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ABSTRACT

Large language models (LLMs) with Chain-of-Thought (CoT) reasoning have
shown remarkable capabilities in recent years, while domain adaptation through
supervised fine-tuning (SFT) and reinforcement learning (RL) has become a com-
mon practice. However, these methods face significant challenges as the uncon-
strained CoT reasoning often leads to hallucinations, while RL techniques such
as Direct Preference Optimization (DPO) suffer from alignment inefficiencies. In
this work, we propose a unified framework to address these limitations by incor-
porating a domain-constrained reasoning paradigm and multi-dimensional prefer-
ence alignment. Our approach introduces Domain-Constrained CoT Supervision,
which integrates task-specific reasoning templates to enforce logical consistency
and adaptability, along with Checklist-Driven Preference Refinement, which eval-
uates responses across orthogonal dimensions to provide precise signals for stable
policy optimization. Extensive offline evaluations on large-scale industry datasets
demonstrate the superior performance of our method in terms of factual accuracy.
The rigorous online A/B tests confirm its ability to enhance conversation and sell-
ing strategy: +8.29% user Retention Rate, +2.19% Average Conversation Turns
and +2.32% Order Rate.

1 INTRODUCTION

The rapid evolution of LLMs has unlocked unprecedented capabilities in general-purpose language
understanding. Nevertheless, significant challenges remain in adapting these models to particular
domains that require not only rigorous reasoning grounded in domain specific understanding but
also precise alignment with complex human preferences. A widely recognized paradigm for ex-
tending LLMs to such domains involves SFT to instill domain-specific knowledge, followed by RL
to refine alignment with human preferences Herold et al. (2025); Fang et al. (2025); Cheng et al.
(2024). However, this two-stage approach faces significant limitations in both stages, which hinder
its generalization and robustness. In the SFT stage, although effective at knowledge acquisition,
current methods often struggle with the instability of the CoT process. Despite the introduction of
techniques such as CoT distillation and process supervision to capture reasoning pathways, these
approaches often face critical shortcomings due to the loose coupling between supervision and rea-
soning steps, resulting in issues like hallucinations and rigid, unnatural outputs Koksal & Alatan
(2025); Gong et al. (2024); Gállego et al. (2025). Moreover, the lack of mechanisms to guide rea-
soning to domain-relevant strategies and logic further amplifies variability, reducing the applicabil-
ity of trained LLMs in mission-critical tasks. At the RL alignment stage, efficiency bottlenecks and
suboptimal convergence remain prominent. Specifically, as a widely adopted strategy, DPO faces
significant constraints arising from the practical challenges of constructing accurate reward models.
Moreover, self-sampling approaches often yield preference pairs with limited divergence, as both
responses in a pair tend to share similar reasoning flaws. This phenomenon aligns with theoretical
insights from preference learning, yet practical implementations fail to resolve the issue, leading to
noisy gradient signals, inefficient policy optimization, and unstable training dynamics.

To address these challenges, we propose Coherent Alignment with Checklist-Driven Preference Re-
finement (CAPR), a novel two-stage framework designed to alleviate the above weaknesses. CAPR
introduces domain-specific coherence at the reasoning stage and targets high-quality preference re-
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finement during alignment, enabling a more robust and scalable approach for domain adaptation.
In the SFT stage, we propose a Domain-Constrained CoT Supervision (DCCS) strategy to tightly
align task-specific reasoning processes with human expert logical patterns. Specifically, we syn-
thesize domain related CoT chains by decomposing human expert response strategy into structured
reasoning steps, thereby effectively distilling human logical reasoning into the model. This strategy
further restricts the sampling domain of each reasoning step, leading to increased stability, enhanced
domain-specific expertise, and improved CoT performance. In the RL alignment stage, we introduce
a Checklist-Driven Preference Refinement (CDPR) approach to systematically enhance preference
optimization. CDPR leverages domain-specific checklists to evaluate generated responses across
multiple dimensions, identify specific flaws, and construct corrective hints. These hints serve as
conditioning factors for generating superior responses, yielding high-quality preference pairs (e.g.,
hint-corrected response vs. flawed response) with higher contrastiveness. This process significantly
amplifies the informativeness and efficiency of DPO’s supervision signals, directly addressing the
inefficiency of standard self-evolution loops.

We rigorously validate the proposed CAPR framework through large scale experiments conducted
in a challenging e-commerce customer service setting. Our approach demonstrates substantial im-
provements across both offline objective metrics (e.g., instruction adherence, correctness) and on-
line subjective metrics (e.g., anthropomorphism, proactive problem resolution) compared to existing
LLM-based baselines. Furthermore, upon deployment in a real-world e-commerce customer service
environment, CAPR consistently outperforms competitors, achieving superior interaction quality
and higher order conversion rate. The key contributions of our work are as follows:

• Domain-Constrained CoT Supervision: We propose a novel supervision strategy that inte-
grates task-specific reasoning structures to enhance logical coherence and domain profes-
sionalism, resulting in models with more stable and interpretable reasoning processes.

• Checklist-Driven Preference Refinement: We introduce a preference refinement strategy to
construct high-contrast, targeted preference pairs via checklist-driven good response gen-
eration, producing stronger gradient signals for efficient and stable preference optimization
under a self-evolution paradigm.

• Comprehensive Evaluation and Real-World Impact: Through extensive experiments on
both offline metrics and real-world deployment in commercial platforms, we demonstrate
the efficacy and practical benefits of CAPR, achieving consistent business performance
improvements such as increased order conversion rates.

