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ABSTRACT

PARTICLE MCMC FOR A TIME CHANGED LEVY PROCESS

Yiiksel, Ayhan
Ph.D., Department of Financial Mathematics
Supervisor : Assoc. Prof. Dr. Azize Hayfavi

Co-Supervisor : Assoc. Prof. Dr. C. Coskun Kiiciikozmen

October 2015, [82] pages

For almost any type of financial modelling exercise, the most fundamental problem is
finding suitable stochastic processes that capture the observed behaviour of asset prices
well. Stochastic volatility models, and their extensions with jumps, are class of flexi-
ble models that can capture such empirical dynamics quite well. However this richer
modelling environment comes at the expense of estimation challenges. Estimation of
these flexible models involves some additional challenges that do not exist for simpler
ones.

In this thesis, motivated by models with stochastic volatility and jumps, simulation
based Bayesian inference methods are analyzed. First we discuss different Markov
Chain Monte Carlo (MCMC) approaches in detail, develop various algorithms and
implement them for a basic stochastic volatility model. Next we turn our attention
to on-line inference and analyze particle filtering methods. We begin with a simple
particle filter and then discuss methods to improve the basic filter. We also develop
Monte Carlo algorithms to implement particle filters for our stochastic volatility model.

More advanced financial models typically include many latent random variables and
complicated likelihood functions where standard MCMC methods may fail to effi-
ciently estimate them. As a more effective alternative, we discussed the Particle MCMC
methods recently proposed by C. Andrieu, A. Doucet, and R. Holenstein (Particle
Markov Chain Monte Carlo. Journal of the Royal Statistical Society: Series B 72
(3), 2010, pp 269-342). Particle MCMC methods combine two strands of simulation

vii



based Bayesian inference, namely, particle filtering and MCMC, and offer a powerful
tool for estimating complex financial models. The theoretical foundations for parti-
cle MCMC as well as various samplers proposed in the literature are analyzed in the
thesis.

In the final part of the thesis, we develop MCMC and particle MCMC methods for
a stock price model with a time changed Lévy process. We assume that the stock
price follows a Heston-type stochastic volatility plus variance-gamma jumps in returns.
Variance-Gamma process is an infinite activity finite variation Lévy process obtained
by subordinating an arithmetic Brownian motion with a Gamma process. The model is
quite flexible in its nature and can capture most of the observed characteristics of stock
prices.

Our main contribution to existing academic literature is the efficient particle MCMC
algorithms that are developed for the Lévy based model. We compare MCMC and
particle MCMC algorithms in an empirical implementation using S&P500 Index with
15 years of data. The results indicate that the particle MCMC algorithm is a more
efficient alternative to standard MCMC and typically gives smaller standard errors and
lower autocorrelations.

Keywords : bayesian estimation, markov chain monte carlo, particle filtering, sequen-
tial monte carlo, stochastic volatility, jump processes, Lévy processes
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ZAMAN DEGISTIRILMIS BIR LEVY SURECI iCIN PARCACIK MARKOV
ZINCIRI MONTE CARLO YAKLASIMI

Yiiksel, Ayhan
Doktora, Finansal Matematik Bolimii
Tez Yoneticisi : Do¢. Dr. Azize Hayfavi
Ortak Tez Yoneticisi : Dog¢. Dr. C. Coskun Kii¢iikozmen

Eyliil 2015, [82] sayfa

Finansal modelleme caligmalarinda karsilagilan en temel problemlerden biri varlik fiy-
atlarinin gozlenen 6zeliklerine uygun rassal siireclerin elde edilmesidir. Stokastik oy-
naklik modelleri ve bunlarin sicrama siirecleri ile genisletilmis versiyonlari, bu tiir am-
pirik dinamikleri yakalayabilecek esnek bir model sinifini olusturmaktadir. Ancak bu
zengin modelleme imkani, modellerin tahmin edilmesine iligkin cesitli zorluklar1 da
beraberinde getirmektedir. Bu esnek modellerin tahmin edilmesi, daha basit modeller
icin mevcut olmayan bazi ek zorluklar icermektedir.

Bu tezde, stokastik oynaklik ve sigrama siireclerinin esnek yapisindan hareketle, s6z
konusu modellerin tahmin edilmesinde kullanilmak {izere simiilasyon bazli Bayesci
tahmin yontemleri incelenmektedir. Bu c¢ercevede, Oncelikle Markov Zinciri Monte
Carlo (MZMC) yaklasimlar1 detayli olarak incelenmis ve basit bir stokastik oynaklik
modeli i¢in farkli MZMC algoritmalar1 olusturulmus ve uygulanmigtir. Daha sonra
anlik tahmin yaklagimlar1 ele alinmis ve bu kapsamda pargacik filtresi yontemleri
incelenmistir. Basit bir parcacik filtresi ile baglanilmis ve sonrasinda filtreleme yonteminin
geligtirilmesine iligkin yaklagimlar tartisilmistir. Ayrica incelenen stokastik oynaklik
modeli i¢in ¢esitli pargacik filtrelerini uygulamak amaciyla Monte Carlo algoritmalari
geligtirilmigtir.

Incelenen stokastik oynaklik modelinin aksine, daha gelismis finansal modeller genel-
likle gbozlenemeyen bircok rastgele degisken ve karmasik olabilirlik fonksiyonlari icerebilmekte
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ve dolayistyla standart MZMC yontemleri bu tiir modelleri etkin bir sekilde tahmin
etmekte yetersiz kalabilmektedir. Bu durumda daha etkin bir alternatif olarak kul-
lanilmak {iizere parcacitk MZMC yaklagimlar1 (Particle Markov Chain Monte Carlo.
Journal of the Royal Statistical Society: Seri B 72 (3), 2010, sayfa 269-342) yakin za-
manda literatiirde onerilmistir. Parcacik MZMC yaklagimu, iki temel simiilasyon bazl
Bayesci tahmin yontemi olan MZMC ve pargacik filtresi yontemlerini birlestirmekte
ve karmasik finansal modelleri tahmin etmek icin gii¢lii bir yaklasim sunmaktadir.
Tezde parcacik MZMC yaklasimina iligkin teorik ¢erceve ile literatiirde 6nerilen cesitli
parcacitk MZMC algoritmalar1 incelenmistir.

Tezin son boliimiinde, zaman degistirilmis Lévy siireclerine dayali bir hisse fiyat mod-
eli icin MZMC ve parcacik MZMC algoritmalar: gelistirilmistir. Modelde hisse fiyat-
lariin Heston tiirii bir stokastik oynaklik siireci izledigi ve ayrica getirilerin varyans—
gama tiirli sicrama siirecleri icerdigi varsayilmistir. Varyans—gama siireci aritmetik
Brownian siirecinin gama siireci ile zaman degistirilmesi yoluyla elde edilmekte olup,
sonsuz aktivite ve sonlu degisim icermektedir. Model bu yapisi ile oldukca esnektir
ve hisse senedi fiyatlarinin gozlenen 6zelliklerinin ¢ogunu yakalayabilme 6zelligine
sahiptir.

Tezde bu esnek model icin MZMC ve parcacitk MZMC algoritmalart gelistirilmistir.
Tezin akademik literatiire ana katkis1 Lévy tabanli bu model i¢in gelistirilen etkin
parcacitk MZMC algoritmalaridir. Model i¢in gelistirilen MZMC ve parcacitk MZMC
algoritmalar1, 15 yillik veri ile S&P500 endeksi iizerinde yapilan ampirik uygula-
malarda kargilagtirilmistir. Sonuglar parcacik MZMC yaklasiminin, standart MZMC
yaklagimina gore daha etkin bir tahmin yontemi oldugunu ve parcacik MZMC yaklagimi
ile elde edilen standart hata ve otokorelasyonlarin daha diisiik oldugunu gostermektedir.

Anahtar Kelimeler : bayesci tahmin yontemleri, markov zinciri monte carlo yaklagima,
parcacik filtresi, ardisik monte carlo yontemi, stokastik oynaklik, si¢grama siirecleri,
Lévy stirecleri
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CHAPTER 1

INTRODUCTION

For most quantitative finance problems, including asset allocation, risk estimation and
derivative pricing, the first step would be assuming some stochastic processes for asset
prices and other relevant variables. Once we determine the relevant stochastic pro-
cesses, the results of the subsequent steps critically depend on our initial assumption.
For instance pricing a derivative contract with a Gaussian model, while the underly-
ing assets have highly skewed and fat—tailed distribution, will give very poor results.
Therefore finding suitable stochastic processes that fits observed asset prices well is
the most fundamental problem in financial modelling.

The Gaussian model is typically the starting point for many quantitative models. How-
ever it typically cannot capture the many properties of observed asset prices and thus
we need more flexible processes for modelling.

1.1 Gaussian Assumption

Gaussian model is the most widely used assumption in financial modelling. Bachelier
[3] is the first one who introduce a stock price model driven by Brownian motion.
Samuelson [66] extended this by assuming geometric Brownian motion (GBM) for
stock prices. Using this assumption Black and Scholes [8] and Merton [53] derived the
famous Black-Scholes option pricing formula.

Although its simplicity, Gaussian assumption puts restrictions on the statistical prop-
erties of asset prices. The Black—Scholes model assumes that the stock price follows a
geometric Brownian motion, i.e.

where .5, is the stock price at time ¢, i and o are constants, and W, is a standard Brow-
nian motion. Using Itd’s lemma, the stochastic differential equation (SDE) has the
analytic solution S; = Syexp ((u — 30?) t + oW,), for an arbitrary initial value Sp.
And this implies that, over a time interval of length At, log returns can be expressed as
log (Si+at/St) = (1 — 30%) At + 0 (Wysar — W;), and has a Gaussian distribution,
ie. log (Sitat/Si) ~ N ((1 — 20?) At, 62 At). The model implies that returns are in-
dependent and identically distributed, return distribution is symmetric and mesokurtic,
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price paths are almost surely continuous and volatility (as captured by o) is constant.

When we observe the actual asset prices, we see some common statistical properties,
called ‘stylized facts’. These properties are common across many instruments, markets
and time periods. When compared with these stylized facts, Gaussian assumption seem
to be very restrictive. Some of these stylized facts are as follow{]:

e Linear autocorrelations of asset returns are often insignificant, except for very
small intraday time scales. This suggests that returns have independent innova-
tions.

e The unconditional distribution of returns have slight skewness (i.e. gains and
losses are asymmetric) and fat tails (tails have a power—law decay).

e The prices exhibit spikes. This suggests that price process has jump components

e The shape of the return distributions changes for different time scales and for
large time intervals become more like a normal distribution. This suggests a
central limit theorem effect.

e Conditional volatility is not constant over time. Conditional volatility exhibits
mean reversion and clustering.

e The residual returns corrected for volatility clustering still have fat tails. How-
ever, the tails are less heavy than in the unconditional distribution.

e There is a leverage effect, i.e. volatility is negatively correlated with returns.

e Autocorrelation of absolute returns have a long—range dependence. This sug-
gests that volatility has a long memory.

e The implied volatilities derived from market prices have volatility smiles and/or
skews. This suggests that the Black—Scholes model cannot capture observed
characteristics.

These stylized properties suggest that the Gaussian assumption is overly simplistic and
one should use more flexible models that can incorporate mean—reverting and cluster-
ing non—constant volatility, random jumps, leverage effects and can generate asym-
metric and heavy—tailed return distributions. There are two classes of models that aim
to capture these additional dynamics. These are stochastic volatility models and jump
models. The following sections outline some popular stochastic volatility and jump
models proposed in the literature.

1.2 Stochastic Volatility Models

Stochastic volatility models extends the simplistic constant volatility assumption of
Black—Scholes model. There are two types of non—constant volatility models proposed
in the literature.

L For a detailed discussion of stylized facts see Cont [[12] and Sewel [69].

2



The first type is the class of Generalized Autoregressive Conditional Heteroskedas-
ticity (GARCH) models. GARCH models are parsimonious models that can capture
volatility clustering and generate skewed and heavy—tailed return distributions. The
volatility is assumed to be non—constant, but conditionally deterministic. For most
GARCH models there are no analytical solutions for the temporal aggregation prop-
erties and thus it is typically difficult to derive GARCH-based option pricing models.
For a recent survey on GARCH models see, for example, [1].

The second type is the class of stochastic volatility (SV) models. SV models are
typically built in continuous time and assume that the volatility itself follows certain
stochastic differential equations. The general setu for these models are as follows:

o = f(N) (1.3)
dY, = oY, t)dt+ (Y, t)dB, (1.4)

where oy is the value of (stochastic) volatility at time t, f(-) is a positive function, Y} is
the stochastic process underlying the volatility, a(-, -) and 7(-, -) are functions of time
and Y; satisfying certain conditions so that the SDE admits a unique solutionﬂ, W, and
By are two standard Brownian motions with correlation d (W, B), = pdt.

Typically f(-) is chosen in such a way that volatility is positive, the a(-, ) and (-, -)
are chosen in such a way that ensures volatility clustering and mean-reversion, and
p < 0 captures the leverage effects. With these choices, we can generate asymmet-
ric and heavy—tailed unconditional return distributions. Because of Brownian motion
assumptions, these models generate conditionally Gaussian return distributions. SV
models can capture volatility smiles or smirks. However, like Black—Scholes model,
SV models assume the continuity of price paths (i.e. no spikes). Some popular SV
model specifications are given in Table

Table 1.1: Some Popular SV Model Specifications

Author at,Yt) V(t, Yz) ien P

Hull and White [38]] aY; ~Y; VY, p=0
Scott [68]] a(m —Y;) v Yi,exp(Y:) p=0
Wiggins [76] a(t,Yr) 7Yy Y: p#0
Stein and Stein [[71]] a(m—Y;) ¥ |Yz p=0
Heston [36] alm —Y;) WY: VY, p#0
Ball and Roma [4]] alm —Y;) WY VY, p=0
Nelson [56] a(m —Y;) VY, NAA p=0
Heston [37]] aYiy(m —-Y;) 7}/;3/2 VY, p#0
Hagan, Kumar, Lesniewski and Woodward[32]] 0 vY; Y: p#0

2 Throughout this thesis, we are always interested in models for observed asset prices. Models for derivative
pricing is out of our research scope. Therefore all stochastic processes presented here are assumed to be under
real-world probability measure P.

3 For such conditions see Theorem 3.5.3, p-49 of [48]



1.3 Jump Models

Although SV models extends the Black—Scholes model in certain ways, they still can-
not capture some properties of observed asset prices. For instance, SV models assume
continuous price paths, conditionally Gaussian returns and a smooth volatility process.
To better replace these unrealistic assumptions, different jump models are proposed in
the literature.

The most widely used jump process is Poisson process. Extending our previous no-
tation, a Poisson jump model where jumps exist both in price and volatility has the
following form:

dSt/St = /,Ldt + Jtth + thlet (15)
o = [f(Y) (1.6)
dY, = a(Yy,t)dt + (Yi,t)dB, + ZoydNo, (1.7)

where Ny; and N, represent the Poisson processes, Zy; and Z,; represent the jump
sizes for price and volatility processes, respectively.

Some popular Poisson—based jump model specifications are given in Table [I.2] SDE
specifications for the price process and for the volatility process are shown in the upper
and lower parts of the table, respectively.

Table 1.2: Some Popular Poisson—based Jump Model Specifications

Article Diffusive Jump Jump Jump

Part Frequency Size Intensity
Price Process

Merton [54]] GBM Poisson Normal Constant

Kou [47] GBM Poisson Double Exponential ~ Constant

Bates [6] GBM Poisson Normal Constant

Bates [7] GBM Poisson Normal Stochastic

Duffie, Pan and Singleton [19]* GBM Poisson Normal Constant

Volatility Process
Merton [54] - - - -

Kou [47]] - - - -
Bates [6]] Heston - - -
Bates [[/]] Heston - - -
Duffie, Pan and Singleton [19]*  Heston Poisson Exponential Constant

*:There are two versions of this model: a) independent jumps in returns and volatility,
b) jumps are governed by the same Poisson process and the jump sizes are correlated.

Poisson process can only have finite number of (possibly large) jumps within a finite
time period. This restricts the flexibility of model. However the class of Lévy pro-
cesses, which also includes the Poisson process as a special case, has more flexibility
in designing jumps. For example, some Lévy processes have infinite activity, i.e can
have infinite number of jumps within a finite time period. These models can capture
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both small and large jumps simultaneously. Infinite activity Lévy processes include the
inverse Gaussian model [3], the generalized hyperbolic class[20], the variance—gamma
model [52], generalized variance—gamma model (also known as CGMY model)[9]
and finite moment log—stable model[[10]. Furthermore, by applying a stochastic time
change, it is also possible to add a stochastic volatility component to a Lévy process.
For instance we will discuss a stock price model with Heston type stochastic volatil-
ity and variance—gamma jumps in detail in Chapter 5. For a detailed discussion of
Lévy-based models in finance, see [13]] and [67].

