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Abstract

Source localization has attracted increasing attention in recent
years due to its vital role in governing the harmful propagation.
However, existing localization methods do not fully consider the
temporal characteristics in propagation and struggle to leverage the
continuous-time information of real-world propagation scenarios.
Moreover, the aggregation ability of GNN based localization models
is limited by the structural noise commonly present in complicated
real-world topologies. To address these challenges, a Spectral Neu-
ral Ordinary Differential Equation (SNODE) is proposed to infer the
source in real-world continuous-time scenarios. First, the forward
propagation is formulated as a flow based ODE system, and the
source localization problem is transformed into an inverse ODE
modeling task. Second, a neural process based on a graph varia-
tional autoencoder is introduced to encode global latent propaga-
tion patterns as a conditioning variable for the ODE system. Third,
a spectral graph optimization is performed to suppress topological
noise by filtering out high-frequency components that degrade the
quality of graph aggregation in the neural process. Comprehensive
experiments demonstrate that SNODE not only outperforms the
optimal baseline in real-world continuous-time propagation scenar-
ios with an average performance improvement of 43.8%, but also
achieves consistently superior performance in synthetic discrete-
time datasets with an improvement of 4.5%, highlighting its strong
generalization ability in different propagation settings. Our code is
available at https://github.com/cgao-comp/SNODE.
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1 Introduction

Social networks significantly facilitate information spreading, in-
fluencing decision-making processes, user behavior, and public
opinions [27]. The ease and rapidity of information propagation in
social networks also enable harmful information such as rumors
or misinformation to propagate swiftly and widely, often leading
to significant negative impacts [6]. Therefore, the task of identi-
fying the initial source user of harmful information has become
critically important for timely interventions and effective social
management [18, 36].

In recent years, more and more methods have been proposed to
locate the sources in different scenarios with various settings [15,
17, 38]. Traditional methods typically rely on source prominence or
heuristic rules [1, 34, 37, 40]. Although such methods have shown
theoretical advances under fixed propagation parameters or spe-
cific network structures [45], these strong assumptions limit their
generalization in different scenarios.


https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3774904.3792402
https://doi.org/10.1145/3774904.3792402

WWW °26, April 13-17, 2026, Dubai, United Arab Emirates. Dongpeng Hou et al.

Further, graph deep learning techniques have provided new ideas high-frequency signals. Our main contributions are summarized as
for modeling propagation dynamics [44]. By learning implicit cor- follows:
relations between network topology and propagation features end-
to-end [42], graph neural networks (GNNs) partially reduce the re-
liance on prior knowledge [8]. However, due to the inherent reliance
on neighborhood aggregation, GNNs are fundamentally sensitive
to the structural characteristics of the underlying graph [12, 19].
Therefore, when applied to real-world propagation scenarios with
complicated interactions and noisy topologies, vanilla GNN mod-
ules struggle to learn robust representations. Challenges emerge
mainly from two aspects:

o A closed-form ODE flow is derived for source localization un-
der continuous-time propagation scenarios, enabling reverse
inference from observed snapshots to the initial states.

o A latent neural process modeled via graph variational infer-
ence is introduced to embed the global propagation dynamics
and graph topology into the ODE system, enabling robust
prior conditioning during the inference phase.

o A Laplacian spectral optimization strategy is developed to
filter high-frequency structural noise in real-world social

(1) Propagation Dynamics: Many existing source localization propagation data, enhancing GVAE’s aggregation and ro-
methods are developed and evaluated under discrete-time bustness.
simulation propagation environments, such as the Susceptible-

Infected (SI) or Independent Cascade (IC) models, which 2 Related Work

simplify real-world propagation dynamics into discrete in-
tervals. As a result, source localization methods built on
such environments often do not consider and fail to capture
the fine-grained temporal characteristics of continuous-time
propagation dynamics, limiting their applicability and gen-
eralization in real-world scenarios.

(2) Network Topology: In contrast to the simplified yet ro-
bust assumptions of classical synthetic networks, such as
Random Tree (RT) models with a single parameter or the
Barabasi-Albert (BA) network with stable scale-free charac-
teristics, real-world propagation exhibits inherently irregular
structures and high-frequency noise.! This stems from the
complex decision-making behaviors of users and the uncer-
tainty in interpersonal connections, which introduce signifi-
cant randomness into the observed cascades. Therefore, it
is difficult for GNNss to effectively learn robust representa-
tions compromised by such structural noise, limiting their
performance in real-world propagation.

