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The source detection problem, which aims to identify the seeds of false information propagating on social networks,
has attracted extensive attention in the fields of network science and security. Previous information propagation models
mainly focus on simple graphs (involving only pairwise interactions) and ignore the social reinforcement effect during
the information propagation process. To address this, we build up a susceptible—infected—recovered (SIR) propagation
model on simplicial complexes in this paper, which features the social reinforcement effect generated from higher-order
interactions. Based on this model, we further propose a simplicial complex dynamicmessage passing (SCDMP) algorithm,
and then develop an energy-based metric to infer the propagation source within simplicial complex networks. Experiments
on real-world and synthetic networks demonstrate that, compared with baseline algorithms, the SCDMP algorithm exhibits
significant advantages in detection accuracy, stability, and robustness.
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1. Introduction

The widespread propagation of misinformation on social
media may lead to a series of societal risks, including pub-
lic health threats,[!! personal information leaks,?! and uncon-
trolled public discourse.[?! To address such issues, researchers
have increasingly developed source detection methods, aim-
ing to infer the origins of misinformation based on observed
information propagation proeesses. Source detection aims to
trace the origin of propagation by analyzing data such as node
states, propagation paths, or temporal information. This ap-
proach holds significant theoretical and practical value, which
is applicable not only to the timely control of rumors and mis-
information in social networks but also to locating propagation
sources.in infectious disease prevention and control. Precise
identification of information sources provides critical evidence
for public opinion guidance and risk response, enabling more
efficient and proactive prevention and control within complex
networks. ' Furthermore, continuous optimization of source
detection techniques offers new insights and methodological
support for interdisciplinary research. !

In network topology-based source detection methods, re-
searchers generally recognize that propagation sources typ-
ically exhibit high centrality within propagation subgraphs.
Thus, identifying nodes with high centralities potentially helps
infer source nodes.>! For instance, Comin e al.l intro-
duced metrics such as degree centrality, betweenness central-
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ity, closeness centrality, and eigenvector centrality to locate
propagation sources, spurring multiple subsequent extension
studies.!”-8] To measure the centrality of nodes as sources

(%101 proposed a

within propagation subgraphs, Shah et al.
source detection algorithm based on the SI model, termed “ru-
mor centrality”. Its core principle is that if a node is an infor-
mation source, the number of possible propagation sequences
originating from it should be proportional to the actual infec-
tion scale. Building upon this, Luo et al.!'!l extended Shah’s
approach by introducing Jordan centrality to calculate node
centrality within propagation subgraphs. They identified Jor-
dan nodes as the most probable propagation sources, demon-
strating superior detection accuracy compared to the rumor
centrality. Meanwhile, Zhu er al.!'?! proposed a reverse in-
fection algorithm using approximation methods, which iden-
tifies sources closer to actual origins than proximity-based
heuristics. Wang et al.!'3! introduced the label propagation
source identification (LPSI) algorithm, identifying nodes with
the highest local label values as sources. Deng et al.!'¥ devel-
oped a backward propagation centrality algorithm to identify
all information sources triggering propagation at different start
times.

Beyond subgraph centrality analysis, propagation-based
methods also estimate sources. In particular, Altarelli ez al.!'>!
developed a trust propagation algorithm for SIR models, de-
tecting source nodes by deriving posterior probability distri-
butions of node state evolution. However, this approach strug-
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gles to converge when faced with looped networks. Lokhov

(161 developed the dynamic message passing (DMP) al-

et al.
gorithm. Compared to traditional Bayesian propagation (BP),
this approach more directly derives system state equations, en-
abling efficient estimation of marginal probabilities in tree-like
and sparse cyclic graphs. It is also extensible to Bayesian
networks!!”! and optimization problems. This method cal-
culates the probability of each node’s state at the observa-

[18

tion time, assuming the propagation source.!'®! Subsequently,

191 proposed a symbolic-dynamic message pass-

Jiang et al.
ing (S-DMP) algorithm for source localization in symbolic
networks. Shi et al.”?%! formulated the source identification
problem as a maximum likelihood (ML) estimator and intro-
duced a Monte Carlo simulation (MCS)-based statistical de-
tection method to estimate source locations and initial propa-
gation times. Ma er al.*!! transformed propagation probabil-
ities into effective distances for observer selection, proposing
a backpropagation-based source localization method for sym-
bolic networks. Other approaches include evidence-theoretic
algorithms,??! probabilistic detection methods,”*! and max-
imum entropy sampling.[>¥l The continuous emergence of
propagation source detection methods provides crucial support
for identifying erroneous information sources on graphs.>!
Recently, deep learning methods have been widely ap-
plied to source detection problems due to their ability to im-

plicitly learn propagation patterns.
[26

For .example, building
upon graph neural networks,!”®! Ran et al.!’’! proposed a
Multi-channel Graph ATtention network (MGAT) hybrid ar-
chitecture that significantly enhances performance by integrat-
ing network topology with node features. Cutura ez al. 28!
proposed the conditional variational autoencoder (DDmix), a
probabilistic method based on constrained learning, which can
be trained on past propagation patterns to capture latent prop-
agation dynamics. Additionally, specialized solutions tailored
for specific scenarios have emerged, such as the multi-source
fusion spatio—temporal graph convolutional network (MSF-
STGCN). framework?®! designed for source detection in dy-
namic networks. These deep learning-based methods suffi-
ciently improved the detection accuracy, but their practical ap-
plications are limited due to large-scale training and high com-
putational complexity.

