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Abstract
Information diffusion prediction (IDP) is a pivotal task for un-
derstanding the dynamics of information propagation within
social networks. Conventional models typically adhere to
a fixed learning-based paradigm, where the trained predic-
tion model remains static during the inference phase. This
paradigm presupposes that the data is independent and identi-
cally distributed, an assumption that may not hold true due to
the inherently open nature of social media and the uncertainty
and variability in user behavior. In this paper, we address
the novel problem of out-of-distribution (OOD) shifts within
IDP tasks and propose a new test-time training-based model
for multi-scale IDP tasks, named Ghidorah. Our approach fo-
cuses on adapting a subset of model parameters to accommo-
date the unique characteristics of test samples through self-
supervised learning (SSL) tasks. Ghidorah comprises three
components: the macroscopic prediction branch, the micro-
scopic prediction branch, and the auxiliary SSL branch. The
auxiliary SSL task employs a masked autoencoder-based loss
to fine-tune the model for specific test samples prior to predic-
tion. Furthermore, Ghidorah integrates invariant learning to
capture robust representations while mitigating spurious cor-
relations. To our knowledge, Ghidorah is the first work to in-
troduce a test-time training framework specifically designed
to address the critical yet often overlooked OOD challenges
in IDP tasks. Experimental results across several benchmark
datasets validate the superiority of our approach.

Introduction
Online social media enables the effortless dissemination and
reposting of news. The extensive tracking and recording of
information cascades have driven researchers to investigate
patterns of information spread within social networks, par-
ticularly through the task of information diffusion prediction
(IDP). Current IDP research primarily concentrates on pre-
dicting future diffusion dynamics, including forecasting dif-
fusion volume from a macroscopic perspective to estimate
the future popularity of the entire cascade, as well as pre-
dicting individual adoption from a microscopic perspective
to identify the potential next user (Li et al. 2024).

Macroscopic and microscopic predictions are tradition-
ally treated as separate training objectives (Xu et al. 2021;
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Figure 1: The comparison between the traditional learning-
based methods and the proposed TTT-based model.

Sun et al. 2022), whereas recent works propose their joint
training paradigm as multi-scale prediction (Yang et al.
2021; Jiao et al. 2024). Both existing independent and multi-
scale prediction models adhere to the traditional learning-
based paradigm. As shown in Fig. 1, the prediction model is
first trained on the training set, which is then fixed and evalu-
ated on the test samples. The effectiveness of such paradigm
hinges on the assumption that the data is independent and
identically distributed (IID), meaning that the training and
testing samples are drawn from the same distribution.

Nevertheless, the open nature of social media platforms,
combined with the inherent uncertainty and variability in
user behavior, often undermines the validity of the IID
assumption in practical social networks (Li et al. 2018a,
2021a; Jia et al. 2022). For example, even minor modifi-
cations to the users within a cascade, given similar initial
sharers, can lead to substantial changes in future predictions.
As illustrated in Figure 1, two posts with comparable ini-
tial sharers may exhibit divergent propagation cascades: one
may be amplified by an influential user u4 as the training
sample, while the other may be disseminated by a less ac-
tive user u10 as the testing sample. Similarly, information
with comparable diffusion volumes may display notable dif-
ferences in themes and the demographics of users engag-
ing with it (Zhou et al. 2021). Consequently, the knowledge
gained from training cascades may be insufficient for mak-
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ing accurate predictions on the test set (Zhang et al. 2024a).
In this paper, we investigate the novel problem of out-

of-distribution (OOD) shifts within IDP tasks, which arise
from potential discrepancies between training and testing
cascades due to the inherent uncertainty in social user be-
havior. A straightforward approach involves applying exist-
ing domain generalization techniques, such as adversarial
robustness (Ganin et al. 2016) and domain adaptation (Long
et al. 2016), to mitigate these shifts by leveraging the topo-
logical structure or incorporating data from the test distribu-
tion during training. However, these methods, which aim to
learn domain-agnostic features during training, may be less
effective in real-world social networks with divergent prop-
erties (Gulrajani and Lopez-Paz 2020). Moreover, they often
neglect the utility of testing data beyond mere evaluation.

