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Abstract
LLMs are transforming customer service, yet
evaluating service agents across diverse busi-
ness scenarios remains costly and fragmented,
as each new domain requires building a dedi-
cated benchmark from scratch. Existing bench-
marks rely on static, scenario-specific scripts
with two fundamental limitations: Scenario
Silos, where each domain demands costly inde-
pendent annotation with no shared evaluation
structure, and Dialogue Dynamics Gap, where
fixed scripts fail to capture the full range of real
user behaviors. We propose SAGE (Service
Agent Graph-guided Evaluation), to our knowl-
edge the first scenario-extensible benchmark
to jointly assess logical SOP compliance and
conversational quality, abstracting any SOP as
a directed graph and bridging Scenario Silos
through a lightweight two-step extension mech-
anism. SAGE further enables dynamic multi-
turn simulation via adversarial user agents to
overcome the Dynamics Gap. Across six in-
dustrial scenarios representative of real-world
customer service deployment, we evaluate 27
mainstream LLMs spanning both closed-source
systems and open-source families, offering a
fine-grained capability map to guide real-world
model selection. Our experiments further re-
veal two systematic failure patterns shared
across all tested models: while models gen-
erally succeed at recognizing user intent, they
frequently struggle to follow complex business
logic and execute the correct subsequent ac-
tion; and they sustain a warm and empathetic
conversational tone even when their underly-
ing procedural reasoning has already failed.
Code and resources are available at: https:
//github.com/lingshi6565/SAGE-Bench.

1 Introduction

Large Language Models (LLMs) (Bai et al., 2023;
Touvron et al., 2023; Wiggins and Tejani, 2022;
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Figure 1: SOP Example for Service Agent. SOPs govern
interactions across diverse industries, yet existing bench-
marks remain domain-specific. Recognizing that any
SOP can be abstracted as a directed graph, we propose
SAGE as a scenario-extensible evaluation framework.

Yang et al., 2026; Sun et al., 2024a) are rapidly
transforming customer service, enabling enter-
prises to replace rigid rule-based systems with adap-
tive service agents (Xi et al., 2025; Wang et al.,
2024; Yao et al., 2022; Shinn et al., 2023; Dai et al.,
2026; Zhang et al., 2026; Gao et al., 2026). For
real-world deployment across high-stakes domains
such as healthcare, education, and commerce, these
agents must strictly follow enterprise Standard Op-
erating Procedures (SOPs) that govern every in-
teraction, as illustrated in Figure 1, since poor
SOP compliance can lead to serious consequences
including information leakage and legal liability.
Benchmarking their ability to comply with SOPs
while maintaining conversational quality has there-
fore become a critical priority (Cui et al., 2017; Ou
et al., 2024; Wang et al., 2025).

Existing benchmarks (Qin et al., 2023; Li et al.,
2023; Liu et al., 2023; Budzianowski et al., 2018;
Rastogi et al., 2020; Zheng et al., 2023; Quan
et al., 2020; Li et al., 2025b) approach this prob-
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lem by constructing static, scenario-specific evalu-
ation scripts, each manually annotated for a single
domain against a fixed set of predefined dialogue
paths. While straightforward, this reliance on static
scripts produces two fundamental limitations. Sce-
nario Silos: scripts are annotated per domain with
no shared structure, making extension to any new
scenario prohibitively expensive. As enterprises
span multiple business verticals and SOPs evolve
continuously, this per-domain construction model
cannot scale. Dialogue Dynamics Gap: static
scripts fix a finite set of dialogue paths, yet real
users are unpredictable and the same context can
unfold in many ways. A script can only test what
its authors anticipated, so benchmark scores sys-
tematically overestimate real-world performance.

To solve these issues, we propose SAGE
(Service Agent Graph-guided Evaluation), a
scenario-extensible benchmark for evaluating ser-
vice agents along two axes: logical SOP compli-
ance and conversational quality. To address Sce-
nario Silos, we observe that any SOP, regardless
of domain, can be abstracted as a directed graph,
and design SAGE around this unified graph-based
representation. A modular Extension Mechanism
further allows any new domain to be onboarded in
two steps, keeping deployment costs low as SOPs
evolve. To address Dialogue Dynamics Gap, we re-
place fixed scripts with dynamic simulation driven
by an Adversarial Intent Taxonomy, instantiating
a User Agent with diverse intents and personas
to generate multi-turn trajectories that cover the
full SOP graph. Unlike prior benchmarks that as-
sess task completion or dialogue quality in isola-
tion, SAGE jointly evaluates both through a hybrid
agentic-and-rule-based verification mechanism, en-
abling precise error localization at each turn. Ex-
periments across 27 mainstream LLMs and six in-
dustrial scenarios yield a comprehensive capability
map for real-world model selection. In summary,
our contributions are:

• We propose SAGE, a scenario-extensible
benchmark that abstracts any SOP as a di-
rected graph, enabling cross-domain evalua-
tion without per-domain annotation and allow-
ing any new-scenario onboarding in two steps.

• We design an Adversarial Intent Taxonomy
that drives dynamic multi-turn simulation
across three adversarial user intents.

• We introduce the first dual-axis evaluation

framework for service agents, jointly assess-
ing logical compliance and chat quality via a
hybrid agentic-and-rule-based mechanism.

• Experiments across 27 mainstream LLMs and
six industrial scenarios reveal two system-
atic cross-model phenomena: Execution Gap
and Empathy Resilience, providing a fine-
grained capability map to guide real-world
model selection.

2 Related Works

2.1 Evaluation for Large Language Models

LLM evaluation (Guo et al., 2023; Peng et al., 2026;
Liu et al., 2024b) has progressed from instruction-
following (Zhou et al., 2023a) and format compli-
ance (Xia et al., 2024; Tang et al., 2024) to com-
plex multi-constraint settings (He et al., 2024; Jiang
et al., 2023; Qin et al., 2024; Diao et al., 2025; Yao
et al., 2023). Domain-specific benchmarks cover
business process management (Berti et al., 2024;
Fahland et al., 2025; Kourani et al., 2025b; Fournier
et al., 2024; Rebmann et al., 2024; Kourani et al.,
2025a; Grohs et al., 2023), finance (Xie et al.,
2024, 2023), and procedural SOP compliance (Li
et al., 2025b; Nandi et al., 2025), yet focus on tool-
calling sequences rather than deep logical reason-
ing. Broader agent frameworks (Zhou et al., 2023b;
Drouin et al., 2024), reasoning benchmarks (Liu
et al., 2020; Dua et al., 2019; Yang et al., 2018;
Liu et al., 2025), and training methods (Feng et al.,
2024; Zhang et al., 2024; Zeng et al., 2024; Madaan
et al., 2023; Wang et al., 2023; Ouyang et al., 2022)
further advance the field. SAGE is the first service-
agent benchmark to jointly assess logical compli-
ance and chat quality across all service domains
without per-domain annotation.

2.2 Benchmarks for Service Dialogue Systems

Service dialogue benchmarks cover human-like
conversation (Ou et al., 2024), customer support
resolution (Wang et al., 2025), multi-turn shop-
ping interactions (Bernard and Balog, 2023; Li
et al., 2025a; Sun et al., 2024b), and real-world
dialogue analysis (Zhu et al., 2025; Zheng et al.,
2023; Zhang et al., 2025). Agent evaluation also
extends to specialized dialogue domains such as
diplomacy (Peng et al., 2025). These benchmarks
are typically tied to fixed, scenario-specific SOPs,
limiting cross-domain adaptability. SAGE breaks
this constraint by abstracting any SOP as a directed
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graph and providing a modular, intent-based ex-
tension mechanism that enables rapid, code-free
adaptation to new domains in two steps.

3 Methodology

To overcome Scenario Silos, SAGE employs Uni-
versal Dialogue Graph Modeling (§3.1), formal-
izing any SOP as a directed graph to enable domain-
agnostic evaluation without high-cost annotation.
To overcome Dialogue Dynamics Gap, SAGE in-
troduces Dynamic Multi-Turn Dialogue Simula-
tion (§3.2), replacing fixed scripts with adversarial
user agents that generate trajectories covering the
full SOP graph. Unlike prior benchmarks, Dual-
Axis Evaluation with Hybrid Verification (§3.3)
jointly assesses logical compliance and chat quality
per turn for precise error localization. These three
components, together with a Scenario Extension
Mechanism (§3.4) for low-cost domain adaptation,
form the pipeline illustrated in Figure 2.

