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Abstract

High-quality multi-hop instruction data is critical for en-
hancing the reasoning capabilities of large language models
(LLMs) in complex long-context scenarios, e.g., long-form
reasoning. Nevertheless, there is currently a notable scarcity
of such datasets within the community, and existing data syn-
thesis approaches typically fail to provide explicit modeling
of intermediate reasoning steps, resulting in unverifiable and
potentially erroneous samples. To mitigate above issue, we
design the Concept-Graph based Multi-hop Instructions Syn-
thesis (CGMIS) framework, which constructs long-form rea-
soning paths via concept graph traversal and automatically
generates verifiable multi-hop data. The CGMIS framework
not only guarantees the accuracy and verifiability of the syn-
thesized data but also enables the construction of high-quality
multi-hop instruction datasets from arbitrary corpora. Ex-
periments show that fine-tuning with CGMIS-generated data
achieves state-of-the-art performance across 13 long-context
reasoning tasks on various models, using only 10% of the data
volume required by existing methods.

Introduction
Recent advancements in long-context large language mod-
els (LCLMs) have enabled new opportunities for real-world
applications, such as multi-document question answering
and project level code analysis that require both understand-
ing and reasoning over lengthy inputs (Liu et al. 2024; Wu
et al. 2025; Yu et al. 2025; Zhao, Wu, and Xu 2025). Yet,
despite possessing extremely long context windows, e.g.,
even suppress 1 million (Comanici et al. 2025; MiniMax
2025), LCLMs still fall short on long-form reasoning tasks,
especially when compared to their performance under short-
context settings (Tang et al. 2025; Hengle et al. 2025).

Recent studies show that post-training large language
models (LLMs) on multi-hop instruction tuning (IT) data,
which involves instruction-response pairs that require inte-
grating information from multiple disjoint sources or rea-
soning steps, can significantly enhance their ability to cap-
ture long-range dependencies and improve long-context rea-
soning (Chen et al. 2024, 2025b; Fu et al. 2024; Deng et al.
2025; Xu et al. 2025). To enable scalable data generation,

*Corresponding Author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Comparison between traditional agent-based data
synthesis and our CGMIS framework. While traditional
methods generate multi-hop data through implicit, unver-
ifiable agent interactions, CGMIS uses concept-graphs to
model reasoning paths explicitly, enabling verifiable and
high-quality multi-hop data synthesis.

recent work has proposed automated frameworks such as
NovelHopQA (Gupta et al. 2025) and MING (Chen et al.
2025b), which generate multi-step reasoning paths through
rule-based or multi-agent pipelines. However, these meth-
ods often encode reasoning paths implicitly in unstructured
natural language rationales or agent dialogues, making log-
ical inconsistencies difficult to detect and inference steps
hard to trace, resulting in noisy training data that may con-
tribute to the emergence of hallucinated or unsupported re-
sponses (Tang et al. 2024; Zhang et al. 2025a).

To address this, we argue that effective multi-hop data
synthesis should explicitly represent the reasoning process
in a structured and verifiable form. Among various struc-
tured representations, graph-based structures can explicitly
model entities and relations as nodes and edges, enabling
step-by-step traversal of inference chains. Such structures
supports traceable reasoning and demonstrates strong capa-
bilities in capturing long-range dependencies and multi-hop
relationships within long-context (Li et al. 2024a; Tatarinov
et al. 2025; Lei et al. 2025). Constructing reasoning paths
over a concept graph offers a transparent means of ensur-
ing logical coherence and traceability, which are critical for
generating high-quality, verifiable multi-hop data.
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Building on this insight, we propose the Concept-Graph
based Multi-hop Instructions Synthesis (CGMIS) frame-
work, which explicitly models multi-hop reasoning as
traversable paths over a structured concept graph to sup-
port automated, traceable, and scalable IT data generation.
The graph structure naturally supports traceability by repre-
senting each reasoning step as a traversable edge between
semantic concepts, making the full inference chain explicit
and auditable. To ensure path validity and logical coher-
ence, CGMIS integrates LLM-based concept extraction with
edge confidence scoring and graph refinement, followed
by constrained traversal that enforces semantic plausibility.
The self-consistency verification step further checks whether
the final instruction-response pair aligns with the generated
path, helping reduce hallucinations without external annota-
tions. By structuring reasoning as explicit paths over a con-
cept graph, CGMIS enables automatic construction of high-
quality multi-hop IT data from diverse textual corpora, sig-
nificantly reducing reliance on manual verification and over-
coming the core limitations of implicit, untraceable genera-
tion in prior approaches.

