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Abstract

Relation extraction is an important task in information extraction and retrieval, which aims to ex-
tract relations between given entities from running text. Previous studies have shown that good
performance in this task requires good modeling of contextual information, where the dependen-
cy tree of the input sentence can be a beneficial source among different types of contextual infor-
mation. However, most of these studies focus on word-to-word dependencies and pay limited at-
tention to the exploitation of dependency types. Most of the existing studies have the problem of
noise in the dependency tree, especially when the dependency tree is generated automatically, a
large amount of dependency information may bring confusion to the relation classification, so it is
very important to do necessary pruning of the dependency tree. Moreover, they often treat differ-
ent dependency connections equally when modeling, and thus suffer from interference (inaccu-
rate dependency parsing) in the automatically generated dependency tree. This paper proposes a
graph convolutional neural network method for the attention mechanism of relation extraction,
which applies the attention mechanism based on graph convolutional network to different context
words in the dependency tree obtained by the dependency parser to distinguish the importance of
different word dependencies. This paper adds a new module called the Key-Value Slot (KV Slot for
short). For each word in an entity, the KV Slot module maps all associated words and dependen-
cies between them, and then assigns it a weight based on its contribution to relation extraction.
The proposed method not only exploits the dependency connections and types between words,
but also distinguishes reliable dependency information from noisy information, builds on it and
models them appropriately. Experiments on Semeval2010-task8 and KBP37 datasets prove the
effectiveness of our method, and the performance of the model has been greatly improved.
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KAZHI(RE) 25 BB R P i BT 552 —, B AE N HE DS 46 SCAR b 2 R 1) S Ak ) £ 5%
R, ESCRESCARYZIREE T ARG S AF(NLP) R, Bl SCARAZIR[1], 15 HT[2], & R4S[3], M
MEE[4) 55 B R EEEA .

BT, T HE ML RE ¥E[5] [6] [7] [8] [O1F A 5E KM 4mAS 45 (40 CNN, RNN A Transformers) 2
Eiem T RE BIAIVERE, A 5 BRSO W RGBT SIS M RRE . X B VAL R R SUE R
JITHSEE—%, A RE FRSEAENE 547 H R AR SOA IR 45 58 SR SR Z TR I 9G 2R o SR FH P2 I 2%
IR AL B RE MBI A R, 1M HA B 2R 5 AR S 2] RE KRG . ETA A%
PURIET, AREER, Rl RN, CEF 2T st 7 N ROUE 2 28 19[10] [11] [12] [13], KA
EATERML TG FH TR B PR B R R, AT AE St 5 2R 0 S e M SR IS AR X 2 R RO R o
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A RARIB[6] [L14], 5 il 24T bt 2 1 Bl A S A6 o Rk, DAAE: RO 70 708 5 Rl 2 OS2 (L LSTM
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ANBELRIEAS B & BT A B2 B R SUE BIF i e T e 75 1 14, BT DA 2 BB — i@ 2 (0 5 kR
ST RS 4 g 75 S A 7 A

BESH LA bR, AR ST AR T R A S B R 2R N 4 56 R A OB A R R R S TR R
WU (0 3 B S s SRAZ AR A PP (A 2005 2., R e] DU e E S 2 BN, AT KV Slot 4
B, 0FF Sk s AN B, KV Slot BEHORE TSGR 1 5 i B 2 1R] R e e St 38 A A7 A, SR 5 ARG
FEME XS R R BRI BT N E A B — AMUE o ARSI T VEAMURI 7 B3R 2 R AR e B AN 2R A, i L
K AT SR RS B S 2 1S B X R, T e TS S A, LR R s B 2 ST R F RS B
AR AR

2. ExTIE

R HTIE NLP HIIE S RIESE L 2 MR E BB P EEH. ©Ol ZRHF NLP /55, b
SYHT[15] [16], A ULFRER[17], FOIRAHEWT[18] [19]. XtF REL4%, MKAEHn] LASRAL B B 215 ok RFE
[6] [20] [21] [22]FUREE 5 SIRERY o AR, — ANJEAR I 1) A2 75 B 2 RPN (S 5 B R TPl 2 N 45
1 RE AL A BRARTF A NI R SE B ARAZ BT B ACAE IR 0] e 28 ARy Sk v B 47 4RURTAS T i G P38,
T 02 A2 B G 22 3 B0 RIBIER E I A L

