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Abstract—Few-shot learning and high-dimensional fea-
ture selection represent significant challenges in machine
learning. In this work, we introduce LPNN-FS, a novel
feature selection (FS) technique based on a Lagrange
Programming Neural Network (Pk-LPNN) originally devel-
oped in the context of compressive sampling. LPNN-FS is a
continuous-time recurrent neural network whose dynamics
inherently converges to an optimal sparse solution of the
LASSO, with its equilibrium point acting as a feature se-
lector. Evaluated in combination with specific downstream
classifiers, our model is tested on both synthetic and real-
world benchmark datasets characterized by high dimen-
sionality and a limited number of observations. The results
demonstrate that LPNN-FS competes with or outperforms
state-of-the-art methods such as LASSO, k-best, and sparse
PCA in this few-shot, high-dimensional setting. Overall,
this study opens new avenues for leveraging compressive
sampling-based techniques in challenging feature selection
problems.

Index Terms—Recurrent Neural Networks, Lagrange
Programming Neural Networks (LPNNs), Few-shot Learn-
ing, Feature Selection, LASSO, High-Dimensional Data.

I. INTRODUCTION

High-dimensional datasets, often composed of thou-
sands of features, are now commonplace in areas such as
genomics [1], image processing [2], and text mining [3].
While these datasets offer immense potential for insights,
they also introduce significant obstacles, including the
risk of overfitting, reduced model interpretability, and
increased computational requirements. Moreover, many
of these features are irrelevant or redundant, further
complicating the learning process and degrading model
performance.

To address these issues, feature selection has emerged
as a crucial pre-processing step for identifying the most
relevant features, enhancing efficiency, and improving
overall model performance [4], [5]. Feature selection
methods can be classified into three main categories:
filter-based [6], wrapper-based [6], and embedded ap-
proaches [7].

Filter-based methods assess the relevance of features
independently of any classifier, using statistical metrics

such as mutual information or correlation. In contrast,
wrapper methods evaluate subsets of features by test-
ing their performance with a chosen machine learning
model. They iteratively add or remove features to iden-
tify the combination that yields the best performance [6].
Embedded methods, on the other hand, integrate feature
selection directly into the model training process.

Each approach has its own strengths and limitations.
Wrapper methods tend to be more computationally ex-
pensive, particularly for high-dimensional datasets. Con-
versely, filter methods are computationally efficient and
easy to implement, making them well-suited for large
datasets, and compatible with a wide range of machine
learning models [8].

A prominent feature selection method is the LASSO
(Least Absolute Shrinkage and Selection Operator) [7],
formulated as a least-squares minimization problem with
ℓ1-norm regularization, aimed at identifying sparse solu-
tions. Widely employed in the field of compressive sam-
pling for high-dimensional data analysis [9], the LASSO
faces a critical limitation: the non-differentiability of
its ℓ1-norm constraint. To address this issue, a La-
grange Programming Neural Network (LPNN) approach
to solving the LASSO problem has been proposed (Pk-
LPNN) [10]. In this methodology, a carefully con-
structed smoothing function approximating the ℓ1-norm
of LASSO is introduced. On this basis, a sequence of
smoothed Pk minimization problems is formulated, with
their k-parametrized solutions shown to asymptotically
converge to the optimal solution of the LASSO. A
Lagrange Programming Neural Network (LPNN) is then
derived from these Pk problems. The neurodynamics of
the LPNN is shown to evolve toward a stable equilibrium
point that closely approximates the solution trajectory of
the Pk problems, and consequently, the solution of the
original LASSO.

In this paper, we introduce LPNN-FS, a filter-based
feature selection method specifically designed for high-
dimensional datasets with a limited number of ob-
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servations. This method is built upon the Pk-LPNN
model [10] and its theoretical foundations will be pre-
sented in a subsequent journal paper. LPNN-FS is a
continuous-time recurrent neural network whose dynam-
ics naturally converge to an optimal sparse solution of
the LASSO problem, with its equilibrium point serv-
ing as a feature selector. We employ LPNN-FS as a
preprocessing feature selection step, preceding various
common classifiers such as k-Nearest Neighbors (KNN),
Logistic Regression (LR), and Gaussian Naive Bayes
(NBC). In this context, we show that LPNN-FS com-
petes with or outperforms conventional feature selection
methods, including LASSO, k-best, and sparse PCA, on
both synthetic and real-world high-dimensional datasets.
This study highlights the potential of using compressive
sampling-based techniques to address complex feature
selection challenges.

