PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

Deep Identification of Propagation Trees in Graph Diffusion

Zeeshan Memon'* , Chen Ling'", Ruochen Kong', Vishwanath Seshagiri’’, Andreas
Ziifle! and Liang Zhao'

'Emory University
Meta
{zeeshan.memon, chen.ling, ruochen.kong, vishwanath.seshagiri, azufle, liang.zhao} @emory.edu

Abstract

Understanding how information or influence prop-
agates through a network, such as during an epi-
demic outbreak or the spread of misinformation,
is a fundamental yet challenging problem. While
prior works have focused on cascade prediction
(forecasting future infected nodes), network infer-
ence (recovering latent global diffusion graphs), or
source localization (identifying diffusion’s origin),
these approaches do not recover the actual “who-
infected-whom” propagation tree for a specific dif-
fusion instance. We introduce DIPT (Deep Identifi-
cation of Propagation Trees), a probabilistic frame-
work that infers propagation trees from final ob-
served node diffusion states, without knowledge of
the underlying diffusion mechanism. DIPT models
local influence strengths between nodes and uses a
discrete-continuous alternating optimization strat-
egy to jointly learn the diffusion mechanism and
infer the propagation structure. Empirical results
across eight real-world datasets demonstrate that
DIPT consistently outperforms existing approaches
in reconstructing propagation trees:

1 Introduction

Graph inverse problems aim to uncover the underlying causes
of observed phenomena in networks [Wang et al., 2022;
Ling et al., 2022]. A prominent example is diffusion source
localization, which identifies the origin(s) of spread from
the final infection state. Recent GNN-based models have
advanced this task [Ling er al., 2022; Yan er al., 2024,
Wang et al., 2023; Ling et al., 2024]. However, source local-
ization alone provides limited insight to understand the un-
derlying diffusion dynamics. As shown in Fig. 1(a), source
localization identifies only the origin nodes among the in-
fected (pink). Hence, to capture the full transmission path-
ways revealing not just the sources, but also the sequence of
infections and who influenced whom as shown in Fig. 1(b),
without knowing the underlying diffusion mechanism is a

*Extended version with appendices including proofs and theoret-
ical analysis is available on arXiv: https://arxiv.org/abs/2503.00646.
TWork done while at Emory University.

a) Source Localization b) Propagation Tree

Identification

Figure 1: Given the diffused state (pink color nodes), source local-
ization aims to identify the source nodes (red) only (a), while prop-
agation tree identification further reveals how infection spreads, as
shown by blue arrows (b).

challenging problem. This paper focuses on such a prob-
lem which we call propagation tree identification. Under-
standing diffusion pathways is crucial across different do-
mains. In infectious disease modeling, identifying who in-
fected whom, known as contact tracing [Mokbel et al., 2020;
Kleinman and Merkel, 2020], enables interventions to pre-
vent further spread from initial carriers. In misinforma-
tion campaigns, understanding and tracing how false content
propagates helps to mitigate network-wide spread [Zhou and
Zafarani, 2019]. In phylogenetics, mapping genetic muta-
tions reveals evolutionary lineages [Penny, 2004; Bouckaert
et al., 2014]. In most real world cases, transmission typi-
cally begins from a few sources and spreads in tree or forest-
like structures, where each infected node may influence mul-
tiple others. There are research areas and works related
yet distinct from propagation tree identification. The first
type is prior-knowledge-based, such as Steiner-tree methods,
which require the diffusion mechanism, edge costs, or in-
fluence scores to model propagation mechanism [Mishra et
al., 2023]. These methods typically optimize a maximum-
likelihood objective over possible trees but lack learnable
components, limiting their adaptability to real-world settings.
In practice, such heuristics are often unavailable in domains
like disease spread, e-commerce behavior, or rumor propa-
gation. A separate line of work focuses on inferring global
influence graphs from timestamped cascade data [Gomez-
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Rodriguez et al., 2012]. While these methods are learning-
based, they operate on multiple cascades and infer global dif-
fusion networks shared across cascades, rather than recov-
ering the instance-specific propagation structure for a sin-
gle observed diffusion outcome. In contrast, a third class of
learning-based methods, closer to our setting, models cascade
dynamics from final infection states. However, they typically
aim to predict node states at fixed time points, without re-
covering the underlying “who-infected-whom” paths essen-
tial to propagation tree identification [Cutura et al., 2021;
Yan et al., 2024]. Consequently, learning these propaga-
tion paths without assuming a specific diffusion mechanism
remains underexplored due to the following nontrivial chal-
lenges: 1) Difficulty of inferring the unknown propagation
mechanism. Existing methods often rely on known diffusion
models such as Linear Threshold (LT), Independent Cascade
(IC), which make strong and often unrealistic assumptions
about how information spreads. These models struggle to
capture the complexity of real-world diffusion, where infec-
tion dynamics also depend on node attributes, e.g., a rumor’s
transmission from user A to B might depend on their trust
level, interest alignment, or social context. 2) Intractable
search space. The number of valid propagation trees lead-
ing to the observed infected nodes grows exponentially with
the size of the network, making joint inference over source
nodes and propagation edges highly intractable. 3) No or in-
complete observation of propagation tree during training.
In realistic scenarios, only a partial observation of the diffu-
sion process at edge level is available. For example, in epi-
demiological modeling, contact tracing rarely provides the
full transmission path, making it challenging to learn from
partial or no observations during training [Rodriguez et al.,
2014].

