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Document-level relation extraction of a graph reasoning embedded
dynamic self-attention network
LI Yunjie', WANG Danyang?, LIU Haitao'*, WANG Huadong*, WANG Peizhuang’

(1. Institute of Mathematics and Systems Science, Liaoning Technical University, Fuxin 123000, China; 2. Institute of Scientific and
Technical Information, Chinese Academy of Tropical Agricultural Sciences, Haikou 571000, China; 3. Institute of Intelligence Engin-
eering and Mathematics, Liaoning Technical University, Fuxin 123000, China; 4. Department of Computer Science and Technology,
Tsinghua University, Beijing 100084, China)

Abstract: Document-level relation extraction refers to the extraction of all entity pairs with semantic relationships from
documents and judging their relationship categories. It is different from sentence-level relation extraction, where the de-
termination of entity relationships needs to be inferred from multiple sentences in the document. The existing methods
mainly use self-attention for document-level relation extraction, but the use of self-attention for document-level relation
extraction needs to address two technical challenges: the high computational complexity of long text semantic encoding
and the complex reasoning modeling required for relationship prediction. Therefore, a graph reasoning embedded dy-
namic self-attention network model (GSAN) is proposed. With the aid of gated word selection mechanism, GSAN dy-
namically selects important words to calculate self attention, achieving high-efficiency modeling for semantic depend-
ency of long text sequences. At the same time, it is considered to construct a document graph with the word selection as
the global semantic background, entity candidates and document nodes. Then, the graph reasoning aggregation informa-
tion of the document graph being embedded into the dynamic self-attention module enables the model to model com-
plex reasoning. The experimental results demonstrate that the proposed model is a significant improvement over other
baseline models on the public document-level relation dataset CDR and DocRED.

Keywords: document-level relation extraction; graph reasoning; dynamic self-attention network; self-attention mechan-

ism; gated token selection mechanism; document graph; graph attention network; key word
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Fig.2 Graph reasoning embedded dynamic self-attention network model
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3.1 HiE&E G RINERER | RS N AR o B R A

b 2F =9 9 K R B 48 (CDR) /& il Li %057
A, HA & 7 1500 PubMed B4 22, I 945 1

TARTE AL — PP SR SC R R, BIAL~2 24 i
PG Z (B RAFAET 2R AR
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SCRE RO F Al R R 4 (DocRED) Hi v #2 K
= RIE T AL B S A ), SO R R TR T
AEHE AR Wikidata, B8 T B2 L ZAR D NE
6 SF R, A 96 AR RN B 2
BE TN TR A A W B w0 Bl . FEA
g, ORI TAREMEE S, Wi s T
SCRY, B R AR IR 3010 1 W43 LI R4 | B4R N
M4 .
32 SEIEE TR

B AR B A 23 JF AR GAINTT LAl I 52
W, R H GPU V100 158 B fy SE s m iR 6 .
S SCAS F A st gm R FH BERT Tl 2518 5 4K
A BRI A8 AdamWBY, HALE B 1L R
13107, % 2] 3 13107, BREIAY BERT Z A HiAth
SRR R R <107, BIRUR I HA K
AR B EE B, Hrh EEEZ 5N
1, H BRIk 2 MR
S (H=2) 256 4Ekqm a4t . KA S8k 5
GAINPY fRFF—2, X T84 4 DocRED, il
#2741 > BERT-base, &% ] AUC(area under curve ) {H
A FAEPE R EE b5, HEA I Nl R4 rh
AR RAAEES, X IS4 B HER 5 U0 21485
RCRFE AT AUC [EM F,{H, 5090ic 4 Ing
AUC {51 Ing F, {6, X T CDR #4i 4%, R HIKG
F(P) . ARIE(R)F FEE IR, R H
5 Wang %552 A [5]  FiAb BE 5 X, 4% 5 DocRED
AR TR ) &A% =X, 55 3CHk [32] AR TR, X 5L BERT £
AU [A] B ¥E$% BioBERT-Base v1.105%, HiAE A=y = 2
AL L EHUIZGAR, HASH E PR
RFE—3,
33 E&RE

1) X R SE CDR, R H DL T SEHERLAY

GCN (graph convolutional network)®; — i ]
FH B A MR AR Sy T i A BT R 28 A A i
TRl F R R MU

Ensemble®”): Zhou 2557 £1 % CDR £l £ 45 R
TR ) s SCRREAE B G R IR 2%, %07
PR3 TR IR . B AZ | P 8 X 2% 55 Oy 1k 1 4
GREAL

