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Abstract

Retrieval-Augmented Generation (RAG) enhances the re-
sponse quality and domain-specific performance of large lan-
guage models (LLMs) by incorporating external knowledge
to combat hallucinations. In recent research, graph struc-
tures have been integrated into RAG to enhance the capture
of semantic relations between entities. However, it primarily
focuses on low-order pairwise entity relations, limiting the
high-order associations among multiple entities. Hypergraph-
enhanced approaches address this limitation by modeling
multi-entity interactions via hyperedges, but they are typi-
cally constrained to inter-chunk entity-level representations,
overlooking the global thematic organization and alignment
across chunks. Drawing inspiration from the top-down cogni-
tive process of human reasoning, we propose a theme-aligned
dual-hypergraph RAG framework (Cog-RAG) that uses a
theme hypergraph to capture inter-chunk thematic structure
and an entity hypergraph to model high-order semantic rela-
tions. Furthermore, we design a cognitive-inspired two-stage
retrieval strategy that first activates query-relevant thematic
content from the theme hypergraph, and then guides fine-
grained recall and diffusion in the entity hypergraph, achiev-
ing semantic alignment and consistent generation from global
themes to local details. Our extensive experiments demon-
strate that Cog-RAG significantly outperforms existing state-
of-the-art baseline approaches.

Introduction

Retrieval-Augmented Generation (RAG) has recently
gained increasing attention for enhancing the performance
of large language models (LLMs) on knowledge-intensive
tasks (Lewis et al. 2020; Gao et al. 2023; Li et al. 2024).
It combats LLMs’ hallucination by incorporating external
knowledge, thereby enhancing response quality and reliabil-
ity (Ayala and Bechard 2024; Xia et al. 2025). Moreover, it
enables integration with private or domain-specific knowl-
edge bases, thereby increasing the model’s adaptability to
vertical domains. With these advantages, RAG has emerged
as a fundamental component in question answering, doc-
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Figure 1: Knowledge modeling of graph, hypergraph, and
our theme-enhanced RAG.

ument understanding, and intelligent assistants (Fan et al.
2024; Dong et al. 2025).

Despite the notable potential of RAG in enhancing LLMs’
response quality, current methods mostly rely on a flattened
chunk-based retrieval that matches queries to document
chunks via vector similarity (Asai et al. 2023; Yang et al.
2024). However, this fails to capture inter-chunk depen-
dencies and semantic hierarchies, resulting in fragmented
and weakly connected retrieval content, which weakens the
model’s structured understanding of the entire knowledge.

To address this, recent studies have attempted to introduce
graph structures into RAG framework, aiming to construct
corpus-wide knowledge graphs that capture the structural se-
mantic relations between entities (Peng et al. 2024; Zhang
et al. 2025; Wang et al. 2025). For instance, GraphRAG
(Edge et al. 2024) and LightRAG (Guo et al. 2024) utilize
graph structures to strengthen entity-level indexing and re-
trieval, explicitly capturing semantic relations to improve in-
formation organization. Hyper-RAG (Feng et al. 2025a) uses
hypergraphs to model complex relations between multiple
entities. Nevertheless, these approaches primarily concen-
trate on entity-level structural modeling and lack a unified
organization of knowledge themes and semantic-driven rea-
soning, making it difficult to support hierarchical integration



of information from macro comprehension to micro details.

It is worth noting that humans tend to follow a top-down
information processing path when handling complex tasks
(Cheng et al. 2025; Gutiérrez et al. 2024). They begin by
identifying the core themes of the problem and constructing
a global semantic scaffold. Based on this, they recall and in-
tegrate relevant details to form a coherent and structured re-
sponse. This “theme-driven, detail-recall” cognitive pattern
reflects the inherent hierarchical organization and semantic
coherence in human information processing.

