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Abstract: Accurate identification of lacustrine carbonate lithofacies is of critical importance for res-
ervoir evaluation. However, conventional deep learning methods face significant bottlenecks in such
complex settings, constrained by extreme class imbalance, the absence of uncertainty quantification
in deterministic models, and insufficient geological prior knowledge. To address these limitations, this
study proposes a Geologically Constrained Bayesian Prototypical Network (GC-BPN) that systemati-
cally overcomes these challenges through three synergistic mechanisms. First, the method introduces
prototypical network metric learning, which effectively mitigates data scarcity and overfitting tendencies
for extreme few-shot classes by learning class prototypes in an embedding space. Second, a Bayesian
probabilistic inference framework is constructed to transform deterministic weights into probability dis-
tributions, enabling quantitative assessment of predictive uncertainty and providing reliable confidence
indicators for lithofacies transition zones. Third, an enhanced Markov transition matrix is constructed by
integrating mineral compositional continuity with label transition probabilities, and a Viterbi dynamic
programming decoder is employed for global optimal sequence search, significantly suppressing litho-
facies discontinuities that violate depositional principles. Systematic validation was conducted using
16,648 labeled samples from five cored wells in the Qianjiang Depression of the Jianghan Basin. Results
demonstrate that the GC-BPN achieves an accuracy of 95.47% and a Macro-F1 score of 93.23% on the
full-well validation set. The proposed architecture not only achieves breakthroughs in recognizing ex-
treme few-shot classes (e.g., salt rock, granular mixed sedimentary rock) but also exhibits robust perfor-
mance in blind-well cross-well generalization tests, establishing a new paradigm for intelligent well-log
lithofacies identification in complex geological settings.
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1 Introduction

Lacustrine carbonate rocks constitute a significant
class of reservoirs in continental petroliferous
basins (Gomes et al., 2020; Zheng et al., 2024).
Compared with their marine counterparts, lacustrine
systems are governed by multi-source sediment
supply, high-frequency paleoclimatic oscillations,
and pronounced fluctuations in lake-water
salinity. These controls result in more complex
mineralogical compositions—characterized by
arbitrary mixing proportions of carbonate minerals,
terrigenous clastic material, and clay minerals—
as well as pronounced depositional heterogeneity,
with lithofacies types exhibiting rapid spatial and
temporal variations both vertically and laterally
(Yang et al., 2016; De Medeiros et al., 2024) . Con-
sequently, the accurate identification of lacustrine
carbonate lithofacies is of considerable scientific
and engineering significance for reservoir quality
assessment, flow unit delineation, and development
strategy optimization (Xin et al., 2023).

In recent years, data-driven methods, particular-
ly those employing deep learning, have achieved
substantial progress in well-log lithofacies
identification. Techniques ranging from classical
machine learning algorithms to deep neural
network architectures have effectively improved
prediction accuracy (Qi and Carr, 2006; Dawson
et al., 2023).Nevertheless, in the complex context
of lacustrine carbonate rocks, existing methods
still encounter three formidable bottlenecks. First,
labeled data scarcity and extreme class imbalance
(Nawal et al., 2022).Owing to the prohibitively
high cost of coring, samples of rare lithofacies
are extremely limited—for instance, salt rock
accounts for merely 0.7% of the dataset in this
study, yielding an imbalance ratio as high as
56.2:1. Under such conditions, purely data-driven

models are highly susceptible to overfitting, and

transfer learning across lithofacies domains proves
largely ineffective (Ding et al., 2024).Second, de-
terministic models lack uncertainty quantification
and are sensitive to label noise (Bao et al., 2023).
Within geological transition zones characterized
by gradational mineralogical changes, well-log
responses exhibit substantial overlap, and conven-
tional networks frequently produce overconfident
misclassifications. Concurrently, label noise
arising from subjective errors in depth-matching
core descriptions to well-log curves severely com-
promises model training and generalization (Nawal
et al., 2022).Third, the absence of geological prior
knowledge leads to predictions that violate sedi-
mentary principles (Silva Dos Santos et al., 2025).
Most existing models treat individual sampling
points as independently and identically distributed,
disregarding the vertical gradational pattern
dictated by Walther's Law—that is, the first-order
Markov property—thereby generating frequent
"isolated spikes" or "geologically impossible"
discontinuities in predicted profiles (Al-Mudhafar
et al., 2025).

