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This study investigates the performance characteristics of neural 

network training using varying hidden layer neuron configurations with 

paired complementary values (2 and 50, 4 and 40, 6 and 30, 8 and 20), 

employing the Levenberg-Marquardt (LM) and Scaled Conjugate 

Gradient (SCG) algorithms. The research aims to determine optimal 

neuron configurations for minimizing prediction uncertainty and 

training errors. Experiments were conducted using MATLAB R2019a's 

Neural Network Fitting Tool with systematic variation of hidden layer 

neurons from the default value of 10. Results demonstrate that the 

Levenberg-Marquardt algorithm consistently achieves superior 

validation performance with lower mean squared error values compared 

to the Scaled Conjugate Gradient approach. For a hidden neuron 

configuration of 8, LM achieved a validation error of 0.00012831 at 

epoch 94, representing the optimal performance among tested 

configurations. The error histogram analysis reveals that configurations 

approaching the default target of 10 neurons (specifically 6, 8, and their 

complements) exhibit tighter error distributions centered on zero. 

Conversely, extreme neuron counts (2, 50) demonstrated increased error 

dispersion indicative of underfitting and overfitting, respectively. These 

findings provide practical guidelines for neural network architecture 

design in regression and function approximation tasks, with applications 

extending to medical diagnostics, industrial automation, and predictive 

systems. 
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1. INTRODUCTION 

Artificial Neural Networks (ANNs) represent computational methodologies that enable machine 

learning, knowledge demonstration, and the application of learned knowledge to maximize output 

responses of complex systems (Chen et al., 2019). The architecture of artificial neural networks mimics 
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that of the human brain, with web-like connections between neuronal nodes. These networks have found 

extensive applications in pattern recognition, image processing, speech recognition, and classification 

tasks (Van Gerven and Bohte 2020). 

The training of neural networks involves iterative adjustment of synaptic weights to minimize error 

functions, with various algorithms offering different trade-offs between convergence speed, 

computational efficiency, and accuracy. Among these, the Levenberg-Marquardt (LM) algorithm and 

the Scaled Conjugate Gradient (SCG) algorithm represent two prominent approaches with distinct 

characteristics (Shamshirband et al., 2019). 

The Levenberg-Marquardt algorithm, developed by Levenberg in 1944 and Marquardt in 1963, 

provides a numerical method for minimization of non-linear functions using the least-squares approach 

(Kostryzhev et al., 2018). This method strikes a balance between gradient descent, which converges 

slowly but surely, and Newton's method, which converges rapidly at a minimum but may otherwise 

diverge (Li et al., 2020; Marugán et al., 2018). The scaled conjugate gradient method, as described by 

Møller (1993), determines the optimal step size at each iteration using a Levenberg-Marquardt approach 

rather than a line search, thereby increasing computational efficiency (Luo et al., 2018). 

This study specifically addresses a broader investigation into neural network prediction for uncertainty 

minimization: training with hidden-layer neuron counts in paired complementary configurations of 2 

and 50, 4 and 40, 6 and 30, and 8 and 20, using both the Levenberg–Marquardt and Scaled Conjugate 

Gradient algorithms. The aim is to systematically evaluate how different neuron configurations affect 

training performance, error minimization, and model generalization capabilities. 

Understanding the relationship between hidden layer neuron counts and training algorithm performance 

is critical for practitioners designing neural network architectures. Insufficient neurons lead to 

underfitting, where the network cannot capture the underlying data patterns, while excessive neurons 

result in overfitting, where the network memorizes training data noise rather than learning generalizable 

patterns. This research provides empirical evidence to guide optimal network architecture selection. 

2. MATERIALS AND METHODS 

2.1. Experimental Setup 

Experiments were conducted using MATLAB R2019a equipped with the Neural Network Fitting Tool 

(nftool) on a laptop computer. The neural network architecture employed was a two-layer feed-forward 

network with sigmoid hidden neurons and linear output neurons (fitnet). The default configuration 

utilized 10 hidden neurons with a 70% training, 15% validation, and 15% testing data split. 

2.2. Hidden Neuron Configurations 

The study systematically varied hidden layer neuron counts using paired complementary values 

designed to explore both underfitting (low neuron counts) and overfitting (high neuron counts) scenarios 

relative to the default configuration as presented in Table 1. 

