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TR PR, BT HAR TV (WSCHR [3~6] &) AR EIGAL, (HFE 2 s, HAR T iR
BEEPR AR HERRIE (7). SERRr, O DA 7= B v 4 A A 2, HOB R AR R AT kA T
SRHEAT ). HATH &SRS 2R AN TEWAES TN, 8iF T X RGN 7%, @i
N BB 253847 7 e AL R R4

TV A= R A ia AT I AR TR AW = A B e AT SR g e s, e B s B K ag n 1 A gE
FHIMERE, AR S 0% (R ia 4 T8 7y BOEEAN R B8 e P 7 ST AN SOt v, LS R Al K4
K. 10 TP AE P2 OB R 45 5 R R G0 BT N TRBURTHEAI N 44, SER A4 i s =, 1R
2B AL I R I R AR A2 15 BT AN BE SN IN, M DA RS o 0 R B PR ) B 12 W a7 55
G RRGHE, FR B TR L RAIR ARG A BE AT TE A, BT T T
g, IR, ATy R L B H AT, BT AR B s s WA S A v A TR AP L,
(RO 58 AR 32 B 47 T o) B FH A 2 A 5212 W ) i R PR R 195100 e o i R i 2 12 T ) 6 R R
BERAR SR I I A A 3 A 00 U 1 P o R ORTE 55 12 Wi s T AR OR 1Bk k.
— 7T, WO AIR B R B R AR A, RIURHR 2 RREAL TR HR 2 53— J5 i, AU A B
R R 2 E, oRER S ARG ERER, LREIRZIGLMT R, X2 B 54
ANHIFZI. Fe TR0 R B AR R G Re 8 R F i AL AT ARG AL S B AR, bl B B G i F AR
PR, B 12 T

AR B0 5 R R RS B LT R AR AR T RN AR R B 1) 0732 (121 T AR 1 5 v DA
FMG (meta-graph based recommendation fusion) ['3], PGPR. (policy-guided path reasoning ) ' JHfR3&,
AR TR BENS 78 70 )RR G ) P s A, (ER ™ AR T T LT e g AR, AR B 5 A 1 SE B
R 5. BeAh, AT 55 1 557 mlod AR S R A AR Bl I, e BT I O R A, B R A A AL
B2 DRI R T R AR 75 V0 AN 1 L ) 38 B 5 A A28 o SR P bR ) TSGR B A% i 2 i b
HETFAR AN A F IR SR (knowledge graph embedding, KGE) HETANER AR B BE JfK =
UGB FARR IR & I BHEFAEZE A S0 R BT R AR SR 5 SR N B SE I [a) 45 (Al o[RS OR
R 15101 g ek, BRA N AR T K E M AR R N7 VE, BAERIIREE AR, 4 Trans R
B B7~200 FiE SCUCHCASAY (21220 £ fH b5 J7 v 4 TH A 58 i 1 [ I | A 8 HR N 205 SRR 1 0 2
e T . 56T TV AR 77 S B A8 SR IS T 55, e R A 85 o 3R B0 L ) A e D R AR K] W
(7 R BT AR BB IR A R

AL, AR 77 SRR Vo8 R A2 I IR, 28 REORE T A= 7 S B Ve B e VR R i 5 9 SRV AH
g, FINFETRR BGOSR G M T WS AR R AT HEWT, KR 2R B AR R 12 kiR 5 250 T8
FEC R ERBE 2%, AR TS 82 A2 W I FH 37 55 v DRk s 4 B3 4 N 53 AT AR 81 D L % e
BEHRRR, 9 AR B AR IS 4R E SRR BE AL A R SR it —Fiog K. A SO T Z otk an T

(i) K AR BTSRRI S &, BN DAL AR P S8 B A W B2 W Uk, A% A7 550 o 4 A 85
e K5t A R ) 1) R B M N B R AT 3 37 R 12 W

(i) 3L 5N TG R T M 2 AR5 IR LY, RERS SR TR AL AL R It Az A 1, AT
A RSER b A 7 SRR B A WA A2 W SR T TR 22 36 5 K S 2% o B P PR 1)

2 [O)REiEA

AN F BT HR S, M RS, SCL NSO B 5 2 AR DR A e, Rz by,
56, B B RE A 8 A
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Head entity Relation Tail entity
Crash crankshaft CauseBy Collision avoidance position
failure is offset
Fault phenomenon Fault root cause

1 T = XER &gt EiE =i nEE
Figure 1 A triple of the critical industrial equipment fault knowledge graph

2.1 Tl = o g s AR E

T i) T A 7 SR B 1 28 g 2 T R R L o - U R P, R DU ik Toalk A e St v
IBAESUH T R R A RN, FAR RV UL AR R, Tl 2R 7 S i e 4% i s R Pt f) P 2 o
P I 42 SV O R DV & S 7 o 1) NP o S E Sl = DS NN S s = R

5 38 F R BT A SR AR DA, Tl A7 S B v e i P S iR B LA =Jel ¢ = {H, R, T} 7K
Fow, Bl H ZOoRPTA SRR b IN5EE, R BRI RA r MBS, T Lo RISk ¢ &S K
SCASE b A lb AR P i R A AR SR AN R B 5 T A 77 R B e # O ZEAA  R E A A AR S5 (e 2 dls
ey SRR P . ALY S 0 Tl A 7 S B e A i B R B rh B B R L R L AR TR L R 4E 2
JIEEZ A SRR, A = e T A T B e b 9, A 525 9 4 A 1 — 2% ke
R - RN =7edl, Wl 1 R, HhsEEsl GO RnR B RSk sedk, BT RS H; MERE DY
RSk, mTHEE T.

