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Abstract: Relation classification is an important subtask in the field of Natural Language Processing (NLP), which
provides technical support for the construction of knowledge map, question answer systems, and information retrieval.
Compared with traditional relational classification methods, deep learning model-based methods with attention have
achieved better performance 1n various relation classification tasks. Most of previous models use one-layer attention,
which cause single representation of the feature. Therefore, on the basis of the existing works, the study introduces a
multi-head attention, which aims to enable the model to obtain more information about sentence from different
representation subspaces and improve the model's feature expression ability. Otherwise, based on the existing word
embedding and position embedding as network input, we introduce dependency parsing feature and relative core predicate
dependency feature to the model. The dependency parsing features include the dependency value and the location of the
dependent parent node position for the current word. The experimental results on the SemEval-2010 relation classification

task show that the proposed method outperforms most of the existing methods.
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7 A ST % TS A 2 A K R 5% R AT LA
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FEE 25 ST IR R TG, o088 IO 4% A 50 T 03 I PRI 7 4% 256 R 4
FATSs b FHHUAS R I ARSCAE I SRt b, B2 H
Fe T2 SkiF = AL (multi-head attention) AN [r] 4 JH
L2 00 2% (Bi-LSTM) FHES £ XS4 O 2R 43 JSM AL,
AL FE DTN T

(1) 5l N\ aulti-head Attention. & /& self-attention
() —Fhdt 2, Refe 2 AN F4EFETHE attention, AT
SR AE AN [] 173 8] 7 ST R ALE.
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Kambhatla®45 A5 5o 45 203l ICRHIE . A3 0
FRAE, FIH i KA R AR R 43 25 8%, 78 ACE RDC2003
(VPR AR b, B2 F AR T 52.8%. %77
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4K 8 45 ACE RDE2004 VTSR b, 545
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1F 5% e B S8 B R A N 2% 3 ) % 21 RHE. &
ST — i 23 (End-to-End) F W45, 2% W 48 51
[ S i) [ e AR R R AR 0 B) T B AT Y, SIS 45 SRR
Y, 1IZEAAE ACE 2005 $# 48 b (11 RE LL 4 i g S
R TAZ R B BLAL ) F A 9 AN E 43 AL Zeng DI 45
N A T 36 AR 25 0 28 MR SR AT 9% R 402K, AT
i BT TS TE R RS AR b e 18 R EE I A [ &
(Word Embedding), - & #4415 & (Position Embedding)
FIABR PN . B % BB SemEval-2010 {155
8 HIVFINEE4E M F A ST 82.7%.

LA 2% (CNN) BIRTE R R I EIUT 55 1 HUAS
TAEERIRIL, SR1M CNN A& & BA K FE B RS 2
12 5] JEER AL R 48 (RNN) 3& A T e LA KR
AR %) 1) R, AE 2 B A E A FEE Y 2R ) A, % B R ST Ak
A2 B BR 1. N T U IX A [ B, Hochreiter Al
Schmidhuber £ 1997 42 KA FHEIZ N 2% (LSTM),
Z M2 IS N T T4 B0 R A AU RNN (18 2T
Sl @R 3 Ah, A OR B T b 48 N 4 N s T AL
(attention) FHZS & FIBL AL 732 M E R R RAE
5% b R IR R R N SR R AL ] ) — AR
L, He 0 7 B 1% AL PR AT, Bahdanau %5 A5 5L
FN HAENLES BT 55 b s R AL g iz
iRz T 3% A NLP -2 1. Zhou P 2 NPHE 1 —Fh ]
F R AP KMANZ M 2% ATT-BLSTM. % B2 | A K
FLIN A2 W 28 0 0] 1 EAT AR, JF45 & B E P
(self-attention) R — L4l #E 6] 1 Hh B 115 LA B
Tt THET self-attention, 7] LAAS 3]~ P 8 1] 2 [A) 4 4t
KR, FiIRA) T NS5 M. A SCRIAE FEAE SCER[9] TAEY
Femt b, 512 kiE = ML (multi-head attention), F
A5 A2 AT 2 IR self-attention 115, 7] LUt — R E 5L
STV e i

