CHEAT SHEET

ALGORITHMS FOR SUPERVISED- AND UNSUPERVISED LEARNING [

ALGORITHM DESCRIPTION MODEL OBJECTIVE TRAINING REGULARISATION COMPLEXITY NON-LINEAR ONLINE LEARNING
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e xj; is the count of word i in test example j;
o Zg; is the count of feature d in test example j.
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Log-linear

Estimate p(Cg|x) directly, by
assuming a maximum entropy
distribution and optimising an
objective function over the
conditional entropy distribution.
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Minimise the negative log-likelihood:
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Gradient descent (or gradient ascent if maximising
objective):

AP = A" — AL

...where 7 is the step parameter.
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... where Z<m t)eD ¢(z,t) are the empirical counts.

For each class Cy:
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Penalise large values for the A parameters, by
introducing a prior distribution over them (typically
a Gaussian).

Objective function

—log p(\) — Z log p(t|z)
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O(INMK), since each training
instance must be visited and each
combination of class and features
must be calculated for the
appropriate feature mapping.

Reformulate the class conditional distribution
in terms of a kernel K(z,z’), and use a
non-linear kernel (for example

K(z,2') = (1+wTz)?). By the Representer
Theorem:
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Online Gradient Descent: Update the
parameters using GD after seeing each
training instance.

Binary, linear classifier:

y(@) = sign(wT )

Tries to minimise the Error function; the number of
incorrectly classified input vectors:

Iterate over each training example z,, and update the
weight vector if misclassification:

wt = w' + nAEp(w)

The Voted Perceptron: run the perceptron ¢ times
and store each iteration’s weight vector. Then:

Use a kernel K (z,z’), and 1 weight per
training instance:

...where: ) N
Directly estimate the linear function = w’ . . :
y(x) b}yiteratively updating the . +1 ifz>0 argmin Ep(w) = argmin — Z wlanty Wt T O(INML), since each combination of y(@) = sign <Z wntnK (@, xn)> The perceptron is an online algorithm
Perceptron woizht vector when incorrect] sign(x) = 1 <0 w w nem ... where typically n = 1. y(z) = sign Z ¢; X sign(w; x) instance, class and features must be n=1 or default
gL Y L y ) ) ) o i calculated (see log-linear). nd th date: p ’
classifying a training instance. Multiclas tron: ...where M is the set of misclassified training . s € update:
ulticlass perceptron: vectors. For the multiclass perceptron: ... where ¢; is the number of correctly classified witl — wi 41
T . . mni 3 . n - n
y(x) = argg:ax w? ¢(x,Cy) wt! = w + oz, t) — (a, y(@)) training instances for w;.
The soft margin SVM: penalise a hyperplane by the
Primal number and distance of misclassified points. Use a non-linear kernel K (z,z'):
1 5 Primal
arg min §||w|| N N
w,wo 1 z) = Antnz’x w
arg min §Hw|\2 +C Z én y(@) ; e ntwo Online SVM. See, for example:
0, - —
s.t. tn(wan +wg) >1 Vn w0 n=1 QP: O(n?); N e The Huller: A Simple and
A maximum margin classifier: finds . . ° ’ ’ = Antn K (2, 2n) 4+ wo Efficient Online SVM, Bordes
Suptp(;rt the separating hyperplane with the N T Dual + Quadratic Programming (QP) st tp(wzn +we) >1—6n, € >0 Vn e SMO: much more efficient than ,;1 & Bottou (2005)
‘r::cﬁines maximum margin to its closest data y(z) = z Antnz’ Tn + wo N N N o SMO, Sequential Minimal Optimisation (chunking). Dual QP, since computation based « Pegasos: Primal Estimated
. — 1 T :
points. n=1 L(A) = Z An = Z Z AnAmtntms, Tm N N N only on support vectors. i\l: i\f: i\f: . sub-Gradient Solver for SVM,
n=1 n=lm=1 5 L(N) = An — A AdmtntmT, T Shalev-Shwartz et al. (2007)
EM =3 2= 33 Admtntmalam, n nmintmn om :
N n=1 n=1m=1 7;1 nJ;1 m]\jl
s.t. An Z O’ ZlAntn = O’ vn N = Z >\n — Z Z An)\mtnth((Enymm)
n—
st. 0< A <O, > Antn =0, Vn n=1 n=lm=1
n=1
Hard assignments r,; € {0,1} s.t. .
Vnd o rnk = 1, i.e. each data point is Expectation:
assigned to one cluster k. - { 1 if ||zn — px|[? minimal for k For non-linearly separable data, use kernel
N K 0 o/w - in:
A hard-margin, geometric clustering Geometric distance: The Euclidean . _ 2 / k-means as suggested in: Sequential k-means: update the cen-
k-means algorithm, where each data point is i 2 el e Z Z rrkllEn = pellz Maximisation: Only hard-margin assignment to clusters To be added troids after processing one point at a
& d t’ its closest cent }')d distance, {* norm: TH n=1k=1 ’ Y & & ’ ’ Kernel k-means, Spectral Clustering and 6 p & p
assigned to 1ts closest centroid. . R . (k) _ nTnk®n Normalized Cuts, Dhillon et al. (2004). une.
...i.e. minimise the distance from each cluster centre PMIE = —
Tp — prll2 = to each of its points. Zn Tnk
I I p
... where (%) is the centroid of cluster k.
Expectation: For each n,k set:
Tk = (2D = ka7, 1,8) (= plklzn))
_ p@D)z0) = ki, D)p(z) = ki)
Zjl'{:l p(x(l) |z(z) = l; , Z)p(g(l) = l; 7r)
g:jf)gaiﬁi?‘:: to clusters by specifying _ TN (@0 | pte, S1) . ' '
A probabilistic clustering algorithm, o o ) Zszl TN (@n |1, 25) Oolzliinf‘?tiilli?lan Mixture Models. A
Mixture of where clusters are modelled as latent P(x(z)’ Zm) = P(m(z)|z(l))l7(z(z)) L(m,m, p, ¥) = log p(a|m, 1, %) Masximisation: The mixture of Gaussians assigns probabilities for g s '
Guassians and each data point is aximisation: each cluster to each data point, and as such is To be added. Not applicable.

Gaussians

assigned the probability of being
drawn from a particular Gaussian.

...with 2() ~ Multinomial(y), and
Yk = p(klzn) s.t. Z?zl Ynj = 1. Le.
want to maximise the probability of
the observed data .
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1Created by [Emanuel Ferm, HT2011, for semi-procrastinational reasons while studying for a /Machine Learning exam. Last updated May 5, 2011.

capable of capturing ambiguities in the data set.

A View of the EM Algorithm that Jus-
tifies Incremental, Sparse, and Other
Variants, Neal & Hinton (1998).
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