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Learning

» Learning is essential for unknown environments, —i.e.,
when designer lacks omniscience (£ %0)

» Learning is useful as a system construction method, —i.e.,
expose the agent to reality rather than trying to write it
down

» Learning modifies the agent's decision mechanisms to
improve performance



Learning agents
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Learning agents

Design of a learning element is affected by

» Which components of the performance element are to be
learned

» What feedback is available to learn these components
» What representation is used for the components



Learning agents

Machine learning is an interdisciplinary field focusing on
both the mathematical foundations and practical
applications of systems that learn, reason and act.
NBEIR—IRXERHTE, EETHRERF
3. BTN RS EENBFEMIA R LR A

Other related terms: Pattern Recognition (=12 %l]), Neural
Networks (#122M4%), Data Mining (#3E#2#E), Statistical
Modeling (Gtit#&EY) ...

Using ideas from: Statistics, Computer Science, Engineering,
Applied Mathematics, Cognitive Science (JAZAF}E), Psychology
(10 ¥8%), Computational Neuroscience (TTE #425), Economics

The goal of these lectures: to introduce important concepts,
models and algorithms in machine learning.



Why machine learning?

» Large amounts of data
> Web data

» Medical data

» Biological data
» Expensive to analyze by hand

» Computers become cheaper and more powerful
4,000,000

_ N \
T'otal new disk (T'B) since
1995

(Thc DalaGap »

A

A

Nmer of
1696

1095 1
From: R. Grossman, C. Kamath, V. Kumar, “D.

analysts
907 1968
ata Minin,

g for SC|ent|f|c and Engineering Applications”

DA



Why machine learning?

What is machine learning useful for?



Automatic speech recognition (B ZhiEZi2 7))

Now most Speech Recognizers or Translators are able to learn —
the more you play/use them, the smarter they become




Computer vision

e.g., object, face and handwriting recognition




Information retrieval—-{g B3

Reading, digesting, and categorizing a vast text database is too
much for human

v

Web Pages Retrieval (2%)
Categorization (433§)

Clustering (B83¢)

Relations between pages
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Financial prediction
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Medical diagnosis (EE=i2 )
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Bioinformatics (£ #1{5 25)

e.g. modeling gene microarray (ff&%l|) data, protein structure

prediction
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Robotics




Movie recommendation systems

Movies (D)

Challenge: to improve the accuracy of movie preference predictions
Netflix $1m Prize.



Three Types of Learning
Imagine an agent or machine which experiences a series of sensory inputs:

X1y X2, X3, X4y .-t

> Supervised learning (YEZ3]): The
machine is also given desired outputs

Y1, Y2, ..., and its goal is to learn to
produce the correct output given a ORORORG)
new input.
‘ ® @@
> Unsupervised learning (T4 EE):
outputs yy, y2,...Not given, the agent ® ® ® ®
still wants to build a model of x that
® ® 0

can be used for reasoning, decision
making, predicting things,
communicating etc

> Reinforcement learning (3845 >]): The machine can also produce
actions ap, as, ... which affect the state of the world, and receives
rewards (or punishments) ry, ra, .... Its goal is to learn to act in a
way that maximizes rewards in the long term.



Key Ingredients

» Data The data set D consists of N data points:
D= {X17 X2y XN}

» Predictions We are generally interested in predicting
something based on the observed data set.
Given D what can we say about xpy17?

» Model To make predictions, we need to make some
assumptions. We can often express these assumptions in
the form of a model, with some parameters (Z%{)

Given data D, we learn the model parameters, from which we
can predict new data points.



Key Ingredients

min; Loss(Y, f(X))
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Machine Learning =~ Looking for a Function

* Speech Recognition

e R ‘ )= “How are you”

* Image Recognition

" _ “Cat”
4 kg )= rcat
£

* Dialogue System
7 “Hi” )= “Hello”

(what the user said)  (system response)

* Playing Go

): n'5_51r

(next move)



Framework

Image Recognition:
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Framework

Image Recognition

f(m-)

Training
Data

Supervised Learning
function input: W . E-‘
45 ; 'rw
function output: “monkey”
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Framework

Image Recognition:
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Learning = Representation + Evaluation + Optimization

> 23 = RF + I + Rk
» R (Representation): FAE(RIZZE (hypothesis space)
> Pick some class of functions f(x) (decision trees, linear
functions, etc.)
> 3T (Evaluation): A ER%E (BFRERE. T EE) K
> Pick some loss function, measuring how we would like f{x) to
perform on test data.
> {1k (Optimization): FEE—MERFGE, HEBERKLZE
I BT E S B B

» Fit f(x) so that it has a good average loss on training data.



