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Abstract

Multi-hop question answering (QA) requires
integrating evidence across multiple documents
and reasoning over interdependent interme-
diate steps, posing significant challenges for
retrieval-augmented generation (RAG) systems.
While recent RAG-based approaches inter-
leave retrieval and reasoning to improve factual
grounding, they often struggle with complex
multi-hop questions due to retrieval–reason
mismatch, ignored dependencies among sub-
questions, and error propagation during decom-
position. In this work, we propose SDRAG, a
sub-question dependency-aware RAG frame-
work that explicitly models the intrinsic logic
of multi-hop questions as a dependency graph.
SDRAG first decomposes the question into
fine-grained sub-questions and explicitly mod-
els their dependency relations, then refines the
graph by pruning unreliable or redundant nodes,
and finally traverses the pruned graph to co-
ordinate retrieval and reasoning. To improve
graph construction quality, we further intro-
duce a supervised fine-tuning strategy that in-
dependently trains task-specific LoRA adapters
for decomposition, dependency prediction, and
pruning. Experiments on three common multi-
hop QA benchmarks show that SDRAG con-
sistently outperforms strong RAG-based base-
lines, while additional analyses demonstrate the
effectiveness of dependency modeling, graph
pruning, and fine-tuning. Code is available at
https://github.com/qsuzer/SDRAG.

1 Introduction

Multi-hop Question Answering (MHQA) requires
models to retrieve evidence across multiple docu-
ments and synthesize it through multi-step reason-
ing (Yang et al., 2018; Mavi et al., 2024), serving as
a rigorous benchmark for evaluating the reasoning
capabilities of AI systems.

*Corresponding author.

Large Language Models (LLMs) have demon-
strated remarkable reasoning capabilities (Achiam
et al., 2023; Ke et al., 2025), but they remain prone
to hallucination and stale knowledge when answer-
ing knowledge-intensive questions. This motivates
the development of Retrieval-Augmented Gener-
ation (RAG), which grounds the generation pro-
cess in external corpora to enhance factual accu-
racy (Lewis et al., 2020). To further support com-
plex reasoning, recent studies have explored the
integration of RAG with Chain-of-Thought reason-
ing, interleaving retrieval with intermediate reason-
ing steps to progressively refine the answer (Trivedi
et al., 2023). However, existing RAG-based meth-
ods still struggle with complex multi-hop questions
due to three critical issues:

(1) Retrieval–Reason Mismatch. Multi-hop
questions often require fine-grained intermediate
evidence that is not explicit in the original query.
As shown in Figure 1, increasing Top-K enlarges
the retrieved context but yields saturated gains, in-
dicating that simply retrieving more documents
cannot resolve this mismatch.

(2) Dependency Ignorance. Planning RAG ef-
fectively reduces reasoning complexity by breaking
down complex queries into sub-questions, which
are commonly executed in either a sequential or
parallel manner. However, both paradigms may
suffer from dependency ignorance. As shown in
Figure 2, subsequent sub-questions rely on answers
from preceding steps to resolve ambiguity. Ignor-
ing such dependencies leads to missing critical en-
tities across retrieval stages, causing cascading re-
trieval and reasoning failures.

(3) Error Propagation. LLM-generated decom-
positions may contain noisy or misaligned sub-
questions. Without verification, such nodes are
executed as part of the reasoning plan and can prop-
agate errors to downstream retrieval and inference
steps.

To systematically address these challenges, we
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Figure 1: Standard RAG performance (ACC and EM) and input token length across three benchmarks as Top-K
increases from 6 to 30.

Figure 2: Sequential and parallel decomposition outputs
for an example multi-hop question, illustrating two com-
mon failure modes: dependency ignorance (red text
and red dashed arrows) and noisy sub-questions (pink
nodes).

propose SDRAG, a dependency-aware RAG frame-
work that reformulates MHQA as a dynamic graph
traversal process. For (1) and (2), SDRAG first em-
ploys a Dependency-Aware Graph Construction
module, which maps sub-questions to graph nodes
and models their logical dependencies as directed
edges. This graph exposes the latent reasoning
structure of the original question and provides step-
specific retrieval targets. SDRAG then performs
Graph Topological Traversal, dynamically coor-
dinating retrieval and reasoning according to the

dependency structure so that evidence from pre-
decessor nodes can be propagated to downstream
steps. For (3), SDRAG introduces a Pruning-
driven Graph Refinement mechanism that filters
low-quality or redundant nodes before traversal, re-
ducing error propagation and producing a more ro-
bust reasoning chain. However, lightweight LLMs
tend to struggle with graph construction, exhibiting
issues such as over-decomposition or aggressive
pruning. We introduce task-specific fine-tuning for
decomposition, dependency analysis, and pruning.

Our contributions are threefold: (1) We propose
SDRAG, a dependency-aware RAG framework
that models multi-hop QA with a question-side
sub-question dependency graph, enabling retrieval
and reasoning to follow the intrinsic dependency
structure of the question. (2) We introduce a task-
specific fine-tuning strategy that trains separate
LoRA adapters for decomposition, dependency
analysis, and pruning, improving the reliability
of graph construction for lightweight models. (3)
Experiments on three multi-hop QA benchmarks
show that SDRAG outperforms strong RAG-based
baselines, improving over DualRAG by 5.1 EM
points on average; task-specific fine-tuning further
improves Llama-3.1-8B performance by 2.2 EM
points on average.

2 Related Work

MHQA MHQA requires models to retrieve evi-
dence across multiple documents and synthesize it
through logical reasoning (Mavi et al., 2024), mak-
ing it a key benchmark for evaluating retrieval and
reasoning ability.