Inspired by the success of test-time training (TTT) tech-
niques in computer vision (Sain et al. 2022; Chen et al.
2022; Hatem, Qian, and Wang 2023), we focus on the test
phase to develop a novel TTT-based approach for general-
ization by learning robust characteristics of test cascades.
As illustrated in Figure 1, our method integrates an auxiliary
self-supervised learning (SSL) task to update model param-
eters during the test phase, allowing the model to adapt to
each test instance. Unlike conventional domain generaliza-
tion models, which are confined to the training phase and
anticipate distribution shifts, TTT extends model adaptation
into the test phase by leveraging the available test data.

However, designing an effective TTT framework for IDP
tasks poses several challenges. First, the design of the SSL
task must be general enough to generate features capable
of predicting diffusion patterns across various distributions.
Second, TTT’s tendency to adjust shared parameters based
on a single testing cascade may cause discrepancies between
the SSL task and IDP tasks. Third, relying only on TTT to
address OOD challenges may be inadequate due to variabil-
ity in user behaviors. A representation learning module that
capitalizes on invariant relationships between cascade fea-
tures and annotations, while minimizing the impact of spu-
rious correlations, is anticipated to be more effective.

To address the aforementioned challenges, we propose a
robust IDP model based on the TTT framework, comprising
three primary branches: the macroscopic prediction branch,
the microscopic prediction branch, and the auxiliary SSL
branch. These branches share a common feature extractor,
with each possessing its own prediction head, similar to the
multi-headed Ghidorah from the movie Godzilla: King of
the Monsters. Inspired by the Masked Autoencoder (MAE)
loss, we introduce an MAE-like loss specifically designed
for IDP tasks as the auxiliary task, aimed at capturing the
intrinsic correlations among users within a single cascade.
Unlike the vanilla TTT framework (Sun et al. 2020), Ghido-
rah integrates a consistency loss for test-time training, ensur-
ing that all tasks are optimized in a cohesive direction. Fur-
thermore, an invariant learning component is incorporated
to learn cascade representations that remain stable across
various environments, thereby enhancing Ghidorah’s gen-
eralization capability. Our proposal is extensively evaluated
across four datasets and two tasks, demonstrating superior
performance compared to sixteen SOTA baselines.

Our major contributions are summarized as follows:
• To the best of our knowledge, we are the first to introduce

the test-time training framework to address the critical
yet overlooked OOD challenges within IDP tasks.

• We propose a novel TTT-based model, Ghidorah, specif-
ically designed for IDP tasks. This model incorporates
several innovative modules, including invariant learn-
ing and consistency loss, to overcome the limitations of
vanilla TTTs.

• Comprehensive experiments demonstrate that Ghidorah
consistently outperforms sixteen SOTA approaches.

Problem Formulation
Diffusion Cascade Given the user set U , a cascade ci =
{(ui

1, t
i
1), (u

i
2, t

i
2), . . . , (u

i
|ci|, t

i
|ci|)} records the diffusion

process of the information item i in chronological order,
where the tuple (ui

j , t
i
j) indicates that the user uj forwards

the current information i at a certain timestamp tj . All ob-
served historical cascades are denoted as C = {ci}.
Graph Construction The social graph GS = (U , E) is a
directed graph, where U is the user set and E is the edge set
representing social relationships among users. The observed
diffusion cascades C = {c1, c2, . . . , cM}, |C| = M are split
into T subsets based on timestamps to construct sequential
diffusion hypergraphs GD = {Gt

D|t = 1, 2, . . . , T}, Gt
D =

(U t, Et), where U t is the user set and Et is the hyperedge
set. In each diffusion hypergraph Gt

D, a hyperedge connects
users who participate in the same cascade only during the
t-th time interval, which represents the dynamic diffusion
process of the cascade.
Definition 1. Macroscopic Prediction Given a social graph
GS , diffusion hypergraphs GD and an observed snapshot of
cascade ci at time to, we aim to predict the final size |ci|
(a.k.a. popularity) of this cascade, i.e., the total number of
users who perform the retweeting action to the original in-
formation after to.
Definition 2. Microscopic Prediction Given a social graph
GS , diffusion hypergraphs GD, and an observed cascade
snapshot, our goal is to predict which users are likely to ex-
press interest and repost in the subsequent step.

