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Abstract: In the medical field, retrieyal—augméhted generation (RAG) has been proposed to mitigate hallucinations in
large language model (LLM) and enhance the interpretability and controllability. However, existing techniques are faced
with poor recall of low=-frequency entities and difficulties in processing ambiguous, verbose, or polysemous queries. To
this end, this study proposes an iterative hybrid retrieval-augmented generation (IHRAG) approach for LLM to improve
the intention parsing ability of complex queries and enhance the model’s performance in knowledge mining capabilities
for making LLMs generate more accurate responses. IHRAG employs a dynamic routing mechanism to synergistically
leverage the semantic generalization capability of vector retrieval andthe structured reasoning capacity of knowledge
graphs. By combining a medical ontology-driven query decomposition algorithm, complex clinical questionsare broken
down into retrievable atomic sub-questions. Furthermore, a knowledge gap-aware neuro-symbolic expansion model and a

“retrieve-verify-iterate” closed-loop optimization mechanism are introduced to establish a progressive discovery process
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that advances from surface-level information extraction to deep knowledge mining. Experiments demonstrate that IHRAG

significantly enhances the performance of base models of various scales such as Qwen and DeepSeek, achieving an

improvement in the accuracy of up to 11.12 percentage points and 17 percentage points increase in the high-quality

response rate.

Key words: large language model (LLM); retrieval-augmented generation (RAG); knowledge graph (KG); hybrid

retrieval; medical Q&A
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LLM-only 54.95 60.21 70.74 56.53 60.25 72.25 55.15 63.46 70.92
KG-RAG 63.66 68.47 80.10 69.07 70.26 82.07 56.15 64.61 74.86
Qwen2.5-1.5B Vector-RAG 63.75 68.35 79.08 68.96 71.40 82.39 55.38 62.76 72.69
HybridRAG 64.54 69.83 80.58 70.53 71.20 84.23 57.10 65.67 75.07
IHRAG 66.07 69.88 80.94 74.52 72.21 84.55 60.24 65.30 75.30
LLM-only 72.95 80.20 85.78 72.90 80.08 85.92 72.12 80.68 85.86
KG-RAG 73.06 72.87 84.64 75.34 72.64 85.85 74.43 76.28 85.94
Qwen-Turbo Vector-RAG 71.75 69.42 76.64 73.91 74.30 79.50 75.86 . 82.92 87.98
HybridRAG 81.10 81.64 88.41 82.49 86.42 89.96 80.20 ?‘ 183.63 88.76
IHRAG 82.31 84.56 90.65 84.67 86.39 92.14 81.65 = 83.78 89.20
LLM-only 82.97 89.43 88.21 82.23 89.30 & 90.12 83.29 88.94 87.64
KG-RAG 83.26 84.96 88.74 84.65 84.21 © 8991 83.88 87.70 87.98
Vector-RAG 83.35 87.31 89.35 84.15 84.75 90.17 82.92 88.49 89.29
DeepSeek-V3 .
HybridRAG 86.75 90.54 90.12 86.87 90.37 92.02 86.18 91.20 92.21
GraphRAG 86.92 90.24 91.07" 87.23 90.18 92.54 85.97 90.32 91.83
IHRAG 87.73 91.16 91.73 87.98 90.42 92.95 86.51 90.25 92.31
LLM-only 80.29 | 88.78 87.08 80.88 88.18 87.01 82.79 87.84 86.15
KG-RAG i 8229 84.18 87.20 83.05 85.82 89.59 82.65 86.28 86.29
Qwen3-235B Vector-RAG 81.53 85.04 87.70 83.36 85.43 89.72 82.68 85.95 85.71
Hyb‘iridRAG 84.82 89.06 89.08 85.50 90.18 91.00 84.57 89.91 89.95
IHRAG 85.68 89.67 90.68 86.20 89.59 92.06 85.02 89.79 90.52

