
Personalizing GUI Agents with Human-like Contrastive Interaction Trace

Anonymous ACL submission

Abstract001

Personalized GUI agents show strong potential002
for assisting users in complex digital environ-003
ments, yet learning fine-grained user prefer-004
ences from limited interaction data remains a005
significant challenge. Existing approaches of-006
ten rely on manual prompt engineering or syn-007
thetic interaction data that fail to capture realis-008
tic human behaviors, limiting their robustness009
and generalization. In this work, we propose010
PACUT, a novel approach for personalizing GUI011
agents through human-like contrastive interac-012
tion traces. PACUT introduces a multi-agent013
self-refinement process that iteratively infers014
and consolidates user profiles from observed015
GUI interactions, enabling the synthesis of016
behaviorally realistic yet preference-divergent017
contrastive traces. Building on this supervi-018
sion, we fine-tune GUI agents using supervised019
learning and Direct Preference Optimization020
to explicitly distinguish preferred behaviors021
from profile-inconsistent alternatives. To sup-022
port systematic evaluation, we collect a new023
benchmark dataset with user-specific mobile024
GUI interaction traces. Extensive experiments025
across diverse LLM backbones demonstrate026
that PACUT consistently outperforms strong027
baselines and ablation variants.028

1 Introduction029

Recent advances in large language models (LLMs)030

have enabled the development of autonomous031

agents that can mimic human behavior across a032

wide range of tasks (Zhang et al., 2024b; Jin et al.,033

2025; Li et al., 2025; Schwarzschild et al., 2024),034

including reasoning, decision-making, and natu-035

ral language interaction. However, deploying such036

agents in real-world settings often requires moving037

beyond generic capabilities toward personalized038

agents that can adapt to individual users’ needs,039

preferences, and contexts across domains, such040

as healthcare (Xie et al., 2025; Abbasian et al.,041

2023), education (Shi et al., 2025; Dinh and Tran,042

Figure 1: Interaction discrepancies between the GUI
agent’s execution and the personalized expectation.

2023), customer service (Qin et al., 2025), etc. 043

This need for personalization extends to graphi- 044

cal user interface (GUI) agents that support users 045

in interacting with digital systems, as illustrated in 046

Figure 1. Such agents, embedded in mobile plat- 047

forms (e.g., Doubao’s AI Phone (Lei Technology, 048

2025)) or desktop environments (e.g., Computer 049

Use Agent (Anthropic, 2024)), can streamline inter- 050

action by automating routine tasks, learning and re- 051

calling user-specific workflows, and inferring user 052

intent from historical behavior, thereby delivering 053

proactive and personalized assistance. 054

Existing personalized GUI agents often rely on 055

carefully crafted role-playing prompts and few-shot 056

examples to simulate user-specific behavior (Park 057

et al., 2024; Qian et al., 2024; Lu et al., 2025). 058

While prompt engineering can be effective in con- 059

trolled settings, it significantly limits adaptability, 060

particularly when user preferences, tasks, or en- 061

vironmental contexts evolve over time. To ad- 062

dress these limitations, substantial research ef- 063

forts (Rafailov et al., 2023; Zhang et al., 2025c; 064

Wang et al., 2025) have shifted toward data-driven 065

approaches that aim to provide agents with person- 066

alization capabilities through learning. In particu- 067

lar, several studies attempt to synthesize reasoning- 068

augmented (Lu et al., 2025; Wang et al., 2025) or 069
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adversarial (Lai et al., 2024) interaction data, such070