This paper is organized as follows: Section II provides
a comprehensive review of related works. Section III
outlines the mathematical formulation and implementa-
tion of the LPNN-FS method. Section IV details the
datasets and experimental setup used for evaluation.
Section V presents the results and insights gained from
our experiments. Finally, Section VI concludes with
potential directions for future research.

II. RELATED WORKS

LASSO (Least Absolute Shrinkage and Selection Op-
erator) [7] is a powerful regression technique known for
its ability to perform feature selection, by shrinking ir-
relevant or redundant feature coefficients to exactly zero
through ℓ1-norm regularization. However, the LASSO
problem suffers from the non-differentiability of its ℓ1-
norm constraint, which affects its numerical resolution,
and potentially, its computational efficiency. Zeglaoui et
al. [10] introduced a neurodynamic model, called Pk-
LPNN, which approximates the non-differentiable ℓ1-
norm at zero using a specific k-smoothing function,
transforming the LASSO problem into a sequence of
differentiable and convex Pk formulations that are solved
using a recurrent neural network. Their approach com-
petes with existing methods from compressive sampling
(CS), such as LASSO-LPNN [11] and active set ap-
proaches [12], but lacks applicability to problems more
directly associated with machine learning (ML).

Our LPNN-FS method addresses these limitations
by approximating the ℓ1-norm using a novel, carefully
designed smoothing function that satisfies specific the-
oretical conditions. The convergence of LPNN-FS is
theoretically established, improving upon that of Pk-
LPNN, demonstrating numerical improvements over the
earlier Pk-LPNN version while addressing its computa-
tional inefficiencies for large k values. This advancement
enhances few-shot, high-dimensional feature selection.

Recent advancements in Markov chain-based feature
selection, such as the Bird’s Eye View (BEV) technique
[13], have gained attention for their innovative, nature-
inspired approach. BEV combines Evolutionary Algo-
rithms, Genetic Algorithms for agent selection, Dynamic
Markov Chains for movement within the search space,
and Reinforcement Learning for rewarding progress. The
use of BEV to select relevant features and significantly
reduce the number of coefficients appears to outper-
form state-of-the-art feature selection methods. However,
the diversity of techniques and algorithms involved re-
quires extensive fine-tuning of numerous hyperparam-
eters, making the process cumbersome. While LPNN-
FS does not outperform BEV on selected benchmarks,
our method still delivers competitive results with signifi-
cantly reduced model complexity and computation time.
Specifically, LPNN-FS involves only one hyperparame-
ter tuning, which is easy to set and generally leads to fast
convergence. Additionally, while Markov chain-based
feature selection techniques are inherently stochastic
and may produce suboptimal solutions, LPNN-FS is
guaranteed to attain LASSO optimal solutions.

Serik et al. [14] investigated the classification of
Parkinson’s disease using a speech dataset with 754
features and 756 instances, applying various feature
selection techniques, such as Principal Component Anal-
ysis (PCA) [15], Minimum Redundancy Maximum Rel-
evance (mRMR) [16], and SelectKBest [17], along with
different classifiers like SVM, DT, LR, RF, KNN, NB,
DNN, and 1D CNN. Their results highlighted the com-
bination of KNN and PCA as the most effective.

Building on their work, we compare the performance
of LPNN-FS to that of Sparse PCA and SelectKBest by
applying downstream several classifiers to the reduced
feature set. As we will demonstrate later, LPNN-FS con-
sistently outperforms these techniques, especially when
combined with LR.

III. MODEL

We propose LPNN-FS, a novel technique for few-shot
feature selection in high-dimensional settings, which
reformulates the foundational LASSO problem and ad-
dresses its resolution using Lagrange Programming Neu-
ral Networks (LPNNs). The theoretical foundations of
the proposed model will be developed in a subsequent
journal paper.

