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ABSTRACT

Large Language Model (LLM) agents have excelled in single-stage tasks. How-
ever, their reasoning and coordination capabilities in multi-stage scenarios re-
main underexplored. Existing benchmarks typically focus on isolated tasks or
narrow domains, overlooking models’ abilities for multi-stage collaboration and
optimization without explicit external guidance. To bridge this gap, we propose
MSCoRe, a novel benchmark comprising 126696 domain-specific QA instances
spanning scenarios in automotive, pharmaceutical, e-commerce, and automotive
energy sectors. We also introduce a structured three-phase pipeline: dynamic
sampling, iterative question-answer generation, and a multi-level quality assess-
ment to generate high-quality data. For a more refined assessment, we catego-
rize tasks into three difficulty levels based on their stage coverage and complex-
ity. With MSCoRe, we have conducted a comprehensive evaluation of various
state-of-the-art LLM agents. The commercial models performed best across all
tasks and scenarios, but a notable gap in the ROUGE scores remains between sim-
ple and complex tasks. We also tested the models’ robustness under three types
of noisy data and found that their performance is negatively affected by differ-
ent noise. MSCoRe provides a new resource for evaluation and improvement of
multi-stage collaborative reasoning in LLM agents. Codes and data are available
athttps://huggingface.co/datasets/032564yn/MSCoRel
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This limitation is particularly pronounced in real-world industrial applications where workflows
are often multi-staged. For example, the automotive value chain involves interconnected stages
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from design and manufacturing to supply chain and quality inspection (Pinho Santos & Proenca,
2022). A design choice directly impacts manufacturing feasibility, while a supply chain disruption
can halt production. Similarly, in the pharmaceutical industry, quality inspection results provide
essential feedback for optimizing production processes (Gldria et al., [2024). Constructing agents in
specialized domains demands not only domain expertise but also collaborative reasoning abilities
that consider downstream consequences and upstream constraints. Existing evaluation frameworks
struggle to measure this crucial holistic problem-solving ability.

To bridge this gap, we introduce Multi-Stage Collaborative Reasoning (MSCoRe) benchmark, a
novel benchmark designed to assess the multi-stage collaborative reasoning of LLM agents. Differ-
ent from existing benchmarks, MSCoRe foucus on collaborative reasoning tasks within multi-stage
scenarios. Figure [1| shows an example of comparison between multi-stage collaborative reason-
ing and single-stage knowledge question-answering task. MSCoRe comprises 126696 high-quality
QA instances spanning four domains: Automotive Value Chain, Pharmaceutical Value Chain, E-
Commerce Value Chain, and Automotive Energy chain. Inspired by automated generation frame-
works (Goyal et al.; 2020;|Wang et al | [2022b;|Madaan et al.,[2023), we propose a structured pipeline
that combines high-quality seed data sampling, refined prompt engineering, and a multi-level qual-
ity control mechanism with feedback-driven optimization. For more detailed analysis, we categorize
tasks into three difficulty levels: simple, medium, and complex, based on their complexity and the
scope of stages involved.

With MSCoRe, we have conducted a comprehensive evaluation of various state-of-the-art LLM
agents, including the commercial models like GPT-4 (Achiam et al.l 2023, GPT-3.5-turbo, and
Claude-3.5-haiku, as well as open-source models like DeepSeek-R1 (Guo et al., [2025), and Qwen
series (Bai et al., [2023). The results suggest that models that excel at simple tasks still face signif-
icant challenges when it comes to complex tasks. Furthermore, we introduce three forms of noise
into data, including formatting errors, missing information, and semantic incompleteness, to assess
robustness and interference resistance of models under adverse input conditions.

In summary, the contributions of this paper are summarized as follows:

* We construct MSCoRe, a novel large-scale benchmark with 126696 QA instances across
four domains. The benchmark fill the gap in the evaluation of multi-stage collaborative
reasoning of LLM agents.

* We propose a structured pipeline for the automated generation of high-quality question-
answering data within specialized domains, and through refined prompts, we generate QA
instances of various difficulty levels.

* We comprehensively evaluate the performance of the state-of-the-art LLMs on MSCoRe,
highlight the weakness of current LLM agents in multi-stage collaborative reasoning.
MSCoRe provides a rich data resource for evaluating and improving the multi-stage col-
laborative reasoning capabilities of future LLM agents.

2 RELATED WORK

2.1 BENCHMARKS FOR REASONING ABILITY

The rapid evolution of Large Language Models (LLMs) has been accompanied by the development
of benchmarks to evaluate their various capabilities. Reasoning benchmarks explore diverse capabil-
ities of LLMs from multiple perspectives. Firstly, some benchmarks primarily focus on evaluating
models’ general capabilities, such as GLUE (Wang et al.| 2018)), SuperGLUE (Sarlin et al.| [2020)
and MMLU (Hendrycks et al., [2020), which established a foundation for evaluating natural lan-
guage understanding. However, as LLMs grew in scale and complexity, more extensive evaluation
suites became necessary. Benchmarks such as BIG-bench (Srivastava et al.|[2023) tests for a diverse
set of emergent abilities. HELM (Liang et al.| [2022) advocate for a multi-metric, holistic evalua-
tion. Lately, the evaluation focus has shifted towards more interactive and agent-like behaviors. For
instance, AgentBench (Liu et al.,|2023) evaluates LLMs in complex, multi-turn open-ended environ-
ments, and ToolBench (Qin et al.,[2023)) assesses their ability to use external tools to solve problems.
Although these benchmarks are crucial for understanding the overall reasoning and task execution
capabilities of LLMs, they typically consist of a series of independent tasks, which fail to capture the
complex causal dependencies inherent in multi-stage workflows. MSCoRe is specifically designed
to address this gap by focusing on these cross-stage relationships.
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Figure 2: Inner layer: Domain of data distribution, outer layer: work stages contained within the
domain; numbers: percentage of data from each stage within the domain’s dataset. MSCoRe covers
4 domains: Automotive Value Chain, E-Commerce Value Chain, Automotive Energy Chian, and
Pharmaceutical Value Chain.

2.2 DOMAIN-SPECIFIC LLM BENCHMARKS

Recognizing that real-world applications require specialized knowledge, there has been a significant
trend towards creating domain-specific benchmarks. In fields like medicine, benchmarks such as
MedQA (Jin et al.} 2021)) and MedMCQA (Kim et al.,[2024) evaluate clinical knowledge by testing
models on medical exam questions. The recent evaluation framework for Med-PaLM 2 further
highlighted the need for rigorous assessment against real-world medical challenges (Singhal et al.,
2025). Similarly, the finance sector has seen the introduction of benchmarks like FinQA (Chen et al.,
2023a) and the more recent FinEval (Zhang et al., 2023)), which focus on financial report analysis
and economic knowledge. In the legal domain, benchmarks like LexGLUE (Chalkidis et al.| 2021
test models on legal text processing and reasoning tasks. These domain-specific benchmarks are
indispensable for validating the factual accuracy and specialized knowledge of LLMs. However,
their primary focus is often on assessing a model’s ability to act as a knowledge repository or a
domain expert. For example, they might test if a model can answer a specific legal question or
interpret a financial table. They generally do not evaluate a model’s capacity to reason through
a multi-stage process, such as managing the automotive supply chain from design to recycling.
MSCoRe addresses this by focusing not just on domain knowledge, but on reasoning across the
procedural stages of that domain.

