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ABSTRACT

Accurate identification of lithofacies is critical for shale hydrocarbon exploration and development.
Although machine learning (ML) is one of the most effective approaches for predicting shale lithofacies,
the inherent geological heterogeneity results in scarce training samples and severely imbalanced class
distributions, leading conventional ML methods to experience overfitting and reduced accuracy. To
address this issue, we introduced a conditional diffusion probabilistic model (CDPM) to address these
challenges and developed a comprehensive data augmentation framework for shale lithofacies pre-
diction. Applying this framework to the Upper Fourth Member of the Shahejie Formation (Es4s) in the
Dongying Depression, we successfully generated 3,600 class-balanced augmented samples from 926
core-calibrated samples and eight conventional well log curves from well NY1, achieving an 878.3%
increase in rare organic-rich fissile calcareous mudstone (L1) lithofacies. To ensure the reliability of the
augmented data, a comprehensive quality assessment was conducted, demonstrating that augmented
data effectively retained logging characteristics and petrophysical relationships, with a Fréchet Incep-
tion Distance (FID) of 22.9 and a maximum mean discrepancy (MMD) of 0.078. Building upon this high-
quality augmented dataset, we evaluated the impact of data augmentation on lithofacies classification
performance across random forest (RF), support vector machine (SVM), and gradient boosted decision
tree (GBDT) algorithms. The results showed substantial improvements, with average accuracy and
F1 score increases of 13.6% and 16.5%, respectively, and a 33.1% improvement in L1 recall. To further
validate the practical applicability of our approach, blind-well validation on independent wells from
different structural positions demonstrated robust generalization capability, achieving significant
improvement over traditional ML methods. This study pioneers a conditional diffusion model for pre-
dicting shale lithofacies, providing a novel framework for characterising lacustrine shale oil reservoirs
and predicting sweet spots.
© 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-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).
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1. Introduction

Shale lithofacies are critical hosts of unconventional hydro-
carbon resources, directly influencing reservoir properties and
development potential (He et al., 2023; Sun et al., 2024). However,

Lin), lcydem@upceducn  ghale lithofacies exhibit significant complexity in both mineral-
ogical composition and spatial distribution, driven by multiple
geological processes, including paleoclimatic fluctuations, redox
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variations, salinity changes, and terrigenous input (Liu et al., 2021;
Wang et al., 2024). Such complexity obscures characteristic log-
ging responses and creates a pronounced class imbalance in lith-
ofacies datasets, thereby limiting prediction accuracy (Dong et al.,
2022; Ellis and Singer, 2007).

ML methods have been extensively applied to shale lithofacies
classification, demonstrating considerable effectiveness in
capturing complex nonlinear relationships between well-log re-
sponses and lithofacies types. RF, as one of the most widely
adopted algorithms, has shown robust performance in handling
multi-dimensional logging data through ensemble learning stra-
tegies (Wang et al., 2023). SVM and artificial neural networks have
also been successfully employed to identify lithofacies from con-
ventional logs by constructing optimal decision boundaries in
high-dimensional feature spaces (Wang and Carr, 2012). Recent
advances in gradient boosting methods, such as XGBoost, have
further enhanced classification accuracy (Wang et al, 2023).
However, as discriminative models, these ML approaches funda-
mentally rely on learning decision boundaries from existing
labeled samples rather than understanding the underlying data
generation mechanisms. This characteristic renders them inher-
ently vulnerable to issues with training data quality and distri-
bution, mainly when geological sampling constraints result in
insufficient or imbalanced datasets.

Obtaining high-quality labeled lithofacies datasets poses two
fundamental challenges in field applications. First, the prohibitive
costs of core drilling and laboratory analysis severely constrain
sample acquisition (Geng et al., 2023; Xue et al., 2024). Second, the
natural heterogeneity of lithofacies distribution creates an
extreme class imbalance, with dominant lithofacies often out-
numbering minor types by factors of several or more (Li et al.,
2024a; Liang et al., 2018a). Recent advances in data-centric arti-
ficial intelligence paradigms have fundamentally reoriented
research priorities from model-centric optimization to systematic
data engineering, emphasizing that high-quality, representative
training data often yields greater performance gains than archi-
tectural sophistication in data-constrained scenarios (Kuang et al.,
2021; Zhao et al,, 2024). The growing recognition of these data-
centric challenges has catalyzed a paradigm shift in petroleum
geoscience toward systematic data engineering approaches that
prioritize training data quality, representativeness, and balance
alongside model architecture optimization (Li et al., 2025). Recent
studies in shale characterization have demonstrated that sophis-
ticated data augmentation strategies can yield more substantial
performance improvements than incremental model refinements
when working with limited labeled samples (Wang et al., 2025;
Xue et al., 2024). These combined factors—limited data availabil-
ity and skewed distributions—cause traditional ML models to
overfit the majority classes while failing to adequately capture the
characteristics of minority classes. This bias negatively impacts
model generalization and predictive performance (Dong et al.,
2023; Liu et al., 2023). Researchers have investigated various
strategies to address sample imbalance (Chawla et al., 2002;
Engelmann and Lessmann, 2021). Traditional methods, such as
oversampling, undersampling, and the synthetic minority over-
sampling technique (SMOTE), only provide limited relief for class
bias, particularly when dealing with the high-dimensional,
nonlinear nature of logging data (Barandela et al., 2004; Santoso
et al., 2017). Generative models, especially generative adversarial
networks (GANSs), offer promising avenues for data augmentation.
Nevertheless, training instability and mode collapse—persistent
issues in geological GAN applications—significantly undermine
the quality and diversity of augmented samples (Qian et al., 2024;
Zha et al., 2020; Zhao et al., 2023).
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Diffusion probabilistic models have recently emerged as
powerful generative frameworks, demonstrating superior perfor-
mance across diverse applications. These models simulate data
generation through iterative forward diffusion processes that
gradually transform real samples into Gaussian noise, followed by
a reverse reconstruction that learns to generate high-fidelity,
structurally coherent samples (Amit et al., 2021; Zhao et al,,
2025). Unlike GANSs, diffusion models exhibit enhanced training
stability, improved sample diversity, and more robust conditional
control mechanisms (Miiller-Franzes et al.,, 2023). Conditional
diffusion probabilistic models (CDPMs) further advance this
framework by incorporating categorical or feature-based guidance
mechanisms that enable targeted data augmentation for specific
characteristics (Trabucco et al., 2023). While initially developed for
continuous data modalities such as images and audio, recent
methodological advances in applying diffusion models to tabular
data have demonstrated their capability to handle heterogeneous
features comprising both continuous and discrete variables (Li
et al., 2025)—a critical methodological foundation for geoscience
applications where well-log datasets exhibit similar mixed-type
characteristics. The application of these tabular diffusion tech-
niques to subsurface energy domains holds particular promise, as
the high costs of wellbore data acquisition and the prevalence of
class-imbalanced lithofacies distributions amplify the strategic
value of generative augmentation methods in reservoir charac-
terization workflows. Inspired by these developments in tabular
data modeling (Kotelnikov et al., 2023; Villaizan-Vallelado et al.,
2025), exploratory studies have begun investigating diffusion-
based approaches for geological applications, including digital
rock reconstruction (Lu et al., 2025), well-log imputation (Meng
et al.,, 2024), and facies geomodeling (Li et al., 2024b; Xu et al,,
2024). The application of these diffusion-based approaches to
class-imbalanced shale lithofacies classification remains
unexplored.

The study addresses this gap by developing a CDPM-based
approach for well logging data augmentation, using the NY1 well
from the Dongying Depression in the Bohai Bay Basin as a case
study. We construct a comprehensive feature system based on
eight conventional logging curves (GR, SP, CAL, AC, RT, DEN, CNL,
and COND) and introduce wells N55-X1 and NY1-6HF from
different structural positions as independent validation datasets to
assess model generalization under limited sample conditions. Our
primary contributions include: (1) Developing a CDPM architec-
ture designed explicitly for well-logging data, integrating multi-
layer neural networks with adaptive noise scheduling mecha-
nisms to effectively model complex nonlinear relationships among
logging curves and generate high-fidelity augmented samples. (2)
Conducting a systematic analysis of key hyperparameters,
including diffusion steps, the number of augmented samples, and
optimization strategies to enhance performance. This work pro-
vides an innovative technical pathway for identifying shale lith-
ofacies. It expands the application of diffusion models in
geoscience, offering a practical solution to the everyday challenges
of small-sample class imbalance in geological datasets.

