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Abstract
Social media popularity prediction aims to forecast the future reach or influence
of online content from early-stage observations. Accurate prediction enables key
downstream applications, such as advertising optimization and strategic content
planning by users, creators, and platforms. Despite substantial progress, existing
popularity prediction works often fail to jointly consider multimodal content and
temporal social interaction signals. Moreover, the literature remains highly frag-
mented across datasets, modalities, observation windows, prediction targets, and
evaluation protocols. This fragmentation prevents fair comparison and obscures a
systematic understanding of how textual, visual, temporal, and interaction-based
signals jointly shape popularity dynamics. To address these challenges, we in-
troduce MMG-Pop, a Multi-modal Graph-based Popularity Prediction benchmark,
which unifies datasets, modalities, temporal interaction signals, and representa-
tive baselines under a standardized evaluation protocol. Furthermore, we propose
MMG-PopNet, a unified multi-modal graph-based network that jointly models the
aforementioned multi-modal signals and graph-structured social interactions. Ex-
tensive experiments on MMG-Pop, comprising four datasets across Bluesky and
Reddit platforms, demonstrate the superior performance of MMG-PopNet and yield
new insights into cross-platform training generalization, multi-task prediction ben-
efits, multi-modality contributions, and LLM prediction limitation. These findings
establish a unified foundation for future research on social dynamics modeling and
intervention under heterogeneous modalities and socially-aware agentic ecosystem
paradigms. The MMG-Pop benchmark and MMG-PopNet code are available at
this Link.

1 Introduction
Social dynamics refers to the patterns of interactions and relationships among individuals within a
society [1, 2, 3], emerging across diverse real-world contexts such as public health behavior change,
collective responses during crises, and political mobilization [4, 5, 6, 7]. Accurately modeling
social dynamics provides critical insights for analyzing, anticipating, and potentially intervening in
collective social behaviors (e.g., early detection of toxic information cascades and timely intervention
strategies on online platforms) [8, 9, 10, 11, 12] In this work, we focus on one of the most important
social dynamics modeling problems, social media popularity prediction, which aims to leverage
early observations of social content to predict its future popularity/influence (e.g., number of likes,
reposts) across diverse social contexts and modalities [13, 14, 15]. Effectively predicting popularity
on social media has important implications for both platforms and users. For platforms, it supports
content recommendation, trend forecasting, advertising, and efficient allocation of moderation
resources [16, 17, 18, 19] by estimating which content is likely to attract substantial future engagement.
For users, creators, and organizations, it helps estimate future reach, optimize posting content and
promotion strategies [20, 21], and plan social or marketing campaigns more effectively [22, 23].

Prior social media popularity prediction can be categorized into three lines. The first predicts social
media popularity based on the initial media content without considering its subsequent spread [15, 38,
39, 26, 40, 41]. However, they are content-centric and fail to account for how early social interaction
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Existing Work
Social Modality Signal

Popularity Metric Popularity Prediction Method
Graph Text Image Time Video

@Username [24] ✔ ✘ ✘ ✔ ✘ Speed/Width/Depth Cox PH + Log-linear Regression
Resubmissions [25] ✘ ✔ ✘ ✔ ✘ Reddit Karma Supervised LDA + Linear Regression
Szabo-Huberman [15] ✘ ✘ ✘ ✔ ✘ View Count/ Digg votes Log-linear Regression
Flickr-SVR [26] ✘ ✔ ✔ ✘ ✘ View Count Support Vector Regression

SEISMIC [27] ✘ ✘ ✘ ✔ ✘ Cascade size Self-exciting point process
Galton–Watson [28] ✔ ✘ ✘ ✔ ✘ Cascade size Branching Hawkes process
HIP [25] ✘ ✔ ✘ ✔ ✘ View Count Hawkes Intensity Processes

DeepHawkes [29] ✔ ✘ ✘ ✔ ✘ Cascade size GRU + Time Decay
DeepCas [30] ✔ ✘ ✘ ✘ ✘ Cascade size Bi-directional GRU
CasSeqGCN [31] ✔ ✘ ✘ ✔ ✘ Cascade size GCN + LSTM
TSGNN [32] ✔ ✘ ✘ ✘ ✘ Cascade size GAT + GLU
GraphLSTM [33] ✔ ✔ ✘ ✔ ✘ Reddit Karma Graph-structured LSTM
UHAN [34] ✘ ✔ ✔ ✘ ✘ View Count Multi-modal Attention
HMMVED [35] ✘ ✔ ✔ ✘ ✔ Comment/Repost/Likes/View Hierarchical Multimodal VAE
MMRA [36] ✘ ✔ ✔ ✘ ✔ View Count Multi-modal Attention + Retrieval
MASSL [37] ✘ ✔ ✔ ✘ ✔ View Count Multimodal VAE

Table 1: Prior social media popularity prediction methods, organized by modality signal, prediction
metric, modeling approach, and method category: feature engineering, statistical, and deep learning.

dynamics, such as high-impact comments and influencers’ reshares [42], impact eventual popularity.
The second leverages observed interaction patterns (e.g., reshares, replies, and user engagements)
to model how a post propagates through the social interaction network. These interaction histories
are represented as cascades and modeled using point processes or geometric deep learning (e.g.,
RNNs/GNNs) to capture the temporal/structural dynamics of information diffusion [27, 28, 29,
30, 31]. However, they under-utilize the semantic content of posts and responses, such as textual
meaning and visual signals that shape engagement. A third line of work jointly leverages both
post content and interaction structure [43, 33, 44, 45]. However, these studies primarily focus on
tasks such as toxicity detection, sentiment analysis, rumor propagation, or conversation modeling,
rather than directly addressing popularity prediction. More recently, emerging generative models
and agentic AI have been applied to social dynamics modeling, either through LLM-based multi-
agent simulations [46, 47] or by directly repurposing LLMs as autoregressive cascade predictors
or reasoning-augmented regressors for popularity forecasting [48, 49]. However, none of these
approaches has been systematically benchmarked against prior non-LLM baselines.

In addition to the above limitations, existing social media popularity prediction studies are constructed
under heterogeneous yet inconsistent experimental settings as in Table 1. These differences span
dataset versions (e.g., X [29, 30, 31] versus (vs.) Reddit [28, 33]), modality signals (e.g., text,
image and video [37, 36, 35] vs. graph topology [30, 29, 32]), prediction targets (e.g., cascade
size [32, 27, 31] vs. content view count [15, 34]). This fragmentation prevents meaningful comparison
of existing methods, thereby hindering the derivation of key insights, such as which modalities
contribute most and whether cross-platform transferability exists. Furthermore, existing popularity
prediction benchmarks [50, 51] mainly focus on initial media content, overlooking the evolving
cascade of user interactions over time. This motivates us to develop both a unified benchmark
MMG-Pop and a popularity prediction model MMG-Pop-Net that jointly capture multi-modal content
and temporal social interactions. The key contributions are summarized as follows:

• Unified Popularity Prediction Benchmark. We introduce the MMG-Pop benchmark, standardiz-
ing datasets, social modality signals, observation windows, prediction horizons, and popularity
measures to enable consistent evaluation across in-domain forecasting, future-horizon prediction,
and cross-platform transfer, with representative baselines.

• Unified Multi-Modal Model. We propose MMG-Pop-Net, the first unified architecture to jointly
model multimodal content, graph-structured interaction dynamics, and temporal signals through
bidirectional graph message passing, supporting multi-objective popularity prediction.

• Comprehensive Experiments and Novel Insights. We conduct extensive experiments to demon-
strate the advantages of MMG-Pop-Net and the insights enabled by the MMG-Pop benchmark,
highlighting the importance of jointly modeling multimodal content and cascade structure, the gen-
eralization gains from cross-community training, the benefits of multi-task training for engagement
prediction, and the limited ability of LLMs to predict social popularity.
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Figure 1: Overview of MMG-Pop Benchmark. Social cascades from Bluesky and Reddit are repre-
sented as tree-structured graphs, where each node carries multi-modal attributes. Given only an early
observed prefix Gt, the task is to predict six complementary popularity dimensions characterizing the
future cascade state Gt′ . The benchmark evaluates baselines alongside our proposed MMG-PopNet
across multiple observation windows.

2 Design Space of MMG-Pop Popularity Prediction Benchmark
This section outlines the design space of our proposed MMG-Pop benchmark for social media popularity
prediction, encompassing the notation and problem formulation, popularity measurement, training
and evaluation, dataset curation, and existing baselines.

2.1 Notation and Problem Formulation
Notation of Social Media Popularity Prediction. We represent an online social cascade as a directed
tree-structured graph G = (V, E), where V denotes the set of nodes and E ⊆ V × V denotes the set
of directed edges. Each node v ∈ V corresponds to a content item (e.g., a post, comment, or reply),
and a directed edge (u, v) ∈ E indicates that node v is generated in response to node u, capturing
the information propagation (e.g., reply-to, repost/reshare, or quote relationships). The graph is
rooted at a unique node vroot ∈ V representing the initial item of the cascade (e.g., a starter post
on Bluesky or a submission on Reddit). Each node v ∈ V is associated with multimodal attributes
Xv = (XText

v , XVisual
v , XGraph

v , XSocial
v , XTime

v ) where XText
v denotes textual content features (e.g.,

post/comment text, hashtags, or semantic embeddings [34, 25]), XVisual
v denotes visual features when

media is present (e.g., images, videos, or visual descriptors [26, 37]), XGraph
v denotes local structural

or network context (e.g., neighborhood subgraph statistics or position within the cascade [33]), XSocial
v

denotes author-level social context features (e.g., user profile attributes [52] and interaction graph-
derived influence proxies, including centrality and PageRank scores [53, 54]), and XTime

v denotes
temporal features (e.g., global timestamp or relative time to parent nodes within the cascade [33]). In
addition, each cascade may be associated with thread-level contextual metadata XThread, capturing
properties of the root post vroot (e.g., topic, presence of visual media, or root-author follower count).

Formulation of Social Media Popularity Prediction. The core objective is to predict the future
evolution of a social cascade given only its early-stage observations. Let t ≥ 0 denote the elapsed
time since the root post. Given a cascade graph G = (V, E), we define the observed prefix at time
t as Gt = (Vt, Et), where Vt = {v ∈ V | tv ≤ t} and Et contains all edges among nodes in
Vt. This prefix captures the historical context of the cascade, including time-truncated multimodal
node attributes {Xt

v}v∈Vt and thread-level context XThread,t observable up to time t. The prediction
target is the future state of the cascade, YG ∈ RK , consisting of K popularity measures defined in
Section 2.2. We aim to learn a parametric mapping FΘ :

(
Gt, {Xt

v}v∈Vt , XThread,t
)
7→ YG.

2.2 Popularity Measurement
Social popularity can be quantified in multiple ways. Our benchmark, MMG-Pop, considers six
distinct dimensions to comprehensively capture popularity dynamics, following prior literature [55,
56, 57, 15]. We categorize these into STRUCTURAL, PARTICIPATION, and ENGAGEMENT tasks:

• Max Width: It measures the largest breadth of the cascade [55, 57]. It is quantified as the maximum
number of nodes appearing at any depth level in the cascade graph G.

• Max Depth: It measures the length of the longest reply chain in the cascade [57, 15]. It is quantified
as the maximum distance from vroot to any node in the cascade graph G.
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• Structural Virality: It quantifies whether cascade diffusion is dominated by shallow broadcast
spread or deeper multi-hop propagation [56]. It is measured as the average shortest-path distance
between all pairs of distinct nodes in the cascade graph.

• Size: It measures how many content items are generated in the cascade [57, 30]. It is quantified as
the number of nodes in the cascade graph G, i.e., |V|.

• Unique Users: It measures the number of unique users who participate in the cascade [57].
• Like Score: It captures platform-visible engagement received by the root post content vroot through

platform-specific metrics such as likes or up-votes (e.g., Reddit Karma score) [15].

2.3 Training and Evaluation
Training. Let G denote the set of cascades, partitioned into GTrain ∪ GVal ∪ GTest. For each cas-
cade G ∈ GTrain, we construct its observed prefix Gt with truncated node/thread-level features
{Xt

v} and XThread,t. The objective is to predict future outcomes at a later time t′ > t. Given
heavy-tailed nature of social popularity signals [58, 59], we define popularity targets in the log-

transformed space: Ỹ
t′

G = log(I + Yt′

G). The model is trained to predict Ỹ
t′

G by optimizing:

Θ∗ = argminΘ
∑

G∈GTrain L(FΘ(Gt, {Xt
v}v∈Vt , XThread,t), Ỹ

t′

G) where L is the mean squared error
(MSE) loss: L(Ŷ, Ỹ) = 1

d ||Ŷ − Ỹ||22, with d denoting the number of prediction targets.

Evaluation. During evaluation, the learned model F∗Θ is applied to unseen cascades G ∈ GTest, using
only their observed prefixes Gt and corresponding features. We evaluate performance by comparing
the predicted future cascade dynamics at time t′ with the corresponding ground-truth values. We
report MSE, R2, and Spearman correlation, all computed in the log-transformed space.

2.4 Dataset Curation
We curate social cascades from Bluesky and Reddit, two platforms with distinct platform dynamics.
Each discussion thread is represented as a tree-structured social cascade following the formulation in
Section 2.1, where the root post is vroot, posts or comments are nodes in V , and parent–reply relations
define directed edges (u, v) ∈ E . Node attributes Xv and thread-level context XThread are instantiated
from the available platform metadata.
Bluesky. We curate our Bluesky subset from the large-scale collection of [60], which originally
contains approximately 235 million posts from 4 million users between February 2023 and March
2024. We construct cascades from reply interactions, which provide explicit conversational content
for modeling discussion dynamics.
Reddit. We use Pushshift data dumps [61] from three communities: r/AMA, r/Gaming, and r/Fu-
turology. These subreddits capture complementary discussion styles: centralized Q&A, media-rich
entertainment discussion, and speculative scientific discourse. We construct cascades from submis-
sions and their comment reply trees. The datasets cover July 2021–December 2024 for r/AMA,
January 2023–August 2024 for r/Gaming, and August 2019–December 2024 for r/Futurology. De-
tailed dataset information is provided in Appendix A.

2.5 Representative Baselines
We evaluate representative baselines spanning structure-agnostic, temporal, sequence-based, graph-
based, and content-aware cascade modeling baselines. MLP is a structure-agnostic baseline that
represents each cascade using root-post features, aggregated reply features, and global thread metadata.
DeepHawkes [29] captures temporal diffusion dynamics through user embeddings, diffusion-path
encoding, and time-decay modeling. DeepCas [30] models cascades as sampled diffusion paths
and learns sequence representations with attention. CasSeqGCN [31] represents temporal graph
evolution by encoding graph snapshots with GCN to model time progression. GraphLSTM [33] is a
content-aware graph sequence baseline that models reply-tree structure with textual, user, temporal,
and structural features. Additional details are provided in the Appendix B.

3 Foundational Multi-modal Graph-based Popularity Prediction Network
This section proposes a unified framework that integrates multimodal content and graph-structured
social interactions for social dynamics prediction, as shown in Figure 2. Our architecture first
encodes heterogeneous multimodal cascade content (text semantics, visual media, and global context)
into a unified representation, and then applies graph message passing to incorporate cascade social
interaction structure, yielding a shared representation for multi-task popularity prediction.

4



Multi-Modal Feature 
Embedding

Text 
Encoder

𝜟𝑡𝒗←𝒑𝒂𝒓𝒆𝒏𝒕
𝜟𝑡𝒗←𝒓𝒐𝒐𝒕

Image
Encoder

Thread 
Metadata

Bidirectional Graph 
Message-Passing 

Comment

Root  Post

Comment Comment

Comment Comment

Tree-Structured 
Social Post

𝑋𝑣/root
Text,𝑡

𝐳𝑣/root
Time,t

𝐳𝑣/root
Text,t

𝑋𝑣/root
Time,𝑡

𝑋root
Visual,𝑡 𝐳root

Visual,t

𝑋meta
Thread,𝑡 𝐳meta

Thread,t

𝐡𝐺,down
t 𝐡𝐺,upt

Concatenate

Leaf-to-Root 
GNN with Pooling

Root-to-Leaf
GNN with Pooling

𝐡𝐺t

Root 
Post

Multi-Task 
Prediction Head

Graph
Structure

Thread
Context

MLP

Max Width

Max Depth

Size

Unique Users

Like Score

Structure
Virality

𝐱𝐺t

Figure 2: Overview of MMG-PopNet Model: The model embeds node-level text and temporal
signals for bidirectional graph message passing over the cascade, and root visual content and thread
metadata are encoded as separate contextual features. The learned root, graph, visual, and metadata
representations are fused at the prediction stage to support multi-task popularity forecasting.

Multi-Modal Feature Embedding. To encode heterogeneous cascade attributes, we design modality-
specific encoders tailored to the semantics of each signal. For each node v ∈ Vt, we encode the
available node-level textual and temporal attributes. For textual content XText

v , we use Transformer
to obtain zText,t

v = F Text
ΘText

Enc
(XText,t

v ). For temporal information, we encode relative timing signals via

∆Time
v = [∆tv←parent,∆tv←root], where ∆tv←parent and ∆tv←root denote the elapsed time since the

parent node and the root post, reflecting the immediacy of user engagement and overall temporal stage.
These timing signals are log-transformed and z-score normalized to obtain fixed temporal features
zTime,t
v . We also encode thread-level context as XThread,t = (XVisual,t

root , XThread,t
meta ), denoting root post

visual content and non-visual thread context related to the root post. The root image is encoded with
a CLIP [62], zVisual,t

root = FVisual
ΘVisual

Enc
(XVisual,t

root ). Finally, non-visual thread context is modeled with initial

user’s influence and posting time, i.e., XThread,t
meta = [Followers(vroot), ϕ(tpost)], where the follower

count is log-transformed and standardized, and ϕ(·) is a cyclic encoding of time-of-day as content
posting time during a day also influences interactions. The resulting root visual zVisual,t

root and non-visual
XThread,t

meta representations together concatenate into the thread-level contextual representation zThread,t.

Bidirectional Graph Message-Passing. While node-level textual and temporal encodings capture
rich local signals at each node, modeling the structural context of the cascade is essential to understand
how information propagates and evolves over time. In particular, early-stage cascade dynamics,
such as branching patterns and response depth, provide strong indicators of future popularity. To
encode such structural dependencies, we perform graph message-passing over the cascade. We first
initialize each node v ∈ Vt representation by concatenating semantic and temporal features: h(0)

v =
Concat

(
zText
v , zTime

v

)
, capturing both content and temporal context. We then apply bidirectional

message-passing to simultaneously model root-to-leaf and leaf-to-root propagation. The node
embeddings are initialized in both directions h(0)

v,down = h
(0)
v,up = h

(0)
v are updated at layer ℓ:

h
(ℓ)

v,down = SAGE
(ℓ)

down(h
(ℓ−1)

v,down, {h
(ℓ−1)

u,down : u ∈ Ndown(v)}),h
(ℓ)
v,up = SAGE

(ℓ)
up (h

(ℓ−1)
v,up , {h(ℓ−1)

u,up : u ∈ Nup(v)}), (1)

where Ndown(v) and Nup(v) denote the parent/child-side neighbors of node v. After L layers, we ag-
gregate node representations via mean pooling to obtain direction-specific summaries ht

G,down,h
t
G,up,

which are then concatenated to form the final graph representation: ht
G = Concat(ht

G,down,h
t
G,up).

