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Abstract

Retrieval-Augmented Generation (RAG) enhances large lan-
guage models (LLMs) with external knowledge retrieval, im-
proving factual accuracy and knowledge coverage. However,
existing RAG approaches face a fundamental trade-off when
handling complex reasoning: while traditional iterative re-
trieval methods offer flexibility, their local perspective lim-
its their ability to establish global knowledge connections. In
contrast, structure-augmented RAG methods capture global
relationships but incur significant construction costs. To fill
in this gap, we propose MGranRAG, an innovative frame-
work designed to integrate precise local retrieval with struc-
tured global reasoning. Our approach circumvents expen-
sive semantic extraction by employing a lightweight contex-
tual hierarchical graph, effectively combining the local adapt-
ability of iterative retrieval with the global consistency of
structured knowledge. The framework adopts a novel itera-
tive optimization scheme: at the local level, the LLM iden-
tifies multi-granular contextual evidence, such as key sen-
tences and phrases, within retrieved passages to refine re-
trieval. At the global level, these multi-granularity evidence
nodes are then mapped and propagated within the structured
hierarchical graph, enabling the diffusion of rich contextual
information at different levels to introduce global semantic
constraints and reorder retrieval results. This coordination be-
tween local and global iterative processes dynamically bal-
ances retrieval accuracy and contextual coherence. Experi-
mental results on challenging multi-hop and open-domain
question answering datasets show that our proposal achieves
new state-of-the-art performance in both retrieval and answer
accuracy.

Code — https://github.com/MoMoLT/MGranRAG

Introduction
Human intelligence excels through continuous learning and
dynamic knowledge integration, enabling effective naviga-
tion of complex and evolving environments. Developing AI
systems with analogous capabilities is critical in high-stakes
domains, where outcomes depend on factual accuracy, ver-
ifiable evidence chains, and rigorous reasoning. Large Lan-
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Q: Who directed a 2006 film where Ron Perkins character plays the 

manager of a hotel?

LLM Response:

I don’t know

Evidence

1Sentence: Ron Perkins appeared in 

“The Prestige”…

Key Phrases: Ron Perkins; The 

Prestige; Hugh Jackma

Evidence 1

Sentence: Ron Perkins appeared 

in “The Prestige”…

Key Phrases: Ron Perkins; The 

Prestige; Hugh Jackma

Passage1: Ron Perkins appeared in 

"The Prestige" (2006) as the manager 

of a hotel visited by Hugh Jackma…

Passage1: Ron Perkins appeared in 

"The Prestige" (2006) as the manager 

of a hotel visited by Hugh Jackma…

Passage1: Ron Perkins appeared in 

"The Prestige" (2006) as the manager 

of a hotel visited by Hugh Jackma…
Passage2: The Prestige is a 2006 

British-American mystery thriller film 

directed by Christopher Nolan…

…

…

…

evidence extraction

CHG

A. Vector-Based RAG

B. MGranRAG

LLM Response:

Christopher Nolan

Figure 1: A case for question answering in vector-based
RAG and our MGranRAG.

guage Models (LLMs), despite strong task performance, suf-
fer from static pretrained knowledge that constrains real-
world applicability in dynamic, information-critical do-
mains (Mousavi, Alghisi, and Riccardi 2025; Song et al.
2025b). Retrieval-Augmented Generation (RAG) methods
(Lewis et al. 2020; Guu et al. 2020) overcome this by dy-
namically incorporating external knowledge during infer-
ence, making it the prevailing approach in research and in-
dustry.