BEAL, — PSR L R — A7 AL 2 Rl B AR B, (o) DA 25 o 5 SR r gt B PT RE A — o, B X 2 ]
RE A AR R BEAT D e b7, XX Is 4 N R HEAT DL i 52 W B SR .

2.2 MESHR - MESARE RELFERE

AR 5 3 G 4 H AR AL, SEEL BRI W, SR B HERE RS E N, TR R RAWEA T
SN R B BRI B 38 AT B0 AR e B P SR R AN [ S i e e A B R IR R R R AT R 2
F RS FH 1R 7 9 SRR R B R DR 20 B 3K A g 5 0, S5 0 5 e AR R A s R0 % v 5 R T FH P 2 R0

EHEFER G, H B SChR A BRI 0L, 75 ZEARKE A [7) W 5 20 5 55 R L 1) Wl 5 A R ) st i e R 5 —
i AR R D TR o

¥ M FSBEIRIIR N F = {f1, fo. ..., fu}, B N FEPERFRER AN S = {s1,50,...,sn},
A TR R R B AR R 23 I R R AT AR B, W] AR B R — SRR R G R U € RMXN . 24
AR DR B W W I, AR R X RLTERAE A 1, B 0, WISCEREERE U I i 17, 28 5 41
TCHR A LARIR N

o 1, if cause (i) can cause fault (j),
Uli, j] = { (1)

0, otherwise,

Hepie{1,2,...,M} Hje{1,2,...,N}. REHEFEH BRI G5 Tk A= S0 8 v & i i B
HH PR ISR I 50 S S A ) ORI G R, AR K] 5 R R PR b ) B AR 8] R S A A R TR G 3R . SR IR AR
KR s A 3 P,

A PRI G — SRR SRR R U MR R ¢, s 7 RR B P i) s 8,
MG 2 A R GBS Wi R AN v, AL, BRATTRIE TE e 1R P 1 A B 4% (1 R RRT R 5 73 52
PRI S — SRR R ORIRAERE U IR, R R4
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Cause 1 Cause 2 Cause 3
Cause 4 Cause 5 Cause 6
A A A

/

B2 (MEMFE) BIERKR SHIEREN X FR

Figure 2 (Color online) Corresponding relationship between fault phenomena and fault root causes
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3 (MEMRFE) HEERR — SFEREXKEREREE

Figure 3 (Color online) Schematic diagram of fault phenomenon—fault root cause interaction matrix

2.3 WHEEIZH{TS B

B BHERE RGN E G PAE B, JF TR B S UL, R Z ARG 2 IR AT . 2125
S SJHEZRET AP AN T 55 (RN 73 50l D b SR ik B8 Tk 2 7 S i e 46 s R PR E AN Sl R — il
B MR RIS HRAE R, i HE S AR PR (R HHE BT P 371 AP 2 A 5554 SIS, 49 33 T RniR B e A 7,

08 3 s R AT W7 e T A 12 B

S E MR G — SRR R R M U A0 MV A 77 S B v 6 B A R L G, FENIMBat iR AR A
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Knowledge graph embedding

h
KGE Shared
KGE
Improved
cross-stitch|
unit
Shared
IME
IME

Interaction matrix embedding

4 MKFD R{FEZRE
Figure 4 Framework of the MKFD

s BES FEIRILER f IR gps:
gfs:]:(f75|@)u (2)

Hrr F(-) I MKFD (multi-task learning for knowledge graph-enhanced fault diagnosis) #H g%y, © £
AR R TSRS R G AR FORE 2 1 D/ oek 25 SRBEATHERY, 45 s 2 i TAESE IR, DARTHI
BE2 W R HERA R AN R, SCI R REIs 4.

3 F&E

AR P T AR B R 2 A 5557 21 30 Dl A 77 SR B A% R 2 R MKFD. MKFD
R FE RS 3 M S+ HIT . RIAEFER AR DU AR B R AR, S SR
K 4 Fror, BN DM AR P SR BEo% wiR S R S (KGE) MR IR — SR R SCHRAERE (IME), %
H At R AR R O HE Ty 511 BT R 148 1R — A BRI ST REAFAE — RV S EUE AR I, FEHfERT 45 R
R — ZRFIRR PR 2 [ T Be R/ NBEAT HEFP BT (S 2 45 2R Fr 971

3.1 H#ttFFEHERT

BEXS AR5 5 SIMESE, BRI RS B 7 S i 77 ;N T B I 2. SRR BT 45 BT Rk s J1 AN
B, T BN L AT OO, TR Bt S I+ S BT T SRR A .