Multi-Modal Feature Fusion and Multi-Task Prediction. After encoding node/graph/thread-level
signals, we fuse them into a unified cascade representation for prediction. Specifically, we aggregate
(1) the raw root node representation h0

root before message passing, (2) the final bidirectional root
representation, h(L)

root = Concat(h
(L)
root,down,h

(L)
root,up), (3) the graph structural representation ht

G, and (4)

the thread-level contextual representation, into a single vector: xt
G = h

(0)
root ∥ h

(L)
root ∥ gt

G ∥ zThread,t.
We then apply a shared multi-layer perceptron (MLP) to map the fused representation into a multi-task
output space: Ŷt′

G = MLPΘPred(x
t
G), where ŶG ∈ RK contains log-space predictions for K targets

(e.g., final cascade size, unique users, or structural properties). The model is trained using a multi-task
objective L = 1

K

∑K
k=1 Lk(Ŷ

(k)
G , Y

(k)
G ), where all parameters (including the text encoder ΘText

Enc ,
image encoder ΘImage

Enc , two GNNs, and prediction heads ΘPred) are jointly optimized end-to-end.
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4 Related Work
Social Dynamics Modeling. Social dynamics modeling studies how local interactions among indi-
viduals give rise to collective outcomes such as consensus, segregation, polarization, and information
diffusion [63, 64]. Classical models explain these phenomena through simple but expressive mecha-
nisms, where [65] showed how individual preferences can produce macro-level segregation, while
threshold and cascade models describe how behaviors spread once social reinforcement exceeds adop-
tion barriers [66, 67]. Opinion dynamics and social-influence models further categorize how network
structure, homophily, and repeated exposure shape agreement, diversity, and polarization [68, 69, 64].
With online platforms, this perspective has expanded to large-scale information diffusion, misinfor-
mation spread, and intervention analysis, where temporal interactions and network topology jointly
determine collective trajectories [70, 8, 7]. Recent agent-based and LLM-driven simulations enrich
this line by modeling adaptive, language-mediated agents to simulate broad social dynamics [47, 71].
Social Media Popularity Prediction. Social media popularity prediction models and forecasts
social dynamics by predicting the future influence, engagement, or diffusion of online content [15,
6]. It has broad applications in trend forecasting, advertisement targeting, and public opinion
analysis. Existing studies can be categorized based on social signals and modeling paradigms.
From the signal perspective, prior work includes content-based methods leveraging textual or visual
information [15, 38, 39, 26, 40, 41], structure-based methods modeling diffusion topology and user
interactions [27, 28, 29, 30, 31], and hybrid approaches combining both [43, 33, 44, 45]. From the
modeling perspective, earlier studies mainly relied on handcrafted features with classical machine
learning [27, 28, 25], followed by sequential and geometric deep learning methods, including LSTMs
and GNNs, to capture temporal and structural dynamics [29, 30, 31, 32, 33, 34, 35, 36, 37]. More
recently, agentic social simulation approaches [46, 47, 48, 49] have been explored to model contextual
user behaviors and social interactions. However, they remain fragmented across modalities, platforms,
prediction targets, and evaluation protocols, motivating the need for a unified benchmark.
5 Experiment
We conduct extensive experiments with the MMG-Pop benchmark, designed to systematically address
the following research questions:

Q1: How do different baselines and MMG-Pop-Net perform in predicting cascade popularity across
varying future horizons and early observation windows under our MMG-Pop benchmark?

Q2: Does unified training across communities and platforms improve social popularity prediction?

Q3: Can MM-LLMs serve as competitive predictors for multimodal social popularity forecasting?

Q4: Does multi-objective prediction benefit from jointly predicting popularity targets?

Q5: How do different modalities contribute to popularity prediction?

Detailed experiment settings are described in Appendix C.
5.1 Q1: Popularity Prediction across Varying Future Horizons/Early Observation Windows.
Popularity prediction of final cascade state under different early observation. Given an early
observation window t, we aim to predict the final popularity of a social cascade based on the cascade
state observed up to the data collection time. To assess the role of early information, we consider a
root-only setting and three early-observation windows for each dataset. The root-only setting, denoted
as window 0, includes only the root post and its thread-level context. The remaining windows capture
increasingly mature cascade prefixes: 2, 10, and 20 minutes for Bluesky; 15, 30, and 60 minutes for
r/AMA; 20, 50, and 90 minutes for r/Gaming; and 30, 90, and 180 minutes for r/Futurology. Window
lengths vary by dataset because cascades unfold at different speeds across platforms and communities.
Table 2 reports MSE in the log-transformed target space across all datasets, observation windows, and
prediction targets. MMG-PopNet achieves the best overall average MSE for every target category,
with 4.6% to 17.0% reductions over the strongest non-MMG-PopNet baselines. Among the baselines,
Graph-LSTM is the strongest competitor on most structural targets, reflecting the value of reply-tree
structure, temporal ordering, and textual content. CasSeqGCN also performs competitively, likely by
modeling evolving cascade as snapshots, which capture propagation topology. MLP is particularly
strong for LIKE SCORE prediction because this target measures engagement received by the root
post, whose features are directly combined with the mean representation of early observed nodes.
However, without message passing, MLP cannot fully model cascade-level dependencies, whereas
MMG-PopNet integrates these early signals through bidirectional graph propagation and achieves the
lowest average MSE across all targets.
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Table 2: MSE results for final cascade-state prediction under different early observation windows,
covering STRUCTURAL PREDICTION TASKS (max width, max depth, structural virality, and cascade
size), UNIQUE-USER PREDICTION, and LIKE-SCORE PREDICTION. Lower values indicate better
performance. The best results are highlighted in bold, while the second-best results are underlined.
Statistical significance analyses show that improvements are significant across settings in Table 11.

Task Model Bluesky r/AMA r/Gaming r/Futurology Avg
0 2 10 20 Avg 0 15 30 60 Avg 0 20 50 90 Avg 0 30 90 180 Avg

MAX WIDTH

MLP 0.458 0.427 0.371 0.350 0.402 0.664 0.528 0.493 0.415 0.525 1.755 1.182 0.877 0.708 1.128 1.810 1.341 0.697 0.457 1.076 0.783
DeepHawkes 0.684 0.617 0.403 0.338 0.510 0.713 0.554 0.491 0.365 0.531 1.888 1.268 1.147 0.839 1.288 1.876 1.643 1.184 0.783 1.371 0.925
DeepCas 0.633 0.675 0.676 0.676 0.666 0.841 0.757 0.767 0.709 0.769 2.361 1.895 1.833 1.690 1.945 1.738 1.643 1.190 1.101 1.443 1.199
CasSeqGCN 0.676 0.538 0.357 0.286 0.465 0.713 0.534 0.446 0.313 0.502 1.864 1.140 0.841 0.587 1.108 1.820 1.258 0.679 0.366 1.031 0.776
Graph-LSTM 0.657 0.526 0.345 0.281 0.452 0.686 0.510 0.430 0.305 0.483 1.771 1.155 0.811 0.518 1.064 1.749 1.149 0.631 0.345 0.969 0.742
MMG-PopNet 0.457 0.369 0.284 0.234 0.336 0.625 0.491 0.429 0.276 0.455 1.557 1.096 0.714 0.562 0.982 1.581 1.132 0.665 0.372 0.938 0.678

MAX DEPTH

MLP 0.356 0.346 0.296 0.270 0.318 0.318 0.267 0.225 0.198 0.252 0.344 0.279 0.214 0.186 0.256 0.593 0.484 0.289 0.221 0.397 0.305
DeepHawkes 0.367 0.358 0.344 0.300 0.342 0.329 0.280 0.253 0.240 0.276 0.346 0.290 0.269 0.229 0.284 0.602 0.567 0.429 0.325 0.482 0.345
DeepCas 0.361 0.364 0.364 0.364 0.363 0.432 0.375 0.341 0.333 0.370 0.577 0.409 0.387 0.340 0.427 0.596 0.554 0.410 0.374 0.483 0.411
CasSeqGCN 0.364 0.348 0.294 0.258 0.316 0.328 0.281 0.227 0.193 0.257 0.347 0.296 0.247 0.210 0.275 0.586 0.477 0.317 0.230 0.403 0.313
Graph-LSTM 0.364 0.340 0.285 0.243 0.308 0.323 0.264 0.215 0.176 0.245 0.353 0.288 0.209 0.161 0.253 0.570 0.453 0.298 0.232 0.388 0.298
MMG-PopNet 0.363 0.325 0.273 0.238 0.300 0.314 0.256 0.219 0.172 0.240 0.335 0.275 0.200 0.160 0.243 0.517 0.418 0.282 0.205 0.356 0.284

STRUCTURAL
VIRALITY

MLP 0.147 0.143 0.123 0.114 0.132 0.129 0.105 0.089 0.074 0.099 0.096 0.078 0.059 0.049 0.071 0.209 0.164 0.102 0.077 0.138 0.110
DeepHawkes 0.158 0.154 0.144 0.119 0.144 0.134 0.111 0.101 0.094 0.110 0.095 0.085 0.083 0.069 0.082 0.200 0.195 0.157 0.127 0.170 0.127
DeepCas 0.155 0.157 0.157 0.157 0.157 0.218 0.168 0.146 0.141 0.167 0.265 0.154 0.140 0.117 0.169 0.213 0.200 0.165 0.145 0.181 0.169
CasSeqGCN 0.157 0.148 0.124 0.109 0.135 0.134 0.111 0.089 0.070 0.102 0.095 0.086 0.074 0.066 0.080 0.196 0.162 0.116 0.081 0.139 0.114
Graph-LSTM 0.157 0.145 0.122 0.104 0.132 0.131 0.106 0.085 0.065 0.097 0.103 0.083 0.060 0.044 0.073 0.195 0.157 0.106 0.084 0.136 0.109
MMG-PopNet 0.155 0.135 0.114 0.101 0.126 0.130 0.100 0.087 0.064 0.095 0.098 0.081 0.057 0.045 0.070 0.182 0.146 0.101 0.073 0.126 0.104

SIZE

MLP 0.695 0.652 0.556 0.515 0.605 0.918 0.711 0.626 0.519 0.689 2.018 1.399 0.993 0.801 1.303 2.747 2.094 1.066 0.637 1.637 1.059
DeepHawkes 0.899 0.817 0.618 0.499 0.709 0.982 0.738 0.635 0.478 0.709 2.137 1.472 1.314 0.939 1.466 2.903 2.556 1.904 1.159 2.130 1.253
DeepCas 0.832 0.879 0.880 0.880 0.868 1.262 1.093 1.053 1.002 1.103 2.952 2.228 2.152 1.918 2.313 2.673 2.517 1.767 1.605 2.016 1.606
CasSeqGCN 0.881 0.751 0.551 0.459 0.660 0.979 0.735 0.599 0.421 0.684 2.101 1.400 1.021 0.715 1.309 2.760 2.015 1.124 0.583 1.621 1.068
Graph-LSTM 0.859 0.733 0.531 0.446 0.642 0.945 0.700 0.572 0.405 0.656 2.031 1.418 0.988 0.641 1.270 2.640 1.852 1.052 0.563 1.527 1.024
MMG-PopNet 0.705 0.587 0.470 0.397 0.540 0.863 0.661 0.573 0.366 0.616 1.829 1.317 0.842 0.653 1.160 2.356 1.743 0.997 0.559 1.414 0.932

UNIQUE
USERS

MLP 0.465 0.432 0.374 0.351 0.405 0.657 0.531 0.502 0.418 0.527 1.883 1.306 0.949 0.756 1.224 2.139 1.642 0.847 0.512 1.290 0.860
DeepHawkes 0.734 0.660 0.439 0.371 0.551 0.707 0.559 0.505 0.370 0.533 2.009 1.392 1.257 0.917 1.394 2.228 1.996 1.439 0.896 1.639 1.030
DeepCas 0.666 0.721 0.723 0.722 0.706 0.869 0.767 0.771 0.716 0.779 2.629 2.019 2.002 1.796 2.112 2.073 1.976 1.381 1.269 1.675 1.319
CasSeqGCN 0.723 0.584 0.395 0.318 0.505 0.706 0.543 0.468 0.328 0.511 1.979 1.294 0.966 0.671 1.228 2.157 1.583 0.872 0.449 1.265 0.877
Graph-LSTM 0.700 0.560 0.368 0.296 0.481 0.679 0.514 0.448 0.320 0.490 1.898 1.307 0.928 0.599 1.183 2.074 1.441 0.816 0.456 1.197 0.838
MMG-PopNet 0.467 0.383 0.302 0.255 0.352 0.622 0.494 0.447 0.290 0.463 1.693 1.218 0.792 0.613 1.079 1.859 1.374 0.785 0.439 1.114 0.752

LIKE SCORE

MLP 1.311 1.298 1.254 1.232 1.274 1.351 1.284 1.292 1.193 1.280 5.633 5.593 4.991 4.660 5.219 6.462 6.104 4.061 3.746 5.093 3.217
DeepHawkes 2.532 2.400 2.010 1.855 2.199 1.438 1.411 1.406 1.325 1.395 6.240 6.122 5.973 6.130 6.116 6.885 6.880 6.046 5.304 6.031 3.997
DeepCas 2.356 2.502 2.507 2.505 2.493 1.444 1.428 1.483 1.435 1.450 6.359 6.099 6.048 6.268 6.194 5.725 5.785 4.576 4.905 5.273 3.839
CasSeqGCN 2.508 2.266 1.901 1.749 2.104 1.436 1.406 1.400 1.307 1.387 6.206 6.127 6.043 6.004 6.095 6.778 6.604 5.428 5.000 5.452 3.885
Graph-LSTM 2.467 2.186 1.791 1.607 2.013 1.360 1.311 1.337 1.237 1.311 5.707 5.576 5.302 4.866 5.363 6.239 5.395 4.343 4.393 5.092 3.445
MMG-PopNet 1.260 1.087 1.026 0.950 1.081 1.311 1.212 1.166 1.028 1.179 5.067 4.654 4.307 4.073 4.525 4.999 4.596 3.214 2.750 3.890 2.669
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Figure 3: MSE-Loss trajectories across datasets, comparing different models for target SIZE. Lower
is better. MMG-PopNet achieves the lowest MSE, with the strongest gains at later horizons.

Popularity Prediction of Cascade States at Future Horizons. Beyond prediction at the terminal
state, we evaluate social media popularity prediction at intermediate future horizons of cascades.
Given an early observed prefix Gt (as described in previous section), each method predicts future
cascade outcomes at later times t′ > t, using targets computed from the cascade state at horizons
{4h, 8h, 16h, 24h}. This setting tests whether a model can forecast not only terminal popularity,
but also the trajectory of cascade growth over time. Figure 3 reports MSE trajectories for the SIZE
target across datasets. Prediction error generally increases with the forecasting horizon, reflecting the
greater uncertainty of longer-range cascade growth. Despite this increased difficulty, MMG-PopNet
consistently achieves the lowest error across datasets and horizons. Graph-LSTM and CasSeqGCN
are the closest baselines, with comparable performance at 4h and 8h, but they fall behind at 16h
and 24h as forecasting uncertainty increases. In contrast, DeepCas has substantially higher error in
several cases, with clipped values indicating that its trajectory predictions fall outside the plotted
range. Similar trends are observed for other popularity targets in Appendix D.
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Figure 4: Dataset-Specific vs. Unified Training. Avg MSE of MMG-PopNet under dataset-specific
and unified training. Lower is better. Unified training greatly improves performance on Reddit
communities and remains competitive on Bluesky.
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Figure 5: Normalized LLM Performance on Bluesky. Scores are normalized with MMG-PopNet
as the reference baseline, fixed at 1.0 on all axes, where smaller areas indicate worse performance.
MMG-PopNet outperforms LLM baselines across all settings. Among LLMs, retrieval-augmented
few-shot prompting performs better in sparse early windows, while fine-tuning becomes stronger as
longer cascade prefixes provide richer temporal and structural training signals.

5.2 Q2: Unified Training Across Communities and Platforms
We investigate whether popularity prediction benefits from unified training across datasets from
multiple platforms. Instead of training isolated MMG-PopNet models per dataset and observation
window, we train a single model on the combined cascades from all datasets. This evaluates whether
joint supervision over heterogeneous cascades improves generalization compared to dataset-specific
training. Figure 4 demonstrates that unified training yields substantial performance gains on Reddit
while maintaining comparable accuracy on Bluesky. On Reddit, the unified model reduces average
MSE across all popularity targets, achieving dramatic error reductions for LIKE SCORE, SIZE,
and UNIQUE USERS. Conversely, dataset-specific training retains a marginal edge on Bluesky.
This pattern suggests that the unified model benefits most when cross-community training shares a
platform-level interaction structure, while Bluesky introduces distinct dynamics less represented in
the combined training distribution. Detailed results and analysis can be found in Appendix E.
5.3 Q3: Comparison with LLM-Based Approaches
We compare MMG-PopNet with multimodal LLM models under three settings: zero-shot prompting,
retrieval-augmented few-shot prompting, and supervised fine-tuning. Zero-shot setting serialized
the observed cascade prefix as a structured JSON input prompt for LLM-based prediction. The
retrieval-augmented few-shot setting includes four training examples with similar root posts. Fine-
tuning setting trains LLM with early-observation cascade inputs. Figure 5 shows the normalized
comparison on Bluesky. Scores are computed as MSEmodel/MSEMMG−PopNet, so MMG-PopNet
forms the reference score of 1.0 on every axis, and smaller polygons indicate worse performance.
MMG-PopNet uniformly outperforms all LLM baselines across all targets and observation windows.
Zero-shot prompting yields the highest error, proving that direct prompting lacks the numerical
calibration of LLMs for popularity prediction despite structured inputs. Few-shot prompting rivals
or exceeds fine-tuning given root-only or early windows, where historical examples provide crucial
context for sparse cascades. Fine-tuning overtakes prompting as the window expands, likely because
it better exploits the richer reply structure, temporal progression, and participation signals in longer
observation windows. Overall, MMG-PopNet performs better likely because it models topology,
timing features, and multimodal context for popularity prediction more directly, rather than relying
on prompt-driven inference over serialized cascade inputs. Detailed setting in Appendix F.
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Table 3: Comparison of multi-task versus single-task
MSE results across datasets using the following windows:
Bluesky @ 10min, r/AMA @ 30min, r/Gaming @ 50min,
and r/Futurology @ 90min. Best in bold.

Task Bluesky r/AMA r/Gaming r/Futurology

Single Multi Single Multi Single Multi Single Multi

MAX WIDTH 0.280 0.284 0.411 0.429 0.663 0.714 0.583 0.665
MAX DEPTH 0.272 0.273 0.207 0.219 0.182 0.200 0.272 0.282
STRUCTURAL
VIRALITY

0.115 0.114 0.082 0.087 0.050 0.057 0.094 0.101

SIZE 0.494 0.470 0.578 0.573 0.843 0.842 0.987 0.997
UNIQUE USERS 0.295 0.302 0.431 0.447 0.766 0.792 0.774 0.785
LIKE SCORE 1.575 1.026 1.284 1.166 4.482 4.307 3.708 3.214

Figure 6: Modality Ablation: Avg.
MSE increase per excluded modal-
ity relative to full MMG-PopNet.
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5.4 Q5: Single-Task vs. Multi-Task Training
We examine whether multi-objective prediction benefits from jointly modeling complementary
popularity targets. Here, we compare the multi-task MMG-PopNet with task-specific variants trained
independently for each target. Table 3 shows that the benefit of joint training depends on the target.
Single-task training is stronger for topology-driven objectives. It achieves lower MSE for MAX
WIDTH and MAX DEPTH across all datasets, indicating that these structural properties benefit from
dedicated training. Similar trends appear for STRUCTURAL VIRALITY and UNIQUE USERS, although
the gaps are smaller. Multi-task training remains competitive for SIZE, matching or slightly improving
over single-task models on three datasets. Joint modeling is most beneficial for engagement. Multi-
task MMG-PopNet lowers LIKE SCORE MSE on every dataset, with large gains on Bluesky and
r/Futurology. This suggests that engagement prediction can benefit from shared signals of cascade
structure and user participation. Overall, joint modeling does not improve every target. However, it
offers a useful deployment trade-off by remaining competitive on most outcomes while consistently
improving LIKE SCORE prediction.
5.5 Q6: Modality Ablation Analysis
We evaluate how each modality contributes by removing one input source from MMG-PopNet at
a time and measuring the relative MSE increase over the full model. The ablations remove textual
semantics XText, root visual content XVisual, node temporal features XTime, or reply-tree topology
XGraph.Figure 6 reports results on r/Gaming and r/Futurology, where all four modalities are available.
All removals increase error, showing that each modality adds useful information. Temporal features
have the largest effect on cascade growth and participation. They encode each node’s time since its
parent reply and since the root post. Removing these features sharply hurts MAX WIDTH (21.2%),
UNIQUE USERS (21.0%), and SIZE (18.7%). These features capture the pace of early discussion. Fast
replies signal bursty growth relevant to width and size, while slower temporal medians can indicate
longer-lived discussions with more distinct users. Text is most important for engagement. Removing
textual semantics increases LIKE SCORE error by 16.5%, while only mildly affecting structural
targets. This suggests that audience approval depends strongly on what is said, not only how the
cascade grows. Reply-tree topology mainly supports structural prediction, especially STRUCTURAL
VIRALITY and MAX DEPTH. Root visual content has the smallest effect, but its consistent gains
indicate a modest complementary role. Detailed results in Appendix G.

