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Module 4: Deep Learning, Computer Vision, and Natural
Language Processing

4.1 Foundations of Deep Learning and Neural Network
Architectures

The Paradigm Shift of Deep Learning

Deep learning is a specialized subset of machine learning that bypasses manual feature
engineering. Traditional algorithms rely on data scientists to select and extract input
features.

Deep Neural Networks (DNNs) use layers of interconnected processing units to
automatically discover, structure, and extract hierarchical representations directly from
raw, uncurated datasets.

The Artificial Perceptron Architecture

The foundational building block of deep neural networks is the artificial neuron, or
perceptron. It takes an input vector (X), applies a weight vector (W), adds a scalar bias
(b), and passes the sum through a non-linear activation function (¢) to compute an
output:

\(z=\sum _{i=13M{nw_{i}x_{i}+b=WANTIX+b\)
\(Wy}=\phi (z)\)
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Essential Activation Functions

Without non-linear activation functions, a neural network with thousands of layers would
collapse mathematically into a simple linear model, losing its ability to learn complex,
non-linear relationships.

Rectified Linear Unit (ReLU): The standard activation function for hidden layers in
modern deep architectures. It outputs zero for negative inputs and passes positive
inputs through unchanged:

\(\phi (z)=\max (0,2)\)
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Strategic Benefit: Bypasses exponential calculations, significantly accelerating training
speeds and reducing computational overhead.

Sigmoid Function: Maps inputs to a probability range between 0 and 1, primarily used
in the final output layer of binary classification models.

Softmax Function: Generalizes the Sigmoid function to handle multi-class
classification tasks. It converts an unnormalized vector of real values (logits) into a valid
probability distribution over multiple output classes, ensuring the outputs sum to exactly
1

Multi-Layer Perceptrons (MLPs) and Backpropagation

A Multi-Layer Perceptron consists of an input layer, one or more hidden layers, and an
output layer. The network learns by passing inputs forward through the layers to
generate a prediction (Forward Propagation), calculating the error against actual
values using a loss function, and then passing that error backward through the network
(Backpropagation).

During backpropagation, the network uses the Calculated Calculus Chain Rule to
break down the error gradient relative to every individual weight in the system:

\(\frac{\partial \text{Loss}}{\partial w_{ij}}=\frac{\partial \text{Loss}}\partial \*{y}}\times
\frac{\partial \My}}{\partial z_{j}}\times \frac{\partial z_{j}}{\partial w_{ij}}\)

These calculated gradients feed directly into optimization algorithms like Gradient
Descent, updating network weights across iterations to systematically minimize
prediction errors.

The Vanishing and Exploding Gradient Problem

As neural networks grow deeper, calculating gradients via the chain rule involves
multiplying numerous fractions together.

Vanishing Gradients: If the gradients of the activation functions are small (e.g., using
Sigmoid or Tanh), multiplying them repeatedly causes the gradient to shrink
exponentially as it travels back toward the earliest layers. The weights in these early
layers stop changing, stalling the training process.

Exploding Gradients: Conversely, if the weights or gradients are large, repeated
multiplication causes them to grow exponentially, leading to wild weight updates that
destabilize the network.



Architectural Remedies: Data engineers prevent these issues using He/Xavier
Weight Initialization methods, implementing Batch Normalization layers to stabilize
input distributions, and deploying Residual Connections (ResNets) that provide
shortcut paths for gradients to flow backward unimpeded.

4.2 Computer Vision and Convolutional Neural Networks (CNNs)

The Spatial Challenge of Visual Media

Processing digital images using standard Multi-Layer Perceptrons creates a massive
scaling problem. A modest 4K image contains millions of pixels; flattening this array into
a traditional input layer would require billions of weight parameters in the first hidden
layer alone, leading to immediate model overfitting and system memory exhaustion.

Furthermore, standard MLPs flatten spatial structures, meaning they cannot recognize
an object if it shifts locations within the frame.

Convolutional Neural Network (CNN) Mechanics

Convolutional Neural Networks preserve spatial structures by using local connection
patterns and weight sharing. They extract visual features using three core layer
operations:

[ Raw Image Tensor ] —---> [ Convolutional Layer ] ---> [ Activation (RelU)
] -——-> [ Pooling Layer ]
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1. Convolutional Layers

Instead of connecting every pixel to every neuron, a CNN slides a small, multi-
dimensional matrix of weights (Kernel/Filter) across the input image. At each step, it
calculates the dot product between the kernel weights and the underlying pixel
intensities, generating a 2D activation map called a Feature Map.

