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Generative Model Decision Boundaries

The previous lecture discussed Bayes’ decision rule and how
it may be used with generative models to yield a classifier
and decision boundaries. In generative models the joint dis-
tribution is modelled as

p(®,w) = p(a|w)P(w)
The decision boundary will depend on
e p(x|w): the class-conditional PDF
e P(w): the prior distribution

(continuous observation feature vectors, x, are considered)

A large of number of class-conditional PDFs could be used
e univariate Gaussian: parameters j, o

plz) = \/ﬁ exp (—@2_0?2)

e uniform: parameters a, b
L a<x<b

p(x) = { 0

otherwise
e etc etc
This lecture will look at the multivariate Gaussian:
o p(x|w;) = N(z; p;, %)
e nature of the distribution and decision boundaries

e estimating the model parameters
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Multivariate Gaussian Distribution

1 1 P
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The distribution is characterised by:

e the mean vector u

e the covariance matrix X
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Multivariate Gaussian Distribution
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Properties

e The mean and covariance matrix are defined as

p = E{x}
X = E{lx—p)(x—pn)}

The matrix is clearly symmetric and for d dimensions is
described by d(d + 1)/2 parameters.

e The diagonal elements of the covariance matrix o;; are
the variances in the individual dimensions o?, the off-
diagonal elements determine the correlation.

e If all off-diagonal elements are zero, the covariance ma-
trix is uncorrelated, this is equivalent to a univariate Gaus-
sian in each dimension

pla) = I L exp (—W)

| 5
i=1\/2mwo? 207;

e For a full covariance matrix correlations cause the con-
tours of equal probability density, which are ellipses, to
be angled to the axes of the feature space .

e An important property that we will return to is the ef-
fect of a linear transformation on a Gaussian distribution.
Given that the distribution of vectors x is Gaussian and
that y = Az + b (and A is non-singular) then

py = Ap,+b

5, = AN, A’
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P(w2 ZB)

Binary Decision Boundary

W1
>
1 1,
W2

p(x

p(x

log(p(x|w:)) — log(p(x|ws)) =
log(P(w2)) — log(P(w1))
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Binary Decision Boundaries

For a two class problem, what is the form of the decision
boundary when multivariate Gaussian distributions are used
for the class-conditional PDFs?

Here the minimum probability of error decision boundary
will be computed thus

P(w|z) < . ple|w) L Plw)
Plwslx) & p(xlws) & Plwi)

Normally logs are taken of both sides, so a point, , on the
decision boundary satisfies

log(p(e|wr)) — log(p(x|ws)) = log(P(wz)) — log(P(w))

Substituting in
plelw) = N(@; py, X1) - pafws) = N(@; g, 3)

Yields the following quadratic equation
1 1

—5(5’3 —p)E (- Hl) + 5(5’3 — 119)'S (T — o)

(i) = (pi)

Which can be expressed as
/(37 - By e +2(25 e — B )z

- _ 2 P w1
+pi 3 ey — 3y ey — log (21) — 2log (Pngi) =0

i.e. of the form
' Az +bx+c=0
which gives the equation of the decision boundary.
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Examples of General Case

Arbitrary Gaussian distributions can lead to general hyper-
quadratic boundaries. The following figures (from DHS) in-
dicate this. Note that the boundaries can of course be straight
lines and the regions may not be simply connected.
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Example Decision Boundary

Assume two classes with
3

=[] m=[28] me[ 3] w0

The inverse covariance matrices are then

2 0
0 1/2

1/2 0

-1
2= 0 1/2

¥yl =

Substituting into the general expression for Gaussian bound-
aries yields:

3/2 0] [a1]
o e ]| 7 s
-—ajl_

+2| —9/2 —4 ] 43665 —log4 =0
N

1527 — 971 — 829 +28.11 =0

Ty = 3.514 — 1.1252; + 0.187527

which is a parabola with a minimum at (3,1.83). This is illus-
trated (from DHS) below. The graph shows 4 sample points
from each class, the means and the decision boundary. Note
that the boundary does not pass through the mid-point be-
tween the means.
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Constrained Case: X; = X