6 Conclusion and Future Work
In this paper, we introduced MMG-Pop, a unified benchmark for multi-modal social media popularity
prediction, and MMG-PopNet, a unified model that captures content, temporal dynamics, and reply
structure to forecast multiple forms of popularity. Our experiments show that MMG-Pop enables
systematic evaluation across datasets, communities, observation windows, prediction horizons, and
engagement targets. Results show that MMG-PopNet improves prediction by jointly modeling
multimodal content and cascade structure, with different modalities offering complementary signals.
In addition, cross-community training improves generalization, while multi-task training captures
shared engagement patterns. In contrast, LLMs remain limited in predicting social popularity,
suggesting that language understanding alone is insufficient for modeling social dynamics. Together,
these findings establish MMG-Pop as a useful benchmark and MMG-PopNet as an effective model for
integrating the signals that shape social media popularity. Furthermore, we have conducted real-world
case studies with MMG-PopNet in Appendix H. Future work will explore agentic social simulation
to predict popularity. Limitations of this work and additional discussion are in Appendix I.
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A Dataset Details

Here, we present the detailed information about the curation of the datasets and their statistics.

A.1 Curation Details

A.1.1 Cascade construction.

For Bluesky, the metadata supports multiple interaction networks, including reply, repost, and quote
networks. We use the reply network because replies capture explicit conversational interactions and
provide richer content signals than diffusion-oriented actions such as reposts. Posts are first grouped
by their discussion thread identifier, and parent references are then used to add reply edges within
each thread. For Reddit, each submission defines a thread, and each comment provides a parent
identifier indicating whether it replies to the root submission or to another comment.

A.1.2 Node attributes and thread-level context.

For both Bluesky and Reddit, each post is associated with textual content and timestamp information,
which instantiate XText

v and XTime
v , respectively. Platform-specific engagement signals are also

available at the post level. Bluesky provides a like count for each post, whereas Reddit provides a
karma score, computed as upvotes minus downvotes. These engagement signals are available for
individual posts, but our Like Score popularity target is defined only on the root post vroot and is
evaluated using its final engagement count. For Bluesky, this translates to the number of likes that the
social cascade initiating post receives, while on Reddit, it means the Karma score, which is defined
as upvotes minus downvotes for the initial submission post. Thread-level context XThread is derived
from metadata associated with the root post, including its timestamp. For Bluesky, this additionally
includes the follower count of the root post’s author, which provides a proxy for the initiating user’s
social influence.

A.1.3 Modalities.

The r/Gaming and r/Futurology data subsets include image content for root posts, although not every
root post contains an image. Specifically, 37.9% of r/Gaming cascades and 68.5% of r/Futurology
cascades contain root-post images. In contrast, Bluesky and r/AMA are text-based in our benchmark,
so X Image

v is empty for these datasets. Since images are only available at the root-post level in the
Reddit multimodal subsets, visual features are included as part of the corresponding thread-level
context when present.

A.1.4 Missing and removed content.

We discard posts whose parent post is missing. If the root post of a cascade is missing but associated
replies are present, we discard the entire cascade, since vroot is required to define the discussion tree.
For Reddit, some posts or comments may no longer contain their original textual content because they
were deleted by users or removed by moderators at the time of collection and are instead represented
by markers such as [deleted] or [removed]. We retain such cascades when the remaining thread
structure and metadata are intact, since these posts still correspond to observed participation in the
cascade. Although the original text is no longer accessible, the presence of deletion or removal
markers may still provide information to the model about moderation or deletion patterns in the
dataset communities. Dataset sizes are computed after these filtering steps.

A.1.5 Dataset Sampling and Imbalance Mitigation.

In the raw Bluesky dataset, cascade sizes are heavily skewed, with small conversation trees containing
3 to 10 posts comprising approximately 87% of the filtered data. Training directly on this distribution
would bias the model toward shallow dynamics and obscure structural patterns present in more
complex cascades. To address this imbalance, we employ square-root sampling [72]. Specifically,
each size bin is sampled proportionally to the square root of its empirical frequency, yielding a more
balanced subset of roughly 64,000 Bluesky discussion trees for robust model training and evaluation.
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Table 4: Dataset statistics across observation windows. Final columns describe complete cascades
retained for each window, while early columns describe the corresponding observed prefixes Gt.

Dataset Window Cascades Final Early Early
% of FinalNodes Avg. Med. Nodes Avg. Med.

Bluesky
2min 63,904 1,198,634 18.76 7.0 107,920 1.62 1.0 9.0%
10min 60,321 1,183,956 19.63 7.0 218,619 2.93 2.0 18.4%
20min 52,972 1,144,617 21.61 8.0 305,955 5.76 3.0 26.7%

r/AMA
15min 38,982 1,500,181 38.5 15.0 156,139 4.0 3.0 10.4%
30min 37,682 1,491,365 39.6 16.0 259,185 6.9 5.0 17.4%
60min 35,677 1,471,684 41.3 17.0 392,444 11.0 7.0 26.7%

r/Gaming
20min 13,398 1,739,720 129.8 22.0 70,939 5.3 4.0 4.1%
50min 12,882 1,735,771 134.7 24.0 143,475 11.1 7.0 8.3%
90min 12,413 1,730,833 139.4 25.0 237,263 19.1 9.0 13.7%

r/Futurology
30min 9,780 1,220,687 124.8 14.0 35,077 3.6 2.0 2.9%
90min 8,765 1,215,134 138.6 18.0 95,953 10.9 4.0 7.9%
180min 8,349 1,211,576 145.1 19.0 197,398 23.6 7.0 16.3%

A.2 Dataset Statistics.

Table 4 summarizes the dataset statistics for each benchmark subset after preprocessing and
observation-window filtering. Each row corresponds to one dataset under one early observation
window. The observation window specifies how much of each cascade is visible to the model before
prediction. For example, a 2min window for Bluesky means that only the first 2 minutes of each
cascade are observed, while a 15min window for r/AMA means that only the first 15 minutes are
observed.

The Dataset column indicates the benchmark subset, including Bluesky and the Reddit communities
r/AMA, r/Gaming, and r/Futurology. The Window column gives the length of the early observation
period. The Cascades column reports the number of cascades retained for that dataset and window.
Since cascades that have already completed before a given observation window are excluded, larger
windows may retain fewer cascades. Therefore, statistics are reported separately for each observation
window.

The Final columns describe the complete cascades after they have fully unfolded, up to the date of
data collection. These values represent the final cascade states used as prediction targets. Under
Final, Nodes reports the total number of nodes across all retained complete cascades, Avg. reports
the average number of final nodes per cascade, and Med. reports the median number of final nodes
per cascade.

The Early columns describe the observed cascade prefixes within the specified observation window.
These values represent the information available to the model at prediction time. Under Early, Nodes
reports the total number of nodes observed during the early window across all retained cascades, Avg.
reports the average number of observed nodes per cascade, and Med. reports the median number of
observed nodes per cascade.

Finally, the Early % of Final column reports the fraction of the complete cascade that is visible
within the observation window. It is computed by comparing the total number of early observed
nodes with the total number of final nodes for the same retained cascade set. Larger values indicate
that a greater portion of the final cascade is available to the model before prediction. Overall, the
table shows that longer observation windows provide more early cascade information, while often
reducing the number of retained cascades because completed cascades are filtered out.
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B Baseline Implementation Details

B.1 MLP.

MLP is a structure-agnostic baseline that represents each social cascade as a fixed vector rather than
a reply tree. For each observed cascade prefix, the model builds a cascade-level representation by
concatenating the initial root post’s feature vector, the mean feature vector over all observed posts,
and the thread-level context vector. Each post feature vector contains a projected text embedding
and two temporal features: time since the root post and time since the parent post. The thread-level
context contains thread-level metadata, including posting-time and follower count. The model passes
the resulting cascade representation through a shared multilayer perceptron where it predicts all 6
popularity targets. All targets are predicted in log-transformed space.

Hyperparameter Settings: The precomputed text embedding dimension is 384, and the projected
text embedding dimension is 32. The temporal features are log-transformed and standardized using
training-set statistics. The MLP has 2 layers of hidden dimensions 128, dropout is 0.3, and the output
dimension is 6, corresponding to the six popularity targets. Training uses Adam with learning rate
10−3, batch size 256, a maximum of 200 epochs and with early stopping patience 10.

B.2 DeepHawkes.

We implemented a DeepHawkes-style baseline [29] for cascade prediction. DeepHawkes represents
an information cascade as a set of diffusion paths and learns path-level representations that capture
user influence, self-excitation, and temporal decay in an end-to-end neural architecture. In our setting,
each MMG-Pop training instance corresponds to one social cascade, represented by the observed
root-to-node diffusion paths within the observation window.

Following the DeepHawkes formulation, each path is encoded as a sequence of user embeddings and
summarized with a recurrent encoder. To incorporate temporal effects, we assign each path to one of
10 recency bins according to the time of its final post relative to the end of the observation window.
The model learns a positive scalar weight for each recency bin, and the cascade representation is
obtained by a weighted aggregation of path representations. This preserves the main DeepHawkes
design while adapting it to the MMG-Pop cascade format.

Hyperparameter Settings: We use 50-dimensional user embeddings and a GRU hidden size of 32.
The prediction MLP has hidden dimensions 32 and 16 with ReLU activations and dropout rate 0.5.
The output dimension is 6, corresponding to the six prediction targets. Models are trained with Adam
using batch size 32, up to 200 epochs, early stopping patience 10, and weight decay 10−4. User
embeddings use learning rate 5× 10−4, while the remaining parameters use learning rate 5× 10−3.

B.3 DeepCas.

We implement DeepCas [30] as a path-based neural cascade encoder. Each cascade is represented
by random walks sampled from the observed early-window conversation tree, using only nodes and
edges available within the observation window. Each walk starts at the initial post of the social
cascade. During sampling, the walker either moves to a child node or jumps to another observed
node and where, both child transitions and jump targets are sampled using degree-based weights. If
the current node is a leaf, the walker performs a jump using the same weighting rule. The sampled
user sequences are mapped to a pretrained user-embedding vocabulary. The embeddings are trained
separately on a train-split global interaction graph constructed from reply links across all cascades in
the training set. In this graph, each directed weighted edge connects a replying user to the author
being replied to, and repeated reply interactions are aggregated as edge weights. This graph is used to
capture user-user interactions across the dataset, rather than within a single cascade. The pretrained
embeddings are then loaded into DeepCas and kept fixed during supervised training. Here, the model
is adjusted to predict all 6 popularity targets as a 6 dimension vector.

Hyperparameter Settings: We use K = 200 sampled walks, T = 10 steps per walk, pretrained
interaction-graph embeddings with dimension 128, GRU hidden dimension 128 per direction, random-
walk group size 5, two MLP hidden layers of size 128 with ReLU and dropout 0.4, and a 6-dimensional
output layer. Training uses Adam over trainable parameters only, learning rate 10−3, weight decay
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5× 10−4 batch size 256, maximum 200 epochs, early-stopping patience 10, and gradient clipping
with maximum norm 1.0.

B.4 CasSeqGCN.

CasSeqGCN [31] represents each cascade as a temporal sequence of graph snapshots constructed from
the observed early-window conversation tree. The original model combines structural and temporal
cascade information by first encoding each snapshot with graph convolution, then aggregating node
embeddings into a snapshot representation with dynamic routing, and finally processing the snapshot
sequence with an LSTM before prediction. Given this ordered sequence, snapshots are formed by
adding posts in fixed increments of Q = 5. We keep at most Kmax = 15 snapshots and force the
final snapshot to include the last observed post if it is not already included by the fixed stride. Thus,
each cascade is represented as a sequence of up to 15 partial graph snapshots. Here, the model is
adjusted to predict all 6 popularity targets as a 6 dimension vector.

Hyperparameter Settings: Node embedding dimension is 32, the snapshot embedding dimension is
32, the GCN hidden dimension is 32, the number of GCN layers is 2, the LSTM hidden dimension is
32, the number of LSTM layers is 2, the number of dynamic routing iterations is 3, and dropout is
0.5. For model selection, we search over learning rates {0.005, 0.01, 0.03, 0.05} separately for each
dataset/window. Each candidate is trained for at most 20 epochs with patience 5, and the candidate
with the lowest validation loss is selected for full training. Full training uses Adam with the selected
learning rate, weight decay 5× 10−5 batch size 256, at most 200 epochs, early-stopping patience 10,
gradient clipping with maximum norm 1.0.

B.5 GraphLSTM.

GraphLSTM [33] represents each cascade as a conversation tree. Each post is a node, and each reply
forms an edge from the parent post to the reply post. For every node, the model builds an input vector
by concatenating structural features with a mean-pooled text embedding. The structural features
describe the node’s timing and position in the observed tree. The text embedding summarizes the
post text using learned token embeddings. The model applies two graph-LSTM passes over the tree.
The forward pass uses information from the parent node and the previous sibling node. This gives
each node a representation of the conversation context that came before it. The backward pass uses
information from the first child node and the next sibling node. This gives each node a representation
of the response context that follows it. The forward and backward states are then concatenated to
obtain a context-aware representation for each node. To obtain a cascade-level representation, we
mean-pool the concatenated node states over all nodes in the tree. Here, the model is adjusted to
predict all 6 popularity targets as a 6 dimension vector.

Hyperparameter Settings: The token embedding dimension is 100, the graph-LSTM hidden
dimension is 128, the final MLP hidden dimension is 128, dropout is 0.3, the maximum post length is
100 tokens, the vocabulary minimum frequency is 10. Training uses AdamW with learning rate 10−3,
embedding learning rate 10−4, weight decay 10−5, batch size 256, a maximum of 200 epochs, early
stopping patience 10, and gradient clipping with maximum norm 1.0.

C Experimental Setup

C.1 MMG-PopNet Settings.

MMG-PopNet consists of three modality-specific components and a prediction head. We use
all-MiniLM-L6-v2 as the text encoder, CLIP ViT-B/32 as the vision encoder, and Graph-
SAGE [73] as the graph message-passing backbone.

Hyperparameter Settings: The text encoder all-MiniLM-L6-v2 produces a 384-dimensional rep-
resentation. This representation is mapped to a 32-dimensional text embedding using a two-layer pro-
jection network with hidden dimension 64 and dropout rate 0.15. All layers of all-MiniLM-L6-v2
are updated during training. The vision encoder CLIP ViT-B/32 produces a 512-dimensional rep-
resentation. This representation is mapped to a 64-dimensional image embedding using a linear
projection layer with dropout rate 0.3. During training, only the final layer of the CLIP vision encoder
is updated. The graph component uses a 3-layer GraphSAGE network with mean aggregation, hidden
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dimension 128, and dropout rate 0.3. The fused representation is passed to a two-layer MLP predic-
tion head with hidden dimension 128. The prediction head outputs a 6-dimensional vector, with one
output corresponding to each popularity target. We train MMG-PopNet using Adam with separate
learning rates for different parameter groups. The learning rate is 5× 10−6 for the text encoder, 10−6
for the trainable CLIP vision parameters, 10−3 for the image projection parameters, and 10−3 for the
GNN parameters. The image projection parameters use weight decay 10−2. Training uses variable
batch sizes with gradient accumulation to obtain an effective batch size of 256. The maximum number
of training epochs is 100, and early stopping is applied with patience 10. We use mixed-precision
training and clip gradients to a maximum norm of 0.5. The learning-rate schedule consists of linear
warmup followed by cosine decay, with warmup ratio 0.05 and minimum learning-rate factor 0.0.

C.2 Completed Cascade Exclusion.

Cascades that complete before the observation window are excluded from that setting to avoid trivial
prediction cases. For example, a cascade that ends after 8 minutes is excluded from the 10-minute
window because its observed prefix would already equal the final cascade.

C.3 Training Split and Compute Resources.

Dataset was divided into 80/10/10 splits of train, validation and test respectively. For computation, 4
× Nvidia L40s GPUs were used to train the MMG-PopNet to allow for handling the Out-of-Memory
issue due to large text content associated with long social cascades. To ensure fair comparison, all
models had an effective batch size of 256. Other representative baselines were trained on 1 L40s
GPU.

D Popularity Prediction Across Future Horizons

D.1 Popularity prediction of final cascade state under different early observation.

In addition to the MSE results reported in Table 2, we report R2 and Spearman rank correlation
results for the same final cascade state prediction setting. These two metrics offer complementary
perspectives on model performance, where R2 evaluates the exact predictive fit of the model’s
estimates against true values, while Spearman correlation assesses the rank-order agreement between
predicted and actual outcomes.

The R2 metric (coefficient of determination) measures the proportion of variance in the final cascade
states that can be explained by the early observation signals. A higher R2 score indicates that a
model’s numerical predictions tightly fit the actual popularity distributions. As shown in Table 5,
MMG-PopNet achieves the strongest overall performance, obtaining the highest average score for
every target metric. The gains are consistent across the Bluesky and Reddit datasets, indicating that
the model successfully explains social cascade variance across platforms with diverse dynamics.
Furthermore, the advantage is maintained across all early observation windows. In contrast, models
relying on narrower temporal or structural signals, such as DeepHawkes and DeepCas, show unstable
results with R2 values frequently approaching zero or dropping negative, meaning they fail to capture
the variance better than simply predicting the mean.

Conversely, the Spearman rank correlation evaluates how well a model preserves the relative ordering
of cascades, independent of absolute numerical errors. This is particularly important for downstream
applications where the goal is to identify which threads will become the most viral or structurally
complex. Table 6 demonstrates that MMG-PopNet consistently achieves the highest overall average
for every prediction task. While baselines like Graph-LSTM and MLP perform reasonably well at
ranking tasks compared to their R2 fit, they still fall short of MMG-PopNet. The strong Spearman
results confirm that MMG-PopNet’s multimodal design not only minimizes numerical error but
reliably orders final cascade outcomes, making it highly effective for trend identification across
heterogeneous platforms.
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Table 5: R2 results for final cascade state prediction under different early observation windows,
including STRUCTURAL TASKS (max width, max depth, structural virality, size), UNIQUE USERS,
and LIKE SCORE. Higher is better. Best values are bolded, and second-best values are underlined.

