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Abstract

Retrieval-augmented generation (RAG) performs well for localized factual queries but struggles with complex
questions requiring multi-section evidence integration. Graph-based approaches introduce relational structure,
yet their practical integration into QA pipelines involves significant query-time overhead. We present a practical
KG-augmented RAG (KG-RAG) design that builds a knowledge graph offline with an LLM, converts graph communities
into reusable summaries, and retrieves these summaries jointly with textual evidence at query time. We compare
dense RAG, pure GraphRAG, and the proposed hybrid on two benchmarks representing complementary retrieval
paradigms: QASPER (intra-document reasoning over scientific papers) and ObliQA (cross-document reasoning over
regulatory texts). Results show that pure GraphRAG does not consistently outperform dense retrieval, whereas
the hybrid configuration systematically improves relevance, correctness, and completeness while maintaining
substantially lower latency than full graph-based inference.

Keywords: GraphRAG; KG-RAG; Knowledge Graph Summarization; Multi-hop Question Answering; Large
Language Models

1. Introduction

Large language models (LLMs) are central to con-
temporary question answering, especially when
paired with retrieval-augmented generation (RAG)
(Lewis et al., 2021). By grounding responses in
retrieved passages, RAG improves factual consis-
tency and reduces hallucination. However, dense
retrieval remains limited for questions that require
integrating dispersed evidence or reasoning over
implicit relations across long documents (Parekh
et al., 2026; Liu et al., 2023; Huang et al., 2025).

Knowledge graphs (KGs) offer an appealing
complement because they expose entities, rela-
tions, and higher-level corpus structure. Yet graph-
based QA introduces two practical trade-offs: graph
abstraction can suppress fine-grained evidence
needed for accurate answers, and graph-centric
query-time reasoning can be substantially slower
than standard retrieval (Edge et al., 2025). We
therefore study a practical hybrid KG-augmented
RAG (KG-RAG) design in which a KG is built offline,
graph communities are summarized into reusable
textual resources, and these summaries are re-
trieved jointly with raw evidence at inference time.

We evaluate on two benchmarks represent-
ing complementary retrieval regimes: QASPER
(Dasigi et al., 2021), which requires document-
bounded reasoning over scientific papers, and
ObliQA (Gökhan et al., 2024), which requires cross-
document reasoning over regulatory texts. These
datasets are used not to claim broad domain cover-
age, but to test the hybrid setting under two struc-
turally different retrieval conditions. We compare
three configurations: (i) dense RAG, (ii) GraphRAG
with global search, and (iii) a hybrid RAG aug-

mented with reusable community summaries.
Our contributions are as follows:

• We introduce a hybrid KG-RAG framework
that transforms communities in an LLM-
constructed knowledge graph into reusable
retrieval units, enabling relation-aware aug-
mentation of dense retrieval without expensive
query-time graph reasoning.

• We study how graph construction choices, no-
tably ontology granularity and resulting com-
munity structure, affect QA behavior and when
graph-derived abstraction is helpful.

• We provide empirical evidence for a quality-
efficiency trade-off: retrieving graph-derived
resources improves hard cases while avoiding
heavy query-time global graph inference.

2. Related Work

Retrieval-Augmented Generation. RAG grounds
LLM outputs in retrieved evidence and is the domi-
nant paradigm for knowledge-intensive QA (Lewis
et al., 2021; Gao et al., 2024). Its main weakness is
dense retrieval over dispersed evidence, especially
for document-level and structurally complex ques-
tions (Liu et al., 2023; Parekh et al., 2026; Huang
et al., 2025).
Knowledge Graphs and LLMs. Recent work stud-
ies how KGs can ground, augment, and evaluate
LLM outputs, while LLMs can in turn support KG
construction and querying (Pan et al., 2024; Ma
et al., 2025). Prompt-based entity and relation ex-
traction now enables KG construction from unstruc-
tured text (Trajanoska et al., 2023; Wang and Tsung,
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2025), but downstream utility remains highly sensi-
tive to ontology quality (Paulheim, 2016).
Graph-Augmented Retrieval. GraphRAG com-
bines LLM-based graph construction, community
detection, and hierarchical summarization, but re-
lies on multi-stage graph reasoning at query time
(Edge et al., 2025). Related graph-augmented QA
systems extend this direction to broader settings
(Cao et al., 2025). RAPTOR provides multi-level
textual abstraction without explicit graphs (Sarthi
et al., 2024). Our work is positioned as a practical
integration of these ideas: we reuse graph commu-
nity summaries as retrieval units inside a standard
dense pipeline, avoiding both heavy query-time
graph reasoning and tree-construction assump-
tions.

