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knowledgeable HIN

(2) Meta—schema of event-based HIN

(3) Meta—paths instances based social message similarity measure:
M’

L 2 x CouPp, (€, €;)
KIES(ei,e;) = El s CouPp,, (€i,e;) + CouPp,, (e;, €;)

Hao Peng, etc., Fine-grained Event Categorization with Heterogeneous Graph Convolutional Networks, IJCAI2019,
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An overview of Pairwise Popularity Graph
Convolutional Network (PP-GCN)
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(Population)

Weighted
N adjacent matrix

Papadopoulos, etc,. Popularity versus similarity in growing networks. Nature, 489(7417):537, 2012.

| Datasets | Train  Validation Test Class |
Tencent | 17438 5813 5,812 9941
Weibo 6,000 2,000 2,000 5470

Table 1: Description of evaluation datasets.
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Figure 3: Illustration of the Accuracy for PP-GCN and PA-GCN.

Table 2: Accuracy and F1 results of event detection.

e T Tencent Weibo
= Accuracy F1 Accuracy F1 |
ARC-I 0.5384 0.4868 0.4910 0.4857
ARC-II 0.5437 0.3677 0:5277 0.5137
DUET 0.5625 0.5237 0.5397 0.5523
DSSM 0.5808 0.6468 0.5765 0.5411
C-DSSM 0.6017 0.4857 0.6170 0.5814
MV-LSTM 0.5562 0.6383 0.6252 0.6613
SVM 0.7581 0.7361 0.6511 0.6268
SE-OC N T 7901 T 7005 U 7005 OO
PP-SE-GCN 0.8319 0.8383 0.7317 0.7384
PA-GCN 0.8818 0.8801 0.7567 0.7591
PP-GCN 0.9252 0.9231 0.8000 0.8134

Hao Peng, etc., Fine-grained Event Categorization with Heterogeneous Graph Convolutional Networks, I[JCAI2019,

LRG| 86
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Raw Messages Preprocessing

=

Message Embedding Training

Figure 1: The architecture of the proposed KPGNN model (best viewed in color). (a) is a heterogeneous social graph that combines various types
of elements contained in the raw messages. Different node colors denote different node types. (b) is the initial feature vectors of the messages. (c) is a
homogeneous message graph that incorporates (a) and (b) (detailed in Section 3.2). (d) shows a GNN-based encoder that learns representations for the
messages in (c). (e) calculates triplet loss £; and global-local pair loss £, through contrastive learning. In (e), two orange bars form a positive pair while one
orange bar and one blue bar denote a negative pair. (f) clusters messages into social events.

An overview of Knowledge-Preserving
Incremental Social Event Detection

Yuwei Cao, Hao Peng, etc, Knowledge-Preserving Incremental
Social Event Detection via Heterogeneous GNNs. Web
Conference 2021, B F ARG | H 54
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Blocks My My M3 My Ms Mg My
Word2vec [27] 19+.00 50+.00 39+.00 34+.00 41%.00 53+.00 125+.00
LDA [3] 11+.00 27+.01 .28+.00 .25+.00 .26+.00 32+.00 18+.01
WMD [19] 32+.00 71£.00 .67+.00 .50+.00 .61+.00 61+.00 46+.00
PP-GCN [29] 23+.00 57+.02 55+.01 46+.01 48+.01 57+.01 237+.00
EventX [21] 36+.00 .68+.00 .63+.00 .63+.00 .59+.00 .70+.00 .51+.00
KPGNN, .38+.01 .78+.01 77+.00 .68+.01 73+.01 _81%.00 54+.01
KPGNN .39+.00 79+.01 .76+.00 .67+.00 .73+.01 .82+.01 .55+.01

Blocks Mg Mg Mo My Mo M3 Mg
Word2vec [27] 46%.00 35+.00 51%.00 37+.00 30+.00 37+.00 36%.00
LDA [3] 37+.01 34+.00 44+.01 33+.01 22+.01 .27+.00 .21+.00
WMD [19] 67+.00 55+.00 61+.00 50+ .00.60.00 .54+.00 16600
PP-GCN [29] .55+.02 51+.02 55+.02 .50+.01 45+.01 47+.01 44+.01
EventX [21] 71%.00 .67+.00 .68+.00 .65%.00 .61+.00 .58+.00 .57+.00
KPGNN, 79+.01 74£.01 79+.01 -73+.00 69+.01 -68+.01 [68+.01
KPGNN .80+.00 74+.02 .80+.01 .74+.01 .68+.01 .69+.01 .69+.00

Blocks Mis Mie My Mg Mo Moo Mz
Word2vec [27] 27%.00 49+.00 33%.00 29+.00 37+.00 38+.00 31%.00
LDA [3] 21%.00 35+.01 .19+.00 .18+.00 29+.01 35+.00 .19+.00
WMD [19] 51%.00 .60+.00 55+.00 63+.00 54+.00 .58+.00 .58+.00
PP-GCN [29] 39+.01 55+.01 .48+.00 47+.01 51+.02 51+.01 41+.02
EventX [21] 49+.00 .62+.00 58+.00 .59+.00 .60+.00 .67+.00 .53+.00
KPGNN, 57£.01 .78+.01 .69+.01 -68+.01 73+.00 73+.00 59+.01
KPGNN .58+.00 .79+.01 70+.01 .68+.02 .73+.01 .72+.02 .60+.00
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Definition 2.7. Given a social event detection algorithm

0Y — B M. - : - ) Stage | Stage Il Stage IV
JTE(M“ 6) = E;, M; € Sg in Enghs.h social stream, cross Pre-training ——> Single-language ) oo
lingual social event detection algorithm learn a upgraded detection
model fno,g(M;;0) = E; from fg(M;;0), where E; =
{ek|1 < k < |E3|} is also a set of events contained in English Message English Message English Message

rY - = lock lock M+ lock Mesw
no-English message block M; € Snog. Here, 0 denotes the Block Mo plock M Block M

parameter of the upgraded model fn,g from fg.

