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a b s t r a c t

Sedimentary facies modeling is a critical approach for understanding geological phenomena, yet the 
strong heterogeneity of reservoir systems poses a serious challenge for their refined characterization. In 
this study, we innovatively propose an interpretable attention-guided generative adversarial network 
framework with dual-domain learning, which achieves precise sedimentary facies modeling under the 
constraints of well facies and soft probability data. Specifically, we first effectively extract and preserve 
prior information of sedimentary facies models from both spatial and frequency domain perspectives. 
Then, during simulation, to enhance the capability of the network model for finely  characterizing 
complex heterogeneous models, cross-spatial attention mechanisms are designed to effectively capture 
short-range and long-range dependencies between multi-scale pattern features. Additionally, through 
systematic feature map visualization analysis, we elucidate the processes of conditional fitting  and 
complex sedimentary facies model reconstruction, intuitively demonstrating the functional mecha
nisms of each module. Finally, systematic experiments are conducted on multiple datasets to validate 
the effectiveness of the proposed method. The results demonstrate that the generated sedimentary 
facies models exhibit high consistency with training datasets in terms of visual realism and statistical 
indicators. Quantitative comparisons reveal remarkable performance of the method, achieving low 
Wasserstein distance (0.09), Kernel Inception Distance (0.0017) and Kernel Maximum Mean Discrep
ancy (0.21). These findings  further confirm  the high realism of the generated realizations regarding 
pattern features. This study offers a reliable and practical method for geological reservoir modeling, 
thereby advancing quantitative, precise geological research with broad application prospects.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Sedimentary facies models can reflect  depositional environ
ments and sedimentary processes of geological reservoirs, and 
their accurate characterization is of great importance in hydro

carbon exploration and development, carbon dioxide geological 
sequestration, and subsurface water exploitation (Chen et al., 
2023; Liu and Liu, 2022; Pawar et al., 2016; Wang et al., 2024). 
Significant  research efforts have been devoted to geostatistical 
modeling, and these methods are widely used in the simulation 
and assessment of subsurface sedimentary facies distributions 
(Jona Lasinio, 2015; Rezaee et al., 2013; Zakeri and Mariethoz, 
2021). However, the reliance of these traditional geostatistical 
methods on the assumption of spatial stationarity poses consid
erable limitations when applied to highly heterogeneous subsur
face sedimentary facies models, where this assumption is often 
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violated (Li et al., 2016; Liu et al., 2025; Zakeri and Mariethoz, 
2021). These limitations manifest primarily in two key aspects: 
(1) Inadequate capture of non-stationary patterns and insufficient 
reconstruction of subsurface sedimentary facies models often lead 
to discontinuous simulation results (Fan et al., 2024a; Song et al., 
2021a); (2) Constraints in statistical parameter estimation 
derived from observation data (e.g., wellbore and geophysical 
data) frequently introduce significant  spatial uncertainty and 
representation biases (Cui et al., 2023; Jona Lasinio, 2015).

In recent years, data-driven deep learning techniques have 
provided novel solutions for precise geological characterization 
(Chi et al., 2025). Among these, generative adversarial networks 
(GANs) have made notable strides in subsurface sedimentary 
facies modeling (Feng et al., 2022; Cui et al., 2023, 2024a; Zhan 
et al., 2022; Zhang et al., 2019). By learning the latent spatial dis
tribution patterns of training images, GANs can efficiently repro
duce distinct and refined  subsurface sedimentary patterns that 
align with the attribute distributions of the training data. Current 
research on GAN-based sedimentary facies modeling is directed 
towards two key improvements: first, optimizing feature extrac
tion architectures to effectively capture complex geological fea
tures, and second, refining conditioning data fusion methods to 
yield more applicable outputs. Research in optimizing feature 
extraction architectures focuses on improving and applying GAN- 
derived models (Fan et al., 2024a; Hu et al., 2024; Liu et al., 2023; 
Zhang et al., 2022). Early studies typically employed fully con
volutional neural networks, aiming to reproduce the spatial pat
terns of sedimentary facies models (Laloy et al., 2018; Liu et al., 
2022; Ruffino  et al., 2020). However, these models, due to the 
synchronous parameter updates across layers during training, 
often fail to adequately capture the variability in sedimentary 
features across different scales, thus limiting their simulation 
effectiveness. To address this challenge, researchers have adopted 
new simulation strategies, including multi-stage modeling (Fan 
et al., 2024b; Feng et al., 2025; Liu et al., 2023) and progressive 
simulation (Song et al., 2021a, 2022b; Tetteh et al., 2024). These 
strategies enable models to gradually transition from coarse to fine 
scales, thus facilitating the layer-by-layer learning of spatial 
geological features. Furthermore, the U-Net, with its 
encoder–decoder framework, has demonstrated significant  per
formance in subsurface sedimentary facies modeling (Fan et al., 
2024b). The encoder extracts deep features, while the decoder 
facilitates feature reconstruction. Skip connections between these 
components effectively mitigate information loss, further 
enhancing the reproduction of complex patterns. The static 
weights of traditional convolutions struggle to adapt to the dy
namic variations in input data, and this fundamental limitation 
markedly hampers their effectiveness in dynamic feature extrac
tion. Therefore, an increasing number of studies have integrated 
attention mechanisms, such as spatial attention (Zhang et al., 
2024), channel attention (Liu et al., 2023), and coordinate atten
tion (Liu et al., 2025), into the simulation networks. This integra
tion enhances the flexibility and efficiency of network models in 
processing geological information, greatly improving their adapt
ability and performance in modeling (Cui et al., 2024a; Song et al., 
2022b). Overall, the methods for improving feature extraction ar
chitectures are diverse. These optimization strategies effectively 
enhance the ability of the network models to characterize complex 
sedimentary facies models. However, these studies focus on the 
spatial-domain distribution patterns of geological features, while 
neglecting the rich detailed information in the frequency domain. 
In addition, subsurface sedimentary facies models exhibit distinct 
hierarchies, with complex spatial coupling relationships among 
sedimentary facies characteristics at varying scales. Without a 

reasonable mechanism to guide the capture of long-range de
pendency features in multi-scale sedimentary facies, network 
models struggle to effectively characterize and reproduce het
erogeneous patterns.

When conducting multi-source conditioning data fusion, the U- 
Net architecture has demonstrated notable advantages (Pan et al., 
2021; Zhang et al., 2021). The architecture integrates conditioning 
data into the encoding and decoding processes for efficient infor
mation fusion. Coupled with the iterative optimization of condi
tional loss functions, this approach substantially enhances the 
accuracy of conditional sedimentary facies models. To address 
complex application scenarios, researchers have adopted multi- 
stage input strategies, such as downsampling (Cui et al., 2024a; 
Song et al., 2021b, 2022b; Tetteh et al., 2024) and implicit encod
ing (Cui et al., 2024b). These strategies effectively capture spatial 
distribution relationships between multi-scale sedimentary facies 
features and conditioning data. Furthermore, to preserve spatial 
layout characteristics and propagate conditional semantics accu
rately, recent studies have innovatively introduced spatially- 
adaptive conditioning modules (Abdellatif et al., 2023; Liu et al., 
2025; Sun et al., 2023). These modules enable GANs to implicitly 
learn the spatial distribution patterns of conditioning data and 
their complex associations with sedimentary facies models, 
thereby generating sedimentary facies models that are adaptively 
fitted to the conditioning data. Overall, the essence of conditional 
fusion research lies in elucidating the spatial distribution patterns 
of conditioning data and their spatial correspondence with the 
generated sedimentary facies models. However, the introduction 
of additional conditional loss terms significantly  impacts the 
spatial pattern representations and training stability of GANs, 
making it challenging to balance pattern reproduction accuracy 
with conditional alignment. Furthermore, the data-driven condi
tional sedimentary facies modeling methods often exhibit “black 
box” characteristics, lacking interpretability in the simulation 
process. This can lead to unreliable results, thus limiting their 
credibility in practical engineering applications.