2 RELATED WORKS

Adapting Pretrained Reasoning Models. The prevailing paradigm of adapting pre-trained LLMs
through supervised fine-tuning on input-output pairs has been extensively studied Wei et al. (2021);
Chung et al. (2024); Ouyang et al. (2022). However, critical challenges persist in transferring so-
phisticated reasoning capabilities from foundation models and ensuring strategic stability in open
domain problem-solving Suzgun et al. (2022); Bubeck et al. (2023)—particularly given the estab-
lished correlation between reasoning fidelity and downstream performance Lyu et al. (2023).

Chain-of-Thought Paradigms. Building upon the foundational work of Wei et al. (2022) that
introduced CoT prompting, recent advances employ synthetic supervision through pseudo CoT dis-
tillation Magister et al. (2022); Ho et al. (2022) and task specific variants Zhou et al. (2022); Wang
et al. (2022); Fu et al. (2022). While these methods enhance consistency, they remain constrained by
their narrow focus on specialized domains and lack structured mechanisms to enforce domain aware
reasoning, a crucial requirement for handling open-question scenarios where professional ground-
ing directly impacts solution validity Nori et al. (2023). Our DCCS addresses these limitations
through systematic integration of human expert logic patterns with synthesized domain constraints
during fine-tuning, establishing structured professional reasoning as an explicit learning objective
via contrastive trajectory optimization.

Preference Alignment Techniques. The evolution from Reinforcement Learning with Human
Feedback (RLHF) Ouyang et al. (2022) to DPO Rafailov et al. (2023) has streamlined alignment
through implicit reward modeling, driving widespread industrial adoption Touvron et al. (2023).
Nevertheless, the effectiveness of such approaches hinges on the quality of contrastive pairs, a fun-
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damental weakness when relying on naive self-sampling strategies that frequently generate indistinct
examples with limited pedagogical value Alemohammad et al. (2024); Liu et al. (2023). Our CDPR
introduces a paradigm shift through reasoning-aware data curation, where the model’s intrinsic rea-
soning traces guide targeted preference pair generation. This methodology amplifies learning signals
by strategically combining error diagnosis with logical path reinforcement, effectively addressing
the signal dilution prevalent in conventional approaches.

3 METHOD

The primary objective of our method is to fine-tune a model πθ(y|x) to adapt it to specific domain
by instilling domain-specific knowledge and domain expert response strategy. We introduce a two-
stage framework that first integrates human-logical reasoning patterns with synthesized domain-
constrained reasoning chain, then refines the model’s response by generating high contrastiveness
preference pairs from checklist-driven conditional inference. The general setting of this problem
consists of the input prompt x (consists of instruction and input), a targeted response y (human gold
response) and the model π with parameter θ. The model inference process can be represented as
conditional probability πθ(y|x). Denote the CoT chain as z, this process can be further expressed
by joint distribution πθ(z, y|x) = πθ(z|x)πθ(y|x, z).

3.1 DOMAIN-CONSTRAINED COT SUPERVISION

The standard SFT approach maximizes the marginal log-likelihood log πθ(y|x) to fine-tune the
model output with gold response. However, for the reasoning models, this objective lacks explicit
constraints on the model’s internal reasoning process, often leading to models that learn spurious
correlations with hallucination. To mitigate this, we introduce a domain-constrained CoT chain z
and maximize the joint likelihood instead. The original marginal log-likelihood can be expressed as:

log πθ(y|x) = log

∫
πθ(y|x, z)πθ(z|x)dz. (1)

This integral is intractable. Using variational inference, we can introduce an approximate posterior
q(z|x, y) and derive the Evidence Lower Bound (ELBO):

log πθ(y|x) ≥ Ez∼q(z|x,y)[log πθ(y|x, z)]− KL(q(z|x, y)∥πθ(z|x)). (2)

Our framework is shown in Figure. 1, we leverage outside teacher model to synthesize a high-
quality reasoning chain z∗ for each pair (x, y) based on the original gold response and corresponding
instruction and input. This can be viewed as using a deterministic variational posterior q(z|x, y) =
δ(z − z∗), where δ is the Dirac delta function. Substituting this into the ELBO yields:

log πθ(y|x) ≥ log πθ(y|x, z∗) + log πθ(z
∗|x). (3)

Thus, maximizing the joint likelihood log πθ(y, z
∗|x) is equivalent to maximizing a tight lower

bound on the true objective, log πθ(y|x). The teacher model generated z∗ acts as an amortized
variational proposal, transforming the problem of learning a complex marginal distribution into
learning two simpler conditional distributions. This property is further emphasized by the CoT
chain consists of multiple predefined steps z∗ = {z∗1 , z∗2 , ..., z∗K}, where K is the total steps of the
CoT process. Therefore, the refined marginal log-likelihood can be expressed as:

log πθ(y|x) = log
∑
i

πθ(y|x, z∗i )πθ(z
∗
i |x) (4)

which decompose the original process into a finite and stable inference flow. The discrete structure
z∗ = {z∗1 , z∗2 , ..., z∗K} allows us to expand this bound into:

log πθ(y|x) ≥ log πθ(y|x, z∗) +
K∑
i=1

log πθ(z
∗
i |z∗<i, x) (5)

This decomposition creates a tighter bound because the teacher-generated discrete steps z∗i pro-
vide a more constrained variational family, reducing the gap between q(z|x, y) = δ(z − z∗) and
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Query

Gold Response

Background 
Information

Okay, the buyer ...
Let me see, I should...
Wait, maybe ...
Aright, I should ....

