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01 Background of Study

O Graph-based Retrieval-Augmented Generation

Retrieval-Augmented
Generation (RAG)
enhances knowledge-
intensive tasks by
combining retrieval with
large language models.

N-ary Relation

Extraction ®v;
. Domain Knowledge Knowledge HyperGraph > While traditional chunk-

based retrieval overlooks
entity relations, graph-
based approaches like
GraphRAG model
knowledge as graphs to
enable more relational and
efficient generation.

- e Ee e o EE e e e B Em Em

o Knowledgable
User Question  Hyper6raph-6Guided Generation 9

Generation




01 Background of Study

O Comparison of Knowledge Representation

AN

Domain Knowledge Male hypertensive patients with serum creatinine levels between 115-133 pmol/L are diagnosed with mild serum creatinine elevation.

@ Standard RAG @ GraphRAG & Hyper6raphRAG

Chunk-based Knowledge Representation Ordinary Graph Knowledge Representation Hypergraph-Structured Knowledge Representation
B‘ . o

B Mild serum creatining elevation |
Male hypertensive patients with serum : ‘ Mild serum creatinine elevation

creatinine levels between 115-133 pmol/L
are diagnosed with mild serum creatinine

elevation.

»
Serum creatinine levels between 115-133 pmol/L
4

B‘ Serum creatinine levels between 115-133 pmol/L

» Previous graph-based RAGs capture only binary relations, failing to model the n-ary relations
common in real-world knowledge, which leads to information loss when facts are
decomposed into multiple binary triples.
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02 Contributions

O Contributions

To overcome these limitations, we propose HyperGraphRAG, a graph-based RAG
framework built on hypergraph-structured knowledge representation.

Unlike prior methods limited to binary relations, HyperGraphRAG uses hyperedges to
capture n-ary relational facts among multiple entities (e.g., {Hypertensive patient, Male,
Serum creatinine 115—133 umol/L, Mild elevation}), ensuring richer structure and
inference capability.

HyperGraphRAG operates in three stages:

> (1) Knowledge Hypergraph Construction — extracting n-ary relations via LLMs and
organizing them in a bipartite graph with entity and hyperedge embeddings for retrieval;

» (2) Hypergraph Retrieval Strategy — retrieving context-relevant entities and hyperedges
through vector similarity search;

» (3) Hypergraph-Guided Generation — integrating retrieved n-ary facts with text
passages to enhance factuality and coherence.
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03 Methodology

Preliminaries

Definition 1: RAG. Given a question ¢ and domain knowledge K, standard RAG first selects
relevant document fragments d from K based on ¢, and then generates an answer y based on ¢ and d.
The probability model is formulated as:

P(ylg) = Y _ P(ylg,d)P(d|q, K). (1)

deK

Definition 2: Graph-based RAG. Graph-based RAG optimizes retrieval by representing knowledge

a graph structure G = (V, E), where V is the set of entities and F is the set of relationships
between entities. GG consists of facts represented as ' = (e, V) € GG, where e is the relation and V.
1s the entity set connected to e. Given a question g, the retrieval process is defined as:

P(ylg) = > P(ylg, F)P(Flq,G). (2)
FeG

Definition 3: Hypergraph. A hypergraph Gy = (V, Ey) [29] is a generalized graph, where V' is
the entity set, F/f; 1s the hyperedge set, and each hyperedge e; € Eir connects 2 or more entities:
Ve = (V1,02,...,0,), n > 2. (3)

Unlike ordinary graphs, where relationships are binary V., = (v, v;), hypergraphs model n-ary
relational facts F,, = (ey, Ve, ) € Gpg.
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03 Methodology

O Overview of HyperGraphRAG

<hyperedge>(text:“Hypertension is defined as an ) .
office systolic blood pressure >140 mmHg or { How does hypertension affect cardiovasular health,

diastolic blood pressure 290 mmHg.”, score:“9”) Low-sodium and what interventions can effectively reduce its risk?
Extract |_ centity>(name:“Hypertension”, type:“Disease”, Hyperedge_1 Diet 8
@ explain:“Hypertension is defined as systolic blood Diastolic BP User Question
pressure 2140 mmHg or diastolic blood pressure =90 mmHg - S Entity
; @ Extract

q

290 mmHg.”, score:“95”) - )
- <entity>(name:“Systolic blood pressure =140 Extracted Entities V;, V¥
mmHg”, type:“Measurement”, explain:“

HyperGraph
| Retrieval

| hypertension, cardiovasular health, ...

