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Abstract

Automatic instruction generation offers a low-
cost, high-efficiency pathway for fine-tuning
large language models (LLMs). However, ex-
isting methods struggle in knowledge-intensive
domains and complex reasoning tasks due to
their dependence on high-quality seed data,
limited coverage of single-document knowl-
edge, and repetitive content. To overcome
these limitations, this paper presents GCIG,
a GraphRAG-based Cross-document Instruc-
tion Generation framework. We begin by
constructing an enhanced knowledge graph
to provide a structural representation of the
raw corpus, followed by LLM-driven selec-
tion of reliable subgraph-text pairs based on
factuality and logical complementarity. Sub-
sequently, we adaptively generate diverse
questions through task-aware prompts and
context-sensitive retrieval. Finally, we em-
ploy Chain-of-Thought reasoning to anchor
entity paths and integrate scattered evidence,
thereby closing logical gaps and improving an-
swer coherence. Experiments on knowledge-
intensive and multi-hop question-answering
tasks demonstrate that GCIG outperforms ex-
isting methods, producing instruction data with
stronger logical consistency and broader knowl-
edge coverage for effective LLM fine-tuning.
The code and data are publicly available at
https://github.com/WhitEiller/GCIG.

1 Introduction

In recent years, large language models (LLMs)
have demonstrated strong capabilities in natu-
ral language understanding, generation (Yang
et al., 2025a; Jiang et al., 2024), zero-shot learn-
ing (Nayak et al., 2024), and complex reason-
ing (Wei et al., 2022). To better align with hu-
man intent, instruction fine-tuning is often essen-
tial (Ouyang et al., 2022; Zhang et al., 2023). Its
effectiveness, however, fundamentally depends on
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the quality of the instruction data—especially in
high-stakes domains like healthcare, law, and fi-
nance, where diverse, domain-consistent, and log-
ically coherent data is critical for ensuring model
reliability and specialized performance (Li et al.,
2024; Huang et al., 2024).

Due to the high cost of manual annotation, au-
tomated instruction generation has become a key
approach for constructing instruction data. Rep-
resentative methods such as Self-Instruct (Wang
et al., 2023) and WizardLM (Xu et al., 2024) lever-
age a general-purpose LLM to generate large-scale
instructions from limited seed tasks or unstructured
corpora, thereby providing scalable supervision for
instruction tuning (Honovich et al., 2023; Ding
et al., 2023). However, these methods typically
lack structured organization of the source corpus
and do not model cross-document relationships. As
illustrated in Figure 1(a), they often simply split
the corpus into isolated text blocks and generate in-
structions per block independently. This results in
instructions with limited source variety, low diver-
sity, and insufficient knowledge coverage, making
them inadequate for complex reasoning tasks such
as multi-hop Question and Answer (Q&A). Specif-
ically, three main issues arise:

* Dependence on high-quality seeds. Cur-
rent instruction-generation methods (e.g.,
Self-Instruct (Wang et al., 2023)) require di-
verse, high-quality seed instructions to be-
gin. In knowledge-intensive domains, how-
ever, building such a broad-coverage seed set
is particularly difficult. Even approaches that
start from unlabeled text (e.g., Bonito (Nayak
et al., 2024)) remain limited by the distribu-
tion of their initial data.

* Limited coverage of single-document
knowledge. Existing automatic instruction
generation methods (e.g., Bonito (Nayak
et al., 2024)) typically operate on isolated
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Figure 1: Overview of two paradigms for instruction synthesis. (a) Conventional pipelines generate instructions
from isolated text chunks, which limits cross-document evidence integration and multi-hop reasoning coverage.
(b) GCIG performs graph-grounded cross-document synthesis with an Enhanced KG, producing instructions with
traceable reasoning paths and stronger evidence connectivity.

documents or segments, increasing complex-
ity via expansion or local rewriting. Without
cross-document integration, however, the
resulting instructions remain simplistic and
unsuitable for multi-hop reasoning.

* Repetitive content and generalization de-
cay. Static instruction generation templates
produce homogeneous content with uniform
difficulty levels (Gudibande et al., 2023; Shu-
mailov et al., 2023). Consequently, the re-
sulting low-diversity data can cause LLMs
to overfit and impair their generalization in
reasoning tasks.

Although recent methods such as RAG-
Instruct (Liu et al., 2025) augment generation with
retrieved knowledge, they primarily rely on vector-
based similarity matching. This retrieval paradigm
is effective for identifying locally relevant passages.
However, it is less well suited to connecting se-
mantically distant but logically related evidence
across documents. Such connections are central
to multi-hop reasoning. Other studies, such as
EntiGraph (Yang et al., 2025b), introduce graph-
structured representations to better capture cross-
document knowledge topology through entity link-
ing. However, existing approaches tend to empha-
size either retrieval quality or graph organization.
They do not explicitly preserve and propagate fine-
grained evidence links throughout downstream re-
trieval and generation. As a result, it remains diffi-
cult to ensure that multi-hop instructions are both
logically connected and grounded in traceable sup-
porting evidence.

To tackle this challenge, we propose a

GraphRAG-based method for automatically gener-
ating cross-document instruction data to enhance
LLMs’ complex reasoning capabilities. As illus-
trated in Figure 1(b), we first build an enhanced
Knowledge Graph (KG) linking document evi-
dence with entities. The LLM-driven Chunk Se-
lection (LCS) module then forms multi-hop evi-
dence chains. Using these chains, the Adaptive
Prompt-based Question Generation (APQG)
module produces multi-hop questions, and the
Chain-of-Thought-guided Answer Generation
(CoTAG) module generates interpretable answers,
yielding high-quality instruction data automati-
cally.
Specifically, our major contributions are:

* We propose a GraphRAG-based method for
automatically synthesizing high-quality in-
structions. Evaluation shows its efficacy for
domain reasoning and multi-hop reasoning.

