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About myself
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Research area:  Statistical Machine 
Learning.  Optimization, reinforcement 
learning, differential privacy, deep 
learning. 

Short biography:

China => Singapore
Þ PhD from Carnegie Mellon 

University
Þ Scientist at Amazon AI 
Þ Professor at UCSB

Homepage: 
https://cs.ucsb.edu/~yuxiangw/

Call me:  Yu-Xiang or Professor Wang.    Don’t call me:  Wang, Yu, or Professor.

https://cs.ucsb.edu/~yuxiangw/


Professor Lei Li 

Website: https://sites.cs.ucsb.edu/~lilei/
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https://sites.cs.ucsb.edu/~lilei/


Teaching Assistant

• TA:  Xuandong Zhao

• PhD student in CS
• Research focus:
• Machine Learning
• Natural Language Processing
• Privacy and confidentiality
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Welcome to CS291K Machine 
Learning!
• This is a graduate-level introduction to machine 

learning.
• It gives a comprehensive treatment to ML
• It covers the theory, algorithms and practical implementation 

of ML all in 12 weeks!

• This will be a tough course
• Nevertheless, it’s a course worth spending time on.
• Especially if you are just starting your PhD studies.

• UCSB Covid policy: https://www.ucsb.edu/COVID-19-
information/campus-updates
• it’s your choice on mask-wearing, but highly recommended to

keep everybody in the class. 5

https://www.ucsb.edu/COVID-19-information/campus-updates


[Discussion] Why are you taking 
this course?
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AI Machine Learning has revolutionized
almost every aspect of our daily life
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Breakthroughs with deep learning
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Breakthroughs with deep learning
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Image segmentation and object
recognition
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Achieving Master Level in GO
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Image Captioning
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Art generation
Tell DALL E 2: 
“Students eager to learn machine learning on a Californian 
beach in Monet style”
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ML Is Transforming The Industries
• ML has transformed the IT industry
• Search Engine
• Speech Recognition
• Machine Translation
• Recommendation

• ML is transforming other industries
• Transportation
• Healthcare
• Finance
• Insurance, Law, HR, Travel, Media, …
• Semiconductor / Microprocessors
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ML is transforming the academia

• SOTA methods in computer vision / speech 
recognition / natural language processing

• Recent candidates who interviewed with UCSB for 
faculty positions
• Top security person:   doing security + ML
• Top database person:  doing ML for databases
• Top software engineering person: doing software 

engineering for ML systems debugging.
• Of course, we also interviewed quite a few core ML/ AI 

candidates too
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Why should you learn ML?

• Career opportunities
• AI / ML jobs are highly paid
• AI / ML are becoming the standard tools all software engineers are

expected to know.

• Research opportunities and potential impact
• “The golden age of physics is Newton’s time and Einstein’s time, the

golden age of AI is right now!”

• Personal development
• Consolidate your knowledge, connect the dots
• Becoming better in solving problems

• “It is just my passion! "
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How can this course help you?

• At the end of the course you will be able to
1. Understand jargons of ML
2. Assess whether ML will be a good solution to your 

problem; if so, choose appropriate ML models for it
3. Correctly implement and debug each step of ML 

workflow
4. Develop theoretical understanding on how / why / 

when ML works.
5. Read research papers in ML (possibly ready to write 

your own)
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Topics we will cover

Machine Learning basics

Modern Deep Learning models

Probabilistic ML models

Optimization-based methods

ML Foundations
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Course information
• Websites

• https://sites.cs.ucsb.edu/~lilei/course/ml22fa/index.html
• Schedule, lecture notes, assignments, related links

• Discussion on Ed: 
• https://edstem.org/us/courses/22801/discussion/

• Reference books
• [PRML] Pattern Recognition and Machine Learning, Bishop. available online
• [FML] Foundations of Machine Learning. Mohri, Rostamizadeh, and Talwalkar. 

available online.
• [D2L] Dive into Deep Learning. Zhang, Lipton, Li, Smola. available online.
• [MML] Mathematics for Machine Learning, Deisenroth, Faisal, and Ong. Free online.
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https://sites.cs.ucsb.edu/~lilei/course/ml22fa/index.html
https://edstem.org/us/courses/22801/discussion/
https://www.microsoft.com/en-us/research/uploads/prod/2006/01/Bishop-Pattern-Recognition-and-Machine-Learning-2006.pdf
https://cs.nyu.edu/~mohri/mlbook/
https://d2l.ai/index.html
https://mml-book.github.io/


Workload and grades

• 50% Homework assignments
• HW0: 5%
• HW1-3: 15% each
• A mix of theory questions and coding questions
• Each student needs to write their own homework (discussion / 

collaboration allowed if declared )

• 40% Project
• Proposal 5%
• Midterm milestone 5%
• Presentation 10% + Final report 20%

• 10% In-class or short after-class quiz
• You only need to complete them to get the credits
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Project timeline

• Group size: 1 – 4
• Milestones:

• Proposal due 10/6: one pager on what you will do
• Midterm milestone 11/3: one pager update
• Poster presentation: early December
• Final report: Shortly after the presentation

• Basic project:
• Read a paper, replicate results

• Advanced project:
• Apply ML to your problem / data from your research
• Develop new ML methods / theory
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There will be some steep learning
curves for some
• You need to use math:

• Calculus, Linear Algebra, Probabilities.
• Follow mathematical proofs.

• You need to be able to code:
• Mainly in Python (numpy, scipy)
• Learn to use pyTorch for coding assignments

• If you are/were a UCSB undergraduate:
• This course overlaps with CS 165B but materials are covered 

with more breath and depth. 
• Having completed the following courses may help you: Linear 

algebra (MATH 3B), Vector Calculus (6A), Probability and 
Statistics (PSTAT 120A, 120B), data-structures and algorithms 
(CS 130A & 130B)
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Remaining of today’s lecture

• Machine learning overview

• Supervised learning by an example
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Machine learning studies “computer 
programs that automatically improve (its 
performance on a task)with experience. ”
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Learning 
algorithm

The problem of distribution shift

Training data

12

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”!



Different tasks / problems in 
Machine Learning
• Supervised Learning

• Unsupervised Learning

• Reinforcement Learning

• Structured Prediction
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Spam Filter.

Topics of a text corpus

Atari Games. Serve Ads.

Machine translation.

Semi-supervised learning,  active learning,
ranking /search / recommendation

self-supervised learning and many more!



