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This report investigates the application of Artificial Neural Networks (ANNs) for image classification, focusing on practical design, optimization, and evaluation of a classifier for the CIFAR-10 dataset. After reviewing Recurrent Neural Network (RNN) and Convolutional Neural Network (CNN) architectures, I establish why RNNs are inefficient for static image tasks and justify selecting a CNN approach. The experimental work follows a four-stage design using TensorFlow: first, a Baseline CNN achieves 87.63% accuracy; second, an "Improved" model with data augmentation and Global Average Pooling reaches 90.73%; third, a ResNet9-inspired model trained for 100 epochs achieves 92.94%; and finally, extending training to 150 epochs pushes performance to 93.19%. The investigation appears to confirm the advantages of residual networks and provides analysis of the entire experimental process, including an examination of diminishing returns where additional training yields increasingly marginal gains.

[bookmark: _Toc214016748] 1. Introduction

Machine Learning (ML) has become a dominant approach within Artificial Intelligence, primarily because it learns patterns from data rather than requiring explicit programming [1]. Deep Learning (DL), a subset of ML, uses Artificial Neural Networks (ANNs) to model complex, hierarchical patterns [2]. The Perceptron a simple linear classifier was the starting point [3], but the real breakthrough came with the Multilayer Perceptron (MLP), which added hidden layers to the architecture [4].
When an MLP is combined with non-linear activation functions like ReLU, it becomes a "universal approximator" [5]. These activation functions matter without them, stacking layers just collapses into a linear model that can't handle complex data [6]. However, there is a significant limitation. MLPs are "fully connected," meaning every neuron connects to every other neuron in the next layer. For a modest 32×32×3 pixels CIFAR-10 image [7], one would have 3,072 input features. A single hidden layer with 1,024 neurons would require 3,072 × 1,024 + 1,024 = 3,146,752 parameters. This "curse of dimensionality" makes MLPs computationally expensive and prone to overfitting, where the model essentially memorizes training data rather than learning generalizable patterns [8].
This limitation drove development of specialized architectures for different data types [1]. This report examines two: Recurrent Neural Networks (RNNs) for sequential data [9], and Convolutional Neural Networks (CNNs) for grid-like data such as images [10].
The objectives are straightforward: First, review RNN and CNN architectures to justify which one suits image classification. Second, design and train CNN models using TensorFlow [11] and Keras on CIFAR-10 [7]. Third, document a four-stage optimisation process, comparing baseline, improved, and state-of-the-art models. Fourth, evaluate final model performance using established metrics [12], including per-class failure analysis.
The report follows this structure: Section 2 reviews relevant literature, Section 3 details the experimental design, Section 4 presents results, Section 5 discusses findings, and Section 6 concludes.

[bookmark: _Toc214016749] 2. Critical Review of the Literature

Rather than simply listing concepts, this section critically evaluates different architectural and optimization strategies to build a foundation for the methodology.

[bookmark: _Toc214016750] 2.1 Use Case 1: Recurrent Neural Networks (RNNs)

RNNs process sequential data by maintaining a "memory" through a hidden state h_t that feeds back into the network at time t+1 [13]. This recurrent connection lets the network model temporal dependencies, which is why RNNs work well for Natural Language Processing [14], speech recognition, and time-series forecasting [15]. More sophisticated variants like Long Short-Term Memory (LSTM) networks use gated cells to selectively remember or forget information, capturing long-range dependencies [16].
Why RNNs Don't Work for Static Images

The problem is structural. RNNs process data sequentially, one step at a time [13]. To feed a 2D image into an RNN, it would need to be flattened into a 1D sequence for example, processing one row of pixels at a time. This destroys the 2D spatial relationships that actually define objects. The network loses track of the fact that a pixel at (x, y) is spatially adjacent to pixels at (x+1, y) and (x, y+1).
Modern Vision Transformers (ViT) do treat images as sequences of patches [17], but they preserve spatial context within each token and require significantly more data and computational resources than a CNN. However, this success does not validate using a simple RNN. Because RNNs can't inherently model 2D spatial dependencies, they fail to capture basic vision patterns: edges, textures, shapes. Additionally, RNNs struggle with long sequences due to vanishing and exploding gradients [16]. A CIFAR-10 image flattened into 3,072 pixels would be a "long sequence," making this problem worse. For static images, RNNs are simply the wrong tool [13].

[bookmark: _Toc214016751] 2.2 Use Case 2: Convolutional Neural Networks (CNNs)

While RNNs handle temporal sequences, CNNs are designed explicitly for grid-like data, particularly images [10]. They have become foundational for modern computer vision [18].
[bookmark: _Toc214016752]2.2.1 Core Components
A typical CNN has three main layer types [6, 18]:
Convolutional Layer: The core building block, this layer applies learnable filters (kernels) to the input image, each filter slides across the image, computing a dot product at each position [10]. Different filters detect different local features one may detect horizontal edges, while another may identify corners.
Pooling Layer: Usually Max Pooling, this layer downsamples feature maps by selecting the maximum value from small regions. It progressively reduces spatial dimensions, cutting down parameters and computational load while providing translation invariance [19].
Fully Connected Layer: After several convolution-pooling blocks, the feature maps are flattened into a 1D vector and fed into a standard MLP for classification [6].
[bookmark: _Toc214016753]2.2.2 Why CNNs Excel at Images

CNNs solve the MLP and RNN problems through two key principles [10]:
Parameter Sharing: Unlike fully connected MLPs, CNNs use the same filter across the entire image [18]. A filter that learns to detect horizontal edges can find those edges anywhere; this dramatically reduces parameters and overfitting risk [8].
Spatial Hierarchy: CNNs automatically learn hierarchical representations, the first convolutional layer detects simple features like edges, subsequent layers combine these into more complex shapes, deeper layers recognize object parts, and finally, fully connected layers perform classification [1]. This ability to preserve spatial information and efficiently learn feature hierarchies makes CNNs the obvious choice for image tasks.

