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Abstract

One important task in the study of information cascade is
to predict the future recipients of a message given its past
spreading trajectory. While the network structure serves as
the backbone of the spreading, an accurate prediction can
hardly be made without the knowledge of the dynamics on
the network. The temporal information in the spreading se-
quence captures many hidden features, but predictions based
on sequence alone have their limitations. Recent efforts start
to explore the possibility of combining both the network
structure and the temporal feature for a more accurate pre-
diction. Nevertheless, it is still a challenge to efficiently and
optimally associate these two interdependent factors. Here,
we propose a new end-to-end prediction method CasSeqGCN
in which the structure and temporal feature are simultane-
ously taken into account. A cascade is divided into multiple
snapshots which record the network topology and the state
of nodes. The graph convolutional network (GCN) is used to
learn the representation of a snapshot. The dynamic routing
and the long short-term memory (LSTM) model are used to
aggregate node representation and extract temporal infor-
mation. CasSeqGCN predicts the future cascade size more
accurately compared with other state-of-art baseline meth-
ods. The ablation study demonstrates that the improvement
mainly comes from the design of the input and the GCN
layer. Taken together, our method confirms the benefit of
combining the structural and temporal features in cascade
prediction, which not only brings new insights but can also
serve as a useful baseline method for future studies.

Keywords: cascade prediction, information cascade,
information popularity prediction, deep learning, graph

" *Corresponding Author: Tao Jia (tjia@swu.edu.cn)

TCollege of Computer and Information Science, Southwest
University, China. yansong0682@email.swu.edu.cn

fCollege of Computer and Information Science, Southwest
University, China. wxm1706@swu.edu.cn

$Department of Computational Intelligence, Faculty of Com-
puter Science and Management, Wroctaw University of Science
and Technology, Poland. radoslaw.michalski@pwr.edu.pl

9ICollege of Computer and Information Science, Southwest
University, China. ranyij288@Qgmail.com

ICollege of Computer and Information Science, Southwest
University, China. tjia@swu.edu.cn

convolutional networks

1 Introduction

Online social networks, such as Facebook, Twitter,
Weibo and Youtube, play an increasingly important role
in our daily life. They not only change how we commu-
nicate and interact with each other, but also provide
large platforms for social computing studies [I]. Under-
standing how information propagates in the social net-
work is a direction that draws wide attentions, which in-
cludes diverse topics such as the dynamics of the spread-
ing [2], the underlying mechanism [3], the role of the net-
work topology and more [, Bl 6]. Cascade prediction
is a task that is interested by computer scientists[7, [§],
with important applications to several real-world prob-
lems such as viral marketing, recommendation and in-
formation security.

The task of cascade prediction is to use the infor-
mation of the observed spreading to make a prediction
that best matches with the future spreading. One ap-
proach is to model the dynamical process of information
spreading on networks. If the pattern can be general-
ized into a simple model with a few parameters, one can
fit the model with observations to forecast the trends in
the future. However, a simple model usually fails to
capture the complexity in a real spreading An alterna-
tive approach is to use the traditional machine learn-
ing method, where we can throw all features that are
thought to be important in a predictor [9, 10]. But
the problem is that we have to first select and quantify
the feature we are interested in. The number of near-
est neighbors, the number of the second and the third
nearest neighbors are all related to neighborhood infor-
mation, but this information alone has multiple or even
infinite numbers of ways to quantify. Thanks to the deep
learning method, an end-to-end prediction is now possi-
ble, in which one do not need to worry about picking a
feature and its exact expression. As the network struc-
ture and temporal information are independent of the
platform and the information content, a lot of focus is
put on the learning of these two features for prediction,
with potentials to be generalized to different circum-



stances [11, [12]. Recent efforts start to combine both
of them to enhance the quality of prediction. However,
there is still room for improvement on how to learn and
associate these two interdependent factors.

In this paper, we propose CasSeqGCN, an end-to-
end deep learning framework, which combines the struc-
tural and temporal features to predict the growth size of
a given cascade. By defining the active/inactive state
of a node, we divide one cascade into multiple snap-
shots, allowing us to learn the embedding of the cas-
cade graph at different time steps. The representation
of nodes in one snapshot can be learned by the classical
graph convolutional network (GCN) [I3]. The output
embedding of all nodes is further aggregated into one
vector by the dynamic routing method, forming a rep-
resentation of one snapshot. A sequence of the snap-
shot, with the structure information embedded, is sent
to the long short-term memory (LSTM) [14] layer to ex-
tract the temporal order of spreading. The CasSeqGCN
gives much better prediction on three distinct datasets
compared with several state-of-art models. We perform
extended ablation studies to exam the contribution of
the enhancement from different parts of CasSeqGCN
model. Our model provides new insights on how to
learn and combine structural and temporal information
for prediction, as well as a new baseline for future stud-
ies on cascade prediction. The code is publicly available
at https://github.com/MrYansong/CasSeqGCN for fu-
ture reference and reproducibility.

