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Abstract

Graph Retrieval-Augmented Generation en-
hances factual reasoning in large language
models by structurally modeling knowledge
through graph-based representations. Existing
GraphRAG approaches face two core limita-
tions: shallow retrieval that fails to surface all
critical evidence, and inefficient utilization of
pre-constructed structural graph data. To ad-
dress these challenges, we propose GRAPH-
SEARCH, a novel agentic deep searching work-
flow with dual-channel retrieval for GraphRAG.
GRAPHSEARCH organizes the retrieval pro-
cess into a modular framework comprising
six modules, enabling multi-turn interactions
and iterative reasoning. Furthermore, GRAPH-
SEARCH adopts a dual-channel retrieval strat-
egy that issues semantic queries over chunk-
based text data and relational queries over struc-
tural graph data, enabling comprehensive uti-
lization of both modalities and their comple-
mentary strengths. Experimental results across
six multi-hop RAG benchmarks demonstrate
that GRAPHSEARCH consistently improves ac-
curacy and generation quality over the tradi-
tional strategy, confirming GRAPHSEARCH as
a promising direction for advancing agentic
graph retrieval-augmented generation.

1 Introduction

Large language models demonstrates remarkable
capabilities in natural language understanding and
reasoning (Zhao et al., 2023; Naveed et al., 2025).
Retrieval-augmented generation has emerged as a
paradigm that combines LLMs with external knowl-
edge bases, enhancing factuality, credibility and in-
terpretability in knowledge-intensive tasks (Lewis
et al., 2020). Graph Retrieval-Augmented Gen-
eration (GraphRAG) is introduced to overcome
the shortcomings of traditional RAG, which relies
solely on semantic similarity for retrieval (Peng
et al., 2024). By constructing structural graph
knowledge bases (graph KBs) and leveraging hier-
archical retrieval strategies, GraphRAG strengthens
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Figure 1: Anillustration of the shallow retrieval problem
in traditional GraphRAG methods, in which retrieval
and answering are conducted only once, resulting in
missing critical entities in knowledge graph database.

the integration of contextual information across
massive entities and relationships (Sarthi et al.,
2024; Edge et al., 2024; Guo et al., 2024).
However, existing GraphRAG approaches still
face challenges that lead to performance bottle-
necks: (i) Shallow retrieval results in miss-
ing evidence for complex queries. Most
GraphRAG methods adopt a single-round retrieval-
and-generation process as the interaction strategy
between the LLM and the graph KB (Edge et al.,
2024; Guo et al., 2024; Fan et al., 2025). However,
as illustrated in Figure 1, when handling a complex
query that requires four pieces of golden evidence,
“When did the town WIZE is licensed in become cap-
ital of the state where Ward Township is located?”,
the entity Randolph County is not retrieved by the
LightRAG retriever, and the reasoning process suf-
fers from insufficient evidence. (ii) Limited ability
to exploit structural data due to constrained re-
trieval scope. Existing GraphRAG methods with
heuristic path-construction schemes (Fan et al.,
2025; Chen et al., 2025; Jimenez Gutierrez et al.,
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Figure 2: Comparison of using relational graph data only, textual data only, or all data as commonly adopted in
GraphRAG approaches. The metric is SubEM. The contribution of retrieved graph data for reasoning is marginal.

2024) often fail to fully leverage the structural in-
formation in graph KBs, fundamentally because
shallow retrieval restricts the coverage of relevant
nodes and relations. Without sufficient coverage of
retrieved subgraphs, the available structural signals
are fragmented and sparse, making it difficult for
LLMs to integrate semantic and structural modali-
ties for complex reasoning. As shown in Figure 2,
models may perform comparably with semantic
textual evidence only, highlighting that the under-
utilization of graph data is tightly coupled with the
limitations of current retrieval strategies.

We propose GRAPHSEARCH, an agentic deep
searching workflow for GraphRAG. As illustrated
in Figure 3, GRAPHSEARCH is a novel agent
framework designed to access graph KBs through
dual-channel retrieval, acquiring both semantic
and structural information, and performing multi-
turn interactions to complete complex reasoning
tasks. Targeting the shallow retrieval problem in
existing GraphRAG approaches, GRAPHSEARCH
models retrieval as an agentic modular searching
pipeline. Through the coordinated contributions
of these modules, GRAPHSEARCH decomposes
complex queries into tractable atomic sub-queries,
retrieves fine-grained knowledge from graph KBs,
and iteratively performs logical reasoning and re-
flection to remedy missing evidence. Furthermore,
GRAPHSEARCH adopts a dual-channel retrieval
strategy, constructing semantic queries over chunk-
based text data and relational queries over struc-
tural graph data, thereby fully synergizing both
modalities and integrating them into contexts that
support LL.Ms in complex reasoning. The results
through extensive experiments conducted on six
multi-hop RAG datasets demonstrate that lever-
aging the graph KBs retrievers built upon the
corresponding GraphRAG approaches, GRAPH-
SEARCH consistently outperforms the traditional
single-round interaction strategy. Furthermore, the
effectiveness of the dual-channel retrieval strategy,

the contributions of agentic modules, and its robust-
ness under a small-scale LLM and varying retrieval
budgets are all empirically validated.