B35 AR I 28 (GCN) AE AR At A b7 1) B G AL AN AT TR R 8 R T B A & . Zhang 55 A [114E0F 5T
" K GCN 51 RE AR 55 o Al 142 tH 1) C-GCN FE AL B 48— XL [A) LSTM JZ A1 — ™ G i R 45 #4) () GCN
2o VEE R T W0E SCRIBTRRNE, Fo Yy —AMKA7EA T Al SDP IFE 55K T [5E k i), R IC A R
B, MR P B R R . AR RUZE Kk = LIS I R R BRI [11]. Bk T — & 51T GCN 1)
RE HEZL M JE 2 T/E. Zhou %5 N[23]3&H T —Fp ek C-GCN HEZUTE GCN A A FH B9 A (1 48 426
BEAR B W P AR SRR RS, T 0 R on R S50, 1R I S P S Ay Jp L e AN ) 4 I 2% B AR 155 22 ST R
N T AEBR ARSI E AR MR R IR RAE T, Guo 25 A [24]1F1 Chen %5 A\ [25]#R 3 F Tt 2k HVEE
WU 5 2] BRI BHASHERE, IR AR S I HOR, Wi Gz . B2, BT myUmlsh = n] @Rk,
FATTI 7 VR BR AR D57 SDP RGBT A, A X IRAE I B AT AT AR EE . B T C-GCN HEZL 33
1TH)F4% RE 4F, Sun %8 A\[26]F1 Hong %5 A\ [27]#54 GCN I T #lim i L, 10 Sahu 558 A\ [28]/E#5 )
RE i T GCN; X6 FIESE T GCN 78 3 — % (1) RE 4F-5% {34 34 3 FH 12k o

ARSCEPS BRI, SR, sudk T T O RSN R AL B S B 4 N 45 T (A-GCN) B
T JG 1 7200 2 T PR A R D 246 ()R T AT LA I FH T A A BT 25 3R A3 AR A7 R R IR AR [R] B R SCsm], BAIX 3
ANF) BT AR ) B . 25, /E A-GCN JEA B SUMA —ANEi s, B KV Slot &bk, X Fsuik i)
AN L], KV Slot A HUEE B A7 IR B i) S e 2 8] AR At 1k Bl 555 1) P A7 A8, R 5 AR A0 AN AT G R BRI
MITTHR N H AL — /MU . BEI0R KV Slot SEHCAUR] T 5 im] 2 (R AR e AN A8Y, 1 FLIs v &
k(s B EM A MEEX 2 IFk, e fEmrEam@Es. 5=, A CEREmERTE
SemEval2010-Task8 1 KBP37 ##fa 4 FibAT505e, HUAS VARG IRUR . NI UEA SO 2 T
MU BT A SR 5 KV Slot BEHE 24P, B30T T TH RS .
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Figure 1. Improved A-GCN relational extraction model framework
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3.2. Transformer 1 BERT

W 2 s, ASSCfd ) BERT T ZRAR R A2 DL Transformer A5 7 (1) 2 i 284 Ay B AR 1 —Fh 22 Sy
EJIHUEI MR . 7 LRI T H, BERT FI RNN &AERURFE, 7EHATHE G 18 AR5 H 3%
PLEINZEH . BERT A K& T Transformer # 8 ) Zmfides, mHmidasth 6 MARKEHE, &—F
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Figure 2. BERT model structure diagram
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Figure 3. Transformer encoder structure diagram
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3.3. ETEBRNINHIHNEERMEMLEE A-GCN

AT WA TR, NIRRT SR I RAFEAR, VEZFAC[6] [25] [29] [30] (311 ELEI AR
OB AP L R SCRFRE, A0 n-gram RIEVELS B 7EIXEEGSHISE R, [ % (GON) & — Fif
P I 0 B R 5 AT RS RO G54, 7R 0 GON T, N AR 5 B 012 I e 5
CHIAE AT . GON HUETEN A ) T 2D bR 30 B RO EREVF 2 AT IO ] . it
GON MU ity A O R MO, ARAERE A= (a,,) 4. i = | SRHATR A 40 x, A
X, ZIAEE R, a, =1 wlla, =0. MFaFhE A Hidx . % |5 GON R4 E# i
ferh e, XHT x M R R

_o{ij( +b)J (4)

Hoeh AU A b 2R GON i (1-1) 2 x, s e, W A" & GCON iy | 2 mr i 2R b fifin
o 7& Relu 3 R 2L

I FERRE GON W4, B2 I AE AR P B & AN 1, B4k 0). FILAT%
ZAMAUbRE GON AR AR IR R R B B . R, ASSCHR T — A T 26 U ek £
A-GCN B, 53 AR At P 2y WK T SR (R R AU, WA 28 A S P S R RO 42 .
BEZ 5k, i GON BRI K 22 55 LLHT A FEH0 20 T 5 RA0E BEAT D A MR, e sk 2 (g 20t
T2k RHNHUT S5 K WA & AR A ARS8, AR SOKIXLE(S 5\ S0l A-GCN 7,

