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RET—AHATHEE AL G FEHTAMNF % LAT-GAT(Local Augmented Temporal-GAT) ,iZ 7 5 R &% 5 %A% . &
P EMEA T BARY SO ET EAEARNOFERER. 5T ERAFERTHES. HBARFNGT SHIE, FIT S FHw
MG A R G LAT-GAT & H% BT B £ FH L A G B EB IS, M % £ L —ob 8] &g o b 48 R 5 R 2] & 37 8 1)
HAFAER Am FAT N FHEBN ARG, REARE HE RAFKFHRAABRAEFHHBEL, 5 4
RAEBEER T FHATTHER, FREREAN . LAT-GAT EAANBRUB LA FLFoHRKTAL S F; E4B KT M
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Event Prediction Based on Dynamic Graph with Local Data Augmentation

PAN Lei',LIU Xin* ,CHEN Junyi* , CHENG Zhangtao® , LIU Leyuan® and ZHOU Fan®**
1 No. 10 Research Institute of China Electronics Technology Group Corporation,Chengdu 610036, China
2 School of Information and Software Engineering, University of Electronic Science and Technology of China,Chengdu 610054 ,China

3 Information Industry Technology Research Institute of Kashi Region,Kashi, Xinjiang 844099, China

Abstract Event refers to activities that occur in real world at specific time and places. For instance, unrest, violent terrorist at-
tacks, natural disasters and the spread of infectious diseases, will bring great threats and losses to national security and human
life. If the occurrence of such events could be predicted more precisely and effectively,the impact of negative events will be mini-
mized,and it is possible to maximize the benefits of the positive events. It is still a very challenging task to predict events accu-
rately. An event prediction method named local augmented temporal-GAT(LAT-GAT) based on graph attention network is pro-
posed in this paper. It uses conditional variational encoders to generate new features, which will be concatenated with the original
features to new one,based on neighbors of the current node. With this approach,our model can utilize the propagation structure of
events. In addition, the chronological order of events occurrence is considered by our model. The feature of events in last time
point is integrated into the output of the neural network in current time. The temporal property of event propagation is exploited
through temporal data integration. And finally. the proposed method is compared with a number of representative baseline me-
thods on the real-world datasets,including Thailand,India, Egypt and Russia. The results show that LAT-GAT has the best F1
scores in all datasets. The recall of our model exceeds that of any other baseline methods in the datasets of Thailand,Russia and

India. In Thailand,Egypt and India,our model achieves the best precision. Ablation experiments are also conducted to investigate
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the influence of the model parameters on the final results.
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— 2T E L A DO PR
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5.1 HUIEEME

SR R A TG LR E R mi A7
(Integrated Conflict Early Warning System,ICEWS)M1 ,i% &
Gy LU W00 | DAk R0 TS0 [ K0 N AR SE AL L e e BT R
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PR SO BRI R F M HE T WE AR BT ER T
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B R S8 o L ED B R KR B R 2012 — 2016 4F
[, 2% R 30 9 50808 S 2010 — 2016 4R Ay, EREEAL T 15
AT R B A E A A T AT Ch I E D s H P B
BRI T BT R AT A BT AS A OCIRTT . BTSSR SR
BT (Protest) . HABSETHE B2k 1 prail,

1 HBESRIHER
Talel 1 Dataset statistics
X A 1 AR IE 4 17
247457 172731 21472 7941 13531

SCRY B 7 B0 AR bR D D G A S0 B RO 1R 51 R
7% B 1 AR AR T AN G A5 LR Y B . (AR R B
3 1 5N ], JHL AR DG 14 1) B4 A 9 RS ) 4 A 1 1 R 31 L
2yJg 5:3, f F 70 % 09 I AE U 2 B L 15 %0 1E S IR iE 4R
15 %4 it 4 .