XFFAHRERIAESS A F1 B, H W 24155 5 2] 2 AWM 55 Bort AH [ 1 4 5 23 £ B N HHis 1)
FRAE, P8 F AN (R AR 25 B sl 25, 19 B 2 5 . X Fh oy 2075 S0k 17 I A T R P 9 28 &85 4 K Aff
GRRL AR IR, I TS Bz A 2, 0 HIR A, Misra 55 231 T 2016 F42H T 1545
FLJT (cross-stitch network, CSN), I 2% > 4 NRFAERE B 1 26 PR 20 & 0 HE 2 00 R AT i A

E+FHETNE—E, N AR B IAMESS 22 S BIRHER PR LG WA 1R A
B PIAMMES RHEREFE > AL xa M op, IS ATHEAGBIRFEFE MR MBS 20 I 25

i ij
T A OAA OAB T A
5.0 2]
Ty apaA OBB Ty

Hrp (i, ) FRoRFAEAEE P TR E, o NEMEAE S
TFHRITTE LA G S o, RKEENMEFSHIILERR, A ERGIURIS T HBAFRCR,
SR 1T X 2 A B B SO SR IUT 5%, I B AR BAFE N S AU 2 LIARIEPIME 55 2 T 22 L
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Feature interaction Trainable
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5 (MEMEE) RE+FHEATEN

Figure 5 (Color online) Structure of improved cross-stitch unit

KA. BT IXMHERE, AT T St + 7855, (M R E RSP FORME IR, e E Ak
{10 J25 T b S R IR % (10 i P AR IR 5 T 2 77 S e A e TR P 3 b 5 AR SR ISk SEAR IR 22 T
ottt AR 2 R A, TSR BRI 5 AR PR SRR B b (AR R 5 Tl 2R
TR % B TR B b 5 AR SRR Sk SR RSSO &R, B+ 4 TGS I & 5 .
R R — B R R S IR R o 0 R MR A1 15 T b 2 77 S i 33 4% i s R R PRI v 15 HL AT SRR
Mk SER R BRI s € RY VLK hy € RY, WEGE T HITHIER | JRIRHAERZ TR 1 7T RASR
~N

SDRW L D@

l
Il:Sth: R (4)
Sl(d)hl(l) . Sgd)hl(d)

RO TN

IlT :hlSlT: .. .. ) (5)

DSV L. @ 5@

Hip I e R, IF € RV RORFFIEAZ TAERE L AL B, d Ronial[a BN 48
RS BAERE T, HEAT P4k AR BE AORIERFAE 7 8 A 4R BE ORFF AR, A B0 B1A [ R
AR R A 14 1 R AR HERR I SR Sk SEAA R R AL ) B

si1 = L6075 + 1705 + b7, (6)

b = 167" + 1760/ + b/, (7)
Hrp 955 e RY, 0175 e RY, 057 e RY, 0F'F ¢ RY NIRRT SB35, bF € RY, b e RY AR E 7 &
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6 (MEEMFE) XA—HERME ML

Figure 6 (Color online) Textual one-dimensional convolutional neural network

RNT I ERR, BoaE g Ronic N
[s1401], [hisa] = 1 (81, 1), (8)

Horp [s) o iR R SO [F) Bl et 3 ST i, (k] R Sk RSO [y Bl i et
FRTTIVI

BB+ 5 T RE N B G IR AR B v (0 R AR R 5 Tl A 7 S B e s e R b 5
MR SEER L B R R, I HIZHIPIMES Z KIS .

3.2 KELFEREHERAIRIR

ARG SIER MKFD 1, SRHRAE B iR A REER P il e s T S5 Al e PR PR 52 TLARFAE, o
NEHBEILE — W AR R DRI i )tk e UL S R e AR PR F) 1) B3R, 2 ol 5 P i+ 5 I 2% A
SO — A2 R 0 I 4 SR H e B R AT RT B T G (R ALE, 3 BT 4R B RS TR N 22 J2 RSB, 45 219
DR, Fn AR AR A

X T R B S R RN, (ORI 2 24 SRR, — 4B A2 M 2% (1 45
A 6 Fos, SR IL G SCA R 7 &, o D9 FLAFAE A

et I G S AR 3 1] 7] B RN AR AR AR [ R RO, TR AR d, SUR KRB n,
IASCATERELERCN n < d, XN F e R™, ] Fli: j] Ron F 5 0 ~ j 770w HRi 748
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B, B — AN ERCEAERE W 2B BRSO, KSR o, SEEEN d, SEERE DX £ 1T
R EPAT R HA RN 0o e R, WERIR N

o, =w-Fli:i+a—1], (9)

Hpi=1,... . n—a+1, FR[EPUSE. ] ReLU BUFREGE — LI HA R o HIRHESS

c e Rr—atl:
ci=f(o;+b), (10)

Hod o NfWE, f(-) 79 ReLU WU R £L.

