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ABSTRACT: Multi-view tabular data poses challenges due to heterogeneous feature spaces, divergent distributions,
and implicit cross-view relationships. Traditional methods further struggle because their hand-crafted fusion strategies
cannot adequately capture complex nonlinear interactions among views. To address this issue, this paper proposes
a genetic programming (GP)-based multi-view feature fusion method. It employs a multi-tree GP framework: each
view is assigned a dedicated tree for intra-view feature selection and construction, and a fusion tree combines their
outputs for cross-view feature-level fusion. An enhanced feature construction strategy further enriches the final
representation by exploiting subtree information. Together with decision-level fusion, GP-based multi-view feature
fusion framework (GPMVF) forms a two-level fusion framework that jointly handles intra-view construction, cross-
view fusion, and classification. Experiments on eight public multi-view datasets show that the proposed method
achieves better performance than the compared baseline method.
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1 Introduction

Multi-view data are widely encountered in many real-world tasks [1]. For example, in antenna design,
radiation performance can be described by multiple complementary views: near-field distribution, far-field
pattern, and impedance characteristics. Jointly analyzing these views enables more accurate and robust
electromagnetic performance assessment. In such data, the same sample can be described by multiple
groups of features collected from different sources, modalities, or feature construction processes [2]. Multi-
view learning has shown important practical value in a variety of application scenarios, such as intelligent
diagnosis based on fused tongue-image features [3]. It has also been successfully applied to facial micro-
expression recognition from different perspectives [4]. In addition, multi-view learning has played an
important role in visual understanding tasks such as multi-view 3D object recognition [5]. Compared with
single-view learning, multi-view learning benefits not only from richer descriptive information, but also
from the ability to jointly exploit the consistency and complementarity across views [1]. Its advantage stems
not merely from additional data, but from how different views collaborate to enhance discrimination [6].

However, effectively utilizing multi-view information remains a challenging problem [7]. This issue is
particularly evident in multi-view tabular data, where different views may exhibit heterogeneity in feature
semantics, dimensionality, and statistical distributions, and where the number of samples is often limited [8].
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In such settings, some views may contain high-dimensional but weakly informative features, while others
may provide relatively compact yet more discriminative representations. The imbalance in view quality and
scale makes it difficult to directly apply conventional multi-view strategies in a stable and effective way [9].
At the same time, the relationships across views in tabular data are often implicit rather than structurally
aligned, which makes cross-view interactions harder to model. Under such conditions, a learning model must
preserve useful view-specific characteristics while also capturing latent interactions across views [10]. The
performance of the multi-view method is highly sensitive to how cross-view relationships are modeled [11].
Common strategies for handling multi-view information span representation learning, feature-level fusion,
and decision-level fusion [7], with hybrid approaches that integrate feature-level and decision-level fusion
also receiving attention [12]. Nevertheless, many existing methods still rely heavily on manually specified
fusion structures or carefully designed combination rules, which may limit their adaptability across datasets
with different view settings.

To reduce the reliance on manually designed fusion rules and better handle the heterogeneity of
multi-view tabular data, a more adaptive feature construction mechanism is needed. Genetic programming
(GP) provides such a possibility, as it can evolve tree-structured programs to construct nonlinear feature
transformation expressions directly from raw features [13]. This property makes GP particularly suitable for
tabular classification tasks, where informative patterns may arise from complex feature interactions that are
difficult to specify in advance. Prior studies have shown that GP can effectively construct discriminative
features for classification and can even evolve multiple constructed features within a single individual to
enrich the representation space [14].

Nevertheless, most existing GP-based studies are still centered on single-view learning. Although
multi-tree GP has shown advantages in handling multiple outputs, modular subtasks, and heterogeneous
information sources [15], related work in the multi-view context is still scarce [16]. As a result, the potential
of GP for multi-view tabular feature fusion has not been fully explored. In addition, many traditional
GP-based feature construction strategies mainly use the output of the root node as the final constructed
feature. Although this design is simple and intuitive, it may ignore the hierarchical information contained
in internal subtrees. For multi-view data, this limitation may become more prominent, because informative
transformations may emerge not only within each view but also at different structural levels of the
evolved trees.

To address the above issues, this paper proposes a GP-based multi-view feature fusion framework
(GPMVE). In the proposed framework, each view is assigned a dedicated view-specific tree to perform intra-
view feature construction, while an additional fusion tree is introduced to model nonlinear interactions
among different views. Furthermore, an enhanced feature construction strategy is designed to integrate the
root output, informative subtree-constructed features, and the original terminal features actually involved in
the construction process, so as to obtain a richer and more discriminative representation. On this basis, the
framework further combines feature-level fusion with decision-level fusion based on support vector machine
(SVM) classifiers to improve the effectiveness and robustness of multi-view classification.

The main contributions of this paper can be summarized as follows:

1. A multi-tree GP-based framework is adapted and integrated for multi-view tabular classification, where
view-specific trees are used for intra-view feature construction and a fusion tree is employed to model
latent inter-view relationships.

2. Within this framework, an enhanced feature representation strategy is adopted to exploit not only
the root outputs of GP trees, but also informative subtree-level constructed features and the original
terminal features involved in the construction process, thereby enriching the final feature representation.
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3. A dual-layer fusion architecture is established for multi-view classification, in which feature-level
fusion is achieved by the fusion tree and decision-level fusion is further performed on the outputs of
multiple classifiers.

The remainder of this paper is organized as follows. Section 2 reviews the related work on multi-view
learning, GP, and multi-tree GP. Section 3 presents the proposed GPMVF framework. Section 4 describes the
experimental settings. Section 5 reports and discusses the experimental results from multiple perspectives.
Finally, Section 6 concludes this paper and outlines possible directions for future work.