2. Geological background and lithofacies classification
2.1. Geological background

The Dongying Depression, located in the southeastern portion
of the Jiyang Depression within the Bohai Bay Basin, constitutes a
northeast-southwest trending fault-block sedimentary unit
covering approximately 5,700 km? (Liang et al., 2018b; Shi et al.,
2022). This region exhibits well-defined structural boundaries:
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the northern margin is bordered by the Chenjiazhuang Uplift, the
southern boundary is adjacent to the Luxi Uplift and the Qing-
cheng Uplift, the Lijin Fault controls the western edge, and the
Qingtuozi Uplift defines the eastern limit. The overall structure
exhibits a characteristic “uplift-depression” configuration,
comprising four secondary depressions: Bozhong, Niuzhuang,
Lijin, and Minfeng (Fig. 1(a)) (Zhang et al., 2016). The Paleogene
Shahejie Formation serves as the primary hydrocarbon-bearing
sequence in this area. The Es4s interval was deposited in deep
lacustrine environments, resulting in the development of thick,
organic-rich shales with diverse lithofacies assemblages (Liang
et al., 2017) (Fig. 1(b)). Multiple factors, including paleoclimatic
fluctuations, variations in water depth, salinity conditions, and
redox environments, have created significant heterogeneity in
shale lithofacies within this formation, providing an ideal
geological target for lithofacies identification and data augmen-
tation studies.

The NY1 well is situated in the gentle slope zone of the Niuz-
huang Depression, within a structural-sedimentary transition
zone near the lake basin center (Fig. 1(c)). High-quality continuous
coring was conducted in the Es4s interval of this well, effectively
capturing the primary lithofacies types in the region and providing
highly representative geological samples for lithofacies classifica-
tion modeling (Fang et al., 2023; Qiao et al., 2025). To compre-
hensively assess the method's generalization performance, we
incorporated wells N55-X1 and NY1-6HF as independent test
datasets. Well N55-X1, located in the gentle slope zone near the
lake basin center, has continuous core coverage within the
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validation interval. Well NY1-6HF, situated in the steep slope zone,
provides supplementary validation with 21 calibrated core sam-
ples. Both wells, located within the same lacustrine depositional
system, enable comprehensive validation of the applicability and
reliability of data augmentation methods across varying structural
settings in shale oil exploration.

2.2. Lithofacies classification

The Es4s interval in the Dongying Depression exhibits significant
vertical and lateral lithological heterogeneity, characterized by
complex lithofacies assemblages and frequent spatial variations.
Building upon previous research findings and systematic lithofacies
classification frameworks established for lacustrine organic-rich
mudstone (Liu et al, 2019), we employed multiple analytical
approaches—including core observation, thin-section analysis, X-
ray diffraction (XRD) testing, and total organic carbon (TOC) content
determination—to systematically classify lithofacies (Li et al., 2022;
Zhao et al,, 2022). The classification integrated three key parame-
ters: mineral compositions (three end-members of clay minerals,
carbonates, and felsic minerals comprising quartz and feldspar),
TOC contents (<2.0% as organic-poor, 2.0%-3.5% as intermediate-
organic, and >3.5% as organic-rich), and sedimentary structure
characteristics (Liang et al., 2018a; Ma et al, 2022a, 2022b).
Considering the overlapping and transitional characteristics of
lithofacies in their natural distribution, four primary lithofacies
types were identified in the study area (Fig. 2).
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Fig. 1. Regional geological setting and stratigraphy of the study area. (a) Structural map of the Dongying Depression within the Bohai Bay Basin, illustrating major tectonic features
and the distribution of representative shale oil wells (modified from Ma et al., 2022a, 2022b); (b) Geological cross-section showing the internal structural configuration of the
Dongying Depression, with the section line indicated in panel A (adapted from Liang et al., 2018b); (c) Simplified stratigraphic column of the study area, illustrating the Paleogene
succession, including the Kongdian Formation (Ek), the Shahejie Formation members (Es4 to Es1), and the overlying Dongying Formation (Ed).
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Fig. 2. Lithofacies within the Es4s shale (Li et al., 2022). Core image, plane-polarized light (PPL) transmitted light image, and backscattered electron (BSE) scanning electron
microscopy images show examples of each lithofacies. (a) Organic-rich fissile calcareous mudstone. (b) Organic-rich laminated calcareous mudstone. (c) Intermediate-organic
laminated calcareous mudstone. (d) Organic-poor calcareous mudstone. Abbreviations: cal, calcite; py, pyrite.

2.2.1. Organic-rich fissile calcareous mudstone (L1)

TOC content exceeds 3.5%, carbonate content typically above
75%, with well-developed calcite veins. Cores exhibit gray-black
coloration with distinct lamination and abundant framboidal py-
rite. This lithofacies exhibits a pronounced shaly texture with well-
developed fissility, characterized by easy delamination along
calcite vein planes and representing the highest potential for hy-
drocarbon generation (Liang et al., 2018a, 2023; Wu and Jiang,
2017). L1 formed under semi-deep, strongly reducing conditions
with highly concentrated organic matter.

2.2.2. Organic-rich laminated calcareous mudstone (L2)

TOC content exceeds 3.5%, and carbonate content is below 60%.
Characterized by granular calcite laminae development and, rela-
tive to other lithofacies, elevated quartz, feldspar, and clay mineral
contents, with clay minerals reaching 30%. Organic matter laminae
are highly concentrated, commonly intercalated with calcite
laminae and clay layers, and display sharp lamination boundaries,
as well as widespread framboidal pyrite. L2 was deposited under
deep-water reducing conditions and exhibits slightly lower
development potential, despite its favorable characteristics for
organic matter enrichment compared to L1.
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2.2.3. Intermediate-organic laminated calcareous mudstone (L3)

TOC content ranges from 2% to 3.5%, and carbonate content
exceeds 65%. Well-developed, undulatory micritic calcite laminae
indicate weak redox environmental conditions. This lithofacies is
widely distributed throughout the study area, constituting the
dominant lithofacies type regionally.

2.2.4. Organic-poor calcareous mudstone (L4)

TOC content below 2%, carbonate mineral content typically
exceeds 50%. Dominated by micritic calcite with occasional bio-
clastic and micritic dolomite components. Lamination develop-
ment is poor, with indistinct interfaces and a relatively uniform
overall structure, indicating oxidizing depositional conditions.

The distribution of these four lithofacies categories exhibits an
extreme imbalance across the study area, revealing distinct pat-
terns. L3 lithofacies exhibit the most extensive distribution, rep-
resenting the predominant lithofacies type in the region. In
contrast, the organic-rich L1 lithofacies exhibit a relatively
restricted distribution, primarily forming under specific, strongly
reducing depositional environments. This imbalanced distribution
pattern provides crucial geological constraints for subsequent ML
model construction and performance evaluation.
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3. Methods
3.1. Dataset preparation and lithofacies labeling

The study developed a CDPM-based framework for augmenting
and evaluating lithofacies data. The workflow comprised four key
stages (Fig. 3): (1) data acquisition and preprocessing to construct
a lithofacies-labeled well log dataset; (2) conditional diffusion
model training to learn deep characterization relationships be-
tween well log responses and lithofacies categories; (3)
augmented data generation and quality assessment to achieve
balanced category distribution; and (4) classification model
training and generalization performance assessment to verify
practical applicability.

For well log curve selection, the study chose eight conventional
logging curves as input features, considering the high cost and
limited applicability of specialized logging techniques (Zhao et al.,
2019). These included GR, SP, CAL, AC, RT, DEN, CNL, and COND.
These logging parameters are closely tied to the characteristics of
shale lithofacies and provide a comprehensive reflection of the
rocks’ physical, electrical, acoustic, and mineralogical properties
(Dong et al., 2022; Lu et al., 2023). Previous studies have demon-
strated that this combination of conventional well logs effectively
captures the primary differences in shale lithofacies characteristics,
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providing a comprehensive and robust foundation for lithofacies
identification (Li et al., 2022; Qiao et al., 2025).