‘ 35 'ig *ﬁ EE_ %Jﬁ 'IJ l I gjﬁ Construct initial Update Update Remove

message graph » message graph - — message graph » obsolete nodes
l & train initial model ’—‘ & detect events & detect events & continue training
AN AN
Y Y
‘ E| B TR W 55 8] gt Stage I
Cross-lingual
detection
LNMAP Non-English Non-English Stage IV
Message Block Message Block Maintenance
‘E ﬁi L4 d;\JI # Mi+1 Mit+1
‘ JEFTIEEBIAR S | * *
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(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 ‘ A4+ .00 29400 65+00 6400  63£.00 H68+.02 42400 69101 J03.01 9101 S0+.01 T .08

AMI 13200 0400 50+£.00 44400 4100 A0=02 19100 511100 22101 .62+.01 69101 T:19
ARI 0200 01+£.00 06400 0700 1700 2001 .05x.00 214.01 221401 24101 A8+.01 1 .28

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022
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[ NMI 25+ 8%- 136% ]

TABLE 3: Incremental evaluation NMlIs. The best results are marked in bold and second-best in italic. /
Blocks | Word2vec LDA WMD BERT BiLSTM PP-GCM  EventX | KPGNN; KPGNMN | FinEvent, FiﬂEVE‘;ltd

My 19100 J1+.00 .32+.00 .36+.00 .24+.00 2300 .536=x.00 A8x.01 39400 36101 84101 T .49
Mo S50+.00 27+.01 .71+.00 .78+.00 .50+.00 D702 .684.00 J81.01 J9+£.01 81+.00 841+.01 T .06
M3 391.00 28+£.00 67100 7500 .39+.00 55+£.01 .63%.00 77+.00 76£.00 8300 89+£.01 T.14
My S4.00 25+.00 .50+.00 .60+.00 40+.00 A6+.01 .634.00 68+.01 67+.00 711,01 J1.01  1.08
Ms A41+.00 26+.00 61100 72400 .41+.00 A8+.01  .594.00 73+.01 73+.01 7600 831+.01 T1.11
Mg 5H3x.00 32+.00 .61+.00 .78+.00 .50+.00 S57+.01  .70+.00 81£.00 82101 .84+.00 S83+.01 1.06
My 254.00 A8+.01  461+.00 54100 .33£.00 37+£.00 .51+.00 24101 S54.01 .56+.00 7301 1.02
Mg 46+.00 37+.01  67£.00 79100 .491.00 20102 71100 J91£.01 B0+£.00 871+.01 87101 T.08
Mg 35+.00 34100 .55+.00 7000 43+.00 51+.02 67100 74+.01 7402 781.02 7901 17.09
Mg 21£.00 44301 .61£.00 7400 .50+£.00 20202 .68x.00 79101 B01.01 81+.01 82101 1.08
M 371.00 3301 5000 .68x.00 49100 S0x.01 .65+.00 J32.00 J4+.01 .761.00 J5+.01 1.08
Mo 30+.00 22+01 .60+.00 .59+.00 .39+.00 A5+.01  .611.00 .69+.01 68+.01 76x.01 L7+£01 1.15
Mis S37£.00 2700 .541+.00 6300 46+.00 A47+.01  .58+£.00 681.01 69101 67100 7901 1.18
Mg 3600 2100 .66x.00 6400 44100 A44+01  57+£.00 681L.01 69400 7400 82101 T1.16
Mis 27+.00 2100 .51+.00 .54+.00 .40+.00 3901 49100 Y o 1 H8+.00 6400 691+.01 T .15
Mg 49+.00 35101 .60+£.00 .75+.00 .53x+.00 5501 .621.00 78+.01 79+.01 80+.00 9001 T.15
M7 331.00 A19+00 55100 .631+.00 .45+.00 A8+.00  .58+£.00 69+.01 70401 7300 83101 1 .20
Mg 29400 A8+.00 .63+.00 5700 44+.00 A7+.01  .594.00 681.01 68102 72101 74101 T .11
Mg 37+.00 29+.01 54100 6600 44100 51202 .60£.00 73£.00 73£.01 76x.02 6601 1.10
Msg 3800 3500 .58+.00 .68+.00 .48+.00 5101 .67+.00 73+£.00 72102 73+.00 80+.01 .12
Mo 31+.00 A9+.00 .58+.00 .59+.00 41+.00 A41+.02  .53%.00 59101 60+£.00 .651+.01 741+.01 T .15

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022
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[ AMI 25 11%- 147% ]

TABLE 4: Incremental evaluation AMIs. The best results are marked in bold and second-best in ifalic. /
Blocks | Word2vec LDA WMD BERT BiLSTM PP-GCN EventX | KPGNN; KPGNN | FinEvent,, FinEv?_-ntd

M, 08+.00 08+£.00 .304+.00 .341+.00 .12+.00 2100  .06x.00 Jox.01 37+.00 36+.01 8400 1.50
M A11.00 2001 69100 76100 .411+.00 Abi2 2940 Li01 78+.01 77100 84100 T1.08
My 31+.00 22401 .63+00 73100 .31+.00 52401  18+.01 75£.00 74400 82+.01 891+.00 .16
My 241.00 17100  .454+.00 .55+.00 .30+.00 A24.01 .19x.01 .65x.01 64+.01 671+.02 69100 .14
M5 331.00 2A+00 57100 .7112.00 331200 46101 14100 71101 71101 74400 82100 .11
Mg A0+£.00 20+.00 57+.00 .74+.00 .36+.00 a2 27400 78x.00 791.01 81+.00 82100 1.08
M, A13£.00 12401 46100 50+.00 .20+£.00 34+.00 13400 50+£.01 514.01 531.00 J21L00 T.22
Mg 331.00 24101 6300 7500 .35x.00 49102 .211.00 Lot 761.01 84+.01 87100 1.12
My 24400 24+.00 461+.00 .66+.00 .32+.00 46+.02  .19+£.00 70+£.01 A11.02 75+.00 78100 T.12
Mig 39+.00 36+.01 57100 .70+£.00 .39+.00 S51+.02 24400 76x.01 78+.01 78100 81100 .11
My 261.00 25+01 42400 .65+.00 .37+.00 A61+.01 24100 0x.00 71101 7300 74300 1.09
Mi2 23+.00 Jd6+.01 5800 .561+.00 .32+.00 A24+.01 .16£.00 661.01 66L.01 T LML =R ¢ O )
Mg 231.00 1900  50+£.00 59+£.00 .31+.00 A431+.01 16300 65401 671.01 64+.00 A21.00 T.20
Mg 26£.00 A5+.00 6400 6100 34100 A1+.01 14100 65x.01 65+.00 72100 82100 .18
Mis 15£.00 1300 471200 50+£.00 .261.00 35+.01  .07+.00 a3x.01 54+.00 61100 67100 T.17
Mig 36+.00 27+.01 59100 72400 .41+.00 52101 .19+£.00 75101 2 1)) 75+.01 9000 T1.20
M7 24100 300 57400 .60£.00 .35+.00 A5£.00 .18x.00 67101 68101 L1402 82100 .22
Mg 21300 2100 .60£.00 53100 .351.00 A45+.01  .16£.00 66101 661£.02 J0£.00 74100 .14
Mg 284.00 22+01 49100 63100 .35%+.00 A8+.02 .16+.00 704.00 J11.01 .75+.01 66100 T.12
Mg 24+.00 231+.00 .551+.00 .62+.00 .34+.00 A5+.02 18x.00 .68+.00 68+.02 68+.00 J78x.00 .16
Mag 211.00 23100 52400 571200 31100 38+.02 .101+.00 57101 D700 63+.01 64100 T.07