BRI, ASOI AT B o O — AR T = (1) 3, Jhrrt g X Z 0 1]
TR AR S 10 RO R (e msubj)e SR JF AR ¢ BT IS Ik N !, 525, 7E GCN [¥)
R, xR X, Z IR T LA
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Horrw ) BRI € | WUHFFIAN )RR 4

FIFRiE GCN #HEL, ZIKXEI’Ui/iﬂ% TR IR p) e[0,1]), TIARN T a9 ASZInik S, DAt
SRIX 5 AN 7328 2 e B e, AT BT AT AR R B2 4b, R SOB R BB S i (10 )
xR (h"), X E6TE DLRT K 2 50T 7E th v % i 5
3.4. KV Slot &t

Z RSB R K, AT S BRI AR AR AR 2, A SO N — AN H7 R (Key-Value Slot,
B PR KV Slot), R4 A R OC R4 5% RAEHUAT S5 1 STl R B 2 e AT IIRCE , & 545 75 B (keys) AIL{A
(values) S ., IR C RNIUE SRR S G e T R BAR A 235 I i) e

FEMRRTR B N1 R I RS 3R R 5 1) governor AT'E [ dependents FHFRic % 28 15 S
Ko RTHNGE)THRAERE AR, AT B R — SRR AR . T — A SR S R, e,
SR E, K X, O, SR AN A, 0 R X RN T RS e {12} )R TSR g A
W, AR EFHAKIE S, B BRI (own) Rl “AEATT (all) RS B .

ORI (own) i I A AT IS TR X ARER R A 2. O 7RISR, 1 SE AT A
k2 x;, 1179 governor [T 47 dependents. #X)5K governor Al dependents /v, EATS X, MR
AVENME . ARSORE %, B3 § S HRIUE BACfk si(u‘fj"") =(ki(u‘f"]Y”) v°"j” ) Horp ko oy 5 x, ﬁﬁﬁ%ﬁ@%ﬁ’]ﬁ
i, vown NEATTZ R ORISR 2R

%Alﬁ(all)E’WEH%&/“%%’[‘;T%ZIEHE’Jﬁﬁ%ﬁ%{é HENER. A THEESD, NT E, THE
A, R NEARICHE By ), BB X 5 E, BRGNP 2 [ )ROSR A2 . (e — A B
E‘JJEI%%%EPE’J%ﬂ%E B SR AT AEA T OEE B RERPIT AR R R, 52
BOZEs A LI T Bm (B4 B, i a — AN ia]) BLAOO B R /R . I e, F Bl fE s, KMt
RARBENE. A x, 105 ] MRS .ﬂﬂ’ﬁs"‘" ( @, ua" ) Hep k™) 5 X, A R
], vfj'?ijmﬂ]ZlfﬂE’]ﬁ‘i%ﬁ?%%*i

FESEAR E, EPE’J$i§Jx (ﬁfPi & x, EMANAITF IR, uell2})), BHE | RS
WAL s =(ki<;“;"> )%u 5. (kfa'; V) - Bl T FIURFATS A k() g

v HH%E]‘@JMI]E’JEAJ\ /\”lJﬂ%e e O KR 2, ASCIE I el () FI GON AL ) b ok
AT

(10)

Horrno 2 xBTS TR, ARSI LA A A B SR Y AR & ¢

DOI: 10.12677/mos.2023.126475 5224 e RSE TR


https://doi.org/10.12677/mos.2023.126475

B R

n_(own)
al™" = X (e +ert) (11)
j=1
Hr + R AR TR .
BB TR AN B R R R AL, AT AN ai(ua"), ZIMEE e, -
a = a_(own) +a_(al|) (12)

ly 1y ly

a, B KV Slot T 87 x, H#fith . K69tk E, My —A 30 x, AT L ERPE, SRt oA
LIRSS E, 11 B LFR

0, = MaxPooling (hi(u') ®a ) (13)
PRl AR S A3 BB A SR R R (00 R By, 0,183 Ep). Jiiliid BERT N G)F X Sfid, ¥ x, bt

0RO L BRI RO R, HNE] | R EGH ) A-GON B, o Y o A SCEE LT A s S
BN TR hy -

h, = MaxPooIing({rﬂ'),hg'),m,hr(,')}) (14)

B Je P — AN AT IR A W o G Bt S 380 A o 2 1«

O:WR-(hX ®0,®0,) (15)
Hepr o R—AN|R| gk, G —AMEMRFLREIER PI—FRRFEA, H Softmax B ECKE I E, A1
E, ZIMMIKRAR T
OU
f = arg max :Xp( ) (16)
Zexp(ou)

Hrp o' AR MIE O 7E5 u 4EMfE.
4. R ELBR I
4.1. KBHIESITMHIERR

ARSCAEW A PRUER R B & EREAT 505, 73R

1) SemEval2010-Task8 ¥4k, ZHEAE M 10717 My T-526, HALHE 8000 ANYIZRsLfi Al 2717
AMMRSEG], 6 RBBAHE 9 KOCHRM 1A other 2K, KRR I B HIR i a3 1 Fs.