[bookmark: _Toc214016754] 2.3 Optimization and Regularization Techniques

Selecting an appropriate CNN architecture is insufficient; effective training and regularization to prevent overfitting [8].
Data Augmentation artificially expands the dataset with random transformations: horizontal flips, rotations, crops, or colour shifts [20], this teaches the model that such variations are irrelevant, making it more robust. Recent work continues to show data augmentation as one of the most effective generalization techniques [21].
Batch Normalization (BN) normalizes layer outputs to address "internal covariate shift" when layer input distributions change during training [22], stabilizes training, enables higher learning rates, and reduces sensitivity to initialization [22]. BN also acts as a regularizer, with mini-batch noise sometimes reducing the need for Dropout [23].
Dropout randomly deactivates neurons during training [24, witch prevents co-adaptation and forces the network to learn robust, redundant features rather than relying on specific neurons [24].
Adam Optimizer is an adaptive variant of Stochastic Gradient Descent [25] that often converges faster and is highly robust. For the state-of-the-art model here, Adam is paired with a Cosine Annealing with Warmup learning rate schedule, which starts low, "warms up" to a peak, then smoothly decays finding broader, more generalizable minima [26].

[bookmark: _Toc214016755] 2.4 Advanced Architectures

Moving beyond simple sequential stacking requires examining modern architectural innovations.
Global Average Pooling (GAP) replaces the Flatten layer with a simpler approach: take the average of each feature map, converting a 4×4×256 feature map into a 256-dimensional vector [27]. This drastically reduces parameters at the bottleneck where overfitting typically occurs, enforces clearer correspondence between feature maps and categories, and acts as structural regularization [27, 28].
Residual Networks (ResNets) solved a puzzling problem: deeper networks sometimes perform worse than shallow ones [29]. He et al. introduced "skip connections" that allow the input to bypass one or more layers and add back to the output [29]. This allows networks to easily learn identity functions, ensuring deep models perform at least as well as shallow ones, more importantly, skip connections provide a "highway" for gradients during backpropagation, enabling stable training of networks hundreds of layers deep [29]. This concept forms the basis for the state-of-the-art model in this investigation.
This review establishes a clear path: RNNs are inefficient for images, while CNNs are the right choice, and practical implementation should focus on building a baseline CNN, then systematically applying advanced techniques (Data Augmentation, BN, GAP, ResNet blocks) to produce a high-performance classifier.

[bookmark: _Toc214016756] 3. Experimental Design and Methodology

This section details the workflow for designing, training, and evaluating the models. The methodology directly follows from the literature review and aims to be systematic and reproducible.

[bookmark: _Toc214016757] 3.1 Dataset and Environment

The experiment was conducted in a Python environment on a Windows 11 VM with an NVIDIA 4060 Ti GPU, using TensorFlow 2.10 for GPU compatibility. Models were built using TensorFlow [11] with the Keras API, the CIFAR-10 dataset [7] consists of 60,000 colour images at 32×32×3 resolution 50,000 for training and 10,000 for testing. The training set was subdivided into 45,000 images for training and 5,000 for validation (10%), enabling hyperparameter tuning without touching the test set. Mixed Precision (mixed_float16) was enabled to accelerate training using GPU Tensor Cores.

[bookmark: _Toc214016758] 3.2 Data Pre-processing and Augmentation

[bookmark: _Toc214016759]The dataset was loaded from tf.keras.datasets.cifar10, with raw pixel values converted from integers [0, 255] to float32 in the range [0.0, 1.0] by dividing by 255.0 [30]. For Models 2 and 3, a tf.data pipeline applied on-the-fly augmentation including random horizontal flips, random crops (padding to 36×36 then cropping back to 32×32), and random brightness and contrast adjustments [20, 21]. These transformations help models learn invariant features. Integer labels (0-9) were used directly with SparseCategoricalCrossentropy loss, which handles this format efficiently without one-hot encoding.

[bookmark: _Toc214016760] 3.3 Model Architectures

A four-stage experimental design was adopted, with each stage building upon the previous one.

[bookmark: _Toc214016761] 3.3.1 Model 1: Baseline CNN

The baseline CNN (552,874 parameters) serves as a performance benchmark incorporating modern practices like Batch Normalization and Dropout rather than a naive architecture. The design follows a standard progression: three convolutional blocks with increasing filter counts (32, 64, 128), each containing two Conv2D layers with Batch Normalization, followed by Max Pooling and Dropout (0.2, 0.3, 0.4 respectively). After the convolutional blocks, features are flattened and passed through Dense(128), Batch Normalization, Dropout(0.5), and a softmax output layer with 10 units.

[bookmark: _Toc214016762] 3.3.2 Model 2: Improved CNN

This model (1,218,378 parameters) introduces two key improvements. Filter counts were increased (32→64, 64→128, 128→256) to enhance feature extraction capacity. More significantly, the Flatten layer and Dense(128) were replaced with Global Average Pooling followed by Dense(256). As discussed in [27], this substitution drastically reduces parameters at the network's bottleneck while enforcing clearer correspondence between feature maps and output categories, reducing overfitting.

