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Dual Adversarial Adaptation With Dynamic
Labeling Mechanism for Semisupervised

Cross-Well Lithology Identification
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Abstract—Well log instruments continuously measure multi-
ple geophysical parameters of wellbore rocks, providing high-
resolution observation data for identifying subsurface lithology.
Recently, lithology identification methods based on semisuper-
vised learning and transfer learning have been investigated to
address the widespread issue of label scarcity. However, these
methods only account for the distribution discrepancy between
wells (domains), while ignoring the data divergence within a
well. This can result in inaccurate pseudolabels within a well
and erroneous label matching across wells. To cope with these
challenges, we propose a dual adversarial adaptation method
with dynamic labeling mechanism for semisupervised cross-well
lithology identification. Our method leverages intradomain adver-
sarial learning to promote fine-grained category alignment and
interdomain adversarial learning to generate domain-invariant
feature representations, thereby reducing the data differences
within and between wells. Additionally, our method introduces
a dynamic label adjustment mechanism to optimize the selection
of target pseudolabels and source samples, thereby increasing
reliable supervision information and improving the feature align-
ment process. Experimental results on actual well log datasets
demonstrate that our method can achieve effective cross-well
lithology identification when target labels are scarce.
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Impact Statement—Lithology identification from well log
curves is crucial for constructing fine-grained geological models.
However, existing studies face challenges in predicting lithology
across wells due to the combined effects of limited labels and
distribution differences. We propose to perform adversarial
learning both across and within wells, combined with dynamic
labeling assignment, to overcome these challenges. Experiments
on real-world well log datasets demonstrate that the proposed
method improves the macroaverage recall of cross-well lithology
identification by 12.6% on average compared to existing methods,
when only 10% of the labels are available for the target well.
This advance provides a feasible solution for geological modeling
under scarce labels and cross-scenario conditions.

Index Terms—Adversarial learning, domain adaptation, lithol-
ogy identification, semisupervised learning, well logs.

I. INTRODUCTION

WELL log instruments record the geophysical properties
(such as acoustics, electricity, and nuclear magnetism)

of rocks surrounding the wellbore, enabling continuous charac-
terization and high-resolution modeling of the borehole geology
[1], [2], [3]. As a fundamental task in geological modeling,
lithology identification aims to interpret and infer the depth-
wise lithology category using multiple well log curves mea-
sured by these instruments [4]. Early studies on well log-based
lithology identification employed empirical formulas to infer
lithology by developing shale content equations [5] or cross-
plots [6]. These methods are adept at handling linear relation-
ships between a small number of strongly correlated well logs
and lithology. However, they encounter challenges in modeling
the dependencies among multidimensional well logs, which
limits their accuracy in interpreting complex reservoirs.

Since the well log curves are well structured and have strong
regularity, machine learning methods have recently shown great
potential in lithology identification [7]. Numerous supervised
learning-based lithology identification methods have been pro-
posed, evolving from classical machine learning to powerful en-
semble learning and deep learning, and from simple application
to insightful feature representation [8], [9], [10], [11]. For exam-
ple, Zhou et al. [12] employ SMOTE to address the imbalance
among lithology classes and develop a lithology identification
model based on the gradient boosting decision trees (GBDT).
Considering the variation shape of well logs, Li et al. [13] apply
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the local mean decomposition to extract multidepth shape fea-
tures and perform multigrained scanning on the optimized well
log features to enhance the feature representation. Zhang et al.
[14] proposed a sequence correlation filtering method based on
one-dimensional convolution, which leverages category-wise
filtering to improve the discriminability of different lithology
types within logging features. Other approaches combine well
logs and seismic data for lithofacies prediction [15], [16].

Despite the progress of supervised learning methods, they
rely heavily on sufficient lithology labels, which are difficult
to obtain in practice due to the high cost of coring operations.
Researchers have shifted their focus to lithology identification
under the more practical issue of label scarcity. Some semisu-
pervised lithology identification methods have been proposed to
assign pseudolabels to unlabeled samples. For example, Dun-
ham et al. [17] apply label propagation and self-training to
enrich the number of lithology labels and improve supervised
learning. Zhao et al. [18] use a predefined threshold outside the
training loop to generate pseudolabels. Nevertheless, existing
methods are not able to dynamically adjust the threshold of
pseudolabels with the learning progress. This static label as-
signment can lead to inaccurate pseudolabels when there are
distribution differences between labeled and unlabeled sam-
ples, posing a great challenge for semisupervised lithology
identification.

In addition to semisupervised learning, some studies have
proposed leveraging auxiliary domains for transfer learning to
tackle the issue of insufficient labels on the target well. In
this paradigm, wells with sufficient labeled samples (interpreted
wells) are regarded as the source domain, while wells with only
a few or no labeled samples (uninterpreted wells) are regarded
as the target domain [19]. Due to the differences in well log
instruments and measurement technologies, data from different
wells (domains) have varying distributions [20], [21]. To this
end, domain adaptation methods have been proposed to align
feature distributions and reduce distribution discrepancies. For
example, Ren et al. [22] use the joint maximum mean discrep-
ancy (MMD) to learn transferable and discriminative features
of well logs. Xu et al. [23] combine contrastive learning and
adversarial learning to improve the generalization of the lithol-
ogy identification model. Considering the physical meaning of
well log variables, Wu et al. [24] employ the projected MMD to
reduce the distribution discrepancy of well logs in a unilateral
alignment way.

Although existing methods have considered the cross-well
data distribution discrepancy, they neglect the divergence of
data within the same well. In fact, due to differences in sedimen-
tary environments and fluid characteristics of different strata,
the well log data on the same well may be divergent. As shown
in Fig. 1(a), we can observe significant distribution discrepancy
between interpreted wells and uninterpreted wells. Beyond the
interwell discrepancy, in Fig. 1(c), there are also distribution
differences between labeled and unlabeled samples on a sin-
gle well, i.e., intrawell divergence. However, existing methods
did not take into account the impact of intrawell divergence
on domain alignment, which can lead to erroneous category

Fig. 1. Interwell discrepancy and intrawell divergence of well log data
distributions. (a) and (c) t-SNE visualization of samples from wells A and
B. (b) Data from well A are fully labeled, where CORE denotes the ground-
truth lithology from core sampling. (d) Data from well B have only a few
labels.

matching and unstable training process, posing another chal-
lenge for cross-well lithology identification.