2) KBP37 ##i4E . B4 A 17 2010 4EA1 2013 4E 1) KBP SR RS, PLA KT 2013 4 Wikipedia
BT VR B SOAR B A, BAEIZRa4] 15,917 4, WAL 3405 4, A7 19 FIARIMIE R, HpA5F
TARBC R, AR R ZRSp) kL 100 4.

TEPIAN BRSBTS R A B 75 PPN Fabs 22 WP 35 (Macro) FL (B VA5 5L . Macro & Sexf & — ANt
HFLE, SNEXITE R EECTFME. & 2 KR REE RIRIEH .

FETHE FLARPMAZ AT, MRIRIEFHFEREE4ER P MIE2E R, HHEWXQ17). (18)FR.

P =TP/(TP + FP)x100% 17)

R =TP/(TP + FN)x100% (18)
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X RLAR

F1 8 SN EHER A AR 1R AP 5%, naX(19)FiR.
F, =2PR/(P+R) (19)

Table 1. SemEval2010-Task8 dataset relation type and corpus distribution
%% 1. SemEval2010-Task8 #iE&E x R LRI MBI 0

IGREE A
S i /o S5 i EE/%
Cause-Effect(C-E) R AR 1003 12.54 328 12.07
Component-Whole(C-W) BAK S5 941 11.76 312 11.48
Entity-Destination(E-D) SEfR S H Y 845 10.56 292 10.75
Product-Producer(P-P) SEAR SRR 717 8.96 231 8.50
Entity-Origin(E-O) PR S AR 716 8.95 258 9.50
Member-Collection(M-C) R 5 H 690 8.63 233 8.58
Message-Topic(M-T) EREFE 634 7.92 261 9.61
Content-Container(C-C) NESEE 540 6.75 192 7.07
Instrument-Agency(l-A) T HS5HMA 504 6.30 156 5.74
Other(0) HAth 1410 17.63 454 16.71
psaan 8000 100 2717 100
Table 2. Classification result confusion matrix
2. PRERIBRIEER
SURIELES
FLRAE L
F(IEH) (E10800)
H TP (FLIEH]) FN (fi s )
1 FP (fiZIE 1) TN (3 1)

4.2. HEERBEITIE

N T #iE A-GCN B, =30 f#i ] Standard CoreNLP Toolkits (SCT)3EEUEEAN 4 AN A1) T X IR AERT
Txo BRI J7 V25 e 0 8 1k v s HL ] X 23 AN [R) 40O e 42 1) B 20, R A SR R 8 3 L A% S 112 BY SRR
B L 25 9C Z2 4 HUts >R TN 2 ) (OB 452, e 1D 98 2 /i 1) 32 Je AT FE[11] [12] [15] [32] [33] [34] [35]
RIjE Kk, BATEDEEPHKBER, RIAHIER;(local connection) 14 J5i% % (global connection), K
P A-GCN MRV ] . Jod, ARG 32 B 46 B G F A SER S BT A O L, 42 ) e e 0 4
AN S Sk 308 22 1) P o LA 50 % 428 (B LMK A % 4% SDIP)_E I BT A AR AR 0L, S8 B L, AN ELRRE AN
SEAR B BUR B 2  Ke o R — NS PN AR (BT “company” BT “restrictions” AT, B 4 IR
T PRI E B UA K X P AL IE A R IO AR B . 24 SDP LhA e, AHb 4 E R T RE Lb & R
EEHZ .
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Figure 4. Local connection and global connection
E 4. BEBEEMEHEER

4.3. SHKE

AL NDUAMRRIE token (( “<el>” ,  “<fel>” , “<e2>” , “</e2>” )HRARid NSRS,

J7 Yt 2 AE G AL I RS X 7 SR RO AL B, AT HR S R PERE . X T-9mAg s, ASCfEH BERT, BKAE
AN KT RIS SR, AR L NLP (T4 HHUE T it itk . A0 BERT-base-
uncased 1 BERT-large-uncased %% 2& (% T- BERT-base, i T 45 768 4EF&jl i &1 12 B2 0F & )
Hlil; XFF BERT-large, i FH 1024 4ERRyE A &I 24 22 Sk & JpLH]) . XFF A-GCN Fl KV Slot, 43¢
BENLRIAR LT AT ISR S EORI S AR, AT I 4EE0 S BERT HhBegi i & 0 4E 5T . 5T I ZrAs
RIF R E M HAGBE S B (@In, 2% >1% (learning rate). Fi# % >] Z&(warmup rate). dropout rate Atk K/
(batch_size)), HIXEEHHLFAER 3, EHANRGMEA A A S, JEEH &L+ FL HE
B 1 — (e R A A DA EOR).

