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comparable to a single MC simulation through asy-
nchronous local updates;

e Comprehensive Empirical Validation.

Conduct experiments across six real-world networ-
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Metrics: Kendall-tau Coefficient, Mean Absolute Error, Precision/Recall/F1, Runtime.

Accuracy: RAPID achieves the lowest MAE among baselines and comparable Kendall-tau

coefficient to forward iteration baseline PID, benefiting from asynchronous updates that reduce

the impact of small loops and accelerate convergence.
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Ilustration of a single iteration of RAPID.

Efficiency: On six datasets, RAPID achieves an average speedup of 5.11%, 10.67X, and 8.52X
over MC-5, MC-10, and PID, respectively. The speedup 1s more pronounced on denser graphs

and 1ts runtime remains comparable to a single-run Monte Carlo iteration across all datasets.

Theoretical Insight

Theorem 3.1 quantifies how the variance of Monte Carlo (MC) estimators for node
infection probability fundamentally depends on epidemic parameters (5, 7), network
structure (average degree k and diameter D), initial infection fraction «, and the
number of simulations M.
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Influence of key factors on MC estimator variance.

Base: Message Passing Foundation

Each node i updates its infection probability P,i using local messages from its in-

neighbors:
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Takeaway

RAPID attains multi-run MC accuracy with consistent, dataset-wide runtime acceleration.

Scalability: Runtime grows sublinearly with network size, validating efficient inference.
Robustness: Performance remains stable across wide ranges of, 5, ¥, and seed fractions a.
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