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Abstract

Large Language Models have demonstrated
remarkable capabilities in open-domain dia-
logues. However, current methods exhibit sub-
optimal performance in service dialogues, as
they rely on noisy, low-quality human conver-
sation data. This limitation arises from data
scarcity and the difficulty of simulating authen-
tic, goal-oriented user behaviors. To address
these issues, we propose SEAD (Self-Evolving
Agent for Service Dialogue), a framework that
enables agents to learn effective strategies with-
out large-scale human annotations. SEAD de-
couples user modeling into two components: a
Profile Controller that generates diverse user
states to manage training curriculum, and a
User Role-play Model that focuses on realis-
tic role-playing. This design ensures the envi-
ronment provides adaptive training scenarios
rather than acting as an unfair adversary. Ex-
periments demonstrate that SEAD significantly
outperforms Open-source Foundation Models
and Closed-source Commercial Models, im-
proving task completion rate by 17.6% and di-
alogue efficiency by 11.1%. Code is available
at: https://github.com/Da1yuqin/SEAD.

1 Introduction

Large Language Models (LLMs) have revolution-
ized a wide range of applications across diverse
domains (Liu et al., 2024; Team et al., 2024; Zhang
et al., 2025; Nam et al., 2024; Zhang et al., 2026).
However, training robust goal-oriented dialogue
agents remains bottlenecked by scarce, expensive,
and low-quality conversational data (Hosseini-Asl
et al., 2020). In multi-turn service dialogue, agents
must dynamically track user states and adapt strate-
gies across extended interactions. Human logs
from sales calls are a perfect example of these
challenges (Qian et al., 2022): agents lack stan-
dardization, requiring costly filtering, and the final
data is heavily lopsided towards failed attempts.
Therefore, data quality is fundamentally capped by
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Figure 1: Comparison of training paradigms. A. Static
data methods are limited by data quality and may learn
human violations. B. Traditional self-evolving creates
unfair games where user agents dominate outcomes.
Our SEAD achieves balanced co-evolution and realistic
interactions through decomposed user modeling, form-
ing a fair adversarial game.

the capabilities of the original human agents who
produced these conversations.

To solve data quality issues, prior works (Li et al.,
2025; Ou et al., 2024) have explored synthetic data
and user simulation as alternatives. Static synthesis
approaches (Ou et al., 2024; Wang et al., 2026) gen-
erate fixed datasets from predefined scenarios but
cannot capture dynamic conversations where users
react to agent behavior. Interactive simulation at-
tempts typically employ LLMs to dynamically gen-
erate user responses during agent training (Sekulić
et al., 2024; Zhu et al., 2025; Gao et al., 2026; Shi
et al., 2026), but face critical limitations: without
perceiving the agent’s current capability level, sim-
ulators either generate overly challenging scenarios
that frustrate learning (too strong) or overly simple
scenarios that provide insufficient training signal
(too weak), both yielding suboptimal training out-
comes. Additionally, existing simulators exhibit
overly perfect styles (Lin and Tomlin, 2025), lack-
ing real users’ attention lapses, linguistic noise, and
irrationality (Takanobu et al., 2020). Most critically,
both fixed datasets and non-adaptive simulators fail
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to provide curriculum-based training that adjusts
difficulty as the agent improves, limiting their effec-
tiveness for complex multi-turn service dialogues
requiring coherent long-term interactions.

Recent advances in self-evolution offer promis-
ing zero-data solutions for data-scarce business sce-
narios. These self-evolving methods(Chen et al.,
2024; Zhao et al., 2025) employ self-play strate-
gies where models generate both questions and
corresponding answers, eliminating dependence
on expensive expert-annotated data (Silver et al.,
2017; Vinyals et al., 2019). However, applying
these methods to service dialogues faces critical
challenges. As shown in Figure 1, first, unfair ad-
versarial game: in the service dialogue scenario,
User Role-play Models can arbitrarily control out-
comes, breaking the causal link between agent ac-
tions and task success. For example, simulators
may reject agents regardless of response quality
or accept based on turn count rather than persua-
sion effectiveness. Second, real users are highly
diverse: without additional mechanisms, user be-
haviors easily fall into repetitive patterns.

