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SUMMARY

We propose a score-based generative algorithm for sampling
from power-scaled priors and likelihoods within the Bayesian
inference framework. Our algorithm enables flexible control
over prior-likelihood influence without requiring retraining for
different power scaling configurations. Specifically, we focus
on generative models to synthesize seismic velocity models
conditioned on imaged seismic. Our method enables sensitiv-
ity analysis by sampling from intermediate power posteriors,
allowing us to assess the relative influence of the prior and
likelihood on samples of the posterior distribution. Through
a comprehensive set of experiments, we evaluate the effects
of varying the power parameter in different settings: applying
it solely to the prior, to the likelihood of a Bayesian formu-
lation, and to both simultaneously. The results show that in-
creasing the power of the likelihood up to a certain threshold
improves the fidelity of posterior samples to the conditioning
data (e.g., RTM), while decreasing the prior power promotes
greater structural diversity among samples. Moreover, we find
that moderate scaling of the likelihood leads to a reduced shot
data residual, confirming its utility in posterior refinement.

INTRODUCTION

Subsurface velocity-model generation forms a critical compo-

nent of hydrocarbon exploration (Zhang, Sengupta, Parekh, &

Eliott-Lockhart, 2022), subsurface monitoring (Gahlot, Orozco,
Yin, & Herrmann, 2024) and numerous other geophysical ap-

plications (Wagner & Uhlemann, 2021). Typically, subsur-

face characterization is achieved by analyzing the Earth’s re-

sponse to physical stimuli, such as electrodynamics, gravity

and acoustic wave propagation, to variations in subsurface prop-
erties. The resulting tomographic measurements are processed

into images for downstream interpretation. In this work, we

focus specifically on modeling acoustic properties by probing

the Earth’s interior using acoustic waves. However, the pro-

posed methodology is not limited to this particular application

and can be extended to a broad class of inverse problems.

Among the various inversion techniques, Full-Waveform In-
version (FWI) has emerged as a leading method due to its abil-
ity to resolve high-resolution acoustic models in complex ge-
ological settings (Tarantola, 1984). Despite its strengths, FWI
suffers from several practical limitations: it is computationally
intensive, prone to convergence to local minima, and sensi-
tive to initial models due to the problem’s inherently nonlinear
and ill-posed nature (Virieux & Operto, 2009). Additionally, it
requires solutions of wave-equation-based partial differential
equations, which significantly increases computational cost.

To alleviate these challenges, recent research has explored
generative models that leverage physics-informed summary

statistics—such as common-image gathers (CIGs) (Geng
et al., 2021; Orozco, Erdinc, Zeng, Louboutin, & Her-
rmann, 2024; Yin, Orozco, & Herrmann, 2025; Yin, Orozco,
Louboutin, & Herrmann, 2024) or reverse-time migration
(RTM) images (Muller et al., 2023; Wang, Huang, & Alkhal-
ifah, 2024)——to guide the inversion process. While promis-
ing, a common criticism of these generative approaches is that
they often rely heavily on strong, structured priors, which can
dominate the inference and limit the model’s responsiveness
to observed data. In contrast, methods such as Zhao & Curtis
(2024b) employ highly non-informative priors, placing more
emphasis on the observed data. However, this comes at the
cost of reduced regularization, which can affect robustness—
—especially in underdetermined or noisy regimes—and may
increase susceptibility to local minima during inference.

Building on these insights, we propose a novel framework that
combines classical Bayesian inference with score-based gen-
erative models trained on geologically structure-consistent pri-
ors. We introduce a modification to the score-based sampling
process that enables sampling from the power-scaled versions
of the prior and likelihood, allowing explicit control over their
relative influence during the inference process. We validate
our approach using RTM images as physics-based summary
statistics (Deans, 2002; Orozco, Siahkoohi, Louboutin, & Her-
rmann, 2024) produced using a smoothed background model
(Yin et al., 2024) and demonstrate its performance in gener-
ating diverse and data-consistent subsurface velocity models.
It is important to note that, although the background models
of RTMs are smoothed, they are not kinematically incorrect,
so the RTM images retain essential information from the shot
data. Unlike prior work that directly uses shot records for in-
ference (Zhao & Curtis, 2024a, 2024b), our method achieves
similar information usage through RTM representations.