10

-2+

Constraining both class-conditional PDF covariance matrices
to be the same simplifies the decision boundary

2y — )T e + B g — 3y — 2log (
This is a linear decision boundary
bx+c=0

e Here the classifier computes a weighted distance called
the Mahalanobis distance from the input data = to the
mean.
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Posterior for 3, = X
Interesting to look at the posteriors

p(w\wl)P(wl) B 1

- P(L|wo) Pwo)
(z|w1) P(w1) + p(x|ws) P(w2) 1+ (p(m|wi)P(wi)>

Simply comparing to the decision working (previous slide)
1

1+ exp(bx + ¢)

b = 257 (py — py)

1
1+exp(—pz)

P(wl\m) = P

Plw|z) =

This looks like multivariate sigmoid

1

T T T T T T T
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From 3F3 this can be compared to logistic regression/classification
1 1
P wi|r) = = =
(i) l+exp(=bx—c) 14+ exp(—b/:E)
ex=[x' 1],b=1[b {,
e one is a generative model, one is discriminative
e training criteria for the two differ
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Training Generative Models

So far the parameters are assumed to be known. In practice
this is seldom the case, need to estimate

e class-conditional PDF, p(x|w)
e class priors, P(w)

Supervised training, so all the training examples associated
with a particular class can be extracted and used to train
these models.

The performance of a generative model based classifier is
highly dependent on how good the models are. The classifier
is the minimum error classifier if

e form of the class-conditional PDF is correct

e training sample set is infinite

e training algorithm finds the correct parameters
e correct prior is used

None of these are usually true!, but things still work (some-
times ...)

ny
ni-+no

Priors can be simply estimated using, for example

e how to find the parameters of the PDF
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Maximum Likelihood Estimation

We need to estimate the vector parameters of the class con-
ditional PDFs 0 from training data. The underlying assump-
tion for ML estimates is that the parameter values are fixed
but unknown. Assume that the parameters are to be esti-
mated from a training/design data set, D, with n example
patterns

D = {wlj...’wn}
and note 6 depends on D.
If these training vectors are drawn independently i.e. are in-
dependent and identically distributed or IID, the joint prob-
ability density of the training set is given by

p(D6) = I p(x:|6)

p(D|0) viewed as a function of 0 is called the likelihood of 6
given D.

In ML estimation, the value of 6 is chosen which is most
likely to give rise to the observed training data. Often the
log likelihood function, £(0), is maximised instead for con-
venience i.e.

£(6) = logp(D|6) = z log p(az;|0)

This value can either be maximised by iterative techniques
(e.g. gradient descent and expectation-maximisation algo-
rithms : see later in the course) or in some cases by a direct
closed form solution exists. Either way we need to differen-
tiate the log likelihood function with respect to the unknown
parameters and equate to zero.
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Maximum Likelihood Criterion

D:{wb'” 7wn}

L(0) =logp(D|O) = Zlogp x;|0)
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Gaussian Log-Likelihood
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Gaussian Log-Likelihood Functions

As an example consider estimating the parameters of a uni-
variate Gaussian distribution with data generated from a Gaus-
sian distribution with mean=2.0 and variance=0.6.

The variation of log-likelihood with the mean is shown above
(assuming that the correct variance is known).

