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[Abstract]

While RAG addresses Large Language Model(LLM) hallucinations, Vector-RAG struggles with
multi-hop reasoning and logical constraints. We propose a Triple-Hybrid RAG framework combining
Vector, Graph, and Ontology knowledge sources. A Dynamic Weighting Algorithm (DWA) is introduced
that continuously adjusts the contribution weights of each source based on query intent signals—entity
density, relation density, and constraint density—rather than relying on discrete type-based routing.
Experimental results using a synthetic university administrative dataset (1,037 unstructured text
documents, 2,542 graph nodes, 6,889 edges, 5,000 gold QA) with GPT-40-mini (temperature=0.0)
showed a 19.4% improvement in F1 Score and a 34.5% gain in Exact Match(EM) score for complex
queries compared to single-source RAG. A three-stage ablation study validated the contribution of each
DWA component, with continuous weight adjustment yielding an additional 3.2%p Multi-hop EM
improvement over type-fixed weights. Additional validation on 300 HotpotQA samples confirmed the
architecture's generalizability, with F1 and EM improvements of 22.9% and 95.5%, respectively.

» Key words: Retrieval-Augmented Generation(RAG), Knowledge Graph, Ontology, Hybrid RAG,
Multi-hop Reasoning, Dynamic Weighting Algorithm(DWA)
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I. Introduction

1. Background and Significance
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2. Objectives and Contributions
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II. Related Work

1. Evolution and Limitations of Vector-based RAG
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III. System Architecture (Methodology)
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Fig. 1. System Architecture
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Table 1. Base Weights by Query Type
o B Y
iy T (Vector) (Graph) (Ontology)
Simple 0.6 0.2 0.2
Multi-hop 0.2 0.6 0.2
Conditional 0.2 0.2 0.6

Stage 2 Continuous Adjustment: Stage 104 8j&
= 7|1& 715X Ao oFute H]—oﬂs}gi 7re o3
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s_r = |Relation Keywords| / N_max_relation — (2)

s_c = |Constraints| / N_max_constraint — (3)

o' =a_base X (1 — A X(s_.e+sr+s.c)/3) — (4

B' = B_base + A X s_r X (1 — B_base) — (5)

y' = y_base + A X s_c X (1 — y_base) — (6)

Normalization: (o_final, B_final, y_final) = (o', B', v") /

(@ +p +v)—(7)
Integrated Score: S_total =

_final'S_graph + y_final‘S_ontology — (8)
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Table 2. Continuous Adjustment Parameters

Determination Method
Grid Search
on validation set
Max observed
in training queries
Max observed
in training queries
Max observed
in training queries

Parameter Value

S 0.3

N_max_entity 5

N_max_relation 4

N_max_constraint 3

Table 204 A=0.3&
Search(0.1~0.5, step=0.05)Z A€k

A=
oo

clolEpol A Grid
LG

IV. Implementation Details

1. Reproducibility Configuration

Section oA AASH AAIS AFIR L5 7153t &
Bz 2] s, AR 2R vlas oM e

& slo]xetol A ARlo] S £7IIA
i & Gk LU 2 QIS shlmerl g
FAstgion], 1 7AW Table 30] Helsioick

Table 3. Experimental Configuration for Reproducibility

Category Configuration
GPT-40-mini
LLM Model (gpt-40-mini-2024-07-18)
Temperature 0.0 (deterministic generation)
top-p 1.0 (OpenAl default)
Max Tokens 500

text-embedding-3-small
(OpenAl, dim=1536)

1,000 characters / 200
characters

FAISS (IndexFlatIP, cosine
similarity), ChromaDB

Embedding Model

Chunk Size / Overlap

Vector Index

top-k (Retrieval) 3

Graph Traversal BFS, max_depth=3

DWA A 0.3

Evaluation Runs 3 runs, mean * std reported
Random Seed 42

zQ stolmuatole] M4 24 H3 10008k &2
o] g A9l Hat T Z0](800~1,200Rh)F 11245t

1, top-k=3 k=1~5 ofj8] Addo|A F1 11X = 7li T
%o, 3-hop Ak the} o7 wofQloflA oo
Al A7t 3GA ool slakls W ‘?_}0"63}9"1%
top-p= temperature=0.0 A4 A] ARA HJFFo| glof
7123%= wAlsHA

RE AAS0] SUs LELES Hgaock

"Based on the following context, answer the
If the answer cannot be
state that the

Context: {context}

question accurately.
determined from the context,
information is not available.
Question: {query} Answer:"
A PO LT
GitHub(https://github.com/sdw1621/hybrid-rag-co
mparsion)S £ V&0 9o, pip install -r
requirements.txt2 SA] ASY 7pbssict 2 =30] Alg
A= release tag v1.0.0 7202 x{3 7h=slct.