2.3 MULTI-STEP REASONING IN LLM AGENTS

The challenge of enabling LLMs to solve complex, multi-step problems has been a major driver of
research. The introduction of Chain-of-Thought (CoT) prompting (Wei et al.l|[2022)) was a seminal
step, demonstrating that eliciting intermediate reasoning steps significantly improves performance
on complex tasks. Self-Consistency (Wang et al.,[2022a)) improves robustness by sampling multiple
reasoning paths and selecting the most consistent answer. More structured approaches like Tree of
Thoughts (ToT)|Yao et al|(2023) and Graph of Thoughts (GoT) (Besta et al.,|2024) allow models to
explore and self-evaluate diverse reasoning pathways, enabling them to handle problems that require
planning and exploration. However, a corresponding gap exists in evaluation: many benchmarks
testing these abilities rely on abstract mathematical problems, or game-playing scenarios. While
useful, they may not reflect the constraints and dependencies of real-world industrial processes.
GAIA (Mialon et al., 2023) has begun to address complex, multi-step tasks requiring tool use, but
still maintains a generalist focus. MSCoRe measures a model’s ability to solve problems where
success is determined not by isolated logic, but by a holistic understanding of the interplay between
different operational stages.
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3 DATA

3.1 DATASET OVERVIEW

Data Fotmulation Every QA instance in MSCoRe follows the Alpaca instruction-tuning format,
where each instance d; = (I;, X;, O;) comprises three primary fields: instruction (I;), input (X;),
and output (O;). The instruction field contains the question that guides the model’s response gener-
ation. The output field provides the target response that serves as the ground truth for training and
evaluation. Our task formulation does not utilize input component, thus X; = () for all instances in
MSCoRe. The format without additional input allows the model to generate answers directly from
instructions. This distinguishes our approach from context-dependent reasoning tasks and empha-
sizes the evaluation of reasoning based on models’ parametric knowledge.

Table 1: Distribution of data across each dataset at Simple, Medium, and Complex levels.

Domain | Simple Medium Complex Total
Automotive 56708 6034 6045 68787
Pharmaceutical | 25032 2005 2004 29041
E-Commerce 17731 - 2005 19736
Auto-Energy - 9132 - 9132

Data Distribution MSCoRe encompasses four critical industrial value chains: Automotive, Phar-
maceutical, E-Commerce, and Automotive Energy. The specific data volume and distribution are
shown in Figure 2} Detailed descriptions and examples are listed in the Appendix

Task Definition To enable a more systematic and fine-grained evaluation of model performance,
we categorize the dataset into three difficulty levels: Simple, Medium, and Complex, based on the
coverage of work stages.

» Simple Tasks focus on single-stage optimization within individual stage. For instance,
considering only the fuel economy of a vehicle from the perspective of automotive design.

* Medium Tasks involve coordinating between two or more stages. An exemplar task re-
quires coordinating vehicle design and manufacturing processes to optimize fuel efficiency,
necessitating cross-functional understanding and multi-stage optimization.

* Complex Tasks demand holistic integration across all value chain stages. Tasks such as
integrating design, manufacturing, supply chain, and recycling for electric vehicle opti-
mization require comprehensive reasoning and the ability to balance competing objectives
across the entire product lifecycle.

From basic single-stage reasoning to complex full-chain optimization and decision-making, the hi-
erarchical difficulty structure ensures effectively discriminate between models with varying capa-
bilities in different domain understanding. Table [T summarizes the distribution of instances across
domains and difficulty levels. The E-Commerce value chain comprises four stages, hence optimiza-
tion tasks are defined solely at single-stage tasks (Simple) and full-chain tasks (Complex). The
Automotive Energy chain mainly focuses on collaborative reasoning between vehicle domain and
energy domain, thus all data are multi-stage optimization tasks (Medium).

3.2 DATA CONSTRUCTION

Dynamic Sampling To ensure comprehensive coverage across all stages within the domain and
guarantee data professionalism, we manually collected a small volume of high-quality seed data
as learning examples. However, repeated sampling is adverse to data diversity. So, we abandon
uniform random sampling, and adopt a dynamic sampling strategy, defining a linearly decreasing
sampling probability distribution for learning example sampling. In the formula shown in Figure [3]
(a), as the index ¢ of the generated data increases, the sampling probability Ps for the seed data
decrease linearly, while the sampling probability P, for new data gradually increase. N denotes the
predefined volume of dataset, and -y is a hyperparameter that controls the slope of the distribution. 7'
denotes the number of examples learned during question-answer generation. This effectively avoids
data subject imbalance and ensures the diversity of the dataset.
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Figure 3: The framework of data construction: (a) Dynamic Sampling from Seed Data Pool and In-
struction Data Pool. (b) Domain-specific Q&A instances generation based on refined prompting and
high-quality learning examples. (c) Quality Assessment through multi-level evaluation including
Format Check, Semantic Check, and Professional Assessment. Optimize data generation through
Feedback Optimization strategy.

Question-Answer Generation The core of our data generation relies on a two-module architecture
guided by refined prompt engineering, leveraging in-context learning (Dong et al., [2022) to elicit
expert-level, multi-stage reasoning from the LLM agents.(As shown in Figure 3| (b).)

* Question Generation Module. This module leverages the powerful generative capabilities
of LLMs to construct specialized questions within a given domain. Refined prompts incor-
porate specific roles (e.g.,You are an expert in the automotive value chain), task descrip-
tions and explicit requirements (e.g., Generate 10 high-quality professional questions...).
To further anchor the generated content, prompts also include contextual information and
few-shot examples. These examples provide the model with relevant background knowl-
edge and stylistic models to guide its generation.

* Answer Generation Module. This module takes the questions generated in the preceding
step as input, outputting optimized solutions that meet requirements for single-stage, multi-
stage, or full-chain optimization. Beyond defining expert roles, it supplements contextual
information with relevant value chain collaboration details (e.g., Design-Manufacturing-
Supply Chain-Quality Inspection-Sales-Recycling). The model learn to perform collab-
orative multi-stage analysis based on the provided few-shot examples, ultimately deliv-
ering optimal solutions. For instance, when addressing battery overheating prevention,
the model should integrate solutions from design, manufacturing, and supply chain stages
rather than providing isolated single-stage answers.The detailed prompt template shown in

Appendix

Quality Assessment To ensure the quality and utility of the data, we implement multi-level quality
control measures and incorporate feedback optimization strategies to enhance the efficiency of data
generation.(As shown in Figure [3(c).)

* Format Check: The first layer of rule-based filtering mechanisms involves standardizing
data processing. This includes language consistency checks, as all our data is in Chinese
format; and unusual output detection to prevent unexpected responses (e.g., "Of course,
I’m happy to answer your question.”).

* Semantic Checks: To ensure linguistic quality and novelty, we apply two programmatic
checks. First, we filter out data pairs with high perplexity (PPL(d;) > J) to remove overly
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simplistic or generic content. We also enforce a semantic similarity threshold (Sim/(d;)) <
€) to eliminate repeated or similar data, thereby ensuring data diversity.

* Professional Assessment: We utilize a powerful adjudicator model to score each Q&A
pair based on a set of domain-specific metrics. These include multi-link coverage, link rel-
evance, and cooperative optimization to evaluate the quality of the multi-stage reasoning, as
well as practical feasibility and natural connection to assess real-world applicability. Q&A
Pairs failing to meet a predefined quality threshold (e.g.,Score < 8.0) are discarded.The
detailed assessment prompt is shown in Appendix [B.2]

Feedback Optimization Our pipeline operates within a closed-loop system. During quality con-
trol, any data failing to meet requirements is fed back to the Answer Generation Module according
to error type, incorporating corresponding feedback for a finite number of iterative optimizations.
For instance, upon detecting unexpected outputs in responses, we explicitly introduce the instruction
‘Answer the question directly with minimal extra output’ to enhance conciseness and data purity in
subsequent generation processes. This iterative feedback optimization mechanism achieves contin-
uous improvement in both data quality and generation efficiency.

