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Aim:

The course is intended to give an overview of the
kernel approach to pattern analysis. This will cover:

e Why linear pattern functions?
e Why kernel approach?

e How to plug and play with the different
components of a kernel-based pattern analysis
system?



What won’t be included:

Other approaches to Pattern Analysis
Complete History
Bayesian view of kernel methods

Most recent developments



OVERALL STRUCTURE

Part 1: Introduction to the Kernel methods approach.

Part 2: Projections and subspaces in the feature
space.

Part 3: Stability of Pattern Functions with the
example of Support Vector Machines.

Part 4: Other learning algorithms: novelty detection,
boosting and multiple kernel learning.

Part 5: Kernel design strategies.



Part 1

e Kernel methods approach
e Worked example of kernel Ridge Regression

e Properties of kernels.



Kernel methods

Kernel methods (re)introduced in 1990s with
Support Vector Machines

e Linear functions but in high dimensional spaces
equivalent to non-linear functions in the input
space

e Statistical analysis showing large margin can
overcome curse of dimensionality

e Extensions rapidly introduced for many other
tasks other than classification



Kernel methods approach

Data embedded into a Euclidean feature (or
Hilbert) space

Linear relations are sought among the images of
the data

Algorithms implemented so that only require
inner products between vectors

Embedding designed so that inner products of
images of two points can be computed directly
by an efficient ‘short-cut’ known as the kernel.



Worked example: Ridge Regression

Consider the problem of finding a homogeneous
real-valued linear function

g(x) = (w,x) = x'w = szﬂ?z‘,

1=1

that best interpolates a given training set

S = {(Xl,yl), c ey (X'ma ym)}

of points x; from X C R™ with corresponding labels



Possible pattern function

e Measures discrepancy between function output
and correct output — squared to ensure always
positive:

fo((x,)) = (g(x) —y)*

Note that the pattern function f, is not itself a
linear function, but a simple functional of the
linear functions g.

e We introduce notation: matrix X has rows the m
examples of S. Hence we can write

E=y— Xw

for the vector of differences between g(x;) and y;.



Optimising the choice of ¢

Need to ensure flexibility of ¢ is controlled —
controlling the norm of w proves effective:

min £(w, §) = min Allw|* + €]

W

where we can compute

lEl? = (y —Xw,y - Xw)
= y'y-2w'X'y + wX'Xw

Setting derivative of £,(w, S) equal to 0 gives

X'Xw+ \w = (XX + A\I,)w =Xy



Primal solution

We get the primal solution weight vector:

1

w= (XX +\,,) X'y

and regression function

1

gx)=x'w=x"(X'X+\,,) X'y
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Dual solution

A dual solution should involve only computation of
iInner products — this is achieved by expressing the
weight vector as a linear combination of the training
examples:

X'Xw + Aw = X'y implies

1 1
W= (X'y — X'Xw) = X/X (y — Xw) = X'a,
where
1
a=+(y—Xw) (1)

or equivalently

m
W — E ;X
1=1
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Dual solution

Substituting w = X'« into equation (1) we obtain:
A=y — XX«
implying
(XX'+ AL,)a=y
This gives the dual solution:

a=(XX'+A,) "y

and regression function

g(x) =x'w=x'X'a= Z a; (X, X;)
i=1
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Key ingredients of dual solution

Step 1: Compute
a=K+,,) "y
where K = XX’ thatis K;; = (x;, x;)

Step 2: Evaluate on new point x by
g(x) = > ailx,x;)
=1

Important observation: Both steps only involve
iInner products

13



Applying the ‘kernel trick’

Since the computation only involves inner products,
we can substitute for all occurrences of (-, -) a kernel
function « that computes:

K(x,2) = (9(x), ¢(2))

and we obtain an algorithm for ridge regression in
the feature space F' defined by the mapping

¢:x+— d(x) €F

Note if ¢ is the identity this remains in the input
space.
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A simple kernel example

The simplest non-trivial kernel function is the
quadratic kernel:

k(x,z) = (x,2)°

iInvolving just one extra operation. But surprisingly
this kernel function now corresponds to a complex
feature mapping:

k(x,z) = (X'z)? =72 (xx")z

= (vec(zz'), vec(xx'))

where vec(A) stacks the columns of the matrix A
on top of each other. Hence, x corresponds to the
feature mapping

¢ : x — vec(xx')

15



Implications of the kernel trick

e Consider for example computing a regression
function over 1000 images represented by pixel
vectors — say 32 x 32 = 1024.

e By using the quadratic kernel we implement the
regression function in a 1,000,000 dimensional
space

e but actually using less computation for the
learning phase than we did in the original space.

16



Implications of kernel algorithms

e Can perform linear regression in very high-
dimensional (even infinite dimensional) spaces
efficiently.

e This is equivalent to performing non-linear
regression in the original input space: for
example quadratic kernel leads to solution of the
form

g(x) = Z o (X, x)?

that is a quadratic polynomial function of the
components of the input vector x.

e Using these high-dimensional spaces must
surely come with a health warning, what about
the ?

17



Part 2

e Simple classification algorithm
e Principal components analysis.

e Kernel canonical correlation analysis.

