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The Gaussian distribution

The Gaussian or normal distribution, is a classic
model for the distribution of continuous variables

In the case of a single variable x, the Gaussian distribution can be written as
1 1
N(x|p,0%)= ———ex (——x— 2) 1
(x|p, %) 2oty 12 >P gz~ #) (1)

o 1 is the mean and o2 is the variance

In the case of a D-dimensional variable x, the Gaussian distribution is

1 1 1
_ - e T =1y
Nl =) = o7z op (—x-w= T x-w) ()
e u is the D-dimensional mean vector
e 3 is the D x D covariance matrix

e |X| is the determinant of X
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The Gaussian distribution (cont.)

Nixl, 5) = ﬁm%ﬂp (-~ So-m'Sw-m) @

Let us start by considering the geometric form of the Gaussian distribution

e The Gaussian depends on x through the quadric form

A% =(x—p) =7 x—p) (4)
e Quantity A is the Mahalanobis distance from p to x

e It reduces to the Euclidean distance when X =1

The Gaussian is constant on surfaces in x-space for which Eq. 4 is constant
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The Gaussian distribution - Eigenequation

For a square matrix A of size M x M, the eigenvector equation is
Au; = \ju;, withi=1,....M

e u; is an eigenvector and J; is the corresponding eigenvalue

The eigenequation is a set of M simultaneous homogeneous linear equations

e The condition for a solution is the characteristic equation
[A—=Xill=0

e This is an order M polynomial in \; so, M (non-distinct) solutions
e The rank of A equals the number of its nonzero eigenvalues

o Generally, the eigenvalues of a matrix are complex numbers

Rank(A) is defined as the number of linearly independent row/columns in A

e Given a set of vectors {a1,...,ak}, the set is said to be linearly
independent if >, ajax = 0 holds only when all ax =0

e No vector ay can be expressed as linear combination of the others
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The Gaussian distribution - Eigenequation (cont.)

A symmetric matrix A, a covariance of the Gaussian, is such that Aj = Aji
AT =A
The inverse of a symmetric matrix is also symmetric (A=1)7 = A—1, with

AA~l=A"1A =]
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The Gaussian distribution - Eigenequation (cont.)

Eigenvectors u; of a real symmetric matrix can be chosen to be orthonormal

1,  ifi=j
0, ifi#j

The eigenvalues \; of a symmetric matrix are real numbers

u,Tuj' = l; with I; elements of | such that /;; = {

Left multiply Au; = Aju; by ujT to get ujTAu,- = /\,-ujTu,- and then by exchange
of indexes u,-TAuJ- = )\ju;ruj-. Subtract the two equations (after transposing the

second one) and use the symmetry property of A to get (\; — )\j)uiTuJ- =0
. uI.TuJ' =0, for \j # X;

If Ai = Aj, then any linear combination au; + Bu; is also an eigenvector with
the same eigenvalue and we can select arbitrarily one linear combination and
pick the other one to be orthogonal to it

Since there are M eigenvalues, the corresponding M orthogonal eigenvectors
form a complete set and any M-vector can be expressed as linear combination
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The Gaussian distribution - Eigenequation (cont.)

Since the eigenvectors u; can be chosen to be orthogonal and of unit length,
we can take them to be the columns of an orthogonal M x M matrix U

uu’ =1
e Incidentally, note that also the rows of U are orthogonal, viu=1

We can use U to transform a vector x into a new vector X, that is X = Ux

T

o The length of the vector is preserved: %'% = x"UTUx = x"x

e The angle between two vectors is preserved: X7§ = x"UTUy =xTy

Multiplication by U represents a rigid rotation of the coordinate system
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The Gaussian distribution - Eigenequation (cont.)

We can write the eigenequation Au; = Ajuj, with i =1,..., N, in terms of U

AU = UA

e Aisa M x M diagonal matrix, with diagonal diag(A) = (\1,..., \m)7

e UTAU=UTUA = UTAU = A, matrix A is diagonalised by U

e Al =UAIUT

Al =TT,

uu” AUUT = UAUT
N~ N~

Trace(A) = M N\

= A=UAUT = A=Y X\uu]

1
ATl =3, —uu]
Ai
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The Gaussian distribution (cont.)

Consider the eigenvector equation for a real symmetric covariance matrix X

Su; = A\juj, withi=1...,D (5)

Real eigenvalues and its eigenvectors

1, ifi=]
form an orthonormal set U,‘Tuj == { J (6)

0, ifi £

33 can be expressed as an expansion
of its eigenvectors (*)

3= Z)\,‘U,‘UIT (7)
i=1

The inverse covariance matrix 37!
can be expressed (%) as

=t :Z;u;u;’— (8)
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The Gaussian distribution (cont.)

By substituting the inverse covariance matrix ! into the quadratic form A2

A2

(x— )" (x - )

b
(=) ( 3 ] )= )

i=1 "1

ZDI (x = ) Tuu] (x — )
i=1 Ai
D .2
Z %, with y; = u] (x — p) 9)
i=1 "




The Gaussian

distribution

UFC/DC
ATAI-l (CK0146)
PR (TIP8311)
2016.2

The Gaussian
distribution
Conditiona

faximum likelihooc
Bayesian inferenc

Student's t-distribution

sation

or mixtures of Gaussian:

The Gaussian distribution (cont.)

We interpret {y;} as a new coordinate system defined by orthonormal vectors
u;, that are shifted by p and rotated with respect to original coordinates {x;}

o Forming the vector y = (y1,...,yp)7, we have

y=U(x—p) (10)

U is an orthogonal matrix whose rows are uI.T (i.e., UUT =1and UTU = 1)
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The Gaussian distribution (cont.)

The quadratic form and thus the Gaussian is constant
2

on surfaces for which A% = ZiD:1 };\—' is constant

T .
2
\/Ul
For \; > 0, the surfaces are ellipsoids
Y2 e Centred in p and axis along u;
Y1
e The scaling factors in the
12 directions of the axes are A/2
Ay i
A2
T

The red curve is the elliptical surface of a 2D Gaussian,
in which the density is exp (—1/2) of its value at x = p
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For the Gaussian to be well-defined, all of the eigenvalues \; of the covariance
matrix need be strictly positivel, otherwise it cannot be properly normalised

A Gaussian for which one or more eigenvalues are zero? is singular
e |t is confined to a subspace of lower dimensionality

LA matrix whose eigenvalues are strictly positive is called positive definite

2A matrix in which all of the eigenvalues are nonnegative is called positive semidefinite
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Under a change of variable, a density does not transform like a regular function

For a change of variables x = g(y), a function f(x) becomes f(y) = f(g(y))

Consider a probability density px(x) that corresponds to a density py,(y) wrt
a new variable y and notice that px(x) and py(y) are different densities

e Observations falling in a range (x, x + 0x) have probability px(x)dx
e By transforming them, we make them fall in the range (y,y + dy)
o Observations falling in a range (y,y + dy) have probability py(y)dy

Px(x)dx == py(y)dy

dg(y)

() = pe(| 5| = )| 52

| = p(x)lg’ )]
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The Gaussian distribution (cont.)

