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Abstract

The microscopic cascade prediction task has wide applica-
tions in downstream areas like “rumor detection”. Its goal
is to forecast the diffusion routines of information cascade
within networks. Existing works typically formulate it as a
classification task, which fails to well align with the Social
Homophily assumption, as it just use the features of “in-
fected” users while neglecting those of “uninfected” users in
representation learning. Moreover, these methods focus pri-
marily on social relationships, thereby dismissing other vi-
tal dimensions like users’ historical behavior and the under-
lying preferences behind it. To address these challenges, we
introduce the MSR (Multifaceted Self-Retrieval) framework.
During encoding, in addition to the existing social graph, we
construct a preference graph to represent “behavioral prefer-
ences” and further propose a modified multi-channel GRAU
for multi-view analysis of cascade phenomenon. For decod-
ing, our approach diverges from classification-based methods
by reformulating the task as an information retrieval problem
that predicts the target user with similarity measures. Em-
pirical evaluations on public datasets demonstrate that this
framework significantly outperforms baselines on Hits@x
and MAP @k, affirming its enhanced ability.

1 Introduction

In the digital era, the landscape of information sharing has
been revolutionized (Iamnitchi et al. 2023), necessitating
a nuanced understanding of “information cascade”, which
sheds light on how information diffuses through social net-
works (Bikhchandani, Hirshleifer, and Welch 1992; Jalili
and Perc 2017). Cascade prediction, a vital task in this field,
concentrates on delineating the trajectories of information
(Gong et al. 2023; Guille et al. 2013). It is subdivided into
two key levels: macroscopic and microscopic. Macroscopic
cascade prediction focuses on predicting the total number
of retweets over a set period (Cheng et al. 2014; Cao et al.
2017). Conversely, microscopic cascade prediction focuses
on the probability of a user to retweet a tweet (Galuba et al.
2010; Qiu et al. 2016). The microscopic task offers a deeper
insight on the intricacies of information, which is essential
for the tasks like “rumor detection” and “viral marketing”,
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Figure 1: The encode-decode paradigm of recent methods.

balancing online freedom and responsibility. (Khan, Soroya,
and Mahmood 2024; Griffin 2023; Zhou et al. 2021). We
primarily focus on this aspect of cascade prediction.

The assumption of Social Homophily, which posits that
individuals with similar characteristics or social ties tend to
display analogous behaviors (McPherson, Smith-Lovin, and
Cook 2001; Kossinets and Watts 2009), holds considerable
significance in this domain. To leverage this assumption,
recent studies have constructed social graphs and adopted
Graph Neural Networks (GNNs) for prediction. For micro-
scopic cascade prediction, given an observed cascade (users
involved in the cascade are designated as “infected”), our
goal is to predict its next participant from those not yet in-
volved users (called “uninfected”). As illustrated in Figure 1,
these GNN-based methods (Yuan et al. 2021; Sun et al.
2022; Wang et al. 2022; Li et al. 2023; Yunbing et al. 2023)
typically consist of a three-step process: (1) GNNs are em-
ployed to extract user features from graphical data. (2) The
features of “infected” users are indexed and sequentially en-
coded into a vector representation. (3) These methods com-
monly adopt a classification strategy, such as linear layers
coupled with a softmax function, to output a probability dis-
tribution of those “uninfected” users to get “infected”.

In the framework presented in Figure 1, two principal
challenges are identified: (1) The model initially learns rep-
resentations for all users. However, in the subsequent steps,
only the features of “infected” users are indexed, while the
features of those “uninfected” users are excluded from fur-



ther operations, potentially disregarding the latent value of
these features. (2) Relevant studies in other domains such as
marketing highlight various factors that shaping individual
decisions, such as recommendations from friends or their
personal preferences. (Dietrich 2010; Acciarini, Brunetta,
and Boccardelli 2021; Nakao, Ohira, and Northoff 2012;
Nibbelink and Brewer 2018), emphasizing the critical need
for a multi-viewpoint analysis to understand individual be-
haviors. However, as illustrated in Figure 1, a notable limi-
tation is evident in the initial step of existing research. In the
construction of user features, current studies tend to primar-
ily focus on extrinsic factors, such as social relationships,
represented as edges on a graph, while overlooking some
other intrinsic factors, like users’ personal preferences that
can be derived from their historical participation records,
leading to an incomplete representation.