2 3&F Multi-head Attention 1 Bi-LSTM (1]
KRG RAE

AR F A K AE FHEIZ M4 (Bi-LSTM) X SCA
REAESEAT SREARE. 754 18] [ 2 AN AR XA B ] A4 g I 248
JRH N B b, 1 — 20 2 R AR A BV A X
2O V8 T KR AR AE 51 N X 28 B N 2 K3 AN REAE 5
NHNJE R R A2

(1) MAF AL A1 T AR B b 48 7 SCAR )3 45 14,
It HL S B H P > S A4 2 [B) L B R 42 1 08 BRARRALE

(2) REWFFRY, X — AT RrE BT, 20
TR TR B SeR i L 2R3 SR G Rkl s B o0 2
TR RO, AT b A A 3] 455 A 0 U T D R T AR R A A —
b B KRR, X P AR DG 2R 00 SR A1 A e B H S AR [ )
KAFHIE.

[ B 72 WX 2% % 1 /2 51 N\ multi-head attention.
Multi-head attention H Vaswani'' "4 A3, 3£ T Self-
Attention. Self-Attention 38 it T1 5 &A1 AT A 18] 1I3E
B TR SR A R A) 7 K FE S K. BT multi-head,
e 4T 2 ¥R Self-attention 5, & K1+ E I FH 1Y
WS R R AN R], e R — O R R AT B, 1N
% multi head TF & 45 R, % 5 F 1 multi head
attention 1 #1.3k self-attention AH LL, ‘& A L2~ 3] 2Nk
SRPEE, T AN ELERE, AR 28 A R R AEHRFE. f e
K 2 AN RAEBEAT PHEJ AT R AE AL &, AT DAY
B PP E R R IR BE 1. SCHR[ 11 R SE a6 45 R 3R
B, A FH RSk v R LI AT DL 2145 3 4] - N A 1Y)
HEe K BR B9 AR DG 2R, T multi-head attention B T REf%
DIBRIX R 2] R ) LA, H 2 Re i PR ) - 1) A)VE AN
B EAE B, A SC 5] N multi-head attention
SR, SRt — g e R AR RE ), TR & SEAR O R
Ir NG L.

SCARTRAL B Bi-LSTM
G FFIEFR I {}
. Multi-head
P 7 S m— 5 > — A‘t‘te‘nﬁf; :>||
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ASCHIRER AL A DUR 5 AR o3, B 45 K 1B n 14

2 B,
(1) SCASTRALFE . REAEFEHE.

(2) Embedding Z: K X 4 4 N\ 1645 i RFAIE 4 35 1k

S ORARYE A SRR,

(3) Bi-LSTM JZ: f# A Bi-LSTM Xt N5 24T

AL, BRI i SRR R R,

(4) Multi-head attention J&: # 4T £ X self-
attention 15, JEH 2 RTH 545 BLEAT P A 2 M
55, KA L) T AR IER R,

(5) ¥t J2: SRH SoftMax HIE/E N7 2588, ¥ £ —
AAFBFRHE ] B AR 5N, 7T RIS BB 208 R 28001,

i =

Multi-head
Attention /2

Bi-LSTM JZ

b_h;

w/ hr Embedding 2

...... @ N

|W|PF|DP|DEP|

B2 B

2.1 XATARGIE, FHIEHRE

PA"<el>M-Fi</e 1>/ <e2> Bk I </e2> 1 7" A,
fd FH WG TR LTP X4 1 #EAT 43 38 UK AE A1) 25 43 1T,
S5 9L B R, ECCL T = ANVREE:

(1) AHXHAL B RFAE PE. B )7 Fr 43N0 43 59 31 iz
M1 RIS 2 B BE B L) R A S AR 43 ) i
FI7y <ok, BRI B SA 1HFT IR S PF1=10, 1,
2,3, 4}; BN B SR 2k BE & PF2={-2, -1, 0,
1,2}

(2) WRAFH) 4 4E DP. 45 4E DP A5 P & 4
DP NAME 1 DP_PAR. DP_ NAME %3k B4 — AN id]
TEA) T R AR A1 @ PR AE, T4 61 4) 1) DP_NAME=

{SBV, HED, ATT, RAD, VOB}; DP_PAR 3k 4 —
A ] BT AR I 3] AE A - i &R B, IR A A )
DP_PAR={2,0, 5, 3, 2}

(3) AR AZ OB I KRR AE DEP. AR4E ) rh A~
] 5 %0 T 1A 2 R AFE O OC R, 4 DEP R AR HUE 73
N =: DEP_S(#% 0181 A& £), DEP_C(#% 0218 1] 115
&), DEP_O(HE). & 5 & ol f) i #Z 08 1] ™,
A8 %1 4] i) DEP={DEP_C,DEP_S,DEP_O, DEP_O,
DEP_C}.
2.2 Embedding =

€ f) 1 S B T AR, S = {wi,wo, -+ wr ), X
FAEAN T w, BB ICTURRAE, Fle/ 2R, Pl < j<S.
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B ANREAE T E L P REAIE 1) 556 B 43 31 g (wverd . wpd
de_name, de_par, Wdep}_ Wword € Rdwxlvl, Wf € Rd"XIVfI’
d" &R ) B 4E T, VIR O Bodl AR AL &R N
felpf.dp name,dp par,dep}, d* &t NRFHE ) & 1) 2
JE, VFRORRHE £ BUE 2 54N H. wrord i — AT
SA 07 1 ] i R R, G AR AT 1 R A SR PR B AL
WA T7 R TR a6 A, A =X (1) 041 i %A
RHIEHEAT Embedding, 73 28 AMEFAE H M) R LRI,

el = Whiv/ (1)
Horp, v R w, LR 5 AR AE Ak HUE B X R 5 4.
AR I 10 ] AT R B 459 ) o £ 1 AL
Rore;. 2%, H]F S 7& Embedding JZ HI% H

embs ={ey,e, - ,er} ()

2.3 Bi-LSTM 2 -

LSTM f& RNN 5 RSk, E30  31 AT 1 7
5% RNN K 33 gt S TG AR JEE 9 2. — A
LSTM S50 HH =N TR, 20 A2 %N i, ST f A0
Wi T To,. LA fiEembs = {ey, ez, erME NTN, B
t VBN BT %, by RN B — B 2B RS E, e 3R
N BT — B Z 40 PR SR O RS A, THEES ¢ B 203 % B 1
LSTM &/ MIRASA:

ir = o(Wyie; + Wyihy_1 + Wejcim1 +by) 3)

fi=oWyrer+Wiphoy + Wepciy +by) 4)

g = tanh(Wyee; + Wieh—y + Weee—1 +be) 5)

Cr = itgr + frcr-1 (6)
01 = 0(Wyoxs + Wiohi—1 + Weocr + by) (7) !
h; = o,tanh(c;) ()

S Bh b, A B BT 2] LSTM Bt J2 IR
) fa HAB Ay . AEARSCH A 22 Bi-LSTM. #4517
LSTM " ¢ B 2 B JZ RS AL N f_hy, #4517 LSTM
oo I 0 B SR A B B A bk, iR 2 Bi-
LSTM % « It 2% tH A8 A
hiy=f h+b h 9
2.4 Multi-head Attention 5
Multi-head attention 4 Jii i /2 #E 17 2 X self-
attention TH5, T AT DAY AN [F] FAE -1~ 1] SR HEE
Z JZ T WRFE, AT AERE R RS i3k A R 2 1) R
W AF B Multi-head attention BRI 5 R a0 3 Frows.
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Multi-head attention