1.4 Estimation Challenges and Bayesian Approach

In model building, adding new features to an existing model may seem to be an easy
task at first sight. For instance, in previous sections, we discussed different models
(with increasing complexity) that can better capture the observed properties of asset
prices. Although these models give us a rich environment to work with, these models
typically introduce many latent variables and yield to complicated likelihood functions.
Therefore, the main challenge will be the estimation of these complex models. Most of
the time, the complexity of these models prevent us to use least—squares or likelihood
based estimation methods and necessitates a more advanced estimation method.

With the help of recent developments in Monte Carlo methods, simulation based Bayesian
approach become a powerful alternative for estimating these complex models with la-
tent variables. In a Bayesian setting, we first derive the posterior distribution for the set
of any unknown parameter and latent variable. Then with the help of Monte Carlo tech-
niques, we try to approximate this density using generated samples. Simulation based
Bayesian approach encompasses two main estimation methods, namely Markov Chain
Monte Carlo (MCMC) and particle filtering (a.k.a. Sequential Monte Carlo). MCMC
algorithms allow us to sample from the posterior distribution based on constructing a
Markov chain that has the posterior distribution as its equilibrium distribution. MCMC
algorithms are widely used in estimating models with unknown parameters as well as
latent variables. Particle filtering, on the other hand, assumes that the model param-
eters are known and approximates the conditional posterior of latent variables using
sequential implementation of a certain type of importance sampling. Particle filtering
is especially useful for filtering problems on non-linear non—Gaussian systems, where
more standard algorithms such as Kalman filter fail to handle.

Although the MCMC algorithms give us a flexible method for estimation, the per-
formance of the MCMC methods critically depend on finding good proposal distri-
butions used in designing the Markov chains. If the proposal distributions explore
the state space poorly and/or if highly correlated variables are updated independently,
then the resulting MCMC estimates will be poor. And finding good high—dimensional
proposals for the latent states, which typically have high dimensions, is not an easy
task. Very recently, Particle MCMC (PMCMC) methods are proposed by [2] that aim
to use particle filtering methods to build efficient high—dimensional proposals to be
used within an MCMC setting. PMCMC approach combines two strands of simula-
tion based Bayesian inference and offers a powerful approach for estimating complex
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models.

In the literature there exist various papers that use MCMC algorithms for models
with stochastic volatility and jumps. For instance [40] and [45] develop MCMC al-
gorithms for an autoregressive stochastic volatility model. [41] provides algorithms
for stochastic volatility models with leverage and fat tails. Furthermore [49] uses
MCMC algorithms for different stock price models with stochastic volatility plus Pois-
son, variance—gamma and log—stable based jumps.

On the other hand, although PMCMC approach offers a compelling alternative to tra-
ditional MCMC and attracted a huge interest from the academic society, it is relatively
new and the literature on PMCMC for stochastic volatility and jump models is not
voluminous. In their original paper, [2] develops PMCMC algorithms for a stochastic
volatility model where the volatility process is driven a Lévy process. [39] uses PM-
CMC algorithm for Hull-White type stochastic volatility model. [21] and [33] develop
PMCMC algorithms for different autoregressive stochastic volatility models. There-
fore we aim to contribute to the existing literature by developing PMCMC algorithms
for a complex model with stochastic volatility and jumps.

1.5 Structure of the Thesis

In this thesis, after discussing MCMC and particle filtering methods, we will focus on
PMCMC approach and design efficient algorithms for a complex stock price model.
The model includes stochastic volatility and jumps that are governed by a time changed
Lévy process, and thus is quite flexible in its nature. The efficient PMCMC algorithms
designed for this model constitute the main contribution of the thesis to the existing
academic literature. The outline of the thesis is as follows: In chapter 2 we will intro-
duce the Bayesian framework and MCMC approach for inference, and implement var-
ious MCMC algorithms for a simple stochastic volatility model. Chapter 3 is devoted
to particle filtering where we compare different filtering algorithms and implement
them for the basic model. We will introduce PMCMC approach in Chapter 4 where
we discuss the theoretical foundations of PMCMC and different PMCMC samplers. In
Chapter 5, we will propose a flexible model with stochastic volatility and Lévy jumps
that can capture observed characteristics of stock prices. We will develop MCMC and
PMCMC algorithms for the model and compare them in an empirical study on S&P500
index. Chapter 5 concludes the thesis.



CHAPTER 2

MARKOV CHAIN MONTE CARLO METHODS

In this chapter, Bayesian approach and MCMC methods will be introduced as an in-
ference tool. A simple stochastic volatility model is used to illustrate ideas and algo-
rithms. First we will introduce the SV model and discuss challenges in estimating the
model. Then general framework for Bayesian approach will be introduced. Finally,
MCMC methods with different algorithms will be presented.

2.1 A Simple Stochastic Volatility Example

To illustrate the main ideas and algorithms, we will use the autoregressive stochastic
volatility (ARSV) model. In this model, log-volatility follows an Ornstein-Uhlenbeck
process (i.e. a continuous-time AR(1)):

dS, = pSdt+ e"/2S,dWw, 2.1)

where the Brownian motions, W; and B;, are independent. First order Euler approxi-
mation over a unit time period gives the following discrete—time equivalent:

Y, = log(Si/Si1) = pu+ e/ (2.3)
hy = a+ Bh_y+yn (2.4)

where Y; is the continuously compounded log—return, h; is the log—volatility, ¢, and 7,
areiid. N(0,1),« = am, f = 1—a with | 8| < 1 to make the process stationary. The
discrete—time version of this model is first used by [72] and its statistical properties are
analyzed by [73]]. The model ensures the autoregressive mean reverting volatility with
no leverage effect.

This model is also an example of a non—linear Gaussian state—space model. For this,
we have the observation equation given as (2.3 and state evolution equation given as
(2.4). As we will discuss in later chapters, in the most general case, asset price models
can be stated as non—linear non—Gaussian state—space models.

7



2.2 Bayesian Approach to Inference

Now consider we want to estimate ARSV model. We observe log-returns, ¥ =

{Yt}tT:l, and we want to infer latent log—volatility, h = {ht}T and the values of

t=1
parameters, © = (u, «, 3,7?). To establish a consistent notation, let X = {Xt}tT:1 be
the collection all latent variables (i.e. states) in the model. In our simple model, the

only latent variable is the log—volatility, thus X; = h;.

Bayesian approach assumes that anything we observe is fixed in value and for any
other unobserved variable, the uncertainty caused by not observing them is encoded
explicitly in a probability distributio For instance, in our problem, log-returns, Y,
is observed, thus it is fixed. But for the value of parameters and the latent variables
we make probabilistic descriptions. Before observing some data, these descriptions
are called prior distributions, and after observing some data these descriptions are
called posterior distributions. For instance, in our case, the posterior distribution of
parameters and latent variables given observed log—returns, p(X, ©|Y’), captures our
probabilistic description about X and © after we observed the data. Using the Bayes
rule, we can express the posterior as:

p(X,0lY) x p(Y|X,0)p(X,0)
o p(Y|X,0)p(X[0)p(©) (2.5)

The first term on the right hand side of (2.5) is the full-information likelihood, the
second and third terms jointly express our prior beliefs and non—sample information
about the parameters and the latent variables.

ARSV model implies that:

Yilh,©® ~ N(p,e™) (2.6)
hlhi-1,© ~ N(a+ Bh1,7°) 2.7)

Additionally, to initialize the log—volatility we assume a Normal prior for the initia]E]
log—volatility, i.e. hg ~ N(myg, Cp).

Thus the full-information likelihood, the first component of the posterior, i

T
L(X,0Y) xp(Y[X,0) = [[N(Vilp,e™) (2.8)

t=1

Note that marginal likelihood for parameters is given as follows and is much compli-
cated than the full-information likelihood:

LOY) x p(Y]O) = / p(Y, h[©)dh

1 For a more general discussion on Bayesian approach please refer to [24]], [64]], [11]] and [30].
2 Log-volatility process can also be initialized by directly assuming a prior on h;.
3 For ease of notation we will use N (x|u, o%) to represent the density for the random variable X ~ N(u, o2).
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p(Y'|h, ©)p(h|©)dh

(h0> [Hp(ht]ht_l,@) dh

\\

T
[Ip(vil©, 1)
Lt=1

o
[INviu, e ]
Lt=1

T
[T V(o + Bhi-y, 72)] dh  (2.9)
t=1

Il
\

N(ho‘mo, C(])

Note that since the first part involves eht terms, this marginal likelihood does not admit
a closed—form solution. This complicates the implementation of a classical maximum
likelihood approach.

The second component of the posterior distribution is the prior distribution for param-
eters and latent variables. Any non—sample information can be incorporated through
prior. This may include prior beliefs about a parameter obtained from previous studies.
Uninformative or diffuse prior distributions can be used if there isn’t any non—sample
information. Priors can also be used to impose certain statistical features like imposing
stationarity, or ruling out near unit-root behavior. For analytical tractability purposes,
it is common to use conjugate prior distributions.

In our example, we already assumed a prior for the initial log—volatility, hy. Addition-
ally, we also assume a prior for the parameters, p(©) = p(u, o, 8,7?). Assume now,
as an example, we use the following conjugate priors:

p(v*) = IG(¥*|ao, Ao)
pla, BIY*) = Na(bo,v*Bo)Ll—1<p<1]
p(u) = N(uldo, Do)

where /G represents the density function for inverse gammeﬂ distribution, NV, repre-
sents the density function for the bivariate Normal distribution and ag, Ay, by, By, do
and Dy are hyperparameters to be specified. A priori, we assume that, o and [ jointly
have a bivariate Normal distribution with covariance matrix that depends on v2. Our
choice of Normal-Gamma priors for «, 3 and 72 is a common choice in Bayesian lin-
ear models. Having a joint prior for o and 3 is motivated from the fact that the form
of marginal likelihood for parameters yield a high posterior correlation between these
two parameters (see p. 92 of [29] for a discussion). We also truncate the prior for 3 to
make the log—volatility process stationary.

By combining state equation with priors for © and hy, we can obtain joint prior for

4 Gamma distribution has the density Ga(x|c,

B) = mm“’lexp(—x/ﬁ),o < z,a, B and inverse
gamma distribution has the density IG(z|a, 8) = Lz exp(—B/x),0 < z,a, 8. If X ~ IG(a, ) then

ok
=1/X ~Ga(a,1/P) .



latent variables and parameters:

!

p(X,0) = ho) [ [ p(helhi—1,©

t=1

= p(u)p(a 5’7 HP he|hi—1,©

N

t=1
= N(N‘deO)NQ(aa ’boa’Y Bo)ﬂ[—1<ﬁ<1][G(’Yz’G0,Ao)

T
N (ho|mo, Co) H N(hile+ Bhi1,7%)

t=1

Finally, combining this prior with the full information likelihood gives us the posterior:

p(X,0Y) o« p(Y|X,0)p(X,0)
[H N(Yilp, ")

T
N (ho|mo, Co) HN (hela + Bhy—1,7%) (2.10)
=1

N(ﬂ‘dm Do)Nz(Oé> 5‘50, ’YQBO>]1[—1<B<1]IG(’YQ‘CL0, Ao)

For latent variables, depending on the conditioning information used, we may focus on
different posterior distributions, given as follows:

Smoothing : p(X,|Y)t=1,2,....T
Filtering : p(X;|Y)t=1,2,....T
Forecasting : p(Xy|YH)t=1,2,...,T

where Y denotes the observed variables up to time ¢, i.e. Y! = Y},Y5,..., Y1, Y.
The smoothing problem is a static problem, solved once using all the data, but the fil-
tering and forecasting problems are inherently sequential. We will deal with smoothing
and filtering problems in more detail in the next chapters.

2.3 Markov Chain Monte Carlo Methods

2.3.1 General Setup

The main object for the Bayesian inference is the posterior obtained in (2.10). Optimal
estimators (in the mean—squared sense) can be obtained as the mean of marginal pos-
teriors that can be derived from this joint posterior. However, the main problem is that,
this posterior is quite complex, very high dimensional (7' + 4 in our case), and does
not correspond to a standard distribution. Therefore we need to use sampling methods
for approximating this posterior. However because of its complexity, direct sampling
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methods (e.g. inverse transform, auxiliary variables, rejection sampling) cannot be
used in this case and importance sampling is very inefficient.

MCMC methodf] are powerful sampling methods to generate samples from complex
high—dimensional distributions. In an MCMC method, we begin with a target density,
7(+), that we want to sample from. In our case, the target density is the joint posterior,
ie. 7(X,0) = p(X,0]Y). Then we design a Markov chainf’| on the space of (X, 0),

{x) 6 }jzo’ where the limiting distribution of the chain is our target distribution.

These samples do not form an i.i.d. sequence from the target distribution, however the
marginal distribution of these samples converges to the target distribution, as G — oo

Probabilistic structure of any Markov chain can be fully specified by specifying the
distribution of the initial states (for this we specify the value of the initial states, i.e. use
a degenerate distribution), p(X ', ©(?), and for subsequent steps (i.e. ¢ = 1,2,...)
specifying a transition distribution, p(X 9+ @] X9 ©)) which determines the
evolution of the chain.

The critical point here is that we should select this transition distribution in a way
that the Markov chain will have our target distribution as its invariant (i.e. limiting)
distribution. Metropolis—Hastings algorithm [55) 135]] is a general method to achieve
this. In this algorithm, we determine a proposal density, ¢(X @+ QU+ X W),
which is different from the transition probability. We should select proposal density
such that we can easily sample from it. Then by sampling from this proposal den-
sity and using a certain type of accept/reject algorithm, a sequence of samples can be
generated from the Markov chain which at the end have the right transition probabilit
p(X ) 0| X @) ) and thus have right invariant distribution. A full example/’
for a generic Metropolis—Hastings algorithm is given in Algorithm

Metropolis—Hastings acceptance probability given in is calculated using the ra-
tios of target distribution (i.e. posterior) and the proposal distribution, evaluated at two
different points, (X (<@ @(«am)) and (X(9=1) ©¥~1). Thus although we do not need
to sample directly from the target distribution, we should be able to evaluate it at cer-
tain points. Additionally since the posterior is included in the formula as a ratio, we
can still use this MCMC algorithm even if we don’t know the integrating constant for
the posterior.

The specific form of Metropolis—Hastings acceptance probability ensures that our tar-
get distribution is always the invariant distribution for our Markov chain. To see this
we first need the following definition and theorem:

Definition 2.1. A Markov chain with transition distribution p(z, z’) satisfies the de-
tailed balance condition if there exist a function f satisfying f(z)p(z, 2") = f(2")p(Z/, 2).

Theorem 2.1. If a Markov chain satisfies the detailed balance condition with respect

5 For a detailed treatment of MCMC methods we refer the reader to [63], [23] and [29]. Additionally, for
MCMC implementations in financial modeling, see [42].

6 A Markov chain is a stochastic process where the probability of the next state depends only on the current
state.

7 For more detailed MCMC algorithms and empirical implementations, see [Z77).
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Algorithm 2.1 A Generic Metropolis—Hastings Algorithm
1: Initialize (X(©, ©)
2: for g =1to G do
3. Sample (X(e@m) @(ean)) ~ g(X (can) @(can)| x (5-1) @ls-1))
4:  Calculate acceptance probability as:

o ((X@fl), Olo=1), (x(can), @<can>)> -

7T(X(C[”L) 6(can)) q(X(g—l) @(g—l)|X(can) @(can))
min {1, ! ! ! 2.11)
T(X61, 00 1) g(X(m), §lean | X1, §s—1)

5:  Sample u ~ U(0,1)

6 ifu<a (XD el (Xx(can) glcan))) then
7. (X(g)7 @(9)) — (X(can), @(can))

8: else

9: (X9, 0@) = (xl-1 gls-1)

10: end if

11: end for

to f where f is a density function, then f is the invariant distribution of the chain.
Proof. See [65, p. 230]. [

Now we can prove our claim:

Theorem 2.2. Markov chain generated by Metropolis—Hastings algorithm satisfies
the detailed balance condition with respect to joint posterior, p(X, O|Y"), and thus this
joint posterior is the invariant distribution of the chain.