3. Method

Our approach uses the Microsoft GraphRAG frame-
work1 to augment standard retrieval-augmented
generation (RAG) with structured relational repre-
sentations. The system has two stages: (1) index-
ing, which performs graph construction and com-
munity summarization, and (2) inference, which
performs hybrid retrieval and answer generation.

A schematic overview is shown in Figure 1.

Figure 1: KG-RAG pipeline. Offline indexing builds
a typed graph, detects communities, and indexes
their summaries; online inference retrieves text seg-
ments and community summaries jointly for answer
generation.

3.1. Indexing: Graph Construction and
Summarization

During indexing, we construct a knowledge graph
from the document collection D = {d1, . . . , dn}.
The GraphRAG workflow performs: (1) ontology-
constrained entity extraction, (2) relation extraction
within the same textual scope, (3) graph assembly,

1https://github.com/microsoft/graphrag

(4) community detection, and (5) community-level
summarization.

Graph construction is guided by a typed ontol-
ogy; details of ontology induction and hierarchical
configurations are given in Section 3.1.1. Because
graph construction, clustering, and summarization
are all done offline, indexing yields entities, rela-
tions, communities, and community summaries.
For downstream QA, the summaries are indexed
as additional retrieval units alongside the original
text segments.

3.1.1. Ontology Construction

Graph construction is ontology-guided: the ontol-
ogy determines admissible entity categories, which
in turn shape extracted entities and relations, com-
munity structure, and summary content (Paulheim,
2016). Because the summaries are retrieved at in-
ference time, ontology granularity directly controls
the level of semantic abstraction introduced into
QA.

We therefore study three nested configurations,
S8 ⊂ S12 ⊂ S16, to evaluate how semantic granu-
larity affects graph structure and downstream QA.

Ontology construction follows two stages. First,
we induce a candidate type inventory from cleaned,
stratified segments using constrained LLM prompt-
ing with target cardinalities of 8, 12, and 16 types
(e.g., Model, Dataset, Regulation, Organization);
when this produces generic or inconsistent cate-
gories, we instead aggregate provisional extraction
labels over the corpus. Second, we prune and
canonicalize the inventory by filtering rare artifacts
(threshold τ ), merging redundant labels, and re-
moving overly generic types. We then instantiate
S8, S12, and S16 by selecting the most frequent sta-
ble types for S8 and refining coarser categories for
the larger variants while preserving nesting.

3.2. Inference: Hybrid Retrieval and
Answer Generation

Given a question q, we retrieve top-k text segments
Tk(q) and top-s community summaries Gs(q) using
the same embedding model and similarity-search
infrastructure. The final context is C(q) = Tk(q) ∪
Gs(q).

Operationally, the community summaries act as
graph-derived textual resources retrieved alongside
the original text. The resulting context combines
direct evidence with relation-aware abstraction and
is passed to the generation model via structured
constrained prompting.

3.3. Benchmarks
QASPER is a document-bounded QA benchmark
over about 888 NLP papers and about 5,000 ques-

https://github.com/microsoft/graphrag
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tions, often requiring multi-section intra-document
reasoning (Dasigi et al., 2021). ObliQA is a
regulatory QA benchmark over 40 policy docu-
ments and more than 1,000 questions, many of
which require cross-document evidence integration
(Gökhan et al., 2024). These complementary set-
tings motivate per-paper graphs for QASPER and
a single global graph for ObliQA.

4. Experimental Setup

4.1. Baseline: Text-Based
Retrieval-Augmented Generation

We first establish a dense text-based Retrieval-
Augmented Generation (RAG) baseline for both
datasets. This system serves as the reference
point against which graph-based configurations are
evaluated.
Retrieval. All documents are indexed in Elas-
ticsearch using e5-mistral-7b-instruct em-
beddings and cosine similarity. For QASPER, text
is segmented into paragraph-level units (about
48,000 indexed segments), and retrieval is re-
stricted to the paper associated with each question
to prevent cross-document leakage. For ObliQA,
all 40 regulatory documents are indexed without
document-level restriction. Retrieval depth was se-
lected empirically over k ∈ {5, 10, 20, 25}; based on
recall and context-length trade-offs, we use Top-
k = 20 throughout.
Generation. Answers are generated using Qwen3-
32B (Qwen Team, 2025)2 with temperature = 0.6,
Top-P = 0.95 and a maximum of 400 tokens. The
same model is used for all LLM-dependent stages:
entity and relation extraction, community summa-
rization, answer generation, and evaluation. Out-
puts are produced in structured JSON format, with
retry-based parsing to enforce schema validity.