We also have that the determinant |X| of the covariance matrix can
be written as the product of its eigenvalues, and thus we also have

D D
In going from x to y, we have a Jacobian matrix J =) = H’\f — |=|/2 = H )\}/2 (13)
8 j=1 j=1
x:
Jij = 8—'_ = Ui (11)
Yi Hence, the Gaussian distribution in the coordinate system {y;} becomes
Thus, the elements of the J are the elements of UT b )
1 v;
Using the orthonormality property of U, the square of the determinant of J P(y) = ()| = H (27A))1/2 P ( B K) (14)
j=1 J J
W =uTP=uTu=uTY=N=1 =|=1 (12) L , o o
Here, it is the product of D independent univariate Gaussian distributions
e The eigenvectors define a new set of shifted and rotated coordinates
o Here, the joint distribution factorises into independent distributions
The Gaussian The Gaussian distribution (cont.) The Gaussian The Gaussian distribution (cont.)
distribution distribution
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2016.2 2016.2 We look at the moments of the Gaussian distribution (back to x-space)
I_he‘ia'{ssia" }he _EaUSS‘an The expectation of x under the Gaussian distribution is given by
istribution istribution
El s [ o (50— w2 = ))xd
Xl = ——=——+[c¢ - —(x— X — xdx
(27T)D/2 |Z|1/2 xp 2 H H
Using a result derived for the normalisation of the univariate Gaussian, 1 1 / 1,
= —————— [ exp ( —=z'3" z) (z+ p)dz (16)
b e )2 @n)P IS 2
p(y)dy = / ———exp ( - 4) dyj =1 (15)
/ 11:[1 —oo (2mA})1/2 25/

which is the integral of the distribution in the y coordinate system

e We have changed variables using z=x+ p

The exponent is an even function® of the components z, which for integrals
taken in (—oo, +-00) will make the term in z in the factor (z 4 p) vanish*

Efx] = 1 (17)

We refer to it as the mean vector of the Gaussian distribution

3A real-valued function is said to even if f(x) = f(—x), or f(x) — f(—x) = 0

4Also, erXp(—CXZ)dX = —1/(2¢) exp (—cx?)
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The Gaussian distribution (cont.)

There are D? second order moments [E[x;x;] under the Gaussian distribution

1 1
T —
o) = g | 0 (-

1 1
(2m)D/2 | [1/2 /exp ( -

x—p) "= (x - u))xdex

Nl= N =

szflz) (z+ p)(z + p) T dA18)

o The cross-terms involving pz' and zu” will vanish by symmetry

o The term pup” is constant and can be taken outside the integral
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The Gaussian distribution (cont.)

As for the term involving 2z, using the eigenvector expansion of the
covariance matrix together with the completeness of the set of eigenvectors

D
z= nyuf’ with y; = uJ-Tz (19)
j=1
1 1 1
Ts—1 T
Wm—lﬂ/exp<— 52 > z)zz dz
1 1 D D / D )2
T k
= u;u; exp | — ) yiyjdy
a2y 2 [ o0 (=)
D
= Zu;u;’—)\; =3 (20)
i=1
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The Gaussian distribution (cont.)

We used the eigenvector equation Xu; = \;u; and the fact that the integral
on the right-hand side of the middle line vanishes by symmetry unless i = j

In the final line we used E[x?] = [*° N(x|u, 0?)x?dx = pi2 + o2
and |Z|/2 = Hjil )\}/2, together with 3 = Z,‘D:1 Ajujul

As a result, we have
Exx"] = pup” +3 (21)
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The Gaussian distribution (cont.)

For single random variables, we subtracted the mean
before taking second moments and define a variance

Similarly, in the multivariate case it is again convenient to subtract off
the mean, giving rise to the covariance of a random vector x defined by

cov[x] = cov[x,x] = E[(x — E[x])(x” — E[x"])] (22)

For the specific case of a Gaussian distribution, we use of the first-order
moment E[x] = p and the second-order moment E[xx”] = puu” + =

cov[x] =X (23)

The parameter matrix 3 governs the covariance of x under the
Gaussian distribution, hence it is called the covariance matrix
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The Gaussian distribution (cont.)

The Gaussian distribution is widely used as a density model

e Though, it suffers from some significant limitations

Consider the number of free parameters D(D + 3)/2 in the distribution (x)

o A general symmetric covariance matrix X has D(D + 1)/2 independent
parameters (x) and there are another D independent parameters in p

For large D, this number grows quadratically with D, and the computational
task of manipulating and inverting large matrices can become prohibitive

A way to address this problem is to use covariance matrices of restricted form
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The Gaussian distribution (cont.)

We can consider covariance matrices that are diagonal (X = diag(c?))
o A total of 2D independent parameters in the density model

e Axis-aligned ellipsoids of constant density

We can restrict covariance matrices to be proportional to the identity matrix
(2 = oI, or isotropic covariance), we then get D + 1 independent parameters
e Spherical surfaces of constant density

Such approaches limit the number of degrees of freedom in the distribution

e Inversion of the covariance matrix much faster

They also greatly restrict the form of the probability density and
limit its ability to capture interesting correlations in the data
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The Gaussian distribution (cont.)

Z2 Z2 T2

& ©

;1,‘1 X I

e (a): general X
o (b): X = diag(o?)
o (c): =02
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Conditional Gaussian distributions

Property of the Gaussian: If two sets of variables are jointly Gaussian, then the
conditional distribution of one set conditioned on the other is again Gaussian

Suppose x is a D-dimensional vector with Gaussian distribution N (x|, X)

e We partition x into two disjoint subsets x, and xp

Without loss of generality:
® X, comprises the first M components of x

e X, comprises the remaining (D — M) ones

x:@g (24)
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Conditional Gaussian distributions (cont.)

We also define corresponding partitions of
Ha
= 25
w= (1) (25)

2aa 2ab
3= 26
(Eba Ebb) (26)

Because of the symmetry =7 = 3, we have that
322 and Xy, are also symmetric and 3jp, = EaTb

e the mean vector p

e the covariance matrix X
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Conditional Gaussian distributions (cont.)

In many situations, it is convenient to work with the precision matrix
A=x"1 (27)

The corresponding partitioned precision matrix is given by the form
A Aab)
A= 28
(Aba App (28)

Because the inverse of a symmetric matrix is also symmetric,
Aaa and App are also symmetric and Ay, = AT, (%)
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Conditional Gaussian distributions (cont.)

We begin by finding an expression for the conditional distribution p(xa|xp)
From the product rule of probability, this conditional distribution can be

evaluated from the joint distribution p(x) = p(xa, xp) by fixing xp, and
normalising the result to obtain a valid probability distribution over x,

Instead of performing this normalisation explicitly, we can obtain the solution
more efficiently by using the quadratic form in the exponent of the Gaussian

S TG )

and reinstating the normalisation coefficient at the end of the manipulations
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Conditional Gaussian We USE the X = Xa = Ha A= Asa Aab
distrbutions partitioning: Xp Kb Apa  App

| Gaussian

1 1 1
75()( - H)TA(X —p)= E(Xa - ﬂa)TAaa(Xa — pa) — E(Xa — Ma)TAab(Xb — p)
Student's t-distribution
1 T 1 -
_E(Xb - /’Lb) Aba(xa - Ma) - E(Xb — ub) Abb(xb — Mb)

We see that as a function of x,, this is again a quadratic form, and hence
the corresponding conditional distribution p(xa|xp) will be Gaussian

This distribution is completely characterised by its mean and its covariance,
and our goal is to identify expressions for the mean and covariance of p(xa|x)
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Conditional Gaussian distributions (cont.)

We are given a quadratic form defining the exponent terms in a Gaussian

e We need to determine corresponding mean and covariance
The exponent in a general Gaussian distribution N'(x|p, X) can be written
1 Ty—1 Lrs Ty—1
_E(X_H) b (x—,u,):—Ex 37 x4+ x' X7+ const (29)
. . . 1
where ‘const’ denotes terms which are independent on x (i.e., —E,uTE_l,u)

If we take the general quadratic form and express it in the form given by the
right-hand side of Equation 29, then we can equate the matrix of coefficients
entering the second-order term in x to the inverse covariance matrix ! and
the coefficient of the linear term in x to X1y, from which we can obtain g
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We apply this procedure to the conditional Gaussian distribution p(xa|xp):

Conditional Gaussian

distributions e The quadratic form in the exponent

nal Gaussian

1 1 1
_E(X - N)TA(X —p)= E(Xa - P'a)TAaa(Xa — pa) — E(Xa - Ha)TAab(Xb — 1p)

stribution

1 1
_E(xb — p15) T Apa(xa — pa) — E(Xb — ) " Abb(xp — pb)

We will denote mean and covariance of this distribution by p,, and 3,

Consider the functional dependence on x, in which x; is regarded as constant
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Conditional Gaussian distributions (cont.)

