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Table 2: Dataset and graph statistics.

#Nodes . Avg. Feature Avg. Label
(Fraud%) Relation  #Ecges Similarity  Similarity
RS S R-U-R 49,315 0.83 0.90
. SRS & | 45954  R-TR 573,616 0.79 0.05 .
. Ef%;;% Sl s o o o AT B R M ST SHIRTE
= ALL 3,846,979 0.77 0.07
© SHAT » UP-U 175608 0.61 0.19
- BRARERVELLA) S | 11,944  USU 3566479 0.64 0.04 : . A et TS A
g (9.5%) U-V-U 1,036,737 0.71 0.03 @;gyﬁ%ﬁgﬂg EII\E*'{Z'SL:FleiMi&I«:F-Lb
= ALL 4398392 0.65 0.05

Table 3: Fraud detection performance (%) on two datasets under different percentage of training data.

: : Graph- | Genie- | Player- | Semi- | Graph- || CARE- | CARE- | CARE- | CARE-
Metric |"Train%)| GCN | GAT | RGCN | ¢,k | Path | 2Vec | GNN [ Consi|| A#t | Weight | Mean | GNN
5% 1| 5498 | 56.23 | 5021 | 5382 | 5633 | 5103 | 5373 | 6158 | 6608 | 7L10 | 6983 | 7126
aue || 10% | 5094 | s5as | ssaz | se20 | se29 | soas | ses | 6207 || 721 | 7102 | 7185 | 7331
20% | 53.15 | 57.69 | 5505 | 5612 | 5732 | 5156 | 5155 | 6231° || 7326 | 7432 | 7332 | 7445
= 40% || 5247 | 5624 | 5338 | 5400 | 5591 | 5365 | 5158 | 6207 || 7498 | 7442 | 7477 | 7570 o s
2 5% 1| 5512 | 5468 | 5038 | 5425 | 5233 | 5000 | 5228 | 6260 || 6352 | 6664 | 68.05 | 6753 F NS PR ZRE
Recatl || 1% | 5110 | 5234 | 5175 | 5223 | sa35 | s000 | 5257 | 6208 | 7238 | 6835 | 892 | 6777
20% | 5387 | 5320 | 5092 | 5269 | 5484 | 5000 | 5216 | 6235 || 6834 | 6907 | 69.48 | 68.60
0% || 5081 | 5452 | 5043 | 5286 | 5094 | 5000 | 5059 | 6208 ||| 7113 | 7022 | 925 | 7192
5% | 7444 | 7389 | 7512 | 7071 | 7156 | 7686 | 7025 | 8546 || 8949 | 8936 | 8935 | 89.54 =
aue || 10% o 7525 | 7ass | 7413 | 7397 | 7223 | 7573 | 7621 | 8529 8958 | 8937 | 8943 | 944
- 20% | 75.13 | 72.10 | 7558 | 7397 | 7189 | 7455 | 7398 | 8550, || 8958 | 89.68 | 8934 | 89.45
g 0% || 7434 | 7516 | 7468 | 7527 | 7265 | 5694 | 7035 | 8550 ||| 8970 | 8969 | 8952 | 89.73
E 5% | 6554 | 6322 | 6423 | 6909 | 6556 | 5000 | 6329 | 8549 || 8822 | 8831 | 8802 | 8834
| Reeanr || 10% | 6781 | 6584 | 6722 | 6936 | ess3 | s000 | 6332 | 8538.| 8787 | 8836 | ssaz | 8829
20% | 66.15 | 67.13 | 6508 | 7030 | 6508 | 5000 | 6128 | 8559 || 8840 | 8860 | 8800 | 8827
20% || 6745 | 6551 | 6768 | 7016 | 6541 | 5000 | 6289 | 8553 || 8841 | 8845 | 8822 | 88.48

Yingtong Dou, et. al. 2020. Enhancing Graph Neural Network-based Fraud Detectors against Camouflaged Fraudsters. CIKM 2020.
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Figure 3: The training process and testing performance of CARE-Weight on Yelp (upper) and Amazon (lower) dataset.
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Figure 4: The testing AUC and Recall for CARE-GNN with
different neighbor filtering methods during training,.
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Figure 5: Parameter Sensitivity. For each parameter configu-
ration, only the best results among 30 epochs are recorded.
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1) Observe the current state and reward:
State = s; Reward =r

