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Abstract 10 

Generative geomodelling aims to simulate subsurface facies distributions while honoring multiple 11 

types of conditioning data and geological knowledge. This study selects three typical multiple-point 12 

statistics (MPS) approaches—Direct Sampling (DS), Quick Sampling (QS), and SNESIM—and two 13 

Generative Adversarial Network (GAN) workflows—post-GANs perturbation and GANSim—as 14 

representatives to compare traditional geostatistics-based and deep learning-based generative 15 

geomodelling methods, based on two sedimentary reservoir scenarios. In addition to the latest GANSim 16 

enhancements—namely, the local discriminator and facies-indicator output designs—this paper further 17 

proposes injecting global feature information into intermediate layers of the generator, instead of 18 

concatenating global features with latent vectors, to improve constraint effectiveness. The geomodelling 19 

results demonstrate that GANs, especially GANSim, consistently produce geologically realistic and 20 

diverse facies models that are accurately conditioned to well facies data, global features, and facies 21 

probability maps. In comparison, MPS approaches perform well in honoring well facies and probability 22 

maps but produce facies models with significantly lower geological realism. Their conditioning 23 

effectiveness on global features is also less reliable. GANSim achieves geomodelling speeds hundreds of 24 

times faster than MPS methods. Flow simulations show that GANSim results yield more accurate and less 25 

uncertain predictions than MPS outputs. Moreover, although trained on stationary conceptual geomodels, 26 

the trained GANSim generalizes well to model large, nonstationary reservoirs by spatially varying the 27 

input global feature maps and carefully designing the conditioning probability maps, making it a powerful 28 

and flexible tool for high-fidelity conditional geomodelling. 29 
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1 Introduction 35 

Geomodelling, i.e., integrating various sources of data to characterize the spatial distribution of 36 

subsurface lithologies and petrophysical properties, is an essential step for successful exploitation of 37 

subsurface resources including minerals, hydrocarbon, hydrogen, geothermal, and underground water as 38 

well as for the secure geological storage of CO2. 39 

To increase the accuracy of geomodelling, as many types of data or information as possible are 40 

fed into the geomodelling process, which may include sparsely distributed well interpretations of facies, 41 

three- or two-dimensional geophysical data, temporal dynamic data observed at wells (e.g., bottom-hole 42 

pressure change data), and geological knowledge about the subsurface. The simulated geomodels are 43 

expected to be consistent with all the aforementioned data and knowledge. Compared to the extremely 44 

high dimensionality of geomodels, data and knowledge always appear insufficient, so uncertainty 45 

quantification is critical in the geomodelling process. Consequently, multiple geomodel realizations are 46 

often produced to represent the uncertainty space of the earth models.  47 

With traditional geostatistics-based geomodelling workflows, the former three types of data (i.e., 48 

well facies data, geophysical data, and temporal dynamic data) can be honored, through either a direct 49 

conditioning or an inversion method. With the direct conditioning approach, the well facies data and 50 

geophysics-interpreted facies probability maps are directly taken into geomodelling algorithms such as 51 

the variogram-based or multiple-point statistics-based methods to produce conditional geomodel 52 

realizations (Avseth et al., 2005; Azevedo & Soares, 2017; Doyen, 1988; Pyrcz & Deutsch, 2014). With 53 

the inversion method, an initial geomodel is iteratively perturbed in a manner consistent with the spatial 54 

geological structure to honor the given geophysical data or the dynamic data (Bortoli et al., 1993; Bosch, 55 

1999; Bosch et al., 2010; Buland et al., 2008; Caers, 2003; Deutsch, 1992; Doyen, 2007; De Figueiredo 56 

et al., 2018; González et al., 2008; Grana et al., 2021; Haas & Dubrule, 1994; Hu, 2000).  57 

Due to the often qualitative definition of geological knowledge and limitations of different 58 

geomodelling algorithms, geological knowledge may be represented in different forms and with different 59 

levels of completeness in different geomodelling algorithms: in the variogram-based and the multiple-60 

point statistics (MPS)-based methods, geological knowledge is expressed as variograms and training 61 

images, respectively; in process-mimicking methods (e.g., ALLUVSIM by Pyrcz et al. (2009), Meanderpy 62 

by Sylvester et al. (2011), PB-SAND by Yan et al. (2017), the turbidite channels simulated in McHargue 63 

et al. (2011), and FLUMY by MINES PARIS PSL) and object-based methods, geological knowledge is 64 

expressed as rules, such as the shape of a crevasse splay or how a meandering channel evolves; and in 65 

process-based (or physics-based) methods, geological knowledge is approximated by physical equations 66 

that govern geological processes such as sediment transport, erosion, and deposition (Karssenberg & 67 

Bridge, 2008; Sun et al., 2010; Wang et al., 2021). Problems arise with these traditional methods in either 68 

imperfect reproduction of geological realism (i.e., in variogram- and MPS-based methods) or imperfect 69 

conditioning effects (i.e., in object-based, process-mimicking, and process-based methods) (Pyrcz & 70 

Deutsch, 2014). Furthermore, a significant challenge of process-based methods lies in reconciling the 71 

complexity—and therefore the realism—of the model with the necessity for extended modeling durations 72 

to obtain appropriate stratigraphic representations, which in turn demands substantial computational 73 

resources. 74 

In recent years, deep learning-based geomodeling approaches have gained momentum, as 75 

evidenced by various references (Chan & Elsheikh, 2019; Dupont et al., 2018; Federico & Durlofsky, 76 

2024; Laloy et al., 2017, 2018; Lee et al., 2023; Mosser et al., 2020; Nesvold & Mukerji, 2021; Song et 77 

al., 2021b, 2022a, 2022b; Zhang et al., 2019). In these approaches, geological knowledge is represented 78 



 

 

by numerous conceptual models and is learned from these conceptual models by neural networks through 79 

deep generative workflows such as Generative Adversarial Networks (GANs; Goodfellow et al. (2014)), 80 

diffusion models (Ho et al., 2020), or Variational Auto Encoders (VAE; Kingma & Welling (2014)). 81 

Although diffusion models are receiving increasing research attention in geomodelling (Federico & 82 

Durlofsky, 2024; Lee et al., 2025; Xu et al., 2024), GANs-based geomodelling is the most researched and 83 

mature method for geomodelling, to date. Within GANs, the neural network responsible for learning 84 

geological pattern knowledge is called a generator; after training, the generator can produce realistic 85 

geomodels that are consistent with required geological patterns from random latent vectors. To allow the 86 

produced geomodel to also honor the other three types of data (i.e., well facies data, geophysical data, and 87 

temporal dynamic data), researchers have proposed a post-GANs inversion or “geomodel perturbation” 88 

workflow which is similar to the workflow used in traditional geostatistics-based geomodelling 89 

approaches, except that here they perturb or sample the input low-dimensional latent vector of the 90 

generator to achieve the perturbation of high-dimensional geomodels to ultimately match the given 91 

conditioning data (e.g., Laloy et al., 2018; Mo et al., 2020; Mosser et al., 2020; Nesvold & Mukerji, 2021; 92 