To address these challenges, we propose SEAD
(Self-Evolving Agent for Dialogue), the first self-
evolving framework for multi-turn service dia-
logues. SEAD requires no large-scale annotated
dialogue data, only user profiles and standard op-
erating procedures as inputs. To avoid the unfair
adversarial game where User Role-play Models ar-
bitrarily control outcomes, we decompose the user
side into two components: a profile generator that
samples initial user states, and a role-play model
that simulates responses. Crucially, only the pro-
file generator participates in adversarial training by
setting initial conditions. This design transforms
participation into a betting game, where the user
side must genuinely consider agent’s capability to
identify the golden training scenarios where agents
can succeed approximately half the time, enabling
genuine adversarial learning. To maintain user di-
versity, the profile generator employs automated
random sampling and consistency checks to ensure
scenario diversity and authenticity.

We validate SEAD in outbound call services
based on a real enterprise scenario. By enumer-
ating 5 cooperation levels, 4 emotion levels, and
6 trust levels, we construct 120 initial user state
combinations, evaluated through multi-level met-
rics. Experiments show SEAD significantly outper-
forms baselines using foundation models or large
APIs. Small models trained via SEAD achieve su-

perior performance while drastically reducing costs.
Notably, SEAD remains effective in data-scarce do-
mains, enabling rapid deployment.

Our main contributions include:

• We propose the first self-evolving framework
for multi-turn service dialogues that requires
no large-scale annotated dialogue data.

• We design a decomposed user modeling mech-
anism that transforms participation into a bet-
ting game, forcing the user side to identify
golden training scenarios and enabling gen-
uine adversarial learning.

• We design a user scenario generation mecha-
nism based on anonymized behavior patterns
extracted from over 100k real dialogues, en-
suring diversity, authenticity, and adaptive dif-
ficulty.

• Experiments show that SEAD achieves supe-
rior performance with significantly smaller
model size: better at guiding users toward
goals, more efficient in conversation flow,
stronger in understanding user states, and
more realistic in simulating authentic user be-
haviors, all without requiring large-scale an-
notated dialogue data.

2 Related Works

Task-oriented Dialogue. Task-oriented Dia-
logue systems are essential for managing com-
plex inquiries in domains like e-commerce (Deng
et al., 2024, 2025). While traditional neural mod-
els (Vinyals and Le, 2015; Wen et al., 2015; Shang
et al., 2015; Li et al., 2016a) and early user sim-
ulations (Li et al., 2016b; Lewis et al., 2017; Wei
et al., 2018) laid the groundwork, they face architec-
tural limitations. Recent LLM-based approaches
predominantly rely on static fine-tuning (Li et al.,
2025; Ou et al., 2024; Zhu et al., 2025; Bernard
and Balog, 2023), sometimes augmented by re-
trieval (Xu et al., 2024), multimodal inputs (Wang
et al., 2025a; Gong et al., 2025), or reinforcement
learning (Peiyuan et al., 2024). However, these
methods often incur high annotation costs and lack
real-world nuance. In contrast, SEAD introduces
a fully dynamic user-agent interaction paradigm,
bypassing data synthesis overhead to significantly
enhance performance in complex scenarios.
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Self-evolving Agents. Self-evolution leverages
iterative generation and refinement with minimal
supervision (Tesauro et al., 1995; Silver et al.,
2017; FAIR et al., 2022). Early works utilized self-
rewarding mechanisms (Chen et al., 2024; Yuan
et al., 2024), evolving into "Coder-Tester" frame-
works for verifiable domains like code (Lin et al.,
2025; Wang et al., 2025b; Pourcel et al., 2025). Re-
cent research has expanded this scope (Zhao et al.,
2025; Huang et al., 2025; Sun et al., 2025), incor-
porating external environments and curated data to
enhance evolution (Liu et al., 2025; Xia et al., 2025;
Zhai et al., 2025). Distinctively, SEAD drives the
self-evolution of a user role-play model and a cus-
tomer service agent within a realistic environment,
realizing genuine adversarial learning for complex
multi-turn interactions.