Inspired by this cognitive insight, we propose a dual-
hypergraph with theme alignment RAG framework (Cog-
RAG). Figure 1 shows its difference with other methods
in knowledge modeling. Our method leverages a dual-
hypergraph structure to model the global theme structure
and fine-grained high-order semantic relations. In addition,
it introduces a cognitive-inspired two-stage retrieval strat-
egy that simulates the human top-down information com-
prehension process, thereby enhancing the semantic consis-
tency and structural expressiveness of generated responses.
The main contributions are summarized as follows:

* We propose Cog-RAG that simulates the human top-
down information processing path, enabling hierarchical
generation modeling from macro-level semantic compre-
hension to micro-level information integration.

We design a dual-hypergraph semantic indexing scheme
to separately model global inter-chunk theme struc-
ture and intra-chunk fine-grained high-order semantic
relations, overcoming the limitations of prior graph-
enhanced RAG models that focus only on pairwise re-
lations and lack unified thematic organization.

We develop a cognitive-inspired two-stage retrieval strat-
egy that first activates relevant context in the theme hy-
pergraph and then triggers detail recall and diffusion in
the entity hypergraph. This “theme-driven, detail-recall”
process enables semantic alignment across granularity
and significantly improves the coherence and quality of
the response.

Related Work
RAG with Knowledge Graph

Most text-based RAG methods (Asai et al. 2023; Zhang et al.
2024; Xia et al. 2025; Yang et al. 2024) rely on a flattened
paragraph structure, which makes it difficult to model se-
mantic associations and contextual dependencies across text
chunks, thereby limiting the accuracy and completeness of
generated responses. To address this issue, recent studies
(Sarmah et al. 2024; Peng et al. 2024) have explored knowl-
edge graphs within the RAG framework to structurally rep-
resent entities and relations, aiming to enhance the organi-
zation and semantic expressiveness of retrieved content.
Some recent studies (Gutiérrez et al. 2024; Li and Du
2023; Cheng et al. 2025) attempt to automatically ex-
tract knowledge graph triples from the corpus and retrieve
relevant subgraphs to improve content relevance and in-
terpretability. However, these methods typically construct
sparse graph structures, making it difficult to capture the full
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semantic space and contextual dependencies. To address the
semantic sparsity issue and better model the semantic struc-
ture of documents, graph-enhanced RAG approaches (Edge
et al. 2024; Guo et al. 2024; Chen et al. 2025) extract entities
and their relations, and directly build document-level graph
databases enriched with contextual information, thereby re-
ducing information loss during the text-to-graph conversion
process. GraphRAG and LightRAG employ LLMs to ex-
tract entities and relations from texts as vertices and edges
of the graph. Nevertheless, existing methods primarily focus
on low-order pairwise relations between entities, neglecting
high-order group associations and global topic modeling,
which limits the semantic coverage and structural expres-
siveness of the generated content.

Hypergraph

Hypergraphs connect multiple vertices via hyperedges, ef-
fectively modeling complex high-order relationships among
entities and overcoming the limitation of conventional
graphs, which support only binary relations (Gao et al. 2022;
Feng et al. 2025b). These strong modeling capabilities have
led to significant progress in fields such as recommender
systems, social network analysis, and brain network mod-
eling (Ji et al. 2020; Sun et al. 2023; Han et al. 2025). How-
ever, in the RAG framework, existing research is constrained
to graph structures, primarily focusing on the pairwise rela-
tionships between entities. To model multiple entity group
semantic associations, GraphRAG generates community re-
ports through the semantic clustering of entities, while Hi-
RAG (Huang et al. 2025) incorporates hierarchical graph
knowledge via multi-level clustering. While effective in cap-
turing local relationships, these methods rely on discrete cat-
egory divisions and fail to model higher-order dependencies,
resulting in information loss.

In contrast, hypergraphs naturally connect multiple enti-
ties through hyperedges, allowing them to interact with mul-
tiple hyperedges at once. This enables the capture of higher-
order dependencies in a unified framework. It avoids the
fragmentation and loss of information typical in clustering
approaches and maximizes the retention of semantic infor-
mation during text-to-graph conversion (Feng et al. 2025a;
Luo et al. 2025). The hypergraph structure enhances seman-
tic associations both within and across documents, thereby
improving the RAG system’s ability to understand context
and ensure consistency in generated responses.

