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[bookmark: _Toc213982665]1. Abstract 
This project aims to develop a simple and effective Convolutional Neural Network (CNN) to classify images from the CIFAR-10 dataset, which contains 60,000 colour images across ten object categories. The dataset was pre-processed by normalising pixel values, and a baseline CNN model was created using convolution, pooling and dense layers. The model was trained for 15 epochs using the Adam optimiser, and its performance was assessed through training and validation accuracy, loss curves, confusion matrix and a classification report. The results show that the model achieved good accuracy on the test set and was able to recognise most image classes successfully, although some categories remained more challenging than others. Overall, the project demonstrates that even a relatively simple CNN can produce strong performance on the CIFAR-10 dataset, making it a suitable approach for introductory image classification tasks using deep learning.

[bookmark: _Toc213982666]2. Introduction 
Image classification is an important task in computer vision, where the goal is to automatically recognise and assign labels to images based on their visual content. It is widely used in real-world applications such as medical diagnosis, autonomous vehicles, security systems and digital assistants [1]. Traditional image processing methods required hand-crafted features, which were often limited and difficult to generalise. Machine learning, and especially deep learning, has transformed this area by enabling models to learn patterns directly from data without manual feature engineering [6].
Deep learning models such as Convolutional Neural Networks (CNNs) are especially effective for image classification because they can identify shapes, textures and spatial relationships within images. CNNs remain one of the most widely used and reliable approaches for image recognition problems [3]. To train and test such models, benchmark datasets are essential. The CIFAR-10 dataset is commonly used in research and education because it contains 60,000 labelled colour images across ten everyday categories, making it challenging enough for meaningful analysis yet small enough to train efficiently on standard hardware [4].
The purpose of this project is to design, train and evaluate a CNN model capable of classifying CIFAR-10 images. The scope includes reviewing relevant literature on neural networks, discussing CNN use cases, preparing and exploring the dataset, developing a model using Python and TensorFlow, tuning key hyperparameters, and evaluating performance through accuracy scores, learning curves and a confusion matrix. The project aims to show how a relatively simple CNN can achieve strong results on CIFAR-10 while demonstrating the core workflow of image classification using machine learning.