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022
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[ ARI 23+ 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 | FinEventy FinEvéntd

M, 011.00 01+£.00 .04+00 .03+.00 .03£.00 05+.00 .01+.00 06+£.01 07+.01 05+£.00 9000 T .85
M> 49100 08+.00 48+.00 .64+.00 .49+.00 6/1+.03 .45x.02 Jb£.01 J6£.02 67x.01 90100 T .23
My 16£.00 02+.01 28400 43100 .17+.00 A7+.01  .09+£.01 60+£.02 D80 S58+.00 89100 T .42
My 071.00 07+.00 .11+£00 19400 .11+.00 24+.01  .07£.01 30+.01 29+.01 271.02 27+.00 1 .06
My A7£.00 0600 2600 44100 .19x.00 3400 04100 A8+.01 471.03 43101 63100 T1.19
Mg .251.00 0701 1600 44100 .18x.00 20403 14400 67£.05 721,03 65x.00 J41.00  1.19
M+ 021.00 01£.00 .08£.00 .07£.00 .08+£.00 1102 .021.00 J1:01 124.00 09101 A51+.00 T .34
Mg A7£.00 0300 22400 .50+.00 .08+£.00 A43+.04 .09£.00 Rl ] 60+.01 .651+.02 J2100 T.22
Mg 08L.00 0531201 121200 3300 .271.00 3102 0700 45+.02 A6+.02 A3+.00 68100 T1.35
Mo 234+.00 09+£.02  20£.00 44100 22400 S0L.07 1300 64+.01 70+.06 621.02 74100 T .24
My, 09x.00 0301 12400 27400 .17+.00 3802 .16£.00 A8+.01 49+.03 42101 60100 1 .22
M2 09+.00 0201 27200 .31+.00 .13x£.00 34103 .07x.00 .50+.03 A48+.01 A4+.00 2600 T.16
Mg 06£.00 01+£.00 .13£.00 .144+.00 .13£.00 A9+.01 04100 281.01 29403 21+.02 75100 T1.56
Mia 1000 02+.00 3300 3000 .16=+.00 291401 .10+.00 A3+.02 A2+.02 A43+.01 B81+.00 T .48
M5 09+.00 01+£.00 .16x+.00 .10+.00 .14+.00 A5+.00 .01£.00 16102 17100 .16=+.00 46+.00 T .31
Mg 10+£.00 A1+£.01 32100 41100 .10+.00 51103 .08+.00 621+.03 66105 56101 B88+.00 T .37
Myg 06£.00 02+.00 26100 .24+00 .17+£.00 35+.03 12100 A41+.03 A43+.05 36101 81100 T .46
Mg 214£.00 02+.00 .351+.00 .24+.00 .19+.00 39+.03 .08£.00 46+.02 47 +.04 A4+ .01 52100 .13
Mg .28+.00 03100 12100 32400 .161+.00 A1+.02  .07+.00 S0+ .514.03 A45.00 35100 1.10
Mag 24400 02+.01 19100 33100 .20+.00 A1+.01  .11+.00 51+.01 51404 A31.02 J11£.00  1.30
Mo,y 214.00 01+£.01 .194+.00 .18+.00 .16+.00 2005 .01+£.00 23+.02 204.01 23400 A81+.00 1 .27

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022
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Fig. 4: Cluster visualization of mess lge representations in the detection stage.
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TABLE 6: Ablation study for neighbor sampler strategy, Intra-relation Aggregation AGG;,ir, and Inter-relation
Aggregation AGGj,,t... The best results are marked in bold and second-best in italic.

Neighbor Sampling Strategy

Intra-relation Aggregator Tikeodtioli Inter-relation Aggregator |  Avg. Metrics

Cluster Type
Random Constant Reinforced Shared-GNN RNN Cat. Sum MLP J NMI AMI ARI

1 - - v DBSCAN - - v v - - | 0.788 0.777 0.645
2 L - _J K-Means - - _v‘ v - - ; : ;

4 - top 50% - K-Means - - - v - - 0.719 0.699 0.441
5 - bottom 50% - K-Means - - - v - - 0.698 0.670 0.427
6 v - - K-Means - - - v - - 0.718 0.694 0.437
7 - - n. - - - 4 - - V70 N . C ‘ 1.7
8 - g 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

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022,
N 7]<%‘IFH 35
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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.

B84 1 MllEEZ(M epoch 0 Fl] epoch 50)F8 7 PN4EFPEZ (M epoch 50 2l epoch 340)

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022
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(a) DBSCAN parameters. (b) NMI scores.

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 | MO Ml M2 M3 M4 M5 Mﬁ M7 Mg Mg MlO
M-U-M - 88 .24 98 .24 .50 40 .40 .12 .06 .96
M-E-M - 82 b6 .22 .20 .88 .90 .74 .20 .28 .50
M-L-M - 96 .08 .80 .64 42 78 .80 .56 .70 .86
Blocks | Mi1 Mia Miz Mis Mis Mig Mi7 Mig Mig Mo Mz

M-UM | 22 94 .22 .14 .10 46 .44 .24 .10 .32 .38
M-E-M | 66 .72 .24 .60 .76 .82 .90 .90 .20 .10 .34
M-L-M | .74 .64 .20 .98 .54 .18 .50 .46 .24 .16 .92

TABLE 8: DBSCAN parameters in the detection stage.

