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Outline today

• How does this course work?

• Discussion on AI Safety

• Deep Learning Refresher





High-level Schedule of the course
• Part 1:  Generative AI

- Deep Learning
- Large Language Model
- VAEs and Diffusion Models
- Using GenAI as an Agents
- Foundation models: Pretraining and Post-training 

• Part 2:  Safety Risks and Mitigation
• Jailbreaking / Prompt Injection
• Deepfake and Plagiarism
• Data poisoning and model collapse
• Existential Threats of AI

• Part 3:  Watermarking





Lecture Attendance is required

• “Check in” when you come to the lectures

• Scan QR code 
• Or click https://cs-291-sign-in.erchiw.workers.dev/

• Username:  dsc291
• Password:   Written on board



Reading Assignment (weekly)

• Submit a reading log before the Thursday lecture

•  Submit on “Gradescope”

“I read the introduction of “the Foundation Model” paper  and Section 2.4 on Reasoning and Search. I find the use 
of AI for solving geometry problems fascinating.”



Homework are due every Saturday

• Done in group of 4  students +  AI (e.g., Gemini 2.5):
• One submission due every Saturday midnight

• Submit on Gradescope



Project are done in group of 4 students 

• Project Idea:  
• a deep-dive on prompt injection attacks 
• Understanding the full cycle of LLMs development (estimate how much in 

$ it takes for each phase)
     …



I believe in “active learning”, so I will give it a try!

• Mini-lecture
• I cover course materials and show you what I think

• Activities:  
• Discussion
• Hands-on (vibe) coding

• In-class student presentation:  10 min presentation slots
• For you to present your findings from your reading or experiments.
• First slot next Thursday! 

Sign up sheet: https://tinyurl.com/dsc291signup 



Did you watch these videos?  



Activity:  get into groups and chat with your 
classmates
• What does Geoff Hinton worry about?

• What do AI experts such as Daniella Rus, Yann LeCun, Stuart 
Russell agree on, and what do they not agree on?

• What are Tucker Carlson’s worries?  

• Which question(s) to Sam Altman made him most unease?
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Main concepts we learned from DSC 240 (or 
any other Intro to ML class you took)

Learning 
algorithm

The problem of distribution shift

Training data
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Test data received during:
Prediction / inference /Deployment  

** Machine learning is only “guaranteed to work” when the training 
data are drawn i.i.d. from the same distribution as the new data 
that we will receive in the “inference” phase.

It’s a “Cat”!

Features,  hypothesis class,  loss function,  optimization  



Problem setup for machine learning problems

• Loss function

• Empirical Risk function

• (Population) Risk function
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Recap: Risk Decomposition
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Optimization Error Approximation Error Generalization Error

How close am I from
minimizing the
empirical risk?

How much worse the
best “representable”
classifier is from the
best classifier out there.

How different the
empirical risk of my
classifier is from its
population risk?



Machine learning can be viewed as a collection of
techniques in minimizing the three types of errors

Optimization error Generalization
Error Approximation Error

Definition

Challenges
• Finding ERM for some loss

functions is NP-Hard.
• Efficiency isn’t enough.

Need to be scalable.

• We do not observe Risk!
• Don’t have infinite data.
• Large generalization error

Overfitting

• Don’t know data distribution.
• No knowledge of Bayes optimal

classifier.
• Large approx. error

Underfitting!

What we have
learned to

address
these

challenges?
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“Just-relax” Surrogate loss,
Gradient Descent, SGD
Other more specialized

solutions to optimization
problems

Holdout, Cross-Validation
Regularization

Statistical learning theory

Better features
More flexible decision boundaries

Better probabilistic models

Ensemble learning: Boosting,
Bagging

Feature expansion/ Kernels
Neural Networks / Representation

Learning



Key questions in modelling and tradeoffs
• How to come up with suitable hypothesis class?

• We want the approximation error to be small
• We want it to be (statistically) efficiently learnable

• How to come up with suitable loss functions?
• We want the loss function to reflect that performance metric of

interest.
• We want the loss function to be efficiently optimizable
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Two philosophy for answering the two
questions
• Deterministic / Discriminative view:

• Loss function is a surrogate the performance metric that we care about.
• e.g. logistic loss, hinge-loss, etc. upper bounds the 0-1 loss

• Geometric view: Hypothesis class specifies the shapes of the decision
boundary.