as synthesizing explanations for actions or inject-071

ing traces that leave tasks incomplete, to implicitly072

expose agents to diverse behavioral patterns dur-073

ing training. However, such synthetic data often074

fails to faithfully capture realistic human behaviors075

and preferences, leading to unstable learning sig-076

nals and unreliable personalization performance in077

real-world deployments.078

Inspired by adversarial learning frameworks079

such as Generative Adversarial Networks080

(GANs) (Saxena and Cao, 2021) and contrastive081

learning approaches like Siamese Neural Networks082

(SNNs) (Chicco, 2021), where models are trained083

to distinguish highly similar yet semantically084

distinct examples, we posit that the realism of085

contrasting examples plays a critical role in086

personalization. Specifically, the more realistic087

and human-like the contrasting interaction traces088

are, the more effectively a model can learn subtle089

differences in user preferences and interaction090

strategies. By exposing the agent to synthetic091

traces that closely approximate authentic human092

usage patterns, the model is encouraged to focus093

on fine-grained behavioral cues rather than094

superficial artifacts, thereby fostering more robust095

and generalizable personalization across diverse096

users and contexts.097

To this end, we introduce PACUT (Personalized098

Agent by Contrastive GUI Traces), an approach099

that automatically synthesizes human-like con-100

trastive traces for personalizing GUI agents. Our101

approach consists of two main stages. First, in the102

contrastive trace synthesis stage, PACUT employs a103

multi-agent self-refinement process to deduce and104

induce user profiles and interaction dynamics to105

generate behaviorally realistic yet subtly different106

GUI traces. Second, in the agent fine-tuning phase,107

PACUT leverages Direct Preference Optimization108

(DPO) to optimize the GUI agent to prefer reason-109

ing and action trajectories aligned with a target user110

profile over the synthesized contrasting alternatives.111

This approach enables the agent to internalize fine-112

grained personalization signals without relying on113

manual prompt engineering or unreliable random114

perturbations.115

Our main contributions are as follows:116

• We propose PACUT, a novel approach for per-117

sonalizing GUI agents by synthesizing human-118

like contrastive interaction traces.119

• We introduce a new dataset of personalized120

GUI interaction traces, comprising diverse 121

users, tasks, and interaction styles, which 122

serves as a benchmark for training and evalu- 123

ating personalized GUI agents. 124

• Experiments demonstrate that PACUT signif- 125

icantly outperforms the baselines and abla- 126

tion variants in personalized GUI agent bench- 127

marks. 128

2 Related Work 129

GUI Agent. Executing tasks on graphical user 130

interfaces through automated interaction has long 131

been studied as a means of reducing user effort 132

and improving efficiency. Early approaches pri- 133

marily relied on scripts, macros (Yeh et al., 2009), 134

and programming-by-demonstration techniques (Li 135

et al., 2017, 2018) to replay predefined sequences 136

of user interactions. However, these methods of- 137

ten struggle to generalize to evolving and dynamic 138

GUIs. Recent research has shifted toward LLM- 139

based GUI agents, which leverage the planning 140

and reasoning capabilities of LLMs to translate 141

high-level user intents into executable action se- 142

quences. Prior work has explored multiple dimen- 143

sions of effective GUI agent construction, includ- 144

ing advanced reasoning (Wang et al., 2023; Wen 145

et al., 2024), enhanced visual understanding (Wang 146

et al., 2024; Jiang et al., 2025), and multi-agent 147

paradigms (Feng et al., 2025; Song et al., 2024; 148

Zhang et al., 2025a). 149

To enable practical deployment of GUI agents 150

in real-world settings, personalization remains a 151

critical and unresolved challenge. Early efforts 152

such as LearnAct (Liu et al., 2025) aim to enhance 153

mobile GUI agents through few-shot learning, al- 154

lowing agents to adapt to individual user behaviors 155

from limited examples. More recent work has in- 156

creasingly focused on data-driven approaches to 157

improve the generalization and robustness of per- 158

sonalized GUI agents. Cai et al. (2025) propose 159

Personalized User Memory-enhanced Alignment 160

(PUMA), which enables large language models to 161

function as personalized web GUI agents by incor- 162

porating large-scale synthesized user-specific data 163

and web interaction histories. Similar data-centric 164

personalization frameworks have also been ex- 165

plored by Lu et al. (2025) and Wang et al. (2025), 166

further highlighting the potential of learning-based 167

personalization. However, existing approaches 168

largely rely on synthetic interaction data that is 169

either randomly generated or weakly grounded in 170
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realistic human behavior, which often fails to cap-171

ture subtle user preferences and interaction dynam-172

ics, limiting their effectiveness and reliability in173

real-world personalization scenarios.174

LLM Personalization. Personalization of LLMs175

has emerged as an important direction for adapt-176

ing general-purpose LLMs to real-world applica-177

tions that require user-specific behaviors, prefer-178

ences, and interaction styles. One prominent line179

of research investigates LLM personalization in180

social media and social simulation settings, where181

prompting models with distinct personas or roles182

can induce specific personality traits, social dynam-183

ics, and decision-making styles (Shanahan et al.,184

2023; Park et al., 2023; Welch et al., 2022; King185

and Cook, 2020). Another line of work focuses on186

character-driven or role-playing agents (Li et al.,187

2023; Zhang et al., 2025b; Wu et al., 2024), in188

which LLMs are customized to portray consistent189

fictional or game characters, enabling long-term190

coherence and identity preservation in interactive191

narratives and gameplay environments.192

Different from existing LLM personalization ap-193

proaches that primarily focus on shaping linguis-194

tic style, personas, or high-level decision-making195

behaviors, our work targets personalization in196

grounded GUI interactions. Specifically, we in-197

vestigate how personalized preferences manifest198

in sequential action execution and task comple-199

tion behaviors within dynamic GUI environments.200

This setting introduces unique challenges beyond201

text-based interaction, including long-horizon ac-202

tion planning and subtle user-specific interaction203

patterns, which are not adequately addressed by204

prior personalization methods centered on conver-205

sational or role-playing contexts.206

3 Methodology207

As illustrated in Figure 2, PACUT is composed of208

two main stages. The contrastive trace synthesis209

stage (Section 3.1) automatically generates human-210

like contrastive GUI interaction traces through a211

self-refinement process that induces diverse yet be-212

haviorally realistic user profiles and interaction dy-213

namics. The agent fine-tuning stage (Section 3.2)214

leverages these synthesized contrastive traces to215

optimize a personalized GUI agent via Direct Pref-216

erence Optimization (DPO), enabling the agent217

to learn user-specific reasoning and action pref-218

erences.219

3.1 Stage 1: Contrastive Trace Synthesis 220

In the first stage, our objective is to construct the 221

user profile P from observed interactions and sub- 222

sequently synthesize contrastive GUI interaction 223

traces that reflect personalized behavioral varia- 224

tions. Given a specific user, we denote by T = 225

{t1, . . . , tn} a set of GUI interaction traces col- 226

lected from that user. Each trace ti is defined as 227

a sequence of state–action pairs conditioned on a 228

task description, i.e., 229

ti = {taski, ((s1, a1), . . . , (sm, am))} (1) 230

where taski represents the natural-language task 231

specification, sj denotes the GUI state at step j, 232

and aj denotes the corresponding user action ex- 233

ecuted on the interface. Details of the GUI state 234

representation and action space are provided in Ap- 235

pendix A. 236

As GUI state–action pairs are low-level and 237

highly instance-specific, directly modeling user 238

preferences from raw interactions is challenging. 239

We therefore aim to abstract the underlying rea- 240

soning that motivates each action, transforming 241

each trace into a sequence of high-level rationales 242

that capture user intent and decision-making pat- 243

terns. Formally, for each interaction trace ti, we 244

derive a corresponding reasoning sequence Ri = 245

(r1, r2, . . . , rm), where each rationale rj explains 246

why the action aj is taken under GUI state sj in 247

the context of the task. To achieve this abstrac- 248

tion in a scalable and reliable manner, we design 249

a multi-agent self-refinement pipeline consisting 250

of four coordinated phases, including a Reasoner, 251

an Analyst, a Consolidator, and a Judge. These 252

agents collaboratively infer, critique, and refine the 253

latent reasoning patterns underlying user interac- 254

tions, progressively constructing a coherent and 255

stable user profile that serves as the foundation for 256

contrastive trace synthesis. 257

Action Reasoner. The Action Reasoner is de- 258

signed to infer the latent reasoning underlying 259

each GUI interaction trace by mapping low- 260

level state–action sequences to high-level, human- 261

interpretable rationales. To capture long-horizon 262

dependencies and global task intent, the Reasoner 263

is provided with the entire interaction trace rather 264

than isolated state–action pairs. In detail, the Rea- 265

soner is prompted to LLMs to first comprehend 266

the full trace, including the task description and 267

sequential GUI interactions, and then abstract the 268

reasoning behind each action conditioned on the 269
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Figure 2: The overview of the PACUT approach.