00 01 2) Update RL function:
] RL « (State = s, Action = 0.5, Reward = r)
z 3) Predict Epoch 2 action:
H A 1.0 Action = RL(State = 5) =0.8
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Fig. 4. One layer Reinforcement Learning Forest.
Hao Peng, et. al. 2021. Reinforced Neighborhood Selection Guided Multi-Relational Graph Neural Networks. TOIS 2021.
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Yelp Amazon
Model - — - —
@8 AUC Recall AUC Recall
5%  10%  20% 40% | 5%  10%  20%  40% 5%  10% 20% 40% | 5%  10%  20% 40%
GCN 5498 50.94 5315 5247 | 53.12 5110 53.87 5081 || 7444 75.25 75.13 7434 | 6554 67.81 6615 67.45
GAT 56.23 5545 57.69 56.24 | 54.68 5234 53.20 5452 || 7389 7455 72.10 7216 | 6322 65.84 6713 65.51

GraphSAGE | 53.82 5420 5612 54.00 | 54.25 5223 52,69 5286 || 7071 7397 73.97 7527 | 69.09 6936 7030 70.16

RGCN 50,21 55,12 5505 5338 | 50.38 5175 5092 5043 || 7512 7413 7558 7468 | 6423 67.22 6508 67.68

N GeniePath 56.33 56.29 5732 5591 | 52.33 5435 5484 5094 || 7156 7223 7189 7265 | 6556 66.63 6508 6541
/ Player2Vec 51.03 50.15 5156 53.65 | 50.00 5000 5000 5000 || 7686 7573 7455 5694 | 5000 5000 5000 50.00
Em SemiGNN 53.73 51.68 5155 51.58 | 52.28 5257 52.16 5059 || 7025 76.21 7398 7035 | 6329 6332 6128 62.89
GraphConsis | 61.58 62.07 6231 62.07 | 62.60 6208 6235 6208 || 8546 85.29 8550 8550 | 8549 8538 8559 8553

'lﬁi GAS 54.43 5258 5251 52,60 | 53.40 5326 5337 5161 || 7140 7749 7451 7103 | 6431 6457 6208 63.74
ﬁj\ FdGars 61.77 62,15 6281 62.66 | 6283 6216 62,73 6240 || 8558 8541 8588 8581 | 8583 8573 8584 8593
*)'-—I- GrathAS” 52.93 5469 5673 5446 | 5240 5415 55.69 5616 || 7101 7248 7352 7605 | 6917 6948 7035 70.16

GraphNAS 53.26 5531 57.15 55.59 | 53.69 5547 56.04 5700 || 7241 73.04 7358 7625 | 7036 7053 7173 7188
Policy-GNN | 5404 5573 5930 60.60 | 53.08 5535 58.75 5999 || 7220 73.30 74.11 77.20 | 70.10 71.20 7308 74.44
Policy-GNN | 55.75 56.29 6001 6152 | 54.15 56,16 5895 6033 || 7369 7406 7529 7885 | 7134 7246 7455 76,70

CARE-GNN | 71.26 7331 7445 7570 | 67.53 6777 68.60 7192 || 8954 8944 8945 8973 | 8834 B88.29 8827 88.48

R10GNN 8197 83.72 8231 83.54 (7533 7578 7551 76.19 || 9544 9541 95.63 96.19 | 90.17 89.48 89.51 89.82

Table 4. Fraud Detection results (%) compared to the baselines.

Hao Peng, et. al. 2021. Reinforced Neighborhood Selection Guided Multi-Relational Graph Neural Networks. TOIS 2021.
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Table 6. Fraud detection clustering results (%) compared to RIoGNN variants.