BT d NAF RN TG 0 SCARRRESE AT RFAE B, 4 BT 75 R AE B i 280 B Ak )2 5 gt
TP, 152 SRR & £, € RY

KT B G — AR R S IDE R A H 1) i AR T SCAR A7 P et =7 5 o4 26 o L b A7 R A S Y.
B ANHPEAR A s 5 FLAE b S EE 2% WP 3 B b oA DGR S SEARBEA T (5 B AC B, il il 24T 452
ST 77 SRR R AR R R RRE 1) B 12 s € RY

TEAS 21 5 30 SR 5 AR R AR AR [ B2, 1 R e AR DR T e 80 e () P AR 28 9,
RKINN

Urs = o (fina (Frm» S5m)) (11)
HH fivg NBEPATHRIZH, o) NG R
3.3 FRENLERAER

SRR PR NS PR N T A 7 B 15 4% A B R R S v () Sk SRR G R [ R OR, 5%
IDETRE [ FR NS ERAE AL, 49 S s FH 53t 745 B G R S A — 2 365 R A 28 IR 488 41 B S SIEAAR R 58 R ORI,
A5 FH Al R A5 114 Sk SE RN 5% 2R FRARFAIE TH0N 28 S

RN RN AR TR FE 5 2] A — T B B HOR ) i@ i iR AT DO R R S5 A 1 B B Bl = 2 el
T E $852 25 8] H R B0 508 TR AT AR B R 78 iR PRI A0, iR A ) B 3R o A R 220 1) R L8 S B A
S BHR A RN, 188 P 5 R B B ) S R B B ) R G 2 (], A A5 T A e DL R B ) R B A R AR
133510 2 L.

ZALS S A MKFD {01 B B ik NSRS FH A G I HE B R AN ER A R A ) &4, Fom A
Ml AR = B 2 W e Bt p = e A Sk SR DL R R R e e edt - 4 R e R B Sk SR S
APVFHEF R B, by € RE SR 2 2 BAHLER OG5 SCAR PIRHIE 7] &

Tim = M(M(--- M(r))) = M*(r), (12)
HA M(r) = o (Wyr + byy) 2 H 2N EERZE R TR EME N, Wy AMSTIRESE, by A
TREI, o(-) NAELYERTE R 2. eI B FIRRERAT A i 2 ZEGIHL N 2 s2 ik, sk
PREI TR &R ¢
iZMK (hfm,’l’fm). (13)
XFRE—A=Jed, 78 NP BREL score(h, r, t), BITWAIRE fxee THHRE =0 RIS

score(h,r,t) = frar(t t) = o (t71), (14)
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Figure 7 (Color online) Structure diagram of the MKFD model

Horr ¢ FESEHRSLAR, & T RSk, IR BN R Se i ¢ 1520 fevss, Ut ROR 2 ST
ROR R AT

3.4 MKEHREZL
MKFD Ry Fik 3 AR R, LRI 7 o, SN Tl AR 7 50 g B0 o e n R 11 1 A
WL G — WOBRAR DR SR IRAE A, g PR AL (4T 5 571

A BE RS ST AR 555 ST TR SRR R o B A 1A B Tt 0 A % 1 = e 4L PP 4 R B 3R
B R B, SR a7 B R T R ATV, BERLRTAR P T AT SEAR ISR R I M B3R, 2R R B AR
P RIS R B AR R S = e A 0 R AT RE i, 1L ANAEAE 1 = e L A5 70 R AT RE /.
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Algorithm 1 The training strategy for the MKFD

Repeat
Input Fault phenomenon—fault root cause interaction matrix U and fault knowledge graph G;
Initialize all parameters;
for t steps do
Sample minibatch of true and false interactions from Uj;
Update parameters of §¢s = F(f,s | ©);
end for
Sample minibatch of true and false triples from G;
Update parameters of §¢s = F(f,s | ©);
Until Convergence of all parameters;

Return gy;.

FERANFEAS BRI L e/ MU R bR B

L= Z T (s, yrs) — A ( Z score(h, r,t) — Z score (h',r, t')) , (15)

fEF,s€S (h,r,t)EG (h',rt")eG

Hrp g S URBHR AL, (W, r, ) AR T R RR EE HR = o], A 9 EEH A TS A E
S H. SRR E R E A NS, 2112k

M T R R IE— R S R AR S5 R A G, NG ARSI AL, H BRI R AT, ot
I+ on A A A TR, BABT LI AR RS

FESBr AR, BATRAAZ BN RT3 S8 22 21 — B0y BB TRV BB B, L sizBrig
AU TR IR A TR 2 21 129) Rl 2 = 1260 o). 55 m] DL Y S 1) B RO V2 I AT BN
TR 2 ISR, A NGk i 20 5 AT b, HLRFE S ST BT LEE 2 5T — Ik

FESEBE L, B el SRR P R AR HR A S 4, U ZRil s iR B R AR 2 8 SR )5 [
SE WP HIR R A IS HL, IR RIBE IR AR S5, 320505 1

4 X

N T BRSO H R RR AN 2 A 555 2T 1) Tk AR P R B B % B2 Wi MKFD R4
R, A P P RS b il A = I R R AR R A R AL [ Ak 2R 7 G i s s I S5 AL L 51
ANAESE R AR AL T b AR BT T PR e (R SR EE AN 5 22 DL RS A BRI R — e i2 W QIR AR
K, 2% MKFD #ER IR 2 Ff 7 ik b A7 5t LE SE .

