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Abstract

Retrieval-augmented generation (RAG) can
substantially enhance the performance of
LLMs on knowledge-intensive tasks. Various
RAG paradigms—including vanilla, planning-
based, and iterative RAG—all depend on a ro-
bust retriever, yet existing retrievers rely heav-
ily on public knowledge and often falter when
faced with domain-specific queries. To address
these limitations, we introduce DRAGON, a
framework that combines a data-construction
modeling approach with a scalable synthetic
data-generation pipeline, specifically designed
to optimize domain-specific retrieval perfor-
mance and bolster retriever robustness. To
evaluate RAG performance on domain-specific
RAGs, we propose DRAGONBENCH, a bench-
mark spanning 8 domain-specific document
collections across 4 distinct fields and featur-
ing a wide spectrum of query complexities,
answerability, and hop numbers. Leveraging
DRAGON, we generate a large-scale synthetic
dataset—encompassing both single-hop and
multi-hop queries—to enrich retriever training.
Extensive experiments demonstrate that retriev-
ers trained on this data yield significant perfor-
mance gains and exhibit strong cross-domain
generalization. Moreover, when our optimized
retrievers are integrated into vanilla, planning-
based, and iterative RAG paradigms, we ob-
serve consistent end-to-end improvements in
system accuracy.

1 Introduction

Retrieval-Augmented Generation (RAG) (Hu and
Lu, 2024; Zhao et al., 2024; Gao et al., 2024) can
enhance the performance of the large language
models (LLM) on knowledge-intensive tasks. For-
mally, given user queries Q = {qi}mi=1 and doc-
ument set D = {Di}Ni=1, the goal of RAG is
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to give an answer Âi for each query qi by ref-
erencing D. The retriever R selects documents
R(qi,D; θ) → R̂i from D, and the LLM G gener-
ates an answer, represented as G(qi, R̂i; Θ) → Âi.

Existing RAGs (Hu and Lu, 2024) include 3
structures: vanilla, planning-based, and iterative.
In vanilla RAG (Guu et al., 2020; Borgeaud et al.,
2022), the retriever retrieves once, and the genera-
tor gives the answer. In planning-based RAG (He
et al., 2023), a planner first devises a strategy com-
posed of multiple sub-queries, followed by the re-
triever doing retrievals, and the generator synthe-
sizing. In iterative RAG (Yao et al., 2023; Jiang
et al., 2024), the LLM interacts iteratively with the
retriever, and when the LLM determines that suffi-
cient information has been obtained, it hands over
to the generator for synthesis. Regardless of the
structure, a robust retriever is crucial for the entire
RAG system.

In this paper, we focus on optimizing dense
retrievers for domain-specific corpora to boost
both retrieval robustness and end-to-end RAG
performance. Existing dense retrievers are usu-
ally trained on general-purpose sources (e.g.,
Wikipedia), which hampers their effectiveness on
domain-specific content (Lee et al., 2025). This
shortfall stems from (1) domain-specific terminol-
ogy and query styles, (2) semantic ambiguities or
some specific constraints that misalign queries and
documents, and (3) RAG’s reliance on LLMs to de-
compose queries into sub-queries of varying com-
pleteness, further complicating matching. In spe-
cialized domains, authors often omit intermediate
assumptions, use diverse and scattered expressions,
and require multi-step, cross-paragraph or cross-
document reasoning—compounding misalignment
and sub-query retrieval challenges. Therefore, a
robust retriever must handle a wide range of logi-
cal complexities and retrieve documents relevant
to both full queries and their partial sub-queries.

In this paper, we aim to enhance the retriever
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used in RAG from the perspective of data synthe-
sis. We propose DRAGON, which incorporates an
RAG data synthesis model to capture the complex
mapping relationships among documents, queries,
ground-truth answers, relevant clues, and their con-
nections to source documents, along with a specific
implementation. DRAGON can be used for large-
scale RAG data generation for documents in any
specific domain, supporting both single-hop and
multi-hop queries. It enables the simulation of
query generation with varying logical complexities
and clue completeness through paraphrasing. Us-
ing DRAGON, we synthesize a diverse dataset to
enhance the retriever’s performance and the end-to-
end performance of the entire RAG system.

To provide the DRAGON with various domain
document corpora for synthesizing data and con-
structing a benchmark to evaluate the domain-
specific retriever performance, we collect 8 domain-
specific document collections across 4 domains and
build DRAGONBENCH. DRAGONBENCH includes
queries with varying hop counts. The query may
be fully or partially addressed by certain sentences
in the corresponding corpus, reflecting situations
that frequently occur in real life. It also implements
sentence-level citations for the clues supporting the
answers and provides detailed evaluation criteria.
Building on these evaluation criteria, we developed
the criteria-based score generation (CSG) to assess
the fidelity of the generator. We find that CSG of-
fers greater stability compared to the basic LLM-as-
a-Judge approach (Gu et al., 2025), same as Rock-
etEval (Wei et al., 2025a) and BiGGenBench (Kim
et al., 2025) show.

To validate the improvement of DRAGON on
retrievers, we select 6 top retrievers from the
MTeb leaderboard (Muennighoff et al., 2023) with
varying sizes (33~ 611M) and context lengths
(512~ 8192). Using contrastive learning (Izac-
ard et al., 2022) and ANCE hard negative sam-
pling (Xiong et al., 2021), we demonstrate sig-
nificant performance improvement on all 4 large-
scale document collections (Hearthstone Wiki Con-
tributors, 2025; Zelda Wiki Contributors, 2025;
Drugs.com, 2025; Mayo Clinic, 2025). The ab-
lation study reveals that retriever gains stem not
only from in-domain training but also critically
from complex logical reformulations and clue-
completeness constructions, which substantially
boost performance and robustness. Moreover, these
enhancements can also generalize to out-of-domain
data: a retriever trained on the Zelda (Zelda Wiki

Contributors, 2025) corpus consistently delivers
significant improvements on four other domain-
specific datasets (Stanford University, 2025; Uni-
versity of California, Berkeley, 2025; Cyotek,
2023; Notion, 2023). Finally, when integrated into
various RAG paradigms, our optimized retriever
yields stable end-to-end performance gains across
the entire system.