To overcome these limitations, we propose the MSR
(Multifaceted Self-Retrieval) framework. In this framework:
(1) During encoding phase, inspired by research advocating
for a multifaceted analysis of individual behaviors, in addi-
tion to existing social graph, we construct a preference graph
from users’ historical participation records to represent their
“behavioral preferences” and propose a novel multi-channel
GRAU module to support this multi-viewpoint analysis.
This module not only enhances model’s accuracy but also
ensures robustness and scalability as the number of channels
increases. (2) For decoding, diverging from classification-
based approaches, we innovatively formulate this task as an
information retrieval problem. Instead of merely applying
linear layers to output logits for prediction, we predict the
target user based on the features of “uninfected” users us-
ing similarity measures. To this end, we propose a novel
self-retrieval decoder to more effectively utilize Social Ho-
mophily. Primary contributions of our work include:

* A novel self-retrieval framework for microscopic cas-
cade prediction: This study introduces an innovative
self-retrieval decoder to re-frame microscopic cascade
prediction within a similarity-based context, enabling a
deeper exploration of information cascades.

A multi-viewpoint analysis of users’ participation:
Our research offers a multi-viewpoint analysis for users’
participation, providing a more granular understanding
of the participation in sharing information.

Empirical Validation: Our method shows significant
improvements over baseline models, with an average in-
crease of 6.0% on Hits@x and 4.4% on MAP@x across
three public datasets. Additionally, the ablation studies,
visualizations, and parameter analysis further validate the
effectiveness and robustness of each component.

2 Related Work
2.1 Cascade Prediction

Cascade prediction has been approached through three prin-
cipal methodologies: feature engineering-based, generative-
based and deep learning-based.

Feature engineering-based methods rely on expert knowl-
edge to cover a wide array of aspects, including tempo-
ral dynamics (Cheng et al. 2014), attributes of users (Dow,
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Adamic, and Friggeri 2021; Yuan et al. 2016), and the char-
acteristics of content (Tsagkias, Weerkamp, and De Rijke
2009). While offering insights into intricate patterns, these
methods may not completely grasp the subtleties of social
networks since they rely on manually curated features and
extensive annotation (Zhou et al. 2021).

Generative-based approaches strive to anticipate diffusion
trajectories with probabilistic data generation models (Crane
and Sornette 2008; Kempe, Kleinberg, and Tardos 2003;
Granovetter 1978). Despite sophisticated modeling, they are
often susceptible to outliers (Mishra, Rizoiu, and Xie 2016)
and usually make strong assumptions on fixed parameters
that may limits their generality (Du et al. 2016).

Deep learning-based methods have advanced predictive
analytics. DeepDiffuse (Islam et al. 2018) utilizes Recurrent
Neural Networks (RNNs) for prediction and Topo-LSTM
(Wang et al. 2017) incorporates structural data for fore-
casting user participation. Advancements in GNNs incorpo-
rate the social relationships, Inf-VAE (Sankar et al. 2020)
and DyHGCN (Yuan et al. 2021) utilize GNNs for dynamic
graph learning. MS-HGAT (Sun et al. 2022) and GRASS (Li
et al. 2023) introduce hyper-graph for prediction. Despite
their effectiveness, they still suffer from the neglect of “un-
infected” users’ features and the incomplete representation
of “individual preference” in the cascade phenomenon.

