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Preface

The purpose of this booklet is to give the foundations and intuitions for
probablistic machine learning. The targeted audience are Computer Sci-
entists who might have missed out on some critical components in their
mathematical education. When I started my Master’s in machine learning
in 2019, I found I had considerable gaps which made reading the literature
both intimidating and inefficient. This is why I set out to create this book-
let. T am now a PhD student at the University of Cambridge—a Bayesian
stronghold—which has only solidified my passion for the subject, and I can
only hope this helps others find their way into this field.

Probabilistic machine learning is a fascinating subject, and also incredibly
useful in practice. The field is growing rapidly, so I will regularly update
this document with new material, clarifications, and corrections. Please
do contact me at jm2311@cam.ac.uk/ if you spot any mistakes or have any
requests.

Disclaimer: Some of the structure is inspired by courses including Carl
Rasmussen’s Probabilistic ML (4f13) course at Cambridge and Dariush
Hosseini’s data mining course at UCL.


jm2311@cam.ac.uk

1 Introduction

In machine learning, we typically try to fit a model to a dataset. This model may be parame-
tererised by 6. In a Bayesian model, we assign some prior distribution over parameters. We also
have a likelihood: the probability of the data given a particular parameter setting. For example,
the likelihood of a coin toss is p(z = 1|0) = 6 where § = 0.5 for a even-weighted coin. This is
an example of a discrete distribution. In a Bayesian setting, however, this 8 is not fixed—it is a
distribution. In the next few sections, it will become clear how a Bayesian mindset enables us to
apply our prior knowledge that # is around 0.5!

Colour Coding
le)

In order to make equations easier to read, we use the following colour coding throughout:
e prior distribution
e posterior distribution
e marginal distribution
e variational distribution

n.b. the terms above will be defined at their first point of use

The key thing to understand in Bayesian statistics is the posterior update; using the prior and
likelihood, the posterior is updated according to the data. This is achieved using Bayes’ theorem:
the root of all Bayesian statistics,

PbD (\XA‘H)P(—) (9)

po(0lx) =
pp(X)

where po(0|x) is the posterior, pp(x|0) is the likelihood, pe (@) is the prior, and pp(x) is the
evidence or the marginal likelihood. The marginal likelihood is very important, see Section [3.4

Note that some literature may use lik(6|x), which is the likelihood function: it is neither a condi-
tional probability nor a probability density. Likelihood is the probability of observing the dataset
given the parameters.

Types of Probability

e Discrete variables have probability mass assigned to each event in the countable
sample space. The Poisson distribution is an example.

e Continuous variables have probability density assigned to an uncountable set.
The Gaussian distribution is an example.

e Marginal: Marginalisation is simply summing out/integrating over the probability
of a R.V as follows:

p(x) = Z p(x,y) for discrete distributions, / p(z,y) dy for continuous distributions
y

o Joint: px y(z,y) =p(X =z andY =y)
e Conditional: p(y|z)

Another useful result is the law of total probability:

p(z) = / p(zly)p(y) dy




1.1 Moments

Moments summarise key features of distributions, for example the mean, variance, kurtosis, and
skewness. We will discuss a few of these below, in addition to deriving some useful identities.

MOMENT EQUATION NAME

0 Jpx(z)dz =1

1 E(X] = [zpx(z)dx Mean

2 Var[X] = [(z — u)?px(x)dz  Variance

Table 1: Moments

Expectation is a linear operator, so for linear f, E[f(X)] = f(E[X]). Furthermore, for linear
operations the variance exhibits the following results:
Var(X) =E((X —E(X))?) =E (X? + E(X)* - 2XE(X))
=E(X?) - E(X)?
= Var(aX +b) =E ((aX +b)?) —E (aX + b))?
=E (’X* + b* 4 2abX) — (aE(X) + b)?
= a’E(X?) + 2abE(X) — a*B(X)? — 2abE(X)
= a’(E(X?) - E(X)?)
=a*Var(X)

Note that the sample mean i = % Zfil X, is an estimator of the mean, not a moment! The
same goes for other estimators such as sample variance. These estimators are, in fact, random
variables. For example:

Therefore, as the sample size increases, the error drops proportionally to the square root.

Let us now derivdl the same for the variance:

2

1 & 1 <
E[s*] =E |52 [ Xi— 5 2%
i=1 j=1
:N]\_T1Var[Xi]

Because of the multiplying factor, this is called a biased estimator. We can make it an unbiased
estimator by multiplying by ﬁ How bad are these estimators? Well, we can interpret the
standard deviation of the estimator as the error in the estimator; e.g., for the mean:

1 ZN 1 ZN 1 1
i=1 i=1

IThe full derivation of the estimator for variance is found in Appendix

Var[i] = Var




1.2 Distributions

Probability distributions are functions that outputs probabilities for given events/data. Distribu-
tions are nice to work, but note that you may encounter distributions of an unknown analytical
form. For example, products of known distributions are not always tractable. Some well-known
distributions are discussed below.

1.2.1 Continuous

Gaussian Distribution

Also called the Normal distribution. Very special distribution, used for measuring magnitudes, for
example heights or temperatures. The Central Limit Theorem states that the sum of independent
random variables (distributed however) tend to a Gaussian.

A joint Gaussian distribution is the same as a multivariate Gaussian.

1.2.2 Discrete
Counts

Suppose we have an experiment where we toss a coin n times, observing k heads. A suitable
distribution would be the binomial. What is 7, the probability of getting head? If we pursue a
frequentist approach of maximum likelihood:

p(k|m,n) oc 78(1 — 7)"~*  (binomial pdf)
arg max p(k|m,n) = arg maxlog p(k|m,n) = argmax klogm + (n — k) log(1 — )

ol —
Ologp(klmn) _k _n-k .
or ™ l-—m

k

If we approach instead in a Bayesian setting, we apply a prior distribution on our probability ...
a distribution over probabilities?

F(O[ + 6) 7_[_oz—l
L(a)L(B)

« and B are shape parameters and relate to the pseudo-count +1. The Beta distribution is defined
over [0, 1] and is actually a special case of the Dirichlet distribution, which will be discussed in a

later section. The Beta is a conjugate prior to the Binomial distribution (the posterior is Beta,
likelihood is Binomial).

Beta(r|a, §) = (1—m)Pt

Continuing with the Bayesian approach; let our data consist of a single coin toss: D = {k = 1}
with n = 1. Our likelihood:
p(Dlm) ==

Our posterior:

CB)p(Dl|m
D) = p(7|a, B)pl )

p(m x Beta(m|a, )7

o (1 — )P~  Beta(a + 1, 3)

Word Counts For example a word frequency bar chart. Zipf’s law states that the frequency of
any word is inversely proportional to its index in the ordered frequency table. Just counting words,
not taking into account order, is very simple and not very useful. Words like ‘the’ are the most
frequent but do not give much information about meaning.

Multinomial Distribution



Dirichlet Distribution The Dirichlet distribution is, as mentioned, a generalisation of the Beta
distribution, defined on the m — 1 dimensional simplex. A simplex is a higher-dimensional triangle,
defined by m — 1 points in an m-dimensional space. The Dirichlet is the conjugate prior for the
multinomial.

e The binomial to the Bernoulli is the multinomial to the categorical. (multiple trials)
e The Dirichlet to the multinomial is the Beta to the binomial.

F(Z;i « ) Hﬂ_aifl

Dir(7T|Oél, cony Oéf,n) = 1_[77171_%
i=1 g

m

=1

The «;s are the shape parameters, and E(7;) = Zofja, is the mean for the j-th element.

alpha - 0.1 alpha - 1 alpha - 10
a7 0.7 0.7

0 05| 0.
05 03] o.
0.4 0.4 0.4
a3 03] o.
LE 02 o.
01 0.1 0.1

"M== 5 4 s 6 7 8 8o O 2z 34 58 78 80 "% 23 45 8 7 8 8 10

Figure 1: Symmetric Dirichlet plot with various settings of «

1.2.3 Mapping Between Random Variables

We will discuss a method called Inverse Transform Sampling here, which is used to sample from
other distributions using the c.d.f. We discuss more complicated sampling methods in Section
[(l This is crucial for some advanced models such as the Variational Autoencoder in Section
11.1} Suppose we have a continuous r.v. U with p.d.f. py(u) and c.d.f. Fy(u), and we seek a
function f : U — X where X is our desired distribution. For maintaining the order, f must be a
monotonically increasing function.

The conservation of probability, py (u)du = px (x)dx, means:

pu(fH(x))du = px (x)dx

du

= px () =pu(f (@) =pu (f'(2))

df ()
= Y \x)

du
The same applies to the c.d.f.:

FX(x):/w px(t)dt:/m po (F1(1)) df:l;(t)dt

— Fxlo) = Ful7 (o)
Let U be a uniform distribution s.t. Fy(u) = u.
— Fx(@)=Fy(f @) =f12)=u = 2= F);l(u)
Therefore, if we have the inverse c.d.f. then we can sample from the distribution. The same applies

to discrete distributions. This is the foundation for Normalising Flows |[Rezende and Mohamed,
2015], a generative model that we will discuss in Section m



1.3 Softmax Transformation

The softmax function is very useful in machine learning, it takes a length K vector and outputs a
normalised probability distribution (adds to 1) consisting of K probabilities. It is used in multi-
class classification, and can be used in multi-variate optimisation. For example, optimise

f(x1, 20, x3) = 0.221 4+ 0.3z + 0.523

where x1, 29,23 € [0,1] and 21 + 22 + 3 =1
We can set x3 = 1 — 21 — 23. The softmax is normalised, which will satisfy the constraint. Also
due to this constraint, we have only two free variables.

3! e&2 1

1= efl +e€2+1’ 1= efl +e€2+1’ T3 = efl +e€2+1

todo finish

1.4 Types of Models

The Generative model estimates the joint distribution, and from that computes the posterior
py(y|x) to make predictions. Often this is done by inferring the likelihood px (x|y) and prior py(y).

Learning the posterior directly is termed Discriminative classification.

1.5 Graphical Models

Graphical models are sometimes treated as a separate topic, but I prefer to view them as a tool for
visualising and constructing probabilistic models. A graphical model is essentially a dependency
graph, where there is an arrow from node A to node B, where A, B are r.v.s, if B is conditioned
on A.

