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Abstract001

The deployment of Large Language Models002
(LLMs) in interactive systems necessitates a003
deep alignment with the nuanced and dynamic004
preferences of individual users. Current align-005
ment techniques predominantly address univer-006
sal human values or static, single-turn prefer-007
ences, thereby failing to address the critical008
needs of long-term personalization and the ini-009
tial user cold-start problem. To bridge this gap,010
we propose PersonalAgent, a novel user-centric011
lifelong agent designed to continuously infer012
and adapt to user preferences. PersonalAgent013
constructs and dynamically refines a unified014
user profile by decomposing dialogues into015
single-turn interactions, framing preference in-016
ference as a sequential decision-making task.017
Experiments show that PersonalAgent achieves018
superior performance over strong prompt-based019
and policy optimization baselines, not only in020
idealized but also in noisy conversational con-021
texts, while preserving cross-session preference022
consistency. Furthermore, human evaluation023
confirms that PersonalAgent excels at capturing024
user preferences naturally and coherently. Our025
findings underscore the importance of lifelong026
personalization for developing more inclusive027
and adaptive conversational agents. Our code028
and ALOE-Unseen dataset will be released.029

1 Introduction030

With the rapid advancement of Large Language031

Models (LLMs) in executing complex language032

tasks (Li et al., 2023; Achiam et al., 2023), ensur-033

ing that their outputs remain aligned with human034

values and preferences has become increasingly035

critical (Houben et al., 2022; Ji et al., 2023). Previ-036

ous alignment methodologies have predominantly037

focused on adherence to broad and universal hu-038

man preferences, such as helpfulness and harmless-039

ness (Shen et al., 2023). While these principles040

have enabled LLMs to exhibit socially acceptable041

behavior across a wide user base, they often over-042

look the nuanced requirements of individual users043

who expect alignment with their implicit prefer- 044

ences during the interaction (Wang et al., 2023; 045

Zhao et al., 2025a). The capacity of LLMs to ac- 046

commodate the diverse needs, goals, and interac- 047

tion styles of individual users, especially by proac- 048

tively learning the implicit preferences that fre- 049

quently arise in everyday conversations, is crucial 050

yet under-explored for enhancing the user experi- 051

ence in conversational agents and boosting inclu- 052

sivity in user-agent interactions. 053

Meanwhile, prior methods typically focus on 054

alignment at the single-turn level, lacking mecha- 055

nisms for cross-turn or even cross-session person- 056

alization. This limits the agent’s ability to maintain 057

long-term consistency with user preferences (Chen 058

et al., 2024; Jang et al., 2023). The core challenge 059

arises from the inherently dynamic and evolving 060

nature of personalization. In extended interactions, 061

users continuously reveal preference information, 062

which is not always directly applicable to the cur- 063

rent request. However, effective personalization re- 064

quires agents to proactively infer and adapt to user- 065

specific attributes, retaining them over time to allow 066

long-term alignment (Zhao et al., 2025a; Wu et al., 067

2024). Moreover, existing methods for aligning 068

to user requests assume that the agent already pos- 069

sesses relevant information (Zhang et al., 2025a). 070

However, in real-world scenarios, the agent often 071

encounters the user cold-start problem, with no 072

prior user information available. Accordingly, we 073

characterize a personal agent as follows: 074

A user-centric lifelong personal agent should 075

proactively infer user preferences and maintain a 076

unified memory to ensure long-term consistency. 077

In this paper, we introduce PersonalAgent, 078

which aims to model multi-turn conversations in 079

a manner consistent with human intuition while 080

maintaining long-term consistency. To achieve this, 081

we first emulate the human memory process in 082

conversation by decomposing multi-turn dialogues 083

into single-turn units for memory modeling. As 084
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Figure 1: PersonalAgent is inspired by the way humans communicate with others. Rather than feeding the entire
conversation historyH as input, it learns multi-turn dialogues c turn by turn and processes them iteratively, recording
relevant information in a user profile P . Finally, the agent leverages the profile P stored across sessions to determine
whether further querying is needed before generating a response r for the user request q.