Methodology
The framework of the proposed Ghidorah model is illus-
trated in Figure 2. Given the input diffusion hypergraph GD

and social graph GS , the shared feature extractor θe is de-
signed to learn user representations that capture both social
relations and global interactions among users. These learned
representations are then fed into three distinct branches:
(1) an auxiliary branch θa, which employs self-supervised
learning to refine the shared feature extractor for specific test
cascades; (2) a main branch θp that applies a task-specific
prediction head to perform the macroscopic prediction task;
and (3) another main branch θm that similarly employs a
task-specific prediction head to execute the microscopic pre-
diction task. In the auxiliary branch, a masked autoencoder
(MAE) is adapted as the self-reconstruction task to effec-
tively mine and learn the underlying diffusion patterns and
latent structures within cascades.
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Figure 2: The joint training framework of Ghidorah.

Test-time Training Framework of Ghidorah

Following standard TTT model (Sun et al. 2020), the overall
workflow consists of three phases: joint training, test-time
training, and inference. Joint training occurs before test time,
while test-time training and inference are executed repeat-
edly and sequentially during test time.
The Joint Training Phase During the joint training, we
train all model parameters for the two diffusion prediction
tasks (main tasks) and the auxiliary self-supervised task
(SSL task) based on the training samples. For clarity, we de-
fine the objectives of the auxiliary task, macroscopic predic-
tion task, and microscopic prediction task as Laux, Lp

main,
and Lm

main, respectively. Ghidorah is jointly optimized by
minimizing a weighted sum of Lp

main, Lm
main, Laux, and

Lalign as shown in Eq. (1), where α is a hyper-parameter:

min
θe,θa,θp,θm

Lp
main(θe, θp) + Lm

main(θe, θm)

+ αLaux(θe, θa) + Lalign(θe, θa, θp, θm). (1)

By minimizing this training loss, we achieve the well-trained
parameters θ∗e , θ∗a, θ∗p , and θ∗m for the related modules.
The Test-time Training Phase As depicted in Figure 3,
given a target cascade from the test set, we apply δ steps
of gradient descent to fine-tune the parameters of the fea-
ture extractor θ∗e by minimizing the auxiliary self-supervised
reconstruction task loss Laux as in Eq. (2). Note that the
parameters of two main branches, θ∗p and θ∗m, remain fixed

throughout the test-time training process:

min
θ∗
e ,θ

∗
a

Laux(θ
∗
e , θ

∗
a). (2)

The learned parameters θ
′

e and θ
′

a are optimized for a spe-
cific testing cascade, allowing the model to develop a robust
representation that effectively captures complex user inter-
actions, even within previously unseen cascades.
The Inference Phase During the inference phase, the fea-
ture extractor θ

′

e learned during test-time training, is com-
bined with the main branches θ∗p and θ∗m to form two mod-
els: (θ

′

e, θ∗p) and (θ
′

e, θ∗m). The model (θ
′

e, θ∗p) is used for
macroscopic prediction, while the model (θ

′

e, θ∗m) is used
for microscopic prediction.

Shared Feature Extractor
As shown in the Figure 2(b), the shared feature extractor
aims to learn representations for input cascades by lever-
aging both social following relationships and user interac-
tions within diffusion cascades. Following previous works
(Yuan et al. 2021; Li et al. 2017b), our framework employs a
multi-layer Graph Convolutional Network (GCN) (Kipf and
Welling 2016) and a Hypergraph Neural Network (HGNN)
(Zhang et al. 2024c, 2025) as its foundational components.
The GCN is utilized to capture the relatively stable follow
relationships among users within the social graph, while the
HGNN complements this by modeling user interactions and
diffusion dynamics within sequential diffusion hypergraphs.
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Figure 3: The test-time training and inference of Ghidorah.

Social Relation Encoder Given the social graph GS =
(U , E), the final user social relation embeddings XS ∈
RN×d can be obtained by stacking multiple layers of GCN,
where N denotes the size of user set. The initial embeddings
are randomly initialized and viewed as learnable parameters.
Diffusion Interaction Encoder On the basis of the con-
structed diffusion hypergraphs GD, we model user interac-
tions across cascades through HGNN at each time interval,
where message aggregation involves two main steps: Node-
to-Hyperedge aggregation and Hyperedge-to-Node aggrega-
tion. Given a diffusion hypergraph Gt

