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Abstract

Large language models (LLMs) have shown
promise in complex reasoning and tool-based
decision making, motivating their applica-
tion to real-world supply chain management.
However, supply chain workflows require re-
liable long-horizon, multi-step orchestration
grounded in domain-specific procedures, which
remains challenging for current models. To
systematically evaluate LLM performance in
this setting, we introduce SupChain-Bench,
a unified real-world benchmark that assesses
both supply chain domain knowledge and long-
horizon tool-based orchestration grounded in
standard operating procedures (SOPs). Our
experiments reveal substantial gaps in exe-
cution reliability across models. We fur-
ther propose SupChain-ReAct, an SOP-free
framework that autonomously synthesizes exe-
cutable procedures for tool use, achieving the
strongest and most consistent tool-calling per-
formance. Our work establishes a principled
benchmark for studying reliable long-horizon
orchestration in real-world operational settings
and highlights significant room for improve-
ment in LLM-based supply chain agents. Our
code is available at https://github.com/
Damon-GSY/SC-bench.

1 Introduction

The rapid evolution of Large Language Models
(LLMs) has sparked a paradigm shift in their abil-
ity to support complex reasoning (Li et al., 2025c;
OpenAI, 2025), strategic planning (Wei et al., 2025;
Yang et al., 2025), and autonomous agent orches-
tration (Luo et al., 2025). Within this broader land-
scape, Supply Chain Management (SCM) emerges
as a critical application domain that demands high-
level intelligence to coordinate sourcing, produc-
tion, and logistics under conditions of extreme un-
certainty.

Supply chain management is inherently complex,
driven by the global scale of operations, evolving

Figure 1: Overall composition of SupChain-Bench.
The figure shows the distribution of annotated sam-
ples across three major functional domains of supply
chain management: Logistics Collaboration & Cross-
Border, Fulfillment & Warehouse Operations, and Fi-
nance, Planning & Customs. Each domain is further
decomposed into its constituent sub-tasks, highlighting
the relative proportions of different operational activi-
ties represented in the dataset.

customer demands, and the increasing need for
agile, data-informed decision making. A central
challenge in SCM lies in the effective integration of
fragmented and often disconnected systems, span-
ning inventory management and demand forecast-
ing to logistics and transportation networks. These
systems must contend with demand volatility (Ku-
mar and Choubey, 2025), fragmented data land-
scapes (Akbar and Şimşek, 2024), and coordination
failures across organizational boundaries (Felder
et al., 2025; Geng and Chen, 2025), leading to oper-
ational inefficiencies, execution errors, and missed
opportunities for optimization. Traditional SCM
solutions, which rely heavily on rigid, rule-based
logic and handcrafted heuristics, struggle to adapt
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to the dynamic, multi-faceted nature of modern sup-
ply chains. As a result, effective decision support
increasingly demands models capable of fusing het-
erogeneous signals and performing multi-step rea-
soning over complex operational constraints, rather
than optimizing isolated components in isolation.

This complexity has long motivated the use of
machine learning (ML) methods to address specific
SCM sub-tasks, such as demand forecasting and in-
ventory optimization (Kumar and Choubey, 2025).
However, these approaches are typically designed
for isolated components and lack the flexible rea-
soning and adaptivity required in dynamic, end-to-
end supply chain environments. Recent advances
in LLMs have therefore attracted growing interest
as a potential mechanism for translating high-level
human intent into actionable decisions and coor-
dinated execution across heterogeneous systems.
Despite this promise, the absence of a standardized
and comprehensive evaluation framework remains
a major bottleneck in assessing whether LLMs can
reliably bridge intent and execution in practice.

To bridge this gap, we introduce a novel, domain-
specific benchmark designed to assess LLM capa-
bilities in supply chain orchestration. The over-
all composition of the dataset is illustrated in Fig-
ure 1. Our benchmark addresses the challenge of
fragmented evaluation by jointly assessing knowl-
edge understanding and practical execution capa-
bilities. Specifically, our methodology incorporates
two key components: a (1) Knowledge QA module
that evaluates domain expertise under both context-
rich and context-poor settings to assess information
synthesis; and a (2) Tool-Calling mechanism that
challenges models to execute long-horizon, multi-
step workflows. Crucially, we further introduce
a comparative evaluation of Standard Operating
Procedures (SOPs), enabling a principled distinc-
tion between protocol adherence and autonomous
problem solving.

The main contributions of this work are summa-
rized as follows:
• We present the first unified benchmark for supply

chain management that jointly evaluates domain
knowledge and end-to-end operational orchestra-
tion, spanning scenarios from order cancellation
to logistics execution.

• We provide a granular analysis of LLM perfor-
mance in tool-use settings, with a particular focus
on quantifying the impact of SOP guidance on
execution reliability and reasoning consistency.

• We propose SupChain-ReAct, an SOP-free
framework that autonomously synthesizes exe-
cutable procedures for tool use, achieving the
strongest and most consistent tool-calling perfor-
mance across models.

• We establish a strong baseline for future research
by identifying concrete limitations of current
LLMs in long-horizon planning and domain-
specific constraint handling.

2 Related Work

Recent research has increasingly shifted from
general-purpose LLM performance metrics toward
specialized benchmarks for supply chain and lo-
gistics applications, with an emphasis on domain-
specific reasoning and decision-making capabili-
ties.

One prominent line of work evaluates LLMs in
specific operational roles. AIM-Bench assesses
LLMs acting as inventory managers, revealing
human-like biases such as the bullwhip effect and
highlighting the potential of cognitive mitigation
strategies (Zhao et al., 2025). TransportBench eval-
uates models on transportation engineering tasks,
exposing substantial variability in domain-specific
reasoning performance (Syed et al., 2024). For
more complex sequential reasoning, EconLogicQA
tests LLMs on multi-event economic scenarios, un-
covering limitations in robust multi-step reason-
ing (Quan and Liu, 2024). Complementing these
task-centric benchmarks, LalaEval introduces a hu-
man evaluation framework with domain-specific
rubrics, providing standardized guidance for assess-
ing logistics-oriented model behavior (Sun et al.,
2024).

Another stream of work focuses on demand
forecasting and time-series reasoning. Gruver
et al. (2024) demonstrate the zero-shot potential
of LLMs for rapid forecasting. FoundTS (Li
et al., 2025b) and MultiCast (Chatzigeorgakidis
et al., 2024) offer unified evaluation pipelines for
multivariate time-series forecasting, while feature-
centric benchmarks (Fons et al., 2024) examine
how effectively LLMs capture trends and seasonal-
ity to improve interpretability and accuracy.

In the operations research (OR) domain, bench-
marks primarily emphasize optimization and con-
straint satisfaction. ORQA evaluates LLM reason-
ing for industrial optimization challenges (Mosta-
jabdaveh et al., 2025), while R-ConstraintBench
tests robustness under strict resource and time con-
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Figure 2: The dataset construction pipeline of SupChain-Bench follows a four-stage quality-assurance process. First,
supply chain documents are curated and sanitized to construct a structured knowledge base. Second, a multi-agent
LLM framework generates diverse QA candidates across multiple question formats. Third, these candidates undergo
model-driven refinement to improve clarity, consistency, and factual correctness. Finally, human annotators perform
strict verification, and only QA pairs that receive unanimous approval are included in the benchmark.

straints (Jain and Wetter, 2025). Similarly, LLMs
Can Schedule provides a supervised benchmark
for job-shop scheduling problems (Abgaryan et al.,
2024). Beyond operational tasks, strategic decision-
making benchmarks such as AIM-Bench (revisited
for policy bias), BIBench, and InvestorBench ex-
tend evaluation to supplier assessment, business
intelligence, and risk-sensitive decision making
(Zhao et al., 2025; Gupta et al., 2025; Li et al.,
2025a), while EconLogicQA further examines rea-
soning under cascading economic and supply chain
events (Quan and Liu, 2024).

Despite these advances, existing benchmarks
largely focus on isolated supply chain compo-
nents, narrow operational roles, or generic decision-
making tasks. In contrast, our benchmark pro-
vides an integrated, SCM-specific evaluation that
jointly measures conceptual understanding and exe-
cutable problem-solving. By combining structured
Knowledge QA with realistic, long-horizon Tool
Calling workflows, it captures both what a model
knows and how effectively it can operationalize that
knowledge in end-to-end supply chain processes.
Moreover, evaluating tool use under both SOP-
guided and unguided settings disentangles proce-
dural compliance from autonomous planning abil-

ity, yielding a more comprehensive and practice-
aligned assessment of LLM capabilities for supply
chain management.

3 Benchmark Design

SupChain-Bench comprises two components: a QA
Benchmark that evaluates domain understanding
and reasoning over real-world supply-chain doc-
uments, and a Function-Calling Benchmark that
measures a model’s ability to execute industrial
SOPs via a simulated tool environment. Together,
these components provide a holistic assessment of
both knowledge comprehension and operational
problem-solving capabilities.