To address the above challenges, this study proposes a dual
adversarial adaptation method with dynamic labeling mech-
anism for semisupervised cross-well lithology identification.
Specifically, we establish a dual adversarial architecture to
reduce the intrawell divergence and interwell discrepancy. In
the target intradomain adversarial adaptation, we use multiple
class-specific discriminators to promote class-wise alignment
within the target domain, making the domain structure more
compact. In interdomain adversarial adaptation, we use a do-
main discriminator to enforce the learning of domain-invariant
features, thereby aligning the feature distribution between the
source and target domains. Furthermore, to fully leverage the
target label information and improve the feature alignment pro-
cess, we propose a dynamic label adjustment mechanism that
adaptively optimize the selection of target pseudolabels and
relevant source samples. Through the above dual adaptation and
label adjustment, our method can achieve accurate cross-well
lithology identification. The proposed method is evaluated on
actual well log data from an oilfield in eastern China. Compar-
ison results and feature visualization demonstrate the effective-
ness of our method in cross-well lithology identification. The
contributions of this study are summarized as follows.

1) We propose a dual adversarial adaptation method to re-
duce the intrawell divergence and interwell discrepancy
of well log data.

2) We propose a dynamic label adjustment mechanism to
increase reliable supervision information and improve the
training process.
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3) Extensive experiments on actual well log datasets demon-
strate that our method can achieve effective cross-well
lithology identification when target labels are scarce.

The rest of this article is organized as follows. First, we
introduce the related work. Second, we present a detailed ex-
position of the proposed semisupervised cross-well lithology
identification method. Then, we describe the experimental set-
tings and analyze the comparative results. Finally, we present
the conclusion of our work.

II. RELATED WORK

A. Semisupervised Lithology Identification

Label scarcity is a common problem in well log interpreta-
tion, leading to reduced generalization ability of supervised ma-
chine learning methods. Researchers have recently attempted
to introduce semisupervised learning approaches to address
this problem. Lan et al. [25] introduced positive and unlabeled
learning, gradually restoring the pseudolabels of the unlabeled
portion with a fixed threshold to identify different logfacies with
limited positive labels. Li et al. [26] applied label propagation
algorithms to assign pseudolabels and further used decision
tree to generate ensemble pseudolabels of lithology categories.
Zhu et al. [27] separated the well-logging curves as different
feature-visions, and then applied trilearning to produce ensem-
ble pseudolabels. Hong et al. [28] combined active learning with
semisupervised learning, using informative queries to promote
a self-train pseudolabel framework. Ren et al. [29] introduced
pseudolabel detection based on entropy and probability criteria
to provide a global threshold for pseudolabels to utilize un-
labeled well-logging samples. Dong et al. [30] introduced a
semisupervised ladder network, which combines unsupervised
denoising autoencoder for unlabeled data, and then selects the
top several pseudolabel samples to adopt by confidence level.
However, existing semisupervised methods usually use a fixed
threshold to generate pseudolabels, which could lead to inaccu-
rate pseudolabels and thus limit the performance of the model,
especially when there are distribution differences between la-
beled and unlabeled data [31]. In contrast, our method enables
the model to dynamically adjust the confidence thresholds ac-
cording to its learning progress, thereby improving the accuracy
of the model.

B. Cross-Domain Lithology Identification

Domain adaptation methods have recently been applied in
lithology identification to address the problem of distribution
discrepancy of well log data caused by differences in logging
instruments and measurement technologies [20]. For instance,
Zhou et al. [32] proposed a streamlined pretraining and self-
training framework and selected high-confidence lithology hard
labels for each class in the target domain based on the pro-
portion of classes from the source domain. Wu et al. [24]
used class-aware maximum mean discrepancy (MMD) as an
explicit measure of domain differences and introduced a one-
side alignment module to retain source domain information
while combating data drift. Ren et al. [22] addressed the domain

differences by using a denoising autoencoder to reconstruct
differences and align the feature spaces. The class-aware MMD
and maximized MMD are employed to preserve separability
and enhance model discriminability. Although existing studies
have considered the problem of cross-well distribution discrep-
ancy, most of them ignore the data divergence within the well,
which can affect the matching of categories and the stability of
cross-domain training. In this article, we propose a dual adver-
sarial adaptive method to simultaneously address the interwell
discrepancy and intrawell divergence.

C. Semisupervised Domain Adaptation

Domain adaptation aims to narrow the discrepancy between
different domains. Semisupervised domain adaptation (SSDA)
has made recent progress, with research related to this article
primarily focusing on addressing intradomain gaps and improv-
ing pseudolabel accuracy. Li et al. [33] propose an adversarial
adaptive clustering method that groups samples with similar
features into clusters to enhance intraclass compactness. Pan
et al. [34] devise an entropy-based ranking strategy to partition
target samples into easy and hard subdomains, and employ an
intradomain discriminator to reduce the gap between them. Dif-
ferent from these methods, our study considers the distribution
differences between labeled and unlabeled data in the target
domain, and designs class-specific discriminators to mitigate
the intradomain differences. Li et al. [35] construct a heteroge-
neous graph to capture cross-domain sample associations and
propose a pruning strategy based on confidence uncertainty
and prediction dissimilarity to reduce erroneous pseudolabels.
He et al. [36] leverage label consistency across different clus-
tering algorithms to improve pseudolabel accuracy. Huang
et al. [37] enhance pseudolabel reliability through probability-
level consistency and historical prediction regularization. Zhang
et al. [38] investigate a more general SSDA setting, refining
pseudolabels by balancing their distribution. In contrast to these
methods, which generally adopt static or global expectation-
based thresholds to determine high-confidence pseudolabels,
our study incorporates both global and class-specific prediction
status to dynamically optimize the confidence thresholds.