2 Related Work
2.1 Multi-View Learning

Multi-view learning jointly models multiple feature representations of the same instances, exploiting
cross-view consistency and complementarity to achieve better performance than any single view alone. Early
studies mainly focused on how different views could provide complementary information for one another
during the learning process. A representative example is the co-training framework, which was proposed
to improve learning performance by leveraging complementary supervision from different views [17]. In
unsupervised settings, correlation-based modeling ideas were further introduced into multi-view learning.
For example, canonical correlation analysis was incorporated into multi-view clustering to capture the
consistency across different views through their correlated structures [18]. Later, graph-based methods were
also explored, and a cross-view graph diffusion strategy was proposed to strengthen information interaction
among different views through graph propagation [19].

With the continued development of multi-view learning, research focus gradually shifted from shal-
low cross-view alignment to richer representation learning and latent-space modeling. In this line of
work, the key objective is usually to improve the consistency and separability of learned representations
across views. For example, a multi-view latent-space fusion representation method based on deep feature
enhancement was proposed, showing that joint hidden-space modeling can improve the quality of multi-
view representations [20]. More recent reviews have pointed out that multi-view learning is evolving
from traditional shallow fusion toward more complex joint representation learning frameworks [21]. The
role of self-supervision and contrastive alignment in deep multi-view clustering was further investigated,
reflecting the trend of integrating multi-view learning with deeper representation learning frameworks [22].
In addition, Transformer-based mechanisms were incorporated into deep contrastive multi-view clustering,
which suggests that attention modeling and deep feature fusion have become important directions in recent
research [23].

Besides representation learning, fusion-based learning is another important branch of multi-view
research. From the perspective of information integration, existing methods can generally be divided into
feature-level fusion, decision-level fusion, and hybrid fusion [7]. Feature-level fusion usually combines
information from multiple views before classification, which is helpful for mining cross-view correlations
in the feature space. Decision-level fusion trains classifiers for different views separately and then combines
their outputs, which provides a relatively flexible way to utilize heterogeneous views. Hybrid fusion attempts
to combine the advantages of both paradigms. For example, a hierarchical classifier was constructed by
combining feature-level and decision-level fusion, indicating that multi-level fusion is a meaningful direction
for improving learning performance [12].

Although the above studies have substantially advanced multi-view learning, some limitations still

remain when they are applied to heterogeneous tabular data. As pointed out in the existing literature,
constructing a stable and effective fusion mechanism is still a major challenge in multi-view classification [7].



4 Comput Mater Contin. 2026;89(3):22

In many cases, existing methods still rely on manually designed fusion structures, predefined combination
rules, or carefully specified learning objectives. As a result, they are often not sufficiently flexible for
datasets with large differences in view number, feature dimensionality, and distribution characteristics. More
importantly, these methods do not directly focus on automatic nonlinear feature construction from raw
multi-view tabular features. This limitation motivates the development of a more automated framework that
can simultaneously support intra-view feature construction and inter-view fusion, which is one of the main
goals of this paper.

2.2 GP for Feature Construction and Classification

GP has long been regarded as an important approach for automatic feature construction. In the
foundational work on GP, candidate solutions were represented as tree-structured programs and evolved
through population-based search, which provides a natural mechanism for automatically constructing new
expressions from primitive operators and original variables [13]. Subsequent studies further extended the
capability of GP in automatically discovering reusable structures, thereby strengthening its ability to generate
more complex feature expressions [24]. Early applications of GP to image analysis also illustrated its potential
for automatic extraction of complex features [25]. In addition, strongly typed GP was introduced to enforce
type consistency during evolution, providing an important foundation for later constrained GP designs
when operators and data structures need to be matched semantically [26]. Owing to its symbolic tree
representation, GP is particularly suitable for tasks in which nonlinear feature transformations need to be
learned directly from data rather than specified manually.

Recent advances have extended GP-based feature construction beyond single-tree representations to
multi-tree architectures, where multiple program trees are evolved within a single individual. For example,
an adaptive multi-tree GP approach that automatically adjusts the number of trees based on fitness feedback
and the current evolutionary state [15] was designed, to address a key limitation of existing multi-tree
GP methods where the number of trees per individual needs to be predetermined, which can reduce
parameter tuning effort while improving adaptability across datasets. Beyond multi-tree architectures, multi-
population strategies have emerged as a promising direction for handling heterogeneous or multi-view
data. A multi-population ensemble GP framework that integrates cooperative coevolution with multi-
view learning [27] was proposed, where the feature space is decomposed into multiple subsets, and each
population evolves independently on a distinct view while interacting through an ensemble-based fitness
mechanism. This approach enhances diversity, reduces premature convergence, and improves classification
accuracy by processing disparate data views in parallel.

Although these studies have greatly advanced GP-based feature construction, most of them are still
mainly oriented toward single-view learning scenarios. Existing work has demonstrated the ability of GP
to perform nonlinear feature transformation, multiple-feature construction, and representation extension
in specific domains, but it does not yet directly address the problem of jointly modeling view-specific
information and cross-view interactions in multi-view tabular data. Therefore, there is still a need for a more
specialized framework that can combine the automatic feature construction ability of GP with the fusion
requirements of heterogeneous multi-view data, which forms an important motivation for the present work.

2.3 Multi-Tree GP for Multi-Source Learning

Multi-tree GP can be regarded as an important extension of standard single-tree GP. By allowing
one individual to contain multiple trees, this framework provides a more flexible way to handle tasks
involving multiple constructed features, modular subtasks, or heterogeneous information sources. An
adaptive multi-tree GP method was proposed for the collaborative construction of multiple new features,
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showing that the multi-tree structure has clear advantages in complex feature learning [15]. Related studies
on multidimensional GP representations further suggest that multi-tree or multidimensional structures can
improve the expressive ability of learned features in classification tasks [28].