While RAG effectively mitigates static knowledge con-
straints in LLMs, its application to complex reasoning tasks
reveals a fundamental limitation: evidence fragmentation.
Conventional RAG systems (Karpukhin et al. 2020; Ma et al.
2023; Gao et al. 2023), typically instantiated as vector-based
RAG, are optimized for local semantic similarity and re-
trieve topically relevant but logically isolated passages, ob-
structing the construction of coherent evidence chains re-
quired for multi-hop question answering (QA) (Yang et al.
2018; Trivedi et al. 2022b; Ho et al. 2020). To address ev-
idence fragmentation, recent research has proposed adap-
tive RAG methods based on multi-turn iteration (Asai et al.
2023; Trivedi et al. 2022a; Zhuang et al. 2024; Guan et al.
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2025), which significantly improve reasoning flexibility
through retrieve-generate-reflect cycles. However, these ap-
proaches remain fundamentally constrained by “local infor-
mation horizons”: their decision-making processes rely en-
tirely on isolated, incrementally acquired evidence, failing to
capture global associative structures within knowledge bases
and are prone to suboptimal retrieval paths. To overcome
local horizon limitations, structure-enhanced RAG meth-
ods (Li et al. 2024; Jimenez Gutierrez et al. 2024; Wang
2025; Liang et al. 2025) introduce explicit knowledge rep-
resentations to enable global reasoning capabilities. Meth-
ods such as GraphRAG (Edge et al. 2024), HippoRAG 2
(Gutiérrez et al. 2025) and RAPTOR (Sarthi et al. 2024)
leverage knowledge graphs or hierarchical structures to pro-
vide global semantic constraints for reasoning, significantly
improving multi-hop reasoning performance. However, the
prohibitive cost of structure construction severely limits
practical deployment. Recent efforts have sought to mitigate
this overhead. KET-RAG (Huang, Zhang, and Xiao 2025)
adopts a hybrid indexing scheme that combines knowledge-
centric skeletons with keyword-text bipartite graphs for effi-
cient multi-hop retrieval, while E2GraphRAG (Zhao et al.
2025) leverages lightweight entity extraction and stream-
lined bidirectional indexing to improve retrieval efficiency
and evidence integration.

Despite progress in reducing the costs of structure con-
struction and retrieval, existing structure-enhanced RAG
approaches still struggle to balance structural expressive-
ness and retrieval adaptivity: adaptive methods often lack
global constraints, while structured knowledge methods en-
tail considerable overhead. To address this, we propose
Multi-Granular RAG (MGranRAG), a unified framework
that integrates LLM reasoning with a lightweight Contextual
Hierarchical Graph (CHG) to achieve both local adaptability
and global consistency, as illustrated in Figure 1. At the in-
dexing stage, CHG efficiently encodes hierarchical relation-
ships among paragraphs, sentences, and phrases using clas-
sical NLP techniques, creating a scalable, structured knowl-
edge representation. Our approach introduces a collabora-
tive refinement workflow that alternates between: 1) Lo-
cal evidence-augmented reranking by LLM-guided multi-
granular evidence extraction. 2) Global context-augmented
reranking, which applies graph-based propagation over the
CHG for global relevance calibration. This dual process
tightly couples fine-grained local reasoning with explicit
global structural modeling. Extensive experiments on multi-
hop QA benchmarks confirm that MGranRAG substantially
improves both reasoning consistency and answer complete-
ness.

Our contributions are as follows:

• We introduce a Contextual Hierarchical Graph into
RAG, a lightweight structured representation that cap-
tures multi-granular semantic relationships through the
inherent hierarchical organization of documents.

• We propose MGranRAG, a novel RAG framework that
integrates the local adaptivity of iterative RAG with the
global semantic guidance of CHG.

• We conduct comprehensive experiments on six open-

domain QA benchmarks, and the results demonstrate that
our method achieves significant improvements on com-
plex reasoning tasks.

Related Work
Iterative RAG for Complex Reasoning. RAG has be-
come a pivotal approach for knowledge-intensive tasks, en-
hancing LLMs by integrating external knowledge sources.
However, early RAG methods, which rely on static, single-
step retrieval, often suffer from evidence fragmentation and
a lack of global coherence, particularly in complex, multi-
hop reasoning scenarios. To overcome these limitations, the
field has progressed toward iterative RAG. This paradigm
dynamically constructs evidence chains through multi-cycle
“retrieve-then-reason” loops. Recent efforts have advanced
this paradigm from several perspectives. One major thrust
focuses on reasoning-guided retrieval, where methods like
IRCoT (Trivedi et al. 2022a), DeepRAG (Guan et al. 2025),
and ReaRAG (Lee et al. 2025) use intermediate reasoning
steps to generate more precise subsequent queries. Another
direction emphasizes self-correction and autonomy, with
frameworks like Self-RAG (Asai et al. 2023) enabling the
model to decide when to retrieve and to critique its own fac-
tual accuracy. Concurrently, approaches such as Auto-RAG
(Yu, Zhang, and Feng 2024) and EfficientRAG (Zhuang
et al. 2024) focus on automating and improving the effi-
ciency of these iterative strategies.