To address these limitations, this study proposes
a Geologically Constrained Bayesian Prototypical
Network (GC-BPN) that systematically overcomes
the aforementioned challenges through a tripartite
synergistic framework. First, prototypical network
metric learning is introduced: by learning class
prototypes within an embedding space, few-shot
classification is realized, effectively resisting the
overfitting tendency induced by scarce labeled
data. Second, a Bayesian probabilistic inference
framework is constructed, converting deterministic
weights into probability distributions. This not
only enhances the model's robustness to label
noise caused by depth-alignment errors but
also, through Monte Carlo sampling, enables

quantitative assessment of predictive uncertainty,
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yielding reliable confidence metrics for lithofacies
transition zones. Third, an enhanced Markov
transition matrix is built that fuses mineral com-
positional continuity information, and a Viterbi
dynamic programming decoder is applied to
achieve globally optimal lithofacies sequence
prediction, markedly suppressing discontinuities
that contravene sedimentological principles
(Dawson et al., 2023; Aboubacar et al., n.d. ) .
Taking 16,648 labeled samples from five cored
wells in the Jianghan Basin as the study object,
this work systematically validates the effectiveness
and superiority of the GC-BPN in the automatic
identification of complex lacustrine carbonate

lithofacies.

2 Geological Background

2.1 Study Area and Lithofacies Classification
The Qianjiang Depression is situated in the central
part of the Jianghan Basin (Figure 1.), covering an
area of approximately 2,500km?, and constitutes
a major second-order tectonic unit. Structurally,
the Qianjiang Depression displays an overall
configuration of two slopes flanking a central sag,
forming a double-faulted rhombic depocenter that
is elevated in the east and west and depressed in
the central region, with the southern portion topo-
graphically higher than the northern portion. The
study area has experienced two fault-to-sag cycles,
developing two sets of source—reservoir succes-
sions: the Xingouzui Formation and the Qianjiang

Formation. Influenced by intense fault activity and
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Figure 2. Ternary diagram of mineral composition

rapid subsidence along the Qianbei fault system,
the Qianjiang Depression during the deposition of
the Qianjiang Formation represented the deepest
subsiding and fastest accumulating region within
the basin, serving as the primary depocenter. A
thick succession of inter-salt oil-bearing strata
was deposited, under environmental conditions
characterized by high salinity, strong evaporation,
restricted circulation, and alternating humid and
arid climatic episodes

Based on a three-endmember mineralogical
framework (terrigenous clastic / carbonate /
clay) in conjunction with sedimentary textural
characteristics, the lithofacies of the target interval
are classified into six genetic types (Figure 2.):
(1) Micritic carbonate, dominated by carbonate
minerals with a micritic to microcrystalline
texture, reflecting a low-energy, quiet-water

depositional environment; (2) Granular carbonate,

carbonate-dominated but distinguished by
a grain-supported texture, indicative of a
high-energy environment; (3) Fine-grained mixed
sedimentary rock, in which carbonate and clastic
components are juxtaposed in a fine-grained
texture, representing the most abundant class in
terms of sample count; (4) Granular mixed sed-
imentary rock, with carbonate grains and clastic
material exhibiting mixed support, belonging to an
extreme few-shot class; (5) Sandstone, dominated
by terrigenous clastic material; and (6) Salt rock,
representing chemical precipitates formed under
extreme evaporative conditions.

On the mineral-content ternary diagram (Figure
2.), the six lithofacies types display a clear
clustering structure: carbonate rocks aggregate
near the carbonate endmember, sandstones con-
centrate near the clastic endmember, and mixed

sedimentary rocks distribute across the central
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region, intuitively reflecting the continuous grada-
tional nature between siliciclastic and carbonate
lithologies. Box plots (Figure 3.) further quantify

the statistical differences among the six lithofacies
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Multi-dimensional box-plot analysis of mineral composition for lacustrine carbonate lithofacies

across the three compositional axes, providing a
geological basis for understanding why transition-
al lithofacies are prone to overlapping well-log
responses.
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Figure 4. Data distribution across the five cored wells
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2.2 Data Sources