1.5.1 Directed Graphical Models

They are directed acyclic graphs, where for each node we assign a random variable X; and a
probability density function f;(z;,zx,), where m; is the set of parents of X;, which are those on
which X; conditions. The graphical model is possible using the chain rule of probability:

PX1,.,Xn (331, >$n) =Px, (%)P}Q\Xl (372\961) e 'pxl,...,xn,l(xn|331, --~>=’L‘n71) (1)

Equation [1| creates a fully-connected DAG, which can represent any probability distribution. The
joint probability distribution for IV variables where each variable can take on a value in X, requires
a table of size |X|". When the conditional distributions involved do not depend on all conditioning
variables some edges can be removed. Sparse graphs can lead to more efficient inference.

(a) Px,v,z = pz|yPy|xPX (b) Xa 1L Xp

Figure 2: Directed and undirected graphical models



1.5.2 Markov Random Fields

Markov Random Fields are undirected graphical models which satisfy the Markov property:
the future and past are conditionally independent given the present, i.e., X L Y|Z (independent)
iff all paths from a node in X to a node in Y pass through a node in Z. In (b), we see that nodes

in A are indep. of nodes in B.

1.6 Keep in mind

When marginalising out a variable, the limits are often not explicit.

K
ij o —1
LZ(@) = —log H /p?jj u dpij
=1

K 1
£i(©) = —log H/O Pl dpy
F=il




2 Maximum Likelihood

Before we discuss Bayesian models of inference, we will discuss an incredibly important (and simple)
concept: maximum likelihood estimation (MLE). Most neural networks carry out MLE: they
minimise some cost function which is often the negative log likelihood—in other words, maximising
the log likelihood! MLE is exactly this: maximise the likelihood. Equivalently, often we maximise
the log-likelihood, since the logarithm is an increasing function and it often makes the analytical
solution easier to derive.

Ox = max lik(f]x) = meaxpx(x|<9)

where py is either the probability mass for discrete variables or the density for continuous variables.

For example, with a binomial likelihood with n trials:

* n T _ p\n—=x
0 —mg,xxlog <$)9 (1-19)

= meax[:z: logf + (n — x) log(1 — 0)]

!
of x* n-uw _0
06 6 1-0*
zr=0"(n—z+x)
="
n

Therefore 0* =  is our MLE, i.e. the probability of success is the number of successful trials over
the total number of trials—very intuitive. We will look at this example again through a Bayesian
lens in Section 311

2.1 Least Squares Regression

Another example of MLE is least squares regressiorﬂ a 2 .
method of fitting a line through a set of points. To start : . K
with, how can we fit a line through the points on the
right? Perhaps a polynomial function would be good?
The question then is: what order should the polynomial
be? Suppose we take an M-order polynomial, fy (z). We
denote {¢; ()}, as the basis functions. Such a model .
is linear in parameters (w) but not linear in variables.

yx = fu(r) = wo +wiz + w2$2 + ...+ waM

M
= Zwa‘%‘ (z) where ¢;(z) = 27
§=0

y* = Xw

where X is the design matrix [¢o(z), ¢1(2),...]7 and w is the row vector of weights.

We then attempt to minimise the error, which is the discrepancy between the actual points y and
the model estimates y*.

2In fact, least squares regression can be derived from several directions: projection matrices and maximum
likelihood are two such starting points.

10



e=y—y*
Ew) = lell” = (y —y*)T(y —y%)
=y = Xw)T(y = Xw) = yTy —w X7y + (Xw)T(Xw)
OE(w)
O(w)
= X" Xw=y"X
w = (XTX) ' XTy which is the normal equation

=2XTXw—-2yTX =0

2.2 Regression with Additive Independent Gaussian Noise

An interesting result is that the MLE and OLS regression as shown above yields the same result
if we model the function as y*) = f,(z®) + ¢ where ¢ ~ N(0,0?), 02 is the noise variance.
Thus € ~ N(0, 0%I), which is called an isotropic multivariate Gaussian. Isotropic because there is
only variance along the diagonal, therefore it will be a hypersphere.

Since we are assuming noise is independent, and there are N terms (len(e) = N), the following
result follows simply from the Gaussian PDF:

€)= N(0,0%1) = [[ ple™) = ( ! )Nexp (20)

il oV 2T

Since y = y* + &, we can work out the probability of the data y given the model estimate y,
by constructing the same normal distribution with the mean as the estimate and variance as the
variance of the noise! In other words; centered around the point, with the spread at that point.

eTe = ||€||2 =y — y*H2 = F(w) from the sum of squared errors from before
N
‘ 1 ly — y=?
= N(v*.o2I) = _
ity =o' = (=) e (-2

Since yx = Xw, for a given X, p(y|y*) = p(y|w). Ahah! The likelihood function of w has fallen
out. Thus we attempt to maximise the likelihood £(w) x p(y|w):

_ 2
77“}’ il > = argmin F(w)

202 w

wx = arg max £(w) = arg max exp <
w w

Above is possible since exp is an increasing function. Note how this is the same result at with the
least squares method. Overfitting is still an issue, with MLE, more complex models overfit the
data. Next we bring Bayes into it.

11



3 Bayesian Inference

3.1 Maximum a posteriori

The MAP estimate is the point estimate of a parameter 6, which is essentially the MLE but taking
into account the prior. Suppose we have observations x from the distribution p(z|@). Start with
the MLE. We therefore need the likelihood: lik(6|z) = p(x|6)

We can calculate the posterior using Bayes’ theorem. We have a prior belief in the form of a

distribution over 6, peg ()

' (210)pe
p(0lx) = M

We now maximise the posterior, noting that the marginal likelihood does not affect the maximi-
sation of € and is always positive so we can ignore it:

p(z|0)pe(8)

0+ = argmax p(f|x) = arg max = argmax p(z|0)pe(0)
0 0 0

3.2 Conjugate Priors

If the prior and posterior distribution are in the same family then they are said to be conjugate
and the prior is the conjugate prior to the likelihood. We will continue our example from Section
where we have a binomial likelihood: p(z|6) = (7)6%(1 — 6)"~”. Since we are doing Bayesian
inference, our parameters must be given prior distributions. In this case, we need a prior for #: the
probability of success. We therefore need a distribution of probabilities. The beta distribution
is one such distribution, which also happens to be the conjugate prior to the binomial and Bernoulli
likelihoods. It is defined as:

1
B(e, B)

p(6) = 01— )"

where a and 8 can be interpreted as one plus the pseudo-counts. For example, if you have seen 5
successes and 4 failures, set « = 5,8 =4. B(a, ) is defined as:

L(a+B)
B(a,p) = =7 =727
2 = Tas)
where I'(z) = (z +1)! Now we will show that the beta distribution is the conjugate prior. Starting
with Bayes’ rule:

pl0pe()  ()OFA—0)" " g0 (1 —0)°
p(f|x) = = -
p(x)

n a —1lpzta—1 _ pyn—z+p-1
_ (@)Ble.p) et (1 - 0) 3)

n! C()T(B) pz+a— n—x -
I i oz A S A @

g
I'(n+ DIT(a)D(5)
Fz+1)I'n—2x+4+ Dl (a+ p)

9w+a71 (1 _ 9)n7w+571

12



We pause here and calculate the marginal:

= p(z]0)pe(0) (6)
- /9 CpTreml(] — gyn—eth-lqg (7)

unnormalised Beta(a+z,n—z+3)

:9.B(x+a,n—x+5)/B(x+a

1
n—x+p)

normalises to 1

ex—i-a—l(l o 0)n—w+,8—1 do (8)

where we multiplied and divided by the B(+) in order to normalise the integrand in Eq. 8] Plugging
this marginal into the intermediate result Eq.

L 9 . 9m+a71(1 _ 0)n7z+571
= Beta(x + a,n — x + B)

Since our posterior is also beta, it is conjugate with the beta prior. We can finish this example by
calculating the MAP and comparing it to the MLE! We maximise as follows:

0* = argmaxlog p(0|r) = arg maxlog Beta(x + a,n —x + 3)
0 0

eerafl (1 o 9)n7m+ﬁfl

= argmaxlo
gg & Bz+a,n—xz+p5)

=argmax(z+a—1)logh+ (n—x+ 5 —1)log(1 —0)
0

0 x—l—a—l_n—m—i—ﬂ—l

2 0 1-6
o  zta-—1
MAP ™ nta+8-2
Compare this to our MLE: 0y, = . They are equivalent if « = 8 = 1, and otherwise they reflect

whatever prior information we give with our setting of o and 5. Very satisfying!

3.3 Gaussian Likelihood

Take a model M, representing a choice of model structure and parameter values. Let the structure
be y = fu(x)+e, the probability of the data is conditional: p(y|x). The Gaussian likelihood

1S:
(y(l) - fw(x(i))2>

N
plvbes w) o [T (-

i=1
Fit the model by optimising for the weights (MLE):

wxk = arg max p(y|x, w, M)
w

After maximisation, make predictions from p(y|z, w=*,M). Notice how it now uses the fitted
weights.

With a certain likelihood distribution, the conjugate prior is the distribution such that the posterior
will be tractable (there is a closed form). Here we will have a Gaussian likelihood p(y|x, w, M) =
N(Xw, 02I) and Gaussian prior p(w|M) = N(0,02).

13



Let’s now apply Bayes’ rule as before to include the prior. We first calculate the posterior:

, W, M)
p(wlx, y, M) = p(y|x, w, M)p(w|M)

= N(lj’v 2)

1 1
X exp (_W|Y - Xw|2> exp (—2WTEw1W>
1
= exp (—2(<XW)TXWO'_2 —2yT(Xw)o 2 + WTZ;1W)>
1
= exp (—2 (WI(XTXo 2+ 5, )w — 20_2WTXTy)> 9)
Notice equation (1), remember completing the square with a scalar equation e.g. 2% + zy + y%.
With matrices, the result is similar:
2TAz+2Tb+c=(z—p)TA(x —p) + k

where 1 = —2A71b, k = ¢ — 1bTA='b. Apply this result to the exponent as follows:

1
—exp (5w - TE )
where & = (¢ ?XTX + £ 1)1,
1 -
p=-3 x —202%"! 1XTy =0 XXy

Reminder of the marginal: p(z) = [ p(z,y)dy = [p(z|y)p(y)dy we need to marginalise out the
parameters in order to make predictions. The following is the predictive distribution:

p(ylz,x, y, M) = / Py, wle, x,y, M) dw = / plylz, W, %, ¥, M)p(wlx, y, M) dw

3.4 Marginal Likelihood

We marginalise out w from the marginal likelihood . If there is confusion regarding
w not being conditioned on, I believe the intuition is that the distribution of w is in some way
parameterised by x. This is an application of the law of total probability.

