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Abstract
Existing RAG benchmarks often overlook query difficulty, leading to inflated performance on simpler questions and
unreliable evaluations. A robust benchmark dataset must satisfy three key criteria: quality, ensuring complete and
reliable ground truth (GT) responses; diversity, expanding semantic coverage to prevent overfitting; and difficulty,
capturing the complexity of reasoning based on hops and the distribution of supporting evidence. However, current
benchmarks lack a systematic approach to defining and controlling query difficulty at a fine-grained level. To address
this, we propose MHTS (Multi-Hop Tree Structure), a novel dataset synthesis framework that systematically controls
multi-hop reasoning complexity by leveraging a multi-hop tree structure to generate logically connected, multi-chunk
queries. Our fine-grained difficulty estimation formula exhibits a strong correlation with the overall performance
metrics of a RAG system, validating its effectiveness in assessing both retrieval and answer generation capabilities.
By ensuring high-quality, diverse, and difficulty-controlled queries, our approach enhances RAG evaluation and
benchmarking capabilities. This work contributes to the development of more reliable, efficient, and adaptable
AI-driven research assistants, facilitating advancements in document-based reasoning and retrieval tasks.
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1. Introduction

Recent advancements in retrieval-augmented gen-
eration (RAG) have significantly enhanced the
capabilities of large language models (LLMs)
by enabling them to incorporate external knowl-
edge (Brown et al., 2020; Lewis et al., 2020; Gao
et al., 2023; Sharma et al., 2024). These systems
are now widely used in open-domain question an-
swering, customer support, and domain-specific
retrieval tasks (Karpukhin et al., 2020; Meng et al.,
2025; Sen et al., 2024). As the adoption of RAG
systems continues to grow, evaluating their effec-
tiveness becomes increasingly critical (Izacard and
Grave, 2021). Existing RAG benchmarks have pri-
marily focused on factual consistency and retrieval
relevance, offering metrics that assess whether the
generated answers align with the retrieved docu-
ments and ground-truth responses (Simon et al.,
2024; Yu et al., 2024). However, these benchmarks
often assume that all queries are of equal difficulty,
overlooking the inherent variability in question com-
plexity. These limitations highlight the need for a
more holistic evaluation paradigm. In particular,
performance differences across question difficulty
levels must be examined to properly assess RAG
systems.

A robust RAG benchmark must satisfy three core
∗Equal contribution
†Corresponding author

properties: First, it must ensure the quality of the
data by providing ground truth (GT) answers that
are both accurate and complete. Second, it should
promote diversity by covering a wide range of se-
mantic domains, thereby avoiding bias toward nar-
row topical distributions and enabling more gen-
eralizable evaluations. Third, and perhaps most
critically, it needs to reflect varying levels of dif-
ficulty, capturing the complexity of reasoning re-
quired to arrive at correct answers. Despite its
importance, the concept of difficulty remains partic-
ularly underexplored in recent studies and existing
benchmark datasets. Prior research tends to define
difficulty using coarse metrics, such as the number
of reasoning hops or the count of supporting evi-
dence (Yang et al., 2018; Tang and Yang, 2024).
However, such research often overlook the seman-
tic complexity and logical integration required to
produce a high-fidelity answer.

In practice, answering a complex question often
requires synthesizing information scattered across
multiple, semantically distant documents (Lu et al.,
2019; De Cao et al., 2019). The cognitive and com-
putational cost of such synthesis grows not just
with the number of reasoning steps but also with
the semantic dispersion of the supporting evidence.
In particular, reasoning across documents from dif-
ferent topical clusters is typically more demanding
than connecting closely related passages. For ex-
ample, answering a multi-hop question like “What
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legal implications has the use of facial recognition
technology had in European countries?” requires
synthesizing technical documents on facial recogni-
tion systems with legal texts or policy reports from
EU jurisdictions. Therefore, a fine-grained mea-
sure of query difficulty must take both factors into
account: the number of multi-hop reasoning steps
and the semantic spread of evidence across source
chunks.