Task Model Bluesky r/AMA r/Gaming r/Futurology Avg
0 2 10 20 Avg 0 15 30 60 Avg 0 20 50 90 Avg 0 30 90 180 Avg

MAX WIDTH

MLP 0.322 0.368 0.452 0.482 0.406 0.069 0.259 0.341 0.398 0.267 0.058 0.366 0.530 0.617 0.393 -0.005 0.255 0.570 0.694 0.378 0.361
DeepHawkes -0.012 0.087 0.404 0.500 0.245 -0.001 0.223 0.344 0.470 0.259 -0.013 0.320 0.385 0.547 0.310 -0.042 0.087 0.269 0.475 0.197 0.253
DeepCas 0.063 0.002 0.000 0.000 0.016 -0.180 -0.062 -0.025 -0.030 -0.074 -0.267 -0.017 0.018 0.087 -0.045 0.035 0.087 0.265 0.262 0.162 0.015
CasSeqGCN 0.000 0.204 0.473 0.577 0.314 0.000 0.250 0.404 0.545 0.300 0.000 0.388 0.549 0.683 0.405 -0.011 0.301 0.581 0.755 0.406 0.356
Graph-LSTM 0.029 0.222 0.490 0.584 0.331 0.038 0.285 0.425 0.557 0.326 0.050 0.380 0.565 0.720 0.429 0.028 0.361 0.611 0.769 0.442 0.382
MMG-PopNet (Ours) 0.325 0.454 0.580 0.654 0.503 0.124 0.312 0.427 0.598 0.365 0.164 0.412 0.618 0.696 0.472 0.121 0.371 0.590 0.751 0.458 0.450

MAX DEPTH

MLP 0.022 0.049 0.188 0.258 0.129 0.031 0.186 0.299 0.386 0.226 0.008 0.194 0.387 0.444 0.258 -0.017 0.170 0.434 0.537 0.281 0.224
DeepHawkes -0.008 0.015 0.055 0.177 0.060 -0.003 0.146 0.214 0.256 0.153 0.002 0.163 0.228 0.315 0.177 -0.034 0.027 0.159 0.319 0.118 0.127
DeepCas 0.009 0.000 -0.000 0.001 0.002 -0.316 -0.143 -0.061 -0.032 -0.138 -0.664 -0.180 -0.109 -0.017 -0.243 -0.023 0.050 0.197 0.215 0.110 -0.067
CasSeqGCN 0.000 0.045 0.193 0.293 0.133 0.000 0.143 0.295 0.402 0.210 -0.001 0.146 0.294 0.373 0.203 -0.006 0.182 0.380 0.517 0.268 0.203
Graph-LSTM 0.001 0.067 0.217 0.333 0.155 0.015 0.194 0.330 0.455 0.248 -0.020 0.168 0.401 0.518 0.267 0.021 0.223 0.417 0.514 0.294 0.241
MMG-PopNet (Ours) 0.003 0.106 0.251 0.345 0.176 0.042 0.219 0.318 0.466 0.261 0.033 0.205 0.427 0.523 0.297 0.112 0.282 0.447 0.571 0.353 0.272

STRUCTURAL
VIRALITY

MLP 0.063 0.092 0.215 0.274 0.161 0.037 0.211 0.328 0.430 0.252 -0.007 0.184 0.370 0.468 0.254 -0.070 0.160 0.430 0.539 0.265 0.233
DeepHawkes -0.007 0.021 0.087 0.241 0.085 -0.007 0.170 0.236 0.283 0.170 -0.001 0.111 0.112 0.252 0.118 -0.027 0.002 0.126 0.244 0.086 0.115
DeepCas 0.016 -0.000 -0.000 0.001 0.004 -0.632 -0.257 -0.099 -0.078 -0.267 -1.780 -0.613 -0.490 -0.260 -0.786 -0.091 -0.025 0.079 0.139 0.026 -0.256
CasSeqGCN 0.000 0.056 0.214 0.309 0.145 -0.001 0.170 0.329 0.461 0.240 0.000 0.098 0.211 0.288 0.149 -0.004 0.171 0.350 0.515 0.258 0.198
Graph-LSTM 0.001 0.075 0.224 0.340 0.160 0.016 0.209 0.359 0.505 0.272 -0.079 0.127 0.361 0.521 0.232 0.001 0.195 0.407 0.498 0.275 0.235
MMG-PopNet (Ours) 0.015 0.142 0.273 0.360 0.198 0.023 0.251 0.343 0.508 0.281 -0.025 0.151 0.389 0.513 0.257 0.067 0.251 0.437 0.564 0.330 0.266

SIZE

MLP 0.211 0.260 0.369 0.415 0.314 0.063 0.274 0.380 0.455 0.293 0.039 0.334 0.529 0.616 0.380 -0.009 0.231 0.560 0.717 0.375 0.340
DeepHawkes -0.021 0.072 0.298 0.433 0.196 -0.003 0.247 0.371 0.498 0.278 -0.018 0.299 0.377 0.550 0.302 -0.066 0.061 0.214 0.486 0.174 0.237
DeepCas 0.055 0.002 0.000 0.001 0.015 -0.288 -0.116 -0.044 -0.053 -0.125 -0.406 -0.061 -0.021 0.081 -0.102 0.018 0.076 0.270 0.288 0.163 -0.012
CasSeqGCN 0.000 0.147 0.374 0.478 0.250 0.000 0.250 0.407 0.558 0.304 -0.001 0.333 0.516 0.657 0.376 -0.013 0.260 0.536 0.742 0.381 0.328
Graph-LSTM 0.024 0.168 0.397 0.494 0.271 0.035 0.285 0.433 0.575 0.332 0.033 0.325 0.531 0.693 0.395 0.031 0.320 0.566 0.750 0.417 0.354
MMG-PopNet (Ours) 0.199 0.334 0.466 0.549 0.387 0.118 0.325 0.433 0.615 0.373 0.129 0.373 0.601 0.687 0.448 0.135 0.360 0.588 0.752 0.459 0.416

UNIQUE
USERS

MLP 0.357 0.402 0.482 0.515 0.439 0.070 0.249 0.327 0.389 0.259 0.048 0.340 0.523 0.617 0.382 -0.003 0.230 0.551 0.710 0.372 0.363
DeepHawkes -0.016 0.087 0.392 0.487 0.237 -0.001 0.209 0.322 0.459 0.247 -0.015 0.296 0.368 0.536 0.296 -0.044 0.064 0.238 0.492 0.188 0.242
DeepCas 0.078 0.002 0.000 0.001 0.020 -0.231 -0.086 -0.034 -0.048 -0.100 -0.329 -0.021 -0.006 0.090 -0.067 0.028 0.074 0.268 0.280 0.163 0.004
CasSeqGCN 0.000 0.191 0.454 0.559 0.301 0.000 0.231 0.373 0.521 0.281 0.000 0.346 0.515 0.660 0.380 -0.011 0.258 0.538 0.745 0.383 0.336
Graph-LSTM 0.031 0.225 0.491 0.590 0.334 0.039 0.272 0.399 0.532 0.310 0.040 0.339 0.534 0.697 0.402 0.028 0.325 0.568 0.741 0.415 0.366
MMG-PopNet (Ours) 0.354 0.470 0.582 0.648 0.513 0.119 0.300 0.400 0.576 0.349 0.144 0.384 0.602 0.690 0.455 0.129 0.356 0.584 0.751 0.455 0.443

LIKE SCORE

MLP 0.477 0.482 0.500 0.508 0.492 0.059 0.105 0.134 0.165 0.116 0.092 0.099 0.204 0.306 0.175 0.041 0.094 0.332 0.406 0.218 0.250
DeepHawkes -0.010 0.043 0.198 0.260 0.123 -0.002 0.017 0.057 0.073 0.036 -0.006 0.013 0.048 0.087 0.035 -0.022 -0.021 0.006 0.158 0.030 0.056
DeepCas 0.060 0.002 0.000 0.001 0.016 -0.006 0.005 0.006 -0.005 0.000 -0.025 0.017 0.036 0.066 0.024 0.150 0.141 0.247 0.222 0.190 0.057
CasSeqGCN 0.000 0.096 0.242 0.303 0.160 -0.001 0.020 0.061 0.085 0.041 0.000 0.013 0.036 0.106 0.039 -0.006 0.020 0.107 0.206 0.082 0.081
Graph-LSTM 0.016 0.128 0.286 0.359 0.197 0.052 0.087 0.104 0.134 0.094 0.080 0.101 0.155 0.275 0.153 0.074 0.199 0.286 0.303 0.215 0.165
MMG-PopNet (Ours) 0.497 0.566 0.591 0.621 0.569 0.087 0.156 0.218 0.281 0.185 0.183 0.250 0.313 0.393 0.285 0.258 0.318 0.471 0.564 0.403 0.360

Description: The R2 metric indicates the proportion of variance in the final popularity outcomes
that the models successfully explain. MMG-PopNet consistently outperforms all baselines, achieving
the highest average scores across structural, user, and engagement prediction targets. Notably,
traditional baselines like DeepCas and DeepHawkes struggle significantly, often yielding near-zero
or negative values, while MMG-PopNet maintains a robust predictive fit regardless of the observation
horizon.

D.2 Popularity Prediction of Cascade States at Future Horizon

We provide the full future-horizon prediction results in Tables 7, 8, 9, and 10. These tables extend the
main results by reporting all target variables across all datasets, observation windows, and prediction
horizons. In addition to the intermediate horizons {4h, 8h, 16h, 24h}, we also report prediction error
for the final cascade state. Thus, in this setting, each observed prefix Gt can produce multiple
supervised instances, where each instance pairs the same prefix with a different target state Yt′

G. To
specify which future state is being predicted, we append a one-hot encoding of the target horizon to
the input representation. This training setup differs from terminal-state-only prediction because each
model receives supervision from both intermediate cascade states and the final state. The learned
representation is therefore shaped by multiple stages of cascade evolution rather than only by the
terminal outcome.

If a cascade has already terminated before a given horizon, the corresponding intermediate target is
unavailable and is excluded from that horizon-specific training and evaluation set. The final-state
target differs from the fixed intermediate horizons because it is defined for every completed cascade.
For this reason, the final-state MSE can be lower than the error at longer horizons such as 16h or
24h. Some cascades terminate before those later horizons, so their final state occurs earlier than the
fixed horizon and is easier to infer from the observed prefix. This effect should be considered when
comparing the final-state column with the 16h and 24h columns.
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Table 6: Spearman results for final cascade state prediction under different early observation windows,
including STRUCTURAL TASKS (max width, max depth, structural virality, size), UNIQUE USERS,
and LIKE SCORE. Higher is better. Best values are bolded, and second-best values are underlined.

Task Model Bluesky r/AMA r/Gaming r/Futurology Avg
0 2 10 20 Avg 0 15 30 60 Avg 0 20 50 90 Avg 0 30 90 180 Avg

MAX WIDTH

MLP 0.523 0.538 0.585 0.610 0.564 0.274 0.517 0.611 0.651 0.513 0.244 0.597 0.710 0.770 0.580 0.153 0.519 0.729 0.798 0.550 0.552
DeepHawkes 0.030 0.238 0.524 0.553 0.336 -0.006 0.507 0.636 0.728 0.466 0.004 0.552 0.690 0.773 0.505 -0.035 0.409 0.615 0.731 0.430 0.434
DeepCas 0.083 0.105 0.087 0.084 0.090 0.023 0.126 0.140 0.140 0.107 0.158 0.244 0.246 0.306 0.238 0.220 0.359 0.523 0.569 0.418 0.213
CasSeqGCN 0.000 0.319 0.546 0.653 0.380 0.000 0.515 0.670 0.760 0.486 0.000 0.609 0.749 0.819 0.544 0.000 0.573 0.755 0.865 0.548 0.490
Graph-LSTM 0.163 0.335 0.553 0.646 0.424 0.197 0.536 0.677 0.771 0.545 0.221 0.605 0.781 0.846 0.613 0.192 0.598 0.774 0.854 0.605 0.547
MMG-PopNet (Ours) 0.534 0.589 0.667 0.714 0.626 0.366 0.578 0.681 0.779 0.601 0.430 0.652 0.783 0.838 0.676 0.410 0.634 0.771 0.855 0.667 0.643

MAX DEPTH

MLP 0.130 0.180 0.367 0.467 0.286 0.172 0.428 0.553 0.622 0.444 0.121 0.449 0.623 0.662 0.464 0.122 0.413 0.648 0.718 0.475 0.417
DeepHawkes 0.007 0.106 0.217 0.360 0.172 -0.025 0.398 0.503 0.556 0.358 0.012 0.418 0.582 0.637 0.412 -0.057 0.330 0.530 0.688 0.373 0.329
DeepCas 0.038 0.037 0.044 0.059 0.044 0.057 0.126 0.135 0.139 0.114 0.081 0.161 0.164 0.230 0.159 0.196 0.304 0.464 0.491 0.364 0.170
CasSeqGCN 0.000 0.176 0.353 0.492 0.255 0.000 0.388 0.542 0.626 0.389 0.000 0.386 0.556 0.611 0.388 0.000 0.402 0.613 0.705 0.430 0.366
Graph-LSTM 0.114 0.207 0.423 0.531 0.319 0.134 0.425 0.571 0.670 0.450 0.115 0.417 0.637 0.719 0.472 0.164 0.469 0.656 0.706 0.499 0.435
MMG-PopNet (Ours) 0.194 0.279 0.452 0.546 0.368 0.255 0.469 0.583 0.681 0.497 0.257 0.473 0.667 0.724 0.530 0.395 0.543 0.663 0.745 0.587 0.495

STRUCTURAL
VIRALITY

MLP 0.278 0.314 0.449 0.507 0.387 0.190 0.465 0.592 0.666 0.478 0.131 0.440 0.616 0.675 0.465 0.128 0.422 0.664 0.737 0.488 0.455
DeepHawkes 0.013 0.163 0.346 0.478 0.250 -0.026 0.439 0.556 0.621 0.398 0.001 0.395 0.550 0.590 0.384 -0.051 0.346 0.535 0.683 0.378 0.352
DeepCas 0.049 0.060 0.062 0.076 0.062 0.052 0.128 0.147 0.137 0.116 0.081 0.154 0.151 0.215 0.150 0.207 0.308 0.459 0.486 0.365 0.173
CasSeqGCN 0.000 0.225 0.413 0.533 0.293 0.000 0.431 0.590 0.682 0.426 0.000 0.359 0.520 0.569 0.362 0.000 0.424 0.629 0.729 0.446 0.382
Graph-LSTM 0.128 0.236 0.445 0.539 0.337 0.149 0.456 0.609 0.712 0.481 0.088 0.389 0.626 0.726 0.457 0.178 0.482 0.674 0.715 0.512 0.447
MMG-PopNet (Ours) 0.303 0.372 0.496 0.574 0.436 0.276 0.508 0.618 0.721 0.531 0.239 0.476 0.668 0.733 0.529 0.405 0.538 0.684 0.761 0.597 0.523

SIZE

MLP 0.393 0.421 0.518 0.566 0.475 0.253 0.527 0.641 0.698 0.530 0.207 0.584 0.721 0.775 0.572 0.137 0.495 0.732 0.814 0.544 0.530
DeepHawkes 0.024 0.213 0.454 0.550 0.310 -0.013 0.522 0.658 0.758 0.481 0.009 0.550 0.712 0.788 0.515 -0.042 0.394 0.619 0.760 0.433 0.435
DeepCas 0.071 0.084 0.079 0.088 0.080 0.041 0.141 0.157 0.151 0.122 0.151 0.237 0.232 0.307 0.232 0.222 0.344 0.524 0.573 0.416 0.213
CasSeqGCN 0.000 0.280 0.477 0.588 0.336 0.000 0.512 0.663 0.763 0.485 0.000 0.575 0.741 0.805 0.530 0.000 0.525 0.731 0.847 0.526 0.469
Graph-LSTM 0.146 0.297 0.500 0.590 0.383 0.197 0.534 0.676 0.778 0.546 0.197 0.567 0.768 0.833 0.591 0.190 0.566 0.752 0.832 0.585 0.526
MMG-PopNet (Ours) 0.415 0.473 0.575 0.638 0.525 0.359 0.581 0.681 0.788 0.602 0.401 0.624 0.779 0.833 0.659 0.418 0.618 0.762 0.845 0.661 0.612

UNIQUE
USERS

MLP 0.562 0.574 0.615 0.638 0.597 0.278 0.515 0.611 0.652 0.514 0.229 0.586 0.712 0.774 0.575 0.156 0.495 0.718 0.805 0.543 0.557
DeepHawkes 0.042 0.222 0.499 0.517 0.320 -0.009 0.510 0.635 0.728 0.466 0.006 0.546 0.692 0.773 0.504 -0.033 0.390 0.602 0.751 0.427 0.429
DeepCas 0.075 0.104 0.085 0.084 0.087 0.028 0.132 0.145 0.141 0.111 0.169 0.258 0.253 0.326 0.252 0.218 0.342 0.524 0.576 0.415 0.216
CasSeqGCN 0.000 0.289 0.514 0.612 0.354 0.000 0.512 0.659 0.750 0.480 0.000 0.589 0.741 0.809 0.535 0.000 0.524 0.722 0.850 0.524 0.473
Graph-LSTM 0.172 0.344 0.560 0.646 0.430 0.199 0.530 0.668 0.762 0.540 0.209 0.584 0.774 0.840 0.602 0.189 0.566 0.751 0.824 0.582 0.539
MMG-PopNet (Ours) 0.569 0.616 0.675 0.707 0.642 0.370 0.574 0.669 0.767 0.595 0.422 0.641 0.780 0.836 0.670 0.422 0.619 0.758 0.843 0.660 0.642

LIKE SCORE

MLP 0.680 0.682 0.690 0.694 0.686 0.232 0.266 0.262 0.270 0.258 0.249 0.258 0.366 0.444 0.329 0.219 0.298 0.524 0.548 0.397 0.418
DeepHawkes 0.057 0.165 0.376 0.372 0.242 -0.014 0.050 0.095 0.110 0.060 -0.020 0.010 0.112 0.184 0.072 -0.002 0.151 0.213 0.317 0.170 0.136
DeepCas 0.091 0.112 0.093 0.089 0.096 0.039 0.068 0.133 0.101 0.085 0.086 0.156 0.186 0.255 0.171 0.411 0.418 0.459 0.456 0.436 0.197
CasSeqGCN 0.000 0.205 0.382 0.451 0.260 0.000 0.038 0.083 0.103 0.056 0.000 0.015 0.088 0.177 0.070 0.000 0.140 0.258 0.369 0.192 0.144
Graph-LSTM 0.127 0.275 0.441 0.520 0.341 0.189 0.207 0.208 0.246 0.212 0.298 0.292 0.343 0.433 0.342 0.280 0.462 0.543 0.445 0.433 0.332
MMG-PopNet (Ours) 0.711 0.750 0.765 0.776 0.750 0.251 0.308 0.347 0.356 0.316 0.397 0.432 0.489 0.525 0.461 0.532 0.575 0.689 0.726 0.630 0.539

Description: The Spearman rank correlation evaluates the models’ ability to accurately preserve the
relative ordinal ranking of cascades based on their final states. MMG-PopNet achieves the highest
average correlation across all tasks and platforms, demonstrating superior capability in ranking future
popularity trends. While sequence-based models like Graph-LSTM provide competitive baseline
rankings, MMG-PopNet’s multimodal approach captures complementary signals that result in more
reliable and consistent cascade orderings.

For engagement target LIKE SCORE, ground truth is available only at the final cascade state. Con-
sequently, those targets are evaluated only in the Final column and are marked as unavailable at
intermediate horizons.

Across the four datasets, MMG-PopNet achieves the lowest MSE in most settings across the popularity
targets. It consistently outperforms the structure-only baselines such as DeepCas and DeepHawkes,
and this underscores the necessity of multimodal representations for capturing both the semantic and
structural dynamics that influence a social cascade. A notable pattern is that MLP is often competitive
for intermediate horizons and sometimes obtains the best result. This is particularly visible under
root-only inputs and shorter forecasting horizons, where a fixed cascade-level representation can
capture much of the available predictive signal.

The MLP baseline uses the root-post features, the mean representation of observed posts, and thread-
level metadata, so its strong performance indicates that early content, aggregate response features,
posting context, and author-level context are highly informative for near-term cascade growth. This
result also shows that complex structural encoders are not always necessary when the target horizon
is close to the observation window or when little cascade topology is available.

Graph-LSTM and CasSeqGCN form the strongest structure-aware baselines in many settings. They
are especially competitive when longer observation windows expose more of the reply tree, and their
strongest results occur for MAX DEPTH and STRUCTURAL VIRALITY.
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Overall, the appendix results support the trends reported in the main section while adding a more
detailed view across targets.

Table 7: Bluesky future-horizon prediction MSE across observation windows and popularity targets.
Lower is better. Best values are bolded and second-best values are underlined. Column groups
correspond to Root Only, 2 min, 10 min, and 20 min observation windows, and columns within each
group report prediction error at {4h, 8h, 16h, 24h} and at the final cascade state. LIKE SCORE is
reported only for the final state because its intermediate-horizon labels are unavailable.