Preliminary

In this section, we provide a general expression for RAG and
graph-enhanced RAG, referring to the definitions in (Edge
et al. 2024; Guo et al. 2024).

An RAG system M generally includes LLM, retriever,
and corpora, which can be defined as follows:

M = (LLM,R(g, D). )

Given a query g, the retriever R selects relevant contexts
from the corpora D, which are then used by the LLM to
generate a response.
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Figure 2: The overall framework of Cog-RAG.

For the graph-enhanced RAG, the corpus is organized into
a graph structure, where vertices represent entities and edges
represent the relations. It can be formally defined as follows:

M = (LLM,R(q,D ={V,E})). 2)

The query q retrieves relevant vertices or edges from the
graph-structured corpus D = {V, £}, enabling the LLM to
respond.

Method

Overview

As illustrated in Figure 2, Cog-RAG comprises two
main components: dual-hypergraph indexing and cognitive-
inspired two-stage retrieval. We construct the dual-
hypergraph with complementary semantic granularity: the
theme hypergraph captures semantic theme associations be-
tween chunks (such as storyline, narrative outline, and sum-
mary), providing global semantic theme organization; the
entity hypergraph models fine-grained high-order relations
among entities (such as persons, concepts, and events), sup-
porting local semantic relations. In the retrieval stage, mim-
icking the human “top-down” reasoning pattern, Cog-RAG
first activates relevant themes in the theme hypergraph as
global semantic anchors. Guided by these anchors, it then
retrieves related entities and relations information from the
entity hypergraph. The final response is generated via LLMs,
utilizing theme-driven, detail-recall knowledge as evidence.

Dual-Hypergraph Indexing

To more effectively model complex high-order associations
among multiple entities in corpora and avoid the informa-
tion loss by graph structure, we introduce hypergraphs for
modeling. The general formulation is defined as follows:

M = (LLM,,R'((LID = {valowaghigh}))a (3)

where hyperedges are used to represent relations. Ejoy de-
notes low-order pairwise entity relations, while Epign refers
to high-order beyond pairwise multiple entities associations.

Theme-Aware Hypergraph Index The theme hyper-
graph is designed to model the semantic storyline structure
of a document, establishing a narrative outline that provides
cognitive guidance for subsequent detail retrieval.

Given a corpus D, such as books, reports, or manuals,
we first segment it into a set of chunks using a fixed-length
sliding window with partial overlap to maintain semantic in-
tegrity, denoted as:

D:{Dl,D2,~~~,DN}, (4)

where D, denotes the i-th document chunk, serving as the
basic unit for subsequent analysis.

Then, we perform semantic parsing on each chunk us-
ing LLMs to automatically extract its latent theme and as-
sociated key entities, thereby constructing a theme hyper-
graph. Specifically, we first employ predefined theme-level
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extraction prompts Peyi theme,> Pext_key (detailed in Appendix)
to guide the LLM in performing semantic parsing for each
chunk D, and outputting the corresponding theme. Then,
further extract the key entities related to the theme. The cal-
culation process is as follows:

{glheme =LLM (,Pext,theme (Di ))
Vkey = LLM(/Pekaey (Dia glheme))

Based on the extracted themes and entities, we can construct
the theme hypergraph Giheme, denoted as:

glheme = {Vkey7 gtheme}7 (6)

where each hyperedge Eyeme represents the narrative theme
of the chunk, while the vertices Vi, are the key entities.

for D; € D. (5)

Fine-Grained Entity Hypergraph Index After con-
structing the theme hypergraph, we obtain a global thematic
structure among chunks. To further capture fine-grained
multi-entity relations, we construct an entity hypergraph
within each chunk to model high-order relations among en-
tities, supporting subsequent fine-grained retrieval.