One of the most representative models for feature
selection is the LASSO problem [7], which can be for-
mulated as a least-squares minimization problem subject
to an ℓ1-norm constraint:

P : min
β∈Rp

1

2
∥y −Xβ∥22 s.t. ∥β∥1 ≤ η, (1)

where β ∈ Rp is the coefficient vector, X ∈ Rn×p is the
feature matrix, y ∈ Rn is the target vector, and η is a



non-negative sparsity parameter. The high-dimensional
setting is characterized by n < p, while the few-shot
context reflects the fact that n << p.

The LPNN framework is a neurodynamic approach
designed for solving specific types of constrained opti-
mization problems by modeling the optimization process
as a dynamical system. Formally, consider the problem
of minimizing an objective function f(β) under equality
constraints h(β) = 0

min
β∈Rp

f(β) s.t h(β) = 0, (2)

where β ∈ Rp is the state of the system, f : Rp −→ R
and h : Rp −→ Rs with s < p. If the functions
f and h are both convex and twice differentiable, the
Lagrange Programming Neural Network (LPNN) is a
recurrent neural network built upon a dynamical system
derived from the Karush-Kuhn-Tucker (KKT) conditions
in convex optimization [18] as:{

dβ
dt = −∇βL(β,µ),
dµ
dt = ∇µL(β,µ),

(3)

where L(β,µ) = f(β) + µTh(β) is the Lagrangian,
and µ is the non-negative vector of Lagrange multipliers.
The dynamical system (3) can be seen as a continuous-
time recurrent neural network composed of two types
of neurons: variable neurons and Lagrange neurons.
The variable neurons work to minimize the Lagrangian
function by decreasing the objective value, while the
Lagrange neurons enforce the sparsity property of the
related signal. However, directly applying LPNN to
the LASSO problem is infeasible due to the ℓ1-norm
constraint, which is non-differentiable at zero and is
expressed as an inequality.

To address this issue, we propose a twofold tailored
modification for the ℓ1-norm constraint. First, we con-
struct a differentiable approximation of the constraint.
For any x ∈ R and k ≥ 1, we introduce the following
smooth approximation for the absolute value [19]:

φ̂(x, k) =

√
x2 +

1

k2
. (4)

This smooth approximation function must satisfy both
the criteria outlined in [19] and the conditions specified
in Definition 1 (adapted from [20]) to guarantee the
theoretical properties of our model stated below.

Definition 1. Let φ : R → R be a locally Lipschitz
function. The function φ̂ : R × [1,+∞) 7→ R is called
a smoothing parametric scalar function for φ when the
following conditions hold
1) For any fixed k ≥ 1, the function x 7→ φ̂(x, k) is

continuously differentiable in R, and for any fixed
x ∈ R, the function k 7→ φ̂(x, k) is differentiable in
[1,+∞).

2) For any fixed x ∈ R,

lim
k→+∞

φ̂(x, k) = φ(x) .

3) There exists a positive constant Cφ̂ > 0 such that∣∣∣∣∂φ̂(x, k)∂k

∣∣∣∣ ≤ Cφ̂, ∀x ∈ R, ∀k ∈ [1,+∞) .

4) For any x ∈ R, one has

lim
k→+∞

{[
∂φ̂

∂z
(z, k)

]
z=x

}
= lim

k→+∞

∂φ̂

∂x
(x, k) ∈ ∂φ(x) ,

where ∂ denotes the subdifferential operator [18].1

It can be shown that φ̂(x, k), referred to as a k-
approximate function, satisfies the regularization prop-
erties of Definition 1. By extending this k-approximate
function to the p-dimensional setting, the ℓ1-norm can
be approximated as

∥β∥1 =

p∑
i=1

|βi| ≃
p∑

i=1

φ̂(βi, k) = Ψ̂(β, k) . (5)

Based on these considerations, the LASSO problem
(1) can be replaced by the following smooth optimization
problem:

Pk : min
β∈Rp

1

2
∥y −Xβ∥22 s.t. Ψ̂(β, k) ≤ η . (6)

The Pk problem is convex which guarantees the ex-
istence of at least one optimal solution. Furthermore,
it can be shown that any optimal solution β̂(k) of Pk

converges asymptotically (when k → ∞) to a solution
of the original LASSO problem (1).

Secondly, the integration of the Pk formulation into
the LPNN framework necessitates transforming the in-
equality constraint in (6) into an equality. Formally, we
proved the following proposition.