FEFTSCR 2 5800 D =JeFEA T, BENLIERE P 60% HI T2k MKFD #5784, KRR 40%
I AP, 23R E NSRRI, Pttt i) MKFD S8 4 NS AR 2k, 70 ml2 i
THREUE R SCAFIE A R 2 2 AL RS L YT 1000 SEAR ) ) 2 R IR 2 4 K B4
IR SRERFE R RN B REL ¢ AN P TAE S BUE A S50 A, IRAE LI, B L A1 K %
N2, Rt BORERERE 2 IR K N O 0.1
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&1 RDF =x4A
Table 1 RDF triples

Serial number Head entity Tail entity Relation
1 Manipulator failure Manipulator trip ProblemToCausel
2 Manipulator trip Encoder failure Casuel ToCause2
3 Encoder failure Encoder wiring is damaged Cause2ToCause3

4.1 T4 =g e iR EL piE

BT R R 1 B AL S I . < R IR HORE AL SR B TR T B VAR R SR I,
AR AR AR | SRS 728 L Bdf A7 Al A [ A 2.

5, MR A I Y ER 5 AN B HE SR T HE AT 55 O 75 SRR AR, L1 SRR SR A 5%
RRA. Hr TR FE BRI G Wb SR BT AR R B AR & R SR A
BN E IR AR AESE AR 2 )5, R A M A AN AR G M A EE EAT P AIARIE , R U ZREE AN
AR, 18 RN 2R I St HIR B2 1 vy 9 & A A R IR Y A N R 8OR . ox T b e B ) S
BEATRIUARVE, WIZRSEAR T SRR IA G AR N 2%, I8 I 25 56 BRI 0o i A7 A3 4 5080 v b B
R SARBEAT 7328, 4493 28 58 U SR 42 FEACAR RS AL b (e 1) 96 RB A B RDF (resource description
framework) —JGZH, fEEA csv A CHF. R 1 R 7 H TR AR EBE ) RDF =64

AIAEH Neodj EIEHE PE 27~290 58 e e iR B (048 . BT Neodj I FRIEAT I RDF
Hn i B O, B py2neo PEFEEHE I, SCHIFE Neodj 1% 2 lb -5 A\ RDF 60 5,
T4 RDF B4l /7 i# T Neodj FIEME Erh. 565 RDF £l S G, X & @ 1RS¢ R AT 1, X AT
MACRCR, 407 RS R R RIBNE . Bon i R VRS 3EAT 8, 58 BB AR B R e AmT LAk, e 4k
T LABEA SR BTG N1 iy 59 5 S Ltk ELIE MR B 4 A 2 2 min 21 JEUR B O IR W A . DT
H I UEA AL AT R P R AN AL RE, AR ok Ak B £ Bt B s o A 2 17 IS AN [A) 1 b A
TR VA R R R PRI, A e e R PRI S A ) AR I, (BP9 oMb A 7 S B B X R A
[, FERUSE L BT — B 22 . wbe iR 1 A 1972 AR 5347 60 R, W A1IR IS 2
f55 3825 AMSEARAN 7281 % OC AR M A e ) Tl AR 7 SRR R £ R PR 1) B 8 .

4.2 XtEEFEE

XF ML AR P R B A SR 2 WA 5%, AR P2 th O 55 DU (i SedE iR AT LA, B asf%

G 1) T ARABL R R VR AT 2 T AR B 1 T vk

e FM (factorization machine) #&H Rendle 55 B0 $ H ) — Bl T4 B 2 AR IO AS 2 ) B, HR %
P T R B 4 8 BT 55 3 55 vh B R AR O 2L 4 T

e BPR (Bayesian personalized ranking) 1) & 3&F U175 36 00 A AN A HE P S0k, 1Z A8 A0 mT LA
MR B I 5t 22 AN R, 38 0 e — AN B T R 5 A () g AR 8] ) ERR O R SRAF I S B 5 %2
A AL ERT R PE FEX JBEC 2R

e CFKG (collaborative filtering based on knowledge graph) [*2 5 MKFD 8 fifi 22 #iE Q) 24T
552 2175 NGRS, CFKG BRALE 1T AR R IR 5 S 7 RN 7 SR, R AR B 1 A S R AR
RNGE— {2 18] R BEAT IR, DA TTD S B0 e B B R N A Wl B KT 5% AR 2 4

e CKE (collaborative knowledge base embedding) (26 i &5 & 45H0(5 2.« SCARHE . BUSEHE & A0
WP R BT RGHERTE. b, 45015 B R TransR RAG 2 SLAR A A S AL, SCAREHE S5 K
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8 (MILERRFZE) Toll4 =X ig & HPE AR EE A B

Figure 8 (Color online) Fragment of a critical industrial equipment fault knowledge graph

