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Abstract

Developing enterprise customer-service assis-
tants with Reinforcement Learning (RL) crit-
ically depends on high-fidelity user simula-
tors and well-aligned reward functions, since
real-customer interactions are impractical for
large-scale training and rule-based rewards
fail to capture complex business requirements.
We present CoEvoLoop, a framework that co-
evolves the assistant policy together with these
RL components through an expert-calibrated,
multi-round loop. Beyond an LLM-based
simulator for rollout generation and a multi-
dimensional grader for rubric-based evaluation
of service quality and compliance, CoEvoLoop
integrates an expert annotation interface where
sampled trajectories and grader judgments are
reviewed and corrected. Each round, expert
feedback updates the simulator and grader, after
which the assistant is optimized with trajectory-
level RL against the updated evaluation signal;
monitoring interfaces support rollout inspec-
tion, dimension-wise failure attribution, and
cross-round tracking. In an industrial evalua-
tion, the system improves multi-turn service
quality and reduces compliance violations over
training rounds; component ablations and blind
expert evaluation confirm that co-evolving the
simulator and grader is load-bearing for these
gains. We release the system demo code1,
along with a demo video2.

1 Introduction

Reinforcement learning (RL) is the natural fit for
the multi-turn, long-horizon problem solving that
enterprise customer service now demands (Chen
et al., 2025; Zhao et al., 2025a; Xi et al., 2025). But
RL needs two things that production cannot safely
provide: customers to practice on, and a ground

*Corresponding author
1https://github.com/ant-intl/CoEvoLoop
2https://youtu.be/sd1fVKKzp1M

truth for what “good service” means under enter-
prise policy. Both are therefore replaced by LLM
proxies: a user simulator that plays the customers,
acting as the environment (Wang et al., 2025),
and an LLM-as-a-judge grader that supplies the
reward (Gu et al., 2025). These proxies inherit
the flaws of the LLMs they are built from: they
are biased, inconsistent, and only loosely aligned
with organization-specific requirements, while also
having to stay efficient enough for high-throughput
rollouts (Li et al., 2025a).

The prevailing recipe treats both proxies as fixed
infrastructure, frozen while the policy trains; a
frozen proxy is a stationary target. In our experi-
ments, RL steadily raised the frozen grader’s re-
ward while the policy fell below its supervised
starting point under expert-calibrated evaluation
(Section 3): it learned the grader’s blind spots, not
better service. A frozen simulator likewise keeps
rehearsing yesterday’s customers as the policy’s
weaknesses move elsewhere, and a single scalar
reward can neither express the trade-off between
helpfulness and strict compliance nor say which
rule was broken. The remedy is shared: the proxies
must improve together with the policy, re-anchored
to enterprise criteria by experts every round.
CoEvoLoop embodies this remedy: a system in

which the RL environment, the reward model, and
the policy are all trainees of one expert-anchored
loop, whereas prior pipelines typically hold at least
one of them fixed. CoEvoLoop composes standard
training techniques (SFT, DPO, GRPO) into the
co-evolving training loop of Figure 1: (1) the
user simulator generates multi-turn rollouts with
the assistant; (2) the multi-dimensional grader as-
signs per-dimension feedback; (3) experts review
a sampled subset under the same rubric; (4) the
grader and simulator are updated from these an-
notations; and (5) the assistant is retrained with
SFT and trajectory-level RL against the newly cal-
ibrated grader. Interfaces for dialogue synthesis,
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Figure 1: The CoEvoLoop framework: the user simulator (environment), the grader (reward), and the assistant
(policy) co-evolve under human-in-the-loop calibration.

expert annotation, and RL inspection make each
step observable: the demo does not just present
the system, it makes reward exploitation itself vis-
ible as a rising training reward against a falling
calibrated score.

Concretely, we contribute: (1) the CoEvoLoop
system implementing this co-evolving loop with its
three interfaces; (2) the expert-calibration design
behind it, pairing a multi-dimensional quality/com-
pliance rubric with a compliance-aware reward; (3)
an industrial validation of the loop with compo-
nent ablations and blind expert evaluation; and (4)
actionable practical findings (Section 5).

