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Abstract: Retrieval-Augmented Generation (RAG) methods have attracted widespread attention since their proposal, with the core
goal of enhancing large language models’ (I.LLMs) reasoning capabilities by incorporating external information to effectively mitigate
hallucination. However, RAG approaches face challenges in complex multi—-hop question answering, including incomplete information
retrieval in a single pass and error propagation caused by redundant interference during iteration. To address these issues, we propose
a Knowledge Graph—based Iterative Rewriting RAG method (KGIR-RAG), which constructs evidence subgraphs to filter structured
knowledge from retrieved passages and utilizes a maximum spanning tree algorithm to eliminate noisy triplets. It iteratively rewrites
queries by replacing multi—hop dependencies in questions with factual relations from the knowledge graph, progressively reducing
reasoning complexity. Finally, a reflection—based reasoning module evaluates answer completeness to drive iteration termination. We
conducted experiments on the HotpotQA and MuSiQue datasets to validate the effectiveness of each module. The results demonstrate
that KGIR-RAG outperforms several recently proposed methods in both generation and retrieval performance.
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Examplel:
Rewrite_history: []

Question: {query_str}

Triples: {triples_str}
Rewrite_history: {rewrite history str}
\Rewrite:

Rewrite the question based on the given triples, using entity from the triples to make the
question simpler and easier to answer.Replace the information in the sentence with triples
without changing the original meaning of the question.Following the format in the example,
output the rewritten question beginning with '""Rewrite: and ending with a question mark."

Question: What is the length of the track where the 2013 Liqui Moly Bathurst 12 Hour was staged?
Triples:["2013 Liqui Moly Bathurst 12 Hour", "staged at ", "the Mount Panorama Circuit"]

Rewrite: What is the length of the track in Mount Panorama Circuit?

P4 7 iy o R i A 9 R s R

Fig.4 Prompt for a question rewriting
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/ Think step by step, but provide a concise factoid answer using as few words as possible. \

Examplel:

Answer: Alabama.

Example2:

Reason: Which airport is in Alabama?

Question: {Squery_str}
\Triples: {$triples_str}

If the context (including any provided triples or background knowledge) is sufficient to answer the
question definitively, begin your response with ""Answer:" followed by the short answer.

If the context does not contain enough information to answer the question confidently, begin your

response with ""Reason:" and state what specific information is missing or needed.

Question: What is the hometown of the author of To Kill a Mocking Bird?
Triples: [("Harper Lee", "write", "To Kill a Mocking Bird"),(Harper Lee", "hometown", "Alabama")]

Question: "What airport is in the hometown of the author of To Kill a Mocking Bird?"
Triples: [("Harper Lee", "write", "To Kill a Mocking Bird"),(Harper Lee", "hometown", "Alabama")]

PS5  JE A PR A A B R 3R]

Fig.5 Prompt for reflective reasoning process
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Table 2 Hop count for two datasets
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2 Bk 518
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Table 3 Number of extracted entities, relations,

and triples per dataset

S =il Tk KA
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x4 BFiEmE iR E MR (Qwen2.5:72B)
Table 4 Comparison of end-to—end question answering

performance across methods (Qwen2.5:72B)

x5 BFHEIMEREEEEEX E (LLaMA3:8B)
Table 5 Comparison of end-to—end question answering

performance across methods ( LLaMA3:8B)

