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We present a novel approach for parameter inference of whole-brain dynamical network models using simulation-based inference. Using the BayesFlow framework [1], we have constructed an automated simulation-based inference workflow for parameter estimation of a whole-brain network model across different levels of model complexity, ranging from one to more than hundred estimated parameters. Specifically, we use neural posterior estimation from simulation-based inference, which makes use of neural networks and normalizing flows. The process is divided into a computationally intense upfront training phase to learn the mapping between parameter and data, and a fast (i.e., amortized) inference phase. Due to this division and a resulting fast inference phase, this approach is especially suitable for inferring parameters from large neuroimaging datasets without the need to retrain parameter inference or re-run the simulator for every data point. The innovation of our realization of simulation-based inference lies in learned data-driven summary statistics tailored to each model parametrization, coupled with Bayesian model comparison. We validate our approach using synthetic and empirical fMRI data, outperforms traditional grid search techniques, e.g., regarding parameter uncertainty. Our findings highlight the potential of amortized inference and data-driven descriptors of brain dynamics for real-time parameter estimation in computational neuroscience.
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