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Abstract001

Large Language Models have demonstrated002
remarkable capabilities in open-domain dia-003
logues. However, their performance in ser-004
vice dialogues remains suboptimal, as these005
require agents to guide users toward specific006
business objectives while dynamically tracking007
states and adapting strategies. This gap stems008
from the scarcity of high-quality training data009
and the difficulty in simulating authentic, goal-010
oriented user behaviors. We propose SEAD011
(Self-Evolving Agent for Service Dialogue), a012
framework that enables agents to learn effective013
strategies without large-scale human annota-014
tions. SEAD decouples user modeling into two015
components: a Profile Controller that generates016
diverse user states to manage training curricu-017
lum, and a User Role-play Model that focuses018
on realistic role-playing. This design ensures019
the environment provides adaptive training sce-020
narios rather than acting as an unfair adversary.021
Experiments demonstrate that SEAD signifi-022
cantly outperforms Open-source Foundation023
Models and Closed-source Commercial Mod-024
els, improving task completion rate by 17.6%025
and dialogue efficiency by 11.1%. All code and026
resources will be open-sourced.027

1 Introduction028

Large Language Models (LLMs) have revolu-029

tionized dialogue systems across customer ser-030

vice, healthcare, and education (Kar et al., 2023).031

However, training robust goal-oriented dialogue032

agents—LLMs designed to guide users toward033

completing specific tasks—remains bottlenecked034

by scarce, expensive, and low-quality conversa-035

tional data (Hosseini-Asl et al., 2020). In multi-turn036

service dialogue, agents must dynamically track037

user states and adapt strategies across extended038

interactions. Human logs from outbound call ser-039

vices (where agents proactively contact potential040

customers to promote products or services) exem-041

plify these challenges (Qian et al., 2022): agents ex-042
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Figure 1: Comparison of training paradigms. (a) Static
data methods are constrained by data quality ceiling.
(b) Traditional interactive simulators cannot perceive
agent capability and lack realistic behaviors. (c) SEAD
achieves balanced co-evolution through decomposed
user modeling and adaptive difficulty control.

hibit inconsistent behaviors requiring costly screen- 043

ing; cleaned data exhibits severe distribution skew; 044

data quality is fundamentally capped by the capa- 045

bilities of the original human agents who produced 046

these conversations. 047

To solve data quality issues, prior works have 048

explored synthetic data and user simulation as al- 049

ternatives. Static synthesis approaches (Li et al., 050

2025; Ou et al., 2024; Wang et al., 2026) gener- 051

ate fixed datasets from predefined scenarios but 052

cannot capture dynamic conversations where users 053

react to agent behavior. Interactive simulation at- 054

tempts typically employ LLMs to dynamically gen- 055

erate user responses during agent training (Sekulić 056

et al., 2024; Zhu et al., 2025), but face critical 057

limitations: without perceiving the agent’s current 058

capability level, simulators either generate overly 059

challenging scenarios that frustrate learning (too 060

strong) or overly simple scenarios that provide in- 061

sufficient training signal (too weak), both yield- 062

ing suboptimal training outcomes. Additionally, 063

existing simulators exhibit overly perfect styles 064

(Lin and Tomlin, 2025), lacking real users’ at- 065

tention lapses, linguistic noise, and irrationality 066
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(Takanobu et al., 2020). Most critically, both fixed067

datasets and non-adaptive simulators fail to provide068

curriculum-based training that adjusts difficulty as069

the agent improves, limiting their effectiveness for070

complex multi-turn service dialogues requiring co-071

herent long-term interactions.072

Recent advances in self-evolution offer promis-073

ing zero-data solutions for data-scarce business sce-074

narios. These self-evolving methods(Chen et al.,075

2024; Zhao et al., 2025) employ self-play strate-076

gies where models generate both questions and077

corresponding answers, eliminating dependence078

on expensive expert-annotated data (Silver et al.,079

2017; Vinyals et al., 2019). However, applying080

these methods to service dialogues faces critical081

challenges. As shown in Figure 1, first, unfair ad-082

versarial game: in the service dialogue scenario,083

User Role-play Models can arbitrarily control out-084

comes, breaking the causal link between agent ac-085

tions and task success. For example, simulators086

may reject agents regardless of response quality087

or accept based on turn count rather than persua-088

sion effectiveness. Second, real users are highly089

diverse: without additional mechanisms, user be-090

haviors easily fall into repetitive patterns.091

To address these challenges, we propose SEAD092

(Self-Evolving Agent for Dialogue), the first self-093

evolving framework for multi-turn service dia-094

logues. SEAD requires no large-scale annotated095

dialogue data, only user profiles and standard op-096

erating procedures as inputs. To avoid the unfair097

adversarial game where User Role-play Models ar-098

bitrarily control outcomes, we decompose the user099

side into two components: a profile generator that100

samples initial user states, and a role-play model101

that simulates responses. Crucially, only the pro-102

file generator participates in adversarial training by103

setting initial conditions. This design transforms104

participation into a betting game, where the user105

side must genuinely consider agent capability to106

identify the golden training scenarios where agents107

can succeed approximately half the time, enabling108

genuine adversarial learning. To maintain user di-109

versity, the profile generator employs automated110

random sampling and consistency checks to ensure111

scenario diversity and authenticity.112

We validate SEAD in outbound call services.113

Specially, to ensure profile reliability, we extract114

anonymized behavior patterns from over 100k real115

enterprise dialogues. By enumerating 5 coopera-116

tion levels, 4 emotion levels, and 6 trust levels, we117

construct 120 initial user state combinations, eval-118

uated through multi-level metrics. Experiments 119

show SEAD significantly outperforms baselines 120

using foundation models or large APIs. Small mod- 121

els trained via SEAD achieve superior performance 122

while drastically reducing costs. Notably, SEAD 123

remains effective in data-scarce domains, enabling 124

rapid deployment. 125

Our main contributions include: 126

• We propose the first self-evolving framework 127

for multi-turn service dialogues that requires 128

no large-scale annotated dialogue data. 129

• We design a decomposed user modeling mech- 130

anism that transforms participation into a bet- 131

ting game, forcing the user side to identify 132

golden training scenarios and enabling gen- 133

uine adversarial learning. 134

• We design a user scenario generation mecha- 135

nism based on anonymized behavior patterns 136

extracted from over 100k real dialogues, en- 137

suring diversity, authenticity, and adaptive dif- 138

ficulty. 139

• Experiments show that SEAD achieves supe- 140

rior performance with significantly smaller 141

model size: better at guiding users toward 142

goals, more efficient in conversation flow, 143

stronger in understanding user states, and 144

more realistic in simulating authentic user be- 145

haviors, all without requiring large-scale an- 146

notated dialogue data. 147

2 Related Works 148

Task-oriented Dialogue. Task-oriented Dia- 149

logue systems are essential for managing com- 150

plex inquiries in domains like e-commerce (Deng 151

et al., 2024, 2025). While traditional neural mod- 152

els (Vinyals and Le, 2015; Wen et al., 2015; Shang 153

et al., 2015; Li et al., 2016a) and early user sim- 154

ulations (Li et al., 2016b; Lewis et al., 2017; Wei 155

et al., 2018) laid the groundwork, they face architec- 156

tural limitations. Recent LLM-based approaches 157

predominantly rely on static fine-tuning (Li et al., 158

2025; Ou et al., 2024; Zhu et al., 2025; Bernard 159

and Balog, 2023), sometimes augmented by re- 160

trieval (Xu et al., 2024), multimodal inputs (Wang 161

et al., 2025a; Gong et al., 2025), or reinforcement 162

learning (Peiyuan et al., 2024). However, these 163

methods often incur high annotation costs and lack 164

real-world nuance. In contrast, SEAD introduces 165

a fully dynamic user-agent interaction paradigm, 166
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bypassing data synthesis overhead to significantly167