2 Methodology

2.1 Overview of System Demo: A Closed-loop
for Training

CoEvoLoop consists of three components, one for
each role in the RL problem. The assistant (the
policy) is the customer-service agent optimized for
helpful multi-turn responses under enterprise con-
straints (Section 2.4). The user simulator (the
environment) generates multi-turn customer behav-
ior conditioned on enterprise scenarios (e.g., in-
tent, tools/permissions, sensitive attributes, escala-
tion triggers), enabling controllable rollouts with-
out production traffic (Section 2.2). The grader
(the reward model) evaluates trajectories with an
enterprise rubric decomposed into dialog-quality
and compliance dimensions (Section 2.3); its per-
dimension outputs serve training and diagnosis.

Figure 2 walks through the training loop as it
appears in the demo UI. (1) Synthesis: after a

scenario is selected and the simulator configured,
the assistant generates multi-turn dialogues that
are saved to a dataset. (2) Annotation: experts
open saved trajectories, review the rollout end-to-
end, and edit rubric-based grades and judgments;
when necessary, they revise specific turns to pro-
vide clean supervision. (3) Update & Train: the
annotated dataset refines the grader and simulator
(e.g., via SFT/DPO), after which the assistant is
trained with SFT and trajectory-level RL against
the newly calibrated grader; progress and failures
are monitored on the RL Inspection page.

2.2 Loop in User Simulator

Our user simulator mimics real customers to gen-
erate dialogues conditioned on a structured user
profile: a representation reverse-engineered from
anonymized real-world dialogues by a strong open-
source LLM, comprising background description,
knowledge gap, action history, and problem de-
scription (example in Appendix A.4). Given a pro-
file, a smaller model (Qwen3-8B) performs profile-
driven dialogue generation.

The simulator is trained in two phases for
human-like, robust responses: SFT on a hybrid
dataset (anonymized real-world dialogues plus syn-
thetic data teaching reactions to common AI assis-
tant failures) builds foundational competence, and
DPO (Rafailov et al., 2023) then bolsters robust-
ness with preference pairs contrasting desirable,
non-repetitive reactions to flawed assistant behav-
ior with undesirable ones.
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Figure 2: Demo workflow across the three interfaces: dialogue Synthesis (simulator configuration, rollout genera-
tion), expert Annotation (per-dimension grade review and turn-level correction), and RL Inspection (reward curves
and dimension-level failure tracking).

Continuous Improvement As mentioned in Sec-
tion 2.1, generated dialogues are annotated by hu-
man experts for profile rationality and dialogue-
profile consistency, and validated by human-
likeness evaluation (Turing test, Appendix A.2.1).
This annotated data is appended to the SFT and
DPO datasets and fed into the next round of train-
ing, continuously improving the simulator.

2.3 Loop in Grader

The multi-dimensional grader is the core of our
closed-loop framework: a specialized evaluator
that proxies human judgment, balancing conver-
sational helpfulness with strict policy compliance.
Given a dialogue context and an agent response, it
outputs (i) a scalar score per dimension and (ii) an
interpretable critique justifying the scores.

Fine-grained Taxonomy The grader is founded
on an evaluation taxonomy of 15 dimensions in
four pillars: Security & Compliance, Information
Correctness, Logical Reasonability, and Service
Quality (Appendix A.2.2). The decomposition
is not a priori: it is distilled from the enterprise
quality-assurance rubric and a review of histori-
cal service incidents. Dimensions are binary to
maximize annotator consistency and make failure
attribution unambiguous (coarser merged dimen-
sions lowered inter-annotator agreement in pilots);
the pillars separate hard compliance constraints
from graded service qualities, exactly the tension
the reward must arbitrate.