_ I I I I I I I I
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Similarly the variation with the variance (assuming that the
correct mean is known).
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Mean of a Gaussian distribution

Now we would like to obtain an analytical expression for the
estimate of the mean of a Gaussian distribution. Consider a
single dimensional observation (d = 1). Consider estimating
the mean, so

0=pu

First the log-likelihood may be written as

E(u):élog(p(xi\u)) i(—llog(%ﬂ (x_ﬂ))

Differentiating this gives

We now want to find the value of the model parameters that
the gradient is 0. Thus

(zi — p)

0-2

n

>

i=1

So (much as expected!) the ML estimate of the mean /i is

o1
MI—Z%

Similarly the ML estimate of the variance can be derived.
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Multivariate Gaussian Case

For the general case the set of model parameters associated
with a Gaussian distribution are

7

o= vec(X)

We will not go into the details of the derivation here (do this
as an exercise), but it can be shown that the ML solutions for
the mean (1) and the covariance matrix (X) are
N
H=—2 &
n i=1

and

Note that when deriving ML estimates for multivariate dis-
tributions, the following matrix calculus equalities are useful
(given for reference only):

a / /

alg(b AC) = bc

%a(aBa) = 2Ba

a(a Bc) = Bc
0

T (log(|A]) = A



16 Engineering Part IIB: Module 4F10 Statistical Pattern Processing

Biased Estimators

You will previously have found that the unbiased estimate
of the covariance matrix, X, with an unknown value of the
mean is

There is a difference between this and the ML solution (% and
ﬁ). In the limit as n — oo the two values are the same.

So which is correct/wrong? Neither - they're just different.

There are two important statistical properties illustrated here.

1. Unbiased estimators: the expected value over a large num-
ber of estimates of the parameters is the “true” parame-
ter.

2. Consistent estimators: in the limit as the number of points
tends to infinity the estimate is the “true” estimate.

It can be shown that the ML estimate of the mean is unbiased,
the variance is only consistent.
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Iris Data
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Iris data

Famous (standard) database from machine learning /pattern
recognition literature. Measurements taken from three forms
of iris

e sepal length and width

e petal length and width

Only petal information considered here.

25
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Use multivariate Gaussians to model each class. Plots show
e data points
e lines at 1 and 2 standard deviations from the mean
e regions assigned using Bayes’ decision rule

— all priors are assumed to be equal
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Logistic Regression/Classification

When the covariance matrices of the class-condition Gaus-
sian PDFs are constrained to be the same, the posteriors look
like logistic regression - but very different training.

The criterion for training the logistic regression parameters b
aims to maximise the likelihood of producing the class labels
rather than the observations.

~

N
£(b) = X log(P(yil=:, b))
1
1+ exp(—i)/izi)

)+(1_yi)log( 1~/

1 + exp(b ;)

N
= 2
i=1

y; log (

1, x; generated by class w;
Yi = 0 .

, x; generated by class w,
where (noting P(w;|x) + P(w2|x) = 1)
1

Plwilz) = =
1+ exp(—bx)
1

1 + exp(b &)

Pluw|z) =

Optimised using gradient descent, Newton’s method etc (dis-
cussed later in the course).

|
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MAP Estimation

It is sometimes useful to use a prior over the model parame-
ters

e high dimensional observation feature space
e limited training data

Both related to curse of dimensionality and how well the
classifier will generalise.

Consider a prior on the multivariate Gaussian mean, p, of
the form

1
exp
(2m)%| |2

p(p) = (— (1 — ) S0 (e — )

where p, and 3, are the parameters of the prior.
The MAP criterion for the mean is

F(p) = L{k) +log(p(p))
Differentiating and equating VJF () =0
p=(mstes ) (Eglup ey wz>
i=1
e as X, — oo tends to ML solution

e as n — oo tends to ML solution

e asn — 0 tends to prior mean
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Curse of dimensionality

Given a powerful-enough classifier, or high-enough dimen-
sional observation feature-space, the training data can always
be perfectly classified

e think of a look-up-table

BUT we care about performance on held-out data
(we know the labels of the training data!)

Classification of previously unseen data is generalisation.

Error Rate (%)

Future "test" data

Training data

Number of Parameters

Often, when designing classifiers, it is convenient to have set
of held-out training data that can be used to determine the
appropriate complexity of the classifier. This is often called a
holdout or validation set.