Supervised learning is about
predicting label y using feature x by
learning from labeled examples.Binary Classification
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Unsupervised Learning is about
finding structures in an unlabeled
dataset.
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Semi-supervised Learning using
both labeled and unlabeled data.
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Reinforcement learning learns to
make decisions for long-term rewards
by trials-and-errors.
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Recommendations

buy or not buy



Self-supervised learning learns to
predict parts of x using other parts of x.
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Image example from (Doersch et al, 2015) , text example from Amit Chaudhary

https://arxiv.org/abs/1505.05192
https://amitness.com/2020/05/self-supervised-learning-nlp/


Task, Experience, Performance
Task Experience Performance

Supervised 
learning

Use X predict Y (X,Y) – feature-
label pairs

error

Unsupervised 
learning

Organize, index, 
discover  
structures in data

Collection of 
unlabeled data X

“How well it 
represents actual 
data distribution”

Semi-supervised 
learning

Use X predict Y Unlabeled data X,  
and labeled data 
(X,Y)

error

Reinforcement 
learning

Make savvy 
decisions

Feedback from 
Task environment 

Expected Long-
term reward

Self-supervised
learning

Use one part of X
to predict another
part of X

Collection of
unlabeled data X

Reconstruction
error
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The focus of today’s lecture is 
“Supervised Learning”
• Actually, just “binary classification”.

• Prototypical Example: Spam filtering
• Design an “agent” to look at my email
• And predict whether it is “Spam” or “Ham”
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Illustration extracted from [here]

http://prephappy.com/prepping/spam-vs-ham-6-shelf-stable-meats-to-consider/


Example of SPAM emails
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Example of another SPAM email
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Example of a HAM (non-spam)
email

35

Quoted from [Here].

https://towardsdatascience.com/implementing-a-naive-bayes-classifier-for-text-categorization-in-five-steps-f9192cdd54c3


Modeling-Inference-Learning
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Modeling

Inference Learning

- Feature engineering
- Specify a family of classifiers

Learning the best performing classifierApply the classifier to emails



What are the features that we can
use to describe an email (3 min
discussion)

• What are the information that we can extract from
text, and hyper-texts to describe an email?

• What are typical characteristics of a spam email?

• What are typical characteristics of a non-spam
email?
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Possible features

• Number of special characters: $, %
• Mentioning of: Award, cash, free
• Greetings: generic, or specific
• Bad grammars and misspelled words: e.g. m0ney, c1ick

here.
• Excessive excitement: Many “!”, “!!!”, “?!”, words in

CAPITAL LETTERS.

• Whether the senders on the contact list
• Length of an email
• Whether the receiver has responded to sender before
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Example of a feature vector of dimension 4

1 0 0.0375 80
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Whether the contact list

Contains hyperlinks Proportion of misspelled words

Length of the message

Step 1 in Modelling
Feature extractor:

Converting the object of interest
to a vector of numerical values.



Mathematically defining a
classifier

40

• Feature space:

• Label space:

• A classifier (hypothesis):

X = Rd
<latexit sha1_base64="vGFd0zztJ02qzL84O7UX6Z4DUlA=">AAACB3icbVDLSsNAFL3xWesr6lKQwSK4KokIuhGKblxWsQ9oY5lMJu3QyYOZiVBCdm78FTcuFHHrL7jzb5ykWWjrgYEz59zLvfe4MWdSWda3sbC4tLyyWlmrrm9sbm2bO7ttGSWC0BaJeCS6LpaUs5C2FFOcdmNBceBy2nHHV7nfeaBCsii8U5OYOgEehsxnBCstDcyDfoDViGCedjN0gYqf66a32X3qZQgNzJpVtwqgeWKXpAYlmgPzq+9FJAloqAjHUvZsK1ZOioVihNOs2k8kjTEZ4yHtaRrigEonLe7I0JFWPORHQr9QoUL93ZHiQMpJ4OrKfE856+Xif14vUf65k7IwThQNyXSQn3CkIpSHgjwmKFF8ogkmguldERlhgYnS0VV1CPbsyfOkfVK3Nb85rTUuyzgqsA+HcAw2nEEDrqEJLSDwCM/wCm/Gk/FivBsf09IFo+zZgz8wPn8ARsWY6A==</latexit><latexit sha1_base64="vGFd0zztJ02qzL84O7UX6Z4DUlA=">AAACB3icbVDLSsNAFL3xWesr6lKQwSK4KokIuhGKblxWsQ9oY5lMJu3QyYOZiVBCdm78FTcuFHHrL7jzb5ykWWjrgYEz59zLvfe4MWdSWda3sbC4tLyyWlmrrm9sbm2bO7ttGSWC0BaJeCS6LpaUs5C2FFOcdmNBceBy2nHHV7nfeaBCsii8U5OYOgEehsxnBCstDcyDfoDViGCedjN0gYqf66a32X3qZQgNzJpVtwqgeWKXpAYlmgPzq+9FJAloqAjHUvZsK1ZOioVihNOs2k8kjTEZ4yHtaRrigEonLe7I0JFWPORHQr9QoUL93ZHiQMpJ4OrKfE856+Xif14vUf65k7IwThQNyXSQn3CkIpSHgjwmKFF8ogkmguldERlhgYnS0VV1CPbsyfOkfVK3Nb85rTUuyzgqsA+HcAw2nEEDrqEJLSDwCM/wCm/Gk/FivBsf09IFo+zZgz8wPn8ARsWY6A==</latexit><latexit sha1_base64="vGFd0zztJ02qzL84O7UX6Z4DUlA=">AAACB3icbVDLSsNAFL3xWesr6lKQwSK4KokIuhGKblxWsQ9oY5lMJu3QyYOZiVBCdm78FTcuFHHrL7jzb5ykWWjrgYEz59zLvfe4MWdSWda3sbC4tLyyWlmrrm9sbm2bO7ttGSWC0BaJeCS6LpaUs5C2FFOcdmNBceBy2nHHV7nfeaBCsii8U5OYOgEehsxnBCstDcyDfoDViGCedjN0gYqf66a32X3qZQgNzJpVtwqgeWKXpAYlmgPzq+9FJAloqAjHUvZsK1ZOioVihNOs2k8kjTEZ4yHtaRrigEonLe7I0JFWPORHQr9QoUL93ZHiQMpJ4OrKfE856+Xif14vUf65k7IwThQNyXSQn3CkIpSHgjwmKFF8ogkmguldERlhgYnS0VV1CPbsyfOkfVK3Nb85rTUuyzgqsA+HcAw2nEEDrqEJLSDwCM/wCm/Gk/FivBsf09IFo+zZgz8wPn8ARsWY6A==</latexit><latexit sha1_base64="vGFd0zztJ02qzL84O7UX6Z4DUlA=">AAACB3icbVDLSsNAFL3xWesr6lKQwSK4KokIuhGKblxWsQ9oY5lMJu3QyYOZiVBCdm78FTcuFHHrL7jzb5ykWWjrgYEz59zLvfe4MWdSWda3sbC4tLyyWlmrrm9sbm2bO7ttGSWC0BaJeCS6LpaUs5C2FFOcdmNBceBy2nHHV7nfeaBCsii8U5OYOgEehsxnBCstDcyDfoDViGCedjN0gYqf66a32X3qZQgNzJpVtwqgeWKXpAYlmgPzq+9FJAloqAjHUvZsK1ZOioVihNOs2k8kjTEZ4yHtaRrigEonLe7I0JFWPORHQr9QoUL93ZHiQMpJ4OrKfE856+Xif14vUf65k7IwThQNyXSQn3CkIpSHgjwmKFF8ogkmguldERlhgYnS0VV1CPbsyfOkfVK3Nb85rTUuyzgqsA+HcAw2nEEDrqEJLSDwCM/wCm/Gk/FivBsf09IFo+zZgz8wPn8ARsWY6A==</latexit>

