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Joint Extraction Method for Overlapping Triples in Fault Knowledge
Graph of CTCS On-Board Equipment
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Abstract: [ Objective] As the core of the Chinese Train Control System ( CTCS), on-board equipment
utilizes the knowledge graph to analyze fault cases and realize rapid and accurate identification of fault
causes and treatment solutions, which is crucial for railway safety and transportation efficiency.
[ Methods | To address issues such as error accumulation and poor interactivity caused by traditional
pipeline methods in knowledge extraction, a joint extraction method for overlapping triples based on a
sequence labeling strategy was proposed. Firstly, based on the defined entity and relationship types, a
“ position-entity-relationship-role” sequence labeling strategy was employed to achieve the joint labeling of
overlapping triples. Secondly, the FMBCR ( FaultRoBERTa-MHSA-BiLSTM-CRF incorporating
regularization methods) model was constructed to accurately extract the global semantic information from
fault texts of CTCS on-board equipment, and its predictive performance was optimized by incorporating a
KL ( Kullback-Leibler ) divergence loss algorithm based on the regularization module READ

( REgularization method with adversarial training and dropout). Finally, experimental analysis and

knowledge graph visualization construction were
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triples under small-sample conditions, and the extraction performance was significantly improved

compared with traditional methods. Compared with the widely used CASREL joint extraction model, the

FMBCR model improved the precision, recall, and F1 score by 3.0%, 4.3%, and 3. 7%, respectively.

[ Conclusion | The research findings provide support for advanced applications such as intelligent

information retrieval and decision-making assistance for fault maintenance of CTCS on-board equipment.

Key words; Chinese Train Control System; on-board equipment fault; knowledge graph; joint

extraction ; overlapping triples; sequence labeling
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Fig. 1  Construction process of fault knowledge graph for

CTCS on-board equipment
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Fig.3 Example of labeling strategy

2 FIEREFHIZEWEAIRMEER

BET B A B o8 W B SCA A, R — s
TE AR J5 ¥ B 9428 4 28 U I R DL 2 A IS A
44 FMBCR, ZA B QN I&] 4 Fivs, 15, AL
A8 A 2K PR FaultRoBERTa Fl Il 5458 A 4
AP BSOS 18 3] ] ek s 5 LUK, SR F U] A 12
[ 2% ( Bi = Directional Long Short — Term Memory, Bil.-
STM) $& A Y R SCRHE Rl & 223k A T = L
(Multi—Head Self - Attention, MHSA ) 3% 15 ¢ 8 {5 B4
fiE B 35 0% AT R R RS, DT A 4% 5 AME T
ARG AT 19T A B 8 5 A5 PRI HLZ ( Condi-
tional Random Field , CRF ) fifghthdan H i f SCAS 7 51 (A
LT ZE R s B 5, 7E VIR FMBCR BAY R, 5] A —Fh
55T READ (AN KL A Bt 2k 5wk, DLk — 2B R
BEAL TN, 2 B A e MEAR R REAS i X e

P R s e 3 A 2 D) L) KL HRRE ke I A A
A, DT A5 BT 5 8 91428 42 AR B A B R =0T
2.1 %7 FaultRoBERTa K& 4Eim#i N\

5L 5 1) Il Zr B R BERT ( Bidirectional En-
coder Representations from Transformers ) # H, RoBER-
Ta (Robustly Optimized BERT Pretraining Approach ) 15t
TSR A2 ) HERS 1 A N Sl A5 HE L SR, BE 6% B 7870 M
AL S 42 42 AR A8 I SCAS R AR B R BT S
T2 1) B JCIBRFAIE , PRI AR 91 4 2 A 15 48 i o R L Al
U 55 v BAT S A P

T, BER SR G AR A W R SO W B 2R R
My 38 e R A T SR SR M A DL R A DG
SCHRXT RoBERTa R H 74T FU1)11 245 L S BRIk 3 34 1,
PR 8 T 90 28 4 4 4 R B Y FaultRoBERTa
AL ZAE AL A AN ET 5 7R, 84 Embedding JZ
B A B9 A2 A R SCAS TR S W= w, w,, o,



