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Abstract

Geomodelling of subsurface reservoirs is important for water resources, hydrocarbon
exploitation, and Carbon Capture and Storage (CCS). Traditional geostatistics-based approaches
cannot abstract complex geological patterns and are thus not able to simulate very realistic earth
models. We present a Generative Adversarial Networks (GANSs)-based 3D reservoir simulation
framework, GANSIm-3D, which can capture geological patterns and relationships between
various conditioning data and earth models and is thus able to directly simulate multiple 3D
realistic and conditional earth models of arbitrary sizes from given conditioning data. In
GANSIm-3D, the generator, designed to only include 3D convolutional layers, takes various 3D
conditioning data and 3D random latent cubes (composed of random numbers) as inputs and
produces a 3D earth model. Two types of losses, the original GANs loss and condition-based
loss, are designed to train the generator progressively from shallow to deep layers to learn the
geological patterns and relationships from coarse to fine resolutions. Conditioning data can
include 3D sparse well facies data, 3D low-resolution probability maps, and global features like
facies proportion, channel width, etc. Once trained on a training dataset where each training
sample is a 3D cube of a small fixed size, the generator can be used for geomodelling of 3D
reservoirs of large arbitrary sizes by directly extending the sizes of all inputs and the output of
the generator proportionally. To illustrate how GANSIm-3D is used for field geomodelling and
also to verify GANSIm-3D, a field karst cave reservoir in Tahe area of China is used as an
example. The 3D well facies data and 3D probability map of caves obtained from geophysical
interpretation are used as conditioning data. First, we create a training dataset consisting of facies
models of 64x64x64 cells with a process-mimicking simulation method to integrate field
geological patterns. The training well facies data and the training probability map data are
produced from the training facies models. Then, the 3D generator is successfully trained and
evaluated in two synthetic cases with various metrics. Next, we apply the pretrained generator
for conditional geomodelling of two field cave reservoirs of Tahe area. The first reservoir is
800m x 800m x 64m and is divided into 64 x 64 x 64 cells, while the second is
4200mx3200mx96m and is divided into 336x256x96 cells. We fix the input well facies data
and cave probability maps and randomly change the input latent cubes to allow the generator to
produce multiple diverse cave reservoir realizations, which prove to be consistent with the
geological patterns of real Tahe cave reservoir as well as the input conditioning data. The noise
in the input probability map is suppressed by the generator. Once trained, the geomodelling
process is quite fast: each realization with 336x256x96 cells takes 0.988 seconds using 1 GPU
(V100). This study shows that GANSiIm-3D is robust for fast 3D conditional geomodelling of
field reservoirs of arbitrary sizes.

Key Points:

e GANSIm-3D produces multiple 3D realistic conditional reservoir models of arbitrary
sizes from given conditioning data.

e Application in field karst cave reservoirs shows robust performance of GANSIm-3D.

e Geomodelling with GANSIm-3D is quite fast: <1s for one realization with 336x256x96
cells.
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1 Introduction

Geomodelling, or quantitatively predicting the distribution of subsurface reservoirs, is of
great significance for evaluation and exploitation of underground water and energy resources as
well as for geological sequestration of CO2 (CCS). Generally, various types of information (data)
about the subsurface are incorporated using geostatistical approaches for geomodelling. Such
information includes sparse well data, geophysical data, global features (e.g., facies proportion),
and spatial geological patterns, among which the geological patterns may be the most difficult to
incorporate. In traditional geostatistics-based geomodelling approaches, geological patterns can
be partially expressed by simple variogram functions (e.g., in Sequential Indicator Simulation
method; Pyrcz & Deutsch, 2014) or local multiple points statistics (MPS) (in MPS-based
approaches; Mariethoz & Caers, 2014). Such partial representations may not be able to
completely express the complicated spatial geological patterns, thus there is a lack of realism
(expected geological patterns) to different extents in the simulated results of these approaches,
e.g., facies models produced by variogram-based approaches cannot exhibit sinuous channel-like
shapes, while MPS-based approaches may produce discontinuous channels. In addition, due to
the incompleteness and imperfectness of the incorporated information (e.g., the sparse nature of
well data and low-resolution nature of geophysical data), uncertainty exists in geomodelling
results, so a number of reservoir realizations are generally produced to represent the potential
distribution of subsurface reservoirs.

Generative Adversarial Networks (GANSs) (Goodfellow et al., 2014) in deep learning are
good at capturing complete spatial patterns (structures) of 2D images or 3D objects using a
generator Convolutional Neural Network (CNN), with the help of another discriminator CNN.
With the captured pattern knowledge, the generator CNN can map a random latent vector into a
realistic image or a realistic 3D object (e.g., Wu et al., 2016). Supporting Information S1 gives
more detail about the basic methodology of GANSs.

In recent years, GANs have been combined with geomodelling on different aspects (e.g.,
Chan & Elsheikh, 2017, 2019; Dupont et al., 2018; Laloy et al., 2018; Mosser et al., 2020; Zheng
& Zhang, 2022; Nesvold & Mukerji, 2021; Song et al., 2021a, 2021b, 2022; Zhang et al., 2019).
Like any other approach, unconditional and conditional geomodelling are considered. For
unconditional GANs-based geomodelling, the generator CNN is first trained to abstract spatial
geological patterns from training facies models; then it uses the learned pattern knowledge to
quickly produce multiple reservoir realizations consistent with the pattern from random latent
vectors. Song et al. (2021a) proposed to use a progressive training approach for GANs in
geomodelling, going incrementally from coarse resolution to finer and finer resolutions and
proved that it performs better than the conventional alternative of training where the finest
resolution is directly produced.

There are two approaches to achieve conditioning in GANs-based geomodelling. Note
that the trained generator in the unconditional case can map a random latent vector into any
realistic facies model, so the key of the first conditioning approach is to search for appropriate
input latent vectors, with which the trained generator can produce facies models consistent with
expected geological patterns as well as given conditioning data. Laloy et al. (2018), Mosser et al.
(2020), and Nesvold & Mukerji (2021) used Markov Chain Monte Carlo optimization algorithms
(MCMC) to search for such appropriate latent vectors, while Dupont et al. (2018) and Zhang et
al. (2019) used gradient descent optimization algorithms. With these optimization-based
algorithms, only one optimal latent vector is found every time, and thus many optimization runs
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are needed to produce multiple latent vectors and their corresponding multiple facies models for
uncertainty assessment. Chan & Elsheikh (2019) proposed to train an extra neural network
between a predefined distribution (e.g., Gaussian distribution) and all appropriate latent vectors
for given conditioning data. In this way, multiple conditional facies models can be obtained all at
once. However, the extra neural network is unique for the given conditioning data, and once the
conditioning data changes the neural network has to be trained again.

Song et al. (2021b, 2022) proposed another direct conditioning approach, called
GANSIm, where the generator directly takes conditioning data and random latent vectors as
inputs to produce multiple conditional earth models of reservoir. The proposal of GANSIm is
inspired by the process of experts drawing conditional geological maps by hand, where experts
use the geological pattern knowledge and relationship knowledge between conditioning data and
geological maps to finish realistic maps consistent with both expected patterns and given
conditioning data. The trained generator in the unconditional case only learns the pattern
knowledge; in GANSIm, a condition-based loss function is further introduced to force the
generator also to learn the relationships between various conditioning data and earth models.
These conditioning data can include global features (e.g., facies proportion, channel sinuosity,
and channel width), local well facies interpretations, and probability maps of geobodies produced
from geophysical interpretations. With the learned geological pattern knowledge and the
relationship, the trained generator can directly map observed conditioning data into multiple
realistic conditional earth models. Compared to the previous approach, GANSim does not
involve optimization or extra neural network training process, and thus is more convenient and
faster.

However, there are still several aspects that need to be further improved in the current
GANSIm research presented by Song et al. (2021b, 2022). First, the current GANSiIm algorithm
is presented in a 2D framework, where the input well data, input probability map, and the output
reservoir models are all set as 2D (i.e., planner sections of real 3D reservoir) and the CNNs of
generator and discriminator also use 2D convolutional kernels. But real subsurface reservoirs are
3D. How to extend GANSIm into 3D space? Second, in the current GANSIim framework, the
trained generator can only produce earth models with a fixed size equal to that on which it was
originally trained, e.g, if the training facies models have 64 x 64 cells each representing
10mx10m, then the trained generator also produces facies models of 64x64 cells. However, the
field reservoir to be predicted may be at large arbitrary sizes, different from the size of the
training models. Is it possible to use the generator trained on small-size facies models for
geomodelling of field reservoirs of large sizes? Third, Song et al. (2021b, 2022) only use
synthetic cases to validate the proposed GANSim. Given much more sophisticated geological
patterns of field reservoirs than synthetic patterns, field reservoirs are needed to verify the
effectiveness and efficiency of GANSIm.

Therefore, in this study, we propose a GANSIm-3D framework to address the
aforementioned concerns based on the GANSIm research presented by Song et al. (2021b, 2022).
In GANSIm-3D, the convolutional kernels of the generator and discriminator, the input
conditioning data, and the output earth models are all designed to be 3D, and the architecture
design of the generator is specially improved so that it can produce earth models of flexible sizes
after being trained on samples of small fixed size. A 3D field karst cave reservoir in Tahe area of
China, which proved to be very difficult for geomodelling after many years’ research (Liu et al.,
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2012; Lu et al., 2012; Li et al., 2016(a); Li et al., 2016(b)), is taken as an example to validate the
proposed GANSIm-3D framework and showcase the field application of GANSim-3D.