2 Related Work

Similar to many tasks in computer science, prediction of
information cascade can be generally divided into two
categories: classification and regression [§]. Classifica-
tion [10}, 18] [I6] 7] involves the prediction on whether
the number of retweets of a message will exceed a certain
threshold [18], or fall into one of the predefined popular-
ity ranges [19] [I7]. The regression problem [I1], 20} [12]
is generally more complicated than classification, which
usually aims to predict the future spreading sequence
or spreading size using information from the observa-
tion such as network structure, user attributes, tempo-
ral characteristics and more. We summarize the general
approaches as follows.

Feature based approaches select features that
have great impacts on information propagation, such
as the content of information [I9], user characteristics
[9], network structure [I0], and temporal order [21].
These features are used as inputs of the machine learn-
ing model to obtain the final prediction results. There-
fore, selecting the right feature or the right combination
of features is crucial for the outcome. [7] finds that tem-
poral and structural features are equally important in

cascade prediction tasks. However, [I0] analyzes the im-
pact of a comprehensive set of features on the popularity
prediction and concludes that features based on com-
munity structure are the most powerful predictors. [15]
finds that the temporal feature has the most of the pre-
dictive power, that is, how quickly information reaches
its first few adopters determines its influence. However,
information usually contains a myriad of content, in-
cluding images, audio, text, links and more, and each
type of content has its own unique dissemination mech-
anism. Therefore, while the feature-based approach has
better interpretability, the handcrafted feature selection
makes it hard to generalize.

Model based approaches assume that informa-
tion is propagated according to a given pattern [22, 23],
such as the independent cascade model [24] and the lin-
ear threshold model [25] 26]. [22] uses survival theory
to model the increase and decrease of a node’s activa-
tion probability. [23] used the vertex-weighted influence
graph to approximate the diffusion properties of the in-
put graph. [27] borrows the idea from survival analysis
to predict the likelihood that the content will be pop-
ular. [28] first uses the probability model of reinforced
Poisson processes to model the change of information
popularity, and directly simulates the arrival process of
individual popularity. [29] presents a popularity pre-
diction model based on the self-excited Hawkes process,
which distinguishes the incentive size of each forward
and improves the performance. Nevertheless, as the real
propagation mechanism is very diverse, it is difficult to
fit the real diffusion by a definite predefined mode.

Embedding based approaches aim to embed
features in the cascade into a high dimensional space.
The vectorized feature can then be easily adopted in
learning and prediction. To avoid technical difficulties
in learning the network topology, most early attempts
focus on the proximity of nodes (users). [30] models
the information propagation as heat diffusion in a high
dimensional latent space through which the node’s rep-
resentation is learned. Following this work, [31], [32]
make modifications to improve the performance. The
introduction of the deep learning method makes the use
of network topology, temporal order and other features
much more convenient, giving rise to a quick shift in de-
signing the model. Now, most works on this topic would
rely on deep learning kernels. [I1] obtains node embed-
ding by DeepWalk [33] and transforms the cascade as
node sequences to learn the cascade representation. [20]
transforms the cascade into a set of diffusion paths, and
uses GRU [34], sum pooling, and non-parametric time
kernel to aggregate the contributions of early adopters.
[16] uses the recurrent neural network to learn the em-
bedding solely from the cascade time series and predict
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whether a cascade is going to viral or not.

As the information spreading is controlled by both
the underlying mechanism and network, recent progress
starts to combine both the temporal (the dynamics) and
structure (the network) feature in a cascade. [12] sam-
ples a cascade graph as a series of sequential subcascade
and adopts a dynamic multi-directional convolutional
network to learn structural information of cascades. [35]
applies specifically designed graph neural network mod-
els to capture the change of node state as well as the
network structure. [36] uses structural property and the
order of cascaded nodes to predict the future sequence
of cascades. [37] combines the representation of network
and the time of retweet to predict the future spreading
size.

While the embedding of the network structure and
the cascade temporal sequence can be readily obtained
independently, how to best learn and combine these two
interdependent properties remains to be explored. As
shown in this paper, small improvements on this part
can bring significant performance enhancement.

Observation Prediction
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Figure 1: An illustration of the information cascade.