To address these aforementioned challenges, we develop an 
interpretable attention-guided GAN framework integrated with 
dual-domain learning. This framework facilitates the multi- 
condition controlled sedimentary facies modeling by compre
hensively capturing data characteristics in both the spatial and 
frequency domains. Leveraging multiple attention mechanisms, it 
guides the simulation to focus on key patterns across multi-scale 
sedimentary facies. Furthermore, efficient  and stable loss func
tions are introduced to generate realistic sedimentary facies 
models. The main innovations and contributions of this work are 
as follows:

● Develop a dual-domain learning module to simultaneously 
extract features from the spatial and frequency domains, 
leveraging their synergistic complementarity to achieve the 
accurate reconstruction of complex sedimentary facies models.

● Propose guided cross-spatial attention mechanisms to signifi
cantly enhance the characterization of critical sedimentary 
patterns. This enables the fusion of low-level conditioning 
features with high-level geological representations and em
ploys a pairwise interaction mechanism to process pixel-level 
features.

● Design novel hybrid loss functions that combine gradient 
penalty, hinge loss, and conditional loss, and employ a 
weighted mechanism to balance these components to stabilize 
the training process of the model.

● Visualize the feature maps of different deep learning layers to 
intuitively demonstrate the simulation process of sedimentary 
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facies modeling, provide valuable insights into data-driven 
sedimentary facies modeling, and enhance the interpret
ability of the network model.

● Conduct a series of experiments using the conceptual river and 
the Brahmaputra River datasets, with validation results sup
ported by comprehensive evaluation metrics, robustly 
demonstrating the superiority and reliability of our method in 
simulating complex sedimentary facies models.

2. Methodology

The two-dimensional discrete Fourier transform (2D-DFT) is 
employed to assist in constructing soft probability data. The GAN 
model primarily consists of a generator and a discriminator. This 
model guides key pattern information through residual spatial 
attention gates (RSAG) and pairwise-guided multi-scale spatial 
attention (PMSA), while simultaneously utilizing a dual-domain 
learning module (DDLB) to extract conditioning features. The 
hybrid loss functions are applied to stabilize the training process 
and facilitate conditional modeling. The comprehensive modeling 
framework encompasses the entire workflow, including data 
processing, training optimization, performance evaluation, and 
interpretability analysis.

2.1. Two-dimensional discrete Fourier transform (2D-DFT)

The discrete Fourier transform (DFT) is a widely used mathe
matical tool in image processing, enabling the transformation of 
images from the spatial to the frequency domain. In this study, 2D- 
DFT is employed to decompose images into the frequency domain 
and subsequently reconstruct the images (Amidror, 2013).

2.1.1. Theoretical foundation
For an image f (h;w) with a resolution of H× W, where h = 0;1;

2;⋯;H − 1 denotes the row index and w = 0;1;2;⋯;W − 1 de
notes the column index, the 2D-DFT is defined as: 

Ffre(u; v)=
∑H− 1

h=0

∑W− 1

w=0

f (h;w)exp
[

− 2πi
(

uh
H

+
vw
W

)]

(1) 

where Ffre(u; v) represents the frequency domain representation, 
with u = 0;1;2;⋯;H − 1, and v = 0;1;2;⋯;W − 1 being the vertical 
and horizontal frequency indices, respectively; exp( ⋅) denotes the 
exponential function with base e; i represents the imaginary unit.

2.1.2. Feature extraction and inverse transform
In the frequency domain, after applying a frequency shift 

operation to center the zero-frequency component, low-frequency 
components correspond to smooth regions of the image, while 
high-frequency components capture details such as edges. A cir
cular low-pass filter  mask Fmask ∈ ℝH×W×1 is designed with its 
center at (H =2;W =2), defined as: 

Fmask =

⎧
⎪⎨

⎪⎩

1; if
(

u −
H
2

)2
+

(

v −
W
2

)2
≤ R2

0;otherwise

(2) 

where R ∈

[

max
(

H
32;

W
32

)

;min
(

H
8;

W
8

)]

serves as the radius for 

extracting data within a specific range, and this range is chosen to 
balance the trade-off between resolution and data quality based 
on empirical observations (Fig. 1). The low-frequency components 
are extracted by applying the mask (Fmask), expressed as: 

Flow(u; v)= Ffre(u; v) ⋅ Fmask(u; v) (3) 

Using the extracted low-frequency data Flow(u; v), the low- 
frequency image is reconstructed via the inverse 2D-DFT: 

flow(h;w)=
1

HW

∑H− 1

u=0

∑W− 1

v=0

Flow(u; v)exp
[

2πi
(

uh
H

+
vw
W

)]

(4) 

As shown in Fig. 1, the increase in the radius of the circle 
gradually expands the spectral coverage. Specifically, when the 
radius is small, the spectral energy is primarily concentrated in the 
low-frequency region, and the reconstructed image only reflects 
the overall outline of the sedimentary facies model. As the radius 
increases, high-frequency components become more prominent, 
and the detailed features of the sedimentary facies models in the 
reconstructed image gradually become clearer.

2.2. The architecture of the network

2.2.1. Cross-spatial attention mechanisms with guidance
The fusion process of the attention modules is shown in Fig. S1a

of the Supporting material.

(1) Residual spatial attention gate (RSAG)

Conditioning data inherently contain rich prior knowledge, 
enabling precise extraction of key layout and distribution features, 
which are crucial for conditional sedimentary facies modeling. The 
high-level geological features in the simulation can effectively 
guide this process. To more comprehensively capture key spatial 
features, a residual spatial attention gate (RSAG) was proposed 
(Fig. 2). This gate unit is capable of performing cascaded fusion of 
low-level conditioning features and high-level geological repre
sentations, effectively enhancing the model's perception of key 
information without significantly  increasing its complexity (Liu 
et al., 2025; Oktay et al., 2018).

Specifically, the low-level conditional features (Fcon) and high- 
level geological representations (Fgeo) are each processed through 
two consecutive convolutional mapping transformations. Subse
quently, by performing element-wise addition, the spatial layout 
details of low-level features are effectively integrated with high- 
level features. Following this, the application of a nonlinear 
mapping via the activation function (θ1) enhances the model's 
representation capacity. To further exploit internal information 
within the features and the implicit relationships between the 
conditional features and geological representations, an additional 
convolutional transformation is incorporated. Finally, the result is 
mapped to an attention feature map (Qmap) through the activation 
function (σ), with values ranging from 0 to 1, representing the 
attention weight for each spatial location. The process can be 
defined as: 

Qmap = σ
(
ψ3

[
θ1
(
ψ1[Fcon] +ψ2

[
Fgeo

])])
(5) 

where ψ1 and ψ2 represent 1 × 1 convolutions followed by batch 
normalization (BN) layers, ψ3 denotes a 1 ×1 convolution followed 
by a BN layer, θ1 is a ReLU function, and σ is a sigmoid function.

During the simulation, this attention map can implicitly generate 
soft region proposals, thereby effectively highlighting key features 
closely associated with conditional sedimentary facies modeling. To 
further enhance the generalization capability and stability of con
ditional simulation, the module is optimized with a residual struc
ture, and its computational process can be expressed as follows: 
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OutRSAG =
(
Qmap +1

)
× Fcon (6) 

(2) Pairwise-guided multi-scale spatial attention (PMSA)

In sedimentary facies modeling, GANs often fail to effectively 
capture coexisting multi-scale geological information. While 
introducing traditional spatial attention mechanisms can enhance 
the network's focus on critical information and reduce computa
tional costs, this approach may compromise the integrity of 
feature capture, potentially losing fine-scale  details. In contrast, 
retaining complete information in each feature channel and 
further capturing pairwise long-range dependencies between 

pixels can enable more efficient reconstruction of structural pat
terns across different scales (Liu et al., 2025; Ouyang et al., 2023).