Proposition 1. The smooth optimization problem Pk (6)
can be reformulated into a Pk-LPNN model defined as:

min
β∈Rp

1

2
∥y −Xβ∥22 s.t Ψ̂(β, k) = η, (7)

provided that

η ≤
∥∥XTy

∥∥
2

∥XTX∥2
− p

2k
. (8)

The feasibility of this formulation is guaranteed under
specific conditions on η and valid for every k ≥ 1.

The LPNN neurodynamic system (3) associated with
the Pk-LPNN model (7–8), referred to as the LPNN
feature selection (LPNN-FS) model, is given by:{

dβ
dt = XT (y −Xβ)− µ∇βΨ̂(β, k),
dµ
dt = Ψ̂(β, k)− η,

(9)

1In our case, ∂|x| = {−1} if x < 0, ∂|x| = {1} if x > 0 and
∂|x| = [−1, 1] if x = 0.



where µ is the Lagrange scalar multiplier associated
with the fresh equality constraint. The implementation
of the LPNN-FS through its dynamics on an example
are illustrated in Figures 1 and 2. The network consists
of one Lagrange neuron and p variable neurons. Based
on the current states, each variable neuron computes the
time derivatives dβi

dt (i = 1, . . . , p) and the Lagrange
neuron computes dµ

dt . The outputs of the integrator are
β̃ and µ̃. Formally, the following recurrent equations are
used:

β(t+∆t) = β(t) + ∆t · Φ(t,∆t,β(t), µ(t))

µ(t+∆t) = µ(t) + ∆t · Φ(t,∆t,β(t), µ(t)) ,

where, ∆t is a small positive time step, which can be
either fixed or adaptively adjusted during the simulation,
and the integrator Φ is the fourth-order Runge-Kutta
method. At the end of the recurrent iterations, the outputs
of the variable neurons, β̃i, are passed to a threshold
neuron T which selects the Nz largest components and
sets the remaining coefficients to zero. Meanwhile, the
final output of the Lagrange neuron is fed into a neuron
with a linear activation function. The definitive outputs
are a sparse vector β̂ ∈ Rp containing Nz nonzero
components, the feature selector together with a scalar
µ̂, respectively.

Simulation results demonstrate that the neuronal
LPNN-FS model competes with or outperforms di-
verse feature selection methods in the few-shot high-
dimensional setting. These capabilities are attributed to
the combination of the theoretical strengths of LPNN-FS
blended with the computational efficiency of neuronal
models. The following theorem, with its proof to appear
in a forthcoming paper, formalizes the proficiency of the
neurodynamic system.

Theorem 1. Assume that X⊤X is positive definite.
The equilibrium point (β̃(k)

e , µ̃
(k)
e ) of the neurodynamic

system (9) is asymptotically stable. Moreover, the sparse
vector β̃

(k)
e is an optimal solution to the Pk-LPNN

model (7).

IV. DATASETS

A. Synthetic Dataset

We consider a synthetic dataset to evaluate the per-
formance of our proposed method. The synthetic dataset
consists of a feature matrix X ∈ Rn×p, where n is the
number of observations and p is the feature dimension,
with n ≪ p, as well as binary labels y ∈ {−1,+1}n.
For a given p ∈ N, we set n = 0.1p, and generate the
feature matrix X and label vector y using the following
steps:
(1) Compute the number of relevant features p̄ :=

3.5
(

n
ln (p)

)
, where the choice of p̄ ∈ O

(
n

ln (p)

)
is
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………

Fig. 1: Implementation of the LPNN-FS model.

Fig. 2: Example of dynamics of the LPNN-FS model given by
Equations (9). (Top) Dynamics of the variable and Lagrange neurons
βi(t) and µ(t), respectively. (Bottom) A zoom-in on the converging
part of the dynamics. The Nz largest components among the βi (green)
are selected by the threshold neuron T and set to 1 in the feature
selector β̂, while the remaining components (orange) are set to 0 in β̂.

justified in [21], and the constant 3.5 is determined
empirically;

(2) Generate a matrix of relevant features X̄ ∈ Rn×p̄,
with entries sampled independently from the normal
distribution N (0, 1);

(3) Generate a matrix of redundant features X̃ ∈
Rn×(p−p̄), where each column of X̃ is a random
linear combination of the columns of X̄;

(4) Concatenate the matrices X̄ and X̃ , shuffle their
columns to construct the feature matrix X =
Shuffle

[
X̄, X̃

]
, and ensure that X is of full rank;

(5) Generate the binary label vector y ∈ {−1,+1}n by
computing scores as the dot product of the relevant
features X̄ and a random coefficient vector, and



assign +1 to observations with scores greater than or
equal to the mean, and −1 to the other observations.