The prompt instructs the model to: (i) use only the
retrieved context, (ii) avoid external knowledge, and
(iii) return “Insufficient information” if the context
does not support an answer.

This configuration is shared across all systems
to ensure controlled comparison.

4.2. Gold Answers and Evaluation
Protocol

QASPER. We evaluate generated answers against
the provided gold annotations and evidence spans.
ObliQA. Because ObliQA does not provide canon-
ical abstractive gold answers, we build reference
answers using Qwen3 conditioned on the provided
passages and retain only answers that pass a
confidence-and-coverage filtering step. This yields
1,250 QA pairs. Because the same model family

2https://huggingface.co/Qwen/Qwen3-32B

is also involved in reference construction, these
scores should be interpreted primarily as controlled
comparisons across systems.

4.3. Failure-Focused Evaluation
To analyze cases where dense retrieval is insuffi-
cient, we adopt a strict evaluation rule.

Each generated answer is evaluated using an
LLM-as-a-Judge protocol (Zheng et al., 2023)
(Qwen3) on three criteria: relevance, correctness,
and completeness, each scored from 1 (very poor)
to 5 (fully correct and comprehensive), with 3 indi-
cating partial correctness. We treat these scores
primarily as a controlled comparative signal across
systems rather than an absolute substitute for hu-
man evaluation, because judge-based assessment
may introduce model-dependent bias. This risk is
partially mitigated by using the same judge model,
prompt format, and scoring rubric for all evaluated
configurations.

An answer is considered successful if: Rele-
vance ≥ 4 and Correctness ≥ 4 and Complete-
ness ≥ 3. Otherwise, it is classified as failed. This
strict criterion ensures that only strongly correct and
sufficiently complete answers are considered recov-
ered. The failure subset includes cases where: the
model returned “Insufficient information”, the re-
trieved context did not contain relevant evidence,
or the answer failed to meet the correctness and
completeness thresholds.

Applying this rule to the RAG baseline yields
failure-focused subsets of questions on which all
subsequent configurations are evaluated: ObliQA:
188 questions; QASPER: 186 questions.

For QASPER, these failed questions correspond
to 99 distinct papers. Only these papers are sub-
sequently indexed using GraphRAG, ensuring that
graph construction focuses on documents where
baseline retrieval proved insufficient.

These failure subsets form the benchmark for
evaluating graph-based and hybrid configurations.

4.4. GraphRAG Indexing and
Configuration

We apply the Microsoft GraphRAG workflow de-
scribed in Section 3 to construct structured rela-
tional representations for the failure-focused sub-
sets. The same LLM endpoint (Qwen3) and
embedding model (e5-mistral-7b-instruct)
are used throughout extraction, summarization,
and retrieval to maintain consistency across sys-
tems.

While the core workflow remains unchanged, the
graph construction strategy differs between the two
datasets, reflecting their distinct retrieval paradigms
(Section 3).

https://huggingface.co/Qwen/Qwen3-32B


113

4.4.1. QASPER: Per-Paper Graph
Construction (Chat-with-the-Document)

In the chat-with-the-document setting, each ques-
tion targets a specific paper and reasoning is
bounded by that document. To preserve document
boundaries and prevent cross-document leakage,
we construct independent GraphRAG graphs per
paper. Each graph captures the intra-document re-
lational structure - how research entities, methods,
datasets, and results connect within a single text.

Prior to graph construction, QASPER papers
undergo additional cleaning to reduce extraction
noise, including removal of LATEX artifacts and equa-
tion fragments, filtering of table-like segments, and
structural normalization.

Graph construction is performed at the section
level rather than paragraph level to preserve dis-
course coherence during entity and relation extrac-
tion.

For each of the 99 selected papers: (1) A sepa-
rate GraphRAG project is initialized. (2) Sections
serve as input units. (3) Entity and relation ex-
traction are performed using the corpus-induced
ontology. (4) Community detection is applied with
a maximum cluster size of 10. (5) Community sum-
maries are generated and embedded.

