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Drill cuttings serve as a fundamental source of geological information in oil and gas exploration and
development. However, traditional analysis remains largely manual, resulting in low efficiency and high
subjectivity. While recent studies have introduced artificial intelligence, most focus on single-attribute
tasks and purely on data-driven approaches, often neglecting geological domain knowledge. This highly
limits model generalization and interpretability in real-world applications. To address these challenges,
we propose a multi-attribute intelligent identification model based on multi-task learning, which in-
tegrates geological prior knowledge and introduces a novel collaboration classifier to enhance the
comprehensiveness, robustness, and interpretability of drill cuttings analysis. Specifically, the model
constructs structured inter-attribute correlations as prior knowledge and employs a collaboration
classifier designed based on the law of total probability, enabling collaborative modeling and cross-
attribute information exchange. These innovations significantly improve recognition performance
across multiple attribute dimensions. Experimental results demonstrate that the proposed model
achieves a mean accuracy of 93.90% and a mean F1-score of 93.08% in identifying cuttings attributes
including color, shape, and grain type. These results validate the effectiveness of the structured prior-
guided collaborative modeling strategy and highlight its potential for complex multi-attribute anal-
ysis tasks in petroleum geology.
© 2026 Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This is an open
access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

Drill cuttings constitute the most accessible and continuous
geological materials acquired during drilling, offering low-cost,
real-time, and systematic information about subsurface forma-
tions (Costa et al., 2023; Kadyrov et al, 2022). The diverse
geological properties preserved in cuttings provide comprehen-
sive support for reconstructing stratigraphic, lithologic, and
reservoir characteristics, establishing a core foundation for
geological interpretation throughout the exploration and devel-
opment (Yousef and Morozov, 2024; Kadyrov et al., 2022; Sanei
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et al.,, 2020; Salim and Lagraba P, 2018). Building on these attri-
butes, cuttings serve as a vital bridge between direct geological
observation and downhole measurements in practical operations,
thereby enhancing the continuity and reliability of geological
evaluation and engineering decision-making (Singh et al., 2023;
Reyes et al., 2015; Guilherme et al., 2011; Hogg et al., 1996). As a
near-continuous record along the wellbore, cuttings analysis also
provides timely feedback for optimizing drilling parameters and
ensuring operational safety (Ramba et al., 2021). Collectively, these
attributes underscore the comprehensive geological and engi-
neering value of drill cuttings, highlighting their indispensable
role in oil and gas exploration and development.

However, despite their indispensable value, traditional ap-
proaches to cuttings analysis, including manual visual examina-
tion and thin-section petrography, remain constrained by low
efficiency, limited resolution, and a strong reliance on expert
experience. To address these shortcomings, techniques such as X-
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ray diffraction (XRD), X-ray fluorescence (XRF), and natural
gamma spectroscopy have been employed to improve accuracy
and extract more information (Carugo et al., 2013; Marsala et al.,
2011; Alixant and Collie, 1999). However, these laboratory-based
methods are labor-intensive, rely heavily on operator expertise,
and lack real-time capability, which limits their suitability for field
operations and rapid decision-making. These constraints highlight
the need for intelligent, automated cuttings analysis systems to
overcome these limitations and enhance geological interpretation
and operational efficiency. With advances in image processing,
classical algorithms have been applied to segment particles and
extract features from drill cuttings images to assist geological
identification (Huo et al., 2021; Guo et al., 2020; Perez et al., 2015;
Mtynarczuk et al., 2013). While these methods offer certain im-
provements, they are highly sensitive to hyperparameter settings
and prone to over- or under-segmentation in complex geological
settings.

The rapid advancement of deep learning aligns well with the
growing demand for intelligent drill cuttings analysis. Its strong
capabilities in autonomous feature learning and efficient inference
have driven the development of intelligent logging systems. Early
studies combined deep learning with traditional image processing
to improve the accuracy and reliability of cuttings analysis (Xu
et al.,, 2022; Patel and Chatterjee, 2016; Singh et al., 2010),
demonstrating its feasibility and practical value. However, these
methods still rely heavily on parameter tuning, resulting in
inherently unstable performance and poor robustness.

In response, researchers are increasingly exploring advanced
methods for drill cuttings analysis. Existing studies employ CNN-
based models to identify grain types in cuttings, effectively
reducing manual workload and simplifying traditional workflows
(Tolstaya et al., 2023; Kathrada and Adillah, 2019). Other work
focuses on the automatic extraction of regions of interest,
including individual particles and hydrocarbon-bearing areas (Vi
et al.,, 2024; Huo et al,, 2024; Zhang et al., 2022; Yamada and Di
Santo, 2022). Segmentation networks trained on these target re-
gions enable efficient recognition and quantitative characteriza-
tion of cuttings features. More recently, large model techniques
have been explored to improve robustness and analytical capa-
bility under complex and variable operational conditions (Shan
et al,, 2024).