current user profile. Note that, in the initial itera-270

tion, the user profile is empty, and the Reasoner271

relies solely on observable interaction patterns; as272

the profile is refined over iterations, it serves as273

additional contextual guidance. This process is274

formulated as:275

R(k+1)
i = freason(ti,P(k)) (2)276

where freason denotes the generation process condi-277

tioned on the full trace ti and the current (Iteration278

k) user profile P(k).279

Profile Analyst. Given the inferred reasoning se-280

quence Ri, the Analyst aims to analyze each inter-281

action trace and induce a user profile conditioned282

on the specific trace ti. Rather than focusing on283

individual actions in isolation, the Analyst aggre-284

gates the reasoning signals across the entire trace to285

infer higher-level personalization attributes. To this286

end, we prompt the LLM-based Analyst to describe287

salient patterns, including habitual GUI navigation288

strategies, personality traits, and decision-making289

tendencies, which are factors commonly associated290

with personalization in interactive systems (Tam291

and Ho, 2006; Gajos and Chauncey, 2017). This292

trace-specific profiling process is formulated as:293

p
(k+1)
i = fanalyze(R(k+1)

i ) (3)294

where fanalyze denotes the LLM generation function295

that abstracts user-level behavioral attributes from296

the inferred action rationales.297

Global Profile Consolidator. Since user profiles 298

inferred from individual traces may exhibit vari- 299

ation, due to task-specific behaviors, temporary 300

goals, or situational constraints, they may not con- 301

sistently reflect the user’s overarching interaction 302

style. To address this, we introduce the Consol- 303

idator, which merges the set of per-trace profiles 304

into a unified and stable global profile P that char- 305

acterizes the user’s consistent habits, preferences, 306

and decision-making patterns across tasks. Impor- 307

tantly, we do not simply average or discard differ- 308

ences among local profiles. Instead, we prompt the 309

LLM-based Consolidator to perform a structured 310

comparison, explicitly identifying commonalities 311

while reasoning about potential variability. This 312

allows the Consolidator to preserve informative 313

nuances that may reflect adaptive or conditional 314

behaviors, rather than treating them as noise. Such 315

abstraction is critical for capturing both stable traits 316

and context-sensitive strategies. The consolidation 317

process is formalized as: 318

P(k+1) = fconsolidate({p(k+1)
i }ni=1) (4) 319

where fconsolidate denotes the LLM-guided aggrega- 320

tion function that fuses per-trace user insights into 321

a coherent global profile. 322

Global Profile Judge. To progressively refine the 323

user profile into a coherent and consistent repre- 324

sentation, we iteratively apply the self-refinement 325

loop involving the Reasoner, Analyst, and Consol- 326

idator. With each iteration, the global profile P is 327
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updated to better capture the user’s behavioral pat-328

terns. However, to avoid unnecessary or redundant329

updates, it is crucial to determine when this itera-330

tive process should terminate. To this end, we in-331

troduce a Judge that evaluates convergence by com-332

paring successive profiles P(k+1) and P(k) along333

two complementary criteria. The first criterion,334

consistency, evaluates whether internal contradic-335

tions within the profile, such as conflicting habits336

or preferences, have been resolved or stabilized337

into a coherent behavioral description, reflecting338

convergence at a finer (micro) level. The second339

criterion, stability, assesses whether the semantic340

content of the profile has ceased to change signifi-341

cantly across iterations, indicating convergence at342

a global (macro) level.343

To assess these criteria, the Judge prompts the344

LLM to perform a comparison between P(k+1) and345

P(k), explicitly assessing semantic changes and346

internal coherence. The refinement loop terminates347

when both stability and consistency criteria are348

satisfied, ensuring that the resulting profile is both349

robust and interpretable for subsequent contrastive350

trace synthesis.351

Contrastive Trace Generation. Once the user352

profile P has converged, we proceed to generate353

contrastive GUI interaction traces that serve as neg-354

ative examples for personalization. Inspired by es-355

tablished negative sampling strategies in representa-356

tion and preference learning (Xu et al., 2022; Yang357

et al., 2024), we construct contrastive traces by se-358

lectively sampling plausible yet profile-inconsistent359

behaviors. Specifically, we prompt the LLM to360

generate out-of-character reasoning sequences r−361

that intentionally contradict the user-specific pref-362

erences encoded in P , while remaining logically363

valid within the task context. Each such ratio-364

nale is paired with an alternative action a− ̸= a365

that diverges from the original user action. To366

ground these contrastive rationales in executable367

interactions, we then deploy a state-of-the-art GUI368

agent (Liu et al., 2025) to roll out full interaction369

trajectories conditioned on the generated out-of-370

character reasoning and alternative actions. This371

process ensures that the synthesized contrastive372

traces are not only semantically meaningful but373

also operationally feasible within the GUI environ-374

ment, yielding high-quality negative examples for375

subsequent preference-based agent fine-tuning.376

3.2 Stage 2: Agent Fine-tuning 377

Building upon the human-like contrastive traces 378

generated in the previous stage, we then fine-tune 379

the GUI agent to align its reasoning and action 380

selection with a target user profile while explic- 381

itly distinguishing preferred behaviors from profile- 382

inconsistent alternatives. 383

Supervised Fine-Tuning (SFT). We first per- 384

form supervised fine-tuning to equip the GUI agent 385

with basic task-solving and interaction capabili- 386

ties under personalized settings. SFT serves as 387

an initialization step that stabilizes subsequent 388

preference-based optimization by grounding the 389

agent in executable and coherent GUI behaviors. 390

To this end, we leverage the supervised dataset 391

of positive GUI interaction traces that align with 392

the target user profile. Each example is repre- 393

sented as a sequence conditioned on the task de- 394

scription and GUI state, with the model trained 395

to predict the next action given the preceding 396

context. Formally, given a reasoning-enchanced 397

trace t = {task, (s1, r1, a1), . . . , (sm, rm, am)}, 398

the SFT objective minimizes the negative log- 399

likelihood of the demonstrated actions: 400

LSFT = −
m∑
t=1

log πθ(rt, at | task, s≤t, r<t, a<t)