To address the lack of fine-grained difficulty con-
trol in existing RAG benchmarks, we introduce
MHTS (Multi-Hop Tree Structure), a novel frame-
work for synthesizing QA datasets with explicit con-
trol over query difficulty. Our approach follows an
answer-first generation strategy: we first construct
answers requiring multi-hop reasoning across se-
mantically diverse evidence chunks, then generate
corresponding queries. This ensures that the rea-
soning process demands logical integration across
dispersed information. We further define a diffi-
culty estimation formula that jointly models two key
dimensions of complexity: the number of reason-
ing hops (i.e., distinct evidence chunks involved)
and the semantic distance between the query and
each supporting chunk. By capturing both struc-
tural and semantic reasoning factors, our difficulty
score aligns closely with real RAG performance
trends, offering a practical tool for dataset curation
and system evaluation.

In addition to enabling fine-grained difficulty con-
trol, we validate the quality and diversity of our syn-
thesized dataset. For quality, we ensure that GT
answers are logically complete and reflect a com-
prehensive understanding of the original source
documents, providing full answers to the evalua-
tion questions. For diversity, we embed the multi-
hop claims that form the backbone of each answer,
along with the associated document chunks and
their semantically related multi-level summaries,
into a shared semantic space. This embedding pro-
cess reveals that our evaluation dataset (Q, GT) not
only spans a wide range of the semantic spectrum
but also covers underrepresented regions—thereby
ensuring balanced and enriched semantic cover-
age across the document corpus. While our pri-
mary contribution lies in the data generation frame-
work, its implications extend to a broad range of
systems, including recent developments in agent-
based and modular RAG architectures that require
complex multi-hop reasoning. Our benchmark pro-
vides a principled foundation for evaluating such
systems under varying reasoning difficulty levels.

In summary, this work contributes:

• Fine-grained dataset synthesis framework:
We design a data generation framework that
controls reasoning difficulty by combining evi-
dence chunks with varying semantic distances,
enabling precise difficulty labeling.

• Validated difficulty metric: We introduce a
new metric capturing both reasoning hops and
semantic distance, which aligns well with ac-
tual RAG performance trends.

• High-quality benchmark dataset: Our
dataset offers logically complete answers,
topic diversity, and multi-hop complexity, mak-
ing it a robust benchmark for evaluating RAG
systems.

2. Related Works

2.1. Multi-Hop QA Datasets and
Generation Methods

Multi-hop QA requires reasoning across multiple
pieces of evidence to answer complex questions,
often involving logical composition or information
synthesis. Datasets such as HotPotQA (Yang et al.,
2018), 2WikiMultiHopQA (Ho et al., 2020), and
MuSiQue (Trivedi et al., 2022) have advanced this
area by introducing multi-hop structures and sup-
porting evidence. However, many of these allow
shortcut-based solutions or lack structured difficulty
control. More recent work like MultiHop-RAG (Tang
and Yang, 2024) introduces LLM-generated multi-
hop queries with supporting evidence, but still lacks
explicit mechanisms to model and control reason-
ing complexity. Our work addresses this gap by
introducing a tree-based framework that enables
fine-grained control over multi-hop query difficulty.

2.2. Difficulty Adjustment in Evaluation
Datasets

As QA systems continue to improve, evaluation
datasets must evolve to maintain their discrimina-
tive power. Prior work has attempted to increase
task difficulty through compositional filtering, unan-
swerable contrast questions (Trivedi et al., 2022),
or adversarial data collection, where humans itera-
tively craft questions to fool models (Bartolo et al.,
2020).

More recent efforts have explored predict-
ing query difficulty dynamically, such as
multHP (Samadi and Rafiei, 2023), which
estimates question complexity prior to retrieval.
Though useful for tuning system parameters or
balancing query sets, these approaches still do
not offer fine-grained, controllable representations
of difficulty. Our work addresses this limitation by
proposing a structured generation framework that
explicitly models and manipulates difficulty during
dataset synthesis.
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2.3. Fine-Grained Reasoning Evaluation
in RAG Systems

Retrieval-augmented generation (RAG) systems
consist of modular components—retrieval and gen-
eration—which require evaluation methods beyond
single aggregate scores. To address this, recent
studies have proposed diagnostic metrics that sep-
arately assess retrieval and answer quality (Ru
et al., 2025), improving alignment with human judg-
ments and aiding system design. Other work lever-
ages large language models (LLMs) as evalua-
tors. For instance, ARES (Saad-Falcon et al.,
2023) and related efforts (Liu et al., 2025) prompt
LLMs to assess aspects such as relevance, cor-
rectness, and hallucination, offering interpretable,
multi-dimensional evaluation. More robust se-
tups, like CONQRET (Dhole et al., 2024), mitigate
prompt sensitivity via multi-judge ensembles to en-
hance consistency across domains. While prior
approaches provide detailed post hoc evaluations,
they lack control over input complexity. Our frame-
work complements this by explicitly encoding multi-
hop reasoning difficulty, enabling more systematic
and fine-grained evaluation of RAG systems.