3 Methodology

Service dialogue faces severe data scarcity, mak-
ing self-evolving frameworks a promising solution.
However, unlike objective tasks where correctness
is verifiable, service dialogue outcomes are entirely
subjective—users can arbitrarily control results re-
gardless of agent quality, creating an unfair adver-
sarial game. To resolve this, SEAD decouples user
modeling into two components: a Profile Controller
that samples initial states and participates in adver-
sarial training, and a User Role-Play Model that
focuses on realistic simulation without controlling
outcomes. This design guides the Profile Controller
to identify golden training scenarios (agent success
rate ∼50%) through initial state selection rather
than mid-dialogue manipulation. Figure 3 illus-
trates the complete framework with four training
phases. We first formalize the problem and define
notations, then detail the framework components
and training process.

3.1 Problem Formulation and Framework
Components

We aim to train a service agent that maximizes the
reward R, measuring task completion and user sat-
isfaction. Figure 2 illustrates our framework. First,
the profile generator πg samples initial user states
p0 to create diverse user profiles, where pθ denotes
the parameterized state distribution. Then, the user
role-play model πu enacts this user to interact with
the service agent πa through multi-turn dialogues.
We model multi-turn service dialogue as a sequen-
tial decision process. At each turn t, the agent
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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.

observes dialogue history ht = {u1, a1, . . . , ut}
and generates response at, where user response ut
and agent action at alternate. The agent maintains
state estimate ŝt to guide action selection, maximiz-
ing cumulative reward R =

∑T
t=1 rt. User state

pt = (ct, et, trt) represents cooperation ct, emo-
tion et, and trust trt, which evolve based on agent
behavior. User profile p0 = (c0, e0, tr0,B) de-
fines initial state and behavior set B, sampled from
behavior library L. Dialogue trajectory history
is H = (p0, u1, a1, p1, . . . , uT , aT , pT , outcome).
The role-play model generates ut based on p0 and
ht, autonomously updating states. Its responses are
determined by internal logic, ensuring outcomes
depend on agent capability. Since the user side is
naturally powerful, we only train the service agent
to maintain ŝt and select at. Next, we detail the
self-evolving training loop.

3.2 Self-Evolving Training Loop

Figure 3 presents the complete self-evolving train-
ing loop through five interconnected phases alter-
nating between online agent optimization and adap-
tive difficulty adjustment.

Phase 1: Diverse User Profile Sampling. The
profile generator samples a batch of B initial pro-
files {p(i)0 }Bi=1 based on dialogue trajectory history
H, which records completion rates for each state
combination (c, e, tr). In the first iteration, the
generator performs random sampling to generate
diverse profiles p0 = (c0, e0, tr0,B), where B is
randomly sampled from user profiles in the library
L. In subsequent iterations, the generator employs
statistics-driven sampling: prioritizing profiles with
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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 (Phase 3) and compute completion
rates (Phase 4), which feed back to adjust sampling distributions, closing the co-evolutionary loop.

moderate difficulty where Completion Rates (CR)
are close to 0.5, with sampling probability:

pθ(p0|H) ∝ 1− |CR− 0.5|. (1)

The profile generator validates profile consistency
and performs deduplication to prevent redundancy,
ensuring diverse and high-quality profiles.

Phase 2: Multi-Turn Dialogue. Unlike prior
static pre-collected dialogue full-filling approaches,
SEAD enables dynamic multi-turn interactions be-
tween agents and simulated users. Each profile
from Phase 1 starts a new conversation. The agent
responds while keeping track of how the user feels,
and the user reacts based on what the agent says
and how the conversation is going. This back-and-
forth creates diverse dialogues and shows how mis-
takes can pile up over multiple turns, just like in
real customer service calls. We collect these com-
plete conversations along with whether the task
succeeded or failed.

