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Abstract

Symbolic regression and symbolic classification generate explicit mathematical expressions
that combine predictive modelling with direct model interpretability. However, sym-
bolic learning based on genetic programming can be computationally expensive because
large populations of candidate expressions must be repeatedly evaluated over multiple
generations. This paper presents FastSymbolicGP, a lightweight Python library for sym-
bolic regression, binary classification, and multiclass classification through a compact,
scikit-learn-compatible interface. The library implements tree-based genetic programming,
protected mathematical operators, tournament selection, subtree crossover, subtree, hoist,
and point mutation, elitism, validation-aware model selection, adaptive parsimony, ex-
pression complexity analysis, and Numba-compiled postfix evaluation. FastSymbolicGP
was evaluated through 940 successful benchmark runs covering real-world scientific re-
gression, binary and multiclass classification, physical law recovery, dynamical system
identification, parameter sensitivity, ablation, and scalability. Across four real-world sci-
entific regression datasets, FastSymbolicGP achieved the highest mean test R? on every
dataset and obtained significantly better pooled paired results than gplearn and PySR
under the evaluated configurations. These results are specific to the selected hyperpa-
rameters, primitive sets, stopping criteria, and computational budgets, and should not be
interpreted as evidence of universal superiority. In binary classification, it achieved a mean
balanced accuracy of 0.8507, compared with 0.7458 for gplearn, while validation-based
threshold optimization and class weighting further improved performance under severe
class imbalance. FastSymbolicGP also achieved competitive multiclass and dynamical
system results while generally producing substantially simpler models than gplearn. In the
scalability experiment with 50,000 samples, FastSymbolicGP was approximately 6.20 times
faster than PySR and 1.63 times faster than gplearn, while obtaining predictive performance
nearly identical to PySR. physical law experiments showed that nondimensionalization
increased the dimensional validity rate of recovered FastSymbolicGP expressions from
24% to 96%, while reducing runtime and expression complexity. Analysis of the stored
equation pools further showed that near-optimal model selection reduced symbolic com-
plexity by an average of 28.6% when a simpler candidate was available, with negligible
predictive degradation. These results indicate that FastSymbolicGP provides a practical
balance of predictive performance, computational efficiency, task coverage, and symbolic
interpretability for reproducible scientific and machine learning applications.
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1. Introduction

Symbolic machine learning aims to discover explicit mathematical expressions that
describe relationships between input variables and target outputs. In contrast to many
black-box machine learning models, symbolic models can be inspected, simplified, ex-
ported, and reused as analytical formulas. This property makes symbolic regression and
symbolic classification particularly attractive in scientific machine learning, engineering,
biomedical analysis, and other application domains in which model transparency is impor-
tant [1,2].

Genetic programming (GP) is one of the most established approaches for symbolic
model discovery [3,4]. In tree-based GP, candidate mathematical expressions are repre-
sented as hierarchical program structures composed of operators, functions, variables,
and constants. A population of candidate expressions is iteratively improved through
fitness evaluation, selection, crossover, mutation, reproduction, and elitism. The result-
ing model is therefore not only a numerical predictor, but also an explicit mathematical
structure that can be directly examined and reported.

Despite these advantages, genetic programming-based symbolic learning is often
computationally demanding. During every generation, each individual in the population
must be evaluated over the available training samples. In simplified form, the main
computational burden can be expressed as

Cgp « P x G X N X Cexpr, (1)

where P denotes the population size, G is the number of generations, N is the num-
ber of training samples, and Cexpr represents the cost of evaluating a symbolic expres-
sion. Consequently, runtime increases not only with the evolutionary search budget,
but also with dataset size, expression depth, primitive-set complexity, and the number of
repeated experiments.

This computational cost becomes particularly important in modern experimental
workflows. Symbolic learning studies commonly require repeated executions across sev-
eral datasets, random seeds, train—test splits, preprocessing strategies, fitness functions,
and hyperparameter configurations. For example, an experiment involving ten datasets,
five random seeds, twenty parameter configurations, and two compared methods already
requires 2000 independent model-training runs. Even when an individual run is moderately
expensive, the complete experimental study can therefore become time-consuming.

The computational limitation is also relevant to practical applications involving high-
dimensional, noisy, imbalanced, or large-scale datasets. In such settings, repeated evalua-
tion of complex symbolic trees can restrict the population size and number of generations
that can be explored within an acceptable time budget. It can also make hyperparameter
optimization, robustness analysis, and symbolic ensemble construction difficult. Therefore,
improvements in expression evaluation and evolutionary execution can directly increase
the number and quality of experiments that researchers are able to conduct.

Python has become a dominant environment for machine learning research because
libraries such as scikit-learn provide consistent estimator interfaces, reproducible work-
flows, preprocessing utilities, evaluation metrics, and model-selection tools [5,6]. Symbolic
learning libraries that follow similar conventions can be more easily integrated into exist-
ing data-analysis pipelines. Existing tools such as Distributed Evolutionary Algorithms
in Python (DEAP), gplearn, and PySR provide important functionality for evolutionary
computation and symbolic regression [7-9]. However, their design goals differ. General
evolutionary frameworks often require users to implement substantial parts of the symbolic
learning pipeline, while more advanced symbolic regression systems may introduce addi-
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tional dependencies or focus primarily on regression. There remains a practical need for a
lightweight Python library that combines regression, binary classification, multiclass classifi-
cation, compact installation, estimator-style usage, and efficient repeated experimentation.

This paper presents FastSymbolicGP, a lightweight Python library for symbolic regres-

sion and classification based on genetic programming. The library provides a compact,
scikit-learn-compatible interface and supports regression, binary classification, and multi-
class classification within a unified framework. Its design emphasizes efficient vectorized
expression evaluation, protected mathematical operations, reproducibility, compact sym-
bolic expressions, and straightforward benchmarking.

The evaluation of FastSymbolicGP considers four complementary dimensions:

Predictive performance on regression, binary classification, and multiclass classifica-
tion tasks;

Computational efficiency measured through fitting time, prediction time, and scalabil-
ity with increasing dataset size and dimensionality;

Symbolic interpretability assessed through explicit equation reporting, expression size,
tree depth, variable use, nonlinear-operator count, and related complexity indicators;
Scientific validity examined through physical law recovery, governing-equation
identification, dimensional-consistency analysis, and comparison with known
analytical relationships.

The main contributions of this work are as follows:

A lightweight Python library that supports symbolic regression, binary classi-
fication, and multiclass classification through a unified, scikit-learn-compatible
estimator interface.

A detailed tree-based genetic programming implementation incorporating ramped
population initialization, tournament selection, subtree crossover, subtree mutation,
hoist mutation, point mutation, reproduction, elitism, protected numerical operators,
duplicate control, and several mechanisms for limiting expression growth.

An efficient symbolic-expression execution mechanism based on vectorized numerical
evaluation and a Numba-compiled postfix backend, designed to reduce the computa-
tional cost of repeatedly evaluating large populations of candidate expressions.
Explicit mechanisms for addressing the principal practical challenges of symbolic
classification, including class weighting, validation-based decision-threshold opti-
mization, probability transformation, one-versus-rest (OVR) multiclass classification,
and shared symbolic representations with a softmax output layer.

Validation-aware and complexity-aware model selection using internal validation
performance, adaptive parsimony, hall-of-fame storage, Pareto equation pools, and se-
lection of the smallest near-optimal expression.

A reproducible benchmarking framework using matched data partitions, random
seeds, preprocessing procedures, independent test sets, and transparent experimental
configurations for FastSymbolicGP and the compared symbolic learning methods.
An extensive empirical evaluation comprising 940 successful runs across real-world
scientific regression, binary and multiclass classification, physical law recovery, dy-
namical system identification, parameter-sensitivity analysis, component ablation,
and scalability experiments.

A joint analysis of predictive performance, computational efficiency, symbolic com-
plexity, dimensional consistency, and the trade-off between predictive accuracy and
equation simplicity.

The experimental results demonstrate that FastSymbolicGP provides a favorable bal-

ance among predictive performance, computational efficiency, task coverage, and symbolic
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model complexity. In binary classification, FastSymbolicGP achieved a mean balanced
accuracy of 0.8507, compared with 0.7458 for gplearn, while reducing the mean fitting time
from 27.30 to 18.23 s, corresponding to an approximately 1.50-fold speedup. In multiclass
classification, the one-versus-rest FastSymbolicGP strategy achieved a mean macro-F1 score
of 0.9385, compared with 0.8492 for the gplearn one-versus-rest baseline, and reduced the
mean fitting time from 149.6 to 92.9 s, corresponding to an approximately 1.61-fold speedup.
Across the four real-world scientific regression datasets, FastSymbolicGP achieved the high-
est mean test R? on every dataset and was approximately 2.10 times faster than gplearn
on average. In the scalability experiment with 50,000 samples, FastSymbolicGP was ap-
proximately 6.20 times faster than PySR and 1.63 times faster than gplearn, while achieving
predictive performance nearly identical to PySR. Furthermore, nondimensionalization
increased the dimensional-validity rate of the recovered physical law expressions from 24%
to 96%, and complexity-aware selection reduced symbolic complexity by an average of
28.6% whenever a simpler near-optimal candidate was available. These findings indicate
that FastSymbolicGP is particularly suitable for reproducible symbolic learning studies in
which predictive performance, computational cost, explicit equation reporting, and model
interpretability must be considered jointly.

The remainder of this paper is organized according to the journal template. Section 1.1,
within the Introduction, reviews symbolic regression, symbolic classification, genetic pro-
gramming, and existing Python symbolic learning libraries. Section 2 presents the Fast-
SymbolicGP library design and the complete experimental methodology, including the
evolutionary operators, prediction mechanisms, datasets, experimental profiles, baseline
configurations, evaluation metrics, and reproducibility settings. Section 3 reports the predic-
tive, runtime, scientific-validity, and interpretability results. Section 4 discusses the practical
implications, strengths, and limitations of the library. Finally, Section 5 summarizes the
principal findings and outlines future development directions.

1.1. Related Work
1.1.1. Symbolic Regression and Scientific Model Discovery

Symbolic regression is a data-driven modelling approach in which both the struc-
ture and parameters of a mathematical expression are inferred from observations. Unlike
conventional regression methods, which estimate the parameters of a predefined model
form, symbolic regression searches a space of candidate analytical expressions composed
of variables, constants, arithmetic operators, and mathematical functions [2-4,10]. The re-
sult is an explicit model that can be inspected, simplified, differentiated, integrated, and
implemented independently of the software used to discover it.

The ability to obtain explicit analytical expressions makes symbolic regression partic-
ularly relevant to scientific discovery. Schmidt and Lipson demonstrated that symbolic
search can recover free-form natural laws from experimental measurements without requir-
ing the final equation structure to be specified in advance [1]. Subsequent studies extended
data-driven equation discovery to dynamical systems, partial differential equations, astro-
physics, fluid mechanics, and other scientific domains [11-13]. Physics-informed methods
such as Al Feynman exploit properties including dimensional consistency, separability,
symmetry, and compositional structure to reduce the search space and recover equations
from scientific data [14]. Shape-constrained and physics-aware symbolic regression addi-
tionally incorporate prior knowledge such as monotonicity, positivity, convexity, or known
physical relationships [15,16].

The principal advantage of symbolic regression is therefore not limited to prediction.
A discovered expression may also provide a compact hypothesis about the data-generating
process. This differentiates symbolic models from post hoc explanations of black-box
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predictors because the symbolic expression is itself the predictive model. Nevertheless,
interpretability is not guaranteed merely because an expression is symbolic. Deep trees,
repeated subexpressions, many numerical constants, and excessive use of nonlinear opera-
tors may produce equations that are technically explicit but difficult for a human reader to
understand [17-19].

Symbolic regression is also computationally difficult because the algorithm must
search simultaneously over model structures, operators, variables, and numerical constants.
Virgolin and Pissis formally showed that symbolic regression is NP-hard under the in-
vestigated formulation [20]. Consequently, practical symbolic regression systems rely on
heuristic, evolutionary, probabilistic, deterministic, or neural-guided search procedures
rather than exhaustive enumeration of the complete expression space.

Genetic programming remains one of the most established approaches to this prob-
lem [3,4]. However, alternative methods have also been proposed. Fast Function Extraction
(FFX) uses a deterministic pathwise search to generate sparse nonlinear models [21]. Al
Feynman uses recursive decomposition and physics-inspired transformations [14]. Deep
symbolic regression employs recurrent neural networks and risk-seeking policy gradi-
ents to generate candidate expressions [22], while transformer-based systems attempt to
predict complete expressions directly from numerical observations [23]. These methods
demonstrate the diversity of modern symbolic regression, but genetic programming re-
mains highly relevant because it directly searches expression structures, supports arbitrary
primitive sets, and does not require a large pretraining corpus.

1.1.2. Genetic Programming for Symbolic Model Discovery

In tree-based genetic programming, each individual represents an executable sym-
bolic expression. Internal nodes contain functions or operators, whereas terminal nodes
contain input variables and numerical constants [3,4]. A population of such expressions is
evaluated using a task-specific fitness function and improved over successive generations
through selection, crossover, mutation, reproduction, and elitism.

The behaviour of a genetic programming system depends strongly on its design
choices. Important components include the population-initialization strategy, primitive
and terminal sets, parent-selection mechanism, genetic operators, fitness function, tree-
depth limits, stopping conditions, and bloat-control strategy [3,4]. Tournament selection is
frequently used because it is simple and allows selection pressure to be adjusted through the
tournament size. Subtree crossover exchanges portions of two parent trees, while mutation
may replace a subtree, modify a node, alter a constant, or insert a newly generated structure.
Although these operations provide substantial structural flexibility, they also make the
evolutionary trajectory stochastic and sensitive to parameter settings.

A major limitation of genetic programming is the cost of repeatedly evaluating candi-
date expressions. For a population of size P, evolved for G generations over N samples,
the computational burden is approximately proportional to

O(PGNCexpr), )

where Eexpr denotes the average cost of evaluating an expression. This cost increases
with tree size, primitive complexity, dataset size, and the number of random seeds or
hyperparameter configurations. Numerical constant optimization can improve predictive
performance, but it can also add substantial optimization overhead to every candidate
model [24].

Expression bloat represents an additional challenge. Bloat occurs when program trees
grow without a corresponding improvement in fitness. Large expressions require more
time to evaluate, consume more memory, complicate genetic operations, and reduce model
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readability [18,25,26]. Common control mechanisms include depth constraints, size limits,
lexicographic parsimony, fitness penalties, dynamic parsimony pressure, multi-objective
optimization, and post-evolution simplification [25-27]. However, minimizing the number
of nodes alone does not necessarily guarantee generalization or human interpretability,
because expressions with equal sizes may differ considerably in nonlinear structure and
cognitive difficulty [17,19].

Recent work has provided direct evidence of inefficiency in conventional genetic
programming search. Kronberger et al. showed that GP may explore only a small part of
the space of semantically unique expressions and may repeatedly evaluate expressions that
are algebraically or semantically equivalent [28]. This result is important because repeated
evaluation of redundant expressions consumes computational resources without increasing
meaningful search coverage. Expression caching, canonicalization, duplicate detection, vec-
torized execution, and optimized internal representations are therefore important directions
for improving practical runtime.

The scalability problem becomes more significant in modern experimental workflows.
A single study may involve multiple datasets, random seeds, cross-validation folds, evo-
lutionary profiles, primitive sets, and parameter configurations. Large-scale benchmark
studies have shown that symbolic regression can be competitive with established ma-
chine learning methods, but that its runtime is often among the highest of the evaluated
approaches [29,30]. Earlier work on time-constrained symbolic regression similarly em-
phasized the difficulty of applying conventional GP configurations to large regression and
classification problems [31]. These findings motivate lightweight implementations that
reduce per-expression overhead and make repeated experimentation more feasible.

1.1.3. Symbolic Classification

Genetic programming has also been widely applied to classification [32]. In symbolic
classification, an evolved expression usually produces a continuous score that must be
converted into a discrete class label. For binary classification, this conversion can be
performed using a fixed threshold, a sign function, or a probabilistic transformation such
as the logistic sigmoid. The fitness function may optimize accuracy, balanced accuracy,
area under the receiver operating characteristic curve, F1-score, or another classification-
oriented criterion.

Symbolic classifiers offer an important interpretability advantage because the deci-
sion score is represented by an explicit mathematical expression. Consequently, the vari-
ables, interactions, transformations, and decision boundary used by the classifier can be
examined directly. Genetic programming has also been used for interpretable feature
construction, in which evolved expressions transform the original input variables before
classification [33,34]. Such transformations can reduce dimensionality and expose nonlin-
ear relationships that are difficult to identify using the original feature space.

Multiclass symbolic classification is more difficult because a single scalar expres-
sion does not naturally represent several classes. Common approaches include one-
vs-rest decomposition, one-vs-one decomposition, multiple co-evolved trees, class-
specific symbolic scores, interval-based output mapping, and multidimensional symbolic
representations [32,35]. In a one-vs-rest strategy, one binary symbolic classifier is trained
for each class and the final class is selected from the resulting decision scores. Although this
strategy is easy to implement, its computational cost grows with the number of classes
because multiple independent GP searches are required.

La Cava et al. proposed multidimensional genetic programming for multiclass classifi-
cation, in which evolved programs construct an adaptive feature space and class assignment
is performed in that space [35]. This work showed that multiclass GP need not be restricted
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to a collection of isolated binary classifiers. Nevertheless, multiclass support remains
less common in general-purpose symbolic learning libraries than symbolic regression or
binary classification. This creates a practical gap for users who require regression, binary
classification, and multiclass classification through a consistent estimator interface.

1.1.4. Symbolic Learning Libraries and Implementations

The availability of reusable software has been essential to the development of symbolic
machine learning. DEAP is a general-purpose Python framework for evolutionary compu-
tation that emphasizes explicit algorithms and transparent data structures [7]. It provides
the components needed to construct genetic programming systems, but users must define
substantial parts of the representation, fitness evaluation, genetic operators, and evolution-
ary workflow. This flexibility is valuable for evolutionary computation research, although
it requires more implementation effort than a task-specific estimator.

The gplearn library provides genetic programming estimators through an interface
inspired by scikit-learn [8]. It includes a symbolic regressor, a binary symbolic classifier,
and a symbolic transformer. Its familiar fit, predict, and transform methods make it
convenient for Python machine learning workflows. However, its classifier is designed
for binary targets, and multiclass problems therefore require an external decomposition
strategy or an alternative implementation. As a predominantly Python-oriented imple-
mentation, repeated evaluation of large populations can also become costly when many
datasets, seeds, and experimental configurations are considered.

DEAP and gplearn benefit from integration with the wider scientific Python ecosystem.
Scikit-learn established estimator conventions that support pipelines, preprocessing, cross-
validation, model selection, and standardized evaluation [5,6]. Compatibility with these
conventions is particularly useful for benchmarking because compared models can share
identical data partitions, preprocessing procedures, and evaluation metrics.

Operon is a C++ genetic programming framework developed for efficient symbolic
regression [36]. Its implementation emphasizes efficient execution, modern optimization
techniques, and numerical-parameter estimation. The existence and benchmark perfor-
mance of Operon demonstrate that internal representation and execution-engine design can
have a major influence on GP runtime. However, Operon focuses primarily on symbolic
regression rather than a unified regression and classification application programming
interface (API).

PySR provides a Python interface to the Julia-based SymbolicRegression.jl back-
end [9]. It combines multi-population evolutionary search, expression simplification,
numerical constant optimization, and parallel execution. Its backend can exploit compiled
operators, vectorized instructions, and distributed computation, making it suitable for
demanding scientific symbolic regression tasks. These capabilities provide strong perfor-
mance but require an additional Julia runtime and primarily address symbolic regression
rather than general symbolic classification.

Other systems focus on different aspects of the problem. FFX emphasizes fast and
deterministic sparse model construction [21]. Al Feynman uses physics-inspired decom-
position [14]. Transformation—interaction representations restrict the expression space to
obtain compact models [37]. Feature Engineering Automation Tool (FEAT) evolves fea-
ture representations combined with conventional parameter optimization [34]. Neural
symbolic methods generate expressions using learned sequence models [22,23]. These
approaches provide important alternatives, but they differ in task support, dependencies,
representation, computational requirements, and compatibility with standard machine
learning interfaces.

https://doi.org/10.3390/inventions11040080


https://doi.org/10.3390/inventions11040080

Inventions 2026, 11, 80

8of71

Table 1 summarizes representative symbolic learning tools and highlights the po-
sition of FastSymbolicGP. The table is not intended to identify a universally superior
system. Instead, it illustrates that existing tools pursue different objectives and that
no single implementation simultaneously emphasizes a lightweight Python installation,
scikit-learn-style regression, binary classification, native multiclass classification, and fast
repeated benchmarking.

Table 1. Comparison of representative symbolic learning tools. Task support refers to the principal
functionality documented for each system.

Prima . . Native Estimator-Style  Primary Emphasis or Practical
Tool Backe;}::l Regression  Binary Class Multiclass ~ API v Consi eratign
General evolutionary framework; the
DEAP Python Custom Custom Custom No GP workflow and task—spgaﬁc
components must be configured by
the user.
Accessible scikit-learn-style symbolic
gplearn Python/NumPy  Yes Yes No Yes regression, binary classification, and
feature transformation.
High-performance scientific symbolic
PySR Python/Julia Yes No No Partial regression with a compiled and
parallel Julia backend.
Efficient GP framework focused on
Operon C++ Yes No No No symbolic regression and numerical
parameter optimization.
Physics-inspired equation discovery
Al Feynman Python Yes No No No using separability, symmetry,
and recursive decomposition.
Lightweight unified interface for fast
FastSymbolicGP  Python/NumPy  Yes Yes Yes Yes symbolic regression, binary

classification, multiclass classification,
and repeated benchmarking.