In summary, this paper makes the following key
contributions:

• We propose DRAGON, a data synthesis method,
along with an implementation. DRAGON for-
mally constructs mapping relationships among
documents, queries, answers, relevant clues, and
their connections to source documents. Based on
DRAGON, we introduce a large-scale synthetic
dataset characterized by varying logical com-
plexities, clue completeness, and hop counts.

• We introduce DRAGONBENCH, consisting of
8 domain-specific datasets across 4 domains.
DRAGONBENCH provides extensive domain
coverage, diverse hop coverage, varying levels
of question answerability, and finer citation gran-
ularity. Utilizing its per-question scoring criteria,
we also propose the CSG score, demonstrating
its stability over the LLM-as-a-Judge metric.

• Extensive experiments validate DRAGON’s im-
provements in the retriever across various do-
mains. While existing work primarily focuses on
optimizing LLMs themselves, we demonstrate
that optimizing the retriever with synthetic data
can also enhance the end-to-end consistency per-
formance of the entire RAG system.

2 Related Work

In this Section, we first discuss existing work for
RAG (2.1). Second, we introduce a series of opti-
mization approaches utilizing generated data (2.2),
particularly related to RAG. Finally, we review ex-
isting RAG benchmarks and highlight the distinc-
tions between them and DRAGONBENCH (2.3).

2.1 Retrieval-Augmented Generation

RAG enhances the understanding of queries by
incorporating external knowledge. In vanilla
RAG (Guu et al., 2020; Borgeaud et al., 2022),
the generator and retriever interact once, relying
entirely on the retriever’s capabilities. Because the
retriever’s intelligence is limited, the RAG’s un-
derstanding of user queries depends largely on the
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retriever (Zhao et al., 2024; Hu and Lu, 2024). Con-
sequently, recent studies (He et al., 2023; Yao et al.,
2023; Jiang et al., 2024; Pang et al., 2024) empha-
size leveraging LLMs to enhance query interpre-
tation. Notable approaches include planning (He
et al., 2023) and iterative RAG (Yao et al., 2023;
Jiang et al., 2024).

Regardless of the structure, a robust retriever
is crucial for the entire RAG system. The perfor-
mance of the RAG system depends not only on the
LLM’s ability to paraphrase, decompose, and plan
but also heavily relies on the retriever’s adaptabil-
ity to varying question complexities, answerability,
and domain-specific styles.

2.2 Data Synthesis Optimization Methods
The huge success of scaling law (Kaplan et al.,
2020) in LLM has spurred data synthesis meth-
ods. In NLP (DeepSeek-AI et al., 2025), model
distillation from larger LLMs can be used to
enhance the capabilities of smaller LLMs. In
LLM-based agents (Qin et al., 2024), the inte-
gration of LLMs with tools can be optimized us-
ing synthetic code (Zhang et al., 2024) and work-
flow (SHEN et al., 2025; Zeng et al., 2023; Yin
et al., 2025). In RAG, data synthesis methods
encompass strategies for both the retriever (Ma
et al., 2025; Kim and Baek, 2025; Zhou et al.,
2024) and the LLM (Devine, 2025; Jadon et al.,
2025; Wei et al., 2025b; Chen et al., 2024). For
the retriever, data synthesis focuses on generating
query-positive-negative triplets using LLMs.

However, existing work still lacks a conceptually
clear, domain-specific paradigm for automated data
generation and augmentation. In particular, there
is a lack of robust studies on enhancing retrievers
with respect to the logical complexity and answer
completeness of questions, as well as research on
their impact on the entire RAG system.

2.3 RAG Benchmarks
RAG benchmarks can be categorized into sin-
gle, multi-hop, and various hybrid types. These
datasets are primarily derived from sources such as
Wikipedia, e.g., Natural Questions (Kwiatkowski
et al., 2019), TriviaQA (Joshi et al., 2017),
SQuAD (Rajpurkar et al., 2016), PopQA (Mallen
et al., 2023), HotpotQA∗ (Yang et al., 2018),
2WikiMultiHopQA∗ (Ho et al., 2020), R4C∗ (In-
oue et al., 2020), MuSiQue∗ (Trivedi et al., 2022),
the Freebase knowledge base, e.g., WebQues-
tions (Berant et al., 2013), or Bing search logs,

e.g., MS MARCO (Nguyen et al., 2016). Hybrid
types such as CRAG (Yang et al., 2024) and RAG-
Bench (Friel et al., 2025) include a relatively rich
set of rag data.

Compared with them, DRAGONBENCH covers
8 domain-specific datasets across 4 areas, featuring
varying logical complexity, query answerability,
and hops. Additionally, we provided a fine-grained
scoring rubric for each question to mitigate the
instability issues associated with the naive use of
LLM-as-a-Judge for evaluation.

3 DRAGON

3.1 Modeling

Design Rationale. We aim to make the data syn-
thesis broadly applicable across heterogeneous do-
main corpora (documents, web pages, tables). (1)
Entity graph for multi-hop: We adopt an entity-
centric graph to capture domain-specific terminol-
ogy, style, and cross-document links in a format-
agnostic way. This provides a general mechanism
to support single-hop and multi-hop question con-
struction by explicitly bridging sentences across
documents via entities and relations. (2) Rephras-
ing rules for diversity: We intentionally keep
rephrasing rules simple and randomly initialized to
encourage a diverse set of equivalence-preserving
transformations. The goal is to cover more domain-
specific language phenomena (e.g., terminology,
stylistic variation) and maximize query diversities
(e.g., metaphor, constraint inclusion).