Phase 3: Task Strategy Optimization. After
each multi-turn dialogue in Phase 2, the collected
trajectories are fed into online training. We opti-
mize the Service Agent through conversation re-
sults, assigning rewards based on task completion
status determined by the User Role-Play Model’s
final state. Specifically, the task reward is defined
as:

R
(i)
task = I[outcome(i) = success] (2)

where I[·] is the indicator function, and outcome(i)

represents the dialogue outcome of trajectory
H(i) = (p0, u1, a1, p1, . . . , uT , aT , pT , outcome).
The outcome is determined by the User Role-Play
Model’s completion state at the final turn T : if the

user agrees to the service, outcome = success and
Rtask = 1; otherwise, Rtask = 0. Using Group Rel-
ative Policy Optimization (GRPO, elaborated in the
following Section 3.3), we update agent parameters
θa to maximize expected rewards.

Phase 4: Mistake Analysis and Self-Evolving
Loop. Unlike prior works that discard failed tra-
jectories, we exploit them to guide evolution. We
conduct statistical Mistake Analysis to identify
where the model excels or struggles, categorizing
configurations into too easy (CR > 0.6), too diffi-
cult (CR < 0.4), and ideal (CR ∈ [0.4, 0.6]). This
analysis feeds back to Phase 1, adjusting sampling
distributions to maintain optimal learning difficulty
near 50% completion rate. As the agent improves,
the difficulty naturally escalates, creating a self-
evolving curriculum that enables our 14B model to
surpass 72B models and commercial APIs.

3.3 Training Optimization

Note that the User Role-play Model naturally domi-
nates task-oriented dialogues and can arbitrarily de-
termine outcomes. Without training, the User Role-
play Model (URM) already exhibits realistic be-
haviors (Section 4.6). However, training URM de-
grades role-play quality, as URM will force success
rates around 50% by directly accepting or rejecting
regardless of agent performance, collapsing into ex-
treme responses that ignore agent strategies. There-
fore, we optimize only the service agent, which
prevents the simulator from prioritizing adversarial
outcomes over realistic role-play while reducing
GPU memory by 50%. To train the Service Agent,
we employ GRPO (Shao et al., 2024). This method
eliminates the need for a separate value network,
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significantly reducing computational resource re-
quirements. Training computes advantages relative
to the batch average:

A(i) = R(i) − 1

N

N∑

j=1

R(j) (3)

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

is its reward, and N is the group size (number of
sampled trajectories). The policy is then updated
via gradient:

∇θaL = EH∼πa

[
T∑

t=1

A(i)∇θa log πa(at|ht)
]

(4)
where θa denotes agent parameters, πa(at|ht) is
the policy distribution over action at given history
ht at step t, and H represents trajectories sampled
from the current policy.

3.4 User State Space Design
Our scenario is an outbound call service, where
user profiles are extracted from real enterprise di-
alogues. We identify common behavior patterns
such as questioning AI identity, expressing cost
concerns, and showing attention lapses, which are
randomly injected during training.

Static Initial States. Each user starts with an
initial profile p0 containing three dimensions: co-
operation c (willingness to cooperate), emotion e
(emotional state), and trust tr (trust in the agent).
By enumerating all combinations, we construct
N = clevels ×elevels × trlevels initial states, covering
a spectrum from highly resistant to fully coopera-
tive users.

Dynamic State Evolution. User states evolve
autonomously during conversations based on agent
performance. The role-play model adjusts states dy-
namically: effective responses improve user states,
while poor interactions degrade them. This evo-
lution reflects the agent’s interaction quality and
serves as the basis for reward computation, simu-
lating natural user reactions and ensuring training
realism.