Zhang et al., 2019). However, any change to the conditioning data requires repeating of such 93 

perturbation/optimization or sampling process.  94 

Song et al. (2021b, 2022a) proposed a GANs-based geomodelling workflow called GANSim, to 95 

achieve direct conditioning on well facies data, geophysics-interpreted facies probability maps, and global 96 

features such as facies proportion or channel direction. In GANSim, the generator simultaneously learns 97 

the conditioning rules (i.e., the conditioning relationship between the output reservoir geomodel and the 98 

input conditioning data) together with the geological knowledge. With the two types of knowledge, the 99 

trained generator can directly take any new given well facies data, probability maps, and global feature 100 

values to produce diverse, realistic, and conditional geomodels. GANSim has been applied in 3D field 101 

karst cave reservoirs (Song et al., 2022b), where a trained generator quickly produced 3D facies geomodels 102 

for arbitrarily large field reservoir domains. The perturbation process of input latent vector can be 103 

integrated into GANSim workflow to honor temporal dynamic data (Song et al., 2023), where a physics-104 

informed neural operator can be trained for fast forward flow simulation (Song et al., 2025). 105 

There was a problem in order versions of GANSim that the well facies data occupying single pixels 106 

horizontally may be overlooked by the discriminator, leading to severe local disconnections between given 107 

well facies data and surrounding regions with the same facies type. Extension of well facies from single 108 

pixel into multiple pixels (e.g., 4×4 pixels) was used to mitigate the problem (Song et al., 2021b, 2022b), 109 

but it introduces local artifacts and artificially reduces uncertainty around wells. Song et al. (2025) 110 

proposed the design of local discriminator to address the "single-pixel well facies overlook" issue. The 111 

output of the generator is also improved from one channel of facies model into multiple channels of facies 112 

indicators for better rationality. Supporting Information S1 shows more detail about these enhancements. 113 

Based on these enhancements, a field 3D deltaic reservoir was successfully modeled (Alqassab et al., 114 

2024).  115 

In this paper, in section 2, we will use two GANs-based geomodelling workflows (post-GANs and 116 

GANSim) and three typical MPS approaches as representatives to compare deep learning-based and 117 

geostatistics-based generative geomodelling methods, based on two sedimentary reservoir scenarios. The 118 

latest GANSim enhancements are considered, and another enhancement about the input pipeline of global 119 

features in the generator of GANSim is also proposed here. Then in Section 3, further in-depth discussions 120 

about the distribution relationship between GANs and MPS results and the simulation of nonstationary 121 

facies models are presented. Finally, conclusions will be drawn in Section 4. 122 



 

 

2. Comparison of GANs with MPS in two reservoir scenarios 123 

Both the post-GANs perturbation and GANSim workflows can be applied to condition on global 124 

features such as channel direction and facies proportion. In this section, first we compare the two GANs 125 

workflows with three typical MPS approaches—Direct Sampling (DS; Mariethoz et al. (2010)), Quick 126 

Sampling (QS; Gravey & Mariethoz (2020)), and SNESIM (Strebelle, 2002) embedded in Petrel 127 

software—in cases of only conditioning to global features based on two reservoir scenarios. There are 128 

slight differences among the three MPS approaches. SNESIM first scans the entire training image (TI) 129 

and organizes all events into a search tree; then, when simulating a point, a conditional probability function 130 

is calculated from the search tree to sample a facies code for that location. In DS and QS, each time a point 131 

is simulated, a similar event is directly searched from the TI, and the center facies code of the matched 132 

event is assigned to the simulation point. QS differs from DS mainly in that it uses fast Fourier transforms 133 

to compute the similarity between the event in the TI and the neighborhood around the simulation point. 134 

Then, the GANSim workflow and SNESIM are further compared in cases of conditioning to not only 135 

global features, but also well facies data, and facies probability maps. In summary, we compare two GANs 136 

workflows with DS, QS, and SNESIM for conditioning to global features. Then we compare GANSim 137 

and SNESIM for conditioning to global as well as local conditioning data. All this is done for two different 138 

reservoir scenarios. 139 

The first reservoir scenario to be studied is fluvial channel sedimentary system. We use a dataset 140 

created by Song et al. (2021a), which includes 35,640 conceptual facies models (2D horizontal sections) 141 

each containing 64×64 cells representing an area of 3200×3200 m. There are three sedimentary facies 142 

types: sandy channel center facies, sandy channel levee facies, and inter-channel mud facies. Global 143 

features include channel direction, mud proportion, channel center width, channel amplitude, and channel 144 

wavelength. The channel direction, -90 to 90 degrees clockwise from the north direction, is equally divided 145 

into 30 categories, with each category corresponding to 6 degrees. The channel center width can be 27, 146 

31, or 34 m with equal probability. The channel amplitude ranges from 7 to 111 m. The channel 147 

wavelength can be 100, 120, 140, or 160 m. The mud proportion ranges from 0.14 to 0.59. These 148 

conceptual geomodels are split into a training dataset having 32,640 geomodels and a test dataset having 149 

3,000 geomodels. The second scenario is a meandering point bar sedimentary system. We use a dataset 150 

created by Hu et al. (2024). There are 11,785 conceptual facies models in the dataset, each containing 151 

64×64 cells representing a domain of 640×640 m. Four sedimentary facies are considered: muddy 152 

floodplain, muddy channel fill, sandy lateral accretion, and mud drape. The latter two facies constitute a 153 

complete point bar geobody. Global features include floodplain proportion and point bar-to-channel fill 154 

ratio. The former varies from 0.42 to 0.81, while the latter varies from 0 to 2.2. The dataset is split into a 155 

training dataset with 10,000 facies models and a test dataset with 1,785 facies models. For each conceptual 156 

geomodel of the two datasets, a well facies data and a set of facies probability maps for all facies types 157 

are obtained by random sampling and smoothing with a Gaussian kernel. Each sampled well facies point 158 

occupies only one cell, and the well number is between 1 to 10 for each well facies data. See Figure 3 and 159 

Figure 4 for two examples of the two datasets.  160 

2.1 Geomodelling conditioned to global features  161 

According to the customary practices of MPS, the geomodelling process only involving a TI is 162 

called “unconditional geomodelling”. However, since the TI has already embedded the concepts of global 163 

features, the simulated results may internally honor these global feature values. Therefore, in this paper, 164 

this process is called geomodelling conditioned to global features, in order to be consistent with GANs-165 

based geomodelling terminology.  166 



 

 