To unify single and multi-hop, we introduce an
intermediate factor to connect different documents,
which we refer to as clues. Clues serve as the
basis for answering queries and are derived from
sentences in one or more documents. For multi-hop
data, clues act as bridges linking sentences across
documents; for single-hop data, clues correspond to
sentences within a single document. Our goal is to
construct synthetic data: G = (D ,Q,C ,A ,M ).
The dataset G consists of:
Document Set (D) A collection of docs D =
{Di}Mi=1, where each Di is selected from the sub-
set D ⊆ D utilized by DRAGON to synthesize data.
D is input and all others are output.
Query Set (Q) A set of queries Q = {qi}mi=1, each
associated with a answer Ai in A .
Clue Set (C ) The set of clues required to answer
each query qi, denoted as C = {Ci}mi=1. Each clue
set Ci = {ci,j}ui

j=1 consists of clues derived from
sentences in documents. These clues serve as inter-
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mediate links that connect different documents for
addressing multi-hop questions, facilitating query
construction.
Answer Set (A ) A = {A o

i ,A
v
i,j}m,Pi

i=1,j=1. For
convenience, we use Ai to uniformly represent
both A o

i and A v
i with specific combination of re-

trieved documents.

• A o = {A o
i }mi=1 comprises standard answers,

representing the complete response when all nec-
essary documents are retrieved. Each A o

i con-
sists of multiple sentences, A o

i = {si,j}ni
j=1,

where each sentence may include a citation
to the original text, as shown in Equation 1:
(Di,j,k, Si,j,k,l). In the actual data generation,
we can first add a reference to the clue after each
si,j as M1 shows, and then map the clue Ci to
get (Di,j,k, Si,j,k,l) through M2.

• For each A o
i , there exists a set of answer variants

{A v
i,j}Pi

j=1, where Pi =
∑pi

k=1

(
k
pi

)
and pi is the

number of documents (e.g., hops). These variants
A v

i,j capture alternative forms of A o
i when one

or more supporting documents are missing from
retrieval.

Mapping Relationships (M )

• Answer-to-Clue Mapping (M1) This mapping
associates sentence si,j in the answer Ai with
one or more corresponding clues.

• Clue-to-Document Mapping (M2) This map-
ping links each clue ci,j to the specific document-
sentence pairs that support it:

MD
2 (ci,j) = {Di,j,k}ri,jk=1 ,

M S
2 (ci,j) =

{
{(Di,j,k, Si,j,k,l)}yi,j,kl=1

}ri,j
k=1

(1)

where Di,j,k is the k-th document associated with
clue ci,j , Si,j,k,l is the specific sentence within
Di,j,k that provides the information to answer
query qi, yi,j,k is the number of key sentences
required from Di,j,k to answer qi, and ri,j is the
number of associated documents with clue ci,j .

Using the mappings M1 and M2, for each query
qi ∈ Q, we can identify the corresponding docu-
ment set D(qi) and the sentences S(qi) required
to answer the query. Specifically, the answer Ai

for qi is first mapped to its set of clues Ci via the
answer-to-clue mapping M1(Ai). Subsequently,
the document set D(qi) is defined as the union of

all documents associated with each clue ci,j ∈ Ci

through the clue-to-document mapping M2:

D(qi) =
⋃

ci,j∈M1(Ai)

{D | D ∈ MD
2 (ci,j)} (2)

where |D(qi)| = pi. pi denotes the number of re-
quired documents. The set of specific sentences
S(qi) required to answer qi is obtained by aggre-
gating all supporting sentences from the mapped
documents for each clue in Ci:

S(qi) =
⋃

ci,j∈M1(Ai)

(3)

{Si,j,k,l | (Di,j,k, Si,j,k,l) ∈ M S
2 (c) }

where |S(qi)| = wi. wi represents the total sup-
porting sentences for qi. To optimize the RAG sys-
tem, both the retriever and generator components
are trained using the synthetic dataset G .

For the retriever, the required synthetic data con-
sists of {D ,Q}, and the mapping from Q to D
derived from M . For the entire RAG, the complete
structure G = (D ,Q,C ,A ,M ) is necessary. Ad-
ditionally, it is essential to construct actual retrieval
results using a real retriever based on G , as the
document set provided to the generator during real
RAG operation may not fully answer the query.
Therefore, we need to consider generating corre-
sponding A v

i,j under various retrieval scenarios.

3.2 Implementation

Figure 1 illustrates an implementation of DRAGON.
The process begins by partitioning documents ( 1 )
into multiple chunks, thereby forming the docu-
ment set D ( 2 ). We chunk documents to align re-
trieval granularity with the retriever context length.
From D , factual clues are extracted. For single-hop
queries, clues are directly extracted ( 3 ). In the case
of multi-hop queries, connections between multi-
ple documents are established by entities extracted
from clues to facilitate question construction ( 4 ).
After performing entity resolution ( 5 ), an entity
graph is constructed ( 6 ). Subsequently, the ex-
tracted clues are input into an LLM to generate
straightforward questions ( 7 ). For multi-hop ques-
tions, multiple entity-centric clues are provided to
the LLM to generate more complex, entity-related
queries ( 7 ). Following this, based on predefined
equivalence transformation rules ( 9 ), the LLM is
prompted to iteratively reformulate the generated
questions ( 8 ) and vary the completeness of the
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 Implementation Overview

Figure 1: A specific implementation of the DRAGON.

clues ( 10 ). This results in the construction of data
with multiple levels of comprehension difficulty
and varying degrees of clue completeness.