Task Model Root Only 2 min 10 min 20 min

4h 8h 16h 24h Final 4h 8h 16h 24h Final 4h 8h 16h 24h Final 4h 8h 16h 24h Final

MAX WIDTH

MLP 0.472 0.570 0.694 0.800 0.458 0.410 0.499 0.620 0.721 0.429 0.318 0.398 0.497 0.584 0.373 0.291 0.364 0.454 0.532 0.348
DeepHawkes 0.809 0.999 1.262 1.444 0.728 0.683 0.856 1.087 1.270 0.634 0.369 0.494 0.661 0.786 0.436 0.261 0.347 0.462 0.549 0.330
DeepCas 0.707 0.864 1.051 1.198 0.628 0.787 0.968 1.175 1.320 0.675 0.790 0.967 1.174 1.323 0.676 0.790 0.968 1.173 1.320 0.677
CasSeqGCN 0.789 0.969 1.173 1.317 0.676 0.538 0.666 0.831 0.974 0.542 0.289 0.390 0.508 0.619 0.360 0.211 0.296 0.398 0.493 0.292
Graph-LSTM 0.751 0.905 1.083 1.217 0.660 0.517 0.632 0.778 0.886 0.523 0.284 0.382 0.498 0.599 0.354 0.212 0.293 0.386 0.474 0.288
MMG-PopNet 0.472 0.559 0.667 0.762 0.448 0.383 0.447 0.532 0.612 0.386 0.257 0.320 0.404 0.478 0.295 0.199 0.256 0.327 0.394 0.243

MAX DEPTH

MLP 0.498 0.504 0.558 0.565 0.356 0.450 0.459 0.510 0.527 0.347 0.348 0.358 0.410 0.428 0.295 0.301 0.323 0.380 0.400 0.268
DeepHawkes 0.596 0.612 0.679 0.689 0.403 0.560 0.556 0.615 0.626 0.384 0.428 0.472 0.501 0.562 0.340 0.404 0.414 0.467 0.483 0.334
DeepCas 0.558 0.575 0.638 0.646 0.362 0.575 0.595 0.662 0.671 0.371 0.578 0.594 0.663 0.673 0.364 0.576 0.594 0.663 0.673 0.364
CasSeqGCN 0.576 0.594 0.663 0.672 0.365 0.491 0.504 0.566 0.583 0.351 0.355 0.368 0.424 0.444 0.300 0.300 0.317 0.373 0.391 0.261
Graph-LSTM 0.554 0.565 0.622 0.627 0.364 0.470 0.478 0.532 0.545 0.341 0.337 0.350 0.400 0.418 0.279 0.287 0.306 0.359 0.375 0.246
MMG-PopNet 0.485 0.493 0.541 0.542 0.379 0.421 0.421 0.460 0.468 0.329 0.328 0.334 0.374 0.386 0.279 0.278 0.291 0.336 0.346 0.240

STRUCTURAL
VIRALITY

MLP 0.259 0.257 0.282 0.284 0.147 0.232 0.232 0.256 0.264 0.143 0.181 0.184 0.210 0.219 0.123 0.157 0.166 0.193 0.206 0.113
DeepHawkes 0.324 0.324 0.355 0.357 0.174 0.302 0.296 0.326 0.330 0.170 0.224 0.244 0.257 0.291 0.141 0.210 0.211 0.238 0.247 0.135
DeepCas 0.307 0.308 0.337 0.338 0.155 0.317 0.320 0.349 0.349 0.159 0.318 0.319 0.349 0.350 0.157 0.318 0.319 0.349 0.350 0.157
CasSeqGCN 0.317 0.319 0.349 0.349 0.157 0.265 0.266 0.295 0.303 0.150 0.189 0.195 0.223 0.236 0.126 0.160 0.168 0.195 0.208 0.111
Graph-LSTM 0.306 0.304 0.328 0.327 0.158 0.256 0.256 0.280 0.287 0.146 0.182 0.187 0.212 0.222 0.118 0.152 0.163 0.189 0.199 0.105
MMG-PopNet 0.257 0.255 0.276 0.274 0.161 0.220 0.216 0.234 0.240 0.137 0.172 0.174 0.193 0.201 0.116 0.147 0.153 0.175 0.183 0.102

SIZE

MLP 0.842 0.957 1.123 1.238 0.694 0.726 0.833 0.992 1.113 0.655 0.542 0.639 0.778 0.885 0.557 0.475 0.577 0.711 0.817 0.512
DeepHawkes 1.262 1.490 1.816 2.007 0.967 1.084 1.261 1.545 1.740 0.852 0.630 0.802 0.991 1.169 0.626 0.520 0.619 0.782 0.894 0.518
DeepCas 1.129 1.315 1.561 1.718 0.830 1.232 1.447 1.717 1.870 0.878 1.236 1.448 1.717 1.876 0.881 1.236 1.448 1.717 1.874 0.881
CasSeqGCN 1.237 1.448 1.717 1.874 0.881 0.890 1.041 1.253 1.420 0.752 0.529 0.652 0.819 0.958 0.552 0.408 0.519 0.668 0.800 0.463
Graph-LSTM 1.173 1.348 1.568 1.705 0.865 0.857 0.990 1.175 1.302 0.731 0.509 0.629 0.784 0.910 0.532 0.404 0.512 0.648 0.761 0.454
MMG-PopNet 0.829 0.936 1.075 1.169 0.704 0.690 0.762 0.865 0.957 0.605 0.482 0.558 0.669 0.760 0.483 0.387 0.464 0.567 0.657 0.408

UNIQUE
USERS

MLP 0.511 0.606 0.735 0.843 0.464 0.445 0.531 0.660 0.762 0.435 0.345 0.425 0.528 0.621 0.376 0.310 0.384 0.477 0.562 0.348
DeepHawkes 0.907 1.119 1.417 1.620 0.782 0.761 0.944 1.203 1.400 0.678 0.424 0.560 0.746 0.887 0.467 0.312 0.405 0.537 0.637 0.361
DeepCas 0.780 0.948 1.156 1.320 0.660 0.886 1.082 1.319 1.484 0.721 0.890 1.082 1.319 1.489 0.723 0.892 1.084 1.318 1.486 0.724
CasSeqGCN 0.890 1.085 1.319 1.486 0.723 0.615 0.754 0.941 1.097 0.591 0.339 0.446 0.579 0.699 0.397 0.252 0.341 0.455 0.564 0.324
Graph-LSTM 0.845 1.008 1.208 1.355 0.704 0.586 0.709 0.874 0.991 0.558 0.326 0.430 0.557 0.668 0.375 0.245 0.330 0.434 0.532 0.305
MMG-PopNet 0.510 0.594 0.703 0.798 0.454 0.432 0.495 0.583 0.665 0.397 0.301 0.366 0.455 0.537 0.313 0.235 0.293 0.367 0.444 0.258

LIKE
SCORE

MLP – – – – 1.312 – – – – 1.299 – – – – 1.260 – – – – 1.225
DeepHawkes – – – – 2.533 – – – – 2.398 – – – – 2.114 – – – – 1.898
DeepCas – – – – 2.347 – – – – 2.502 – – – – 2.510 – – – – 2.514
CasSeqGCN – – – – 2.509 – – – – 2.280 – – – – 1.904 – – – – 1.756
Graph-LSTM – – – – 2.469 – – – – 2.205 – – – – 1.839 – – – – 1.649
MMG-PopNet – – – – 1.294 – – – – 1.140 – – – – 1.069 – – – – 1.006

Description: The results demonstrate that MMG-PopNet consistently achieves the lowest prediction
error across all targets. The data reveals a steep drop in MSE as the observation window expands
from 0 minutes ("Root Only") to 20 minutes, highlighting the value of early engagement data.
Notably, while baseline models like DeepHawkes and DeepCas struggle significantly where they
frequently exceed an MSE of 1.0 on taregts SIZE and UNIQUE USERS. Here, MMG-PopNet
maintains a substantial advantage over these targets.

D.3 Statistical Significance.

To rigorously assess whether MMG-PopNet’s improvements over baseline models reflect genuine
performance gains rather than sampling variability, we conduct a formal statistical significance
analysis on the target SIZE for the final cascade state. For each dataset, we use the largest available
observation window as the input context. This corresponds to 20 min for Bluesky, 90 min for
Gaming, 60 min for AMA, and 180 min for Futurology. The largest observation window provides
each model with the richest possible input signal, making it the most demanding and representative
setting in which to compare methods, as any advantage held by MMG-PopNet cannot be attributed
to information asymmetry. We apply a paired bootstrap significance test [74] (5,000 resamples) in
log1p-MSE space. The test is paired because all models predict the same set of cascades, matched
by cascade identifier, and this pairing removes between-cascade variance. Errors are computed in
log1p space similar to other experiments. For each test cascade G ∈ GTest, the ground-truth target
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Table 8: r/AMA future-horizon prediction MSE across observation windows and popularity targets.
Lower is better. Best values are bolded and second-best values are underlined. Column groups
correspond to Root Only, 15 min, 30 min, and 60 min observation windows, and columns within
each group report prediction error at {4h, 8h, 16h, 24h} and at the final cascade state. LIKE SCORE
is reported only for the final state because its intermediate-horizon labels are unavailable.

Task Model Root Only 15 min 30 min 60 min

4h 8h 16h 24h Final 4h 8h 16h 24h Final 4h 8h 16h 24h Final 4h 8h 16h 24h Final

MAX WIDTH

MLP 0.545 0.647 0.807 0.960 0.670 0.383 0.478 0.622 0.743 0.533 0.324 0.425 0.565 0.687 0.493 0.264 0.343 0.463 0.552 0.407
DeepHawkes 0.609 0.719 0.908 1.079 0.717 0.419 0.511 0.666 0.803 0.546 0.366 0.464 0.631 0.777 0.514 0.207 0.295 0.428 0.553 0.361
DeepCas 0.790 0.900 1.066 1.228 0.898 0.627 0.724 0.887 1.068 0.744 0.660 0.784 1.007 1.139 0.796 0.581 0.692 0.862 1.001 0.707
CasSeqGCN 0.606 0.714 0.891 1.057 0.714 0.393 0.492 0.655 0.798 0.528 0.273 0.386 0.533 0.652 0.447 0.155 0.236 0.346 0.436 0.307
Graph-LSTM 0.574 0.671 0.836 0.984 0.681 0.359 0.467 0.626 0.756 0.507 0.260 0.375 0.524 0.657 0.438 0.173 0.259 0.373 0.470 0.316
MMG-PopNet 0.536 0.630 0.787 0.947 0.663 0.348 0.440 0.579 0.694 0.491 0.259 0.359 0.489 0.586 0.426 0.153 0.223 0.318 0.392 0.285

MAX DEPTH

MLP 0.371 0.364 0.364 0.361 0.321 0.280 0.286 0.289 0.294 0.268 0.223 0.224 0.225 0.234 0.228 0.161 0.179 0.187 0.198 0.199
DeepHawkes 0.394 0.388 0.388 0.390 0.334 0.326 0.321 0.316 0.321 0.287 0.304 0.282 0.275 0.293 0.274 0.212 0.223 0.227 0.242 0.231
DeepCas 0.556 0.535 0.523 0.511 0.514 0.420 0.401 0.389 0.392 0.365 0.436 0.410 0.409 0.400 0.372 0.378 0.375 0.361 0.366 0.339
CasSeqGCN 0.394 0.388 0.384 0.384 0.328 0.299 0.298 0.299 0.309 0.273 0.224 0.226 0.230 0.243 0.224 0.151 0.168 0.175 0.188 0.187
Graph-LSTM 0.381 0.376 0.368 0.366 0.323 0.278 0.285 0.289 0.295 0.263 0.221 0.225 0.228 0.250 0.223 0.148 0.166 0.175 0.192 0.186
MMG-PopNet 0.378 0.369 0.355 0.351 0.330 0.268 0.275 0.275 0.284 0.262 0.207 0.207 0.210 0.218 0.215 0.133 0.149 0.156 0.170 0.177

STRUCTURAL
VIRALITY

MLP 0.171 0.158 0.151 0.141 0.130 0.125 0.121 0.118 0.114 0.106 0.101 0.095 0.090 0.093 0.090 0.071 0.075 0.073 0.074 0.075
DeepHawkes 0.184 0.170 0.162 0.154 0.137 0.150 0.139 0.130 0.125 0.114 0.142 0.121 0.114 0.120 0.111 0.091 0.092 0.089 0.094 0.089
DeepCas 0.291 0.269 0.248 0.229 0.247 0.215 0.190 0.170 0.162 0.164 0.237 0.208 0.198 0.180 0.181 0.191 0.174 0.156 0.150 0.146
CasSeqGCN 0.184 0.170 0.160 0.150 0.134 0.137 0.128 0.122 0.119 0.108 0.101 0.094 0.092 0.098 0.088 0.065 0.069 0.067 0.072 0.069
Graph-LSTM 0.177 0.164 0.153 0.144 0.132 0.126 0.122 0.120 0.115 0.105 0.104 0.098 0.094 0.104 0.091 0.063 0.068 0.066 0.072 0.068
MMG-PopNet 0.179 0.165 0.147 0.138 0.139 0.121 0.117 0.112 0.110 0.105 0.094 0.087 0.085 0.088 0.087 0.060 0.063 0.061 0.065 0.066

SIZE

MLP 0.838 0.934 1.110 1.265 0.923 0.553 0.661 0.827 0.960 0.714 0.443 0.551 0.687 0.828 0.631 0.331 0.433 0.559 0.661 0.511
DeepHawkes 0.940 1.051 1.254 1.434 0.987 0.639 0.732 0.896 1.049 0.739 0.553 0.627 0.785 0.963 0.670 0.273 0.384 0.534 0.696 0.456
DeepCas 1.398 1.472 1.634 1.792 1.460 0.996 1.073 1.236 1.435 1.057 1.089 1.189 1.411 1.538 1.139 0.934 1.051 1.218 1.374 1.011
CasSeqGCN 0.937 1.045 1.235 1.407 0.980 0.607 0.711 0.888 1.049 0.726 0.418 0.540 0.691 0.835 0.596 0.226 0.331 0.447 0.560 0.413
Graph-LSTM 0.887 0.985 1.149 1.300 0.942 0.544 0.666 0.842 0.981 0.693 0.409 0.539 0.686 0.860 0.595 0.261 0.367 0.487 0.605 0.436
MMG-PopNet 0.832 0.919 1.075 1.242 0.925 0.517 0.617 0.768 0.897 0.668 0.383 0.487 0.618 0.732 0.565 0.209 0.298 0.398 0.490 0.378

UNIQUE
USERS

MLP 0.529 0.661 0.857 1.037 0.663 0.372 0.495 0.669 0.817 0.532 0.317 0.440 0.612 0.767 0.502 0.251 0.351 0.497 0.600 0.410
DeepHawkes 0.590 0.737 0.966 1.165 0.712 0.411 0.531 0.718 0.887 0.546 0.358 0.484 0.687 0.870 0.529 0.198 0.303 0.462 0.603 0.370
DeepCas 0.800 0.937 1.129 1.306 0.937 0.612 0.739 0.938 1.140 0.747 0.658 0.811 1.072 1.238 0.818 0.554 0.694 0.896 1.057 0.714
CasSeqGCN 0.586 0.731 0.951 1.145 0.706 0.396 0.527 0.723 0.897 0.537 0.290 0.425 0.606 0.765 0.470 0.161 0.257 0.389 0.499 0.321
Graph-LSTM 0.556 0.687 0.886 1.059 0.677 0.352 0.488 0.677 0.834 0.510 0.273 0.410 0.589 0.759 0.460 0.184 0.286 0.426 0.539 0.338
MMG-PopNet 0.523 0.650 0.839 1.027 0.665 0.344 0.459 0.624 0.765 0.494 0.267 0.384 0.541 0.671 0.441 0.160 0.241 0.356 0.445 0.298

LIKE
SCORE

MLP – – – – 1.367 – – – – 1.316 – – – – 1.283 – – – – 1.204
DeepHawkes – – – – 1.441 – – – – 1.406 – – – – 1.430 – – – – 1.338
DeepCas – – – – 1.468 – – – – 1.422 – – – – 1.497 – – – – 1.419
CasSeqGCN – – – – 1.436 – – – – 1.405 – – – – 1.403 – – – – 1.305
Graph-LSTM – – – – 1.359 – – – – 1.350 – – – – 1.389 – – – – 1.281
MMG-PopNet – – – – 1.403 – – – – 1.281 – – – – 1.239 – – – – 1.086

Description: While MMG-PopNet establishes dominance in long horizon predictions and larger
observation windows, the data reveals a unique trend in the "Root Only" setting where the simpler
MLP model frequently matches or outperforms complex graph models in predicting MAX DEPTH
and STRUCTURAL VIRALITY.
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2. The reported effect size compares a baseline model b against

MMG-PopNet: ∆b =
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∑

G∈GTest(e
(b)
G − e

(MMG)
G ). Thus, ∆b > 0 indicates that MMG-PopNet

has lower squared error than baseline b, while ∆b < 0 would indicate that the baseline performs better.
The 95% confidence interval is obtained using the bootstrap percentile method. Since we conduct
simultaneous multiple comparisons, we apply Benjamini–Hochberg FDR correction to control the
rate of false discoveries across all tests jointly.

Results. Table 11 reports the full results. MMG-PopNet significantly outperforms all four baselines
on all four datasets (16/16 comparisons, pBH < 0.05). All confidence intervals are strictly positive,
with lower bounds above zero. The largest improvements are against DeepCas, where ∆b exceeds
+1.0 in log1p-MSE on every dataset, including Gaming (∆b = +1.573) and Bluesky (∆b = +1.522).
CasSeqGCN is the closest competitor. The smallest significant improvement occurs on Futurology
(∆b = +0.102, 95% CI [+0.029,+0.183], pBH = 0.004). These results show that MMG-PopNet’s
gains are consistent, statistically reliable, and not driven by any single dataset or baseline.
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Table 9: r/Gaming future-horizon prediction MSE across observation windows and popularity targets.
Lower is better. Best values are bolded and second-best values are underlined. Column groups
correspond to Root Only, 20 min, 50 min, and 90 min observation windows, and columns within
each group report prediction error at {4h, 8h, 16h, 24h} and at the final cascade state. LIKE SCORE
is reported only for the final state because its intermediate-horizon labels are unavailable.