3 Problem Definition

Because the whole social network is too big to learn di-
rectly, we often use the cascade graph instead which con-
tains sufficient topological information for prediction.
Definition 1 Cascade graph Let G = (V, E) be
a static social network, where V is the set of all nodes
(users) and E is the set of all edges. One message
will reach a certain part of the network, giving rise to
a subset of nodes that retweet or adopt the message.
Denote V; C V by the set of cascaded nodes for message
i, the subgraph C; = (V;, E;) is defined as the cascade
graph, where F; C FE is a set of all edges that connect
between nodes in V;. Because the spreading of a message
is time dependent, we denote C} = (V' E]) by a
cascade graph of message ¢ given the observation time
window T from the beginning of the spreading.
Definition 2 Activation state We consider a
node is activated (state 1) when it retweets the mes-

sage, which can be equivalently interpreted as that the
message reaches this node. A node is inactive (state 0)
when it is not activated yet. The state vector BI () =
{(h,mp.wbwa‘m::00rl7ZE(L2”.JKTD}
captures the state of nodes at time ¢ in a cascade graph
o7,

Definition 3 Cascade snapshot By combining
the observed cascade graph C] and the state vec-
tor at any given time ¢ during the observation, we
can build a snapshot of the cascade graph S;”(t) =
{VI,EF BT (t)}. It captures the full topology of the
cascade graph and the node’s activation state at a par-
ticular time ¢.

In this study, we are interested in the size of the
cascade defined as the number of retweets or equiva-
lently the number of nodes (users) reached by a mes-
sage. More specifically, we predict the growth size
AR[" = |R[ T
vation period T, as shown in Figure 1, R7 denotes the
number of retweets for message i given the observation
time window 7. The same task is also investigated in
other previous studies [111 20} [12].

- ’Rﬂ of a cascade after an obser-

4 Model

The input of CasSeqGCN is an observed cascade se-
quence up to time T and the corresponding cascade
graph. The output is the cascade growth size AR?”. As
illustrated in Figure 2, CasSeqGCN contains five parts.

4.1 Cascade Sample Using the observed cascade
graph CI" and the cascade sequence, we can generate
a sequence of cascade snapshot {S7 (t)}. Each cascade
snapshot has the same network topology, but the state
vector varies. The full sample strategy is to generate a
new snapshot whenever a new node is activated, form-
ing a snapshot sequence {SI (to), S’ (t1),S] (t2),...}
with size |[VT|. To save the computation cost, we ap-
ply a partial sample strategy in this study in which
the snapshot is taken from the first to the last cas-
cade with increment ¢, forming a snapshot sequence
{ST(to), SF(t,), ST (tag),...}. Figure 3 illustrates an
example when ¢ = 3. Totally, there will be K snap-
shots where,

Vit -1

K=1+]
q

1.

4.2 Network Embedding We choose GCN among
the existing state-of-the-art GNN models. GCN studies
the properties of graphs with the help of the eigenvalues
and eigenvectors of graph Laplace matrices. For a

cascade snapshot S;” (t) = (V;-T, E;*, BT (t)), the input
to the GCN layer consists of two parts: a vertex feature
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Figure 3: Cascade sample.

matrix H € R"¥ and an adjacency matrix A € R"*"
of the cascade graph, where n is the number of vertices,
F is the number of features. Each row of H is associated
with a vertex feature, such as its activation state, degree
and so on. More specifically, the GCN layer outputs
H' € R™™ I through the operation,

(4.1) H =o(L*"HWT +b).

L*™ is the symmetric normalized Laplace matrix defined
as
(4.2)  L"=D7V2LD7 V2 =1- D7 V2AD™1/?
where L is the Laplace matrix, D is the degree matrix
(diagonal matrix) of the vertices and I is the identity
matrix. We include the node’s in-degree and out-degree
in the feature matrix H to reflect the direction of
influence.

4.3 Aggregation To make use of the embedded vec-
tor of N = |V.T'| nodes, we aggregate N vectors into one
as the representation of the cascade snapshot. Here,
we use dynamic routing to calculate the weight of each
node, which is inspired by the dynamic routing algo-
rithm in the capsule network [38]. The weight coeffi-
cient reflects the contribution of the node in the graph

representation, which is obtained after r iterations. In
particular, we first perform a linear affine transforma-
tion on the node representation vectors:

(4.3) U=WH,

where W is the mapping matrix, H’ is the node

representation matrix. The output of each dynamic
routing is:

(4.4)

vj = E CijUi,

%

where ¢;; is the weight coeflicient of node ¢ in the 4th
iteration of dynamic routing, w; is the representation
vector after affine transformation of user i. The calcu-
lation of ¢;; is:

exp (bi;)
>orexp (bik)’

where cos_sim is the calculation of cosine similarity
between vectors. All b;;’s are initialized to 0 at first.