Although source detection has been extensively studied
over the past decade, most existing methods are limited to tra-
ditional networks that consider only pairwise interactions be-
tween different nodes. Many realistic systems exhibit group-
level interactions beyond simple pairwise connections. ]
Higher-order structures significantly influence propagation dy-
namics, prompting us to develop source detection methods
for infectious disease processes on advanced structures like
pure complexes and hypergraphs. In recent years, there has
been growing attention focused on source detection with hy-

311 proposed a DMP algo-

pergraphs. For instance, Yu ef al.
rithm based on factor graphs, achieving mathematical equiv-
alence between the hypergraph and its factor graph. He et
al.3?! introduced a heterogeneous hypergraph attention net-
work (HHAN) model, which explains multiple propagation
pathways and patterns within heterogeneous networks. Liang
et al.™31 also tackled the vital node identification problem
in hypergraphs, proposing the LGK method that leverages
higher-order structures. However, hypergraph models face
limitations when studying social contagion processes such as
opinion propagation and behavioral imitation.” For instance,
Battiston et al.** provided a systematic review of higher-
order networks, noting that hypergraphs may exhibit structural
redundancy when capturing the mechanism of “simultaneous
multi-source exposure.” Tacopini ez al. 3> pointed out that the
non-closed structure of hypergraphs makes it difficult to natu-
rally characterize such social reinforcement mechanisms that

rely on higher-order interactions. Fan et al.!3¢]

emphasized
that complex contagion fundamentally depends on a reinforce-
ment mechanism requiring multiple simultaneous sources of
exposure.

As noted by Centola and Macy,!*”!

complex contagions
typically require individuals to encounter two or more sources
of exposure before propagation occurs, and thus fundamen-
tally rely on a reinforcement mechanism in which multiple
identical stimuli are received simultaneously. Simplicial com-
plexes provide a more suitable framework for capturing this
mechanism. In a simplicial complex, a K-simplex consists of
K + 1 nodes, and every subset of these nodes is also required
to form a simplex. By contrast, hypergraph models differ in a
fundamental way. When four researchers form a single hyper-
edge, the hyperedge merely indicates that these four authors
have collaborated, without requiring that all subsets of them
have also collaborated. Although existing hypergraph-based
methods (such as DMP based on factor graphs or heteroge-
neous attention networks) can address higher-order interac-
tions to some extent, their underlying structure still struggles
to strictly characterize the critical dependency of “simultane-

i)

ous multi-source exposure.” Therefore, owing to its closure
property, a simplicial complex offers a more faithful repre-
sentation of the reinforcement mechanisms underlying com-
plex contagions, as it explicitly encodes multiple simultaneous
sources of exposure while avoiding the redundant or spurious
connections that may arise in hypergraph representations.
While simplicial complexes offer a principled way to cap-
ture the social reinforcement effects that fundamentally shape
information propagation, existing studies on source detection
over simplicial complexes remain scarce. This gap is signif-
icant, as traditional graph-based methods fail to account for
higher-order interactions that are essential for modeling com-

plex contagions. Meanwhile, efforts to identify influential
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spreaders in simple graphs have begun to incorporate com-
munity structure and entropy measures, such as the DECS al-
gorithm by Su et al.,[*¥ which uses the Walktrap algorithm
and density entropy. To bridge this gap, we extend the dy-
namic message passing paradigm from pairwise graphs to the
higher-order structure of simplicial complexes. Based on this
idea, we propose a SCDMP algorithm, which enables effec-
tive detection with infection sources by explicitly leveraging
higher-order propagation patterns. Through extensive exper-
iments on both synthetic and real-world networks, we show
that SCDMP achieves substantial performance gains over ex-

isting baselines, highlighting the importance of incorporating
higher-order topology in source localization. These results
demonstrate that the proposed SCDMP algorithm not only fills
a critical methodological gap but also establishes a new frame-
work for source detection in higher-order spreading processes.

The remainder of this paper is organized as follows. Sec-
tion 2 introduces the SIR propagation model on simplex com-
plexes. Section 3 details the SCDMP algorithm. Section 4
presents baseline methods and corresponding numerical ex-
periments. Finally, Section 5 concludes the paper. Table 1
lists some key symbols and definitions used in:this paper.

Table 1. Notations and definitions.

Notation Definition
Vv Set of vertices
C Set of simplices
Bn Infection probability for an n-simplex
0, Time snapshot
Pi(1) Probability that node i is in state S at time 7
Pi(t Probability that node i is in state / at time ¢
Pi(1) Probability that node i is in state R at time ¢
077i(¢) Blocking probability from j to i via a 1-simplex (edge) by time 7
ok~ (1) Blocking probability from k and /'to i via a 2-simplex until time ¢
0@ (1) Blocking probability from a, b, and c.to i via a 3-simplex until time ¢
(i Neighbor set of node i
A(i) Other two nodes in the 2-simplex containing node i
Qi) Other three nodes in the 3-simplex containing node i
u Recovery probability
oI (1) Probability that node j isiinfected at time # but does not infect i through an edge
(1)"*1”"(1) Probability that nodes k-and [ are infected at time ¢ but do not infect i through a 2-simplex
P (r) Probability that nodes a, b, and c are infected at time ¢ but do not infect i through a 3-simplex
dg(i,v) Shortest distance between i and v in graph G
(k1) Average degree of nodes in 1-simplex
N Number of nodes in the network
ky Average degree of nodes in 2-simplex
¢ Epidemic network propagation threshold

2. Definitions

This:section defines simplex complexes, introduces prop-
agation models on simplex complexes, and addresses the
source detection problem on simplex complexes.