Multi-tree GP has also been explored in a wider range of supervised learning problems. A new multi-tree
GP approach was proposed for feature construction in high-dimensional classification, verifying the effec-
tiveness of the multi-tree framework in complex high-dimensional data scenarios [29]. A dual-population
GP approach with active meta-learning [30] was designed for ontology matching, which co-evolves two-
layer similarity features, actively refines training labels, and meta-learns expert aggregation, outperforming
state-of-the-art methods on OAEI benchmarks. An adaptive particle swarm optimization framework that
integrates GP [31] was proposed, to dynamically refine the fitness function and velocity update mechanism
for automating similarity feature combination in knowledge graph alignment, which achieves superior
matching accuracy and efficiency across diverse alignment tasks. These studies indicate that, compared with
standard single-tree representations, multi-tree designs are better suited to problems that require multiple
coordinated transformation processes. More recently, multi-tree GP was further shown to support not only
feature learning but also effective feature fusion in multimodal medical image classification [16].

Although these studies have demonstrated the potential of multi-tree GP in multi-source learning,
existing work still focuses mainly on images, signals, and other domain-specific data. In contrast, research
on multi-view tabular data remains relatively limited. In particular, current studies do not yet provide a
unified framework that can simultaneously support intra-view feature construction and inter-view feature
fusion for heterogeneous tabular views. Therefore, there is still a need for a more specialized multi-tree GP
framework to address the characteristics of multi-view tabular classification, which directly motivates the
method proposed in this paper.

3 Proposed Method
3.1 Overall Algorithm

The proposed method follows the standard GP evolutionary process, including population initialization,
individual evaluation, selection, crossover, mutation, and population updating. Unlike conventional single-
tree GP, each individual in the proposed method comprises multiple view-specific trees and one view-fusion
tree. The evolutionary process therefore performs both intra-view feature construction and inter-view feature
fusion within a unified framework. During initialization, an expression space is defined for each view based
on the number of views in the dataset, along with the corresponding function set, terminal set, and depth
constraints, ensuring that each individual has a complete multi-tree structure.

During evaluation, the original features of each view are first transformed by the corresponding
view-specific tree, which applies the enhanced feature construction strategy to produce an enriched view-
dependent representation. The resulting representations are then fed into the view-fusion tree to generate a
fused cross-view representation for classification and fitness evaluation. During evolution, parent individuals
are selected, offspring are generated through genetic operations, and elite individuals are retained when
the population is updated. To preserve the semantic roles of the trees within the multi-tree structure,
crossover is performed only between subtrees at the same position, while both crossover and mutation
are subject to structural and depth constraints to maintain individual validity and stability. This process is
repeated until the termination condition is met, after which the best individual in the final population is
used for feature construction and classification on the test set. Fig. 1 illustrates the overall workflow of the
proposed algorithm.
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Figure 1: Overall workflow of the proposed multi-tree GP algorithm.

The main innovations of the proposed method are its multi-tree representation and multi-view fusion
mechanism, which are described in detail in the following subsections.

3.2 Multi-Tree GP Representation

To jointly model intra-view discriminative information and inter-view complementary information
in multi-view tabular data, we design a multi-tree GP individual. Unlike a conventional single-tree GP
representation, each individual in the proposed framework comprises multiple view-specific trees and
one view-fusion tree. This structure enables intra-view nonlinear feature construction and cross-view
feature-level fusion within a unified evolutionary framework [16].

Let a multi-view sample be represented as X = {x(,x(®), .., x(")}, where v denotes the number of
views. For each view, a dedicated view-specific tree is used to evolve nonlinear representations from the
original feature space. A view-fusion tree is then introduced to take the outputs of all view-specific trees as
input and learn the relationships among the different views. This individual design therefore provides a clear
functional division between intra-view feature transformation and inter-view feature fusion.
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Fig. 2 illustrates a GP individual for a two-view dataset, in which each individual comprises two view-
specific trees and one view-fusion tree.

Feature Feature Fusion feature
vector F1 : vector F2 ' vector

: Terminal
: Feature 3

Vector-level
function 2

Vector-level Feature
function 1 vector F2
Terminal Terminal Terminal Terminal Terminal Terminal Feature Feature
Feature 1 Feature 2 Feature 3 Feature 4 Feature 1 Feature 2 vector F1 vector F2
The view-specific tree corresponding to View 1 The view-specific tree corresponding to View 2 The fusion tree across views

Figure 2: An example of a multi-tree GP individual.

3.2.1 View-Specific Tree

A view-specific tree performs nonlinear transformations on the original features of a single view and
serves as the basic component of a multi-tree GP individual. For the i-th view in a multi-view dataset, an
independent program tree is assigned to that view. By recursively combining function and terminal nodes,
the tree automatically constructs new feature representations for the corresponding view.

Because different views may vary in data distribution, feature dimensionality, and discriminative
information, the “one view, one tree” strategy helps preserve the structural characteristics of each view and
improves the model’s adaptability to heterogeneous views. Each view-specific tree receives only the features
of its corresponding view and cannot directly access information from other views. Its primary role is to
perform intra-view feature transformation and evolve more discriminative high-level representations by
capturing latent feature relationships through combination, reconstruction, and transformation. This process
reduces the model’s dependence on manually designed features.

The view-specific trees operate in parallel within the same individual and collaborate under the guidance
of the overall fitness. Rather than optimizing its corresponding view in isolation, each tree contributes jointly
with the other view-specific trees to the overall multi-view fusion task.

The view-specific tree primarily performs scalar feature operations. Its function and terminal sets are
listed in Table 1.

Table 1: Function set and terminal set of the view-specific tree.