LLMs have become a dominant approach for
MHQA owing to their strong pre-trained knowl-
edge and reasoning capabilities. Existing LLM-
based methods fall into two paradigms. The first
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Figure 3: Overview of SDRAG. The framework consists of two stages: (1) Graph Construction, including
query decomposition, dependency analysis and pruning judgment; and (2) Graph Traversal, which performs
context-aware rewriting, retrieval, and reasoning. Task-specific LoRA adapters are trained for graph construction.

paradigm is prompting strategies (Marvin et al.,
2024; Kojima et al., 2022; Bandyopadhyay et al.,
2025), which elicit the intrinsic reasoning ability
of LLMs, represented by CoT (Wei et al., 2022),
Complexity-based Prompting (Fu et al., 2023), and
Self-Consistency (Wang et al., 2023b). Planning
methods further decompose complex queries into
manageable steps, such as Least-to-Most (Zhou
et al., 2023), and Plan-and-Solve (Wang et al.,
2023a). However, these methods still rely heav-
ily on static parametric knowledge and are prone
to hallucination (Lewis et al., 2020). The sec-
ond paradigm augments LLMs with retrieval (Izac-
ard and Grave, 2021; Borgeaud et al., 2022): IR-
CoT (Trivedi et al., 2023) interleaves retrieval
with intermediate reasoning, Self-Ask (Press et al.,
2023) identifies missing knowledge through self-
questioning, and FLARE (Jiang et al., 2023) trig-
gers retrieval based on uncertainty.

Despite their progress, these methods often
model reasoning as a linear or independent process,
overlooking dependency structures among inter-
mediate steps. In contrast, SDRAG reformulates
MHQA as graph traversal guided by topological
dependencies.

Retrieval-Augmented Generation RAG (Ar-
slan et al., 2024) improves LLMs on knowledge-
intensive tasks by grounding generation in external
corpus. Classic RAG follows the retrieve-then-
generate paradigm (Yu et al., 2023), using sparse

retrievers such as BM25 (Lù, 2024) or dense re-
trievers such as DPR (Karpukhin et al., 2020) and
Contriever (Izacard et al., 2022) to retrieve context.

For multi-hop reasoning, conventional RAG is
limited by shallow semantic matching and one-
shot retrieval. Iterative RAG methods (Trivedi
et al., 2023) address this by performing retrieval
and generation in multiple rounds, such as Iter-
RetGen (Shao et al., 2023) and Self-RAG (Asai
et al., 2024). However, most iterative methods still
follow fixed linear pipelines and do not explicitly
use the logical structure of the question.

Another line of work explores graph-based RAG,
where documents are organized as graph structures.
GraphRAG (Edge et al., 2024), HippoRAG (Gutiér-
rez et al., 2024), and LightRAG (Guo et al., 2025)
typically construct corpus-side knowledge graphs
and retrieve evidence through community search
or personalized PageRank. While these methods
construct corpus-side graphs and demonstrate the
value of graph structures for organizing external
knowledge, SDRAG constructs a question-side de-
pendency graph to model the reasoning structure
of each specific question.

3 Methodology

We propose SDRAG, a dependency-aware RAG
framework for multi-hop question answering.
Given a question Q and corpus C, SDRAG con-
structs a sub-question dependency graph, prunes
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unreliable nodes, and traverses the refined graph to
coordinate retrieval and reasoning.

3.1 Overview
As shown in Figure 3, SDRAG consists of two
stages. In Graph Construction, it decomposes the
input question into atomic sub-questions, predicts
their logical dependencies, and prunes redundant or
noisy nodes to obtain a refined dependency graph.
In Graph Traversal, it rewrites each sub-question
with predecessor context, retrieves targeted evi-
dence, and generates intermediate answers for final
synthesis. To improve graph construction, SDRAG
uses task-specific LoRA adapters for decomposi-
tion, dependency analysis, and pruning.

3.2 Graph Construction
Multi-hop questions are typically composed of
multiple interdependent reasoning steps. To cap-
ture such dependencies, we transform the original
question Q into an initial sub-question dependency
graph Ginit = (V,E), where nodes represent sub-
questions and directed edges represent logical de-
pendencies.

3.2.1 Query Decomposition
Given the original question Q, we employ an LLM-
based decomposer Mdecomp to generate a set of
atomic sub-questions:

Q = {q1, q2, . . . , qn}.

Each sub-question is expected to correspond to
a single reasoning step, and the generated sub-
questions form the node set V of the dependency
graph.

3.2.2 Dependency Analysis
Traditional decomposition RAG paradigms often
treat sub-questions as either independent or linear
sequences, overlooking their logical correlations.
We design a dependency analysis module to ana-
lyze all ordered sub-question pairs {qi, qj} (where
i < j) in Q, based on two core criteria:

The first is Explicit Entity Entailment. Shared
entities indicate a context dependency between sub-
questions. Let E(q) denote the set of named entities
extracted from sub-question q. We define the ex-
plicit dependency relation Rexp as follows: if the
intersection of their entity sets is non-empty, the
relation holds.

Rexp(qi, qj) ⇐⇒ E(qi) ∩ E(qj) ̸= ∅.

In this case, we add a directed edge qi → qj to
preserve the entity-level information flow.

The second is Implicit Reference Dependency.
If qj contains ambiguous pronouns that semanti-
cally point to the potential answer of qi, a depen-
dency exists. Let P (qj) be the set of pronouns in
qj , and Ans(qi) denote the answer of qi. We define
the implicit dependency relation Rimp as follows:

Rimp(qi, qj) ⇐⇒ ∃p ∈ P (qj),Ref(p) = Ans(qi),

where Ref(p) represents the semantic reference of
the pronoun p. In this case, a directed edge qi →
qj is added to ensure reference resolution during
inference.

Based on these criteria, we construct a binary de-
pendency matrix M ∈ {0, 1}n×n. To ensure that
the graph is acyclic, we strictly constrain depen-
dencies to satisfy the topological order i < j:

Mij = I
(
(i < j) ∧ (Rexp(qi, qj) ∨Rimp(qi, qj))

)
,

and thus obtain a DAG that explicitly encodes the
implicit multi-hop reasoning structure.

3.2.3 Graph Pruning
The initial graph may contain noisy or redundant
sub-questions introduced during decomposition.
Executing such nodes can retrieve irrelevant ev-
idence and propagate errors to downstream reason-
ing. To mitigate this problem, SDRAG refines the
initial graph by pruning low-quality nodes.