2.1. Definition of simplex complexes

A simplex complex is defined as M = (V,C), where V de-
notes the set of vertices and C denotes the set of simplices.
A kth-order simplex o C C represents a higher-order interac-
tion involving k + 1 vertices. As shown in Fig. 1(a), within a
simplex complex, Oth-order simplices represent individual ver-
tices, 1st-order simplices represent edges, and second-order
simplices represent “full” triangular faces, etc. A simplex
complex satisfies the closure condition: if a simplex o C C,
then all sub-simplices € C ¢ must be included in C. For in-
stance, if the second-order simplex @ = {vp,vi,v2} C C, then

{vo}, {v1}, {va}, {vo,v1}, {vo,v2}, and {v;, v, } are also in C.

2.2. The SIR model on simplicial complexes

To characterize social reinforcement mechanisms during
propagation, this paper defines an SIR propagation model on
simplex complexes. In this model, each node exists in one of
three states: susceptible (S), infected (/), or recovered (R). In-
fected nodes transmit infection to their susceptible neighbors.
The process proceeds as follows:

(1) At ¢ = 0, activate nodes to obtain a seed set and a set
of inactivated nodes;

(2) t = 1: Set the edge infection probability to B, the
2-simplex infection probability to B, ..., and the n-simplex
infection probability to f,. For each inactive node v, infect it
via the following possible pathways:

a) If v is within a 1-simplex (u,v) and u is an infected
node, u infects v with probability B;. As shown in Figs. 1(b)-
1(g), red edges represent S-state individuals being infected via
1-simplex with probability S;.
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b) If v is in a 2-simplex (u,v,/) and both u and / are in-
fected nodes, v can be infected with two 3| probabilities plus
an additional 2-simplex probability ;. The red “filled” tri-
angular faces in Fig. 1(f) represent S-state individuals being
infected via a 2-simplex with probability f,. Similarly, for
a node v in an n-simplex, if all other nodes in the n-simplex
except v are infected, then v is infected with an n-simplex in-
fection probability f3,,.

Each node infected in the previous time step transitions
to the recovered state with recovery probability (, as shown in
Fig. 1(h).

(3) Repeat step (2) until time step T is reached.

Process of infection

Simplicial complex Recover

@ o () © (d)
B1 B/ \
. o I | i 517
B
[ ]
° (e) () ()
(] ! B1 B B B
. ' Bo. ( Iy

U1
SIR model
oS
[ 4
@R
®
s E(S)
v, | 1243
v, | 987
v, | 85 <~
ve | 13.89
v, | 1456

lscomp = argmin E(i) = v,
ieVyp

PE(T, v4), PF(T,v4), PE(T, v4)

2.3. Source detection problem on simplex complexes

For a given simplex complex M = (V,C), based on the
SIR model, an infection signal propagates from a single node
i € V. After time ¢, we can only observe the state of nodes at
time ¢ (the time snapshot O;). Different source nodes generate
distinct state snapshots at time f. The goal of source detec-
tion is to infer which node i is most likely the source using
the snapshot state information O; and the network topology
information M. Mathematically, it can be expressed as

s* =argmax P (O | i,M): (1)
eV

3. Message passing algorithm based on simpli-
cial complexes

After the simplicial complex network undergoes the SIR
propagation model, all nodes in the network are in the S, /, or
R state, as shown in Fig. 2(b). In this paper, we generalize to
simplicial complex networks with up to 3-simplex. For node i,
we define Pi(), Pj(t) and Pj(t) to represent the probabilities
that node i is in each state at time ¢, respectively.

P§(0,v4), PF(0,v4), PK(0,v4)

Fig. 2. Framework diagram of the SCDMP algorithm. (a) A simplicial complex network with node v4 as the source node. (b) The state of each node
at the final time 7 obtained by propagation according to the simplicial complex SIR propagation model. (c)—(e) According to each candidate source
node (infected node), the probabilities of each node being in the three states at the final time 7 are obtained by iterating from the initial time through the
simplicial complex dynamic message passing algorithm. (f) The most likely source node is obtained according to the objective equation.