Structure-Augmented RAG. To overcome the limited
retrieval scope of purely iterative methods, a major line
of work augments RAG with explicit structures to im-
pose global semantic constraints and improve evidence in-
tegration. Prominent approaches in this area often con-
struct explicit knowledge graphs. For instance, methods like
GraphRAG (Edge et al. 2024) and KAG (Liang et al. 2025)
utilize automatically built graphs of entities and relations to
navigate multi-hop queries. This paradigm was further re-
fined by HippoRAG and HippoRAG 2 (Jimenez Gutierrez
et al. 2024; Gutiérrez et al. 2025), which introduced tech-
niques such as personalized PageRank and rich paragraph-
level embeddings to improve graph traversal and node
representation. Concurrently, other works like GNN-RAG
(Mavromatis and Karypis 2024) have employed Graph Neu-
ral Networks to fuse structural and semantic information for
more relevant retrieval. A distinct strategy, exemplified by
RAPTOR (Sarthi et al. 2024), adopts a hierarchical cluster-
ing and summarization approach, creating a tree structure
that facilitates information retrieval across multiple granu-
larities. Despite their efficacy in providing a global view,
these methods are consistently challenged by the prohibitive
computational overhead associated with constructing and
maintaining their underlying structures.

To mitigate this cost, recent work has explored
lightweight structured indexing. LightRAG (Guo et al.
2024) streamlines processes through multi-granularity entity
matching. KET-RAG (Huang, Zhang, and Xiao 2025) intro-
duces knowledge skeleton extraction strategies, achieving a
balance between effectiveness and computational efficiency
through structure simplification. E2GraphRAG (Zhao et al.
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Figure 2: Overall framework of MGranRAG, which integrates multi-granular retrieval with the Contextual Hierarchical Graph.

2025) combines efficient summarization, lightweight entity
extraction, and bidirectional indexing to enable faster multi-
hop evidence retrieval.

The present work, MGranRAG, extends prior advances
by integrating the adaptive retrieval mechanisms character-
istic of iterative RAG frameworks with global semantic con-
straints informed by a low-cost structured knowledge repre-
sentation. This approach is designed to ensure both global
coherence and local optimality within the evidence aggrega-
tion process for complex reasoning tasks.

Preliminaries
This section establishes the theoretical foundation for our
multi-granular graph-augmented retrieval framework. We
first introduce the CHG, which captures information at mul-
tiple granularities, and then formalize the iterative evidence
aggregation problem for complex reasoning tasks.

Contextual Hierarchical Graph
Given a corpus of passages P , we construct a Contextual Hi-
erarchical Graph (CHG), a lightweight multi-granular struc-
ture that organizes passages, sentences, and phrases from
P into a unified graph. Formally, the CHG is defined as
G = (V,E), where V is the set of nodes and E is the set
of edges. The node set V = V (p) ∪ V (s) ∪ V (w) is par-
titioned into three disjoint subsets, where V (p), V (s), and
V (w) denote passage, sentence, and phrase nodes, respec-
tively. Edges E encode hierarchical containment relations,
linking passages to their sentences and sentences to their
constituent phrases, thereby enabling information propaga-
tion across different granularities.

Problem Formulation
Traditional RAG frameworks aim to identify a relevant sub-
set of passages Prel ⊂ P for a given query q from a large-
scale passage corpus P , and use Prel as context for an
LLM to generate the final answer a. However, when han-
dling queries requiring complex reasoning, standard RAG
frameworks face a fundamental challenge: evidence frag-
mentation. Answers to such queries often depend on mul-
tiple evidence fragments scattered across different passages
or even different sentences, with implicit logical connections
between them. Standard retrieval models typically evaluate
the semantic relevance of each passage to the query inde-
pendently, lacking the ability to model structural relation-
ships between passages and finer-grained information units
(such as sentences and phrases), thus making it difficult to
construct complete reasoning chains.

To address this challenge, we formalize the problem as a
graph-based iterative evidence aggregation and ranking op-
timization problem. Our goal is not simply to perform one-
time passage retrieval, but to design a dynamically evolving
retrieval strategy capable of progressively discovering, con-
necting, and aggregating relevant evidence at different gran-
ularity levels.

Specifically, given a query q and a pre-constructed CHG
G, our core task is to design an optimal ranking strategy
Π. At iteration t, this strategy generates an updated passage
ranking P (t)

rank based on the current query q, sub-queries Q,
graphG, and historical evidence accumulated in the memory
module M(t−1):

P
(t)
rank = Π(q,Q,G,M(t−1))
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The ranking P (t)
rank not only reflects the local relevance

of individual passages but, more importantly, encapsulates
global contextual information propagated through the graph
structure.