MuSiQue  HotpotQA  Average MuSiQue  HotpotQA  Average
Method Method

EM F1 EM Fl1 EM Fl EM F1 EM Fl1 EM F1

Naive Gen 3.3 7.4 22.3 31.3 12.8 19.4 Naive Gen 2.9 7.1 20.8 30.6 11.9 18.9
NativeRAG™!  24.8 35.7 46.6 60.4 35.7 48.1 NativeRAG!™  21.2 32.9 42.3 54.7 31.8 43.8
IRCoT™ 30.8 36.5 59.1 60.7 44.9 48.6 IRCoT" 29.4 35.9 57.3 58.5 43.4 47.2
ITER-RETGEN 26.7 42.0 45.9 61.1 36.3 51.6 ITER-RETGEN™ 25.3 41.7 43.5 59.3 34.4 50.5
HyDE" 25.8 39.4 46.4 63.7 36.1 51.6 HyDE"! 24.4 37.8 44.7 62.8 34.6 50.3
GraphRAG?Y  27.5 41.8 52.9 64.3 40.2 53.1 GraphRAG®!  26.8 39.6 53.6 66.7 40.2 53.2
LightRAG®  28.3 42.3 54.6 65.8 41.5 53.8 LightRAGP  28.4 41.8 55.3 68.3 41.9 55.1
HippoRAG2™  28.9 40.4 55.7 69.4 42.3 54.9 HippoRAG2"™  27.5 40.9 53.4 68.0 40.5 54.5
KG*RAG" 30.3 41.9 57.2 66.3 43.8 54.1 KG*RAG!" 29.7 40.3 55.8 64.8 42.8 52.6
KAG™ 36.3 48.1 59.9 74.5 48.1 61.3 KAG™! 34.8 45.9 58.4 72.1 46.6 59.0
KGIR-RAG  37.7 50.6 61.3 74.2 49.5 62.4 KGIR-RAG 35.3 46.4 59.3 73.6 47.3 60.0
TE 3R TPOIHLE [R50 8 d R AR R RIZRAA D R . Average & T e POARAE R W 3 A B KA, N RIS IR . Average 3%

INZAE R AE A B AR 0 S fE
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TE A JSUHT 22— 22 X0 C R R A5 B R 6 28 A2 S 45
JSRCINIIE RIS &2y SR v S B =R e S P N]
REAR AR AR B Y T, e 2 5 BOTE A%k A A ) R
3) SRR T A R A P s e S e R R i 1 1
SIBRER AR T T 2 rEA.
3.3.3 KRMERESL K

H R G UEA S T T TE 2 Bk 5T BTk fg
FEIN | AR S 0 R — 26 28 L ARRRY DL R ARk 4
A S R B AR A S X L S M L 38 2 X 4% B R A
HotpotQA™ Il MuSiQue™ ¥ #i5 4 I /9 Recall@2 Al

R BRAE A SO b P41
Recall@5 48 b , WAL HAS R P A, B A9 5250 25 1
L2 6.

MR 6 1 52 56 45 J AT, AR S i KGIR-
RAG JiEfEZ K R e be 13 B 300 TR k.
£ MuSiQue 5085 4E M I KAG 7%, KGIR-RAG
75 B Recall@2 1 Recall@5 38 A5 43 5 #2 71 0. 6 A1
1.5 H 4 b o 1E HotpotQA ¥¥i 4 I, Recall@2 Fl
Recall@5 #5570 B4R T 1.5 F10. 7N E 40 . 754
2 L 48 J7 ¥ vh BM 25, Contriever Ml RAPTOR J& T
MK R ik, IRCoT ,HyDE | ITER-RETGEN ,
KG’RAG .KAG fl KGIR-RAG J& T Z R i1
ZH KR TTIERHEAR R 2 A b e i E
T H 5 S5 SR MR T % . KGIR-RAG J5 7 H

R6 BHEHRRMERETLL

Table 6 Comparison of retrieval performance across methods

%
MuSiQue HotpotQA Average
Method
Recall@2 Recall@5 Recall@2 Recall@5 Recall@2 Recall@5

BM25%! 32.3 41.2 55.4 72.2 43.85 56. 70
Contriever'™ 34.8 46. 6 57.2 75.5 46.00 61.05
RAPTOR™ 35.7 45.3 58.1 71.2 46.90 58. 25
HyDE" 37.5 48.3 65.6 79.1 51. 60 63.70
ITER-RETGEN! 39.7 52.9 65.8 79.3 52. 80 66. 10
IRCoT"® 41.7 53.7 67.9 82.0 54. 80 67.90
KG*RAG" 45.1 63.4 70.5 84.7 57. 80 74.10
KAG™ 48.5 65.7 72.8 88.8 60.70 77.30
KGIR-RAG 49.1 67.8 74.3 89.5 61.70 78.70