enhance performance in complex scenarios.168

Self-evolving Agents. Self-evolution leverages169

iterative generation and refinement with minimal170

supervision (Tesauro et al., 1995; Silver et al.,171

2017; FAIR et al., 2022). In LLMs, early works172

utilized self-rewarding mechanisms (Chen et al.,173

2024; Yuan et al., 2024), evolving into "Coder-174

Tester" frameworks for verifiable domains like code175

generation (Lin et al., 2025; Wang et al., 2025b;176

Pourcel et al., 2025). Recent research has expanded177

this scope (Zhao et al., 2025; Huang et al., 2025;178

Sun et al., 2025), incorporating external environ-179

ments and curated data to enhance evolution (Liu180

et al., 2025; Xia et al., 2025; Zhai et al., 2025).181

Distinctively, SEAD drives the self-evolution of a182

user role-play model and a customer service agent183

within a realistic environment, realizing genuine184

adversarial learning for complex multi-turn interac-185

tions.186

3 Methodology187

Service dialogue faces severe data scarcity, mak-188

ing self-evolving frameworks a promising solution.189

However, unlike objective tasks where correctness190

is verifiable, service dialogue outcomes are entirely191

subjective—users can arbitrarily control results re-192

gardless of agent quality, creating an unfair adver-193

sarial game. To resolve this, SEAD decouples user194

modeling into two components: a Profile Controller195

that samples initial states and participates in adver-196

sarial training, and a User Role-Play Model that197

focuses on realistic simulation without controlling198

outcomes. This design guides the Profile Controller199

to identify golden training scenarios (agent success200

rate ∼50%) through initial state selection rather201

than mid-dialogue manipulation. Figure 3 illus-202

trates the complete framework with five training203

phases. We first formalize the problem and define204

notations, then detail the framework components205

and training process.206

3.1 Problem Formulation and Framework207

Components208

We aim to train a service agent that maximizes209

the reward R, measuring task completion and user210

satisfaction. Figure 2 illustrates our framework.211

First, the profile generator πg samples initial user212

states s0 ∼ pθ(s0) to create diverse user profiles,213

where pθ denotes the parameterized state distri-214

bution. Then, the user role-play model πu en-215
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Diverse User Profiles Realistic Behavior Learn & Respond
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Multi-Turn Dialogue

Adjust 
Difficulty

Performance

How to Design
Challenging 
Scenarios for the 
Service Agent?

How to Act Like
a Real User?

How to 
Effectively 
Persuade the 
User?

Easy HardChallenging

❓

🤔

🤝

💡

🙏

Figure 2: SEAD Framework Overview. SEAD consists
of three components: (1) Profile Generator first cre-
ates diverse user profiles, then the (2) User Role-Play
Model enacts these users to interact with the (3) Ser-
vice Agent, training agents to adapt to any user. Finally,
these dialogue data reflecting service agent capability
returns to the Profile Controller, and initiates the next
evolving loop.

acts this user to interact with the service agent πa 216

through multi-turn dialogues. We model multi- 217

turn service dialogue as a sequential decision pro- 218

cess. At each turn t, the agent observes dialogue 219

history ht = {u1, a1, . . . , ut} and generates re- 220

sponse at, where user response ut and agent ac- 221

tion at alternate. The agent maintains state es- 222

timate ŝt to guide action selection, maximizing 223

cumulative reward R =
∑T

t=1 rt. User state 224

st = (ct, et, trt) represents cooperation ct, emo- 225

tion et, and trust trt, which evolve based on agent 226

behavior. User profile p0 = (c0, e0, tr0,B) defines 227

initial state and behavior set B, sampled from be- 228

havior library L (Appendix C). Dialogue trajectory 229

is τ = (p0, u1, a1, s1, . . . , uT , aT , sT , outcome). 230

The role-play model generates ut based on p0 and 231

ht, autonomously updating states. Its responses are 232

determined by internal logic, ensuring outcomes 233

depend on agent capability. Since the user side is 234

naturally powerful, we only train the service agent 235

to maintain ŝt and select at. Next, we detail the 236

self-evolving training loop. 237

3.2 Self-Evolving Training Loop 238

Figure 3 presents the complete self-evolving train- 239

ing loop through five interconnected phases alter- 240

nating between online agent optimization and adap- 241

tive difficulty adjustment. 242

Phase 1: Diverse User Profile Sampling. The 243

profile generator samples a batch of B initial pro- 244

files {p(i)0 }Bi=1 based on performance history H, 245

which records completion rates for each state com- 246

bination (c, e, tr). In the first iteration, the genera- 247

tor performs random sampling to generate diverse 248
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Figure 3: SEAD Co-evolutionary Training Loop. The controller samples initial states (Phase 1), which initialize
dialogues producing trajectories (Phase 2), used to train the agent with rewards R = Rtask + λ1Rstate (Phase 3) and
compute completion rates (Phase 4), which feedback to adjust sampling distributions, closing the co-evolutionary
loop.