4 EXPERIMENTS

4.1 SETUP

We employed the GLM4 model (GLM et al.l [2024) as our primary question-answering generation
framework, GPT-4 served as the expert evaluator in our collaborative assessment pipeline.The fol-
lowing hyperparameters were empirically determined: the number of few-shot exemplars 1" was set
to 10 to provide sufficient contextual guidance while maintaining computational tractability. The
collaboration weight parameter v was fixed at 1.0 to ensure balanced contribution from all eval-
uation components. For semantic validation, we established a perplexity threshold 6 = 16 and a
similarity threshold ¢ = 0.9 to maintain response coherence and relevance. The expert assessment
score threshold was configured at 8.5 points on a 10-point scale to ensure high-quality output. To
prevent excessive computational overhead, the maximum number of iterative refinement cycles was
constrained to 2.

Table 2: LLMs performance comparison (ROUGE scores) across 4 Domains and 3 difficulty levels.
darkblue  indicates the highest score in each column, lightblue indicates the second highest score.
A-E = Automotive Energy, Avg. = Average, Sim. = Simple, Med. = Medium, Com. = Complex.

Model Automotive Pharmaceutical E-Commerce A-E  Avg.
Sim. Med. Com. Sim. Med. Com. Sim. Com. - -
Open-Source LLMs (Small)
Qwen2.5-1.5B 1476 12.75 10.75 1046 11.51 11.37 21.39 11.00 12.75 1297
Llama3.2-3B 634 470 9.19 927 476 449 563 494 470 6.00
Bloomz-3B 18.55 19.47 19.66 16.68 18.36 17.83 11.53 16.77 19.47 17.59
Qwen2.5-3B 36.20 30.90 31.04 3137 31.53 30.38 36.64 32.27 30.90 32.36
Open-Source LLMs (Medium)

Yi-1.5-6B 28.81 23.09 26.72 22.12 26.82 2546 27.85 2445 23.09 2538
Qwen2-7B 4237 3498 36.07 33.27 35.10 33.12 43.15 35.08 3498 36.46
Qwen2.5-7B 31.71 27.64 29.17 28.99 2845 27.51 33.50 29.14 27.64 29.31
DeepSeek-R1-7B  46.28 ' 40.82 43.55 41.81 40.69 39.28 45.71 [41.82 40.82 42.18
GLM4-9B 3418 2590 37.74 2690 27.12 26.00 23.79 26.15 2590 28.19
Qwen2.5-14B 30.94 25.59 32.28 27.03 27.23 26.10 31.01 27.59 2559 28.15
Phi4-14B 4448 3793 1797 3326 3729 34.85 5194 3423 3793 36.65

DeepSeek-R1-14B [ 46.93 40.78 40.47 40.71 39.48 38.29 49.03 40.10 40.78 41.84
Closed-Source LLMs

Claude3.5-Haiku ~ 43.93 36.58 3855 39.21 35.00 33.71 43.18 34.28 36.58 37.89
GPT-3.5-Turbo 4428 3838 41.29 35.18 36.73 34.69 43.13 35.61 38.38 38.63
GPT-40 48.78 4321 4542 4383 4133 4092 50.21 41.29 4321 4424
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To quantify the multi-stage reasoning capabilities of various LLMs, we conducted an extensive
evaluation on the MSCoRe. We benchmarked 15 prominent LLMs, including 12 open-source
models ranging from 1.5B to 14B parameters: Qwen2, DeepSeek-R1, Phi4 (Abdin et al.| [2024),
Llama3.2 (Gléria et al., 2024)), Bloomz (Workshop et al.,2022)), and Yi (Young et al.; 2024)), as well
as 3 closed-source models: Claue-3.5-Hiaku, GPT-3.5-Turbo, and GPT-40. The performances are
measured using ROUGE scores across four domains and difficulty levels.

4.2 COLLABORATIVE EFFECTIVENESS ASSESSMENT

The results, presented in Table [2] reveal two primary findings. First, while the state-of-the-art
closed-source model, GPT-40 achieves the highest overall performance, the leading open-source
models have become remarkably competitive. DeepSeek-R1-7B and DeepSeek-R1-14B outperform
other major proprietary models, indicating a narrowing gap at the frontier of reasoning capabilities.
Second, a universal and significant degradation in performance as task complexity increases. This
consistent trend across most models underscores that multi-stage collaborative reasoning remains a
formidable challenge, validating our benchmark’s effectiveness to measure this complex capability.
Furthermore, the result highlights a clear correlation between model scale and performance, as well
as performance disparities across different domains. Models generally scored higher in the Auto-
motive and E-Commerce sectors compared to the more specialized Pharmaceutical domain, likely
reflecting variances in their pre-training data. These results demonstrate the utility of MSCoRe in di-
agnosing the multi-stage collaborative reasoning abilities of LLM agents and pinpointing key areas
for future improvement. Further detailed experimental data is provided in the Appendix [C.2}

4.3 FURTHER ANALYSIS
Robustness Analysis

To move beyond absolute performance and specifically evaluate a model’s stability in the face of
increasing task complexity, we introduce a ratio-based robustness metric. This metric is defined as
the ratio of a model’s ROUGE score on Complex tasks to its score on Simple tasks within the same
domain. A ratio approaching 1.0 indicates the model possesses exceptional robustness, signifying
that its performance remains stable with minimal degradation when transitioning from simple single-
stage problems to complex multi-stage reasoning challenges.

ROUGE Score (Com.)
ROUGE Score (Sim.)

Robustness Ratio =

The result reveals model-specific sensitivities to different domains. Phi4-14B, exhibits extreme brit-
tleness in the Automotive domain with a ratio of only 0.40. However, in the Pharmaceutical domain,
its ratio soars to 1.05. This volatility indicates that a model’s reasoning stability is not an intrin-
sic general property but is highly contingent on its familiarity with a specific domain’s relational
knowledge. This phenomenon does not necessarily imply superior reasoning on harder tasks. A
more plausible explanation is a stylistic artifact related to the ROUGE metric itself: Complex tasks
often require longer, more comprehensive answers involving multiple stages. Models that are inher-
ently more verbose may achieve higher lexical overlap on these tasks despite imperfect underlying
logic.

