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Abstract

To address the problems of scattered evidence, heterogeneous structures, and insufficient generation
grounding in multi-document question answering for fiscal regulations, this paper proposed a Multi-
Document Heterogeneous Structural Graph-based Retrieval-Augmented Generation Method, called
MDHSG-RAG. The method used structural templates to construct a unified hierarchical graph index. It
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performed coarse-to-fine hierarchical retrieval according to question types and used evidence chains
to constrain answer generation. Experimental results showed that MDHSG-RAG outperformed the
comparison methods in both retrieval and generation stages. The method improves evidence locali-
zation, answer accuracy, and traceability in fiscal regulation question answering.
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Figure 1. A retrieval-augmented generation framework based on multi-document heterogeneous structural graphs
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Figure 2. Construction diagram of multi-document heterogeneous graph
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Figure 3. Multi-granularity document fragment retrieval diagram
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BB T WSO A AR YA B — T B SRS 4y, IR B SERT SR, BEJS,
Bk R 45 R H P I PR E N KR S B A A 5. 1207 VA R EAROCER ILE,  H TIPS M siAs
RITEAE SRS 0] B R

) LightRAG: ZJ7 il Kl 5 BAMBUSTAAFIOC R, M SHE R RE, R RH—2RXNER

FNLE A A F RS0 St Ao HA R NARER I GraphRAG 2k, T~ LAt i S 4 0% 2 R 7E T OOy
I A ROR -

d) KGP: %7755 T 2 308 i 2 &1t DO HEQLREA TS T, A5 P IV ke ) 225 8l 11 2 TS 18Tt PO AR, e
0 BLs B B REATIESE I3 1207 R M T VAl 2 SO Pl i R 2R A M B £ BRI

3.3. TEriESR

R BRSO A FIRE @1 (Doc R@1) A4 IR @S (Doc R@S) 2630 H [FIH @S5 (Article R@5)~
Z A B FE @S5 (Clause R@S5) RS PR EHEA (Doc MRR). 45750 ¥ 181 £ HE 44 (Clause MRR)FN ™K& IE
P H B ZE @5 (Strict Evidence R@5)TENIFM TR, HA, R@1 M R@5 H T4 & H b A G H I
FERT 1 ANEHT S MR R

K& RUEMI % (Answer Accuracy). 852 & (Faithfulness). 1EH 7% i % (Evidence Coverage) 1 ROUGE-
L #4745 6 VP4l . Answer Accuracy #5842 8 S & 15 IR A% 0] &8s Faithfulness i 2 & B L T4
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SEUEHE, &AL IR VE I N %% Evidence Coverage 7 5 2 2 /& 75 7 i b e 2 2 AT 75 1) O BEUE U 5
ROUGE-L I T & ME R S5SHERZZ NINEK AT F AL,

34. BYRE

Naive RAG Fl BM25-RAG $5K H i AU N AR R HI0; LightRAG R A H B T RAEM A
P B SRR SC R, SRS R KGP {8 BV BSOS 7] 25 I G A HEATIE L, ASRAS T 7] A I
% SORY A1 25 1 108 T RS 2R B8 77 s MDHSG-RAG W42 B8 SO 45 M BEAR A 0 BSOS SRR N SCRYS L 2650 453K
WA, I R FBEZRESM I, HEER Edsa—ERERT.

TECRY V) o SRS T TH, YIRS — IR e K ETI e SORBA/NEE N 300 55, ESKER
BN S50 74, HTHERERS . BM25 i@ 5% 5| 1 LightRAG FIHEAE S A AN . MDHSG-RAG AR H
FRA[E BT Ay, R M T ISR (1 S AR S A AT AL B 53 o

W R B R BITA J7139 K H text2vec-base-chinese 1E MR AR, MIELHF S —XE N 768, 1
R B G — BB ki IR A HUEE Top-k 4 20, A4 i BN K, &R T8 R4 RIS ESR
— RN Top-k =8, BIEERP 7453 BUAG /0 e w8 AEHE N AE R LT 3. BT ke g &4 b B
¥R FHl DeepSeek 1E NG —HE B8 o /b AE s BE AL R S5 45 S sz e, A plcie F5 R FHAH [R] ) 4 e i
BORE AN — B RRD BB . KGP FELRAf F A B 25 1) B e AN TS BB TIERC I Zr, B 44T
[F JF B 22 SRS ) 25 PR SR E B 6 e

3.5. ERMBREGRIH

o 2R I B 2 B AN AN [F) 5 v R 75 HE R s o W Ik 5 1) 25 BT 0 ) SCRS SR . 26 ST B S B
TR IEYE . 4538 1 fow.

Table 1. Performance comparison in the retrieval stage

# 1. REMNERERDT

Approaches Doc R@1 Article R@5 Clause R@5 Doc MRR Clause MRR Strict @5
Naive RAG 34.04 61.70 23.40 27.66 46.10 14.15
BM25-RAG 40.43 65.96 36.17 42.55 50.77 19.61
LightRAG 23.40 25.53 8.51 6.38 25.32 5.11
KGP 46.81 61.70 36.17 40.43 53.55 21.60
MDHSG-RAG 61.70 87.23 74.47 76.60 70.78 49.47

M# 1R LLE H, MDHSG-RAG fE& it R fabs FIHSRME K. Hd, Doc R@1 Ml Doc R@5
I3 L F] 61.70%F0 87.23%, 1t B 77 v RN SE HERF Hh 2 L AR X BOC . 5 Naive RAG A BM25 AL,
MDHSG-RAG AN F 18 AR A SCE R U D, 36 5] N SCAYJZ 25 M R S5 MR 20 3, AT o> 7 4
ABNBUR SO 2 TR R A [