In terms of core-log depth matching, this study adopted the
systematic depth matching methodology proposed by Larson et al.
(2023). First, a baseline depth reference system was established
using core box top depths and 5-cm marker positions. Subse-
quently, XRF element data were used to correct depth deviations in
the fractured zone and sections with incomplete core recovery.
Finally, the precise depth was determined by integrating log
response characteristics. Building upon this approach, the study
innovatively implemented a multi-parameter comparative
method incorporating correlation analysis between core porosity
and AC curves, consistency testing between core density and DEN
curves, and high-resolution XRF scanning data to enable accurate
depth offset determination. This method simultaneously accoun-
ted for cable stretching effects and wellbore deviation influences.
Through multi-source data integration, it fully utilized multidi-
mensional rock physical property information, significantly
enhancing depth-matching accuracy and reliability.

During the data integration stage, one-dimensional linear
interpolation technology is used to resample well-log data (with a
15-cm sampling interval) to corresponding core sampling point
depths, and edge effects and outliers (such as “—~999” missing data
flags) are rigorously handled. The sample construction process

Shale lithofacies classification: CDPM-based data augmentation and evaluation framework

(a) Conditional diffusion process for tabular data augmentation

Data preprocessing
- MinMaxScaler normalization
- Label encoding
- Feature selection

Original imbalanced dataset
Features: COND, SP, CAL, GR,
AC, RT, DEN, CNL
Labels: Class (L1, L2, L3, L4)

900 samples per class
Total: 3600 samples

l" iti ising diffusion pr ic model (CDPM)
- e e
Feature spﬁce\‘ Latent space Conditioning )
(x )—{ € Diffusion process ‘I ([Facies labels ]
Well I
|mbalanced x(T—1) Denoising U-Net €, B Zr ell logs
da!asel a) (ahrra) (a W Geological |
D d K features
VvV, K V K V. KV o
Balanced Z;
dataset T
Q ‘ 0
pdq KV =2 “— J
Denoising step ~ Crossattention Switch  Skip connection Concat

(c) Parametric influence mechanisms and algorithm
adaptation analysis

Sample quantity optimization

| Balanced augmented dataset

Diffusion step p:
Steps FID Accuracy (Total) | A y I
500 34.4 78.8% | 1200 78.1% +4.5%
1000 229 88.8% 2400 82.4% +5.5%
1500 19.8 90.1% 3600 88.8% +71.7%
Algorithm

Ensemble methods(RF GBDT) +14%
ity utilization

Non-ensemble methods (SVM): +12%
Limited by internal algorithm constraints

(b) Quantitative assessment of augmented data and
classification performance

Quality Classification Feature
Input features assessment models contribution
% (BxNx8) (Statistical + (SVM, RF, (Importance well test)
physical) GBDT) ranking)

1. Data quallt‘y assessment

Feature space assessment

FID(PQ) Ilp = pll* + Tr(Se + Yo = 25qrt(¥e - Zo)
MMDes = SUP(E,[f(x)] — Edlf(y)])

Distribution characteristics analysis

Feature distribution consistency
Class n— GR, RT, DEN...

Class balance
Original — Augmented

Distribution similarity + differences
(Original vs Augmented)

2. Classification perf@rmance assessment

Model architectures

SVM RF GBDT
Kernel N_estimators N_estimators
C: 10 (Grid search) Max_depth Learning_rate
v: 0.01 (Grid search) Min_samples_split Max_depth
Class_weight Bootstrap sampling Subsample

Classification performance metrics

Accuracy F1-score Precision Recall Confusion matrix

3. Feature imp(jrtance analysis

Feature contribution analysis Class-specific features

RF mean decrease
in impurity (Gini)
Original — Augmented

Class-conditional feature
importance + mineral correlation

—>
Original — Augmented

4. Generalization c'gpability verification

Validation strategy Blind well validation
5-fold cross-validation
Stratified sampling
Train/test split: 8:2

Test well: N55-X1 & NY1-6HF
Depth range: 3536-3604 m & 3334-3378 m

Fig. 3. Technical workflow of the CDPM-based data augmentation framework for shale lithofacies classification. The framework consists of three modules: (a) a conditional
diffusion process for imbalanced data augmentation, (b) a quantitative assessment of augmented data quality and classification performance, and (c) a parametric influence
analysis and model validation strategies.
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followed three strict quality control guidelines: (1) prioritize
relatively homogeneous lithofacies intervals to ensure that the
spacing between adjacent sample points is >15 cm to minimize
spatial correlation of well logging responses; (2) extract average
value within 15 cm windows before and after each sample point to
smooth random noise interference effectively; (3) combine
macroscopic core features with microscopic thin-section analysis
results to validate lithofacies label accuracy rigorously.

The data preprocessing workflow included outlier identification
and removal, Z-score standardization, and Min-Max normalization
(normalizing value ranges to the [0, 1] interval) to ensure balanced
contributions of different logging features to model training. After
rigorous selection and quality control procedures, we constructed a
standardized dataset containing 926 high-quality samples. To avoid
selection bias during model training, a stratified sampling strategy
was employed to divide the dataset into training and testing data-
sets at an 8:2 ratio. This approach ensures a consistent distribution
of lithofacies types across both subsets and provides a solid foun-
dation for subsequent CDPM training and validation. It should be
noted that despite rigorous quality control measures, certain sub-
jective factors inherent to lithofacies labeling workflows may
introduce uncertainties. Core-log depth matching, while employ-
ing systematic methodologies, involves interpretative decisions
during core-log alignment, particularly in fractured zones or in-
tervals with incomplete recovery (Chang et al., 2002). Even
centimeter-scale depth offset uncertainties can introduce spatial
misalignment between lithofacies labels and corresponding log
responses. Additionally, lithofacies definition represents another
source of subjectivity given the transitional and overlapping char-
acteristics of shale lithofacies in natural settings (Wang et al., 2025;
Xue et al., 2024). The inherent gradational boundaries between
lithofacies types can lead to inconsistent labeling for samples
exhibiting intermediate characteristics, potentially affecting the
quality and generalization capability of models (Bressan et al.,
2020; Li et al., 2024a). The aforementioned multi-parameter
depth calibration, quantitative classification criteria, and prefer-
ential sampling strategies were specifically designed to minimize
these subjective effects and enhance label consistency. Further-
more, the CDPM-based data augmentation approach inherently
provides additional robustness against label uncertainty by pre-
serving statistical characteristics while diluting the proportional
influence of potentially mislabeled samples through balanced
augmentation (Section 4.1). The multi-well blind validation results
(Section 4.2.3) demonstrate that models trained on augmented
datasets maintain strong generalization capability despite poten-
tial labeling uncertainties.

3.2. CDPM-based data augmentation method

CDPMs represent generative models that have achieved
breakthrough performance in computer vision and natural lan-
guage processing. Their theoretical foundations are rooted in sto-
chastic diffusion processes from non-equilibrium statistical
physics (Amit et al., 2021; Zhao et al., 2025). CDPMs were intro-
duced to the geological well log data augmentation domain for the
first time to address challenges of category imbalance in shale
lithofacies classification. The conditional control mechanism en-
ables targeted sample augmentation for specific lithofacies,
effectively resolving category imbalance issues in shale lithofacies
classification. The key principle of conditional diffusion models
involves constructing a reversible bidirectional diffusion process
(Lu et al., 2025; Trabucco et al., 2023). During forward diffusion,
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original logging data transforms into a pure noise distribution
through gradual Gaussian noise injection:

alxelxo) = N(xt; Vacxo, (1 _ &t) 1)

where N denotes a Gaussian distribution, x; represents the noisy
data at diffusion step t, xo is the original well-log data, I is the

(1)

identity matrix, and (;[ is the cumulative noise coefficient defined

(2)

where g, represent preset noise scheduling parameters that con-
trol the amount of noise added at each step. Correspondingly, the
reverse process learns denoising functions through deep neural
networks and reconstructs data under lithofacie conditions on y
with guidance, following the probability distribution:
Pe(X[q\Xt?J’):N(thl;ﬂe(xnf,)’)vﬁfl) (3)
where 0 denotes the neural network parameters, y represents the
lithofacies condition label, 4, is the predicted mean, and o is the
standard deviation at step t. The mean function g, is computed as:

Bt
V1— (}:6

where ¢y denotes the neural network-predicted noise term, this
progressive augmentation strategy offers several advantages: (1)
the variational inference framework ensures model training sta-
bility; (2) conditional control mechanisms enable augmented
samples to match target lithofacies geological characteristics
accurately; (3) multi-step diffusion processes achieve fine-grained
control over data augmentation details, significantly enhancing
augmented data quality.