Table 1: Variation of the configuration pair of primary and complement neurons 

Configuration pair Primary neurons Complement neurons Rationale 

Pair 1 2 50 Extreme underfitting vs severe overfitting 

Pair 2 4 40 
Moderate underfitting vs significant 

overfitting 

Pair 3 6 30 Slight underfitting vs moderate overfitting 

Pair 4 8 20 Near-optimal configurations 

2.3. Training Algorithms 

The Levenberg-Marquardt learning algorithm (trainlm):  This algorithm addresses the limitations of 

computationally simpler methods like RPROP when solving complex boundary value problems 
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(BVPs). This classical optimization technique is renowned for its rapid convergence, particularly when 

minimizing sum-of-squared-error functions (Reidmiller and Braun, 2002). The algorithm builds upon 

the Newton-Raphson method, which uses a second-order Taylor series expansion to approximate the 

error function E(θ) with respect to neural network weights as in Equation 1 (Kecman, 2020). 

𝐸(𝜽) = 𝐸(𝜽0) + 𝒈𝑇(𝜽 − 𝜽0) +
1

2
(𝜽 − 𝜽0)𝑇𝚮(𝜽 − 𝜽0) + 𝐻. 𝑂. 𝑇.                                    (1) 

where  𝒈 = ∇𝐸(𝜽) is the gradient vector and 𝑯(𝜽) is the Hessian matrix containing second-order partial 

derivatives. The weight update rule is: 

The weight vector θ* corresponding to the minimum error is derived by setting the gradient equal to 

zero which results in the Newton-Raphson learning algorithm as in Equation 2. 

𝜃𝑖+1 = 𝜃𝑖 − 𝜂𝑖Η𝑖
−1𝑔𝑖                                                                                                                 (2) 

where 𝜃𝑖 represents the weight vector for the 𝑖th iteration and η signifies the learning rate that is 

employed to scale the magnitude of the weight modulus.  

Under ideal conditions—when the initial weight estimate lies close to the true optimum—the Newton 

update rule provides fast convergence. However, computing the full Hessian is costly. For sum-of-

squares errors, the Hessian can be approximated using the Jacobian matrix in Equation 3, leading to the 

Gauss–Newton update, which avoids calculating mixed partial derivatives (Lalwani et al., 2020). 

     Η = 2𝐽𝑇𝐽 + 2
𝜕𝐽𝑇

𝜕𝜃
𝐺                                                                                                                          (3)  

where H is the Hessian matrix of second-order partial derivatives, J is the Jacobian matrix containing 

first-order partial derivatives of the error function with respect to the network weights, the superscript 

T denotes the matrix transpose operation, G represents the matrix of second-order residual terms 

accounting for higher-order error contributions, and 𝜕 is a scaling coefficient associated with the 

residual term. The first term (2JᵀJ) provides the Gauss–Newton approximation to the Hessian, while the 

second term (2
𝜕𝐽𝑇

𝜕𝜃
𝐺 ) captures the contribution of the residual errors. 

This linear approximation of the errors greatly simplifies the computation because it does not involve 

mixed partial derivatives of θ. By combining this approximation with equation (2), the Gauss-Newton 

learning algorithm is generated as in Equation 4. 

𝜃𝑖+1 = 𝜃𝑖 − 𝜂𝑖Η𝑖
−1𝑔𝑖 = 𝜃𝑖 −

1

2
𝜂𝑖(𝐽𝑖

𝑇𝐽𝑖)
−1

𝑔𝑖                                                                    (4) 

A limitation of Gauss–Newton is its reliance on the assumption that second-order residual terms are 

negligible. The Levenberg–Marquardt algorithm addresses this by introducing a damping factor λ into 

the update expression. This modification shifts the search direction between steepest descent (for large 

λ) and Gauss–Newton (for small λ), allowing the algorithm to maintain stability while ensuring fast 

convergence (Ugochukwu et al., 2025). During training, λ and the learning rate are typically adjusted 

dynamically—initially large to promote stability, then gradually reduced as the solution approaches the 

minimum. This modification is given by the Levenberg-Marquardt learning algorithm as in Equation 5. 

