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Abstract 
Multivariate stochastic volatility (MSV) models are nonlinear state space models that require ei-
ther linear approximations or computationally demanding methods for handling the high dimen-
sional integrals arising in the estimation problems of the latent volatilities and model parameters. 
Markov Chain Monte Carlo (MCMC) methods, which are based on Monte Carlo simulations using 
special sampling schemes, are by far the most studied method with several extensions and ver-
sions in previous stochastic volatility estimation studies. Exact nonlinear filters and particularly 
numerical integration based methods, such as the method proposed in this paper, were neglected 
and not studied as extensively as MCMC methods especially in the multivariate settings of stochas-
tic volatility models. Filtering, smoothing, prediction and parameter estimation algorithms based 
on the sparse grid integration method are developed and proposed for a general MSV model. The 
proposed algorithms for estimation are compared with an implementation of MCMC based algo-
rithms in a simulation study followed by an illustration of the proposed algorithms on empirical 
data of foreign exchange rate returns of US dollars and Euro. Results showed that the proposed 
algorithms based on the sparse grid integration method can be promising alternatives to the 
MCMC based algorithms especially in practical applications with their appealing characteristics. 
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1. Introduction 
Modeling, analysis, and estimation of volatilities of asset returns in financial markets have been a major research 
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area in the last three decades because of the significant conceptual role of volatility in mathematical and quantit-
ative finance. Reliable volatility estimates of asset returns are indispensible inputs to various mathematical mod-
els in financial frameworks including but not limited to risk management, option pricing, portfolio and asset 
management. A considerably rich literature on volatility research describes the well studied stylized facts about 
volatility including the time-varying nature of volatility, leverage effects, volatility spillovers, heavy tails and 
long memory. Comprehensive treatment of financial volatility and discussions on the stylized facts can be found 
in [1]-[4]. 

Two main modeling approaches addressing the mentioned stylized facts are stochastic volatility (SV) and au-
toregressive conditionally heteroskedastic (ARCH) models. SV models differ from ARCH models by modeling 
the conditional volatility as a separate stochastic process having its own error term instead of explicitly model-
ing it. As discussed in [5], this stochastic approach makes the SV models flexible and versatile in capturing the 
mentioned stylized facts; however these advantages come with computational costs associated with the estima-
tion methods. SV models are essentially nonlinear state space models requiring approximations or computation-
ally demanding numerical methods for the associated estimation problems.  

Several extensions on the univariate SV models addressing the mentioned stylized facts have been studied and 
proposed after the SV model of Taylor which dealt only with volatility clustering as described in [6] [7]. After 
the first multivariate stochastic volatility (MSV) model in the literature, given in [8], MSV modeling and esti-
mation had become a rich research area composed of several model specifications addressing different and more 
complicated stylized facts, not only about volatilities but also about co-volatilities and their dynamics. [9] [10], 
[11] are among many of those works and a review can be found in [12]. While addressing the stylized facts and 
flexibility, another objective was keeping the complexity under control in those MSV modeling efforts since 
dimensionality brought additional complexity on top of the inherent complexity due to the nonlinearity in SV 
models. Being non-linear state space models, even univariate SV models require methods that can handle high 
dimensional integrals in obtaining smoothing, filtering and prediction estimates of time-varying volatilities and 
parameter estimates as mentioned in [13] [14]. Furthermore, an extra complexity is introduced in MSV models 
due to the dimensionality of latent volatilities.  

Several studies incorporated algorithms, providing either fast or simplified approximations based on the well- 
known Kalman filter and its extensions, using Laplace approximations, variations of moment matching and me-
thod of moments, and quasi likelihood methods. Although being fast and simple those methods generally suf-
fered from poor performance as discussed in [2] [13]. Illustrations and examples of these methods can be found 
in [2] [4] [7] [8] [15] [16]. 

Difficulties with estimation of SV models quickly incited the usage of computationally intensive simulation 
based Monte Carlo methods for better estimations with advances in computational resources. Several Monte 
Carlo based algorithms incorporating resampling, particle filters, rejection sampling and importance sampling 
algorithms have been proposed with examples that can be found in [13] [14] [17] [18]. 

A major step in SV estimation was with studies such as [19]-[23] which introduced the Markov Chain Monte 
Carlo (MCMC) methods to the econometrics and SV fields. MCMC methods including the influential Metropo-
lis-Hastings and Gibbs sampling algorithms quickly became central to the SV modeling and estimation studies, 
and an appreciable amount of literature on applications of different variations of MCMC methods was built up 
on several types of SV models, especially for the MSV models. Theoretically, MCMC methods are immune to 
the curse of dimensionality by construction, and they can easily be implemented in a Bayesian setting where the 
parameter estimation can also be handled without a maximization routine for the likelihood, hence without an 
explicit evaluation of the likelihood function as described in [23]. These appealing characteristics of MCMC 
methods made them a natural first choice in MSV estimation studies. However, MCMC algorithms are not 
flawless. They still require intense computational resources for complicated iterative sampling schemes for es-
timation. They are not exact as being Monte Carlo simulation based methods, and additional issues on error 
control and convergence are inherent particularly for MCMC methods. 