Table 3. Experiment parameter
3 LUWEH

HESH {21
Learning rate 5e—6, 1le—5, 2e-5, 3e-5
Warmup rate 0.06, 0.1
Dropout rate 0.1
Batch Size 16, 32, 64, 128

4.4. BEER

TEARSZYG o, ASCAf ] BERT-base Ml BERT-large 4t % 76 7 A7 B AN A MR BY S (1 B _Eis 47k
B A-GCN BERY, xif T3 F R4 @ iERE( “L+ G7 ), MUK HZASWBE( “Full” Yfik. 4308
{3 FbritE GCN Flbpitk GAT 847364k . X ThrdE GCN F1 A-GCN, A 2R A FEEREE 1 5] 3 ).
Ak, A SO S AR AT 645 5. 1) BERT-base A1l BERT-large /F A&7 . % 4 R T A-GCN fi#d
7£ SemEval 2010-Task8 fil KBP37 Mlli{ & 1 F1 fH.

M 4 T LI AN S . B, 248 ] BERT-base B¢ BERT-large /F J&mfid 25 if, w] L %<
FIS5{UFEH BERT (I3E£k(1D: 1)M Lk, BIf# BERT JE4k 4B T RAFHIHERE, A-GCN R4 LRITh
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RERE g . R, JAHFREED “L+G” 5 “Full” YR FF 205, A-GCN LT GAT (ID: 2,3)
FifrE GCN (ID: 4. 6. 8. 10. 12, 14). W] LRI Fioul s of S v F T BUSE AN AR & B2 103 = 7
HLH, ZALH]FCVE A-GCN X 73 B A e 7, AT AR S R A AR S . 35 =, 7E A-GCN ZEHUA
A o, (bedn 1D: 11 AT BERT-base 1 ID: 11 H-F BERT-large), #)Z A-GCN 33 F1 4.
Beah, RIBASCH A-GCN B (LL R FRUER] GCN Fe2k) B AR AN 4 R E S (D “L+G 7 )& T BH
SERA (R “Full” ). 1X L8 S 45 FOR AR B, BRA ki B DA B2 1 7 QAR FH s (0, 3
R AE B 2 1) E BT BT S BEARAE ), BT RES 4 RE SIANE Z HIMES

AICAE 2 A~ A-GCN Edfih JE I KV Slot BB, 4k S mii A & . JE RIS A KV Slot £
B, EERFEIA KV Slot f, S FUB TR £R & TR S S 1A R 20 & (B IR fs 5., AN
TR A B, DK 3 R ) 46 5 SR 1 el ) A-GCN A5 7Jin_E KV Slot # 55 7F SemEval 2010-Task8
A KBP37 Ml F 4 FLAE.

ISR, A FE B A RIS A-GCN Z4 I KV Slot B /G, 4 B (own) FIAE & Ti(all)
WA B R N, FL (AR, BI+KV Slot(both). AT 1 BTN 45 & TR & AR S B TR &R
UL B, RSO eA8s 70— DA S AL R I T iR AT I . S FH AR & RIS B R A
(BI+KV Slot(all)AHEL, XA FH A IR S B R L (BI+KV Slot(own)) 7E K 2 BB T 3845 1 I 45 5.
—HFHATREMIARRE AT . BAARITUR A O RANE & DK OC R BAFAEE & o 05 A AR IR ROC &R, A4
AN AT AR S SR AR B Bl R SUE i ELAT LA R AR 42 I B R SUE B, A4
A IURKG O RSB BERI 5 SHR B G B R SUE R, X643 KV Slot (own) AT LASE I BE 47 AR .