BlOCkS| Mo Ml M2 M3 M4 M5 Me M7 Mg Mg MIO
3.87 3.29 2.57 3.25 3.24 3.70 2.35 2.95 3.39 3.57

e | -

Blocks | M1 Mz Miz Mig Mis Mie Miz Mig Mig Mag M2
€ | 3.19 3.28 3.76 3.93 2.00 3.37 3.54 3.23 4.00 2.23 3.18

R s e
EiESSC

TABLE 9: Cross-lingual transferring evaluation on French
dataset. The best results are marked in bold.

Blocks | M() Ml M2 Mg M4 M5 Ms M7
FinEvent, - 575 620 577 512 556 488 .584 &V ME+EEGIE+EIZ
FmEventcr - 576 578 .580 534 .633 .656 615 igxﬁy&gj_l_;ﬁigﬁh—ﬁi_l_%ﬁxu }Eﬁ
FinEvent, | -  .592 574 591 474 568 511 580 ATLEFR+HEEERT+Z=ISE
FinEventy| - D78 575 604 542 641 .659 .600 ABWENIR R BT+ S 5F E
Blocks | Mg Mg Mo Mixn Mz M3z My Mis
FinEvent, | .640 .484 .627 529 545 472 519 .586
FinEvent..| .612 .523 597 .10 .616 .569 .622 .630
FinEventy | .625 484 .623 546 548 474 530 .591
FinEvent.q| .598 512 599 .584 .610 .563 .640 .626

Hao Peng, etc., Reinforced, Incremental and Cross-lingual Event Detection From Social Messages. IEEE TPAMI 2022
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Figure 1: Markov process of parameter search. The agent st

uses the data as the environment, and determines the action
to search by observing the clustering state and reward.

Ruitong Zhang, etc., Automating DBSCAN via Deep Reinforcement Learning. ACM CIKM 2022
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(a) Recursive Mechanism

(b) One Layer DRL-DBSCAN
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Figure 2: The core model of DRL-DBSCAN. (a) Recursive mechanism, takes 3-layer 6 X 6 parameter space as an example, with
layerwise decreasing parameter space. (b) One layer DRL-DBSCAN, takes the search process in the 1-th layer of the recursive
mechanism as an example, aims to obtain the optimal parameter combination in the parameter space of layer 1.

Ruitong Zhang, etc., Automating DBSCAN via Deep Reinforcement Learning. ACM CIKM 2022
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Table 2: Offline evaluation performance. The best results are bolded and second-best are underlined.

i Traditional Meta-heuristic Dedicated
Dataset Metrics -

Rand BO-TPE | Anneal PSO GA DE KDist BDE DRL,. (Mean) (Var.)
Pidlbassd NMI 66+.23 18+.07 .65+.24 .60+.28 .68+.19 22+28 | 40+.-- .51+.33 | .82+.03 T.04 | .04
ARI 63+.21 79+.10 66+.25 55%x.38 .67+.26 .18+.28 | 38+.-- .48+.40 | .85+.04 T .06 1 .06
Cnmpuund NMI J9£.05 70+.24 2236 4634 7025 3335 | 39x.-- T2+.25 | J781.04 T.03 101
ARI J3+.04 68+.24 S1E£35 A4A2ES6 O824 5154 | 3YES= JJOEZY | T2 03 T.03 1.01
Aggregation NMI J6+.11 J2+.14 Jox.2T 5935 7515 2837 | 60x.-- .63+.28 | .96+.02 T.20 1 .09
ARI 68+£.16 bat 19 J0£.27 51x.37 .68+.19 .25x.35 | .52+.-- .54+.28 | .96x.03 T.26 133
D31 NMI L33 at.at A7+£.19 3633 .23x+.20 24126 | O7/x.-- .41+.36 | .67£.02 T.26 Ry i)
ARI A4+.26 .04+.05 03+.04 09+.22 04+04 0609 | 00+.-- .21+.28 | .26+.02 T.05 1 .02

Ruitong Zhang, etc., Automating DBSCAN via Deep Reinforcement Learning. ACM CIKM 2022
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Figure 5: Efficiency comparison of recursive mechanism.
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Table 4: Online evaluation NMI for training-based modes. The best results are bolded and second-best are underlined.

Blocks | Rand BO-TPE | Anneal PSO GA DE KDist BDE DRL,e DRL:; (Mean) (Var)
Vo 6724  .83+.03 DH3£37  JJ4x10 65129 19+51 | 30x-- .70+21 | 8601 .87x.00 T.04 1.03
“Vio 36+.15  .50+.07 A5+.17 50+.20 .43+.15 .15+.17 | .20+.- - .37+.20 | .50+.27 .64+.06 T.14 1 .01
Vi 40+.06  .43+.10 J32+.26  55+.16 .43+08 .09+.12 | .12+.-- 47+.16 | .60+.16 .68+.02 113 } .04
Vi 44+.23 62+.16 LT3 6607 S0x24 A9+x28 | J1t-- A1x51 | o1 210 T.09 1 .06
Vi3 84+.06  .87+.04 J2+.38  68x26 .76+.17 .38+38 | .62+.-- .68+.23 | .92+.02 .92+.02 T.08 1 .02
Via J4+.12  82+.04 54+.37 63+.24 54+.24 25+.25 | 55%+.-- .56+.25 | .76+.25 .85+.00 T.03 1 .04
Vis 68+.24 76+.04 66+34 55+.25 .62+.27 .28+.32 | 36+.-- .72+.14 | .85+.07 .83+.13 .17 =
Vie JdJakls  JIrENS J7+£.10 40+35 6722 49+31 | 11x.-- .67%.19 | .86+.01 .86%.00 T.09 1 .09

Table 5: Online evaluation NMI for testing-based modes. The best results are bolded and second-best are underlined.