2.4. Benchmarking RAG system’s
Retrieval and Synthesis

Evaluating retrieval-augmented generation (RAG)
system requires not only assessing answer cor-
rectness but also how effectively relevant evidence
is retrieved. Benchmarks such as KILT (Petroni
et al., 2020), MultiHop-RAG (Tang and Yang, 2024),
and CRUD-RAG (Lyu et al., 2025) have advanced
this goal by jointly measuring retrieval and gener-
ation performance across a range of knowledge-
intensive tasks. These efforts highlight persistent
challenges in multi-hop reasoning, long-context un-
derstanding, and real-world applicability, with re-
cent metrics like Key Point Recall (KPR) (Qi et al.,
2024) aiming to capture more nuanced evidence
utilization. Most existing benchmarks lack explicit
control over multi-hop difficulty. Our tree-based
framework (MHTS) fills this gap by enabling fine-
grained difficulty modeling, allowing for more diag-
nostic evaluation of RAG systems.

3. Methodology

Our method constructs multi-hop QA data through
a structured pipeline. First, claims are extracted
from the source text. Then, semantic clustering and
multi-hop composition are recursively performed
to build a hierarchical multi-hop structure. Finally,
questions and answers are synthesized based on
the resulting multi-hop claims. This recursive pro-
cess enables fine-grained control over reasoning

complexity and question difficulty. An overview of
the process is illustrated in Figure 1.

3.1. Claim Extraction and Clustering
To prepare each document for claim-level synthe-
sis, we first segment it into smaller, semantically
coherent chunks. This splitting not only reduces the
computational overhead for large language models
(LLMs) but also ensures that each chunk contains
self-contained information. Specifically, we divide
the document based on logical boundaries, result-
ing in a set of chunks {C1, C2, . . . , Cn}.

Next, each chunk Ci is fed into an LLM to extract
factual statements (claims) spanning five reasoning
categories from (Kim et al., 2023)—namely, one-
hop, conjunction, existence, multi-hop, and nega-
tion. During this extraction process, we perform
decontextualization to minimize ambiguity (Trivedi
et al., 2022), replacing pronouns or placeholders
with explicit expressions. Each extracted claim is
mapped back to the index ixCi

of its source chunk
Ci, enabling us to trace the origin of every claim.

Once the set of claims has been collected, we
cluster semantically similar statements to facilitate
downstream multi-hop claim generation. Following
(Sarthi et al., 2024), each claim ci is embedded
into a d-dimensional vector Ei ∈ Rd using Ope-
nAI’s text-embedding-3-small model.1 We then fit
a Gaussian Mixture Model (GMM) with K compo-
nents to these embeddings. Let αk, µk, and Σk

respectively denote the mixture weight, mean vec-
tor, and covariance matrix for cluster k. In this
framework, the posterior probability that ci belongs
to cluster k is given by:

γi(k) = P
(
zi = k

∣∣ Ei

)
=

αk N
(
Ei | µk,Σk

)∑K
j=1 αj N

(
Ei | µj ,Σj

) (1)

where zi is the latent cluster variable for claim ci.
Since a single claim may be relevant to multiple
clusters, we adopt a threshold-based soft assign-
ment: claim ci is included in cluster k if γi(k) ≥ θ,
where θ is a predefined probability threshold. This
design allows overlapping cluster membership and
avoids discarding nuanced information. By captur-
ing semantic similarities in this way, we obtain a
structured view of how claims interrelate. In sub-
sequent stages, these cluster assignments enable
fine-grained multi-hop claim synthesis.