The conditional diffusion network is designed to comprise
three synergistic key modules based on the properties of logging
data. The feature encoder employs multi-layer fully connected
networks (dimensionality mapping: 8 — 512 -1024 — 512) for
high-dimensional feature mapping of logging data, effectively
preserving physical correlations between logging curves. The time
embedding module converts discrete diffusion time steps into
512-dimensional continuous vectors through sinusoidal positional
encoding, accurately capturing temporal dependencies in noise
evolution processes. The lithofacies condition control module first
maps discrete lithofacies labels to 64-dimensional continuous
vectors, then expands them to 512 dimensions through fully
connected layers and integrates them deeply with logging features
to ensure precise category control during augmented sample
generation. Network training employed noise prediction loss

N (4)

Ho(Xe, t,y) = Xt — (xt,t,y)

functions L = E(He — eo(Xt, t,y)‘\2>, with parameter optimization

achieved through AdamW optimizers (learning rate 1 x 1074,
weight decay 0.01) combined with cosine annealing learning rate
scheduling strategies.

Key model hyperparameter configurations were determined
through systematic experiments and five-fold cross-validation,
using the following settings: 1000 diffusion steps, a batch size of
64, a hidden layer dimension of 1024, and 900 augmented samples
per class. Notably, diffusion steps determine the granularity of the
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noise conversion process, while augmented sample quantities
significantly influence achieving category balance. The specific
impact mechanisms of these key parameters on model perfor-
mance are discussed in Sections 5.1 and 5.2.

A multi-dimensional evaluation framework was established to
comprehensively assess augmented data quality and effectiveness,
encompassing three analytical approaches. For feature distribu-
tion consistency assessment, kernel density estimation (KDE) and
well-log curve cross-plot analyses were employed to quantita-
tively examine distribution similarity between augmented and
original data (Ashraf et al., 2024; Geng et al., 2023). For assessing
spatial structure consistency, principal component analysis (PCA)
evaluated the preservation of global linear structure, while t-
distributed stochastic neighbor embedding (t-SNE) visualized
nonlinear local structural features (Meyer et al., 2022; Zhou et al.,
2018). At the quantitative assessment level, Fréchet inception
distance (FID) measured overall distribution differences,
maximum mean discrepancy (MMD) verified statistical moment
consistency, and intra-class/inter-class variance ratios assessed
separability between different lithofacies (Jayasumana et al., 2024;
Yu et al., 2021). This comprehensive evaluation system thoroughly
verifies the augmented data quality characteristics and geological
consistency from multiple perspectives, ensuring that the gener-
ated augmented samples effectively improve the performance of
the lithofacies classification model.

3.3. (lassification model validation and performance evaluation

To systematically evaluate the impact of CDPM-augmented
data on lithofacies classification performance, a multi-model
validation framework was established using three well-known
ML algorithms commonly employed for shale lithofacies identifi-
cation: SVM, RF, and GBDT. These algorithms demonstrate strong
predictive capabilities, are grounded in distinct theoretical foun-
dations, and collectively offer comprehensive insights into the
performance of augmented data across multiple dimensions
(Dong et al., 2023; Tang et al., 2021).

SVM transforms original data into high-dimensional feature
spaces via kernel functions to establish optimal hyperplanes for
classification. The radial basis function (RBF) kernel was imple-
mented, defined as:

K(xix) = exp( = Il x = xl1?) (5)
where y represents the bandwidth parameter.
The corresponding decision function is:
N
f(x) =sgn < > ayiK(xi,x) + b) (6)
i=1

where «; denotes the Lagrange multiplier, y; is the training sample
label, and b is the bias term. The bandwidth parameter y and
regularization coefficient C were optimized via grid search over
ranges [0.001, 0.01,0.1,1] and [0.1,1, 10, 100], respectively. The one-
versus-rest strategy was employed for multi-class classification,
previously validated for geological data by Al-Anazi and Gates
(2010).

RF operates as an ensemble method that combines multiple
decision trees through three key mechanisms: (1) bootstrap
sampling to generate diverse training subsets, (2) random feature
selection at each node split, and (3) majority voting for final pre-
dictions. The ensemble prediction function is expressed as:
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H(x) = mode{hq(x), hy(x),...,hr(x) } (7)
where h; represents the prediction from the t-th tree, and T is the
total number of trees. RF handles continuous and categorical data
effectively and maintains stable performance across varied data-
sets (Zhao et al., 2025). Hyperparameters were optimized over
ranges including n_estimators < [100, 200, 300],
max_depth € [None, 10, 20, 30], and min_samples_split € [2, 5, 10].

GBDT implements forward stagewise additive modeling, iter-
atively improving predictions by fitting residuals from previous
iterations (Tang et al., 2021). The ensemble after m iterations
follows:

Fn (%) = Fin_1(X) 4 -hm(x) (8)
where Fp;(x) is the previous ensemble, hy;(x) is the current base
learner, and 7 is the learning_rate. Hyperparameter optimization
covered n_estimators € [100, 200, 300], learning_rate < [0.01, 0.1,
0.2], and max_depth € [3, 5, 7]. Five-fold cross-validation was used
to determine the optimal configurations that balance model
complexity with generalization performance.

Performance evaluation is centered on confusion matrix anal-
ysis derived from key classification metrics. For multi-class lith-
ofacies identification, accuracy, precision, recall, and F1 score were
calculated from true positives (TP), false negatives (FN), false
positives (FP), and true negatives (TN) (Tharwat, 2021). The F1
score, representing the harmonic mean of Precision and Recall,
proves particularly valuable for imbalanced datasets. Off-diagonal
confusion matrix elements revealed inter-class misclassification
patterns, providing insights for refining augmentation strategies
(Obi, 2023).

The model evaluation followed a three-stage protocol: First,
each algorithm was trained on original (926 samples) and
augmented (3600 samples) datasets, with performance im-
provements quantified through comparative analysis. Second,
five-fold cross-validation was used to assess model stability
and reliability, employing stratified sampling to maintain
consistent lithofacies proportions across folds. Third, the best-
performing augmented models underwent blind testing on
independent wells N55-X1 and NY1-6HF from different
structural positions to evaluate generalization to unseen data.
This comprehensive framework validated the method's effec-
tiveness across performance enhancement, stability, and
generalization dimensions.
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Fig. 4. Training and validation loss curves during the CDPM training process.
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4. Results
4.1. Characteristics of CDPM training and augmented data

4.1.1. CDPM training process

A systematic CDPM training framework was established to
learn the underlying distribution of well-log data and generate
high-quality augmented samples. Using stratified sampling, the
dataset was divided into training and validation sets at an 8:2 ratio,
ensuring consistent lithofacies proportions across both subsets.
Based on the network architecture described in Section 3.2, the

Table 1
Class distribution in original and augmented datasets.
Lithofacies Original Augmented Increase, %
Samples Percentage, % Samples Percentage, %
L1 92 9.9 900 25.0 878.3
L2 264 28.5 900 25.0 240.9
L3 355 383 900 25.0 153.5
L4 215 23.2 900 25.0 318.6
Total 926 100.0 3600 100.0 288.8

model was trained using batch stochastic gradient descent with a
batch size of 64 samples over 300 epochs.