Ultimately, the goal of this iterative process is to converge,
within a finite number of iterations T , to an optimal candi-
date passage set P(T ). This set should satisfy the property of
collective sufficiency; that is, the passages jointly provide all
necessary evidence for generating the final answer a. In ad-
dition, structural coherence should be maintained, ensuring
that the logical relationships among evidence pieces are pre-
served. To this end, our approach seeks to unify local infor-
mation sensitivity and global semantic constraints in a cost-
effective manner through the construction of a lightweight
graph structure G and the design of an efficient iterative
strategy Π, thereby optimizing both evidence aggregation
and reasoning chain formation for complex reasoning tasks.

Methodology
To address the challenge of evidence fragmentation outlined
in our problem formulation, we introduce MGranRAG, a
unified framework designed for complex reasoning tasks.
As shown in Figure 2, the central principle of MGranRAG
is to orchestrate a dynamic, iterative synergy between the
nuanced semantic understanding of an LLM and the global
structural guidance of a lightweight, multi-granular graph.

Offline Indexing
The primary objective of this phase is to construct a low-
cost, scalable CHG G from a large-scale corpus P . Rather
than employing computationally expensive semantic rela-
tion extraction, we focus on establishing multi-granular
containment relationships. This initial graph provides a
lightweight structural foundation for subsequent dynamic,
LLM-driven interactions in the online phase.

The construction process, illustrated in Figure 2, utilizes
the spaCy NLP toolkit. For each passage p ∈ P , we first
perform sentence segmentation to decompose it into a set
of sentences S. Subsequently, for each sentence, we execute
two parallel tasks to extract key phrases: 1) Noun Phrase Ex-
traction using Part-of-Speech (POS) tagging and syntactic
parsing rules. 2) Named Entity Recognition (NER) to iden-
tify and extract proper nouns and entities.

The union of outputs from these tasks forms our phrase
set W . We retain the original text of these phrases without
stemming or lemmatization to avoid potential semantic loss
from over-normalization. Finally, based on the natural con-
tainment relationships, we construct the CHG. It is crucial to
note that this offline-built graph has inherent structural lim-
itations, such as restricted semantic connectivity and unre-
solved coreferences. These limitations are intentionally de-
ferred to the online retrieval phase, where we employ LLM-
based interactions to dynamically augment and refine the
graph structure through semantic reasoning.

Online Iterative Retrieval
To realize the optimal ranking policy Π defined in Section
”Problem Formulation” and fundamentally address the ev-

idence fragmentation challenge, we design an online itera-
tive retrieval framework. This framework, which instantiates
Π, is centered on a self-enhancing refine-and-calibrate loop.
This loop progressively optimizes the selection of a final
passage set by reasoning deeply at the level of fine-grained
evidence units, aiming to construct a context that satisfies
both collective sufficiency and structural coherence.

At initialization (t = 0), the dense retriever R ranks all
passages in the corpus P with respect to the query q0 and
selects the top M passages to form the initial candidate set
P

(0)
M . A Chain-of-Thought (CoT) prompt then guides the

LLM to decompose q into a set of atomic, verifiable sub-
queries Q = {q1, q2, . . .}. We also initialize an empty ev-
idence memory M(0) to store and manage discovered evi-
dence across iterations.

In each iteration t, the framework alternates between two
complementary steps that refine fine-grained evidence and
update passage-level rankings.

Local Evidence Refinement. This step enhances local in-
formation sensitivity by using the LLM as a high-precision
extractor of critical evidence from the current candidate
set of passages P(t−1). Given a prompt that combines the
memory M(t−1), the main query q, the sub-queries Q =
{q1, . . . , qK}, and the passages P(t−1), the LLM identifies a
set of new fine-grained evidence units E(t) = {ϵ1, . . . , ϵNe

},
where each evidence unit is represented as ϵi = (si,Wi),
with si denoting a sentence and Wi the associated set of key
phrases extracted from si.

For each evidence unit ϵi, the LLM further assesses its
semantic relation to the main query and all sub-queries, pro-
ducing a discrete label L(ϵi, qk) ∈ {Ts, Ps,Ns}, where
Ts, Ps, and Ns denote fully supported, partially supported,
and irrelevant evidence, respectively, where we treat q0 = q
as the main query. These labels are mapped to numerical
scores by a function g(·), and aggregated into an overall con-
fidence score:

ψ(ϵi) = g
(
L(ϵi, q)

)
+

1

|Q|
∑
qk∈Q

g
(
L(ϵi, qk)

)
(1)

After updating the memory, we select the highest-scoring
evidence from the previous memory M(t−1) together with
the newly added evidence in E(t) to construct an evidence-
augmented query q(t)aug . This query is then fed into the re-
triever R to produce an evidence-aware passage ranking
P

(t)
rank−ϵ.

