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Summary

1. Data 2. Model

1D convolutional model
di=cjxw+ ¢ for column j.

+ Bayesian probabilistic model, on a cyclic
lattice .
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3. Scalable wavelet estimation
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The Bayesian model

@ Gaussian wavelet with inverse-gamma variance:

@ @ @ W~ Ne(pws 02 R), 02 ~ 1G(cu, o)
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The Bayesian model

@ Gaussian wavelet with inverse-gamma variance:
2 2
@ @ @ W~ Ni(ptw, 02RW), 0% ~ 1G (o, o)

@ Endpoints are constrained to zero.

a 0 .
0 s

DAG of the model.
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Time

Samples from the wavelet prior.
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The Bayesian model
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The Bayesian model

@ @ @ @ Gaussian reflectivity with inverse-gamma variance:
2
o ~ 1G(ac, Be).

¢ ~ Nom(ptc, UfRC),

a 0 @ Hard-constrained with well values.

orrelation length: 2.5
04 — Correlation length: 4.5

03
02

DAG of the model. o0

Amplitude

G
Time

Samples from the reflectivity prior (one trace).
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The Bayesian model

@ @ @ @ Model the signal-to-noise ratio as stochastic

SNR:M — g3 =

DAG of the model.
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o3 SNR
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The Bayesian model

@ @ @ @ Model the signal-to-noise ratio as stochastic

SNR — Var(w % c) — o2 Var(w % c)

DAG of the model.

05 SNR
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Var(w * ¢) = oz oo



Introduction Methodology Results Conclusions
[e]e} 00@0000 000 o

The Bayesian model

@ @ @ @ Model the signal-to-noise ratio as stochastic

V. V.
SNR = % = 2= %; Var(w * ¢) = 02 02
a a o Gaussian observational noise with Gamma SNR:
ﬂ dlc,w,02,02,SNR ~ Nom(We,05R4), SNR ~ Gamma(asnr, Bsngr)

DAG of the model.



Posterior distribution of the model

o Bayes' rule

p(6]d) = ”ffz’;,’;') x p(d.0)

gives
plc,w,o2,05,¢|d) < p(d|c,w, o2, 02, C)p(c|lod)p(w|ol)p(a?)p(al)p(C).

The model is proposed on an extended cyclic lattice for scalability *

We sample this intractable density with MCMC.

1Senn et al. (2025)
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Algorithm A general MCMC scheme

Initialize - - -
fort=1,2,..., T do
Update wavelet
Update reflectivity
Update reflectivity variance
Update wavelet variance
Update SNR
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MCMC on the cyclic lattice

Algorithm A general MCMC scheme

Initialize - - -
fort=1,2,..., T do
Update wavelet
Update reflectivity
Update reflectivity variance
Update wavelet variance
Update SNR

o A: Update wavelet from its full conditional: Gibbs sampler
o Inefficient exploration due to high correlation in posterior samples.

o B: Update wavelet with Hamiltonian Monte Carlo.
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Wavelet update with Hamiltonian Monte Carlo

@ We want to avoid random walk behaviour in high dimensions.

Gibbs Sampler (zig-zag moves) Monte Carlo (larger moves)
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Gibbs Sampler (zig-zag moves)
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Posterior exploration of a correlated Gaussian.

o HMC explores regions with high mass (density x volume).
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o HMC moves between points following a trajectory of length ¢ L, defined by a Hamiltonian system.



Introduction Methodology Results Conclusions
[e]e} 0000080 000 o

Wavelet update with Hamiltonian Monte Carlo

@ We want to avoid random walk behaviour in high dimensions.

Gibbs Sampler (zig-zag moves) Monte Carlo (larger moves)

Posterior exploration of a correlated Gaussian.

o HMC explores regions with high mass (density x volume).
o HMC moves between points following a trajectory of length ¢ L, defined by a Hamiltonian system.
@ Must tune step size € and number of steps L in the numerical integrator.
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Model fit
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Conclusions

@ Gibbs and HMC might be exploring different regions of the parameter space.

Including data outside the well changes the wavelet estimation.
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