In a simplicial complex, if node i is in the S state at time
t, it means that, on the one hand, the node is in the S state
at the initial time # = 0 (denoted as P%(0)), and on the other
hand, all nodes connected to it and all simplices it belongs
to have not transmitted infection information to it until time
t. Specifically, we define 8/7(¢) as the blocking probability
that the propagation information is not propagated from node

j to node i through a 1-simplex (edge) until time 7, 8%/7(z)
represents the blocking probability that the propagation infor-
mation is not propagated from nodes k and [ to node i through
a 2-simplex until time ¢, and 8%?~(¢) denotes the blocking
probability that the propagation information is not propagated
from nodes a, b, and c to node i through a 3-simplex until time
t. It is noted that a node cannot self-propagate. Therefore, we
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obtain the probability that node i is in the S state at time ¢:

PS — PS H 6/%1 H ekl*)l
Jer(i k€A (i
% H Ba.b,cﬁl(t)7 (2)
a,b,ce(i)

where I"(i) is the neighbor set of node i, A(7) represents the
two nodes (excluding node 7) in the set of 2-simplex that node
i belongs to, and Q (i) denotes the three nodes (excluding node
i) in the set of 3-simplex that node i belongs to. The first prod-
uct term represents that node i is not infected by an edge, the
second product term represents that node i is not infected by a
2-simplex, and the third product term represents that node i is
not infected by a 3-simplex.
Node i is in state R at time ¢ if it was already in state R at
t — 1, or if it was in state / at  — 1 and recovers with proba-
bility pt. Once recovered, it will remain in the recovered state
permanently, which is expressed as

Pr(r) =

Then, the probability that node i is in the infected state at time

Pi(t—1)+uPj(r—1). 3)

tis

Pi(r) = 1—Py(t) — Pr(t). €))

To calculate the three blocking probabilities in Eq. (2),
we introduce three additional probabilities. ¢/~(¢): the prob-
ability that node j is in the infected state at time ¢ but does
not infect node i through an edge; ¢*/~(¢): the probability
that nodes k and / are in the infected state at time ¢ but do not
infect node i through a 2-simplex; ¢-*7*(¢): the probability
that nodes a, b, and c are in the infected state at time ¢ but do
not infect node i through a 3-simplex.

041 (1) 2 (1 B -
_!_(Péc%i(t_l) Pk%z( ))Plﬁz(

Simplifying Eq./(9), we have

20(1 = )+ Bop? + 2ot (1 — ) ¢ (e = 1)+ (1= )P (e — 1) (P (e — 1)
(1= )+ (Pt —

Therefore, the updated formulas for the blocking proba-
bilities of edges, 2-simplex, and 3-simplex are

0/ (t+1)— 077 (1) = —B1o7 (1), ®)
ek,lai(t + 1) _ ek,lﬁi(t) _ —[32(]51{’1%"([), 6)
ea,b,c%i(t + 1) _ ea,b,cﬁi(t) _ _ﬁ3¢a,b,cﬁi(t). (7)

There are three cases for the change of ¢/~(¢): 1) Node
j infects node i through an edge; 2) Node j transitions to the
recovered state; 3) Node j changes from state S to state / from
time ¢ — 1 to time ¢. The update formula for ¢/=(¢) is obtained
as

(1=py) (T=p)¢/ 7" (t — 1)
+P e~ 1)—P7), ®)

o77(1) =

where the term (1 — ) (1 — )¢/ (t — 1) represents that j
neither recovers.nor infects node i through an edge from time
t —1 to time ¢, and P_{Ai(t -1
infected from time ¢ — 1 to time ¢, which needs to be added to

— Pgﬂi(t) represents that j is

reflect this new infection non-propagation state.

For the change of ¢*/~(¢): 1) k and [ infect i through
a simplex; 2) Both k and [ recover; 3) One of k and [ recov-
ers while the other does not; 4) k is always in state /, and /
changes from state S to state / from time # — 1 to time ¢; 5)
[ is always in state I, and k changes from state S to state /
from time ¢t — 1 to time ¢; 6) Both k and / were in state S be-
fore and change to state [ at this time. Among them, the term
Bopt? 4281 (1 — ) acts as a compensation term, accounting
for the scenarios where k and [ infect i at the same time and
both transition to the recovered state, or infect i at the same
time with one of them transitioning to the recovered state.

S 0)

— 1) =B (0))(PE (0 — 1) = P (1)). ©

oNI1) = (1= Bo) (1= p)*¢" "7 (e = 1)+ (1= )P (1 = 1P (1 — 1) — P (1))
(P = 1) = BB (= D)1= )+ (P (0= 1) = P (0) (P (= 1) = PE (1) (10)
Similarly, we can derive the update formula for ¢@><=(¢):
0°<(0) = (1= Ba)(1— )60 = 1)+ (1 w)2PE" (e — 1)RE (e — (B (e = 1) = K1)
(1= )P (e = DB (e = 1P (= 1) = P (1))
(L= )PP (e = 1P (e~ 1)(P“_"(f 1) —P{7(1))
(L= )P (0= 1) (P (e = 1) = PS(0)) (P (e — 1) — P§(1)
(L= )P (e = 1P (1 —1) — “_”(f))( THe—1)—P{T(r))
H(L= )P (= (P (0= 1) = P () (B = 1) = B (0)
(P (e = 1) = P () (PY (e — 1) = PY () (P (1 — ) P (1)), (1D
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wherein the first term on the right-hand side of the equation
represents that nodes a, b, and ¢ maintain their state at time
t —1 (i.e., none of them recovers and they do not infect node
i through a 3-simplex) until time ¢; the second, third, and
fourth terms on the right-hand side of the equation indicate
that among nodes a, b, and ¢, two were in state [ at the previ-
ous time and remain in that state until time ¢, while the other
one changes from state S to state / from time ¢ — 1 to time #;
the fifth, sixth, and seventh terms on the right-hand side of the
equation denote that among nodes a, b, and c, one was in state
I at the previous time and remains in that state until time ¢,
while the other two change from state S to state / from time
t — 1 to time ¢; the last term represents that all nodes a, b, and
c change from state S to state / from time ¢ — 1 to time 7.

