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Abstract — Retrieval-Augmented Generation (RAG) has become a standard technique for grounding large 

language models (LLMs) in external knowledge, yet conventional vector-based RAG retrieves isolated, 

unstructured text chunks that often fail to preserve the relational context required for multi-hop and compositional 

reasoning. Graph-based Retrieval-Augmented Generation (GraphRAG) addresses this limitation by incorporating 

explicit relational structure — entities, relations, and subgraphs — into the retrieval and generation pipeline. This 

paper synthesizes seven recent contributions spanning multi-hop question decomposition, multi-aspect adaptive 

retrieval, fine-tuning-free subgraph retrieval, domain-specific knowledge-graph construction, an analogous LLM-

and-graph application outside question answering, and a unifying survey taxonomy, to characterize the current 

state of GraphRAG research. A structured comparison of methods, datasets, and reported gains is presented 

alongside a synthesis of consensus findings and open debates, including whether GraphRAG requires LLM fine-

tuning, how graph-construction cost weighs against its benefits, and which retrieval granularity contributes most 

to downstream performance. Building on this synthesis, the paper identifies a central, unaddressed gap — the 

absence of a controlled, cross-architecture evaluation protocol — and proposes a research agenda, termed the 

GraphRAG Attribution Study, designed to isolate the pipeline stages and structural granularities responsible for 

reported improvements over vector-only RAG. 

Keywords — GraphRAG; Retrieval-Augmented Generation; Knowledge Graphs; Multi-hop Reasoning; 

Subgraph Retrieval; Large Language Models; Graph Neural Networks; Question Answering. 

1. Introduction 

Large language models (LLMs) have demonstrated strong general-purpose reasoning and generation capabilities, but 

their static, parametric knowledge makes them prone to factual hallucination and rapid obsolescence. Retrieval-

Augmented Generation (RAG) mitigates this by retrieving relevant external content at inference time and conditioning 

generation on it. In its conventional form, RAG treats a knowledge base as a flat collection of text chunks indexed by 

dense vector embeddings; retrieval is reduced to nearest-neighbour search over this vector space. While effective for 

simple, single-fact lookups, this design discards the relational structure that connects facts to one another, which 

becomes a critical liability for multi-hop questions, compositional reasoning, and domain-specific tasks where the 

correct answer depends on chaining several related facts together. 

Graph-based Retrieval-Augmented Generation (GraphRAG) has emerged as a response to this limitation. Rather than 

retrieving disconnected passages, GraphRAG systems retrieve — or construct on the fly — subgraphs of entities and 

relations, allowing the generator to reason over explicit structure rather than implicit textual similarity alone. This shift 

has produced a rapidly diversifying body of research: some efforts reformulate multi-hop reasoning as a decomposition 

and fine-tuning problem; others redesign the retrieval and context-organization stages of the pipeline; still others pursue 

https://ijsrem.com/
mailto:Yallanagouda.basanagouda@cmr.edu.in


          
           International Journal of Scientific Research in Engineering and Management (IJSREM) 

                          Volume: 10 Issue: 09 | Sep - 2026                              SJIF Rating: 8.659                                          ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM67348                                        |        Page 2 
 

lightweight, fine-tuning-free retrievers, or apply LLM-driven knowledge-graph construction to specialized scientific 

domains. 

This paper makes three contributions. First, it synthesizes seven representative and methodologically distinct 

GraphRAG-related studies into a coherent thematic map, showing how each contribution instantiates a different stage 

of a common underlying pipeline. Second, it presents a structured comparison of methods, datasets, metrics, and reported 

improvements, together with an explicit account of where the literature agrees and where it remains in tension. Third, 

building on an identified evaluation gap, it proposes a concrete research agenda — a controlled, cross-architecture 

attribution study — intended to convert isolated architectural claims into generalizable, mechanism-level findings. 

The remainder of the paper is organized as follows. Section 2 reviews the relevant literature and groups it into thematic 

clusters. Section 3 describes the methodology used to conduct this synthesis and to formulate the proposed research 

direction. Section 4 details the generic architecture and working of a GraphRAG system. Section 5 compares GraphRAG 

against traditional vector-based RAG along several dimensions. Section 6 discusses consensus findings and open 

debates. Section 7 outlines the principal challenges and limitations of the field. Section 8 proposes future research 

directions, and Section 9 concludes the paper. 