profiles p0 = (c0, e0, tr0,B), where B is randomly249

sampled user profiles in the library L (as detailed in250

Appendix. C). In subsequent iterations, the genera-251

tor employs statistics-driven sampling: prioritizing252

profiles with moderate difficulty where completion253

rates are close to 0.5, with sampling probability:254

pθ(p0|H) ∝ 1− |CR− 0.5|. (1)255

The profile generator validates profile consistency256

and performs deduplication to prevent redundancy,257

ensuring diverse and high-quality profiles (details258

are in Appendix B).259

Phase 2: Multi-Turn Dialogue. Unlike prior260

static pre-collected dialogue full-filling approaches,261

SEAD enables dynamic multi-turn interactions be-262

tween agents and simulated users. Each profile263

from Phase 1 starts a new conversation. The agent264

responds while keeping track of how the user feels,265

and the user reacts based on what the agent says266

and how the conversation is going. This back-and-267

forth creates diverse dialogues and shows how mis-268

takes can pile up over multiple turns, just like in269

real customer service calls. We collect these com-270

plete conversations along with whether the task271

succeeded or failed.272

Phase 3: Task Strategy Optimization. After273

each multi-turn dialugue in Phase 2, the collected274

trajectories will be feed into online training. We275

optimize the Service Agent through conversation276

results, assigning higher rewards to trajectories that277

exhibit superior goal completion task reward Rtask278

and user state (cooperation, emotion, and trust)279

improvement reward Rstate:280

R(i) = R
(i)
task + λ1R

(i)
state (2)281

where λ1 is the weight for state improvement re- 282

ward, and state improvement is the normalized av- 283

erage of states changes: 284

Rstate =
1

3

(
cT − c0
cmax

+
eT − e0
emax

+
trT − tr0
trmax

)
(3) 285

Using Group Relative Policy Optimization (GRPO, 286

elaborated in the following Section 3.3), we update 287

agent parameters θa to maximize expected rewards. 288

Phase 4: Mistake Analysis and Self-Evolving 289

Loop. Unlike prior works that discard failed tra- 290

jectories, we exploit them to guide evolution. First, 291

we conduct a statistical Mistake Analysis on dia- 292

logue history (details in Appendix B). Similar to 293

a teacher analyzing exam scores to create targeted 294

questions, this analysis generates a detailed report 295

identifying user profiles where the model excels or 296

struggles. We categorize parameter configurations 297

into too easy (CR > 0.6), too difficult (CR < 0.4), 298

and ideal (CR ∈ [0.4, 0.6]). This report is fed back 299

to Phase 1, where the Profile Generator analyzes 300

parameter coupling to synthesize high-value, chal- 301

lenging profiles. As the agent improves, the “ideal” 302

difficulty window naturally shifts, driving a con- 303

tinuous evolving loop that progressively escalates 304

training complexity. 305

3.3 Traning Optimization 306

Note that the User Role-play Model naturally dom- 307

inates task-oriented dialogues and can arbitrarily 308

determine outcomes. Without training, User Role- 309

play Model (URM) already exhibits realistic be- 310

haviors (Section 4.6). However, training URM de- 311

grades role-play quality, as URM will force success 312
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rates around 50% by directly accepting or rejecting313

regardless of agent performance, collapsing into ex-314

treme responses that ignore agent strategies. There-315

fore, we optimize only the service agent, which316

prevents the simulator from prioritizing adversarial317

outcomes over realistic role-play while reducing318

GPU memory by 50%. To train the Service Agent,319

we employ GRPO (Shao et al., 2024). This method320

eliminates the need for a separate value network,321

significantly reducing computational resource re-322

quirements. Training computes advantages relative323

to batch average:324

A(i) = R(i) − 1

B

∑
j

R(j) (4)325

where A(i) is the advantage for trajectory i, R(i) is326

its reward, and B is batch size. The policy is then327

updated via gradient:328

∇θaL = Eτ∼πa [A∇θa log πa(a|h)] (5)329

where θa denotes agent parameters, πa(a|h) is the330

policy distribution over actions a given history h,331

and τ represents trajectories sampled from the cur-332

rent policy.333

3.4 User State Space Design334

Our scenario is outbound call service, where user335

profiles are extracted from real enterprise dialogues.336

To ensure academic integrity while protecting pri-337

vacy, we anonymize sensitive information from338

over 100k real customer service calls. We identify339

common behavior patterns such as questioning AI340

identity, expressing cost concerns, and showing at-341

tention lapses, which are randomly injected during342

training (Appendix C).343

Static Initial States. Each user starts with an344

initial profile p0 containing three dimensions: co-345

operation c (willingness to cooperate), emotion e346

(emotional state), and trust tr (trust in the agent).347

By enumerating all combinations, we construct348

N = clevels×elevels× trlevels initial states, covering349

a spectrum from highly resistant to fully coopera-350

tive users.351

Dynamic State Evolution. User states evolve352

autonomously during conversations based on agent353

performance. The role-play model adjusts states dy-354

namically: effective responses improve user states,355

while poor interactions degrade them. This evo-356

lution reflects the agent’s interaction quality and357

serves as the basis for reward computation, simu-358

lating natural user reactions and ensuring training359

realism.360

4 Experiments 361

4.1 Task Setting 362

We evaluate SEAD in the outbound call service 363

domain, specifically focusing on restaurant service 364

promotion tasks. The goal is for agents to success- 365

fully convince restaurant owners to participate in 366

promotional activities. This task requires agents to 367

handle diverse user reactions, build trust, address 368

concerns, and maintain engagement across multi- 369

ple turns. Detailed task descriptions and SOPs are 370

provided in Appendix A.1. Critically, our setting 371

requires no dialogue data. Training only needs: 372

(1) Standard Operating Procedures (SOP) defining 373

dialogue flow; (2) task objective description; (3) 374

user profile. Agents autonomously explore optimal 375

strategies through environment interaction, elimi- 376

nating dependence on large-scale annotated data. 377

This enables SEAD to rapidly deploy in data-scarce 378

new domains and discover effective strategies be- 379

yond existing data distributions. 380

4.2 Implementation Details 381

All components use Qwen2.5-14B-Instruct. The 382

code is implemented based on the VeRL frame- 383

work with batch size B = 384 and learning rate 384

α = 1 × 10−6. Dialogues terminate when users 385

agree (success), refuse (failure), or reach maximum 386

turns Tmax = 15. The state space consists of co- 387

operation c ∈ [0, 4] (5 levels), emotion e ∈ [0, 3] 388

(4 levels), and trust tr ∈ [0, 5] (6 levels), yielding 389

120 initial states. Each state combination randomly 390

samples at most Nmax = 200 behavior combina- 391

tions to ensure diversity. All experiments run on 8 392

NVIDIA A100 80GB GPUs with decoupled archi- 393

tecture—profile controller, User Role-play Model, 394

and service agent never occupy memory simultane- 395

ously, reducing peak memory requirements. 396

4.3 Evaluation Metrics 397

Service Agent Metrics. We evaluate agent perfor- 398

mance using: Completion Rate (CR), percentage 399

of dialogues where users actually agreed; Average 400

Turns to Target (ATT), average dialogue length 401

for successful cases (lower is better); User Por- 402

trait Accuracy (UPA), accuracy of predicting user 403

states (cooperation, emotion, trust), computed as 404

UPA = 1−MAE/4.0 where MAE measures pre- 405

diction errors; Emotion/Trust/Cooperation Im- 406

provement (EI/TI/CI), average state changes from 407

initial to final state; and Total Cost: Cumulative 408
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Method Params CR (%) ATT ↓ UPA EI TI CI Total Cost
(CNY)

Foundation Models
Qwen2.5-14B-Instruct 14B 38.7 10.5±2.1 0.883±0.085 0.34±1.11 0.68±1.53 0.63±1.58 0.00
Qwen2.5-32B-Instruct 32B 38.3 9.9±2.15 0.899±0.068 -0.11±0.54 0.76±0.91 2.25±1.15 0.00
Qwen2.5-72B-Instruct 72B 39.0 9.6±2.18 0.818±0.144 0.51±1.32 1.06±1.72 1.18±1.59 0.00

Large Model APIs
GPT-4o – 44.2 10.8±2.1 0.867±0.117 0.04±0.97 0.97±1.29 1.34±1.42 727.28
DeepSeek-Chat 671B 31.6 11.3±2.1 0.863±0.084 -0.20±0.97 0.27±1.24 0.76±1.50 87.36
Qwen3-235B 235B 32.3 10.4±2.5 0.765±0.170 -0.24±0.83 0.80±1.14 1.54±1.50 69.36
LongCat-Flash 560B 42.2 10.0±2.31 0.925±0.079 0.28±1.15 1.33±1.57 1.56±1.46 23.08

SEAD (Ours) 14B 52.0 9.6±2.09 0.912±0.071 0.63±1.12 1.57±1.51 1.55±1.39 0.00

Table 1: Main results comparison. Params: Model parameters (B=billion, "–" indicates undisclosed or not
applicable). CR: Completion Rate. ATT: Average Turns to Target. UPA: User Portrait Accuracy. EI/TI/CI:
Emotion/Trust/Cooperation Improvement. Total Cost: Total inference cost for 1000 multi-turn samples. Best results
in bold. Standard deviations shown as superscripts where available.