Sorry, the price of $60 is firmly based on our cost 
structure and is non-negotiable.

Human Expert
Logic Chain

The buyer intend to ...
The information I have ...
My strategy should be ...
My tone should be ...

Think of it as an investment in reliability. Your 
upfront cost includes not just the product, but 
also the promise of years of worry-free service, 
backed by our 3-year warranty.

$60 is a bit too expensive, others are cheaper. Is there any chance you could go lower?

Query

Gold Response

Background 
Information

Normal SFT

DCCS

Active Buyer

Reception
Agent

Reception
Agent

CoT Chain

Response

CoT Chain

Response

❌

✔

Figure 1: The illustration of our proposed Domain-Constrained CoT Supervision method. This
method leverages domain-specific, human-expert logical chains to guide the reasoning process,
thereby enhancing the stability of the language model and embedding expert-driven reasoning path-
ways into its generative capabilities.

Input Output

 Large deviation

Standard SFT: Spurious Shortcuts
Large spurious shortcut
Correct but unstable

Input z *
1 z *

2 z *
3 z *

4 Output

 Small deviations only

Domain-Constrained CoT: Coherent Alignment
CoT steps
Correct & stable path
Small spurious deviations
Constraints

Figure 2: The reasoning patterns of a standard CoT model compared to our Domain-Constrained
CoT model. By incorporating domain-constrained, step-wise supervision, our approach signifi-
cantly reduces deviations in the reasoning process, resulting in improved stability and alignment
with domain-specific logical structures.

the model distribution πθ(z|x), as shown in Figure. 2. Rather than learning the entire chain dis-
tribution πθ(z

∗|x) at once—which may admit many spurious solutions—the factorized form con-
strains each step to be individually valid while maintaining their sequential dependencies. Each
term log πθ(z

∗
i |z∗<i, x) provides a distinct optimization signal that guides the model toward the cor-

rect reasoning pattern.

Furthermore, the discrete formulation makes it easier for the model to approximate the delta dis-
tribution δ(z − z∗) by learning each step sequentially. By breaking down the complex reasoning
distribution into K simpler conditional distributions, each with lower complexity, we create multi-
ple checkpoints where the model must align with the teacher-generated reasoning. This structured
supervision prevents the model from taking shortcuts that would satisfy πθ(y|x) without proper
reasoning, thereby ensuring the learned distribution πθ(y, z

∗|x) better approximates the true joint
distribution and results in a tighter bound on the marginal likelihood log πθ(y|x).
The final SFT loss function is a weighted sum:

LSFT(θ) = −
∑

(x,z∗,y)

[log πθ(z
∗|x) + log πθ(y|x, z∗)] , (6)
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The model inference process is therefore defined as:

Pθ(Y |X) = P (Y |ZK)(

K∏
i=2

P (Zi|Zi−1))P (Z1|X) (7)

This process has much higher stability and is much more learnable for the model.

3.2 CHECKLIST-DRIVEN PREFERENCE REFINEMENT

While DCCS introduces enhanced reasoning transparency and enforces domain-specific constraints,
the model’s ability to generate optimal responses can still degrade in complex scenarios character-
ized by high levels of uncertainty or ambiguity. Furthermore, aligning the model’s outputs with
human preferences during the RL stage remains a critical objective. To address this, we adopt DPO
as an alignment method in domain adaptation for human interaction and conversational settings.
This approach is particularly well-suited to scenarios where constructing a highly accurate reward
model proves challenging. Specifically, DPO optimizes the model’s policy by utilizing pairwise
preference data D = {(x, y+, y−)}, where y+ corresponds to the preferred (chosen) response and
y− represents the less optimal (rejected) candidate. The optimization process is guided by the fol-
lowing loss function:

LDPO(θ) = −E(x,y+,y−)∼D

[
log σ

(
β

(
log

πθ(y
+|x)

πref(y+|x)
− log

πθ(y
−|x)

πref(y−|x)

))]
, (8)

where πref denotes the reference model, commonly instantiated as the initial SFT model, and β
serves as the temperature parameter. The gradient of the loss function is proportional to (1−σ(∆)),
where ∆ represents the preference difference between the response pair {y+, y−}. Importantly,
when the positive y+ and negative y− samples are highly similar (∆ ≈ 0), the resulting gradient
signal becomes both weak and noisy Yang et al. (2025). This phenomenon can destabilize the
training process, as πθ(y|x) may simultaneously drift away from both the preferred and rejected
examples.

Prompt

Prompt

Prompt
Hint

Preferred

Rejected

DPO Training

Preferred Rejected

PreferredRejected

Preferred Rejected

DPO Training

Self Evolution

CDPR

Background 
Information

Background 
Information

πref πExpect
πDPO

Self-Evolution DPO

0 y

p(y)

Expected distributin cannot be learnt

πCDPR

Our CDPR method

Our CDPR solves this problem

p(y)
πref πExpect

0 y

Figure 3: The general workflow of our proposed Checklist-Driven Preference Refinement method.
Through CDPR operations, the generated responses are more effectively aligned with the expected
distribution, facilitating more efficient and accurate learning within the DPO framework.