2. Literature Review 

GraphRAG research does not currently form a single coherent methodology; instead, it clusters into five overlapping 

themes, unified only partially by a recent survey that proposes a five-component reference pipeline: Query Processor, 

Retriever, Organizer, Generator, and Graph Data Source [7]. Each of the remaining six studies reviewed here instantiates 

one or more stages of this pipeline. 

2.1 Multi-hop Question Decomposition (Reasoning-side GraphRAG) 

One line of work treats multi-hop reasoning primarily as a prompting and fine-tuning problem rather than a retrieval-

architecture problem. The MQUAKE-based approach [1] decomposes complex questions into sub-questions and fine-

tunes a LLaMA3 backbone via low-rank adaptation (LoRA), improving multi-hop accuracy without modifying the 

retrieval mechanism itself. It is notable as the only reviewed study that improves reasoning without touching the retrieval 

architecture. 

2.2 Multi-aspect and Adaptive Retrieval Augmentation (Retrieval-side GraphRAG) 

A second cluster targets the retrieval and context-construction stages directly, motivated by the observation that naive 

concatenation of retrieved graph facts injects noise into the generation context. The AMAR framework [2] combines 

entity, relation, and subgraph retrieval with learned relevance gating and prompt-embedding fusion. The KG2RAG 

approach [5] instead performs graph-guided expansion and paragraph-level reorganization of semantically retrieved seed 

chunks. Both are, in effect, "fix-the-middle-of-the-pipeline" solutions to the same underlying noise problem. 

2.3 Efficient, Fine-tuning-free Subgraph Retrieval 

A third line of work argues that heavier, learned components are unnecessary. SubgraphRAG [6] uses a lightweight 

multilayer-perceptron (MLP) triple scorer combined with directional structural-distance encoding to retrieve relevant 

subgraphs without fine-tuning the underlying LLM, while still achieving state-of-the-art results on WebQSP and CWQ. 

This directly rebuts an assumption implicit in the fine-tuning-based approaches above — that learned, task-specific 

components are required for strong performance. 

2.4 Domain-specific Knowledge-Graph Construction and RAG Pipelines 

A fourth cluster applies GraphRAG to a single specialized domain. The KG-FM system [4] performs LLM-driven 

knowledge-graph construction at scale — over 2.5 million nodes extracted from materials-science literature — feeding 

a Neo4j and Cypher-based retrieval-augmented generation loop. This work demonstrates GraphRAG's real-world payoff 

but is domain-locked and evaluated primarily against an ungrounded LLM baseline rather than against competing 

GraphRAG systems. 
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2.5 Adjacent LLM-and-Graph Applications Outside Question Answering 

A fifth, adjacent line of work applies the same "LLM plus graph structure" pattern to a non-question-answering task. 

The DGDB system [3] uses an LLM to generate graph queries (Cypher and Gremlin) for differential testing of graph 

databases. It is not GraphRAG in the retrieval-augmented-generation sense, but it is included here as a methodological 

cross-reference — for instance, its differential-testing-style evaluation logic — rather than as a direct baseline. 

2.6 Meta-level Synthesis 

Sitting above all of the above, the GraphRAG survey [7] catalogues retrieval techniques — entity linking, graph 

traversal, graph-neural-network embeddings, and graph reranking or verbalization — and explicitly argues that no single 

architecture generalizes across domains, a claim that any new contribution to the field must either confirm or challenge. 

TABLE I. Summary of Reviewed GraphRAG Studies 

Study Method Dataset(s) Key Metric 
Reported Gain over 

Baseline RAG 

Liang et al. [1] 

Question 

decomposition + 

LoRA fine-tuning of 

LLaMA3 

MQUAKE-T 

Synonym-

matched 

accuracy 

+0.11–0.46 pt multi-

hop vs. single-hop; 

gains shrink with 

training 

Xu et al. [2] 

(AMAR) 

Multi-aspect retrieval 

+ relevance gating + 

self-alignment 

WebQSP, CWQ 
F1 / Hits@1 / 

Accuracy 

≈+1.9% over 

strongest baseline; 

+6.6% over raw-text 

prompting 

Wu et al. [3] 