Our contributions are threefold:

• We propose CGMIS, a concept graph-based framework
for multi-hop instruction synthesis that explicitly models
long-form reasoning as traversable paths over semantic
concepts, enabling the automated, scalable, and verifi-
able generation of high-quality instruction data from ar-
bitrary corpora.

• Extensive experiments show that explicitly structured
reasoning paths not only enhance the faithfulness and
interpretability of synthesized data, but also enable
models to achieve state-of-the-art long-context reason-
ing performance using only 10% of the training data re-
quired by existing methods, demonstrating remarkable
data efficacy in instruction tuning.

• We provide a detailed analysis on factors such as hop
count, data scale, and mixing strategies, reconfirming the
effectiveness and efficiency of CGMIS and offering valu-
able insights for future research in multi-hop data synthe-
sis and long-context reasoning area.

Related Work
Long-Context Data Construction
The performance of long-context language models
(LCLMs) is increasingly limited by the scarcity of high-
quality training data containing meaningful long-range
semantic dependencies (Zhang et al. 2025b; Li et al.
2024b). Although architectural improvements, such as en-
hanced positional encoding (Zhu et al. 2023; Su et al. 2024;
Wu et al. 2024) and extended context training (Peng et al.
2023), have expanded the theoretical context window, their
practical effectiveness depends on training examples that
require integration of information across distant text spans.
Current long-context data construction methods mainly
rely on corpus-based expansion, such as up-sampling
long documents (Yang et al. 2025) or concatenating short
contexts (Tworkowski et al. 2024; Song et al. 2025). While

these approaches increase input length, they often yield
contexts with weak semantic coherence and artificial struc-
ture, failing to establish authentic long-range dependencies.
More structured strategies use document relevance to link
passages (Gao et al. 2024; Li et al. 2025), but still struggle to
capture deep relationships among information. As a result,
such methods provide limited support for training models
to perform complex reasoning when key information is
scattered across loosely connected segments.

Multi-Hop Data Synthesis for Long Contexts
Multi-hop reasoning, which involves integrating informa-
tion dispersed across a long document, is essential for eval-
uating and training LCLMs (Yen et al. 2025; Kuratov et al.
2024; Fu et al. 2024; Chen et al. 2025a). Existing long-
context multi-hop datasets are largely designed for evalu-
ation and lack the scale and diversity needed for effective
instruction tuning (Trivedi et al. 2022; Bolotova-Baranova
et al. 2023). Rule-based or manually constructed data (Zhu
et al. 2024; Gupta et al. 2025) offer high quality but do not
scale, limiting their use in large-scale training. Recent work
explores automated synthesis through multi-agent frame-
works. For example, LongMIT (Chen et al. 2025b) gener-
ates multi-hop data by first producing single-hop QA pairs
and then linking them via iterative validation, resulting in an
inefficient pipeline with little control over reasoning paths.
In contrast, our approach builds on conceptual graph struc-
tures to explicitly model semantic relations, enabling con-
trolled sampling of valid reasoning paths and the generation
of high-quality multi-hop instruction data. The method is
generalizable across different domains and supports multi-
hop instances with variable hop counts.

Method
In this section, we present the details of Concept-Graph
based Multi-hop Instructions Synthesis (CGMIS) frame-
work, which enables automated and traceable generation of
multi-hop instruction data. It consists of three core compo-
nents: Concept-based Graph Construction, Multi-hop Rea-
soning Path Extraction, and Self-validated Question Syn-
thesis. The workflow of the framework is detailed in Algo-
rithm 1, and the overall architecture is shown in Figure 2.