• Probabilistic / Generative view:
• Loss function can be derived from Max-Likelihood Principle.
• Hypothesis class is specified by a probabilistic model of the data-

generation process.

22



Maximum Likelihood Estimation
• MLE defines an optimization problem to solve for

estimating the parameters given data.
• Find the parameter that maximizes the likelihood
• Find the distribution within a set of distributions that

maximizes the probability (likelihood) of observing the data
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Examples of supervised learning problems
Binary classification Multi-class

classification
Regression

Feature space ℝ𝑑 ℝ𝑑 ℝ𝑑

Label space {-1, 1} {1,2,3,…,K} ℝ

Popular
Performance

metric

Classification error
(0-1 loss)

for test data

Classification error
(0-1 loss)

for test data

Mean Square Error
(MSE)

vs ground truth

Popular
surrogate loss

(for training)

Logistic loss Multiclass logistic loss
aka. Cross-Entropy

loss

Square loss

Probabilistic
interpretation

MLE for a Bernoulli
(Linear) Model

MLE for a Multinomial
model

MLE for a Gaussian
Obersevation model
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Classifiers that we learned from 240
• Linear classifier

• Decision Tree (Decision Stumps)

• Naïve Bayes classifier

• Voting classifiers <= Bagging, Boosting

• Feature-expanded linear classifiers <= Kernel methods

• Neural Networks <= Learning representation
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Important learning goals:
1. What are the parameters
2. Fix a parameter, how does the

classifier make predictions
3. Sketching the decision boundary

in a 2d plane



They produce different decision boundaries

Overfitting vs underfitting?



How did we go from “problem solving agent” 
to  “Skynet and terminators” 

Solving specialized problem with  
human ingenuity:

Feature engineering / specify hypothesis 
class/ optimization 



So what’s so special about deep learning? 

28

Linear layerFeature map



Two-layer neural networks

Rahimi and Recht, 2007

• Linear neural network: 𝑆(𝑥) = 𝑤2
𝑇(𝑊1𝑥 + 𝒃1) + 𝑏2

• Still a linear model at the end of the day, so let’s add a nonlinearity 𝜎!

• Two-layer MLP: 𝑆(𝑥) = 𝑤2
𝑇𝜎 𝑊1𝑥 + 𝒃1 + 𝑏2

• Linear model w.r.t. to a learnable feature map

• RBF-kernel: 𝑆 𝑥 = 𝑤2
𝑇 exp 𝑖 𝑊1 𝑥 + 𝒃1 + 𝑏2

• Kernels are infinite width neural networks with fixed weights
• By Bochner’s theorem, see, e.g., [Rahimi and Recht, 2007]
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Neural networks: Example: AlexNet (2012)
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Modern neural networks are very complicated
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Modern neural networks are very complicated
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Solution to this? Brute-force computation
with autograd and GPUs
• Autograd: basically chain rules, can be automated.

• Design networks such that every block is differentiable.

• Faster Computation:
• Well-packaged Deep Learning Farmework: Write Python wrapper code but running C++

underneath
• Parallel computing: Numerical linear algebra and GPUs, scientific computing,

supercomputing centers.
• Distributed computing: Cloud computing, Map-Reduce, federated learning

• Popular tools (there are many more of these):
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Scale compute / data / parameters --- test 
loss always gets smaller.



Example of autograd and implementation of a
neural network
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Now with LLMs we don’t even need to write Jax / 
pytorch code… We may get away with vibe code.
• Let’s try it out!

• AI resources available to students:
• Google Gemini 2.5 (free for one year)
• Google Colab  (Jupyter Notebook,  GPU + TPU)

• Feel free to use your favorite LLM for coding.



Next lecture

• Make sure you complete the reading materials

• Required: The Foundation Model (Read the intro and at least one subsection 
from Section 2, 3, 4, or 5.)

• Optional Reading: Sutton’s The Bitter Lesson; GPT-2 Multitask Learners; 
GPT-3 Few-Shot Learners; Sparks of AGI; Emergent Abilities; ; Are Emergent 
Abilities a Mirage?

• Get ready for the discussion.