Extraction prompts and community report tem-
plates are adapted to reflect scientific research
structure and include dataset-specific examples,
ensuring alignment between entity typing and down-
stream QA objectives.

At inference time, only the graph correspond-
ing to the question’s associated paper is queried.
This design enforces strict document scoping and
controlled evaluation aligned with QASPER’s for-
mulation.

4.4.2. ObliQA: Global Regulatory Graph

In contrast, ObliQA contains regulatory questions
that may require cross-document reasoning and in-
stitutional linkage. We therefore construct a single
global graph over the entire corpus of 40 regula-
tory documents. Each document is provided as a
structured JSON file containing ordered passages.

All documents are included in a unified
GraphRAG project. Input segments correspond
to the ordered passage units provided in the docu-
ment files. Entity and relation extraction are guided
by the corpus-derived regulatory ontology. Com-
munity detection is performed globally across the
corpus, and community summaries are generated
and embedded for retrieval.

Extraction prompts and community summary
templates are adapted to reflect regulatory termi-
nology, institutional actors, and procedural relation-
ships present in ObliQA.

4.4.3. Query Mode and Retrieval

For the GraphRAG configuration, question answer-
ing is performed using the framework’s global
search mode, which applies multi-stage LLM rea-
soning over retrieved community reports and graph
artifacts.

For the Hybrid (RAG + Summaries) configuration,
dense similarity search retrieves Top-k = 20 textual
segments and Top-s = 5 community summaries.
These are concatenated into a unified context and
provided to the generation model in a single infer-
ence pass.

Conceptually, the two configurations differ in how
community information is incorporated. In global
search mode, community reports actively partici-
pate in hierarchical query-time reasoning, where in-
termediate outputs are iteratively combined into a fi-
nal answer. In contrast, in the summary-based con-
figuration, community summaries function as addi-
tional retrieval units within a standard retrieval-and-
generation pipeline. The graph therefore shapes
how information is organized and exposed to the
model, rather than introducing additional reasoning
stages during inference.

4.5. Ontology Induction (Dataset-Specific
Instantiation)

We instantiate the ontology construction proce-
dure described in Section 3.1.1 separately for each
dataset. Below we report the dataset-specific induc-
tion process and the resulting nested configurations
used for GraphRAG node typing.

4.5.1. QASPER

Motivation. QASPER questions primarily concern
research artifacts such as models, datasets, eval-
uation metrics, experimental setups, and reported
results. The ontology must therefore capture the
structural organization of scientific papers.
Induction Procedure. Ontology induction is per-
formed on 300 cleaned paragraph-level segments
sampled from the QASPER corpus (approximately
47,000 paragraphs), stratified across papers and
section types to ensure structural diversity.

An LLM (Qwen3) is prompted to generate entity
type inventories under controlled constraints, target-
ing 8, 12, and 16 distinct entity types. This proce-
dure yields three ontology variants corresponding
to increasing semantic granularity.
Resulting Ontology Structure. The smallest
configuration S8 captures core research structure
and includes entity types such as Model, Dataset,
Method, Result, EvaluationMetric, Task, Baseline,
and Section.

The S12 and S16 configurations extend this base
with progressively finer experimental distinctions,
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including categories such as Experiment, Hyperpa-
rameter, TrainingStrategy, Architecture, and Evalu-
ationSetting.

4.5.2. ObliQA

Motivation. ObliQA consists of regulatory and
compliance documents characterized by institu-
tional actors, legal rules, financial instruments, and
procedural requirements. Its semantic inventory is
domain-specific and reflects regulatory structures.

Due to this institutional specificity, applying the
generative schema induction strategy used for
QASPER produced unstable and overly generic cat-
egories that failed to capture regulatory distinctions
reliably. Instead, ontology induction for ObliQA is
derived empirically from structured extraction out-
puts.
Extraction and Raw Type Inventory. Triplet
extraction and provisional entity typing are per-
formed using the Wikontic pipeline.3 This sys-
tem segments documents into chunks, extracts
(subject, relation, object) triplets, and assigns pro-
visional entity type labels during alignment (Chep-
urova et al., 2026).

This process yields a corpus-level inventory of
entity types. High-frequency raw types include reg-
ulation (875), organization (609), document (588),
legal concept (575), financial product (509), rule
(444), approval process (304), legal person (292),
and legal instrument (282).