Proof. Let z = (X9, 09)) and 2/ = (Xt ©U+1) denote the state of the chain
at g'" and g + 1'* step. First note that the transition distribution of the chain can be
obtained as:

p(Z2) = q(Z|2)a(z, 2") + Leu /q(i\z)[l —a(z,2)]dz

where the first component represents the case that a different state is proposed and
accepted while the second component represents the case that the new proposed state
is equal to the current state or a different state is proposed but rejected.

Note that detailed balance condition is always satisfied if chain does not move, i.e. if
z = 2 then f(2)p(z,2") = f(z)p(2',z). Thus we only need to show that detailed
balance condition is satisfied (with respect to joint posterior 7(X,0) = p(X, 0[Y))
when a different state is proposed and accepted.

m(2)p(lz) = w(2)q(]2)a(z, %)

= 7(2)q(Z'|z)min {1, :—
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2.3.2 Gibbs Sampler

The Metropolis—Hastings algorithm is a generic framework that encompasses differ-
ent samplers. One special sampler is the Gibbs sampler, which uses the results of
Hammersley—Clifford Theorem [34].

Theorem 2.3. The joint distribution associated with the conditional densities p;(-|-)
and py(-|-) has the density:

_ p2(wa|z1)
plzy,e2) = /p2(952|$1)d
p1($1|$2)
if/m(mxl)dy exists.
p1(z1ly)

Proof. We can decompose any joint distribution using conditional and marginal distri-
butions:

p(x1,22) = pr(w1]|z)pa(2) = P2(T2|T1)p1 (1)

Thus:
pa(w2lrr) _ pa(2)
pr(z1|z2) p1(71)
pa(w2|71) o p2(z2) oo o L
i el ety
panms) = palwafen)p () = —222)
192(9€2|$1)d$2

/p1(=’751|$2)

]

The Hammersley—Clifford theorem allows us to characterize a joint distribution by
using its conditional distributions. Using this idea, we can characterize our target dis-
tribution, which is the joint posterior p(X, ©|Y"), by using the conditional distributions
given as p(X|0,Y) and p(©]|X,Y). In Gibbs sampling, we generate samples from
the joint distribution by sequentially sampling from the full conditional distributions.

13



This method allows us to reduce the dimension of the sampling problem. Sometimes it
is also possible to apply Hammersley—Clifford theorem more than once to further get
lower dimensional sampling.

In Gibbs sampling, after obtaining lower dimensional conditional distributions, we can
use any sampling method to sample from these distributions. If direct sampling meth-
ods are available for the distributions, then the algorithm is called a Gibbs algorithm.
On the other hand, if direct sampling methods are not available for the full condi-
tionals, then we should use other Metropolis—Hastings samplers to sample from full
conditionals. In this case the algorithm becomes a hybrid one, sometimes called as
Metropolis—Hastings within Gibbs algorithm.

In Gibbs sampling, the acceptance probability is always one. This means that the chain
always move, 1.e. proposed values are always accepted. To show this, assume that we
are using p(X|0,Y) and p(6| X, Y') for sampling from the joint posterior. Then, given
that the current value of Markov chain is (X9, ©W)), Gibbs sampling first proposes

(X(can) ©9)) where X () ~ p(X(cam)|©) Y) = %. Thus the acceptance
probability is:

a ((X(g)7 0W), (X(CGN)’ @(9))) -

14 W(X(can)7@(g)) W(X(g)jg(g))/p(@(g))
T (X @, 0@) (X, 0@) /p(0®)

} =1 (2.12)

For ARSV model a deterministic scanfy| Gibbs algorithm is given in Algorithm
The algorithm updates one full conditional at each step. One exception is for o and .
Since the model yields high posterior correlations of these parameters, updating these
individually is an inefficient method [29, p.90]. Therefore these variables are jointly

update(ﬂ

The full conditionals for ARSV model can be obtained using the posterior given in
(2.10). Any full conditional distribution is always proportional to the joint posterior.
Therefore, by treating any irrelevant multiplicative term in joint posterior as a constant,
we can obtain the full conditionals. The full conditionals are given as follows (details
of the derivations are not shown):

p(uX,Y) o [HN(Ytluaehi)] N (p|do, Do)

o  N(pldy, Dy) (2.13)
o do/Dot Y Yie !
pu— 1 p—
1/Do + Zthl e~ 1/Do + Zthl e~
P(Oéa5,72‘X) X Nz(@a5‘170,7230)1[—1<6<1]IG(’72|@0,Ao)

8 The algorithm updates each variable in turn. It is also possible to design a random scan algorithm where the
order of updating is chosen randomly.

®  For instance jointly updating highly correlated variables (e.g. ) may improve the MCMC algorithm[29) p.
12]. [23] suggest that it is preferable to jointly update as much variable as possible, if we have a sampling method
for this. Following sections include a discussion on this blocking approach.
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Algorithm 2.2 Gibbs Algorithm
1: Initialize (X(©), ©(0))
2: for g =1to G do
32 Sample A9 ~ p(h{? |p{™Y pSTY p{TY Rl R ey
4: Sample b ~ p(BP R, 0\ BETY pleTY a1 )
5. Sample hég) ~ p(h§9)|h(()g*1), hgg)7 hég), hfffl), s hg§*1)7 el-1Y)

Sample h(Tg) ~ p(hgwg)|h(()g_l), h(lg)’ hég), h:(Sg)v e h(j?ll’ @(gfl)’ Y)
Sample 1) ~ p(h{ |1, 1S, hS, . hY, D). y)

9: Sample ul) ~ p(ul9|als= 1), flo=1) 42ls=1), X (), )

10:  Sample 72(9) ~ p(7(9)|u(9) ol9=D) gla=1) Xx(9) y)

11 Sample (al?), 59)) ~ p((al9), 39))|ul9), 4@, X @) Y)

12: end for

® 2D

T

H N (h|a+ Bhy—1,77)

t=1
o Nz(a,5|bl77231)1[71<B<1][G(72’G17Al)
= p(V?1X) o IG(y*]a1, Ar) (2.14)
= pla, B]7*, X) o< No(av, B]b1, v* B1)1—1<p<1 (2.15)
1 ho hy
oo |, Y =
1 hr hp
B, = [Bgl + X’X]_l by =B [Bglbo + X’ff]

X =

a; = ag + T/2 s A1 = AO + 0.5 [?,}7 + bBBo_lbo - bllBl_lbli|
p(holhy, ©) o< N(holmo, Co)N (1] + Bho,v?)

o< N(ho|mg, CY) (2.16)
o mo/Co + B(h1 — @) /¥* .
A Vi eEa-o

Since we used conjugate priors for the initial latent volatility and all parameters, we
obtained standard distributions for the full conditionals. However, this is not true for
other volatility states. The full conditional for the latent volatility states is given as:

p(ht‘ht—laht—i-h@?}/t) X N(}/t|/*[/7 eht)N<ht|a+6ht—17’72)N(ht+l|a+ﬁh’t772)

o N(Yy|p, " )N (hi|my, C;) (2.17)
ol = B) + B(hi-1 + hita) _ v
mt - 1 +/82 9 Ct - 1 +62

and fort =T

p(hrlhr—1,0,Y7) o N(Yr|p, )N (hrla+ Shr-1,7%)
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o« N(Yp|pu, e")N (hp|mep, Cr) (2.18)
mr = o+ Shr_q, CT:'72

Because of €™ in the variance term, full conditionals do not correspond to standard
distributions. For non—standard distributions, common sampling algorithms include
ratio—of—uniforms method, accept-reject method and slice sampling (see p.78, [29]).

In simple rejection method, we need an envelope function E(-) of the target distribution
such that E(h;) > m(h:), Vh:. Then we obtain a density proportional to E(-), sample
from it and accept the sample with probability 7 (h;)/E(h;). This procedure is repeated
until a draw is accepted. At the end, accepted values form an independent sample from
the target density 7. In this method, it is important to have the £ to be close to 7 in
order to increase acceptance probability and hence computational efficiency.

Therefore the critical issue with this approach is to find a tight envelope function. For-
tunately, efficient envelope construction methods are available for log—concave den-
stieﬂ Using tangents evaluated at certain points, [28] proposed an efficient method
of finding an envelope log F/(-) to logarithm of a target density, log 7(-). The full con-
ditional, 7(h;) we obtained in is also a log—concave density. The algorithm
begins with selecting a number of points and tangents to log 7 are constructed at these
points. Because of concavity, these tangent lines will always form an envelope to the
log target density. With our full conditional with selected parameters, this idea is illus-
trated in Figure In this case, the envelope E is piecewise exponential which can
be easily integrated and sampled from. [28]] also proposed an adaptive version called
adaptive rejection sampling (ARS). When a candidate value h**" is sampled from the
envelope, in order to complete the rejection step, 7(h“") should also be evaluated. At
this stage, the selected point (h“", w(h®")) can be used to update the envelope. This
adaptive approach improves the efficiency by obtaining a tighter envelope at each step.
The details of the algorithm can be found in [28]] and section 2.4.2 of [65].

Using ARS, now we can fully specify our Gibbs algorithm for ARSV model. The steps
are given in Algorithm[2.3]

Example 2.1. We simulate 500 data points for latent volatility and logarithmic returns
using parameter values 1 = 0, « = —0.4, 3 = 0.95 and v = 0.04. Results are
shown in Figure To infer the values of parameters and the latent log—volatility,
we implement Algorithm [2.3] with 10000 iterations. We use extremely diffusive priors
with hyperparameters ag = 5, Ag = 0.1,by = (0,0), By = I3, mg = 0,Cy = 100,
where I is the two dimensional identity matrix. The chain is initialized at o = —0.5,
B =0.5+%=0.01 and hgo),t =0,1,...,T equal to logarithm of sample variance. In
obtaining estimates, we ignore the first 5000 iterationﬂ

Estimated posterior quantities are given in Table 2.1 Note that, in a simulation ex-
periment, due to sampling variability, the maximum likelihood estimates (MLE) of the
parameters can happen to be different than the true values. Therefore it is better to
compare the MCMC estimates with the MLE rather than the true values. MLE are

10 A density f(x) is log—concave if % <0.
1 This initial period, in which the samples are ignored, is called burn—in period.
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Figure 2.1: Envelope Function for Full Conditional. Red line represents the log of full
conditional, 7(h;). Blue line represents log of envelope function E(h;). The dotted
lines represent the points at which tangents are drawn.

also given in the first line of Table[2.1] Estimation results are quite encouraging since
posterior means are quite close to the MLE values and MLE values are included in the
90% credible intervals.

Table 2.1: Parameter Estimates from Gibbs Sampler

o B v
True Values (MLE) -0.4070 0.9495 0.0405
Mean -0.4768 0.9412 0.0356
Mode -0.4607 0.9432 0.0337
Standard Deviation  0.1857  0.0230 0.0127
5th Percentile -0.8101 0.8995 0.0189
95th Percentile -0.2075 0.9743 0.0604

More detailed results are given in Figure The top line graphs are the trace plots for
the parameters which show the values visited by the Markov chain. The chains (espe-
cially for « and ) quickly converges to the true MLE values and oscillate around these
values thereafter. The second line shows the autocorrelations for parameter chains.
Normally smaller autocorrelations in MCMC chains improves the estimation results.
The third line shows the posterior distributions obtained from MCMC samples (after
ignoring burn—in period). The red vertical lines are the MLE values. These graphs also
show that we obtained reasonable estimates for the parameters. The last line of graphs
show the results for latent volatility, h;. The first one is the trace plot for hos, as an ex-
ample. The second one shows the true and estimated (also with 90% credible interval)
standard deviations, i.e. Ve . The final graph shows the autocorrelations of A, for all
t =1,...,T. Volatilities (especially adjacent ones) are highly correlated. And since
we are updating these highly correlated variables once at a time, the resulting chains
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Algorithm 2.3 Gibbs Algorithm with ARS for Log—Volatility

1: Initialize (X(©, ©)

2: for g =1to G do

3: fort=1toT do

Select some grid points from the support of p(h;).

Construct the envelope log F(h;) from the tangent lines to log p(h;) evaluated at initial grid
points.

6: repeat

7: Sample h{“™ « E(hy)

8

9

oo

Accept i, h§9) = hi“‘"), with probability min {1, p(hica"))/E(hgmn))}

Update the envelope using the new point (hgca"), E(hgca")))
10: until A draw is accepted
11:  end for
122 Sample h{?) ~ N(m)),C})
13:  Sample p'9) ~ N(dy, D)
14: Sample 2(9) ~ I1G(a1, Ay)
15:  Sample (!9, 8(9)) ~ Ny (b1,729) By)
16: end for

have high autocorrelations. Though, the decay in autocorrelations is quick.

2.3.3 Random Walk (within Gibbs) Algorithm

Gibbs sampler is only a very special type of Metropolis—Hastings algorithm. Metropolis—
Hastings is a generic algorithm and (given some minor conditions) it is possible to use
any proposal distribution in the algorithm. Two popular Metropolis—Hastings sam-
plers are random walk sampler and independence sampler. In random walk sampler,
the sampled values depends only on the current chain value while in independence
sampler, new samples are generated independent of the current chain value.

In previous section, we used a componentwise approach where decompose the joint
posterior into smaller components and update the components in a deterministic or
random way. This approach can also be applied using other Metropolis—Hastings sam-
plers. In such a setting, we design each update in such a way that all have the same
joint posterior as their invariant distribution. Thus the combination of these updates
also forms a Markov chain with same invariant distribution'2| In such a componen-
twise approach, if we combine Gibbs sampler with other Metropolis—Hastings sam-
plers, then such an algorithm is sometimes called a Metropolis—Hastings within Gibbs,
Gibbs within Metropolis—Hastings or simply a hybrid algorithm (p.211, [23]).

For our ARSV model, full conditional distribution for the log—volatility (2.17)), is not
a standard distribution. For updating the volatility states, we will use random walk and

independence samplers in this and next sections. Updates for parameters will be same
as we did in Gibbs sampler (Algorithm [2.3).

12 Componentwise updating with a deterministic (random) scan will generate a transition probability which is a
convolution (mixture) of component transition probabilities. In both cases the resulting transition probability have
the correct invariant distribution. For more details see section 6.4.1 of [23]] and Section 10.3.2 of [65].
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Figure 2.2: Simulated Log—Returns and Standard Deviations

Random walk sampler assumes a random walk model to derive the proposal distribu-
tion. For instance, for sampling &, in our model, we propose h\“™” = h{"Y 4+ ¢ where
¢ has some distribution f. By this chain explores locally the neighborhood of the
current value, hﬁg b, Using our previous notation, the proposal distribution becomes
a(h ™ IhE) = Flhe™ = R,

Typically, the distribution f is chosen such that it is symmetric around zero, i.e. f(x) =
f(—=x) [55]. Most common choices are uniform, normal and student t distributions.
When f is symmetric around zero, acceptance probability becomes:

can) (can)
a(hz(tg_l)a hgcan)) = mm { :(Q 1 )):];ih(can ng 1 )) }

(can) )

g—1) )

p(hy
p(
p(hi ")

= mm{l (h( }

We can use a random walk sampler for sampling volatility in our ARSV model by
replacing the lines 3 to 10 in Algorithm [2.3|with the following Algorithm[2.4 We used
a Normal proposal with variance 2.

In designing a random walk sampler, the dispersion (e.g. variance) of the proposal
f(+) has a critical role. Large variance values gives a better exploration of state space
but may yield very small acceptance rates. On the other hand, small values may give
high acceptance rates but the chain can only move points close to the current values.
Therefore there is a trade—off between exploration of parameter space and average ac-
ceptance rate for random walk sampler. This means that trying to maximize acceptance
probability is not an optimal solution[63 p. 295] and a balance between these should
be aimed. Regarding the optimal acceptance rates, a value around 0.25 is suggested in
the literature for some specific cases and widely employed as a rule of thumb. With
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Figure 2.3: Estimation Results for Gibbs Sampler

this rule of thumb, Algorithm can be fine tuned by changing the variance 92 to
achieve an optimal average acceptance rate. Indeed, our tuning exercise also yields an
optimal acceptance value around 0.25 as seen in Example 2.2 below.

Example 2.2. We performed 20 estimation studies with 20 different variance values
and chain length of G = 1000. For each estimation step, we calculate average accep-
tance probability, root mean squared error (RMSE) as an overall measure of fit and
average autocorrelation for h; up to lag 100 over all t = 1,2,...,T. Our RMSE is

defined as RMSE = \/ x ST (Veht — V/eht)2, where hy is our Bayes estimate. We

used ¥? = 10744 = —10,9,...,8,9 as the variance. The results are shown in Fig-
ure[2.4] As seen from the graphs both average autocorrelations (an indicator for how
good the mixing is) and RMSE (main indicator for the goodness of fit) are minimized
when we have an average acceptance probability around 0.2. In our study, the optimum
value for variance is found as 92 = 1 with average acceptance probability of 25.44%,
RMSFE = 0.0045 and average autocorrelation of 0.2626.