Dataset | Metric | RloGNN 5; | BIO-GNN ROO-GNN | RIO-Att RIO-Weight RIO-Mean | RioGNN
o g,EGN N&'\&%E{jﬁ Yel NMI 3.18 9.36 12.39 9.80 12.05 8.39 12.22
o g;%g%*@ﬁgnl%ﬁ;ﬁﬁm qﬁf& P ARI 6.12 11.84 16.61 11.88 15.88 8.80 16.45
. ﬁiﬁlﬁﬁfﬁ?ﬁéﬁ@&iﬁ’ﬂﬁt@& Amazon NMI 58.87 59.83 57.81 55.76 58.76 58.72 61.26
ARI 76.53 77.38 76.09 76.54 76.73 76.51 78.40
Table 5. Fraud Detection classification results (%) compared to RIoGNN variants. s s
e L . RIOGNNIER RS RS
Moadels AUC Recall AUC Recall
R10GNN 76.01 63.15 91.28 72.46
BIO-GNN 78.67 71.21 95.47 88.35
ROO-GNN 83.59 75.56 95.58 89.22
RIO-Att 78.65 71.69 93.97 83.78 —_— . — R-T-RUL) — R-5-R(L)
RIO-Weight 80.40 72.83 96.25 89.61 0.071 —— R-T-R(2){ 0.0817 —— R-5-R(2)
RIO-Mean 77.84 7143 94.57 89.47 0.0251 0.06 1
RIOGNN 83.54 75.55 96.19 88.66 _— - # 0.06
— R=-U=-RM}|| ‘,0s |
0.015 —— R-U-R(12) ' 1 0.04
0.03
RS R LE%E}-\I—?\ 0.010 0.02 . l%m‘ ‘W
. \ —_ S . 1 stabtept 0014
- BIEGEESEERE S oos Do menpeiloreein | 0.02
° ﬁéﬁﬁﬂ{’ﬁf?lﬂ%ﬁﬂ{ L TN CECK stable bt 0.002 . uMJ stable at 0.003 H'\w stable &t 0.003
. R E R RS (K ettt SR WY S it s R e —
*Ei‘éﬂ«\)\}#n jxjégnj et 0 50 100 150 200 250 0 50 100 150 200 250 0 S0 100 150 200 250
° = N Epoch Epoch Epoch
L =k A (a) R-U-R. (b) R-T-R. (c) RS-R.

-« EEREIXERTERIGEN

Fig. 7. Scores of Multi-Layer RioGNN on Yelp.

Hao Peng, et. al. 2021. Reinforced Neighborhood Selection Guided Multi-Relational Graph Neural Networks. TOIS 2021.
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Hao Peng, et. al. 2021. Reinforced Neighborhood Selection Guided Multi-Relational Graph Neural Networks. TOIS 2021.
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Table 10. Results (%) compared to different RL algorithms and strengthening strategies.
Methods Yelp Amazon | MIMIC-III
- AC [50] 83.54 96.19 81.36
g DON [69] 84.08 95.13 80.96
a PPO [86] 80.52 94.99 80.98
RS § AC [50] 81.31 94.72 80.98
= DDPG [55] 83.80 95.39 81.17
?E = SAC [31] 80.42 94.76 80.87
= 3 TD3 [23 84.18 95.11 81.51
pals) — 23]
<
J\E <= Cormesyerce epech . AL Camvergence spoch || |00 aed 2 W o Coesmgurce spach |
e P w T B B
159 g % s i . - ,g b » i
ﬁj\ .‘))5 ﬁ”m “‘lg : B E
(a) Yelp. (b) Amazon. () MIMIC-TIL

Fig. 11. Depth and Width for Different Task Scenarios.

Hao Peng, et. al. 2021. Reinforced Neighborhood Selection Guided Multi-Relational Graph Neural Networks. TOIS 2021.



i B °
kt’@‘i.}ﬁ/i‘&«ﬂﬁ *@? Cﬁ.’ g:zc,iIEJAgAOMPUTING

BEIHANG UNIVERSITY o/ \ ABHERZ SIEE ERER R

5= T{E3: iZmpI R EIS SR ~SaNREE ( FinEvent )

Raw Messages I. Preprocessing I1. MarGNN I11. BasCL
g SISt [TTTTSSSSSSSSSSSSSSSSSSSSSSSSSoSsssssS) rissssssssssssssssspe-sccccoccs Yo nline triplet sampling [
: m . : : m I | :
! an 27th. 202 [
! [@userl Jan 27th, 2020 o — i
i |NBA legend Kobe Bryant was o m: : : L mi+ ;
1 |one of five people killed in a porma !
: helicopter crash in Calabasas, : : : Lt :
1 |California, .. @user2 : R I I !
: ol global-local pair sampling + H
) I
r i i
: ({@user2 Jan 27th, 2020 1 : : _K:E L '
| |Kobe Bryant avait 41 ans. Une Pl Vemeeeeeeees E --------- s — jo
1 |femme, 4 filles, dont une de | GEEEEEEEEEREE e . -m :
! |seulement 7 mois. Il avat pris | -
i sa retraite en 2018, _.. : : Inter-RelationAGG | \' -~ )
P choas ; IV. DRL-DBSCAN
{ [@user3Tan 27t 2020 | b P Threshold P (A I O 1 [ O e N )
N The Los Angeles County : aggr : L :
1 |Shenff Department’s ! ) | \
1 |Recruitment Unit is hosting its ' ‘I \ ‘ : 1 Cluster 'Ch: m @ !
: Insugural Women's : \ ) - Node Selection : ______________ : -ing - |
Symposium.. ... i ¢ W yrrXxrry 11 jeeecececcsssccwww 1 m: !
Lo L O\\ 7 e ) Guide | g o O me i
. I 1 I
' B i v I \ | ! Intra -Relatlon AGG . I
1 |@user3 Jan 28th, 2020 H 1! [ Ol
i |BREAKING: Kobe Bryant, the i { | :/'f Ly [ ' ! V. Crlme
: Los Angeles Lakers superstar : ! - " : 1 : (CTTTTTTTTTTTTTTTTTTTTTTTT T
i [and fumre NBA Hall of Famer, | | ' p— i L T T .
| |died on Sunday in belicopter | | g O Sdeeriner 1 {11! iPre-trained vanser | Cluster |
| |crash. He was 41 | S © Centerbode || ¢ i =" | FinEvent -ing |
| ! & O NeighborNode } | __ "~ v i Laemme '
1 I