2.2 GRAU & Structural Spreading

The GRASS (Li et al. 2023) model is composed of two key
components: GRAU module and Structural Spreading (SS)
mechanism. The GRAU module integrates the Gated Re-
current Unit (GRU) (Chung et al. 2014) with an attention
mechanism (Vaswani et al. 2017) to address the “position-
hopping” problem in cascade data. By expanding the recep-
tive field, GRAU improves the capture of one-step infec-
tion relationships between non-consecutive users. The SS
mechanism addresses the “branch-independency” problem
by leveraging hypergraph-based features to filter relevant
users (Bai, Zhang, and Torr 2021) . It controls the genera-
tion of hidden states, ensuring that the prediction of the next
“infected” user is influenced by users with strong correla-
tions, thereby enhancing prediction accuracy.

3 Problem Formulation

This section outlines the data format of the cascade and the
formal definitions of the task at hand.

Information Cascade Let V., = {v1,v2, -+ ,un}bea
set of IV users, an information cascade with k participants
is defined as a sequence ¢, = {(v;, ;) | vi € Visersti €
[0,400),0 < i < k}. Here, v; signifies the i-th participant
of cascade c;,, and forwarded the information at time ¢;.

Microscopic Cascade Prediction Given an ongoing cas-
cade cy, the goal of microscopic cascade prediction is to pre-
dict the (k + 1)-th participant vy 1. Formally,

P(v|eg), (1

arg max
V€ Viger \{v1,-..,08 }

Vg+1 =

where P(v|cy,) represents the probability of user v being “in-
fected” given k engaged users.
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Figure 2: Architectural overview: (1) GNN s extract user features for diverse factors. (2) Process the features of “infected” users
via a multi-channel GRAU. (3) A self-retrieval decoder utilizes cosine similarity to predict the target from “uninfected” users.

4 Method

In this section, we present a comprehensive overview of the
framework’s pipeline (Sec. 4.1) and elaborate on its two
principal components: Multi-channel encoding (Sec. 4.2)
and Self-retrieval decoding (Sec. 4.3).

4.1 The Pipeline of MSR Framework

This subsection delineates the proposed self-retrieval frame-
work shown in Figure 2. Specifically, the pipeline consists of
three key steps: learning features from various factors with
GNNs; indexing and encoding the features relevant to in-
fected users by a multi-channel GRAU; making predictions
for the next participant by a self-retrieval decoder.

Graph Construction We consider 2 as the set of diverse
factors influencing information diffusing in online social
media, and build a corresponding graph G, to explore user
features specifying to every factor w € Q) . Two critical fac-
tors are considered: 2 = {S, P} where S refers to the exter-
nal factor of social relationships and P refers to the internal
factor of behavioral preferences.

Concerning social relationships, the social graph Gg =
(Vuser, Es) consists of all the users. An edge from v, to
v, in Fg indicates that user v, is a follower of user v, or
succeeds user vy, in a cascade. One could follow many other
works (Yuan et al. 2021; Sun et al. 2022; Wang et al. 2022;
Li et al. 2023) to instantlize the modeling.

Additionally, we construct a preferences graph Gp to
capture users’ behavioral preferences based on their histor-
ical activities. Specifically, we introduce an additional node
set Vegs = {v],v5, -+ ,v),}, consisting of M nodes that
collectively represent all historical cascades in the train-
ing set. The preferences graph is then defined as Gp =
(Vuser U Veas, Ep) where an edge from vy, to v, in Ep in-
dicates user v, participated in cascade v;. For example, a
cascade could correspond to a tweet, with the edge signify-
ing that the user either liked or retweeted this tweet.