18



Simple classification algorithm

e Consider finding the centres of mass of positive
and negative examples and classifying a test
point by measuring which is closest

h(x) = sgn ([|o(x) — ¢s_[|* = ¢(x) — ¢s, )

e We can express as a function of kernel
evaluations

1 = 1 &
h(X) = sSgh | —— Z ’%(Xa Xi) o Z /i(X, X’i) —b )
M+ 53 L R

where
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Simple classification algorithm

equivalent to dividing the space with a hyperplane
perpendicular to the line half way between the
two centres with vector given by

w= Y o) - = Y o)

Function is the difference in likelihood of the
Parzen window density estimators for positive
and negative examples

We will see some examples of the performance
of this algorithm in a moment.
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Variance of projections

e Consider projections of the datapoints ¢(x;) onto
a unit vector direction v in the feature space:
average is given by

pe = E[|P(o(x)]] = E[Vo(x)] = v¢s
of course this is 0 if the data has been centred.

e average squared is given by

B (| P(6(0)] = BIVo(x)o(x)'v] = ~v'X'Xv

21



Variance of projections

e Now suppose v has the dual representation v =
X'« Average is given by

1 1
ty = —a' XX'j = —ad'Kj
m m

e average squared is given by

1 1 1
“VX'Xv = o' XX'XX'a = —d'K?a
m m m

e Hence, variance in direction v is given by

1 1
oy = —a'K?a — —(a'Kj)
m m
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Fisher discriminant

e The Fisher discriminant is a thresholded linear
classifier:

f(x) = sgn((w, ¢(x)) + b

where w is chosen to maximise the quotient:

Wy = U = )
T G

e As with Ridge regression it makes sense to
regularise if we are working in high-dimensional
kernel spaces, so maximise

w) — (M — 1)
T = G0 + (0w + AW
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Fisher discriminant

e Using the results we now have we can substitute
dual expressions for all of these quantities and

solve using lagrange multipliers.

e The resulting classifier has dual variables
a= (BK + )ty

where B = D — C with

2m~ /(mm™) ify, =1=y,
Cij=1 2mT/(mm~) ify,=—-1=y;,
0 otherwise

24



and
2m~/m ift=jandy; =1

D=< 2m*/m ifi=jandy, = -1
0 otherwise

and b = 0.5aKt with

I/m* ify; =1
t; =< 1/m~ ify;=—1
0 otherwise

giving a decision function

f(x) = sgn (Z k(X X) — b)
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Preprocessing

e Corresponds to feature selection, or learning the
feature space

e Note that in kernel methods the feature
space is only determined up to orthogonal
transformations (change of basis):

AN

o(x) = Ug(x)

for some orthogonal transformation U (U'U =
I = UU’), then

i(x,z) = (Ug(x), Ug(z)) = ¢(x)'U'Ud(2) = ¢(x)'p(z) = r(x,z)

e sO feature selection in a kernel defined feature
space is egivalent to subspace projection
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Subspace methods

e Principal components analysis: choose directions
to maximise variance in the training data

e Canonical correlation analysis: choose directions
to maximise correlations between two different
views of the same objects

e Gram-Schmidt:  greedily choose directions
according to largest residual norms (not covered)

e Partial least squares: greedily choose directions
with maximal covariance with the target (not
covered)

In all cases we need kernel versions in order to
apply these methods in high-dimensional kernel
defined feature spaces
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Principal Components Analysis

e PCA is a subspace method — that is it involves
projecting the data into a lower dimensional
space.

e Subspace is chosen to ensure maximal variance
of the projections:

. I~/
W = argmaXy,|w|=1W X XW

e This is equivalent to maximising the Raleigh
quotient:
w X' Xw

w/'w

28



Principal Components Analysis

We can optimise using Lagrange multipliers in
order to remove the contraints:

L(w,\) = wX'Xw — \w'w
taking derivatives wrt w and setting equal to 0
gives:

X'Xw = \w
implying w is an eigenvector of X'X.

Note that

A=wXXw = Z(W, x;)?
i=1

29



Principal Components Analysis

e So principal components analysis performs an
eigenvalue decomposition of X’X and projects
into the space spanned by the first £ eigenvectors

e Captures a total of

of the overall variance:

m

D lixl” = Z)\ = tr(K

1=1
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Kernel PCA

We would like to find a dual representation
of the principal eigenvectors and hence of the
projection function.

Suppose that w, A £ 0 is an eigenvector/eigenvalue
pair for X'X, then Xw, \ is for XX':

(XX Xw = X(X'X)w = \Xw

and vice versa a, A — X'a;, A

(X'X)X'a = X' (XX )a = XX o

Note that we get back to where we started if we
do it twice.
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Kernel PCA

e Hence, 1-1 correspondence between eigenvectors
corresponding to non-zero eigenvalues, but note
that if ||af| =1

X'l = o/ XX'a = o/’ Ka = A

soifa’, \;, i = 1,..., k arefirst k eigenvectors/values

of K
1

Vi
are dual representations of first k£ eigenvectors
wl, ..., w" of X’X with same eigenvalues.

&72

e Computing projections:

(W', ¢(x)) =

32



Kernel CCA

e Canonical correlation analysis finds correlations
between different views of the same object:

X > (Pa(x), ¢p(x))

e Examples:

— documents in two languages
— Image and its caption
— brain scan and corresponding activity description

e Seek w, creating feature =, = w/ ¢,(x) and wy
creating feature z;, = w; ¢, (x) that maximise:

A A

_ Elzazy] E[wW/ ¢a(X)n(x) W)
P N ~ R -
\/E[CU?L]E[fI??] \/E[(WQ%(X))2]E[(Wé¢a(x))2]

33



Kernel CCA

e Using our standard notation

WZI,XZLXbWb
o T~/
\/ng;XaWaWbXbXbWb

P

e Since invariant to rescalings we can set two
factors in denominator equal to 1.  Using
Lagrange multipliers obtain L(w,, wy, Aq, \p) S