The AdamW optimizer was used, with parameters g =0.9 and
p2 = 0.999, an initial learning rate of 1 x 1074, and a weight decay
of 0.01. To ensure training stability, gradient norm clipping (with
a threshold of 5.0) and adaptive learning rate scheduling were
implemented. As shown in Fig. 4, the training loss decreased
rapidly from 0.179 to 0.057 within the first 50 epochs, eventually
converging smoothly to 0.023 at epoch 300. The validation loss
exhibited a similar trend, stabilizing at 0.026. The gap between
training and validation losses remained below 0.003, indicating
good generalization without overfitting. Two strategies further
improved training stability: cosine annealing reduced the
learning rate to 85% of its original value every 75 epochs, sup-
pressing gradient oscillations in later training stages. Addition-
ally, a warm-up phase linearly increased the learning rate from
1 x 107 to 1 x 10~% over the first 10 epochs, thereby reducing
early training instability. The noise schedule parameter B
increased linearly from 1 x 10~ to 0.02 over 1000 diffusion steps,
with mean squared error (MSE) as the loss function. Model pa-
rameters converged and stabilized after epoch 300. After
training, the model generates augmented samples by starting
from pure Gaussian noise and iteratively denoising over 1000
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Fig. 6. Comparison of log curve distributions between original and CDPM-augmented data.

steps, guided by lithofacies condition labels. Fig. 5 illustrates the
evolution of the data structure at various timesteps during
reverse diffusion. The generation process unfolds in three phases:
the early stage (t = 750-1000) builds basic data structure from
noise; the middle stage (t = 250-500) develops characteristic
differences between lithofacies categories; and the late stage
(t = 1-250) refines physical relationships between logging pa-
rameters to ensure geological consistency.

4.1.2. Augmented data characteristics and quality assessment
CDPM demonstrated excellent performance in balancing class
distributions for augmenting lacustrine shale lithofacies. The
original dataset showed severe class imbalance, with L3 lithofacies
dominating at 38.3%, while the critical L1 lithofacies represented
only 9.9%—a nearly 4-fold difference (Table 1). Data augmentation
adjusted each lithofacies class to 900 samples, achieving complete
class balance and expanding the total dataset from 926 to 3,600
samples (an increase of 288.8%). This strategy used differentiated
augmentation ratios: the rarest L1 lithofacies increased by 878.3%,

3025

while the dominant L3 lithofacies increased by only 153.5%. This
“non-uniform augmentation” approach effectively resolved the
class imbalance issue.

The augmented data also preserved the well-log response
characteristics of each lithofacies. Fig. 6 shows that log parameter
distributions for each lithofacies remained consistent with their
geological characteristics. L1 lithofacies exhibited GR values
(58.44-69.98 API), AC values (83.99-99.58 us/ft), density values
(2.39-2.50 g/cm?), and CNL values (19.90%-29.69%) consistent
with high carbonate and organic matter content. L2 lithofacies
exhibited elevated GR values (60.23-80.11 API) and AC values
(89.84-112.14 ps/ft), indicating a higher clay content. L3 lithofacies
displayed GR values (57.50-68.70 API), AC values (85.93-97.87 us/
ft), and density values (2.42-2.52 g/cm?®) consistent with inter-
mediate organic matter content. L4 lithofacies presented low AC
values (84.39-94.92 ps/ft) and high density (2.43-2.51 g/cm?),
indicating low organic matter content. Other log parameters (SP,
CAL, RT, COND) in the augmented dataset also maintained distri-
butions consistent with the original data.
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Fig. 7. Distribution comparison of original and augmented data in dimensionally reduced feature space.

The augmented data exhibited two key characteristics: first,
more concentrated distributions that enhanced separability among
lithofacies; second, preservation of relative positions among lith-
ofacies in log response space, ensuring consistency in geological
interpretation. Furthermore, physical correlations between log
curves were well preserved, such as the negative correlation be-
tween CNL and DEN and the distribution patterns of lithofacies in
AC-GR space. Areas where lithofacies partially overlap (such as L1
and L2) accurately reflect their geological similarities.

Table 2
Statistical quality metrics of augmented data.

Lithofacies FID score MMD score Intra/Inter-class
variance ratio

L1 26.3 0.085 0.5

L2 19.9 0.068 0.2

L3 23.7 0.081 0.4

L4 229 0.078 0.3

Average 229 0.078 0.4

Overall, the CDPM-generated augmented data achieved class
balance while preserving physical characteristics and geological
signatures, providing an optimal foundation for lithofacies
classification.

4.1.3. Multidimensional distribution analysis

Quantitative analysis employed multidimensional feature
space approaches to evaluate augmented data quality. Fig. 7
compares original and augmented data distributions in reduced-
dimensional space, demonstrating CDPM's ability to preserve
structural integrity.

PCA results showed similar distribution patterns between the
augmented and original data in principal component space
(Fig. 7(a) and (b)). The first two principal components accounted
for 83.8% of the total variance (52.7% from PC1 and 31.1% from
PC2), with apparent spatial clustering observed among lithofacies.
L2 lithofacies clustered in the negative PC1/positive PC2 quadrant,
L3 lithofacies concentrated in the negative PC1 region, L4 lith-
ofacies occupied the negative PC2 region, and L1 lithofacies dis-
played transitional distributions at inter-lithofacies boundaries.
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Notably, the augmented data achieved balanced sample density
while preserving this spatial topology.

t-SNE analysis further confirmed that the augmented data pre-
served structure within nonlinear feature space (Fig. 7(c) and (d)).
The original data exhibited distinct clustering patterns, with L2
lithofacies concentrated on the right, L3 lithofacies on the left, L4
lithofacies at the bottom, and L1 lithofacies distributed along inter-
lithofacies boundaries. The augmented data preserved these clus-
tering patterns while increasing sample density in boundary regions,
filling the transition zones between L1-L2 and L3-14 lithofacies.

Comparison of the original and augmented datasets revealed
that data augmentation successfully addressed class imbalance
issues. The initial problem of dense L3 and sparse L1 samples was
significantly alleviated, resulting in a more balanced representa-
tion of lithofacies in the feature space. This improvement was
particularly evident in the t-SNE representation, where the
augmented data filled in sparse regions while maintaining
inherent clustering properties. Notably, L1 lithofacies exhibited
transitional distributions in both dimensionality reduction ap-
proaches, consistent with their complex geological origins.

The statistical quality metrics in Table 2 quantify the perfor-
mance of augmented data. FID scores averaged 22.9 across lith-
ofacies, with meaningful variation: L2 lithofacies scored lowest
(19.9), reflecting tight clustering, while L1 lithofacies scored
highest (26.3), consistent with dispersed transitional behavior.
MMD scores ranged from 0.068 (L2) to 0.085 (L1), showing sys-
tematic progression. Intra-class/inter-class variance ratios further
validated these patterns: L1 lithofacies exhibited the highest ratio
(0.5), confirming extensive overlap; L2 lithofacies showed the
lowest ratio (0.2), indicating distinct clustering; the ratios for L3
and L4 fell at intermediate levels. These metrics collectively
confirm that augmented data maintains geological fidelity while
achieving improved class balance.

4.2. Performance-based quality assessment of augmented data

4.2.1. Overall performance assessment

A quality assessment was conducted on the augmented data
generated by the CDPM using three mainstream ML algorithms.
Fig. 8 presents performance comparisons between RF, SVM, and
GBDT models trained on original versus augmented datasets.
These comparisons demonstrate the practical utility of the sam-
ples generated by the CDPM. The results indicate that CDPM
significantly enhanced the performance of all classification
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Table 3
Classification performance metrics of the RF model on different lithofacies.
Lithofacies  Dataset Precision, % Recall, % F1 score,% Samples
L1 Original 66.7 52.6 58.8 19
Augmented 87.0 85.7 86.4 363
L2 Original 79.5 81.7 80.6 71
Augmented 88.2 88.3 88.2 256
L3 Original 73.3 83.0 779 53
Augmented 89.5 87.6 88.5 250
L4 Original 78.9 69.8 741 43
Augmented 87.7 87.2 874 250

algorithms, confirming the effectiveness of the augmentation
approach.

The primary benefit of data augmentation was the effective
correction of bias in classification outcomes. Models trained on the
original data exhibited severe imbalances in precision and recall,
with discrepancies reaching 10.6 percentage points for RF, 8.5
percentage points for SVM, and 4.6 percentage points for GBDT. In
contrast, models trained on the augmented data significantly
reduced these imbalances to 0.7 percentage points for Random
Forest and 1.7 percentage points for SVM. This indicates that the
augmented samples successfully corrected distributional bias and
provided more balanced training examples.