In this study, well-log and core description data
were acquired from five cored wells (W-A, W-B,
W-C, W-D, and W-E). Following depth alignment

and quality control, a total of 16,648 labeled
samples were obtained. The spatial distribution
of the five wells effectively covers the principal

sedimentary facies belts of the study area, with
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Wells W-D and W-C yielding the largest datasets
(5,450 and 4,150 samples, respectively) and
Well W-E providing the smallest dataset (1,158
samples) (Figure 4.). The original well-log suite
comprised eight curve types. The compensated
neutron log (CNL) was excluded from Well
W-E owing to extensive data gaps; ultimately,
seven well-log types—GR, RD, RS, DEN, DTC,
CAL, and PEF—were retained as primary input
features to ensure inter-well consistency and
physical reliability of input variables. The dataset
exhibits severe class imbalance, with the ratio
of the most abundant to the least abundant class
reaching 56.2:1. This pronounced “long-tail
distribution” further underscores the challenges
associated with applying conventional data-driven
methods(Mohammadi et al., 2025) . The response
characteristics of each lithofacies type across
different well-log curves are illustrated in Figure 5..
Micritic carbonate and granular carbonate show
marked differences in bulk density (DEN) and
photoelectric absorption index (PEF), whereas
the mixed sedimentary rock classes display
substantial response overlap across all log curves,
which physically explains the inherent difficulty in

classifying transitional lithofacies.
3 Methodology

3.1 Prototypical Network (ProtoNet)

The prototypical network is a few-shot classifica-
tion method grounded in metric learning. Its core
principle is as follows: an encoder maps input
samples into a low-dimensional embedding space;
class prototypes are computed as the mean of the
embedded support set samples for each class; and
query samples are classified according to their
Euclidean distance to each class prototype. Given

an encoder f,, the prototype of class k is defined

40

as the mean embedding of ¢, samples belonging

to that class’s support set:

1
Ck:@ Zf¢(xi) H

X; €S,

where S, denotes the support set of class k, |S,|
is the number of samples in that set, x; denotes
the i-th sample in the support set, f,() represents
the feature embedding network, and ¢ denotes the
network parameters.

Once the prototype of each class is obtained,
the probability that a query sample x belongs to
class k is computed via a softmax function:

exp(—ll £, (x)—ck ||2)
zk,exp(—ll f¢(x)—ck, ||2)

where £,(x) denotes the embedding representa-

p(y=k|x)=

2

tion of the query sample x, ¢, is the prototype
of class k, ||f,(x)-c, | represents the squared
Euclidean distance between the query sample
and the class prototype, and the denominator
sums over all classes k' to achieve probability
normalization. This formulation converts distances
into a probability distribution by computing the
relative distance from the query sample to each
class prototype, ultimately assigning the sample to
the class with the highest probability.

In this study, the ProtoNet encoder adopts a
three-layer MLP architecture, with each layer
comprising a fully connected layer, batch nor-
malization, and a ReLU activation function. The
input dimensionality is 17, encompassing seven
original well-log features, seven derived features,
and three mineral-composition auxiliary features.
Training employs an episodic training strategy:
each episode is randomly sampled, and the loss
function is a class-weighted cross-entropy loss,
with weights inversely proportional to the sample

count of each class.
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3.2 Bayesian Prototypical Network (BPN)
The BPN replaces the deterministic encoder with
a hybrid Bayesian encoder, achieving uncertainty
quantification through probabilistic weight
distributions (Bao et al., 2023)reservoir prediction
plays a significant role since it can reveal the
characteristics of a reservoir through attribute
analysis. Multi-attribute reservoir prediction
models are the most commonly used methods that
aim to establish a reasonable relationship between
reservoir parameters and seismic attributes.
Although many related approaches have been pro-
posed, their results are unsatisfactory when given
limited logging data. Meanwhile, they frequently
fail to evaluate how reliable their predictions are.
Given the prominent advantages of Bayesian
methods to model uncertainty, we propose in this
paper a Bayesian neural network (BNN . The core
component is the Bayesian linear layer, in which
weights W false and biases b are no longer fid
values but instead follow Gaussian distributions
with learnable parameters:
W~N(,uw,afy),0'w=10g(1+exp(pw)) (3)
where p, denotes the mean parameter of the
weights, oy denotes the standard deviation of
the weights, and py, is the learnable log-stand-
ard-deviation parameter, with a softplus function
log (1+exp(py,)) applied to ensure positivity of the
standard deviation. During training, the network
learns the parameters p,, and py, while the
weights W are sampled from this distribution via
the reparameterization trick.