For the fluvial channel reservoir scenario, it is assumed that the geomodel realizations need to be 167 

conditioned to the following global features: the channel direction is 42 to 48 degrees clockwise from the 168 

north, which is within the direction category 22. The channel center width, channel amplitude, and channel 169 

wavelength are 31 m, 55 m, and 121 m, respectively. The mud proportion is 0.65. Following steps of the 170 

post-GANs inversion workflow, an unconditional generator is first trained, which takes 6 hours on one 171 

GPUs (A100). Then, a Markov chain Monte Carlo (McMC) Bayesian workflow is performed to sample 172 

appropriate input latent vectors of the trained unconditional generator that are consistent with the given 173 

conditioning global feature values (as above). Finally, 45,673 appropriate latent vectors and the same 174 

number of facies model realizations are obtained, with each latent vector taking 0.107 s on average. In the 175 

GANSim workflow, a generator conditioned to the five types of global features are trained, which takes 176 

6 hours on one GPU (A100). Then, the conditioning global feature values are taken into the trained 177 

generator to produce multiple conditional realizations. The generation of each realization takes 0.3 ms on 178 

one GPU (A100) on average. Figure 1 shows several random results of both GANs workflows. Supporting 179 

Information S2 provides more details about the execution of the two workflows. It is worth noting that in 180 

the aforementioned McMC workflow, the global features of each facies model produced by the trained 181 

unconditional generator are obtained using an additionally trained recognizer neural network. The input 182 

pipeline of global features in the generator of GANSim is improved from the original design of 183 

concatenating global features with latent vectors into a new design of injecting global features into 184 

different middle neural network layers to strengthen the constraint effect of global features (see more detail 185 

in the Supporting Information S1).  186 

MPS methods honor global features mainly through construction of TIs. Corresponding to the 5 187 

given global feature values, a large 200×200-cell TI is first constructed (Figure 1) with the same method 188 

for the conceptual facies models. Then, the three MPS methods—DS, QS, and SNESIM—are used for 189 

geomodelling with that TI. Figure 1 shows random simulation results of these methods. The 190 

hyperparameters used in these methods and results of other hyperparameter settings are provided in more 191 

detail in Supporting Information S2. Some hyperparameter combinations can produce more realistic 192 

results, but there are clear tendencies to replicate the TI. Here, appropriate hyperparameter combinations 193 

are selected to balance the produced realism and repetition rate. 194 

 195 
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 197 

Figure 1. Comparison of geomodelling results of the two GANs workflows and the three MPS approaches 198 

in fluvial channel scenario. (a) Three test facies models with the closest global features to the given ones. 199 

(b) and (c) are random results of the two GANs workflows. The five values in the bracket below each 200 

facies model show the channel category, mud proportion, channel amplitude, channel wavelength, and 201 

channel center width of that facies model. (d) compares the global feature distributions measured from 202 

facies models resulting from the two GANs workflows and the three MPS approaches (only for mud 203 

proportion global feature). (e) shows the constructed TI and random simulation results of the three MPS 204 

approaches.  205 



 

 

 206 

For the point bar reservoir scenario, the assumed conditioning global feature values are 0.74 for 207 

the floodplain proportion and 1.14 for the point bar-to-channel fill ratio. The same procedures as in the 208 

previous fluvial channel scenario are used here. Figure 2 compares simulated realizations GANs and MPS 209 

approaches. More detail about the execution of these approaches is provided in Supporting Information 210 

S3.  211 

 212 

 213 

 214 

Figure 2. Comparison of geomodelling results of the two GANs workflows and the three MPS approaches 215 

in point bar scenario. (a) Three test facies models with the closest global features to the given ones. (b) 216 



 

 

and (c) are random results of the two GANs workflows. The two values in the bracket below each facies 217 

model shows the corresponding floodplain proportion and point bar-to-channel fill ratio features. (d) 218 

compares the global feature distributions of facies models resulting from the two GANs and the three MPS 219 

approaches. (e) shows the constructed TI and the simulation results of the three MPS approaches.  220 

 221 

It is clear from Figure 1 and Figure 2 that the results of both GANs workflows are realistic and 222 

diversified in both reservoir scenarios. The global feature histograms (or probability density functions) 223 

obtained from 200 realizations of both workflows indicate a close consistency between these realizations 224 

and the conditioning values, compared to test facies models. Note that an additional neural network is 225 

trained to specially recognize the global features for each generated facies model in the fluvial channel 226 

scenario. In comparison, the simulation results of the three MPS approaches are much worse in produced 227 

geological realism (e.g., shape, connection, and reciprocal relations of geobodies). Indeed, these MPS 228 

methods are able to produce good realism with appropriate hyperparameter settings, but there is a tendency 229 

of directly replicating from TIs, largely reducing the diversity of the simulated realizations (see Supporting 230 

Information S2 and S3 for detail). As to conditioning effects, due to the poor realism, it is challenging to 231 

quantitatively evaluate the geometrical global features including channel width, direction, wavelength, 232 

and amplitude of produced geomodels for the three MPS approaches, but the realizations “look” consistent 233 

with the TI. However, for other calculable features—mud proportion, floodplain proportion, and point 234 

bar-to-channel fill ratio—the probability density function curves derived from the realizations of the three 235 

MPS approaches are broadly distributed and do not exhibit a clear clustering tendency toward the 236 

conditioning values. The simulation of each geomodel takes 0.07 s, 0.3 s, and 0.3 s with DS, QS, and 237 

SNESIM algorithm on average in both scenarios. Note also that the MPS methods do not need prior 238 

training on GPUs but need a representative and large training image. 239 

2.2 Geomodelling conditioned to global features, well facies data, and probability maps  240 

We compare GANSim workflow with SNESIM in the two reservoir scenarios when conditioning 241 

to global features, well facies data, and probability maps. In each scenario, a generator conditioned to all 242 

the three types of conditioning data is trained. The probability maps of channel center and levee facies are 243 

considered in the fluvial channel scenario, while those of mud drape, channel fill, and lateral accretion 244 

facies are considered in the point bar scenario. The training takes 10 and 9 hours for the channel and point 245 

bar scenario, respectively, at two GPUs (A100). Once trained, any given conditioning data can be taken 246 

into the generator to produce different facies model realizations. To evaluate the trained generators, some 247 

test geomodels are taken as the reference, and their global features, well facies data, and facies probability 248 

maps are used as the conditioning data, as shown in Figure 3 and Figure 4. When simulating with SNESIM, 249 

a 200×200-cell TI is first constructed using the given global feature values. Then, multiple facies model 250 

realizations are simulated using that TI, the given well facies data, and the given probability maps. In the 251 

point bar scenario, the TI constructed in Section 2.1 (Figure 2) having almost the same global feature 252 

values as the reference geomodel is used. Random simulated facies model realizations of both GANSim 253 

and SNESIM are shown in Figure 3 and Figure 4. More detail is provided in Supporting Information S4. 254 