Y = {0, 1} = {non-spam, spam}
<latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit>

h : X ! Y
<latexit sha1_base64="KMDB/0tIjX/hvkzq5l4hdUXBNos=">AAACEXicbZC7TsMwFIadcivlFmBksaiQOlUJQgIxVbAwFoleUBtVjus0Vh07sh1QFeUVWHgVFgYQYmVj421w2gyl5UiWPv3/OfI5vx8zqrTj/FilldW19Y3yZmVre2d3z94/aCuRSExaWDAhuz5ShFFOWppqRrqxJCjyGen44+vc7zwQqajgd3oSEy9CI04DipE20sCuhZcQ9iOkQ4xY2s1gX9JRqJGU4nHOuM8GdtWpO9OCy+AWUAVFNQf2d38ocBIRrjFDSvVcJ9ZeiqSmmJGs0k8UiREeoxHpGeQoIspLpxdl8MQoQxgIaR7XcKrOT6QoUmoS+aYzX1Etern4n9dLdHDhpZTHiSYczz4KEga1gHk8cEglwZpNDCAsqdkV4hBJhLUJsWJCcBdPXob2ad01fHtWbVwVcZTBETgGNeCCc9AAN6AJWgCDJ/AC3sC79Wy9Wh/W56y1ZBUzh+BPWV+/EtudLw==</latexit><latexit sha1_base64="KMDB/0tIjX/hvkzq5l4hdUXBNos=">AAACEXicbZC7TsMwFIadcivlFmBksaiQOlUJQgIxVbAwFoleUBtVjus0Vh07sh1QFeUVWHgVFgYQYmVj421w2gyl5UiWPv3/OfI5vx8zqrTj/FilldW19Y3yZmVre2d3z94/aCuRSExaWDAhuz5ShFFOWppqRrqxJCjyGen44+vc7zwQqajgd3oSEy9CI04DipE20sCuhZcQ9iOkQ4xY2s1gX9JRqJGU4nHOuM8GdtWpO9OCy+AWUAVFNQf2d38ocBIRrjFDSvVcJ9ZeiqSmmJGs0k8UiREeoxHpGeQoIspLpxdl8MQoQxgIaR7XcKrOT6QoUmoS+aYzX1Etern4n9dLdHDhpZTHiSYczz4KEga1gHk8cEglwZpNDCAsqdkV4hBJhLUJsWJCcBdPXob2ad01fHtWbVwVcZTBETgGNeCCc9AAN6AJWgCDJ/AC3sC79Wy9Wh/W56y1ZBUzh+BPWV+/EtudLw==</latexit><latexit sha1_base64="KMDB/0tIjX/hvkzq5l4hdUXBNos=">AAACEXicbZC7TsMwFIadcivlFmBksaiQOlUJQgIxVbAwFoleUBtVjus0Vh07sh1QFeUVWHgVFgYQYmVj421w2gyl5UiWPv3/OfI5vx8zqrTj/FilldW19Y3yZmVre2d3z94/aCuRSExaWDAhuz5ShFFOWppqRrqxJCjyGen44+vc7zwQqajgd3oSEy9CI04DipE20sCuhZcQ9iOkQ4xY2s1gX9JRqJGU4nHOuM8GdtWpO9OCy+AWUAVFNQf2d38ocBIRrjFDSvVcJ9ZeiqSmmJGs0k8UiREeoxHpGeQoIspLpxdl8MQoQxgIaR7XcKrOT6QoUmoS+aYzX1Etern4n9dLdHDhpZTHiSYczz4KEga1gHk8cEglwZpNDCAsqdkV4hBJhLUJsWJCcBdPXob2ad01fHtWbVwVcZTBETgGNeCCc9AAN6AJWgCDJ/AC3sC79Wy9Wh/W56y1ZBUzh+BPWV+/EtudLw==</latexit><latexit sha1_base64="KMDB/0tIjX/hvkzq5l4hdUXBNos=">AAACEXicbZC7TsMwFIadcivlFmBksaiQOlUJQgIxVbAwFoleUBtVjus0Vh07sh1QFeUVWHgVFgYQYmVj421w2gyl5UiWPv3/OfI5vx8zqrTj/FilldW19Y3yZmVre2d3z94/aCuRSExaWDAhuz5ShFFOWppqRrqxJCjyGen44+vc7zwQqajgd3oSEy9CI04DipE20sCuhZcQ9iOkQ4xY2s1gX9JRqJGU4nHOuM8GdtWpO9OCy+AWUAVFNQf2d38ocBIRrjFDSvVcJ9ZeiqSmmJGs0k8UiREeoxHpGeQoIspLpxdl8MQoQxgIaR7XcKrOT6QoUmoS+aYzX1Etern4n9dLdHDhpZTHiSYczz4KEga1gHk8cEglwZpNDCAsqdkV4hBJhLUJsWJCcBdPXob2ad01fHtWbVwVcZTBETgGNeCCc9AAN6AJWgCDJ/AC3sC79Wy9Wh/W56y1ZBUzh+BPWV+/EtudLw==</latexit>



How do we make use of this feature
vector? What is a reasonable “classifier”
based on this feature representation?