demonstrated in Figure 1, each turn outputs the085

user preferences conveyed in the current dialogue086

and feeds them as input to the next turn for further087

refinement. This strategy incrementally processes088

preference inference over long texts (formulated089

as a multi-turn Markov Decision Process), jointly090

optimizes multi-turn rewards, and ultimately re-091

fines an independent user profile, thereby enabling092

accurate inference while ensuring long-term con-093

sistency. In addition, motivated by the lack of prior094

work on user cold-start scenarios, we curate and095

construct the ALOE-Unseen dataset to benchmark096

agents’ ability to proactively query users for better097

alignment.098

Experimental results demonstrate that Person-099

alAgent significantly outperforms prompt-based100

methods and policy optimization methods in identi-101

fying user preferences during conversation. When102

irrelevant dialogues are inserted during testing, the103

performance of these traditional methods drops sub-104

stantially, whereas PersonalAgent still surpasses105

agent baselines that are specifically equipped with106

memory mechanisms. This demonstrates that Per-107

sonalAgent not only infers preferences accurately108

within the dialog but also maintains long-term con-109

sistency as the conversation evolves. Further analy-110

sis reveals that modeling the multi-turn dialog as a111

sequence of decomposed rounds enables the agent 112

to adapt to personalization in a more natural and 113

coherent manner, thereby achieving cross-session 114

personalized alignment. In addition, we investigate 115

different training strategies (Base, SFT, and RL) 116

under the same paradigm, showing that a policy- 117

based judge is better suited to capture the dynamics 118

of multi-turn dialogue evolution. Finally, we con- 119

duct human annotation and long-term alignment 120

evaluations to ensure the reliability of our results. 121

Our major contributions are threefold: 122

• We decompose personalization in long- 123

context interactions into intuitive turn-level 124

segments and formulate it as a multi-turn 125

Markov Decision Process (MDP), which al- 126

lows unified optimization to capture and adapt 127

to personalized preferences across turns. 128

• We maintain a lifelong profile for each individ- 129

ual user in session-level dialogues to ensure 130

long-term alignment with their diverse person- 131

alized preferences. 132

• We curate and construct the ALOE-Unseen 133

dataset, which is specifically designed to ad- 134

dress the critical user cold-start scenario. Ex- 135

periments across multiple themes and settings 136

2



further demonstrate the superior performance137

of PersonalAgent.138

2 Related Works139

Personalized Alignment. Previous efforts to align140

LLMs with human preferences have largely re-141

lied on policy-based methods (Zhou et al., 2024;142

Li et al., 2020; Chen et al., 2025), such as143

Reinforcement Learning from Human Feedback144

(RLHF) (Ouyang et al., 2022) and Direct Prefer-145

ence Optimization (DPO) (Rafailov et al., 2024).146

Although these approaches enable natural, human-147

preference-consistent instruction following, they148

are limited by the reliance on coarse-grained149

population-level alignment. Moving toward person-150

alization, some works (Wang et al., 2024; Zhang151

et al., 2025b) enable users to specify alignment152

preferences across multiple dimensions, achieving153

more personalized outcomes. However, these meth-154

ods often neglect individual preference variabil-155

ity, limiting fine-grained user-specific alignment.156

Recent systems like PersonaAgent (Zhang et al.,157

2025a) use system prompts with memory and ac-158

tion modules, but still struggle to model multi-turn159

interactions and capture evolving preferences.160

User-Centric Personalization. Before large-scale161

instruction-tuned LLMs like ChatGPT, person-162

alized dialogue research focus on defined per-163

sona profiles and controlled multi-turn interac-164

tions. Zhang et al. (2018) introduce the Per-165

sonaChat dataset, where dialogue agents are con-166

ditioned on textual persona descriptions to en-167

hance consistency. Large-scale generative mod-168

els such as DialoGPT (Zhang et al., 2020) and169

BlenderBot-3 (Shuster et al., 2022) then improve170

conversational fluency and long-term persona con-171

sistency. Lee et al. (2022) explore using GPT-3172

for personalized dialogue generation, marking a173

shift toward prompting-based paradigms. In the174

era of LLMs, by defining role-based profiles for175

LLMs, previous work has enabled user analysis176

that fosters more natural and sophisticated per-177

sonalized responses (Pan et al., 2025). Personal-178

ization workflows such as profile-augmented gen-179

eration (PAG) (Richardson et al., 2023) and re-180

inforcement learning for personalized alignment181

(RLPA) (Zhao et al., 2025b) introduce a weak-182

parametric approach to personalization by integrat-183

ing external user-specific data into model outputs.184

However, these methods mainly focus on how and185

what to align, while overlooking the fundamental186

question of whether alignment is feasible. The 187

work of Balepur et al. (2025) is most similar to 188

ours, which applies abductive reasoning to prefer- 189

ence data in order to infer users’ underlying needs 190

and interests. However, the reliance on binary pref- 191

erence data limits the scalability to the diverse and 192

fine-grained spectrum of personalization, resulting 193

in the constraint to achieve proactive personaliza- 194

tion. 195

3 Proactive Personalization 196

In this section, we first formulate the multi-turn 197

dialogue scenario (§ 3.1), and then present the 198

process of dynamically constructing user profiles 199

(§ 3.2). To this end, we provide a detailed descrip- 200

tion of how user preferences are inferred turn by 201

turn (§ 3.3), culminating in the realization of proac- 202

tive personalization (§ 3.4). Finally, we illustrate 203

the concrete implementation (§ 3.5). 204

3.1 Task Formulation 205

Conversations involve dynamic interactions be- 206

tween users and agents, as well as extensive ex- 207

changes between the agent and the inferred user 208

profile. At each interaction turn, the agent must 209

communicate with the user to collect information 210

and infer their intent while dynamically updating 211

the user profile before generating a response to the 212

user’s request. Let H = {ci}Ci=1 denote the con- 213

versation history between the user and the agent, 214

which includes C sessions. ci = {tn}Ti
n=1 repre- 215

sents the i-th session that consists of Ti sequen- 216

tial user-agent interaction turns, with each turn 217

tn = (un, rn) including a user request un and the 218

corresponding response from the agent rn. Denote 219

the user-centric personalization system as fP , and 220

the response generation model as fLLM. As shown 221

in Figure 1, the overall research framework can be 222

formalized as: (1) Profile construction: construct 223

a user profile P using conversation history H; P 224

is learned and refined in the conversation at the 225

turn-level, each interaction turn tn corresponds to 226

a brief inferred profile pn, with P =
∑T

n=1 pn. 227

Then for a session-level user profile, it is initial- 228

ized as Pold at the beginning of a dialogue and 229

evolves to Pnew at the end; (2) Preference infer- 230

ence: given a target user request q and a user pro- 231

file P , query preferences {p ∈ P} ← fp(q,P) 232

that are relevant to the user request, and determines 233

whether the current profile is sufficient to align the 234

response with the given request q; (3) Response 235
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generation: the agent is permitted to proactively236

elicit extra information p∗ from the user to ensure237

better alignment. The final response is generated238

as r = fLLM(q, p∗, {p ∈ P}).239

3.2 User-centric Design240

Analogous to real-world interactions, people do241

not continuously revisit the entire dialogue history242

during a conversation; instead, they rely on im-243

pressions to carry the interaction forward. We con-244

struct a dedicated profile P =
∑T

n=1 pn for each245

individual user to help the agent instantiate this ab-246

stract memory. The profile template is constructed247

based on the LMSYS-Chat-1M dataset (Zheng et al.,248

2023a), which consists of one million real inter-249

actions between users and 25 state-of-the-art lan-250

guage models across a wide range of topics. We cat-251

egorize user preferences into 11 major categories,252

which are further divided into over 180 subcate-253

gories, aiming to provide each user with a compre-254

hensive, multidimensional representation. Specifi-255

cally, the profile is designed in a slot-value format,256

where information that has not been obtained is257

temporarily marked as null. This enables the rapid258

construction of highly personalized profiles, which259

can also adapt to the continuously evolving needs260

of users, thereby capturing the dynamic characteris-261

tics of user preferences. The specific categories are262

illustrated in Figure 2, and Appendix A provides a263

detailed description of the construction process.264

As mentioned in §3.1, each interaction turn tn265

corresponds to some inferred attributes of profile266

pn, while each session ci corresponds to an aggre-267

gated profile Pi inferred jointly from all preceding268

sessions. It can be solved in parallel:269

Pi



p1 = argmax
q

π(q | u1)

p2 = argmax
q

π(q | p1, u2)

...

pn+1 = argmax
q

π(q | pn, un+1)

(1)270

This design enables rapid, turn-level personaliza-271

tion updates while maintaining long-term consis-272

tency with the user across sessions.273

3.3 Preference inference274

To maintain the user profile P according to Eq. 1,275

we discard redundant historical information and276

optimize using only the inferred attributes p from277

each turn. Turn-level personalized alignment can278
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Figure 2: We define a total of eleven major categories
that cover diverse dimensions of user preferences, aim-
ing to comprehensively record and customize each
user’s personalized profile. The specific categories are
listed in Figure 9.

be formulated as a multi-turn Markov Decision 279

Process (MDP) (Zhao et al., 2025b), defined by 280

the tuple (S,A, T ,R, T ), where the state space S 281

consists of the current user message u and inferred 282

attributes of profile so far (i.e., st = (ut, p1:t−1)). 283

The action at corresponds to the inferred attribute 284

pt at turn t. T is the transition kernel, which is 285

deterministic, that given the state st = (ut, p1:t−1) 286

and action at = pt, the next state is: 287

st+1 = (st, at) = (ut+1, p1:t). (2) 288

R : S ×A → R represents the reward in each turn. 289

The maximum turn count T limits the number of 290

interaction rounds modeled by the agent. Given 291

an MDP, the objective is to maximize the expected 292

return: 293

R(x, p) =
T∑
t=1

R(st, at). (3) 294

To achieve this, the agent computes a (Markov) 295

policy π : S → △(A) that maps from state to a 296

distribution over actions. 297

Compared with directly feeding the dialog his- 298

tory as input, this formulation is more natural and 299

lightweight, capturing the sequential structure of 300

personalized dialogues while being well suited for 301

extension to long-term consistency. 302

3.4 Response generation 303

Active personalization requires the agent not only 304

to infer user preferences during the dialog, but also 305

to proactively solicit additional information from 306
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the user during cold-start scenarios to achieve bet-307

ter alignment. We complement existing multi-turn308

personalization settings with a benchmark ALOE-309

Unseen, which is designed to more effectively eval-310

uate agents under this setup.311

We compile a total of 3,820 multi-turn dialogues312

spanning diverse topics. Similar to ALOE, each313

dialog revolves around a theme that reveals user314

preferences; however, the profile P inferred from315

these dialogues is insufficient to reliably answer316

user requests. To facilitate subsequent evaluation,317

we use GPT-4.1 and human annotations to provide318

explanations for each dialog. Detailed construc-319

tion procedures and case examples are provided in320

Appendix B.321

Based on the ALOE-Unseen dataset, we further322

fine-tune PersonalAgent with the ground truth ex-323

planation to enhance its proactive personalization324

ability in user cold-start scenarios. Specifically,325

PersonalAgent first identifies potential preferences326

relevant to aligning with the user request, then327

searches within the established profile P . If no328

related preferences are found, it determines that329

further proactive querying is required.330

3.5 Practical implementations331

At turn tj , the inferred preference pj is evaluated332

against the ground-truth preference GTj according333

to the binary criteria of Completeness, No Halluci-334

nation, Informativeness, and Consistency, resulting335

in a single turn reward Rj . The final reward of336

the entire multi-turn dialog, RFinal, can then be ex-337

pressed as:338

RFinal = ω1R1 + ω2R2 + · · ·+ ωjRj , (4)339

where ω denotes the corresponding reward weights.340

To learn the policy π(at|st) that maximizes341

the expected cumulative reward, we employ the342

Group Relative Policy Optimization (GRPO) al-343

gorithm (Shao et al., 2024) to train the model344

with the final unified reward. In each training345

step, for the given question q, a group of can-346

didate outputs O = {o1, o2, · · · , oG} are sam-347

pled from the policy model πθold . Specifically, in348

multi-turn settings, oG = {oG,1, oG,2, · · · , oG,N},349

as shown in Figure 1 (3). The advantage Ai =350
ri−mean({r1,r2,...,rG})

std({r1,r2,...,rG}) is calculated using the unified351

rewards {r1, r2, · · · , rG}, where rG is calculated352

according to Eq. 4. Then the following objective353

function is maximized to optimize πθ: 354

J(θ) = Eq∼P (Q), {oi}Gi=1∼πθold
(O|q)[

1

G

G∑
i=1

min
( πθ(oi | q)
πθold(oi | q)