( Linear )

k
Self-attention

@ 3 . Multi-headattention

(1) M selfattention T34 (71555 1 4675 — A
SR, Bt Bi-LSTM J2 B A I %) i 1i) & 40 i
[h1,ho, -+ hr) AR RS r RoR %2 B AW HAE, T
HdREmT:

d=SoftMax(w” tanh(H)) (10)

r=Ho" (11)

Hooh, H e RIT | g2 Bl 215 80, w R — A3 50

B.ow, ORI r MYEFE B Rd", T, d". &1 self-
attention T 5L, 7] LIS 2 BLYK attention %y H 4FAEEA:

h* = tanh(r) (12)

(2) Multi-head attention 5. &I HEAT k IR self-
attention 5. fEIFH R, £ XFC(10), 7E 48 R AE
FH O, 6 B el HttAT = B A, w3
W e RV e (1,2, k). SERE, A UCAEHEAT 30
self-attention i LI, #5420 H H04E FEHEAT FE 46, HL
multi-head attention 115 ] PAFATHAT. H4b, ACfEH
A2 ey = JI AL, 3R vy B AL AE S B AT B
A5 FH v FE LA RO R B e, TS AR T B R AR R B I
R IV T B SAS FEA A Z R OR, A I SR T
TR B RE R IA RE 7. A X (10)~(12) #EAT & Xt
B VAR S G w SR AR IR H 5 Bt AT P
FERNLENE WIS, 759 31 B 24 25 By

hy = wy® Concat(hy,hy,--- ,hy) (13)

b, [ wl4EE Rk x d, @ RoniE TR k.
2.6 MHE

ERLH, RESEA—ANZHEEE. FH
SoftMax BRI H A — MR R AR, 285 10U
R 2R o K AR P IS 1) 28 59 4 kg T 00 i 28031 T 5
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pup =y (I
p(Y'|S) = SoftMax(W,hs +b,) (14)
y =argmax p(y’|S) (15)
yl

Hort, W, € RO ¢ FORBARAERIENAEL H brpsi B
reti A L2 IEMALRISRAIBREE y (500 BALLoR bR 2

1 = 2 2
Jw>=—E2;nk%@J+MMb (16)

o, m ZFEARRANEL, 1 € R — AR T IIH) one-
hot [a] &, y//& SoftMax i i #5 fm) &, A2 L2 1EN
(AR

3 SREIR ST
3.1 LR

AR H R SemBal-2010 fE55 8 HHGHEE. %
HURAIE A TOFRRIKT, Jortt o F2 B i1
R, — MR R R “Other”. HUHEHEH IE4T 10
717 S N AR S PRI R 2 50, L5 8000 4
PR, 2717 MR AR % RAEHFE 1 FR.

®1KRRRN

o KR
SeAR- B ARR FR
AR R
A R R
LU-HHRR
PRISEX S S
WNE-TUERR
THAHH#HRA
PGLERAR

O 00 9 N L A W DN~

—_
(=)

TP
P=TpiFp a7
TP
R= TN (18)
R P. RIEIERERIFIE:
2PR
Fl= PR (19)

3.3 ¥R E
ARSI M A AL [F AL TR Adam, e 2
A E Y 1.0, WO B HCE D FeludRBL, K21 A
d"BE 9 300, REA B iR\ TR/ A 50, B
batch K/INA 50. B4R T BRI IA LR, 7E B AR
BN L2 1E AR IR, 1E A6 5 BUE 1075, R 5]
A dropout 5. ¥ dropout ¥ 1 7E Embedding /Z. Bi-
LSTM JZ, & Z 5528 CRA 5 #rag XaeiE), 24 %69
K (dropout rate) 4374 0.3, 0.3, HA AT LA R — AN L
B EIPERE. Multi-head 2 T IS4 & BB IS RS /)
HALF, 2% CER[ 1111555, B[ 1, 2, 4, 6, 10, 15,
3011E AR (k EERE MR AN BERR), KA 5 #7238 IR
JIETEA B R e, SR 45 AN TR FR. G A, &
2k AHN 4 WA A AT DLk B — ARG R 1 e
X self-attention = EY k = 4 I multi-head attention %X
RZ, HBEAE kE B AW, BRIV RE = T . Hux
L K 1A 4 1
3y kg R