11783

Feature Learning With GNNs As shown in the first por-
tion (in orange) of Figure 2, we first extract features for users
from each factor w by a L-layer GCN (Kipf and Welling
2017), respectively. The input of the [-th layer GCN con-

tains: a feature set X" € RV~*d and an adjacency matrix

A, € RN«*No (which contains N,, nodes). Note that the

input features of 1st-layer GCN XU(}) is randomly initialized
and N, varies for different G, for example, Ng = N and
Np = (N + M). Since only the user part of the final GCN
layer’s output will be used in subsequent operations, we fur-

ther define the user part of XS“ ) to X, € RV x4,

To understand the complex relationships among users at
a higher level, we construct a hypergraph (Bai, Zhang, and
Torr 2021) based on the training dataset and then derive an
incidence matrix H € {0,1}"*M where H,;, = 1 sig-
nifies user v, participated in cascade v;, and 0 otherwise.
Subsequently, hypergraph convolution (Hyper-Conv) (Bai,
Zhang, and Torr 2021) is used to build hyper-features for
users. Formally, for each factor w, the hyper-features X,
given by Hyper-Conv is defined as:

X, =D 'HB'H"X,W,, )

where D € RV*N and B € RM*M are the diagonal degree
matrices of users and cascades derived from the incidence
matrix H, respectively. W, € R?* is the trainable weight.

Cascade Encoding (Sec. 4.2) We propose a multi-channel
GRAU module based on GRAU (Li et al. 2023) to handle
those features from various factors, i.e. X, and X, and
it subsequently outputs a hidden state hj to represent these
“infected” users.

Self-retrieval Decoding (Sec. 4.3) We propose a novel
self-retrieval decoder that makes predictions within a
retrieval-based context by calculating cosine similarity val-
ues. Subsequently, these values are utilized to generate a
probability distribution for infection.



4.2 Multi-channel Encoding

Extensive works in other domains (Nakao, Ohira, and
Northoff 2012; Dietrich 2010; Acciarini, Brunetta, and Boc-
cardelli 2021; Nibbelink and Brewer 2018) show that the dif-
fusion of information in online social media is influenced by
various factors. In response, we build a corresponding graph
G,, to explore user features specifying to factor w € Q.

After the employment of GNNs, the user features are
encoded separately, leading to the dismiss of connections
among the “infected” users. To alleviate the issue, a se-
quence model, such as GRU, is typically used to encode the
cascade cj, into a single vector. However, these sequence
models are limited in integrating multiple sources of fea-
tures, as they are typically designed for a single source.

To take multifaceted factors into account, based on the
insights of GRAU (Li et al. 2023), we propose the multi-
channel version for encoding. Preliminarily, this module ex-
pands the receptive field by an attention (Vaswani et al.
2017) mechanism to obtain context features. Formally,

(QWQ)" (KWk)
Vd

where Wg, Wi and Wy, are trainable weights while the
Mask € {—oo,0}!xIe| prevents future leakage by set-
ting Maskq j, to —oo if a > b, and 0 otherwise. & € Rlcx|xd
denotes the outputted context features.

The Structural Spreading mechanism (Li et al. 2023) sug-
gests that incorporating hypergraph-based features could
significantly improve attention mechanisms by capturing the
nuanced relationships among users within a cascade. Conse-
quently, in the definition of @, K, and V/, they are set as:

Q=K =[Xi<j,i Xi<jent], V=Xigie,y @

Borrowing insights from research on pooling methods
(Schweidtmann et al. 2023; Xu et al. 2019; Gholama-
linezhad and Khosravi 2020) indicating that sum is more
powerful than mean and max as it can better retain informa-
tion, we integrate features from different channels through a
simple yet effective operation: summation with affine trans-
formation, e.g. >~ W, X,,. When only one channel is con-
sidered, i.e. |Q2] = 1, Eq. (5) recovers the original GRAU.

® = Softmax( + Mask)(VWy), (3)

T, = U(W{hifl + ZUJEQ W:;Xi,w)a
Zi = O’(lehl;l + Zweﬂ Win,w)v
iLi = T(lnh('l"i ® Wlnhi_l + Zweﬂ Wg@i,w)a

®

h; :Zithfl‘i‘(l—Zi)@iLi»

Specifically, in this work, we utilize social relationships
and behavioral preferences as examples for implementation.
As illustrated in Figure 3, the left section utilizes attention
operation and Structural Spreading mechanism to extract
context features for social relationships (in the blue box) and
behavioral preferences (in the green box). Then, the right
segment employs Multi-Channel GRAU to recursively en-
code the features of infected users.
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Figure 3: Instantiation of multi-channel encoding structure.