1.1.5. Benchmarking, Interpretability, and Research Gap

Reliable evaluation of symbolic learning methods requires more than reporting the
best result from a single evolutionary run. Because GP is stochastic, experiments should
use repeated random seeds and identical data partitions. Comparisons should also account
for predictive performance, computational time, model complexity, and robustness to noise.
The Penn Machine Learning Benchmark (PMLB) provides standardized datasets for broad
machine learning evaluation [38], while SRBench introduced a reproducible benchmark
specifically for contemporary symbolic regression methods [30].

SRBench evaluated symbolic and conventional machine learning methods on a large
collection of real-world and synthetic problems. Its findings showed that modern GP-
based methods can achieve strong predictive performance, particularly when evolutionary
search is combined with parameter estimation or semantic search [30]. At the same time,
the results confirmed that accuracy must be considered together with model complexity
and computational cost. A method that produces a small improvement in prediction while
generating a substantially larger expression or requiring considerably longer execution
may not provide the most useful symbolic model.

Interpretability assessment remains less standardized than predictive evaluation.
Expression length and tree depth are commonly used because they are objective and
straightforward to calculate [17,18]. However, two expressions with the same number of
nodes may differ in the number of variables, nonlinear functions, nested transformations,
constants, and repeated subexpressions. More detailed analysis may therefore consider:

*  The total number of expression nodes;

¢  The maximum tree depth;

¢ The number of operator and function nodes;
¢ The number of distinct input variables;
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*  The number of nonlinear or transcendental operations;
e The number of fitted numerical constants;
*  The position of the model on the predictive-performance—complexity Pareto front.

Aldeia and de Franca emphasized that symbolic form alone is insufficient as a complete
definition of interpretability and evaluated symbolic models using multiple explanatory
criteria [19]. Similarly, multi-objective and Bayesian model-selection approaches have
been proposed to balance prediction error against expression complexity [17,27]. Conse-
quently, a symbolic learning library should expose both the final expression and measurable
properties of its structure.

The reviewed literature reveals four practical gaps. First, conventional tree-based GP
can be computationally expensive because large numbers of expressions are repeatedly eval-
uated, including structurally or semantically redundant candidates [28,29]. Second, general
evolutionary frameworks provide flexibility but require substantial task-specific implemen-
tation [7]. Third, lightweight scikit-learn-compatible libraries commonly focus on regression
and binary classification, while native multiclass symbolic classification is less frequently
available [8,35]. Fourth, symbolic model evaluations often emphasize prediction and
runtime without reporting sufficiently detailed expression-complexity indicators [18,19].

FastSymbolicGP is developed to address these gaps. It provides a lightweight Python
implementation with a unified estimator-style interface for symbolic regression, binary
classification, and multiclass classification. The library emphasizes efficient expression
evaluation and reproducible repeated experimentation while retaining access to the explicit
evolved model. The evaluation in this study therefore considers predictive performance,
fitting time, runtime speedup, expression size, and tree depth. This joint analysis positions
FastSymbolicGP not as a replacement for every existing symbolic learning system, but as a
compact research tool for experiments in which computational efficiency, task coverage,
reproducibility, and symbolic interpretability are required simultaneously.

2. Materials and Methods
2.1. FastSymbolicGP Library Design

FastSymbolicGP is a Python library for symbolic regression, binary symbolic classifi-
cation, and multiclass symbolic classification. The library uses tree-based genetic program-
ming to search for explicit mathematical expressions while exposing the resulting models
through an estimator-oriented interface compatible with common scikit-learn workflows.
Its principal design objective is to combine four properties that are not always simulta-
neously available in symbolic learning software: a compact application programming
interface, support for several supervised learning tasks, efficient repeated evaluation of
candidate expressions, and direct access to the analytical structure of the fitted model.

The library is based specifically on genetic programming, but genetic programming
is not the only possible approach to symbolic regression. Alternative families include
deterministic feature construction, as used by Fast Function Extraction; sparse identifica-
tion of nonlinear dynamical systems; physics-inspired decomposition methods such as Al
Feynman; neural symbolic regression; transformer-based equation generation; and hybrid
evolutionary systems such as PySR [9,11,14,21-23]. FastSymbolicGP does not attempt to
replace all of these approaches. Its methodological scope is a lightweight and extensible im-
plementation of tree-based genetic programming for users who require explicit expressions,
classification support, estimator-style use, and controllable computational cost.

The overall design follows the established principles of genetic programming in-
troduced by Koza and subsequently developed in the evolutionary-computation litera-
ture [3,4]. Candidate solutions are represented as symbolic trees and are improved through
population initialization, fitness evaluation, parent selection, crossover, mutation, elitism,
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and final model selection. The public interface follows the estimator conventions used
throughout the Python machine-learning ecosystem [5,6]. Consequently, a model can be
constructed, fitted, evaluated, and queried using familiar methods such as fit, predict,
predict_proba, score, and get_params.

The internal organization of FastSymbolicGP was designed to separate the user-facing
estimator interface from the evolutionary search, symbolic-program representation, nu-
merical execution, and reporting components. This separation allows regression, binary
classification, and multiclass classification to share a common evolutionary foundation
while retaining the task-specific procedures required for output scaling, probability esti-
mation, threshold selection, and multiclass decision construction. Figure 1 presents the
principal architectural layers of the library and summarizes the flow from the supported
supervised-learning tasks to the final symbolic model outputs.

As illustrated in Figure 1, the library is organized into five interconnected layers. The es-
timator layer provides the public FastSymbolicRegressor and FastSymbolicClassifier
interfaces and is responsible for input validation, data partitioning, model fitting, pre-
diction, probability estimation, and scoring. The evolutionary layer manages the genetic
programming process, including population initialization and maintenance, fitness eval-
uation, parent selection, crossover, mutation, elitism, duplicate elimination, hall-of-fame
preservation, and early stopping. The program layer represents candidate solutions as
symbolic expression trees and manages primitives, constants, tree constraints, directed-
acyclic-graph representations, and complexity-control mechanisms. The execution layer
converts the symbolic structures into efficient numerical representations and evaluates
them using vectorized postfix or directed-acyclic-graph execution, protected mathematical
operators, optional caching, and NumPy-based array processing. Finally, the reporting and
export layer provides the selected expressions, complexity statistics, evolutionary histories,
Pareto-optimal candidates, runtime information, and deployment-oriented model outputs.
Together, these layers provide a unified estimator workflow while preserving explicit access
to the symbolic structure and evolutionary history of the fitted models.

FastSymbolicGP Library Architecture

Si ted Task * FastSymbolicRegressor
Supported Tasks ) S L
1 1. Estimator Layer astSymbolicClas

+ fit/ predict / predict_proba / score
Regression + data validation and train-validation split
k2

* population management
« fitness evaluation
n

2. Evolutionary Layer over and mutation

« elitism and hall of fame

* duplicate elimination and early stopping
v

+ symbolic expression trees
« primitives and constants

3. Program Layer + complexity control

« tree and DAG representations

v

* vectorized postfix/DAG evaluation
« protected numerical operators

4. Execution Layer + optional caching

« efficient NumPy-based execution
v

« final expressions

+ complexity statistics

* evolutionary history

« Pareto front and runtime information

5. Reporting and Export Layer

( Unified estimator interface with explicit symbolic models and configurable GP components |

Figure 1. Layered architecture of the FastSymbolicGP library. The supported regression, binary
classification, and multiclass classification tasks are exposed through a unified estimator interface,
while the underlying evolutionary, symbolic-program, execution, and reporting layers provide the
principal model-search and analysis functionality.
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2.1.1. Design Objectives and Software Architecture

The library was designed around the following objectives:

1.  Unified supervised-learning interface. Regression, binary classification, and mul-
ticlass classification use the same general estimator workflow, although their loss
functions and output transformations differ.

2. Explicit symbolic outputs. The fitted model remains available as a mathematical
expression rather than only as an opaque prediction object.

3. Validation-aware evolution. Candidate programs can be evaluated using both train-
ing and validation data, reducing the probability that the final expression is selected
solely because it overfits the evolutionary training subset.

4. Controlled expression complexity. Tree size, tree depth, directed-acyclic-graph
complexity, and algebraically simplified complexity are available for bloat control and
model reporting.

5. Efficient numerical execution. Symbolic trees can be compiled into postfix or directed-
acyclic-graph representations and evaluated over complete NumPy arrays rather than
through sample-by-sample recursive Python execution.

6. Reproducibility and inspectability. Random seeds, evolutionary histories, Pareto
fronts, expressions, feature-use statistics, cache statistics, stopping conditions, and run-
time information can be retained and exported.

7. Extensibility. Primitive functions, fitness metrics, population models, selection modes,
mutation probabilities, complexity objectives, and execution backends are config-
urable without changing the public estimator interface.

The software architecture separates the public estimators from the evolutionary and
execution components. The estimator layer validates the data, determines the supervised-
learning task, creates the training and validation partitions, and transforms symbolic
outputs into predictions. The evolutionary layer manages populations, selection, variation,
elitism, duplicate elimination, early stopping, and the hall of fame. The program layer
implements symbolic trees and genetic operators. The execution layer provides vectorized
postfix and directed-acyclic-graph evaluation, protected mathematical functions, and op-
tional caching. Finally, the reporting layer exposes expressions, complexity measures,
evolutionary histories, Pareto-optimal candidates, and deployment-oriented exports.

2.1.2. Estimator Interface and Supported Tasks

FastSymbolicGP provides separate estimator classes for regression and classification.
Both estimators inherit the same evolutionary engine and therefore share parameters
controlling population size, number of generations, initialization depth, operator probabili-
ties, selection pressure, parsimony, early stopping, expression limits, execution backend,
random state, and resource budgets. A typical workflow is shown in Listing 1.

When the input is a pandas data frame, the original feature names are retained and
can be used in the printed expression. Otherwise, features are denoted by indices such as
X0, X1,...,X4-1. The primary task-specific behavior is summarized in Table 2. In this table,
MSE denotes mean squared error, RMSE denotes root mean squared error, MAE denotes
mean absolute error, MCC denotes the Matthews correlation coefficient, and ROC-AUC
denotes the area under the receiver operating characteristic curve.
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Listing 1. Basic estimator-style use of FastSymbolicGP.

from fastsymbolicgp import FastSymbolicClassifier

1

2

3 model = FastSymbolicClassifier(
4 population_size=64,

5 generations=120,

6 optimization="nsga2",

7 random_state=42

8

9

)
10 model.fit(X_train, y_train)
11
12 y_pred = model.predict(X_test)
13 y_proba = model.predict_proba(X_test)
14
15 print (model.get_expression())
16 print (model.get_expression_stats())

Table 2. Task-specific design of the FastSymbolicGP estimators.

Task Symbolic Output Output Transformation Supported Fitness
Measures
. . . . MSE, RMSE, MAE,
Regression Continuous score f(x) Linear scaling af (x) + b and R2-based loss

Binary classification

Multiclass classification

Log loss, accuracy,
balanced accuracy, F1,
MCC, ROC-AUC,

and average precision
One-vs-rest normalization or ~ Class-specific binary losses
a shared symbolic backbone  followed by multiclass
with a softmax head probability evaluation

Logistic mapping, probability
calibration, and decision
threshold

Continuous decision
score f(x)

One or more symbolic
class scores

2.1.3. Symbolic Program Representation

Each candidate model in FastSymbolicGP is represented as a rooted symbolic-
expression tree. Internal nodes correspond to primitive functions or operators, whereas
terminal nodes correspond to input variables or ephemeral numerical constants. This
representation is important because the same structure is used both for mathematical
interpretation and for genetic programming operations such as crossover, mutation, simpli-
fication, and complexity evaluation.

For example, the symbolic program

g(x) = (x17 + x2)x2 3)

is internally serialized as mul (add(X17, X2), X2).

The corresponding tree representation is shown in Figure 2. The root node is the
multiplication operator, its left child is the addition operator, and its right child is the
terminal variable X;. The addition node then connects to the terminal variables X;7 and
X5. Thus, the expression contains five tree nodes and three tree levels.

As illustrated in Figure 2, the serialized representation maps directly to the conven-
tional mathematical expression in Equation (3). This form is used for storage, evaluation,
and program manipulation during evolution. For classification tasks, the raw symbolic
output g(x) is subsequently transformed into a probability and class label, as described in
Section Binary Classification Fitness.
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Each symbolic program stores its tree structure, training fitness, validation fitness,
selection fitness, output-scaling coefficients, and metadata generated during evolution.
The following structural properties are computed directly from the program:

e  Total number of tree nodes;

¢  Maximum tree depth;

¢ Number of nodes after algebraic simplification;

¢ Depth after algebraic simplification;

*  Number of unique nodes in the compiled directed acyclic graph (DAG);
*  Number of repeated subexpressions;

*  Directed-acyclic-graph compression ratio;

*  Frequency of each input feature;

¢  Frequency of each primitive function.

Two programs may have different tree sizes but similar effective computational cost.
For example, a tree may contain the same subexpression multiple times. The directed-
acyclic-graph representation stores structurally identical subexpressions only once and
therefore provides an additional complexity measure beyond the conventional node count.
FastSymbolicGP can therefore use either tree size or directed-acyclic-graph size as the
complexity objective.

Figure 2. Tree representation of the symbolic program g(x) = (x17 + x2)xp, internally serialized as
mul (add (X17, X2), X2).

2.1.4. Primitive Functions and Protected Numerical Operations

The primitive set determines the mathematical language available to the evolutionary
search. The default set contains addition, subtraction, multiplication, and protected division.
Additional primitives can be enabled when required by the application. The complete
implemented primitive family is summarized in Table 3.

Randomly generated expressions frequently contain numerically invalid combina-
tions. Without protection, division by zero, logarithms of negative values, square roots of
negative values, and exponential overflow can propagate NaN or infinite values through the
population. FastSymbolicGP therefore converts undefined or unbounded results into finite
numerical values. Intermediate values are clipped to a finite interval, and invalid results are
replaced by deterministic fallback values. These protections do not make every expression
scientifically meaningful, but they prevent numerical exceptions from terminating the
evolutionary process.

https://doi.org/10.3390/inventions11040080


https://doi.org/10.3390/inventions11040080

Inventions 2026, 11, 80

14 of 71

Table 3. Symbolic primitives available in FastSymbolicGP.

Category

Primitive Numerical Definition or Protection

Binary arithmetic

Protected division

Binary comparison
Trigonometric
Nonlinear bounded
Unary arithmetic
Protected logarithm
Protected square root
Protected exponential

Missing-value handling

Standard element-wise addition, subtraction, and multipli-
cation
Returns a/b when |b| > 10712; otherwise returns a finite

add, sub, mul

div fallback value

max, min Element-wise maximum or minimum

sin, cos Element-wise sine and cosine

tanh Element-wise hyperbolic tangent

abs, neg, inv Absolute value, negation, and protected reciprocal
log log(|a| 4+ 10712)

sqrt \/m

exp exp(a) after clipping a to the interval [—30, 30]

Detects missing values or replaces a missing first argument

is_missing, coalesce .
& with the second argument

The choice of primitive set should reflect the problem being studied. A large function
set increases representational capacity but also enlarges the search space and can make the
discovered equations more difficult to interpret. For many initial experiments, the arith-
metic set +, —, X, < provides an appropriate balance between expressiveness, computa-
tional cost, and interpretability. Trigonometric, logarithmic, exponential, and missing-value
primitives should be enabled only when they are meaningful for the application.

2.1.5. Population Initialization

The initial population is generated using a ramped combination of full and grow tree
construction. Alternating individuals are generated using the two initialization modes.

In full initialization, function nodes are created until the selected target depth is
reached, after which terminal nodes are inserted. In grow initialization, terminals can be
introduced before the maximum target depth, producing trees with more heterogeneous
shapes. For grow initialization, a terminal is selected with probability 0.35 whenever the
current depth is above the required minimum depth and below the maximum depth.

For every new tree, a target depth is sampled from the configured initialization
interval. The standard interval is two to six levels, subject to the global maximum-depth
and maximum-node limits. A terminal node becomes a numerical constant with the
configured constant probability and otherwise becomes a randomly selected input feature.
Constants are sampled uniformly from the specified constant interval.

This mixed initialization procedure reduces the probability that the initial population
consists of trees with nearly identical shapes. Structural duplicates are rejected during
initialization when duplicate elimination is active. The population generator also checks
the maximum depth and maximum node count before accepting a program.

2.1.6. Task-Specific Fitness Evaluation

Let fj(x) denote the raw numerical output of candidate program j. The program
structure is shared across tasks, but its output scaling and fitness calculation depend on
whether the problem is regression or classification.

Regression Fitness

For regression, FastSymbolicGP can fit a linear scale and intercept to the raw symbolic
output:

9i = a;fi(x;) + b. (4)

https://doi.org/10.3390/inventions11040080


https://doi.org/10.3390/inventions11040080

Inventions 2026, 11, 80

15 of 71

The coefficients 4; and b; are obtained analytically from the covariance between
the symbolic output and the target. This scaling allows evolution to focus primarily
on the nonlinear expression structure while the final output magnitude and offset are
adjusted efficiently.

The candidate can be evaluated using mean squared error, root mean squared error,
mean absolute error, or an R?-based loss. For example, the root mean squared error is

LRMSE(fj)\/Tll é[yi - (ﬂ]‘fj(xz’) + b]‘)]z. (5)

Sample weights can be supplied when observations have unequal importance.

Binary Classification Fitness

For binary classification, the symbolic expression produces a continuous decision
score. A logistic scale and intercept transform this score into a probability:

1
1+exp[—(a;fj(x) + b;)]

pi(x)a (a;jfi(x) + bj) (6)
The coefficients a; and b; are estimated for each candidate using a regularized logistic
scaling procedure. This is important because the same useful symbolic ordering may appear
at different scales or with an inverted sign. Logistic scaling prevents the evolutionary search
from unnecessarily spending generations reproducing a simple output rescaling that can
be estimated directly.
The default classification objective is logarithmic loss:

1 n
Liog = - ) _[yilog(pi) + (1 —yi) log(1 — pi)]. 7)
i=1
Other available objectives include accuracy, balanced accuracy, F1-score, Matthews
correlation coefficient, ROC-AUC, and average precision. Metrics that are conventionally
maximized are internally converted into minimization objectives.

Training and Validation Fitness

When a validation fraction is specified, the available fitting data are separated into
an evolutionary training subset and an internal validation subset. Classification splits are
stratified so that both subsets preserve the class distribution. Each candidate stores both
training and validation fitness.

The selection base can be defined as

Lirain(f), training selection,
Lpase(f) = { Lyal (f), validation selection, (8)

Lyal(f) + ¥|Lya(f) — Lirain(f)|, combined selection.

where 7 controls the penalty assigned to disagreement between training and validation
performance. The combined form discourages expressions that obtain a strong training
result but deteriorate substantially on validation observations.

The internal validation subset is used for evolutionary model selection and optional
probability calibration. It must remain separate from the external test data used for final
performance reporting.
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2.1.7. Handling Threshold Selection, Class Imbalance, and Multiclass Decisions

Symbolic classification introduces additional decisions that are absent from ordinary
symbolic regression. FastSymbolicGP explicitly addresses the principal practical issues of
class imbalance, probability scaling, threshold selection, and multiclass output construction.

Class Imbalance
Binary class weights can be omitted, supplied manually, or calculated using the

balanced weighting rule. For K classes, the balanced weight assigned to class c is

n
Kn.’

We )
where 7 is the total number of observations and . is the number of observations belonging
to class c. These weights are incorporated into logistic scaling and fitness evaluation.
Therefore, observations from a minority class contribute more strongly to the evolutionary
objective when balanced weighting is enabled.

Class weighting does not itself guarantee optimal minority-class performance. It
provides a controlled mechanism for changing the relative cost of errors and should
be combined with suitable evaluation measures such as balanced accuracy, macro-F1,
Matthews correlation coefficient, ROC-AUC, or average precision.

Probability Calibration

The logistic transformation of a symbolic score provides a probability-like output,
but it does not guarantee that the probabilities are well calibrated. The library can therefore
apply an additional calibration stage using an internal validation subset.

Available calibration mappings include no calibration, Platt scaling, isotonic calibra-
tion, and beta calibration. In automatic mode, candidate calibrators are compared using
stratified cross-validated logarithmic loss. A more complex calibrator is retained only
when it provides a sufficient improvement over the identity mapping. The calibration
report records the requested method, selected method, number of folds, and the validation
statistics of the candidate mappings.

Decision-Threshold Selection

The final binary prediction is

1/ > 7
pi=7 (10)

=
|

0, pi<T,

where T is the classification threshold. A fixed threshold of 0.5 is available, but this value is
not necessarily optimal for imbalanced data or asymmetric classification objectives.

FastSymbolicGP can determine 7 from validation probabilities by sorting the unique
predicted probabilities and evaluating candidate thresholds between adjacent values.
The selected threshold maximizes a specified validation measure, including Matthews
correlation coefficient, balanced accuracy, F1-score, or accuracy. When two thresholds pro-
vide the same objective value, the value closer to 0.5 is preferred. Threshold optimization is
therefore separated from test-set evaluation and does not use the final test labels.

The threshold can also be refitted on a separate calibration dataset using the
refit_threshold method. This is useful when a deployment environment has a class
distribution or error-cost structure that differs from the original training data.
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Multiclass Classification

FastSymbolicGP implements two multiclass strategies.

The first strategy is one-vs-rest classification. For K classes, the library evolves K
binary symbolic classifiers. Classifier k is trained to distinguish class k from all remaining
classes. Let pi(x) denote its positive-class probability. The multiclass probabilities are
normalized as

Ply=k|x Pki(x) 11
S S w

The predicted class is the class with the highest normalized probability. This strategy
produces one inspectable symbolic equation per class and is therefore straightforward
to analyze.