* We construct an Enhanced KG to structure
the raw corpus, and employ LCS to quanti-
tatively evaluate the retrieved subgraph-text
pairs for factuality and logical complementar-
ity, ensuring a reliable knowledge source for
high-quality instruction generation.

* APQG ensures broad instruction distribution.
By anchoring entity paths and integrating un-
structured evidence via CoTAG, it addresses
logical gaps in answers and improves depth
and reliability.

2 Related Work

Instruction Tuning Instruction tuning has be-
come a central paradigm for eliciting the general-
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ization capabilities of LLMs (Yang et al., 2025b).
Early studies, including FLAN (Chung et al., 2024;
Wei et al., 2021) and TO (Sanh et al., 2022), showed
that increasing task diversity during fine-tuning sub-
stantially improves zero-shot performance. Later,
Self-Instruct (Wang et al., 2023) and Alpaca (Taori
et al., 2023) reduced the cost of data construction
by using capable models to bootstrap instruction
data. Bonito (Nayak et al., 2024) further formulates
instruction synthesis as “conditional task genera-
tion.” This formulation enables the generation of
instructions with controllable task types directly
from unlabeled domain text and supports zero-shot
task adaptation. To increase instruction complexity,
WizardLM (Xu et al., 2024) and the Orca (Mukher-
jee et al., 2023) series introduced instruction evolu-
tion and the imitation of detailed reasoning traces,
respectively. These methods improve the cognitive
density of the resulting training data. However,
most existing approaches rely primarily on single
documents or general-domain knowledge during
generation. As a result, they lack systematic mech-
anisms for organizing evidence in scenarios that
require cross-document evidence integration. This
limitation often leads to logically flattened instruc-
tions or factual hallucinations.

Retrieval-augmented generation Retrieval-
augmented generation (RAG) enhances LLMs with
external knowledge and helps reduce hallucina-
tions (Gao et al., 2023; Asai et al., 2024). However,
traditional vector-based retrieval often lacks global
context. This weakness can produce results that
are locally relevant but globally inconsistent,
especially for long-tail queries and multi-step
reasoning (Sciavolino et al., 2021). GraphRAG
addresses this limitation by leveraging knowledge
graphs and community detection to integrate
information in a hierarchical manner (Edge et al.,
2024; Traag et al., 2019). Despite these advances,
achieving high accuracy in domain-specific
settings with LLMSs remains a persistent challenge.

Domain-Specific Challenges In knowledge-
intensive domains such as medicine (Savage et al.,
2025), biology (Chen et al., 2023), and law (Guha
et al., 2023), general-purpose LLMs often fail to
meet stringent accuracy requirements due to a defi-
ciency in specialized knowledge. Current research
focuses on injecting domain knowledge into mod-
els through tailored strategies (Song et al., 2025;
Gururangan et al., 2020); for instance, Instruct-
Protein (Wang et al., 2024) achieves alignment be-

tween human and protein languages by construct-
ing knowledge-centric instructions. Although in-
corporating knowledge graphs to aid reasoning has
improved model interpretability, existing methods
are often limited to the simple retrieval of isolated
knowledge points. They struggle to handle com-
plex logic that necessitates cross-document integra-
tion, multi-hop reasoning, and the accommodation
of exceptional cases.

3 Method

This section introduces the GraphRAG-based
Cross-document Instruction Generation (GCIG)
framework, which aims to automate the genera-
tion of high-quality instructional data for domain-
specific knowledge reasoning and multi-hop ques-
tion answering. As depicted in Figure 2, the
framework follows a structured four-stage work-
flow. Step 1. Enhanced KG Construction (§3.1);
Step 2. LLM-driven Chunks Selection (§3.2); Step
3. Adaptive Prompt-based Question Generation
(§3.3); Step 4. Chain-of-Thought (CoT)-Guided
Answer Generation (§3.4).

Given a domain-specific raw text corpus D =
{d;}, the goal of the framework is to automatically
generate high-quality instruction-tuning samples
I ={C;,Qj, A;}, where C; represents the context
retrieved and filtered from D, @); denotes a ques-
tion generated conditioned on Cj, and A; is the
corresponding answer derived from the context.

3.1 Enhanced KG Construction

To fit within LLM input length limits, we first
chunk the documents into coherent segments
(< 2048 tokens). These segments form a
domain-specific knowledge graph, from which en-
tities and relations are extracted using predefined
types—covering general categories (e.g., dates, lo-
cations) and domain-specific terms. Mentions of
the same entity or relation across segments are
merged into a unified graph G = {E, R}, which
is then semantically enriched to support cross-
document reasoning.

Furthermore, semantic enhancement is per-
formed on the knowledge graph G to obtain an
enriched structure tailored for cross-document
reasoning.  Specifically, each entity and re-
lation is explicitly linked to its originating
sentence-level contexts, resulting in triples of the
form (entity, relation, context). After semantic
consolidation and context binding, we obtain the
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Figure 2: Detailed overview of GCIG. The framework comprises four stages: (a) Enhanced KG construction, which
builds a semantically enriched graph with entity—relation—context bindings from raw corpora; (b) LLM-driven chunk
selection, which extracts /-hop subgraphs and filters evidence by factual consistency and logical complementarity;
(c) adaptive prompt-based question generation, which instantiates task-aware prompts from selected graph-grounded
contexts; and (d) CoT-guided answer generation, which enforces graph-constrained, evidence-traceable reasoning to

produce final instruction tuples.

semantically enhanced knowledge graph G =
{E, R,C}. Unlike previous approaches, our im-
plementation retains structured domain knowledge
while enabling fine-grained evidence tracing and
interpretable reasoning over context fragments.
This method establishes a solid knowledge foun-
dation for downstream GraphRAG-based retrieval,
multi-hop cross-document QA, and instruction gen-
eration.