Concept-based Graph Construction
Long-context reasoning can be improved by representing
text as a concept graph, which captures semantic and con-
textual relationships and supports the identification of multi-
hop reasoning paths for instruction tuning. The process be-
gins by splitting the long document into segments, each
assigned a unique identifier. This segmentation enables
finer-grained analysis and reduces the computational costs
on LLMs when extracting conceptual relationships. Next,
LLMs extracts concepts and their semantic relations from
each segment, assigning an initial weight W1 to each rela-
tion. Additionally, concepts that co-occur within the same
segment are linked with a contextual weight W2. Repeated
co-occurrence of concept pairs across segments indicates
stronger associations. We then merge duplicate concept
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Figure 2: Overview of our Concept-Graph based Multi-hop Instructions Synthesis (CGMIS) framework.

pairs, combining their weights into a single edge. The final
edge weight w(u, v) is the sum of all W1 (semantic) and W2

(contextual) contributions across segments.
The result is a concept graph G = (V,E), where V rep-

resents unique concepts and E contains weighted edges en-
coding both semantic and contextual relations. This graph
organizes the content and explicitly defines valid reasoning
paths for constructing multi-hop QA pairs. By effectively
aggregating variations in relationships and weights across
all segments, we ensure each concept pair has a single, well-
defined edge annotated with a combined weight and a list of
associated relation types.

Multi-hop Reasoning Path Extraction
Generating multi-hop questions requires identifying valid
reasoning paths in concept graphs, where each hop corre-
sponds to a logical step between connected concepts. This
approach enables better control over the quality of the gen-
erated data. We perform path search and extraction based on
the concept graph constructed in the previous step.

The path search phase identifies subgraphs that match the
desired number of hops. For example, to generate a four-
hop question, the system finds subgraphs with five nodes and
four edges, consistent with the structure of an n-hop path:

Sn = {(Vs, Es) | |Vs| = n+ 1, |Es| = n}, (1)

where Sn denotes the set of all subgraphs suitable for n-hop
reasoning, with Vs and Es representing the nodes and edges
in the subgraph, respectively.

Once a valid subgraph is identified, the path extraction
stage selects a coherent sequence of nodes and edges to form
the reasoning path. The method supports paths of arbitrary
length and filters out those with repeated concept nodes, pro-
moting diversity in the generated data. The extracted path
is then used to guide the construction of multi-hop ques-
tions, ensuring that each hop corresponds to a real semantic

or contextual connection in the graph. This makes the rea-
soning process explicit and verifiable, with clear alignment
between the number of hops and the actual reasoning depth,
and maintaining high data quality.

Multi-hop Question Generation

After extracting the reasoning paths, we use LLMs to gen-
erate multi-hop questions aligned with these paths. The end
node in a path serves as the answer, while the edges leading
to it provide the contextual information needed to formu-
late the question. Such multi-hop data implicitly concate-
nates distributed information within the context, thereby en-
couraging models to capture long-range dependencies and
improve its reasoning abilities in long-context.

To guide LLMs in generating well-structured multi-hop
questions, we design a self-verification mechanism that
guides LLMs during question generation through four con-
straints: First, the question must be formulated using only
the context provided by the start node and connecting edges.
Second, it should not mention any intermediate or end
nodes. Third, the correct answer must require following the
complete reasoning path through the edge contexts. Fourth,
the question must involve logical inference rather than sim-
ple fact retrieval. These principles ensure that the generated
questions are grounded in the concept graph, follow the reli-
able reasoning path, and cannot be solved through shortcuts.
As a result, the model adheres to the predefined structure,
reduces reliance on manual annotation, and produces high-
quality multi-hop instruction data.

Experiments

In this section, we describe the experiments conducted to
evaluate the effectiveness of our proposed approach.
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Algorithm 1: Concept-Graph based Multi-hop Instructions
Synthesis
Input: Long-Context CollectionD, Semantic WeightW1, Contex-
tual Weight W2, Max Hops hmax, Path Weight threshold θpath,
Generative ModelM.
Output: Validated QA PairsQ,Qn = (Qn, An).
Procedure
1: Stage 1: Build concept-based graph.
2: Split D into chunks C1, ..., Cm.
3: Initialize graph G = (V,E), where V = ∅, E = ∅.
4: for each chunk Ci ∈ D: do
5: Vi, Ei ← LLM Extract(Ci).
6: E ← E ∪ {(u, v, r,W1) | (u, v, r) ∈ Ei}.
7: for each co-occurring (u, v) ∈ Ci: do
8: E ← E ∪ (u, v, co-occurrence,W2)
9: end for