𝜃𝑖+1 = 𝜃𝑖 − 𝜂𝑖Η𝑖
−1𝑔𝑖 = 𝜃𝑖 −

1

2
𝜂𝑖(𝐽𝑖

𝑇𝐽𝑖 + 𝜆𝑖𝐼)
−1

𝑔𝑖                                                                  (5) 

where λ is a damping parameter and I is the identity matrix. This formulation provides adaptive 

behavior: 

When λ→0, the algorithm behaves like Gauss-Newton (fast convergence near minima) 

When λ→∞, it reduces to steepest descent: 𝜃𝑖+1 = 𝜃𝑖 − 𝜂𝑖𝑔𝑖𝜆→∞
𝑙𝑖𝑚  
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The parameters η (learning rate) and λ are typically initialized with large values and gradually decreased 

during training. This strategy enables: Rapid initial adjustments using steepest descent behavior and 

fine-tuning near convergence as Gauss-Newton becomes more effective. 

The referenced work employs static values of η = λ = 0.01 for simplicity, avoiding complex adaptive 

scheduling while maintaining effective optimization performance. 

Scaled Conjugate Gradient (SCG) Algorithm (trainscg): The Scaled Conjugate Gradient (SCG) 

algorithm is an advanced neural network training method designed to minimize error functions 

efficiently while avoiding the computational burdens associated with traditional Conjugate Gradient 

(CG) approaches. Classical CG methods construct a sequence of conjugate search directions and, at 

each iteration, rely on a separate line search to determine the optimal step size. Although effective, these 

repeated line searches significantly increase computational complexity, making CG less suitable for 

large-scale neural network training. 

SCG addresses this limitation by eliminating the need for explicit line searches. Instead, it integrates a 

Levenberg–Marquardt–inspired scaling mechanism that estimates the appropriate step size using 

curvature information. This modification preserves the efficiency of CG search directions while 

enabling faster and more stable updates. During training, SCG dynamically adjusts a scaling parameter 

that regulates step length, allowing the algorithm to balance between steepest-descent-like behavior and 

quasi-Newton characteristics (Chaudhari, 2018). 

Mathematically, SCG minimizes a sum-of-errors function E(W), updating the weight vector through 

Equation 6. 

𝑊(𝑘+1) = 𝑊(𝑘) + 𝛼(𝑘)𝑃(𝑘)                                                                                            (6) 

where 𝑃(𝑘) denotes the conjugate search direction and 𝛼(𝑘) is the step size determined through the 

scaling procedure rather than through costly line searches. 

By combining the structured search-direction efficiency of the Conjugate Gradient method with the 

adaptive step-size strategy of Levenberg–Marquardt, the SCG algorithm achieves rapid convergence 

with reduced computational demand. This makes it particularly suitable for training medium- to large-

scale neural networks where both speed and stability are required. 

2.4. Performance Metrics 

Network performance was evaluated using the following metrics: (1) Mean Squared Error (MSE) for 

validation performance; (2) Error histogram distribution to assess prediction error characteristics; (3) 

Regression analysis (R-values) measuring correlation between outputs and targets; and (4) Training 

state parameters, including gradient values, epoch counts, and validation checks 

3. RESULTS AND DISCUSSION 

3.1. Validation Performance Comparison 

Table 2 presents the validation performance results for all tested hidden neuron configurations using 

both training algorithms. The validation performance is expressed as the best mean squared error (MSE) 

achieved during training along with the corresponding epoch number.  

Figure 1 is the mean squared error performance across neuron configurations. It shows the logarithmic 

comparison of validation MSE between LM and SCG algorithms. Lower values indicate better 

performance. The 8-neuron LM configuration achieved the minimum MSE of 1.28×10⁻⁴. 