(5) 401

where πθ denotes the GUI agent parameterized 402

by θ. By training on profile-consistent interaction 403

traces, SFT enables the agent to acquire founda- 404

tional personalized behaviors, providing a stable 405

starting point for subsequent contrastive preference 406

optimization. 407

Direct Preference Optimization (DPO). After 408

supervised fine-tuning, we further optimize the 409

GUI agent using DPO to explicitly encode per- 410

sonalized preferences. DPO enables the model to 411

directly learn from pairwise comparisons between 412

preferred and non-preferred behaviors without re- 413

quiring an explicit reward model. In our setting, 414

each training instance consists of a preferred GUI 415

interaction trace that aligns with the target user 416

profile and a contrastive trace synthesized to con- 417

tradict it. Given a task and the corresponding GUI 418

context, DPO encourages the agent to assign a 419

higher likelihood to the preferred reasoning and 420

action trajectory than to the contrasting alterna- 421

tive. In detail, given a reasoning-enchanced trace 422

t = {task, (s1, r1, a1), . . . , (sm, rm, am)}, there 423
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is a negative pair (r−j , a
−
j ) for each step j. For sim-424

plicity, we note xt = (task, s≤t, r<t, a<t). The425

DPO objective optimizes the agent policy πθ from426

the SFT step by maximizing the relative preference427

margin between the two:428

LDPO = −
m∑
t=1

[
log σ

(
β log

πθ(rt, at | xt)
πref (rt, at | xt)

−β log
πθ(r

−
t , a

−
t | xt)

πref (r
−
t , a

−
t | xt)

)]
(6)

429

where σ(·) is the sigmoid function, πref is the430

frozen model policy after SFT, and β controls the431

strength of preference optimization.432

4 Experiments433

We conduct our experiments on mobile GUI en-434

vironments, as they present rich and diverse user435

interaction patterns that are well-suited for study-436

ing personalization in sequential decision-making.437

While our evaluation focuses on mobile platforms,438

the proposed approach is general and can be readily439

extended to other GUI settings, such as desktop or440

web interfaces.441

4.1 Dataset442

Since existing GUI interaction datasets (Rawles443

et al., 2023; Zhang et al., 2024a; Li et al., 2024)444

do not provide explicit personalization metadata,445

we manually collect a benchmark dataset with user-446

specific interaction traces to enable systematic eval-447

uation of personalized GUI agents. We follow the448

data collection procedures of prior GUI datasets (Li449

et al., 2024), while additionally recording user-450

specific metadata. Details regarding participant451

recruitment, trace recording, and data anonymiza-452

tion are provided in Appendix B.453

In total, the dataset consists of 70 unique tasks454

spanning 7 mobile apps, including both widely455

used and less common apps, yielding 420 inter-456

action traces with 3,497 individual actions. For457

evaluation, we randomly select 40 tasks for train-458

ing, 20 tasks for in-domain testing (with apps seen459

during training), and 10 tasks for out-of-domain460

testing, where the apps does not appear in the train-461

ing set.462

4.2 Evaluation Metrics463

We evaluate the performance of GUI agents us-464

ing two primary metrics. The first metric is action465

prediction accuracy, a fine-grained measure that 466

assesses the correctness of the agent’s sequential 467

decision-making. Specifically, we compare the pre- 468

dicted action type and corresponding parameters 469

(e.g., target GUI element) against the ground-truth 470

actions recorded in the user interaction traces. This 471

metric directly reflects the agent’s ability to repro- 472

duce user-specific interaction behaviors at the ac- 473

tion level. 474

For a separate study focusing on analyzing 475

the convergence of global user profiles in the 476

contrastive trace synthesis stage (Stage 1), we 477

need to compare the similarity between differ- 478

ent profiles. For this, we utilize a second metric 479

named sentence embedding similarity (Reimers 480

and Gurevych, 2019). Since profiles are generated 481

via induction from traces, the exact phrasing may 482

vary. Therefore, we focus on semantic convergence 483

rather than syntactic overlap, measuring the cosine 484

similarity between profile representations in the 485

embedding space. 486

4.3 Baselines 487

We evaluate the generalizability of our approach 488

across a diverse set of base LLMs. The selected 489

models vary in scale and architecture, covering 490

both open-weight and proprietary systems, as well 491

as models with and without explicit reasoning ca- 492

pabilities. Specifically, we include GPT-4.1 (nano 493

and mini), Qwen-3 (8B and 30B-A3B), GPT-OSS 494

(20B), and Llama-3 variants (3.1-8B-Instruct and 495

3.3-70B-Instruct). 496

We establish two baseline methods for compar- 497

ison. The first baseline is zero-shot prompting 498

(Zero-Shot), the most commonly adopted setting 499

for LLM-based GUI agents, where the model di- 500

rectly predicts actions from task descriptions and 501

GUI states without any personalization. The sec- 502

ond baseline is PAG (Profile-Augmented Genera- 503

tion) (Richardson et al., 2023), which resembles 504

role-playing approaches by conditioning the agent 505

on an explicitly generated global user profile to 506

guide action inference. To further analyze the con- 507

tribution of different components in PACUT, we con- 508

duct two ablation studies. The first ablation uses 509

SFT, where the agent is fine-tuned with supervised 510

learning on personalized traces without contrastive 511

preference optimization. The second variant, SFT 512

w/ Reas., augments supervised fine-tuning with ex- 513

plicit action rationales, but excludes contrastive 514

trace synthesis and DPO. These ablations help iso- 515

late the impact of contrastive learning and prefer- 516
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ence optimization in our approach.517