It is worth noting that the latest enhancements proposed by Song et al. (2025) are considered in the 255 

GANSim neural network architecture, including introduction of local discriminators and output of the 256 

generator as multiple facies indicators. The input global features are concatenated into different middle 257 

neural layers of the generator to strengthen constraint effect. See more detail in Supporting Information 258 

S1. 259 

 260 



 

 

 261 

Figure 3. Comparison of conditional facies model realizations resulting from GANSim and DS in the 262 

fluvial channel reservoir scenario. The well points are expanded from 1x1-size area into 3x3-size area 263 

here only for better visualization. 264 
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 267 

Figure 4. Comparison of conditional facies model realizations resulting from GANSim and SNESIM in 268 

the point bar reservoir scenario. The well points are expanded from 1x1-size area into 3x3-size area here 269 

only for better visualization. 270 

  271 

It is clear from Figure 3 and Figure 4 that the GANSim-produced facies model realizations are 272 

realistic both globally and locally around well facies data, diversified, and consistent with all the 273 

conditioning data. Such consistency can be proved by the comparison between the global feature 274 

distributions of produced facies models and the input conditioning global feature values, the comparison 275 

between facies frequency maps and the input conditioning probability maps, and the fact that the well 276 

facies data reproduction accuracy being 100% in both scenarios. It is worth noting that the “single-pixel 277 

well facies overlook” issue and its consequence of local disconnection around wells in Song et al. (2021b) 278 

have been addressed by the enhanced GANSim architecture design (see Supporting Information S1). The 279 

SNESIM-produced facies model realizations also honor the given well facies data (with reproduction 280 

accuracy of 100%) and facies probability maps quite well, which is internally designed by the algorithm. 281 

However, the facies realizations are much less realistic than GANSim results. For the calculable global 282 

features of simulated realizations—mud proportion, floodplain proportion, and point bar-to-channel fill 283 

ratio, they may be close to the given conditioning values (mud proportion in channel scenario) or may not 284 

(the remaining two global features in point bar scenario). As for other geometrical global features, the 285 

produced realizations “look” consistent with the TIs, to some extent.  286 

Is there significant difference in flow behavior when using GANSim- and MPS-produced facies 287 

models? To answer that question, a single-phase fluid flow simulation from the north to the south is 288 



 

 

conducted on the reference, 100 GANSim-produced and 100 SNESIM-produced geomodels of the two 289 

test cases (Figure 3 and Figure 4) in both scenarios. A commercial flow simulator, Eclipse, is used in this 290 

study. The north boundary, the south boundary, and the initial pressure values are fixed at 300, 250, and 291 

250 bar. The permeability values for channel center, channel levee, and mud facies are set as 2500, 500, 292 

and 10 mD in the fluvial channel scenario. In the point bar scenario, the permeability values for sandy 293 

lateral accretion, channel fill, mud drape, and flood plain facies are set as 2200, 1500, 50, and 10 mD, 294 

respectively. Figure S4-1 and Figure S4-2 (in Supporting Information S4) shows pressure distribution 295 

maps after different days of flow simulation for the reference, 5 random GANSim-produced and 5 random 296 

SNESIM-produced geomodels of the two test cases. The flow results of GANSim-produced geomodels 297 

are much more similar to the flow results of the reference geomodel than the SNESIM-produced 298 

geomodels both in spatial patterns and magnitudes. The prediction of flow front is of great interest in 299 

many practical cases. Here, we assume the pressure of 255 bar as the flow front and calculate the 300 

probability map of being within the flow front—with pressure values larger than 255 bar—on different 301 

days after flowing from flow simulation results of the 100 GANSim- and the 100 SNESIM-produced 302 

geomodels (Figure 5). In the figure, the blue curves are contours of 95% and 5%, while the red curves 303 

represent the flow fronts of the reference geomodels. The areas between the 95% and 5% contours 304 

represent the predicted regions for flow fronts. We can see that although the predicted regions of GANSim 305 

and SNESIM both cover the reference front curves, the former are much narrower than the latter on 306 

different days, indicating a more accurate prediction with GANSim than SNESIM in flow behaviors and 307 

following decision-making processes.  308 

 309 



 

 

 310 

Figure 5. Probability maps of being within the flow front, 𝑝(𝑝𝑟𝑒𝑠𝑠𝑢𝑟𝑒 > 255 𝑏𝑎𝑟) on different days after 311 

flowing for GANSim and SNESIM in the two test cases of both scenarios.  312 

 313 



 

 

3. Discussions   314 

3.1 Comparison of distributions of GANs and MPS results 315 

It is clear from the above results that GANs-produced geomodels have nearly the same level of 316 

realism as the test geomodels and the largest allowed degree of variation (see Figure S2-1, Figure S3-1, 317 

and Figure 1 - 4). MPS results are much worse in realism, albeit with good conditioning. Based on these 318 

observations and the theory of GANs that a generator would finally approximate the distribution of 319 

training samples (Goodfellow et al., 2014), a schematic diagram describing the distribution relationship 320 

among conceptual (training), GANs-produced, and MPS-produced geomodels is presumably concluded 321 

(Figure 6). In the unconditional case, the distribution of GANs results almost overlaps with that of 322 

conceptual geomodels, i.e., 𝑝(𝑚; 𝐺𝐴𝑁𝑠) ≈ 𝑝(𝑐𝑜𝑛𝑐𝑝𝑡. 𝑚), where 𝑚 is a geomodel, and 𝑐𝑜𝑛𝑐𝑝𝑡. 𝑚 refers 323 

to the conceptual geomodel. It is worth noting that conceptual geomodels are essentially the samples of 324 

the geological pattern knowledge about the reservoir, thus 𝑝(𝑐𝑜𝑛𝑐𝑝𝑡. 𝑚) ≈ 𝑝(𝑚|𝑔𝑒𝑜. 𝑝𝑎𝑡. ) , where 325 

𝑔𝑒𝑜. 𝑝𝑎𝑡. refers to the geological pattern knowledge used to construct conceptual geomodels.  326 

With conditioning, the distribution of GANs outputs shrinks, but the GANs’ adversarial loss 327 

continues to encourage the GANs output distribution to approach the conceptual geomodel distribution 328 

even under the circumstance of conditioning. Thus, 𝑝(𝑚|𝑐𝑜𝑛𝑑. ; 𝐺𝐴𝑁𝑠) = 𝑝(𝑚; 𝐺𝐴𝑁𝑠|𝑐𝑜𝑛𝑑. ) ≈329 

𝑝(𝑐𝑜𝑛𝑐𝑝𝑡. 𝑚|𝑐𝑜𝑛𝑑. ) ≈ 𝑝(𝑚|𝑔𝑒𝑜. 𝑝𝑎𝑡. , 𝑐𝑜𝑛𝑑. ) . Note that in geomodelling the requisite is lots of 330 

geomodels consistent with both geological pattern knowledge and conditioning data, i.e., 331 