3.2. Multi-Hop Claim Generation
Having grouped the extracted claims into clusters,
we next generate multi-hop claims that synthe-
size information from multiple source claims. Let

1https://platform.openai.com/docs/
guides/embeddings

https://platform.openai.com/docs/guides/embeddings
https://platform.openai.com/docs/guides/embeddings
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Figure 1: Overall process of the Multi-hop Tree Structure (MHTS) framework which synthesizes RAG
evaluation dataset by fine-grained difficulty adjustment. 1O A source document is first segmented into
chunks, from which claims are extracted and organized hierarchically to form a multi-hop tree structure. 2O
A question is generated for each multi-hop claim. 3O The claim is decomposed into atomic evidences and
mapped back to the supporting chunks. This verification step determines the reasoning difficulty based
on the number and dispersion of required evidences. 4O To generate the final answer, the verified chunks
from step 3O are combined with top-ranked chunks retrieved via a RAG retriever. The resulting context is
used to synthesize an answer, completing the QA pair.

C(k) = {c1, . . . , cm} be the set of claims assigned
to cluster k. We provide C(k) as context to a large
language model (LLM) along with guidelines that
encourage the model to create statements reflect-
ing multiple reasoning steps. However, we do not
impose a strict requirement on the minimum num-
ber of source claims to be combined; the LLM is
free to decide how many and which claims from
C(k) to incorporate into each new statement.

Formally, let G be a generative function param-
eterized by the LLM. We define a multi-hop claim
cmh as:

cmh = G
(
{ ci | i ∈ S}

)
, (2)

where S ⊆ {1, . . . , n} indexes the subset of source
claims selected by the LLM. In practice, the model
may combine facts, logical inferences, or even
negations from multiple ci to form cmh. During gen-
eration, we retain the mapping between each con-
tributing claim ci and the set of chunks Cj from
which it was derived.

After processing all clusters, the newly created
multi-hop claims can be integrated back into sub-
sequent iterations if desired. These newly gen-
erated statements can then be fed back into the
same pipeline—clustering them again to produce
yet more complex reasoning required statements.
Repeating this procedure yields increasingly so-
phisticated layers of reasoning, effectively building
a claim-based MHTS (Multi-Hop Tree Structure). At
each level of MHTS, the LLM is exposed to claims
of growing complexity, thereby fostering deeper log-
ical inferences. This iterative approach provides
fine-grained control over how many hops of reason-

ing are embedded in each newly formed statement,
ultimately enabling the design of more challeng-
ing QA tasks for downstream retrieval-augmented
generation systems.

3.3. Question and Answer Generation

The generated multi-hop claims capture the core
essence of multi-hop reasoning within the docu-
ment. We therefore treat each claim as a potential
“answer,” focusing on the directly connected chunks
that contributed to its creation. To construct a QA
pair, we first prompt an LLM with the multi-hop claim
alone to generate a question that logically leads to
it.

However, because our claim-generation and clus-
tering processes focus on extracting and merg-
ing key facts, certain contextual details may be
lost. To recover a more comprehensive answer, we
perform an answer decontextualization procedure.
Specifically, for each generated question, we iden-
tify the top three chunks most similar to the question
(based on a similarity metric) and merge them with
the top three chunks associated with the claim that
gave rise to the question. If there is overlap be-
tween these two sets, the final number of chunks
may be fewer than six. This set of chunks is then
provided as context to the LLM, which reformulates
or expands the claim into a fully contextualized "an-
swer". By grounding the final answer in multiple,
highly relevant chunks, we ensure faithfulness to
the original source text.
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3.4. Difficulty via Multi-hop
To confirm that each QA pair truly captures multi-
hop reasoning and to quantify its complexity, we de-
compose the “claim” into a sequence of evidences.
Following four inference types—one-hop, conjunc-
tion, existence, and negation—we exclude “multi-
hop” itself because it can be represented as a com-
bination of simpler one-hop evidences. Next, we
check the entailment relationship between each de-
composed evidence and the candidate chunk list.
If a piece of evidence cannot be mapped to any
chunk, we treat it as hallucination and exclude it
through a verification process. However, if the pre-
ceding and following evidences map correctly but
one intermediate evidence does not, we classify
it as an implicit supposition; although not explic-
itly stated in any chunk, it can be inferred from the
surrounding context, so we retain it.