Aa A
w, X Xywy, — ?W;X;Xawa — ?bnggwab
e Gives coupled equations

X’ XpWp = )\aX/ XoWg, and w’ X’ Xp = )\bW/X/ X
a a a“*a b“™*b

34



Kernel CCA

e Simple to verify that A\, = X\,

e Resulting in generalised eigenvalue problem:

0 X! X Wa ) _ X! X4 0 W,
XgXa 0 Wy - 0 XgXb Wy

e We would like to make a kernel version of this
procedure — but must ensure that the flexibility is
controlled to rule out spurious correlations:

p = maxw, X Xyw,
WaaWb
subject to: (1-7)w. X! X w, + 7w, w, =1

and (1—7)w, X; Xpwy, + 7wy wy, = 1

35
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Kernel CCA

e We now dualise by letting w, = X/« and w;, =
X 3 to obtain:

p = max oK, K3
subject to: (1-7)d'Kia+ 10K, =1
and (1-7)'K;B+78KyB =1

e Qgiving the generalised eigenvalue problem

(i, 5 (5)
:A( (1—T)I§Z+7Ka (1_T)Igg+TKb ) ( g)
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Part 3

Statistical analysis of the stability of patterns.
Rademacher complexity.
Generalisation of SVMs

Support Vector Machine Optimisation

39



Generalisation of a learner

e Assume that we have a learning algorithm A that
chooses a function A4(S) from a function space
F in response to the training set S.

e From a statistical point of view the quantity of
interest is the random variable:

E(Sv‘A? 97) — E(Xay) [E(‘A?(S)a X, y)] )

where /7 iIs a ‘loss’ function that measures the
discrepancy between A4(S)(x) and y.

40



Generalisation of a learner

e For example, in the case of classification ¢ is 1
if the two disagree and 0 otherwise, while for
regression it could be the square of the difference
between A5(S)(x) and y.

e We refer to the random variable ¢(S, A, F) as the
generalisation of the learner.

41



Example of Generalisation |

e We consider the Breast Cancer dataset from the
UCI repository.

e Use the simple Parzen window classifier described
in Part 2: weight vector is

where w is the average of the positive training
examples and w~ is average of negative training
examples. Threshold is set so hyperplane
bisects the line joining these two points.

42



Example of Generalisation |

e Given a size m of the training set, by repeatedly
drawing random training sets S we estimate the
distribution of

6(‘97"47 3‘) — IE(x,y) [E(A?(S)a X, y)] 3

by using the test set error as a proxy for the true
generalisation.

e We plot the histogram and the average of the
distribution for various sizes of training set —
initially the whole dataset gives a single value if
we use training and test as the all the examples,
but then we plot for training set sizes:

342,273,205, 137, 68, 34, 27, 20, 14, 7.
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Example of Generalisation Il

e Since the expected classifier is in all cases the
same:

E[A5(S)] = Es[wi—wg]
= Es|wg| —Es [wg]
= By [X] - Eyei [x],
we do not expect large differences in the average
of the distribution, though the non-linearity of

the loss function means they won't be the same
exactly.

44



Error distribution: full dataset
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Error distribution: dataset size: 342
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Error distribution: dataset size: 273
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Error distribution: dataset size: 205
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Error distribution: dataset size: 137
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Error distribution: dataset size: 68
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Error distribution: dataset size: 34
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Error distribution: dataset size: 27
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Error distribution: dataset size: 20
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Error distribution: dataset size: 7
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Observations

e Things can get bad if number of training
examples small compared to dimension (in this
case input dimension is 9)

e Mean can be bad predictor of true generalisation
l.e. things can look okay in expectation, but still
go badly wrong

e Key ingredient of learning keep flexibility high
while still ensuring good generalisation
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Controlling generalisation

e The critical method of controlling generalisation
for classification is to force a large margin on the
training data

e Equivalent to minimising the norm while keeping
the separation fixed (at say +1)

e Support Vector Machines implement this strategy

57



Controlling generalisation

e Now consider using an SVM on the same data
and compare the distribution of generalisations

e SVM distribution in red
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Error distribution: dataset size: 205
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Error distribution: dataset size: 137
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Error distribution: dataset size: 68
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Error distribution: dataset size: 20
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Error distribution: dataset size: 14
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Error distribution: dataset size: 7
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Expected versus confident bounds

e For a finite sample the generalisation ¢(.5, A, F)
has a distribution depending on the algorithm,
function class and sample size m.

e [raditional statistics as indicated above has
concentrated on the mean of this distribution —
but this quantity can be misleading, eg for low
fold cross-validation.
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Expected versus confident bounds
cont.

e Statistical learning theory has preferred to
analyse the tail of the distribution, finding a bound
which holds with high probability.

e This looks like a statistical test — significant at a
1% confidence means that the chances of the
conclusion not being true are less than 1% over
random samples of that size.

e This is also the source of the acronym PAC:
probably approximately correct, the ‘confidence’
parameter ¢ is the probability that we have been
misled by the training set.
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Concentration inequalities

e Statistical Learning is concerned with the
reliability or stability of inferences made from a
random sample.

e Random variables with this property have been
a subject of ongoing interest to probabilists and
statisticians.
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Concentration inequalities cont.

e As an example consider the mean of a sample of

m 1-dimensional random variables X, ..., X,,:
SRR
m T m — 1

e Hoeffding’s inequality states that if X; € |a;, b;]

PA1S, ~EIS, | > ¢} < 200 (—smp—os )

Note how the probability falls off exponentially
with the distance from the mean and with the
number of variables.
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Concentration for SLT

e We are now going to look at deriving SLT results
from concentration inequalities.

e Perhaps the best known form is due to
McDiarmid (although he was actually representing
previously derived results):
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McDiarmid’s inequality

