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Abstract001

Personalized Large Language Models (PLLMs)002
aim to align model outputs with individual003
user preferences, a crucial capability for user-004
centric applications. However, the prevalent005
approach of fine-tuning a separate module for006
each user faces two major limitations: (1) stor-007
age costs scale linearly with the number of008
users, rendering the method unscalable; and009
(2) fine-tuning a static model from scratch of-010
ten yields suboptimal performance for users011
with sparse data. To address these challenges,012
we propose MTA, a Merge-then-Adapt frame-013
work for PLLMs. MTA comprises three key014
stages. First, we construct a shared Meta-LoRA015
Bank by selecting anchor users and pre-training016
meta-personalization traits within meta-LoRA017
modules. Second, to ensure scalability and018
enable dynamic personalization combination019
beyond static models, we introduce an Adap-020
tive LoRA Fusion stage. This stage retrieves021
and dynamically merges the most relevant an-022
chor meta-LoRAs to synthesize a user-specific023
adapter on the fly, thereby removing the need024
to maintain a dedicated, persistently stored025
per-user adapter for each user and enabling026
flexible personalization. Third, we propose027
a LoRA Stacking for Few-Shot Personaliza-028
tion stage, which optionally applies an ad-029
ditional ultra-low-rank, lightweight residual030
LoRA module on top of the merged LoRA.031
This stacked module captures user-specific032
residual signals under few-shot settings. Ex-033
tensive experiments on the LaMP benchmark034
demonstrate that our approach outperforms ex-035
isting SOTA methods across multiple tasks.036
Our code is available at https://anonymous.037
4open.science/r/MTA-ACL.038

1 Introduction039

Large Language Models (LLMs) have demon-040

strated remarkable capabilities in semantic under-041

standing and text generation across a wide range of042

tasks. Despite their general success, most current043

LLMs follow a “one-size-fits-all” paradigm during 044

generation, which overlooks user-specific prefer- 045

ences and contextual alignment. This limitation 046

significantly hinders their applicability in domains 047

that inherently require personalized interactions, 048

such as healthcare (Johnson et al., 2021), educa- 049

tion (Pratama et al., 2023), personalized customer 050

service (Ma et al., 2021; Li et al., 2025), and rec- 051

ommendation systems (Li et al., 2023; Gao et al., 052

2024; Zhao et al., 2025), etc. Personalized Large 053

Language Models (PLLMs), which tailor their out- 054

puts to user-specific preferences, have emerged as 055

a timely and critical research direction for bridg- 056

ing the gap between general-purpose models and 057

individualized user needs. 058

Early research on PLLMs incorporates explicit 059

user information through prompt-based methods, 060

employing in-context learning (Liu et al., 2024), 061

retrieval augmentation (Mysore et al., 2023), or 062

profile augmentation (Richardson et al., 2023). 063

However, these approaches are highly sensitive 064

to input noise (Tan et al., 2024a) and pose poten- 065

tial risks of privacy leakage (Zhang et al., 2025). 066

In contrast, recent research has increasingly fo- 067

cused on fine-tuning-based methods, particularly 068

Parameter-Efficient Fine-Tuning (PEFT) methods 069

such as LoRA (Hu et al., 2022), which implicitly 070

encode personalization within model parameters. 071

These approaches enable fine-grained alignment to 072

user preferences while mitigating privacy exposure. 073

OPPU (Tan et al., 2024b) is the first to introduce a 074

one-LoRA-per-user paradigm, in which user pref- 075

erences and behavioral patterns are encoded within 076

personal parameters, resulting in superior genera- 077

tion quality. Building on this method, Per-Pcs (Tan 078

et al., 2024a) decomposes complete LoRA modules 079

into smaller components and introduces a dynamic 080

routing mechanism that recombines these elements 081

during inference, thereby improving both person- 082

alization adaptability and computational efficiency. 083

PROPER (Woźniak et al., 2024) employs a hier- 084
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archical modeling framework that operates across085