In practice, snapshot data capturing the network state at convenient
time points is usually available, making snapshot-based localiza-
tion a mainstream research direction. Early works such as LPSI [40]
estimate source prominence, while GCNSI [8] applies graph con-
volutional networks to identify multiple rumor sources without
predefined propagation models. Subsequent methods, including
IVGD [35], MCGNN [32], and SL_VAE [22], extract dynamic propa-
gation representations before source inference. Encoder—decoder
frameworks [13] have been introduced to learn user influence ma-
trices, which are then utilized for source prediction. DSLF [39] ex-
plores cross-platform source localization by leveraging shared topic-
level propagation patterns between heterogeneous social networks.
Recent research has incorporated diffusion and contrastive learning
techniques. Huang et al.[14] formulated a denoising diffusion-based
localization framework to address the ill-posed nature of the in-
verse problem. Yan et al.[43] proposed a discrete diffusion model
using reversible residual blocks with GCNs. Cheng et al.[4] devel-
oped a heuristic GNN framework addressing user heterogeneity,

Motivated by these critical limitations, we propose a novel Spec- multisource detection, and class imbalance. Bao et al.[2] introduced
tral Neural ODE (SNODE) framework for continuous-time source a self-supervised approach combining graph contrastive learning
localization. SNODE integrates continuous-time modeling via or- and feature augmentation.
dinary differential equations (ODEs), neural variational inference Despite these advances, most existing methods still rely on static
for capturing global propagation dynamics, and spectral optimiza- underlying topologies or synthetic propagation using simple prop-
tion to robustly filter out high-frequency noise inherent in real- agation models as their experimental testbed. Such simplified en-
world networks. Specifically, by leveraging the invertibility of ODE vironments neglect the noise and uncertainty in real-world social
flows [3], SNODE allows the inference task of source localization to propagation. Consequently, conventional GNN-based modules of-
be conducted in reverse, starting from observed states and tracing ten suffer from degraded aggregation quality and limited robustness
back to the initial source. To encode the latent graph and propaga- when handling irregular, noisy network structures in real-world
tion dynamics context within the ODE system, we further introduce propagation scenarios characterized by random and complicated
a neural process based on a graph variational autoencoder (GVAE), user interactions. In addition, these methods are still designed for
serving as a global latent variable. Moreover, to ensure the latent discrete-time settings and cannot capture the fine-grained char-
distributional posterior aligns closely with the observed prior distri- acteristics of real social propagation that evolves in continuous
butions, we employ a Kullback-Leibler (KL) divergence constraint. time, which reduces their performance in continuous-time source
Finally, recognizing that structural noise in real-world data may localization tasks.
impair the graph aggregation quality within the GVAE module,
we apply spectral graph optimization that selectively preserves 3 Preliminary and Problem Formulation

meaningful low-frequency patterns while suppressing detrimental
& d yPp PP & A set of snapshots with continuous timestamps { X, G} is observed

The indicator specific heat quantifies entropy fluctuations in the network topology and based on an undirected network G = (V, E, 7'-), where V, E, and 7
provides a spectral perspective for evaluating the impact of topological high-frequency are the node (user) set, edge (relationship) set, and node attributes,

noise on structural stability and robustness. And our spectral analysis reveals that the . . . o . .
specific heat curve of real data lacks the stable plateau typically observed in classical respectlvely. Deﬁnlng that X, is the initial SnapShOt in which Only

networks (e.g., BA and RT networks). Detailed interpretation is provided in Sec. 4.3. the source node is activated, our objective is to solve X, given the
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observed snapshots X~ and network structure G. Formally, this
inverse source inference task can be represented as:

X5 = arg max p(Xo | Xs0,G). (1)
0

The variational inference is employed to derive the evidence
lower bound (ELBO) of Eq. (1):

log p(Xol X0, ) = log / p(Xo.2 | Xo0, G) dz

Pp(Xo,z | X50,G)
q(z | X,G)
X0, 2| X>0, G
2 ECI(Z|X-G) P( qiz|i{,>GO) )
= Eq(z1x,6) log p(XolX>0, 2, G) —Dx1.(q (21X, G)Ip(2|X50, G))
@
where the learnable latent variable z is introduced to encode the
global context of the propagation dynamics. The first term evaluates
how well the model can reconstruct X, given the observations and
latent context z, while the KL divergence regularizes ¢(z | X, G)
to approximate the unknown true posterior. Since the backward
likelihood p(Xy | X>o, z, G) is still hard to compute directly, we train
a neural ODE-based forward model p(Xs¢ | Xo, z, G) in supervised
settings, leveraging the reversibility of neural ODEs [3] to recover
Xy during inference:

=log /q(z|X, G) dz

log ] (Jensen’s inequality)

t+At
X(t) =X(t + At) - / fX(),G,F,z)dt, (3)

where f defines the ODE dynamics system.