3.1 Universal Dialogue Graph Modeling
Real-world SOPs are written as unstructured natu-
ral language documents, making automated evalua-
tion ambiguous and non-deterministic. To provide
a rigorous, domain-agnostic foundation, we for-
malize every SOP as a directed graph, enabling
deterministic ground-truth generation and system-
atic path coverage across all service scenarios. We
formalize each SOP as a directed graph G = (V,E)
with three node types: Start/End, Decision (branch-
ing on conditions), and Action nodes. Edges en-
code transitions triggered by Classification Fields
F (categorical attributes the agent must identify,
e.g., order type or user emotion) and System Infor-
mation S (factual context shared across all parties,
e.g., order status or payment record). S is prop-
agated throughout the entire pipeline: it shapes
the User Agent’s persona to prevent hallucinations,
guides the Service Agent’s decisions, and grounds
the Rule Engine’s ground truth, ensuring all three
components operate on a consistent factual basis.
With the graph established, we next use it to drive
dynamic dialogue simulation.

3.2 Dynamic Multi-Turn Dialogue Simulation
Static scripts fix a finite set of paths, leaving most
real user behaviors untested. To close this Dia-
logue Dynamics Gap, we generate trajectories via
dynamic User Agent–Service Agent interaction,
with the User Agent equipped with diverse intents
and personas to cover the full SOP graph.

User Agent generates user responses based on
personas and dialogue context:

at = UserAgent(h<t, st,S, I,P). (1)

at is conditioned on five inputs: dialogue his-
tory h<t, agent state st (a control signal tracking
whether the conversation has been opened, is on-
going, or should terminate), system information
S (grounding the user’s factual knowledge to pre-
vent hallucinations), user intent I (e.g., refund vs.
inquiry), and persona P (emotional state and co-
operativeness). I and P are drawn from the Ad-
versarial Intent Taxonomy (§ 3.4) and dynamically
instantiated to simulate diverse adversarial intents.

Service Agent is the evaluation target tasked
with navigating the SOP graph to generate a struc-
tured response. The output at turn t, denoted as bt,
comprises four distinct components:

bt = ServiceAgent(S, h<t, at, G)

= {pt, actiont,Ft, chatt}.
(2)

The four output components are: traversal path pt
(planned graph nodes sequence), actiont (selected
operation at the end node), classification fields Ft

(categorical judgments, e.g., user emotion), and
natural language chatt (user-facing response). Cor-
rectly identifying Ft is the core challenge, as it
determines pt and actiont on G, making every
decision step observable and comparable against
ground truth. The agents interact until termination,
and the resulting (at, bt) trajectory is passed to the
evaluation stage described next.

3.3 Graph-Guided Multi-Agent Evaluation

SAGE evaluates trajectories via Path Coverage
(ensuring all SOP branches are tested), a Judge
Agent (extracting classification labels and qual-
ity scores), and a Rule Engine (cross-validating
against graph logic), jointly assessing Logical Com-
pliance and Chat Quality.

3.3.1 Path Coverage

To guarantee full logic coverage, we predefine all
valid trajectories P via intent-balanced sampling
plus targeted supplementation for under-covered
paths. Rare branches are covered by an inverse con-
figuration mechanism that deterministically synthe-
sizes the required intents and system states, ensur-
ing every edge case is tested.
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Figure 2: Overview of SAGE evaluation framework.

3.3.2 Judge Agent
Since the Rule Engine captures only procedural
correctness, the Judge Agent handles semantic un-
derstanding of natural language. For each turn t, it
analyzes (S, h<t, at, chatt) and outputs classifica-
tion ground truth F∗

t and quality score schat:

(F∗
t , schat) = JudgeAgent(S, h<t, at, chatt). (3)

To ensure robustness against individual model bias,
we employ an ensemble of three Judge Agents. We
apply majority voting to determine the consensus
ground truth F∗

t of classification fields, while the
quality score schat is derived from the average rat-
ing. The classification ground truth F∗

t serves as
the input for the Rule Engine, while schat directly
quantifies the conversational quality. Human vali-
dation on 100 sampled turns shows 91.3% average
agreement between three annotators and the ensem-
ble, confirming label reliability (Appendix A.1).

3.3.3 Rule Engine
While the Judge Agent handles semantics, it cannot
guarantee procedural correctness on its own: LLM
outputs are probabilistic and may be inconsistent
across runs. The Rule Engine addresses this by
deterministically traversing the SOP graph given
F∗
t . It receives the consensus classification F∗

t ,
system information S , and graph G, and computes
the unique correct execution path and action:

(p∗t , action∗t ) = RuleEngine(F∗
t ,S, G). (4)

p∗t and action∗t serve as the deterministic reference
standard for logical compliance evaluation. Note
that while the Rule Engine itself is fully determin-
istic given fixed inputs, its upstream F∗

t carries the

inherent stochasticity of LLM judges; the ensemble
voting step is designed to minimize this variance.
Together, the Judge Agent and Rule Engine provide
complementary ground truth: the former for chat
quality, the latter for procedural correctness.

3.3.4 Dual-Axis Metrics Evaluation
With ground truth from both the Judge Agent and
Rule Engine, we compare the service agent’s out-
puts against these standards along two axes, en-
abling precise localization of defects.

Logical Compliance Evaluation. The overall
Logical Compliance Score combines three sub-
metrics as Scorelogic = 0.4Acccls + 0.4 Simpath +
0.2Accaction, where:
(1) Classification Accuracy measures alignment
between predicted Ft and ground truth F∗

t :

Acccls = |F|−1
∑

f∈F
I[Ft(f) = F∗

t (f)]. (5)

(2) Path Correctness measures the overlap between
the agent’s planned path and the Rule Engine’s
reference path:

Simpath =
|pt ∩ p∗t |
|p∗t |

. (6)

(3) Action Correctness verifies if the agent’s final
executed action matches the Rule Engine’s refer-
ence action:

Accaction = I[actiont = action∗t ]. (7)

Chat Quality Evaluation. Three Judge Agents
independently score each response across five di-
mensions (Linguistic Quality, Anthropomorphism,
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Content Utility, User Satisfaction, Instruction Com-
pliance), with scores averaged across judges:

Scorequality =
1

3

3∑

j=1

(
5∑

k=1

sj,k

)
. (8)

Overall Assessment Score. The final per-turn
score integrates both axes, weighting logic more
heavily to reflect the primacy of procedural correct-
ness in service scenarios:

Scoreoverall = 0.8× Scorelogic +0.2× Scorequality.
(9)

For multi-turn dialogues, we sample turns 1, 5,
10, 15, and the final turn to measure performance
across conversation depths. This weighted integra-
tion prioritizes procedural rigor while accounting
for user experience, facilitating the precise diagno-
sis of model defects across specific dimensions.
The weight sensitivity analyse of these mrtrics
(Appendix A.5) confirms that the current weight-
ing scheme exhibits strong robustness in evalua-
tion outcomes. We additionally report Format-
Conditioned Logic Scores computed only on
successfully parsed outputs, isolating reasoning
deficits from JSON serialization failures. Beyond
robust evaluation, SAGE is engineered for scalabil-
ity. We next detail how its modular design supports
rapid adaptation to arbitrary scenarios.

3.4 Scenario Extension Mechanism

Intent-based Adversarial Scenario Taxonomy.
To comprehensively simulate realistic user behav-
iors, we define a taxonomy along two dimensions:
goal alignment (the degree to which the user’s de-
mand matches what the service agent can provide)
and emotional state (the intensity of the user’s ag-
gression or urgency). This yields three adversarial
levels. Zero-adversarial intents are fully cooper-
ative: the user has a clear, standard request and a
friendly tone, primarily testing the agent’s basic
procedural execution. Weak-adversarial intents
introduce friction via complex constraints (e.g., an
unpaid bill that blocks a refund) or ambiguous
needs, requiring the agent to resolve contextual
conflicts without facing direct hostility. Strong-
adversarial intents involve emotional dissatisfac-
tion or emergencies (e.g., a safety hazard), where
the user employs aggressive strategies to demand
immediate resolution, rigorously testing the agent’s
negotiation and de-escalation capabilities.