:/p(W|X,JVT)p(y x, w, M) dw

One then optimises the marginal likelihood to tune the hyperparameters.

To demonstrate how the marginal likelihood assists in model selection, we apply Bayes’ rule again:

_ My, x)p(y|x)
pM)
p(M)
pMly,x) = W X p(M)
Since the probability of a model given the data is proportional to the marginal likelihood, this
provides some hand-wavey intuition as to why the marginal likelihood gives some kind of score to
the model.
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4 Gaussian Processes

4.1 Non-parametric Modelling

Previously the models discussed have been parametric. These parameters are marginalised over to
yield a predictive distribution.

py*la",x,y) = /p(y*\m*,w,xy)p(w\xy)dw

Observe the last term, the p(w|x,y) is a bottleneck for the model; there are a fixed number of
parameters for the model. In fact, the distribution over the parameters implies a distribution over
functions. A non-parametric model would work directly with such a distribution. Moreover, the
predictive distribution is usually an intractable integral. Which distribution is easily integrable?

Gaussians
Suppose we have the joint probability:

pr| |Y11 Yo
x1,X2) =N ,
roas) =N (L] o 52])
e What is the marginal distribution, p(x;)?
We integrate out xs:

p(x1) = /p(Xl,Xz)dxz = N(p1,%11)

e What is the conditional distribution, p(x;|x2)?
This has the solution p(x1|x2) = N(ge, X.) where:

fre = pi1 + 212555 (X2 — i2))
Yo =311 — 212555 B

M=0 M=1 M=2
Recall a model using basis functions: f,(z) = E— P
Z%:o Wy @ (x). A prior over the weights p(w) induces N o ;
a prior distribution over functions, p(f). e e e T R
M=3 M=5 s M=17
How do we make predictions from such a distribution ; " S
over functions? Given a parametric family of functions, oq o;/ 0
f(x|f) and a prior over f, Bayesian modelling helps us "L = L
predict given the data, p(fly, x): S
 plylx, £)p(£) Flgure 3: Polygomlals are not a great
p(fly,x) = —————=. prior over functions: after 1 they expe-

rience rapid growth.

4.2 Definition

Definition: a Gaussian process is a collection of random variables, every finite subset
of which are jointly Gaussian.

where m(z) is the mean function and k(x,z’) is the covariance function. A GP is a Gaussian
distribution with an infinitely long mean vector and infinite covariance matrix. We can’t really
reason with an infinitely long mean vector and covariance matrix, so we restrict ourselves to a
finite subset, and rely on the marginalisation property to marginalise out the infinite. So now
we’ve learnt how to draw random functions, but this is not useful, we want to somehow model
the data.
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Since we are in a non-parametric model, the parameters
are the function itself. Let’s go through the same Bayesian
inference procedure as in Section [3.3 but plug in the func-
tion r.v. instead of the parameter r.v. We first find an
expression for the likelihood:

p(y|x,f) ~ N(f,aQI) 1

where f is the vector of function applied to the input data. =2
We can do this instead of a Gaussian distribution over |
y|x since we only know what the function is doing at the

observations.
We have a Gaussian process prior for the functions, as we "
saw before: p(f) ~ GP(m = 0,k) S =6 -1 2z 0 z 1 6 § 1o

The posterior is calculated by multiplying the likelihood
and the prior. Product of two Gaussians is a Gaussian. Figure 4: The arrows are eigenvectors
This leads to an infinite Gaussian, which is a Gaussian of X scaled by the sqroot of their eigen-
process. values.

/—)<f‘Xa Y) ~ 9?(mpost7kp0st)

And the following predictive distribution:
p(Y«lzi, x,y) = /p(y*,f|xvy,x*)df = /p(y*lx*,f,x,y)p(f\x, y)df

What does the marginal likelihood look like? The evidence is just the probability of observations
where the function has been marginalised out. This yields a closed form solution:

1 1
log = —§yT[K + o020y — 5 log[K + 021 — glog(Zﬂ')

where the data fit measures how well the model fits the training data, and the complexity penalty
penalises how big the model class that we’re using. The nice thing is that there are no hyperpa-
rameters here like with regularisers; Occam’s razor is automatic.

4.3 Hyperparameters & Covariance Functions

Kernel methods are useful since they can express an infinite amount of features in closed form using
the dot product. This section will outline how we can obtain such a kernel. First, what is positive
definiteness?

A symmetric matrix A € R™*"™ is positive definite if xTAx > 0 Va #£ 0.
Let’s build an intuition of what this means.

flzy)=[z vy B g} m = 2® + 6ay + 8y*

What are the roots of the equation f(z,y) = 0?7 To calculate them we
can set r = o« and y = 1E| Now our equation is x2 + 6z + 8 with roots + X2
r = —2, x = —4. Plug in any value for x in between our two roots:

: o2
F(=3,1)=9-18+8=—1 Figure 5: z° 4 6x + 8

shows our matrix is not positive definite.

3We have essentially scaled y by a: let ¢ = 8 and y =v. Now set z = f/y =a and y = 1
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Let us now apply this in the case of a covariance matrix. Suppose we have two variables jointly

Gaussian: ,
e~ (I . m=[7 4])

We will now see that for the covariance matrix to have any meaning, it must be positive semi-
definite. Suppose Z = aX + bY

What is the distribution of Z7? Gaussian. The mean is trivial: E(aX + bY) = aE(X) + DE(Y) =
ap + bv. The variance is also easy:

Var(aX + bY) = Var(aX) + Var(bY) + 2Cov(aX,bY) = a*c? + b*p? + 2E((aX — ap)(bY — bv))
=a%0? + b%p? + 2 (abE(XY) — abE(X)E(Y)) = a®0? + b%p? + 2abCov(X,Y)
= a%0? + b?p? + 2aba

Common sense tells us that Var(Z) > 0 (variances can’t be negative). Thus the only covariance
matrices that are permissable are those that are positive semi-definite.

Z~N<au+bl’a [a ] [o: /?2} {ZD

~ N(ap+bv, wTEw) wherewT2Zw >0

Notice the similarly to the result Var(aX) = a?Var(X)

4.3.1 Hilbert Spaces

Let H be a vector space over R. The inner product (-,-) : H x H — R iff (i) (afi + Bf2,9) =
alg, f1) + Blg, f2); (ii) (f,g9) = (g, f); (ili) (f, f) > 0 and is 0 only if f =0.

A Hilbert space is a space where the inner product is defined in addition to another technical
condition relating to Cauchy sequences, which is not necessary to go into here. A kernel is defined
as follows:

The function k£ : X x X — R is a kernel if there exists a Hilbert space and a map ¢ : X — XH s.t.
Va, 2" € X, k(z,2") = (¢(x), ¢(2'))

4.3.2 Positive Definiteness of Inner Products in Hilbert Spaces

Let H be any Hilbert space, X a non-empty set and ¢ a feature mapping. This implies that
k(z,y) = (6(z), d(y)) is a positive semidefinite function.

Proof. The norm is written as

1l = V(£ )

Z Z aaik(z;, x;) = Z<ai¢(gji)v ajp(z;))

= (i), Y aj(a,))

= ‘ Z%(fﬂi)

The reverse direction also holds. A positive semidefinite function is guaranteed to be the inner
product in a Hilbert space. Thus positive semidefiniteness is a way of proving a function is a
kernel.

>0

O
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4.3.3 Reproducing Kernel Hilbert Space

We now have kernels on feature spaces. We want to define what our functions on X look like. The
space of these functions is known as a reproducing kernel Hilbert space.

1
Suppose our feature map ¢ : R> — R3 is, for example, ¢ ([;1}) = | zo | with a dot-product
2 12
kernel k(x,y) = «Ty. This feature space is denoted by H

Let f(x) = axy + bxg + cxyzo or f(-) =

o o Q

We can also express f as f(x) = f(1)To(x) = (f(-),0(x)). ¢(x) is a function mapping R? — R?
and defines the parameters of a function mapping R? — R. To illustrate this further, take

For every y, there is a vector k(-,y) s.t. (k(-,y),d(X)) = axy + bxs + cx122 where a = y1,b =
Y2,C = Y1Y2

This is equivalent to
(k(-,x),0(y)) = uyr + vy2 + wyr1y2 = k(x,y)
So we can write ¢(x) = k(-,x) and ¢(y) = k(-,y) without ambiguity.
This shows that:
e cvery feature mapping is in the feature space: vx € X, k(-,x) € H;
o Vx e X,Vf e X, (f,k(-,x)) = f(x)

This last property is the reproducing property. It yields another appealing property: the norm
in an RKHS is a natural measure of how complex a function is.

4.3.4 Squared Exponential (RBF)

(x —2')?

k(z,z") = v® exp (— T ) + 0203

Example: [ is length scale for a squared exponential covariance function. It’s roughly the length
between inputs before the covariance is lower. You can have anisotropic RBF kernels where
there are multiple length scales, one for each direction in the input space. That way you can

accommodate input features that are on different scales.

4.3.5 Periodic

2sin? (7w (z — 2'))

k(xz,2") = exp(— Z )

The a’s are first mapped to u = [sin(z), cos(x)]T and then distances are measured in the u-space.
If the length scale is larger than the period, then the covariance is high, whereas in the inverse
case, there can be a lot of action within the period.
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4.3.6 Reproducing Kernel for Vector-Valued Functions

Our reproducing kernel is now defined as a symmetric function k : X x X — RP*P st. k(z, ')
yields a positive semidefinite matrix.

Let 3 be the vector-valued RKHS over functions f : X — R”. This means that ¥x € X,Vf €
H,Ve € RP| f(x') = k(x,x')c belongs to H

and the reproducing property is written now as: (f, k(-,x)) = f(x)Tc

4.4 Coregionalization

Coregionalization originated in geostatistics literature, where it is known as cokriging. In order
for covariance functions to be valid kernels, as seen before, they must be positive semidefinite.
Suppose we have a multi-output problem with D outputs. In the linear model of coregionalization,
these outputs are a written as a linear combination of ) independent latent functions which have
zero mean and a covariance function.