4 Method

SNODE leverages the flow nature of ODEs to enable reverse in-
ference for source localization [3]. Section 4.1 derives the forward
and inverse conditional formulation of the ODE for the localization
task. Section 4.2 introduces a neural process that provides global
context to guide the ODE system. Section 4.3 further optimizes the
graph aggregation process within the neural process via spectral
filtering. The framework of SNODE is demonstrated in Fig. 1.

4.1 ODE based Source Inference

Sec. 3 transforms the inverse source localization problem into a
forward propagation modeling task leveraging the flow nature
of the ODE. To further model the propagation dynamics in the
ODE rigorously, we adopt a continuous-time exponential propaga-
tion process [11, 16, 30]. Specifically, under the introduced latent
variable z, the propagation process along edge (v;,v;) € E from
v; to v; is determined by a propagation probability density func-
f(o;, u]—,z)e—f(”i"’f’z)t, ift>0
0, ift <0
f(vi,0j,2) € [0,00) represents the propagation rate determining
the strength of node v; influencing v; controlled by the global latent
variable z. Accordingly, the cumulative distribution function (CDF)
F(vi,05,2,t) = _/Otp (vi,0j,2, ') dt’ = 1 — e /(@2:2) 5 the proba-
bility that node v; succeeds in influencing v; along edge (v;,v;) by
time t.

tion (PDF) p(v;,vj,2,t) = , where
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Figure 1: The framework of SNODE includes three criti-
cal components. (a) The derived ODE is the framework for
continuous-time source localization. (b) As a global-context
encoder, the neural process guides the ODE framework in
sensing the overall propagation dynamics at different times-
tamps. (c) Considering that the topological noise can influ-
ence the graph aggregation in the neural process, a spectral
graph optimization is introduced to integrate out the high
frequencies.

LEMMA 1. Given historical observation up to time t, the probability
that node v; becomes activated or influenced during a time interval
can be expressed as:

PXKrwe(01) = 1| Xer,2,G) = 1= e T ZiaNep L0002 (g

where N (v;) represents the neighbors of node v;.

Consequently, the instantaneous activation rate for all nodes in
the network is established by the following ordinary differential
equation in the forward timeline:

dE[X: | X<it] 5)
dt
where F € R+N*N is the activation rate matrix with elements
Fij = f(vi,0;,z). Given that the state vector X; must reside within
the range [0,1], it is clipped based on X, = max(0, min(1, X;)).
Integrating over the continuous time interval from 0 to an arbi-
trary time T in the forward timeline, given the initial state Xy, we
obtain the expected state at time T

TAdE[X, | X
E[XT|X0]=X0+/ —[ ;: <]
0

=F'x,

T
dt =X0+/ FTX,dt.
0

(6)
In the theory of ODEs, the solution defines a flow on the state
space that can be uniquely integrated both forward and backward
in time under appropriate conditions [3]. This reversibility enables
us to trace the dynamics in either time direction, making ODEs
particularly suited for the source inference task, where we reverse
the propagation process to recover the initial activation state.
Based on Lemma 1, we can get instantaneous activation rate
ve(vi) = Zu]-eN(v,-) f(vi,0j,2)X;(vj). Then, when defining the re-
verse infinitesimal time interval | 7] — 0* , we further obtain the
following integral form for source inference:
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T
E[Xo | Xr] = X1 + / —FTX,dt. (7)
0
LEMMA 2. For a given node v; € V, considering the reverse-time
propagation process at time t, the normalized expected deactivation
rate is given by:

(o) =-E X (o) D, f0.0.2%0) | Xat|.  (3)

vj € N( Ui)
Lemma 2 gives the expected deactivation rate. We then prove
that it conforms to the inverse ODE.

THEOREM 1. Given the random observation X; at time t, consider
the infinitesimal interval T — 0%, we establish the following ODE
for inference.

dE[X;|X>.]

dt
where O is the Hadamard product.

=-X; 0 (FTX,), 9

Then, combined with the clip strategy, the normalized integral
form for source inference is obtained.

T
E[Xo | Xr] = X7 +/ -X, © FTX,dt. (10)
0

4.2 Neural Process for Propagation Rate
Evaluation

The inverse ODE system for source inference is introduced in
Sec. 4.1, where the propagation rate matrix F models the inten-
sity of information spread from node v; to v;. The learnable edge
function f(-) can be instantiated with deep modules, e.g., f(v;,v;) =
MLP([F (v:)IF (vj)]), where || denotes vector concatenation. How-
ever, modeling propagation solely based on local node features may
overlook the spatio-temporal dynamics. To address this and capture
heterogeneous influence patterns, we incorporate a shared latent
variable z, inspired by neural latent variable models [9, 28]. The edge
function is thus redefined as f(v;, v, z) = MLP([F (0;)||F (v))l|2]),
enabling the model to learn edge-wise propagation rates influenced
by both local attributes and the global context z.