The feature selection and evaluation process, using our
LPNN-FS method, is detailed in Section V-A. For this
study, the parameter for the k-approximate function is
set to k = 1000. The parameters for constructing the
synthetic dataset are summarized in Table I.

Parameters Settings

p [1000, 2000, 3000, 4000]
n 10% of p
p̄ 3.5

(
n

ln (p)

)
Nz, η [1.25%, 2.5%, 3.75%, 5%] of p
k 1000

TABLE I: Parameters used in the construction of the synthetic dataset.

B. Real Datasets

We also consider two real-world benchmark datasets
for high-dimensional feature selection problems. These
datasets, DLBCL and Prostate, are publicly available
here. Their high dimensionality (p ≫ n), small sam-
ple sizes, and class imbalance make them particularly
challenging for feature selection tasks. Before applying
the feature selection and evaluation process described in
Section V-A, the datasets are normalized. The statistics
of the two datasets are summarized in Table II.

Dataset # Features (p) # Observations (n) # Classes

DLBCL 5469 77 2
Prostate 12600 102 2

TABLE II: Statistics of the DLBCL and Prostate datasets.

V. RESULTS

A. Experimental Setup

We evaluate the proposed LPNN-FS method on the
datasets described in Section IV. For this purpose, we
employ a 10-fold cross-validation (CV) approach, where
9 folds are used for training and 1 fold is reserved for
testing. For each CV iteration, we perform a feature
selection (FS) step followed by a feature evaluation (FE)
step.

The feature selection methods (FS) considered are as
follows:
• Full and Random features (full, random): As base-

lines, we consider the cases where all features are
retained (full) or Nz out of the p features are randomly
selected uniformly (random).

• k-best selection (k-best, k-best (MI)): These two
supervised methods rank features based on feature-to-
feature and feature-to-output correlations, using either
the statistical ANOVA F-test (k-best) or the mutual

information score (k-best (MI)). The top Nz features
with the highest scores are then selected.

• Least Absolute Shrinkage and Selection Operator
(LASSO): The classical LASSO method is formulated
in its unconstrained form. The involved regularization
parameter, say α > 0, controls the sparsity of the
solution, and is set to 1 by default.

• Sparse Principal Component Analysis (sparse
PCA): Since PCA is inappropriate in our few-shot
high-dimensional context, sparse PCA was selected to
extend the PCA scope of application.

• Proposed LPNN-FS method (LPNN-FS): The
LPNN-FS model described in Section III is applied.
When the solution β̃ ∈ Rp of the LPNN-FS neurody-
namics (9) is obtained, only its predefined Nz largest
components are taken as the features to be selected
(see Figure 2).

For the LASSO, k-best, k-best (MI), and sparse PCA
methods, we utilize the implementations from the Python
scikit-learn library. For FE, the selected features are
evaluated by training and testing the following standard
ML models on the reduced datasets containing only
the Nz selected features: k-Nearest Neighbors (KNN),
Logistic Regression (LR), and Gaussian Naive Bayes
classifier (NBC). The F1-score and balanced accuracy
are used as evaluation metrics, calculated on the test sets.
For these models, the scikit-learn implementation with
default hyperparameters is applied.

The 10-fold CV methodology involves performing the
FS and FE steps. One (FE) step consists of training a
specific classifier after reducing the number of features.
To ensure robustness, we repeat this entire process 10
times with different random seeds, resulting in a total of
100 independent runs per dataset.

B. Synthetic Dataset

We evaluate four synthetic datasets with a total num-
ber of features p ∈ {1000, 2000, 3000, 4000}, as de-
scribed in Section IV-A. For each dataset, we apply the
LASSO, k-best, k-best (MI), and LPNN-FS methods to
select Nz relevant features, where Nz corresponds to
1.25%, 2.5%, 3.75%, and 5% of p. Due to its excessive
computational time, we did not include the results for
sparse PCA. To assess the performance of the feature
selection methods, the reduced datasets composed of the
selected features and associated targets are passed to the
KNN, LR, and NBC models (see Section V-A for further
details).

