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Abstract. Probabilistic Neural Networks (PNNs) are memory-based
networks that have been used successfully for classification and regres-
sion tasks. Training of PNNs may be performed by analytical methods,
e.g., plug-in or by heuristic methods, e.g., Particle Swarm Optimization.
Heuristic methods are superior to traditional PNN training techniques
because of their nonparametric behavior, independence of the PNN ker-
nel selection, and ability to optimize method parameters for a given
problem. One of the recently proposed training algorithms - constrained
Hybrid Metaheuristic (cHM), overperformed other analytical and heuris-
tic procedures on a variety of datasets. Here, we present a further eval-
uation of the cHM method for training PNNs for classification tasks. In
particular, we study its effectiveness and stability with different hyper-
parameters across 10 datasets. The results show that the cHM training
procedure is generally stable and the parameter selection does not sig-
nificantly impact the PNN training accuracy for 8 of 10 tested datasets.

Keywords: Probabilistic Neural Networks · learning procedure · meta-
heuristic · hybrid metaheuristic · synergy· hyperparameter optimization

1 Introduction

Probabilistic Neural Networks constitute a family of neural models that explic-
itly embed probabilistic reasoning into learning, making them well-suited for
classification and regression tasks [18]. Their core idea is to approximate class-
conditional probability distributions from data, usually through kernel density
estimation (KDE), and then assign a label by selecting the class that maximizes
the estimated likelihood. In contrast to conventional neural networks that learn
decision boundaries via iterative weight optimization (e.g., backpropagation),
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PNNs assess how probable it is that a given input originates from each class
distribution and make decisions directly from these distributional comparisons.

PNNs are valued in settings where uncertainty and noise are intrinsic, be-
cause probability distributions naturally express ambiguity and support robust
decisions. At the same time, their probabilistic structure promotes interpretabil-
ity by linking outputs to explicit density estimates and prototype contributions,
which aligns well with explainability requirements [9] and uncertainty-aware
modelling [8]. Despite remaining computational challenges, continued work on
optimization and hybridization indicates that PNNs are likely to remain a rele-
vant component of explainable and probabilistic AI.

1.1 Hyperparameter Optimization

Hyperparameter optimization (HPO) is a critical factor in metaheuristic algo-
rithms. Not only does it provide control over the behavior of the algorithm, but
it also helps maximize metaheuristic performance for a given problem [3]. The
HPO techniques for metaheuristics can be divided into three categories. Simple
generate-evaluate methods generate candidate hyperparameter sets and evalu-
ate them all. Iterative generate-evaluate methods perform the generation and
evaluation phases repeatedly, testing a new set of hyperparameters in each it-
eration. A different approach to HPO uses hyperheuristic methods that rely on
self-adaptation and hybridization of a few algorithms, aiming at their optimal
selection and parameterization. Popular approaches of this type include self-
adaptation and hybridization of the Particle Swarm Optimization (PSO) [15,
14]. Also, probabilistic models have become very popular in the area of HPO
thanks to their ability to model uncertainty in the objective function [1, 17].

In this work, the first type of HPO was selected, particularly a GridSearch
optimization [2]. This brute-force technique starts with a definition of all possible
parameter values to test. Next, the Cartesian product C of all these parameters
is produced. Then, the GridSearch algorithm evaluates all parameters from C
in the same way. In the end, the evaluation run with the highest performance
metric is considered to be the optimal value of the hyperparameters for the given
algorithm. Generally, this method can suffer from the curse of dimensionality [2]
when the parts of the Cartesian product are large. However, for this study, the
parameter set space was selected to omit the issue and test a reasonable space
of possible cHM parameter values.

1.2 Motivation and Contribution

The cHM algorithm [7] demonstrated superior performance in PNN training, sur-
passing both single metaheuristics and traditional statistical methods in terms
of accuracy. As a computational intelligence approach, cHM’s performance can
be further enhanced through HPO. Investigating the impact of HPO on this
algorithm offers valuable insights into optimal parameter selection. Moreover,
such an analysis shows the algorithm’s stability across varying hyperparameter
configurations when applied to diverse datasets.
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While this study investigates the cHM parameterizations across multiple
datasets, it does not aim to compare the computational cost or predictive ac-
curacy of the proposed approach with other PNN training techniques, including
conventional and heuristic methods. Instead, the analysis concentrates on the
internal parameters of the hybrid method and examines their impact on the
overall performance.