4 Document Corpus and DRAGONBENCH

To provide the DRAGON with a corpus for syn-
thesizing and constructing a benchmark, we cu-
rate 8 domain-specific document corpora across
4 domains and build DRAGONBENCH (4.1). We
introduce the construction process (4.2). Then we
introduce the evaluation metrics to assess the per-
formance of the retriever and the generator (4.3).

4.1 Domain-specific Corpus

The principle for data selection was to cover a
broad range of applications with high practical
value. Thus, we chose datasets from the follow-
ing areas: (1) game guides (Hearthstone (Hearth-
stone Wiki Contributors, 2025) and Zelda (Zelda
Wiki Contributors, 2025)); (2) medical guides
(Drug (Drugs.com, 2025) and Mayoclinic (Mayo
Clinic, 2025)); (3) university admissions (Stan-
ford (Stanford University, 2025) and Berkeley (Uni-
versity of California, Berkeley, 2025)); and (4) soft-
ware documentation (Cyotek (Cyotek, 2023) and
Notion (Notion, 2023)). These datasets were thor-
oughly cleaned using an LLM. For detailed clean-
ing procedures, please refer to Appendix A.1. Our
corpus selection follows two principles: diversity
across domains and public accessibility of source
documents. Details on annotator qualifications and
selection are provided in Appendix A.5.

4.2 DRAGONBENCH Construction

We first selected sub-documents and then seg-
mented these documents into chunks. We then built
an entity–relationship graph from these chunks and,
based on its connections, assigned related chunks
to domain experts (e.g., Zelda and Hearthstone
enthusiasts) to generate single-hop and multi-hop
datasets. Once questions were generated and an-
swered, we asked annotators to reformulate them
according to their personal preferences, thereby
producing a rich collection of questions, answers,
and their source documents and sentences. Build-
ing on this, we added question-quality assessment
and answer-verification steps to filter the items. Fi-
nally, we used an LLM to draft scoring rubrics for
each question and had the original question authors
conduct two rounds of review—only questions
whose rubrics passed both reviews were retained.
We finally get DRAGONBENCH. Importantly, the
construction of the evaluation set is independent of
our synthesized training data, which helps ensure
fair assessment of retriever and RAG performance.
Annotator recruitment criteria and qualifications
are summarized in Appendix A.5. The final dataset
is presented in Table 1. For detailed construction
procedures and examples, please refer to the Ap-
pendix A.2.

4.3 Task Metrics

Retrieval To align with the RAG system’s re-
quirements, we set each retrieval to return k ∈
{3} chunks. The RAG system can be itera-
tively retrieved multiple times to gather the in-
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Table 1: Basic information of DRAGONBENCH. The Games and Mediguides corpus is relatively large, making
it suitable for synthetic data, while the Universities and Documentation corpus is comparatively small, ideal for
validating cross-domain generalization.

DRAGONBENCH
Games Mediguides Universities Documentation

Hearthstone Zelda Drug Mayoclinic Stanford Berkeley Cyotek Notion
# Docs 15695 10665 77348 2542 65 280 808 475

# Avg Tokens 1112 746 2159 1369 1052 1283 478 4382
# Single Hop 873 870 826 862 272 860 653 877
# Multi Hop 162 390 183 234 162 398 259 447

Table 2: The score inconsistency between different
model on Zelda. The consistency of CSG between mod-
els and humans significantly outperforms the LJ

LJ CSG
Qwen2-72B 56.39% 52.03%

Qwen2.5-72B 62.18% 54.51%
Qwen2-72B vs Qwen2.5-72B 5.79% 2.48%

Llama3-70B 62.18% 59.55%
Llama3.1-70B 53.70% 54.20%

LLama3-70B vs Llama3.1-70B 8.48% 5.35%
Qwen2.5-72B vs Llama3.1-70B 8.48% 0.31%
Inconsistency with Human 24.35% 8.68%

formation deemed necessary by the LLM. There-
fore, we assess retrieval using Precision@kavg =
1
m

(∑m
i=1

|{D∈Dk(qi)|D∈D̂(qi)}|
k

)
, and Dk(qi) de-

notes the top k documents retrieved by the retriever.
Entire RAG system To evaluate the overall

RAG system, existing metrics include the Exact
Match (EM) and LLM-as-a-Judge (LJ) (Gu et al.,
2025). The EM can provide stable evaluations but
lacks robustness for complex responses and is sen-
sitive to formatting variations. The LJ leverages
LLM to assess the alignment between generated
and reference answers, thereby mitigating some
limitations of EM, but it can suffer from evalua-
tion instability. To address these limitations, we
introduce the Criteria-based Score for Generation
(CSG), s ≡LLM Âi means the LLM confirms that
s matches Âi:

CSG =
1

m

m∑

i=1

∣∣{ s ∈ S(qi) | s ≡LLM Âi}
∣∣

|wi|
.

(4)
In the formula, m is the number of queries; for

each qi, S(qi) is the set of supporting sentences
derived via M1 and M2, and |wi| ≡ |S(qi)|. The
predicate s ≡LLM Âi denotes the LLM’s criterion-
aligned judgment that sentence s satisfies the per-
question rubric associated with Âi. We provide

complete variable definitions in Appendix A.6.
From Table 2, we observe that the consistency

of CSG is superior. This is primarily because the
detailed criteria customized for each question in
CSG can mitigate the problem of instability asso-
ciated with using LLM-as-a-Judge alone. Similar
conclusions have also been reached by other work,
such as (Wei et al., 2025a) and (Kim et al., 2025).

5 Evaluation

5.1 Setup
We use Qwen2.5-72B-Instruct. When generat-
ing data, we randomly sampled a subset of corpus
documents for synthesis (see Table 7). Empiri-
cally, this limited synthesis was sufficient to yield
substantial gains in domain-specific retrieval, as
evidenced by our main and ablation results. A
preliminary breakdown of resource usage is pro-
vided in Appendix A.7. Additional details of the
synthesized training data are summarized in Ap-
pendix A.3.