For each chunk D;, we first extract entities (such as per-
son, event, organization, etc.) and their descriptions using
LLMs, which serve as the vertex set for the fine-grained
entity hypergraph. Based on the semantic relations among
these entities, we then construct two types of hyperedges:
low-order hyperedges &)y capture basic pairwise relations,
while high-order hyperedges &g, model more complex se-
mantic associations among multiple entities, such as co-
occurrence in events or causal links. The extraction process
is represented as follows:

V == LLM(Pext,entily(Di))
glow == LLM(PexLlow(Dia V))
Enigh = LLM (Pexinign(Di, V))

for D; €D, (7)

where Pex_eniity Tefers to the prompt designed for entity ex-
traction from the text. Pexi jow and Pex; nigh (detailed in Ap-
pendix) represent the extraction of paired and group rela-
tions from the obtained entities, respectively.

Finally, all extracted entities, along with their low-order
and high-order relations, are organized into a fine-grained
entity hypergraph Gepiiy and stored in a hypergraph database.

Gentity = {V: Eiow Enigh }- (8)

Cognitive-Inspired Two-Stage Retrieval

Motivated by the top-down information processing pattern
observed in human memory retrieval, we design a cognitive-
inspired two-stage retrieval strategy. Specifically, it first
identify theme threads in the theme hypergraph related to the
query. These threads then serve as cues to guide the retrieval
of fine-grained information from the entity hypergraph.

For a given user query ¢, we first extract theme keywords
(overarching concepts or themes), as follows:

')(theme == LLM(Pkeyword(q))a (9)

where X, = {x1, Z2, ...}, Preywora i8 the prompt for extract-
ing theme keywords from the query, detailed in Appendix.
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Theme-Aware Hypergraph Retrieval Subsequently, we
perform structured retrieval over the hypergraph database. It
is worth noting that theme keywords reflect abstract seman-
tic relations among multiple entities and are therefore used
to retrieve relevant hyperedges.

Therefore, in the first stage of retrieval, the extracted
theme keywords are used to perform semantic matching
within the theme hypergraph and select the top-k relevant
theme hyperedges.

Erel = {R(xiaglheme”l'i S 'X‘theme}% (10)

where & represents the relevant hyperedges retrieved from
the vector database. Then, we perform a diffusion process
over the hypergraph database to retrieve their neighboring
vertices, providing additional context awareness for the re-
trieved theme.

Vit = {N (€, Gineme)|€i € Ewel}, (11
where A/ denotes the function of obtaining the correspond-
ing neighbors from the hypergraph. Vg is the diffusion ver-
tices. Then, both the & and Vyif, along with the correspond-

ing textual contexts, are fed into LLMs as prior knowledge
to generate an initial theme-aware answer as follows:

-Atheme = LLM(Q; 5relv Vdiﬁ Ce,rela Cv,dif)a (12)

where Apeme denotes the output of query ¢ after retrieving
from Gpeme, Cx is the corresponding context.

Theme-aligned Entity Hypergraph Retrieval After
completing the initial theme-based retrieval, we further per-
form fine-grained information retrieval within the entity hy-
pergraph. Guided by the retrieved themes, this section sup-
plements entity-level semantic details, enabling effective
alignment between local information and global themes.

Based on the theme response, we further extract the
aligned entity keywords (specific entities or details) from
query q, which is as follows:

Xemily = LLM(PaIign (q, Atheme))a (13)

where Pyig, is the prompt (detailed in Appendix) used for
extracting entity keywords aligned with the theme. Xy
primarily describe concrete individual information and are
thus matched to vertices. The natural combination of two
types of keywords and hypergraph structure enhances both
retrieval specificity and structural compatibility.

Unlike the theme retrieval stage which targets hyperedges,
this stage focuses on retrieving top-k vertices within the en-
tity hypergraph by entity keywords, thereby achieving fine-
grained semantic supplement and structured alignment.

Vrel - {R((CIJ“ Vemity)|xi S Xemily}v (14)

where V. refers the retrieved relevant entities. Then per-
form a hypergraph structure diffusion as follows:

Eait = {N (v, Gentity) [Vi € Vel }- (15)
Finally, the retrieved V., diffusion &g, and their corre-
sponding contexts, integrated with the previous theme in-
formation Ageme, to form a structured input for LLMs to
generate the final answer A for query g, thereby achieving
a comprehensive semantic generation process from theme
guidance to detailed support.