Blocks | Rand BO-TPE | Anneal PSO GA DE KDist BDE DRL,; DRL,, (Mean) (Var.)
Vo 34+.31 A49+.33 22+.34 14+.29 2737  10+.26 | 30+.-- .54+36 | .68+.30 .68=+.30 1.19 -
Vio d1+.14 28+.17 A7+.21 24+.01 2021 12+.18 | .20%+.-- .28+.24 | .33+.16 .33+.15 T.05 -
Vi 16+£.15 .29+.24 LaE18 33229 23+£25 02205 | A2x-- 2122 | S0E15 32+.08 = %
V12 23125 A19+.24 10+.22 38+.26  34+.27 03+.06 | .11%+.-- 29427 | 38+.17 .46=+.09 T .08 -
Vi3 28+.35 J0+.24 A47+.40 A44+31 36x+.28 .08+.14 | .62+.-- 32+.26 | .68x.34 .70+.27 - -
Vi 36+.19 34+.28 A7+.35 37133 27+.25 11+.24 | 55+£.-- .43%x.28 | .60+.27 .62+.16 T.15 1.03
“Vis A5+.35 38+.36 37+.33 30+34  36x32 .09+.18 | 36x.-- .42+.31 | .64+.28 .70x.03 125 115
Vie 22+.32 A45+.24 32+.29 d9+.27 3627 12+.20 | 11x--  539+.23 | .601+.27 53+.20 T .01 -

Ruitong Zhang, etc., Automating DBSCAN via Deep Reinforcement Learning. ACM CIKM 2022
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Fig. 2: The architecture of the proposed uncertainty-guided class imbalance learning framework (UCLsegp and UCL-ECsgp).
The whole framework contains two modules: a) representation adjustment module, in which larger margins are assigned to
more uncertain classes to ensure class separability; b) multi-view classifier module, in which multi-view results are combined via
Dempster-Shafer theory with an additional calibration method to ensure robustness and accuracy.

Jiagian Ren, etc., Uncertainty-guided Boundary Learning for Imbalanced Social Event Detection, Under review.



\ gt & AT A KK

BEIHANG UNIVERSITY

&EE6: ET YRR E NSRS

TABLE 2: Comparison with social event detection methods. TABLE 3: Comparison with long-tail recognition methods.

Events2012_100 | Events2018_100 | CrisisLexT_7 Events2012_100 | Events2018_100 | CrisisLexT_7
Methods Methods

ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1
TwitterLDA [25] | 0.0937 0.0827 |0.0690 .0.0483 |0.3190 0.2259 CE 0.8577 0.8588 |0.7373 0.7400 |0.7476 0.7231
Word2Vec [42] |0.7467 0.7489 [0.3517 0.3389 |0.4429 0.3780 CB+Focal [7] |0.8767 0.8684 |0.7557 0.7523 |0.7524 0.7495
BERT [43] 0.7650 0.7681 |0.5197 0.5213 |0.5571 0.4597 LDAM [56] 0.8983 0.8995 |0.7730 0.7814 |0.7684 0.7661
PP-GCN [37] |0.6333 05462 |0.7000 0.5099 |0.7333 0.6871 Hybrid-PSC [17] | 0.8857 0.8865 |0.7687 0.7660 |0.7810 0.7620
KPGNN [38] |0.7333 0.5908 [0.7667 0.6190 |0.7567 0.7111 BLC [19] 0.9083 09098 |0.7733 0.7816 |0.8190 0.8132
MVGNN [24] [0.8183 0.8214 |0.6993 0.6817 |0.7190 0.7055 DRO-LT [20] [0.8943 0.8942 |0.7707 0.7752 |0.7886 0.7830
ETGNN [21] |0.8645 0.8656 |0.6043 0.6012 |0.7667 0.7430 TSC [18] 0.9033 0.9080 |0.7740 0.7833 |0.8143 0.8058
UCLsED 0.9007 0.9022 |0.7753 0.7854 |0.8064 0.8053 UCLsgp 0.9007 09022 |0.7753 0.7854 |0.8064 0.8053
UCL-ECggp |(0.9143 0.9160 | 0.7830 0.7903 |0.8381 0.8364 UCL-ECsep |0.9143 0.9160 |0.7830 0.7903 |0.8381 0.8364

Jiagian Ren, etc., Uncertainty-guided Boundary Learning for Imbalanced Social Event Detection, Under review.
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Fig. 5: Visualization of mean intra-class cosine similarity and mean inter-class cosine similarity distribution on Events2012_100.
The first, second and third rows show the similarity distribution of co-hashtag, co-entity and co-user views, respectively. Dark color
area indicates intra-class similarities while light color area indicates inter-class ones. Uncertain, middle, and certain classes are
plotted separately. Average inter-class cosine similarity and average intra-class similarity of the uncertain group are marked with
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Table 2: Dataset and graph statistics.