(4.5) ¢y = bij = cos_sim (u;,v;_1),

Algorithm 1 Dynamic routing algorithm

Require: Iteration number: 7, User embedding ma-
trix: H’, User number: N

Ensure: Snapshot representation vector: v;

1: Linear affine transformation: U = W H’

2: for i in N: biO =0

3: for j=1tor do

4 node weight: ¢;; < softmax (b;;)

5: snapshot representation: v; ¢ Zl CijU;
6 b;; update: b;; < cos_sim (u;,vj_1)

7: end for

8 return v;




4.4 Temporal Feature Learning In our model, the
temporal information is preserved in the sequence of
the embedded cascade snapshots. To make use of such
information, we apply the Long Short-Term Memory
(LSTM) kernel in this part. We calculate the four states
as follows:

z = tanh (W (v || h171)),
2 =0 (W™ (o' || hi71)),
=0 (WI (v || K1),
22 =o (We (v' || h'7Y)),

where || denotes the vector concatenation operation,
vt is the input of current unit, h'~! is the output of
previous unit, z/, 2™ and z° are the gate values between
0 and 1, o is the sigmoid activation function. There are
three main stages in time series feature extraction. In
the forgetting stage, z/ controls the output of previous
unit ¢!, The current input v? is selected by z™ at the
memory stage. We add the results of these two stages
to get the ¢,

(4.6)

(4.7) d=zod 1 +2m0z,
where © is the entry-wise product. In the output stage,
the result is mainly controlled by ¢! and z°,

ht = 2° ® tanh (c?) ,
(48) yt =0 (W/ht) .

4.5 Prediction The output y* from the LSTM layer
is fed into the Multi-Layer Perceptron (MLP) layer to
get the final prediction as:

(4.9) AR]" = MLP ().

The loss function to be minimized is defined as:
(4.10)

T T 1 T 7\ 2
L(ART ARP) = 257 (logy AR — 1o, AR] ),

i=1

where N is the total number of cascades, ARiT” and
ARiT" are the true and predicted growth size for cascade
C;7, respectively. Following [I1], 20, 12], we use the log
value of the growth size.

5 Experiment

5.1 DataSets The performance of CasSeqGCN is
evaluated in the Sina Weibo dataset [39], the DBLP
citation network [40] [[] and one synthetic dataset. The
statistics and the detailed introduction of the datasets
as given in Appendix A.

Thttps://aminer.org

Note that we choose not to use a fixed observation
time window because of the forgetting problem men-
tioned in [41]. Instead, the observation window 7T for
each sequence is set by subtracting T}, from the time of
the last cascade (Figure 1). Results based on the fixed
observation time window are not reported in this pa-
per due to the page limit, but they do not change our
conclusion. In the meanwhile, for Weibo and DBLP
datasets, the cascade snapshot is taken with a fixed in-
crement ¢g. But in the traditional IC and LT model, the
order of nodes in the same time step can not be explic-
itly determined [26]. Therefore, we use the time step to
take the cascade snapshot in synthetic data, i.e. a new
snapshot is taken at the end of one time step.

5.2 Baselines The embedding based approaches
mainly include: DeepCas [I1I], DeepHawkes [20],
CasCN [12], CoupledGNN [35] and CasGCN
[37]. In addition, we use two feature-based methods
Feature-Linear and Feature-Deep. Detailed de-
scription of these methods and the difference between
CasSeqGCN and other baselines are discussed in Ap-
pendix B.

5.3 Experimental Setup We choose MSLE as the
evaluation metric that is also adopted in many other
studies [IT} 20, 12]. MSLE is also the loss function of
the model.

N
1 . 2
(5.11) MSLE =Y (10g2 A R —log, A pr) :

i=1

where N is the total number of cascades, A R;TF” and

A R?p are the true and predicted growth size for
message ¢, respectively. Note that other metric, such
as MAE, MSE and RMSE can also be used to quantify
the quality of the prediction. One can switch the
metric by changing the loss function. We tested these
three metrics and find similar patterns presented in this
paper.

The selection of the hyper parameters are discussed
in Appendix C.

5.4 Performance Comparison The performance
comparison is shown in Table 1. CasSeqGCN outper-
forms all baseline models in all three datasets, improv-
ing about 40% over the best baseline method on the
Weibo and DBLP, and has also achieved great results
on the synthetic data. The MSLE for some methods is
smaller than those reported in [I1] with similar dataset.
This is because the observation time window is not fixed
in our task, which makes the prediction easier compared
with that in previous studies [11], 20, [12].
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Table 1: Overall prediction performance.