The distribution exhibits a long-tail pattern, with
many low-frequency and overly specific categories.
Pruning and Canonicalization. To construct a sta-
ble ontology for graph building, we apply frequency-
based filtering followed by quality-guided consoli-
dation.

Entity types are ranked by corpus frequency, and
those occurring fewer than 70 times are excluded.
Such types typically correspond to extraction arti-
facts, rare procedural subtypes, or overly specific
domain variants. This threshold preserves seman-
tically stable categories while reducing noise from
the long-tail distribution.

The remaining types are inspected for redun-
dancy and semantic overlap. For example, legal
person and juridical person are unified under the
canonical category LegalEntity. Closely related
institutional variants are consolidated under Orga-
nization, while overly generic labels such as entity,
text, or information are removed.

This process yields a compact and reproducible
type inventory suitable for GraphRAG node typing.
Resulting Ontology Structure. The smallest con-
figuration S8 captures core regulatory structure and
includes entity types such as Regulation, Organi-

3https://github.com/screemix/Wikontic

Ontology Entities Relations Communities
S8 171 164 34
S12 197 199 38
S16 197 189 37

Table 1: Structural statistics for QASPER under
different ontology variants (average per paper).

zation, LegalEntity, Rule, FinancialInstrument, Ap-
provalProcess, LegalInstrument, and Policy.

The S12 and S16 configurations extend this base
with progressively finer regulatory distinctions. S12

introduces structured obligation categories such
as ComplianceRequirement, RiskManagementRe-
quirement, CapitalRequirement, and ReportingRe-
quirement. S16 further refines the representation by
incorporating additional domain-specific concepts
including Exposure, Collateral, LegalDefinition, and
ClientCategory.

5. Experiments and Results

5.1. Ontology Variant Analysis
(Graph-Level Study)

Before running QA inference, we analyze how on-
tology granularity affects graph structure. For each
dataset, graphs are constructed under three ontol-
ogy configurations and their structural properties
are examined to select a configuration for down-
stream evaluation.

5.1.1. QASPER

Graph statistics averaged per paper are reported
in Table 1.
S8 produces compact graphs centered on high-

level research concepts. However, experimen-
tal configuration details frequently collapse into
generic nodes, limiting representation of method-
ological structure.
S12 introduces explicit representation of experi-

mental components and hyperparameters, result-
ing in richer relational structure and more special-
ized communities.
S16 increases contextual coverage but also ex-

pands extraction toward peripheral content (e.g.,
acknowledgements and funding references), lead-
ing to community fragmentation without improving
structural density.

Based on structural coherence and interpretabil-
ity, S12 was selected for graph construction in
QASPER.

5.1.2. ObliQA

Aggregate graph statistics for the global regulatory
graph are reported in Table 2.

https://github.com/screemix/Wikontic
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Ontology Entities Relations Communities
S8 ∼6k ∼11k ∼800
S12 ∼22k ∼19k ∼1400
S16 ∼38k ∼30k ∼2000

Table 2: Structural statistics for ObliQA under dif-
ferent ontology variants (global graph).

Model Relevance Correctness Completeness Overall
Baseline RAG 3.12 2.29 1.79 2.40
GraphRAG 3.12 2.19 1.93 2.41
RAG + Summaries 3.34 2.29 2.14 2.59

Table 3: Mean evaluation scores on ObliQA (188
questions). Overall is the mean of the three criteria.

Under S8, distinct regulatory obligations are fre-
quently merged into broad Rule or Regulation
nodes, limiting fine-grained obligation tracing.
S12 improves representation of compliance pro-

cesses and supervisory structure, yielding more
differentiated communities.
S16 captures finer-grained distinctions central

to regulatory reasoning, including capital require-
ments, exposure limits, and legal definitions. The
resulting communities align closely with regulatory
workflows and financial supervision mechanisms.

Based on structural coherence and domain cov-
erage, S16 was selected for graph construction in
ObliQA.

5.2. Question Answering Performance
All systems are evaluated using a 1-5 scoring frame-
work across three dimensions: Relevance, Cor-
rectness, and Completeness. We report macro-
averaged mean scores and complement them with
score distributions and runtime statistics. We com-
pare three configurations: (i) Baseline RAG, (ii)
GraphRAG, and (iii) RAG + Summaries (Hybrid).