Task Model Root Only 20 min 50 min 90 min

4h 8h 16h 24h Final 4h 8h 16h 24h Final 4h 8h 16h 24h Final 4h 8h 16h 24h Final

MAX WIDTH

MLP 1.301 1.623 1.882 2.067 1.778 0.701 0.952 1.176 1.300 1.174 0.506 0.715 0.868 0.970 0.879 0.406 0.567 0.693 0.783 0.715
DeepHawkes 1.401 1.757 2.117 2.393 1.919 0.933 1.111 1.368 1.552 1.295 0.594 0.974 1.279 1.580 1.256 0.354 0.573 0.841 1.073 0.866
DeepCas 1.996 2.317 2.722 2.898 2.353 1.367 1.669 1.975 2.147 1.815 1.336 1.652 1.900 1.940 1.786 1.250 1.538 1.757 1.913 1.700
CasSeqGCN 1.393 1.713 1.992 2.164 1.868 0.664 0.931 1.186 1.345 1.135 0.388 0.649 0.870 0.971 0.855 0.225 0.393 0.572 0.665 0.590
Graph-LSTM 1.345 1.651 1.941 2.101 1.815 0.622 0.893 1.137 1.285 1.104 0.334 0.589 0.785 0.897 0.760 0.211 0.411 0.619 0.738 0.587
MMG-PopNet 1.160 1.442 1.687 1.818 1.554 0.718 0.940 1.116 1.213 1.103 0.343 0.511 0.659 0.733 0.662 0.214 0.348 0.494 0.575 0.490

MAX DEPTH

MLP 0.295 0.320 0.342 0.366 0.342 0.215 0.238 0.273 0.296 0.280 0.157 0.175 0.188 0.192 0.208 0.126 0.150 0.168 0.173 0.176
DeepHawkes 0.317 0.332 0.366 0.409 0.354 0.275 0.282 0.315 0.346 0.300 0.198 0.232 0.264 0.305 0.279 0.199 0.210 0.228 0.243 0.234
DeepCas 0.577 0.564 0.605 0.600 0.589 0.337 0.349 0.380 0.397 0.371 0.338 0.346 0.361 0.353 0.375 0.313 0.323 0.334 0.326 0.323
CasSeqGCN 0.309 0.329 0.355 0.381 0.347 0.237 0.262 0.297 0.324 0.295 0.187 0.212 0.234 0.248 0.239 0.172 0.192 0.209 0.210 0.208
Graph-LSTM 0.307 0.328 0.357 0.384 0.351 0.217 0.243 0.282 0.310 0.281 0.152 0.181 0.201 0.213 0.216 0.101 0.135 0.158 0.172 0.166
MMG-PopNet 0.296 0.310 0.329 0.346 0.336 0.225 0.242 0.261 0.278 0.273 0.142 0.163 0.179 0.189 0.198 0.112 0.130 0.146 0.151 0.155

STRUCTURAL
VIRALITY

MLP 0.118 0.113 0.106 0.109 0.094 0.084 0.085 0.088 0.093 0.078 0.054 0.054 0.059 0.056 0.057 0.048 0.049 0.050 0.051 0.047
DeepHawkes 0.127 0.118 0.113 0.119 0.098 0.113 0.106 0.106 0.114 0.090 0.078 0.078 0.084 0.087 0.080 0.092 0.081 0.079 0.084 0.071
DeepCas 0.351 0.307 0.280 0.248 0.282 0.157 0.137 0.128 0.129 0.118 0.146 0.124 0.120 0.106 0.120 0.145 0.121 0.109 0.105 0.099
CasSeqGCN 0.124 0.117 0.110 0.114 0.095 0.095 0.096 0.099 0.106 0.086 0.066 0.069 0.075 0.075 0.071 0.072 0.071 0.074 0.078 0.066
Graph-LSTM 0.125 0.119 0.116 0.120 0.100 0.092 0.091 0.093 0.100 0.082 0.063 0.060 0.062 0.061 0.062 0.043 0.048 0.050 0.053 0.047
MMG-PopNet 0.126 0.119 0.109 0.110 0.100 0.098 0.093 0.088 0.090 0.079 0.061 0.058 0.058 0.055 0.059 0.058 0.050 0.046 0.045 0.044

SIZE

MLP 1.494 1.894 2.174 2.384 2.034 0.825 1.143 1.417 1.570 1.395 0.545 0.792 0.990 1.109 0.990 0.422 0.631 0.791 0.890 0.799
DeepHawkes 1.608 2.101 2.488 2.793 2.246 1.063 1.338 1.668 1.901 1.511 0.675 1.137 1.519 1.890 1.457 0.417 0.696 1.023 1.303 1.015
DeepCas 2.579 2.949 3.376 3.575 2.958 1.585 1.949 2.284 2.477 2.070 1.592 1.944 2.226 2.246 2.064 1.436 1.774 2.019 2.159 1.906
CasSeqGCN 1.589 1.975 2.274 2.476 2.103 0.840 1.186 1.491 1.684 1.393 0.472 0.793 1.069 1.195 1.010 0.275 0.500 0.727 0.842 0.717
Graph-LSTM 1.546 1.922 2.238 2.421 2.067 0.784 1.136 1.430 1.618 1.358 0.472 0.792 1.015 1.162 0.972 0.265 0.524 0.779 0.924 0.725
MMG-PopNet 1.380 1.715 1.970 2.126 1.828 0.873 1.148 1.336 1.450 1.322 0.405 0.609 0.793 0.887 0.791 0.250 0.415 0.590 0.678 0.580

UNIQUE
USERS

MLP 1.397 1.796 2.103 2.319 1.905 0.776 1.092 1.364 1.513 1.296 0.531 0.780 0.977 1.100 0.949 0.408 0.613 0.774 0.874 0.760
DeepHawkes 1.494 1.927 2.334 2.654 2.048 1.039 1.282 1.593 1.809 1.428 0.665 1.126 1.501 1.856 1.413 0.397 0.678 1.003 1.269 0.974
DeepCas 2.246 2.633 3.074 3.265 2.623 1.455 1.826 2.182 2.381 1.926 1.451 1.825 2.122 2.179 1.928 1.323 1.666 1.932 2.088 1.793
CasSeqGCN 1.480 1.876 2.201 2.407 1.983 0.780 1.120 1.428 1.620 1.289 0.460 0.780 1.059 1.191 0.972 0.257 0.475 0.698 0.810 0.672
Graph-LSTM 1.442 1.823 2.159 2.345 1.939 0.725 1.069 1.367 1.549 1.253 0.431 0.740 0.968 1.120 0.891 0.264 0.513 0.761 0.898 0.684
MMG-PopNet 1.271 1.608 1.893 2.049 1.690 0.800 1.074 1.279 1.391 1.211 0.381 0.582 0.766 0.857 0.737 0.232 0.394 0.567 0.646 0.539

LIKE
SCORE

MLP – – – – 5.856 – – – – 5.410 – – – – 4.883 – – – – 4.614
DeepHawkes – – – – 6.268 – – – – 6.068 – – – – 6.497 – – – – 6.629
DeepCas – – – – 6.466 – – – – 6.291 – – – – 6.253 – – – – 6.673
CasSeqGCN – – – – 6.208 – – – – 6.124 – – – – 5.992 – – – – 6.048
Graph-LSTM – – – – 5.796 – – – – 6.032 – – – – 5.647 – – – – 5.505
MMG-PopNet – – – – 5.180 – – – – 4.819 – – – – 4.325 – – – – 4.073

Description: The results show that while MMG-PopNet remains the most robust model for
predicting “Final” outcomes, Graph-LSTM and MLP are highly competitive and occasionally
superior at forecasting short-term 4-hour horizons. The table also underscores the extreme difficulty
of predicting the LIKE SCORE in gaming communities, with all models exhibiting massive error rates
(MSE > 4.0). However, feeding the models 90 minutes of initial social cascade data reduces the error
by over 60% compared to Root Only predictions.
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Table 10: r/Futurology future-horizon prediction MSE across observation windows and popularity
targets. Lower is better. Best values are bolded and second-best values are underlined. Column
groups correspond to Root Only, 30 min, 90 min, and 180 min observation windows, and columns
within each group report prediction error at {4h, 8h, 16h, 24h} and at the final cascade state. LIKE
SCORE is reported only for the final state because its intermediate-horizon labels are unavailable.

Metric Model Root Only 30 min 90 min 180 min

4h 8h 16h 24h Final 4h 8h 16h 24h Final 4h 8h 16h 24h Final 4h 8h 16h 24h Final

MAX WIDTH

MLP 1.100 1.522 1.879 1.968 1.761 0.640 1.029 1.404 1.445 1.312 0.301 0.506 0.749 0.812 0.706 0.246 0.329 0.461 0.526 0.454
DeepHawkes 1.141 1.636 2.118 2.249 1.894 0.813 1.260 1.819 1.969 1.556 0.632 0.957 1.394 1.468 1.217 0.557 0.730 1.016 1.186 0.972
DeepCas 1.158 1.556 1.955 2.014 1.732 0.686 1.460 1.841 1.961 1.636 0.802 1.095 1.363 1.454 1.228 0.768 1.004 1.229 1.341 1.122
CasSeqGCN 1.129 1.576 1.954 2.002 1.814 0.585 0.967 1.378 1.454 1.243 0.226 0.458 0.728 0.807 0.658 0.084 0.200 0.359 0.427 0.347
Graph-LSTM 1.090 1.508 1.889 1.951 1.721 0.541 0.931 1.326 1.419 1.182 0.206 0.448 0.713 0.779 0.647 0.091 0.219 0.382 0.465 0.365
MMG-PopNet 1.019 1.419 1.724 1.789 1.559 0.613 0.963 1.286 1.360 1.170 0.309 0.483 0.715 0.780 0.633 0.123 0.210 0.333 0.391 0.320

MAX DEPTH

MLP 0.422 0.468 0.457 0.454 0.572 0.291 0.362 0.378 0.387 0.479 0.174 0.231 0.272 0.276 0.294 0.102 0.143 0.182 0.191 0.212
DeepHawkes 0.443 0.508 0.529 0.540 0.621 0.343 0.425 0.491 0.518 0.555 0.307 0.364 0.446 0.455 0.444 0.297 0.327 0.378 0.423 0.425
DeepCas 0.450 0.500 0.518 0.506 0.589 0.419 0.495 0.512 0.527 0.572 0.320 0.380 0.413 0.422 0.417 0.274 0.333 0.362 0.354 0.361
CasSeqGCN 0.432 0.483 0.481 0.472 0.586 0.305 0.371 0.400 0.412 0.483 0.208 0.257 0.296 0.310 0.314 0.114 0.165 0.198 0.211 0.227
Graph-LSTM 0.421 0.469 0.469 0.460 0.569 0.279 0.359 0.383 0.397 0.472 0.159 0.225 0.268 0.273 0.292 0.068 0.131 0.175 0.201 0.212
MMG-PopNet 0.397 0.453 0.440 0.436 0.522 0.279 0.355 0.360 0.371 0.447 0.169 0.216 0.251 0.262 0.276 0.071 0.118 0.156 0.173 0.198

STRUCTURAL
VIRALITY

MLP 0.202 0.198 0.169 0.161 0.193 0.143 0.156 0.148 0.147 0.165 0.075 0.094 0.111 0.113 0.104 0.038 0.053 0.066 0.071 0.072
DeepHawkes 0.210 0.211 0.198 0.200 0.209 0.166 0.179 0.187 0.192 0.190 0.155 0.167 0.200 0.200 0.173 0.145 0.136 0.147 0.162 0.154
DeepCas 0.222 0.219 0.203 0.193 0.210 0.210 0.222 0.208 0.208 0.209 0.151 0.160 0.171 0.170 0.155 0.123 0.134 0.139 0.133 0.132
CasSeqGCN 0.207 0.205 0.178 0.176 0.198 0.152 0.158 0.154 0.155 0.165 0.094 0.108 0.125 0.129 0.114 0.045 0.062 0.074 0.082 0.081
Graph-LSTM 0.201 0.199 0.176 0.165 0.192 0.138 0.153 0.148 0.148 0.161 0.068 0.090 0.107 0.107 0.099 0.028 0.050 0.065 0.073 0.070
MMG-PopNet 0.197 0.196 0.171 0.161 0.182 0.145 0.156 0.140 0.138 0.157 0.084 0.091 0.102 0.105 0.099 0.033 0.046 0.057 0.064 0.068

SIZE

MLP 1.674 2.276 2.678 2.756 2.658 0.979 1.598 2.094 2.152 2.055 0.399 0.765 1.146 1.255 1.080 0.264 0.425 0.646 0.719 0.642
DeepHawkes 1.743 2.528 3.136 3.253 2.943 1.247 1.948 2.733 2.954 2.437 1.062 1.633 2.348 2.503 2.004 0.845 1.093 1.513 1.739 1.455
DeepCas 1.771 2.347 2.826 2.870 2.632 1.629 2.287 2.768 2.923 2.544 1.138 1.616 2.011 2.146 1.803 1.066 1.456 1.778 1.872 1.602
CasSeqGCN 1.736 2.390 2.812 2.829 2.755 0.963 1.573 2.128 2.235 2.013 0.372 0.786 1.211 1.358 1.103 0.085 0.315 0.575 0.665 0.566
Graph-LSTM 1.650 2.258 2.704 2.749 2.604 0.890 1.509 2.037 2.156 1.919 0.350 0.762 1.158 1.250 1.070 0.131 0.362 0.629 0.750 0.612
MMG-PopNet 1.559 2.129 2.480 2.516 2.353 0.961 1.500 1.907 1.992 1.823 0.427 0.731 1.074 1.169 0.962 0.143 0.302 0.498 0.568 0.506

UNIQUE
USERS

MLP 1.344 1.888 2.282 2.345 2.089 0.827 1.359 1.808 1.835 1.619 0.342 0.662 0.979 1.067 0.862 0.241 0.385 0.571 0.624 0.515
DeepHawkes 1.408 2.095 2.650 2.736 2.326 1.024 1.636 2.324 2.481 1.928 0.805 1.282 1.854 1.966 1.516 0.676 0.925 1.292 1.473 1.153
DeepCas 1.425 1.948 2.385 2.411 2.072 1.312 1.887 2.318 2.427 1.999 0.917 1.337 1.662 1.766 1.402 0.882 1.225 1.506 1.599 1.276
CasSeqGCN 1.385 1.971 2.395 2.415 2.163 0.805 1.332 1.826 1.897 1.582 0.308 0.658 1.007 1.122 0.858 0.092 0.283 0.501 0.561 0.437
Graph-LSTM 1.332 1.877 2.300 2.344 2.043 0.724 1.257 1.724 1.808 1.489 0.304 0.664 1.001 1.075 0.834 0.137 0.316 0.536 0.618 0.451
MMG-PopNet 1.250 1.772 2.122 2.151 1.849 0.773 1.247 1.624 1.691 1.425 0.370 0.633 0.917 0.997 0.764 0.143 0.275 0.438 0.480 0.389

LIKE SCORE

MLP – – – – 6.469 – – – – 6.309 – – – – 4.524 – – – – 3.709
DeepHawkes – – – – 7.002 – – – – 6.877 – – – – 6.688 – – – – 5.646
DeepCas – – – – 5.749 – – – – 6.013 – – – – 4.828 – – – – 4.925
CasSeqGCN – – – – 6.800 – – – – 6.639 – – – – 5.402 – – – – 5.093
Graph-LSTM – – – – 6.447 – – – – 5.822 – – – – 4.674 – – – – 4.012
MMG-PopNet – – – – 5.308 – – – – 4.886 – – – – 3.428 – – – – 2.897

Description: The results that for given 180 min of observation data, graph-based models like
CasSeqGCN can achieve near-perfect accuracy (MSE < 0.1) for immediate 4-hour horizon
predictions regarding cascade SIZE and MAX WIDTH. However, prediction accuracy decays steeply
as the horizon extends to 24 hours. MMG-PopNet distinguishes itself most prominently in the LIKE
SCORE category, leveraging multimodal data to achieve an MSE of 2.897 at the 180-minute mark,
vastly outperforming the nearest baseline (MLP at 3.709).
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Table 11: Statistical significance of MMG-PopNet (Ours) versus baselines for SIZE prediction one
the final cascade state in log1p-MSE space. ∆b > 0 indicates that MMG-PopNet has lower squared
error than baseline b. 95% confidence intervals and praw are computed using a paired bootstrap test
with 5,000 resamples. pBH denotes Benjamini–Hochberg correction across all 16 comparisons at
α = 0.05. Yes indicates that MMG-PopNet is significantly better.

Dataset Baseline n ∆b 95% CI praw pBH Sig.

Bluesky

CasSeqGCN 1510 +0.2213 [+0.1729, +0.2717] < 0.001 < 0.001 Yes
Graph-LSTM 1510 +0.1375 [+0.0983, +0.1795] < 0.001 < 0.001 Yes
DeepHawkes 1510 +0.3601 [+0.3054, +0.4171] < 0.001 < 0.001 Yes
DeepCas 1510 +1.1522 [+1.0206, +1.2909] < 0.001 < 0.001 Yes

r/Gaming

CasSeqGCN 675 +0.1328 [+0.0572, +0.2078] < 0.001 < 0.001 Yes
Graph-LSTM 675 +0.3519 [+0.2695, +0.4358] < 0.001 < 0.001 Yes
DeepHawkes 675 +0.6019 [+0.4750, +0.7306] < 0.001 < 0.001 Yes
DeepCas 675 +1.5730 [+1.3016, +1.8464] < 0.001 < 0.001 Yes

r/AMA

CasSeqGCN 1420 +0.0986 [+0.0696, +0.1298] < 0.001 < 0.001 Yes
Graph-LSTM 1420 +0.2269 [+0.1923, +0.2626] < 0.001 < 0.001 Yes
DeepHawkes 1420 +0.2167 [+0.1776, +0.2578] < 0.001 < 0.001 Yes
DeepCas 1420 +1.0033 [+0.8893, +1.1251] < 0.001 < 0.001 Yes

r/Futurology

CasSeqGCN 527 +0.1016 [+0.0293, +0.1828] 0.004 0.004 Yes
Graph-LSTM 527 +0.2892 [+0.1987, +0.3867] < 0.001 < 0.001 Yes
DeepHawkes 527 +1.3799 [+1.1493, +1.6302] < 0.001 < 0.001 Yes
DeepCas 527 +1.3210 [+1.0222, +1.6373] < 0.001 < 0.001 Yes
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E Unified Training Details and Full Results

Tables 12 and 13 report the full comparison between dataset-specific MMG-PopNet and unified-
trained MMG-PopNet across datasets, observation windows, and prediction targets. The dataset-
specific setting trains a separate model for each dataset and observation window. In contrast, MMG-
PopNet (unified-dataset) is trained once on the combined training split and is evaluated separately
on each dataset-window test split. For each training example, the unified model receives one-hot
indicators for the dataset and observation window. These indicators allow the model to condition its
predictions on both the community source and the amount of observed cascade history.

The full results show that the benefit of unified training is largest on the Reddit datasets. On r/AMA,
r/Gaming, and r/Futurology, MMG-PopNet (unified-dataset) reduces the dataset-level average MSE
for every prediction target. The reductions are most pronounced for LIKE SCORE, SIZE, and UNIQUE
USERS. These targets have the largest dataset-level errors under dataset-specific training on r/Gaming
and r/Futurology, and they also show the largest absolute reductions after unified training. For
example, on r/Gaming, the dataset-level average MSE for LIKE SCORE decreases from 4.525 to
1.479. On r/Futurology, the corresponding average decreases from 3.890 to 1.569.

Bluesky follows a different pattern. On this dataset, the dataset-specific model obtains lower dataset-
level average MSE for most targets. The unified model remains close in absolute MSE, but it does
not improve over the dataset-specific model on Bluesky. This result indicates that the cross-dataset
benefit is stronger when the evaluation dataset is closer to the Reddit training communities.

Averaged across all datasets and observation windows, MMG-PopNet (unified-dataset) obtains lower
MSE for all six targets. The overall average decreases from 0.678 to 0.426 for MAX WIDTH, from
0.284 to 0.232 for MAX DEPTH, from 0.932 to 0.586 for SIZE, from 0.104 to 0.084 for STRUCTURAL
VIRALITY, from 0.752 to 0.453 for UNIQUE USERS, and from 2.669 to 1.217 for LIKE SCORE. Thus,
unified training improves benchmark-level performance across targets while maintaining comparable
accuracy on the outlying Bluesky platform.
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Table 12: Comparison between dataset-specific and unified-dataset MMG-PopNet training, Part
I. Dataset-specific models are trained separately for each dataset and observation window, while the
unified-dataset model is trained once on the combined training data across all datasets and windows.
Results are reported as MSE, where lower is better and marked in bold. For readability, results
are split by dataset. Each subtable reports observation-window MSEs, the dataset-level average, and
the same final overall average across all datasets. This table reports results for Bluesky and r/AMA;
Table 13 continues with r/Gaming and r/Futurology.

