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H E:CARREHFAREMRMET AT K& 7 A (Large lanaguage model, L1LM) #) %= 1% 8 3%
(Knowledge graph, KG) P X 2% 2 XM TKG EAR X AN R ZEE, LLM A4t F £ AL 5+
B FEELE ., AWE LR ER,RBEBESKGHEZE R BEA A EARXZEBERLRET, B
P STIE KGR T R A EL XRBEESENEMBHT T EORL , H—FIA—FELTLIM®H S
WEAH A ALREFELEBR B ERBRZHEAN, FAKCHH EEE , AmHELLM S
KG 8 &y W Bl AR ACHLH] . 5236 45 R AW, % 7 % & Family Kinship 5 UMLS iX 3/~ % & L 9 -F 3% 4)
# #HE % (Mean reciprocal rank, MRR) | & 4% % % & (First hit rate, Hits@1) #= 37 10 4% 4 % % (Ten hit
rate, Hits@10) 3 B &% T AL AHA
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LLM-KG Bidirectional Inference Optimization and Hallucination Suppression for

Special Equipment

ZHENG Qiang', XU Zhenbin®
(1. Fujian Special Equipment Inspection and Research Institute, Fuzhou 350008, China; 2. School of Engineering, Huaqiao Univer-

sity, Quanzhou 362021, China)

Abstract: Existing studies have constructed knowledge graph (KG) intelligent question-answering
systems based on large language models (LLLLMs) in the field of special equipment. However, limited by
the inincomplete entity relationships of KG, LLMs are still prone to hallucination in knowledge-intensive
tasks. To suppress the generation of hallucinations, the fusion KG reasoning technology is proposed to
enhance the knowledge representation by completing the entity relationship links. Furthermore, in view of
the deficiencies of the existing KG reasoning methods in semantic association and topological structure
parsing, a dynamic reasoning mechanism based on LLM is further introduced. By leveraging its deep
semantic understanding ability, high-order logic rules are automatically generated to achieve the precise
expansion of KG, thereby constructing a bidirectional collaborative optimization mechanism between LLM
and KG. The results show that this method significantly outperforms the baseline model in terms of mean
reciprocal rank (MRR), first hit rate (Hits@1) , and top ten hit rate (Hits@10) on the Family, Kinship,
and UMLS datasets.

Key words: knowledge graph (KG); large language model (LLLLM); hallucination suppression; bidirectional

cooperative optimization; special equipment

EE&THE A dA R A 5] 345 H (2023H0012),
I 5 B #: 2025-03-15; 1817 H #1: 2025-04-20



648 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 3, 2025

51

il

SRR g Nk £ T A A% 0 IR B TR R, R R PR M 45 3 2 R TR B A TR 4 4
BRIGTE SR IR BEIR 1Y B A 5 N T AE T € 4R A i i AR A A 2 R TR AT I T A AR . RERP R A AR
o S BAR Tl Ak R A8 55 0 S Bl 4 R 26 45 70 1B R G B B AU R B AN TR BE . Bk A&
A7 W RSB T AR ) R B R B R SR T G A R AR 22 A0 B, 32 AR Bl TR R R B B LA
YOHUE K IS X AR R R R TR R A Pk A RO i b A R AL TR
e Ak ZUR PR S S AL O R B R 22 56 A A R A% 3 b RS M 1 A8 R 55 AR R, ST G R A
T AT 0 AR Y K 3 5 K ) (Large lanaguage model, LLM) % RE38 . 2 48 O 8 AT Il & J2 (14 4 8K 3k
Foo EMOCTER R, RE LLM B4 5m K AT A 2R 5 A BERE I, (0 HAE Ll sl 0 AR 38 5 72 h AR e Y
N 22 515 18 R LI G (R L0400 0] R ) 0k A5 fige 2, 3k b 6 R Jmy R PR 7 28 4 OB R sl 0 S 28 o L T
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BE AT W SE AN 2 LB KG i B 2 KG A g 9 3 B2 v, BB AT 250 7k R b i 410 25 1, g g
il LLM M Z]98 Az il o 340, X AT B KG HEBR I 7 R AL R 38K, A B T H P S L AR 2 A
UG 7 5 R R o P, 38 5 MU 7F KG HE B A2 A8 30 1)z B, Yang &5 ORI T — R g
T 8 RN 1) 2 ) SR i T R B U BN S5 M L B85 A T E A T R Ik EE R 5 5 TR
fife () 2 B M PR AR o O MY — LB B A A N KG A 42 B AR AR A, I 35 T 3K 28 AR I 25 A 1 DL Al 42 B
BEEOCIBE, MTI A R T — (AL AR, X S T AR AR A T R RIE AR R IR B R P E .
LLM 15 [ 5818 75 F% S ab PR A% 26 52 AT 45 J7 0 B0 s B g ' 78 OB IE R LIl 289 LLM
BURT 425 B8 R0 B0, X S R R A 7 HE S KG i BPE AR Y L BT, AR 308 LLM 42 48 KG 1Y
P HL DL PEAT KGR, 3E M 3R TF KG 09 5 (30 R & SE F i 5 e st