3.2 LLM-driven Chunks Selection

To capture the multi-granular semantics of entities,
from local attributes to global associations, we first
extract a K-hop neighborhood subgraph centered
on the core entities. This subgraph covers the 0-
hop, 1-hop, and n-hop scopes; see Algorithm 1.
During extraction, we use beam search for layer-
wise expansion under two constraints. One con-
straint limits the topological depth to at most K
hops. The other constrains the total text length after
linearization, for example, with a predefined token
budget. These constraints allow the retrieved sub-
graphs to achieve broad structural coverage while
remaining within the context window of the LLM.

Building on this structured representation, we
further introduce an LLLM-driven semantic consis-
tency discrimination mechanism. This mechanism
identifies high-quality subgraph—text pairs. It uses
the reasoning capabilities of LLLMs to evaluate the
alignment between candidate text chunks and sub-
graph structures in a quantitative manner. The eval-
uation considers two aspects: factual consistency

and logical complementarity. Detailed scoring cri-
teria, aggregation methods, and filtering rules are
provided in Appendix C. This process reduces se-
mantic noise effectively. The resulting subgraph—
text pairs combine the explicit structural constraints
of the knowledge graph with the implicit reasoning
capabilities of LLMs. They thus provide reliable
contextual grounding for high-quality instruction
generation.

Algorithm 1 K-hop Subgraph Extraction

Input: Graph G, Anchor entity .oy, hop limit &,
beam width b, token budget L
Output: Subgraph G’
1. G+ 0; E<+ {ecore};s h+0
2: while h < k and £ # ( and
TokenLen(Linearize(G')) < L do
C + AdjEdges(G, E)
R < BeamSelect(C, b, LLMcore)
for each r € R do
G+ G U{r}
E + E U Endpoints(r)
end for
h+~h+1
10: end while
11: return G’

D e A A

3.3 Adaptive Prompt-based Question
Generation

Based on the semantically relevant context set C*,
this stage guides the LLM to generate a structured,
knowledge-rich instruction set (). To cover diverse
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from the verified reasoning chain.

task types without supervision, we adopt an adap-
tive prompting strategy. Unlike static prompts, our
approach dynamically binds the task type and the
prompt instantiation to C*, enabling the prompt to
adapt to its semantic and structural features. The
detailed design of the adaptive prompt template is
provided in Appendix D.

Specifically, we first sample a task type 7 from
the task space 7 and instantiate its correspond-
ing template skeleton. Key information relevant
to 7—such as entities, relation chains, or con-
strained context segments—is then extracted from
C* to populate the template slots. Finally, few-shot
demonstrations aligned with the task are selected
to complete the prompt. The resulting prompt is
formalized as follows:

P(C*, 1) = Template(; Zagn (C*), E(C*)) (1)

where Template(-) denotes the skeleton of the uni-
fied instruction template, Zg;(C*) refers to the
information units extracted from C* (e.g., enti-
ties or relation chains), and £, (C™*) represents the
few-shot demonstrations selected for task type 7
given C*. This formulation ensures template-level
consistency while allowing dynamic adaptation
to varying contexts and task demands, thereby
improving both the structural stability and the
domain-specific validity of the generated instruc-
tions.

3.4 CoT-guided Answer Generation

Although the Enhanced KG augments context by
linking documents, direct traversal over the ex-
panded search space can lead to semantic drift and
fragmented reasoning. To mitigate this, we intro-
duce a CoT-guided answer generation module that
explicitly constructs reasoning paths. These paths
weave scattered document evidence into a coherent
global evidence chain, imposing cross-document

constraints to reduce factual inconsistencies while
maintaining logical coherence throughout the rea-
soning process.

As illustrated in Figure 3, the pipeline operates in
three stages. First, given a question (), key entities
are identified and anchored to the Enhanced KG to
initialize the reasoning process. Next, GraphRAG
retrieves relevant subgraphs, during which CoT
prompting guides the LLM to construct an explicit
relational reasoning path over the graph. This path
includes both entity relations and their associated
evidentiary documents. Because the Enhanced KG
links unstructured documents to graph nodes, the
resulting reasoning path not only provides a logical
backbone across documents but also serves as a di-
rect index to the supporting texts attached along the
path. Finally, the LLM integrates this structured
relational path with fine-grained semantic informa-
tion from the retrieved documents to perform joint
reasoning and produce the answer A. The detailed
CoT prompt used in the experiments is provided in
Appendix E.

The generated question—answer pair, together
with the supporting context, constitutes the final
instruction sample I = {C}, Q;, A;}.

4 Experimental Setup and Baselines

Datasets. We utilized Contract-NLI (Koreeda
and Manning, 2021) and Privacy-QA (Ravichander
et al., 2019) to verify the model’s ability to capture
fine-grained semantic constraints within special-
ized domains. We introduced BioASQ (Tsatsaronis
et al., 2015) to assess the model’s transferability
and knowledge integration boundaries in the non-
target biomedical domain. Finally, we employed
HotpotQA (Yang et al., 2018) to test the model’s
robustness in multi-document evidence integration
and complex multi-hopreasoning.

Base Models. We employ Mistral-7B (Jiang et al.,
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Model Supervision Source Privacy_QA Contract_NLI BioASQ Avg
F1 ACC F1 ACC F1 ACC F1 ACC
None 44.1 476 318 413 2477 27.1 335 387
TAPT 463 477 342 420 262 29.1 356 39.6
Mistral Bonito 525 551 719 742 407 434 550 576
Self-QA 482 497 532 58.1 29.7 325 437 46.8
EntiGraph 492 51.8 673 68.2  41.1 454 525 551
GCIG (Ours) 559 583 739 749 423 451 574 594
None 40.7 445 357 421 289 345 351 404
TAPT 42.1 443 365 429 29.7 365 36.1 412
Qwen 2.5 Bonito 493 512 66.2 71.3 379 424 51.1 550
Self-QA 432 453 565 60.0 31.8 341 438 465
EntiGraph 472 517 623 69.6 40.1 474 499 562
GCIG (Ours) 551 576 69.7 757 452 492 56.7 60.8
None 387 397 362 38.1 274 29.6 34.1 358
TAPT 389 39.7 384 39.7 292 319 355 37.1
Bonito 483 513 669 70.2  46.1 512 538 572
LLaMA 2 Self-QA 424 463 572 60.1 442 463 479 509
EntiGraph 413 442 613 642 47.1 499 499 528
GCIG (Ours) 48.7 502 68.7 70.1 49.2 531 555 578

Table 1: Performance comparison of supervision strategies on Privacy_QA, Contract_NLI, and BioASQ using three

7B backbones (Mistral, Qwen2.5, and LLaMA 2).

