
Artificial Intelligence
CS 165A

Oct 6, 2020

Instructor: Prof. Yu-Xiang Wang

® Machine learning Overview
® Supervised learning
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Homework 1 released

• First two questions are refreshers of what you are likely to 
be using (a lot) in this course.

• Q3 is about the problem solving process of designing the 
environment for AI agent.

• Q4 – Q6 is about getting you to implement a simple 
“classifier” agent from raw data to deployment.

• Start early! 
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This Friday: CRML Summit: AI and COVID-19
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More information here: https://ml.ucsb.edu/2020-responsible-
machine-learning-summit

3 keynotes, 20 high profile speakers / panelists
All are welcome on Zoom

https://ml.ucsb.edu/2020-responsible-machine-learning-summit


Recap of the last lecture

• Rational Agents
– Do the right thing, subject to information / computation constraints
– Goal of this course: learn how to build such agents

• PEAS
– Performance measure, Environment, Actuators, Sensors

• New Paradigm: Modelling, Learning, Inference
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5

Generic Agent Program

• Implementing f : P* ® A …or… f (P*) = A
– Lookup table?
– Learning?
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Generic Agent Program

• Implementing f : P* ® A …or… f (P*) = A
– Lookup table?
– Learning?

Knowledge, past percepts, past actions

Add percept to percepts

LUT [percepts, table]
NOP

Table-Driven-Agent
e.g.,
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AIMA’s categorization of agent programs

• Simple reflex agent

• Model-based reflex agent

• Goal-based agent

• Utility-based agent

• Learning agent

Potential mid-term questions: 
1. Where do these agent fall under our new categorization?
2. What are these agent’s “Modelling-Inference-Learning” components?

(Read more in Section 2.4 of the AIMA book.)  



Quiz: What kind of agent it is in the Vacuum 
world?

• Reflex, planning, reasoning?
• What is the model? Are there any learning components?
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When to use which type of agent?
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When to use which type of agent?

• Depends on the problem (task environment)
– Stochastic/deterministic/stateful/adversarial …
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When to use which type of agent?

• Depends on the problem (task environment)
– Stochastic/deterministic/stateful/adversarial …

• Depends the amount of data available
– Often we need to learn how the world behaves

• Depends on the dimensionality of your observations
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Solving the right problem
approximately

Solving an approximation
of the problem exactly

vs



“All models are wrong, but some are useful.”
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George Box
(1919 - 2013)



Structure of the course
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Low-level intelligence High-level intelligence

(Again this idea is adapted from Percy Liang’s teachings)

Reflex Agents Planning Agents Reasoning agents

Classification / Regression
Bandits

Search
game playing

Logic,  knowledge base
Probabilistic inference 

Machine Learning

Probabilistic Graphical Models / Deep Neural Networks

Markov Decision Processes
Reinforcement Learning



Today

• Machine learning overview

• Supervised learning: Binary classification

• Feature design and feature extraction

• Family of classifiers: Decision Trees / Linear Separator

• Performance metric for a classifier
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Different Types of Machine Learning
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Spam Filter.

Topics of a body of texts

Atari Games. Serve Ads.

Machine translation.



Different Types of Machine Learning

• Supervised Learning

• Unsupervised Learning

• Reinforcement Learning

• Structured Prediction

12

Spam Filter.

Topics of a body of texts

Atari Games. Serve Ads.

Machine translation.

Bandits and reinforcement learning after the midterm.



Supervised learningBinary Classification
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Unsupervised Learning
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Semi-supervised Learning
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Reinforcement learning
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Recommendations

buy or not buy



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

17
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
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Quoted from [Here].

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


Modelling-Inference-Learning paradigm

21

Modeling

Inference Learning
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Modeling

Inference Learning

- Feature engineering
- Specify a family of classifiers
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Modelling-Inference-Learning paradigm
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Modeling

Inference Learning

- Feature engineering
- Specify a family of classifiers

Learning the best performing classifierDeployment to email client



What are the features that we can use to
describe an email (3 min discussions)
• What are characteristics of spam and ham emails?

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

• What are typical characteristic of a 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

24

Whether the contact list

Contains hyperlinks Proportion of misspelled words

Length of the message



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
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• Feature space:

• Label space:

• A classifier (hypothesis):

X = Rd
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Y = {0, 1} = {non-spam, spam}
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h : X ! Y
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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)

26

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

– A family of classifiers:
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• Hypothesis class

– A family of classifiers:
– Also known as “concept classes”, “models”, “decision rule book”
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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.
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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.
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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.
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Decision trees

28

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 

29

• 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
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Y = {�1, 1}
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Example: Linear classifiers

• Score(x)  =  w0 + w1 * 1(hyperlinks) + w2 * 1(contact list) 
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• A linear classifier:  h(x)  = 1 if Score(x) > 0 and 0 
otherwise.

• Question: What are the “free-parameters” in a linear 
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– A compact representation:

30

h(x) = sign(wT [1;x])
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Geometric view: Linear classifier are “half-
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{ x | w0 + w1 * x1+ w2 * x2 + w3 * x3  +  w4 * x4 > 0}
The set of all ”emails” that will be classified as “Spams”.
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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
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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.

34

(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?

35



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

35

Case 1: 



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

35

Case 1: Case 2: 



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

35

Case 1: Case 2: 

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



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

35

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.
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Example:  Feature transformation.

37

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)

◆
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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)

• (More details in the textbook)

38

Question: 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

40

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



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

(More fun about this in Homework 1)
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Statistical Learning Theory

42

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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On Thursday

• Prevent overfitting
– watch out for distribution-shift

• How to learn a classifier:
– Algorithms to solve the optimization problem in machine learning

• Continuous optimization
– One algorithm to solve it all
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Submit anonymous feedback! Come to the office hour!