LR TR AR SO BT TTHRA T (DRl A KG HERE AR, 358 AN R IR « £ X R A i £ Sk KG 52
1R K 2R TE R HEAS TR 9 0] B, AR SCRIRPE HCKs: KG BB R Al LLM B9800 R o fit b, 38 o b 4 5044k
OCFRBE R M LLM A6 R % 42 BT 55 h i KT8 0 52, 32 T 1 A Im) 28 1 A Ak R ] S 5 (2) B o 3
T LLM (A HE BEHLE - 8 ff o LA KG HE B D7 IR A6 38 O 5 Fh a5 MM A ie 1 LR 2 AR S0t T
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Fob 158 4% AU 0 AFUIR 45 1K 2R 190 A 4 0L T ST BB R B AR RN AR T T
1 HxIE

1.1 KiEFHER
AR, B ChatGPT &5 Kl 5 AR (1% & Ji , 6 N AR 4k 4 SO0 — 7 Gl ST ) 48ty 85 rp SOy
SR, e AR YA Tl [R) 25T 55 P AT A7 A Jm B, 3 400 sk 22 2R A 5088 + 3o 7y =0 b A7 3E i, te
P-tuning' "\ P-tuning v2' "4 | DL 3 G R R A8 AR I 4508 00 L BE . %07 e a0 S B B,
REAR 1 R IR oK o A T 40 A o 2 YR RS RN A ] A A R AR AT O T — e R R TR
MEE 38 BT ME LR S LR A BRI . AR 2T KR B S ll RR PR 2 A 0 e U B
ATAE SR, AU Sl R T 5 AR R A 2 O T AT R TR R B . B BioGP T ek K A 4 H Ak R o
KG AT SR B, 76 2 35 30 FH O 5 BRA AE 0 00 [R] s, RO 28 v T I 2 S AR T 31 R 56 28 9 B A9 v i 2
1230 3R FH UG S8 R 4 TR AR Sy i A5 1AL AR Ok A7 A 400 I S, R R R DU 47 B 2 AS B 5l 0
R ST HLENE AR R R SRl A o MRS TE AN AL ZE A T I MM 5t A, 8 AR FE T T 1 R R A S
T A AR SR, SGE 2R R G = B SR 2 AR S LT LM HE AT B 7 A LD 25 o
AL, BIAKG 8 AR B B 280 . F & e i 40 ek KG AT R iF 5 A 1 4R R 25 F AL R 288, AR R
o 2 B 4 32 TR W0 ] 7 98 1) PR R ML
1.2 ZmREE
KG & —Fh H T 41 4UR 3R JRL a0 PR AL 25 41 JHe H A 8 T 40 408 S 4 22 i) A K 56 32 A AT
HAMEE. KGH =0 (B4 5 &) M 8, 8 5 SR 5 U5 R AR HE SR 5 Web AR R 1 7 4515 LN
AR FR W KG 5 2 2 R P A BRI SR G FR RO RE R R S A R Il
I 48— B bR A SCEE R YOG R A IR NS R B TR A R, DA S AL 8% RN IS 1) B 2 IR HE 2
KG 2 5 f AL En 180, W5 (] B R X8 5 LN SC B ARG E T, 4546 LLM 511
7] 7 P, N KOG A R AH OG5 B B B B3 BT o [T, KOG 324 DA SO rp il RN 1RO Ak Ry 1 A A
SEL A SR IE T RO R R R R
1.3 HiREEEE
KG L= J0H 1 2570 6 O 5 R i I SE B . KG 3 B 78 NI 58 rh = Hh A R,
J2 KG ) — T LA AT 55, % F 1 2 0 A T3 A8 AS T skl o f e, A0 AT ff B 19 KG #3975 R H 2538
Ko, R REHE B P B A B A B e KU 7 (AN S IS I ) B T £ Y IRt 2 )
FIAFIKGHEH A 2 AR B A3, al ) =R RAT 45, 4 KGR fh A3 2132 1 .
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BN, G 98 T H XRE — A~ 2 B 0
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R AEWT I A48 52 QT S
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q:X has father y has father 7 has Grand father X (3)
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2.2 EZERE5KIZEMNNE Prompt 4 2
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AT R S 5 U IE 4 XU B HE AE SR L T LLM N TE B9 F & AL AT R I R T HA B IS
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mode € {"A4: A", "HoE"{ /) TAERE RN