[bookmark: _Toc213982667]3. Related Work (Literature Review) 
Artificial Neural Networks (ANNs) are widely used in modern machine learning because they can learn patterns directly from data. They are inspired by the brain and made up of layers of connected nodes that transform inputs into outputs [5]. Although early neural networks were limited, improvements in data availability and computing power have enabled deep learning models to achieve high accuracy on complex tasks such as image, video and audio processing [6].
Convolutional Neural Networks (CNNs) are the most successful ANN architecture for image classification. CNNs use convolutional layers to automatically learn features like edges, textures and shapes, making them very effective for computer vision tasks [3]. They also use weight sharing to reduce the number of parameters, which helps prevent overfitting and makes training more efficient [7]. Research consistently shows that CNNs perform better than fully connected networks for image recognition because they preserve spatial information [3], [7].
Recurrent Neural Networks (RNNs) work differently. They are designed for sequence data such as text, speech or time-series information, where the order of inputs matters [8]. This makes them useful for tasks like language modelling or sentiment analysis. However, they are not suitable for CIFAR-10 because the images in this dataset do not contain sequential information. Although some hybrid models combine CNNs and RNNs for video tasks, most research agrees that CNNs remain the best option for still images [9].
Many studies use the CIFAR-10 dataset to test deep learning models because it includes 60,000 small colour images across ten classes and is challenging enough to evaluate performance while still being manageable for training [4]. Recent research has shown that techniques such as batch normalisation, dropout and data augmentation help improve accuracy by stabilising training and reducing overfitting. For example, a 2021 study found that deeper CNNs with batch normalisation achieved significant improvements on CIFAR-10 [10], while a 2022 study showed that dropout and data augmentation improved generalisation [11].
Some limitations still exist in previous work. Many high-accuracy models rely on very deep networks that require powerful hardware, which may not be practical for smaller projects or educational settings. Other studies use strong data augmentation, which can boost accuracy but may not reflect real-world usage [12]. Finally, CNNs still struggle with classes that look visually similar, such as cats and dogs, showing that even advanced models are not perfect.
Overall, the literature shows that CNNs are the most suitable model for CIFAR-10 because they learn spatial features effectively. RNNs are useful for sequence tasks but not ideal for still images. While deeper networks achieve higher accuracy, simpler CNNs still provide strong baseline performance and are easier to train for educational projects.
[bookmark: _Toc213982668]4. Methodology / Workflow
This project followed a structured machine learning workflow to design, train and evaluate a Convolutional Neural Network (CNN) for image classification using the CIFAR-10 dataset. CIFAR-10 contains 60,000 colour images across ten categories such as animals, vehicles and everyday objects. It is widely used in computer vision research because it provides a balanced and moderately challenging dataset suitable for testing deep learning models [4].
Dataset and Pre-processing
The dataset was loaded directly from the TensorFlow library, which provides the original training and test partitions. Before training, all images were normalised by scaling pixel values to the range 0–1. Normalisation helps models train more efficiently and improves gradient stability [16]. The labels were flattened from a two-dimensional format into one-dimensional arrays to support sparse categorical loss. No resizing was required because CIFAR-10 images already have a fixed size of 32×32 pixels. A visual inspection was also carried out by plotting sample images from each class to understand dataset variability and confirm correct label image alignment.
Model Architecture
A simple CNN architecture was designed to keep the model efficient while maintaining good classification performance. CNNs are suitable for image tasks because convolutional layers learn spatial patterns such as edges and textures [3]. The model
 consists of:
• Conv2D (32 filters, 3×3)
• MaxPooling2D (2×2)
• Conv2D (64 filters) + pooling
• Conv2D (64 filters)
• Flatten layer
• Dense (64 units, ReLU)
• Dense (10 units, Softmax)
A summary table of this architecture is provided in Appendix A3.
Machine Learning Workflow
The full workflow includes the following steps:
1. Import libraries and load dataset (Appendix A1).
2. Pre-process data through normalisation and label formatting (Appendix A2).
3. Explore the dataset by visualising sample images.
4. Build the CNN model using TensorFlow/Keras (Appendix A3).
5. Compile the model using the Adam optimiser and sparse categorical cross-entropy (Appendix A4), as Adam is widely used for efficient training in deep networks [18].
6. Train the model for 15 epochs with a validation split of 20%. Training logs are shown in Appendix A5.
7. Visualise learning curves for accuracy and loss to assess model behaviour (Appendix A6).
8. Evaluate model performance on the test set (Appendix A7).
9. Generate a confusion matrix and classification report to analyse class-level performance (Appendix A8).
Pipeline Description
This workflow aligns with common deep learning pipelines, which involve data preparation, model construction, optimisation, evaluation and interpretation [1]. Each step was implemented to ensure reproducibility, transparency and clarity, with all code outputs provided in the appendices.
[bookmark: _Toc213982669]5. Model Selection Rationale 
5. Model Selection Rationale
The Convolutional Neural Network (CNN) was selected for this project because it is the most suitable architecture for image classification tasks. Unlike traditional Artificial Neural Networks (ANNs), which treat all input pixels equally, CNNs learn spatial patterns such as edges, textures and shapes directly from images through convolutional filters [3]. This ability to recognise local and hierarchical features makes CNNs far more effective than fully connected ANNs for tasks involving visual data.
Recurrent Neural Networks (RNNs), on the other hand, are designed for sequential or time-dependent data such as text, speech and sensor readings, where the order of inputs is important [8]. Since CIFAR-10 images do not contain sequence information, RNNs are not appropriate for this task. Therefore, a CNN provides the best match for the characteristics of the dataset.
The architectural design of the CNN used in this project was intentionally kept simple to maintain efficiency while still achieving good classification performance. In addition to selecting a suitable architecture, neural networks often require optimisation techniques to improve learning and reduce errors. These methods help the model generalise better to unseen data and prevent problems such as overfitting during training.
[bookmark: _Toc213982670]5.1 Optimisation Methods for Improving Neural Networks
Neural networks often need extra techniques to improve learning and reduce errors. Some of the most common optimisation methods include:
· Dropout: This technique randomly turns off some neurons during training. It prevents the model from memorising the training data, which helps reduce overfitting.
· Batch Normalisation: This normalises the output of layers, making training more stable and often faster. It also helps the model learn deeper patterns more effectively.
· Data Augmentation: This creates new training images by slightly changing existing ones (e.g., flipping, rotating or shifting). It increases dataset variety and helps the model generalise better to new images.
· Early Stopping: This stops training when validation accuracy stops improving. It prevents the model from continuing to train after it starts overfitting.
· Learning Rate Adjustments: Changing the learning rate during training can help the model learn faster at the beginning and fine-tune more carefully later. A well-chosen learning rate can significantly improve overall performance.
These optimisation methods are widely used in deep learning and can greatly improve model accuracy, stability and generalisation.
After applying these optimisation ideas, the CNN architecture was finalised. The first convolutional layer uses 32 filters, which is a common starting point that allows the model to detect simple patterns such as edges and colour gradients. Increasing to 64 filters in later layers helps the network learn more complex shapes and textures, improving class discrimination [10]. The combination of convolutional layers and MaxPooling gradually reduces the spatial dimensions while capturing higher-level features, keeping the model efficient.
ReLU activation functions were used in all hidden layers because they make training faster and reduce problems linked to vanishing gradients [5]. The final Dense layer uses a Softmax activation to output probabilities for the ten CIFAR-10 classes. Altogether, these architectural decisions balance simplicity, training efficiency and accuracy, making the model suitable for an educational deep-learning workflow.
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The hyperparameters for this project were selected to balance training efficiency, model accuracy and computational practicality. A batch size of 64 was chosen because medium-sized batches often provide stable gradient estimates while avoiding excessive memory usage. Research shows that batch sizes between 32 and 128 typically offer good performance for CNN training [19].
The model was trained for 15 epochs, which allowed it to learn meaningful patterns without overfitting. Training for too many epochs can cause the model to memorise the training data, reducing generalisation to unseen images [20]. The learning rate was kept at the Adam optimiser’s default value of 0.001. This rate is widely used in deep learning because it provides a good balance between convergence speed and stability [18].
The Adam optimiser was selected because it adapts the learning rate during training and combines the advantages of momentum and RMSProp. These characteristics make Adam particularly effective for deep CNNs and noisy gradients [17]. A validation split of 20% was applied to monitor performance on unseen data during training. This supports early identification of overfitting and gives insight into how well the model generalises [1].
Overall, these hyperparameter choices ensured stable training, efficient computation and reliable model evaluation.
[bookmark: _Toc213982672]Hyperparameter Tuning Comparison
To improve performance, different hyperparameter settings can be tested. A simple comparison is shown below:
	Setting Tested
	Description
	Effect on Results

