@ R — Probabilistic Modelling and Reasoning Spring 2018
& informatics Tutorial 7 Michael Gutmann

The purpose of the tutorials is twofold: First, they help you better understand the lecture ma-
terial. Secondly, they provide exam preparation material. You are not expected to complete all
questions before the tutorial sessions. Start early and do as many as you have time for.

Exercise 1. Maximum likelihood estimation for a Gaussian

The Gaussian pdf parametrised by mean p and standard deviation o is given by

AY:
p(w;é’):\/;r?exp [—(%QM)} 0 = (u,0).

(a) Given iid data D = {x1,...,z,}, what is the likelihood function L(0) for the Gaussian
model?

(b) What is the log-likelihood function £(8)?

(c) Show that the maximum likelihood estimates for the mean p and standard deviation o are
the sample mean
1
z=- Z X (1)
and the square root of the sample variance

§2 =25 (i - 2)2. @)
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Exercise 2. Posterior of the mean of a Gaussian with known variance

Given iid data D = {x1,...,7,}, compute p(u|D, o?) for the Bayesian model

1 (x—p)? 1 (b — po)?
p(fﬁlu)zmexp [—205] p(u;uoﬂg)Zmexp [—Mz;go} (3)
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where o° is a fixed known quantity.

Exercise 3. Maximum likelihood estimation of probability tables in fully observed
directed graphical models of binary variables

We assume that we are given a parametrised directed graphical model for variables z1, ..., zq,
d

p(x;0) = [ [ p(xilpai; 0:) @i € {0,1} (4)
i=1

where the conditionals are represented by parametrised probability tables, For example, if pas =
{1, 22}, p(x3|pas; O3) is represented as



plws = 1z, 20;0%,...,09)) 1 a2

03 0 0
03 1 0
03 0 1
03 11

with 03 = (03, 62,603,03), and where the superscripts j of 0*:7,; enumerate the different states that
the parents can be in.

(a)

Assuming that x; has m; parents, verify that the table parametrisation of p(z;|pa;; 6;) is
equivalent to writing p(x;|pa;; 6;) as
S;
plalpa; 6:) = [[(67) 151 p0i=9)(1 — g 1lei=owe= )
s=1
where S; = 2™ is the total number of states/configurations that the parents can be in,
and 1(z; = 1,pa; = s) is one if z; = 1 and pa; = s, and zero otherwise.

For iid data D = {x(1), ... x(™} show that

d S;
p(D;0) = [[T](63) == (1 — 7)== (6)

i=1s=1

;=1 is the number of times the pattern (x; = 1,pa; = s) occurs in the data D,

and equivalently for nj _.

where n

Show that the log-likelihood decomposes into sums of terms that can be independently
optimised, and that each term corresponds to the log-likelihood for a Bernoulli model.

Referring to the lecture material, conclude that the maximum likelihood estimates are
given by

G5 — ng—1 _ Z?:l ﬂ(xz('” = 1vpaz(‘]) =s) (7)
Comf g Z?:l ]l(palm = 5)

Exercise 4. Bayesian inference for the Bernoulli model

Consider the Bayesian model

p(z|0) = 60" (1—6)'~* p(0; o) = B(0; o, Bo)

where z € {0,1}, 6 € [0, 1], a9 = (w0, Bo), and

(a)

B, 8) x 0711 -0 ge]0,1] (8)

Given iid data D = {x1,...,x,} show that the posterior of  given D is
p(9|D) = 8(97 Qnp, Bn)
O = Qg + Ng—1 Bn = Bo + na=o

where n,—; denotes the number of ones and n,—g the number of zeros in the data.



(b) Compute the mean of a Beta random variable f,

p(f;,8) = B(f;a,8)  fe€[0,1], 9)
using that
/ PN 0P = BlauB) = (10)

where B(a, ) denotes the Beta function and where the Gamma function I'(¢) is defined
as

L= [ exp(-1as (1)
and satisfies I'(t + 1) = tI'(¢).

(¢) Show that the predictive posterior probability p(x = 1|D) for a new independently observed
data point = equals the posterior mean of p(#|D), which in turn is given by

g+ Ngp=1

EO0|D) = ——.
0ID) ag+ Bo+n

(12)

Exercise 5. Bayesian inference of probability tables in fully observed directed graph-
tcal models of binary variables

This is the Bayesian analogue of Exercise 3 and the notation follows that exercise. We consider
the Bayesian model

p(x|0) = Hp zi|pa;, 0;) x; € {0,1} (13)

9 O‘OMBO HHB 107 ) (14)

i=1s=1

where p(z;|pa;, 8;) is defined via (5), g is a vector of hyperparameters containing all o7, By
the vector containing all 52‘9707 and as before B denotes the Beta distribution. Under the prior,
all parameters are independent.

For iid data D = {x(1, ..., x(™} show that

U
n
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p(6ID) = [T T B6:, s B20) (15)

i=1s=1

where
i, =ajg+ng, Bin = Bio+ng,—0 (16)

and that the parameters are also independent under the posterior.