Bluesky

Task Model 0 2 10 20 Dataset Avg Overall Avg

MAX WIDTH
MMG-PopNet (specific) 0.457 0.369 0.284 0.234 0.336 0.678
MMG-PopNet (unified) 0.449 0.401 0.316 0.276 0.361 0.426

MAX DEPTH
MMG-PopNet (specific) 0.363 0.325 0.273 0.238 0.300 0.284
MMG-PopNet (unified) 0.347 0.332 0.280 0.247 0.301 0.232

SIZE
MMG-PopNet (specific) 0.705 0.587 0.470 0.397 0.540 0.932
MMG-PopNet (unified) 0.688 0.637 0.517 0.450 0.573 0.586

STRUCTURAL
VIRALITY

MMG-PopNet (specific) 0.155 0.135 0.114 0.101 0.126 0.104
MMG-PopNet (unified) 0.144 0.138 0.117 0.104 0.126 0.084

UNIQUE
USERS

MMG-PopNet (specific) 0.467 0.383 0.302 0.255 0.352 0.752
MMG-PopNet (unified) 0.472 0.426 0.341 0.298 0.384 0.453

LIKE
SCORE

MMG-PopNet (specific) 1.260 1.087 1.026 0.950 1.081 2.669
MMG-PopNet (unified) 1.238 1.191 1.093 1.043 1.141 1.217

r/AMA

Task Model 0 15 30 60 Dataset Avg Overall Avg

MAX WIDTH
MMG-PopNet (specific) 0.625 0.491 0.429 0.276 0.455 0.678
MMG-PopNet (unified) 0.476 0.354 0.239 0.184 0.313 0.426

MAX DEPTH
MMG-PopNet (specific) 0.314 0.256 0.219 0.172 0.240 0.284
MMG-PopNet (unified) 0.284 0.236 0.189 0.158 0.217 0.232

SIZE
MMG-PopNet (specific) 0.863 0.661 0.573 0.366 0.616 0.932
MMG-PopNet (unified) 0.681 0.509 0.349 0.257 0.449 0.586

STRUCTURAL
VIRALITY

MMG-PopNet (specific) 0.130 0.100 0.087 0.064 0.095 0.104
MMG-PopNet (unified) 0.115 0.093 0.075 0.060 0.086 0.084

UNIQUE
USERS

MMG-PopNet (specific) 0.622 0.494 0.447 0.290 0.463 0.752
MMG-PopNet (unified) 0.454 0.343 0.235 0.180 0.303 0.453

LIKE
SCORE

MMG-PopNet (specific) 1.311 1.212 1.166 1.028 1.179 2.669
MMG-PopNet (unified) 0.810 0.737 0.590 0.582 0.680 1.217
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Table 13: Comparison between dataset-specific and unified-dataset MMG-PopNet training, Part
II. Continuation of Table 12. Results are reported as MSE, where lower is better and marked in
bold. For readability, results are split by dataset. Each subtable reports observation-window MSEs,
the dataset-level average, and the same final overall average across all datasets. This table reports
results for r/Gaming and r/Futurology.

r/Gaming

Task Model 0 20 50 90 Dataset Avg Overall Avg

MAX WIDTH
MMG-PopNet (specific) 1.557 1.096 0.714 0.562 0.982 0.678
MMG-PopNet (unified) 0.962 0.631 0.299 0.266 0.539 0.426

MAX DEPTH
MMG-PopNet (specific) 0.335 0.275 0.200 0.160 0.243 0.284
MMG-PopNet (unified) 0.248 0.204 0.140 0.121 0.178 0.232

SIZE
MMG-PopNet (specific) 1.829 1.317 0.842 0.653 1.160 0.932
MMG-PopNet (unified) 1.092 0.754 0.348 0.294 0.622 0.586

STRUCTURAL
VIRALITY

MMG-PopNet (specific) 0.098 0.081 0.057 0.045 0.070 0.104
MMG-PopNet (unified) 0.071 0.057 0.038 0.032 0.050 0.084

UNIQUE
USERS

MMG-PopNet (specific) 1.693 1.218 0.792 0.613 1.079 0.752
MMG-PopNet (unified) 1.004 0.684 0.318 0.274 0.570 0.453

LIKE
SCORE

MMG-PopNet (specific) 5.067 4.654 4.307 4.073 4.525 2.669
MMG-PopNet (unified) 2.077 1.809 0.960 1.070 1.479 1.217

r/Futurology

Task Model 0 30 90 180 Dataset Avg Overall Avg

MAX WIDTH
MMG-PopNet (specific) 1.581 1.132 0.665 0.372 0.938 0.678
MMG-PopNet (unified) 0.886 0.634 0.242 0.202 0.491 0.426

MAX DEPTH
MMG-PopNet (specific) 0.517 0.418 0.282 0.205 0.356 0.284
MMG-PopNet (unified) 0.336 0.282 0.164 0.147 0.232 0.232

SIZE
MMG-PopNet (specific) 2.356 1.743 0.997 0.559 1.414 0.932
MMG-PopNet (unified) 1.253 0.932 0.348 0.267 0.700 0.586

STRUCTURAL
VIRALITY

MMG-PopNet (specific) 0.182 0.146 0.101 0.073 0.126 0.104
MMG-PopNet (unified) 0.110 0.090 0.053 0.047 0.075 0.084

UNIQUE
USERS

MMG-PopNet (specific) 1.859 1.374 0.785 0.439 1.114 0.752
MMG-PopNet (unified) 0.987 0.736 0.277 0.219 0.555 0.453

LIKE
SCORE

MMG-PopNet (specific) 4.999 4.596 3.214 2.750 3.890 2.669
MMG-PopNet (unified) 2.283 2.054 1.041 0.898 1.569 1.217
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F Detailed LLM-based comparison.

To evaluate whether LLMs can serve as competitive predictors for multimodal social popular-
ity forecasting, we conduct experiments comparing the performance of various LLM-based ap-
proaches against MMG-PopNet. We evaluate three models, namely Qwen3-VL-8B-Instruct,
Gemma-3-12b-it, and GPT-4o-mini. To manage computational costs for the Bluesky dataset, we
randomly sample 15,000 cascades from the original data and evaluate all models including MMG-
PopNet on this subset. Furthermore, large cascades can contain excessive content that exceeds
standard context windows and prevents fair comparison. We address this by restricting the maximum
number of observed nodes to 25 for all social cascades and apply this exact limit to MMG-PopNet.
Given the early observation data statistics where the average node count ranges from 1.62 to 23.6,
this setting provides sufficient context for the vast majority of cascades.

We evaluate three prompting and training settings. In the zero-shot setting, the observed cascade
prefix is serialized as a structured JSON input containing the available content and interaction, along
with an image, and the model predicts the popularity targets directly. In the retrieval-augmented few-
shot setting, each test instance is paired with four training examples selected by root-post similarity,
and their ground-truth targets are included in the prompt. In the fine-tuning setting, the model is
trained on early-observation cascade inputs to predict the same targets as MMG-PopNet. Note that
GPT-4o-mini is only evaluated under the zero-shot and few-shot settings. Prompts used for the
experiment are provided here F.

Tables 14-19 report results across the LLM models and settings, and datasets. Across both datasets and
all tested models, MMG-PopNet achieves the lowest MSE for every target and observation window.
Zero-shot prompting consistently performs worst, confirming that structured input alone is insufficient
for calibrated numerical prediction. Few-shot prompting substantially reduces error, especially under
root-only and early observation windows where retrieved examples provide useful target-range
calibration for sparse cascades. Fine-tuning becomes more effective as the observation window
increases for Qwen3-VL-8B-Instruct and to some extent for Gemma-3-12b-it. This trend is most
visible for targets such as MAX WIDTH, STRUCTURAL VIRALITY, SIZE, and UNIQUE USERS,
where longer prefixes expose richer interaction and temporal signals that supervised adaptation
can exploit. Here, Qwen3-VL-8B-Instruct exhibits a more consistent increase with fine-tuning
whereas, on Gemma-3-12b-it few-shot setting is better across observation windows for most targets
for the r/Futurology dataset and with mixed results for Bluesky dataset.

For GPT-4o-mini, the few shot setting results as the best setting when compared with the zero-shot.
However, it still lags far behind the MMG-PopNet in performance. Improvement in few-shot setting
with increased observation window is higher and consistent in r/Futurology dataset when compared
to Bluesky.

Overall, the tables show that fine-tuning does not uniformly dominate few-shot prompting. In
several early-window cases, few-shot prompting remains competitive or stronger, particularly for
MAX DEPTH and some engagement targets. This indicates that retrieval is highly useful when the
observed prefix contains limited cascade evidence, while fine-tuning benefits more from denser
prefixes. Overall, the detailed results support the main finding. LLM-based adaptation improves over
zero-shot prompting, but MMG-PopNet remains consistently stronger because it is optimized for the
benchmark formulation and directly models observed cascade dynamics rather than predicting from
serialized inputs alone.

Table 14: LLM Qwen3-VL-8B-Instruct comparison with MMG-PopNet on Bluesky across observa-
tion windows using MSE values.
Task Root Only 2 10 20

Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet

MAX WIDTH 3.045 1.666 1.923 0.666 2.615 1.564 1.295 0.577 2.124 1.038 0.816 0.506 1.989 0.889 0.647 0.459
MAX DEPTH 1.715 0.730 0.905 0.523 1.577 0.790 0.835 0.480 1.240 0.666 0.677 0.428 1.048 0.561 0.604 0.415
STRUCTURAL
VIRALITY

2.368 0.363 0.429 0.243 1.947 0.414 0.386 0.225 1.445 0.353 0.303 0.196 1.256 0.298 0.267 0.191

SIZE 6.596 2.293 2.668 1.007 5.294 2.289 1.983 0.870 3.544 1.476 1.284 0.751 2.842 1.194 1.065 0.700
UNIQUE USERS 4.051 1.867 2.009 0.690 3.389 1.739 1.349 0.600 2.557 1.085 0.837 0.521 2.213 0.904 0.675 0.468
LIKE SCORE 16.256 5.121 6.625 1.540 16.162 4.980 5.170 1.445 14.383 4.087 3.846 1.394 13.444 3.615 3.164 1.327
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Table 15: LLM Qwen3-VL-8B-Instruct comparison with MMG-PopNet on r/Futurology across
observation windows using MSE values.
Task Root Only 30 min 90 min 180 min

Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet

MAX WIDTH 4.912 2.274 2.466 1.581 3.661 2.005 1.774 1.321 2.952 1.417 0.971 0.794 2.758 1.155 0.782 0.457
MAX DEPTH 1.605 0.785 1.012 0.517 1.151 0.685 0.782 0.496 0.769 0.439 0.517 0.296 0.551 0.357 0.425 0.242
STRUCTURAL
VIRALITY

2.164 0.264 0.343 0.182 1.198 0.265 0.262 0.178 0.667 0.188 0.179 0.104 0.434 0.160 0.141 0.091

SIZE 9.238 3.895 4.080 2.356 5.706 3.096 2.953 1.921 3.572 1.986 1.721 1.141 2.630 1.466 1.358 0.700
UNIQUE USERS 6.693 3.005 3.028 1.859 4.365 2.440 2.181 1.551 2.798 1.616 1.273 0.917 2.067 1.217 1.038 0.552
LIKE SCORE 21.135 8.859 8.863 4.999 20.018 8.178 8.572 5.030 17.077 6.933 6.944 3.400 13.981 7.052 6.016 3.039

Table 16: LLM Gemma-3-12b-it comparison with MMG-PopNet on Bluesky across observation
windows using MSE values.

Task Root Only 2 10 20

Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet

MAX WIDTH 5.366 1.312 1.993 0.666 3.796 1.320 1.391 0.577 2.545 0.969 0.812 0.506 2.179 0.860 0.657 0.459
MAX DEPTH 2.285 0.628 0.961 0.523 1.655 0.659 0.800 0.480 1.269 0.577 0.721 0.428 1.105 0.533 0.603 0.415
STRUCTURAL
VIRALITY

2.362 0.286 0.490 0.243 1.828 0.314 0.405 0.225 1.276 0.280 0.320 0.196 1.067 0.264 0.277 0.191

SIZE 6.577 1.625 2.819 1.007 5.186 1.656 2.038 0.870 3.406 1.200 1.355 0.751 2.675 1.061 1.102 0.700
UNIQUE USERS 4.041 1.454 1.968 0.690 3.132 1.348 1.395 0.600 1.956 0.960 0.833 0.521 1.491 0.825 0.672 0.468
LIKE SCORE 16.254 4.149 7.586 1.540 15.135 3.998 5.782 1.445 14.355 3.547 3.614 1.394 14.018 3.462 3.221 1.327

Table 17: LLM Gemma-3-12b-it comparison with MMG-PopNet on r/Futurology across observation
windows using MSE values.

Task Root Only 30 min 90 min 180 min

Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet Zero Few Fine-Tune MMG-PopNet

MAX WIDTH 7.837 1.984 2.831 1.581 4.027 1.948 1.900 1.321 3.058 1.350 1.274 0.794 2.680 1.026 1.017 0.457
MAX DEPTH 2.439 0.687 1.299 0.517 1.311 0.650 0.891 0.496 0.974 0.457 0.589 0.296 0.766 0.321 0.509 0.242
STRUCTURAL
VIRALITY

2.204 0.241 0.429 0.182 0.969 0.237 0.296 0.178 0.637 0.177 0.196 0.104 0.449 0.132 0.170 0.091

SIZE 9.238 3.226 4.869 2.356 5.575 2.948 3.305 1.921 3.415 1.930 2.202 1.141 2.510 1.361 1.816 0.700
UNIQUE USERS 6.693 2.497 3.470 1.859 4.319 2.283 2.576 1.551 2.676 1.507 1.731 0.917 1.951 1.074 1.406 0.552
LIKE SCORE 21.116 7.747 12.986 4.999 19.077 8.055 13.202 5.030 18.979 6.803 12.123 3.400 18.766 6.938 10.649 3.039

Table 18: LLM GPT-4o-mini comparison with MMG-PopNet on Bluesky across observation windows
using MSE values.

Task Root Only 2 10 20

Zero Few MMG-PopNet Zero Few MMG-PopNet Zero Few MMG-PopNet Zero Few MMG-PopNet

MAX WIDTH 2.742 1.666 0.666 2.268 1.562 0.577 1.632 1.486 0.506 1.386 1.395 0.459
MAX DEPTH 1.577 0.590 0.523 1.398 0.598 0.480 1.055 0.539 0.428 0.906 0.484 0.415
STRUCTURAL
VIRALITY

0.799 0.275 0.243 0.746 0.281 0.225 0.614 0.248 0.196 0.532 0.223 0.191

SIZE 5.531 1.880 1.007 4.545 1.789 0.870 3.096 1.464 0.751 2.446 1.307 0.700
UNIQUE USERS 3.472 1.690 0.690 2.767 1.530 0.600 1.796 1.266 0.521 1.392 1.115 0.468
LIKE SCORE 12.566 4.002 1.540 14.130 3.852 1.445 13.828 3.478 1.394 13.415 3.212 1.327

Table 19: LLM GPT-4o-mini comparison with MMG-PopNet on r/Futurology across observation
windows using MSE values.

Task Root Only 30 min 90 min 180 min

Zero Few MMG-PopNet Zero Few MMG-PopNet Zero Few MMG-PopNet Zero Few MMG-PopNet

MAX WIDTH 4.853 2.179 1.581 3.388 2.173 1.321 2.449 1.813 0.794 2.118 1.522 0.457
MAX DEPTH 1.476 0.697 0.517 1.126 0.623 0.496 0.749 0.431 0.296 0.551 0.360 0.242
STRUCTURAL
VIRALITY

0.847 0.237 0.182 0.692 0.221 0.178 0.526 0.180 0.104 0.405 0.158 0.091

SIZE 8.418 3.451 2.356 5.444 3.163 1.921 3.226 2.208 1.141 2.238 1.612 0.700
UNIQUE USERS 6.123 2.648 1.859 4.056 2.511 1.551 2.460 1.758 0.917 1.689 1.318 0.552
LIKE SCORE 20.291 7.341 4.999 20.546 7.930 5.030 20.385 6.932 3.400 19.958 7.070 3.039
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Zero-Shot Prompt The zero-shot prompt is constructed once per query with no retrieved
examples. The placeholder <WINDOW> is replaced by the observation window size, and
<EARLY_CONVERSATION_TREE_JSON> is replaced by the serialised conversation tree.

Prompt Template — Zero-Shot

You are analyzing a social media conversation tree to predict its
final growth metrics. You will be provided with the first <WINDOW >
of a social media conversation thread. This conversation thread

continued after this.

Based on the content , timing , and structural patterns of these
early interactions , predict the FINAL state of this conversation
tree when it reaches saturation (that is, stops growing).

METRIC DEFINITIONS:
- max_width: Maximum number of replies at any single depth level.
- max_depth: Maximum depth of the conversation tree.
- structural_virality: Average distance between all pairs of nodes
(Low = Broadcast , High = Viral).

- num_posts: Total number of posts in the final conversation (root
+ replies).

- num_unique_users: Total number of unique users in the final
conversation.
- root_score: Engagement score of the intial root post.

You will be given a NESTED JSON TREE. Each reply node has text ,
time_since_root , time_since_parent , and children. The root node
has text , timestamp , and children.

OUTPUT FORMAT:
Return a single JSON object. Do not include markdown formatting.
{" max_width ": <number >, "max_depth ": <number >, "
structural_virality ": <number >, "num_posts ": <number >, "
num_unique_users ": <number >, "root_score ": <number >}

EARLY CONVERSATION TREE:
<EARLY_CONVERSATION_TREE_JSON >

INSTRUCTIONS:
Using only the conversation tree above as evidence , predict the
FINAL values.
Do NOT include any explanation or extra fields.
Output exactly one JSON object with these keys only: max_width ,
max_depth , structural_virality , num_posts , num_unique_users ,
root_score.

Your JSON Prediction:

Below is a minimal example of the input that populates <EARLY_CONVERSATION_TREE_JSON> when
only the root post has been observed.

Example Input — Root-Only Tree

{
"text": "Nvidia partner says it can cut data center energy use by
50% as AI boom strains power grid",

"timestamp ": "2024 -08 -27 11:17:18" ,
"children ": []

}
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Few-Shot RAG Prompt The few-shot prompt augments the zero-shot template with k
retrieved examples (default k = 4), selected via embedding-based nearest-neighbour
search over the training set. Each placeholder <RETRIEVED_EXAMPLE_TREE_i_JSON> and
<RETRIEVED_EXAMPLE_i_TARGETS_JSON> is replaced by the corresponding retrieved tree and its
ground-truth final metrics; <TARGET_TREE_JSON> is the query conversation.

Prompt Template — Few-Shot RAG

You are analyzing a social media conversation tree to predict its
final growth metrics. You will be provided with the first <WINDOW >
of a social media conversation thread. This conversation thread

continued after this.

Based on the content , timing , and structural patterns of these
early interactions , predict the FINAL state of this conversation
tree when it reaches saturation (that is, stops growing).

METRIC DEFINITIONS:
- max_width: Maximum number of replies at any single depth level.
- max_depth: Maximum depth of the conversation tree.
- structural_virality: Average distance between all pairs of nodes
(Low = Broadcast , High = Viral).

- num_posts: Total number of posts in the final conversation (root
+ replies).

- num_unique_users: Total number of unique users in the final
conversation.
- root_score: Engagement score of the intial root post.

Each conversation is represented as a NESTED JSON TREE.

I will show you several examples of early trees and their final
metrics , then ask you to predict for a new tree.

====================
FEW -SHOT EXAMPLES
====================

--- Example 1 ---
Early conversation tree:
<RETRIEVED_EXAMPLE_TREE_1_JSON >
Final metrics:
<RETRIEVED_EXAMPLE_1_TARGETS_JSON >

--- Example 2 ---
Early conversation tree:
<RETRIEVED_EXAMPLE_TREE_2_JSON >
Final metrics:
<RETRIEVED_EXAMPLE_2_TARGETS_JSON >

[... k examples total ...]

====================
NEW CONVERSATION (PREDICT THIS)
====================
Early conversation tree:
<TARGET_TREE_JSON >
Final metrics:
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G Modality Ablation Details

In Section 5.5, to evaluate the specific contributions of each modality in the MMG-PopNet model, we
conducted comprehensive ablation studies. By removing one input source at a time, we measured the
relative Mean Squared Error (MSE) increase over the full model. The full MMG-PopNet architecture
combines four distinct information sources: text (node-level post text), image (root-post visual
content), topology (reply-tree structure), and temporal (node-level timing features).

Implementation Details: To isolate each modality, we modified the model architecture and inputs as
follows (w/o means “without”):

• w/o Text (Semantic Ablation): and its corresponding projection layer are completely disabled. To
maintain architectural compatibility with the downstream Graph Neural Network (GNN), the text
embedding for every node is replaced with a zero-initialized vector of the exact same dimensionality.
Transformer parameters are frozen and excluded from optimization. This isolates the contribution
of actual semantic content. By passing zero-vectors into an otherwise unchanged text feature slot,
any performance drop directly reflects the loss of node-level language cues.

• w/o Image (Visual Ablation): The CLIP vision encoder is bypassed and all raw image pixels
are ignored. However, the graph-level image fusion slot is preserved. Every cascade is instead
assigned an identical, learnable “dummy” image embedding that is optimized alongside the rest of
the network parameters.

