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Figure 1: Difference between continuous-time link prediction and
continuous-time group link prediction. (1) As shown in left part,
in continuous-time link prediction, we predict the probability of an
edge existing between individual v; and v5 at future time tg. (2)
As shown in right part, in continuous-time group link prediction, we
infer the possibility of generating a link between individual v4 and
group sz at future time f;¢.

First, previous methods rarely discuss future links between
individuals and groups, but tend to mine missing ones. The
assumption that all members are connected to the group at the same
time makes the fine-grained raw temporal information missing.

Second, individuals are assumed to be isolated from each other,
which neglects the neighborhood information that laterally depicts
dynamic link preferences.

Third, equal treatment of all group members leads to ignoring the
diversity of members’ importance in groups.
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Individual Representation Learning Importanna—based Group Modeling Prediction

Figure 3: The overall framework of CTGLP. CTGLP is composed of three main components: individual representation learning, importance-
based group modeling and prediction.
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Figure 2: A toy example of the construction of a continuous-time 'uff:k 11 € Vs il
interaction network.
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Datasets Nodes Edges Groups Unseen”
ML100K 155 59118 590 42
CiaoDVD 8 714 165 598 4 040 1195
ML25M 16065 1048836 18 882 1578
MLI100K, /, 650 22 683 510 0
CiaoDVDy,,, 5766 85 562 3 341 0
ML25My, /, 9 998 491704 16494 0

" The value indicates the number of nodes that are not presented
during training.

Table 1: Statistics of two versions of the three datasets. Note that
the subscript w/o denotes the dataset without unseen nodes.



Chongging
University of

Technology

ATAI

Advanced Technique

of Artificial
Intelligence

Method| _ HR@K(%) NDCG@K (%) MRR@K (%)

ethodl k=10 K=20 | K=10 K=20 | K=10 K=20

Method HR@K(%) NDCG @K(%) MRR@K(%) AA 8.8 18.7 43 2.8 3.1 3.8

. y . . 23 ,_ CN 77 187 3.5 3 99 3.0

=l Eeel | B E=OY Lo . 2| DW 0.0 2.0 0.0 0.5 0.0 0.1

LSTM 15.9 297 8.7 10.4 6.6 7.0 Ma n2v 0.0 4.0 0.0 1.0 0.0 0.3

v | CVAE |28.8+1.5 39.0+£1.716.1£1.4 18.6+1.4|12.3£2.2 13.0+£2.3 S | HINE | 0.0 8.0 0.0 2.0 0.0 0.5
i s b | EEEETAh SRRl § CVAE |30.0£1.6 38.0+1.1 | 17.7+1.1 19.6+1.1 13.8+1.3 14.3+1.3
gl| MLE | Ihatld 2alEl2) Gosle Dodld | sldle sl CVAEH | 24.043.0 28.042.3|12.241.9 13.1+1.8| 8.4£1.9 8719
GSAGE [27.120.7 35.6+0.4 |16.2+0.4 18.3+0.4|12.9+0.6 13.5+0.5 CTGLP |28.0+1.0 34.0£0.6 22.120.9 23.5+1.0|20.3+0.8 20.7+0.8
CTGLP | 30.5+0.9 42.4+0.5|21.5+0.9 24.4+0.8 |18.6+0.7 19.4+0.7 é§ %gg 3(8)1 3? iig 190-93 }82

LSTM 10.6 14.7 6.0 7.0 4.5 4.8 § DW 0"9 1_‘9 0“3 0.6 0:2 0.5

A | CVAE 21.6+0.7 27.1+0.8 |11.9+0.5 13.4+0.3| 9.0£0.4 9.4+0.3 A v 0.5 1.0 0.2 0.4 0.1 0.2

2 |CVAEH | 16.130.8 23.5+1.9|10.0+1.1 11.9+1.3| 8.2+1.1 8.7%1.2 Z | HINE | 05 20 | 02 0.5 0.1 0.2

S 2| LSTM | 130 16.6 8.2 9.1 6.7 7.0
5 MLE | I2ELY J0aiiin) Fodin Sl | 5505 S O | CVAE |22.121.7 26.8+1.0|12.6+1.1 13.840.9| 9.709 10.0+£0.9
GSAGE | 17.6£0.8 24.8+£0.8 | 8.8£0.7 10.6£0.5] 6.10.5  6.5+0.6 CVAEH |22.5£0.9 27.741.0| 13.120.7 14.420.6 | 10.2£0.6 10.5£0.6
CTGLP | 20.8+0.6 28.7+0.7 | 11.7+04 13.7+0.2 | 8.8+0.7 9.4+0.8 CTGLP |25.540.9 30.7+1.0|17.0+0.5 18.3+0.4 | 14.3+0.9 14.7+1.0
LSTM | 205 25.3 13.9 15.1 11.9 12.2 é§ fég 44’1551 gig 33;‘ gg-g gg;

= CVAE |22.6+2.1 26.9+2.1|16.6*x1.6 17.7+1.7|14.7+1.5 15.0+1.5 | DW 2"1 54 O..'/' 1"5 0‘3 0‘25

e CVAEH | 19.4+0.8 23.4+0.6 [ 14.3%1.1 15.3+0.812.7£1.0 12.9+0.8 23 n2v 1.3 35 0.5 1.0 02 0.4
E MLP |19.6+1.4 23.443.1|14.4£1.5 15.442.0|12.8+1.6 13.1£1.8 % fgg& 2{}33 332.16 10(’;58 201.9l l07.25 %38
GSAGE [ 27.1+0.4 31.9+0.6|17.1+0.3 18.3+0.4|14.0+0.2 14.3+0.3 E CVAE 27.8£0.5 34.2£0.6 19‘3‘i0‘4 20‘95).7 16.6£0.7 17‘&0‘5
CTGLP |30.0+£0.7 35.8+0.8 19.6+0.4 21.0+0.5 |16.3£0.6 16.7+0.6 CVAEH | 272404 32.12£0.71193+£0.5 20.6+0.4|16.940.4 17.2+0.4
CTGLP |45.8+1.1 54.4£0.9 28.3+0.8 30.5+1.0|22.9+1.1 23.5+1.3

Table 2: Performance of various methods on datasets with unseen

nodes. Items with the highest values are marked in bold. Table 3: Performance of various methods on datasets without unseen

nodes. Items with the highest values are marked in bold.
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Figure 4: Comparison of training time and inference time of six Figure 5: Impact of various components on performance under
methods on ML25M.

ML100K and CiaoDVD. IGM denotes the importance-based group
modeling.
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EL%&GN?L;ISH&EI e N e - Y e Figure 7: Impact of embedding dimension on method performance

on datasets ML 100K and CiaoDVD.
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