DataSet | Weibo | DBLP | Synthetic
Models Tp 9 hours 12 hours 24 hours 1 year 2 years 3 years 1 step ‘ 2 steps 3 steps
Feature_Linear 1.045 1.196 1.724 0.366 0.814 0.887 0.316 0.545 0.631
Feature_Deep 0.981 1.186 1.636 0.310 0.666 0.866 0.299 0.533 0.615
DeepCas 0.979 1.184 1.538 0.355 0.722 0.874 0.289 0.493 0.517
DeepHawkes 0.984 1.190 1.550 0.521 0.787 0.929 0.299 0.545 0.618
CasCN 0.981 1.181 1.521 0.323 0.598 0.733 0.292 0.516 0.508
CoupledGNN - - - - - - 0.867 0.953 1.128
CasGCN 0.975 1.183 1.584 0.353 0.714 0.827 0.245 0.435 0.462
CasSeqGCN 0.471 0.611 0.957 0.155 0.335 0.348 0.183 0.224 0.269

In general, the deep learning method demonstrates
a clear advantage. For the same input, Feature_Deep
is always better than Feature_Linear. It is also inter-
esting to note that the feature based method, despite
its simplicity, can sometimes be as good as or better
than more sophisticated methods. In DeepCas, the
node representation is learned by Node2Vec [42]. As
the node sequences extracted through the random walk
will not be updated continuously with the training of
the model, the performance of the prediction is limited.
DeepHawkes introduces the Hawkes process on the ba-
sis of deep learning technology. But the assumption
of the Hawkes process is strong and the real spread-
ing mechanism can be more complicated and random.
Consequently, the performance of DeepHawkes is some-
times worse than feature based ones. CasCN learns the
varying network topology given by cascaded nodes and
their connection at different observation points. There-
fore, both the network structure and the cascaded nodes
changes with time, which potentially increases the diffi-
culties in learning the pattern of the spreading. Indeed,
although the cascaded nodes change, the underlying
network should not. CasSeqGCN leverages this feature
to reach a better performance. CoupledGNN uses two
specifically designed graph neural networks to capture
the cascading effect. The underlying network topology,
however, is not fully utilized in this model, making the
performance not as good in the small synthetic dataset.
The computational cost also makes it hard to implement
in large-scale data. The CasGCN combines the network
embedding and the activation time of nodes. As the
time is only one dimension within the high-dimensional
vector of node representation, and there is no layer that
specifically processes the activation time, the utilization
of the temporal information is limited in CasGCN. De-
spite the similarity of their names, the prediction results
by CasGCN are less accurate than that by CasSeqGCN.

5.5 Ablation Study The advanced performance of
CasSeqGCN prompts us to ask, to what extent does

each part of our model contribute to the final outcome.
To answer this question, we compare CasSeqGCN with
other variants.

We adopt a dynamic routing approach to aggre-
gate vectors of nodes in the cascade graph. But
there are many other approaches for vector aggre-
gation. To exam the benefit of the dynamic rout-
ing approach, we consider some alternative models.
CasSeqGCN_CN uses the capsule network for aggre-
gation, CasSeqGCN_MH uses the multi-head atten-
tion mechanism and CasSeqGCN_Mean simply av-
erage all node vectors to aggregate. Details of these
variants are given in the Appendix D.

The performance comparison presented in Table 2
indicates that the dynamic routing approach is more
suitable in dealing with the vector aggregation in real
data. It is interesting to note that the multi-head at-
tention mechanism performs best in synthetic data, and
CasSeqGCN is only the second best. This is likely due
to the fact that classical IC and LT models tend to un-
derestimate the temporal complexity in spreading. The
rank of a set of nodes in the cascade sequence is likely to
be fixed in a specific discrete time step [26]. This strong
temporal correlation would be further strengthened by
the multi-head attention mechanism which takes the
correlation between nodes into account. But the multi-
head attention mechanism needs to calculate the atten-
tion coefficient between each pair of nodes with time
complexity O (N 2)7 the dynamic routing approach only
optimizes the similarity between each node and the ag-
gregated vector with time complexity O (N). There-
fore, the dynamic routing applied in CasSeqGCN is still
an optimal approach for its overall performance and
high time efficiency. Finally, the performance of other
variants over that of CasSeqGCN_Mean clearly demon-
strates the importance of embedding aggregation. But
note that CasSeqGCN _Mean, which technically does not
take any special operation, still outperforms other base-
line methods in Table 1. This implies that the aggre-
gation part is not the most important source of perfor-



Table 2: Prediction performance of variants.