Our contributions are as follows: (i) We pro-
pose GRAPHSEARCH, an agentic deep searching
workflow that overcomes the challenges of shallow
retrieval and the ineffective use of relational graph
data in existing GraphRAG approaches. (ii) We
introduce a modular searching pipeline for iterative
reasoning and a dual-channel retrieval strategy inte-
grating semantic and relational queries over graph
KBs. (iii) Experiment results across six multi-hop
RAG datasets demonstrating that GRAPHSEARCH
consistently outperforms vanilla GraphRAG.

2 Preliminaries

Graph Knowledge Database. Given a document
collection D, the graph indexer ¢ segments D
into a set of text chunks K. For each chunk
k € K, an extractor R € ¢ identifies a set of
entities € = {€name, Eprop, €desc}. FOr any pair
of entities e, e; € k, a relation is defined as
7 = {€n, e, Tprop; Tdesc }- Aggregating all entities
and relations yields the graph KB G = {E, R, K },
where E denotes the entity set, R the relation set,
and K the associated chunk-level textual context.

Graph KB Retrieval. Given a query ¢, a graph
KB retriever i selects a relevant context set C' =
{Ey, Ry, K4} C G that maximizes semantic rele-
vance to ¢. The retriever aims to return structural
graph data and chunk-based text data that provide
sufficient evidence for answer generation.

LLM Answer Generation. The language model
consumes the query ¢ together with the retrieved
context C' to generate an output y. The gener-
ation is modeled as P(y | q) = > qcq Py |
q,C) P(C | q,G), where P(C' | q,G) represents
the retrieval probability over the graph KB, and
P(y | ¢, C) denotes the generation probability con-
ditioned on the integrated evidence.
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Figure 3: Overview of our GRAPHSEARCH framework. Build upon existing graph KBs, GRAPHSEARCH adopts a
dual-channel retrieval strategy by leveraging structural graph evidence through relational queries and chunk-based
textual evidence through semantic queries, driven by an agentic searching pipeline driven by coordinated modules.

3 GRAPHSEARCH

The overview of GRAPHSEARCH is shown in Fig-
ure 3. We build upon existing GraphRAG methods
to construct the graph KB from corpus. On top of
this, GRAPHSEARCH leverages the retriever to per-
form agentic deep searching with enhanced contex-
tual evidence, enabling better answer generation.

3.1 The Modular Deep Searching Pipeline
3.1.1 Iterative Retrieval

Query Decomposition. Given a complex query
@ as input, the goal of this module is to decom-
pose () into a sequence of atomic sub-queries
{¢1,92, -, qm} Pqop(Q) prompted by tem-
plate Pqgp, each representing a smaller and
tractable component of the original question. In
practice, each ¢; focuses on resolving a single en-
tity, relation, or contextual dependency, thereby
enabling the retriever to access fine-grained evi-
dence and reducing the reasoning complexity of
the overall task. For each sub-query ¢;, the graph
KB retriever 1 accesses database (& to return

Cq, = Y(gi | G) = {qu‘aqu‘vK z} (D

where Cy, is the retrieved context of sub-query g;.
The detail of prompt Pqp is in Figure 10.

Context Refinement. Once the initial context
Cy; is retrieved for a sub-query g;, this module
aims to refine the evidence by filtering redundant
information and highlighting the most relevant en-
tities, relations, and textual chunks. Given that
raw retrieval, the refined context is obtained as
Cy; = Pcr(qi, Cy,). This operation ensures that
each refined context C’l’h contains only the most in-
formative evidence for answering, thereby improv-
ing grounding quality in subsequent reasoning.

Query Grounding. The sub-queries are designed
to be semantically independent yet logically or-
dered, such that the answer to one sub-query can
serve as contextual grounding for subsequent ones.
In practice, many decomposed queries may contain
placeholders or unresolved references that depend
on the answers of prior sub-queries. To resolve this,
each ¢; in {q1,q2,...,qmn} is first paired with its
retrieved context C,, and produce an intermediate
answer a,, = LLM(g;, Cy,), then progressively ac-
cumulated to support later queries. Formally, the



grounded query is expressed as

g = PQG(%; {Q<i7 Cq<w d‘]<i})’ 2)

This procedure guarantees that each ¢; is contex-
tually instantiated rather than under-specified, en-
abling the graph KB retriever to fetch a more rele-
vant context Cg, for subsequent reasoning.

3.1.2 Reflection Routing

Logic Drafting. The role of this module is to or-
ganize these pieces into a coherent reasoning chain
that outlines how partial answers connect to the
original query (). Specifically, the drafting prompt
P1p integrates the sequence of {g;, Cj,, a4} to
produce a structured draft £, where

L= PLD({@'» Cﬂi? &Qi}gl)‘ (3)

During this drafting process, the module not only
consolidates available evidence but also exposes
potential gaps in the reasoning chain. For instance,
if a sub-query relies on entities or relations that
were not retrieved in earlier steps, or if the ac-
cumulated sub-queries with intermediate answers
{Gi, ag, } form an inconsistent chain, such deficien-
cies are explicitly reflected in £ and exposed.

Evidence Verification. This module evaluates
whether the accumulated evidence in £ is suffi-
cient and logically consistent to support a final
answer. The verification prompt Pgy inspects both
the retrieved contexts and the intermediate answers,
checking for factual grounding, coherence, and po-
tential contradictions, formally described as

V= PEV({diﬂcéwin}?ila'c)a 4

where V € {Accept, Reject} denotes the verifi-
cation decision, the former implying that the rea-
soning chain is logically reliable, and the latter
indicating missing or inconsistent evidence.