While our focus is on these two channels, this module is
inherently scalable and can be extended to incorporate ad-
ditional channels in larger networks. Ablation experiments
in Sec. 5.3 demonstrate that considering any single chan-
nel alone yields sub-optimal results. Furthermore, the pro-
posed design achieves better results than simply stacking the
graphs corresponding to the two factors into a single graph,
underscoring its robustness.

4.3 Self-retrieval Decoding

Shortage in Classification As illustrated in Eq. (1), the
objective is to predict the participant most likely to be in-
fected given hy. Previous studies (Yuan et al. 2021; Sun
et al. 2022; Wang et al. 2022; Li et al. 2023) typically for-
mulate this task as an [V-class classification problem, where
each label corresponds to a user. Commonly, these works
employ Multilayer Perceptrons (MLPs) to map Ay to an N-
dimensional probability distribution §:

9 = softmax(W * z(hy) + b), (6)

where z(-) represents a transformation into an internal rep-
resentation through neural layers. This setup facilitates the
application of the weight matrix W, where each column con-
tributes to the corresponding category’s score in y. Notably,
each row of W operates independently. Consequently, this
classification strategy can lead to a decline in prediction ac-
curacy due to the lack of semantic association among the
parameters within the weight matrix W.

Shifting to Retrieval While classification setup suffers
from a “semantic irrelavant”, leveraging the rich semantic
features provided by GNNs for decoding may help making
prediction. Since GNNSs excel at producing similar features
for neighboring nodes, and based on the Social Homophily
assumption, there is a high probability that the feature of the
target user (vg41) might inherently resemble hy. Exploiting
this similarity could improve the effectiveness of prediction.

Consequently, we formulate microscopic cascade predic-
tion as a retrieval task that identifies the most similar feature
of user v € Vs given hy. Formally, the optimal selection



is found by maximizing the similarity score from a measure-
ment sim(-, -), where v | represents the user predicted to
be the next participant and p,,, derived from GNNs, denotes
the feature vector of each uninfected user v.

(7

arg max sim(py, hi)

Ue‘/user\{vl 74--7Uk}

* —
Vg+1 =

Instantiation of Self-retrieval Intuitively, we define the
composite feature set X € RN*¢ where each row vector
corresponds to an individual user and serves as p,, in Eq.(7).
Those features reflecting different factors are aggregated to
form X. By default, aggregation is defined as the summation
of features from distinct factors. Given that X and Ay, share
the same origin, i.e. X, , we term this retrieval formulation
as “self-retrieval”.

oYt ®

For each user, we calculate the cosine similarity between
hs, and the respective row vector in X and consequently ob-
tain s € [—1, 1}N that encapsulates the cosine-similarities
between hj and the composite features. Prior to calculat-
ing these similarities through matrix multiplication, X and
hy, are normalized with the L2 norm, where X ¢ RN*d
and h), € R? denote the normalized composite features and
hidden state, respectively. Besides, Mask € {—oc0,0}" ex-
cludes the users already engaged in the cascade for subse-
quent prediction. Specifically, for each user v;, Mask; is
assigned a value of —oo if the user has previously partici-
pated in the cascade, and a value of 0 otherwise.

’ hy

X, ~ -
© Ml {||Xj|2 ’

s= (X x h}) + Mask. (10)

-/

Due to the narrow range of cosine similarity values, which
fall in [—1, 1], directly inputting these values into a softmax
function could lead to training difficulties. Subsequently, for
efficient training, we apply a temperature coefficient 7 that
scales s along with the softmax function and then obtain a

probability distribution ¢ € [0, 1}N.

g = softmam(z). (11)

Given the importance of the temperature coefficient 7, we
also conducted a parameter selection experiment to evalu-
ate its impact on the model’s performance. As detailed in
Sec. 5.4, the result indicates that the model’s performance
stabilizes when 7 is within the range of 0.05 to 0.1, with the
optimal performance observed at 7 = 0.02.