Example 2.3. We implement Algorithm [2.4] with 30000 iterations. We use the same
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Algorithm 2.4 MCMC Algorithm with Random Walk Sampler for Volatility (Replaces
lines 3 to 10 in Algorithm[2.3)

1: fort =1to 1 do

2. Sample h{“™ ~ N (R 52)

3 Accept B = (™ with probability:

— can N(Y,; hgwn) N h(can) C
a7, 1 ))zmin{l, (Wil YN (™ . )

N (Yl e YN (R~ me, C)

Otherwise set h\? = p{9™")
4: end for
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Figure 2.4: Fine Tuning for Random—Walk Sampler. Points show average autocorre-
lations and RMSE versus average acceptance probability. Lines represent fitted third
degree polynomials.

values (log—returns, hyperparameters, etc.) used in Example Burn-in period is
equal to the half of the chain length. Estimated posterior quantities related to parame-
ters are given in Table Although credible intervals include the true values, when
compared to Gibbs sampler (Table [2.1)), the results are worse (i.e. higher credible in-
tervals with point estimates more distant from true values) in random—walk sampler.

Reasons for this can be seen from the more detailed graphs given in Figure As
seen from the graphs, there is significant autocorrelation problem in this algorithm.
The autocorrelations for the log—volatility (shown in the third graph in bottom line)
are quite high and decaying very slowly. In random walk sampler, proposed value
for hgg) depends on its own current value h§9 ~Y which is a source of autocorrelation.
Additionally in random walk sampler there is significant probability that the chain
does not move. Because of these two differences, our hybrid Gibbs-random walk
algorithm produces higher correlations for volatility than the pure Gibbs algorithm
(see Figure 2.3] for a comparison). And this increased autocorrelations in volatility
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Table 2.2: Parameter Estimates from Hybrid Gibbs—Random Walk Algorithm

o ] v
True Values (MLE) -0.4070 0.9495 0.0405
Mean -0.5766  0.9290 0.0452
Mode -0.5316 0.9346 0.0416
Standard Deviation  0.2459  0.0305 0.0174
5th Percentile -1.0644 0.8686 0.0250
95th Percentile -0.2588 0.9681 0.0787

chains are transmitted to the parameter chains as well (shown in second line). These
also support our previous comment that parameter uncertainty has relatively smaller
effects on volatility estimation, but uncertainty in volatility may significantly worsen
parameter estimates.

2.3.4 Independence (within Gibbs) Algorithm

Independence sampler [74] is a Metropolis—Hastings algorithm in which proposal dis-
tribution does not depend on the current state of the chain. For instance if we are using

independence sampler for h;, then the proposal will have the form q(hig) ]h,ﬁg*”) =

f (h%g ) ) for some density function f. Then the Metropolis—Hastings acceptance proba-
bility reduces to:

3 h(g) h(gfl) h(g)
&<h§g 1)7h§g)) _ min{l, m(h")a(hy ")

(9)
— min {1, M} (2.19)
w

where 7(h;) = p(hi|hi—1, hes1,©,Y;) is the target distribution given in (2.17) and
w(hy) = w(hy)/ f(he) is the ratio of target and proposal densities.

In independence sampler, proposal distribution f should be a good approximation to
the target distribution and additionally proposal should have fatter tails than the target
distribution. These conditions ensure that the ratio w(h;) is bounded and fairly stable
[74]. In independence sampler, the convergence rate is positively related with the
expected acceptance probability. Therefore, typically, once the functional form of the
proposal is determined, free parameters of it are tuned to achieve the highest average
acceptance rate.

Now we will use a hybrid Gibbs—independence algorithm for our model. First remem-
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Figure 2.5: Estimation Results for Hybrid Gibbs—Random Walk Algorithm

ber that the full conditional for the log—volatility has the form:
p(ht‘htfh ht+17 @7 }/;5) X N(}/t‘,ua eht)N(ht|mt7 Ct)

The second component is Gaussian in h;. However the first component is non—standard
in h;. The logarithm of the first component is:

—(Yt ~ u)z exp(—ht)

1
log N (Y;|p1, ™) = constant — éht —
[45] explored the fact that exp(—h,) is a convex function and can be bounded by
a function linear in h;. Using the Taylor expansion of exp(—h;) around my, i.e.
exp(—hy) =~ exp(—my) — (hy — my) exp(—my), we can obtain an upper bound for
this component:

1 V. — )2
log N (Yi|u, €ht) < constant — 5’% — %

= constant* + log g(h¢)

[exp(—my) — (hy — my) exp(—my)]
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where g(h;) = exp {—1h; [1 — (Y; — p)? exp(—my)] }. Now we can use the following
density as our proposal density:

q(hy) o< g(hg)N(he|my, Cy)

where m;, = m; + 0.5C; [(Y; — p)* exp(—m;) — 1] . This proposal density closely
approximates the target density and because of convexity the ratio of (unnormalized)
target to proposal is bounded, i.e. p(h;)/q(h;) < c for some c¢. We can use this
independence sampler for sampling volatility in our ARSV model by replacing the
lines 3 to 10 in Algorithm [2.3| with the following Algorithm[2.5]

Algorithm 2.5 MCMC Algorithm with Independence Sampler for Volatility (Replaces
lines 3 to 10 in Algorithm2.3)

1: fort =1to T do

2. Sample h\“™ ~ N(m/,C})

30 Accept B = (™ with probability:

a(h™, by = min {1 N (Yl exp(h" )N (B [y, CON (" jm;, C1) }
t » 1t - )

N (Yalu,exp(h{ )N (B my, CN (B (), Cy)

Otherwise set hﬁ-") = hig_l)
4: end for

Example 2.4. We implement Algorithm [2.5] with 30000 iterations. We use the same
values (log—returns, hyperparameters, etc.) used in Example [2.1{and burn—in period is
equal to the half of the chain length. Estimated posterior quantities related to param-
eters are given in Table and Figure [2.6] includes detailed graphs. The results are
similar to random walk sampler, i.e. when compared to a pure Gibbs sampler these
hybrid algorithms both have poorer estimates. The autocorrelation problem for the
log—volatility also exists with the independence sampler. Average acceptance rate for
this algorithm is %99.62. This is quite a high rate and suggests that the chain converges
to the invariant distribution very fast.

Table 2.3: Parameter Estimates from Hybrid Gibbs—Independence Algorithm

o B v
True Values MLE) -0.4070 0.9495 0.0405
Mean -0.5415 0.9333 0.0436
Mode -0.5049 0.9377 0.0391
Standard Deviation  0.2358  0.0290 0.0204
5th Percentile -0.9741 0.8799 0.0201
95th Percentile -0.2277 09721 0.0835

In Algorithm we follow a model-specific approach in which given the specific
form of target distribution we design an efficient proposal. Although it is possible to
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Figure 2.6: Estimation Results for Hybrid Gibbs—Independence Algorithm

find model-specific efficient proposals, there are also certain generic algorithms for
finding such proposals. Two popular methods for this are Adaptive Rejection Metropo-
lis Sampling (ARMS) (see [277]) and Griddy Gibbs Method (see [63l]).

2.3.5 Block Sampling

As discussed in previous sections, blocking highly correlated variables and updating
them jointly may significantly improve the MCMC algorithms [29, p. 12]. In previous
algorithms we sequentially update each log—volatility /; one at a time. Since the joint
distribution p(X|Y,©) = p(ho, ..., hr|Y,O) is a non-standard one, it is impossible
to directly sample from it. For this, [45] utilized an importance sampling idea using a
Gaussian approximation. They first transform the observation equation given in (2.3)
(assuming i = 0) into:

log Y,? = h; + loge; (2.21)
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where €? has a x7 distribution and E[log €?] &~ —1.2704 and V'[log €?] = 7/2 ~ 4.935.
They approximate the disturbance term, log €2, with a seven component Gaussian mix-
ture. The approximating model is given by:

log V> = hy + 2 (2.22)
7

flz) = Z ¢ N (ze|m; — 1.2704, v2) (2.23)
=1

where g; are the component probabilities, m; — 1.2704 are the component means and
v? are the component variances. They find the optimum values for the constants
{qi, m;,v;} that yields the best approximation to the exact density. Note that the mix-
ture density can also be written in terms of a component indicator variable s; such
that:

z|(sy = i) ~ N(m; — 1.2704,v7) with P[s; = i] = g, (2.24)

With this approximation, new observation equation and the original state equa-
tion (2.4) now define a conditionally linear Gaussian system. For such systems poste-
rior densities can be analytically calculated using Kalman filter recursions and all latent
states can be jointly sampled using Forward Filtering Backward Sampling (FFBS) [22]]

al gorith

This mixture proposal gives a very accurate approximation to the true density. And it
is possible to correct the remaining small error by using an importance weighting. For
this, first note that the farget density is given by:

T
p(h[Y,0) = N(hg|mg, Co) H N (he|o+ Bhe—1,7*)N (4]0, eht)

t=1

while we are sampling from the proposal density given by:

T 7
q(h"Y,©) = N(ho|mo, Co) [ [ N (hulev + Bhu—1,7°) | > a:N(log 7 |hy + m; — 1.2704, v7)
=1

t=1
Therefore the importance weights become:

p(h"|Y,©) H N (g0, eh)

g(hTY,0) — LS T N (log g2l + my — 1.2704, 07)

t=1

Example 2.5. We implement the block sampling algorithm using the FFBS with 30000
iterations. We use the same values (log—returns, hyperparameters, etc.) used in Exam-
ple [2.1] and a burn—in period that is equal to the half of the chain length. Estimation
results are given in Figure

Although the point estimates for parameters and latent volatilities are similar with
previous algorithms, block sampling approach yield very low autocorrelations for the

13 More information about Kalman filter, FFBS and other issues related to linear Gaussian systems can be found
in [75].
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Figure 2.7: Estimation Results for Block Sampling Algorithm

chains. The autocorrelations in volatility chains quickly converge to zero within first
ten lag and autocorrelations in parameter chains are smaller than what we obtained
in previous algorithms. This lower autocorrelation implies that we can obtain a low
estimator variance from the block sampling MCMC algorithm.
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CHAPTER 3

PARTICLE FILTERING

In previous chapter, we introduced MCMC methods for inferring both latent states
and parameters for a state—space model. MCMC algorithms approximate the joint
posterior p(X, ©]Y") with Monte Carlo samples. Now we will introduce a distinction
between off-line (static) analysis and on—line (dynamic) analysis. In off-line analysis,
all the data until a certain time 7" is observed and we estimate the parameters, ©, and

all latent variables until time 7', X1, ..., X7. Thus the main objective is to estimate
the final time joint posterior p(xy.7, ©|y;.r). In this setting, obtaining the marginal
posterior distributions for the latent variables, i.e. p(xx|©, y1.7), k = 1,...,T,is called

the smoothing problem. This is a static problem that will be solved once.

On the other hand, there is also a dynamic version of this problem called filtering.
In filtering problem, as we sequentially observe data, v, ..., %1, Y, ..., we want to
infer sequence of posterior distributions for latent variables. In this case, the target
distributions {p(x1.|©, yu)}tT:1 are called filtering distributions.

In this chapter, for performing filtering estimates, we introduce the particle filters
(a.k.a. sequential Monte Carlo methods ﬂ Throughout the chapter, we assume that
the parameters of the model, ©, are known. We begin the chapter by introducing a new
notation and setting up the general framework. Afterwards we introduce sequential
importance sampling and then sequential importance sampling with resampling as the
simplest particle filtering algorithm. Then we consider the most popular extension to
the basic filter, namely the auxiliary particle filter.

We will now use the following new notation: Let y(z;) denote the distribution of the
initial state, f(z;|x;_1, ©) denote the state evolution density and g(y;|z;, ©) denote the
observation density. In our setting f(-) and g(-) are time-homogeneous but in more
general cases they can be time—dependent. Parameters of the model are assumed to
be known. Thus we will drop © from the notation. Now, given a fixed time ¢, the
following distributions can be defined:

t

t
Joint Distribution: (1.4, Y1:1) :u(xl)H (k|Tr—1 H (yk|zk) (3.1
k=2 k=1

L There is a vast literature on particle filtering methods. For a textbook treatment see [15] and see [18]] for a
complete recent survey.
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t

Prior: P(w1:4) = (1) H f(xp]zr) (3.2)

k=2
t
Likelihood: pYrelre) = Hg(yk‘ifk) (3-3)
k=1
Marginal Likelihood:  p(y;.;) :/p(xlztaylzt)dxlst (3.4)
Posterior: p(fflzt|y1:t) _ p(xlzhyl:t) _ p(xl:t)p(yl:t‘xlst) (35)

p(ylzt) N fp(xlztayl:t)dxlzt

One Step Forecast: P(Yig1|the) = /p($1:t|y1:t)f($t+1|$t)9(yt+1|$t+1)d$1:t+1
(3.6)

Our analysis will be sequential for each time ¢t = 1,2,...,7. Therefore we need
updating rules (from ¢ — 1 to ?) for these densities. Using simple probability rules
(especially Bayes rule) we can define updating equations as follows:

e Joint distribution of observations and states:
p(l‘u, yl;t) = p(l’lzt—h yl:t—l)f(xt‘xt—l>g(yt|xt)

e Likelihood:

f(@ilzi1)g(yelze)
p(xe]T1:-1)
X p(y1:t—1|$1:t—1)f($t|$t—1)g(yt|$t)

p(ylzt’$1:t) = p(ylztfllxlztfl)

e Marginal Likelihood:
p(?h:t) = p(yl:t—1> /p(xl:t—l|y1:t—1)f(xt|xt—1>g<yt’xt)dxlzt

e Filtering Recursions:

Posterior at t — 1: p(z1.4-1|y14-1) (given)
=Prior at t: p(x1:e|y1:-1) = p(T1a—1|y1a—1) f(@e]1-1)

=-Forecast at : p(yt|ylzt—1) = /p($1:t—1|y1:t—1)f($t|$t—1)9(yt|$t)d$1:t

_ / (@ 1alyie)g(lze)dare

_ P(T1t|yre—1) 9 (Ye|e)
P(Yely1:-1)

o¢ p(z14|yre—1) 9(yelwe)
Prior Likelihood

=Posterior at ¢: p(T1:t|y1:t)
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f(@e|ze-1)g(ye|ze)
P(Yelyr:e-1)
oC P(@ra—1|Yr:—1) f (2] 2e-1) g (ye | 7¢)

= P($1;t71|y1:t71)

In filtering problem, we want to (sequentially for each ¢) sample from the filtering
density p(x1.|y1.¢) given as:

p(xl:ta yl:t)

p(%l;t’ylzt) - p(ym)

t

t
X p(fﬁ:t,yl:t) = ,u(l’l) H $k|$k 1 Hg yk‘-Tk
k=2 k=1

which is typically complex, high—dimensional and does not correspond to a standard
distribution. Furthermore target density has an increasing dimension with time ¢.
Therefore direct sampling from this density is typically impossible. For these type
of problems, sequential importance sampling (see Chapter 14 in [63]]) is proposed in
the literature.

3.1 Sequential Importance Sampling (SIS)

Assume that, we want to estimate the following integral:

1= Epfp(2)] = / o(2)h(2)dz

for a function ¢(-) and a density h(-). If we can sample from A(-), then we can approx-
imate the integral using Monte Carlo samples. However, if it is not possible to sample
from the target density h(-), then we can use an importance sampling approach. The
method is based on the following identity:

I [eeneiz= [e@nnGa: - Bulez) 3]

h(2) W(Z)

where h/'(-) is the proposal density with supp(h’) D supp(h - ). Then the estimator
is given by I = ¥ Zz Lp(2) :,((zl)) where z; ~ h'. Here w(Z) = h,((ZZ)) is called the
importance weight function.

Now assume a sequential filtering framework. At each time ¢, let p;(z1.1) = p(1.4|Y1.¢)
denote our target density, v;(z1.;) = p(x14, y1.¢) denote its unnormalized version and
q:(x1.1) denote our proposal density for the importance sampling given as:

Qt($1:t) = C]t—1(I1:t—1)Qt($t|CL’1:t—1) 3.7

= qi(z1) [ [ ax(elwrns) (3.8)
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where each q;(z;|z1.4—1) is such that we can easily sample from it.