As z is unobserved, we learn it via graph variational autoencoder.
An encoder is introduced to approximate the posterior of z from
observations {X, G, ¥ }, where X encodes dynamic features and
encodes inherent features. The encoder employs a GNN over G
to aggregate {X, ¥}, with temporal encodings integrated into the
input. Node-level representations h; are computed and aggregated
into a graph-level embedding hgrapn = Pool({hi}lzll), e.g., using at-
tention pooling [20]. The variational posterior of z is then modeled
as a multivariate Gaussian with diagonal covariance.

z~q4 (z|¥(X,G,F)) = N(z;p, %I), (11)
where ¥ is the graph representation operator, y represents the mean
vector of the posterior distribution of the global latent variable z,
and o? represents the variance vector of the posterior distribution.

A critical strategy for the neural process in SNODE is to align
the prior distribution of observations in the test scenario (i.e., Xy
is unavailable) with the posterior distribution of observations in
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the training scenario (i.e., Xj is available). Since Eq. (2) has derived
the KL divergence item, this similarity is achieved through the KL
divergence loss:

Lx1, = Dk, (N(ﬂpost, a;ostl) [ N(lv’priora o‘f,riorf))
= Dxu(qp(z | ¥({X0, X501, G, F)) 1 g4 (2 | ¥(Xo0, G, F))).
s.t. [Vpost’apost] — [llpostso'post] =NV [ipostpost ] Lpred:

[,uprior:o'prior] — [Ilprioryo'prior] _UV[#priorﬁprinr] LKL

(12)
Here, the posterior parameters (fipost, Opost) are optimized through
global gradient descent with respect to the main classification loss
Lpred for source localization, while the prior parameters (fiprior, Gprior)
are optimized through local gradient descent for KL alignment from
VAE module. During the training phase, z ~ Nost is deployed in the
edge function f, and the KL loss is explicitly used to push the prior
distribution toward the posterior distribution. During the test phase,
when the initial observation Xj is unavailable, the GVAE has been
optimized such that the prior latent distribution p(z | X>0) closely
approximates the posterior latent distribution p(z | {Xo, X>0})-

4.3 Spectral Optimization for Social Graph
Aggregation

As demonstrated in Sec. 4.2, the performance of the global latent
distribution is critically conditional on the quality of the GNN aggre-
gation. However, the real-world social cascades are formed based on
complicated interactions. Spectral analysis indicates that the topol-
ogy of real-world cascades differs markedly from that of classical
benchmark networks. As seen in Fig. 2, unlike BA and RT networks,
which exhibit a clear plateau in their specific heat curves due to
their regular structure with robust assumptions or stable scale-
free topology, the specific heat of real-world propagation graphs
displays dramatic fluctuations and instability. This phenomenon in-
dicates significant high-frequency noise and redundant connections
inherent in real data, which disrupts the representational capacity
and efficiency of the GNN encoder.

3
— dS/dlog(t

O 1.00

§ 2 E 0.75
2 =

‘S ‘5 0.50
(5] (9]
o] o
wn [75]

0.25

0 0.00

107 10° 0" 10 10°
Time (t) Time (t)

(a) Real-world network (b) Barabasi Albert network
Figure 2: The specific heat of the real-world network and the
Barabasi-Albert network.

To address this issue, we use the spectral decomposition that
optimizes the network Laplacian to reduce its rank and filter out
redundant connections with high-frequency noise [33]. Consider-
ing the information propagation process in the network from the
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perspective of entropy, its dynamic equation converging to stability

can be described as the network propagator K = e~

LEMMA 3. The network propagator K = e~ is a spectral filter that
suppresses high-frequency components and preserves low-frequency
structural information over time.

In parallel, the canonical system entropy of a network is defined
as:

S[[J(t)] = Norm

—Trk@»bgﬁaﬂ)

N
1
= (1) log p; (1),
K e~ Lt
Tr(K)  Tr(e7H)’
where p(t) is tantamount to the canonical (i.e., regularized) den-
sity operator in statistical physics (or to the functional over fields

configurations) [10, 29], and p; represents the specific f(t) set of
eigenvalues.