Main Experiments: The main experiment in-
volves fine-tuning the retriever with synthetic data
to enhance the performance and robustness of the
retriever.

Based on the MTeb leaderboard (Muennighoff
et al., 2023), we chose 6 models of varying
sizes and contexts that exhibited the best re-
trieval performance. The selected retrieval models,
with their size and context length (CL): stella
_en_400M_v5 (Zhang et al., 2025) (435M, CL
8192), gte-multilingual-base (Alibaba-NLP)
(611MB, CL 8192), snowflake-arctic-embed-m
-long/v1.5 (Merrick, 2024), (547M, CL 2048;
109M, CL 512), rubert-tiny-turbo (Sergeyzh)
(117M, CL 2048), and MedEmbed-small-v0.1
(Krishnappa, 2025) (33M, CL 512). We optimize
the retriever using contrastive loss (Izacard et al.,
2022) and ANCE sampling (Xiong et al., 2021).
For convenience, we used the same hyperparame-
ters across all experiments. Due to limitations in
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Table 3: Improvements to the retriever. Blue text indicates performance improvement. ORI represents the retrieval
performance of fully answerable queries on the unoptimized retriever, BEF denotes performance on the unoptimized
retriever when data has partial clue completeness. As shown, BEF underperforms compared to ORI, indicating that
the existing retriever struggles with domain-specific corpora. After optimization, all retrievers achieve consistent
performance improvements across all datasets.

Precision@3 (% / 100)
Games Mediguides

Hearthstone Zelda Drug Mayoclinic
ORI BEF AFT (%) ORI BEF AFT (%) ORI BEF AFT (%) ORI BEF AFT (%)

stella_en_400M_v5
(Zhang et al., 2025)

SH 26.78 20.94 32.22 53.87 34.48 30.68 49.88 62.58 69.49 62.61 72.24 15.38 49.07 49.45 60.17 21.68
MH 13.55 12.38 23.98 93.70 11.11 8.33 25.97 211.8 32.97 22.09 46.51 110.6 31.98 30.33 37.71 24.33

gte-base-multilingual
(Alibaba-NLP)

SH 34.02 25.15 41.26 64.06 43.18 36.55 51.96 42.16 65.38 50.70 71.48 40.99 56.15 56.03 68.33 21.95
MH 24.66 23.73 33.67 41.89 20.27 22.34 30.56 36.79 36.98 18.22 53.35 192.8 37.32 34.83 46.62 33.85

snowflake-arctic-m-long
(Merrick, 2024)

SH 8.74 9.54 36.43 281.9 13.29 15.65 44.58 184.9 32.32 18.88 75.51 300.0 24.59 20.58 68.57 233.2
MH 7.31 9.36 36.50 290.0 6.58 9.42 26.60 182.4 15.03 10.17 56.22 452.8 16.10 13.89 48.57 249.7

snowflake-arctic-v1.5
(Merrick, 2024)

SH 9.08 12.39 33.21 168.0 11.80 19.56 46.09 135.6 43.95 54.12 70.34 29.97 21.11 36.18 66.99 85.16
MH 9.32 14.67 36.21 146.8 4.53 9.42 31.52 234.6 35.97 39.05 45.54 16.62 25.36 31.98 47.82 49.53

rubert-tiny-turbo
(Sergeyzh)

SH 0.23 0.00 9.17 ∞ 2.41 1.22 10.64 772.1 7.87 3.30 19.26 483.6 12.99 9.01 22.53 150.1
MH 0.00 0.00 8.67 ∞ 0.00 0.00 8.57 ∞ 1.82 1.65 13.18 698.8 10.68 8.11 21.65 167.0

MedEmbed-small-v0.1
(Krishnappa, 2025)

SH 28.05 20.94 29.62 41.45 37.92 27.75 43.30 56.04 65.74 55.51 71.61 29.00 56.84 53.59 63.82 19.09
MH 26.28 23.73 32.12 35.36 19.55 14.86 31.40 111.3 46.90 35.85 54.77 52.78 39.32 38.14 47.98 25.80

computational resources, we used LoRA with a rel-
atively big rank to train uniformly for 10,000 steps
with a learning rate of 2e-5. For detailed training
parameters, please refer to the Appendix A.4.

Generalization Experiments: We evaluated the
generalization performance of the trained models
on the remaining 4 corpora.

Overall RAG System Improvement Experi-
ments: For the entire RAG system, users care
whether it can effectively solve their queries. We
believe that optimizing the retriever can enhance
the overall performance. We select 4 baselines:
Vanilla (Guu et al., 2020; Borgeaud et al., 2022),
RR (Retrieve and Rank) (He et al., 2023), where 3
results are retained per retrieval and 5 results are
kept for generation after aggregating; Flare Style
RAG (Jiang et al., 2024), which initially generates
a sentence using a planner, then uses this sentence
for retrieval to verify its accuracy, iterating up to
a maximum of 8 times; and ReACT (Yao et al.,
2023), where the planner independently decides
when to retrieve, aggregate, and stop, with a max-
imum of 8 interactions. The base model in use
remains Qwen2.5-72B-Instruct.

5.2 Main Experiments
Table 3 demonstrates the performance improve-
ments. It can be observed that existing retrievers
perform poorly when faced with domain-specific
queries. However, their performance can be signif-
icantly improved after optimizing with DRAGON.
For convenience, we used the same hyperparame-
ters across all experiments. As a result, models may
not achieve optimal performance, indicating room

for improvement. Additionally, we can clearly see
that some retrievers trained on general data perform
very poorly. This further underscores the impor-
tance of an automated RAG data synthesis frame-
work tailored to specific domains for enhancing
retriever performance.