1

(%a — pa) T Asa(xa — pa) — =(xa — t1a) T Aap(xp — 25)

1
2 2

[y

1
_E(xb — ) " Apa(xa — pa) — E(Xb — o) T Ap(xp — pp)

o |f we pick out all second-order terms in x5, we have
1
—Exa Aaaxa (30)

e From which, the covariance of p(xa|xp) is given as

ap = AL (31)
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_%(X - H)TA(X —p)= 1(Xa - ﬂa)TAaa(Xa — Ha) — l(Xa - Ha)TAab(Xb — Kb)

2 2
1 . 1 ;
*E(Xb — b))’ Apa(Xa — pa) — E(Xb — b)) Apb(Xp — 1p)
e Consider all terms that are linear in x,
X (Aaatta = Man(xs — 1)) (32)

It follows that the coefficient of x, in this expression must equal Ea_“l,ﬂa\b

Hap = Ea|b (AaaIJa - Aab(xb - Nb))
= pa— AL Aoh(xb — pp) (33)
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Conditional Gaussian distributions (cont.)

Mean and variance of conditional distribution p(xa|xp) are given in terms
of partitioned precision matrix of the original joint distribution p(xa, xp)

e We can express these results also in terms of partitioned covariance matrix
To do this x, we make use of an identity for the inverse of a partitioned matrix

A B\! M —MBD! »
C D ~\-D-'cM D-!+D!cMBD! (34)

with M = (A — BD—1C)~1

-1
M1 is the Schur complement of (é g) with respect to sub-matrix D
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Using the definition
(233 Eab) - — <Aaa Aab) (35)
s Zpb Apa  App
and using
A B\ ! M ~MBD! P
(c D> - <fD*1CM D! +D*1CMBD*1> » M=(A-BD™C)

we have that

Aas
Ap

(Zaa - z:abEI;le:ba)71 (36)
*(Eaa - Eabnglxgal)_lxabxgbl (37)
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Conditional Gaussian distributions (cont.)

We get expressions for the mean and variance of the conditional
distribution p(xa|xp) in terms of the partitioned covariance matrix

Halp = Mat Z:abngl(xb — Mb) (38)
Ea\b = Xa— 2abE;blzba (39)

Compare X, = A%' with By, = oy — Bp 35, Bp,
e The conditional distribution p(xa|x,) takes a simpler form when
expressed in terms of the partitioned precision matrix than when
it is expressed in terms of the partitioned covariance matrix

The mean p,, = pa + EabZ;bl(xb — pp) of conditional distribution p(xa|xp)
is a linear function of x,

The covariance 3, = a2, — EabE;blEba of conditional distribution p(xa|xp)
is independent of xj

e This is an example of Linear-Gaussian model
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Marginal Gaussian distributions

If a joint distribution p(xa, xp) is Gaussian, p(xa|xp),
the conditional distribution, is also Gaussian

We discuss the marginal distribution p(x,)

p(xa) = / (o, %) dxs (40)

and we shall see that this is also Gaussian

The strategy for evaluating this distribution efficiently focuses
on the quadratic form in the exponent of the joint distribution

e Goal: Identify mean and covariance of the marginal distribution p(xa)
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Marginal Gaussian distributions (cont.)

1 1 1
*E(X - H)TA(X - N) = E(Xa - ﬂa)TAaa(Xa - Ha) - E(Xa - Ma)TAab(xb - Mb)

fuy

1
_E(Xb — 1) T Apa(xa — pta) — E(xb — )T Ap(xp — pp)

We need to integrate out x, because p(xa) = [ p(xa,Xp)dXp

Picking out those terms that involve xp, we have

1 1 _ _ 1 _
7§XZAbeb + me = 7§(Xb — Abblm)TAbb(Xb — Abblm) + EmTAbblm
(41)
withm = Apppp — Apa(Xa — pa) (42)

The dependence on x;, has been cast into the standard quadratic form of a
Gaussian distribution corresponding to the first term on the right-hand side
above, plus a term that does not depend on x;, but that does depend on x,
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Marginal Gaussian distributions (cont.)

When we take the exponential of this quadratic form, we see that the
integration over x, required by p(xa) = [ p(xa,Xp)dx, takes the form

1
/exp ( — E(Xb — A;blm)TAbb(xb — A&)lm)> dxp (43)

It is the integral over an unnormalised Gaussian, and so the
result will be the reciprocal of the normalisation coefficient

1 1
(271.)D/2 |E\1/2

which is independent of the mean, and it depends
only on the determinant of the covariance matrix
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By completing the square wrt xp, we can integrate out x, and the only term
remaining that depends on x, from the contributions on the left-hand side of

1 1 _ _ 1 _
7EXZ-Abeb + xpm = 7§(Xb — Abblm)TAbb(Xb — Abblm) + EmTAbblm
is the last term on the right-hand side because m = Apppp, — Apa(Xa — pa)

We then combine this term with the remaining terms that depend on x, from
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Marginal Gaussian distributions (cont.)

%(Abbllb — Apa(xa — Ha)) TA;bl (Abbub — Apa(xa — ua))

1
- 5x‘Z—Aaaxa + xT (Asapra + Aoppep) + const

1r —1
_Exa (Aaa - AabAbb Aba)xa

1 1 1 1
_E(X - H)TA(X —p)= E(Xa - P'a)TAaa(Xa — Ha) — E(Xa - Na)TAab(Xb — Ib) + X;’—(Aaa — AapApy Apy)pa + const  (44)
1 1 where ‘const’ denotes quantities independent of x
—(xb — b)) T Apa(xa — pa) — =(xp — p) T App(xp — pp) :
2 2
The Gaussian Marginal Gaussian distributions (cont.) The Gaussian Marginal Gaussian distributions (cont.)
distribution distribution
UFC/DC UFC/DC
ATAL-I (CK0146) ATAI-I (CK0146)
PR (TIP8311) PR (TIP8311)
2016.2 2016.2
Again, by comparison with the general exponent in a Gaussian
1 1 . _
—x— )2 (x— ) = —X"Z x4+ xT= 1y + const Ao A\ ' (e T
; 2 2 e = (47)
Marginal Gaussian Marginal Gaussian Aba Abb Eba > bb
distributions e The covariance of the marginal distribution p(x,) is given by distributions

3= (Aaa - AabA;blAba)_l (45)

e The mean of the marginal distribution p(xa) is given by

ta = 3a(Aaa — AabA;blAba)_lﬂa (46)
Aps  App

. . . . } A A
Covariance in terms of partitioned precision matrix A = ( aa ab)

. . -, . . X X
We can write this in terms of partitioned covariance matrix 3 = a2 ab
Yba b

Bayes' theorem

Maximum

. . (A —MBD!
Using again

Yo = (Aaa - AabAb_blAba)

B\ ' _ M e
C D - *DflCM D71+D71CMBD,1 we have:

(48)

We obtain an intuitively satisfactory result that the marginal distribution p(xa)

Elxa] = na
cov[xa] 3aa

(49)
(50)
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Marginal Gaussian distributions (cont.)