For each d € {1, ..., D}, the output is determined by the function f4(x) with p-dimensional input

vector X.
Q
x) = Zad,quq(x)
qg=1

ko(x,x’ =q

:I(X/)) — q( ) q q ) ,
0 otherwise

due to independence. Some of these latent functions can share the same covariance kernel and can

be grouped:

where u4(x) are the latent functions with covariance Cov(u,(x), u

Ry

Q
= Z ag quq

g=1i=1
. . : % . .

where ug(x) have covariance Cov(ug(x), ug (x')) = kg(x,x’) for i = i', ¢ = ¢’. There are now Q

groups of functions, within each one sharing a covariance function.

We can now write the cross-covariance between functions as:

Q R, R,

Cov(fa(x), for (x')) = (K(x,x"))a.0r = Z STNTN T algal - Covul(x), ul (x'))

q=1q'=11i=1 =1

q

E al Aty o - kg(x,x') by independence
qg=11i=1

Q
:Zbdd,k (x,x")
q=1

M

R . . . . . . .
where b3, = >, aj aly , which forms a D x D matrix B, called the coregionalisation

matrix. The rank of B, the number of linearly independent row or column vectors, is intuitively
determined by R,.

Writing our kernel K(x,x') = Zqul B,k,(x,x’), one can intuit that this is a sum of the products
of two kernels (called separable kernels), one that models the output dependencies (B,) and one
that models the input dependencies (k).
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4.5 Relation with Linear in the Parameters Model

Consider f(z) = ax + b where a ~ N(0,a), b ~ N(0, 3). We can work out the mean function (see
for derivation):

wlx) = //aa:—l—b b)dadb—/axp( da—l—/bp =0

And now the covariance function:
ke, 2') = E(f(z) - 0)(f(z) - 0)] = / / (az + b)(az’ + b)p(a)p(b) dadb
= //(a2acx’ + b% 4 ab(z + 2"))p(a)p(b) da db
- /b p(b)ez / ap(a) + (&' + ) / /b ap(a)bp(b) + / p(a) /,, 0
=azxz' + 8

So we have, in a very overly complicated way, constructed a linear model. We can now take this
finite linear model and go to a Gaussian process (infinite):

M
=Y wnom(x) p(w) =N(0, A)
m=1

The joint distribution of any vector f = [f(x1), ..., f(xn)] is a multivariate Gaussian and therefore
a Gaussian process. The mean function is 0. The covariance:

k(zi,x5) = Covw (f(zi), f(x;)) = E(f (i) f(2;)) — E(f(2:))E(f(z;)) = E(f (i) f (;))

M M
= / ZZwkwlgﬁk(xi)gm(xj)) p(w)dw = ...
M M
= ZZ%(%)@(%‘)//wszp(wk,wl)dwk dw

k=11=1

This shows that any linear in the parameters model with Gaussian prior over weights, is also
a Gaussian process. Mercer’s theorem states that every GP also corresponds to a linear in the
parameters model but not necessarily a finite one.

We will now show a very cool result that a squared exponential covariance function corresponds
to a linear in parameters model with infinitely many Gaussian bumps.

Consider the following Gaussian bump basis function:

N/2 2
n
f(z) :1\}5{1}0— E Y €XD ( < - \/N> ) where v, ~ N(0, 1)

—N/2

We use the sum (limited to infinity) to place bumps everywhere along
x.

But imy o0 + o N2 =

/ " () exp(—(z — u)?) du

Figure 6: Example
20 Gaussian bump



u(w) = E(f ()
— [ o= w) [ aupr) drw) de=0

—0o0 — 00

4.6 Eigenvectors and Relation to PCA

Let’s visualise what a 2 variable joint Gaussian distribution (2-D multivariate Gaussian) would
look like.

15 ; 15
10 . R . . 10 v
0 . - ‘. .8 :: ..'.'..':" ) . :. . Ve 0s /. ~
., ._" _‘l‘_-_ .'_" L B
00 o gt _ wart .t 00
Cah g T vl .’-/
05 4, - .'. ._-\.'. BT 05 -~
-10 - e s T -10 o
154 . . ‘ . . . el
15 1o -0s 00 05 10 15 15 -lo -0s 00 05 10 15
. 102 04 . ) 102 0.2
Figure 7: (z,y) ~ N (0, Y= {0.4 02]) Figure 8: (z,y) ~N <0, Y= {0.2 0.2})

4.7 Cholesky Decomposition

Due to the marginalisation/consistency property (or even the definition of a GP), the marginal
(and the conditional) distributions are also Gaussian.

Recall p(f) = [ p(f,y) dy, but now suppose y is infinitely long.
a A B
sy =N ([a].[ 4 ©]) = 0 =a.a)

Cholesky factorisation decomposes a positive-definite matrix A = RTR where R is upper trian-
gular. Essentially the “square root”.

We can sample now from a D-dimensional joint Gaussian with mean vector m and covariance
matrix K.

z = randn(D, 1)
y = chol(K)Tz + m

E((y —m)(y—m)T) =E(RTzzTR) = RTE(zz")R = RTIR = K

4.8 Gaussian Process Example

y=1/[f+e

y are our training outputs.

where the likelihood for our data y is p(y|f) = N(f, o%I)

Any set of function variables f has p(f|X) = N(0, K)

The marginal likelihood is p(y) = [ p(y|f)p(f)df = N(0,K + ¢°I)

For prediction, consider joint training and test marginal likelihood:
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K,y Koy
“=N(0
p(y,y") ( ’[Km K”D

Conditioning on training outputs:
p(y*ly) = N(p, %)

where

p=Kip[Kpw + 01y

Y =Ky— KK} Kg

4.9 Scalability

GPs scale poorly due to the O(n?) matrix inversion. In Section we will discuss methods of
scaling GPs using inducing point approximations.
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5 Gaussian Process Classification
Now, the likelihood is categorical and we have a new likelihood:
p(yle) = o(f(2))*(1 —o(f(2))' ™)

where o is the sigmoid function.

The integral is no longer tractable.
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6 Monte Carlo

How can we integrate an intractable function?

We want to find approximate expectations of a function
¢(x) w.r.t. probability p(x). 1

Ep)[6(2)] = / $(x .

We could lay out a grid and compute

T
[ oot dx~ 3 o(x)pix")Ax
T=1

. However, this requires too many points if the dimensionality increases (suppose we have a grid
of 10 points along each dimension).

6.1 Monte Carlo
If we choose the points from the distribution p(z) then

Ep(a)|o =T Z p(x()  wherex(" ~ p(x)

Furthermore, due to the central limit theorem, the sum of the independent samples yields an
unbiased estimate: V[(b] VM so this variance is independent of the dimensionality of x.

This leads to the question of how we sample from p(x)? What if it is intractable?

6.2 Markov Chains & Gibbs Sampling

What if we are trying to find the posterior p(f|x) = %. We don’t need the denominator

to get the shape of the posterior - we just need the relative value of the posterior at one point
versus all others. This involves (for continuous variables) an infinite number of calculations. This
is where dependent sampling comes in, and in particular Markov chains. A Markov chain is a
sequence defined by a transition function ¢(z’'|z). Gibbs sampling states that if you generate a
new = but keep all other components the same, by sampling it from this distribution:

z; ~ (2|21, oy Tim1, Tig1, s TD)

If you iterate this over all the indices, and repeat this process many times then the sample will
have the correct distribution. Of course this conditional distributions must be known.

https://www.youtube.com/watch?v=ER3DDBFzH2g

6.3 Example: Step Model

Suppose
xi<p ~ Poisson()), ;59 ~ Poisson(u)
Such that
e~
plx:) = x!
e AN
= exp(zlog A — A —log(a!)) <= log —5— = —A+xlog A —log(!)
z!
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with priors:

A ~ Gamma(a,b), p~ Gamma(a,b), 6~ U(1851,1961)

1

ba)\afl —bA
T(a) ‘

p(\) =

But since log (ﬁb“)\a_le_b’\) = —logT(a) + alogb+ (a — 1)log A — bA:

p(A) = alogb —logT'(a) + (a — 1) log A — bA
p(n) = alogb —logI'(a) + (a — 1) log pn — by
We wish to find the posterior, so we can use Bayes’ theorem:
p(0, A, plx) o< (|0, X, 1)p(6, A, 1)
= p(xi<ol6, ) - p(xi>00, 1) - p(6, A, 1)
=[] exp(zilog A — X —log(x:!)) [ [ exp(ailog u — pu — log(xi!)) - p(6, A, 1)

i<0 i>0
log p(0, A, pl) o< > (wilog A = A —log(i!)) + > _(w;log pp — pu — log(:!)) + log p(6, A, )
i<6 i>6

To find the conditional posteriors for the parameters, we ignore terms which do not include that
parameter.

log p(\|z, 0, 1) = Z(zz log A — A —log(z;!)) + alogb —logT'(a) + (a — 1) log A — bA
i<
x Z(milogx\— A) + (a—1)log A — bA

i<6

(=14 (z:))logh— Y A—bA
i<0 i<0

oc(a—1+Y (z;))log A — (6 + b)A
i<6

x log Gamma(a + Z(xl), 6 +b)
<8

Similarly;

log p(plz, A\, 0) x (a — 14 Z(xl)) logpp— (N —60+b)u
i>6

x log Gamma(a + Z(xz), N —-60+b)
i<0

It is worth noting at this point that the Gamma and Poisson are conjugates.

log (6], A, ) o Y (w;log A — A —log(x;!)) + Y _(wilog e — pu — log(x;!))

i<6 i>6
o (wilogA) = OA+ > (wilogp) — (N — O)p
i<6 i>0
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This is not a standard distribution, but simple enough to sample. Sample it from i = 0 : N and
use it to construct a multinomial distribution
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7 Ranking
7.1 Towards Probabilistic Ranking

Suppose we have player 1 and player 2, with skills wy,ws respectively. The skill difference is
therefore s = w; — wy. The performance may not be perfectly consistent though, so we can add

noise:
t=s+n wheren ~N(0,1)

+1 player 1 wins

The game outcome is given as y = sign(t) = { L ol 5 wi
—1 player 2 wins

p(tlwr, we) = N(wy — w2, 1)
p(y = Lwy,wa) = p(t > 0wy, we) = ®(wy — wy) where P is the cum. dist.