The F1 score and balanced accuracy associated with
the LPNN-FS method are reported in Table III. The
highest scores are consistently achieved using LR, in-
dicating a strong complementarity between the LPNN-
FS method and the LR model. The optimal results

https://github.com/Bilal39/Bird-Eye-View-Script/tree/main/datasets
https://scikit-learn.org/stable/
https://scikit-learn.org/stable/


are obtained by selecting 5%, 5%, 3.75%, and 5% of
the p features, which correspond to 50, 100, 113, and
200 selected features for p = 1000, 2000, 3000, and
4000, respectively. This aligns with the synthetic dataset
construction involving p̄ ≈ 3.5

(
n

ln (p)

)
relevant features,

which translate to approximately 50, 92, 130, and 170
relevant features for p = 1000, 2000, 3000, and 4000,
respectively.

Since the random method performed poorly and the
k-best (MI) method yielded similar results to k-best,
we limit our comparison of the LPNN-FS technique
to LASSO and k-best. The results are illustrated in
Figures 3–6. For p = 1000 and p = 4000, LPNN-
FS consistently outperforms LASSO and k-best across
all selected feature configurations (Nz) and downstream
models (KNN, LR, and NBC). For p = 2000 and p =
3000, LPNN-FS underperforms LASSO and k-best in
minority of configurations. The method however excels
when Nz = 1.25% or 2.5%, demonstrating superior
performance with fewer features selected features.

Overall, LPNN-FS surpasses LASSO and k-best in
85.4% of cases and achieves improvements of up to 12%
over other methods.

p = 1000 1.25% 2.5% 3.75% 5%

KNN 0.716 / 0.742 0.745 / 0.768 0.738 / 0.763 0.75 / 0.775
LR 0.731 / 0.752 0.739 / 0.758 0.746 / 0.768 0.759 / 0.778
NBC 0.725 / 0.744 0.751 / 0.771 0.735 / 0.757 0.749 / 0.773

p = 2000 1.25% 2.5% 3.75% 5%

KNN 0.696 / 0.709 0.717 / 0.73 0.713 / 0.725 0.72 / 0.734
LR 0.737 / 0.746 0.797 / 0.804 0.796 / 0.804 0.819 / 0.828
NBC 0.74 / 0.749 0.803 / 0.811 0.779 / 0.789 0.798 / 0.808

p = 3000 1.25% 2.5% 3.75% 5%

KNN 0.695 / 0.702 0.749 / 0.758 0.731 / 0.737 0.707 / 0.716
LR 0.791 / 0.797 0.79 / 0.796 0.787 / 0.795 0.779 / 0.786
NBC 0.764 / 0.77 0.77 / 0.776 0.738 / 0.746 0.739 / 0.747

p = 4000 1.25% 2.5% 3.75% 5%

KNN 0.725 / 0.733 0.732 / 0.74 0.742 / 0.749 0.726 / 0.734
LR 0.777 / 0.782 0.816 / 0.82 0.829 / 0.833 0.834 / 0.839
NBC 0.78 / 0.785 0.816 / 0.82 0.818 / 0.823 0.819 / 0.823

TABLE III: F1 score and balanced accuracy achieved by the
LPNN-FS method followed by the KNN, LR, and NBC mod-
els for synthetic datasets with different number of features p =
1000, 2000, 3000, 4000. The LPNN-FS model with various percent-
ages of selected features Nz = 1.25%, 2.5%, 3.75%, 5% of p is
evaluated.