1 10

xp
2= 0.7 p(zalzy =0.7)
05 5
(x4, 2p)
p(2a)
0 0
0 05 T [ 05 T 1
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Bayes’ theorem for Gaussian variables

We considered a Gaussian p(x) in which we partitioned vector x
into two subvectors x = (xa, Xp) and then found expressions for

o the conditional distribution p(xa|xs) = N (X|a(p, Ass)

e the marginal distribution p(xa) = N (xa|fta, Xaa)
We also noted that the mean p,;, of the conditional distribution
p(xalxp) is a linear function of xp, p,p = pa + EabEb_bl(xb — Wp)

A Gaussian marginal distribution p(x), Gaussian conditional distribution p(y|x)
o p(y|x) with mean a linear function of x and a covariance tindependent of x

We wish to find: e the marginal distribution p(y)

o the conditional distribution p(x|y)
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Bayes’ theorem for Gaussian variables (cont.)

We take the marginal and conditional distributions to be

) = Nxlu A (51)
p(y|x) N(y|Ax+b,L7") (52)

e u, A and b are parameters governing the means
e A and L are precision matrices

If x is M-dimensional and y is D-simensional, then A'is D x M
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Bayes’ theorem for Gaussian variables (cont.)

First we find an expression for the joint distribution over x and y, by defining

- (;) (53)

and considering the log of the joint distribution p(z) = p(x,y) = p(y|x)p(x)

Inp(z) = Inp(x)+Inp(y|x)
= S m A )

L T
—E(y—Ax—b) L(y — Ax —b)
+ const (54)

with ‘const’ denoting terms independent of x and y

e It is again a quadratic function of the components of z

e Thus p(z) is again a Gaussian distribution
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Bayes’ theorem for Gaussian variables (cont.)

To find the precision of the Gaussian p(z), consider the second order terms of

Inp(z) = Inp(x)+Inp(y|x)
7%(x —wW)TAx—p) — %(y — Ax —b)"L(y — Ax — b) + const

which can be written as

1 1 1 1
— XxT(A+ATLA)x — yTAy + -y "LAx+ x"ATLy
2 2 2 2
1 (x) T (A +ATLA 7ATL> <x> 14
I =——2'Rz
2 \Y —LA L y 2

So the Gaussian distribution over z has precision (inverse covariance) matrix R
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Bayes’ theorem for Gaussian variables (cont.)

The covariance matrix is found by taking the inverse of the precision matrix

-1 —1AT
cov[z] =R = ( A A™'A )

AA—l L—l +AA—1AT (55)

e The matrix inversion formula seen earlier is used (%)
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Bayes’ theorem for Gaussian variables (cont.)

To find the mean of the Gaussian p(z), consider the linear terms of

Inp(z) = Inp(x) +Inp(ylx)

1 1
7§(x — ) TA(x—p) — E(y — Ax —b)TL(y — Ax — b) + const

which can be written as

T _ AT
x"Ap—xTATLb+y Lb = (;) (A“ LbA Lb) (56)
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Bayes’ theorem for Gaussian variables (cont.)

Using our earlier result in Equation 295, we find that the mean of z is

Elz] = R~ (A“ _L:T”’> (57)

We can now make use of Equation 55° for the covariance of z to get

E[z] = ( AN”JF b> (58)

1 1
S—E(X —w) ' x—p) = —ExTﬁflx +xT= 71y 4 const
6 1 AT1 AIAT
covfzl =R™ = (-A/r1 L=l AA—1AT

The Gaussian
distribution

UFC/DC
ATAL-l (CK0146)
PR (TIP8311)
2016.2

Bayes' theorem

Maximum

Bayes’ theorem for Gaussian variables (cont.)

We turn now our attention to the marginal distribution p(y)

e which we have marginalised over x

The marginal distribution over a subset of components of the random vector
takes a simple form when expressed in terms of partitioned covariance matrix

E[xa] = pa and cov[xa] = Xz,

Al AL M
—R-1— —
Use cov[z] =R~ = (AA*I L1y AA*1AT> and E[z] = (AH T b) then
Ey] = Aup+b (59)
covly] = LT!AATIAT (60)

are the searched mean and covariance of the marginal distribution p(y)
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Bayes’ theorem for Gaussian variables (cont.)

Finally, we seek an expression for the conditional p(x|y)

The conditional distribution is easier in terms of partitioned precision matrix

S = Aa_a1 and Hajp = Ha — Ea_alZab(xb — Wp)

AL AL I
_R-1=— —
Use cov[z] = R~ = (AA*I L-1 +AA*1AT> and E[z] = (A;L—)—b) then
E[x|y] (A +ATLAY) (ATL(y —b)+ Au> (61)
cov[x|y] (A+ATLA) ! (62)

are the searched mean and covariance of the conditional distribution p(x|y)
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Bayes’ theorem for Gaussian variables (cont.)

So what about the Bayes’ theorem?

The evaluation of the conditional p(x|y) is an example of Bayes’ theorem

e We can interpret the distribution p(x) as a prior over x

The conditional distribution p(x|y) is the corresponding posterior over x

e If y is observed

Having found the marginal and conditional distributions, we effectively
expressed the joint distribution p(z) = p(x)p(y|x) in the form p(x|y)p(y)
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Maximum likelihood for the Gaussian

Given data X = (x1,...,xy)" in which the observations {x,} are assumed to
be drawn independently from a multivariate Gaussian distribution, we can
estimate the parameters of the distribution by maximum likelihood

e The log likelihood function is

ND N 1Y
Inp(X|p), = = —In (2m) - S =] - EZ(XH — )= (xn — p)
n=1

(63)

The likelihood function depends on the data set on thru terms

N N
an and Zx,,x[ (64)
n=1 n=1

These are the sufficient statistics for the Gaussian distribution
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Maximum likelihood for the Gaussian (cont.)

The derivative of log likelihood with respect to g can be written as 7
5 N
o " PXlk ) = D> B e — p) (65)
n=1

Set to zero, it gets us the maximum likelihood estimate of the mean
1N
L = Nzxn (66)

n=1

which is, as expected, the mean of the observed set of data points

a 12}
"We used —(x"a) = —(a’x) = a
Ox Ox
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Maximum likelihood for the Gaussian (cont.)

Maximisation of the log likelihood function In p(X]|u, ) wrt to X is tough (x)
As expected, the result takes the form

N
Sy = %Z (xn — paae)(xn — ponar) " (67)

n=1

It involves ppy as a result of the joint maximisation wrt p and X, whereas the
solution for pp does not depend on Xy (first solve for ppy and then Xy )




The Gaussian
distribution

UFC/DC
ATAI-l (CK0146)
PR (TIP8311)
2016.2

Conditional Gaussian
distribut

Marginal Gaussian
distributions

Bayes’ theorem
Maximum likelihood
Bayesian inference

Student's t-distribution

Maximum likeli

for mixtures of Gaussians

k-means clustering

Maximum likelihood for the Gaussian (cont.)

If we evaluate the expectations of the maximum likelihood solutions
under the true distribution, we obtain the following results

Elpm] = np
N-—-1
—>
N
e The expectation of the maximum likelihood estimate
for the mean is equal to the true mean, unbiased

E[Xmi]

e The maximum likelihood estimate for the covariance
underestimates the true covariance, it is biased

We correct the bias, by defining the estimator 3

N
. 1
5= ——> " (xn— par)(xn0 — pan) "
N— 14

which has an expectation that equals the true X

(68)

(69)

(70)
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Bayesian inference for the Gaussian

The maximum likelihood framework gives point estimates for u and 3
Now we develop a Bayesian treatment by introducing prior distributions

e over these parameters

We start simple, with a single Gaussian random variable x
o We will suppose that the variance o2 is known
e We consider the task of inferring the mean p

We are also given a set of N observations x = {xi,...,xn}
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Bayesian inference for the Gaussian (cont.)