population, group, and user levels to enable fine-086

grained personalized alignment.087

However, these approaches face two key limita-088

tions: (1). Poor Scalability: The one-LoRA-per-089

user approach necessitates the independent training090

and storage of LoRA modules for each user, re-091

sulting in parameter growth scaling linearly with092

the number of users, rendering it impractical for093

large-scale deployment. Although Per-Pcs partially094

alleviates this issue through component recombina-095

tion, it still relies on a static assembly of pre-trained096

LoRAs and lacks the adaptability necessary to tai-097

lor representations to target users. (2). Limited098

performance in sparse-data scenarios. For OPPU099

and Per-Pcs, these methods require sufficient train-100

ing data to achieve parameter convergence and to101

enable personalized alignment. However, their per-102

formance degrades in data-sparse settings, where103

alignment cannot be reliably established. While104

PROPER mitigates this issue by incorporating pop-105

ulation and group-level training, its multi-level106

progressive learning pipeline increases procedural107

complexity and poses challenges for scalability.108

To address these challenges, we propose MTA,109

a three-stage framework employing “Merge-then-110

Adapt” to enable scalable and data-efficient per-111

sonalization. Firstly, we introduce the module of112

Meta-LoRA Bank Construction. We pre-train113

a set of meta-LoRAs by selecting anchor users114

with highly distinguishable personalization traits.115

Secondly, we introduce Adaptive LoRA Merging.116

Based on the similarity between the meta-LoRAs117

and the target user profile, multiple meta-LoRAs118

are retrieved. Their parameters are then dynami-119

cally merged according to their relevance to the tar-120

get user. In this way, personalization goes beyond121

the static one-LoRA-per-user paradigm, achieving122

scalability through an infinite user-adaptive linear123

combination mechanism. Thirdly, we introduce124

LoRA Stacking for Few-shot Personalization.125

To enable personalization under sparse-data con-126

ditions, an ultra-low-rank LoRA is stacked atop127

the merged LoRA from the previous stage. Dur-128

ing this phase, both the base LLM and the merged129

LoRA are kept frozen, only the newly added ultra-130

low-rank LoRA is updated. Owing to its minimal131

parameter size, this strategy enables efficient and132

robust adaptation even when training samples are133

extremely limited. We conduct comprehensive ex-134

periments across LaMP benchmarks (Salemi et al.,135

2023) under five different user personalization set-136

tings to validate the effectiveness, scalability, and 137

efficiency of our proposed approach. Our contribu- 138

tions are summarized as follows: 139

• We present MTA, a novel framework that departs 140

from the conventional static one-LoRA-per-user 141

paradigm. MTA builds a meta-LoRA bank and 142

employs a dynamic adapter-merging mechanism, 143

delivering both scalability and effective personal- 144

ized adaptation. 145

• To enhance robustness in sparse-data regimes, a 146

LoRA-Stack training strategy is utilized to en- 147

able efficient and stable optimization under data- 148

scarce conditions. 149

• Comprehensive experiments on the LAMP 150

benchmark show that our approach achieves state- 151

of-the-art performance, outperforming existing 152

PEFT methods on PLLMs. 153

2 Preliminaries 154

Problem Formulation. Following previous stud- 155

ies on PLLMs (Tan et al., 2024b,a), our primary 156

objective is to generate a user-specific response ru 157

for a given user u using a PLLM parameterized by 158

Θ. The response generation is conditioned on the 159

user’s query qu and their historical behavior data 160

Hu. 161

Our framework reformulates the task by decom- 162

posing parameter Θ into two components. The first 163

component, Θmerged, represents the collaboratively- 164

informed base model constructed by merging mod- 165

ules from a Meta-LoRA Bank to provide a robust 166

personalized foundation. The second component, 167

Θadapt, is a lightweight, low-rank adapter trained on 168

individual user data to capture fine-grained prefer- 169

ences, with the final personalized model integrating 170

both components as follows: 171

ru = LLM(qu; Θ
merged ⊕Θadapt) (1) 172

where ⊕ denotes the additive combination of pa- 173

rameters such that the collaborative knowledge 174

from Θmerged is augmented with user-specific adap- 175

tations from Θadapt, enabling both broad person- 176

alization capabilities and individual fine-tuning 177

within a unified architecture. 178

3 Methodology 179

In this section, we provide an overview of our 180

framework and detail each of its stages. 181
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Figure 1: An overview of the MTA framework is as follows: The left panel, Meta-LoRA Bank Construction, shows
the pre-training of a bank of anchor modules and the retrieval of the top two most relevant LoRAs for a target
user. The middle panel, Adaptive LoRA Merging, shows the two retrieved LoRAs being combined through a
coefficient-weighted merge to create a single, personalized LoRA. The right panel, LoRA Stacking for Few-Shot
Personalization, depicts the freezing of the merged model and the fine-tuning of a new, ultra low-rank LoRA on top
of it using the user’s history for final adaptation.

3.1 Overall Framework182

To overcome the critical limitations of poor scal-183

ability and ineffectiveness in data-sparse settings,184

we propose MTA, a Merge-then-Adapt framework,185

as shown in Figure 1. MTA consists of a three186

stages process:187

• Stage 1 (Meta-LoRA Bank Construction): To188

build a bank of foundational modules with di-189

verse personalization traits, we first generate em-190

beddings for all users from their histories and191

partition them using K-Means clustering. The192

most active user from each cluster is selected as193

an “anchor user”, and a unique LoRA module is194

fine-tuned on each one. This collection of anchor195

modules constitutes the Meta-LoRA Bank.196

• Stage 2 (Adaptive LoRA Merging): To achieve197

scalability and move beyond the static one-198

LoRA-per-user paradigm, for a target user, we199

retrieve the most similar anchor LoRAs from200

the bank based on cosine similarity. Their cor-201

responding modules are then combined using a202

weighted linear merge—with weights directly203

proportional to their similarity scores—to create204

a single, customized “Merged LoRA”.205

• Stage 3 (LoRA Stacking for Few-Shot Person-206

alization): To enable robust and efficient adapta-207

tion in data-scarce settings, we follow a sequen-208

tial Merge-then-Adapt strategy, the “Merged209

LoRA” is first irreversibly combined with the210

base model’s weights. This entire model is211

then frozen. Finally, a new, extremely low-rank212

“stacked LoRA” is trained on top using the user’s213

few-shot data, enabling a final, highly-efficient 214

adaptation. 215

3.2 Meta-LoRA Bank Construction 216

The conventional one-LoRA-per-user paradigm ex- 217

hibits O(n) computational complexity, necessitat- 218

ing linear scaling of both storage and training costs 219

as user populations expand. To address this, we 220

construct a fixed bank of V “experts” LoRAs with 221

diverse yet representative personalization traits, 222

distilled from the broader user population. This 223

approach serves as the foundation for our MTA 224

framework, where V ≪ n, effectively reducing 225

computational complexity to O(V), while ensuring 226

each expert represents a distinct preference profile. 227

This first stage, therefore, focuses on constructing 228

a compact yet representative Meta-LoRA Bank. 229

This process begins by mapping each user’s be- 230

havioral history, Hu = {h1, ..., hM}, into a dense 231

vector space. We use a pre-trained DEBERTA- 232

V3-LARGE (He et al., 2021) encoder to generate a 233

corresponding embedding ei for each history item 234

hi. The user’s global preference embedding, Eu, 235

is then calculated as the average of all their item 236

embeddings: 237

Eu =
1

|Hu|
∑

hi∈Hu

Encoder(hi) (2) 238

After obtaining embeddings for all candidate 239

users, we employ the K-Means algorithm to parti- 240

tion them into V disjoint clusters. To ensure each 241

anchor user serves as a high-quality representative 242

of their cluster’s preferences, from each cluster 243

Cv, we select the most “active” user—the one with 244
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the most extensive behavior history—as the anchor245