3.1 QA Dataset Curation

To ensure high-quality evaluation data, we devel-
oped a four-stage Human-in-the-Loop pipeline,
summarized in Figure 2, which progressively trans-
forms raw operational documents into reliable QA
pairs. The process begins with collecting and sani-
tizing expert-level documents to serve as a compre-
hensive knowledge base. A multi-model question
generation stage then produces and iteratively re-
fines QA pairs, leveraging successive models that
generate, critique, and synthesize content. Candi-
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date items undergo automated revision to ensure
factual alignment, clarity, and appropriate com-
plexity, and the final stage involves human domain
experts performing a thorough review to guarantee
correctness and linguistic quality. More detailed
descriptions of each stage, as well as the rationale
for our multi-model approach, can be found in Ap-
pendix C and C.1.

The resulting QA dataset is carefully balanced
across three formats to evaluate different aspects
of model comprehension. It includes 141 multiple-
choice questions, 147 single-choice questions, and
147 true/false questions, providing a diverse set
of challenges that reflect the complexity of real-
world supply chain knowledge. This design ensures
both the coverage of multiple functional domains
and the ability to test nuanced understanding in a
controlled evaluation setting.

3.2 Function Calling Dataset Construction
To evaluate the ability of LLMs to invoke func-
tion calls in industrial settings, we also designed a
Tool Calling benchmark that simulates a real-world
supply chain database. We created a simulated en-
vironment containing core supply chain entities:
trade order, fulfillment order, warehouse order, and
cancellation context. This setup mimics a produc-
tion database, allowing models to interact with data
via API calls.

The questions in this benchmark are designed
to mirror inquiries that require executing complex
Standard Operating Procedures (SOPs). It is cru-
cial to emphasize that these SOPs are workflows
distilled by domain experts from extensive practical
experience in resolving supply chain order issues.
In the view of domain experts, strict adherence to
these SOPs effectively guarantees the resolution
of the corresponding problems. Consequently, if a
model can accurately execute tools following these
SOPs, it demonstrates the capability to solve real-
world industrial challenges.

To generate these questions, we adapted the
same multi-agent generation pipeline detailed in
Section C. However, a key distinction lies in the
input provided to the generation models.

Instead of curated documents, the process was
as follows:
1. Ground Truth Information Gathering: For

a given order, we first programmatically ex-
ecuted the corresponding SOP. This "oracle"
script gathered all the raw information, such as
order IDs, statuses, cancellation reasons, and

Figure 3: Distribution of function-calling questions by
tool complexity in the dataset. Each point corresponds
to a unique question, where the x-axis denotes the num-
ber of execution steps required and the y-axis indicates
the number of distinct tools invoked.

error codes.

2. Question Synthesis: This complete set of re-
trieved information was then fed as context into
our multi-agent pipeline. The models’ task was
to synthesize a natural language question that
would necessitate the execution of that specific
SOP to be answered comprehensively.

Then, we produces questions spanning diverse
complexity levels. As shown in Figure 3, the
dataset exhibits three distinct tiers: Level 1 ques-
tions (<15 steps) cover basic information retrieval;
Level 2 (15-25 steps) involve moderate multi-hop
reasoning, such as cross-referencing order data
with logistics events; and Level 3 (>25 steps) re-
quire complex orchestration of up to 7 distinct tools
across 30+ execution steps.

The evaluation then measures the Information
Retrieval Accuracy. We compare the informa-
tion retrieved by the model’s tool calls against
the Ground Truth set. This rigorously tests the
model’s ability to handle multi-hop reasoning and
long-chain tool execution. To achieve a high accu-
racy, a model must understand the dependencies
between tools and strictly follow the industrial SOP
to replicate the information gathered by our oracle
script. Nevertheless, information retrieval accuracy
alone does not fully reflect the model’s end-to-end
performance, as it may fail to capture reasoning
mistakes that arise even after successful tool execu-
tion. Therefore, in the appendix E, we additionally
report an LLM-as-a-judge-based evaluation of the
final answer correctness.
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Table 1: Overall performance of different models on QA and tool-calling tasks. Results are reported under both
context-free and context-augmented settings for QA, as well as SOP-free and SOP-guided settings for tool calling.
Values shown in green indicate absolute accuracy gains when additional context or SOP guidance is provided, while
values in red denote absolute accuracy drops under the same conditions.

Model QA Accuracy (%) Tool Calling Accuracy (%)

w/o Context w/ Context w/o SOP w/ SOP
Proprietary LLM

GPT-4o 62.07 77.24 (+15.17) 20.40 16.32 (-4.08)

GPT-4.1-mini 68.05 80.46 (+12.41) 11.22 28.57 (+17.35)

GPT-4.1 68.97 82.76 (+13.79) 12.24 16.32 (+4.08)

GPT-O3-mini 65.06 80.23 (+15.17) 9.18 14.28 (+5.10)

GPT-5-nano 61.61 77.24 (+15.63) 25.51 84.69 (+59.18)

GPT-5-mini 66.90 83.91 (+17.01) 46.93 86.73 (+39.80)

GPT-5 66.21 83.91 (+17.70) 35.71 84.69 (+48.98)

Claude-3.5-Sonnet 67.81 80.45 (+12.64) 11.22 29.59 (+18.37)

Claude-3.7-Sonnet 62.30 78.16 (+15.86) 35.71 40.09 (+4.38)

Claude-4-Sonnet 66.43 82.07 (+15.64) 31.63 39.79 (+8.16)

Claude-4-Opus 66.70 80.69 (+13.99) 26.53 34.69 (+8.16)

Gemini-2.5-Flash 20.46 47.48 (+27.02) 10.20 23.46 (+13.26)

Gemini-2.5-Pro 66.67 80.69 (+14.02) 11.22 37.56 (+26.34)

Open-Source LLM
Deepseek-V3 67.75 79.77 (+12.02) 10.20 33.63 (+23.43)

Deepseek-R1 63.68 78.16 (+14.48) 17.14 20.20 (+3.06)

Kimi-K2-Instruct 64.83 80.68 (+15.85) 12.24 10.20 (-2.04)

Qwen3-Max 59.77 80.69 (+20.92) 7.14 28.57 (+21.43)

Qwen3-30B-A3B 56.55 77.93 (+21.38) 5.10 8.16 (+3.06)

QwQ-32B 60.00 77.70 (+17.70) 8.16 16.32 (+8.16)

4 Experiments

4.1 Settings

We evaluate models in two settings: without
external context and with context. In the
without-external-context setting, we assess the
model’s intrinsic domain knowledge. In the
with-context setting, we assess the model’s abil-
ity to process and reason over provided proprietary
information.

For tasks based on knowledge documents, we
use a unified prompt template, as shown in Ta-
ble 6. Both the system prompt and the user
prompt explicitly specify the instructions given to
the model. This template is applied consistently
across single-choice, multiple-choice, and judg-
ment (true/false) questions: the question stem and
options are formatted in the same way, and the
model is always instructed to output the final an-
swer in a fixed pattern . After generation, we ex-
tract the model’s prediction from its output using
regular expressions. More detailed examples of
these prompts are provided in the Appendix.

When evaluating with background documents,
for strict consistency, if a document exceeds 2,000
characters, we truncate it to the first 2,000 charac-
ters. The truncated document is prefixed to the user
prompt. We verified that all task-relevant informa-

tion (e.g., key facts required to answer questions) is
contained within this window, ensuring that trunca-
tion does not introduce false negatives. This limit
is set to simulate realistic input constraints in pro-
duction environments.

For experiments involving tool usage, in the ab-
sence of a Standard Operating Procedure (SOP),
the model only receives the user prompt and the
schemas of the available tools. When an SOP is
present, we additionally provide step-by-step in-
structions describing how to invoke the tools. Con-
crete examples for both settings are detailed in the
Appendix.

4.2 Main Results

Our evaluation reveals two key insights regarding
the behavior of modern LLMs in supply chain appli-
cations. First, the inclusion of domain-specific con-
textual information significantly enhances model
performance across both question-answering and
tool-calling tasks. Second, models differ substan-
tially in their ability to persist through long se-
quences of tool executions, highlighting variations
in long-horizon planning and adherence to proce-
dural requirements. We elaborate on these findings
in the following two sections.
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Enhancing LLM with Supply Chain Context.
In supply chain management, foundational do-
main knowledge is generally well captured by both
open-source and proprietary LLMs, largely due to
the abundance of publicly available data on com-
mon supply chain operations. As a result, perfor-
mance on question-answering (QA) tasks without
additional context is broadly comparable across
different model architectures and training strate-
gies. For example, GPT-4.1-mini and Claude-3.5-
Sonnet achieve similar QA accuracies of 68.05%
and 67.81%, respectively, indicating that diverse
models possess comparable capabilities in under-
standing general supply chain knowledge.

Providing high-quality, real-world contextual in-
formation, however, leads to substantial perfor-
mance improvements. GPT-5-mini, for instance, in-
creases its QA accuracy from 66.90% to 83.91%, a
gain of 17.01 percentage points, while other models
exhibit improvements ranging from 12.02 to 21.38
percentage points. These results suggest that ac-
cess to task-specific context consistently enhances
model performance, regardless of the underlying
architecture.

The impact of contextual information is even
more pronounced in tool-calling tasks. When sup-
plied with standard operating procedures, GPT-
5-nano improves from 25.51% to 84.69%, and
Qwen3-Max from 7.14% to 28.57%. Such dra-
matic gains highlight the critical role of realistic,
high-quality procedural context in specialized ap-
plications, demonstrating that context-driven strate-
gies can be more effective than model scaling
alone.