G EHE o ) A8 A X P 5 4 (stacked denoising auto-encoder, SDAE) 5= UEH H 4wt (stacked
convolutional auto-encoder, SCAE) RHEHLH 7] E4FE.
4.3 THNIEFR
AT BRI PERE, AFH AUC (area under curve). #Efi% (Precision)s A [FI# (Recall) #fl
F1AEEN o5 5 3 T PPN F6 A%, 6 Precision@K, RecallQK, F1QK E AL FIPEAT 7.
Precision@K F TR A5 B MR BRI K A AR IR b, 2 5 80 i Wb i 5 1 i e AR
BRI 5 R, Het A oy

PrecisionQK =

Y [RG) N T())

SV IRG)| 16
Horh i R § SR RG) FRE ¢ KM IR G2, T() FRE ¢ Sk, &5
S A AR R R R B2, K O R R U R (K B N o MR O

Recall @ FAT- ik FTA £ 5504 B S bl S S R R 70 B BT 48 O MR IR K K AR
I LB, FE A R

i1 [R() N T(0)]
i 1TG)
FlaK ;& ERPFEIRAR IR R I9ME, RN G 8PP R, Hit AN

2 x Precision@K x RecallQK
Fl1aK = . 1
@ Precision@K + RecallQK (18)

Recall@K = 2 (17)

4.4 SLIREER

SEIGHE T PN i TP AR P SC BB A% A AR B 23 0l K 2 B0 e R P i 20l A T e o R T 4
PR M A HERE TR FR 0T % A Y (P BEREAT VRO, i 28 T PRAN 46 SR an sk 2 A0 3 fow, s 1R
ZERpE 9(a) A1 (b) FIOR.
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®2 RERMMTFNER (EEFIRELE 1)

Table 2 Model performance comparison based on fault knowledge graph 1

Model Precision Recall F1-score AUC
FM 0.725 0.765 0.745 0.797
BPR 0.739 0.728 0.733 0.799
CFKG 0.746 0.732 0.739 0.801
CKE 0.748 0.732 0.741 0.806
MKFD 0.778 0.766 0.772 0.852

*® 3 RERMMTNER (MEEFIREE 2)

Table 3 Model performance comparison based on fault knowledge graph 2

Model Precision Recall F1-score AUC
FM 0.726 0.768 0.746 0.802
BPR 0.731 0.755 0.743 0.792
CFKG 0.767 0.732 0.743 0.819
CKE 0.761 0.736 0.748 0.819
MKFD 0.778 0.763 0.771 0.851

o FM Al BPR [IZRIUAE Fr A R s N B0 22, T A7 ik A R e e e R P A 3 R, X
P SRIRAEFEAE BN FM RS E SRR 3a] (A B iR AL 5 LR AT WAL ER AT, IXA 7 s AT 4
TSR, BRI EA RS S, I BN A R N RFIEYE A A RFF — B Reit AT~ — 251t
B, AR I RIA RE I 32 IR, X B2 FM AR RLAE PN BB BRI N 1 2R K. BPR 74
TS B4 s L e RN V4 3 2 ) AU OR B, IF BAUR SRt B R 70 A B &, PRIk BPR A5
R A AR T R B R 22, T FM AR R i A A S 4 ) 22 ST e 7, mT DA BB A8 B0 3] Rk
IR ISR IR AR, PRI AE TS Bt AN A2 10 b 2 77 SR B R # WB 2 Wi b SN OR IS 4§ BPR AR,

e CFKG Ml CKE [RILELZ ARG M AE A FIIR B RORRAT — € (97T, Ui WA R1R A1 5 ek
TR O IV SR BENS 10 RS AR B G — R R AT S IR A % 10 S A s 12 ) AL L K P R R ) 2R
#AI MKFD, — AN RER R, EATEREAT R B 5 G IRAE B 1R 5 S5 28 HLIN BLHER ) ] s
RAXIFFHIT 3, & SBEA RN T I ORAF R A E K. % RN R B 5 SCIRAE R 1 P R 264 3
T2, R AKIR S ) B S SIS B 24 3] CFKG 1 CKE #82 R G 2 I 10 75 kA7 U1 25
(K, HINZREAEA LR, L fE R ERI R ARG B 5, Wi st B L RE 1 T F.

o MKFD fE A A rh R B 4F. MKFD B 22 AF 55 2 ST RIRESLEATAS 85 24 2, el Tl b il
P m R SN S IR AR m AR S TS B b A2 [R) — S0 R I R AN [ 1R, AR AR A8 s+ 746
FICHATE BT, ALY ARk B 67 FBUAME 2, AITsREh 13 8 {5 B A
A [RIIY, FE TGS b AR 7 B 2 W B AR R HEWTAE 55 I, MIKFD AR AL 7 Kb PR M AN v i3 2 il 7t
EHAR T A RIRCR.