At AW ERFE SR AT HER

> At ANRFESIRATHER 7
> T ARERIE ERE B AU EF S (What can be learned
efficiently) ?
> T ABRERERETEAMEF S (What is inherently
hard to learn) ?

» BINHFEIEEZ D EEAR (How many examples are needed to
learn successfully) ?

» ZIFRE-NEAMEIERIEES (Is there a general model
of learning) 7
» PAC F3JHEZR (Probably Approximately Correct learning
framework) A ISR b i
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Probably Approximately Correct (PAC) Learning



Leslie Valiant (SEHrFI - FLER4F)

Leslie Valiant

PAC learning was invented by Leslie Valiant in 1984, and it birthed
a new subfield of computer science called computational learning
theory and won Valiant some of computer science’s highest awards.



B

ATHRIR PAC {28!, E5|#—Lig S

> BINZ[E (input space) iB4E X , RRATEHZAK (examples)
g SE4l (instances) RIFTE AT & EWEH’J%A

> FTBTFTRERIFRE: (labels) B B4R{E (target values) BIE&ID
EY

» — P& (concept) iBfEc: X =Y, BN X B Y H—4
35 M ESIY

> —MEE&E (concept class) —E&HMNAHEE IR
&5, idEC

» BAMRE, FIERNEASERIIES B (id), #HE—1
ElEHER K ENMI 9% D (fixed but unknown distribution)



BB =30

BATAT VS S i @ T T RUA -

> Bk, BEFIEE (learner) — MNHTTEEM MBI E EE
&, BMEinE (hypothesis set), i21E H, EXMBRIZEAR—ZE
WHEC BER

» R, BTFFEIREEER S=(x1,...,xm) SIEHIIRE
(c(x1),-- -, clxm)), ERFENHEREBRRES D K iid
B2, cREEFINERFES, BTEE%EC

» ZIREFERFEPEFERENEIEE S, NMERE H PiEE
—ME&iR hs . 1% hs BEEXNTFEHIREE c RDRIZHIRE

(generalization error),



FIRZE
> Z{LiRZE (generalization error): 28 he H, ce C, 4% D,
h BZILIRE A
R(h) = Pxplh(x) # c(x)]
> ZUIRZE (empirical error): REFARESR S= (x1,. .-, Xm)

Rs(h) = — > [h(x) # clx)

i=1

» ERERIRESZHIRE:

> ZWIRER h wIIGHIE S ERTEIRE
> ZHIRER h &N D LMEEIRE
> MEGERKR, EA SRRE D WIRSH LM

Es~pn[Rs(h)] = R(h)



PAC models for Supervised Learning
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PAC Model

1. Generate instances from unknown distribution p*
x() ~ p*(x), Vi ()
2. Oracle labels each instance with unknown function c*
y@ = (x), vi @)

3. Learning algorithm chooses hypothesis 1 € H with low(est)

training error, R(h)
h = argmin R(h) (3)
h

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



Two Types of Error

True Error (aka. expected risk)

R(h) = Preupe () (" (%) # h(x)) s Gy
Is al, antlty
Train Error (aka. empirical risk) ""’fnowj;'s

R(h) = x~s( *(x) # h(x))

O’77 U e
- Z 1" (x0) # h(x9)) | Othegretyg
dat ’”lng
1 ) )
— LS a0 e
=1
where § = {x( ..., x(M)IN s the training data set, and x ~

S denotes that x is sampled from the empirical distribution.