Theorem 1. Let X,,..., X, beindependent random
variables taking values in a set A, and assume that
f: A" — R satisfies

sup ’f(il?l, “ e ,CUn) — f(CCl, “ . ,Zfl‘i,il?i_|_1, . ,ZEn)’ S C;,
forl <i<mn. Then forall e > 0,

9,2
P{f(X1,....,Xn) —Ef(X1,...,Xn) > e} < exp (—Zfecg)
1=1 "1

e Hoeffding is a special case when f(x1,...,x,) =
Sn
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Using McDiarmid

e By setting the right hand side equal to 4, we can
always invert McDiarmid to get a high confidence
bound: with probability at least 1 — 9

"2 1
f(Xla"'aXn) <Ef<X17”.7Xn)_|_\/Ez;161 logg

e If ¢; = ¢/n for each i this reduces to

f(Xl,...,Xn)<Ef(X1,... \/—10

71



Rademacher complexity

e Rademacher complexity is a new way of
measuring the complexity of a function class. It
arises naturally if we rerun the proof using the
double sample trick and symmetrisation but look
at what is actually needed to continue the proof:
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Rademacher proof beginnings
For a fixed f € F we have

E[f(2)] < E[f()] +sup (B[] - E[n)).

where J is a class of functions mapping from Z to
0, 1] and [E denotes the sample average.

We must bound the size of the second term. First
apply McDiarmid’s inequality to obtain (¢; = 1/m for
all 7) with probability at least 1 — ¢:

In(1/9)

2m

sup (E[1] ~ B[4]) < s |sup (E[h] - B[ | +
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Deriving double sample resulit

e We can now move to the ghost sample by simply

A

observing that E[h] = E [E[h]} :

Es [sup (E[h] _ E[h])] -

hed

Eg |supEg

hed
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Deriving double sample result cont.

Since the sup of an expectation is less than or
equal to the expectation of the sup (we can make
the choice to optimise for each S) we have

Es [ilé? (E[h] - fE[h])] <

Z (h(zi) — I(z;))

1=1

ESES sup

1
heF M
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Adding symmetrisation

Here symmetrisation is again just swapping
corresponding elements — but we can write this as
multiplication by a variable o; which takes values +1
with equal probability:

Es lsup (E[h] - E[h])] <

hed

< E_ g5 SUP—ZUz ))]

| heT m

< 2]E’SO' Sup — Z 0-7, ]

he&" m

= R, ((J),
assuming F closed under negation f — —f.
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Rademacher complexity

The Rademacher complexity provides a way of
measuring the complexity of a function class F by
testing how well on average it can align with random
noise:

Ry (F) = Eso

Sup — Z sz ]

fegm

is known as the Rademacher complexity of the
function class &.
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Main Rademacher theorem

The main theorem of Rademacher complexity: with
probability at least 1 — § over random samples S of
size m, every f € F satisfies

In(1/6)

2m

E[f(2z)] <E[f(2)] + Ru(F) +

e Note that Rademacher complexity gives the
expected value of the maximal correlation with
random noise — a very natural measure of
capacity.

e Note that the Rademacher complexity is distribution
dependent since it involves an expectation over
the choice of sample — this might seem hard to
compute.

78



Empirical Rademacher theorem

e Since the empirical Rademacher complexity

Zl,...,Zm]

Is concentrated, we can make a further
application of McDiarmid to obtain with probability
atleast1 —9

R, (F) =E, Sup—Zazf Z;)

fe"fm

Ep [f(2)] < E[f(@)] + Bon(F) + 3¢) 220,
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Application to large margin
classification

e Rademacher complexity comes into its own for
Boosting and SVMs.
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Application to Boosting

We can view Boosting as seeking a function from
the class (H is the set of weak learners)

{Z aph(x) :ap > 0, Z ap < B} = convg(H)
heH heH

by minimising some function of the margin
distribution (assume H closed under negation).

Adaboost corresponds to optimising an exponential
function of the margin over this set of functions.

We will see how to include the margin in the

analysis later, but concentrate on computing the
Rademacher complexity for now.
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Rademacher complexity of convex

hulls

Rademacher complexity has a very nice property
for convex hull classes:

A

R, (convg(H)) =

VAN

IA

IA

ISSML, June 2013

sup S‘ o; S‘ a;h;

hj€H,> ;a;<B ,_

Z a; Z oih;(x
i=1

sup
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Rademacher complexity of convex
hulls cont.

e Hence, we can move to the convex hull without
incurring any complexity penalty for B = 1!
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Rademacher complexity for SVMs

e The Rademacher complexity of a class of linear
functions with bounded 2-norm:

{X — Zam(xi,x):a’Ka < BQ} C
i=1

C{x—= (w,¢(x)):|lw|] < B}

where we assume a kernel defined feature
space with

84



adenaacher com lhexit ft’f T

The following derivation gives the resu
RTs) = Eo | sup |23 00f ()
m — o up |— 0i) (X4
. | feTs |
= o | sup W, — 0,0 (X;
w|<B mizl
oB_ |||&
< —Ea 7 )
< 2, |8 0ote) ]

- o\ 1/2
< % (Ea Z O'iO'j/i(Xi,Xj) ) = 2/”?\ ZI‘%’(XuXi)

i,J=1
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Support Vector Machines (SVM)

e SVM seeks linear function in a feature space
defined implicitly via a kernel «:

K(x,2) = ((x), 9(2))
that optimises a bound on the generalisation.

e The first step is to introduce a loss function which
upper bounds the discrete loss