A = LLM(q, »Athemw Vrela gdifa Cv;ela Ce,dif)- (16)
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Experiments
Experimental Setup

Datasets To systematically evaluate our method across
diverse application scenarios, we adopt five datasets from
two benchmarks: Mix, CS, and Agriculture from the Ul-
traDomain benchmark (Qian et al. 2024), and Neurology
and Pathology from the MIRAGE benchmark (Xiong et al.
2024). UltraDomain covers typical RAG applications across
different domains, while MIRAGE focuses on medical ques-
tion answering and domain-specific knowledge coverage.
The statistical information is given in the Appendix.

Based on domain consistency and semantic correlation
within the texts, we categorize the datasets into three types
to enable a comprehensive analysis of the model’s adapt-
ability: Cross-domain Sparse (Mix): Fragmented passages
from unrelated domains with weak semantic coherence.
Intra-domain Sparse (CS, Agriculture): Domain-specific
documents with weak inter-passage context. Intra-domain
Dense (Neurology, Pathology): Highly structured medical
textbooks with strong semantic continuity from MIRAGE.
Additionally, we follow the data processing and query pro-
cedure of LightRAG, utilizing GPT-40 to generate complex,
document-related queries.

Baselines We compared our approach with the state-of-
the-art and popular RAG methods. Including text-base RAG:
NaiveRAG (Gao et al. 2023), graph-enhanced RAG ap-
proaches: GraphRAG (Edge et al. 2024), LightRAG (Guo
et al. 2024), HIRAG (Huang et al. 2025), hypergraph-
enhanced methods: Hyper-RAG (Feng et al. 2025a). The
baseline details are provided in the Appendix.

Implementation Details To ensure fairness and consis-
tency for both the baseline and proposed methods, we val-
idate on five different LLMs for information extraction,
question answering, including GPT-40-mini (Achiam et al.
2023), Qwen-Plus (Yang et al. 2025), GLM-4-Air (GLM
et al. 2024), DeepSeek-V3 (Liu et al. 2024), and LLaMa-
3.3-70B (Dubey et al. 2024). The result evaluation is default
on GPT-40-mini, as well as the text-embedding-3-small em-

Ms.
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bedding model for vector encoding and retrieval tasks. Un-
less otherwise specified, all reported results are based on
GPT-40-mini.

Evaluation Metrics Following the recent works, we adopt
two evaluation strategies: Selection-based (Guo et al. 2024;
Huang et al. 2025) and Score-based (Wang et al. 2024; Feng
et al. 2025a), providing both relative and absolute perspec-
tives on model performance. The Selection-based evalua-
tion uses LLMs to reports win rates of answer quality be-
tween two methods. The Score-based evaluation employs
LLMs to score responses for different methods. Both strate-
gies assess models from six dimensions: Comprehensive-
ness, Empowerment, Relevance, Consistency, Clarity, and
Logical. We report both per-dimension and overall average
scores. Detailed evaluation descriptions are in the Appendix.

Main Results

Our primary results are presented in Table 1 and Figure 3,
and more results are provided in the Appendix. Cog-RAG
consistently outperforms all baselines across multiple di-
mensions. Additionally, we have several key insights:

1) Knowledge graphs can enhance RAG to model a
broader scope of information. Graph-enhanced methods,
represented by GraphRAG and LightRAG, demonstrate sig-
nificant advantages over the conventional NaiveRAG, pri-
marily due to the modeling of graph structures. In contrast,
NaiveRAG relies solely on vector similarity and fails to ac-
count for these structured semantic relations. Hypergraph-
enhanced approaches, such as Hyper-RAG and Cog-RAG,
offer a more comprehensive modeling of knowledge struc-
tures that extend beyond pairwise relations, demonstrating
superior potential in knowledge representation.

