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Before we start … eduApp installed?
Go to WebApp eduapp.ethz.ch (mobile app doesn’t work anymore)
and log in with ETH credentials 



Which departments are you from?



Why do you want to take 
Intro to Machine Learning?
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What is the goal of machine  learning?

Goal: develop machines to perform complex tasks. Example tasks: 

classify imagerisk assessment from
physical measurements

“Who can take
this course?”

“Students who know
what eigenvalues are”

input 

output anomaly or not?
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Classification: The traditional pipeline

cholesterol level x

output “at risk” or “safe”

“at risk” if x > t	
“safe”    if x < t

Classical approach: Machine performs tasks following specific rules defined by humans
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Classification: What would you do now?

new patient: 𝑥, ?

Patient 1: (𝑥1, 𝑦1)
⋮

Patient n: (𝑥! , 𝑦!)

output “at risk” or “safe” for x

whether patient
got sick

Transform into prompt 
to feed into

If you let them explain how they did it, they’ll tell you that under the hood

they followed some machine learning pipeline…

Possible LLM era approach: Given example data, you could feed that and your own 
cholesterol level 𝑥	to an LLM to ask it to predict your risk
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Classification: The Machine Learning pipeline

cholesterol level 𝑥

“at risk” if 𝑥 > 𝑡̂	
“safe”    if 𝑥 < 𝑡̂

cholesterol level 𝑥𝑖

output 𝑦𝑖

Machine Learning (ML) approach: Machines learn rules using example data

Patient 1: (𝑥1, 𝑦1)
⋮

Patient n: (𝑥! , 𝑦!)
try t

ML Algorithm: efficiently find t
that mostly outputs yi for xi

output “at risk” or “safe”

whether patient
got sick

or 
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If an LLM can design the algorithm, what’s our role?

For trustworthiness, safety and reliability:

We need to make sure it works as we need it!

However fast automation will progress, 

• even if it tells us how it performed a task, 

we need to understand whether 

this was a reasonable approach 

• It might not explain “truthfully” 

how it arrived at the result (sometimes hard 

to check)
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Simplified diagram of machine learning

ML method:
efficiently find rules that
fit training data well

Training Data

ML scientists
design and

evaluate

Rules

The focus of our course:
Machine learning concepts 

and methods
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Today
• Who is in this class and what is machine learning

• Learning objectives, prerequisites, other courses

• Logistics 
o Lectures, Tutorials

o Projects, Moodle

• More examples of machine learning problems
o Supervised learning

o Unsupervised learning
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Scope and objectives of the lecture
By the end of the course you should

1. have familiarity with some common machine learning methods, i.e. be able to

o explain basic machine learning concepts

o apply basic machine learning methods on real problems

o validate/evaluate the output of a learning method

2. have reliable intuition for why and when which algorithms work well, i.e. be able to

o choose a small set of promising methods for specific problems and datasets

o justify the intuition mathematically and explain the why and when



14

1. formal characterization helps to transfer intuition to new problems and dataset to

2. have intuition for why and when which algorithms work how “well” and be able to

o choose a small set of promising methods for specific problems and datasets

o justify the intuition mathematically and explain the why and when

mathematical approach is important for reliable and transferable intuition:

o intuition can be misleading, may often guide you wrongly when conditions change!

o mathematical derivations may characterize precisely when intuitions are valid

→ formal characterization helps to transfer intuition reliably to new problems
 

3. ultimately in the future, you want to be able to tackle new real—world problems

o develop new methods for new challenges in a principled manner

o evaluate new algorithmic developments/LLM designed methods in the future

…ultimately for your future career
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Who is this course designed for?

No prior knowledge about what machine learning is required, BUT you need

• a good grasp of basic concepts in linear algebra, analysis and probability
o the Preliminaries chapter in the lecture notes should only serve as a reminder of the core math 

concepts, if you haven’t heard of most concepts there, the course might be difficult to follow

o other reference: e.g. Part I of ”Mathematics for Machine Learning”  by Deisenroth, Faisal, Ong 

at https://mml-book.com/

• basic programming experience (we will work in Python)
o dedicated tutorial Monday next week 23.2. during Q&A session!

o links to more online tutorials on the course website

https://las.inf.ethz.ch/courses/introml-s24/lecturenotes/introduction_to_machine_learning_notes_fixed.pdf
https://mml-book.com/
https://mml-book.com/
https://mml-book.com/
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Intro to ML: foundation for other courses at ETH
ML Methods for specific applied domains (courses at D-INFK)