Optimization The goal of our method is to maximize the
similarity between the hidden state h and the composite
feature X1 corresponding to the target user ((k + 1)-th
participant) of cascade c'. Specifically,

"Here, ¢ denotes a full cascade. In this domain, we split ¢ into
(le| — 1) samples, i.e. cx, for batch operation.
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lel—=1

0* = argmax Z cos(X k11, hi; 0),
o k=

12)

where 6 denotes the model parameters and cos is cosine sim-
ilarity. The log-cross entropy loss is used for training, where
the label yy; is 1 if user v, is the (k + 1)-th participant, and
0 otherwise.

-1 N

>0 ynj log(k))-

k=1 j=1

|
L=— (13)

By focusing on the previously overlooked aspects of un-
infected users’ characteristics, the self-retrieval decoder dis-
cerns latent homophily among “infected” and “uninfected”
users, offering a more nuanced and effective strategy for
microscopic cascade prediction.

5 Experiments
5.1 Experiment Settings

Evaluation Metrics We evaluated models by two retrieval
metrics: Mean Average Precision at top x (MAP@ k) and Hit
Score at top « (Hits@«), where & is selected from {50, 100}.

Datasets

e Twitter (Hodas and Lerman 2014): Includes retweet
records from 2010, with cascades formed by retweets.

We experimented with the following datasets.

* Memetracker (Leskovec, Backstrom, and Kleinberg
2009): Forms cascades of identical memes from social
media, without explicit follower relationships.

* Douban (Zhong et al. 2012): Comprises cascades based
on comments for movie and book reviews.

Baselines We compared the following seven representa-
tive methods as baselines with our proposed method.

DeepDiffuse (Islam et al. 2018): integrates recurrent
neural networks with an attention mechanism.

Topo-LSTM (Wang et al. 2017): captures topological in-
formation from cascades for prediction.

FOREST (Yang et al. 2021): integrates reinforcement
learning with RNNs for multi-scale prediction.
DyHGCN (Yuan et al. 2021): extracts dynamic diffusion
graphs from cascades to learn dynamic representations.
MS-HGAT (Sun et al. 2022): integrates hypergraph tech-
niques in cascade prediction based on time slices.
CEGCN (Wang et al. 2022): builds additional nodes and
a feature aggregator based on attention mechanism.

GRASS (Li et al. 2023): proposes GRAU and SS mecha-
nism for “position hopping” and “branch independence”.

In alignment with previous studies (Sun et al. 2022; Wang
et al. 2022; Li et al. 2023), we partitioned datasets into
training, validation and test at a ratio of 8:1:1. Due to the
absence of follower relationships in Memetracker, we ex-
cluded Topo-LSTM and MS-HGAT from its analysis.