The second strategy constructs a shared symbolic feature backbone. Candidate sym-
bolic programs are collected from the class-specific hall-of-fame and Pareto populations.
Constant-output candidates are removed, and highly correlated candidates are filtered
using a configurable correlation limit. The selected symbolic components form

2()[fi(x), f2(x), .., f(X)]" (12)

After standardization, a multinomial softmax head maps the symbolic feature vector
to class probabilities:

exp (ﬁsz(x) + bk)

Ply=k|x Y0 =1%exp(B0Tz(x) + bl)

(13)

This strategy shares symbolic components among classes and can reduce redundant
class-specific expressions. Its output remains inspectable because both the symbolic back-
bone and the linear softmax coefficients are stored. However, it should be described as a
hybrid symbolic-linear multiclass model rather than as a single symbolic equation.

Optional temperature scaling can be applied to multiclass probabilities. The identity
mapping is retained unless temperature scaling provides a meaningful improvement in
reference logarithmic loss.

2.1.8. Parent Selection and Population Ranking

FastSymbolicGP supports scalar validation-aware ranking and multiobjective Pareto rank-
ing.
Under scalar optimization, the selection value of candidate f is

](f) Lbase (f) + /\C(f)/ (14)

where Ly, is the selected training, validation, or combined loss; C( f) is the tree or directed-
acyclic-graph complexity; and A is the current parsimony coefficient. Candidates are sorted
first by J(f), then by complexity, and finally by depth. The secondary complexity and depth
comparisons provide deterministic preferences when predictive fitness values are equal.

Under multiobjective Pareto optimization, candidates are evaluated using three objec-
tives:

(Lbase(f>/ C(f)r D(f))r (15)

where D(f) is tree depth. A candidate dominates another candidate when it is no worse
in all three objectives and strictly better in at least one. The implementation assigns
nondominated ranks and crowding distances. Candidates with lower Pareto rank are
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preferred, while larger crowding distance is preferred within the same rank to maintain
diversity along the loss—complexity frontier.

Parents are selected through tournament selection. For each parent, a configurable
number of population indices is sampled with replacement. Under scalar optimization,
the candidate Under Pareto or Non-dominated Sorting Genetic Algorithm II (NSGA-II)
optimization with the smallest selection value, complexity, and depth wins the tournament.
Under NSGA-II optimization, candidates are compared using Pareto rank, crowding
distance, selection loss, and complexity. Tournament size therefore controls selection
pressure: larger tournaments more strongly favor highly ranked candidates, while smaller
tournaments preserve more stochastic diversity.

2.1.9. Crossover and Mutation Operators

Four genetic operators are implemented: subtree crossover, subtree mutation, hoist
mutation, and point mutation. Their probabilities are normalized so that one operator is
selected for each new offspring.

Subtree Crossover

Subtree crossover selects two parents by tournament selection. A node position is
sampled uniformly from the first parent, and a donor subtree is sampled uniformly from
the second parent. The selected subtree in the first parent is replaced by a clone of the
donor subtree:

fenild f; parentl [Sparentl — Sparentﬂ . (16)

Because every node is eligible for selection, crossover can replace a small terminal,
an intermediate expression, or the complete root expression.

Subtree Mutation

Subtree mutation selects one node position from the parent and replaces it with a
newly generated grow tree. The replacement tree is generated from the current primitive
set, feature set, constant interval, constant probability, and mutation-depth interval. This
operation can introduce both new mathematical structure and new terminal combinations.

Hoist Mutation

Hoist mutation first selects a subtree from the parent. It then selects one node from
within that subtree and replaces the original subtree with the selected descendant. Hoist
mutation generally reduces or restructures expression size and is particularly useful for
counteracting genetic programming bloat.

Point Mutation

Point mutation selects one node and modifies it without replacing the complete
surrounding subtree:

* A feature terminal is replaced by another randomly selected feature;

* A numerical constant is perturbed using Gaussian noise and clipped to the permitted
constant interval;

¢ A function node is replaced by another primitive with the same arity.

Restricting function replacement to primitives with equal arity preserves the validity
of the existing child structure.
The default operator distribution is

Peross = 0.70, Psubtree = 0.15, Phoist = 0.05, Ppoint = 0.10. (17)
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The relatively high crossover probability emphasizes recombination of useful subex-
pressions. Subtree mutation provides larger structural innovations, point mutation pro-
vides local modifications, and hoist mutation supplies an explicit size-reduction mechanism.
These probabilities are configurable and may optionally be adapted using the observed
operators associated with successful population members.

After variation, every offspring is checked against the maximum-depth and maximum-
node limits. An oversized offspring can be rejected and replaced by its parent. Alternatively,
simplification can be attempted before rejection. These checks ensure that genetic operations
cannot produce unbounded expression growth.

2.1.10. Elitism, Duplicate Elimination, and Diversity

A configurable number of top-ranked candidates is copied unchanged into the next
generation. This elitism mechanism prevents the best currently known expressions from
being lost through stochastic variation.

The remaining population positions are filled through tournament selection and
genetic variation. Two complementary duplicate-detection mechanisms are available.

Structural duplicate elimination compares the serialized program structure. Expres-
sions with identical nodes, constants, and feature indices have the same structural repre-
sentation and can be rejected.

Semantic duplicate elimination evaluates candidates on a fixed subset of training
observations, rounds their outputs, and hashes the resulting prediction vector. Expressions
with different trees but effectively identical sampled behavior can therefore be recognized
as duplicates. This is important because algebraically redundant expressions can otherwise
occupy a large proportion of the population.

The algorithm allows a limited number of duplicate-rejection attempts. After this
limit is reached, an offspring can be accepted to guarantee that population construction
terminates. Population diversity is recorded in the evolutionary history as the fraction of
structurally distinct programs.

For larger searches, the library also supports an island population model. The complete
population is divided into semi-independent islands, which may use different search
profiles. At configured intervals, selected individuals migrate between islands using
ring, random, best-to-worst, or diversity-guided migration. Island evolution can preserve
alternative search trajectories and reduce premature convergence, particularly when islands
emphasize different objectives such as accuracy, compactness, diversity, or robustness.

2.1.11. Bloat Control and Complexity-Aware Evolution

Uncontrolled growth of program trees is a well-known difficulty in genetic program-
ming [18,25,26]. FastSymbolicGP combines several complementary bloat-control mechanisms:

¢  Hard maximum-depth and maximum-node constraints;

e  Hoist mutation;

®  Scalar parsimony penalties;

¢ Adaptive parsimony;

¢ NSGA-II loss—complexity—depth optimization;

¢  Final selection of the smallest model within a fitness tolerance;

*  Optional Tarpeian penalization of randomly selected above-median-size programs;
*  Algebraic simplification;

*  Rejection of structural and semantic duplicates.

Under adaptive parsimony, the algorithm monitors the mean population size. When
the mean size exceeds a user-defined target, the parsimony coefficient is increased in propor-
tion to the excess and to the typical magnitude of the population loss. When the population
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returns below the target, the coefficient gradually decreases. This avoids requiring the
same fixed parsimony coefficient for datasets whose loss scales differ substantially.

The Tarpeian option probabilistically assigns poor fitness to some programs larger
than the median population size before performing their complete evaluation. This can
reduce unnecessary computation, although it is disabled by default because it introduces
an additional stochastic approximation.

Algebraic simplification is applied safely using deterministic rewrite rules and constant
folding. Examples include

x+0—x, x—0—x, x—x—0, (18)

xx1ox,  xx0-0, %—>x. (19)

Repeated negation and repeated absolute-value operations are also simplified. The raw
selected expression and simplified expression remain separately accessible so that the effect
of simplification can be examined.

2.1.12. Hall of Fame, Pareto Pool, and Final Model Selection

The algorithm does not select the final output solely from the last generation. A hall
of fame retains the best structurally unique candidates observed during the entire run.
When the same structure occurs more than once, the copy with the better selection fitness
is retained.

From the hall of fame, the library constructs a Pareto pool containing candidates that
are not dominated simultaneously in loss, complexity, and depth. This pool is important
because symbolic modeling rarely has a single universally best equation. A slightly less
accurate but substantially smaller expression may be preferable for scientific interpretation,
deployment, or manual verification [17,19].

Four final-selection modes are available:

raw: selects the candidate with the best training fitness;
validation: selects the candidate with the best validation fitness;
pareto: selects from the nondominated population;

L

smallest_within_tolerance: identifies all candidates whose selection loss is within
a specified tolerance of the best loss and then selects the candidate with the
smallest complexity.

The last mode is the default because small numerical differences in validation loss
often do not justify a much larger equation. Let [in be the best selection value and let € be
the configured tolerance. The eligible set is

E=A{f1(f) < Jmin + €} (20)
The final program is then
f*argmin(C(f), J(£), D(f))- (21)

Users can also select a different Pareto candidate after training by imposing constraints
on maximum nodes, maximum depth, or maximum acceptable loss. This is particularly
useful when scientific considerations require a simpler equation than the automatically
selected model.

2.1.13. Expression Pool and Interpretability Outputs

The library exposes substantially more information than a single predictive score.
The principal expression-related outputs include:
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*  The selected expression;

*  The unsimplified selected expression;

¢ The simplified expression;

¢ The complete hall of fame;

*  The nondominated Pareto pool;

*  Symbolic ensemble members and their weights;

*  One expression per class for one-vs-rest multiclass models;

*  Symbolic backbone equations and softmax coefficients for shared multiclass models;
¢ Node count, depth, simplified node count, and simplified depth;
*  Tree and directed-acyclic-graph operation counts;

*  Repeated-subexpression count and compression ratio;

*  Feature occurrence frequencies;

*  Primitive-function occurrence frequencies.

The expression statistics can be retrieved programmatically as shown in Listing 2.

Listing 2. Extraction of the selected expression and complexity measures.

expression = model.get_expression ()

raw_expression = model.get_raw_expression ()
simplified_expression = model.get_simplified_expression ()
statistics = model.get_expression_stats ()

print (expression)

print (statistics["nodes"])
print (statistics["depth"])
print (statistics["dag_nodes"])

O ® N W R W N e

The Pareto pool can be used to report an equation set rather than only one selected
equation. For each candidate, the loss, number of tree nodes, number of directed-acyclic-
graph nodes, depth, and serialized expression can be saved. This allows direct comparison
with equation pools returned by other symbolic regression tools.

Cross-run interpretability can also be evaluated. Feature stability reports the fraction
of independently fitted models in which a feature appears. Subexpression stability reports
how frequently the same symbolic subexpression occurs across repeated runs. These
measures distinguish a single compact equation from a relationship that is repeatedly
rediscovered under different random seeds.

For classification, optional local feature-occlusion explanations quantify the change
in predicted probability when one feature is replaced by a baseline value. A greedy coun-
terfactual search is also available for exploratory use. These local procedures supplement,
but do not replace, interpretation of the global symbolic equation.

2.1.14. Symbolic Ensembles

Binary classification can use either the single selected expression or a symbolic proba-
bility ensemble. Ensemble candidates are drawn from the hall of fame and ordered using
loss, directed-acyclic-graph complexity, and depth. Candidates with nearly constant out-
puts are removed. Highly correlated probability outputs can also be excluded to preserve
functional diversity.

For an ensemble containing M expressions, the positive-class probability is

M=

Pens (X) WmPm(x), (22)

m=1
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subject to
M
wm >0, Y wn=1. (23)
m=1

Weights may be uniform, derived from validation loss, or optimized under the non-
negative simplex constraint. Every ensemble member, weight, expression size, depth,
and equation is retained in the model report.

An ensemble can improve predictive robustness, but it is less compact than a single
equation. Therefore, the ensemble is an optional prediction mode and is reported separately
from the primary selected expression.

2.1.15. Efficient Expression Evaluation

Fitness evaluation is normally the dominant computational cost of genetic program-
ming because every candidate must be evaluated over many observations and generations.
FastSymbolicGP uses several mechanisms to reduce this cost.

First, expression evaluation is vectorized. A primitive receives complete NumPy
arrays and produces an output for all observations at once. This avoids a Python loop over
individual samples.

Second, each tree can be compiled into postfix instructions. Feature terminals, con-
stants, and primitive functions are represented by numerical operation codes. The postfix
representation can be executed by a vectorized NumPy interpreter or by an optional
compiled Numba backend.

Third, a symbolic tree can be compiled into a directed acyclic graph. Structurally iden-
tical subtrees are represented once, reducing the effective operation count. If the expression

£(x) = h(x) + h(x) 1)

contains two identical copies of 4, the directed-acyclic-graph evaluator calculates /1 once
and reuses the result.

Fourth, a bounded least-recently-used subtree cache can retain the numerical outputs
of previously evaluated subexpressions. Cache entries are associated with both the subex-
pression structure and a fingerprint of the evaluated data matrix, preventing accidental
reuse for a different sample matrix. The cache has a hard memory limit and evicts old
entries when the limit is reached.

Fifth, population evaluation can be distributed across worker threads. Thread limits
are controlled to avoid nested parallelism in underlying numerical libraries. In island mode,
islands can also be evaluated in parallel.

Sixth, the max_samples parameter can evaluate each generation on a random subset
of the evolutionary training data. This is especially useful for large datasets. The validation
objective can still be calculated on the fixed validation subset, allowing computationally
cheaper training evaluations while preserving a common comparison set.

Finally, time, evaluation-count, and memory budgets can be imposed. The stopping
reason records whether evolution ended because of the maximum number of generations,
early stopping, time budget, or evaluation budget.

2.1.16. Missing Values and Robustness Objectives

Missing inputs can be rejected, replaced by a constant, replaced by training-set me-
dians, or handled through native symbolic operators. In native mode, missing feature
terminals are preserved long enough for the is_missing and coalesce primitives to inspect
them. Function outputs are subsequently converted to finite values.
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Optional robustness training evaluates expressions on perturbed versions of the train-
ing data. Perturbations can include Gaussian feature noise, feature dropout, or their
combination. When enabled, the ordinary loss and perturbed-data loss are combined
using a configurable robustness weight. This option is intended for deployment-hardening
experiments and should be reported explicitly whenever it is used because it changes the
fitness objective and increases the number of expression evaluations.

2.1.17. Hyperparameter Rationale

genetic programming parameters do not have universally optimal values. Their role
is to define a search budget and the balance between exploration, exploitation, runtime,
and interpretability. The principal defaults and their rationale are summarized in Table 4.
These values are library defaults rather than claims of globally optimal settings. Experi-
mental studies should report every overridden value and should compare several search
budgets when computationally feasible.

Table 4. Principal evolutionary defaults and their design rationale.

Parameter Default Rationale
. . Provides broad structural diversity for a general-purpose run. Smaller

Population size 500 . . .

values reduce runtime but increase the risk of premature convergence.
. Limits the default computational budget while allowing repeated

Generations 50 . . . .

recombination and mutation. Early stopping can terminate the run sooner.
. Provides moderate-to-strong selection pressure in the general default

Tournament size 20 . . . .
configuration. It should be reduced with very small populations.

Initialization depth 26 Generates both relatively compact and moderately nonlinear initial
structures.

Maximum depth 12 Allows nested nonlinear relationships while preventing uncontrolled tree
growth.

Maximum nodes 255 Provides a hard upper bound on memory use, evaluation cost,
and expression size.

Crossover probability 0.70 Makes recombination of existing useful subexpressions the primary search
operator.

Subtree mutation probability 0.15 Introduces new branches and larger structural changes.

Hoist mutation probability 0.05 Provides an explicit contraction operator for bloat control.

Point mutation probability 0.10 Provides local changes to variables, constants, and same-arity functions.

N . Reserves enough observations for validation-aware selection while

Validation fraction 0.20 .. . . -
retaining most observations for evolutionary fitting.

Elites 2 Preserves the strongest candidates without allowing elites to dominate a
large proportion of the next generation.

Patience 20 generations Stops evolution after sustained stagnation while tolerating temporary

Selection tolerance

Parsimony target

periods without improvement.

Allows a smaller expression to be preferred when its selection loss is very
close to the best observed loss.

Defines the reference population size above which adaptive complexity
pressure begins to increase.

0.02

40 nodes

The main computational budget is approximately proportional to

B « P, G, Neyal, (25)
where P is population size, G is the number of generations, and Ny, is the number
of observations used for each fitness evaluation. Expression complexity, primitive cost,
multiclass strategy, validation evaluation, calibration, robust perturbations, and ensemble
construction add further computational cost.

For this reason, a larger population is not automatically superior to more generations.
A larger population explores more structures per generation, whereas more generations
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provide a longer sequence of selection and refinement. Search profiles should therefore be
treated as controlled computational budgets.

The library includes convenience presets that change several parameters together, as
summarized in Table 5.

Table 5. Convenience search presets included in FastSymbolicGP. These presets are distinct from the
experimental benchmark profiles defined in Section 2.2.

Preset Population Generations Max. Depth Max. Nodes Purpose

Fast 30 60 10 127 Sho.r.t exploratory runs and pipeline
verification

Balanced 64 120 14 955 Gengral compromise between search
quality and runtime

Accurate 9% 200 16 383 Larger search budget for predictive
performance

Interpretable 64 140 9 95 Stronge.r preference for compact single
expressions

Large dataset 48 100 10 127 Reduced per-generation data fraction
and bounded complexity

Mobile 40 100 8 63 Compact expressions and restricted

primitives for deployment

The automatic preset complements the predefined configurations reported in Table 5
by using dataset shape as a coarse resource heuristic. It does not replace dataset-specific
validation or a sensitivity analysis. For publication experiments, the selected population
size, generation count, function set, depth limits, parsimony configuration, random seeds,
and stopping criteria should be reported explicitly.

2.1.18. Dimensional Analysis and Physical Consistency

The current library does not automatically attach physical units to variables or enforce
dimensional homogeneity during crossover, mutation, or final selection. Consequently,
if dimensional input variables are supplied directly, the unconstrained search can con-
struct expressions that add incompatible physical quantities or apply logarithmic and
trigonometric functions to dimensional arguments.

For example, an unconstrained program could construct

Xlength + Xtime, (26)

which is numerically executable but physically meaningless. Similarly,

log ( Xpressure ) (27)

is not dimensionally well defined unless the pressure is first divided by a reference pressure.
For scientific applications, one of the following procedures should therefore be applied:

Transform all inputs into dimensionless quantities before fitting;

Normalize dimensional variables by physically meaningful reference values;
Construct unit-consistent derived features before symbolic search;

Restrict the primitive set so that invalid transformations cannot occur;
Manually inspect the units of every Pareto-selected expression;

S S o e

Reject equations that violate conservation laws, boundary conditions, monotonicity,
symmetry, or other known physical constraints.
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Physics-aware symbolic regression can incorporate unit constraints directly into the
search [15,16]. Such automatic dimensional typing is not presently part of FastSymbolicGP
and should be regarded as an important direction for future development rather than an
existing capability.

2.1.19. Physical Interpretation and Scientific Model Selection

The automatic final-selection procedure is based on empirical loss, validation behavior,
expression complexity, and depth. It does not independently establish that the selected
equation represents a valid physical law. Statistical agreement with observed data is
necessary but not sufficient for physical justification.

FastSymbolicGP therefore separates computational selection from domain validation.
The library returns the selected model and a pool of alternative Pareto-optimal expressions.
A domain expert can then compare these candidates according to additional criteria,
including:

*  Dimensional homogeneity;

¢  Signs and magnitudes of coefficients;

*  Limiting behavior;

*  Known boundary conditions;

. Monotonicity;

*  Symmetry and invariance;

*  Conservation principles;

*  Consistency with established theoretical models;

*  Numerical stability outside the training range;

*  Reproducibility across random seeds or experimental datasets.

A scientifically preferred equation may therefore differ from the expression having the
numerically smallest validation error. The select_from_pareto functionality allows the
user to impose maximum size, maximum depth, or maximum loss constraints and then
select a suitable candidate. However, the physical argument for choosing one equation over
another must be supplied by the researcher and supported by domain-specific analysis.

2.1.20. Reproducibility, Checkpointing, and Reporting

Every stochastic operation is controlled through a NumPy random generator ini-
tialized from the estimator’s random_state. This includes tree generation, tournament
sampling, genetic operators, semantic-sample selection, data subsampling, validation
splitting, and island initialization.

During fitting, the evolutionary history records, for each generation:

*  Best training, validation, and selection fitness;
*  Mean and median population fitness;

*  Node count, directed-acyclic-graph node count, and depth of the best candidate;
*  Mean population size;

*  Structural diversity;

e  Pareto-pool size;

e Cache hits and cache hit rate;

*  Number of training samples used;

¢ Current population size;

e Total evaluation count;

¢ Current parsimony coefficient;

¢  Effective operator probabilities;

¢ Generation time and cumulative elapsed time;
e  Stagnation counter;
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¢ Execution backend and population model.

Models can be saved using joblib serialization. Evolutionary histories can be ex-
ported as comma-separated values (CSV) files, while complete reports can be exported as
JavaScript Object Notation (JSON) files. Reports include parameters, stopping reason, ex-
pression, complexity statistics, feature use, function use, cache statistics, Pareto candidates,
environment information, and per-generation history.

Checkpoint files can retain the population, hall of fame, random-generator state,
parsimony coefficient, adaptive operator probabilities, primitive weights, evaluation count,
and generation number. Interrupted searches can therefore be resumed. A fitted model can
also be branched into an independent warm-start experiment with modified parsimony,
depth, generation, or other settings.

2.1.21. Deployment and Model Portability

Because the final model is an explicit expression, it can be evaluated independently
of the evolutionary process. The library supports model serialization and source-code
export. Binary classifiers and regressors can be exported to portable implementations in
Python, C, C++, Java, Kotlin, and JavaScript. Python export also supports the implemented
multiclass structures.

Inference profiling reports batch latency, latency per sample, peak working memory,
tree-operation count, directed-acyclic-graph operation count, compression ratio, and execu-
tion engine. These measures complement training-time results because two equations with
similar predictive performance can have substantially different deployment costs.