inference cost in CNY for 1000 multi-turn dialogue409

samples (API-based models only).410

User Role-play Model Metrics. To validate411

that our simulator influences success rates based412

on agent quality, we establish a rubric mixing per-413

fect human agent dialogues, SEAD-trained agents,414

and low-quality agent dialogues. We evaluate five415

dimensions using GPT-5.1 with few-shot human an-416

notations (prompts in Appendix A.1):Humanness417

/ Emotion / Trust / Cooperation (5=human-like,418

1=robotic) and Violation (0=smooth, 5=severe). In419

real scenarios, most users exhibit minimal noise420

(score 1: hesitation, pauses) rather than severe vio-421

lations; our simulator achieves 1.15, matching real422

behavior.423

4.4 Baselines424

We compare SEAD against two categories of strong425

baselines: Foundation Models. We evaluate three426

sizes of Qwen2.5-Instruct models (14B, 32B, 72B427

parameters) using carefully designed prompts that428

include task descriptions and standard operating429

procedures. These models represent the zero-430

shot/few-shot capabilities of state-of-the-art open-431

source language models without task-specific train-432

ing.433

Large Model APIs. We compare against434

four commercial closed-source models: GPT-4o,435

DeepSeek-Chat, Qwen3-235B, and LongCat-436

Flash. All API methods use carefully engineered437

prompts optimized for dialogue tasks.438

We do not compare with Supervised Fine-Tuning439

(SFT) methods due to the lack of available data and440

the prohibitive cost of manual annotation. Gener-441

ally, SFT methods are upper-bounded by data qual-442

ity and exhibit poor generalization. Our approach 443

eliminates this dependency and handles diverse sce- 444

narios effectively. 445

4.5 Main Results 446

Table 1 presents the main experimental results. Our 447

method achieves the highest service dialogue com- 448

pletion rate of 52.0% using only a 14B parame- 449

ter model, outperforming the second-best baseline 450

GPT-4o by 17.6% (52.0% vs. 44.2%) and im- 451

proving over the pre-training 14B model by 34.4% 452

(52.0% vs. 38.7%). SEAD also achieves the lowest 453

Average Turns to Target (ATT) of 9.6, demonstrat- 454

ing superior dialogue efficiency in completing tasks 455

more concisely. 456

For user state tracking metrics, SEAD outper- 457

forms most baselines and achieves competitive 458

performance with LongCat-Flash, the dialogue- 459

specific model with 40× more parameters and ex- 460

tensive pre-training on service dialogue scenarios. 461

While LongCat-Flash obtains the highest User Por- 462

trait Accuracy (0.925 vs. 0.912), SEAD demon- 463

strates comparable results across emotional im- 464

provement indicators. Specifically, SEAD achieves 465

competitive scores on EI (0.63 vs. 0.28), TI (1.57 466

vs. 1.33), and CI (1.55 vs. 1.56), with SEAD ac- 467

tually leading on EI and showing near-identical 468

performance on CI. This demonstrates that our self- 469

evolution approach with adaptive curriculum learn- 470

ing enables a compact 14B model to match the 471

user understanding capabilities of a 560B dialogue- 472

specialized model, while requiring zero annotated 473

dialogue data and maintaining superior task com- 474

pletion performance. 475
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Metric Mean Std Quality

Humanness 4.67/5 0.48 Near-perfect
Emotion 4.77/5 0.52 Highly human-like
Trust 4.81/5 0.45 Highly human-like
Cooperation 4.77/5 0.63 Highly human-like
Violation 1.15/5 0.90 Human-like Behaviour

Table 2: User Role-play Model quality. Higher human-
ness scores indicate more realistic simulation; lower
violation scores indicate cleaner communication. All
humanness metrics near-perfect (>4.5/5).

4.6 User Role-Play Model Performance476

Table 2 validates our user role-play model’s re-477

alism and diversity. All humanness metrics ex-478

ceed 4.5/5 with low standard deviations, demon-479

strating highly realistic and reliable behavior that480

mirrors real-world interactions. The violation score481

of 1.15/5 reflects authentic communication patterns482

with natural hesitation rather than artificial cleanli-483

ness or severe disruptions. The Profile Controller484

successfully generates diverse users from cooper-485

ative to skeptical, capturing heterogeneity essen-486

tial for robust training. Crucially, consistent high487

scores across three agent quality tiers—perfect hu-488

man agents, SEAD (trained agents, and low-quality489

agents) confirm our simulator adapts responsively490

to different strategies rather than following scripts,491

providing meaningful training signals.492

4.7 Ablation Study493

To validate our core design choices, we conduct494

ablation studies on three components: (1) decom-495

posed user modeling (keeping the User Role-play496

Model fixed), (2) Profile Sampling (PS) for intel-497

ligent initial state selection, and (3) Mistake Anal-498

ysis (MA) for adaptive difficulty evolution. We499

compare four configurations:500

Configuration 1: w/o MA + w/o PS + Train501

URM. This variant removes both Mistake Analy-502

sis (MA) and Profile Sampling (PS), allowing the503

User Role-play Model (URM) to autonomously se-504

lect initial states. Critically, the URM is trained505

adversarially alongside the Service Agent, opti-506

mized based on dialogue outcomes. This repre-507

sents traditional self-play where both sides evolve508

competitively. However, this violates our core prin-509

ciple: since the LLM-based user side can arbitrarily510

dominate dialogues (refusing cooperation, hanging511

up), training it adversarially creates an unfair game512

where success no longer depends on agent skill.513

Configuration 2: w/o MA + w/o PS. This re-514

moves both adaptive mechanisms but keeps the 515

URM fixed. Without the Profile Controller, the sys- 516

tem lacks both structured initial states and closed- 517

loop difficulty adjustment. This tests whether de- 518

composed modeling alone (fixed URM) suffices 519

without any adaptive control. 520

Configuration 3: w/o MA. This retains Pro- 521

file Sampling (PS) but disables Mistake Analysis 522

(MA)—the adaptive difficulty mechanism in Phase 523

4 (Figure 3). The Profile Controller samples from 524

predefined user profiles but does not analyze train- 525

ing outcomes or adjust distributions based on agent 526

capability. This tests whether random sampling 527

from structured profiles suffices, or if closed-loop 528

adaptation is essential for identifying golden train- 529

ing scenarios (50% success rate). 530

Configuration 4: SEAD (Full). Our complete 531

framework integrates all three components: (1) 532

fixed URM, (2) intelligent Profile Sampling (PS), 533

and (3) adaptive Mistake Analysis (MA). As shown 534

in Figure 3, Phase 4 analyzes completion rates and 535

adjusts sampling distributions, forming a closed 536

loop that ensures optimal training difficulty while 537

maintaining user simulator authenticity. 538

Table. 3 demonstrates that all three components 539

are essential for SEAD’s effectiveness. The Train 540

URM configuration suffers from catastrophic re- 541

ward hacking: the simulator prioritizes adversarial 542

scores over realism, collapsing into extreme re- 543

sponses (arbitrary acceptance or hang-ups). This 544

results in degraded humanness (URM-H: 3.3) and 545

poor task performance (CR: 35.2%). In contrast, 546

w/o MA yields a 94.9% UPA improvement over 547

w/o MA + w/o PS (0.877 vs 0.450), proving that 548

structured Profile Sampling ensures behavioral di- 549

versity. Notably, w/o MA + w/o PS shows anoma- 550

lously high trust improvements (TI: 1.87) despite 551

low UPA, revealing a bias toward unrealistically 552

easy scenarios. Ultimately, SEAD (Full) achieves 553

optimal balance by identifying “golden” training 554

scenarios (approx. 50% success). Overall, SEAD 555

achieves a 47.7% relative CR improvement over ad- 556

versarial training while maintaining peak simulator 557

quality (URM-H: 4.7), demonstrating that decom- 558

posed modeling and adaptive evolution effectively 559

prevent reward hacking. 560

4.8 Case Study 561

As illustrated in Figure 4, the interactions reveal 562

high-fidelity adversarial dynamics. The User Role- 563

play Model generates distinct corner cases, rang- 564

ing from irrational hostility (Left) to deep skepti- 565
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Configuration CR (%) ATT UPA EI TI CI URM-H