Our main contributions are:

* We propose a graph inverse problem called propagation
tree identification, which aims to infer “who infected
whom” given the final diffusion state, without assuming
the underlying diffusion mechanism.

* We formulate a mathematical problem for the propaga-
tion tree identification which is a maximum-likelihood of
a Bayesian network characterizing the diffusion process.

* We develop a discrete-continuous alternating optimiza-
tion framework to jointly infer propagation trees (discrete
problem) and learn diffusion process (continuous prob-
lem) without access to ground truth paths.

2 Previous Work

Propagation Path Reconstruction. Early methods esti-
mate global edge weights from historical interactions and use
heuristics like LeaderRank with probabilistic inference to re-
cover global directed graphs [Gomez-Rodriguez erf al., 2012;
Zhu et al., 2016]. Deep models such as 13T and DeeplS [Tai
et al., 2023; Xia et al., 2021] combine GNNs, sequence
encoders (e.g., Bi-LSTM), and attention to capture struc-
tural and temporal diffusion features. Others improve
scalability through community-aware path modeling [Zhu
et al., 2023], though these methods focus on forward

diffusion from known sources. A separate line of direc-
tion frames path reconstruction as a Steiner tree problem,
recovering cascades via minimal-cost trees over ob-
served infections [Mishra et al., 2023; Jang et al., 2021,
Rozenshtein et al., 2016]. While effective, these methods
depend on heuristics like hand-crafted cost functions,
assumptions about edge weights or infection timestamps,
limiting their adaptability in realistic settings. Recent genera-
tive approaches instead aim to infer diffusion paths from final
observed node states. [Qiu et al., 2023] reconstructs diffusion
histories from a single final snapshot by estimating poste-
rior barycenters with MCMC and GNN-guided proposals.
[Cutura ef al., 2021] use a Variational Autoencoder to model
node trajectories, but performance degrades as time horizons
grow. DDMSL [Yan er al., 2024] employs discrete diffusion
models for source localization and snapshot prediction, yet
both fail to reconstruct explicit transmission edges—i.e., the
“who-infected-whom” links critical for full path recovery.

Source Localization. = Classical approaches estimate one
or more sources under SI/SIR models using full or partial
observations [Prakash er al., 2012; Wang et al., 2017,
Zhu et al., 2016; Zhu and Ying, 2016; Zang et al., 2015;
Zhu et al., 2017].-GNN-based models [Dong et al., 2019] im-
proved accuracy, but often lack uncertainty quantification and
incur high inference costs on large graphs. More recent meth-
ods [Ling er al., 2022; Wang et al., 2022; Wang et al., 2023;
Xu et al., 2024] learn latent source distributions without
strict diffusion assumptions. However, these are limited to
localizing sources or reconstructing discrete-time infection
states, without recovering full propagation edges.

Alternating Optimization in Graph Problems. Alternat-
ing optimization is used for tasks involving latent variables.
[Xiao et al., 2021] apply it in GNNs to learn personalized
propagation strategies, while GLEM [Zhao et al., 2022] alter-
nates between language models and GNNs for scalable learn-
ing on text-attributed graphs. MLCO [Wang e al., 2021] uses
bi-level optimization for joint structure and reasoning. These
works demonstrate the effectiveness of alternating updates in
jointly refining model parameters and latent structures. In-
spired by this, our method uses an alternating optimization to
jointly infer propagation trees and learn diffusion dynamics.