The main contributions of this paper are three-fold: (1) We conduct a thor-
ough HPO for the cHM method across 10 datasets; (2) The best cHM parameters
for each dataset are proposed; (3) The dependence of the cHM algorithm on the
number of iterations, probing, and fit constraints is analyzed.

1.3 Related work

The training process of PNNs, particularly in determining smoothing parame-
ters, can be divided into two main categories, each with distinct characteristics.
The first category includes deterministic methods, e.g. the plug-in [19] proce-
dure. These approaches focus on minimizing the error between the estimated
and probability density functions, ensuring that the estimated density closely
matches the actual data distribution. As deterministic methods, they consis-
tently produce the same results for the same input data and are particularly
effective when the primary objective is accurate density estimation. The sec-
ond category comprises non-deterministic approaches, including meta-heuristic
algorithms like Genetic Algorithms, PSO, Simulated Annealing (SA) and con-
strained Hybrid Metaheuristic algorithm, as well as reinforcement learning [11]
techniques. These methods are tailored to optimize classification performance
by adjusting the smoothing parameter to maximize class separability. Although
less stable than statistical methods, they offer greater flexibility and the poten-
tial to achieve superior results in individual training runs, especially in complex
classification tasks where optimal class distinction is crucial. By leveraging their
adaptability, non-deterministic methods can outperform statistical techniques
under specific conditions. They can deliver exceptional classification accuracy
when carefully tuned, making them valuable in scenarios where class separabil-
ity is a priority [7, 10].

2 Methods

When using heuristics, particularly swarm-based algorithms, to train PNNs, each
individual within the population is represented as a vector of proposed smoothing
parameters. Specifically, an individual corresponds to a vector that contains
parameters necessary to configure a PNN for a given dataset [10].

2.1 constrained Hybrid Metaheuristic

Figure 1 presents the flow diagram of the PNN training with the cHM algorithm.
Generally, the training algorithm combines k single (inner) metaheuristics with
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a shared population to ensemble them into one hybrid training method [7]. It
consists of 2 stages: probing and fit. Before the cHM algorithm starts, its internal
parameters are initialized:
– maxFEprobing (maxFEp) - number of maximum cost function evaluations

during the probing phase [20]. This parameter is incremented for each indi-
vidual for each test sample in the dataset.

– maxFEfit (maxFEf ) - maximal number of cost function evaluations during
the fit phase [20]. The incrementation strategy is similar to the maxFEp one.

– n - number of probing and fit phases.
– Random initialization of the population θ, the same for each inner meta-

heuristic.

Next, the algorithm is executed for n iterations. Firstly, the probing phase is
run. In this step, each kth metaheuristic is used to train a PNN until the number
of cost function evaluations does not exceed the maxFEp criteria for each of the
k methods. After probing, the population θbest from the best-performing method,
in terms of the cost function value, is passed to the fit phase. In the fit phase,
the metaheuristic that produced θbest is used for further PNN training. The
training continues until the number of cost function evaluations does not exceed
the maxFEf or the PNN training convergence condition is met. In the end, after
n probing and fit phases, the best individual from the best population is taken
as a final smoothing parameter vector for the PNN construction [7].

Fig. 1: Block diagram of PNN training using the cHM algorithm.

In this work, a group of five metaheuristic methods is evaluated as the
inner-optimization methods of the cHM algorithm: PSO [5], the Bat algorithm
(BAT) [12], Bacterial Foraging Optimization (BFO) [16], SA [6], and the Flower
Pollination Algorithm (FPA) [10]. These global optimization techniques are well-
established in the literature [13]. Following [7], we adopted the standard versions
of these metaheuristics.
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2.2 Datasets and experiment parameters

In this work, PNNs are constructed using the Cauchy kernel, incorporating dis-
tinct smoothing parameters for each feature vector within the dataset. The cHM
algorithm is utilized to train the PNNs for classification tasks. The cHM method
is initialized with a randomly generated population of individuals, where each
individual represents a set of smoothing parameters required for building the
PNN. The initial population comprises 20 individuals with parameter values con-
strained to real numbers in the range [0,10]. The same population is employed
to initialize each inner optimizer within the cHM procedure. Following [7], the
error rate is used as the cost function.

When training PNNs using computational intelligence techniques, the smooth-
ing parameter values during optimization must be constrained due to PNN ar-
chitecture requirements. The possible values for these parameters are restricted
to the interval [0,10000] of real numbers. If a smoothing parameter is found to be
negative, the reflection technique [4] is used to ensure that the parameter value
is adjusted to be within the permissible positive range.