8551 [

B , TR — 57 A R A SO A TR 1% ) B B — ST LIS RO v

223

T
I hrd hn head, |head, |head; head,_|head, !
MHSA-BILSTM | | SRR,
lméﬁlﬁ';— | & ol |o] |lo o| [O] ]! XHij)LZdJ
i Ve @] O O O |O] | ] .
! O O (@) Ol |10 | DropoutdJt /)
! . Gy | [ 1O 1O 1O Ol [O]| I |READENY)
i i P
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, S
FalRoBERTa | [5555506] [00C A Ui
Az s P
Py S w2
D M TFEC e

4 FMBCR #2444
Fig.4 Architecture of FMBCR model

w, | FEA5 Ry B e ) ] R ] S 0 A Y
LA sk 2 ) i AR i 2 GE ) 12 2
Transformer Block [0] 932 &, , i 15./A) 1 H A [a]iA] 2 6] 19
RIRE, 15 B RE A AR I b F SR L ) & 741 X =

I:xl ’x2.."an o

IR FaultRoBERT affi 1 44

—‘ = Jc ﬁ mk N . “ . I
== = AR G SRR JA AL AL AL
B%:gﬁg?é:’l‘(jS3_3OOT) AL Transformer Block 12

“ IN_ b2 2 A

’3%1%2;9\]\1 ADABOOSTH) - AR EL Transformer Block2
TG DU I 45 1) 2R 2R 1A A

RIS WT T

U Ao

IV TS A SR 2051 r,,,,,,,I ,,,,,,,,
CHRAS R L %) | - el
(IR iE T R GRS W T 5 ) | PeifoBabediio f
o } Segment Embedding }
__r [LE SRS } Token Embedding }
- L
B AR A RN F i ?;ﬁ T T T T
AR RS Sa|m wm w

SRR LE T
5 FaultRoBERTa 2! 4244
Fig.5 Architecture of FaultRoBERTa model

YR % FaultRoBERTa A58 Hi 14 22 SR 5 2 R K
AT T T L A7 2 0 o B AS 35 47 ) Y DRSS U
P R BN (1) Fros  AEBE RN ZR B B, REAS R Y
FEBIBR A T B BN G e BEA B /NI 28001 27
SIRCRANE S INALSE SUI 46 2% oR B0 33 Jin AR &
B, RO AR I R AR 25T X 3 K A, It

(2) 7R o e w 9 AU 280, BOREAS e A b o T
IRy, JIREAS B LSO AR, p, S TN 0 A

loss =— 2% X In(p;)
=

loss™ =— Zw x y,In(p,)
i=1

2.2 ETF MHSA-BILSTM £ F4HEREX

(1) BiLSTM #5i ik

£ W e 12 W 4% ( Long Short — Term Memory ,
LSTM ) RS AT RO Ab 5T 8] ) 5 Bt , 92 Ao BT 2% B
BERRNE I, H LSTM A7 76 45 iE A TR B Bsf 220 4 % i 32
WABEE 2 R T e LSTM 9 4% 76 AN [i) if 221 A
YECATIR IR 51 BiLSTM W 28 4T 24 /i i = ¢
TS

(D
(2)

i, =o(W,+[h_ x]+b) (3)
fi=a(W, - [h_ x] +b) (4)
C =tanh(W, - [h_ x,] +b,) (5)
C =f xC,_, +i, xCN, (6)
0,=0(W, - [h_ x] +b,) (7)
h =0, x tanh(C,) (8)

K ,i, f, FO, G35 5 AT G T R T
b MR EI, W AR SR C MigIZ Tt 0 N sig-
moid T PR, XTI AT A 0 BN I ) & AT
i) LSTM JZ Ml ] LSTM 2 M5 L F 305 Bk 47 4%
4550, b, , SRR ) LSTM RS A7 9E 2,
VE Ry B3R A8 TR ¢ P8 o) i i | B



224 B OiE AR M it

%70 &

h, =h, ®h, (9)

(2) MHSA #idk

TEYNE G A SR 4R 18 H AR i [ — 18R A, A
[FITRITE B A 1 & SCRT BEAAE B Bl 25 55, (A an | 76 SO
“DMI {7~ DMI 5 E ML A5 W7, T30 ATP i s 45
4, % AElog 78T, T A O RASHE R ok, &
HATPCU Bl v, 154> DMI U R IR 42 3k ik
F NHLFLHIER Ay, 5 30 DMI 5 FHLE A5 b b i
H DM AR A 5 R B0 G2 118 2L 0 4, 2 5 e L AT
S5 OCHENAS . SOR R — Y BILSTM 5 R ¥ DL 4 42
SCAR Y B R ] BLG Y T B AL R, 1T BE T BORHE R
Bl , L, 51 MHSA A5 ] i AN [R] i) #f
5 2] SURFOR NI AL A2 R AE B vk fE

