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ML Big Picture

Learning Paradigms: Problem Formulation:
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. dimensionality reductior;| Facets of Building ML
. ensemble learning

Big Ideas in ML:

g distant supervision
O hyperparameter optimization

Theoretical Foundations:
What principles guide learning?
O probabilistic

O information theoretic

L evolutionary search

O ML as optimization

Systems:

How to build systems that are

robust, efficient, adaptive,

effective?

1.  Data prep

2.  Model selection

3. Training (optimization/
search)

4. Hyperparameter tuning on
validation data

5. (Blind) Assessment on test
data

Which are the ideas driving
development of the field?

* inductive bias

*  generdlization / overfitting

*  bias-variance decomposition
e generative vs. discriminative
* deep nets, graphical models
*  PAClearning

e distant rewards



LEARNING THEORY



1.

Questions For Today

Given a classifier with zero training error, what
can we say about generalization error?
(Sample Complexity, Realizable Case)

Given a classifier with low training error, what
can we say about generalization error?
(Sample Complexity, Agnostic Case)

. Is there a theoretical justification for

regularization to avoid overfitting?
(Structural Risk Minimization)



PAC/SLT models for Supervised Learning
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Two Types of Error

True Error (aka. expected risk)

R(h) = Prpe(x)(¢" (%) # h(x)) This U
IS a/l/l/a ntlty
Train Error (aka. empirical risk) “"knoWJ”f
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where S = {x(), ..., x(™)}V s the training data set, and x ~
S denotes that x is sampled from the empirical distribution.
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. Generate instances from unknown distribution p*
x() ~ p*(x), Vi (1)
. Oracle labels each instance with unknown function c*
y = *(x), Vi (2)

. Learning algorithm chooses hypothesis 1 € H with low(est)
training error, R(h)

h = argmin R(h) (3)
h

. Goal: Choose an h with low generalization error R(h)



Three Hypotheses of Interest

The true function c* is the one we are trying to learn and that labeled
the training data:

yW = c*(xV), vi (1)
The expected risk minimizer has lowest true error:

h* = argmin R(h) (2)
heH

The empirical risk minimizer has lowest training error:

A

h = argmin R(h) (3)
heH



PAC LEARNING



Probably Approximately Correct

(PAC) Learning
Whiteboard:
— PAC Criterion
— Meaning of “Probably Approximately Correct”
— PAC Learnable
— Consistent Learner
— Sample Complexity



Generalization and Overfitting

Whiteboard:

— Realizable vs. Agnostic Cases
— Finite vs. Infinite Hypothesis Spaces



PAC Learning

The PAC criterion is that our learner produces a high accuracy
learner with high probability:

P(|R(h) — R(h)| <€) >1—-14 (1)

Suppose we have a learner that produces a hypothesis h € H
given a sample of N training examples. The algorithm is called con-
sistent if for every e and o, there exists a positive number of training
examples N such that for any distribution p*, we have that:

P(|R(h) — R(h)| > €) < 6 (2)

The sample complexity is the minimum value of N for which this
statement holds. If N is finite for some learning algorithm, then ‘H
is said to be learnable. If N is a polynomial function of < and 3 for
some learning algorithm, then H is said to be PAC learnable.



SAMPLE COMPLEXITY RESULTS



Sample Complexity Results

Definition 0.1. The sample complexity of a learning algorithm is the
number of examples required to achieve arbitrarily small error (with
respect to the optimal hypothesis) with high probability (i.e. close
to1).

We'll start with the
Four Cases we care about... flnlte case...

Realizable ? Agnosti?

Finite |H |

Infinite |H|




Sample Complexity Results

Definition 0.1. The sample complexity of a learning algorithm is the
number of examples required to achieve arbitrarily small error (with
respect to the optimal hypothesis) with high probability (i.e. close
to1).

Four Cases we care about...

Realizable Agnostic

N > 1[log(|H|)+log(3)] labeled ex-

« s amples are sufficient so that with prob-
Finite |H| ability (1 — 6) all b € # with R(h) > e
have R(h) > 0.

Infinite |H|




Example: Conjunctions

In-Class Quiz:
Suppose H = class of conjunctions over x in {0,1}¥
If M =10, € = 0.1, 0 = 0.01, how many examples suffice?

Realizable Agnostic

N > 1[log(|H|)+log(3)] labeled ex-

« s amples are sufficient so that with prob-
Finite |H]| ability (1 — 8) all h € H with R(h) > e
have R(h) > 0.

Infinite |H|




Learning Theory Objectives

You should be able to...

ldentify the properties of a learning setting and
assumptions required to ensure low generalization
error

Distinguish true error, train error, test error

Define PAC and explain what it means to be
approximately correct and what occurs with high
probability

Apply sample complexity bounds to real-world
learning examples

Distinguish between a large sample and a finite
sample analysis

Theoretically motivate regularization