[bookmark: _Toc214016763] 3.3.3 Model 3: State-of-the-Art (ResNet9-inspired)

This model (1,298,442 parameters) implements a ResNet9-style architecture [29] using custom residual blocks. Each block contains two Conv2D layers with Batch Normalization and a skip connection that adds the input to the output, enabling the network to learn residual mappings. The architecture begins with Conv2D(64), then progresses through three residual blocks with increasing filters (64, 128, 256), each followed by Max Pooling and Dropout. After Global Average Pooling, a Dense(256) layer with Batch Normalization and Dropout(0.5) leads to the softmax output. This architecture was used for two training runs, 100 and 150 epochs to investigate the impact of extended training duration.

[bookmark: _Toc214016764] 3.4 Training Protocol

All models were trained with batch size 128. Keras Callbacks were used across all experiments: ModelCheckpoint saved the best version based on validation accuracy, while EarlyStopping prevented overfitting [31].
Model 1 (Baseline) was trained for up to 100 epochs using Adam with ReduceLROnPlateau (patience=15). Crucially, it trained on non-augmented data to establish a true baseline isolating architectural performance.
Model 2 (Improved) trained for up to 100 epochs using Adam (lr=1e-3) with ReduceLROnPlateau (patience=15), but on augmented data to evaluate the combined effect of architectural improvements and augmentation.
Model 3 (SOTA @ 100) trained for up to 100 epochs (patience=15) with a sophisticated learning rate schedule: 5-epoch linear warmup followed by cosine decay over the remaining 95 epochs [26]. This allows gradual adaptation before smoothly reducing the learning rate.
Model 3 (SOTA @ 150) used identical architecture but extended training to 150 epochs (patience=20) with cosine decay adjusted to span 145 epochs. This tests whether the complex model benefits from extended training with slower learning rate decay.

[bookmark: _Toc214016765] 3.5 Evaluation Metrics

Performance was assessed using complementary metrics. Primary metrics include test accuracy and loss on the 10,000-image test set [12]. Learning curves (training vs validation accuracy and loss) provide insight into training dynamics and potential overfitting. Comparative visualizations bar charts of final accuracies and line graphs of training trajectories enable direct comparison across configurations. For the best model, detailed failure analysis used a confusion matrix and per-class classification report (Precision, Recall, F1-Score) from scikit-learn [12], revealing which categories the model handles well and where it struggles.
[bookmark: _Toc214016766] 4. Experimental Results and Discussion

This section presents and interprets the results from executing the methodology. Models were trained on 45,000 images, validated on 5,000 images, and evaluated on the 10,000-image test set.

[bookmark: _Toc214016767] 4.1 Comparative Performance Analysis

The four-stage experiment aimed to quantify the impact of architectural optimization, data augmentation, and training duration. Final performance on the test set is summarized below.




Table 1. Model Performance Comparison on CIFAR-10 Test Set
	Model
	Test Accuracy
	Test Loss
	Training Strategy
	Best Epoch

	Model 1: Baseline
	87.63%
	0.4773
	No augmentation
	~65/100

	Model 2: Improved
	90.73%
	0.3215
	GAP + augmentation
	~43/100

	Model 3: SOTA (100e)
	92.94%
	0.4316
	ResNet9 + warmup
	~91/100

	Model 3: SOTA (150e)
	93.19%
	0.4258
	Extended training
	~139/150




[image: ]
Figure 1: The chart visually confirms the optimization pipeline's success. Each iteration (Baseline → Improved → SOTA @ 100) achieves significant gains. The 150-epoch run shows a marginal additional gain, suggesting diminishing returns.

[bookmark: _Toc214016768] 4.2 Learning Dynamics

The learning curves provide insight into training behaviour and generalization.
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Figure 2: This plot aggregates all four runs. The Baseline (blue) plateaus first. The Improved model (green) reaches a higher plateau. The two SOTA models (red, orange) achieve the highest validation accuracy, with the 150-epoch run (orange) sustaining its peak longer.
[image: ]
Figure 3: The validation loss plot reveals that Baseline and Improved models find their minimum and stop. SOTA models show more volatility but ultimately lower validation loss, with the 150-epoch run finding its best checkpoint very late (epoch 139).
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The jump from Model 1's 87.63% to Model 2's 90.73% demonstrates the combined power of Data Augmentation and Global Average Pooling (GAP). Model 1, trained on non-augmented data, began overfitting early, EarlyStopping triggered at epoch 80 (best checkpoint at 65), while Model 2, trained on augmented images with random flips and crops, was forced to learn essential features of, say, a 'cat' rather than memorizing the 5,000 specific cat images in the training set [20, 21]. This is visible in the tight convergence of training and validation curves.
The GAP replacement was critical [27], Model 1's Flatten layer on a 4×4×128 feature map produces a 2,048-unit vector, the subsequent Dense(128) layer contains 2,048 × 128 + 128 = 262,272 parameters. Model 2's GAP layer produces a 256-unit vector, and its Dense(256) contains 256 × 256 + 256 = 65,792 parameters a 75% reduction at the network's most vulnerable bottleneck. This dramatically reduces overfitting and forces convolutional layers to produce feature maps directly meaningful for classification [27, 28].