head: F 47 & // BARIE T Sk (A s A 22
candidate _rels: ¥ 5 745 & [/ VS IR R A (U B TR D)
is_zero_shot: i /K {H /) FEREABR A (AR s U5 2
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instruction: 84 HiHx
context: [+ Uil
predict: Az BB R SCAR (AR A 20K )

FUR
if mode == “HiE” then WA AT VN ) 3
instruction < “Logical rules define-- ( [& & I AT )"
context<“Examples: \nRule: husband(--+)”
return (instruction, context)
else /) PRI A R AR 4 3
45 A BIAR -
instruction < “Logical rules define--" ([ & A= AR A )
P N3
if is_zero_shot == True
context <= “Examples: \n” -+ FEHEA 7 i i W)
else
context <= “Samples:”
if example _rules 7 null then
context <= context + “\n” + example_rules
a3 A K

if£>0
predict <= {“Generate {4} rules for {head{(X,Y)”
else
predict <= {“Generate important rules for {head|(X,Y)”
// Wb FRIE R 51 %
if candidate rels is List
predicates < join(candidate rels, “, ™)
else
predicates <— candidate _rels
predict <= predict + “ Using predicates: {predicates|. No explanations.”
return (instruction, context, predict)
12 SR TR B )y 20 ) 52 3 22 3 5 3 2B i, FLUR AR A 2 2SS UE I, R A (]
JE 25 F 1 B UE TR A AR L A2 OC R E SCUL BT AR S IR ZR 1 . 78 AR OB T S L R A
B, B AR AR A bR S B A A R SCHR Ay A TF R R AR S U A T 14 R AR KL 3 A5 5 7
5GP 30 s A7 B 25 g L T AR J i A S EGE T R HE R R RN o SRS S AT AR IR S e
H #5718 17 head , #4) 3& 22 5 A0 AR AR 2, IR M 28 18 17 91 38 HEAT S 49 e A0 Ak B, 5 J1 1l 5 28 110 74 1T oK
A B 2R IR A | BT SCRI AR BRI =0 o R A ok AR o AR 43 S S I AR R e 1 3 A U
Tl DR 36 E i 78 AR v AL 15 A R s B S AL
2.3 EBEMANML
I LK 75 4 £ 2 0 677 £ 0 S0 A0 025 2 4 .0 1 S 0 T S
(EA5 TE R FEA AT T S0 i S5 TRE S50 b, RIVEE X 1 2 24 i Ay 22 4 L DU 047 1 0 20 e, AT 9K A
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W30 4n = (4) BroR (1 58 e 38 4% H
husband( X, Z )< husband( X, Y, )Abrother(Y,, Z) (4)
A s husband (X, Z) 2 7% 3800 (19 3k 35, husband ( X, Y, ) 1 brother (Y, Z ) 2 7~ 8 W 59 7 56 26 1 150 F R 2
T, A, AS BIF ST i 58 Galarraga A1 B 55 1R 0 10 000 975 16 HE 42, M 2 T 40 R B (Support) B 35 R
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PCA-Confidence ) (% PO Z4E PEAl 14 5, 38 2ok 22 58 AR 06 56 UEAIL ] $12 7 32 6 00 D) 1y 5 226 495 2
(1) Support
Support H KG W75 2 5 00 o (1 = 50 20 55 1 55, o S
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R 4%t FE AR, HAUE AL S KG 56 &R 0 R E0800 52 TE A OC . IR S bR BURE AT e = B0S G R TR
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(2) Coverage
e B AR 7 K 25 32 B 00T A = o0 4 S 9 AT SRS T, 15 R S8 SRR AR s i BE AR
AL, BloE R
. Sup(p)
L()V({O):ii:(e,e)(e r. € )EG )
H A Cov(p)F Sup(p) AN o BYTE 35 R, H (e, )ile, ry, o) E GAFIRE RS G T A i 2%
Fory I =0 U %%KLLEQ%LMH’J«%E%X%Eﬂﬁf(Eﬂ KG HA ¢ =04 o ) 52 BRI
ORI B i, ST B — 5 AR AE S R DU 5 D Y JRy BR A AS ISR R TR A B VAL S AR, W] A AR
U0 D0 T 7 s A 5% AU, DA T B P BT A A R 1 RS B
(3) Confidence
Confidence 2 3k 52 1 4k A3 R 55 1 firh & U B0 AE 3 LU AR, JH v 43— R AE R0 Sk A UG P 1) = Do 21 %k,
3 BEX T B A5 1T R ST R E SO