P(y # sgn(g(x))) = E [H(—yg(x))],

where H is the Heaviside function.
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Margins in SVMs

e Critical to the bound will be the margin of the
classifier

Y(x,y) = y9(x) = y({w, p(x)) + b) :

positive if correctly classified, and measures
distance from the separating hyperplane when
the weight vector is normalised.

e The margin of a linear function g is

Y(g) = min y(x, y;)

1

though this is frequently increased to allow some
‘margin errors’.
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Margins in SVMs
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Applying the Rademacher theorem

e Consider the loss function A : R — [0, 1], given
by

1, if a > 0;
Ala) =< 1+a/y, if—y<a<O0;
0, otherwise.

e By the Rademacher Theorem and since the loss
function A dominates J(, we have that

E[H(-yg(x))] < E[A(-yg(x))]
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Empirical loss and slack variables

e But the function A(—y,9(x;)) < & /v, for i =
1,...,m, and so

In(2/6)

2m

E((-p9(0)] < 2> 6+ (A0 5) +3

e The final missing ingredient to complete the
bound is to bound R,,(A o F) in terms of R,,,(F).

e This can be obtained inA terms of the Amaximal
slope of the function A: R, (A0 F) < 2R, (5).
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Final SVM bound

e Assembling the result we obtain:

Py #sgn(g9(x))) = E[H(-yg(x))]
1 & 4 | & In(2/6)
Sm_mz_;g+m\;%(xi’xi)+3 2m

e Note that for the Gaussian kernel this reduces to

1 &« 4 In(2/6
Pl # (o) < Y6 48 270
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Using a kernel

e Can consider much higher dimensional spaces
using the kernel trick

e Can even work in infinite dimensional spaces, eg
using the Gaussian kernel:

k(x,72) = exp (_HX— ZIP)

202
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Error distribution: dataset size: 342
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Error distribution: dataset size: 273
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Applying to 1-norm SVMs

We take the following formulation of the 1-norm
SVM to optimise the bound:

minw,b,’y,f’ — + C 2221 gz
SUbjeCt to Yi (<W7 gb (X%)> + b) > T Sis S% > 0,
i=1,...,m,and |w|’ = 1.
(2)
Note that
&= (v — yig(xi))-|- 3

where g(-) = (w, ¢(+)) + .
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Dual form of the SVM problem

Forming the Lagrangian L(w,b,~v,&, a, 8, \):
O &= ailyl(d(xi), W) +b) — v + &
=1 =1

S+ A (Il 1)
=1

with «; > 0 and 3; > 0.
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Dual form of the SVM problem

Taking derivatives gives:

OL(w,b,7v,& a, B, \) -

- = 2w — ;:1 Y (x;) = 0,
aL(W7b777€7a757>\) L . J—

agz — C Oéz /8?, - 07
8L(W7b7’y7€7a757)‘) - — v —

5 — 7; yio; = 0,

8L(W7 b7 ’% g? a? /67 A) -
1 — o; = 0.
0y zzzl
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Dual form of the SVM problem

1 m
L(a,\) = I Z Vil 00K (X, X5) — A,

i,j=1
which, again optimising with respect to A, gives

1/2
1 m
A= 5 Z Vil 00k (X, X )

ij=1
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Dual form of the SVM problem

equivalent to maximising

L(a) = — Z i YiYik (Xi, Xj)

i,J=1

subject to the constraints

OSO&LSC, in:()zzzl f:y@&zzo
1=1 1=1

to give solution
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Dual form of the SVM problem

This is a convex quadratic programme: minimising
a convex quadratic objective subject to linear
constraints: convex if Hessian G is positive semi-
definite:

Gi; = yiyjr (X4, X;)
Matrix psd iff u’Gu > 0 for all u:

uGu = Zuiujyiyj<¢(xi)a¢(xj)>

i,j=1

— <Z uzyz(b Xz Zujyj¢ X >
1=1 71=1

2
> ()
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Dual form of the SVM problem

Kuhn-Tucker conditions:

a; [yi((¢ (%:) , w) +b) =y +&] = 0
Bi& = 0
These imply:
o «; # 0onlyif

yi({® (xi) , W) +b) =7 =&

these correspond to support vectors — their
margins are less than or equal to ~.

e & # 0onlyif 5, =0 implying that o; = C, i.e. for
0 < a; < C' margin is exactly ~.
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Dual form of the SVM problem

The solution can then be computed as:

choose i,j such that —C' < afy; <0 < ofy; <C
bv* = —0.5 (Z aryrk (X, X;) + Z aypk (Xg, Xj))
k=1 k=1

F() = sen () ofyr(x;,) +b* | ;

j=1
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Dual form of the SVM problem
We can compute the margin as follows:

1/2

AT = Z Vil 0 Ok (X4, X5)

1,7=1

o= (2N)T (Zakyk/ﬁz Xk,X])—l—b*>

k=1

Similarly we can compute

Z’S _—2>\*+7

If we wish to compute the value of the bound.
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Dual form of the SVM problem

Decision boundary and v margin for 1-norm svm
with a gaussian kernel:
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Dual form of the SVM problem

e Have introduced a slightly non-standard version
of the SVM but makes »-SVM very simple to
define.

e Consider expressing C' = 1/(vm):

— implies 0 < a; < 1/(vm)

—if¢>0thena; =1/(vm), but > )"  a; =1 s0
at most vm inputs can have this hold.

— equally at least vm inputs have «; # 0

e Hence, v can be seen as the fraction of ‘support
vectors’, a natural measure of the noise in the
data.
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Alternative form of the SVM problem

Note more traditional form of the dual SVM
optimisation:

m 1 m
L(a) = Z i =5 Z QoYY R (X, X))
i=1

,J=1

with constraints

m

0<o; <C, ) iy =0
=1
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Alternative form of the SVM problem

Arises from considering renormalising so that
output at margin is 1 and minimising the weight
vector.

