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Information Cascade Prediction Model Based on Hierarchical Attention
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Abstract Information cascade prediction is a research hotspot in the field of social network analysis. It learns the propagation
mode of information in online social media through the diffusion sequence and topology map of the information cascade. Most cur-
rent models for solving this task are based on recurrent neural networks and only consider information cascading time series
structure information or spatial structure information inside sequences,and cannot learn topological relationships between se-
quences. And the existing cascade graph structure learning methods cannot assign different weights to the neighbors of the nodes,
resulting in poor association learning between the nodes. In response to the above problems, this paper proposes an information
cascade sampling method based on node representation, which models the information cascade as a node representation rather than
a sequence representation. This paper also proposes an information cascade prediction model based on hierarchical attention net-
work (ICPHA) ,which learns the time series structure information of the node sequence through a recurrent neural network layer
with self-attention mechanism,and learns the spatial structure information between node representations through a multi-head at-
tention mechanism. By this way,ICPHA jointly models the structural information of the information cascade through a hierarchi-
cal attention network. ICPHA has achieved leading prediction results on Twitter, Memes,and Digg,and has good generalization
ability.
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prediction, Multi-head attention mechanism
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ANAE PR BAE A oW BT AR AT 5 LUR 4 Ahoy ik
[ SE 5,

(1)DeepDiffuse'®’ ; 5 F LSTM 5 1% 5 1 AL i b 50 , 1)
FHOR B 2R 2 2 B RN 5 1 BL ) 6 AT S8 T 81 B AR Ak 3
75w,

(2) Topo-LSTMP™ 5 T LSTM (¥ K 1 , 75 245 H1 2 1 K
) 2% 5 46 0 A7 0 S0 R —

(3)DeepCas'® : FEF W16 GRU B #E#, 5% B A 2 3 1 BE
ML HEAT SR AR I T B A 38 1. AR SO 0 T R A 1Y
it )2 85T softmax ZRHOM N — A7 45

(4) Bi-LSTM: 2 &li /9 X ) LSTM £ &, 5l o 25 BR
ICPHA (B & I M2 2, R B H 42 # 2, 8 %) BirLSTM
A
50401 BEELFAM AR A

RFBERITE 3 FECHE 4 AR B4 (EDH L 7E 100 8
AR N A Yk S T W) SR, 58 1T B RS A A T 48 A, 4o
2 fE 3 A,

247 Xt

AT

* 2 AFEEAER Map@£k $5F5 500
Table 2 Map@k# of different models
CHLAT 2 20)
Twitter Memes Digg
Model - - — —
@10 @50 @100 @10 @50 @100 @10 @50 @100
Bi-LSTM 9. 77 10.53 10. 98 10. 46 11.00 12.59 2.25 2.81 3.04
Topo-LSTM 12.08 12.63 13.95 13.78 14.05 14.54 2.60 3.04 3.17
DeepCas 12.27 15. 80 16. 87 17.54 17. 89 18.93 2.74 3.39 3.51
DeepDiffuse 19. 46 20.92 21.51 20.10 20.76 21.63 2.87 3.953 3.68
ICPHA 21.09 22.45 24.26 19.59 21.08 22.64 3.1 3.84 4.01
#* 3 AFEEA Hits@k $8Fr 580
Table 3 Hits@#k of different models
G 20D
Twitter Memes Digg
Model — - - — - — -
@10 @50 @100 @10 @50 @100 @10 @50 @100
Bi-LSTM 22.58 24.45 28. 36 39. 26 57.62 60. 69 6. 88 20.12 30.58
Topo-LLSTM 20. 44 23.83 24.80 34.94 50.72 58.23 5.66 19. 34 32.52
DeepCas 21.61 23.28 25.72 41. 85 58.15 66.58 6.19 21.29 32.76
DeepDiffuse 24,46 27.26 30.91 43.42 61.27 67.65 7.64 23.78 34,27
ICPHA 31.74 34.55 38.14 45.73 70.29 76.40 11.47 26.85 39.52
(DE K ICPHA 5 Bi-LSTM #E47 Hod, &5 3 Won . M Do 2%, 33 ik 8 AR RT DAAT ORI D R R 7 31 1 5 B S5 A 45 R L B

BF AR 2 I HLHI B S50 % S B RL, Bi-LSTM {5
BRI T FE AR AR, X P Bi-LSTM H @ 8 T 7 31 4
T A ] B BT AR O R, O R @A A T B 2 IR Y 00 & L T
X O ZR AR 28 Hy 3 26 5 40 T AL B A S B0k I D1 S ] 4

A o 3 AN 8 T 2 I 45 1) T 1 5 — A B R R T
PR 1 L SR A e 5 A SC S H0 I oA HEAT AN ) AT TR L SR T
G W RRAE AL A5 A id 5 00 25 R AL 2 T A A 4h
5B & 80T S R0 B A i JE vk 2 80 20
FRIERIR .