2.1.22. Summary of the Evolutionary Procedure

The complete fitting procedure can be summarized as follows:

1. Validate the input matrix, target vector, task-specific parameters, primitive set, and re-
source limits.

2. Apply optional preprocessing for missing values and create the evolutionary training
and internal validation subsets.

3. Generate a structurally diverse initial population using full and grow initialization.

4. Evaluate every candidate expression on the training data and, when enabled, on the
validation data.

5. Fit task-specific output scaling: linear scaling for regression or logistic scaling for
binary classification.

6.  Calculate training fitness, validation fitness, complexity, and the final selection objec-
tive.

7. Rank candidates using scalar validation-aware ranking or NSGA-II nondominated
sorting and crowding distance.

8. Update the hall of fame and Pareto pool.

9.  Copy elite programs into the next generation.

10. Generate the remaining offspring through tournament selection, subtree crossover,
subtree mutation, hoist mutation, or point mutation.

11.  Reject or simplify expressions that violate the maximum-depth or maximum-node con-
straints.

12.  Remove structural and semantic duplicates where possible.

13.  Update adaptive parsimony, operator probabilities, primitive weights, island migra-
tions, or population size when the corresponding options are enabled.

14. Stop when the maximum number of generations, stagnation patience, time budget,
or evaluation budget is reached.
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15.  Select the final model from the complete hall of fame, preferably using validation
performance and expression complexity jointly.

16. Simplify the selected expression and fit its final regression scaling or classification
probability mapping.

17.  For classification, perform optional probability calibration, decision-threshold opti-
mization, ensemble construction, or multiclass probability construction.

18.  Store the selected equation, alternative Pareto equations, complexity indicators, pre-
diction configuration, evolutionary history, and reproducibility metadata.

This design makes the distinction between symbolic search, numerical output scaling,
classification decision construction, and scientific interpretation explicit. FastSymbolicGP
searches for compact symbolic structures and provides tools for validation-aware statistical
selection. Dimensional validity, physical plausibility, and preference among scientifically
competing equations remain domain-dependent decisions that must be justified through
the experimental analysis presented with each application.

2.2. Experimental Methodology

This subsection describes the methodology used to evaluate FastSymbolicGP as a sym-
bolic machine learning library for regression, binary classification, multiclass classification,
physical law recovery, and dynamical system identification. The revised benchmark was
designed not only to measure predictive performance and computational time, but also
to examine the properties that motivate the use of symbolic models in scientific applica-
tions: explicit mathematical output, expression complexity, equation diversity, dimensional
consistency, and the trade-off between predictive accuracy and interpretability.

The experimental investigation addresses the following questions:

1.  Can FastSymbolicGP obtain competitive predictive performance on real scientific
datasets from different application domains?

2. How does its computational cost compare with established symbolic regression and
genetic programming implementations?

3. Does the library produce compact and inspectable symbolic expressions rather than
only predictive metrics?

4. How do threshold selection, class weighting, and multiclass decision strategies affect
symbolic classification?

5. Can the generated expressions recover known physical relationships and governing
equations?

6. How sensitive is the method to population size and number of generations?

7. How do individual evolutionary mechanisms affect predictive performance, runtime,
and expression complexity?

8. How does the implementation scale with increasing sample size and input dimension-
ality?

The complete benchmark contains real scientific regression experiments, known phys-
ical law recovery problems, binary and multiclass classification experiments, governing-
equation discovery, parameter sensitivity analysis, component ablation, scalability analysis,
equation-pool extraction, interpretability analysis, and paired statistical testing. All experi-
ment definitions, random seeds, model settings, evaluation metrics, and output-generation
procedures were specified programmatically before the final result analysis.

The experimental procedure was organized as a sequential and reproducible workflow
covering dataset preparation, model configuration, symbolic model training, predictive
evaluation, equation extraction, and final result analysis. An overview of the complete
benchmark pipeline is presented in Figure 3.
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FastSymbolicGP Benchmark Workflow
( )
Datasets
real and synthetic datasets grouped by task
- ] _/
( )
Data Splitting and Preprocessing
train/test split, fold-wise preprocessing, scaling, and balancing when required
- I _/
( )
Model Configuration
tasks, random seeds, search budgets, and estimator settings
- I _/
( )
Symbolic Evolution
initialization, tournament selection, crossover, mutation, reproduction, elitism, and
complexity control
- | _/
e A
Prediction and Equation Extraction
fit models, generate predictions, and extract symbolic expressions
N I J
( )
Statistical and Complexity Analysis
predictive metrics, runtime, expression size, depth, and accuracy—complexity trade-
off
- I _/
( )
Final Tables and Figures
summary tables, representative equations, and publication-quality plots
- _J

Figure 3. Experimental workflow used for evaluating FastSymbolicGP. The workflow consists of
seven successive stages: dataset selection, data splitting and preprocessing, task-specific model
configuration, symbolic evolution, prediction and equation extraction, statistical and complexity
analysis, and generation of the final tables and figures.

As illustrated in Figure 3, the evaluation begins by organizing the real-world and
synthetic datasets according to the regression, binary classification, and multiclass classi-
fication tasks. Each dataset is subsequently divided into training and test subsets, while
preprocessing, feature scaling, and class-balancing procedures are applied within the ap-
propriate training partitions to avoid information leakage. The experimental configuration
then defines the task type, random seed, search budget, and estimator-specific settings
used in each run.

The configured models proceed through the symbolic-evolution stage, which includes
population initialization, tournament selection, crossover, mutation, reproduction, elitism,
and complexity control. After evolution, the fitted models are used to generate predictions
and extract the corresponding symbolic expressions. Predictive performance, computa-
tional runtime, expression size, expression depth, and the resulting accuracy—complexity
trade-off are then analyzed. Finally, the collected results are aggregated into summary
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tables, representative-equation comparisons, and publication-quality figures, as indicated
in the final stage of Figure 3.

2.2.1. Symbolic Representation and Primitive Set

A candidate FastSymbolicGP model is represented as a symbolic expression tree.
Internal nodes contain mathematical functions, whereas terminal nodes contain input
variables or ephemeral numerical constants. For the principal experiments, the primitive
set was

F=+4,—,x,+,-log(:),| | sin(-),cos(+). (28)

The corresponding implementation names were add, sub, mul, div, sqrt, log, abs,
sin, and cos. Protected implementations supplied by the library were used for potentially
unsafe operations such as division, logarithm, and square root so that candidate expres-
sions could be evaluated without interrupting the evolutionary process because of invalid
floating-point values.

Initial expressions were generated with depths between two and five. Numerical
constants were sampled from the interval [—2,2], and a constant-generation probability
of 0.15 was used. The maximum expression depth in the principal paper profile was six,
while the maximum number of tree nodes was 63. Candidate offspring exceeding these
structural restrictions were rejected. These restrictions were introduced to reduce uncon-
trolled expression growth and to ensure that the resulting equations remained suitable for
direct inspection.

2.2.2. Fitness Evaluation

For regression, candidate expressions were evaluated using root mean squared error:

N
RMSE(f) = | < L3 — F(x) 9)

i=1

After symbolic evolution, FastSymbolicGP may estimate an affine output transforma-
tion. Therefore, the complete regression model is reported as

y(x) =af(x) +b, (30)

where f(x) is the evolved symbolic expression, and a and b are the fitted output scale and
intercept. Both the raw expression f and the complete prediction equation were stored.

For binary classification, the evolved expression produces a real-valued symbolic score.
The complete probabilistic model is

s(x) =af(x)+b, (31)
vy =11%) = o(6() = T eo—ral @)
Pu=ro= " T+ exp[—s(x)]’
Candidate classifiers were evaluated using binary logarithmic loss:
1 N
Liog = =37 2 wilog(pi) + (1 —yi) log(1 — pi)]. (33)
1

1

The classifier used the library’s elite-logistic fitness-scaling mechanism to estimate the
affine transformation applied before the sigmoid link. Additional probability calibration
was disabled in the benchmark. Consequently, the relationship between the evolved ex-
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pression, sigmoid transformation, and decision threshold remained explicit in the reported
classification equation.

2.2.3. Training, Validation, and Selection Loss

FastSymbolicGP supports training-based, validation-based, and combined model-
selection criteria. The corresponding base loss can be written as

Ltrain (f), training selection,
Lpase(f) = { Lya( 1), validation selection, (34)

Lyal(f) + v|Lyal(f) — Lirain(f)|, combined selection,

where v controls the penalty assigned to disagreement between training and validation
performance. The benchmark configuration used 7y = 0.25 when the combined criterion
was applicable.

Validation-based selection was used in the principal regression, physical law, sensitiv-
ity, scalability, and multiclass experiments. FastSymbolicGP internally reserved 20% of the
supplied development partition for validation. Binary threshold experiments were treated
differently: internal validation was disabled, the symbolic structure was selected using
the training data, and a separate external validation partition was reserved exclusively for
threshold optimization. This separation prevented test-set information from influencing
either symbolic evolution or threshold selection.

An adaptive parsimony mechanism was used to discourage uncontrolled expression
growth. The selection criterion can be expressed generally as

Lselection (f) = Lbase (f) + Pg (f)/ (35)

where Pg(f) is the generation-dependent complexity penalty. The adaptive controller
used a target expression size of 40 nodes and a growth factor of 1.05. The purpose of this
mechanism was not to force all expressions to contain fewer than 40 nodes, but to increase
selection pressure against unnecessary growth when the population tended to exceed the
target complexity.

The evolutionary search used scalar optimization. At the end of a run, the selected
output was the smallest model whose selection loss remained within a tolerance of 2% of
the best observed selection loss. Let

Limin = ;%171:‘1 Lsetection (f ), (36)
where H denotes the stored candidate set. The eligible model set was

HO.OZ = {f eEH | Lselection(f) < (1 + 0‘02) Lmin}’ (37)

The final expression was selected as the smallest member of H,. This criterion
directly incorporates interpretability into model selection by preferring a simpler equation
when its predictive loss is practically indistinguishable from that of the best candidate.

2.2.4. Tournament Selection and Genetic Operators

Parents were chosen using tournament selection. For each parent selection, k can-
didate individuals were sampled from the current population and compared according
to their selection loss. The candidate with the lowest loss was selected as the parent.
A tournament size of k = 10 was used in the principal benchmark profile. Tournament
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selection was chosen because it provides controllable selection pressure without requiring
fitness-proportionate probabilities, which can become unstable when fitness values are
closely grouped or have different numerical scales.

Four variation operators were used. Their probabilities summed to one in the princi-
pal configuration.

Subtree Crossover

Subtree crossover was applied with probability 0.70. Two parents were selected
independently by tournament selection. A crossover point was selected in each parent,
defining one subtree in each expression. The selected subtree from the first parent was
replaced by the selected subtree from the second parent to form an offspring. The offspring
was accepted only when its depth and number of nodes satisfied the configured structural
limits. Otherwise, the oversized offspring was rejected.

Subtree crossover exchanges complete functional components between expressions
and therefore provides the principal mechanism for combining useful symbolic building
blocks discovered in different individuals.

Subtree Mutation

Subtree mutation was applied with probability 0.15. A mutation point was randomly
selected in the parent expression, and the corresponding subtree was removed. It was
replaced with a newly generated random subtree constructed from the same primitive and
terminal sets. The newly generated subtree had a depth between one and four.

This operator can introduce mathematical structures that are absent from the selected
parent and therefore provides broader structural exploration than point mutation.

Hoist Mutation

Hoist mutation was applied with probability 0.05. First, an outer subtree was selected
from the parent expression. A second, inner subtree was then selected from within the outer
subtree. The inner subtree was promoted, or hoisted, to replace the complete outer subtree.

Because the replacement is always contained within the removed structure, hoist
mutation commonly reduces expression size or depth. It therefore serves both as a variation
mechanism and as an additional form of bloat control.

Point Mutation

Point mutation was applied with probability 0.10. A node was selected from the
parent expression. When the selected node was a function, it was replaced by another
function with compatible arity. When the selected node was a terminal, it was replaced by
another input variable or numerical constant. Point mutation preserves the surrounding
tree topology and therefore performs localized refinement of an existing symbolic structure.

Elitism and Duplicate Control

Two elite individuals were transferred directly to the next generation. A hall of fame
containing up to 15 candidates was maintained to preserve strong expressions discovered
during different generations.

Exact structural duplicate elimination was enabled. Semantic duplicate elimination
was disabled in the reported reference configuration. Therefore, the benchmark removed
syntactically duplicated expressions but did not reject two structurally different expressions
solely because they produced similar numerical outputs.

Operator-probability adaptation and function-set adaptation were disabled so that
the same evolutionary probabilities and primitive set were used throughout every princi-
pal run.
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2.2.5. Termination Conditions

A maximum of 20 generations was specified for the principal paper profile. Early stop-
ping was also enabled. Evolution terminated when the monitored selection criterion failed
to improve by at least 10~# for six consecutive generations. The actual number of completed
generations and the stopping reason were recorded for every FastSymbolicGP run.

The nominal population—generation product of the principal FastSymbolicGP configu-
ration was

250 x 20 = 5000 (38)

candidate positions before accounting for elitism, duplicate rejection, and early termination.
This value is reported only as a description of the FastSymbolicGP search budget and is not
interpreted as an exact count of unique candidate evaluations.

2.2.6. Numba-Only Expression Evaluation

Every FastSymbolicGP experiment was forced to use the postfix Numba evaluation
engine. The relevant settings were

J evaluation_backend = "numba",
° dag_execution = False,

o evaluation_cache = False,

o subtree_cache = False,

. complexity_measure = "tree",
® n_jobs = 1,and

4 thread_limit = 1.

Before timed experiments, a small postfix expression was evaluated once to trigger
Numba compilation. This untimed warm-up prevented just-in-time compilation overhead
from being included in the first reported training time.

After every fitted FastSymbolicGP model, the benchmark verified that the fitted back-
end was numba and that the execution engine was postfix_numba. For multiclass models,
every underlying symbolic estimator was checked separately. An experiment was termi-
nated if a model used the NumPy evaluator, DAG execution, or a cached subtree evaluator.

Evaluation caches and DAG execution were intentionally disabled because the ob-
jective of this benchmark was to evaluate one clearly specified execution pathway rather
than a mixture of automatically selected backends. DAG node counts were still recorded as
descriptive structural statistics, but DAG execution was not used during timing.

2.2.7. Principal Experimental Configuration

The principal configuration used for the manuscript experiments is summarized in
Table 6.

Table 6. Principal FastSymbolicGP configuration used in the paper experiments.

Parameter Value
Random seeds 0,1,2,3,and 4
Population size 250

Maximum generations 20
Tournament size 10

Initial expression depth 2-5

Maximum expression depth 6

Maximum tree nodes 63

Mutation subtree depth 1-4

Constant interval [—2,2]
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Table 6. Cont.

Parameter Value
Constant probability 0.15
Crossover probability 0.70
Subtree-mutation probability 0.15
Hoist-mutation probability 0.05
Point-mutation probability 0.10
Elites 2
Hall-of-fame size 15
Parsimony mechanism Adaptive
Parsimony target 40 tree nodes
Parsimony growth factor 1.05

Validation fraction
Principal selection metric
Final selection
Early-stopping patience

0.20 of supplied development data
Validation loss

Smallest model within 2% of best loss
6 generations

Minimum improvement 104
Optimization mode Scalar

Exact duplicate elimination Enabled
Semantic duplicate elimination Disabled
Automatic simplification Disabled
Evaluation backend Postfix Numba
DAG execution and evaluation caches Disabled
Execution threads One

The population size and number of generations were not presented as universally
optimal values. They define a moderate computational profile selected for the principal
comparison. Their adequacy was evaluated separately through a sensitivity experiment
spanning substantially smaller and larger search budgets.

2.2.8. Benchmark Datasets and Scientific Domains

The benchmark was designed to cover several scientific and machine learning domains
rather than relying only on one or two small illustrative datasets. The principal datasets

and controlled problems are summarized in Table 7.

Table 7. Datasets and controlled problems included in the revised benchmark.

Dataset or System Task Scientific Field or Purpose
Concrete Compressive Strength Regression Civil engineering

Energy Efficiency—Heating Load Regression Building physics

Airfoil Self-Noise Regression Aeroacoustics

Parkinson’s Total UPDRS Regression Biomedicine

Breast Cancer Wisconsin Binary classification Biomedicine

Spambase

Controlled imbalanced datasets
Iris

Wine

Digits

Momentum

Kinetic energy

Density

Mechanical power

Pendulum period

Lorenz system

Lotka—Volterra system
Friedman 1

Controlled nonlinear regression

Binary classification

Binary classification
Multiclass classification
Multiclass classification
Multiclass classification
Physical law recovery
Physical law recovery
Physical law recovery
Physical law recovery
Physical law recovery
Governing-equation discovery
Governing-equation discovery
Controlled regression
Regression

Cybersecurity and spam detection
Class-imbalance analysis

Biology

Analytical chemistry

Pattern recognition

Classical mechanics

Classical mechanics

Mechanics and material properties
Mechanical engineering
Oscillatory mechanics

Nonlinear dynamics
Mathematical biology

Parameter sensitivity and ablation
Scalability analysis
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The four real scientific regression datasets were obtained from the University of
California, Irvine (UCI) Machine Learning Repository. Breast Cancer Wisconsin, Iris, Wine,
and Digits were loaded through scikit-learn [5]. Spambase was obtained from the UCI
repository. The controlled classification, physical law, sensitivity, ablation, and scalability
data were generated directly by the benchmark scripts.

2.2.9. Data Preparation and Experimental Partitioning

All UCI input columns were converted to numerical values. Rows containing miss-
ing or non-convertible values were removed. Dataset feature names were sanitized
only to make them valid symbolic variable identifiers; a mapping to the original fea-
ture names was stored with the results. Subject-identification columns were removed from
the Parkinson’s dataset because they identify individuals rather than representing general
predictive measurements.

For real regression, physical law recovery, sensitivity, ablation, and scalability ex-
periments, the data were first divided into an 80% development partition and a 20%
independent test partition. The FastSymbolicGP regressor subsequently reserved 20% of
its supplied development data for internal validation. Therefore, its effective partition
corresponded approximately to 64% evolutionary training data, 16% internal validation
data, and 20% independent testing data. gplearn and PySR received the same outer 80%
development partition, although those libraries used their own native training procedures.

Regression inputs were not standardized. This decision preserved the original feature
values and made the resulting equations easier to interpret in relation to the source variables.
The only exception was the explicitly defined nondimensional physical law representation.

For classification, an initial stratified 80:20 development-test split was followed by
a second stratified split of the development data, producing 60% training data, 20% val-
idation data, and 20% test data. A StandardScaler was fitted exclusively on the 60%
training partition. The fitted transformation was then applied to the validation and test
partitions. Consequently, neither validation nor test information was used to estimate
preprocessing parameters.

In the binary threshold experiments, models were fitted on the 60% training parti-
tion, thresholds were selected using the 20% validation partition, and final metrics were
calculated once on the untouched 20% test partition.

For the principal multiclass experiments, the scaled training and validation partitions
were recombined into an 80% development set. FastSymbolicGP applied its configured
internal validation procedure to this development set, whereas the gplearn one-versus-rest
baseline used the supplied development data according to its native implementation.

All stochastic experiments used the same five random seeds, 04, wherever the com-
pared method exposed an applicable random-state parameter.

2.2.10. Compared Symbolic Methods
FastSymbolicGP was compared with three established symbolic modeling approaches:

1. gplearn, representing a conventional Python genetic programming implementa-
tion [8];

2. PySR, representing a modern high-performance symbolic regression framework [9];
and

3. PySINDy, representing sparse identification of nonlinear dynamical systems [11].

The methods were used only in tasks for which their design was methodologically
appropriate. PySR was used for scientific regression, physical law recovery, scalability,
and scalar governing-equation discovery. It was not forced into the principal classification
comparison because it is primarily a symbolic regression system rather than a native prob-
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abilistic classifier. PySINDy was used only for dynamical system identification. gplearn
was used for regression and binary classification, while multiclass classification was imple-
mented by wrapping its binary classifier in a one-versus-rest strategy.

The task-specific comparisons are summarized in Table 8.

Table 8. Use of the compared symbolic methods across benchmark components.

Experiment FastSymbolicGP  gplearn PySR PySINDy
Scientific regression Yes Yes Yes No
Physical law recovery Yes Yes Yes No
Binary classification Yes Yes No No
Multiclass classification Yes Yes, OVR No No
Governing-equation discovery Yes Yes Yes Yes
Scalability Yes Yes Yes No

Search mechanisms differ substantially among FastSymbolicGP, gplearn, PySR,
and PySINDy. Therefore, population and iteration settings were reported transparently,
but the experiments were not described as having identical candidate-evaluation budgets.

gplearn Configuration

For the principal comparison, gplearn used a population of 250, 20 generations, and a
tournament size of 10. The same primitive set, initial depth range, constant range, and ge-
netic operator probabilities were used wherever supported. Its parsimony coefficient
was 0.001.

For regression, gplearn evaluated each candidate on a random 90% subsample of
the supplied development data through max_samples=0.9. For classification, all supplied
training samples were used. gplearn was executed with one processing job.

PySR Configuration

PySR used 20 symbolic regression iterations, two populations, and 50 individuals per
population. The maximum permitted expression size was 60. Its binary operators were ad-
dition, subtraction, multiplication, and division, while its unary operators were square root,
logarithm, absolute value, sine, and cosine. Model selection was set to best. Deterministic
serial execution and the corresponding FastSymbolicGP random seed were used.

These settings constitute a moderate PySR profile rather than an assertion of exact
computational equivalence with the 250-by-20 genetic programming runs.

PySINDy Configuration

PySINDy used a polynomial feature library of degree two and sequentially thresholded
least squares. The sparsity threshold was 0.05, and the regularization parameter was 10~°.
PySINDy identified all state derivative equations jointly, whereas the symbolic regression
methods identified each derivative equation separately. The distinction was retained in the
reported results.

2.2.11. Real Scientific Regression Experiments

The real scientific regression benchmark included Concrete Compressive Strength,
Energy Efficiency Heating Load, Airfoil Self-Noise, and Parkinson’s Total UPDRS. These
datasets were selected to provide examples from civil engineering, building physics, aeroa-
coustics, and biomedicine.