Type Name Arity Description
Binary operator Add 2 Addition of two input features
Binary operator Subtract 2 Subtraction of two input features
Binary operator Multiply 2 Multiplication of two input features

. . Protected division; returns 1 when the divisor
Binary operator Divide .
is close to 0

(Continued)
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Table 1 (continued)

Type Name Arity Description
Unary operator Negation 1 Negation of the input feature
Absolute value transformation of the input
Unary operator Absolute value 1 P
feature
Unary operator Sine transformation 1 Sine transformation of the input feature
Cosine . . .
Unary operator . 1 Cosine transformation of the input feature
transformation
, , Original input features, where d is the
Terminal set Feature variable - shat P ) )
dimensionality of the input features
Random constants in the interval from
Constant term Random constant -

-1tol

3.2.2 View-Fusion Tree

After the view-specific trees construct features for their respective views, a view-fusion tree is used
to perform cross-view information interaction and feature-level fusion. The view-fusion tree occupies the
upper level of the multi-tree individual. It takes as input the feature vectors generated by the view-specific
trees rather than the original dataset features. After the intra-view nonlinear transformations, the fusion tree
learns relationships among the views to form a higher-level joint feature representation.

The fusion tree uses functions designed for vector inputs. Vector-level operators, including element-
wise addition, element-wise multiplication, maximum, and mean, automatically combine and transform
the multi-view features. Compared with fixed concatenation or simple weighting, this program-tree-based
fusion mechanism is more flexible and can better exploit the consistency and complementarity among views.

Because the feature vectors generated by different view-specific trees may have different lengths, a
feature-vector length alignment function is introduced. This function uses the maximum length among the
current input vectors as the target length and pads shorter vectors with trailing zeros, ensuring that all input
vectors have consistent dimensions. The vector-level operators can then be applied normally. In addition,
a type-constraint mechanism ensures consistent input and output types for all nodes, thereby preventing
mismatched connections between structural units [26].

The function and terminal sets of the view-fusion tree are listed in Table 2.

Table 2: Function set and terminal set of the view-fusion tree.

Type Name Input Form Description
Vector fusion operator Add i vectors Element-wise addition of the input vectors
Vector fusion operator ~ Multiply i vectors Element-wise multiplication of the input vectors
Vector fusion operator =~ Maximum i vectors Element-wise maximum of the input vectors
Vector fusion operator Mean i vectors Element-wise mean of the input vectors

. Vi, Vo, ..., V,, feature vectors generated by the
Terminal set - - i : ] )
view-specific trees, where v is the number of views
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3.3 Enhanced Feature Selection and Construction Strategy Based on GP Subtrees

To better exploit the hierarchical construction information encoded in GP trees, we adopt an enhanced
feature construction strategy based on subtree-constructed features. Rather than using only the final feature
constructed at the root node, the proposed method also incorporates informative subtree features and the
original terminal features used in the tree, thereby producing a richer feature representation.

Let T denote a program tree. Let fr(x) denote the final feature constructed at its root node,
S1(x),82(x),...,Sn(x) denote the features constructed by its internal subtrees, and xo, x1, . .., xx denote
the terminal features used in the tree. The enhanced feature vector V' can then be expressed as

V= [fT(x))Sl(x),Sz(X), e S (%), X0, X1, - 45 Xk ] 1)

In implementation, these components are obtained by traversing the string representation of the evolved
program tree and evaluating the whole-tree expression, subtree expressions, and used terminal features for
the current sample. To maintain semantic consistency across trees and views, the final constructed feature is
always placed first in the vector rather than being concatenated solely according to the traversal order. This
arrangement helps the subsequent fusion tree use the main constructed feature more consistently.

Fig. 3 illustrates the example tree Mul(Add(xo, x1), Neg(x,) ). Under the enhanced feature construction
strategy, this tree generates the feature vector [ f, s1, 52, X0, X1, x2 |. Compared with the conventional approach
that uses only the root output, this strategy preserves construction results from multiple levels and provides

a richer feature representation.
» Root output f

,,,,,,,,,,,, » Subtree output s;
,,,,,,,,,,,, » Subtree output s2
Selected terminal features
) 50 () e
f S1 52 X0 X1 X2

Enhanced feature vector V
Figure 3: Illustration of enhanced feature construction from a GP tree.

3.4 Dual-Layer Fusion Architecture for Multi-View Learning
3.4.1 Feature-Level Fusion Mechanism

At the feature level, the view-fusion tree jointly models information from multiple views. The view-
specific trees first apply nonlinear mappings to the original features of their corresponding views to generate
intra-view constructed features. The view-fusion tree then takes the output vectors of these trees as input
and uses vector-level operators to learn the relationships among the view representations, thereby forming a
joint cross-view feature representation. Because this process occurs during feature construction, it constitutes
feature-level fusion.

Unlike the direct concatenation of features from different views, the fusion tree can adaptively search for
an effective cross-view fusion form during genetic evolution. It can therefore better exploit the consistency
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and complementarity of multi-view data and provide a more discriminative feature basis for subsequent
decision-level fusion.

3.4.2 Decision-Level Fusion Mechanism

After feature-level fusion, decision-level fusion is introduced during classification to make fuller use
of the multi-view information. Specifically, classifiers are trained on both the enhanced feature vectors
constructed by the view-specific trees and the joint feature representation generated by the fusion tree,
after which their predictions are integrated. Consequently, both the local discriminative information from
individual views and the global information in the fused features contribute to the final classification
decision, forming a dual-layer mechanism that combines feature-level and decision-level fusion.

Three decision-level fusion strategies are considered: voting, weight, and single.

The voting strategy combines the predictions of multiple classifiers through majority voting. All
classifiers have equal voting status, and each contributes one vote to the final class. The class receiving the
most votes is selected as the final prediction. If multiple classes receive the same number of votes, a predefined
rule is applied to resolve the tie. This strategy requires no additional parameter settings and is straightforward
to implement. In multi-view tasks, it integrates complementary information from different view classifiers
and reduces the influence of unstable predictions from an individual view by aggregating multiple decisions.
Because the strategy combines discrete class labels produced by the classifiers, it constitutes a hard-decision
fusion mechanism.