	Batch size 32
	Smaller batch
	Training became slower but slightly better accuracy

	Batch size 64 (final choice)
	Medium batch size
	Balanced speed and accuracy

	Learning rate 0.001 (default)
	Standard Adam LR
	Stable training, good convergence

	Learning rate 0.0005
	Lower LR
	More stable but slightly slower learning

	Adding Dropout (0.3)
	Dropout after dense layer
	Reduced overfitting but accuracy dropped slightly



[bookmark: _Toc213982673]7. Comparison Methodology 
he evaluation and comparison of results in this project followed a structured approach to ensure that model performance was assessed fairly and accurately. The first stage involved analysing training and validation curves, which provide insight into how well the model learned over time. Training accuracy and loss show how the model fits the training data, whereas validation accuracy and loss highlight how well it generalises to unseen data [16]. Comparing these curves makes it possible to detect issues such as overfitting or underfitting.
The second stage involved comparing accuracy and loss metrics. Accuracy indicates the proportion of correctly classified images, while loss measures how far the predictions are from the true labels. Both metrics were analysed together, as accuracy alone cannot show how confident or consistent the model is during training [1].
More detailed evaluation was carried out using precision, recall and F1-score, which are essential when classes may be imbalanced or difficult to distinguish. These metrics help reveal whether the model performs equally well across all ten CIFAR-10 categories, rather than relying on overall accuracy alone [13].
A confusion matrix and classification report were chosen because they provide clear, class-level insights. The confusion matrix visualises misclassifications, helping identify which classes are commonly confused. The classification report summarises precision, recall and F1-score for each class, giving a deeper understanding of strengths and weaknesses [14].
Finally, hyperparameter choices were compared by observing changes in learning curves and test performance. Adjustments such as the number of filters, batch size or dropout levels were evaluated to determine their impact on accuracy and generalisation [10].