2) Cog-RAG outperforms the baselines across all kinds
of evaluation datasets and LLMs. For Selection-based re-
sults in Table 1, we can see that in cross-domain sparse
settings, both Hyper-RAG and Cog-RAG utilize hyper-
graphs to capture high-order relations, resulting in an av-
erage improvement of over 10.0% compared to graph-based
methods. In intra-domain sparse datasets, Cog-RAG outper-



Mix CS Agriculture Neurology Pathology
NaiveRAG Cog-RAG NaiveRAG Cog-RAG NaiveRAG Cog-RAG NaiveRAG Cog-RAG NaiveRAG Cog-RAG
Comp. 12.0% 88.0% 4.0% 96.0% 1.0% 99.0% 3.0% 97.0% 6.0% 94.0%
Empo. 10.0% 90.0% 3.0% 97.0% 2.0% 98.0% 1.0% 99.0% 4.0% 96.0%
Rele. 27.0% 73.0% 18.0% 82.0% 6.0% 94.0% 11.0% 89.0% 8.0% 92.0%
Cons. 10.0% 90.0% 4.0% 96.0% 1.0% 99.0% 2.0% 98.0% 4.0% 96.0%
Clar. 23.0% 77.0% 11.0% 89.0% 6.0% 94.0% 6.0% 94.0% 8.0% 92.0%
Logi. 11.0% 89.0% 5.0% 95.0 % 1.0% 99.0% 1.0% 99.0% 5.0% 95.0%
Overall 15.5% 84.5% 7.5% 92.5% 2.8% 97.2% 3.2% 96.0% 5.8% 94.2%
GraphRAG Cog-RAG GraphRAG Cog-RAG GraphRAG Cog-RAG GraphRAG Cog-RAG GraphRAG Cog-RAG
Comp. 40.0% 60.0% 36.0% 64.0% 32.0% 68.0% 34.0% 66.0% 32.0% 68.0%
Empo. 36.0% 64.0% 35.0% 65.0% 26.0% 74.0% 27.0% 73.0% 23.0% 77.0%
Rele. 45.0% 55.0% 39.0% 61.0% 35.0% 65.0% 37.0% 63.0% 31.0% 69.0%
Cons. 40.0% 60.0% 35.0% 65.0% 29.0% 71.0% 31.0% 69.0% 31.0% 69.0%
Clar. 46.0% 54.0% 36.0% 64.0% 38.0% 62.0% 36.0% 64.0% 30.0% 70.0%
Logi. 39.0% 61.0% 37.0% 63.0% 27.0% 73.0% 33.0% 67.0% 29.0% 71.0%
Overall  41.0% 59.0% 36.3% 63.7% 31.2% 68.8% 33.0% 67.0% 29.5% 70.5%
LightRAG Cog-RAG LightRAG Cog-RAG LightRAG Cog-RAG LightRAG Cog-RAG LightRAG Cog-RAG
Comp. 38.0% 62.0% 30.0% 70.0% 23.0% 77.0% 28.0% 72.0% 30.0% 70.0%
Empo. 30.0% 70.0% 26.0% 74.0 % 20.0% 80.0% 22.0% 78.0% 25.0% 75.0%
Rele. 36.0% 64.0% 27.0% 73.0% 25.0% 75.0% 28.0% 72.0% 32.0% 68.0%
Cons. 34.0% 66.0% 29.0% 71.0% 21.0% 79.0% 25.0% 75.0% 27.0% 73.0%
Clar. 38.0% 62.0% 24.0% 76.0% 22.0% 78.0% 26.0% 74.0% 26.0% 74.0%
Logi. 35.0% 65.0% 29.0% 71.0% 23.0% 77.0% 26.0% 74.0% 26.0% 74.0 %
Overall  35.2% 64.8% 27.5% 72.5% 22.3% 77.7% 25.8% 74.2% 27.7% 72.3%
HiRAG Cog-RAG HiRAG Cog-RAG HiRAG Cog-RAG HiRAG Cog-RAG HiRAG Cog-RAG
Comp. 44.0% 56.0% 40.0% 60.0% 41.0% 59.0% 35.0% 65.0% 40.0% 60.0%
Empo. 39.0% 61.0% 36.0% 64.0% 36.0% 64.0% 31.0% 69.0% 37.0% 63.0%
Rele. 45.0% 55.0% 47.0% 53.0% 44.0% 56.0% 35.0% 65.0% 41.0% 59.0%
Cons. 39.0% 61.0% 40.0% 60.0% 37.0% 63.0% 32.0% 68.0% 37.0% 63.0%
Clar. 45.0% 54.0% 50.0% 50.0% 44.0% 56.0% 31.0% 69.0% 40.0% 60.0%
Logi. 40.0% 60.0% 40.0% 60.0% 38.0% 62.0% 31.0% 69.0% 36.0% 64.0%
Overall  42.0% 58.0% 42.2% 57.8% 40.0% 60.0% 32.5% 67.5% 38.5% 61.5%
Hyper-RAG Cog-RAG Hyper-RAG Cog-RAG Hyper-RAG Cog-RAG Hyper-RAG Cog-RAG Hyper-RAG Cog-RAG
Comp. 43.0% 57.0% 45.0% 55.0% 49.0% 51.0% 40.0% 60.0% 42.0% 58.0%
Empo. 42.0% 58.0% 43.0% 57.0% 40.0% 60.0% 37.0% 63.0% 37.0% 63.0%
Rele. 53.0% 47.0% 47.0% 53.0% 45.0% 55.0% 46.0% 54.0% 37.0% 63.0%
Cons. 43.0% 57.0% 44.0% 56.0% 44.0% 56.0% 38.0% 62.0% 36.0% 64.0%
Clar. 56.0% 44.0% 48.0% 52.0% 42.0% 58.0% 41.0% 59.0% 32.0% 68.0%
Logi. 44.0% 56.0% 46.0% 54.0% 43.0% 57.0% 35.0% 65.0% 37.0% 63.0%
Overall  46.8% 53.2% 45.5% 54.5% 43.8% 56.2% 39.5% 60.5% 36.8% 63.2%

