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What is Machine Learning?

e ML studies the programs that improve with experience

o [Liviu Ciortuz:] ML is data-driven programming




What is Machine Learning good for?

natural language (text & speech) processing
genetic sequence analysis

robotics

customer (financial risc) evaluation
terrorist threat detection

compiler optimisation

semantic web

computer security

software engineering

computer vision (image processing)

etc.
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The Machine Learning 2008 Course:

Tentative Plan

. Decision Trees (T.Mitchell, ch.3)

. Instance-based Learning (T.Mitchell, ch.8)

. Bayesian Learning (T.Mitchell, ch.6)

. Support Vector Machines (N.Cristianini & J.Shawe-Taylor, 2000)

. Clustering Algorithms (Ch.Manning & H.Schiitze, ch.14)

. Evaluating Hypotheses (T.Mitchell, ch.5)
. Concept Learning and General-to-Specific Ordering (T.Mitchell, ch.2)
. Computational Learning Theory (T.Mitchell, ch.7)

. Boosting, Bagging and Random Forests
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ML Basic Terminology

. instance z, instance set X
concept ¢ C X, or ¢: X — {0,1}
(labeled) example: (z,c(x)), positive examples, negative examples

. hypotheses h : X — {0,1}

hypotheses representation language

hypotheses set H

hypotheses consistent with the concept c: h(x) = ¢(x),V example (x, c(x))
version space

. learning = train 4 test
supervised learning (classification), unsupervised learning (clustering)

. error, = | {z € X, h(x) # c(z)} |
training error, test error
accuracy, precision, recall

. validation set, development set
overfitting, cross-validation, leave-one-out cross-validation




Evaluation measures in Machine Learning

h
N
tn
tp — true positives
fp — false positives
tn — true negatives
fn — false negatives

tp + tn

accuracy: Acc = Ip T+ tnt fo - fn

. . tp

: P= —4

precision T + Jp
e _ __1p
recall (or: sensitivity): R = b+ fn
F-measure: F = %
specificity: Sp = tnt—ffp
. — __Jp

follout: = tn + Jp

Mathew’s Correlation Coefficient:

_ tp X tn — fp X fn
MCC =
V (tp + fp)x (tn + fn)x (tp + fn)x (tn + fp)




The Inductive Learning Assumption

Any hypothesis found to conveniently approximate the target
function over a sufficiently large set of training examples

will also conveniently approximate the target function over
other unobserved examples.




Inductive Bias

Consider
e concept learning algorithm L
e instances X, target concept c
e training examples D. = {(z,c(z))}
e let L(x;, D.) denote the classification assigned to the instance z; by L
after training on data D..

Definition:

The inductive bias of L is any minimal set of assertions
B such that

(Vx; € X)[(BV D,V x;) - L(x;, D,)]

for any target concept ¢ and corresponding training
examples D,




Inductive systems
can be modelled by
equivalent deductive
systems

Trairmng exarnplez

Inductive zyztemn

Mew 1nztance

10.

Clazzification of

Trairing exarnples

Mew 1nztance

Inductive bias
made explicit

Algorithr new 1nztanca, or
el Mandidate "don’t knoea”
Elirmination Lot
w  Yazng Hypothesis
wpace H
Eqmivalernt dedwoctive syztern
Clazzification of
- naw inztancs, or
"don™t know"
Theorern Frover -
i
-

Azzarbon " Hcontan:
the target concept”




Lazy learning vs. eager learning algorithms
Eager: generalize before seeing query
o ID3, Backpropagation, Naive Bayes, Radial basis function net-

works, ...

e Must create global approximation
Lazy: wait for query before generalizing

o k-Nearest Neighbor, Locally weighted regression, Case based rea-
soning

e Can create many local approximations

Does it matter?
If they use the same hypothesis space H, lazy learners can represent
more complex functions.
E.g., a lazy Backpropagation algorithm can learn a NN which is dif-
ferent for each query point, compared to the eager version of Back-
propagation.
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