Consider an auxiliary dynamic D;: node i is always in
state S, that is, the state of node i is not considered. Under
event D;, i will not cause any infection, which enables us to
assume that the neighboring branches of i are mutually inde-
pendent. Then, under dynamic D;, the probability that node j
is in state S at time ¢ is

P70y = P{0) [T ") I e~ «)

mel (j)\i xy€A(j)\i
x I e (12)
a,b,ceQ(j)\i

Using the update formulas derived above, we iterate from
the initial state

07 (0) = ekaHl‘(O) = ea’bvﬁj(O) =1, (13)
9'7(0) = P (0). (14)

First, the initial values of the blocking probability 6 in
Eq. (13) are used to iteratively update the state probabilities of

each node according to Egs. (2)—(4). Then, the initial values of
the probability 6 in Eq. (14) are used to iteratively update the
three types of blocking probabilities according to Egs. (5)—(7).
Finally, the probability 6 is iteratively updated based on the
state probabilities in Eqgs. (8), (10)—(11). Through the above
process, the probabilities of each node being in different states
at different times can be obtained.

Given time ¢, using Bayes’ rule, the probability that node i
is the propagation source and the joint probability of the given

snapshot observation state is

P(O; | i,M) =
keO,,qk(t):S

<11

meO0; ,qm(t)=R

Pty ] Pl

1€0;,q(t)=I
PRi(2,0), s)

O; is the snapshot set, g;(r) = S indicates that node k is in
state S at time snapshot ¢, and Pé‘(z‘7 i) represents the probabil-
ity that'k is in state S at time ¢ when i is the propagation source.
The probability calculated by this formula may be too small to
compute. Therefore, we perform a logarithmic transformation
on the result. To ensure the result is positive, we need to take
the negative value. Finally, we obtain the expression defining
this energy function:

E(i) = —log(P(0, [i,M))
= —< ) log PX(z,1) + ) log P! (t,i)
k€O ,qi(1)=S 1€0;,q;(t)=I
+ ) logP{{'(t,i)>. (16)

meO0; .qm(t)=R

Algorithm 1 SCDMP algorithm

Input: Adjacency matrix, 2-simplex adjacency tensor, 3-simplex adjacency tensor, By, B2, B3, 4, Node state snapshot Sgpap, maximum time T

Output: Energy value E

1: Initialization: blocking probabilities, propagation message probabilities, node state probabilities, and edge state probabilities.

2:fort=1to T

3:  Set current time layer ¢ and previous layer p.

4 for each node u € V

5 Compute the product of blocking probabilities for edges, 2-simplex, and 3-simplex involving node u according to Eqgs. (5)—(7).
6 Update the S, I, R state probabilities of node u according to Eqs. (2)—(4).

7: for each neighbor v of u

8 Update the edge state probability according to Eqs. (12)—(14).

9: Update the edge propagation message ¢,., according to Eq. (8).

10: end for

11: for each 2-simplex (u,v,w) containing u

12: Update the 2-simplex propagation message @, (,,,,) according to Eq. (10).

13: end for

14: for each 3-simplex (u, v, w,x) containing u

15: Update the 3-simplex propagation message Pz, (,,,.x) using the 3D extension of Eq. (11).
16: end for

17:  end for

18: end for

19: Compute the negative log-likelihood based on the snapshot Sgnap and the node state probabilities at the final time to obtain the energy E.

20: return E
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The lower the energy value, the more obvious the stabil-
ity of the node state is reflected. Therefore, the current node is
most likely to be the propagation source to achieve the current
result. By sorting the nodes according to the energy values,
different nodes can obtain corresponding sorting values. We
define the node with the lowest sorting value as the propaga-
tion source node to be found, expressed by

iscpmp = arg min E (i). a7
i€Vip

As shown in Figs. 2(d)-2(f), from the initial time to the
snapshot time 7, we sequentially perform calculations based on
the above formulas, and finally obtain the state probabilities of
each node at the snapshot time ¢, thereby solving the answer
to the target Eq. (17). The algorithm of the SCDMP is given
in Algorithm 1.

Specifically, the time complexity of the SCDMP algo-
rithm primarily arises from the iterative message-passing pro-
cess performed for each candidate source node. For a simpli-
cial complex network with N nodes, average degree D, aver-
age number of 3-simplex per node K3, and maximum prop-
agation time 7', the per-step computational complexity for
each candidate source is O(D + D? + K3). When evaluating
N candidate sources over T time steps, the total complexity is
O(N-T-(D+D*+K3)).

4. Experiments
4.1. Baseline methods

No prior work exists specifically addressing source de-
tection in simplex complexes. Therefore, we employ five
centrality-based methods to infer source nodes: Jordan cen-
trality, eigenvector centrality, and label-based source identi-
fication algorithms — all designed for traditional graphs. ]
We treat the simplex complex M as a traditional graph G (i.e.,
considering only the 1-simplex structure). Furthermore, the
higher-order closeness centrality and higher-order between-
ness centrality are considered as the source detection algo-
rithms for hypergraphs. To compare with them, we treat the
simplex complex M as a hypergraph H (i.e., treating an n-
simplex as n+ 1 hyperedges).