GCN-MEM (maximum entropy model)™*; Fi| H]
B BRI 2% il e KA 456 s

Graph-Kernel®”); Panyam 50 8 K T —Fh
GCANESE i) pr

Bi-SAN (self-attending network)!'"; —FhJLF H
=T 28 ) B O RO 2, R AR
JIXF K SCAS R 7 50 A IR AT AL, AR T

I FH R M I 4 552 300F i 44 SEAR RN SR OC R
T, 3 FEL A L A R SR 2 S T DG AR Y 5
Uent

Stack-BiLSTM!“"); —Ffi & T £ /> BILSTM 11
JEW M2

Umls-ScispaCy™!: Li &4 £ X% CDR %4 4
TR T F SRS 35 5k, 2056 0 T B i 554K
P& S REAE IE i A 1 B S

A 0] 1 I #57Y (edge-oriented graphs, EoG)!'";
T A= ) U0 SO 205G R AIBULE 55 h SR B €5
BRI R &R0 K, 985 R A T A
RUEATHERE; 12 148 I BB A M 25 (attention-
driven GCN, AGCN)!*>*#1 2 H i ] 7 2 3¢ & A1 it
R BBAL, JFl i B Y g e &
4k,

Seq2rel; Xf X R $EHUfH ] Seq2seq 22, J&
BT R E B AL AT R, B
LML EA LR RIBRET

BERT-GLRE (global-to-local neural network for
relation extraction)?; — it [&] 1 25 ) 48 LAY | 22 Ty
2 SR 1Y 42 Jmy A Ry BB 7S L 5 G R R s e
AR LA N SO (R B T i . S IR 2
FBAS SCHE A FFACHS FAR [ 15 BE il b dpris 1T
MY SEE 25 R, S5 OCHK [32] A A RG22 R,

Two-Phase-BERT": £t X} DocRED % i | 4k
T BERT A7 B B 300 7 32, 1 4% 39000 5 44 2 1]
AR R, SR G BN AR X A7 AE 1 SR 51

GCN, Two-Phase-BERT . EoG j% 3 i J5 ¥: 1
CDR (S50 45 K H Wang 5652,

2)EF X $di 4 DocRED, [ T Two-Phase-BERT
EoG. BERT-GLRE #h AR HIAN T fY HE R AL

BiLSTM: Yao % 7£ 42 i DocRED #4541
(] Fof 285 10 1 L R AR AR 100 S 30 25 2R, o LR
CNN., BiLSTM 1 8 SCA Fp 9 4t 4, IF45 24
A FROR ), SR JE TR SR AT O R
ST, Horh BILSTM REL AL . MOk, % TAER
PEAL T SRS O R A ( Context-Aware ) 5 7l
[ S 6 255 SR AR FH LSTM A N S i # Z2 4b, F)
P AL R AR O 3574 0C R A% Bk s 1) 1 N
) 5 ZR Hh IR BE

BT BERT K A il HRORE Y 456 R ) 4% b il
I Zhi = BB S SORY 9 110 2 B 25 2047 OC Z il
X, X277 B2 RoBERTalP*! BERT? Fil Coref-
BERT™,

BERT-LSR (latent structure refinement)®?; i i
H 3l A4 iR SCRS IR AT ¢ RAERE A~ o [A]I
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PEAL T H A 2 i kR LI g5 AL, A 2
GATEY, HARE 7 8  5 J HL 2 2T A iy 45
¥ 5 P 2 B A 42 M 2% (graph convolutional neural
network, GCNN)! | HE i a5 3 45 4% 422 44 8 S0 2
K, SR 5 I OC 3R A TR 48 R A 7 4

BERT-HIN (hierarchical inference network )%:
K HI BERT fii 15/ Sy in) o) o, A4) )23 K 4 W07 ) 2%
M3 AN Z T (SEARGL AT R SCR ) 0 R A5 B
HEAT G R

RSMANPY: — i 3¢ F 4 $2 St M 2%, il
b XA OC R AN [F] S A48 R AT R 1 O 1

GRACR (graph information aggregation and
cross-sentence reasoning network)?'!; 5t BERT X}
SCAY AT S A, 8 o ) A SRS 2 RN 3R SR b B
A S A 3 TN R R A L, IR S AR R A
X B 8 i /) S ARG 22 () 1) 5 ZR R AT

BERT-GAIN (graph aggregation-and-inference
network)®*!; F| F BERT 43 51 XF SCA4 #E 17 g b, SR
Ji N ST i e 2 H o VR D 2 R AT e B2 ), 2 )R
FE Al 1B SR IR ) 1 SR 2 1R R 285