TE: B A EE R AT A

IHRAG J7 V215 AT A HE il A5 2L R £ 95 42 b 35 fe 3L
R FERS GR ). &AL BIRERIMITAR
H: Qwen2.5-1.5B #EfiTEFE T 2 74.52%, Qwen-Turbo
FIIETEIL 92.14%, DeepSeek-V3 Al Qwen3-235B %I
Fabr A A se. XK THRAG 8L 5 2518 A L 4 &%
Bl 7 AR ) S A HE R R A R AR 2 A
e/, GO TR S S A 1 A B 2 e A
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RAG HAXS MERIFE T MR B B # . Qwen2.5-
1.5B %4 THRAG 3458 )5, /M1 5: LLM-only JE 2832 T+
T 20 AN E A A AR BEAE AT A KA A )
K. TR KTE 5 AL 50 DeepSeek-V3, IHRAG 175 ] K¢
HRA B SR SRR T & 92.95%, J8AIE T MR %R
TN RIE 5 AR 3 25 2500
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RAG TERLE B EIE L T Vector-RAG, 2 W& #4050
PO U A S R4 1T Vector-RAG 7EFF I
15 FL&E NP THRAG 7 DeepSeek-V3 1B & ¥4 1
SEHL T 87.73% HIUERPERT 91.73% MM <L, Eb Hybrid-
RAG $#&THIT 1 AN E 45 s, UE B L 3h s g s LR %
AIRA R,

R NBHIE THRAG HEZE i &A% ORERE A, A<
WEARW T T RARIERLSLL /7 & 7F DeepSeek-V3 %
TS R AN AL HE 52 b, 23 MG OB B LT Al

IHRAG 7 HybridRAG J: Al s ILAAMY &5, I00E T
A FHLHS AR B A AR A

{H#37E Z 72, DeepSeek-V3 £ THRAG H 5% 5 ik
F) 56.0% KL F5 R UG A, 2 W K 5 05 (1 56 1k 72 ik
715 B A FNRAE RAFLE V) [F 2808, THRAG &) 528 =
R 1) K E R AR B RS 2)
SR A [2%r; 3) TEAS R FUAR AR AL 1 34 T R &
Faiie

= (L7 =R SRR

Xt RGPEREMI 2, SEIR S5 RSk 2 fios. SEIREs Rk LLM-only T
B, A M H . AR AT B OE M A AR IX 3 . 5
1% O ARG 22 Gt 1 B350 S 35 S . 5 AR R (] A7 7E Bl ' % \
N PN : tor-RA 40.7%
RIS, 5% THRAG HEALE R B A ML A sl o
TRARMPERERIL. AL R 3 R, | 4 P HybridRAG 30.3%
b 0,
%2 SN %) o HRAG —
i . \A(':E:' ’ Com Rel (a) Qwen-Turbolbi 74 & J8E 15 43 B & Lh AR 150
HRAG . ', 87.56 9035 90.63 ‘
Al 0 86.45 89.57 89.23 = LT = RAE = AR
FBRAARAL AR 85.92 88.25 88.56 LLM-only 53.6% 5.3%
F Bk EIE R A E 86.65 88.59 89.21
KG-RAG 48.9% 8.7%
3‘2‘ Vector-RAG 44.6% 13.2%
=90
% & HybridRAG 39.9%  7.8%
= 84
g 5 IHRAG | 3% 8.4%
78 R I\ ]
Accuracy Completeness Relevance (®) Deepieek-Vi%&%%% o1 B HeAt il
mLLM-only ®mKG-RAG & Vector-RAG P

= HybridRAG ® GraphRAG mIHRAG
(a) YR & B¥i 42 DeepSeek-V3 T Hdi X L

B
92 -
~= 90 - ’

S 88
v 86
= 84
> 82
80
78 -
Accur’@y ] Completeness Relevance
wLLM-only mKG-RAG  uVector-RAG

= HybridRAG @ GraphRAG mIHRAG
(b) AT EE S DeepSeek-V3 T Hdi X} Lt

Kl 3 DeepSeek-V3 FEAli T 528 S E 5T Lk
T I8 25 5 5 4y 4 5 T (W 4, #1535 /T 60 1
R T, 145516 60-80 BN R UF, 1370 KT 80 &l
HE75), IHRAG {235 18 7t & ot & 1] 2 LU 45l Qwen-Turbo
Ml DeepSeek-V3 (R4 75 81 2 & L2 il i& 55.4% A
56.0%, tt LLM-only F:ZL$2TF 58 17 A1 70 . A,
JIi RAG J7 1535 R GEPEREAC AN Sk Bl o L, o

\@3 '@ﬁ@%}ﬁiww H A 5L

™
4 “LEi

A AR AR TR A R R B R AR HE 2
(THRAG) i id 22 48 B 45 R B3 (1) 745 53 8 5 [ B A
RIE SLGZARE ), R ORISR A AR L F S A0
PURE U RS A 8. SLI6 45 R, BT DeepSeek-
V3 ¥ ITHRAG BB ERAE HiR 48 FaR IR S (HERA 1
87.98%, & Bk 90.42%, AHIME 92.95%), R k2L
FESRTE 1.11-5.75 N E 4 L BRI, TETUR
ZIRZE T (Qwen2.5-1.5B N EEREARE L), ZAHE 428 1T
ACHAL ML S I 4.01% BOHERR PR TF, 30AIE 7 5092
X AR TR 25 R IR A