4 Experiments

4.1 Task Setting
We evaluate SEAD in the outbound call service
domain, specifically focusing on restaurant service
promotion tasks. The goal is for agents to success-
fully convince restaurant owners to participate in

promotional activities. This task requires agents to
handle diverse user reactions, build trust, address
concerns, and maintain engagement across multiple
turns. Critically, our setting requires no dialogue
data. Training only needs: (1) Standard Operat-
ing Procedures (SOP) defining dialogue flow; (2)
task objective description; (3) user profile. Agents
autonomously explore optimal strategies through
environment interaction, eliminating dependence
on large-scale annotated data. This enables SEAD
to rapidly deploy in data-scarce new domains and
discover effective strategies beyond existing data
distributions.

4.2 Implementation Details
All components use Qwen2.5-14B-Instruct. The
code is implemented based on the VeRL frame-
work with batch size B = 60 and learning rate
α = 1 × 10−6. Dialogues terminate when users
agree (success), refuse (failure), or reach maximum
turns Tmax = 15. The state space consists of co-
operation c ∈ [0, 4] (5 levels), emotion e ∈ [0, 3]
(4 levels), and trust tr ∈ [0, 5] (6 levels), yielding
120 initial states. Each state combination randomly
samples at most Nmax = 200 behavior combina-
tions to ensure diversity. All experiments run on 8
NVIDIA A100 80GB GPUs with decoupled archi-
tecture—profile controller, User Role-play Model,
and service agent never occupy memory simultane-
ously, reducing peak memory requirements.

4.3 Evaluation Metrics
Service Agent Metrics. We evaluate agent
performance using: Completion Rate (CR),
percentage of dialogues where users actually
agreed; Average Turns to Target (ATT), aver-
age dialogue length for successful cases (lower
is better); User Portrait Accuracy (UPA), ac-
curacy of predicting user states, computed as
UPA = 1 − 1

3

(MAEc
4 + MAEe

3 + MAEtr
5

)
where

MAEc, MAEe, MAEtr measure errors for cooper-
ation c ∈ [0, 4], emotion e ∈ [0, 3], and trust tr ∈
[0, 5]; Emotion/Trust/Cooperation Improvement
(EI/TI/CI), average state changes from initial to
final state; and Total Cost: Cumulative inference
cost in CNY for 1000 multi-turn dialogue samples
(API-based models only).

User Role-play Model Metrics. To validate
that our simulator influences success rates based
on agent quality, we establish a rubric mixing per-
fect human agent dialogues, SEAD (our trained
agents), and low-quality agent dialogues. We eval-
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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±2.10 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±2.10 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±2.50 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 are shown as superscripts where available.

uate five dimensions using GPT-5.1 with few-shot
human annotations:Humanness / Emotion / Trust
/ Cooperation (5=human-like, 0=robotic) and Vi-
olation (0=smooth, 5=severe). In real scenarios,
most users exhibit minimal noise (score 1: hesi-
tation, pauses) rather than severe violations; our
simulator achieves 1.15, matching real behavior.

4.4 Baselines

We compare SEAD against two categories of strong
baselines: Foundation Models. We evaluate three
sizes of Qwen2.5-Instruct models (14B, 32B, 72B
parameters) using carefully designed prompts that
include task descriptions and standard operating
procedures. These models represent the zero-
shot/few-shot capabilities of state-of-the-art open-
source language models without task-specific train-
ing.

Large Model APIs. We compare against four
commercial closed-source models: GPT-4o (Hurst
et al., 2024), DeepSeek-Chat (Liu et al., 2024),
Qwen3-235B-A22B (Team et al., 2024), and
LongCat-Flash-Chat (Team et al., 2025). All API
methods use carefully engineered prompts opti-
mized for dialogue tasks.

We do not compare with Supervised Fine-Tuning
(SFT) methods due to the lack of available data and
the prohibitive cost of manual annotation. Gener-
ally, SFT methods are upper-bounded by data qual-
ity and exhibit poor generalization. Our approach
eliminates this dependency and handles diverse sce-
narios effectively.

