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Dual Adversarial Adaptation With Dynamic
Labeling Mechanism for Semisupervised
Cross-Well Lithology Identification

, Tao Shen
Yu Kang

Ji Chang ®, Jing Li , Dewen Liang

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.

1. INTRODUCTION

ELL 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
[11, [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
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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
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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 v types of
logging curves. A training sample is a v-channel sequence of
length H, denoted as x = [x(1), x®) ... x] e R¥*¥ and
its label y is the lithology at the middle depth of x. Denote
the data from the interpreted well as the source domain Dy =
(Xs,Ys) ={(x¢,y?)}i=,, where n, is the number of source
samples, y7 € Q={1,2,..., M}, Q is the label space, and
M 1is the total number of lithology categories. Denote the
data from the uninterpreted well as the target domain D, =
Dy U Dy, which contains a small number of labeled samples
Dy = (Xu, Yu) = {(x!, y")}1", and a large number of unla-
beled samples Dy, = Xy = {x14 31040 where ny < ng and
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Fig. 2.

ny << Nyyr- Typically, Dy and Dy, as well as Dy and Dy
obey different marginal probability distributions. Our goal is
to predict the lithology label of D;,; using Dy and D;.
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 Dj, the unlabeled target data Dy,,;, and the
labeled target data D;; are fed into a shared feature extractor
F, producing intermediate features hg, hyy;, and hy, 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) hyy and hy; are input into class-specific discriminators
D77 . to reduce intrawell divergence.

2) hg, hgy, and hy are fed into a domain discriminator
Dipter to reduce interwell discrepancy.

3) hs, hiy, and hy are further passed to another domain
discriminator D to evaluate the similarity between source
and target samples.

Framework of dual adversarial adaptation method with dynamic labeling mechanism for semisupervised cross-well lithology identification.

4) hg and hy; 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 D]}, .., m 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 p; = C' (x;) can
indicate the probability of the sample x; belonging to each
class, we use p; as the attention coefficient to weight the feature
of x;. Then, the process of intradomain adversarial learning can
be formulated as follows:

£d intra (ﬁfa ﬁd intra) =

§ § £ Dm
mtra
R

m=1x; €D,

F (Xi§ ’lgf) 5 ﬁd-intra)> 67;)

ey

where L. is the cross-entropy loss for class-specific discrimi-
nators, I’ is the feature extractor, ¥ and ¥q.in¢ra are learnable
parameters, and e; indicates whether x; 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:

Eintr'} (ﬂf7 1907 ﬂd intra) = Lc-t + ,U“Cddntra
Z E Xu/lgf) 196)7yi)

x1 €Dy

ntl+ntul Z Z Le

m=1x;ED,

1ntra (pZnF (XM 19f) ﬂd-intra)a 61)

@

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

(ﬁfa 796) = arg gnlél Lintra (19fu 7907 19d~intra)

Ve

('lgd-intra) = arg Inax Eintra (ﬁf, 1907 ﬁd-in‘cra) . (3)

d-intra

A gradient reversal layer (GRL) [41] is stacked between F
and D], . to apply an opposite gradient to the feature extractor

during backpropagation

Ggri(x) =x
dL g
=— 4
Ix “
With the GRL, the two distinct optimization problems in (3))
can be addressed simultaneously during model training, thereby
avoiding separate training

8L‘C.t a£d~intra
0 Vy — -
Fevr ( ooy " o0y )

a»Cot
59,

Yo Ve —
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oL -intra
19d-intra — ﬁd-intra - 7]# (5)
-intra

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

1

Ng + Ny

Einter - — Z Ed ( inter ( (Xz)) 3 dz) (6)

x,€D;UD;

where d; indicates whether x; 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

1
Los=— ) Le(C(F

s x;€Ds

Xi)) s Yi) - ©)

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 7. 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 7. is formulated as
follows:

(1 —k)

T =T+ Z max{pu b= 8)
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where 7 denotes the 7th iteration, U, denotes the number of
unlabeled samples in the 7-iteration, pI' = C (y = m|x,) is
the output probability of the classifier for class m (x, is an
unlabeled sample), and s € (0, 1) is the smoothing coefficient.
Initially, 7o 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 ¢, (m), which are incremen-
tally adjusted based on the model’s prediction confidence of a
specific class, as follows:

1

qr(m) =kKgr—1(m) + (1 — &) —Zpum,T: L2,... 9

Similarly, go(m) is initialized to (1/M).

The final dynamic thresholds are obtained by combining the
global threshold and the class-specific thresholds, as follows:

To(m) = qr—1(m)T;

C max,, {¢r_1(m)} (10)

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

Lipi= UIUZ 1 (mgx{pT} >Tr (arg max{py’ }>) Le (Gus Pu)
1

an

u=
where 1 (-) is the indicator function used for pseudolabel se-
lection, p,, is the predicted probability vector, ¢, is the one-
hot label vector transformed from p,,, and L. 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 D to distinguish
samples from different domains. According to Zhang et al. [47],
the optimum domain discriminator is obtained at

~ Pt(Z)

O E) "

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 D 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 (P;(z)/Ps(z)). Then, according to (12),
we have

Pi(z) _ D(F(x))

v = 5 ) T T DR

13)

Obviously, (13)) increases the weight of similar source sam-
ples and reduces the weight of dissimilar ones.
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Algorithm 1 :
Identification.
Input: Labeled well log data from source well D, =

{(x!, yth)} 4 ; Partially labeled well log data from target well
Dy ={(xi',4i") i and Dy = x5

Output: Lithology predictions for target unlabeled data
{yip

Semi-Supervised Cross-Well Lithology

1: Pre-train an independent domain discriminator D using Dy,
Dtl’ and Dtul-
: Input Dy, Dy, and Dy, into the model.
. for iteration 7 from 1 to 7,,,, do
Update the pseudo-labeling threshold 7,(m) using
Equation (10).