DL EJE T BERT RYRERL, 1R 1] BERT-base
KN TN G ARL, B 12 28 43k L 768 B2
4

34 LBHERSHR
F2 R 3L W TR BB GSAN 43 G 7E
CDR Fil DocRED WA~ EU4li 45 L acmi g I . IR
rRn] DUWER B A 2
F2 ENHBIEECDRYTHER

Table 2 Experimental results on the document dataset

CDR %
st P R F,

GCN@B! 52.3 72.0 60.6
Ensemble 57 64.9 493 56.0
GCN-MEMP*! 55.7 68.1 61.3
Graph-Kernel®”! 55.6 68.4 61.3
Bi-SANUI' 55.6 70.8 62.1
Stack-BiLSTM™! 45.2 68.1 54.3
ScispaCy!*! 53.7 63.3 58.1
EoG!" 62.7 66.3 64.5
Two-Phase-BERT"? 61.9 68.7 65.1
Seq2rell*®! 68.2 66.2 67.2
BERT-GLRE 65.1 72.2 68.5
BERT-GSAN 80.7 74.2 77.3

E IR 25 B LA 2R

X3 TEDocRED #{iE&E FHWLWER

Table 3 Experimental results on the DocRED dataset %
- IS IELE MR
Ign F, Ign AUC F AUC Ign F, F,
BiLSTM™ 48.47 47.61 50.94 50.26 48.78 51.06
Context-Aware!™ 48.94 47.22 51.09 50.17 48.40 50.70
GATPY 45.17 — 51.44 — 47.36 49.51
GCNNU' 46.22 — 51.52 — 49.59 51.62
EoG!'"! 45.94 — 52.15 — 49.48 51.82
AGGCN™ 46.29 — 52.47 — 48.89 51.45
BERTP — — 54.16 — — 53.20
RoBERTal*? 53.85 48.27 56.05 51.35 53.52 55.77
Two-Phase-BERT?? — — 54.42 — — 53.92
BERT-HIN™! 54.29 — 56.31 — 53.70 55.60
CorefBERT!?! 55.32 — 57.51 — 54.54 56.96
BERT-GLREP? — — — — 55.40 57.40
BERT-LSR? 52.43 — 59.00 — 56.97 59.05
RSMANE 57.22 — 59.25 — 57.02 59.29
GRACR?" 57.85 — 59.73 — 56.47 58.54
BERT-GAINE? 57.56 55.60 59.78 58.74 57.00 59.46
BERT-GSAN 58.37 54.56 60.58 57.79 58.11 60.64

TE: RN ZS R AE R
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e b B 48 756 2R 30 S B Tgn F A) BB A
SR A B AR AR, B JF BERT-GSAN A1 osof /
EL 252 30 sk (0 H13E, BT B S A TR R < as

2) SRS ZA IO TR RO MR S A AR T e
)T B AT I, UM TR B ) T4 0.40 ~ BERTbase
) SR AR 55 1745 1 e i e, A bis I

TR FRIT AR A H 2R 1 Sl U Bk
FT 2R R T0IN (] A A BE 8% T80 i /) - 114 S AR O
%, 3, ML T BERT-GAIN, CH fiF# BERT-
GSAN F4 #7478 745 5 B 1] 7 o5 19 SCRY &, AT 5t
PSCR R i 2 R A B T, 19140, BERT-GSAN
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3.5 RAARNETZER R L L1e

Ry VA AN [ 18] [ £ 2 A5 i %o A Y P B 1) 52
M, T DocRED £t #i4E, 43l 1l GloVe. BERT-
base fil BERT-large Y% th 7 hy ] 1] & 2 7m iy A
F| GSAN e [ a2 i) [n] & e n B, 78 I 2k
i XLEEAS [H] JE 3 ( Epoch ) AR AU 76 Il 25 45 BB
195 (Loss) A UEAE I SCAY ¢ R BUINMERE ) &
B, SLHEERE 3 s, HIE 3(a) TLLE H,
BERT il 2545 145 GloVe T I 245 51 451 2 i 8
R, 2 B OR F I ki S A A BERT AE R
SCAS G i i (A AR AR S 2 A TR TR SE i iR )
AR (REL T BERT 78 SCAY 56 & i BUT 55
(3 K TR BE 71 . & 3(b) H 7R BERT-large 1%
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2t L 3 I 35 T 1 ol 2 X 4% g A A6 G 2 A A 50k
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Ti] g FAE AT LU R Y (A e 8, [ B 4 T e o 22
IR 2% 11%) 0

10 20 30 40 50 60 70
Epoch
(b) AR TR F, 2k

B3 ARG EEE X8
Fig. 3 Comparative experiments with different pre-trained
models
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