The specific parameters of the cHM algorithm are summarized in Section 3,
while the parameters used for each metaheuristic within the cHM framework are
detailed in [7]. The cost function convergence threshold is set to 1e− 8.

The performance of PNN training with the cHM algorithm is evaluated on 10
well-known datasets taken UCI repository. Each dataset is stratified into train
and test subsets, with the size of the test set comprising 20% of the total dataset.
The training process is repeated 10 times for each experiment configuration, for
each dataset, enabling the calculation of cumulative (average) metrics, including
accuracy, precision, and recall.

3 Experimental evaluation

The main focus of this research is performing the hyperparameter optimization
of cHM for PNN training for various classification tasks. The cHM with different
sets of algorithm parameters is used to train PNN and evaluate its performance
for classification tasks. The maxFEp and maxFEf values for HPO are estab-
lished proportionally to population size and training set cardinality [7].

3.1 HPO

Table 1 demonstrates maxFEp and maxFEf parameter ranges used in the cHM
for HPO for each dataset. The value of cHM n was taken from the set of [3,4,5]
for each dataset. This gives a sample of 48 parameter sets for each dataset, tested
for PNN training using the cHM algorithm (4 probing values * 4 fit values * 3
n values).

In Table 1, the results of the HPO experiment are summarized. For each
dataset, the cHM parameters with the highest average accuracy value from 10
runs are presented. To exemplify, the table presents the maximum test accuracy
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metric from the algorithm run with the highest average test accuracy for given
cHM hyperparameters. In addition, Table 1 shows the ratio of maxFE’s probing
and fit constraints together with the n value for the best run. Generally, cHM
usually converged after 3 or 4 iterations, except for the Banknote dataset, where
cHM performed best with 5 iterations. The results also indicate that there is no
obvious choice for the probing and fit maximum number of function evaluation
constraints (maxFEp and maxFEf ). The mean value of the probing/fit (p/f)
ratio was 0.291, and the median was 0.3. The ratio distribution suggests there is
no clear indication of an optimal ratio value. The detailed results of the corre-
lation between individual cHM parameters and PNN accuracy performance on
the test set are presented in Section 3.2.

Table 2(a) presents accuracy, precision, and recall metrics on average for
all 10 experiment repetitions for all hyperparameters. In addition, the average
standard deviation of each metric value is presented. For Iris, Wine, Cancer,
ILPD, Parkinson and Climate datasets the standard deviation of each metric was
smaller than 10% of the average metric value over all HPO runs. It may indicate
that the cHM has similar training performance with various hyperparameters for
these datasets. For the Glass, Ecoli, Heart and Banknote datasets, the average
standard deviation across all HPO runs was significantly higher. This may imply
the impact of cHM hyperparameters and algorithm randomness on the PNN
training performance. The results for these three datasets require further studies
of parameter selection for these datasets.

Table 1: HPO experiment. Tested and finally selected parameter values with the corresponding
optimization results. The maxFEp and maxFEf values are in thousands of feature evaluations,
e.g., 48 equals 48 000 FE.

Dataset Ranges Selected cHM parameters Performance Ratio
maxFEp maxFEf maxFEp maxFEf n avg acc avg prec avg recall pf_ratio

Iris [24, 48, 72, 120] [120, 240, 480, 720] 72000 240000 3 0.937 0.938 0.937 0.3
Cancer [91, 182, 273, 455] [455, 910, 1820, 2730] 273000 910000 4 0.959 0.957 0.954 0.3
Wine [28.4, 56.8, 85.2, 142] [142, 284, 568, 852] 85200 284000 3 0.892 0.897 0.893 0.3
ILPD [92.6, 185.2, 277.8, 463] [463, 926, 1852, 2778] 185200 1852000 3 0.668 0.604 0.611 0.1
Glass [34.2, 68.4, 102.6, 171] [171, 342, 684, 1026] 171000 684000 4 0.588 0.576 0.504 0.25

Parkinson [31.2, 62.4, 93.6, 156] [156, 312, 624, 936] 31200 312000 4 0.931 0.905 0.917 0.1
Ecoli [53, 106, 159, 265] [265, 530, 1060, 1590] 265000 530000 4 0.742 0.648 0.526 0.5
Heart [47.4, 94.8, 142.2, 237] [237, 474, 948, 1422] 237000 1422000 4 0.442 0.290 0.251 0.167

Climate [86.4, 172.8, 259.2, 432] [432, 864, 1728, 2592] 259200 432000 3 0.858 0.505 0.504 0.6
Banknote [219.4, 438.8, 658.2, 1097] [1097, 2194, 4388, 6582] 2194000 1097000 5 0.997 0.996 0.997 0.5

Table 2: (a) Test set performance metrics from HPO. (b) Correlation results between cHM parameters
(n and maxFEp) and average test accuracy of trained PNN. tc = 2.013 was used in all experiments.