Models Twitter Memetracker Douban
Hits@x MAP@x Hits@x MAP@x Hits@«x MAP@x
@50 @100 | @50 @100 | @50 @100 | @50 @I00 | @50 @100 | @50 @100
DeepDiffuse | 8.80 13.39 | 3.79 3.85 | 26.50 34.77 | 8.69 8.80 | 1493 19.13 | 5.07 5.13
Topo-LSTM | 1548 23.68 | 4.67 4.79 - - - - 1494 1893 | 5.26 5.32
FOREST 4095 50.39 | 17.88 18.02 | 4741 56.77 | 17.21 1734 | 24.79 31.25 | 8.38 8.47
DyHGCN 47.18 5848 | 17.63 17.79 | 48.78 58.78 | 17.21 17.36 | 28.95 36.45 | 9.03 9.13
MS-HGAT 46.69 5693 | 18.16 18.28 - - - - 29.55 37.02 | 9.60 9.69
CEGCN 50.15 58.89 | 21.61 21.73 | 5530 64.35 | 2240 2235 | 32.75 4042 | 11.64 11.75
GRASS 51.57 6041 | 2247 2257 | 61.13 68.34 | 27.86 2797 | 37.67 4492 | 1506 15.16
MSR | 55.83 65.08 | 23.87 24.00 | 68.43 7539 | 34.72 34.82 | 44.37 50.99 | 20.02 20.12
Table 1: Experimental results on Hits@x and MAP @k metrics.
5.2 Main Result Models Twitter Memetracker
We compared MSR with baselines across three datasets, Hits@ 100 [MAP@100 | Hits@ 100 [ MAP@100
yvith results detailed in Table 1. Best results are highlightqd MSR ‘ 65.08 ‘ 24.00 ‘ 75.39 ‘ 34.82
in bold font. Compared to the runner-up, GRASS, MSR is
statistically significant with p < 0.001 on paired t-test. SR+Gy | 64.88 22.61 75.38 33.84
The empirical data demonstrates our method’s supe- SR+Gg | 64.03 21.51 60.30 19.76
rior performance on all datasets. When compared with the SR+Gp| 60.66 15.88 74.29 32.83
second-best performing model, GRASS (Li et al. 2023), w/o SR 63.07 23.37 71.18 31.17
our method shows average improvements of 4.46%, 7.17%, GRASS| 6041 2247 68.34 27.97

and 6.38% in Hits@x, and 1.41%, 6.85%, and 4.96% in
MAP@k across the datasets. Overall, the model enhances
Hits@x and MAP@«x by 6.0% and 4.4% respectively, un-
derscoring its effectiveness. These enhancements are at-
tributed to: (1) The adoption of the self-retrieval decoder,
which capitalizes on the higher similarity between neighbor-
ing nodes in features obtained by GNNs, thereby overcom-
ing limitations in capturing similarities in users’ features. (2)
The multi-viewpoint analysis of cascade prediction on var-
ious factors. As opposed to the unified approach of GRAU,
our multi-channel GRAU predict the next participant from a
more effective and multifaceted manner.

5.3 Ablation Study

To validate the effectiveness of individual components of our
proposed method, we conducted ablation experiments on the
Twitter and Memetracker datasets. These tested variants
are listed below:

¢ SR+Gg: This variant employs the encoding structure of
original GRAU with social graph G g and utilizes self-
retrieval decoder during decoding phase.

* SR+G p: This variant employs the encoding structure of
original GRAU with preference graph Gp and utilizes
self-retrieval decoder during decoding phase.

* SR+Gy: Directly stack Gg and Gp to derive an union
graph Gy. Employing the encoding structure same to the
above two variants.

¢ w/o SR: Here, the multi-channel GRAU is used to obtain
the hidden state hy, which is then decoded via only a
linear layer and a softmax function.

* GRASS: Employing Gi; with GRAU for encoding and a
classification strategy for decoding.
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Table 2: Comparative results on Twitter and Memetracker.

Comparative Results of Model Variants The compara-
tive results, presented in Table 2, indicate that our proposed
method outperforms all variants in every metric. For vari-
ants utilizing only the self-retrieval decoder, they generally
show a decline in performance. Notably, the variant that em-
ploys the original GRAU with the union graph Gy (SR+Gyy)
proves to be the most effective. This is attributed to its
combination of social relationships and behavioral prefer-
ences, leading to a relatively smaller decrease in perfor-
mance. However, our MSR framework still yields superior
performance compared to SR+GY, affirming its robustness.

