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Bayesian RockAVO: direct petrophysical inversion with Hierarchical Conditional GANs
Miguel Corrales, Muhammad Izzatullah, Matteo Ravasi, and Hussein Hoteit
King Abdullah University of Science and Technology (KAUST), Saudi Arabia

SUMMARY

Reservoir characterization is a critical component in any oil
and gas, geothermal, and CO2 sequestration project. A fun-
damental step in the process of characterizing the subsurface
is represented by the inversion of petrophysical parameters
from seismic data. However, this problem suffers from var-
ious uncertainty sources originating from inaccuracies in the
measurements, modeling errors, and complex geological pro-
cesses. Moreover, the non-linearity of the rock-physics model
and Zoeppritz equation that constitute the modelling opera-
tor, further complicates the inversion process. In this work,
we propose a novel data-driven approach where well-log in-
formation is used to obtain optimal basis functions that link
band-limited petrophysical reflectivities to pre-stack seismic
data. Subsequently, the inversion of such band-limited reflec-
tivities for petrophysical parameters is framed in a Bayesian
framework where a generative adversarial network is used to
produce a geologically realistic prior distribution. The trained
prior distribution is updated using the Stein Variational Gra-
dient Descent and a set of representative solutions is produced
that is consistent with the uncertainties in the data and the non-
linear operators.

INTRODUCTION

Geophysical inversion techniques are of vital importance to
accurately characterize the subsurface for applications ranging
from hydrocarbon extraction to CO2 injection monitoring. In
the latter case, this will play vital role towards mitigating the
net CO2 emissions in the atmosphere. Such characterization
task requires converting seismic data into petrophysical prop-
erties. Nonetheless, the inversion of petrophysical properties
(i.e., porosity, shale content, and water saturation) is challeng-
ing due to the nature of the acquired data and the associated
non-linear modeling operator.

Sequential inversion represents the most extensively used ap-
proach to infer petrophysical parameters from pre-stack seis-
mic data. First, elastic parameters are retrieved from seismic
data by means of linearized amplitude-variation with offset
(AVO) inversion. This is followed by a step of petrophysi-
cal inversion using a representative rock-physics model of the
subsurface (Doyen, 2007). Nevertheless, this two-step cas-
caded approach does not guarantee that the inferred petrophys-
ical properties honor the original seismic data. In order to
overcome this limitation, joint inversion could be performed
whereby both elastic and petrophysical parameters are jointly
estimated in a Bayesian framework coupled with Monte-Carlo
sampling methods (Spikes et al., 2007). As proposed by Azevedo
and Soares (2017), geostatistical sampling methods can be in-
corporated into the inversion procedure to create geologically

looking candidate models.

Causse et al. (2007) introduced an approach entitled Optimal
linear AVO approximation (OptAVO), which seeks to over-
come the limitation of linearized inversion. By applying the
non-linear Zoeppritz equation to available elastic well logs,
OptAVO produces a set of representative synthetic seismic re-
flection curves. Subsequently, Singular Value Decomposition
(SVD) is performed on such training data to establish a set
of optimal basis functions and coefficients from which elas-
tic parameters can be directly inverted from pre-stack seismic
data. An extension to band-limited seismic data is proposed in
Ravasi et al. (2017), whilst a rock-physics model is included in
modelling operator used to generate the training data in Cor-
rales et al. (2022). This approach, referred here as RockAVO,
allows direct inversion of pre-stack seismic data for petrophys-
ical parameters.

In this work, we extend the RockAVO technique beyond the
deterministic approach of Corrales et al. (2022), and formulate
it within a Bayesian frameworks coupled with a deep genera-
tive modeling process. More specifically, a novel Generative
Adversarial Network (GAN) architecture, named Hierarchi-
cal Conditional GAN (HiCond-GAN), is introduced to facili-
tate prior distribution learning. The trained prior distribution
is used within the Stein Variational Gradient Descent (SVGD)
framework to infer multiple models that are consistent with the
data and prior, allowing us to ultimately quantify the uncer-
tainty associated with the rock physics model via the represen-
tative latent space of the HiCond-GAN. We call the proposed
approach Bayesian RockAVO.