2024), LLaMA-7B (Touvron et al., 2023), and
Qwen2.5-7B (Yang et al., 2025a) as backbones to
verify the model-agnostic nature of our approach.

Implementation. Models are fine-tuned for 3
epochs using AdamW with a learning rate of
2 x 1072, a batch size of 32, and a maximum
sequence length of 2048. Instruction generation
strictly follows Section 3.

Baseline. Beyond the standard Zero-shot baseline,
which relies solely on prompting without auxiliary
data, we compare our method against several adap-
tation and generation approaches: TAPT (Gururan-
gan et al., 2020), which continues pretraining on
domain text; Self-QA (Zhang and Yang, 2023), gen-
erating weakly supervised question-answer pairs;
Bonito (Nayak et al., 2024), sampling free-form
QA data broadly; EntiGraph (Yang et al., 2025b),
synthesizing corpora via entity-relation graphs.

5 Experimental Results and Analysis

5.1 Impact of Domain Knowledge

This section empirically evaluates the GCIG frame-
work for domain-specific instruction generation
and model fine-tuning. The primary goal is to ex-
amine whether the proposed approach significantly
enhances the performance of pre-trained models,
particularly in domain-specialized tasks. To en-
sure a fair comparison, all fine-tuning experiments

were conducted under identical conditions, with
strictly controlled data scales and training budgets.
To verify the model-agnostic nature of the method,
we selected three base models with distinct archi-
tectures for evaluation: Mistral-7B, LLaMA-7B,
and Qwen2.5-7B. All models were evaluated on
the official test sets corresponding to each task.
Experimental results are reported in Table 1. For
knowledge reasoning in professional fields ( Pri-
vacy_QA, Contract_NLI, BioASQ), we adopt the
official recommended mainstream evaluation met-
rics Accuracy and F1.

Results Analysis. As shown in Table 1, GCIG
achieved consistent performance gains across all
base models and downstream tasks, fully con-
firming the model-agnostic nature of the method.
Specifically:

First, our method outperforms the strong base-
line Bonito (e.g., +3.4 F1 on Privacy with Mis-
tral), demonstrating the superiority of structured
knowledge over generic synthetic data. Second,
GCIG significantly surpasses Self-QA methods
(e.g., +13.7 F1 on Mistral), as our structured con-
straints effectively filter noise and hallucinations.
Finally, compared to EntiGraph, GCIG achieves
better results (e.g., +7.4 F1 on Contract_NLI),
proving its ability to capture complex reasoning
logic beyond simple entity-relation traversal.
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Model  Method HotpotQA
ROUGE-F ACC F1
None 8.4 9.7 8.1
TAPT 9.1 106 92
. Self-QA 13.1 122 109
Mistral - ito 112 98 89
EntiGraph 21.0 169 15.1
GCIG 29.9 227 193
None 9.1 104 92
TAPT 112 119 10.0
Self-QA 15.1 136 120
Qwen2.5 b hito 122 96 86
EntiGraph 19.4 161 143
GCIG 27.8 242 219
None 8.3 8.0 7.1
TAPT 8.4 87 80
Self-QA 12.4 112 97
LLaMA 2§ |ito 111 102 96
EntiGraph 18.7 152 132
GCIG 27.1 219 178

Table 2: HotpotQA results for different fine-tuning
strategies across three 7B backbones (Mistral, Qwen2.5,
and LLaMA 2).

5.2 Complex Multi-hop Reasoning

To evaluate the model’s ability to perform complex
multi-hop reasoning, we conduct the experiments
on HotpotQA. It is a popular question-answering
dataset specifically designed for tasks that require
multi-hop reasoning and multi-document support.
An additional metric, ROUGE-F, is added to eval-
uate the semantic coherence and key information
coverage of the answers. Other settings are the
same as those in Section 5.1.

Results Analysis. Table 2 presents the results on
HotpotQA. Using the Mistral model, our GCIG
method achieved a ROUGE-F score of 29.9, which
is 8.9 points higher than EntiGraph. This improve-
ment demonstrates the value of explicitly construct-
ing connections between text chunks and entities.
By enriching the corpus with knowledge semantics
and evidentiary constraints, our approach enables
LLMs to achieve superior fine-tuning results.

5.3 Cross-document Knowledge Integration

To verify the effectiveness of GCIG in multi-hop
reasoning scenarios, we designed a cross-document
information integration experiment. This allows
us to assess the reasoning gains achieved when the

model combines multiple evidence sources. We
conducted experiments using the Hotpot dataset.
The key innovation of this experiment lies in par-
titioning the dataset into four fine-grained subsets
based on the number of supporting documents re-
quired to answer the question: single-document,
two-document (k = 2), three-document (k = 3),
and four-document (k = 4). This stratified design
allows us to precisely quantify the marginal perfor-
mance of different methods under varying context
complexities.

Results Analysis. As shown in Figure 4, Bonito
shows clear performance stagnation as the number
of documents increases. The model lacks structural
guidance. As a result, it struggles to cross doc-
ument boundaries and connect fragmented clues.
This weakness limits effective evidence aggrega-
tion during multi-hop reasoning.