Ai,

clip
( πθ(oi | q)
πθold(oi | q)

, 1− ε, 1 + ε
)
Ai

)
− β DKL

(
πθ

∥∥πref)
]
,

(5) 355

where ε and β are hyperparameters controlling the 356

PPO clipping threshold and the weight of the Kull- 357

back–Leibler (KL) divergence penalty (Schulman 358

et al., 2017; Shao et al., 2024), respectively. This 359

turn-level unified optimization enables the model to 360

infer preferences progressively and thus learn user- 361

specific preferences, aligning closely with real- 362

world human interactions. More training details 363

are provided in the Appendix C.3. 364

4 Experiment 365

4.1 Experimental Setup 366

Benchmarks and metrics. We evaluate Person- 367

alAgent on the ALOE benchmark (Wu et al., 2024), 368

which provides multi-turn dialogues annotated with 369

user profiles, covering diverse and content-rich 370

topics to facilitate personalized dialogue evalua- 371

tion. We further supplement our evaluation with 372

the implicit persona-driven subset of the PrefEval 373

benchmark (Zhao et al., 2025a), which is struc- 374

turally similar to ALOE but additionally explicates 375

the preferences required for aligning with specific 376

questions. For the user cold-start scenario, we em- 377

ploy the ALOE-Unseen benchmark. We provide 378

examples of each dataset in Appendix C.1. 379

We use accuracy as our primary evaluation met- 380

ric and further incorporate the alignment level (AL), 381

normalized improvement ratio (N-IR), and normal- 382

ized coefficient of determination (N-R2) proposed 383

by Wu et al. (2024). For every turn, the average 384

score across the test cases is defined as the align- 385

ment level. Details of the metric calculations are 386

provided in Appendix C.2. 387

Baselines. We compare PersonalAgent with a com- 388

prehensive set of baselines across three categories. 389

Policy optimization methods: Supervised Finetun- 390

ing (SFT) (Ouyang et al., 2022) and Direct Prefer- 391

ence Optimization (DPO) (Rafailov et al., 2024). 392

Prompt-based methods: Reminder (Zhao et al., 393
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Baselines PrefEval Dataset ALOE Dataset
Education Entertain. Lifestyle Pet Related Work Style Shopping Travel AVG. Vanilla. Unseen.

Base 69.8% 61.2% 60.1% 53.8% 61.1% 65.2% 62.6% 61.9% 70.8% 34.7%
SFT-preferred 75.2% 68.4% 72.4% 68.2% 70.5% 74.4% 75.6% 72.1% 73.2% 45.8%

DPO 76.3% 71.2% 74.6% 65.4% 66.8% 76.8% 74.5% 72.2% 78.4% 49.6%
Reminder 74.2% 66.3% 65.7% 62.6% 70.8% 68.3% 71.3% 68.5% 71.3% 45.1%
Self-Critic 71.9% 63.2% 59.0% 54.3% 62.9% 66.1% 64.5% 63.1% 76.0% 39.7%

CoT 71.6% 70.8% 66.4% 58.6% 66.0% 68.9% 67.7% 67.1% 75.5% 48.2%
RAG (top5) 74.0% 68.9% 65.9% 62.0% 68.3% 69.8% 69.9% 68.4% 74.5% 46.4%

ReAct 77.3% 79.6% 70.2% 68.6% 71.4% 74.1% 76.8% 74.0% 73.7% 54.2%
MemBank 77.8% 78.4% 73.6% 66.2% 72.4% 70.2% 73.9% 73.2% 71.8% 51.6%

Ours 81.3% 79.2% 76.6% 71.4% 76.8% 82.4% 83.6% 78.8% 87.5% 68.4%

Table 1: Comparison with the baseline on PrefEval, ALOE and ALOE-Unseen datasets. For PrefEval dataset, which
includes dialogues over seven topics, we report per-topic results and the overall average, using accuracy as the
evaluation metric. The best results are highlighted in bold, and the second-best results are underlined.

2025a), Self-Critic (Huang et al., 2023), Chain-of-394

Thought (CoT) (Wei et al., 2022) and RAG (Zhao395

et al., 2025a). General agent baselines: ReAct (Yao396

et al., 2023) and MemBank (Zhong et al., 2024).397

Models and Training Data. We adopt Qwen3-4B-398

Instruct (Yang et al., 2025) as the backbone model399

and use GPT-4.1 as the judge to evaluate the fi-400

nal outputs (Zheng et al., 2023b). During training,401

we randomly split the ALOE and ALOE-Unseen402

datasets into a 9:1 ratio for training and testing,403

and employ Qwen3-30B-A3B-Instruct as the judge404

model to reward output that meets the desired crite-405

ria. More details are provided in Appendix C.3.406

Implementation Details. We use the veRL (Sheng407

et al., 2024), skyRL (Cao et al., 2025) and408

vLLM (Kwon et al., 2023) frameworks for scal-409

able and stable reinforcement learning and evalu-410

ation. All experiments are conducted on NVIDIA411

H200 141GB GPUs. For detailed hyper-parameter412

settings, please refer to Appendix C.4.413

4.2 Main Results414

We follow Wu et al. (2024) and further train using415

pairwise response pairs (preferred and rejected)416

via DPO against training only on preferred re-417

sponses using SFT. Moreover, following the setup418

of Zhao et al. (2025a), we insert irrelevant dia-419

logues (ranging from 1k to 10k tokens, but 3k to-420

kens are adopted in this paper) into the PrefEval421

benchmark to further examine the agent’s ability422

to accurately identify user preferences in long con-423

texts and maintain them over extended interactions.424

Accuracy of inferred personality. Table 1425

presents a comparison of personalized prefer-426

ence inference results across the PrefEval, Vanilla427

ALOE, and ALOE-Unseen benchmarks. Person-428

alAgent achieves the highest overall scores on all429

Base CoT DPO
ReAct Ours

Membank
RAG
SFT

Reminder
Self-Critic

k-th Turn

A
lig

nm
en

t L
ev

el
 (%

)

Figure 3: Alignment Level comparison with the baseline
on ALOE dataset, we report the average AL score (%).

three benchmarks, demonstrating strong capabil- 430

ities in both preference inference and proactive 431

personalization before alignment. Compared with 432

various baselines built on the same backbone, Per- 433

sonalAgent consistently maintains proactive prefer- 434

ence inference and delivers consistent gains. 435

On the PrefEval benchmark, it outperforms 436

nearly all categories, surpassing the second-best 437

method by 4.8%, indicating its ability to recog- 438

nize a wide range of preference types and actively 439

record them. This is attributed to the well-designed 440

and extensible profile representation. Similarly, on 441

Vanilla ALOE, PersonalAgent improves the aver- 442

age accuracy by 15.6% over SFT-preferred and by 443

9.1% over DPO, achieving the best preference in- 444

ference performance among all baselines. These 445

results highlight not only stronger personalization 446

capabilities but also the ability to unify prefer- 447

ence tracking even in complex scenarios where 448
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Alignment Level across kth Turn Improvement Level
Models Type k=1 k=2 k=3 k=4 k=5 k=6 k=7 k=8 k=9 k=10 Average ↑ IR ↑ N-IR R2 N-R2

Qwen3-4B-Instruct
Base 19.87 30.94 24.88 25.10 29.65 31.13 30.50 31.65 34.63 36.78 29.51 1.391 0.080 0.716 0.489
SFT 20.12 21.18 34.38 46.52 57.53 53.56 56.81 60.90 61.86 65.83 47.87 5.186 0.054 0.867 0.267