D, the first step updates
the embedding oj,t of hyperedge etj by aggregating the em-
bedddings of all its connected nodes. After obtaining embed-
dings of hyperedges, the second step aims to aggregate the
embeddings of hyperedges associated with user ut

i to update
its embedding xi,t. This process is defined as follows:

ol+1
j,t = σ

 ∑
ut
i∈Nv(etj)

Wvx
l
i,t

|Nv(etj)|

 ,

xl+1
i,t = σ

 ∑
etj∈Ne(ut

i)

Weo
l+1
j,t

|Ne(ut
i)|

 ,

(3)

where Nv(e
t
j) represents the set of nodes connected to hy-

peredge etj , Ne(u
t
i) denotes the set of hyperedges connected

to node ut
i and Wv and We are learnable parameters.

A single HGNN only captures the interactions at a time
interval, which is insufficient for fully modeling the evolu-
tion of cascades. To address this limitation, we introduce a
gated fusion strategy (Zhang, Zhang, and Pan 2022) that se-
quentially integrates the interactions learned by the HGNN
across different time intervals, enabling us to obtain the final
user dynamic interaction representations, XD ∈ RN×d.
Shared Cascade Representation Learning Based on the
input cascade C, a LSTM model is introduced to model
the contextual interactions between users within a cascade.
Specifically, for each original cascade cm ∈ C, we retrieve
the corresponding user embeddings from XS and XD, ar-
ranging them in the original order of the cascade while disre-
garding the specific timestamps. This yields ZS

m = [(xi)] ∈
R|cm|×d,ZD

m = [(xi)] ∈ R|cm|×d. Both sets of embeddings
are then fed into the LSTM at each time step, producing a
d-dimensional representation for each user within the cas-
cade. By integrating the structural and dynamic aspects of

the embeddings, the LSTM generates a more comprehensive
representation, denoted as Hshare ∈ R|cm|×d.

Macroscopic Prediction Branch
Given the user dynamic interaction representations XD and
the shared embedding Hshare, macroscopic prediction branch
is designed to predict the ultimate size of the cascade.
Invariant Cascade Representation Learning Geirhos et
al. (Geirhos et al. 2020) highlight that deep neural networks
are prone to exploit easy-to-fit spurious correlations, i.e.
shortcut strategies, when solving problems. Invariant learn-
ing, which aims to reveal invariant causal relationships be-
tween the features and target labels across different environ-
ments while reducing the effect of variant spurious corre-
lations, can achieve satisfactory OOD generalization under
distribution shifts (Arjovsky et al. 2019). We adopt Variance
Risk Extrapolation (Krueger et al. 2021) to train an invariant
model that can generalize to unseen and shifted test data.

As shown in Figure 2(c), multiple training environments
are constructed from the original training cascades C. For
each diffusion cascade cm ∈ C, two typical sequence aug-
mentation strategies (Xie et al. 2022) are adopted: user
masking and user shuffling, resulting in the augmented train-
ing environments F .

The macroscopic prediction task of various environments
are handled independently. For each augmented cascade c̃m,
user embeddings from XD form YD

m = [(xi)] ∈ R|c̃m|×d,
which is input into a task-specific LSTM to produce the cas-
cade representation Hmacro. This representation is concate-
nated with Hshare and passed through an MLP predictor to
estimate the final cascade size. The task-specific LSTM and
predictor make up the macroscopic prediction branch, pa-
rameterized by θp.
Training Objective Following previous work (Jiao et al.
2024), the Mean Absolute Error is selected as the loss for
a single environment: Re(θe, θp) = 1

M

∑M
m=1 |ym − ŷm|,

where ŷm = fθp(C̃e; θe) denotes the predicted popularity
for the cascade c̃m ∈ C̃e, ym represents the true popular-
ity value, and |M | is the number of training cascades. To
combine the losses of different environments, we aim to re-
duce the average training risk while simultaneously increas-
ing the similarity of training risks across different environ-
ments (Krueger et al. 2021) as follows:

Lp
main(θe, θp)

.
= γVar

(
{R1(θe, θp), . . . ,R|F|(θe, θp)}

)
+

|F|∑
e=1

Re(θe, θp), (4)

where γ is a hyper-parameter to control the balance between
reducing average risk and enforcing equality of risks.