Tahe area is located at Akekule uplift of northern Tarim Basin in western China and has
an area of around 60kmx30km. The major reservoir is Ordovician carbonate karst caves about
5500 meters beneath the surface, including connected ribbon-like caves formed by paleo-
underground rivers, isolated caves formed by intermittent surficial water, and fault-controlled
caves controlled by strike slip faults and related dissolutions (Lu et al., 2020). These caves were
formed when the Ordovician carbonate rock with extensive faults and fractures produced in
earlier geomechanical stages was exposed to weathering during the middle Caledonian and
Hercynian periods. The Ordovician carbonate rock may experience multiple episodes of
weathering in some parts, where in each episode the carbonate rock is uplifted, exposed to
weathering, and then subsided, producing multiple layers of caves that are vertically stacked. The
unconformity surface (of the last weathering episode) under which the caves are formed is
designated as the paleo-geographic surface in this paper. In addition to the vertical multi-layer
feature, Tahe caves also have a very strong heterogeneity and complicated spatial patterns in
planar view. The diameter of the caves spans from tens of centimeters to tens of meters. Caves
tend to develop in the vicinity of different levels of faults, especially where multiple faults
intersect. There are three extension directions for the underground river caves: NNE, NNW, and
nearly EW. Sparsely distributed hall caves with size several times larger than normal caves and
cave branches with different length randomly develop in the underground river cave systems.
Section 3 shows more detail about the spatial structure of the underground river cave systems.

These caves can be fully or partially filled by clastic or chemical cement, or totally void
without any fill. Compared to the surrounding tight carbonate rock with porosity of less than 1%,
these caves, even when completely filled (porosity can be >20%), are good reservoirs for water,
hydrocarbons, and CO». During last decades, over hundreds of studies about Tahe karst cave
reservoir have been reported ranging from structural geology, Karstification, reservoir
characterization, geomodelling, etc. Xu et al., (2021) present a review of these progresses.

Because of large fluid storage potential of Tahe cave reservoir, abundant geological data
and consequent analyses have been obtained, including over 3000 wells, 3D seismic data,
outcrop measurements, geomechanical simulation results, fault and fractures interpretation, and
karstification history analyses. Although the wealth of data provides a solid foundation for
geomodelling of the karst cave reservoir, the sophisticated geological patterns of the cave
reservoir and the challenges in expressing complex geological patterns using traditional
geostatistics-based geomodelling approaches make it difficult to produce cave reservoir models
consistent with expected spatial patterns. For example, Liu et al. (2012) and Lu et al. (2012)
utilized variogram-based approaches to simulate cave models, but the simulated caves are
distributed in large pieces and cannot show specific shapes. Li et al. (2016a) and L. et al. (2016b)
used MPS-based approaches to produce underground river caves of Tahe area; the simulated
caves can present a ribbon-like shape to some extent but the continuity and variability still need
to be improved. In this paper, we only consider the underground river cave reservoir type
(excluding the isolated and fault-controlled cave reservoir types) as an example for geomodelling
with the proposed GANSIm-3D.

The structure of this paper is organized as follows. Section 2 describes GANSIm-3D
geomodelling framework and specifies its designs for geomodelling of Tahe cave reservoir.
Section 3 constructs conceptual models of Tahe cave reservoirs by integrating field geological
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patterns. Then in Section 4, based on the conceptual models, a training dataset (training facies
models, training well data, and training probability maps) is built. In Section 5, we use the
training dataset to train a generator based on the GANSIm-3D design and evaluate the
generator’s ability for geomodelling. Next, in Section 6 the pretrained generator is used for
practical uncertainty geomodelling of two field reservoirs with different sizes in the Tahe area.
Finally, Section 7 gives conclusions of this study.

2. GANSIm-3D and its designs for geomodelling of Tahe cave reservoir

2.1 GANSIm-3D

GANSIm presented by Song et al. (2021b, 2022) can be used to produce 2D reservoir
models of the same size as the training data, in its original form. Supporting Information S2
gives detail about the basic theory of GANSIm. Since real reservoirs are 3D and of arbitrary
sizes, in this study a 3D framework, GANSIim-3D, is proposed to address the concerns of 2D and
fixed-size geomdelling based on the previous GANSIm.

As illustrated in Figure S2, in the generator of GANSIm, the concatenation of a random
latent vector and a vector of global features is mapped into a feature vector with a fully
connected neural network layer, and the following reshape layer further converts the feature
vector into multiple channels of 2D feature maps. However, in GANSiIm-3D, the input latent
vector and global feature vector are transformed into 3D concatenated cubes (i.e., random latent
cubes and global feature cubes), and the original fully-connected and reshape layers are replaced
by 3D convolutional layers. Now there are only convolutional layers in the generator which
enables the geomodelling of flexible sizes, which will be explained in detail in latter paragraphs.
In addition, to produce 3D reservoir models and condition to 3D observable data like well data
and probability maps resulted from 3D geophysical data, all CNN layers of the generator and the
discriminator are set to be 3D, i.e., the kernels of the CNN layers are transformed from 2D into
3D.

Figure 1 shows an example of the architecture design of the generator and discriminator
of GANSIm-3D, which will be used for field geomodelling of Tahe karst cave reservoirs in
following sections. In this example, only well data and probability map are used as conditioning
data (i.e., excluding global features). There are two types of pipelines in the generator: main
pipeline as the backbone and pipelines for the two types of conditioning data. The main pipeline
of the generator is composed of 6 3D 3x3x3 convolutional layers (i.e., the kernel size is 3x3x3)
and 4 upsampling layers. The input is 8 channels of 4x4x4-latent cubes each containing 64
latent variables sampled from a standard Gaussian distribution, while the output is a 64x64x64-
karst cave facies model. The input conditioning data include 64 x64x64-well facies data (a well
trajectory indicator and a karst cave facies indicator) and one 64x64x64-probability map of
karst cave. They are taken into the main pipeline of the generator through parallel input pipelines
of conditioning data that are composed of downsampling layers and 1x1x1 convolutional layers
(i.e., the kernel size is 1x1x1). All feature cubes converted from the input conditioning data are
set to have 16 channels (e.g., the feature cube with size of 4x4x4x16 or 8x8x8x16). The
discriminator is basically symmetrical to the main pipeline of the generator, except that two fully
connected layers and one minibatch standard deviation layer are included. All 3x3x3-size
convolutional kernels (in the main pipeline of the generator and the discriminator) have a stride
size of 1x1x1 and are padded with zeros. The leaky rectified linear unit function (LReLU) with
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a leaky value of 0.2 is used as the activation function in all layers of the generator and the
discriminator except the last layer of the discriminator for which no activation function is used.

(a) Generator
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CV/CV(1x1x1): Convolutional layer with kernel size of 3x3x3/1x1x1 L XWX HxC: Lengthx Widthx Heightx Channel

Figure 1 Architectures of the generator and the discriminator used for geomodelling of 3D Tahe
cave reservoirs. Only one data cube is shown is this figure; e.g., 4x4x4x8 represents 8 channels
of data cube of size 4x4x4, but only one such data cube is drawn. The generator includes one
main pipeline and two pipelines of well data and probability map conditioning data. The input of
the main pipeline includes 8 channels of 4x4x4-latent cubes, and the output is a 64x64x64-size
karst cave facies model. The input well facies conditioning data include one well trajectory
indicator and one cave facies indicator both of size 64x64x64. The size of the input cave
probability map is also 64x64x64.

With only 3D CNN layers, the generator can be regarded as an amplifier that amplifies
small-size input latent cubes and global feature cubes into a large-size facies model by an
amplification factor, conditioned to input probability map and well facies data with the same size
as the output facies model. Thus, we may first train the generator on a training dataset consisting
of small-size data cubes, and then use the trained generator for geomodelling of reservoirs with
large arbitrary sizes by expanding the inputs of the generator as long as the quantitative
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relationship of the inputs sizes remains constant. For example, once trained on 64x64x64-size
training data, the generator of Figure 1 can take in 20x15x5-size latent cubes and 320x240x80-
size well data and probability maps to produce a 320x240x80-size cave facies model, where the
size of the well data, the probability maps, and the output cave facies model is 16 times that of
the latent cubes, which is the same amplification factor as the original architecture in Figure 1.
This feature is very important in geosciences because, first, it is impossible to train a deep
learning model to produce earth models with very large size due to the limitation of training data
size and computation resources; second, practical areas of interest can be of many possible sizes.
Such technique was initially proposed by Jetchev et al. (2016) and has been used in many
geosciences researches (e.g. Laloy et al., 2018; Zheng & Zhang, 2022). We will use this
technique for geomodelling of large-size reservoirs in Section 6.2.

The total loss function of GANSIm-3D is constructed as the weighted sum of the original
adversarial GANSs loss, condition-based losses for well data, probability data, and global features:

L(G,D)totar = P1L(G, D) + B,L(G),, + B3L(G)p + BAI-L(G)g’ (1)

where, L(G, D)¢otarr L(G, D), L(G)y, L(G),, and L(G), are the total loss, original GANs loss,
and condition-based losses for the input well data, probability maps, and global features, while
B, B2, Bs, and B, are predefined weights. These two types of losses, GANs loss and condition-
based losses, are to enforce the generator to learn the geological pattern knowledge and the
correct relationships between various input conditioning data and the output facies model. The
Wasserstein loss function with gradient penalty (Gulrajani et al., 2017) is used as the original
GANSs loss here. For details of these condition-based losses, readers can see Supporting
Information S2 or Song et al. (2021b, 2022). To better tune the weights, the four losses at the
right-hand side of the equation are normalized into standard Gaussian distributions. During
training, the discriminator and the generator are alternatively trained. When training the
generator, L(G, D)totq: 1S Minimized, i.e., the original GANSs loss and the other three condition-
based losses are all minimized; when training the discriminator, L(G, D);otq; 1S maximized, i.e.,
only the original GANSs loss is maximized.

In addition, a progressive training method (Karras et al., 2017) is applied, where the
generator and the discriminator are progressively trained from shallow to deep neural network
layers and the geological patterns and the relationships are learned from coarse to fine scales by
the generator.

After training, when we fix the input conditioning data and randomly change the input
latent cubes, the generator can produce multiple 3D facies model realizations that are both
realistic and consistent with the input conditioning data. These conditional realistic earth models
constitute the uncertainty space of the subsurface reservoir.