The total hop count is determined by the number
of these decomposed evidences. By distinguish-
ing between direct mappings, hallucinations, and
implicit suppositions, our approach verifies both
the factual grounding of each claim and the depth
of multi-hop inference required to answer the gen-
erated questions. This final check ensures that
our QA dataset accurately reflects the intended
hierarchical complexity, providing a more reliable
benchmark for retrieval-augmented generation sys-
tems.

We defined the difficulty of question-answer
pairs using two variables. The first variable is the
number of pieces of evidence used in the answer.
To determine this, we decomposed the multi-hop
claims containing the core information of the an-
swer into pieces of evidence based on the four
reasoning types in (Kim et al., 2023): one-hop, con-
junction, existence, and negation. The number of
decomposed evidence pieces is referred to as the
"number of hops."

The second variable is the similarity between the
question and the supporting chunks used in the
answer. To compute this, we first retrieved sup-
porting chunks for each piece of decomposed evi-
dence. Then, we calculated the cosine similarity be-
tween the question embedding and each support-
ing chunk and took the average. If a single piece
of evidence was supported by multiple chunks, we
used the average similarity across those chunks.

The final difficulty score D is defined as D =
h − λs where h is the number of hops, s is the
average similarity, λ is a scaling factor (set to 1 by
default).

4. Experiments

We evaluate the proposed MHTS dataset along
three dimensions: (1) Difficulty Calibration, by
demonstrating how our difficulty scores accurately

reflect reasoning complexity through fine-grained
analysis of win-rates (GT vs. RAG) across varying
hop counts; (2) Semantic Diversity, by quantifying
how comprehensively the generated dataset spans
the underlying knowledge space; and (3) Answer
Quality, through qualitative analysis illustrating that
our method captures complex multi-hop reasoning
and inference capabilities absent in RAG outputs.

4.1. Experimental Setup

4.1.1. Dataset

The novel David Copperfield 2 has been chosen
as a dataset for QA generation. David Copperfield
provides various character relationships and dis-
tributed event information, making it highly suitable
for creating a multi-hop QA dataset. The complex
narrative structure of the novel and the intercon-
nectedness of the information provide an ideal en-
vironment for tasks that require multi-hop reason-
ing, where the QA system must go through several
steps to derive an answer. The entire data was
divided by paragraph, and then concatenated to
form chunks with a maximum length of 1024 tokens.
As a result, 505 chunks were created, with a mini-
mum length of 540 tokens and a maximum length
of 1016 tokens.

4.2. Baseline and Ground-Truth (GT)
Context

RAG Setup Our baseline employs a two-stage
retrieval pipeline. Initially, we retrieve the top-10
chunks by ranking their cosine similarity scores
against the input question (Lewis et al., 2020). Sub-
sequently, a reranker 3 selects the three most rele-
vant chunks to form the final context (Glass et al.,
2022).

Ground-Truth (GT) Context Our ground-truth
(GT) context leverages gold evidence chunks,
mapped explicitly during claim construction. To
ensure optimal relevance, we select the three
chunks most similar to the input question among
all mapped evidence chunks. These selected
gold chunks typically capture key reasoning steps
essential for accurate multi-hop inference—steps
that naive embedding-based retrieval methods fre-
quently miss. To further enrich the GT context and
allow comparative evaluation, we include an addi-
tional three chunks retrieved by the RAG pipeline.
Consequently, the final GT context consists of up
to six chunks. However, if there is overlap between
the retrieved chunks and those already associated

2https://www.gutenberg.org/ebooks/766
3https://huggingface.co/jinaai/

jina-reranker-v2-base-multilingual

https://www.gutenberg.org/ebooks/766
https://huggingface.co/jinaai/jina-reranker-v2-base-multilingual
https://huggingface.co/jinaai/jina-reranker-v2-base-multilingual
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Dataset Avg. Dis. ↑ Eigen Var. ↑
RAPTOR Tree Nodes 1.12 0.63
MHTS (Q, A) Pairs 1.23 0.76

Table 1: Semantic diversity: higher distance and
higher variance indicate broader coverage.

with the claim, the total number may be fewer than
six. This ensures a comprehensive assessment of
retrieval effectiveness while highlighting the advan-
tages of our structured, tree-based chunk mapping
approach over surface-level similarity retrieval.