10: Merge edges and prune E ← {e ∈ E |W (e) ≥ θprune}.
11: end for
12: Stage 2: Extract reasoning paths
13: for h = 2 to hmax: do
14: Ph ← GraphTraversal(G, h)
15: Pvalid

h ← {P ∈ Ph | PathScore(P ) ≥ θpath}
16: end for
17: Stage 3: Generate & validate QA
18: Q ← ∅
19: for each P ∈

⋃
Pvalid

h : do
20: Q,A← LLM Generate(P )
21: if Validate(Q,A, P ): then
22: Q ← Q∪ {(Q,A)}
23: end if
24: end for
25: returnQ

Dataset Construction
To construct multi-hop instruction tuning (IT) data using
CGMIS, we randomly sample 1,000 long-context segments
from the training set of BookSum (Kryściński et al. 2022) to
avoid data leakage. These contexts are predominantly drawn
from book narratives that exhibit inherent long-range de-
pendencies, making them well-suited for building concept-
based graphs. In the pipeline, we use GPT-3.5-turbo (Ope-
nAI 2023) to extract core concepts from the contexts. We
conduct a comprehensive comparison of both closed-source
LLMs (GPT-4o-mini and GPT-4-1106-preview) and open-
source LLMs (Qwen-2.5-instruct-72B (Yang et al. 2024)
and Qwen-2.5-instruct-1.5B) as generators, evaluating their
performance across response time, costs, case studies, and
human-rated scores. The experiments show that GPT-4o-
mini achieves the best trade-off between generation quality
and cost. Therefore, we adopt GPT-4o-mini as the generator
for multi-hop question synthesis. Since a single long-context
can support multiple valid multi-hop reasoning paths, the
1,000 input contexts result in approximately 3,000 generated
4-hop questions. Each question undergoes a self-verification
step to ensure logical coherence and factual consistency.

Experimental Settings
Backbone Models and Baselines We conduct experi-
ments on the popular and representative LLMs with different

context window and parameter scales, including the short-
context language model LLaMA-3-8B-Instruct (Dubey
et al. 2024) and long-context language models with 128K
context window: LLaMA-3.1-8B-Instruct, Qwen-2.5-7B-
Instruct (Yang et al. 2024), and Qwen-2.5-14B-Instruct,
enabling a comprehensive evaluation across diverse archi-
tectural and capacity settings. For comparison, we bench-
mark against three prominent long-context instruction-
tuning datasets: LongAlpaca (Chen et al. 2023) combines
12,000 scientific paper QA pairs sourced from arXiv and
PubMed with additional instruction-following examples.
LongAlign (Bai et al. 2024) comprises 10,000 long-form in-
struction samples with sequence lengths ranging from 8K to
64K tokens. LongMIT (Chen et al. 2025b) features multi-
agent-generated QA pairs enriched with multi-hop reason-
ing over extended contexts. We selected only 18,000 English
samples from LongMIT dataset that match the sequence
lengths of the other datasets.

Training Details In our training framework, we orga-
nize QA pairs for each long-context into multi-turn con-
versations, then instruction-tune the LLMs on these com-
plete conversations. The maximum input length is set to
81,920 tokens for LLaMA-3.1 and Qwen-2.5 to preserve
comprehensive context without truncation. All models are
initialized with official weights for fair comparison and use
QLoRA (Dettmers et al. 2023) to improving training ef-
ficiency while preserving the inherent capabilities of the
LLMs. Notably, we achieve remarkable efficiency through
Unsloth (Daniel Han and team 2023) kernel optimizations,
using CGMIS data to completely train the model for 1 epoch
in just 2 hours on a single NVIDIA A800 (80GB) GPU with-
out requiring complex parallelization strategies.