DataSet ‘ Weibo ‘ DBLP ‘ Synthetic
Tp
Models ‘ 9 hours 12 hours 24 hours 1 year 2 years ‘ 3 years 1 step ‘ 2 steps 3 steps
CasSeqGCN 0.471 0.611 0.957 0.155 0.335 0.348 0.183 0.224 0.269
CasSeqGCN_CN 0.491 0.636 0.970 0.160 0.345 0.355 0.208 0.244 0.278
CasSeqGCN_MH 0.483 0.615 0.962 0.162 0.350 0.356 0.136 0.202 0.222
CasSeqGCN_Mean 0.479 0.615 0.965 0.286 0.359 0.361 0.226 0.254 0.318
CasSeqGCN_noLSTM 0.542 0.687 1.001 0.196 0.365 0.382 0.235 0.323 0.353
mance enhancement. CasSeqGCN benefits from the GCN layer. However,

To check the role of LSTM in our model, we com-
pose another baseline model CasSeqGCN_noLSTM
in which LSTM is replaced by an average operation.
The performance without LSTM drops by 10% or
even more (Table 2), demonstrating the important role
LSTM plays in capturing the temporal evolution. In-
deed, the LSTM and other related variants have been in-
tensively applied in tasks that require temporal feature
learning [43] 44], 111, 20} T2], which self proves its high ef-
ficiency. Note that the MSLE by CasSeqGCN_noLSTM
is higher than that of CasSeqGCN_Mean, indicating
that CasSeqGCN benefits more from the temporal
learning part than from the aggregation part.

Table 3: Diffusion model prediction on the synthetic
dataset.

Evaluation Metric | AUC

Ty 1 st 2 st 3 st
Models step steps steps
DeepCas 0.702 0.758 0.781
CasCN 0.591 0.652 0.683
CasSeqGCN 0.781 0.872 0.851

The above tests implies that CasSeqGCN learns
a more accurate representation of the spreading than
other baseline models. We further test this hypothe-
sis by applying the representation learned by CasSe-
qGCN, DeepCas and CasCN to another type of task,
which is to predict the information diffusion model in
the synthetic data (i.e. if the sequence is generated
by IC or LT model). The cascade representation by
CasSeqGCN, DeepCas and CasCN are sent to a two-
layer fully connected neural network for classification.
As the input and the classifier are the same, the per-
formance difference only reflects the different capabili-
ties of the three models in learning the representation.
CasSeqGCN gives the best result (Table 3), support-
ing our argument that CasSeqGCN learns the cascade
embedding better.

A final question is, to what extent the model is
affected by the data quality. We have shown that

because GCN relies on a node’s neighboring nodes to
learn its representation, missing edges between nodes
may bring a big impact on the final outcome or even
flip the performance rank in Table 1. To answer this
question, we randomly remove 5%, 10%, 15%, and 20%
of edges in our data (Figure 4 in Appendix). For
synthetic data, we direct remove edges from the network
and predict the cascade growth size of the last 2 steps.
For Weibo data, because the network is too sparse,
we randomly remove edges from the cascade graph
instead, and predict the cascade growth size of the last
12 hours. The results indicate that data with missing
structure will bring fluctuations on the performance,
but the improvement by CasSeqGCN does not shrink.
CasSeqGCN still outperforms other methods.

5.6 Parameter Analysis To save the cost of com-
putation, we apply a partial sampling strategy by com-
posing a subset snapshot sequence. The sampling in-
crement is controlled by parameter ¢ which takes ¢ = 5
in this work. We plot the performance of CasSeqGCN
and its variants with different ¢ values (Figure 5 in Ap-
pendix). These models are applied in Weibo to predict
the cascade size in 12 hours. ¢ = 1 corresponds to the
full sample, which gives the best performance but also
the biggest computational cost. From ¢ = 1 to ¢ = 5,
the MSLE increases by roughly 20% from 0.508 to 0.611,
but the computational cost is 5 times less. Therefore,
one needs to choose g value to balance the cost and the
accuracy needed. The slope of different lines in Fig-
ure 2 is almost the same, indicating that the penalty is
the same for different variants. Hence, different sample
strategies only affect the quality of the embedded vec-
tors, but do not change the aggregation and temporal
feature learning part.

For the dynamic routing, we test multiple values of
r on the prediction results (Table 5 in Appendix). The
optimal value is r = 3, which is one taken in this study.
Indeed, a small r can bring the issue of under fitting
that the coefficient is not optimized, while a large r may
assign too big a weight to a node that is close to the
enter. Therefore, it is expected that the performance



would peak at an intermediate r value.

6 Conclusion

To summarize, we present CasSeqGCN, an end-to-end
framework for cascade prediction. Using a fixed net-
work structure and varying node states as the input,
we utilize the classical GCN to learn the representa-
tion of each cascade snapshot. The representation ac-
curately captures the structure information and pre-
serves the temporal order of the spreading, allowing
us to obtain an improved prediction result compared
with several state-of-art methods. The method benefits
from a novel approach to learn and predict information
cascade, which is different from all existing ones and
demonstrates good performance. Therefore, it can serve
as a new baseline for future studies. Moreover, the con-
text that the underlying network is given but the node
activation states are varying does not only present in
the problem of information spreading. In human mobil-
ity problem [45 [46], the transportation network is given
and a traveler can be at different locations at different
time. In studying the topic change of scientists [47) [48],
the knowledge graph is given and a scientist can switch
from one area to another. A similar approach can be
used to learn the representation of a traveler or a sci-
entist. Therefore, our work brings more insights to a
wider range of problems in the study of social system.
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APPENDIX
A DataSets

Sina Weibo [39]: The following network reflects the
relationship between the follower and the followee in
Sina Weibo. If user A follows user B, there is a directed
link from B to A. The data also contains spreading
trajectories of over 300 thousand messages. We filter out
cascades with fewer than 10 retweets in our experiment.
We also consider the spreading is ended if a retweet does
not occur for 12 hours. We predict the growth size in
the last 9 hours, 12 hours and 24 hours respectively and
randomly select 70% for training, 10% for validation and
the remaining 20% for testing.