Extension Mechanism. The taxonomy above is
injected into the User Agent via prompt engineer-
ing over I and P (details in Appendix B), enabling
diverse, high-fidelity simulation. Building on this,
adding a new service domain to SAGE requires
only two declarative steps: (1) formalizing the do-
main’s SOP as a directed graph, and (2) defining the
user persona profile for that domain. This modular
design fully decouples scenario configuration from
the evaluation engine, keeping deployment costs
low as business SOPs evolve. Beyond evaluation,
the same architecture supports automated dialogue
data synthesis, enabling large-scale generation of
training corpora for customer-service LLMs.

4 Experiments

4.1 Experiment Settings

We evaluate 27 representative Large Language
Models (LLMs) across closed-source and open-
source families, covering diverse scales and ar-
chitectures. Closed-source models are accessed
via stable official APIs, including the Claude se-
ries (Sonnet-4.5, Opus-4.5), GPT-4.1 (Achiam
et al., 2023), the Gemini series (2.5-Pro, 3-
Pro/Flash) (Team et al., 2023), Qwen-Max (Bai
et al., 2023), and the Doubao series. Open-source
models are deployed locally with vLLM (Kwon
et al., 2023), including the Qwen2.5 and Qwen3
families (Bai et al., 2023), the DeepSeek series
(V3, V3.2, R1) (Liu et al., 2024a), the Llama-
3 series (Dubey et al., 2024), GLM-4.7 (Zeng
et al., 2022), Kimi-K2.5 (Team et al., 2025), and
MiniMax-M2.1 (Chen et al., 2025). This selection
supports comparison across proprietary systems,
open-source models, scales, and architectures.

To assess the generalization capability of ser-
vice agents across industrial domains, we construct
six customer service scenarios with different lev-
els of SOP complexity, ranging from standardized
procedural inquiries to complex, high-stakes dis-
putes. We denote these scenarios as Online Edu-
cation (OE), E-commerce Refund (ER), Telecom
Package (TP), Property Service (PS), Logistics De-
livery (LD), and Airline Refund (AR). They share
a unified configuration structure but differ in task-
specific fields, actions, and SOP logic. Detailed
descriptions are in Appendix B.1.1.

4.2 Overall Model Performance

We first examine overall model performance across
the six scenarios. In addition to the primary metrics,
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Table 1: Main results across 6 scenarios (0-100 Scale). OA: Overall Assessment Score; Logic: Logical Compliance
Score; Chat: Conversational Quality Score. The superscripts indicate the ranking within Closed-Source and Open-
Source groups, respectively. Format Error: Percentage of outputs failing JSON parsing. Chat Length: Average
character count of the response field.

Model AVG Score OA on 6 Scenarios Format Chat

Name OA Logic Chat ER TP PS LD AR OE Error Length

Closed-Source Large Language Models

Claude-Sonnet-4.5 71.562 70.103 77.381 71.21 75.03 75.07 67.30 66.52 74.24 0.75 % 93.42
Claude-Opus-4.5 72.621 72.101 74.682 72.73 73.12 73.25 71.25 70.12 75.22 0.94 % 43.49
GPT-4.1 66.796 68.314 60.708 70.32 66.90 65.46 62.69 63.68 71.69 0.04 % 18.59
Gemini-2.5-Pro 66.905 65.698 71.734 69.46 66.42 69.60 64.92 60.71 70.28 0.00 % 53.33
Gemini-3-Pro-Preview 71.403 71.272 71.893 70.99 69.09 73.65 68.05 64.45 82.15 0.00 % 48.60
Gemini-3-Flash-Preview 68.284 68.165 68.755 67.56 65.36 71.62 67.10 62.40 75.62 8.92 % 50.16
Qwen-Max 66.547 67.576 62.447 66.81 65.47 64.36 64.03 63.85 74.75 0.00 % 27.55
Doubao-Seed-1.6-Flash 51.759 51.089 54.439 54.18 51.59 47.34 46.98 47.37 63.04 0.49 % 18.83
Doubao-Seed-1.8 66.148 65.787 67.626 70.25 65.89 69.03 64.01 62.19 65.49 0.04 % 26.79

Open-Source Large Language Models

Qwen2.5-3B-Instruct 56.1617 55.1617 60.1512 68.92 55.16 54.53 46.01 59.65 52.70 0.02 % 26.76
Qwen2.5-7B-Instruct 61.2213 60.8013 62.866 69.05 62.58 60.19 47.24 60.88 67.35 0.00 % 19.44
Qwen2.5-14B-Instruct 60.9014 60.6714 61.808 67.64 63.33 58.12 54.24 62.96 59.11 0.00 % 27.23
Qwen2.5-32B-Instruct 65.347 66.497 60.7411 72.07 68.27 62.26 62.99 60.25 66.20 0.00 % 21.18
Qwen2.5-72B-Instruct 65.278 65.5111 64.304 64.90 69.16 65.78 63.16 59.83 68.76 0.00 % 44.67
Qwen3-4B 57.8615 58.5615 55.0516 64.71 62.72 56.57 44.36 56.47 62.31 0.04 % 24.12
Qwen3-8B 56.7116 57.6516 52.9317 51.88 62.80 54.03 47.77 57.67 66.08 0.00 % 19.93
Qwen3-14B 63.8812 65.5710 57.1114 63.79 68.01 64.81 56.13 63.78 66.74 0.43 % 25.54
Qwen3-32B 64.6910 65.979 59.5813 67.94 65.48 66.71 58.79 61.66 67.56 1.48 % 24.15
Qwen3-235B-A22B 64.729 64.8712 64.135 66.73 64.97 61.47 64.77 62.37 68.02 1.34 % 32.85
Deepseek-V3.2 71.291 72.081 68.112 71.51 70.61 70.71 70.87 65.84 78.17 0.00 % 27.48
Deepseek-V3 66.546 67.905 61.1110 69.62 71.60 67.57 60.08 61.58 68.77 0.00 % 18.50
Deepseek-R1 68.393 70.002 61.947 70.16 70.39 70.58 65.75 64.03 69.40 0.97 % 38.08
GLM-4.7 67.255 68.684 61.529 68.14 66.02 69.64 66.50 60.82 72.36 1.46 % 17.58
Kimi-K2.5 68.712 69.163 66.933 69.69 69.41 71.84 65.74 64.45 71.15 0.52 % 34.17
MiniMax-M2.1 68.334 66.596 75.291 68.33 70.12 64.07 68.54 66.37 72.55 0.82 % 61.27
Llama-3.1-8B-Instruct 37.6218 37.3618 38.6418 49.58 55.83 37.58 28.26 38.14 16.30 44.33 % 44.70
Llama-3.3-70B-Instruct 64.0211 66.068 55.8515 68.60 64.74 63.87 60.27 62.93 63.71 0.03 % 13.79

including Logical Compliance Score, Chat Quality
Score, and Overall Assessment Score, we report
two auxiliary indicators: Format Error Rate and
Average Chat Length. The former quantifies JSON
parsing failures as a proxy for instruction-following
stability, while the latter measures response ver-
bosity and potential redundancy. Building on the
evaluation setup above, Table 1 presents the com-
prehensive results across all models and scenarios.

Superiority of Closed-Source Models and the
Rising Open-Source Challengers. Closed-source
models still define the frontier: Claude-Opus-4.5
achieves the highest OA score (72.621), supported
by top logical reasoning (72.101) and impressive
chat quality (74.682). However, the performance
gap between proprietary and open-weight models
is remarkably narrow. DeepSeek-V3.2 reaches an
open-source OA of 71.291, surpassing GPT-4.1 and
Gemini-3-Pro-Preview. This indicates that state-

of-the-art open-source architectures have reached
a level of maturity capable of handling complex,
graph-guided service logic previously reserved for
proprietary systems.