3 Methodology

3.1 Problem Formulation

Given a graph G = (V, E,y), where V is the set of nodes,
E CV x V is the set of edges, and y € {0, 1}|V‘ is a binary
infection state vector indicating whether node v is infected
(y» = 1) or not (y, = 0), the objective is to reconstruct
a propagation tree 7 given the observed infections. Infor-
mation spreads through directed propagation trees rooted at
source nodes s € {0,1}/V], where s, = 1 denotes that node
v is a source. Each node v € V is associated with a feature
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vector F, € RY, forming a node feature matrix F € RIVI*4
where d is the feature dimension.

3.2 Objective Function

We formulate propagation tree identification as a maximum a
posteriori (MAP) estimation problem. The goal is to jointly
infer the source distribution § and propagation tree 7 that
maximize the joint probability P(s,y | T,G) of observed
infections:

57 = argmax, - P(s,y | T,G) (1)

However, (1) cannot be solved directly. Since the infection
state y is influenced by the graph topology G, source nodes,
s, and the propagation tree 7, we can decompose the prob-
lem. This reformulation simplifies the Maximum A Posteriori
(MAP) estimation as follows:

where P(s) represents prior distribution over source nodes
and P(y | s,7,QG) represents likelihood of observed in-
fections given the source nodes and propagation tree. We
model the likelihood and prior using parameterized functions:
Py(y | s,7,G) captures the diffusion process by learning
edge-level influence, and P,(s) encodes a learnable prior
over source node distributions. This leads to the following
training objective:

maxT 4. Pw(y ‘ S, T, G) . P¢(S) (3)

As T is unobserved and intractable, we optimize the objec-
tive in Eq. 3 by alternately updating (1) the propagation struc-
ture 7 given current model parameters (Section 3.4), and (2)
the model parameters (¢, ) given the inferred propagation
tree. This alternating optimization is summarized in Algo-
rithm 1 and its convergence is discussed in Theorem 2 in
Appendix D.2.

3.3 Estimating the Diffusion Process

We model the likelihood term Py (y | s, 7, G) in (3) using
a recursive diffusion process along the inferred propagation
tree 7. The joint infection probability is factorized as a prod-
uct of local conditionals over the tree structure:

Pﬂ’(y | S, T7 G) = H Pd)(y’u ! yPa(u,T))a (4’)
veV\s

where V'\ s denotes the set of non-source nodes, and Pa(v, T)
denotes the parent of node v in the tree 7. This factoriza-
tion imposes a tree=structured Markov property in which each
node is conditionally dependent only on its parent. Each local
conditional is parameterized by a learnable edge transmission
produced from node features:

my( Pa(v) —»v) = fy(Fy, Fpaw)) € (0,1), (5
where F', and Fp,(,,) denote the feature vectors of node v and
its parent, respectively, and my, (Pa(v) —v) is the edge trans-
mission probability. The marginal infection probability of a
child depends recursively on the marginal of its parent (we
suppress the explicit conditioning on (s, 7, G) for brevity):

Pw(yq,:1) = Pw (yPa(v):l) mw(Pa(v) — U),

Py(y,=1)=1, Vuées.

Algorithm 1: DIPT Training via Alternating Opti-
mization
Input: G = (V, E), features F, infections y, steps K,
epochs E, weights A, p

Output: ¢, ¢
Init ¢, ¢; for e = 1 to E' do

Ly = fy(Fu, Fy), V(u,v) € E; /7 (5)
Sample s ~ Py(s) ; // Sec. 3.5
Pyt (v) = Py(s0) ; /] ®)
for k = 1to K do
Py (v) =

max(Pit ™" (v), maxuec(w) Bl ()uv), Vo

; /7 9)
Pv = arg MaXyec(v) Piif)(u)luv fory,=1,v ¢ s;

7" ={(po,v)}: // (10)
Py(y | s,7",G) =Tl,¢s Po@o T up,) : /] 4
Compute Laitt, LrLos if Tobs:

Lobs = — Z(u,v)eﬁbs log Pw(yv | yu) H // (13)
L = Alaitt + LeLBo + [tLobs 5 /7 (14)
Update v, ¢ via VL

return ¢, ¢

To learn the diffusion process, we optimize the following neg-
ative log-likelihood over observed infection states:

Ligr = — Z [yv 10g ( Py (Ypa(n)) my(Pa(v) — v))
veEV\s

+ (1_yv) log(l - PTZJ (yPa(v)) (6)
my(Pa(v) = v)) }

This loss enables the model to learn localized influence pat-
terns across the tree structure and generalize the underlying
diffusion dynamics from observed infection outcomes.