TE R POIRLE A [ 91 b 6 e AR, R RIZ A I B . Average SRR 1% 48 B 76 P B 45 1 #9-F- 391
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Table 7 Ablation experiment result on MuSiQue

J7 ik EM F1
KGIR-RAG 37.7 50. 6
w/o Tl 4 33.5(—4.2) 45.8(—4.8)
w/o 2 B HR 28.3(—9.4) 41.7(—8.9)
w/o 2 T 26.7(—11.0) 42.3(—8.3)

T« 26 R IR Ry [R1 90 o 1) S5 A 5 36 5 R B0 0 %07 5 45 KGIR-
RAG Z 2,

RS BB A R 2 B Be g th U AR AR . 38 REVE 6 07 16
Hh 55 1] SR G 1 S B o R B R IR A T 1 R
PSRRI Kz 2% (5 2 00 7 326 4 R, o I A8 ] 2% B Jomn o e
06 S R AR R AR RS B AT — R
FEUAT— AR A, R EM A LS BR300 N T
9. AFN8. 9N 43 1o IREE A 38 Y B ik ARk L
REXT & A 0] E AT 5 A0 SR Al R B RE R R th 2
AHOEAR S A R F a8 12 . Y KR BETE B3R
Pt R A 11 2 R0 ) R R AT e S R S AR
EMFI FLE845 FRERZ , 435020 11. 0 F1 8. 34~ 43 1o
X 3R W — YR T A A 8 G A - L AN B 4[] 225 (1]
R T ) AR A B AR TC A ROk FE A O B [l
B PEREFE AR 2 B T R

PRI, - PRI A 22 4 of) R R R S 4 3
AR I 6] AR B8 A 4R e i B i 0] 24T BE
TIE 4 - PR S R ) A6 R A B R A7 07 1B 2o 0, 6 AR
A 1 F R B A A RO R TR) TR Ak, B R A B
R ZG I IR A B R E BTG
3.5 ZHBIsSH

W 6 FT 7 , 3 2o 3 00 1R 0 1 2% AR S G
F R 7 vk 242002 4R W 5K 8 Wl 5 1994 4F Ti 9%
PC il B A I8 71X — ), 1 AR B m) ARG 2R A
KB VE L = o0 21 0 ) 0 R SR B A G
& = U HEAT EHE T O R AH G = otdl .
A} 75 210 Y B A D615 Bl < 1994 4F TR 9% PC i & 75 A
AR A A A5 2% TR ] 8 A S I8 ]

i) f8i: In 2002, what company merged with the top PC manufacturer from 1994?

TR

manufacturer.

(K Z A KBL&): In the 1990s, improvements in the rival Wintel platform, notably with the
introduction of Windows 3.0, then Windows 95, gradually took market share from the more expensive
Macintosh systems. The performance advantage of 68000-based Macintosh systems was eroded by
Intel's Pentium, and in 1994 Apple was relegated to third place as Compaq became the top PC

(U % = e 4 JF 47 0% ):  <Wintel, improve, 1990s>, < Wintel , took market , from Macintosh
systems >, < Apple, relegated, third place>,< Compaq , became , top PC manufacturer >

AW E:

(J5i#419) f):  In 2002, what company merged with the top PC manufacturer from 1994?
(IF3EF B =7c4l): <Compaq , became , top PC manufacturer >
(BU5 JE 19 i) In 2002, which company merged with Compaq?

&l@\jﬁ@i

(4619 i): In 2002, what company merged with the top PC manufacturer from 1994?

(5 S5 (919 #t):  In 2002, which company merged with Compagq?

(iF#E 7 =Jc4l): <Compagq , became , top PC manufacturer >

(S Ja 10 JBUS 2 A S BEY): In 2002, when Compaq merged with Hewlett Packard (the
fourth-place PC maker), the newly combined Hewlett Packard took the top spot but struggled and Dell
soon regained its lead. Dell grew the fastest in the early 2000s.

I AT B SCFF 125 545 1 ) Answer: Hewlett Packard

K6 ZE 53
Fig. 6 Case study
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