(DGDB) 

LLM-generated 

Cypher/Gremlin 

queries + differential 

testing 

Synthetic labeled-

property graphs 

Non-empty-

result ratio; 

bugs found 

+5–40 pt vs. non-

RAG baselines (not a 

RAG comparison) 

Bai et al. [4] 

(KG-FM) 

LLM-extracted KG 

(Neo4j) + Cypher-

grounded RAG 

100k+ 

MOF/COF/HOF 

papers; 150-Q 

expert benchmark 

Expert-judged 

QA accuracy 

91.67% vs. 33.33% 

for an ungrounded 

LLM baseline 

Zhu et al. [5] 

(KG2RAG) 

Semantic seed 

retrieval + KG-guided 

expansion + 

reorganization 

HotpotQA 

(+variants) 

Exact Match / 

F1 

Consistent gains over 

semantic RAG; no 

single headline figure 

Li et al. [6] 

(SubgraphRAG) 

MLP triple scorer + 

structural-distance 

encoding, no fine-

tuning 

WebQSP, CWQ 
Macro-F1 / 

Hit@1 

State of the art vs. 

RoG, G-Retriever, 

GNN-RAG, ToG 

Han et al. [7] 

(Survey) 

Taxonomy / 

qualitative synthesis 

10-domain 

benchmark 

catalogue 

N/A 

Qualitative: 

GraphRAG > vector 

RAG for multi-

hop/relational tasks 
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3. Methodology 

This paper follows a structured narrative-synthesis methodology rather than a fully systematic review, appropriate for a 

rapidly evolving and thematically fragmented field. Seven structured paper extractions were used as the primary 

evidence base, selected to span the major methodological positions currently active in GraphRAG research: reasoning-

side decomposition, retrieval-side augmentation, fine-tuning-free efficiency, domain-specific applied construction, an 

adjacent non-QA analog, and a meta-level survey. Each source was summarized along a consistent schema — method, 

dataset, key metric, reported improvement over a baseline, and stated limitations — to allow direct, column-wise 

comparison (Table I). 

The five-component reference pipeline proposed by the survey [7] (Query Processor, Retriever, Organizer, Generator, 

Graph Data Source) was adopted as an organizing taxonomy, against which each of the remaining six studies was 

mapped according to which pipeline stage(s) it modifies. This mapping produced the thematic clusters presented in 

Section 2 and made it possible to identify, by inspection, claims that recur without contradiction across independent 

sources (Section 6.1) as well as claims that are in direct or partial tension (Section 6.2). 

To formulate a forward-looking research agenda, three candidate research angles were derived from the limitations 

explicitly stated by the reviewed sources, then evaluated against three criteria: novelty (does the angle address a gap not 

already closed by an existing paper), significance (does resolving the gap change how the field evaluates or builds 

GraphRAG systems, rather than adding another point solution), and feasibility (are the code, datasets, and benchmarks 

required to execute the study already public). The angle scoring highest against all three criteria — a controlled, cross-

architecture attribution study — was selected as the primary proposed contribution and is elaborated in Sections 7 and 

8. 

4. Architecture and Working of GraphRAG 

Although individual GraphRAG systems differ substantially in implementation, the reviewed literature converges on a 

common five-stage reference architecture [7], illustrated conceptually in Table II. A user query first passes through a 

Query Processor, which performs entity linking, intent identification, and, where relevant, decomposition of a complex 

question into sub-questions [1]. The Retriever then locates relevant graph elements — individual triples, relations, or 

entire subgraphs — using techniques ranging from learned MLP scoring [6] to multi-aspect embedding retrieval with 

relevance gating [2]. Because raw retrieved graph fragments are often noisy or redundant, an Organizer stage filters, 

expands, or restructures them — for example, through graph-guided expansion and paragraph-level reorganization of 

seed chunks [5] — before the result is serialized into a form the LLM can consume, typically via verbalization or prompt-

embedding fusion. Finally, the Generator, an LLM conditioned on the organized graph context, produces the answer, 

drawing on an underlying Graph Data Source that may be a pre-existing knowledge graph (e.g., Freebase, accessed via 

WebQSP/CWQ [2][6]) or one constructed specifically for the task, as in the large-scale, LLM-driven materials-science 

knowledge graph built and queried through Neo4j and Cypher in [4]. 