()FEY Topo-LSTM M4 X H 52 56 # , ICPHA A% 2 & 38
T IEF SRR 0E B GICR AR vk W P, B AT L2 3] 15
BRIEAEAR Z A (9 23 M 4549 15 B . Topo-LSTM #& 3t T i (1
P PME R K 5B PN B S R 302 S 9 AR S M 4

HORAE T M R B BF 4y 2 T F L BIR T A R 58
P, B L TR 8 AR K T ICPHA, T E B T 3% T 5 %€ R
BAE B SR FE 7 A A stk . Rl BT, 3E 32 3 Topo-LSTM
AR A R ML Bk 150 48 A5 I8 DeepDiffuse Al
DeepCas, MEHH T 1 & A1 HLHI A5 B R B BMAT %5 LA

(OFET N FP I AT 25 ML 5 8 S 106 75T 0 55 44
rh ?tﬂ]xwzflﬁﬁfﬂﬂ%ﬁﬁﬂ%‘?ﬂ%@m&%ﬁm%uE@ffﬁﬂ,

F—REIE T 1 B ) HLH A R . Hod, DeepCas fifi
B FEE AR B GRU M 256 77 51 55 6 204 1] & O %R
PO AR L I 2 R O T 30 1 0 P A 2 I 45 AR A
TR SE B R E AT — s, B
T 7L L R T AT A BT, 2 = T AL
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BT AR A KR 4 5 S BUR A1 25 IR HE , PRI DeepCas ) 1

MR T Bi-LSTM 3% 4 H I K AT, 4% ik —
R G3HT IR 11— B 43 I AR 48 A
B BGIRIY T — A0 8 0 7 R BRAL T I R AL 0 T AR
Hr ZBEAL R Hits@ 100 35 55 40 88 T DeepCas 7E 3 ™ 4&
For 4 T 5.19%,1.07%,1.51%.,

(DARSCHR Y ICPHA 78 X L 52 5 b U T e 3 19 151
DR . FER 1 2 HL ) 55 4 28 000 2% 25 & i A B v, — i R
HEXHE B G )T 5 0 5 B AT RRAE 2 2, ICPHA ZE4f
FHAE w22 W 4 5 1 v 2 AL 2% (5 B RT3 1 i) {5
S TRl 22 3k T 0 AL R A R OB A T R Y 2 A 15 L
IR R BT 25 A 5 B S A RIS B AT TR RS
B 3Ah SR IRH I {7 18 G T A A 225X B K o K R
A g D T IR AT EE R ICPHA Sl it 2% ) 5 BB R 9 2
V] £ 225 [0 &85 4 {5 2, 5 0 a5 100 48 3 0 S50 KR AIE , T 0 5 4 A7l 42
T YW RN A A5 5 8 AT 2] T A 0 B RUR . W
W, ICPHA SCHRRFE — R X BT A 19 s i iT Rom %,
AT GBk B 0 4 Jmy 25 4 ol B2, b 7 A A0 4 31 2k
W,

5.4.2 AEVEAKE JE ATk

ARICXE 3 A T A8 AR BUE L = 19 5B DeepCas , DeepDif-
fuse 5 ICPHA B S BUBCREE AT BR il o LAY 3 A5 784 1) 4 14 45
FPEIAT N . H T BB i A R SR os B 128, 2 2
BRI OCHEE 32 % 64, JFHIRAERK RN 205 0050 T
3 Tl ASE AL 85 7 % B A 0 0 4 Y kb R A T R AL,
b S 56 2200 P 31 1 R T S B0 R A 2 B A R L A% TR AR
PB4 J2 5 T 0 22 X 48 2 1 ) G )2 28 0 250 0o A T
B4R

ARSI GG I 2 R 2% 2 5 IR 2 N 45 2 T R & T AL
BRIy 9Bk 128,192,256,320, 384, Hi PRl 4 20 A9 K TE
B2 64, 5 — 41k 128, K BIBTE Twitter
P4 F B Hits@100 X Lg% ok 4 §71,