• Feature space:
• Label space:

• How are we going to use these features as a human?
• (3 min discussion)

41

1 0 0.0375 80

Whether the contact list

Contains hyperlinks Proportion of misspelled words

Length of the message

{0, 1}⇥ {0, 1}⇥ R⇥ N
<latexit sha1_base64="NZ1P7SV32FxFGyCFDB36kyImU2o=">AAACInicbVBLS8NAEN7UV62vqEcvi0XwICURQb0VvXiSKvYBTSib7aZdunmwOxFKyG/x4l/x4kFRT4I/xk0bQVs/GPjmmxlm5vNiwRVY1qdRWlhcWl4pr1bW1jc2t8ztnZaKEklZk0Yikh2PKCZ4yJrAQbBOLBkJPMHa3ugyr7fvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHdS68h2Mgd4wBQuMvyTBgSGnpfezinXWc+sWjVrAjxP7IJUUYFGz3x3+hFNAhYCFUSprm3F4KZEAqeCZRUnUSwmdEQGrKtpSPQ+N528mOEDrfSxH0kdIeCJ+nsiJYFS48DTnfmFaraWi//Vugn4Z27KwzgBFtLpIj8RGCKc+4X7XDIKYqwJoZLrWzEdEkkoaFcr2gR79uV50jqu2ZrfnFTrF4UdZbSH9tEhstEpqqMr1EBNRNEDekIv6NV4NJ6NN+Nj2loyipld9AfG1zdjpKOd</latexit><latexit sha1_base64="NZ1P7SV32FxFGyCFDB36kyImU2o=">AAACInicbVBLS8NAEN7UV62vqEcvi0XwICURQb0VvXiSKvYBTSib7aZdunmwOxFKyG/x4l/x4kFRT4I/xk0bQVs/GPjmmxlm5vNiwRVY1qdRWlhcWl4pr1bW1jc2t8ztnZaKEklZk0Yikh2PKCZ4yJrAQbBOLBkJPMHa3ugyr7fvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHdS68h2Mgd4wBQuMvyTBgSGnpfezinXWc+sWjVrAjxP7IJUUYFGz3x3+hFNAhYCFUSprm3F4KZEAqeCZRUnUSwmdEQGrKtpSPQ+N528mOEDrfSxH0kdIeCJ+nsiJYFS48DTnfmFaraWi//Vugn4Z27KwzgBFtLpIj8RGCKc+4X7XDIKYqwJoZLrWzEdEkkoaFcr2gR79uV50jqu2ZrfnFTrF4UdZbSH9tEhstEpqqMr1EBNRNEDekIv6NV4NJ6NN+Nj2loyipld9AfG1zdjpKOd</latexit><latexit sha1_base64="NZ1P7SV32FxFGyCFDB36kyImU2o=">AAACInicbVBLS8NAEN7UV62vqEcvi0XwICURQb0VvXiSKvYBTSib7aZdunmwOxFKyG/x4l/x4kFRT4I/xk0bQVs/GPjmmxlm5vNiwRVY1qdRWlhcWl4pr1bW1jc2t8ztnZaKEklZk0Yikh2PKCZ4yJrAQbBOLBkJPMHa3ugyr7fvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHdS68h2Mgd4wBQuMvyTBgSGnpfezinXWc+sWjVrAjxP7IJUUYFGz3x3+hFNAhYCFUSprm3F4KZEAqeCZRUnUSwmdEQGrKtpSPQ+N528mOEDrfSxH0kdIeCJ+nsiJYFS48DTnfmFaraWi//Vugn4Z27KwzgBFtLpIj8RGCKc+4X7XDIKYqwJoZLrWzEdEkkoaFcr2gR79uV50jqu2ZrfnFTrF4UdZbSH9tEhstEpqqMr1EBNRNEDekIv6NV4NJ6NN+Nj2loyipld9AfG1zdjpKOd</latexit><latexit sha1_base64="NZ1P7SV32FxFGyCFDB36kyImU2o=">AAACInicbVBLS8NAEN7UV62vqEcvi0XwICURQb0VvXiSKvYBTSib7aZdunmwOxFKyG/x4l/x4kFRT4I/xk0bQVs/GPjmmxlm5vNiwRVY1qdRWlhcWl4pr1bW1jc2t8ztnZaKEklZk0Yikh2PKCZ4yJrAQbBOLBkJPMHa3ugyr7fvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHdS68h2Mgd4wBQuMvyTBgSGnpfezinXWc+sWjVrAjxP7IJUUYFGz3x3+hFNAhYCFUSprm3F4KZEAqeCZRUnUSwmdEQGrKtpSPQ+N528mOEDrfSxH0kdIeCJ+nsiJYFS48DTnfmFaraWi//Vugn4Z27KwzgBFtLpIj8RGCKc+4X7XDIKYqwJoZLrWzEdEkkoaFcr2gR79uV50jqu2ZrfnFTrF4UdZbSH9tEhstEpqqMr1EBNRNEDekIv6NV4NJ6NN+Nj2loyipld9AfG1zdjpKOd</latexit>

Y = {0, 1} = {non-spam, spam}
<latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit>



Specifying a family of classifiers --
- a “hypothesis class”
• Hypothesis class

• A family of classifiers:
• Also known as “concept classes”, “models”, “decision rule

book”
• “Neural networks” and “Support Vector Machines” are

hypothesis classes.
• Typically we want this family to be large and flexible.

• The task of machine learning:
• A selection problem to find a

that “works well” on this problem using the observed data.
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H
<latexit sha1_base64="4V213gOkzvRhZ90WdkhLrPZlDpo=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl002UF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLG5tb2Tnm3srd/cHhUPT7pGJVqytpUCaV7ITFMcMnayFGwXqIZiUPBuuH0Pve7T0wbruQjzhIWxGQsecQpQSv1BzHBCSUia86H1ZpX9xZw14lfkBoUaA2rX4ORomnMJFJBjOn7XoJBRjRyKti8MkgNSwidkjHrWypJzEyQLSLP3QurjNxIafskugv190ZGYmNmcWgn84hm1cvF/7x+itFtkHGZpMgkXX4UpcJF5eb3uyOuGUUxs4RQzW1Wl06IJhRtSxVbgr968jrpXNV9yx+ua427oo4ynME5XIIPN9CAJrSgDRQUPMMrvDnovDjvzsdytOQUO6fwB87nD3rzkV4=</latexit><latexit sha1_base64="4V213gOkzvRhZ90WdkhLrPZlDpo=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl002UF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLG5tb2Tnm3srd/cHhUPT7pGJVqytpUCaV7ITFMcMnayFGwXqIZiUPBuuH0Pve7T0wbruQjzhIWxGQsecQpQSv1BzHBCSUia86H1ZpX9xZw14lfkBoUaA2rX4ORomnMJFJBjOn7XoJBRjRyKti8MkgNSwidkjHrWypJzEyQLSLP3QurjNxIafskugv190ZGYmNmcWgn84hm1cvF/7x+itFtkHGZpMgkXX4UpcJF5eb3uyOuGUUxs4RQzW1Wl06IJhRtSxVbgr968jrpXNV9yx+ua427oo4ynME5XIIPN9CAJrSgDRQUPMMrvDnovDjvzsdytOQUO6fwB87nD3rzkV4=</latexit><latexit sha1_base64="4V213gOkzvRhZ90WdkhLrPZlDpo=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl002UF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLG5tb2Tnm3srd/cHhUPT7pGJVqytpUCaV7ITFMcMnayFGwXqIZiUPBuuH0Pve7T0wbruQjzhIWxGQsecQpQSv1BzHBCSUia86H1ZpX9xZw14lfkBoUaA2rX4ORomnMJFJBjOn7XoJBRjRyKti8MkgNSwidkjHrWypJzEyQLSLP3QurjNxIafskugv190ZGYmNmcWgn84hm1cvF/7x+itFtkHGZpMgkXX4UpcJF5eb3uyOuGUUxs4RQzW1Wl06IJhRtSxVbgr968jrpXNV9yx+ua427oo4ynME5XIIPN9CAJrSgDRQUPMMrvDnovDjvzsdytOQUO6fwB87nD3rzkV4=</latexit><latexit sha1_base64="4V213gOkzvRhZ90WdkhLrPZlDpo=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl002UF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLG5tb2Tnm3srd/cHhUPT7pGJVqytpUCaV7ITFMcMnayFGwXqIZiUPBuuH0Pve7T0wbruQjzhIWxGQsecQpQSv1BzHBCSUia86H1ZpX9xZw14lfkBoUaA2rX4ORomnMJFJBjOn7XoJBRjRyKti8MkgNSwidkjHrWypJzEyQLSLP3QurjNxIafskugv190ZGYmNmcWgn84hm1cvF/7x+itFtkHGZpMgkXX4UpcJF5eb3uyOuGUUxs4RQzW1Wl06IJhRtSxVbgr968jrpXNV9yx+ua427oo4ynME5XIIPN9CAJrSgDRQUPMMrvDnovDjvzsdytOQUO6fwB87nD3rzkV4=</latexit>