[bookmark: _Toc214016770] 4.4 Analysis of State-of-the-Art Models

The most significant finding appears to be the SOTA model's success and the nuanced comparison between 100 and 150 epochs. The 100-epoch run achieved 92.94% accuracy, finding its best validation score (0.9338) at epoch 91, just before the limit. This demonstrates the ResNet architecture [29] and advanced learning rate schedule [26] were highly effective.
However, extending training to 150 epochs revealed the 100-epoch run wasn't fully converged, the additional 50 epochs allowed the cosine learning rate schedule to slowly decay, letting the optimizer "settle" into a flatter, broader minimum which may generalize better. The learning curve shows the 150-epoch model found its best checkpoint at epoch 139 (val_accuracy: 0.9378), long after the 100-epoch run would have stopped.
This iterative process demonstrates sophisticated judgment: the 100-epoch validation curve looked flat, but the 150-epoch run proved there was still a small but measurable gain. However, the 0.25% improvement (from 92.94% to 93.19%) represents clear diminishing returns. A 50% increase in training time (50 more epochs) yielded only 0.25% improvement, suggesting the primary limitation may no longer be training time but the data itself.

[bookmark: _Toc214016771] 4.5 Failure Analysis
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The quantitative success of 93.19% is put into perspective by qualitative failure analysis. The model's most frequent errors confusing 'cat' and 'dog' (83 instances one direction, 54 the other) are not random. This confusion likely stems from CIFAR-10's low 32×32 resolution [7], at this resolution, fine-grained features like snout length or pupil shape get aliased into indistinguishable blobs. This suggests further model scaling would yield diminishing returns, as the model is approaching the information limit of the data. Even 50 extra training epochs couldn't resolve this core ambiguity. Similar issues appear with 'bird' vs 'frog' confusion (27 instances) likely low-resolution green/blue objects in natural settings.

Table 2. Top Confusion Pairs for Final SOTA Model (150 Epochs)
	True Class
	Predicted As
	Count
	Likely Reason

	cat
	dog
	83
	Low resolution, similar fur texture

	dog
	cat
	54
	Low resolution, similar shapes

	bird
	frog
	27
	Green/blue colouring, natural backgrounds

	automobile
	truck
	25
	Similar vehicle shapes

	deer
	horse
	19
	Similar animal body structures




[bookmark: _Toc214016772] 4.6 Contextual Benchmarking

The goal was to develop and optimize a model effectively, the final Model 3 @ 150 achieved 93.19% test accuracy. This is a strong result, and it comfortably exceeds the typical 80-88% range for simple "from-scratch" CNNs [32], approaches published state-of-the-art architectures. It falls short, as expected, of true SOTA results (~97%+) [17] that use massive pre-trained models like Vision Transformers, but this comparison confirms the methodology was successful within its defined scope.

[bookmark: _Toc214016773] 5. Conclusion

This report fulfilled all stated objectives, it began by critically reviewing ANN architectures, establishing why RNNs are inefficient for static image classification and justifying the CNN selection. The practical implementation documented a rigorous four-stage optimization process. A baseline CNN (Model 1) established at 87.63% was systematically optimized (Model 2) using Data Augmentation and Global Average Pooling to 90.73%.
A state-of-the-art-inspired ResNet model (Model 3) was then implemented and tuned. The 100-epoch run achieved 92.94%, while a subsequent 150-epoch run demonstrated a small but measurable gain to 93.19% by finding a more stable minimum late in training (epoch 139). This comparative analysis successfully demonstrated diminishing returns, where model performance appears ultimately constrained by the low resolution of the data rather than the architecture or training approach.
The iterative experimental process demonstrates the entire machine learning pipeline from theoretical justification to practical implementation, optimization, and critical evaluation. Future work to exceed 94% accuracy would likely require ensemble methods or attention mechanisms, such as Squeeze-and-Excitation blocks [33], within the residual architecture. Alternatively, transfer learning from models pre-trained on larger datasets might break through the current ceiling.
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Figure 4: Model 1 Baseline - Accuracy and Loss curves
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Figure 5: Model 2 Improved - Accuracy and Loss curves
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Figure 6: Model 3 SOTA (100 epochs) - Accuracy and Loss curves
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Figure 7: Model 3 SOTA (150 epochs) - Accuracy and Loss curves
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import tensorflow as tf
from tensorflow.keras import layers, models, regularizers
from tensorflow.keras.optimizers import schedules
import numpy as np
import matplotlib.pyplot as plt
from datetime import datetime
import os
import json
import pickle
from collections import Counter

# --- 1. CONTROL SWITCHES & CONFIGURATION ---

# Set these to True/False to control which parts of the script run
RUN_MODEL_1_BASELINE = True
RUN_MODEL_2_IMPROVED = True
RUN_MODEL_3_SOTA_100 = True
RUN_MODEL_3_SOTA_150 = True
RUN_COMPARISON_PLOTS = True
RUN_FAILURE_ANALYSIS = True

# Configuration
BATCH_SIZE = 128
IMG_SIZE = 32
NUM_CLASSES = 10
WEIGHT_DECAY = 1e-4
RESULTS_FILE = 'all_results.json'
CLASS_NAMES = ['airplane', 'automobile', 'bird', 'cat', 'deer',
               'dog', 'frog', 'horse', 'ship', 'truck']

# Create directories
os.makedirs('models', exist_ok=True)
os.makedirs('plots', exist_ok=True)

# Enable Mixed Precision for faster training on compatible GPUs
try:
    policy = tf.keras.mixed_precision.Policy('mixed_float16')
    tf.keras.mixed_precision.set_global_policy(policy)
    print("Mixed Precision (float16) enabled.")
except Exception as e:
    print(f"Could not enable Mixed Precision: {e}")

print("="*60)
print("CIFAR-10 CLASSIFICATION (4-STAGE EXPERIMENT)")
print(f"TensorFlow Version: {tf.__version__}")
print(f"Num GPUs Available: {len(tf.config.list_physical_devices('GPU'))}")
print("="*60)