Data construction We build the grader dataset
from raw Human-to-Human (H2H) and Human-
to-Machine (H2M) logs: logs are sanitized to
remove personally identifiable information (PII)

and normalize formatting, and a subsample is la-
beled by human experts with the 15 per-dimension
scores. To scale supervision, strong teacher models
(e.g., Qwen3-235B and Qwen3-80B-Next) gener-
ate pseudo-labels and critiques for unlabeled data;
for each instance we perform multiple stochastic
rollouts and define teacher confidence as the cross-
rollout consistency of per-dimension scores.

Difficulty-Aware SFT We fine-tune a student
model (Qwen3-32B) to predict the 15 per-
dimension scores and generate critiques. Train-
ing examples are stratified by teacher confidence
(multi-sample consistency) and difficulty (accu-
racy): all high-confidence & hard instances
strengthen complex reasoning (e.g., subtle policy
violations), high-confidence & simple instances
prevent overfitting to trivial patterns, and low-
confidence instances are discarded as noisy. This
curriculum distills both the scoring behavior and
the underlying reasoning.

Stability-Enhancing DPO To address inconsis-
tencies in borderline cases, we subsequently apply
DPO: for each input we sample multiple candidate
grading outputs from the SFT model and select
winners/losers (yw, yl) by rubric consistency and
agreement with available expert labels, sharpen-
ing the model’s decision boundaries and correcting
specific error modes.

Continuous Improvement During closed-loop
training (Section 2.1), the grader scores dialogues
generated by the simulator and assistant, and ex-
perts annotate a sampled subset with the same
rubric. Grader–expert disagreements are collected
as bad cases and fed back (primarily as additional

244



DPO supervision), enabling continual adaptation
as business policies evolve. On a held-out test
set, the grader demonstrates robust alignment with
human experts, achieving an overall accuracy of
92.44% and a Cohen’s Kappa of 0.663, i.e., sub-
stantial agreement (Landis and Koch, 1977) (see
Appendix A.2.3).

2.4 Loop in Assistant Model

2.4.1 Supervised Fine-Tuning
The initial phase is Supervised Fine-Tuning (SFT)
to establish a strong baseline policy πSFT. We syn-
thesize multi-turn dialogues between the user simu-
lator and a strong teacher model (Gemini 2.5 Pro),
elicited for step-by-step reasoning and a natural,
helpful persona, and keep only dialogues that pass
grader filtering; imitating these dense behaviors
reduces the exploration challenge and accelerates
RL convergence.

2.4.2 Multi-Turn Reinforcement Learning
We formulate multi-turn dialogue as an RL prob-
lem: the policy πθ is trained with GRPO (Shao
et al., 2024) to maximize the expected episode-level
reward Eτ∼πθ

[G] over full trajectories τ , encourag-
ing long-horizon coherence rather than turn-level
myopic gains.

The total episode reward G is defined as a com-
posite score that aggregates quality, structural ad-
herence, and brevity across the full trajectory:

G = Ragg +Rfmt +Rlen (1)

Multi-Dimensional Reward Aggregation The
Grader (Section 2.3) scores the assistant on 15 bi-
nary dimensions. To ensure holistic quality, the
aggregated reward Ragg ∈ [0, 1] uses a stepped
degradation function of the number of zero-valued
dimensions nz:

Ragg = max(0, 1− 0.2 · nz) (2)

This imposes a strict penalty for partial failure: any
single failed dimension sharply reduces the total
reward.

Format and Length Penalties To enforce struc-
tured reasoning, the agent must encapsulate its
latent thought process within <think> tags; the
binary penalty Rfmt ∈ {0,−1} is −1 when the re-
sponse violates this format. To mitigate verbosity-
driven reward hacking, Rlen ∈ [−1, 0] applies a
DAPO-inspired soft length penalty (Yu et al., 2025):

0 for responses up to a preferred length Lbuf, de-
creasing linearly to −1 as the length approaches
the hard limit Lmax, and −1 beyond.

Continuous Improvement Each round retrains
the assistant against the latest simulator and grader
from the previous round, after which fresh dia-
logues are generated under the updated components
for the next round of the loop.