3.4 Optimizing Propagation Trees

Since the true propagation tree is unobserved during training,
we estimate 7 * by maximizing (3) while keeping the model
parameters fixed with respect to 7. The inferred tree consists
of directed edges linking seed nodes s to observed infected
nodes y:

T* = argmaxy Py(y |s, T,G) - Py(s). @)

To approximate this structure, we first compute edge-level in-
fluence scores using fy, for all edges in G' ((5)), forming a
sparse influence matrix!' with entries I, = fy,(F,,F,) =
my(u — v), where each entry represents the learned trans-
mission strength along edge (u,v). Propagation scores are
then updated iteratively in a monotonic increasing way. At
iteration k£ = 0, initial infection probabilities are given by the
source prior:

By (v) = Py(s.). ®)

inf

"'We do not store a full influence matrix I € R!V!* ‘V‘; influence
scores are computed only for existing edges (u,v) € E.
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Atiteration k£ > 1, the probability of node v being infected is
updated by

PY (v) =max<1%ﬁ’§‘”(v), max PV (u) I> ©)

u€eC(v)

where C(v) denotes the set of candidate parents of v, i.e., its
infected neighbors in G. Because improvements can only
be inherited from nodes that improved in the previous iter-
ation, this induces a topological order on updates. Conse-
quently, the set of parent selections defines a directed dif-
fusion tree. Monotonicity (Theorem 1, Appendix D.1) and
acyclicity (Theorem 3, Appendix D.4) proofs are discussed
in the extended version. After K iterations, the propagation
tree 7* is constructed by assigning to each infected node v
the parent that maximizes its inherited likelihood under the
monotone update from neighbors that became infected in ear-
lier iterations2,

max

Py(yy) my(u —v),  (10)
weC(v) : t(u)<t(v) w(y ) d)( )

Py = arg
which, by construction, respects the topological order in-
duced by the updates and yields an acyclic propagation tree.

3.5 Learning the Prior of Seed Nodes

The intrinsic patterns of the prior over seed nodes, P(s), are
hard to model and often high dimensional, which leads to in-
tractability. To tackle it, we map s to a latent embedding z
in lower dimensional space representing the abstract seman-
tics. A variational inference framework is used to learn an
approximation of P(s), capturing its structure and variabil-
ity. It consists of a generative process Py, (s | 2)* that recon-
structs s from z, and a simple prior P(z), typically a standard
Gaussian N (0, I'), which regularizes the latent space.. The
variational posterior g4, (2 | s) approximates the intractable
P(z | s) and serves as the encoder. Variational inference is
introduced to efficiently approximate the intractable posterior
P(z | s) by optimizing the Evidence Lower Bound (ELBO),
ensuring that the latent variables z capture the variability of
s while maintaining regularization through the prior P(z).
The objective is to maximize the Evidence L.ower Bound for
P(s):

Leto = Eq, , (z1s) [10g Py, (8 12)] =KL (¢4, (2 | 8)[|P(2)) -

(1)
The first term ensures accurate reconstruction of s, while
the second term regularizes the latent distribution to match
the prior P(z). Learning prior over source nodes directly
addresses the challenge of intractable search space (Chal-
lenge 2). In real-world diffusion, source nodes are often
sparse, learning a prior provides a compact representation
of source configurations, enabling the model to learn a dis-
tribution over plausible sparse source sets. Sampling from
this learned prior avoids the need to enumerate an exponen-
tial number of candidate sources, thereby narrowing the joint
search space over source nodes and propagation trees.

“Here t(v) denotes the iteration index at which node v first be-
comes infected, i.e., the first iteration where Pil(f)(v) strictly in-
creases.