Although the above studies have substantially advanced drill
cuttings analysis, most existing studies remain focused on single-
task learning (STL), such as particle segmentation or the identifi-
cation of a specific attribute. However, drill cuttings analysis is
fundamentally multi-dimensional, and its attributes are inher-
ently correlated, requiring joint interpretation for reliable
geological understanding (Costa et al., 2023). Consequently, STL
models cannot fully capture these dependencies and are limited in
their ability to support comprehensive analysis. These challenges
highlight the need for multi-task learning (MTL) frameworks
capable of modeling multiple attributes simultaneously and
exploiting their inherent correlations (hereafter, “task” and
“attribute” are used interchangeably depending on context). By
sharing representations across tasks, MTL enhances generaliza-
tion, improves performance, and reduces computational cost
(Vandenhende et al., 2022). These advantages stem from the fact
that related tasks can act as mutual regularizers, reinforcing one
another to improve identification accuracy (Ruder, 2017).

In addition, most existing approaches rely predominantly on
data-driven deep learning and lack effective integration of
geological prior knowledge as structural constraints or guiding
information. This limitation becomes especially pronounced when
dealing with multiple, strongly correlated attributes, where purely
data-driven models often struggle to capture domain-consistent
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relationships. Embedding domain-specific geological knowledge
as a prior bias during learning therefore offers a promising way to
enhance both scientific validity and practical applicability (Xu
et al., 2025; Zuo et al., 2024).

To address these limitations, this study proposes a correlation
prior and collaborative enhancement (CpCe) model for the intel-
ligent identification of multiple attributes in drill cuttings analysis.
CpCe integrates structured geological knowledge with MTL
mechanism, introducing a correlation-prior graph that encodes
domain-informed attribute relationships and a collaborative
inference mechanism that supports cross-attribute reinforcement
for joint multi-attribute prediction. This design allows the model
to more effectively capture intrinsic geological constraints and
inter-attribute interactions that conventional works often over-
look. By combining prior-guided representation learning with
cross-task interaction, CpCe enhances identification consistency,
interpretability, and robustness across multiple attributes. Overall,
this framework provides a solution for leveraging geological
knowledge and intrinsic attribute dependencies to advance multi-
attribute drill-cuttings analysis.

2. Data
2.1. Dataset construction

The data used in this study were collected from representative
structural units of the Liaohe Depression in the Bohai Bay Basin,
including the Taoyuan and Yulou-Rehetai structural belts in the
Eastern Sag, the Niuju Structural Belt in the northern depression,
the Fault-Nose Structural Belt on the southern Western Slope of
the Western Sag, and the Shuguang low buried-hill belt in the
central Western Slope. This cross-structure sampling strategy in-
creases the geological diversity captured by the dataset and helps
reduce potential locality-induced sampling bias. After drill cut-
tings are brought to the surface by drilling mud, they are cleaned,
dried, flattened, and photographed under natural light. These
images typically contain many particles. While prior studies have
focused on segmenting and extracting individual particles (Huo
et al., 2024; Shan et al., 2024; Kathrada and Adillah, 2019), our
work centers on multi-attribute collaborative identification.
Rather than developing a new segmentation method, we use the
segment anything model (SAM) (Kirillov et al., 2023), a generalized
zero-shot segmentation tool, to simplify preprocessing and
improve segmentation efficiency.

In this study, three representative attributes, namely color,
shape, and grain type (hereafter referred to as grain), are selected
as learning targets for training and evaluation. After removing
low-quality particles, the remaining samples are annotated by
domain experts to construct a high-quality multi-attribute data-
set. Labeling is based on direct visual examination of the particles.
For pure minerals like quartz and feldspar, grain labels are
assigned directly; others are labeled based on composition,
following standard drill cuttings logging practices. Color labels
include gray, grayish black, grayish white, grayish green, grayish
brown, and red. Shape labels include angular, blocky, and rounded.
Grain labels include mudstone, sandstone, basalt, granite, feldspar,
dolomite, quartz, and diabase. After curation, 3935 annotated
images were obtained. Data distribution is shown in Fig. 1. The
dataset sufficiently covers the common and geologically reason-
able attribute combinations, while the missing combinations are
extremely rare in nature and therefore do not compromise the
representational completeness of the dataset or introduce sam-
pling bias.

All images are uniformly expanded to 128x128 pixels for
standardized input. The dataset is split into training and test sets
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Fig. 1. Dataset construction and distribution for multi-attribute drill cuttings identification. The left illustrates the data processing pipeline; the right presents the distribution of

labeled samples.

using an 8:2 stratified strategy based on multi-attribute combi-
nations. For instance, of the 513 “gray-blocky-mudstone” samples,
410 are allocated to training and 103 for testing. This results in
3148 training and 787 test samples. Stratification ensures balanced
attribute distribution and enhances model generalization in multi-
attribute identification.