RE BT
B g

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022

RS EI] S
E =R

% B Re iR a (L[ 16 RKEARKFR

ZMBEERE BEREE




S\ ab B g @ T B )? ] BIG DATA
| It w0 ég’&szﬂfnb&‘*l, @!\ BRAIN COMPUTING
L]

BEIHANG UNIVERSITY ABHERZ SIEE ERER R

=8 14?3%%7][!1‘2 K Z B o 28 FELR BTSRRI

'{k:u.\ ( ) < Selecting effect score
(k) p(k)
SOk) Z oy JEN (my) Y Dl hn;) . :> Agent
Sagg,r = | N| (1') Previous state of <
Z EN( )(m ) 7' \J the Se]ection Current state Of
] S the selection
Ej]'ﬁf pgg)g r € [07 1] : ______________ : 5 - - -T - -TTTT=° : Multi-agent RL Module
: : o | : g '
» | : < | 2 | » choose J
" I | 8 | D 7 Threshold P
> | I
=477 rl) = NMIL(|Etruel) ! HIER , aggr
: : g : - : Node Selection
o : (TTTTTTTTTTTTTTTY Guide
ik | L. V! L., : -
= | = | { T
| Threshold_ D708 je—=p!  Thvesno "0 | | =
Langr == | (150, +9Q05 2. s )= QUstl) 08, ) | - ———
(O Center Node O Neighbor Node  © Edge Filter i | © EdgeFilter
(k) | .(k) i O Center Node
log [ﬂ' (age) |8 )] ] | )
9g,rimagg.r I\ _ O Neighbor Node ‘

MEF TTTH%"%Z_IE?&?IJSFH ZRAERRPRER n,b\S(‘IEé/\El’J /ﬂl']




It F T IRRRY

o
' BIG DATA

BRAIN COMPUTING
\ ABHERZ SIEE ERER R

BEIHANG UNIVERSITY
SRR IIS e R R RIS AR —
i | 2: || || | | (1) Intra-relation Aggregation
heads representgnons i ms | | i """"
\\ ! & oo |
- -0 a6Y,,, (1 (@il my eNi(ms)}))
. P_________,: | ﬁ/\
Attentlo:\ ’if Inter-Relation AGG \i 7"31'-S ?I [ ?i?]l]?é %% } \
I . o\
""" | / ﬁ he B he B e (2) Inter-relation Aggregation [ Threshold P

An overview of Knowledge-
Preserving Incremental Social
Event Detection via
Heterogeneous GNNs

Threshold P

B X RIEEE G

|
|
|
|
|
|
»
|
|
|
|
|
|
|
\

N

_____

Intra- Relatlon AGG

_—

L

h® « hi-D! ® AGG”)

(® {p(” h), i)

inter

e
Ea

> It

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022



(o]
g = J " e i
kﬁt‘;{..}ﬁ&‘&«’ﬂi&*@? Cﬁ' BRAIN COMPUTING

) BEIHANG UNIVERSITY \ ABHERZ SIEE ERER R

l:

rE ﬁ%“'jﬁt{%ﬁ’JDBSCAN@ﬂ;
SRARRREE e SREESRICE: SJHR S0 DBSCAN XS YU — | D3

s | 50 = (D), |B|D), coh™, sep™) -
RS {e | E|\, coh\™’, sep } Crastar | Letu - @
P > 1
-ing A m: Previous state of feeht
ﬁj]'ﬁf E(T) MinPts EE @ the cluster S
D= R 1 % I 1
(1) () o, | I o 1 I
: 555 SSW___|E|™ in bounds. TOBBEEL ! P :
A2 [l A7) _ / . |E|\" in bounds. i ! I
clu |E|(T) —1"N — |E|(T) ( %%'% ) 1 / : 2 : :
— 1 ot
0 . |E|"out of bounds. . l NS : g !
1 =
1 | 5 | 1
I I a |
o - - - 2 ! Eps=0.2, MinPts=3 . I :
e | Lo, = —]E[2( ria-+ymin Q(s gljl),a&j”)—@(s&i,agli)) ] Immmmmmmm e =
O@© DataObject <« Directly Reachable (O Eps Radius