Overall, these results indicate that in supply
chain management, providing relevant contextual
information is a practical and data-efficient strat-
egy for achieving high model performance. High-
quality supply chain management knowledge and
realistic scenario data consistently yield substantial
improvements. This emphasizes the importance
of leveraging domain-specific information to build
effective AI systems capable of handling complex,
real-world tasks in professional environments.

Long-Horizon Tool-Use Persistence Across
LLMs. In function-calling tasks that require
strict adherence to a predefined SOP, the LLM must
execute long, sequential chains of tool calls—often
exceeding twenty steps. Across these long-horizon
settings, we observe substantial behavioral diver-
gence between models. GPT models consistently

follow the full instruction sequence, while Claude,
Gemini, Qwen, and others frequently follow only
part of the SOP and terminate early.

This indicates that, beyond short-horizon tool-
use competence, current LLMs differ markedly in
long-horizon compliance and execution persistence.
Several models implicitly prioritize conversational
efficiency or tool-use cost over the user’s explicit
requirement for exhaustive coverage, thereby adopt-
ing a “good-enough stopping rule” even when it
contradicts the prompt.

As shown in Figure 1, GPT-5 exhibits strong
goal retention and can execute long tool-call se-
quences even without explicit SOP guidance. Qual-
itative inspection reveals that its tool usage is nei-
ther redundant nor cyclical, indicating implicit state
tracking and systematic traversal that closely mir-
rors SOP logic. This behavior suggests robust
intrinsic planning that maintains alignment with
global objectives while avoiding execution drift.
In contrast, Claude-4-Sonnet, Gemini-2.5-Pro, and
Qwen3-Max rely heavily on explicit procedural
guidance. Although SOPs encourage longer tool-
call sequences, these models still terminate prema-
turely relative to ground-truth workflows, reflect-
ing a preference for conversational efficiency over
task completion. Such behavior is consistent with
metacognitive myopia or cost-biased action selec-
tion under long-horizon constraints.

Overall, in this multi-step diagnostic scenario in-
volving repeated tool calls, the models exhibit clear
long-horizon performance variance. GPT consis-
tently executes complete tool chains even without
SOPs, whereas other models often halt early de-
spite explicit guidance. These differences indicate
that the primary challenge in deploying LLM-based
agents for real-world supply chain diagnostics lies
not only in their reasoning ability but also in their
reliability, endurance, and perseverance when exe-
cuting extended, high-cost action sequences.

4.3 Complexity-stratified Accuracy and Error
Modes

Table 2 shows the effect of SOP guidance on
tool-calling accuracy across six state-of-the-art lan-
guage models and three difficulty levels. Without
SOP, all models perform poorly, especially on L2
and L3, often below 50%. With SOP, accuracy
improves substantially for most models: GPT-5
reaches 86.4%, 86.8%, and 88.6% on L1–L3, while
Deepseek-V3 and Claude-4-Sonnet also benefit no-
tably on L1 and L2. Gemini-2.5-Pro and Kimi-
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Figure 4: Overlaid histograms compare the number of tool calls per task for four models (gpt5, gemini-2.5-pro,
qwen3-max, and claude-4-sonnet) under No SOP (blue) versus SOP (red). Across models, introducing an SOP
generally shifts the distribution toward higher tool-call counts and produces heavier right tails, indicating longer and
more persistent tool-use chains, while the no-SOP setting more often concentrates on shorter sequences and shows
more early termination.

Table 2: Tool calling accuracy across three difficulty
levels with and without SOP guidance.

Model w/o SOP (%) w/ SOP (%)

L1 L2 L3 L1 L2 L3

GPT-5 54.5 47.4 14.3 86.4 86.8 88.6
Claude-4-Sonnet 31.8 36.8 28.6 45.5 50.0 28.6
Gemini-2.5-Pro 18.2 5.3 14.3 45.5 47.4 25.7
Deepseek-V3 18.2 5.3 11.4 50.0 55.3 11.4
Kimi-K2-Instruct 18.2 13.2 8.6 27.3 5.3 5.7
Qwen3-Max 4.5 7.9 8.6 40.9 34.2 17.1

K2-Instruct gain on simpler tasks but not on L3,
highlighting large variability in how models exploit
procedural guidance.

Error analysis shows that performance degrada-
tion with increasing complexity is driven by fail-
ures in multi-step reasoning, field-level fidelity, and
handling of nested data. GPT-5 benefits from SOP
at low complexity, but L2/L3 errors mainly arise
from post-processing, where order status and can-
cellation metadata are dropped due to filtering or
schema mismatches despite strong tool orchestra-
tion. Claude-4-Sonnet exhibits similar behavior,
often normalizing anomalous states to valid enums
and favoring schema conformity over factual ac-
curacy. Qwen3-Max is highly sensitive to query
focus, frequently omitting less salient fields, fail-

ing to enumerate multiple orders, and truncating
long-text fields, reflecting a bias toward brevity
and limited SOP utilization. Gemini-2.5-Pro shows
weak schema alignment, with nested status and
cancellation fields often lost unless explicitly re-
quested.

Overall, accuracy declines from L1 to L3 for
different reasons: GPT-5 and Claude suppress or
over-normalize fields, Qwen loses track in multi-
entity settings, and Gemini lacks strict schema gov-
ernance. SOP mitigates some of these errors, but
only for models that are already predisposed to fol-
low structural constraints, underscoring that higher-
level, parallel extraction tasks remain a key bot-
tleneck for reliable tool-using agents. More detail
error analysis could be found in Appendix C.3.

4.4 Efficiency Analysis

Table 3 reports both token consumption and accu-
racy for L1–L3, comparing runs with and without
SOP. Across all models, SOP consistently improves
accuracy, often turning low-performing settings
into much more reliable ones, especially on L1
and L2. In terms of efficiency, the impact on to-
ken usage is not uniform: GPT-5 becomes more
token-efficient with SOP (fewer tokens at all lev-
els), while several other models show a moderate
increase in tokens when SOP is enabled. Overall,
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SOP primarily boosts effectiveness, and its effi-
ciency trade-off depends on the specific model and
task difficulty.

Table 3: Comparison of model performance with and
without SOP guidance across three levels of tool com-
plexity (L1–L3). For each model, we report the average
number of generated tokens (Tok) and task accuracy
(Acc.%). Results highlight how SOP guidance affects
both execution efficiency and success rates under in-
creasing long-horizon complexity.

No SOP With SOP
Model L1 L2 L3 L1 L2 L3

GPT-5 Tok 1123 1710 2202 871 1678 2126
Acc 54.5 47.4 14.3 86.4 86.8 88.6

Claude-sonnet-4 Tok 888 1393 1826 1116 1678 1980
Acc 31.8 36.8 28.6 45.5 50.0 28.6

Gemini-2.5-pro Tok 520 1024 1214 720 1233 1282
Acc 18.2 5.3 14.3 45.5 47.4 25.7

Kimi-K2-Instruct Tok 857 1629 1988 1298 1571 1718
Acc 18.18 13.15 8.5 27.28 52.6 57.1

Deepseek-v3 Tok 673 1059 1593 927 1285 1555
Acc 18.2 5.3 11.4 50.0 55.3 11.4

Qwen3-max Tok 518 991 1205 751 1135 1383
Acc 4.5 7.9 8.6 40.9 34.2 17.1

4.5 SupChain-ReAct
In exploring long-horizon function-calling tasks,
we observed a consistent pattern across models:
when provided with a human-written SOP, tool-
calling sequences tend to be longer, more stable,
and more accurate (Figure 4). This finding aligns
with the intuition that SOPs offer explicit proce-
dural scaffolding, effectively separating planning
from execution; once a sufficiently clear plan is es-
tablished, execution becomes more persistent and
faithful. However, constructing such high-quality
and robust SOPs requires substantial domain exper-
tise and engineering effort, particularly in complex
environments such as supply chain workflows. No-
tably, modern LLMs already demonstrate strong
competence in function-calling semantics and tool-
schema reasoning, suggesting that the primary re-
maining challenge lies not in tool understanding,
but in procedural organization and planning.

These observations naturally lead to the follow-
ing question: If models already possess sufficient
domain knowledge and tool-use competence, can
they derive their own procedural guidance to sup-
port long-horizon execution?

Motivated by this question, we adopt SupChain-
ReAct, a practical solution that enables models to
synthesize procedural structure directly from their
internal reasoning capabilities, without relying on

Table 4: Tool-calling performance of different models.
Values shown in green denote absolute accuracy gains
obtained from SOP guidance or the use of SupChain-
ReAct, while values shown in red indicate absolute
accuracy drops when SOP guidance is applied.

Model Tool Calling Accuracy (%)

w/o SOP w/ SOP SupChain-React

GPT-4o 20.40 16.32 (-4.08) 40.81 (+20.41)

GPT-4.1-mini 11.22 28.57 (+17.35) 35.70 (+24.48)

GPT-4.1 12.24 16.32 (+4.08) 19.38 (+7.14)

Claude-3.5-Sonnet 11.22 29.59 (+18.37) 40.81 (+29.59)

Claude-4-Sonnet 31.63 39.79 (+8.16) 75.51 (+43.88)

Claude-4-Opus 26.53 34.69 (+8.16) 75.51 (+48.98)

Gemini-2.5-Pro 11.22 37.56 (+26.34) 72.44 (+61.22)

Qwen3-Max 7.14 28.57 (+21.43) 33.67 (+26.53)

Qwen3-30B-A3B 5.10 8.16 (+3.06) 21.42 (+16.32)

externally authored SOPs. Rather than introducing
new algorithmic components, SupChain-ReAct in-
stantiates existing reasoning-and-acting paradigms
in a manner that is particularly effective for our
supply-chain-oriented setting.