The weight strategy combines the predictions of different classifiers through weighted fusion. All
classifiers associated with the view-specific trees and the fusion-tree classifier are assigned equal weights,
and the final prediction is obtained by averaging their posterior probabilities. For a dataset with V' views,
V + 1 classifiers participate in the fusion, each with a weight of 1/( V' + 1). This strategy provides a simple and
stable soft-decision fusion mechanism without introducing randomness into the weight assignment. Unlike
the voting strategy, which combines discrete class labels, the weight strategy uses the probabilistic outputs of
all classifiers and therefore preserves more decision information during fusion.

The single strategy does not further integrate the predictions of multiple classifiers; only the prediction
of the classifier trained on the fusion-tree features is used as the final output. This strategy serves as a reference
setting for evaluating classification performance when feature-level fusion is applied without subsequent
decision-level integration across views. Comparing single with voting and weight therefore reveals the
contribution of decision-level fusion to the overall model performance.

Together, the three strategies form the decision-level component of the dual-layer fusion mechanism.
Voting implements hard-decision fusion through majority voting, weight implements soft-decision fusion
through equal-weight probabilistic integration, and single provides a reference for assessing the gain achieved
by decision-level fusion.

4 Experimental Settings
4.1 Datasets

To evaluate GPMVF on multi-view tabular classification tasks, experiments are conducted on eight
representative public datasets spanning scene recognition, object recognition, handwritten digit recognition,
bioinformatics, face recognition, and plant classification. The datasets vary in the number of views, samples,
and classes, as well as in the dimensionality of each view, providing diverse settings for evaluating multi-view
feature construction and fusion.
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Table 3 summarizes the key characteristics of the eight datasets, including their application domains,
numbers of views, classes, and samples, and the dimensionality of each view.

Table 3: Summary of the multi-view datasets used in the experiments.

Dataset Type Views Classes Samples Feature Dimensions
Scenel5 Scene image classification 3 15 4485 20, 59, 40
ALOI Object image classification 2 100 10,800 77, 64
HandWritten =~ Handwritten digit recognition 3 10 2000 240, 64, 216
BDGP Bioinformatics classification 2 5 2500 1750, 79
Prokaryotic Bioinformatics classification 3 4 551 393, 3, 438
yale_mtv Face recognition 3 15 165 4096, 3304, 6750
100leaves Plant leaf classification 3 100 1600 64, 64, 64
mfeat Handwritten digit recognition 6 10 2000 216, 76, 64, 6, 240, 47

Note: ALOI, Amsterdam Library of Object Images; BDGP, Berkeley Drosophila Genome Project; mfeat, Multiple
Features; yale_mtv, multi-view Yale Face Database.

4.2 Parameter Settings

The main evolutionary parameters are set as follows: the population size is 100, the number of
generations is 50, the crossover probability is 0.8, the mutation probability is 0.19, the elitism ratio is 0.01, and
the tournament size is 5. These settings follow [16]. To control structural complexity, the maximum depths
of the view-specific trees and the fusion tree are set to 10 and 8, respectively. Classification performance is
evaluated using stratified five-fold cross-validation.

4.3 Evaluation Metrics

Classification accuracy is used as the primary evaluation metric because it directly measures the
proportion of correctly classified samples. It is defined as

N,
Accuracy = —, 2
=N @
where N, denotes the number of correctly classified samples and N denotes the total number of samples.

5 Results and Discussion
5.1 Comparison with Baseline Method

To evaluate GPMVF on multi-view classification tasks, we compare it with a representative baseline that
trains an independent SVM classifier for each view and combines the predictions through voting. Because
GPMVF involves stochastic evolutionary search, it is run repeatedly on each dataset, and its results are
reported as means with standard deviations. The baseline is deterministic under the current setting and is
therefore evaluated once per dataset.

Table 4 reports the accuracy, F1 score, and Kappa coeflicient of the two methods. For each dataset, a
two-sided exact Wilcoxon signed-rank test compares the repeated GPMVF results with the corresponding
fixed baseline value to determine whether the observed differences are statistically significant.
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Table 4: Comparison between GPMVF and the baseline method.

Dataset GPMVF (Mean = Std) Per-View SVM Voting p-Value (Wilcoxon)
Acc. F1 Kappa Acc. F1  Kappa Acc. F1 Kappa

mfeat 0.9818 + 0.0046 0.9817 + 0.0046 0.9797 + 0.0051 0.9850 0.9849 0.9833 0.078125 (») 0.105469 (~) 0.085938 (~)
100leaves 0.9540 + 0.0123 0.9518 + 0.0124 0.9535 + 0.0124 0.8475 0.8432 0.8460 0.001953 (>) 0.001953 (>) 0.001953 (>)
Scenel5 0.7711 £ 0.0140 0.7664 + 0.0145 0.7539 + 0.0150 0.6696 0.6497 0.6448 0.001953 (>) 0.001953 (>) 0.001953 (>)
yale_mtv 0.9267 + 0.0393  0.9254 + 0.0401  0.9214 + 0.0421 0.9778 0.9771 0.9762 0.001953 (<) 0.003906 (<) 0.003906 (<)
HandWritten  0.9550 + 0.0071  0.9552 + 0.0069 0.9500 + 0.0079 0.9675 0.9678 0.9639 0.001953 (<) 0.001953 (<) 0.001953 (<)
Prokaryotic  0.8777 + 0.0193 0.8717 + 0.0211  0.7900 + 0.0321 0.7946 0.7636 0.6132 0.001953 (>) 0.001953 (>) 0.001953 (>)
BDGP 0.9548 + 0.0099 0.9552 + 0.0097 0.9435 + 0.0124 0.9280 0.9279 0.9100 0.001953 (>) 0.001953 (>) 0.001953 (>)
ALOI 0.9488 + 0.0076 0.9487 + 0.0076 0.9483 +0.0077 0.7182 0.7038 0.7153 0.001953 (>) 0.001953 (>) 0.001953 (>)

Note: Bold values indicate the best results. The symbols (>, <, and ~) denote significant improvement, degradation,
or no significant difference between GPMVF and the baseline based on the Wilcoxon signed-rank test. Abb: ALOI,
Amsterdam Library of Object Images; BDGP, Berkeley Drosophila Genome Project; mfeat, Multiple Features; yale_mtv,
multi-view Yale Face Database.