Figure 2 shows the trend analysis showing MSE variation across neuron configurations (excluding 2-

neuron outlier) as validation error progression with increasing network complexity. Both algorithms 

exhibit U-shaped performance curves with optimal performance in the 8-10 neuron range. 
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Table 2: Validation performance comparison across hidden neuron configurations using Levenberg-Marquardt (LM) and 

Scaled Conjugate Gradient (SCG) algorithms 

Hidden Neurons LM: Best MSE LM: Epoch SCG: Best MSE SCG: Epoch 

2 1.1521 18 1.2775 10 

6 0.0033 30 0.0156 42 

8 0.00012831 94 0.0089 67 

10 (Default) 0.00017348 10 0.016384 35 

20 0.0071551 8 0.0234 28 

30 0.0072545 8 0.0312 24 

40 0.0089 6 0.0456 18 

50 0.0112 5 0.0523 15 

 
Figure 1: Validation MSE comparison (Log scale) 

 
Figure 2: MSE performance trend analysis 

The superior performance of the LM algorithm across all configurations is consistent with findings by 

Bilski et al. (2023), who demonstrated that second-order methods converge significantly faster than 

gradient-based approaches for function approximation tasks. The U-shaped MSE performance curve 

observed in Figure 2 is a classical manifestation of the bias-variance tradeoff. Similar U-shaped trends 

were reported by Sheela and Deepa (2013) in their study on optimal hidden neuron estimation, where 
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performance degraded at both extremes of network complexity. The optimal performance in the 8–10 

neuron range aligns with the findings of Yotov et al. (2023), who showed that moderate-sized hidden 

layers yield the best generalization for medium-complexity regression problems. Furthermore, the 

consistently lower MSE values achieved by LM compared to SCG corroborate the work of Kayri 

(2016), who reported similar algorithmic superiority when benchmarking training algorithms on various 

datasets. 

Convergence epoch comparison shows training duration for each configuration. The 8-neuron LM 

configuration required 94 epochs to achieve optimal performance, indicating thorough optimization 

rather than early stopping as shown in Figure 3, which presents the training epochs required for optimal 

validation performance. 

 
Figure 3: Convergence Epoch Analysis 

A scatter plot showing MSE vs. convergence epochs for both algorithms is plotted in Figure 4, 

illustrating the relationship between convergence epochs and validation MSE. The LM algorithm (blue) 

consistently achieves lower MSE values, as illustrated in Figure 4. The point size represents neuron 

count. 

 

 

Figure 4: Performance-Convergence Relationship 

3.2. Training Performance for Configuration Pair 1 (2 and 50 Neurons) 

The 2-neuron configuration demonstrated significant underfitting with validation MSE values of 1.1521 

(LM) and 1.2775 (SCG). Training state analysis revealed gradient values of 0.035123 at epoch 24 for 

LM and 0.6809 at epoch 16 for SCG, indicating incomplete convergence. Regression analysis yielded 
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R-values of 0.93312 (training), 0.9313 (validation), and 0.96606 (testing) for LM, compared to 0.87048, 

0.83333, and 0.83796 respectively for SCG. The 50-neuron configuration exhibited overfitting 

characteristics with dispersed error histograms and early stopping at epochs 5-15. While initial training 

fit appeared acceptable, validation performance degraded rapidly due to the network memorizing 

training noise rather than learning underlying patterns. 

The pronounced underfitting observed with 2 neurons confirms the theoretical expectation that 

networks with insufficient hidden units cannot approximate complex nonlinear mappings, as established 

by the universal approximation theorem (Kratsios, 2021). The MSE values exceeding unity indicate 

that the network capacity is far below the minimum required to capture the target function’s complexity. 

Conversely, the overfitting behavior of the 50-neuron configuration is consistent with observations by 

Lyu et al. (2023), who demonstrated that excessive network parameters lead to memorization of training 

noise. Similar extreme underfitting-overfitting patterns were reported by Panchal et al. (2011) in their 

comprehensive analysis of hidden layer neuron selection. 

3.3. Training Performance for Configuration Pair 2 (4 and 40 Neurons) 

The 4-neuron configuration showed improved performance over the 2-neuron case but still exhibited 

underfitting tendencies. The 40-neuron configuration demonstrated moderate overfitting with validation 

error increasing after initial epochs. The improvement from 2 to 4 neurons demonstrates the expected 

positive relationship between network capacity and approximation quality for under-parameterized 

networks, consistent with the findings of Karsoliya (2012) on progressive capacity improvement. 

However, the persistent underfitting at 4 neurons suggests that the target function requires a minimum 

representation capacity exceeding this configuration. The moderate overfitting at 40 neurons, while less 

severe than the 50-neuron case, confirms the gradual onset of overfitting as reported by Arian et al. 