5 Assign pseudo-labels to unlabeled target samples satis-
fying max,,{pl'} > T (arg max,,{p}'}), and transfer
these samples to the labeled target dataset Dy;.

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

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

8: end for

: Predict the lithology {y;};*4" of the target unlabeled data

using the trained model.

A W

Nel

TABLE 1
DATASET DESCRIPTION

Logs! AC, CAL, CNL, GR, R25, SP
Lithology? MS SS OS DM Total
Well A | 2000 385 196 146 2727
Well B | 2000 435 174 108 2717

Logs! AC, CAL, CNL, GR, R25, SP
Lithology? MS SI 0OS DM FS | Total
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: 'AC: 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:
QOil Shale, DM: Dolomite, FS: Fine Sandstone.

Dataset 1

Sample Size

Dataset 2
Sample Size

The weight w; is introduced into the source-relevant losses
Les and Linter to refine cross-domain feature transfer, as
follows:

1
Lelg=— Z ws (x;) Lo (C(F(x3)) ,93) (14)
M x;€D;
" B 1 Ng . B . ‘
,Cintcr - na + 14 (; Wg (X’L) IOg (1 Dmtcr (F (Xl)))
+ 3 log (Dinger (F (xj)))>. (15)
j=1
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TABLE II
RECALL (%) OF DIFFERENT METHODS ON WELL A AND WELL B

Method A—B B—A
MS  SS 0S DM | MacoR | MS __ SS 0S DM | MacroR

SO! 60.50 4887 5404 4006 | 50.87 | 6485 6253 5498 4379 | 5654
CPM 95.65 5080 1204 4770 | 5155 | 9550 7117 1122 2808 | 5149
ENT 8822 69.13 4796 6624 | 6789 | 8894 9558 4133 7055 | 74.10
SSGAN | 9256 6888 58.16 6561 | 7130 | 93.90 8494 7041 67.12 | 79.09
LIAFA 89.83 7653 6633 5732 | 7250 | 9328 8935 6990 6849 | 80.26
DANN 8394 7653 69.67 5350 | 7091 | 87.00 70.13 4031 69.86 | 66.83
MADA | 8550 7946 7857 5605 | 7489 | 9600 8442 6122 69.18 | 77.71
BSP 80.25 7402 2593 4195 | 5554 | 8570 7039 4388 63.70 | 6592
TA 9350 8140 60.00 5882 | 7343 | 9444 9844 7296 7671 | 8564
MME 8456 7985 6939 7452 | 7708 | 90.94 9039 8439 7534 | 8527
UODA 86.67 82.18 78.63 7507 | 80.64 | 9790 83.12 8520 8836 | 88.65
CDAC 6433 8010 6633 75.16 | 7148 | 7794 9941 9394 9435 | 9141
EFTL 78.11 8138 4694 8599 | 73.10 | 6372 9510 7879 95.11 | 83.18
UniSSDA | 7633  90.56 93.63 5464 | 7879 | 82.09 9461 87.88 91.67 | 89.06
SERL 7400 8495 7449 8471 | 7954 | 7828 99.42 9848 77.40 | 88.40
SemiDAVIL | 92.69 76.54 5446 6420 | 7197 | 9237 9972 8382 6448 | 85.10
Ours 90.17 8776 8535 8247 | 8644 | 9350 9558 9541 8219 | 9167

Note: 'SO 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= OZEZ{S + Bﬁiur)lter + 7£intra + Al:tpl (16)

where «, 3, v, and A 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:

TP,,

n,=-———
Reca TP, T FN,.

a7
where TP,,, represents the number of samples that belong to
category m and are correctly predicted by the model as category
m, and FN,,, 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:

M

1
Macro — R = ] Z Recall,, (18)
m=1

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
weight,, = Niotal/Nm, wWhere N,,, represents the number of
samples of a specific lithology type, and Ny, 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 setas k = 0.9, =1, 3 = 0.2,
v =0.5, and A\ = 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 =D D=C
MS SI oS DM FS Macro-R MS SI oS DM FS Macro-R
SO 6440 57.60 5894 46.64 60.65 60.01 54.85 50.71 31.27 48.70 45.71 46.25
CPM 7150 64.16 28.69 3636 71.10 54.36 82.60 7591 2237 2190 47.26 50.01
ENT 87.22 81.04 49.59 4040 8798 69.25 90.39 82.02 68.87 62.86 72.88 75.40
SSGAN 93.68 9144 50.82 4444 83.63 72.80 90.26 8645 6698 6095 83.84 77.70
LIAFA 96.88 84.77 6135 56.57 83.30 76.57 93.30 86.70 73.58 7143 75.62 80.13
DANN 92.33 8850 54.10 4545 7596 71.27 91.50 8196 70.13 67.62 71.37 76.52
MADA 95.74 81.83 6434 66.67 77.49 77.21 8691 85.08 72.01 7143 77.40 78.57
BSP 9241 84.89 56.15 4141 68.29 68.63 84.52 7197 71.07 6190 73.01 72.49
TA 93.00 90.46 65.16 64.65 8235 79.12 9540 87.02 7327 7048 76.03 80.44
MME 93.47 89.72 6721 60.61 83.12 78.83 90.94 88.01 75.16 73.33 78.90 81.27
UODA 91.48 88.01 7090 61.62 84.65 79.33 91.54 91.14 77.19 7524 85.89 84.20
CDAC 7639 7636 5227 90.00 76.14 74.23 7278 7094 81.18 69.47  89.04 76.68
EFTL 8278 64.54 68.64 50.00 90.34 71.26 7472 7774 8537 70.53  93.00 80.27
UniSSDA 8144 65.69 75.00 82.02 86.93 78.22 71.84 8095 89.73 65.12 81.29 77.79
SERL 66.56 7031 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 3524 68.82 92.58 73.49 90.32  92.01 5439 55.10 8233 74.83
Ours 93.72 8832 8045 6742 84.10 82.80 9535 92.82 79.87 7048 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 ST oS DM FS Macro-R MS SI (o] DM FS Macro-R