5.2.1. QA Performance on ObliQA

All configurations are evaluated on the same set of
188-questions failure-focused subset of the base-
line RAG system.
Mean scores. Table 3 reports mean scores across
the three criteria. GraphRAG yields only marginal
improvement over the baseline in completeness
(+0.14) while slightly reducing correctness. In con-
trast, the Hybrid configuration improves all dimen-
sions, with the largest gain in completeness (+0.35
over baseline, +0.21 over GraphRAG).
Score distributions. Mean values can hide impor-
tant behavior differences. Figure 2 shows score
histograms for relevance, correctness, and com-
pleteness. The Hybrid configuration produces the
strongest right-shift, particularly for relevance and

Model Mean (s) Median (s) p95 (s) Max (s)
GraphRAG 311.29 256.77 604.31 1230.09
RAG + Summaries 11.94 11.64 18.85 26.25

Table 4: Runtime per question on ObliQA.

Model Relevance Correctness Completeness Overall
Baseline RAG 3.50 1.92 1.80 2.41
GraphRAG 2.79 1.96 1.63 2.13
RAG + Summaries 4.13 2.78 2.51 3.14

Table 5: Mean evaluation scores on QASPER (186
questions). Overall is the mean of the three criteria.

completeness, indicating improved alignment with
question intent and more developed answers.
Runtime. Table 4 reports runtime per question.
GraphRAG is substantially slower due to multi-step
graph operations, while the Hybrid approach main-
tains near-RAG latency.
Per-question delta analysis. To complement ag-
gregate metrics, we analyze per-question differ-
ences between the Hybrid and baseline RAG con-
figurations. For each question, we compute the
overall-score delta

∆ = Hybrid − RAG,

where the overall score is the mean of relevance,
correctness, and completeness.

Figure 3 shows the distribution of per-question
deltas on ObliQA. The distribution is centered
around zero, with a balanced spread across pos-
itive and negative values. This reflects a more
heterogeneous effect of the Hybrid configuration,
where improvements are concentrated on a subset
of questions rather than uniformly distributed.

At the same time, the positive tail extends fur-
ther than the negative side, indicating that when
improvements occur, they tend to be larger in mag-
nitude.

5.2.2. QA Performance on QASPER

Evaluation is conducted on the 186-question failure-
focused subset of the baseline RAG system.
GraphRAG operates over paper-scoped graphs:
each question queries only its corresponding paper
graph.
Mean scores. Table 5 shows mean scores.
GraphRAG degrades overall performance relative
to the baseline, reducing both relevance and com-
pleteness. The Hybrid configuration substantially
improves all metrics, with the strongest gain in rel-
evance, indicating better contextual grounding and
alignment.
Score distributions. Figure 4 shows score his-
tograms. The Hybrid configuration yields a pro-
nounced right-shift across all dimensions, indicat-
ing more relevant, correct, and complete answers.
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Figure 2: Score distributions on ObliQA (failure subset).

Figure 3: Distribution of per-question overall-score
deltas on ObliQA (∆ = Hybrid − RAG).

Model Mean (s) Median (s) p95 (s) Max (s)
GraphRAG 70.25 63.99 153.15 165.70
RAG + Summaries 5.04 4.35 8.85 16.04

Table 6: Runtime per question on QASPER.

Runtime. Table 6 reports runtime per question.
GraphRAG runs over paper-scoped graphs rather
than a global corpus graph. The Hybrid approach
is faster on average and notably faster in median
latency, while still achieving higher quality.
Per-question delta analysis. Figure 5 shows the
corresponding delta distribution on QASPER. The
distribution is clearly shifted toward positive values,
with most questions exhibiting positive deltas. This
indicates that the Hybrid configuration improves
performance across a large portion of the dataset.

Furthermore, the presence of larger positive
deltas shows that these improvements are not only
frequent but also substantial.

An illustrative example of a positive ∆ case is
shown in Figure 6. It highlights how the Hybrid
configuration recovers both answer structure and
numeric evidence that are missing in the baseline.

6. Discussion

The results across both datasets reveal a consis-
tent pattern: the hybrid configuration delivers the
strongest improvements, while pure GraphRAG
provides limited gains over dense retrieval alone.
Taken together, these results position the contribu-

tion of this work primarily at the level of practical
system design and empirical analysis. We highlight
four observations.
1. Graph structure alone does not guarantee
better answers. GraphRAG improves information
organization through entity extraction, relation mod-
eling, and community summarization. However, QA
requires precise textual grounding, and graph-level
abstractions compress fine-grained details. This
leads to persistent mid-range scores (2-3) and lim-
ited gains in high-confidence correctness.
2. Hybrid integration preserves precision while
adding structure. By combining dense retrieval
with graph summaries, the hybrid configuration con-
sistently shifts score distributions toward higher
values. Improvements appear not only in means
but also in distributional behavior: more answers
reach the 4-5 range, particularly in relevance and
completeness. This pattern also appears at the
per-question level, where positive changes are ob-
served across many individual cases while perfor-
mance remains comparable elsewhere. This con-
firms that graph summaries are most effective when
used to enrich rather than replace retrieval.