N-ary ”» score:“85”) ; : -
relation |- <entity>(name:“Diastolic blood pressure 290 - Hypeftension - '+ Entity Retrieval
extraction| mmHg”, type:“Measurement”, explain:“ Systolic BP Y o L~ Y

=140 mmHg ¥ !
”’ score:“ss”) - @ @ @ : :
[

Domain Knowledge K N-ary Relational Facts F? dc K Regular
9 y " Exegrcise Hypertension Cardlc;\é:ss(;ular 1 1Hyperedge_1 Hyperedge_2
[}
‘. k \\ [N}
Knowledge File

@ LLM with Prompts
8 Vector Base

Hyperedge Retrieval

A AN
AN AN

Embedding

Cardiovascular

‘ Disease

jection

Hyperedge
Vector Base

OO =

e Gp = %(Gpg) Stress Management Traditional

Entlty ) ] Chunks A %o Hypertension is a major
Vector Base Bipartite Hypergraph Storage Knowledge HyperGraph > risk fector or..

N-ar |
\ Relational Facts
”

1 \
] 1
1 1
1 1
1 1
1 1
] 1
] 1 45
1 1
1 1
1 1
! . Fraction
1 1
:OO Hyperedge £ e dding @ e
1
. 1 B
' 1
' 1
' 1
f [
' 1
' 1
' 1
1
1

I User Question

v Input

Candidate
Knowledge HyperGraph Construction |---» Knowledge L _ .0 gy oerGraph Retrieval Hyperedges
ARSI & Entities

Domain
Knowledge

HyperGraph-Guided »| Knowledgable
Generation Generation

HyperGraphRAG includes Knowledge Hypergraph Construction, Hypergraph Retrieval Strategy, and Hypergraph-Guided Generation.
10
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O Knowledge Hypergraph Construction

To represent and store knowledge, we propose a knowledge hypergraph construction method that
includes n-ary relational extraction, bipartite hypergraph storage, and vector representation storage.

<hyperedge>(text:“Hypertension is defined as an
office systolic blood pressure 2140 mmHg or . . .
diastolic blood pressure 290 mmHg.”, score:“g”) N-ary Relation Extraction. To construct the knowledge hypergraph G g, our first step is to extract
- 03 SH: o ”’ <“Di ”’ . . . . .
Al e e multiple n-ary relational facts F), from natural language documents d € K. Unlike traditional
e R D Ot e hyper-relations [21], events [13], or other n-ary relation models [15], in the era of LLMs, to preserve
[ > T ([T M e Sl richer and more diverse n-ary relations among entities, we propose a new n-ary relation representation
mmHg”, type:“Measurement”, explain:* e . . . . .
N-ary g fals within, F, = (em, Ve, ), utilizing natural language descriptions, instead of structured relations, to represent

relation |- <entity>(name:“Diastolic blood pressure =90 hyperedges € among multlple entities VeH as fOllOWS.

extraction | mmHg”, type:“Measurement”, explain:“

», score:“85”) (a) Hyperedge: Given an input text d, it is parsed into several independent knowledge fragments,
Domain Knowledge K N-ary Relational Facts  F?,d € K each treated as a hyperedge: E%, = {e1, €2, ..., e }. Each hyperedge e; = ('™, €5°°) consists

.. Embedding of two parts: a natural language description €', and a confidence score €} € (0, 10]
Knowledge File

i
5 L= indicating the association degree between e; and d.

E @ LLM with Prompts E

5 var tee | Hyperedge Entity: For each hyperedge e;, entity recognition is performed to extract all contained en-
5 ; Vector Base tities: V., = {v1,vs,...,v,}, where V.. is the entity set associated with e;. Each entity
' Hyperedge | : t lai S . . t
OO YPeredse | embedcing (@Y @ vj = (UM, v VTP 0390) consists of four parts: entity name v} C e, type v,

Extract

Il A A 1
AN A

OQ e J J ain ° J

- explanation v?"plai", and confidence score v} € (0, 100] indicating the extraction certainty.

Entity

\8@;%\3%5’ Vot Bipartite Hypergraph Storage Following this hypergrgph—structured knowledge representation, we design an n-ary relation extraction
prompt pey, detailed in Appendix [A.T] to enable the LLM 7 to perform end-to-end knowledge

fragment segmentation and entity recognition, thereby forming the n-ary relational fact set F%:

F»g:{flvaa"wfk‘}NW(Fn‘pexhd)’ (4)

Knowledge '"’[ AERTZCE b T ) (L } g where each extracted n-ary relational fact f; = (e;, V., ) contains information about the corresponding
hyperedge e; and its associated entity set V.. We convert all documents d € K into hyperedges and
entities using n-ary relation extraction, forming a complete knowledge hypergraph G'g.