2l E w
ATUEL

Table 4. Dataset Composition

Category Description

Vector Data 1,037 unstructured text documents

577 professors, 60 departments, 1,505

h Dat .
Grap ata courses, 400 projects, 6,889 edges

5 hierarchical classes, 10 constraints,

Ontology Data
) 8 rules
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2. Web-based User Interface

Streamlit 7|8t <4 QIE|Ho]AS F55IRIC. Fig. 39
52 Ao| HAE stHOo R, AREAP} AFio] AES ¢
25t DWAZL AFERt o, B, v 7FSAPE 2t 2z
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stHoM = 524 Aol tish 57 A|ARI S-S U3
gix|sto} Aut Apo]E AlHAcr SIS 4 Qlt}. of <l
EjHo]AS Boll AFARE ofet =)l AREARE AlA
8 A= AAAeR 4EE 4 eF Stk ¥
ofgff FaolA F 7Hssitt.

https://hybrid-rag-comparsion.streamlit.app

camiitapp

& Triple-Hybrid RAG

Hﬂlllti,hop

& DOWATHER|

Fig. 3. Web—based Query Interface and DWA Weight Visualization

V. Experimental Setup

Data Ethics Statement:
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2. Evaluation Metrics

Table 6. Evaluation Metrics

Category Description

The harmonic mean of Precision and
Recall
The percentage of responses exactly

F1 Score

Exact Match

(EM) matching ground truth
Proportion of correct answers in
Recall@3 P
top-3 results
. Proportion of relevant documents
Precision .
among retrieved
RAGAS Extent to which the answer is

Faithfulness

grounded in retrieved context

RAGAS  Faithfulness= A5  H7Hautomatic
evaluation)2 Z43ith (1) 89S 7 240z e,

(2) Zt Exto] "Given the context, is this statement
supported?’ T2IEE GPT-4o-mini(temp=0.0)of A
2319 Yes/No 7%, (3) Yes H|&2 AF&SIth EM 7t
A] Unicode NFC, A2A} @igh 2w 20l 3}2o] RA}
A7, SAF ER 90| 55 Asle A8610, Raw
EM3} Normalized EMS 2% Y 131

3. Comparative Systems
Aot A28 chg wlo|Aeiolut u]watict.

Table 7. Baseline System Implementation Details

Key
. . . top
1. Experimental Environment and Datasets Category |Implementation| LLM | _ "~ | Hyperpara
= =1 = - meters
W9 st W clolels Rasior, - GPT-o- -
n-house - chun
Ic l:ﬂo]]ﬂlj\]% |:H<:1— oHH Euﬂo]J 7(14 ”H % ‘_]- Vector-Only (FAISS) H;Ig:p:gg) 3 1.000/200
slo] AASE 5000719 AR-AE-HE 27 #o= ' BFS max
Table 59] 7to]=2}0lo] e} E2Elc}, In-house GPT-40- 3-hop,
GraphRAG (Edge et al.[14] | mini 3 community
methodology) | (temp=0.0) detection
Table 5. Query Generation Guidelines by Difficulty not applied
In-house GPT-40- vector+graph,
Query . . .. HybridRAG (Sarmah et al[8] | mini 3 fixed weights
Rat t P |
Type atio Gemeneiien [Frimclsls methodology) | (temp=0.0) 0.5/0.5
. 40% . . In-house GPT-40- Complexity
Simple (2,000) Single attribute lookup Adaptive-RAG | (Jeong et al.[23]| mini 3 classifier,
- 35% . methodology) | (temp=0.0) 3-evel routing
Multi-hop (1,750) Requires traversal of 2+ nodes ohouse GPT-do- DWA, 7=03,
Conditional 25% Contains numerical range or Triple-Hybrid (propaged) mini 3 3-source
° ona (1,250) | logical conditions Prog (temp=0.0) integration
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% 1 1221912 5% LLM, 443, top-k, &