Microscopic Prediction Branch
The microscopic prediction branch is similar to the macro-
scopic branch, except for its learning objective. The classi-
fier in this branch, composed of multiple layers of MLPs,
predicts the next user in the cascade. The task-specific
LSTM and the classifier together constitute the microscopic
prediction branch, parameterized by θm.
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Training Objective Microscopic prediction is treated as a
classification problem with the Cross-Entropy loss function:

Le(θe, θm) = −
|c̃m|∑
i=2

N∑
j=1

yij log(ŷij), (5)

where yij = 1 denotes that the user uj participate in cascade
c̃m at position i, otherwise, yij = 0. Analogous to Eq. (4) ,
we derive the loss for the microscopic task, Lm

main, using the
same principle of Risk Extrapolation.

Auxiliary Self-Supervised Branch
The key to TTT lies in selecting an proper auxiliary SSL
task (Sun et al. 2020). We propose incorporating an MAE-
based SSL task into the auxiliary branch and introducing a
consistency loss to align the SSL task with the main tasks.
Self-supervised Learning via MAE As shown in Fig. 2,
the MAE employs an asymmetric encoder-decoder struc-
ture. Consider a short cascade ci = {u1, u2, . . . , uQ}. A
subset of users is randomly masked according to a mask ra-
tio pm, with their user tokens replaced by a uniform mask
token. The sequence is then transformed into user embed-
dings using the learned shared representations Hshare. For
a visible user uj , the user embedding is ej , while masked
users share a common embedding m̂. Position embeddings
are then added for each user, resulting in the cascade’s rep-
resentative embeddings, denoted as S = [ẽ1, ẽ2, . . . , ẽQ].

In the encoder module, we input the representative em-
beddings of visible users V = [ẽ1, ẽ2, . . . , ẽR], where R
is the number of visible users. The encoder, composed of
Ne Transformer layers, generates individual representations
for each visible user, hr. In the decoder module, Nd Trans-
former layers use the encoder’s output along with the shared
embedding of masked users, [h1,h2, . . . ,hQ], to recon-
struct the embeddings of all users in the sequence, denoted
as Ĥ = [ĥ1, ĥ2, . . . , ĥQ]. Finally, we only use the recon-
structed embeddings of the masked users to construct the
loss function. Specifically, the reconstruction loss Laux is
the mean squared error between these reconstructed embed-
dings and the true embeddings from Hshare, as follows:

Laux(θe, θa) =
1

Q−R

Q−R∑
i=1

(
xi − ĥi

)2

. (6)

Consistency Loss for TTT As the correlation of gradients
between the auxiliary and main task loss functions is cru-
cial for TTT success (Sun et al. 2020), we propose a con-
sistency loss to align updates across all three tasks. Based
on Eqs. (4) and (6), the anticipated gradients for the shared
graph encoder parameters θe, derived from Lp

main, Lm
main,

and Laux, are denoted as gp
main, gm

main, and gaux, respec-
tively. These gradients are expected to be strongly correlated
to ensure consistent optimization of the shared parameters
and to improve overall performance (Zhao et al. 2021). To
achieve this, we introduce a consistency loss that enforces
equality among the standardized versions of gp

main, gm
main,

and gaux:

Lalign(θe, θa, θp, θm) = |ĝp
main − ĝaux|+|ĝm

main − ĝaux| ,
(7)

Datasets Christianity Android Memetracker Douban
# Users 2,897 9,958 4,709 12,232
# Links 35,624 48,573 209,194 396,992
# Cascades 589 679 12,661 3,475
Avg. Length 22.9 33.3 16.24 21.76

Table 1: The statistics of four datasets.

where the standardized gradient ĝp
main =

gp
main−E(gp

main)

σ(gp
main)

,
and similarly for ĝm

main and ĝaux.