2.2 GANSiIm-3D design for geomodelling of Tahe cave reservoir

The proposed GANSIm-3D is specified for uncertainty geomodelling of 3D field cave
reservoirs in Tahe area. The architectures of the generator and the discriminator are designed as
in Figure 1. Since global features are not used as conditioning data here, their corresponding
condition-based loss is not included in the total loss function (Equation (1)). Three types of
training data are required: 3D Karst cave training facies models of size 64x64x64, 3D training
well facies data of size 64x64x64, and 3D training probability map of karst cave of size
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64 x64x64. The training facies model dataset is the most important because they need to
incorporate the field geological patterns of the underground river cave reservoir of Tahe area. In
the next two sections, we first construct large conceptual models with size 655x655x64 for the
field cave reservoirs by integrating the field geological patterns; then we crop the conceptual
models into the required size of 64x64x64 as the training facies models; finally, the training
well and probability map data of the same size are obtained from the training facies models.

To speed up the training process, minibatch gradient descent and the Adam optimizer
with default parameters (Kingma & Ba, 2014) are used. The generator and discriminator are
alternatively trained both with a single minibatch. We use 4 GPUs (NVIDIA Tesla V100-PCIE-
32GB), 20 CPUs, and 160G RAM in parallel for training.

The layers of the generator and the discriminator are trained from shallow to deep
progressively. Each minibatch is set to include 32 training facies models when training the front
4 convolutional layers; when the last two convolutional layers are activated (i.e. when the
64x64x64-size feature cubes in Figure 1 are produced), each minibatch is set to only include 16
training facies models to save GPU memory. The training schedule includes 5,000 training
iterations when only the first convolutional layer is activated, 20,000 training iterations after the
second and third convolutional layers are activated, 30,000 iterations when the fourth
convolutional layer is activated, and unlimited number of iterations after the following layers are
activated. The training stops when the generated cave facies models are realistic (i.e., consistent
with expected geological patterns), diverse, and consistent with the input conditioning data.

3. Construction of conceptual models of cave reservoir of Tahe area

To build the training facies model dataset of 64x64x64 cells, large-size conceptual facies
models with 655x655x64 cells of the underground river cave of Tahe area are built in this part.
First, we propose a process-mimicking simulation approach for underground river caves; second,
related parameters of Tahe cave reservoir are prepared; then, these parameters are taken into the
process-mimicking approach to simulate a number of conceptual models of Tahe cave reservoir;
finally, the geological patterns inside these conceptual models are verified. These large-size
conceptual models will then be cropped into training facies models of small size in next section.

3.1 Process-mimicking simulation approach

Conceptual models can be constructed using object-based method (e.g. Mosser et al.,
2020; Zhang et al., 2019), process-based method, or process-mimicking method (e.g. Pyrcz &
Deutsch, 2014). Process-based methods produce realistic earth models but are too expensive for
building a large number of 3D earth models. For example, the process-based model of Li et al.
(2020) takes 1-5 days to simulate a single 3D karst model of less than 0.1 million grids using a
hydrochemical simulation approach.

Researchers (e.g. Audra et al., 2010; Billi et al., 2007; Boersma et al., 2019; Klimchouk,
2009; Klimchouk et al., 2016) have provided insights about the formation mechanism of
underground river karst caves. This involves fluid flow through subsurface fracture systems
(occasionally including faults) eroding and scouring the surrounding rocks, often involving
chemical dissolution, and finally forming ribbon-like karst caves along the fracture system.
Following the formation mechanism, we propose a process-mimicking approach to simulate
underground river karst caves (see Figure 2) with the following steps.
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(1) Select a cave simulation area. Considering all fracture sets in the area, obtain the
fracture density map, the probability density function (pdf) of fracture strike, and the pdf of
fracture length for each fracture set. In addition, obtain the vertical profile of the underground
river cave to be simulated and the pdfs of cave width and height.

(2) Inside the cave simulation area, randomly select a fracture set and the center of initial
fracture according to the fracture density maps.

(3) Based on the pdfs of strike and length of the fracture set, randomly sample the strike
and length for the initial fracture. Then construct the initial fracture.

(4) Inside the current simulated fracture, randomly select an intersection point between
current and the next fracture to be simulated. From this intersection point construct a new
fracture by randomly selecting a fracture set based on the fracture density maps, and again
drawing the strike and length randomly from their corresponding pdfs.

(5) Decide if the newly constructed fracture meets the fracture simulation stopping
criteria; if yes, stop fracture simulation, otherwise repeat step (4), and (5). The stopping criteria
include that, either the newly constructed fracture intersects the boundaries of the simulation area,
or the number of simulated fractures reaches a predefined target value.

(6) Considering that underground river cave system may include several branches, for
each branch, randomly select one simulated fracture as the initial fracture of this new branch.
Then repeat step (4) and (5) to simulate fractures of this new branch.

(7) Randomly trim a fixed proportion (predefined value) of dead ends (the part between
fracture end and nearest intersection point) of the simulated fracture system.

(8) According to pdfs of cave width and height, randomly sample width and height values
for the cave system. Then based on the cave profile and the sampled cave width and height,
expand the fracture system into a 3D cave system.

No
pdf Sampling of
\ Fracture fracture
Sample| o /J density i strike and i\

- . > > y maps length >
e Sy ¥ Sampling of >
® \\ set1 fracture set 2
i Center and set of  Strikeand | e tire Intersection New fracture

W initial fracture length point and set of es

- new fracture
Fracture density

maps for different

fracture sets [pdf j
Trimming
3D underground \ « ﬁi dead ends ‘%
—

river cave Sampling of cave
height, width, and
profile; expanding  Fracture system Fracture system

Figure 2 Workflow of proposed process-mimicking approach for underground river cave
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3.2 Simulation-related parameters of the Tahe cave reservoir

According to above workflow, we apply this process-mimicking approach to simulate
conceptual facies models of underground river cave of Tahe area. There are mainly three sets of
fractures with strikes of NNE, NNW, and nearly EW in Tahe cave reservoir. Based on image
logs from several wells, the pdfs of fracture strike for the three sets are characterized by von
Mises distributions (Berens, 2009; Fisher, 1993) as in Figure 3 (b) with the pdf parameters as
given in Table 1. The pdfs of fracture length for the three sets are fit with a power law
distribution based on the corrected measurement of outcrop fractures and seismically interpreted
fractures presented in Méndez et al. (2020), as shown in Figure 3 (c) and Table 1. We choose a
sub-area of 16kmx13km inside Tahe area to simulate the underground river cave reservoir. The
combined fracture density map of the three fracture sets is calculated from strain energy density
distribution (obtained from Geomechanical simulation) and the relationship between the strain
energy density and the fracture density estimated from core observation data. This is similar to
the approach used in Feng et al. (2018). Here, the three sets of fractures are assumed to occur
with the same probability at each point of the simulated fracture density map, so in the next
process-mimicking simulation step the center or intersection point of a fracture is first selected
according to the combined fracture density map, then one of the three fracture sets is
equiprobably decided.

(b) Probability density functions (pdf) of fracture strike for the three fracture sets

(a) Combined fracture density map of simulation area

P

90 270

(c) Probability density functions (pdf) of fracture length for the three fracture sets
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Figure 3 Combined fracture density map, pdfs of fracture strike, and pdfs of fracture length for
the three fracture groups of Tahe cave reservoir.

Table 1 Pdfs of fracture strike and length for the three fracture groups of Tahe reservoir.

Strike (von Mises distribution) Length (L)
Average (u)/degree Concentration() Pdf (p) Min/m  Max/m
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NNE 38 (218) 19 p=26x10°x L3¢ 200 700
NNW 153 (333) 17 p=2.6X10°xL™*5 200 700
EW 78 (258) 31 p=26x10°xL"*8 200 700

Based on outcrop observations of caves in the Tahe area (Figure 4 (a)), we use a half
ellipse to approximate the cave profile. The size of outcrop caves (<5m) is usually much smaller
than subsurface caves (several to tens meters), because large outcrop caves collapse easily. Thus,
it is difficult to obtain the pdf of subsurface cave width from outcrop caves. In our case, we use
the pdf of cave height-to-width ratio instead, which is obtained from the measurement of outcrop
caves and the vertical sections of seismic attribute data (Figure 4 (b)). The pdf of cave height is
fit from the statistics of wells drilled through underground river caves (Figure 4 (c)).

(a) Cave outcrop (b) Pdf of cave height-to-width ratio
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Figure 4 Cave outcrop examples and pdfs of height-to-width ratio and height of underground
river cave in Tahe reservoir.

3.3 Simulation of conceptual models of Tahe area

To get different conceptual models of karst cave, in every simulation, we randomly crop
a sub-area (8192mx8192m) from the original simulation area (Figure 3 (a); 16kmx13km), and
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use the fracture density map inside the sub-area, pdfs of fracture strike and length, and pdfs of
cave height and height-to-width ratio to simulate one conceptual model, based on the proposed
process-mimicking workflow. In total, 642 conceptual models of karst caves are simulated; each
model includes 655x655x64 cells, and each cell is 12.5m (length) x12.5m (width) xX1m (height).
Figure 5 and Figure 6 show a planer view and vertical sections of one randomly selected

simulated model.
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B Underground river cave

Figure 5 Planer view of one randomly generated conceptual model of underground river cave
reservoirs in Tahe area, simulated with the process-mimicking workflow. Only cave facies are
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Figure 6 Vertical sections of the randomly generated conceptual model shown in Figure 5. The
sections are marked in Figure 5. Only cave facies are shown.