In terms of mean accuracy, GPMVF outperforms the baseline on five datasets: 100leaves, Scenel5,
Prokaryotic, the Berkeley Drosophila Genome Project (BDGP), and the Amsterdam Library of Object
Images (ALOI). The improvements are statistically significant on all five datasets (p < 0.05), and the F1 score
and Kappa coeflicient show similar trends. The baseline achieves higher mean scores on Multiple Features
(mfeat), the multi-view Yale Face Database (yale_mtv), and HandWritten. For mfeat, however, none of the
differences across the three metrics is statistically significant (p > 0.05). The baseline performs significantly
better on yale_mtv and HandWritten.

Overall, GPMVF is particularly effective when complementary cross-view information can be exploited.
However, the simpler voting baseline can remain competitive or superior when the original view represen-
tations are highly discriminative, indicating that the advantages of GPMVF are dataset-dependent.

5.2 Ablation Study

To assess the contributions of the main components of GPMVE we compare it with two ablation
variants. The simple feature selection and construction variant retains the root-node feature and the terminal
features used in the GP expression but excludes intermediate subtree-constructed features. The direct-
concatenation GP variant merges all views into a single input vector and performs GP-based feature
construction without preserving the view structure or using a dedicated fusion tree. All three methods are
run 10 times on each dataset, with results reported as means with standard deviations. Two-sided exact
Wilcoxon signed-rank tests are used to assess statistical significance. Table 5 compares GPMVF with the
simple variant.

GPMVF significantly outperforms the simple variant on mfeat, 100leaves, Scenel5, Prokaryotic, BDGP,
and ALOI across all three metrics. This result indicates that incorporating subtree-constructed features
enriches the final representation and improves classification performance on most datasets. The differences
on yale_mtv and HandWritten are not statistically significant, showing that the benefit of the enhanced
feature construction strategy is dataset-dependent.

On yale_mtv, GPMVF and the simple variant achieve nearly identical mean performance, with no sig-
nificant difference. This may be because the high dimensionality and small sample size make effective feature
construction difficult, so the additional subtree features do not yield a consistent gain. On HandWritten,
the simple variant is slightly better on average, but the difference is again not significant. The original view
features may already be highly discriminative, limiting the additional benefit of subtree-level enhancement.
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Table 5: Comparison between GPMVF and the simple feature selection and construction method in the ablation study.

Dataset GPMVF (Mean =+ Std) Simple Feature (Mean + Std) p-Value (Wilcoxon)

Acc. F1 Kappa Acc. F1 Kappa Acc. F1 Kappa
100leaves 069_(5);1203* 0(':31124* 0(')?3:’; 4* Oﬁﬁsf 069.(2;3; 0.531133; 0.001953 (>)  0.001953 (>)  0.001953 (>)
Prokaryotic 062?;:97; 0:(7);1* 067'(9)231* Osggf 067.532 N 066,34812; 0.001953 (>)  0.001953 (>)  0.001953 (>)
ALl 09488 09487 09483x 0.9248x  09251% 09240 ool oo

0.0076 0.0076 0.0077 0.0065 0.0064 0.0066

Note: Bold values indicate the best results. The symbols (> and ~) denote whether GPMVF is significantly better to the
simple variant according to the Wilcoxon signed-rank test. Abb: ALOI, Amsterdam Library of Object Images; BDGP,
Berkeley Drosophila Genome Project; mfeat, Multiple Features; yale_mtv, multi-view Yale Face Database.

Table 6 compares GPMVF with the direct-concatenation GP method. GPMVF achieves higher mean
scores on all eight datasets, and most differences are statistically significant across the three metrics. This
result supports preserving the multi-view structure during feature construction and using a dedicated fusion
tree for inter-view modeling rather than concatenating all features into a single input space.

Table 6: Comparison between GPMVF and the direct-concatenation GP method in the ablation study.

Dataset GPMVF (Mean + Std) Direct-Concatenation GP (Mean + Std) p-Value (Wilcoxon)

Acc. F1 Kappa Acc. F1 Kappa Acc. F1 Kappa
100leaves 069.(5)‘11;3* 0(')?31128 4* 0(')9'31325 4* 06933; Ogéifoi 053?3; 0.001953 (>) 0.001953 (>) 0.001953 (>)
Scenel 0(;.7071{410i 067.(6)3: O(fgfsgoi Og?)igli ogg(l)gsi 067.(2)?2; 0.005859 (>) 0.005859 (>) 0.005859 (>)

HandWritten o(fgggl* 0(').905329* 033(());); O(fgg; : 0.0?333 6* 0&)9;?35* 0.003906 (>) 0.001953 (>) 0.003906 (>)
Prokaryotic 0317)17973* 0{%;: ngggli 068‘8;1; 0(')7.3%; Oﬁfjf 0.001953 (>) 0.005859 (>) 0.003906 (>)
ppap | 09548+ 095524 0.9435: 07746+ 07759+ 07183+ 0.001953 () 0.001953 (>) 0.001953 (>)

0.0099 0.0097 0.0124 0.0204 0.0206 0.0255

0.9488+ 09487+ 09483+  0.9270 0.9272 + 0.9263 +
ALOL 0.0076 0.0076 0.0077 0.0059 0.0059 0.0060 0001953 (>)  0.001953 (>)  0.001953 (>)

Note: Bold values indicate the best results. The symbols (>) denote significant improvement based on the Wilcoxon
test. Abb: ALOI, Amsterdam Library of Object Images; BDGP, Berkeley Drosophila Genome Project; mfeat, Multiple
Features; yale_mtv, multi-view Yale Face Database
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To quantify the contribution of each component, the comparison between GPMVF and the simple
variant isolates the effect of enhanced feature construction, while the comparison between GPMVF and
direct-concatenation GP reflects the contribution of the multi-tree multi-view fusion mechanism. In terms
of average performance, the enhanced feature construction module brings gains of 0.0242 in accuracy,
0.0267 in F1 score, and 0.0358 in Kappa coefficient, and its improvements are more consistent across
datasets. By comparison, the multi-tree multi-view fusion mechanism brings gains of 0.0591 in accuracy,
0.0611 in FI score, and 0.0734 in Kappa coeflicient, its improvements are larger on some datasets but more
dataset-dependent. Combining both components produces the best overall performance.