RL (Ours) 23.05 43.26 63.66 71.86 76.93 78.95 83.95 84.14 81.78 83.53 69.11 5.786 0.052 0.727 0.254

Llama-3.2-3B-Instruct
Base 15.52 27.31 23.16 24.03 28.20 34.80 29.73 30.22 33.15 32.68 27.88 1.541 0.049 0.658 0.243
SFT 21.80 27.94 36.68 48.54 59.37 55.21 58.26 62.80 63.55 67.12 50.13 4.936 0.053 0.876 0.266

RL (Ours) 21.06 41.14 62.64 70.17 75.15 77.95 82.44 82.86 80.42 81.64 67.55 5.824 0.052 0.722 0.249

Table 2: The experimental results of mainstream open-source LLMs trained with different strategies in the same
formulation (inferring preferences turn by turn). We report the alignment level at each turn, as well as the final
average score, IR, N-IR, R2 and N-R2. We use blue to indicate the highest average AL (Alignment Level), and
yellow for the highest IR (Improvement Rate).

dialogues contain more implicit preferences.449

The last column of Table 1 shows that methods450

with memory storage mechanisms, such as Mem-451

bank, achieve relatively better performance, since452

this setting requires the agent to first learn user453

preferences from the long context dialogue and454

then leverage the stored preferences to determine455

alignment. In particular, PersonalAgent boosts per-456

formance from 34.7% to 68.4%, demonstrating the457

capability for proactive personalization. More qual-458

itative analysis is provided in the Appendix C.5.459

Alignment on generated response. As shown in460

Figure 3, PersonalAgent adapts more rapidly than461

other baselines in the early stages of interaction,462

while maintaining steady improvements in align-463

ment performance. In general, all baselines bene-464

fit from the accumulation of user information and465

gradually generate responses that better match user466

preferences. However, the proposed method deliv-467

ers the most significant and consistent gains, im-468

proving the alignment level from 23.1% to 83.5%.469

Moreover, with its specialized preference recog-470

nition capability, PersonalAgent can also perform471

fast inference in single-turn settings compared to472

methods such as ReAct, enabling real-time and con-473

tinuous updates to user profiles and achieving per-474

sonalized alignment in responses more promptly.475

5 Analysis and Discussions476

Effectiveness of Multi-turn MDP via Policy-477

based Judge. We compare the performance of dif-478

ferent training paradigms, including Base, SFT and479

RL, for preference recognition. Specifically, we480

decompose multi-turn dialogues into single turns,481

annotate the previous turn’s “prediction” (ground482

truth) in the input, and supervised tuning the model483

with the ground truth of the current turn. After484

training, all methods perform preference inference485

and alignment round by round. The results in Ta-486

ble 2 show that using only SFT yields relatively487

68.4

73.7

78.8
76.4

77.9

87.5

36.5

53.6

68.4

Figure 4: Comparison of models trained with differ-
ent reward designs. Experiments are conducted on the
PrefEval, ALOE, and ALOE-Unseen benchmarks, and
results are reported in terms of accuracy (%).

lower performance; applying RL improves the av- 488

erage alignment level by 22%. We argue that in 489

personalized scenarios, user-provided information 490

does not directly equate to explicit preference ex- 491

pression, and moreover, such expressions are dy- 492

namic, because preferences may remain unchanged 493

in certain turns. Therefore, simple supervised fine- 494

tuning may be suboptimal. This finding suggests 495

that more flexible, dynamically adaptive, policy- 496

based methods are needed for training, which also 497

demonstrates that our design effectively bridges the 498

performance gap and exhibits broad applicability. 499

Reward Ablation. To compare predictions with 500

ground truth, conventional metrics like BLEU score 501

and F1 score are commonly used. The BLEU score 502

measures fluency and similarity by calculating n- 503

gram overlap, while the F1 score, the harmonic 504

mean of precision and recall, accounts for both 505

prediction accuracy and coverage. In these experi- 506
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Models Scores
A1. A2. A3. A4. Avg.

Qwen3-30B-A3B 0.73 0.78 0.79 0.81 0.778
GPT-4.1 0.78 0.77 0.79 0.80 0.785

Table 3: Evaluation scores of different annotators
(A1–A4 denote the four annotators). Higher scores indi-
cate better agreement between human and LLM judges.

ments, Precisiont and Recallt are defined as |p̂t∩pt|
|p̂t|507

and |p̂t∩pt|
|pt| , where pt and p̂t represent the predicted508

personality and ground truth at turn t.509

As shown in Figure 4, the proposed method con-510

sistently achieves higher response scores across511

three benchmarks, demonstrating that a policy-512

based judge as the reward signal provides stronger513

robustness and more stable training in complex per-514

sonalized inference scenarios. Specifically, Person-515

alAgent outperforms the BLEU baseline by 31.9516

Human Validation. To measure the reliability517

of using Qwen3-30B-A3B as the judge model for518

training and GPT-4.1 for automatic evaluation, we519

further perform human annotation for verification.520

For the evaluation of Qwen3-30B-A3B during521

training, we randomly sample 100 inferred profiles522

and personalities in single turns from 100 differ-523

ent multi-turns, yielding 100 samples per annotator.524

Four human annotators are instructed to score each525

prediction pair from 1 to 5 according to the pol-526

icy described in Section 3.5, resulting in four sets527

of human ratings. We then compute the Cohen’s528

Kappa coefficient (Cohen, 1960) between each hu-529

man rating set and that of the judge model.530

For the reliability evaluation of GPT-4.1, we fol-531

low the same procedure with four annotators scor-532

ing based on the criteria in Appendix C.4. Metric533

details are in Appendix D, and results are in Ta-534

ble 3. Both judge models exceed a score of 0.77,535

demonstrating strong alignment with human judg-536

ments and validating the robustness of the reward537

signals and evaluation procedure.538

Long-term Alignment. The ability to infer and539

remember preferences becomes crucial when users540

implicitly reveal them through continuous dialogue541

over time. Consequently, following (Zhao et al.,542

2025a), we insert irrelevant dialogue turns after the543

preference-bearing dialogue to evaluate the model’s544

long-term alignment capability, with specific re-545

sults presented in Figure 5. The baselines exhibit546

varying capabilities in handling these complexities.547

For instance, the noisy dialogue minimally affects548

In
se

rt
ed

 T
ok

en
 L

en
g

th

PrefEval ALOE

Figure 5: Comparison of the long-term alignment of
PersonalAgent and baselines on the PrefEval and ALOE
datasets, where irrelevant dialogue turns are inserted
following the user preference dialogue.

retrieval-based methods (a drop of 13% on PrefE- 549

val), while significantly interfering with reasoning- 550

based approaches (a drop of 20% on PrefEval). 551

Furthermore, the performance degradation is more 552

pronounced for all methods on the ALOE bench- 553

mark. This is attributed to the richer and more com- 554

plex user preferences contained within the ALOE 555

dataset. In contrast, the proposed method consis- 556

tently maintains high-quality alignment even after 557

the insertion of numerous irrelevant dialogue turns 558

(a drop of only 6% on PrefEval), demonstrating the 559

superiority of the memory storage mechanism. 560

Analysis on Profile Dimensionality. The settings 561

and the corresponding results are presented in the 562

Appendix C.6. The performance improves as the 563

total number of dimensions in the profile increases, 564

but it exhibits a tendency to saturate. We attribute 565

this to the limited amount of user information that 566

can be conveyed within a single session, with some 567

dimensions remaining null. However, considering 568

the overall effectiveness, we still recommend re- 569

taining all 11 dimensions to dynamically adapt to 570

diverse and unique users. 571

6 Conclusion 572

We present PersonalAgent, aiming to achieve long- 573

term personalized alignment in LLMs by model- 574

ing multi-turn conversations as a sequential infer- 575

ence process. Our method enables proactive pref- 576

erence acquisition, robust cold-start handling, and 577

consistent cross-session adaptation. Experiments 578

highlight the value of memory-inspired modeling 579

for personalization and point to new directions for 580

building more adaptive, inclusive, and user-aligned 581

conversational agents. 582
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Limitations583

