lected for testing. 928

In all experiments, we use frozen LLMs 929

both to generate personalized responses and 930

to evaluate the log-probability of ground-truth 931

responses conditioned on the query and user 932

profiles (i.e., our reward). For generation, we 933

set the temperature to T = 0.7 and employ 934

nucleus sampling (Holtzman et al., 2020) with 935

top_p = 0.8. For Phi-4-Mini-Instruct 936

and Llama-3-8B-Instruct, we de- 937

ploy on a single NVIDIA H100 GPU. For 938

Llama-3-70B-Instruct, we deploy the 939

model across four NVIDIA H100 GPUs using 940

vLLM (Kwon et al., 2023). All LLMs are de- 941

ployed in BF16 precision. Training of PURPLE 942

is conducted on the same GPUs used for LLM 943

deployment. 944

D Qualitative Case Studies 945

In this section, we present detailed case studies 946

from our human evaluation to illustrate the qualita- 947

tive superiority of PURPLE over the baseline ICR. 948

We present one representative example where the 949

two methods diverge significantly. 950

In the Tweet task, preserving the logic of the 951

original sentence is as critical as matching the 952

user’s informal voice. The example below demon- 953

strates a failure in logical reasoning by the base- 954

line. The input tweet contains a comparative struc- 955

ture (“at least we attended... unlike someone”). 956

The baseline fails to parse this dependency, result- 957

ing in a paraphrase that states the exact opposite 958

of the truth. PURPLE successfully disentangles 959

the complex sentence structure and preserves the 960

correct meaning. 961
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Table 3: Results on the LongLaMP benchmark. The best and second-best results in each column are highlighted
in bold and underlined, respectively. We report the mean and standard deviation over three runs with different
random seeds for LLM generation. For GPT-5-nano, we report only a single run due to API cost constraints.

Task Abstract Topic Review

Metric R1 / RL / MT R1 / RL / MT R1 / RL / MT

With Phi-4-Mini-Instruct (3.84B)

BM25 38.60.12 / 22.00.16 / 26.20.08 25.20.41 / 12.70.20 / 17.10.16 25.81.39 / 13.20.53 / 16.50.16
Contriever 38.50.04 / 21.90.12 / 26.10.08 25.71.80 / 13.00.73 / 16.60.20 25.21.92 / 13.10.57 / 15.90.78
IC-RALM 37.20.04 / 21.10.02 / 25.10.04 24.81.47 / 12.40.78 / 15.90.20 25.01.35 / 12.70.49 / 15.80.16
REPLUG 36.00.24 / 21.20.20 / 23.80.20 23.51.06 / 12.10.20 / 13.10.41 20.82.94 / 11.21.14 / 12.51.63
RankGPT (Llama-3-8B-Instruct) 38.60.12 / 22.00.08 / 26.20.08 25.10.53 / 12.70.29 / 17.10.18 25.11.63 / 12.90.53 / 15.80.45
RankGPT (GPT-5-nano) 39.1 / 22.4 / 26.9 24.9 / 12.5 / 17.5 27.1 / 13.7 / 16.6
ICR (Llama-3-8B-Instruct) 38.50.24 / 22.00.16 / 26.20.16 25.71.71 / 13.00.73 / 16.50.24 25.81.67 / 13.20.53 / 16.40.45
PURPLE (Ours) 38.80.08 / 22.10.16 / 26.40.12 26.21.14 / 13.20.61 / 17.50.12 27.90.04 / 14.40.08 / 17.10.04
With Llama-3-8B-Instruct (8.03B)

BM25 42.20.04 / 24.20.04 / 31.80.08 29.80.73 / 14.60.24 / 20.20.12 30.92.00 / 15.30.82 / 20.80.41
Contriever 42.30.24 / 24.20.29 / 31.70.24 30.61.39 / 15.20.53 / 20.00.32 30.12.49 / 14.91.02 / 19.70.90
IC-RALM 38.30.90 / 20.40.78 / 29.10.37 25.00.90 / 11.41.06 / 15.51.92 29.81.27 / 13.60.98 / 18.30.98
REPLUG 38.20.45 / 20.70.33 / 28.40.20 20.21.22 / 10.80.57 / 11.91.27 15.52.04 / 8.80.94 / 8.81.02
RankGPT (Llama-3-8B-Instruct) 42.20.04 / 24.20.04 / 31.90.04 30.81.39 / 15.20.57 / 20.40.36 30.52.45 / 15.11.02 / 20.40.82
RankGPT (GPT-5-nano) 42.5 / 24.5 / 32.1 28.7 / 14.2 / 20.2 33.6 / 16.5 / 21.4
ICR (Llama-3-8B-Instruct) 41.90.24 / 23.90.20 / 31.50.16 30.61.35 / 15.10.57 / 20.20.20 30.71.96 / 15.20.78 / 20.30.41
PURPLE (Ours) 42.30.08 / 24.20.12 / 32.00.24 30.41.63 / 15.00.73 / 19.80.24 30.21.61 / 14.90.83 / 20.00.94

User Persona / History:
• @tommoger thanks tom, and glad it all went well
• @callamKAPOW I tried to change it but the pic was to

big and I can’t find the old one
• Thinks I can pass English, I just wish I could be as con-

fident about geography

Input Tweet:
Paraphrase the following tweet without any explanation
before or after it: @picklesticks6 and I am in the same
boat, but at least we attended the math lessons unlike
someone we both know who is taking their exam today
and feels sad about it. =(

Ground Truth Target:
@picklesticks6 same, but at least we turned up to the
maths lessons unlike someone we know whos takeing their
exam today =(

ICR (Baseline) Generation:
@picklesticks6 we both missed math classes, and it’s
making our exam prep tougher, unlike someone who went
and feels down about it today. =(
PURPLE (Ours) Generation:
@picklesticks6 feels the same about math exams as me,
but at least we went to the lessons, unlike someone else
who feels sad today about their exam. =(

Analysis:
This case highlights a critical semantic failure in the base-
line. ICR generates “we both missed math classes,” which
directly contradicts the input stating “at least we attended.”
It effectively swaps the roles of the speaker and the third
party. PURPLE demonstrates superior natural language
understanding by correctly preserving the fact that the
speaker did attend the lesson. Furthermore, PURPLE
better matches the user’s persona (which discusses aca-
demic confidence in English/Geography) by maintaining
the conversational flow without losing the factual premise.

962

E LLM Usage 963

During the preparation of this manuscript, we em- 964

ployed large language models (LLMs) to assist 965

with English writing refinement and style polish- 966

ing. All technical content, including the design of 967

PURPLE, theoretical formulations, experimental 968

setup, and reported results, was conceived, imple- 969

mented, and validated by the authors. The LLMs 970

were used solely for linguistic improvement and 971

did not contribute to the research methodology or 972

experimental findings. 973
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