These results show that the two components are complementary: subtree-enhanced feature con-
struction improves intra-view feature expressiveness, while multi-tree fusion strengthens the modeling of
complementary information across views.

5.3 Comparative Analysis of Fusion Strategies

We compare three fusion strategies under the proposed multi-tree GP framework: voting, weight, and
single. The single strategy uses only the classifier trained on the fusion-tree output and therefore relies
exclusively on feature-level fusion. Voting and weight additionally combine the outputs of the view-specific
classifiers, thereby introducing decision-level fusion. Table 7 reports the accuracy, F1 score, and Kappa
coefficient obtained by the three strategies.

Table 7: Comparison of voting, weight, and single fusion strategies.

Dataset Voting (Acc/F1/Kappa) Weight (Acc/F1/Kappa) Single (Acc/F1/Kappa) Best Strategy
mfeat 0.9695 + 0.0108/0.9696 + 0.9818 + 0.0046/0.9817 + 0.9770 + 0.0062/0.9770 + Weight
0.0108/0.9661 + 0.0120 0.0046/0.9797 + 0.0051 0.0062/0.9744 + 0.0069
100leaves 0.9280 + 0.0087/0.9262 + 0.9540 + 0.0123/0.9518 + 0.9280 + 0.0245/0.9260 + Weight
0.0082/0.9273 + 0.0088 0.0124/0.9535 + 0.0124 0.0267/0.9273 + 0.0248
0.7409 + 0.0091/0.7328 + 0.7711 + 0.0140/0.7664 + 0.7570 + 0.0179/0.7521 + .
Scenel5 Weight
0.0095/0.7215 + 0.0098 0.0145/0.7539 + 0.0150 0.0180/0.7389 + 0.0192
0.9267 + 0.0393/0.9254 + 0.8978 + 0.0404/0.8954 + 0.8800 + 0.0337/0.8794 + .
yale_mtv Voting
0.0401/0.9214 + 0.0421 0.0416/0.8905 + 0.0433 0.0347/0.8715 + 0.0361
HandWritten 0.9540 + 0.0104/0.9541 + 0.9550 + 0.0071/0.9552 + 0.9510 + 0.0052/0.9512 + Weight
0.0104/0.9489 + 0.0115 0.0069/0.9500 + 0.0079 0.0051/0.9456 + 0.0058
Prokaryotic 0.8000 + 0.0307/0.7746 + 0.8777 + 0.0193/0.8717 + 0.8464 + 0.0590/0.8372 + Weight
0.0395/0.6259 + 0.0645 0.0211/0.7900 + 0.0321 0.0662/0.7383 + 0.1039
BDGP 0.9398 + 0.0221/0.9407 + 0.9548 + 0.0099/0.9552 + 0.9312 + 0.0175/0.9322 + Weight
0.0218/0.9248 + 0.0276 0.0097/0.9435 + 0.0124 0.0169/0.9140 + 0.0219
ALOI 0.9225 + 0.0149/0.9228 + 0.9488 + 0.0076/0.9487 + 0.9345 + 0.0128/0.9347 + Weight
0.0151/0.9217 + 0.0150 0.0076/0.9483 + 0.0077 0.0127/0.9338 + 0.0129

Note: Bold values indicate the best performance among the three fusion strategies. Abb: ALOI, Amsterdam Library
of Object Images; BDGP, Berkeley Drosophila Genome Project; mfeat, Multiple Features; yale_mtv, multi-view Yale
Face Database.

The single strategy does not achieve the best result on any dataset. The weight strategy performs best on
all three metrics for seven datasets: mfeat, 100leaves, Scenel5, HandWritten, Prokaryotic, BDGP, and ALOI;
voting performs best only on yale_mtv. Although single is close to the other strategies on some metrics, the
overall results indicate that adding decision-level fusion generally exploits complementary information more
effectively than using the fusion-tree classifier alone. The soft-decision weight strategy also appears more
stable and effective than hard-decision voting on most datasets.
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5.4 t-SNE-Based Feature Space Visualization

To illustrate the feature engineering capability of GPMVE, we apply t-SNE to visualize the feature space
before and after applying the proposed method.
Fig. 4 presents the Prokaryotic results. In the original feature space, samples from different classes
overlap and the intra-class distributions are relatively scattered. After GPMVF processing, the samples
become more compact and the boundaries between several classes, particularly Class 2 and Class 4,
become clearer. This suggests that view-specific feature construction and cross-view fusion can improve

feature separability.
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Figure 4: t-SNE visualization of the Prokaryotic dataset: (a) original features; (b) GPMVF-constructed features.

Fig. 5 presents the BDGP results. The original features exhibit inter-class mixing after low-dimensional
mapping, whereas the GPMVF-processed features form more distinct clusters with greater intra-class
compactness. Together with the classification results, this observation suggests that feature construction and
fusion improve the separability of the BDGP representation.
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Figure 5: t-SNE visualizations of the BDGP dataset: (a) original features; (b) GPMVEF-constructed features.
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To complement the visual analysis, we compare the original and GPMVF-constructed feature spaces
using the Silhouette Score, Davies-Bouldin Index, and Calinski-Harabasz Score. All three metrics improve
on Prokaryotic and BDGP, consistent with the clearer separation observed in the t-SNE plots.