4.1 Working Example 

Consider a multi-hop query such as "Which company, founded by a former employee of Company X, later acquired 

Company Y?" A vector-only retriever would return text chunks mentioning Company X, Company Y, or relevant 

founders independently, with no guarantee that the chunks jointly express the causal chain the question requires. A 

GraphRAG system, by contrast, first links the query to entity nodes X and Y, then traverses or scores candidate paths 

connecting them — for instance, an employment edge from X to a founder node, and a founding edge from that founder 

to a third company, followed by an acquisition edge to Y. The resulting subgraph, rather than a bag of disconnected 

passages, is passed to the generator, which can then verify and articulate the multi-hop chain explicitly. This structural 

grounding is the central mechanism by which GraphRAG systems report improved multi-hop accuracy and improved 

explainability, since the retrieved subgraph itself constitutes a citable justification for the answer [4][6]. 
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Stage Function Representative Techniques 

Query Processor 
Entity linking, intent detection, 

question decomposition 

Sub-question decomposition [1]; 

entity/relation extraction 

Retriever Locate relevant graph elements 
MLP triple scoring [6]; multi-aspect 

embedding retrieval [2] 

Organizer 
Filter, expand, and restructure 

retrieved content 

Relevance gating [2]; graph-guided 

expansion and reorganization [5] 

Generator Produce the grounded answer 
LLM conditioned on verbalized subgraph 

or fused prompt embeddings 

Graph Data Source Underlying structured knowledge 
Freebase (WebQSP/CWQ) [2][6]; LLM-

constructed domain KG (Neo4j) [4] 

TABLE II. The Five-Component GraphRAG Reference Pipeline 

5. Comparison with Traditional RAG 

Traditional RAG and GraphRAG share the same high-level goal — grounding LLM generation in external knowledge 

— but differ substantially in what is retrieved, how it is organized, and what failure modes each is prone to. Table III 

summarizes the principal points of contrast identified across the reviewed literature. 

Dimension Traditional RAG GraphRAG 

Retrieval unit Flat, unstructured text chunks Entities, relations, triples, or subgraphs 

Context structure 
Disconnected passages ranked 

by embedding similarity 
Explicitly connected relational structure [2][6] 

Multi-hop reasoning 
Weak; gains concentrate on 

single-hop lookups 

Strong; gains concentrate on multi-hop, 

compositional queries [1][5][6] 

Noise handling 
Susceptible to irrelevant chunk 

retrieval at scale 

Requires dedicated gating/reorganization but 

yields cleaner context [2][5] 

Explainability / 

grounding 

Limited; similarity score is not 

a justification 

Higher; retrieved subgraph doubles as a citable 

rationale [4] 

Fine-tuning 

requirement 

Often not required for the 

retriever 

Contested — some systems require it [1][2], 

others explicitly avoid it [6] 

Construction cost 
Low; index built from raw text 

embeddings 

Potentially high; may require large-scale KG 

construction [4] or an existing KG [2][6] 

Domain 

generalization 
Generally domain-agnostic 

Largely untested across domains; mostly 

domain- or benchmark-locked [4][7] 

Evaluation 

standardization 

Mature, widely shared 

benchmarks 

Fragmented; each system evaluated on its own 

dataset [7] 

TABLE III. GraphRAG vs. Traditional (Vector-based) RAG 

In short, GraphRAG trades the simplicity and low construction cost of vector RAG for stronger multi-hop reasoning and 

better-grounded, more explainable answers, at the cost of additional architectural complexity, contested fine-tuning 

requirements, and — as discussed in Section 7 — an evaluation landscape that remains far less standardized than that of 

traditional RAG. 
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6. Results and Discussion 

6.1 Consensus Findings 

Across the seven sources reviewed, four claims recur without contradiction. First, flat or isolated retrieval is repeatedly 

identified as the core failure mode of vector-only RAG: retrieving disconnected text chunks or triples loses relational 

context that matters for multi-hop or domain-grounded reasoning [2][5][6][7]. Second, structure appears to improve 

grounding, not merely recall — Cypher-grounded citations [4], entity-recall gains [6], and logical-form improvements 

[2] all point to the same mechanism: explicit graph structure lets a system indicate why an answer is correct, not just 

retrieve more text. Third, the graph advantage concentrates on multi-hop and compositional questions, with gains 

shrinking or vanishing on single-hop lookups but remaining consistent on multi-hop benchmarks such as MQUAKE-T, 

HotpotQA, and CWQ [1][5][6][7]. Fourth, noise from over-retrieval is treated as a shared adversary: relevance gating 

[2], reorganization [5], and adjustable subgraph size [6] are independently invented solutions to the same underlying 

problem — that naively larger graph context degrades, rather than helps, LLM reasoning. 