Global Structure-Aware Calibration. In the global cal-
ibration phase, we translate locally refined evidence into a
personalization vector over the CHG and perform structure-
aware propagation via Personalized PageRank (PPR). After
memory update at iteration t, we assign scores to nodes of
different granularities to construct a multi-granular weight
vector W(t) over G.

For each passage node vpi
∈ V (p), we combine a decayed

momentum term (from the previous PPR result) with the
current similarity between the evidence-augmented query
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NQ PopQA MuSiQue 2Wiki HotpotQA NarrativeQA
# of Passages 8,676 9,633 11,656 6,119 9,811 4,111
# of Sentences 28,376 49,205 40,343 21,476 40,551 27,399
# of Phrases 142,899 133,741 158,595 82,388 153,416 29,493
# of Passage-to-Sentence Edges 50,887 29,869 40,905 21,551 40,726 60,951
# of Sentence-to-Phrase Edges 348,548 272,716 343,264 166,514 328,588 136,682

Table 1: Statistics of retrieval corpora and extracted nodes and edges for each dataset, with validation sets of 1,000 questions.

and the passage content:

W(t)(vpi
) = αdecay ·W(t−1)

G (vpi
)+ω1 ·sim

(
q(t)aug, cpi

)
(2)

where αdecay controls the influence of previous iterations,
cpi denotes the textual content of passage pi, and sim(·, ·)
is cosine similarity. This momentum term stabilizes passage
rankings across iterations.

For a sentence node vsk ∈ V (s) that corresponds to an
evidence unit ϵk ∈ E(t), we assign a weight proportional to
its confidence:

W(t)(vsk) = ω2 · ψ(ϵk) (3)

where ψ(ϵk) is the confidence score derived from the dis-
crete label.

For each phrase node vwj
∈ V (w) that is obtained by

aligning an LLM-extracted phrase to the CHG using seman-
tic similarity, we aggregate evidence confidence, phrase fea-
tures, and structural regularization:

W(t)(vwj
) = ω3 · ψ(ϵi) · f(wj) · d(vwj

)−1 (4)

where ϵi is an associated evidence unit, d(vwj ) is the node
degree in G, and f(wj) = λ⊤ϕfeat(wj) is a feature-based
score capturing phrase type and origin. Here, ω1, ω2, and
ω3 are scaling factors that balance the contributions of pas-
sage, sentence, and phrase level signals in the multi-granular
weight vector.

When the LLM discovers a new phrase or contextual rela-
tion that is not yet encoded in G, we incrementally augment
the graph with the corresponding phrase nodes and edges,
producing an updated graph G(t). This dynamic expansion
allows the CHG to evolve with the reasoning process while
incurring negligible additional overhead. The node weights
W(t) over G(t) define a personalization vector for PPR. We
apply PPR to propagate local evidence signals through the
graph structure:

r(t) = (1− β)P⊤r(t) + β p(t) (5)

where P is the transition matrix of G(t), p(t) is the normal-
ized personalization vector obtained from W(t), and β ∈
(0, 1) is the restart probability. The resulting scores r(t) in-
duce a structure-aware passage ranking P (t)

rank−G.

We select the top-M passages from P
(t)
rank−G to form

the next candidate set P(t). Across iterations, this global
structure-aware calibration transforms scattered local evi-
dence into a globally coherent context. After T iterations,
the final passage set P(T ) is optimized to satisfy both collec-
tive sufficiency and structural coherence, providing a robust
evidence base for answer generation.

Experiments
Experimental Settings
Dataset. To assess the effectiveness of MGranRAG on
knowledge-intensive QA, we conduct experiments on three
multi-hop datasets—HotpotQA (Yang et al. 2018), 2Wiki-
MultiHopQA (2Wiki) (Ho et al. 2020), and MuSiQue
(Trivedi et al. 2022b)—and two single-hop benchmarks:
Natural Questions (NQ) (Wang et al. 2024) and PopQA
(Mallen et al. 2022). In addition, we evaluate discourse-level
understanding on NarrativeQA (Kočiský et al. 2018). To en-
sure fair comparison, we utilize 1,000 questions extracted
from each validation set and incorporate the retrieval corpus
pertinent to the selected questions, meticulously crafted by
the authors of HippoRAG 2. More details of the datasets are
provided in Table 1.

