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Attention graph long short-term memory neural
network for relation extraction

ZHANG Yong, GAO Dalin, GONG Dunwei, TAO Yifan
(School of Information and Control Engineering, China University of Mining and Technology, Xuzhou 221116, China)

Abstract: Relation extraction is a key technology in information acquisition. The sentence structure tree that can cap-
ture long-distance dependencies between words has been widely used in relational extraction tasks. However, existing
methods still have the disadvantage of relying too much on the information of sentence structure tree and ignoring ex-
ternal information. This paper proposes a new graph neural network structure, namely the attention graph long short
term memory neural network (AGLSTM). The model adopts a soft pruning strategy to automatically learn sentence
structure information useful for relation extraction tasks; then the attention mechanism is introduced and combined with
the syntactic graph information to learn the structural features of the sentence; And designed a new type of graph long
short term memory neural network to better fuse syntactic graph information and sentence timing information. Com-
pared with 10 typical relational extraction methods, experiments verify the excellent performance of the proposed method.
Keywords: relation extraction; sentence structure tree; syntactic diagram; graph neural network; AGLSTM; soft prun-
ing strategy; attention mechanism; LSTM
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k=6 84.6
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3) XL j) LSTM AR+ 7 L] (BILSTM+Att)™:
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Table 2 Experimental results on TACRED %
sl P R F,

LR 73.5 49.9 59.4
PA-LSTM 65.7 64.5 65.1
SDP-LSTM 66.3 52.7 58.7
SA-LSTM 68.1 65.7 66.9
Tree-LSTM 66.0 59.2 62.4
GCN 69.8 59.0 64.0
AGGCN 69.9 60.9 65.1
AGLSTM(ours) 74.0 62.2 67.5
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WA LS5 B o

55 5 OB 45 480 110 1 28 P 25 455 Y Tree-LSTM
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Table 3 Experimental results on SemEval %
s F,
SVM 82.2
CNN+Att 84.1
BILSTM+ALtt 84.0
SDP-LSTM 83.7
PA-LSTM 82.7
SPTree 84.4
C-GCN 84.8
AGLSTM(ours) 85.3

HH Et TACRED %045 4E, SemEval %54k 5 () £
ARFBLEL /N, AT 10 717 £80H8 . k3 3 a1,
FrHE AGLSTM #5570 7E /N AR 3 2 42 SemEval
W RE A A A R . 5 3 T HLAR 2% ) (B A
SVM H L, 7 Folt 35 4ot 22 19X 265 A5 784 1) iy BB 72 0
AT U FE. XU, & 24iE UfE B
B0 3 5 A AR 1) 2 ST A AR HE B, R 56 FR A
P45 S 77 A T AR K ), T P 25 I 6% A5 70 5
PEAT TR SCAE BB o 5 88 T 0 45 ) 1 it 45 )
L8 (CNN=+ALt, Bilstm+Att, SDP-LSTM Fi1 PA-
LSTM) Ml I, AGLSTM i /5 F, {H4> B4 e T
1.2, 1.3, 1.6 il 2.6 5 FE TR 45 Fa) 11 it 425 Do 246 A5
Y SPTree F1 GCN #H b, AGLSTM A ) F, {77
BIHEE T 0.9 10.5, X FEEF N, A HiX X}
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BPEAE LISl M g5 % . £ XF TACRED %4
45, MR 3. 1) MR LSTM 2/, AGLSTM
W F AT RET 1.8, X ULEA, Al LSTM Xt HEAE
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Table 4 Ablation analyses on TACRED %
Fi Fy
IR A PR ARA AR S 67.0
MERLSTMZ 65.7
LIIERES Al 65.8
AGLSTM 67.5

%R 5 SemEval H{iEE FHHBMARER

Table 5 Ablation analyses on SemEval %
TR F,
MR g A S 85.0
MERLSTM)Z 84.5
IR )Z 84.2
AGLSTM 85.3

50U H, 76 XF SemEval BU¥E 4 AT 43 B i &
M, Ko i LA R B LSTM 2 . R T
JZHF, AGLSTM 1 F, 8 bR {EAIH Fr R, X LekR
Vi, b 3 NS ZERR AR 2Rl T SR

K FHBC & R 2080Ti A9 54~ GPU HEA 7B A
Y, B 4.5 s T T 4B R FE Ab B B4 4R
TACRED F1 Semeval s} i fill 43§ B I 2 4, 7]
PLE B X 2 B4, AGLSTM #E 8L 1z 17
1284 51 653 min F1 76 min; X4 5 BBk &
LSTM JZ | f) F25 ¥ 05 BN 2 S pL il sk, #5580 A
YR () 494 T R AIG 5 4 S0 3, 2 B 5 & L
il i5F, AGLSTM iz 47 i 8] A% 93 20 W B i A BH I o
XU I, T T AL A S AR R AT AR B A R
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Fig. 4 Model training time analysis under the TACRED
dataset
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Fig.5 Model training time analysis under the Semeval
dataset
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Fig. 6 Results of the sentence length analysis
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Fig. 7 Visual analysis of the attention mechanisms
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