Concretely, SupChain-ReAct builds upon the
ReAct paradigm (Yao et al., 2023) and self-
consistency-style sampling (Wang et al., 2023) to
improve planning stability and tool-calling persis-
tence. Given a task prompt and a tool schema,
the system executes multiple independent ReAct
trajectories in parallel. Each trajectory alternates
between reasoning steps and tool invocations un-
der a shared prompt specification, and terminates
upon producing a final answer or reaching a prede-
fined step limit. In our implementation, we employ
five parallel ReAct trajectories to balance compu-
tational efficiency and reasoning diversity. The
final output is selected via a simple majority vote
over the final textual answers produced by the suc-
cessful trajectories. Notably, aggregation is per-
formed only at the answer level, without requiring
alignment or comparison of intermediate reason-
ing steps. This multi-path ReAct with voting setup
introduces no external supervision or manually de-
fined procedures, while empirically yielding more
stable and accurate tool-calling behavior in our ex-
periments.

As shown in Table 4, SupChain-ReAct consis-
tently achieves the highest tool-calling accuracy de-
spite not relying on any handcrafted SOPs. These
results indicate that, in our setting, enabling mod-
els to derive procedural guidance from their own
reasoning processes is both effective and more gen-
eralizable than depending on externally authored
procedures.
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5 Conclusion

In this paper, we introduce SupChain-Bench, a real-
istic and principled benchmark for evaluating large
language models in real-world supply chain man-
agement, providing a foundation for systematic
study of their knowledge, reasoning, and opera-
tional capabilities.

Limitations

Although SupChain-Bench evaluates LLM perfor-
mance in realistic supply chain settings, it still
has several limitations. First, it focuses on tex-
tual and tool-based interactions and does not in-
corporate multimodal signals such as sensor data,
images, or real-time system logs commonly found
in production supply chain systems. Second, while
the benchmark is grounded in real-world work-
flows, practical deployments may involve addi-
tional sources of complexity, uncertainty, or co-
ordination challenges that are not fully reflected in
the current benchmark design.
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A Ethical Considerations

This work aims to support the responsible study of
large language models for supply chain manage-
ment. The benchmark is constructed from real-
world operational data that have been carefully
anonymized and de-identified to remove sensitive
or personally identifiable information. No private
user data or confidential records are included.

The proposed benchmark is intended for re-
search and evaluation purposes rather than direct
deployment in operational systems. While LLMs
show potential for assisting decision-making, their
use in real-world supply chains may introduce risks
related to reliability, data security, and regulatory
compliance. To mitigate such concerns, our evalua-
tion emphasizes controlled settings and highlights
the importance of safeguards such as human over-
sight, auditing, and governance mechanisms.

By providing a transparent and standardized
benchmark, this work aims to promote responsible
research and informed deployment of LLM-based
systems in operational contexts.

B Dataset Details

This data schema models a three-layer e-commerce
supply chain: customer trade orders, fulfillment
orders, and warehouse execution orders, with sepa-
rate tables for errors and cancellation context plus
a small set of tools that query and aggregate them.
The tools expose a minimal API that lets an agent
move from a front-end order ID to buyer identity,
operational status, and detailed failure or cancella-
tion reasons.

Core Table Relationships. The tables form
a chain from the front-end order to physical
operations: TradeOrders (customer orders) link
to FulfillmentOrders (fulfillment jobs), which
in turn link to WarehouseOrders (warehouse
tasks) via foreign keys on trade_order_id
and fulfillment_order_id. ErrorLogs at-
tach error information either at warehouse
level (keyed by the pair (warehouse_order_id,
fulfillment_order_id)) or at fulfillment
level (keyed by fulfillment_order_id),
while CancellationContext records who
cancelled a fulfillment order and why, keyed
by (entity_type = fulfillment_order,
entity_id = fulfillment_order_id). This sep-
aration between trade, fulfillment, and warehouse
entities mirrors common e-commerce fulfillment

models, where high-level orders are broken into
operational jobs and then into location-specific
warehouse tasks.

Supply Chain Scenarios Explain in Detail.
TradeOrders represent what the buyer did on the
front-end site: a trade_order_id is the external
order number, and buyer_id identifies the cus-
tomer for downstream customer service, after-sales,
and cancellation analysis. FulfillmentOrders
represent how the platform decides to fulfill that
trade order; the fulfillment_order_id is the
main operational anchor, and biz_status tracks
whether fulfillment is still processing, has been
shipped, cancelled, or delivered, matching typi-
cal fulfillment life cycles. Crucially, a single ful-
fillment order may be split into multiple physical
shipments if items are sourced from different loca-
tions. WarehouseOrders represent concrete ware-
house tasks such as picking, packing, dispatch,
and delivery, with a fine-grained status that is
mapped by mapStatus() into normalized busi-
ness labels (for example packing_in_progress,
in_transit, delivered, or error) and an op-
tional error_code when something goes wrong
(such as out-of-stock or undeliverable address).

ErrorLogs record the detailed cause
of abnormal states: warehouse-level en-
tries explain specific warehouse failures
for a given pair (warehouse_order_id,
fulfillment_order_id), while fulfillment-
level entries capture problems that do not attach
to a single warehouse order, such as routing
failures or audit signals for fake shipping.
CancellationContext captures who initiated a
cancellation (for example buyer vs. seller), along
with standardized reason codes and free-text
explanations, so that support tools can attribute
responsibility and analyze common cancellation
patterns.

Tool Functions Over the Data. The tools
expose the minimal path that an agent or system
needs to answer key supply-chain questions
without directly writing SQL over the tables.
For traceability, queryBuyerAndRelated()
starts from a trade-order ID and returns the
buyer_id plus the list of related fulfillment
IDs and warehouse order IDs, effectively
joining TradeOrders, FulfillmentOrders,
and WarehouseOrders. For high-level fulfill-
ment monitoring, getFulfillmentStatus()
reads FulfillmentOrders.biz_status
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and, when needed, aggregates the mapped
WarehouseOrders.status values under the same
fulfillment_order_id to decide whether the
fulfillment is in progress, cancelled, abnormal, or
completed.

For error analysis, getWarehouseStatus()
returns the normalized warehouse sta-
tus together with any raw error_code,
while getWarehouseErrorDetails() and
getErrorReason() fetch the correspond-
ing {code, text} explanations from
ErrorLogs at warehouse and fulfillment
levels. For cancellation understanding,
getCancelScenes() reads the cancellation initia-
tor (cancel_type) from CancellationContext,
and getCancelErrorCode() returns the struc-
tured and textual reasons (reason_code,
reason_text). Finally, checkFakeShipping()
examines fulfillment-level error codes and texts
(for example entries like FAKE_SHIP in ErrorLogs)
to determine whether a given shipment should be
flagged as suspected fake shipping.

Standard Operation Procedure To address user
inquiries regarding a specific order, our system
orchestrates a series of tools following a predefined
Standard Operating Procedure (SOP). This process
ensures that a comprehensive and accurate status
is retrieved for any given trade_order_id. The
workflow is as follows:
1. Identifier Extraction: The system first

parses the user’s query to extract the primary
trade_order_id.

2. Order Information Retrieval: Using the
trade_order_id, the system queries our
database to retrieve all associated order iden-
tifiers, including the fulfillment_id(s) and
warehouse_order_id. An order may be split
into multiple fulfillments.

3. Status Check: For each fulfillment_id iden-
tified in the previous step, the system queries its
real-time status.

4. Conditional Analysis: The subsequent actions
are contingent upon the status returned:

• If the status is cancelled, the system pro-
ceeds to invoke two diagnostic tools: one to re-
trieve the cancellation reason (e.g., "customer
initiated," "out of stock") and another to get
the specific cancellation error code. An op-
tional tool may also be triggered to check for

signs of fraudulent shipping activity prior to
cancellation.

• If the status is error, a dedicated tool is called
to fetch the detailed error reason from the ful-
fillment system.

This template 5 shows the detailed system
prompt that will be used in every inference.

C Details of Dataset Construction

To ensure the evaluation captures real-world com-
plexity and linguistic nuance, we constructed the
dataset through a rigorous, multi-stage Human-in-
the-Loop pipeline. As illustrated in Figure 2, the
pipeline progressively transforms raw operational
materials into high-quality QA pairs through docu-
ment curation, multi-model question synthesis, and
expert validation.

Step 1: Document Curation We first manually
collected a comprehensive set of expert-level doc-
uments related to supply chain processes. All sen-
sitive or proprietary information was meticulously
filtered and anonymized to create a high-quality,
sanitized document set that served as the knowl-
edge base.The final corpus covers multiple func-
tional domains across the end-to-end supply chain.
It includes foundational concepts, key performance
indicators, roles and entities, and detailed process
for fulfillment and settlement, warehousing and
consolidation operations, customs and cross-border
compliance, and first-mile logistics. In addition,
the collection contains routing and scheduling so-
lutions.Together, these documents provide a rich,
multi-perspective description of real-world supply
chain workflows and supporting information sys-
tems.