THEORETICAL EXPLANATION

Seismic imaging and Bayesian inference

Estimation of the unknown subsurface property such as the
acoustic wavespeed, X, requires solving an inverse problem us-
ing observed data y . In our context, we can define our forward
problem as:
y=F(x)+e  €~p(e)

where .# represents the nonlinear forward operator and € is
bandlimited noise. The main complexity of inverting this prob-
lem stems from the nontrivial null-space of the forward opera-
tor and the compounding effect of the noise (Tarantola, 1984).
As a result, multiple velocity models can explain the observed
data equally well, which necessitates the use of a Bayesian
framework to properly quantify uncertainties. Bayesian infer-
ence provides a probabilistic formulation for inverse problems



by computing the posterior probability density function (pdf)
using Bayes’ rule:

p(ylx)p(x)
p(y)

p(xly) = :
where p(x) is the prior that describes available information
about the velocity x before the inference process, and p(y|x)
is the likelihood function, which given any model value x cal-
culates the probability of observing imaged data denoted, with
a slight abuse of notation, also by y. The likelihood is used
to describe how well y matches synthetic image generated by
a particular model x. The denominator, p(y), is the evidence
or marginal likelihood, serving as a normalization constant to
ensure that the posterior is a valid probability distribution.

Simulation-based inference via conditional score based
networks

Simulation-based inference (SBI) is a framework that allows
the training of surrogates for posterior pdf using neural esti-
mators (Cranmer, Brehmer, & Louppe, 2020). The key idea
is to use numerical simulators to generate training pairs 2 =
{(xi,yi)}Y.,, where each pair consists of a set of subsurface
properties x; and the corresponding simulated observation y;
derived using the forward simulation. In this study, rather than
working directly with raw seismic data, we extract RTM im-
ages as summary statistics, which are used as y during both
training and inference. This approach retains key structural in-
formation while reducing the dimensionality and complexity
of the data. The resulting pairs (x;,y;) are then used to train a
conditional generative network, which learns the posterior dis-
tribution of the velocities conditioned on RTM images. In this
study, we will use conditional score-based generative models
in a SBI setting.

Score-based models are density estimators based on learning
of the annealed (time-dependent) score of the target distribu-
tion Vxlogp(x;0(t)), o(t) represents a noise schedule, by
time reversing the gradual addition of noise to the target distri-
bution, which corresponds to diffusion. After the completion
of the score learning process, score-based models can sample
from target distributions using the reverse process. The sim-
plified score learning objective (when & (¢) = ) can be sum-
marized as follows (Karras, Aittala, Aila, & Laine, 2022):

~

. . 2
0= argmin Exp(x)En~y (020 I50 (X +m51) —x]|3,

where the score function at a specific time ¢ is approximated
by the trained network sg (x;1). After completion of the train-
ing procedure, target distribution samples can be obtained by
solving the following stochastic differential equation (SDE):

dx= —(6(1) + B(1)o(1))o(r)Vxlog p(x: o(r)) dt
+v/2B()o(r) day,

by following existing strategies in (Karras et al., 2022). In this
expression, @y is the reverse standard Wiener process and ()
is a function that describes the amount of stochastic noise dur-
ing the sampling process. If (¢) = O for all t, then the process
becomes a probabilistic ordinary differential equation (ODE),
otherwise it represents time-varying Langevin diffusion SDE.

The previous discussion is solely based on the unconditional
case and it can easily be extended to conditional distributions
when we aim to find the conditional score Vylog p(x|y; o(1)).
Then the new objective for the network can be written as fol-
lows:

~

. 2
0= argremn Eywp(y\x)Ex~p(x)En~,/V(0,t21) ||59 (X + n7Y7t) - XH2

Power scaling in Bayesian inference

Previous works on Bayesian inference for seismic inversion of-
ten exhibit a trade-off—either overly relying on strong priors,
which may decrease the influence of observed data, or placing
too much emphasis on data, potentially at the cost of regular-
ization. This motivates the need for a principled mechanism to
adjust the relative influence of the prior and likelihood without
incurring significant computational costs.

To address this, we introduce power scaling as a flexible
tool to modulate this balance. Power scaling is a controlled,
distribution-agnostic technique for modifying probability dis-
tributions by adjusting the relative influence of the likelihood
and prior (Kallioinen, Paananen, Biirkner, & Vehtari, 2024).
Intuitively, it can be understood as a mechanism to either am-
plify or attenuate the effect of each component in the posterior,
without requiring any specific parametric assumptions.

The power-scaled posterior is defined as:

ragylyy — PR P(X)
P = xR ()T

Here, A is the power scaling factor applied to the likelihood
and o is the scaling factor for the prior.

From a statistical perspective, power-scaling the likelihood (i.e.,
increasing A ) mimics the effect of having more observations,

thereby sharpening the posterior around high-likelihood re-

gions. Conversely, reducing A decreases the weight of the

data and leads to more diffuse posteriors. Similarly, scaling the

prior with exponent & adjusts its influence. Larger values of o

(>1) concentrate the prior around its high-density regions, re-

inforcing prior assumptions. Smaller & values relax the prior,

allowing the posterior to be more exploratory.