\l,

i

3.2 LWITNIERR
TEARSELS TR B 5 vEbR4E F1{E (F1-Score)
VE R BEVPAN PR AR, 35 2 o st TR G A .

K2 RE R

k \ F1(%)
1§ J £ ¢ 83.9
\ 2 84.3
‘4 85.4
6 85.0
10 84.3
15 83.8
30 83.1

e L
H

=51 53]
1L TP(FIER) FN(B 1)
Sl FP(fBUEH) TN(E )

R FUEZ AT, T2 H AR P, B X
R, tHEARUT:

34 LWHER

N AR SR 5 L e A R R AT O LSRG, B
AR SR R — iR AR, R R EN 10.
RNN #&8, ATT-LSTM BERY 1) i N i) [r) 5 A7 5 )
B K RRE AR RO R B AL T Tk
SR 5 AR S HOR E R0 534 CNN
AR KRMSERE S H 0. St g Rk 4.

CNN: iZ A2 SCHR[ 7182 H 1. A8 CNIN 4] 7
BEAT AR, [F) I 5N B RFEATECRHIE, [ SoftMax
VBRGS0, B&SER 4 P 1{EIAF] 80.3%.
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RNN: iZ A8 Y S SCHR[ 13742 HY . 48 XL R RNN
AT R R, [ SoftMax 1E A4r258%. Fr &SIy
SR FEIE T 81.5%.

ATT-LSTM: iZ A SCHR[9]42 . Al F XA LSTM
P T REAT L, RSN B EE LS,
SoftMax 1E N7 J5 8. A SLInLE R F1 HIAE] 83.4%.

K4 TR

it F1(%)
CNN 80.3
RNN 81.5
ATT-LSTM 83.4
ASLTT % 85.4

DAE DUFP SR AE b, ARSCEEH I 5 VE R A FUEIA
F] 85.4%, ¥ T UL B =M. AR SO 5 DL =
BERIAH L, 7E embedding |2, #t—30 5| N T A& Z M1
5. 5 CNN Al RNN J7¥EAH b, AR SO 4 [ 8 45 14 R
FAIXE) LSTM. X4 LSTM L ONN g i3 oA
Wi 5 8, B A A O A 15 RNN A B,
LSTM Jiit 5] N TH MU, 22 1 55 784 i B 9 2% n)
.5 ATT-LSTM #ER A L, A S ALK FL2 self-
attention N multi-head attention. £ _F iR, A 71
7t embedding JZ Rl 7 5 INFEE WAL RRAE, 8 Al
FHOUA) LSTM i A 22 21 5 2 A K AR 1 R ¢
{5 B, £ & J5 i attention =, 18331 A multi-head
attention BF— 03 TR AR IE RIS BE /). 8 SR
BAE, A E# — DR T SRR R BB

4 HEE

S NI RO T P 25 SRR (1) 3 RAMEDT v

i, {81} Bi-LSTM 1 multi-head attention HLi| X}
AT R, R A T AR 7B 27 5] 3 A i
SR B, I N P M GE A AR L 1 i
PR AL 7623 HEVT I TRT b 19 S2 060 45 SRAIE 0 277 i
HE T oAb FE 2 ST BEAME Bl 6 — B4R, Rk
TAE AT 5 03— 25 B0k attention DA SUMATA A
S FH B W85 50 BT AT L

S 3k
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