III. METHODOLOGY

A. Overview

First, we present the problem formulation of semisupervised
cross-well lithology identification. Suppose there are ν types of
logging curves. A training sample is a ν-channel sequence of
length H , denoted as x=

[
x(1),x(2), . . . ,x(ν)

]
∈ R

H×ν , and
its label y is the lithology at the middle depth of x. Denote
the data from the interpreted well as the source domain Ds =
(Xs, Ys) = {(xs

i , y
s
i )}ns

i=1, where ns is the number of source
samples, ysi ∈ Ω= {1, 2, . . . ,M}, Ω is the label space, and
M is the total number of lithology categories. Denote the
data from the uninterpreted well as the target domain Dt =
Dtl ∪ Dtul which contains a small number of labeled samples
Dtl = (Xtl, Ytl) = {(xtl

i , y
tl
i )}ntl

i=1 and a large number of unla-
beled samples Dtul =Xtul = {xtul

i }ntul

i=1 , where ntl � ns and
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Fig. 2. Framework of dual adversarial adaptation method with dynamic labeling mechanism for semisupervised cross-well lithology identification.

ntl � ntul. Typically, Ds and Dt, as well as Dtl and Dtul

obey different marginal probability distributions. Our goal is
to predict the lithology label of Dtul using Ds and Dt.

To achieve this goal, we proposes a dual adversarial adap-
tation method with dynamic labeling mechanism, as shown in
Fig. 2. The proposed method consists of two major modules:
a dual adversarial adaptation module and a dynamic label ad-
justment module. The former includes intradomain adversarial
learning to facilitate fine-grained category alignment and inter-
domain adversarial learning to generate domain-invariant fea-
ture representations. The latter includes target pseudolabeling
to optimize the selection of reliable pseudolabels and source
reweighting to emphasize source samples similar to the tar-
get domain. Through these modules, our method reduces data
differences and enhance feature alignment, enabling accurate
cross-well lithology identification.

The specific network structure is as follows. First, the la-
beled source data Ds, the unlabeled target data Dtul, and the
labeled target data Dtl are fed into a shared feature extractor
F , producing intermediate features hs, htul, and htl, respec-
tively (as shown in Fig. 2). F is composed of one-dimensional
convolutional layers and channel attention modules to capture
both the shape and fine-grained features of well log curves [39].
Subsequently, the intermediate features are processed by four
branches.

1) htul and htl are input into class-specific discriminators
Dm

intra to reduce intrawell divergence.
2) hs, htul, and htl are fed into a domain discriminator

Dinter to reduce interwell discrepancy.
3) hs, htul, and htl are further passed to another domain

discriminator D̃ to evaluate the similarity between source
and target samples.

4) hs and htl are input into a classifier C, which incorporates
a target pseudolabeling strategy to facilitate lithology
classification.

Following the configurations of existing domain adaptation
studies [40], all discriminators D and the classifier C are im-
plemented as fully connected layers with different initialization
parameters. The following sections will provide a detailed de-
scription of each module.

B. Dual Adversarial Adaptation

To eliminate the intrawell divergence and interwell dis-
crepancy, we expect to compact the class-specific informa-
tion within the domain and extract transferable knowledge be-
tween domains. Following the recent popular adversarial do-
main adaptation [40], [41], [42], [43], [44], we employ the
adversarial learning paradigm to optimize the domain discrim-
inators and feature extractors. A dual adversarial adaptation
architecture is proposed to promote the feature compaction and
transfer. We present a detailed exposition of the two adversarial
approaches below.

1) Intradomain Adversarial Adaptation: In practical pro-
duction, a single wellbore drilling operation spans various strata
and different sedimentary environments, leading to feature di-
vergence among samples collected from spatially distant loca-
tions. Due to the extremely limited number of labeled samples
available in the target well, there are inevitably distribution
differences between labeled and unlabeled data. Such intrawell
divergence can lead to category mismatching during the feature
alignment.

To address this problem, an intradomain adversarial adap-
tation module is designed to achieve class-wise alignment, as
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shown in Fig. 2. Specifically, the class-specific discriminators,
denoted as Dm

intra,m= 1, 2 . . .M , are designed for each lithol-
ogy category to match the labeled and unlabeled data associated
with category m in the target domain. Since the class of unla-
beled data is unknown, it is necessary to determine which class
discriminator should be assigned to each unlabeled sample.
Considering that the output of the classifier pi = C (xi) can
indicate the probability of the sample xi belonging to each
class, we use pi as the attention coefficient to weight the feature
of xi. Then, the process of intradomain adversarial learning can
be formulated as follows:

Ld·intra (ϑf , ϑd·intra) =

− 1
ntl+ntul

M∑

m=1

∑

xi∈Dt

Le (D
m
intra (p

m
i F (xi;ϑf ) ;ϑd·intra), ei)

(1)

where Le is the cross-entropy loss for class-specific discrimi-
nators, F is the feature extractor, ϑf and ϑd·intra are learnable
parameters, and ei indicates whether xi is a labeled or unlabeled
sample. In this way, we assign the unlabeled target samples
to the class domain discriminator using soft labels based on
the prediction probabilities, thereby achieving distribution and
category matching within the target domain.

Considering supervised learning with target labeled sam-
ples, the overall loss of intradomain adversarial learning is as
follows:

Lintra (ϑf , ϑc, ϑd·intra) = Lc·t + μLd·intra

=
1
ntl

∑

xi∈Dtl

Lc (C (F (xi;ϑf ) ;ϑc) , yi)

− μ

ntl+ntul

M∑

m=1

∑

xi∈Dt

Le (D
m
intra (p

m
i F (xi;ϑf ) ;ϑd·intra), ei).