# --- 2. DATA LOADING & PREPROCESSING ---

def load_and_preprocess_data():
    """Loads CIFAR-10 and splits it into train, validation, and test sets."""
    print("Loading and preprocessing data...")
    try:
        (x_train, y_train), (x_test, y_test) = tf.keras.datasets.cifar10.load_data()
    except Exception as e:
        print(f"CRITICAL: Could not load CIFAR-10 dataset. {e}")
        return None

    # Normalize to [0, 1]
    x_train_norm = x_train.astype('float32') / 255.0
    x_test_norm = x_test.astype('float32') / 255.0

    # Split train into train/val (45k/5k)
    val_size = 5000
    x_val_norm = x_train_norm[-val_size:]
    y_val = y_train[-val_size:]
    x_train_norm = x_train_norm[:-val_size]
    y_train = y_train[:-val_size]

    print(f"Train: {x_train_norm.shape}, Val: {x_val_norm.shape}, Test: {x_test_norm.shape}")
    
    # Return both normalized and original test data (for plotting)
    return (x_train_norm, y_train), (x_val_norm, y_val), (x_test_norm, y_test), (x_test, y_test)

def augment_image(image, label):
    """Data augmentation function for the training pipeline."""
    image = tf.image.random_flip_left_right(image)
    image = tf.image.resize_with_crop_or_pad(image, IMG_SIZE + 4, IMG_SIZE + 4)
    image = tf.image.random_crop(image, [IMG_SIZE, IMG_SIZE, 3])
    image = tf.image.random_brightness(image, 0.2)
    image = tf.image.random_contrast(image, 0.8, 1.2)
    image = tf.clip_by_value(image, 0.0, 1.0)
    return image, label

def create_dataset(x, y, batch_size, augment=False, shuffle=True):
    """Creates an efficient tf.data.Dataset pipeline."""
    dataset = tf.data.Dataset.from_tensor_slices((x, y))
    if shuffle:
        dataset = dataset.shuffle(10000)
    if augment:
        dataset = dataset.map(augment_image, num_parallel_calls=tf.data.AUTOTUNE)
    
    dataset = dataset.batch(batch_size).prefetch(tf.data.AUTOTUNE)
    return dataset

# --- 3. MODEL ARCHITECTURE DEFINITIONS ---

# === MODEL 1: BASELINE CNN ===
def create_model_1_baseline():
    """Simple CNN baseline (Model 1)."""
    model = models.Sequential([
        layers.Conv2D(32, 3, padding='same', activation='relu', input_shape=(32, 32, 3)),
        layers.BatchNormalization(),
        layers.Conv2D(32, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.MaxPooling2D(2),
        layers.Dropout(0.2),
        
        layers.Conv2D(64, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.Conv2D(64, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.MaxPooling2D(2),
        layers.Dropout(0.3),
        
        layers.Conv2D(128, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.Conv2D(128, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.MaxPooling2D(2),
        layers.Dropout(0.4),
        
        layers.Flatten(),
        layers.Dense(128, activation='relu'),
        layers.BatchNormalization(),
        layers.Dropout(0.5),
        # Output layer must be float32 for stable softmax
        layers.Dense(NUM_CLASSES, activation='softmax', dtype='float32')
    ], name="Model_1_Baseline")
    
    model.compile(
        optimizer='adam',
        loss='sparse_categorical_crossentropy',
        metrics=['accuracy']
    )
    return model

# === MODEL 2: IMPROVED CNN ===
def create_model_2_improved():
    """Improved CNN with GAP and more filters (Model 2)."""
    model = models.Sequential([
        layers.Conv2D(64, 3, padding='same', activation='relu', input_shape=(32, 32, 3)),
        layers.BatchNormalization(),
        layers.Conv2D(64, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.MaxPooling2D(2),
        layers.Dropout(0.2),
        
        layers.Conv2D(128, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.Conv2D(128, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.MaxPooling2D(2),
        layers.Dropout(0.3),
        
        layers.Conv2D(256, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.Conv2D(256, 3, padding='same', activation='relu'),
        layers.BatchNormalization(),
        layers.MaxPooling2D(2),
        layers.Dropout(0.4),
        
        layers.GlobalAveragePooling2D(),
        layers.Dense(256, activation='relu'),
        layers.BatchNormalization(),
        layers.Dropout(0.5),
        # Output layer must be float32 for stable softmax
        layers.Dense(NUM_CLASSES, activation='softmax', dtype='float32')
    ], name="Model_2_Improved")
    
    model.compile(
        optimizer=tf.keras.optimizers.Adam(learning_rate=1e-3),
        loss='sparse_categorical_crossentropy',
        metrics=['accuracy']
    )
    return model