M= BIENRRESHIREF HREHE R ESSREMEHRNAE




o
T J A {41 L
._ t’Lt‘W'éﬁ'i‘l&ﬁK&*@? @' BRAIN COMPUTING

®
BEIHANG UNIVERSITY 'l\\ AEERZ SN sERHR IR

S AYAY TP =Y s W AN tn B (R SDIA 42
SCIG T SRS DT MEFSSEHaNSEINER i
' P KR A
Ek2: IBEES
7
00201 L6 . ek 12
goms ‘:% goos- ’:Og
%’tomo -3§ %0'0“' . %
éms /N—r/r\ 5 §°'°" /\rﬁw\: 5
1 +2
0.000 |’|llll 1l lllvlﬂll[ l}lllllﬁ’lllﬁlll?\ 0 0.00 " || = . v - - 0
0 100 200 300 400 500 0 50 100 150 200 250
event id event id
(a) English Twitter Dataset statistics. (b) French Twitter Dataset statistics.

TABLE 2: Offline evaluation results on the Twitter dataset. The best results are marked in bold.
Metrics | Word2vec ~ LDA WMD BERT  BiLSTM PP-GCN  EventX | KPGNN; KPGNN | FinEvent; FinEvent,

NMI 44+.00 29+.00 .65+£.00 .64+.00 .63+.00 .68+.02 .72+.00 | .69+.01 70+£.01 79+.01 80+.01 1.08
AMI 13+.00 04+£.00 .50+£.00 .44+00 41+00 .504.02 .19£.00 | .51+.00 52+.01 62101 69+.01 1.19
ARI 02+.00 01+£.00 .06+£.00 .07£.00 .17£.00 .20£.01 .05%£.00 | .21+.01 22+.01 24+.01 A48+.01 1.28
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TABLE 3: Incremental evaluation NMIs. The best results are marked in bold and second-best in italic. /
Blocks | Word2vec LDA WMD BERT BiLSTM PP-GCN  EventX | KPGNN; KPGNN | FinEvent; FinEveVntd

P ——
M, 19+.00 Jd1+£.00 .32+£.00 .36+.00 .24+.00 .23+.00 .36+.00 38+.01 .39+.00 38+.01 84+.01 T.49
M, 50£.00 2701 7100 .78+.00 .50+.00 .57+.02 .68+.00 78+.01 79+.01 .81+.00 84+.01 T1.06
M3 .39+.00 28+.00 .67+.00 .75+.00 .39+£.00 .55+.01 .63%.00 77+£.00 76£.00 .83+.00 89+.01 1.14
My 34+.00 25+£.00 .50+.00 .60+.00 .40+.00 46+.01 .63%.00 68+.01 67+.00 71x.01 71+£.01 1.08
Ms 41+.00 26+.00 .61+.00 .72+.00 .41+£.00 .48+.01 .59+.00 73%.01 73+.01 .761.00 83101 T.11
Mg .53+.00 3200 .61+.00 .78+.00 .50+.00 .57+.01 .70+.00 81+.00 82+.01 .84+.00 83+.01 1.06
M7 .25+.00 A8+.01  .46+.00 .54+.00 .33x£.00 37£.00 .51+.00 54+.01 Aot | .56+.00 73+£.01 1.02
Mg 46+.00 3701 .67+.00 .79+.00 .49+.00 .554.02 .71+.00 79+.01 .80+.00 .87+.01 87+.01 1.08
My .35+.00 341+.00 .55+.00 .70+£.00 .43x£.00 .51+.02 .67%.00 74+.01 74+.02 78+.02 79+.01 1.09

Mg 51+.00 44+01 .61+.00 .74+.00 .50+.00 .55£.02 .68+.00 79+.01 .80+.01 81+.01 82+.01 1.08
My, 37+.00 33+.01 .50+.00 .68+.00 .49+.00 .50+.01 .65+.00 73%.00 74+.01 .76+.00 75+.01 1.08