1. Jordan centrality (JC): In traditional graphs, a node’s
Jordan centrality is defined as the minimum distance to reach

a6 ={

mianO’,‘,qGO'j d\G (pvq) + 1;

nodes i and j are in the same hyperedge,

all other infected nodes and recovered nodes.[!2] 1t is defined
as

IC(,G) =Y dg(i,v), (18)

VGVI"R

where dg(i,v) is the shortest distance between nodes i and v in
the undirected graph G, where v is a node in either the / or R
state.

2. Eigenvector centrality (EIG): This 'measure follows
the principle that nodes connected to. other important nodes
in the network are more significant.*%4!l Mathematically, as-
suming x; represents the importance of node j and A is the net-
work’s adjacency matrix, the importance of node i can be ex-
pressed as the sum of the importance values of all directly con-
nected nodes j, where ¢ is a proportionality constant. There-
fore,

n
EIG(i,G) =x;=c Y Ajjx;. (19)
J#i

3. Higher-order clustering coefficient (HCC): Its cal-
culation is based on the subgraph formed by infected nodes,
termed the “infected hypergraph” (H'). The HCC value equals
the reciprocal of the sum of the shortest path distances from
the node to all other infected nodes within the H. The node
set V! of the H' represents the infected nodes at time 7. For
each hyperedge in the original hypergraph H, a subset of nodes
from V/ constitutes a hyperedge in the H. For example, if the
original hyperedge 6 = {v,v2,v3} has only v; and v; infected
at time T, then {v{,v,} forms a hyperedge in the H'. Tsolated
nodes are excluded from the H', and duplicate hyperedges are
counted repeatedly.

Let n denote the number of nodes in the infected hyper-
graph H'. To define the HCC, we first introduce the s-distance
concept from distance calculation methods in hypergraphs. [4?!
Two hyperedges are s-adjacent if they share at least s nodes.
Each pair of adjacent hyperedges is s-adjacent. The shortest s-
distance d2(p,q) between two hyperedges p and g is defined
as the length of the shortest s-path connecting them. If no
such s-path exists, their s-distance is defined as co. Based on
this definition of hyperedge distance, we define the s-distance
between nodes. Let o; denote the set of hyperedges contain-
ing node v;. We define the distance between nodes v; and v},
denoted as d} (i, j), by

others. (20)

Ultimately, the higher-order centrality of node v;, denoted as HCC(i), is given by the following equation:

L a6 .
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where spax 1S a parameter representing the maximum s-
distance considered, while 1/s? is a parameter controlling the
contribution of different s-distances to HCC(i).

Sets Smax = 3.

This paper

4. Higher-order betweenness centrality (HBC): This
metric extends the traditional network concept of betweenness
centrality to the hypergraph. Specifically, we identify all s-
paths within the infected hypergraph H'. The higher-order be-
tweenness centrality of node v; is denoted as HBC(i), defined
as

ol ()

HBC(i) =Y — :
e S vk M

(22)

where mj-k denotes the number of shortest paths s between
nodes v; and vg, and mfk(vi) represents the number of these
shortest paths that pass through v;. This paper sets Smax = 3.

5. Label propagation-based source identification algo-
rithm (LPSI):['31 LPSI captures source centrality features in
its methodology design. It proposes performing label propaga-
tion on the observed states of a network. By setting an initial
state vector Y for iteration, the final convergence formula for
label propagation is as follows:

7' =(1-a)(1—as)"y. (23)

In the state vector Y, nodes in the infected or recovered
state are set to 1, while all other nodes are set'to —1. S =
D'2AD~1/2 is the normalized weight matrix of the graph,
and « is the score derived from label information from neigh-
bors, with & = 0.5 adopted in this paper. When anode’s final
label is greater than other nodes, it can be viewed as a source.

4.2. Datasets

Although the theoretical framework covers a higher-
dimensional 3-simplex, the main experimental results focus on
a 2-simplex for clarity. We ultimately validate through experi-
ments that these findings generalize to a 3-simplex. Two syn-
thetic network types were employed: random simplex com-
plexes and scale-free simplex complexes.

The Erd6s—Rényi simplicial complex (ERSC) model gen-
erates simplicial complexes with uniform degree distributions.
The generation process is as follows: Generate edges between
any two nodes with probability p;. First, identify the existing
2-simplex in the generated random network. Then, generate a
2-simplex between any three nodes until the desired number
of 2-simplex is reached.

The Barabasi—Albert simplicial complex (BASC) model
generates networks with heterogeneous degree distributions.
The generation process is as follows: Generate a scale-free
network using the Barabdsi—Albert model, where each newly
added node preferentially selects m existing nodes to form
edges. We first locate existing 2-simplex within the generated

scale-free network, then generate 2-simplex between any three
nodes. This continues until the desired number of 2-simplex
is achieved. The generation of 3-simplex in ERSC and BASC
follows the same procedure as 2-simplex, ensuring the closure
structure of simplices throughout the process.