THEORY

Bayesian RockAVO is a probabilistic approach to petrophysi-
cal inversion composed of three main stages: RockAVO, HiCond-
GAN as prior distribution, and Bayes inference with discrim-
inator driven latent sampling. A schematic workflow of the
presented approach is shown in Figure 1.

RockAVO
The RockAVO method comprehends two main sub-stages: train-
ing and inference. In the training sub-stage (see Figure 1b),
RockAVO produces a set of optimal basis functions that links
petrophysical reflectivities from available well-log profiles and
pre-stack seismic data. First, elastic parameters are computed
from petrophysical properties by means of a representative rock-
physics model (RPM) of the area of study (Mavko et al., 2020).
Given the elastic properties, a synthetic pre-stack seismic gather
is obtained by means of the Zoeppritz equation. The resulting
AVO seismic gather is therefore function of both the Zoeppritz
equation f and the representative rock-physics model g:

d(θ , t) = f (g(φ ,Vsh,Sw;ξ )) (1)
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Figure 1: Descriptive workflow of Bayesian-RockAVO. a) Hierarchical Conditional GAN (HiCond-GAN). b) Data-driven Rock-
AVO. c) Bayesian inference with discriminative latent sampling.

where φ , Vsh, Sw represent porosity, shale content, and water
saturation, respectively, and ξ refers the set of hyper-parameters
included in the RPM. Subsequently, SVD is performed on the
synthetic AVO gather to define the optimal basis functions:

d̃− d̃b = FΛV = FC (2)

As eigenvalues quickly decay to zero, one can consider a small
subset of basis functions (p) and write:

d̃− d̃b ≈ FpCp (3)

where d̃ is the synthetic AVO gather which corresponds to the
chosen dictionary of well-logs m̃. Likewise d̃b is the back-
ground AVO synthetic gather linked to the background model
m̃b. Also, F and V are the matrices of eigenvectors, and Λ is
the diagonal matrix of eigenvalues.

In the inference sub-stage, the seismic pre-stack data present
in an area around (or nearby) the available well-log profile(s)
is converted into a set of petrophysical properties. The optimal
coefficients for any of the seismic gathers in the area of interest
d are computed as follows:

Cp = FT
p (d−db) (4)

Next, the optimal coefficients Cp are back-projected into a
band-limited representation of the petrophysical parameters b
and the effect of the wavelet is subsequently removed as fol-
lows:

m = (WD)−1CT
p HT

p Wr̃ = (WD)−1b (5)

where Hp =VT
p Λ
−1
p , W is the wavelet operator, D is the deriva-

tive operator, and r̃ contains the petrophysical reflectivities co-

efficients of the available well-log profiles. We refer the reader
to Ravasi et al. (2017) for a detailed derivation of this equation.

Note that the last part of equation 5 can be solved in a deter-
ministic way as a post-stack seismic inversion per petrophys-
ical parameter. However, in this work, we cast the inversion
in a Bayesian framework to allow assessing the uncertainty of
the estimated petrophysical parameters.

HiCond-GAN as prior distribution
In geophysics, GANs have recently emerged as an effective
tool for constructing realistic prior distributions (Mosser et al.,
2017; Gayon-Lombardo et al., 2020). In this work, a GAN
is trained to learn the prior distribution from a set of petro-
physical models (from e.g., a representative reservoir model).
Although it might seem straightforward, producing geological
priors by using GANs is not trivial. Hence, a new architecture
of GAN is introduced. The main novelty lies in the addition
of hierarchical conditions on multi-resolution smooth petro-
physical models. We name this approach Hierarchical Con-
ditional GAN (HiCond-GAN). Taking inspiration from Karras
et al. (2017), this new architecture is designed such that the
generator grows progressively, starting from low-resolution im-
ages and moving toward high-resolution images while the dis-
criminator operates in reversed order. In HiCond-GAN, the
generator and discriminator are gradually conditioned from
low to high resolution smooth petrophysical models which pro-
vides geological consistency prior to the final Bayesian infer-
ence. Within this framework, the generator and discriminator
are conditioned at three different resolutions, 322, 642, and
1282. Moreover each block of the generator and discriminator
is composed of a 2D convolutional layer with instance normal-
ization followed by a nonlinear activation function (Ulyanov
et al., 2016). In this specific task, Mish and ELU activation
functions are used for the generator and discriminator, respec-
tively. The general training procedure for the HiCond-GAN is
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outlined in Figure 1a.

