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Abstract: While probabilistic neural network (PNN), originally proposed for classification problems, has many advantages, such as 

inherently high parallelism, it has long been conceived that the reference mode is slower than other classification methods. In this study, 

we therefore focus on the parallelism and actually implement the PNN model in a parallel environment using a GPU. In the simulation 

study, we compared the parallelly implemented version of a PNN using GPU against that operated in ordinary serial mode of the CPU. 

We then observed that the processing time for the case of the GPU was improved over the ordinary CPU case for 6 out of 13 publicly 

available datasets. 

 

I. INTRODUCTION 

Probabilistic neural network (PNN) [1] is a layered neural 

network model. While PNN has many advantages such as 

fast learning, high parallelism, and high robustness against an 

adversarial attack [2], it has an inherent problem of slow 

processing in the reference mode. In this work, we focus upon 

the study of improving the processing speed in the reference 

mode by implementing a PNN in the parallel computing 

environment using a GPU. 

 

II. THE PROBABILISTIC NEURAL NETWORK 

PNN is a three layered neural network, with a single hidden 

layer consisting of radial basis functions (RBFs). Figure 1 

illustrates the structure of PNN. The output value from each 

of the RBF layer units and that of the output layer units in a 

PNN are respectively defined as: 
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where ‖…‖2   denotes L2-norm, and ℎ𝐶(𝑗) , 𝑐𝐶(𝑗) , 𝑜𝐶  , 

and 𝑈𝐶  are the output value of the j-th unit in the class C in 

the RBF layer, the attribute vector of the j-th unit in the class 

C, the output value of the output layer, and the number of 

training data in each class, respectively. 

As in (2), the activation of each RBF is based upon the 

computation of the Euclidean distance (i.e. that given by the 

L2-norm) between the attribute and target vector, where each 

attribute vector corresponds to a single training data. The 

label of the output unit with the highest value yields the 

classification result of the target vector given. 

 

 

Figure 1. The structure of PNN 

 

Table 1. A comparison of time-steps 

 

 

III. PARALLEL IMPLEMENTATION OF THE 

PROBABILISTIC NEURAL NETWORK 

It is known that the operations in the RBF layer and the output 

layer can be executed in parallel, since their operations do not 

depend on the outcomes from the other units in the same 

layer[3]. The comparison of time-step in serial and parallel 
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processing is shown in Table 1, where L is the number of 

attributes and Tr is the number of training data. In the table, 

since all the operations in the PNN can be executed in parallel, 

we consider that it is possible to increase the classification 

speed using a sufficient number of processing units i.e. those 

available within the GPU. 

 

IV. SIMULATION STUDY 

To compare the time-steps for classification in both the serial 

and parallel processing (except for ID 6 and 7) as summarized 

in Table 1, we conducted a series of the simulations with 13 

publicly available datasets; 12 of 13 obtained from the UCI 

machine learning repository [4] and one remaining from the 

MNIST [5]. Then, each dataset is normalized within the 

range [−1, 1] . Tables 2 and 3 show the summary of the 

computing environment and the 13 datasets used for the 

simulation study, respectively. 

 

Table 2. Computing environment for the simulation study 

 

 

Table 3. Summary of the 13 datasets 

 

 

V. SIMULATION RESULTS 

The simulation results are summarized shown in Table 4. In 

the table, each processing time shown is the averaged 

classification time per pattern actually taken during the 

testing for the case of using the CPU and GPU, respectively. 

As in Table 4, the processing time was improved for the 

case of using the GPU where the 6 datasets of isolet, letter-

recognition, MNIST, optdigits, pendigits, and statlog among 

the 13, comparing with the case of the CPU. For the rest, i.e. 

abalone, balance-scale, cmc, ionosphere, tic-tac-toe, wdbc, 

and yeast, the processing time was slower than the case of the 

serial, where these 7 datasets have fewer training data than 

the other 6 datasets. From these results, it is considered that 

the cause of the unexpected slower processing for the case of 

the GPU was the extra time required for the data transaction 

during performing the operations from ID 3 to 5 in Table 1. 

 

Table 4. Summary of the simulation results 

 

 

VI. CONCLUSION 

In this study, we have compared the classification time of a 

PNN operated in both the serial and parallel environment. It 

has been empirically shown that the processing time in the 

parallel mode can be improved in the case of the datasets with 

a sufficient number of the training data. Future work includes 

the comparison of the processing time between the PNN and 

other classification methods operated in parallel situations. 
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