2.2. Statistical analysis

The correlation among drill cuttings attributes underpins the
multi-attribute collaborative identification in this study. To assess
label relationships across color, shape, and grain, we conducted
joint frequency and correlation analyses on the dataset. Specif-
ically, we calculated pairwise co-occurrence frequencies and cor-
responding positive pointwise mutual information (PPMI) to
quantify association strength. Fig. 2(a—c) display the marginal
distributions of color, shape, and grain, Fig. 2(d) presents the joint
co-occurrence frequencies among attribute categories, and
Fig. 2(e) shows the PPMI values that highlight significant posi-
tive associations.

The joint frequency and PPMI matrices (Fig. 2(d) and (e)) reveal
clear inter-attribute label associations. Frequent combinations
such as “gray-angular” reflect expected co-occurrence under high
marginal probabilities, while less frequent pairs like “grayish
green-blocky” and “grayish white-feldspar” exhibit elevated PPMI
values, indicating stronger-than-expected dependencies. These
patterns suggest that both high- and low-frequency combinations
convey meaningful statistical information. The diagonal elements
demonstrate sufficient label coverage (Fig. 2(a—c)), with grain
relatively balanced and color and shape showing a few dominant
classes. Overall, the observed correlations among attributes
confirm that categories are not independent, supporting the
effectiveness of learning joint representations and motivating the
proposed multi-attribute collaborative identification framework.

3. Method
3.1. Overview

The CpCe model proposed in this study enables collaborative
identification of multiple attributes in drill cuttings by integrating
color, shape, and grain recognition within a unified framework.
Although color can be extracted accurately through traditional
color-space methods, it is also formulated as a learnable task so
that color features can participate in shared representation
learning and contribute cross-task regularization, which is not
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achievable with fixed hand-crafted descriptors. Unlike prior
studies focused on single-attribute classification or purely data-
driven cross-attribute modeling (Vandenhende et al, 2022;
Ruder, 2017), CpCe introduces two key innovations. First, CpCe
employs a correlation prior graph to represent domain-informed
relationships among attributes and to provide structural con-
straints for the learning process, which improves model stability
and interpretability. Second, it incorporates a collaborative infer-
ence mechanism that integrates prior knowledge with visual fea-
tures and serves as the central component of the MTL framework
by enabling explicit information exchange across tasks. These two
components work together to combine data-driven learning with
geological expertise and improve the robustness and consistency
of multi-attribute identification.

Specifically, CpCe consists of three main components: an image
encoder, a prior encoder, and a collaborative classifier, as illus-
trated in Fig. 3. The image encoder extracts high-dimensional
feature representations from drill cuttings images using a stan-
dard convolutional backbone. The prior encoder uses stacked
modified GAT (Velickovic et al., 2018) layers to learn structured
correlations among attribute labels, and the resulting prior-aware
features provide guidance for multi-attribute identification.
Finally, the image and prior features are fused through the
collaborative classifier, which performs cross-task interaction
based on the law of total probability to produce unified multi-
attribute inference within the MTL framework.

This architecture adopts a parallel design in which the image
encoder and prior encoder operate independently before fusion.
Such separation allows visual features and structured prior
knowledge to be learned without mutual interference, preserving
the interpretability of the prior and preventing it from being
implicitly shaped by image content. Meanwhile, deferring fusion
to the collaborative classifier enables more stable cross-task
interaction within the MTL framework and improves robustness
in complex geological scenarios.

3.2. Correlation prior

In this study, a graph-based structure is employed to model
correlation priors among attribute labels. The prior graph is con-
structed using label co-occurrence statistics from the dataset (Zhu
et al.,, 2023; Wang et al., 2020; Chen et al., 2019), a widely adopted
way that provides a direct and interpretable measure of inter-
attribute correlations.

Formally, the prior graph is defined as G = (V,E), where V de-
notes the set of nodes corresponding to all attribute categories,
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Fig. 2. Statistical analysis of the multi-attribute drill cuttings dataset. (a—-c) show the marginal distributions of color, shape, and grain; (d) presents joint frequencies among

attribute categories; and (e) displays the corresponding PPMI values.
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and E represents the edges capturing their correlations. Each node
is initialized using one-hot encoding, and all node features are
stacked to form the node feature matrix h € R“C, where C = 17
represents the total number of labels across color, shape, and grain.
To construct the edge set E, we compute a correlation matrix A €
R<C using co-occurrence statistics. The co-occurrence matrix M €
R<C and label frequency vector N € RC are accumulated across all
samples, and the conditional probability matrix P is obtained by
normalizing each row of M with the corresponding element in N.
Then, adding the identity matrix retains self-correlation and pro-
duces the final correlation matrix used in our model.

The resulting graph G is an asymmetric directed graph, as
shown in Fig. 4, where each edge A; encodes the conditional
probability of observing label j given label i. This structured de-
pendency graph provides inductive bias that helps the model
capture co-occurrence among color, shape, and grain, thereby
improving both performance and interpretability in multi-
attribute identification.