𝑝(𝑚|𝑔𝑒𝑜. 𝑝𝑎𝑡. , 𝑐𝑜𝑛𝑑. ). In comparison, MPS-produced geomodels honor given conditioning well facies 332 

and facies probability maps very well and have enough diversity, but the realism deteriorates, thus they 333 

may have a distribution shown by the blue contours on the surface of conditioning = 1. In MPS, the 334 

conditioning global features are embedded into TIs, so “cond.” in 𝑝(𝑚|𝑇𝐼. , 𝑐𝑜𝑛𝑑. ; 𝑀𝑃𝑆) only includes 335 

well facies and probability maps, which is different from GANs where “cond.” includes all conditioning 336 

data. In some cases, MPS results may not honor the given global feature values (e.g., Figure 4), so the 337 

distribution of MPS results may shift away from the surface of conditioning = 1. 338 

 339 

 340 

Figure 6. A schematic diagram showing the distributions of different types of geomodels. 341 

 342 



 

 

3.2 Generation of nonstationary large geomodels 343 

In GANSim, once trained, the Convolutional neural network (CNN)-based generator can be used 344 

to model reservoirs larger than the training conceptual geomodels. Additionally during inference, the input 345 

conditioning global feature maps (see Figure S1-1) are not necessarily constants as during the training 346 

time. Instead, spatially varying global feature maps can be taken into the trained generator. As shown in 347 

Figure 7 (a), in a large case of the fluvial channel scenario (with 128×128 cells), the input conditioning 348 

probability maps and the input channel direction map are specially designed so that a “divergent” shape 349 

of channels could be produced by the generator trained in Section 2.2. In the input global feature maps of 350 

the channel amplitude, wavelength, and width, the amplitude values are set to increase from the north to 351 

the south, while wavelength and width values are set to decrease along the same direction, thus a more 352 

sinuous and narrower channels are expected from the north to the south. In a large case of the point bar 353 

scenario (Figure 7 (b); with 192×192 cells), the input maps of the point bar-to-channel fill ratio and the 354 

floodplain proportion are also specially set so that the former feature gradually increase from the north to 355 

the south, while the latter decrease from the west to the east. Conditioning well facies are also given in 356 

the two cases. As shown in the generated realizations in Figure 7, all the expected nonstationary features 357 

are indeed produced in spite of some flaws in realism. For example, in the point bar case, the left channel 358 

belt keeps more floodplain than the right one, and from the north to the south the channel fill facies (green 359 

color) gradually narrows down to increase the point bar-to-channel fill ratio.   360 

MPS can also produce some nonstationary features—e.g., the spatial change of geobody 361 

orientation and size—from stationary TIs by applying data events transformation filters (e.g., rotation, 362 

affinity and homothety) and probability aggregation schemes (e.g., the tau model proposed by Journel 363 

(2002)). See Mariethoz & Caers (2014) for detail. In comparison, GANSim produces geological features 364 

with the guidance of the global feature values and probability map values at each point. Once the global 365 

feature maps and probability maps exhibit certain level of non-stationarity, the corresponding 366 

nonstationary features would be generated in the resulting facies model.  367 

 368 



 

 

 369 

Figure 7. Geomodelling of nonstationary features using the pre-trained stationary generator for large 370 

reservoirs by taking in nonstationary global feature maps and probability maps. 371 

 372 

4. Conclusions 373 

This study presents a comparison between geostatistics-based and deep learning-based approaches 374 

for generative geomodelling using two distinct sedimentary reservoir scenarios: a fluvial channel system 375 

and a meandering point bar system. In particular, three typical MPS methods—Direct Sampling (DS), 376 

Quick Sampling (QS), and SNESIM—and two GAN-based workflows—post-GANs perturbation and 377 

GANSim with its latest enhancements—are examined in detail. Another enhancement for GANSim 378 

proposed in this paper is a redesigned input pipeline of global features in the generator. Instead of 379 

concatenating global features with latent vectors, the new design injects global features into various 380 

intermediate layers of the neural network.  381 

The results clearly demonstrate that GAN-based workflows, particularly GANSim, consistently 382 

outperform MPS methods in generating geologically realistic facies model realizations, for the scenarios 383 

studied here. GANSim can directly condition on a wide range of data types, including global features, 384 

well facies data, and facies probability maps. In contrast, while MPS methods perform well in honoring 385 

well facies and probability map constraints—due to their algorithmic design—they produce facies models 386 

with significantly reduced geological realism. Conditioning on global features using MPS is also less 387 

reliable and highly dependent on the specific feature type. In terms of computational efficiency, the post-388 

GANs workflow has a simulation speed comparable to that of MPS methods, whereas GANSim runs 389 

hundreds of times faster than MPS methods. Furthermore, the “single-pixel well facies overlook” issue 390 

identified in earlier versions of GANSim—which led to local disconnections near wells—has been 391 

effectively addressed by incorporating a local discriminator design, as proposed in Song et al. (2025). 392 

Flow simulation results indicate that the geomodels generated by GANSim produce more accurate and 393 



 

 

less uncertain predictions of flow behavior compared to those generated by SNESIM. This accuracy has 394 

important implications for subsequent decision-making in reservoir management. Finally, the flexibility 395 

of GANSim is demonstrated in its ability to generate large, nonstationary facies models using a generator 396 

trained only on stationary conceptual models. This is achieved by spatially varying the input global feature 397 

maps and carefully designing the conditioning probability maps. These capabilities position GANSim as 398 

a robust, scalable, and efficient solution for advanced generative geomodelling tasks. 399 

One potential challenge of deep learning–based geomodelling approaches is the construction of 400 

numerous (many thousands) conceptual geomodels to train the generator. Efficient and automated 401 

process-mimicking or object-based modeling workflows may offer viable solutions. Recently, Wang et al. 402 

(2025) developed an image-warping workflow that integrates temporal remote sensing images of modern 403 

sedimentary evolution into conceptual geomodels, which may represent another promising direction for 404 

efficient conceptual geomodel construction. 405 
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Supporting Information S1 556 

Latest GANSim Enhancements and the neural network architectures used in this paper 557 

Earlier versions of GANSim faced a challenge where well facies data represented by single 558 

horizontal pixels were often overlooked by the discriminator. This led to noticeable local disconnections 559 

between the conditioning well facies data and the surrounding regions of the same facies type. To alleviate 560 

this issue, the well facies data were artificially expanded from single pixels to larger patches horizontally 561 