In addition, the quality of the converged profile518

during Stage 1 inherently impacts the quality of519

synthesized reasoning and contrastive traces. To520

assess the robustness of the convergence of the521

global user profile, we designed a separate exper-522

iment. Using all traces of one randomly chosen523

participant, we run the iterative loop specifically524

with two types of distinct initialization conditions:525

an empty initial profile (the default) and ten dis-526

tinct, artificially generated “extreme” profiles (e.g.,527

“hasty,” “quitting”, detailed in Appendix B). This528

setup allows us to observe and verify whether the529

iterative loop converges to a consistent user profile,530

regardless of the initial prior.531

More detailed implementations of the baselines,532

such as hyperparameters, can be found in Ap-533

pendix B.534

5 Results and Analysis535

In this section, we first evaluate the general per-536

formance and robustness of the approach. Sub-537

sequently, we compare PACUT against baseline538

methods to validate the necessity of training over539

prompting. Finally, we present an ablation study to540

isolate the specific contributions of explicit reason-541

ing and contrastive trace synthesis.542

5.1 General Performance543

Table 1 demonstrates the overall performance of544

different LLM backbones across all evaluation set-545

tings. Among the evaluated models, GPT-4.1-mini546

achieves the best performance, reaching 55.63%547

and 64.36% accuracy on seen and unseen apps, re-548

spectively. We attribute this strong performance to549

its balanced model capacity and robust reasoning550

ability, which enable effective integration of per-551

sonalized signals during fine-tuning. Notably, even552

open-weight models exhibit competitive results:553

for example, Llama-3.3-70B achieves 53.16% and554

62.16% accuracy on seen and unseen apps, demon-555

strating that our approach generalizes well across556

different model scales and architectures. This557

comparative performance across both proprietary558

and open-source backbones suggests that PACUT is559

model-agnostic and can effectively enhance per-560

sonalization regardless of the underlying LLM,561

thereby opening up promising opportunities for effi-562

cient and privacy-preserving on-device personaliza-563

tion in future deployments. Notably, even though564

GPT-OSS-20B is by design a reasoning model with565

Figure 3: Similarity comparison of the converged pro-
files. The comparison metric is cosine similarity in the
Sentence Embedding space. These converged profiles
are originally initialized as different “extreme” profiles.
The exact definitions of these initializations are reported
in Appendix B. Null indicates initialization with an
empty profile.

a different pretraining process, PACUT also demon- 566

strates its effectiveness on this model type, achiev- 567

ing action prediction accuracies of 47.37% on seen 568

apps and 51.37% on unseen apps. 569

To further assess the robustness of PACUT, we 570

analyze the convergence stability of the global user 571

profile generation in Stage 1 (cf. Section 3.1). As il- 572

lustrated in Figure 3, even when initialized with dis- 573

parate or contradictory “extreme” profiles, through 574

the iterative deduction-induction loop, the user pro- 575

file consistently converges to a high-similarity se- 576

mantic representation, hinting that the profiles gen- 577

erated from these diverse initializations share high 578

semantic overlap after convergence. This indicates 579

that our iterative mechanism effectively mitigates 580

initial biases (e.g., a “hasty” prior) and grounds the 581

final profile in the actual evidence provided by the 582

interaction traces. Consequently, the framework 583

proves to be highly robust to initialization noises, 584

ensuring that the internalized persona is a faithful 585

reflection of the user’s traces rather than an artifact 586

of the prompting strategy. 587

5.2 Baseline Comparison 588

Table 1 also presents a comparison between PACUT 589

and baseline approaches, including Zero-Shot and 590

PAG. Zero-shot prompting yields relatively weak 591

performance, achieving an average accuracy of 592

33.83% and 37.70% on the Seen and Unseen app 593
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Table 1: Performance of PACUT with results on Seen apps (left) and Unseen apps (right).

Base Model Zero-Shot PAG SFT SFT w/ Reas. PACUT

GPT-4.1-nano 25.75 / 31.89 26.32 / 31.45 30.28 / 35.19 32.74 / 37.41 38.37 / 44.24
GPT-4.1-mini 39.52 / 44.81 37.65 / 44.65 46.23 / 51.07 51.50 / 60.62 55.63 / 64.36

Qwen-3-8B 26.65 / 29.36 27.28 / 30.30 30.91 / 33.78 32.36 / 37.02 38.92 / 42.82
Qwen-3-30B-A3B 41.32 / 42.54 40.48 / 45.16 45.54 / 47.91 48.64 / 52.43 51.22 / 58.94

GPT-OSS-20B 31.29 / 34.71 31.87 / 35.72 37.25 / 39.7 40.63 / 47.05 47.37 / 51.37

Llama-3.1-8B 28.46 / 33.26 27.75 / 32.98 38.31 / 42.82 41.19 / 49.26 45.04 / 48.15
Llama-3.3-70B 43.79 / 47.30 42.45 / 45.29 45.49 / 50.25 48.55 / 57.81 53.16 / 62.16