(13)

p(t) =

LEMMA 4. The entropy S € [0, 1] quantifies entropic transitions (or
information propagation transitions) over the network. As the propa-
gation time t increases from 0 to oo, S[p(t)] decreases monotonically
from 1 (highly localized and heterogeneous phase) to 0 (fully mixed
and homogeneous phase), reflecting the transition from localized to
global information propagation.

The temporal derivative of the entropy, d(flngt), represents the
specific heat of the system. In particular, a constant specific heat
reflects the scale-invariant nature of the network (e.g., BA network
and RT network in Fig. 2). While in our scenarios, S indicates the
system variant from the disordered state to the stable state. Hence,
d(‘lingt) measures the rate at which the system approaches stability
per unit time interval. Since S is monotonically decreasing over
time, implying a negative slope. We define the specific heat as
the absolute form C(t) = —d(fT‘;t) to quantify the magnitude of
change. This definition ensures that C(t) € R*, i.e., the specific heat
is always a non-negative real quantity that reflects the intensity
of entropy dissipation in the system over time. And a higher C(t)
indicates a rapid transition to stability, while a lower C(t) implies
a slower convergence toward stability.

If t is very large, then only the pure low frequency is held, re-
sulting in excessive loss of information on the graph. Without loss
of generality, let us consider the case in which we can preserve
sufficient topology information but also filter out more noise on
the graph, at a meaningful time point t* (for example, where C
shows a maximum at the first time). And only modes on topol-
ogy information larger than t* are kept. Then, we use the bra-ket
formalism in which the Laplacian operator is )3 A |1){A|, where
[A) denotes the Laplacian eigenvector to its eigenvalue A. We then
identify and integrate out the n < N eigenvalues A > 1* = ti* and
the corresponding eigenvectors |A).

Intuitively, the first peak achieves the best balance between “re-
moving as much noise as possible” and “preserving as much original
structure as possible”. This peak corresponds to the moment when
the highest-frequency structural noise is removed for the first time
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on a large scale. At this point, K suppresses the unstable high-
frequency Laplacian modes while fully retaining the low-frequency
components that encode the essential graph topology. Actually, any
value of t* between the first and the last peak is theoretically ad-
missible, as it simply determines the resolution scale of the spectral
filtering process [24]. However, choosing a later peak would remove
a large fraction of the low-frequency eigenmodes, thereby discard-
ing much of the topological information. In downstream GNN tasks,
resulting severe oversmoothing and performance degradation.

By reducing the Laplacian operator to the contribution of the
N-n slow eigenvectors with 4 < A%, the spectral filtering strategy
of the Laplacian can be performed:

= Z A

A<A*

(14)

Finally, we reconstruct an optimized graph input matrix G’ from
the filtered Laplacian L. Specifically, for i # j we set G}; = —L};,
and define the diagonal elements as Lj; = }'; G};, G}; = 0.

LEMMA 5. When eigenvectors corresponding to high-frequency
eigenvalues are removed during spectral filtering, the resulting trun-
cated Laplacian L’ may yield a disconnected adjacency matrix A’ =
—L’ + diag(L"). The isolated components in A" break GNN’s message-
passing capability.

To avoid this structural degeneration, we impose a conserva-
tive constraint strategy to preserve connectivity when selecting
the spectral cutoff. Specifically, we aim to maximize the spectral
threshold A* = 1/t*, while ensuring that the resulting graph G’
remains connected:

L' = A|AY{A| max s.t.
Graph( — L + diag(L’)) remains connected.

(15)

This spectral optimization process effectively suppresses high-
frequency noise and redundant connections in the original graph.
By feeding the optimized matrix G’ into the GNN encoder, we en-
sure that the learned latent representations are based on the stable,
low-frequency structure of the network. In turn, this improves the
robustness and performance of our neural process for source in-
ference, especially when applied to real-world propagation graphs
with unstable structures.

5 Experiments
5.1

We use three real-world datasets collected from Weibo and Twitter
platforms for source localization, namely Weibo [26], Twitter15,
and Twitter16 [23, 25]. The node attributes in the dataset include
user description, blue verification status, location, registration date,
number of posts, fans list, and followings list. The relevant statistical
information of the three datasets is shown in Tab. 3.

To validate the generalizability of SNODE in discrete-time sce-
narios, we follow common experimental settings in prior work and
use synthetic datasets simulated by ST and IC models [8, 22, 35]. The
Facebook network with 4,039 nodes and 88,234 edges (#Avg(degree):
43.69) [21] and the Power Grid network with 4,941 nodes and 6,594
edges (#Avg(degree): 2.67) [41] are used as the underlying topol-
ogy. Based on the network, 10% nodes are selected as ground-truth

Datasets and Setting
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Table 1: Source localization performance on the real-world cascades in Twitter15, Twitter16, Weibo. The bold values represent

the best results, while underlined values denote the second-best.

