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The Perceptron

The structural building block of deep learning
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The Perceptron: Forward Propagation
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Common Activation Functions
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Importance of Activation Functions
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The Perceptron: Example
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The Perceptron: Example
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Building Neural Networks with Perceptrons
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The Perceptron Simplified
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The Perceptron Simplified
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Multi Output Perceptron
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Single Layer Neural Network
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Single Layer Neural Network
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Deep Neural Network
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Example Problem: Will I Pass This Class?
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Empirical Loss
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Binary Cross Entropy Loss
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Mean Squared Error Loss
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Training Neural Networks
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Loss Optimization
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Gradient Descent
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Gradient Descent
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Computing Gradients: Backpropagation
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Gradient Descent
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Stochastic Gradient Descent
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Stochastic Gradient Descent
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Mini-Batches while Training
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Mini-Batches while Training
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Neural Networks Summary
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Deep Learning for Computer Vision
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Images are Numbers
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Tasks in Computer Vision
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Manual Feature Extraction
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Learning Feature Representations
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Fully Connected Neural Network
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Fully Connected Neural Network
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Using Spatial Structure
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Using Spatial Structure
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Applying Filters to Extract Features
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Feature Extraction with Convolution
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X?
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Features of X
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Filters to Detect Features
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The Convolution Operation
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Convolutional Neural Networks

http://www.wildml.com/2015/11/understandin
g-convolutional-neural-networks-for-nlp/ 

sharpen

detect edges
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Convolutional Neural Networks
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CNNs for Classification: Feature Learning
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CNNs for Classification: Class Probabilities
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An Architecture for Many Applications
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Deep Generative Models
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Generative Modeling
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Latent Variable Models
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Autoencoders: Background
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Dimensionality of Latent Space -> Reconstruction Quality
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Variational Autoencoder (VAE)
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Traditional Autoencoder
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VAEs: Key Difference with Traditional Autoencoder
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VAE Optimization
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VAE Optimization
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Intuition on Regularization and the Normal Prior
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VAE Summary
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Generative Adversarial Network (GAN)
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What if we Just Want to Sample?
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Generative Adversarial Network (GAN)
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Training GANs
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Training GANs: Loss Function
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GANs are Distribution Transformers
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Conditional GANs
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Cycle GANs
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GANs vs Cycle GANs
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Deep Generative Modeling Summary
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Diffusion Models
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The Diffusion Process
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Diffusion Models

https://www.assemblyai.com/blog/diffusion-models-for-machine-learning-introduction/
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Deep Learning for Natural Language Processing
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Natural Language Processing and Understanding
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Evolution of LMs for Task-Solving Capacity
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Language Modelling
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• Language modelling is the task of predicting which word comes 

next in a sequence of words.

• More formally, given a sequence of words 𝑤1, … ,𝑤𝑡 we want to 

know the probability of the next word, 𝑤𝑡+1:

• We are assuming that 𝑤𝑡+1 comes from a finite vocabulary 𝑉.

language models = classifiers



An Alternative View on Language Models
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• Rather than as predictive models, language models can also be 

viewed as models that assign a probability to a piece of text.

How likely is it that this piece of text is written in Swedish? French?

• These two views are equivalent, as the probability of a sequence 

can be expressed as a product of conditional probabilities: *



An Approximation

• A problem: computing P(w | h) exactly is infeasible for arbitrary history h since 
language is creative and hmight have never occurred before!

• Idea: the Markov assumption: approximate the history by just the last few words.

P(wk|w1:k-1) ≈ P(wk|wk-n+1:k-1)

• Example: n-gram models: look at n-1 words in the history. n=2 is bigrams, n=3 is 
trigrams, etc.

• An n-gram is a contiguous sequence of 𝑛words (or characters).

• Sherlock Holmes had sprung out and seized the intruder by the collar. 

unigram           bigram trigram

• LLMs use much larger n, in the thousands or even millions!
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How Does ChatGPT Work?
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How Does ChatGPT-o1 Work?
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Large Language Models Scaling Laws
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https://www.lesswrong.com/posts/midXmMb2Xg37F2Kgn/new-scaling-
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Scaling From Pre-training to Test-time
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Neural Networks Limitations
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