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What is machine learning (ML)?

• Examples:
• Spam filtering (from email text)
• Ad click prediction (from user profile and context)
• Gene expression level prediction (from upstream DNA)
• Best-next-move prediction (from state of chess board)
• ...
• Programming-by-example

• Note:
• This is not an introductory course in ML
• We will not discuss application-oriented aspects of ML
• See COMS 4771 and similar courses instead
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Example: spam filtering

• General approach
• Represent an email by several Boolean features

• Does the email contain dollar signs?
• Does the email have spelling errors?
• Is the sender's address in your address book?
• Is the sender's IP in a known botnet?
• …

• You label several emails as either "SPAM" or "NOT SPAM"
• Provide these labeled emails to ML algorithm to derive a classification rule:

• e.g., (has-dollar-signs AND (NOT sender-in-address-book)) OR sender-in-botnet è SPAM

• How to derive the classification rule?
• Why should the rule work in the future?
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What is learning theory?

• Design/analysis of ML algorithms/problems
• Computational resources: running time, memory, ...
• Information resources: sample size, rounds of interaction, ...

• Many different models for theoretical analysis
• Online learning
• Learning with queries
• Statistical learning
• Finding planted structures
• …

• Each one tries to capture some essential aspects of "learning"
• Cross between theoretical computer science and statistics (and more)
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Why study learning theory? (1/3)

• Relevance to machine learning practice
[Breiman, 1995: "Reflections After Refereeing Papers for NIPS"]
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Why study learning theory? (2/3)

• Insights into general phenomenon of learning
[Valiant, 1984: "A Theory of the Learnable"]
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ABSTRACT: Humans appear to be able to learn new 
concepts without needing to be programmed explicitly in 
any conventional sense. In this paper we regard learning as 
the phenomenon of knowledge acquisition in the absence of 
explicit programming. We give a precise methodology for 
studying this phenomenon from a computational viewpoint. 
It consists of choosing an appropriate information gathering 
mechanism, the learning protocol, and exploring the class of 
concepts that can be learned using it in a reasonable 
(polynomial) number of steps. Although inherent algorithmic 
complexity appears to set serious limits to the range of 
concepts that can be learned, we show that there are some 
important nontrivial classes of propositional concepts that 
can be learned in a realistic sense. 

1. INTRODUCTION 
Computability theory became possible once precise 
models became available for modeling the common- 
place phenomenon of mechanical calculation. The the- 
ory that evolved has been used to explain human expe- 
rience and to suggest how artificial computing devices 
should be built. It is also worth studying for its own 
sake. 

The commonplace phenomenon of learning surely 
merits similar attention. The problem is to discover 
good models that are interesting to study for their own 
sake and that promise to be relevant both to explaining 
human experience and to building devices that can 
learn. The models should also shed light on the limits 
of what can be learned, just as computability does on 
what can be computed. 

In this paper we shall say that a program for perform- 
ing a task has been acquired by learning if it has been 
acquired by any means other than explicit program- 
ming. Among human skills some clearly appear to have 
This research was supported in part by National Science Foundation 
grant MCS-83-02385. A preliminary version of this paper appeared in 
the proceedings of the 16th ACM Symposium on Theory of Computing, 
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a genetically preprogrammed element, whereas some 
others consist of executing an explicit sequence of in- 
structions that has been memorized. There remains a 
large area of skill acquisition where no such explicit 
programming is identifiable. It is this area that we de- 
scribe here as learning. The recognition of familiar ob- 
jects, such as tables, provides such examples. These 
skills often have the additional property that, although 
we have learned them, we find it difficult to articulate 
what algorithm we are really using. In these cases it 
would be especially significant if machines could be 
made to acquire them by learning. 

This paper is concerned with precise computational 
models of the learning phenomenon. We shall restrict 
ourselves to skills that consist of recognizing whether a 
concept (or predicate) is true or not for given data. We 
shall say that a concept Q has been learned if a pro- 
gram for recognizing it has been deduced (i.e., by some 
method other than the acquisition from the outside of 
the explicit program). 

The main contribution of this paper is that it shows 
that it is possible to design learning machines that have 
all three of the following properties: 

1. The machines can provably learn whole classes of 
concepts. Furthermore, these classes can be charac- 
terized. 

2. The classes of concepts are appropriate and nontri- 
vial for general-purpose knowledge. 

3. The computational process by which the machines 
deduce the desired programs requires a feasible 
(i.e., polynomial) number of steps. 

A learning machine consists of a learning protocol to- 
gether with a deduction procedure. The former specifies 
the manner in which information is obtained from the 
outside. The latter is the mechanism by which a correct 
recognition algorithm for the concept to be learned is 
deduced. At the broadest level, the suggested methodol- 
ogy for studying learning is the following: Define a plau- 
sible learning protocol, and investigate the class of con- 
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Why study learning theory? (3/3)
• Learning theory represents a very broad range of disciplines
• Many different perspectives, broad range of topics of interest
• Many techniques with wide applicability

• Breiman's warning:

• Role of theorems/proofs/theory:
• can give evidence of understanding
• can be useful for communicating ideas with clarity and precision
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About this course

• Website: https://www.cs.columbia.edu/~djhsu/LT/
• Waitlist: managed by CS Advising (not me)
• Topics:
• Online learning
• Statistical learning
• Other stuff (e.g., boosting, convex optimization, approximation theory, 

Gaussian concentration, spectral methods)
• Significant overlap with COMS 4252, STAT 6203

• Prerequisites: mathematical maturity, probability, linear algebra, 
basic design/analysis of algorithms (see PS0)
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Course requirements

• Reading and lecture attendance
• No recordings; borrow notes from a classmate if you miss a lecture

• Homework (50% of overall grade)
• Problem sets + peer evaluation
• Graded only for completion, not correctness

• In-class midterm exam (25% of overall grade)
• Closed-book, closed-notes, device-free, AI-free, etc.
• Thursday, November 5

• Final exam (25% of overall grade)
• Closed-book, closed-notes, device-free, AI-free, etc.
• Tuesday, December 22 at noon (registrar's projection)
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AI and collaboration policy
• Using AI on problem sets:
• All problem sets in this course can be solved by AI
• My gut feeling is that the educational value of the problem sets will be 

nullified if you use AI at all to solve them
• Do not use AI for peer evaluation

• Collaboration on problem sets:
• Okay to discuss problem sets with other students (in small groups)
• But, strongly encouraged to try to do the problems yourself first
• Must write up your solutions individually, without looking at anyone else's 

(partial or complete) write-up
• Using AI on exams:
• Not permitted
• Exams are closed-book, closed-notes, device-free, AI-free, etc.
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Peer evaluation

• For some subset of the problem sets (and a subset of the problems), 
you will provide feedback on other students' write-ups
• Practice evaluating mathematical arguments that may or may not be valid
• We may throw in some purposely incorrect write-ups J

• Make sure your write-ups do not contain personally-identifying 
information (for anonymity)
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First problem set

• First problem set: PS0
• A lot of it should be familiar from prerequisite material
• Some of it might be new, but not supposed to be hard to pick up
• Use as self-assessment to decide whether this course is suitable for you
• Submit on Gradescope
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