Graph-based methods generally outperform
Bonito. Among them, GCIG substantially sur-
passes EntiGraph in the £ = 2 and k = 3 settings.
At k = 3, the margin reaches approximately 9% in
ROUGE-F. However, performance declines in the
k = 4 setting. This result suggests that a larger doc-
ument set introduces many additional text chunks.
Although these chunks enrich the context, they also
bring more distracting information. This makes it
harder for the model to focus on the most relevant
evidence. The result highlights a key challenge in
multi-document settings. More aggressive prun-
ing is needed to preserve core evidence. It is also
important to reduce hallucinations and misleading
signals from irrelevant context.

5.4 Automatic Evaluation

To compare the quality of instructions synthe-
sized by different methods, we designed a set of
task-specific evaluation prompts. We then used
DeepSeek-v3 (Liu et al., 2024) as the judge model
to perform strict pairwise comparisons between in-
structions generated by GCIG and those produced
by each baseline method.

For each unsupervised source text in every data
subset, we generated the same number of instruc-
tion sets with GCIG and with the corresponding
baseline method. To reduce potential evaluation
bias, we anonymized the source of every instruc-
tion set before evaluation. We also randomized
the presentation order of the compared instruction
sets in the judge model input. Based on the judge
model’s pairwise decisions, we computed the win
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k = 3 across all three metrics. Performance declines at k = 4, suggesting that denser context makes reasoning more

difficult.

Dataset Baseline  ©C1G Win Rate (%)
Quality  Coverage
Bonito 69.4 82.3
Contract_NLI EntiGraph 281 e
Bonito 91.7 96.2
HotporQA EntiGraph 83.2 79.1

Table 3: Pairwise automatic evaluation with DeepSeek-
v3 as the judge model. Values report GCIG win rates
(%) against Bonito and EntiGraph on instruction quality
and information coverage.

rate of GCIG over each baseline. Detailed evalu-
ation prompts and experimental settings are pro-
vided in Appendix F.

Results Analysis. As shown in Table 3, GCIG
achieves clear advantages on both evaluation met-
rics. Against Bonito, the win rates on Contract
reach 69.4% and 82.3%, respectively. On Hot-
potQA, the corresponding win rates increase to
91.7% and 96.2%. These results indicate that
our method generates information-rich and high-
quality instructions more consistently, especially
on domain-specific corpora. GCIG also outperforms
EntiGraph by a clear margin. In terms of quality,
the win rates reach 78.1% on Contract and 83.2%
on HotpotQA. For overall information coverage,
the corresponding results are 74.6% and 79.1%.
These findings suggest that, although EntiGraph
expands content through entity relations, it often
lacks sufficient contextual support. As a result, the
generated instructions can become less precise and
less coherent. In contrast, our method explicitly
incorporates evidence text chunks associated with
relevant entities during generation. This design pro-
vides stronger contextual grounding and improves

Model Method  Accuracy F1 ROUGE-F
Full 22.7 18.3 29.9

Mistral w/o CoT  21.6(1.1) 17.6(0.7) 28.5(1.4)
w/o Filter 20.3 (2.4) 164 (1.9 25.7 (J4.2)
Full 24.2 21.9 27.8

Qwen2.5 w/oCoT 22715 21.010.9 25919
w/o Filter 21.4 (J2.8) 19.7 (22 24.3(35)

Table 4: Ablation study of GCIG on HotpotQA. Full
denotes the complete pipeline; w/o CoT removes ex-
plicit CoT supervision, and w/o Filter removes semantic
evidence filtering.

both the logical coherence and the information den-
sity of the generated instructions.

5.5 Ablation Studies

To examine the source of GCIG’s performance
gains and quantify the contribution of its core mod-
ules, we conduct ablation studies on the HotpotQA
validation set. The experiments address two key
questions: (1) whether the multi-document Filter
improves evidence quality, and (2) whether CoT
elicits deeper reasoning than direct QA mapping.

To ensure fairness, all models were fine-tuned
based on Mistral-7B. We compared the full model
with the following two variants:

* w/o Filter: This variant removes the seman-
tic filter, feeding GraphRAG’s raw Top-k re-
trieval results directly into the model to evalu-
ate its role in suppressing noise and hallucina-
tions.

* w/o CoT: Removing only CoT reasoning steps
while keeping the filter simplifies the train-
ing objective from “Context — Reasoning —
Answer” to “Context — Answer,” isolating
the contribution of explicit reasoning to cross-
document logic.
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Results Analysis. As shown in Table 4, remov-
ing the Filter component leads to the largest ac-
curacy drop, at 2.4%. This result suggests that,
although Enhanced GraphRAG provides diverse
retrieval paths, noise in the raw retrieval results
can still distract the model. The Filter component
improves evidence quality through semantic verifi-
cation. It therefore plays a critical role in reducing
hallucinations.

Removing CoT results in a further accuracy drop
of 1.1%. This finding confirms its importance. For
complex domain-specific problems, simple infor-
mation mapping is insufficient. CoT encourages
the model to construct an explicit reasoning path.
As aresult, it improves answer consistency.

Overall, these results indicate that the Filter
component ensures the quality of the raw corpus,
whereas CoT enhances the model’s reasoning ca-
pacity. Both components are therefore indispens-
able.

6 Conclusion

We propose GCIG, a GraphRAG-based cross-
document instruction generation method for fine-
tuning LL.Ms on knowledge-intensive and multi-
hop reasoning tasks. Experiments on three domain-
specific datasets show that GCIG can automatically
generate high-quality instruction data. The method
also alleviates several common issues, including
over-reliance on seed instructions, limited knowl-
edge coverage, and content duplication. In addition,
results on complex multi-hop reasoning tasks show
that GCIG improves the coherence of evidence
chains in the generated instructions. This helps
reduce factual conflicts while preserving logical
completeness. As a result, the generated data better
supports the development of LLMs with stronger
complex reasoning capabilities. We also observe
that incorporating more documents introduces ad-
ditional distracting text chunks. Although these
chunks enrich the context, they can reduce the
model’s focus on key evidence. This finding high-
lights an important challenge in multi-document
settings.