2519t GraphRAG=  Microsoft E09]
communlty detectiong O] A AT, o=
7%t IS fI5l 2 AlARIO] ST 2 Lo}
9ot LIM & 204 F7te =5 SAIeH Zxfolch
Community detection2 T2 1= ©HA9] XA 2] 7]
Hog o]E Aad 72 Triple-Hybrid®] Graph =&
o= L5 A& 7Hsotaz AlAR 2 AT s At
°le f#AE ZAo® HodEnt ofb community
detection A& Al9] 2f 45 et Ot 52 &%

2 ek

=
ES

Table 8. Overall Performance Comparison (meanzstd,
3 runs; all metrics on 0~1 scale)

F1 Recall Precisi | Faithfu
S Score EM @3 on Iness
Vector- | 0.72 0.58 0.81 0.69 0.71
Only +0.02 +0.03 +0.02 +0.02 +0.03
GraphR | 0.79 0.68 0.86 0.75 0.78
AG +0.01 +0.02 +0.01 +0.02 +0.02
HybridR | 0.81 0.71 0.88 0.79 0.82
AG +0.01 +0.02 +0.01 +0.01 +0.02
Adaptive | 0.78 0.66 0.84 0.74 0.76
-RAG +0.02 +0.03 +0.02 +0.02 +0.02
Triple- 0.86 0.78 0.92 0.84 0.89
Hybrid +0.01 +0.02 +0.01 +0.01 +0.01

Table 89] XA A=o|A] Triple-Hybrid’} 2= X|&
oA H 7 4412 7]Zsigion}, o] Al Al 71K Hol
20} Aoy} ps Wolch. 7 220 Flob} M| &
ol et et AR odEng, O3 HoMe 79
2 5= wlste BAg

VI. Results and Discussion

1. Overall Performance Comparison

Triple-Hybrid®} HybridRAG 7F F1 X}o](0.86 vs
0.81)= paired t-test A2} p < 0.05 £F0|A Sol5t9
o},

(a) Performance Comparison (5 Systems x 3 Metrics)

. VectorOnly B HybridRAG
W GraphRAG W Adaptive-RAG
086

- Tiiple-Hybrid

081 !
08 o079 o7l

06

Score

02

00

F1 Score Faithfulness

Exact Match (EM)

(b) Normalized EM by Query Type | Vector-Only vs. Triple-Hybrid

= Vector-Only
= Triple-Hybrid

o o
b3 S

Normalized EM Score
o
=

02

00

Conditional

Simple Multi-hop

Fig. 4. Performance Comparison Table

Fig. 4 (a)= 57 A|A"9 Fl1 Score, EM,
FaithfulnessE B|ust 7102 Triple-Hybrid7} Al X &
DRolA  AUXE 7ISSIITE 53] EMOojA]

Vector-Only(0.58) tjg] 0.209] Acf x}o]E& Hol AY
Q%] Aate J|Mo] EERiIL) Fig 4 (bje o] 93
Normalized EME H|wst Zlo=z  Multi-hopoj|A]
+200.7%2] 7V 2 AT 7htto] Uekgon) ofe Jajx
eto] 7]olg vheigict,

2. Performance Analysis by Query Type

Table 9. Performance Comparison by Query Type

Query V-Only | V-Only | Triple | Triple V%OVSI
Type Raw Norm RAW Norm (o/r; Y

. 0.62 0.68 0.76 0.82 o
Simple +002 | 002 | +001 | +001 | "206%
. 0.25 0.31 0.91 0.96 o
Multi-hop | J 03 | +003 | 001 | z001 | 2077%
- 0.36 0.42 0.85 0.91 o
Conditional | J 505 | +002 | +001 | +001 | T1167%
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Fig. 5. Case Study

