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Who is most likely to join this cascade?

Extracting global interactive relationship among users from the social
network and historical cascades.

Proposing a multi-scale sequential hypergraph attention module to capture
the dynamic preference of users at different time scales.

Designing a contextual attention enhancement module to strengthen the
interaction of user representations within the current cascade.

Constructing a susceptibility label for each user based on user susceptibility
analysis and use the rank of this label for auxiliary prediction.
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Xp(l+1) = ReLU(Dp2 ApD 2 Xp(O)Wr) (1)

Xe(l+1) = ReLUDS? AcD2 X (WWe) ()

XSZQXF-i—(l—Ot)XC (3)

exp(Wg o(W1XF))

= ep(WTo(WiXr)) + eap(Wia(WiXg)) 7
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Gp ={GL|I =T,Ty,..., Ty}
G5 ={6L = (U7, E)|r=1,2,3,....T'} (5)

Xp ={XL|I'=T4,I,...,Car}
X}, = Sequential HGAT(GY,) (6)

X5 (Ly) = HGAT(X5(0),G3) 7=1,2,3,., (7

X5HH0) = s X5(0) + (1 — gf) X5 (L) (8)

- eap(Wh o (W, X5(0)))

I cap(Wh o (W, X5 (0))) + exp(Wh o (W, X5, (L))
(9)

o7 (l+1) = ReLU ( > Whaf ) (10)
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asg(z+1)=ReLU( > Whg T(1+1 ) (11)
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(a) Global Static Learning (d) Contextual Attention Prediction
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(b) Multi-scale Dynamic Learning L AdiiERotm - ] = (WT (;f?gz/)%g(wzzz%?% (W an)) (18)
exp(Wzo(Wasg')) +exp(Wzo(Wasp
T
MaskedAtt(Q, K, V) = softmax (QTI; - M) Vv, y = softmax(WpZ + Mask) (19)
0
hy = MaskedAtt(ZsW3, ZsW., ZsW,)), Z% = ReLU(hsWpg, +b1))Wg, +by  (14) B
hs = [l has. . .5 ha] WO Loss(0 ZZ yeilog(9e:) (20)
(13) t=2 i
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TABLE 11
OVERALL RESULTS WITH HITS@K SCORES FOR K = 10, 50, 100 oN FOUR PUBLIC DATASETS (%)

s Twitter Douban Android Christianity
megs @10 @50 @100 @10 @50 @100 @I0 @30 @100 @10 @50 @100

DeepDiffuse 5.79 10.80  18.39 9.02 1493 19.13 4.13 10.58  17.21 1027  21.83  30.74
Topo-LSTM 8.45 15.80  25.42 8.57 16.53 2147 4.56 1263 1653 1228 2263 31.52

NDM 15.21 28.23 32.30 10.00  21.13 30.14 4.85 14.24 18.97 1541 31.36 45.86
SNIDSA 2537 36.64 42.89 16.23 27.24 35.59 5.63 15.22 20.93 17.74  34.58 48.76
FOREST 28.67 4207  49.75 19.50 32.03 39.08 9.68 17.73 24.08 2485 42.01 51.28
Inf-VAE 14.85 3272  45.72 8.94 22.02 35.72 5.98 14.70 2091 18.38 38,50 51.05
DyHGCN 31.88  45.05 52.19 18.71 32.33 39.71 9.10 16.38 23.09 26.62  42.80 52.47
TABLE I MS-HGAT 33.50 49.59 58.91 21.33  35.25 42.75 10.41 20.31 27.55 28.80 47.14 55.62
STATISTICS OF THE PREPROCESSED DATASETS IN OUR EXPERIMENTS TOpiC-HGAT 35.12 51.41 61.15 23.50 37.58 45.66 11.76 21.72 29.39 30.02 48.73 57.80
RotDiff 3590 5246 61.21 22,16 3823 4637 11.44 2304 3130 3237 5625 66.74
Datasets Twitter Douban Android Christianity MCDAN(ours) 38.45 55.78 64.25 49.39 58,58 62.81 11.89 25.10 32,79 3549 5692 6741
# Users 12,627 12,232 2,927 1,651 TABLE ITI
# Fri. Links 309.631 198 496 24.459 71.955 OVERALL RESULTS WITH MAP@K SCORES FOR K = 10, 50, 100 ON FOUR PUBLIC DATASETS (%)
# Cas. Links 73,036 51,797 23,958 11,328
# Cascades 3,442 3,475 678 589 el Twitter Douban Android Christianity
Avg. Length 32.60 21.76 42.05 26.02 @10 @50 @100 @10 @50 @100 @l0 @50 @100 @10 @50 @100

DeepDiffuse 5.87 6.80 6.39 6.02 6.93 7.13 2300 253 2.56 7.27 7.83 7.84
Topo-LSTM 8.51 12.68  13.68 6.57 7.53 7.78 3.60 4.05 4.06 7.93 8.67 9.86

NDM 1241 1323 1430 8.24 8.73 9.14 201 222 293 7.41 7.68 7.86
SNIDSA 1534  16.64 1689 1002 11.24 11.59 298 3.24 3.97 8.69 8.94 9.72
FOREST 19.60 2021 2175 1126 11.84 1194 583  6.17 6.26 14.64 1545 15.58
Inf-VAE 19.80 2066 2132 11.02 11.28 1228 482 486 5.27 9.25 1196  12.45

DyHGCN 20.87 2148 2158 1061 11.26 1136  6.09 640 6.50 15.64 1630 16.44
MS-HGAT 2249 2317 2330 11.72 1252 1260 639  6.87 6.96 17.44 1827  18.40
Topic-HGAT 2371 2453 2466 1270 13.61 1372 680  7.53 7.68 1898  19.85 19.99
RotDiff 2406 2482 2495 1170 1254 12,66 696 745 7.56 1981 2091 21.05