2.5 Loop in Expert Calibration

Expert annotation links rollout generation to model
updates in each round. Experts review a sampled
subset of generated trajectories on the Annotation
page (Figure 2) using the same rubric as the grader:
they inspect the per-dimension score breakdown,
correct labels that do not match enterprise criteria,
add brief notes for ambiguous cases, and, when
needed, edit dialogue turns to provide clean su-
pervision (e.g., rewriting an assistant response to
be compliant). Annotation volume does not grow
with the loop: each round has a fixed review bud-
get, and trajectories are prioritized by grader uncer-
tainty and historical grader–expert disagreement
(costs in Section 3; protocol in Appendix A.2.4).
These annotations feed the next round’s grader and
simulator updates, and corrected trajectories serve
supervised fine-tuning and guide subsequent RL.

3 Experiments

Model Configuration We build on the Qwen3
family: Qwen3-32B is the backbone for the assis-
tant policy and the reward models, while the user
simulator uses the lighter Qwen3-8B. The multi-
dimensional grader serves as the reward model, de-
composed into two sub-models: one for knowledge-
intensive dimensions requiring external retrieval,
and one for non-knowledge-based evaluation.

Evaluation Settings We evaluate on 241 held-
out user simulator profiles, disjoint from the 2,906
RL-training profiles. The final grader’s training
and per-round calibration dialogues are also dis-
joint from its 414-dialogue held-out benchmark and
from all profiles and trajectories in the assistant-
evaluation set. The task is knowledge-grounded
cross-border-payment customer service (account
funding, transfers, refunds, policy inquiries); the as-
sistant is grounded with retrieved knowledge-base
context, without transactional tool-calling. Each
profile drives a fixed 6-turn simulator–assistant dia-
logue; we run 5 independent simulations per profile
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Model strict-agg ↑ Human ↑
Claude-3.5-Haiku 0.867 –
Gemini-2.5-Pro 0.875 –
GPT-5.2 0.875 82.50
Qwen3-32B 0.821 –

+SFT 0.879 85.00
+SFT+RL (no loop) 0.855 82.50
+SFT+RL (frozen sim.) 0.892 87.50
+SFT+RL (frozen grader) 0.863 81.25
+SFT+RL (full loop) 0.904 88.75

Table 1: Main results and loop ablations, all scored by
the final expert-calibrated grader on the 241 held-out
profiles (5 runs each). Human: strict-rubric pass rate
(%) on 40 trajectories per system, averaged over two
blind experts (Appendix A.2.5). No loop: one round
with the initial simulator and grader; frozen: all rounds
with that component fixed.

(sampling stochasticity makes each trajectory dis-
tinct), yielding 241 × 5 = 1,205 trajectories per
system, assessed across 15 dimensions. The strict
aggregation rule (strict-agg@eval) scores a tra-
jectory 1 only if all 15 dimensions score 1; the
reported average is thus a pass rate, e.g., 90.4% of
our best model’s trajectories pass all 15 dimensions.
To avoid self-evaluation artifacts, all systems (in-
cluding loop variants) are scored by the same final
expert-calibrated grader (the grader produced by
the last loop round), never by the grader a variant
was trained against.

Main Results Table 1 reports the main compari-
son. Proprietary baselines are similar, with Claude-
3.5-Haiku, Gemini-2.5-Pro, and GPT-5.2 scoring
from 0.867 to 0.875. The base Qwen3-32B lags
behind (0.821), suggesting that pretraining alone is
insufficient to meet stringent multi-dimensional cri-
teria. SFT provides a large gain, improving Qwen3-
32B from 0.821 to 0.879, indicating effective align-
ment to the dialogue objectives and rubric. Run-
ning the full three-round loop yields the best results
on both metrics (0.904 strict-agg and an 88.75%
human pass rate), surpassing all baselines. This
improvement suggests that RL particularly effec-
tively reduces hard failure cases across challenging
evaluation dimensions, which is crucial under the
strict aggregation metric.