During training, a set of weights is drawn from
this distribution via the reparameterization trick;
during inference, the distribution of predicted
probabilities is obtained through multiple Monte
Carlo (MC) forward passes. The Bayesian prior
constraint is implemented through KL divergence

regularization:

KL[N(/J,O‘Z) I ./\/'(O,I)J =%Z(Gz + 4 —210g0'—1)

4
where N(y,O'Z) denotes the learned posterior
distribution, N(0,1) denotes the standard normal
prior distribution, and x and o are the mean and
standard deviation of the posterior distribution,
respectively. This formulation regularizes the
model and prevents overfitting by minimizing the
KL divergence between the posterior and prior
distributions.

During the inference stage, the mean predicted
probability is obtained through T MC forward
passes, from which two uncertainty metrics are
derived: (1) predictive entropy (total uncertainty),
which reflects the overall degree of uncertainty in
the model’s individual predictions; and (2) mutual
information (epistemic uncertainty), which can
accurately capture knowledge blind spots arising
from insufficient training data. These metrics
provide critical confidence indicators for practical
oilfield applications, enabling engineers to explic-
itly identify and exercise caution with predictions

for which the model may be “overconfident.”

3.3 Complete GC-BPN Architecture

The GC-BPN model, which introduces two tiers
of geological constraints on top of the BPN
framework (overall architecture shown in Figure
6.), fully exploits the pronounced Markov property
inherent in stratigraphic depositional sequences—
namely, that the probability of adjacent depth
intervals belonging to the same lithofacies is
substantially higher than the probability of an
abrupt change (Abdel-Fattah et al., 2022)the
Upper Cretaceous Khasib Formation is the largest
producing carbonate reservoir. The basic architec-
ture of the “Khasib reservoirs” is heavily impacted

by the lithofacies classification and sequence
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Figure 6.  Architecture of the GC-BPN model

stratigraphic interpretation at East Baghdad
field. A description of the Khasib Formation in
terms of depositional systems, environments and
lithofacies was obtained by studying the vertical
distribution of the lithofacies, defined using well-
log values and their mutual statistical relationships
and constrained by the core data (thin sections .
The model integrates two types of geological prior
information from the training data to construct this
enhanced transition matrix. Specifically, a label
transition probability matrix P _label is derived by
counting the frequency of lithofacies transitions
between adjacent sampling points and applying

normalization:
__ Count(y, =i,y,,, =J)
Zj,COul‘lt (Yt =1, Y = J,)

A};‘bel (5)

where y, denotes the label at time step t,
Count(y, =i,y,,, = j) counts the occurrences in the
training set where label 1 is immediately followed
by label j, and the denominator sums over all

possible subsequent labels j for normalization.
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This matrix captures the transition patterns of label
sequences and can be employed to constrain the
model’s predictions.

Concurrently, a mineral continuity matrix
P _mineral is obtained by computing the cosine
similarity between mineral composition vectors of

adjacent sampling points and normalizing:
- Zt:y.:ivylﬂzjcos(m"m‘”)
22y, 08 (M)

where m, denotes the feature vector at time

A mineral
ij

(6)

step t, and cos(m,,m,,) computes the cosine

similarity between feature vectors of adjacent
time steps. This formulation employs weighted
similarity rather than simple counting, enabling
a more nuanced characterization of the transition
relationships among mineral components. The
resulting fused matrix (Figure 7) not only reflects
the vertical gradational pattern of strata through its
diagonal dominance, but its off-diagonal elements
also accurately capture the transition probabilities

at lithofacies boundaries.
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3.4 Feature Engineering and Data
Partitioning

Building upon the seven original well-log curves,
seven derived features were computed in this study
(Table 1): logarithm of deep resistivity log1 0(RD),
logarithm of shallow resistivity logl 0(RS),
resistivity ratio RD/RS, lithology—density ratio
GR/DEN, photoelectric—gamma product PEFxGR,
density—photoelectric difference DEN—PEF, and
acoustic impedance DENxDTC. The resulting 14
well-log features were standardized using Z-score

normalization. To rigorously prevent information

Table 1.

leakage, the StandardScaler was fitted exclusively
on the training set and subsequently applied to the
validation and test sets.