Mo 30+.00 22+.01 .60+£.00 .59+.00 .39+.00 .45+.01 .61+.00 .69+.01 68+.01 .76+.01 67101 1.15
M3 37+.00 27+£.00 .54+.00 .63+.00 46x+.00 47+.01 .58+.00 68+.01 .69+.01 67+.00 79101 1.18
My .36.00 21+£.00 .66+.00 .64+.00 .44+.00 44+.01 .57%.00 68+.01 69+.00 74+.00 82+.01 T1.16
Mis 27+.00 21+.00 .51+.00 .54+.00 .40+.00 .39+£.01 .49+.00 57+.01 58+.00 .64+.00 69+.01 .15
Mg 49+.00 35+£.01  .60+.00 .75+.00 .53x£.00 .55£.01 .62+.00 78+.01 79+.01 .80+.00 90+.01 T1.15
M7 33+.00 J19+.00 .55+.00 .63+.00 .45+£.00 .48+.00 .58%+.00 69+.01 70+.01 .73x£.00 83+.01 1.20
Mg 29+.00 A8+.00 .63+.00 .57+.00 44+.00 47+£.01 .59+.00 .68+.01 68+.02 72101 741+.01 1.11
Mg 37+.00 29+.01 .54+.00 .66+.00 .44+.00 51+.02 .60+.00 73+.00 73+.01 .761.02 66+.01 1.10
Mg .38+.00 35+£.00 .58+.00 .68+.00 .48+.00 51+.01 .67%.00 .73+.00 72+.02 .73x£.00 80+.01 .12
M2, 31+.00 J19+.00 .58+.00 .59+.00 .41+£.00 .41+.02 .53%.00 59+.01 .60+.00 .65+.01 74+.01 1.15
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TABLE 4: Incremental evaluation AMIs. The best results are marked in bold and second-best in italic. /
Blocks | Word2vec LDA WMD BERT  BiLSTM PP-GCN EventX | KPGNN; KPGNN | FinEvent FinEvZntd

M, 08+.00 08+.00 .30+.00 .34+.00 .12+.00 .21+£.00 .06%.00 361.01 374.00 36+.01 84+.00 T1.50
Mo 41+.00 20+£.01  .69+.00 .76+.00 41x.00 .55+£.02 .294.02 77+.01 78+.01 77+.00 84+.00 T1.08
M3 31+.00 22+.01 .63+.00 .73+£.00 .31x£.00 .52+.01 .18+.01 75%.00 741.00 .82+.01 89+.00 T.16
My 24+.00 A7+.00  .45+.00 .55+.00 .30+.00 42+.01 .19+.01 65+.01 .64+.01 .67+.02 .69+.00 T.14
M; 33+.00 21+.00 57+.00 .71+.00 .33x£.00 46+.01 .141.00 711.01 71+£.01 74+.00 82+.00 T.11
Mg 40+.00 20+.00  57+.00 .74+.00 36+.00 .52+.02 .274.00 78+.00 79+.01 81+.00 82+.00 T1.08
M7 13+.00 J12+.01 46+.00 .50+.00 .20+£.00 .34+.00 .13%.00 50£.01 51+.01 .53+.00 72+.00 1.22
Mg 33+.00 24+.01  .63+.00 .75+.00 .35+£.00 49+.02 .21+.00 75+.01 76+.01 .84+.01 87+.00 T.12
My .24+.00 24+.00 .46+.00 .66+.00 .32+.00 46+.02 .194.00 70+.01 71+£.02 .75+.00 78+.00 T.12
Mg .39+.00 36+.01  .57+.00 .70+£.00 .39+£.00 51+.02 .244.00 76+.01 78+.01 .78+.00 81+.00 T.11
My, .261.00 25+.01  424+.00 .65+.00 .37x£.00 46+.01 .244.00 70+.00 71+£.01 .73+.00 74+.00 T1.09
M2 .23+.00 16+.01  .58+.00 .56+.00 .32+.00 42+.01 .16+.00 66+.01 66+.01 .75+.01 67+.00 1.17
M3 .23+.00 J19+.00  .50+.00  .59+.00 .31+£.00 43+£.01 .16+.00 65+.01 67+.01 .64+.00 79+.00  1.20
My .261.00 A5+£.00  .64+.00 .61+.00 .34+.00 41+£.01  .144.00 65+.01 .65+.00 72+.00 82+.00 T.18
M5 15+.00 A3+£.00  47+.00 50+.00 .26x£.00 35+£.01 .07%.00 53+.01 54+.00 .61+£.00 67+.00 T.17
Mg .36£.00 27+.01  .59+.00 .72+.00 4100 .52+.01 .194.00 75%.01 J7%.01 75+.01 90+.00 T1.20
M7 .24+.00 A3+£.00  .57+.00 .60+.00 .35+£.00 .45£.00 .184.00 67+.01 .68+.01 71x£.02 82+.00 T1.22
Mg 21+.00 A2+.00  .60+.00  .53+.00 .35+£.00 45+£.01 .164.00 66+.01 66+.02 .70+£.00 74+.00 T.14
Mg .28+.00 22+.01  49+.00 .63+.00 35x.00 48+.02 .16%.00 70£.00 71+.01 75+.01 661+.00 T.12
Mg 24+.00 23+.00 .55+.00 .62+.00 34+.00 45+.02 .18%.00 .68+.00 .68+.02 .68+.00 .78+.00 T1.16
M2y 21+.00 A3+.00  .52+.00 .57+.00 31+£.00 .38+.02 .10+.00 57+.01 57+.00 .63+.01 64+.00 T1.07

