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SUPERVISED LEARNING

f is the target function
O

An example is a pair =, f(x), e.g.,
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Problem: find a(n) hypothesis /
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given a training set of examples

o
&

+1




\\/ E G0 19D
S UL 6 Sl

O S5 9 (il
SUPERVISED LEARNING

& UL (5 58als
Supervised Learning
Classification
(Yoo st b (o o el (L) bl st S Y o g oA By < O S
Regression
|

Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

K%



Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

A

UL (5 aSubs (yh g

SUPERVISED LEARNING METHOD

J(x)

(0 5))) e (55l s 1 JBs

S
&




Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

AR

UL (5 aSubs (yh g

(0 51Y) e (55l s 1 JBs
SUPERVISED LEARNING METHOD

J(x)

X

oo Gonhanant GGG ((ha sllaanin) solu sl 4oi )3

L]
’U};b/



Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

(a5 89 g,

(6 5)Y) rade (55l s 1 JBs
SUPERVISED LEARNING METHOD

J(x)

X

CoA soedypaand OEHLLl ((pgada,a glidaasia) saluw s 58

L,
’U};b/



A

UL (5 aSubs (yh g

(6 5)F) oo (551 e 1 JBs

SUPERVISED LEARNING METHOD

J(x)

Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

L ste (s opdgpaats GBS (Yl 4o oo slelensin ) say 40 58

L]
’U};b/



Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

iy

UL (5 aSubs (yh g

SUPERVISED LEARNING METHOD

J(x)

(6 510) Ao (o5l JBs




Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

Yy

2L (5 pSaly
axand g 5,85l
Generalization Consistency
Sl pdaaens s, S Sl SIS s 58 S
X S
1w slad sl o 53 solie 55507 (SLA4 sad (sdat (595 2
A:\Su:\:s:suﬂfeuz.w‘)d‘\:ﬁ .A.o.tnl:s&.w‘)d

HS psant - 8 Hlu Ol Gliassny
FYL G pipsand b poalus sladad 9 5 Jols (18 5l bt oy sladas

PSS - oba Ol Glsss,
Lad 000 cod (s4ml8 S 3L (Saaa § 4 58 slad S (b



YY L gua0 Slgd
galsal i

OCKHAM’S RAZOR

é‘)ﬁl.u‘ Géd‘:ﬁ‘)d 64@36@&3

el Loala b 18 3l (sdaid )3 oy yioalus b a3

ol T (680K i 63 Jue (s ySesli cansdy 48 (sl Jde (i Byl sdau
(53N 14 53 QI B pulid ola gl alihi g als 4 Ockham’ Razor

Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

K%



Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

YO

& UL (s Sl

o
&

Ssase sLasals (gl 5 s 58 G S iae

3 e ol I (sais 58 ST L el (5 5S0bs

Lasaly Cyidile b dad 8 (49 el

h* = argmax P(h|data)
heH

S seaeld Gk 5l Jube o)l

h* = argmax P(data|h) P(h)
heH







Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

YV

g0 siigD
daaiad s oiids Sl Slad s
Ol s S 50 Do (515 LS L
ATTRIBUTE-BASED REPRESENTATIONS
JUis
toea b aniS e e Gl 59 e S sl T oo S (placiadse 5 pladls
Example Attributes Target
Alt | Bar | Fri | Hun | Pat | Price | Rain | Res | Type | Est | WillWait
X T | F | F T | Some| $%% F T | French| 0-10 T
Xo T| F | F| T | Ful $ F F | Thai |30-60 F
X3 F| T | F F | Some| $§ F F | Burger| 0-10 T
Xy T | F T T | Full $ F F | Thai | 10-30 T
X; T | F | T 1| F | Full | $3% F T | French| >60 F
X F| T | F T | Some| $% T T | Italian | 0-10 T
X F| T | F| F |None| $ T F | Burger| 0-10 F
Xy F| F | F| T |Some| $$ T T | Thai | 0-10 T
Xy F| T | T| F | Ful $ T F | Burger| >60 F
X1 T| T | T | T | Full | $3% F T | Italian | 10-30 F
X1 F| F F F | None $ F F | Thai | 0-10 F
X9 T| T | T T | Full $ F F | Burger | 30-60 T
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DECISION TREES

Patrons?

WaitEstimate?

Alternate? Hungry?
I\VWS No Yes
Reservation? Fri/Sat? Alternate?
No Yes No Yes No Yes
Bar? Raining?
No Yes No Yes
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HYPOTHESIS SPACES

o
&

How many distinct decision trees with n Boolean attributes??

— number of Boolean functions
— number of distinct truth tables with 2" rows = 22

E.g., with 6 Boolean attributes, there are 18,446,744,073,709,551,616 trees

How many purely conjunctive hypotheses (e.g., Hungry A =Rain)??

Each attribute can be in (positive), in (negative), or out
= 3" distinct conjunctive hypotheses

More expressive hypothesis space
— increases chance that target function can be expressed @
— increases number of hypotheses consistent w/ training set
= may get worse predictions
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DECISION TREE LEARNING

(PS50 oo ) aniS O wa 50(L20) 4dns Olsie s | amad (aSpeer | S (s8]

function DTL(ezamples, attributes, default) returns a decision tree

if examples is empty then return default
else if all examples have the same classification then return the classification
else if attributes is empty then return MODE(ezamples)
else
best «— CHOOSE-ATTRIBUTE(attributes, examples)
tree «+— a new decision tree with root test best
for each value v; of best do
examples; <+ {elements of examples with best = v;}
subtree «— D'TL(examples;, attributes — best, MODE(ezamples))
add a branch to tree with label v; and subtree subtree
return free

* 0

7Y



Prepared by Kazim Fouladi | Fall 2022 | 4% Edition

vy S T

3:\‘4.@3&&‘,4

CHOOSING AN ATTRIBUTE

..LS..&BL;Q ‘M«u_t\.o m»l:u<a.;o MA))(JTQA:J QJ[AJJ)iSG:sLMLchMb L&Jlla (UJA(S‘L.LA;\_LAA&S:\ :oa:a!