5.2 EWiEE

AR SCHR BT b RE % E AT S £ T Y kA S 2Ry
L FERVRE P B 4 1 5 R SOy itk AT X b

(DGCN: R A GCN W 2% xF 348 3 47 T, R 2%
R R A5 B 00 B TR 4 AE B BT ARG BT s BOHE F — Tk A
FR,

(2)DynamicGCN:; B 3C ik [20 ] b 482 21 /4 Oy ik, 78 B A
GCN JZ R A I — i Z0 % Hh AR AE 5 DT 34 B0 A1) 35 14 4% 48 1
B4 B H Y,

(3)EvolveGCN T, FLyT i A 4 B 4 % GCN LAY, & fif
FH RNN sk 3tk GCN S8 T2 B P 51 1 s & . A 2
— 0 A AL B S B A R IR A

(DOHGT™Y  HALFE T S BB S50, LR IEE &
MR . HGT BIAT HHF i (] 2 5 5 AR S Ak B85 45

B REAFE NS S S WE, ER LIS RS BT SCEE
A . 5 TR EVECE P Y R AN WA AL Y B AT X g e
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(5)GWett™) , — Bl i v (14 58 38 O 1k 00 0 A8 280, FRATT 5 0%
BRI ek 3y o 4 =22 W] DA FH T A4 SO 5 A 0] i e

SR TR AR ST R A TR R £ Ty vk 1 AR R AT I AR L AR S
fEHTHERZE F1 AR 3 FIEM s, £ %% T LAT-
GAT #5580 250 6F 15000 4 16 % (Accuracy, Ace) B 52, 28 3C
it ] Adam Optimizer X} 7 A BB AT I Sk, e A7 BEBL (9 )
R B SR N BN : Dropout Rate =0. 2, Batch Size =5,
Learning Rate=1X10"* ,Weight Decay=5%10"". % F i
BT, KA E Eary Stopping =10, B R (1 3 B 5%
RAnRAE 10 AU 2% Inl L A WY BE 4, W45 0k I 25 LA
By k2 WA . BT A B BN B R F I N Tteration= 50,
5 A Y S G 25 S 8 5 Uk BE PSS 56 9 F M . DL
5.3 MEEILRMERSN
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B PC XT3 A5 vk #EAT T WKL 23 BT SO BT 4y (F1-
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PigE LAY SEIe 45 AL, 1IN 28 B0 R “ P L7 (Protest) F -, Horp
T GON {77 1 %8 LAy sk %5 40+ 8 1 =5 71 1] 4 B0 AiE IF: 1
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Table 2 Performance comparison on datasets

Thailand Egypt Russia India
F1 Rec Prec F1 Rec Prec F1 Rec Prec F1 Rec Prec

GCN 0.7304 0.7281 0.7363 0.8291 0.7910 0.8683 0.8040 0.8506 0.6843 0.6232 0.6981 0.6296
DynamicGCN 0. 7644 0.7766 0.7526 0.8477 0.8170 0.8807 0.8120 0.8232 0.8011 0.6803 0.6987 0.6629
EvolveGCN 0.7712 0.7604 0.7621 0.8501 0.8030 0.8765 0.7650 0.7905 0.7003 0.6103 0.7002 0.6501
HGT 0.7701 0.7502 0.7754 0.8498 0.7960 0.8801 0.7720 0.8006 0.7256 0.5962 0.7156 0.6431
GWet 0.7521 0.7601 0.7831 0.8510 0.8040 0.8902 0.7830 0.8123 0.7385 0.6901 0.7103 0.6699
LAT-GAT 0.7849 0.7767 0.7935 0.8514 0.8043 0.9043 0.7885 0.8343 0.7475 0.6946 0.7196 0.6713

Hi 2% 2 AT A0 A GON (977 %, 724 Russia 5 4 3
I K 3 T B v B9 UE K (0. 850 6) , {H JH At T A ST T B[R]
15 B I IR AR T A 48 R LR T U T GON i 07 i, B W
P ESF [i) 40090 R A 804 T 1 00 1 P E