In this work, as shown in Figure. 3 we introduce a novel augmentation to DPO by incorporating
checklist-guided preference optimization, a framework designed to systematically diagnose reason-
ing and response errors, as shown in. Our method generates high-contrast positive cases y+ that
are explicitly tailored to address the specific issues identified in negative cases y−. By amplifying
the contrast between preference pairs, this approach significantly improves both the stability and
efficiency of DPO.

At the core of our approach is the explicit diagnosis of flawed reasoning and responses in the neg-
ative cases drived by the checklist. For a given input-response pair dataset, we begin by lever-
aging a predefined checklist for response C = {c1, c2, .., cL} consisting of L criteria to filter the
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bad case response pair (x, y−). Based on this pair, we can extract the associated reasoning chain
z−, which represents the sequence of intermediate reasoning steps derived as part of the DCCS
framework. This reasoning chain is structured as z− = (z−1 , z−2 , . . . , z−K), where z−k denotes the
k-th step in the chain. To evaluate z−, we leverage another predefined checklist for reason chain
Cz = {cz1, cz2, .., cLz} consisting of Lz criteria to filter the bad case response Each reasoning step
z−k is compared against the relevant checklist items to identify specific errors. For instance, flaws
detected in the intent reasoning step z−1 may map to errors cz1, cz2, or a combination of both, while
issues in deductive reasoning at z−2 might correspond to error cz3.

Each identified failure or flaw within the reasoning chain and response is systematically transformed
into an actionable diagnostic textual suggestion, denoted as a hint hi′ , which specifies the weak-
nesses in the generated response with precision. The collection of these hints which derived from
the checklist is represented as h = {hi′ |i′ ∈ Lh} where Lh is the potential maximum hint number,
encapsulating guidance for each reasoning aspect. These hints serve to instruct the model to refine its
focus on the information or reasoning perspectives associated with the previously diagnosed flaws.
By introducing this targeted intervention, the generative process is fundamentally augmented, aux-
iliary conditions (i.e. the hints) are incorporated alongside the original input, transforming {x} into
an enhanced input {x, h}, where h provides explicit steering guidance. This augmentation enables
the model to overcome spurious reasoning pathways and align more closely with robust, corrected
responses.

The hint-augmented generation process ultimately yields a refined positive example y+, designed
to explicitly resolve the flawed elements present in the negative case y−. Mathematically, this tar-
geted intervention redefines the distribution over reasoning steps, shifting the prior p(z|x) to a hint-
conditioned posterior p(z|x, h), thereby encouraging the generation of reasoning chains constrained
in corrective guidance.

p(z|x, h) ∝ p(h|z, x)p(z|x). (9)

Here, p(h|z, x) is a likelihood that assigns high probability to reasoning chains z that are consistent
with the hint h. This posterior then alters the distribution of final responses:

π(y+|x, h) = π(y+|x, zK)

K∏
i=1

p(zi|z<i, x, h) (10)

This intervention concentrates probability mass on high-quality responses that adhere to the cor-
rective hint by guiding each discrete reasoning step zi toward the desired reasoning pattern. By
constructing pairs (y+ ∼ π(·|x, h), y−), we ensure that the positive sample is drawn from a distri-
bution that is shifted towards higher-reward regions. This leads to a larger expected margin:

E[∆h] = E[sθ(y+)− sθ(y
−)] > E[∆self], (11)

where sθ(y) = β log(πθ(y|x)/πref(y|x)) is the reward score. A larger margin results in a stronger
gradient signal (1 − σ(∆)), accelerating convergence. The Checklist-Hint DPO objective can then
be formalized as:

LCDPR = −E(x,h,y+,y−) log σ
(
β · (rθ(y+)− rθ(y

−))
)
, (12)

Higher contrast ∆h plays a pivotal role in mitigating the risk of vanishing gradients during preference
updates, ensuring that the optimization process remains focused on meaningful corrections to the
underlying reasoning.

A central strength of this framework is the stability it introduces into the training dynamics of DPO.
By constraining y+ to explicit reasoning corrections derived from diagnostic hints, rather than to
random exploratory behaviors, the framework systematically reduces variance in positive case gen-
eration. This ensures that the alignment process maintains a stable range of rewards rθ(y

+) and
rθ(y

−), bounded by a high-contrast difference, which effectively suppresses noisy updates through-
out training. Empirically, this stabilization accelerates convergence and delivers faster optimization
compared to naive implementations of DPO. Moreover, the design of the hint h ensures it targets
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specific errors within the reasoning chain, resulting in a positive response distribution y+ that is
less random and exhibits lower variance than outputs sampled from an unconstrained model, such
as πSFT(y|x). This reduction in variance directly impacts the stability of gradient estimates, as
lower variability in sθ(y

+) propagates into the gradient updates, making the DPO optimization pro-
cess substantially more efficient and stable. By leveraging the reasoning-guided diagnostic process,
CDPR provides not only a stronger learning signal but also a more targeted corrective signal, directly
addressing the model’s weaknesses as detected through its reasoning trace.

In practice, we applied our method on the e-commercial scenario, with DCCS training with K = 4,
which compose of intent identify, knowledge assessment, response strategy formulation, manner
adjustment, to align with human logic chain. For the CDPR process, the potential maximum hint
number Lh is decided based on real business strategy, which compose of emphasizing factual infor-
mation, proactive advancement, anthropomorphism and emotional engagement.