• w/o Topology (Structural Ablation): We completely disable the neighbor aggregation mechanism
of the bidirectional GraphSAGE network by ignoring the reply edges entirely. Instead of message
passing, the network treats the cascade as a disconnected set of independent nodes. To ensure
any performance drop is strictly due to the loss of structural connectivity and not a reduction in
parameter capacity, the GraphSAGE layers are substituted with standard MLPs. These MLPs
are applied independently to each node and strictly match the layer count and hidden feature
dimensions of the original GNN. This isolates the value of explicit cascade interactions. Because
the replacement MLPs retain the exact same per-node transformation capacity as the original model,
this ablation cleanly measures the impact of structural message passing.

• w/o Temporal (Timing Ablation): The explicit node-level cascade timing features, specifically
time since root and time since parent, are stripped from the input feature matrix before entering the
GNN. The nodes are processed using only their text features and topological connections. This
specifically targets localized reaction speeds and the pace of the cascade. Global posting metadata
may remain, but the precise timing of individual user interactions is entirely removed.

Tables 20,21,22 report the detailed modality-to-target sensitivity analysis across the r/Gaming and
r/Futurology datasets. Table 20 aggregates the MSE performance for both datasets to highlight the
trade-offs between semantic and structural signals. Table 21 and 22provide the detailed mean and
standard deviation across three random seed runs (42, 1042, and 2042) for r/Gaming and r/Futurology,
respectively.

The detailed results confirm the main trend in Section 5.5. The full MMG-PopNet model consistently
achieves the best average MSE across every target, confirming that each modality contributes valuable
predictive information. However, the sensitivity to specific modalities varies distinctly between the
two communities

On r/Gaming, temporal information is the most influential signal for most structural and participation
targets. Temporal information is the most influential signal for structural and participation metrics.
Removing temporal features causes the sharpest performance degradation for MAX WIDTH (21.2%),
UNIQUE USERS (21.0%), SIZE (18.7%), MAX DEPTH, and STRUCTURAL VIRALITY. This indicates
that the pace and timing of early responses are critical for predicting how gaming discussions grow
and branch. Conversely, removing image features has the smallest overall effect, indicating that root
visual content plays a more modest, complementary role in this specific community.

On r/Futurology, the ablation effects are more distributed across modalities. Temporal and topology
features remain important for structural targets, but text and image removals also produce visible
degradation across several targets. This suggests that r/Futurology popularity prediction depends on
a broader mixture of semantic, temporal, and structural signals, rather than being dominated by a
single modality.
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Table 20: Modality-to-Target Sensitivity Analysis. MSE performance of the full MMG-PopNet
model versus single-modality ablations across the r/Gaming and r/Futurology datasets. This table
isolates the contribution of each modality across the six distinct predictive targets, highlighting the
trade-offs between semantic and structural signals. Lower is better. The best value is bolded; the
second-best is underlined.

Task Model r/Gaming r/Futurology Avg
20 50 90 Avg 30 90 180 Avg

MAX WIDTH MMG-PopNet 1.054 0.652 0.509 0.739 1.093 0.620 0.348 0.687 0.713
w/o Text 1.079 0.674 0.487 0.747 1.202 0.617 0.319 0.713 0.730
w/o Image 1.056 0.653 0.509 0.739 1.145 0.650 0.340 0.711 0.725
w/o Temporal 1.083 1.184 0.641 0.969 1.127 0.711 0.441 0.759 0.864
w/o Topology 1.061 0.706 0.551 0.773 1.202 0.693 0.377 0.757 0.765

MAX DEPTH MMG-PopNet 0.266 0.196 0.152 0.205 0.413 0.271 0.202 0.295 0.250
w/o Text 0.269 0.196 0.150 0.205 0.457 0.271 0.205 0.311 0.258
w/o Image 0.267 0.194 0.155 0.205 0.422 0.280 0.204 0.302 0.254
w/o Temporal 0.269 0.296 0.163 0.243 0.418 0.285 0.211 0.305 0.274
w/o Topology 0.277 0.214 0.192 0.228 0.440 0.295 0.218 0.318 0.273

SIZE MMG-PopNet 1.272 0.784 0.598 0.885 1.703 0.949 0.524 1.059 0.972
w/o Text 1.293 0.813 0.562 0.889 1.899 0.962 0.509 1.123 1.006
w/o Image 1.272 0.784 0.603 0.886 1.783 0.995 0.520 1.099 0.993
w/o Temporal 1.302 1.391 0.745 1.146 1.749 1.086 0.649 1.161 1.154
w/o Topology 1.267 0.807 0.644 0.906 1.854 1.050 0.548 1.151 1.028

STRUCTURAL
VIRALITY

MMG-PopNet 0.076 0.057 0.045 0.059 0.143 0.097 0.072 0.104 0.082

w/o Text 0.078 0.058 0.045 0.060 0.158 0.098 0.072 0.109 0.085
w/o Image 0.077 0.056 0.044 0.059 0.147 0.100 0.072 0.106 0.083
w/o Temporal 0.076 0.117 0.045 0.079 0.146 0.102 0.073 0.107 0.093
w/o Topology 0.082 0.068 0.061 0.070 0.152 0.107 0.078 0.112 0.091

UNIQUE
USERS

MMG-PopNet 1.170 0.730 0.556 0.819 1.334 0.747 0.407 0.829 0.824

w/o Text 1.197 0.764 0.525 0.829 1.485 0.756 0.392 0.878 0.853
w/o Image 1.172 0.735 0.561 0.822 1.402 0.789 0.406 0.866 0.844
w/o Temporal 1.198 1.331 0.697 1.075 1.380 0.863 0.516 0.920 0.997
w/o Topology 1.166 0.771 0.597 0.845 1.467 0.830 0.436 0.911 0.878

LIKE
SCORE

MMG-PopNet 4.659 4.237 4.003 4.300 4.527 3.032 2.632 3.397 3.848

w/o Text 5.215 5.016 4.397 4.876 5.347 3.680 3.237 4.088 4.482
w/o Image 4.714 4.327 4.023 4.355 4.783 3.271 2.674 3.576 3.965
w/o Temporal 4.726 5.041 4.284 4.683 4.597 3.454 3.166 3.739 4.211
w/o Topology 4.702 4.348 4.113 4.387 4.812 3.292 2.728 3.611 3.999

Across both datasets, text is consistently the most important modality for LIKE SCORE. Removing
textual semantics increases the average LIKE SCORE MSE from 4.300 to 4.876 on r/Gaming and
from 3.397 to 4.088 on r/Futurology. These results are consistent with the text-centered nature of the
dataset platforms of the benchmark., where discussion content is primarily text based. This suggests
a broader hypothesis that the dominant modality may shift with platform design. On platforms where
images or videos are the primary medium of interaction, visual features may play a larger role in
predicting engagement and cascade growth.
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Table 21: Modality-to-Target Sensitivity Analysis on r/Gaming. MSE performance of full MMG-
PopNet model versus single-modality ablations on the r/Gaming dataset. Results are averaged across
three random seeds: 42, 1042, and 2042, and are reported as mean ± standard deviation. Lower is
better. The best value is bolded; the second-best is underlined.

Task Model 20 50 90 Avg

MAX WIDTH MMG-PopNet 1.054 ± 0.008 0.652 ± 0.013 0.509 ± 0.014 0.739 ± 0.009
w/o Text 1.079 ± 0.015 0.674 ± 0.003 0.487 ± 0.030 0.747 ± 0.013
w/o Image 1.056 ± 0.012 0.653 ± 0.006 0.509 ± 0.022 0.739 ± 0.006
w/o Temporal 1.083 ± 0.008 1.184 ± 0.708 0.641 ± 0.007 0.969 ± 0.234
w/o Topology 1.061 ± 0.008 0.706 ± 0.004 0.551 ± 0.012 0.773 ± 0.007

MAX DEPTH MMG-PopNet 0.266 ± 0.003 0.196 ± 0.003 0.152 ± 0.006 0.205 ± 0.001
w/o Text 0.269 ± 0.002 0.196 ± 0.003 0.150 ± 0.001 0.205 ± 0.000
w/o Image 0.267 ± 0.004 0.194 ± 0.003 0.155 ± 0.005 0.205 ± 0.002
w/o Temporal 0.269 ± 0.002 0.296 ± 0.153 0.163 ± 0.002 0.243 ± 0.052
w/o Topology 0.277 ± 0.003 0.214 ± 0.007 0.192 ± 0.005 0.228 ± 0.001

SIZE MMG-PopNet 1.272 ± 0.012 0.784 ± 0.004 0.598 ± 0.023 0.885 ± 0.010
w/o Text 1.293 ± 0.016 0.813 ± 0.008 0.562 ± 0.028 0.889 ± 0.012
w/o Image 1.272 ± 0.014 0.784 ± 0.005 0.603 ± 0.020 0.886 ± 0.004
w/o Temporal 1.302 ± 0.014 1.391 ± 0.820 0.745 ± 0.004 1.146 ± 0.277
w/o Topology 1.267 ± 0.013 0.807 ± 0.011 0.644 ± 0.022 0.906 ± 0.011

STRUCTURAL
VIRALITY

MMG-PopNet 0.076 ± 0.003 0.057 ± 0.000 0.045 ± 0.003 0.059 ± 0.001

w/o Text 0.078 ± 0.001 0.058 ± 0.002 0.045 ± 0.003 0.060 ± 0.001
w/o Image 0.077 ± 0.003 0.056 ± 0.002 0.044 ± 0.003 0.059 ± 0.002
w/o Temporal 0.076 ± 0.001 0.117 ± 0.096 0.045 ± 0.001 0.079 ± 0.032
w/o Topology 0.082 ± 0.004 0.068 ± 0.004 0.061 ± 0.003 0.070 ± 0.001

UNIQUE
USERS

MMG-PopNet 1.170 ± 0.010 0.730 ± 0.011 0.556 ± 0.019 0.819 ± 0.010

w/o Text 1.197 ± 0.016 0.764 ± 0.005 0.525 ± 0.024 0.829 ± 0.011
w/o Image 1.172 ± 0.016 0.735 ± 0.006 0.561 ± 0.017 0.822 ± 0.003
w/o Temporal 1.198 ± 0.007 1.331 ± 0.820 0.697 ± 0.007 1.075 ± 0.273
w/o Topology 1.166 ± 0.012 0.771 ± 0.006 0.597 ± 0.016 0.845 ± 0.008

LIKE
SCORE

MMG-PopNet 4.659 ± 0.023 4.237 ± 0.138 4.003 ± 0.048 4.300 ± 0.064

w/o Text 5.215 ± 0.017 5.016 ± 0.038 4.397 ± 0.009 4.876 ± 0.013
w/o Image 4.714 ± 0.028 4.327 ± 0.136 4.023 ± 0.055 4.355 ± 0.044
w/o Temporal 4.726 ± 0.020 5.041 ± 0.988 4.284 ± 0.023 4.683 ± 0.335
w/o Topology 4.702 ± 0.050 4.348 ± 0.051 4.113 ± 0.042 4.387 ± 0.047
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Table 22: Modality-to-Target Sensitivity Analysis on r/Futurology. MSE performance of full
MMG-PopNet model versus single-modality ablations on the r/Futurology dataset. Results are
averaged across three random seeds: 42, 1042, and 2042, and are reported as mean ± standard
deviation. Lower is better. The best value is bolded; the second-best is underlined.

Task Model 30 90 180 Avg

MAX WIDTH MMG-PopNet 1.093 ± 0.013 0.620 ± 0.020 0.348 ± 0.008 0.687 ± 0.009
w/o Text 1.202 ± 0.020 0.617 ± 0.005 0.319 ± 0.016 0.713 ± 0.011
w/o Image 1.145 ± 0.015 0.650 ± 0.010 0.340 ± 0.008 0.711 ± 0.007
w/o Temporal 1.127 ± 0.022 0.711 ± 0.012 0.441 ± 0.013 0.759 ± 0.005
w/o Topology 1.202 ± 0.009 0.693 ± 0.011 0.377 ± 0.022 0.757 ± 0.005

MAX DEPTH MMG-PopNet 0.413 ± 0.001 0.271 ± 0.003 0.202 ± 0.005 0.295 ± 0.003
w/o Text 0.457 ± 0.012 0.271 ± 0.002 0.205 ± 0.001 0.311 ± 0.004
w/o Image 0.422 ± 0.005 0.280 ± 0.006 0.204 ± 0.002 0.302 ± 0.004
w/o Temporal 0.418 ± 0.009 0.285 ± 0.006 0.211 ± 0.004 0.305 ± 0.004
w/o Topology 0.440 ± 0.005 0.295 ± 0.007 0.218 ± 0.003 0.318 ± 0.003

SIZE MMG-PopNet 1.703 ± 0.015 0.949 ± 0.017 0.524 ± 0.010 1.059 ± 0.012
w/o Text 1.899 ± 0.055 0.962 ± 0.005 0.509 ± 0.013 1.123 ± 0.021
w/o Image 1.783 ± 0.022 0.995 ± 0.019 0.520 ± 0.006 1.099 ± 0.010
w/o Temporal 1.749 ± 0.039 1.086 ± 0.022 0.649 ± 0.006 1.161 ± 0.009
w/o Topology 1.854 ± 0.025 1.050 ± 0.014 0.548 ± 0.019 1.151 ± 0.007

STRUCTURAL
VIRALITY

MMG-PopNet 0.143 ± 0.002 0.097 ± 0.001 0.072 ± 0.002 0.104 ± 0.000

w/o Text 0.158 ± 0.003 0.098 ± 0.002 0.072 ± 0.001 0.109 ± 0.001
w/o Image 0.147 ± 0.002 0.100 ± 0.002 0.072 ± 0.001 0.106 ± 0.000
w/o Temporal 0.146 ± 0.005 0.102 ± 0.003 0.073 ± 0.002 0.107 ± 0.002
w/o Topology 0.152 ± 0.005 0.107 ± 0.003 0.078 ± 0.001 0.112 ± 0.001

UNIQUE
USERS

MMG-PopNet 1.334 ± 0.012 0.747 ± 0.014 0.407 ± 0.012 0.829 ± 0.010

w/o Text 1.485 ± 0.040 0.756 ± 0.004 0.392 ± 0.010 0.878 ± 0.015
w/o Image 1.402 ± 0.017 0.789 ± 0.017 0.406 ± 0.004 0.866 ± 0.009
w/o Temporal 1.380 ± 0.030 0.863 ± 0.009 0.516 ± 0.006 0.920 ± 0.007
w/o Topology 1.467 ± 0.021 0.830 ± 0.013 0.436 ± 0.019 0.911 ± 0.001

LIKE
SCORE

MMG-PopNet 4.527 ± 0.003 3.032 ± 0.039 2.632 ± 0.096 3.397 ± 0.035

w/o Text 5.347 ± 0.050 3.680 ± 0.038 3.237 ± 0.029 4.088 ± 0.035
w/o Image 4.783 ± 0.066 3.271 ± 0.007 2.674 ± 0.074 3.576 ± 0.024
w/o Temporal 4.597 ± 0.080 3.454 ± 0.075 3.166 ± 0.015 3.739 ± 0.003
w/o Topology 4.812 ± 0.055 3.292 ± 0.055 2.728 ± 0.097 3.611 ± 0.004
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H Qualitative Case Study

This qualitative case study examines MMG-PopNet predictions for the r/Futurology dataset under
a 180-minute observation window, focusing on the SIZE target, which measures the final number
of nodes in a social cascade. The scatter plot compares predicted SIZE against actual SIZE. Both
axes are shown in log scale and are displayed using powers of ten, such as 101, 102, and 103, to
make the heavy-tailed popularity distribution easier to interpret. In this view, points near the red
dashed diagonal indicate more accurate predictions, while points above or below the diagonal indicate
over-prediction or under-prediction.

For the qualitative analysis, several cascades are selected from different regions of the scatter plot
to provide a wide range of examples, including accurate predictions, over-predictions, and under-
predictions. These selected examples are shown as colored nodes on the scatter plot. For each
selected case, interpretability is applied to the root post content. Specifically, GradSAM [75] token
explanations are used to highlight influential text tokens, and Grad-CAM [76, 77] image explanations
are used to highlight influential image regions. This helps provide intuition about how the root post’s
text and image content may have contributed to the predicted cascade SIZE, while also showing that
final popularity depends on additional temporal and interaction dynamics captured by the full model.
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Figure 7: The top example shows a relatively accurate high-popularity prediction, where the predicted
SIZE is close to the actual SIZE. GradSAM highlights root-post tokens such as “discover”, “quantum
states”, and “longer” suggesting that the model attends to scientific novelty and breakthrough-oriented
language. Grad-CAM emphasizes parts of the laboratory image, including the people and equipment,
which may provide visual cues of scientific credibility. The bottom example shows an under-predicted
cascade, where the actual SIZE is much larger than the predicted SIZE. GradSAM highlights tokens
such as “exclusive,” “satellite,” “megacity,” and “well underway,” while Grad-CAM focuses on
several regions of the satellite image. This case suggests that although the root post contains visually
and textually salient signals, the model may underestimate posts whose later popularity is driven by
broader public interest in large-scale infrastructure or geopolitical topics.
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Figure 8: The top example shows an over-predicted cascade, where the predicted SIZE is larger than
the actual SIZE. GradSAM highlights root-post tokens such as “says,” “facial recognition,” “helped,”
“fugitive,” and “match,” suggesting that the model attends to crime, surveillance, and authority-related
language. Grad-CAM highlights multiple regions across the facial-recognition image, which may
reinforce the post’s technology and public-safety framing. The bottom example shows a relatively
accurate low-popularity prediction, where the predicted SIZE is close to the actual SIZE. GradSAM
highlights tokens such as “floating,” “wind turbine,” and “hour,” while Grad-CAM focuses on parts
of the offshore turbine and surrounding scene. This comparison suggests that root-post content can
provide meaningful cues for SIZE prediction, but attention to salient technology-related terms does
not always translate into high cascade growth.
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Figure 9: The highlighted example shows an under-predicted cascade, where the actual SIZE is much
larger than the predicted SIZE. GradSAM highlights root-post tokens such as “bezos,” looking,”
death,” and science of aging,” suggesting that the model attends to the named entity and the longevity-
related framing of the post. Grad-CAM focuses strongly on the face of Jeff Bezos, indicating that the
visual explanation is concentrated on him in the image. This case suggests that the root post contains
salient celebrity and science-related cues, but the model still underestimates the eventual discussion
volume, possibly because later cascade growth is driven by broader public debate around wealth,
longevity, and aging beyond the root content alone.

I Limitations.

Despite the unified design of MMG-Pop and the strong empirical performance of MMG-PopNet, this
work has several limitations.

First, the benchmark is constructed from Bluesky and Reddit, which provide diverse but still incom-
plete coverage of social media ecosystems. Platform-specific moderation policies, recommendation
algorithms, user demographics, and interaction norms can substantially affect popularity dynamics.
Therefore, conclusions drawn from these datasets may not fully generalize to platforms such as
X/Twitter, TikTok, Instagram, YouTube, or private messaging communities.

Second, our formulation represents social cascades primarily as tree-structured reply or interaction
graphs. This abstraction captures explicit propagation paths, but it may omit broader network expo-
sure effects, algorithmic ranking effects, cross-platform diffusion (e.g., getting high engagement on
one social platform due to a viral event on second social platform), and unobserved impressions. A
post may become popular not only because of its visible reply tree, but also because of recommenda-
tion systems, external sharing, creator reputation, or coordinated amplification that is not directly
observable in the collected cascade.

42



Third, although MMG-PopNet jointly models text, image, temporal, and structural signals, the
available modalities are uneven across platforms and communities. Root visual content contributes
modestly in our experiments, but this may partly reflect dataset composition rather than the intrinsic
value of visual signals. Similarly, richer video, audio and user-history features are not fully modeled.
Future extensions should consider broader media types and more complete user-context features
while carefully protecting user privacy.

Fourth, the work of popularity prediction has the potential of being misused by nefarious parties
to identify the signals that provide them the highest social engagement to spread hateful or toxic
messages or content on the social media. So, one has to be careful and mindful in using such
techniques to ensure well being of all.
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