This study adopts a two-stage data partitioning
strategy to comprehensively evaluate model
performance. Stage A (global mixed evaluation):
samples from all five wells are pooled and
randomly split in an 80/20 ratio stratified by the
target variable, with the objective of establishing
the model’s benchmark performance ceiling
within the known geological distribution. Stage
B (blind-well cross-well evaluation): Well W-B
is designated as a fully independent blind well
(100% of its samples constitute the test set), while
the remaining four wells are split in an 80/20 ratio
following a strictly depth-continuous sequence.
This depth-sequential partitioning strategy effec-
tively mitigates the risk of data leakage arising
from spatial autocorrelation in well-log data, and
its objective is to rigorously test the model’s cross-
well generalization capability when confronted

with unseen well intervals.

Derived features

Derived Feature Formula

Physical Interpretation

Compaction-corrected resistivity, compresses order-of-magnitude

Compaction-corrected shallow resistivity

Resistivity contrast between invaded zone and undisturbed formation;

fluid property indicator

Ratio of natural radioactivity to bulk density; lithology-sensitive

Composite lithology indicator integrating photoelectric absorption and

Difference between density and photoelectric index; composite lithol-

ogy—petrophysical indicator

Logarithm of deep resistivity log10(RD) .
differences

Logarithm of shallow resistivity logl10(RS)

Resistivity ratio RD/RS

Lithology—density ratio GR/DEN

Photoelectric—gamma product PEFxGR ) o
radioactivity

Density—photoelectric difference DEN—-PEF

Acoustic impedance DEN/DTC

Wave impedance; composite lithology—petrophysical parameter

43



ASEIG

Vol. 2, Issue. 2 (2026 )

4 Results and Discussion

4.1 Progressive Performance Comparison of
the Three Models

Under the Stage A global mixed validation, the
baseline fitting capacity of each model within the
known geological distribution was thoroughly
evaluated (Table 2). As the baseline, the ProtoNet
model yielded satisfactory identification perfor-
mance for the majority classes with adequate
sample representation; however, constrained by
class imbalance, it exhibited severe inter-class
confusion for the minority class of granular mixed
sedimentary rock (Figure 8.). The introduction
of the BPN model partially alleviated this issue,
substantially improving overall identification
accuracy. Nevertheless, its comparatively high
expected calibration error revealed a tendency
toward overconfidence in probabilistic outputs.

By contrast, the proposed GC-BPN model
achieved an optimal balance between classification
performance and predictive reliability through the
incorporation of geological constraints, attaining
an accuracy of 95.47% and a Macro-F1 score
of 93.23%. Furthermore, the training dynamics

(Figure 9.) confirmed that the model converged

Training Loss

0.8

0.7

0.6

0.5

04

rapidly without exhibiting discernible overfitting,
demonstrating excellent generalization stability
and computational efficiency. These characteristics
also laid a solid foundation for the subsequent

cross-well generalization tests in Stage B.

Table 2. Performance comparison of the three models on
the full-well validation set

Macro  Weighted Optimal
Model  Accuracy
-F1 -F1 Epoch
ProtoNet 0.7787 0.7145 0.7872 48
BPN 0.8562 0.8260 0.8574 99
GC-BPN  0.9547 0.9323 0.9547 143
olieriie SETETAM  0.9%  0.7%  9.9%  19%  9.8%
sat  0.0% MCEEVM 42%  0.0%  0.0%  0.0%
g Smdstone  0.0%  0.0% MCROUAM 19%  3.1%  0.0%
K|
g Mhegmined  g5%  0.8%  10.1% [MEXIM 9.1%  19%
. 00%  0.0%  27%  14% QYRS 1.4%
Ol 68%  0.0%  00%  08%  15% [EOINMA
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Figure 8. Confusion matrix of ProtoNet
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Figure 9. Training process curves of the GC-BPN model
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Figure 1.0 Per-class F1-score comparison

As illustrated in Figure 1.0, the GC-BPN
maintains F1 scores above 0.87 across all
six lithofacies types, demonstrating a clear
performance advantage. The model achieves ex-
ceptionally high identification rates (F1 > 0.95) for
well-represented conventional lithofacies such as
sandstone and carbonate rocks. More importantly,
for extreme few-shot classes such as salt rock and
granular mixed sedimentary rock, the F1 scores
nonetheless reach approximately 0.88. Compared
with the baseline models, the GC-BPN yields a
near-doubling of the F1 score for granular mixed
sedimentary rock, convincingly demonstrating
the critical role played by Bayesian inference
and geological prior constraints in overcoming
class imbalance and enhancing the recognition of
minority classes.