3.3 IMPLEMENTATION DETAILS

In our e-commerce customer service setting, we adopt a four-step reasoning template aligned with
expert decision logic: (1) intent identification, (2) knowledge assessment, (3) response strategy, and
(4) manner adjustment. A strong teacher model (GPT-4o) rewrites responses into this structure via
a deterministic JSON-constrained prompt (§A.1), requiring less than one expert-day for domain
adaptation due to minimal human auditing.

Preference refinement is guided by a domain-specific checklist capturing key business qualities and
the violations automatically produce corrective hints (§A.3), forming high-contrast preference pairs
that enrich DPO signals. Ablations confirm that structured CoT and hint conditioning are both
essential.

This design enables scalable deployment without additional annotation and generalizes effec-
tively beyond the original domain, as demonstrated on GSM8K Cobbe et al. (2021) and ARC-
Challenge Clark et al. (2018) benchmarks.

4 EXPERIMENT

4.1 EXPERIMENT SETUP

Our foundational model is QwQ-32B Team (2025); Yang et al. (2024), which serves as the backbone
for our proposed system deployed in a real-world e-commerce application. Specifically, the model is
designed to process buyer questions based on product information, thereby guiding users purchase
decisions. We conduct theoretical analyses and evaluate the model both offline and online to rig-
orously assess its performance. For offline evaluation, we utilize an e-commerce Q-A benchmark,
comprising 10,000 question-answer pairs, to measure the model’s response accuracy and consis-
tency. For online evaluation, the model is integrated into the operational automatic customer service
system, enabling direct interactions with buyers in live e-commerce settings. Through analysis of
subsequent dialogues, we systematically examine the model’s performance across various dimen-
sions. Finally, an extensive A/B test is conducted to compare the commercial conversion rates of our
system against GPT-4.1 Achiam et al. (2023) and LLama3 Grattafiori et al. (2024), the previously
deployed baseline within the workflow.

To benchmark our full method, we evaluate against the following configurations: 1) Base: The
original QwQ-32B model without any task-specific fine-tuning; 2) SFT: Standard Supervised Fine-
Tuning on (input, response) pairs; 3) DCCS-SFT: Our proposed Domain-Constrained Chain-of-
Thought Supervision approach applied during the fine-tuning stage; 4) DPO: The SFT model further
refined via standard self-sampling Direct Preference Optimization; 5) CAPR: Our full proposed
methodology, combining DCCS-SFT with Checklist-Driven Preference Refinement.

4.2 EVALUATION METRICS

The offline evaluation framework encompasses multiple dimensions and tasks, including customiza-
tion, logistics, and other relevant aspects of e-commerce operations. The proposed model processes
the complete product dataset alongside the posed question to generate corresponding responses. To
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assess the hallucination tendencies of the model, we employ GPT-4.1 to evaluta the correctness of
the response.

In the context of online metrics, we establish a subjective evaluation benchmark aimed at assessing
dialogue quality holistically at the session level. This involves criteria including conversation ex-
pertise, emotion engagement, proactive advancement, bottleneck-resolving and anthropomorphism.
Each dialogue session is meticulously rated across predefined dimensions as good, normal, or bad,
thereby enabling a nuanced assessment of conversational performance. We further compare our
method with real responses generated by normal human sellers, top-performing human sellers, and
an expert-curated set of labeled excellent responses extracted from conversations with top human
sellers.

For real-world deployment, the model is integrated into a commercial platform to assist with buyer
interactions. The primary performance indicators include the Order Rate on relation pair level, Av-
erage Conversation Turns (ACT), and Retention Rate. To gauge efficacy, we compute the relative
change in these metrics compared to a baseline model (GPT-4.1), expressed as the percentage im-
provement or degradation relative to this established standard.

The theoretical analysis employs the t-SNE Maaten & Hinton (2008) method to reduce the dimen-
sionality of the model output CoT and responses. We visualize the semantic distributions of the SFT
model and the DCCS-SFT model outputs to the same 2-D plane under the same input conditions.
We also calculate the statistical distribution of KL divergence between rejected response and chosen
response for standard DPO pairs and checklist-driven DPO pairs.

4.3 EXPERIMENT RESULTS

Table 1: Comparison of Offline Question-Answering Accuracy (%) for all questions. Our completed
method significantly out performs other baseline methods.

Models Prod-Attribute Customization Sample Seller Logistics Payment
LLama3 36.7 51.9 32.5 26.4 23.1 7.2
GPT4.1 57.6 65.7 46.0 43.5 46.9 13.5
Base 61.0 76.2 47.8 46.5 47.2 11.7
SFT 64.3 77.0 49.6 46.9 47.1 13.2
DCCS-SFT 72.3 78.3 53.4 47.5 44.9 15.5
DPO 72.1 77.4 50.7 47.2 41.5 14.7
CAPR 70.1 80.6 51.3 49.7 42.3 13.9

As shown in Table. 1, our model DCCS-SFT has shown most superior performance on all the tasks,
which reveals the effectiveness of our training. In addtion, the DCCS-SFT model has shown better
accuracy compare with the standard SFT model, which is majorly attributes to the relevant product
information assessment step in the structured CoT. The CAPR model also outperforms the standard
DPO model on most metrics, which proves the checklist-driven DPO training can provide higher
comparison between good case answer and bad case answer. While the CAPR model encounters
accuracy decline on some metrics after prefenrence alignment, this is mostly because we empha-
size more on the proactive advancement and anthropomorphism on the RL stage. These results
significantly demonstrated the additive benefit of each stage.