The likelihood function can be viewed as a function of y and takes the form

N

N
pleln) = [Tt = 3 yerp (= 5z Do) (10

n=1
It takes the form of the exponential of a quadratic form in p and if we choose

a Gaussian prior p(u), it is a conjugate distribution for the likelihood function

e The posterior is a product of two exponentials of quadratic functions of u

e Thus, it is also a Gaussian
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Bayesian inference for the Gaussian (cont.)

We take our prior distribution to be

p(r) = N(ulno, o5) (72)
The posterior distribution is given by
p(plx) oc p(x|p)p(r) (73)
Some manipulations (%) involving completing the square in the
exponent allow to show that the posterior distribution is given by
p(ulx) = N (plun, o) (74)
o2 n No? (75)
BN = NoZ + aguo No? 1 aHmL
1 1 N
P (7%)
N 0
1y . . oo .
wmL = NZn:l Xp is the maximum likelihood estimate for p, the sample mean
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Bayesian inference for the Gaussian (cont.)

Note that the mean of the posterior distribution p(u|x) is a compromise
between the prior mean pg and the maximum likelihood solution g

o2 n No?
No‘% + o‘%”o No2 + UZMML

By =

e It reduces to the prior mean, if the number of observed data points N =0

e For N — oo, the posterior mean equals the maximum likelihood solution
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Bayesian inference for the Gaussian (cont.)

Consider the result for the variance of the posterior distribution p(u|x)

1 1 N
P B
oy 05 O
It is most naturally expressed in terms of inverse variance, or precision

Precisions are additive, so the precision of the posterior is given by

e the precision of the prior, plus one contribution of the
data precision from each of the observed data poins
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Bayesian inference for the Gaussian (cont.)

N

o2

1 1
2= 2
9n 90
As we increase the number of observed data points, the precision steadily
increases, giving a posterior distribution with steadily decreasing variance

e With no observed data points, we have the prior variance
e If N — oo, variance 0,2\, — 0 and the posterior distribution
becomes infinitely peaked around the ML solution ppy
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Bayesian inference for the Gaussian (cont.)

Bayesian inference for the mean p of a Gaussian with known variance o

e Data from a Gaussian of mean 0.8 and variance 0.1

The prior is chosen to have mean 0

N =10 In both prior and likelihood function,
the variance is set to the true value

e the prior distribution over p, the
curve N = 0, itself Gaussian

N=0 e the posterior distribution for

increasing numbers N of points

We see that the maximum likelihood result of a point estimate for y is
recovered precisely from the Bayesian formalism in the limit N — oo

For finite N, in the limit 0(2) — 00 in which the prior has infinite variance then
the posterior mean is the ML result, while the posterior variance is 012\1 =a?/N
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Bayesian inference for the Gaussian (cont.)

The analysis of Bayesian inference for the mean of a D-dimensional Gaussian
variable x with known covariance and unknown mean is straightforward (x)
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Bayesian inference for the Gaussian (cont.)

So far, we have assumed that the variance of the Gaussian distribution
over the data is known and our goal is to infer the mean

e Let us suppose that the mean is known and we wish to infer the variance

Calculations are simpler, if we choose a conjugate form for the prior
e The likelihood function for A = 1/02 is

N N
p(xIN) = [T NGl A1) o AV 2 exp (= gz (o —p)?)  (77)
n=1

n=1

The corresponding conjugate prior should therefore be proportional to the
product of a power of A and the exponential of a linear function of A

The Gaussian
distribution

UFC/DC
ATAL-I (CK0146)
PR (TIP8311)
2016.2

Bayes' theorem

Maximum likelihood
Bayesian inference

Student's t-distribution

Maximum likelihood

Expectation
for mixtures

k-means clustering

Bayesian inference for the Gaussian (cont.)

This corresponds to the gamma distribution, which is defined as

Gam()\|a, b) = %bw—l exp (—b)\) (78)

The gamma function I'(-) assures a correct normalisation

2 2 2
a=0.1 a=1 a=4
b=0.1 b=1 b=6
l l\\ |
0 0 0
0 Al 2 0 Al 2 0 Al 2

The integral of the gamma distribution is finite if a > 0
The distribution itself is finite for a > 1

E[\] = a/b

The mean and variance of the gamma distribution are 5
var[A] = a/b




The Gaussian
distribution

UFC/DC
ATAI-l (CK0146)
PR (TIP8311)
2016.2

Maximum likelihood
Bayesian inference

Student's t-distribution

Bayesian inference for the Gaussian (cont.)

Consider a prior distribution Gam(\|ag, bg), multiply by the likelihood function

e Obtain a posterior distribution

N
p(A[x) oc AN/ 2 exp ( — box — gz (xn — u)2) (79)

n=1
e Recognise the Gamma distribution Gam(\|ay, by), with
N
ay = ap-+ 3 (80)
1 N
by = byt o> (e —p) = byt oot (81)
n=1

where U,ZWL is the maximum likelihood estimator of the variance
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Bayesian inference for the Gaussian (cont.)

Note that there is no need to keep track of the normalisation
constants in the prior and in the likelihood function in

A N
p(Ax) oc A2 IAN/2 ey ( — boA — EZ (xn — ,u)2>
n=1

Because, if required, the correct coefficient can be found
at the end using the normalised form of the gamma distro

1
Gam()|a, b) = @ba,\a*1 exp (—bA)
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Bayesian inference for the Gaussian (cont.)

The effect of observing N points increases the value of coefficient a by N/2

ay =aop + —
N 0 5

We can interpret ag in the prior in terms of 2ag ‘effective’ prior observations
Similarly, N points contribute NO’%AL/2 to parameter b, Uﬁ/lL is the variance
N
1 N
by = bo + EZ(Xn—#)Z = bo + EU%AL
n=1

We interpret bg in the prior as arising from the 2ag
‘effective’ prior observations having variance 2by/(2a9) = bo/ao
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Bayesian inference for the Gaussian (cont.)

Suppose now that both mean and variance are unknown

To find a conjugate prior, consider the dependence of the likelihood on p and A

N

(el ) =TT () exp (= S0 — 7?)

n=1
N

~ ()\1/2exP(_ ATM))NSXP (A#nzlv:lxn - %zxﬁ) (82)

n=1

We wish to identify the prior distribution p(u, A) with the same functional
dependence on p and A as the likelihood function above
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The normalised prior takes the form

2

. P, A) = N (alito, (BX) ™) Gam(Aa, b) (84)
p(p, A) o ()\1/2 exp ( — %))B exp (cAp — dX)

where we defined the new constants
Bayesian inference by C2 Bayesian inference —
. exp ( _ ﬂ(u _ C/B)z)/\ﬁ/z exp ( B (d _ 7) A) (83) S feenee ° o =c/B
2 28 e a=(1+p)/2
e b=d—c?/23

where ¢, d and 3 are constant

Because p(u, A) = p(|A)p(X), we can find p(u|\) and p(\) by inspection

This distribution is called normal-gamma or Gaussian-gamma distribution
e p(u|A) is a Gaussian whose precision is a linear function of A

e It is not simply the product of an independent Gaussian prior over y and
gamma prior over \, because the precision of p is a linear function of A

e Even if we choose a prior in which p and X are independent, the posterior
distribution would exhibit coupling between precision of p and value of A

e p(A) is a gamma distribution
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In the case of a D-variate Gaussian distribution N (x|, A~1) over a variable x

e the conjugate prior distribution for the mean g assuming
a known precision is again a Gaussian distribution

Contour plot of the normal-gamma distribution

2

e the conjugate prior distribution for the precision matrix
o A assuming a known mean is a Wishart distribution

Bayesian inference
Student’s t-distribution

Student’s t-distribution 1
A1 H W(A|W, v) = BJA|*~D=1/2 gy ( - ETr(W’lA)) (85)

where v is the number of degrees of freedom of the distribution,
W is a D x D scale matrix and Tr(-) denotes the trace of a matrix

Maximum likelihood

Maximum like
Bayesian inference

u The normalisation constant B is given by

D
Parameter values 4o =0, =2, a=5and b=6 B(W,v) = ‘W|*l'/2 (2”0/271—9(9*1)/4 H r(#))il (86)
i=1
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Bayesian inference for the Gaussian (cont.)

e the conjugate prior distribution assuming both mean p and precision
A unknown is a normal-Wishart or Gaussian-Wishart distribution

Pli, Alpio, 8, W,v) = N (uluo, (A1) )W(AIW,»)  (87)
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The conjugate prior for the precision of a Gaussian is a gamma distribution

If we have a univariate Gaussian N(x|u, 771) together with a gamma prior
Gam(7|a, b) and we integrate out the precision, we obtain the marginal
distribution of x in the form

+oo
p(x|js, 2, b) / N, L) Gam(r|a, b)dr
0

+oo pag—brra-1 T

L G e (- g e
b /1 (x — p)?