Bayes inference with discriminator driven latent sampling
In the Bayesian inference stage, the generator and discrimi-
nator are used as prior information to infer the petrophysical
models through discriminative latent sampling. The proposed
approach leverages the benefit of fast inference in lower di-
mensions with embedded prior information within the trained
HiCond-GAN’s generator. RockAVO and HiCond-GAN are
combined through unnormalized Bayes’ theorem, which es-
tablishes the relationship between the likelihood π(b|z) and
prior π(z) distributions:

π(z|b) = π(b|z)π(z), (6)

Following the Bayesian inference framework known as the dis-
criminator driven latent sampling (DDLS) (Che et al., 2020),
the likelihood distribution is defined as

π(b|z) = exp
(
− 1

2
‖b̃−b‖2

2

)
= exp

(
− 1

2
‖WDG(z)−b‖2

2

)
.

(7)

which measures how likely the predicted band limited repre-
sentation of the petrophysical parameters b̃ given the latent
vector z as an input to the generator G to be closed to the
observed b. Meanwhile, the prior distribution is defined as
a Boltzmann distribution with tractable energy function E(z).
This combines the logarithm of the distribution of the HiCond-
GAN’s input latent vector π0(z) (e.g., a normal distribution)
with the output of the discriminator. The overall prior can be
defined as

π(z) ∝ exp(−E(z)), where,

E(z) = logπ0(z)+D(G(z))
(8)

The posterior distribution becomes

π(z|b) = exp
(
− 1

2
‖WDG(z)−b‖2

2− logπ0(z)−D(G(z))
)
,

(9)
where D is the discriminator. Bayesian inference is performed
within the latent space of trained HiCond-GANs by minimiz-
ing the log-posterior distribution using the Stein Variational
Gradient Descent (SVGD) (Liu and Wang, 2016), which al-
lows to infer the uncertainties of petrophysical models.

NUMERICAL EXAMPLE

An evaluation of the proposed approach is conducted using the
3D geological reservoir model from the Smeaheia field. The
porosity model used here is taken directly from the available
model. The shale content is obtained by a random distribution
directly tied to the porosity values (i.e., high porosity sections
contain less shale). In a similar manner, water saturation is as-
sumed to follow a normal-random distribution above the water
contact. In this example the system is assumed to consist only
of oil and water, with normal pressure and temperature gradi-
ent on the reservoir.

The reservoir presents the following conditions: pressure, 24.1
MPa; temperature, 50 C; water salinity, 10,000 ppm; and oil

gravity, 20 API. The know well-logs for the training stage of
RockAVO are assumed to originate from three vertical wells
(taken as vertical pillars in the model). The RPM chosen for
this study is the Hertz-Mindlin model (Mavko et al., 2020).
The hyper-parameters ξ are Ksand = 37.6× 109 Pa, µsand =
44.6× 109 Pa, ρsand = 2.65 g/cm3; and Kshale = 20.9× 109

Pa, µshale = 30.6×109 Pa, ρshale = 2.58 g/cm3.

The AVO synthetic gather used as input for the SVD stage has
angles ranging from 0 to 50 degrees and it is band-passed using
a Ricker wavelet with central frequency of 20 Hz. Similarly,
the seismic gathers of the area selected for inversion is con-
taminated with noise that linearly increases with depth (SNR
29.08 to SNR 8.70). To counteract the effect of noise, the op-
timal coefficients are reconstructed using p = 4. Finally, a de-
terministic solution is constructed for comparative purposes,
where the petrophysical reflectivity model b is inverted using
spatially-regularized post-stack inversion where the Laplacian
operator is used as regularizer (equation 5).