h 2 H
<latexit sha1_base64="ET2iYM2nzD/odip5qB7b8pJ5bvw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURQZdFN11WsA9oQplMJ+3QySTMTIQa+iVuXCji1k9x5984SbPQ1gMDh3Pu5Z45QcKZ0o7zbVU2Nre2d6q7tb39g8O6fXTcU3EqCe2SmMdyEGBFORO0q5nmdJBIiqOA034wu8v9/iOVisXiQc8T6kd4IljICNZGGtn1qceEF2E9JZhn7cXIbjhNpwBaJ25JGlCiM7K/vHFM0ogKTThWaug6ifYzLDUjnC5qXqpogskMT+jQUIEjqvysCL5A50YZozCW5gmNCvX3RoYjpeZRYCbziGrVy8X/vGGqwxs/YyJJNRVkeShMOdIxyltAYyYp0XxuCCaSmayITLHERJuuaqYEd/XL66R32XQNv79qtG7LOqpwCmdwAS5cQwva0IEuEEjhGV7hzXqyXqx362M5WrHKnRP4A+vzBwm+k1I=</latexit><latexit sha1_base64="ET2iYM2nzD/odip5qB7b8pJ5bvw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURQZdFN11WsA9oQplMJ+3QySTMTIQa+iVuXCji1k9x5984SbPQ1gMDh3Pu5Z45QcKZ0o7zbVU2Nre2d6q7tb39g8O6fXTcU3EqCe2SmMdyEGBFORO0q5nmdJBIiqOA034wu8v9/iOVisXiQc8T6kd4IljICNZGGtn1qceEF2E9JZhn7cXIbjhNpwBaJ25JGlCiM7K/vHFM0ogKTThWaug6ifYzLDUjnC5qXqpogskMT+jQUIEjqvysCL5A50YZozCW5gmNCvX3RoYjpeZRYCbziGrVy8X/vGGqwxs/YyJJNRVkeShMOdIxyltAYyYp0XxuCCaSmayITLHERJuuaqYEd/XL66R32XQNv79qtG7LOqpwCmdwAS5cQwva0IEuEEjhGV7hzXqyXqx362M5WrHKnRP4A+vzBwm+k1I=</latexit><latexit sha1_base64="ET2iYM2nzD/odip5qB7b8pJ5bvw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURQZdFN11WsA9oQplMJ+3QySTMTIQa+iVuXCji1k9x5984SbPQ1gMDh3Pu5Z45QcKZ0o7zbVU2Nre2d6q7tb39g8O6fXTcU3EqCe2SmMdyEGBFORO0q5nmdJBIiqOA034wu8v9/iOVisXiQc8T6kd4IljICNZGGtn1qceEF2E9JZhn7cXIbjhNpwBaJ25JGlCiM7K/vHFM0ogKTThWaug6ifYzLDUjnC5qXqpogskMT+jQUIEjqvysCL5A50YZozCW5gmNCvX3RoYjpeZRYCbziGrVy8X/vGGqwxs/YyJJNRVkeShMOdIxyltAYyYp0XxuCCaSmayITLHERJuuaqYEd/XL66R32XQNv79qtG7LOqpwCmdwAS5cQwva0IEuEEjhGV7hzXqyXqx362M5WrHKnRP4A+vzBwm+k1I=</latexit><latexit sha1_base64="ET2iYM2nzD/odip5qB7b8pJ5bvw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURQZdFN11WsA9oQplMJ+3QySTMTIQa+iVuXCji1k9x5984SbPQ1gMDh3Pu5Z45QcKZ0o7zbVU2Nre2d6q7tb39g8O6fXTcU3EqCe2SmMdyEGBFORO0q5nmdJBIiqOA034wu8v9/iOVisXiQc8T6kd4IljICNZGGtn1qceEF2E9JZhn7cXIbjhNpwBaJ25JGlCiM7K/vHFM0ogKTThWaug6ifYzLDUjnC5qXqpogskMT+jQUIEjqvysCL5A50YZozCW5gmNCvX3RoYjpeZRYCbziGrVy8X/vGGqwxs/YyJJNRVkeShMOdIxyltAYyYp0XxuCCaSmayITLHERJuuaqYEd/XL66R32XQNv79qtG7LOqpwCmdwAS5cQwva0IEuEEjhGV7hzXqyXqx362M5WrHKnRP4A+vzBwm+k1I=</latexit>



Decision trees
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Contact list?

Misspelled words
>0.03

Length
> 100 Hyperlink?

“No”“Yes”

“No”“Yes”

“non-spam”

“No”“Yes” “No”
“Yes”

“spam” “non-spam” “spam” “non-spam”

• Question: What are the “free parameters” if we 
are to learn such a decision tree?  Using data?



Learning a decision tree 
• Free parameters:
• Which feature(s) to use when branching branch?
• How to branch? Thresholding? Free threshold?
• Which label to assign at leaf nodes?