The comprehensive performance improvements further vali-
dated the quality of the augmented data. The classification accu-
racy increased from 73.1% to 74.7% and then to 85.2%-88.8% across
all algorithms, with F1 scores improving by an average of 15.7
percentage points. Notably, recall showed substantial enhance-
ment, with an average improvement of 19.2 percentage points,
significantly outpacing precision gains of 11.9 percentage points.
This asymmetrical improvement pattern suggests that the
augmented data greatly enhanced the model's sensitivity to mi-
nority classes while maintaining precision in the classification
boundaries.

In summary, CDPM-generated augmented data demonstrated
two critical quality characteristics: effective correction of class
distribution bias and substantial enhancement of classification
performance. This establishes a robust foundation for accurately
identifying lithofacies.

4.2.2. Quality assessment for specific lithofacies

To evaluate the differential impact of data augmentation on
individual lithofacies, the RF model, which demonstrated optimal
performance, was employed to systematically compare lithofacies
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Fig. 8. Performance comparison of three classification models on original and augmented datasets.
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Fig. 9. Confusion matrices of the RF model on original and augmented datasets.

identification results between original and augmented datasets
(Table 3).

Augmented data exhibited markedly different improvement
patterns across lithofacies categories. The L1 lithofacies, repre-
senting the rarest category (9.9% of original samples), exhibited
the most substantial enhancement: F1 score increased by 27.5
percentage points, and recall improved by 33.1 percentage points,
demonstrating that augmentation effectively addressed the rep-
resentation deficiency of rare samples. For the L3 lithofacies,
originally the dominant category (38.3%), improvement man-
ifested primarily through a 16.1 percentage point increase in pre-
cision, indicating that augmented data corrected model bias
toward dominant categories and enhanced classification boundary
accuracy. The 14 lithofacies achieved a significant 17.4 percentage
point improvement in recall, while the L2 lithofacies demon-
strated balanced enhancement across all metrics.

Data augmentation significantly improved the balance of lith-
ofacies identification performance. After augmentation, the F1
score distribution narrowed from 58.8% to 80.6% (with a standard
deviation of 9.7) to a tighter range of 86.4% to 88.5% (with a
standard deviation of 0.9). This suggests that the augmented data
effectively balanced the representational quality across different
lithofacies, allowing the model to recognize all categories with
equal capability.

Confusion matrix analysis (Fig. 9) revealed the exceptional
performance of augmented data in preserving geological fidelity.
L1 lithofacies misclassification decreased significantly from 47.4%
to 14.3% while maintaining limited confusion with L2 lithofacies
(8.3%), accurately reflecting the geological similarity between
these organic-rich lithofacies. The approximately 7% mutual
misclassification between L3 and L4 lithofacies similarly reflected
geological characteristics associated with organic matter content
gradients.

The CDPM-generated augmented data substantially improved
the quality of rare lithofacies characterization and high-level per-
formance balance across different lithofacies. It accurately preserves
inter-lithofacies geological correlations, providing a high-quality
training foundation for the precise identification of shale lithofacies.

4.2.3. Blind well validation

To comprehensively assess the practical applicability and
generalization capability of the augmented dataset, external vali-
dation was conducted on two independent wells from different
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structural positions: well N55-X1 from the gentle slope zone and
well NY1-6HF from the steep slope zone.

External validation was first performed on well N55-X1. The
analysis focused on the 3536.25-3604.64 m interval, which con-
tains continuous core coverage and complete well log responses,
providing optimal conditions for evaluating augmented data
quality (Li et al., 2022).

Independent well validation demonstrated the augmented
data's superior generalization capability. The RF model trained on
augmented data (CDPM-RF) achieved an average accuracy of
79.7%, representing a 10.2 percentage point improvement over the
conventional MRGC method (69.5%) (Fig. 10) (Ma et al., 20223, b).
F1 scores across all lithofacies showed substantial enhancement,
with average values increasing from 68.9% to 79.3% (Fig. 11), con-
firming robust performance on previously unseen samples.

The quality advantages of augmented data became particularly
evident under complex geological conditions. Within the L1-L2
lithofacies transition zone, at depths of 3585-3595 m, the CDPM-RF
model accurately captured critical transition interfaces and thin in-
terlayers. In contrast, the MRGC method exhibited notable instability
in comparable zones (Fig. 10(a)). In the intercalated lithofacies region
at 3570-3580 m, the augmented data-trained model accurately
delineated primary lithofacies distributions while successfully
identifying multiple thin interlayers, demonstrating exceptional
capability for characterizing rare geological features (Fig. 10(b)).

Geological continuity preservation was further validated
through blind well predictions. Test interval predictions generally
maintained reasonable geological coherence, particularly evident
in the 3552-3554 m section, where L4 lithofacies distribution was
accurately characterized, reflecting the augmented data's robust
resistance to well log noise (Fig. 10(c)). This stability resulted from
CDPM's precise learning of original data distribution characteris-
tics and effective resolution of class imbalance issues.

Results from individual lithofacies identification further vali-
dated the quality of the augmented data. Although L1 lithofacies
achieved a relatively modest F1 score of 77.0% in blind well testing,
this still represented a substantial improvement over the MRGC
method and remained consistent with its transitional distribution
characteristics in feature space. L4 lithofacies enhanced F1 scores
from 64.1% to 76.5%, confirming the effective enhancement in
characterizing rare categories.

To further strengthen model validation across different struc-
tural positions, supplementary blind well testing was performed
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on well NY1-6HF, located in the steep slope zone. Given the limited
core sample availability in this well, validation focused on the
3334.43-3377.70 m interval, where 21 core samples with cali-
brated lithofacies assignments and complete geochemical data
were available. The CDPM-RF model demonstrated consistent
predictive performance across this validation interval (Fig. 12). In
the 3368.79-3374.25 m interval (Fig. 12(a)) and
3343.46-3347.51 m interval (Fig. 12(c)), the model successfully
reproduced the interbedded patterns of L3 and L2 lithofacies
observed in densely distributed core samples, with predicted
lithofacies accurately capturing the complex interlayered distri-
bution characteristics. Notably, the model successfully identified
the economically critical L1 lithofacies at 3351.10-3353.90 m
(Fig. 12(b)), the rarest yet most valuable lithofacies type, which
represents only 9.9% of the original training dataset. These results
demonstrate consistent model performance with the N55-X1
validation outcomes, confirming robust generalization capability.
Independent multi-well validation across different structural po-
sitions demonstrated that CDPM-generated augmented data
significantly enhanced the model's generalization capability for
unseen samples, providing a reliable foundation for accurate shale
lithofacies prediction.
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4.3. Feature importance analysis and data augmentation effects
Original Augmentsd Feature importance analysis based on the RF model revealed a
significant impact of augmented data on optimizing the distribu-
sP tion of feature contributions. Fig. 13 illustrates the changes in the
AL importance rankings of eight well-log curves between the original
and augmented datasets, highlighting the advantages of CDPM in
AC enhancing feature utilization balance.
The original dataset exhibited a pronounced bias that was
g or dependent on specific features. Three curves—SP (27.5%), CAL
3 (18.7%), and AC (18.3%)—accounted for a combined total of 64.5%
= om of the overall importance. The high significance of the SP curve
coND was due to its sensitivity to variations in siltstone content. In
contrast, CAL curves effectively distinguished differences in sta-
RT bility among lithofacies, while AC curves indicated variations in
rock acoustic transmission properties. On the other hand, the GR
DEN curve showed relatively low importance (10.7%), primarily
because of the high carbonate content (50%-75%) across the lith-

Importance, %

Fig. 13. Comparison of well-logging curve importance before and after CDPM data
augmentation.
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ofacies in the study area, which resulted in considerable overlap in
GR values among lithofacies L1, L3, and L4 (with ranges of
58.44-69.98, 57.50-68.70, and 60.10-69.67 API, respectively). Only
lithofacies L2 exhibited slight differentiation due to its elevated
clay content. The CNL, COND, RT, and DEN curves contributed
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Table 4
Impact of diffusion steps on data quality and classification performance.
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Diffusion steps FID score Accuracy, % F1 score, % FID decrease, % Accuracy gain, %
500 344 78.8 76.8 - -

750 28.8 83.7 82.2 16.3 6.2

1000 229 88.8 88.5 20.5 6.0

1250 20.9 89.9 89.5 8.3 1.2

1500 19.9 90.1 89.9 53 0.3

minimally, with the DEN curves being particularly limited in dis-
tinguishing between lithofacies L1 and L4, as their density value
ranges were similar (2.39-2.50 g/cm? versus 2.43-2.51 g/cm®).