For training the HiCond-GAN, 128 lateral sections of the model
are extracted, leaving a representative reservoir area for test-
ing. In practice, we observe that training three different HiCond-
GANs for each petrophysical parameter independently results
in good model priors. This is achieved using the Adam opti-
mizer with 3000 epochs and a Cosine annealing scheduler to
improve the training performance.

In the Bayesian inference stage (equation 9), the trained gen-
erators and discriminators of the HiCond-GANs are used as a
model and latent vector priors. SVGD is performed with 1000
realizations of the latent vector z and the final estimates are
considered to be posterior samples in the latent vector space.
The posterior petrophysical models are realized through the
output of HiCond-GAN with the posterior latent vectors. Fig-
ure 2c illustrates the model mean and standard deviation in
comparison to the true models and output from deterministic
inversion.

DISCUSSION

According to the numerical example presented, deterministic
inversion can successfully recover the petrophysical models
despite the presence of noise in the data. Nevertheless, this
approach heavily depends on the number of singular values
used in constructing optimal basis functions. This selection
may be considered as a data regularization prior to step of de-
terministic inversion. In terms of mean square error (MSE)
and structural similarity index (SSIM), as seen in Figure 2b),
deterministic reconstruction of the porosity model is best fol-
lowed by water saturation and shale content. The deterministic
RockAVO inversion provides an accurate representation of the
geology and properties. Nevertheless, RockAVO cannot cap-
ture the high porosity values at the top of the section. The
method also struggles to recover properties values at higher
depths due to the linear increase of noise in synthetic data.

For the Bayesian inference, mean and standard deviation mod-
els are shown in Figure 2c. Overall, Bayesian-RockAVO is
more robust towards noise in the data as it relies on stronger
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Figure 2: Inversion results for porosity (φ ), shale content (Vsh), and water saturation (Sw). a) True models. b) Inversion results from
RockAVO. c) Inversion results from Bayesian RockAVO, mean (left) and standard deviation (right). MSE stands for mean square
error, and SSIM for structural similarity index measure. d) Profiles at location x = 75.

prior information than its deterministic counterpart. For exam-
ple, the mean porosity model shows that high porosity values
at the top of the section can be more easily recovered. For the
water saturation, Bayesian RockAVO reduces noise in the bot-
tom layer, increasing its accuracy in capturing the geological
features compared to its deterministic counterpart. However,
the method shows poorer performance for the shale content.
Based on the models’ standard deviation, the generated poste-
rior samples show variability mostly related to the fine-scale
features.

Whilst Bayesian-RockAVO shows great potential in construct-
ing geologically consistent prior (and posterior) realizations,
the main outstanding challenge is currently represented by the
GAN training. A sophisticated GAN architecture that partially
alleviates such a problem is introduced. In order to have a bet-
ter representation of a prior distribution, HiCond-GAN needs
to be trained independently for each petrophysical model, thus
increasing the computational cost and time in constructing the
prior. Training a single HiCond-GAN for all petrophysical
models together, although more efficient, is currently limited
by the fact that the geological features of the water saturation
model strongly influences the GAN outputs of the other mod-
els. Also, the success in training GAN as a prior depends
on the number of training samples available. In this work,
only 128 training samples (2D sections) are available for GAN
training. This increases the possibilities of mode collapse and
GAN “remembering” the outputs from the training data in-
stead of better at generalizing its output. The availability of

a larger training dataset would alleviate this issue.

CONCLUSION

A novel Bayesian framework is presented to directly invert
petrophysical properties from pre-stack seismic data. Bayesian-
RockAVO successfully handles the non-linearity of the RPM
and Zoeppritz equation and allows producing a span of possi-
ble solutions and increases the accuracy of water saturation
compared to the deterministic solution. Some of the most
outstanding features of the method are: i) direct inversion of
petrophysical data in the deterministic and Bayesian frame-
work, ii) the robustness towards noise by careful selection of
the optimal basis functions, iii) coupling the prior information
from HiCond-GAN improves the resolution in the higher noise
areas. Although the method shows promising results, the chal-
lenge still remains in the overall computational cost and the
need for extensive dataset to avoid mode collapse in the train-
ing process.
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