Domain
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O Knowledge Hypergraph Construction

Bipartite Hypergraph Storage. After n-ary relation extraction, we store the constructed knowledge
<hyperedge> (text:“Hypertension is defined as an hypergraph GG in a graph database to support an efficient query. We adopt an ordinary graph database
office systolic blood pressure 2140 mmHg or represented as a bipartite graph structure Gg = (Vp,Eg) = ®(Gpy), to store the knowledge

diastolic blood pressure 290 mmHg.”, score:“9”)

Extract |_ _entity>(name:“Hypertension”, type:“Disease”, hypergraph Gy = (V, Ey ), where ® is a transformation function defined as:

@ explain:“Hypertension is defined as systolic blood
pressure >140 mmHg or diastolic blood pressure

> >90 mmHg.”, score:“95”) @ . VB = V U EH, EB = {(eH,’U) | CH € EH,'U € VeH}, (5)
l

- <entity>(name:“Systolic blood pressure >140
mmHg”, type:“Measurement”, explain:“

where V3 is the set of nodes in GG g, formed by merging the entity set V' and the hyperedge set E'y
N-ary e ) from GGy. The edge set Eg captures the connections between each hyperedge ey € Fy and its

relation |- <entity>(name:“Diastolic blood pressure =290

extraction [ mmFHg”, type:“Measurement”, explain:* associated entities v € V,,, .

Il A A 1
AN A

” . 2
, score:“85”)

Based on G, we can efficiently query all entities associated with a hyperedge ey or query all
hyperedges linked to a specific entity v, thereby benefiting the optimized query efficiency of an
ordinary graph database, as well as preserving the complete hypergraph-structured knowledge
representation.

Domain Knowledge K N-ary Relational Facts F?% dc K
Embedding

E @ LLM with Prompts E

5 var toe [ Hyperedge Moreover, G p allows incremental updates through dynamically expansion: G < G U ®(GYy),
E | Vector Base where G';; represents newly added hypergraph information. The transformation of hyperedges and
: OO Hyperedge . | Embedding @ @ entities into the bipartite graph storage format enables seamless updates to the graph database.

OO =

N-ary h
\ Relational Facts
~ 4

Vector Representation Storage. To support efficient semantic retrieval, we embed hyperedges ey €
Entity E'r and entities v € ‘V using the same embedding model f , ensuring that the vector representation of
Vector Base Bipartite Hypergraph Storage hyperedges and entities is in the same vector space as questions. Le?t W be the vector function, then the

vector representation storage for the knowledge hypergraph Gy is defined as: ¥(Gy) = (€g,Ev),

! ! where &y is the vector base of hyperedges and £y is the vector base of entities:
VU: &g ={he, |exw € En}, & ={h, |veV}, (6)

-——)[ Knowledge HyperGraph Construction }) where each hyperedge ey and entity v in Gy is embedded into their vector representations: h.,, =
f(eq),and h, = f(v), respectively.

Domain
Knowledge
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O Knowledge Hypergraph Construction

After constructing and storing the hypergraph GG, we design an efficient retrieval strategy to match

ﬂﬂ user questions with relevant hyperedges and entities.
How does hypertension affect cardiovasular health,
ﬁ and what interventions can effectively reduce its risk? q

Entity Retrieval. First, we extract key entities from the question ¢ to facilitate subsequent matching.
User Question ; : We design an entity extraction prompt pg ex, detailed in Appendix [A.2} along with the LLM 7 to

R Entity . .
. - extract the entity set V:
Extracted Entities V v @ Extract E HyperGraph y q

hypertension, cardiovasular health, ... ! Retrieval . o, . Vq ~ W(V|pq_ext7.q.)- . (7)

: :' After extracting entities, we retrieve the most relevant entities from the entity set V' of the knowledge
: hypergraph G'ry. We define the entity retrieval function Ry, which retrieves the most relevant entities
from &y using cosine similarity:

; (8)

kv . i
'vaertensmn Cardiovascular RV (q) = argmax (Sll’l’l(th , hv) @ ,Uscore)

1 > TV
Disease ! veV

where hy, = f(V;) is the concatenated text vector representation of the extracted entity set V,
h, € &y is the vector representation of entity v, sim(-, -) denotes the similarity function, ® represents
element-wise multiplication between similarity and entity relevance score v**°* determining the final
ranking score, Ty is the threshold for the entity retrieval score, and ky is the limit on the number of
retrieved entities.