MCDAN(ours) 25.89 26.69 26.81 40.70 41.13 41.19 747 8.04 815  22.88 23.78 23.94
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TABLE IV
ABLATION STUDY WITH HITS@K SCORES FOR K = 10, 50, 100 oN FOUR PUBLIC DATASETS (%)

Twitter Douban Android Christianity
@10 @50 @I00 @I0 @50 @I00 @I0 @50 @100 @I0 @50 @100

MCDAN 3845 5578 64.25 49.39 58,58 6281 11.89 2510 3279 3549 56.92 6741

w/o G 32.02 4994 60.27 2897 4272 49.11 10.88 2261 2999 3259 51.12 64.96
w/o M 38.16 5496 63.17 39.65 5243 5758 11.58 2292 30.61 3147 5246 62.05
wlo C 3541 5049 5855 2050 3486 4197 11.11 2145 28.67 3192 5246 61.38
w/o L 3494 51.64 6058 4577 5564 60.05 11.34 21.06 2844 3214 5290 66.29

Note that we use underlining to mark the results of the most effective component.

model

TABLE V
ABLATION STUDY WITH MAP@K SCORES FOR K = 10, 50, 100 ON FOUR PUBLIC DATASETS (%)

Twitter Douban Android Christianity
@10 @50 @100 @10 @50 @100 @10 @50 @I100 @10 @50 @100

MCDAN 2589 26.69 2681 40.70 41.13 41.19 747 8.04 8.15 2288 23,78 23.94

w/o G 1990 20.72 20.87 19.68 2030 2039 6.63 7.17 7.27 2034 2123 2142
w/o M 25.18 2596 26.08 29.89 3050 3057 699 7.50 7.61 2020 21.14  21.28
wlo C 2359 2429 2440 11.17 11.87 1197 685 7.29 7.39 19.26 20.16  20.28
w/o L 22773 2349 2362 3736 3781 3787 709 752 7.62 19.64 2052  20.71

Note that we use underlining to mark the results of the most effective component.

model
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Results of the impact of the historical cascades proportion on the four public datasets.



Chongging
University of
Technology

TABLE VI
RESULTS OF THE IMPACT OF THE NUMBER OF TIME SCALES M ON FOUR PUBLIC DATASETS (%)
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M r Twitter Douban Android Christianity
@10 @50 @100 @10 @50 @100 @10 @50 @]00 @10 @50 @100
1 8 38.16 5496 63.17 3965 5243 5758 11.58 2292 3061 3147 5246 62.05
3 48,16 3845 55778 64.25 4939 5858 6281 11.89 2510 3279 3549 5692 6741
5 2481632 3486 52.04 61.25 4511 5496 5988 10.65 2292 31.24 3237 50.89 65.63
Hits@k scores for k = 10, 50, 100.
TABLE VII
RESULTS OF THE IMPACT OF THE NUMBER OF TIME SCALES M ON FOUR PUBLIC DATASETS (%)
M T Twitter Douban Android Christianity
@10 @50 @100 @10 @50 @100 @10 @50 @100 @10 @50 @100
1 8 25.18 2596 2608 29.89 30.50 30.57 699 7.50 7.61 2020 21.14  21.28
3 48,16 25.89 26.69 2681 40.70 41.13 41.19 747 8.04 8.15 22.88 23.78 23.94
5 2481632 2290 23.68 2382 3479 3526 3533 688 744 7.56 20.27  21.22  21.43

MAP@k scores for k = 10, 50, 100,
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TABLE VIII
INSUSCEPTIBLE LABEL THRESHOLD SETTING

o Twitter Douban Android Christianity
ratio 002 0.04 006 008 002 004 006 008 002 004 006 008 002 004 006 0.08

# insusceptible users 252 505 757 1010 244 489 734 978 58 117 175 234 33 66 99 132

TABLE IX
RESULTS OF THE IMPACT OF THE CASCADE LENGTH ON FOUR PUBLIC DATASETS (%)

e Twitter Douban Android Christianity
@10 @50 @100 @10 @50 @100 @10 @50 @100 @10 @50 @100
200 3845 5578 6425 4939 5858 62.81 11.89 25.10 3279 3549 56.92 67.41
300 3791 5492 6321 49.09 58.12 6274 11,57 2521 3272 3415 5647 67.63
400 37.78 5458 62775 49.06 5793 62.67 1142 2544 32.87 3348 5558 68.30
500 37.69 5431 6263 48.82 57.72 62.61 1172 2544 3264 33.04 5513 68.08
Hits@k scores for k =10, 50, 100. Note that Max;,,, denotes the maximum length of the cascades.
TABLE X
RESULTS OF THE IMPACT OF THE CASCADE LENGTH ON FOUR PUBLIC DATASETS (%)
Mazy,,, Twitter Douban Android Christianity
@10 @50 @100 @I0 @50 @100 @I0 @50 @100 @10 @50 @100
200 25.89 26.69 2681 40.70 41.13 41.19 747 8.04 8.15 22.88 23.78 2394
300 2537  26.16 2627 4045 4087 4094 743 8.03 8.14 2246 2344  23.60
400 2476 2554  25.65 4026 40.67 4073 737  7.99 8.10 2232 2331 2350
500 2420 2497 25.09 4004 4046 4053 737  7.96 8.06 22.06 23.05 2324

MAP@k scores for k =10, 50, 100. Note that Max,,, denotes the maximum length of the cascades.
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Fig. 7. Results of the impact of the insusceptible label threshold on the four public datasets.
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