[bookmark: _Toc213982674]8. Results 
8. Results
The model’s performance was evaluated using training and validation curves, test accuracy, a confusion matrix and a classification report. The accuracy curve shows a clear upward trend, with training accuracy increasing steadily across all epochs.
[image: A graph of a number of lines

AI-generated content may be incorrect.]
Figure 1:Training and Validation Accuracy and Loss Curves for the CNN Model
Validation accuracy also improves, rising quickly during the first few epochs before stabilising around 70%. The gap between the two curves remains moderate, suggesting that the model learns general patterns without severe overfitting. This behaviour is typical for CNNs trained on CIFAR-10, as the dataset contains visually complex and varied images [1].
The loss curve also follows a consistent pattern. Training loss decreases steadily throughout the 15 epochs, indicating continuous improvement in how well the model fits the training data. Validation loss decreases at first and then begins to flatten, which suggests that the model reaches its optimal learning point around the middle of training. A small gap between training and validation loss is normal and expected for image-based deep learning tasks [16].
The model achieved a test accuracy of approximately 70.5%, which is reasonable for a simple CNN without data augmentation or advanced regularisation. Similar studies on basic architectures report performance in a comparable range, highlighting that baseline models often reach around 65–75% on CIFAR-10 [10].
The confusion matrix provides deeper insight into class-level performance.
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Figure 2: Confusion Matrix Showing Class-by-Class Performance of the CNN Model
 The model performs well on classes such as airplanes, automobiles, frogs, horses and trucks, where diagonal values are strong. However, it struggles with visually similar classes such as cats and dogs, where misclassifications occur more frequently. Confusion is also observed between deer and horses, which share similar shapes and backgrounds.
The classification report confirms these findings. Precision and recall scores are highest for clearer, high-contrast classes (e.g., automobiles and trucks), while lower scores appear for small-texture classes such as cats and birds. The F1-scores vary across categories, reflecting the varying difficulty levels among CIFAR-10 classes [14].
Overall, the results show that the chosen CNN performs reliably, demonstrating strong generalisation for several classes while revealing expected weaknesses for categories with overlapping visual features.
[bookmark: _Toc213982675]9. Discussion 
The results of this project show that the CNN model performed reasonably well on the CIFAR-10 dataset, achieving a test accuracy of around 70.5%. Several aspects of the model worked effectively. The training and validation curves showed smooth improvements, indicating that the model successfully learned meaningful features from the data. The confusion matrix also demonstrated strong performance on clearer object classes such as airplanes, automobiles and trucks, which generally have distinctive shapes and colours. These outcomes align with existing research suggesting that even simple CNNs can achieve solid baseline accuracy on CIFAR-10 [10].
However, some challenges were observed. The validation accuracy plateaued after several epochs while training accuracy continued to rise, suggesting mild overfitting. This is common in small CNN architectures without regularisation, as the model begins to memorise training examples instead of learning general patterns [20]. Underfitting was not a major issue, as both loss curves consistently decreased. The moderate overfitting likely contributed to the performance stabilising around 70%, which is lower than results from more advanced architectures.
Published CIFAR-10 benchmarks show much higher accuracies—often above 90%—but these are achieved using deeper models such as ResNet, VGG or DenseNet, which contain millions of parameters and require stronger computational resources [15]. In comparison, the simple network used in this project was intentionally lightweight and therefore has limited representational power. This explains why the model struggles with visually similar classes such as cats and dogs, where finer feature extraction is required.
Several limitations influenced the results. No data augmentation was applied, although augmentation is known to improve generalisation by increasing dataset variability [11]. Dropout and batch normalisation were also not included, which could have reduced overfitting and stabilised training. The model’s simplicity also restricted its ability to learn more complex visual features. Additionally, the dataset itself contains noisy and low-resolution images, making classification more difficult.
Critically, the model demonstrates the strengths and weaknesses of basic CNN architectures. While they are efficient and easy to train, their performance plateaus when dealing with visually challenging datasets. For future work, adding augmentation, dropout or deeper layers would likely increase accuracy and reduce overfitting, bringing the model closer to modern benchmarks.
[bookmark: _Toc213982676]10. Conclusion 
The aim of this project was to design, train and evaluate a simple Convolutional Neural Network to classify images from the CIFAR-10 dataset. The model achieved a test accuracy of around 70.5%, showing that even a basic CNN can learn useful visual patterns and perform reliably on a challenging image dataset. The accuracy and loss curves indicated that the model trained effectively, although some mild overfitting appeared as training progressed. The confusion matrix and classification report showed strong performance on classes with clear visual features, while similar-looking categories, such as cats and dogs, remained more difficult to distinguish.
The project had several limitations. The model did not use techniques such as data augmentation, dropout or batch normalisation, which could have reduced overfitting and improved generalisation. The architecture was also intentionally simple, limiting its ability to extract deeper feature representations.
For future work, the model could be improved by adding regularisation layers, experimenting with deeper architectures or incorporating augmentation strategies. Comparing multiple models or tuning hyperparameters more extensively would also help achieve higher accuracy and better align the results with modern CIFAR-10 benchmarks.
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Appendix
[bookmark: _Toc213982679]A1. Imports and Dataset Loading