Table 4. F1 value of the improved A-GCN model
7 4. A A-GCN HREE FL &

ID Models SemEval KBP37 ID Models SemEval  KBP37
1 BERT-Base 87.87 68.30 1 BERT-Large 89.02 69.10
2 +GAT (Full) 88.39 68.62 2 +GAT (Full) 89.39 68.72
3 +GAT (L + G) 88.53 6881 3 +GAT (L + G) 89.44 68.93
4 +1GCN Layer (FULL) 87.58 6890 4 +1 GCN Layer (FULL) 88.98 68.96
5  +1A-GCN Layer (FULL) 88.36 69.12 5 +1 A-GCN Layer (FULL) 89.56 69.21
6 +1 GCN Layer (L + G) 88.64 69.15 6 +1 GCN Layer (L + G) 89.11 69.34
7 +1 A-GCN Layer (L + G) 89.05 69.23 7 +1 A-GCN Layer (L + G) 89.69 69.42
8 +2 GCN Layer (FULL) 88.66 69.15 8 +2 GCN Layer (FULL) 89.43 69.62
9  +2 A-GCN Layer (FULL) 88.72 69.30 9 +2 A-GCN Layer (FULL) 89.71 70.10
10 +2 GCN Layer (L + G) 88.62 70.21 10 +2 GCN Layer (L + G) 89.42 70.53
11  +2 A-GCN Layer (L + G) 89.18 70.62 11 +2 A-GCN Layer (L + G) 89.86 70.72
12 +3 GCN Layer (FULL) 88.54 69.34 12 +3 GCN Layer (FULL) 89.62 69.76
13 +3 A-GCN Layer (FULL) 88.65 69.76 13 +3 A-GCN Layer (FULL) 89.46 69.90
14  +3 GCN Layer (L + G) 88.33 7012 14 +3 GCN Layer (L + G) 89.19 70.24
15  +3 A-GCN Layer (L + G) 88.72 7023 15 +3 A-GCN Layer (L + G) 89.57 70.32
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Table 5. Comparison of F1 values of the model after adding KV Slot module
5. N\ KV Slot IR [R1ERIAY F1 EXTEE

ID Models SemEval KBP37
1 BERT-Base 87.87 68.30
2 +2 A-GCN Layer (FULL) 88.72 69.30
3 +2 A-GCN Layer (FULL) + KV Slot (own) 88.96 69.97
4 +2 A-GCN Layer (FULL) + KV Slot (all) 88.82 69.72
5 +2 A-GCN Layer (FULL) + KV Slot (both) 89.72 70.02
6 +2 A-GCN Layer (L + G) 89.18 70.62
7 +2 A-GCN Layer (L + G) + KV Slot (own) 89.96 70.84
8 +2 A-GCN Layer (L + G) + KV Slot (all) 89.34 70.71
9 +2 A-GCN Layer (L + G) + KV Slot (both) 90.12 70.93
ID Models SemEval KBP37
1 BERT-Large 89.02 69.10
2 +2 A-GCN Layer (FULL) 89.71 70.10
3 +2 A-GCN Layer (FULL) + KV Slot (own) 90.12 70.42
4 +2 A-GCN Layer (FULL) + KV Slot (all) 89.94 70.25
5 +2 A-GCN Layer (FULL) + KV Slot (both) 90.32 70.54
6 +2 A-GCN Layer (L + G) 89.86 70.72
7 +2 A-GCN Layer (L + G) + KV Slot (own) 90.34 70.92
8 +2 A-GCN Layer (L + G) + KV Slot (all) 90.14 70.85
9 +2 A-GCN Layer (L + G) + KV Slot (both) 90.67 70.98

45 MBERGE

ARSCEUF AR, f#H BERT-large Znfid 28 11> A-GCN JZ2 + KV Slot #5e, K H 5 DURT AT 7 E
ST, SERACRER 6, BAINHWR:

1) CNN + PF (CNN Position Feature) [36]: A NEEAR] CNN, 5] NSLARAL B RFE .

2) RNN + PF [37]: ¥ CNN + PF H1[1J CNN & #t 2 A1 RNN,

3) SDP-LSTM [6]: Jdik BY 7 shms, 106 HUARA7 A4 A 1 s A A % AR N, R LSTM $2 R 4415 2. .

4) SPTree (Shortest Path Tree) [10]: S BYAL HEWE, 44 BERRBN 4 gk Ay SR S IR A JEAESE R 74, I
FI B BOIR 25 4 1 LSTM 4 340 T i R 4

5) Att-Bi-LSTM (Attention Bi-LSTM) [38]: I HE: = U HLIMEFH T LSTM % th =47l 35 1) - 25 )i
SURFHE

6) SA-Bi-LSTM-LET [39]: Sk AER INLG S SRR ML &, 7850 R SeRAE kAT
KAHHEL

7) A-GCN [40]: {5 FHVEE SIHLI SR T BN RS2 AR, R 1 F AN R ARl e 422

MFE 6 AT LA, ASCRERY (1 FL A 38 & T BB . AR SCRERLUE I KV Slot AEEAMUFI T B2 1]
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Z IR IR NS AY, T K TSR RS 25 W 2 015 B X TR, IR EATHET & i,
MTTTRE— 2D i 1 % A UE 55 O g