TE 26 ORI 46 3R 2k & J7 T, MDHSG-RAG [ Article R@5 A1 Clause R@5 43 HiEF] 74.47%1 76.60%,
WS T A D7 V5 o 3 2 WO B [R) 2 A BRAN A B AE SCRS A [, 30 7 Bk — 5 e A B B AR 2% 0T
KB BT . Naive RAG il BM25 5T P SCARBUG 2, Bl A STRS 31 563K 1 46 M Ak e i i
T2 KGP HEARTI N AL, 8 R 32 B S8 F Bk BRI R e, X O s s A J2 R 45 44 1 )
THRA TR

FE PR AIEYE 74 [ 5 1, MDHSG-RAG [ Strict Evidence R@5 i F1] 49.47%, {23 T BM25 [ 19.61%-
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Naive RAG [1] 14.15%#/1 LightRAG ] 5.11%. %45 R Ui, MDHSG-RAG i “3CRYZ - 530 - %K
% - WG - RIS FEI” MIBRER RIS, REW % 0 B 5 048 2 0T B B2 S04 R AR B IE
I

LightRAG 7EAR TG H IR BUAR X255, 5 B R RIE T L B 540 DLSAR RN G RO A% 0, BEIE &R IBHE
MR FERC R, (HAME LR Rom W BRI B SCRY R BT B R RaL Tt PR B IR A 2 B
I, TE TR EERE 0 A 1 FE AR AT 55 b, Il SR G R AR 5 A (011 SO DR AETIE A R B AN W R 16 1) P 255

KM H Z, MDHSG-RAG MIMRHAA R Rt m CAR T BI%, AR a5 &R 5], i AR A 52
PR R, UL T M SCRY BRI R 2 AL, N JE SR S AR R AL T B AT (R UE A

3.6. ERMEBREGRSHT

A U Bt — 2 SRR T IR SRS R R RS 5 RE AR BRET . B HARE R B R IrA T7ik
PR M R A R, DA DB B 7 75 S 0 G R BRI . SEIG S5 R AN 2 PR

Table 2. Performance comparison in the generation stage

2. AR ERGER

Approaches Answer Accuracy Faithfulness Evidence Coverage ROUGE-L
Naive RAG 40.64 41.91 29.15 27.97
BM25-RAG 32.34 37.87 24.89 28.41
LightRAG 11.28 15.53 7.87 22.94
KGP 35.11 59.57 34.36 30.91
MDHSG-RAG 54.47 57.63 37.45 26.11

MDHSG-RAG f{] Answer Accuracy A1 Evidence Coverage 73 71k %] 54.47%H1 37.45%, 40T HAbxt
FeITiE. a8 R, FET 2SS M 2 U4 B Re 8 9 1R 5 RS AL T S8 B 1) BRSO3 8¥ . A Y
IR [ i - SCAS ) Naive RAG il BM25-RAG, MDHSG-RAG 288 7 UF45 (R SCRERIR . 4 S B AT 7%
298, AT TOAHEHERT,  IFH2 a2 S0 SR BE AR (7 AR A

fE Faithfulness 45 L, KGP HUf5 59.57%, W& T MDHSG-RAG ] 57.63%. X i W] KGP 7£ {7 #f
A A s BN R S, {HH Answer Accuracy il Evidence Coverage { T- MDHSG-RAG, J<f N 2578 i
PIFFAEA A . ROUGE-L J51fi, KGP fll BM25-RAG 37080, FEFEREHME 525 &R AAE
I E AR BT B B R 2 R VR A SR, ROUGE-L & A1 AMBIFE R, B RUERR . LM
UEHE 78 75 20 0 R S S s AR T &

LightRAG A4 BCRAINT LSS, FZZ2 Bk R B AR A B 2 52 . SRk & Kl Re g 2
LB SAHIAB R, (EXE AT Bk RS FBEE S RHERM A R . &k k%E, MDHSG-RAG
FELRFFR AU S FE R [F, HAS T AR B R R AR E 2, UG WERME RG] )RR
HEE 29 A S RE 8 $2 T I ) B2 1) 5 B 255 B8R
4. &g

B 0 A S SR 1) 2 RS B S S DR B AR X L 7 DA R AR st ST A R S
)R, ASCHE T — P T 22 SORY S b 45 4 BT (R 2R 38 5 A BT 15 (MDHS G-RAG) » 177 1 DAl B SCA4 1)
R AR SE R AR, I SRR IR T EC AN ASEAR Y R, A RIS R S R — HLUNE R R
TERT R I B, AR ) RS A e B AE SRR, $4cHE HoR 2048 1) 5 OB 2 4 /Mg Ja [, IR 51 R &R
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BEEPF R BN 2 SRR SRR SC R AN TR IR s AEAE R B, R 2R FLIE SR 2 200 B 5 R ER AR I Sk e R
3, DAARE ARG . SRISURRY], SRR 515 0 R R AL REUS IR T ARRLIEE TESE RE A7 fE
71, BETUESREER B SCAH L5 0 B T e B SR PR ISR A SR R .

BRI THEVAAE — R SGE T ). LSRN RORAE — R L 32 RSO sCVE P B2, X &
FEARGS M STAS (i S RE T A itk — IR IE . RIS, AR RS DL IR 51 R SR 2l ok — € 44
AHRA, RN R RS K, Has AT R e — AR 2 18]

JE SR SR RPN TT T — W SR A MR RGN S R, R ARG AR
HERS OO SR SORR I F BhIE TR ), PRI A s il R 5] ik 1 B BT A AN
RAGAFETT AMMATRRCR, It — g B KSR . 2 BRI SO RN 4 SRR 7R SRS 78 70 P
B, DASRTH S 2R Bt 5 1) 2 ORI P . RRE RS a1
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