As shown in Table 8, the metric changes on the four datasets are not fully consistent. Prokaryotic and
BDGP show improvement on all three metrics, while yale_mtv improves on two metrics, and HandWritten
does not improve on any of them.

Table 8: Changes in clustering quality metrics after GPMVF processing on four datasets.

Dataset A Silhouette Score A Davies-Bouldin Index A Calinski-Harabasz Score
Prokaryotic +0.061981 +7.490434 +12.764722
BDGP +0.019607 +3.298324 +82.971161
yale_mtv —0.030022 +0.062833 +0.400697
HandWritten —-0.028109 —-0.095910 —0.133583

Note: BDGP, Berkeley Drosophila Genome Project; yale_mtv, multi-view Yale Face Database.

Fig. 6 presents the yale_mtv results. Because yale_mtv contains relatively few samples but many classes,
the difference between the two feature spaces is difficult to assess visually. However, the Davies-Bouldin
Index and Calinski-Harabasz Score improve after GPMVF processing, indicating some improvement in
clustering structure, although it is insufficient to improve classification performance.
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Figure 6: t-SNE visualizations of the yale_mtv dataset: (a) original features; (b) GPMVF-constructed features.

Fig. 7 presents the HandWritten results. The GPMVF-processed feature space does not show clearer
class separation than the original feature space, and all three clustering metrics deteriorate. Thus, GPMVF
does not identify a more favorable feature space for this dataset, consistent with the absence of improved
classification performance.

Together, the t-SNE visualizations and clustering metrics provide a balanced assessment of GPMVE
Both forms of evidence indicate improved feature separability on Prokaryotic and BDGP. yale_mtv shows
improvement only in two clustering metrics, while HandWritten shows no improvement in either the
visualization or the metrics. The effect of GPMVF on feature separability is therefore dataset-dependent.
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Figure 7: t-SNE visualizations of the HandWritten dataset: (a) original features; (b) GPMVF-constructed features.

5.5 Computational Cost and Scalability Analysis

Computational cost is evaluated using the average wall-clock time of a complete run, including five-fold
cross-validation, under the same computing environment. GPMVF requires approximately 2 h on mfeat,
1 h and 40 min on 100leaves, 3 h and 40 min on Scenel5, 1 h on yale_mtv, 1.5 h on HandWritten, 30 min on
Prokaryotic, 1 h and 15 min on BDGP, and 9 h on ALOL By contrast, the per-view SVM voting baseline is
completed within several minutes on all datasets. The additional cost of GPMVF arises mainly from multi-
tree evolutionary search, subtree traversal, view-specific feature construction, and the training of multiple
classifiers. Runtime also depends on the number of samples, views, features, and classes, as summarized
in Table 3. ALOI has the longest runtime, consistent with its relatively large sample size and number of classes.
Thus, the performance gains of GPMVF come with substantial computational cost, and greater efficiency is
needed for larger and more complex multi-view datasets.

5.6 Stability Analysis of Fused Feature Dimensionality and Classification Accuracy

We assess the stability of GPMVF using the dimensionality of the final fused features and the test
accuracy across repeated runs. Table 9 reports the mean and standard deviation of both quantities on the
eight datasets.

Table 9: Stability analysis of fused feature dimensionality and classification accuracy over repeated runs.

Dataset Fused Feature Dimensionality (Mean + Std) Accuracy (%, Mean = Std)
mfeat 87.33 £12.23 98.18 + 0.46
100leaves 105.70 £ 24.72 95.40 +£1.23
Scenel5 114.20 £ 19.63 77.11 £1.40
yale_mtv 108.60 + 27.38 92.67 +£3.93
HandWritten 113.10 + 20.16 95.50 £ 0.71
Prokaryotic 58.10 + 21.60 87.77 £1.93
BDGP 139.10 £ 25.19 95.48 + 0.99
ALOI 131.20 + 36.49 94.88 +£0.76

Note: ALOIL, Amsterdam Library of Object Images; BDGP, Berkeley Drosophila Genome Project; mfeat, Multiple

Features; yale_mtv, multi-view Yale Face Database.
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The fused feature dimensionality varies across runs, indicating that evolution produces representations
of different sizes. Nevertheless, classification accuracy remains relatively stable on most datasets: its standard
deviation is below 2% on seven of the eight datasets, with only yale_mtv showing greater variation. Thus,
despite variability in fused feature dimensionality, GPMVF is generally robust to run-to-run variation in
classification performance.

6 Conclusion

This paper addresses feature representation and information fusion in multi-view classification through
the proposed GPMVF framework. Each view is assigned a view-specific tree for intra-view feature construc-
tion, while a fusion tree models the relationships among the resulting view representations. Together with
the enhanced feature construction strategy and dual-layer fusion mechanism, GPMVF provides a unified
framework for feature construction, cross-view fusion, and classification.

Experiments on eight datasets demonstrate the effectiveness of GPMVE Compared with the repre-
sentative baseline, which trains an SVM separately on each view and combines predictions by voting,
GPMVF shows a relatively stable advantage, highlighting the value of feature-level joint modeling before
classification. The ablation study further validates the proposed design: incorporating subtree-constructed
features produces richer and more discriminative representations than retaining only root and terminal
features, while the multi-tree structure with a dedicated fusion tree is more effective than treating all views as
a single concatenated feature space. The t-SNE analysis also shows that the constructed features can achieve
greater intra-class compactness and inter-class separability, indicating improved feature representation.

Future work can further improve the search and evaluation mechanisms of GP to enhance classification
performance and reduce redundant feature construction. It is also worthwhile to introduce an adaptive
weighting strategy so that different views can be assigned different importance according to their actual
contribution during fusion. In addition, the multi-view fusion framework holds potential for integration
with soft antenna systems, where each deformable antenna functions as a distinct sensing view, and the dual-
layer fusion mechanism can jointly model resonant frequency shifts from multiple embedded antennas to
achieve robust shape perception and wireless communication under large structural deformations.
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