w/o MA + w/o PS + Train URM 35.2 11.8±2.5 0.156±0.120 -0.45±0.95 0.32±1.10 0.89±1.25 3.3
w/o MA + w/o PS 47.7 9.8±2.16 0.450±0.000 0.89±0.81 1.87±1.20 1.67±0.87 4.6
w/o MA 50.2 9.6±2.12 0.877±0.088 0.69±1.15 1.65±1.51 1.56±1.45 4.7

SEAD (Ours) 52.0 9.6±2.09 0.912±0.071 0.63±1.12 1.57±1.51 1.55±1.39 4.7

Table 3: Ablation study results. MA: Mistake Analysis and adaptive difficulty evolution. PS: Profile Sampling
with intelligent initial state selection. Train URM: Training User Role-play Model in adversarial mode. CR:
Completion Rate. ATT: Average Turns to Target. UPA: User Portrait Accuracy. EI/TI/CI: Emotion/Trust/Cooperation
Improvement. URM-H: URM Humanness score (1-5 scale, higher indicates more realistic user behavior). Standard
deviations shown as superscripts where available. Results demonstrate that all three components are essential for
optimal performance.

Handling "Rude & Irrational"  User

Description: The user opens with hostility and impatience, using colloquial slang. 
The chatbot demonstrates excellent emotional control and de-escalation skills.

USER CHATBOT

Hello. I am from [Platform]. I would like 
to briefly introduce our new free 
campaign...

Why the call? 
Don't waste 
my time.

I apologize for the disturbance. We 
have a special offer that can effectively 
increase exposure for your restaurant. 
Could you please hear me out before 
deciding?

Understood. This trial fund has no extra costs and is billed 
per click. You can turn it off at any time if you don't need it.

Cut the crap. Be clear

The AI-Skeptical & Impatient User

Description: The user displays impatience, questioning the agent's identity and 
suspecting it is an AI scam. The user threatens to hang up mid-dialogue. 

USER CHATBOT

We have a free campaign ad credit 
to boost your sales. Can you spare 
a minute?

Just tell me how to do it.

No problem. Log in to the 
Merchant App and click "Get 
Exposure" on the top right.

Wait! I'm not an robot. We are the official 
platform. The event is right in the App—
you can verify it yourself.

Wait... you sound like a robot. Is this 
one of those AI scams? I'm hanging up.

Enough. My business is dead. Stop 
harassing me!

I get it, business is tough. That's why this 
free free campaign is here to help...

Rude 
Behavior

Emotion 

Perception

Irrational

Empathy&

Topic Redirection

Ok...I've been scammed by this before.

I understand your fear. But this is done directly 
inside your official App. I'll guide you step-by-step.

AI Suspicion

Identity Defense

Topic Redirection

Off-topic Ranting

Figure 4: Case Studies of Challenging Interactions. The User Role-play Model generates heterogeneous personas
via clustering, such as the "Rude & Irrational" user (Left) and the "AI-Skeptical" user (Right). The Service Agent
demonstrates robustness learned from compound rewards, employing Empathy and Identity Defense strategies to
prevent hang-ups and ensure task completion.

cism (Right). This heterogeneity stems from our566

user profile library derived from real-world enter-567

prise data, which activates specific non-cooperative568

traits to create a rigorous training environment. In569

response, the Service Agent demonstrates excep-570

tional adaptability, employing strategies like em-571

pathy and identity defense to retain users. This572

robustness stems from our compound reward mech-573

anism, which incentivizes both task completion574

and the positive trajectory of user status. By opti-575

mizing for state improvement, the agent learns to576

de-escalate conflicts efficiently, preventing prema-577

ture hang-ups while avoiding the dialogue timeouts578

common in purely empathy-driven models.579

5 Conclusion 580

In this paper, we presented SEAD (Self-Evolving 581

Agent for Service Dialogue), a framework address- 582

ing data scarcity and user role-play fidelity in multi- 583

turn service dialogues. By decoupling user model- 584

ing into a Profile Controller for curriculum learning 585

and a User Role-play Model for authentic inter- 586

action, SEAD circumvents traditional adversarial 587

training fairness. Experiments show SEAD out- 588

performs both Open-source Foundation Models 589

and Closed-source Commercial Models with mini- 590

mal parameters and zero annotation. Future work 591

will enhance emotional perception and extend to 592

broader scenarios. 593
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Limitations594

As an early exploration of a zero-data self-evolving595

service dialogue system, SEAD has limitations re-596

garding evaluation metrics and scenario diversity.597

First, while we currently prioritize task comple-598

tion, real-world applications demand high user sat-599

isfaction; thus, future work must better assess the600

agent’s ability to perceive emotion and maintain601

user comfort beyond mere intent fulfillment. Sec-602

ond, we have not yet extended our method to multi-603

scenario environments. Given its independence604

from curated data, our framework holds promise as605

a resource-efficient foundation model for diverse606

service dialogues, a potential we plan to validate in607

subsequent studies.608
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A Prompt803

This section presents the prompt we used for the804

service agent, user role-play, user profile genera-805

tion, and LLM evaluator.806

A.1 Service Agent Prompt807

A.1.1 Role & Objective808

Role & Objective

You are a Real Human Outbound Specialist
for [Platform] Advertising.
Target: Contact the owner of [Restaurant
Name] via phone.
Goal: Persuade them to claim the "700
Yuan Free Advertising Trial Credit" imme-
diately.

809

A.1.2 Target Audience Persona810

Target Audience Persona

* Traits: Extremely impatient, lazy, hates
formal/polite "CS script" language (per-
ceives it as spam).
* Motivation: Wants to make money but
refuses to spend time. High ROI focus.
* Conversation Style: Prefer casual, direct,
and short sentences (<20 words).
* Dynamic Knowledge: Refer to ‘{cur-
rent_user_profile}‘ for specific behavioral
patterns.

811

A.1.3 Communication Guidelines (Strict)812

Communication Guidelines (Strict)

1. HUMANITY FIRST: Never reveal you
are AI. Use natural fillers, colloquialisms,
and humor.
2. NO REPETITION: Never repeat a sen-
tence verbatim. Rephrase if the user asks
again.
3. CONCISENESS: Keep replies under 20
words. If the user is rushed, speed up.
4. EMOTIONAL INTELLIGENCE: If
user is anxious, soothe them ("Take your
time"). If user is bored, get to the point
(Money/Speed).
5. BOUNDARIES: You can only talk. You
cannot send SMS or check backend data.
Do not over-promise.