Therefore, we propose the pairwise-guided multi-scale spatial 
attention (PMSA). PMSA integrates feature information across 
different scales by leveraging positional learning and spatial ag
gregation, emphasizing key feature details (Fig. 3). Multi-scale 
geological features (e.g., ~F1, ~F2, ~F3, and ~F4) from various simula
tion stages are first concatenated along the channel dimension to 

form the feature (F̂concat =
[
F̂0; F̂ g; :::; F̂ ~G− 1

]
). Subsequently, this 

feature is divided into G feature groups along the channel 

dimension. For each feature group (F̂g ∈ ℝĈ==~G×H×W), three defined 

features (F̂aggr, F̂Posit1, and F̂Posit2) are introduced to perform two 

Spectrum R = 2 R = 2.5Reference

R = 3 R = 4 R = 5 R = 6

Probability

1.0

0.5

0

R

Fig. 1. The feature extraction and inverse transform process of the 2D-DFT. The circular mask in the spectrum is used to extract key spectral features from the Fourier transform 
domain. The values of H and W are both 64 in this case. The parameter R represents the radius of the reconstruction region, with larger values of R corresponding to higher- 
resolution reconstructions in the inverse transform.
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parallel cross-spatial branch tasks: key positional feature learning 
and effective spatial information aggregation (Fig. 3(a)). Among 

these, F̂Posit1 and F̂Posit2 are employed for pixel-level positional 
information learning and to execute various transformation op
erations in the X and Y directions (Fig. 3(b)), such as pooling in 
different directions, convolutional operations, and activation 
function mapping, to highlight spatial information most relevant 
to the simulation results, thereby generating the feature matrix 

(F̂P− out). Specifically, the features of the clth channel after pooling 
at H and W are represented as: 

Ecl
H(H)=

1
W

∑

0≤j≤W

f̂ cl(H; j) (7) 

Ecl
W(W)=

1
H

∑

0≤k≤H

f̂ cl(k;W) (8) 

where f̂ cl indicates the input features of clth channel, Ecl
H(H) and 

Ecl
W(W) denote the corresponding outputs.

As shown in Fig. 3(c), F̂aggr primarily captures short-range and 
long-range key pattern information through pixel-level pairwise 

interactions between cross-spatial features (F̂P1, F̂A1, F̂A2, and 

F̂P− out), generating corresponding attention weights (F̂A− out). The 
attention weight matrix contains multi-scale feature interaction 
information. In the module design, we also incorporated a residual 
structure to enhance the training stability and generalization 
performance of the sedimentary facies modeling.

2.2.2. Generator architecture
The proposed generator employs an efficient encoder–decoder 

architecture designed to generate distinct and refined  represen
tations of sedimentary facies models. As shown in Fig. 4(a), the 
inputs to the generator include conditioning data and the random 
latent vectors (z) from a standard normal distribution. The back
bone of the generator architecture is jointly composed of four 
Encoder Blocks, four Decoder Blocks, and the corresponding 
UpBlocks. The encoding stage is mainly responsible for extracting 

key pattern features from the conditioning data layer by layer, 
progressively constructing high-level feature representations. The 
decoding stage converts the features into distinct sedimentary 
facies models through feature fusion and gradual decoding.

Within the encoding path, each Encoder Block adopts a residual 
structure (Fig. 4(b)). This design enhances model stability by 
progressively extracting features. Notably, during the down
sampling, high-resolution geological features are compressed into 
low-resolution geological representations, which is typically 
accompanied by the loss of fine  information. The conventional 
downsampling approaches predominantly focus on spatial 
domain transformations, often overlooking the rich information 
embedded in the frequency domain. To effectively preserve 
geological details and conditional representations, we introduce a 
novel dual-domain learning block (DDLB). This block employs 
parallel downsampling in both spatial and frequency domains to 
gradually reduce spatial dimensions while retaining critical fea
tures through complementary dual-domain interactions 
(Fig. 4(c)).

Specifically, the spatial domain branch utilizes Maxpool and 
Avgpool to downsample and extract the overall conditional dis
tribution, followed by parallel 3 × 3 convolutions to capture 
diverse features. These are further refined using a 3 × 3 convolu
tion, BN layer and ReLU activation function to extract meaningful 
spatial domain feature representations. In contrast, the frequency 
domain downsampling transforms input data into the frequency 
domain using Haar wavelet transform (Xu et al., 2023). The spatial 
resolution of the two-dimensional image will be reduced to half 
after applying the Haar wavelet transform (as detailed in Text S1 of 
Supporting material). This process simultaneously generates four 
distinct components: the low-frequency component (M A), along 
with the horizontal (M H), vertical (M V), and diagonal (M D) 
components that characterize high-frequency information. These 
component features reflect  the characteristic patterns of sedi
mentary facies models, and their concatenation along the channel 
dimension collectively reconstructs the complete feature pattern 
(Fig. 4(b)). Subsequently, a 3 × 3 convolution, BN layer, and ReLU 
activation function are applied to produce the frequency-domain 
output. Ultimately, by integrating the output results from the 
spatial and frequency domains, cross-domain information 

Fig. 3. (a) Architecture of PMSA; (b) positional learning; (c) spatial aggregation.
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complementarity is achieved, significantly enhancing the model's 
performance in detail extraction and robustness. A schematic di
agram of the fusion process for DDLB is provided in Fig. S1b of the 
Supporting material.

To enhance information flow  while minimizing the loss of 
critical information, RSAGs are deployed between the encoder and 
decoder. The RSAGs extract features from the encoder blocks and 
fuse them with the corresponding Decoder Block features, gener
ating regional soft proposals to emphasize features highly relevant 
to conditional simulation. Along the decoding path, features pro
gressively restore spatial resolution through four UpBlocks and 
Decoder Blocks. Each UpBlock employs the structure depicted in 
Fig. 4(b) to preliminarily integrate feature information and up
scale the feature maps. The Decoder Blocks further refine resolu
tion. Additionally, after the fourth Decoder Block, a PMSA is 
incorporated. This block globally aggregates features from 
different stages, achieving cross-scale integration to produce 
realistic sedimentary facies models. Finally, the fused features are 
mapped into detailed sedimentary facies models via a 1 × 1 
convolution followed by the Tanh activation function.

2.2.3. Discriminator architecture
The proposed discriminator is primarily based on the PatchGAN 

architecture, designed to evaluate the differences between 
generated sedimentary facies models and true sedimentary facies 
models, with its architecture illustrated in Fig. 5. The backbone of 
the discriminator comprises multiple convolutional layers, spe
cifically  five  convolutional blocks. Each block employs a 4 × 4 
convolution and integrates the LeakyReLU activation function to 

enhance the nonlinear feature extraction. To improve the perfor
mance of the discriminator, the model incorporates PMSA. By 
fusing multi-scale features extracted from the outputs of the first 
to fourth convolutional blocks, PMSA captures pixel-level dis
crepancies between images from different sources via attention- 
based weighting, significantly  improving the model's sensitivity 
to geological details. Furthermore, the mini-batch standard devi
ation (MSD) technique is employed to enhance the ability of the 
discriminator to perceive the diversity of generated realizations 
(Song et al., 2021a). This technique captures statistical variations 
within mini-batches, thereby encouraging the generator to pro
duce more realistic and diverse sedimentary facies models.