Sup(p)
#(e,e'):body(p)EG
K Con( o) H Sup (o) 4353 S HE I o (1 A5 AN L HERE , # (e, € ): body ()€ G Ryl & R 117 £ 45 14 11
S X B (RIS fish 2 B0 o SR, KG 76 S8 B AR AR AN S8 B 1, 3XP) B S BOIE S 50 i sk o A
I, B PCA B A7 BE R % 15 AR 6% T8 47 iy 4 1™ 340 2 60 3 52 g R )
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(4) PCA-Confidence

BT S8 A B HAE K G Hhi AL o 19 35 52805 6 body (o) TR BLZ T, #5E LN
PCA(p): =

Con(p): = (7)

Sup(p)
Z(e, e ): (e, r, e )N Ceq, oy e )N Nep o1 —1aep—1)N(ep 1,7, é):body(p)A(e, r, € )EG
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JE R RE SR E I SEAR KT (e, )R, (e, 1, e )N (e, oy e )N oo Ney oy qoep )N (e, 1,7, é) 3R E

R Z L body (o) R HN p BIART . PCA B A5 1 TRABEE

FEE 1 o3 #3020 5 1 Bt DL RO 2 Table 1 Experimental setup configuration
1R A = ,SL’* it M E 7 l_l rll H ‘\/ N 3 > -
%‘B&E’J%?&‘R&io ﬁtﬁ%%ﬂT%ﬁ)Jﬁif{: %Eﬁlﬁ%&ﬁ?}kﬁ» gaﬁ
AP A AN TERE KG 1 8 P CPU Intel Core 17-9750K
3 TBESHR RAM/GB 16
GPU Nvidia GeForce GTX 1650
AW BB Deepseek*rl 15 Do f 4 5k 0OS Windows 10 Professional 64 bit

