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Abstract 

K-nearest neighbors (KNN) is a supervised learning technique that predicts the outcome of a sample 
based on the samples surrounding it. One of the main drawbacks of this method is the memory required for 
prediction. All samples must be stored, so the inference time increases with the size of the dataset. For this 
reason, this work presents a technique based on genetic algorithms (GA) to select the most relevant samples, 
thereby reducing the complexity of the KNN algorithm. The main objective of GA is to use the samples that 
contribute most to the prediction in a regression system, reducing the number of samples and the 
computational load of KNN. The results of this work show a significant improvement in inference times when 
combining GA with the KNN method. 
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1. Introduction 

K-nearest neighbors is a supervised learning method where; to infer a new sample, the surrounding 
neighbors play an important role in the prediction (Ahmed et al., 2020). For regression, the prediction method 
consists of using the K nearby samples and, through a statistical process (generally calculating the mean or 
median), obtaining the new value. However, one of the disadvantages of this model is that, to calculate a new 
instance, all samples in the dataset must be queried. This results in large amounts of memory being required 
to store the information (Valero et al., 2017). These problems have led to various studies focusing on selecting 
the instances that best represent the dataset. Techniques based on bio-inspired algorithms have 
demonstrated superiority in choosing the best features from a dataset, showing that robustness can be 
improved without compromising classification metrics (Cano et al., 2005). Other methods involve the use of 
clustering, which attempts to obtain the best representation of the dataset based on its density (Garcia et al., 
2012). Although these techniques allow for obtaining representative samples of the dataset, finding a balance 
between sample size and the value of K remains challenging. For this reason, this study uses a system that 
drastically reduces both the number of instances and the value of K, while preserving classification indices 
and the robustness of KNN. This method is based on the construction of a genetic algorithm whose main 
feature is a modification to the chromosome structure (Garcia et al., 2008). The chromosome now has the 
peculiarity of being a vector containing samples of a particular class. With these additional features, a KNN-
based regressor is constructed where the value of K is restricted to three. The results of these modifications 
position this method as a tool that can be implemented in an embedded system. 

 
2. Proposed Methodology 

This section describes the methods used to construct the KNN regression system in conjunction with the 
GA. Figure 1 illustrates the steps used to build the final model. As shown in this figure, the system is divided 
into three steps: GA construction, KNN training, and evaluation. In the first step, GA construction, a subset of 
the dataset is used by the GA to find the samples that best describe the regression system. Once these 
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	samples are found, a KNN model is trained on them, minimizing the value of K. Finally, this model is evaluated 
using a test set to measure its efficiency. 

 

 

 

 

 

 

 

Figure 1: General diagram describing the KNN construction process. 
 

2.1. Genetic Algorithm design 

The main goal of GA is to minimize the size of the dataset without degrading the performance of the 
regression system. To achieve this, the total training values of y were divided into B disjoint blocks using 
percentiles, ensuring that each block initially contained the same information density: 

𝐵!, 𝐵", … , 𝐵# (1) 

Each block 𝐵# is   delimited by a lower and upper threshold based on the actual signal distribution. Thus, the 
optimization problem for the regression system is defined as follows: 

min𝑀𝑆𝐸(𝑃) ∶ 𝑃 ⊂ 𝐷$ 	𝑦	|𝑃%| = 𝑝%, ∀𝑏 = 1,… , 𝐵 (2) 

Where 𝑀𝑆𝐸(𝑃) is the mean squared error, 𝑃% is the subset of selected prototypes, and 𝑝% is the fixed budget 
of samples allowed for block 𝑏. To carry out the mutation process, for each gene within block 𝐵#, the method 
restricts the search for the new sample only to the indices of the original dataset whose values of y belong to 
that same statistical block. On the other hand, the crossover operator was modified so that the cutoff points 
preferentially coincide with the block boundaries (𝑝%, 2𝑝%, 3𝑝%, …). This preserves the behavioral banks that a 
parent has already learned to solve well. Finally, the fitness function seeks to minimize the error between the 
prediction and the actual value. For this, the fitness function is defined according to (equation 3) : 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠	(𝑃) =
1
|𝐷&|

	 @ (𝐾𝑁𝑁'()(𝑥|𝑃)	− 	𝑦	)²
(+,-)∈	1!