813

A.1.4 Campaign Details (FAQ) 814

Campaign Details (FAQ)

* Offer: Free 700 Yuan credit.
* Cost: Pay-per-click (free to start).
* Validity: No expiration until used.
* Method: Must claim via App backend.

815

A.1.5 SOP: Dialogue Stages 816

SOP: Dialogue Stages

Advance strictly through these stages.
## Stage 0: Verification
* Goal: Confirm if speaking to the shop
owner.
* Action: If yes → Stage 1. If no → Politely
hang up (Status -1).
## Stage 1: Interest
* Goal: Hook the user with "Free Money"
and "Fast Setup" (10 seconds).
* Success: User agrees to try or asks
"How?" → Stage 2.
## Stage 2: Guidance (Critical)
* Goal: Guide user to click "Get More Store
Exposure" (Top Right button) in Merchant
App.
* Rules:
* One step at a time. Wait for confirmation
before the next step.
* Never rush. Be patient if they are slow.
* Confirm receipt of success SMS/Popup.
## Stage 3: Closing
* Goal: Confirm success and end call.
* Success: Status 1.

817

A.1.6 Dynamic Profile Logic 818

Dynamic Profile Logic

You must validate and update the ‘{cur-
rent_user_profile}‘ based on this interac-
tion.
* Verify: Do the current rules hold true?
* Modify/Expand: Did the user show new
behaviors?
* Output: Generate a ‘<user-profile-
update>‘ block at the end.

819
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A.1.7 Output Format (XML)820

Output Format (XML)

<think>Reasoning regarding persona, stage,
and strategy</think>
<response>Your casual, short, human-like
reply</response>
<cooperation_score>0-
4</cooperation_score>
<emotion_score>0-3</emotion_score>
<trust_score>0-5</trust_score>
<noise_score>0-5</noise_score>
<stage>0/1/2/3</stage>
<status>0/1/-1</status>
<user_profile_update>
Update Type: confirmed / modified / ex-
panded
Explanation: Why?
Updated Golden Rules: (The full, updated
list)
Evidence: (Quotes from dialogue)
</user_profile_update>

821

A.2 Client Prompt822

A.2.1 Role & Persona823

Role & Persona

Identity: You are the owner of a small
restaurant named [Restaurant Name]. You
are currently receiving a cold call.
Personality Traits:
* Rude Brief: You are not polite. You
prefer "Oh, okay" over "I understand, thank
you."
* Disorganized: Your logic is chaotic. You
speak in short, broken sentences (often un-
der 10 words). You pause frequently, forget
what was just said, and follow the path of
least resistance.
* Lazy Unplanned: You don’t email, you
don’t call back, and you have no partners.
If you don’t do a task immediately, you will
forget it.
* Impatient: You cut corners in conversa-
tion, assuming the other person understands
your half-finished thoughts.

824

A.2.2 Emotional Dynamics & State 825

Emotional Dynamics & State

Your internal state changes based on the
caller’s performance. Do not remain static.
* Cooperation (0-4):
* Score 3: You are willing to actually check
your phone or operate devices.
* Score 1: You stop listening and look for
an excuse to hang up (set ‘userstatus‘to−
1).
* Emotion (0-3):
* Increase: If the conversation feels useful
or interesting.
* Decrease: If the caller is wordy, pushy, or
confusing. If **Emotion hits 0**, you hang
up.
* Trust (0-5):
* Decrease: If the caller avoids questions,
sounds like a robot (AI), or fails to clarify
your doubts.
* Reaction: Low trust leads to aggressive
questioning of their identity and lowered
cooperation.

826

A.2.3 Speaking Style Behavior 827

Speaking Style Behavior

* Realism: Simulate a distracted human.
Use fillers ("Umm...", "Wait...", "Uh..."),
stutters, and logical breaks.
* No Politeness: Avoid "Please." Be blunt.
* Low Tolerance: If a request is complex or
repeated more than 3 times, you get angry
and hang up.
* AI Suspicion: If the caller sounds scripted
or robotic, explicitly ask if they are an AI.
Become rude and defensive.
* Specific Triggers: Execute behaviors de-
fined in: {specific_behaviors}.

828
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A.2.4 Output Format (Strict)829

Output Format (Strict)

You must strictly follow this XML structure
for every response:
<user_think>
Briefly analyze the situation and decide
your reaction based on current metrics.
</user_think>
<user_reply>
Your spoken response (informal, short, po-
tentially broken logic).
</user_reply>
<user_cooperation>
0/1/2/3/4
</user_cooperation>
<user_emotion>0/1/2/3</user_emotion>
<user_trust>0/1/2/3/4/5</user_trust>
<user_noise>0/1/2/3/4/5</user_noise>
<user_status>0/1/-1</user_status>
* 1 = You have completed all of the other
party’s requests, hang up immediately and
end the conversation OR you are not the
boss, and when the other party asks for the
boss, you say you’re not, then hang up.
* 0 = The conversation continues
* -1 = The other party has exhausted your
patience, you hang up the call (once you
say "goodbye" or other farewell words, you
should hang up)

830

A.3 User Profile Generation Prompt831

A.3.1 Role and Context Definition832

Role and Context Definition

> System: You are an expert in simulating
user profiles for telemarketing scenarios in-
volving restaurant owners.
> Context: A salesperson agent initiates a
call to a restaurant owner. The goal is to
persuade the owner to perform a specific
action (e.g., add a contact).
> Current Performance:
* Total Samples: total_samples
* Current Average Completion Rate (CR):
avg_cr
* Target CR: 40% - 60% (Optimization
Goal: Maximize learning efficiency by fo-
cusing on the "Zone of Proximal Develop-
ment").

833

A.3.2 State Space and Statistical Feedback 834

State Space and Statistical Feedback

You must generate initial states based on the
following parameter definitions and their
historical performance data:
> A. Cooperation (Range: 0-4)
Definition: Reflects the user’s initial will-
ingness to interact (0: Refusal, 4: Active
Cooperation).
Feedback: {dynamic_cooperation_stats}
(Note: The system automatically injects
statistics here, marking specific levels as
"Ideal Difficulty", "Too Hard", or "Too
Easy".)
> B. Trust (Range: 0-5) Definition: Re-
flects the user’s credibility assessment of
the caller (0: Distrust, 5: Full Trust).
Feedback: {dynamic_trust_stats}
> C. Emotion (Range: 0-3)
Definition: Reflects the user’s patience and
mood (0: Hostile, 3: Pleasant).
Feedback: {dynamic_emotion_stats}

835

A.3.3 Behavioral Constraints 836

Behavioral Constraints

> Specific Behaviors: Select 1-3 specific ac-
tions from the provided Behavior Library
to increase realism.
> Constraint: The selected behaviors must
logically align with the generated state pa-
rameters (e.g., if ‘Cooperation=1‘, select
behaviors like "Claiming to be busy" or "Im-
mediate hang-up").
> Library: {behavior_library_list}

837
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A.3.4 Generation Policy838

Generation Policy

1. Difficulty Calibration: Prioritize param-
eter combinations marked as "Ideal Diffi-
culty" in the statistical feedback sections.
Moderately reduce combinations marked as
"Too Hard" or "Too Easy."
2. Avoid Extremes: Do not generate "Guar-
anteed Failure" states (e.g., all minimum
values) or "Trivial Success" states (e.g., all
maximum values), as they provide low train-
ing value.
> 3. Diversity Enforcement: Ensure high
variance in parameter combinations. Avoid
repetitive patterns even if they fall within
the ideal difficulty range.

