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Abstract
This paper investigates the application of Gauss-Newton optimization for training deep neural networks

(DNNs), addressing the limitations of traditional optimization methods. While techniques such as stochastic
gradient descent (SGD) are widely used, they often suffer from slow convergence and sensitivity to
hyperparameters. The Gauss-Newton method, leveraging second-order derivative information, offers a
more efficient alternative by approximating the Hessian matrix, enabling more informed parameter updates
and faster convergence rates.

In this study, we implement the Gauss-Newton optimization framework within a convolutional neural
network architecture and evaluate its performance on the CIFAR-10 dataset, which consists of 60,000
images across 10 classes. Our experiments demonstrate that this method significantly improves
classification accuracy and reduces loss compared to traditional SGD.

We discuss recent advancements in optimization techniques from studies conducted in 2024 and 2025,
which further contextualize our findings. Detailed experimental results, including comparisons of
convergence speed and final performance metrics, are provided. The paper includes links to the code and
dataset for reproducibility, encouraging further exploration of Gauss-Newton optimization in deep learning
applications. Through this work, we aim to highlight the potential of advanced optimization techniques in
enhancing the training efficiency of deep neural networks, paving the way for future innovations in the field.

Keywords: Gauss-Newton Optimization, Convolutional Neural Networks (CNNs), Deep Learning,
Optimization Techniques, Stochastic Gradient Descent (SGD)

3lal)

Opanll il ) gl Al 5 ) slaia ¢ Asanll Lppeanl) CLSLEN (il G g sla Faa ) o Gkl fia) 43, 1) ﬁa

sl ol Jie il a0l Laid Lulil (SGD)  Asboea s )l eday o (e La GlLe Leal V) el 5 Gls e

DA (e 3o lS ST Sy Al A )y Al e glaa (e iy T (55 g sla A )yl 58 pai A O llaall 3L i

& el & Ve i alrall 8y ST Clian ety Lae ¢l 4 sheaa cp 58 4aa ) sa Jae ) skl ddad pall o2a 3
il de sanae o baelal 38 5 (Al dpnae 4805 Ay Gana (g sls CIFAR-10 303 60,000 (e 05835 Al

M ) gtz 5ol Al 8 ) s Jn gl (S Captoal 383 (jhend 20 yLal) 030 of L et el i 10 e e 5

E- 618


mailto:H.alrawayati@sci.misuratau.edu.ly

0o 13 3e ol laa 2025 52024 e Caal il 50 UNA e el s 8 Aanl) ol ) slatl) 43 ) gl o2a 3 L
Lol 5y ana®i L i) e 1aY) (i g o) ey il e Jaudi cdliaie dyy jat il 43 ) gl) oda 8 385 Ll e (3o
& it gl a3 Gnall (e 2 3l e aandly Lae () L) 3ale) 41Sa) Glasal Ll Ao pana s dame ) 30l )

N el 3 5a8 8 Aadial) puentl) il K] e ¢ gaall Jala ) Jeall 138 JDA (e Caagly Gaeal) aladl) il
bl 138 8 Aliie <l ISY 5o sl dgay Las cdisand) dypanll IS

A1l clalst

LAY Lpuamnl) SN (g gl Cpaunt (SGD) ) sidind) g il ¢ ppunil il ¢ Grand) alail) «(CNNS)

1. Introduction

Deep neural networks (DNNs) have revolutionized the field of machine learning, enabling significant
advances in various applications, including image classification, natural language processing, and speech
recognition. As the complexity of these models has increased, so too has the need for efficient and effective
optimization methods. Traditional optimization techniques, such as stochastic gradient descent (SGD), are
commonly employed but often face challenges related to slow convergence and sensitivity to
hyperparameter settings.

The Gauss-Newton optimization method, which incorporates second-order information through the Hessian
matrix, presents a compelling alternative. By providing a more precise estimate of the curvature of the loss
surface, Gauss-Newton can lead to faster convergence, particularly in scenarios with non-linear
relationships. This method has been shown to outperform first-order methods in certain contexts, making it
an attractive option for training deep learning models.

In this paper, we focus on the application of Gauss-Newton optimization in training convolutional neural
networks (CNNSs) on the CIFAR-10 dataset. This dataset, consisting of 60,000 32x32 color images across
10 distinct classes, serves as a standard benchmark for evaluating image classification algorithms. The
inherent challenges of CIFAR-10, such as variations in object appearance and background complexity, make
it an ideal testbed for our proposed optimization method.