Decoupling Logical Compliance and Conver-
sational Quality. Results show a trade-off be-
tween procedural rigor and conversational qual-
ity. Claude-Opus-4.5 leads in logic, while Claude-
Sonnet-4.5 ranks first in Chat Quality (77.381), sug-
gesting a more empathetic persona. MiniMax-M2.1
is another outlier: despite moderate Logic (66.596),
it attains the best open-source Chat score (75.291).
This suggests that certain models are specifically
optimized for human-like interaction, which can
occasionally compensate for minor procedural de-
viations in terms of overall user perception. In
contrast, DeepSeek-R1 and GPT-4.1 lean heavily
toward logic-first strategies, often at the expense of
conversational warmth.
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Figure 3: Logic performance analysis across scenarios.

The Dynamics of Response Verbosity and Sta-
bility. Response length helps indicate service qual-
ity, but only up to a threshold. Strong models such
as Claude-Sonnet-4.5 (93.42 chars) and MiniMax-
M2.1 (61.27 chars) give more detailed guidance
and empathetic de-escalation, which matter in com-
plex scenarios like ER and AR. Smaller models
often fail catastrophically: Llama-3.1-8B-Instruct
has a 44.33% Format Error, failing basic JSON
output. Gemini-3-Flash-Preview remains competi-
tive despite a higher error rate (8.92%), suggesting
efficient reasoning when formatting succeeds.

4.3 Cross-Scenario Difficulty Analysis

SAGE provides a standardized framework to quan-
tify scenario complexity (Figure 3). We define
difficulty by the “Execution Gap”: the gap between
identifying task-relevant fields and selecting the
final action, visualized as the disparity between
nested bars. In complex scenarios such as ER, AR,
LD, and OE, Classification_Acc (Light Gray) and
Action_Acc (Dark Blue) diverge sharply. This re-
veals a Logic Deduction Barrier: even with correct
fields (Ft), models often fail to infer the next action,
showing that semantic classification alone does not
ensure procedural execution under complex SOP
dependencies. In more standardized scenarios such
as PS and TP, Path_Acc (Light Blue) can exceed
Classification_Acc (Light Gray). Since Path Accu-
racy measures the overlap between predicted and
ground-truth paths, models can earn partial credit
by traversing early, simpler steps even when they
miss harder classifications. Thus, Path_Acc cap-
tures macroscopic procedural progress rather than
final correctness alone. Together with stricter Clas-
sification_Acc and Action_Acc, it forms a diagnos-
tic profile covering both coarse SOP following and
fine-grained reasoning.
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Figure 4: Performance evolution across dialogue turns.

4.4 Multi-turn Robustness Analysis

After aggregate and scenario-level analyses, we
examine robustness as dialogue context accumu-
lates. Figure 4 shows OA, Logic, and Chat scores
at Turns 1, 5, 10, and 15. Most scenarios (e.g.,
AR, ER, PS, TP) exhibit an “Inverted-U” trajec-
tory: scores peak around Turn 5 and drop by Turn
15. This reflects two phases. This phenomenon
arises from two distinct phases. During the In-
formation Gain Phase (Turns 1–5), performance
improves (e.g., ER OA increases from ∼ 67 to
∼ 68) as multi-turn interactions overcome cold-
start deficits by gathering critical details like order
IDs and complaints, enabling accurate intent clas-
sification and SOP navigation. Conversely, the
Context Fatigue Phase (Turns 10–15) sees perfor-
mance decline (e.g., PS OA drops from approxi-
mately 63 to 57) as accumulated dialogue noise
exposes LLMs’ long-context limitations, trigger-
ing the “Lost in the Middle” phenomenon where
models hallucinate or lose SOP state tracking.

4.5 Impact of Adversarial Intensity

To validate our Adversarial Scenario Taxonomy,
we compare model performance across three ad-
versarial levels of user intent. Figure 5 shows box
plots for Overall Score, Logic Score, Chat Quality,
and Format Error Rate. To rigorously substantiate
these claims, we non-parametric Kruskal-Wallis H
tests across intensity levels, detailed in Table 2.

Logic Degradation and Error Escalation. As
adversarial intensity increases, Logical Compliance
consistently declines (p = 2.30× 10−12), confirm-
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Table 2: Kruskal-Wallis H tests across adversarial intensity levels. Values are reported as Mean ± SD.

Intensity Overall Score Logic Ability Chat Quality JSON Error (%)

Zero 0.68± 0.12 0.69± 0.14 0.63± 0.09 1.25± 4.14
Weak 0.66± 0.09 0.67± 0.10 0.63± 0.08 1.81± 6.54
Strong 0.60± 0.12 0.60± 0.12 0.61± 0.13 3.65± 15.79

p-value 2.21× 10−11 2.30× 10−12 0.71 (n.s.) 0.064
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Figure 5: Performance distribution across intent type.

ing that behaviors triggered by high adversarial
intent, including information concealment and emo-
tional aggression, create logical friction and hinder
SOP adherence. Meanwhile, the JSON Error Rate
rises in Strong-Adversarial scenarios, with its mean
nearly tripling from 1.25% to 3.65% and approach-
ing statistical significance (p = 0.064), suggesting
that high cognitive or emotional pressure induces
instruction drift and invalid JSON outputs.

The Stability in Chat Quality. This metric
remains consistently robust across adversarial in-
tensities, with no statistically significant variation
(p = 0.71), reflecting an “Empathy Resilience”
that decouples dialogue from logic: models sustain
polite, de-escalating facades even as user aggres-
sion impairs logical compliance. Such dissociation
validates dual-axis evaluation to separate surface
fluency from procedural robustness.

Increased Discriminative Power. Score distri-
butions also become more dispersed as intensity
increases, with larger interquartile ranges and more
outliers. While models perform similarly in Zero-
Adversarial settings, Strong-Adversarial scenarios
widen the gap between top- and low-tier models,
making high intensity a stronger filter for robust
agentic capability.
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Figure 6: Correlation analysis between the Chat Qual-
ity Score and its five sub-dimensions. The deviations
from the regression lines (e.g., Doubao-Seed-1.8’s high
Linguistic vs. low Instruction scores) highlight specific
model characteristics.

4.6 Sub-Metric Diagnostics
Finally, we test whether SAGE is not only a scoring
benchmark but also a diagnostic tool. We correlate
the aggregate Chat Quality Score with its five con-
stituent Sub-dimension Scores. Figure 6 supports
two uses: validating sub-metric consistency and
fine-grained capability profiling.

High Metric Consistency. All five dimensions
exhibit strong linear correlations with the Chat
Quality Score (R2 > 0.9). This statistical co-
herence validates our metric design by confirm-
ing each dimension’s reliable contribution. In
complex multi-agent evaluation, such high lin-
earity precludes non-linear distortions (e.g., S-
shaped curves) or significant noise in any dimen-
sion, which would otherwise signal flawed scoring
rubrics or LLM-as-judge hallucinations and incon-
sistencies. The absence of these anomalies con-
firms that the SAGE framework effectively encap-
sulates the multi-faceted nature of conversational
ability, maintaining high interpretability and mini-
mal bias across all predefined dimensions.

Capability Profiling via Residual Analysis.
Beyond the linear trend, residuals identify model-
specific strengths and weaknesses. Points above
the Linguistic Quality line indicate exceptional flu-
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Table 3: Model Performance Comparison across Different Metrics.