3¢p and ¢z represents decoder and encoder respectively

3.6 Incorporating Partial Propagation Path
Observations

The propagation tree is unobservable during training in our
problem setting, so the diffusion process is inferred solely
from the observed infection states y. However, in some
scenarios when partial observations of the propagation tree
Tobs C T are available, DIPT can also incorporate such su-
pervision to improve training. In such setting, the objective
function in Eq. 1 is extended to:

P(S,y ‘ 7:)bs;7:m0b57G) = P(y ‘ 577;bs U TjnobwG) .
P(Tovs | 8,y,G) - P(s) (12)

The unobserved portion Tynebs is inferred as before, while ob-
served edges (u,v) € Tops provide a supervised loss signal
and maximize the conditional probability Py (y., | yu):

Low == e 08 Polyo | ya)  (13)

This objective encourages the model to assign higher likeli-
hood to edges consistent with known propagation tree edges
using direct supervision. When supervision is available, the
training loss becomes:

Liotal = Lrreo + A - Laisr + 14+ Lobs (14)

where A and g are hyperparameters. This formulation en-
ables DIPT to transition smoothly between unsupervised and
partially supervised training.

3.7 Test Time Inference of Propagation Tree

At inference time, we aim to infer the optimal propagation
tree given an observed infection state y. A learnable la-
tent vector Z is initialized, which is optimized while freezing
model parameters ¢ and . This enables test-time optimiza-
tion of P,(s) through =z rather than sampling directly. The
latent vector Z is initialized as the empirical average z over
the training set and optimized to maximize the expected like-
lihood of observed infections:

Ling = max; Esop, (s2) [Pu(y |8, TG =72 - z||?
(15)
The regularization term constrains £ to remain close to the
training distribution, mitigating test-time drift. The propaga-
tion tree 7 * is inferred from s ~ Py, (s | 2) using the same
propagation tree inference process described in training (see
Eq. (8)—(11)). The constrained objective in (15) cannot be
computed directly, so we provide a practical version of the
inference objective: since the diffused observation y fits the
Gaussian distribution and the seed set s fits the Bernoulli dis-
tribution (see Appendix B.1), we can simplify (15) as:

N
e = mins | = 37108 (Jon ()7 (1= Joo ()7
i=1

L. .
+gw—yW+Mk—4ﬂ~

(16)

Here, the first term captures the Bernoulli likelihood of the
seed nodes, and the second term represents the Gaussian like-
lihood. The test-time inference process does not introduce
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any new training objective. Instead, it optimizes the latent
source representation Z given the observed diffused state y,
while keeping the learned diffusion model fixed. This en-
ables instance-specific adaptation through the same likeli-
hood computation and propagation tree inference steps used
during training (see Algorithm 2 in Appendix B), and a theo-
retical analysis of the error correction of propagation tree is
provided in Appendix D.3.

4 Experimental Setup

4.1 Datasets and Evaluation Metrics

We evaluate DIPT and baselines on eight real-world graph
datasets. Memetracker [Rodriguez et al., 2011] captures real
diffusion via hyperlink cascades across online articles. We
use a subnetwork with 583 sites and 6.7k cascades, extracting
source nodes as the earliest 5% per cascade and each cascade
is converted into a propagation tree. Cora-ML [Rossi and
Ahmed, 2015], CiteSeer [Wu et al., 2016], and Power
Grid [Watts and Strogatz, 1998] provide the node features
and topology of the citation networks and infrastructure
grids respectively. Cascades are obtained by simulating
diffusion by randomly selecting 10% of nodes as sources
and running the SI model for 200 steps until convergence.
Twitter and Weibo are large-scale real-world datasets of
information diffusion in social networks, with 616k and 490k
nodes respectively, where each cascade records user-to-user
retweet paths over time. For our problem setting, we extract
the final diffusion state and treat the observed retweet tree
as ground truth. Similarly, Pol [Conover et al., 2011] is
a temporal retweet network about a U.S. political event.
Further dataset preprocessing details appear in Appendix B.3.

Infectious Disease Simulated Spread (IDSS) Dataset.
To evaluate performance in large-scale, realistic epi-
demics, we simulate disease spread using a spatial SIR
model [Kermack and McKendrick, 1932] over 3,143 U.S.
counties, incorporating real mobility data [Kang et al., 2020;
SafeGraph, Inc., 2021]. Infections seed-via air travel
and evolve under a time-varying reproduction num-
ber. Each run generates a  propagation forest over
500-1,000 counties and 12k-48k infections. Full de-
tails and data are in Appendix A. The simulation code and
datasets are available at https://github.com/RuochenKong/
Compartmental-Infectious- Disease- Simulation.