Query Expansion. This module generates addi-
tional sub-queries that explicitly target the missing
evidence. Formally, using the expansion prompt
and outputs a set of expanded sub-queries

{qj }] 1 _PQE({QMCqma%}Z 1 ) (5)

Each expanded sub-query qj is submitted to the re-
triever 1), yielding supplementary evidence qu+ =

(g | G) = {E, +, R+, K+ }. The additional
contexts C’ + are appended thereby enriching the
evidence pool and ensuring that knowledge gaps
revealed in £ can be actively filled, leading to a
more reliable reasoning process.

3.2 Dual-Channel Retrieval

Semantic Queries. The semantic channel em-
phasizes retrieving descriptive evidence from
chunk-level text. Given a complex query such
as “How many times did plague occur in the
place where the creator of The Worship of Venus
died?”, the retriever first reformulates it into a

sequence of semantically coherent sub-queries

{q1 .45 ), - ,qm } Each ql( %) is resolved against

the text corpus as C' o= {qu} focusing on a

single factual aspect, such as identifying the creator
of the artwork, locating the place where this cre-
ator died, and finally retrieving records about the
frequency of plague occurrences in that place. This
design allows the semantic channel to capture nu-
anced descriptive information scattered across the
corpus, ensuring that the retrieved textual evidence
provides sufficient coverage for reasoning.

Relational Queries. The relational channel for-
mulates the problem directly in terms of structured
triples. Given a complex query, it is decomposed
into relational sub-queries {qir), qér), el qT(f)}
mapping into subject-predicate-object relations.
For each q(r) the retriever returns a subgraph con-
text C £ = {E (7>,R ( }» focusing on entities

and relatlons For exam[j)le the painting The Wor-

ship of Venus — its creator — place of death —
plague occurrences. Unresolved references (e.g.,
Entity#1, Entity#2) are progressively instanti-
ated once upstream triples are resolved. This ex-
plicit traversal enforces logical dependencies, en-
abling the retriever to surface subgraphs that di-
rectly encode the answer path.

4 Experiments

4.1 Experimental Setup

Datasets and Baselines. We conducted exper-
iments on six multi-hop QA benchmarks within
the RAG setting. The Wikipedia-based bench-
marks include HotpotQA, MuSiQue, and 2Wiki-
MultiHopQA following (Gutiérrez et al., 2025;
Yang et al., 2025). The Domain-based bench-
marks (Qian et al., 2025) incorporate multi-hop
questions synthesized by (Luo et al., 2025), cover-
ing fields like Medical, Agriculture, and Legal. We
compare GRAPHSEARCH with Vanilla LLM, Naive
RAG, GraphRAG, LightRAG, MiniRAG, PathRAG,
HippoRAG2, and HyperGraphRAG. More details
are provided in the Appendix A and B.



Table 1: Experiment results of reasoning performance across six multi-hop QA benchmarks covering Wikipedia-
based and Domain-based datasets. The + means GRAPHSEARCH integrates with various graph KB retrievers built
upon the corresponding GraphRAG methods. The backbone LLM is Qwen2.5-32B-Instruct.

Method HotpotQA MuSiQue 2WikiMultiHopQA
SubEM A-Score E-Score SubEM A-Score E-Score SubEM A-Score E-Score
Vanilla LLM 33.67 6.90 5.98 12.33 6.10 5.87 48.33 6.95 4.50
Naive RAG 72.00 8.88 9.04 40.00 7.21 8.18 72.33 7.93 8.03
GraphRAG Baselines
GraphRAG 72.67 8.18 8.65 36.67 6.58 7.32 79.33 7.44 7.99
LightRAG 73.00 8.30 8.66 35.00 6.50 7.28 81.67 7.62 7.94
MiniRAG 68.00 7.95 8.24 41.00 6.93 7.67 74.00 7.57 7.61
PathRAG 79.00 8.99 9.17 46.33 7.26 8.02 77.00 8.25 8.34
HippoRAG2 76.67 8.45 8.73 44.00 7.07 7.88 72.33 7.98 8.01
HyperGraphRAG 74.33 7.39 8.69 41.67 6.76 7.53 64.00 7.62 7.80
GRAPHSEARCH
+ LightRAG 79.00 9.21 9.46 51.00 7.72 8.38 85.00 9.21 9.12
+ PathRAG 82.00 9.24 9.42 55.33 7.83 8.48 88.67 9.32 9.29
+ HyperGraphRAG 80.33 9.19 9.35 49.33 7.73 8.22 83.33 8.84 8.75
Method Medicine Agriculture Legal
SubEM A-Score E-Score SubEM A-Score E-Score SubEM A-Score E-Score
Vanilla LLM 21.29 7.14 7.57 29.88 7.10 7.38 37.11 7.02 7.43
Naive RAG 54.34 8.23 8.67 54.24 7.91 8.26 53.36 7.37 7.67
GraphRAG Baselines
GraphRAG 53.32 7.59 7.98 57.81 7.84 7.66 58.98 7.57 7.23
LightRAG 49.80 7.36 7.57 55.66 7.38 7.32 56.84 7.01 6.78
MiniRAG 56.84 8.13 8.51 59.38 8.08 8.08 61.91 7.70 7.50
PathRAG 58.79 8.18 8.32 61.13 8.22 8.23 62.30 7.96 7.91
HippoRAG2 55.08 7.90 8.03 58.20 7.95 7.86 64.45 8.02 7.81
HyperGraphRAG 62.11 8.39 8.70 63.67 8.35 8.49 66.60 8.18 8.18
GRAPHSEARCH

+ LightRAG 65.88 8.61 8.80 63.53 8.52 8.48 71.68 8.45 8.52
+ PathRAG 70.12 8.59 8.82 69.34 8.63 8.78 74.41 8.32 8.49
+ HyperGraphRAG 73.24 8.87 9.24 73.83 8.93 9.02 78.52 8.76 8.83

Correctness Correctness

Relevance
— Vanilla LM — LightRAG
Naive RAG ~ —— GraphSearch+LightRAG

Relevance
—— Vanilla LLM  —— HyperGraphRAG
Naive RAG  —— GraphSearch-+HyperGraphRAG

Figure 4: The performance yield by GRAPHSEARCH
over GraphRAG on eight metrics of answer generation.