Three Hypotheses of Interest

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

y @ = e (xD), vi Q)
The expected risk minimizer has lowest true error:

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

The empirical risk minimizer has lowest training error:

h = argmin R(h) 3)
heH



PAC = 3J38it

» PAC £YIBPEE, BETMRIEZTE H PEI—NFHR
" h
» “IFHERIE EEHEFANFMG (PAC #HAEKH):
» JE{LIERE (Approximately Correct): iZ{LiRZE R(h) BB/
> R(h) #/NEF, RIFZHIRERERET 0, E—REARTEEN.
ABFATHAB R(h) BREE—NMRNRIE ¢ 2, BIRERIE h
HE R(h) <e, BATFINA h BIEMERN
> FJHEIERH (Probably Correct): h 7E{RA#EZE LiL{LIER
> NIEEEENERIE h BSZE2IEMERNY. B R(h) <e,
AERAEIIEMERMFHTL, BIRMNEE—MME I, ‘&
hi#RE P(R(h) <e)>1-46

> EIMFIMENEAMEREAKR, HRBERXT /e
1/0, #FAR KN, size(c) RIS B HE



PAC Learnable

EX
A concept class C is said to be PAC-learnable if there exists an
algorithm A and a polynomial function function poly(-,-,-,-) such

that for any € > 0 and § > 0, for all distribution D on X
(containing instances of length n) and for any target concept
c € C, the following holds for any sample size

m > poly(1/e, 1/0, n, size(c)):

Ps.pm[R(hs) <€ >1-§

If A further runs in poly(1/e,1/6, n, size(c)), then C is said to be
efficiently PAC-learable. When such an algorithm A exists, it is
called a PAC-learning algorithm for C.



Guarantees for finite hypothesis sets — consistent case

» —EEH (consistent): ce H
» target concept ¢ £ learner B (HBFR) RiZ&ES (hypothesis
set) H H

EI2 (Learning bound — finite 7, consistent case)

Let H be a finite set of functions mapping from X to ). Let A be
an algorithm that for any target concept ¢ € ‘H and i.i.d. sample S
returns a consistent hypothesis hs: ,Z?s(hs) = 0. Then, for any

€,0 > 0, the inequality Ps.pm[R(hs) < €] >1—§ holds if

1
m> - (Iog\’H| + log 5)
This sample complexity result admits the following equivalent

statement as a generalization bound: for any €, > 0, with
probability at least 1 — 6,

1
R(hs) < — <Iog|’H\ + log 5>



ERXTAER (Hoeffding's Inequality)
EIE (Hoeffding's Inequality)

Let Xi,...,Xm be i.i.d. random variable in [0, 1], for any € > 0
P(

1
m

N >e) < 9e2me*

> ZERGHTATXE [0,1] AN EEHBESISE
ZEHRHXR, EEESAH DT

> BIZHIRE R(h) SZRIZE Rs(h) MEXSH
E(Rs(h)) = R(h), PILISE]

Ps.pm [

_ 2
> 4§ =2e2m

Rs(h) — R(h)‘ > 5] < 9e-2me?

M Fix a hypothesis h: X — {0,1}. Then,
for any § > 0, the following inequality holds with probability
at least 1 — §:

. log %
< .
R(h) < Rs(h) + 1/ <




Guarantees for finite hypothesis sets — inconsistent case

» A—EEH (inconsistent): c¢ H, BEBERER

EIE (Learning bound — finite H, inconsistent case)

Let H be a finite hypothesis set. Then, for any § > 0 with
probability at least 1 — 6, the following inequality holds:



Guarantees for finite hypothesis sets — inconsistent case

» Thus, for a finite hypothesis set H,
- I
R(h) < Rs(h) + O ( "gfnrH'>

» For a fixed |H|, to attain the same guarantee as in the
consistent case, a quadratically larger labeled sample is needed

> This can also be viewed as an instance of the so-called
Occam'’s Razor principle

» Plurality should not be posited without necessity, also
rephrased as, the simplest explanation is best.



Summary: Learning

» Machine Learning =~ Looking for a Function
» Learning = Representation + Evaluation + Optimization

» Representation: hypothesis set
» Evaluation: loss function
» Optimization: search approach

» PAC Learning: #l28%3J A+ AR FTRER?

Pspm[R(hs) < €] >1—§

» JE{LIERE (Approximately Correct): iZ{LiRE R(h) BB/
> FIBEIEMA (Probably Correct): h ZER AMEZE b ik {blIE

» PAC criterion: the learner produces a high accuracy learner
with high probability

Pspm HR(h) - i?s(h)) < e} >1-6
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