user u∗v:246

u∗v = argmax
u∈Cv

|Hu| (3)247

Then, we pre-train a dedicated LoRA module248

for each selected anchor user using their historical249

data. This collection of modules, {Θu∗
1
, ...,Θu∗

V
},250

constitutes our Meta-LoRA Bank to facilitate the251

following merging steps.252

3.3 Adaptive LoRA Merging253

After constructing the LoRA banks, maintaining254

the traditional rigid one-to-one mapping between255

users and LoRA modules would severely limit per-256

sonalization capabilities and render the approach257

impractical for large-scale deployment. We pro-258

pose Adaptive LoRA Merging, which dynami-259

cally combines parameters from multiple anchor260

LoRAs retrieved from the bank based on their rel-261

evance to the target user. This approach creates a262

personalized foundation that implements an infi-263

nite user-adaptive linear combination mechanism,264

enabling a small, fixed set of foundational modules265

to serve a virtually unlimited number of users.266

The theoretical foundation for this approach267

rests on recent research demonstrating that skills268

and traits learned by different LoRA modules269

can be effectively combined through linear opera-270

tions (Huang et al., 2024; Zhao et al., 2024; Prab-271

hakar et al., 2024). These studies show that linear272

combinations facilitate generalization to new tasks273

while enabling the composition of novel abilities,274

providing the principled basis for our merging strat-275

egy.276

Our implementation follows a two-step process.277

First, we identify the most relevant anchor users278

through embedding-based similarity matching. We279

concatenate each user’s complete text history Hu280

into a unified document and also encode it using281

the dense encoder to produce a comprehensive rep-282

resentation Eretrieval
u . The relevance between target283

user u and anchor user si is quantified through284

cosine similarity:285

sim(u, si) =
Eretrieval

u ·Eretrieval
si

∥Eretrieval
u ∥∥Eretrieval

si ∥
(4)286

Based on these scores, we select the top-K most287

similar anchors, denoted as Su = {s1, . . . , sK},288

and perform a weighted linear combination of289

their LoRA parameters to form the merged LoRA290

Θmerged
u : 291

Θmerged
u =

K∑
i=1

αi
u ·Θsi (5) 292

where αi
u represents the normalized weighting 293

coefficient for the i-th anchor, ensuring that the 294

contribution of each anchor is directly proportional 295

to its relevance to the target user: 296

αi
u =

sim(u, si)∑K
j=1 sim(u, sj)

(6) 297

This weighting scheme guarantees that the most 298

similar anchors contribute more significantly to the 299

final merged LoRA, creating a knowledge-rich and 300

highly relevant starting point for the final person- 301

alization stage. In our main experiments, we set 302

K = 2 as the default configuration, as it strikes 303

an optimal balance between personalization perfor- 304

mance and computational efficiency (further analy- 305

sis on K is provided in §4.5). 306

3.4 LoRA Stacking for Few-Shot 307

Personalization 308

Following the merging step, although the merged 309

module achieves personalization gains, it still lacks 310

fine-grained training on target users. Moreover, 311

sparse data distribution across different users of- 312

ten prevents reliable alignment due to insufficient 313

data for parameter convergence. This necessitates 314

achieving fine-grained training even in data-sparse 315

scenarios. To address this, we introduce LoRA 316

Stacking, a sequential Merge-then-Adapt strategy 317

designed for data efficiency. Instead of continuing 318

to train the larger merged LoRA, we freeze it and 319

train only a new, ultra low-rank adaptation adapter 320

on the user’s few-shot data. Given its minimal pa- 321

rameter size, this approach enables efficient and 322

robust adaptation even when training samples are 323

extremely limited, ensuring a strong final align- 324

ment. 325

The first step involves integrating the merged 326

LoRA Θmerged
u into the base model weights. This 327

operation creates a new, intermediate model with 328

updated weights Wmerged = W 0 + W
merged
LoRA , 329

where the collaborative knowledge from anchor 330

users becomes embedded within the model archi- 331

tecture. The resulting merged model is then frozen 332

to serve as an enhanced foundation for subsequent 333

personalization. 334

The second step introduces a user-specific adap- 335

tation layer designed for efficient fine-tuning on 336
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limited data. We deploy an ultra low-rank LoRA337

module, termed the adaptation adapter Θadapt
u ,338

which operates on top of the frozen merged founda-339

tion. The deliberately minimal parameter count of340

this adapter enables rapid convergence while main-341

taining personalization effectiveness. The forward342

pass for this stacked architecture follows:343

h = Wmergedx+W adapt
u x

= (W 0 +W
merged
LoRA )x+Badapt

u Aadapt
u x

(7)344

During training, the optimization process focuses345

exclusively on the parameters of Θadapt
u while mini-346

mizing loss on the user’s limited historical data Hu.347

The adaptation adapter employs an ultra-low-rank348

configuration (e.g., r = 4), which substantially349

reduces trainable parameters and ensures computa-350

tionally efficient convergence. This design enables351

effective personalization even when user data is352

severely limited, making the approach particularly353

suitable for real-world deployment scenarios where354

extensive user histories are unavailable.355

4 Experiment356

4.1 Experimental Setting357

Datasets. Following previous work (Tan et al.,358

2024b,a; Zhang et al., 2024a), we conduct exper-359

iments on the Large Language Model Personal-360

ization (LaMP) benchmark (Salemi et al., 2023),361

which features seven public tasks spanning four362

classification and three generation scenarios(see363

Appendix §A for task details)1. A key focus of our364

work is to address the challenge of personalization365

in data-scarce scenarios. Therefore, following pre-366

vious works (Tan et al., 2024b,a), for the test set367

of each task, we randomly select 100 users from368

the benchmark who possess a notably limited be-369

havioral history. The remaining users are utilized370

for the construction of our Meta-LoRA Bank. This371

strict separation ensures that the users in the test set372

and those contributing to the bank are completely373

disjoint. Further details regarding the dataset statis-374

tics are available in the Appendix §B.375

Baselines. We compare our proposed framework376

against two main categories of personalization base-377

lines: prompt-based and fine-tuning-based meth-378

ods. For the prompt-based baseline, we adopt379

1We exclude the LaMP-6 task due to restricted access to its
private dataset. Additionally, we exclude LaMP-7 task as its
user history lacks the query-answer correspondence required
to construct a training dataset for our framework.