Given the current graph G(t) = (V (t), E(t)), we
consider leaf nodes as pruning candidates:

L(t) = {vi ∈ V (t) | Nout(vi) = ∅},

where Nout(vi) denotes the outgoing neighbors
of vi. We focus on leaf nodes because removing
them does not invalidate unresolved downstream
dependencies.

For each candidate node vi, the pruning model
first estimates a utility score with respect to the
original question:

si = Mscore(vi, Q), si ∈ {1, 2, 3, 4, 5}.

The score provides a fine-grained assessment of
whether the sub-question is necessary to answer Q.
Conditioned on this score and the question context,
the model then predicts a binary pruning label:

yi = Mlabel(vi, Q, si), yi ∈ {KEEP,PRUNE}.
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The final pruning action is determined by the pre-
dicted label:

Action(vi) = yi.

After a node is removed, its parent may become a
new leaf node. We therefore apply pruning itera-
tively until the graph no longer changes. The final
refined graph is denoted as G⋆.

This bottom-up refinement prevents unreliable,
redundant, or intent-shifted sub-questions from
being executed, while preserving the dependency
structure needed for downstream traversal.

3.3 Graph Traversal

The pruned graph G∗ serves as a structured rea-
soning blueprint. Instead of treating sub-questions
independently, SDRAG performs dynamic graph
traversal, where prior reasoning results are used
to guide subsequent retrieval. For a node vi, the
following operations are performed:

3.3.1 Context-aware Rewriting
To resolve retrieval ambiguity, we aggregate con-
textual information Hi from its predecessor nodes

Hi = {(qu, au) | u ∈ Nin(vi)}.

Then, we employ a rewriting model Mrewrite to
generate a semantically complete query q′i:

q′i = Mrewrite(qi,Hi).

3.3.2 Node-wise Retrieval and Reasoning
Using q′i, we retrieve the top-K documents Di and
generate the intermediate answer ai.

Di = Retrieve(q′i, C),
ai = Mgen(q

′
i, Di).

3.3.3 Final Answer Synthesis
After all nodes in G⋆ are processed, SDRAG syn-
thesizes the final answer from the complete traver-
sal trajectory:

TG = {(q′v, Dv, av)}v∈V ⋆ ,

A = Mgen(Q, TG).

Thus, SDRAG controls the flow of intermediate ev-
idence and answers through the dependency graph,
coordinating retrieval and generation according to
the question structure.

3.4 Task-Specific Fine-tuning
To improve the reliability of graph construction
with lightweight models (e.g., 8B parameters), we
introduce a supervised fine-tuning method for three
modules in SDRAG: question decomposition, de-
pendency analysis and graph pruning.

Training Data Construction. We utilize GPT-4o
to generate supervision signals based on the mixed
multi-hop QA dataset from PERQARAG (Liu et al.,
2025), covering 10 reasoning types. For each seed
question, the teacher model produces task-specific
supervision: (1) atomic sub-questions; (2) a depen-
dency adjacency matrix; and (3) pruning decisions
with utility scores and binary keep/prune labels. We
apply two-stage filtering to remove malformed out-
puts and instances with incorrect reasoning traces.
Full data construction details are provided in Ap-
pendix C.

Negative Construction for Pruning. The super-
vision of pruning task is highly imbalanced: most
naturally generated sub-questions are useful and
should be kept. As a result, the trained model tends
to under-detect noisy or redundant sub-questions.
To strengthen the pruning signal, we construct
synthetic negatives that simulate common failure
modes in decomposition.

We construct synthetic negatives in three ways:
intent-shift, entity-replace, and over-decompose
(see Appendix C for details). These negatives are
paired with pruning supervision so that the model
learns not only whether a node should be removed,
but also why it is less useful for solving the origi-
nal question. We generate 2,838 intent-shift, 1,761
entity-replace, and 1,401 over-decompose exam-
ples.

Task-specific LoRA Training. Three tasks have
different output spaces and decision criteria. Train-
ing a single adapter for all tasks may therefore intro-
duce task interference. Instead, we train three task-
specific LoRA adapters on the same base model,
denoted as Adec, Adep, and Aprune.

For each task t ∈ {dec, dep,prune}, and the
corresponding adapter At is optimized with the
standard autoregressive negative log-likelihood ob-
jective:

Lt = − 1

|yt|

|yt|∑

i=1

log pθ,At(yt,i | yt,<i, xt),

where θ denotes the frozen base model parame-
ters and At denotes the trainable LoRA parameters
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Table 1: Main results comparison including Non-Retrieval, RAG & Iterative RAG, Planning RAG, and Graph-based
RAG. Bold and underline denote the best and second-best performance within each setting, respectively.

Categories Methods
HotpotQA 2WikiMultiHopQA MuSiQue

EM Acc F1 EM Acc F1 EM Acc F1

Base LLM: Qwen2.5-32B-Instruct

Non-Retrieval Direct LLM 15.2 22.4 16.8 11.5 22.0 13.8 7.9 10.5 16.5
CoT 20.3 36.8 17.4 14.0 40.6 20.5 6.0 17.4 10.1

RAG &
Iterative RAG

Standard RAG 23.3 27.4 32.3 19.8 32.5 23.2 14.2 18.8 21.3
IRCoT 23.6 44.1 35.2 23.1 35.7 23.2 12.4 25.1 19.8
DualRAG 37.0 34.8 38.0 38.6 49.9 45.6 22.0 34.5 32.8
GenGround 29.0 45.5 35.0 39.2 42.2 38.9 28.0 36.0 38.9

Planning
RAG

DecomposedRAG 29.9 47.5 31.2 22.9 54.3 25.0 10.3 30.0 19.1
PERQARAG 36.6 30.9 33.1 37.3 44.5 43.4 23.6 30.4 31.9
SDRAG 40.6 51.7 52.2 44.5 56.6 53.4 28.5 40.2 39.8

