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Work in groups of two (if this is absolutely not possible for some reason,
please let the lecturers know in advance).

However do not form groups spontaneously, instead email umberto@maths.lth.se
with your individual preferences for the listed projects. That is, specify which
project is your absolute favourite, then which one is your second favourite option
and finally your least favourite one. We’ll use your preferences to form groups,
and though we will try to respect your wishes we also need to avoid the situation
where everyone is choosing the same project. In addition, you are invited to
suggest a research project (notice this is entirely optional): this can only happen
if (1) you are going to use some of the methods illustrated during the course
and (2) your supervisor approves your proposal, which should be challenging
enough, i.e. not material/examples that you have already “solved” during your
studies. If you choose this option, your project proposal should be detailed in
the materials description and goals and should be emailed simultaneously to the
course lecturers and CC to your supervisor.

You are not required to write a project report. Prepare instead slides for a
presentation (Powerpoint or similar, LaTeX Beamer etc.) and email those to
the relevant lecturer at least 24 hrs before the date of your presentation.

The titles below report the reference person for the specific project, EL: Erik
Lindström, JL: Johan Lindström, UP: Umberto Picchini.

1 Particle marginal methods and ABC – refer-
ence person UP

Particle filters (sequential Monte Carlo, SMC) are certainly useful when dealing
with state space models. The underlying assumption is that even when the
transition density p(xt|xt−1; θ) is unknown in closed form, when using a specific
SMC algorithm (bootstrap filter) we only need the ability to forward simulate
from the state-model for {Xt}. However, at the very least it is required knowl-
edge of the distribution for the observations model so that p(yt|xt; θ) can be
evaluated for any t.

Here we consider the case where p(yt|xt; θ) is unavailable in closed form but
we can somehow sample from it. An α-stable stochastic volatility model is an
example of “intractable model”. The model is defined as{

yt = ext/2vt

xt = a+ bxt−1 + σut
(1)
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with ut and vt mutually independent and independent across t. Notice yt is
known as “log return” in financial literature. We assume ut ∼ N (0, 1) and
vt has symmetric alpha-stable distribution with α ∈ (0, 2], unit scale and zero
location parameter, i.e. vt ∼ Sα(1, 0, 0). In this case p(yt|xt) is unknown,
however we can easily simulate a realization from it (conditionally on xt and
θ) as we know how to simulate the vt. If U is a uniformly distributed random
variable on [−π/2, π/2] and W is an independent exponential random variable
with mean 1, then

Z =

{
sin(αU)[cos(U)]−1/α{W−1 cos[(α− 1)U ]} 1−α

α (α 6= 1)

tan(U), (α = 1)
(2)

has Sα(1, 0, 0) distribution, e.g. Calvet and Czellar [2014] (notice you can dis-
regard the specific methodology illustrated in Calvet and Czellar).

Unknowns are θ = (a, b, σ, α) which we would like to estimate from data (ei-
ther simulated or from a data file). Although Calvet and Czellar [2014] provide
an ABC filter for such problem, an option is to use the (perhaps less advanced
but easier to implement) filter by Jasra et al. [2012] which we discussed at lec-
ture. Such filter is also given as Algorithm 2 in Picchini and Samson [2015] (but
you can disregard the rest). Notice Jasra et al. [2012] also provide a nice scheme
for selecting the ABC threshold εt, by picking at each time t a percentile of the
distances |yt − yi∗t | produced by the cloud of particles, i = 1, ..., N .

Using such filtering approach, construct1 a pseudo-marginal MCMC routine
to estimate θ, using a fixed (known) starting state x0 = 0. You can use whatever
kernel function you consider appropriate to evaluate the discrepancies |yt−yi∗t |,
e.g. an identity function (as in Jasra et al. [2012]) and/or a Gaussian kernel (as
in Picchini and Samson [2015]).

Some possibilities (but feel free to explore):

1. Produce a dataset y1, ..., yT of length T = 3000 using a = −0.0445, b =
0.996, σ = 0.0615, α = 1.9874 (numbers are from Table 2 in Calvet and
Czellar).