Hyperedge Retrieval. Moreover, to expand the retrieval scope and capture complete n-ary relations
— _ Knowledgable Generation within the hyperedge set Ey of the knowledge hypergraph GG i, we define the hyperedge retrieval
Trg:llltrl‘cla(r;al Generatlon . Hypertension is a major function R g7, which retrieves a set of hyperedges related to ¢:

risk factor for...

k : Score
R(q) = argmax (sim(hg, he,, ) © €57) -, 9)
eg€Ep

where h, = f(q) is the text vector representation of ¢, h.,, € £ is the vector representation of the
HyperGraph-Guided [RalqE G hyperedge ey, © represents element-wise multiplication between similarity and hyperedge relevance
Generation Generation score e’ determining the final ranking score, 7x is the threshold for the hyperedge retrieval score,

and kg limits the number of retrieved hyperedges. 13
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O Hypergraph-Guided Generation

) How does hypertension affect cardiovasular health,
ﬁ and what interventions can effectively reduce its risk? q

User Question '

- Entity
Extracted Entities V, V @ Extract HyperGraph

Retrieval

hypertension, cardiovasular health, ...

56 6

‘Hypertension Cardiovascular ' H dge 1 H dge 2
+Hypertension Dicease 1 Hyperedge yperedge

Knowledgable Generation

@ Generation N\
aD Hypertension is a major
; @ risk factor for...
=S

Traditional
Chunks

HyperGraph-Guided [Ratad O Tt
Generation Generation

To fully utilize the structured knowledge in the hypergraph, we propose a Hypergraph-Guided
Generation mechanism, which consists of hypergraph knowledge fusion and generation augmentation.

Hypergraph Knowledge Fusion. The primary goal of hypergraph knowledge fusion is to expand
and reorganize the retrieved n-ary relational knowledge to form a comprehensive knowledge input.
Since ¢ may only match partial entities or hyperedges, we further expand the retrieval scope. To obtain
a complete set of n-ary relational facts, we design a bidirectional expansion strategy, that includes
expanding hyperedges from retrieved entities and expanding entities from retrieved hyperedges.

First, given the entity set retrieved from ¢, denoted as Ry (q) = {v1,v2, ..., vk, }, We retrieve all
hyperedges in the knowledge hypergraph GG that connect these entities:

Fv= |J {(em,Ven)|vi € Vey.en € Eg}. (10)
v; ERv (q)

Next, we expand the set of entities connected to the retrieved hyperedges R (q) = {el, €2, .evy iy }:

Fi= |J {leVe) | Ve, €V} (11)

Finally, we merge the expanded hyperedge set Fy; with the expanded entity set F7; to form a complete
retrieved n-ary relational fact set Ky = Fy, U FF;. This set contains all necessary n-ary relational
knowledge for reasoning and generation, ensuring a comprehensive input for the LLM.

Generation Augmentation. Following hypergraph knowledge fusion, we augment the generation
strategy to improve the accuracy and readability of the responses. We adopt a hybrid RAG fusion
mechanism, combining hypergraph knowledge K iy with retrieved chunk-based text fragments K punk
to form the final knowledge input. We define the final knowledge input K* = Ky U Kchunk, Where
Kchunk consists of chunk-based text fragments retrieved using traditional RAG.

Finally, we use a retrieval-augmented generation prompt pee,, detailed in Appendix@ that combines

hypergraph knowledge K™ and the user question ¢ as input to LLM 7 to generate final response y*:

y* ~ '/T(ylpgem K*, Q)-

EURAL INFORMATION
ROCESSING SYSTEMS

(12) 14
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O Main Results

Medicine

Method

Agriculture

CS

Mix

F1

RS G-E| Fl

RS G-E| F1

RS G-E| F1

G-E | F1

R-S G-E

Binary Source

NaiveGeneration 12.63
StandardRAG 26.87
GraphRAG 17.13
LightRAG 12.16
PathRAG 14.74
HippoRAG?2 21.12
HyperGraphRAG (ours) 36.45