• Hyperparameters:
• Max height of a decision tree?
• Number of parameters the tree can use in each 
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• Question: Consider a problem with 4 binary features.
– How many decision trees of 3 layers are there? If each decision

uses only one feature? (you may repeat features)
– How many possible feature vectors are there?
– How many classifiers are there (without restrictions)?



Example: Linear classifiers

• Score(x)  =  w0 + w1 * 1(hyperlinks) + w2 * 1(contact list) 
+ w3 * misspelling  +  w4 * length

• A linear classifier:  h(x)  = 1 if Score(x) > 0 and 0 
otherwise.

• Question: What are the “free-parameters” in a linear 
classifier?
• If we redefine

• A compact representation: 
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h(x) = sign(wT [1;x])
<latexit sha1_base64="+GdrPdjRhngivzDvjPZFqKDUtR8=">AAACCnicbZDLSgMxFIYz9VbHW9Wlm2gR2k2ZEUFBhKIblxV6g3YsmTRtQzOZITmjLUPXbnwVNy4UcesTuPNtTC8Lbf0h8PGfczg5vx8JrsFxvq3U0vLK6lp63d7Y3NreyezuVXUYK8oqNBShqvtEM8ElqwAHweqRYiTwBav5/etxvXbPlOahLMMwYl5AupJ3OCVgrFbm0LbtXm6Qx5e4CWwAieZdOco93JUb7sXAy2PcymSdgjMRXgR3Blk0U6mV+Wq2QxoHTAIVROuG60TgJUQBp4KN7GasWURon3RZw6AkAdNeMjllhI+N08adUJknAU/c3xMJCbQeBr7pDAj09HxtbP5Xa8TQOfcSLqMYmKTTRZ1YYAjxOBfc5opREEMDhCpu/oppjyhCwaRnmxDc+ZMXoXpScA3fnmaLV7M40ugAHaEcctEZKqIbVEIVRNEjekav6M16sl6sd+tj2pqyZjP76I+szx/rQ5fh</latexit><latexit sha1_base64="+GdrPdjRhngivzDvjPZFqKDUtR8=">AAACCnicbZDLSgMxFIYz9VbHW9Wlm2gR2k2ZEUFBhKIblxV6g3YsmTRtQzOZITmjLUPXbnwVNy4UcesTuPNtTC8Lbf0h8PGfczg5vx8JrsFxvq3U0vLK6lp63d7Y3NreyezuVXUYK8oqNBShqvtEM8ElqwAHweqRYiTwBav5/etxvXbPlOahLMMwYl5AupJ3OCVgrFbm0LbtXm6Qx5e4CWwAieZdOco93JUb7sXAy2PcymSdgjMRXgR3Blk0U6mV+Wq2QxoHTAIVROuG60TgJUQBp4KN7GasWURon3RZw6AkAdNeMjllhI+N08adUJknAU/c3xMJCbQeBr7pDAj09HxtbP5Xa8TQOfcSLqMYmKTTRZ1YYAjxOBfc5opREEMDhCpu/oppjyhCwaRnmxDc+ZMXoXpScA3fnmaLV7M40ugAHaEcctEZKqIbVEIVRNEjekav6M16sl6sd+tj2pqyZjP76I+szx/rQ5fh</latexit><latexit sha1_base64="+GdrPdjRhngivzDvjPZFqKDUtR8=">AAACCnicbZDLSgMxFIYz9VbHW9Wlm2gR2k2ZEUFBhKIblxV6g3YsmTRtQzOZITmjLUPXbnwVNy4UcesTuPNtTC8Lbf0h8PGfczg5vx8JrsFxvq3U0vLK6lp63d7Y3NreyezuVXUYK8oqNBShqvtEM8ElqwAHweqRYiTwBav5/etxvXbPlOahLMMwYl5AupJ3OCVgrFbm0LbtXm6Qx5e4CWwAieZdOco93JUb7sXAy2PcymSdgjMRXgR3Blk0U6mV+Wq2QxoHTAIVROuG60TgJUQBp4KN7GasWURon3RZw6AkAdNeMjllhI+N08adUJknAU/c3xMJCbQeBr7pDAj09HxtbP5Xa8TQOfcSLqMYmKTTRZ1YYAjxOBfc5opREEMDhCpu/oppjyhCwaRnmxDc+ZMXoXpScA3fnmaLV7M40ugAHaEcctEZKqIbVEIVRNEjekav6M16sl6sd+tj2pqyZjP76I+szx/rQ5fh</latexit><latexit sha1_base64="+GdrPdjRhngivzDvjPZFqKDUtR8=">AAACCnicbZDLSgMxFIYz9VbHW9Wlm2gR2k2ZEUFBhKIblxV6g3YsmTRtQzOZITmjLUPXbnwVNy4UcesTuPNtTC8Lbf0h8PGfczg5vx8JrsFxvq3U0vLK6lp63d7Y3NreyezuVXUYK8oqNBShqvtEM8ElqwAHweqRYiTwBav5/etxvXbPlOahLMMwYl5AupJ3OCVgrFbm0LbtXm6Qx5e4CWwAieZdOco93JUb7sXAy2PcymSdgjMRXgR3Blk0U6mV+Wq2QxoHTAIVROuG60TgJUQBp4KN7GasWURon3RZw6AkAdNeMjllhI+N08adUJknAU/c3xMJCbQeBr7pDAj09HxtbP5Xa8TQOfcSLqMYmKTTRZ1YYAjxOBfc5opREEMDhCpu/oppjyhCwaRnmxDc+ZMXoXpScA3fnmaLV7M40ugAHaEcctEZKqIbVEIVRNEjekav6M16sl6sd+tj2pqyZjP76I+szx/rQ5fh</latexit>