3.4 Verification of geological patterns in simulated conceptual models

As shown in Figures 5 and 6, the simulated caves in these conceptual models are
connected, like ribbons. Each cave system is composed of many small straight conduits. Most of
these conduits have strikes of NNE, NNW, and nearly EW. A step-like shape can be observed
from several connected conduits. Cave branches also develop. Hall caves—cave whose width is
several times of normal cave width—are sparsely developed (section 2 of Figure 6). Most caves
have a half ellipse profile (section 1 of Figure 6). These are typical features of underground river
karst cave of Tahe reservoir. Figure 7 shows a planar section of the seismic frequency energy
attribute of a small part of Tahe cave reservoir, where one or two cave systems can be clearly
recognized. From the section, we can observe cave conduits with strikes of NNE, NNW, and
nearly EW some of which are marked by dashed lines, sparsely distributed hall caves, cave
branches, and step-like shape of connected conduits (Figure 7 (b) and (c)), similar to patterns
generated. Therefore, we can conclude that the conceptual models simulated by the process-
mimicking algorithm integrate the geological patterns of field cave reservoir of Tahe area.
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(a) Planar section of seismic frequency energy attribute (b) Step-like shape of connected conduits
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Figure 7 Planar section of seismic frequency energy attribute of a small part of Tahe cave
reservoir.

4. Construction of the training dataset

The training dataset includes training facies models (64x64x64), training well facies
data (64x64x64), and training probability map of karst cave (64x64x64). We build training
facies models from the simulated conceptual models of karst cave reservoir of Tahe area, by
randomly cropping the large conceptual models (655x655x64) into blocks of 64x64x64. The
training well facies and probability maps data are obtained from these cropped training facies
models.

4.1 Training facies models

After randomly cropping the 642 large conceptual models, a total of 22,695 3D training
facies models (64x64x64) of underground river karst cave are obtained. Each cell represents
12.5m (length) x12.5m (width) x1m (height). Figure 8 shows 9 random training facies models.
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N@ D

B Underground river cave

b’

Figure 8 Randomly selected 9 training models of underground river karst cave. Each model has
64x64x64 cells, and each cell represents 12.5m (length) x 12.5m (width) x 1m (height). Only
cave facies are shown.

4.2 Training well facies data

Theoretically, when constructing sparse training well data, all types of wells should be
considered, including straight wells, inclined wells, horizontal wells, and wells not drilling
through a model. In such cases, well data are distributed like strings along well trajectories. To
make this process simpler, we ignore the string-like feature of well data and randomly sample
sparse cells from the previously constructed training facies models to build training well data.
Such non-string-like well data do not exist in practice, but they can help train the generator to
condition on normal string-like well data, as is illustrated in the case studies of Section 5 and 6.
From each training facies model (with 64x64x64 cells), we sample 1-500 cells to form one set
of training well data; the void cells between these sampled cells are set to an easily recognized
numeric code for no data, e.g., -99. Finally, 22,695 sets of training well facies data (each with
64>64>64 cells) are built. Figure 9 shows the 9 training well facies data sampled from the facies
models in Figure 8.
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B Undergroundrivercave @ Non-cave

Figure 9 Training well facies data obtained from the 9 facies models in Figure 8. Each set of
well data has 64x64x64 cells, and each cell represents 12.5m (length) x 12.5m (width) x 1m
(height).

4.3 Training probability map of underground river cave

Training probability map data of underground river cave are also obtained from the 3D
training facies models using a Gaussian smoothing approach, to mimic real geophysically
interpreted probability maps. First, the facies models are preprocessed into indicator models of
karst cave: the karst cave cells are set to be 1 while other cells are set to be 0. Second, these
indicator models are smoothed using 3D Gaussian kernels with sizes of 4x4x50, 6xX6Xx75,
8x8x100, or 10x10x125 to form 3D probability map of underground river caves with
dimensions of 64>64>64. Here, different kernel sizes are used in order to make the training
probability maps similar to the practical ones (obtained from geophysical data) which may have
diverse resolutions (blurriness). The vertical size of these kernels is 12.5 times of horizontal size,
because the horizontal size (12.5m) of each cell is 12.5 times of the vertical size (1m). Third, 5%
- 30% of Gaussian noise are randomly added into each probability map to mimic practical
probability map data in which noises are inevitably introduced. Due to the added noise, the
constructed training probability map data may not be strictly consistent with the training well
facies data, e.g., karst cave cells in well data may correspond to low probability value in
probability map data and vice versa. Such phenomena are common in practice. Finally, 22,695
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3D probability map data are constructed. Figure 10 shows the 9 training probability maps
calculated from the 9 facies models of Figure 8 with different Gaussian kernels.

Kernel size = 10x10x125, . Kernel size = 4x4x50 Kernel size = 8x8x100

Probability
0.7

0.6
0.5
0.4
0.3
0.2
0.1
0.0

= Kernel size = 10x10x125

Figure 10 Training probability maps obtained from the 9 facies models in Figure 8 using
Gaussian kernels of different sizes. Each probability map has 64x64x64 cells, and each cell
represents 12.5m (length) x 12.5m (width) x 1m (height).

Kernel size = 8x8x100

Among the 22,695 training facies models, well data, and probability maps, 20,000 are
used for training GANs, while the remaining 2,695 are used as test dataset to evaluate the trained
generator.

5. Training and evaluation of the generator

5.1 Training of generator

The weights for the three of losses (i.e., ; for GANSs loss, 3, for well condition-based
loss, and 5 for probability map condition-based loss in Equation (1)) are investigated through
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trial-and-error experiments as in Song et al. (2021b). Supporting Information S4 shows the
produced results of trained generators for various combinations of the weights. We suggest
setting weight 8, and weight 5 between 0.07 to 0.35 and 0.5 to 2.5, while setting weight ; as 1.
The weight £, represents a tradeoff between the conditioning of well data and the realism of the
earth models produced by the trained generator, while S5 represents a tradeoff between the
diversity and the realism of the produced earth models. In this paper, we set 8,, S5, and B as 1,
0.35, and 0.5, respectively. With other settings as in Section 2.2, the generator was trained for 40
hours until the generated facies models were visually realistic, diverse, and conditioned to input
well and probability map data. The trained generator takes random latent cubes, 3D well facies
data, and 3D probability map as inputs and produces multiple 3D facies models of underground
river karst cave systems.

In Section 5.2, we first evaluate the trained generator in two synthetic cases in terms of
the realism, diversity, conditioning to input well facies and probability map, and prediction
accuracy of the simulated realizations. Then in Section 6, we use the trained generator for
uncertainty geomodelling of field karst cave reservoirs of Tahe area.

5.2 Evaluation of the pretrained generator based on synthetic cases

We chose two random facies models from the test dataset (not used for training) as the
ground truth and obtained two groups of corresponding 3D probability maps of karst cave and
well facies data via Gaussian smoothing (as described in Section 4.3) and random sampling. The
pretrained generator takes in 400 groups of random latent cubes (each group has 8 channels of
4 x4 x4-latent cubes), the probability map, and the well data to produce 400 facies model
realizations for each synthetic case. Each realization has 64 x 64 x 64 cells, and each cell
represents 12.5m (length) x 12.5m (width) x 1m (height). Figure 11 and Figure 12 show the
ground truth facies model, input 3D probability map, input well data, and 5 realizations for each
synthetic case. It takes 0.02 seconds to produce one realization on 1 GPU (V100).
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541  Figure 11 Geomodelling results for synthetic case 1. (a) Ground truth karst cave facies model;
542  (b) Sparse well facies data sampled from the ground truth facies model (the gray cells represent
543  non-cave facies type); (c) Probability map of karst cave obtained from the ground truth via
544  smoothing; (d) — (h) Random facies model realizations directly produced from the pretrained
545  generator by taking the well data and probability map as conditioning inputs; (i) Frequency map
546  calculated from 400 generated realizations. All subfigures include 64x64x64 cells, and each cell
547  represents 12.5m (length) x 12.5m (width) x 1m (height). Only karst cave cells are shown.
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Il Uunderground river cave reservoir

Figure 12 Geomodelling results for synthetic case 2. (a) Ground truth karst cave facies model;
(b) Sparse well facies data sampled from the ground truth facies model (the gray cells represent
non-cave facies type); (c) Probability map of karst cave obtained from the ground truth via
smoothing; (d) — (h) Random facies model realizations directly produced from the pretrained
generator by taking the well data and probability map as conditioning inputs; (i) Frequency map
calculated from 400 generated realizations. All subfigures include 64 x64x64 cells, and each cell
represents 12.5m (length) x 12.5m (width) x 1m (height). Only karst cave cells are shown.

From Figure 11 and Figure 12, we can see that these generated karst cave facies model
realizations are very realistic, i.e., having very similar geological patterns to the practical karst
caves of Tahe area or the training/testing facies models. For example, these simulated
underground river caves have a connected ribbon-like shape in planar view and a half-elliptical
shape in vertical section, some cave branches develop ((d) and (e) of Figure 11, (e), (), and (@)
of Figure 12), wide hall caves are sparsely distributed ((d) and (h) of Figure 11, (d), (¢), and (h)
of Figure 12), most straight conduits have strikes of NNE, NNW, and nearly EW, and the step-
like shape can be observed from some connected cave conduits (blue lines in (d) of Figure 11
and (g) of Figure 12). These features are very typical in the actual karst caves (Figure 7 and
Figure 4) and training/test facies models (Figure 8) of Tahe area.

To quantitatively assess the relationship of internal geological patterns between the
generated realizations and the training/test facies models (representing actual karst cave
geological patterns), we used Multi-Scale Sliced Wasserstein Distance combined with Multi-
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Dimensional Scaling (MS-SWD-MDS) approach to map every facies model into a point in a
reduced-dimension 2D space representing its geological pattern. Song et al. (2021a) describe this
approach in detail. Supporting Information S3 also explains this approach. Figure 13 (a) and (c)
show such point distributions of 100 test facies models, 40 generated realizations, and the ground
truth facies model for the two synthetic cases; Figure 13 (b) and (d) show the density contours of
these points, which approximate the distributions of underlying geological patterns in a 2D
space. From Figure 13, we can clearly see that, first, the geological pattern distribution of the
generated realizations is located inside that of the test facies models; second, the former one
shrinks to cluster closely around the ground truth facies model. This proves that the generated
realizations can reproduce geological patterns of practical karst caves (represented by test
dataset) but is constrained due to the conditioning effect of the input probability map and well
data. In addition, these realizations are very diverse, which can be seen from Figure 11, Figure
12, and Figure 13.

