
DATA 442 / 610

Neural Networks and Deep Learning

Jonathan Colen - jcolen@wm.edu



Lecture 1 - 8/26/2026 Course Introduction 

• Course Introduction 

• Syllabus 

• Structure & grading 

• Schedule 

• Course outline and goals 

• History of Deep Learning

Outline
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DATA 201 - Introduction to Data Science & AI 

DATA 301 - Applied Machine Learning 

DATA 442 (This Class) - Neural Networks & Deep Learning

Relationships with Other Courses @ W&M DS
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• Available on the course website is https://colen-teaching.github.io/
DATA442-Fall-2026 

• All other materials (lecture slides, demos, assignments, etc.) will be posted 
there, so check frequently

Syllabus
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https://colen-teaching.github.io/DATA442-Fall-2026
https://colen-teaching.github.io/DATA442-Fall-2026
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Final Report [40%] 3-5 pages 

• Introduction/Motivation 
(including related work) 

• Data/Methods 

• Results 

• Discussion 

• Conclusion/Future Work 

• References/Appendices (do not 
count towards page limit) 

Presentation [60%] ~10 minutes + 5 
for questions 

Bonus point opportunities 

• Originality [5%] is the work 
novel? 

• Participation [5%] are you 
supporting your classmates?

Final Project
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What is Deep Learning?
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What is Deep Learning?
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Courtesy of C. Fanelli
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Supervised learning maps an input 
to an output based on a dataset of 
labeled training examples 

Unsupervised learning learns 
patterns and structure within training 
data without prior labels 

Reinforcement learning involves 
agents interacting with an 
environment to maximize a reward 

Deep learning applies deep neural 
networks to solve problems in each 
of these areas 

Deep Learning is a subset of Machine Learning
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https://news.sparkfun.com/7369

Deep Learning
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Deep Neural Networks
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Deep neural networks process data through multiple hidden layers of artificial neurons

This is a neural network This is a deep neural network

Input Output

Hidden layer Hidden layers

Input Output
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Why do we care about deep learning and 
neural networks?
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Deep neural networks…
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…can learn hierarchical features

…scale well to large models and 
datasets

…are exempt from the classical bias-
variance tradeoff***

…are really good at learning arbitrary functions 
from data
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Deep learning scales to big data and big problems
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Bigger modelsBigger dataBigger hardware



Lecture 1 - 8/26/2026 Course Introduction 

Deep neural networks underpin modern AI/ML
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Deep learning wins you Nobel Prizes
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How did we get here?
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Pre-history
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Biological Neuron

Input 
synapses 

(Dendrites)

Output 
synapses 

(Axon 
terminals)

Soma

Axon

Schlegel et al, Nature (2024)

“Neurons that fire together, wire together”

Hebbian Learning (1949)

wij ← 𝔼[xi ⋅ xj]

x4
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x1 x2
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Artificial neurons and the perceptron model
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Biological Neuron

Input 
synapses 

(Dendrites)

Output 
synapses 

(Axon 
terminals)

Soma

Axon

Artificial Neuron (McCulloch/Pitts, 1943)

∑ Θ
Inputs 

(excitatory 
or inhibitory)

Summation Threshold 
activation

Output (quiet 
or firing)

Perceptron (Rosenblatt, 1957-58)

Mark I Perceptron machine (first hardware implementation of 
learning with an artificial neural network)



An artificial neural network is not a brain
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Perceptrons for binary classification
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https://en.wikipedia.org/wiki/perceptron

∑ ΘInputs xi Output y

y = {1 if∑i wixi + b > 0
0 otherwise

Θ = Heaviside step function

Binary activation

Update rule wj ← wj + η (yi − ̂yi) xi
j

b ← b + η(yi − ̂yi)
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• A multilayer perceptron (MLP) has 
multiple hidden layers of neurons 
connected by nonlinear activations 

• Early MLPs trained with stochastic 
gradient descent could perform 
nonlinear classification 

• Hidden layers may learn internal 
representations of input data

Multi-layer perceptrons
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• Backpropagation (Werbos 1982, Rumelhart 
1986, others) enabled efficient training of deep 
multilayer perceptrons 