(2)

The adversarial training process is completed by optimizing
the following min–max game:

(
ϑ̂f , ϑ̂c

)
= arg min

ϑf ,ϑc

Lintra (ϑf , ϑc, ϑd·intra)

(
ϑ̂d·intra

)
= arg max

ϑd·intra
Lintra (ϑf , ϑc, ϑd·intra) . (3)

A gradient reversal layer (GRL) [41] is stacked between F
and Dm

intra to apply an opposite gradient to the feature extractor
during backpropagation

Ggrl(x) = x

dLgrl

dx
=−I. (4)

With the GRL, the two distinct optimization problems in (3))
can be addressed simultaneously during model training, thereby
avoiding separate training

ϑf ← ϑf − η

(
∂Lc·t
∂ϑf

− μ
∂Ld·intra
∂ϑf

)

ϑc ← ϑc − η
∂Lc·t
∂ϑc

ϑd·intra ← ϑd·intra − η
∂Ld·intra
∂ϑd·intra

. (5)

2) Interdomain Adversarial Adaptation: To reduce the dis-
tribution discrepancy between the source and target domain, we
utilize the interdomain lossLinter to achieve adversarial training
between the feature extractor F and the domain discriminator
Dinter. In this process, F aims to generate domain-invariant
feature representations, while Dinter strives to prevent confu-
sion between different domains. The interdomain loss can be
formulated as follows:

Linter =− 1
ns + nt

∑

xi∈Ds∪Dt

Ld (Dinter (F (xi)) , di) (6)

where di indicates whether xi is from the source domain or the
target domain.

The source classification loss is used to maintain the discrim-
inability of features during the adversarial learning

Lc·s =
1
ns

∑

xi∈Ds

Lc (C (F (xi)) , yi) . (7)

Similar training techniques as the intradomain adversarial
learning are used in the interdomain adversarial learning.

C. Dynamic Label Adjustment

In the actual adversarial training process, due to the un-
balanced learning capabilities of the feature extractor and the
discriminators caused by diverse distribution differences, the
training is usually unstable [45]. To improve the learning pro-
cess, we expect to: 1) leverage the available labels on the target
well to enrich the supervision information; and 2) focus on more
similar source samples during the learning process to enhance
the model stability. Inspired by Wang et al. [46], we design a
dynamic label adjustment mechanism, which adaptively opti-
mizes the selection of target pseudolabels and relevant source
samples, thereby guiding the distribution alignment outside the
process of intradomain and interdomain adversarial learning.
Moreover, the optimized labels can also reduce the observation
bias of the model.

1) Target Pseudolabeling: The dynamic pseudolabel ad-
justment module adaptively adjusts the confidence threshold
based on the model’s learning state, thereby optimizing the
selection of pseudolabels for unlabeled samples. We define a
global threshold to control the overall confidence of unlabeled
samples, and class-specific thresholds to control fine-grained
pseudolabels. In the early iterations, the thresholds are set to low
values, allowing more possibly correct samples for training. As
the model accuracy improves, the thresholds are dynamically
increased to exclude possibly incorrect samples.

More specifically, the global threshold Tτ is incrementally
adjusted based on the overall learning status, specified as the
average prediction confidence, of the model on the target un-
labeled samples. The iterative update of Tτ is formulated as
follows:

Tτ = κTτ−1 + (1 − κ)
1
Uτ

Uτ∑

u=1

max
m

{pmu }, τ = 1, 2, . . . (8)
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where τ denotes the τ th iteration, Uτ denotes the number of
unlabeled samples in the τ -iteration, pmu = C (y =m|xu) is
the output probability of the classifier for class m (xu is an
unlabeled sample), and κ ∈ (0, 1) is the smoothing coefficient.
Initially, T0 is set to (1/M) to accommodate more samples,
where M is the number of lithology classes.

To better epitomize the characteristics within each class, we
introduce class-specific thresholds qτ (m), which are incremen-
tally adjusted based on the model’s prediction confidence of a
specific class, as follows:

qτ (m) = κqτ−1(m) + (1 − κ)
1
Uτ

Uτ∑

u=1

pmu , τ = 1, 2, . . . (9)

Similarly, q0(m) is initialized to (1/M).
The final dynamic thresholds are obtained by combining the

global threshold and the class-specific thresholds, as follows:

Tτ (m) =
qτ−1(m)Tτ

maxm{qτ−1(m)} . (10)

Based on the dynamic thresholds, the target pseudolabeling
loss Ltpl for the unlabeled samples is formulated as follows:

Ltpl=
1
Uτ

Uτ∑

u=1

1
(
max
m

{pmu }>Tτ
(
argmax

m
{pmu }

))
·Lc (ŷu, pu)

(11)

where 1 (·) is the indicator function used for pseudolabel se-
lection, pu is the predicted probability vector, ŷu is the one-
hot label vector transformed from pu, and Lc is the the cross-
entropy loss.

2) Source Reweighting: The dynamic source reweighting
module assigns importance weights to source samples accord-
ing to their similarity with the target samples. In this way, we
reshape the distribution of the source domain, thereby alleviat-
ing the instability of model adversarial training caused by the
great differences between or within domains. Concretely, we
pretrain an independent domain discriminator D̃ to distinguish
samples from different domains. According to Zhang et al. [47],
the optimum domain discriminator is obtained at

D̃(z) =
Pt(z)

Ps(z) + Pt(z)
(12)

where z= F (x). We annotate the source samples as 0 and
the target samples as 1 (different from Zhang et al. [47]). The
trained D̃ can measure the similarity of each source sample
relative to the target domain.

To obtain unbiased estimation between different domains
[48], we define the weight of the source sample as the prob-
ability density ratio (Pt(z)/Ps(z)). Then, according to (12),
we have

ws (x) =
Pt (z)

Ps (z)
=

D̃ (F (x))

1 − D̃ (F (x))
. (13)

Obviously, (13)) increases the weight of similar source sam-
ples and reduces the weight of dissimilar ones.

Algorithm 1 : Semi-Supervised Cross-Well Lithology
Identification.
Input: Labeled well log data from source well Ds =
{(xtl

i , y
tl
i )}ntl

i=1; Partially labeled well log data from target well
Dtl = {(xtl

i , y
tl
i )}ntl

i=1 and Dtul = {xtul
i }ntul

i=1 .
Output: Lithology predictions for target unlabeled data
{ytuli }ntul

i=1 .

1: Pre-train an independent domain discriminator D̃ usingDs,
Dtl, and Dtul.

2: Input Ds, Dtl, and Dtul into the model.
3: for iteration τ from 1 to τmax do
4: Update the pseudo-labeling threshold Tτ (m) using

Equation (10).
5: Assign pseudo-labels to unlabeled target samples satis-

fying maxm{pmu }> Tτ (argmaxm{pmu }), and transfer
these samples to the labeled target dataset Dtl.