Although the prior graph is constructed from statistical co-
occurrence, these correlations often reflect meaningful geological
tendencies, as color, shape, and grain of drill cuttings are jointly
controlled by mineral composition, sedimentary environment, and
diagenetic processes. For example, light-colored particles
commonly derive from quartz- or feldspar-rich rocks or mature
sandstone, whereas dark or gray-black grains often originate from
mafic igneous rocks or organic-rich mudstone formed under
reducing conditions. Angular grains are typically associated with
crystalline igneous rocks such as basalt and granite, reflecting
limited transport, while rounded grains generally indicate more
durable minerals or longer transport histories, as observed in
mature sandstone. These geologically interpretable tendencies
explain why certain label pairs show strong statistical correlations
in the correlation matrix A. At the same time, because this prior is
estimated purely from co-occurrence statistics, it inherits the
inherent limitations of statistically derived priors. Statistical cor-
relation does not necessarily imply geological causation, and the
estimated dependencies may be influenced by dataset-specific
factors such as sampling distribution, stratigraphic coverage, and
labeling  conventions.  Therefore, strong co-occurrence
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relationships may reflect local or basin-specific settings rather
than universally valid geological rules. For this reason, the corre-
lation structure in our framework is explicitly treated as a proba-
bilistic soft prior, providing inductive bias without being enforced
as a deterministic constraint.

3.3. Prior encoder

The GAT provides a flexible mechanism for modeling node re-
lationships through learnable, edge-specific attention weights.
However, the original GAT does not explicitly address the attribute
heterogeneity present in multi-attribute drill cuttings data. It ag-
gregates all neighbors using a single global normalization, which
may blur distinctions among attribute groups and introduce cross-
attribute interference. To address this issue, we adopt an attribute-
grouped attention mechanism that normalizes attention weights
within each attribute group, enabling more faithful modeling of
structured inter-attribute relationships.

Moreover, the original design computes attention weights
solely from node features and does not utilize the varying edge
strengths of attribute associations encoded in the prior graph. To
incorporate this structural information, we modulate attention
coefficients with the correlation matrix A, enabling the model to
distinguish different levels of inter-attribute correlation.

Finally, the prior graph is estimated from limited co-occurrence
statistics. As a result, some statistically strong correlations may be
noisy or inconsistent with established geological knowledge. If a
fixed A were used directly, such correlations could be over-
amplified and lead to spurious dependencies. To mitigate these
potential conflicts, we introduce a learnable refinement scheme
that updates A during training, allowing the structured prior to
gradually adapt toward relations supported by the input evidence
and reducing sensitivity to dataset-specific co-occurrence noise.

Specifically, the node feature matrix h € R®<C and the correla-
tion matrix A € RS, both derived from the structured correlation
prior graph, serve as inputs to the prior encoder. The attention
similarity matrix e € R®<C is then computed to estimate attention
coefficients between node pairs.
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ej— LeakyReLU(ﬂT [ 7h | 7/hj] ) A 1)

Here, #" € RF*F is a learnable linear transformation and » €
R2F*1 projects the concatenated features into scalar similarity
scores. In the first layer, F = C, corresponding to the total
number of attribute labels. The concatenation operator [- | -]
fuses the transformed features of node i and its neighbor j. The
LeakyReLU activation introduces non-linearity, and A modulates
e; to embed prior-defined edge strengths into the attention
computation.

Next, we normalize the attention coefficients to obtain the final
attention score matrix a € R“*C, which governs the message
aggregation.

exp (eij) _
> exp(ej)

el
ke

(2)

Here, Zf” denotes the neighbors of node i that belong to
attribute type t, under the condition that node i itself does not
belong to type t. To preserve attribute semantics, attention
normalization is performed independently within each attribute
group, producing an attribute-aware block structure that enhances
the modeling of inter-attribute dependencies. In addition, since
labels within the same attribute are mutually exclusive, intra-
attribute attention is restricted to a unit diagonal, preventing
invalid information flow and maintaining the structural integrity
of the multi-attribute graph.

The normalized attention scores guide the aggregation of node
features from their attribute-specific neighbors. The aggregated
features are then passed through an ELU activation. To further
enhance structural awareness, we add a prior-guided residual
connection using A to reinforce structural correlations that may

not be fully captured by attention alone. The final output b’ € R°<F
thus integrates both learned attention patterns and prior struc-
tural information.

W =ELU@7h+A7h) (3)

To mitigate bias introduced during the construction of A, a
learnable parameter g (initialized to 0.1) is used to adaptively
update A using the learned attention scores. This refinement al-
lows A to gradually align with the relational patterns discovered
during training, thereby improving the robustness of the struc-
tured prior.