000000 000000
000000 000000
Patrons? Type?
None Some Full French ltalian Thai Burger
0000 00 o © 00 00
0 0000 [ @ 00 0

: Gl (5 g (54 S Patrons?
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+: X1,X3,X4,X6,X8,X12

(a) —: X2,X5,X7,X9,X10,X11
Patrons?
None Some Full
+: +: X1,X3,X6,X8 +: X4,X12
- X7X11 - - X2,X5,X9,X10

+: X1,X3,X4,X6,X8,X12

(b) —: X2,X5,X7,X9,X10,X11
Type?
French Italian Thai Burger
+: X1 +: X6 +: X4, X8 +:X3,X12
- X5 - X10 - X2,X11 - X7,X9

+: X1,X3,X4,X6,X8,X12

(c) —: X2,X5,X7,X9,X10,X11
Patrons?
None Some Full
+: +: X1,X3,X6,X8 +: X4,X12
- X7,X11 - —: X2,X5,X9,X10
No Yes Hungry?

+: X4,X12 +:
- X2,X10 - X5X9
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USING INFORMATION

o
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Suppose we have p positive and n negative examples at the root
= H((p/(p+n),n/(p+n))) bits needed to classify a new example
E.g., for 12 restaurant examples, p =n =0 so we need 1 bit

An attribute splits the examples F into subsets F;, each of which (we hope)
needs less information to complete the classification

Let /; have p; positive and 7; negative examples
= H((p;/(pi+mni),n;/(pi+n;))) bits needed to classify a new example
= expected number of bits per example over all branches is
Z' pi + N
" p+n

For Patrons?, this is 0.459 bits, for T'ype this is (still) 1 bit

H({pi/(pi + 1), ni/(pi +ni)))

= choose the attribute that minimizes the remaining information needed
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PERFORMANCE MEASUREMENT

% correct on test set
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Training set size
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BRAIN

Axonal arborization

o N

\ Axon from another cell

Synapse

Dendrite

Nucleus ) /

Synapses

Cell body or Soma

* 10" neurons of > 20 types, 10! synapses, 1ms—10ms cycle time
* Signals are noisy “spike trains” of electrical potential
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(a) Step function (b) Sign function (c) Sigmoid function

1/(1+e™)
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3-nearest-neighbor = 2.4% error

400-300-10 unit MLP = 1.6% error

LeNet: 768-192-30-10 unit MLP = 0.9% error

Current best (kernel machines, vision algorithms) 2~ 0.6% error
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= : ' LEARNING FROM EXAMPLES

n=s) = tected| m hen1¢ ‘
gf Unifi ‘-) else I In which we describe agents that can improve their behavior through diligent study of past

Tl experiences and predictions about the furure.

thigyve
g \ Anagent is learning if it improves its performance after making observations about the world.
‘ # Learning can range from the trivial, such as jotting down a shopping list. to the profound, as
when Albert Einstein inferred a new theory of the universe. When the agent is a compuler,
we call it machine learning: a computer observes some data, builds a model based on the
data, and uses the model as both a hypothesis about the world and a piece of software that
can solve problems.

Why would we want a machine to learn? Why not just program it the right way to begin
with? There are two main reasons. First, the designers cannot anticipate all possible future
situations. For example, a robot designed to navigate mazes must learn the layout of each new
maze it encounters; a program for predicting stock market prices must learn to adapt when
conditions change from boom to bust. Second, sometimes the designers have no idea how
to program a solution themselves. Most people are good at recognizing the faces of family
. members, but they do it subconsciously. so even the best programmers don't know how to
Stuart program a compuler to accomplish that task. except by using machine learning algorithms.

Russell Artifi C i al I ntel I i gen Ce In this chapter, we interleave a discussion of various model classes—decision trees (Sec-

Peter tion 19.3), linear models (Section 19.6), nonparametric models such as nearest neighbors

NOI’VIg A Modern Ap proach (Section 19.7), ensemble models such as random forests (Section 19.8)—with practical ad-

vice on building machine learning systems (Section 19.9), and discussion of the theory of
’p Fourth Edition machine learning (Sections 19.1 to 19.5).

19.1 Forms of Learning

Any component of an agent program can be improved by machine learning. The improve-
ments, and the techniques used to make them, depend on these factors:

Stuart Russell and Peter Norvig,
ArtiﬁCial Intelligence: A MOdel'n Appl’oach, * What prior knowledge the agent has, which influences the model it builds.

sl . * What data and feedback on that data is available.
4th Edition, Prentice Hall, 2020. R _ _
Chapter 2 described several agent designs. The components of these agents include:

* Which component is to be improved.

1. A direct mapping from conditions on the current state to actions.
Chapter 1 9 2. A means to infer relevant properties of the world from the percept sequence.
3. Information about the way the world evolves and about the results of possible actions
the agent can take.
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