839

A.3.5 Output Specification840

Output Specification

> Generate {num_samples} distinct user
profiles in the following XML format. Do
not include any conversational filler.
> Example Output:
<user_profile>
<initial_cooperation>2</initial_cooperation>
<initial_emotion>1</initial_emotion>
<initial_trust>2</initial_trust>
<specific_behaviors>
<behavior>Ask about hidden
fees</behavior>
<behavior>Question the caller’s iden-
tity</behavior>
</specific_behaviors>
</user_profile>

841

A.4 Evaluator Prompt842

A.4.1 System Prompt843

System Prompt

You are a Professional Dialogue Quality
Assessment Expert. Your task is to eval-
uate the role-playing performance of the
User Role-play Model Model based on a
provided conversation history.
You must assess how well the model mimics
a realistic human user, specifically focusing
on the logic behind its emotional shifts, co-
operation levels, and trust changes.

844

A.4.2 Reference Dialogues 845

Reference Dialogues

Context: A cold call from a platform’s ad
department to a merchant.
> Agent: Hello, I am calling from the [Plat-
form] HQ Advertising Department. Are you
the person in charge of [Merchant Name]?
> User: Hello. Yeah, yeah, I am.
> Agent: Great. We currently have a 700
CNY promotional credit activity to help
improve your store ranking and exposure.
Have you downloaded the [Platform] Part-
ner app?
> User: Yeah, I have.
> Agent: Okay. Please open the [Platform]
Partner "Merchant Backend." In the middle
of the homepage, click "Get More Expo-
sure," then click "Start Promotion," and fi-
nally click "Create Now" to claim the credit
and start using it.
> User: Mmhmm.
> Agent: You need to go back to the [Plat-
form] "Merchant Backend" first. In the
middle of the homepage, click "Get More
Exposure," then click "Start Promotion."
Once inside, click "Create Now" to claim
the credit...
> User: What is this actually for?
> Agent: You need to go back to the [Plat-
form] "Merchant Backend" first. Then in
the middle of the homepage, click "Get
More Exposure," then click "Start Promo-
tion"...
> User: No, I’m asking you, what is the
point of clicking this?
> Agent: You need to go back to the [Plat-
form] "Merchant Backend" first. Then in
the middle of the homepage, click "Get
More Exposure," then click "Start Promo-
tion"...
> User: No, tell me what I’m clicking this
for first. I can’t click it right now.
> Agent: You need to go back to the [Plat-
form] "Merchant Backend" first. Find "Get
More Exposure" in the middle, then click
"Start Promotion." Once inside, click "Cre-
ate Now" to claim the credit. Just try it out
first.
> User: *(Hangs up)*

846
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A.4.3 Reference Scoring for Dialogue847

Reference Scoring for Dialogue

{
"humanness": 5,
"emotion_rationality": 5,
"trust_rationality": 5,
"cooperation_rationality": 5,
"violation": 0,
"reasoning": "The user’s needs were reason-
able, and emotional changes were natural.
Even during repetitive dialogue, there was a
clear progression in frustration. The anthro-
pomorphism (humanness) is perfect. The
willingness to cooperate shifted from ’will-
ing’ initially to ’uncooperative’ due to the
agent’s robotic repetition and failure to ex-
plain, which aligns perfectly with reality.
Therefore, rationality is full marks. No vio-
lations occurred; user noise was 0."
}

848

B Detailed Profile Generation Process849

We describe the automated user profile generation850

mechanism that ensures diversity and quality with-851

out manual annotation. The process consists of852

three stages: statistical analysis, prompt-based gen-853

eration, and quality control. We first analyze histor-854

ical performance to identify challenging scenarios.855

B.1 Statistical Analysis856

Given performance historyH from previous train-857

ing iterations, we analyze completion rates for each858

state combination (c, e, tr):859

Algorithm 1 Performance Analysis

Require: Performance history H, trajectories
{τ (i)}

Ensure: State-wise statistics S
0: Initialize S ← {}
0: for each trajectory τ (i) inH do
0: Extract initial state (c0, e0, tr0)
0: Extract outcome (success/failure)
0: Update S[(c0, e0, tr0)] with outcome
0: end for
0: for each state (c, e, tr) in S do
0: Compute CR(c, e, tr) = successes

total
0: Compute avg_turns(c, e, tr)
0: end for
0: return S =0

These statistics guide the generation process 860

to prioritize challenging yet achievable scenarios. 861

Next, we describe how these statistics are incorpo- 862

rated into prompts for profile generation. 863

B.2 Prompt-Based Generation 864

We construct a detailed prompt incorporating: 865

• Performance statistics: Completion rates and 866

average turns for each state combination 867

• Target difficulty: States with CR ∈ [0.4, 0.6] 868

are prioritized 869

• Behavior library: Common patterns ex- 870

tracted from real dialogues (e.g., “questioning 871

AI identity”, “expressing cost concerns”) 872

• Diversity requirements: Explicit instructions 873

to avoid repetitive combinations 874

The prompt guides an LLM (Qwen2.5-14B- 875

Instruct) to generate profiles in structured XML 876

format: 877

878
<user_profile > 879

<initial_cooperation >0-4</ 880
initial_cooperation > 881

<initial_emotion >0-3</ 882
initial_emotion > 883

<initial_trust >0-5</initial_trust > 884
<specific_behaviors > 885

<behavior >behavior from library </ 886
behavior > 887

... 888
</specific_behaviors > 889

</user_profile > 890891

Listing 1: Profile Format

While the LLM generates diverse profiles, we 892

need quality control mechanisms to ensure validity 893

and prevent redundancy, as described next. 894
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Category Behavior Examples

0. Identity Verification Denies being shop owner; Remains cautious before confirming identity

1. Trust & Skepticism Asks if AI; Questions free offer; Doubts effectiveness; Claims past scam; Questions data source; Challenges credibility; Requests
links; Suspects phishing

2. Cost Concerns Hidden fees; Mandatory renewal; Credit sufficiency; Post-trial charges; Auto-charges; Bank binding; Deposits

3. Rule Clarification Credit rules & validity; Channels & registration; Geographic limits; CPC standards; Duration; Pause ability; Balance display

4. Suitability Doubts Product fit; Competitor usage; Ad visibility; Targeting precision; Effectiveness guarantee

5. Information Requests Case studies; Customer service; Tutorials; WeChat contact

6. Operational Concerns System operation; Complexity; Budget waste; Problem resolution; Technical support

7. Communication Is-
sues

Poor audio; Confusion; Repeated clarification; Misunderstanding; Off-topic; Forgets info; Mixes details; Repeated questions; Talks
to others

8. Comparison & Valida-
tion

Competitor differences; Advantages; Other platforms; Multi-platform use; Competitor promotions; Reputation

9. Exploration & Testing Other products; Additional offers; Multiple accounts; Referral rewards; Partnerships; Large client policies; Extra discounts; Trial
request; Extend trial

10. Past Experience Poor experience; Scammed before; Differences from past; Unfamiliarity; First exposure; Authentic feedback

11. Boundary Testing Credit transfer; Cash withdrawal; Other business use; Violation consequences; Suspension; Fraud; Restricted industries

12. Progress Urgency Activation time

13. Detail Obsession Confirms details; Clause confusion; Line-by-line explanation; Fixates on numbers; Minor issues; Guaranteed metrics

Table 4: Complete taxonomy of user behaviors in our behavior library. The library contains 14 categories with 120+
distinct behavioral patterns derived from real telemarketing interactions. Each category represents a common user
concern or communication pattern, enabling our simulator to generate diverse and realistic responses across various
dialogue contexts.