A=(1-pA+ja (4)

3.4. Collaborative classifier

After processing the drill cuttings image through the image
encoder, the resulting high-dimensional feature is globally
aggregated via average pooling to obtain the image representation
I € RF (e.g., F =512 for ResNet-18 (He et al., 2016)). This image
encoder is shared across all tasks in CpCe, forming the hard
parameter sharing backbone that provides a unified visual repre-
sentation for all tasks. The prior encoder and correlation prior are
also shared, while each attribute is equipped with task-specific
prediction heads built upon this shared representation. The attri-
bute label feature matrix h € R®<F, together with the attribute
correlation matrix A € R®C, are then jointly fed into the final
decision module. Here, A encodes probabilistic relationships
among attribute labels and serves as a structural prior for multi-
attribute identification of drill cuttings.
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We first define an initial prediction j/(t) € RF, which serves as
guidance for each attribute t. This preliminary prediction is ob-
tained by passing the global image feature I through an attribute-
specific pre-classifier, capturing the model's initial semantic un-
derstanding of the drill cuttings image.
0 =cs”m (5)

Each pre-classifier CLS consists of two linear layers, with
LayerNorm and ReLU applied in between.

Next, the initial prediction j'(t), together with the label feature
matrix h and the correlation matrix A, are used for collaborative
fusion to enhance final attribute identification. This process allows
the tasks to influence one another through probabilistic condi-
tioning, providing a flexible interaction mechanism on top of the
shared backbone. Specifically, we adopt a total probability
formulation, in which the label distribution P(t) € R for attribute
t (with C; denoting the number of categories) is computed as the
sum of conditional probabilities given all other related attributes.

P(t) = > P(k)-P(t|k)

ke ®

(6)

Here, .7 () denotes the set of attributes excluding t. For a related
attribute k, the prior probability P(k) € R% is calculated by
5,(’() c RF
and the label feature matrix h*) ¢ RS%>F. The matrix A;j encodes
the conditional probability P(t|k) € R%*%, where i and j index the
labels of attributes k and t, respectively.

Inspired by the law of total probability, we adopt the atten-
tion mechanism (Vaswani et al., 2017) to construct the collabo-
rative classifier. Specifically, for each attribute t, the label
distribution P(t) is computed by treating j/(k) as the query (Q),
h® as the key (K), and Aj; as the value (V), where k denotes
attributes other than t.

computing the similarity between the initial prediction

y
P(t) = softmax | ——=—
kg;n(t) \/_F

To improve classification performance, we fuse the image fea-
tures with the collaborative fusion features. Specifically, for each

GG

A (7)

i

attribute t, P(t) is concatenated with the initial prediction y© and
passed to the final classification layer for prediction. These final
classifiers are task-specific, allowing each attribute to refine its
own prediction while still benefiting from shared representations
and inter-attribute information provided by the collaborative
module.

y(t) _ CLs(t)(b”,(f) [ P(t)]) (8)

The classifier CLS shares the same structure as the pre-classifier

CLS, consisting of two linear layers with LayerNorm and ReLU be-
tween them. The pre-classifier is used to generate intermediate
representations for guidance, while the final classifier outputs the
probability distribution over the classes of each attribute. This
separation of functional roles between guidance and classification
enhances both the accuracy and robustness of multi-attribute
identification. Overall, the collaborative classifier operates on top
of a hard parameter sharing backbone and, through probabilistic
conditioning, provides flexible task-to-task interactions. Together
with the task-specific prediction heads, this establishes a complete
MTL framework that integrates shared representations, attribute-
specific decision, and prior-aware collaborative fusion.
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3.5. Experimental settings

The CpCe model was implemented in PyTorch. ResNet-18
(without the classification head) was used as the image encoder
and initialized with official pre-trained weights to accelerate
convergence. The prior encoder consisted of a three-layer stack of
the modified GAT. During both training and inference, the model
takes the drill cuttings image together with the fixed structured
prior graph as inputs. The prior graph is constructed once from the
training set and remains unchanged as an input, whereas the
image varies across samples. Although the correlations associated
with the prior graph are refined during training via a learnable
mechanism, this refinement is part of the learned model param-
eters; thus, the pre-constructed prior graph remains an input to
the prior encoder during inference.

Training was conducted with a batch size of 128 for 50 epochs
using Focal Loss for each attribute, and the overall loss was defined
as an unweighted sum of the three task losses. Optimization
employed the AdamW optimizer with a weight decay of 1 x 1074,
momentum of 0.9, an initial learning rate of 5 x 1074, and a poly
decay schedule. As multi-attribute identification is essentially a
classification task, Accuracy (Acc) and F1-score (F1) were used as
the primary evaluation metrics.