C. Real Datasets

The performance of LPNN-FS on the DLBCL and
Prostate datasets is reported in Figure 7. LPNN-FS is
tested in combination with 3 different classifiers (NBC,
KNN and LR) and 4 percentages of selected features
(Nz = 1.25%, 2.5%, 5%, 10%), which amounts to 12
configurations. For the DLBCL dataset, LPNN-FS out-
performs all competing methods (random, k-best, k-best

KNN LR NBC

random 0.557 / 0.567 0.785 / 0.79 0.663 / 0.67
full 0.588 / 0.6 0.818 / 0.823 0.745 / 0.751
k-best 0.689 / 0.697 0.791 / 0.798 0.742 / 0.748
k-best (MI) 0.627 / 0.635 0.798 / 0.803 0.737 / 0.745
LASSO 0.716 / 0.724 0.777 / 0.782 0.76 / 0.767
LPNN-FS 0.726 / 0.734 0.834 / 0.839 0.819 / 0.823

TABLE IV: F1 scores and balanced accuracies achieved by all feature
selection methods, followed by the KNN, LR, and NBC models, for
synthetic datasets with p = 4000 and Nz = 5% of p.
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Fig. 3: Results for the synthetic dataset with p = 1000. Improvement
in F1 score (%) achieved by LPNN-FS compared to LASSO (solid line)
and k-best (dashed line). All percentages are positive, indicating that
LPNN-FS consistently outperforms LASSO and k-best in this case.
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Fig. 4: Results for the synthetic dataset with p = 2000. The
shaded area indicates configurations where LPNN-FS underperforms
compared to LASSO or k-best.
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Fig. 5: Results for synthetic dataset with p = 3000.
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Fig. 6: Results for synthetic dataset with p = 4000.

(MI), and sparse PCA) in 8 out of 12 configurations.
The LASSO method with default hyperparameter α = 1
failed to select any feature. However, reducing α to
0.001, which involves performing an additional hyperpa-
rameter search, generally produced slightly better results
than the LPNN-FS model. The performance trend of the
LR model suggests potential for improvement by select-
ing more than 5% of the features, a strategy that does
not apply to the other models (KNN and NB). Across all
three models, the highest scores are consistently achieved
using LPNN-FS.

For the Prostate dataset, LPNN-FS outperforms com-
peting methods in 7 out of 12 configurations, which
remains a majority. For all models, the best results are
consistently obtained when selecting 1.25% or 2.5% of
the features, highlighting the ineffectiveness of selecting
too many features for this particular dataset. Further-
more, across all three models, the highest scores are
again achieved using LPNN-FS.

The balanced accuracy achieved by the NBC, KNN
and LR classifiers in combination with the LPNN-FS
feature selection method is reported in Figure 8. For
both datasets, the particularly strong scores obtained by
the LPNN-FS and LR highlight the complementarity
between these two methods. Furthermore, the F1 score
achieved by LPNN-FS together with the NBC, KNN and
LR classifiers, reported in Table V, follows a similar
trend.

DLBCL 1.25% 2.5% 5% 10%

KNN 0.798 0.832 0.857 0.79
LR 0.816 0.856 0.894 0.942
NBC 0.488 0.7 0.648 0.57

Prostate 1.25% 2.5% 5% 10%

KNN 0.895 0.896 0.876 0.85
LR 0.928 0.903 0.875 0.842
NBC 0.778 0.711 0.615 0.492

TABLE V: F1 scores achieved by LPNN-FS using different percent-
ages of selected features Nz , for the DLBCL and Prostate datasets.

VI. CONCLUSION

This paper introduces LPNN-FS, a novel feature se-
lection framework that combines the theoretical strengths
of smoothed LASSO formulation with the computational
efficiency of Lagrange Programming Neural Networks.
The integration of a smoothing approximation and a neu-
rodynamic approach enables LPNN-FS to achieve high
accuracy while maintaining computational efficiency. In
the context of high-dimensional datasets containing a
limited number of observations, LPNN-FS demonstrates
consistent performance on both synthetic and real-world
benchmarks, often outperforming traditional methods
such as LASSO, k-best and sparse PCA.

For future work, we plan to integrate physics-informed
neural networks (PINNs) into our method, enabling
them to learn how to solve the LPNN-FS neurodynamic
system directly, rather than relying on numerical analysis
schemes. This approach has the potential to provide rapid
solutions for the system’s dynamics, paving the way for
real-time, high-dimensional, few-shot feature selection.
Furthermore, drawing inspiration from the LassoNet
model [22], the LPNN-FS method is expected to be
extended into an embedded approach by incorporating
it into an echo state network (ESN) architecture, where
the reservoir serves as the feature compressor.

Overall, this study bridges the domains of compressive
sampling (CS) and feature selection (FS), opening the
door to the development of CS-based techniques for hard
FS settings.
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