5 R

eaM=A

AL T — b T R IR A 22 AT 5% 2% 20 i Tl AR 7 S0 B i g W B2 WA B MKFD, SE3 17
XA AR PR RO HE DT, AT il Bl 48 A N BRO0S Tl A 7 S SR B s AT W2 . S g e R P R 7 5
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9 (MEMFE) REEFTENER. (a) SPEFIRELE 1; (b) MEEFIREE 2

Figure 9 (Color online) Optimal recommendation evaluation results based on (a) fault knowledge graph 1 and (b) fault

knowledge graph 2

PGS &, N T b AR P B A 2 W A0SR, RE A RS e TS PAY e 00 A P i L. JeE e o
TG I A I A 55 SRR, RENB SR TR A e RS 1k LA R IZ A, AT AT RIAg pie Tl A=
7R BB A% W2 W U R R AN 22 B 2 R SR 0 o S 58 PR S il L. T ] R Tk Aol (s 4 5
B PR S AR A A oMb A 7 S e A kR BT S R AR AT 1 BRIE, 45 SRR W], MKFD 42
TH A EE T BA 2 IR ST, SR AR EE BORAE SR 2 W U B A T R AR T 5. 72T
B TAE R, FATHRIEFTHR I AR rp i & HL A SR R P 2 TR | Ay S A B R ) Mo 2,

B PR R AL PR RE.

SE

1 Wen C L, Qiu A B, Jiang B. An output delay approach to fault estimation for sampled-data systems. Sci Sin Inform,

2013, 43: 694-706 [SCHAR, BB %2 I, ZExk. J& T4 I O V5 R FE U R g s ftivt. wh AL 5 BB, 2013,

43: 694-706]

2 Guo T X, Sang J X, Chen M Y, et al. A fault detection method for a braking system of high-speed trains. Sci Sin
Inform, 2020, 50: 483-495 [BRK 7, e, BRNR, &, —MEES| EH s RAMEARN ik, P ERE: 88

%9020, 50: 483-495]

3 Mao Z H, Gu Y X, Jiang B, et al. Incipient fault diagnosis for high-speed train traction systems via improved LSTM.

712




FEB FEERE B3 % 4

10

11

12

13

14

15

16

17

18

19

20

21

22

Sci Sin Inform, 2021, 51: 997-1012 [V 5, WekiT, 200K, 55, 2T S0 LSTM I EE S £ 42 5] RGN AR B
2. HEREE: 5 ERE, 2021, 51: 997-1012)

Jiang B, Chen H T, Yi H, et al. Data-driven fault diagnosis for dynamic traction systems in high-speed trains. Sci
Sin Inform, 2020, 50: 496-510 [ZK, PR H, ZE, 5. Hn sl v E 35425 KGRI, hER Y 5
HAE, 2020, 50: 496-510]

Mao Z, Xia M, Jiang B, et al. Incipient fault diagnosis for high-speed train traction systems via stacked generalization.
IEEE Trans Cybern, 2022, 52: 7624-7633

Hu N Q, Chen H P, Cheng Z, et al. Fault diagnosis for planetary gearbox based on EMD and deep convolutional
neural networks. J Mech Eng, 2019, 55: 9-18 [ K, BRI, F2H, 55, BT LRSS MARE G ME M1
1T R INFAR RS 7. MU CAE 4R, 2019, 55: 9-18]

Zhang D H, Liu Z Y, Jia W Q, et al. A review on knowledge graph and its application prospects to intelligent
manufacturing. J Mech Eng, 2021, 57: 90-113 [EIK*;J‘:%, S"H)E?, PUSZiT R 25 R P AR R e 3 AT R I TR IR
Fe N T RESRIR. MU T RE2E4R, 2021, 57: 90-113]

Guo R, Yang Q, Liu S H, et al. Construction and application of power grid fault handing knowledge graph. Power
Syst Technol, 2021, 45: 2092-2100 [Z84%, HHE, XIZH5, &, FH R AL B AR ELE @A SN, BREAR,
2021, 45: 2092-2100]

Nie T P, Zen J Y, Cheng Y J, et al. Knowledge graph construction technology and its application in aircraft power
system fault diagnosis. Chin J Aeronaut, 2022, 43: 625499 [xﬁzilﬁjé‘%7 kg, FEEA, 2 N KHLHEIE RS2
W P e LR P T A R R B S . i A 2R, 2022, 43: 625499]

Cao M, Wang P, Zuo H F, et al. Fault diagnosis and health management for civil aero-engines: present situation,
challenges and opportunities — ground integrated diagnosis, life management and intelligent maintenance decisions.
Chin J Aeronaut, 2022, 43: 625574 [& B, MY, 4R, 55 AN KWL ER 2 W S8 RE . BUR. $hiks
WLl — HRZEA 20 e BRI GE 4RI B YTk, S 243, 2022, 43: 625574

Qiao J, Wang X Y, Min R, et al. Framework and key technologies of knowledge-graph-based fault handling system in
power grid. Proc CSEE, 2020, 40: 5837-5849 [F¥U#, THrill, [I%F, £, TH [0 Fe Rx 1 5 g e Ach B Py 2 R P ik HE 40 5 5
BEEARYIR. HE AL TR S3R, 2020, 40: 5837-5849)