The values of the regularisation parameter C' do
not correspond.

Has advantage of simple kernel adatron algorithm
if we consider the case of fixing b = 0 which
removes the constraint > " «y; = 0, SO
can perform gradient descent on individual «;
independently.

SMO algorithm performs the update on pairs of
o, a; to ensure constraints remain satisfied.
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Part 4

e Novelty detection
e Boosting

e Multiple Kernel Learning: bounds and algorithms
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Novelty detection

We can also motivate novelty detection by a similar
analysis as that for SVM: consider a hypersphere
centred at c of radius » and the function g:

0 2 if e — o) <73
g(x) — (||C_¢(X>H —T2)/’7, if r2 < ||c_¢(X>H2 STZ—F’Y;
1L, otherwise.

with probability at least 1 — ¢

2
6R L3 In(2/6)
Yv/m 2m

Elg(x)] < E[g(x)] +

Note that tension is between creating a tight bound
and defining a small sphere.
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Novelty detection

Let
&= (lle—o(x)|° —r?)+

so that

A

1
< —
Blo(x)] < — el
Treating ~ as fixed we minimise the bound by
minimising ||£||; and r:

minc,r,g 7,2 - C H£H1
subjectto  |ld(x;) —c||” < r2+ &
57/20, izl,...,m
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Novelty detection
Again introducing the Lagrangian L(c,r, a, &)

r +OZ&+Z% {H(b X; —cH —r —fz} Zﬁi&;.
i=1

1=1

Differentiating with respect to the primal variables
gives:

OL(c,r,a,§) Qzai(qﬁ(xi)—c): 0;

dc
OL(c,r,a,8) ) o
5, = 2r (1;(1@) = 0;
OL(c,r a,§) C— - B =0

I&i

113



Novelty detection

The final equation implies that o; < C. Substituting,
we obtain

Lic,r,a, &) = 1%+ szz&'
1=1
£ aq [lox) — el = 12— &] = > ik,
1=1 1=1
= Y i {o(x) — ¢ 6(x:) — o
1=1

m

™m
= Zam(xi,xi) — Z ik (X4, X;5)
i=1 '

i,J=1
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Novelty detection
Hence optimisation maximise

W(Ck) = ZOQ'FC (Xz',Xz') - Z Q05 R (Xivxj)
1=1

i,J=1

subjectto >>" ,a; =1land0< a; <C,i=1,...,m.
with final novelty test being:

f() =H K(’,’)—QZO&:KL(XZ',')—I—D

1=1
where
m
D = Z ook (X4, X;5) (r)? — ~
i,j=1
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Novelty detection
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Final Boosting bound

e Applying a similar strategy for Boosting with the
1-norm of the slack variables we arrive at Linear
programming boosting that minimises

Zah + CZfza
h 1=1

where & = (1 — 4 3, anh(x)

e with corresponding bound:
P(y #sgn(g(x))) = E[H(-yg(x))]
In(2/9)

l — A
SE;&‘FR(H);G}L‘FB o
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Linear programming machine

Controversy of why boosting works and relation
to bagging.

The previous bound suggests an optimisation
similar to that of SVMs.

seeks linear function in a feature space defined
explicitly.

For example using the 1-norm it seeks w to solve

mingpe Wl O 00 &

subjectto  y; ((w,x;) +b) >1—&, & >0,
1=1,...,m.
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Linear programming boosting

e Very slight generalisation considers the features
as a set H;; of ‘weak’ learners (and include
the constant function as one weak learner and
negative of each weak learner):

ming ¢ lally +C 32, &

SUbjeCt to y@-Hia >1— fz‘, cfz >0,a; >0
1=1,...,m.
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Alternative version

e Can explicitly optimise margin with 1-norm fixed:

maxpae P~ DY &
subject to yin‘a > p— fi, 52 > O,CLj >0
N

e Dual has the following form:

ming , 15

subjectto Y ", uiyHy < 5,5 =1,...,N,
Zgluizl,OéuigD.
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Column generation

Can solve the dual linear programme using an
iterative method:

OOk =

initialise u; =1/m,i=1,...,m, 8 =00, J =10
choose j* that maximises f(j) = >~ wy;H;
if f(;) < [ solve primal restricted to J and exit
J=JU{j*}

Solve dual restricted to set J to give u;, 3

Go to 2

Note that u; is a distribution on the examples
Each j added acts like an additional weak learner

f(j) is simply the weighted classification

accuracy
Hence gives ‘boosting’ algorithm - with previous

weights updated satisfying error bound
Guaranteed convergence and soft stopping

criteria

121



Multiple kernel learning

e MKL puts a 1-norm constraint on a linear
combination of kernels:

N
{KJ(X Z :szt X,2z): 2z > 0, Zzt—l}
t=1

and trains an SVM while optimizing z; —a convex
problem, c.f. group Lasso.

e obtain corresponding bound:
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Bounding MKL
e Need a bound on

Ry, (?: 9 91)
where F; = {x — (w, ¢¢ (%)) : [[w] < 1}.

e First note further applications of McDiarmid gives
with probability 1 —d, of a random selection of o*:

Rm(?) < ESUPZUff(Xi) _|_4\/ln(1/5t)

m feF i1 2m
2 " . In(1/6,)
and — ?g% g o; f(x;) < (F:) + o

with probability 1 — d;
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Bounding MKL

e Hence taking 6, = 6/2(N +1)fort=0,..., N

t=1
2 - In(2(N +1)/6)
< —su o; f(x;) + 4\/
— feg; f(x:) o

max By (T)) + 8\/1n(2(N +1)/6)