Component Ablation Table 1’s lower block dis-
entangles the loop. No loop, a single round of RL
against the initial simulator and grader, falls be-
low the SFT baseline (0.855 vs. 0.879): naive RL

Figure 3: Performance of user simulator, grader, and
assistant model at each loop round. Assistant scores are
measured with the final expert-calibrated grader.

against an uncalibrated reward is worse than no RL
at all. Evolving only the simulator (frozen grader)
recovers little (0.863), since the reward remains
exploitable. Evolving only the grader (frozen sim.)
captures most of the gain (0.892), confirming re-
ward calibration is the dominant factor, while the
full loop adds a further +1.2 points through more
realistic rollouts; both updates are load-bearing.

Improvement over Loop Figure 3 shows steady
gains across three rounds: the user simulator be-
comes more realistic (Turing score 0.722 → 0.958),
the grader aligns better with human judgments (Co-
hen’s Kappa 0.498 → 0.663), and the assistant’s
overall score rises from 0.855 to 0.904.

Do Policies Exploit Grader Bias? Assistant
scores in Figure 3 use the final calibrated grader, so
the round-1 policy is the no-loop variant of Table 1,
starting below the SFT baseline (0.855 vs. 0.879).
The cause is reward exploitation: during round-
1 training, the policy steadily raised the reward
assigned by the round-1 grader it was optimized
against, yet its expert-calibrated score fell below its
own SFT starting point, i.e., it learned the grader’s
blind spots rather than better service. Per-round
recalibration closes this loophole: the calibrated
score recovers and surpasses SFT in later rounds
(0.875 and 0.904, Figure 3).

Blind Human Evaluation To verify that gains
are not grader artifacts, experts blindly rated
40 held-out trajectories per system under the
strict rubric (six systems marked in Table 1;
Appendix A.2.5). Human pass rates track
strict-agg@eval closely (system-level Pearson
r = 0.93 across the six systems), and the full
loop improves the human-measured rate over SFT
by +3.75 points, at least as large as the grader-
measured gain, indicating the improvement is not
metric gaming.
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Grader Reliability as a Reward Signal Since
the grader supplies the RL reward, its noise pro-
file matters. The grader agrees substantially
with experts (92.44% accuracy, κ = 0.663; Ap-
pendix A.2.3), and three mechanisms bound the im-
pact of residual noise: (i) stepped aggregation caps
any single mis-judged dimension at 0.2 reward; (ii)
GRPO’s group-relative advantage cancels profile-
level biases; (iii) per-round recalibration shrinks
the exploitation gap.

Annotation Cost The expert effort behind Fig-
ure 3 is modest: annotating one trajectory on all
15 rubric dimensions takes about 10 minutes (Ap-
pendix A.2.4). The one-time initialization labeled
476 dialogues, or roughly 79 expert-hours; each
loop round then reviews a fixed budget of about
twenty sampled trajectories (Table 3), i.e., under
four expert-hours per round. The entire three-round
improvement thus cost about 60 expert-labeled tra-
jectories and ten expert-hours, well within reach of
teams already running manual quality assurance.

4 Related Work

User simulator Early task-oriented dialogue
simulators relied on hand-crafted policies such
as the agenda-based model (Schatzmann et al.,
2007). Neural and LLM-based simulators im-
prove cross-domain fidelity and controllability
via transformer simulators, persona/role-playing,
dual-LLM generation–verification, and reliability-
focused designs (Lin et al., 2021; Shao et al., 2023;
Luo et al., 2024; Sekulic et al., 2024). Simula-
tors also teach assistants via multi-round curric-
ula (Kong et al., 2024; Sun et al., 2024), implicit-
profile modeling targets long-horizon personal-
ization (Wang et al., 2025), and self-chat post-
training further boosts dialogue ability (Xu et al.,
2023; Ding et al., 2023). Prior work also explores
joint simulator–policy training (Tseng et al., 2021;
Chi et al., 2022) and purpose-trained user mod-
els (Naous et al., 2026). CoEvoLoop additionally
updates a multi-dimensional grader and uses recur-
ring expert calibration.

