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SUPERVISED LEARNING

f is the target function
@,

X

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

= QO

X

Problem: find a(n) hypothesis /
such that h ~ f
given a training set of examples
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Example Attributes Target
Alt | Bar | Fri| Hun | Pat | Price | Rain | Res | Type | Est | WillWait
X1 T| F | F T | Some| 333 E T | French| 0-10 73
X, r| F | F T | Full $ F F | Thai |30-60 F
X3 F| T | F F | Some| § F F | Burger| 0-10 T
s X, T| F | T | T | Ful $ F F | Thai |10-30 T
2 X5 T| F | T | F | Full | $5% F T | French| >60 F
) X F| T | F T | Some| 3% T T | Iltalian | 0-10 3
z X, F| T | F| F | None| $ T | F |Burger| 0-10 F
K Xs F| F | F T |Some| $% T T | Thai | 0-10 T
3 Xy F| T | T| F | Ful $ T F | Burger| >60 F
3 X1 T| T | T T | Full | $5% F T | Italian | 10-30 F
5 Xy | F| F| F| F |None| $ F | F | Thai | 0-10 F
5 Xo | T| T T| 7| Fl| $ F | F |Burger|30-60| T
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DECISION TREES

Patrons?

None ome Full

| WaitEstimate? |

0-10

Alternate?

No Yes No Yes

Alternate?

No Yes

No

| Reservation? || Fri/Sat? |
No Yes
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How many distinct decision trees with n Boolean attributes??

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

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
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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 — DT L(examples;, attributes — best, MODE( examples))
add a branch to tree with label v; and subtree subtree
return flree
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CHOOSING AN ATTRIBUTE
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+: X1,X3,X4,X6,X8,X12

(a) —: X2,X5X7,X9,X10,X11
Patrons?
None Some Full
+: +: X1,X3,X6,X8 +: X4,X12
- X7,X11 - —: X2,X5,X9,X10
+: X1,X3,X4,X6,X8,X12
(b) —: X2,X5,X7,X9,X10,X11
French Italian Thai Burger
+: X1 +: X6 +: X4,X8 +: X3,X12
- X5 - XI10 - 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

+:

Y

X4,X12
X2,X10

N

+:
- X5,X9
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USING INFORMATION
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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 =7 =0 so we need 1 bit

An attribute splits the examples /' into subsets 2}, each of which (we hope)
needs less information to complete the classification

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

T, pi + 1y

p+n H((pi/ (pi + i), ni/ (pi + ni)))

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

= choose the attribute that minimizes the remaining information needed
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BRAIN

Axonal arborization

O
\ 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™")

Changing the bias weight 11/, ; moves the threshold location
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IMPLEMENTING LOGICAL FUNCTIONS

AND OR NOT
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FEED-FORWARD EXAMPLE

s — (f(”;', - adg + Hv|_3 - @ [‘)
= g(Was-g(Wiz-a1+Waz-az) + Wys- g(Wia- a1+ Way-a))
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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) =~ 0.6% error
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LEARNING FROM
EXAMPLES

LEAPRING

18.1

In which we describe agents that can improve their behavior through diligent
study of their own experiences.

An agent is learning if it improves its performance on future tasks after making observations
about the world. Learning can range from the trivial, as exhibited by jotting down a phone
number, to the profound, as exhibited by Albert Einstein, who inferred a new theory of the
universe. In this chapter we will concentrate on one class of leamning problem, which seems
restricted but actually has vast applicability: from a collection of input—output pairs, learn a
function that predicts the output for new inputs.

Why would we want an agent to learn? [If the design of the agent can be improved,
why wouldn't the designers just program in that improvement to begin with? There are three
main reasons. First, the designers cannot anticipate all possible situations that the agent
might find itself in. For example, a robot designed ta navigate mazes must learn the layout
of each new maze it encounters. Second, the designers cannot anticipate all changes over
time: a program designed to predict tomorrow’s stock market prices must learn to adapt when
conditions change from boom to bust. Third, sometimes human programmers have no idea
how to program a solution themselves. For example, most people are good at recognizing the
faces of family members, but even the best programmers are unable to program a computer
to accomplish that task, except by using leaming algorithms. This chapter first gives an
overview of the various forms of learning. then describes one popular approach, decision-
tree learning, in Section 18.3, followed by a theoretical analysis of learning in Sections 18.4
and 18.5. We look at various learning systems used in practice: linear models, nonlinear
models (in particular, neural networks), nonparametric models, and support vector machines.
Finally we show how ensembles of models can outperform a single model.

FORMS OF LEARNING

Any component of an agent can be improved by learning from data. The improvements, and
the techniques used to make them, depend on four major factors:
» Which component is to be improved.
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