Experiment
Experimental Settings
Datasets Following previous works (Yang et al. 2021; Sun
et al. 2022), we evaluate the proposed framework on four
datasets collected from real-world platforms: Christianity,
Android, Memetracker (Jiao et al. 2024), and Douban. We
randomly sample 80% of the cascades for training, 10% for
validation, and the remaining 10% for testing. The detailed
statistics of the datasets are presented in Table 1.
Baselines The proposed model is compared with sixteen
state-of-the-art (SOTA) baselines. For the macroscopic base-
lines, four models are selected: DeepCas (Li et al. 2017a),
DeepHawkes (Cao et al. 2017), CasCN (Chen et al. 2019b),
and CasFlow (Xu et al. 2021). For the microscopic base-
lines, we select six models: TopoLSTM (Wang et al. 2017),
NDM (Yang et al. 2019), Inf-VAE (Sankar et al. 2020), Dy-
HGCN (Yuan et al. 2021), MS-HGAT (Sun et al. 2022),
and CE-GCN (Wang et al. 2022). For the multi-scale pre-
diction baselines, we select three models: FOREST (Yang
et al. 2021), DMT-LIC (Chen et al. 2019a), and MINDS
(Wang, Xu, and Zhang 2023). For the domain generalization
baselines, we select three models: MLDG (Li et al. 2018b),
MMD-AAE (Li et al. 2018c), and SFA (Li et al. 2021b).
Evaluation Metrics Following previous work (Xu et al.
2021), we use MSLE for macroscopic prediction. For mi-
croscopic prediction, we adopt two popular ranking metrics,
MAP@k and Hits@k, with k set to 10, 50, and 100.
Implementation Details Our model is implemented in Py-
Torch. The results for Ghidorah are presented as the mean
of five runs to ensure reliable evaluation. The performance
of the baseline models represents the best outcomes reported
in published papers, alongside our local experiments. All hy-
perparameters are selected through a grid search algorithm
based on validation set performance, with final results re-
ported on the test set.

Performance Comparison
Table 2 and Table 3 report the results for microscopic pre-
diction, while Table 4 summarizes the results for macro-
scopic prediction. (1) As shown in Tables 2 and 3, Ghido-
rah consistently surpasses all SOTA baselines, exhibiting an
impressive improvement of over 10.97% in Hits@100 and
MAP@100 scores. Compared to the separated training mod-
els like CE-GCN, Ghidorah’s superiority stems from the col-
laborative reinforcement provided by multi-task learning for
cascade modeling, as well as the efficacy of TTT. (2) Table
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Models Christianity Android Memetracker Douban
Hits@k ↑ @10 @50 @100 @10 @50 @100 @10 @50 @100 @10 @50 @100
TopoLSTM 0.1559 0.3653 0.4777 0.0460 0.1318 0.2103 0.1908 0.3687 0.4683 0.0306 0.0143 0.0184
NDM 0.0464 0.1145 0.1461 0.0170 0.0423 0.0555 0.0931 0.1228 0.1279 0.0388 0.0506 0.0528
Inf-VAE 0.0767 0.2569 0.3853 0.0318 0.0938 0.1452 0.1165 0.3096 0.4200 0.1364 0.2361 0.3039
DyHGCN 0.2380 0.4689 0.5923 0.0748 0.1746 0.2596 0.2522 0.4603 0.5710 0.1438 0.2648 0.3329
MS-HGAT 0.2880 0.4714 0.5562 0.1041 0.2031 0.2755 0.2584 0.4743 0.5832 0.2133 0.3525 0.4275
CE-GCN 0.2806 0.5250 0.6394 0.0886 0.1992 0.2727 0.3701 0.5604 0.6509 0.1885 0.3272 0.4047

FOREST 0.2746 0.4665 0.5603 0.0866 0.1739 0.2314 0.2648 0.4502 0.5499 0.1106 0.1986 0.2559
DMT-LIC 0.2768 0.4442 0.5669 0.0932 0.1639 0.2315 0.2746 0.4619 0.5656 0.1465 0.2506 0.3054
MINDS 0.3214 0.4978 0.6250 0.1096 0.1989 0.2766 0.2819 0.4760 0.5790 0.1956 0.3087 0.3641

Ghidorah 0.3917 0.6639 0.8059 0.1310 0.2365 0.3214 0.4202 0.6224 0.7276 0.2471 0.3964 0.4845

Table 2: Experimental results for microscopic prediction are reported in terms of Hits@k, where higher scores indicate better
performance. The improvement over the best-performing baseline methods is statistically significant (sign test, p < 0.01).