DBLP [40]: Although the dynamics underlying
the citation network are very different from information
spreading, the assumption is similar that the network
structure and the temporal order at the early stage are
associated with a paper’s future number of citations.
Therefore, the citation data are also used in previous
studies [TT,12]. Following previous studies, when paper
B appears in the reference list of paper A, we add a di-
rected link from B to A, constructing a citation network.
The cascade sequence here corresponds to a source pa-
per and the subsequent papers that cite the source paper
in the citation network. The cascade graph corresponds
to the co-citation relationship among papers in the cas-
cade sequence. We filter out cascade sequences with
the length fewer than 10 in our experiment. We also
truncate the sequence if a paper does not get any new
citation for 3 years. We predict the growth size in the
last 1 year, 2 years and 3 years respectively and ran-
domly select 70% for training, 10% for validation and
the remaining 20% for testing.

Synthetic: The synthetic data, in which the net-
work structure and the spreading mechanism are ex-
plicitly given, are used to eliminate the potential bias
due to the network structure loss and the noise in the
spreading pattern. We generate a scale-free network
by Barabasi-Albert model [49]. The largest connected
component contains 880 nodes and 1992 links. We
use the independent cascade (IC) model [24] and lin-
ear threshold (LT) model [25] to model the information
spreading starting at a randomly chosen seed node. We
assign each link a random weight w € (0,1). For the
LT model, we also assign each node a random threshold
I' € (0,1) corresponding to the minimum sum of ac-
tivated link weights to activate this node and its links.
The simulation is controlled by discrete time steps. The
cascades with fewer than 3 time steps and 10 nodes are
filtered out. We predict the growth size in the last 1
step, 2 steps and 3 steps, respectively.

B Baselines

Feature based method relies on pre-selected features
to make the prediction. Following [7], we compose a
feature vector with structure and temporal features.
Structural features include the average in-degree and
out-degree of the cascade graph, the number of nodes,
the number of leaf nodes, and the number of edges.
The average activation time of nodes is used as the
temporal feature, which reflects the spreading speed.
To calculate it, we first find the time takes from the
initial node to the n'* node in the cascade sequence,
divide the time by n, and then find the average value
from all nodes. The feature vectors are independently
sent to two predictors Feature-Linear and Feature-
Deep. Feature-Linear is a linear regression model with
L2 regularization. Feature-Deep uses a two-layer fully
connected neural network [12].

DeepCas [I1] is the first end-to-end model that
applies deep learning technology to the cascade predic-
tion problem. It generates a series of paths by random
walk to learn the representation of the cascade graph.
The embedding vectors are sent to a bi-directional GRU
neural network model with an attention mechanism to
get the prediction results.

DeepHawkes [20] generates multiple node se-
quences based on the propagation cascade. After ob-
taining node embedding through a mapping matrix, the
node vector is fed into GRU to get the sequence repre-
sentation. The retweet contribution of these represen-
tation vectors is calculated by the Hawkes process that
considers user influence, self-exciting and time decay.
After a weighted sum pooling operation, the prediction
result is acquired through neural networks.

CasCN [12] is a graph convolutional network based
model. The cascade graph is divided into multiple
subgraphs according to the set of activated nodes at
different times. Hence, the sequence of subgraphs
contains both the structure and temporal information
of the spreading. The representation of the subgraph
is learned through a dynamic multi-directional graph
convolution kernel, which is then sent to the LSTM
layer to learn the temporal feature. Our model is
similar to CasCN in the way that they both sample
the cascade graph at different times to get the structure
and temporal information, and they both use the LSTM
layer for feature learning. The difference is that CasCN
considers the time evolving network structure, while
our model uses a fixed network structure given by the
cascade graph CI in which the state of nodes varies
with time. At the same time, building the adjacency
matrix for each subgraph also gives rise to greater space
complexity.

CoupledGNN [35] uses two coupled graph neural



Table 4: Statistics of the datasets.