To better evaluate the model dialogue ability from the subjective perspective under real-world sce-
narios, we evaluated the dialogue quality in session level based on the conversation between our
deployed model and customers. The evaluate is conducted from five aspects based on business
negotiation requirements.

As shown in Table. 2, our completed method has shown good performance and conversation qual-
ity on most the aspects, which reveals the effectiveness of our training methods. The DCCS and
CAPR consistently shown better performance compare with GPT-4.1, and even better than top hu-
man sellers, which proves both the effectiveness of the analyze process in the structured CoT and
the checklist-driven preference refinement to align the model output with human preference.

To eventually assess the business improvements brought by our models, we deploy our trained model
online and conducted the A/B Test experiments. As shown in Table. 3 our CAPR model yields sub-

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

Table 2: Comparison of online conversation subjective quality(/1). Our completed method shows
outstanding dialogue ability on all the metrics.

Models Expertise Emotion Advancement Bottleneck Anthropomorphism
Human 0.13 0.04 0.07 0.15 0.19
Top-Human 0.29 0.13 0.23 0.34 0.35
H-Labeled 0.63 0.46 0.67 0.47 0.68
GPT4.1 0.27 0.09 0.24 0.25 0.17
DCCS-SFT 0.41 0.18 0.27 0.44 0.12
CAPR 0.43 0.21 0.32 0.39 0.21

Table 3: Comparison of Online Conversion Rates. Our A/B test compares our proposed model
against GPT-4.1 used as the reception baseline. The reported percentages reflect the relative im-
provement or decline of our model compared to the GPT-4.1 baseline.

Models Order Rate ACT Retention Rate
DCCS-SFT +1.03% -1.05% -0.18%
CAPR +2.32% +2.19% +8.29%

stantial improvements on all the business metrics, which is consistent with the previous evaluation.
Especially for the retention rate, which is the crucially commercial signal, our method gains sig-
nificant improvements. This property can be attributed to the advancement and anthropomorphism
improvement of our method. This results show the real-world applicability of our models, and also
prove the effectiveness of our design.

4.4 THEORETICAL ANALYSIS

(a) Semantic Distribution on 2D Plane (b) KL Divergence in statistical frequency

Figure 4: The visualization of the SFT model output distribution and the KL divergence of DPO
preference pairs.

As shown in Figure 4a, we visualized the semantic distribution of the standard SFT model and
our DCCS-SFT model outputs. As illustrated in Figure 1, the outputs of the DCCS-SFT model
exhibit a significantly more compact distribution compared to the standard SFT model, validating
our theoretical assumption that domain-constrained CoT training can make the model outputs and
reasoning process more stable and domain-related. This property addresses the challenges faced
by existing domain adaptation of reasoning models, namely instability and the lack of coherence
induced by the CoT process.

For the DPO preference pairs, as shown in Figure 4b, we observe that checklist-driven DPO pairs
consistently exhibit higher KL divergence compared to standard DPO pairs, resulting in improved
preference optimization efficiency. This supports our assumption that, with checklist-driven hints,
the model can provide better responses while operating within the self-evolution paradigm, further
enhancing preference optimization.

9
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4.5 EVALUATION ON GENERAL DATASETS

To validate the generalization of CAPR beyond e-commerce dialogue, we further evaluate on two
standard reasoning benchmarks: (i) GSM8K Cobbe et al. (2021) for math word problems, and (ii)
ARC-Challenge Clark et al. (2018) for grade-school science reasoning. We include strong CoT
supervision (Alphamath Chen et al. (2024)) and recent preference optimization (KTO Ethayarajh
et al. (2024)) methods for comparison.

Dataset Model Base SFT Alphamath KTO Ours

GSM8K Qwen3-0.6B 0.42 0.46 0.48 0.49 0.52
Qwen3-4B 0.85 0.90 0.91 0.92 0.94

ARC-Challenge Qwen3-0.6B 0.31 0.35 0.39 0.37 0.43
Qwen3-4B 0.50 0.56 0.59 0.58 0.62

Table 4: Accuracy (%) on GSM8K and ARC-Challenge. Results are averaged over 3 seeds; std ≤
0.2%.

As shown in Table 6, CAPR consistently outperforms all baselines on both datasets, confirming that
structured CoT supervision and checklist-driven refinement improve reasoning quality beyond our
original domain.

4.6 SENSITIVITY ANALYZE

We vary the number of reasoning steps in DCCS (K = 1 to 5) on Qwen3-0.6B. We also compare
CAPR with and without hint-conditioned refinement.

Dataset Base SFT K=1 K=2 K=3 K=4 K=5 CAPR CAPR w/o Hint

GSM8K 0.42 0.46 0.38 0.44 0.48 0.49 0.49 0.52 0.50
ARC-C 0.31 0.35 0.30 0.33 0.37 0.39 0.40 0.43 0.40

Table 5: Ablation results of CoT step K and hint refinement on Qwen3-0.6B. Results are averaged
over 3 seeds; std ≤ 0.2%.

Increasing K improves DCCS reasoning supervision and consistently enhances performance, while
checklist-driven hint refinement provides additional gains by strengthening preference pair contrast.
These results confirm that DCCS and CDPR are complementary: the former enforces structured
reasoning, and the latter further boosts alignment through targeted corrections.