#Nodes ; Avg. Feature Avg. Label
(Erands) TTObOR  cEdges o ety | Similasity
R-U-R 49315 0.83 0.90
HIRER = & | 45954 R-T-R 573,616 0.79 0.05 ,
(] EEE*F =R ;3‘ (145%) R-S-R 3.402.743 0.77 0.05 @ﬁ le@r*u fE Eg E HE:&MS]«:F'LQ Gilt&l:l:le
- ERBHMXE ALL 3,846,979 0.77 0.07
s ZBMISLIRITA o U-P-U 175,608 0.61 0.19
o ENEHT | Q | 11,944 U-S-U 3,566,479 0.64 0.04 . —- i s
5&1%"A1’E tt{ﬁ-l E (95%) U_V_U 1 036 737 071 003 @giﬁ/?\ﬁgﬂg E,ﬁiwleleEth&];Fle
< ALL 4,398,392 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 | Traing*| GON | GAT | RGCN | cxcp | Path | 2Vec | GNN | Cousis || Az | Weight | Mean | GNN
5% || 5498 | 5623 | 5021 | 5382 | 5633 | 5103 | 5373 | 6158 ||| 6608 | 7L10 | 6983 | 7126
Auc |- 10% | 5094 | ssas | ssaz | saz20 | se29 | so1s | sies | 6207 || 7021 | 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 | 75.70 o — o
2 5% |[ 5302 | 5468 | 5038 | 5425 | 5233 | 5000 | 3228 | 6Z60 || 6352 | 6664 | 6805 | 6753 WSS SRR | A= B
10% '| 5110 | 5234 | 5175 | 5223 | 5435 | 5000 | 5257 | 6208 || 67.38 | 6835 | 6892 | 67.77
Recall |, 0% °| 5387 | 53.20 | 5092 | 5260 | 5484 | 5000 | 5216 | 6235 || 6834 | 6907 | 69.48 | 6860
40% | 5081 | 5452 | 5043 | 5286 | 5094 | 5000 | 5059 | 6208 ,| 7113 | 7022 | 6925 | 7192 _ e
5% || 7444 | 7389 | 75.12 | 7071 | 7156 | 7686 | 7025 | 8546 | || 8949 | 8936 | 8935 | 89.54 KPR HRERZHEES
aue | 10% o 7525 | 7ass | 7a1s | 7397 | 7223 | 7573 | e | 8520, | 8958 | 8937 | 8943 | 804
- 20% | 7513 | 72.10 | 7558 | 7397 | 7189 | 7455 | 73.98 | 8550.| 8958 | 89.68 | 8934 | 89.45
g 10% || 7434 | 7516 | 7468 | 7527 | 7265 | 5694 | 7035 | 8550 | 8970 | 8969 | 8952 | 89.73
E 5% || 6554 | 6322 | 6423 | 69.09 | 6556 | 5000 | 6329 | 8549 | || 8822 | 8831 | 8802 | 8834
| pecall | 19% .| 6781 | 6584 | 6722 | 6936 | 6663 | s000 | 6332 | s538.|| 8787 | 8836 | ss12 | 8829
20% | 6615 | 67.13 | 6508 | 7030 | 65.08 | 50.00 | 6128 | 8559.| 88.40 | 8860 | 88.00 | 88.27
40% || 67.45 | 6551 | 67.68 | 7016 | 6541 | 5000 | 6289 | 8553 | 8841 | 8845 | 8822 | 88.48
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Diserete RL Forest

Continuous RL Forest

1) Observe the current state and reward:
State = s; Reward =r

2) Update RL function:

RL & (State = s, Action = 0.5, Reward =)
3) Predict Epoch 2 action:

Action = RL(State = 5) =0.8

4) Discard node:

@0.25

022 023 0.24 025

o @ RSRLIESE 5
iEJEI R E .‘%*%FE B[]
(Maximum number of neighbors: 547. D=3) -"’- - (Maximum number of neighbars: 84_D=2) D Unselected py D Unselected p, ) * EjJ 1’E |Ej Ilﬁ ﬁ{,t

[:] The best p,- at the current depth
Epoch

_{_]'f__ .. W ______u;s___ - - - Action range update flag o *T_L,U\%D EE J E{lﬁjj
— g —— — (®) Neighbor node with sampling order x =
’Ik/Ll\

5 0.60253664538103746 @ Center node

0.77667865450976432 LGN, oy ° L
e e mﬁ&;wsmumqsm 0.602536645381037465 'Ij /\ n
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1498 * =IA
(Maximum number of neighbers: 106, D=1) v {(Maximum number of neighbors: 1032, D=2)
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% One layer Reinforcement Learning Forest ,
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Yelp Amazon
o AUC Recall AUC Recall
)4 10% 20% 405 a% 105 20% 4% 5eE 1065 205 0% 5% 105% 20H% HH
GCN o5 50094 5315 5247 | 53.12 5110 5387 5081 Td44 75,25 7513 7434 | 6554 6781 6615 67.45
GAT 50.23 5545 LH769 5624 | 5408 5234 5320 5452 TIRD 7455 T210  VAle | 6322 6584 46713 6551
GraphSA{}E 5382 54230 5612 5400 | 54.25 5223 52469 5286 T0.71 7397 73097 T7L.27 | 6909 6036 TO30  TO.16
RGCN B1L21 55,12 5505 5538 | 50,38 5175 50,92 5043 012 MG ThRAE V46E | 6423 6782 6508 67.6H
\ Genie Path 5.33 56,20 5732 55091 | 5233 5435 5484 50.94 F156 72,23 T1.B9 7245 | 6556 6663 6508 6541
/ Flayer!‘f"ﬁc 5103 50,15 5156 5365 | 5000 5000 5000 5000 JeBe 7573 7455 5604 | 5000 5000 5000 50.00
Eﬁ SemiGNN 53.73 5168 5155 51.58 | 52.28 5257 5216 50590 7025 7621 TIGR  T035 | 6329 6332 6128 6289
GraphCﬂmis 61.58 6207 6231 6207 | 6260 6208 6235 6208 A546 B5.29 B5.50 8550 | B549 B5.38B B5.50 B5.53
’E GAS 54.4% 5258 5251 52460 | 5340 5326 5337 5141 7140 7749  74.51 TL03 | 6431 6457 6208 6374
53\ FdGars 6177 6215 6281 6266 | 62835 6216 6273 6240 B558 B5.41 5588 R5B1 | B5B3  B5R7S B584 8593
*ﬁ ) rathASH R2.0% 5469 5673 S4.46 | 5240 5415 55469  56.16 T1.01 7248 73852 Ta05 | 6917 6048 7035 7016
GrathAS 53.26 55.31 57.15 55.59 | 53.69 5547 54604 5700 7241 T3.04 7358 Va5 | 7036 V053 T193  T1.BB
Pﬂlic}f-{}N NH | 5404 5573 5030 6060 | 53.08 5535 5R75 5000 7220 7330 Y411 TRa20 | Y010 71,20 T3O08 0 Td4.44
Policy-GNMN 55,75 B62% 6001 6152 | 54.15 5606 HBR9S 6053 T369  F406 7529 FRE5 | TL34 T246 T455 76,70
CARE-GNMN T1.26 733 7445 7570 | 67.53 o777 6Re0 7192 B054 BEo44 EO945 B973 | BA34 BE.29  BE2T  BE.4B
RioGNMN 8197 H3.72 8231 8354 | 75.33 7578 7551 T6.19 | 9544 9541 95463 9619 | 9017 89.483 8951 8§9.82
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. 2K 5/ /1 60
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Table 6. Fraud detection clustering results (%) compared to RioGNN variants.