Expl: Automotive Value Chain Exp2: Phar ical Value Chain Exp3 :E-Commer ce Value Chain

Llama32-38 145 Yi-1568 121] GLM4-98 110]
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Figure 4: Robustness evaluation across three value chain domains: performance ratio of Complex-
to-Simple tasks for various LLMs on Automotive, Pharmaceutical , and E-Commerce value chain.
Higher Robustness Ratios (blue bars) indicate better robustness, while lower Robustness Ratios (red
bars) suggest performance degradation on challenging tasks.
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Few-Shot-Learning Analysis

To investigate the impact of in-context learning on multi-stage reasoning, we conducted a compar-
ative analysis between zero-shot (K=0) and one-shot (K=1) settings. Due to resource constraints,
our analysis focused on four models: Bloomz-3B, Qwen2.5-7B, DeepSeek-R1-14B, and GPT-3.5-
Turbo. The results are presented in the Table For Bloomz-3B and Qwen2.5-7B, the one-shot
prompt provided a noticeable performance uplift. This suggests that for these models, the in-
context example successfully demonstrates a complex reasoning pattern that is difficult to elicit
in a zero-shot setting. In stark contrast, the highly capable models with strong zero-shot perfor-
mance, DeepSeek-R1-14B and GPT-3.5-Turbo, exhibited a consistent and significant degradation
in performance when provided with a one-shot example. This counter-intuitive result points to the
high prompt sensitivity of these advanced models. We hypothesize that models with robust inter-
nal strategies for these tasks may find a single in-context example misaligned with their inherent
reasoning process, thereby constraining them to a suboptimal solution path. This highlights a key
challenge in multi-stage collaborative reasoning: in-context learning is not universally beneficial
and may even hinder strong models.

Table 3: Model performance for O-shot and 1-shot learning

Model | k-shot | Sim. Med. Com.

0 ]19.72 19.64 19.34
25.84 20.16 20.53

30.97 26.73 14.8
34.42 29.44 28.78

46.67 41.41 40.28
4275 35.69 31.78

43.53 37.75 38.86
37.82 35.68 33.72

Bloomz-3B

Qwen2.5-7B

DeepSeek-14B

GPT-3.5-Turbo

—Oo | =OoO =0

Noise Resistance

To further evaluate the model’s multi-stage collaborative optimization capability on noisy data, we
introduced noise into 2,000 data points sampled in E-Commerce Value Chain Complex tasks. We
selected three representative models, ChatGLM3-6B, DeepSeek-R1-7B, and Baichuan2-13B for ex-
perimentation. We establish three common types of noise:Format Corruption, Syntactic Confusion,
and Character Omission. Different noise rates were also set for comparison. The results are shown
in the Figure [5] Detailed explanations of noises and implementation methods are provided in the

Appendix [B.3]
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Figure 5: ROUGE scores for the model under three different noise types and varying noise rates
Under the influence of three types of noise, the robustness of the three models exhibited signifi-

cant differences. Firstly, formatting noise had a relatively minor impact on the models, all three
demonstrated a gradual decline in Rouge scores as the noise proportion increased, indicating a high



Under review as a conference paper at ICLR 2026

tolerance for structural perturbations. Secondly, syntactic confusion exerted a greater impact on per-
formance, with Rouge scores declining markedly under high noise ratios. This indicates deficiencies
in capturing syntactic sequences and dependency relationships. Finally, character omissions caused
the most severe performance degradation, highlighting the central role of semantic integrity in gen-
eration quality. Moreover, Baichuan 2-13B demonstrated the strongest overall robustness, followed
by DeepSeek-R1-7B, while ChatGLM3-6B performed worst under high-noise conditions. This in-
dicates that larger models exhibit greater fault tolerance when confronting multiple noise types.

Error Analysis
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Figure 6: Success counts (a) and error-type proportions (b) in automated data generation across the
Automotive Energy value chain.

To further investigate the reliability of automated data generation, we analyzed patterns of success-
ful and failed data generation across different segments of the automotive-energy value chain. As
shown in Figure [f] (a), the majority of data instances were successfully generated within one or
two attempts, while a relatively small proportion persisted in failing despite multiple retries. To
delve deeper into these failure cases, Figure [6] (b) categorizes error types statistically. Semantic er-
rors account for the smallest proportion of failures, with the primary failure types being insufficient
coordination and formatting errors. This may stem from the persistent difficulty in maintaining
consistency across multi-stage reasoning, coupled with inadequate adherence to target formats or
constraints.

5 CONCLUSION

We propose MSCoRe, a novel benchmarking framework for systematically evaluating the multi-
stage collaborative reasoning capabilities of LLM agents across four key industrial value chains:
automotive, pharmaceutical, e-commerce, and automotive energy. Through comprehensive experi-
ments on 15 state-of-the-art models, we observe that while commercially advanced LLMs demon-
strate overall strongest performance, they still face significant challenges in full-chain reasoning
tasks and exhibit pronounced fragility under noisy or unstructured inputs. These findings indicate
current large models remain inadequate for multi-stage collaborative reasoning tasks. MSCoRe es-
tablishes a data foundation for evaluating model multi-stage collaborative capabilities, laying crucial
groundwork for enhancing future models’ reasoning capacity, robustness, and practical application
value within complex processes.
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A LLM USAGE

Large Language Models (LLMs) were used to aid in the writing and polishing of the manuscript.
Specifically, we used an LLM to assist in refining the language, improving readability, and ensuring
clarity in various sections of the paper. The model helped with tasks such as sentence rephrasing,
grammar checking, and enhancing the overall flow of the text. It is important to note that the LLM
was not involved in the ideation, research methodology, or experimental design. All research con-
cepts, ideas, and analysis were developed and conducted by the authors. The contributions of the
LLM were solely focused on improving the linguistic quality of the paper, with no involvement in
the scientific content or data analysis.

The authors take full responsibility for the content of the manuscript, including any text generated
or polished by the LLM. We have ensured that the LLM-generated text adheres to ethical guidelines
and does not contribute to plagiarism or scientific misconduct.

B APPENDIX

B.1 DATASET DESCRIPTION

* Automotive Value Chain: Encompassing the entire lifecycle process from vehicle de-
sign, production, supply chain management, and quality inspection to sales and recycling.
Through coordinated efforts across all stages, it creates value while driving industrial com-
petitiveness and sustainable development.The detailed description and example of each
stage is shown in Table ]

* Pharmaceutical Value Chain: Encompassing the entire process from drug research and
development, raw material procurement, drug manufacturing, supply chain management, to
sales and distribution. Through coordination across all stages, it drives pharmaceutical in-
novation, quality assurance, and market accessibility.The detailed description and example
of each stage is shown in Table 4]

* E-Commerce Value Chain: Encompassing the entire process from product procurement,
warehousing and logistics, platform operations, to user experience. It involves the coor-
dinated optimization of product supply, delivery efficiency, platform traffic, and user sat-
isfaction across all stages.The detailed description and example of each stage is shown in
Table[3l

* Automotive Energy Chain: Encompassing the entire process spanning vehicle design,
production, sales, and energy systems (usage, energy storage, power generation) in syn-
ergy. By integrating vehicle manufacturing with energy supply, it achieves efficient energy
utilization, reduces costs, and promotes the sustainable development of new energy vehi-
cles. The detailed description and example of each stage is shown in Table[5]

B.2 PROMPT TEMPLATE

* Question generation prompt template of each stage in the Automotive Value Chain are
shown in Table 11l and Table 2

* Answer generation template of each stage in the Automotive Value Chain are shown in
Table 13 and Table[14]

* Professional assessment prompt template is shown in Figure

B.3 NOISE ANALYSIS

» Format Corruption, refers to textual anomalies in layout or structure, such as disordered
paragraphs, resulting in non-standardized presentation of information. we introduce noise
by adding line breaks.

» Syntactic Confusion, Refers to the disruption of the original grammatical structure and se-
mantic coherence within a sentence, resulting from the rearrangement of words or phrases.
Achieved by altering word order.

* Character Omission, refers to the omission or ellipsis of certain key information within
a text, resulting in incomplete meaning or unclear expression. Achieved by randomly re-
moving words.

13
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Table 4: The Automotive Value Chain comprises 6 stages, while the Pharmaceutical Value Chain
consists of 5 stages, along with detailed descriptions and illustrative examples for each stage.