(e.g., 4×4 pixels), as suggested by Song et al. (2021b, 2022). While this approach helped reduce 562 

disconnections, it introduced local artifacts and artificially constrained the uncertainty near wells. To 563 

overcome these limitations, Song et al. (2025) introduced local discriminators specially scrutinizing local 564 

realisms around well facies data in addition to the “global” discriminator focusing more on the global 565 

realism of the domain. Multiple local discriminators can be designed to focus on different sizes of locality 566 

around wells. These local discriminators can be separate from or integrated into the global discriminator 567 

where different discriminators share the same shallow convolutional layers in the integration design. Both 568 

separate and integrated architectures prove to produce similar results. Note the Wasserstein loss function 569 

with gradient penalty (Gulrajani et al., 2017) is used in GANSim. Experiments show that the generator 570 

can produce good local and global realism by summing up the Wasserstein losses of different 571 

discriminators instead of summing up the scores of different discriminators first and then calculating a 572 

Wasserstein loss for the score resulting from summation. Weights should be set for the Wasserstein losses 573 

of different discriminators when summing up. With local discriminator design, the well facies data 574 

expansion approach is not necessary, which alleviates the artifact problem of expanded well facies data.   575 

Another improvement proposed by Song et al. (2025) involves modifying the generator output and 576 

discriminator input from a single facies geomodel to multiple facies indicators (i.e., one-hot encoding) 577 

each corresponding to one facies type (see Figure S1-1). In inference, these facies indicators produced by 578 

the trained generator can be converted into a reservoir facies model through argmax or thresholding-579 

related operations. Such a design of multiple facies indicators is more reasonable and common in 580 

variogram-based geomodelling algorithms such as sequential indicator simulation (Pyrcz & Deutsch, 581 

2014). Based on the above enhancements, GANSim has already been successfully applied in a field 3D 582 

deltaic reservoir (Alqassab et al., 2024). 583 

Regarding the input pipeline of conditioning global features, the previous design of concatenating 584 

global feature values to the input latent cube proved efficient when considering mud proportion, channel 585 

width, and channel sinuosity in Song et al. (2021b), but it is challenging when channel direction is taken 586 

as the input global feature. After experiments, we found that a similar design of the global feature input 587 

pipeline to that of well facies and probability maps is much more efficient than the previous design, which 588 

is possibly due to the flexible information transmission mechanism from shallow to deep layers.  589 

For better understanding of the above enhancements either proposed by both Song et al. (2025) 590 

and this paper, the GANSim architecture used for geomodelling of fluvial channel scenario of this paper 591 

is presented here in Figure S1-1. Five types of global features are considered in this case: channel 592 

direction, mud facies proportion, channel width, channel wavelength, and channel amplitude. Channel 593 

direction is equally discretized into 30 categories. In the generator, the input global features are expanded 594 

into 34 maps (i.e., 64x64x34) with the first 30 maps expanded from the one-hot vector of the channel 595 

direction category and the remaining 4 maps corresponding to the other 4 global feature types. A global 596 

feature value is replicated across the entire map. The feature cube is then downsampled into different sizes 597 

and concatenated into different feature cubes of the main pipeline of the generator. The generator use fully 598 

convolutional layer design to allow for geomodelling of arbitrarily large reservoir domains after training, 599 



 

 

which was proposed by Song et al. (2022). Three facies types are considered, so the output of the generator 600 

and the input of the discriminator include three channels of facies indicators, i.e., 64x64x3. The final 601 

activation function before the output facies indicators of the generator is set as a softmax function. There 602 

is one global and three local discriminators combined. In each local discriminator, following several 603 

convolutional and downsampling layers that are shared by the global discriminator and three separate 604 

convolutional layers with the kernel size of 1x1, a small-size feature map is finally produced wherein each 605 

feature value of a cell is expected to represent the realism of a local area of the input reservoir domain. 606 

Then, through an element-wise multiplication between the small-size feature map and a downsampled 607 

well location indicator map (having the same size as the feature map) and an averaging calculation, a 1x1-608 

size local score is produced which represents the local realism around all well facies data for a specific 609 

locality level. The output score value of the local discriminator 1 reveals the average realism of a locality 610 

of 4x4 cells around all wells, while that of the local discriminator 2 and 3 correspond to the realism of a 611 

locality of 12x12 and 28x28 cells around all wells. The GANSim architectures used for the point bar 612 

scenario is similar to Figure S1-1, except the input global feature types and numbers and the facies types. 613 

 614 



 

 

 615 

Figure S1-1. The generator and discriminator architectures used for geomodelling of channel scenario in 616 

this paper.  617 
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Supporting Information S2 619 

Materials related to fluvial channel scenario in Section 2.1 620 

1. Training and evaluation of unconditional GANs 621 

The convolutional neural network architectures of the generator and the discriminator are shown 622 

in Figure S1-1 of Supporting Information S1, where the input pipelines of different conditions in the 623 

generator and the local discriminator branches of the discriminator are excluded. The minibatch size is set 624 

as 128. Learning rate is set as 0.0025. Adam optimizer (Kingma & Ba, 2014) with the default parameters 625 

are used during training. The generator is trained on 1 GPUs (A100) for 6 hours when the generated facies 626 

models are realistic by visual inspection. After training, evaluations based on visual inspection, multi-627 

scale sliced Wasserstein distance and multi-dimensional scaling plots (MDS), facies proportion, and 628 

global feature probability density functions are performed (Figure S2-1). The global feature values of 629 

generated facies models are captured based on a global feature recognizer neural network (see part 3 of 630 

this Supporting Information). Song et al. (2021a) gives more detail about the multi-scale sliced 631 

Wasserstein distance combined with multi-dimensional scaling plot method. It turns out that the trained 632 

generator can produce diverse and realistic facies models compared to test ones.  633 



 

 

 634 



 

 

Figure S2-1. Comparison between generated and test facies models in visual inspection, facies proportions, 635 

global feature distributions, and MDS plots. The values inside the brackets below facies models are 636 

channel direction category, mud proportion, channel amplitude, channel wavelength, and channel width. 637 

Global features in sub-figure (a) and (c) are calculated with the global feature recognizer neural network. 638 

 639 

2. Training and evaluation of the global feature recognizer neural network 640 

The architecture of the recognizer neural network is adapted from the unconditional discriminator 641 

in Figure S1-1: the local discriminator branches are excluded, the output of the discriminator is changed 642 

from having only 1 neuron into containing 34 neurons, among which the first 30 neurons—forming a one-643 

hot vector—correspond to the 30 channel direction categories, and the remaining 4 neurons correspond to 644 

mud proportion, channel center width, channel wavelength, and channel amplitude. The loss functions 645 

include a categorical cross-entropy loss for the channel direction categorical feature and L2 losses for the 646 

remaining features. During training, no progressive growing is performed. The recognizer is trained with 647 

the training conceptual geomodel-global feature data pairs using 3 hours on one GPU(A100). 648 