6.2 Contradictions and Open Debates 

Several points of tension remain unresolved. Whether GraphRAG requires LLM fine-tuning is contested: AMAR and 

the MQUAKE-based decomposition approach rely on LoRA fine-tuning for their gains [1][2], while SubgraphRAG 

explicitly argues that fine-tuning is unnecessary given sufficiently high retrieval quality, achieving state-of-the-art results 

with a frozen backbone [6]. Whether graph-construction cost is worth its benefit is similarly unsettled: KG-FM treats 

large-scale automated construction as tractable and valuable [4], while the survey flags construction as expensive and 

domain-dependent [7], and SubgraphRAG sidesteps the issue entirely by assuming an existing knowledge graph [6] — 

no study directly compares construction cost against payoff. A third debate concerns which structural granularity matters 

most: AMAR finds that relations contribute more than subgraphs to logical-form generation [2], in tension with 

SubgraphRAG and KG2RAG, which treat the connected subgraph itself as the primary unit of value [5][6]. Finally, the 

magnitude of improvement over vector RAG is inconsistently reported across studies, ranging from a marginal gain near 

ceiling [1] to a large but not directly comparable jump against an ungrounded, non-GraphRAG baseline [4], and domain 

generalization remains essentially untested, since each empirical study is evaluated on its own dataset [2][4][5][6]. 

Taken together, these findings suggest that the field has repeatedly and independently rediscovered the same problem 

— that naive retrieval loses relational context and that unmanaged graph context introduces noise — while offering 

architecture-specific, largely non-comparable solutions. This motivates the evaluation gap and research agenda 

discussed in Sections 7 and 8. 

7. Challenges and Limitations 

● Fine-tuning necessity is unresolved: some of the strongest reported gains depend on LoRA fine-tuning [1][2], 

while a competing approach achieves state-of-the-art results without any fine-tuning [6], and no study benchmarks the 

two approaches head-to-head under identical conditions. 

● Graph-construction cost is a major, underexplored bottleneck: large-scale LLM-driven construction is treated 

as tractable in a single domain [4] but is explicitly flagged by the survey as expensive and domain-dependent [7], with 

no study directly weighing construction cost against downstream payoff. 

● Retrieval granularity (triple, relation, subgraph, or path) is not standardized, and the limited ablation evidence 

available [2] has not been generalized beyond a single dataset and knowledge source. 

● Reported improvements over baseline RAG are not directly comparable across papers, since no standardized 

effect-size measure is used and baselines range from strong vector-RAG systems [2] to ungrounded LLMs [4]. 

● Domain generalization is essentially untested: empirical evaluations are confined to Freebase-derived 

benchmarks [2][6], Wikipedia-derived HotpotQA [5], or a single scientific domain [4], and the survey's claim of broad 

applicability is taxonomic rather than evidentiary [7]. 
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● Practical deployment constraints persist even in successful systems, including hand-tuned subgraph size limits 

[6], the absence of released code for some pipeline components [1][5], token-limited generation and degenerate-query 

filtering in adjacent LLM-and-graph applications [3], and reliance on subjective expert grading in domain-specific 

evaluation [4]. 

Collectively, these limitations indicate that GraphRAG's reported advantages, while consistent in direction (Section 6.1), 

have not yet been isolated from confounds such as backbone model capacity, dataset choice, and fine-tuning budget — 

a gap the proposed research agenda in Section 8 is designed to address. 