the Retrieval-Augmented Personalization (RAG) 380

method proposed in LaMP (Salemi et al., 2023), 381

which augments the user’s query with the top- 382

k most relevant items retrieved from their per- 383

sonal history corpus. For the more advanced fine- 384

tuning-based methods, we compare against several 385

state-of-the-art frameworks, including OPPU (Tan 386

et al., 2024b), PER-PCS (Tan et al., 2024a), and 387

PROPER (Woźniak et al., 2024). Further details on 388

the implementation of each baseline can be found 389

in the Appendix §C. 390

Evaluation Metrics. Our evaluation protocol 391

strictly adheres to the standards established by the 392

LaMP benchmark (Salemi et al., 2023). For the text 393

classification tasks (LaMP-1, LaMP-2), we assess 394

performance using accuracy and F1-score. The 395

personalized product rating task (LaMP-3), which 396

can be treated as a regression problem, is evaluated 397

using Mean Absolute Error (MAE) and Root 398

Mean Squared Error (RMSE). For all text gen- 399

eration tasks (LaMP-4, LaMP-5), we measure out- 400

put quality using ROUGE-1 and ROUGE-L (Lin, 401

2004). 402

Experimental Details. Detailed hyperparameter 403

settings and the specific prompt templates used 404

in our experiments are provided in Appendix §D 405

and §E. To ensure a fair and powerful comparison, 406

we use META-LLAMA-3-8B-INSTRUCT (Llama 407

Team, 2024) as the foundational backbone LLM 408

for all evaluated approaches, including our own. 409

All experiments are conducted under three differ- 410

ent random seeds and are conducted on a server 411

equipped with a single NVIDIA L20 (48GB) GPU 412

and 20 vCPUs of an Intel(R) Xeon(R) Platinum 413

8457C processor. 414

4.2 Overall Performance 415

Table 1 shows the performance of our proposed 416

framework and baselines on the curated test 417

sets across five tasks from the LaMP bench- 418

mark(Finally, we present a detailed case study in 419

Appendix §G). We have the following observa- 420

tions: 421

MTA vs. RAG. As shown in Table 1, our pro- 422

posed framework, MTA, shows a clear performance 423

advantage over the Retrieval-Augmented Genera- 424

tion (RAG) baseline in the vast majority of tasks 425

and metrics. For instance, MTA achieves rela- 426

tive gains of 6.67% in accuracy and 9.07% in F1- 427

score for the citation identification task (LaMP-1) 428

when compared against RAG’s best performance 429
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Task Metric Prompt-based (RAG) Fine-tuning-based

k=1 k=3 k=5 OPPU PER-PCS PROPER MTA(Ours)

LaMP-1: PERSONALIZED
CITATION IDENTIFICATION

Acc ↑ .4915 .5085 .4407 .5085 .5339 .5169 .5424∗

F1 ↑ .4821 .4962 .4087 .5037 .5289 .5110 .5412∗

LaMP-2: PERSONALIZED
MOVIE TAGGING

Acc ↑ .2917 .3472 .4028 .4167 .3611 .4306 .4444∗

F1 ↑ .2054 .2510 .3131 .2368 .1911 .3161∗ .2592

LaMP-3: PERSONALIZED
PRODUCT RATING

MAE ↓ .3964 .4144 .4144 .2432 .2162 .2072 .1982∗

RMSE ↓ .7229 .8383 .8490 .5452 .5199 .4746 .4350∗

LaMP-4: PERSONALIZED
NEWS HEADLINE GEN.

R-1 ↑ .1664 .1928 .1890 .2144 .1891 .2152 .2399∗

R-L ↑ .1332 .1611 .1621 .1885 .1821 .1849 .2134∗

LaMP-5: PERSONALIZED
SCHOLARLY TITLE GEN.

R-1 ↑ .4663 .4926 .4887 .4836 .4958 .5122 .5291∗

R-L ↑ .3839 .4184 .4141 .4254 .4370 .4487 .4659∗

Table 1: Overall performance on the LaMP benchmark. For the RAG method, k denotes the number of retrieved
user history items. The metrics R-1/-L refer to ROUGE-1/-L. The ↑ indicates the higher the better, while the ↓
indicates that lower values are preferable. The best results are highlighted in bold and the second-best is underlined.
(∗) indicates statistically significant improvements (i.e., a two-sided t-test with p < 0.05) over the best baseline.