Evaluation Details We adopt the LongBench (Bai et al.
2025) English test suite to conduct evaluation experiments.
It is a comprehensive benchmark comprising 13 datasets
across 5 diverse tasks in real scenarios: Multi-Document,
Summarization, Few-shot, Synthetic, and Code. Given that
95% of contexts in LongBench are under 32K tokens, we
set the default context length to 32K, and set 8K only for
the original LLaMA-3. The evaluation metrics are consis-
tent with the official LongBench benchmark.

Main Results
The main results of various models trained with different
data are shown in Table 1, which show that CGMIS achieves
competitive or superior performance across all models de-
spite using only 10% of the training samples used by the
baselines. The detailed observations are as follows:

High Data Efficiency and Strong Performance By
leveraging data generated by CGMIS, all models achieve
an average state-of-the-art performance using only 10% of
the data volume required by other datasets. For instance,
on LLaMA-3, CGMIS achieves the highest average score
(48.1 vs. 46.6 for LongAlpaca and 42.9 for LongAlign), ex-
celling in Code tasks (+9.2 for LongAlpaca). LLaMA-3.1
with CGMIS surpasses LongMIT by 7.6 points, and Qwen-
7B with CGMIS outperforms LongMIT by 8.2 points. This
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Model Multi-Document QA Summarization Few-shot Learning Synthetic Code Avg.
HQA 2WQA Mus A G-Rp QMS M-N A TREC Triv SAM A P-C P-R A LCC Repo A

Results on Short-Context Language Models with 8K Context Window

LLaMA-3-8B-Instruct 48.2 35.1 24.8 36.0 31.0 22.6 25.4 26.3 71.0 89.9 40.6 67.1 3.0 72.5 37.8 55.6 47.0 51.3 43.7
+ LongAlpaca (12K) 53.5 44.9 26.3 41.6 31.3 25.5 26.2 27.7 71.0 87.6 40.8 66.5 12.0 86.0 49.0 49.6 46.5 48.1 46.6
+ LongAlign (10K) 44.3 34.7 22.2 33.7 32.6 22.6 26.4 27.2 63.3 82.9 32.9 59.7 8.7 81.0 44.8 54.0 44.4 49.2 42.9
+ LongMIT-en (18K) 47.7 35.9 24.1 35.9 31.9 23.4 25.3 26.9 72.0 89.0 39.9 67.0 11.3 87.3 49.3 60.3 52.2 56.2 47.1
+ CGMIS (1K) 52.3 41.7 26.1 40.1 31.7 25.0 24.2 27.0 73.0 89.6 40.5 67.7 12.7 84.3 48.5 61.1 53.4 57.3 48.1

Results on Long-Context Language Models with 128K Context Window

LLaMA-3.1-8B-Instruct 61.9 47.8 32.6 47.4 33.6 25.3 25.8 28.2 71.3 92.0 42.2 68.5 17.5 99.7 58.6 64.5 49.9 57.2 52.0
+ LongAlpaca (12K) 59.7 45.8 30.2 45.2 30.9 26.9 26.2 28.0 72.0 89.4 42.3 67.9 15.3 97.7 56.5 52.6 52.6 57.0 50.9
+ LongAlign (10K) 40.3 33.1 22.2 31.9 31.1 24.1 26.8 27.5 72.7 87.9 42.3 67.6 10.9 88.8 49.9 52.3 52.5 52.5 45.9
+ LongMIT-en (18K) 51.6 41.1 28.7 40.4 31.1 24.5 25.0 26.9 71.3 84.4 40.0 65.2 3.3 92.7 48.0 41.5 47.0 47.0 45.5
+ CGMIS (1K) 59.9 47.0 31.2 46.0 35.1 25.0 26.2 28.8 71.3 92.5 43.3 69.0 21.3 99.7 60.5 66.6 55.8 61.2 53.1