2. Calvet and Czellar use a specific dataset retrieved from http://www.

federalreserve.gov/releases/h10/hist/dat00_uk.htm then they se-
lected log-returns from 3 January 2006 to 30 December 2011. There
are tools to retrieve data via R (for example http://www.quantmod.

com/documentation/getSymbols.FRED.html and https://github.com/

jcizel/FredR) and then you can import those in the software you prefer.

3. you can try some other possibility of your interest.

2 PMCMC for discretely observed diffusions –
reference person EL

The Pseudo Marginal Metropolis Hastings algorithm, see Andrieu and Roberts
[2009] allows for unbiased estimates of the likelihood function, like the one pro-
duced by the Pedersen technique. This idea was used in Stramer et al. [2011]
who applied PMMH to several different discretely observed models.

1Notice Jasra et al. [2012], and the results provided therein, only pertain the construction
of a filter. They do not perform parameter estimation.
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Implement at least one of their models, preferably using some importance
sampler like the Durham-Gallant sampler, Durham and Gallant [2002], and
combine it with for example adaptive MCMC, see Andrieu and Thoms [2008]
or more advanced MCMC ideas taking advantage of gradient and Hessian in-
formation, see Dahlin et al. [2015]. Optimal balance between the Monte Carlo
error of the estimate and the Markov chain was discussed in e.g Doucet et al.
[2015].

Extra/voluntary: The fact that we no longer needs to optimize over the
likelihood function opens up for new ideas with regards to approximate Bridge
samplers. Please contact Erik (erikl@maths.lth.se) if this would be of interest
to you.

3 Laplace approximation for diffusions – refer-
ence person EL

The simplest approximation of the transition density for an SDE defined by

dXt = µ(t,Xt)dt+ σ(t,Xt)dWt (3)

is the explicit (or implicit) Euler Maruyama (E-M) approximations

Xt+∆ = Xt + µ(t,Xt)∆ + σ(t,Xt)∆Wt Explicit

Xt+∆ = Xt + µ(t,Xt+∆)∆ + σ(t,Xt+∆)∆Wt Implicit

We can combine these expressions

p(xt|x0) =

∫
p(xt|xs)p(xs|x0)dxs (4)

≈
∫
pImplicit E−M (xt|xs)pExplicit E−M (xs|x0)dxs (5)

= φ(xt;mt + xs, Pt)φ(xs;m0, P0) (6)

where φ(x,m, P ) is a Gaussian density, mt = µ(t, xt)(t − s), m0 = x0 +
µ(0, x0)s, Pt = σ(t, xt)σ(t, xt)

T (t−s) = Σ(t, xt)(t−s) and P0 = σ(0, x0)σ(0, x0)T s =
Σ(0, x0)s. The point is that we can solve this integral in closed form, cf. [Pe-
tersen et al., 2008, Eq. (371)], arriving at

p(xt|x0) = φ(xt;m0 +mt, P0 + Pt)

= φ (xt;x0 + µ(0, x0)s+ µ(t, xt)(t− s),Σ(0, x0)s+ Σ(t, xt)(t− s))

which turns out to be a mid point scheme!
A more advanced decomposition may not be possible to solve in closed form

for general models, but it would be interesting to see how good a well designed
Laplace approximation of Eq. (4) could be.

4 Multiresolution for SPDE-based GMRFs – ref-
erence person JL

In Kou et al. [2012] a multi-resolution method for diffusion processes is de-
scribed. The goal of this project is to evaluate the method for use on the SPDEs
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[Lindgren et al., 2011, Lindgren and Rue, 2008] where the multi-resolution is
represented through nested triangular basis functions, i.e. nested linear B-splines
(see figure). Another option is to use Daubechies wavelets [Bolin and Lindgren,
2013].
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A suitable test cases is the time points of coal mine accidents which can
be obtained as data(coal) from library(boot) in R. These data could be
modelled as a log-Gaussian Cox process [Simpson et al., 2015] where the latent
log-intensity is described using a multi-resolution solution to the spde

(κ2 −∆)1/2x(s) =
1√
τ
W (s),

which approximates an AR(1)-process. To estimate the latent process and the
unknown parameters (κ2 and τ) the methods from [Kou et al., 2012] should be
combined with adaptive MCMC [Andrieu and Thoms, 2008] for the parameters
and MALA-like updates [Girolami and Calderhead, 2011] for the latent x-field.
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