Evaluation Metrics. = We evaluate DIPT on two tasks: prop-
agation tree identification and source localization. For tree
identification, we use Jaccard Index and Path Precision.
Jaccard captures structural overlap between predicted and
ground-truth edges, while Path Precision reflects correct-
ness along true diffusion paths. For source localization, we
use standard classification metrics to assess the accuracy of
source localization.

4.2 Comparison Methods and Experimental
Settings

Most prior approaches focus on predicting global diffusion

graphs from cascades, using non-learnable heuristics, MLP-

like models, or classical methods that assume timestamped
infections and fixed diffusion mechanisms. These differ
fundamentally from DIPT, which reconstructs instance-level
propagation trees from a single final infection state. We there-
fore compare against learnable diffusion models which can
capture infection dynamics from final diffusion observations,
as:

* Generative Diffusion Models. DITTO [Qiu et al., 2023]
reconstructs diffusion histories from a single final snap-
shot by estimating posterior barycenters with MCMC and
GNN-guided proposals. DDMIX [Cutura et al., 2021]
uses a VAE to reconstruct diffusion trajectories by learning
latent node states. DDMSL [Yan et al., 2024] models in-
vertible diffusion to recover node-level timestamps. These
methods are adapted to approximate propagation paths by
combining random forward and backward walks (MCMC
in the case of DITTO) between nodes active in adjacent
diffusion steps. This enables a fair comparison to DIPT in
terms of reconstructing propagation tree.

* Source Localization Methods. We also benchmark DIPT
on source localization task against four methods: (1)
LPSI [Wang er al., 2017]: labels-based inference without
explicit dynamies. (2) OJC [Zhu et al., 2017]: SIR-based
inference from partial observations. (3) GCNSI [Dong et
al., 2019]:'GCN-based prediction of multiple sources. (4)
SLVAE [Ling et al., 2022]: variational modeling of source
distributions.

Experimental configurations, implementation details, in-
cluding tuned hyperparameters and training setup are pro-
vided in Appendix B.2.

4.3 Experimental Results

Propagation Trees Prediction Performance

Table 1 compares DIPT against three baselines for propaga-
tion tree identification. DIPT consistently outperforms all
three across eight datasets on path precision and Jaccard in-
dex. The gap is especially large on denser graphs like Power
Grid, IDSS, Memetracker, where baselines struggle due to
complex propagation dynamics and real-world noise. On
sparser datasets (Cora-ML, CiteSeer), the margin is smaller
but still favorable. This demonstrates DIPT’s robustness in
synthetic and real-world settings, enabled by edge-level in-
fluence modeling (Eq. 5). DIPT achieves its best results on
Power Grid (68% path precision, 51.5% Jaccard), and han-
dles the challenging IDSS dataset with 42.1% path preci-
sion—far surpassing DDMSL (12.1%) and DDMIX (10.9%).
It also generalizes well to large-scale graphs, achieving strong
performance on Twitter (58.1%, 41.8%) and Weibo (55.2%,
39.7%), where baselines underperform. Figure 2 illustrates
predicted trees on Memetracker* DDMSL and DDMIX ex-
hibit more incorrect edge predictions (orange edges) in dense
subgraphs. DIPT better handles such dense regions by learn-
ing influence between nodes, leading to more accurate edge
selection. Additional visualizations are in Appendix F. On

“Every infected (pink) node has a parent. Some appear with-
out incoming edges because their parent lies outside the displayed
subgraph. Due to space constraints, nodes are subsampled for visu-
alization
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b) DDMSL

a) DDMIX

c) DIPT d) Ground Truth

Figure 2: Predicted vs. ground truth propagation trees on Memetracker. Correctly predicted edges are shown in blue, incorrect ones in orange.

Source nodes are marked in red, and infected nodes in pink.

Method Cora-ML | Memetracker | CiteSeer

| Power Grid |

IDSS | Twitter | Weibo | Pol

Prec. Jac. | Prec. Jac. |Prec. Jac. | Prec.

Jac. | Prec.

Jac. | Prec. Jac. |Prec. Jac. | Prec. Jac.