We can now construct the likelihood:
plylwi wsy) = ®(y(wy — ws))

We can also write the likelihood as this kind of chain:

p(ylwr, wo) = //p(ylt)p(tIS)p(SIwhwz) dtds

Recall Bayes’ rule:

p(y|w)p(w)

p(wly) =
plwy, waly) = Plylwn, wa)plws pws) our data is y
_ p(y|wy, wo)p(wy)p(ws)
_ O (y(wy — ws))N(wy|p1, oF)N(ws|pz, 03)
[ @(y(wy — w2))N(wi|p1, 0F)N(wa|pa, 03) dwy dws

where we set the prior to be p(w;) = N(w;|u;, o?)

Everytime one has a game and an outcome, then skills are correlated, since one player will win, so
their skill will be higher. This posterior does not have a closed form, since it is not Gaussian.

The prior over y, the normalising constant, the model evidence, )
the marginal likelihood, does have a closed form: e ety / :

y( — p2)
ply) = @ ——
V1+o7+ o035
Consider if we are very uncertain about the skills, then the ar-

gument to the cumulative distribution gets closer to zero, so the
probability of the outcome gets closer to 50%.

dansity pf] and curmulative probabilty 9

7.2 Gibbs Sampling in TrueSkill

Suppose for games g = 1, ..., G we have a the variable I, and J, for the id of the first and second
+1 I, wins,

player. The outcome is y = o
—1 otherwise
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We first initialise w from a prior p(w). We then need the performance differences:
ptglwr, 1) o< 0(yg — sign(ty))N(wr, —w,y,,1)

The conditional distribution of the performance differences as above is a univariate truncated
Gaussian, sampled either using rejection sampling or ”inverse transformation” method.

Jointly sample the skills:

Q

p(wlt,y) = p(wlt) o p(w H (tglwr,, wy,)

But t =s+N(0,1) = p(ty|lwr,,ws,) < N(w;wr, —wy,, 1)

Let pg = wy, —wy, and t; = pu1 — p2. Refer to appendix for an expansion which doesn’t show
much.

For Gibbs sampling, we then iterate back to calculating the performance differences.

When one conditions on a random variable, the value of the random variable is fixed, which
simplifies things.

The product of two Gaussians yields an unnormalised Gaussian:
N(/},a, Ea)j\r(,uba Zb) = ZCN(H@’ Zc)
SN =N AN e = Be(B7 a + Xy )

Suppose p(w) ~ N(uo, 2g). Using the above results of multiplying Gaussians:

G
=5+ n!
g=1

1
p(tglwr,,wy,) < eXP(—i(ng —wy, —tg)?)

1 1 —1f |wr, — 1
PN for, =g, = g [1 1} Lufiuz b

An alternative to Gibbs sampling for TrueSkill is message passing on graphs.

7.3 Message Passing on Factor Graphs
Factor graphs are a type of probabilistic graphical model.

We can lay out the probabilities in a factor
graph. Suppose:

O—a—0w—=

p(vawax7y7z) = fl(v,w)fz(w,x)fg(x,y)f4(x Z f,(v.W) £,(W,%)

We can now ask questions like what are the
marginal distributions, conditional distribu-

tions, p(w)?
=333 A ) fa(w, ) fala, ) fala, 2)

fal%,2)
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Computing this is K* sums (where K is the number of values the variables can take) and K possible
values of w therefore O(K®). We can break up the factor graph above into two subgraphs split at
w.

p(w) = Z fi(v,w) Z Z Z fo(w, z) f3(x,y) fa(x,2z) and while we're here...
=Y Aiw,w) Y folw,2) Y falw,9) > falx, 2)

We call these components messages
my, (W) = Y fi(v,w)
My, w(w) =3 3N folw, o) fa(z,y) falx, 2
=Y folw,2) Y > falw,y) falw, 2)
= flw, x)m;h ()

p(w) = my, (W) - mp (7)Mo (@)

So nodes take incoming messages and passes them on.
In summary message passing involves three update equations:
e Marginals are the product of all incoming messages from neighbour factors
p(t) = ] my-e()
fEF:
e Messages from factors sum out all variables except the receiving one

e Messages from variables are the product of all incoming messages except the message from

the receiving factor
p(t)

myg— f (t) = my (t)

The benefits of this are partial and localised computations.
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8 Expectation-Maximisation

8.1 Gaussian Mixture Models

In a GMM, the parameters are 6 = {Mj,ajz,ﬂj}jzlmk. We have one latent variable for each
datapoint z;, an assignment to a class. GMMs can represent any distribution. We wish to find:

arg max p (X10) = Hp ;|0) = HmN il X1) +

subject to Ef m. = 1 and X; > 0. This psd constraint is quite tough. So we introduce the EM
algorithm for efficiently training these models.

We represent the GMM as a latent variable problem, where we introduce a latent variable z for
each datapoint such that p(z = ¢|f) = 7.. We assign a Gaussian prior on data. We now marginalise
away the latent variable:

p(xlz = ¢,0) = N(z|pe, Xc)
K

p(x]0) = Zp(x|z =c¢,p(z = o)

c=1

which gives us the same likelihood result as without the latent variable, z, which we refer to as the
source.

O—@

Figure 9: Graphical model for the GMM.

The idea of the EM algorithm is that we keep iterating between keeping the parameters and the
sources fixed.

Keeping the sources fixed, we can calculate the parameters:
p(x|z = 1,0) = N(z|u1, 07)

where p(z; = j|0) = m;. We will derive pq1,01 for “soft” assignments in the next sections, which
> p(zi=1|zi,0)x;

would result in pu; = S oGm0 For now, suppose we choose a hard assignment: p; =
2 1
Ziejl T 0_2 _ Ziejl(wifﬂl)2
9.0 > 71 1911 "

Keeping the parameters fixed, we can work out the sources. Suppose our parmeters are p(z|z =
1,0) = N(—2,1), and we want p(z = 1|z, 0),

Pz = 1z, 0) = L&

The normalising constant can be determined explicitly: it is marginalising over just K terms.
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8.2 Mathematical Machinery
8.2.1 Jensen’s Inequality

A function f is concave is such that all function values between any two points are greater or equal
to the value of the line at that point which joints the two points:

Va,b,a: f(aa+ (1 — a)b) > af(a) + (1 — «) f(b),

where « € [0, 1] represents the distance along the line between a and b. This generalises to multiple
as:
f (Ep(z)z) > Ep)f(2) (Jensen’s inequality)

8.2.2 Kullback-Leibler Divergence

K (pllo) = [ oo iog 2 ds

This is an asymmetric and non-negative metric. Proof:

~Kelpll) =B (-10g2 ) =, (1052 )

E, <1og p) <log (Ep> = log /p(x)]ﬂdx =0 wusing Jensen’s inequality
q q q(z)

8.2.3 Mutual Information
MJ(X7Y) = j<:'C’(pX,Yapa:py)
more detail
needed
8.3 Expectation Maximisation Algorithm

This algorithm is for probabilistic models with latent variables, observed variables, and parameters.
We will discuss the algorithm in terms of the GMM. First, we can write out the likelihood from
the graphical model in Figure [II] by marginalising the joint:

o /)("A)'/.‘;,' = C, (}) Zl = (‘9 - ) o
p(il) = —— —— "= Zp 2 = ¢, 0)p(z; = )

and now we wish to compute the maximum marginal likelihood:

N K
ZIOgZ/)('r’":’ =¢,0)p(z; = c|0)
i=1 c=1

we could maximise with a stochastic optimizer, but it’s not very efficient. Instead, let’s find a
lower bound by applying Jensen’s inequality:

N K q(z = ¢) N K p(es, 2 = o)
21082 mp(% zi=clf) > D > g(z = ¢)log m————=
=1 c=1 T

i=1 c=1 q(z = c)

This g is known as the variational distribution. In order to illustrate what maximising this
lower bound does, we start with Bayes’ rule:

_pz 2,0)p(z]0)  plx]z,0)p(z]0) q(z)

2|2, 0) q(2) p(z|z,0)
o plx]z,0)p(2]0) q(z)
tog =log q(z) *loe p(z|z,0)
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Finally we average both sides w.r.t. ¢(2):

p(z|z,0)p(2]0) q(2)
1ogp(,r/)):/qz log ———————=dz+ [ q(2)log ———dz
| ) q(z) ) p(z|x,0)
=L (z|0), lower-bound functional XK L-divergence

The lower-bound functional is a lower bound since the second term is always non-negative.

We now have the log-marginal-likelihood as a sum of two terms. But how do we select ¢7 We do
this using the EM algorithm. The EM algorithm is as follows:

o Initialise randomly =0, then for t = 1...T":
e E-step: for fixed #'~! maximise the lower-bound functional, £(z|0), wrt q(2)

Since the marginal likelihood term log p(|0) does not depend on ¢(z), maximising the lower-
bound consists of minimising the KL-divergence, by setting ¢'(t) = p(z|z, 0 1)

e M-step: for fixed ¢*(z), maximise the lower-bound functional, £(x|), wrt 6

argmax/q(z) log W dz = arg max/q(z) log p(x|z,0)p(=]0) dz—/q(z) logq(z)dz
0 0

The second term is the entropy of ¢(z) but is not dependent on 6 so throw it away.

0" = arg max/qt(z) log p(x|z,0)p(2]0) dz = argmax E, [log p(z, 2|9)]
0 0

For the GMM algorithm, where the likelihood is Gaussian and the prior is 7., we can work
out the analytical expression of the M-step:

o' arggnax/qt(z) log p(x|z,0)p(z|0) dz = arggnaX]Eq [log p(z, 2|0)]

— Q5  |T¢

I
[~]=
[~
Qﬁ
=
|
&
<}
[¢F]
7 N
\
e
VR
|
[\ b
N

i=1 c=1
N K 9
_ tr. Te (xl - ,Um)
=3 =0 (1 - )
i=1 c=1
Using school-level maths, in order to maximise we take the derivative w.r.t. each pu., for
example:
N
0 t (m; ﬂ1)2
— = =1)0— 0
g = = (0-
N
=Y d'(z=1) (zi — )
i=1
N
_ ,ul _ Zz:l qt( = 1)‘T’L

When can the EM algorithm be used?