Unified evaluation of lifelong personalized agents584

remains an open challenge, constrained by the com-585

putational cost of inference and the absence of well-586

established benchmarks. In this work, we make a587

first step by extending the interaction limit and in-588

serting irrelevant dialogue turns to examine agents’589

ability to reason and sustain understanding over590

long contexts. While our results highlight the po-591

tential of PersonalAgent in maintaining long-term592

consistency, future research would benefit from fur-593

ther increasing the number of interaction turns and594

broadening the evaluation horizon. Such efforts595

will enable models to engage in more comprehen-596

sive and natural interaction flows and to adapt to a597

wider spectrum of user preferences.598

Potential Risks599

PersonalAgent aims to provide a potential solution600

for the field of personalization agents. To date, no601

identifiable risks associated with PersonalAgent602

have been observed. All experiments were con-603

ducted using publicly available datasets, and all604

models utilized are open-source on Huggingface or605

via api keys. In addition, all participants involved606

in this work underwent comprehensive training on607

how to conduct evaluations in an effective and ethi-608

cal manner.609
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Appendix 828

The appendix content is structured as follows: 829

• Section A - Profile Details 830

• Section B - Dataset Construction 831

• Section C - Experiments Details 832

• Section D - Human Annotation Metrics 833

A Profile Details 834

To comprehensively capture user characteristics 835

and behaviors, we designed a multi-layered profile 836

template informed by both established user model- 837

ing practices and recent large-scale conversational 838

datasets. Our template integrates basic demograph- 839

ics, interests and preferences, education and learn- 840

ing, personality and behavior, career and finance, 841

marriage and family, geography and environment, 842

consumption and lifestyle, digital behavior, social 843

networks, and scenario-specific features. Each di- 844

mension is further decomposed into sub-attributes 845

(e.g., health condition, communication style, invest- 846

ment preference), enabling fine-grained analysis of 847

user heterogeneity. Figure 6 presents the statistics 848

for each category, along with the number of asso- 849

ciated subcategories and the specific classification 850

is shown in Figure 9. This hierarchical structure 851

draws on previous work in user profile and recom- 852

mender systems (Brusilovski et al., 2007; Gauch 853

et al., 2007) as well as on recent large-scale LLM in- 854

teraction datasets such as LMSYS-Chat-1M (Zheng 855

et al., 2023a), which demonstrate the importance 856

of rich contextual and behavioral signals for per- 857

sonalization. By aligning our design with these 858

authoritative sources, we ensure that the resulting 859

template not only reflects best practices in user 860

modeling but also remains adaptable to emerging 861

AI-driven personalization scenarios. 862

B Dataset Construction 863

To address the insufficient attention to the user cold- 864

start problem—where the agent’s known prefer- 865

ences fail to adequately align with the user’s re- 866

quest, requiring the agent to recognize this gap 867

and proactively query the user—we curate and con- 868

struct the ALOE-Unseen benchmark. This bench- 869

mark is built on ALOE, which includes a diverse 870

pool of 3,310 distinct personas. In this setup, the 871

profile and personality that can be inferred from the 872

multi-turn dialogue are denoted as Pinfer, while 873

11



the complete profile and personality specified in874

the background are denoted as Pgt. A specific pref-875

erence p that belongs to Pgt but not to Pinfer thus876

characterizes a cold-start preference.877

We first use GPT-4.1 to select p instances that878

are strongly preference-related (e.g., restaurant rec-879

ommendations that require knowledge of taste or880

allergy information). Based on these preferences p,881

we then formulate corresponding user questions fol-882

lowing the prompt design by (Wu et al., 2024; Zhao883

et al., 2025a), and further annotate the explanatory884

information for each case, specifying which as-885

pects of preference are most relevant to answer the886

question. This facilitates subsequent policy-based887

evaluation. An example of ALOE-Unseen is shown888

in Figure 12.889

C Experiments Details890

In this section, we provide a detailed description of891

the experimental setup, including examples of each892

dataset (§ C.1), evaluation metrics (§ C.2), training893

details (§ C.3) and implementation details (§ C.4).894

C.1 Dataset Case895

ALOE is a large-scale persona-grounded dialogue896

dataset comprising over 3,000 independent multi-897

turn conversations. Each dialogue (as shown in898

Figure 10) is anchored by two complementary899

components: a profile (external attributes such as900

demographics, lifestyle, and interests) and a per-901

sonality (internal traits such as empathy, enthusi-902

asm, or reliability). Conversations are structured as903

user–assistant exchanges, where each assistant turn904

contains a pair of candidate responses (preferred905

and rejected) along with an explicit annotation of906

the chosen option. To enable dynamic persona907

modeling, each turn is further annotated with in-908

ferred profile and inferred personality, capturing909

the persona cues revealed throughout the dialogue.910

This design not only provides high-quality positive911

and contrastive supervision for alignment but also912

supports the study of progressive persona inference,913

where agents must learn to uncover and adapt to914

user traits across turns rather than relying solely on915

static prior information.916

We further utilize PrefEval, a personalized917

preference-centric dataset designed to evaluate how918

conversational agents align their responses with919

users’ stated or implicit preferences. Each instance920

(as shown in Figure 11) is grounded in a persona921

and associated with a preference, paired with a922

question that may naturally trigger conflicting rec- 923

ommendations. To capture alignment dynamics, 924

each sample includes an explanation that clari- 925

fies potential conflicts between default answers 926

and the user’s preference. Dialogues are multi- 927

turn and structured as user–assistant exchanges, 928

where user utterances reveal or reinforce prefer- 929

ences, while assistant responses are expected to 930

adapt accordingly. This design enables the study of 931

preference-aware response generation, highlighting 932

cases where naive responses would misalign with 933

user needs and requiring models to adjust recom- 934

mendations to respect user constraints. 935

C.2 Metrics 936

To assess whether the inferred personality and pro- 937

file align with the ground-truth annotations, we 938

employ a strong proprietary model (GPT-4.1) as 939

an automatic evaluator, following a policy-based 940

evaluation paradigm. Specifically, each prediction 941

is scored along seven dimensions: Attribute Accu- 942

racy, Completeness, No Hallucination, Personality 943

Alignment, Overall Similarity, Consistency, and 944

Safety. For each dimension, the ratings are scored 945

into three levels: poor (0), partial (0.5), and excel- 946

lent (1), providing a fine-grained but interpretable 947

measure of alignment quality. 948

To evaluate how well model responses align 949

with ground-truth preferences, we follow Wu et al. 950

(2024) and adopt the LLM-as-a-Judge framework 951

(Zheng et al., 2023b). For each dialogue turn, GPT- 952

4o is provided with the full user persona, the user’s 953

utterance, and the candidate response, and is asked 954

to assign a preference alignment score between 0 955

and 100. The averaged score is reported as the pri- 956

mary metric, Alignment Level at k turns (AL(k)). 957

To further evaluate the agent’s progressive align- 958

ment with user preferences throughout the conver- 959

sation, we also use a metric called the Improvement 960

Rate (IR). This is computed as the regression coef- 961

ficient b from the least-squares regression: 962

argmin
b,a

10∑
k=1

(b× k + a− AL(k))2, (6) 963

where k denotes the k-th conversation turn. 964

Taking into account the bias introduced by high 965

initial alignment (which reduces the observable 966

slope of improvement), we additionally compute a 967

normalized metric. Specifically, AL(k) is normal- 968

ized as: 969
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Figure 6: The major categories of the user profile we designed, along with the proportion of their subcategories,
cover various aspects of user-related information.

N-AL(k) =
AL(k)−mini=1,...,k AL(i)

maxi=1,...,k AL(i)−mini=1,...,k AL(i)
(7)970

This normalization mitigates ceiling effects and971

provides a fairer measure of relative progress. Fi-972

nally, we calculate the normalized coefficient of973

determination (N-R2) as an indicator of goodness-974

of-fit, serving as a robustness reference for the nor-975

malized alignment estimates.976

C.3 Training Details977

In our experiments, we employ a variety of open-978

source and proprietary models to ensure compre-979

hensive training and evaluation. The specific mod-980

els and their version information are summarized981

in Table 4.982

Model Name Version
GPT-4.1 gpt-4.1-2025-04-14
GPT-4.1-mini gpt-4.1-mini-2025-04-14
GPT-4o-mini gpt-4o-mini-2024-07-18
Qwen3-4B Qwen3-4B-Instruct-2507
Qwen3-30B-A3B Qwen3-30B-A3B-Instruct-2507

Table 4: Detailed model versions.