TEFE 01 397 J2 T, 380 A% U e A A v
ST R R B R R R (s Bh AT R ML ST
T 2R SRS (1) [ 3 LR, /b TEROEAR, A AR
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BRsR AL BB ROy XA
S AL AU BUL BB

def document_preprocessing(raw_documents):
# R TRAL A

# N SRR SR

# it SR SR BTE

processed_docs =[]

for doc in raw_documents:

# 1L TET A BAIELED '
cleaned_doc = remove_redundant_info(doc)
#2. ARG i .

*
segments = text_segmentation(cleaned _ doc)

#3. Gif A Ak 1R

structured_segments = add_structure_metadata(segments)
processed_docs.extend(structured segments) return processed_docs
def testset_generation(text_segments):

# AR A s 6T SOAR B A B v 2 %

# BN SURBE

# it (R, B 5 W%

qa_pairs =[]

for segment in text_segments:

# A LLM A= oAt 5% o) 7

questions = generate_questions_from_text(segment)

ECAP PR IVESE S

for question in questions:

answer = extract_answer from_text(question, segment)
qa_pairs.append(question, answer)

return qa_pairs

Bk A2 AR ER R

def dynamic_retrieval router(query, knowledge state):

# ZHAS IR AR A 2 B A R R AR

complexity = compute_complexity(query) # Jt T SRR R E & A
ST ¢\

if complexity < COMPLEXITY_THRESHOﬁD: oo 2 ]
return dense_retrieval(query) # B % 7] 86 2=

else: # R A1 1

# R AR MR

sub_questions = ontology decomposition(query) # it 4]

kg _docs = knowledge graph retrieval(sub_questions)
vector_docs = dense_retrieval(query)

# EE Nl AL E

alpha = compute _adaptive weight(query, kg docs, vector_docs)
return alpha * vector_docs + (1 — alpha) * kg _docs

Sk A3 AAL AR

def ontology decomposition(query):

# T 0 VR PR T AR R ) R A

entities = extract_entities(query) # SRR
sub_questions = []

for entity in entities:

properties = get_entity properties(entity.type) # 3k B S A4 & 1
for prop in properties[:3]: # FFAM LA HE 3 %\E‘ﬁ
# AT R SRR L > L
sub_q = generate_subgquestion(entity, prop)
sub_questions:appbnd(sub_qs
return'sub_questions[:5] # HLIKAE K 5 ST 1)

BE A4, FnAR B R

def knowledge gap expansion(knowledge state):

# EIRER A S B WY R

gap_concepts = detect_knowledge gaps(knowledge_state) # il 4 78
FA

expansion_queries = []

for concept in gap_concepts:

# I TR IT A A R R A i)

new_queries = generate_expansion_queries (concept, knowledge state)
expansion_queries.extend(new_queries)

return expansion_queries

Sk AS. BBV
def automated_evaluation(question, reference, response):

# T DeepSeek-R1 ) H & i¥Aili
prompt = construct_eval_prompt(question, reference, response)
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eval_result = llm_evaluate(prompt) # & i 1At A5 24

return parse_evaluation_scores(eval_result) # fift T AH 5 P/ 52 5 1/ HE R
A7

def batch_evaluation(input_file, output_file):

# MRV AL

df = load_data(input_file)

for index, row in df.iterrows():

# B PG I RAEE L

scores = automated_evaluation (row['question'], row['answer'], row
['response'])

df.at[index, 'scores'] = scores

if index % 5 == 0: # % 5 %R —IK

save_progress(df, output_file)

22 HieZFIR Special Issue

# RGBESH

COMPLEXITY THRESHOLD = 5 # 5 4% ¥ [ (&
SUFFICIENCY_THRESHOLD = 0.7 # & & 78 0k B4
INFORMATION_GAP_THRESHOLD = 0.2 # {5 .45k I B
#RERZH

VECTOR_TOP_K =5 # [/ A% &R [ 4 &
KG_RELATION _DEPTH = 3 # iR Bk RIXE

# WM S5

HUMAN_REVIEWERS =2 # A\ T3P G &
CONSISTENCY THRESHOLD = 0.7 # 3-8 — £t i

N Geortoesin: e mm
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