The EM algorithm works when the posterior distribution is known and tractable.
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8.4 Example: K-Means

K-means is a clustering algorithm: an unsupervised method of grouping together datapoints into
groups (clusters). Datapoints are assigned to their closest cluster centroid by minimising squared
Euclidean distance. It is important to note that this is not a probabilistic method, so one could
argue it does not belong here. Nevertheless, we shall discover K-means by analysing its close
similarity with GMM. We first fix the 0. = 1 and the assignment weights 7. to be uniform (ﬁ

where M is the number of Gaussians). This means that the new likelihood is:

, 1
p(xlz = c,0) = — eXP (—0.5]|z — pe|?) -

We modify the E-step and M-step in the following ways:

e E-step: We also choose our variational distribution ¢(z = ¢) € @ where @ is the set of delta
functions. As we saw, the E-step consists only of minimising the KX£-divergence between the
variational distributoin and the true posterior. Thus the optimal ¢ will be the delta function:

q(z):{l ifz=¢

0 otherwise

corresponding to the marginal likelihood maximisation:

1 :
¢; = argmax p(z = clz,0) = argmax —p(x|z = . 0)p(z = ¢|0)
c c

1 .,
= argmax —exp (—0.5/lz — .|| 7.
C

= argmin ||z — pc||?
c

This result is easy to calculating by taking the derivative.
e M-step:

Recall that for fixed ¢*, we maximise the lower bound w.r.t. 6. This is essentially the average
of all datapoints assigned to a cluster.

/Jk _ vazl a‘(zi=1)z;
1 vazl q*(zi=1)

k41 _ Zi:ci:c Zi
= He' = Tae=c]

8.5 Example: Topic Modelling

This section covers three models for modelling text documents, with increasing complexity. Start-
ing with simple bag-of-words models, moving to the EM algorithm and finally Latent Dirichlet
Allocation.

The general layout of the problem is as follows.
e There are D documents,
e with a vocab size of M words,
e Ny is the word count in doc d,

Wnq is the n-th word in document d, parameterised by 3, the probabilities of each word. Our
data is given a Categorical likelihood: wyq|8 ~ Cat(w,q|3)
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The simplest model is shown on the right. We will find an MLE solution,

,@, which we constrain to ensure the 8’s normalises to 1.
D Ny
B = arg max H Hp(w\ﬂ) s.t. Z,Bm =1
B d=1 n
M M
= arg max log H By = arg max Z cm 1og Bim
B m=1 m=1

where ¢, is total count of word m: ¢, = ZdDzl Zf:’d I(wng = m). We use the Lagrange multiplier
method to carry out this constrained optimisation problem. Setting derivatives to zero:

M M
L= Zcmlogﬁm—i—/\(l— Zﬁm>

m=1 m=1
oL cm B _ﬁﬂ
B B VT =y
(9[; M M
571_2;‘1%70 — Y;Bmfl

We can combine these two equations to yield our MLE:

M c M
Tm =1 = A= Z Cm
m=1 m=1
~ Cn,

where N is total number of words (including repetitions) in the corpus.

This model is intuitive but limited since all doc-
uments are modelled by the same global word
frequency distribution, but we want a model
which accommodates different topics of docu-

ments. e

In this new model (shown on the right), we n=1.Ny

add more latent variables: z4 € {1,..., K} as- d=1..D

signs document d to one of K topics; and

01 = p(zq = k) is the probability of document d Figure 10: z ~ Cat(6), w|z ~ Cat(f.,)

being assigned to k. They form the parameters
of a categorical distribution, 6.

First, we write down the likelihood (try reading it off the graphical model!):

D

logp(w|0, B) = log [ [ p(wal6,8)

p(wa =1,z4 =k|0,8) (marginalising the zj)

I
R
o s e T
= 107 [0

= log p(2a = k|@)p(walza = k, B)
d=1
D Ny
= Zlog p(za = k|6) H p(wndlza =k, B)
d=1 k=1 n=1
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What does this look like? GMM! So we can use the EM algorithm! Recall that

p(x|z, 0)p(z]0)
1 = 1 _—
w0 = [yt

Our EM algorithm is then as follows:

q(2)
dz + /q(z) log 2C212.0) dz

e E-step: for fixed 8'~! maximise the lower-bound wrt ¢(z). This consists of minimising the
K L-divergence, by setting ¢(t) to the posterior:

Ng
¢'(za = k) = p(za = k[0"") T plwnalza = k. B)

n=1
= ()lellt(Cld, ceey CMd‘/Bk, Nd>

= Tkd
e M-step: for fixed ¢'(z), maximise the lower-bound wrt 6.

8.5.1 Latent Dirichlet Allocation

A symmetric Dirichlet simply has all parameters identical (Vi : o; = ).

35



9 Variational Inference

Recall our GMM model:

O—®

Figure 11: Graphical model for the GMM.

[ We seek the posterior distribution of the latent variable given the observations: p(z|x) ]

This is often intractable, why???

VI approximates the intractable distribution with a simpler one. The parameters of which are called
variational parameters and are optimised. One such objective function is the ELBO which we
came across in Section[8] Supposing we use a Gaussian posterior approximation, we would optimise
the mean and deviation parameters for each observation. Variational parameters, therefore,
scale with the dataset size.

9.1 Amortizing Variational Inference

Instead of optimising the free variational parameters directly, we can create a parameterised func-
tion that maps from observation space to variational parameter space. We end up with a constant
number of variational parameters. The downside is that this results in less expressivity than free
optimisation.

9.2 General Form

To give a more general comment on variational inference, we take:

togp(a) = log [ plal2)p(z)az = 1og [ p(a.2) 2"

®
- |
>E (log p(x’z)) - /q(z) log PH2P()

q(2) q(2)

which can be further decomposed into the lower bound and the K£-divergence:

PP [ oe p(al s — [ o) 1og 1)
[ a0 PEEEE a: = [ o(e)togptato)iz — [ az)on 45
= F(q) — XL(qllp)

9.2.1 Mean Field Approximation
This is a method of finding this KL term. We select a family of distributions @ = {q|q(z) =

H?:;L qi(zi)}
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d d Hc; ” d d d
rr;ianL(Hqup) :/Hqilog%dz:/quloquidz—/Hqilogpdz
i=1 i=1 i=1 i=1 i=1

d d d ’
ZZ/Hle()ng'—/qu'lngdZ
i=17 j=1 i=1
d ’ d d d
:/quloqudz—f—Z/qulogqj—/Hqilogpdz
j=1 j=1

i#k i=1

d
but [ H?Zl qjlog qrdz = [ qx log gy / H qjdzx, dzp and since we are optimising w.r.t gy:
j#k

1x..x1=1

d d
— minKL([[aillp) = [ alogardzr — :logpd
min KL([ ] aillp) /Qk 0g qrdz, /iqu ogpdz

i=1
following a similar procedure for the second term
=t.b.c

9.3 Examples
9.3.1 Inducing Point Approximation for Gaussian Processes

We will now go through the inducing point approximation which is commonly used with multi-
output GPs. With D outputs, let y; be the dth Gaussian process, such that y; = f; + € and
€ ~ N(0, 8%). The inducing points are uy. First, we apply the general form of VI from Section

togp() =log [ pVPOPCOAX > [ a0 togp(r0ax - [ a0)10 S530x (10
= F(q) — X&(gllp) (11)

We use the variational distribution ¢(fg, ug) = p(fs/ug)é(uy). The marginal likelihood is now:

log p(yal X) = log / / p(yal£2)p(Eaua)p(ug) dfs dug

o p(yalfa)p(faluq)p(uq)p(falug)o(ug) u
=1 g// p(Ea ) b(ug) dfs dug

Now apply Jensen’s inequality where E is over variational distribution

“ p(yalfa)p(falug)p(ug)

1 X) > (£ 0} I ‘ df; d 12
og p(ya|X) > //P( dlua)o(uq) log D (Ea ) (1) adug (12)

[, p(uq)
= [ #(uq) | [ p(falua)logp(yalfa) + p(falua)log dfy | dug (13)

S—— ¢(u(l>

integrates to 1
- / 6(us)  Epeympllogp(ualfs)]  dug+ / p(un)log 2 4, (14)
P(uq)
<logEp(g,uy) [P(ylfa)]=log p(y|ua) %2 (0l1p)

_ (15)
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[ ] Note that p(fd|ud) = N(fd\ad,KNN — KNMK]\}l]WKMN) and p(yd‘fd) = N(070'2).

e Note that the brown expectation is a lower bound on the conditional p(ylug). With a
Gaussian likelihood, p(y|ug) is tractable, but in O(N?3) compared with O(M?3) for the lower
bound.

e [ is the lower bound from |Titsias and Lawrence| [2010], Hensman et al.| [2013].

We take the trace of the log Gaussian since the trace of a scalar is the scalar.

. N 1
e, junlog p(yalfa)] = Epeesjua) -3 log(2m0?) — 252 (yiya — 2f]y + £]fq)

N 1
=3 log(2m0?) — 552" | Yava = Bpteatun) [E79] + Epieatu) [£7Ed]
—_————

Cov[f]H+aaT

N 1 _
=5 log(2m0?) — ﬁtr(y;yd —2a)y+ aga] +Kny — KNMKMIMKMN)

log N(ya|eea,0?)

1 _
= logN(ya|ewg, 0?) — =—tr | Kyy — Knm Ky Kun (16)
202 N———
Qnn

where ag = KNMK]T/[lMud. We now plug Eq. into Eq. giving us Eq. 13 from |Titsias and
Lawrence| [2010]:

2
Ly = /(/)(u,g) log N(yd|(;d(’uil))p(ud) dug — TiQtT (KnN — Qnn) (17)

How do we acquire the optimal variational distribution?

1. We could take the (functional) derivative of £1 w.r.t. ¢(ug), set it to zero, and plug that
back into L.

ac d | N 0 1
0= 1 @ |:/ (fb(ud) IOg (yd|ad g )p(Ud) duy — ﬁtr (KNN _ an)

@ - d(b @(u(l)
(18)
d A
= £/¢)10ggdud (19)
d A d
= /d—¢gbloggdud:/ﬁ[z/)logAf(/)logd)] duy (20)
:/logA— [1og(/)+qb(j dud:/logg—l duy (21)
= /logg —loge duy (22)
A f
/loggdud = /loge dug (23)
A
3=¢ = ¢xA= N(yalea, o?)p(ua) (24)
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2. Another way is to reverse the Jensen’s inequality, which we shall see now.