6: Compute the weight ws of source samples using Equa-
tion (13).

7: Optimize the model by minimizing the loss function
(16).

8: end for
9: Predict the lithology {yi}ntul

i=1 of the target unlabeled data
using the trained model.

TABLE I
DATASET DESCRIPTION

Dataset 1

Logs1 AC, CAL, CNL, GR, R25, SP

Lithology2 MS SS OS DM Total

Sample Size
Well A 2000 385 196 146 2727

Well B 2000 435 174 108 2717

Dataset 2

Logs1 AC, CAL, CNL, GR, R25, SP

Lithology2 MS SI OS DM FS Total

Sample Size
Well C 2000 1602 318 105 730 4755

Well D 2000 1635 244 99 391 4369

Well E 2000 1395 174 253 150 3972

Note: 1AC: Acoustic Log, CAL: Caliper Log, CNL: Compensated Neutron
Log, GR: Gamma Ray Log, R25: 2.5m Bottom Gradient Resistivity Log, SP:
Spontaneous Potential Log. 2MS: Mudstone, SS: Sandstone, SI: Siltstone, OS:
Oil Shale, DM: Dolomite, FS: Fine Sandstone.

The weight ws is introduced into the source-relevant losses
Lc·s and Linter to refine cross-domain feature transfer, as
follows:

Lw
c·s =

1
ns

∑

xi∈Ds

ws (xi)Lc (C (F (xi)) , yi) (14)

Lw
inter =

1
ns + nt

(
ns∑

i=1

ws (xi) log (1 −Dinter (F (xi)))

+

nt∑

j=1

log (Dinter (F (xj)))

)

. (15)
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TABLE II
RECALL (%) OF DIFFERENT METHODS ON WELL A AND WELL B

Method
A→B B→A

MS SS OS DM Macro-R MS SS OS DM Macro-R
SO1 60.50 48.87 54.04 40.06 50.87 64.85 62.53 54.98 43.79 56.54

CPM 95.65 50.80 12.04 47.70 51.55 95.50 71.17 11.22 28.08 51.49
ENT 88.22 69.13 47.96 66.24 67.89 88.94 95.58 41.33 70.55 74.10

SSGAN 92.56 68.88 58.16 65.61 71.30 93.90 84.94 70.41 67.12 79.09
LIAFA 89.83 76.53 66.33 57.32 72.50 93.28 89.35 69.90 68.49 80.26
DANN 83.94 76.53 69.67 53.50 70.91 87.00 70.13 40.31 69.86 66.83
MADA 85.50 79.46 78.57 56.05 74.89 96.00 84.42 61.22 69.18 77.71

BSP 80.25 74.02 25.93 41.95 55.54 85.70 70.39 43.88 63.70 65.92
TA 93.50 81.40 60.00 58.82 73.43 94.44 98.44 72.96 76.71 85.64

MME 84.56 79.85 69.39 74.52 77.08 90.94 90.39 84.39 75.34 85.27
UODA 86.67 82.18 78.63 75.07 80.64 97.90 83.12 85.20 88.36 88.65
CDAC 64.33 80.10 66.33 75.16 71.48 77.94 99.41 93.94 94.35 91.41
EFTL 78.11 81.38 46.94 85.99 73.10 63.72 95.10 78.79 95.11 83.18

UniSSDA 76.33 90.56 93.63 54.64 78.79 82.09 94.61 87.88 91.67 89.06
SERL 74.00 84.95 74.49 84.71 79.54 78.28 99.42 98.48 77.40 88.40

SemiDAVIL 92.69 76.54 54.46 64.20 71.97 92.37 99.72 83.82 64.48 85.10
Ours 90.17 87.76 85.35 82.47 86.44 93.50 95.58 95.41 82.19 91.67

Note: 1SO represents a model trained only on source data and directly applied to target domain lithology prediction.
Bold entries indicate the best results. Underlined entries indicate the second-best results.

D. Model Training

Overall, the objective of the proposed semisupervised cross-
well lithology identification method is as follows:

L= αLw
c·s + βLw

inter + γLintra + λLtpl (16)

where α, β, γ, and λ are hyperparameters used to balance the
contributions of each loss term. The training process of the
proposed method is summarized in Algorithm 1.

IV. EXPERIMENTS

A. Settings

1) Data Preparation: The experimental logging data were
collected from an oilfield in eastern China. The experiment
utilized six logging curves, which are described in Table I.
According to the actual well log data, this section’s experiment
compiled data from six real exploration wells within the study
area into two datasets to comprehensively verify the effective-
ness and reliability of the proposed method.

For each logging curve, 1-D image samples are constructed
in the depth direction. A certain depth point is taken as the
center, and some points are selected both above and below this
center. Finally each sample ultimately contains logging data
from 33 depth points. This process is repeated sequentially
along the depth of the well. Table I shows the lithological
categories and sample numbers included in each dataset. Due
to the large number of mudstone samples, down-sampling was
applied to the mudstone data from all wells, retaining 2000
mudstone image samples to balance the data volume among
lithological categories. In the experiment, the labeled target set
is constructed using stratified sampling. Specifically, for the tar-
get domain, 10% of samples are randomly selected within each
class to form the labeled target set, ensuring that all categories
are represented. The remaining target samples are treated as
unlabeled data. Smaller labeling ratios are further evaluated in

Section IV-B. We use the min–max normalization method to
unify logging curves, eliminating systematic errors caused by
performance of instruments and measurement technologies.

