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— learning element
— performance element (previously the entire agent)
— example: automated taxi
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( Classification based on feedback |

How an autonomous agent that senses and acts in its environment can learn
to choose optimal actions to achieve its goals?

— supervised learning: each time the agent performs an action in its envi-
ronment, a trainer provides the correct action.

— reinforcement learning: trainer provides only a reward or penalty to
indicate desirability of resulting state.

— unsupervised learning: no hint about the correct action.

How does learning to play tennis fit into the general learning model??
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|| Inductive learning ||

inductive inference: given a collection of examples (x, f(z))
return a function i (hypothesis) that approximates f

bias: any preference for one hypothesis over another

( Decision trees

input: object or situation described by a set of properties
output: "yes/no" decision (e.g., WillWait?) or a category
— first identify attributes to describe examples in the domain
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Vr Patrons(r, Full) \Wait Estimate(r, 0—10)AHungry(r, N) = WillW ait(r)
AIMA Slides @Stuart Russell and Peter Norvig, 1998 Chapter 18 AIMA Slides @Stuart Russell and Peter Norvig, 1998 Chapter 18 6
[ Expressiveness of decision trees | [ Inducing decision trees from examples |
— a decision tree corresponds to a set of implication sentences example: (attribute values & goal predicate values)
— Can decision trees represent any set?? example classification: pozitive/negative
- no, since they talk about a single object (e.g., restaurant)
— each attribute test is a proposition (no Nearby(ry, r)) Example Attributes Goal
— Decision trees: fully expressive within the class of propositional languages Alt | Bar| Fri |Hun| Pat |Price|Rain| Res| Type | Est || Willwait
— any Boolean function can be written as a decision tree X1 Yes| No | No | Yes| Some| $8 | No | Yes| French | 0-10 Yes
— but not all functions can be represented efficientl 5 ves| No | Noj ves| Full | $ | NoJ No) Thai | 30-60) Mo
P y Xa No| Yes| No| No| Some| $ | No| No | Burger| 0-10 Yes
Xa Yes| No | Yes| Yes| Full $ No | No | Thai | 10-30 Yes
Xs Yes| No| Yes| No| Full | $% | No | Yes| French | >60 No
Consider the set of all functions on n attributes: X5 No | Yes| No| Yes| Some| $5 | Yes| Yes| ltalian | 0-10 || Yes
nf . h tabl ith 2" X7 No | Yes| No| No| None| $ Yes| No | Burger | 0-10 No
— there are 2" functions (truth table with 2" rows) Xs No| No| No| Yes| Some| $$ | Yes| Yes| Thai | 0-10 Yes
— the "answer” column is a 2" bit number that defines function X No | Yes| Yes| No| Full | $ | Yes| No | Burger | >60 No
_ . . n oL X0 Yes| Yes| Yes| Yes| Full | $8$ | No | Yes| ltalian | 10-30 No
2”mo.st of the fun.ctlons reqmre? bits to represent X No| No| No| No| None| $ | No| No| Thai | o-10 No
= 2% different functions on n attributes (scary!!!) X1z Yes| Yes| Yes| Yes| Full | $ | No| No | Burger | 30-60 | Yes
how to find consistent hypotheses in such a large space?? . .
yp g€ P How to build a decision tree for a set of examples??
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( Inducing decision trees cont. |

Ockam’s razor: most likely hypothesis is the simplest one that is consistent
with all observations.

— heuristic: test the most important attribute first

Algorithm

— classify examples in + /- sets.

— choose "best” attribute for test

— apply algorithm recursively for each test outcome
—if + & - examples, choose best attribute to split them
—if all 4 or - done
— no examples left = no such examples observed
— no attributes left = same description, diff. classification (noise)
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( Splitting Examples

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

@ -1 X2,X5,X7,X9,X10,X11
None Some Full
+ + X1,X3X6X8  + X4,X12
SIXT XL - -1 X2,X5,X9,X10

+1 X1,X3,X4,X6,X8,X12

(b) — X2,X5,X7,X9,X10,X11
French Italian Thai Burger
+ X1 + X6 +: X4,X8 + X3,X12
-1 X5 -1 X10 -1 X2,X11 -1 X7,X9

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

©) -1 X2,X5,X7,X9,X10,X11
None Some Full
+: +1 X1,X3,X6,X8 +: X4,X12
- X7,X11 = -1 X2,X5,X9,X10

Y N

+Xax12  +
—X2X10  -IX5X9
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I Induced decision tree |

Patrons?

examples generated by agent using original tree
but induced tree different form original tree
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( Decision trees learning algorithm

function DECISION-TREE-LEARNING(examples, attributes, defajfeturnsadecision tree
inputs. examplesset of examples
attributes set of attributes
default default value for the goal predicate

if exampless empty then return default
elseif al examplehiave the same classification then return the classification
elseif attributesis empty then return MAJORITY-VALUE(examplep
else
best— CHOOSE-ATTRIBUTE(attributes examples
tree+ anew decision tree with root test best
for each valuev; of bestdo
examples«— {elementsof examplesvith best = v;}
subtree « DECISION-TREE-LEARNING(exampleg attributes— best
MAJORITY-VALUE(examplep
add abranch to treewith label v; and subtree subtree
end
return tree
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| Assessing performance of learning algorithm |

Methodology:

. Collect a large set of examples

. Divide it into two disjoint sets: training and test set

. Use training set to generate hypothesis H

. Find how many examples in test set are correctly classified by H
. Repeat 1-4 for different sizes (and) order of training sets.

Gl W N =
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( Learning curve

% correct on test set

04 1 1 1 1
0 20 40 60 80 100
Training set size

prediction quality increases when training set grows
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( Learning general logical descriptions

inductive learning: search for a good hypothesis in a large hypothesis space

Hypotheses:
— start with a goal unary predicate Q (e.g., WillW ait)
— find an equivalent logical expression (candidate definition C;)
— each hypothesis H; is a sentence: Vo Q(z) < Ci(z)
e.g., Vr WillWait(r) < Patrons(r, Some)V

Patrons(r, Full) A =Hungry(r) A Type(r, French) V ...
— hypothesis space: set of all hypotheses { Hy, Hs, ... H,}
— algorithm believes one is correct: H1V Hy V...V H,
— each H; predicts that examples satisfying C; will be examples of Q

Examples:

— objects to which the goal concept may or may not apply
— false negative for H;

— false positive for H;
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( Current-best-hypothesis search
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a) consistent hypothesis

b) false negative

c) generalization (drop conditions)

d) false positive

e) specialization (add extra conditions)
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| Current-best-hypothesis search algorithm |

function CURRENT-BEST-L EARNING(example}returnsahypothesis

H « any hypothesis consistent with the first example in examples
for each remaining example in examplesio
if eisfalsepositivefor H then
H « choose a specialization of H consistent with examples
elseif eisfasenegativefor H then
H « chooseageneralization of H consistent with examples
if no consistent specialization/generalization can be found then fail
end
returnH

— searches for a consistent hypothesis
— backtracks when no consistent specialization/generalization can be chosen.
What if we keep all the hypotheses consistent with all data so far??
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( Least commitment search

Thisregion all inconsistent

G, G, Gs

More general

\\/’\? \\// More specific
S, S, ...

S

thisregion all inconsistent

version space
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[ Why learning works |

Computational learning theory
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