settings, respectively. This is primarily because594

zero-shot agents lack any mechanism to incor-595

porate user-specific preferences, forcing them to596

rely solely on generic task-solving heuristics that597

fail to capture personalized interaction patterns.598

Surprisingly, PAG yields even worse performance599

compared to Zero-Shot, with the average accuracy600

of 33.40% and 37.51% on the Seen and Unseen601

app settings, respectively. We attribute this to the602

limited ability of current LLMs to accurately de-603

duce concrete GUI actions in a trace to follow the604

given profile. Even if the profile accurately de-605

scribes what the user prefers abstractly, without606

fine-tuning, LLMs struggle to map these high-level607

traits into granular, element-level UI actions.608

Nevertheless, PACUT consistently outperforms609

the better zero-shot baseline across all evaluated610

backbones, achieving an average accuracy improve-611

ment of 14.36%. We attribute this gain to our612

contrastive example synthesis framework, which613

provides fine-grained supervision by explicitly con-614

trasting preferred and profile-inconsistent behav-615

iors. Unlike static role-based prompts, contrastive616

traces enable the agent to learn subtle distinctions617

in user preferences through preference optimiza-618

tion, leading to more robust and generalizable per-619

sonalization.620

5.3 Ablation Study621

We further report ablation study results in Table 1622

to analyze the impact of individual components in623

PACUT. Using SFT only, the GUI agent already624

exhibits improved personalization performance,625

achieving an average accuracy of 41.05%. This626

result suggests that supervised exposure to user-627

specific interaction traces enables the model to cap-628

ture basic personalized behaviors, even without629

explicit preference optimization. Incorporating ex-630

plicit action reasoning during SFT (SFT w/ Reas.)631

further enhances personalization, yielding an aver-632

age accuracy of 45.52%. This gain indicates that 633

modeling the latent rationale behind user actions 634

helps the agent better understand and generalize 635

user preferences. 636

Nevertheless, integrating DPO with contrastive 637

traces (PACUT) yields an additional 4.16% improve- 638

ment over SFT w/ Reas. on average. We at- 639

tribute this improvement to the core contribution of 640

our framework: human-like contrastive examples 641

explicitly define preference boundaries between 642

profile-consistent and inconsistent behaviors, en- 643

abling the agent to learn fine-grained personaliza- 644

tion signals through preference-based optimization 645

rather than likelihood maximization alone. For 646

the LLaMA-3.1-8B backbone, SFT with reason- 647

ing slightly outperforms PACUT on the Unseen app 648

setting, achieving 49.26% accuracy. We hypoth- 649

esize that this is due to this small model’s slight 650

overfitting to interaction styles in seen apps during 651

the preference optimization step, as PACUT outper- 652

forms SFT with reasoning with the same model in 653

the Seen app setting. 654

6 Conclusion 655

In this work, we introduce PACUT, an automated ap- 656

proach for synthesizing human-like contrastive ex- 657

amples to enable effective personalization of GUI 658

agents. Specifically, PACUT employs a multi-agent 659

self-refinement process to iteratively infer and 660

consolidate user profiles from interaction traces, 661

producing behaviorally realistic contrastive data. 662

Building on this synthesized supervision, we fine- 663

tune GUI agents using a combination of supervised 664

fine-tuning and Direct Preference Optimization 665

to align action selection with user-specific prefer- 666

ences. Evaluations across diverse LLM backbones 667

demonstrate that PACUT consistently outperforms 668

the baselines and ablation variants, highlighting its 669

effectiveness and generalizability for personalized 670

GUI interaction. 671
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Limitations672

We acknowledge three primary limitations in our673

study. First, our empirical analysis is conducted674

exclusively on mobile GUI environments, leaving675

web and desktop GUI platforms unexplored. Nev-676

ertheless, we believe our approach can be readily677

extended to these settings, as the fundamental tech-678

niques of PACUT, such as user profile inference,679

contrastive trace synthesis, and preference-based680

optimization, are platform-agnostic and rely on681

abstract state–action representations rather than682

platform-specific interfaces. Second, we do not683

evaluate PACUT on extremely large-scale models.684

This is primarily due to computational constraints685

and the cost associated with fine-tuning high-686

capacity proprietary models. Despite this limita-687

tion, our results demonstrate strong performance688

gains even on smaller and mid-sized models, sug-689

gesting promising opportunities for on-device de-690

ployment and real-time personalization in practical691

applications. Finally, we acknowledge that the size692

of our collected benchmark dataset is relatively693

limited. While sufficient for systematic evaluation,694

larger-scale and more diverse datasets could further695

strengthen the analysis. In future work, we plan696

to expand data collection to cover additional users,697

tasks, and platforms, as well as to explore online698

and continual personalization settings.699
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A GUI Representation and Action Space 951

Definition 952

A.1 GUI Representation 953

We focus on Android GUI interactions as discussed 954

in Section 4. The key challenge for GUI representa- 955

tion is ensuring the interface the LLM perceives re- 956

sembles what humans observe, while also enabling 957

the LLM to perform similar actions on mobile de- 958

vices as humans do. 959

Our pilot study finds that user interactions some- 960

times target UI element containers (e.g., tapping 961

the “empty” background to dismiss a pop-up menu). 962

Prior works often neglect these elements, focusing 963

only on leaf nodes in the a11y tree. While this 964

simplification is acceptable for GUI agents that 965

focus on task-completion (e.g., a back button can 966

substitute for a background tap), it undermines the 967

fidelity of our work, which focuses on personaliza- 968

tion and style learning. 969

To address this, we traverse the view hierarchy 970

and emit a concise HTML fragment that the agent 971

can reliably interpret. We map Android classes 972

to web-native tags with similar semantics. The 973

detailed mapping is provided in Table 2. 974

Table 2: Mapping from Android UI classes to HTML
tags for agent observation.

Android Class HTML Tag
TextView <p>
Button Classes <button>
Image Classes <img>
EditText <input>
Others <div>

Building on the mapping, we introduce two spe- 975

cific modifications: 976

Visibility Based Filtering. We discard UI ele- 977

ments that lack visible information (e.g., texts, con- 978

tent descriptions, etc.) to humans. This gate saves 979

tokens and reduces noise information, which is crit- 980

ical for maintaining attention in context-sensitive 981

prompts. 982

Container Remapping. We expose interactive 983

containers as <button> elements rather than 984

generic <div>s. This ensures that container- 985

targeted behaviors observed in human traces (e.g., 986
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tapping outside a floating window) remain express-987