Table 1: Average win rates of six evaluation metrics across five datasets. The comparison is made between baselines and Cog-
RAG. Among them, we refer to the six metrics as Comp. (Comprehensiveness), Empo. (Empowerment), Rele. (Relevance),

Cons. (Consistency), Clar. (Clarity), and Logi. (Logical).

forms HiRAG by 15.6% and 20.0%, benefiting from multi-
hyperedge propagation that uncovers latent themes and en-
tity relations. In intra-domain dense medical corpora, Cog-
RAG achieves the most significant gains. Through dual hy-
pergraph modeling and cognitive-inspired retrieval, enhanc-
ing the alignment and aggregation of theme and fine-grained
details. Compared to Hyper-RAG, it improves by 21.0% and
26.4%, respectively. For Score-based results, Figure 3 ob-
jectively presents the evaluation results across six dimen-
sions on five LLMs. The results demonstrate that Cog-RAG
achieves consistent and significant improvements over base-
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line methods in all dimensions. Moreover, when applying
different LLMs for indexing and answering, it still exhibits
clear advantages, highlighting its structural effectiveness.

3) Dual-hypergraph alignment enhances knowledge
representation and semantic consistency. Inspired by hu-
man top-down cognitive pathways, Cog-RAG utilizes a dual
hypergraph structure to align macro to micro knowledge.
Specifically, for Selection-based results in Intra-domain
Dense scenario, Cog-RAG improves by 35.0% and 23.0%
compared to the entity-level hierarchical method HiRAG.
For Score-based results, Cog-RAG outperforms HiRAG and



Models Mix CS Neurology
(Overall) (Overall) (Overall)
CoG-RAG 85.39 87.07 86.55
w./o. Entity Hypergraph 76.58 84.58 84.49
w./o. Theme Hypergraph ~ 84.82 85.88 85.41
w./0. Two-Stage Retrieval — 84.88 86.41 86.18

Table 2: Ablation study on different datasets by scoring,
where w./o. indicates without the part of the method.