(a) Scatter plot of synthetic case 1 (b) Density contours of synthetic case 1
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Figure 13 Projection of test facies models, generated conditional facies model realizations, and
the ground truth facies models in a 2D space, based on MS-SWD-MDS approach; each point
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represents geological patterns of one facies model. (a) and (c) are the point scatter plots of the
two synthetic cases; (b) and (d) are the density contour maps obtained from the point scatter plots
of the two cases.

Based on the generated realizations, the reproduction accuracy of the input well facies
data was 100% for both cases. From careful visual inspection, we can see the locations and
shapes of the generated realizations are consistent with the input probability map very well. In
Figure 11 and Figure 12, we obtain frequency maps of karst cave from the 400 generated
realizations by calculating the proportion of simulated cave among all realizations at each cell
(see Equation (S2-5)). The frequency maps are quite similar with the input probability maps.
Figure 14 and Figure 15 compare the distributions of input probability map, frequency map, and
the ground truth facies models at different sections of the two synthetic cases. Apparently, the
generated frequency maps are more concentrated inside the input probability maps towards the
ground truth facies models. Especially, some features about the ground truth facies models are
lost in the input probability maps but are recaptured in the calculated frequency maps; for
example, in Figure 14 (b) and Figure 15 (a), high values of the frequency maps are concentrated
around the two ground truth karst caves, although the probability maps give no hint about the
number of the ground truth caves; in planar sections of Figure 14 (c) and Figure 15 (c), large
parts of the ground truth caves are outlined by the frequency maps. These discussions prove that,
(1) the generated realizations are consistent with the input probability maps, and (2) compared to
the case of geomodelling only using probability map (where the frequency map completely
overlaps with the probability map), the generator’s prediction accuracy of caves are largely
increased and the uncertainty is decreased. The increased accuracy or decreased uncertainty
results from the integration of well data and geological patterns; the difference between the input
probability map and the frequency map points to the value of input well data and geological
patterns.
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616  Figure 14 Comparison of input probability map contour, frequency map contour, and the ground
617  truth facies model for synthetic case 1 at three different sections (i.e., y = 30, x = 15, and z = 30).
618  These sections are marked in Figure 11.
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Figure 15 Comparison of input probability map contour, frequency map contour, and the ground
truth facies model for synthetic case 2 at three different sections (i.e., y = 40, x = 30, and z = 40).
These sections are marked in Figure 12.

Figures 11, Figure 12, and Figure 13 show that the simulated facies model realizations
are very close to the ground truth with respect to geological patterns and locations. To
quantitatively assess the cave prediction accuracy of these generated realizations, we define
intersection-over-union (IOU) metric as cave intersection divided by cave union between one
generated (or test) facies model and the ground truth one. IOU varies from 0 to 1; the larger the
IOU value is, the more accurate the generated (or test) facies model is. We calculate IOU for the
400 generated realizations (IOUg) and 10U of 400 random test facies models (IOUy) as a
comparison in both synthetic cases. Figure 16 shows the histograms of 10Ug and 10U for the
two cases. Most 10Ug values are much larger than most 10U values; the maximum I0Uq values
are 0.48 and 0.43 in case 1 and case 2. This means that the generated conditional facies models
are much more accurate than random unconditional facies models. Figure 17 compares the
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generated realizations with 10U = 0.2, 0.3, and 0.4 and the ground truth ones for both cases. In
addition, the conditioning approach for global features (Song et al., 2021b) could be used to
condition the width and proportion of caves, thus further improving the accuracy of simulated
realizations.

(a) 10U histograms of synthetic case 1 (b) 10U histograms of synthetic case 2
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Figure 16 Comparison of IOU histograms between random test facies models and produced
conditional realizations for both synthetic cases.

IoU=04

Syntheticcase 1

Synthetic case 2

M Groundtruthkarst cave M Generated karst cave M Intersection between ground truth and generated karst cave

Figure 17 Comparison between the generated karst cave facies models with 10U = 0.2, 0.3, and
0.4 and the ground truth ones for the two synthetic cases. Only karst cave cells are shown.
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649 The above analyses of synthetic cases show that given observed well data and probability
650  maps (calculated from geophysical data), the pretrained generator can quickly produce diverse
651  realizations that are consistent with both the expected geological patterns and the input
652  conditioning data, with acceptable accuracy. Thus, we can rely on the pretrained generator for
653  real field case uncertainty geomodelling, i.e., to produce multiple facies model realizations to
654  represent the uncertainty of real reservoirs. However, how many realizations should be produced?
655  This question is addressed by examining the change in the frequency map with increasing
656  number of realizations. The frequency map changes with increasing number of realizations
657  generated, until for a large enough set of realizations the frequency map converges and does not
658  change anymore. When the frequency map stabilizes, the number of realizations are taken to be
659  enough to represent the uncertainty of the reservoir model. We define a frequency map
660  difference (FMD) as

661 FMD = Zall cells(FMx+10 - FMx)Z’ (2)

662  where x is the realization number, FM,_,,, and FM, are the frequency map for x + 10 and x
663  realizations, respectively. Thus, FMD represents the frequency map change with every 10 new
664  additional realizations produced. Figure 18 shows the FMD change with the number of
665  realizations for the two synthetic cases. The FMD converges to 0 when 200 realizations are
666  produced in both cases, indicating a stable frequency map after that. Thus, we suggest producing
667 200 facies model realizations when using the pretrained generator for practical uncertainty
668  geomodelling.

669
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670
671  Figure 18 Change of frequency map difference (FMD) for every ten new realizations.
672

673 6. Uncertainty geomodelling of field reservoirs with the pretrained generator

674 We show two field reservoir cases from Tahe area: the first reservoir case is based on
675  64x64x64 cells (i.e., 800mx800mx64m) — the size at which the generator is trained, while in
676  the second case, we apply the pretrained generator to simulate geological models of
677  336x256x96 cells (i.e., 4200mx3200mx96m).
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6.1 Field case 1 based on 64x64x64 cells

We choose a study area of 800mx800m, with three wells, from Tahe area. The well logs
are shown in Figure 19 (a), from which we can recognize a 21m-thick underground river cave
interval in well T1 (i.e., 84m to 105m beneath the paleo-geographic surface below which the
caves were formed) and no caves in the other two wells. The geo-space of this area between 67m
to 131m beneath the paleo-geographic surface is divided into 64x64x64 cells, with each cell
representing 12.5m (length) x 12.5m (width) x 1m (height) which is the same as the training/test
dataset. Figure 19 (b) shows the distribution of well data in this geo-space. The 3D probability
map of underground river cave is calculated from a 3D seismic attribute (frequency energy) and
the relationship between that attribute and cave occurrence probability obtained from the
statistics of the 3000 wells in Tahe area. Figure 20 shows the probability map of this study area.

(a) Karst cave interpretation from well logs (b) Well data in 3D space
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Figure 19 (a) Karst cave interpretation from well logs for the three wells of the study area. (b)
Distribution of well facies data in the 3D 64x64x64-cell geo-space (800mx800mx64m) of the
study area.
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Figure 20 3D probability map of underground river cave for the study area. The map is
calculated from the seismic frequency energy attribute and the relationship between that attribute
and cave occurrence probability. Red arrows show local high probability areas away from the
main trend.

We take the interpreted 3D well facies data, 3D probability map data, and 200 groups of
random latent cubes (each group has 8 channels of latent cubes with size of 4x4x4) into the
pretrained generator to produce corresponding 200 karst cave realizations. Figure 21 shows 9 of
them. Like the previous synthetic cases, the cave systems of these realizations are consistent with
expected geological patterns, such as step-like shape (Figure 21 (a)), NNE, NNW, and nearly
EW strikes of single conduit, sparse hall caves (Figure 21 (d)).
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Figure 21 Nine facies model realizations (out of 200) of underground river karst cave for the
study area. Each realization has 64x64x64 cells. Only underground river cells are show.

We calculate the frequency map of karst cave from the 200 simulated realizations (Figure
22). By comparing Figure 21 and Figure 22 to Figure 20, we can clearly find that, first, the high
value of the probability map is mainly distributed in the slightly west area with a north—south
trend, and most simulated caves are also distributed in the same high-probability area and with a
north—south trend; second, the high values of the frequency map are concentrated inside the high
value area of the input probability map. Therefore, we can conclude that the simulated caves are
consistent with the input probability map. By calculation from the 200 realizations, the
reproduction accuracy of the input well data is 100%.
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Figure 22 Frequency map of karst cave for the study area calculated from 200 facies models
realizations.

In the input probability map, except the major high-value area (slightly west; with value
larger than 0.2), there are still other local high-value areas (red arrows in Figure 20). These local
areas may result from the noise of seismic data collection, processing artifacts, interpretation
uncertainties, or the isolated karst cave type that is not considered in this study. Regardless of
causes, these local highs can all be regarded as noises in the background of simulating
underground river caves. However, when comparing Figure 20, Figure 21, and Figure 22, we can
find that these local noises have completely no effect on the distribution of simulated caves. The
reason might be that the spatial shape of these local highs is inconsistent with the ribbon-like
geological patterns of underground river caves learned by the generator. Thus, these local non-
ribbon-like features of the input probability map are suppressed by the pretrained generator.

The calculated frequency map reveals the “sweet spots” of this area. Figure 23 filters the
frequency map based on various thresholds. These filtered frequency maps can be used as inputs
for designing well trajectories, calculating reserves of fluids in the cave reservoir, and evaluating
the uncertainty of investment and revenue in a more systematic manner.
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Figure 23 Filtered frequency maps based on thresholds of 0.1, 0.2, 0.3, and 0.4.