4.5 Main Results
Table 1 presents the main experimental results. Our
method achieves the highest service dialogue com-
pletion rate of 52.0% using only a 14B parame-
ter model, outperforming the second-best baseline
GPT-4o by 17.6% (52.0% vs. 44.2%) and im-
proving over the pre-training 14B model by 34.4%
(52.0% vs. 38.7%). SEAD also achieves the lowest
Average Turns to Target (ATT) of 9.6, demonstrat-
ing superior dialogue efficiency in completing tasks
more concisely.

For user state tracking metrics, SEAD outper-
forms most baselines and achieves competitive
performance with LongCat-Flash, the dialogue-
specific model with 40× more parameters and ex-
tensive pre-training on service dialogue scenarios.
While LongCat-Flash obtains the highest User Por-
trait Accuracy (0.925 vs. 0.912), SEAD demon-
strates comparable results across emotional im-
provement indicators. Specifically, SEAD achieves
competitive scores on EI (0.63 vs. 0.28), TI (1.57
vs. 1.33), and CI (1.55 vs. 1.56), with SEAD ac-
tually leading on EI and showing near-identical
performance on CI. This demonstrates that our self-
evolution approach with adaptive curriculum learn-
ing enables a compact 14B model to match the
user understanding capabilities of a 560B dialogue-
specialized model, while requiring zero annotated
dialogue data and maintaining superior task com-
pletion performance.

4.6 User Role-Play Model Performance
Table 2 validates our user role-play model’s real-
ism and diversity. Specifically, to ensure evaluation
reliability, we extract anonymized behavior pat-
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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).

terns from over 100k real enterprise dialogues. We
then instruct GPT-5.1 to perform the assessment
using annotated few-shot examples, contrasting
high-scoring human instances against low-scoring
failed model outputs. All humanness metrics ex-
ceed 4.5/5 with low standard deviations, demon-
strating highly realistic and reliable behavior that
mirrors real-world interactions. The violation score
of 1.15/5 reflects authentic communication patterns
with natural hesitation rather than artificial cleanli-
ness or severe disruptions. The Profile Controller
successfully generates diverse users from cooper-
ative to skeptical, capturing heterogeneity essen-
tial for robust training. Crucially, consistent high
scores across three agent quality tiers—perfect hu-
man agents, SEAD (trained agents, and low-quality
agents) confirm our simulator adapts responsively
to different strategies rather than following scripts,
providing meaningful training signals.

4.7 Ablation Study
To validate our core design choices, we conduct
ablation studies on three components: (1) decom-
posed user modeling (keeping the User Role-play
Model fixed), (2) Profile Sampling (PS) for intel-
ligent initial state selection, and (3) Mistake Anal-
ysis (MA) for adaptive difficulty evolution. We
compare four configurations:

Configuration 1: w/o MA + w/o PS + Train
URM. This variant removes both Mistake Analy-
sis (MA) and Profile Sampling (PS), allowing the
User Role-play Model (URM) to autonomously se-
lect initial states. Critically, the URM is trained
adversarially alongside the Service Agent, opti-
mized based on dialogue outcomes. This repre-
sents traditional self-play where both sides evolve
competitively. However, this violates our core prin-
ciple: since the LLM-based user side can arbitrarily
dominate dialogues (refusing cooperation, hanging
up), training it adversarially creates an unfair game
where success no longer depends on agent skill.

Configuration 2: w/o MA + w/o PS. This re-
moves both adaptive mechanisms but keeps the
URM fixed. Without the Profile Controller, the sys-
tem lacks both structured initial states and closed-
loop difficulty adjustment. This tests whether de-
composed modeling alone (fixed URM) suffices
without any adaptive control.

Configuration 3: w/o MA. This retains Pro-
file Sampling (PS) but disables Mistake Analysis
(MA)—the adaptive difficulty mechanism in Phase
4 (Figure 3). The Profile Controller samples from
predefined user profiles but does not analyze train-
ing outcomes or adjust distributions based on agent
capability. This tests whether random sampling
from structured profiles suffices, or if closed-loop
adaptation is essential for identifying golden train-
ing scenarios (50% success rate).