DDMIX 0.327 0.195|0.062
DITTO 0.371 0.218 |0.091
DDMSL 0.412 0.259 |0.119
DIPT 0.622 0.452 | 0.602

0.041
0.052
0.063
0.430

0.236 0.133]0.081 0.031]0.109 0.057|0.211 0.122]0.203 0.118|0.198 0.115
0.312 0.178 {0.106 0.050|0.115 0.061 |0.258 0.154|0.210 0.124]0.242 0.148
0.405 0.253|0.130 0.069 |0.121 0.064 | 0.312 0.187|0.216 0.130|0.298 0.176
0.593 0.421 | 0.680 0.515|0.421 0.266 | 0.581 0.418 | 0.552 0.397 | 0.565 0.404

Table 1: Performance comparison for Propagation Tree Identification. Best results are in bold. Prec. = Path Precision, Jac. = Jaccard Index.

Method Cora-ML Memetracker CiteSeer

Power Grid

IDSS Twitter Weibo Pol

F1 AUC FlI AUC Fl AUC Fl

AUC F1

AUC F1 AUC F1 AUC F1 AUC

LPSI 0.301 0.592 0.014 0.529
oIC 0.121 0.534 0.026 0.517
GCNSI  0.401 0.687 0.035 0.422
SLVAE 0.764 0.831 0.488 0.624
DDMIX 0.221 0.247 0.022 0.417
DITTO 0.384 0.660 0.115 0.545
DDMSL 0.750 0.873 0.515 0.641

0.306 0.598 0.474
0.117 0.530 0.153
0.387 0.680 0.330
0.749 0.825 0.797
0.215 0.250 0.280
0.3690.660 0.488
0.742 0.870 0.831

0.934 0.037 0.540 0.201 0.578 0.227 0.552 0.193 0.575
0.501 0.028 0.520 0.084 0.491 0.077 0.470 0.082 0.490
0.639 0.045 0.430 0.287 0.603 0.265 0.567 0.261 0.600
0.879 0.494 0.630 0.253 0.578 0.209 0.547 0.209 0.576
0.340 0.029 0.425 0.176 0.464 0.155 0.439 0.168 0.470
0.700 0.151 0.555 0.230 0.595 0.209 0.555 0.239 0.585
0.866 0.527 0.645 0.313 0.625 0.381 0.622 0.317 0.630

DIPT 0.839 0.881 0.518 0.629

0.832 '0.880 0.828

0.864 0.525 0.630 0.421 0.648 0.439 0.658 0.429 0.655

Table 2: Source Localization performance comparison based on F1 score and AUC (best and second-best in bold).

average, DIPT improves path precision and Jaccard index by
3.5% and 4.37x, respectively, over all three baselines.

Source Localization Accuracy

We evaluate DIPT against six source localization methods,
with results summarized in Table 2. DIPT performs competi-
tively with DDMSL and SLVAE across all datasets and signif-
icantly outperforms LPSI, OJC, and GCNSI. DIPT achieves
the highest F1 (0.839) and AUC (0.881) scores on Cora-ML
and performs strongly on CiteSeer, consistent with its supe-
rior propagation tree accuracy on these less dense graphs. On
IDSS, which exhibits varying seed distributions due to mo-
bility patterns, DIPT matches DDMSL’s performance (F1:
0.525, AUC: 0.630). It also outperforms all baselines on
large-scale Twitter and Weibo graphs, achieving F1 scores
of 0.421 and 0.439, respectively, demonstrating strong gen-
eralization to large networks. These results show that de-

spite solving the harder task of full propagation tree infer-
ence, DIPT achieves source localization accuracy compara-
ble to specialized methods. Precision and Recall metrics are
included in Appendix E.2.