2) Evaluation Metrics: We use recall as the evaluation met-
ric of the model’s performance. The formula for calculating
recall for a lithology category is defined as follows:

Recallm =
TPm

TPm + FNm
(17)

where TPm represents the number of samples that belong to
category m and are correctly predicted by the model as category
m, and FNm represents the number of samples that the model
fails to correctly predict as category m. To better evaluate the
model’s comprehensive performance on kinds of categories, the
macroaverage recall (macro-R) [49] is used as the evaluation
metric. The formula for calculating macro-R is as follows:

Macro− R=
1

|M |

M∑

m=1

Recallm (18)

where M represents the total number of lithology categories.
3) Implementation Details: To alleviate the impact of class

imbalance, we adjust the weights of the supervised loss function
based on the number of samples in each category, defined by
weightm = Ntotal/Nm, where Nm represents the number of
samples of a specific lithology type, and Ntotal represents the
total number of training samples, ensuring that minority classes
receive adequate training. The model is trained using an Adam-
based optimizer, with the learning rate set to 0.01 and the weight
decay coefficient set to 0.00005 during the training process. An
annealing algorithm is employed to adjust the learning rate ac-
cording to the training progress, ensuring that the model learns
quickly in the early stages and converges more stably in the later
stages. The hyperparameters are set as κ= 0.9, α= 1, β = 0.2,
γ = 0.5, and λ= 0.2. Relevant sensitivity analysis experiments
are presented in Section IV-E. All experiments are implemented
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TABLE III
RECALL (%) OF DIFFERENT METHODS ON WELL C AND WELL D

Method
C→D D→C

MS SI OS DM FS Macro-R MS SI OS DM FS Macro-R
SO 64.40 57.60 58.94 46.64 60.65 60.01 54.85 50.71 31.27 48.70 45.71 46.25

CPM 71.50 64.16 28.69 36.36 71.10 54.36 82.60 75.91 22.37 21.90 47.26 50.01
ENT 87.22 81.04 49.59 40.40 87.98 69.25 90.39 82.02 68.87 62.86 72.88 75.40

SSGAN 93.68 91.44 50.82 44.44 83.63 72.80 90.26 86.45 66.98 60.95 83.84 77.70
LIAFA 96.88 84.77 61.35 56.57 83.30 76.57 93.30 86.70 73.58 71.43 75.62 80.13
DANN 92.33 88.50 54.10 45.45 75.96 71.27 91.50 81.96 70.13 67.62 71.37 76.52
MADA 95.74 81.83 64.34 66.67 77.49 77.21 86.91 85.08 72.01 71.43 77.40 78.57

BSP 92.41 84.89 56.15 41.41 68.29 68.63 84.52 71.97 71.07 61.90 73.01 72.49
TA 93.00 90.46 65.16 64.65 82.35 79.12 95.40 87.02 73.27 70.48 76.03 80.44

MME 93.47 89.72 67.21 60.61 83.12 78.83 90.94 88.01 75.16 73.33 78.90 81.27
UODA 91.48 88.01 70.90 61.62 84.65 79.33 91.54 91.14 77.19 75.24 85.89 84.20
CDAC 76.39 76.36 52.27 90.00 76.14 74.23 72.78 70.94 81.18 69.47 89.04 76.68
EFTL 82.78 64.54 68.64 50.00 90.34 71.26 74.72 77.74 85.37 70.53 93.00 80.27

UniSSDA 81.44 65.69 75.00 82.02 86.93 78.22 71.84 80.95 89.73 65.12 81.29 77.79
SERL 66.56 70.31 63.64 81.11 98.86 76.10 80.11 90.50 64.81 87.37 80.82 80.72

SemiDAVIL 87.53 83.30 35.24 68.82 92.58 73.49 90.32 92.01 54.39 55.10 82.33 74.83
Ours 93.72 88.32 80.45 67.42 84.10 82.80 95.35 92.82 79.87 70.48 83.15 84.33

Note: Bold entries indicate the best results. Underlined entries indicate the second-best results.

TABLE IV
RECALL (%) OF DIFFERENT METHODS ON WELL C AND WELL E

Method
C→E E→C

MS SI OS DM FS Macro-R MS SI OS DM FS Macro-R
SO 69.16 62.64 54.10 44.96 60.29 58.23 51.54 39.00 42.19 49.81 51.37 46.78

CPM 60.10 77.92 32.18 33.20 28.67 46.41 87.25 62.92 34.29 28.57 32.33 49.07
ENT 85.99 84.09 67.82 72.33 62.00 74.45 86.78 83.02 68.87 62.86 72.05 74.72

SSGAN 87.17 84.80 64.37 69.96 72.00 75.66 90.92 84.96 72.96 60.95 76.03 77.16
LIAFA 89.26 88.53 69.54 71.94 74.67 78.79 93.30 86.02 73.58 71.43 78.77 80.62
DANN 82.56 86.74 68.39 69.17 70.00 75.37 88.11 72.03 71.07 69.52 71.51 74.45
MADA 86.23 82.94 72.99 73.91 71.33 77.48 89.06 81.96 75.16 71.43 81.37 79.80

BSP 84.35 80.00 64.37 65.22 63.33 71.45 87.05 75.59 68.24 62.86 65.07 71.76
TA 91.40 85.81 70.69 71.94 68.67 77.70 91.70 82.02 71.70 70.48 73.01 77.78

MME 90.09 87.17 69.54 72.73 74.00 78.71 93.78 83.96 70.44 72.38 77.12 79.54
UODA 91.32 89.24 76.85 75.10 84.67 83.44 91.28 84.96 78.93 73.33 80.00 81.70
CDAC 81.67 73.01 71.97 81.58 74.07 76.46 72.89 87.59 86.45 63.16 75.96 77.21
EFTL 78.44 59.39 81.53 56.14 96.30 74.36 80.06 72.19 97.26 42.11 72.47 72.82

UniSSDA 79.47 78.43 82.72 80.37 89.04 82.01 68.51 85.00 81.58 74.42 81.51 78.20
SERL 79.33 70.86 78.34 87.28 76.30 78.42 71.33 81.28 99.09 88.42 65.85 81.19

SemiDAVIL 87.47 86.52 69.75 56.36 76.43 75.31 82.63 90.34 78.50 42.86 63.51 71.57
Ours 91.48 90.18 77.59 75.89 89.33 84.89 93.72 91.05 73.87 75.79 85.84 84.05

Note: Bold entries indicate the best results. Underlined entries indicate the second-best results.

on a computer server with an NVIDIA GeForce RTX 3090
GPU.