ible in the agent action space.988

A.2 Action Space989

The action space of the agent is defined through a990

series of parameterized function call, as shown in991

Table 3.992

B Experiment Details993

B.1 Data Collection Process994

This subsection complements the data collection995

process introduced in Subsection 4.1. In detail, we996

recruited 6 participants to perform tasks across 7997

diverse mobile applications, ranging from widely998

used ones (such as Google Maps) to less common999

apps (such as Task.org). This selection ensures1000

the dataset covers both familiar and unfamiliar1001

interaction environments. Recruitment was done1002

through the university’s internal Slack workspace1003

and word-of-mouth referrals. At the beginning,1004

we gathered detailed background information from1005

each applicant. This included a short question-1006

naire on their mobile phone usage habits (familiar1007

mobile OS, average screen time, preferred app cat-1008

egories), self-reported familiarity with each target1009

app, and basic demographics (gender, age, educa-1010

tion level, occupation). We use this information1011

to select participants and ensure diversity in their1012

profiles. This information is not stored or linked in1013

the later collected dataset to ensure anonymity. The1014

data collection process involved approximately 271015

person-hours from the participants, including task1016

explanation, trace recording exercise with feedback,1017

and the formal trace recording. Participants were1018

specifically informed about the format and content1019

of the data collected and the intended follow-up1020

research use of this data. We asked for explicit1021

confirmation and agreement from the participants.1022

Participants performed tasks based on natural lan-1023

guage GUI task descriptions, with all interactions1024

recorded via accessibility logging services. We1025

provided a dedicated device with pre-installed envi-1026

ronments and apps. For account-related GUI tasks,1027

we provided dedicated accounts and instructed par-1028

ticipants to use them specifically for anonymity.1029

After the recording session, participants were com-1030

pensated financially in accordance with the local1031

law’s guidelines on hourly income, based on the1032

actual duration of the trace recording session.1033

B.2 Experiment Setup and Details 1034

We refer to two platforms for fine-tuning the in- 1035

volved LLMs in the experiments. For the propri- 1036

etary LLMs (GPT-4.1-mini and GPT-4.1-nano), we 1037

use the OpenAI API for model fine-tuning and in- 1038

ference. For the open-sourced LLMs (Qwen-3-8B, 1039

Qwen-3-30B-A3B, GPT-OSS-20B, Llama-3.1-8B- 1040

Instruct, and Llama-3.3-70B-Instruct), we use the 1041

Tinker platform accordingly. Note that we did not 1042

adopt the newest models, such as the GPT 5 series, 1043

the Gemini 3 series from Google, or the Llama 4 se- 1044

ries, due to restricted access to fine-tuning function- 1045

ality (GPT 5, Gemini) or general model availability 1046

(Llama 4 on Tinker). Still, we experiment with 1047

the newest possible models on the corresponding 1048

platforms. 1049

The experiments share the same hyperparameter 1050

setup: max tokens is set to 8192 to allow occa- 1051

sionally longer reasoning output even though it 1052

is prompted to be concise; we keep top_p as the 1053

default and set temperature to 0 to restrict the 1054

diversity and variance of the LLM generation and 1055

allow better reproducibility. For the experiment ex- 1056

clusive parameter, we set max retry as 15, which 1057

is a relatively lenient limit to allow recovery from 1058

occasional errors or internet connection issues. For 1059

fine-tuning, we set the batch size to 2. For SFT, 1060

the learning rate is set as 2e-5 with 3 epochs, 1061

while for DPO the learning rate is 1e-6 with 1062

only 1 epoch. The beta value for DPO is set as 0.1. 1063

All experiment results are produced under the same 1064

conditions on the basis of three runs, and the aver- 1065

aged results are reported to smooth the variance of 1066

random effects. 1067

B.3 Agent Prompts 1068

We report all the relevant agent prompts in the ex- 1069

periments in this subsection, including the GUI 1070

agent under testing (Table 4) as well as the agents 1071

used for data synthesizing (Table 5-9, cf. Sec- 1072

tion 3.1). Note that the Contrastive Trace Sampler 1073

shares exactly the same prompt structure as the 1074

GUI agent, with the extra information inserted be- 1075

fore the final instruction. This is reported in Table 9 1076

B.4 Details on Artificial Initialization Profile 1077

We present the 10 artificially generated “extreme” 1078

user profiles used in the convergence verification 1079

experiment (cf. Section 4.3). They are reported in 1080

Table 10. 1081
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Table 3: Agent Action Space Definition

Action Command Description
tap(element:int) Tap on the UI element with the specified integer ID.
long_press(element:int) Long press on the specified UI element.
text("string") Type the specified UTF-8 string into the focused input.
enter() Press the enter/search key on the virtual keyboard.
swipe(element:int, "dir") Swipe on an element in a direction ("up", "down", "left", "right").
back() Press the system back button.
home() Press the system home button to return to the launcher.
stop() Indicate task completion or impossibility.

Table 4: The prompt used for GUI agents. Note that for the agent variation with an additional user profile in the
prompt, it is inserted at the beginning of the user prompt.

Prompt for the GUI Agent

<System Prompt>
You are acting as if you are a real human operating an Android device.

You must complete the given task. At each step, first provide your reasoning
in a 'THOUGHT:' block, followed by *exactly ONE* function call on a
new line, with a leading triple-dash (---) and NO extra text.

Your output format MUST be:
THOUGHT:
[Your reasoning for the next action goes here as a plain text paragraph. Explain your choice.]
---[function_call()]

Allowed actions:
---tap(element:int)
---long_press(element:int)
---text("utf8 string")
---enter()
---swipe(element:int, "up"|"down"|"left"|"right")
---back()
---home()
---stop()

Rules:
- Refer only to element ids present in the CURRENT HTML inventory.
- Focus an input before using ---text("...") or ---enter().
- Output MUST be exactly in the 'THOUGHT:' and '---action' format.
- Do not repeat yourself if the last action did not change the HTML contents.

<User Prompt>
Task Instruction: {task_desc}

The interaction history:
{List of matched htmls and reasoning-action pairs}

Current Screen:
{current_html}

Instruction: Based on the history above and the current screen, what is the next thought and action?
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Table 5: The prompt used for Action Reasoner in the deduction-induction loop.

Prompt for Action Reasoner

You are an 'omniscient thought generator' for users trying to complete GUI tasks on Android devices.

You will be given the *entire* sequence of screens and the user's actions for a full episode.

Your task is to generate a JSON object containing the `THOUGHT:` block for *every* step from the
perspective of the user.

There are {} steps. Do not repeat yourself for each step.

When generating the thought for a step (e.g., Step 5), you can and should use your knowledge of
*all* steps (e.g., Steps 1-9) to inform your reasoning.

Your reasoning should explain *why* the given action is being taken at that step to progress toward
the final goal.

If the action is `---stop()`, your thought should be about why the task is complete or why the user
gave up, based on the final screen.

If a profile is provided:
1. If (at least some parts of) the profile can explain the action, use these parts to adjust the
tone and style of your thought.
2. If not at all, do not use the profile, and generate the thought purely based on the sequence of
screens and actions.

<Optional> User Profile:
<Optional> {user_profile}
<Optional> Use the profile above to adjust the style and tone of your thought, and also to help
<Optional> resolve ambiguities in user actions.

Goal: {task_instruction}

Here is the full episode sequence:
{list of html representations and user actions}

Table 6: The prompt used for Profile Analyst in the deduction-induction loop.