Stride: The step size (number of pixels) the kernel shifts as it slides across the image.
Padding: Adding a border of zero-intensity pixels around the input image, allowing the
kernel to process edge pixels and control the output dimensions of the feature map.



2. Pooling Layers

Pooling layers systematically downsample feature maps, reducing their spatial
dimensions to lower the network's computational overhead and parameter count.

Max Pooling: Slides a window across the feature map and selects only the maximum
value within that window. This extracts the most prominent visual features while making
the network invariant to small spatial shifts or distortions.

3. Fully Connected Layers

After passing through multiple convolutional and pooling layers to extract high-level
features (e.g., edges, textures, shapes), the multi-dimensional feature maps are
flattened into a 1D vector and fed into traditional fully connected layers to generate final
classification or regression outputs.

State-of-the-Art Computer Vision Frameworks

Modern computer vision systems move beyond basic image classification to handle
complex spatial recognition tasks:

Object Detection (YOLO - You Only Look Once): Reframes object detection as a
single regression problem. YOLO passes the entire image through the network once,
predicting bounding box coordinates and class probabilities simultaneously, making it
fast enough for real-time video analytics.

Image Segmentation (Mask R-CNN): Extends object detection models to perform
pixel-level tracking. It generates a high-precision binary mask for every individual object
detected in an image, separating overlapping items from the background.

4.3 Natural Language Processing, Sequential Models, and Large
Language Models (LLMs)

The Temporal Challenge of Textual Data

Natural language data lacks the fixed spatial grid of images. Text is sequential, variable-
length, and context-dependent. The meaning of an individual word changes based on
its preceding and succeeding context within a sentence.

To process text, computational models must map temporal dependencies across
varying time horizons.



Recurrent Neural Networks (RNNs) and the Memory Bottleneck

Recurrent Neural Networks process sequential data by maintaining an internal hidden
state vector (\(h_{t}\)) that acts as a memory buffer, updating at each step as new words
are ingested:

\(h_{t}=\phi (W_{hh}h_{t-1}+W_{xh}x_{t}+b)\)

The Long-Range Dependency Failure: Standard RNNs suffer from severe vanishing
gradient issues during backpropagation through time. Consequently, they lose track of
context and fail to connect words separated by more than a few steps in a long
paragraph.

Long Short-Term Memory (LSTM) Networks

LSTMs resolve this memory limitation by introducing an isolated Cell State alongside a
series of internal gating structures that regulate the flow of information:
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Forget Gate: Determines what percentage of historical memory should be discarded
from the cell state based on the new input token.

Input Gate: Regulates which new information features should be written into the cell
state.

Output Gate: Dictates which aspects of the updated cell state should be passed
forward to update the hidden state for the next step.

The Transformer Revolution

Despite LSTMs, sequential models remained computationally limited because they had
to process text word-by-word, preventing efficient parallel processing on GPU hardware.
The Transformer Architecture resolved this bottleneck by abandoning recurrence
entirely in favor of the Self-Attention Mechanism.



The Self-Attention Formulation

Self-attention allows a model to look at every word in a sequence simultaneously,
calculating a dynamic score that reflects how much focus it should place on every other
word to understand the current term's context.

The mechanism translates input text vectors into three distinct matrix spaces: Queries
(Q), Keys (K), and Values (V). The attention weights are calculated using the Scaled
Dot-Product formula:

\(\text{Attention}(Q,K,V)=\text{Softmax}\left(\frac{ QKN T}}{\sqrt{d_{k}}}\right)V\)

Where \(\sqrt{d_{k}}\) represents a scaling factor based on the key vector dimensions,
preventing the dot product values from growing too large and stalling the Softmax
function.

Architectural Typologies of Large Language Models (LLMs)

Modern generative Al models scale the Transformer framework into massive
architectural variations:

LLM Structural Architecture Generative Core Design Example
Typology Models
Encoder- Uses the Transformer encoder to Tasked with sequence
onl analyze bidirectional context classification, named entity BERT
y simultaneously. recognition, and sentiment analysis.
Decoder- Uses causal, masked attention to Autoregresswg generatloq: predicts GPT-4. Liama
ensure neurons only look at past the next most likely token in a
Only 3, Claude 3.5
tokens. sequence.
Encoder- Pairs an encoder network with a  Sequence-to-sequence translation,
Decoder decoder network to translate document summarization, and code T5, BART

feature spaces. synthesis.
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