4. Results and discussion
4.1. Performance of multi-attribute identification of drill cuttings

After training CpCe on the training set, we evaluated its per-
formance on the test set. To comprehensively assess its effective-
ness, we compared it against several representative MTL methods
widely used in computer vision, including MTAN (Liu et al., 2019),
NDDR-CNN (Gao et al., 2019) and cross-stitch (Misra et al., 2016).
Additionally, we implemented an MTL-baseline model featuring a
shared backbone with separate task-specific prediction heads. For
fairness, all models were trained and evaluated using identical
training protocols and hyperparameter settings. The multi-
attribute identification results on the test set are summarized in
Table 1.

The experimental results demonstrate that CpCe achieves the
highest performance across all three attribute recognition tasks,
substantially outperforming the comparison models in both Acc
and F1. Specifically, CpCe attains Acc values of 92.12%, 94.41%, and
95.17% for the color, shape, and grain tasks, respectively, with
corresponding F1 of 91.24%, 92.88%, and 95.13%. The overall mean
Acc and mean F1 reach 93.90% and 93.08%, respectively, signifi-
cantly exceeding those of the baseline models. These results
indicate that CpCe exhibits strong task-level collaboration and
effectively enhances multi-attribute identification performance.

We further evaluated the class-specific F1-scores for each
attribute, as shown in Fig. 5. The results reveal clear differences in
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class-level stability among models. CpCe exhibits the most regular
and balanced patterns across all tasks, indicating superior con-
sistency across classes and stronger adaptability. For example,
performance of comparison models drops markedly for grayish
green, grayish brown, and rounded. The first two are highly sen-
sitive to illumination conditions and clay-rich components, lead-
ing to blurred and unstable color boundaries and high intra-class
variability. Meanwhile, rounded shows large morphological vari-
ation driven by transport distance, reworking intensity, and frag-
mentation processes. Under these conditions, CpCe maintains
more consistent performance than other models, reflecting the
effect of the proposed structured prior-guided collaborative
modeling strategy. Additionally, although CpCe shows slightly
lower performance on quartz, a category characterized by broad
variation in transparency, size, and morphology, this localized
decline does not affect the overall prediction pattern, as CpCe le-
verages cross-attribute co-occurrence to mitigate intra-class het-
erogeneity across tasks.

4.2. Analysis of attribute collaboration

To evaluate the effectiveness of collaborative multi-attribute
learning, this study leverages the intrinsic correlations among
drill cuttings attributes to perform joint identification, which
substantially enhances overall performance compared with STL
models. To further verify this advantage, we designed a set of STL
experiments, where separate models were independently trained
for color, shape, and grain. All STL models adopted the same
backbone network (ResNet-18) and training strategy as CpCe,
ensuring fairness and consistent comparisons. The corresponding
results are reported in the STL section of Table 1.

As shown in Table 1, although the STL model achieves reason-
able performance on individual tasks, such as 93.39% Acc and
93.31% F1 in grain classification, its overall effectiveness is limited
by the absence of inter-task information sharing. This independent
training strategy prevents the model from capturing potential
correlations among attributes. The limitation is particularly
evident in color and shape classification, where STL attains lower
Acc (87.80% and 87.17%) and F1 (85.58% and 83.34%) compared
with the MTL-based CpCe. These performance gaps are especially
critical in geological analysis, where attributes such as color,
shape, and grain exhibit strong intrinsic associations. In contrast,
MTL models like CpCe benefit from shared representations and
joint optimization across tasks, resulting in consistently higher
accuracy and stability. These findings highlight the key advantage
of MTL in enhancing generalization and robustness by leveraging
inter-attribute dependencies and shared semantic representations
(Vandenhende et al., 2022; Ruder, 2017).

To further evaluate model behavior, confusion matrices for both
STL and CpCe were visualized in Fig. 6. These results intuitively
support the earlier performance comparisons. In Fig. 6, the STL

Table 1
Performance of each model on the test set after training.
Model Color Shape Grain Mean
Acc F1 Acc F1 Acc F1 Acc F1
STL ResNet-18 87.80 85.58 - - - - 89.45 87.41
- - 87.17 83.34 - -
- - - - 93.39 93.31
MTL Cross-stitch 88.06 86.52 89.45 87.41 94.28 94.14 90.60 89.36
NDDR-CNN 88.44 87.09 91.49 89.09 93.90 93.90 91.27 90.02
MTAN 88.95 87.47 92.88 90.98 94.28 94.03 92.04 90.83
MTL-baseline 90.60 89.60 91.23 89.15 93.65 93.23 91.83 90.66
CpCe 92.12 91.24 94.41 92.88 95.17 95.13 93.90 93.08
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Fig. 5. Class-wise F1-scores for each model on (a) color, (b) shape, and (c) grain.
Color Shape
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Fig. 6. Confusion matrices of CpCe and STL models for each attribute on the test set.