Model Professional (Contrast) Conv. User Conv. Service Conv. Judge Rearranged Criteria

Deepseek-V3.2 78.17 77.92 78.05 77.88 78.10
GLM-4.7 72.36 72.11 72.28 71.95 72.33
Kimi-K2.5 71.15 70.98 71.02 70.87 71.20
Qwen3-32B 67.56 67.21 67.40 67.05 67.48
Gemini-3-Pro-Preview 82.15 81.88 82.02 81.76 82.09

ency; Doubao-Seed-1.8 and DeepSeek-R1 show
such positive residuals. A point significantly de-
viating from the mean regression line indicates
that a model’s capability in that specific dimen-
sion is disproportionate to its overall performance.
Points below the Instruction Compliance line indi-
cate difficulty following constraints; Doubao-Seed-
1.8 and Qwen3-8B fall notably below this trend.
This reveals a capability imbalance: several mod-
els exhibit high linguistic articulation yet frequently
overlook formatting or constraints. Such granular
analysis proves SAGE’s capacity to diagnose sub-
tle alignment trade-offs, effectively distinguishing
merely chatty models from strictly compliant ones.

4.7 Prompt Sensitivity

To address prompt sensitivity concerns, we con-
ducted a controlled experiment testing four vari-
ations (conversational User/Service/Judge Agent
prompts, and rearranged criteria order) on five mod-
els in the Online Education (OE) scenario. The
results are shown in Table 3.

Score fluctuations remained minimal across all
variations with an average deviation of 0.25 points.
Especially rearranging the criteria order had ex-
ceedingly slight impact on the scores. Conversa-
tional Judge prompts caused a uniform, slight score
decrease, yet relative model rankings and perfor-
mance trends remained perfectly consistent.

These findings prove that our evaluation out-
comes are structurally grounded in the SOP graph
and deterministic rule-based verification. The
framework is not sensitive to minor prompt varia-
tions, making it a robust and highly reproducible
benchmark for the research community.

5 Conclusion

We presented SAGE, a scenario-extensible bench-
mark that addresses Scenario Silos and Dialogue
Dynamics Gap by formalizing SOPs as directed
graphs and coupling them with adversarial multi-
turn simulation. A hybrid agentic-and-rule-based

mechanism enables dual-axis evaluation of logi-
cal compliance and conversational quality per turn.
Experiments across 27 mainstream LLMs and six
industrial scenarios surface three cross-model phe-
nomena: an Execution Gap where correct intent
recognition does not guarantee correct action exe-
cution, Empathy Resilience where conversational
quality remains stable despite logical failures un-
der adversarial pressure, and an Inverted-U trajec-
tory where performance peaks at mid-dialogue be-
fore declining under extended context. These find-
ings provide a fine-grained capability map for real-
world model selection and underscore the necessity
of dual-axis, multi-turn evaluation in high-stakes
service deployment.

Limitations

While SAGE advances the evaluation of service
agents, several limitations remain. SAGE currently
focuses on text-based, single-modality service in-
teractions; extending to multimodal scenarios (e.g.,
image-based complaints or voice dialogues) is a
natural next step. The benchmark also covers
customer service SOPs, and applying the graph-
guided framework to other procedural domains
such as medical triage or legal consultation would
require domain-specific SOP formalization, which
we leave for future work. While SAGE evaluates
agent behavior at inference time, it does not di-
rectly address how benchmark findings can be used
to improve models via fine-tuning or reinforcement
learning, which is seen as a promising direction.
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A Experiment Results Supplementary

This appendix provides supplementary data sub-
stantiating our main findings. We first validate our
multi-agent ensemble via a Single-Judge Bias ab-
lation study. Next, we present granular turn-level
analysis to detail multi-turn robustness, followed
by a breakdown of performance shifts under vary-
ing adversarial intensities. Finally, we decompose
Logic and Chat scores into sub-metrics, quantify-
ing the “Execution Gap” and capability imbalances.
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Figure 7: Overall Average Score Heatmap. Rows repre-
sent Judge models, columns represent Agent models.

A.1 Impact of Single-Judge Bias
To validate the robustness of our evaluation mecha-
nism, we conducted an ablation study to investigate
the bias inherent in using a single Large Language
Model (LLM) as a judge. Specifically, we selected
a subset of models (from the Qwen2.5 and Qwen3
families) to act as both Service Agents and Judge
Agents in a round-robin evaluation setup.

The results are visualized in three heatmaps:
Overall Average Score (Figure 7), Chat Quality
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(Figure 9), and Logic Ability (Figure 8). In these
plots, the Y-axis represents the Judge Model and the
X-axis represents the Evaluated Agent. This experi-
ment reveals two critical limitations of single-judge
frameworks:
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Figure 8: Logic Ability Heatmap. Horizontal variances
indicate differing judge strictness.

1. Egocentric Bias (Self-Preference). A dis-
tinct diagonal dominance is observable, particularly
in Figure 9 (Chat Quality). Models tend to assign
higher scores to their own outputs (or outputs from
the same model family) compared to external eval-
uators. For instance, the diagonal cells in Figure 9
often exhibit deeper colors than the off-diagonal
cells in the same column, indicating that a model
favors response styles similar to its own training
distribution.

2. Systematic Scoring Bias. Significant hor-
izontal variations exist across all three heatmaps,
especially in Figure 8 (Logic Ability). This indi-
cates that different judges possess different strict-
ness standards. Some judges (represented by rows
with consistently lighter colors) act as strict graders,
systematically assigning lower scores across all
agents, while others (darker rows) are more lenient.
For example, Qwen3-8B as a judge might exhibit a
different scoring distribution compared to Qwen2.5-
32B.

Justification for Multi-Agent Ensemble.
These findings demonstrate that relying on a sin-
gle judge introduces significant variance and bias,
where the evaluation outcome is heavily contin-
gent on the specific evaluator’s preferences rather
than the intrinsic quality of the service agent. To
mitigate this, SAGE employs an Ensemble of
Three Judge Agents by using majority voting
for classification and average scoring for quality.

The three Judges are drawn from disjoint vendors
so that majority voting cancels any single-model
self-preference: GPT-4.1, Doubao-Seed-1.6-flash,
DeepSeek-V3. This collaborative approach effec-
tively smooths out individual model biases, can-
cels out extreme scoring tendencies, and ensures
a more objective and robust evaluation standard,
as reflected in our main experimental results. To
further validate the reliability of the ensemble’s
ground truth labels, we conducted a blind human
validation study on 100 randomly sampled multi-
turn dialogue turns. Three independent human an-
notators evaluated each turn, and their agreement
with the ensemble’s majority-vote classification
reached 92%, 89%, and 93%, respectively, yielding
an average human-AI agreement of 91.3%. This
strong alignment confirms that ensemble voting
successfully mitigates individual model biases, and
that Logic Score improvements in our benchmark
genuinely reflect better SOP compliance rather than
alignment with judge model artifacts.
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Figure 9: Chat Quality Heatmap. Darker diagonals
indicate self-preference bias.

A.2 Supplementary Analysis of Turn
This chapter supplements the content of Section 4.4.
Table 4 provides a granular view of model per-
formance evolution across dialogue turns (T1, T5,
T10, T15). Consistent with the “Inverted-U” trajec-
tory discussed in the main text, most scenarios (e.g.,
AirlineRefund, PropertyService) exhibit a perfor-
mance peak around Turn 5, followed by a decline
at Turn 15.

• Context Accumulation (T1 to T5): The ini-
tial improvement in Logic Score (e.g., Tele-
comPackage: 68.0 to 68.5) indicates that mod-
els effectively gather user information in early
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turns to clarify intent.

• Context Fatigue (T10 to T15): The subse-
quent drop (e.g., PropertyService Logic: 58.6
to 55.5) highlights the difficulty of maintain-
ing logical consistency over long contexts.

• Chat Stability: Interestingly, Chat Scores of-
ten remain stable or decline less than Logic
Scores (e.g., EcommerceRefund Chat: 66.5
to 66.2), suggesting that models maintain lin-
guistic fluency even when their procedural
reasoning falters.

A.3 Supplementary Analysis of Adversarial
Intensity

This chapter supplements the content of Section 4.4.
Table 5 details the impact of adversarial intensity
on model performance. Kruskal-Wallis H tests
validate the performance shifts across adversarial
intensities, statistically confirming our claims (Ta-
ble 2).

• Logic Degradation: As expected, Logic
Scores generally decrease as intensity rises
from Zero to Strong (e.g., LogisticsDelivery:
84.0 to 54.5), confirming that adversarial user
behaviors successfully challenge the agent’s
reasoning capabilities.