0.00
61.08
54.56
52.38
52.30
57.50
69.91

44.70
56.24
48.19
44.15
45.36
51.08
60.65

11.71
28.31
20.67
17.70
21.97
12.60
34.80

0.00
42.69
40.90
41.24
42.21
16.85
61.97

45.76
57.58
52.41
50.32
53.13
44.56
59.99

18.93
28.87
23.75
22.59
25.28
16.94
31.60

0.00
49.44
37.65
41.86
41.49
21.05
60.94

48.79
57.10
53.17
51.62
53.28
47.29
57.54

2291
37.19
31.09
33.63
32.32
20.10
44.42

50.00
59.85
54.62
56.42
55.45
46.77
63.53

18.58
47.57
23.62
29.98
40.87
21.10
51.51

N-ary Source

NaiveGeneration 13.15
StandardRAG 28.93
GraphRAG 18.07
LightRAG 13.43
PathRAG 15.14
HippoRAG2 21.56
HyperGraphRAG (ours) 34.26

0.00
48.93
41.27
42.44
42.53
20.32
62.58

47.93
56.62
53.49
50.92
51.83
45.14
59.59

18.37
28.99
22.90
22.85
28.18
17.75
31.00

Overall

NaiveGeneration 12.89
StandardRAG 27.90
GraphRAG 17.60
LightRAG 12.79
PathRAG 14.94
HippoRAG2 21.34
HyperGraphRAG (ours) 35.35

46.85
57.10
52.95
50.62
52.48
44.85
59.79

18.65
28.93
23.33
22.72
26.73
17.34
31.30
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To evaluate the effectiveness of HyperGraphRAG,
we compare its performance with various
baselines across multiple domains.

Overall Comparison Across Methods.
HyperGraphRAG consistently outperforms all
baselines across F1, R-S, and G-E metrics.
Compared to StandardRAG, it achieves gains of
+7.45 (F1), +7.62 (R-S), and +3.69 (G-E).
Interestingly, existing graph-based RAG baselines
often underperform StandardRAG, as their
reliance on binary relational graphs causes
knowledge fragmentation, sparsified retrieval, and
incomplete context reconstruction during
generation.

Comparison Across Methods.

HyperGraphRAG maintains strong gains under
both Binary and N-ary settings. For Binary Source,
it improves F1, R-S, and G-E by +8.6, +8.8, and
+4.4; for N-ary Source, the improvements are
+5.3, +6.4, and +2.9, confirming its robustness.

Comparison Across Domains.

Performance gains are consistent across domains,
with the largest improvements in Medicine and
Legal (over +7 F1), and stable advantages in
Agriculture and CS. HyperGraphRAG adapts well
to both highly structured and more general
knowledge tasks. 16




04 Experimental Results

O Ablation Study

As shown in Figure ] we conduct an ablation study in the Medicine domain by removing entity
retrieval (w/o ER), hyperedge retrieval (w/o HR), and their combination (w/o ER & HR). We also
remove chunk retrieval fusion (w/o CR), and all modules (w/o ER & HR & CR):

Impact of Entity Retrieval (ER). ER is crit-
ical for precise retrieval by anchoring key con- BN HyperGraphRAG I w/o HR B w/oCR

cepts. Without ER, F1 falls from 35.4 to 29.8, 1 E1 WioER BN v/oER&HR EEE w/oER&HR&CR
underscoring its importance in selecting relevant

70.2

553 5 5557 53.4

entities for accurate generation.

Impact of Hyperedge Retrieval (HR). HR
captures n-ary, multi-entity facts necessary for
complex reasoning. Removing HR drops F1
from 35.4 to 26.4, highlighting its unique role
beyond mere entity retrieval. Figure 4: Results of the ablation study.

Impact of Chunk Retrieval Fusion (CR). CR
enhances retrieval by integrating unstructured text with hypergraph data. Excluding CR reduces F1
from 35.4 to 29.2, demonstrating that the fusion leads to more complete and fluent generation.

R-S




04 Experimental Results

O Analysis of Hypergraph-structured Knowledge Representation

baseline lute risk
mi t

s @remen i

Principal Comp. Analyshs (PCA)

laive model
cmlo-‘roau
» 5
DI nst it
a clas.
u n

(¢) CS HyperGraph

Med. Agric. CS Legal Mix

#Knowl. Token 179k 382k 795k 940k 122k

GraphRAG
#Entity 320 699 1449 1711 225
#Community 256 ' 223 ‘930 a1} 59

LightRAG
w e asss s e #Entity 3,725 5,032 8,967 5354 2229
o e S A/ #Relation 1,304 3,105 5,632 6,002 940

s
ontractual Terms and Business Trar

%m.mm o0 s gl b oo .. HyperGraphRAG
\h oo oty - e Y27 #Entity 7,675 16,805 19913 11,098 6,201