N(yqlog, o2)p(u 1
L, = / ¢(ug) log (yal ;(ud))p( 2) dug —5—5tr (Kny = Qun) (25)
N 2
< log / (ug) (yd|o;d(’uad))p(ud) duy by reverse Jensen’s inequality
1
= L glog/N(yd|ad,02)p(ud)dud - ﬁtr (KNN = Qun) (26)
1

= log / N(?/d|0é(h UZ)N(U"Oy KMM) dUd*ﬁfT (I(NN - an) (27)

. B _ 1 .
= 10g/N(i‘/d|ad,-02)N(KNMKM1MU|0,KNMKM1MKMN)dud*ﬁ“‘ (KnN — Qnn)

scaled Gaussian: Cov(BX)=BCov(X)BT

(28)
1
= 10g/N(yd|07 Qnn +0%) dud*ﬁ”‘ (Kny — QnN) (29)
1
=logN(y[0, QNN + 0*I) — 252" (KNN — Qnn) (30)
S (31)

where Eq. comes from: N(a|p1, B1)N(u1|p2, X2) = N(a|uz, L1 + X2). This gives us Lo
from [Hensman et al.| [2013].

Continuing with Hensman et al| [2013|, we wish to derive a new lower bound which which we
can apply stochastic variational inference (SVI). SVI scales to large datasets. Marginalising ugy re-
introduces dependencies on the observations, so|{Hensman et al.|[2013] writes an explicit variational
distribution g(ug). This enables the derivation of natural gradients and therefore SVI.

SVI requires a set of global variables. For our purposes, uy will be the global variables and a new
lower bound is defined:

A
log p(y|X) > Eyuy) [£1 + logp(ug) —log g(ug)] = L3

9.3.2 Deep Gaussian Processes

Imagine each layer is a multi-output GP, for example with Q inputs and D output units, f : R —
RP. Each layer, therefore, would add many model parameters. Moreover, how do we pick the size
of layers and number of layers? Deep GPs as defined in Damianou and Lawrence| [2013], therefore,
marginalise out the entire latent space. We start with a two-layer model:

X Y

Cfcfc

N

First, the marginal likelihood:
logp(Y) = log [ p(Y|Xp(X|Z)p(Z)dXY

where Z ~ N(0, I)

Y X
log p(Y) > / plog PLF ; Xo2) xay (32)
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where we can factorise p(Y,FY,FX XZ) = p(Y|FY)p(FY|X)p(X|FX)p(FX|Z)p(Z). This is in-
tractable as X and Z appear in the integral non-linearly. Again, we use inducing points, yielding:

p(Y,FY,FX X, Z,UY, UX X,Y) = p(Y[FY)p(FY|UY,X)p(UY)p(X[F*)p(FX|UX, Z)p(UX)p(Z)

Note that, for brevity, p(UY) = p(UY|X) and similarly for p(UX). We define ¢ as:

(FY,UY FX, UX) = p(FY|UY, X)p(FX[UX,Z)q(UY)q(UX)q(X)q(Z)

We can now plug this into the unruly integral and separate terms (Eq. 13 in [Damianou and
Lawrence| [2013]):

P(YIFY pEY 6 KTp(UY )X pEXE* ZIp(US)p(Z) | o px v x Y

lozp(Y) > [ oo Ko R OR XZ)

(33)
_ [ 4100 PYIE )p(UY )p(X[FX)p(UF)p(Z) |
= [ oo 39
gy 41+ Ko — KE((2)| () (35)

It’s quite a large integral, but it is trivial algebraic rearrangements to derive gy, rx, 3 (x), which
I show below without derivation:

Y P(UY)
gy = Epmviuy x)quv)q(x) |logp(Y|F) +log ¢(UY) (36)
p(UX)
rx = E,mxux,z)q(U%)q(X)q(2) [1ogp(XFX) +log (0%) (37)
Hox) = /fI(X) log ¢(X) dX (38)

We can conclude:

q(UY), q(UX) are free-form variational distributions

q(X), q(Z) are Gaussians factorised along the dimensions

Both gy, rx are known Gaussian densities, so are tractable.

Notice that gy is equivalent to £; from Eq.

9.4 Implementation Details

Now that we know some lower bounds, it is crucial that we understand how we might implement
this. Suppose we have the lower bound:

Eyx) [Eq(rim.s.x.2) log p(Y|F)]] = KL [o(X)||p(X)] = KL [o(U)]|p(U)]
3 2 1

1: KL between the inducing points First, let’s calculate XL [¢(U)||p(U)]. We need two
variational parameters here: g,, the mean of the inducing points; and ¢, the square-root of the
inducing points covariance. The KL-divergence between two multivariate Gaussians is:

1 |32

5 |log AR d+tr{S5 " S1} + (no — 1) " X5 (p2 — )
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where d is the number of dimensions plus the number of inducing points, ¥ = q?,, Yo = Ky,
M1 = qu, and pg =0

Theorem 1. The determinant of an upper triangular matriz is the product of the diagonal.

Theorem 2. The square-root of the determinant is equal to the determinant of the square-
root. More generally, |A™| = |A|"™

Using these results, we can find the first term.

—log|q2| = —log g, |* = —log | | diag(g5)* = = > log diag(q,)?
log | K| = log |LLT| where L = chol(Kr)

=log2|L| = log2 H diag(L)

Combining the two gives the first term. Now, for the trace term. To calculate tr(X) where X =
K;qug, notice that X2 = L~1¢,. Therefore, since L is triangular, tr(X) = > triangular solve(L, ¢, )>

Finally, we need the qIKA_/Iqu# term. K;;Mqﬂ can be calculated using cholesky_solve(L,q,),
and therefore the whole thing is ¢, cholesky_solve(L,q,)

2: KL between the latents

Now, we wish to find KL [¢(X)||p(X)].

3: Marginal likelihood

Finally, we can calculate the third term using Monte Carlo sampling of ¢(X). First, we set

N

9(X) = T Npan. S0)

n=1
so we have {(tt,, S,)}Y variational parameters where p € R%.

p(fd|ud) = N(fd‘ad,KNN — KNMK;;]V[KMN) where ag = KNMK]\}IMud.

Algorithm 1: Marginal likelihood.

Input : Current ¢

Output: Next 7

# First, we generate our latent samples:

z ~N(0,1) € RVNs:N.Q

z=p+ 252 (reparameterisation trick)

# Second, we sample from variational posterior:
temp = L~ Ky = triangular solve(L, Ky y)
a =L 'TL™! = triangular_solve(temp,)
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10 Stochastic Calculus

When reading probabilistic machine learning literature, especially when applied to physical or
dynamical systems, some foundational understanding of stochastic calculus is extremely useful. I
cover only the main topics around stochastic processes and stochastic differential equations, so
note that this only scratches the surface.

10.1 Probability Generating Function c
Se
We shall see that the probability generating function (pgf) is a useful s E[O 1]

tool when manipulating probabilities. It is defined as:
Gx(s) =E [s*] = _s"px(n)
x>0

where s is a complex variable in the unit circle (see Fig. .
Figure 12: Unit complex

Note that the normalisation of the pmf p, is Sx(1) = >°,50Px (@) (ipele

Therefore,,
1 if ) =0
5x(1) = pa(oc)
1 —px(c0) otherwise

where px (c0) is the probability that X takes a value outside of [0, 00). For example, this could be
the probability that the temperature will go below zero.

We can differentiate this function n times as follows:

d"9x(s) _ doow(@—1) - (@—n+1)-s""px(a)

ds™
r>n

summand is zero for 0<z<n—1

! T—n
= g% (x —n)! 5" "px (x)

Why is this useful? Notice that the first derivative at s — 17 is the expectation:

tim 99X S et ) = 3 ()

s—1— ds
r>1 r>n

Similarly, we can work out the variance:

Var[X] = E [X?] - E [X]?
= 9% (1) = Gx (1) + (§x (1))

When s — 0, the derivative of the pgf gives the probabilities:

(n+1)!
2!

. x! 1
T 4T —nl. .
lim > oy px(z) =nl-px(x) + (n+ D! spx(2) +

8%y (z) + ...

n!-px(x)
Let us derive the pgf for the Binomial distribution:

G(s) = E s” (n) p°¢""" = (ps+¢q)" by the Binomial Theorem
x
x>0
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10.2 Stochastic Process

A stochastic process is an indexed collection of random variables, where the index set may be
discrete or continuous. Some examples of stochastic processes include Brownian Motion (Section
, Gaussian Processes (Section , and Markov chains (Section @ Markov chains satisfy the
Markov property, which states that the current state is sufficient for determining the future
state. More formally:

p(X; < 2| Xy1, Xy—2,..., Xo) = p(X; < 2[Xy1)

10.3 Brownian Motion

Brownian motion, By, is a stochastic process, in particular the continuous random walk that
particles exhibit, for example in a gas. It satisfies the following properties:

e independent increments

o Vs <t:By— By~ N(0,t—s)
e paths are continuous

e By=0

There are some interesting properties we can show. First, it is a discrete random walk taken to
an infinite limit. Let X,, be zero-mean i.i.d. random variables with variance 1. The random walk
starts at Sy = 0 and proceeds with S,, = Sy + Z?ﬂ X; Vn > 1. Suppose a continuous-time
process:

S

vn

By =

where [nt] integer part of nt

The Central Limit Theorem states that Z = 22=£ = N(0,1) as n — oo.