Base LLM: Llama-3.1-8B-Instruct

Non-Retrieval Direct LLM 10.1 20.3 9.7 10.7 24.5 21.5 4.5 8.4 11.1
CoT 10.5 22.2 13.9 14.0 22.1 19.4 2.9 11.5 5.8

RAG &
Iterative RAG

Standard RAG 16.0 26.1 28.4 12.8 29.0 24.2 7.9 12.0 15.6
IRCoT 16.4 31.4 13.6 13.5 30.3 16.2 11.7 13.1 14.2
DualRAG 29.9 37.5 41.6 25.9 35.4 34.9 12.8 17.3 21.9
GenGround 21.7 27.4 30.3 19.3 28.1 26.3 10.5 14.0 18.8

Planning
RAG

DecomposedRAG 22.7 32.0 33.0 16.8 31.3 18.2 10.2 15.6 18.5
PERQARAG 26.7 29.7 35.0 26.0 29.6 31.6 23.1 27.3 30.3
SDRAG 32.0 37.1 42.9 27.4 34.6 33.7 24.0 31.2 33.7
SDRAG-FT 35.0 44.9 45.7 30.0 37.9 36.3 24.9 33.4 33.3

Graph-based
RAG

HippoRAG 41.8 51.8 53.4 40.0 50.2 45.4 17.6 24.3 25.5
SDRAG-KC 44.3 54.6 56.9 41.2 49.2 45.8 22.1 31.5 30.0

for task t. We further balance the training data,
resulting in 6,457 samples for each task. During
inference, SDRAG loads the single base model
and dynamically switches the active LoRA adapter
according to the current graph-construction stage.

4 Experiments

We evaluate SDRAG through extensive experi-
ments on multiple multi-hop question answering
benchmarks.

4.1 Datasets and Metrics

We evaluate SDRAG on three representative multi-
hop QA benchmarks: HotpotQA, 2WikiMulti-
HopQA, and MuSiQue. Due to computational
constraints, we randomly sample 1,000 questions
from the validation or test set of each dataset. We
report Exact Match (EM), Accuracy (Acc/Cover-
EM), and token-level F1.

4.2 Baselines

We compare SDRAG with representative meth-
ods across different paradigms. (1) Non-Retrieval
Methods: Direct LLM and CoT (Wei et al., 2022),

which generate answers relying solely on paramet-
ric knowledge. (2) RAG & Iterative RAG: Stan-
dard RAG and iterative frameworks including IR-
CoT (Trivedi et al., 2023), GenGround (Shi et al.,
2024), and DualRAG (Cheng et al., 2025). (3)
Planning RAG: DecomposedRAG (Arslan et al.,
2024), which solves sub-questions independently,
and PERQARAG (Liu et al., 2025), which executes
retrieval over a static plan graph. (4) Graph-based
RAG: HippoRAG (Gutiérrez et al., 2024). We
also report SDRAG-KC, SDRAG under the same
retrieval corpus setting with HippoRAG.

4.3 Implementation Details

We use Qwen2.5-32B-Instruct and Llama-3.1-
8B-Instruct as backbone models. For retrieval,
we use the Wikipedia 2018 corpus as the general
retrieval corpus for all datasets. We encode pas-
sages with e5-base-v2 (Wang et al., 2022), build
FAISS indexes, and retrieve the top-6 passages
for each query as contextual evidence. All RAG

https://huggingface.co/Qwen/Qwen2.
5-32B-Instruct

https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct
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methods are implemented based on FlashRAG (Jin
et al., 2025) under the same corpus and retriever set-
tings. For task-specific graph-construction training,
we use Ms-Swift (Zhao et al., 2025) with LoRA
for parameter-efficient fine-tuning. Detailed fine-
tuning settings are provided in Appendix D.

4.4 Main Results
As shown in Table 1, SDRAG achieves the
strongest overall performance among RAG-based
and planning-based methods across both backbone
models and all three datasets. Averaged over six
settings, SDRAG improves over DualRAG by 5.1
EM points and over PERQARAG by 4.0 EM points.
This consistent advantage suggests that explicitly
modeling dependencies among sub-questions en-
ables the model to retrieve evidence in a more struc-
tured and reasoning-aware manner, rather than re-
lying on linear iterative retrieval or static planning.

Fine-tuning offers additional benefits. SDRAG-
FT improves over SDRAG by 2.2 EM points on
average with Llama-3.1-8B, showing that task-
specific LoRA fine-tuning effectively enhances
graph construction quality for smaller models. Un-
der HippoRAG corpus setting, SDRAG-KC out-
performs HippoRAG by 2.7 EM points on average
with Llama-3.1-8B, demonstrating that question-
side dependency graphs complement corpus-side
knowledge graphs for multi-hop reasoning.

Table 2: Ablation study using Qwen2.5-32B-Instruct.

Models Dataset EM Acc F1

SDRAG
HotpotQA 40.6 51.7 52.2

2Wiki 44.5 56.6 53.4
MuSiQue 28.5 40.2 39.8

w/o Pruning
HotpotQA 39.6 50.4 53.6

2Wiki 42.5 53.5 51.8
MuSiQue 26.9 35.1 33.5

w/o Updating
HotpotQA 32.5 39.7 44.5

2Wiki 27.5 35.6 35.6
MuSiQue 18.3 25.3 29.0

w/o Graph
HotpotQA 29.9 47.5 31.2

2Wiki 22.9 54.3 25.0
MuSiQue 10.3 30.0 19.1

4.5 Ablation Study
To analyze each component’s contribution, we con-
duct ablation studies using Qwen2.5-32B-Instruct
on three datasets. We compare the full model
against three variants: (1) w/o Pruning: removes
the graph pruning module; (2) w/o Updating: dis-
ables dynamic query rewriting during traversal; (3)

w/o Graph: removes dependency modeling, reduc-
ing to the DecomposedRAG paradigm.