Evaluation Metrics. We adopt three evaluation
metrics to assess the QA and retrieval quality. The
string-based Substring Exact-Match (SubEM) met-
ric checks whether the golden answer is explic-
itly contained in the response. The Answer-Score
(A-Score) covers Correctness, Logical Coherence,
and Comprehensiveness. The Evidence-Score (E-
Score) measures Relevance, Knowledgeability, and
Factuality. Both A-Score and E-Score are assessed
using the LL.M-as-a-Judge (Gu et al., 2024). More
details are provided in the Appendix D.

4.2 Main Results

GRAPHSEARCH outperforms all GraphRAG
baselines. As shown in Table 1, comparing with
traditional GraphRAG methods that perform only
a single round of graph retrieval and generation,
GRAPHSEARCH leverages the constructed graph
KBs with retriever to enable multi-turn interactions,
and achieves the best overall performance. This
confirms the importance of adopting an agentic
deep searching workflow over GraphRAG in com-
plex reasoning, effectively mitigating the insuffi-
ciencies of limited interaction and inadequate re-
trieval. Case studies with more detail information
of are provided in Figure 12 and 13 in Appendix G.

GRAPHSEARCH exhibits strong plug-and-play
capability. As shown in Table 1, when applied
with various retrievers over different graph KBs,
GRAPHSEARCH consistently yields improvements
compared to their native interaction schemes. For
example, it boosts LightRAG on MuSiQue, raising
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Table 2: Results across 2Wiki. and Legal benchmarks.
The backbone model is Qwen2.5-7B-Instruct.

Method 2Wiki. Legal
SubEM A-S R-S SubEM A-S R-S

Vanilla LLM 46.67 6.26 3.70 34.18 6.47 6.89

Naive RAG 62.33 737 741 52.58 6.71 7.29

GraphRAG Baselines

LightRAG 72.33 7.11 753 52.93 6.50 6.45

PathRAG 73.00 744 171 58.98 7.06 7.01

HyperGraphRAG 72.33 749  7.69 60.11 732 719

GRAPHSEARCH

+ LightRAG 79.00 835 821 58.59 7.64 731

+ PathRAG 82.00 8.51 8.59 64.32 7.87 17.66

+ HyperGraphRAG 82.33 8.49 8.69 67.48 8.02 7.39

SubEM from 35.00 to 51.00, while improving
A-Score and E-Score from 6.50 and 7.28 to 7.72
and 8.38. Similarly, it enhances HyperGraphRAG
on Medicine, increasing SubEM from 62.11 to
73.24, and further elevating A-Score and E-Score
from 8.39 and 8.70 to 8.87 and 9.24. These re-
sults demonstrate the plug-and-play capability of
GRAPHSEARCH as presented in Figure 4.

4.3 Ablation Studies

GRAPHSEARCH still remains effective under re-
duced model size. Using Qwen2.5-7B-Instruct
as the backbone, the experimental results on the
2Wiki. and Legal datasets are reported in Table 2.
Compared to three GraphRAG baselines, GRAPH-
SEARCH built upon these graph KB retrievers con-
sistently achieves performance improvements. This
confirms the potential of GRAPHSEARCH to extend
effectively to models with reduced size.

GRAPHSEARCH benefits from the design of
dual-channel retrieval. As shown in Figure 5,
the QA performance on the 2Wiki and Legal
datasets obtained by integrating retrieval contexts
from both channels consistently surpasses that of
either single-channel variant across all graph KB
retrievers. A relative improvement is particularly
pronounced on the Legal dataset, which confirms
the necessity of the design of dual-channel retrieval,
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Figure 6: (a) Performance changes as the count of Top-
K varies during the retrieval stage. (b) GRAPHSEARCH
improves the recall rate of golden evidence during agen-
tic multi-turn interactions progressively.

fully leveraging the constructed graph KBs from
both semantic and structural perspectives.

GRAPHSEARCH modules make clear contribu-
tions to the agentic deep searching workflow.
We evaluate the incremental contributions of the
module coordination, including Query Decom-
position (QD), Context Refinement (CR), Query
Grounding (QG), Logic Drafting (LD), Evidence
Verification (EV), and Query Expansion (QFE) in
Table 3. We adopt the graph KB retriever built
upon HyperGraphRAG for GRAPHSEARCH along
with a baseline. Comparing the combination of
[QD, CR] with [QD, CR, QG], the former performs
non-iterative question decomposition, producing
multiple sub-queries in one go without missing in-
formation. The results confirm the value of the
modular orchestration in GRAPHSEARCH, each
step progressively enhances the reasoning process
and enables the agentic deep searching workflow.