across different k-values. This trend is even more430

pronounced in the product rating prediction task431

(LaMP-3), where our method yields substantial432

improvements of 50.00% in MAE and 39.83% in433

RMSE. For news headline generation (LaMP-4),434

our framework also shows relative improvements435

of 24.43% in ROUGE-1 and 31.65% in ROUGE-L.436

These results highlight the benefits of our hybrid437

merging and stacking approach over relying solely438

on retrieval for LLM personalization.439

MTA vs. OPPU. Our framework’s “merge-then-440

adapt” strategy shows a distinct advantage over441

the OPPU baseline, which trains a LoRA module442

from scratch and is less effective in data-sparse443

settings. The empirical results in Table 1 con-444

firm this. For instance, in the movie tagging task445

(LaMP-2), our method achieves relative gains of446

6.65% in accuracy and 9.46% in F1-score. This447

performance improvement is also evident in the448

news headline generation task (LaMP-4), where449

our framework secures relative improvements of450

11.89% in ROUGE-1 and 13.21% in ROUGE-L.451

These results underscore the superiority of our ap-452

proach, which leverages collaborative knowledge453

to create a more robust and data-efficient starting454

point for personalization.455

MTA vs. PER-PCS. While both our framework456

and PER-PCS leverage collaborative knowledge,457

our “merge-then-adapt” strategy demonstrates su-458

perior performance by incorporating a final, adap-459

tive training stage. PER-PCS assembles a personal-460

ized model from pre-existing LoRA “pieces” with-461

out retraining, which can limit its ability to capture462

highly unique user profiles. The results in Table 1463

validate this advantage. For example, in the movie464

tagging task (LaMP-2), MTA achieves relative im- 465

provements of 23.07% in accuracy and 35.64% in 466

F1-score over PER-PCS. This performance gap is 467

also substantial in the product rating task (LaMP-3), 468

where our method obtains relative gains of 8.33% 469

in MAE and 16.33% in RMSE. These results show 470

that while assembling from shared components is 471

effective, the final low-rank training step in our 472

MTA is crucial to learn the fine-grained, residual 473

preferences of individual users. 474

MTA vs. PROPER. Our framework also compares 475

favorably to PROPER, a more complex, progres- 476

sive training baseline. While PROPER utilizes a 477

sophisticated Mixture-of-Experts and dual-router 478

system, our simpler “merge-then-adapt” approach 479

achieves competitive or superior results with sig- 480

nificantly less architectural complexity, as demon- 481

strated in Table 1. For instance, in the scholarly 482

title generation task (LaMP-5), MTA surpasses 483

PROPER with relative gains of 3.30% in ROUGE- 484

1 and 3.83% in ROUGE-L. A similar advantage 485

is observed in the product rating task (LaMP-3), 486

where our method achieves relative improvements 487

of 4.34% in MAE and 8.34% in RMSE. These 488

findings suggest that our direct fusion and targeted 489

residual adaptation strategy offers a more efficient 490

path to strong personalization, avoiding the over- 491

head associated with training complex routing and 492

expert mechanisms. 493

4.3 Ablation Experiment 494

To validate the effectiveness and synergy of each 495

key component within our proposed framework, we 496

conduct a detailed ablation study with the results 497

presented in Table 2. This study compares our 498

6



Task Metric Adapt-Only
LoRA

Merged-Only
LoRA MTA (Ours)

LaMP-1 Acc ↑ .5254 .5339 .5424
F1 ↑ .5182 .5323 .5412

LaMP-2 Acc ↑ .2917 .3611 .4444
F1 ↑ .2054 .2031 .2592

LaMP-3 MAE ↓ .3514 .2342 .1982
RMSE ↓ .8329 .4840 .4350

LaMP-4 R-1 ↑ .1757 .2374 .2399
R-L ↑ .1467 .2127 .2134

LaMP-5 R-1 ↑ .4885 .5043 .5291
R-L ↑ .4058 .4525 .4659

Table 2: Ablation study comparing our complete frame-
work against its core components. The best perfor-
mance for each metric is in bold, and the second-best is
underlined.

complete framework, MTA, against the following499

two ablated variants:500

• Adapt-Only LoRA: This variant bypasses the501

merging stage entirely. It directly fine-tunes a502

new, extremely low-rank LoRA on the base LLM503

using only the user’s few-shot data. This isolates504

the effect of the final “adapt” step without the505

benefit of our collaborative warm-start.506

• Merged-Only LoRA: This variant performs only507

the adaptive LoRA merging, omitting the final508

adaptation step. It isolates the effect of the col-509

laborative warm-start.510

The results in Table 2 clearly demonstrate that511

our framework MTA consistently and significantly512

outperforms both ablated versions. The perfor-513

mance of “Merged-Only LoRA” is substantially514

better than that of “Adapt-Only LoRA”, which con-515

firms that starting from a collaboratively-informed,516

merged base is far more effective than fine-tuning517

from a generic one. Furthermore, the significant518

performance jump from “Merged-Only LoRA” to519

our full MTA framework across all tasks highlights520

that the final, low-rank adaptation step is crucial521

for capturing the fine-grained, specific preferences522

of the user. In conclusion, both the initial merge523

and the final adaptation are integral and synergistic524

components of our framework’s success.525

4.4 Efficiency Experiment526

We evaluate the efficiency of our framework in527

terms of average total training time and parameter528

storage across five benchmark tasks, comparing529

MTA against the OPPU baseline. As shown in Fig-530

ure 2, MTA demonstrates significant advantages531
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Figure 2: Efficiency comparison between our MTA
framework and the OPPU baseline. The top plot shows
total training time versus the number of users; the bot-
tom plot shows total parameter storage.

in both metrics. The efficiency stems from only 532

needing to store a single, ultra-low-rank adapter 533

per user and leveraging a strong merged founda- 534

tion for faster convergence. While a training-free 535

method like PER-PCS provides superior inference 536

speed, it lacks a crucial adaptation stage for the 537

target user, leading to degraded performance as 538

validated in our experiments. Conversely, the hier- 539

archical PROPER method incurs substantial costs: 540

its initial stages demand exceptionally high param- 541

eter storage, and its multi-stage training paradigm 542

incurs significant computational costs. These com- 543

parisons confirm that MTA offers a more balanced 544

and scalable solution for large-scale deployment. 545

4.5 Parameter Experiment 546

In this section, we explore four key parameters that 547

affect our results: the Merging Coefficient, which 548

determines the proportional influence of each se- 549

lected anchor LoRA; the Number of Merged An- 550

chors, which sets how many modules are com- 551

bined; the Adaptation LoRA Rank, which controls 552

the parameter budget for the final personalization 553

stage; and the Meta-LoRA Bank Size (V), which 554

defines the total number of candidate experts avail- 555

able for retrieval (the latter two are detailed in Ap- 556

pendix §F). 557

Analysis of the Merging Coefficient αu. In our 558

framework, the merging coefficient αu is adap- 559

tively determined based on user similarity. To val- 560

idate the effectiveness of this adaptive approach, 561

we conduct an ablation study comparing it against 562

several fixed merging coefficients. To demonstrate 563

this, we select one representative task from both 564

classification and generation domains: LaMP-3 565
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Figure 3: Performance comparison on Personal-
ized Product Rating Prediction (LaMP-3) (top row,
MAE/RMSE, lower is better) and Personalized Schol-
arly Title Generation (LaMP-5) (bottom row, ROUGE-
1/L, higher is better) tasks with different fixed merg-
ing coefficients (αu) versus our adaptive method (red
dashed line). The blue solid line shows the performance
of fixed-alpha variants.