#Hyperedge 4,818 16,102 26,902 18,285 4,356

(d) Legal HyperGraph (e) Mix HyperGraph (f) Statistics of Construction




04 Experimental Results

O Analysis of Hypergraph Retrieval Efficiency

As shown in Figure[6] to evaluate retrieval efficiency, we conduct two experiments: (a) examining
how HyperGraphRAG’s retrieval efficiency and token length scales with different top-k values and
(b) comparing its F1 scores with other methods under varying retrieval length limits:

12000
—@— NaiveGeneration = PathRAG

StandardRAG —&— HippoRAG2
GraphRAG =~ HyperGraphRAG
LightRAG

- 10000

- 8000 28.6

- 6000

#R-Token
F1 Score

N
o
1

- 4000

- 2000

2521 60577964 -----9156 10073 10848 o
1 T T T T :

NaiveGen k=0 k=20 k=40 k=60 k=80 k=100 32 6I4 128 256 512 10'24 20|48 4olg6 81|92 Full
(StandardRAG) (HyperGraphRAG) Retrieved Knowledge Length

(a) Impact of Top-k on Retreval Efficency & Token Length. (b) F1 Comparison under Limited Lengths.

Figure 6: Experimental results in the Medicine domain analyzing hypergraph retrieval efficiency.




Best Overall Generation Quality. Hyper-
GraphRAG achieves the highest Overall score
(61.5), significantly outperforming all baseline
methods, indicating the comprehensive advan-
tage in hypergraph-guided generation.

Lead on Key Dimensions. HyperGraphRAG
achieves notable improvements in Correctness
(64.8), Relevance (66.0), and Factuality (64.2),
outperforming both standard RAG and binary
graph-based methods. These gains indicate its
strong capacity to produce accurate, context-
aware, and knowledge-grounded responses.

Balanced Performance. Although the Diver-
sity score (47.0) is relatively lower than other
dimensions, HyperGraphRAG still exceeds all
baselines, indicating that it maintains a balanced
dimension-wise performance, effectively com-
bining content richness with structural consis-
tency for stable and high-quality generation.

04 Experimental Results

O Analysis of Hypergraph-Guided Generation Quality

Overall

05

Factualipy § 5.om dDrehensiveness

g[(n pwledge-
7 hbility

Relevance

- NaiveGeneration
StandardRAG
GraphRAG

LightRAG  —— HippoRAG2
PathRAG —— HyperGraphRAG

Figure 7: Generation Equality Evaluations.




04 Experimental Results

O Time & Cost in Construction and Generation Phases

Time & Cost in Construction Phase. Hyper- _ .

GraphRAG demonstrates efficient knowledge Table 3: Time & Cost Comparisons.
construction with a time cost of 3.084 sec-
onds per lk tokens (TP1kT) and a monetary  pfethod
cost of $0.0063 per 1k tokens (CP1kT). This TPIKT CPIKT | TPQ CP1kQ
places it between the faster HippoRAG?2 (2.758s,  NaiveGeneration 0s 0% 0.131s 0.059 %
$0.0056) and slower GraphRAG (9.272s, E}tan%aéi%AG . 5)782 . 0%?8 ; 8-5‘2"{: %-g%g%
$0.0058). While its cost is slightly higher than LngtR G sT63s 000318 |0 3359 3

Construction Generation

0.359 s
GraphRAG, HyperGraphRAG achieves a bet-  PathRAG 5.168s 0.0081$ | 0.436s 3.496%

ter balance between speed, expressiveness, and ~ HippoRAG2 2.758s  0.0056$ | 0.240s 3438 $
. . HyperGraphRAG 3.084s 0.0063$ | 0.256s 3.184 $
structure, offering a more compact yet richer

representation of n-ary relational knowledge.

Time & Cost in Generation Phase. During the generation phase, HyperGraphRAG requires 0.256
seconds per query (TPQ) and incurs a cost of $3.184 per 1k queries (CP1kQ). This is moderately
higher than StandardRAG (0.147s, $1.016) but significantly lower than PathRAG (0.436s, $3.496) and
LightRAG (0.359s, $3.359). Compared to GraphRAG (0.221s, $1.836), HyperGraphRAG slightly
increases time and cost but compensates with better retrieval quality and generation outcomes. The
results suggest that HyperGraphRAG achieves a favorable trade-off between generation efficiency
and output quality, suitable for real-world knowledge-intensive applications.
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