Domain \ Stage Description Example
Conducting design planning and | How can weight be re-
performance optimization for com- | duced in vehicle body

Design plete vehicles and components in | design to enhance fuel
accordance with market demands | efficiency?
and regulatory requirements.
Transforming designs into high- | How can we reduce en-
Manufacturing quality .ﬁnlshed vehicles through | ergy consumption and
automation and lean manufactur- | scrap rates on the as-
ing. sembly line?
Integrate the procurement of raw | How can we ensure the
Supply Chain materlals . and components, logis- | timely delivery of criti-
tics, and inventory management to | cal components to avoid
Automotive ensure stable production. production delays?
Rigorous testing and inspection of | How can one swiftly de-
Quality components and complete vehicles | tect potential safety haz-
Inspection to ensure compliance with safety | ards in electric vehicle
and quality standards. batteries?
Drive product adoption and facil- | How can the user pur-
itate transactions through channel | chasing experience for
Sales . .
development, marketing, and cus- | new energy vehicles be
tomer service. enhanced?
Dismantling end-of-life vehicles for | How can batteries and
material recovery and remanufac- | metallic materials be ef-
Recycle . .
turing reduces resource consump- | ficiently recovered from
tion and environmental impact. end-of-life vehicles?
The efficacy and safety of new | How can we improve
Drug drugs are identified and validated | the success of clinical
Development | through fundamental research and | trials for new drugs?
clinical trials.
Select and procure high-quality, | How can we ensure the
Material compliant medicinal raw materials | stability of raw material
Procurement | to meet production requirements. supply and consistency
in quality?
Process raw materials into mar- | How can production
. ketable pharmaceutical products in | efficiency be enhanced
Pharmaceuti- . . . . o
cal Manufacturing| accordance with stringent manufac- | whilst maintaining
turing processes and GMP stan- | pharmaceutical quality?
dards.
Plan and optimize the storage, | How to safely transport
. transportation and distribution of | vaccines in low-
Supply Chain . .
pharmaceuticals to ensure safe, | temperature  environ-
compliant and timely delivery. ments?
Sales Promoting pharmaceutical products | How can we increase
& to healthcare institutions and retail | the prescription usage
o outlets to enhance market coverage | rate of new drugs in hos-
Distribution s .
and accessibility. pitals?

14
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Table 5: The E-Commerce Value Chain comprises 4 stages, while the Automotive Energy Chain
consists of 5 stages, along with detailed descriptions and illustrative examples for each stage.

Domain

E-Commerce

Automotive
Energy

\ Stage Description Example
Select and procure high-quality, | How can one quickly
Product competitively priced goods to meet assess the market pop-
p customer requirements. ularity and sales poten-
rocurement . .
tial of a particular prod-
uct category?
W . Efficiently manage inventory and | How can we reduce
arehousing . . .
& optimize delivery processes to en- warehousmg ~ costs
. sure goods are delivered to cus- | and improve dispatch
Logistics
tomers promptly and accurately. speed?
Enhance platform traffic and con- | How can big data be
Platform version rates through data analysis, | leveraged to deliver pre-
Operations marketing, and event planning. cise product recommen-
dations to users?
Optimize the interface, customer | How can we reduce user
User service and after-sales support to | drop-off rates during the
Experience | enhance user satisfaction and repeat | checkout process?
purchase rates.
Optimize the vehicle structure and | How can energy losses
Auto- powertrain system according to the | in electric vehicles be
Design characteristics of new energy to en- | minimized during the
hance range and safety. design phase?
Employ intelligent manufacturing | How can consistency be
Auto- and quality control technologies to | ensured for power bat-
Manufacturing| efficiently produce new energy ve- | teries during the pro-
hicles. duction process?
Promoting market acceptance of | How can consumer con-
Auto- new energy vehicle models through | fidence in electric vehi-
Sales multi-channel marketing and ser- | cle range be enhanced?
vice initiatives.
Develop and optimize the charging | How can we reduce
Energy- network to enhance charging con- | queuing times for elec-
Usage venience and efficiency. tric vehicle charging
during peak periods?
Utilizing batteries or energy stor- | How can the service life
Energy- age systems to balance grid supply | of energy storage equip-
Storage and demand and support efficient | ment at charging sta-
energy utilization. tions be extended?
Developing clean energy genera- | How can the power
E tion to provide a sustainable power | generation efficiency of
nergy- . . .
. source for electric vehicles. photovoltaic power sta-
Generation

tions be enhanced dur-
ing rainy weather?
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C EXPERIMENTS SND ANALYSIS

C.1 HUMAN-AI DISCRIMINATION TEST

87

72

Predict Label

13 17

a
Q
<

AGD HCD
TrueLabel

Figure 7: Confusion matrix for the Human-Al Discrimination Test showing expert classification
results between automatically generated data (AGD) and human-created data (HCD).

To further validate the data quality of MSCoRe, we designed a Human-AI Discrimination Test,
wherein ten domain experts distinguished whether test data belonged to automatically generated
data or manually created data. We presented the experts with a mixed dataset, requesting they
classify each data as either AGD (Automatically Generated Data) or HCD (Human Created Data).
The experimental results are summarized in the confusion matrix shown in Figure[7] A significant
majority, 87.0% of the AGD samples, were incorrectly classified as human-created. This high mis-
classification rate strongly suggests that our generated data exhibits characteristics of human-level
quality and sophistication, making it difficult for experts to distinguish from authentic human work.

C.2 EXPERIMENTAL RESULTS

BLEU and ROUGE scores for each model across four datasets.Table [6] Table [7] Table [8] Table O}
and Table[T0]

@ Professional Assessment

Assessment Criteria: A t Requir t!

o Multi-stage Coverage: Encompasses relevant stages across both | | Please evaluate the  collaborative nature of the response
automotive manufacturing and automotive energy sectors, not comprehensively across these five dimensions and assign an overall
limited to a single stage score. The scoring range is 1 to 10, where 1 denotes extremely poor

o Inter-process Correlation: Analyses the mutual influence and | | 2nd 10 denotes extremely good. Decimal scores are permitted.

connections between cross-domain processes, demonstrating . . .
systematic thinking. Output the assessment results in the following format without

o Collaborative Optimisation Perspective: Provides ideas and additional conenFaljy: .,
recommendations for cross-process collaborative optimisation, { "Multi-link coverage": Score,

rather than analysing individual processes in isolation. :Li“k rele\l/ance"i S?Ofé, .

o Practical Feasibility: Collaborative solutions possess practical ”COOPFI'aU\’e qp?l;nlianon : Score,
viability, accounting for potential challenges encountered Practical feambl'hty : Score,
during implementation. "Natural connection": Score,

e Natural flow: Responses are coherent and fluid, avoiding "Overall Score": Score }

abrupt subheadings to maintain continuity and readability.

Score <Q&A>based on the assessment criteria and requirements.

Figure 8: The Professional Assessment prompt template.
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Table 6: LLMs performance comparison (BLEU and ROUGE scores) in six stages within Automo-
tive Energy Chain. |darkblue indicates the highest score in each column, lightblue indicates the
second highest score.