Multidimensional integrals arising in estimation of SV models can be handled by classical numerical integra-
tion methods. Being exact methods with a deterministic nature, convergence properties of classical numerical 
integration methods are superior to probabilistic methods. However, when the problem dimension increases 
these methods become computationally infeasible since the number of dimensions increases the complexity of 
these type of algorithms exponentially. Unsurprisingly, studies on application of the numerical integration me-
thods to nonlinear state space models and particularly to MSV models are quite rare compared to the approxi-
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mation based methods and Monte Carlo simulation based methods including the MCMC. Refs. [14] and [24] are 
the main studies which discussed the application of numerical integration methods to nonlinear state space mod-
els. 

Sparse grid integration method is a smartly reshaped version of classical numerical integration method to 
handle multidimensional integrals by constructing multi-dimensional integration formulas in a way that the di-
mensionality effect is decreased to a certain extent which allows practical implementation in high dimensional 
cases in contrast to the classical numeric integration methods. Sparse grid integration approach starts with [25] 
and detailed treatment of different approaches based on the idea is available in [26] [27]. The sparse grid inte-
gration approach was applied to some economics and financial problems (e.g., discrete choice analysis in [27], 
collateral mortgage optimization problem in [28], derivative and option pricing in [29] and asset liability in life 
insurance in [30]). However, estimation algorithms based on the sparse grid integration methods for SV models 
have been neither studied nor mentioned in the literature. 

The goal of this paper is to show that the practical implementation of numerical integration method is possible 
by developing estimation algorithms incorporating the sparse grid integration methods as an alternative, and to 
depict that some important advantages of sparse grid integration methods over MCMC methods can be realized 
for MSV models. In this study, the sparse grid integration method is applied to the estimation problems of a 
given MSV model by developing density based estimation algorithms which include smoothing, filtering, pre-
diction and parameter estimation incorporating the sparse grid integration method. Additionally, the estimation 
algorithms based on the proposed sparse grid integration method is illustrated on simulated and empirical data 
with comparisons.   

The control of covariance matrices in MSV modeling and their handling in associated estimation algorithms 
are among the core topics of the MSV research. In this context, an approach which is new to the MSV modeling 
and estimation literature, to parameterize the correlation matrices, hence providing an alternative mechanism for 
handling covariance matrices in estimation, is also proposed and applied to the MSV model estimation algo-
rithms in this paper. The approach is based on the slightly modified versions of the methods described in [31] 
[32] in a general setting. 

The rest of this paper is organized as follows. A general multivariate stochastic volatility model and its state 
space representation are provided in Section 2. Development of estimation algorithms based on the proposed 
sparse grid integration method for the MSV model is presented and their properties are discussed in Section 3. 
An implementation of an MCMC algorithm for the MSV model is provided in Section 4. In Section 5, estima-
tion algorithms with the proposed method are compared with the algorithms based on an MCMC implementa-
tion on simulated data. In Section 6, estimation algorithms with the proposed method are illustrated on empirical 
data. Finally, in Section 7 concluding remarks and further research directions are presented. 

2. Multivariate Stochastic Volatility Model 
The first MSV model in the literature is given in [8]. The specification of the basic MSV model based on this 
model starts with modeling the asset returns by 

1 2
, ,    1, ,t y t t t T= =y V ε  ,                                    (1) 

where ( )1 , ,t t pty y ′=y   is a p-dimensional vector of asset returns, and ( )1 , ,t t ptε ε ′=ε   is a p-dimensional  

vector of observation disturbances which have a zero mean and a correlation matrix, Pε, defining the correlations 
between asset returns. In Equation (1), ( ) ( )( ), 1, ,diag exp , ,expy t t p th h=V   is a diagonal matrix whose diagonal 
entries are the time-varying variances and their logarithms follow an AR(1) process, 

1 ,    1, ,t t t t T+ = + + =h γ φh η  ,                                 (2) 

where, ( )1 , ,t t pth h ′=h   is the vector of unobserved log-volatilities, ( )1 , ,t t ptη η ′=η   is a vector of distur-  

bances with zero mean and a variance matrix 2 2
1diag( ,.., )pη η ησ σ=V . In Equation (2), ( )1, , pγ γ ′=γ   is the  

intercept parameter vector and ( )1diag , , Pϕ ϕ=φ   is the diagonal matrix of persistence parameters of the 
AR(1) process which drives the time-varying log-volatilities. 
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In Equation (1), the error vector ( )1 , ,t t Ptε ε ′=ε   enters the model multiplicatively, thus the model is nonli-  
near. Being a time-varying parameter model and nonlinear in structure, multivariate stochastic volatility model 
given by Equation (1) and Equation (2) is a non-linear state space model in essence. Equation (1) is considered 
to be the observation or measurement equation and implies the one step conditional density of observations (i.e. 
asset returns) given by  