Given this structure, the importance weights at any time ¢, w; (1), is given by:

_ Ve (1)
wt(xlzt) = —Qt(ﬂh:t)

_ thl(xl:tfl) %(331:1&)
Qtfl(xlztfl) ")/tfl(xlztfl)Qt(ajt‘xl:tfl)

which can be written as:

wi(21:¢) = W1 (@14-1) 0 (@14)

= wy(z1) [ [ on(1r)

where the incremental importance weight function o (x1.;) is given by:

%(xlzt)
39
thl(xlztfl)Qt(xt‘xl:tfl) G2

Oét(mlzt) =

Steps of SIS algorithm is given in Algorithm 3.1]

Algorithm 3.1 SIS Algorithm

1: fort =1, foreachi=1,..., N do

2:  Sample X} ~ ¢ (z1)

3:  Compute unnormalized weights w1 (X?)
wi(X7)
j_\’=1 w1 (X17)

4:  Normalize the weights, i.e. W{ =

5: end for

6: fort > 2, foreachi=1,..., N do

7. Sample X} ~ qi(z¢| X3 .,_1) _ . .

8:  Compute unnormalized weights wy(X7}.,) = wi—1 (X}, 1) (XT.,)
. . . ; wy X'li:t

9:  Normalize the weights, i.e. W} = le(wt(X){:,,)

10: end for

For each time ¢, SIS algorithm generates N weighted samples for the full path of the
states up to ¢, {X {:t}i]\il, with weights {W;}fvzl Using these, we can approximate the
target density, p;(x;.) with:

N
Pi(T14) = Z Wtiéxfzt (71:4)
i=1

and estimate its normalizing constant Z; := p;(x1.) /v (x1.) with:

1 N
Zy= N ;wt( 1:t)
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And for expectation of any test function ¢, given by:

Ii(¢1) = Eppi(214)] = /@t(mlzt)pt(%:t)dxl:t
we have the following estimate:

A

N
() = / pilwna)pilrr) o = 3 Wig(Xi,)
=1

SIS algorithm is a generic one that can be used in sequential problems. However as the
dimension of the target distribution increases, SIS algorithm gives increasingly inaccu-
rate estimation results. Indeed variance of importance weights and thus the estimator
variance increase (typically exponentially) with tﬂ

3.2 Sequential Importance Sampling and Resampling (SISR)

As we discuss in previous section, SIS algorithm has weight degeneracy problem. To
avoid this problem, we need to an additional resampling step. In this SISR setting, at
each ¢, after generating the particles { X f:t}i\; with corresponding weights {W;}Z]\il
we resample the particles according to these weights with replacement. This step en-
sures that low weight particles are eliminated and high weight particles survive and are
multiplied.

1=

1/N for all i = 1,...,N. However resampling step introduces a trade—off: with
resampling, we improve the estimates for the future time marginals, but at the same
time increase the immediate variance.

i N ) —i
After the resampling step, the new particles {X 1:t} have equal weights W, =
1

Algorithm [3.2] shows the steps of SISR algorithm. In SISR, since we reset the system
at each resampling step, the unnormalized weights are always equal to the incremen-
tal importance weights, a;(X7},,). This prevents weight accumulation over time and
therefore avoid weight degeneracy. For the resampling step, different resampling algo-
rithms are proposed in the literature. These include multinomial, systematic, residual
and stratified resamplin

Deciding on the frequency of resampling step is also another important issue. Since
resampling step some additional noise to the system, it is not optimal to resample at
each iteration. For this problem, [51]] proposed using a measure called Effective Sample
Size (ESS). ESS is based on the ratio of estimator variances for an importance sampling
as opposed to i.i.d. sampling. The ratio is (approximately) equal to:

1
1+ Var [w(X)]

2 See [18] for details of such problem.
3 For details of resampling schemes, see [[18],[14], [SO] and [46].
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Algorithm 3.2 SISR Algorithm
1: fort =1, foreachi=1,..., N do
2:  Sample X} ~ q1(z1)
3 Compute unnormalized weights w1 (X7)
4:  Normalize the weights, i.e. W7 oc wy (X7})
5. Resample { X}, W{} to obtain N equally-weighted particles {Y;, %}
6
7
8
9

: end for
:fortz2,foreachi:1,._..7Ndo _
Sample X ~ gy (2¢[X ., _1) and set X, e (X', 1, X{)
Compute unnormalized weights w(X7.,) = o (X7 ;)
10:  Normalize the weights, i.e. W} o w;(X3,,)
11:  Resample { X{,, W/} to obtain N equally-weighted particles {Yzl:t, %}
12: end for

where w(X) is the importance weights. Thus, using sampled particles and their corre-
sponding weights, ESS can be estimated as follows:

ESS = _ (3.10)

> (W)?

Typically, resampling is done if ESS is smaller than a threshold, which is generally
taken as /2.

Example 3.1. For ARSV model, we simulate 100 data points with parameters ;. =
0, « = =04, f = 0.9 and v = 1. The prior for states, p(xi,) as given in (3.2),
is used as the proposal density. With this choice, incremental importance weights
becomes proportional to the likelihood, oy (z1.4) o g(y¢|x:). We used N = 5000
particles. For resampling, we used multinomial and systematic resampling schemes
and we resample only if £SS < N/2. The results obtained with systematic resampling
are shown in Figure We obtain very similar results for multinomial resampling as
well. Contrary to the SIS algorithm, there is no weight degeneracy problem. The
improvement over SIS algorithm as captured by ESS is shown in the last graph.

3.3 Optimal Importance Distribution and Adapted Filtering

In previous examples, we used the prior distribution for the states, p(x;.;) as our im-
portance distribution, ¢;(z14) = p(x14), ie. qi(r1) = p(xy) and g (z¢|r14-1) =
f(z¢]ze—1) for t > 1. However we can also choose any other distribution (that meets
certain criteria). Choosing an importance distribution is the most important step in
a SISR framework and optimization criterion for this is choosing a proposal density
such that, given xy.; 1 and y;.;, it minimizes the variance of the importance weights
(see [17]):.

Proposition 3.1. For SISR algorithm, the optimal importance proposal (3.8) that min-
imizes the variance of the importance weights at time t, given x14_1 and Y. is given

by qi(xe|z1:-1) = p(ae|Ti1, Yr).
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SISR Filtering Estimates
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Figure 3.1: SISR Filtering Results. First graph shows true and estimated log—
volatilities. Next two graphs show the histograms for normalized weights for different
time periods. The last graph shows the ESS for SIS and SISR.

Proof. In SISR algorithm, given x;.;_; and y;.;, new particles are sampled from ¢, (x¢|z1.4—1)
and weighted proportional to the incremental importance weights «;(x1.;). Therefore

we want to minimize the conditional variance of these incremental weights (given
21.t—1 and yp.) calculated with respect to ¢;.

Vary, [og(21.0)] = Var,, [ ) }

%—1($1:t—1)61t($t|$1:t—1)

= Fa |:7t2—1($1;t%21§2§:g;t‘$1:t1):| N {eq [7t1<x1:t7t1()3;1:€;t|x1:t1)] }2

Second term does not depend on ¢;. Therefore we only need to minimize the first term.
From Jensen’s inequality:

P %2_1(931:11521;2:551t|931:t—1)} - {eq {%—1(Il:tﬁjtl()iljgﬂ)?t|931:t—1)} }2 - {/%dxt}Q

which provides a lower bound independent of ¢,. This lower bound is attained by
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choosing:

’Yt(xlzt) ’Yt(%:t)

q T+ — g =

t( t| e 1> 7t—1(931:t—1) f%(l‘l;t)dxt
(14, Y1:t) N (214, Y1:t)

= = = p(x¢|T1.4-1, :
fp(xlst,yu)dxt p(‘rlzt—l,yht) ( t‘ 1:t—1, Y1 t)

g(yt‘xt>f<xt’xtfl)
P(Yelwe—1)

where the last line uses the Markov assumption for the states and conditional inde-

pendence of observations. If we can use this optimal proposal, then the conditional

variance of the incremental importance weights will be zero, which means equal incre-
mental weights for all particles. [

= p(ﬂft|$t—17yt) = X g(yt|$t)f($t|$t—1) (3.11)

Except for only limited number of cases, it is generally not possible to sample from
this optimal proposal, p(x;|z;_1, y;). However, we should always aim to approximate
iﬂ by choosing a proposal as close to the optimal one as possible. Furthermore, if
we use the optimal proposal, then incremental weights become proportional to the
predictive likelihood, i.e. ay(x14) = p(ye|ri—1) = [ f(@e|ze—1)g(ye|z)dz,. In some
cases, evaluating this density analytically can also be not possible.

When compared to our initial proposal distribution, optimal proposal has some impor-
tant distinctions. First, contrary to our original proposal, optimal proposal uses new
observation y; when generating new particles. This allows us to generate new parti-
cles around regions of high probability mass. Such a filter is called adapted filter (see
[60]). Second, the new weights wy(x1,) = ay(x1.) do not depend on sampled states
x¢. This allows us to perform a resample—then—sample filtering and can improve the
filter’s approximation since it provides a greater number of distinct particles for the
approximation. This also allows obtaining i.i.d. samples. [60] call particle filters that
generates i.i.d. samples from the target and therefore does not need resampling after
sampling new states, as fully adapted filters.

The optimal proposal for ARSV model is:
P wi-1,90) o f(xilzi-1)g(yelae) = N(zi o+ B, )N (|0, ™) (3.12)

This density is not a standard one and thus it is not possible to sample from it using
standard methods. Since it is log—concave, we can implement a rejection algorithm for
sampling from it. However, incremental importance weights should also be calculated.
They are given as:

a(Xi 1) = ply Xi ) = / Sl X)) gl d

- /N(,I‘thé—i-ﬁXti1,’)/2)N(yt|0,€xt)d$t (313)

which cannot be evaluated analytically. Therefore, for ARSV model, we cannot im-
plement a fully adaptive filter.

4 For example, using Extended or Unscented Kalman Filters or using local approximation techniques, as

suggested in the literature ([[16} [18]]).
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3.4 Auxiliary Particle Filtering

As we discussed previously, typically, we cannot sample from the optimal proposal
distribution and/or calculate the importance weights. Despite this, it is generally ben-
eficial to use current observation y; in both resampling and propagation steps. Pitt and
Shephard utilizes this idea in their Auxiliary particle filter (APF) [60]. Contrary to
the original bootstrap filter which is a sample-resample filter, APF is an example of
resample-sample filter. In APF, we use p(y;|z;_1), which is an approximation to the
true predictive likelihood p(y:|zi—1) = [ f(x¢|xi—1)g(ye|x:)das, for reweighting old
particles and propagate new ones by using g(x;|z;_1), which is an approximation to
the optimal proposal, p(z|y:, 1-1) o f(z¢|zs-1)g(y:|7:). APF algorithmfis given in

Algorithm E]

Algorithm 3.3 APF Algorithm
1: fort =1,foreachi=1,..., N do
2:  Sample Xi ~ ¢ (z1)
3:  Weight the particles W7 o
4: end for
5: fort > 2,foreachi =1,..., N do
6:  Reweight old particles W}_; oc W}, x p(y:| X]_;)
7:  Resample {X{;tqa VNVtﬂl} to obtain N equally-weighted particles {f(f:tfl, %}
8  Sample X/ ~ q;(z;| X} ;) and set X}, « (X?, |, X})

9| XD F(X1XE )
P(ye| X7 1)ae (XX 1)

9(y1|X7)n(X])
@ (X7)

9:  Weight new particles W oc
10: end for

Johansen and Doucet [43] showed that the APF algorithm is just a special case of SISR
algorithm with a specific target distribution. With this representation, in order to ob-
tain an efficient APF algorithm, we should use good approximations ¢(x;|z;—,) and
P(y¢|z—1) to optimal proposal and predictive likelihood, respectively. Additionally, in
order to ensure a finite estimator variance, we should select p(y;|x;—1)q (z¢|x;—1) with
thicker tails than g(y;|x;) f(z:|x;—1) (with respect to x;_1.), e.g. selecting p(y|x;_1)
with thicker tails than p(y;|x;_1 ) and selecting ¢, (x;|x;_) with thicker tails than p(z;|y;, £;-1).

As we discussed before, for ARSV model, we cannot implement a fully adapted filter
using optimal proposal predictive likelihood. In this section we will implement APF
algorithms for ARSV model. Five different algorithms will be compared in a simula-
tion study. For all the algorithms we use, we choose an approximation §(y;|x;, x; 1)
to the true likelihood ¢(v;|z;) for defining the following densities:

Pl ) = / e, o) f (e ) da, (3.14)

Qt(xt‘xtfl) (0.8 ﬁ(yt’%, xtfl)f@jt‘xtfl) (3.15)

5 For more detailed particle filtering algorithms and empirical implementations, see [[77].

5 The original algorithm in [60] uses a mixture of distributions argument and samples an auxiliary variable
which corresponds to the index of particles. However it is represented as a resample—then—sample filter here. This
version of the algorithm generally outperforms the original representation [61.118].

37



and calculating the following second stage weights:

9elwe) f(xlze—r) — glyelw)

W — = =
! g(yt|$t7xt—1)f($t|xt—l) g(yt|$t,$t—1)

(3.16)

Approximation 1)

In the original APF article [60], likelihood evaluated at a certain value yi, i.e. §(y;|xe, ©4-1) =
9(y¢| 1) is used as an approximation. y; can be chosen as the mean, mode, etc for the
density f(x|z;_1), and thus y, is a function of x;_; and not z;. Common choice in the
literature is the mean.

The prior mean for ARSV model is p; = o + Sz;_1 and thus:

Pyelze) = /g(ytlut)f(:rtlxt—l)dxt = g(Yelir) = N(ye|0, exp(pr))

Gr(we|wi-1) o g(yelpe) f (el me1) o fl@e]wi1) = N(e|pua, ’72)

where the second stage weights are given as:

_ 2
W} o< exp {—xt 5 ft %t [e" — e“ﬂ}

In this filter, we reweight particles using the likelihood evaluated at prior mean, and
also second stage weights depend on (in a non—linear fashion) the distance to y, e.g. if
x; = jiy then W oc 1. This filter has an adapted reweighting step, but the propagation
is blind. Furthermore, the importance weights are not bounded, which means that for
some parameter values and sampled particles the algorithm may yield infinite weights.

Approximation 2)

ARSYV model has a likelihood which is log—concave in x;. Using this, we can use
a first—order Taylor expansion of log-likelihood around prior mean, as suggested by
[60]:

dlog g(ye )

IngJ(yt‘xta ,Ut) = IOgg(yt\ut) + (l’t - Nt) O
t
2

ol ) o exp {2~ 2 exp—p) 1~ (e )]

Log—concavityﬂ ensures that we have (for all x;) §(yi|z, pt) > g(y|x,). This filter
yields:
*2 2 2
R - Y
plodercs) o oxp {120 - W explpag (14}
v 2
2

. v
where i = iy — — [1 =y exp(—pu)]

" For a concave function f(z), for any o, we have f(z) < f(xo) + (z — 20)f'(x0), where the right hand
side of the inequality is the first order Taylor series expansion of f(z) around xq.
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Qt(xtutfl) x N(%’M:/ﬁ)
2

W/ o exp {—% [e_“ —e (1l —ax + ,ut)} }

Because of log—concavity, estimator variance is bounded in this filter. Additionally
both the reweighting and propagation steps are adapted.

Approximation 3)

For ARSV model, it is also possible to use a second—order Taylor expansion of log—
likelihood around the prior mean. This choice gives a second order polynomial ap-
proximation and yields a Gaussian approximation (in x;) for the likelihood:

R dlo 1 9%lo
log §(ye|xe, 1) = log g(ye| ) + (2 — ,ut)M + —(xy — “02M
oxy 2 ox;
2
X Ty 1
9(yelze, ) o< exp {—é - j exp(—p) |1 = (xe = pe) + 5 (20 — u?)] }
And thus:
y2
A= Zrexp(—pu), B=A+1/7
_ fe o _ Api g
¢ = _O'5+A(1+Mt)+¥aD_A(]-+Mt)+74‘2_72

sl o ——expd & — D
pytxt—l \/Exp 2B

c 1
Qt($t|$t—1) x N (l‘t|§, E)

i ox xp { 2 explg) | o = ? = (= )|}

This filter also has adapted steps both for weighting and propagation, but estimator
variance is unbounded.