To evaluate the trained recognizer, we take 3000 test facies models into the trained recognizer and 649 

compare the output global feature values with their global feature labels. The results are shown in Figure 650 

S2-2. It is clear that the recognizer is very accurate in identifying the mud proportion. However, for the 651 

other 4 global features, the recognizer is not very accurate. The major reason is that when constructing the 652 

dataset, the mud proportion label is calculated from the conceptual facies model, while the other global 653 

feature labels are actually the input parameters into the object-based algorithm for generating conceptual 654 

facies models (see Song et al. (2021a) for detail). By design, the object-based algorithm adds a drift of 655 

20% - 30% to these input global parameters (labels), thus making the real global features fluctuate around 656 

the labels, to some extent, or even mix into surrounding labels. The blue dashed curves in Figure S2-2 657 

outline the range of real global features, and the recognized global feature values just fall inside these real 658 

feature ranges. This indicates the trained recognizer can accurately capture the real global feature values, 659 

in spite of noises in the training global feature labels.  660 

 661 



 

 

 662 

Figure S2-2. Comparison between global feature labels and the recognized global features calculated by 663 

the trained recognizer neural network, based on 3,000 test facies models. The grey color of each pixel 664 

represents the frequency of the corresponding y-axis value (recognized feature) given the x-axis value 665 

(feature label), i.e., 𝑝(𝑦|𝑥). The blue dash curves outline the real global feature ranges. 666 

 667 

3. Enhanced architecture of GANSim and hyperparameter settings 668 

The architectures of the generator and discriminator are adapted from Figure S1-1. The input 669 

pipelines for the well facies data and the probability maps are excluded in the generator. In the 670 

discriminator, the local discriminator branches are also excluded. We initially tried the previous design of 671 

global feature input pipeline of GANSim that the global features are concatenated with the input latent 672 

cube (Song et al., 2021b), but the conditioning effects are not apparent when the channel direction global 673 

feature is considered. After experiments, we propose to inject input global features into different middle 674 

neural layers of the generator, the similar input manner as the input well facies and input probability maps. 675 

See Supporting Information S1 for more detail.  676 

There are totally 6 loss terms: the original GANs loss and five condition-based losses of the five 677 

global features. After trial-and-error experiments, the weights are set as in Table S2-1. Other 678 

hyperparameters are the same as for the training of the unconditional GANs in Section 1 of this Supporting 679 

Information. 680 

Table S2-1. Weights for different loss terms in GANSim conditioned only to global features in fluvial 681 

scenario 682 

Original GANs 

loss 

Channel 

direction loss 

Mud proportion 

loss 

Channel width 

loss 

Channel 

wavelength loss 

Channel 

amplitude loss 

3 15 1.2 1 1.5 2 

 683 



 

 

4. Simulation results of different MPS parameters 684 

Different hyperparameters have been explored for the three MPS approaches—direct sampling 685 

(Mariethoz et al., 2010), quick sampling (Gravey & Mariethoz, 2020), and SNESIM method (Strebelle, 686 

2002) of Petrel software (the “Multipoint simulation with pattern objects” algorithm in Petrel). In direct 687 

sampling method (DS), the maximum fraction of TI to scan (f) is fixed at 100% to guarantee the best 688 

performance in the results, while the closest neighbors to consider (n) and the similarity distance threshold 689 

(t) are independently sampled from [5, 10, 15, 20] and [0.01, 0.1]. Some random simulated facies model 690 

realizations are shown in Figure S2-3 (b). We found that when n is larger than 20, although the produced 691 

realism and connectivity becomes better but there is a trend that the simulation process copies a complete 692 

portion from the TI, e.g., compare the realization and the TI portion both marked by red rectangles in 693 

Figure S2-3 (a) and (b) where the repetition rate is 89%. Such a “copy” artifact would largely reduce the 694 

diversity of the produced realizations. When t is smaller than 0.01, it has no effect on the results, and when 695 

t is larger than 0.1, the simulation results gradually become very noisy. Based on these analyses, we select 696 

the realizations from the parameter combination of (n = 15, t = 0.1), which do not have a very high 697 

repetition rate to TI but exhibit relatively good realism, as the final results (see Figure 1). 698 

Important parameters in quick sampling (QS) approach include the closest neighbors to consider 699 

(n) and the number of best pattern candidates (k) from TI. Here, n and k are independently sampled from 700 

[5, 10, 15, 20] and [1, 3]. Random realizations of these parameter combinations are shown in Figure S2-3 701 

(c). Similar to direct sampling approach, larger n lead to more likely a copy from the TI, e.g., the realization 702 

and the TI portion marked by blue rectangles look quite similar with a repetition rate of 81%. The 703 

parameter k has almost no effect on the simulation results when k is smaller than 5, and when it is larger 704 

than 5, many small noises gradually appear weakening the produced realism. In this paper, the parameter 705 

combination of (n = 15, k = 1) is used to simulate the final results (Figure 1). 706 

In SNESIM approach, the search radius for conditioning neighbors (r) is the most important 707 

parameters influencing the simulation performances, which may relate to the parameter n in DS and QS, 708 

to some extent. We explored radius from 2 to 8, and found the larger the parameter r is the more apparent 709 

the copy artifacts become, e.g., the realization and the TI portion marked by green rectangles are almost 710 

the same with a repetition rate of 99%. We finally choose r = 5 to simulate the final results (Figure 1). It 711 

should be noted that produced facies models corresponding to the selected parameters of the three MPS 712 

approaches are comparable, because they exhibit close repetition rate—i.e., 72%, 71%, and 70% in DS, 713 

QS, and SNESIM.  714 

 715 



 

 

 716 



 

 

 717 

Figure S2-3. The applied training image (TI) and simulation results of direct sampling (DS), quick 718 

sampling (QS), and SNESIM with different parameter combinations. The “repetition rate” is averaged 719 

from 100 realizations. 720 

  721 



 

 

Supporting Information S3 722 

Materials related to point bar scenario in Section 2.1 723 

1. Training and evaluation of unconditional GANs 724 

The architectures of the generator and the discriminator are almost the same as in the previous 725 

fluvial channel scenario, except for the output of the generator and the input of the discriminator which is 726 

adapted from 3 facies indicators into 4 indicators corresponding to the 4 facies types of this scenario. Other 727 

hyperparameters are the same as the channel scenario. The generator is trained on 1 GPUs (A100) for 6 728 

hours when the generated facies models are realistic by visual inspection. Evaluations based on visual 729 

inspection, multi-scale sliced Wasserstein distance and multi-dimensional scaling plots (MDS), facies 730 

proportion, and global feature probability density functions are performed (Figure S3-1). It turns out that 731 

the trained generator can produce diverse and realistic facies models compared to test ones.  732 

 733 



 

 

 734 



 

 