2.3. Hybrid loss functions

The loss function is a crucial component in sedimentary facies 
modeling based on conditional GANs, primarily encompassing two 
categories: conditional loss and adversarial loss. Conditional loss 
aims to ensure the generated realizations align with limited 
observation data, while adversarial loss serves to simulate the 
sedimentary facies models similar to the training images. The in
puts to the generator include the latent vectors (z) and condi
tioning data (C), which comprise hard well facies data (Chard) and 
soft probability data (Csoft). Hard conditional loss is typically 
derived by directly calculating the discrepancy between the 
generated realizations (G(z; C)) and the actual geological refer
ences (X) at observation locations. Under the constraints of hard 
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conditional loss, the simulation realizations can be ensured to 
match the well facies data. The loss can be expressed as: 

Lcon hard =‖Cmask ⊙ (G(z;C)) − Chard‖2 (9) 

where Cmask represents the mask of well locations, with well lo
cations set to 1 and other locations set to 0. ⊙ denotes the element- 
wise product. ‖ ⋅ ‖2 is the L2-norm (Euclidean norm).

The acquisition of soft probability data typically requires an 
additional transformation (Ssoft), which will be elaborated in Sec
tion 2.4.1. Soft conditional loss can facilitate models in achieving 
reasonable distribution constraints under conditions of uncer
tainty. A similar approach to compute the soft probability data 
discrepancy between the transformed generated realizations 
Ssoft(G(z;C) ) and Csoft is defined as follows: 

Lcon soft =
⃦
⃦
⃦Ssoft(G(z;C)) − Csoft

⃦
⃦
⃦

2
(10) 

In sedimentary facies modeling, the adversarial loss function 
constrains the GANs to ensure the realizations align with the 
spatial structure and patterns of the references. The generator 
should simulate high-order geological expressions, while the 
discriminator is tasked with distinguishing between G(z;C) and X. 
However, imbalanced training during the simulation process can 
lead to modeling failures, particularly when the discriminator's 
performance is too strong, causing the generator's gradients to 
vanish. To achieve a balanced competition between the generator 
and the discriminator, enabling the generator to be continuously 
optimized, non-saturating hinge loss functions were designed to 
stabilize the adversarial training between the generator and the 
discriminator. It can be formulated as: 
{

L(D) = Ez∼Pz;X∼P
X
[max(0;1 + D(G(z))) + max(0;1 − D(X))]

L(G) = − Ez∼Pz
D(G(z))

(11) 

where G and D denote the generator and discriminator, respec
tively, while L(G) and L(D) represent their initial loss functions. 
This formula strategically balances the antagonism between the 
discriminator and the generator with a clear boundary, ensuring 
that even when the discriminator performs strongly, the corre
sponding linear output L(G) retains a gradient. Furthermore, to 
meet the requirements of conditional fitting  and pattern repro
duction in sedimentary facies modeling, we designed hybrid loss 
functions: 

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

L(D)
hybrid

_ = Ez∼Pz;X∼P
X
;Chard∼PChard

;Csoft∼PCsoft

[
max

(
0;1 + D

(

G
(

z;Chard;Csoft

)))
+ max(0;1 − D(X))

]

L(G)hybrid = − Ez∼Pz;Chard∼PChard
;Csoft∼PCsoft

D
(

G
(

z;Chard;Csoft

))

+λ1Lcon hard + λ2Lcon soft

(12) 

where λ1 and λ2 are weight parameters used to balance well facies 
and probability constraints. Additionally, to enhance training sta
bility, we make the discriminator satisfy the 1-Lipschitz constraint, 
thus adding a gradient penalty term to L(D)

hybrid
_ (Gulrajani et al., 

2017; Liu et al., 2025). The formula is as follows: 

L(D)hybrid = L(D)
hybrid

_ + λgpEX̂∼PX̂

[(
‖∇X̂D(X̂)‖2 − 1

)2
]

(13) 

where X̂ is defined as αX + (1 − α)G
(

z; Chard; Csoft

)
, α is sampled 

from Uniform [0;1] and λgp is the gradient penalty coefficient.
The proposed hybrid loss functions can achieve multi- 

conditional simultaneous optimization. Through the non- 
saturating loss and the designed boundary, they effectively 
reduce mode collapse and training imbalance issues. The intuitive 
process of optimizing the hybrid loss functions can be found in 
Supporting material (Fig. S2).

2.4. Modeling framework of sedimentary facies models

The fundamental methodology of this paper has been outlined 
in the preceding sections, and this section systematically in
troduces the overall modeling framework (Fig. 6).

2.4.1. Dataset processing module
Samples were obtained through random rotation and cropping 

operations applied to the original dataset. By randomly sampling 
the training images, we obtained hard well facies data, with the 
number of conditioning points ranging between 8 and 16. Soft 
probability data primarily represents the distribution trends of the 
sedimentary facies models. However, it is worth noting that the 
quality of the actual soft probability data acquired is often influ
enced by factors such as heterogeneous reservoir distributions and 
noise introduced by the acquisition equipment. Accounting for 
these factors, we introduced uncertainty into the sedimentary 
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facies models by applying random morphological opening or 

closing operations (N̂Morp) and adding Gaussian filtering (NNoise) to 
each sample (f (h;w)). The formula for this operation is as follows: 

fNoise(h;w)=NNoise
(

N̂Morp[f (h;w)]
)

(14) 

Subsequently, we applied the 2D-DFT process, as described in 
Section 2.1.2, to fNoise(h;w) to simulate geophysical transformations. 
By adjusting the value of R (ranging from 2 to 8) and utilizing the 
inverse transformation, we generated soft probability data at 
varying resolutions. For each dataset, 29,000 samples were allo
cated for training, and 1000 samples were reserved for testing.

2.4.2. Modeling procedure
During simulation, the generator takes conditioning data and 

random vectors as inputs, progressively learning high-order sedi
mentary patterns through multi-layer networks to accurately 
reproduce sedimentary facies models. The generated realizations 
and real sedimentary facies models are then fed into the 
discriminator, which distinguishes between them. The hybrid loss 
functions are employed to evaluate conditioning data consistency 
and pattern reproduction, and the backpropagation algorithm can 
optimize the generator and discriminator parameters separately to 
minimize the hybrid loss, enabling the generator to create more 
realistic and detailed sedimentary facies models (Fig. 6). The 

Fig. 6. Framework of our proposed method. It comprehensively covers the entire process of sedimentary facies modeling.
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adversarial interactions between them drive continuous 
optimization.

2.4.3. Evaluation indicators
This study accounts for key factors such as spatial distribution 

characteristics, pattern regularity, heterogeneity, and spatial con
tinuity of sedimentary facies models. We employed comprehen
sive evaluation indicators, including facies proportions, multiscale 
sliced-Wasserstein distance and multidimensional scaling (MS- 
SWD-MDS) (Song et al., 2022a), connectivity functions, variograms 
and multi-point density functions, to validate the reliability of the 
simulation results and proposed method (Fig. 6). To further 
confirm  the method's effectiveness, we conducted comparative 
analyses using commonly accepted similarity evaluation in
dicators in the field  of computer vision (Fig. 6), including the 
Wasserstein distance, the Kernel Inception Distance (KID), which 
highlights perceptual quality, and the Kernel Maximum Mean 
Discrepancy (K-MMD), which assesses statistical divergence.

2.4.4. Interpretability analysis
Deep learning operates as an inherently opaque end-to-end 

process with limited intrinsic interpretability. To address this 
challenge, this study systematically analyzes the internal mecha
nisms of deep learning, thoroughly investigating the features 
learned during the simulation process and their significance. 
Specifically, the analysis is conducted across two dimensions: i) 
visualizing spatial and frequency domain analysis results to 
interpret key detailed features and the information they retain; ii) 
mapping attention mechanism weights to highlight salient fea
tures and their impact on simulation results. This multi- 
perspective analysis enhances the interpretability and reliability 
of sedimentary facies modeling.