Approximation 4)

We can also use a second—order Taylor expansion of log—likelihood around MLE, as
suggested by [70]. The approximation is:

A 81og g(y:| log y?
log §(yel e, pue) = log g(yel log y7) + (z¢ — log y;) (a:i 2

2)232 log g(y| log y7)

+ = (z¢ — logy; 92
t

e ol

G(e|we, pe) o y—N (] log 7, 2)
t
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1.e. which is a Gaussian approximation with MLE as the and a variance of 2.

Note that this approximation is proportional to (as a density for y;) N (log yZ|z; — 1, 2).
Thus, by using Extended Kalman Filter method, we use the following linear Gaussian
system to build our proposal:
logy? = oy — 1 + v, v ~ N(0,2)
Ty = o+ Bmtfl -+ Wy, Wt ~ N(O, ’}/2)

which yields:
1. 1 logy? mu - B
A=-+—=-,B= o~ D
2 + ,-)/27 9 727 t A
~9 ~9 _ 2
P(ye|ri_1) o< exp {% i #tQ,YQﬂt }
21
Ge(e|me—1) o< N | | fie, Y
2 oz 2)?
W o< exp {—% — %t exp(—x) + %}

This filter also has adapted steps both for weighting and propagation, but estimator
variance is unbounded.

Approximation 5)

Approximation 4 has a fixed variance of 2 and thus there is no guarantee it dominates
the likelihood for all possible values of y,. This problem can be solved by using a
more diffuse Gaussian distribution. The variance of the distribution can be set to a
larger number to increase the possibility of bounded estimator variance. In an offline
analysis it is also possible to calculate a value for o2 large enough to ensure that the
density dominates the likelihood for all observed values of y; in the sample.

This filter yields:
A:%+%7B:1052y? % t_g
@ (v¢|T—1) o< N ($t|ﬂt, %)
Wy ocexp {—% — %?exp(—xt) + %}

Example 3.2. We implemented the aforementioned five different APF algorithms.
Since 72 (i.e. signal-to—noise ratio) critically affects the efficiency of filters, we use
two different values, v = 0.3 and v = 1. We use a = —0.4, 3 = 0.9 and 0% = 20 for
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the last filter. With these parameter values, we implement 100 simulation and filtering
with a time period of 7" = 100 and with N = 5000 particles. Systematic resam-
pling is done if ESS is below N/2. As expected, these five filters require very similar
computational time.

For each APF algorithm, we calculate the average ESS and gross root mean squared
error defined as RM SE = \/ﬁ SO0 ST (X — XTrue)2, where X! is the fil-

m=1 t=1
tering estimate of X; at m' implementation. The results are shown in Table [3.1| and
selected filtering examples are given in Figure[3.2]

Table 3.1: Average ESS and Relative RMSE for Different APF Algorithms

v=0.3 y=1
Relative RMSE | Average ESS | Relative RMSE | Average ESS
Approximation 1 1.0154 3759 1.0000 3171
Approximation 2 1.0825 3831 1783.6 3839
Approximation 3 1.8332 3599 2.1106 2208
Approximation 4 1.0162 3470 1.0196 2573
Approximation 5 1.0000 3706 1.0666 3331

So, given the values of parameters and simulated log—returns, the estimation results
suggest the following conclusions:

e In some cases we obtain better results with an unbounded weight function as
compared to a bounded weight function. Such cases may occur if, a) pro-
posal density decays fast enough that makes weight variance finite despite an
unbounded weight function, b) weight function takes bounded values for the
specific value of parameter and observed variables. However, there is always a
possibility for a filter with unbounded weight function to fail at any moment for
some other values of parameters and observations.

e For low signal-to—noise ratio (i.e. v = 0.3), all except the third algorithm yield
similar results. For high signal-to—noise ratio (i.e. v = 1), first and fourth
algorithms give better results and second algorithm yield extremely bad results.

e The second algorithm has a bounded weight function. However the variance
of weights increases with . Therefore second algorithm performs the best for
~v = 0.3, while we have a poor result for v = 1.

e We used similar approximations in the last two algorithms and only the last
algorithm has a bounded weight function. However the results favor the fourth
algorithm over the fifth one.

e Average ESS and RMSE have not a monotonic relation. This confirms that ESS
cannot be used as a measure for estimator variance if the filter is not providing a
reasonable approximation.

e Finally, as expected, increasing the state variance v? yields higher RMSE values.
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Figure 3.2: Results for Five Different Auxiliary Particle Filters. The graphs on the left
show, the true values of latent variable (red), filtering estimate (blue) and +/- 1 standard
deviation band (green). The graphs on the right show the ESS for each APF algorithm.
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CHAPTER 4

PARTICLE MCMC

In previous chapters, we discussed particle filtering methods to infer latent states, un-
der the assumption that model parameters are known. However in real life, we need
to estimate both the parameters and the latent states. At first sight we may think of
extending the state with the unknown parameters Z; = (X, ©) and then using par-

ticle filtering to estimate the sequence of posterior distributions {p(let|y1:t)}tT:1 by
using an initial density p(6;)pug, (x1) and transition density fp, (z¢|xi—1)dg,_,(0:), i.e.
0; = 0;_1. However this means that the parameter space would only be explored at the
initialization of the algorithm. As a result of the successive resampling steps, after a
certain time ¢, the approximation p(6|y;.;) will only contain a single unique value for
©. Although some methods (e.g. resample-move algorithm) are proposed in the liter-
ature to partially solve this inevitable degeneracy problem, this is a difficult problem
and it cannot be considered to have been solved in full generality [44,[18]]. For a survey
of SMC methods for parameter estimation, see [44].

On the other hand, we also discussed MCMC methods that directly aim to estimate
both the parameters and the latent states. However, the performance of the MCMC
methods critically depend on finding good proposal distributions that approximate the
posterior or, more commonly, some lower dimensional components of it. If the pro-
posal distributions explore the state space poorly and/or if highly correlated variables
are updated independently, then the resulting MCMC estimates will be poor. In the
previous chapter we also saw that, although finding good proposals for full conditional
distributions of parameters, p(©| X, Y'), may be easier, finding good high—dimensional
proposals for full conditionals of the latent states, p(X|©,Y), is not an easy task.

Very recently, Particle MCMC methods are proposed by [2] that aim to use SMC meth-
ods to build efficient high—dimensional proposal distributions to be used within an
MCMC setting. To illustrate this idea, now assume an MCMC setting in which we
sequentially sample from the full conditional of parameters and latent states. Typically
sampling from p(©]X,Y) is easy. For p(X|0O,Y"), we can use a Metropolis—Hastings
algorithm by proposing new states from a proposal distributio ¢(X9W|0W Y) atit-
eration g, and then accepting it with the corresponding acceptance probability. At this
stage, since the parameter values are fixed, we may think of using SMC to sample from
p(X|0,Y) which can be an efficient approximation of p(X|©,Y’). Although SMC

1 This density can also depend on X (9= a5 in random-walk samplers.
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algorithms allow us to sample from this approximation, to calculate the acceptance
probability, we also need to evaluate this density which is not available analytically.

Particle MCMC methods circumvent this problem by considering target distributions
on an extended space which includes all the random variables that are produced by
the SMC algorithm. Using this idea, [2] propose three novel algorithms called parti-
cle independent Metropolis—Hastings (PIMH) sampler, particle marginal Metropolis—
Hastings sampler (PMMH) and particle Gibbs (PG) sampler. We will summarize the
particle independent Metropolis—Hastings and particle Gibbs samplers here.

4.1 Particle Independent Metropolis—Hastings Sampler

To illustrate the ideas we need to work on an extended space just like we did in block
sampling section. But now we will use a slightly different notation as our main focus
in this section is the ancestral lineages as opposed to how many times a particle is
resampled. We will represent a generic resample—sample filtering algorithm with the
following steps:

o Attimet =1
~ Sample X} ~ ;")
— Weight wy(X}) and W/ oc w (X7)
e Fortimet > 2
— Resampling step is equivalent to selecting an index Al e {1,...,N} for
each particle according to its weight ¥} ;. For this, different schemes

(e.g. multinomial, systematic) can be used. This step can be represented as
sampling indices from a generic discrete distribution:

(Az}v s aAiij> ~ T('|Wt1—17 . '7Wt]X1)

or with a more compact notation A, ~ r(-|W,_y).
. Al . At S
- Propagate X} ~ ¢;(-|X;;-1) and set X7, < (X,.;.71, X}), i.e. we are only
extending the paths for the particles that survive the last resampling step.

— Weight wy(Xi,,) and W} o< wy(X1.,)

At the end of the SMC algorithm, we can obtain the usual approximation for the target
distribution as:

N
#arr) = Y Widxi_(z17) (4.1)

=1

and for the integrating constant as:

Zr=]] % Z wy(X1,) (4.2)



This representation clearly shows that the joint distribution of all particles (X: 1 X7),
where X; = (X7 ..., X"), and all indices (Ay,..., Ap_1) is given by:

T N .
H {T(at—ﬂwt—l) H qt(xﬂ'rl:tt—ll)}
t=2

N
’lvb(flv s 7fT7 617 s aa:T—l) = [H Ch(xll)
=1
4.3)

=1

where w,_, are the realized values of normalized importance weights.

Now we need to introduce one more notation to represent the ancestral lineages. First
- : Al ’

note that each X is generated from its ancestors X, /"], not from X}, ,. Therefore

we need to keep track of ancestral lineages. After performing the SMC algorithm until

time 7', we will have N final time particles {X’T}ZN:1 For each final time particle
Xk k € {1,..., N}, we have an associated path that includes all ancestors of XX.
To represent this path, let B denote the index of the ancestor of XX at time ¢. This

yields XF, = (Xff, ng, . ,Xf”?) where we have BY. = k by definition. Bf., =
(BY, ..., BY) represents the ancestral lineage of the particle X7.

SMC methods allows us to obtain samples from a distribution gg(z1.7|y1.7) Which is
an approximation to the exact full conditional pg(x1.7|y1.7). In order to use the SMC
within an independence Metropolis—Hastings algorithm, we need to do two things:
First we need to sample from the proposal gg(x1.7|y1.7) and then we need to analyti-
cally evaluate this density to calculate the Metropolis—Hastings acceptance probability.

Sampling From the Proposal Distribution:

After implementing the SMC algorithm, using the realized values of the particles and
the weights we obtain the empirical measure:

N
#(wrr) =Y Widyi  (21.7)
=1

which is just a realization of a random measure approximating the exact full condi-
tional. Sampling a path X7, from this approximation is straightforward:

e Sample an index K ~ F(-|W}, ... WX where:

F(k|Wg, ..., W) oc W§ (4.4)

e Given K = k, select X}, = XF . = (Xf{c,ng, o ,XJTB”?)_

Evaluating the Proposal Distribution:

To calculate the acceptance probability, we need the law of X7.,. Conditional on the
output of an SMC (i.e. for a specific realization (%1, ...,Zr,d1,...,dr_1)), the law
of this path is given by 7(x1.7) generated by the SMC algorithm. However, we need the
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unconditional law of this path, i.e. law over all possible values of ()21, cee X’T, ffl, cee fTT,l).
This law is given by:

qo(1r|yrr) = Ey[f(21:7)]
where the expectation is taken with respect to the joint distribution ¢(-) given in (4.3,

since this is the data generating process for the SMC algorithm. Unfortunately this
distribution is not available from the output of the SMC algorithm.

To circumvent this problem, [2] suggest to work on the extended space which is the
space of (K, Xy,...,Xr, Ay,..., Ar_1). Combining 1) and |l we can obtain
the proposal density on this extended space as:

—

qN(]C,.Z’l, e ,fT,al, Ce 76T—1> = w?zﬂ(fl, e 751*,61, ce 76T—1> (45)

The extended target suggested by [2] is given by:

k — — — —
- . RN - 7T(IL'A ) ¢<1'1 e T, Ay .. CLT_l)
7k, 21, ..., Zr,d1,...,d7—1) = NlT'T o ; 7k7 — P
- t—1
@1 (21" ) T Timg (b5 [ W) e |2,

(4.6)
where 2%, is the realized value for the sampled path X ;.- and the factor 1/NT corre-

K K
sponds to the uniform distribution on the set {1,..., N}" for the variables (K, A? e Agfl).
This extended distribution has two important properties. First it admits our target distri-
bution of interest as its marginal, i.e. if we generate samples (K, Xy,..., Xp, Ay, ..., Ap_1) ~

7(+), then XX has marginally the distribution 7(-).

Second, working with these extended target and proposal distributions allows us to
avoid the need for direct evaluation of gg (z1.7|y1.7). This is obtained by the following
important result (see proof of theorem 2 in [2]]):

7~T(k’,l’1,...7ZL’T7(11,...,CLT_1> o ZT

4.7)

q(k, 2, ..., Tr,dy,. .., dr_1)  Zr

where ZT is the estimate of the integrating constant and Z is the true value of it. 2T
can easily be calculated from the output of the SMC algorithm as given in (4.2)).

Implementing Particle Independent Metropolis—Hastings Sampler :

Now, by combining the above results, we can fully define particle independent Metropolis—
Hastings sampler to sample from pg(x1.r|yi.r). For this, at each iteration of the
MCMC algorithm, we run an SMC which gives the realized values for

M = (K,Xl, . ,XT,gl,. .. ,/YT_l)
the sampled path X% and estimate for the normalizing constant Zr as its output. The

algorithm iterates as follows: Assume that we are at iteration g and from the previous
iteration, the values M (g—1), the sampled path X,.(g—1) and Z1(g—1) are available:
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e Sample M* ~ () and given M* obtain X{* and calculate Z} This means
that we run an SMC algorithm, obtain the empirical measure 7(z1.7), sample

from this measure X, ~ 7(z1.7), and calculate ZAF} using the output of SMC
algorithm.

e (Calculate the Metropolis—Hastings acceptance probability as:

iU WY N (.0

p = min {1, #(M(g — D)G (0" "A(M(g—1))/G(M(g — 1))

= min 1,% =nmin 1,Ai 4.8)
Zr(g—1)/Z Zr(g —1)

(X{x Zx) with probability p
(XE.(9—1),Zr(g — 1)) with probability 1 — p
(4.9)

(XEo(9). Zelg)) = {

[2] showed that, under certain conditions, this algorithm creates a Markov chain whose
invariant distribution is the extended target 7 (-). Therefore, as the number of iterations
goes to infinity, G — oo, the marginal distribution of the sampled paths X%.(G)
converges to the correct conditional posterior distribution pe (z1.7|y1.7)-

Above result shows that, by using an SMC algorithm, it is possible to efficiently sample
from the full conditional distribution of latent states given the known values of param-
eters. This is a powerful method that allows us to sample the latent states as a block
even in non—trivial problems such as non—linear non—Gaussian state—space models.
Additionally it reduces the problem of finding efficient proposals that directly approx-
imate pe(x1.7|y1.7) to designing efficient SMC algorithms that targets pe(z1.7|y1.7),
which only requires designing low dimensional proposal distributions that will be used
sequentially within SMC algorithm. Now we can fully define a particle independent
Metropolis—Hastings sampler to sample from p(X|©,Y"), as given in Algorithm 4.1

[2] showed that this algorithm admits p(©, X |Y") as invariant density.

4.2 Particle Gibbs Sampler

In a standard MCMC algorithm with Gibbs sampler, we sequentially sample from
the conditional posteriors p(©]X,Y’) and p(X|©,Y). In most cases, sampling from
p(©]X,Y) is relatively straightforward if full conditionals turn out to be standard dis-
tributions. However sampling from p(X|©,Y") as a block is much more challenging.
As a naive method, if we replace sampling from p(X|O,Y") with sampling from the
empirical measure of an SMC output, then the resulting Markov chain does not admit
the relevant posterior as the invariant distribution.