• Format Error Escalation: The JSON Error
rate consistently increases with intensity (Av-
erage: 1.2% to 3.7%), indicating that high-
pressure scenarios induce “instruction drift,”
causing models to violate output formatting
constraints.

• Scenario Specifics: In some scenarios
like AirlineRefund, performance actually im-
proves from Zero to Weak, likely because
the “Zero” setting involves trivial queries that
some powerful models might over-complicate,
whereas “Weak” scenarios provide clearer
task structures.

A.4 Supplementary Analysis of Correlation
Analysis of Sub-Metrics

This chapter supplements the content of Section 4.6.
Figure 10 provides the distribution of the three
adversarial intent types across different scenarios.
Table 6 breaks down the Logic and Chat scores into
their constituent sub-dimensions.

Figure 10: Distribution of three adversarial intent types
across scenarios.

• The Execution Gap: A significant dispar-
ity exists between Classification Accuracy
(Avg: 72.9) and Action Correctness (Avg:
41.7). This gap is most pronounced in Ecom-
merceRefund (88.0 vs. 29.5), proving that
while models are adept at understanding in-
tent, they struggle to execute the correct se-
quence of actions in complex SOPs.

• Chat Quality Imbalance: Within Chat Qual-
ity, Linguistic Quality (Avg: 69.7) and In-
struction Compliance (Avg: 71.8) are high,
whereas Anthropomorphism (Avg: 57.3) is no-
tably lower. This suggests that current LLMs
are polite and compliant but lack the “human
touch” or empathy required for high-quality
customer service.

A.5 Weight Sensitivity Analyse
To validate the robustness of our evaluation metric
design, we conduct a weight sensitivity analysis
examining how variations in the weighting scheme
affect model rankings. Our composite score is de-
fined as:

Soverall = wlogic · Slogic + (1−wlogic) · Schat (10)

where Slogic = 0.4 · Scls + 0.4 · Spath + 0.2 · Sfinals
and Schat represents the normalized mean of five
dialogue quality dimensions. The baseline configu-
ration uses wlogic = 0.8.

Top-Level Weight Sensitivity. We sweep wlogic
from 0 to 1 and measure ranking stability using
Kendall’s τ correlation with the baseline rank-
ing and the number of pairwise rank flips. As
shown in Figure 11, the ranking remains highly
stable (Kendall’s τ ≥ 0.9) within the range
wlogic ∈ [0.73, 0.86], demonstrating that our choice
of wlogic = 0.8 is not an isolated optimum but
lies within a broad stability plateau. Even at
wlogic = 0.7, only 19 out of 351 possible model

25159



Table 4: Turn-by-Turn Performance Analysis by Scenario. (0-100 Scale).

OA Score Logic Score Chat Score Chat Length

Scenario T1 T5 T10 T15 T1 T5 T10 T15 T1 T5 T10 T15 T1 T5 T10 T15

AirlineRefund 61.1 61.9 59.8 57.2 60.7 61.4 58.7 55.7 63.1 64.1 64.3 63.2 37 36 35 34
EcommerceRefund 66.9 67.9 68.1 66.5 67.5 68.5 68.5 66.6 64.6 65.5 66.5 66.2 37 34 38 36
LogisticsDelivery 59.5 60.5 60.7 60.8 58.9 59.9 60.0 60.7 62.0 63.1 63.3 61.4 40 39 40 45
OnlineEducation 67.0 69.4 71.5 73.1 67.5 69.9 72.6 75.0 65.1 67.3 67.3 65.5 35 35 34 36
PropertyService 64.1 64.7 59.8 56.9 63.9 64.6 58.6 55.5 64.6 65.4 64.4 62.8 30 30 32 35
TelecomPackage 65.9 66.4 64.1 62.1 68.0 68.5 65.0 62.9 57.8 58.3 60.3 58.9 33 33 33 33

Table 5: Adversarial Intensity Analysis: Average Performance Across All Models (0-100 Scale).

Scenario Overall Logic Chat Quality JSON Error (%)
Zero Weak Strong Zero Weak Strong Zero Weak Strong Zero Weak Strong

AirlineRefund 49.7 63.2 60.9 46.3 63.2 60.3 63.3 63.0 63.4 1.6 1.8 3.4
E-commerceRefund 73.1 68.8 58.9 74.8 69.7 58.1 66.2 65.2 62.0 1.0 1.5 3.9
LogisticsDelivery 78.2 59.9 56.4 84.0 59.5 54.5 55.2 61.6 63.6 0.6 2.0 3.8
OnlineEducation 75.7 74.4 62.6 78.1 76.7 62.0 66.1 65.1 64.9 2.3 2.9 4.5
PropertyService 65.1 61.4 67.0 64.4 60.3 68.8 67.9 65.9 60.0 0.9 1.0 3.1
TelecomPackage 66.2 69.5 54.8 67.7 72.6 55.2 60.1 57.1 53.3 1.0 1.6 3.1

Average 68.0 66.2 60.1 69.2 67.0 59.8 63.1 63.0 61.2 1.2 1.8 3.7

Table 6: Sub-dimension Analysis: Average Performance
Across All Models (0-100 Scale). Path: Path Correct-
ness; Finals: Finals Correctness; Class.: Classification
Accuracy; Ling.: Linguistic Quality; Anth.: Anthropo-
morphism; Cont.: Content Utility; Satis.: User Satisfac-
tion; Instr.: Instruction Compliance (0-100 Scale).

Metric AR ER LD OE PS TP Avg.

Logic Ability
Path 64.4 66.0 64.3 67.0 67.2 74.6 67.3
Action 29.4 29.5 32.3 43.0 57.1 58.7 41.7
Class. 72.5 88.0 66.9 80.2 64.0 65.9 72.9

Chat Quality
Ling. 68.3 70.1 68.9 71.6 71.3 67.9 69.7
Anth. 56.2 58.8 55.5 62.3 58.3 52.8 57.3
Cont. 60.6 62.1 58.6 60.0 60.8 52.1 59.0
Satis. 62.0 64.0 60.0 61.7 62.1 53.9 60.6
Instr. 73.1 71.4 71.6 73.0 75.0 66.3 71.8

pairs (5.4%) experience rank flips, confirming that
the relative performance conclusions are robust to
moderate perturbations of the top-level weight.

Logic Ability Internal Weight Sensitivity. We
further examine the sensitivity of the internal
weighting within Slogic by performing a grid sweep
over the simplex {(wcls, wpath, wfinals) | wcls +
wpath + wfinals = 1}. Figure 12 presents the
Kendall’s τ and rank flip counts as heatmaps pa-
rameterized by wcls and wpath (with wfinals = 1 −
wcls − wpath). The results indicate that the rank-
ing is stable across a wide region of the weight
simplex, with high τ values (≥ 0.8) maintained

throughout most of the feasible space. This con-
firms that the specific choice of (0.4, 0.4, 0.2) does
not disproportionately favor any particular model.

Figure 11: Top-level weight sensitivity analysis. Upper:
Kendall’s τ correlation between rankings under varying
wlogic and the baseline ranking (wlogic = 0.8). Lower:
Number of pairwise rank flips. The red dashed line
indicates the baseline weight. Rankings remain stable
(τ ≥ 0.9) within wlogic ∈ [0.73, 0.86].

B Scenario Extending

B.1 Scenario Configuration Template

Our benchmark includes six customer service sce-
narios, each following a unified configuration struc-
ture. The detailed components, their specific fields,
and data formats are summarized in Table 7. Clas-
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Figure 12: Logic ability internal weight sensitivity. Left: Kendall’s τ heatmap over the weight simplex (wcls,
wpath). Right: Pairwise rank flip counts. The black star marks the baseline configuration (0.4, 0.4, 0.2). The dashed
diagonal represents the constraint boundary wcls + wpath = 1. High ranking stability is observed across the majority
of the feasible weight space.

sification Fields (Classifi_Fields) are task-specific
fields that the agent must classify based on dia-
logue context and system information. Actions
means possible actions that the service agent can
take.