Results in Table 2 indicate: (1) w/o Pruning
causes an average EM drop of 1.53, indicating that
decomposition introduces noisy or redundant sub-
questions that must be filtered to maintain reason-
ing quality. (2) w/o Updating leads to a larger drop
of 11.8 points, as without context-aware rewriting,
the retriever fails to resolve cross-hop dependen-
cies. (3) w/o Graph yields the worst degradation
(16.8 points), demonstrating that linear decomposi-
tion cannot capture complex multi-hop reasoning
structures.
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Figure 4: Graph node statistics under different decom-
position scales on 2Wiki. The number of retained nodes
saturates around 3.9 regardless of Nmax.

4.6 Sensitivity Analysis

We further analyze the robustness of SDRAG with
respect to two key hyperparameters:

Impact of Decomposition Scale We analyze the
impact of the maximum number of decomposed
questions (Nmax) on model performance using
Llama-3.1-8B-Instruct on 2WikiMultiHopQA. As
shown in Table 3, both EM and Acc improve con-
sistently as Nmax increases from 2 to 5, indicating
that finer-grained decomposition better captures the
intermediate reasoning steps and critical entities re-
quired for MHQA.

However, performance drops slightly at Nmax

Table 3: Performance under different decomposi-
tion scales (Nmax) on 2WikiMultiHopQA. The model
achieves optimal performance at Nmax = 5.

Nmax 2 3 4 5 6

EM (%) 22.9 25.0 26.8 27.4 26.2
Acc (%) 30.6 32.8 34.1 34.6 32.8
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Figure 5: Sensitivity analysis on 2WikiMultiHopQA: (a)
Model performance under different pruning thresholds
τ . (b) Distribution of utility scores assigned to sub-
question nodes.

= 6. As illustrated in Figure 4, the pruned graph
size remains stable despite the increased number
of sub-questions, suggesting that LLMs tend to-
ward over-decomposition by generating redundant
or irrelevant sub-questions beyond a certain scale.

Impact of Pruning Threshold. We further an-
alyze the effect of the pruning threshold τ using
Qwen2.5-32B-Instruct on 2WikiMultiHopQA. As
shown in Figure 5(a), performance follows an in-
verted U-shape, peaking at τ = 2, indicating that
filtering low-quality nodes (Score ≤ 2) effectively
reduces noise, while raising τ = 4 removes essen-
tial reasoning steps and causes a notable accuracy
drop. The score distribution in Figure 5(b) con-
firms this. Therefore, τ = 2 strikes the optimal
balance between noise reduction and information
preservation.

4.7 Efficiency Analysis

We conduct a holistic efficiency evaluation on
HotpotQA using five metrics: EM, F1, Latency,
Cost, and Retrieval Count. Specifically, for per-
formance metrics (EM, F1) where higher is bet-
ter, we map the values directly to the [0, 1] in-
terval. For cost-related metrics (Latency, LLM
Calls, Retrieval Count) where lower is better, we
apply inverted normalization. As shown in Fig-
ure 6, SDRAG achieves the best trade-off between
model performance and cost. Compared to Dual-
RAG, which relies on extensive iterative retrieval
steps to accumulate evidence, SDRAG significantly
reduces the number of both retrieval and reasoning
calls while achieving state-of-the-art performance
(32.0% EM). This demonstrates that SDRAG’s de-
pendency graph modeling and pruning effectively
streamline the retrieval process without sacrificing
answer quality.

EM Score
(16.4% - 32.0%)

F1 Score
(13.9% - 42.9%)

Infer. Speed
(21.3s - 61.6s)

Cost Effic.
(3.5 - 12.7)

Retr. Effic.
(2.4 - 5.6)

IRCoT
GenGround

PERQARAG
DualRAG

SDRAG

Retr. Effic. = average retrieval count.
Cost Effic. = average LLM call count.
Infer. Speed = average latency.

Figure 6: Holistic performance comparison on Hot-
potQA. SDRAG (red solid line) achieves the best trade-
off across five metrics.

Additional analyses, including graph structural
properties and case studies, are provided in Ap-
pendix E and J.

5 Conclusion

In this paper, we propose SDRAG, a dependency-
aware RAG framework that reformulates multi-
hop QA as traversal over a sub-question depen-
dency graph. By modeling sub-question depen-
dencies, pruning noisy nodes, and performing
context-aware retrieval, SDRAG addresses key lim-
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itations of planning-based RAG methods. We fur-
ther train task-specific LoRA adapters to improve
graph construction for lightweight models. Exper-
iments on three multi-hop QA datasets show that
SDRAG consistently outperforms strong baselines.
Fine-tuning further improves Llama-3.1-8B by 2.2
points on average.

Limitations

Although SDRAG improves multi-hop reasoning
by explicitly modeling sub-question dependencies,
it still has several limitations. First, dynamic
graph construction introduces additional compu-
tational latency compared with standard retrieve-
then-generate pipelines, since the model needs to
perform decomposition, dependency prediction,
pruning, and graph traversal before final answer
synthesis. Although pruning helps reduce redun-
dant reasoning steps, the overall inference cost
remains higher than that of simpler RAG meth-
ods. Second, our current dependency graph uses
binary directed edges to represent whether one sub-
question depends on another. This formulation is
simple and effective, but may oversimplify more
complex reasoning relations, such as soft dependen-
cies, conditional dependencies, or multiple relation
types among intermediate reasoning steps.

Ethical Considerations

This work uses publicly available multi-hop
QA datasets (HotpotQA, 2WikiMultiHopQA,
MuSiQue) and open-source models for research
purposes. We do not collect private user data or
introduce new human-subject annotations. We use
GPT-4o as a teacher model to generate supervision
signals for fine-tuning; all generated data is used
solely for research and does not contain person-
ally identifiable information. Since SDRAG relies
on LLM-based generation and external retrieval,
it may produce incorrect or unsupported answers
when retrieved evidence is incomplete or biased.
We recommend human verification before applying
the system in high-stakes domains.
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A Dataset Details

We evaluate SDRAG on three representative multi-
hop question answering benchmarks: HotpotQA,
2WikiMultiHopQA, and MuSiQue. All three
datasets require models to aggregate evidence from
multiple documents and perform multi-step reason-
ing.