SO 69.16 62.64 5410 4496 60.29 58.23 51.54 39.00 42.19 4981 51.37 46.78
CPM 60.10 77.92 32.18 33.20 28.67 46.41 87.25 6292 3429 2857 32.33 49.07
ENT 8599 84.09 67.82 7233 62.00 74.45 86.78 83.02 6887 62.86 72.05 74.72
SSGAN 87.17 84.80 6437 69.96 72.00 75.66 90.92 8496 7296 60.95 76.03 77.16
LIAFA 89.26 88.53 69.54 7194 74.67 78.79 93.30 86.02 7358 7143 78.77 80.62
DANN 82.56 86.74 6839 69.17 70.00 75.37 88.11 72.03 71.07 69.52 71.51 74.45
MADA 86.23 8294 7299 7391 7133 77.48 89.06 8196 75.16 7143 81.37 79.80
BSP 84.35 80.00 6437 6522 63.33 71.45 87.05 7559 6824 62.86 65.07 71.76
TA 91.40 85.81 70.69 7194 68.67 77.70 91.70 82.02 71.70 70.48 73.01 77.78
MME 90.09 87.17 69.54 7273  74.00 78.71 93.78 8396 7044 7238 77.12 79.54
UODA 91.32 8924 76.85 75.10 84.67 83.44 91.28 8496 7893 7333 80.00 81.70
CDAC 81.67 73.01 7197 81.58 74.07 76.46 72.89 87.59 8645 63.16 7596 77.21
EFTL 78.44 5939 81.53 56.14 96.30 74.36 80.06 72.19 97.26 42.11 7247 72.82
UniSSDA 79.47 7843 8272 80.37 89.04 82.01 68.51 85.00 81.58 7442 81.51 78.20
SERL 79.33 70.86 7834 87.28 76.30 78.42 7133  81.28 99.09 8842 65.85 81.19
SemiDAVIL | 87.47 86.52 69.75 56.36 7643 75.31 82.63 90.34 7850 42.86 63.51 71.57
Ours 9148 90.18 77.59 75.89 89.33 84.89 9372 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
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TABLE V
RECALL (%) OF DIFFERENT METHODS ON WELL D AND WELL E

Method D—E E=D
MS SI (O] DM FS Macro-R MS SI oS DM FS Macro-R
SO 7423 6646 5459 5624 51.34 60.57 72.66 6427 5930 50.04 60.18 61.29
CPM 9435 7090 39.20 4791 50.67 60.61 7340 7174 52.87 3939 54.48 58.38
ENT 92.11 87.89 6724 7273 77.33 79.46 87.50 83.12 6230 63.64 73.40 74.00
SSGAN 88.93 8595 78.16 7549 8533 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 8398 71.31 68.69 83.12 79.99
DANN 96.30 9097 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 7241 6522 76.67 80.21 90.00 84.04 74.18 69.70 74.94 78.57
BSP 9533 7699 66.09 7391 72.67 76.99 80.65 7199 66.39 61.62 71.10 70.35
TA 9250 86.95 80.46 81.03 78.00 83.79 9220 8697 69.67 60.61 79.03 77.70
MME 9294 88.46 86.78 83.00 81.33 86.50 92.05 8398 7295 68.69 73.66 78.27
UODA 93.33 89.03 8391 82.61 88.00 87.38 91.17 8599 78.69 73.74 82.10 82.34
CDAC 83.56 66.88 56.69 70.61 94.81 74.51 56.22 7323 78.18 88.89 86.65 76.63
EFTL 76.78 7396 8593 5796 7149 73.22 78.50 6726 6227 66.67 91.48 73.24
UniSSDA 83.68 73.64 8271 7570  97.26 82.60 75.17 7341 8034 8421 89.35 80.50
SERL 78.61 81.05 9259 87.72 6943 81.88 65.72 75.00 84.55 9333 97.73 83.27
SemiDAVIL | 8538 9291 7099 61.02 65.71 75.20 88.82 8646 54.19 4409 82.14 71.14
Ours 95.54 9233 81.03 90.51 91.33 90.15 91.33 87.22 8238 7273 86.19 83.97
Note: Bold entries indicate the best results. Underlined entries indicate the second-best results.
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strategy and class-specific pseudolabel thresholds adopted in
the model; and 3) semisupervised domain adaptation methods & s
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 @ (b)
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