When designing the reward function, we take a983

comprehensive set of aspects into account: Com- 984

pleteness, No Hallucination, Informativeness and 985

Consistency, aiming to guide the model toward in- 986

ferring a personality and profile consistent with the 987

ground truth. To ensure the accuracy of each infer- 988

ence, a reward R = 1 is given only if all aspects 989

are satisfied, else R = 0. To mitigate the issue of 990

reward sparsity and to further enhance the model’s 991

ability to capture profiles, we adopt a block-wise 992

extraction format as illustrated in the case below: 993

Output Format

<inferred_profile></inferred_profile>
<inferred_personality></inferred_personality>
<classification></classification>

994

Under this design, partial rewards are provided 995

once the output conforms to the prescribed format, 996

resulting in a staircase-style reward scheme that 997

approximates continuous feedback. 998

C.4 Implementation Details 999

Prompt. After integrating the evaluation poli- 1000

cies proposed by Wu et al. (2024) and Zhao et al. 1001

(2025a), we conduct comprehensive evaluations 1002

across seven dimensions: Attribute Accuracy, Com- 1003
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Evaluation Prompt
You are an expert judge.  

Evaluate how well the predicted user profile/personality 
(PRED) matches the ground truth (GT).  

Use these 7 criteria:



1. Attribute Accuracy: factual correctness of key attributes 
(age, gender, location, occupation, etc.).  

2. Completeness: does PRED cover most GT attributes?  

3. No Hallucination: avoid adding attributes not in GT unless 
strongly implied.  

4. Personality Alignment: direction and strength of traits.  

5. Overall Similarity: semantic similarity of free-text 
descriptions.  

6. Consistency: internal logical consistency of PRED.  

7. Safety: no unsafe or disallowed content.



For each criterion, assign a score from 0 to 1:

0 = poor, 0.5 = partial, 1 = excellent.

Then compute an overall_score = weighted average a(all 
equal weight).  



Return only JSON:

{{

  "scores": {{

    "attribute_accuracy": float,

    "completeness": float,

    "no_hallucination": float,

    "personality_alignment": float,

    "overall_similarity": float,

    "consistency": float,

    "safety": float

  }},

  "overall_score": float,

  "summary": "one-sentence summary of major gaps"

}}



GT:

{gt}



PRED:

{pred}

Figure 7: Evaluation prompt used in our experiments.

pleteness, No Hallucination, Personality Align-1004

ment, Overall Similarity, Consistency, and Safety.1005

The detailed evaluation prompts are illustrated in1006

Figure 7.1007

HyperParameters. Supervised Fine-Tuning (SFT)1008

is conducted with the following HyperParameters:1009

number of training epochs is 9, batch size is 32,1010

and learning rate is 1.0× 10−5. Direct Preference1011

Optimization (DPO) is performed with the follow-1012

ing HyperParameters: training epochs is 1, batch1013

size is 32, and learning rate is 5.0 × 10−6. For1014

the GRPO training, the following HyperParameters1015

are applied: training batch size is 32, rollout num-1016

ber is 6, training epoch is 1, actor learning rate is1017

5.0× 10−6, max input prompt length is 2048, max1018

response length is 512, and number of GPUs used1019

is 4. The reward weights ω are set the same in the1020

experiments.1021

Methods PrefEval Dataset ALOE Dataset
AVG. Vanilla. Unseen.

w/ 3 dims. 63.1% 71.3% 37.9%
w/ 6 dims. 72.5% 82.7% 54.1%
w/ 9 dims. 75.9% 84.1% 61.2%

w/ 11 dims. (Ours) 78.8% 87.5% 68.4%

Table 5: Ablation experiment on profile dimensionality,
with different numbers representing different numbers
of dimensions.

C.5 Qualitative Analysis 1022

As shown in Figure 8, it can be observed that other 1023

baselines often include some subjective assump- 1024

tions, such as the user’s age, rather than strictly 1025

following turn by turn information inference. Our 1026

method, in contrast, aligns most closely with the 1027

ground truth semantically. 1028

C.6 Sensitivity Analysis on Profile 1029

Dimensionality 1030

We conduct an ablation study on the number of 1031

dimensions in the profile. Specifically, we sequen- 1032

tially mask the last few categories of the total of 1033

11 dimensions, with the experimental results pre- 1034

sented in Table 5. Including all 11 dimensions 1035

yields the optimal performance. Given the limita- 1036

tions of the test benchmarks and the wide variety of 1037

user personalities and data in real-world scenarios, 1038

we believe it is necessary to include as many di- 1039

mensions as possible to enable dynamic expansion. 1040

D Human Annotation Metrics 1041

To evaluate the inter-rater consistency between two 1042

sets of scores S(1) = {s(1)1 , s
(1)
2 , . . . , s

(1)
n } and 1043

S(2) = {s(2)1 , s
(2)
2 , . . . , s

(2)
n }, each taking discrete 1044

values from 1 to 5, we employ Cohen’s Kappa 1045

coefficient (Cohen, 1960). This metric measures 1046

the degree of agreement between two raters while 1047

correcting for agreement expected by chance. For- 1048

mally, it is defined as: 1049

κ =
Po − Pe

1− Pe
, (8) 1050

where Po denotes the observed agreement (i.e., 1051

the proportion of instances where both raters assign 1052

the same score), and Pe represents the expected 1053

agreement assuming the two raters make ratings 1054

independently according to their marginal distri- 1055

butions. Specifically, Po and Pe can be computed 1056

as: 1057
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Po =
1

n

n∑
i=1

I(s(1)i = s
(2)
i ), (9)1058

Pe =
K∑
k=1

p
(1)
k p

(2)
k , (10)1059

where p
(1)
k and p

(2)
k are the empirical probabil-1060

ities of assigning score k by the first and second1061

rater, respectively, and K = 5 in our case. The1062

resulting coefficient κ ∈ [−1, 1], where κ = 11063

indicates perfect agreement, κ = 0 corresponds1064

to chance-level agreement, and κ < 0 suggests1065

systematic disagreement between the two raters.1066

Qualitative Analysis

Ground Truth: 

She is a graphic designer. She enjoys rollerblading. She often 
draws from the urban environment around her, especially 
when she visits art exhibitions. She enjoys weaving emotions 
into her designs. She enjoys making jewelry. She is thoughtful, 
often thinking of others. She is meticulous, caring about the 
details. She is passionate, showing strong enthusiasm.



Base:

She is a 30-40-year-old creative professional, likely in design 
or art, with a strong interest in urban exploration, nature, and 
visual storytelling. She may work in illustration, product 
design, or a related field, given her focus on design projects, 
jewelry inspiration, and artistic expression. Her lifestyle 
includes regular outdoor activities and engagement with art 
exhibitions, suggesting a balanced, active, and inspired 
routine. She appears to be single or in a stable, low-
intervention relationship, with no mention of family 
responsibilities. She is imaginative, observant, and deeply 
connected to emotions and aesthetics. She communicates with 
warmth, curiosity, and empathy, often asking thoughtful 
follow-up questions that reflect genuine interest in others' 
experiences. She values creativity, sustainability, and personal 
meaning, showing a strong sense of purpose and emotional 
intelligence. She is reflective, detail-oriented, and values 
authenticity—particularly in how art and daily life intersect. 
Her communication style is open, conversational, and 
encouraging, fostering a sense of shared discovery and mutual 
inspiration.

CoT:

A visual artist in their 20s–30s who draws inspiration from 
urban environments and art exhibitions, creating emotionally 
resonant illustrations and jewelry that blend color, movement, 
and personal stories. Reflective, creatively observant, detail-
focused, and emotionally driven, with a strong appreciation for 
sustainability, personal expression, and community-based 
learning.