Stage-1 Stage-2 Stage-3 Stage-4 Stage-5 Stage-6 Avg.
Model B R B R B R B R B R B R B R
Open-Source LLMs (Small)
Qwen2.5-1.5B 3.83 1278 425 1370 433 1327 268 924 3.78 12.15 5.15 1533 4.00 12.75
Llama3.2-3B 079 497 084 488 099 504 0.68 422 074 460 067 450 079 4.70
Bloomz-3B 331 19.67 3.65 2041 397 1874 3.70 19.69 3.57 19.54 3.08 18.78 3.55 19.47
Qwen2.5-3B 10.69 31.64 10.60 32.00 9.56 29.67 9.80 3043 10.39 30.79 10.97 30.86 10.34 30.90
Open-Source LLMs (Medium)
Yi-1.5-6B 6.15 2297 6.07 2394 585 22.06 581 2285 6.86 24.03 6.09 22.67 6.14 23.09
Qwen2-7B 12.41 3575 11.78 36.16 13.25 33.78 14.37 3431 11.06 3430 11.62 35.58 12.42 34.98
Qwen2.5-7B 8.13 29.17 797 2873 6.13 2499 6.69 2654 7.78 2795 8.55 28.44 7.54 27.64
DeepSeek-R1-7B 2049 4195 20.56 41.82 18.61 39.64 17.31 39.28 19.62 40.44 | 26.27 41.81 20.48 40.82
GLM4-9B 11.83 2831 991 27.63 835 2434 9.68 2432 889 2526 9.13 2556 9.63 25.90
Qwen2.5-14B 749 2684 7.36 2644 6.74 2451 6.70 2448 734 2593 7.23 2536 7.14 25.59
Phi4-14B 21.48 39.43 20.28 37.85 20.15 36.67 | 20.48 37.87 20.28 37.62 21.32 38.13 20.67 37.93

DeepSeek-R1-14B  19.84 42.79 1827 4241 1629 38.78 17.25 39.17 17.61 4049 18.12 41.06 17.90 40.78

Closed-Source LLMs

Claude-3.5-Haiku  10.08 35.75 17.57 46.09 10.02 34.06 10.86 33.18 10.56 33.47 9.60 36.93 11.45 36.58
GPT-3.5-Turbo 12.58 38.04 10.31 44.68 15.39 36.71 14.03 36.03 13.85 36.64 11.74 38.15 12.98 38.38
GPT-40 2327 44.65 2293 49.02 21.82 40.85 20.33 40.09 20.38 40.87 22.72 43.80 21.91 43.21

Table 7: LLMs performance comparison (BLEU and ROUGE scores) in six stages’ Simple tasks
within Automotive Value Chain. darkblue indicates the highest score in each column, lightblue
indicates the second highest score.

Stage-1 Stage-2 Stage-3 Stage-4 Stage-5 Stage-6 Avg.
Model B R B R B R B R B R B R B R
Open-Source LLMs (Small)
Qwen2.5-1.5B 399 1536 3.62 1338 4.50 1633 4.14 1507 3.37 1240 443 1599 4.01 14.76
Llama3.2-3B 0.82 595 093 634 1.05 5.93 1.17 725 0.83 5.85 0.71 574 092 6.34
Bloomz-3B 2.63 19.72 294 19.61 221 1597 280 20.25 2.16 16.73 3.00 19.03 2.62 18.55
Qwen2.5-3B 1141 3576 11.67 36.75 11.19 3588 11.67 36.06 11.80 36.55 11.74 36.18 11.58 36.20
Open-Source LLMs (Medium)
Yi-1.5-6B 6.52 27.14 741 29.64 7.51 2991 7.25 2894 6.37 28.04 8.16 29.20 7.20 28.81
Qwen2-7B 10.72 41.41 1030 42.88 10.32 42.13 10.33 42.89 10.83 42.85 11.73 42.07 10.71 42.37
Qwen2.5-7B 836 3097 8.73 3207 893 3235 850 31.51 897 3232 854 31.03 8.67 31.71
DeepSeek-R1-7B 24.03 4590 23.97 47.03 | 23.30 46.27 24.03 4647 24.09 46.27 23770 23.85 20.48 46.28
GLM4-9B 10.86 35.15 9.17 3622 7.49 3091 11.83 38.60 7.52 32.15 894 32.07 9.30 34.18
Qwen2.5-14B 7.67 3024 7.89 30.77 834 31.52 7.80 30.34 841 31.66 842 31.09 8.09 34.18
Phi4-14B 24.81 42.89  24.63 44.75 2297 43.74 | 24.49 4531 27.57 4639 27.62 43.81 25.35 4448

DeepSeek-R1-14B  21.79 46.67 22.63 47.47 2121 46.83 2434 48.40 22.77 4749 19.74 4473 22.08 46.93

Closed-Source LLMs

Claude-3.5-Haiku  17.77 4391 17.57 46.09 12.76 44.39 1251 43.01 13.13 43.38 13.37 42.81 14.52 43.93
GPT-3.5-Turbo 10.25 43.53 1031 44.68 10.87 44.26 9.71 4433 11.47 4470 12.37 44.19 10.83 44.28
GPT-40 23.44 4842 2293 49.02 22.10 48.78 22.54 4892 2441 49.23 24.87 4833 23.38 48.78
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Table 8: LLMs performance comparison (BLEU and ROUGE scores) in six stages’ Medium tasks
within Automotive Value Chain. [darkblue indicates the highest score in each column, lightblue
indicates the second highest score.

Stage-1 Stage-2 Stage-3 Stage-4 Stage-5 Stage-6 Avg.

Model B R B R B R B R B R B R B R

Open-Source LLMs (Small)
Qwen2.5-1.5B 391 11.88 3.88 1238 3.21 1032 281 892 4.12 1349 394 1241 4.00 12.75
Llama3.2-3B 204 811 1.65 740 196 7.65 194 7.80 225 924 235 935 0.79 4.70
Bloomz-3B 472 19.64 490 21.24 496 2047 4.81 2098 4.66 19.74 5.16 20.64 3.55 19.47
Qwen2.5-3B 11.33 31.05 12.10 34.09 11.72 33.23 11.89 32.71 10.07 31.56 11.31 31.83 10.34 30.90

Open-Source LLMs (Medium)
Yi-1.5-6B 8.14 26.85 8.87 29.34 9.86 2944 8.66 27.24 9.22 2829 9.18 29.21 6.14 23.09
Qwen2-7B 10.95 35.30 12.52 38.78 1246 38.06 11.66 36.49 11..97 3590 10.74 37.09 12.42 34.98
Qwen2.5-7B 8.19 26.73 8.71 28.78 8.50 27.54 845 2698 7.44 2628 9.25 2832 7.54 27.64
DeepSeek-R1-7B 21.80 41.26 21.13 44.46 21.76 4434 2246 43.28 20.98 43.05 21.28 41.01 20.48 40.82
GLM4-9B 13.90 3394 19.04 40.51 17.74 38.90 15.01 36.13 14.07 33.60 14.38 34.86 9.63 25.90
Qwen2.5-14B 1045 29.71 10.46 31.46 10.51 31.37 10.65 30.30 9.99 30.86 10.11 29.86 7.14 25.59
Phi4-14B 301 13.11 422 1740 3.06 1421 2048 37.87 20.28 37.62 21.32 38.13 20.67 37.93

DeepSeek-R1-14B  19.84 42.79 18.27 42.41 16.29 38.78 17.25 39.17 17.61 40.49 18.12 41.06 17.90 40.78

Closed-Source LLLMs

Claude-3.5-Haiku  10.08 35.75 17.57 46.09 10.02 34.06 10.86 33.18 10.56 33.47 9.60 36.93 11.45 36.58
GPT-3.5-Turbo 12.58 38.04 10.31 44.68 15.39 36.71 14.03 36.03 13.85 36.64 11.74 38.15 12.98 38.38
GPT-40 2327 4465 2293 49.02 21.82 40.85 20.33 40.09 20.38 40.87 22.72 43.80 21.91 43.21

Table 9: LLMs performance comparison (BLEU and ROUGE scores) in six stages’ Complex tasks
within Automotive Value Chain. [darkblue indicates the highest score in each column, lightblue
indicates the second highest score.