Step 2: Multi-Model Question Generation Us-
ing these documents and question as reference ma-
terial, we developed a sophisticated, multi-agent
pipeline to generate the final QA pair. This process,
designed to mimic a collaborative expert workflow,
involved three distinct stages:
1. Initial Generation: We prompted a capable

model (o3-mini) to generate an initial question-
answer pair based on the provided documents,
prompt showed in Figure 5.

2. Adversarial Review and Refinement: A sec-
ond, advanced model (Claude 4 Sonnet) was
tasked to act as a critic. It analyzed the gener-
ated QA pair and provided structured feedback
for improvement, focusing on enhancing clarity,
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removing ambiguity, and increasing the cogni-
tive complexity of the question, prompt showed
in Figure 7.

3. Final Synthesis: A third, powerful model
(Gemini 2.5 Pro) then synthesized the final,
polished question by integrating the feedback
from the critic model, prompt showed in Figure
8.

This multi-model approach proved highly effec-
tive, as the resulting questions were consistently
rated by human reviewers as having greater nuance
and quality compared to those from a single-pass
generation process.

Step 3: QA Pair Revision Before human re-
view, all candidate QA pairs undergo an additional
model-based revision stage. A dedicated model
checks each item for factual alignment with the
source documents and suggests targeted improve-
ments, such as clarifying phrasing or adjusting dis-
tractors. Items that fail these automated checks
are revised or discarded, resulting in a cleaner and
more reliable pool for expert verification.

Step 4: Human Verification Finally, the filtered
set of questions was reviewed by human domain
experts. This last step served to eliminate any re-
maining awkward phrasing or technical inaccura-
cies, ensuring the final dataset’s linguistic quality
and correctness.

The resulting QA dataset is balanced across three
formats to test different aspects of model compre-
hension:
• Multiple Choice: 141 questions

• Single Choice: 147 questions

• True/False: 147 questions

C.1 Rationale for Multi-Model Question
Generation Approach

We adopted a heterogeneous multi-agent frame-
work for question-answer generation after system-
atically evaluating different model configurations
through expert assessment. Our methodology in-
volved testing various agent compositions using 10
carefully curated documents, with domain experts
ranking the quality of generated QA pairs across
different experimental conditions.

Our empirical investigation revealed three key
findings. First, when employing identical models
across all three agent roles (e.g., exclusively us-
ing GPT o3-mini, Claude 4 Sonnet, or Gemini 2.5
Pro), the review and refinement stages frequently

exhibited self-confirmation bias, accepting initial
outputs that domain experts subsequently rated as
lowest quality. This suggests that model homo-
geneity limits critical evaluation capacity within
the pipeline.

Second, introducing a single heterogeneous
model—regardless of its position in the three-stage
pipeline—yielded modest quality improvements
over homogeneous configurations. Notably, expert
assessments showed no significant quality varia-
tion based on where the different model was posi-
tioned, indicating that diversity itself, rather than
role-specific model assignment, drives improve-
ment. This pattern persisted when introducing
two heterogeneous models: positional placement
remained inconsequential, while the presence of
model diversity consistently enhanced output qual-
ity.

Third, maximizing model heterogeneity by
deploying three distinct models produced the
highest-quality QA pairs according to expert evalu-
ation. We observed a clear monotonic improve-
ment in quality as diversity increased, from ho-
mogeneous model combinations to one, then two,
and finally three heterogeneous models.

This improvement can be attributed to comple-
mentary model capabilities and reduced echo cham-
ber effects. Different models possess distinct rea-
soning patterns, knowledge representations, and
evaluation criteria. When heterogeneous models
interact across generation, critique, and synthe-
sis stages, they introduce diverse perspectives that
challenge assumptions, identify blind spots, and
surface alternative formulations. The adversarial
review stage particularly benefits from this diver-
sity, as critic models with different architectures
can identify limitations that would be overlooked
by architecturally identical reviewers. Furthermore,
model heterogeneity mitigates the risk of system-
atic biases propagating through the pipeline, as
each model’s inherent limitations are compensated
by others’ strengths.

Given these findings, we selected o3-mini for
initial generation, Claude 4 Sonnet for adversarial
review, and Gemini 2.5 Pro for final synthesis—a
configuration that maximizes model diversity while
leveraging each model’s specific capabilities within
its assigned role.

C.2 Prompt Overview
We employ primary prompt templates in our
study—multi-model question generation, and
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System Prompt: Supply Chain Diagnostic SOP

Role: You are a deterministic Supply Chain Expert. Your job is to adhere to following standard operation procedure to
answer user question.

Deterministic Workflow:
Step 1 — Order-to-Fulfillment-and-Warehouse Expansion

• Call query_buyer_and_related function to get related orders.
Step 2 — Fulfillment Status Resolution (per fulfillment_id)

• If the user question does not specify any fulfillment order then, call get_fulfillment_status for each fulfillment
order you get on first step.

Step 3 — Canceled Branch (If status == "canceled")
• Call get_cancel_scenes(fulfillment_id) to get cancelType.
• Call get_cancel_error_code(fulfillment_id) to get cancelErrorCode/cancelErrorMsg.
• Optional: If cancelType is None/empty/unknown/other, call check_fake_shipping. Use only for internal analysis;

do not add fields beyond the chosen Output Contract.
Step 4 — Error Branch (If status == "error")

• Call get_error_reason(fulfillment_id) to get error code/text.
Step 5 — Warehouse-Level Enrichment (for each known warehouse_order_id if the user question does not specify
any)

• Call get_warehouse_status and call get_warehouse_error_details to check any error message.
• Prefer code/text from get_warehouse_error_details; fallback to get_warehouse_status.error when detailed

code is missing.

Table 5: The prompt template for the Standard Operating Procedure (SOP) used in our function calling task. The
model is instructed to strictly follow the deterministic workflow involving sequential tool calls.

System You are a helpful reasoning assistant.
Let’s think step by step. On the last
line, output only the final answer in
the format: ’#### <LETTERS>’.

User
[Optional Context]
Background Information:
{truncated_doc}

You will be given a multiple-choice
question. First, think step by step
based on the background information.
Finally, return ONLY the final answer
on the last line in the format: ####
<LETTERS> (e.g., AC).

Question: {question}
Options: {options}

Table 6: Prompt template. The blue shaded area indi-
cates the optional context (truncated to 2k chars) used
only in the with-context setting.

multiple-choice QA—together with a determinis-
tic Standard Operating Procedure (SOP) prompt
for the tool-calling setting. Tables introduced in
this section provide the exact templates used in our
experiments.

Multiple-Choice QA Prompt. QA prompt: Ta-
ble 6 contains the template used for the multiple-
choice evaluation stage. The prompt instructs the
model to engage in step-by-step reasoning while
committing to output only the final answer in a
fixed format. When background context is pro-

vided, the template explicitly emphasizes ground-
ing the reasoning in the given context. This setup
minimizes stylistic variance and standardizes the
evaluation interface across models.

SOP Prompt for Tool-Calling. SOP prompt: Ta-
ble 5 provides the deterministic SOP prompt used
in our function-calling experiments. Unlike the
free-form reasoning templates above, this prompt
enforces a fixed operational workflow, requiring
the model to perform a series of tool calls in a
predefined order. Each step of the SOP corre-
sponds to an operational requirement in the supply-
chain diagnostic pipeline, including order expan-
sion, fulfillment-state resolution, cancellation and
error investigation, and warehouse-level enrich-
ment. By constraining the model to follow this
strictly ordered procedure, the SOP prompt en-
ables reliable, reproducible evaluation in settings
where correctness depends on precise tool invoca-
tion rather than open-ended natural-language rea-
soning.

C.3 Error Analysis

Our error analysis shows that the dominant failure
mode is missing warehouse status (4,215 cases).
This is primarily driven by schema mismatches,
showed in table 7 (the same concept appears under
different keys such as status instead of warehouse
status, multi-entity extraction gaps, showed in
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table 8 (per-fulfillment arrays of multiple work or-
ders were not iterated, or aggregation/merge logic
overwrote WO-level fields).The second-largest cat-
egory, tool usage issues (974), reflects faithful-
ness error, showed in table 9 (model response is
not consistent with tool response). Cancellation-
related fields were also frequently missing: buyer
cancel reason (525) was lost due to free-text trunca-
tion/sanitization, FO→WO propagation/join gaps,
conditional gating based on question wording or
cancel scene, and key-variant normalization fail-
ures; cancel scene (395) was omitted for similar
FO-level linkage issues, enum/alias mismatches,
and conservative conflict handling that defaulted to
null. Smaller residual categories include general ex-
traction failures (280) from missed nested selectors,
non-iterated lists, tool errors, and merge/projection
mistakes; normalization issues (150) from incom-
plete ontologies and strict whitelists without fall-
back raw-status retention; status mismatches (35)
where fraud/anomaly flags were conflated with life-
cycle stages due to precedence heuristics;

C.4 License

The code of this paper is released under the Apache
License, Version 2.0.Apache-2.0 permits use, re-
production, modification, and distribution, and it in-
cludes an express patent license from contributors,
subject to the license conditions (e.g., retaining
copyright/license notices and marking significant
changes). The accompanying dataset (and any doc-
umentation, unless otherwise stated) is also made
available under Apache-2.0.