FastSymbolicGP, gplearn, and PySR were trained using the same outer development
and test partitions for every seed. For each fitted model, the benchmark recorded
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. R2,

e RMSE,

e  mean absolute error,

e fitting time,

e  prediction time,

*  process-memory change,

e  peak Python memory,

¢ the raw symbolic expression,

* the complete scaled expression, and
*  expression-complexity indicators.

The purpose of this experiment was to assess whether the methods could produce
useful explicit equations from real measurements rather than only from idealized analyti-
cal functions.

2.2.12. Known Physical Law Recovery

Five analytical physical relationships were used to test whether the symbolic tools
could recover equations with recognizable scientific structure:

1 5 m L
p = muv, Ey = —mv7, 0=, P =Fvo, T=2m,/—. (39)
2 1% g

For each law and seed, 2000 samples were generated from predefined physically plau-
sible ranges. The clean target y.jean Was calculated from the reference equation. Gaussian
noise was added to the development target according to

Ynoisy = Yclean + €, €~ N(Oz 0.01, Uy)/ (40)

where 0y, is the standard deviation of the clean target. Training was therefore performed
using targets containing 1% relative noise, while final predictions were evaluated against
clean test targets. This design examined whether the methods could recover an underlying
relationship rather than reproduce the injected noise.

Each physical problem was evaluated using two input representations:

1.  the original dimensional variables; and
a nondimensional representation.

For nondimensionalization, each input feature was divided by its median absolute

magnitude:
. B (41)
5= median(|x;])’

and the target was divided by its median absolute magnitude:
j=—" (42)

median(|y|)’
Zero-valued scaling factors were replaced by one to avoid division by zero.

2.2.13. Dimensional-Consistency Analysis

FastSymbolicGP does not impose physical units during evolution. Variables with
incompatible units can therefore be combined unless the user constructs a dimensionally
constrained primitive set or nondimensionalizes the data. This limitation was addressed
explicitly rather than assuming that a low prediction error implies physical validity.
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A strict dimensional-consistency check was applied to equations recovered from
the known physical law problems. Dimension vectors were represented using the base
dimensions mass, length, and time:

d = (dp, dr, dr). (43)

The following rules were used:

e numerical constants were assumed to be dimensionless;

¢ addition and subtraction were valid only when their operands had identical dimension
vectors;

. multiplication added dimension exponents;

. division subtracted dimension exponents;

* anumerical power multiplied the dimension vector by its exponent;

*  logarithmic, exponential, trigonometric, and hyperbolic functions required dimension-
less arguments;

*  absolute value preserved the dimension of its argument; and

* the inferred output dimension had to match the known target dimension.

An expression was marked dimensionally valid only when all internal operations and
the final output satisfied these rules. For the nondimensional experiments, all input and
target dimension vectors were set to zero.

This check was deliberately performed after model discovery. Therefore, the current
method should not be described as unit-aware or physics-constrained. Predictive per-
formance, resemblance to the reference law, and dimensional validity were reported as
separate properties. An equation was not considered physically meaningful solely because
it achieved a low prediction error.

2.2.14. Binary Classification, Threshold Selection, and Class Imbalance

Binary classification was evaluated using Breast Cancer Wisconsin, Spambase, and con-
trolled synthetic datasets. The synthetic datasets contained 3000 observations, 20 features,
10 informative features, five redundant features, a class-separation value of 1.2, and a label-
noise probability of 0.02. Minority-class fractions of 0.50, 0.20, 0.10, and 0.05 were examined.

Three FastSymbolicGP decision configurations were evaluated:

1. unweighted learning with a fixed threshold of 0.5;
2. unweighted learning with a validation-optimized MCC threshold; and
3. balanced class weighting with a validation-optimized balanced-accuracy threshold.

gplearn was evaluated with a fixed threshold of 0.5 and with a validation-optimized
MCC threshold.
For a selected threshold 7, the binary decision rule was

1, ply=1|x)>r,

(44)
0, ply=1|x) <t

]//\:

Thresholds were optimized exclusively on the validation partition. The candidate set
consisted of 0.5 and probability quantiles evaluated at 199 equally spaced levels between
0.01 and 0.99:

T = {0.5} U {Qy(pval) | g € linspace(0.01,0.99,199)}. (45)
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For MCC optimization,
TMcc = argmax MCC(yval, I[pval > 7]). (46)
T€
For balanced-accuracy optimization,
TACC = argmax BACC(yval, I[pval > t]). (47)
1€

The selected threshold was then frozen and applied once to the independent test
probabilities. This design directly addresses the practical classification problem that a
threshold of 0.5 may be inappropriate when classes are imbalanced or when probability
distributions are asymmetric.

The balanced FastSymbolicGP configuration applied inverse-frequency class weight-
ing during fitness evaluation. Its purpose was to prevent the majority class from dominating
logarithmic loss as the minority fraction decreased. The imbalance experiment separately
measured the effects of class weighting and decision-threshold selection.

2.2.15. Multiclass Symbolic Classification

Multiclass classification was evaluated on Iris, Wine, and the ten-class Digits dataset.
FastSymbolicGP was evaluated using one-versus-rest and shared-softmax strategies.
gplearn was evaluated through a one-versus-rest wrapper.

One-Versus-Rest Strategy

For K classes, the one-versus-rest strategy evolved one binary symbolic classifier per
class. For class k, the target was transformed into

1, yi=k
]/i(k) _ Yi (48)

Each classifier produced a class-specific probability

pr(x) = o (agfr(x) + by). (49)

The final prediction was obtained as
Yy =arg kg,e.l.?fk pr(x). (50)

The complete multiclass output therefore consisted of K explicit symbolic probability
equations rather than one opaque multiclass model.

Shared-Softmax Strategy

The shared-softmax strategy evolved a collection of symbolic components shared
across classes. The number of components was

m = min(12, p), (51)

where p is the number of input features. The shared components were combined into
class-specific scores, which were transformed using the softmax function:

explz(0)] -

PO) = T expley (0]
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The predicted class was the class with maximum softmax probability. This strategy
was included to determine whether reusing a common symbolic representation could
reduce the redundancy associated with evolving a completely independent equation for
every class.

Balanced class weighting was enabled for both FastSymbolicGP multiclass strategies.
Additional multiclass probability calibration was disabled so that the reported equations
corresponded directly to the symbolic models used for prediction.

2.2.16. Dynamical System Identification

The governing-equation benchmark used the Lorenz and Lotka—Volterra systems.
The Lorenz system was defined as

x=10(y — x), y=x(28—z)—y, Z=uxy— gz. (53)
The Lotka—Volterra system was defined as
*=15x—xy, y=0.75xy —y. (54)

Trajectories were generated using solve_ivp with relative and absolute tolerances of
10710, Each system contained 3000 equally spaced points over the interval [0,20]. Exact
derivatives were evaluated from the known right-hand side rather than estimated through
finite differences.

The first 75% of each trajectory was used for training and the remaining 25% for
testing. The chronological split prevented future trajectory points from being included in
the training partition.

FastSymbolicGP, gplearn, and PySR independently modeled each derivative as a scalar
symbolic regression problem:

PySINDy identified all state equations jointly. For each symbolic regression method,
the benchmark stored the discovered derivative equation, the known reference equation,
test-set regression metrics, fitting time, and expression complexity.

2.2.17. Parameter-Sensitivity Analysis

The principal population and generation settings were contextualized using a full
factorial sensitivity experiment. Population sizes were

P € 100,250,500, 1000, (56)
and generation limits were
G € 5,10,20,50. (57)

Every population—-generation combination was evaluated with five random seeds on
three representative tasks:

. Friedman 1 regression with 2000 samples, 10 features, and Gaussian noise;
*  Breast Cancer Wisconsin binary classification; and
e Iris shared-softmax multiclass classification.

For the sensitivity experiments, the maximum depth was eight and the maximum
number of nodes was 127. Tournament size was calculated as

= min(2max(3 2] ). -
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The sensitivity analysis measured predictive performance, fitting time, expression
complexity, actual generations, and evaluation count. It was used to determine whether
increasing the evolutionary budget produced consistent improvements and to demonstrate
that the principal P = 250, G = 20 profile represented a computational compromise rather
than an arbitrarily asserted optimum.

2.2.18. Ablation Analysis

Ablation experiments were conducted on the Friedman 1 regression problem using
the principal paper profile. The following configurations were compared:

the Numba-only reference configuration;
subtree mutation disabled;

crossover disabled;

adaptive parsimony disabled; and

ARSI

four-island evolution.

In the subtree-mutation ablation, the subtree-mutation probability was set to zero.
In the crossover ablation, the crossover probability was set to zero. The remaining probabil-
ity was handled by the estimator’s native reproduction logic.

For the parsimony ablation, the adaptive parsimony mechanism was replaced with no
parsimony penalty.

The island configuration divided evolution among four islands. Migration was per-
formed every 10 generations, two individuals were migrated at each event, and migration
followed a ring topology. Parallel island execution was disabled so that the experiment
remained compatible with the one-thread timing protocol.

The reference configuration already disabled semantic duplicate elimination. There-
fore, semantic duplicate elimination was not treated as a valid ablation factor in the method-
ological interpretation.

2.2.19. Scalability Analysis

Scalability was evaluated using a controlled nonlinear regression problem:
y = 2x; — 1.5x3 +sin(x3) + ¢, e ~ N(0,0.12). (59)
The number of observations was varied over
N € 1000, 5000, 10,000, 25,000, 50,000, (60)
while the number of input features was varied over
p € 5,10,20,50. (61)

Features not appearing in the generating equation acted as irrelevant variables. This
allowed the benchmark to examine both increasing sample size and increasing dimensionality.

The scalability profile used 250 individuals, 10 generations, and three seeds. FastSym-
bolicGP, gplearn, and PySR were compared using fitting time, prediction time, memory
measurements, R2, RMSE, MAE, and symbolic complexity.

2.2.20. Equation Extraction and Equation-Pool Analysis

The benchmark stored actual symbolic output for every successful run. For FastSym-
bolicGP, the following were recorded:

* theraw evolved expression;
* the complete expression including output scale and intercept;
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¢ the classification sigmoid and decision threshold;

¢ class-specific equations for one-versus-rest models;

¢  shared symbolic components for shared-softmax models;

* candidate expressions exposed through the fitted Pareto-front record; and
*  up to the first ten stored hall-of-fame expressions.

For gplearn, up to ten of the strongest available expressions from the final generation
were stored. If the final population was unavailable, its selected program was stored.
For one-versus-rest classification, equations were extracted independently for every class.

For PySR, the complete equations table was extracted, including the equation, reported
loss, complexity, and score. Equations obtained from scientific regression, physical law
recovery, classification, and dynamical system experiments were combined into a unified
equation-pool file after duplicate rows were removed.

This procedure makes it possible to compare not only the final metric achieved by
each tool but also the range of candidate equations that it discovered.

2.2.21. Interpretability and Complexity Measures

Interpretability was evaluated quantitatively using several complementary indicators:

*  expression token length;

e  tree-node count;

*  expression depth;

. DAG-node count;

. number of distinct variables;

. number of nonlinear operators;

*  variable-use frequencies;

. function-use frequencies;

*  number of shared subexpressions; and
¢  DAG compression ratio.

Tree-node count measures the size of the original symbolic tree. DAG-node count
measures the size obtained when repeated symbolic subexpressions are represented once.
Although DAG execution was disabled, DAG size was retained as a descriptive measure of
structural redundancy.

For expressions generated by different symbolic tools, an implementation-independent
text complexity score was also calculated. Let Ny, be the number of parsed expression
tokens, D the estimated parenthesis depth, and Njonjin the number of nonlinear function
calls. The score was defined as

Crext = Ntok +2D + Nnonlin~ (62)

The coefficient of two assigns additional weight to nested expression structure, while
the nonlinear-operator term distinguishes expressions containing functions such as loga-
rithm, sine, cosine, or square root from similarly sized linear arithmetic expressions.

The composite score is not presented as a universal measure of human interpretability.
It is used as a reproducible benchmark indicator that permits equations produced by
different libraries to be compared using the same parsing procedure.

For manuscript presentation, two representative equations were selected for each
applicable dataset-method combination:

1.  the equation with the strongest predictive metric; and
2. the simplest equation whose predictive metric was within 1% of the best observed
value.
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For regression, R? was used as the predictive criterion. For multiclass classification,
macro-F1 was used. For binary classification, balanced accuracy was used. This selection
procedure supports direct discussion of why a slightly less accurate equation may be
scientifically preferable when it is substantially simpler.

2.2.22. Evaluation Metrics

Regression performance was evaluated using

e coefficient of determination, R?;
*  root mean squared error;
e  mean absolute error.

Binary classification was evaluated using

*  accuracy;

*  balanced accuracy;

. F1-score;

e  Matthews correlation coefficient; and

*  receiver operating characteristic area under the curve.

Multiclass classification was evaluated using

*  accuracy;

¢  balanced accuracy;

. macro-averaged Fl-score;

*  weighted Fl-score; and

e  multiclass Matthews correlation coefficient.

In addition to predictive metrics, fitting time, prediction time, resident-memory
change, peak Python memory, actual generation count, evaluation count, stopping reason,
and expression-complexity measures were stored whenever supported.

All final predictive metrics were calculated on independent test data that were not
used for symbolic evolution, preprocessing estimation, threshold optimization, or final
expression selection.

2.2.23. Statistical Analysis

Results were paired by dataset, random seed, and any experiment-specific factors such
as representation, sample size, feature count, or threshold strategy.

Two-sided paired Wilcoxon signed-rank tests were used because the distributions of
stochastic symbolic learning results cannot be assumed to be Gaussian. A comparison was
performed only when at least three valid paired observations were available.

For each comparison, the benchmark reported

e  the mean result for both methods;

* mean and median paired differences;

*  a95% bootstrap confidence interval for the mean paired difference;
e the Wilcoxon statistic;

¢ the uncorrected p-value; and

*  the rank-biserial effect size.

Bootstrap intervals were calculated using 5000 resamples and a fixed bootstrap seed.

To control the family-wise error rate across the collection of comparisons, all p-values were

adjusted using the Holm procedure. Statistical significance was evaluated at an adjusted
level of

a = 0.05. (63)
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Statistical significance, effect size, predictive magnitude, runtime, and equation com-
plexity were interpreted jointly. A statistically significant result was not automatically
interpreted as practically important when its absolute magnitude was negligible.

2.2.24. Generation of Tables and Figures

All benchmark figures were generated directly from the raw comma-separated result
files using Python and Matplotlib. Times New Roman typography, black axes, grayscale or
black-and-white plotting elements, a nominal figure size of 12 x 8 inches, and a resolution
of 300 dpi were used.

The generated figures included scientific regression performance, fitting-time compar-
isons, predictive-performance versus complexity plots, scalability curves, class-imbalance
and threshold comparisons, and parameter-sensitivity heat maps.

No benchmark figure was generated using a generative artificial intelligence image
system. The diagrams used to explain the library and benchmark workflow were manually
constructed, while all empirical figures were programmatically generated from recorded
experimental results.

2.2.25. Hardware and Software Environment

All timed experiments were executed on the same workstation. The hardware envi-
ronment is summarized in Table 9.

Table 9. Hardware environment used for the revised experiments.

Component Specification

Operating svstem Microsoft Windows 10 Education, 64-bit, version
p &5y 10.0.19045 (Build 19045)

Processor AMD PROCESSOR MODEL

Processor architecture x64-based PC

Physical processors 1

Logical processors 16

Physical memory
Graphics processing unit
(GPU) acceleration

32,696 MB (approximately 32 GB)
Not used

One central processing unit (CPU) thread using

FastSymbolicGP execution the postfix Numba backend

The principal fixed software versions are summarized in Table 10.

Table 10. Principal software environment used for the revised benchmark.

Component Version or Role

Python 3.11.15

FastSymbolicGP 0.7.0

scikit-learn 1.8.0

gplearn 0.4.3

PySR 1.5.10

PySINDy 2.1.0

SymPy 1.14.0

statsmodels 0.14.6

ucimlrepo 0.0.7

Numba Postfix expression evaluation

NumPy and pandas Numerical computation and result storage
SciPy Statistical analysis and trajectory integration
Matplotlib Programmatic figure generation
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The benchmark automatically stored the exact Python, operating-system, processor,
package-version, CPU, memory, backend, and execution-engine information with the raw
output. This allowed the computational environment to be verified from the result files
rather than reconstructed manually.

2.2.26. Reproducibility and Result Storage

Every experiment stored raw results before aggregation. Separate files were produced
for scientific regression, physical law recovery, binary classification, multiclass classification,
sensitivity analysis, ablation, scalability, and dynamical system identification. Separate
equation-pool files were generated for regression, classification, and dynamical systems
and subsequently combined.

The analysis procedure generated

¢ aunified raw-result table;

* aggregated mean, standard deviation, median, and sample-count tables;
*  paired statistical-test results;

*  representative-equation tables;

¢  the combined equation pool;

*  manuscript-ready IXTEX tables;

¢  black-and-white figures; and

* amachine-readable analysis manifest.

Fixed seeds, deterministic PySR execution, single-thread FastSymbolicGP and gplearn
runs, an untimed Numba warm-up, backend assertions, incremental raw-result storage,
and automatic environment recording were used to improve reproducibility.

Nevertheless, exact symbolic expressions may remain dependent on software ver-
sions, floating-point behavior, and implementation-specific stochastic operations. For this
reason, the complete benchmark scripts, raw result files, environment record, equation
pools, and fitted-model reports should be archived together with the manuscript or its
supplementary material.

3. Results

The complete experimental campaign produced 940 successful benchmark records,
with no failed runs in the final result set. The experiments comprised 60 real-world
scientific regression runs, 85 dynamical system identification runs, 150 physical law re-
covery runs, 150 binary classification runs, 45 multiclass classification runs, 180 scalability
runs, 240 parameter-sensitivity runs, and 30 ablation runs. In addition, 5619 candidate
symbolic models were retained in the equation pools for the subsequent complexity and
representative-expression analyses. Unless stated otherwise, the reported values are means
and standard deviations over independent random seeds. Paired statistical comparisons
were performed on matched dataset-seed observations using two-sided Wilcoxon signed-
rank tests. Holm correction was applied within each benchmark family, and rank-biserial
correlation was used as the effect-size measure.

3.1. Scientific Regression on Real-World Data

Table 11 summarizes the predictive accuracy, fitting time, and symbolic complexity
obtained on four real-world scientific and engineering regression datasets. FastSymbolicGP
achieved the highest mean test R? on every dataset. Its mean R? was 0.6132 on Airfoil
Self-Noise, 0.6694 on Concrete Compressive Strength, 0.9189 on Energy-Efficiency Heating
Load, and 0.1910 on Parkinson’s Total UPDRS. The corresponding PySR values were 0.3609,
0.5249, 0.9016, and 0.1219, whereas gplearn obtained substantially lower results, including
a strongly negative mean R? on Airfoil Self-Noise.
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Table 11. Scientific regression results. Values are mean + standard deviation over five seeds.
Complexity denotes the composite symbolic-complexity score.

Dataset Method Test R> Test RMSE Fit Time (s) Complexity
FastSymbolicGP 0.6132 £ 0.0557 4.2311 13.6296 61.6
Airfoil Self-Noise PySR 0.3609 £ 0.0193 5.4530 4.6045 58.4
gplearn —16.7593 £ 8.8246 27.1965 29.3458 195.4
FastSymbolicGP 0.6694 £ 0.0291 9.4934 13.5452 64.6
Concrete Compressive Strength ~ PySR 0.5249 £ 0.0371 11.3668 6.6559 37.2
gplearn 0.3996 £+ 0.2156 12.6249 28.3402 101.6
FastSymbolicGP 0.9189 £ 0.0189 2.8450 12.8008 71.2
Energy-Efficiency Heating Load PySR 0.9016 £ 0.0323 3.1160 3.1681 744
gplearn 0.7324 +0.1145 5.1308 28.4713 152.6
FastSymbolicGP 0.1910 £ 0.0657 9.6820 14.6719 65.2
Parkinson’s Total UPDRS PySR 0.1219 £ 0.0683 10.0908 16.1412 12.8
gplearn 0.0119 £ 0.1099 10.6963 28.7801 148.4

Across all 20 matched dataset—seed cases, FastSymbolicGP obtained an overall mean
test R? of 0.5981, compared with 0.4773 for PySR and —3.9038 for gplearn. The difference
between FastSymbolicGP and PySR was statistically significant (AR? = 0.1208, proim =
420 x 1074, ry, = 0.895). The difference relative to gplearn was also statistically significant
(PHoIm = 2.9 X 1072, rp, = 0.981). The dataset-level variation in predictive performance is
illustrated in Figure 4.

Scientific regression performance
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Figure 4. Mean test R? on the real-world scientific regression datasets. The strongly negative gplearn
result on Airfoil Self-Noise is retained rather than clipped.

As shown in Figure 4, FastSymbolicGP produced the highest mean test R on all four
datasets. Its advantage was especially pronounced for Airfoil Self-Noise and Concrete
Compressive Strength, whereas the difference between FastSymbolicGP and PySR was
smaller on the Energy-Efficiency Heating Load dataset. Nevertheless, FastSymbolicGP
remained the best-performing method on that dataset, with a mean test R? of 0.9189. The
Parkinson’s Total UPDRS dataset was the most difficult problem for all three methods,
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as indicated by the comparatively low positive R? values. The strongly negative gplearn
result on Airfoil Self-Noise indicates that its predictions generalized substantially worse
than a constant prediction based on the test-set mean. This result was retained in the
figure to avoid artificially improving the apparent performance of the method, although it
necessarily expands the vertical-axis range and visually compresses the positive results.
Predictive performance must also be considered together with computational cost. The
mean fitting times obtained for the four datasets are compared in Figure 5. A logarithmic
vertical axis is used because the fitting times differed substantially among the evaluated

methods.
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Figure 5. Mean fitting time for the scientific regression experiments. The vertical axis is logarithmic.