R HLI A LM, ff FH Gemma3 5 Llama3 /E
IS UEXT A LLM . 5256 e & W3R 1R .
3.1 HiEE

AR SU M T £ A BRI E R R, YB3 A JE E G KG 1 R 3T A6 L ME - Family™ | Kinship &
UMLS"™ . Hiep | Family % 4 76 56 J8 56 £ % 41U 5 A M0 Pk | 3R 26 7R 3 26 2 10 BR 56 R 40 b (i
T B LN S 2 gt R R R A A A R A AR . Kinship B0 £ W R B Ak A%
S WE AR O R BE BT, AL I SO R Gk R AT U KGR K B | R Ak R S PR A
M4, UMLSTENE S KGR REESIA, LI T MeSH . SNOMED CT 4 154 Py B 2E A
IR R G0 TR SO SR SRR AL B 2 900 7 R BE A s 5 1.27 4218 L =J0 95 . SE Bl % L 1
T b A A W AT, R B R T AR BRI R AL S 1 A S R R G 56 T S e A R
PR . B AL S 50 2 AR TE —oedl  BUE IR A AT RS NS SbR I, SRR UK Tk 5 R
RERURS PEAS A A B0 A B A . X S B0 B 100 55 T 22 B 0 S0 56 3R IS TR A 24 1) R 45 4, XoF S [) B
T 45 1 45 ] LAVEAG 7 B5 A S TR 56 R 4 PN R B0 AT 2% B R A R B . 8 3 B0 0 4R E AT 0 2B I E
KG #E 2B 5T (98 WA A B 1 0E B 5 78 XA [6] 37 357 19 38 7 fig
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Table 2 Comparison of results between the proposed and traditional embedded methods
Family %4 4 Kinship %4 45 UMLS # 4 4 SE 4 4
MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10
TransE 045 221 8.4 031 090 8.1 069 523 897 037 519  86.1
DistMult  0.54  36.0 8.5 035 189 855 0.39 356  66.9 046 27.2  87.2
ComplEx 0.81 727 846 042 242 812 041 273 700 061 443 834
RotatE  0.86 787 933 065 504 932 074 636 939 072 623 934
AR 093 884 994 066 515 931 079 702 952  0.76  69.9 944
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Table 3 Comparison of results between the proposed method and methods based on mining logical rules
Family %4 4 Kinship #4545 UMLS %4 4 SE 84 4
MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10 MRR Hits@1 Hits@10
AMIE 0.78 68.3 89.1 0.19 9.9 45.2 0.31 19.5 56.0 0.47 40.2 72.7
Neural-LP  0.88 80.1 98.5 0.30 16.7 59.6 0.48 33.2 77.5 0.56 46.5 77.6
RLogic 0.88 81.3 97.2 0.58 43.4 87.2 0.71 56.6 93.2 0.73 66.4 92.2
NCRL 0.91 85.2 99.3 0.64 49.0 92.9 0.78 65.9 95.1 0.79 69.9 95.8
Ruleformer  0.90 84.1 96.3 0.61 48.1 85.5 0.69 55.5 86.3 0.75 67.1 91.4
AP 0.93 88.4 99.4 0.66 51.5 93.3 0.79 70.2 95.2 0.76 69.9 94.4
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Table 4 Evaluation results of logical rule qualities

- Family %4 42 UMLS %46 4
Support  Coverage Confidence PCA-Confidence Support Coverage Confidence PCA-Confidence
AMIE 243.90 0.11 0.17 0.30 35.52 0.10 0.13 0.21
NCRL 179.96 0.09 0.12 0.16 13.25 0.03 0.04 0.06
Ruleformer  325.32 0.15 0.22 0.32 495.79 0.15 0.22 0.22
ARICHH 545.99  0.24 0.33 0.48 18.27  0.33 0.15 0.32

S e W], AS AR S B A B 00 5 A AR AE Family 5040 42 F o i 2 A0, 2 48 A FE Support .
Coverage .Confidence & PCA-Confidence iX 4 >4 b5 b 249 8RS 7 1%, 1 S5 7 PEAl 440 5 06 10 00 5 62 119
HALA R . E UMLS B 22 KG 1, A J7 3 B 16 Support b A T4 b 77 3% 7.3% , {H3# i PCA-Confi-
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dence ff AN 24T 55 1 MRR 8 bR 27+ 12.6 %0, X H P F PCA-Confidence Y 2% 74 1 % G458 BE 75 5K 2% fit
SRR Bt 2 Sk 1) TIE Hh B DR 24 1R) R . A 19 PCA-Confidence 1543 28 W, 58T LLM 42 48 12 48 1L 0 i) 77 9%
fE 6% A5 A T A0z Ak BE T 6 RN T I P AR R A B SR R
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Table 5 Comparison results of various LLMs

Family £t 4 Kinship %4 4
LM MRR Hits@1 Hits@10 MRR Hits@1 Hits@10
Gamma3 0.89 86.1 99.1 0.63 49.2 91.3
Llama3 0.84 85.3 97.9 0.61 48.2 86.5
Deepseek 0.93 88.4 99.4 0.66 51.5 92.3

T 2 S 25 ST E A AT, o] LR BIASTRL A LLM FE 42 48 KG o 82 5 000 1 25 1 7 #E B A 28 B0 H B9
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