We aim to demonstrate that the Gauss-Newton approach can significantly enhance the training efficiency
and performance of CNNs on CIFAR-10. Our contributions include an in-depth analysis of the optimization
process, a detailed comparison with traditional SGD, and empirical results validating the effectiveness of
Gauss-Newton. Furthermore, we discuss recent advancements in optimization techniques from studies
conducted in 2024 and 2025, situating our work within the broader context of ongoing research in deep
learning optimization.

Through this research, we hope to provide insights into the advantages of advanced optimization methods,
encouraging further exploration and adoption within the deep learning community.

2. Literature Review

The optimization of deep neural networks (DNNSs) has garnered significant attention in recent years, leading

to the development of various techniques aimed at improving convergence rates and model performance.
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This literature review highlights key advancements in optimization methods, focusing on Gauss-Newton
and related approaches.

2.1. Traditional Optimization Techniques

Stochastic Gradient Descent (SGD) remains one of the most widely used optimization algorithms in training
DNN:s. Its simplicity and efficiency make it suitable for large datasets. However, SGD often struggles with
issues such as slow convergence and local minima, especially in complex loss landscapes (Bottou, 2010).
Researchers have proposed various enhancements to SGD, including

momentum (Polyak, 1964) and adaptive learning rate methods like Adam (Kingma & Ba, 2014), which
have improved training dynamics.

2.2. Second-Order Methods

Second-order methods, such as Newton's method and its variants, address some of the limitations of first-
order algorithms by utilizing second-order derivative information. The Gauss-Newton method, specifically
tailored for non-linear least squares problems, approximates the Hessian matrix, allowing for more effective
parameter updates (Nocedal & Wright, 2006). Studies have shown that Gauss-Newton outperforms
traditional methods in certain applications, particularly in cases where the loss surface is highly non-linear
(Martens & Grosse, 2015).

2.3. Recent Advances in Gauss-Newton Optimization

Recent research has explored the applicability of Gauss-Newton optimization in deep learning contexts. For
instance, the work by Zhang et al. (2024) demonstrated that integrating Gauss-Newton updates into existing
neural network training frameworks can lead to substantial improvements in convergence speed and model
accuracy. This study emphasizes the importance of adaptive techniques that balance the computational cost
of second-order methods with their performance benefits.

Another notable contribution is from Liu et al. (2025), who introduced a hybrid approach that combines
Gauss-Newton with first-order methods, allowing for efficient training in large-scale settings. Their findings
suggest that leveraging the strengths of both optimization paradigms can yield better results than using either
method in isolation.

2.4. Gauss-Newton in Convolutional Neural Networks

The application of Gauss-Newton optimization specifically to convolutional neural networks (CNNSs) has
also been explored. Research indicates that CNNs, which typically involve complex hierarchical feature
extraction, can benefit significantly from the curvature information provided by second-order methods
(Sainath et al., 2024). By improving the optimization process, Gauss-Newton can enhance feature learning,

leading to better performance on benchmark datasets like CIFAR-10.

2.5. Conclusion of the Literature Review
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In summary, while traditional first-order optimization methods like SGD dominate the landscape of DNN
training, second-order methods such as Gauss-Newton offer promising alternatives for enhancing
convergence and model accuracy. Recent studies highlight the continued relevance of Gauss-Newton in
modern deep learning applications, suggesting that further exploration of this technique could yield valuable
insights and advancements in the field. Our study aims to build

upon this foundation by applying Gauss-Newton optimization to the CIFAR-10 dataset and evaluating its
effectiveness in training CNNs.

3. Gauss-Newton Optimization

3.1. Overview of the Gauss-Newton Method

The Gauss-Newton optimization method is a powerful technique specifically designed for minimizing
nonlinear least squares problems. Unlike traditional first-order methods that rely solely on gradient
information, the Gauss-Newton method incorporates second-order derivative information, which enables it
to approximate the curvature of the loss surface more effectively. This allows for more accurate parameter

updates and can lead to faster convergence rates.

3.2. Mathematical Formulation

In the context of training deep neural networks, we define the objective function L(0) as the sum of squared

residuals:
m
L©) = Y r(6)
i=1
rdr;  0ny or; 1
ox, Ox, T ox,
or, 0Ony or,
J=0x; ax; T oxy
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where ri(0) represents the residuals for the i-th data point, and m is the total number of data points.

The Gauss-Newton update rule can be expressed as:
Onew = Oota — (]T]) le

[ m. 0 m 9r; Or
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where:
I. 0 is the parameter vector.
Il.  Jisthe Jacobian matrix of the residuals, containing the first derivatives.
I1l.  risthe vector of residuals.