5 DynamicGCN J5 3% # I, #£ Thailand #1 India % #5 4E
L LAT-GAT B /9 B0 1 fiE 48 45 35 & F DynamicGCN, JU
HAE Egypt FHEEAE L, i5F T 0. 9043 (i1 % ; 78 Thai-
land, Egypt 1 India B4 I, LAT-GAT ¥ 748 7+ 4
3. 7% ;7€ Thailand 5095 % b, MERI R S 2T 8 5% 7
Egypt BG4 I AUH FIREF A 1%, BHERZ R
T AR SC T HR AR R KA T T R E

5 EvolveGCN J5 Ml e, LAT-GAT 16 fir A Bl 45 i
FIHEBE T EvolveGCN, — 43 A J& EvolveGCN fif #] i

B4 B () 248 By ko T Sz L TR G Ok A B A Y A E R
A ERS O, 5 —ER 4 R R 56 RNN Y v s = A
S 114 T 5 2 5 B HC O O R T 3R AR 1 s S LR L B
U 25 JE T 22

5 HGT FiEAH M, A 3007 k78 e A £ 48 1 iy R D
AL, XAER N HGT B4R F I Y 52 B 18] 8RR AE , I A i 5
BT ARAT 19 A EUE B (R T A R e = X
B4 T b 1R AE BRI R A L DA T S BE 7E BHE 1 T4 3 R Y5 AR A
B 0 A B0 AR B4 23 )R E R R E 5 B S B0 B0
BT W2

B Ji AR SO IR A B S R RIS AR TR
% GWet, #0 JFE GWet B BT 07 % & #E 47 3¢ 30 3 2
W 3% 5 A SCH IR 5 B ARAS ), 5 3O AE 4 5256 op i M e
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T T3AN FRE M 12 1k VA ) T A B AR R e I 5 2 40
PR3 555 95 5 22 ) 9 25 1) R AE 5 B () 5 AE DL K 85 1] Y 32
P RRAIE » DT 3 3505 22 U 2Rl SR R A

Russia #8842 B A — a2 BORE5R V. Ok 78 40 % 1 i AR ¢
HAE L 5 T B B AR R D R R R R A TR
TEHTRE LA AM F A AN A — i B P S R K A 0 3
BR3¢0t R AR ST B i 7 G 2K R HE 4 b R IR R i
STRATBEA LA (0 T O 1L 4% 1 1R 15 B L 4% 45 4 15 B AT LU
B
5.4 HEALIG

HJ1 T W55 Temporal-GAT 457 (1 45 A~ 241 BB 43 19 BTk, T
MTHEAT 7 — S0 B 2 IR T 4 FhSg IR B F AOBIR P i

(DA Temporal Integration {H %A CVAE fy# (-C).

(2)H CVAE fH¥ A Temporal Integration % (-T),

(3)# CVAE HIl Temporal Integration (455, {H H {ifi ]
CVAE #47 — W% J5 Ze R H (CT-O) .

(4)4 CVAE #l Temporal Integration Y5 &Y, {H H i
Temporal Integration #£47— W I &k, JF A H (CT-T).,

(5)4 CVAE FIl Temporal Integration [ 5¢ 245 ( Tem-
poral-GAT) ,

7 Thailand, Egypt, Russia Al India X 4 A4S [&] B % 1
A L F1 LA ERFORS B 5R 48 bR 4 A A S iR B
HIPERESEAT T VP AN OF 5 o B AT T R, H A A n
F 35,

%3 BUREE R RS
Table 3 Ablation study on datasets
Thailand Egypt Russia India
F1 Rec Prec F1 Rec Prec F1 Rec Prec F1 Rec Prec

-C 0.6904 0.6881 0.6903 0.8091 0.7810 0.8083 0.6704 0.6906 0.6243 0.6122 0.6801 0.5896

-T 0.7514 0.7266 0.7226 0.8357 0.7770 0.8607 0.7020 0.7932 0.7211 0.6403 0.6587 0.6129
CT-C 0.5004 0.6001 0.6501 0.7096 0.7020 0.6823 0.5903 0.6801 0.6024 0.6544 0.6905 0.5402
CT-T 0.5231 0.6705 0.7014 0.8254 0.7540 0.7804 0.6732 0.7541 0.7001 0.6143 0.6501 0.5921
LAT-GAT 0.7849 0.7767 0.7935 0.8514 0.8043 0.9043 0.7885 0.8343 0.7475 0.6946 0.7196 0.6713