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022



7, 3 8 L, 1
.. g@ﬁﬁ&*ﬁﬁ&f&*@? ! SL(ZI%A(T:AE)MPUTING

BEIHANG UNIVERSITY 'l.\\ ABEHF SR ERERERL
SCIOSHT ¢ SR B

[ ARI IH 24%- 170% }

TABLE 5: Incremental evaluation ARIs. The best results are marked in bold and second-best in italic. /
Blocks | Word2vec LDA WMD BERT BiLSTM PP-GCN  EventX | KPGNN; KPGNN | FinEvent FinEvéntd

M, 01+.00 01+£.00 .04+.00 .03+£.00 .03x£.00 .05£.00 .01+.00 06+.01 07+.01 05+.00 90+.00 T.85
Mo 49+.00 08+.00 .48+.00 .64+.00 4900 .67£.03 .45+.02 76%.01 76+.02 67+.01 90+.00 T1.23
M3 16+.00 02+.01  .284+.00 .43+.00 .17x.00 4701 .09+.01 .60+.02 58+.01 .58+.00 89+.00 T .42
My 07+.00 07+£.00 .11+.00 .19£.00 .11x.00 .24+.01 .07£.01 30+.01 29+.01 27+.02 27+.00 1.06
M5 A17+.00 06+.00 .26+.00 .44+.00 .19+£.00 .34+£.00 .04+.00 48+.01 47+.03 43+.01 63+.00 T.19
Mg .25+.00 07+£.01 .16+.00 .44+.00 .18+.00 .55+.03 .144.00 67+.05 72+.03 .65+.00 74+.00 T.19
M7 02+.00 01+.00 .08+.00 .07+.00 .08+.00 .11+.02 .02+.00 J11+.01 12+.00 09+.01 A5+.00 T.34
Mg A17+.00 03+.00 .22+.00 .50+.00 .08+.00 .43+.04 .09+.00 59+.02 60+.01 .65+.02 72+.00 1.22
My 08+.00 03+.01  .12+.00 .33+.00 .27+£.00 31+.02 .074.00 45+.02 46+.02 43+.00 .68+.00 T1.35
Mg .23+.00 09+.02  .20+.00 .44+.00 .22+.00 .50+.07 .13%.00 64+.01 70+.06 62+.02 74+.00 T.24
My, 09+.00 03+.01 .12+.00 .27+.00 1700 .38+.02 .16+.00 48+.01 49+.03 A42+.01 .60+.00 T1.22
M2 09+.00 02+.01  .27+.00 31+.00 .13x£.00 .34+.03 .07+.00 | .50+.03 48+.01 A44+.00 26+.00 T.16
M3 06+.00 01+.00 .13+.00 .14+.00 .13x£.00 .19+£.01 .04+.00 .28+.01 29+.03 21+.02 75+£.00 T1.56
M4 10£.00 02+.00 .33+£.00 .30+.00 .16+.00 .29+.01 .10%.00 43+.02 42402 43+.01 81+.00 T .48
M5 09+.00 01+.00 .16+.00 .10+.00 .14+.00 .15£.00 .01+.00 164.02 A17+.00 16+.00 46+.00 T1.31
Mg 10+.00 101 .32+.00 41+.00 .10+£.00 .51+.03 .08+.00 62+.03 .66+.05 56+.01 88+.00 T1.37
M7 06+.00 02+.00 .26+.00 .24+.00 .17x.00 .35+.03 .124.00 41+.03 43+.05 36+.01 81+.00 T .46
Mg 21+.00 02+.00 .35+.00 .24+.00 .19x£.00 .39+£.03 .08+.00 46+.02 47+.04 44101 S52+.00 T.13
Mg .28+.00 03+.00 .12+.00 .32+.00 .16+.00 41+.02 .07%.00 .50+.01 51+.03 A44+.00 35+.00  1.10
Mg 24+.00 02+.01 .194£.00 .33+.00 .20+.00 41+.01 .114.00 51+.01 S51+.04 43+.02 7100  1.30
Moy 21+.00 01£.01 .194£.00 .18+.00 .16+.00 .20+£.03 .01+.00 .23+.02 20+.01 .23+.00 A48+.00 T1.27
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Fig. 4: Cluster visualization of message representations in the detection stage.
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TABLE 6: Ablation study for neighbor sampler strategy, Intra-relation Aggregation AGG;,i,, and Inter-relation
Aggregation AGG,ter. The best results are marked in bold and second-best in italic.