Table 3: Experiment results of ablation study on module coordination across 2Wiki.

and Legal datasets of

GRAPHSEARCH + HyperGraphRAG. v'and / refer to whether each individual module is enable or not.

Modules 2Wiki. Legal
QD CR QG LD EV QE SubEM A-Score R-Score SubEM A-Score R-Score
GRAPHSEARCH + HyperGraphRAG
/ / / / / / 64.00 7.62 7.80 66.60 8.18 8.18
v v / / / / 76.33 8.14 8.16 73.98 8.34 8.29
v v v / / / 81.67 8.57 8.57 77.31 8.82 8.71
v v v v v v 83.33 8.84 8.75 78.52 8.76 8.83
LightRAG HyperGraphRAG PathRAG
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Figure 7: GRAPHSEARCH demonstrates a modality—function alignment property by constraining the retrieval source
from textual data, structural graph data or both for the relational-channel and semantic-channel.

GRAPHSEARCH exhibits more pronounced ad-
vantages under smaller retrieval budgets. By
varying the Top-K from 10 to 50 as a adjustment
for retrieval overhead, the comparison of GRAPH-
SEARCH on MuSiQue is shown in Figure 6(a). As
Top-K decreases, both Naive RAG and LightRAG
show a sharp decline, indicating that their retrievers
fail to capture part of the golden evidence under
reduced budgets, preventing models from engag-
ing in sufficient evidence-grounded reasoning. By
contrast, the agentic searching workflow in GRAPH-
SEARCH sustains its performance advantages even
under low retrieval overhead with fewer contextual
information, which determines to refine its query-
ing strategy to adapt the weak retriever.

4.4 Further Analysis: Deep Integration of
GRAPHSEARCH with Graph KBs

GRAPHSEARCH improves the retrieval quality
through the agentic interaction progressively.
Using Recall to calculate the golden evidence cap-
tured, we compare the retrieval quality of GRAPH-
SEARCH with LightRAG in Figure 6(b). The
Step denotes the interaction rounds performed by
GRAPHSEARCH, up to the final self-reflection
stage. It initially retrieves fewer pieces of golden
evidence, as it decomposes complex queries into
atomic sub-queries. As interactions proceed, the

recall shows substantial improvement across both
channels, which confirms that the agentic workflow
is tightly integrated with the features of graph KBs.

GRAPHSEARCH achieves clear gains compar-
ing with agentic RAG baselines. We compare
GRAPHSEARCH with representative agentic RAG
methods, including ReAct (Yao et al., 2023), IR-
CoT (Trivedi et al., 2023), and Search-o1 (Li et al.,
2025). These baselines operate where retrieval is
performed over chunk-based textual source. We
match the Top-K of retrieval context and adopt the
same dense embedder as used in GRAPHSEARCH.
As shown in Table 4, GRAPHSEARCH consistently
outperforms these agentic RAG baselines across
Medicine, Agriculture, and Legal. The results
highlight GRAPHSEARCH’s strong applicability to
graph KBs by utilizing structural signals for evi-
dence discovery and aggregation.

GRAPHSEARCH demonstrates a modal-
ity—functionality alignment property. We
calculate SUbEM on MuSiQue by replacing the
retrieval sources of the semantic and relational
channel with text and graph data respectively.
Results obtained by retrieving from the full data are
included as references. Figure 7 shows that using
semantic queries to access text data and relational
queries to access graph data consistently outper-



Table 4: Comparison between GRAPHSEARCH with
agentic RAG methods using Qwen2.5-32B-Instruct.

Method Medicine Agriculture  Legal
SubEM SubEM SubEM
Vanilla LLM 21.29 29.88 37.11
Naive RAG 54.34 54.24 53.36
ReAct 19.73 25.99 30.86
IRCoT 52.78 51.47 48.12
Search-ol 59.42 62.17 56.90
GRAPHSEARCH 73.24 73.83 78.52

forms other combinations. Moreover, compared
to retrieving from the full data, restricting each
channel to its aligned modality not only achieves
comparable performance but also substantially
reduces context overhead. It confirms that the
functionality of the dual-channel retrieval strategy
aligns with the data modalities of graph KBs.

GRAPHSEARCH balances reasoning perfor-
mance and execution latency. We further an-
alyze the efficiency of GRAPHSEARCH by com-
paring its run time and model API calls with agen-
tic RAG strategies on the Legal dataset. As il-
lustrated in Figure 8, GRAPHSEARCH incurs a
higher number of model API calls, however, un-
like streaming agentic RAG methods that interleave
retrieval in a largely sequential manner, the dual-
channel retrieval design of GRAPHSEARCH is par-
allel, enabling semantic retrieval and relational re-
trieval to be executed concurrently. As a result,
GRAPHSEARCH achieves stronger performance
while maintaining competitive overall run time
overhead. These results demonstrate that GRAPH-
SEARCH strikes a favorable balance between rea-
soning capability and execution efficiency.