The introduction of augmented data significantly improved the
balance in the distribution of feature importance. While SP
retained its leading role, its contribution decreased to 24.3% (a 3.2
percentage point reduction). Similarly, CAL and AC contributions
fell to 10.9% and 15.6%, respectively, with CAL experiencing the
most substantial decline of 7.8 percentage points. Meanwhile, the
importance of COND and DEN curves increased by 5.9 and 5.7
percentage points, rising to 12.2% and 9.9%, respectively, while GR
and RT also showed moderate improvements. This redistribution
indicated that augmented data effectively achieved a balanced
optimization of feature contributions, reducing the model's over-
reliance on individual features and promoting the comprehen-
sive utilization of multidimensional information.

The benefit of augmented data manifests in its ability to facilitate
synergistic mechanisms among multiple well-log curves. In the orig-
inal dataset, the significant overlap between lithofacies L1 and L4 in GR
and DEN values limited the ability to discriminate using a single curve.
However, models trained with augmented data effectively integrated
multi-curve information from SP, AC, and COND, leveraging their
complementary strengths for the recognition of rare lithofacies. This
synergistic effect was directly reflected in the substantial improve-
ment of the F1 score for lithofacies L1, which increased from 58.8% to
86.4%. This confirms the advantages of augmented data in improving
the identification of complex lithofacies.

5. Discussion
5.1. Impact of diffusion steps on data quality and performance

Diffusion steps constitute a critical hyperparameter in CDPM,
directly governing the quality of augmented data and subsequent
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Fig. 14. Relationship between FID scores of different logging curves and diffusion
steps.
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classification performance (Amit et al., 2021; Nichol and Dhariwal,
2021). This analysis systematically evaluates the effects of varying
diffusion steps (500, 750, 1000, 1250, and 1500) on quality metrics
and classification effectiveness, elucidating the complex relation-
ship between diffusion step count, data fidelity, and model per-
formance. The analysis reveals a dual impact of diffusion steps on
augmented data quality and classification performance, charac-
terized by a distinct “acceleration-saturation” progression
(Table 4). Increasing the diffusion steps from 500 to 1000 resulted
in a substantial 33.5% reduction in FID score, alongside a 9.9 per-
centage point improvement in classification accuracy. However,
extending to 1500 steps produced diminishing returns, showing
only a 13.1% improvement in FID score and a marginal 1.4 per-
centage point accuracy gain, demonstrating diminishing marginal
benefits.

Differential sensitivity to diffusion steps emerges across well-
log curve types (Fig. 14). GR and DEN curves, characterized by
relatively simple distributions among lithofacies, achieve satis-
factory quality metrics (FID~31) at lower diffusion steps.
Conversely, SP, AC, and CAL curves, exhibiting more complex dis-
tributions, require higher diffusion steps for substantial improve-
ment. This phenomenon aligns with observations by Ho et al.
(2020) in image generation: initial diffusion steps establish pri-
mary structural features, while subsequent iterations predomi-
nantly refine local details. The first 1000 diffusion steps primarily
establish core distributional characteristics of well-log responses
and principal inter-curve correlations (e.g., compensated neutron
log-density negative correlation) (Fig. 6(c) and (d)), whereas sub-
sequent steps optimize complex inter-curve relationships (e.g.,
subtle variations in acoustic-gamma ray parameter space) with
relatively limited contribution to overall quality enhancement.

A strong correlation emerges between data quality and classi-
fication performance (Fig. 15(a)). Decreasing FID scores correspond
to significant upward trends in accuracy and F1 scores, confirming
data quality as a fundamental determinant of classification effec-
tiveness. Notably, the log-transformation of diffusion steps reveals
approximately linear growth trends for both accuracy and F1
scores, with coefficients of determination (R?) reaching 0.94 and
0.93, respectively (Fig. 15(b)). This log-linear relationship corrob-
orates findings by Nichol and Dhariwal (2021) in diffusion
modeling research, providing theoretical guidance for optimal
diffusion step selection.

This log-linear relationship reflects the complex mechanism of
the diffusion process: initial diffusion phases primarily capture
principal distributional characteristics of the data, and when
quality reaches a threshold level (FID < 23.0), the model
adequately represents core lithofacies features for effective clas-
sification. Subsequent iterations primarily optimize subtle
boundary region differences, facilitating the discrimination of
lithofacies with overlapping feature spaces, though they
contribute only marginally to overall classification performance.
Classification performance and data quality exhibit highly syn-
chronized trends, demonstrating the characteristic “accel-
eration-saturation” behavior and confirming their fundamental
interconnection.
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Table 5

Effect of augmented sample size on RF model performance.

Samples per class Test accuracy, % F1 score, %

Train accuracy, % CV std dev, % Accuracy gain, %

T T T T T

Original 74.7 71.7 98.1 3.6 -
300 78.1 77.1 91.2 3.3 45
600 82.4 83.1 86.4 22 5.5
900 88.8 88.5 89.7 1.4 7.7
1200 89.7 89.1 89.9 1.4 1.2
1500 89.9 89.3 90.1 1.3 0.1
T 5.2. Impact of augmented sample size on model performance
oLl @12 @3 O |
3751 I 5.2.1. Effect on classification performance
35.0 - ) The sample size is another critical parameter in CPDM imple-
! mentation, and its influence on classification performance re-
< 3251 ] quires a systematic investigation (Yang and Ma, 2015). This
5 1 analysis examined the impact of varying lithofacies sample
§ 300 + i quantities per class, ranging from 300 to 1,500, on classification
T s ! performance while maintaining a diffusion step of 1,000.
’ 1 Table 5 illustrates the evolution of the RF model's performance
250 i across various sample sizes. Consistent with diffusion step pat-
! terns, sample size increases exhibited a characteristic “accel-
225 4 ] eration-saturation” response: accuracy improved substantially by
Acceleration i Saturation 10.6 percentage points (from 78.1% to 88.8%) when samples per
0

300 600 0 1200 1500

Number of samples per class

Fig. 16. Variation trends of F1 score for different lithofacies with increasing
augmented sample size.

Considering data quality, classification performance, and
computational efficiency collectively, 1000 diffusion steps repre-
sent the optimal configuration for this application: generating
high-quality augmented data (FID = 22.9), supporting classifica-
tion models achieving 88.8% accuracy and 88.5% F1
score—performance approaching that of 1500-step configurations
while avoiding computational resource waste associated with
excessive diffusion iterations.
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class increased from 300 to 900, whereas further increases from
900 to 1,500 yielded only marginal improvements of 1.1 percent-
age points. F1 scores followed identical trends, rising from 71.8% in
the original dataset to 88.5% at 900 samples before exhibiting
diminished growth rates. This response pattern aligns with bias-
variance decomposition theory (Geman et al., 1992): initial in-
creases in sample size primarily reduce model variance, but as the
sample size grows, the rate of variance reduction decelerates, and
performance gains plateau.

Different lithofacies categories exhibited markedly distinct re-
sponses to sample augmentation (Fig. 16). The rarest lithofacies, L1
(original proportion: 9.9%), derived the maximum benefit from
augmentation, with F1 scores increasing by 17.7 percentage points
across the 300 to 900 sample range. Conversely, L3 lithofacies,
representing the highest original proportion (38.3%), demon-
strated initial performance degradation (declining from 77.9% to
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Table 6
Effect of augmented sample size on data quality.