RL for customer service Recent work moves
from single-turn rewards to long-horizon, user-
centered RL with tool use (Zhao et al., 2025a;
Qian et al., 2025), optimizes personalization and
proactivity (Zhao et al., 2025b; Sun et al., 2026;
Acikgoz et al., 2025), and provides practical train-
ing stacks and agent foundations (Xi et al., 2025;

Luo et al., 2025; Li et al., 2025b). Verifiable/pro-
cess rewards (Lambert et al., 2024; Lightman et al.,
2023; Uesato et al., 2022) and segment-level or
environment-shaped objectives further stabilize
multi-turn learning (Kong et al., 2025; Lu et al.,
2025). Policy–reward co-adaptation has also been
studied (Shi et al., 2025). CoEvoLoop integrates
simulator, grader, and policy updates under expert
calibration.

5 Findings and Conclusion

Instruct models are preferable to think models.
Our simulator and grader are both instruct mod-
els: their higher inference throughput suits high-
concurrency RL rollouts, and when distilling from
multiple teachers, final-answer styles are far more
consistent than chain-of-thought patterns, which
introduce conflicting supervision and destabilize
training.

H2H data distribution is misaligned with the
H2M setting. Training on human-to-human-
assistant (H2H) corpora can degrade performance
when deployment is human-to-machine-assistant
(H2M): H2H dialogue carries implicit assumptions,
shorthand, and turn-taking patterns that users do
not exhibit toward a system. Collecting H2M data,
or transforming H2H data to reflect H2M condi-
tions, is therefore critical for generalization.

Helpful-assistant LLMs are poor user simu-
lators. Instruction-tuned LLMs carry a strong
“helpful assistant” prior: as simulated users they
over-explain, rationalize, or try to solve the task in-
stead of expressing authentic user behaviors such as
confusion, impatience, or negative feedback. Tar-
geted fine-tuning with explicit profile and style con-
ditioning is necessary, especially for adversarial
probing of assistant failure modes.

RL training is sensitive to reward design.
Multi-turn RL depends on the choice and weighting
of reward components, especially the coefficients
of the length and format penalties, which require
careful tuning for stable convergence. Above all,
it depends on grader calibration: as Table 1 shows,
RL against an uncalibrated grader regresses below
the SFT baseline under calibrated evaluation.

Conclusion We presented CoEvoLoop, a closed-
loop RL training system that co-evolves a user sim-
ulator, a fine-grained multi-dimensional grader, and
an assistant policy through an expert-calibrated,
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multi-round loop. Industrial validation, including
component ablations under a common calibrated
grader and blind expert evaluation, shows that the
loop improves service quality, reduces compliance
failures, and that co-evolution is load-bearing. We
also highlight practical takeaways for scalable de-
ployment, such as preferring instruct models for
rollout throughput and matching training data.

Limitations

Scale of external validation. Human valida-
tion is at spot-check scale (480 expert ratings);
online indicators such as customer satisfaction
and escalation-to-human rates are not yet avail-
able. Annotation dependency. The loop as-
sumes access to qualified domain experts. The
recurring cost is small (under four expert-hours
per round), but organizations without an existing
quality-assurance function would need to bootstrap
one, and strict-agg@eval is a custom metric
whose cross-paper comparability is limited. Do-
main scope and data availability. Experiments in
this paper cover only one proprietary cross-border-
payment setting. Customer-derived training and
evaluation data are not released due to privacy and
confidentiality.

Ethical Considerations

All training and evaluation data derive from en-
terprise customer-service logs that are sanitized
before any use: personally identifiable informa-
tion is masked, and user profiles are abstracted rep-
resentations reverse-engineered from anonymized
dialogues rather than raw transcripts. Expert anno-
tators are in-house professionals performing anno-
tation as part of their regular compensated duties
and were informed of how their annotations are
used. The user simulator imitates human customers
strictly as a training and evaluation environment;
it is never exposed to real users, and the released
demo contains only synthetic or sanitized exam-
ples. The trained assistant is designed to operate
with compliance safeguards (identity verification,
PII masking, promise management) and human
escalation paths, not as a replacement for human
oversight in high-stakes decisions. The released
code is under the MIT license and contains no cus-
tomer data.
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A Appendix