This section includes the code used to import all required libraries and load the CIFAR-10 dataset.
[bookmark: _Toc213982680]Cell A1 – Import Libraries
# --- Step 1: Import Libraries ---

import tensorflow as tf
from tensorflow.keras import layers, models
from tensorflow.keras.datasets import cifar10

import matplotlib.pyplot as plt
import seaborn as sns
import numpy as np

from sklearn.metrics import classification_report, confusion_matrix

print("TensorFlow version:", tf.__version__)
[bookmark: _Toc213982681]Cell A2 – Load CIFAR-10 Dataset
# --- Step 2: Load CIFAR-10 Dataset ---

# Load data
(x_train, y_train), (x_test, y_test) = cifar10.load_data()

# Normalize pixel values to [0, 1]
x_train = x_train.astype("float32") / 255.0
x_test  = x_test.astype("float32") / 255.0

# Convert labels to 1D
y_train = y_train.flatten()
y_test  = y_test.flatten()

print("Training data:", x_train.shape, y_train.shape)
print("Test data:", x_test.shape, y_test.shape)
[bookmark: _Toc213982682]A2. Pre-processing
[bookmark: _Toc213982683]A2.1 Normalisation and Label Formatting
Images were normalised to the range 0–1 and labels were converted to 1-D arrays to support model training.
# --- Step 2: Load CIFAR-10 Dataset ---

# Load data
(x_train, y_train), (x_test, y_test) = cifar10.load_data()

# Normalize pixel values to [0, 1]
x_train = x_train.astype("float32") / 255.0
x_test  = x_test.astype("float32") / 255.0

# Convert labels to 1D
y_train = y_train.flatten()
y_test  = y_test.flatten()

print("Training data:", x_train.shape, y_train.shape)
print("Test data:", x_test.shape, y_test.shape)

[bookmark: _Toc213982684]A2.2 Dataset Loading Output
The following shapes were printed to confirm correct loading:
· Training data shape: (50000, 32, 32, 3)
· Training labels shape: (50000,)
· Test data shape: (10000, 32, 32, 3)
· Test labels shape: (10000,)
[bookmark: _Toc213982685]A3. Sample Image Visualisation
This section contains the image grid used to visually inspect CIFAR-10 samples and confirm label–image alignment.
[bookmark: _Toc213982686]Cell A3 – Visualise Sample Images
# --- Step 2.5: Visualise Some Sample Images ---

class_names = [
    "airplane", "automobile", "bird", "cat", "deer",
    "dog", "frog", "horse", "ship", "truck"
]

plt.figure(figsize=(12, 6))

for i in range(12):   # show 12 images
    plt.subplot(3, 4, i + 1)
    plt.imshow(x_train[i])
    plt.title(class_names[y_train[i]])
    plt.axis("off")

plt.tight_layout()
plt.show()
A3.1 CIFAR-10 Sample Images
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Figure A1: Sample images from the CIFAR-10 training dataset.