B.1.1 Six Scenarios Overview
Our study encompasses six customer service sce-
narios. Despite their diverse operational tasks, all
six scenarios follow the same configuration struc-
ture but differ in their specific fields, actions, and
SOP logic. The detailed graph of each scenario is
provided in the code repository.

• E-commerce Refund (ER): Covers refund pro-
cessing, order issue handling, and logistics
anomalies. This is the most complex scenario,
featuring a deep decision tree based on prod-
uct status and user credit levels. Agents must
navigate multi-branch logic and negotiate refund
terms with varied user temperaments.

• Logistics Delivery (LD): Covers package track-
ing, delivery issues, loss compensation, and re-
turns. It centers on supply chain exceptions, such
as lost or delayed parcels, requiring proficiency
in status tracking and insurance claim processing.

• Telecom Package (TP): Covers package sub-
scription, modification, billing inquiry, and com-
plaints. It is a relatively standardized scenario
focusing on linear SOP execution for billing and
plan upgrades, evaluating instruction following
and upselling protocols.

• Property Service (PS): Covers fee consultation,
complaint handling, and maintenance services.

It emphasizes community coordination and emo-
tional management in offline service contexts,
such as repair scheduling and noise complaint
handling.

• Airline Refund (AR): Covers flight rebook-
ing/refund, complaints, and flight information
inquiry. It is a high-complexity scenario gov-
erned by rigid, time-sensitive policies, testing the
agent’s precision in calculating dynamic cancel-
lation fees and de-escalating passenger anxiety.

• Online Education (OE): Covers student inquiry
handling, complaint resolution, and refund nego-
tiation. It focuses on long-term contract disputes
and rigorous risk control, requiring agents to
identify potential malicious refunders and strictly
follow intricate refund formulas.

These scenarios collectively cover the spectrum
from simple procedural execution to complex ad-
versarial negotiation, ensuring a robust assessment
of agentic capabilities.

B.2 User Simulator Design

To simulate realistic customer interactions, we con-
figure user simulators with comprehensive profiles
and strict behavioral guidelines by scenario.

B.2.1 User Profile Components
Each user simulator is initialized with a detailed
profile to ensure diverse and realistic interactions.
The profile defines the User Intent, representing
the user’s primary goal in the conversation (e.g., in-
quiry, complaint, or refund request), alongside Per-
sonality Traits that dictate their communication
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Table 7: General Structure of Scenario Configuration

Component Elemetnt Description

Metadata scenario_id Unique identifier for the scenario.
scenario_name Human-readable name of the scenario.
description Brief textual description of the context.

Classifi_Fields field_name Name of the task-specific classification field.
data_type Data type (e.g., boolean, string, enum).
options List of valid values whose meanings are detailed.
description Detailed definition of the field.

System Informa-
tion

Variable States Backend information available to the agent (e.g., user credit level, package
status, order status)

Actions action_name Name of the executable action.
description Functional description of what the action does.
parameters Optional parameters for the action.

SOP Logic Stage Sequence Ordered sequence of dialogue stages.
Trans Conditions Routing rules based on fields and system information.
Terminal Actions Final actions executed at the end nodes.

Metrics Path_Accuracy Whether the agent follows the correct SOP path.
Action_Accuracy Whether the agent selects the correct final action.
Classifi_Accuracy Accuracy of classifying dialogue fields.
Chat Quality LLM-judged response quality (5 dimensions).
JSON Error Rate Rate of invalid JSON formatting in outputs.

style (e.g., friendly, impatient, or detail-oriented).
To control conversation difficulty, we introduce an
Adversarial Level of Intent categorized into three
tiers: Zero Adversarial Intensity for cooperative
users who readily accept recommendations, Weak
Adversarial Intensity for users with mild concerns
or questions, and Strong Adversarial Intensity for
demanding or dissatisfied users requiring negotia-
tion. Additionally, the Initial System State pro-
vides essential backend context about the user, such
as their order history and account status.

B.2.2 Interaction Guidelines

Beyond static profiles, user simulators are governed
by specific interaction guidelines to maintain be-
havioral consistency throughout the dialogue. On
the positive side, simulators are instructed to use
natural language aligned with their assigned person-
ality, gradually disclose information across multi-
ple turns, stay focused on their core intent, respond
appropriately to the agent’s actions, and maintain
consistent emotional and adversarial levels. Con-
versely, to prevent unrealistic interactions, we en-
force strict negative constraints: simulators must
not switch intents mid-conversation, reveal all infor-
mation simultaneously, end the conversation prema-
turely, or break character by acknowledging their
simulated nature.

B.3 Example: Telecom Package Scenario

This subsection provides a complete example us-
ing the Telecom Package scenario to illustrate the
configuration, prompts, and decision paths.

B.3.1 Scenario Configuration
Telecom Package Scenario

1. Scenario Description: Handling customer
inquiries about telecom package subscription,
package modification, billing inquiries, and
complaint processing.
2. Classification Fields:

- ConsumptionType: User’s dialogue intention
(Options: Enquiry, Change, Cancel)

- ApplicationTendency: Whether user tends to
subscribe to recommended package (Options: Agree,
Reject, Hesitate)

- ConsumptionProfile: Type of package user
prefers (Options: Data, Voice)

- EmotionTag: User’s emotion in dialogue
(Options: Calm, Discontent)
3. System Variables:

- PackageStatus: User’s current package status
(Contracted/NoContract)

- Penalty: Penalty fee if user cancels
contracted package (integer)
4. Actions:

- ChangeOrder: Process package change for user
- GoodBye: Politely end the conversation
- TransHuman: Transfer to human agent

5. SOP Stages:
stage1: Field Classification - Classify 4

fields based on dialogue
stage2: User Consumption Intention Judgment -

Branch by ConsumptionType
stage3: User Consumption Profile Judgment -

Branch by ConsumptionProfile
stage4: User Package Status Judgment - Branch by

PackageStatus
stage5: Contract Penalty Situation - Branch by

Penalty amount
stage6: User Application Tendency Judgment -

Branch by ApplicationTendency
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stage7: User Emotion Judgment - Branch by
EmotionTag

B.3.2 Prompts for Agent
To operationalize the multi-agent system, we care-
fully crafted three prompt templates corresponding
to each agent’s role. The detailed formulations for
the Customer Service Agent Prompt, User Simula-
tor Prompt Template, and Judge Prompt Template
are presented in detail below.

Customer Service Agent Prompt

You are a professional intelligent customer service
representative handling [telecommunications
package subscriptions]. You must process user
enquiries regarding package subscriptions
according to the following Standard Operating
Procedure (SOP) and system variables, outputting a
complete response in JSON format.
[System Variables Introduction] PackageStatus:
User package status (Contracted/NoContract)
Penalty: Penalty fee user needs to pay (int)
[SOP Flow Introduction]
1. Field Classification (stage1): Classify the
following 4 fields based on the given dialogue
history, then jump to stage2.

- ConsumptionType: User dialogue intent
(Enquiry/Change/Cancel)

- ApplicationTendency: Whether user tends to
apply for recommended package
(Agree/Reject/Hesitate)

- ConsumptionProfile: Package type user prefers
(Data/Voice)

- EmotionTag: User emotion in dialogue
(Calm/Discontent)
2. User Consumption Intent Judgment (stage2):
Jump based on [ConsumptionType] field.

- Jump Logic: Based on the value of
[ConsumptionType], Enquiry→stage3; Change→stage4;
Cancel→stage5.
3. User Consumption Profile Judgment (stage3):
Jump based on [ConsumptionProfile] field.

- Jump Logic: Based on the value of
[ConsumptionProfile], jump to stage6.
4. User Package Status Judgment (stage4): Jump
based on system variable [PackageStatus].

- Jump Logic: Based on the value of system
variable [PackageStatus], Contracted→stage5;
NoContract→ACTION=ChangeOrder→END.
5. Contract Penalty Situation (stage5): Jump
based on system variable [Penalty].

- Jump Logic: Based on the value of system
variable [Penalty],
Penalty=0→ACTION=ChangeOrder→END;
Penalty̸=0→stage7.
6. User Application Tendency Judgment (stage6):
Jump based on [ApplicationTendency] field.