ReAct:

She is a 28-35-year-old creative professional, likely in design 
or art, with a strong interest in urban exploration, nature, and 
visual storytelling. Her occupation involves illustration or 
product design, possibly with a focus on jewelry or wearable 
art. She is likely independent, possibly living in a city, with a 
modest but intentional lifestyle. She may be single or in a 
stable, supportive relationship, with no indication of family 
responsibilities. She is imaginative, observant, and deeply 
connected to emotions and aesthetics. She communicates with 
warmth, curiosity, and genuine interest in others' experiences. 
She values creativity, sustainability, and personal expression, 
and is open-minded, reflective, and inspired by both nature and 
art. She is detail-oriented, thoughtful, and values meaningful 
connections—especially those rooted in shared passions and 
personal stories.

Ours:

She works as a graphic designer. She likes rollerblading. Her 
creative inspiration frequently comes from the cityscape 
around her, particularly during her visits to art exhibitions. She 
likes to infuse emotions into her design work. She also enjoys 
crafting jewelry. She is considerate and often keeps others in 
mind. She is precise and attentive to details. She is 
enthusiastic, expressing a strong sense of passion.

Figure 8: Qualitative analysis on ALOE dataset.
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Profile Template
Basic_Information

Interests_and_Preferences






  Age


  Gender


  Birthday


  Nationality


  Ethnicity


  Languages


  Marital_Status


  Family_Structure


  Occupation


  Education_Level


  Income_Level


  Residence_Type


  Health_Condition
    Body_Type


    Medical_History


    Chronic_Diseases


    Food_Allergies


    Drug_Allergies




  Lifestyle


    Fitness


    Travel


    Entertainment


    Reading_Preference


    Diet_Habits


  Consumption


    Food_and_Beverages


    Fashion


    Digital_Products


    Home_Goods


    Automobiles


  Culture


    Music


    Movies


    Art


    Sports


    Games


  Education


    Learning_Styles


    Preferred_Mode


    Resources


  Professional


    Work_Style


    Career_Goals


  Pet


    Ownership


    Preference_Level


  Travel_Preferences


    Domestic


    International






Education_and_Learning



Personality_and_Behavior



Career_and_Finance

Marriage_and_Family

Geography_and_Environment



  Highest_Degree


  Major_Field


  Graduated_From


  Learning_Style


  Education_Mode_Preference


  Continuing_Education_Intent


  Focus_Areas






  Personality_Traits


  Values


    Price_Sensitivity


    Environmental_Consciousness


    Brand_Loyalty


  Communication_Style


  Decision_Making_Style


  Stress_Management


  Risk_Preference


  Sociability


  Innovation_Acceptance


  Goals_and_Motivations


    Learning_Improvement


    Career_Development


    Health_Management


    Family_Wellbeing









  Occupation


  Industry


  Years_of_Experience


  Job_Level


  Income_Range


  Financial_Attitudes


  Investment_Preference









  Marital_Status


  Children


  Family_Structure


  Family_Background


  Family_Role






  Current_Residence


  Registered_Permanent_Residence


  Workplace


  Frequent_Cities


  Preferred_Transportation


  Housing_Type


  Neighborhood_Type


Consumption_and_Lifestyle



Digital_Behavior



Social_and_Network



Scenario_Features



  Shopping_Preference


  Spending_Power


  Preferred_Brands


  Payment_Preference


  Health_Habits


  Leisure_Activities


  Dining_Patterns






  Browsing_Habits


  Search_Keywords


  Common_Devices


  Operating_Systems


  Frequently_Used_Apps


  Social_Media_Usage


    Frequency


    Platforms


    Influence_Level


  Online_Shopping_Frequency


  Information_Sources






  Social_Circles


    Family


    Friends


    Colleagues


    Interest_Communities


  Social_Influence


    Followers


    Engagement_Level


    Topic_Influence


  Relationship_Strength


    Strong_Ties


    Weak_Ties






  Time_Dimension


    Weekday_Habits


    Weekend_Habits


    Chronotype


    Holiday_Behavior


  Geographical_Dimension


    Residence


    Workplace


    Frequented_Business_Areas


    Travel_Cities


  Touchpoints


    Shopping


    Healthcare


    Education


    Entertainment



Figure 9: The blue text denotes the 11 major categories in the profile template, each further subdivided into multiple
subcategories and sub-subcategories, comprehensively covering the types of information used to describe individual
users. This profile also supports future extensions and can dynamically update alongside the user.
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Hey there! How's your day going? I just finished watering my garden. it's such a nice break from the 
usual chaos of work. What about you?

Hi there! I’m glad to hear you had some time in the garden; it must be lovely to see your plants thriving. 
Gardening really is a wonderful way to unwind from the daily hustle. What do you enjoy growing the 
most?

I have a mix of flowers and vegetables, roses, sunflowers, and some tomatoes. Gardening really brings me 
peace. Do you have any hobbies you enjoy?

Your garden sounds lovely! I enjoy reading and exploring new recipes; they both bring me a lot of joy. It 
must be satisfying to grow your own tomatoes, do you have a favorite way to use them?

Absolutely! I love using them in a fresh salad or making a homemade marinara sauce. Nothing beats that 
fresh flavor! Do you have a favorite recipe you've tried recently?

That sounds delicious! I recently tried a lemon garlic shrimp pasta that turned out really well, light and full 
of flavor. Fresh ingredients make all the difference!

That sounds amazing! I love dishes that highlight fresh ingredients. Do you cook often, or was this a 
special occasion?

I try to cook often, especially during the weekends when I have more time. It’s a fun way to unwind after a 
busy week and experiment with new flavors. Plus, I love making meals to share with my son when he 
visits!

That sounds wonderful! Sharing meals makes cooking even more enjoyable. I have a son too, he's really 
busy with his work, but I cherish those moments when he visits.

Absolutely, those moments are so special! It's great that you both make time for each other despite the 
busyness. Do you have a favorite dish you like to prepare when he’s home?

Yes, I love making his favorite lasagna! It’s a bit of a process, but the smiles make it worth it. What 
about you? Do you have a go-to dish for your son?

Lasagna is such a comforting choice! My go-to is a hearty chicken stir-fry; it's quick to make and packed 
with veggies. Plus, he loves it when I toss in some extra spices for flavor!

A chicken stir-fry sounds delicious and healthy! I love adding spices too; they can really elevate a dish. Do 
you enjoy experimenting with different cuisines?

Absolutely, I love exploring different cuisines! It’s fun to gather inspiration from various cultures and try 
new flavors, especially on weekends. Do you have a favorite cuisine you like to cook or enjoy?

I really enjoy Italian cuisine. it feels like a warm hug! The flavors and variety of dishes are so comforting. I 
also appreciate trying out new recipes from other cultures; it’s a great way to keep meals exciting!

I completely understand that warmth in Italian cuisine! It really has a way of bringing comfort and joy to 
the table. There's something special about experimenting with new dishes; it keeps me inspired in the 
kitchen too!

Definitely! Cooking is such a creative outlet. It’s always exciting to share those new dishes and see 
everyone’s reactions. What’s the most memorable dish you’ve made recently?

I recently made a Moroccan-inspired chickpea stew, and it was such a hit! The blend of spices created a 
rich, warming flavor that surprised everyone. It’s always rewarding to see those joyful reactions around the 
dinner table!

That sounds fantastic! Moroccan flavors are so vibrant and comforting. It must have been satisfying to see 
everyone enjoy it’those moments really make cooking worth it!

Absolutely, it's one of the best parts of cooking! Sharing a meal and seeing others enjoy it makes all the 
effort worthwhile. Do you have a recent dish that sparked a great reaction from your family?

Inferred Profile

She is a 50-year-old 
elementary school teacher 
who enjoys gardening.

Inferred Personality

She is open-minded, 
receptive to new ideas.

Inferred Personality

She is warm-hearted, often 
going out of her way to make 
others feel comfortable.

Inferred Profile

She has a son who is busy 
with work.