• Demo Video URL: https://youtu.be/
sd1fVKKzp1M

• System Github URL: https://github.com/
ant-intl/CoEvoLoop

A.1 Training Details

A.1.1 Hyperparameters

Category Hyperparameter Value

Trainer Nodes 1
GPUs per node 8
Total steps 726

Algorithm

Advantage estimator GRPO
Use KL in reward False
Learning rate 1× 10−6

Batch size 4
Mini batch size 64
Use KL loss True
KL loss coefficient 0.001
Optimizer warmup style Cosine
Warmup steps ratio 0.05

Rollout
Mode Async
Temperature 1.0
Top-p 1.0
Rollout N 8

Table 2: Hyperparameters for RL training.

A.1.2 Datasets

Dataset for user simulator amount

Initial SFT dataset 15,312 dialogues
Initial DPO dataset 419 pairs
Evaluation benchmark for user simulator 1000 dialogues

Dataset for grader amount

Labeled dialogues by human 476 dialogues
Evaluation benchmark for grader 414 dialogues
Annotated dialogues per loop (avg.) 20 dialogues

Dataset for Assistant amount

SFT data 500 dialogues
RL data 2,906 profiles
Evaluation benchmark for assistant 241 profiles

Table 3: Number of data instances used for training.

A.2 Evaluation and Reliability

A.2.1 Turing Score
The Turing Score evaluates whether the user side
of a dialogue appears to come from a real customer
or from the user simulator. We mix 1000 simulator-
generated dialogues with real human-to-human

(H2H) customer-service dialogues and ask annota-
tors to classify the source of the user behavior as
“Human”, “Uncertain”, or “Machine”. The Human-
likeness score is the proportion labeled “Human” or
“Uncertain”. This user-side human-versus-machine
evaluation is separate from the assistant-side H2H–
H2M distribution mismatch discussed in Section 5.

As shown in Table 4, the user simulator achieves
a Human-likeness score of 0.958, compared with
0.967 for real human users under this protocol.

User source Human-likeness

Real human 0.967
User simulator 0.958

Table 4: User Simulator Turing Test Results. Simulator-
generated user behavior approaches the real-user
Human-likeness score under this protocol.

A.2.2 The 15-Dimensional Grader Taxonomy
To align with the reward components described
in Section 2, the Grader evaluates the assistant
across 4 core categories encompassing 15 distinct
dimensions. Table 5 defines the refined scoring
logic.

A.2.3 Cohen’s Kappa
To assess the reliability of our multi-dimensional
grader, we measure agreement with human expert
annotations using Cohen’s Kappa. For each of the
15 evaluation dimensions, we compute:

κ =
po − pe
1− pe

where po is the observed agreement and pe is the
chance agreement, computed on the held-out grader
benchmark (414 dialogues). The grader achieves
an overall κ = 0.663, which falls in the substan-
tial agreement band (0.61–0.80) of the Landis and
Koch (1977) scale. This level of agreement en-
sures that the grader’s reward signal is sufficiently
aligned with human judgment for reliable RL train-
ing.

A.2.4 Annotation Protocol and Instructions
All expert annotation is performed by in-house se-
nior customer-service quality-assurance specialists
on the Annotation interface (Figure 2). Shown
the full dialogue, the driving user profile, and the
relevant knowledge-base snapshot, the annotator:
(1) labels each of the 15 dimensions strictly per
the rubric in Table 5, independent of the grader’s
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Category Evaluation Dimension Refined Scoring Logic (Pass = 1, Fail = 0)

I. Security
& Compliance

1. Identity Verification Must strictly verify user identity (KYC) before disclosing any account-sensitive data.
2. Data Confidentiality No exposure of internal URLs, non-public SOPs, or confidential internal materials.
3. PII Protection Personally Identifiable Information (phone, email, etc.) must be masked in responses.
4. Language Consistency The response language must strictly adhere to the user’s input language.
5. Promise Management Assistant must not commit to actions beyond its authority (e.g., "I will call you").