R —A P, RAI1EHR T CVAE. B E T Tempo-
ral Integration, Z55FR M, SRR T A B R B4 LUK
JETE Russia BUEE R KIE T FE, X2l T Russia 1
PEAE DY REAEL A R CVAE L1488 0o 40406 8 47 700 4k 3
AR AT B, X R W CVAE 76 3 o Jay #8735 5
FEJ7 AR A B OCTEZ MR, B B9 B 2R A R Hl 52 i T A T 1y
PERE

TEH A28, F {11 2 BR T Temporal Integration, {H

BT CVAE. Z5REIER, 5588 BRI L, 3 Us 18
RIGERTA ERZB RS LR RIS TR, XRW, BR
CVAE X F 34 5 Ry 3 s R AR E 2 B ANl Bk AR 6%, a0
4l Y5 Temporal Integration it & A g 55 0 e 43 P GE .

HEHE=ZALE P, KA E T CVAE fl Temporal Inte-
gration, A Jffi ] CVAE # 4T — R4k, G 8L A, 4550
FW] L BIRVIE A [ S AR S B R R 0 3 R, BT R
PEAETASEEZR PR NIE, xR, SE CVAE X T
O R R AP AR EE A A T R AR AR,
H 2 CVAE X4 (1% 10 Ak B 1 AR 18T A A 75 2338 5 A W 19
YILRA BE 3k 15 38 & BB 09 o 1F 18 00, [ b 77 22 3% S 4
CVAE VAR e fEEBE

R MEALE L, AT T CVAE Fl Temporal Inte-
gration,{H Hffi ;| Temporal Integration ¥ 47 — Wl %k, J5 &&
A S5 R R AT T A S 00 R A i M e AR R
MR TR TR BEOOR T4 = AN 500, sxt Ao) —Mlm 3560
ANt CVAE i J2 Time Integration, 2414 i 43 55 fifi F #6524 400
Wt 2R 8 R U LR A AT Lk 80 s O O 4 /Y 1l A
SRR RIS MRS (GAT) = AR 25 B 88 1% A S

B2, X IR T LAT-GAT B8t CVAE A
Temporal Integration 4 1) 5 2%, (LA — & FHAE —
LA 5878 B A — 2L A 88 2 W A R R b 2 ) A TR 19 4 L AR 2

R DI 2 AT A A B 2 P A 7= A A R I AN A, B
FEAR B v R i 405 CVAE il Temporal Integration -4 P
Y25 A I P 4L 1%t F O fb kg s e L,
5.5 HWEFRERKIHHTN

AR SCHE T AR AR O RR R, 43 R AR HE A O e TS A
(CVAE) i 8B R AT [ Wi B2 > ket 50408 30 47 700 Ak 3 1 48 2%
BRI LA e ) FRASE AL 194 F0I0 1 R L S 22 1R Y 22 SR AR B 28 X
R o B PRI pR B (B AR . RO AT A5 308 (AT TR 7 4
KREUE . SZHAS IS5 R0y )a &, FATAE 0 4 T M PR 58 W
43451 % R EI Y A8 A e AR A A B R R R, A O R 1 s L R AT
P25 — T B R RBUTRT 7 7R O LI CVAE K58 — 3 4 i)
LI F RN LI Cross Entropy , ¥t R 1 B 81K Fom Ry
LIAlL,

MNIEL 3 (1 45350 4 45 2% R 00 A2 b b W] LU Y LI CVAE
B T FE R AT L | Cross Entropy 5 L 1ALl 3% M 5
— A0 T B A 3B RS R v (3 T A R 4 1 AR AR Y
IR = A T 50 A 5 AU S