3. Experiments

The modeling was performed with Python 3.9 and PyTorch 
2.6.0 on a workstation equipped with an 11th Gen Intel® Core™ 
i7-11700K CPU at 3.6 GHz, 32 GB RAM, and an NVIDIA GeForce RTX 
3070 Ti GPU. Tables S1 and S2 in the Supporting material provide 
the detailed parameter settings for the generator and discrimi
nator. The GAN model was trained using a mini-batch gradient 
descent strategy with the Adam optimizer and mixed precision 
training.

3.1. Conceptual river

In this test, the GAN model was trained using the conceptual 
river dataset with 1250 × 1250 pixels (as detailed in Fig. S3a of 
Supporting material). Through random rotation and cropping op
erations on the original conceptual river, 30,000 samples were 
obtained, each with a resolution of 64 × 64 pixels (Fig. 6). The 
training data contains both channel and floodplain  facies and 
shows typical diversity, primarily as continuously sinuous chan
nels. Through multiple simulation experiments, we determined 
the appropriate weights (λ1 = 5, λ2 = 0.5 and λgp = 10) for the 
hybrid loss functions. We then obtained multiple geological re
alizations under the constraints of input hard well facies data and 
soft probability data (Fig. 7). The generated realizations are highly 
consistent with the corresponding conditioning data, while also 
exhibiting geological distribution characteristics and diversity that 
are remarkably similar to their references. The ninth column 
presents the frequency distribution of 300 realizations based on 
their corresponding conditioning data (Fig. 7). A comparison be
tween the fourth and tenth columns reveals that the frequency 
density of multiple realizations consistently falls within the 

Fig. 7. Columns one to four display references, well facies data, probability maps, and probability density, respectively. Columns five to eight show the generated realizations, and 
the remaining columns show calculated frequency and frequency density maps derived from 300 realizations. The white scatter points indicate the well locations.
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probability density of the soft probability data. Moreover, the 
frequency density plots successfully reproduce fine-scale geolog
ical features (marked by red circles in Fig. 7) absent in the input 
probability maps (e.g., connectivity of channel branches and 
channel sinuosity), indicating a low level of uncertainty in the 
realizations. This phenomenon can be explained from two per
spectives: i) The simulation results are constrained not only by 
probability data but also by hard well facies data, and these con
straints effectively narrow the range of possible realizations. ii) 
During the conditional simulation, the generator adeptly learns 
and captures patterns of spatial morphology in the complex 
sedimentary facies models. Consequently, the process achieves 
effective pattern fitting,  which significantly  compresses the un
certainty space of the simulation results.

Furthermore, we generated 100 corresponding realizations 
based on different conditioning data. The obtained geological re
alizations exhibit a high correlation with the references in terms of 
facies proportions (Fig. 8(a)). Notably, although facies proportions 
were not explicitly included as input conditions, the GAN model 
effectively learned the implicit features and associated attribute 
distributions during the simulation process. Additionally, these 
realizations correspond closely with the references in the MS- 
SWD-MDS scatter plots, and their MS-SWD-MDS density plots 
show a high degree of overlap (Fig. 8(b) and (c)). We also selected a 
specific set of conditioning data and generated 50 geological re
alizations based on it. Fig. 8(d)–(g) compares the spatial variability 
and continuity between these realizations and the corresponding 
reference, indicating that the blue curves of the realizations 
consistently fluctuate closely around the red curve of the refer
ence. The statistical results confirm that the proposed simulation 
method effectively captures geological features and generates 
sedimentary facies models with patterns similar to the reference.

3.2. The Brahmaputra River

The heterogeneous Brahmaputra River dataset comprising 
3273 × 2920 pixels (as detailed in Fig. S3b of Supporting material ) 
was employed for the experiment. A total of 30,000 samples, each 
at a resolution of 64 × 64 pixels, were generated by implementing 
random rotation and cropping techniques. The training data con
tains both channel and floodplain  facies. The Brahmaputra River 
dataset exhibits more complex multi-scale channel characteristics. 
Specifically, the dataset not only includes multi-level branching 
river systems but also demonstrates significantly  higher hetero
geneity in the spatial distribution patterns and morphological 
features, allowing us to explore the validity and flexibility of the 
simulation method. Through substantial training (Tables S3 and S4
of the Supporting material), suitable hyperparameters of hybrid 
loss functions (λ1 = 4, λ2 = 0.5 and λgp = 10) were selected. Con
strained by the conditioning data, multiple realizations were 
constructed (Fig. 9). The generated realizations, presented in col
umns five to eight, demonstrate strong correspondence with both 
the well facies data and the soft probability data. The generated 
realizations exhibit distributional characteristics highly similar to 
the references while displaying a broader range of geological 
feature expressions, particularly in the distribution patterns of 
channel branching across different scales, clearly indicating sedi
mentary facies patterns consistent with the references. This di
versity not only reflects the model's capability to capture complex 
geological structures but is particularly evident in the intricate and 
detailed features of channel branching and confluence,  which 
further suggest a complex sedimentary dynamic environment. 
These observations, based on comparative analysis between the 
realizations and the references, validate the reliability of this 
method in reproducing certain sedimentary dynamics patterns. 
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Compared to the probability maps, the frequency distribution of 
the 300 generated realizations using conditioning data reveals 
more prominent high-value zones (marked by white circles in 
Fig. 9), indicating more defined  spatial distribution characteris
tics. Furthermore, their frequency density distributions encom
pass more continuous and refined channel structures.

The realizations generated from 100 sets of randomly selected 
conditioning data exhibit a significant linear correlation with the 
corresponding references in terms of facies proportions 
(Fig. 10(a)). This indicates a high degree of consistency in facies 
distributions between the realizations and the references. 
Furthermore, in the two-dimensional MS-SWD-MDS scatter plots 

Fig. 9. Columns one to four display references, well facies data, probability maps, and probability density, respectively. Columns five to eight show the generated realizations, and 
the remaining columns show calculated frequency and calculated frequency density of realizations. The white scatter points indicate the well locations.
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and density plots, the realizations and references demonstrate 
remarkable spatial correspondence, with their data distribution 
space showing substantial overlap (Fig. 10(b) and (c)). We obtained 
50 realizations by simulating with fixed conditioning data. The 
results indicate that, in both the X and Y directions, the variograms 
and connectivity functions of the generated realizations closely 
mirror those of the reference (Fig. 10(d)–(g)), implying their 
comparable statistical properties. Specifically, these simulation 
results reaffirm that the proposed method can effectively integrate 
conditioning data, thereby significantly reducing the uncertainty 
inherent in stochastic simulations and enhancing the precision of 
sedimentary facies modeling.

4. Discussion

4.1. Interpretability of the framework

To elucidate the feature learning and decision-making mecha
nisms of the proposed method for sedimentary facies models, 
particularly the critical roles and contributions of each component, 
this section employs internal feature map analysis to dissect their 
dynamic interactions and attention patterns of these components 
across spatial extraction, transformation, and fusion, thereby 
enhancing the interpretability of the network model.