F4 BREARE SN

[7] 85, DeepDiffuse 1 i —

=X
=20

éﬂl

Table 4 Model complexity analysis
Number of Hits@100/ %
Units DeepCas DeepDiffuse ICPHA
128 24.98 29.74 20.52
192 26.11 31.80 31.46
256 25.72 30.91 36. 65
320 (256-+64) 22.18 30. 15 38. 14
384 (256+128) 17.03 24.93 28.69

TEAH 28 0 2% 2 PR OT B0 A B9 AE B0 R L ICPHA Y 0000 ORS B2
& F DeepCas 5 DeepDiffuse, X & K J 7 4 7] 09 = B8 &
T, ICPHA [ 24 £ o i@ ol > B R B T — & R
PIA PG W2 PRI EUA S N . ICPHA R BUI B i i bEfE . B
e A T P A 10 1 B A o LG L ) R AT A R A R 2
2), FIULLICPHA (88 R 3R 7T L 25 90 T o0 52 2% 0 SR I 25 4
SNEEE, AW ICPHA iy B & W 4% )2 B ek
64, THF I FF 3 2 ) 4 2500 128 B 256, 3 /2 A 1817 7
W 2% E A R T 48R A B 5 o IR R B £ T
5 T BOBTAL B 5 T )

5.5 AL

SR T OB R 4% 2 AT BR AN 43 AT, AR SCBI A ICPHA (9
PR AR (R AT AT LG

(DICPHA-GRU/LSTM: #4 B i1 2 I JE B #2202 2 1Y
Bi- LSTM ## ¥ i] GRU/LSTM. 1 ¥R 22 [ 45 22 5 K%
o ICPHA 19 2 %,

(2)ICP-GCN K¢ [l v 7y 0 245 J22 8 0 TRl 5 PR W 245 )2
W2 24505 ICPHA f##—%,
5.5.1 BEENERAYER % E

% ICPHA-GRU, ICPHA-LSTM 5 ICPHA 7E Twitter
ot 4 E ARG Ae b AT X bE L S22 R E 5 TR
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Fig.5 Comparison of losses in different recurrent neural network

layers
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5.5.2 BE&HMEE

% ICP-GCN 5 ICPHA 14 00 48 #5 #F 47 XF L 43 47 , 45
WME 6 fix. AlLLE WL ICPHA B i I e 25 7 N % 1 B
D48 B A8 T 1 26 BRI 45, 161 45 BRI 48 R 25 5 S AN [R) 19 40 Ja
ST B 24 I ALE W ICPHA B ] Mask Graph Atten-
tion ZR FUHEAT AR B 1 AT I BUTE 43 e, T KR A 22 ) 4 AH G 4
Bl T gt A BASERL rp X K AL TR LR 45 3 T
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Fig. 6 Prediction indicators comparison of different graphs

representing learning methods
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HEATFE B 1 Mask #8057 4509 4B & 35 05 (— M — By
RO EBAITE, M+ -1 K LMEEZ WL,
Global J& 2 i &1 4 B 7 190 4% 22 4t (9 R A1F 28 B 2 Mask JB X
B K A5 I 25 04 B 1] A 285 5 T Mask JE X9 3 5 )
ML AF AT 00 2% B 5 Fh 8 B 032 5 IR TR AR B K I R 1E
3 P RARE R, ARG AR PR, 3L
F Mask Graph Attention [ &l {4 2 77 W 4% Sk Ay #EA50 RY (1 /8] 1
I MR,

I 5 FRATT AT T )7 50 R A o X A5 A F0I 48 5 1) 5% 1)
T SRR W ME B BBERAE T R SR A H A
5,10,15,20,25,30, YBR[ Hits@ 100 5 5, 24 45 B AS 1]
P A B I 2R 100 )5 KOV e sk Rk B, L5
g 5 A,

5 RHE AR

Table 5 Sampling window size analysis

REHEH BHER

K PRy Hits@100/% | % # %
5 0.6542 35.70 4727
10 0.7008 37.66 4784
15 0.7244 38.07 4810
20 0.7322 38. 14 5012
25 0.7471 38.11 6348
30 0.7686 38.18 8504

LA B0k AR B 5 B4 i 18] 5 9 85 84 11 25 58 O B R
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Fig. 7 Visualization of attention distribution in multi-head graph
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