Dataset Twitter15 Twitter16 Weibo
Metrics F1 AED F1 AED F1 AED
DDMSL [43] 0.663 0.442 0.651 0.450 0.622 0.672
GIN-SD [5] 0.578 0.541 0.564 0.556 0.523 0.912
HFSD [4] 0.468 0.645 0.490 0.630 0.454 0.987
Diff [14] 0.612 0.532 0.605 0.539 0.578 0.774
TGASI [13] 0.515 0.637 0.511 0.642 0.497 0.921
IVGD [35] 0.368 0.851 0.342 0.884 0.330 1.211
SL_VAE [22] 0.355 0.855 0.342 0.871 0.346 1.271
SNODE 0.943 0.074 0.936 0.077 0.905 0.185

Table 2: Source localization performance on the synthetic cascades in Facebook and Power Grid network. The bold values

represent the best results, while underlined values denote the second-best.

Dataset Facebook Power Grid
Propagation IC SI IC SI
Metrics F1 AED F1 AED F1 AED F1 AED
DDMSL [43] 0.671 0.666 0.667 0.674 0.728 0.654 0.705 0.699
GIN-SD [5] 0.592 0.811 0.589 0.818 0.571 1.036 0.554 1.080
HFSD [4] 0.350 1.298 0.325 1.340 0.447 1.281 0.411 1.335
Diff [14] 0.605 0.779 0.552 0.882 0.675 0.767 0.623 0.845
TGASI [13] 0.671 0.668 0.647 0.695 0.728 0.675 0.703 0.784
IVGD [35] 0.403 1.200 0.376 1.211 0.460 1.255 0.441 1.288
SL_VAE [22] 0.364 1.227 0.318 1.323 0.627 0.903 0.603 0.910
SNODE 0.713 0.589 0.702 0.595 0.745 0.615 0.733 0.595

Dongpeng Hou et al.

Table 3: Statistics of the real datasets. The user scale of each
cascade ranges from 10 to 57,186 (avg. 883). The depth spans
2 to 22 (avg. 6.15).

Statistic  Twitter15 Twitter16 Weibo
#cascades 1490 818 4664
#rumor 370 205 2244
#non-rumor 746 412 2082
#nodes 480,405 289,504 2,856,519
#edges 565,948 334,603 3,508,596

sources.And 1,000 sets of propagation data are independently gen-
erated for each network, and each set includes several snapshots
with discrete timestamps [13]. The localization performance is eval-
uated using the standard F1 score [31] (F1) metric and average error
distance (AED) [7] metric.

2 % Precision * Recall

Fl-score = — , (16)
Precision + Recall
S
Bas = ¢ ; d(r,r), (17)

where Recall is the proportion of ground-truth sources that are
successfully predicted. And Precision is the proportion of ground-
truth sources in the predicted nodes. Here, Recall and Precision have
the same weight in the standard F1. And d(r*,r) is the shortest
distance between the predicted source and the ground-truth source.

To demonstrate the validity and novelty of the proposed local-
ization methods, we consider DDMSL [43], GIN-SD [5], HFSD [4],
Diff [14], TGASI [13], IVGD [35], SL_VAE [22] for comparison.
These SOTA methods are listed as follows.

e DDMSL [43] proposes a discrete diffusion model for the SIR
infection process and designs a reversible residual block with
graph convolutional networks to infer the source.

e GIN-SD [5] considers incomplete user data scenarios and
utilizes a positional embedding module to distinguish incom-
plete nodes in the source inference process.

e HFSD [4] is a GNN based heuristic framework for source
detection in social networks, tackling user diversity, multi-
source detection, and class imbalance.

o Diff [14] proposes a two-stage denoising diffusion model
to quantify the uncertainty of the propagation process and
improve the detection accuracy of source detection.

e TGASI [13] learns the influence matrix between any two
users and considers the interaction dynamics in the source
inference process.
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e IVGD [35] is a generic framework of invertible graph diffu-
sion models for source localization in the networks.

e SL_VAE [22] is a probabilistic model that uses deep gener-
ative models in the forward diffusion estimation model to
approximate the diffusion source distribution in an uncer-
tainty quantification way.

In our experiments, we employ a 10-fold cross-validation strategy
to divide the training and test datasets. Further, SNODE reports the
average prediction performance in the test datasets.