4.1.1. Importance of dual-domain analysis
This section systematically investigates the impact of different 

downsampling strategies on geological data representations by 
dissecting the DDLB. Comparative downsampling experiments 
involving Maxpool, Avgpool, and the Haar wavelet transform were 
designed to highlight the pivotal role of dual-domain feature 
analysis in sedimentary facies modeling. As a core component of 
the encoding path, the downsampling module learns conditioning 
data and captures essential features. As depicted in Fig. 11, the 
sampling process spans three scales, progressively downscaling 
with increasing network depth. At Scale 1, the Haar wavelet 
transform demonstrates superior feature extraction (Fig. 11(a) and 
(b)), accurately capturing the distribution of soft probability data 
(marked by black lines in Fig. 11(b)) and fully delineating channel 
facies wells (marked by white circles in Fig. 11(b)). Likewise, 
Maxpool effectively captures channel facies wells (marked by 
white circles in Fig. 11(c)) with wide high-value regions, demon
strating robust local feature extraction. However, as a local sa
liency selector, Maxpool exhibits limitations in extracting 
probability data features (Fig. 11(c)), with the right-side channel 
region consistently showing low-value characteristics (marked by 
the red circle in Fig. 11(c)). In contrast, Avgpool at this scale ex
hibits feature continuity (Fig. 11(d)), producing high-value regions 
with strong internal consistency and smooth transitions (marked 

Well facies data
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Soft probability data

Probability
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Downsample using Maxpool
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Shallow layers Deep layers
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Fig. 11. Several downsampling approaches in DDLB. The Haar wavelet transform excels at extracting overall channel features with clear boundaries. In contrast, Maxpool and 
Avgpool tend to capture trend features.
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by black lines in Fig. 11(d)), indicating its strength in capturing the 
overall distribution of geological data, though some localized low- 
value regions remain (marked by the red circle in Fig. 11(d)). As 
network depth increases (i.e., from Scale 2 to Scale 3), features 
extracted by the Haar wavelet transform maintain high consis
tency with both soft probability and well facies data (Fig. 11(b)). 
Traditional downsampling approaches (e.g., Maxpool and Avg
pool) yield features with high-value regions but capture only local 
channel segments (Fig. 11(c) and (d)), with distribution trends 
roughly reflecting  the general sedimentary facies patterns 
(marked by black arrows).

Experimental results demonstrate that the Haar wavelet 
transform, through layer-by-layer learning, accurately extracts 
global distribution patterns and certain refined geological details 
from conditioning data. The transform preserves key sedimentary 
patterns while effectively filtering  noise. However, traditional 
downsampling approaches perform well in the spatial domain, 
capturing local geological features with more concentrated high- 
value regions (e.g., certain well facies data and soft probability 
data). By integrating the strengths of spatial domain and frequency 
domain feature learning, multi-dimensional synergy between 
local details and global patterns can be achieved. Figs. S4 and S5 in 
the Supporting material further highlight the necessity of multi- 
domain analysis. The results demonstrate that the multi-domain 
structure plays a critical role in improving simulation accuracy, 
as well as enhancing correlation and statistical significance  (p- 
value) with respect to the reference model.

4.1.2. Performance of attention guide

(1) RSAG analysis

In this module, the RSAG serves as a feature concatenation 
bridge between the encoder and decoder, guiding the feature 
layout of the encoder using the high-level semantic features from 
the decoder. RSAG1, RSAG2, and RSAG3 are embedded in the 
shallow, middle, and deep layers of the network, respectively. In 
the shallow RSAG1, the attention features exhibit a discrete dis
tribution, primarily focusing on channel facies wells and high- 

value regions of probability data (Fig. 12). As the network 
deepens to the RSAG2, high-value regions form a continuous dis
tribution, initially revealing the spatial patterns (Fig. 12). Finally, in 
the deep-layer RSAG3, the feature map displays clear boundaries 
and continuous high-value regions, accurately characterizing the 
spatial distribution of sedimentary patterns consistent with the 
reference.

(2) PMSA analysis

The PMSA module, positioned at the end of the decoding path, 
achieves high-precision geological model reconstruction through 
multi-scale feature fusion (Fig. 13). The decoder extracts low-res
olution features (F1 and F2) with high abstraction, revealing iso
lated patchy structures, while high-resolution features (F3 and F4) 
are sparsely distributed, with their corresponding sedimentary 
facies models predominantly developing in medium-to-high- 
value regions (details of F1–F4 are shown in Fig. 13). After multi- 
scale fusion, isolated channels exhibit improved connectivity, 
indicating that integrating structural features from multiple scales 
can compensate for the deficiencies  of single-scale information. 
Owing to its unique cross-spatial feature extraction mechanism, 
PMSA demonstrates superior performance by effectively capturing 
both long-range and short-range spatial dependencies. This 
capability allows for the precise identification of key sedimentary 
patterns and the generation of attention maps with enhanced 
spatial continuity and sharper boundary delineation. This effec
tively suppresses background noise while significantly enhancing 
simulation accuracy and reliability. The optimized geological fea
tures exhibit strong spatial correspondence with the generated 
realization, confirming  the capability of PMSA to transform ab
stract, discrete multi-scale features into continuous, realistic 
geological representations.

4.2. Pattern-driven performance and simulation stability

In sedimentary facies modeling, the core of the proposed 
method lies in fitting  complex patterns rather than directly 
matching conditioning data. Specifically, the generated 
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Fig. 12. Feature learning of RSAG. From the attention feature maps at different stages, it is evident that in shallow layers, RSAG primarily focuses on the preliminary learning of 
conditioning data distributions, with its attention mechanism prominently concentrated on high-value regions of channel facies wells and probability data.
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realizations must satisfy multiple constraints: they must accu
rately align with well data while preserving reasonable geological 
characteristics. Furthermore, the simulation results should be 
broadly consistent with the distribution features of soft probabil
ity data. This pattern-driven method offers dual advantages: it 
mitigates model collapse due to overfitting conditioning data and 
ensures the reliability and generalizability of the sedimentary 
facies models. To validate the performance of the proposed 
method, we conducted a series of comparative experiments using 
the two datasets presented in Fig. 6.

Given that well facies data are typically spatially sparse and soft 
probability data exhibit uneven quality and high variability, this 
study focuses on evaluating the performance of sedimentary facies 
modeling under varying soft probability data quality constraints. 
Fig. 14 illustrates three cases for two datasets, with soft probabil
ity data of different qualities generated by setting reconstruction 
coefficient R to 2, 2.5, 4, and 5. For all cases at R = 2 in Fig. 14, the 
soft probability data quality is poor, making it challenging to 
establish a direct, reliable correspondence with the references. 
Notably, in Fig. 14(b), the soft probability data for Case 1 and Case 3 
at R = 2 are highly similar (marked by black boxes), yet their 
corresponding references exhibit significant  differences. This 
phenomenon clearly highlights the substantial uncertainty in 
mapping low-quality probability data to sedimentary facies 
models. In the columns corresponding to R = 2, the generated 
results for the conceptual river and Brahmaputra River datasets 
show slight deviations in detailed distributions compared to the 
references, but their overall pattern characteristics remain similar 
(marked by the yellow boxes). This outcome arises because low- 
quality soft probability data (R = 2) fail to adequately capture 
the topological characteristics of the references. Although some 
deviations exist in finer  details, the simulated realizations still 
exhibit good consistency with the references in terms of channel 
width and sinuosity. The quality of conditioning data undoubtedly 
influences  realizations to a certain extent. Lower-resolution soft 
probability data inevitably increase result deviations, which is the 
inherent limitation. However, the performance of the proposed 
method does not solely depend on the quality of the conditioning 

data. Its core strength lies in two key aspects: (1) effectively 
extracting useful feature information from the available condi
tioning data, and (2) accurately reproducing complex geological 
patterns. Therefore, when the resolution of conditioning data is 
low and extractable information is limited, the method's capability 
in pattern fitting  and reproduction becomes particularly crucial. 
Owing to its outstanding pattern reproduction capability, the 
proposed method still produces realizations that conform well to 
the overall geological pattern under low-resolution constraints 
and exhibits no pattern collapse. This demonstrates that the pro
posed method possesses excellent generalization capability and 
robustness.