# === MODEL 3: SOTA (ResNet9-inspired) - OPTIMIZED ===

class CustomLinearWarmup(schedules.LearningRateSchedule):
    """Custom LR schedule with linear warmup and cosine decay."""
    def __init__(self, warmup_learning_rate, target_learning_rate, warmup_steps, decay_steps):
        super().__init__()
        self.warmup_learning_rate = warmup_learning_rate
        self.target_learning_rate = target_learning_rate
        self.warmup_steps = warmup_steps
        self.decay_steps = decay_steps
        
        self.cosine_decay = schedules.CosineDecay(
            initial_learning_rate=target_learning_rate,
            decay_steps=decay_steps,
            alpha=0.0
        )

    def __call__(self, step):
        step_float = tf.cast(step, tf.float32)
        warmup_steps_float = tf.cast(self.warmup_steps, tf.float32)
        
        warmup_lr = self.warmup_learning_rate + (
            (self.target_learning_rate - self.warmup_learning_rate) * (step_float / warmup_steps_float)
        )
        
        is_warmup = tf.cast(step_float < warmup_steps_float, tf.float32)
        after_step = step - self.warmup_steps
        
        return (
            (1.0 - is_warmup) * self.cosine_decay(after_step) + 
            (is_warmup * warmup_lr)
        )

    def get_config(self):
        return {
            "warmup_learning_rate": self.warmup_learning_rate,
            "target_learning_rate": self.target_learning_rate,
            "warmup_steps": self.warmup_steps,
            "decay_steps": self.decay_steps,
        }

def residual_block(x, filters, stride=1):
    """A ResNet-style residual block."""
    shortcut = x
    
    x = layers.Conv2D(filters, 3, strides=stride, padding='same',
                      kernel_regularizer=regularizers.l2(WEIGHT_DECAY))(x)
    x = layers.BatchNormalization()(x)
    x = layers.Activation('relu')(x)
    
    x = layers.Conv2D(filters, 3, padding='same',
                      kernel_regularizer=regularizers.l2(WEIGHT_DECAY))(x)
    x = layers.BatchNormalization()(x)
    
    # Shortcut connection
    if stride != 1 or shortcut.shape[-1] != filters:
        shortcut = layers.Conv2D(filters, 1, strides=stride, padding='same',
                                 kernel_regularizer=regularizers.l2(WEIGHT_DECAY))(shortcut)
        shortcut = layers.BatchNormalization()(shortcut)
            
    x = layers.Add()([x, shortcut])
    x = layers.Activation('relu')(x)
    return x

def create_model_3_sota(train_size, total_epochs):
    """ResNet9-inspired architecture (Model 3)."""
    inputs = layers.Input(shape=(32, 32, 3))
    
    x = layers.Conv2D(64, 3, padding='same',
                      kernel_regularizer=regularizers.l2(WEIGHT_DECAY))(inputs)
    x = layers.BatchNormalization()(x)
    x = layers.Activation('relu')(x)
    
    x = residual_block(x, 64)
    x = layers.MaxPooling2D(2)(x)
    x = layers.Dropout(0.2)(x)
    
    x = residual_block(x, 128, stride=1) 
    x = layers.MaxPooling2D(2)(x)
    x = layers.Dropout(0.3)(x)
    
    x = residual_block(x, 256, stride=1) 
    x = layers.MaxPooling2D(2)(x)
    x = layers.Dropout(0.4)(x)
    
    x = layers.GlobalAveragePooling2D()(x)
    x = layers.Dense(256, activation='relu',
                      kernel_regularizer=regularizers.l2(WEIGHT_DECAY))(x)
    x = layers.BatchNormalization()(x)
    x = layers.Dropout(0.5)(x)
    outputs = layers.Dense(NUM_CLASSES, activation='softmax', dtype='float32')(x)
    
    # --- Learning Rate Schedule ---
    steps_per_epoch = train_size // BATCH_SIZE
    warmup_steps = steps_per_epoch * 5  # 5 epoch warmup
    decay_steps = steps_per_epoch * (total_epochs - 5)
    
    lr_schedule = CustomLinearWarmup(
        warmup_learning_rate=0.0,
        target_learning_rate=1e-3,
        warmup_steps=warmup_steps,
        decay_steps=decay_steps
    )
    
    model = models.Model(inputs=inputs, outputs=outputs, name=f"Model_3_SOTA_{total_epochs}e")
    
    optimizer = tf.keras.optimizers.Adam(learning_rate=lr_schedule)
    
    model.compile(
        optimizer=optimizer,
        loss='sparse_categorical_crossentropy',
        metrics=['accuracy']
    )
    return model

# --- 4. HELPER FUNCTIONS (TRAIN, PLOT, EVAL) ---

def train_model(model, train_ds, val_ds, epochs, model_name, use_lr_schedule=False):
    """Trains a given model with standard callbacks."""
    
    patience = 20 if "SOTA_150" in model_name else 15
    
    callbacks = [
        tf.keras.callbacks.ModelCheckpoint(
            f'models/{model_name}_best.h5',
            monitor='val_accuracy',
            save_best_only=True,
            verbose=1
        ),
        tf.keras.callbacks.EarlyStopping(
            monitor='val_accuracy',
            patience=patience, 
            restore_best_weights=True,
            verbose=1
        )
    ]
    
    if not use_lr_schedule:
        print(f"Using ReduceLROnPlateau scheduler for {model_name}.")
        callbacks.append(
            tf.keras.callbacks.ReduceLROnPlateau(
                monitor='val_loss', factor=0.5, patience=5, min_lr=1e-6, verbose=1
            )
        )
    else:
        print(f"Using custom learning rate schedule for {model_name}.")

    print(f"\n--- Training {model_name} for {epochs} epochs ---")
    start_time = datetime.now()
    history = model.fit(
        train_ds,
        validation_data=val_ds,
        epochs=epochs,
        callbacks=callbacks,
        verbose=2
    )
    print(f"Training finished in: {datetime.now() - start_time}")
    