4.3. Fine-grained Difficulty
To verify that our method generates questions in
a fine-grained manner according to varying diffi-
culty levels, and simultaneously ensures that the
generated answers satisfy high-quality standards,
we employed an LLM-as-a-Judge evaluation ap-
proach (Zheng et al., 2023). Specifically, we pre-
sented GPT-4o 4 with a question, our proposed an-
swer, and a RAG answer, prompting it to select the
better response according to three metrics, thereby
measuring the win rate.

The three metrics—Comprehensiveness, Diver-
sity, and Empowerment—were adopted from (Edge
et al., 2024). To mitigate potential positional bias,
we repeated the evaluation twice, swapping the
order in which our answer and the naive RAG an-
swer were presented. The final classification into
“win/tie/lose" was determined by aggregating re-
sults from both evaluations. Additionally, to confirm
that higher hop counts correspond to increased dif-
ficulty in multi-hop QA tasks, we analyzed how the
win rate varied across different hop counts.

Figure 2 illustrates that our generated
(GT) answers consistently outperform naive
RAG outputs across various evaluation met-
rics—Comprehensiveness, Diversity, and Empow-
erment. Importantly, we observe a clear positive
correlation between the difficulty level and the
GT win rate. This trend highlights that as the
complexity of multi-hop reasoning tasks increases,
naive RAG systems struggle more significantly,
either failing to provide adequate answers or
delivering incomplete responses. In contrast, our
MHTS-generated answers not only remain robust
but become increasingly advantageous at higher
difficulty levels.

However, when evaluating the win rate strictly
based on hop count (Figure 2 (a)), although an over-
all increasing trend is observable, there are fluctu-
ations where the win rate temporarily decreases
before rising again. While the general trend still

4https://openai.com/index/
hello-gpt-4o/

demonstrates a linear increase, these intermedi-
ate drops indicate limitations in relying solely on
hop count for fine-grained difficulty control. In con-
trast, our proposed method (Figure 2 (b)) exhibits a
consistent, linear improvement without fluctuations,
achieving a correlation of 0.99 between difficulty
level and win rate. Thus, compared to a simplistic
hop-count-based approach, our method provides a
more reliable and fine-grained difficulty calibration
for multi-hop QA.

In Figure 2 (a), the evaluation was conducted
using 100 samples for hop counts 1 to 4, 41 sam-
ples for 5-hop, and 9 samples for 6-hop. For the
split-based analysis: Figure 2 (b), we selected
90 samples per difficulty level, ensuring an equal
number of samples across different difficulty splits.

4.4. Diversity
Evaluating semantic diversity is critical for under-
standing the semantic coverage and reasoning
breadth and comprehensiveness of a QA dataset.
Traditional hierarchical summarization methods
such as RAPTOR (Sarthi et al., 2024) rely on re-
cursively clustering summarized nodes, which may
limit semantic coverage by failing to capture the
logical integration across multiple, semantically dis-
tinct chunks. To verify whether our MHTS-based
method improves upon these limitations by captur-
ing a wider semantic range, we conduct a compar-
ative evaluation against a RAPTOR-style hierarchy.

Specifically, we construct the RAPTOR-style hier-
archical structure using 100-token chunks and their
summaries, recursively clustering until four root
nodes remain. We embed both RAPTOR nodes
and our MHTS-generated (Q, A) pairs using the
same embedding model for fair comparison, then
assess semantic diversity via average pairwise dis-
tance (higher indicates broader topic coverage) and
the sum of the eigenvalues of the covariance matrix
(higher denotes richer semantic coverage).

Table 1 presents the semantic diversity evalu-
ation results. For a fair comparison, the same
number of data points were used for both datasets.
MHTS-generated (Q, A) pairs exhibit a higher aver-
age embedding distance (1.23) compared to RAP-
TOR nodes (1.12), indicating that our data points
are more semantically dispersed and less redun-
dant. In addition, the total sum of eigenvalues is
also greater for MHTS (0.76 vs. 0.63), suggesting
that the semantic embeddings occupy a richer and
more varied subspace.

