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f is the target function
O

> O

An example is a pair =, f(x), e.g.,

X

Problem: find a(n) hypothesis /
such that /» =~ |

given a training set of examples
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ATTRIBUTE-BASED REPRESENTATIONS
JUis
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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

col sads soliiul @l yu cpl Ha (Price s type) oSaveat jubo o sladarad



Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

¥4

2l

EXPRESSIVENESS

.Allsc')l:\:;bcsd\g‘)\gcshbm:ua&‘}‘ua:suj&dﬁ‘ﬂwWSGLAQAJJ

paeead oA 50 50 S B s Bl sae S (S ju Joaa shw 5 (s ol 55 s e

:JJLSJJ@JJK‘}MW}&&JJQ‘&B‘}JAT(5%WJA6‘X
Coad 52 5l S S By, 5l e S 1L
(cadls o2kl sud T 5[4yl So)

.dJ.finu.a éd‘d @Aﬁﬂé‘pwguc&;)d uls‘.:s



paaad slacia yu

EXPRESSIVENESS

‘\ Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

o
&

—=mn >

A xor B

M- T W
n— —

M&JJJJSfG@QJ;‘HQHJMJJJJA}Pﬂ:Xordﬁgue‘ﬁtm




Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

A

s S slalad

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
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CHOOSING AN ATTRIBUTE
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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
&

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




v

&@&Jd

JBs

Patrons?

French i Burger
Fri/Sat?

No Yes

Q‘Jﬂaﬂ)&@.‘.@b‘m\YGJJ‘ybmmﬂJLjﬁA@CA&JJ

Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

K%



YA

Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

=l (b))

PERFORMANCE MEASUREMENT

$h =~ [4S axilas anil 5 g0 G S

GJLOT/GSLLLULM (5‘):5..3‘.:\ (54.:\# GL&‘L:\_JAB J‘ suldi ol

\

Ladlio 5 was dule 3T (s4e gane Ko 595 o2 0 Giale ST (Y
(LadBe sLiad (555 (20 90T (s4e gano wiile guliie au ) 63 Sl saliinl )

* 0

7Y



- (gm0 g0

s (b))
Sk P
PERFORMANCE MEASUREMENT

J‘g’t‘t‘QJHQ&L‘éTGMWGJJC‘*“JJLSL“C.E‘“‘#% LSJ:\SJHL;'\A;\A

5501 (548 sane (58545 Learning Curve
% X‘orrect o
i@l
T = e realizable S Gl 1) Gaa ol uil 5 e s )3 (slusd

. redundant LU slatarad 5b S5l o die 958

nonrealizable iyl 38
a5 w93 el s )8 sliad
(bd.fbd\g.\m (5LA4:\.445J§ UUMS ‘:i éd.alneg (5‘.454_44:\.44& ‘)3‘ JJ) LS Ulf'.‘ ‘J

»# of examples

Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

K%



Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

2l (2l

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

Prepared by Kazim Fouladi | Spring 2021 | 4% Edition



Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

S 0 guas (sladsad
«;’:%_G\}]S&» aasl g

MCCULLOCH—PITTS “UNIT”

; a; = g(in;)
] W]’l —
8
Input Output
o ai |
Links Links
V

Input Activation

Function Function Ouiput

t 28l s G Sl sadisal Hlws Jao SO
MJ;“‘A-“‘L‘"‘J:‘L;"CSJK4%°JL""‘(SLAAA‘JJ|M(5L‘5M&3‘SJJ(5W§Q&‘J

L]
’U};b/



Prepared by Kazim Fouladi | Spring 2021 | 4% Edition

0)

S Fe0 guas (sladsad
soludlad ol s
ACTIVATION FUNCTIONS
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(a) Step function (b) Sign function (c) Sigmoid function

1/(1+e™)

Changing the bias weight 11/, ; moves the threshold location
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PERCEPTRON LLEARNING

% correct on test set
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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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P Fourth Edition

Stuart Russell and Peter Norvig,
Artificial Intelligence: A Modern Approach,
4th Edition, Prentice Hall, 2020.

Chapter 19
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