Evaluation Metrics. Following HippoRAG 2 (Gutiérrez
et al. 2025), we evaluate the retrieval performance using Re-
call@5 (hit rate of the top-5 retrieved passages). For QA per-
formance, we use Exact Match and F1 score as evaluation
metrics.

Baselines. We benchmark MGranRAG against a diverse
set of baseline methods, broadly categorized into vector-
based RAG and structure-augmented RAG. Within the
vector-based paradigm, we distinguish two subgroups based
on model capacity: 1) Simple Baselines encompassing
BM25 (Robertson and Walker 1994), Contriever (Izacard
et al. 2021), and GTR (Ni et al. 2021). 2) Large Embedding
Models representing state-of-the-art dense retrieval archi-
tectures, specifically including Alibaba-NLP/GTE-Qwen2-
7B-Instruct (Kwon et al. 2023), GritLM/GritLM-7B, and
nvidia/NV-Embed-v2 (Muennighoff et al. 2024). We also
evaluate iterative methods, including IRCoT (Trivedi et al.
2022a), Search-R1 (Jin et al. 2025), and R1-Searcher (Song
et al. 2025a). For structure-augmented approaches, we rigor-
ously evaluate established methods such as RAPTOR (Sarthi
et al. 2024), GraphRAG (Edge et al. 2024), LightRAG (Guo
et al. 2024), HippoRAG (Jimenez Gutierrez et al. 2024), and
its advanced variant HippoRAG 2 (Gutiérrez et al. 2025).

Implementation Details. For our proposed MGranRAG,
we perform noun phrase extraction using spaCy. We use
the open-source Qwen3-8B and Qwen2.5-7B models for
both query decomposition and evidence extraction. These
tasks are executed in a few-shot CoT setting, and we ex-
plicitly disable the internal thinking process of the model
by including the /no think command in the prompt. For it-
erative RAG methods, we follow the original papers and
use their released, fine-tuned Qwen2.5-7B models during

31099



NQ PopQA MuSiQue 2Wiki HotpotQA NarrativeQA Avg

Method R@5 EM F1 R@5 EM F1 R@5 EM F1 R@5 EM F1 R@5 EM F1 EM F1 R@5 EM F1

No Retrieval – 40.2 54.9 – 28.2 32.5 – 17.6 26.1 – 36.5 42.8 – 37.0 47.3 3.4 12.9 – 27.2 34.8

BM25 56.1 44.7 59.0 35.7 39.1 49.9 43.5 20.3 28.8 65.3 47.9 51.2 74.8 52.0 63.4 4.4 18.3 55.1 34.7 43.6
Contriever 54.6 45.0 58.9 43.2 41.6 53.1 46.6 24.0 31.3 57.5 38.1 41.9 75.3 51.3 62.3 6.5 19.7 55.4 34.4 43.1
GTR (T5-base) 63.4 45.5 59.9 49.4 43.2 56.2 49.1 25.8 34.6 67.9 49.2 52.8 73.9 50.6 62.8 6.8 19.9 60.7 36.9 46.2
GTE-Qwen2-7B-Instruct 74.3 46.6 62.0 50.6 43.5 56.3 63.6 30.6 40.9 74.8 55.1 60.0 89.1 58.6 71.0 7.9 21.3 70.5 40.4 50.3
GritLM-7B 76.6 46.8 61.3 50.1 42.8 55.8 65.9 33.6 44.8 76.0 55.8 60.6 92.4 60.7 73.3 8.2 23.9 72.2 41.3 51.6
NV-Embed-v2 75.4 47.3 61.9 51.0 42.9 55.7 69.7 34.7 45.7 76.5 57.5 61.5 94.5 62.8 75.3 8.9 25.7 73.4 42.4 52.6

IRCoT – 33.1 49.2 – 36.8 48.7 – 22.3 33.3 – 45.0 55.1 – 53.7 67.1 5.8 23.0 – 32.8 44.2
Search-R1 – 54.5 63.2 – 50.9 58.5 – 31.8 41.0 – 50.4 57.6 – 54.7 66.2 6.5 20.7 – 41.5 49.8
R1-Searcher – 52.8 63.4 – 40.2 54.7 – 43.6 54.0 – 65.3 73.0 – 63.4 76.0 7.8 16.4 – 45.5 54.7