Y = {�1, 1}
<latexit sha1_base64="XFI+ee5omTF4tuXD1mCKvdB4pw0=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuNCSiKAboejGZQX7kCaUyXTSDp08mJkIJWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4MWdSWda3UVpYXFpeKa9W1tY3NrfM7Z2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXuj69xvP1AhWRTeqXFM3QAPQuYzgpWWeuaeE2A1JJin9xm6RE56Yh/bTtYzq1bNmgDNE7sgVSjQ6JlfTj8iSUBDRTiWsmtbsXJTLBQjnGYVJ5E0xmSEB7SraYgDKt10kj9Dh1rpIz8S+oUKTdTfGykOpBwHnp7M08pZLxf/87qJ8i/clIVxomhIpof8hCMVobwM1GeCEsXHmmAimM6KyBALTJSurKJLsGe/PE9apzVb89uzav2qqKMM+3AAR2DDOdThBhrQBAKP8Ayv8GY8GS/Gu/ExHS0Zxc4u/IHx+QNK9JT2</latexit><latexit sha1_base64="XFI+ee5omTF4tuXD1mCKvdB4pw0=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuNCSiKAboejGZQX7kCaUyXTSDp08mJkIJWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4MWdSWda3UVpYXFpeKa9W1tY3NrfM7Z2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXuj69xvP1AhWRTeqXFM3QAPQuYzgpWWeuaeE2A1JJin9xm6RE56Yh/bTtYzq1bNmgDNE7sgVSjQ6JlfTj8iSUBDRTiWsmtbsXJTLBQjnGYVJ5E0xmSEB7SraYgDKt10kj9Dh1rpIz8S+oUKTdTfGykOpBwHnp7M08pZLxf/87qJ8i/clIVxomhIpof8hCMVobwM1GeCEsXHmmAimM6KyBALTJSurKJLsGe/PE9apzVb89uzav2qqKMM+3AAR2DDOdThBhrQBAKP8Ayv8GY8GS/Gu/ExHS0Zxc4u/IHx+QNK9JT2</latexit><latexit sha1_base64="XFI+ee5omTF4tuXD1mCKvdB4pw0=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuNCSiKAboejGZQX7kCaUyXTSDp08mJkIJWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4MWdSWda3UVpYXFpeKa9W1tY3NrfM7Z2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXuj69xvP1AhWRTeqXFM3QAPQuYzgpWWeuaeE2A1JJin9xm6RE56Yh/bTtYzq1bNmgDNE7sgVSjQ6JlfTj8iSUBDRTiWsmtbsXJTLBQjnGYVJ5E0xmSEB7SraYgDKt10kj9Dh1rpIz8S+oUKTdTfGykOpBwHnp7M08pZLxf/87qJ8i/clIVxomhIpof8hCMVobwM1GeCEsXHmmAimM6KyBALTJSurKJLsGe/PE9apzVb89uzav2qqKMM+3AAR2DDOdThBhrQBAKP8Ayv8GY8GS/Gu/ExHS0Zxc4u/IHx+QNK9JT2</latexit><latexit sha1_base64="XFI+ee5omTF4tuXD1mCKvdB4pw0=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuNCSiKAboejGZQX7kCaUyXTSDp08mJkIJWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4MWdSWda3UVpYXFpeKa9W1tY3NrfM7Z2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXuj69xvP1AhWRTeqXFM3QAPQuYzgpWWeuaeE2A1JJin9xm6RE56Yh/bTtYzq1bNmgDNE7sgVSjQ6JlfTj8iSUBDRTiWsmtbsXJTLBQjnGYVJ5E0xmSEB7SraYgDKt10kj9Dh1rpIz8S+oUKTdTfGykOpBwHnp7M08pZLxf/87qJ8i/clIVxomhIpof8hCMVobwM1GeCEsXHmmAimM6KyBALTJSurKJLsGe/PE9apzVb89uzav2qqKMM+3AAR2DDOdThBhrQBAKP8Ayv8GY8GS/Gu/ExHS0Zxc4u/IHx+QNK9JT2</latexit>



Geometric view: Linear classifier 
are “half-spaces”!
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spam

Non-spam

Length of the message

Proportion
of misspelled
words

{ x | w0 + w1 * x1+ w2 * x2 + w3 * x3  +  w4 * x4 > 0}
The set of all ”emails” that will be classified as “Spams”.



Learning linear classifiers

• Training data:

• In the above example, there is a clean cut boundary 
that distinguishes “spams” from “non-spams”.
• “Linearly separable” problem
• Learning linear classifier: Finding vector w that is 

consistent with the observed training data.
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(x1, y1), ..., (xn, yn) 2 X ⇥ Y
<latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit>



Example: Linearly non-separable 
cases
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How do we learn a linear classifier 
in a non-linearly separable case?
• Training data:

• Solving the following optimization problem:

• Learning:  Find the linear classifier that makes the 
smallest number of mistakes on the training data.
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(x1, y1), ..., (xn, yn) 2 X ⇥ Y
<latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit>

min
w2Rd

Error(w) =
1

n

nX

i=1

1(hw(xi) 6= yi)
<latexit sha1_base64="YU84nvIiYb2zY4+JYK/38E/aoNg="></latexit><latexit sha1_base64="YU84nvIiYb2zY4+JYK/38E/aoNg="></latexit><latexit sha1_base64="YU84nvIiYb2zY4+JYK/38E/aoNg="></latexit><latexit sha1_base64="YU84nvIiYb2zY4+JYK/38E/aoNg="></latexit>



What happens if the linear classifier with 
the smallest number of mistakes still 
makes a mistake 49% of the time?
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Case 1: Case 2: 

There is no information about the 
label in the features.
No classifiers are able to do well.

There are some nonlinear classifier 
that works. But no linear classifiers will 
do better than chance.



Going to higher dimensions? Maybe 
we can also allow non-linear decision 
boundaries?
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Example:  Feature transformation.
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What we can do:

In the redefined space, the two 
classes are now linearly 
separable.

(x̃1, x̃2) =

✓q
x2
1 + x2

2, arctan(x2/x1)

◆

<latexit sha1_base64="lUdAj1/RtjVAFvpEAvzgWJehCeY="></latexit><latexit sha1_base64="lUdAj1/RtjVAFvpEAvzgWJehCeY="></latexit><latexit sha1_base64="lUdAj1/RtjVAFvpEAvzgWJehCeY="></latexit><latexit sha1_base64="lUdAj1/RtjVAFvpEAvzgWJehCeY="></latexit>



Nonparametric classifiers

• Increasing the complexity of the classifier as we get 
more data
• For example:  
• We can use the entire training dataset as “free 

parameters” of the classifier.
• k-Nearest Neighbor 
• Kernel methods (lifting to infinite dimensional space)
• Neural networks (design a model for a fixed data size)

53Question: What is the classification error of 1-NN classifiers?



We can make the classifiers arbitrarily 
accurate… with 1-NN classifier; or with 
bigger and bigger neural networks.
• Even if the data look like:

• What went wrong?
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The problem of Overfitting
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The green line represents an overfitted model. 
While the green line best follows the training data, 
it is too dependent on that data and
it is likely to have a higher error rate on new unseen data.