DataSet | Weibo | DBLP | Synthetic
All-nodes | 1,776,950 | 3,272,991 | 880
All-edges | 308,489,739 | 8,466,859 | 1992
Ty ‘ 9 hours 12 hours 24 hours ‘ 1 year 2 years 3 years ‘ 1 step 2 steps 3 steps
Number of cascades 29,123 29,122 34,897 30,106 29,998 29,991 13,024 12,204 10,584
Avg. observed nodes 39.005 38.018 26.977 32.088  31.665 31.226 | 37.514  37.016 34.206
Avg. observed edges 36.254 37.323 37.444 60.009  58.556 57.013 | 43.544  51.412 57.709
Avg. growth size 4.874 6.999 20.616 1.965 2.101 8.578 1.900 6.460 13.596

networks to capture the interplay between node acti-
vation states and the spread of influence. By stacking
graph neural network layers, the method characterizes
two critical components (states and influence) of cas-
cading effect along with the network structure in a suc-
cessive manner. CoupledGNN requires a feature matrix
of each node. Given the size of Weibo and DBLP data,
it is computationally expensive and very difficult to pro-
cess such a large matrix. Therefore, we choose to test
CoupledGNN in the synthetic dataset only.

CasGCN [37] uses the convolutional layer to learn
the node embedding. The vector of each node is further
merged with the activation time of the node to com-
bine the structural and temporal information. While it
shares a similar name with our method, the CasGCN
and CasSeqGCN are different significantly. CasGCN
learns only one network embedding and the temporal
information is added as one extra dimension of the node
representation. In contrast, CasSeqGCN learns multiple
embeddings of the network from the spreading sequence.
Moreover, CasGCN directly uses the aggregated rep-
resentation vector for prediction, whereas CasSeqGCN
applied the LSTM layer to specifically utilize the tem-
poral information. Unfortunately, the code of CasGCN
is not found publicly available, making it impossible to
make a fair comparison. We try our best to follow the
scheme of [37] and implement an approximate model
that uses a GCN layer to learn the embedding and ap-
ply the attention mechanism to aggregate node repre-
sentations. Given the fact that many details are not ex-
plicitly given in [37], especially some subtle parts that
may optimize the overall performance, the CasGCN re-
sults presented in this paper may be an approximation
of what the original model could offer.

C Hyperparameters Setup

The hyperparameters for the baseline models are se-
lected as follows. For feature-based linear regression
method, the L2-coefficient is 1, 0.5, 0.1, 0.01, 0.001,
0.0005. For feature-based fully connected neural net-
work, the hidden layer is set to 2, and the dropout
value is chosen as 0.1, 0.3, 0.5, 0.7. For DeepCas and

DeepHawkes, the dimension of the node representation
vector is set to 50. There are 32 units in the hidden
layer of each GRU and the number of neurons in the
two hidden layers of Multi-Layer Perceptron is 32 and
16 respectively. The learning rate of node embedding
is 5 x 1075, The time interval of DeepHawkes is set to
3 hours in the Weibo data, 1 year in the DBLP data
and 1 time step in the synthetic data. For CasCN, the
number of GCN layers is set to 2, and other parameters
are the same as those in DeepCas and DeepHawkes.
The detailed setup of our model is as follows. The
learning rate is chosen from 0.005, 0.01, 0.03, 0.05. Both
GCN and LSTM have 2 layers, each layer contains 32
units. The dimension of node and snapshot vectors
is 32. The dropout rate of LSTM and MLP layers is
0.5 during training. The partial sample is done with
increment ¢ = 5. The features taken in GCN layer
include a node’s in-degree, out-degree and its activation
state. The dynamic routing is controlled by r = 3.

D Alternative Models

CasSeqGCN_CN uses the capsule network for aggre-
gation. The capsule network method is widely applied
in computer vision, in which the length and direction of
output vectors are associated with the existence proba-
bility and posture information of features, respectively.
Therefore, it is claimed to be able to well capture the
presence of a feature. This can be very helpful in the
cascade prediction task as it is believed that similar
structural and temporal features would yield similar in-
formation popularity.

CasSeqGCN_MH uses the multi-head attention
mechanism [50] to calculate the attention coeflicients
between the pair of nodes for vector aggregation. The
multi-head attention mechanism is based on multiple
but independent runs of Scaled Dot-Product Attention
operation, which effectively avoids the over-fitting issue.

CasSeqGCN_Mean simply averages all vectors of
node embedding to get the vector representation of a
cascade snapshot. It represents a baseline when no
dedicated treatment is carried out in the aggregation
part.



MSLE

0.52

0.51

0.50

0.49

0.24

0.23

0.22

Table 5: Impact of dynamic routing times r on performance

Ratio of dropout edges (%)

0.85

0.80

0.75

0.65

MSLE

0.60

0.55

0.50

Ratio of dropout edges (%)

Figure 4: Impact of dropout edges on performance.
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