Future work will focus on two directions. The
first is to extend GCIG in a more lightweight man-
ner to reduce computational overhead. The second
is to introduce a real-time synergy mechanism and
a dynamic feedback loop between graph updating
and instruction generation. Such a design may im-
prove the timeliness of evidence chains and support

continuous data refinement.

Limitations

Despite its strong performance in GraphRAG-
based cross-document instruction generation,
GCIG still has several limitations. The framework
is effective for knowledge-intensive tasks and com-
plex reasoning. It also reduces over-reliance on
seed instructions and preserves coherent evidence
chains. However, these benefits involve important
trade-offs.

A key limitation is the substantial computa-
tional overhead introduced by the framework. Con-
structing the augmented knowledge graph requires
cross-document entity extraction and relation align-
ment. Both steps are computationally expen-
sive. The challenge becomes more pronounced
for large-scale corpora. Consequently, the prepro-
cessing cost may constrain the broader applicability
of GCIG. Improving computational efficiency is
therefore an important direction for future research.

Another limitation is the absence of a dynamic
feedback mechanism. The current framework oper-
ates in a one-way manner, from graph construction
to instruction generation. It cannot use logical gaps
identified during generation to revise the graph af-
terward. As a result, the knowledge base and the
generation model cannot be improved jointly. This
limitation reduces the potential for self-refinement
and makes iterative optimization of data quality
more difficult. Incorporating a feedback-driven
refinement process is therefore another important
direction for future work.
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A Dataset Statistics

We evaluate our model on four datasets covering
diverse domains: PrivacyQA (Ravichander et al.,
2019), ContractNLI (Koreeda and Manning, 2021),
BioASQ Task B (Tsatsaronis et al., 2015), and
HotpotQA (Yang et al., 2018). Table 5 summarizes
the statistics for the training and test splits used in
our experiments.

Dataset Domain Corpus Test
PrivacyQA Privacy Policy 10,923 2,045
Contract NLI  Legal Contracts 6,819 1,991
BioASQ(B) Biomedical 8,572 2,000
HotpotQA Open Domain 12,471 2,000

Table 5: Summary of dataset statistics.

B Instruction Synthesis

Taking into account both performance and compu-
tational efficiency, and to mitigate potential biases
stemming from specific teacher models, we only
use Qwen3-32B in our synthesis pipeline.

The pipeline employs a unified prompting pro-
cedure across two stages with distinct decoding
strategies (Section 3). The first stage, Instruction
Generation, uses high-entropy sampling to maxi-
mize diversity. Conversely, the second stage, Re-
sponse Generation, adopts conservative sampling
to ensure faithfulness. Table 6 lists the decoding hy-
perparameters. We synthesized 20,000 fine-tuning
samples per setting.

C Chunks Selection Scoring Criteria

In this section, we describe the two prompt tem-
plates used in the chunk selection stage. Table 9
presents the filtering template for candidate ev-
idence combinations. This template evaluates

Hyperparameters Values

Instruction Generation

temperature 1.5
top_p 1.0
presence_penalty 0.3
frequency_penalty 0.3
max_tokens 16384

Response Generation

temperature 0.3
top_p 1.0
presence_penalty 0.5
frequency_penalty 0.5
max_tokens 16384

Table 6: Hyperparameters of Synthetic Task Generation.

each candidate text pair using two complemen-
tary dimensions: factual consistency, which as-
sesses whether the candidate is grounded in the
provided entity—relation evidence, and logical com-
plementarity, which assesses whether the paired
texts jointly support a meaningful multi-hop rea-
soning link. Candidates are retained only when
they satisfy the threshold on both dimensions, and
are then ranked by their average score.

Table 10 presents the scoring template used for
subgraph expansion. This template evaluates can-
didate edges connected to the starting entity and se-
lects those most beneficial for extending the current
subgraph. The evaluation prioritizes four aspects:
information gain, to favor novel and non-redundant
content; reasoning value, to encourage edges that
support multi-hop inference; core connectivity, to
preserve semantically central links; and diversity,
to avoid repeatedly selecting edges with similar
relation or entity patterns.

D Adaptive Prompt Template

In this section, we provide the detailed structure
of the adaptive prompting strategy described in
the main text. We first illustrate the unified tem-
plate skeleton used to construct P(C*, 7) in Table
7. Subsequently, we demonstrate how this template
is instantiated for two distinct tasks in Table 11 and
Table 12, respectively.

The template is designed with modularity in
mind. The Instruction slot defines the task bound-
ary, the Few-shot Exemplars (£;) provide in-
context guidance specific to the sampled task T,
and the Selected Context (Zgn(C*)) injects the
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grounded information retrieved from the previous
stage.

Prompt Template P(C*, 7)

### Instruction

Generate a { Task_Type : 7} based on the text
below. The output must strictly follow the
format of the examples provided.

### Few-shot Exemplars (&;)
Input: < Demo_Context; >
Output: (g1, a1)

Input: < Demo_Context; >
Output: (gk, ak)

#i## Selected Context (Zs, (C™*))
Text: [[C]; [CT]]

### Response
(Model generates gnew, Gnew)

Table 7: The unified adaptive prompt template skeleton.

E CoT Answer Template

In this section, we provide the detailed structure of
the CoT answer template described in the main text.
We illustrate the full prompt used for CoT-guided
answer generation over the Enhanced Knowledge
Graph (Enhanced KG) in Table 13.

The template is designed with structured reason-
ing in mind. The Entity Anchoring stage identifies
the relevant entities in the question, the Reasoning
Path stage performs step-by-step reasoning over the
graph by jointly using entities, relations, and con-
texts, and the Final Answer stage synthesizes the
resulting reasoning chain into a grounded response.