The goal of machine learning is not to 
obtain 0-training error, but rather to 
achieve small error rates on new data 
points (that are not used for training.)
• Test Error  <  Training Error + Generalization Error
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Err(h) := E[1(h(x) 6= y)]
<latexit sha1_base64="ukDaEPQ7E/yfkij/UAz43tuMYHE=">AAACIXicbZDLSgMxFIYzXmu9VV26CRah3ZQZESyCUJSCywr2Au1QMmmmDU0yY5IRh2FexY2v4saFIt2JL2PazkJbDwQ+/v8ccs7vhYwqbdtf1srq2vrGZm4rv72zu7dfODhsqSCSmDRxwALZ8ZAijArS1FQz0gklQdxjpO2Nb6Z++5FIRQNxr+OQuBwNBfUpRtpI/UK1x5EeSZ7UpUxLozK8vIIzyfOS etrN2E8cY5aeyrAnyAOMy9DtF4p2xZ4VXAYngyLIqtEvTHqDAEecCI0ZUqrr2KF2EyQ1xYyk+V6kSIjwGA1J16BAnCg3mV2YwlOjDKAfSPOEhjP190SCuFIx90zndGG16E3F/7xupP2qm1ARRpoIPP/IjxjUAZzGBQdUEqxZbABhSc2uEI+QRFibUPMmBGfx5GVonVUcw3fnxdp1FkcOHIMTUAIOuAA1cAsaoAkweAav4B18WC/Wm/VpTeatK1Y2cwT+lPX9AwfroiI=</latexit><latexit sha1_base64="ukDaEPQ7E/yfkij/UAz43tuMYHE=">AAACIXicbZDLSgMxFIYzXmu9VV26CRah3ZQZESyCUJSCywr2Au1QMmmmDU0yY5IRh2FexY2v4saFIt2JL2PazkJbDwQ+/v8ccs7vhYwqbdtf1srq2vrGZm4rv72zu7dfODhsqSCSmDRxwALZ8ZAijArS1FQz0gklQdxjpO2Nb6Z++5FIRQNxr+OQuBwNBfUpRtpI/UK1x5EeSZ7UpUxLozK8vIIzyfOS etrN2E8cY5aeyrAnyAOMy9DtF4p2xZ4VXAYngyLIqtEvTHqDAEecCI0ZUqrr2KF2EyQ1xYyk+V6kSIjwGA1J16BAnCg3mV2YwlOjDKAfSPOEhjP190SCuFIx90zndGG16E3F/7xupP2qm1ARRpoIPP/IjxjUAZzGBQdUEqxZbABhSc2uEI+QRFibUPMmBGfx5GVonVUcw3fnxdp1FkcOHIMTUAIOuAA1cAsaoAkweAav4B18WC/Wm/VpTeatK1Y2cwT+lPX9AwfroiI=</latexit><latexit sha1_base64="ukDaEPQ7E/yfkij/UAz43tuMYHE=">AAACIXicbZDLSgMxFIYzXmu9VV26CRah3ZQZESyCUJSCywr2Au1QMmmmDU0yY5IRh2FexY2v4saFIt2JL2PazkJbDwQ+/v8ccs7vhYwqbdtf1srq2vrGZm4rv72zu7dfODhsqSCSmDRxwALZ8ZAijArS1FQz0gklQdxjpO2Nb6Z++5FIRQNxr+OQuBwNBfUpRtpI/UK1x5EeSZ7UpUxLozK8vIIzyfOS etrN2E8cY5aeyrAnyAOMy9DtF4p2xZ4VXAYngyLIqtEvTHqDAEecCI0ZUqrr2KF2EyQ1xYyk+V6kSIjwGA1J16BAnCg3mV2YwlOjDKAfSPOEhjP190SCuFIx90zndGG16E3F/7xupP2qm1ARRpoIPP/IjxjUAZzGBQdUEqxZbABhSc2uEI+QRFibUPMmBGfx5GVonVUcw3fnxdp1FkcOHIMTUAIOuAA1cAsaoAkweAav4B18WC/Wm/VpTeatK1Y2cwT+lPX9AwfroiI=</latexit><latexit sha1_base64="ukDaEPQ7E/yfkij/UAz43tuMYHE=">AAACIXicbZDLSgMxFIYzXmu9VV26CRah3ZQZESyCUJSCywr2Au1QMmmmDU0yY5IRh2FexY2v4saFIt2JL2PazkJbDwQ+/v8ccs7vhYwqbdtf1srq2vrGZm4rv72zu7dfODhsqSCSmDRxwALZ8ZAijArS1FQz0gklQdxjpO2Nb6Z++5FIRQNxr+OQuBwNBfUpRtpI/UK1x5EeSZ7UpUxLozK8vIIzyfOS etrN2E8cY5aeyrAnyAOMy9DtF4p2xZ4VXAYngyLIqtEvTHqDAEecCI0ZUqrr2KF2EyQ1xYyk+V6kSIjwGA1J16BAnCg3mV2YwlOjDKAfSPOEhjP190SCuFIx90zndGG16E3F/7xupP2qm1ARRpoIPP/IjxjUAZzGBQdUEqxZbABhSc2uEI+QRFibUPMmBGfx5GVonVUcw3fnxdp1FkcOHIMTUAIOuAA1cAsaoAkweAav4B18WC/Wm/VpTeatK1Y2cwT+lPX9AwfroiI=</latexit>

dErr(h) := 1

n

nX

i=1

1(h(xi) 6= yi)
<latexit sha1_base64="Z4Rl68BalwcD+tIhni6J09BPKYU="></latexit><latexit sha1_base64="Z4Rl68BalwcD+tIhni6J09BPKYU="></latexit><latexit sha1_base64="Z4Rl68BalwcD+tIhni6J09BPKYU="></latexit><latexit sha1_base64="Z4Rl68BalwcD+tIhni6J09BPKYU="></latexit>

Gen(H) := sup
h2H

�����
1

n

nX

i=1

1(h(xi) 6= yi)� E[1(h(x) 6= y)]

�����
<latexit sha1_base64="+uzffr2qzM/3YsZZJ4fhiMV15mg="></latexit><latexit sha1_base64="+uzffr2qzM/3YsZZJ4fhiMV15mg="></latexit><latexit sha1_base64="+uzffr2qzM/3YsZZJ4fhiMV15mg="></latexit><latexit sha1_base64="+uzffr2qzM/3YsZZJ4fhiMV15mg="></latexit>

(** some text uses “generalization error” as a synonym as “test error”,
which has created much confusion. The above is the definition we
adopt.)



Statistical Learning Theory
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Closely related to Empirical Process Theory, Computational Learning Theory.

TL;DR: Proving that the generalization error à 0, thus showing that ML works.



Summary of today’s lecture

• Machine learning overview

• Supervised learning: Spam filtering as an example
• Features, feature extraction
• Models, hypothesis class
• Choosing an appropriate hypothesis class
• Performance metric
• Overfitting and generalization
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Next lecture:  more on supervised 
learning
• Supervised learning:  problem setup

• Loss function, Risk,  Empirical Risk
• Risk decomposition
• Analysis of linear regression under linear gaussian model
• Analysis of supervised learning with bounded loss

• Model-selection: Holdout, Cross-validation
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