Macro-R (in %)
Macro-R (in %)

vi v2 vi va Vs vé V1 v2 Vi V4 Vs V6
Variants

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-

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

tially removing or replacing specific modules to analyze their
impact on model performance.
1) Vi: 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

A i s 1.00
AAGOT AN SNV 08
82 0.98
08 0.96 07
o5 0.94
g 8 g 06
3 3092 3
s s 3
> 0.6 > >
0.90 05
0.5 0.88
04
04 0.86
0.84 ] — Samplingrate 034 — Macro-Recall
03
0 1000 2000 3000 4000 0 1000 2000 3000 4000 0 1000 2000 3000 4000
Learning step Learning step Learning step
(a) (b) (©

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

10 10
R ~ 30 8 sa vs RS 268 7 0
2 s @2%) @7%) (3:0%) v63%) [ETETSTETS @.6%)
o
"
AR S . 08 08
i\-‘i f o z\)'f“ ‘
3 <
3 N Label 8 15 21 6 10
"&;“ LAY - . Ms - (2.0%) (3.8%) 06 = 5T Gaw (1.5%) (2.6%) o6
3 6 3
- 3 ss 2 2
. 0s L] S
v om Fi g
&' = e

2
(1.3%)

13 3 7 = 8 0
[ 05~ (@3%) 1.9%) (@5% 05 (5.1%) 0.0%
s ,‘ -02 -02
aﬁm’ Well A oy Well B
om L i 4 8 om A s 15 53
a2i%)  aow @1%)  [ENCXCH) (XS NCE SN (54 6%)
-00 00

(a) Nis ss os oM Nis ss os oM
Predicted Label Predicted Label

-qg,; ’i (@) (b)
= 4. * Y -5 1l ) (1.0%) (2.3%) (1.4%) M5 (7.6%) (3.7%) (4.9%) (2.3%)
L oare| | g,
Y e RN 5

08 08
93 1 6 5. 212 967 o1 81 121
(63%)  (0.7%)  (0.4%) T 4.4% WEEROEM (6.2%)  (5.5%)  (8.2%)

T 3 ke A
G, 0 4 B o e o, " 3 v 3 o
%_’%" B ':..'_r‘ ““' Q’&"' gosr o L o0 oo gusr e e aie @
: t%“WeIIA a Well 8 : [+ " o
J 10 3 2 14 74 o 1 . 8
OM- 1120)  (a% (2% [RCGECON (15.7%) OM- 9% (00% (1% [REOKN (9.0%)
-0.2 -02
®
Ms si os oM Ms si os oM
Predicted Label Predicted Label
e (c) (d)
Ms
El
= Do Fig. 8. Comparison of confusion matrices. MS: mudstone, SS: sandstone,
AN te SI: siltstone, OS: oil shale, DM: dolomite, FS: fine sandstone. (a) A—B, Ours.
lg C (b) A—B, UniSSDA. (c) C—D, Ours. (d) C—D, UniSSDA.
- - Well € f‘ & Well D
© stable threshold obtained during the dynamic adjustment
e, process.
< . uhe A 4) V3: The dynamic label adjustment module is removed.
s o £ 5'.- o
P ' gty N mﬁﬂ%“’w?x:, et The feature alignment relies only on intradomain and
. < o 2 ) b A . . . . .
,73%‘ et };) RERNYT o Lo interdomain adversarial adaptation.
P X o TP 5 = . . . .
o~ _).:j‘"‘; s ‘-y* s R 4 & & 5) V5: The intradomain adversarial module is removed.
B g 2 . Y7 .
oA e e T 6) Vi: All the aforementioned modules are removed. The
- Well ¢ . . Well D

model is trained only with labeled data from the source
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In Fig. 5 it can be observed that the macro-R gradually

Fig. 7. t-SNE visualization of the input space and feature space. MS: increases as more model components are added, which verifies

mudstone, SS: sandstone, SI: siltstone, OS: oil shale, DM: dolomite, FS: fine  the irreplaceable role of each component in enhancing model

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 performance' The macro-R values for the base model V; are

D. (d) Feature space distribution of wells C and D. 76.52% and 83.58%, which are the lowest. This indicates that
relying solely on basic classification functions is insufficient
2) Vs: The source reweighting module is removed. to capture complex features. V, improves the macro-R val-

3) Vi: The target pseudolabeling module is removed, and ues to 79.79% and 86.33%. This highlights the importance of
a fixed threshold is set for each class based on the final considering the distribution discrepancy between domains. s
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Fig. 9.

for V3, the macro-R value results are higher than those of V5.
This indicates the effectiveness of the intradomain adversarial
module in lithology prediction. V; removes the dynamic label
adjustment modules compared to V5. The results indicate that
the threshold dynamic adjustment module plays a key role in
addressing the issue of imbalanced samples. The results of Vs
validate the effectiveness of the source reweighting. The com-
plete model Vg 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.
T:) and class-specific thresholds (i.e. 7(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.

hyper-parameter g

(b) (©)

030 0.50 01 03 05 07 0.9
hyper-parameter y

Sensitivity analysis of model hyperparameters. (a) 8 = 0.2. (b) v = 0.5. (c) A = 0.2.

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 3, v, and A 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 3 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 v 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 A 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.

REFERENCES

[1] J. Huang, Y. Ci, and X. Liu, “Research status and prospects of intelligent
logging lithology identification,” Meas. Sci. Technol., vol. 36, no. 1,
2024, Art. no. 012010.