Dataset | Metric | RioGNN op | BIO-GNN RD-D—GNN RIO-Att RID—W'Eight RIO-Mean | RioGNN
- ZEGNNMREMN . NMI 3.18 9.36 12.39 9.80 12.05 8.39 12.22
! P ARI 6.12 11.84 16.61 11.88 15.88 8.50 16.45
o ZREESMAYPRIE U
o+ S NMI 58.87 59.83 57.81 55.76 58.76 58.72 61.26
o WRBMEEAXRENENMLBME Amazon
e ARI 76.53 77.38 76.09 76.54 76.73 76.51 78.40
Table 5. Fraud Detection clasgiiicaliur.nir:]s]:nlts (%) compared to RE::uv:rianta. . RIOGNNE@%&}E?LE@E%%%
Models AUC Recall AUC Recall
RioGNN 76.01 63.15 91.28 72.46 00845
BIO-GNN 78.67 71.21 95.47 8835 0.0301- — R-T—RilL — B-=5-Rill
¥ 0,07 4 e [ =T = RII2) 0.08 1 . | =5 = R[I2]
ROO-GNN 83.59 75.56 95 58 89,22 —
RIO-AtE 78.65 71.69 93.97 3178 el 3
RIO-Weight 80.40 72.83 96.25 89.61 0.020 o051y 08T
RIO-Mean 77.84 71.43 94.57 89.47 — R-u-rRUL | ., | j
Ri0GNN %3.54 75.55 96.10 2866 T — el - | 0044 i i
n.o10 . - - : - |’ _I% ‘ stahle ot 0029
RSRL*E J 0,02 4 M stptie g0t 0024 P At
. \ /n\ 0.005 1 1 0.0 4
° 15”3 LFE IEJ*’EEJ-; |j-(j 15 SIS e, S __istable bt §.003 - I".IIH"‘WEI o Yt ble 1.003 . H""".I"J"-ﬁ— : _‘._'-:..!.l:ll.':ll. o :.Z-!'IT!
. 3 - gy D.000 1= + . ; i } gt . '
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° Epoch Epoch Epoch
iR ANE S E SF AR {a) RU-R {b) R-T-R. {c) R-S-R.

© PREUERARH
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Fig. 7. Scores of Multi-Layer RioGNN on Yelp.
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Table 10. Results (%) compared to different RL algorithms and strengthening strategies.

E 1
TrrsmrprLs ppmk

i

Methods Yelp Amazon | MIMIC-III
E AC [50] 83.54 96.19 81.36
g DON [69] 84.08 95.13 B0.96
a8 PPO [86) B0.52 04,99 80,98
g AC [50] 81.31 04.72 B0.98
2 | DDFPG [55] 83.80 95.39 81.17
= SAC [31] B0.42 04.76 80.87
3 TD3 [23] 84.18 95.11 81.51
i = e Corwmegenc ppedh » ] T = K -m-h e AL BB M =g [ Cresgenos Bpach
[ B o [* s 1
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{a) Yelp. (b} Amazon. {c} MIMIC-II.

Fig. 11. Depth and Width for Different Task Scenarios.
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Table 2: Comparison of the average maximum accuracy of different methods for social bot detection (%).

Dataset | Vendor-19 | TwiBot-20
Setting | a=1 a=05 a=0.1 a=005 | a=1 a=0.5 a=0.1 a =0.05

FedAvg 71.30+0.60 61.06+1.52 60.88+2.85 59.81+2.48 54.04+0.50 55.41+1.35 51.37+0.77  52.46%0.02
FedProx 84.37+0.43 78.25+1.02 51.86+0.04 63.27+2.32 74.34+0.06 73.32+0.25 51.86+0.04  52.30+0.63
FedDF 86.37+1.23 80.17+2.21 63.16+1.37 67.01+1.78 72.12+1.96 71.25+1.03 55.23+1.32  53.35+1.41
FedEnsemble | 81.12+2.22 76.70+1.21 64.51+2.56 68.05+1.15 55.98+2.55 54.15+0.04 54.21£0.04  54.15+0.04
FedDistill 79.68+0.58 68.77+1.13 52.88+0.06 70.25+039 | 64.11£0.29  63.34+0.56 50.00+£0.00  54.30+0.05
FedGen 90.05+0.33 84.83+0.96 65.12+0.60 70.79+2.39 74.14+0.47 73.12+2.09 59.19+2.70  55.78+1.79
FedFTG 88.31+1.41 82.17+1.52 66.01+1.25 68.39+1.94 74.27+1.21 74.13+£0.53  60.14 £1.74  56.17+1.27
FEDACK-A | 91.31+0.52  84.79+1.05 66.10+2.90 68.21£1.95 | 77.16+1.09  74.70+1.64 63.52+1.09  55.39:+1.24
FEDACK 88.58+1.91  87.05£2.03  76.04+3.40  75.27+2.50 | 77.08+1.83  78.26+2.60  67.81+2.20  60.14:+1.32
Gain | 11.26~20.01 T12.22~25.99 110.03~24.18 14.48~15.46 | 12.82~23.12 14.13~24.11 17.67~16.44 13.97~7.84