These results strongly indicate that our MHTS
framework effectively generates QA pairs that span
a more diverse and comprehensive semantic space
than traditional summarization-based hierarchical
structures. This broader coverage not only enriches
the dataset but also enables more fine-grained eval-
uation of a model’s ability to perform multi-hop rea-

https://openai.com/index/hello-gpt-4o/
https://openai.com/index/hello-gpt-4o/
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Figure 2: (a) GT win rate increases with hop count (Pearson r = 0.93). (b) GT win rate increases with
difficulty (Pearson r = 0.99).

Question What was the relationship between Emily and the person
she was with when the narrator saw her on the moving ship?

RAG

Based on the provided context, Emily was romantically involved with Mr. James.
When the narrator saw her on the moving ship, she was with Mr. James, her former partner.

Their relationship had become strained because Mr. James had left Emily to marry
another respectable person, as arranged by Mr. Littimer. This departure led to Emily’s distress

and subsequent actions, highlighting the complexities and conflicts in their relationship.

GT (MHTS)

Emily was accompanied by her uncle when the narrator saw her on the moving ship.
The context describes Emily "trembling on his shoulder" and clinging to him "with the utmost

trust of thy bruised heart," indicating a close and trusting relationship between them.
The uncle is portrayed as someone who has shown "all the might of

his great love" for Emily, highlighting his protective and caring role in her life.

Chunk

As the sails rose to the wind, and the ship began to move, there broke from all the boats
three resounding cheers, which those on board took up, and echoed back, and which

were echoed and re-echoed. My heart burst out when I heard the sound, and beheld the waving
of the hats and handkerchiefs–and then I saw her! Then I saw her, at her uncle’s side,
and trembling on his shoulder. He pointed to us with an eager hand; and she saw us,

and waved her last good-bye to me. Aye, Emily, beautiful and drooping, cling to him with
the utmost trust of thy bruised heart; for he has clung to thee, with all the might of his great love!

Table 2: Case study for quality evaluation. The question is answered using both RAG (RAG) and our
proposed method based on MHTS (GT (MHTS)). The supporting evidence for the question is shown in
the bottom row (Chunk) which is a mapped chunk for GT. Notably, the relevant chunk was not included in
the top-3 retrieved chunks used by naive RAG, leading to an incorrect, hallucinated response.

soning, ultimately allowing us to assess how well
systems handle complex, real-world QA tasks in
knowledge-intensive domains.

4.5. Quality
While difficulty calibration and semantic diversity
measure important aspects of a QA dataset, high-
quality reference answers(GT) are ultimately es-
sential for evaluating system performance in re-
alistic scenarios. To assess whether our MHTS-
generated QA pairs maintain strong GT answer
quality, we conducted a qualitative comparison
against naive RAG outputs.

Table 2 presents an illustrative example compar-

ing a Ground Truth (GT) answer to that of a naive
RAG system. The question asks about "the re-
lationship between Emily and the person she was
with when the narrator saw her on the moving ship."
However, the top-3 chunks retrieved by naive RAG
omit the relevant portion of the text, resulting in a
hallucinated answer that describes Emily as being
romantically involved with Mr. James. In reality,
the source text reveals that she was with her uncle,
portrayed as a deeply trusted and protective figure.
The GT answer accurately reflects this relationship,
grounded in the original evidence, whereas the
RAG response fabricates a misleading narrative
due to missing context.

This discrepancy highlights the significance of
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proper context retrieval and multi-hop integration for
answer quality. By leveraging a more comprehen-
sive evidence-mapping strategy, our MHTS-based
pipeline avoids the crucial omissions that lead to
RAG’s hallucinations, thereby producing answers
that align with the factual details of the original
source text.

5. Conclusion

In this work, we introduced a novel frame-
work—MHTS—for generating multi-hop QA
datasets that systematically controls difficulty and
ensures both semantic diversity and high-quality
answers. By splitting source documents into
chunks, extracting and clustering claims, and itera-
tively generating multi-hop statements, our method
builds a tree structure that reflects progressively
deeper reasoning. We demonstrated that relying
solely on naive retrieval-augmented generation
(RAG) methods leads to suboptimal performance
when handling complex queries. Specifically, we
observed that as the difficulty level—defined by
our formulation combining reasoning hops and
semantic dispersion—increases, MHTS-based
answers achieve higher win rates. These findings
highlight the importance of fine-grained difficulty
calibration in the development and evaluation of
advanced RAG systems, serving as a foundation
for more robust and comprehensive research in
multi-hop question answering. Since current RAG
systems tend to perform poorly and frequently pro-
duce hallucinations when faced with high-difficulty
queries, the ability to systematically synthesize
such challenging examples with fine-grained
difficulty control makes our framework particularly
valuable for advancing robust and realistic RAG
evaluation.