MHSA #2575 NI R B FaultRoBER-
Ta JZ2 4 H 0 R FE 205 3 TR 2Pl 4, A
3 AR AERE . Q K AV, 15 513 8 1 R s
TR

Attention(Q,K,V) = Softmax(Q

alt
G AR R 2T o] YR ST QR (B ]
B, T Q K WAREY RN,
R i BT b RS S B R
AR ZE R BHER I 2k A dE =P,
head, = Attention( QWY , KW* VW!)  (11)
st, = Multihead(Q,K,V) =
concat(head, ,head, , -+, head, ) W° (12)
b, WO WE WO 2k B R AR B S B
W ;head, 2 MHSA BEHLHAYES @ >k ; concat S PFHc4:
1 WO AU AR RS T T R4
5, 4 MHSA B 5 i se, A1 BILSTM A1
i b, Z5G ROk 38T tanh FE PR ELL FE A5 B KRR
PRz, , a0 F
z, =tanh(h, @ st,) (13)
2.3 ET CRF WX AEFFIER
1E4854 FaultRoBERTa #525  MHSA -BiLSTM #5 5
22 2 A0 B S AS B KA A 48 7 81 60 1 1 ) 3, o T kb
FEAE P EUZ TR AR UM & FR 2 A ¢ 2R N2 s 45141
BrEE, 51 ASAFRENLY ( Condition Random Field , CRF)
R R L v A BRSO B 2 5 1 AT R T
B RFIE BRI
y" =arg maxScore(X,y) (14)

ol 5 o TUSIE B RV R, Y, A T
IR IC A &, 240 LSRR AR B 51y

(10)

2.4 E-F READ EN{LHLHI BRI G4k
Y T B4 R R A R T B AR AN
TRBE 2 ) A 55 0 R 0L 1 m) R SR — o 19 1
MAEALE] READ S 1E Wk R —FEAS ) 2 4> 43 A, B
T A A E Ik s J E 08 TP ny o34, i i
S/ MEARRIFEA ) 2 AN 430A0 2Z [A] R 3] KL #50RE >k K1
TSR TR >4
READ WK R 45 G0 1K 6 Fron, XF T4 A 41
W={w, w,, - w, | TS y=1y, ,v,, ., &
TPV FaultRoBERTa A0 FH 22 J5 3545k A 7]
PN X, BRI X el 1 A FOM X 8 A
YHTIA X R
X =X+6 (15)
b, 8 Ml FOM 7= A4 iy st etk 3™ FGM
KT L2 5 — b ke I8 # R i AR B2, LGS B B 47 i 41
3 HEINETE

§=c £ (16)
gl
8= VXLJE(W’B) (17)

X, e NS ; g AR AP ; 0 I H T2
B Ly (W, 0) N AFEA BRI AR, 19125 pR 400G T4
A X B AR AR g

WE 6 Jrzw, 76 i 2 W 45 ) Bl ALY R 8] Y
dropout J& , AT LIS 2] 2 AR I 211 R 525 F
JEAR A X R X 3 AR 2 A TR
3] 2 AN (5] Y i 11 b 48 51 0 A, B P (y | W) A
P (ylW) 2 2 RORFEI R . BRI, H 2 MR
- REAE R HEA 27 I X G Ly, H

Ly == > (PG W) +1gP (W) (18)

POIW) L. POIW)

o
® ®
MHSA-
BILSTM ti‘;

FaultRoBERTa (eoes00®) (ei:0000D)
=] 12 x 12 x
BAR emteen | 7w
T f
Wy W

I
INOER ) e Wy L) Wi Wa e W,
FaultRoBERTa embedding X © adversarial embedding X" @ units  dropped units
El6 READ &A%Y
Fig.6 Architecture of READ model

E

TIMAXTHTHE B AN dropout M7 15 ff R AT M =5 IR 4R
fi Ao READ fEI ZRad 72 vpid i fse /b ] — R A 11
2 A A AT 2Z 8] A R KL R SR /N 2 ASF R
TN Z [H] ) 22 5, T