models show noticeable misclassifications across all tasks,
particularly in color and shape. The confusion between grayish
white and gray as well as angular and rounded are most promi-
nent. These errors mainly stem from the visual similarity of certain
cuttings under drilling-fluid wetting, illumination changes, or
blurred fracture edges, together with inherent subjectivity in
manual labeling. Moreover, imbalanced class distributions make
STL more sensitive to local data biases, reducing its stability on
fine-grained distinctions. In contrast, CpCe mitigates these
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limitations by leveraging cross-attribute correlations. Grayish
white typically appears in quartz- or feldspar-rich, or composi-
tionally mature sandstone fragments, whereas gray more often
occurs in mudstone or mafic igneous rocks such as basalt and
diabase. Similarly, rounded particles are commonly associated
with well-transported, texturally mature sandstones, while
angular particles frequently originate from near-source, immature
fragments including mafic igneous rocks. By integrating such
attribute co-occurrence patterns, CpCe can utilize complementary



L. Hou, X. Li, W.-Z. Tian et al.

geological cues when single-attribute visual information is
ambiguous, effectively reducing the misclassifications observed in
STL.

4.3. Analysis of prior encoders

To evaluate the effect of the introduced enhancements in the
GAT module of the prior encoder, we conducted ablation experi-
ments targeting three core components: attribute-grouped
attention (AttrA), edge structure integration (Edgel), and correla-
tion matrix refinement (CorR). Each component was indepen-
dently removed to assess its individual contribution to model
performance. The results are summarized in Table 2.

The results indicate that the baseline employing the original
GAT achieves a mean Acc of 92.29% and a mean F1 of 90.95%
across the three tasks. When AttrA is introduced, the mean F1
increases to 92.13%, demonstrating that partitioning neighbors
by attribute type enhances the model's ability to capture inter-
attribute dependencies. The integration of Edgel also yields
notable improvements, raising the mean F1 to 91.14%, suggesting
that incorporating edge strengths helps encode topological se-
mantics. Furthermore, the addition of CorR leads to marked
gains, particularly in the shape and grain tasks, increasing the
overall mean F1 to 91.43%. This highlights the limitations of
using a fixed correlation matrix and supports the benefit of
adaptive refinement during training to improve flexibility and
generalization. Ultimately, the full CpCe model achieves the best
overall performance, with a mean Acc of 93.90% and a mean F1
of 93.08%, confirming the complementary contributions of all
three components to multi-attribute identification accuracy and
robustness.

4.4. Analysis of refined correlation matrix

To illustrate the effect of the correlation refinement mecha-
nism, we visualized the updated correlation matrix A after
training, as shown in Fig. 7.

The refined correlation matrix reduces the dominance of prior
single-cue associations by reallocating weights to more accurately
reflect the intrinsic characteristics of drill cuttings, indicating a
shift toward the integration of multiple geological signals. Several
representative weight changes and their geological implications
illustrate this improvement. For example, grayish-black cuttings
are no longer strongly linked to basalt. The decrease in “grayish
black—basalt” and the increase in “grayish black—mudstone”
capture the common sources of dark-colored cuttings, which
include the intrinsic dark tone of basalt as a mafic igneous rock and
the dark appearance produced by organic matter enrichment and
clay-rich matrices in fine-grained mudstones. Similarly, the
strengthened “quartz—grayish white” and weakened “quartz-
—gray” association align with the light gray to whitish appearance
typically exhibited by quartz-rich cuttings. For morphology, the
increase in “gray—blocky” and the decrease in “gray—angular”
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indicate that the model reduces its reliance on angular fragments
when linking gray cuttings to fragment morphology, while pro-
gressively considering blocky fragments as a plausible product of
brittle fragmentation in gray rocks. Furthermore, the adjusted
roundness patterns for sandstone, where the reduced gap between
angular and rounded weights better reflects the natural range of
roundness associated with differences in textural maturity, min-
eral composition, and transport history. Finally, the decline in
“grayish white—feldspar” and the redistribution of weights to-
ward other grains show that whitish cuttings may originate not
only from feldspar but also from quartz or quartz-rich mature
sandstones, thereby mitigating the overly deterministic mappings
imposed by the initial prior.

Overall, the refined matrix exhibits a clear depolarization from
rigid single-feature associations toward multi-factor geological
explanations. Probabilities are redistributed across several
geologically plausible pathways rather than concentrated in single
dominant links. This shift suggests that the model enhances
robustness and generalization in settings characterized by mixed
sources and ambiguous feature expression.

4.5. Analysis of model cost

To assess the computational cost of CpCe, we evaluate param-
eter count, floating point of operations (FLOPs), and inference la-
tency across different models. All inference tests are conducted
with single-sample input under identical settings. Since the three
STL variants (color/shape/grain) share almost identical computa-
tional profiles, we report the grain-based STL model as their
representative. Table 3 summarizes the computational cost during
inference.

