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Abstract

In view of the insufficient accuracy of knowledge retrieval, the lack of factual support for answers,
and the limited domain knowledge of large language models in government services, this study
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develops an intelligent question answering system named GOV_QA, which integrates a domain
knowledge graph with a large language model. First, government service data are modeled and struc-
turally organized to construct a government service knowledge graph. Second, a hierarchical knowledge
retrieval method is proposed to construct local subgraphs through entity matching, transform graph
information into knowledge units, and select highly relevant knowledge. Finally, the retrieved
knowledge and user questions are jointly input into the large language model to constrain answer
generation. Experimental results show that GOV_QA achieves BERTScore precision, recall, and F1
values 0f 0.7600, 0.8557, and 0.8025, respectively. The average subjective evaluation score is 4.49,
with 76% of the answers receiving a score of 5. The overall performance is superior to that of the
Doubao, DeepSeek, and Qwen baseline models, providing a reliable technical solution for intelligent
question answering in government services.
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Skl . PRRAE[ISIR R R I AE O AP T LLM 7EBGK M B I dER T, AR iSRSl g
SINTRER, mEERE. ANAZE6ETFREES LLM @& T BECE AR R 2, 868 T EUR
FURA S S EWRAMESE R B SR, Z07E R B B CAR, MARRANBSS EOUR Y 5, W iEM
Bl TREESR A S BURIKTE 2 RIS HE DG . RLt, IUA FREE S5 LLM MRS 77 A USSR S5 Y sch i)
RLRATIAEIRN,  AE LA & SEBREL S I 55 75 5K -

RN S S LLM 7R 055 MR 55 e 28 B ARG . U80S LI 22 R B A S SRR AS R 55 ) i, A
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KERME. [EII, S B RIET e r . BOESCIE SITA S AN RSS2 MR, fFESHK L
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SRR 2R AR AR ] A DY AN 23 4E RS, FE D R 23 i B S5 i SR B S A AL B L TS U L A
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Figure 1. Overall architecture of the GOV_QA system
1. GOV_QA R % n k52t
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Figure 2. Government knowledge graph
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Table 1. Knowledge graph entity types
= 1. FREE SRR

SRS s X
Task B 55 H
Department B EsI]
Location Jp3EHh
Material BB R
Statute WS
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Table 2. Example table of relationship types in knowledge graph
2. ANREE R RALBIRAIR

F ik KA Bk
Task IHJEERT] Department
Task FrER b Location
Task BT Ak Material
Task BURK Statute
Department T HEM Location
Location FE AL Department
Material X = 1 Task

3.1.2. S0IRIHEN

SRR AZ O B AR PR ST PR S . DR RAE PR, AN AA) 4 A A R P
AW TR LLM E S B ROl U i o 38 Ik 1 IS5 A 5 A b BN ARAR , 240 SRR AR AN A i T3 4 S
APEHUE R, R FERGE—RENE, DI E IR A F S 2 . B Bl B BB N 0, HHFR
JE i A% 2009 JSON XT 4, AT B il B 2 SRR RS e MR e

PRAEBUSS I F 4R/ I N 4 0, RIS R AR ARG R MRS, H, BEAEEA
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FEANBUSS FIUE o 45K 50— 11 JSON U, R Ja kst @ PEAN G R A R 38 it .
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25, ANEFERIE SO, R S R0 B SR IO 3R A L E SRR . AR NS, T8 BRI
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FEMI AT EEILS . TR E M, By SR BHE S S 2 R IE |« brdE. SH. 5
B KR B S fE S, ARy s B IR A S AN, R & IR 2R BT SR L

BE, XPSEERRIEATRE S — SR . DESkSHE ID. RRRMAELAR ID FERKRREER,
HEERAMNEE %, HEHFHREFIRRIE S 2 R4 ATk B se o 2= 1id s, SRS
P 5 1D fE 7S ULECA N A s dd, FRxT R SRR u sk Hh S EE A S 7 B R TR 5,
LT BRITEA [ SR 5 50 R ER

3.1.4. FNAEGE

K H Neodj BIHHE 12 5t = e 2045 B HEAT 126k - Neodj K ERSEHH U e RN, IEKITR G 54
AF BB i B s A AN AR R, AT SR R B 5 R R R SRR AR A DA R 5 T A B[ 18], IR
P 34T BB 25 ST A 1258 ANy BUSSH0 I 70 AL 55 N JREH p 4T A5 185 Ny HITEM BT £ 10,094 AN,
BRSO 5 2853 A4, LAt 14,445 NSRS 31,144 256830, R T AL HTUNZ O, RBEER
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Figure 4. Knowledge recall method
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LA JSON # =i H R IR AY . HARSEAR KBS . RGUT AL A ATV Be A Sk ID ARG, 159 3B
RES E, , ERHSSRBEL FBUS FHANESS BT, SR, B s BRSO I R O% AR ik
A, AREUSS A B BEVLAC B G SC AR, 38 LLM A2 53 5.