Prompt for Profile Analyst

You are an expert behavior analyst.

You will be given the thought process of a user performing a specific GUI task.

The setup is that the user performs step-by-step GUI actions to complete a task. For each step,
the user observes the screen and performs an action.

Analyze their reasoning style and actions to derive a brief behavioral profile entry.

Focus on the user's action preferences under various conditions rather than interpreting the
specific task success.

These entries should revolve around the user's navigation strategy, personality traits, and
decision-making tendencies.

Write a single concise paragraph.

Each sentence in the paragraph should focus on one of the user's behavioral patterns/personality
traits.

Here is the user's thought process trace:
{List of reasoning}
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Table 7: The prompt used for Global Profile Consolidator in the deduction-induction loop.

Prompt for Global Profile Consolidator

You are an expert behavior analyst. You are compiling a behavioral-psychological profile for
a single user based on observations from multiple tasks.

You are given a list of 'Profile Entries' derived from different tasks.

1. Merge consistent observations (remove redundancy).

2. PRESERVE contradictions (e.g., 'In task A the user was careless, but in task B the user was
very check-heavy'). Do not try to smooth them over.

3. Express confidence based on the frequency of observations (e.g., if 5 entries say careless and
2 say careful, state that the user is predominantly careless but occasionally careful).

4. Output a **single, brief, concise paragraph** that is straight to the point.

Here are the profile entries from different tasks:
{List of profile entries}

Table 8: The prompt used for Global Profile Judge in the deduction-induction loop.

Prompt for Global Profile Judge

You are an expert behavior analyst. Compare the following two versions of a User Profile (Previous
vs. Current).

Determine if the **semantic meaning** of the profile has changed regarding the user's personality
or habits.
- IGNORE: Phrasing changes, formatting, or ordering.
- FOCUS ON: Personality traits (e.g., cautious vs. careless), recurring habits, and identified
contradictions.

Has the profile **stabilized** (i.e., no new meaningful insights or shifts, and also no more
contradictions (e.g., 'predominantly careless but occasionally careful'))?

Output ONLY a JSON object: {"stable": boolean, "reason": "brief explanation"}

Previous Profile:
{old_profile}

Current Profile:
{new_profile}

Table 9: The extra prompt segment for Contrastive Trace Sampler

Extra Prompt Segment for Contrastive Trace Sampler

User Profile: {The converged profile of the current user}.

Ground Truth User Action: {The ground truth action}

Constraint: You must still try to complete the task, and this is the most important rule.
BUT your behavior/style should be INCONSISTENT with the User Profile described above.
In addition, on the basis of trying to finish the task, you should choose a different action from the
ground truth.
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Table 10: Definition of the 10 “extreme” initial artificial user profiles

Profile Name Profile Description

Cautious This user exhibits a highly cautious and hesitant behavioral pattern, meticulously verifying every
screen element before taking action. They are risk-averse and detail-oriented, often scrolling
through entire lists or reading non-essential text to ensure they are on the correct path. Their pace
is slow and deliberate, prioritizing accuracy and understanding over efficiency, often double-
checking previous steps or pausing for extended periods before committing to a choice.

Erratic This user’s behavior is characterized by unpredictable and seemingly random interactions, lacking
a coherent strategy. They fluctuate between rapid tapping and long pauses, often switching
between unrelated tasks or screen areas without clear motivation. Their pattern is noisy and
inconsistent, making it difficult to discern a logical intent behind their sequence of actions.

Expert This user is hyper-efficient and assertive, exploiting advanced features like search, gesture
shortcuts, and rapid scanning to navigate at high speed. They are confident and knowledgeable,
anticipating UI flows and bypassing intermediate steps to reach deep states quickly. Their
approach is characterized by high precision, minimal hesitation, and a preference for complex
but faster interaction methods over simple scrolling or tapping.

Exploratory This user demonstrates high curiosity and an exploratory nature, frequently deviating from the
direct path to investigate unrelated buttons or menus. They value discovering features over speed,
often interacting with ‘About’, ‘Settings’, or peripheral tabs just to see what they contain. Their
path is winding and non-linear, characterized by a breadth-first search of the interface rather than
a depth-first execution.

Hasty This user demonstrates an impulsive and speed-oriented approach, frequently opting for the first
visible element that loosely matches their goal without verification. They are hasty and prone
to trial-and-error, preferring to tap rapidly and backtrack rather than reading labels carefully.
Their interaction style is characterized by quick, heuristic-based decisions, often leading to
navigational errors which they correct through immediate, high-frequency corrective actions.

Minimalist This user adheres to a strictly minimalist philosophy, interacting only with the absolute minimum
number of elements required to complete the task. They systematically ignore all optional
features, promotions, or dense information, focusing laser-like on the primary call-to-action.
Their efficiency comes not from speed but from a refusal to engage with any UI element that
does not directly advance the immediate goal.

Quitter This user demonstrates extremely low persistence and a low tolerance for friction. Upon
encountering any ambiguity, loading delay, or complex form, they are prone to immediately
aborting the task or exiting the app. Their interactions are tentative, and they frequently use
the ‘Home’ or ‘Back’ gesture at the first sign of difficulty, rarely attempting to troubleshoot or
explore alternative paths.

Searcher This user exhibits a strong dependency on search functionality, bypassing navigational hierarchies
and category lists entirely. They immediately locate the search bar or ‘Find’ icon upon entering a
screen, preferring to type specific keywords rather than browse. Their behavior is characterized
by a lack of engagement with the browsing interface and a high frequency of text input actions.

Stubborn This user displays a rigid and persistent behavioral pattern, often attempting the same failed
action multiple times before considering an alternative. They are resistant to changing strategies,
preferring to ‘force’ a solution through repetition (e.g., repeated tapping of an unresponsive
element). Their adaptation to error is slow, showing a preference for brute-force consistency
over flexibility.

Visual This user relies heavily on visual cues, primarily interacting with icons, images, and large buttons
while frequently overlooking text-based links or small labels. They scan the screen for graphical
representations of their goal, ignoring dense text blocks. This often leads to missed options that
are only presented textually, resulting in a navigation path biased towards the graphical elements
of the UI.
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