In this study, we propose to estimate power-scaled posterior
using score-based generative modeling. The score of the power-
scaled posterior can be written as:

Vep™ % (x[y) = AVyp(y]x) + aVxp(x).

A primary challenge in this formulation lies in estimating the
gradient of the likelihood term, which is often computationally
intensive—especially in high-dimensional and physics-based
models such as seismic inversion. To address this, we leverage
a useful identity from Bayes’ rule that expresses the likelihood
score in terms of the posterior and prior scores: Vyp(y|x) =
Vxp(x|y) — Vxp(X). Substituting this into the power-scaled
score expression yields the following formulation:

Vxph®(x]y) = AVxp(x]y) + (&t = 4) Vxp(x).



This expression corresponds to training surrogates for both the
posterior score Vxp(x|y) and prior score Vxp(x). Leverag-
ing the approach introduced in classifier-free guidance (CFG)
(Ho & Salimans, 2022), we can estimate both scores using a
single conditional network by randomly masking the condi-
tioning input during training. This eliminates the need to train
two separate networks. Once the score function is learned, we
can combine the posterior and prior scores at inference time
using their respective power coefficients A and o. To gener-
ate samples from the power-scaled posterior, we incorporate
a Langevin-based correction step, such as predictor-corrector
methods, into the sampling loop to improve accuracy and sta-
bility (Bradley & Nakkiran, 2024; Du et al., 2023).

The primary advantage of our approach is its flexibility: only
a single amortized score network needs to be trained, yet it en-
ables sampling from a wide range of power-scaled posterior
distributions by adjusting power coefficients at inference time.
This makes it ideal for sensitivity analysis, robustness testing
or exploring different prior-data tradeoffs without retraining.
A key limitation, however, is sampling efficiency. Unlike stan-
dard posterior sampling, our approach requires Langevin-type
correction steps at each iteration, which can increase compu-
tational cost—particularly when a large number of steps are
needed to ensure convergence. That said, the method still
avoids the need for expensive likelihood evaluations and in
practice, we achieve efficient inference with a per-sample gen-
eration time of approximately 4 seconds.

NUMERICAL CASE STUDY

To evaluate the proposed methodology, we conduct a numer-
ical study using a synthetic 3D Earth model derived from the
Compass model, which is representative of geological forma-
tions in the North Sea region (E. Jones, A. Edgar, 1. Selvage,
& Crook, 2012). The training dataset is constructed by slicing
2D velocity models from the 3D synthetic volume and pairing
them with corresponding reverse-time migration (RTM) im-
ages. The dataset consists of 800 training samples, each de-
fined on a 256 x 512 grid with a spatial resolution of 12.5 me-
ters, covering an area of 3.2km x 6.4km. Seismic data are sim-
ulated using 16 sources and 256 receivers, with Ricker wavelets
centered at 20Hz dominant frequency. To simulate realistic ac-
quisition conditions, 10dB colored Gaussian noise is added to
the shot records. RTM images are generated using a Gaussian-
smoothed 2D background velocity model. Both wave simu-
lation and migration are implemented using the open-source
seismic inversion package JUDI (Louboutin et al., 2023).

To train the conditional score-based network for simultaneous
posterior and prior estimation, we adopt a classifier-free guid-
ance (CFG) strategy: the conditioning RTM input is randomly
dropped with a probability of 0.2 and replaced with Gaussian
noise during training (Ho & Salimans, 2022). For condition-
ing, RTM images are concatenated with the noisy velocity
samples, and the network, is trained to denoise and recover
the clean velocity samples. The model is trained for 12 GPU
hours. For testing, we select an unseen RTM example and per-
form posterior sampling using the trained network.

Prior power: 0.25
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Figure 1: Prior samples generated with increasing power o
from 0.25 to 1.5. As « increases, the generated velocity mod-
els become progressively sharper and more structurally consis-
tent, especially in deeper layers. Lower powers result in higher
variability and less coherent geologic features.

Prior scaling

In the first experiment, we investigate the effect of power scal-
ing on the learned prior distribution in isolation. Specifically,
we set the likelihood term aside and generate samples solely
from the prior by varying the coefficient in the power-scaled
prior p(x)l. This allows us to analyze how different levels of
prior strength affect the structure and diversity of generated ve-
locity models Figure 1 shows the evolution of prior samples as
o increases from 0.25 to 1.5. All samples are generated from
the same random seed to ensure consistency in the compari-
son. At low prior powers (e.g., & = 0.25), the generated sam-
ples exhibit high variability, particularly in the deeper regions.
Layer boundaries are less coherent and geological structures
appear diffuse and discontinuous. As « increases, the samples
become increasingly regularized: layers become more consis-
tent and sharper. This reflects the fact that the learning process
concentrates probability mass around high-density regions of
the prior, which tend to correspond to well-structured geolog-
ical patterns seen in training data.

