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Problem Solving and Search

BFS
f(n)=depth(n

e BFS Complete Optimal only if uniform path costs UCS famy=g(w),
e UCS Complete Optimal h(m)=0
e DFS Complete only for finite-depth spaces Not optimal A~
. . . f(n)=g(n)+h(n)
e IDS Complete Optimal only if uniform path costs
e  GS(smallest h) Complete in finite spaces Not optimal
e A*(f=g+h) Complete Optimally if admissible, efficient if consistent
e Hill-climbing Single node in memory Local max/min only
e  Beam search Similar to hill-climbing, but keeps track of k states instead of 1
e  Simulated annealing Similar to hill-climbing, but selects a random successor _—
e  Genetic algorithm Selection, cross-over, mutation, evaluates state with fitness score S

~Chance nodes
CHANCE
Game Playing [Q e 2 }\\ 2 Q
e Minimax¢lifalb R2SayQid LXlFeée 2LIAYIEtas al .- gam Ky\ 1J
e  Expectiminimax using chance nodes ¢ gives perfect play

CHANCE

Evaluating and comparing classifiers
e  Comparing classifiers ¢ t-paired significance test
0 Calculate the differences d; between the results from the classifiers

MAX

TERMINAL 2 1 -1 1
0 Calculate the variance of the difference. If k is sufficient large, d; is normally distributed

Zk:(di -df ’uajubqp,oﬂ‘ fnév\bthh/ able
s g h? 'ev”f,gwom

0 Calculate confidence interval Z = Rg t(lc")(kcl) if contains 0, then difference is not significant
e  Confusion matrix
Rows ¢ number of examples from each class

0 Columns ¢ classified as this class
0 Correctly classified examples go into the diagonal of the matrix
0 Canrepresent accuracy
examples # assigned # assigned to
to class yes class no
# from class yes true positives | false negatives
(tp) (fn)
# from class no false positives | true negatives
e  2class prediction p) (tn)
0  Precision P tp Recall R tp F1 measure F1o 2PR
tp+ fp tp+ fn P+R

Machine Learning
e K-NN (Lazy)
0  Minkowski distance (generalises Euclidian and Manhattan)

1
D(AB) = (a, b +]a, ~b,[' +..+]a, ~b,"

e 1R ¢generates 1 rule that tests the value of 1 single attribute

Spliton | values #Yes #No | Rule | Error | Total Error

Attr A Al 4 6 No 4/10 4/20 a Choose this split
A2 10 0 Yes 0/10

Attr B Bl 12 2 Yes 2/14 5/20
B2 3 3 No 3/6

O pH|E)= P(E|H)P(H)
P(E)
0 Assumes: all attributes are equally important, conditionally independent of each other
0 For O probabilities: Laplace estimator for that attribute: +1 to the numerator, k to denominator, k = # values for that attribute

0  Numeric attributes: assume normal distribution, PDF (mean >, standard deviation " ): f(x) _ 1 e)@((X—#)ZJ
o
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° DT
0 Information theory H (M )= —Z P(IT] )|092 P(IT] )= entrop{(M ) M possible messages

0 (@entropy by partitioning S using attribute A: _ ‘ ‘ _
py by p g S using Gain(S| A)=H(S)-Y P(A=v, H(S| A=V, )=H Z H(S|A=v,)
jeA jeA ‘q
0  Sub-tree replacement Sub-tree raising
wage increase Ist year
0 Rule pruning - prunes branches, not entire subtree, can start anywhere in tree, not bottom
0 Dealing with numeric attributes ¢ Splitting (discretise)
A Problem: highly branching attributes will be selected, but can result in overfitting
s . . . . . C
A GainRatidS| A)= — Galn(S.| A) penalises highly branching attributes splitinformatior(S| A) = _z@k@z s
Splitinformtion(S | A) ,=1 S
o NN - Perceptrons
0 Error: e=tcga Unified learning rule: Whew = Woig + epT Brew = Doig + €

e  Backpropagation ¢ for multilayer networks
o a. | O1¢ LINBetalksette iweigBts/are adjusted backwards from the output to the input neurons

15 -af

25
A Backpropagation learning can be viewed as an optimising Hill-climbing search for minimum error in the weight space

0  Weight change nWyq=" 140 Wpq(t) ¢ weight from node pto g attimet Wpqg(t+ 1) = Wpg(t) + W

0  Errord is calculated in 2 different ways:

A sum of squared errors measurement (E) E = Zq

A If gis an output neuron, 5 = (dq — aq) f '(neg) & derivative of activation function used wrtlj Qa A y LJdzi

A If qis a hidden neuron, 5 =f' (nei;q )Z Wi O, , iis over the nodes in the layer above g.

W, +|:!_=U

*  SVMGmaximises the margin width | _ 2

0  During training, takes dot product between each pair of training vectors

0  During classifying, take dot product between the support vectors and the example
e Nonlinear SVM ¢ nonlinearly transforms data into higher dimension space

Ensembles
e  Different classifiers
0 Bagginggd 022 {ad NI LI, randothMdBabdeh séndpl2 fyoén a given dataset J:f'aiifﬁman
A Reduces variance of predictions, and E[mean squared error]
0 Boosting ¢ weighted training set; increases weights on misclassified examples from previous classifier

level-1
classifier

level-1

cx i: P1i, ..., Pni, Yi

0 Random forest ¢ selects attributes randomly rather than use all attributes training data
e  Stacking ¢ meta learner to determine which classifiers are more reliable Singlelink Pli P2 .. Pni fﬁ}gm
level-0
Clustering clesiper
. Measures of distance between clusters Completelink ffﬁf;i}gg data
0 Single link ¢ smallest distance between any two elements of opposite clusters
0 Complete link ¢ largest distance between any two elements of opposite clusters
0 Distance between centroid or medoids
e  Good clustering
, 1 D(x) + D(x;)
A High cohesion, High separation. DB index combines both measures DB = — Z maX= ————
Cc4F i D(x,%;)
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