(Personalized Product Rating) and LaMP-5 (Per-566

sonalized Scholarly Title Generation), respectively.567

We test several fixed values for the merging coeffi-568

cient, which are sampled at equal intervals between569

0 and 1.570

As illustrated in Figure 3, our adaptive method571

consistently outperforms all fixed-alpha settings572

across every tested metric. This demonstrates the573

clear superiority of our similarity-based adaptive574

merging approach.575

Impact of the Number of Merged Anchors (Top-576

K). To examine the impact of the number of577

merged anchors on performance, we conduct an578

analysis where we vary this number K from 2579

to 8. For each K value, the top-K most similar580

anchor users are retrieved, and their LoRA mod-581

ules are merged based on the normalized similar-582

ity weights. We evaluate this on two representa-583

tive tasks: LaMP-3 (Product Rating) and LaMP-5584

(Scholarly Title Generation). The results are illus-585

trated in Figure 4.586

For the Product Rating task (LaMP-3), the best587

performance is achieved at K=3. While a larger588

K can be beneficial for certain tasks, it also adds589

extra computing cost as the cost of merging scales590

linearly with the number of anchors. Conversely,591

for the Scholarly Title Generation task (LaMP-5),592

performance is optimal at K=2, and including more593

anchors beyond this point leads to performance594

degradation, likely due to noise from less-relevant595

peers.596
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Figure 4: Performance on Personalized Product Rat-
ing Prediction (LaMP-3) (top row) and Personalized
Scholarly Title Generation (LaMP-5) (bottom row) as a
function of the number of merged top-K anchor users.

5 Related Work 597

LLMs excel at general knowledge tasks but strug- 598

gle with personalization tasks. Current personal- 599

ized LLM research follows two main categories. 600

(1). Prompt-based methods (Mysore et al., 2023; 601

Richardson et al., 2023; Li et al., 2024) directly 602

incorporate personalized information into prompts, 603

offering flexibility and cost-effectiveness but suffer- 604

ing from noise susceptibility and privacy risks. (2). 605

Fine-tuning-based methods typically employ PEFT 606

for fine-tuning. Some works train a shared LoRA 607

for cross-user generalization (e.g., PLoRA (Zhang 608

et al., 2024b), LM-P (Woźniak et al., 2024)), while 609

others follow a one-LoRA-per-user paradigm for 610

enhanced personalization, such as OPPU (Tan 611

et al., 2024b), PerPCS (Tan et al., 2024a), and 612

PROPER (Zhang et al., 2025). Our MTA advances 613

beyond static one-LoRA-per-user designs by con- 614

structing a meta-LoRA bank with dynamic merg- 615

ing, supplemented by LoRA stacking for finer- 616

grained alignment, achieving accurate personalized 617

adaptation even with limited samples. 618

6 Conclusion 619

In this paper, we propose MTA, a three-stage MTA 620

framework for scalable and adaptable PLLMs. 621

MTA first constructs a Meta-LoRA Bank from di- 622

verse anchor users. It then employs an adaptive 623

merging technique to create a customized foun- 624

dation for target users, followed by an ultra-low- 625

rank LoRA stacking adaptation step to capture fine- 626

grained preferences. Experiments on LaMP show 627

consistent gains over prompt-based and strong fine- 628

tuning baselines. MTA significantly reduced train- 629

ing and parameter storage costs, enabling efficient 630

personalization at scale. 631
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Limitations632