The probability map obtained from seismic data involves uncertainty, which may come
from the collection and processing of seismic data itself, the non-uniqueness of the relationship
between seismic attribute and cave probability, error in the interpretation of well data, etc. Thus,
in practice, we may not trust the seismic probability map completely. Given a relative trust level
(t), varying from 0 to 1, here a compromised probability map p, is defined to only contain t
portion of the original seismic probability map information:

pt(x) = tp(x) + (1 - t)pprior(x)1 (3)

where x represents each cell of the geological model, p;(x) is the compromised probability map
at trust level of t, p(x) represents the original seismic probability map, and p,;o(x) is the cave
prior probability map prior to seismic survey. This prior probability map may come from
geologic reasoning or well data interpretation. When changing the trust level from 1 to O, the
compromised probability linearly shifts from the complete seismic probability map to the
complete prior probability map where no information about seismic data or its consequent
probability map is kept.

In this case, we use the cave proportion interpreted from the three wells, 0.133, as the
prior cave probability for each cell, i.e., ppyior(x) = 0.133. Then we decrease the trust level from
1 to O (trust level = 0.7, 0.5, 0.2, and 0), and use the calculated compromised probability map at
these levels and the well data for uncertainty geomodelling of caves, as shown in Figure 24. The
case with trust level as 1 is just as discussed earlier in Figure 20, Figure 21, and Figure 22. It is
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clear that as the trust level decreases to 0, the influence of the seismic probability map on the
generated cave realizations and the calculated frequency map also decreases to 0, while the
variability of the generated realizations gradually increases as is shown by the frequency maps
(especially the vertical sections marked by red lines) of Figure 24. Note that all these generated
realizations are realistic and are conditioned to the input well data with 100% accuracy.

Trust level Compromised probability map Generated realizations Calculated frequency map

0.7

0.5

0.2

00 01 0.2 03 04 >=05 .2 0.4 0'.6 >=0.7
1

0.0 0
Probability - ] ; : 1 M Underground river cave reservoir Frequency - : ' .

Figure 24 Compromised probability maps, generated realizations, and calculated frequency
maps at various trust levels of the seismic probability map (i.e., 0.7, 0.5, 0.2, 0).

6.2 Field case 2 based on 336x256x%96 cells

As described in Section 2.1, the generator trained on dataset of small size can be used for
geomodelling of reservoirs with large arbitrary sizes by expanding the sizes of all inputs
proportionally. Thus, here in case 2 we choose a field area of 4.2kmx3.2km, with 11 wells, from
Tahe cave reservoir. From well logs, 7 underground river karst cave intervals are recognized.
The 3D probability map of underground river cave is calculated from seismic data with the same
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method as in the previous case, i.e., by combining the seismic frequency energy attribute and the
relationship between the attribute and cave occurrence probability obtained from the statistics of
wells. Analyses of the well data and the probability map suggests that the underground river cave
of this area should be distributed between 60m to 156m beneath the paleo-geographic surface.
Thus, the geo-space inside this zone is divided into 336 x 256 x 96 cells, with each cell
representing 12.5m (length) x 12.5m (width) x 1m (height) which is the same as the training/test
dataset. Figure 25 shows the probability map of karst cave and the distribution of well facies data
in this 336x256x96-cell geo-space.

(a) Probability map (b) Well data xeaxis

M Karst cave facies
B Non-cave facies

Figure 25 3D probability map of underground river karst cave and the distribution of well facies
data in the study area. There are 336x256x96 cells, with each cell representing 12.5m (length) x
12.5m (width) x 1m (height).

As illustrated earlier, the pretrained generator can produce facies models of any size that
is 16 times of the input latent cube size. We take the 3D probability map (with size of
336x256x96), the well data (with size of 336x256x96), and 200 groups of random latent cubes
(each group has 8 channels of random latent cubes with size of 21x16x6) into the pretrained
generator to produce 200 karst cave facies model realizations with 336x256x96 cells. Each
realization takes 0.988 seconds on average at 1 GPU (\V100).

Figure 26 (a) shows one random realization. There are a small number of localized
discrete caves with very small volume and without an apparent ribbon-like pattern in the
realizations. As shown in Figure 27, most of these discrete localized features are not located at
the local highs of the input probability map, thus proving the occurrence of this noise may not
relate to the input probability map. One possible reason is that the generator is originally trained
to produce 64x64x64-size facies models from 4x4x4-size latent cubes containing Gaussian
random variables and one layer of zeros outside each latent cube for zero padding, but when the
generator is applied here for 336x256x96-size facies model production, each 64x64x64-size
patch of the generated facies model is calculated from 4x4x4-size latent cube patches (inside the
input 21x16x6-size latent cubes) and one layer of Gaussian variables outside the latent cube
patches for padding. Such a small change in the padding number may result in these small,
localized noises in the generated facies models.
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810 The volumes of these cave noises are generally smaller than 2000 cells (312,500m?®). We
811  remove these cave noises less than 2000 cells in post-processing. Figure 26 (b) shows the
812  cleaned version of the realization in Figure 26 (a) after the post-processing removal of cave
813  noise. The colors represent different simulated caves ordered by cave volume. Figure 26 (c) — (f)
814  show the clean version of four other realizations.

815
(a) Original generated facies model realization 1 (b) Clean version of realization 1 (c) Clean version of realization 2
X-axis X-axis Xeaxis
Section L2
Y-axis Y-axis Y-a
| Xeaxls T
M Karst cave facies
(d) Clean version of realization 3 (e) Clean version of realization 4 (f) Cleanversion of realization 5
X-axis X-axis
) |
Section L2
hape
Y-axis Y-a
Section L1
o Xaxis 7
816 ] F—1 ] Caveorderbasedonvolume

817  Figure 26 Original (a) and post-processed clean version ((b) — (f)) of random realizations of
818  underground river cave reservoir for the study area. Each realization has 336x256x96 cells, with
819  each cell representing 12.5m (length) x 12.5m (width) x 1m (height). Only underground river
820  cave facies are shown. The color represents the order of cave based on its volume.

821
822  (a) Planar section at 62m beneath the paleo-geographic surface
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Figure 27 Cave noises (Left) of realization 1 in Figure 26 and the corresponding input
probability map (Right) at different planar sections (62m and 81m beneath the paleo-geographic
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surface). The large ribbon-like caves are not shown here. The outlines of these cave noises are
overlain with the probability map.

The simulated caves in these realizations are consistent with the expected geological
patterns, such as step-like cave shape (Figure 26 (d)), cave conduits with strikes of NNE, NNW,
and nearly EW, sparse hall caves, etc. Especially, vertically-stacked double cave layers are
simulated in some realizations, e.g., Figure 26 (d), at sections L1 and L2. Double cave layer
feature does not exist in the training data yet it is common and important in the actual field. As is
illustrated in Figure 28, double cave layers are simulated mainly because the high-value area of
input probability map is large enough to accommodate double cave layers stacking vertically. Of
course, one vertically large cave may also be simulated to replace double cave layers as shown in
sections L1 and L2 in Figure 26 (b) and the black dashed lines in Figure 28. The simulated karst
caves are also diverse. Note the various shapes of the largest pink karst cave in Figure 26. Figure
28 also illustrates a variety of shape and location of the simulated caves: a large anomaly of high
probability can give either one large cave or two vertically stacked smaller caves.

(a) Section L1 south
o
8
£
£
0 80 160 240 320 400
Distance/m
(b) Section L2 South _~~
o
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= ; Probability
= >=0.7
Qo 0.6
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Distance/m
__ Cave Outline of realization 3 in Figure 26 (d)

== Cave Outline of realization 1 in Figure 26 (b)

Figure 28 Outlines of simulated caves overlap with the input probability map in two vertical
sections L1 and L2. The caves are from simulated realization 1 and 3 in Figure 26 (b) and (d).
The two sections are marked in the two subfigures.
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Like the previous case, the shape and distribution of the simulated caves are consistent
with the input probability map. We use the 200 simulated realizations before post-processing
removal of cave noise to calculate a frequency map of karst caves. Figure 29 shows this
frequency map filtered with various thresholds (i.e., 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, and 0.8). In
Figure 30 and Figure 31, we compare the input probability map with the calculated frequency
map at various horizontal and vertical sections. Most high-value areas of the frequency map are
distributed inside high-value areas of the probability map, although some high frequency values
are distributed at low probability value areas (e.g., section 4 and section 5 in Figure 30 and
Figure 31). This is mainly because, the pretrained generator uses the learned geological pattern
knowledge to connect several discrete high probability anomalies to form one connected
underground river cave. The occurrence of the west cave of section L4 in Figure 26 (pointed by
black arrows) is just this case. Additionally, many localized high-value anomalies of the input
probability map correspond to zero value in the frequency map, such as the northwest corner in
the planar section of Figure 30 and the west half of section L5 in Figure 31. These anomalies are
essentially noises. The pretrained generator suppresses these noises using its learned geological
pattern knowledge (e.g., the underground river cave should have ribbon-like shape). The well
reproduction accuracy is 100% for both cave and non-cave facies types.

(b) Frequency >0.2 (c) Frequency > 0.3 (d) Frequency > 0.4

(h) Frequency>0.8

Xaxis

Figure 29 Karst cave frequency map of simulated caves filtered with thresholds of 0.1, 0.2, 0.3,
0.4,0.5,0.6,0.7,and 0.8.
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(a) Probability map atdepth=-109m (b) Frequency map atdepth=-109m
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Figure 30 Comparison of the input probability map and the calculated frequency map at a
horizontal section 109m beneath the paleo-geographic surface.
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Figure 31 Comparison of the input probability map and the calculated frequency map at various
vertical sections. These sections are marked in Figure 30.
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The fractures (may include some faults) of this study area are recognized from seismic
data via ant tracking technique used by the commercial software Petrel. Uncertainty exists in
these abstracted fractures, meaning that some of them are inaccurate, and some are not
recognized. In Figure 32, the fractures are overlain with the calculated frequency map of
underground river cave filtered with a threshold of 0.1. We can find most parts of the filtered
frequency map coincide with the distribution of fractures, such as the areas pointed out by the
red arrows in Figure 32. Figure 33 shows the relationship between the percentage of the visible
cells in Figure 32 and the distance to fractures, indicating apparent inclination of generated caves
to develop at the vicinity of fractures. Note there is a close genetic relationship between actual
underground river caves and fractures as is discussed in Section 3.1. Thus, the overlap in Figure
32 also proves the accuracy of the simulated karst caves.