C.5 Intended use and Compliance

We generated the dataset via GPT/Claude/Gemini
APIs for research and reproducibility, and we do
not distribute raw API-generated responses; instead
we release prompts, generation scripts/parameters,
and evaluation code so others can reproduce results
with their own compliant API access.

C.6 Privacy and Safety Filtering

We mitigated privacy and safety risks during
dataset construction using a two-stage pipeline
combining automated screening and manual spot
checks. First, we applied a model-based filter to
flag samples that may contain personally identi-
fiable information (PII; e.g., names, contact de-
tails, addresses) or offensive/harmful content (e.g.,
hate, harassment, sexual content, or incitement
to violence), and we removed flagged samples or

redacted sensitive spans with placeholders. Second,
we conducted manual audit on randomly sampled
subsets after each generation/cleaning iteration to
estimate false positives/negatives and iteratively
refine filtering thresholds and data-generation con-
straints to further reduce residual risk. (PII de-
tection and redaction are standard approaches for
protecting sensitive information.)

C.7 Instructions Given to Participants

We provided all human annotators with a written
instruction sheet describing the task goal, step-by-
step annotation/verification procedures, and the ac-
ceptance criteria used in our human-in-the-loop
data pipeline. Annotators were instructed to (i) ver-
ify each candidate item, (ii) correct unclear word-
ing while preserving the original meaning, and (iii)
reject any item with unverifiable claims, ambigu-
ity, or inconsistencies; only items receiving unan-
imous approval were kept. The instruction sheet
also included an ethics and safety notice: the task
involves reading operational documents and edit-
ing QA items, poses minimal risk, and annotators
should not enter or disclose any personal data; any
accidental exposure of sensitive information should
be reported and the content should be excluded
from the dataset.

C.8 Characteristics of Annotators

All data checks and edits were performed by in-
house employees. These annotators acted as re-
viewers who verified and corrected the dataset ac-
cording to a shared set of guidelines, rather than
generating new content. Annotators were selected
because of their strong, practical understanding of
supply-chain operations. Due to privacy consider-
ations and internal company policy, no individual-
level demographic or geographic information was
collected, and thus such characteristics cannot be
reported or analyzed.

D Details of Experiment Settings

D.1 Model Size And Budget

For model size, we evaluate both proprietary
API models and models whose specifications are
publicly available. For proprietary models (e.g.,
Claude, Gemini, and Azure OpenAI offerings),
vendors do not release exact parameter counts or
full training details; therefore, we report only the
model names and version identifiers and do not
make parameter-size claims for them. For mod-
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els with publicly documented specifications (e.g.,
some Qwen/DeepSeek models), we describe their
sizes based on official releases; Other models are
reported by their publicly available size/spec when
provided by the vendor.

For budget, all experiments are conducted via
paid inference APIs, and we report the actual
billed cost (USD) for running the experiments for
each model: Claude Opus 4 (anthropic.claude-
opus-4-20250514-v1:0) 153.0417; Claude Son-
net 4 (anthropic.claude-sonnet-4-20250514-v1:0)
33.6668; Claude 3.7 Sonnet 22.8242; Claude
3.5 Sonnet 22.2992. Gemini 2.5 Pro 23.3125;
Gemini 2.5 Flash 2.1061. Azure OpenAI: GPT-
5 (gpt-5-2025-08-07-GlobalStandard) 19.2745;
o3-mini (o3-mini-2025-01-31) 6.0689; GPT-
4o (gpt-4o-2024-11-20) 4.9204; GPT-4.1 (gpt-
4.1-2025-04-14-GlobalStandard) 3.0763; GPT-
5-mini (gpt-5-mini-2025-08-07-GlobalStandard)
1.9212; GPT-4.1-mini (gpt-4.1-mini-2025-04-14-
GlobalStandard) 1.5056; o4-mini (o4-mini-2025-
04-16-GlobalStandard) 0.6576; GPT-5-nano (gpt-
5-nano-2025-08-07-GlobalStandard) 0.6203. Bail-
ian/others: Qwen3-Max 1.5692; Moonshot-Kimi-
K2-Instruct 1.0255; Qwen3-30B-A3B 0.2414;
DeepSeek-V3 0.7579. These costs include the runs
reported in the paper (including necessary retries).

D.2 Packages and Parameter Settings

Our preprocessing, prompting, and evaluation
pipeline is primarily implemented with custom
scripts rather than third-party NLP toolkits (e.g.,
NLTK, SpaCy, ROUGE) for tokenization/normal-
ization/metric computation. For answer extraction,
models are instructed to produce outputs in a fixed
format, and we use regular-expression matching to
parse the final predicted label from the generated
text. In the context-augmented setting, if a back-
ground document exceeds 2,000 characters, we
truncate it to the first 2,000 characters and prepend
it to the user prompt for consistency under input-
length constraints. To support reproducibility, the
released code/configuration will record the soft-
ware environment and dependency versions (e.g.,
Python version and any SDK/client libraries used
for model invocation), along with any decoding
settings and random seeds when applicable.

E Additional Experiments/Analysis

E.1 LLM-as-a-Judge Evaluation
While Information Retrieval Accuracy evaluates
whether the model can successfully retrieve the re-
quired evidence through tool use, it does not fully
capture end-to-end performance, since reasoning
errors may still occur after successful tool execu-
tion. To address this limitation, we further evaluate
the final outputs using an LLM-as-a-judge proto-
col, which serves as a complementary assessment
of final-answer correctness. As shown in Table 15,
the overall trends are largely consistent with those
observed under information retrieval accuracy, with
only a few models showing slight declines. This
suggests that, although some models can retrieve
the correct information, they may still omit or dis-
tort specific details when synthesizing the final re-
sponse.

Table 15: Tool-calling performance under SOP-free
and SOP-guided settings, evaluated by LLM-as-a-judge.
Green values indicate gains, and red values indicate
drops.

Model Tool Calling Accuracy (%)

w/o SOP w/ SOP

Proprietary LLM
GPT-4o 20.40 16.32 (-4.08)
GPT-4.1-mini 10.39 28.57 (+18.18)
GPT-4.1 11.22 16.32 (+5.11)
GPT-O3-mini 6.10 11.22 (+5.11)
GPT-5-nano 22.03 83.21 (+61.18)
GPT-5-mini 42.69 86.73 (+44.04)
GPT-5 35.71 84.69 (+48.98)
Claude-3.5-Sonnet 11.22 29.59 (+18.37)
Claude-3.7-Sonnet 35.71 39.09 (+3.38)
Claude-4-Sonnet 31.63 39.79 (+8.16)
Claude-4-Opus 23.71 34.69 (+10.98)
Gemini-2.5-Flash 8.16 23.46 (+15.30)
Gemini-2.5-Pro 11.22 37.56 (+26.34)

Open-Source LLM
Deepseek-V3 10.20 31.63 (+21.43)
Deepseek-R1 17.14 18.19 (+1.05)
Kimi-K2-Instruct 12.24 10.20 (-2.04)
Qwen3-Max 7.14 28.57 (+21.43)
Qwen3-30B-A3B 3.10 8.16 (+5.06)
QwQ-32B 5.02 10.24 (+5.22)

E.2 Controlled Comparison with ReAct
To ensure a fair comparison, we conduct two ad-
ditional controlled experiments that separate the
effect of the SOP itself from the effect of the
ReAct framework and the available computation
budget. Specifically, the SOP baseline is evalu-
ated using Pass@5, which matches the baseline-
equivalent sampling budget, while Single-Path Re-
Act is restricted to a single trajectory with at most
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10 thought–action steps. As shown in Table 16,
Single-Path ReAct outperforms the SOP (Pass@5)
baseline on nearly all evaluated models, with es-
pecially large gains for Claude-4-Sonnet, Claude-
4-Opus, and Gemini-2.5-Pro. These results sug-
gest that the observed improvements cannot be at-
tributed solely to increased parallel sampling. In-
stead, they indicate that the ReAct framework itself
provides additional reasoning and adaptation ca-
pacity in complex supply chain scenarios.

Table 16: Controlled comparison between SOP and
ReAct under matched budget settings. The SOP baseline
is evaluated with Pass@5, while Single-Path ReAct is
limited to a single trajectory with at most 10 thought–
action steps.

Model SOP (Pass@5) Single-Path ReAct

GPT-4o 18.36 31.63 (+13.27)
GPT-4.1-mini 31.63 33.96 (+2.33)
GPT-4.1 18.36 18.31 (-0.05)
Claude-3.5-Sonnet 37.76 38.77 (+1.01)
Claude-4-Sonnet 40.82 71.42 (+30.60)
Claude-4-Opus 42.85 70.43 (+27.58)
Gemini-2.5-Pro 37.76 70.53 (+32.77)
Qwen3-Max 30.61 31.71 (+1.10)
Qwen3-30B-A3B 11.22 19.38 (+8.16)

F Prompt in Detail

Figures 5, 6, 7, and 8 are prompts used in this work.
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System Prompt: Supply Chain Diagnostic SOP

Deterministic Workflow (summary): The model follows a multi-step pipeline that expands trade orders to fulfillment and warehouse orders, resolves
fulfillment status, handles canceled and error branches, and enriches warehouse-level information.