Despite the effectiveness of our MTA framework,633

several limitations remain. First, our method re-634

lies on retrieving relevant experts; for “distinct635

users” whose styles significantly deviate from the636

pre-trained bank, the retrieval mechanism may fail637

to find suitable anchors, potentially limiting per-638

formance gains. Second, relying on a fixed Meta-639

LoRA Bank poses maintenance challenges in dy-640

namic environments, where evolving user interests641

may render the expert pool outdated without regu-642

lar updates.643
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Appendix767

A Task Details768

Here we present a detailed breakdown of the seven769

personalization tasks. The objective of these de-770

scriptions is to provide a clear understanding of the771

format and requirements for each task.772

• Personalized Citation Identification: This is773

a binary text classification task. Given a paper774

with title x authored by user u, and two candidate775

papers for citation, the model must predict which776

of the two candidates user u is more likely to777

cite. The prediction is based on the user’s history,778

which consists of the titles and abstracts of their779

previous publications.780

• Personalized Movie Tagging: As a 15-way text781

classification task, the goal here is to predict a782

tag for a movie that aligns with a user’s personal783

tagging preferences. The input to the model is a784

movie description x. The model must output a785

suitable tag, chosen from a set of fifteen, based786

on the user’s historical movie-tag associations.787

• Personalized Product Rating: This task can be 788

framed as either a 5-way text classification or a 789

regression problem. The model receives a prod- 790

uct review x written by user u. Its objective is to 791

predict the integer rating (from 1 to 5) that user 792

u would assign to the product. This prediction is 793

guided by the user’s past review and rating pairs. 794

• Personalized News Headline Generation: This 795

is a text generation task designed to assess a 796

model’s capacity to emulate an author’s distinct 797

style. The input query x is the body of a news arti- 798

cle. The model is required to generate a headline 799

y for this article that reflects the stylistic patterns 800

observed in the user’s historical article-headline 801

pairs. 802

• Personalized Scholarly Title Generation: Sim- 803

ilar to the news headline task, this is a text genera- 804

tion challenge set in an academic context. Given 805

an abstract of a research paper x, the model’s 806

task is to generate a title y. The generated ti- 807

tle should be stylistically consistent with the au- 808

thor’s previous work, as evidenced by their his- 809

torical abstract-title pairs. 810

We exclude the LaMP-6: Email Subject Gen- 811

eration task due to restricted access to its private 812

dataset. 813

Furthermore, we choose to exclude LaMP-7: 814

Personalized Tweet Paraphrasing because its 815

data organization presents a fundamental conflict 816

with our framework’s design. In LaMP-7, the pro- 817

vided user history is a holistic corpus of a user’s 818

past tweets, rather than a collection of structured 819

query-answer pairs. Specifically, the history con- 820

tains an author’s original tweets, while the task is 821

to paraphrase a new, normalized sentence in that 822

author’s style. This format prevents us from con- 823

structing a training dataset directly from the user’s 824

history. 825

Benchmark methods such as OPPU and 826

PROPER adopt a multi-stage process to han- 827

dle such scenarios. Their process begins with a 828

population-level adaptation stage. In this ini- 829

tial step, the model is fine-tuned on a general task 830

dataset using query data from a pool of non-target 831

users, with the goal of learning broad, task-related 832

capabilities before any personalization occurs. To 833

simplify the overall process and improve efficiency, 834

our framework is designed to circumvent this large- 835

scale, preparatory pre-training. Therefore, we omit 836

the LaMP-7 task from our experiments. 837
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B Datasets Details838

Table 3 presents the statistics for the number839

of user history items across the different LaMP840

tasks (Salemi et al., 2023). As stated in the main841

text, our work focuses on evaluating personaliza-842

tion in data-scarce scenarios. Consistent with this843

focus, we curate our test sets by selecting users844

who possess a limited number of historical inter-845

actions. Specifically, for each task, we randomly846

select 100 users for the test set based on the length847

of their history. For the LaMP-2 and LaMP-4 tasks,848

we choose users with 10 history items each. For849

LaMP-1 and LaMP-5, users with 50 history items850

are selected. Finally, for the LaMP-3 task, we se-851

lect users with 100 history items.852

Table 3: Statistics on the number of history items per
user for each LaMP task.

Task Max Items Min Items Avg. Items

LaMP-1 607 40 88.4
LaMP-2 1289 4 204.46
LaMP-3 1021 97 202.52
LaMP-4 945 7 31.2
LaMP-5 911 47 94.34

C Baseline Details853

We compare our proposed framework against854

two main categories of personalization baselines:855

prompt-based and fine-tuning-based methods. Fur-856

ther details on each are provided below.857

• RAG: This is a prompt-based personaliza-858

tion method introduced in the LaMP bench-859

mark (Salemi et al., 2023). For a given user860

query, this approach retrieves the top-k most rele-861

vant items from that user’s historical data corpus.862

These retrieved items are then concatenated with863

the original query to form an augmented prompt,864

which is subsequently fed to the LLM to generate865

a personalized response. In our experiments, we866

evaluate RAG with the number of retrieved items867

k set to 1, 3, and 5, and compare our framework868

against its strongest performance across these869

settings.870

• OPPU (Tan et al., 2024b): This fine-tuning-871

based framework, proposed by , pioneers the872

“one-PEFT-per-user” paradigm. It addresses chal-873

lenges of model ownership and generalization by874

training a dedicated, lightweight PEFT module875

(specifically LoRA) for each individual user from 876

scratch, using that user’s entire behavior history. 877

The resulting personal PEFT module encapsu- 878

lates the user’s specific preferences and can be 879

"plugged into" a base LLM to create a person- 880

alized model. This approach requires separate 881

training and storage for each user, leading to com- 882

putation and storage costs that scale linearly with 883

the user base. 884

• PER-PCS (Tan et al., 2024a): This framework in- 885

troduces a more efficient, collaborative approach 886

to PEFT-based personalization. Instead of train- 887

ing a new PEFT module for every target user, 888

PER-PCS first trains PEFTs for a select group 889

of representative "sharer" users. These PEFTs 890

are then broken down into smaller modules, or 891

"pieces". For a new target user, PER-PCS as- 892

sembles a personalized PEFT in a training-free 893

manner by selecting and combining the most rel- 894

evant pieces from the shared pool, guided by 895

the target user’s own history data. This method 896

achieves performance comparable to OPPU but 897

with significantly lower computation and storage 898

requirements. 899

• PROPER (Zhang et al., 2025): This framework 900

addresses the data scarcity issue in personaliza- 901

tion through a progressive, three-stage learning 902

process. It introduces a meso-level, group-based 903

adaptation between the population and user lev- 904

els. The process is as follows: (1) Population- 905

Level Adaptation, where a base LoRA is trained 906

on a general user pool for task alignment; (2) 907

Group-Level Adaptation, which uses a Mixture- 908

of-Experts (MoE) structure to learn shared pref- 909

erences for automatically clustered user groups; 910

and (3) User-Level Adaptation, where a final, 911

user-specific LoRA is trained to capture the re- 912

maining individual preferences. This hierarchical 913

approach aims to provide a better starting point 914

for personalizing data-sparse users. 915

D Hyperparameter Details 916

The specific hyperparameter settings used for the 917

final adaptation stage of our framework are detailed 918

in Table 4. We note that the LoRA rank, per de- 919

vice train batch size, and gradient accumulation 920

steps are kept consistent across all tasks, while the 921

number of training epochs and the learning rate are 922

varied to optimize performance for each specific 923

task. 924
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Task Rank Epochs LR BS Accum.

LaMP-1 4 2 5× 10−5 2 4
LaMP-2 4 3 1× 10−4 2 4
LaMP-3 4 1 5× 10−5 2 4
LaMP-4 4 3 1× 10−4 2 4
LaMP-5 4 2 5× 10−5 2 4

Table 4: Hyperparameter settings for our framework
across the evaluated LaMP tasks.