(2024), who observed progressive generalization degradation with increasing hidden layer size beyond 

the optimal point. 

3.4. Training Performance for Configuration Pair 3 (6 and 30 Neurons) 

The 6-neuron configuration achieved a validation MSE of 0.0033 at epoch 30 with LM, representing a 

substantial improvement over the lower-neuron count. Error histograms showed a tighter distribution 

around zero error. The 30-neuron complement exhibited moderate overfitting with an MSE of 

0.0072545 at epoch 8. 

The substantial MSE reduction from the 4-neuron to the 6-neuron configuration (by approximately two 

orders of magnitude) indicates that 6 neurons approach the critical capacity threshold for the target 

function. This rapid performance improvement near the optimal architecture is characteristic of the 

transition from underfitting to adequate fitting, as described by Reed and Marks (1999). The tighter 

error histogram distribution at 6 neurons supports the observation by Zhang et al. (2021), who showed 

that error distributions serve as reliable indicators of model adequacy. The 30-neuron complement’s 

moderate overfitting (MSE of 0.0072545) with early stopping at epoch 8 is consistent with Ji et al. 

(2021), who demonstrated that early stopping serves as an implicit regularization mechanism against 

overfitting in over-parameterized networks. 

3.5. Training Performance for Configuration Pair 4 (8 and 20 Neurons) 

This configuration pair demonstrated optimal performance characteristics. The 8-neuron configuration 

achieved the best overall validation performance of 0.00012831 at epoch 94 using the LM algorithm, 

representing superior convergence and minimal error. Training state showed gradient of 0.000292 with 

μ = 1 × 10⁻⁵, indicating effective optimization. 

8 Neurons - LM Algorithm: Validation MSE: 0.00012831, Convergence Epoch: 94, Training R: 

0.99999, Validation R: 0.99998 
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20 Neurons - LM Algorithm: Validation MSE: 0.0071551, Convergence Epoch: 8, Early stopping 

observed, Overfitting tendency detected 

The 8-neuron configuration’s superior performance (MSE = 0.00012831) with near-perfect R-values 

(Training R: 0.99999, Validation R: 0.99998) represents an optimal balance between model complexity 

and generalization capacity. This result is consistent with Sheela and Deepa (2013), who proposed that 

the optimal number of hidden neurons typically falls within a range close to the geometric mean of the 

input and output layer sizes. The higher epoch count (94) required for convergence with 8 neurons, 

compared to the early stopping at epoch 8 for 20 neurons, indicates thorough optimization rather than 

premature termination—a finding that supports the observations of Cheng et al. (2024) regarding the 

relationship between network size and convergence behavior. The 20-neuron configuration’s degraded 

performance relative to 8 neurons provides empirical evidence for the overfitting threshold, consistent 

with the regularization theory discussed by Goodfellow et al. (2016). 

3.6. Error Histogram Analysis 

Error histogram analysis for different neurons is shown in Figure 5a – 5r. The error histogram for the 

2-neuron configuration shows a wide error distribution with significant deviation from zero, indicating 

underfitting due to insufficient model complexity for both the Levenberg-Marquardt (LM) and Scaled 

Conjugate Gradient (SCG) algorithms.  

 

Figure 5 (a and b): Error histogram by LM and SCG (2 Neurons) 

At the default 10-neuron configuration, the error histogram exhibits a well-centered distribution around 

zero with relatively tight spread, reflecting adequate model capacity. The LM algorithm produces a 

more concentrated histogram than SCG, indicating better optimization performance. This is depicted in 

Figures 5c and 5d. The 50-neuron configuration displays a dispersed error histogram with increased 

spread in validation and test sets, characteristic of overfitting caused by excessive model parameters. 

Both algorithms show degraded error concentration compared to the optimal range. With 4 hidden 

neurons, the error distribution remains relatively broad, indicating that the network still lacks sufficient 

capacity to capture the underlying data patterns, though performance improves over the 2-neuron case. 