5 Related Work

5.1 Graph Retrieval-Augmented Generation

Building on RAG, GraphRAG explicitly models
structural relations among entities, thereby captur-
ing contextual dependencies and structural knowl-
edge integration (Peng et al., 2024; Edge et al.,
2024). Early work (Sarthi et al., 2024; Edge et al.,
2024) emphasize hierarchical summarization and
integration. LightRAG (Guo et al., 2024) advanced
this direction by incorporating graph structures into
both indexing and retrieval. Recent efforts in graph
KB construction introduce diverse structural repre-
sentations, such as heterogeneous and lightweight
graph structures (Fan et al., 2025; Xu et al., 2025),
the extension to hypergraphs that capturing higher-

API Calls
[ 1 2 3 4 5 6 7 8
API Calls
Run Time

Naive RAG
ReAct

IRCoT
Search-ol
HyperGRAG
GraphSearch

0 5 10 15 20 25 30 35
Run Time (s)

Figure 8: The balance between reasoning capability and
execution efficiency of GRAPHSEARCH.

order relational dependencies (Luo et al., 2025;
Feng et al., 2025), and the leverage of causal graphs
to improve logical continuity (Wang et al., 2025).
Retrieval strategies increasingly rely on heuristic
path exploration, such as the topology-enhanced
lightweight search (Fan et al., 2025), the pruning
via relational path retrieval (Chen et al., 2025), the
utilization of personalized memory-inspired rea-
soning (Jimenez Gutierrez et al., 2024; Gutiérrez
et al., 2025), and the adoption of beam search over
proposition paths (Wang and Han, 2025).

5.2 Agentic Retrieval-Augmented Generation

Single-round interaction of RAG is insufficient for
complex reasoning tasks, and modular RAG sys-
tems (Gao et al., 2024; Jin et al., 2025b; Wu et al.,
2025) are proposed to flexibly reconfigure retrieval
and reasoning modules into composable pipelines.
Recently, agentic approaches emerged, where rep-
resentative methods include reasoning—acting syn-
ergy in ReAct (Yao et al., 2023), self-reflective
retrieval in Self-RAG (Asai et al., 2024), test-
time planning in PlanRAG (Verma et al., 2024),
and reinforcement-learned search agents in Search-
ol (Lietal., 2025) and Search-R1 (Jin et al., 2025a).
Pioneering works (Sun et al., 2023; Ma et al., 2024;
Shen et al., 2024; Lee et al., 2024) integrated graph
knowledge for retrieval into the agentic RAG work-
flow to support the multi-step reasoning.

6 Conclusion

We introduced GRAPHSEARCH, a novel agentic
deep searching framework for GraphRAG. By in-
tegrating a dual-channel retrieval strategy, it over-
comes the limitations of shallow retrieval and inef-
ficient graph utilization. Its modular design enables
iterative reasoning, leading to strong evidence ag-
gregation. Experimental results demonstrate con-
sistent improvements in retrieval and generation,
highlighting the effectiveness of our approach.



Limitations

Although GRAPHSEARCH has made progress in
advancing GRAPHRAG, there are still some limita-
tions. First, it remains uncertain whether GRAPH-
SEARCH can unlock greater potential under dif-
ferent training strategies, such as fine-tuning or
reinforcement learning. Second, how to integrate it
with cutting-edge reasoning models is still an open
question. Finally, applying GRAPHSEARCH to sce-
narios involving multimodal corpora is a direction
worthy of further investigation.
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Appendix
A Datasets

As shown in Table 5, we randomly sample 300
questions for HotpotQA, MuSiQue and 2WikiMul-
tiHopQA datasets, and directly adopt the Medicine,
Agriculture and Legal datasets from (Luo et al.,
2025).

B Baselines

* Vanilla LLM: Zero-shot question and answering
without any external retrieval source, depending
on language model’s parametric knowledge.

* Naive RAG (Lewis et al., 2020): Generation
with plain text chunk-based embedding database
as external retrieval source, where top-k items
are retrieved for a single round.

* GraphRAG (Edge et al., 2024): A graph-based
approach to question answering over hierarchi-
cal graph index where community summary is
generated to represent the relationships.

* LightRAG (Guo et al., 2024): A simple and fast
GraphRAG framework by applying integration
of graph structures with vector representations
for a dual-level retrieval system.

* MiniRAG (Fan et al., 2025): A novel GraphRAG
system designed for small LLM which adopts
a lightweight topology-enhanced retrieval ap-
proach.

e PathRAG (Chen et al., 2025): A GraphRAG
system which retrieves key relational paths from
the indexing graph through flow-based pruning.

* HippoRAG?2 (Gutiérrez et al., 2025): A RAG
framework built upon the personalized PageRank
with deeper passage integration.

* HyperGraphRAG (Luo et al., 2025): A novel
hypergraph-based RAG method that represents
n-ary relational facts via hyper-edges for retrieval
and generation.

C Implementation Details.

We conduct experiments on a Linux server
equipped with 8 A100-SXM4-40GB GPUs. The
model for graph construction is Qwen2.5-32B-
Instruct, and the chunk size is 400 tokens. The
embedding model for Naive-RAG and GraphRAG
is jinaai/jina-embeddings-v3 (Sturua et al., 2024).
For GRAPHSEARCH and baselines, we set the Hy-
brid retrieval mode and set the Top-K for retrieval
to 30, or use the default configuration if unavailable.
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The backbone model for generation is Qwen2.5-
7B/32B-Instruct (Bai et al., 2023). The LLM-as-a-
Judge for evaluation is Qwen-Plus (Bai et al., 2023)
with API available.

D Evaluation Details

We leverage the Substring Extract-Match(SubEM)
metric to check whether the golden answer is ex-
plicitly contained in the response, the Answer-
Score(A-Score) to judge the quality of model
generation across 3 criteria covering correct-
ness, logical coherence and comprehensiveness
with the golden answer as reference, and the
Evidence-Score(E-Score) to measure how well the
model’s generation is grounded in the golden ev-
idence, evaluated along 3 criteria including rel-
evance, knowledgeability and factuality with
the golden evidence as reference as SubEM =

% Ef\il 1 [contains (Ogred’ Azg()ld)} .