E Prompt Details925

We present the prompt templates used for each926

task in our experiments. The text in curly braces,927

such as {USER HISTORY}, is replaced with content928

specific to different users and queries.929

LaMP-1: Personalized Citation Identifica-
tion

### User History:
{USER HISTORY}

### User Instruction:
For an author who has written the paper
with the title "{QUERY PAPER TITLE}",
which reference is related? Just answer with
[1] or [2] without explanation.
Reference: [1] - {OPTION 1} [2] - {OPTION
2}
Answer:

930

LaMP-2: Personalized Movie Tagging

### User History:
{USER HISTORY}

### User Instruction:
Which tag does this movie relate to among
the following tags? Just answer with the tag
name without further explanation.
tags: [sci-fi, based on a book, comedy,
action, twist ending, dystopia, dark com-
edy, classic, psychology, fantasy, romance,
thought-provoking, social commentary, vio-
lence, true story]
description: {QUERY MOVIE DESCRIPTION}
Tag:

931

LaMP-3: Personalized Product Rating

### User History:
{USER HISTORY}

932

### User Instruction:
What is the score of the following review
on a scale of 1 to 5? just answer with 1, 2,
3, 4, or 5 without further explanation.
review: {QUERY REVIEW}
Score:

933

LaMP-4: Personalized News Headline Gen-
eration

### User History:
{USER HISTORY}

### User Instruction:
Generate a headline for the following arti-
cle.
Article: {QUERY ARTICLE}
Headline:

934

LaMP-5: Personalized Scholarly Title Gen-
eration

### User History:
{USER HISTORY}

### User Instruction:
Generate a title for the following abstract of
a paper.
Abstract: {QUERY ABSTRACT}
Title:

935

F Supplementary Experiment 936

Impact of Adaptation LoRA Rank. To analyze 937

the impact of the rank (r) of the final adaptation 938

LoRA on performance, we conduct a supplemen- 939

tary experiment. We evaluate the performance 940

of our full framework on two representative tasks 941

(LAMP-3 Product Rating and LAMP-5 Scholarly 942

Title Generation) across a range of different ranks 943

(r ∈ {2, 4, 6, 8, 16}). 944

The results are shown in Figure 5. We observe 945

that the optimal rank is task-dependent. For the 946

Product Rating task, the model achieves the best 947

performance on both MAE and RMSE metrics at a 948

rank of 6 or 8. In contrast, the optimal rank for the 949

Scholarly Title Generation task is 4. Notably, the 950

relationship between performance and rank is non- 951

monotonic; for both tasks, performance degrades 952

when the rank is increased to 16. 953

This finding confirms that using an extremely 954

low rank is an efficient and effective strategy. Our 955

analysis shows that selecting a small rank (such 956

as r = 4) achieves optimal or near-optimal perfor- 957
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mance while minimizing the parameter count. This958

validates our choice of r = 4 as the default set-959

ting in our main experiments, striking an excellent960

balance between performance and efficiency.961
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Figure 5: Performance analysis of the final adaptation
LoRA with varying ranks (r). The top row shows Prod-
uct Rating (LAMP-3) results; the bottom row shows
Scholarly Title Generation (LAMP-5) results.

Impact of Meta-LoRA Bank Size (V). To inves-962

tigate the influence of the Meta-LoRA Bank size963

on model performance, we conduct an experiment964

on the LaMP-4 (Personalized News Headline Gen-965

eration) task by varying V from 50 to 100. As illus-966

trated in Figure 6, both ROUGE-1 and ROUGE-L967

scores exhibit a consistent upward trend as the bank968

size expands. We attribute this improvement to the969

enriched diversity of the expert pool: a larger bank970

covers a broader spectrum of latent styles, which971

increases the probability of retrieving highly rel-972

evant anchors for the target user. This results in973

a more effective merged initialization, ultimately974

boosting generation quality.975

50 60 80 1000.20

0.22

0.24

0.26

0.28

0.30
News Headline ( )

ROUGE-1
ROUGE-L

Figure 6: Performance analysis of Meta-LoRA Bank
size (V) on the LaMP-4 task. Increasing the number
of candidate LoRAs in the bank consistently improves
generation quality (ROUGE-1 and ROUGE-L).
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Input:Generate a title for 
the following abstract of a 
paper:“Personal assistants 
such as Siri have changed 
the way people interact 
with computers by  ... ”

Exploring the Use of Gesture in 
Collaborative Tasks.

Integrating Gesture and Speech: Exploring 
the Role of Non-Verbal Communication in 
Human-Computer Interaction

Exploring the role of gesture in multimodal 
human-computer interaction

Exploring the role of gesture in 
collaborative task completion

Figure 7: Case study on personalized title generation
(LaMP-5) for a user specializing in Computer Vision.
Our full framework generates the most accurate title by
capturing the user’s task-oriented focus.

G Case Study 976

Figure 7 presents a case study on the LaMP-5 task 977

to demonstrate our framework’s effectiveness. The 978

target user (‘user_id: 11001393’) is an expert in 979

Computer Vision, with a publication history fo- 980

cused on geometric matching, image segmenta- 981

tion, and object recognition. The query asks for 982

a title for an abstract about using gestures in col- 983

laborative tasks for human-computer interaction. 984

The RAG (k=1) baseline produces a verbose ti- 985

tle focused on “Speech-Human-Computer Inter- 986

action”, missing the key concept of “Collabora- 987

tive Tasks”. The Merged-Only Model, benefiting 988

from the merged LoRAs of similar users, shows im- 989

provement by identifying the general “multimodal 990

human-computer interaction” theme but still lacks 991

specificity. 992

In contrast, our complete framework (Ours) gen- 993

erates a highly precise title, “Exploring the role of 994

gesture in collaborative task completion”, which 995

is closely match the ground truth, demonstrating 996

the critical importance of our final adaptation stage. 997

Our framework successfully distills the user’s spe- 998

cific, task-oriented research focus (evident from 999

their history on “model matching” and “task com- 1000

pletion”) and then effectively applies it to the new 1001

domain. This targeted approach enables the system 1002

to correctly identify and emphasize the “collabora- 1003

tive task” component that other models overlook, 1004

resulting in superior performance. 1005
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