5 CONCLUSION

In this work, we introduce a novel two-stage framework for adapting LLMs to specific domains,
achieving improved stability and enhanced coherence while better aligning with domain-specific
requirements. Building on the standard paradigm of SFT combined with RL, our approach incor-
porates targeted innovations at both stages. Specifically, we propose Domain-Constrained Chain-
of-Thought Supervision to guide the SFT process, explicitly aligning the model’s internal reasoning
with the logic employed by human experts, thereby strengthening the reliability of intermediate rea-
soning. For the RL stage, we develop a Checklist-Driven Preference Refinement strategy, which
optimizes preference modeling by increasing the contrastiveness and clarity of feedback signals
during DPO training. Extensive experiments conducted not only on a challenging e-commerce dia-
logue task—evaluated through offline benchmarks and real online deployment—but also on public
reasoning datasets such as GSM8K and ARC-Challenge, demonstrate that the proposed framework
consistently improves both reasoning robustness and response quality. In particular, the online de-
ployment yields substantial improvements in key business performance indicators, underscoring the
practical impact and scalability of our approach. Looking ahead, we plan to extend this framework
to a broader range of domains and explore its application to other alignment-critical tasks, further
advancing the practical adaptability of LLMs.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

6 REPRODUCIBILITY STATEMENT

The evaluation data in this study is derived from real commercial product and seller information
collected from a large e-commerce platform. For offline evaluation, we utilize genuine product and
seller metadata, paired with carefully designed synthetic test cases to ensure coverage of represen-
tative scenarios. Online evaluation involves deploying the trained model as a seller agent to interact
directly with human buyers in a live commercial environment. The training dataset consists of real
product and seller descriptions as well as high-quality conversations between buyers and top-rated
human sellers, which were anonymized prior to use. Due to privacy and business constraints, the raw
data cannot be released publicly; however, we will provide a processed and anonymized subset upon
request, containing equivalent structure and statistics to facilitate reproduction of our experiments.
We use publicly available pretrained language models as the backbone. All experiments were con-
ducted on NVIDIA A100 GPUs using PyTorch 2.6, CUDA 12.6, and Python 3.11. Random seeds
are fixed across runs. The complete source code for data preprocessing, training, evaluation, and
model deployment scripts will be released on GitHub upon acceptance of the paper. We will also
provide instructions for reproducing all results, including environment setup, model checkpoints,
and evaluation protocols. The pretrained CAPR model will be publicly downloadable after internal
verification and acceptance.
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7 APPENDIX

During the preparation of this work, the author utilized ChatGPT-4 to assist with content refine-
ment. After using this tool, the author reviewed and edited the content as necessary and takes full
responsibility for the final published material.

7.1 A. COMPLETE IMPLEMENTATION SUPPLEMENT

7.1.1 TEACHER MODEL PROMPT FOR DOMAIN-CONSTRAINED COT COLLECTION

We use GPT-4o as the teacher model. The exact prompt is provided below:

Listing 1: Prompt template for teacher model
1 You are a top sales consultant on a B2B platform. Using the provided
2 [BackGroundKnowledge] and [AgentReturnHistory], analyze buyer intent,
3 formulate the most suitable response strategy, and decide how to
4 coordinate with other Agents to gather necessary information or directly
5 respond to the buyer.
6

7 Workflow:
8 1) Intent Identification
9 2) Knowledge Assessment

10 3) Response Strategy
11 4) Manner Adjustment
12

13 Output Format:
14 {
15 "CoT": "1. ...; 2. ...; 3. ...; 4. ...;",
16 "Reponse": "...",
17 }
18

19 Additional Instructions:
20 - Deterministic decoding only
21 - Ensure correctness and business policy compliance

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

7.1.2 TEMPLATE INSTANTIATION — EXAMPLE TRANSFORMATION

Below, we present both the original and the reconstructed responses.

Listing 2: Example of CoT construction
1 Raw sample:
2 We can deliver quickly. Want to place an order.
3 Domain Constrained CoT Example:
4 "CoT": "1. The buyer is asking about delivery time, indicating purchase

intention;
5 2. We know current stock and lead time;
6 3. Provide exact delivery details and encourage ordering;
7 4. Use a polite and warm tone.",
8 "Reponse": "Hello, this item is in stock and can be shipped within 3

days. Let me know if you’d like to proceed, happy to assist anytime!"

7.1.3 CHECKLIST CONSTRUCTION AND HINT MAPPING

To ensure reproducibility in preference refinement, we provide the complete checklist designs and
the mapping from checklist violations to corrective hints.

CoT-Level Checklist (Reasoning Correctness) We verify whether the structured Chain-of-
Thought aligns with the domain reasoning logic. Each checklist item is a binary function C(y) ∈
{0, 1}.

C =



IA-1: explicit intent correct,
IA-2: implicit intent inferred,
KA-1: product knowledge verified,
KA-2: missing info detected,
RS-1: strategy logically consistent,
RS-2: agent selection valid,
MA-1: manner adjustment justified


Thus:

ci(y) =

{
1, if CoT step i satisfies domain logic
0, otherwise

Response-Level Checklist (Execution Quality)

We evaluate communication quality of the final answer. Each checklist item is similarly binary
Cz(y) ∈ {0, 1}:

Cz =



FC-1: factual correctness,
FC-2: factual safety,
PA-1: proactive advancement,
AP-1: anthropomorphism,

EE-1: emotional engagement,
UM-1: user centric messaging


Cz

i (y) =

{
1, if response satisfies evaluation requirement
0, otherwise

Automatic Hint Generation Based on Checklist Violations
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Given a model-generated flawed response y−, we detect all violated items and each violated item is
mapped to a short corrective hint. For example:

hint(c) =


“First, explicitly state the buyer’s primary need.”, c = IA-1,

“Ask about missing key product details before suggesting a path.”, c = KA-2,

“Encourage the user’s next action, such as placing an order.”, c = PA-1,

“Avoid assumptions or placeholders; use only verified information.”, c = FC-2.