[2] Y. Gao, M. Wei, J. Zhu, Y. Wang, Y. Zhang, and T. Lin, “An intelligent
denoising method for nuclear magnetic resonance logging measurement
based on residual network,” IEEE Trans. Instrum. Meas., vol. 72, no. 3,
pp. 1-11, Mar. 2023.

[3] N. Liu, T. Huang, J. Gao, Z. Xu, D. Wang, and F. Li, “Quantum-
enhanced deep learning-based lithology interpretation from well logs,”
1IEEE Trans. Geosci. Remote Sens., vol. 60, no. 3, pp. 1-13, Mar. 2021.

[4] D. V. Ellis and J. M. Singer, Well Logging for Earth Scientists, vol. 692.
New York: Springer, 2007.

[5] N. P. Szab6, “Shale volume estimation based on the factor analysis of
well-logging data,” Acta Geophys., vol. 59, no. 5, pp. 935-953, 2011.

[6] O. A. Anyiam, A. Mode, and E. Okara, “The use of cross-plots in
lithology delineation and petrophysical evaluation of some wells in the
western coastal swamp, niger delta,” J. Petroleum Exploration Prod.
Technol., vol. 8, no. 1, pp. 61-71, 2018.

[7] 1. M. Mohamed, S. Mohamed, I. Mazher, and P. Chester, “Formation
lithology classification: Insights into machine learning methods,” in
Proc. SPE Annu. Tech. Conf. Exhib., 2019, Art. no. D021S033R005.

[8] T. S. Bressan, M. K. de Souza, T. J. Girelli, and F. C. Junior, “Eval-
uation of machine learning methods for lithology classification using
geophysical data,” Comput. Geosci., vol. 139, 2020, Art. no. 104475.

[9] Q. Pang, C. Chen, Y. Sun, and S. Pang, “Empowering lithology

identification with frelog: Leveraging frequency domain insights in well

logging signal processing,” Measurement, vol. 5, no. 3, 2025, Art. no.

116710.

R. Han, Z. Wang, Z. Zhang, X. Wang, Y. Cui, and Y. Guo, “Prediction

of igneous lithology and lithofacies based on ensemble learning with

data optimization,” Geophysics, vol. 89, no. 2, pp. IM1-IM11, 2024.

D. Datta, M. Jenamani, A. Routray, and S. K. Singh, “Enhancing litho-

facies interpretation in well logs with graph-based feature extraction,”

IEEE Geosci. Remote Sens. Lett., vol. 21, no. 6, pp. 1-5, May 2024.

K. Zhou, J. Zhang, Y. Ren, Z. Huang, and L. Zhao, “A gradient boosting

decision tree algorithm combining synthetic minority oversampling

technique for lithology identification,” Geophysics, vol. 85, no. 4, pp.

WA147-WA158, 2020.

S. Li, K. Zhou, L. Zhao, Q. Xu, and J. Liu, “An improved lithology

identification approach based on representation enhancement by logging

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

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

feature decomposition, selection and transformation,” J. Petroleum Sci.
Eng., vol. 209, 2022, Art. no. 109842.

Z. Zhang, X. Zhang, C. Zhang, and H. Feng, “Category-wise sequence
correlation filter for lithology identification with well logs,” IEEE Trans.
Geosci. Remote Sens., vol. 63, pp. 1-14, 2025, Art. no. 4503814.

L. Zhao et al., “Fluid and lithofacies prediction based on integration
of well-log data and seismic inversion: A machine-learning approach,”
Geophysics, vol. 86, no. 4, pp. M151-M165, 2021.

Y. Feng, L. Zhao, M. Xu, J. Liu, K. Zhou, and J. Geng, “Simultaneous
prediction of porosity, saturation, and lithofacies from seismic data
via multi-task deep learning,” Geophysics, vol. 90, no. 4, pp. 1-86,
2025.

M. W. Dunham, A. Malcolm, and J. Kim Welford, “Improved well-log
classification using semisupervised label propagation and self-training,
with comparisons to popular supervised algorithms,” Geophysics, vol.
85, no. 1, pp. O1-015, 2020.

F. Zhao, Y. Yang, J. Kang, and X. Li, “CE-SGAN: Classification en-
hancement semi-supervised generative adversarial network for lithology
identification,” Geoenergy Sci. Eng., vol. 223, 2023, Art. no. 211562.
J. Chang et al., “Active domain adaptation with application to intelligent
logging lithology identification,” IEEE Trans. Cybern., vol. 52, no. 8,
pp. 8073-8087, Aug. 2021.

W. Lv, C. Yuan, J. Wang, J. Zhu, Y. Kang, and J. Chang, “Logregx:
An explainable regression network for cross-well geophysical logs
generation,” I[EEE Trans. Instrum. Meas., vol. 72, no. 6, pp. 1-11, Jun.
2023.

R. C. Aralikatti, S. Pawan, and J. Rajan, “A dual-stage semi-supervised
pre-training approach for medical image segmentation,” IEEE Trans.
Artif. Intell., vol. 5, no. 2, pp. 556-565, Feb. 2023.

Q. Ren et al., “Heterogeneous domain adaptation framework for log-
ging lithofacies identification,” SPE J., vol. 34, no. 5, pp. 1-17,
2024.

T. Xu, W. Zhang, J. Li, H. Liu, Y. Kang, and W. Lv, “Domain
generalization using contrastive domain discrepancy optimization for
interpretation-while-drilling,” J. Nat. Gas Sci. Eng., vol. 105, 2022, Art.
no. 104685.

