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within the neural network to quantify the uncertainty associated with the MLP's learning Fig3. The Q spectrums and the uncertainty quantification predicted by the neural network
process for mapping Q values to relaxation variables. Our observations suggest that this
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significant implications for improving the accuracy and reliability of viscoelastic FWI, ol | T Pl ol ool || 4lever s mechasm prdictons N [;;h(li;;) vy Distar;e(km)_ astic FWL (@ (d[;istance(km
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complex subsurface properties. 20/ 01 — T and (i) are the inversion results for Vp, Vs, and p,
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Figd. The Q spectrums and the uncertainty quantification predicted by the neural network 80
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Fig2. lllustration for how to train the neural network to generate the relaxation variables for the
constant Q model under GSLS mechanism.
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