6. Ethics Statement

This research introduces a framework for generat-
ing synthetic question-answering datasets to eval-
uate RAG systems. We acknowledge the following
ethical considerations:

Data and Privacy: Our experiments utilize pub-
licly available literary works (David Copperfield from
Project Gutenberg) that are in the public domain,
ensuring no copyright violations or privacy con-
cerns. Future applications of this framework should
carefully consider data licensing and privacy impli-
cations when applied to other corpora.

LLM-Generated Content: Our framework relies
on large language models for claim extraction, multi-
hop synthesis, and question generation. While
we implement verification procedures to minimize
hallucinations, users should be aware that LLM-
generated content may contain biases or factual
inaccuracies present in the training data of these
models.

Evaluation Fairness: We employ LLM-as-a-
Judge evaluation methodology, which may intro-
duce inherent biases in assessment. We mitigate
this through position-swap evaluations and multiple
metrics, but acknowledge that automated evalua-
tion cannot fully replace human judgment.

7. Limitations

While our MHTS framework demonstrates promis-
ing results, several limitations should be acknowl-
edged: Single Domain Evaluation: Our experi-
ments are conducted exclusively on a single literary
work (David Copperfield). The generalizability to
other domains such as scientific documents, tech-
nical manuals, or news articles remains to be vali-
dated.

LLM Dependency and Scalability: The quality of
generated content inherently depends on the under-
lying LLM capabilities. Additionally, our framework
requires multiple LLM calls, which may limit scal-
ability for very large corpora due to computational
costs and API rate limits.

Difficulty Metric Validation: While our difficulty
formula (D = h− λs) shows strong correlation (r =
0.99) with win rates, this metric has only been vali-
dated on a single dataset. Further validation across
diverse domains and RAG architectures is needed.
The choice of λ = 1 is empirically determined and
may require adjustment for different contexts.

Evaluation Methodology: Our reliance on LLM-
as-a-Judge for quality evaluation, despite mitigation
strategies, introduces potential biases inherent to
the evaluator model. Human evaluation would pro-
vide additional validation but was not included due
to resource constraints.
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9. Appendix

To provide a more intuitive understanding of the se-
mantic breadth captured by our Multi-Hop Thought
Structure (MHTS), we visualize the embedding dis-
tributions of MHTS-generated claims in comparison
to RAPTOR-style hierarchical nodes. For this vi-
sualization, we employ UMAP (Uniform Manifold
Approximation and Projection) to project the high-
dimensional embedding vectors into a 2D space.
To ensure a representative and computationally ef-
ficient comparison, we sampled 5,527 claims from
our full dataset using K-means clustering, ensuring
that the selected points maintain the overall topo-
logical characteristics of the complete semantic
space.

As illustrated in Figure 3, the MHTS-generated
claims (shown in blue) exhibit a notably higher
degree of dispersion across the semantic mani-
fold compared to the RAPTOR nodes (shown in
red). While both datasets share a common core of
high-level topics, the RAPTOR nodes tend to form
tighter, more localized clusters—a characteristic
of recursive summarization where information is
progressively condensed. In contrast, the MHTS-
generated points are more widely distributed, oc-
cupying the peripheral regions of the embedding
space. This visual evidence supports our quanti-
tative findings, suggesting that our framework suc-
cessfully avoids the "semantic collapse" often seen
in traditional summarization by capturing a more
granular and diverse range of logical connections
and multi-hop relationships.

https://doi.org/10.18653/v1/2024.findings-emnlp.279
https://doi.org/10.18653/v1/2024.findings-emnlp.279
https://doi.org/10.18653/v1/2024.findings-emnlp.279
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Figure 3: UMAP projection of semantic embeddings from MHTS claims (blue) and RAPTOR nodes (red).
Claims appear more semantically dispersed, suggesting broader topic coverage.
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