- r(a)(ﬂ)lp(b+ 2M

—a—1/2
) Ma+1/2) (88)

where we can make the change of variables z = T<b+ (x — ,u)2/2)
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Student’s t-distribution (cont.)

By convention, we define new parameters v = 2a and A = a/b to get
v 1
M=+ =
5+

)

p(x|u, a, b) = Stu(x|u, A, v) =

vz

AN1/2 Mx — )\ —v/2-1/2
()20
e v
2
(89)
which is known as Student’s t-distribution with parameter A\ being
the precision and parameter v being called the degree of freedom

0.5

X Student’s t-distribution for u =0, A =1
04 v=10 and for various values of v

v=01
03 /\ The limit v — oo equals a Gaussian
02 distribution with mean p and precision A
o For v =1, the t-distribution reduces to the
’ Cauchy distribution
N — =
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Student’s t-distribution (cont.)

+o0
/ N (x|p, 771)Gam(7|a, b)dT
0

The Student’s t-distribution is obtained by adding up an infinite number
of Gaussian distributions having the same mean but different precisions

e This can be interpreted as an infinite mixture of Gaussians

The result is a distribution that in general has longer ‘tails’ than a Gaussian

e the t-distribution has an important property called robustness

e it is less sensitive than the Gaussian to the presence of outliers
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Student’s t-distribution (cont.)

Maximum likelihood fits for a Gaussian (green) and a t-distribution (red)

05 05
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(a) (b)

The Gaussian is strongly distorted by the presence of outlying points
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Student’s t-distribution (cont.)

Substituting parameters v = 2a, A = 1/b and n = Tb/a, the t-distribution is

St(x|p, A, v) = /()Jrooj\/(x\u,(n)\)_l)Gam(%,1//2)d77 (90)
v 1
FG+35) a1 Lo Aoy a1
= 2 2(° + — (91)
PRCRE

We can also generalise this to a D-dimensional Gaussian N (x|u, A) to get

St(x|p, A,v) = /0+wN(x|p,(nA)_1)Gam(n/Tu, v/2)dn (92)

r+2) |A|1/2 (x = p)TA(x — p)\—D/2-v/2
- : v 2 (771/)0/2( t . H) 93)
r(5)

v
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While the Gaussian distribution has some important analytical properties, it
suffers from significant limitations when it comes to modelling real data sets

100

A Gaussian distribution fitted to the
data using maximum likelihood

80 This distribution fails to capture the

two clumps in the data and places
much of its probability mass in the
60 central region between the clumps
where the data are relatively sparse

40
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Mixtures of Gaussians (cont.)

100
A linear combination of two Gaussians
80 fitted using maximum likelihood
A linear superposition gives a better
characterisation of the data set
60 @
40

1 2 3 4 5 6

Superpositions, by taking linear combinations of basic distributions such as
Gaussians, can be formulated as probabilistic models (mixture distributions)
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Mixtures of Gaussians (cont.)

A Gaussian mixture distribution in one dimension

()4

Three Gaussians (blue, scaled by a
coefficient) and their sum (red)

We can get very complex densities

xT

By using a sufficient number of Gaussians, and by adjusting their means and
covariances as well as the coefficients in the linear combination, almost any
continuous density can be approximated to arbitrary accuracy
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Mixtures of Gaussians (cont.)

We consider a linear superposition of K Gaussian densities of the form
K
p(x) = > mN (x|, Zi) (94)
k=1

Such a model is a mixture of Gaussians, each Gaussian density N'(x|pk, X)
is a component of the mixture, with its own mean p, and covariance 3y

The parameters 7y in p(x) = ZkK:1 N (x| ik, Xk) are mixing coefficients
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Mixtures of Gaussians (cont.)

A Gaussian mixture distribution in two dimensions

1 1
(a)
0.5 05
0 0
0 05 1 0 0.5 1

e The contours at constant density for each of the mixture components
e The contours at constant density of the mixture distribution p(x)

e The surface plot of the mixture distribution p(x)

The numbers in the first plot are the mixing coefficients
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Mixtures of Gaussians (cont.)

If we integrate both sides of p(x) = K | mk N (x|pk, k) with respect to x
and note that both p(x) and the Gaussian components are normalised, we get

K
Zﬂ'k:l (95)

k=1

The requirements that p(x) > 0 and N (x|pk, k) > 0 imply that 0 < <1
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Mixtures of Gaussians (cont.)

K
p(x) = > mN (x|, Bi)

k=1

mk € [0,1] and > mx = 1: The mixing coefficients can be seen as probabilities

From sum and probabilities rules, the marginal density is given by
K
p(x) = p(k)p(x|k) (96)
k=1

By p(k) = mk, we view coefficients as prior probabilities (of picking the k-th
component) and p(x|k) = N (x|pk, Xk) the probability of x conditioned on k
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Mixtures of Gaussians (cont.)

A role is played by posterior probabilities (or responsibilities) p(k|x)

By the Bayes' theorem, the posterior probabilities can be written as

W) = plklx)
p(k)p(x|K)

> p(Np(x|1)

_ N (xlpk, Z)
= N (=) (7)
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Mixtures of Gaussians (cont.)

The Gaussian mixture distribution is governed by the parameters 7, p and 3

T {m1,..., 7k}
v = {m,...,px}
3 = {3,...,3k}

One way to set the values of the parameters is to use (log) maximum likelihood

N K
In (x|, 1, ) = > In (7w (xal s, ) (98)
k=1

n=1
which is bad, very bad, because of the summation over k inside the logarithm
e No longer closed-form solution

o |terative numerical optimisation

e Expectation maximisation
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Mixtures of Gaussians (cont.)

If we define a joint distribution over observed and latent variables, the
distribution of the observed variables alone is obtained by marginalisation

Complex marginal distributions over observed variables can be expressed in
terms of joint distributions over the space of observed and latent variables

e The introduction of latent variables allows complicated
distributions to be formed from simpler components

Mixture distributions can be interpreted in terms of discrete latent variables
e |t is the case with the Gaussian mixture

Mixture models can be used in the problem of finding clusters in a point set
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Mixtures of Gaussians (cont.)

We motivated the Gaussian mixture model as a linear superposition of
Gaussians to provide a richer class of density models than the Gaussian

We formulate now Gaussian mixtures in terms of discrete latent variables

e This provides a deeper insight into this important distribution

e It also serves to motivate the expectation-maximisation algorithms
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Mixtures of Gaussians (cont.)

A Gaussian mix distribution is a linear superposition of Gaussian components

K
p(x) = > mN (x|, k) (99)

k=1
Let us introduce a K-dim binary random variable z with 1-of-K representation
in which an element zj is equal to 1 and all other elements are equal to 0
e Values of z satisfy z, € {0,1} and 37,z =1

e There are K possible states for the vector z
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We define a joint distribution p(x,z) = p(z)p(x|z), that is in terms of

4

o the marginal distribution p(z)
e the conditional distribution p(x|z)

The marginal distribution over z is specified in terms of mixing coefficients 7,
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Mixtures of Gaussians (cont.)