FERMEERRANE, REUBERIRES E, FRISAK e Jyrpty, 281 Cypher A A
JEIE SRIROC R AR i, MR F B KG, = (E,.R,.S,) o &S B 367 Bt — P 5 0t v 5 H
FUE BRI T RS

AT TR P P R 4 U RS 3 Jd #8  PE eti Jy B ORAE 35 AR BTE . B s, ARAESE AR R gt —
KATTE, Wifg “ RIEFRL - X RFHIT - BOSHI” H— “BUET ST - Tl AR - iEAR” ; Bs,
MRS R B AR 2 7 B SEARJR PR “ (SR ARy (B LY (H 1) {(FB2): {(1H 2} B,
KEAKM TP {HIA IR} 5 ZHAZ (MR RRY 7 “ (I PR} I BOR K A5 (3P Rk 7 S8R, I
BEEANAROC R E IR I Bm, WERR A E . ERFBAEL R, BRIBEAIRETEE U, = {u,u,, 0, }

FERNAR SRR B 2, SR T ooy BM25 S THE R B 10 85 % AR B0 2 (8] AR 5%
P, HPFr R BRSO

()= 3 (1) — L) 2D m 5)
/ f(t,ui)+k1(1—b+bavgdlj
RO, g, Fn 8 NRE TR, w FoRH i MERIERRETT,  f (L) FoRTRF 0 ¢ FERIR T
w, PRI, |u,| Fm R TR E, avgd] FaRRIEMATCITEIKIE, IDF (1) FoR57F ol
¢ RSO
RS ], RGUE SR A S = 1 7 AN FIR TG, R e S R A AL RN,
TRIESE A a8 A RS SRR R R AR &5 . HARMIRP o R —HF, ST 28 MR G
F ) RS S
E, BHP B, SEMEE. RS B IR I A 5 ) AR BTG 3 [R5 IR R
B, H LLM (A AR A A R

4. SWEERDH
4.1. LHEEMH

SEIR HIEE RS N CPU A Intel(R) Xeon(R)ALEEZE, GPU A NVIDIA GeForce RTX 4090 (24 GB),
WNIEZ BN 45 GB, #1EZR %N Ubuntu 22.04 LTS 64 bit, iREZ2:SIHELE N PyTorch 2.1.0 G CUDA
12.1). fERGLDEREF, P e @5 b 45 i 4% S8 42 3 1L ) DeepSeek-V4-Pro XG5 B 56

4.2. BIEE

FEF AL 5T USSR 55 0 Fh 345 B SS Bds A 45 i i) R AR B B . AR R I R 3 R IE A
EUHERE, BB IE R o v s, BREZ XA SR ES OB, AP SR 45 A i LY
2%, RS 100 HES W EHHE . BARE EEEE 3 .
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Table 3. Dataset categories and quantities

3. WIREXANFNE

i T U &
i L. HE S A ) R R 25
HRZRAEN RIS Z R AKE M 25
B S g HEAL R IR ) 25
LRPUEEPZ)5E HHR AT IE 25

4.3. AR ELEAERE VS

AP E e A SR EURA 5 28 e PR A T PP Ae 2R R P A s 1 e R DU o AN 1258 TE 5+
ek oy R A 50 WE NVEMAEAS, T LARIE IR ORS8N TARE M v baiE, HLhniE 354
ANSZRFN 324 250 R SR ZE FANAE SR IS TR Y Ak, S 44 Bk ¥ 5 N Ao — S5 e A TR
KRG FANAE SR SEARSR A | SKSLR B R R RRAL . R SEARSR AL AN 2 544 44 k35— S5t 1 e A TE A

K F G2 (Precision)s A [F1Z (Recal) Al F1 H PP ATIRFECHERE . Horb, RS R R om IEfffh B2 1
B AR S R ], A B R R R P A TR AR I AR S R N DR A R L El, F1E
JURETA AN B 2R F A . SRR ¢ R A PR 45 R L 3E 4