554 KB, SRR A BB AR R PR AT ) A — O IR S IO 225

1 (D (PG IW) [P (y W) +
Lygan =+ , (19)
2 Dy, (P (y ‘W) HP()’ ‘W))
O, Ly 4 IE W AR T 36 B9 451K BR B
Dy (P(y|W) [P (y|W))Fm 2 AN P A1 P 2[RI
KL #
2 H br 2 o MEEHE (W, y) BYBRE 52k
LHEIENT
L=1Ly + ALggyy (20)
Forb A DA Ly, B Ly, BT S L

3 ZBE5ERSN

3.1 IWHIRE
S PEAR B A Al BB FMBCR 7815 42301 5 i

B — ST T Y MERE, 8 CTCS3-300T #4514
g v w B LR e 5240 T, DL B = 4ok A 458k
% JR B 5 A ARV A T RE 4R B H S R B, St
2 450 ZR i R SCAAE g SE IR R A | i N TR IRA STy
PRSI A TRE MEAR I . 22 W 35 T FAF I 9145
TRV AR SR AT IR AT 5 581, 15 2l
B A 5 i S i i S AR BEAS 5G] RS S 44y
4 MG, R 4 IR RERA TR LR AR BAE
AR AR

x4 FEFEHEEVEEESIERXREI
Tab.4 Fault information entities and relationship categories

of CTCS on-board equipment

eSS HFR AREARE SRR AR N %

WS PHE 2450 36497 9.9

, WM REA 2635 12 624 3.0
SRS N

WAL TYPE 2450 14 135 3.1

AbPRESHE MEA 2 867 30 463 8.2

JIRXER  FR 2450 36497 9.9

v s BEXROFT 2450 14135 3.1
XER¥Em

WHEXZR  FM 2 867 30 463 8.2

LR FO 2450 10 834 2.7

SR AR AR EIRAELL 8 1 1 1 1 By BRI A
R4E UEEFIMNRAE . N eGP RE AT
FER FHUEHR R K16 % P (Precision) | 1 [l % R ( Re-
call) 1 F1 A 1E 4 PEAL 45 Fr, X FMBCR 4% 84 #F 17
T,

3.2 XWINERSHILE

WEFE Windows 10 #E RGEAE N LI T 6, & T
Keras HEZLFE HE 56 A fl OB 7Y | 5L R 1] 25 B4 45 8
T,CPU #EH Intel 19 12900K , it £ ) GPU i NVIDIA
GeForce RTX 2080 Ti, 7F %% £ J5 I, 1% # Python
3.THE ARG T , JF 3T Tensorflow 1. 14. 0 ¥R 2%
STHERR A TR R 530

ARERUR G 2 B0 25 3, fie 40 % FMBCR A
R (A R S 50 B 40 R |, FaultRoBERTa 1 A 1% 458
R R SCIRAJZ Tl AZERE N 768, 5 A SCA ek
KR 256 ; BILSTM ek /2 4E %k % & 4 256, H Adam
AL 2% 4T 2808 37, LA B R /N R 15, 22 5] KL
1.0x107°, CRF 2% > 2% 4 0. 001, JF7E LK 5| A
Dropout LI ZZ it #& (8, 7ERLRIYI Rl fe | 3E
118 %E Dropout BUHE 0. 1~0. 8 7 Fl N 55 1% S 5506 Ui
TR R, 25 R W] 1€ Dropout MRUE K 0. 5 I,
HERR R D080 TEORFF HAD S A I LT,
X FEIE MBI AL E S BN 76 6 D ARFIBUE (1.2.3,
4.5 F10) FRRBRIRIL, SCH 2 R WoR, A BUE R
2 B BERRAF R AEMER % . Dropout A1 A HRU{H T i
R 7 B,

93

O
@

922 - 92
§ o1 | § o1 f/‘\‘\‘\
% ol % g0l
= % =
£ 891 £ 89r
88 - 88
87 L L L L L L L 87 L L L L L L
01 03 05 07 09 1 2 3 4 5 10
Dropout A

(a) Dropoutlt i S 72 (b) ABUH SRR
7 FMBCR&REXESHIMiTRE
Fig.7 Optimization process of key parameters in FMBCR
model