HotpotQA is a widely used multi-hop QA
benchmark constructed from Wikipedia. It is de-
signed to evaluate whether models can retrieve sup-
porting evidence and perform reasoning across mul-
tiple documents. The full dataset contains 90,447
training examples and 7,405 validation examples,
and provides supporting fact annotations for evi-
dence supervision and analysis.

2WikiMultiHopQA is a Wikipedia-based multi-
hop QA benchmark designed to cover diverse rea-
soning patterns, including comparison, inference,
composition, and bridge-comparison. Compared
with HotpotQA, it contains more structured multi-
hop reasoning chains and requires models to cap-
ture temporal, causal, and logical relations across

documents. The dataset contains 167,454 training
examples and 12,576 validation examples.

MuSiQue is a challenging multi-hop QA bench-
mark constructed with strict compositional con-
straints. Its questions are designed to be answerable
only by combining evidence from multiple para-
graphs, which reduces shortcut reasoning based on
a single document. The dataset focuses on 2–4 hop
questions and contains 19,938 training examples
and 2,417 validation examples.

B Evaluation Metrics

Before evaluation, we apply standard answer nor-
malization to both the predicted answer â and the
gold answer a∗, including lowercasing and remov-
ing articles, punctuation, and extra whitespace. We
report three metrics: Exact Match (EM), Accuracy
(Acc), and token-level F1.

Exact Match (EM). EM measures whether the
normalized prediction exactly matches the normal-
ized gold answer:

EM(â, a∗) =

{
1, if Norm(â) = Norm(a∗)

0, otherwise.
(1)

The final EM score is averaged over all evaluation
examples.

Accuracy (Acc). Following prior work, we also
report Accuracy, also known as Cover-EM. It mea-
sures whether the normalized gold answer appears
in the normalized prediction:

Acc(â, a∗) =

{
1, if Norm(a∗) ⊆ Norm(â)

0, otherwise.
(2)

This metric is useful for generative QA because
a model may produce a complete sentence that
contains the correct answer but does not exactly
match the gold span.

Token-level F1. Token-level F1 measures the
overlap between the predicted and gold answers
after normalization. Let T (â) and T (a∗) denote
the token multisets of the prediction and the gold
answer. Precision and recall are computed as:

P =
|T (â) ∩ T (a∗)|

|T (â)| , R =
|T (â) ∩ T (a∗)|

|T (a∗)| .

(3)
The F1 score is then:

F1 =

{
2PR
P+R , if P +R > 0

0, otherwise.
(4)
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Token-level F1 provides a finer-grained measure
of answer overlap and is less sensitive to minor
wording differences than EM.

C Fine-tuning Data Construction

We construct a supervised fine-tuning dataset for
the graph-construction modules of SDRAG, includ-
ing question decomposition, dependency analy-
sis, and graph pruning. The seed questions are
taken from the mixed multi-hop QA dataset re-
leased by PERQARAG (Liu et al., 2025), which
contains 8,934 high-quality examples covering 10
typical reasoning types. We use GPT-4o as the
teacher model to generate reasoning traces and task-
specific supervision signals.

For each seed question, the teacher model is
prompted to solve the question step by step and
produce supervision for three tasks. For decom-
position, the output is a sequence of atomic sub-
questions. For dependency analysis, the output is
an adjacency matrix that represents logical depen-
dencies among sub-questions. For pruning, the
output contains a utility score for each candidate
sub-question, followed by a binary keep/prune la-
bel. In this way, the pruning supervision captures
both fine-grained usefulness estimation and the fi-
nal pruning decision.

To ensure the quality of teacher-generated su-
pervision, we apply two-stage filtering. First, we
remove malformed instances whose sub-question
list, adjacency matrix, utility score, or binary prun-
ing label cannot be parsed into the required format.
Second, we conduct end-to-end correctness filter-
ing: only instances whose teacher-generated rea-
soning process leads to the correct final answer are
retained. This step reduces the risk of learning from
spurious decompositions or incorrect dependency
structures. After filtering, we obtain 6,457 decom-
position examples, 6,457 dependency-analysis ex-
amples, and 18,417 pruning examples.

The pruning data is naturally imbalanced be-
cause most decomposed sub-questions are useful
for answering the original question. To strengthen
the pruning signal, we further construct synthetic
negative sub-questions that simulate common de-
composition errors. Specifically, we consider three
types of negatives: intent-shift negatives, which
remain topically relevant but deviate from the origi-
nal question intent; entity-replace negatives, which
replace key entities with plausible but incorrect al-
ternatives; and over-decompose negatives, which

introduce unnecessary intermediate steps. We filter
out invalid or ambiguous negatives and retain 6,000
examples in total, including 2,838 intent-shift,
1,761 entity-replace, and 1,401 over-decompose
examples.

Finally, to avoid task imbalance during fine-
tuning, we balance the training data across the three
tasks. Each task contains 6,457 training examples
in the final fine-tuning set. The resulting dataset
provides aligned supervision for decomposition,
dependency modeling, and pruning, enabling the
lightweight backbone model to perform reliable
question-side graph construction.

D Fine-tuning Training Details

We fine-tune the graph-construction modules of
SDRAG with Llama-3.1-8B-Instruct as the back-
bone model. Instead of training a single shared
adapter for all graph-construction tasks, we train
three independent LoRA adapters for question de-
composition, dependency analysis, and graph prun-
ing. This design reflects the different output spaces
and decision criteria of the three tasks: decomposi-
tion generates a sequence of atomic sub-questions,
dependency analysis predicts graph structure, and
pruning estimates whether a candidate node should
be retained.

For each task, we reserve 5% of the data for
validation. We train all adapters using the Ms-
Swift framework with parameter-efficient LoRA
fine-tuning.

For each task, we search over several LoRA con-
figurations with different ranks, target modules,
learning rates, warmup ratios, and maximum se-
quence lengths. The best checkpoint is selected ac-
cording to the lowest validation loss. The selected
configurations are summarized in Table 4. During
inference, SDRAG loads a single Llama-3.1-8B-
Instruct backbone and dynamically switches the
active LoRA adapter according to the current graph-
construction stage. After graph construction and
refinement, adapters are disabled, and the subse-
quent rewriting, retrieval, intermediate answering,
and final synthesis steps are performed with the
base model.