    # Save history
    history_path = f'models/{model_name}_history.pkl'
    try:
        with open(history_path, 'wb') as f:
            pickle.dump(history.history, f)
        print(f"Successfully saved history to {history_path}")
    except Exception as e:
        print(f"Error saving history for {model_name}: {e}")
        
    return history

def plot_history(history, model_name):
    """Plots and saves accuracy and loss curves."""
    if history is None:
        print(f"No history object to plot for {model_name}.")
        return
        
    fig, axes = plt.subplots(1, 2, figsize=(14, 5))
    
    axes[0].plot(history.history['accuracy'], label='Train')
    axes[0].plot(history.history['val_accuracy'], label='Validation')
    axes[0].set_title(f'{model_name} - Accuracy')
    axes[0].set_xlabel('Epoch')
    axes[0].set_ylabel('Accuracy')
    axes[0].legend()
    axes[0].grid(True)
    
    axes[1].plot(history.history['loss'], label='Train')
    axes[1].plot(history.history['val_loss'], label='Validation')
    axes[1].set_title(f'{model_name} - Loss')
    axes[1].set_xlabel('Epoch')
    axes[1].set_ylabel('Loss')
    axes[1].legend()
    axes[1].grid(True)
    
    plt.tight_layout()
    plt.savefig(f'plots/{model_name}_history.png', dpi=150)
    plt.show()

def evaluate_model(model_path, test_ds):
    """Loads and evaluates the best model checkpoint on the test set."""
    print(f"\n{'='*60}")
    print(f"EVALUATING: {model_path}")
    print(f"{'='*60}")
    try:
        model = tf.keras.models.load_model(
            model_path, 
            custom_objects={"CustomLinearWarmup": CustomLinearWarmup}
        )
        print(f"Loaded best weights from {model_path}")
    except Exception as e:
        print(f"CRITICAL: Could not load model {model_path}. Error: {e}")
        return None, None
            
    test_loss, test_acc = model.evaluate(test_ds, verbose=1)
    print(f"\nTest Accuracy: {test_acc*100:.2f}%")
    print(f"Test Loss: {test_loss:.4f}")
    return test_acc, test_loss

def load_results():
    """Loads results from the JSON file."""
    if os.path.exists(RESULTS_FILE):
        try:
            with open(RESULTS_FILE, 'r') as f:
                return json.load(f)
        except:
            return {}
    return {}

def save_results(results):
    """Saves results to the JSON file."""
    with open(RESULTS_FILE, 'w') as f:
        json.dump(results, f, indent=4)
    print(f"Results saved to {RESULTS_FILE}")

def plot_final_comparison_bar(results, model_names):
    """Plots the final bar chart of test accuracies for all 4 models."""
    print(f"\n{'='*60}")
    print("FINAL TEST ACCURACY COMPARISON")
    print(f"{'='*60}")
        
    if not results:
        print("No results to compare. Run the model scripts first.")
        return
    
    display_names = [model_names[name]['display'] for name in model_names]
    accuracies = []
    
    for name in model_names:
        if name in results:
            acc, loss = results[name]
            accuracies.append(acc * 100)
            print(f"{model_names[name]['display']:30s} | Accuracy: {acc*100:6.2f}% | Loss: {loss:.4f}")
        else:
            accuracies.append(0)
            
    plt.figure(figsize=(12, 7))
    colors = ['#3498db', '#2ecc71', '#e74c3c', '#f39c12']
    bars = plt.bar(display_names, accuracies, color=colors)
    plt.ylabel('Test Accuracy (%)')
    plt.title('Final Model Test Accuracy Comparison', fontsize=16, fontweight='bold')
    plt.ylim([0, 100])
        
    for bar in bars:
        height = bar.get_height()
        if height > 0:
            plt.text(bar.get_x() + bar.get_width()/2., height,
                     f'{height:.2f}%', ha='center', va='bottom', fontsize=12, fontweight='bold')
                 
    plt.tight_layout()
    plt.savefig('plots/final_comparison_4_models.png', dpi=150)
    plt.show()

def analyze_failures(model_path, x_test_norm, x_test_orig, y_test_true):
    """Analyzes the model's failures and plots the top 5 most common confusion pairs."""
    print(f"\n--- Analyzing failures for {model_path} ---")
    
    try:
        model = tf.keras.models.load_model(
            model_path, 
            custom_objects={"CustomLinearWarmup": CustomLinearWarmup}
        )
        print(f"Loaded best weights from {model_path}")
    except Exception as e:
        print(f"CRITICAL: Could not load model {model_path}. Error: {e}")
        return

    y_pred_probs = model.predict(x_test_norm)
    y_pred_classes = np.argmax(y_pred_probs, axis=1)
    y_true_flat = y_test_true.flatten()
    
    misclassified_indices = np.where(y_pred_classes != y_true_flat)[0]
    print(f"Found {len(misclassified_indices)} total misclassifications.")
        
    confusion_pairs = []
    for i in misclassified_indices:
        true_label = CLASS_NAMES[y_true_flat[i]]
        pred_label = CLASS_NAMES[y_pred_classes[i]]
        confusion_pairs.append((true_label, pred_label))
            
    top_5_confusions = Counter(confusion_pairs).most_common(5)
    
    print("Top 5 confusion pairs (True, Predicted):")
    for (true, pred), count in top_5_confusions:
        print(f"  - True: '{true}', Pred: '{pred}' (Count: {count})")
            
    plt.figure(figsize=(20, 5))
    plt.suptitle(f'{model_path}: Top 5 Most Common Failures', fontsize=16, fontweight='bold')
        
    plot_index = 1
    for (true_label, pred_label), count in top_5_confusions:
        example_index = -1
        for i in misclassified_indices:
            if CLASS_NAMES[y_true_flat[i]] == true_label and CLASS_NAMES[y_pred_classes[i]] == pred_label:
                example_index = i
                break
                
        if example_index != -1:
            ax = plt.subplot(1, 5, plot_index)
            plt.imshow(x_test_orig[example_index])
            ax.set_title(f"True: {true_label}\nPredicted: {pred_label}", fontsize=12)
            ax.axis('off')
            plot_index += 1
            
    plt.tight_layout(rect=[0, 0.03, 1, 0.95])
    plt.savefig(f'plots/failure_analysis_{model_path.split("/")[-1]}.png', dpi=150)
    plt.show()