Figure 5 shows that PySR was the fastest method on Airfoil Self-Noise, Concrete
Compressive Strength, and Energy-Efficiency Heating Load. FastSymbolicGP required
an average of 13.66 s per fit across the four datasets, compared with 7.64 s for PySR and
28.73 s for gplearn. FastSymbolicGP was therefore approximately 2.10 times faster than
gplearn, while PySR was approximately 1.79 times faster than FastSymbolicGP on average.
On Parkinson’s Total UPDRS, however, the fitting times of FastSymbolicGP and PySR were
more similar, at 14.67 s and 16.14 s, respectively, with FastSymbolicGP being slightly faster.

The mean symbolic-complexity score of FastSymbolicGP was 65.7, which was
markedly lower than the gplearn mean of 149.5 but higher than the PySR mean of 45.7.
These results indicate that FastSymbolicGP provided the strongest overall predictive per-
formance while maintaining substantially lower runtime and symbolic complexity than
gplearn. PySR produced the most compact expressions and was generally the fastest
method, but this computational advantage was accompanied by lower predictive accuracy
on all four datasets. FastSymbolicGP therefore occupied an intermediate position in the
runtime—complexity trade-off while providing the best predictive results.
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3.2. Dynamical System Identification

The dynamical system experiments evaluated the recovery of the Lorenz and Lotka—
Volterra differential equations. Table 12 reports results for the three general-purpose sym-
bolic regression methods and for PySINDy, which is included as a specialized sparse system-
identification baseline. For Lorenz, FastSymbolicGP obtained a mean R? of 0.9049, exceed-
ing PySR and gplearn. For Lotka—Volterra, all methods produced high-quality models,
with FastSymbolicGP reaching R? = 0.9998 4- 0.0002. PySINDy recovered both systems ex-
actly under the predefined sparse candidate library, as expected for this specialized setting.

Table 12. Dynamical system identification results. Complexity is the composite score of the recovered
right-hand-side expressions.

System Method Test R> Fit Time (s) Complexity
FastSymbolicGP  0.9049 + 0.2040 9.8674 47.0
Lorenz PySR 0.7779 + 0.3899 6.5063 25.7
gplearn 0.7850 £ 0.1931 30.1178 180.3
PySINDy 1.0000 =+ 0.0000 0.0076 22.0
FastSymbolicGP  0.9998 + 0.0002 11.3677 56.2
PySR 1.0000 + 0.0000 4.6727 10.8
Lotka-Volterra 1 oom 0.9950 = 0.0055 28.1363 55.1
PySINDy 1.0000 + 0.0000 0.0050 13.0

When the 25 state-equation and seed pairs available for the general-purpose methods
were pooled, FastSymbolicGP achieved a mean R? of 0.9428, compared with 0.8690 for
gplearn and 0.8667 for PySR. The improvement over gplearn was statistically significant
(Ptolm = 0.0057, ry, = 0.775), whereas the difference from PySR was not significant
after Holm correction (prioim = 0.6299). FastSymbolicGP was approximately 2.80 times
faster than gplearn and reduced the mean complexity score from 130.2 to 50.7. PySR
remained faster and produced simpler expressions on average, illustrating that the principal
advantage of FastSymbolicGP in this experiment was its combination of accuracy and
moderate complexity rather than absolute dominance on every criterion.

The state-wise results show that the Lorenz y equation was the most difficult compo-
nent: FastSymbolicGP obtained a mean R? of 0.7210 for this state, compared with 1.0000
for the Lorenz x equation and 0.9936 for the z equation. Nevertheless, the library exactly
recovered the compact Lorenz relation

A t0(x—y) =100y ), (64)
which matches the reference equation. This example demonstrates that the approach
can recover scientifically recognizable structures rather than only numerically accurate
black-box surrogates.

3.3. Physical Law Recovery and Dimensional Consistency

Table 13 compares direct learning from dimensional variables with learning after
nondimensionalization. Predictive accuracy alone was insufficient to guarantee physically
meaningful expressions. On the raw dimensional representation, FastSymbolicGP achieved
a mean R? of approximately 1.0000, but only 24% of the recovered raw expressions passed
the strict post hoc dimensional-consistency check. After nondimensionalization, the validity
rate increased to 96%, while the mean R? remained 1.0000. Nondimensionalization also
reduced the mean fitting time from 11.18 to 5.13 s and the mean complexity score from
55.36 to 29.08, corresponding to reductions of approximately 54.1% and 47.5%, respectively.
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Table 13. Physical law recovery under dimensional and nondimensional representations. Validity is
the percentage of raw recovered expressions passing the strict dimensional-consistency check.

Test R?

1.0000 £ 0.0000
0.9990 £ 0.0021
0.9890 £ 0.0208

1.0000 =£ 0.0000
1.0000 £ 0.0001
0.9933 £ 0.0170

Method
FastSymbolicGP
PySR

gplearn
FastSymbolicGP
PySR

gplearn

Fit Time (s)

11.1750
5.7512
27.4424

5.1316
4.6328
27.3084

Complexity Validity (%)

55.36 24
14.64 76
58.08 60

29.08 96
15.64 100
52.60 88

Representation

Dimensional raw

Nondimensional

The representative pendulum model recovered from the dimensional data was

T= 6.2854\/§ — 0.00156, (65)

with test R> = 1.0000 and complexity score 26. The leading coefficient is close to the
theoretical value 271 ~ 6.2832, and the intercept is negligible. Similarly, the recovered
density expressions simplified numerically to p ~ m/V. These cases show that the equation
pool contains models that are both accurate and directly comparable with known physical
laws. At the same time, the low validity rate on untransformed dimensional inputs
demonstrates why explicit unit handling or nondimensionalization is necessary: a model
may fit the data almost perfectly while violating dimensional homogeneity.

3.4. Binary Classification, Class Imbalance, and Threshold Selection

Table 14 reports balanced accuracy for the two real-world binary datasets and for
four synthetic minority-class fractions. The unweighted FastSymbolicGP classifier was
evaluated with the fixed threshold 0.5 and with a threshold selected on the validation
subset by maximizing MCC. The balanced variant used class weighting and selected its
threshold by validation balanced accuracy. Both fixed and validation-optimized gplearn
results are included for comparison.

Table 14. binary classification balanced accuracy. FSGP-U denotes unweighted FastSymbol-
icGP, FSGP-B denotes class-balanced FastSymbolicGP, MCC denotes validation-based threshold
selection maximizing MCC, and BA denotes validation-based threshold selection maximizing
balanced accuracy.

Dataset FSGP-U, 0.5 FSGP-U, MCC FSGP-B, BA gplearn, 0.5 gplearn, MCC

Breast Cancer
Spambase

Synthetic, 5% minority

Synthetic, 10% minority
Synthetic, 20% minority
Synthetic, 50% minority

0.963 £0.012
0.862 £0.015
0.713 £ 0.033
0.833 £0.023
0.845 £ 0.017
0.888 £ 0.009

0.951 £0.016
0.878 = 0.010
0.758 £ 0.045
0.833 £0.015
0.859 £ 0.011
0.886 = 0.009

0.956 £ 0.016
0.889 £0.018
0.827 +0.046
0.865 £ 0.023
0.876 £0.015
0.878 £0.031

0.966 = 0.013
0.848 = 0.029
0.530 £ 0.038
0.593 £ 0.081
0.726 £ 0.085
0.811 £ 0.042

0.960 £ 0.011
0.862 £ 0.028
0.671 £ 0.056
0.663 £ 0.102
0.778 £0.042
0.801 £0.049

The largest benefit of class balancing occurred under severe imbalance. At a 5%
minority fraction, the balanced FastSymbolicGP configuration achieved a mean balanced
accuracy of 0.827, compared with 0.713 for the unweighted fixed-threshold configuration
and 0.530 for fixed-threshold gplearn. Validation-based MCC threshold selection improved
the unweighted FastSymbolicGP result from 0.713 to 0.758 in this most imbalanced setting.
At a 50% minority fraction, however, class balancing was unnecessary and the fixed
unweighted configuration achieved the best FastSymbolicGP result. This confirms that
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class weighting and threshold optimization should be treated as task-dependent controls
rather than universally superior defaults.

Across all 30 matched dataset-seed cases, fixed-threshold FastSymbolicGP achieved
mean balanced accuracy, F1, and MCC values of 0.8507, 0.8034, and 0.7557, respectively.
The corresponding gplearn values were 0.7458, 0.5926, and 0.5452. All three differences
remained significant after Holm correction (pyjoim < 2.4 x 107%), with large rank-biserial
effects between 0.837 and 0.880. FastSymbolicGP also reduced the mean fitting time from
27.30 to 18.23 s, giving a speedup of approximately 1.50. With validation-optimized MCC
thresholds, FastSymbolicGP increased its mean balanced accuracy to 0.8607 and F1 to
0.8115, while continuing to significantly outperform gplearn.

The balanced FastSymbolicGP configuration increased the overall mean balanced
accuracy further to 0.8819. This gain was accompanied by lower overall F1 and MCC
values than the unweighted MCC-optimized configuration because the balanced objective
deliberately shifted the decision boundary toward minority-class recall. The trade-off was
statistically detectable for all three measures (prorm = 0.0037). Consequently, the appro-
priate configuration depends on whether the application prioritizes symmetric class-level
performance or a single positive-class operating point.

The influence of class imbalance was examined by progressively varying the minority-
class fraction while comparing class weighting and threshold-selection strategies. Figure 6
presents the mean balanced accuracy obtained by the evaluated configurations at minority-
class fractions of 0.05, 0.10, 0.20, and 0.50.

Class imbalance and threshold strategy

0.90

edéd

0.85

0.80

2075

0.70

Mean balanced accura

0.55

0.1 0.2 0.3 0.4 0.5
Minority-class fraction

Figure 6. Effect of minority-class fraction, class balancing, and validation-based threshold selection
on mean balanced accuracy.

As shown in Figure 6, all configurations improved as the minority-class fraction
increased and the classification problem became more balanced. The balanced FastSym-
bolicGP configuration with a validation-optimized balanced-accuracy threshold produced
the highest balanced accuracy across all four class distributions. Its advantage was most
pronounced under severe imbalance, reaching approximately 0.81 at a minority-class
fraction of 0.05, compared with approximately 0.71 for the unweighted FastSymbolicGP
configuration using the fixed threshold of 0.5 and approximately 0.53 for gplearn.

Validation-based MCC threshold optimization substantially improved the unweighted
FastSymbolicGP configuration under severe imbalance, increasing balanced accuracy to
approximately 0.77 at a minority-class fraction of 0.05. However, as the minority-class
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fraction approached 0.50, the differences among the three FastSymbolicGP configurations
became small, with all three achieving balanced accuracies of approximately 0.88-0.89.
In contrast, gplearn remained below the FastSymbolicGP configurations across the complete
range of evaluated class distributions.

When averaged across the evaluated imbalance conditions, the balanced FastSymbol-
icGP configuration increased the overall mean balanced accuracy to 0.8819. This gain was
accompanied by lower overall F1 and MCC values than those of the unweighted MCC-
optimized configuration because the balanced objective deliberately shifted the decision
boundary toward minority-class recall. The trade-off was statistically detectable for all
three measures (prom = 0.0037). Consequently, the appropriate configuration depends
on whether the application prioritizes symmetric class-level performance or a particular
positive-class operating point.

3.5. Multiclass Classification

Table 15 compares the one-versus-rest strategy, the shared symbolic-backbone softmax
strategy, and a gplearn one-versus-rest baseline. On Iris and Wine, the shared-softmax
strategy achieved the highest mean macro-F1 values, reaching 0.980 and 0.990, respectively.
On the more difficult ten-class Digits dataset, one-versus-rest FastSymbolicGP was clearly
preferable, obtaining a macro-F1 of 0.890, compared with 0.805 for shared softmax and
0.591 for gplearn.

Table 15. Multiclass classification results. Complexity is computed over the complete multiclass
symbolic model.

Dataset Method Accuracy Macro-F1 MCC Fit(s) Predict(s) Complexity
FastSymbolicGP OVR 0.947 +£0.061 0.947 £0.061 0.921 £ 0.090 48.4 0.0020 185.8
Iris FastSymbolicGP shared softmax 0.980 +0.030 0.980 =0.030  0.970 £ 0.045 483 0.0010 1814
gplearn OVR 0.973+0.043 0.973+£0.044 0.961 £ 0.065 86.2 0.0024 390.6
FastSymbolicGP OVR 0.978 £0.023 0.979£0.022 0.967 £0.035 421 0.0021 159.0
Wine FastSymbolicGP shared softmax  0.989 +0.015 0.990 £0.014  0.984 £ 0.022 421 0.0011 395.8
gplearn OVR 0.983+0.015 0.984£0.015 0.976 & 0.022 83.7 0.0026 554.4
FastSymbolicGP OVR 0.890+£0.012 0.890£0.012 0.878+0.013 188.3 0.0090 702.6
Digits FastSymbolicGP shared softmax  0.808 0.031 0.805+0.031 0.787 £0.035  188.1 0.0017 916.6
gplearn OVR 0.621 +£0.084 0.591£0.100 0.584+0.090 278.8 0.0096 790.8

Averaged over all 15 dataset—seed pairs, one-versus-rest FastSymbolicGP achieved
macro-F1 = 0.9385 and MCC = 0.9220, shared softmax achieved macro-F1 = 0.9249
and MCC = 0.9136, and gplearn achieved macro-F1 = 0.8492 and MCC = 0.8402. Be-
cause the relative advantage varied strongly between the small three-class datasets and
Digits, the paired predictive differences between FastSymbolicGP OVR and gplearn were
not significant after Holm correction. The computational differences were more consistent:
FastSymbolicGP OVR reduced mean fitting time from 149.6 to 92.9 s and mean complexity
from 578.6 to 349.1, with both differences remaining significant after correction.

No significant difference in macro-F1 or MCC was found between the two FastSym-
bolicGP multiclass strategies. Shared softmax reduced mean prediction time from 0.0044 to
0.00125 s, corresponding to a 3.53-fold inference speedup, but increased mean symbolic
complexity by approximately 42.6%. The results therefore indicate that shared softmax is
attractive for compact low-class-count problems and latency-sensitive inference, whereas
one-versus-rest is more robust when the class structure is more heterogeneous or the
number of classes is larger.
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3.6. Scalability with Sample Size and Dimensionality

The scalability benchmark varied the number of samples from 1000 to 50,000 and the
number of input features from 5 to 50. Table 16 aggregates the results over the four feature
dimensionalities. FastSymbolicGP fitting time increased from 6.79 s at 1000 samples to
11.82 s at 50,000 samples, a factor of 1.74. Over the same range, PySR increased from 2.51 to
73.24 s, a factor of 29.15, while gplearn increased from 14.03 to 19.28 s.

Table 16. Scalability with sample size, averaged over 5, 10, 20, and 50 input features and three seeds.

Samples FastSymbolicGP Time PySR Time gplearn Time FastSymbolicGP R*> PySR R?> gplearn R?

1000
5000
10,000
25,000
50,000

6.79 2.51 14.03 0.932 0.914 0.601
7.33 5.53 14.39 0.899 0.859 0.620
7.49 10.36 14.55 0.907 0.954 0.669
8.80 31.02 15.76 0.904 0.872 0.698
11.82 73.24 19.28 0.906 0.907 0.704

At 50,000 samples, FastSymbolicGP was approximately 6.20 times faster than PySR
and 1.63 times faster than gplearn, while maintaining mean R?> = 0.9063, essentially
equal to PySR’s 0.9070 and well above gplearn’s 0.7038. The runtime-scaling behavior
across all evaluated sample sizes is shown in Figure 7. PySR was fastest at the smallest
sample sizes, but its runtime crossed FastSymbolicGP between 5000 and 10,000 samples
and then increased steeply. This crossover is important for the intended use case: the
Numba-compiled postfix evaluator has a larger fixed setup cost than some alternatives,
but its per-sample evaluation cost scales favorably as the dataset grows. The measured
Python-level peak memory at 50,000 samples was higher for FastSymbolicGP than for the
other methods; therefore, the observed advantage should be interpreted specifically as a
runtime-scaling result rather than as simultaneous superiority in every resource measure.

Scalability with dataset size

—e— FastSymbolicGP
—&— PySR
6x10' | —&— gplearn

2x 10!

10

Mean fitting time [s]

4x10°

3x10°

10° 10
Number of samples

Figure 7. Mean fitting time as the number of samples increases. Values are averaged over four
feature dimensionalities.
3.7. Parameter Sensitivity

The sensitivity experiment evaluated population sizes of 100, 250, 500, and 1000
together with 5, 10, 20, and 50 generations. Figure 8 shows the regression results.
For Friedman-1 regression, increasing the number of generations produced the clearest
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and most consistent improvement. The highest mean R?, 0.8502, was obtained with popu-
lation size 500 and 50 generations, but this configuration required 85.81 s. The common
medium-budget setting of 250 individuals and 20 generations obtained R* = 0.8040 in
14.59 s, making it approximately 5.9 times faster while sacrificing 0.046 in absolute R>.

For binary classification, the highest mean balanced accuracy was 0.9619 at population
size 100 and 50 generations, whereas the 250-by-20 setting obtained 0.9558. For multiclass
classification, the best mean macro-F1 was 0.9866 at 100 individuals and 20 generations;
larger populations did not improve this result and often increased complexity and runtime.
Consequently, no single population-generation combination dominated all task types.
The selected common configuration should therefore be understood as a reproducible
middle-budget compromise used to avoid dataset-specific tuning, not as a claim of universal
optimality. The sensitivity results also show diminishing returns and, for some classification
settings, mild degradation when the population becomes unnecessarily large.

Parameter sensitivity: mean test R2

0.792 0.837
r0.80

r0.75

0.808 0.850

Population size
e
9
=]
Mean test R?

0.804 0.842

0.65

0.60
0.751 0.772

0.55
26.0 50.0

Generations

Figure 8. Parameter sensitivity of FastSymbolicGP on Friedman-1 regression. Each cell reports mean
test R? over five seeds.

3.8. Ablation Study

Table 17 reports the Friedman-1 ablation study. Removing crossover produced the
largest deterioration relative to the reference configuration, decreasing mean R? from
0.7242 to 0.7018. This reduction was accompanied by shorter expressions and lower
runtime, indicating that crossover contributed useful structural exploration rather than
only increasing tree size. Disabling subtree mutation increased mean R? to 0.7580 in this
particular experiment, but also increased the mean complexity score from 56.8 to 66.8.
The result indicates a dataset-specific predictive-complexity trade-off rather than evidence
that subtree mutation is generally harmful.
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Table 17. Ablation results on Friedman-1 over five seeds.
Configuration Test R? RMSE Fit Time (s) Complexity
Reference configuration 0.7242 £+ 0.0298 2.5854 13.3612 56.8
No subtree mutation 0.7580 £ 0.0312 2.4200 13.3996 66.8
No crossover 0.7018 £ 0.0572 2.6787 11.7864 46.6
No adaptive parsimony 0.7242 £ 0.0298 2.5854 13.4326 56.8
Island evolution 0.7254 4+ 0.0337 2.5796 13.4326 59.4

Disabling adaptive parsimony did not change the final predictive metrics in this small
five-seed experiment, although the mechanism may still affect population composition
and search behavior before final model selection. Island evolution produced performance
similar to the reference configuration. Because the ablation was intentionally restricted to a
single controlled regression problem, these findings are interpreted as implementation-level
mechanism checks rather than universal rankings of genetic operators.

3.9. Interpretability and Performance-Complexity Trade-Off

The interpretability analysis used expression length, estimated depth, number of vari-
ables, number of nonlinear operators, tree-node count, DAG-node count, and a composite
symbolic-complexity score. Figure 9 plots predictive performance against the composite
score for the regression and dynamical system experiments. Most FastSymbolicGP so-
lutions occupy the high-performance, low-to-moderate-complexity region. In particular,
the method produced substantially simpler expressions than gplearn in scientific regres-
sion, dynamical system identification, and multiclass classification, although PySR was
frequently simpler.

The stored equation pools also enabled an explicit post hoc simplicity selection.
For each of 93 benchmark-method—configuration groups, the best predictive model was
compared with the simplest model, whose validation loss was within 1% of the best value.
The simpler model reduced the complexity score in 31 of the 93 groups (33.3%). Among the
groups where a reduction was possible, mean complexity decreased by 28.6%, while the
mean loss in the reported predictive metric was only 0.00063 and the maximum loss was
0.00832. In the remaining groups, the best predictive model was already the simplest model
satisfying the tolerance. These results show that the Pareto archive is not merely diagnostic:
it can be used to obtain materially simpler expressions with negligible predictive degradation.

Predictive performance versus symbolic complexity

220 0400 ® <><i§>° 86 o . o o o o

Test R?

FastSymbolicGP

PySINDy o
PySR
gplearn

o> 0o

<

0 100 200 300 400
Composite symbolic complexity

Figure 9. Predictive performance versus composite symbolic complexity for the regression and
dynamical system experiments.
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3.10. Representative Equations and Cross-Method Comparison

The aggregate performance results describe the general predictive and computational
behavior of the evaluated methods, but they do not show whether the resulting symbolic
models are scientifically meaningful or practically interpretable. Therefore, representative
equations were selected from the combined pool of 5619 stored candidate expressions and
are compared in Tables 18 and 19.

The best predictive equation was selected for each method unless a lower-complexity
equation achieved a test score within 1% of the method-specific best result. In the latter
case, the simpler equation was preferred. The reported metric consequently corresponds to
the held-out test performance of the exact run that generated the displayed equation rather
than to the mean performance across repeated runs. Algebraically redundant expressions
were simplified for presentation without changing their predictions over the benchmark
domain; however, the reported complexity score corresponds to the original expression
produced by the method. The protected square-root and logarithm operators are denoted
by sqrt p!(-) and log p!(-), respectively.