This study constructs real simplicial complexes using six
real datasets. Among them, the InVS15, Thiers12, and Lyon-
school simplicial complex networks are reconstructed from
real-world face-to-face time-series datasets:!*’] While Aves-
weaver-social, Bio-diseasome, and Net-science are real sim-
plicial complexes obtained by randomly selecting triangles
from real networks[*4! as 2-simplex. Table 1 presents the basic
statistical characteristics of the real networks constructed us-
ing the aforementioned method. Here, N denotes the number
of nodes in the network, (ki) represents the average degree of
nodes in 1-simplex, <k%> represents the second-order average
degree of nodes in 1-simplex, k» = 3num(A)/N denotes the

average degree of nodes in 2-simplex and B{ = 7 ki) s the

12— (k)
threshold for the network propagation rate during an epidemic

outbreak.

4.3. Experimental settings

To measure the performance of the algorithm, real source
in rank is used to evaluate the performance of different algo-
rithms in propagation source detection. This real source in
rank is derived based on the calculated value of each algo-
rithm. For example, the SCDMP algorithm sorts according
to the energy values in Eq. (16) in ascending order, while the
comparison algorithm sorts according to each centrality value
in descending order. We randomly select 500 source nodes
from V, simulate propagation for each, and average the detec-
tion results over all runs.

Table 2. Properties of simplicial complex networks.

Network N (k1) ko Bf

Aves-weaver-social 445 6 4.20 0.13
Bio-diseasome 516 4.60 3.16 0.13
Net-science 380 4.82 1.45 0.14
InVS15 211 7.52 2.19 0.11
Thiers12 156 4.56 1.21 0.19
Lyonschool 222 542 2.18 0.17
ERSC 500 3.92 0.98 0.24
BASC 500 3.97 1.08 0.16

4.4. Main results

First, we conduct experiments on a simplicial complex
network with the highest dimension of 2, taking snapshot
times t = 4 to 10. We observe the variation of the real
source in the rank of each method across six real datasets
and two synthetic datasets. As shown in Fig. 3, we find that
our SCDMP algorithm consistently remains optimal in most
cases, the LPSI algorithm performs sub-optimally, and the four
centrality-based algorithms (JC, EIG, HBC, and HCC) per-
form the worst. At the snapshot time ¢ = 4, the real source

108901-8
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rank of our algorithm is slightly higher than that of the com-
parison algorithms on seven out of the eight datasets, with the
exception of Aves-weaver-social. This is because the snap-
shot time is too short, and the role of 2-simplex is relatively
limited at this time, leading to poor performance. Moreover,
at this time, all algorithms have similar source detection ca-
pabilities with little difference. Meanwhile, after + = 4, the
real source ranking value of our algorithm is much lower than
that of other algorithms, indicating that our algorithm is more

effective. In addition, we observe that as the snapshot time

increases and the propagation range expands, the source de-
tection performance of each method deteriorates accordingly,
which is consistent with real-world scenarios. When the infec-
tion range expands, it becomes more difficult for us to identify
the source. Furthermore, among the six real datasets and two
synthetic datasets, as the snapshot time becomes longer and
detecting the real source becomes more difficult, the perfor-
mance gap between our algorithm and other comparison algo-
rithms becomes more obvious, indicating that our algorithm
has higher stability and robustness.

Bio-diseasome Net-science Thiers12 InVS15

. 40 ——ScDMP . M20 . 120
. £ Rk £ 10d
g g g £ 80
3 8 20 3 8
5 20 5 510 5 60
2 2 2 2
g 10 g 10 g g >
S 4 & = 20

0 0 0 0

4 6 8 10 4 6 8 10 4 6 8 10
t t t
Lyonschool 20 50 ERSC %0

40
4 - -
g Els z g Zg
.8 g .8 £
o 53 ) A; 50
g g g g
P 510 5 / 5 40
Z Z Z Vad 230
8 S 8 y/// 3 20
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Fig. 3. Variation of the real source ranking values of different methods with snapshot time (2-simplex). f; = 0.3, B, = 0.3 and u = 0.5.
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Fig. 4. Frequency distribution of the top 5 rankings of each method across eight datasets. §; = 0.3, B, =

To demonstrate the accuracy of each method, we plot the
frequency distribution of the top 5 rankings of each method
under 500 simulations with parameters + = 6. As shown in
Fig. 4, a ranking of 1 indicates that the predicted source node
is the real node. Across the eight datasets, our algorithm out-
performs all other comparison algorithms. Moreover, in most

cases, when the real source ranks 2, 3, 4, or 5, our algorithm

0.3,and u =0.5.

also outperforms the other algorithms, which is consistent with
the experimental results of the average ranking of real source
nodes. The LPSI algorithm performs sub-optimally, while the
other four indicator-based algorithms perform similarly.