The incorporation of Viterbi post-processing
further corrected 52 isolated prediction discontinu-
ities, raising the model’s accuracy and Macro-F1 to
95.47% and 93.23%, respectively, and effectively
ensuring the vertical continuity of geological se-
quences. The confusion matrix (Figure 1.1) shows
that the predictions of the GC-BPN are highly
concentrated along the diagonal, with extremely
low misclassification rates for all classes. The t-SNE
feature visualization (Figure 1.2) further indicates
that the six lithofacies types form well-defined
and compact cluster boundaries in feature space,

exhibiting excellent inter-class separability.
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Figure 1.2 t-SNE embedding visualization of GC-BPN

4.2 Uncertainty Analysis

To further investigate the reliability of the model’s
predictions and the underlying physical signifi-
cance, a quantitative decomposition analysis of

prediction uncertainty was conducted. The results
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demonstrate that, following the introduction
of geological constraints, the mean predictive
entropy of the GC-BPN was markedly reduced
to 0.13, indicating a substantial improvement in
the model’s prediction confidence. Within the
uncertainty budget of the GC-BPN, epistemic
uncertainty accounts for merely ~5.7% of the
total predictive entropy. This suggests that the
model has adequately captured the discriminative
boundaries of all classes, and that the residual
total uncertainty is predominantly governed by
the intrinsic aleatoric uncertainty of the data. By
contrast, although the BPN model’s uncertainty
is similarly dominated by aleatoric uncertainty,
its expected calibration error reaches as high as
0.0784, exposing a pronounced overconfidence
bias: within intermediate confidence intervals, the
actual accuracy is notably lower than the predicted
confidence. This phenomenon represents a canon-
ical deficiency of purely data-driven models in the
absence of spatial geological constraints, thereby
underscoring the necessity of incorporating geo-
logical prior constraints to calibrate probabilistic

outputs (Bao et al., 2023reservoir prediction plays
Predictive Uncertainty Distribution
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a significant role since it can reveal the charac-
teristics of a reservoir through attribute analysis.
Multi-attribute reservoir prediction models are
the most commonly used methods that aim to
establish a reasonable relationship between reser-
voir parameters and seismic attributes. Although
many related approaches have been proposed,
their results are unsatisfactory when given limited
logging data. Meanwhile, they frequently fail to
evaluate how reliable their predictions are. Given
the prominent advantages of Bayesian methods
to model uncertainty, we propose in this paper a
Bayesian neural network (BNN; Mohammadian et
al., 2022).

Both Pearson and Spearman correlation analyses
indicate that samples with high predictive entropy
are strongly concentrated within mineral compo-
sitional transition zones. From the perspective of
well-log response mechanisms, gradational changes
in mineral composition—for example, the evolution
from fine-grained mixed sedimentary rock to
micritic carbonate—cause the well-log response
characteristics of different lithofacies to overlap

spatially, forming ambiguous decision boundaries.
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Figure 1.3 Uncertainty analysis of GC-BPN
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This uncertainty, arising from the intrinsic
ambiguity of the data, fundamentally reflects the
inherent overlap of well-log responses (aleatoric
uncertainty) together with the model’s limited
discriminative capacity for samples located in
transition zones (epistemic uncertainty). The t-SNE
feature space visualization, color-coded by mineral
composition, provides further intuitive confirmation
of this pattern: a distinct gradational transition zone
forms between samples with high carbonate content
and those with high clay content, and the predictive
entropy of samples within this transition zone
reaches peak values (Figure 1.3). This convincingly
demonstrates that predictive entropy can serve as an
effective indicator for quantifying the ambiguity of

geological transition zones.

4.3 Blind-Well Generalization Experiment
Having validated the model’s excellent fitting
capacity within the known geological distribution,
it is essential to further assess its cross-well gener-
alization capability when confronted with unseen
well intervals. To this end, Stage B was designed
as a semi-blind test with Well W-B designated as
the target blind well (Table 3). The results show
that the GC-BPN maintains its performance lead,
achieving an accuracy of 76.01% and a Macro-F1
of 69.74%, significantly outperforming both
ProtoNet and BPN.