For concrete compressive strength, the best FastSymbolicGP and gplearn equations
obtained nearly identical test performance, with R? = 0.69475 and R? = 0.69295, respec-
tively. However, the FastSymbolicGP expression had a complexity score of 55, compared
with 219 for gplearn. Thus, the FastSymbolicGP equation provides a substantially better
accuracy—complexity trade-off. This result was not limited to a single favorable seed: across
the five repeated runs, the mean R? values were 0.6694 for FastSymbolicGP, 0.5249 for PySR,
and 0.3996 for gplearn.

The difference was more pronounced for the airfoil self-noise dataset. The displayed
FastSymbolicGP equation achieved R? = 0.67856, compared with R? = 0.38941 for the best
PySR equation. None of the five gplearn runs produced a positive test R; its strongest
result was R?> = —1.42853 with a complexity score of 321. The FastSymbolicGP expression
is also scientifically informative because it combines the principal aeroacoustic variables,
including frequency, chord length, free-stream velocity, angle of attack, and boundary-layer
displacement thickness.

For the Parkinson’s dataset, all methods obtained lower R? values, reflecting the
difficulty of predicting the total UPDRS score from the available voice measurements. Nev-
ertheless, FastSymbolicGP produced the strongest displayed equation, with R? = 0.29563,
compared with 0.24215 for PySR and 0.13684 for gplearn. The gplearn tree is particularly
illustrative of why raw tree size and algebraic simplification should both be considered:
despite its complexity score of 161, the expression simplifies to a function of age alone.

To complement the aggregate predictive and complexity results, Table 19 presents rep-
resentative equations obtained for physical law recovery, dynamical system identification,
binary classification, and multiclass one-versus-rest classification. The comparison includes
equations produced by FastSymbolicGP and the relevant baseline methods, together with
their test performance, expression complexity, and the principal reason for selecting each
model. For the multiclass datasets, the complete set of class-specific equations is reported
because the final prediction depends on the joint one-versus-rest system rather than on an
individual symbolic model.

https://doi.org/10.3390/inventions11040080


https://doi.org/10.3390/inventions11040080

Inventions 2026, 11, 80

550f 71

Table 18. Representative equations obtained for real-world scientific regression datasets. The complexity column reports the text-based complexity score of the

original generated expression.

Dataset Scientific Field Method Representative Equation Test Metric Complexity Reason for Selection
Concrete compressive .. . . . N sqrt p!(Clog p!(A)) + sqrt p!(S + W) s Highest test R? with a compact
strength Civil engineering ~ Fast Symbolic GP £ = 276.8208 W — 327410 R>=0.69475 55 four-variable relationship.
Concrete compressive A(C —15.7204) Best PySR model, but less accurate and

treneth p Civil engineering ~ PySR 7. = 4.6007 log p! x (—C +0.4153 sqrt p!(|C(F, — 1.9266)]) RZ =057813 64 slightly more complex than Fast
Streng T &P +8.1949) Symbolic GP.

x (AS+C —12.1658)
—54.6148
~ C(C+P) , C(C/W+|S|logp!(A))
= !
Concrete compressive fe = sartp! < W + W +2PA Nearly the same predictive score as
strength P Civil engineering  gplearn R? =0.69295 219 FastSymbolicGP, but approximately four
& C(PA+P+A) times more complex.
————— +(C+P)
W
1
C(PA+P+ A
sqrt p! <¥ +(C+P) cos(F,,)\) log p!(A)
. Best predictive result; combines
Airfoil self-noise Aeroacoustics Fast Symbohc GP :/V\ = 132.9319 — 2.8161 sqrt p' <(log p' (5) _ C)fC(S T o+ Sqrt p: (u) > RZ = 0.67856 75 frequency] geometry, flow Velocity, angle’
fé and boundary-layer thickness.
7 = 110.6131 Simpler than the FastSymbolicGP
Airfoil self-noise Aeroacoustics PySR 1 R? = 0.38941 50 equation, but with substantially lower
U(231.7943 — U)(39.9116a -+ 136.0050L1) 1Y/ predictive performance.
3.6230U6(f — 63.2538) + 214.6883
Parkinson’s total Biomedicine Fast Symbolic GP 7 = 4.7778[cos(s + 2a) + cos(s + a) R2 — 0.29563 77 Highest test R?; depends only on age,
UPDRS —sqrtp!(s 4+ Qu1) + sqrt p!(a)] — 6.9446 sex, and Shimmer APQ11.
Parkinson’s total - . Lower complexity, but lower predictive
UPDRS Biomedicine PySR y= ’317359 cos(sm(u +5) R? =024215 52 performance and a more strongly nested
x sqrt p!(cos(sin(1.29392 + cos S, )))) + 3.0694‘ nonlinear structure.

Parki /s total . \ \ \ The original tree is highly redundant

arcnsons tota Biomedicine gplearn y = 3sqrtpl(a) +sqrt p!(3sqrt pl(a)) + cos(a) R?=0.13684 161 and reduces to an age-only model with

UPDRS

+ cos(3sqrt p!(a) + sqrtp!(3sqrtp!(a)))

the lowest predictive score.

C: cement; S: blast-furnace slag; F,: fly ash; W: water; P: superplasticizer; A: concrete age; f: frequency; a: angle of attack; c: chord length; U: free-stream velocity; J:
suction-side displacement thickness; a: patient age; s: sex; Q11: Shimmer APQ11; and Sj: Shimmer.
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Table 19. Representative physical law, dynamical system, binary classification, and multiclass equations. For multiclass one-versus-rest models, all class-specific

equations are reported. The test metric and total complexity refer to the complete one-versus-rest system.

Dataset or System Scientific Field Method Representative Equation Test Metric  Complexity Reason for Selection
Classical Simplest equation within 1% of the
Pendulum period - Fast Symbolic GP T — 6.2854 L 0.00156 R? = 1.00000 26 best result; dimensionally valid and
mechanics : : .
8 closest to the theoretical law.
Classical 5 Simplest PySR equation within 1%
Pendulum period - PySR T = V/IL(0.5484L7 + 36.3368¢) + g —1.209] R? = 0.99558 33 of its best score, but dimensionally
mechanics ) .
g invalid.
T = 1.4494VL | /g + 1.4494
Classical Best gplearn result, but substantially
Pendulum period mechani gplearn 174 R?2 =0.99248 148 more complex and dimensionally
echanics X \/' N \/2.1008L sin|log g| — sin(cos g) + cosg” invalid.
x 4/sin | log g|
Nonlinear Exact recovery of the reference
Lorenz x dvnamics Fast Symbolic GP %= —10(x —y) +222x 107 = 10(y — x) R? =1.00000 20 equation from a three-node raw
y symbolic tree.
Nonlinear Exact recovery and the lowest
Lorenz x . PySR x=10(y — x) R? =1.00000 10 complexity among the general
dynamics . .
symbolic regression methods.
Nonlinear Exact prediction, but the original
Lorenz x dvnamics gplearn % =10(y — x) after algebraic simplification R? = 1.00000 120 tree repeats the term (y — x) ten
y times.
. x = —10x + 10y, Exact recovery of the complete
Nonlinear 2 i
Lorenz system d . PySINDy | — 8% — 1 — xz R =1.00000 22 sparse dynamical system and
ynamics y y , .
8 strongest agreement with theory.
Z=Xxy— §Z
= 0| —2.7983(2ryw + tw + pw +
Biomedical P~ [ (2o +tw+pu +[pe] BAcc — Best predictive equation; achieves
Breast cancer classification Fast Symbolic GP + a, +sina, + Sw) + 0.8842] , 0.98115 75 the same balanced accuracy as

1, p>o05
Y70, p<o05

gplearn with lower complexity.
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Table 19. Cont.

Dataset or System Scientific Field Method Representative Equation Test Metric  Complexity Reason for Selection

pr = U[ae sym,, — 2ty — 6p — 2.951 A,

. . _ Equal predictive performance,
Breast cancer Blome.dlcél gplearn — 250 — Zcm} ¢ BAce = 121 but 61% higher complexity than
classification 0.98115 FastSvmbolicGP
o 1, p1 Z 05, as ym 0l1C .
Y70, p<o05

po = o] —37.2456(SL + cos(PL + PW)) —30.3015],

p1= 0[12.6125 (sqrt p!(cos(PL + PW)) + cos(SW PW)
Perfect classification using all three

. . . + cos| Pw3 _ 307452 i _ 175 total; _ oo
Iris OVR system Blolo.g.mall Fast Symbolic GP <| |>) ] Flmacro 44 total nodes; class-specific .models. The complete
classification =~ OVR 1.000 6.18. 20 OVR system is compact and
po = 0[1.3682(|PL| + sqrt p!(sqrt p!(SL)) + PW) T contains only 44 raw tree nodes.
x (2PL+3PW — SW) — 8.4845,
¥ = arg max py.
ke{0,1,2}
sp = 57.5938SW — 406.7157PL + 3.82201og p!(PL) — 177.8630,
log p!(PW)/(PLPW) ’
51 = log p! —1.446 PL(SW — PW) log p!(PL) |, 325 total; Perfe(it classification, bgt the
. Biological PLPW Flmacro = 113 syntax comp et? OVR system is
Iris OVR system classification gplearn OVR 1.000 nodes; zlolfrset:;(t)l;\(lilil r;lore complex than the
¢y = log p!(PL(PW — SW)), £, =logp!(PLPW), 37,24,52 FastSymbolicGP system.

l3 = log p!(PW), £y =log p!(sin(PW)),
Sy = 4PL+3PW+2£1 - |£1| — |éz‘
+ 03— |l3] + £y,

J = argmaxsy.
ke{0,1,2}
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Table 19. Cont.

Dataset or System Scientific Field Method Representative Equation Test Metric  Complexity Reason for Selection

Wine OVR system

Chemical
classification

po = 0[24.7297(sin(Aa1k) +P+D+A— Ay

- 13.7867],
Perfect classification with three
p1 = U’[ —3.9630(cos(D)(FP + P) — cos(D) + CI) 138 total; compact class-specific equations.
Fast Symbolic GP Flmacro = 32 total nodes; This is the smallest selected
OVR - 3.3721], 1.000 10,13,9 multiclass OVR system among the

reported examples.
p2 = 0| ~7.5211(D + F — Ag, — 2CI) — 9.8076),

¥ = argmax py.
ke{0,1,2}

Notes: o(u) = 1/(1 + exp(—u)). The operators sqrt p!(-) and log p!(-) denote the protected square-root and protected logarithm operators, respectively. For
breast-cancer classification, 7z, tw, pw, Aw, Sw, sym,,, and ¢y denote worst radius, worst texture, worst perimeter, worst area, worst smoothness, worst symmetry,
and mean concavity, respectively; p. and a, denote perimeter error and area error. For Iris, SL, SW, PL, and PW denote sepal length, sepal width, petal length,
and petal width, respectively. Classes 0, 1, and 2 correspond to Iris setosa, Iris versicolor, and Iris virginica. For the Wine dataset, A denotes alcohol, Ay}, denotes
ash, A, denotes alkalinity of ash, F denotes flavanoids, CI denotes color intensity, D denotes the OD280/0OD315 ratio of diluted wines, and P denotes proline. For
every OVR system, the final prediction is obtained by selecting the class with the largest class-specific probability or decision score. The class-specific node counts
are reported in class order.

https://doi.org/10.3390/inventions11040080


https://doi.org/10.3390/inventions11040080

Inventions 2026, 11, 80

59 of 71

Table 19 shows that FastSymbolicGP generally achieves a favorable balance between
predictive performance, symbolic compactness, and scientific interpretability. For the
pendulum-period problem, FastSymbolicGP recovers an equation that closely matches the
theoretical relationship (T = 271,/L/g), achieves an essentially perfect test (R?), and re-
mains dimensionally valid. In contrast, the PySR and gplearn expressions are less accurate,
more complicated, and dimensionally inconsistent. This result demonstrates that pre-
dictive accuracy alone is insufficient when symbolic models are intended to represent
physical relationships.

For the Lorenz system, all evaluated methods recover the (¥ = 10(y — x) ) relationship
after simplification. PySR produces the lowest-complexity representation of this individ-
ual equation, whereas FastSymbolicGP achieves exact prediction with only a negligible
numerical residual. PySINDy provides the strongest overall scientific result because it
exactly identifies the complete sparse system, including the equations for (x ), (), and (2).
The gplearn model also predicts the derivative exactly, but its original symbolic tree is
substantially larger because the same component is repeatedly represented.

The breast-cancer example demonstrates that FastSymbolicGP can produce a compact
nonlinear decision function without sacrificing classification performance. As reported
in Table 19, FastSymbolicGP and gplearn obtain the same balanced accuracy of (0.98115).
However, the FastSymbolicGP expression has a complexity of 75, compared with 121
for gplearn, representing an approximately 38% reduction relative to the gplearn model.
The selected FastSymbolicGP equation therefore provides a better accuracy—complexity
trade-off while retaining an explicit probability-based decision rule.

The multiclass results further illustrate the compactness of the FastSymbolicGP one-
versus-rest formulation. On the Iris dataset, both FastSymbolicGP and gplearn achieve a
macro-averaged F1-score of (1.000). Nevertheless, the FastSymbolicGP system contains only
44 raw tree nodes and has a total complexity of 175, whereas the gplearn system contains 113
syntax nodes and has a total complexity of 325. Thus, the FastSymbolicGP representation
is considerably smaller while preserving perfect classification performance. Similarly,
the Wine dataset is classified perfectly using three compact class-specific equations with
only 32 total raw tree nodes. Among the reported multiclass examples, this is the smallest
selected one-versus-rest system.

Overall, the equations in Table 19 confirm that FastSymbolicGP is capable of produc-
ing models that are not only accurate but also comparatively compact and interpretable.
Although specialized methods such as PySINDy remain particularly effective for sparse
dynamical system discovery, FastSymbolicGP provides a unified framework that performs
well across physical law regression, nonlinear dynamics, binary classification, and multi-
class classification.

3.11. Summary of Statistical Comparisons

Table 20 collects the principal paired comparisons. The strongest and most consistent
advantages of FastSymbolicGP were observed against gplearn in binary classification,
scientific regression, dynamical system identification, and runtime. Comparisons against
PySR were more nuanced: FastSymbolicGP achieved higher scientific regression accuracy,
whereas PySR was generally faster and simpler on the smaller scientific and dynamical
system problems. In multiclass classification, heterogeneity across Iris, Wine, and Digits
prevented the average predictive advantage from reaching significance, although the
runtime and complexity reductions were consistent.
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Table 20. Selected paired Wilcoxon comparisons. A is method A minus method B, py is the Holm-
adjusted p-value within the corresponding benchmark family, and r,, is the rank-biserial effect size.

Domain Method A Method B Metric A PH Trb
Scientific regression FastSymbolicGP PySR R? 0.1208 4.20 x 10~* 0.895
Scientific regression FastSymbolicGP gplearn R? 45019 290 x 107° 0.981
Dynamical systems FastSymbolicGP gplearn R? 0.0738 0.0057 0.775
Dynamical systems FastSymbolicGP PySR R? 0.0761 0.6299 0.193
Binary, fixed threshold FastSymbolicGP gplearn Balanced accuracy  0.1050  1.66 X 10-° 0.880
Binary, optimized threshold  FastSymbolicGP gplearn Balanced accuracy  0.0718  2.39 X 10—° 0.858
Multiclass FastSymbolicGP OVR  gplearn OVR Macro-F1 0.0893 0.6586 0.457
Multiclass FastSymbolicGP OVR  gplearn OVR Fit time (s) —~56.65 6.10 x 107*  —1.000
Multiclass FastSymbolicGP OVR  Shared softmax Complexity —148.8 0.0226 —0.850

Overall, the results support three conclusions. First, FastSymbolicGP consistently im-
proves on the conventional gplearn baseline in predictive performance or computational ef-
ficiency across the principal regression and classification experiments. Second, comparison
with PySR reveals a genuine trade-off rather than uniform dominance: FastSymbolicGP is
particularly competitive in predictive accuracy and large-sample runtime scaling, whereas
PySR is often faster and simpler on small problems. Third, the dimensional-analysis,
threshold-selection, Pareto-selection, sensitivity, and ablation experiments demonstrate
that reliable symbolic modeling depends not only on the evolutionary search itself but also
on representation, operating-point selection, and explicit control of model complexity.

4. Discussion

The experimental results demonstrate that FastSymbolicGP provides a favorable bal-
ance among predictive performance, computational efficiency, task coverage, and symbolic
model complexity. The library was not uniformly superior to every competing method
under every evaluation criterion. Instead, its principal strength was the ability to obtain
competitive or improved predictive performance while retaining a lightweight Python
implementation, explicit symbolic outputs, native classification support, and favorable
runtime scaling. This positioning is important because symbolic learning systems differ
substantially in their intended use, internal execution engines, model representations,
and optimization strategies. Consequently, the present results should be interpreted as
evidence that FastSymbolicGP is a practical general-purpose symbolic learning framework
rather than as evidence that one implementation universally dominates all alternatives.

4.1. Predictive Performance and Comparison with Existing Tools

The real-world scientific regression results provide strong support for the predictive ca-
pability of FastSymbolicGP. The library achieved the highest mean test R? on all four investi-
gated datasets, covering civil engineering, building physics, aeroacoustics, and biomedicine.
Its overall mean R? was 0.5981, compared with 0.4773 for PySR. The paired difference was
statistically significant and was associated with a large rank-biserial effect size. The com-
parison with gplearn was even more favorable, although the very poor gplearn result on
Airfoil Self-Noise increased the magnitude of the overall difference.

The strong result on Energy-Efficiency Heating Load indicates that the method can
identify compact nonlinear relationships when the target is governed by comparatively
structured physical and geometrical variables. By contrast, the mean R? of 0.1910 on Parkin-
son’s Total UPDRS was substantially lower than the results obtained on the engineering
datasets. This result should not be interpreted as a failure of the symbolic approach alone.
Biomedical outcomes such as UPDRS scores may depend on subject-specific, temporal, clin-
ical, and latent factors that are not fully represented by the available predictors. The result
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therefore illustrates an important limitation of explicit low-complexity symbolic models:
when the measured variables contain only a modest proportion of the information required
to explain the target, a compact analytical equation cannot be expected to produce high
predictive accuracy.

The scientific regression comparison with PySR was more nuanced than the compari-
son with gplearn. PySR frequently produced shorter equations and required less time on the
smaller regression datasets, whereas FastSymbolicGP obtained higher average predictive
performance. This trade-off is consistent with the different design goals of the two systems.
PySR uses a highly optimized Julia backend, multi-population search, numerical constant
optimization, and specialized symbolic regression mechanisms [9]. FastSymbolicGP instead
emphasizes a lightweight Python installation, a unified estimator interface, classification
support, and configurable genetic programming execution. The results therefore do not
suggest that PySR is generally inferior. Rather, they indicate that FastSymbolicGP is com-
petitive with a modern high-performance symbolic regression system while also addressing
a broader set of supervised-learning tasks.

The comparison with gplearn was more consistent across the investigated domains.
FastSymbolicGP generally achieved higher predictive performance, shorter fitting times,
and lower symbolic complexity. Both libraries expose estimator-style Python interfaces
and are based on tree-oriented genetic programming, making this comparison particularly
relevant. The observed differences suggest that implementation choices such as postfix
Numba evaluation, validation-aware selection, bounded expression growth, adaptive
parsimony, and final complexity-aware model selection can materially improve practical
GP performance.

Nevertheless, the comparison should not be interpreted as a definitive ranking of
the libraries under every possible configuration. The experiments used a common mod-
erate search profile rather than an extensive independent hyperparameter optimization
for each framework. Different configurations of gplearn or PySR, including alternative hy-
perparameters, primitive sets, numerical constant optimization settings, stopping criteria,
and computational budgets, could produce different comparative outcomes. The present
comparison therefore evaluates how the methods behave under transparent and broadly
matched experimental settings rather than determining the maximum achievable perfor-
mance of each software package.

4.2. Scientific Equation Discovery

The dynamical system experiments show that FastSymbolicGP can recover meaningful
governing relationships in addition to fitting static datasets. The library obtained a pooled
mean R? of 0.9428 across the evaluated state equations and significantly outperformed
gplearn. The comparison with PySR was not statistically significant after Holm correction,
indicating that the two general-purpose symbolic regression systems achieved broadly
comparable predictive performance on these systems.

An especially important qualitative result was the exact recovery of the Lorenz relation
% = —-10(x —y) = 10(y — x). (66)

This expression is algebraically equivalent to the known governing equation and is di-
rectly interpretable. Such a result is more informative than a high R? alone because it demon-
strates that the algorithm can recover a scientifically recognizable structural relationship.
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The Lorenz y equation was considerably more difficult than the x and z equations. Its
structure contains several interacting terms,

dy _ x(28 —z) —y, (67)
dt

including a multiplicative interaction and a relatively large numerical coefficient. The lower

accuracy obtained for this state suggests that the moderate evolutionary budget was not

always sufficient to recover all interacting terms reliably. Improved constant optimization,

larger search budgets, typed primitives, or a domain-informed function set may improve

recovery of such equations.

PySINDy exactly recovered both investigated systems and required substantially less
computational time. This result is expected because PySINDy was supplied with a polyno-
mial library containing the true governing terms and solves a sparse coefficient-selection
problem rather than a general free-form symbolic search [11]. The comparison there-
fore illustrates a distinction between specialized and general-purpose equation-discovery
methods. When the appropriate candidate library is known in advance, sparse system
identification can be more efficient and reliable. Genetic programming becomes particularly
relevant when the required operators, interactions, or equation structures are not known
sufficiently well to define a compact predetermined library.

The dynamical system benchmark also used exact derivatives evaluated from the
known right-hand sides. Real scientific data would normally involve measurement noise,
incomplete state observations, irregular sampling, and numerical derivative estimation.
Consequently, the reported results represent controlled governing-equation recovery rather
than a complete simulation of experimental system identification. Future evaluation should
include noisy trajectories, finite-difference or smoothed derivative estimates, partially
observed systems, and out-of-trajectory validation.