Figure S3-1. Comparison between generated and test facies models in visual inspection, facies proportions, 735 

global feature distributions, and MDS plots. The values inside the brackets below facies models are 736 

floodplain proportion and point bar-to-channel fill ratio. 737 

 738 

2. Hyperparameters and architecture of GANSim  739 

The architectures of the generator and discriminator are almost the same as the fluvial scenario 740 

except the number of facies indicator maps (in the output of the generator and input of the discriminator) 741 

and the number of input global features. L2 loss functions are used for the two global features. The weights 742 

for the original GANs loss and the condition-based losses for the two global features are set as in Table 743 

S3-1, after trial-and-error experiments. Other hyperparameters are the same as in the fluvial scenario. 744 

Table S3-1. Weights of different loss terms in GANSim conditioned only to global features in point bar 745 

scenario 746 

Original GANs loss Floodplain proportion loss Point bar-to-channel fill ratio loss  

8 1 1.5 

 747 

3. Simulation results of different MPS parameters 748 

We explored the parameter combinations for the three MPS approaches with the same processes 749 

as in the fluvial channel scenario and obtained almost the same conclusions. The simulation results with 750 

different parameters of the three approaches are shown in Figure S3-2. Note that in this figure, the 751 

simulation results of parameter k = 5 are shown instead of k = 3 in the fluvial channel scenario, since most 752 

realizations of k = 3 here are pure floodplain facies. Finally, the parameter combination of (n = 15, t = 0.1) 753 

in DS, (n = 15, k = 1) in QS, and r = 5 in SNESIM are regarded as the best, because their simulation results 754 

exhibit a certain level of expected realism yet not replicate too much from TI. Also, the produced facies 755 

models corresponding to these selected parameters of the three MPS approaches are comparable, because 756 

they exhibit close repetition rate—i.e., 80%, 78%, and 77% in DS, QS, and SNESIM. These resulted facies 757 

model realizations are compared with GANs results in Figure 2.  758 

 759 
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 761 

Figure S3-2. The applied training image (TI) and simulation results of direct sampling (DS), quick 762 

sampling (QS), and SNESIM with different parameter combinations. The “repetition rate” is averaged 763 

from 100 realizations. 764 

 765 
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Supporting Information S4 767 

Materials related to Section 2.2 768 

1. GANSim training for both scenarios 769 

The architectures of the generator and the discriminator of the fluvial channel scenario are 770 

illustrated in Figure S1-1. The input pipeline for global features are almost the same as for well facies and 771 

probability maps. Three local discriminators are designed with the local scrutinization domain of 4x4, 772 

12x12, and 28x28 cells from small to large local discriminators. The weights for small, middle, and large 773 

local discriminator losses are 0.2, 1, and 5, respectively. The weights of different loss terms are set as in 774 

Table S4-1, after many trial-and-error experiments. Other hyperparameters are the same as in GANSim 775 

only conditioning to global features. The training takes 10 hours in parallel on 2 GPUs (A100). We also 776 

tried the previous design of global feature input pipeline of GANSim that the global features are 777 

concatenated with the input latent cube, but the conditioning effects are not apparent when the channel 778 

direction global feature is considered due to unknown reasons. It should be noted that the current input 779 

method of different conditioning data is very similar to that in style GANs (Karras et al., 2018) where 780 

noises and conditions are all introduced into the backbone of the generator at different depth of the 781 

architecture. We should also be careful that when only considering conditioning of well facies and 782 

probability maps, the scrutinization domains of local discriminators could be relatively larger, e.g., the 783 

scrutinization domain of the small local discriminator can be 6x6-cell areas around wells, but with 784 

additional global features as conditions, the scrutinization domains have to be set smaller, e.g., 4x4-cell 785 

areas around wells. 786 

 787 

Table S4-1. Weights for different loss terms in GANSim conditioned to global features, well facies, and 788 

probability maps in fluvial scenario 789 

Original 

GANs loss 

Discriminator loss 
Well facies 

loss Global 

discriminator 

Small local 

discriminator 

Middle local 

discriminator 

Large local 

discriminator 

40 0.2 0.16 0.8 4 1500 

Probability 

map loss 

Channel 

direction loss 

Mud proportion 

loss 

Channel width 

loss 

Channel 

wavelength loss 

Channel 

amplitude loss 

2 35 0.03 0.4 1.2 5 

 790 

The GANSim architectures of the point bar scenario are almost the same as in the fluvial scenario, 791 

with the only difference being the number of global features and facies indicator maps (in the output of 792 

the generator and input of the discriminator). The weights of different loss terms are shown in Table S4-793 

2 after trial-and-error experiments. Other hyperparameters are the same as in GANSim only conditioning 794 

to global features. It is trained at 2 GPUs (A100) for 9 hours.  795 

 796 

Table S4-2. Weights for different loss terms in GANSim conditioned to global features, well facies, and 797 

probability maps in point bar scenario 798 

Discriminator loss 



 

 

Original 

GANs loss 

Global 

discriminator 

Small local 

discriminator 

Middle local 

discriminator 

Large local 

discriminator 

60 0.08 4.6 0.92 0.184 

Well facies 

loss 

Probability map 

loss 

Floodplain proportion 

loss 

Point bar-to-channel fill 

loss 
 

100 2 2 1.5  

 799 

2. SNESIM simulation 800 

Only SNESIM is used for geomodelling when conditioning to all the three types of data among 801 

the three MPS approaches. Based on the investigations of the previous cases only conditioning to global 802 

features, the search radius for conditioning neighbors (r) is set as 5. The multi-grids technique of 3 levels 803 

is applied. The “trust fraction” to honor the facies proportion of TIs is set as 0.5. The tau model is used by 804 

default to integrate the probability values obtained from the TI and the conditioning facies probability 805 

maps, with the weights of the probability values of both sources set as 1. The simulation of each realization 806 

takes 0.2 s on average. Random simulation results for different cases are shown in Figure 3 and Figure 4. 807 

 808 

3. Flow simulation results of two test cases of both scenarios 809 

A single-phase fluid flow simulation is conducted for the two test cases in Figure 3 and Figure 810 

4 of both scenarios. Related settings are described in Section 2.2 of this paper. Following Figure S4-1 and 811 

Figure S4-2 shows the simulated pressure maps after different days of flow simulation for the reference, 812 

5 random GANSim-produced and 5 random SNESIM-produced geomodels of each test case.  813 

  814 



 

 

 815 
Figure S4-1. Simulated pressure maps after different days of flow simulation for the reference, 5 random 816 

GANSim-produced and 5 random SNESIM-produced geomodels of the test case in Figure 3. 817 

 818 



 

 

 819 
Figure S4-2. Simulated pressure maps after different days of flow simulation for the reference, 5 random 820 

GANSim-produced and 5 random SNESIM-produced geomodels of the test case in Figure 4. 821 
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