5.3 Ablation Experiments
Table 4 presents the performance of our various
data augmentation methods, specifically logical
transformations and completeness transformations,
across different domain datasets. It is evident that
the new data synthesized through logical and com-
pleteness transformations significantly enhances
the retriever’s effectiveness on domain-specific
data. This approach facilitates a deeper understand-
ing of domain-specific datasets by the retriever.

More ablation study results about the retriever
are reported in Appendix A.8.

5.4 Generalization Experiments
Tables 5 present the performance of retrievers
when fine-tuned on Zelda and applied to other
datasets. It is evident that the data fine-tuned with
DRAGON generalizes well to out-of-domain tasks
for retrievers. This implies that logical transfor-
mations and completeness transformations are not
only effective for training in specific domains but
also possess a certain degree of generalization ca-
pability for out-of-domain problems.

5.5 Overall RAG System Experiments
Tables 6 show the performance improvements
across the entire RAG system when using a fine-
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Table 4: Through continuous transformation of original questions, additional improvements can be achieved beyond
those gained from domain-specific fine-tuning.

Precision@3 (% / 100)
Games Mediguides

Hearthstone Zelda Drug Mayoclinic
SH MH SH MH SH MH SH MH

stella_en_400M_v5
(Zhang et al., 2025)

w/o Logical Transformation 28.32 20.18 45.23 22.24 65.23 41.98 55.32 30.21
w/o Compleness Transformation 25.54 18.23 43.33 21.45 64.32 39.32 52.76 32.22

Full 32.22 23.98 49.88 25.97 72.24 46.51 60.17 37.71

snowflake-arctic-v1.5
(Merrick, 2024)

w/o Logical Transformation 28.28 34.32 43.78 28.75 64.32 38.32 60.21 44.87
w/o Compleness Transformation 26.21 30.21 41.76 25.69 62.23 40.22 57.43 43.76

Full 33.21 36.21 46.09 31.52 70.34 45.54 66.94 47.82

MedEmbed-small-v0.1
(Krishnappa, 2025)

w/o Logical Transformation 28.32 32.56 41.23 26.43 63.42 47.32 58.34 42.23
w/o Compleness Transformation 25.38 30.34 37.24 24.24 62.56 50.35 53.43 45.34

Full 29.62 32.12 43.30 31.40 71.61 54.77 63.82 47.98

Table 5: The retriever fine-tuned on Zelda consistently enhances the retrievers on other domains.

Universities Documentation Games Mediguides
Stanford Berkeley Cyotek Notion Hearthstone Drug MayoclinicPrecision@3 (% / 100)

SH MH SH MH SH MH SH MH SH MH SH MH SH MH

BEF 59.52 27.05 37.96 15.79 47.80 25.72 13.77 2.21 20.94 12.38 62.61 22.09 49.45 30.33
AFT 61.90 31.72 39.19 16.52 51.22 29.31 14.49 3.39 25.40 18.11 63.24 25.48 52.98 32.13

stella_en_400M_v5
(Zhang et al., 2025)

(%) 3.40 14.72 3.24 4.62 7.15 13.96 5.23 53.39 21.30 46.28 1.01 15.35 7.14 5.93
BEF 48.41 24.77 26.04 10.22 40.33 26.44 11.74 3.98 12.39 14.67 54.12 39.05 36.18 31.98
AFT 59.13 28.54 39.93 13.20 51.38 30.53 18.20 4.26 24.41 24.61 66.79 44.96 56.64 39.79

snowflake-arctic-v1.5
(Merrick, 2024)

(%) 22.14 15.22 53.34 29.16 27.40 15.47 55.03 7.04 97.01 67.76 23.41 15.13 56.55 24.42
BEF 55.56 23.40 35.26 12.81 43.90 25.22 12.69 2.36 20.94 23.73 55.51 35.85 53.59 38.14
AFT 58.73 28.77 37.97 14.80 48.13 32.18 15.69 3.78 29.24 28.51 67.17 43.80 57.13 41.22

MedEmbed-small-v0.1
(Krishnappa, 2025)

(%) 5.71 22.95 7.69 15.53 9.64 27.60 23.64 60.17 39.64 20.14 21.01 22.18 6.61 8.08

Table 6: The DRAGON-optimized retriever consistently enhances the performance of both single-hop and multi-hop
RAG across various methods. This improvement primarily stems from the retriever’s enhanced understanding of
the fine-grained semantics in user queries, enabling the LLM to obtain more robust retrieval results with fewer
interaction steps through more casual sub-queries. SH stands for Single Hop, and MH stands for Multi Hop.

Precision@3
(% / 100)

ReACT Style
(Yao et al., 2023)

vanillaRAG
(Gao et al., 2024)

Flare Style
(Jiang et al., 2024)

RR Style
(He et al., 2023)

4-Iter 8-Iter
SH MH SH MH SH MH

SH MH SH MH

stella_en_400M_v5
(Zhang et al., 2025)

BEF 51.52 39.43 39.05 53.22 49.00 43.88 51.86 57.40 57.62 53.79
AFT 52.45 43.32 43.23 55.23 53.24 45.72 55.34 60.23 62.34 56.43
(%) 1.81 9.87 10.93 3.78 8.65 4.19 6.71 4.93 8.19 4.91

snowflake-arctic-v1.5
(Merrick, 2024)

BEF 45.19 39.88 38.19 44.99 37.05 34.76 50.12 59.48 53.40 50.57
AFT 46.95 42.38 42.19 47.17 40.21 41.85 55.23 58.14 57.57 55.25
(%) 3.89 6.27 10.47 4.85 8.53 20.40 10.20 2.25 7.81 9.25

MedEmbed-small-v0.1
(Krishnappa, 2025)

BEF 45.47 40.41 44.92 39.94 40.33 32.54 46.80 58.43 50.73 53.40
AFT 45.66 44.95 44.05 44.35 43.16 41.62 54.95 66.77 54.11 52.84
(%) 0.42 0.42 1.94 11.04 7.02 27.90 17.41 14.27 6.63 1.05

tuned retriever. It is evident that a robust retriever
can lead to steady enhancements in the overall per-
formance of the RAG system. This improvement
may primarily stems from the enhanced robustness
of the retriever to queries, achieved through train-
ing with completeness data, which develops robust
adaptability to various queries and subqueries. Our
retriever not only retrieves queries and documents

with direct semantic correspondence more accu-
rately but also demonstrates strong robustness in
cases where queries and documents are partially
misaligned.