2m

with probability 1 — §/2.
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Bounding MKL

e This gives an overall bound on the generalisation
of MKL of

P(y # sgn(g(x < m—/yZﬁ + V—mlr%zgvtr(Kt) +

. \/111(2(]2 T: D/9) , 5. [In(4/5)

2m

where K, is the t-th kernel matrix.

e Bound gives only a logarithmic (additive)
dependence on the number of kernels.
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Linear Programming MKL

e Column generation gives efficient MKL if we can
pick the best weak learner in each F; efficiently:

Sup Zuzyz Xz — Sup Zuzyz th X >
m
= Sup W, Zuiyi¢t X
[w]|<1 i=1

= VuUYK,Yu=:N,
easily computable from the kernel matrices (note

that u is sparse after first iteration and can also
be chosen sparse at the start).
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Linear Programming MKL

e The optimal weak learner from &; is realised by
the weight vector that achieves the supremum

W — Z:il uiYi P (Xi)
152521 wayide (i) |

which has dual representation:

1
A = 7= UiY;

Ny

e Hence, can use the linear programming boosting
approach to implement multiple kernel learning.
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Part 5

Kernel design strategies.

Kernels for text and string kernels.

Kernels for other structures.

Kernels from generative models.
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Kernel functions
e Already seen some properties of kernels:

— symmetric:
k(x,2) = (0(x), ¢(2)) = (¢(2), ¢(x)) = K(z,%)
— kernel matrices psd:

uKu = z:uzu‘7 (x5))

1,7=1

— <Zung X;), Zujgb XJ>
=1 7=1

2
>0

Z ui¢(xi
i=1
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Kernel functions

e These two properties are all that is required for a
kernel function to be valid: symmetric and every
kernel matrix is psd.

¢ Note that this is equivalent to all eigenvalues non-
negative — recall that eigenvalues of the kernel
matrix measured the sum of the squares of the
projections onto the eigenvector.

e If we have uncountable domains should also
have continuity, though there are exceptions to
this as well.
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Kernel functions

Proof outline:

e Define feature space as class of functions:

F = {Zam(xi,-):mEN,xi cX oeRi=1,...

1=1

e Linear space

e embedding given by

X — K(X, )
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Kernel functions

e inner product between

Z a;k(x;,%x) and g(x Z Bik(zi, X

defined as
- Z Z&iﬁj%(xi, z;) = Zaig(xi) - Zﬁjf(zj)’
i=1 j=1 1=1 Jj=1

e well-defined

e (f,f) > 0by psd property.
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Kernel functions

e so-called reproducing property:

(f,0(x)) = (f,k(x,")) = [(x)

e implies that inner product corresponds to
function evaluation — learning a function corresponds
to learning a point being the weight vector
corresponding to that function:

(wWy, ¢(x)) = f(x)
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Kernel constructions

For k1, ko valid kernels, ¢ any feature map, B psd
matrix, « > 0 and f any real valued function, the
following are valid kernels:

o r(X,2) = K1(X,2) + Ka(x,2),
o K(x,z) = aki(x,2),

o r(x,2z) = K1(X,Z)ka(X,2),

o r(x,2) = r1(¢(x),0(2)),

o x(x,z) = x'Bz.
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Kernel constructions
Following are also valid kernels:

o r(x,z) =p(ki1(x,2z)), for p any polynomial with
positive coefficients.

o k(x,z) =exp(ki1(x,2)),
o k(x,2) =exp(— [|x — z|* /(20?)).

Proof of third: normalise the second kernel:

eXI;(<X, z) /0?) : e ((x,z> - (xx) <Z,Z>>
Vexp(x]1? /o) exp(|z]|? /o)

o2 2072 202

9
[kl
202 '
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Subcomponents kernel

For the kernel (x, z)° the features can be indexed by
sequences

where

di(x) = xitai2 .. i

A similar kernel can be defined in which all subsets
of features occur:

¢ x = (9a(x))acq,...n)

where
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Subcomponents kernel

So we have

ke(x,y) = (d(x),0(y))

AC{1,...,n}
— Z H LilYi — H 1 + szyz)
AC{1,...n}icA i=1

Can represent computation with a graph

sihelbeRtibolhe

X2V

Each path in the graph corresponds to a feature.
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Graph kernels

Can also represent polynomial kernel

k(x,y) = ((x,y) + R)* = (m1iy1 + 22y2 + -+ + oy + R)*

with a graph:
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Graph kernels

The ANOVA kernel is represented by the graph:
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Graph kernels

Features are all the combinations of exactly d
distinct features, while computation is given by
recursion:

ky'(x,z) = 1,ifm >0,
kl'(x,z) = 0, ifm <s,
kg (X,2) = (xmzm)’fgn—_ll (x,2) + ’{;n_l(xa z)

While the resulting kernel is given by
Ky (X, 7)

in the bottom right corner of the graph.
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Graph kernels

e Initialise DP (1) = 1;

e for each node compute

Zlﬁ;u] XZDP()

J—1

e result given at output node s: k(x,z) = DP(s).
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Kernels for text

e The simplest representation for text is the kernel
given by the feature map known as the vector
space model

¢:dr ¢(d) = (th(t1,d), tf(ta,d), ..., tf(ty,d))

where t1,to,...,ty are the terms occurring in the
corpus and tf(t¢,d) measures the frequency of
term ¢ in document d.