Because z uses a 1-of-K representation, we write this distribution in the form

K
p(z) = [ = (102)
k=1
The conditional distribution of x given a particular value for z is Gaussian

K
p(xlze = 1) = N(xlpe, B),  or plxlz) = [[ N (Xl Z)*  (103)
k=1

The joint distribution is given by p(z)p(x|z), and the marginal distribution of x

=1)= 1
P(zk ) =7k (100) is then obtained by summing the joint distribution over all possible states of z
where parameters {mx} must satisfy P
K p(x) =D p@)p(xlz) = D mN (x| pk, k) (104)
0<m <1 and » m=1 (101) z k=1
k=1
The Gaussian Mixtures of Gaussians (cont.) The Gaussian Mixtures of Gaussians (cont.)
distribution distribution
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. Another important quantity is the conditional probability z given x
If we have several observations xi, ..., xy, then, since we have represented

Student's t-distribution

Mixtures of Gaussians

the marginal distribution in the form p(x) = >, p(x, z), it follows that

e for every observed point x, there is a corresponding latent variable z,

An equivalent formulation of Gaussian mixtures with an explicit latent variable

e We are now able to work with the joint distribution p(x, z) instead of
the marginal distribution p(x), which leads to significant simplifications

Student's t-distribution

Mixtures of Gaussians

Let y(zx) denote p(zx = 1|x), using Bayes’ theorem

p(zx = 1)p(x|zx = 1)
S p(zi = 1)p(xlz = 1)
TN (x| k2 k)
S N (x|, )

where 7y is viewed as the prior probability of zx = 1 and the quantity
~(zk) as corresponding posterior probability, once we have observed x

Y(z) = plz =1lx) =

(105)

e Again, y(zx) can be viewed as the responsability that
component k takes for ‘explaining’ the observation x
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Mixtures of Gaussians (cont.)

We can depict samples from the joint distribution p(x,z) by plotting points at
the corresponding values of x and colouring them according to the value of z

e The Gaussian component was responsible for generating them

Similarly, samples from the marginal distribution p(x) are obtained by taking
the samples from the joint distribution and ignoring the values of z
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Mixtures of Gaussians (cont.)

05

05

An example of 500 points as drawn from some mixture of 3 Gaussians

a Samples from the joint distribution p(z)p(x|z) in which the 3 states of z,
corresponding to 3 components of the mixture, are in red, green and blue

b The corresponding samples from the marginal distribution p(x), which is
obtained by simply ignoring the values of z and just plotting the x values

The data set in (a) is said to be complete, whereas that in (b) is incomplete
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Mixtures of Gaussians (cont.)

We can illustrate ‘responsibilities’ by evaluating, for every point, the posterior
probability for each component in the GMM distribution from which data arose

A point for which v(zpy(2,3)) = 1 is red (blue, green)

A point for which vy(zp2) = v(zs3) = 0.5
uses equal portions of blue and green

Responsibilities (z,x) associated with point x, can be represented by dyeing
the corresponding point with proportions of R, B, and G ink given by v(z.)
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Suppose we have a data set of observations {x1,...,xy}

We wish to model this data using a mixture of Gaussians
e We can represent this data set as an N X D matrix X,
in which the n-th row is given by x,-,r

e The corresponding latent variables can be represented
by a N x K matrix Z with rows z,

If we assume that the points are drawn independently from the distribution,
the Gaussian mixture model can be expressed for the iid set using a PGM

Zn
T The GMM distribution for N independent
and identically distributed data points {x,}
X e with corresponding latent points {z,}
I3 P
N
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Maximum likelihood

From p(x) = 3K | m N (x| ek, k), the log likelihood function is given by

N K
In p(X|7, p, X) :Zln (Zﬁk./\/(xn|uk,2k)) (106)
n=1 k=1
The Gaussian mixture has components whose covariance matrices 3y = afl 8
Suppose that one of the components, the j-th, has its mean u;
exactly equal to one of the data points, the n-th, so that u; = x,
e The contribution of point x, to the likelihood is
1 1
N (Xn|xn, 021) = 107
( "‘ n Yy ) (271_)1/20_]_ ( )

e This term goes to infinity in the limit o; — oo
e The whole log likelihood goes to infinity with it

8ltis a computational simplification due to the presence of singularities when maximising the
likelihood, though the conclusions will hold for general covariance matrices 3y
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This is not a great situation, because the maximisation of the log likelihood is
always not well posed when one of the Gaussians collapses onto a data point

o It does not happen with a single Gaussian

If a single Gaussian collapses onto a point, it contributes multiplicative factors
to the likelihood function arising from other points and these factors go to zero
exponentially fast, giving an overall likelihood that goes to O rather than oo

If we have (at least) two components in the mixture, one of the components
can have a finite variance and therefore assign finite probability to all of the
points while the other component can shrink onto one specific point and
thereby contribute an ever increasing additive value to the log likelihood
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Maximum likelihood (cont.)

These singularities provide an example
of over-fitting, as it occurs with MLE

In applying MLE to the GMM we must
take steps to avoid finding pathological
solutions and seek good local maxima

e We can hope to avoid the singularities by using suitable heuristics, as
detecting when a Gaussian component is collapsing and resetting its
mean to a randomly chosen value while also resetting its covariance
to some large value, and then continuing with the optimisation
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Maximum likelihood (cont.)

A further issue in MLE solutions arises from the fact that for any given ML
solution, a K-component mixture have a total of K! equivalent solutions

e The K! ways of assigning K sets of parameters to K components

For any given (nondegenerate) point in the space of parameters there are a
further K! — 1 additional points all of which give rise to the same distribution

e The problem is known as identifiability
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Maximum likelihood (cont.)

Maximising the log likelihood function for a Gaussian mixture model

N K
Inp(Xm, 1, ) = 3 In (D2 me (xal e )
n=1 k=1

is a more complex problem than for the case of a single Gaussian

The difficulty arises from the summation over k inside the log

o the log function no longer acts directly on the Gaussian

Set derivatives of log likelihood to zero: Does not give a closed form solution
e One approach is to apply gradient-based optimisation techniques, feasible

e An alternative approach known as the EM algorithm, broad applicability
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EM for mixtures of Gaussians

The expectation-maximisation, or EM algorithm is an elegant and powerful
method for finding maximum likelihood solutions for latent variables models

We motivate the EM algorithm in the context of the Gaussian mixture model
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EM for mixtures of Gaussians (cont.)

First, conditions that must be satisfied at a maximum of likelihood functions

Setting the derivatives of In p(X|m, p, X) = Z,,N:1 In (Zszl kN (Xn| pec, Ek)>
with respect to the means py of the Gaussian components to zero

B kN (Xn| peic, k)
n=1 Zi 71'J"/\/-(X"“J‘jv 2])
—_—

Y(znk)

0= k(X0 — pk) (108)

where for the Gaussian distribution we made use of the form

1 1

N B) = 5o s (- ST )

Posterior probabilities, or responsibilities v(znx) appear on the RHS
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EM for mixtures of Gaussians (cont.)

0 _i TN (Xn|pk, 2k)
= 30 miN (xn| 1), X))
—— —

¥(znk)

Zk(xn — pk)

Multiplying by 2;1, assuming it is non-singular, and reordering

1 N
pk = > V(zok)xn (109)
Nk n=1

TN (Xn| i, )

where together with v(z,x) = ——————————, we defined
& 7zn) > miN (xnl 1, 25)
N
Ni = Yok (110)
n=1

Ny is understood as effective number of points assigned to cluster k
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EM for mixtures of Gaussians (cont.)