Table 6. F1 values for the best model and previous models are used
6. FERASEERMEEREN FLE

Models SemEval KBP37
CNN + PF 82.7 51.3
RNN + PF 825 54.3
SDP-LSTM 83.7 58.3
SPTree 84.4 59.1
Att-Bi-LSTM 84.0
SA-Bi-LSTM-LET 85.1 59.0
A-GCN (FULL) 89.70 68.7
A-GCN (L + G) 89.85 69.2
A-GCN (FULL) + KV Slot 90.32 70.54
A-GCN (L + G) + KV Slot 90.67 70.98

4.6. ¥ A-GCN BI{ER

TER R MBUP R IE B A RN, AEEES KB - Bk R, S48 €N IAERA
BRI PEAR N, X ATREAET A . N TR R A-GCN FLE B KV Slot #5878 J 33 Fi K B 5ie] ¢
F BB AT S5 O RR , A5 SRR 5 Sz A4k o PR 8 (B AN S 22 1] F B3 B ) K R 249 4 A [
4, FHAEREA FiE T A IR eI TE . & 5 J87R T F SemEval2010-Task8 J R4 A i) = ZH 35k
e b, YERE B U A-GCN + KV Slot #5751 1# Fil BERT-large A2 HAH B fAr#E GCN #1 BERT-large £ 2811
PERE, H AR AR R SR BE B VS L, P ST AR B9 P ST 2 Rl R AR R R . T DR E,
A-GCN + KV Slot 7E i A 4R SEf) v REAROL T AN R4 . XA LSR5 JLIF S T ARSI 7 i ae g Al
PG JE I 1 IR A R B 1 o] — L] 6 SRRSO R RIEUESS . I H A-GCN + KV Slot 5 84 [5] #:£8 T
A-GCN HE8Y, RIIASCH 1) KV Slot BLE it (i 5 /2. LAtk 5% R Hl B 7732 1 2t

95

W BERT-large W GCN

90

70 || II II

€0,5] (5,10] (10,+e2]

A-GCN A-GCN+kv slot

3
=]

~
%

Figure 5. In the instance Test model performance based on the distance (i.e, number of words) between two entities

5. HRIBELHIH A SLik 2 (8] 8935 25 (B B2 A ) MK AR BY 4 g
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4.7. BRI

ASCAE A A HOEE AR ER(“L + G”7 )1 A-GCN #E8L . Sy 1 iF 50 A b 7% 52 A0 4 R i e Xt
A-GCN g, A A A-GCN Z AT ARGER(“L7 )k & RER(“G” WK Rz T ik,
7 7 N BERT-base l BERT-large #ifd#% A [ B8 [ 525 25 R (F1 {E). 1 A-GCN (L + G)AHLL, H/H
BRI A-GCN (L)) 3k 4 J5 i #2 (R A-GCN (G)) M 2 (1 BB R (0 M RE A%, X FF & 0L, oA WA I%E
PR S EE I T 22 R LR SCRHE . Btk 2 4ME K BIAN 18 | BERT-base if /& BERT-large 4ifig
#%, A-GCN (L)#t A-GCN ()RR 4F . — AN S HE AR : AMEEMEREEZ MAERES
(l4n, P4 s “range” I “restrictions” Z [A]AJIERR). I, A-GCN (L) A AT AR 5 LAk A 5
FRE B R XE R, w1558 T WLk e SDP L HE &%, {#13 A-GCN (L)Lt A-GCN (G) A
A ELFBOR

Table 7. F1 values for models built with graphs of different styles
F 7. ERAEARREZRNEEN FLE

ID Models SemEval KBP37
1 BERT-base 87.87 68.30
2 +A-GCN (L) 88.89 69.26
3 +A-GCN (G) 88.86 68.86
4 +A-GCN (L + G) 89.16 70.62
5 +A-GCN (Full) 88.70 69.30
6 BERT-large 89.02 69.10
7 +A-GCN (L) 89.70 69.98
8 +A-GCN (G) 89.38 69.54
9 +A-GCN (L + G) 89.85 70.72
10 +A-GCN (Full) 89.70 70.10