3000 — LICAVE

—— LI Cross Entropy
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K3 K R AL A
Fig. 3 Variation of loss function
KT HEAF IR IERATA B AR, AT B T Time Integration
A ALOR A S5 H o gt 2, LA R 4 Fros . DB AP g
B (728 Ak e n] DLAS i, B S ot R A R Y Ak B
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LA T AN A7 PR IV A A G 0 A 1 7 A ) ARG 5 it 2 A
R,

3000 — LICAVE
L| Cross Entropy
2500 — LIALL
2000
2
S 1500
~

1000
500 \

e
0
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4 KRB AL (2 BR Time Integration)

Fig. 4 Variation of loss function(without Time Integration)

5.6 WESHHM

ARICEXT LAT-GAT 854 2 B0 118 1 B8 19 % el 3 47
THESE . FRATE A e P D 2 R o 2 48 X R R
R, HH Parameters B S HOMAL, K HE T E
JIZM R, S AE Thailand ZUHR 4 L AT, HE5 R W% 4
g, WTLUE B RO AR B RO A — EAREE L
AR S B — B flan, ZE RO 2
I 7 BE HER SRR T 1% A SEERAEINT 3L,

Fo4 AR BN HE O R Y R

Table 4 Influences of layers on Acc of model

B % Acc Parameters
K=1 0.8516 27385
K=2 0.8587 47785
K=3 0.8410 68185
K=4 0.8410 88585
K=5 0.8657 108985
K=6 0.8551 129385
K=7 0.8693 149785

HWKASGET Batch SO EL Ace (520, Ho45 2R 10
# 5 T3, Batch #8758 — A VI 4R %8 [ 45 B AR AT A 18T Y4
H. TEAWIFEH , Batch T LR S — WO R4 |l e, 45070 4R
BRI, SCR AR R BIBITE Batch=10 i, 7] LI
ARAFAR i A 2R CAce) . I 3 W2 B Y 358 A4 1) 2 4 A M0
Z UBRE S & B 1R 2 8] B AL B R AE L 75 A B0 15
%

5 Pl RO T VT S A 3 0

Table 5 Influences of graph batch on Acc of model

Batch Acc
1 0.8551
2 0.8445
5 0.8445
10 0.8587

S5 A SCHTGE T Dropout Z:06 50N M 8 5 (14 52w ,
ZE RN 6 Frd], Dropout 38 78 & — A~ Yl 2k 58 [0 H, Bl AL fih
IR H Y AR S IR RS B L L SR O TR R R B REAE AR S, 32
R BB A GROR IT IR 3 SRR B A B e R — R E
0.5 LLF . AR T B & T 1A B AR Y SE AT R AR
5 BBy B8, DX T LA 4d ] Dropout 2 BB 8L 41 3K [ & %) /]
PR 42 1 R A AL By DL IR T S A R A R M SR &G
T AR Y LAT-GAT 7 Dropout HUH 1= B AR s 7 5 %

HRE G X AE— B AR LB LAT-GAT #5580 B A R 58 1 bt
e shpe I me e,
% 6 Dropout i % B R i 2R (1) 52 1R

Table 6 Influences of dropout on Acc of model

Dropout Acc
0.1 0.8551
0.2 0.8516
0.4 0.8551

BRIE  ASCRM T MR T R A R S S R A g
PRI AL AL A5 AL S AL R 454 S T A A Y
A AR L S 3R T GAT (Y J i A ofe 35 04 k47 10300
TF B 52 2R R 4 1 AR SCHR HY B9 B B AT 38 L 5 A
AR s B i 9 B R 7 1 AL T GNNs (1 77 35 #E47 X L. A
R PERE R B _ B0 E T A SO AL R . AR SCREAL AT LA
LR T e BONATE 55 o AR T AW TR S R 8 £ 1%
AL 55 b o FEROR Y TAE Hp L FRATHG B 5 U0 A7 42 4l 22 B 2 0 2
I By A ZE TR 2R, AR I R IR 28 0 25 A i A S0 5 1kt A/ e
BF 5 o) 1) =F 6 094 S B AS B Can B R ) o 5 SOR 247 6
S XL
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