Models Christianity Android Memetracker Douban
MAP@k ↑ @10 @50 @100 @10 @50 @100 @10 @50 @100 @10 @50 @100
TopoLSTM 0.0523 0.0619 0.0635 0.0166 0.0202 0.0213 0.0870 0.0955 0.0969 0.0354 0.0824 0.0884
NDM 0.0144 0.0177 0.0182 0.0059 0.0070 0.0072 0.0463 0.0480 0.0481 0.0141 0.0824 0.0884
Inf-VAE 0.0172 0.0254 0.0272 0.0076 0.0103 0.0110 0.0425 0.0509 0.0525 0.0543 0.0588 0.0598
DyHGCN 0.1062 0.1167 0.1184 0.0392 0.0434 0.0446 0.1410 0.1502 0.1518 0.0801 0.0856 0.0865
MS-HGAT 0.1744 0.1827 0.1840 0.0639 0.0687 0.0696 0.1408 0.1504 0.1519 0.1172 0.1252 0.1260
CE-GCN 0.1467 0.1586 0.1602 0.0477 0.0524 0.0534 0.2154 0.2243 0.2256 0.1103 0.1164 0.1175

FOREST 0.1569 0.1658 0.1672 0.0628 0.0667 0.0675 0.1429 0.1514 0.1528 0.0655 0.0694 0.0702
DMT-LIC 0.1649 0.1728 0.1746 0.0622 0.0652 0.0662 0.1496 0.1581 0.1595 0.0812 0.0856 0.0897
MINDS 0.1955 0.2037 0.2054 0.0677 0.0716 0.0727 0.1535 0.1623 0.1638 0.1142 0.1199 0.1213

Ghidorah 0.2468 0.2526 0.2673 0.0809 0.0834 0.0841 0.2439 0.2489 0.2521 0.1345 0.1405 0.1417

Table 3: Experimental results for microscopic prediction are reported in terms of MAP@k, where higher scores indicate better
performance. The improvement over the best-performing baseline methods is statistically significant (sign test, p < 0.01).

4 indicates that Ghidorah consistently outperforms all SOTA
methods for macroscopic prediction, including CasCN and
CasFlow, with a relative reduction of over 15.89% in MSLE.
This substantial enhancement can be attributed to Ghido-
rah’s capability to capture more fine-grained and context-
aware diffusion dependencies within cascades. (3) Com-
pared to unified frameworks such as FOREST, DMT-LIC,
and MINDS, our approach uses TTT to better capture the in-
trinsic features of each test sample, resulting in more robust
and satisfactory OOD generalization. (4) Table 4 shows that
Ghidorah not only competes favorably but often surpasses
domain generalization methods like MLDG, MMD-AAE,
and SFA, which highlights its superior ability to generalize
across diverse domains.

Ablation Study
We conduct a series of ablation studies on the Christian-
ity and Douban datasets to evaluate the importance of each
module within Ghidorah. Table 5 presents the results. The
first row of Table 5 reveals that the exclusion of HGNN sig-
nificantly impairs model performance, underscoring the crit-
ical role of capturing global user dynamic interactions. The
absence of TTT results in a marked deterioration in perfor-

mance, accentuating the challenge of OOD scenarios and the
efficacy of TTT in enhancing the model’s generalization ca-
pabilities. Moreover, the omission of consistency loss leads
to a performance drop, highlighting the essential need to
align optimization objectives between auxiliary and primary
tasks. The absence of the invariant learning component fur-
ther diminishes generalization performance, demonstrating
its pivotal role in maintaining stable and invariant cascade
representations. In the TTT framework, the selection of the
auxiliary task is paramount. Contrastive learning (Xie et al.
2022; Zhang et al. 2024d) and Bootstrap Your Own Latent
(BYOL) (Grill et al. 2020) are introduced for comparison.
The results, detailed in the 5th row of Table 5, indicate that
MAE is the most effective auxiliary task for IDP.

Hyperparameter Sensitivity Analysis
Mask Ratio pm in MAE The mask ratio pm specifies the
percentage of users masked in the cascade. As illustrated in
Fig. 4(a), Ghidorah performs best with a mask ratio of 0.4,
which masks 40% of users. Lower mask ratios might neces-
sitate masking a greater proportion of users to reduce redun-
dancy, while higher ratios may leave too few visible users to
effectively capture context-dependent interactions.
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Model ( MSLE ↓) Christ. Android Meme. Douban
DeepCas 1.446 2.122 2.231 2.122
DeepHawkes 1.111 1.971 1.143 1.725
CasCN 1.046 0.981 0.967 1.476
CasFlow 0.765 1.041 0.535 0.465

FOREST 1.726 0.556 0.621 0.825
DMT-LIC 1.692 0.201 0.701 0.741
MINDS 0.572 0.151 0.506 0.404

MLDG 0.461 0.142 0.476 0.387
MMD-AAE 0.415 0.136 0.453 0.352
SFA 0.384 0.130 0.438 0.326

Ghidorah 0.356 0.127 0.414 0.290

Table 4: Results of macroscopic prediction are evaluated by
MSLE. Lower values indicate better performance.