4.3. Physical Law Recovery and the Importance of Dimensional Consistency

The physical law experiments produced one of the most important findings of the
study. FastSymbolicGP obtained nearly perfect predictive accuracy on the controlled
physical relationships, but only 24% of the expressions recovered from raw dimensional
inputs passed the strict dimensional-consistency check. Thus, predictive accuracy alone
did not guarantee physical validity.

This result directly supports the methodological distinction between symbolic inter-
pretability and scientific correctness. A symbolic expression is transparent because its struc-
ture can be inspected, but transparency does not imply that the structure respects physical
units, conservation laws, boundary conditions, or other domain constraints. An equation
may fit a limited numerical range extremely well while combining incompatible quantities
or applying nonlinear functions to dimensional arguments.

Nondimensionalization substantially improved the results. The dimensional-validity
rate increased from 24% to 96%, while predictive accuracy remained effectively unchanged.
Nondimensionalization also reduced mean fitting time by approximately 54.1% and re-
duced mean expression complexity by approximately 47.5%. These improvements indicate
that nondimensionalization is beneficial for more than post hoc physical interpretation. It
can also simplify the numerical search space by reducing scale disparities and allowing the
evolutionary process to discover more compact relationships.

The recovered pendulum expression,

A L
T= 6.2854\/; —0.00156, (68)
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provides a representative example. The leading coefficient is very close to the theoretical
value 27t, while the intercept is negligible. This equation is predictive, dimensionally
meaningful, structurally compact, and physically recognizable. It therefore demonstrates
the type of output that motivates symbolic regression in scientific applications.

However, the current library does not enforce dimensional constraints during ini-
tialization, crossover, mutation, or final selection. The dimensional analysis performed
in this study was post hoc. FastSymbolicGP should therefore not be described as a
physics-constrained or unit-aware symbolic regression system. In applications involv-
ing dimensional measurements, users should nondimensionalize the variables, construct
unit-consistent derived features, restrict the primitive set, or manually verify the recovered
equations. Automatic dimensional typing represents an important direction for future
development and could substantially improve both search efficiency and scientific reliabil-
ity [15,16].

4.4. Binary Classification and Operating-Point Selection

The binary classification experiments demonstrate that an evolved symbolic score
is only one component of a complete classifier. Class weighting, probability mapping,
and threshold selection materially affected the final operating characteristics, particularly
under severe class imbalance.

With a fixed threshold of 0.5, FastSymbolicGP achieved a mean balanced accuracy of
0.8507 across all binary benchmark cases, compared with 0.7458 for gplearn. Validation-
based MCC threshold optimization increased the FastSymbolicGP mean balanced accuracy
to 0.8607. The improvement was most visible when the minority class represented only
5% of the samples, where threshold optimization increased balanced accuracy from 0.713
to 0.758.

The balanced FastSymbolicGP configuration increased the overall mean balanced
accuracy to 0.8819. At the 5% minority fraction, it achieved a mean balanced accuracy of
0.827, compared with 0.713 for the unweighted fixed-threshold configuration and 0.530 for
fixed-threshold gplearn. This result confirms that class weighting and validation-based
threshold selection can substantially improve minority-class detection.

The appropriate configuration nevertheless depended on the target objective. Class
balancing increased balanced accuracy but reduced overall F1 and MCC relative to the
unweighted MCC-optimized configuration. At a balanced 50:50 class distribution, class
weighting provided no advantage. These findings show that threshold optimization and
class weighting should not be activated mechanically. The selected method should reflect
the relative costs of false positives and false negatives, the expected deployment prevalence,
and the metric that is most relevant to the application.

A further implication is that the symbolic equation alone does not fully define the
deployed classifier. A complete report should include the evolved expression, affine logistic
scaling, probability transformation, class weighting, and final threshold. FastSymbolicGP
retains these elements explicitly, which improves reproducibility and allows the operating
point to be changed without evolving a new symbolic structure.

The benchmark did not apply an additional probability-calibration stage. The sigmoid
transformation provides probability-like outputs, but those probabilities are not necessarily
perfectly calibrated. Future experiments should evaluate Platt scaling, isotonic regression,
and beta calibration using calibration-specific metrics such as the Brier score, expected
calibration error, and calibration curves.
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4.5. Multiclass Symbolic Classification

The multiclass experiments confirm that native multiclass symbolic learning is feasible
within the proposed framework, but they also demonstrate that no single output strategy
was optimal for every dataset.

The shared-softmax strategy achieved the highest mean macro-F1 on Iris and Wine,
reaching 0.980 and 0.990, respectively. These datasets contain only three classes and
relatively low-dimensional feature spaces. In such settings, a common symbolic backbone
can identify shared discriminative relationships and reuse them across class scores.

On the ten-class Digits dataset, one-versus-rest FastSymbolicGP performed substan-
tially better, obtaining macro-F1 = 0.890, compared with 0.805 for shared softmax. This
difference suggests that a limited shared symbolic representation may become restrictive
when classes have heterogeneous decision boundaries. Independent one-versus-rest clas-
sifiers allow each class to evolve its own expression and may therefore better represent
complex multiclass structure.

Shared softmax provided a 3.53-fold reduction in prediction time, but its mean sym-
bolic complexity was approximately 42.6% greater than that of the one-versus-rest approach.
This result initially appears counterintuitive because shared representations are often ex-
pected to reduce redundancy. However, the symbolic backbone and the complete set of
softmax coefficients jointly define the multiclass model. A larger common component set
may reduce execution overhead while still increasing the reported structural complexity.

The results therefore support a task-dependent recommendation. Shared softmax is at-
tractive for problems with relatively few classes, common discriminative structure, or strict
inference-latency requirements. One-versus-rest is preferable when classes require distinct
symbolic boundaries, when class-specific equations are scientifically useful, or when the
number of classes is larger.

The comparison with gplearn showed substantial runtime and complexity advantages
for FastSymbolicGP, but the average predictive difference was not statistically significant
after Holm correction. This was caused by strong dataset heterogeneity: gplearn was
competitive on Iris and Wine but performed poorly on Digits. Broader evaluation on
multiclass benchmark collections is required before making general claims about average
predictive superiority.

4.6. Computational Efficiency and Scalability

The scalability analysis provides direct evidence that the Numba-based postfix evalu-
ator is advantageous when the number of observations becomes large. FastSymbolicGP
fitting time increased from 6.79 s at 1000 samples to 11.82 s at 50,000 samples, corresponding
to a factor of 1.74. PySR increased from 2.51 to 73.24 s over the same range, while gplearn
increased from 14.03 to 19.28 s.

PySR was faster on the smallest datasets, indicating that FastSymbolicGP has a non-
negligible fixed compilation and evolutionary setup cost. However, FastSymbolicGP
became faster between 5000 and 10,000 samples. At 50,000 samples, it was approximately
6.20 times faster than PySR and 1.63 times faster than gplearn, while its mean R? was
almost identical to that of PySR.

This crossover illustrates the intended role of the Numba execution engine. Compiling
symbolic evaluation instructions introduces an initial cost, but repeated vectorized evalu-
ation over larger arrays amortizes this overhead. The approach is therefore particularly
suitable for repeated population evaluation on medium-sized and large datasets.

The scalability result must be interpreted within the experimental configuration. Only
the postfix Numba evaluator was enabled. DAG execution, subtree caching, evaluation
caching, and parallel execution were deliberately disabled to isolate one clearly defined
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backend. The results therefore characterize the specified single-thread Numba pathway
rather than the maximum performance of the complete library.

The measured Python-level peak memory was also higher for FastSymbolicGP at
the largest sample sizes. Consequently, the implementation should not be described as
simultaneously optimal in runtime and memory consumption. Future work should analyze
resident memory, native allocations, cache behavior, expression-batch size, and the trade-off
between temporary vectorized arrays and execution speed.

4.7. Hyperparameter Sensitivity and Evolutionary Search Budget

The sensitivity analysis confirms that genetic programming parameters define a com-
putational trade-off rather than a universally optimal configuration. For Friedman-1 re-
gression, increasing the generation count produced the most consistent improvement.
The best mean R? of 0.8502 was obtained using 500 individuals and 50 generations, but re-
quired 85.81 s. The 250-by-20 configuration achieved R? = 0.8040 in 14.59 s. The larger
configuration was therefore almost six times slower for an absolute R? improvement of
approximately 0.046.

For binary and multiclass classification, increasing the population size did not
consistently improve performance. The best binary balanced accuracy occurred with
100 individuals and 50 generations, while the best multiclass macro-F1 occurred with
100 individuals and 20 generations. Larger populations sometimes increased complexity
and runtime without improving the test result.

These findings justify the use of the common 250-by-20 profile as a moderate and re-
producible benchmark configuration. It was not the optimal setting for every dataset, but it
avoided selecting a separate favorable configuration after observing each test result. This is
important for credible benchmarking. Dataset-specific tuning could improve predictive
performance, but it would also substantially increase computational cost and complicate
comparisons between methods.

For practical use, the sensitivity results suggest that generation count should often be
increased before population size, particularly when the initial population already provides
sufficient structural diversity. However, this recommendation remains problem-dependent.
High-dimensional, discontinuous, or highly multimodal problems may benefit from larger
populations, islands, or adaptive population sizing.

4.8. Interpretability and Complexity-Aware Selection

FastSymbolicGP was designed to treat expression complexity as a primary model prop-
erty rather than as a secondary reporting statistic. The final selection procedure preferred
the smallest model whose loss remained within 2% of the best stored loss. The equation-
pool analysis provided additional evidence that this approach can produce practically
useful simplification.

Across 93 benchmark-method-configuration groups, a simpler model within 1% of the
best predictive result was available in 31 groups. In these cases, the mean complexity reduc-
tion was 28.6%, while the mean decrease in the reported predictive metric was only 0.00063.
The maximum observed decrease was 0.00832. Thus, meaningful reductions in expression
size were frequently possible without materially changing predictive performance.

This result supports the use of Pareto archives and tolerance-based final selection.
Selecting the numerically best candidate without considering complexity may retain un-
necessary operators, constants, and nested subexpressions. In scientific and engineering
applications, a slightly less accurate but substantially simpler equation may be easier to
validate, communicate, implement, and compare with existing theory.
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At the same time, node count, depth, and the composite complexity score are only prox-
ies for interpretability. Two expressions with the same number of nodes may differ greatly
in cognitive difficulty. An expression containing several nested logarithmic and trigono-
metric functions may be harder to understand than a larger polynomial. The number of
variables, repeated subexpressions, nonlinear operators, numerical constants, and domain
familiarity all influence human interpretation [17,19].

The composite score used in the benchmark was intentionally defined as an
implementation-independent descriptive indicator. It should not be presented as a vali-
dated universal measure of human comprehensibility. Future work should include human-
subject evaluations, task-specific interpretability criteria, minimum-description-length
measures, symbolic equivalence reduction, and domain-expert assessment.

4.9. Interpretation of the Ablation Results

The ablation analysis indicates that crossover contributed positively to the Friedman-1
search. Removing crossover reduced the mean R? from 0.7242 to 0.7018. The resulting
expressions were smaller and the runs were faster, but the predictive deterioration suggests
that crossover successfully recombined useful symbolic components.

Disabling subtree mutation increased the mean R2 t0 0.7580, but also increased com-
plexity. This result should not be interpreted as evidence that subtree mutation is unnec-
essary. Mutation supports exploration and can prevent the population from becoming
restricted to combinations of existing material. On this specific dataset and under the
selected budget, crossover and point mutation may have provided sufficient diversity,
while subtree mutation occasionally disrupted useful structures. Additional ablation exper-
iments across several datasets and larger numbers of seeds are required before drawing
general conclusions.

Disabling adaptive parsimony did not change the final metrics in the reported experi-
ment. One explanation is that the maximum depth, maximum node count, hoist mutation,
and tolerance-based final selection already provided strong complexity control. The adap-
tive penalty may therefore have affected intermediate population composition without
changing the final selected model.

Island evolution performed similarly to the reference configuration. The selected run
used only four islands, infrequent migration, and no parallel execution. Island models may
provide greater advantages for larger populations, longer searches, heterogeneous island
profiles, or strongly multimodal problems.

The ablation study should therefore be interpreted as a verification that the imple-
mented mechanisms behave plausibly, not as a definitive ranking of evolutionary operators.
Its main limitation is that it used one synthetic regression problem and five seeds.

4.10. Practical Positioning of FastSymbolicGP

The results suggest that FastSymbolicGP is particularly suitable for users who require
several of the following properties simultaneously:

¢ Explicit symbolic regression and classification models;

* A compact Python and scikit-learn-compatible interface;

*  Native binary and multiclass classification;

*  Moderate or large sample sizes;

*  Repeated experiments across seeds and parameter configurations;
e Direct extraction of candidate-equation pools;

*  Validation-aware and complexity-aware model selection; and

*  Source-code export and low-dependency deployment.
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The library is not necessarily the preferred choice in every symbolic learning scenario.
PySINDy is more appropriate when a reliable sparse candidate library can be specified
for a dynamical system. PySR or Operon may be preferable when maximum symbolic
regression performance, extensive parallelism, advanced constant optimization, or highly
optimized compiled backends are the primary requirements [9,36]. Al Feynman is particu-
larly relevant when the problem satisfies its assumptions regarding physical decomposition
and separability [14].

FastSymbolicGP should therefore be positioned as a lightweight and practical com-
plementary tool rather than as a replacement for every symbolic regression system. Its
distinctive contribution lies in combining efficient tree-based genetic programming, regres-
sion, binary classification, multiclass classification, estimator compatibility, reproducible
equation extraction, and complexity-aware output selection within one Python library.

4.11. Limitations

Several limitations should be considered when interpreting the results.

First, the benchmark covered a diverse but finite collection of datasets. Four real-world
regression datasets, two real binary datasets, three multiclass datasets, five physical laws,
and two dynamical systems are insufficient to establish universal performance. Larger
evaluations based on SRBench, PMLB, OpenML, or domain-specific scientific collections
would provide stronger evidence of generalization [30,38].

Second, the compared methods did not use identical candidate-evaluation bud-
gets. FastSymbolicGP, gplearn, PySR, and PySINDy employ different population models,
constant-optimization procedures, simplification mechanisms, and stopping behavior.
Their population and iteration values cannot be converted into a perfectly equivalent
number of evaluated symbolic structures. The comparisons therefore reflect practical
configurations rather than mathematically identical search budgets.

Third, the experiments were performed on one Windows workstation using single-
thread execution. The relative performance could differ on Linux, on processors with
different vectorization capabilities, or under parallel execution. PySR and Operon are
designed to exploit compiled and parallel execution, while the present study intentionally
restricted execution to improve timing reproducibility.

Fourth, only the postfix Numba execution pathway was evaluated for FastSymbol-
icGP. DAG execution, expression caching, subtree caching, semantic duplicate elimination,
adaptive operator probabilities, and parallel island execution were disabled or not fully
evaluated. The benchmark therefore does not characterize the maximum performance of
every library component.

Fifth, the physical law and dynamical system experiments were controlled. The phys-
ical law datasets were generated directly from known analytical equations with a small
amount of noise, while exact derivatives were used for the dynamical systems. Real ex-
perimental data would introduce measurement error, missing variables, imperfect sensors,
nonstationarity, and numerical differentiation error.

Sixth, dimensional consistency was evaluated after symbolic evolution rather than
enforced during search. The library can consequently produce numerically accurate but
physically invalid equations unless the user performs nondimensionalization or domain-
specific validation.

Seventh, the interpretability analysis relied primarily on structural proxies. The com-
posite complexity score has not been validated against human judgments and does not
capture every aspect of semantic simplicity, familiarity, or scientific usefulness.

Eighth, the binary experiments evaluated discrimination and threshold-dependent
metrics but did not perform a complete probability-calibration analysis. Similarly,
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the classification datasets used a fixed development—validation-test procedure rather than
nested cross-validation.

Finally, the library was developed and evaluated by its author. Independent repro-
duction, external users, additional software testing, and community benchmarking are
required to establish robustness beyond the presented experiments.

4.12. Future Development

Several extensions follow directly from the identified limitations. Automatic di-
mensional typing could prevent invalid operations during tree generation and variation.
Physics-aware constraints could incorporate monotonicity, symmetry, conservation rela-
tionships, and known boundary conditions into fitness evaluation or program construction.

Improved numerical-constant optimization could help recover equations such as the
more difficult Lorenz components and reduce the need for the genetic search to approximate
coefficients structurally. Possible approaches include local nonlinear optimization, linear
scaling of multiple symbolic components, gradient-based constant refinement, and hybrid
evolutionary—deterministic search.

The execution engine should be evaluated with DAG compilation, bounded subtree
caching, semantic duplicate elimination, vectorized batch scheduling, multithreading,
multiprocessing, and island parallelism. A more complete profiling study should jointly
examine fitting time, prediction latency, native memory consumption, cache efficiency,
and energy usage.

Classification development should include explicit calibration benchmarks, cost-
sensitive threshold optimization, multilabel classification, ordinal classification, class-
specific reject options, and distribution-shift-aware threshold refitting. The multiclass
shared-backbone strategy could also be extended with automatic component-number
selection and sparsity penalties on the softmax head.

From an interpretability perspective, future releases should provide stronger algebraic
canonicalization, symbolic equivalence detection, unit-aware simplification, minimum-
description-length criteria, stability analysis across bootstrap samples, and tools for domain
experts to rank Pareto-optimal equations.

Finally, the benchmark should be expanded to include more symbolic regression li-
braries, conventional black-box models, larger multiclass datasets, noisy dynamical systems,
real experimental physical data, and repeated nested validation. Such evaluation would
clarify when the computational and interpretability advantages of FastSymbolicGP translate
into practical advantages over established symbolic and nonsymbolic learning methods.

5. Conclusions

This paper presented FastSymbolicGP, a lightweight Python library for symbolic re-
gression, binary classification, and multiclass classification based on tree-structured genetic
programming. The library combines a scikit-learn-compatible estimator interface with
tournament selection, subtree crossover, subtree mutation, hoist mutation, point mutation,
elitism, protected numerical operations, validation-aware evolution, adaptive parsimony,
explicit complexity measurement, candidate-equation pools, and Numba-compiled post-
fix evaluation.

The experimental evaluation considered predictive accuracy, computational efficiency,
symbolic complexity, physical law recovery, dimensional consistency, class imbalance,
threshold selection, multiclass decision strategies, dynamical system identification, scalabil-
ity, parameter sensitivity, and evolutionary ablation. Under the evaluated configurations,
FastSymbolicGP achieved the highest mean R? on all four investigated real-world scientific
regression datasets and obtained significantly better pooled predictive results than gplearn
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and PySR. On the dynamical system benchmark, it significantly outperformed gplearn and
obtained performance comparable to PySR, while recovering scientifically recognizable
expressions such as the exact Lorenz x equation.

The classification experiments showed that FastSymbolicGP can support both con-
ventional and imbalance-aware symbolic decision models. Validation-based threshold
selection improved performance under severe imbalance, while balanced class weight-
ing increased mean balanced accuracy when minority classes were rare. In multiclass
classification, the one-versus-rest and shared-softmax strategies exhibited complementary
strengths. Shared softmax performed strongly on the smaller three-class problems and
reduced prediction latency, whereas one-versus-rest was more accurate on the ten-class
Digits dataset.

The scalability analysis showed that the Numba postfix evaluator becomes increasingly
advantageous as the number of samples grows. At 50,000 samples, FastSymbolicGP
was approximately 6.20 times faster than PySR and 1.63 times faster than gplearn while
obtaining predictive performance nearly identical to PySR and substantially higher than
gplearn. These results support the use of FastSymbolicGP for repeated symbolic learning
experiments on medium-sized and large datasets.

The physical law experiments also established an important methodological limitation.
Nearly perfect predictive performance did not guarantee physical validity when dimen-
sional variables were supplied directly. Nondimensionalization increased the dimensional-
validity rate of FastSymbolicGP expressions from 24% to 96%, while simultaneously reduc-
ing runtime and symbolic complexity. Consequently, symbolic transparency should not be
confused with automatic scientific correctness. Recovered equations must still be evaluated
using units, physical constraints, limiting behavior, and domain knowledge.

The equation-pool analysis confirmed the practical value of complexity-aware model
selection. In benchmark groups where a simpler near-optimal model was available, expres-
sion complexity decreased by an average of 28.6%, while the average predictive reduction
was only 0.00063. This finding supports the use of Pareto archives and tolerance-based
model selection when the objective is not only accurate prediction but also compact and
communicable mathematical structure.

FastSymbolicGP is therefore not presented as a universally superior symbolic learning
algorithm. The comparative results are specific to the evaluated datasets, configurations,
primitive sets, stopping criteria, and computational budgets, and alternative tuning of the
compared libraries may produce different outcomes. Specialized systems can be prefer-
able when a known sparse candidate library, extensive compiled parallelism, advanced
numerical optimization, or physics-specific decomposition is available. The contribution of
FastSymbolicGP lies instead in providing a practical balance of predictive quality, compu-
tational efficiency, task coverage, estimator compatibility, and model interpretability within
a lightweight Python framework.

Future work will focus on unit-aware genetic programming, physics-constrained
evolution, improved numerical-constant optimization, probability calibration, semantic
duplicate elimination, DAG and cache acceleration, parallel island execution, stronger
algebraic simplification, and broader independent benchmarking. Subject to these exten-
sions and external validation, FastSymbolicGP provides a promising foundation for repro-
ducible symbolic machine learning in scientific, engineering, biomedical, and classification-
oriented applications.
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Data Availability Statement: The FastSymbolicGP library presented in this study is publicly avail-
able through the Python Package Index (PyPI) at https://pypi.org/project/fastsymbolicgp/ ac-
cessed on 25 July 2026, and through the GitHub repository at https://github.com/nandelic2022/
FastSymbolicGP accessed on 25 July 2026. The benchmark datasets used in this study are publicly
available standard datasets distributed through the Python scientific machine learning ecosystem,
including datasets available in scikit-learn and synthetically generated datasets created using repro-
ducible Python scripts. The generated benchmark results, tables, and figures are available from the
author upon reasonable request.
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