Jomn
Sint) Vnt S

= B}'= VEt=+t-N(0,1) asn — oo

Wt Voo Vnt

Therefore, B!, converges to a scaled normal r.v., the variance of which will be:

Var[VIN(0,1)] =t = B} ~N(0,1)
Furthermore,
[nt]

S[nt] — S[ns] 1 d S[nt]f[ns]
pr—pr="d el — X, & 2ol T N0, — s
t Vv I MOy (06=9)

i=[ns|+1

10.3.1 Brownian Motion as a GP

Brownian motion can be interpreted as a zero-mean GP with covariance

Cov(Bs, B;) = Cov(Bs, Bs + B = Bs) = Cov(Bs, Bs) + Cov(Bs, B; — Bs)

Var(Bg) 0 (indep. increments)

=S

if s < t. Thus, in general, the kernel is x(t, s) = min(s, t).
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10.4 Stochastic Differential Equations

Modelling diffusive processes can be done using stochastic differential equations (SDEs). The
typically look like this:
dXt = /,L(Xt) dt + O'(Xt) dBt

——
drift diffusion

corresponding to (for ¢ > s):
t t
X, = X, —|—/ w(X,) du —|—/ o(X,)dBy,

Some things to note:
e If there is no diffusion term then this reduces to an ODE.

o O'(Xt) dBt ~ N(0,0’z(Xt) dt)

10.4.1 1It6 vs. Stratonovich

The Riemann-Stieltjes Integral is the following:

t n
[ 1wdgs) = Jim 3£ )(attin) - a(t)
=1 E[ti,tit1]
We wish to use this to solve the diffusion term. There are two ways of picking 7;:
o Ito: T = ti

. titts
e Stratonovich: ; = %
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11 Advanced Generative Models

11.1 Variational Autoencoders

The autoencoder is a method of compressing data through a bottleneck such that it can be recon-
structed with minimal error. A simple example architecture is shown in Figure[I3] The z vector in
the bottleneck layer is referred to as the latent state. The variational autoencoder (VAE) [Kingma|
land Welling, [2013] is an extension which combines the autoencoder and latent variable approach,
resulting in a continuous latent state that has meaningful samples. This means that the latent
space can be explored by decoding these samples. You might have guessed from the “variational”
in the name that a lower bound is imminent. We will derive it now.

Input Bottleneck Ouput
layer layer layer

Figure 13: General autoencoder architecture.

The fundamental model assumption is that our dataset X = {x(V}¥ | are samples of some ran-
dom variable x generated by a continuous random variable z with prior p(z). In our case, the
decoder represents the conditional p(x|z). Moreover, the aforementioned pdfs are differentiable
w.r.t. parameters and latent variables. Our encoder is also our variational posterior: ¢(z|x).

When are VAEs used?

e Probabilistically, the VAE is used for cases where the true posterior distribution is
intractable.

e Practically, the VAE is used in an unsupervised learning setting where we wish to
generate new data that mimics the same generative process as the real data.

Our log marginal likelihood is:

log [)(X‘H) — /q(zlx(l))log /)(‘XZJP(?) dZ+/q(Z|ZL’) IOg qEz|X

- — dz
q(z|x" plz[x?)

— £(5x ) + KL [a(2lx ) [p(z/x")|
> (%) = E 0 {logz)(x\z)p(z) —log q(ZIx(“)}

— L(6ixD) = E 0 [logn(x12)] = K |a(zlxD)Ip(2)]

Note how we have removed dependency on the true posterior by using this lower bound. Note also
that our variational posterior is conditioned on the data. One way of optimising such a bound is
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using Monte Carlo gradient sampling, where we seek the gradient w.r.t. the parameters:
Vo, axt) f(2)] = 7 Z Voo f(21)

where z(*) ~ q¢(z|x(i)) and f(z) = logp(x'"|z). See Sect10n|§|f0r intuition of the above.

However, this method “exhibits high variance” [Kingma and Welling, 2013|. In order to find
another method of inferring a posterior, we must introduce the reparameterisation trick.

11.1.1 Reparameterisation Trick

Let z ~ g4(z|x) (our posterior). We represent z as a non-random variable z = g(e,x) where
e ~ p(e) and g is a vector-valued function with parameters ¢. An expectation w.r.t. g,(z|x) can
be reparameterised as an expectation that is differentiable w.r.t. ¢

As we saw in Section [[.2.3] under the conservation of probability, we have:
q4(z]x) dz = p(e) de

Substituting both this equation and our function g into the Monte Carlo sampler yields:

V¢’Eq¢ |x())[f Vdn/f 2)qy(2z[x) dz

~V, / f(g(e,2))p(e) de

= VdJEp(E) [f( (ev Z))]
= VgEpue {logp V\z) ]
=E,e [V¢ logp(’xm\z)}

where z = g(€, z).

Key Concept

Note that in the last step the gradient can pass through the expectation since it is unrelated
to the differential, p(e). This enables us to propagate a gradient through the sampling
procedure!

In order to define g for the VAE, we should specify the variational posterior, which we pick to be
a multivariate Gaussian:

46 (ax") = N(a|u, o> 1)

where p(@ and oV are output from our encoder neural network. A valid g, therefore, could be:

20 ~ g4 (200 ]xD) = g(z,€) = D + 0D 0 €
Our final loss function, therefore, is:
£(sx) & KL [a(zlxD)lp(2)] + Zlogp 2(1))
where 20t = u + o) © € and € ~ N and € ~ N(0,T).

11.2 Generative Adversarial Networks
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11.3 Normalising Flows
Recall that for two distributions X and Z, and function f: X — Z,
dz - px(x) =dz - pz(2)

— o) =det (L) ptsa)

where the determinant is to generalise the result to multidimensional distributions. Taking the
logarithm:

log px (x) = log det <%) + logpz(f(x)) -
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A Derivations

A.1 Double Integral of a Mean Function

| [+ vwt@n®) = [ [ aatap®) + e
:ALMWW@+A/@wmw
— [asvia) [50)+ [ pt0) [s06) but [ @) =1
/axp /bp

A.2 Expansion of Strange Gaussian Identity

ity 0,) o< exp(— 3 (wr, — ws, ~ 1,)?)
x N(—% [wr, — 1wy, — pa] [11 _11} [ij _Z;] 1)
o N <—; [(wr, — ) = (wy, — pa)  —(wr, — 1) +wy, — pio] [ZZ :Z;])
ocN( % (wr, —wy, =+ p2 —wr, +wy, + ] BZ :Z;])
(g len vty -] 10
x N (—;(wjg —wy, —tg)(wr, — p1) + (—wr, +wy, +tg)(wy, — ,ug))
o N (—;(wi] —wy,wr, — tywr, — p1(wr, —wy, —ty) —wr,wy, + w%g +tgwy, + po(wr, —wy, — tg))>
o N (;(wi — 2wy, wr, — tywy, + (p2 — ) (wr, —wy, —tg) +wi + tng_q))
x N (_;(wi — 2wy, w, = tywr, +tg(wy, —wi, +ty) +wi + tngg))

1

o N( §(w1 —|—wJ + 12— 2wy, wy, — 2wy, + thng))
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A.3 Derivation of Biased Variance Estimator

2

1 N
XZ-—N;XJ-

2

XP—% S XX+ (

2

7

1 & 1 & 1 &
E[s?] =E NZ Xi—NZXj :NZIE
i=1 j=1 i=1
| 2 |
=— E[X?] - =E X X;
1 < _ 2 [ &
NZ E[Xﬂ*ﬁ > +E [X;
= I g X, )R[X;)
1 < 2 1 2
2
N;_<1_N+N)E[XJ_N
N -
1 N -1 2 2
N;_i (E[Xz}_E[XZ] ):l
1 L [N-1 N-1
~ ; _ Var[Xi]} = Var[X;]

2

1 n
+ 2B (DX
j=1

I+ (X

2

+ 5N

A.4 Derivations of Means and Variances

We go through derivations for some common distributions.
~E[x]*

E [X?]
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Recall Var[X]

n
j=1 X]

)2

N 2 N N
Zj:l Xj +2 Zj:l Ek:j+1 X Xk

N N
X7 JFQZ Z E [X; Xk]

j=1k=j+1

—1)E [Xﬂ

= E[(X -] =



DISTRIBUTION DERIVATION

X ~ Bernoulli(p) E[X] =) apx(x)=1p+0(1—-p)=p
Var[X] =3 2%px(z) — p?

X ~ Binomial(N, p) Note k(")) =n(}"})
E[X] =Xkok()pe" "
= nZZ:O n—1 k =T)—(k—1)

VarlX] = SR () — (np?

:an(1+k—1)( DPE R — (np)?
= HPW+ np Z( D ()"t — (np)?

= np +np(p(n — 1) X (-2 — (np)?

=np(np—p+1) — (np)? = np(1 —p)

X ~ Geometric(p) E[X] =Y 2¢" 'p=p) oo, diqqx
px(z) = (1—p)""'p = pdiq(l —q)~!  (power series)
—_p __1
_1(1*q)2 o P
Note — = 19"

—
( q) * I a2 — g Y gt

12 i

=) ()
Var[X] =p) . a%¢" ' — 1%
_ 2(1-p)+tp—-1 _ 1-p

- pZ - p2

B Kullback Leibler divergence

To minimise the KL divergence [ ¢(z)log pgmg dz, we add a Lagrange multiplier to normalise the

q(z) to 1. We will work with XL (q(x)||p(z))
5 q(x) oty de)] = 100 9®) 4
(Sq(x){/q(x)logp(x)dx—l-/\(l /q( )d)} lgp(x)+1 A

Since q(x) log 42 = g(x) log q(x) — q(x) log p(=)

— 5 = a(@)/a(z) + logg(a) ~ logp(x) = 1 + log 1)

q(z) = exp(A — 1)p(x) and we set A = 1 for normalisation, so ¢(z) = p(z) at the minimum.

C Backup

We can now work out the bound from Hensman et al.|[2013|. Let £, = Ept, 1w log p(yalfa)]:
N

N 1 .
exp(er) = [N 0 o) exp (o

i=1

where k;; is the ith element of tr (KNN — Qnn). Note that this assumes that p(yq|f;) factorises
over the data. Next, by plugging in the exponentiated £; into the likelihood, we get:

log p(ya| X) > 1Og/€XP(51)p(ud) dug = Lo

o1



This is from Titsias, it maby not be necessary. Plugging into the lower bound from Eq. [T1}

Fi@)> [ a(x) { [ otupog e TN g, — Lt (K — Qun)] dX

¢(ud) 20
p(uq) R .
= /(]S(Ud) |:<10g N(yd‘ad7a2)>q(X) + log ¢(ud) dud _ﬁ@L’ (IXA\'J\' o (‘s,)7l,n)>q(l\')
now reverse Jensen’s inequality: E(-)—logE exp(")
= tog [ 6(ux0)exp (log N(valaas D) acxr) Boot duag = 5 (o1 (K = Qun
’ q( ¢(ud) 252 NI ) q(2

1 )
= log/exp ((10g N(yd|ad7 02)>q(X)) p(ud) dud - ﬁ <7LI <]‘/1\“'A\' - 62r1'11,>>q(X)
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