B. Comparison Study

In this section, we compare our proposed method with 15
baseline methods from four related research directions to val-
idate the effectiveness of the method presented in this arti-
cle. These baseline methods include traditional lithology iden-
tification methods (CPM), semisupervised learning methods
(ENT [50], SSGAN [51], LIAFA [52]), unsupervised domain
adaptation methods (DANN [41], MADA [53], BSP [54]), and
semisupervised domain adaptation methods (TA [55], MME
[56], UODA [57], CDAC [33], EFTL [36], UniSSDA [38],
SERL [37], SemiDAViL [58]).

We conducted experiments on different source-target com-
binations. The results are shown in Tables II–V. We have the
following observations: 1) the proposed method exhibits advan-
tages across all testing scenarios. Compared with the traditional
lithology identification method (CPM) and the best-performing
semisupervised learning (LIAFA), unsupervised domain adap-
tation (MADA), and semisupervised domain adaptation meth-
ods (UODA), our method achieves average improvements of
33.3%, 6.9%, 8.0%, and 2.2% in macro-R across all six com-
binations, respectively, with an overall average of 12.6%; 2)
although the proposed model does not achieve the best per-
formance on each individual class, it produces a more bal-
anced per-class prediction accuracy compared to the baselines,
which can be attributed to the class-specific discrimination

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on October 13,2026 at 01:44:44 UTC from IEEE Xplore.  Restrictions apply. 



CHANG et al.: DUAL ADVERSARIAL ADAPTATION WITH DYNAMIC LABELING MECHANISM 5157

TABLE V
RECALL (%) OF DIFFERENT METHODS ON WELL D AND WELL E

Method
D→E E→D

MS SI OS DM FS Macro-R MS SI OS DM FS Macro-R
SO 74.23 66.46 54.59 56.24 51.34 60.57 72.66 64.27 59.30 50.04 60.18 61.29

CPM 94.35 70.90 39.20 47.91 50.67 60.61 73.40 71.74 52.87 39.39 54.48 58.38
ENT 92.11 87.89 67.24 72.73 77.33 79.46 87.50 83.12 62.30 63.64 73.40 74.00

SSGAN 88.93 85.95 78.16 75.49 85.33 82.77 91.76 82.02 68.44 67.68 78.01 77.58
LIAFA 89.26 88.03 81.03 79.05 84.67 84.41 92.88 83.98 71.31 68.69 83.12 79.99
DANN 96.30 90.97 66.67 70.36 66.00 78.06 82.17 80.00 66.80 66.67 72.12 73.55
MADA 97.70 89.03 72.41 65.22 76.67 80.21 90.00 84.04 74.18 69.70 74.94 78.57

BSP 95.33 76.99 66.09 73.91 72.67 76.99 80.65 71.99 66.39 61.62 71.10 70.35
TA 92.50 86.95 80.46 81.03 78.00 83.79 92.20 86.97 69.67 60.61 79.03 77.70

MME 92.94 88.46 86.78 83.00 81.33 86.50 92.05 83.98 72.95 68.69 73.66 78.27
UODA 93.33 89.03 83.91 82.61 88.00 87.38 91.17 85.99 78.69 73.74 82.10 82.34
CDAC 83.56 66.88 56.69 70.61 94.81 74.51 56.22 73.23 78.18 88.89 86.65 76.63
EFTL 76.78 73.96 85.93 57.96 71.49 73.22 78.50 67.26 62.27 66.67 91.48 73.24

UniSSDA 83.68 73.64 82.71 75.70 97.26 82.60 75.17 73.41 80.34 84.21 89.35 80.50
SERL 78.61 81.05 92.59 87.72 69.43 81.88 65.72 75.00 84.55 93.33 97.73 83.27

SemiDAVIL 85.38 92.91 70.99 61.02 65.71 75.20 88.82 86.46 54.19 44.09 82.14 71.14
Ours 95.54 92.33 81.03 90.51 91.33 90.15 91.33 87.22 82.38 72.73 86.19 83.97

Note: Bold entries indicate the best results. Underlined entries indicate the second-best results.

Fig. 3. Comparison of model performance under different target label ratios.
(a) B→A. (b) D→C.

strategy and class-specific pseudolabel thresholds adopted in
the model; and 3) semisupervised domain adaptation methods
outperform semisupervised methods, which in turn outperform
unsupervised domain adaptation methods. This reflects the
positive impact of incorporating target domain label informa-
tion. Semisupervised domain adaptation methods effectively
leverage large amounts of source domain data and a small
amount of labeled target domain data, excelling in knowledge
transfer and feature alignment.

To evaluate the stability of our method under different target
label ratios, we present the experimental results using 10%, 5%,
and 1% labeled target data, as shown in Fig. 3. As the label
ratio decreases, the performance of all methods declines. Our
method exhibits a more gradual performance degradation and
achieves the best or second-best performance across all label
ratios, demonstrating its stability under limited supervision.

Fig. 4 compares the inference time and number of model
parameters of different methods. Our method exhibits
moderate model complexity, outperforming several recent
semisupervised domain adaptation methods (EFTL, UniSSDA,
SERL, and SemiDAViL), while being slightly less efficient than
some earlier methods. TA has the lowest model complexity, as it

Fig. 4. Comparison of inference time and number of model parameters.

Fig. 5. Results of the model ablation study. (a) A→B. (b) B→A.

is based on an ensemble learning framework rather than a deep
neural network architecture. Overall, our method achieves a
favorable trade-off between model complexity and
performance.

C. Ablation Study

This section conducts a series of ablation studies by sequen-
tially removing or replacing specific modules to analyze their
impact on model performance.

1) V6: The complete structure of the proposed model.

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on October 13,2026 at 01:44:44 UTC from IEEE Xplore.  Restrictions apply. 



5158 IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE, VOL. 7, NO. 9, SEPTEMBER 2026

Fig. 6. Dynamic adjustment process of global and class-specific thresholds. (a) Threshold adjustments. (b) Sampling rate. (c) Macro-R.

Fig. 7. t-SNE visualization of the input space and feature space. MS:
mudstone, SS: sandstone, SI: siltstone, OS: oil shale, DM: dolomite, FS: fine
sandstone. (a) Original data distribution of wells A and B. (b) Feature space
distribution of wells A and B. (c) Original data distribution of wells C and
D. (d) Feature space distribution of wells C and D.