4.8. KV Slot {&3RE50

ZHTHIEEEE B T A IR A S KV Slot £ —Frial AH oG 1 ERE Rt . ASGEfEH KV Slot (all)idid
BERT-large SEHL Al =Pkl & 8 105% T SLIR 4 R (IR | — M Rim m 050 . sl R s
B, A RE MEH KV Slot (A ERIR T A H A-GCN MY . Hoik, BRLFEAH A E T, KV
Slot (own)IPEREAEZAR T KV Slot (all), X3 B Sl AR RE % 25 A AL R BRIkt . 56 =, T
SANEE N AR RIS AR R A5 S (BP AR I (own) . £EA T (all) =i # #4 (both)), AN ST B AR A
T BERT 4k, I H 44l Sl ORI 4R & TR (S ST, F1 /350 e (I + KV Slot (both)). iX— W52
SEJUIESE T BRI AR & DK EE B DTER,  DLRCARSCRI A & . 2809, T KV Slot (both), {ii
P S B O e B8 2 SRR ZE I 45 B T KV Slot (own) U IESFAH [z« — Rl AT BEFRIARRE S, T KV
Slot (both), PN SEAAR 2 18] )R 2 BOE A RK I OC R O &m0, 5 m B B¢ R A £ 5] N5 1A
ARG E: X KV Slot (own), FIFH B SRR 0G5 Fo VA5 2 W 79 S S A 2 [A] P06t % 1% 78 i 5
Z L TXER.
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Table 8. F1 values measured using dependencies of different orders

7 8. FIATNEIM B RBIBUNEH F1E

Models Order SemEval KBP37
A-GCN N/A 89.86 70.72
1st 89.92 70.76
+KV Slot (own) 2nd 89.87 70.75
3rd 89.94 70.78
1st 90.08 70.96
+KV Slot (both) 2nd 89.96 70.87
3rd 89.93 70.79

4.9. HRASCIE

ErHER) GCN AL, A-GCN AN J7 AT 1 etk s (1) A5 FH VA SEOML 1 X A (3] AR A st o 2 1 A T LAt
(2) FERTFE A IR, VRGNS B AT D . N T A A SRR AN AN A s (R AL
BT TR A ) B S, A S AR R (B 5 5 BERT-base Al BERT-large £ 5 2% (I XU A-GCN (L + G))
BT TIHRE T . 2 9 03K T AN FRE A SEIG E 1, HoAR U] BERT ZEERIbR#E GCN J#E (A
EALHI AR I R RIC T T RIE NS . SRR, 580 E BRI B ALH SR AE B)
SQHE RN R EXHAIEEE, R IPLHT A-GCN FISZm K, X A-GCN [X 4 H EE
TR R B S AT B8 I 7E 5% R T S S L ME . Wid 10 iR, 78 A-GCN FERLIERE |, #8n KV
Slot fibh 2 J5, WARMESAE SemEval2010-Task8 Al KBP37 ¥ I F1 (89 hn, RCRE L, XA R

PERE LA IR, FTEUInA KV Slot k.

Table 9. Results of ablation of attentional mechanisms (ATT.) and dependent types (TYPE) in the A-GCN model
9. 7£ A-GCN #RE P FENHHI(ATT) AKX B (TYPE) R HRMMIR LR

ATT. TYPE SemEval KBP37
Baseline 87.87 68.30
J 89.16 69.87
BERT-base X 88.07 68.96
N 88.50 69.42
GCN 88.62 70.21
Baseline 89.02 69.10
J 89.85 70.83
BERT-large X 89.26 69.98
J 89.37 70.12
GCN 89.13 69.84
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Table 10. On the basis of A-GCN model, the ablation results of whether to add KV Slot module are carried out
%< 10. 7£ A-GCN R EAL E3FFREEMA KV Slot {R3RFHITIHR AR SR

Models I KV Slot #Hk SemEval KBP37
N 90.10 70.72
A-GCN (BERT) (FULL)
x 89.70 70.10
N 90.15 70.96
A-GCN (BERT) (L + G)
x 89.85 70.83

5. &ARIE

FEASCH, $RH 7R AROUE BT % R A-GCN + KV Slot 7572, %775 i 0 M a2 [

HRERIIHUE], 0 R RIS R R I A A =, AT BE 4 A7 X 7 B B AR UE 2, IR A R
file WILXFEAE, A-GCN BEGS BN A MAFR FIHAOERE 2], IMEBIE BB (KA. KV Slot 1)
SR RIEL 22 ST A MBI AR TR B R R B A N B T AR A B R T80 7 RS SEAR, RS A\ 5]
TR S HXE R AR SRR, SRS 2RISR ARG, XX EAE B HEAT A ATINAL,  JF

R T RARBULSS b FEHRE ERISLIREE RA TR, ASCHITT A R, FEPA T

S AR T RAF MR, ASCBURRAEDT A SO HUR S LI ZRIRI, 752 RRIBFIC, JRA A
RO B SORR S L
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