6 Conclusion

In this work, we introduced DRAGON, a frame-
work for synthesizing RAG data that captures the
complex relationships between queries, documents,
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answers, and supporting clues. DRAGON enables
the generation of diverse, domain-specific datasets
with varying logical complexities and clue com-
pleteness, enhancing the robustness of retrievers.
We also develop DRAGONBENCH, a benchmark
spanning 8 document corpora across 4 domains.
The extensive experiments demonstrated signifi-
cant improvements in retriever performance across
multiple domains and the RAG paradigm. These re-
sults validate the effectiveness and generalizability
of DRAGON.

7 Limitations

The types of synthesis and evaluation ques-
tions are limited. The existing implementation
of DRAGON concentrates on generating fact-based
QA data with deterministic answers, rather than
tackling more complex questions that involve logi-
cal reasoning across different entities within docu-
ments. This issue is not unique to our work; current
research also focuses on evaluating "factual ques-
tions" for ease of assessment. Further exploration
of open-ended questions remains necessary.

Assessing the Authenticity of Benchmark
Questions. We cannot guarantee that the questions
we construct reflect those that would be genuinely
asked by humans in the real world. We believe
this is something that cannot be ensured for most
existing RAG evaluations, as their QA datasets are
rarely collected from real-world scenarios. Instead,
they are often crowdsourced or generated by lan-
guage models. However, we do not see this as
entirely necessary, as we have conducted general-
ization experiments that demonstrate the model’s
ability to generalize to some extent.

Limitations of Domain Selection. Our research
focuses on domain-specific retrieval optimization
up to RAG system optimization. We have made
efforts to collect publicly available domain-specific
datasets that we consider valuable and have used
LLMs for data cleansing. However, in the real
world, domain-specific data is more complex, and
we cannot cover all possible scenarios.
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A Appendix

A.1 Detailed Source Data Cleaning
Procedures

The source data we obtained is from web pages.
Therefore, we conducted the following data clean-
ing processes: extracting the main HTML content
to eliminate irrelevant information, redirecting hy-
perlinks to convert them into local links, and con-
verting files of different formats, such as extracting
the main content from HTML and converting PDFs
to text. Subsequently, we processed the resulting
files using Qwen2.5-72B-Instruct to further re-
move any potentially invalid information from the
original files. A cleaned sample prompt is as fol-
lows:

System & User Prompts

System Prompt
You are an assistant tasked with cleaning
and formatting text converted from HTML or
PDF documents. The goal is to remove
unnecessary content like formatting errors,
irrelevant metadata, conversion artifacts,
advertisements, logos, login pages, navigation
menus, footers, social media buttons,
copyright notices, terms and conditions, empty
lists, incomplete sections, and other pages
lacking useful content, while keeping the text
true to the original meaning. Do not change the
meaning of any part of the document. Ensure the
output follows clean Markdown formatting.

User Prompt
Your task is to: 1. Remove all irrelevant or
incomplete content mentioned. 2. Correct any
formatting issues and output the text in proper
Markdown format. 3. Keep the original meaning
and content as accurate as possible.
Here is the text:
{content_chunk}

A.2 Detailed Bench Construction Procedures
and Examples

Our goal is to enhance retrieval and overall RAG
system performance on domain-specific datasets.
To achieve this, we need an evaluation benchmark
to assess retrieval and RAG performance on these

datasets. We established this benchmark using the
following methods: (1) Single-hop Questions: Af-
ter segmenting selected documents, each segment
is randomly assigned to a domain-specific expert
(e.g., Zelda enthusiasts or Hearthstone fans). These
experts generate 3-6 questions per document seg-
ment using their perspective, assisted by LLMs
or Google; (2) Multi-hop Questions: We lever-
aged the entity relationship graph component from
DRAGON to link multiple documents. Annotators
were provided with documents connected by the
same entity or relationship and tasked with gener-
ating 3-6 questions based on these documents. The
corresponding answer sentences and answers were
also recorded. All annotations are the author.

The questions generated from these steps are
typically direct Q&A questions targeting entities
or relationships. To simulate the variety of ques-
tions people might ask in real scenarios, we further
enhanced each question by having different indi-
viduals modify them in various ways, such as intro-
ducing ambiguity, adding constraints, or including
unanswerable yet related parts.

Question Generation Instructions

1. Inputs
• Single-hop: one document segment ( 1–2
paragraphs on a single topic)
• Multi-hop: a small set (2–4) of segments
linked by shared entities or relations
2. For each input, write 3–6 questions:
a. Single-hop questions must be answerable by
reading only that one segment.
b. Multi-hop questions must require combining
facts from all segments in the set.
3. Question style
• Focus on factual queries
(Who/What/When/Where/How many/How).
• Keep each question clear and unambiguous.
• Do not introduce information not present in
the segment(s).
4. Answer annotation
For each question, provide:
a. The exact sentence(s) from the segment(s)
containing the answer (extractive span).
b. The concise answer text.

