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Abstract

Diffusion dynamics on graphs arise across many fields including
information spreading and rumor cascades in online platforms,
propagation of cascading outages in power and transportation in-
frastructures, diffusion of behaviors and product adoption in social
networks, and transmission of shocks in financial and supply-chain
systems. Graph diffusion provides a compact representation of how
states propagate through interacting entities, yet in many applica-
tions the diffusion history is not fully observed. Typically, only a
small set of snapshots are available while all other states are miss-
ing. Diffusion history reconstruction is challenging due to explo-
sive search space, complex combinatorial constraints, and scarcity
of training data. To address these challenges, we propose a new
method called HERMES. HERMES has two main stages: (i) diffusion
parameter estimation and (ii) diffusion history reconstruction. The
first stage is to estimate the unknown diffusion parameters from the
observed snapshots. To bypass the intractable maximum likelihood
estimation of diffusion parameters, we instead propose a tractable
mean-field approximation to estimate diffusion parameters. Sec-
ond, based on the estimated diffusion parameters, we theoretically
reduce history reconstruction to expected hitting time estimation
through a bias-variance decomposition and estimate the expected
hitting times via Metropolis-Hastings Markov chain Monte Carlo
(M-H MCMC). The core component of M—H MCMC is the proposal
distribution, and our proposal distribution handles the complex
combinatorial constraints via a dynamic reachability mechanism
that ensures compatibility with all observed snapshots. Moreover,
to further enhance M-H MCMC, we parameterize the proposal
using a graph neural network (GNN) and train the GNN to match
the posterior distribution. Extensive experiments demonstrate that
HERMES consistently outperforms existing methods on 12 syn-
thetic and real-world datasets. Theoretical proofs are deferred to
Appendix B.
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1 Introduction

Diffusion dynamics on graphs offer a compact way to describe how
states propagate through interacting entities, and they arise across
many fields. Typical examples include information spreading and
rumor cascades in online platforms [65], propagation of cascading
outages in power and transportation infrastructures [19], diffusion
of behaviors and product adoption in social networks [5], and trans-
mission of shocks in financial and supply-chain systems [22]. In
these applications, complete diffusion histories are desired because
they support tasks such as uncovering latent spreading patterns
[37], assessing mitigation strategies [53], and forecasting the impact
of interventions [50].

However, complete histories are rarely available, and typically
only a few intermittent snapshots are accessible. This is because:
(i) early stages are easy to miss; (ii) continuous sensing is expen-
sive; and (iii) fine-grained tracing can be privacy-sensitive [10, 54].
Motivated by such practical considerations, we study the problem
of diffusion history reconstruction from sparse observations: given
only a few observed snapshots, we aim to reconstruct the complete
diffusion history. Compared with the large body of work on for-
ward diffusion tasks (e.g., [8, 16, 23, 32, 47, 57]), diffusion history
reconstruction has received far less attention despite its critical
importance. There are three major challenges in this problem: (i)
Explosive search space: The number of possible histories is expo-
nentially large w.r.t. the graph size and the timespan. (ii) Complex
combinatorial constraints: The multiple observed snapshots im-
pose complex combinatorial constraints on the unobserved history.
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