Neighbor Sampling Strategy Intra-relation Aggregator Threshold Inter-relation Aggregator |  Avg. Metrics

Cluster Type

Random Constant Reinforced Shared-GNN RNN Cat. Sum MLP | NMI AMI ARI
1 0.788 0.777 0.645
2
3
4 top 50% 0.719 0.699 0.441
5 bottom 50% 0.698 0.670 0.427
6 0.718 0.694 0.437
7 | 0.722  0.696 0.442
8 - - v K-Means v - v v - - 0.700 0.673 0.416
9 - - - K-Means - v - - - - 0.449 0.324 0.168
10 - - v K-Means - - - v - - 0.723 0.697 0.438
11 - - v K-Means - - v - v - 0.702 0.674 0.425
12 - - v K-Means - - - - v - 0.700 0.672 0.422
13 - - v K-Means - - v v - v 0.653 0.620 0.383
14 - - v K-Means - - - v - v 0.645 0.610 0.368
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Fig. 5: Multi-agent reinforcement learning process in the online maintenance stage. We summarize the epochs of all
time periods. Note that each process from fluctuation to stability is a pre-training or maintenance stage. The figure contains
a total of one pre-training process and seven maintenance processes.

BE 1 TN EZ(M epoch 0 El epoch 50)FA 7 I4EFFRTEZ (M epoch 50 Zl epoch 340)
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Fig. 6: Deep reinforcement learning process in the online detection stage. We show the DRL-DBSCAN parameter
adjustment and NMI change process of block M7 as an example of DRL-DBSCAN, where the green marked points
represents the final convergence parameter.
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TABLE 7: Preserving thresholds in the detection stage.
Blocks |M0 M1 M2 M3 M4 M5 M6 M7 Ms Mg M10

TABLE 9: Cross-lingual transferring evaluation on French

M-UM | - .88 .24 .98 .24 .50 .40 .40 .12 .06 .96 :
MEM | - 82 56 29 20 88 90 74 920 98 5o  dataset. The best results are marked in bold.
MLM | - 96 .08 .80 .54 .42 .78 80 .56 .70 .86

Blocks | M() M1 M2 M3 M4 M5 M6 M7
Blocks | Mi1 Mi2 M3z M1y Mis Mig Mi7 Mig Mig Mo Mz

i - 575 620 577 512 . : 584 B\ phETHEESIR TS
M-UM | 22 94 22 .14 .10 .46 .44 24 .10 .32 .38 Eiﬂgzzﬁt’” - o ooy o2 %0 488 SN BN HRIERNEEIL
M-E-M | 66 .72 .24 .60 .76 .82 .90 .90 .20 .10 .34 °r . : . : : ‘ T ENMEHRIET N E SRR
M-L-M | .74 .64 .20 .98 .54 .18 .50 .46 .24 .16 .92 FinEvent, | - 592 574 591 474 568 511 580 ATEEHLHEEHE+E4
FinEvent.4| - b78 575 .604 542 641 .659 .600 ATENRHEETAR T+ S50 A
TABLE 8: DBSCAN parameters in the detection stage. Blocks | Ms My Mo Mu Mz Mz Ma Ms
FinEvent, | .640 484 .627 529 545 472 519 .586
Blocks| Mo M: M> M; Mi My Me M; Ms My Mo FinEvent.,| .612 .523 597 .610 .616 .569 .622 .630
e | - 3.87 3.29 2.57 3.25 3.24 3.70 2.35 2.95 3.39 3.57 FinEvent, | .625 484 .623 546 548 474 530 .591
FinEvent.,| 598 .512 .599 .584 .610 .563 .640 .626

Blocks | M11 Mz Miz Mis Mis Mig Mi7z Mig Mig Mao Mz
€ | 3.19 3.28 3.76 3.93 2.00 3.37 3.54 3.23 4.00 2.23 3.18
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