Although CpCe introduces additional modules, namely the
prior encoder and the collaborative classifier, its overall compu-
tational overhead remains moderate. Compared with the MTL-
baseline, CpCe increases the number of parameters and FLOPs
only slightly, indicating that both components are lightweight. In
terms of inference speed, CpCe runs slower than the STL model and
the MTL-baseline, which is expected given its cross-task reasoning
and prior-guided fusion mechanism. However, its inference la-
tency is still faster than that of other MTL frameworks, demon-
strating that CpCe maintains competitive efficiency among MTL
models. Overall, CpCe offers a balanced trade-off between accu-
racy and efficiency, making it feasible for practical field
deployment.

4.6. Cross-well generalization evaluation

To further assess the transferability of CpCe, we collected an
additional set of samples from wells located in the Shuangtaizi
Structural Belt of the Western Sag and the Jinganpu Structural Belt
of the Damintun Sag within the Liaohe Depression of the Bohai Bay
Basin. These wells are spatially independent from those used for
training and were not included in the original dataset, providing

Table 2
Ablation results for modified graph attention components in the prior encoder.
AttrA Edgel CorR Color Shape Grain Mean
Acc F1 Acc F1 Acc F1 Acc F1
CpCe x x x 91.36 90.01 91.49 88.71 94.03 94.13 92.29 90.95
v 92.76 91.94 92.88 91.11 93.77 93.34 93.14 92.13
v 91.23 89.67 92.88 90.93 93.27 92.83 92.46 91.14
89.45 87.58 93.90 92.06 94.79 94.65 92.71 91.43
v v 92.12 91.24 94.41 92.88 95.17 95.13 93.90 93.08
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Fig. 7. Refined correlation matrix A after training. (a) Partial node correlations; (b) Full matrix, with Y-axis as source nodes and X-axis as target nodes (source — target).

Table 3
Computational cost of each model during inference.
Model Params, M FLOPs, G Latency,
ms/sample
STL ResNet-18 11.24 0.60 2.27
MTL Cross-stitch 33.74 1.79 7.86
NDDR-CNN 36.91 1.98 8.27
MTAN 12.67 0.86 8.90
MTL-baseline 11.38 0.60 2.55
CpCe 12.31 0.62 5.98

unseen wells for cross-well evaluation under the same basin-scale
geological framework. A total of 347 cutting samples were ob-
tained, none of which were used during training. We applied the
previously trained models to this new dataset and computed Acc
and F1 to assess their cross-well generalization performance. The
results for all models are summarized in Table 4.

As shown in Table 4, CpCe consistently outperforms the com-
parison models on the unseen wells. Although a certain perfor-
mance drop is observed compared with the in-domain results,
CpCe maintains relatively stable Acc and F1 across different at-
tributes. This suggests that the model exhibits effective cross-well
generalization within the same basin. The results indicate that, by
modeling cross-attribute correlations and incorporating geological
prior knowledge, CpCe is less sensitive to well-specific variations
and can learn attribute representations that remain effective un-
der unseen wells. Overall, the cross-well evaluation demonstrates
the robustness and generalization capability of CpCe in practical
engineering scenarios. Extending the proposed approach to a
broader range of geological settings is expected to involve addi-
tional challenges and will be investigated in future work.

5. Conclusion

This paper presents correlation prior and collaborative
enhancement (CpCe), a multi-attribute identification model for

Table 4
Generalization performance of all models on unseen wells.
Model Color Shape Grain Mean
Acc F1 Acc F1 Acc F1 Acc F1
STL ResNet-18 73.49 60.90 - - - - 76.08 68.70
- - 75.50 68.49 - -
- - - - 79.25 76.72
MTL Cross-stitch 75.50 66.42 78.96 75.91 77.81 76.73 7743 73.02
NDDR-CNN 75.79 64.60 76.66 71.99 78.67 78.85 77.04 71.81
MTAN 78.39 68.21 76.66 72.28 78.67 76.33 77.91 72.28
MTL-baseline 74.93 65.70 79.83 76.69 79.54 77.26 78.10 73.21
CpCe 80.40 70.14 83.00 79.78 82.42 82.17 81.94 77.36




L. Hou, X. Li, W.-Z. Tian et al.

drill cuttings that leverages inter-attribute correlations as prior
knowledge to enable joint modeling and collaborative classifica-
tion. CpCe constructs a correlation prior graph based on the co-
occurrence patterns of attribute labels and incorporates two core
modules: a prior encoder and a collaborative classifier. The prior
encoder employs a modified GAT to capture structured attribute
dependencies, while the classifier integrates image and graph
features within a total probability framework to facilitate cross-
attribute information exchange and enhance identification accu-
racy. A comprehensive statistical analysis of the drill cuttings
dataset confirms the existence of meaningful inter-attribute as-
sociations, providing support for collaborative learning. Experi-
mental results demonstrate that CpCe consistently outperforms
representative MTL and STL models in terms of accuracy, effi-
ciency, and generalization capability. Overall, CpCe provides a
robust and generalizable framework for multi-attribute drill cut-
tings analysis, with potential applicability to other geoscientific
tasks involving structured relational knowledge.
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