Qwen-2.5-7B-Instruct 57.7 43.9 30.8 44.2 18.1 18.3 13.8 16.7 69.0 88.8 31.8 63.2 11.7 100.0 55.8 17.3 20.4 18.9 39.8
+ LongAlpaca (12K) 51.8 39.7 27.1 39.6 15.9 18.7 14.3 16.3 69.7 87.8 31.8 63.1 8.3 69.0 38.7 51.7 36.7 44.2 40.4
+ LongAlign (10K) 46.2 32.3 27.7 35.4 19.5 18.0 13.6 17.0 73.7 84.1 31.2 63.0 8.2 70.9 39.5 18.4 28.6 23.5 35.7
+ LongMIT-en (18K) 50.3 35.3 29.9 38.5 15.9 18.1 13.5 15.8 71.0 85.0 23.9 60.0 6.7 72.0 39.3 12.2 19.7 16.0 33.9
+ CGMIS (1K) 60.3 41.6 34.4 45.4 20.3 15.7 14.9 17.0 70.3 89.0 31.8 63.7 11.7 99.0 55.3 23.1 35.3 29.2 42.1

Qwen-2.5-14B-Instruct 64.3 54.0 37.4 51.9 29.7 23.8 21.9 25.1 76.7 88.8 44.9 70.1 15.9 99.5 57.7 34.3 36.2 35.3 48.0
+ LongAlpaca (12K) 63.0 51.6 36.7 50.4 30.0 24.0 24.0 26.0 78.0 85.4 41.8 68.4 9.1 76.8 43.0 58.3 40.8 49.6 47.5
+ LongAlign (10K) 61.3 43.2 31.5 45.3 31.5 23.3 24.3 26.3 77.7 88.6 44.7 70.3 11.3 90.6 51.0 47.9 48.6 48.2 48.2
+ LongMIT-en (18K) 62.3 47.0 38.2 49.2 30.9 24.0 24.3 26.4 78.0 87.9 42.3 69.4 10.9 97.7 54.3 45.3 32.6 39.0 47.6
+ CGMIS (1K) 65.9 55.6 39.3 53.6 34.9 26.0 25.1 28.7 78.7 88.3 44.6 70.5 19.3 99.7 59.5 60.5 46.1 53.3 53.1

Table 1: Evaluation results on LongBench benchmark, where the bold and the underline indicate the best and second-best
results, respectively. Both A and Avg. represent the average score.

demonstrates that our synthetic multi-hop QA data effec-
tively enhances reasoning and information integration capa-
bilities without requiring massive training data. We attribute
this to CGMIS generating high-quality, reliable multi-hop
data through traceable reasoning paths.

Robustness Across Model Architectures Our CGMIS
achieves consistent improvements across all evaluated mod-
els, attaining the highest average scores in each case (+4.4
for LLaMA-3, +1.1 for LLaMA-3.1, +2.3 for Qwen-7B, and
+5.1 for Qwen-14B). This consistency demonstrates that our
multi-hop IT data enhances long-context reasoning capabil-
ities across diverse model families, such as the LLaMA and
Qwen series, without requiring architecture-specific tuning,
highlighting its generalizability. Notably, the largest gain is
observed on Qwen-14B, where CGMIS achieves an average
score of 53.1, outperforming LongAlpaca by 5.6 points. This
suggests that models with larger parameter capacity can bet-
ter exploit the complex, multi-hop structure of CGMIS to
capture long-range dependencies.

Task-Specific Advantages CGMIS particularly excels in
information-intensive tasks requiring cross-context reason-
ing. For example, on LLaMA-3, our approach improves
Synthetic task performance by 10.7 points (48.5 vs. 37.8)
and Code tasks by 6.0 points (57.3 vs. 51.3). For the Qwen
families, CGMIS demonstrates significant improvements on
the Code task, with performance gains of +10.3 on the 7B
model and +18.0 on the 14B model. However, other datasets
exhibited varying degrees of performance degradation. We

claim that traditional IT data maybe reduce LLMs sensitivity
to code, while CGMIS-generated multi-hop data emphasizes
multi-step logical and structured reasoning, thereby enhanc-
ing the LLMs complex reasoning capabilities.