Stage-1 Stage-2 Stage-3 Stage-4 Stage-5 Stage-6 Avg.
Model B R B R B R B R B R B R B R
Open-Source LLMs (Small)
Qwen2.5-1.5B 348 10.84 340 10.82 345 11.01 340 1035 273 8.83 427 12.67 346 10.5
Llama3.2-3B 2.16 9.28 244 1038 2.09 9.03 222 9.27 1.78 8.38 2.19 879 2.15 9.19
Bloomz-3B 442 1934 455 20.10 5.04 2031 455 1999 431 1852 472 19.72 4.60 19.66
Qwen2.5-3B 12.13 32.54 12.74 3445 5.04 2031 1251 3345 10.78 32.12 12.19 33.36 10.90 31.04
Open-Source LLMs (Medium)

Yi-1.5-6B 7.63 25.51 8.16 26.75 8.87 26.82 870 26.70 855 2688 926 27.66 853 26.72
Qwen2-7B 10.75 35.10 11.22 38.06 11.35 38.06 11.69 32.07 9.86 35.52 10.70 37.60 10.93 36.07
Qwen2.5-7B 897 28.69 9.81 3027 920 2997 9.86 2943 834 28.02 9.11 28.61 9.22 29.17
DeepSeek-R1-7B | 21.39 42.28 = 22.55 43.89 22.16 44.88 22.01 43.22 21.34 4393 21.78 43.07 21.87 43.55
GLM4-9B 16.10 36.93 15.88 38.33 1533 3844 1635 37.88 14.38 36.93 16.80 37.90 15.81 37.74
Qwen2.5-14B 11.53 3230 11.85 33.48 1149 33.18 11.39 32.07 10.06 30.70 11.27 31.92 11.27 32.28
Phi4-14B 3.08 17.88 347 1855 4.11 1831 4.10 1882 3.55 1644 414 1783 347 1797

DeepSeek-R1-14B  16.18 40.26 16.88 4242 1587 40.99 18.23 41.75 15.11 36.92 15.65 4045 1632 40.47

Closed-Source LLMs

Claude-3.5-Haiku 1271 38.54 13.32 38.69 14.02 39.78 13.17 36.46 12.71 38.14 13.06 39.66 13.17 38.55
GPT-3.5-Turbo 12.46 43.60 12.36 40.90 1325 41.48 13.56 40.28 12.77 39.93 12.57 40.52 12.83 41.29
GPT-40 20.76 44.60 20.9¢ 46.56 20.21 45.95 21.09 4526 20.19 44.61 20.7C 45.55 20.65 45.42
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Table 10: LLMs performance comparison (BLEU and ROUGE scores) in five stages’ Simple
Tasks within Pharmaceutical Value Chain. 'darkblue indicates the highest score in each column,
lightblue indicates the second highest score.

Stage-1 Stage-2 Stage-3 Stage-4 Stage-5 Avg.

Model B R B R B R B R B R B R

Open-Source LLMs (Small)
Qwen2.5-1.5B 542 1428 281 894 3,60 1029 3.65 10.69 2.60 8.08 3.62 10.46
Llama3.2-3B 294 1053 210 788 274 954 250 942 263 9.00 2385 927
Bloomz-3B 267 17.69 265 16.18 2.64 1728 253 16.13 332 16.13 276 16.68
Qwen2.5-3B 12.38 30.47 1294 31.72 1291 31.36 13.52 31.70 13.57 31.61 13.06 31.37

Open-Source LLMs (Medium)
Yi-1.5-6B 7.07 2198 7.07 2392 6.05 2226 541 1932 7.43 23.11 6.61 22.12
Qwen2-7B 530 32.88 4.46 33.51 435 3457 372 3272 3.55 3266 428 3327
Qwen2.5-7B 10.02 28.36 10.41 28.85 11.29 30.09 10.75 29.06 10.51 28.61 10.60 28.99
DeepSeck-R1-7B | 25.29 41.98 | 25.54 41.85 26.21 41.94  27.36 42.23 @ 26.96 41.05 26.27 41.81
GLM4-9B 6.83 2945 356 2422 548 31.01 351 2697 276 22.85 443 2690
Qwen2.5-14B 855 2565 9.06 27.19 9.78 28.11 9.01 2684 941 2734 9.16 27.03
Phi4-14B 21.31 40.02 2047 37.24 20.66 38.10 20.78 37.14 18.64 33.33 20.77 33.26

DeepSeek-R1-14B 2042 4277 17.26 39.87 19.52 43.42 16.03 39.63 16.87 37.85 18.02 40.71

Closed-Source LLMs

Claude-3.5-Haiku  9.79 4288 6.76 37.69 7.58 39.46 448 37.65 7.03 3836 7.13 39.21
GPT-3.5-Turbo 3.01 3521 388 3510 335 3640 262 3498 286 3423 3.14 35.18
GPT-40 17.41 4580 14.86/ 43.44 13.85 44.64 14.03 44.08 12.66 41.18 14.56 43.83
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Table 11: Domain-specific prompt templates for question generation of design, manufacturing, and
supply chain in the automotive value chain. <Role>defines the model’s expert identity. <Con-
text>establishes domain knowledge boundaries, and <Requirements>specify output quality and
format constraints. <Example>are examples sampled in Phase-1: Dynamic Sampling.

Stage \ Prompt

<Role>: You are an automotive design expert with comprehensive
expertise across all aspects of automotive design.
< Context>: Automotive design spans the entire value chain:
concept design, engineering design, performance testing,
and prototype development. <Example 1>;<Example 2>......
<Requirements>: Generate 10 high-quality professional questions on
. automotive design with these requirements:
Design . .
1. Focus on the automotive design process.
2. Address cutting-edge challenges and current industry trends.
3. Provide sufficient technical depth for expert-level discussion.
4. Offer practical value for real-world challenges.
5. Cover diverse automotive design facets.
List 10 questions directly in numbered format without additional
explanations or background context.

<Role>: You are an automotive manufacture expert with comprehensive
expertise across all aspects of automotive manufacture.

< Context>:Automotive manufacturing encompassing assembly line
design, manufacturing processes, and quality control.

<Example 1>;<Example 2>......

<Requirements>: Generate 10 high-quality professional questions on

automotive manufacturing with these requirements:

Manufacturin .
& 1. Focus on the automotive manufacture process.

2. Address cutting-edge challenges and current industry trends.
3. Provide sufficient technical depth for expert-level discussion.
4. Offer practical value for real-world challenges.
5. Cover diverse automotive manufacture facets.
List 10 questions directly in numbered format without additional
explanations or background context.