5.2 Performance in Real-world Cascades

The source localization performance based on the real-world datasets
is illustrated in Tab. 1. Among the baselines, DDMSL consistently
achieves the strongest localization performance and thus serves
as the optimal baseline for comparison. This is mainly because
it adopts an adaptive diffusion model with a reversible residual
network, enabling end-to-end source inference and diffusion path
reconstruction[43]. Compared with DDMSL, SNODE demonstrates
superior improvements across all three datasets and evaluation
metrics. Specifically, in terms of the F1 score, SNODE achieves im-
provements of 42.2%, 43.8%, and 45.5% (avg: 43.8%) in Twitter15,
Twitter16, and Weibo datasets, respectively. Meanwhile, the corre-
sponding reductions in average error distance reach 83.3%, 82.9%,
and 72.5% (avg: 79.5%).

Such improvements and stability mainly include three innova-
tions: (1) An ODE-based modeling framework that naturally sup-
ports continuous-time propagation and reverse inference, making
it more consistent with the temporal characteristics of real-world
scenarios. (2) A variational neural process that encodes global la-
tent dynamics to enhance the performance of the interaction func-
tion within the ODE framework. (3) A spectral graph optimization
technique that filters high-frequency structural noise, thereby im-
proving the aggregation and representation ability of GNNs under
complicated and uncertain real-world topologies. These results and
analysis clearly demonstrate the superior localization performance
of SNODE in continuous-time real-world propagation scenarios.

5.3 Performance in Synthetic Cascades

To verify that SNODE remains competitive in widely used discrete-
time scenarios, we evaluate the localization performance in the
synthetic cascades summarized in Tab. 2. Because simulated graphs
provide no user-profile attributes, we construct basic features for
each node using centrality and infection statistics of the dynamics.
Nevertheless, SNODE continues to exhibit superior performance
under such settings. However, compared with the optimal baseline
DDMSL, the average F1 score improvements decrease from 43.8%
in real-world cascades to 4.5% in synthetic cascades, while the
reductions in AED drop from 79.5% to about 11.0%. Such a decrease
can be attributed to two primary reasons. (1) Synthetic datasets are
generated under discrete-time propagation models, which diminish
the advantage of the continuous-time ODE flow model. (2) Synthetic
datasets lack user profile diversity compared with the real-world
datasets, reducing the effectiveness of the variational module in
modeling propagation dynamics from a user feature perspective.
This highlights the importance of profiles for evaluating source
localization methods under real-world conditions.
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Interestingly, the degree of performance improvement with SNODE
still varies depending on the underlying graph structure. In the Face-
book network, SNODE achieves an average F1 score improvement
of 5.75%, whereas on the Power Grid network, the improvement
is only 3.15%. Spectral analysis reveals that the specific heat curve
of the Facebook network exhibits greater fluctuation and lacks the
clear plateau observed in the Power Grid topology. This suggests
that the Facebook graph contains more high-frequency structural
noise, allowing the spectral optimization module in SNODE to play
a more significant role in enhancing feature aggregation under less
stable topological conditions.

5.4 Ablation Study

To further prove the contributions of the designed components in
SNODE, we further study the influence of each component on the
source detection performance. The critical modules of the SNODE
model include the ODE solution —X; ® (FTX;), the neural process
z, the KL divergence of prior and posterior for z, and the spectral
optimization. Based on these components, five variant models of
SNODE are developed as follows.

(1) w/o Continuous Integration (CI) eliminates the continuous-
time integration process and directly applies the discrete
one-step update —X; ® (FTX;) to predict the previous state.
In contrast to the full model, which accumulates multiple
infinitesimal updates (—X; © (FTX;))-dt to approximate a
continuous trajectory, this variant ignores the temporal con-
tinuity of propagation and thus simplifies the ODE flow into
a static discrete approximation.

w/o Expected Solution (ES) replaces the expected deactivation
rate of the backward flow —X; ® (FTX;) in Eq.(8) with an
intuitive form —FTX, in Eq.(7). By removing the expecta-
tion operator, this variant no longer follows the closed-form
formulation consistent with the localization setting, where
uninfected or weakly infected nodes cannot act as spreaders
in preceding states. Consequently, it produces a less faithful
reconstruction of the propagation inverse scenarios.

w/0 z removes the global guidance from the neural process
module and defines the propagation rate between nodes
only as local node pairs f(v;,0;) = MLP ([F (o) |F (v)]).
This simplification removes the global latent variable that
encodes overall propagation context, forcing the model to
rely only on local node interactions.

w/o KL removes the Kullback-Leibler divergence regulariza-
tion term that aligns the prior and posterior distributions
of the latent variable z. Without this constraint, the consis-
tency between training and inference phases is weakened,
leading to instability in the learned latent representations
and degraded generalization and robustness performance.
w/o Spectral Optimization (SO) performs message passing
directly on the unfiltered topology. The absence of spectral
filtering preserves high-frequency noise in the Laplacian
spectrum, which interferes with low-frequency structural
signals and degrades the effectiveness of GNN aggregation.
This variant effectively demonstrates the contribution of
spectral graph optimization to robust structural learning.
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Table 4: Ablation study on real-world datasets. The bold values represent the best results.