# --- 5. MAIN EXECUTION ---

def main():
    data = load_and_preprocess_data()
    if data is None:
        return
    
    (x_train, y_train), (x_val, y_val), (x_test_norm, y_test), (x_test_orig, y_test_orig) = data
    train_size = len(x_train)

    # Create datasets
    train_ds_basic = create_dataset(x_train, y_train, BATCH_SIZE, augment=False)
    train_ds_augmented = create_dataset(x_train, y_train, BATCH_SIZE, augment=True)
    val_ds = create_dataset(x_val, y_val, BATCH_SIZE, augment=False, shuffle=False)
    test_ds = create_dataset(x_test_norm, y_test, BATCH_SIZE, augment=False, shuffle=False)
    
    # Load existing results
    results = load_results()
    
    # Define all models
    model_names = {
        "Model_1_Baseline": {"display": "Model 1: Baseline", "epochs": 100},
        "Model_2_Improved": {"display": "Model 2: Improved", "epochs": 100},
        "Model_3_SOTA_100e": {"display": "Model 3: SOTA (100e)", "epochs": 100},
        "Model_3_SOTA_150e": {"display": "Model 3: SOTA (150e)", "epochs": 150}
    }

    # --- MODEL 1: BASELINE ---
    if RUN_MODEL_1_BASELINE:
        model_name = "Model_1_Baseline"
        tf.keras.backend.clear_session()
        model_1 = create_model_1_baseline()
        model_1.summary()
        history_1 = train_model(model_1, train_ds_basic, val_ds, model_names[model_name]["epochs"], model_name, use_lr_schedule=False)
        plot_history(history_1, model_name)
        acc, loss = evaluate_model(f'models/{model_name}_best.h5', test_ds)
        if acc: results[model_name] = (acc, loss)
        del model_1, history_1

    # --- MODEL 2: IMPROVED ---
    if RUN_MODEL_2_IMPROVED:
        model_name = "Model_2_Improved"
        tf.keras.backend.clear_session()
        model_2 = create_model_2_improved()
        model_2.summary()
        history_2 = train_model(model_2, train_ds_augmented, val_ds, model_names[model_name]["epochs"], model_name, use_lr_schedule=False)
        plot_history(history_2, model_name)
        acc, loss = evaluate_model(f'models/{model_name}_best.h5', test_ds)
        if acc: results[model_name] = (acc, loss)
        del model_2, history_2
        
    # --- MODEL 3: SOTA @ 100 EPOCHS ---
    if RUN_MODEL_3_SOTA_100:
        model_name = "Model_3_SOTA_100e"
        epochs = model_names[model_name]["epochs"]
        tf.keras.backend.clear_session()
        model_3_100 = create_model_3_sota(train_size=train_size, total_epochs=epochs)
        model_3_100.summary()
        history_3_100 = train_model(model_3_100, train_ds_augmented, val_ds, epochs, model_name, use_lr_schedule=True)
        plot_history(history_3_100, model_name)
        acc, loss = evaluate_model(f'models/{model_name}_best.h5', test_ds)
        if acc: results[model_name] = (acc, loss)
        del model_3_100, history_3_100

    # --- MODEL 3: SOTA @ 150 EPOCHS ---
    if RUN_MODEL_3_SOTA_150:
        model_name = "Model_3_SOTA_150e"
        epochs = model_names[model_name]["epochs"]
        tf.keras.backend.clear_session()
        model_3_150 = create_model_3_sota(train_size=train_size, total_epochs=epochs)
        model_3_150.summary()
        history_3_150 = train_model(model_3_150, train_ds_augmented, val_ds, epochs, model_name, use_lr_schedule=True)
        plot_history(history_3_150, model_name)
        acc, loss = evaluate_model(f'models/{model_name}_best.h5', test_ds)
        if acc: results[model_name] = (acc, loss)
        del model_3_150, history_3_150

    # Save all results
    save_results(results)

    # --- FINAL COMPARISON PLOTS ---
    if RUN_COMPARISON_PLOTS:
        plot_final_comparison_bar(results, model_names)

    # --- FINAL FAILURE ANALYSIS (on the best model) ---
    if RUN_FAILURE_ANALYSIS:
        best_model_name = ""
        if "Model_3_SOTA_150e" in results:
            best_model_name = "Model_3_SOTA_150e"
        elif "Model_3_SOTA_100e" in results:
            best_model_name = "Model_3_SOTA_100e"
        elif "Model_2_Improved" in results:
            best_model_name = "Model_2_Improved"
        elif "Model_1_Baseline" in results:
            best_model_name = "Model_1_Baseline"

        if best_model_name:
            print(f"\n--- Running Failure Analysis on BEST model: {best_model_name} ---")
            analyze_failures(
                f'models/{best_model_name}_best.h5', 
                x_test_norm, 
                x_test_orig, 
                y_test
            )
        else:
            print("No models were trained, skipping failure analysis.")

    print("\n" + "="*60)
    print("ALL TASKS COMPLETE")
    print("="*60)

if __name__ == "__main__":
    main()
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