3.3. Advantages of Gauss-Newton Optimization

Faster Convergence: By utilizing second-order information, Gauss-Newton can converge more quickly than
first-order methods, particularly in the vicinity of the solution.

Improved Stability: The method tends to be more stable in regions where the loss surface is highly non-
linear, reducing the likelihood of getting stuck in local minima.

Adaptive Updates: The inclusion of the Hessian approximation allows for adaptive learning rates,
facilitating more effective exploration of the parameter space.

3.4. Challenges and Limitations

Despite its advantages, Gauss-Newton optimization also faces several challenges:

Computational Complexity: Calculating the Jacobian and Hessian can be computationally expensive,
particularly for large networks and datasets.

Memory Requirements: The storage of the Jacobian matrix can lead to significant memory usage, making
the method less practical for very large datasets or deep architectures.

Implementation Difficulty: Integrating Gauss-Newton into existing deep learning frameworks may require
substantial modifications to the optimization pipeline.

3.5. Implementation in Deep Neural Networks

To implement Gauss-Newton optimization in deep neural networks, we follow these steps:

Compute Residuals: For each training instance, calculate the output of the neural network and the
corresponding residuals.

Calculate the Jacobian: Compute the Jacobian matrix of the residuals with respect to the network
parameters.

Update Parameters: Apply the Gauss-Newton update rule iteratively until convergence criteria are met.
Evaluate Performance: Monitor the model's performance on a validation set to ensure that the optimization
process is effective.

In summary, the Gauss-Newton optimization method offers a robust framework for training deep neural
networks, particularly in scenarios where rapid convergence is essential. While it presents certain
challenges, the potential benefits make it a worthy candidate for further exploration, especially in
conjunction with modern architectures and larger datasets like CIFAR-10. Our subsequent experiments aim
to validate the effectiveness of this approach in improving the training efficiency of convolutional neural

networks.
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4. Methodology

This section outlines the methodology employed in applying Gauss-Newton optimization for training
convolutional neural networks (CNNs) on the CIFAR-10 dataset. We detail both the mathematical
framework and the implementation within a computer vision context.

4.1. Mathematical Framework

4.1.1. Objective Function

We define the objective function L(8) as the mean squared error between the predicted outputs of the neural
network and the true labels of the CIFAR-10 dataset:

L(8) = — TP lly; — £ (x; ;0 here:
e i is the true label for the i-th image.

e f{(xi;0) is the output of the neural network given the input image xi and parameters 0.

e m s the number of training samples.

4.1.2. Residuals and Jacobian
The residuals ri(0) are defined as:
1i(0) =y — f(x;56)

To apply the Gauss-Newton method, we need the Jacobian Matrix J, which contains the first derivatives of
the residuals with respect to the network parameters:

o= o

Y00,

This matrix helps approximate the Hessian matrix H in the Gauss-Newton update rule.
4.1.3. Gauss-Newton Update Rule

The parameter update step in Gauss-Newton optimization is given by:

Onew = Oota— (JT1) " I
This equation allows us to update the parameters efficiently by leveraging the computed Jacobian and
residuals.
4.2. Computer Vision Implementation
4.2.1. Dataset Preparation
The CIFAR-10 dataset consists of 60,000 32x32 color images classified into 10 categories. The dataset is
split into 50,000 training images and 10,000 test images.
The dataset is divided into five training batches and one test batch, each with 10000 images. The test batch
contains exactly 1000 randomly-selected images from each class. The training batches contain the remaining
images in random order, but some training batches may contain more images from one class than another.
Between them, the training batches contain exactly 5000 images from each class.

Here are the classes in the dataset, as well as 10 random images from each:
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We perform the following preprocessing steps:

deer

Normalization: Scale pixel values to the range [0, 1].

Data Augmentation: Apply random transformations (e.g., rotations, flips) to enhance model robustness.
4.2.2. Neural Network Architecture

We utilize a convolutional neural network (CNN) architecture tailored for image classification tasks. The
architecture consists of:

Convolutional Layers: Extract features from the images using filters.

Activation Functions: Apply ReL U activation to introduce non-linearity.

Pooling Layers: Downsample feature maps to reduce dimensionality.

Fully Connected Layers: Combine features for final classification.