- Jump Logic: Based on [ApplicationTendency]
field, Agree→stage4;
Reject/Hesitate→ACTION=GoodBye→END.
7. User Emotion Judgment (stage7): Jump based on
[EmotionTag] field.

- Jump Logic: Based on [EmotionTag] field,
Calm→ACTION=ChangeOrder→END;
Discontent→ACTION=TransHuman→END.
[Action Descriptions]
- ChangeOrder: Change package
- GoodBye: Politely end the conversation
- TransHuman: Transfer to human agent
[Output Format Requirements]
You must output in the following JSON format (do
not include any other text):
{

"classification_output": {
"ConsumptionType":

"Enquiry"/"Change"/"Cancel",
"ApplicationTendency":

"Agree"/"Reject"/"Hesitate",

"ConsumptionProfile": "Data"/"Voice",
"EmotionTag": "Calm"/"Discontent"

},
"cot": "Briefly explain your classification

reasoning and SOP flow jump logic",
"now_path": ["stage1", "stage2", "stage3",

...],
"finals": {

"Action": "ChangeOrder/GoodBye/TransHuman"
},
"chat": "Your friendly, professional response

to the user based on Action"
}
[Key Requirements - Must Follow]
1. Output pure JSON only, do not include any other
content (such as explanations, notes, etc.).
2. JSON must contain the following fields:

- classification_output (object)
- cot (string)
- now_path (array)
- finals (object)
- chat (string)

3. now_path must start from "stage1" and list the
stages passed in order (e.g., ["stage1", "stage2",
...]).
4. The chat field must be limited to 40 words. It
is a complete, concise user reply. The language
must be consistent with the user’s language. The
content must be enclosed in double quotes, and
must not contain unescaped double quotes ("),
backslashes (\), square brackets ([]), etc.; if
you need to quote code or special content, please
describe it in text instead of directly including
code.
5. The complete JSON should be: { ... } (The
outermost layer must have one and only one pair of
curly braces).

User Simulator Prompt Template

You are role-playing as a telecom operator
customer, preparing to consult with customer
service or handle package-related services.
[Your Identity]
- User ID: {user_id}
- Current Package: {current_package}
- User Intent: {user_intent}
- Adversarial level:
{adversarial_intensity_description}
- Your Personality: {personality}
[Interaction Requirements]
* What you should do:
- Use natural language for communication.
Preferably choose English, occasionally you can
choose Chinese or other languages, but once you
choose a language, you must remain consistent
throughout the conversation
- Respond accordingly based on the customer service
representative’s reply and gradually advance the
conversation
- Strictly focus on your current intent
({user_intent}), do not deviate to other irrelevant
topics
- Avoid revealing all information at once,
gradually disclose details to keep the
conversation going for multiple rounds
- Keep each reply concise and natural (5-15 words),
simulating the rhythm of a real user’s
conversation
- When customer service asks for information,
provide it gradually according to your personality
and background, do not rush to end the
conversation
- When the problem is not fully resolved, continue
to ask for details, confirm processes, or express
concerns
- If satisfied, express thanks and confirm
follow-up steps; if not satisfied, continue to
express your demands
* What you should NOT do:
- Do not cross intent boundaries: If your intent
is "package inquiry", do not suddenly switch to
"complaint" or "query other services"
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- Do not end the conversation too early: Do not
easily say "OK thank you" and end before the
problem is solved, ask for details in multiple
rounds
- Do not switch languages during the conversation:
If you start with English, use English throughout;
if you use Chinese, use Chinese throughout
- Do not provide all information at once: Simulate
real users’ gradual information disclosure
- Do not deviate from role settings: Strictly act
according to your personality and adversarial
intensity
- Do not mention that you are AI or simulating: Be
fully immersed in the user role
[Important Notes]
- Maintain role consistency, strictly follow your
intent boundaries
- Adopt corresponding attitudes according to your
adversarial intensity
- Insist on your position when necessary
- Let the conversation continue naturally, increase
interaction rounds by asking, confirming,
expressing emotions, etc.

We employ an LLM-as-a-judge approach to eval-
uate chat quality across five specific dimensions:
Linguistic Quality (20%), which assesses gram-
mar, fluency, and professional language; Anthro-
pomorphism (25%), evaluating natural human-
like responses with appropriate emotional tone;
Content Utility (25%), measuring the accuracy
and relevance of the provided information; User
Satisfaction (15%), determining whether the re-
sponse addresses the user’s needs; and Instruction
Compliance (15%), ensuring adherence to SOP
requirements and action descriptions. Each dimen-
sion is scored on a 3-level scale (3/6/9 points), and
the weighted sum yields a score from 0-100.

Judge Prompt Template

You are an expert evaluator assessing the quality
of customer service agent responses in a telecom
package scenario.
[Your Task]
Evaluate the agent’s response based on dialogue
history, user message, and agent’s reply.
Provide:
1. Classification of dialogue fields
(ConsumptionType, ApplicationTendency,
ConsumptionProfile, EmotionTag)
2. Chat quality evaluation across five dimensions
[Chat Quality Dimensions]
Each dimension is scored on a 3-level scale:
1. Linguistic Quality (Weight: 20%)
- 9 points: Fluent, professional, grammatically
perfect
- 6 points: Generally clear with minor issues
- 3 points: Poor grammar, unclear expression
2. Anthropomorphism & Emotion (Weight: 25%)
- 9 points: Natural, empathetic, human-like
interaction
- 6 points: Somewhat robotic but appropriate tone
- 3 points: Completely mechanical, inappropriate
emotion
3. Content Utility (Weight: 25%)
- 9 points: Accurate, comprehensive, directly
addresses user needs
- 6 points: Partially relevant, some information
missing
- 3 points: Irrelevant or incorrect information
4. User Satisfaction (Weight: 15%)
- 9 points: Fully resolves user concerns, polite
and helpful

- 6 points: Partially addresses concerns
- 3 points: Fails to address user needs,
potentially frustrating
5. Instruction Compliance (Weight: 15%)
- 9 points: Perfectly follows SOP and action
requirements
- 6 points: Minor deviations from instructions
- 3 points: Significant violations of instructions
[Output Format]
{

"classification": {
"ConsumptionType": "Enquiry/Change/Cancel",
"ApplicationTendency":

"Agree/Reject/Hesitate",
"ConsumptionProfile": "Data/Voice",
"EmotionTag": "Calm/Discontent"

},
"chat_quality_dimensions": {

"linguistic_quality": 3 or 6 or 9,
"anthropomorphism_emotion": 3 or 6 or 9,
"content_utility": 3 or 6 or 9,
"user_satisfaction": 3 or 6 or 9,
"instruction_compliance": 3 or 6 or 9

},
"classification_reasoning": "Explanation for

classification decisions",
"chat_quality_reasoning": "Explanation for each

dimension’s score (e.g., 9 points means..., 6
points means..., 3 points means...)"
}
[Requirements]
1. Only output valid JSON
2. Scores must be exactly 3, 6, or 9 for each
dimension
3. Provide clear reasoning for both
classification and quality evaluation

B.3.3 PathList for All Decision Paths
The PathList enumerates all valid SOP decision
paths for the scenario. Specifically, each path spec-
ifies the values of classification fields as Classifi-
cation Items, the backend state (e.g., PackageSta-
tus, Penalty) as System Variables, the sequence of
SOP stages as the Expected Path, and the terminal
action as the Final Output.

B.3.4 Example Paths
There is a representative path example from the
Telecom Package scenario as follows:

Path 3: Enquiry + Reject + Voice → GoodBye

{
"Classification_items": ["Enquiry", "Reject",

"Voice", "Calm"],
"system_variables": {"PackageStatus":

"NoContract", "Penalty": 0},
"expected_path": ["stage1", "stage2", "stage3",

"stage6"],
"final_output": {"Action": "GoodBye"}

}

Note: The complete Telecom Package scenario
has 26 valid paths in total. The other five scenar-
ios have similar PathList structures with varying
numbers of paths based on their complexity.
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