Y. Wu et al., “Robust unilateral alignment for subsurface lithofacies
classification,” IEEE Trans. Geosci. Remote Sens., vol. 60, no. 4, pp.
1-13, Apr. 2021.

X. Lan, C.-C. Zou, Z. Kang, and X. Wu, “Log facies identification in
carbonate reservoirs using multiclass semi-supervised learning strategy,”
Fuel, vol. 302, Oct. 2021, Art. no. 121145.

Z. Li, Y. Kang, W. Lv, W. X. Zheng, and X.-M. Wang,
“Interpretable semisupervised classification method under multiple
smoothness assumptions with application to lithology identification,”
IEEE Geosci. Remote Sens. Lett., vol. 18, no. 3, pp. 386-390,
Mar. 2021.

X. Zhu, H. Zhang, R. Zhu, Q. Ren, and L. Zhang, “Classification with
noisy labels through tree-based models and semi-supervised learning: A
case study of lithology identification,” Exp. Syst. Appl., vol. 240, 2024,
Art. no. 122506.

Z. Hong, J. Yao, K. Li, and G. Hu, “Conjunction of active and
semi-supervised learning for wireline logs-based automatic lithology
identification,” IEEE Geosci. Remote Sens. Lett., vol. 19, no. 3, pp. 1-5,
Mar. 2022.

Q. Ren et al., “A framework of active learning and semi-supervised
learning for lithology identification based on improved naive bayes,”
Expert Syst. Appl., vol. 202, 2022, Art. no. 117278.

S. Dong et al., “Semi-supervised neural network for complex lithofacies
identification using well logs,” IEEE Trans. Geosci. Remote Sens., vol.
62, no. 3, pp. 1-19, Mar. 2024.

L. Deng, C. Zhao, Z. Du, K. Xia, and D. Wu, “Semisupervised transfer
boosting (ss-trboosting),” IEEE Trans. Artif. Intell., vol. 5, no. 7, pp.
3431-3444, Jul. 2024.

K. Zhou, S. Li, J. Liu, X. Zhou, and Z. Geng, “Sequential data-
driven cross-domain lithology identification under logging data dis-
tribution discrepancy,” Meas. Sci. Technol., vol. 32, no. 12, 2021,
Art. no. 125122.

J. Li, G. Li, Y. Shi, and Y. Yu, “Cross-domain adaptive clustering for
semi-supervised domain adaptation,” in Proc. IEEE/CVF Conf. Comput.
Vision Pattern Recognit., 2021, pp. 2505-2514.

F. Pan, I. Shin, F. Rameau, S. Lee, and I. S. Kweon, “Unsupervised intra-
domain adaptation for semantic segmentation through self-supervision,”
in Proc. IEEE/CVF Conf. Comput. Vision Pattern Recognit., 2020, pp.
3764-3773.

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

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

J. Li, G. Li, and Y. Yu, “Adaptive betweenness clustering for semi-
supervised domain adaptation,” IEEE Trans. Image Process., vol. 32,
no. 2, pp. 5580-5594, Feb. 2023.

J. He, B. Liu, and G. Yin, “Enhancing semi-supervised domain adap-
tation via effective target labeling,” Proc. AAAI Conf. Artif. Intell., vol.
38, no. 11, pp. 12385-12393, Nov. 2024.

X. Huang, C. Zhu, R. Ren, S. Liu, and T. Huang, “Source-free semantic
regularization learning for semi-supervised domain adaptation,” IEEE
Trans. Multimedia, vol. 27, pp. 4227-4239, 2025.

W. Zhang, Q. Liu, FE. O. W. Cong, M. Ragab, and C.-S. Foo, “Universal
semi-supervised domain adaptation by mitigating common-class bias,”
in Proc. IEEE/CVF Conf. Comput. Vision Pattern Recognit., 2024, pp.
23912-23921.

J. Chang, J. Li, Y. Kang, W. Lv, D. Feng, and T. Xu, “Seglog: Geophys-
ical logging segmentation network for lithofacies identification,” IEEE
Trans. Ind. Informat., vol. 18, no. 9, pp. 6089-6099, Sep. 2021.

E. Tzeng, J. Hoffman, K. Saenko, and T. Darrell, “Adversarial discrimi-
native domain adaptation,” in Proc. IEEE Conf. Comput. Vision Pattern
Recognit., 2017, pp. 7167-7176.

Y. Ganin and V. Lempitsky, “Unsupervised domain adaptation by
backpropagation,” in Proc. Int. Conf. Mach. Learn., 2015, pp. 1180—
1189.

Z. Gao, S. Zhang, K. Huang, Q. Wang, and C. Zhong, “Gradient
distribution alignment certificates better adversarial domain adaptation,”
in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2021, pp. 8937-8946.

J. Feng et al., “Class-aligned and class-balancing generative domain
adaptation for hyperspectral image classification,” IEEE Trans. Geosci.
Remote Sens., vol. 62, no. 5, pp. 1-17, May 2024.

Y. Cheng, Y. Chen, Y. Kong, C. P. Chen, and X. Wang, “Graph dual
adversarial network for hyperspectral image classification,” IEEE Trans.
Artif. Intell., vol. 4, no. 4, pp. 922-932, Apr. 2022.

M. Arjovsky and L. Bottou, “Towards principled methods for training
generative adversarial networks,” in Proc. Int. Conf. Learn. Representa-
tions, 2017, pp. 237-245.