GraphRAG – 30.8 46.9 – 31.4 48.1 – 27.3 38.5 – 51.4 58.6 – 55.2 68.6 6.8 23.0 – 33.8 45.4
LightRAG – 8.6 16.6 – 2.1 2.4 – 0.5 1.6 – 9.4 11.6 – 2.0 2.4 1.0 3.7 – 3.9 6.0
RAPTOR 68.3 36.9 50.7 48.7 43.1 56.2 57.8 20.7 28.9 66.2 47.3 52.1 86.9 56.8 69.5 5.1 21.4 65.6 35.0 44.8
HippoRAG 44.4 43.0 55.3 53.8 42.7 55.9 53.2 26.2 35.1 90.4 65.0 71.8 77.3 52.6 63.5 4.4 16.3 63.8 39.0 48.1
HippoRAG 2 78.0 48.6 63.3 51.7 42.9 56.2 74.7 37.2 48.6 90.4 65.0 71.0 96.3 62.7 75.5 8.9 25.9 78.2 44.2 55.0

MGranRAG (Qwen2.5-7B) T=1 76.3 45.4 60.5 68.1 47.0 57.7 76.2 40.1 51.6 91.3 62.9 75.7 97.6 67.8 74.8 7.9 23.6 81.9 45.2 55.6
MGranRAG (Qwen2.5-7B) T=3 76.1 46.3 60.7 68.7 47.1 58.1 77.1 40.8 52.3 95.0 69.7 76.4 97.5 62.3 75.2 8.2 25.3 82.9 45.7 56.2
MGranRAG (Qwen3-8B) T=1 77.3 47.0 61.5 72.9 43.6 56.0 74.4 39.5 50.9 93.7 67.7 75.3 98.2 63.5 76.1 7.9 23.9 83.3 45.0 55.5
MGranRAG (Qwen3-8B) T=3 77.8 47.3 61.8 73.7 44.2 56.2 75.5 40.6 52.2 95.9 69.8 77.1 98.2 63.5 76.1 8.3 26.0 84.2 45.3 56.2

Table 2: Comparison of RAG methods across six benchmarks. Performance is reported in terms of R@5 (Recall@5), EM (Exact
Match), and F1 score. Best results are highlighted in bold, and secondary scores are underlined.

Index Retrieval

Method Input Output Input Output

MGranRAG (T=1) – – 4.5M 0.7M
MGranRAG (T=3) – – 12.0M 1.5M
HippoRAG 2 5.8M 2.4M 3.0M 0.4M
R1-Searcher – – 4.0M 0.3M
Search-R1 – – 3.8M 0.2M

Table 3: Comparison of LLM token usage in the indexing
and retrieval stages on the 2Wiki dataset.

the retrieval–reasoning process. For the structure-augmented
RAG baseline, we perform knowledge triple extraction us-
ing Llama-3.3-70B-Instruct. To ensure a fair comparison,
all methods use NV-Embed-v2 as the retriever and Llama-
3.3-70B-Instruct for final answer generation. We use a PPR
damping factor of 0.5, perform t = 3 iterations, and set a
semantic similarity threshold of 0.9 for phrase node match-
ing. We set the maximum number of passages for evidence
extraction to M = 10. The final relevance score is com-
puted as a weighted sum of scores from different granulari-
ties, with scaling factors ω1 = 0.1, ω2 = 0.5, and ω3 = 0.6
for passage, sentence, and phrase levels, respectively. All ex-
periments were performed on a single NVIDIA A100 80GB
GPU.

Retrieval Performance. As shown in Table 2, we com-
pare the retrieval and QA performance of MGranRAG with
strong baselines on six benchmarks. In the few-shot RAG

Method PopQA 2Wiki HotpotQA

Naive RAG 56.6 61.5 75.3

+ CHG 56.6 80.1 97.0
+ QD 58.7 84.5 97.4
+ EAR (MGranRAG) 72.9 93.7 98.2

Table 4: Ablation study of MGranRAG components on
PopQA and two multi-hop QA datasets, evaluated by Re-
call@5.

setting, MGranRAG consistently outperforms prior methods
on most datasets, achieving an average Recall@5 of 84.2%
under the Qwen3-8B reader with the T = 3 configura-
tion. Compared with the NV-Embed-v2 baseline (73.4%),
our method yields large gains on challenging datasets:
NQ (+2.4%), PopQA (+22.7%), MuSiQue (+5.8%), 2Wiki
(+19.5%) and HotpotQA (+3.7%). It also surpasses strong
structure-augmented methods such as HippoRAG 2, attain-
ing the highest Recall@5 on four benchmarks and reaching
98.2% on HotpotQA. The iterative retrieval process is effec-
tive: even with a single round (T = 1), MGranRAG already
outperforms all baselines on average, while increasing T to
3 brings further gains, especially on complex datasets like
2Wiki. These results strongly validate our core mechanism
of leveraging global context to guide local information re-
trieval.