Table 4. Knowledge extraction performance evaluation results

= 4. ANRHHENERETFMNTEE R

HhECE % Pre Rec F1
SEARAHER 0.9124 0.9202 0.9163
KA HHHL 0.8933 0.9043 0.8988

GERFRH, SRR B R . HRIEA F1L A58 0.9124. 0.9202 F10.9163, < RHMEL =Tife
P48 0.8933. 0.9043 1 0.8988, i 3= B RIF T A4 SLARAT X 4 DA R SCHR RS R RHTIR A o Bk
KA, FARIMELSE R G SRR ah & . BRI 20 (0] 8 AR R B B oy vl S 1 B JL

4.4. RGTNIERR

4.4.1. BTN IBIR
G hr(in BLEU. ROUGE %5)3& -] J1 55 22 (1 VFA Fis s X LAAE B 7 2 0850 55 il 25 Hh IR AN [RIMELE S
—HUEE . AR TTR A BERTScore [ 1911975 PN TR R R 14 e EAT PPl o i 49 73 v B3 AE S
A2 CALE T ZR A BERT FajslZ RAEKI R ZAHLE, 15 H k5% Precision (Pre). [ % Recall
(Rec) FIE AT A (F1).
1

Pre = X x;(nylng(x,y) (6)
1
Rec =|7yezl;r£1€a}(xS(x,y) @)
S(x.y) =i ®)
Il
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Fl=2 Pre-Rec (9)
Pre+Rec

K(6)~9)F, x Ty 73 H R BCSCA RN 22 A H token [ BERT RN A1 & X ALY 290 54 e A F1 2
AR token Rl EFIES .

4.4.2. EWITMNIBIR

N T HE IR RS BB K SN, AR RRERS 2 B ES MR E FRE T hedE, B
W 5 fras, FEFMREEEAT EMVENHT 4y o IRHE R B A mIE . R EEMH A, BB REEE K
BEL. WERESE, SREEEMBET T AP YERE, XS BR [E12 45 Bk vr sy, T HEsL
bR TAERI S FHPE.

Table 5. Scoring standards
&S5 IO

PEITARTE ME
AR A R % 0
AR T IR, AHORERMR G, NS AT . 1

AR T IR, BRSO, (H [ SRR

AT B, B TR, (HERA OGBS S, AR L.

AT I, BRI, B ORREE, BIESRIEH, HNENMEEE,
AT B, B TR, SRS RSB HRAEE, MIELRIET, NAER

[ VS I )

4.5. SEWEER I

K FEIE L D FESEEE X GOV_QA RGMITEREHEAT A TH VPl . A TRk FE 1 =4 il F KA A
HUEZR S 1) Doubao-Seed-Evolving; 2) DeepSeek-V4-Pro; 3) Qwen3.7-Plus. F&TF @ KIMRE, X RS
BARVEREREAT T RGMEVEAR
4.5.1. ZEIEMEER

BERTScore PFA/ 45 5 172 6.GOV_QA TEAEHIR . 4 [0l R A F1 A8 _E Y EUE 1545, 4 BliE $) 0.7600.
0.8557 1 0.8025. 5 & WiFEbr R I AALHEHBEAHEL, GOV_QA BIEHIZ . H[HIZA F1 A7 73 &
0.1193. 0.1381 1 0.1272. Hr, F1 fH5R 3 FiEAEA A )543 042 540 21.6%. Bomi RG24 0,
GOV_QA AR Z Shr e B Z A B m M H e — 80 4 IR AR50 0] 2 Be 08 78 75 76 2 15 1) AH
RIS R . WL TR, FeT AR B 1045 B 2R 3 9 U7 1A e 5 M AR B Hh SRS P 1) A
RIVENRUEYE , /D TE MG BT, M5 i 0] 2 (v o AN e B

Table 6. BERTScore scoring results
#z 6. BERTScore 1§45 R

it Pre Rec F1
Doubao-Seed-Evolving 0.6149 0.6884 0.6483
DeepSeek-V4-Pro 0.6060 0.7176 0.6560
Qwen3.7-Plus 0.6407 0.7163 0.6753
GOV_QA 0.7600 0.8557 0.8025
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Figure 5. Subjective evaluation results
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Figure 6. Comprehensive comparative analysis results
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