For Twitter dataset, the exclusion of self-retrieval (w/o
SR) results in a decrease of 2.01% in Hits@ 100 and 0.63%
in MAP@100. While for Memetracker dataset, its absence
leads to a more significant reduction of 4.21% in Hits@ 100
and 3.65% in MAP@100, emphasizing its essential role.
Notably, the Twitter dataset demonstrates sensitivity to so-
cial relationships, making the SR+Gg variant relatively ef-
fective. Conversely, the Memetracker dataset is more influ-
enced by behavioral preferences, where Gp becomes cru-
cial. Such variations highlight the necessity of customizing
features to match unique attributes under analysis.

Performance of Variants Across Epochs We selected 3
variants (SR+Gy, w/o SR, GRASS) along with our method
to analyze the performance across epochs to evaluate its
training efficiency. Figures 4a and 4b illustrate the test per-
formance of these variants on the Twitter dataset and Meme-
tracker dataset, respectively. The analysis covers the first 30
epochs for Twitter and the initial 15 for Memetracker.
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For Twitter, the self-retrieval decoder improves Hits@ 100
but only matches GRASS in MAP@100, while converging
rapidly. In contrast, multi-channel GRAU initially under-
performs but eventually excels in MAP@100. This discrep-
ancy likely stems from MAP@x’s emphasis on rank. The
multi-factor integration in multi-channel GRAU potentially
facilitates more accuracy in rank. Integrating it with the self-
retrieval decoder yields rapid and notable improvements.

In Memetracker, all variants show similar convergence
speeds. Models with either the self-retrieval decoder or
multi-channel GRAU surpass GRASS since the 4th epoch,
and their integration further enhances performance. De-
spite Memetracker’s differences from Twitter, likely due
to no explicit follower relationships, excluding multi-
channel GRAU significantly reduces MAP@ 100 compared
to Hits@ 100, highlighting its rank sensitivity.

5.4 Parameter Analysis

Given the narrow range of cosine similarity within [—1, 1],
scaling these values using 7 is essential for facilitating ef-
fective learning. Recognizing its importance, we conducted
a parameter selection experiment on the Twitter dataset to
analyze the impact of 7 on the performance. The 7 was se-
lected within a spectrum ranging from 0.02 to 1.00.

The results shown in Figure 5 indicate a clear trend: as 7
decreases from 1.00 to 0.10, both MAP@ 100 and Hits@ 100
show improvement. Most notably, when 7 is within the
range of [0.02, 0.10], the method’s performance appears to
plateau, suggesting an optimal efficiency in this range. Con-
sequently, 0.05 is identified as yielding the best performance
and is thus selected as the default setting for our method.
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Figure 6: Visualization by PCA. The sub-figures show the
distribution for GRASS (Left) and MSR (Right).

5.5 Visualization Analysis of Cascades

We employ Principal Component Analysis (PCA) to visu-
alize user features and assess the efficacy of the proposed
method. In this analysis, a more clustered distribution after
dimensional reduction indicates a better fit to the assumption
of Social Homophily. In the Twitter dataset, we randomly se-
lect 10 cascades with 40-60 participants each, using check-
points to generate user features, which are color-coded by
same cascade. We compare our method against the second-
best baseline model, GRASS (Li et al. 2023). For GRASS,
features derived from GCNs are used for PCA, while for our
proposed method, we utilize the composite features X .

After applying PCA, the distribution depicted in Figure 6
shows that the features learned by our method are more
closely clustered compared to those derived from GRASS.
This proximity suggests that our similarity-based approach
more effectively captures Social Homophily, offering signif-
icant advantages in microscopic cascade prediction.

6 Conclusion

In this study, we introduced a novel multifaceted self-
retrieval style microscopic cascade prediction framework
that integrates the factors of both social relationships and
behavioral preferences. During the encoding phase, we pro-
posed a multi-channel GRAU module to dissect the impacts
stemming from diverse factors. During the decoding phase,
we proposed a self-retrieval decoder to optimize the ap-
plication of the Social Homophily assumption, enhancing
the precision for microscopic cascade prediction. Empirical
evaluations on three publicly available datasets demonstrate
that our method achieves substantial improvements in both
MAP @k and Hits @k metrics, affirming its efficacy.
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