• Rumelhart, Hinton, and Williams (1985) 
showed that back propagation could lead to 
neural networks with distributed 
representations 

• LeCun gave the first practical application of 
back propagation for handwritten digit 
classification (1989)

Backpropagation
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• CNNs were introduced by Fukushima (1979) and aimed to mimic the 
receptive field of neurons in the visual cortex 

• CNNs share weights to learn hierarchical features, i.e. ones that become 
more complex with network depth

Convolutional neural networks (CNNs)
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Recurrent neural networks (RNNs)

Lecture 1 - 8/26/2026 Course Introduction 23
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Time

Hopfield Networks (1982)

• RNNs were introduced in the 1980s (in many forms) and exploited weight 
sharing in time 

• Long short-term memory (LSTM, Schmidhuber 1995) improved on this 
design by addressing problems like vanishing gradients



ImageNet and the Deep Learning Boom

Lecture 1 - 8/26/2026 Course Introduction 24

Fei Fei Li introduced the ImageNet database with >14 million images 
and labels (2009)

• AlexNet (2012) showed the capability of 
deep neural networks, large data, and GPU 
training (code here: https://github.com/
computerhistory/AlexNet-Source-Code) 

• Residual networks (2015) enabled greater 
depth while avoiding vanishing gradients

https://github.com/computerhistory/AlexNet-Source-Code
https://github.com/computerhistory/AlexNet-Source-Code


Beyond labeled data to generative models
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Transformers
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The Transformer model (Vaswani et al, 2017) uses 
attention to efficiently train on sequence data

Attention (Schmidhuber, 1992) identifies 
alignment between “tokens”

Vision Transformers view an image as a “sentence” of 
smaller patches



Transformers
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What will we do in this class?
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Driving a car vs. Working on the engine
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This classUsing AI models
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• We will develop the machinery to define good models , train them using 
different types of data, and evaluate how well they perform on new examples 

• We will cover theory and practice using a common open-source deep 
learning framework (PyTorch)

fθ

A typical problem
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We have

• A dataset : a matrix of inputs  and a vector of outputs 

• A model  that maps inputs to outputs using parameters 

• A cost function  that tells us how well the model does what we want


Our goal is to find the parameters  that minimizes the cost function:  

(X, y) X y
fθ : X → y θ

C [fθ(X), y]
θ θ∗ = argmin C [fθ(X), y]

*

* It is not always the case that one has either a good dataset or a good cost function…
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• The best model is always the 
one that most resembles the 
data-generating distribution 

• This fits the training data and 
predicts the testing data

A motivating example - polynomial fitting
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• Noise in data may obscure 
the data distribution 

• Expressive models may 
attempt to capture noise as 
genuine data patterns 

• This can limit fit quality as 
well as test predictions

A motivating example - polynomial fitting
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• Models with more parameters can show high variation and inconsistent behavior 

• Deep NNs have many, many, many (!) parameters

A motivating example - polynomial fitting
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• Bias-variance tradeoff: neural networks are 
very expressive (low bias, high variance) 

• Not all problems have large well-curated 
datasets 

• Training and inference for SOTA models are 
expensive! 

• We don’t really know how deep neural 
networks work yet

Challenges with deep learning
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Hao, Xu, Li, & Evans. Nature (2026)
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• Understanding - “What’s going on with these networks?” 

• You should be able to create, debug, train, test, and tweak NN variants 
including MLP, CNN, RNN, GAN, GNN, etc 

• Applications - “How do I use them?” 

• Teach you the advantages and disadvantages of different strategies for fitting 
networks, software and hardware architectures, and more knowledge required 
to successfully create your own nets 

• Insights - “Where are they going now?” 

• We’ll show some of the newer innovations and give you the tools to experiment 

Course goals
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• Please make a note of the course website: https://colen-teaching.github.io/
DATA442-Fall-2026 

• Course notes, in class demos, and assignments will be posted periodically 
on the above website 

• If you would like an HPC account, submit a request at https://hpc.wm.edu/
acctreq/ 

• Please try to install PyTorch on a machine of your choice! See here for 
instructions: https://pytorch.org/get-started/locally/ 

That’s all!
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