3.3 XfLbI

(1) REAUHHECPERE XS L 5256

R T G UE i SRR AR 51 45 AR B A R R AR
B R TEH B 8, 2B SBCHITEROME RE B 4 1 4 i 28 BUAE
1, Bigram+#5 20 JE it | BiLSTM — CRF +CNN , Novel Tag-
ging Fll CASREL 5 FMBCR B4 il OB B 8 47 ML 42
AN RS BE LR an ] 8 TR

SRR 3548 B 3IE FMBCR AR 7E IR RE 1 1Y
FUBREE, HORS 8 % A R K PR E T X A
o N X SE 5 25 SR 1T 43 AT Bigram + 45 UL
BiLSTM-CRF+CNN P #5257 4b . = 0 40 1 HUAE: 55
i, S5 S TFOM SR PR RO R AL Ge e, Toik R
UESEAAR B 56 R FRAEAE A 7 91 v i 3% 2 ME A — 3K
PR XF L 25 R 3 B S OC RIS ) Ak 5 55 T D
UAFR SR IS 1Y) Novel Tagging #5571 JC v 1E #7157 8 &
1Y =0 A R 9145 A 30 5 I I SR TR A BB ) DG At
B, & = Ju AU B — AR R AT R s 2 A
= JCH B 1E B 4 HL, B Novel Tagging #5781 K #f
T AR PR R G A0S MR TS H0E
ZE[%) CASREL B¢ A IR Y SAR A AU T T H & — T



226 B bR i i

570 4%

2 A A O B ARAS [T S — R B BE T 1, 2352 ) g
DA 22 R 22 AL /G 152 . X T T8¢ FMBCR B 11
BN F BRI R BRI R A R4 T st (A NS A
THEB IR RGBT S5 |, #48T CASREL 7Y |
KR A R FLE 5 532 T 3.0% . 4.3%
3.7%.,

100

[ Bigram+f%xCVE A T BiLSTM-CRF+CNN [ Novel Tagging
EECASREL o;; BEFMBCR

88.7
868456 I8 85.6

83.3

767,

89.3

80 -

Score/%

60 -

42
% Al Fifli
8 AEMERIHMEREBE LR

Fig.8 Comparison of extraction performance across differ-

40

ent models

(2) B &K FRHBO LS5

h T RAVEAL FMBCR A5 B 7 i B 8 8 56 22 07 T
TR RE , R4 = JedH O R R A R K 45 4
A A SCAR B 2R K] 0 WA 14 RIVIE #2531
(Normal ) FlFA— 5K 5 25 5l ( Single Entity Overlap,
SEO) , & B A i B 22 BLAR R CopyRE ) Copy-
MTL""* GraphRel ™" Fil CASREL X A [/ 25 % %) 5 s ik
9 eS8

P9 7R 5 AN ) AU AE A7) 458 4 430 15 45l P K o
AN E BT TR Z5 R Sl Rk
B, CopyRE ,CopyMTL GraphRel —Ff# %I 7E Normal 2
1 SEO Al FE BT B TEREAF R 35 25 57, Ik
SEO ZE R BB MESR A 2, 22 i 1 BB A S I
&= JCH TG, T CASREL B[] T M 45
FER TR BRI AN G A = ondd, NI AE SEO 2E
Bl LRI €, SR, CASREL SR BUE 3 DU Fit 3
W, S SO AR P R Y R SRR A T Bk 2 TR R
il T HAEM IR G AR ESY 5 T PERE, X T e
FMBCR BCRUI &, KUER = 4R TE, Lh B MHSA 4L
I AR RE S Hl 5 1) AT B 8 A =2 [H)
) ICHRIC R | TR A 7 27 A JIC B 2 ARG ), PRIt B
T3 FH T2 45 A2 3R A e S 4 1) B S — T2 i
{145, FMBCR B#7E Normal 251 SEO 284k ik
FEECHE 4R B F1(E 8B AT AY . AHEE T CAS-

REL B8 20 BT 5. 2% 1 1. 6% , FEFLH FMBCR %
FUFE AT N ) o L

100

[ CopyRE
[ GraphRel
[ CopymTL
I CASREL
I FMBCR

89.1.20.7

80 -
1.3 70,1

60 -

F\H/%

40 -

20

Normal SEO
B9 ETIRFERHEEVELIREEERILL
Fig.9 Model comparison based on fault dataset of CTCS
on-board equipment
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Tab.5 Ablation experimental results of FMBCR model
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Tab.6 Examples of fault triple extraction results
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