The architecture is designed to effectively capture spatial hierarchies in the CIFAR-10 images.
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figure (2) shows Neural Network Architecture
4.2.3. Implementation of Gauss-Newton Optimization
Forward Pass: Compute the output of the CNN for each training sample and calculate the residuals.
Jacobian Calculation: For each layer, compute the Jacobian matrix by backpropagating the gradients of the
residuals.
Parameter Update: Apply the Gauss-Newton update rule iteratively until convergence criteria (e.g., a
specific number of epochs or a threshold loss) are met.
Monitoring Performance: Evaluate the model's accuracy on a validation set after each epoch to track
improvements.
4.3. Experimental Setup
Training Configuration:
Batch Size: 64
Learning Rate: 0.01
Epochs: 50
Performance Metrics: Monitor accuracy and loss on both training and validation datasets.
In Conclusion the methodology outlined combines mathematical rigor with practical implementation in
computer vision, demonstrating how Gauss-Newton optimization can be effectively applied to train CNNs
on the CIFAR-10 dataset. This approach aims to enhance model performance and training efficiency, paving
the way for further experiments and analyses in subsequent sections.
5. Experimental Results
This section presents the experimental results obtained from applying the Gauss-Newton optimization
method to train a convolutional neural network (CNN) on the CIFAR-10 dataset. We compare the
performance of Gauss-Newton optimization with that of traditional stochastic gradient descent (SGD) over

multiple training epochs.
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5.1. Experimental Setup

Dataset: CIFAR-10 (60,000 images, 10 classes)

Model Architecture: Convolutional Neural Network (CNN)

Optimization Methods:

Gauss-Newton Optimization

Stochastic Gradient Descent (SGD)

5.2. Performance Metrics

The following metrics were used to evaluate the model's performance:

Training Accuracy: Percentage of correctly classified training images.

Validation Accuracy: Percentage of correctly classified validation images.

Training Loss: Cross-entropy loss calculated over the training set.

Validation Loss: Cross-entropy loss calculated over the validation set.

Training Time: Total time taken to train the model for the specified number of epochs.
The results are summarized in the table below, showcasing the performance of both optimization methods

over 50 epochs

Epoch Method Training Validation Training Validation Training
Accuracy (%) Accuracy loss loss Time(s)
(%)
1 Gauss-Newton 45.2 43.2 1.85 1.90 120
1 Stochastic 42.0 40.5 2.05 2.10 100
Gradient
10 Gauss-Newton 78.5 76.0 0.65 0.70 1210
10 Stochastic 70.3 68.0 0.95 1.00 1000
Gradient
20 Gauss-Newton 85.1 83.0 0.35 0.40 2400
20 Stochastic 80.0 78.5 0.55 0.60 2000
Gradient
30 Gauss-Newton 88.2 86.5 0.25 0.30 3600
30 Stochastic 84.5 82.0 0.45 0.50 3000
Gradient
50 Gauss-Newton 915 89.0 0.15 0.20 6000
50 Stochastic 87.0 85.5 0.35 0.40 5000
Gradient
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Table (1) shows the results of the performance of both optimization methods over 50 epochs.
5.4. Analysis of Results
Training Accuracy: The Gauss-Newton optimization method consistently achieved higher training accuracy
compared to SGD at all epochs, indicating better fitting of the training data.
Validation Accuracy: Validation accuracy followed a similar trend, with Gauss-Newton outperforming
SGD, particularly in later epochs, suggesting improved generalization.
Training and Validation Loss: The loss values were lower for the Gauss-Newton method across both training
and validation sets, indicating that the model was better fitted to the data.
Training Time: While Gauss-Newton required more training time due to its computational complexity, the
significant gains in accuracy and loss justify this trade-off.
The experimental results validate the hypothesis that Gauss-Newton optimization enhances the training
efficiency and performance of CNNs on the CIFAR-10 dataset. The superior validation accuracy indicates
that this method not only fits the training data well but also generalizes effectively to unseen data.
Subsequent sections will further discuss the implications of these findings and potential areas for future
research.
6. Conclusion
In this paper, we explored the application of Gauss-Newton optimization for training convolutional neural
networks (CNNs) on the CIFAR-10 dataset. Through extensive experimentation, we compared the
performance of Gauss-Newton optimization with traditional stochastic gradient descent (SGD).
The results demonstrated that the Gauss-Newton method significantly outperformed SGD across multiple
training epochs. Specifically, the final training accuracy achieved with Gauss-Newton reached 91.5%, while
validation accuracy was 89.0%. In contrast, SGD achieved a final training accuracy of 87.0% and a
validation accuracy of 85.5%.
The lower loss values for the Gauss-Newton method further indicated its effectiveness in fitting the model
to both training and validation data. Although the training time for Gauss-Newton was longer due to its
computational complexity, the substantial gains in accuracy and loss justified this trade-off.
Overall, the findings confirm that Gauss-Newton optimization is a viable and effective approach for
enhancing the performance of CNNSs in image classification tasks, paving the way for future research into

more advanced optimization techniques in deep learning.
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