User Question: Given that trade order T1002 is associated with multiple fulfillment orders, each showing a business status of in_transit despite containing
warehouse orders in disparate states (including one already delivered and others still packing_in_progress), what does this indicate about the granularity
of status tracking in multi-warehouse fulfillment scenarios and how should the overall fulfillment progress be interpreted?
Model Output (summary): The model finds that FO2003 and FO2004 remain in_transit while other fulfillments are cancelled, and concludes that business
status is tracked per fulfillment order, which may not strictly reflect heterogeneous warehouse-order states but still signals overall “in transit” progress.
Tool Execution Trace:
[

{
"step": 1,
"name": "query_buyer_and_related",
"arguments": {"order_id": "T1002"},
"output": {

"buyer_id": {"id": 90001},
"related_item": [

{"fulfillment_id": "FO2002", "warehouse_order_id": "WO3002"},
{"fulfillment_id": "FO2003", "warehouse_order_id": "WO3003"},
{"fulfillment_id": "FO2003", "warehouse_order_id": "WO3004"},
{"fulfillment_id": "FO2003", "warehouse_order_id": "WO3005"},
{"fulfillment_id": "FO2004", "warehouse_order_id": "WO3006"},
{"fulfillment_id": "FO2004", "warehouse_order_id": "WO3007"},
{"fulfillment_id": "FO2004", "warehouse_order_id": "WO3008"},
{"fulfillment_id": "FO2005", "warehouse_order_id": "WO3009"},
{"fulfillment_id": "FO2006", "warehouse_order_id": "WO3010"},
{"fulfillment_id": "FO2006", "warehouse_order_id": "WO3011"},
{"fulfillment_id": "FO2006", "warehouse_order_id": "WO3012"}

]
}

},
{

"step": 2,
"name": "get_fulfillment_status",
"arguments": {"fulfillment_id": "FO2002"},
"output": {"status": "cancelled"}

},
{

"step": 3,
"name": "get_fulfillment_status",
"arguments": {"fulfillment_id": "FO2003"},
"output": {"status": "in_transit"}

},
{

"step": 4,
"name": "get_fulfillment_status",
"arguments": {"fulfillment_id": "FO2004"},
"output": {"status": "in_transit"}

},
{

"step": 5,
"name": "get_cancel_scenes",
"arguments": {"fulfillment_id": "FO2003"},
"output": {"cancelType": null}

},
{

"step": 6,
"name": "get_fulfillment_status",
"arguments": {"fulfillment_id": "FO2005"},
"output": {"status": "cancelled"}

},
{

"step": 7,
"name": "get_fulfillment_status",
"arguments": {"fulfillment_id": "FO2006"},
"output": {"status": "cancelled"}

},
{

"step": 8,
"name": "get_cancel_scenes",
"arguments": {"fulfillment": "FO2004"},
"output": {"error": "fufillment is not a right input argument"}

}
]

Table 7: Schema-mismatch example for trade order T1002: the final tool call passes fulfillment instead of the
required fulfillment id, triggering a schema validation error. Rather than correcting the argument and retrying
the function call, the model terminates the function-calling sequence prematurely, and its final response also fails to
disclose that no relevant information was retrieved during execution.
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System Prompt: Supply Chain Diagnostic SOP

Deterministic Workflow (summary): Same as the SOP shown in the previous table.

User Question: Given that fulfillment order FO2055 for trade order T1018 is marked as canceled, why do its associated
warehouse orders show statuses of in_transit and delivered, indicating that physical fulfillment had already progressed
or completed prior to cancellation?
Model Output (compressed): FO2055(T1018) links WO3108 = in_transit, WO3109 = delivered, WO3110 =
delivered; cancellation cancelType = SELLER with message “Due to a last-minute change of plans, the buyer decided
that the item was no longer necessary and canceled the order.” This suggests cancellation was recorded after physical
operations had started/finished and updates can be asynchronous.
Tool Execution Trace:

[
{

"step": 1,
"name": "query_buyer_and_related",
"arguments ": {" order_id ": "T1018"},
"output ": {

"buyer_id ": {"id": 90017} ,
"related_item ": [

{" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3108"},
{" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3109"},
{" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3110 "}

]
}

},
{

"step": 2,
"name": "get_fulfillment_status",
"arguments ": {" fulfillment_id ": "FO2055"},
"output ": {" status ": "cancelled "}

},
{

"step": 3,
"name": "get_cancel_scenes",
"arguments ": {" fulfillment_id ": "FO2055"},
"output ": {" cancelType ": "SELLER "}

},
{

"step": 4,
"name": "get_cancel_error_code",
"arguments ": {" fulfillment_id ": "FO2055"},
"output ": {

"cancelErrorCode ": null ,
"cancelErrorMsg ": "Due to a last -minute change of plans , the buyer decided that the item was no longer necessary"

}
},
{

"step": 5,
"name": "get_warehouse_status",
"arguments ": {" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3108"},
"output ": {" status ": "in_transit", "error": null}

},
{

"step": 6,
"name": "get_warehouse_error_details",
"arguments ": {" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3108"},
"output ": {"code": null , "text": null}

},
{

"step": 7,
"name": "get_warehouse_status",
"arguments ": {" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3109"},
"output ": {" status ": "delivered", "error": null}

},
{

"step": 8,
"name": "get_warehouse_error_details",
"arguments ": {" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3109"},
"output ": {"code": null , "text": null}

}
]

Table 8: Multi-Entity Extraction Gaps: After step 8, the model should query WO3110 for its status and error details,
but the function-calling sequence terminates at this point without issuing the required tool call. The final user-facing
response also omits any mention of WO3110, failing to disclose that the relevant information was never retrieved.
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System Prompt: Supply Chain Diagnostic SOP

Deterministic Workflow (summary): Same as the SOP shown in the previous table.

User Question: Given that fulfillment order FO2055 for trade order T1018 is marked as canceled, why do its associated
warehouse orders show statuses of in_transit and delivered, indicating that physical fulfillment had already progressed
or completed prior to cancellation?
Model Output: FO2055(T1018) links WO3108 = cancelled, WO3109 = delivered, WO3110 = delivered; cancellation
cancelType = SELLER with message “Due to a last-minute change of plans, the buyer decided that the item was no longer
necessary and canceled the order.” This suggests cancellation was recorded after physical operations had started/finished
and updates can be asynchronous.
Tool Execution Trace:

[
{

"step": 1,
"name": "query_buyer_and_related",
"arguments ": {" order_id ": "T1018"},
"output ": {

"buyer_id ": {"id": 90017} ,
"related_item ": [

{" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3108"},
{" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3109"},
{" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3110 "}

]
}

},
{

"step": 2,
"name": "get_fulfillment_status",
"arguments ": {" fulfillment_id ": "FO2055"},
"output ": {" status ": "cancelled "}

},
{

"step": 3,
"name": "get_cancel_scenes",
"arguments ": {" fulfillment_id ": "FO2055"},
"output ": {" cancelType ": "SELLER "}

},
{

"step": 4,
"name": "get_cancel_error_code",
"arguments ": {" fulfillment_id ": "FO2055"},
"output ": {

"cancelErrorCode ": null ,
"cancelErrorMsg ": "Due to a last -minute change of plans , the buyer decided that the item was no longer necessary

and cancelled the order."
}

},
{

"step": 5,
"name": "get_warehouse_status",
"arguments ": {" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3108"},
"output ": {" status ": "in_transit", "error": null}

},
{

"step": 6,
"name": "get_warehouse_error_details",
"arguments ": {" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3108"},
"output ": {"code": null , "text": null}

},
{

"step": 7,
"name": "get_warehouse_status",
"arguments ": {" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3109"},
"output ": {" status ": "delivered", "error": null}

},
{

"step": 8,
"name": "get_warehouse_error_details",
"arguments ": {" fulfillment_id ": "FO2055", "warehouse_order_id ": "WO3109"},
"output ": {"code": null , "text": null}

}
]

Table 9: Although the tool correctly reports WO3108 as "in transit" at query time, the model later changes the
status in its final response and incorrectly states that WO3108 is "cancelled".
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Table 10: Tool calling accuracy across three difficulty levels (Level 1, Level 2, Level 3) with and without SOP
guidance.