As the value of R increases progressively to 2.5, 4, and 5, the 
similarity between the generated models and the references im
proves significantly. Notably, in the columns corresponding to R =
5, the simulation results for both datasets exhibit high consistency 
with the references in terms of both overall morphology and local 
features (Fig. 14(a) and (b)), including channel sinuosity, branching 
and confluence  patterns, and the scale and distribution of fine 
channel structures (highlighted by the white boxes). This indicates 
that the method not only effectively extracts information from the 
available conditioning data, but also possesses a strong capability 
to accurately reproduce complex spatial geological patterns. The 
Brahmaputra River dataset is derived from binarized satellite 
remote sensing imagery (Fig. S3 in the Supporting material). Its 
geometric characteristics, including channel bifurcation and 
confluence patterns, multi-scale channel width distributions, and 
sinuosity, are highly consistent with the sedimentary dynamics of 
modern fluvial systems. Under conditioning constraints of varying 
soft probability data quality, the generated realizations maintain 
strong agreement with the references in terms of overall non- 
stationary pattern characteristics (e.g., variations in channel 
width and sinuosity). This demonstrates that the proposed 
method can effectively reproduce sedimentary facies that conform 
to established principles of sedimentary dynamics. To further 
evaluate the model's generalization ability, we conducted addi
tional noise robustness experiments. The results show that, even 
under strong Gaussian filtering  interference, the generated 
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Fig. 13. Feature learning of PMSA. It elucidates the critical role of the PMSA module in multi-scale fusion learning: the multi-scale fusion results exhibit contiguous distributions 
of medium-to-high-value regions, while the high-value regions in the PMSA attention feature maps precisely delineate the spatial distribution characteristics of channels.
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realizations still strictly adhere to the distribution characteristics 
of the river channels (Fig. S6 in the Supporting material), fully 
demonstrating the model's robust pattern constraint capability 
and generalization performance.

To quantitatively evaluate the performance of the proposed 
method in reproducing sedimentary facies models, the Brahma
putra River dataset was analyzed, which has complex pattern 
characteristics. Facies proportion distributions of 50 realizations 
generated at R = 2, 2.5, 4, and 5 were statistically compared 
(Fig. 15(a)). As R decreases (i.e., the quality of soft probability data 
gradually decreases), the range of corresponding facies pro
portions tends to widen. Nevertheless, the overall distribution of 
facies proportions in the generated realizations at R = 2 and 2.5 
still shows high consistency with that of the references. This 
phenomenon demonstrates that the method can effectively learn 
and adhere to the intrinsic governing rules of geological patterns, 
thereby serving as a critical constraint and guiding mechanism 
during the modeling process. This mechanism significantly con
tributes to reducing uncertainty in the realizations. These results 
confirm  the method's robust adaptability to varying soft proba
bility data quality constraints and its superior generalization 
ability in reproducing pattern characteristics.

Furthermore, 2D MS-SWD-MDS plots were employed to visu
ally illustrate the distribution of different data in the feature space 
(Fig. 15(b) and (c)). To explicitly compare the impact of soft 
probability data quality on the feature space of generated re
alizations, the density distributions at R = 2 and 5 were mapped 
from Fig. 15(c) onto the data space in Fig. 15(b). The results reveal 

that the distribution range for R = 2 almost entirely encompasses 
the references marked by red scatter points (Fig. 15(b)), indicating 
that low-quality soft probability data has a limited impact on the 
data representation space of the proposed method. At R = 5, the 
generated realizations not only fully encompass the red reference 
scatter points in feature space, but also exhibit dense clustering 
along the boundary of their distribution, indicating excellent 
spatial consistency with the reference patterns. These experi
mental results and analyses robustly demonstrate that the pro
posed method efficiently  generates critical features based on 
limited well data and soft probability data. Notably, the sedi
mentary facies models generated by the method do not merely 
rely on direct constraints from conditioning data but leverage deep 
neural networks to uncover intrinsic data patterns for effective 
pattern fitting.  Even under low-resolution soft probability data 
constraints, the model consistently generates simulations that 
align with the distributional trends of conditioning data while 
accurately reproducing the spatial distribution pattern of sedi
mentary facies models, thereby significantly reducing uncertainty 
in sedimentary facies models.

4.3. Advantages of the proposed method

Through feature map analysis in Section 4.1, the simulation 
process was dissected, clearly explaining the role of each compo
nent. In this section, the effectiveness of each component will be 
further validated through ablation experiments and comparative 
analysis. The comparative analysis methods used in this study can 
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Fig. 14. Simulation cases for the datasets generated under well facies data and varying soft probability data constraints. (a) Conceptual river; (b) the Brahmaputra River. Soft 
probability data at R = 2 represents the lowest-quality probability constraints, while that at R = 5 denotes the highest-quality constraints.
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be primarily divided into two categories. The first  involves an 
ablation study, systematically retaining or removing the attention- 
guided structures (i.e., RSAG and PMSA) and DDLBs to assess their 
individual contributions. The second category utilizes Direct 
Sampling, a classical multiple-point geostatistics technique widely 
adopted in sedimentary facies modeling (Mariethoz et al., 2010; 
Rezaee et al., 2013). Notably, DA-Net serves as the primary 
network model in this study, with all other methods configured as 
control groups for comparison. All methods incorporate joint 
constraints on well facies data and soft probability data during the 
simulation. To thoroughly evaluate the performance of the pro
posed model in extracting and reproducing complex patterns, this 
study conducts a comparative experimental analysis using the 
Brahmaputra River dataset, which is characterized by significant 
heterogeneity.

In the experiment, all network models were uniformly trained 
for 50 epochs, with parameter settings consistent with those in 
Section 3.2. A total of 30 independent test samples were randomly 
sampled, and corresponding conditioning data were generated for 
each sample. Based on these, 30 sets of simulation realizations 

were produced using DA-Net, AS-Net, DDLB-Net, Basic-Net, and 
Direct Sampling, with four representative cases illustrated in 
Fig. 16.

Compared to the traditional Direct Sampling method, the 
sedimentary facies models generated by the deep learning 
methods demonstrate significant  advantages in morphological 
characteristics and spatial continuity (Fig. 16). This finding high
lights the limitations of multiple-point geostatistics in extracting 
complex patterns and reconstructing fine-scale structures, while 
convolutional neural network architectures exhibit superior ca
pabilities in pattern capture and representations. While Basic-Net 
can reproduce relatively clear channel facies, its basic network 
architecture and unoptimized feature learning mechanisms limit 
its accuracy in reproducing features such as channel distribution 
patterns. In contrast, AS-Net and DDLB-Net build upon Basic-Net 
by incorporating the attention-guided structures and DDLBs, 
respectively, thereby enhancing pattern feature representations. 
DDLB-Net employs the dual-domain learning strategy, jointly 
extracting spatial and frequency domain features to effectively 
capture both local and global conditions, thereby reducing 
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Fig. 15. Quantitative analysis results for realizations generated from the Brahmaputra River dataset under varying soft probability data constraints. (a) Plots of facies proportions; 
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Fig. 16. Comparison of geological realizations generated by different methods based on the Brahmaputra River dataset. Compared to Direct Sampling method, the deep learning 
methods (e.g., DA-Net, AS-Net, DDLB-Net, and Basic-Net) produce realizations with higher consistency in pattern characteristics and morphological structures relative to the 
references.
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uncertainty in simulation results. Compared to Basic-Net, DDLB- 
Net generates sedimentary facies models with improved spatial 
distribution patterns and local features (marked in white boxes). 
AS-Net, leveraging an attention mechanism, uses features recov
ered by the decoder to guide the encoder in extracting conditional 
features. Combined with multi-scale cross-spatial fusion, this en
ables the capture of long-range dependencies. Comprehensive 
comparative analysis reveals that DA-Net, by integrating 
attention-guided structures and dual-domain learning strategies, 
achieves the best consistency with the references in both local 
details and overall distribution features (marked by green circles). 
Notably, due to data threshold segmentation, the reference ex
hibits discontinuities at certain fine  channel connections (indi
cated by the yellow arrows), and DA-Net intelligently infers and 
reconstructs consistent sedimentary facies models by learning 
sedimentary pattern features (Fig. 16), thereby fully demonstrating 
its superiority in extracting and reproducing complex spatial dis
tribution patterns.