ETa
BRI
5 b 5 b B



PEITTTEYL

BEIHANG UNIVERSITY

RO BXFHREIES . BY¥a . BREKE™RIES

FedAvg s FedProx Ensemble =e+=  FedDistill === FedGen == FedACK / \
, 0.8 0.8 =] 37 & ; zl:
0.9+ o ,’ij‘\"==’;ﬁ_;‘--\;7\'w’m— 0.9- = - ‘i‘" ,‘,,,,» e Pas oo “IFM"\" v AN Z- H :I: .t1:$
0. 8”\; > B e i A A 0.8 "\ -"\k‘[“-ﬁ\:&‘} e \-;l\mn?; e i 0.7 ;[I“'nl“l‘. “‘ . ‘,f CAd “7 ‘ 0.7;1-::"; |‘, “' :‘h
W Sor W pud it o et fEZS 8] £
g ’ ’I! 5 I}c'._‘_._,.,.,.._......_,...‘_..-..-. e B _':-,; g _>
Fos go gos ERCER
0.54/ 0.5 04 0.4
Fed 0'”6! 15 30 45 60 75 90 %15 30 45 60 75 o 0% 15 30 45 60 75 o %15 30 45 60 75 o
15 30 45 60 75 90 b 15 30 45 60 75 90 UV 15 30 45 60 75 90
AC k Communication rounds Communication rounds Communication rounds Communication rounds /
(a) Vendor-19 (& = 1). (b) Vendor-19 (a = 0.5). (c) TwiBot-20 (a = 1). (d) TwiBot-20 (a = 0.5).
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-~ Table 3: The round number to reach the target accuracy on
;"& Vendor-19 (80%, 70%) and TwiBot-20 (70%, 65%). of clags U class
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Z%g Dataset | Vendor-19 | TwiBot-20 s *] 5 &
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FedAvg | unreached unreached | unreached unreached -10 E%% 10 by,
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FedDistill | 60.0+1.0  unreached | unreached unreached 20 . .
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Table 2: Classification accuracy(%) of SE-GSL and corre-

-ll-j'-/ﬁ\ ﬁj\gé;ﬁﬁﬁ Z%__(XTJ' tbﬁ*ﬁ sponding backbones. Wisc. is slliujri for WI-uumln.
Method Actor TW Iexas  Wisc. | Improvement

SE-GSLgen | 35.03 6688 7568 7961 | 15.20~31.04
SE-GSLgce | 3620 6692 8249 8627 | 10.25-6.79
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Fig. 2: An illustration of the AdaSNN architecture. Step-1: the Reinforced Subgraph Detection Module aims to detect
critical subgraphs {g;} for an input graph G. Step-2: the critical subgraphs {g;} are used to contract a sketched graph G**¢
and encoded into subgraph representations {z}. Step-3: the Bi-Level MI Enhancement Mechanism further enhances the
subgraph representations and uses them for classification.
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GIN [55] 89.40+5.60 (7)  64.60£7.00 (5) 76.20+2.80 (10) = 82.70+1.70 (5) - 6.75
1£ GCAPS-CNN [50] - 66.01+5.91 (4)  76.40+4.17 (7)  77.62+4.99 (9) B82.72+2.38 (4) 81.12+1.28 (6) 6.00
CapsGNN [54] 86.67+6.88 (10) - 76.2843.63 (8)  75.38+4.17 (12) 78.35+1.55(11) - 10.25
A2 AWE [20] 87.87+9.76 (8) - - 71.51+4.02 (15) - - 11.50
73 S25-N2N-PP [45]  89.86+1.10(5) 64.54+1.10(6)  76.61+0.50 (4) = 83.72+0.40 (3)  83.64+0.30 (2) 4.00
;E NEST [58] 91.85+1.57 (4)  67.42+1.83(3) 76.54+0.26 (6) 78.11+0.36 (8)  B1.59+0.46 (8)  81.72+0.41 (5) 5.67
MA-GCNN [35] 03.80+5.24 (2)  TL76%6.33(2) 79.35+1.74(2) 81.48+1.03(3) 81.77+2.36(7) - 3.20
n SortPool [63] 85.83+1.66 (11) 58.59+2.47 (10) 75.54+0.94 (13) 79.37+0.94 (6) 74.44+0.47 (13) - 10.60
i}u DiffPoal [61] = - 76.25 (9) 80.64 (4) - - 6.50
gPool [15] - - 77.68 (3) 82.43 (2) - - 2.50
EigenPool [29] = : 76.60 (5) 78.60 (7) 77.00 (12) 74.90 (8) 8.00
SAGPool [23] - - 71.86+0.97 (14) 76.4520.97 (11) 67.45+1.11(14) 74.06+0.78 (9) 12.00
SUGAR (Ours) 96.74+4.55(1) 77.53+2.82(1) 81.34+0.93(1) 84.03+1.33(1) 84.39+1.63(1) 84.82+0.81(1) 1.00
100 100
56,74 .
MLi = e
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RfEnode- = ° p @
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S U - U b -
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Qingyun sun, etc., SUGAR Subgraph Neural Network with Reinforcement Pooling and Self-Supervised Mutual Information Mechanism. WWW 2021; 25 K5/ /1 79
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Figure 1: The overall framework of the SR-MARL.

Xianghua Zeng, etc., Effective and Stable Role-Based Multi-Agent Collaboration by Structural Information Principles. AAAI 2023;
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Xianghua Zeng, etc., Effective and Stable Role-Based Multi-Agent Collaboration by Structural Information Principles. AAAI 2023;



R 3

UNIVERSIT

ZEREIICRIE

\ gt F ST e KRR

BEIHANG

Y

. .
HAXI I
Categories Easy Hard Super Hard
COMA 16.67 +£22.73 | 4.51 £9.58 - QPLEX COMA
IQL 52.50 £40.69 | 73.44 £24.85 | 10.55 £ 18.49 - = i '
VDN 85.01+17.22 | v1.49+ 1878 | TL10* 27.23 >
QMIX 98.44 +2.10 | 87.11+18.58 | 70.31 X 38.65 2 80% = 4
QTRAN | 64.69 £ 36.79 | 58.20 £45.37 | 16.80 & 20.61 1= g 2 2
QPLEX 96.88 +£5.04 | 89.85 + 11.35 | 84.77 + 10.76 E =
RODE 93.47 +10.19 | 88.44 +20.96 | 92.71 + 9.20 g, 40% & 2
SR-MARL | 9861+ 1.75 | 9531+6.63 | 95.71+3.10 | © ,,, g,
Improvements(% )/Reductions(%) )
Average 10.17 1 6.08 13.24 S 9
Deviton 116.67 130.80 166.30 L LHS_?: 80% 100% UG 2 % Lsi?'nf 80% 100%

Table 1: Summary of the test win rates under different map
categories: “average value + standard deviation” and “im-
provements/reductions” (%). Bold: the best performance un-
der each category, underline: the second performance.

Figure 4: (left) The average test win rates across all 13 maps;
(right) the number of maps (out of 13) where the algorithm’s
average test win rate 1is the highest.

Xianghua Zeng, etc., Effective and Stable Role-Based Multi-Agent Collaboration by Structural Information Principles. AAAI 2023;
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