Dataset Accuracy Precision Recall
Mean Std Mean Std Mean Std

Iris 0.916 0.027 0.918 0.026 0.916 0.027
Cancer 0.948 0.010 0.948 0.010 0.941 0.012
Wine 0.831 0.084 0.840 0.078 0.833 0.083
ILPD 0.650 0.022 0.587 0.025 0.594 0.028
Glass 0.529 0.088 0.488 0.121 0.434 0.096

Parkinson 0.911 0.033 0.879 0.042 0.900 0.043
Ecoli 0.702 0.079 0.576 0.135 0.455 0.088
Heart 0.401 0.049 0.246 0.043 0.217 0.035

Climate 0.849 0.014 0.489 0.036 0.492 0.033
Banknote 0.984 0.028 0.984 0.028 0.985 0.028

(a)

Dataset n maxFEp

corrp ts corrs ps corrp ts corrs ps
Iris -0.065 -0.444 -0.033 0.826 -0.224 -1.561 -0.175 0.233

Cancer 0.183 1.263 0.23 0.115 -0.024 -0.166 -0.032 0.830
Wine -0.267 -1.881 -0.268 0.065 -0.042 -0.286 -0.023 0.877
ILPD -0.136 -0.932 -0.114 0.439 -0.116 -0.789 -0.125 0.399
Glass 0.146 1.004 0.172 0.242 0.239 1.671 0.256 0.079

Parkinson -0.328 -2.354 -0.310 0.032 -0.300 -2.134 -0.333 0.021
Ecoli -0.155 -1.063 -0.168 0.255 0.124 0.844 0.136 0.357
Heart 0.019 0.126 0.066 0.654 0.132 0.903 0.044 0.764

Climate 0.202 1.399 0.182 0.216 -0.082 -0.555 -0.093 0.529
Banknote -0.006 -0.042 -0.060 0.686 0.364 2.653 0.315 0.029

(b)
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3.2 cHM parameters impact on PNN training performance

To determine the dependence of cHM hyperparameters on the performance of
PNN training, Pearson and Spearman correlation coefficients were calculated
to evaluate the linear and monotonic relationship between variables. For this
purpose, maxFEp, maxFEf and n were assumed to be independent of each
other. The correlation coefficients were calculated separately for each dataset,
with a degree of freedom equal to 46, which comes from nsamples − 2. Pearson’s
α and Spearman’s p−value were set to 0.05. The ts and tc stand for T-statistics
statistical and critical values for the Pearson correlation, respectively. The ps
represents a p value for the Spearman correlation. The null hypothesis stated
that there is a relationship between each parameter and the average test accuracy
metric value for PNN trained with the cHM algorithm. If the absolute value of ts
was higher than tc, the null hypothesis cannot be rejected, and there might be a
linear relationship between variables according to the Pearson correlation theory.
If ps is lower than p−value for the Spearman correlation, the null hypothesis may
not be rejected, and the examined variables might have a monotonic relationship.

Table 2(b) demonstrates the correlation coefficients of Pearson corrp and
Spearman corrs between the cHM parameter n and the average test accuracy of
the PNN trained with the cHM method. The results indicate that there might be
a relationship between the cHMs n value and the average test accuracy of PNN
classification for the Parkinson dataset. For other datasets, calculations did not
show significant evidence to assume such a relationship. Similarly, Table 2 b)
presents that a relationship between the average test accuracy metric of PNN
and the cHMs maxFEp for Parkinson and Banknote datasets cannot be rejected.

4 Conclusions

In this paper, Hyperparameter Optimization of the cHM algorithm for PNN
training is conducted on 10 classification datasets. Although no clear optimal
values for the probing and fit constraints are identified, the best performance
is typically achieved within 3–4 iterations (n). The parameters maxFEp and
maxFEf should be selected based on dataset characteristics, using Table 1 or
via dedicated HPO. The results in this table indicate low metric variability, con-
firming the robustness of the cHM algorithm across different parameter settings.
Correlation analysis (Table 2 b)) revealed potential relationships between cHM
parameters and performance only for the Parkinson and Banknote datasets. Fu-
ture work may include evaluating the impact of varying the number of inner
optimizers and improving population transfer between cHM phases.
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