• Privacy Enhancing Technologies (Fall)

• Natural Language Processing (Fall)

• Computer Vision (Fall)

• Large Language Models (Spring)

• Machine Perception (Spring)

• Machine Learning for Health Care (Spring)

• Machine Learning for Genomics (Spring) … 
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Intro to ML: foundation for other courses at ETH
More on ML Methods & Theory at D-INFK

• Advanced Machine Learning (Fall): Continuation and advanced topics

• Deep Learning (Fall): Deep neural networks and their applications

• Probabilistic Artificial Intelligence (Fall): Learning-based decision making under uncertainty

• Reliable and trustworthy artificial intelligence (Fall): (certifiable) Robustness of ML methods

• Guarantees for Machine Learning (Fall): Statistical guarantees for ML methods (sample complexity)

• Computational Intelligence Lab (Spring): Matrix Factorization, Recommender Systems, projects

• Foundations of Reinforcement Learning (Spring): Mathematics of Reinforcement Learning 
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Today

• Who is in this class and what is machine learning

• Learning objectives, prerequisites, other courses

• Logistics 
o Lectures, Tutorials

o Projects, Moodle

• More examples of machine learning problems
o Supervised learning

o Unsupervised learning
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People
• Instructors

o Andreas Krause 

o Fanny Yang

• Teaching assistants
o Head TA: Marco Bagatella
o Other Heads: Malte Franke (projects), Frederike Lübeck (exam), Cynthia Chen (tutorials)

o Other TAs: Nicolas Menet, Riccardo De Santi, Logan Numerow, Weronika Ormaniec, Tiago Pimentel, 

Junhyung Park, Koren Nodens, Yarden As, Scott Sussex, Yunke Ao, Patrik Okanovic, Nuria Armengol Urpi, 
Shubh Goel, Tamas Nemes, Piersilvio de Bartolomeis, Lars Lorch, Rajesh Sharma, Barna Pasztor, Jonas 

Hübotter, Bruce Lee, Javier Abad, Sarah Martinson, Federico di Gennaro, Zifan Lyu, Juan Montes, Mengyao 
Fan, Anuj Srivastava, Balázs Szekér, Jinlei Zhou, Philip Pawlowsky, Gil Kur, Mert Albaba, Leo Schmidt-Traub, 

Tobias Wegel, Alex Shevchenko, Klejdi Sevdari, Anja Sjöström, Martin Wertich, Joudaki Amir
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Most important resource

Course website with all course info: https://las.inf.ethz.ch/teaching/introml-s26

• includes slides, lecture notes, homeworks & solutions, project details, recording links, 

book recommendations, access instructions to all of those and FAQ

• for slides/tutorial/homework material, use username: ml; password: predict

• additional access instructions can be retrieved when you’re in the ETH VPN

https://las.inf.ethz.ch/teaching/introml-s26
https://las.inf.ethz.ch/teaching/introml-s26
https://las.inf.ethz.ch/teaching/introml-s26
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Lecture logistics
• Lectures are recorded (no livestream)

o unannotated slides uploaded before lecture 

o annotated ones uploaded after the lecture

• Ask questions during lectures
o in-person: simply raise your hand, or ask during the break, or after lecture

o or write in eduApp course channel (TA will monitor and read aloud or answer most questions)

• Other forms of in-person participation
o will use clicker questions on eduApp (download if you haven’t yet)

o will sometimes encourage peer discussions

https://eduapp-app1.ethz.ch/student/2025S
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Attendance & Waitlist
800 registered, 550+ on waitlist but in-person space is limited. This week for all that are registered:

• Even student IDs can attend in ETA F5, odd student IDs can go to ETA E1

• In the second week all of you should be able to find a spot in ETA F5

• Depending on enrollment and exam constraints, we’ll admit more waitlisted students during the 

first weeks of the course. Usually, everybody who wanted to take the course for credit, could

• Please de-register if you don’t plan to take the course for credit to make space for your peers!
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Tutorials & Homeworks
• Take homework seriously if you want to pass the exam.