Models MSLE ↓ MAP@100 ↑
Christ. Douban Christ. Douban

w/o HGNN 1.121 0.594 0.1965 0.1092

w/o TTT 0.485 0.371 0.2214 0.1286

w/o align 0.372 0.308 0.2622 0.1379

w/o invariant 0.386 0.325 0.2586 0.1326

CL 0.441 0.353 0.2302 0.1254
BYOL 0.412 0.337 0.2471 0.1295

Ghidorah 0.356 0.290 0.2673 0.1417

Table 5: Ablation study for two IDP prediction tasks.

Auxiliary Task Loss Weight α To assess the impact of α,
which balances the main and auxiliary task losses as de-
scribed in Eq. (1), we perform a qualitative analysis within
the Ghidorah framework (see Fig. 4(b)). Optimal perfor-
mance is achieved when α is set to 0.5.
Number of Constructed Environment F As in Fig. 4(c),
the optimal number of constructed environments is 6. In-
creasing this number significantly reduces performance,
likely because distribution shifts in diffusion prediction are
not solely associated with a single spurious domain. An ex-
cessive number of environments may hinder the learning of
a stable invariant representation.
Gradient Steps δ during Test-Time Training The parame-
ter δ determines the number of gradient steps applied during
test-time training to fine-tune the shared feature extractor for
a test sample. As shown in Fig. 4(d), performance improves
with an increasing number of steps, peaks at 15 gradient up-
dates, and then begins to decline. When the number of steps
exceeds 30, the shared encoder may overfit to the target dis-
tribution, leading to poor classifier performance as the rep-
resentations deviate from the learned latent space.

Related Work
Information diffusion prediction, which aims to forecast
future diffusion dynamics based on observed interactive
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(d) Gradient steps during test δ

Figure 4: Hyperparameter sensitivity results on Christianity.

records, can be categorized into macroscopic prediction and
microscopic prediction (Li et al. 2024; Wang, Xu, and Zhang
2023). While most previous studies have primarily focused
on single tasks (Xu et al. 2021; Sun et al. 2022; Wang et al.
2022; Feng et al. 2022; Lu et al. 2023; Ji et al. 2023), re-
cent efforts have introduced unified frameworks to address
both tasks simultaneously by leveraging their shared fea-
tures (Chen et al. 2019b; Yang et al. 2021; Jiao et al. 2024).
Despite their considerable success, these approaches over-
look the distribution shifts between training and testing cas-
cades, arising from the inherent uncertainty of user behav-
iors (Zhang et al. 2023), which hampers the model’s gener-
alization to unknown test environments.

The primary objective of test-time training (TTT) is to
adapt the trained model to a single test sample through
an auxiliary self-supervised learning (SSL) task. TTT has
been widely applied across various domains, including im-
age (Wang et al. 2024; Hatem, Qian, and Wang 2023), graph
(Zhang et al. 2024b), and reinforcement learning (Hansen
et al. 2020). Extensive experiments highlight the promising
potential of TTT in enhancing the model’s generalization ca-
pabilities. However, this paradigm is heavily dependent on
the selection of an appropriate auxiliary task (Gandelsman
et al. 2022), and unconstrained TTT can sometimes lead
to undesirable performance degradation in the main task.
Therefore, developing an effective TTT framework for in-
formation diffusion prediction (IDP) tasks is not trivial.

Conclusion

In this paper, we addressed overlooked OOD generalization
within IDP tasks and proposed Ghidorah, a novel model
based on the test-time training paradigm. The auxiliary
branch introduces an MAE-like loss to optimize model pa-
rameters to specific test samples, while the main branch
uses invariant learning to capture stable cascade represen-
tations across environments. These innovations enhance the
model’s generalization. Experiments demonstrate that Ghi-
dorah consistently outperforms state-of-the-art approaches.
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