Figure 10: An example case from the ALOE benchmark. Each case consists of ten rounds of user–agent dialogue.
On the right, we annotate the personality and profile information that can be inferred from the dialogue, with the
corresponding spans highlighted in bold in the original text.
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Preference: I have a strong aversion to digital or online learning environments and prefer traditional, in-person classroom settings. 

Question: I'm considering taking a course in data analytics. What would you recommend for me?

Persona: a retired postal worker enjoying his golden years

Hello! It's great that you're looking to explore new hobbies in retirement. There are many options suitable for retirees. Have you considered 
activities like gardening, woodworking, or joining a local book club? These can be enjoyable and social ways to spend your time. What kind 
of activities did you enjoy before retirement?

Hello there! I've been thinking about taking up a new hobby now that I'm retired from the postal service. Any suggestions for an old-timer 
like me?

I understand your interest in hands-on activities like woodworking. Many community centers and local hardware stores offer in-person 
woodworking classes for beginners. These workshops can be a great way to learn new skills and meet people with similar interests. Have you 
checked with your local community center or nearby woodworking shops for upcoming classes? They often have schedules posted or can 
provide information about beginner-friendly workshops. 

I've always enjoyed working with my hands, so woodworking sounds interesting. Are there any local classes or workshops you know of? I 
usually prefer in-person learning over online stuff - can't stand those digital courses everyone's talking about these days.

Stamp collecting, or philately, is indeed still a popular hobby, especially among those with an interest in history and postal services. Given 
your background as a postal worker, you might find it particularly fascinating. Many collectors enjoy the hunt for rare stamps, learning about 
different countries and cultures through their postal history, and the meticulous nature of organizing a collection. Have you kept any 
interesting stamps from your time working at the post office?

That's a good idea. I'll give the community center a call tomorrow. Speaking of my postal days, I've been thinking about collecting stamps. Is 
that still a popular hobby?

Starting a stamp collection can be an exciting journey! To begin, you could visit your local post office and ask about their current stamp 
selections. Many post offices sell commemorative stamps that make great additions to a collection. You might also consider joining a local 
stamp collecting club - they often have meetings where members trade stamps and share knowledge. Additionally, stamp shows and 
exhibitions can be excellent places to find rare stamps and meet fellow enthusiasts. Is there a particular theme or country you'd be interested 
in focusing on for your collection?

That's a good idea. I'll give the community center a call tomorrow. Speaking of my postal days, I've been thinking about collecting stamps. Is 
that still a popular hobby?

Starting a stamp collection can be an exciting journey! To begin, you could visit your local post office and ask about their current stamp 
selections. Many post offices sell commemorative stamps that make great additions to a collection. You might also consider joining a local 
stamp collecting club - they often have meetings where members trade stamps and share knowledge. Additionally, stamp shows and 
exhibitions can be excellent places to find rare stamps and meet fellow enthusiasts. Is there a particular theme or country you'd be interested 
in focusing on for your collection?

I wish I had! But I do remember some of the unique stamps that came through over the years. How would I go about starting a collection 
now?

Focusing on American stamps is a great choice given your background! There are several excellent resources for learning about stamp 
collecting, particularly for U.S. stamps. The Scott Specialized Catalogue of United States Stamps and Covers is considered a must-have 
reference for American stamp collectors. The American Philatelic Society also offers numerous publications and online resources. Your local 
library might have books on stamp collecting basics. Additionally, many collectors find joining a stamp club invaluable for learning from 
experienced collectors. Have you considered reaching out to any local philatelic societies to see if they have meetings or events you could 
attend?

I think I'd like to focus on American stamps, given my career. Are there any good books or resources you'd recommend for learning more 
about stamp collecting?

You're welcome! I'm glad I could help. Joining a local club is an excellent way to immerse yourself in the hobby and learn from experienced 
collectors. The social aspect of stamp collecting can be just as rewarding as the collecting itself. As you begin your journey into philately, 
remember to take your time and enjoy the process of learning and discovering. If you have any more questions as you get started with your 
collection, don't hesitate to ask. Good luck with your new hobby, and enjoy this exciting chapter of your retirement!

That's a good suggestion. I'll look into local clubs and check out those resources. It'll be nice to connect with other collectors and learn from 
them in person. Thanks for all your help!

Figure 11: An example case from the PrefEval benchmark. Each case contains user preferences that can be inferred
from the dialogue. The benchmark evaluates whether the agent can accurately infer these preferences and generate
ideal responses to the questions accordingly. In addition, irrelevant dialogues are inserted to further assess the
agent’s ability to maintain long-term consistency.
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Profile and Personality: She is a 34-year-old freelance graphic designer who enjoys hiking, yoga, and painting. She is vegan, spicy-food 
lover and loves experimenting with new recipes. She loves travel around the world, especially enjoys natural scenery. She lives in a small 
apartment in the city with two cats named Pixel and Scribble. She is independent, capable of working alone. She is empathetic, 
understanding and sharing others’ feelings. She is methodical, working in an orderly way. She is enthusiastic, full of energy and passion. She 
is articulate, expressing ideas clearly. She is versatile, adapting to different roles. She is reliable, consistently dependable. She is reflective, 
thinking deeply about things. 

Hey there! How’s your day going? I just got back from a hike and I'm feeling pretty energized! Do you enjoy spending time outdoors?

Hey! That sounds awesome—hiking is such a great way to recharge. I love the outdoors too; being in nature is always refreshing. What trail 
did you explore?

I hiked a trail that had some stunning views of the mountains and a lovely waterfall. It was the perfect escape! Do you have a favorite 
outdoor spot?

Wow, that sounds breathtaking! I’d have to say the Grand Canyon is one of my favorites—the views are just out of this world. Do you have 
any other hikes on your bucket list?

The Grand Canyon is incredible! I’d love to hike in the Alps one day; the scenery there is stunning. What’s the most memorable hike you’ve 
ever done? 

The Alps would be amazing! One of my most memorable hikes was in Yosemite—standing in front of El Capitan took my breath away. Have 
you done any challenging hikes yet?

Yosemite sounds incredible! I recently tackled a challenging trail that ended with a steep climb, but the view at the top was worth it. How do 
you usually prepare for a tough hike?

That sounds exhilarating! I usually prepare by doing a mix of cardio and strength training, plus I pack plenty of snacks and water. What’s 
your favorite hiking snack for those tough climbs?

······
That combo sounds delicious! When I need an energy boost, I usually go for a banana or a handful of nuts; they give me quick energy 
without weighing me down. Do you have a favorite snack that you rely on for long hikes?

Bananas and nuts are perfect for quick energy! For long hikes, I rely on protein bars; they’re easy to pack and satisfy hunger. Do you prefer 
to snack while you hike, or do you wait until you reach a view? 

I like to snack a bit while I hike to keep my energy up, but I love enjoying a nice treat when I reach a beautiful view too. It feels like a reward 
for the climb! Do you have a favorite spot where you like to take a snack break?

Snacking at a beautiful view is such a rewarding moment! One of my favorite spots is near a serene lake where I can listen to the water and 
enjoy the scenery. Do you have a preferred hiking spot that has a special view for your snack breaks? 

Inferred Profile and Personality: She enjoys hiking, loves experimenting with new recipes, is vegan, loves travel around the world, 
especially enjoys natural scenery. She is enthusiastic, full of energy and passion. She is empathetic, understanding and sharing others' 
feelings. 

Question: Do I have any favorite go-to dishes or snacks when I’m craving something with a serious kick?

Preference: Spicy-food lover

Explanation: Given that the User is a spicy-food lover, the assistant should focus on recommending dishes and snacks known for their bold, 
intense heat levels. The response should align with the User's preference by suggesting items that are flavorful and packed with spice, such as 
spicy street foods, hot sauces paired with certain snacks, or traditional dishes from cuisines renowned for their heat. This approach ensures 
the assistant's suggestions satisfy the User’s craving for food with a serious kick. 

Figure 12: An example case from the proposed ALOE-Unseen benchmark. Each case contains a multi-turn dialogue
between the user and the agent. The overall structure follows that of ALOE, but we additionally incorporate the user
cold-start scenario (highlighted in the red box) and further introduce explanations of well-aligned behaviors for the
policy-based judge.
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