Configuration 4: SEAD (Full). Our complete
framework integrates all three components: (1)
fixed URM, (2) intelligent Profile Sampling (PS),
and (3) adaptive Mistake Analysis (MA). As shown
in Figure 3, Phase 4 analyzes completion rates and
adjusts sampling distributions, forming a closed
loop that ensures optimal training difficulty while
maintaining user simulator authenticity.

Table 3 demonstrates that all three components
are essential for SEAD’s effectiveness. The Train
URM configuration suffers from catastrophic re-
ward hacking: the simulator prioritizes adversarial
scores over realism, collapsing into extreme re-
sponses (arbitrary acceptance or hang-ups). This
results in degraded humanness (URM-H: 3.3) and
poor task performance (CR: 35.2%). In contrast,
w/o MA yields a 94.9% UPA improvement over
w/o MA + w/o PS (0.877 vs 0.450), proving that
structured Profile Sampling ensures behavioral di-
versity. Notably, w/o MA + w/o PS shows anoma-
lously high trust improvements (TI: 1.87) despite
low UPA, revealing a bias toward unrealistically
easy scenarios. Ultimately, SEAD (Full) achieves
optimal balance by identifying “golden” training
scenarios (approx. 50% success). Overall, SEAD
achieves a 47.7% relative CR improvement over ad-
versarial training while maintaining peak simulator
quality (URM-H: 4.7), demonstrating that decom-
posed modeling and adaptive evolution effectively
prevent reward hacking.

4.8 Case Study
As illustrated in Figure 4, the interactions reveal
high-fidelity adversarial dynamics. The User Role-
play Model generates distinct corner cases, rang-
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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 (0-5 scale, higher indicates more realistic user behavior). Standard
deviations are 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 a 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 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.

ing from irrational hostility (Left) to deep skepti-
cism (Right). This heterogeneity stems from our
user profile library derived from real-world enter-
prise data, which activates specific non-cooperative
traits to create a rigorous training environment. In
response, the Service Agent demonstrates excep-
tional adaptability, employing strategies like empa-
thy and identity defense to retain users. This robust-
ness stems from our reward mechanism and care-
fully designed user role-play model, which forces
the model to prioritize task completion across di-
verse complex scenarios. By optimizing for state
improvement, the agent learns to de-escalate con-
flicts efficiently, preventing premature hang-ups
while avoiding the dialogue timeouts common in
purely empathy-driven models.

5 Conclusion

In this paper, we presented SEAD (Self-Evolving
Agent for Service Dialogue), a framework address-
ing data scarcity and user role-play fidelity in multi-
turn service dialogues. By decoupling user model-
ing into a Profile Controller for curriculum learning
and a User Role-play Model for authentic inter-
action, SEAD circumvents traditional adversarial
training fairness. Experiments show SEAD out-
performs both Open-source Foundation Models
and Closed-source Commercial Models with mini-
mal parameters and zero annotation. Future work
will enhance emotional perception and extend to
broader scenarios.
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Limitations

As an early exploration of a zero-data self-evolving
service dialogue system, SEAD has limitations re-
garding evaluation metrics and scenario diversity.
First, while we currently prioritize task comple-
tion, real-world applications demand high user sat-
isfaction; thus, future work must better assess the
agent’s ability to perceive emotion and maintain
user comfort beyond mere intent fulfillment. Sec-
ond, we have not yet extended our method to multi-
scenario environments. Given its independence
from curated data, our framework holds promise as
a resource-efficient foundation model for diverse
service dialogues, a potential we plan to validate in
subsequent studies.

LLM Usage Statement

In the preparation of this manuscript, a Large Lan-
guage Model (LLM) was employed solely for lan-
guage polishing. All academic content, interpreta-
tions, and responsibilities remain entirely with the
authors.
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