Fig. b5e AoJo] Tt  Vector-Only2t
Triple-Hybrid®] *2] abdat ZAats vlugt Zolt
Vector-Only7} 719 E ohofl oJ&Este] ¥ ZME
25t ¥HH| Triple-Hybrid= Graph 8481} Ontology =
5132 733}5}0;] 7(15]—6]— Eg@g 5%6}0:11:,} Table 9g
Multi-hop9] =2 H]-8(+209.7%)2 Vector-Only2] w2
71/ dS(EM 0.31)] Z]Qlste, AdiAl EM i =
(+0.65)= | a1efsfiof Sttt

Case Study 2 (Multi-hop): "ZA&Z4 W47t ALE st
o M3 F Al ZRAE] Fol 14 3227
Vector-Only= shif—>I 2 Al E %ol w4 732 5 ERMGH
A] 238 EM 0.0, Triple-Hybrid:= GraphofA] 3%

25 gAliste] EM 1.0(a=0.18, B=0.63, y=0.19).

Case Study 3 (Conditional): "7§gshu}t Hwsg &
] 3,0009FY o]AF S~ZAR=?" Vector-Only= A1
2 AY s910& EM 0.0, Triple-Hybrid+ Ontology 2
A e + £X] FAOoZE EM 1.0(a=0.18, p=0.19, vy
=0.62).

0l
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3. Ablation Studies
DWA 7haA] gAlo) 7o=g A5sP] $l5 3T
Ablationo]t},

Table 10. DWA Ablation Study Results

Configuration F1 EM "::'té-h: CE:/Id_
Eé.gg/%t.]%) igjoz 1822 0.89 0.85
(B) Type-Fixed ig%1 15502 0.93 0.90
©Farowa | 930108 logs |0

ot

(A~(B)oll A F1 3.7% 3Hke & 7psx] Bato]
. (By>(C)ollA} Multi-hop EM 3.2%p Z7} Ak
AR AojoA i Ye B
= 2 A}, 0.25~0.35 FZHoA 2 UR] S V1=

rlo

r—|>4
i
2> R

1,

Qi

704 ool Slamyt BEEC,
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Table 11. Source-Level Ablation Study (DWA applied,
meanztstd, 3 runs)

Multi- Cond
Configuration F1 EM hop EM ’
EM
0.72 0.58
(D) Vector-Only +002 | +003 0.31 0.42
0.82 0.73
(E) Vector+Graph +001 | +0.02 0.92 0.68
0.78 0.67
(F) Vector+Ontology +001 | +002 0.38 0.88
0.86 0.78
(G) Vector+Graph+Onto +001 | +0.02 0.96 0.94
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5. QueryAnalyzer Accuracy and Throughput

o] o3 B= XMatn = Xz 92.8%(Simple 96.5%,
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BAIA Z2ololt.

= Yo]EA] &AL Google Colab 7(Intel Xeon
2.20GHz, 13GB RAM, Python 3.10)o]A] $88%|Qict H
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Table 12. Error Analysis by Category

Error Ratio ..

Category Count Norm Description
Q .

:resri)rll Confusion between
Eoundgr 210 38.2% | inclusion/exclusion of
error Y boundary in "under 40"
Graph path 150 27 3% Missing paths requiring 4+
omission e hops due to 3-hop limit
\s/:;::):] Retrieving documents
relevance 110 20.0% | from unrelated domains
deficit with similar terminology
Compound Logical conflict when
condition 80 14.5% | combining AND/OR
conflict conditions

6. Public Benchmark Validation
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Table 13. HotpotQA Public Benchmark Results
(GPT-40-mini, temp=0.0, 300 samples)
F1 bridge compari
System Score EM F1 son F1
(n=250) (n=50)
Vector-Only 0.249 0.073 0.258 0.204
Triple-Hybrid 0.305 0.143 0.287 0.399
A (%) +22.9% +95.5% +11.4% +95.9%

VII. Conclusion

1. Summary
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3. Future Work

(1) BERT 7]¢t Intent Classifier £+ LLM-as-a-Judge
£ 385t QueryAnalyzer ﬂi} 2 Proximal Policy
Optimization (PPO) 718t &}sts 71HsA] At sh5. (2)
WA EACEYE Qoo LERAE A% PG
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