To systematically evaluate model performance, this study em
ploys multi-point density functions for quantitative analysis of 
various models (Fig. 17(a)). The results indicate that the re
alizations generated by DA-Net exhibit high consistency with the 
references across 16 statistical templates. Fig. 17(b) further com
pares the spatial variability characteristics of different models at 
template 0 and 15. Comparative analysis reveals that, compared to 
Basic-Net, the incorporation of attention-guided structures and 
the DDLBs significantly  improves the alignment of simulated 
spatial variability features with the references. Among these 
evaluation indicators, DA-Net performs the best, demonstrating 
better statistical consistency with the references across different 
templates. Notably, Basic-Net still outperforms the traditional 
Direct Sampling in multi-point pattern reproduction. To clearly 
assess the performance improvement of the proposed method 
over the traditional geostatistical method, this study focuses on 
comparing DA-Net with Direct Sampling, particularly emphasizing 
their ability to capture the data distribution characteristics of re
alizations. As shown in Fig. S7 of the Supporting material, the re
alizations produced by DA-Net exhibit a significantly  higher 
degree of distributional overlap with the references. In contrast, 
the realizations generated by Direct Sampling show only partial 
alignment with the references, indicating that this method can 
only capture and reproduce a subset of the structural features of 

sedimentary facies. These results robustly confirm the pronounced 
advantages of our proposed method in mining complex sedi
mentary patterns and reconstructing accurate realizations. Addi
tionally, we introduced similarity evaluation indicators, including 
Wasserstein distance, KID and K-MMD, to further refine the 
comparison of pattern reproduction performance and simulation 
accuracy across all methods. As shown in Table 1, deep learning 
models generally perform well, with DA-Net achieving the best 
results across Wasserstein distance (0.09), KID (0.0017) and K- 
MMD (0.21), indicating highly similar distributions between the 
generated geological realizations and the references. In contrast, 
Direct Sampling performs the poorest across these indicators 
(Wasserstein distance: 0.9, KID: 0.1738, K-MMD: 1.03). This is 
attributed to its lack of complex sedimentary pattern representa
tion capabilities and reliance solely on the direct statistical 
method. Comprehensive analysis confirms  that deep learning 
models offer significant advantages in sedimentary facies models, 
with DA-Net particularly excelling in the characterization of 
complex sedimentary facies models, providing a reliable technical 
solution for fine-scale sedimentary facies modeling. Furthermore, 
the computational cost statistics (Table S5 in the Supporting ma
terial) indicate that, despite the incorporation of DDLB and 
attention-guided structures, our method does not result in sig
nificant  increases in training time, GPU memory usage, or infer
ence time, while achieving substantial improvements in 
simulation performance.

4.4. Application prospects and limitations and future work

This study proposes an interpretable GAN framework that in
tegrates attention-guided mechanisms with dual-domain learning 
to efficiently  capture heterogeneous sedimentary patterns. The 
proposed method demonstrates multifaceted technical advan
tages in practical geological applications. Once trained, the pro
posed method achieves efficient  conditional modeling, greatly 
accelerating the modeling process. In hydrocarbon exploration, it 
generates high-fidelity reservoir models, providing a reliable basis 
for reservoir prediction and optimization of development strate
gies (e.g., well placement optimization). In the field  of carbon 
sequestration, the precise reconstruction of sedimentary facies 
distributions facilitates the identification of suitable storage sites. 
For groundwater evaluation, the sedimentary facies realizations 
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generated by the method support groundwater flow simulations 
and resource management. Furthermore, the interpretability of 
the method enables intuitive identification of the modeling pro
cess. This not only deepens the understanding of the model's 
decision-making mechanisms but also strengthens the credibility 
of the simulation results in geological applications. This method 
demonstrates strong practicality. Its soft probability constraints 
can effectively accommodate typical geophysical data, enabling 
the rapid establishment of efficient  workflows (Fig. S8 in the 
Supporting material). The proposed framework integrates multi- 
source conditional constraints with deep generative modeling. 
Its core design is independent of specific  depositional systems, 
thereby exhibiting excellent transferability and broad 
applicability.

Despite the suboptimal quality of soft probability data, the DA- 
Net remains capable of reconstructing reasonable geological re
alizations (Fig. 14). However, the simulation accuracy of the 
network model is still constrained by the quality of conditioning 
data, particularly in capturing details of sedimentary facies 
models, where the results exhibit inherent probabilistic random
ness and uncertainty. This is primarily attributed to the absence of 
strict geological constraints. To address this limitation, integrating 
multi-source heterogeneous data (e.g., production dynamics time- 
series data and high-resolution core data) and prior geological 
knowledge (e.g., provenance characteristics and empirical for
mulas), and encoding these as differentiable constraint conditions, 
offers an effective research paradigm to overcome such challenges. 
Specifically, the essence of the research paradigm lies in incorpo
rating additional prior conditions and knowledge to further 
constrain the possibility space of simulation realizations (Hu et al., 
2024; Song et al., 2023). In the future, we will advance this 
research paradigm, focusing on achieving an organic integration 
and synergistic optimization of cross-modal representation 
learning and knowledge inference to further enhance the precision 
of geological characterization.

5. Conclusions

Focusing on the critical issue of refined sedimentary facies 
model characterization, this study proposes an interpretable 
attention-guided GAN framework with dual-domain learning. 
Through extensive experiments, comprehensive evaluation, and 
validation, the framework demonstrates superior simulation per
formance. The generated sedimentary facies models exhibit high 
geological fidelity, accurately reproducing key geological charac
teristics, while also showcasing realistic spatial heterogeneity and 
finely  reconstructing intricate details of complex sedimentary 
facies models. These advancements are driven by the following 
key aspects:

(1) Data mining across multiple domains is necessary. Through 
a dual-domain collaborative processing mechanism, the 
framework can deeply explore the prior information of 

sedimentary facies models from multiple perspectives and 
effectively analyze complex geological features, thereby 
significantly  improving the accuracy of sedimentary facies 
modeling.

(2) Cross-spatial attention mechanisms guide the model in 
capturing dependencies and critical patterns of sedimentary 
facies models. This guidance is reflected in two main as
pects: (i) effectively integrating multi-resolution informa
tion within cascaded encoders and decoders; and (ii) 
focusing on the cross-spatial geological features at different 
scales, embedding spatial positional information to capture 
both short-range and long-range dependency patterns.

(3) The hybrid loss functions integrate gradient penalty, hinge 
loss, and conditional loss through weighted coupling to 
formulate a synergistic optimization task. Simulation ex
periments demonstrate that the dynamic weighted coupling 
of these loss components enables the generated geological 
realizations to achieve both high geological realism and 
strong adherence to geological constraints.

(4) The proposed interpretable framework is valuable, and it 
has shown success in enhancing the interpretability of deep 
learning by providing clear insights into the complete pro
cess of conditioning data encoding and geological model 
decoding. Additionally, this interpretable study offers valu
able insights into the practical operations of each module.
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