Critical Implications of IT Data for Long-Context LLMs
For robust LCLMs like LLaMA-3.1 and Qwen-2.5, tradi-
tional IT datasets often degrade performance. For instance,
training on LongAlign results in an average performance
drop of 6.1 and 4.1 points for LLaMA-3.1 and Qwen-
7B, respectively, while LongMIT leads to reductions of 6.5
and 5.9 points. This performance decline maybe related to
these datasets reliance on single-hop and 2-hop QA pairs
that oversimplify reasoning for advanced models. This sug-
gests that indiscriminate training on generic long-context
data can disrupt the inherent capabilities of well-optimized
models, particularly in specialized domains like code rea-
soning. In contrast, our CGMIS employs graph-structured
multi-hop IT data (primarily 4-hop) to simulate intricate rea-
soning paths, aligning better with real-world long-context
challenges. While CGMIS slightly underperforms on M-
Doc QA tasks for LLaMA-3 variants, this may stem from
a domain mismatch: our synthetic data is primarily derived
from book-centric multi-hop reasoning, whereas M-Doc QA
in LongBench involves a much broader and more varied
range of domains (e.g., academic articles and technical re-
ports). Nevertheless, CGMIS achieves significant perfor-
mance gains across other tasks, validating our primary con-
tribution as a scalable and verifiable method for generating
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Figure 3: Analysis of the impact of different hop counts
based on LongMIT and CGMIS. → shows the average per-
formance across the five tasks in LongBench.

high-quality multi-hop IT data that enhances general long-
context reasoning capabilities.

Further Analysis
Effects of Hop Counts
We conduct experiments to investigate how instruction
tuning data with different hop counts affect reasoning
in long-context scenarios. We evaluate LLaMA-3.1-8B-
Instruct on two datasets: (1) 1,000 samples per hop (1-4)
from LongMIT-en and 1,000 QA pairs per hop created with
CGMIS, under the same long-context conditions.

For LongMIT-en data, as shown in Figure 3 (a), shows a
slight performance increase with more hops (45.4 to 46.4),
especially in multi-document QA (39.1 to 42.3). This sug-
gests a positive correlation between the number of multi-
hop training data hops and the model’s capabilities in com-
plex reasoning tasks. However, gains are small or negative in
some tasks (e.g., 55.34 → 56.33 → 55.34 in Synthetic). This
may be due to quality degradation in higher-hop samples
from LongMIT-en, which is a known challenge in multi-hop
dataset construction, where increasing the number of rea-
soning steps compromises data credibility. Few-shot perfor-
mance dips at 4 hops (63.83), hinting that too many hops
can add complexity and noise to simpler tasks, supporting
our theory that multi-hop data helps more with complex rea-
soning and there’s an optimal hop-task complexity match.

CGMIS data (Figure 3 (b)) reveals a consistent positive
relationship between hops and performance. Performance
increases steadily from 50.2 to 53.1 at 4 hops, with a sig-
nificant gain of +6.3 on Code tasks. This indicates that CG-
MIS maintains high data quality even as the number of rea-
soning steps increases. The results support two key insights:
1) High-quality multi-hop data can enhance model perfor-
mance in complex long-context reasoning, and 2) Code tasks
benefit disproportionately from multi-hop training, suggest-
ing that they inherently require multi-step logical reasoning.

Models M-QA Summ Few-shot Synth Code Avg.
LLaMA-3.1-8B-Instruct

+ LongMIT 42.3 17.8 63.8 55.3 52.5 46.4
+ CGMIS-mit 42.4 27.4 66.5 58.0 59.6 50.8

Qwen-2.5-7B-Instruct
+ LongMIT 44.0 18.1 62.9 54.8 17.1 39.4
+ CGMIS-mit 44.0 15.6 64.2 55.7 23.3 40.6

Table 2: Analysis of different generation frameworks. Eval-
uation results on LongBench benchmark. CGMIS-mit de-
notes the reconstructed multi-hop dataset generated using
our CGMIS framework, based on the original long-context
instances from the LongMIT dataset.

Effects of Mixture Strategies

To explore the impact of mixing multi-hop instruction-
tuning data with different hop counts, we conduct exper-
iments with a fixed total of 1,000 samples, selecting data
with varying hops and blending them in equal proportions.
As shown in Figure 5, 1&4-hop mixture achieves the high-
est average performance, and the suboptimal result is mix-
ing 2&3&4-hop data in equal proportions, which under-
scores the necessity of prioritizing high-hop samples in data
composition. Notably, 1&2&3&4-hop mixture harms model
performance. We attribute this to the over-representation
of low-hop data and under-representation of high-hop data,
which prevents the model from effectively learning long-
range dependencies and may encourage it to exploit short-
cuts based on simpler, lower-hop examples. These find-
ings highlight that an imbalanced data distribution, in which
high-hop data is emphasized while a minimal but neces-
sary amount of low-hop data is retained, is more effective
for optimizing long-context reasoning capabilities.