X-axis

: Cave frequency
—~ .' < 08
~ / -0.6
| ALE X S S
-0.2

Y-axis

0.0

~~—— Fracture

X-axI-s :
Figure 32 Fractures obtained from interpreted seismic data using ant-tracking technique,
overlain with the frequency map of underground river karst cave filtered with a threshold of 0.1

for this study area. The red arrows point to the areas where the frequency map coincides with the
fractures.



897

898
899

900

901
902
903
904
905
906
907
908
909
910
911
912

913

Confidential manuscript submitted to Water Resources Research

16

14 °
12 *° % . "

10 o0 ”

Percentage of visible cells / %
o
@
[ ]

0 20 40 60 80 100 120 140 160

Distance to fractures / m

Figure 33 Relationship between the percentage of the visible cells in Figure 32 (frequency map
values larger than 0.1) and the distance to fractures.

Similar to the previous case, given decreasing trust levels for the probability map as 0.7,
0.3, and 0, we calculate the compromised probability maps at the three trust levels with Equation
(3). The cave proportion interpreted from wells, 0.191, is used as the prior-seismic cave
probability for each cell (i.e., pprior(x) = 0.191). Then the compromised probability maps and
the original well data are used for uncertainty geomodelling. Figure 34 shows the compromised
probability maps, simulated realizations, and the corresponding cave frequency maps for the
three trust levels. As the trust level decreases, the original seismic probability map has less and
less influence on the generated cave realizations and until no influence when the trust level
equals 0. At the same time, the realizations become more and more various and finally
completely consistent with the prior probability map (i.e., 0.191 for all cells) when the trust level
equals 0. All generated realizations are realistic and conditioned to the input well data with 100%
accuracy.
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Trust level Compromised probability map Generated realizations Calculated frequency map
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Figure 34 Compromised probability maps, consequent generated realizations, and calculated
frequency maps at various trust levels for the original seismic probability map (i.e., 0.7, 0.3, and
0).

We also tried geomodelling with fewer conditioning wells. As Figure 35 (a) shows, the
interpretation data of 3 wells (well S1, S4, and S6) are removed from the original input well data.
Among the three removed wells, well S4 and S6 drill through underground river caves (see
Figure 25). The new well data and the original seismic probability map are taken into the
pretrained generator to produce 400 cave realizations. Figure 35 shows two random realizations
and the cave frequency map calculated from these realizations, where the three removed wells
are also shown. We can see from the generated realizations and the frequency map that, although
the cave interpretation data of S4 is not taken as input, caves are produced at S4 in all
realizations — with 100% cave frequency value at S4. This is due to the very strong conditioning
effect of the input seismic probability map at the location of S4. For the location of well S6, the
input seismic probability map has a rather weak conditioning (see Figure 25, Figure 27, and
Figure 30), so no cave is produced at this location (Figure 35). Note that caves are produced at
the location of S6 in all realizations when the interpretation data of S6 is used as input (Figure 26
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and Figure 29). Thus, as expected, well data improves the accuracy of the simulated earth
models.

(a) Input well data (well S1, S4, and S6 are removed) (b) Generated cave realization 1

s10

U

B Karst cave facies B Non-cave facies

(c) Generated cave realization 2

Frequency
Cave order based on volume

00 02 04 O

EN — mEET I | =
Figure 35 New input well data after removal of the interpretation data of three wells (S1, S4, and
S6), two random generated cave realizations, and the calculated cave frequency map filtered by

the threshold of 0.1. The three removed wells are visualized in the realizations and the frequency
map.

6 >=0.8

The above analyses shows that the generator trained at 64x64x64 cells can be used to
quickly produce various facies model realizations of any size, conditioned to probability map
resulting from geophysical interpretation and well data. These realizations are consistent with
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both the geological pattern and the input conditioning data. The local noises in the input
probability map are suppressed. Double cave layers are simulated in some realizations though
such a feature does not exist in the training data yet is common in the field, indicating a strong
generalization ability of the pretrained generator. Thus, the generator can be used for quick and
accurate conditional geomodelling and uncertainty assessment in other areas of Tahe cave
reservoir or other reservoirs with similar geological patterns. Given the uncertainty of the seismic
probability map itself, different trust levels for the probability map can be considered when
geomodelling.

7. Conclusions

This study proposes a 3D framework, GANSim-3D, for conditional geomodelling of
arbitrary sizes, based on Generative Adversarial Networks (GANSs). The generator of GANSIim-
3D only includes 3D convolutional layers, takes various 3D conditioning data and 3D random
latent cubes containing random numbers as inputs, and produces a 3D facies model. The
conditioning data can include sparse well facies data, low-resolution probability maps resulting
from geophysical interpretation, and global features like facies proportion, channel width, etc.
The original adversarial GANs loss augmented by condition-based loss is used to progressively
train the generator to learn geological patterns and relationships between conditioning data and
facies models. After training, when we fix the input conditioning data and randomly change the
input latent cubes, multiple realistic and conditional 3D facies model realizations are produced.
The trained generator can be used for geomodelling of reservoirs of large arbitrary sizes by
expanding the sizes of all inputs proportionally.

A field karst cave (underground river cave) reservoir in Tahe area of China is used as an
example to illustrate how GANSIm-3D is used and test its field performances. We take well
facies and probability map resulting from geophysical interpretations as conditioning data. First,
642 large 3D conceptual models of Tahe cave reservoir are constructed using a newly proposed
process-mimicking simulation approach with parameters obtained from the field reservoir. These
conceptual models are unconditional and capture the geological patterns of Tahe cave reservoirs.
We crop these large-size conceptual models to build smaller-size 3D training facies models
which are then used to build 3D well facies and 3D probability maps as part of the training data.
Next, the generator and discriminator are trained for 40 hours, using 4 GPUs (NVIDIA Tesla
V100-PCIE-32GB), 20 CPUs, and 160G RAM in parallel. The trained generator is evaluated in
two synthetic cases with various metrics, showing excellent performances in producing realistic,
accurate, diverse, and conditional 3D facies models. Then, we use the generator for uncertainty
geomodelling of two 3D Tahe cave reservoirs of sizes 800m x 800m x 64m (divided into
64x64x64 cells) and 4200mx3200mx96m (divided into 336x256x96 cells). In both cases,
multiple 3D realizations are quickly produced, being diverse and consistent with expected
geological patterns of Tahe cave reservoir and the input field conditioning data (3D well data and
3D probability maps). Additionally, it turns out that the generator can automatically suppress
localized noise patterns of the input probability map. Double cave layers are produced in the
second field case, which do not exist in the training facies models yet are common and important
in practice, indicating the robust generalization ability of the generator. Finally, various trust
levels for the probability map obtained from geophysical data are also considered when
geomodelling. Geomodelling with the trained generator is quite fast: each realization with
336x256x96 cells takes 0.988 seconds using 1 GPU (V100). The trained generator can be used
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for uncertainty geomodelling of other areas of Tahe cave reservoir or other field reservoirs with
similar geological patterns.
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Supporting Information S1
Basics of GANs

GANSs framework was initially proposed by Goodfellow (2014). It includes two neural
networks called generator (G) and discriminator (D), respectively. Given many observed real
samples as training dataset, the generator is designed to map a low-dimensional latent vector into
a sample, while the discriminator is designed to map the generated fake or real sample into a
value representing the probability of the input being real. The loss function in vanilla GANs
(Goodfellow et al., 2014) is

L(Gg, Dy) = By, —pyupa[L09Dp (X)] + By, [1og (1 —D,(Go (z)))], (S1)
where, L is the GANs loss, G and D are the generator and discriminator neural networks, 6 and
@ are trainable parameters of G and D, p,,:, 1S the distribution of real samples, x, is one of the
given real samples, z is input latent vector, p, is the distribution of z, and [E is the expectation
operator. The last activation function of D is a sigmoid function. The discriminator and the
generator are alternatively trained by maximizing or minimizing this loss function, respectively.
Such alternative training process pushes the generator to learn the complete pattern knowledge
behind the given samples. The training stops until the generator produces very realistic samples
so that the discriminator cannot distinguish the fake samples from real ones. After training, the
generator is kept for practical generative applications. Aside from the above loss function
(Equation (S1)), several other forms of losses have also been proposed in recent years (Lucic et
al., 2017), among which the Wasserstein loss with gradient penalty (Gulrajani et al., 2017)
proved to have the best performances.

Traditionally, all neural network layers of the generator and the discriminator are trained
concurrently, where the scale of pattern knowledge to be learned is not considered. Karras (2017)
proposed progressive GANS training approach (also called the progressive growing of GANS), in
which the layers of the generator and the discriminator are trained one by one to allow the
pattern knowledge to be learned gradually from coarse to fine scales. Progressive training
approach has proved to perform better than traditional training approach in training speed,
training stability, and quality of the results.

GANs have been used for geomodelling of subsurface reservoirs with either the
traditional training approach (Chan & Elsheikh, 2017, 2019; Dupont et al., 2018; Laloy et al.,
2018; Mosser et al., 2020; Nesvold & Mukerji, 2021; Zhang et al., 2019) or the progressive
training one (Song et al., 2021a); with whichever way, the generator learns geological patterns
from given training facies models. With the learned pattern knowledge, the trained generator can
thus produce facies models consistent with the learned patterns, i.e., unconditional geomodelling.