Likelihood scaling in Bayesian inference

In this experiment, we fix the prior power at its standard
Bayesian setting, o = 1 and vary the likelihood power A from
0 to 16 for a specific RTM image. This allows us to investigate
how scaling the influence of the likelihood affects the result-
ing posterior samples. Figure 2 shows velocity model samples
generated with increasing values of A, alongside the ground-
truth velocity model and the RTM image used as the condi-
tioning input. At low values of A (e.g., A < 0.4), the contri-
bution of the likelihood is minimal, and the generated velocity
models closely resemble unconditional prior samples. The in-
fluence of the RTM conditioning is barely noticeable. As A in-
creases, the posterior increasingly conforms to features present
in the RTM image. For instance, at A = 1.0, corresponding
to standard Bayesian inference, the generated model shows
moderate data fidelity. Interestingly, we observe that data fi-
delity continues to improve up to a certain point—most no-
tably at A = 2.0——after which performance begins to degrade.
This behavior is quantified in figure 3, which presents the data
residual (i.e., difference between simulated shot data from the
generated velocity models and ground-truth shot data). The
residual is minimized at A = 2.0, indicating optimal alignment
with the ground truth at this power level. This result highlights
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Figure 2: Posterior samples generated with varying likelihood
power A from 0.0 to 16.0, with fixed prior power o = 1.
As A increases, the samples incorporate more structure from
the conditioning RTM image. Maximum alignment with the
ground truth occurs around A = 2.0, beyond which overfitting
and degradation in performance become apparent.
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Figure 3: The ¢>-norm of data residual as a function of like-
lihood power A, with fixed prior power o = 1. Residual de-
creases as A increases, reaching a minimum around A = 2.0,
indicating optimal alignment with the ground truth. Beyond
this point, performance begins to degrade, suggesting that ex-
cessive amplification of the likelihood leads to overfitting or
reduced generalization.

a key insight: maximum posterior fidelity does not necessarily
occur at the classical Bayesian setting A = 1.0, but rather at
an upweighted likelihood power. This demonstrates the prac-
tical value of power-scaling as a tool for tuning the trade-off
between prior regularization and data conformity.

Power-scaling compass

Having independently explored the effects of prior and likeli-
hood power scaling, we now investigate their joint influence by
constructing a power-scaling compass. In this setup, we simul-
taneously vary the prior power a and the likelihood power A
to study their combined impact on posterior samples. Figure 4
presents posterior samples generated under various combina-
tions of & € 0.5,1.0,2.0 and A € 0.5,1.0,2.0. This grid-like
layout allows us to visually interpret how the balance between
prior and likelihood power influences behavior of the samples.

We observe that when likelihood power exceeds prior power,
the generated samples exhibit greater alignment with the con-
ditioning RTM image——demonstrating stronger adherence to
observed data. Conversely, when prior power dominates, the
samples exhibit smoother layer transitions and more geologi-
cally consistent patterns, reflecting stronger regularization from
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Figure 4: Posterior samples generated by jointly varying like-
lihood power A and prior power ¢. Columns correspond to
increasing prior power (left to right), while rows correspond
to increasing likelihood power (top to bottom). Samples with
larger A better align with RTM conditioning data, while larger
« values enforce structural consistency and sharper geological
layering. Lower prior powers increase generative diversity and
loosen geological constraints.

the prior distribution. Notably, reducing the prior power re-
laxes the structural constraints in the model and leads to in-
creased variability and the emergence of less structured or more
exploratory features. This visualization highlights how power-
scaling enables fine-grained control over the trade-off between
data fidelity and prior-driven structural regularity, offering a
versatile tool for interpretability in seismic inversion tasks.

CONCLUSIONS

In this study, we proposed a method for applying power scal-
ing to seismic velocity model generation within a Bayesian
inference framework. Our approach is built on a single amor-
tized score-based generative model trained using a classifier-
free guidance strategy, enabling simultaneous generation of
both prior and posterior samples. Crucially, this design allows
flexible control over the relative influence of the prior and like-
lihood without requiring expensive likelihood evaluations, as
all modifications are made at the inference stage. Experimen-
tal results demonstrate that power scaling offers a principled
way to relax or constrain the prior, making it a valuable tool
for generating diverse samples during training or for perform-
ing inference under less influential priors. Moreover, increas-
ing the likelihood power was shown to improve data fidelity,
enabling better alignment between posterior samples and ob-
served seismic features. In future work, we aim to conduct
a more rigorous investigation into the role of power scaling
in uncertainty quantification and its impact on interpretability
and robustness in seismic inversion tasks.
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