<Role>: You are an automotive supply chain expert with comprehensive
expertise across all aspects of automotive supply chain.
< Context>: Automotive supply chain encompasses areas such as parts
procurement, supplier management, and logistics planning.
<Example 1>;<Example 2>......
<Requirements>: Generate 10 high-quality professional questions on
. automotive supply chain with these requirements:
Supply Chain . .
1. Focus on the automotive supply chain process.
2. Address cutting-edge challenges and current industry trends.
3. Provide sufficient technical depth for expert-level discussion.
4. Offer practical value for real-world challenges.
5. Cover diverse automotive supply chain facets.
List 10 questions directly in numbered format without additional
explanations or background context.
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Table 12: Domain-specific prompt templates for question generation of quality inspection, sales,
and recycling in the automotive value chain. <Role>defines the model’s expert identity. <Con-
text>establishes domain knowledge boundaries, and <Requirements>specify output quality and
format constraints. <Example>are examples sampled in Phase-1: Dynamic Sampling.

Stage

Prompt

Quality
Inspection

<Role>: You are an automotive quality inspection expert with
comprehensive expertise across all aspects of automotive quality control.
< Context>: Automotive quality inspection spans whole-vehicle testing,
safety assessments, and performance verification.
<Example 1>;<Example 2>......
<Requirements>: Generate 10 high-quality professional questions on
automotive quality inspection with these requirements:

1. Focus on the automotive quality inspection process.

2. Address cutting-edge challenges and current industry trends.

3. Provide sufficient technical depth for expert-level discussion.

4. Offer practical value for real-world challenges.

5. Cover diverse automotive quality inspection facets.

List 10 questions directly in numbered format without additional
explanations or background context.

Sales

<Role>: You are an automotive sales expert with comprehensive
expertise across all aspects of automotive sales.
< Context>: Automotive sales marketing, dealer networks, and customer
service. <Example 1>;<Example 2>......
<Requirements>: Generate 10 high-quality professional questions on
automotive sales with these requirements:

1. Focus on the automotive sales process.

2. Address cutting-edge challenges and current industry trends.

3. Provide sufficient technical depth for expert-level discussion.

4. Offer practical value for real-world challenges.

5. Cover diverse automotive sales facets.

List 10 questions directly in numbered format without additional
explanations or background context.

Recycle

<Role>: You are an automotive recycling expert with comprehensive
expertise across all aspects of automotive recycling.
< Context>: Automotive recycling spans the processing of end-of-life
vehicles, the reuse of components, and environmental protection measures.
<Example 1>;<Example 2>......
<Requirements>: Generate 10 high-quality professional questions on
automotive recycling with these requirements:

1. Focus on the automotive recycling process.

2. Address cutting-edge challenges and current industry trends.

3. Provide sufficient technical depth for expert-level discussion.

4. Offer practical value for real-world challenges.

5. Cover diverse automotive recycling facets.
List 10 questions directly in numbered format without additional
explanations or background context.
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Table 13: Domain-specific prompt templates for answer generation of design, manufacturing, and
supply chain in the automotive value chain. <Role>defines the model’s expert identity. <Con-
text>establishes domain knowledge boundaries, and <Requirements>specify output quality and
format constraints.<Example>are examples sampled in Phase-1: Dynamic Sampling. <Ques-

tion>is generated in Phase-2: Question Generation Module.

Stage

Prompt

Design

<Role>: You are a senior automotive design expert with extensive
practical experience and academic background.

< Context>: According to the automotive full value chain analysis,
the most relevant stages to vehicle design are:

Automotive manufacturing and sales. <Example 1>;<Example 2>......
<Requirements>: Answer the <Question>with these requirements:

1. Demonstrate professional knowledge using accurate concepts.

2. Maintain logical clarity for easy understanding.

3. Provide practical value that guides real-world work.

4. Use professional, fluent language while avoiding redundancy.

5. Consider the interconnections and collaborative optimization among
design-manufacturing-sales segments.
Maintain natural expression by organically integrating content from all

segments rather than rigid segmentation. Answer the question directly
without additional context.

Manufacturing

<Role>: You are a senior automotive manufacturing expert with
extensive practical experience and academic background.

< Context>: According to the automotive full value chain analysis,
the most relevant stages to manufacturing are:

Automotive supply chain and quality inspection. <Example 1>......
<Requirements>: Answer the <Question>with these requirements:

1. Demonstrate professional knowledge using accurate concepts.

2. Maintain logical clarity for easy understanding.

3. Provide practical value that guides real-world work.

4. Use professional, fluent language while avoiding redundancy.

5. Consider the interconnections and collaborative optimization among
manufacturing-supply chian-quality inspection segments.
Maintain natural expression by organically integrating content from all
segments rather than rigid segmentation. Answer the question directly
without additional context.

Supply Chain

<Role>: You are a senior automotive supply chain expert with extensive
practical experience and academic background.

< Context>: According to the automotive full value chain analysis,

the most relevant stages to supply chain are:

Automotive design and manufaturing. <Example 1>;<Example 2>......
<Requirements>: Answer the <Question>with these requirements:

1. Demonstrate professional knowledge using accurate concepts.

2. Maintain logical clarity for easy understanding.

3. Provide practical value that guides real-world work.

4. Use professional, fluent language while avoiding redundancy.

5. Consider the interconnections and collaborative optimization among
design-manufacturing-supply chain segments.
Maintain natural expression by organically integrating content from all
segments rather than rigid segmentation. Answer the question directly
without additional context.
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Table 14: Domain-specific prompt templates for answer generation of quality inspection, sales,
and recycling in the automotive value chain. <Role>defines the model’s expert identity. <Con-
text>establishes domain knowledge boundaries, and <Requirements>specify output quality and
format constraints.<Example>are examples sampled in Phase-1: Dynamic Sampling. <Ques-
tion>is generated in Phase-2: Question Generation Module.

Stage

Prompt

Quality
Inspection

<Role>: You are a senior automotive quality inspection expert with
extensive practical experience and academic background.

< Context>: According to the automotive full value chain analysis,
the most relevant stages to quality inspection are:

Automotive manufacturing and sales. <Example 1>;<Example 2>......
<Requirements>: Answer the <Question>with these requirements:

1. Demonstrate professional knowledge using accurate concepts.

2. Maintain logical clarity for easy understanding.

3. Provide practical value that guides real-world work.

4. Use professional, fluent language while avoiding redundancy.

5. Consider the interconnections and collaborative optimization among
quality inspection-manufacturing-sales segments.
Maintain natural expression by organically integrating content from all

segments rather than rigid segmentation. Answer the question directly
without additional context.

Sales

<Role>: You are a senior automotive sales expert with

extensive practical experience and academic background.

< Context>: According to the automotive full value chain analysis,
the most relevant stages to automotive sales are:

Automotive design and recycling. <Example 1>......
<Requirements>: Answer the <Question>with these requirements:

1. Demonstrate professional knowledge using accurate concepts.

2. Maintain logical clarity for easy understanding.

3. Provide practical value that guides real-world work.

4. Use professional, fluent language while avoiding redundancy.

5. Consider the interconnections and collaborative optimization among
design-sales-recycling inspection segments.
Maintain natural expression by organically integrating content from all
segments rather than rigid segmentation. Answer the question directly
without additional context.

Recycling

<Role>: You are a senior automotive recycling expert with extensive
practical experience and academic background.

< Context>: According to the automotive full value chain analysis,
the most relevant stages to recycling are:

Automotive design and sales. <Example 1>;<Example 2>......
<Requirements>: Answer the <Question>with these requirements:

1. Demonstrate professional knowledge using accurate concepts.

2. Maintain logical clarity for easy understanding.

3. Provide practical value that guides real-world work.

4. Use professional, fluent language while avoiding redundancy.

5. Consider the interconnections and collaborative optimization among
design-sales-recycling segments.
Maintain natural expression by organically integrating content from all
segments rather than rigid segmentation. Answer the question directly
without additional context.
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