Figure 9: Evaluation prompts of A-Score across 3
criteria and E-Score across 3 criteria.

E The Use of Ai Assistants

During the completion of this thesis, the scenarios
involving the use of Ai Assistants included: using
code-completion tools to assist with experiments,
and using ChatGPT to polish the draft after the
initial writing was completed. LLLMs were not in-
volved in any aspects such as the development of
research ideas, literature review, and so on.



Table 5: Detail information of datasets used in GRAPHSEARCH. The tokenizer used to calculate the size of corpora
is GPT-40. # means the number of counts.

Name Reference Source #Corpus #Questions Question Types #Evidence
HotpotQA (Yang et al., 2018) Wikipedia 397,274 300 Comparison, Bridge 2,34
MuSiQue (Trivedi et al., 2022) Wikipedia 533,145 300 2-Hop, 3-Hop, 4-Hop 2.4

2WikiMultiHopQA (Ho et al., 2020) Wikipedia 220,295 300 Compositional, Comparison, 2,4
Bridge Comparison, Inference

Medicine (McEvoy et al., 2024) ESC Guidelines 175,216 512 1-Hop, 2-Hop, 3-Hop 1,2,3
Agriculture (Qian et al., 2025)  UltraDomain 378,592 512 1-Hop, 2-Hop, 3-Hop 1,2,3
Legal (Qian et al., 2025) UltraDomain 929,396 512 1-Hop, 2-Hop, 3-Hop 1,23
F Prompt Templates As shown in Figure 11, we introduce the prompt

templates in Logic Drafting, Evidence Verifica-
tion and Query Expansion modules for combining
into a reflection router.

As shown in Figure 10, we introduce the prompt
templates in Query Decomposition, Context Re-
finement and Query Rewriting modules both in
text-channel and graph-channel.

ed context data, your task is to construct a logically sound, step-by-step answer
orous reasoning path, incorporate relevant evidence, and establish clear

Text-Channel Query iti Graph-Channel Query

evaluator specializing in verifyin

ved context data, and the mo
logical loop supported by

Text-Channel Context Refinement Graph-Channel Context Refinement

Text-Channel Query Grounding Graph-Channel Query Grounding

Figure 10: Prompt templates of Query Decomposition,
Context Refinement and Query Rewriting modules
both in text-channel and graph-channel.

Figure 11: Prompt templates of Logic Drafting, Evi-
dence Verification and Query Expansion modules for
combining into a reflection router.
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G Case Studies

As shown in Figure 12, there are some cases of
baseline methods, including vanilla LLM gener-
ation, Naive RAG and LightRAG. A case of our
proposed GRAPHSEARCH is in Figure 13.

G.1 Vanilla Generation, Naive RAG and
LightRAG

Question: Who won more national championships between the university
featuring Fort Hill and the university of the state where Edwards won
the primary besides the state containing Redan High School?

Answer:
Vanilla LLM

To answer this question accurately, we need to break it down into parts and identify the
specific universities and states being referred to.\n\nl. **University featuring Fort Hill**:
Fort Hill is located in Baltimore, Maryland. The university most closely associated with
Baltimore is Johns Hopkins University.\n\n2. **University of the state where Edwards won

University of South Carolina

Therefore, based on the information provided and the assumptions made, the university in
North Carolina (likely referring to either Duke University or UNC) would have won more
national championships compared to Johns Hopkins University.

G.2 GRAPHSEARCH with LightRAG

Question: Who won more national championships between the university
featuring Fort Hill and the university of the state where Edwards won
the primary besides the state containing Redan High School?

Answer: University of South Carolina
GraphSearch + LightRAG

Semantic Query Decomposition

Relational Query Decomposition

Which university features Fort Hill?",

Who is Edwards?

In which states did Edwards win primaries?”,

“Unich state containing Redan High School should be
excluded from the list obtained in

ldentify the university in the Teaaining state(s) from 83
where Edwards won a prina:

How many national (hamn)onsmps has the university
identified in

"o nany nationsl (hxmp)or\shlps has the university
identified in #5 won?

“Between the universities from #1 and #5, which one has
won more national chanpionships?”

“is featured in", "Entity#1"), (“Entity#1",
is a”, "university”)]

[(“Entity#1", "nuaber of national championships”,
“Entity#2")]

[("Edwards”, "won prinary
School”, "is located in”, "
not”, "Entity#a")]
[Centityas”, “has undversity, “Encltyss), ( Enutyns f
“number of national championships”, "Entity

[("Eneitys2", "conparc with~, “Entitys6")]

in", "Entity
"Entitysa”), ("Entitys3",

#3"), ("Redan mgn

Semantic-Channel Retrieval Relational-Channel Retrieval

[CFort WILL®, 15 festured 1n", “Entitys1"), (“Entit

Which university features Fort Hill? [RE—

i o oo (r 1 i b e €| (103 Vet Vet s Ve
[("Fort Hill", "is featured in"
("Clemson University", "is a",

“Clemson University"),

Fort Hill is featured on the Clemson University campus in
ina. university”)]

Clemson, South Carolin:

Who is Edwards? [("Clemson University”, “nusber of national championships”, "Entitys2")]

Based on the provided context, there are two notable
individuals named Edwards:\n\n1. **John Edwards**

[("Clemson University”, "number of national championships”,
“S national championships”)]

(o
Champion

-+ cniversity", i), (Eotityes, “rmber of mationl

How many national championships has Clemson University won?