Released bi-weekly on Tuesdays, starting in two weeks, discussed in the 

Friday tutorial of the same week

• Tutorials: Fridays 2pm-4pm, in ETA F5+ETF E1, recorded

o Starting 20.2., this week: math recap (instructions on how to use the math recap notes and 

walking through some basic linear algebra, calculus and probability)

o Other weeks: Recap of lecture material OR homework solutions chosen via student feedback

• Solutions are also on the website after the tutorials 
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Projects

• In the 4 course projects, you will apply basic learning methods to make predictions on real data

• To do now:

o Team up in groups of (up to) three students (there is a moodle topic for this)

o More instructions are posted on the website

• “Graded” only as pass/fail, best project teams will be awarded  a “best project” certificate

• 3 of 4 projects must be passed to register for the exams 

• Solutions will be presented in the Q&A sessions after the deadlines (recorded)
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Project server https://project.las.ethz.ch

https://project.las.ethz.ch/
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I still have a question …

• In-person: Ask during and after lectures, tutorials (recorded)

• 1-on1: Dedicated Q&A session (office hours, optional) - recorded
o will be held on Mondays, 5.15-6 pm virtually on Zoom: https://ethz.zoom.us/j/62324294937

(TA from the project team will also be there and present project-related information)

• Forum: Moodle will be monitored by TAs
o you are all encouraged to engage and answer! 

in fact trying to explain is the best way to check if you really understood 

• Email: introml26@inf.ethz.ch (for logistics), introml26-projects@inf.ethz.ch (for projects)

https://ethz.zoom.us/j/62324294937?pwd=fth5OhaOjRClPJQisqYO6RxOk3vP4k.1
mailto:introml25@inf.ethz.ch
mailto:introml25-projects@inf.ethz.ch
mailto:introml25-projects@inf.ethz.ch
mailto:introml25-projects@inf.ethz.ch


27

ML for Intro to ML – Ethel chatbot

• A chatbot specialized with material from IML (still in the process of getting updated 
with latest dates and last year’s material…)

• Disclaimer: not guaranteed to give correct responses - use at your own risk! 
In particular, Ethel answer cannot be quoted to request points in the exam

• New this year: upon informed consent, anonymous data collection to improve 
teaching – you will be able to give your consent some time in the upcoming weeks

Log in with ETH
credentials!  
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All links at one glance
• Course website with all course info: https://las.inf.ethz.ch/teaching/introml-s26

• Q&A session: https://ethz.zoom.us/j/62324294937 (password on website)

• Moodle: https://moodle-app2.let.ethz.ch/course/view.php?id=27418

• eduApp: https://eduapp.ethz.ch

• Project: https://project.las.ethz.ch/ 

https://las.inf.ethz.ch/teaching/introml-s26
https://las.inf.ethz.ch/teaching/introml-s26
https://las.inf.ethz.ch/teaching/introml-s26
https://ethz.zoom.us/j/62324294937?pwd=fth5OhaOjRClPJQisqYO6RxOk3vP4k.1
https://moodle-app2.let.ethz.ch/course/view.php?id=27418
https://moodle-app2.let.ethz.ch/course/view.php?id=27418
https://moodle-app2.let.ethz.ch/course/view.php?id=27418
https://moodle-app2.let.ethz.ch/course/view.php?id=27418
https://eduapp.ethz.ch/
https://eduapp.ethz.ch/
https://eduapp.ethz.ch/
https://project.las.ethz.ch/
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Other FAQ

• Distance exams? 

Possible (as exception), but need to officially request with study administration.

• Project counts for this summer + winter’s session exams. 

If you write the exam later, you have to redo the projects.

• Lecture notes for all lectures?  - Mostly complete, one chapter on LLMs missing.

Any other questions?
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Today

• Who is in this class and what is machine learning

• Learning objectives, prerequisites, other courses

• Logistics 
o Lectures, Tutorials

o Projects, Moodle

• More examples of machine learning problems
o Supervised learning

o Unsupervised learning
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Supervised Learning pipeline 

cholesterol level x

“at risk” if x > t̂	
“safe”    if x < t̂

cholesterol level xi

output yi

Machine Learning (ML) approach: Machines learn rules using example data

Patient 1: (x1, y1)
⋮

Patient n: (x", y")
try t

ML Algorithm: efficiently find t
that mostly outputs yi for xi

output “at risk” or “safe”

supervision: labels
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Simplified diagram of supervised learning

ML method:
efficiently find rules that
fit training data well

Training Data

ML scientists
design

Learnt 
rule

(x1, y1)
⋮

(x", y")

supervision: 
observed labels

input
attributes

Some test input x

Prediction y

there is an (unobserved)
underlying true output that 
you are aiming for
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Different supervised learning tasks