Summary quality likely governs how much the
hybrid design can help. Community summaries are
beneficial when they preserve question-relevant re-
lations while remaining specific enough to support
downstream answer generation. If summarization
is too coarse, graph-level abstraction may high-
light the right topical region but still lose details
required for correctness and completeness. This
interpretation is consistent with our results: pure
GraphRAG shows limited benefit, while the hybrid
setting performs better because summaries add
relational context and retrieved text preserves the
precise evidence needed for grounding.
3. Efficiency considerations. Across both ObliQA
and QASPER, pure GraphRAG introduces substan-
tial inference overhead, while the hybrid approach
maintains near-RAG latency. This consistent qual-
ity–efficiency balance favors hybrid augmentation.
4. Graph construction reflects the retrieval
paradigm. In QASPER’s chat-with-the-document
setting, per-paper graphs capture intra-document
structure; the large relevance gain (+0.63) sug-
gests that localized summaries help align answers
with document organization. In ObliQA’s collection-
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Figure 4: Score distributions on QASPER (failure subset).

Figure 5: Distribution of per-question overall-score
deltas on QASPER (∆ = Hybrid − RAG).

Figure 6: Example of a positive ∆ case. Base-
line RAG captures only a coarse comparison and
omits domain-level scores and numeric evidence,
while the Hybrid configuration recovers both an-
swer structure and quantitative details.

based setting, the global graph exposes cross-
document regulatory linkages; completeness gains
(+0.35) reflect the ability of community summaries
to surface dispersed provisions. The choice be-
tween per-document and global construction thus
follows directly from the retrieval paradigm.
Overall. Dense retrieval remains essential for ev-
idence grounding, but graph-derived summaries
provide complementary contextual organization.
The hybrid design consistently improves answer
quality without incurring the latency of full graph-
based reasoning, validating the proposed approach

across both retrieval paradigms.

7. Conclusion

This work investigated whether graph-based se-
mantic structure improves question answering be-
yond dense retrieval. Through experiments on sci-
entific (QASPER) and regulatory (ObliQA) datasets,
we compared pure GraphRAG, dense RAG,
and a hybrid configuration integrating reusable
community-level summaries.

The results show that graph structure alone
does not consistently translate into higher factual
accuracy or completeness. In contrast, combin-
ing dense retrieval with graph-derived summaries
yields systematic improvements across relevance,
correctness, and completeness, while maintaining
favorable efficiency characteristics.

These findings suggest that structured semantic
abstraction is most effective when used to enhance
retrieval rather than replace it. By demonstrating
that reusable community summaries can improve
retrieval quality without the overhead of full graph-
based global search inference, this work offers an
empirical characterization of when graph-derived
summaries help within a dense retrieval setting.

8. Ethics Statement and Limitations

Ethical Considerations. This work evaluates
graph-based summarization and retrieval augmen-
tation for complex QA using publicly available
datasets (QASPER and ObliQA), no personal or
sensitive data are involved. The framework relies
on large language models for extraction, graph
construction, summarization, and answer gener-
ation. As with all LLM-based systems, outputs may
contain inaccuracies or inherited biases. Although
retrieval grounding and structured summaries miti-
gate unsupported generation, they do not eliminate
risk; deployment in high-stakes settings therefore
requires appropriate human oversight and verifica-
tion.
Limitations. Several limitations should be noted.

First, answer quality is evaluated using an LLM-
as-a-judge protocol, despite structured criteria and
stability checks, automated evaluation may intro-
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duce model-dependent bias, and human assess-
ment would provide stronger validation.

Second, graph construction depends on ontol-
ogy design and extraction prompts. Although we
analyze alternative configurations and select sta-
ble variants, different schemas may lead to varying
structural properties and downstream behavior.

Finally, experiments are restricted to scientific
and regulatory documents; broader domain valida-
tion is needed to assess generalizability.
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