Model Tool Calling Accuracy w/o SOP (%) Tool Calling Accuracy w/ SOP (%)

Level 1 Level 2 Level 3 Level 1 Level 2 Level 3
GPT-4.1 22.7 5.3 11.4 40.9 10.5 8.6
GPT-4.1-mini 18.2 10.5 11.4 45.5 31.6 17.1
GPT-4o 18.2 31.6 11.4 31.8 10.5 14.3
GPT-O3-mini 22.7 5.3 5.7 36.4 10.5 5.7
GPT-5 54.5 47.4 14.3 86.4 86.8 88.6
GPT-5-mini 63.6 60.5 25.7 81.8 94.7 88.6
GPT-5-nano 22.7 31.6 22.9 81.8 89.5 88.6
Claude-Sonnet-3.5 18.2 7.9 11.4 54.5 23.7 22.9
Claude-Sonnet-3.7 54.5 34.2 28.6 59.1 42.1 31.4
Claude-Sonnet-4 31.8 36.8 28.6 45.5 50.0 28.6
Claude-Opus-4 31.8 39.5 11.4 59.1 42.1 14.3
Gemini-2.5-flash 13.6 5.3 14.3 27.3 28.9 17.1
Gemini-2.5-pro 18.2 5.3 14.3 45.5 47.4 25.7
Deepseek-V3 18.2 5.3 11.4 50 55.3 11.4
Qwen3-max 4.5 7.9 8.6 40.9 34.2 17.1
Qwen3-30B-A3B 4.5 0.0 11.4 13.6 5.3 8.6
Kimi-K2-Instruct 18.18 13.15 8.5 27.28 52.6 57.1

Table 11: GPT-series Average Token Length by SOP status, correctness, and level

Level 1 Level 2 Level 3
Model No-SOP SOP No-SOP SOP No-SOP SOP

Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect
O3-mini 409.67 258.11 384.50 310.38 507.29 438.18 401.00 478.67 351.00 686.62 487.00 637.56
GPT-4.1 535.00 264.33 504.25 281.25 656.00 405.20 536.00 472.36 756.00 582.50 666.00 724.88
GPT-4.1-mini 456.00 251.78 573.00 275.88 719.00 411.10 577.25 470.22 815.50 611.12 793.50 663.00
GPT-4o 282.50 219.27 424.00 305.67 585.67 346.33 472.00 383.27 801.00 647.38 652.67 700.43
GPT-5 744.88 378.50 560.00 310.67 1058.17 651.67 996.70 681.67 1342.50 860.00 1167.86 958.50
GPT-5-mini 646.86 424.33 708.14 368.25 1079.14 704.60 1181.27 716.50 938.33 778.00 1390.50 1061.50
GPT-5-nano 660.33 241.70 772.29 405.00 737.67 545.56 1135.09 537.50 706.25 832.33 1442.38 1425.50

Table 12: Claude-series Average Token Length by SOP status, correctness, and level

Level 1 Level 2 Level 3
Model No-SOP SOP No-SOP SOP No-SOP SOP

Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect
Claude-sonnet-3.5 463.00 482.62 614.80 509.88 751.50 498.70 890.40 604.12 666.00 720.75 815.33 869.83
Claude-sonnet-3.7 539.57 547.60 766.00 392.80 798.60 514.14 959.00 660.50 800.67 939.17 936.00 751.60
Claude-sonnet-4 487.00 401.20 710.67 404.88 831.25 561.88 1029.50 648.60 1014.25 811.50 1138.50 841.50
Claude-opus-4 633.00 372.62 669.00 394.33 886.20 574.43 886.86 524.50 946.00 865.75 834.33 801.86

Table 13: Gemini-series Average Token Length by SOP status, correctness, and level

Level 1 Level 2 Level 3
Model No-SOP SOP No-SOP SOP No-SOP SOP

Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect
Gemini-2.5-flash 224.00 143.18 409.50 251.67 523.71 316.55 728.50 386.44 801.33 549.83 774.00 616.50
Gemini-2.5-pro 273.50 246.11 433.80 285.75 615.00 409.25 724.40 508.75 710.50 503.43 587.33 695.17

Table 14: Other models Average Token Length by SOP status, correctness, and level

Level 1 Level 2 Level 3
Model No-SOP SOP No-SOP SOP No-SOP SOP

Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect Correct Incorrect
Kimi-K2-Instruct 395.00 461.88 710.00 587.50 1125.50 503.80 905.00 666.43 1100.00 888.40 1530.00 1718.67
Deepseek-v3 382.00 291.45 604.67 322.12 623.31 435.75 860.17 425.14 959.50 633.12 866.00 688.50
Qwen3-30b-a3b 145.00 210.20 258.00 189.08 392.19 288.55 515.00 314.92 571.00 373.50 572.31 461.22
Qwen3-max 261.00 257.44 415.75 335.00 582.20 408.55 728.20 406.38 587.00 618.17 716.33 667.00
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You are a professional question generation master. Your goal is to generate a multiple-select
question from a given paragraph. The content of the multiple-select question should be based
on the input text without introducing external content. Centered on the user-specified
concept {TERM}, identify core entities, terms, definitions, or logical relationships about
the concept {TERM} from the user-provided reference text, and strictly follow the
requirements below to generate a single-choice question:

↪→
↪→
↪→
↪→
↪→

<requirement>

# Requirements for the output format:
The output result is a JSON object, specifically as follows
<example>
{"question":"Stem",
"options":[{"key":"A","text":"Option A"},{"key":"B","text":"Option B"},{"key":"C","text":"Option

C"},{"key":"D","text":"Option D"}],"↪→
"answer":["List of correct option letters"],
"question_type":"multiple_choices",
"explanation":"Explanation content",
"type":"Main category",
"sub_type":"Sub-category",
"question_type":"multiple_choices",
"tags":["Concept 1","Concept 2","Concept 3"]}
</example>

The output result includes:

## Core question content
1. "question": The stem, a string that contains the specific description of the question. The

stem should raise a clear multiple-select question around the key concept (e.g., “Which of
the following are...?”). The stem should be clearly expressed and concise, and should not
include phrases like “according to the article.” Ask directly. Avoid overly absolute
statements in the stem.

↪→
↪→
↪→
↪→
2. "options": Options, an array providing 4 options (A - D), with 1-4 correct answers and the

rest being reasonable distractors. Each option is a dictionary with two fields, "key" and
"text". The "key" field is the identifier for the option, and the "text" field is the textual
description of the option. For example, {"key":"A","text":"Option A"}.

↪→
↪→
↪→
3. "answer": The answer, an array containing the strings of the correct answers, i.e., multiple

of the 4 options (A - D). For example: "answer": ["A","B"].↪→
4. "explanation": Explanation, a string providing a detailed explanation for the correct answers,

explaining why the option is correct. The explanation should state the reasons for the
correct options and common misunderstandings for the incorrect options.

↪→
↪→

## Classification and metadata
1. "field": A string that defines the macro field or theme to which the question belongs. It can

only be one of the following:↪→
1. Fulfillment, Expression, Procurement, Returns and Waste, In-warehouse, Inventory,

Merchandise, Merchant, Network, Planning, Finance and Operations, Permissions & Accounts,
Logistics Collaboration, Other

↪→
↪→

2. "sub_field": A string that provides a more detailed division of the main category.
3. "question_type": A string that explicitly indicates the form of the question as

"multiple_choices".↪→
4. "tags": An array of strings that provides a series of keywords related to the content of the

question for searching and filtering.↪→

## Difficulty definition
High-difficulty questions usually have one or more of the following characteristics:
1. Applying: Applying learned knowledge to new scenarios or solving practical problems.
2. Analyzing: Breaking information into different parts and exploring their relationships and

structures. The question usually contains irrelevant information that needs to be filtered.↪→
3. Synthesizing: Answering requires a full understanding of the text and some reasoning ability

to arrive at the answer.↪→

Figure 5: Question generation prompt (part 1 of 2).
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## Output format validation
All fields must be wrapped in double quotes, the JSON structure must be complete (e.g., brackets

closed), and the output must be directly parseable as a JSON object. Do not add ```json or
other extra characters.

↪→
↪→
</requirement>

# Output example:
<example>
{
"question":"Which of the following are common payment methods in medical expense payments?

(Multiple select)",↪→
"options":[{"key":"A","text":"Fee-for-service"},
{"key":"B","text":"Capitation"},
{"key":"C","text":"Wage-based payment"},
{"key":"D","text":"Diagnosis-related group (DRG) payment"}],
"answer":["A","B","D"],
"question_type":"multiple_choices",
"explanation":"Fee-for-service (A) is a model that pays based on the quantity of services

provided. Capitation (B) pays a fixed amount per enrolled beneficiary, regardless of service
utilization. DRG (D) is a prospective payment system based on diagnostic categories.
Wage-based payment (C) is not a standard medical reimbursement model.",

↪→
↪→
↪→
"field":"Healthcare",
"sub_field":"Medical payment methods",
"tags":["Healthcare","Medical payment methods","Capitation","Fee-for-service","DRG"]
}
</example>

# Input reference text:
<input>
{TEXT}
</input>

Figure 6: Question generation prompt (continued).
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Please analyze the following data generation result and propose specific revision suggestions to
improve quality:↪→

Original prompt:
<original_prompt>
{REPLACE_ORIGINAL_PROMPT}
</original_prompt>

Generated result:
<initial_result>
{REPLACE_INITIAL_RESULT}
</initial_result>
Please provide specific and accurate revision suggestions.

Figure 7: Adversarial Review and Refinement.

Based on the following analysis suggestions, regenerate the improved data:

Original prompt:
<original_prompt>
{REPLACE_ORIGINAL_PROMPT}
</original_prompt>

Initial generated result:
<initial_result>
{REPLACE_INITIAL_RESULT}
</initial_result>

Modification suggestions:
<modification_suggestions>
{REPLACE_MODIFICATION_SUGGESTIONS}
</modification_suggestions>

Note that the returned result must meet the requirements of the original prompt. Do not add
additional modification notes; directly return the regenerated improved result only!↪→

Figure 8: Final Synthesis Prompt.
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