QA Performance. All QA experiments use Llama-3.3-
70B-Instruct as the reader. As shown in Table 2, MGranRAG
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Figure 3: Impact of Iterations (T) and Candidate Passage
Count (M) on Retrieval Performance. Recall@5 on the
2Wiki dataset is plotted against the number of iterations for
varying candidate passage counts.
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Figure 4: Comparison of Recall@5 performance on the
2Wiki dataset across different combinations of retrievers and
LLM-based evidence extractors.

(Qwen3-8B, T = 3) achieves an average F1 score of
56.2%, outperforming all baselines, including HippoRAG 2
(55.0%). Moreover, compared with the recent R1-Searcher
approach, MGranRAG, although using only a few-shot
prompting configuration, achieves comparable QA perfor-
mance on the three multi-hop QA benchmarks. These re-
sults indicate that MGranRAG is an effective RAG frame-
work that substantially enhances the reasoning and genera-
tion capabilities of LLMs through iterative, multi-granular
retrieval.

Ablation Study
To evaluate the contribution of the core components of
MGranRAG, we performed ablation studies summarized in
Table 4, using Naive RAG (NV-Embed-v2) as the baseline.
All ablation experiments are conducted with the Qwen3-8B
reader under a single-iteration setting (T = 1). Incremen-
tally introducing major modules demonstrates their cumula-
tive effect on retrieval performance.

Introducing the Contextual Hierarchical Graph (+CHG)
leads to substantial gains on complex multi-hop datasets
such as 2Wiki and HotpotQA (Recall@5 improved by
18.6% and 21.7%, respectively), underscoring the value of
contextual structure for challenging queries. The query de-
composition (+QD) strategy yields further improvements
beyond +CHG, and proves robust even on simpler datasets
like PopQA. The fully integrated MGranRAG, which incor-
porates evidence-augmented reranking (EAR), achieves the
best results across all benchmarks. Notably, while improve-
ments are marginal on PopQA for individual components,
the complete framework still delivers a significant 16.3%
increase, underscoring the synergistic effect of component
integration and the importance of global context.

We further analyze the influence of the candidate passage
pool size (M ) on retrieval effectiveness for 2Wiki (Figure 3).
Under the T = 1 setting, performance consistently improves
as M increases up to a moderate range, after which gains
saturate. At M = 10 and M = 15, the model reaches
around 96% Recall@5. When M is too small, potential im-
provements are limited, indicating that an appropriate pool
size is essential for fully leveraging multi-granular evidence
in complex question answering. Considering efficiency and
performance, we choose M = 10 and T = 1 as the default
configuration, balancing coverage and computational cost.

Plug-and-Play Design and Computational Cost
To evaluate generalizability and plug-and-play capability,
we assess MGranRAG on 2Wiki using different dense re-
trievers and LLM-based evidence extractors. As shown
in Figure 4, NV-Embed-v2 consistently outperforms Con-
triever across all model pairings, yielding substantially
higher Recall@5 with every backbone LLM. This confirms
that retriever choice is crucial and that MGranRAG can ef-
fectively exploit stronger retrievers and LLMs in a plug-and-
play manner, without changing the pipeline.

We also compare the computational cost of MGranRAG
with three recent baselines in Table 3. While MGranRAG
achieves the best retrieval effectiveness, it incurs higher
LLM token usage, primarily due to long, carefully engi-
neered prompts. Each evidence extraction step uses a fixed
prompt of about 3k tokens. Reducing this overhead via
prompt optimization or model fine-tuning is left for future
work.

Conclusions and Future Work
In this work, we propose MGranRAG, a RAG framework
that mitigates evidence fragmentation in complex question
answering. MGranRAG combines a lightweight Contex-
tual Hierarchical Graph with multi-granularity iterative re-
trieval to progressively build coherent reasoning paths. On
challenging multi-hop QA benchmarks, MGranRAG signif-
icantly outperforms state-of-the-art RAG systems in both re-
trieval quality and answer accuracy. Although effective, the
iterative process introduces additional computational over-
head, and further work is needed to develop more efficient
variants and extend the framework to broader complex rea-
soning tasks.
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