• Classification: Predict the class (discrete scalar 𝑦) of an input 𝑥

• Regression: Predict a value (continuous scalar 𝑦) for an input 𝑥

• Structured Prediction: Predict an output 𝑦	beyond scalars 𝑥

We will see some examples now… 
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Classification of physical measurements

y: whether patient at risk for heart disease

input x 

output y

y: whether listening to music, speech, noise, ...

x: blood measurements x: acoustic waveform

Source: Adobe Stock/Christoph Burgstedt
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Classification of Text

y: label: “spam” or “non-spam”

Demo using grammarly used in gmail

x: Email draft 

input x 

output y

Example from ETH email spam detector

y: sentiment

x: E-Mail Messages
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Classification of Images

x:

y: main object in the image

Krizhevsky et al. `12 “ImageNet Classification with Deep Convolutional Neural Networks“

input x 

output y

x:

y: pneumonia or healthy
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Classification of Images



39

Regression examples I

y: Functional properties of molecules 
(e.g., thermostability, binding affinity…)

input x 

output y

x: Molecule structure

y: selling price (CHF)

x: apartment/house attributes

Size (m2) # rooms Dist. (km) to 
pub. transp.

Years since 
construct.

120 4.5 0.3 30

90 3.5 1.2 87

… … … …
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Regression examples II

input x 

output y

y: short-term forecast

x: vital signs past trajectory

y: crop yield

x: soil properties,
weather, …

Source: Adobe Stock: sudok1 & zapp2photo

y: Probability of click / purchase

x: User & article (or advertisement)
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Structured prediction examples

y: text (in another language)

input x 

output y

x: text (in one language)

Demo using google translate

x: amino acid sequence

𝑦: protein structure

MSEQNNTEMTF
QIQRIYTKDISFE
APNAPHVFQKD
WQPEVKLD…

by GoogleDeepmind

SIFSYITESTGTPSN
ATYTYVIERWDPET
SGILNPCYGWPVC
YVTVNHKHTVNG…
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Structured prediction examples

y: text (in another language)

input x 

output y

x: text (in one language) x: amino acid sequence

𝑦: protein structure

MSEQNNTEMTF
QIQRIYTKDISFE
APNAPHVFQKD
WQPEVKLD…

by GoogleDeepmind

SIFSYITESTGTPSN
ATYTYVIERWDPET
SGILNPCYGWPVC
YVTVNHKHTVNG…
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Today
• Who is in this class and what is machine learning

• Learning objectives, prerequisites, other courses

• Logistics 
o Lectures, Tutorials

o Projects, Moodle

• More examples of machine learning problems
o Supervised learning

o Unsupervised learning
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No labels during training – what can we learn?

cholesterol level x

“at risk” if x > t̂	
“safe”    if x < t̂

cholesterol level xi

output yi

Machine Learning (ML) approach: Learn rules using example data

Patient 1: (x1, y1)
⋮

Patient n: (x", y")
try t

no outputs in training data
⟷no supervision!

output “at risk” or “safe”

What can we
learn to output?

ML Algorithm: efficiently find t
that mostly outputs yi for xi

not possible
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Unsupervised learning – information retrieval

input 

output

different than compressed version

anomaly  or similarity detection

smiling, male,
thick eyebrows
black hair
…

same person as

compact representation

in training data
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Unsupervised learning – completion / generation
You can also try to generate more of the same… no unique best/correct answer

First sentence

Completion of paragraph

https://www.youtube.com/watch?v=QiBM7-5hA6o

Melody

Harmonization

Demo using ChatGPT

prompt 

output
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Unsupervised learning – generation
You can also try to generate more of the same… no unique best/correct answer

Songs of a certain music genre

new songs in that style

Pictures of celebrities

new images of that kind

*Generated using SN-GAN, Miyato et al. ‘18 “Spectral Normalization for Generative Adversarial Networks”

data type 

output

and many more …
mage.space ’25

(with specific prompt)
SN-GAN* ’18
(no prompt)
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Simplified diagram for unsupervised learning

ML method:
efficiently find rules 
that fit training data 

Training Data Rules

Some test input x
(same modality as in 

training)

characteristics of x
relative to training data

x#
⋮
xn

Rulesor 

x′ that looks 
like from
training data

Some prompt

e.g. similarity, representation generation
(no “best”)



49

Unsupervised learning – goals & methods

• Summary of some common goals, using characteristics of the data
o Anomaly detection of „unusual“ data points

o Identification/discovery of (relevant) unobserved variables (such as features, classes)

o Compact representation / compression of data sets

o Generation of new data

• ML methods to learn characteristics of the data (covered in class): 
o Clustering e.g. for learning similarity and anomaly of points

o Dimensionality reduction e.g. for learning compact representations

o Generative modeling e.g. for feature learning and data generation



A sneak peak into unsupervised methods
(they will be discussed in detail later)
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Clustering
Example: Which images belong together in the training dataset?