Impact of Partial Observations

As DIPT is primarily designed to learn propagation trees
without edge supervision, Section 3.6 explores how incorpo-
rating partial tree information during training affects perfor-
mance. Table 3 shows that providing 10%, 20%, and 30%
of edge annotations leads to average path precision gains of
7.11%, 11.84%, and 15.16%, respectively. Similar improve-
ments are observed on Twitter and Weibo; for example, Twit-
ter precision rises from 0.581 (unsupervised) to 0.595 (10%
supervision), highlighting DIPT’s adaptability across graph
scales. These gains stem from the supervised loss in Eq. 13,
which enhances learning of influence patterns. Since infer-
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Data % Cora-ML | Memetracker | CiteSeer |Power Grid| IDSS | Twitter | Weibo | Pol
Prec. Jac. | Prec. Jac. |Prec. Jac. | Prec. Jac. |Prec. Jac. | Prec. Jac. | Prec. Jac. | Prec. Jac.
10% 0.671 0.5041]0.633 0.463 [0.662 0.495|0.683 0.518]0.437 0.279]0.595 0.430]0.567 0.410]0.582 0.422
20% 0.707 0.546|0.651 0.482 |0.671 0.504|0.718 0.560|0.451 0.291|0.612 0.445(0.579 0.425|0.599 0.439
30% 0.720 0.562|0.662 0.494 |0.695 0.532(0.759 0.611]0.453 0.292|0.628 0.461 |0.597 0.442|0.618 0.455

Table 3: Performance of DIPT with varying proportions of partially observed propagation tree data during training.

Ablation

Cora-ML | Memetracker | CiteSeer | Power Grid |

IDSS | Twitter | Weibo | Pol

Prec. Jac. | Prec. Jac. |Prec. Jac. | Prec.

Jac. | Prec.

Jac. | Prec. Jac. | Prec. Jac. | Prec. Jac.

0.489 0.326 |0.511 0.343

0.607 0.435

0.371 0.227 |0.495 0.335|0.489 0.330|0.502 0.341

DIPT (a) 0.388 0.235 ‘ 0.407 0.255 ‘ 0.422 0.267 ‘ 0.437 0.276 ‘ 0.329 0.206 ‘ 0.368 0.248 ‘ 0.362 0.243 ‘ 0.372 0.252

DIPT (b) 0.519 0.350

0.622 0.452|0.602 0.430 |0.593 0.421|0.680 0.515|0.421 0.266 | 0.581 0.418|0.552 0.397 | 0.565 0.404

Table 4: Performance of DIPT under different ablation settings.
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Figure 3: Comparison of DIPT, DITTO, DDMSL, and DDMIX on
diffusion reconstruction (MSE; lower is better).

ence maximizes infection likelihood, supervision scales non-
linearly with annotation:

Diffusion State Reconstruction

Both DDMSL and DDMIX reconstruct node states at discrete
time steps during the diffusion process, capturing an infec-
tion sequence that reflects the order in which nodes became
infected (i.e., who was infected after whom). In contrast,
DIPT not only recovers this infection order (induced from
the inferred propagation tree) but also identifies the source
of each infection (i.e., who infected whom), thereby recon-
structing the propagation tree. To ensure a fair comparison,
we evaluate all methods on node state reconstruction accu-
racy with respect to the infection order. As shown in Fig. 3,

DIPT achieves an average mean squared error (MSE) that is
19.67% lower than DDMIX, 5.2% lower than DITTO and
3.85% lower than DDMSL. These results highlight that, be-
yond recovering propagation tree, DIPT accurately models
node-level infection dynamics as well.

Ablation Results

We conduct an ablation study to assess the contribution of
each core component in DIPT. In the first variant, DIPT(a),
the learned edge influence (Eq. 5) is replaced with cosine sim-
ilarity between node features. In DIPT(b), the model directly
optimizes the joint objective in Eq. 3 without alternating be-
tween tree inference and parameter updates during training;
however, inference still uses the propagation tree inference
described in Section 3.7. Results are reported in Table 4. Both
ablations lead to notable performance drops. In DIPT(a),
accuracy degrades significantly because edge-level influence
is no longer learned—scores remain static, undermining the
model’s ability to capture propagation structure. On Cora-
ML, DIPT(a) even underperforms DDMSL in path precision
(Table 1), though it remains competitive on denser datasets
where simple similarity still provides some signal. DIPT(b)
performs better than DIPT(a) and continues to outperform all
baselines, but its performance lags behind full DIPT. This
highlights that while both components are important, learn-
ing local node influence is more critical than alternating opti-
mization.

Additional Experimental Results. Results on generaliza-
tion, feature robustness, intermediate-observation accuracy,
and inference time are in Appendix E.

5 Conclusion

We introduce DIPT, a probabilistic framework that infers
propagation trees from observed diffusion data via alternat-
ing optimization, jointly learning edge-level influence and
propagation structure without observing paths during train-
ing. Overall, experiments on eight real-world datasets show
DIPT consistently outperforms strong baselines on propaga-
tion path identification (58.2% avg. path precision).
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