The query asks about comparing the number of national championships between two universities
one featuring Fort Hill and another in the state where Edwards won a primary, excluding the
state that contains Redan High School.\n\nFrom the provided context Fort Hill is
associated with Clemson University in South Carolina.\n- Edwards won the South Carolina
Since no specific information about Clemson University's national championships is given, and
the University of Kansas is the only university mentioned with a clear number of national
championships, it can be inferred that the University of Kansas has won more national
championships than Clemson University based on the available information.
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Naive RAG e
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is a four-year public public secondary 1igh School is a higl Dow High School 2 Hill, also known as the Between the universities from Clemson University ann the [("S national championships”, "compare with”, "1@ national
high scho chool of the DeKalb | school located in public high school John C. Calhoun Mansion University of South Carolina, which one has won championships™)]
Cumberland, Maryland, |County School orlando, F located in Midland, national championships?
serving 780 students | unincorporated Dekalb| by Orange County Public | part of Midland Public [
12 United state e o o hemson eivretty copr.
Answer Based on the provided context, the University of South “conpare with", "10 national

"5 national championships”,
Carolina has won more national championships than Clemson | championships”)]
University. Specifically, Clemson University has won 5
national championships, whereas the University of South
Carolina has won 10 national

Logic Drafting and Evidence Verification Logic Drafting and Evidence Verification

address the query, we need to compare the number of national
champlonships won by two universities: the one featuring Fort KLl
and the university in the state where Edwards won a p

excluding the state containing Redan High School.\n\n**Step 1
Identify the University Featuring Fort HI11**\n. b-query 1, we
know that Fort Hill is located on the Clemson University campus

To salve the query, we mist compare the usber of national
championships between two universitie: e featuring Fort WLl
2nd the one in che state uhare Eduards von 2 pri

state containing Redan

Fort Hill\n

Clemson University. Since Clemson University is itself the
“Conclusion: **\nBetween Clemson University and the University of
South Carolina, the University of South Carolina has won more

Conclusion: \nThe University of South Carolina has won more national
national championships (10 copared to Cly s)

championships than Clemson University (10

emson University's 5).",

Retrieved Graph Data

Yes Yes

(olay 1, ey
Vorsmizationt, ¥ mmm W

\"oeKalb County School DIStrLEE\", \
\Pouca county School Dlstrict i the

VHO\ T 1, \"entityI\": \"Fort HII1 Wigh School\", \"entity2\"; \"United

gh School 1

Cereated_stte: \"sozs-o8.07

97:53:00\", \"File_path\": \"urknown_source\) rordn" \"geographical affiliation”

Retrieved Text Data

(V101" 3, \contancye: \‘edan Wigh Schonl: Redan High School 15 3 public sacondary school of the DeKalb County School District located

in unincorporated Dekalh Couny, Georg, United States, rhe school. 1s south of the ity of stone Noutain. ', \'le pat

\unknomn_source\"), (\"4d\": 2, \"co 1 High School: Fort HILl High School i r-year public high mm in

Commeriand, MoryLand, United Sesces, serving 780 Students I Grades 3 Chrough 12,1 \-File.path: \-inkoonn. SoURCO\TT, (\id

Vreomtent’: \eiL1ion ovard Taft High Scheor (Chicage): Toft Mgh Schost 16 3 PURLLE 6-year nigh schout and scademic center located in

est side of , Tlinois, United States. Taft serves communities on the far northuest side,
Tat 15 operat he Chicago Public Schools district.
f \\\"Grease\\\". Jacobs used Taft

inspiration in writing the musical. Taft's NJROTC unkt has won a Distinguished Unit award every year since 2001. Since 2014, Taft High

School has been considered a \\\"wall-to-wall\\\" 18 school as part of the International Baccalaureate foundation. Taft high school has

offered the International Baccalaureate progran since 2001.\", \"file_path\":

Answer

Based on the provided information, there is no mention of any specific universities
associated with Fort Hill High School or any primary elections involving Edwards. The
entities related to Fort Hill High School are primarily focused on its location and academic
details in Cumberland, Maryland, while Redan High School is mentioned in the context of being
part of the DeKalb County School District in Georgia. No information regarding national
championships or political primaries involving Edwards is provided in the given Knowledge
Graph and Document Chunks.\n\nTherefore, it is not possible to determine who won more
national championships between these entities based on the available data.

Figure 12: Samples of Vanilla Generation, Naive RAG
and LightRAG.

13

Answer

To address the query and provide a Logically sound, step-by-step answer, we need to break down the problem into saaller parts and use the context data
provided to find the necessary inforsation.\n\neas Step 1: Identify the University Featuring Fort AiLl\n- *+Context Datar*: Fort Kill is located on the
Clemson University campus in Clesson, South Carolina.\n- **Conclusion®*: The university featuring Fort KILL is Cleason University.\n\nk## Step 2: Deteraine
the State Where Eduards Won 3 Prisary Electionin.

eConclusonee: Th Untuersity of South Cretina fas won sre natioma, champlonhipe than Clomsn iversity \niod#t Fiva dnseritusen the unbwersity
featuring Forc Wil (Clewson tniversicy) and the wiversicy o the Scate where. Eouards wan the prisary (University of South @rolina

Figure 13: A sample of GRAPHSEARCH with Ligh-
tRAG as the graph retriever.
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