In terms of absolute metrics, the GC-BPN’s
performance on the blind well surpasses that of
BPN and ProtoNet by 7.40 and 6.20 percentage

points, respectively, convincingly demonstrating

that its learned geological representations possess
superior cross-well transfer potential. At the
class level, the GC-BPN retains relatively strong
identification capability for salt rock and micritic
carbonate, with F1 scores reaching 0.889 and
0.786, respectively; however, the recognition rate
for granular mixed sedimentary rock declines
sharply, with an F1 of only 0.237. This indicates
that, under cross-well generalization scenarios, the
accurate identification of extreme few-shot classes

remains a formidable challenge yet to be resolved.

4.4 Ablation Experiment

To quantify the individual contribution of each key
component, an incremental ablation experiment
was designed (Figure 1.4). The results indicate
that the probabilistic inference module (Bayesian
layers and MC sampling) makes the most substan-
tial contribution: it not only effectively alleviates
overfitting through regularization—yielding a
Macro-F1 improvement of 0.0132—but also
furnishes the model with a theoretical framework
for uncertainty quantification. Concurrently, the
geological Markov constraint introduced via
Viterbi post-processing effectively suppresses
isolated prediction discontinuities in the well-
log sequence. It is noteworthy that, although
class weighting yields only a marginal direct
gain under the high autocorrelation conditions of
same-well training, it proves critical in cross-well
generalization: it effectively prevents the features
of minority classes from being overwhelmed by

majority classes under domain shift, enabling the

Table 3. Performance comparison of the three models on blind Well B
Model Accuracy Macro-F1 Weighted-F1 Generalization Gap (Acc)
ProtoNet 0.6981 0.5887 0.7275 8.06 pp
BPN 0.6861 0.5809 0.7097 17.01 pp
GC-BPN 0.7601 0.6974 0.7764 19.46 pp
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Figure 1.4  Independent contribution of each component to Macro-F1 in the ablation experiment

GC-BPN to achieve a substantial performance lead
with an accuracy of 76.01% in the Stage B blind-
well test. Ultimately, the fully integrated GC-BPN,
with all components operating synergistically,
attains the optimal comprehensive performance,
with accuracy and Macro-F1 reaching 0.9547 and
0.9323, respectively.

5 Conclusions
To overcome the three principal bottlenecks
encountered in lacustrine carbonate lithofacies
identification—namely, labeled data scarcity, the
absence of uncertainty quantification, and insuffi-
cient integration of geological prior knowledge—
this study proposes a Geologically Constrained
Bayesian Prototypical Network (GC-BPN). Based
on the tripartite synergistic mechanisms of this
model, the following main conclusions are drawn:
Under full-well validation, the GC-BPN
demonstrates excellent comprehensive performance,
significantly surpassing existing baseline models.
Notably, the model effectively mitigates the data
class imbalance problem, substantially improving the

identification accuracy of extreme few-shot classes
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such as salt rock and granular mixed sedimentary
rock. This finding robustly validates the effectiveness
of Bayesian inference and class-weighting strategies
in feature representation learning.

By constructing an enhanced Markov matrix
that fuses label transition probabilities with min-
eral continuity information, and by coupling this
with the Viterbi global decoding algorithm, the
model effectively suppresses isolated lithofacies
discontinuities that violate sedimentological prin-
ciples, thereby markedly enhancing the geological
plausibility and vertical continuity of the interpret-
ed well-log profiles. Furthermore, the introduction
of geological constraints significantly calibrates
the model’s prediction confidence, substantially
reducing predictive entropy. The study reveals a
significant positive correlation between predictive
entropy and mineral compositional ambiguity.
This not only elucidates the intrinsic mechanism
underlying overlapping well-log responses
in transition zones but also provides a novel
analytical tool for the quantitative characterization
of geologically ambiguous boundaries.

Under rigorous semi-blind well testing, the core
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metrics of the GC-BPN remain significantly ahead
of those of the comparative models, demonstrating
excellent cross-well generalization potential. In
view of current limitations, future work will focus
on three directions: first, exploring approximate
mineral content estimation methods based on well-
log curve morphological features to reduce the
model’s dependence on measured mineralogical
data; second, incorporating higher-order Markov
chains or Hidden Markov Models (HMM) to more
accurately capture complex vertical depositional
cyclicity; and third, deeply integrating domain
adaptation and active learning strategies to further
overcome the cross-well generalization bottleneck
of the model.
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