e Usually use the notation D for the document term
matrix (cf. X from previous notation).
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Kernels for text

e Kernel matrix is given by
K = DD’

wrt kernel

N
lﬁl(dl, dg) = Z tf(tj, d1>tf(tj, dg)

j=1

e despite high-dimensionality kernel function can
be computed efficiently by using a linked list
representation.
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Semantics for text

e The standard representation does not take into
account the importance or relationship between
words.

e Main methods do this by introducing a ‘semantic’
mapping S:

fi(dy, d2) = ¢(d1)'SS'¢(d2)
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Semantics for text
e Simplestis diagonal matrix giving term weightings
(known as inverse document frequency — tfidf):

m

df ()

w(t) = In

e Hence kernel becomes:

k(di,do) =Y w(t)?tE(t;, dy)tE(t;, do)

g=1
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Semantics for text

e In general would also like to include semantic
links between terms with off-diagonal elements,
eg stemming, query expansion, wordnet.

e More generally can use co-occurrence of words

in documents:
S =D

SO
(SS");; th i, )tf(j,d
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Semantics for text

e Information retrieval technique known as latent
semantic indexing uses SVD decomposition:

D' =UXxXV’
so that

d— U, o(d)

which is equivalent to peforming kernel PCA to
give latent semantic kernels:

R(di,dz) = ¢(d1)"UrUpo(dy)
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String kernels

e Consider the feature map given by

Puls) = [1(v1,v2) 1 s = viuva}|

for u € P with associated kernel

rp(s,t) = Y dh(s)oh(t)

uedpP
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String kernels

e Consider the following two sequences:

s ="statistics"
t ="computation"

The two strings contain the following substrings
of length 3:

"Sta", "tat", "ati", "tiS",
"iSt", "Sti", "tj_C", "ics"
"com", " omp n, "mpu", "pU.t",
"uta", "tat", "ati", "tiO", "ion"

and they have in common the substrings "tat™"
and "ati", so their inner product would be
K (s,t) = 2.
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Trie based p-spectrum kernels

Computation organised into a trie with nodes
indexed by substrings — root node by empty
string e.

Create lists of substrings at root node:
Ly(e) = {(s(i:i+p—1),0):i=1,]s| —p+1}
Similarly for ¢.

Recursively through the tree: if L,(v) and L;(v)
both not empty:

for each (u,i) € L.(v) add (u,i + 1) to list
Li(vuiqt)

At depth p Iincrement global variable kern
initialised to 0 by | L (v)|| L:(v)].
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Gap weighted string kernels

e Can create kernels whose features are all

substrings of length p with the feature weighted
according to all occurrences of the substring as
a subsequence:

) ca|ct |at | ba|bt | cr | ar | br
cat [ A2 [ X3 [ X |0 0 0 0 0
car [ A2 [0 [0 [0 |0 | X[ A |0
bat || 0 0 AN A0 0 0
bar || 0 0 0 A0 0 B

e This can be evaluated

using a dynamic

programming computation over arrays indexed

by the two strings.
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Tree kernels

e We can consider a feature mapping for trees
defined by

¢: T (¢s(T))ser

where [ is a set of all subtrees and ¢5(7") counts
the number of co-rooted subtrees isomorphic to
the tree S.

e The computation can again be performed
efficiently by working up from the leaves of the
tree integrating the results from the children at
each internal node.

e Similarly we can compute the inner product in the
feature space given by all subtrees of the given
tree not necessarily co-rooted.
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Probabilistic model kernels

e There are two types of kernels that can be
defined based on probabilistic models of the
data.

e The most natural is to consider a class of models
index by a model class M: we can then define
the similarity as

k(z,2) = Y Plxlm)P(zlm)Py(m)

also known as the marginalisation kernel.
e For the case of Hidden Markov Models this

can be again be computed by a dynamic
programming technique.
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Probabilistic model kernels

e Pair HMMs generate pairs of symbols and under
mild assumptions can also be shown to give rise
to kernels that can be efficiently evaluated.

e Similarly hidden tree generating models of data,

again using a recursion that works upwards from
the leaves.
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Fisher kernels

Fisher kernels are an alternative way of defining
kernels based on probabilistic models.

e We assume the model is parametrised according
to some parameters: consider the simple
example of a 1-dim Gaussian distribution
parametrised by 1 and o

M = {P(az&) = \/2177706Xp <($205) ) 10 = (u,0) €R2}.

e The Fisher score vector is the derivative of the
log likelihood of an input « wrt the parameters:

2
T — I 1
( 52 S _ 5 log (27o) .

logL(M,a) ($> = —
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Fisher kernels

e Hence the score vector is given by:

g (6°,2) = <(5L‘ —QMO)7 (x —50)2 1 > |

ot o 200

e Taking o = 0 and oy = 1 the feature embedding
IS given by:
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Fisher kernels

3.5 T T T T T T T

2.5 .

15 .

0.5

-0.5 | | | | | | |
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Fisher kernels

Can compute Fisher kernels for various models
including

e ones closely related to string kernels

e Hidden Markov Models
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Conclusions

Kernel methods provide a general purpose toolkit
for pattern analysis

e kernels define flexible interface to the data
enabling the user to encode prior knowledge into
a measure of similarity between two items — with
the proviso that it must satisfy the psd property.

e composition and subspace methods provide
tools to enhance the representation: normalisation,
centering, kernel PCA, kernel Gram-Schmidt,
kernel CCA, eftc.

e algorithms well-founded in statistical learning
theory enable efficient and effective exploitation
of the high-dimensional representations to
enable good off-training performance.
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Where to find out more

Web Sites: www.support—-vector.net (SV Machines)
www . kernel-methods.net (kernel methods)
www.kernel-machines.net (kernel Machines)

www .neurocolt .com (Neurocolt: lots of TRs)

WWwW.pascal—network.org
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