Y. Wang et al, “Freematch: Self-adaptive thresholding for semi-
supervised learning,” in Proc. Int. Conf. Learn. Representations, 2023,
pp. 491-512.

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

5161
J. Zhang, Z. Ding, W. Li, and P. Ogunbona, “Importance
weighted adversarial nets for partial domain adaptation,” in
Proc. IEEE Conf. Comput. vision Pattern Recognit., 2018,

pp. 8156-8164.

C. Cortes, Y. Mansour, and M. Mohri, “Learning bounds for importance
weighting,” Adv. Neural Inf. Process. Syst., vol. 23, pp. 561-579, 2010.
M. Sokolova and G. Lapalme, “A systematic analysis of performance
measures for classification tasks,” Inf. Process. Manag., vol. 45, pp.
427-437, 2009.

Y. Grandvalet and Y. Bengio, “Semi-supervised learning by entropy
minimization,” in Proc. 17th Int. Conf. Neural Inf. Process. Syst., 2004,
pp. 529-536.

A. Odena, “Semi-supervised learning with generative adversarial net-
works,” 2016, arXiv:1606.01583.

C. Yuan, Y. Wu, Z. Li, H. Zhou, S. Chen, and Y. Kang, “Lithology
identification by adaptive feature aggregation under scarce labels,” J.
Petroleum Sci. Eng., vol. 215, 2022, Art. no. 110540.

Z. Pei, Z. Cao, M. Long, and J. Wang, “Multi-adversarial domain
adaptation,” Proc. AAAI Conf. Artif. Intell., vol. 32, no. 1, pp. 3934—
3941, 2018.

X. Chen, S. Wang, M. Long, and J. Wang, “Transferability vs. discrim-
inability: Batch spectral penalization for adversarial domain adaptation,”
in Proc. Int. Conf. Mach. Learn., 2019, pp. 1081-1090.

W. Dai, Q. Yang, G.-R. Xue, and Y. Yu, “Boosting for transfer learning,”
in Proc. 24th Int. Conf. Mach. Learn., 2007, pp. 193-200.

K. Saito, D. Kim, S. Sclaroff, T. Darrell, and K. Saenko, “Semi-
supervised domain adaptation via minimax entropy,” in Proc. IEEE/CVF
Int. Conf. Comput. Vis. (ICCV), 2019, pp. 8049-8057

C. Qin, L. Wang, Q. Ma, Y. Yin, H. Wang, and Y. Fu, “Contradictory
structure learning for semi-supervised domain adaptation,” in Proc.
SIAM Int. Conf. Data Mining (SDM), 2021, pp. 576-584.

H. Basak and Z. Yin, “Semidavil: Semi-supervised domain
adaptation with vision-language guidance for semantic segmentation,”
in  Proc. Comput. Vision Pattern Recognit. Conf., 2025,
pp. 9816-9828.

L. van der Maaten and G. Hinton, “Visualizing data using t-sne,” J.
Mach. Learn. Res., vol. 9, no. 5, pp. 2579-2605, 2008.

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.