Vari ‘ Twitter15 ‘ Weibo
ariant
F1 AED F1 AED
w/o CI 0.891 (1 551%)  0.122 (T 64.86%) | 0.827 (| 8.62%)  0.304 (T 64.32%)
w/o ES 0.865 (| 8.27%)  0.153 (1 106.76%) | 0.832(| 8.07%)  0.291 (] 57.30%)
woz 0912 (1 3.29%)  0.108 (1 45.95%) | 0.860 (| 4.97%)  0.245 (] 32.43%)
woKL | 0.930 (] 1.38%) 0.081 (7 9.46%) 0.863 (| 4.64%)  0.240 (] 29.73%)
woSO | 0.924 (] 2.01%) 0.080 (7 8.11%) 0.876 (1 3.20%)  0.217 (] 17.30%)
SNODE 0.943 0.074 0.905 0.185
As shown in Tab. 4, all variant models exhibit varying degrees 0.95
of performance degradation in both F1 score and AED compared
to the complete SNODE. This highlights the effectiveness of each o 0.94
component in enhancing the model’s localization performance. %
é 0.93 1
2
5.5 Effect of the Spectral Threshold 1* on 2 0.921
Performance S
The graph spectral optimization described in Sec.4.3 directly influ- o 091 -
ences the quality of graph representation and consequently affects
localization accuracy. To analyze the effect of spectral filtering, we
vary the spectral cutoff threshold A* = X, which determines the 0.90 ot* 0.1t t 10" t'oo

number of low-frequency eigenmodes preserved during optimiza-
tion. The comparison of localization performance under different
thresholds is shown in Fig.3.

In SNODE, the first peak of the specific heat curve is selected
as the optimal propagation time t*, yielding the best source local-
ization results. When > t* with a smaller 1*, more Laplacian
eigenmodes are filtered out, which progressively reduces the Lapla-
cian rank. This may keep fewer structural characteristics or even
fragment the graph into weakly connected components, thereby
hindering message propagation in the GNN. As ¢t — oo, all non-zero
modes vanish (1|A)(A| = 0), causing complete loss of structural
characteristics, a full-connected graph remaining, and minimal lo-
calization performance. In contrast, when ¢ < t*, the filter becomes
looser, retaining additional high-frequency components. At t = 0,
no spectral filtering is applied, so the graph fully retains structural
noise, and performance degrades to that of the w/o SO variant. The
monotonic trends on both sides of ¢* demonstrate that the chosen
spectral threshold achieves a favorable trade-off between suppress-
ing high-frequency noise and preserving informative structural
patterns.

Furthermore, one insight is whether other spectral peaks be-
yond the first one could also provide meaningful thresholds for
optimization. To investigate this, we examined subsequent local
maxima of the specific heat curve. However, the results indicate
that later peaks contribute little additional benefit. For instance,
on the Twitter dataset, localization accuracy decreases from 0.943
at the first peak to 0.913 at the second. This decline suggests that
the first spectral peak offers the most effective balance between
noise suppression and information retention, while later peaks cor-
respond to oversmoothed spectral states that gradually lose much
structural fidelity.
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Figure 3: The impact of propagation time t* on localization
performance.

6 Conclusion

This paper proposes SNODE, a novel source localization framework
that integrates continuous-time modeling via ODEs, global latent in-
ference through neural processes, and structural noise suppression
via graph spectral optimization. Extensive experiments in both real-
world and synthetic datasets demonstrate that SNODE significantly
outperforms SOTA methods. What’s more, in real-world scenarios
with continuous-time propagation, SNODE exhibits significantly
greater improvements compared to synthetic datasets. Because the
continuous-time modeling capability of the ODE framework en-
ables accurate reconstruction of fine-grained temporal propagation
trajectories. And the variational neural process effectively lever-
ages user profile features that are inherently available in real-world
cascades but absent in synthetic simulations, enhancing the infor-
mativeness of global latent representations. Moreover, for networks
with distinct structural noise, where the specific heat curve lacks
a stable plateau, the spectral optimization can offer greater gains
in graph aggregation by filtering out the high-frequency modes,
further boosting localization performance.
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