E Structural Properties of Pruned
Dependency Graphs

We further analyze the structural properties of
the question-side dependency graphs produced by
SDRAG after pruning. This analysis examines
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Table 4: Selected task-specific LoRA adapters. The best configuration for each task is chosen according to validation
loss.

Task Target Modules Rank Alpha LR

Decomposition all-linear 32 64 6×10−5

Dependency Analysis all-linear 16 32 6×10−5

Graph Pruning gate/up/down proj. 16 32 8×10−5

the hop distribution, the proportion of linear and
non-linear graph structures, and the percentage of
questions affected by pruning.

As shown in Figure 7(a), most questions are
represented as three-hop dependency graphs after
pruning, accounting for 67.4%, 58.9%, and 59.4%
on HotpotQA, 2Wiki, and MuSiQue, respectively.
At the same time, a non-negligible portion of ques-
tions requires four or more hops, especially on
MuSiQue, where 35.3% of the questions fall into
the 4-hop or ≥5-hop categories. This suggests that
SDRAG captures compact but still multi-step rea-
soning structures.

Figure 7(b) further shows that non-linear depen-
dency structures are common across datasets, ac-
counting for 34.5%, 37.3%, and 44.8% on Hot-
potQA, 2Wiki, and MuSiQue, respectively. This
indicates that many multi-hop questions cannot be
adequately represented as simple linear chains, sup-
porting the need for explicit dependency modeling
among sub-questions. The pruning statistics also
show that SDRAG removes redundant nodes in
a dataset-dependent manner, with pruning ratios
of 41.8%, 10.4%, and 18.6%. Overall, these re-
sults suggest that the proposed pruning mechanism
helps produce compact dependency graphs while
preserving non-linear reasoning structures.

F Error Attribution

To identify the main sources of failure in SDRAG,
we randomly sample 50 failed examples from each
dataset and manually inspect their complete exe-
cution traces, resulting in 150 examples in total.
Each failure is assigned to one of six mutually ex-
clusive error sources covering graph construction
and graph traversal.

As shown in Table 5, graph-construction errors
account for 18.0% of all failures. In contrast, re-
trieval and reasoning errors account for 78.7%
of failures, indicating that further improvements
largely depend on evidence recall and answer gen-
eration.

G Teacher Supervision Budget

To distinguish the contribution of the SDRAG ar-
chitecture from the effect of GPT-4o supervision,
we construct a fine-tuned DecomposedRAG base-
line, denoted as DecomposedRAG-FT, which uses
the same seed questions, teacher model, and super-
vision budget as SDRAG-FT.

As shown in Table 6, fine-tuning improves De-
composedRAG, confirming the benefit of teacher
supervision. However, SDRAG still outperforms
DecomposedRAG-FT across the three datasets.
These results show that the performance gains of
SDRAG cannot be attributed solely to stronger su-
pervision; the dependency-aware architecture and
task-specific fine-tuning provide complementary
improvements.

H Pruning Robustness Analysis

Section 4.5 shows that pruning contributes less than
dependency modeling and context-aware updating.
This is partly because pruning only modifies the
graph when the initial decomposition contains un-
reliable or unnecessary sub-questions, which are
relatively infrequent in the original evaluation sets.
We therefore further examine pruning by decompo-
sition noise.

Specifically, we inject intent-shift, entity-replace,
and over-decompose nodes sampled from the nega-
tive pools described in Appendix C. We sample in-
stances from the three datasets in equal proportions.
We perturb 80% of the graphs, adding an average
of 1.45 noisy nodes to each perturbed graph, and
compare the same noisy graphs with and without
pruning.

As shown in Table 7, decomposition noise
consistently reduces performance across all three
datasets. These results indicate that pruning re-
duces the effect of unreliable sub-questions when
decomposition quality deteriorates.

I Prompts for SDRAG

This section provides the detailed prompts used
in our SDRAG framework. We present the in-
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Figure 7: Structural properties of pruned dependency graphs. (a) shows the hop distribution after graph construction
and pruning. (b) shows the proportion of linear/non-linear structures and the pruning status across datasets.

Table 5: Manual error attribution on 150 failed examples, with 50 examples sampled from each dataset.

Stage Error Source HotpotQA 2Wiki MuSiQue Total Percentage

Graph Construction
Decomposition 6 3 10 19 12.7%
Dependency Edge 1 0 2 3 2.0%
Pruning 1 1 3 5 3.3%

Graph Traversal
Rewriting 2 2 1 5 3.3%
Retrieval 16 17 19 52 34.7%
Reasoning / Final Synthesis 24 27 15 66 44.0%

Total 50 50 50 150 100.0%

Table 6: Performance comparison under the same GPT-
4o supervision budget.

Models Dataset EM Acc

DecomposedRAG
HotpotQA 22.7 32.0
2Wiki 16.8 31.3
MuSiQue 10.2 15.6

DecomposedRAG-FT
HotpotQA 27.7 34.7
2Wiki 19.7 32.7
MuSiQue 12.0 19.8

SDRAG
HotpotQA 32.0 37.1
2Wiki 27.4 34.6
MuSiQue 24.0 31.2

SDRAG-FT
HotpotQA 35.0 44.9
2Wiki 30.0 37.9
MuSiQue 24.9 33.4

structions and constraints for each core module,
including query decomposition, dependency anal-
ysis, graph pruning, context-aware rewriting, and
final answer synthesis.

J Case Study

In this section, we provide a concrete case study
to demonstrate the mechanism of SDRAG in han-
dling complex multi-hop questions. We compare
Naive RAG, Decomposed RAG, and our proposed
SDRAG to highlight how explicit graph structural
modeling helps mitigate common failures in tradi-

Table 7: Effect of decomposition noise on SDRAG
performance.