Hyper-RAG by 1.37 and 1.20 on neurology datasets, signif-
icantly enhancing the model’s ability to handle knowledge-
intensive domains and ensuring semantic consistency.

Ablation Study

This section conducts ablation studies to evaluate the con-
tribution of each core component in Cog-RAG: the theme,
entity hypergraph, and two-stage retrieval strategy. Table 2
shows the results by Scoring-based evaluation. The results
from three types of datasets are summarized below.

1) Effectiveness of the Entity Hypergraph. Removing
the entity hypergraph leads to a significant decrease in per-
formance on all three types of datasets, especially on the
Mix dataset. This indicates its critical role in capturing fine-
grained semantic relations within chunks. This effect is con-
sistently observed across domains, confirming that intra-
chunk entity-level modeling can enhance the representation
of local knowledge.

2) Effectiveness of the Theme Hypergraph. Excluding
the theme hypergraph causes a moderate decrease (drop 1.19
on CS and 1.14 on Neurology), highlighting its role in mod-
eling global theme structures across chunks. The benefit is
particularly noticeable in intra-domain tasks, where main-
taining coherent theme alignment helps with cross-chunk
reasoning and retrieval. However, on the Mix dataset, using
only the theme hypergraph leads to performance degrada-
tion (from 85.39 to 76.58), indicating that in cross-domain
sparse and weakly structured scenarios, theme relations may
introduce noise that interferes with retrieval and answering.

3) Effectiveness of the Two-Stage Retrieval. Bypassing
this component (by directly concatenating information from
both the theme and entity hypergraphs and inputting it into
LLMs) leads to consistent performance drops. This high-
lights the importance of the two-stage retrieval, especially in
knowledge-intensive scenarios where global semantic guid-
ance followed by entity-level refinement enables more accu-
rate and coherent retrieval.

Hypergraph Visualization

In the Neurology dataset, Figure 4 visualized the relations
of Sleep Apnea in the entity hypergraph. It illustrates the
complex relations between Sleep Apnea and multiple related
entities such as Chronic Lung Disease, Headache, and Res-
piratory Centers. It captures not only pairwise relations but
also reveals multi-entity dependencies beyond pairs. As ob-
served, the complex hypergraph among Hypertension, Sleep
Apnea, Kyphoscoliosis, and Muscular Dystrophy illustrates
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Figure 4: Entity Hypergraph Visualization.

various health risks and respiratory challenges connected to
sleep quality and disorders, affecting overall wellness.

Why is Cog-RAG Effective?
Theme-Aligned vs. Graph / Hypergraph Index

Graph and hypergraph-enhanced RAG mainly focus on
modeling local entity-level relations within document
chunks, making them less effective for tasks that require
global semantic reasoning. In contrast, Cog-RAG introduces
a dual-hypergraph structure that supports alignment from
global themes to fine-grained entities, leading to improved
contextual grounding and response consistency. Notably, our
analysis reveals that the theme hypergraph is particularly
beneficial in structured, domain-specific settings, while it
may introduce noise in loosely structured, open-domain sce-
narios. This suggests further opportunities for dynamic fil-
tering and graph construction.

Cognitive-Inspired vs. Conventional Retrieval

Conventional RAG systems rely on single-stage retrieval,
which merges all retrieved content into LLMs. This de-
sign often leads to incomplete or noisy evidence aggrega-
tion for complex knowledge-intensive tasks. The cognitive-
inspired two-stage retrieval strategy enables top-down se-
mantic alignment and aggregation, providing more accurate
knowledge support and reducing redundant information.

Conclusion

Inspired by human cognitive pathways, this paper intro-
duces Cog-RAG, which enhances LLM responses by inte-
grating dual-hypergraph structures and a cognitive-inspired
two-stage retrieval mechanism. Cog-RAG enables hierarchi-
cal knowledge modeling and semantic alignment at both
macro-thematic and micro-entity levels, addressing issues of
information loss and semantic gaps inherent in graph-based
methods. Experimental results show that Cog-RAG signif-
icantly outperforms state-of-the-art methods across various
types of datasets on knowledge-intensive tasks.
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