Qin C, Zhu H S, Zhuang F Z, et al. A survey on knowledge graph-based recommender systems. Sci Sin Inform, 2020,
50: 937-956 [ )1, HUEF, FARIR, 55, ET ARG IR RAEvtisad. hEREA FEREE, 2020, 500 937-956]
Zhao H, Yao Q, Li J, et al. Meta-graph based recommendation fusion over heterogeneous information networks. In:
Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 2017.
635—644

Xian Y, Fu Z, Muthukrishnan S, et al. Reinforcement knowledge graph reasoning for explainable recommendation.
In: Proceedings of the 42nd International ACM SIGIR Conference on Research and Development in Information
Retrieval, 2019. 285-294

Guan N, Song D, Liao L. Knowledge graph embedding with concepts. Knowl Based Syst, 2019, 164: 38-44

Wang Q, Mao Z, Wang B, et al. Knowledge graph embedding: a survey of approaches and applications. IEEE Trans
Knowl Data Eng, 2017, 29: 2724-2743

Bordes A, Usunier N, Garcia-Duran A, et al. Translating embeddings for modeling multi-relational data. In:
Proceedings of the 26th International Conference on Neural Information Processing Systems, 2013. 2787-2795

Wang Z, Zhang J, Feng J, et al. Knowledge graph embedding by translating on hyperplanes. In: Proceedings of the
28th AAAI Conference on Artificial Intelligence, 2014. 28

Lin Y, Liu Z, Sun M, et al. Learning entity and relation embeddings for knowledge graph completion. In: Proceedings
of the 29th AAAI Conference on Artificial Intelligence, 2015. 2181-2187

Ji G, He S, Xu L, et al. Knowledge graph embedding via dynamic mapping matrix. In: Proceedings of the 53rd
Annual Meeting of the Association for Computational Linguistics and the 7th International Joint Conference on
Natural Language Processing, 2015. 687-696

Liu H, Wu Y, Yang Y. Analogical inference for multi-relational embeddings. In: Proceedings of the 34th International
Conference on Machine Learning, 2017. 2168-2178

Nickel M, Rosasco L, Poggio T. Holographic embeddings of knowledge graphs. In: Proceedings of the 30th AAAI
Conference on Artificial Intelligence, 2016

713



A BT AR BN AT 555 20 B b A 7 O e % WSS T T i

23 Misra I, Shrivastava A, Gupta A, et al. Cross-stitch networks for multi-task learning. In: Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, 2016. 3994-4003

24 Zhang Y, Wallace B. A sensitivity analysis of (and practitioners’ guide to) convolutional neural networks for sentence
classification. 2015. ArXiv:1510.03820

25 Wang H, Zhang F, Xie X, et al. DKN: deep knowledge-aware network for news recommendation. In: Proceedings of
the 2018 World Wide Web Conference, 2018. 1835-1844

26 Zhang F, Yuan N J, Lian D, et al. Collaborative knowledge base embedding for recommender systems. In: Proceedings
of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 2016. 353-362

27 Fernandes D, Bernardino J. Graph databases comparison: AllegroGraph, ArangoDB, InfiniteGraph, Neo4J, and
OrientDB. In: Proceedings of DATA, 2018. 373-380

28 Cattuto C, Quaggiotto M, Panisson A, et al. Time-varying social networks in a graph database: a Neo4j use case.
In: Proceedings of the 1st International Workshop on Graph Data Management Experiences and Systems, 2013. 1-6

29 Holzschuher F, Peinl R. Performance of graph query languages: comparison of cypher, gremlin and native access in
Neo4j. In: Proceedings of the Joint EDBT/ICDT 2013 Workshops, 2013. 195-204

30 Rendle S. Factorization machines. In: Proceedings of the 2010 IEEE International Conference on Data Mining, 2010.
995-1000

31 Rendle S, Freudenthaler C, Gantner Z, et al. BPR: Bayesian personalized ranking from implicit feedback. 2012.
ArXiv:1205.2618

32 Zhang Y, AiQ, Chen X, et al. Learning over knowledge-base embeddings for recommendation. 2018. ArXiv:1803.06540
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Abstract To resolve the problem of sparse fault data in critical industrial equipment and meet the demands
of fault diagnosis, we propose a critical industrial equipment fault diagnosis model, termed multi-task learning
for knowledge graph-enhanced fault diagnosis (MKFD), which is based on a knowledge graph and multi-task
learning. The model realizes the inference of fault root causes. First, a multi-task learning framework is designed,
and an improved cross-stitch network is constructed to realize the information sharing among subtasks in the
framework. Then, the interaction matrix of fault phenomena and fault root causes is constructed using operation
and maintenance data, and the knowledge graph embedding model is built using a multi-layer perceptron. The
embedding of the interaction matrix and knowledge graph is regarded as two subtasks in the multi-task learning
framework. Through the alternative learning of subtasks, the parameters of MKFD are optimized to infer the
fault root cause, thus assisting the operation and maintenance personnel in fault diagnosis. Moreover, this scheme
was verified by constructing two critical industrial equipment fault knowledge graphs based on the operation and
maintenance data of a domestic industrial enterprise, and the results show that the proposed method has good
performance.

Keywords fault diagnosis, knowledge graph, multi-task learning, critical industrial equipment, recommender
system
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