Using the extended space framework that we discuss in previous section, [2] proposed
Particle Gibbs sampler in which we sample from p(X |©,Y") as a block using a specific
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Algorithm 4.1 Particle Independent Metropolis—Hastings Sampler

1: Initialization:
e Given O, run an SMC targeting po (z1.7|y1.7)

e Sample from the empirical measure X 1(?2 ~ pe(z1.T|y1.T)

o Calculate ZAt(O) from the SMC output

2: for g =1to G do

: Run an SMC targeting pe (z1.7|y1.7)
Sample from the empirical measure X 1(3“") ~ pe(z1.7Y1.T)
Calculate Z{°*™ from the SMC output

Calculate the acceptance probability as p = min {1, Zt(ca") / Zt(g _1)}

Set (X9, 29y = (x{=™ Z{e™)y with probability p, otherwise set (X%, Z\9))
X )

8: end for

A A

type of SMC algorithm. They introduced an SMC algorithm with conditional SMC
update, where a specified path X.; with ancestral lineage B;.r is ensured to survive
all the resampling steps, whereas the remaining N — 1 particles are generated by usual
SMC iterations. A generic particle Gibbs algorithm is given in Algorithm [4.2]
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Algorithm 4.2 Particle Gibbs Sampler

1: Initialization:

e Initialize ©®

e Run an SMC targeting pg o) (z1.7|y1.7)

(©

e Sample from the empirical measure X 1:% ~ Pow (z1.7|y1.T), thus implicitly select Bi?%

2: for g =1to G do

3:  Sample O ~ p(@lmg‘?;l), Y1.T)
4:  Run a conditional SMC targeting pg s (z1.7|y1.7) conditional on Xl(:g; Y using the following
steps:
Fort = 1:
- Fork# B;g_l) sample X¥ ~ g (21]y1)
- Fori=1,2,..., N compute weights wy (x})
- Fori=1,2,..., N normalize weights W} oc w1 (x%)
Fort=2,...,T:
- —
- Fork # ng 2 sample AF | ~ F(-|W;_1)
(g—1) k Aj
- Fork # B, sample X[ ~ q(x¢|y, 1)
- Fori=1,2,..., N compute weights w;(xi.,)
- Fori=1,2,..., N normalize weights W; oc wy(x?.,)
. @) 5 e (9)
5 Sample X ;77 ~ Poo (z1.7|y1.7), thus implicitly select By’
6: end for
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CHAPTER 5

PMCMC FOR A TIME CHANGED LEVY MODEL

MCMC approach offers a flexible estimation method for models that include stochastic
volatility and jumps. Accordingly, following the early paper of Jacquier, et. al. [40],
an abundance of MCMC algorithms are proposed in the literature for such complex
models. For instance [40] and [45] develop MCMC algorithms for an autoregressive
stochastic volatility model. [41] provides algorithms for stochastic volatility models
with leverage and fat tails. Furthermore [49] uses MCMC algorithms for different
stock price models with stochastic volatility plus Poisson, variance-gamma and log—
stable based jumps.

On the other hand, although PMCMC approach offers a compelling alternative to tra-
ditional MCMC and attracted a huge interest from the academic society, it is relatively
new and the literature on PMCMC for stochastic volatility and jump models is not
voluminous. In their original paper, [2] develops PMCMC algorithms for a stochastic
volatility model where the volatility process is driven a Lévy process. [39] uses PM-
CMC algorithm for Hull-White type stochastic volatility model. [21] and [33] develop
PMCMC algorithms for different autoregressive stochastic volatility models. There-
fore we aim to contribute to the existing literature by developing PMCMC algorithms
for a complex model with stochastic volatility and jumps in this chapter.

5.1 A Time Changed Lévy Model

In this chapter we will develop MCMC and PMCMC algorithms for a stock price
model that includes stochastic volatility and jumps driven by a time changed Lévy
process. Lévy processes are continuous time stochastic processes with stationary and
independent increments. Brownian motion and compound Poisson are two popular
examples of Lévy processes. However the family of Lévy processes is a rich one
that encompasses many other processes that offers more flexible modelling. Lévy pro-
cesses are quite flexible such that they allow discontinuous sample paths, non-Gaussian
increments and more flexible jump structures that may have infinite activity.

Lévy processes can have finite or infinite activity. In the latter case, we have an infinite
number of jumps within any finite time interval. In this case the sample path of the
process may have finite or infinite variation. In the infinite variation case, the sum of
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absolute increments is infinite over a finite time interval.

We can apply a stochastic time change to a Lévy process by allowing the time governed
by an increasing stochastic process. This allows us to obtain a time inhomogeneous
process which matches the observed characteristics of asset prices. An example of
time changed Lévy process is a variance Gamma process, proposed by Madan, et. al.
[S2]. It is obtained by subordinating an arithmetic Brownian motion with drift by an
independent Gamma process. That is:

VG(t) = L'y + W,

where ¢ and 1) are the drift and volatility of the arithmetic Brownian motion, and I'; is
an independent Gamma process with unit mean rate and variance rate A\. With this time
change, we turn the original diffusion process into a jump process. The process is an
infinite activity, but finite variation model. Thus the process incorporates finitely many
large jumps as well as infinitely many small jumps. Empirically, the variance Gamma
process captures stock market dynamics better than finite activity jump models (e.g.
Poisson models).

In general, estimation of Lévy processes can be quite challenging since for some Lévy
processes we do not know the probability distribution in closed form and higher order
moments do not exist. This rules out likelihood or moment based estimation methods.
On the other hand, simulation based Bayesian estimation methods fits this problem
well. We will use MCMC and PMCMC methods for estimating a time changed Lévy
process from discretely observed data.

A second component that we use in our model is a Heston [36] type stochastic volatility
process. Here, the variance v is modelled by a square root process given by:

dl/t = :‘i(@ — Vt)dt + Wﬂth

where « is the mean reversion rate, 6 is the long run average variance -y is the volatil-
ity of volatility and W, is a Brownian motion. In this model volatility is stochastic,
auto regressive and mean reverting. This feature allows volatility clustering as well
as kurtosis in stock returns. It is also possible to add leverage effect to the model by
using correlated Brownian motions for the stock price and the volatility process. The
transition density is a non-central Gamma distribution.

By combining stochastic volatility and jump parts, we assume the following model for
the stock price:

dlog(S;) = udt+ /v dW} +dVG, (5.1
dvy = k(0 — vy)dt + /v dW} (5.2)
dVG, = @dly +ydZy, (5.3)

where W1 and TW? are two correlated Brownian motions with cor(dW}, dW?) = p.
Z is also another Brownian motion, independent from others, and I'; is a Gamma
process with dI'; ~ Ga(1/\, X). With this structure, the model incorporates both
mean reverting stochastic volatility and infinite activity jumps in returns. This allows
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us to capture any volatility clustering, fat tailed returns, leverage effect and jumps that
may be in the actual price process that is modelled.

First order Euler approximation over a unit time period gives the following discrete
time equivalent for log returns as defined by Y; = log(S;) — log(S;—1):

Y, = p+viae+J; (5.4)
v = v+ R0 —vee) + vy reae (5.5)
Jp = oG+ Gy (5.6)

where €, ~ N(0,1),e; ~ N(0,1), cor(e, 1) = p,me ~ N(0,1) and Gy ~ Ga(1/A, N).
For the jump part we used the property of Brownian motion that, conditional on dI’;,
dZr, ~ N(0,dl';). The model defines a state—space form where the first equation is
the observation equation and the other two equations define the state evolution. The
latent states, that are latent volatility, jumps and background Gamma variate, are non—
Gaussian. Conditional on latent states, returns are conditionally Gaussian. Therefore
the system is a non-linear non—Gaussian system.

A simulation of the model is given in Figure [5.1| and Figure

5.2 MCMC

In this section we develop an MCMC algorithm for the above mentioned model. For
this we need to derive the posterior distribution of parameters and latent states. The
model includes eight parameters © = (u, k, 0,7, p, p, ¥, \) and three latent variables
X = (v, J,G).

The posterior is given by:

p(®7 V? ‘]7G’Y) Cx p(Y7 @7V7 J? G) (5'7)
= p(O)p(v)p(G|O)p(J|G,0)p(Y,v|J], 0)

= p(©)p(o) H Ga(G|1/A NN (Je|pGy, szt)

No(Yy, vl (p + oy vir + K(0 = ve1)), (1,95 70,9%))

where N(.|.),N2(.].) and Ga(.|.) represent the density functions for normal, bivariate
normal and Gamma distributions.

In setting priors for parameters and the initial variance, we select conjugate prior dis-
tributions if possible, and use parameters that lead to uninformative/difuse prior dis-
tributions. As proposed by [49], we transform (p,y) to (¢ = py,w = ¥*(1 — p?)) to
make posteriors tractable. The priors are given as:

p(p) o< N(ag=0,40=1)
p(k) oc N(by=0,By = 1)1(x>0)
p(0) o< N(co=0,Co=1)1(p0)
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Figure 5.1: Simulated values of Y}, v,,J; and G; from the model, using parameters
(n=10.05,k=0.015,0 =0.8,y=0.1,p = —04,p = —0.01,p = 0.4, A = 3)

p(w) o< IG(dy =2, Dy = 200)
p(¢) o N(eg=0,wEy=w/2)
p(p) o< N(po=0,F=1)
p(¥*) o< IG(qo = 2.5,Qp = 5)
p(\) o« IG(ro=10,Ry =1/10)
P(Vo) X 1(u0>0)

With this priors, the full conditional posteriors become as follow:

aq 1
ppl) o N7 7-)

L Variables with an index O represents the corresponding parameters for the prior distribution. Detailed deriva-
tions are skipped.
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|
o
T}
< —
e
o | o
o o
N
o
n |
—_ o
o
o | _ o | _
© T T T T © T T T T
-4 -2 0 2 4 0.0 0.5 1.0 1.5
J G
©
o | o
™
o
N © |
o
o |
N
Te} <
- o
o
i N
o | o
=}
© | _ g o | _
© T T T T T © T T T T

-2 -1 0 1 2 0 5 10 15
Density plots of Y}, v,J; and G, from the model, using parameters (u =

0.05,k = 0.015,0 = 0.8,y = 0.1, p = —0.4, 0 = —0.01, % = 0.4, \ = 3)

a, =

55



G K 1 kp 1+ — v
gt Do I (Y — i )

2 T 2 2
e (v — i1 — R0 — 11)) eq
D, = D 0 _
! o+ 2E0 + ; 2Vt,1 2E1
€1 w
)
Pl x NG )
_ ©o a Yi—p—J) (v —vi1 — k(0 — 1))
o= 24y
Ey — Vi—1
T
1 (Y — = )
E, = —
' Eq Z Vi—1

/
p<7/0|-) X 1(VO>O)V—O eXp(—V—(1]> exp<_F1V0)

fi = (Y1 —p— J1)2 B p(Y1 — p— Jy) (11 — K0) (v — /€9)2

20— ) e I
Fo= (k —1)?
27*(1 = p?)

! Vip1 — KO)?
M= W{PG@H = 1= Jey1) Wi — w0) — %(Y;:H —pu—Jp1)? — %}
1 Y, — — —1 2 1— B
M, = : Plemp=0) (5= w0+ (1= Kuo,
V(1= p?) Vi1 27y YWyt

1
27204 (1 = p?)
p(vrl.) o N(hy, Hi) 1)
he = vr+ K0 —vr) + py(Yr — p = Jr)
Hy = (1-p")7yvra
JZ
)

pel.) oo N(

[

_ b 1
po= P0+¢2;Jt

T

11

P = — i G
! P0+¢2; t

56



p(¥?.) o< IG(q1, Q1)

B T
Q@ = C]0+§
o Jt gDGt
1 = Q0+E BT
1 r 1 T
Ty —ro—1 /A -
PO < Iizprra) A [HGt] exp{—3(Ro + EH:Gt)}
™ 1
. N(—, —
P o NG 2)
90 1 P(Vt — Vi1 — /4(9 - Vt—l))
= Y. — -
R T A ; )
1 1
R, =

+
@ZJ?Gt (1 - PQ)Vt—1
21

1/A—3/2 1 ey Ly
PGl o GNP enl=Gi5 + ) -~ g

All posteriors except the ones for vy, 14, A and GG, turn out to be standard distributions,
which are easy to sample from. However, in order to implement a Gibbs algorithm, we
also need to effectively sample from these non—standard distributions as well. For this
we will use Adaptive Rejection Metropolis Sampling (see [27]).

ARMS is an extension to ARS method (see Algorithm [2.3)). The main idea of ARMS
is to use the envelope function generated by adaptive rejection sampling method (see
Figure even if the target density is not log—concave. Here the idea is illustrated
using the notation of Algorithm [2.3] In this case the envelope generated by tangent
lines may not provide an upper bound for the target density, i.e. G(h;) > m(h;) does
not always hold. Therefore GG should be called as a pseudo—envelope. If we imple-
ment the usual accept—reject sampling using this pseudo—envelope, then the resulting
samples will have the density f(h;) o< min(G(h;),n(h)), not w(h;) as we had in
log—concave case. However to correct this, ARS step can be incorporated within a
Metropolis—Hastings algorithm using f(h;) as the proposal density. The implementa-
tio of ARMS for our ARSV model of Chapter 3 is given in Algorithm (replaces
lines 3 to 10 in Algorithm[2.3).

Using the posterior densities we previously obtain and with the help of ARMS method
for sampling from non—standard densities, our full MCMC algorithm is defined as in
Algorithm

2 We implement ARMS using the R package HI [57]).
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Algorithm 5.1 MCMC Algorithm with ARMS for Volatility

fort =1toT do
Construct the pseudo—envelope G(h;) using ARS methods
repeat

1:
2
3
4 Sample A{“*™ o G(hy)

5: Accept it with probability min {1, p(h{™y JG(hSe™ )}
6

7

8

Update the pseudo—envelope using the new point (hfkm”), G (hgca") )
until A draw is accepted

Accept h{? = K™ with probability

1) e _pn [3 PO min (i), G |
alhy 7 hY) = min 1,

p(h D ymin {p(n{™), G(h{“™) }

Otherwise set hgg) = hgg_l)
9: end for

5.3 Particle Filtering

For implementing PMCMC, we need a particle filtering algorithm for the model. First
note that for our model, the optimal proposal that minimizes the variance of the impor-
tance weights (as defined in Proposition [3.1)) is given as:

Q(Xt|Xt—1a Yt) = p(Xt|Xt—1a Yt)

1 i, 1 -
= Ga(Gy| =, NN YN (|, 52)
A 2 g2
J J
. ¢ Yi—p
m; = — +
! P2 Vi1
2= 4L
7 1/12Gt Vi1
Tﬁ,y = 1+ :‘i(e — Vt—l) + p’)/(ift — U — Jt>
s2 = (1=p)ywia

The optimal proposal includes standard distributions and thus can be sampled. How-
ever the incremental importance weights for optimal proposal, which is equal to the
predictive likelihood, is given as:

a = p(Yi|Xi1) = / p(Yis X X1 )d X,

_ / o) p(Yilde v dJ
—_ N——

Variance Gamma Normal
This integral cannot be evaluated analytically. Thus we will use an approximation to

the predictive likelihood in the second stage weights of the particle filter. The approx-
imation is obtained by evaluating likelihood at prior mean of conditioning variables.
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Algorithm 5.2 MCMC Algorithm For The Model

1: Initialize (X(©), ©(0))
2: forg=1to G do

ap 1
3:  Sample u(g) ~N(%, L)
4 Sample (9 (%117 B%)l(roo)
50 Sample 09 ~ N(&, &-)1(p>0)
6:  Sample w9 ~ IG( ,Dy)
7 Sample ¢(9) N(g, #)
8:  Sample @(9) ~ N, L)
o Sample %) ~ IG(q1, Q1)

10:  Sample A9 ~ [ T \=ro *I[H LGV exp{—%(Ro + S°7_, G1)} using ARMS

Al/km/A)]

11:  Sample I/(()g ~ 1(V0>0)V—0 exp(— )exp( Fivg) using ARMS
122 fort=1toT —1do
13: Sample yt(g) ~ 1(,,t>0)y% eXp{]‘f—; + Mav, — M3v?} using ARMS
14: Sample J¥) ~ N(%, 7
15: Sample Ggg) ~ Gi/’\_?’ﬂ exp{—Gy(} + %) - G% 2:;2 } using ARMS
16:  end for '
17: fort =T do
18: Sample u(g) ~ N(h1, H1)1 (0
19: Sample J(g) ~ N(#, Rl)
. 1/2A—3/2 1 s
20: Sample GT ~ G exp{—Gr(5 + 752) - G w} using ARMS
21:  end for
22: end for

First note that the prior means of the latent variables are given as:

Elnlvia] = v + k(0 — 1)
ElL] = E[E[J|G]] = ElpGy] = pE[G] =

Therefore likelihood evaluated at these values is given as:
pYi|Xi1) = NYip+ E[J] + g(E[VJVt—l] — Vi1 + 80 = v1)), (1= p*)vien)
= N+, (1= p")ri-)

In an auxiliary particle filtering setting, these choices leads to second stage weights
given as:

g(Ye| Xe, Xo 1) f(Xi| Xo 1)

W, = =
' (Y| X 1)q( Xy X—1)




my = p+¢
32Y = (1- P2>Vt 1
4
mj = E
5 1
Sj = wzgt
m, = U1+ &(9 - Vt_1>
512/ = 72Vt—1

The full APF algorithm with these choices is given in Algorithm[5.3]