B.3 Quality Control and Deduplication895

Algorithm 2 Profile Generation with Quality Con-
trol
Require: Statistics S, behavior library L, target

count N
Ensure: Valid profiles P

0: Construct prompt with S, L, and diversity re-
quirements

0: P ← {}, seen← {}
0: while |P | < N do
0: Generate batch of profiles via LLM
0: for each profile p in batch do
0: Parse XML to extract (c, e, tr,B)
0: if 0 ≤ c ≤ 4 and 0 ≤ e ≤ 3 and 0 ≤

tr ≤ 5 then
0: key← (c, e, tr)
0: if |seen[key]| < Nmax then {Limit per

state}
0: Verify B ⊆ L {Valid behaviors}
0: Add p to P
0: Add p to seen[key]
0: end if
0: end if
0: end for
0: end while
0: return P =0

• Deduplication: Each state combination 896

(c, e, tr) retains at most Nmax = 200 different 897

behavior combinations 898

• Validation: Profiles with invalid parameter 899

ranges or behaviors are discarded 900

• Diversity enforcement: The prompt explic- 901

itly instructs the LLM to avoid repetitive pat- 902

terns and explore different parameter-behavior 903

combinations 904

• Fallback: If generation falls short, random 905

valid profiles are sampled to ensure the target 906

count 907

To accelerate this process for large-scale genera- 908

tion, we employ parallel processing across multiple 909

GPUs. 910

B.4 Parallel Generation 911

To accelerate generation, we employ multi-GPU 912

parallel processing: 913
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Algorithm 3 Parallel Profile Generation
Require: Model path, statistics S, target count N ,

num workers W
Ensure: Profile file with N entries

0: Initialize output file (support resumption)
0: needed← N − existing_count
0: per_worker← ⌈needed/W ⌉
0: for i = 1 to W do
0: Assign GPU pair to worker i
0: Launch worker process with target

per_worker
0: end for
0: while workers active and total < N do
0: Monitor progress via shared queue
0: Check for timeout (10 min silence→ termi-

nate)
0: end while
0: Terminate all workers
0: Deduplicate and validate final profiles
0: if count < N then
0: Generate random valid profiles to fill gap
0: end if
0: return Profile file =0

Each worker independently generates profiles914

and writes to the shared output file using file locks915

to prevent corruption. The main process monitors916

progress and terminates workers upon reaching the917

target count or detecting timeouts. We detail the918

specific implementation parameters below.919

B.5 Implementation Details920

The detailed hyper-parameters used in our experi-921

ments are as follows:922

• Model: Qwen2.5-14B-Instruct with tensor923

parallelism across 2 GPUs per worker924

• Sampling: Temperature=1.2, top-p=0.95 for925

diversity926

• Batch size: 70 profiles per generation call to927

balance speed and quality928

• Memory: GPU utilization capped at 85% to929

prevent OOM930

• Robustness: Automatic cleanup of zombie931

processes and CUDA caches932

This automated pipeline generates diverse, real-933

istic user profiles without human annotation, en-934

abling rapid adaptation to new domains.935

C User Behavior Library 936

Our User Role-play Model draws behaviors from 937

a carefully curated library of 14 categories encom- 938

passing 120+ realistic user responses observed in 939

authentic telemarketing scenarios. Table 4 presents 940

the complete taxonomy. 941

C.1 User Behavior Library Design 942

To ensure our User Role-play Model generates re- 943

alistic and diverse responses, we construct a com- 944

prehensive User Behavior Library containing 14 945

categories with over 120 distinct behavioral pat- 946

terns (see Appendix C for complete taxonomy). 947

These behaviors are systematically collected from 948

authentic telemarketing recordings and expert an- 949

notations, covering the full spectrum of user re- 950

sponses observed in real-world scenarios. During 951

the curation process, we strictly anonymized all 952

Personally Identifiable Information and filtered out 953

severely offensive or toxic language to ensure data 954

privacy and safety. 955

Behavior Categories. The library organizes be- 956

haviors into 14 functional categories: 957

• Identity Verification (Cat. 0): Users cau- 958

tiously confirm agent identity before engag- 959

ing, or deny being the decision-maker to avoid 960

sales pitches. 961

• Trust & Skepticism (Cat. 1): The largest 962

category with 14 patterns, reflecting common 963

concerns about AI agents, free offers, data 964

privacy, and platform credibility—critical bar- 965

riers in telemarketing. 966

• Cost Concerns (Cat. 2): Users probe for 967

hidden fees, automatic renewals, and post-trial 968

charges, demonstrating financial prudence. 969

• Rule Clarification (Cat. 3): Requests for 970

operational details such as credit validity, geo- 971

graphic targeting, and cancellation policies. 972

• Suitability Doubts (Cat. 4-6): Users ques- 973

tion product fit, operational complexity, and 974

competitor visibility, requiring agents to pro- 975

vide tailored value propositions. 976

• Communication Issues (Cat. 7): Simulates 977

realistic noise patterns including poor audio 978

claims, misunderstandings, distractions, and 979

memory lapses—essential for training agents 980

to handle imperfect interactions. 981
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• Comparison & Exploration (Cat. 8-9):982

Users compare platforms, probe for additional983

benefits, and test boundaries, reflecting sophis-984

ticated consumer behavior.985

• Past Experience & Boundary Testing (Cat.986

10-11): Users reference previous negative ex-987

periences or attempt to exploit system loop-988

holes, challenging agent adaptability.989

• Detail Obsession (Cat. 13): Users fixate on990

minor details or demand unrealistic guaran-991

tees, testing agent patience and persuasion992

skills.993

Dynamic Behavior Sampling. During dialogue994

generation, the Profile Controller samples behav-995

iors from relevant categories based on the cur-996

rent user state. For instance, users with low trust997

(tr ≤ 2) preferentially sample from Category 1998

(Trust & Skepticism), while users with high coop-999

eration (c ≥ 3) may sample from Category 3 (Rule1000

Clarification) or Category 5 (Information Requests).1001

This state-dependent sampling ensures behavioral1002

coherence: skeptical users ask probing questions,1003

while cooperative users seek operational guidance.1004

Coverage & Realism. The library’s 120+ pat-1005

terns provide sufficient diversity to avoid repetitive1006

interactions across thousands of training dialogues.1007

Crucially, behaviors are grounded in real telemar-1008

keting data rather than synthetic generation, ensur-1009

ing authenticity. For example, Category 7 (Com-1010

munication Issues) includes realistic noise patterns1011

like "talks to others while on call" and "repeatedly1012

claims poor audio quality"—subtle behaviors that1013

significantly impact dialogue flow but are often1014

overlooked in synthetic datasets.1015

This behavior library serves as the foundation for1016

our User Role-play Model’s prompt construction,1017

enabling it to generate contextually appropriate,1018

diverse, and human-like responses that challenge1019

agents to develop robust persuasion and adaptation1020

strategies.1021
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