To further verify the performance of our algorithm under
different propagation model parameters, we conduct a param-

eter sensitivity analysis on three propagation probability pa-
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rameters (taking values from 0.1 to 0.8) across four different
real datasets, with parameters ¢t = 6. As shown in Fig. 5, un-
der the fixed parameters t = 6, B, = 0.3, and u = 0.5, when
taking different values of f3;, we find that as f; increases, the
number of infected nodes increases, and the performance of
all methods declines, which is consistent with real-world sce-
narios. In addition, we observe that as 3; increases, the gap
between the evaluation ranking of our algorithm and that of
the comparison algorithms becomes larger, which corresponds
to the conclusion in Fig. 3 and once again verifies the robust-
ness of our algorithm. The second row of Fig. 5 presents the
parameter variation experiment for the propagation probabil-
ity of the 2-simplex. Due to the relatively small number of
existing 2-simplex, the number of infected nodes does not in-
crease significantly with the increase of B, as it does with

Bi, so the change of comparison algorithms is not obvious.
When B, = 0.5, the algorithm’s performance declines due to
its underlying assumption of strong 2-simplex effects. In prac-
tice, however, when 2-simplex are sparse, a higher 3, does not
substantially enhance their actual influence, leading the model
to underperform compared to configurations with a lower f3;.
Nevertheless, it still surpasses all baseline methods. The last
row of Fig. 5 shows the parameter variation experiment for the
recovery probability. From the experimental results, we can
observe that as u increases, the performance.of all algorithms
improves. This is because when. the recovery probability be-
comes larger, the number of nodes in the infected state de-
creases, and thus the number of infected nodes also decreases,
making it easier to identify the source node.
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Fig. 5. Real source ranking values of various methods under different values of parameters f, 3, and p. Set B, = 0.3, u = 0.5 in the first
line; set B; = 0.3, u = 0.5 in the second line; set f; = 0.3, B, = 0.3 in the third line.

To further validate the robustness of our algorithm, we
conducted additional experiments under new parameter con-
figurations. As shown in Fig. 6, the parameter settings are
(B2,1) = (0.3,0.8), (B, 1) = (0.3,0.8), (B1, B2) = (0.5,0.3);
and as shown in Fig. 7, the parameter settings are (3, 1) =
(0.5,0.5), (Bi1,1) = (0.5,0.5), and (By,B,) = (0.3,0.5). The
results, presented in the newly added figures, exhibit similar
trends to those previously observed, further confirming the
consistency and stability of the proposed method.

In addition, since there are very few 3-simplex in real

datasets, we generate two synthetic networks, ERSC3 and
BASC3, with the highest simplex dimension of 3. As shown in
Fig. 8, the accuracy of real source ranking for different meth-
ods is presented across varying network sizes (columns, from
small to large) on ERSC (first row) and BASC (second row)
synthetic networks. Experimental results show that as the net-
work size increases, the trends of real source ranking over
snapshot time exhibit varying degrees of fluctuation across
different methods. However, under all size settings, our pro-
posed method consistently outperforms the compared meth-
ods in terms of ranking accuracy and stability. Especially in
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large-scale networks, where the ranking performance of other

methods significantly degrades, our method maintains a high

ranking accuracy, demonstrating its excellent scalability and

robustness.
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108901-11

Set B, = 0.5, £ = 0.5 in the first



Chin. Phys. B 35, 108901 (2026)

ERSC3-400 ERSC3-600 ERSC3-800 ERSC3-1000
307 —=— SCDMP 401 % 401 . /A
g 25 % g 2 401
£ 20 2307 £ £ 1/
jo3 (5} o o
215 2 50 2 104 2
3 2 20 22 2 201
Z 10 2 2 =z
s < i < <
2 s 2! & Z
0 0+— 0 0
100 |
< 60! 5ol 100
£ = 2 80 =R
£ 5 EGO £ 80 g 80
3 40] £ 601 £ (] £
g 40 § B 60 a 601
2 30 3 404 = o
z g 40 2 40/ 2 407
§ 201 o = 2
e~ B <
101 x 2] & 207 2 20 .
0 0 0 0 ‘
4 6 8 10 4 6 8 10 6 8 10
t t t
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5. Conclusion

The accurate identification of information sources in
complex networks is pivotal for tasks such as public opinion
monitoring and epidemic control. This paper studies source
detection problems using a dynamic message passing algo-
rithm defined on simplicial complexes. Specifically, we first
introduce an SIR spreading model on simplicial complexes,
then develop a corresponding message passing framework.
Building upon this theoretical foundation, we subsequently
develop an energy-based metric to infer the propagation source
within simplicial complex networks. Experiments.on two syn-
thetic datasets and six realistic datasets, in comparison with
five baseline methods, are conducted under varying simulation
conditions (including different snapshot times, simplex propa-
gation probabilities, and recovery probabilities) to comprehen-
sively evaluate performance. The tesults show that the pro-
posed SCDMP algorithm consistently achieves the best per-
formance in most scenarios. Whether on simplicial complexes
of maximum dimension 2 or 3, the performance advantage of
SCDMP becomes increasingly pronounced as snapshot times
grow and the source localization problem becomes more chal-
lenging, demonstrating the algorithm’s stability and robust-
ness. Furthermore, parameter sensitivity analyses confirm that
SCDMP maintains strong performance across diverse model
settings.

Although the SCDMP algorithm demonstrates promising
performance in source detection tasks, several aspects warrant
further investigation. Future work could extend the current
framework to multi-source scenarios, which are more common
in real-world propagation such as multi-wave epidemics or ru-
mors originating from multiple sources. In addition, it would
also be valuable to explore the integration and comparison of
the proposed method with other higher-order network repre-
sentations. Such efforts would advance the theoretical devel-

opment of source detection in complex networks and support
its broader application in real-world propagation settings.
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