The 40-neuron configuration shows signs of overfitting with wider error spread compared to the 8–10 

neuron range. The histogram demonstrates that increasing neurons beyond the optimal range leads to 

diminishing returns in prediction accuracy. At 6 neurons, the error histogram begins to tighten around 

zero, suggesting the model is approaching adequate complexity. The LM algorithm achieves noticeably 

better error concentration than SCG at this configuration. The 8-neuron configuration produces one of 

the most concentrated error histograms, with errors tightly clustered around zero for both training and 

validation sets. This confirms that 8 neurons approach the optimal hidden layer size for this dataset. At 
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20 neurons, the error histogram shows a slightly broader distribution compared to the 8–10 neuron 

range, marking the transition toward overfitting as the model begins to memorize noise in the training 

data 

 

Figure 5 (c and d): Error histogram by LM and SCG (10 Neurons - Default) 

 

Figure 5 (e and f): Error histogram by LM and SCG (50 Neurons) 

 
Figure 5 (g and h): Error histogram by LM and SCG (4 Neurons) 
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Figure 5 (i and j): Error histogram by LM and SCG (40 Neurons) 

 

Figure 5 (k and l): Error histogram by LM and SCG (6 neurons) 

The 30-neuron error histogram exhibits increased dispersion relative to the optimal configurations, 

consistent with the onset of overfitting as the network becomes over-parameterized for the given dataset. 

 

Figure 5 (m and n): Error histogram by LM and SCG (30 Neurons) 
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Figure 5 (o and p): Error histogram by LM and SCG (8 Neurons) 

 

Figure 5 (q and r): Error histogram by LM and SCG (20 Neurons) 

As neuron count increased toward the 8-10 range, error distributions became progressively tighter and 

more centered around zero. Beyond 20 neurons, error distributions again showed increased spread, 

particularly in validation and test sets, confirming overfitting. The Levenberg-Marquardt algorithm 

consistently produced more concentrated error histograms compared to SCG across all configurations, 

demonstrating superior optimization capability for the sum-of-squared-errors criterion. The progressive 

tightening of error distributions as neuron count approaches the 8–10 range, followed by broadening at 

higher counts, provides visual confirmation of the bias-variance tradeoff. This pattern is consistent with 

the theoretical framework established by Goodfellow et al. (2016), who showed that error distribution 

analysis reveals model deficiencies not apparent from scalar error metrics alone. The LM algorithm’s 

consistently more concentrated histograms reflect its superior optimization of the sum-of-squared-errors 

criterion, which aligns with the algorithm’s design principles. Similar histogram-based diagnostic 

patterns were reported by Demuth et al. (2014) in MATLAB’s Neural Network Toolbox documentation 

for identifying under- and over-parameterized network architectures. 

4. CONCLUSION 

This study systematically evaluated neural network training performance using paired hidden layer 

neuron configurations (2 and 50, 4 and 40, 6 and 30, 8 and 20) with both Levenberg-Marquardt and 

Scaled Conjugate Gradient algorithms. The investigation yields the following principal conclusions: 
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• The Levenberg-Marquardt algorithm consistently outperforms the Scaled Conjugate Gradient 

algorithm across all tested hidden neuron configurations, achieving lower validation mean 

squared error values and more concentrated error distributions. 

• The optimal configuration of 8 hidden neurons achieved the best validation performance of 

0.00012831 at epoch 94 using the LM algorithm, representing superior convergence 

characteristics compared to both lower (underfitting) and higher (overfitting) neuron counts. 

• Hidden layer configurations significantly impact training outcomes: insufficient neurons (2-4) 

result in underfitting with high residual errors and poor generalization, while excessive neurons 

(40-50) cause overfitting with degraded validation performance and dispersed error 

distributions. 

• The paired configuration approach provides an effective methodology for systematic 

exploration of the bias-variance tradeoff, enabling identification of the optimal architecture. 

• Error histogram analysis serves as a valuable complement to aggregate error metrics, revealing 

overfitting patterns not apparent from MSE values alone. 

These findings provide practical guidelines for neural network architecture design in function 

approximation and regression tasks. The methodology and results extend to diverse application 

domains, including medical diagnostics, industrial automation, and predictive systems, where neural 

network-based solutions are employed. 

Future research directions include extending this analysis to deeper network architectures, investigation 

of alternative activation functions, and validation across diverse benchmark datasets to establish the 

generalizability of the identified optimal configurations. 
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