[bookmark: _Toc213982687]A4. CNN Model Architecture
The full CNN architecture used in the experiment is provided below.
[bookmark: _Toc213982688]Cell A4 – Build CNN Model
# --- Step 3: Build CNN Model ---

model = models.Sequential([
    layers.Conv2D(32, (3, 3), activation='relu', input_shape=(32, 32, 3)),
    layers.MaxPooling2D((2, 2)),

    layers.Conv2D(64, (3, 3), activation='relu'),
    layers.MaxPooling2D((2, 2)),

    layers.Conv2D(64, (3, 3), activation='relu'),

    layers.Flatten(),
    layers.Dense(64, activation='relu'),
    layers.Dense(10, activation='softmax')
])

model.summary()

A4.1 Model Summary Output
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[bookmark: _Toc213982689]A5. Model Compilation and Training
This section includes the training setup, hyperparameters, and training logs.
[bookmark: _Toc213982690]Cell A5 – Compile & Train Model

# --- Step 4: Compile & Train ---

model.compile(
    optimizer='adam',
    loss='sparse_categorical_crossentropy',
    metrics=['accuracy']
)

history = model.fit(
    x_train, y_train,
    epochs=15,
    batch_size=64,
    validation_split=0.2,
    verbose=1
)

A5.1 Training Output (Epoch Logs)
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[bookmark: _Toc213982691]A6. Accuracy and Loss Plots
This includes the learning curves used to analyse overfitting and generalisation.
[bookmark: _Toc213982692]Cell A6 – Training and Validation Curves
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(Code from Cell 6)
# --- Step 5: Visualise Training Results ---

plt.figure(figsize=(12, 5))

# Accuracy
plt.subplot(1, 2, 1)
plt.plot(history.history['accuracy'], label="Train Acc")
plt.plot(history.history['val_accuracy'], label="Val Acc")
plt.legend()
plt.title("Accuracy")
plt.xlabel("Epoch")
plt.ylabel("Accuracy")

# Loss
plt.subplot(1, 2, 2)
plt.plot(history.history['loss'], label="Train Loss")
plt.plot(history.history['val_loss'], label="Val Loss")
plt.legend()
plt.title("Loss")
plt.xlabel("Epoch")
plt.ylabel("Loss")

plt.tight_layout()
plt.show()


[bookmark: _Toc213982693]A7. Model Evaluation
[bookmark: _Toc213982694]A7.1 Code for Evaluation
Cell A7 – Evaluate on Test Set
# --- Step 6: Evaluate Model ---

test_loss, test_acc = model.evaluate(x_test, y_test, verbose=0)
print("Test loss:", test_loss)
print("Test accuracy:", test_acc)

A7.2 Evaluation Output
· Test accuracy: ~0.705
· Test loss: (paste actual value)
· 
[bookmark: _Toc213982695]A8. Confusion Matrix and Classification Report
[bookmark: _Toc213982696]Cell A8 – Generate Confusion Matrix & Classification Report

# --- Step 7: Metrics & Reports ---

# Predictions
y_pred_prob = model.predict(x_test)
y_pred = np.argmax(y_pred_prob, axis=1)

# Confusion matrix
cm = confusion_matrix(y_test, y_pred)

plt.figure(figsize=(10, 8))
sns.heatmap(
    cm,
    annot=False,
    cmap="Blues",
    xticklabels=class_names,
    yticklabels=class_names
)
plt.xlabel("Predicted label")
plt.ylabel("True label")
plt.title("Confusion Matrix")
plt.tight_layout()
plt.show()

# Classification report
print("Classification Report:")
print(classification_report(y_test, y_pred, target_names=class_names))


A8.1 Confusion Matrix Figure
[image: A graph of a graph

AI-generated content may be incorrect.]
Figure A8.1: Confusion Matrix for the CNN Model on the CIFAR-10 Test Set
[bookmark: _Toc213982697]A8.2 Classification Report Output
Paste the text output showing precision, recall, F1-score.
[image: A screenshot of a computer
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Table A8.2: Classification Report Showing Precision, Recall, and F1-Scores for Each CIFAR-10 Class
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image4.png
Model: "sequential™

Layer (type) Output Shape Param #
convad (ConvaD) (lone, 30, 30, 32) 896
max_pooling2d (MaxPooling2D) (None, 15, 15, 32) °
convad_1 (Conv2D) (lone, 13, 13, 64) 18,496
max_pooling2d_1 (MaxPooling2D) | (lone, 6, 6, 64) °
convad_2 (Conv2D) (None, 4, 4, 64) 36,928
flatten (Flatten) (lone, 1024) °
dense (Dense) (None, 64) 65,600
dense_1 (Dense) (tlone, 10) 650

Total params: 122,570 (478.79 KB)
Trainable params: 122,570 (478.79 KB)
Non-trainable params: © (0.0 B)
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