	 

Where 𝐾𝑁𝑁'()	(𝑥│𝑃) is the continuous prediction by neighborhood average returned by the model trained 
with the strict prototype budget 𝑃. 

2.2. KNN model construction 

In machine learning, KNN is a supervised learning model that bases its inference method on the proximity 
of the data to the sample being predicted. Thus, in a regression system, to predict a new sample, KNN uses 
Euclidean distance to determine how far each of the training samples is from the reduced set of prototypes. 
Therefore, Euclidean distance is defined according to equation 4: 

𝑑(𝑥∗, 𝑥3) 	= H∑ (𝑥4∗ − 𝑥3,4)"	$
45!  (4) 

 

Where 𝑥∗ is the data vector with features (𝑥∗ 	= 	 [𝑥₁, 𝑥₂, … , 𝑥$]), and 𝑥3,4 represents the prediction result. Once 
all distances have been calculated, they are ordered from smallest to largest. The set of 𝐾 nearest neighbor 
indices is defined as 𝑁6(𝑥∗), which satisfies the following condition. 

𝑑(𝑥∗, 𝑥3) ≤ 𝑑(𝑥∗, 𝑥7)∀	𝑥3 ∈ 	𝑁6(𝑥∗) (5) 
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	The size of this set is exactly |𝑁6(𝑥∗)| 	= 	𝑘. Finally, for the prediction of a new value, the arithmetic mean of 
the target values (𝑦3) of the 𝑘 selected neighbors are used (equation 6): 

𝑦∗ 	= !
6
	∑ 𝑦3+"∈	8#(%∗) 	 (6) 

3. Resultados 

To evaluate the effectiveness of the proposed system, several tests were conducted. First, a linear 
function was proposed, which served as a starting point for measuring the model's adaptability. Subsequently, 
a sinusoidal function was introduced to measure the model's behavior in a nonlinear environment. Finally, a 
real-world problem, based on predicting housing costs, was used to measure the system's robustness. 

       3.1 Inferential analysis 

To carry out the inferential process, a comparative method was proposed. First, a baseline model (a 
KNN model that uses all the data for training) and the proposed model are used to measure their final 
performance. Figure 2 shows the results obtained by comparing the baseline model with the proposed model. 

 

Figure2. Results obtained by comparing the base model with the proposed KNN model. 
 

As can be seen in this figure, both models perform well. The main difference lies in the fact that the proposed 
model uses only 5 samples for each subdivision of the linear function, for a total of 25 samples to describe the 
linear function. On the other hand, the base KNN model uses all 1000 samples to predict the behavior of the 
linear function. 

The second experiment involved observing the behavior of the proposed model after modeling a 
nonlinear system. In this case, the nonlinear function to be modeled is a sinusoidal function, due to its unique 
behavior over time. Figure 3 shows a comparison between the proposed model and the base model when 
modeling the sinusoidal function. 
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Figure 3. Comparative results when modeling the sinusoidal function with the base model and the proposed model. 

 

Finally, the proposed model was tested on a real-world problem involving predicting home prices in California. 
This dataset consists of 11 features, and the ultimate goal is to predict house prices based on this information. 
Figure 4 shows the results obtained using the baseline model compared to the proposed model. 

 

Figure 4. Results obtained in the dataset California housing price (Chen et al. 2024). 

As can be seen, the proposed model performs similarly to the base model, clearly demonstrating its superior 
computational performance. Finally, Table 1 shows the mean squared error (MSE) values for all the test cases 
described above.  
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Table 1: Comparison of the MSE through the proposed model and the base model 

Model KNN base model 
MSE 

Reduced KNN 
MSE 

Linear function 1.744 0.8844 

No lineal function 
(sinusoidal) 

0.370 0.691 

California housing prices 
dataset 

0.2216 0.2591 

 

As can be seen in this table, the proposed model is slightly superior in the analysis of nonlinear functions. 
However, the proposed model performs very well even with the limited amount of available information. 

4. Conclusion 

In this study, a combination of GA and KNN was explored to reduce the computational load generated by 
KNN. The method uses GA to select a reduced set of instances to minimize the mean squared error in a 
regression system. The results of this study show a similar outcome to calculating the MSE using a standard 
KNN method and the proposed model. However, the amount of physical space required for each sample and 
the inference speed were significantly improved. Future work will focus on applying this technique to 
embedded systems to maximize the expected results while minimizing computational resources. 
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