F Head-to-Head Experiments Prompt

In this section, we detail the pairwise evaluation
prompts used to assess the synthesized instruc-
tions. We prompt DeepSeek-v3 to determine which
method-synthesized instruction set is superior in
terms of Quality and Coverage, respectively. The
prompts are shown below.

F.1 Quality Evaluation Prompt

To evaluate the overall quality, we focus on cor-
rectness, clarity, and reasoning depth. The prompt
used for this assessment is presented in Table 14.

F.2 Coverage Evaluation Prompt

To assess how well the generated instructions en-
compass the source content, we evaluate the scope,
density, and completeness of the retrieved infor-
mation. The prompt used for this assessment is
presented in Table 15.

G Downstream Experiment

G.1 Software and Hardware Details

The implementation is built upon the LLaMA-
Factory framework (Zheng et al., 2024). To
enhance computational efficiency, we integrate
FlashAttention-2 (Dao, 2023) to accelerate the at-
tention mechanism and deploy vLLM (Kwon et al.,
2023) for high-throughput generation. All experi-
ments were conducted on a computational cluster
equipped with NVIDIA A6000 GPUs.

G.2

The hyperparameters and technical configurations
for the instruction tuning process are documented
in Table 8.

Hyperparameters

Hyperparameters Values
Q-LoRA rank (r) 64
Q-LoRA scaling factor () 4
Q-LoRA dropout 0
Optimizer Paged AdamW
Learning rate scheduler linear
learning rate le — 04
Weight decay 0
Dropout 0
gradient norm 0.3
Effective batch size 16
Max. input length 2,048
Max. output length 2,048

Table 8: The hyperparameters used for training.

H Use of AI Assistants

In this study, we utilized Al-powered tools, includ-
ing ChatGPT and Gemini 3, to enhance the lin-
guistic accuracy of our manuscript through spell-
checking and minor grammatical corrections. Addi-
tionally, the codebase was developed using Claude
Code to improve coding efficiency and accuracy.
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Filter Prompt for Candidate Text Combination Evaluation

#i## System Instruction
You are a strict evidence-based evaluator for candidate text combinations used in multi-hop question generation. Judge only
against the given entity-relation triples.
#i## User Prompt Template
Entity Relations (evidence): {entity_relations}
Candidate Text Combinations (to be scored): {candidate_combinations}
Each candidate is a pair of related texts; score each pair on two integer dimensions.
#i# Scoring Rubric — Two Dimensions, Each 1-5
Factual Consistency (s_fact): 5 fully supported; 4 mostly supported; 3 partially supported/uncertain; 2 many unsupported
claims; 1 contradiction/fabrication.
Logical Complementarity (s_comp): 5 clear multi-hop dependency; 4 useful 2-hop bridge; 3 weak topical link; 2 forced
link; 1 no meaningful link.
Rule: if a claim lacks matching triples, treat it as unsupported.
### Output Format
Return a JSON array, one object per candidate:
L
{

"candidate_id": 1,

"factual_score": <1-5>,

"complementarity_score”: <1-5>

} ’

]
Post-processing: savg = (Stact + Scomp)/2; keep only if Stact > 3 and Scomp > 3, then rank by savg.

Table 9: The filter prompt for evaluating candidate text combinations based on factual consistency and logical
complementarity.

PromptLLM_score for Subgraph Expansion

#i## System Instruction
You expand a KG subgraph for multi-hop question generation by selecting the best candidate edges.
### User Prompt Template
Existing Subgraph: {subgraph}
Starting Entity: {start_entity}
Candidate Edges (connected to the starting entity): {candidate_edges}
#it# Task
Select up to {b} (max 10) edges and score each candidate in [0, 1].
#i## Selection Criteria (in priority order)
1) Information Gain: prefer novel facts/entities; penalize redundancy.
2) Reasoning Value: prefer edges enabling 2-3 hop chains.
3) Core Connectivity: prefer direct, semantically meaningful links.
4) Diversity: avoid duplicated relation/entity patterns.
### Output Format
Return JSON only:
{

"reasoning”: "brief rationale”,

"selected”: [<candidate_numbers>],

"scores": {

"<candidate_number>": <score>,

Table 10: The PromptLLM_score prompt for selecting candidate edges to expand a knowledge graph subgraph.
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Example A: Yes-or-No Question Generation

#it# Instruction
Generate three questions from the source text based on the provided rules and examples. Your generated questions must
reflect the logic of the source text and conform to the Yes-or-No Question Answering task format.

### Rules

* Task Type: Yes-or-No Question Answering.

* Logical Consistency: The question must be logically inferable from the input source.

* Output Format: The answer must conclude with (but is not limited to) Yes, No, or Maybe.

» Context Usage: When multiple sentences are provided, combine them to form a meaningful inference.
* Style: The phrasing should be clear, formal, and grammatically correct.

### Few-shot Exemplars

Input: The water in the lake froze overnight due to the sub-zero temperatures.
Output:  Did the temperature drop below zero? (Answer: Yes)

Input: John looked for his keys in the car but could not find them.

Output:  Did John successfully locate his keys inside the vehicle? (Answer: No)

#it# Selected Context
Input: The new policy requires all employees to wear ID badges, but visitors are exempt.

### Response
Output: Are visitors required to wear ID badges? (Answer: No)

Table 11: An example prompt instantiated for the Yes-or-No Question Generation task.

Example B: NLI Pair Generation

### Instruction
Generate one Natural Language Inference (NLI) pair (Hypothesis + Label) from the source text based on the provided rules
and examples. The pair must be logically consistent with the source text and conform to the NLI task format.

### Rules

» Task Type: Natural Language Inference (Premise — Hypothesis).

* Logical Consistency: The Hypothesis must be evaluated against the Source (Premise).

* Label Space: Must be one of Entailment (True), Contradiction (False), or Neutral (Unknown).
» Context Usage: Combine information from the source to form a coherent Premise.