Can also be used to answer: Does a new image (yellow) look similar to others in the training dataset?

no: anomaly!

yes!
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Dimensionality reduction

Clustered using projection using PCA + tSNE
(without using the depicted number as a label!)

(we’ll learn what PCA is later)

Handwritten digits (MNIST)

source: towardsdatascience.com

images of size  28 pixels x 28 pixels

→ 784 dimensional!

represented 

in 2-d
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Dimensionality reduction

only few needed
for final task

Figure courtesy – Valentina Boeva

Pa
tie

nt
s

All features: Multi-omics of extremely high dimension d

Tumor tissue

Example: Multi-omics for cancer survival prediction have many features of high dimensionality d 

many features 
can be extracted

selected features

Genome (DNA) Transcriptome (RNA) Proteome MetabolomeEpigenome (chromatin) Microbiome

d	~10!-10" d~10#-10$ d	~10#-10% d	~10!−10# d	~10&-10! d	~10&-10'
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Generative modeling for representation/compression

• Can visualize these features: (1) encode some image; (2) fix all 𝑧#, … , 𝑧) except 𝑧*; (3) vary 𝑧* and decode

varying 𝑧+varying 𝑧#

z#
⋮
z,

features of
dimension k ≪ d

Example: Facial factors learned from faces of celebrities (CelebA) using variational autoencoders

Chen et al’ 2018 “Isolating Sources of Disentanglement in Variational Autoencoders”, NeurIPS

encode decode
• ML model can learn rules to

input of
dimension d

output

Human interpretation: “Gender”Human interpretation: “Baldness”

Decoded output:

Note: Latent presentations from VAEs are still used to train e.g. Stable Diffusion
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Generative modeling for generation
Example: GANs that create images like training data 

*Generated using SN-GAN, Miyato et al. ‘18 “Spectral Normalization for Generative Adversarial Networks”

New generated images*

Learn maps (rules) such that different random
vectors result in images similar to training set

Training dataset

Use rules to generate new images
using more random vectors

z#
⋮
z,

random 
vectors

Map
z#
⋮
z,

random 
vectors

Map

Note: Diffusion models (used in dall-e, midjourney etc.) spiritually similarly also generate from noise, 
while also allowing prompt usage
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Generative modeling for generation
Example: LLMs that generate text from text using probabilistic model

Learn rules s.t. the observed next word (token) 
has a high probability (among all possible words)

Use rules to generate next words
from user-given prompt

Training examples: All parts of all sentences
in books, wikipedia, social media …
(deployed models also train on human feedback etc.)

Dobby
is

books (30%), laptops (15%)
phones (20%) snacks (30%)…

L.M. generates new text 
by repeating this process
(appending generated words & rerunning pipeline)

free

More details on language models in the last lecture…

Students
opened 
their 

snacks

sample from 
distribution

Distribution over
possible words

Language 
model

Language 
model
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Other modes of learning (not covered in class)

• Semi-supervised learning
o Learning from labeled and unlabeled data

• Active learning
o Acquire most informative labels for learning

• Transfer & meta learning
o Learn on one domain and test on another

• Online / lifelong / continual learning
o Learning from data as it arrives over time

• Reinforcement learning
o Learning by interacting with an 

unknown environment
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Course syllabus (not in chronological order!)

• Supervised learning

o Linear regression & classification, optimization
o model validation, bias-variance trade-off, regularization

o Kernels, neural networks & deep learning basics

• Unsupervised learning 

o Dimensionality reduction, representation learning

o Clustering, Generative modeling with neural networks

• The statistical perspective

o Probabilistic modeling (discriminative vs. generative), estimating the distribution
o Decision theory, Bayes optimality

o Formalizing intuitions with mathematical statements and derivations
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What you can do now

• Answer on high level what machine learning is

• Have an overview of problems machine learning can be used for

• Have a rough idea how training data can be used in 

supervised and unsupervised learning

Tomorrow:

• Learning a simple model from start to finish for a specific application