Finally, all generated questions were filtered us-
ing LLMs based on metrics like practical value, re-
sulting in our final set of questions. Subsequently,
we developed detailed scoring criteria for each
problem, which were then verified manually.

The compensation for generating each question
is based on local pricing, that is 1 RMB per ques-
tion in China, with additional payments for each
enhanced variation.

A sample question is as follows:
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A Question example

How many Side Quests are there in total in The
Legend of Zelda: Breath of the Wild and its
DLC Packs?

A transformed sample is as follows:

A Transformed Example

How many Side Quests were added to The Legend
of Zelda: Breath of the Wild and its DLC Packs,
and how does this number compare to the number
of Side Quests in The Witcher 3: Wild Hunt?

An example of a scoring criterion is as follows:

Scoring Criterion Example

(1) Award 1 point if the response indicates that
the respondent provides the correct quantity.
(2) Award 1 point if the response indicates
that the respondent is unaware of the number
of side quests in *The Witcher 3: Wild Hunt*.

A.3 Details of the Synthetic Training Data

Considering the practical application value, we did
not synthesize data from the entire corpus. In-
stead, we randomly sampled a subset of documents
for data synthesis. The specific number of sam-
pled documents is shown in the Table 7 under #
Selected Docs for Synthesizing Data. In the
table, # Original Docs refers to the number of
documents obtained after cleaning the raw data. #
Selected Docs as Corpus indicates the number
of documents used as the retrieval corpus, and #
Selected Docs for Constructing Bench refers
to the documents used for building the evaluation
QA set.

A.4 Detailed Training Parameters

Training settings are as follows: batch size of 32, 3
epochs, learning rate of 2e-5. All document indices
are updated every 5 steps. The loss margin is set to
0.3. For LoRA, the rank is set to 128, alpha is set
to 32, and dropout is set to 0.1.

A.5 Expert Annotator Qualifications

Games (Zelda, Hearthstone). We recruited
three enthusiasts: one knowledgeable in both do-
mains and two domain-focused. For Zelda, two
long-time Nintendo players each reported playing
at least four mainline titles (average playtime >100
hours). For Hearthstone, two annotators reported
average playtime >300 hours.

Medical (Drug, Mayoclinic). We recruited two
graduate students in medical fields at a top-tier uni-
versity. While not experts on every subtopic, both
possess foundational biomedical knowledge and at
least one focused area relevant to the corpora.

Universities & Documentation (Stanford, Berke-
ley, Cyotek, Notion). These domains require no
deep specialization; four student annotators per
dataset were recruited based on prior familiarity
(e.g., having browsed the relevant websites or used
the software).

Quality control. All annotators followed
question-generation and verification rubrics; two
rounds of review were conducted for scoring
rubrics prior to inclusion in the benchmark.

A.6 CSG Definitions
We list key symbols used in CSG. For query qi,
let Ai denote the reference answer, S(qi) the set
of supporting sentences mapped via M1 (answer-
to-clue) and M2 (clue-to-document/sentence), and
wi ≡ |S(qi)|. The predicate s ≡LLM Âi means
the LLM, given the per-question rubric, confirms
that sentence s satisfies the criterion linked to Âi.

A.7 Preliminary Computational Cost Analysis
Synthesis scope. We intentionally synthesize
from a subset of documents per corpus (see Ta-
ble 7), which reduces data-generation overhead
while remaining effective empirically.

API/LMM costs. Across all syntheses and filter-
ing steps, the total API expenditure was approxi-
mately 200 USD.

A.8 Full Ablation Results Across All
Retrievers

This section reports the extended ablations (“w/o
logical transformation” and “w/o completeness
transformation”) for all retrievers evaluated in the
main experiments, across all domains. Please refer
to Table 8 for details.
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Table 7: Original document count, documents serving as the corpus (i.e., documents in our actual corpus), documents
used for data synthesis, documents used for evaluation construction.

Games Mediguides Universities Documentation
Hearthstone Zelda Drug Mayoclinic Stanford Berkeley Cyotek Notion

# Original Docs 10665 15695 77348 2542 65 280 808 475

# Selected Docs as Corpus 10665 15695 24733 2542 65 280 808 475

# Selected Docs for Synthesizing Data 870 873 826 862 / / / /

# Selected Docs for Constructing Bench 100 100 100 100 65 100 100 100

Table 8: Extended ablation across all evaluated retrievers (Precision@3 ↑). Columns correspond to the 8 domain-
specific datasets: Zelda, Hearthstone, Drug, Mayo, Stanford, Berkeley, Cyotek, Notion. “Full (ours)” uses both
logical and completeness transformations; the two ablations remove one transformation at a time.

Method Zelda Hearthstone Drug Mayo Stanford Berkeley Cyotek Notion

gte-base-multilingual
w/o Logical Transformation 40.03 29.47 49.53 30.42 67.48 50.38 66.23 43.56

w/o Completeness Transformation 38.86 27.34 45.48 28.34 67.34 48.31 65.23 42.34

Full (ours) 41.26 33.67 51.96 30.56 71.48 53.35 68.33 46.62

snowflake-arctic-m-long
w/o Logical Transformation 33.96 32.13 42.43 24.45 72.48 51.23 63.96 45.32

w/o Completeness Transformation 34.63 34.48 42.13 23.45 72.36 52.13 64.57 43.76

Full (ours) 36.43 36.50 44.58 26.60 75.51 56.22 68.57 48.57

rubert-tiny-turbo
w/o Logical Transformation 9.10 7.23 9.32 8.12 17.31 11.07 20.13 19.45

w/o Completeness Transformation 9.29 8.23 9.47 8.21 16.13 11.18 17.23 18.54

Full (ours) 9.17 8.67 10.64 8.57 19.26 13.18 22.53 21.65

1078