 Style: The Hypothesis should be clear and distinct from the source verbatim.

### Few-shot Exemplars

Input: A soccer player is sprinting across the green field chasing the ball.
Output:  Hypothesis: A person is playing a sport. (Label: Entailment)
Input: The man is sleeping soundly on his couch.

Output:  Hypothesis: The man is running a marathon. (Label: Contradiction)

### Selected Context

Input: Tivo women are having a conversation near the park entrance.

#i## Response
Output: Hypothesis: The women are discussing politics. (Label: Neutral)

Table 12: An example prompt instantiated for the Natural Language Inference (NLI) task.
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CoT Prompt for Enhanced KG Reasoning

### System Instruction

You are a faithful reasoner over an Enhanced Knowledge Graph (Enhanced KG). In an Enhanced KG, each edge carries
three elements: entities (head/tail), a relation, and associated context (documents linked to that edge). You must leverage all
three elements — entity, relation, and context — at every reasoning step. Use only the provided Enhanced KG subgraph.
Do not introduce external knowledge.

### User Prompt Template

Question: {Q}
Enhanced KG Subgraph: {G_sub}

Each edge has the form: (head, relation, tail, context)

- head/tail: entities (graph nodes)

- relation: the semantic relationship between entities

- context: documents or text snippets attached to this edge, providing fine-grained evidence

### Task: CoT-guided Answer Generation
Reason over the Enhanced KG by jointly using entities, relations, and their associated contexts. Follow the three stages
below.

Stage 1: Entity Anchoring
Identify key entities in the question and locate their corresponding nodes in the subgraph.

Stage 2: Reasoning Path Construction
Traverse the Enhanced KG step by step. At each hop, reason over all three elements.
For each hop, output:
Step k: (head) -[relation]-> (tail)
Context: "<relevant information from the associated context of this edge>"
Reasoning: <how this entity-relation-context triple advances toward the answer>
Requirements:
- Each hop must follow an actual edge in the provided subgraph.
- Extract the key information from each edge’s context that is relevant to the question; do not merely cite the context, explain
what it contributes.
- When consecutive hops involve different contexts, explicitly bridge them: state what information carries over and how the
new context extends it.
- If contexts from different edges conflict, flag the inconsistency and prefer the context directly attached to the more specific
relation.

Stage 3: Joint Reasoning & Answer

Synthesize the full reasoning path — the chain of (entity, relation, context) triples — into a coherent answer.

- The answer must integrate both the structural information (entity-relation path) and the semantic details (contexts along
the path).

- Every claim in the answer must be traceable to a specific step above.

- If the subgraph is insufficient to fully answer the question, state what can be answered and what remains unsupported.

### Output Format

### Entity Anchoring

- "mention_in_question” -> node_in_graph

### Reasoning Path

Step 1: (head) -[relation]-> (tail)
Context: "key information extracted from this edge’s context”
Reasoning: how this advances the answer

Step 2: (head) -[relation]-> (tail)
Context: "key information extracted from this edge’s context”
Bridge: Step 1 established X; this edge’s context further reveals Y.
Reasoning: how this advances the answer

### Final Answer
<answer with inline references to steps, e.g., (Step 1), (Step 2)>

Table 13: The CoT prompt for answer generation over the Enhanced KG subgraph.
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Instruction Quality Evaluation Prompt

### System Instruction
You are an expert linguistic evaluator and a helpful assistant. Your task is to compare the quality of two sets of instructions
generated from the same source text. You will act as an impartial judge.

### Evaluation Criteria (Quality Focus)

Please assess the "Quality" based on the following dimensions:

1. Fluency & Grammaticality: Are the instructions written in correct, natural-sounding language?
2. Clarity: Is the intent of the instruction clear and unambiguous?

3. Coherence: Do the instructions make logical sense?

4. Appropriateness: Are the instructions relevant without hallucinating information?

5. Complexity: Do the instructions represent a meaningful task?

### Constraint: Force a Decision

You usually must choose a winner. Ties are strictly prohibited. If the outputs are very similar in quality, you must identify
subtle differences (e.g., slight improvements in conciseness, tone, or structural logic) to determine which one is marginally
better.

### Input Data

Source Text: {{SOURCE_TEXT}}

Model A Instructions: {{MODEL_A_OUTPUT}}
Model B Instructions: {{MODEL_B_OUTPUT}}

### Output Format
First, provide a brief explanation of your reasoning. Then, conclude with your verdict strictly in the following JSON format:
{ "reasoning”: "...", "winner”: "Model A" | "Model B" }

Table 14: The pairwise evaluation prompt for assessing instruction quality.

Information Coverage Evaluation Prompt

### System Instruction
You are an expert content evaluator and a helpful assistant. Your task is to compare two sets of instructions generated from
the same source text based specifically on "Information Coverage".

### Evaluation Criteria (Coverage Focus)

1. Scope & Breadth: Do instructions cover a wide range of information?

2. Entity & Relation Density: Do they capture key entities and relationships?
3. Completeness: Do they collectively retrieve the majority of significant facts?
4. Diversity: Are the instructions distinct, covering different aspects?

Note: A model that asks about more distinct, valid details should win.

### Constraint: Force a Decision
You usually must choose a winner. Ties are strictly prohibited. If both models cover the text well, choose the one that
captures slightly more detail, or covers the less obvious/marginal information that the other missed.

### Input Data

Source Text: {{SOURCE_TEXT}}

Model A Instructions: {{MODEL_A_OUTPUT}}
Model B Instructions: {{MODEL_B_OUTPUT}}

### Output Format

Explain which key facts were covered by the winner but missed by the loser. Then, conclude strictly in the following JSON
format:

{ "reasoning”: "...", "winner”: "Model A" | "Model B" }

Table 15: The pairwise evaluation prompt for assessing information coverage.
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