8. Future Scope 

Synthesizing the limitations and open problems identified across all seven sources, one gap recurs and is not addressed 

by any single existing study: there is no cross-domain, cross-architecture evaluation protocol that isolates which retrieval 

granularity and which pipeline stage is responsible for GraphRAG's reported gains, or whether those gains transfer when 

an architecture is moved to a new domain or graph source. This gap is substantiated by several observations: every 

empirical paper reviewed here evaluates a bespoke pipeline on its own dataset, with no study cross-evaluating another 

paper's method on its own benchmark; the survey explicitly calls for exactly this kind of unified evaluation standard [7]; 

a single ablation shows relations contributing more than subgraphs to performance but is never generalized beyond one 

dataset [2]; fine-tuning-free retrieval has been shown to match fine-tuned pipelines in isolation but never head-to-head 

under identical conditions [1][2][6]; and large reported gains from domain-specific knowledge-graph construction are 

measured against an ungrounded baseline rather than another GraphRAG system [4], leaving no apples-to-apples signal 

on whether more structure outperforms smarter retrieval over an existing graph. 

8.1 Proposed Research Angle A — GraphRAG Attribution Study 

The primary proposed direction is a controlled ablation study that factorially varies retrieval granularity (triple, relation, 

subgraph, path) and pipeline stage (retrieval-only, retrieval plus organization, retrieval plus fine-tuning) under a single 

evaluation harness, holding the LLM backbone fixed across conditions (e.g., a smaller open-weight model and a larger 

proprietary model) to remove model-capacity as a confound. This would convert the claim "GraphRAG beats vector 

RAG" from an architecture-specific anecdote into a generalizable, mechanism-level finding, directly answering the 

survey's call for a unified evaluation standard [7]. Feasibility is high, since the public code and datasets underlying 

SubgraphRAG [6], AMAR [2], and HotpotQA [5] are already available, making this primarily an engineering-and-

evaluation effort rather than a new data-collection exercise. 

8.2 Proposed Research Angle B — Fine-tuning-free Multi-hop Decomposition 

A secondary direction merges the question-decomposition strategy of [1] with the lightweight, fine-tuning-free retriever 

of [6], testing whether decomposition-driven multi-hop gains survive when LoRA fine-tuning is removed. This would 

directly resolve the fine-tuning-necessity debate identified in Section 6.2 and, if gains hold, offer a cheaper and more 

deployable recipe for multi-hop GraphRAG suited to practitioners without fine-tuning infrastructure. 

8.3 Proposed Research Angle C — Cross-domain Transfer Benchmark 

A third direction re-runs general-purpose retrievers built and tuned on Freebase-based benchmarks [2][6] and the 

reorganization logic of [5] on the domain-specific, LLM-constructed knowledge graph from [4], directly addressing the 

domain-generalization gap flagged by the survey [7] and informing whether the field needs domain-specific retrievers 

or whether general-purpose retrievers are portable. 

Of these three, Angle A offers the strongest primary contribution given its combination of novelty and reusable public 

assets, with Angles B and C well suited as secondary case studies conducted within the same research program. A 

recommended experimental structure — comprising a controlled evaluation harness, a factorial design fixed across 

datasets (WebQSP, CWQ, HotpotQA, with MQUAKE-T and the domain-specific benchmark as optional stress tests), 

and three guiding research questions concerning granularity, the fine-tuning necessity debate, and cross-dataset transfer 

— provides a concrete blueprint for executing Angle A as a full research paper. 
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9. Conclusion 

This paper has synthesized seven methodologically distinct contributions to GraphRAG research into a coherent 

thematic map organized around a common five-stage reference pipeline. The synthesis shows that the field agrees on 

the core failure mode of vector-only retrieval and on the value of explicit relational structure for multi-hop and grounded 

reasoning, while remaining divided on whether fine-tuning is necessary, how graph-construction cost should be weighed 

against its benefits, and which structural granularity matters most. A structured comparison against traditional RAG 

highlights that GraphRAG's stronger multi-hop reasoning and explainability come at the cost of greater architectural 

complexity and a considerably less standardized evaluation landscape. Building on these findings, the paper has 

proposed a controlled, cross-architecture attribution study as the most promising direction for converting GraphRAG's 

currently anecdotal, architecture-specific claims into generalizable, mechanism-level knowledge — a contribution that 

would benefit both researchers seeking to understand why GraphRAG works and practitioners seeking to deploy it 

reliably outside the narrow benchmarks on which it has so far been demonstrated. 
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