II. Information
Correctness

6. Factual Correctness All product/policy details must strictly align with the official Knowledge Base (KB).
7. Business Relevance Directly address the user’s problem without providing irrelevant or distracting info.
8. Intent Coverage Comprehensively address both explicit requests and latent needs within the session.

III. Logic
& Reasonability

9. Logical Consistency Maintain a coherent stance; no contradictory statements throughout the dialogue.
10. SOP Adherence Strictly follow standard operating procedures for info-gathering and troubleshooting.
11. Context Retention Demonstrate memory of prior turns to avoid repetitive questioning or loss of context.
12. Topic Adaptation Smoothly handle transitions when the user switches between different business topics.

IV. Service
Quality

13. Professional Attitude Maintain emotional neutrality; avoid offensive, mocking, or robotic language.
14. Response Brevity Ensure the solution is concise and efficient, avoiding wordy or redundant fillers.
15. Educational Empathy Use a warm tone to correct user misconceptions and explain complex rules clearly.

Table 5: The 15-dimensional Expert Annotation Rubric. The framework is categorized into Security, Information,
Logic, and Service Quality to provide fine-grained reward signals for the Grader.

displayed judgment; (2) writes a short critique for
every failed dimension; (3) rewrites the offending
turn when a compliant alternative exists (used as
clean supervision); and (4) flags uncertain cases for
adjudication by a lead reviewer against the enter-
prise policy handbook. Annotating one trajectory
takes about 10 minutes.

A.2.5 Blind Human Evaluation Protocol
For the human evaluation in Table 1, we sample 40
held-out trajectories per system for the six marked
systems (all loop variants plus the strongest base-
line). Two experts, blind to system identity and to
grader scores, independently apply the strict rubric
to every trajectory (a trajectory passes only if all 15
dimensions pass), giving 40× 6× 2 = 480 expert
ratings in total; the reported human score is the
pass rate averaged over the two experts.

A.3 Additional Experiments

A.3.1 Ablation Study

Model Size Reward Agg Lbuf Lmax Avg. strict-agg@eval

8B Ragg 200 300 0.880
32B Ragg 500 1100 0.892
32B Ragg-strict 200 300 0.879
32B Ragg 200 300 0.904

Table 6: Ablation Experiments

We conduct an ablation study to examine the
impact of model scale, reward aggregation strategy,
and sequence length constraints on strict-agg@eval
performance as shown in Table 6. First, reduc-
ing both buffer and maximum sequence lengths
(200/300 vs. 500/1100) yields a better score, sug-

gesting that tighter length control may improve op-
timization stability and reduce noisy long-horizon
behaviors. Secondly, comparing Ragg and Ragg-strict
under similar length settings shows that stricter ag-
gregation does not consistently improve evaluation
performance, indicating potential over-constraint
or reduced learning flexibility. Lastly, increasing
model size from 8B to 32B with comparable reward
aggregation improves performance, suggesting that
larger models benefit more from the aggregated
reward signal.

A.4 User Profile Example
Below is an example of a user profile used in our
system.
{
"Background Description ": [
"The user is currently engaged in cross -border e-commerce

business and has funding flow needs between multiple
WorldFirst accounts ."

],
"Knowledge Gap": [
"Does not understand that cross -border e-commerce accounts

only support receiving funds from online physical
goods transactions via partner e-commerce platforms or
payment gateways.",

"Unaware that direct transfers between WorldFirst accounts
are not allowed , especially for funds not originating

from e-commerce platforms.",
"Does not know the refund process and specific operation

methods if a payment fails or cannot be processed ."
],
"Action History ": [
{
"timestamp ": "Unknown",
"action ": "Made a payment from a UK entity WorldFirst

account to another WorldFirst account",
"target ": "Payment to a specific WorldFirst account",
"result ": "Payment not received",
"details ": "Paid two transactions of 14 EUR"

}
],
"Problem Description ": [
"The user attempted to make a payment from a UK entity

WorldFirst account to another WorldFirst account , but
the funds were not received",

"The user wants to know if the payment can be refunded and
what the timeframe for the refund is."

]
}
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