Petroleum Science 23 (2026) 3017-3036

Samples per class FID score MMD score FID decrease, % MMD decrease, %
300 314 0.089 - -
600 26.7 0.084 15.0 5.5
900 228 0.078 14.4 7.7
1200 219 0.077 3.9 1.7
1500 21.7 0.076 13 0.8
from an overfitted to a balanced state (Goodfellow et al., 2016).
Concurrently, the K-fold cross-validation standard deviation
o decreased from 3.6% on the original dataset to 1.4% with 900
augmented samples, indicating substantial improvement in model
stability. The convergence of training-testing performance gaps
2 97 O and reduced variance collectively demonstrated that increased
2y 1.0% - ’ augmentation enabled the model to achieve superior bias-
% g5 | 24% 1510 variance balance (Tantithamthavorn et al., 2016).
g Notably, the marginal benefit of additional augmented samples
on generalization improvement exhibited clear diminishing
81 returns. Beyond 900 samples per class, improvements across all
generalization metrics became negligible, indicating an optimal
75 © ot ® T balanc'e. between augmenta_tion quantity _and gene'rali_zation
capability. Further sample increases provided no significant

300 600 900 1200 1500

Number of samples per class

Fig. 17. Training-test performance gap with different augmented sample sizes.

76.8%) during early augmentation phases before recovering to
88.5%. This differential improvement pattern indicates that
augmented data addresses class imbalance issues by preferentially
enhancing recognition performance for underrepresented cate-
gories. Notably, all lithofacies categories demonstrated clear
saturation trends beyond 900 samples per class, confirming the
existence of optimal sample size ranges.

5.2.2. Effect on generalization capability

The quantity of augmented samples influences classification
accuracy and determines the model's generalization capability.
Table 6 demonstrates the evolution of data quality indicators
across varying sample sizes. The FID score consistently decreased
with increasing sample size, declining from 31.4 at 300 samples
per class to 22.9 at 900 samples (27.3% reduction). However,
further expansion from 900 to 1,500 samples yielded only a mar-
ginal decrease to 21.7 (5.3% reduction). The MMD score exhibited
similar diminishing returns. This inflection point coincided pre-
cisely with the performance saturation observed in classification
metrics, confirming that data quality is the critical mediating
factor between sample quantity and generalization capability,
consistent with findings reported by Karras et al. (2020) in
generative model studies.

Fig. 17 illustrates the relationship between augmented sample
size and model generalization performance. The original dataset
exhibited a substantial accuracy gap of 23.4 percentage points
between training and testing sets (98.1% vs. 74.7%), indicating se-
vere overfitting. Progressive increases in augmented sample size
systematically reduced this gap: 13.1, 4.00, and 1.00 percentage
points at 300, 600, and 900 samples, respectively, with conver-
gence to 0.2 percentage points at 1,200 samples, approaching the
optimal bias-variance equilibrium.

Training set accuracy followed a characteristic pattern of initial
decline followed by recovery, reflecting the model's transition
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enhancement of generalization.

Based on a comprehensive evaluation of classification perfor-
mance and generalization capability, 900 samples per class
emerged as the optimal configuration for this study. This setting
achieved high classification accuracy (88.8%) while maintaining
robust generalization capability (training-testing gap of merely 1.0
percentage points) and superior data quality (FID = 22.9) while
avoiding computational resource waste associated with excessive
augmentation.

5.3. Geological limitations and cross-basin applicability

This study demonstrates the effectiveness of CDPM-based data
augmentation for shale lithofacies classification within the Don-
gying Depression, achieving robust performance across wells from
different structural positions. However, as a single-basin study, the
model's generalization capability is inherently constrained by the
geological representativeness of the training dataset. While our
validation wells span different structural positions, they share the
same basin-scale depositional framework. Lithofacies variations in
unsampled depositional sub-environments within the basin
remain to be characterized. Future work will focus on acquiring
additional data from underrepresented settings to further validate
and refine the augmentation framework.

A fundamental challenge for ML models trained on single-basin
datasets is their transferability to basins with contrasting geological
characteristics. Lacustrine lithofacies assemblages exhibit substantial
variability controlled by complex interactions among depositional
climate, lake water conditions, and sediment supply (Li et al., 2022;
Liang et al., 2023). These factors are influenced by the basin-scale
tectonic setting, paleoclimate, water chemistry, and sediment prov-
enance, which collectively determine the mineralogical composition,
type of organic matter, and geochemical signatures preserved in
lacustrine shales. The quantity and geological diversity of training
data critically influence model generalization performance. Limited
data from a single geological setting may be insufficient to represent
the full spectrum of variability encountered in other lacustrine sys-
tems (Meng et al., 2025; Zhao et al., 2024). For instance, saline
lacustrine systems developed under arid paleoclimates typically
accumulate carbonate-evaporite facies with elevated salinity in-
dicators, contrasting markedly with freshwater systems that



G.-A. Li, C-Y. Lin, C.-M. Dong et al.

accumulate clay-rich facies dominated by terrigenous input under
humid conditions (Hou et al., 2022; Liang et al., 2018b). The Creta-
ceous Songliao Basin exemplifies such freshwater systems, charac-
terized by clay-rich lithofacies with substantial terrigenous clastic
input (Liu et al., 2019), which is fundamentally different from the
carbonate-rich facies of saline rift basins, such as the Dongying
Depression (Liang et al., 2018a). Although both systems can develop
algal-derived organic matter under favorable conditions, their
mineralogical frameworks differ markedly, reflecting distinct water
chemistry and paleoclimate regimes that control lithofacies
development.

These inter-basin geological variations highlight the impor-
tance of systematic cross-basin validation for evaluating model
transferability. Future research directions include: (1) extending
the CDPM framework to representative Chinese lacustrine basins
(e.g., Songliao Basin, Subei Basin) with contrasting water chemis-
try and depositional settings; (2) identifying basin-independent
feature engineering strategies that capture fundamental
lithofacies-logging relationships; and (3) developing transfer
learning approaches enabling efficient model adaptation with
limited retraining data. By progressively incorporating multi-basin
training datasets, we aim to construct increasingly generalized
augmentation frameworks that can address the full spectrum of
lacustrine shale diversity encountered in petroleum exploration
and development practices.

6. Conclusion

Our study introduces the first application of CDPMs for classi-
fying lacustrine shale lithofacies, thereby creating a systematic
framework for data augmentation that addresses the ongoing is-
sues of small sample sizes and class imbalance in geological
datasets. By constructing a stochastic diffusion process with con-
ditional control mechanisms for well-log data, the framework
successfully transformed 926 severely imbalanced samples into
3,600 balanced samples, achieving an 878.3% increase in the rep-
resentation of the rarest L1 lithofacies. The augmented dataset
significantly improved the class distribution while preserving the
original data's statistical characteristics (FID = 22.9, MMD = 0.078)
and petrophysical relationships. The model's performance
demonstrated the effectiveness of the augmentation approach,
with average accuracy and F1 scores across three mainstream al-
gorithms improving by 13.6 and 16.6 percentage points, respec-
tively. Notably, the RF model achieved 88.8% accuracy. The
approach notably reduced traditional model bias toward rare
lithofacies, with L1 lithofacies F1 scores increasing from 58.8% to
86.4% and recall improving by 33.1 percentage points. Multi-well
blind validation across different structural positions confirmed
the method's generalization capability, with models trained on
augmented data achieving 79.7% accuracy on well N55-X1 and
maintaining consistent performance on well NY1-6HF— repre-
senting a 10.2 percentage point improvement over conventional
approaches. These results establish CDPM-based data augmenta-
tion as a practical and effective tool for lithofacies classification in
lacustrine shale reservoirs. The successful implementation of
CDPMs in geological applications opens new opportunities for
advancing ML techniques in earth sciences, particularly for hy-
drocarbon exploration and reservoir characterization. To further
enhance the practical applicability of this methodology, future
research should extend beyond the current single-basin frame-
work. This includes acquiring additional data from underrepre-
sented depositional settings within the Dongying Depression and
systematically validating the approach across Chinese lacustrine
basins with contrasting water chemistry and depositional char-
acteristics. Such efforts will advance toward more robust and
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generalized augmentation frameworks capable of addressing the
full spectrum of lacustrine shale diversity encountered in petro-
leum exploration and development practice.
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