1 N
= — E X,
e Ny n=1 e

The mean py for the k-th Gaussian component is obtained by taking a
weighted mean of all of the points in the data set

e The weighting factor for data point x, is the posterior probability
v(znk) that component k was responsible for generating x,
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EM for mixtures of Gaussians (cont.)

Setting derivatives of In p(X|m, p, ) = vavzl In (Zle kN (Xn| ek Ek)>
wrt the covariance matrices 3 of the Gaussian components to zero

N
1
Sk = N—kZ’Y(an)(Xn — ) (0 — i) " (111)
n=1
which has the same form as the result for a single Gaussian fitted to data

e Again, each point is weighted by the corresponding posterior probability

Denominator is the effective number of points associated with the component
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EM for mixtures of Gaussians (cont.)

We maximise In p(X|m, 4, =) = SN I (Zszl TN (Xn | ek, Ek)> wrt the

mixing coefficients 7, taking into account of the constraint Ele =1

Using Lagrange multipliers and maximising

K
In P(X|7T,IME)+>\(Z7TI(* 1) (112)

. . . e k=1
gives us an expression with responsabilities
K

0=3" N (xn|pk, 2k)

= 5 N (g, 2i) (113)
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EM for mixtures of Gaussians (cont.)

Multiplying both sides by 7x and summing over k using constraint
Zle m, = 1, we find that A = N which can be used to eliminate A

N
N

T =

(114)

The mixing coefficient for the k-th component is the average
responsibility taken by that component for explaining data
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EM for mixtures of Gaussians (cont.)

1N

B = an:;v(znk)Xn
1N

X = *Z’Y(an)(xn*uk)(xnfuk)T
Nkn:l
Ny

Tk N

These do not make for a closed-form solution for the mixture parameters

o It suggest an iterative scheme for maximising the likelihood
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EM for mixtures of Gaussians (cont.)

We choose initial values for the means, covariances, and mixing coefficients

Then we alternate between two updates, until convergence

e E-step or Expectation-step, the values of the parameters
are used to evaluate posterior probabilities
_ p(zx = 1)p(x|zx = 1) TN (x| ik Ek)
Y(zk) = plzk = 1|x) = =% =—
Zj:l p(z; = 1)p(x|z; = 1) Zj:], TN (x|, Zj)

e M-step or Maximisation-step, probabilities are used to
re-estimate means covariances and mixing coefficients

1N

B = N—knz:;”r(znk)Xn
1N

B o= > A(Zak) (% — ) (%0 — i) "
Nkn*l
N

Tk = —_—

N
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EM for mixtures of Gaussians (cont.)

At each update, the parameters resulting from an E-step followed
by an M-step are guaranteed to increase the log likelihood function

A mixture of two Gaussians, with centres initialised as in the k—means
example, and precision initialised to be proportional to the unit matrix

O Data points as green dots
Q Contours at one standard deviation

-2 0 @ 2
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EM for mixtures of Gaussians (cont.)

2 .
Q 0 '.'&} Result of the first E-step
0 . oty * Points dyed with a proportion of ink equal
L0 T to the posterior probability of having been
O generated by the component Gaussians
2 +*
-2 0 (b) 2
) Result of the first M-step
The mean of the blue Gaussian moves to
the mean of the dataset weighted by the
0 e -
probabilities of the blue points
The covariance of the blue Gaussian
-2 equals that of the blue points

-2

The Gaussian
distribution

UFC/DC
ATAI-l (CK0146)
PR (TIP8311)
2016.2

Marginal Gaussian
distributions

Bayes' theorem

Maximum likelihood

Bayesian int

Student's t-distribution

Maximum like

Expectation-maximisation
for mixtures of Gaussians

k-means clustering

EM for mixtures of Gaussians (cont.)

-2

-2 0 (d) 2 -2 0 (e) 2 -2 0 (f) 2

The EM algorithm takes many more iterations to reach convergence compared
with k-means, and that each cycle requires significantly more computation

It is common to run k-means to find a suitable initialisation for a
Gaussian mixture model that is subsequently adapted using EM

e Covariances can be initialised to sample covariances of the clusters

e Mixing coefficients can be set to fractions of points in retrieved clusters
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k-means clustering

We consider the problem of identifying groups, or clusters, of data points

We have data {x1,...,xy} consisting of N observations

e x is a random D-dimensional Euclidean variable

Goal: Partition the data into some number K of clusters

o We suppose for the moment that the value of K is given

A cluster can be seen as a group of points whose inter-point distances
are small, compared with the distances to points outside of the cluster

To formalise this notion, introduce a set of D-dimensional vectors {Hk}szl
® i is a prototype associated with the k-th cluster

We can think of the various py as representing the centres of the clusters
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k-means clustering (cont.)

Given data {x,}"_, and having defined cluster prototypes {px}K_;
e Goal: Find an assignment of data points to clusters

e Goal: Find an optimal set of prototype vectors {u}K_;

The set of vectors {uk}le is such that the sum of the squares of
the distances of each point to its closest vector pk, is a minimum
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k-means clustering (cont.)

For each point x,, we introduce a set of binary indicator variables rn, € {0,1}
with k = 1,..., K telling which of the K clusters the point x, is assigned to

o If x is assigned to cluster k, then ry =1 and r,; =0 for j # k

e This scheme is known as 1-of-K coding

We define an objective function, sometimes called a distortion measure

K
1= 305 rukllxn — g (115)

n=1 k=1

A sum of squares of distances between each point and assigned prototype

o Find {roc}_; and {p}K_, such that J is minimised
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k-means clustering (cont.)

We can do this through an iterative procedure in which each iteration involves
two successive steps corresponding to successive optimisations wrt rpx and pi

The procedure starts by setting some initial values for py
e 1-st phase: Minimise J with respect to the r, keeping p fixed
e 2-nd phase: Minimise J with respect to the py, keeping rpx fixed

The two-stage optimisation is repeated until convergence

These two stages of updating rnx and updating g, correspond respectively
to the E (expectation) and M (maximisation) steps of the EM algorithm

o We use E-step and M-step also in the context of the k-means algorithm
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Consider first the determination of the rx, with the py fixed

The objective J = ZnN:1 Zle rokl|xn — k|2 is a linear function of ry
e This optimisation can be performed to give a closed form solution
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k-means clustering (cont.)

Now consider the determination of the py, with the ry, fixed

The objective J = Z,’Yzl Zszl rokl|xn — pkl|? is a quadratic function of g,
and it can be minimised by setting its derivative with respect to py to zero

Student’s t-distribution . . . . . . Student's t-distribution N
The terms involving different n are independent and we can optimise for each 22 Fok(Xn — pi) =0 (117)
n separately by setting rn to be 1 for whichever k gives minimum ||x, — k|2 o e n=1
Bpectaton masimisaton . . fo mirtres of Cavaions Solving for pux
k-means clustering e We assign the n-th point x, to the closest cluster centre puy k-means clustering ZN FokXn
= S (118)
1, if k = argmin;||x, — 2 =1 "nk
=00 otherwt gmin; e = i (116) !
otherwise
’ The denominator equals the number of points assigned to cluster k, and
overall we set px equal to the mean of all points x, assigned to cluster k
The Gaussian The Gaussian k-means C|uSteI’il’lg (COI'It.)
distribution 2l (@) distribution
UFC/DC . . . UFC/DC
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e In the initial E step, each point is assigned either to the red cluster
or to the blue cluster, according to which cluster centre is nearer

e In the subsequent M step, each cluster centre is re-computed to
be the mean of the points assigned to the corresponding cluster
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The algorithm has converged after the third M step, and the final EM cycle
produces no changes in either the assignments or the prototype vectors