Condition Dataset EM F1

SDRAG
HotpotQA 31.2 41.7
2Wiki 28.9 34.4
MuSiQue 20.1 33.0

Noisy w/o Pruning
HotpotQA 29.0 39.1
2Wiki 27.3 32.0
MuSiQue 19.1 30.1

Noisy with Pruning
HotpotQA 29.8 39.9
2Wiki 27.7 32.5
MuSiQue 19.5 30.9

tional pipelines. Detailed case study examples are
illustrated in Figures 12 and 13.

K Licenses

2WikiMultiHopQA, Qwen2.5-32B-Instruct, and
Ms-Swift are released under Apache License 2.0.
HotpotQA is released under CC BY-SA 4.0, and
MuSiQue is released under Creative Commons At-
tribution 4.0 International. FlashRAG, FAISS, e5-
base-v2, and PER-PSE are released under MIT
License. Llama-3.1-8B-Instruct is licensed under
the Llama 3.1 Community License. We use all
resources solely for research purposes, consistent
with their respective licenses and model terms.
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Task Description
You are a Search Query Optimizer. Your goal is to
rewrite a sub-question to be fully self-contained and
specific.
CRITICAL RULES
1. Replace ALL pronouns with specific entities. 2.
Replace vague references with actual names. 3. Use
EXACT entities from previous answers, not generic
descriptions. 4. Keep the rewritten question focused
and concise. 5. The output should be a clear question
suitable for a retriever.
Previous sub-questions and answers: {previous_qa}
Sub-question to rewrite: {sub_question}
Rewritten sub-question:

Figure 8: Prompt for Context-Aware Rewriting

Task Description
You are a precise QA assistant. Synthesize a final
answer to the original question.
Your task is to output the final answer based on the
intermediate sub-questions, their answers, AND their
retrieved documents. Use them, especially the retrieved
documents, for factual grounding.
Original Question: {original_question}
Intermediate Reasoning Steps: {all_steps}
CONSTRAINT:
Output ONLY the answer.

Figure 9: Prompt for Final Synthesis

Task Description
You are an expert at analyzing logic dependencies
between questions.
Given a list of sub-questions, identify the DIRECT
dependencies for each question based on two core
logical principles:
1. Reference: Does the current question contain
pronouns that refer to the answer of a specific previous
question?
2. Entailment: Does the current question explicitly
require entities or information found ONLY in previous
questions to be answered?
Constraints
- Only identify the IMMEDIATE dependencies (Direct
Predecessors). - Do not list indirect dependencies. - If
a question can be answered independently, it depends
on []. - Do not output any explanation or other text.
Just the JSON.
Sub-questions: {sub_questions}
Output Format
Return the result strictly in this JSON format (Key is
the question index starting from 1): { "1": [], "2": [1],
... }

Figure 10: Prompt for Dependency Analysis

Task Description
You are an expert at evaluating the utility of
sub-questions in a multi-hop QA reasoning chain.
Given the original question and a leaf sub-question,
rate the NECESSITY of this sub-question on a scale
from 1 to 5.
Score Meaning
1 (Useless): Completely irrelevant, redundant, or asks
for trivial details not needed for the final answer. 2
(Weak): Provides minor background context but is
likely not essential. 3 (Neutral): Borderline relevance.
Could be useful but might introduce noise. 4
(Relevant): Contains useful information that helps
bridge the reasoning gap. 5 (Crucial): Directly asks for
key entities or facts without which the original question
CANNOT be answered.
Original question: {original_question}
Sub-question: {sub_question}
Output Format
Output strictly in this JSON format:
{"score": <int>, "reason": "<short explanation>"}

Figure 11: Prompt for Graph Pruning
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Case Study 1
Question: What is the date of death of Gero II, Margrave of the Saxon Ostmark’s father?
Standard RAG: Fail
Based on the provided documents, there is no specific information about the date of death of Gero
II, Margrave of the Saxon Ostmark’s father.
DecomposedRAG: Fail
Subq1: Who was Gero II’s father? → Answer 1: Gero II, Margrave of the Saxon Ostmark’s father
was Thietmar, Margrave of Meissen.
Subq2: What is the death date for Gero II, Margrave of the Saxon Ostmark’s father? → Answer 2:
The date of death ... is not provided in the retrieved information.
Ours (SDRAG): ✓

Graph Construction:

• q1: Who was Gero II’s father?
• q2: What is the death date for Gero II, Margrave of the Saxon Ostmark’s father?
• q3: What was his life span?

Graph Pruning: Node 2 (Redundant) → Pruned Structure: 0 → 1
Graph Traversal:

• Node 0 (Subq): Who was Gero II’s father? → Answer: Thietmar, Margrave of Meissen.
• Node 1 (Rewritten): What is the specific date of death for Thietmar, Margrave of Meissen?
→ Answer: Thietmar died on 3 August 979.

Final Answer: 3 August 979

Figure 12: Case Study I.
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Case Study 2
Question: Where did George Lane-Fox (Mp)’s father study?
Standard RAG: Fail
Based on the provided documents, there is no specific information about where George Lane-Fox
(MP)’s father studied.
DecomposedRAG: Fail
Subq1: Who is George Lane-Fox (Mp)’s father? → Answer 1: James Fox-Lane.
Subq2: What was his father’s field of study? → Answer 2: Failed to link "father" to retrieved docs.
Subq3: At which institution did his father study? → Answer 3: Failed to link "father" to retrieved
docs.
Ours (SDRAG): ✓

Graph Construction:

• q1: Who is George Lane-Fox (Mp)’s father?
• q2: What was his father’s field of study?
• q3: At which institution did his father study?

Graph Pruning: Node 1 (Redundant) → Pruned Structure: 0 → 2
Graph Traversal:

• Node 0 (Subq): Who is George Lane-Fox (Mp)’s father? → Answer: James Fox-Lane.
• Node 2 (Rewritten): At which institution did James Fox-Lane pursue his studies?
→ Answer: He pursued studies at Christ’s College, Cambridge.

Final Answer: Christ’s College, Cambridge

Figure 13: Case Study II.
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