2) V5: The source reweighting module is removed.
3) V4: The target pseudolabeling module is removed, and

a fixed threshold is set for each class based on the final

Fig. 8. Comparison of confusion matrices. MS: mudstone, SS: sandstone,
SI: siltstone, OS: oil shale, DM: dolomite, FS: fine sandstone. (a) A→B, Ours.
(b) A→B, UniSSDA. (c) C→D, Ours. (d) C→D, UniSSDA.

stable threshold obtained during the dynamic adjustment
process.

4) V3: The dynamic label adjustment module is removed.
The feature alignment relies only on intradomain and
interdomain adversarial adaptation.

5) V2: The intradomain adversarial module is removed.
6) V1: All the aforementioned modules are removed. The

model is trained only with labeled data from the source
and target domains.

In Fig. 5 it can be observed that the macro-R gradually
increases as more model components are added, which verifies
the irreplaceable role of each component in enhancing model
performance. The macro-R values for the base model V1 are
76.52% and 83.58%, which are the lowest. This indicates that
relying solely on basic classification functions is insufficient
to capture complex features. V2 improves the macro-R val-
ues to 79.79% and 86.33%. This highlights the importance of
considering the distribution discrepancy between domains. s
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Fig. 9. Sensitivity analysis of model hyperparameters. (a) β = 0.2. (b) γ = 0.5. (c) λ = 0.2.

for V3, the macro-R value results are higher than those of V2.
This indicates the effectiveness of the intradomain adversarial
module in lithology prediction. V4 removes the dynamic label
adjustment modules compared to V6. The results indicate that
the threshold dynamic adjustment module plays a key role in
addressing the issue of imbalanced samples. The results of V5

validate the effectiveness of the source reweighting. The com-
plete model V6 exhibits the best performance. This indicates
that the combination of all components significantly enhances
the overall performance of the model.

D. Visualization Analysis

To more intuitively demonstrate the dynamic threshold ad-
justment process and its effect, we record the global and class-
specific thresholds and sampling rate of pseudolabels during the
iterative training process, and also plot the performance curve in
terms of macro-R. In Fig. 6(a) and (b), the global threshold (i.e.
Tτ ) and class-specific thresholds (i.e. Tτ (m)) are moderately
low at the early stage, leading to a high utilization rate of
pseudolabels (as observed through the sampling rate), which
in turn accelerates convergence. Subsequently, the thresholds
gradually increase during training and eventually stabilize at a
high level, indicating that the model’s confidence in its predic-
tions is progressively enhanced, thereby reducing confirmation
bias. Accordingly, the model’s classification performance is
also improved, as demonstrated by the macro-R in Fig. 6(c).

Additionally, we use t-SNE [59] to visualize the distribution
of logging data and feature space. It can be observed that there
are significant discrepancies in the distribution of logging data
in the original input space [Fig. 7(a) and (c)]. Moreover, samples
belonging to the same lithology category are often scattered
across multiple clusters, reflecting the intrawell data divergence.
Fig. 7(b) and (d) shows the distributions of different wells in
the feature space learned by the proposed method. Compared
with the original input space, the distributions of different wells
become more consistent, and samples from the same category
tend to cluster together. This demonstrates that the proposed
method is capable of extracting domain-invariant and compact
features from the well log data.

To analyze which classes are prone to misclassification, we
plot the confusion matrices (as shown in Fig. 8), and com-
pare our method with the baseline UniSSDA, which performs
relatively well on certain classes. Our method shows slightly
inferior performance to UniSSDA in identifying oil shale
(OS) and dolomite (DM), while achieving substantially better
performance on the other lithologies. Overall, our method
demonstrates a more balanced classification performance across
different classes. From Fig. 8(a) and (c), we notice that our
method encounters difficulty in identifying DM. Specifically,
on A→B, 12.4% of DM samples are misclassified as mudstone
(MS), while on C→D, 11.2% and 15.7% of DM samples are
misclassified as MS and fine sandstone (FS), respectively. The
reasons are twofold: 1) lithologies usually exhibit strong het-
erogeneity, and the logging responses of DM overlap with those
of mud-rich facies and clean clastic rocks; and 2) MS has the
largest number of training samples among all classes, which
may bias the model toward learning MS-related features. In
future work, we will incorporate class-imbalance-aware designs
into the proposed method to further enhance the identification
performance on minority lithologies.

E. Sensitivity Analysis

The evaluation of the sensitivity of the model to key hyper-
parameters shows robustness of our method. For convenience,
we only present the macro-R values for the lithology prediction
of well A → B.

We study the hyperparameters β, γ, and λ in the model’s
loss function (16). As shown in Fig. 9, the results of different
combinations show that the fluctuations in the experimental
results due to different weight of loss function are not sig-
nificant. The parameter β corresponds to the weight of the
interdomain adversarial adaptation loss. As it increases, the
recall first increases and then decreases, with its optimal setting
being 0.5. The parameter γ corresponds to the weight of the
intradomain adversarial adaptation loss. As it increases, the
recall also initially increases before decreasing, with its optimal
setting being 0.5. The parameter λ corresponds to the weight
of the target pseudolabeling loss. As it increases, the recall first
decreases and then increases, with its optimal setting being 0.2.
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Additionally, it can be observed that adjustments to these pa-
rameters cause only minor fluctuations in model performance,
thus confirming the robustness of our method.

V. CONCLUSION

In this article, we propose a dual adversarial adaptation
method with dynamic labeling mechanism for semisupervised
cross-well lithology identification. Specifically, we introduce a
dual adversarial adaptation method, incorporating adversarial
adaptation both within and across domains, to mitigate intrawell
divergence and interwell discrepancies. To fully leverage the
target label information and improve the adversarial learning
process, we propose a dynamic label adjustment mechanism
to select reliable target pseudolabeled samples and informa-
tive source samples, thereby facilitating feature alignment and
training convergence. Experimental results on a real-world well
log datasets demonstrate that our method outperforms ten base-
line methods from multiple related fields when target labels
are scarce. Ablation study and sensitivity analysis validate the
rationality of the module design in our method. Moreover,
visualization of intermediate features shows that our method is
capable of learning domain-invariant and compact feature rep-
resentations, thereby improving lithology identification across
wells.
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