7.2 B. ADDITIONAL EXPERIMENTAL ANALYSIS

7.2.1 STATISTICAL SIGNIFICANCE ANALYSIS

We repeat all evaluations with 3 random seeds and report both mean and standard deviation. As
shown in Table 6, the standard deviation is consistently ≤ 0.2 absolute percentage points across
datasets and training settings, confirming that our improvements are statistically robust rather than
random fluctuations.

Dataset Model Base SFT Alphamath KTO CAPR

GSM8K Qwen3-0.6B 0.42 0.46 0.48 0.49 0.52
Qwen3-4B 0.85 0.90 0.91 0.92 0.94

ARC-Challenge Qwen3-0.6B 0.31 0.35 0.39 0.37 0.43
Qwen3-4B 0.50 0.56 0.59 0.58 0.62

Table 6: Performance (%) on GSM8K and ARC-Challenge. Results are averaged over 3 seeds; std
≤ 0.2 abs. percentage points.

7.2.2 BASELINE SETUP AND HYPERPARAMETERS

For fair comparison, we include two recent strong baselines:

(1) Alphamath: CoT distillation using step-level rationales. We adopt official training prompts and
tune for 1 epoch on each dataset (batch size 64, learning rate 2e−5).

(2) KTO: Preference training with prospect-based loss formulation. We apply self-sampled prefer-
ence data following the original strategy.

All models use identical training data and tokenization. Evaluation prompts follow official protocol
for GSM8K and ARC-Challenge. CAPR uses the same SFT stage as DCCS for fair comparison.

7.2.3 REWARD CORRELATION AMONG CHECKLIST DIMENSIONS

To validate that our two-level checklist introduces complementary training signals, we measure
pairwise correlation between reward scores produced by checklist classifiers.

ρij =
cov(Ri, Rj)

σ(Ri) · σ(Rj)

Across datasets, correlations remain below 0.18, indicating the CoT-level and response-level feed-
back are not redundant. This supports the design choice of using structured reasoning (DCCS) and
response refinement (CDPR) jointly.

7.2.4 ABLATION PROTOCOL

We vary the number of reasoning steps K in DCCS: K ∈ {1, 2, 3, 4, 5}. We further remove hint
conditioning from CDPR (w/o Hint) to isolate its contribution. All other configurations remain
identical to Table 5.The results show: (i) larger K improves reasoning stability by incorporating
more domain logic; and (ii) hint-based refinement yields an additional 1% − 3% accuracy gain,
demonstrating stronger contrastive preference supervision.
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7.3 C. DEPLOYMENT REPRODUCIBILITY

This appendix provides full online evaluation configurations, runtime cost, manual effort estimation,
and release plans.

7.3.1 A/B TESTING CONFIGURATION AND STATISTICAL SIGNIFICANCE

Our model was deployed in a commercial B2B dialog system, where a 14-day A/B test was con-
ducted with equal traffic allocation (50% CAPR vs. 50% baseline GPT-4.1 tuned). The primary
business KPI, user retention rate, demonstrates a statistically significant uplift with p < 0.005
under a three-sigma confidence level (99.7% CI). To ensure transparency and evaluation reliabil-
ity, we further report subgroup statistics that validate both traffic balance and variance stability:
Ncontrol = 60,926 with σcontrol = 0.9470, and Ntreatment = 60,641 with σtreatment = 1.0109. Although
this subgroup metric is auxiliary and not used as the primary decision indicator, its directional con-
sistency reinforces the robustness of our deployment evaluation.

7.3.2 INFERENCE LATENCY AND SERVING OVERHEAD

Checklist execution is rule-based and runs on CPU in < 3 ms per turn. Thus CDPR introduces
negligible additional runtime cost and does not increase GPU memory usage, ensuring suitability
for real-time commercial deployment.

7.3.3 TRAINING HYPERPARAMETERS AND EVALUATION PROTOCOL

We follow standard QwQ fine-tuning configurations, using a learning rate of 2× 10−5, batch size of
128, AdamW optimizer, and a maximum of 8K training steps. Evaluation strictly adheres to estab-
lished benchmarks, including exact-match scoring for GSM8K and accuracy on the ARC-Challenge
testdev split. All experimental results are averaged over three random seeds, with standard deviation
consistently ≤ 0.2%, confirming robustness against random fluctuations. During online deployment,
we additionally enable safety guardrails through rule-based reject sampling for hallucination filter-
ing and automatic fallback to the baseline model when constraint violations are detected, ensuring
fully reliable real-time serving.

7.3.4 TEMPLATE RELEASE AND REPRODUCIBILITY MATERIALS

Upon acceptance, we will release:

• anonymized teacher prompting templates and CoT JSON examples
• full response-level and CoT-level checklist definitions
• offline evaluation scripts and data processing utilities
• training configurations for all models

This provides full reproducibility without revealing proprietary data.
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