Analysis of Different Generation Frameworks

To eliminate the effect of the initial long-context and to fur-
ther validate the high quality of CGMIS-generated multi-
hop data, we conduct a comparative experiment using 1,000
4-hop QA instances from LongMIT (baseline) and CGMIS-
regenerated data (denoted as CGMIS-mit). Both datasets
are constructed from identical source documents, with each
processed through its respective generation frameworks. As
shown in Table 2, models trained on CGMIS-mit achieve
average performance improvements of 4.4 for LLaMA-3.1
and 1.2 for Qwen-7B over the LongMIT baselines. This per-
formance gap arises from fundamental methodological dif-
ferences in data construction. The results indicate that CG-
MIS framework produces higher-quality multi-hop IT data
by concept graphs, thereby more effectively enabling LLMs
to capture long-range contextual dependencies. Addition-
ally, we analyze the instances constructed by both frame-
works in Figure 4. It is clear that CGMIS-constructed exam-
ples strictly follow the reasoning paths defined in the under-
lying concept graph, while the LongMIT-generated 4-hop
data fails to fully instantiate the complex, multi-step reason-
ing relationships required for multi-hop questions.
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Figure 4: Case Study: Comparison between LongMIT case and our CGMIS case with the same long-contexts.

Figure 5: Analysis of the impact of different data mixture
strategies based on different hop counts. → shows the aver-
age performance across the five tasks in LongBench.

Effects of Data Size

To investigate the impact of multi-hop IT data scale on
model performance, we incrementally expand the CGMIS
dataset to 3,000 samples and train LLaMA-3.1. As illus-
trated in Figure 6, the results reveal a non-linear relationship
between data quantity and model performance. Across five
long-context tasks, average performance improves steadily
as the data scale increases to 1,000 samples (52.0 → 53.1),
with code generation exhibiting the most significant gain
(57.2 → 61.2). However, further scaling to 2,000 samples
leads to performance degradation, ultimately falling below
that of the original LLaMA-3.1 (51.7 vs. 52.0). This counter-
intuitive inverse trend suggests that moderate amounts of
high-quality IT data are sufficient to enhance the complex
reasoning capabilities of well-trained LLMs, whereas exces-
sive data scaling may introduce optimization conflicts and
overfitting risks. Notably, Multi-Document QA performance
worsens with more data. This may be due to the task’s sim-
ilarity to CGMIS and its narrow domain, which could lead
to shortcut learning (Geirhos et al. 2020) and hinder cross-
domain generalization. It is recommended to design instruc-
tions that ensure a delicate balance between logical com-
plexity and domain variety, especially for frontier LCLMs.

Figure 6: Analysis of the impact of different dataset sizes
based on LLaMA-3.1-8B-Instruct. → shows the average
performance across the five tasks in LongBench.

Conclusions
In this work, we propose CGMIS, a novel automated
framework for generating high-quality, long-context multi-
hop instructions through concept graphs. CGMIS consists
of three core components: (1) concept graph construction
for structured knowledge representation; (2) sampling of
multi-hop reasoning paths to capture complex dependen-
cies; and (3) generation and self-verification of multi-hop
question-answer pairs, ensuring high data quality, explicit
reasoning-path control, and cost efficiency. Notably, CGMIS
is domain-agnostic and can be readily applied to diverse cor-
pora, enabling scalable and reliable instruction data synthe-
sis for real-world applications. Extensive experiments show
that CGMIS significantly and consistently improves model
performance on a range of long-context reasoning tasks, us-
ing only 10% of the data required by conventional methods.
This highlights the effectiveness, efficiency, and scalability
of CGMIS, as well as the critical role of structured knowl-
edge representation in advancing reasoning capabilities in
large language models. Furthermore, comprehensive abla-
tion and analysis studies offer valuable insights into optimiz-
ing data construction strategies for enhancing long-context
reasoning in advanced long-context languages models.
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