Algorithm 5.3 APF Algorithm For The Model

1. fort =1,foreachi=1,..., N do
2:  Sample X} ~ ¢ (z1) as follows:

e Sample GY ~ Ga(s, )

e  Sample Jj ~ N(" ,

%)

RS
w
QM\H

e Sample i ~ N(ni,,s2)

N(Yi|my ,s3)N (1 |my,s2)N (1| 24, %)
J

Weight the particles W7 o - R
N(v1|mi,,s2 IN(J1]— %)

(98]

: end for

: fort > 2,foreachi=1,..., N do 5

Reweight old particles W;_; oc W;_; x N(Yi|niy,s%)

Resample {X LI Wt[l} to obtain IV equally-weighted particles {f( (I %}

® U0k

Sample X! ~ q(x¢| X} _,) as follows:
e Sample Gi ~ Ga(% A)

M

e  Sample J; ~ N(

%)

)

&l\?
ot Jnm""

e  Sample v} ~ N(ni,,s2)

9:  Set X!, « (Xi, |, X}

N(Y: \my,sy)N(l/t|m, ,85 2YN(J:

)

1
A 4.
10:  Weight new particles W} o A
N(Yi|miy, SY)N(Vf|m1 sz)N(Jf|—; %)
11: end for Y
54 PMCMC

Now we can fully define the particle Gibbs algorithm for our model. For this we
can use the findings of previous sections: the conditional posterior for parameters,
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p(©| X7, Yi.1), is obtained in Section the auxiliary particle filter algorithm is
defined in Section [5.3] and the steps for conditional SMC update is defined in Algo-
rithm Full implementation of particle Gibbs algorithm for our model is given in
Algorithm[5.4]

Algorithm 5.4 Particle Gibbs Sampler for the Model

1: Initialization:

e Initialize ©®

e Run an SMC targeting pg o) (71.7|y1.7) using Algorithm

e Sample from the empirical measure X f :)F ~ Pow (z1.7|y1.T), thus implicitly select Bi?%

2: for g =1to G do
3: Sample 0@ ~ p(O|z{% "

,y1.7) using the following steps:
e Sample (9 ~ N(4-, 1)
e  Sample k(9 ~ (% Bi)]-(l'@>0)
e Sample 09 ~ N (&, 2-)1(p>0)
e  Sample w9 ~ IG(dy, D1)
e  Sample ¢(9) ~ N(, E%)
e  Sample ¢(9) ~ N(%,P%)

e Sample ¥29) ~ IG(q1,Q1)

e  Sample \(9) ~ TA=0~H[T/Z, Gl N exp{—1(Ro + 31—, Gy)} using ARMS

1
[)\1//\1—*(1/”]

e Sample v\? ~ L(ve>0) 7 exp(— L L) exp(—Fivp) using ARMS

4:  Run a conditional SMC targeting pgs) (z1.7|y1.7) using Algorithm but conditional on
X191 as defined in Algorithm
5: end for

5.5 Empirical Implementation

In this section we will implement the model introduced in previous sections using
S&P500 Index data. First we will discuss the descriptive statistics of the data. Then
we will estimate the model using MCMC and PMCMC methods defined previously
and compare the estimation results.

We use S&P500 Index log-returns in our estimations. The S&PS500 is a free-float
capitalization-weighted index of the prices of 500 large-cap common stocks actively
traded in the United States. The stocks included in the S&P 500 are those of large pub-
licly held companies that trade on either of the two largest US stock market exchanges;

the NYSE Euronext and the NASDAQ OMX. We use 15 years of data (from 2000 to
2015; totally 3914 observations) to estimate the model.

Figure [5.3] show the empirical density, probability plot and autocorrelations for the
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returns and squared returns. Returns exhibit significant kurtosis with a slight skew-
ness. Thus empirical distribution is highly non-Normal. At first sight this may suggest
modeling the data as an i1.i.d. sequence from a non-Normal distribution. However last
two graphs show that the return series have linear and non-linear dependence through
time. For returns, there are significant autocorrelations at the first two lags. More im-
portantly, squared returns have a very slowly decaying autocorrelation structure which
can be taken as an informal evidence of non-constant volatility.

S&P500 Log Rets
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Figure 5.3: Descriptive Plots For S&P500 Index: Index level, log returns, empirical
density for log returns, normal Q-Q plots for log returns, autocorrelations for log re-
turns and squared log returns.

We first performed a unit root test for the S&P500 Index and its log returns. The
augmented Dickey—Fuller testﬂ results, as presented in Table show that the index
has a unit root while the log returns do not. Since the S&P500 Index have significant
linear autocorrelations at first two lags, we apply an autoregressive filter to raw returns
in order to remove linear dependence in conditional mean. For this, we first fit a second
order autoregressive model given as:

Yi=mo+mYi1 +mYio+ G (5.8)

and then use the residuals (; in our estimation. This linear filtering step is commonly
used in time series modeling (e.g. [40]). We also test whether the residuals series has
any ARCH effect or not using Lagrange Multiplier (LM) testﬂ The test statistics and

3 Unit root tests are performed using R package urca [59].
4 LM tests are performed using R package FinTS [31]].

62



corresponding p—values with different lags up to 12 are given in Table The results
indicate that the residual return series has significant ARCH effect which should be
modeled using a non—constant volatility model.

Table 5.1: Unit Root Testing for S&P500

Test Statistics Critical Levels
0.01 0.05 0.10
S&P500 Index 0.55 258 -195 -1.62
Log Returns -67.96 -258 -195 -l1.62

Table 5.2: ARCH LM Test for Residual Returns

Lag Test Statistics ~ p—value

1 146.9755 < 2.2e-16
2 690.4289 < 2.2e-16
3 722.7191 < 2.2e-16
4 806.9449 < 2.2e-16
5 958.5190 < 2.2e-16
6 1020.0392 < 2.2e-16
7 1056.6099 < 2.2e-16
8 1057.9222 < 2.2e-16
9 1068.2387 < 2.2e-16
10 1079.3840 < 2.2e-16
11 1144.6060 < 2.2e-16
12 1156.1017 < 2.2e-16

We fit our time changed Lévy model using MCMC and PMCMC methods. In both
methods, we run MCMC chains for G = 100.000 iterations and ignore the first half,
i.e. a burn-in period of M = 50.000. We use relatively diffusive priors as defined in
previous sections to initialize the chains. The ARMS algorithm is implemented using
the codes given in [S8]. For the particle filtering algorithm, we use 5.000 particles and
use systematic resampling if £SS < N/2. The estimation results are presented in

Table[5.3|below and in figures [5.6|to in the appendix.

In both methods, the parameter chains quickly converge to regions around certain val-
ues. This can be seen from figures in the appendix which show chain values after
burn-in period, along with histogram of chain values. These graphs also show that au-
tocorrelations in parameter chains has a fast decay. Exception to this is the parameter
v, for which we have a slower decay in the autocorrelations.

For the latent variables autocorrelations for the log-volatility have also slower decays.
This is somewhat expected since for the volatility process, v;_; appears both in the
mean and variance of v; and the volatility variables are highly correlated posteriori.
Furthermore autocorrelations for the Gamma variate also have a slow decay.

When we compare the MCMC and PMCMC estimation results, we see that the es-
timates are not so distinct from each other. However the standard deviations and
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Table 5.3: Parameter Estimates from MCMC and PMCMC

MCMC PMCMC
Mean SD MCSE Mean SD MC SE
0.000 0.012  0.009 0.000 0.014 0.008
0.014 0.006 0.011 0.008 0.011 0.006
0.763 0.212 0.253 0.642 0.150 0.138
-0.378 0.005 0.157 -0.423 0.022 0.129
0.127 0.011  0.045 0.131 0.020 0.013
0.009 0.005 0.012 0.007 0.004 0.017
20392 0.023 0.156 0.425 0.014 0.235
3.785 0.064 1.245 3.287 0.068 1.768

Table includes posterior mean and standard deviation, as well as Monte Carlo standard
errors for each parameter.

>eE D DR T

Monte Carlo error are generally narrower in PMCMC. The main difference appears
in the autocorrelations for the parameter  and the latent variables, especially for the
volatility process v;. The decay rate for the autocorrelations are faster in PMCMC
when compared with MCMC. This finding is in accordance with the different updating
structures used in MCMC and PMCMC algorithms. In MCMC algorithms we use a
sequential approach to update each volatility one-at-a-time. On the other hand, PM-
CMC algorithm uses particle filtering to jointly update the latent variables and thus
uses a block sampling approach. As discussed in previous chapters, blocking highly
correlated components and updating them jointly may significantly improve the per-
formance of MCMC algorithms (see p. 12 of [29]). [23] suggest that we should block
as much as possible whenever we have a sampling method to jointly update the com-
ponents.

From theory of Markov chains, we expect our MCMC and PMCMC chains to eventu-
ally converge to the stationary distribution, which is also our target distribution. How-
ever, there is no guarantee that we can achieve this convergence for a finite number of
iterations. As discussed previously, quick convergence of chains to regions around cer-
tain values and decaying autocorrelation plots may constitute visual evidences for the
convergence to a stationary distribution. Besides we also apply Geweke [25] conver-
gence diagnostic to statistically test the convergence to target distribution. In Geweke
convergence diagnostic, for each variable, the MCMC chain is divided into two parts
containing the first 10% and the last 50% of the iterates. If the whole chain is station-
ary, the means of the values early and late in the sequence should be similar. Geweke’s
approach involves calculation of the sample mean and asymptotic variance in each
window, the latter being determined by spectral density estimation. His convergence
diagnostic Z is the difference between these two means divided by the asymptotic stan-
dard error of their difference. The values of Z statistic which fall in the extreme tails
of a standard normal distribution suggest that the chain was not fully converged early
on. The Geweke statisticﬂ calculated for each parameter chain (after burn—in period)

5 Monte Carlo standard errors are calculated using R package memc [26].
6 Tests are performed using R package coda [62]).
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are given in Table In principle, convergence diagnostics cannot guarantee that the
chains have converged. Nonetheless these visual and statistical tests show no sign of
non—convergence.

Table 5.4: Z statistics from Geweke convergence test

MCMC PMCMC

© 023 0.50
k037 0.19
0 0.29 -0.85
p 079 -0.30
~y 1.32 0.94
e 013 -0.36
¥?2 075 -0.38
A 0.89 0.23

One more difference between the two methods is the computational time required to
simulate a Markov chain with the same length. In our estimation study, we used the
same chain lengths for MCMC and PMCMC. However, in PMCMC we run a parti-
cle filter at each iteration, whereas in standard MCMC the sampling scheme is much
faster to sample from. As a result of this PMCMC method required 4.3 times more
computation time than the standard MCMC.

To compare the fitted model with the actual data, we also performed a simulation study.
The actual data we used spans a 15—year period. We generate 1000 different samples,
each having a return series spanning 15 years, using our model with parameter values
that are obtained using PMCMC. Figure [5.4] includes simulated and actual prices and
returns. The left figure includes 1000 simulated paths of stock price (on a logarithmic
scale) along with the actual price series used in estimation. Furthermore Table [5.5]
includes the various moments calculated using the actual and simulated data. The real-
ized path of stock prices are within the bounds of simulated paths and the distribution
of returns are close to each other. However the actual returns exhibit higher levels of
skewness and kurtosis. These findings show that the model is a reasonable approxi-
mation to the actual data used. On the other hand there also exists some further room
to improve goodness of fit using a different model to capture the excess skewness and
kurtosis observed in the actual data.

Table 5.5: Moments for Actual vs Simulated Returns

Actual Returns Simulated Returns
5% Mean 95%

Mean 0.00 -2.00 0.01 3.47
Standard Deviation 1.26 0.90 1.03 1.20
Skewness -0.32 -0.21  0.03 0.25
Kurtosis 10.64 513  6.15 7.40
First Order Autocorrelation 0.00 -0.03 0.00 0.03
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Figure 5.4: The left figure includes simulated paths of stock price from the model, as
well as the actual path used in estimation. Both are shown in logarithmic scale. The
right figure shows the empirical density of simulated and actual returns.

The estimation results show that PMCMC is a flexible estimation method to infer the
parameters and latent variables of a complex model such as our Lévy based model.
Once we are able to estimate the model, we can use the findings in different applica-
tions. One example is forecasting. Assume that we have data for time ¢t = 1,2,..., T
and are interested in the next day return, Y7, ;. Then we can estimate the model using
the available data up until time 7'. Since the density of Y, is not available in closed
form, we can use simulations to make inferences on it. Such an exercise is shown in
Figure [5.5] The figure shows the last 20 values for S&P500 index that are used in
estimation step. After estimating the model, we simulate 1000 samples for Y, using
the model with estimated parameters and latent variables, and then incorporate these
returns in the second order autoregressive model given in[5.8|to simulate S&P500 in-
dex for time period 7' + 1. The simulated values for S&P500 index are shown as blue
dots and their empirical density is plotted in red in the figure. The latest observation of
S&P500 index that is used in estimation has a value of 2079.65. The forecasted values
have a mean of 2080.99 with a standard deviation of 22.52. The 90% confidence in-
terval for the point forecast is (2045.47,2119.45). The daily value—at-risk for a 99%
confidence level is estimated as -2.46%.
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Figure 5.5: The figure includes latest 20 prices for S&P500 index, one day ahead
forecasts using the Lévy model and their corresponding density.
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5.6 Appendix
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Figure 5.8: PMCMC output for the model.
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CHAPTER 6

CONCLUSION

Finding suitable stochastic process is the starting point and the most fundamental step
of any financial modelling exercise. The inefficiency of Gaussian models in capturing
observed behavior of stock prices yields to the emergence of a vast literature on more
advanced models that include stochastic volatility and jumps. This ever increasing
complexity of models rules out the use of traditional estimation methods for inferring
model parameters and necessitates more advanced estimation techniques. Thus the
main objective of this research was to develop efficient algorithms for estimating a
stock price model that is flexible enough to capture the different characteristics of
observed data.

Therefore we resort to simulation based Bayesian estimation techniques. We begin
with MCMC approach, discuss the theoretical underpinnings of this approach and de-
velop various algorithms and implement them for a basic stochastic volatility model.
MCMC approaches offers a flexible method for estimating unknown parameters and la-
tent variables of a model by approximating the posterior distribution with Monte Carlo
samples. However, our analysis confirm that the efficiency of an MCMC algorithm
critically depends on the selection of good proposal distributions for latent variables
and jointly updating highly correlated variables may significantly improve the MCMC
algorithm.

Then we turn our attention to on-line estimation and discuss particle filtering meth-
ods in which the model parameters are assumed to be known and the latent states are
dynamically inferred as we sequentially observe new data. Using auxiliary particle fil-
tering, we test various algorithms for the stochastic volatility model and compare them
in a simulation study.

Next we discuss the recently proposed particle MCMC methods that uses particle filters
to build efficient high—dimensional proposal distributions to be used within an MCMC
setting. With this enhancement, particle MCMC methods circumvent the main chal-
lenge of traditional MCMC methods and offer a powerful estimation technique for
many complex models.

We develop MCMC and particle MCMC algorithms for a stock price model with a time
changed Lévy component. We assume that the stock price process includes Heston—
type stochastic volatility plus variance—gamma jumps in returns. Variance—-Gamma
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process is an infinite activity finite variation Lévy process obtained by subordinating
an arithmetic Brownian motion with a Gamma process. The model is quite flexible
in its nature and can capture most of the observed characteristics of stock prices. We
developed MCMC and particle MCMC algorithms for the model and compare them in
an empirical study using S&P500 Index with 15 years of data. The results indicate that
the particle MCMC algorithm is a more efficient alternative to standard MCMC and
typically gives smaller standard errors and lower autocorrelations.

The literature on Bayesian estimation of financial models includes various research
papers that implement MCMC algorithms for models with stochastic volatility and
jumps. However particle MCMC approaches are relatively new and thus research on
these methods is not voluminous. We contributed to the existing literature by devel-
oping efficient particle MCMC algorithms for the first time for a complex model with
stochastic volatility and Lévy based jumps. We see our new contribution as an exam-
ple for the application of particle MCMC methods in different real life problems and
expect to see this trend to continue in the future.

Simulation based inference is not an exact science and there always exists room for
further improvement. For instance, although we obtain better estimation results in our
particle MCMC algorithm than the standard MCMC, theoretically, it is still possible to
obtain a more efficient algorithm that may yield much faster decay in autocorrelations
and thus smaller standard errors. Therefore this research may serve as a starting step
in searching for efficient estimation methods for complex financial models and as a
stimulus for further research in this area.
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