Lucic, M., Kurach, K., Michalski, M., Gelly, S., & Bousquet, O. (2017). Are GANSs created
equal? A large-scale study. In In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (pp. 2467-2476).
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Supporting Information S2
GANSIm: a direct conditional simulation approach based on improved GANs

To directly achieve conditional geomodels, i.e., to get generated facies models consistent
with both the expected patterns and the given conditioning data (e.g., well data), first, the
generator needs to take in various conditioning data, and second, the generator needs to learn the
relationship between the input conditioning data and the output facies model in addition to the
geological pattern knowledge. Such a relationship is the key to achieve conditioning, and thus is
called conditioning ability. Song et al. (2021b, 2022) proposed the GANSIm framework to
directly train such a generator, based on a progressive training method.

In GANSIm, three types of conditioning data are considered: non-spatial global features
of reservoirs (e.g., facies proportion and channel sinuosity), sparse well facies interpretations,
and spatially distributed probability maps of all facies calculated from geophysical data. Figure
S2 shows the input pipelines for the three types of conditioning data for an example of producing
2D facies models of sinuous channels. The conditioning data related to global features are
concatenated with the input latent vector and go through all layers of the generator. Well facies
data are first downsampled into various progressive resolutions (e.g., 8x8) and then converted
into feature cubes (e.g., the feature cube with size of 8x8x16) with 1x1 convolutional layers.
These feature cubes are finally concatenated with the feature cubes at the same resolution (e.g.,
the feature cube with size of 8x8x128) in the main pipeline of the generator. The input pipeline
for probability maps is the same as that of well data.

64x64x16

2XCV(3x3)

Latent vector| 4X4x16 cy(3x3 8X8x16 IXCVI3X3)
128x1 H}—;FC L ——ma —o— s

-------------- us US
IGIobaIfeaturesD 4X4x128 8x8x128 CV(1x1)
U 2o R S— 64X64% 64X64% 1
Input pipeline for 2048x1
globalfeatures CV(1x1) CV(1x1, V(1x lﬁ
CV(1x1) cv(1x1) CV(1x1)
AX4AX2m gx8x2Hl 64X64%2
— B 4X4x1 O 8x8x1 - ' 64x64x 1
Welldataas L DS DS N
indicator channels I
64X64%2 L
- Input pipeline for well data
DS DS
Probability map of

channel complex

64X64x1 Input pipeline for probability map
FC: Fully connected layer RS: Reshape layer US: Upsampling layer DS: Downsampling layer
CV(3x3)/CV(1%1): Convolutional layer with kernel size of 3x3/1x 1 2 X :Through 2 identical layers ~ HXWXC: Heightx Widthx Channel

Figure S2 Input pipeline design of generator for three types of common conditioning data (non-
spatial global features, sparse well facies data, and probability maps) in an example of producing
2D facies models of sinuous channels (modified from Song et al., 2022). Global features (e.g.,
facies proportion) are concatenated with the input latent vector; well data are first downsampled
into various resolutions and then converted into feature cubes with 1x1 convolutional layers,
which are further concatenated with other feature cubes of the same resolution in the main
pipeline; the input pipeline design for probability maps is the same as that of well data.
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To let the generator learn the conditioning ability, a specially designed loss function
(called condition-based loss function) is introduced in GANSim, while the original GAN loss
(Equation (S1)) is kept to guarantee the learning of geological pattern knowledge. The general
form of this condition-based loss function is

L(G)con = ]Ez~pz,conin~pconDiSt(fcon[G(Z' Conin)]’ Conin)- (82'1)
Here, con;, is the input condition (e.g., well facies data), p.,n is the distribution of con;,, and
Dist is some type of distance function. f,, is a predefined inversion function that maps the
generated facies model G(z, con;,,) into the correct condition values it corresponds to. L(G) con
essentially represents the inconsistency between the input condition con;, and the generated
facies model (G(z, con;,)). By minimizing L(G)..n, the generator is forced to learn the
relationship between the input condition and the output facies model, i.e., conditioning ability.

According to the general form (Equation (S2-1)), the condition-based loss function of
global features is specified as

L(Ge)g = [Ez~pz,g~pg Il fg [G(Z' g)] -9 "2, (82'2)
where, g is input (one or multiple types of) global features, p, is the distribution of all possible g,
and f, maps generated facies models into the corresponding real global features. In some cases,

fg s hard to obtain, so an additional neural network may be trained as f; (see Song et al., 2021b).
Dist in Equation (S2-1) is specified as Euclidean L2 distance here, i.e., lIll,.

The condition-based loss of well facies data is specified as
L(Gg)y = E;p,w~p, |l Lyioc®OlG (2, w)] —w Iz, (S2-3)

where, w is input well data, p,, is the distribution of all possible w, I,,,;,. is the indicator of well
locations, and ® is the element-wise product operator.

The condition-based loss of probability map is specified as
L(G)p = [Ezl,zz,...,zm~pz,p~pp I fp [G (Zlf p): G(ZZ' p)' Y G(Zm' p)] —p Iz, (82'4)
where, z;, z,, ..., Z,, are random samples of the input latent vector z from its distribution p,, p
represents input probability maps for all facies types, p,, represents the distribution of possible p,
and f, calculates the frequency map (in fraction) for each facies type from m generated facies

models. Parameter m is a predefined hyperparameter. For a facies type F, the value at each
location of the frequency map of this type is calculated by the sum of occurrence of that facies at
that location in the m generated models divided by m:

fp — Z;l H[G(Zi' p)ZC(F)] (82_5)

m
Here, C(F) represents the code of facies type F, and the indicator function 1(-) equals 1 if the
condition inside the bracket is satisfied, otherwise equals O.

These three types of conditioning data are not necessarily all included depending on
specific cases of observed conditioning data. The total loss is a weighted combination of the
condition-based loss and the original GANSs loss:

L(G,D)¢otar = B1L(G, D) + B2L(G) con- (S2-6)
Here, B, and 3, are predefined weights. When training the generator, the two types of losses are
both minimized, while only the GANs loss is maximized when training the discriminator.
GANSIim uses the progressive training approach. For example, in Figure S2, the first
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convolutional layer (and the FC layer) at the resolution of 4x4 is initially activated and trained
after taking in the 4x4-conditioning well data and probability map; then, the following two
convolutional layers at the resolution of 8x8 are further activated and trained together with the
previous layers after taking in the 8x8-conditioning data. In this way, all successively higher-
resolution layers of the generator are gradually activated and trained to learn the geological
patterns and conditioning ability from coarse to fine scales. After training, the generator can
produce facies models consistent with both the geological patterns and the input conditioning
data. Once the input latent vector changes, multiple conditional facies model realizations are
produced.

Supporting Information S3

Multi-Scale Sliced Wasserstein Distance combined with Multi-Dimensional Scaling (MS-
SWD-MDS)

MS-SWD is proposed by Karras et al., (2017) to evaluate the distance in multi-scale
spatial structures between two groups of data. Here we show the calculation steps of MS-SWD
with an example of two groups of facies models (64>64, 2D). As Figure S3 shows, each group
contains M facies models. First, the Laplacian pyramid representations (Burt & Adelson, 1987)
of each facies model in both groups is calculated from resolution of 64>64 to 16x<16. The
Laplacian pyramid representations reveal the structures of the original facies models at different
scales. Second, multiple (n) small patches (p>p pixels) are randomly extracted from the
Laplacian pyramid representation of each facies model at each level, to obtain M*n patches from
each group of facies models at each level. Third, these patches are normalized with respect to the
mean and the standard deviation of each patch. Finally, the sliced Wasserstein distance (SWD),
an efficient approximation to the Wasserstein distance (Rabin et al., 2012), between the patches
from each group at each level is calculated. MS-SWD over different levels can be averaged as
single value to represent the distance between two distributions.

MDS is commonly used to project high-dimensional data into 2D or 3D space to
visualize their relationship, based on certain type of distance between each pair of the data. MS-
SWD is originally used to calculate the distance between two large groups of data. Song et al.,
(2021a) proposed to combine MS-SWD with MDS (MS-SWD-MDS) to project the two groups
of data into 2D space. In the method, each large group is divided into many small groups, and the
MS-SWD is calculated for each pair of the small groups inside the two large groups. Then, all
small groups are projected into 2D space using MDS, based on the calculated MS-SWD (average
of MS-SWD) among these small groups. Each point in MDS represents one small group of data.
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Figure S3 Schematic illustration of how MS-SWD is calculated with an example of two groups
of 2-D facies models.
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Supporting Information S4
Brief discussions about the weights for various types of losses

Training of the GANSs used in this paper involves three types of losses including the
original GANs loss and the condition-based losses for well data and probability map (Equation
(1)). We tried different combinations of the weights for these losses and then evaluated the
performances of the trained generators in terms of the conditioning effect to input well data and
probability map, diversity, and realism of the produced facies models. As shown in Figure S4,
the weight for original GANSs loss () is set as 1, while the weights for well data and probability
map condition-based losses (B, and B5) ranges from 0.0028 to 43.75 and 0.00016 to 12.5,
respectively. We take the well data and probability map of the synthetic case 2 (Figure 12 (b) and
(c)) into the trained generators. Figure S4 shows the produced random facies models, the
frequency maps of cave facies, and the well data reproduction accuracy values for each weight
combination.
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We suggest to set the weight for well condition-based loss (£,) and the weight for
probability map condition-based loss (f3) as 0.07 to 0.35 and 0.5 to 2.5, while the weight for the
original GANs loss is set as 1. The weight S, represents a tradeoff between the conditioning of
well data and the realism of the facies models produced by the trained generator, while S5
represents a tradeoff between the diversity and the realism of the produced facies models. Note
that the process of enforcing the consistency of the produced facies models with the input
probability map (by using a larger 5 value) is essentially a process of strengthening the diversity
of the produced facies models.

Weight for condition-based loss of probability map (ﬂg)
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Figure S4 Horizontal sections (32" layer of cells from top) of the produced random facies
models (top) and frequency maps of cave (bottom) and well data reproduction accuracy values
for cave and non-cave facies types resulting from generators trained using different weight

combinations. The weight for the GANSs loss is set as 1.