<<
	/CompressObjects /Off
	/ParseDSCCommentsForDocInfo false
	/CreateJobTicket false
	/PDFX1aCheck false
	/ColorImageMinResolution 200
	/GrayImageResolution 300
	/DoThumbnails false
	/ColorConversionStrategy /sRGB
	/GrayImageFilter /DCTEncode
	/EmbedAllFonts true
	/CalRGBProfile (Adobe RGB \0501998\051)
	/MonoImageMinResolutionPolicy /OK
	/AllowPSXObjects false
	/LockDistillerParams true
	/ImageMemory 1048576
	/DownsampleMonoImages true
	/ColorSettingsFile (None)
	/PassThroughJPEGImages true
	/AutoRotatePages /None
	/Optimize false
	/ParseDSCComments false
	/MonoImageDepth -1
	/AntiAliasGrayImages false
	/GrayImageMinResolutionPolicy /OK
	/JPEG2000ColorImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/ConvertImagesToIndexed true
	/MaxSubsetPct 100
	/Binding /Left
	/PreserveDICMYKValues false
	/GrayImageMinDownsampleDepth 2
	/MonoImageMinResolution 400
	/sRGBProfile (sRGB IEC61966-2.1)
	/AntiAliasColorImages false
	/GrayImageDepth -1
	/PreserveFlatness false
	/OtherNamespaces [
		<<
			/IncludeSlug false
			/CropImagesToFrames true
			/IncludeNonPrinting false
			/OmitPlacedBitmaps false
			/AsReaderSpreads false
			/Namespace [
				(Adobe)
				(InDesign)
				(4.0)
			]
			/FlattenerIgnoreSpreadOverrides false
			/OmitPlacedEPS false
			/OmitPlacedPDF false
			/SimulateOverprint /Legacy
			/IncludeGuidesGrids false
			/ErrorControl /WarnAndContinue
		>>
		<<
			/IgnoreHTMLPageBreaks false
			/IncludeHeaderFooter false
			/AllowTableBreaks true
			/UseHTMLTitleAsMetadata true
			/MetadataTitle /
			/ShrinkContent true
			/UseEmbeddedProfiles false
			/TreatColorsAs /MainMonitorColors
			/MetricUnit /inch
			/RemoveBackground false
			/HonorBaseURL true
			/ExpandPage false
			/AllowImageBreaks true
			/MetadataSubject /
			/MarginOffset [
				0.0
				0.0
				0.0
				0.0
			]
			/Namespace [
				(Adobe)
				(GoLive)
				(8.0)
			]
			/OpenZoomToHTMLFontSize false
			/PageOrientation /Portrait
			/MetadataAuthor /
			/MobileCompatible 0.0
			/MetadataKeywords /
			/MetricPageSize [
				0.0
				0.0
			]
			/HonorRolloverEffect false
		>>
		<<
			/IncludeProfiles true
			/ConvertColors /NoConversion
			/FormElements true
			/MarksOffset 6.0
			/FlattenerPreset <<
				/PresetSelector /MediumResolution
			>>
			/DestinationProfileSelector /UseName
			/MultimediaHandling /UseObjectSettings
			/PreserveEditing true
			/PDFXOutputIntentProfileSelector /UseName
			/BleedOffset [
				0.0
				0.0
				0.0
				0.0
			]
			/UntaggedRGBHandling /LeaveUntagged
			/GenerateStructure false
			/AddRegMarks false
			/IncludeHyperlinks false
			/IncludeBookmarks false
			/MarksWeight 0.25
			/PageMarksFile /RomanDefault
			/UntaggedCMYKHandling /LeaveUntagged
			/AddPageInfo false
			/AddBleedMarks false
			/IncludeLayers false
			/IncludeInteractive false
			/AddColorBars false
			/UseDocumentBleed false
			/AddCropMarks false
			/DestinationProfileName (U.S. Web Coated \050SWOP\051 v2)
			/Namespace [
				(Adobe)
				(CreativeSuite)
				(2.0)
			]
			/Downsample16BitImages true
		>>
	]
	/CompressPages true
	/GrayImageMinResolution 200
	/CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
	/PDFXBleedBoxToTrimBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/AutoFilterGrayImages false
	/EncodeColorImages true
	/AlwaysEmbed [
	]
	/EndPage -1
	/DownsampleColorImages true
	/ASCII85EncodePages false
	/PreserveEPSInfo false
	/PDFXTrimBoxToMediaBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/CompatibilityLevel 1.7
	/MonoImageResolution 600
	/NeverEmbed [
	]
	/CannotEmbedFontPolicy /Error
	/PreserveOPIComments false
	/AutoPositionEPSFiles false
	/JPEG2000GrayACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
	/EmbedJobOptions true
	/JPEG2000ColorACSImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/MonoImageDownsampleType /Bicubic
	/DetectBlends true
	/EmitDSCWarnings false
	/ColorImageDownsampleType /Bicubic
	/EncodeGrayImages true
	/Namespace [
		(Adobe)
		(Common)
		(1.0)
	]
	/AutoFilterColorImages false
	/DownsampleGrayImages true
	/GrayImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/AntiAliasMonoImages false
	/GrayImageAutoFilterStrategy /JPEG
	/GrayACSImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/ColorImageAutoFilterStrategy /JPEG
	/ColorImageMinResolutionPolicy /OK
	/ColorImageResolution 300
	/PDFXRegistryName (http://www.color.org)
	/MonoImageFilter /CCITTFaxEncode
	/CalGrayProfile (Dot Gain 15%)
	/ColorImageMinDownsampleDepth 1
	/PDFXTrapped /False
	/DetectCurves 0.0
	/ColorImageDepth -1
	/JPEG2000GrayImageDict <<
		/TileHeight 256
		/Quality 15
		/TileWidth 256
	>>
	/TransferFunctionInfo /Remove
	/ColorImageFilter /DCTEncode
	/PDFX3Check false
	/ParseICCProfilesInComments true
	/DSCReportingLevel 0
	/ColorACSImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/PDFXOutputConditionIdentifier (CGATS TR 001)
	/PDFXCompliantPDFOnly false
	/AllowTransparency false
	/UsePrologue false
	/PreserveCopyPage true
	/StartPage 1
	/MonoImageDownsampleThreshold 1.5
	/GrayImageDownsampleThreshold 1.5
	/CheckCompliance [
		/None
	]
	/CreateJDFFile false
	/PDFXSetBleedBoxToMediaBox true
	/EmbedOpenType false
	/OPM 1
	/PreserveOverprintSettings true
	/UCRandBGInfo /Preserve
	/ColorImageDownsampleThreshold 1.5
	/MonoImageDict <<
		/K -1
	>>
	/GrayImageDownsampleType /Bicubic
	/Description <<
		/ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
		
		/FRA <>
		/KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
		/HUN <>
		/NOR <>
		/DEU <>
		/CZE <>
		/ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
		/DAN <>
		/JPN <>
		
		/SUO <>
		/CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
		/CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
		
		
		
		/PTB <>
		/NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
		/TUR <>
		/POL <>
		
		/SVE <>
		
		/ESP <>
	>>
	/CropMonoImages false
	/DefaultRenderingIntent /Default
	/PreserveHalftoneInfo true
	/ColorImageDict <<
		/QFactor 0.76
		/HSamples [
			2.0
			1.0
			1.0
			2.0
		]
		/VSamples [
			2.0
			1.0
			1.0
			2.0
		]
	>>
	/CropGrayImages false
	/PDFXOutputCondition ()
	/SubsetFonts false
	/EncodeMonoImages true
	/CropColorImages false
	/PDFXNoTrimBoxError true
>>
setdistillerparams
<<
	/PageSize [
		612.0
		792.0
	]
	/HWResolution [
		600
		600
	]
>>
setpagedevice