( )| , ,    1, , ,y t tp t Tε =y h P                                    (3) 

and Equation (2) is the state equation, and implies the one step conditional density of states (i.e., log-volatilities) 
given by 

( )1| , , , ,    1, , ,h t tp t Tη− =h h γ φ V                                 (4) 

where, the initial step has an assumed density, ( ) ( )1 0 0 0| , , , N , .hp η ∼h h γ φ V μ V  
Several types of extensions and alternatives of the basic multivariate stochastic volatility model given in Equ-

ation (1) and Equation (2) have been proposed and implemented in the literature addressing various stylized 
facts about volatilities and co-volatilities. Examples can be found in [2] [4] [8]-[12]. 

In this paper, the estimation algorithms with the proposed estimation algorithms and MCMC based estimation 
algorithms are implemented on the basic model given by Equation (1) and Equation (2) and this particular model 
will be referred as MSVb in the subsequent sections of this study. 

3. Estimation with Sparse Grid Integration 
3.1. Preliminaries 
Similar to classical numerical integration methods, sparse grid integration methods are also based on integration 
formulas which are simply represented by a set of function evaluation points and corresponding weights. These 
points and weights are then used to evaluate the integral of a given function with 

( ) ( ) ( )
1

d
lN

d
il il

i
I f f fω

=Ω

= ≈∑∫ x x x ,                               (5) 

where, d is the dimension, l is the level, xli are the p-dimensional vectors representing points, ωi are the weights 
and Nl is the number of points of the integration formula which is represented by, 

( ) ( )
1

lN
d

l il il
i

Q f fω
=

=∑ x .                                    (6) 

In Equation (5) and Equation (6), level 1, 2,l =   determines the number of points, Nl, in the formula. Rela-
tionship between the level l and the number of points, Nl depends on the type of the formula. Further details on 
numeric integration and quadrature formulas can be found in [26], and [27]. 

In order to implement sparse grid integration to the MSVb model, sparse grid integration formula and the as-
sociated sparse grid is constructed first by the telescoping sum, 

( ) ( ) ( )( )1
1

1 1

1
p

p
l k k

l p
Q

≤ + −

= ∆ ⊗⋅⋅ ⋅⊗∆∑
k

,                                (7) 

where ( )p
lQ  is an integration formula of dimension p and level l, ( ) ( ) ( )( )1

l l l
k k kQ Q −∆ = −  are the difference formu-  

las obtained from a univariate integration formula having different levels, ( )1, , pk k=k   is a p-dimensional 
vector and · r

 is the r-norm operator. Here, Equation (7) simply constructs a p-dimensional integration formu-
la from a given univariate integration formula of different levels. See [26]-[28] for details on the construction of 
regular sparse grids.  

Classical construction of multivariate integration formulas differ in the approach used in Equation (7), that is, 
if 

1 l p< +k , is replaced by l
∞
<k  in Equation (7), then the complete tensor grid used in classical approach 

would be obtained. The main difference is that, the regular sparse grid constructed by Equation (7) involves 
( )( )1log pO N N −  degrees of freedom with N points in one dimension of the grid at the boundary under certain 

conditions, while classical multivariate numerical integration formula has an exponential dependence, O(NP), on 
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the number of dimensions. As a result, although not completely, sparse grid method significantly loosens the 
dependence on number of dimensions for practical application. For details on error bounds and complexity of 
sparse grids, see [26]-[28]. 

Construction of the sparse grid starts with the selection of a univariate quadrature rule, ( )1
lQ , among many al-

ternatives such as trapezoidal rule, rectangle rule, Simpson’s rule, Clenshaw-Curtis and Gaussian quadrature 
rules including but not limited to Gauss-Hermite, Gauss-Legendre, and Gauss-Patterson. In this paper, the well- 
known iterated trapezoid rule for open interval is used: 

( )
1

1

2 1

1 3 1 3
1 2 1 1 2

lN
l

l
il l l l

NiQ f f f f
N N N N

−

= +

      
= + +       + + +      

∑ ,                   (8) 

where the number of points for level l is 2 1l
lN = − . 

3.2. Smoothing, Filtering and Prediction Algorithms 
In this section, the sparse grid method is applied to the density based estimation algorithms of the state-space 
model of MSVb. In the development of density based estimation algorithms for the MSVb model, a similar ap-
proach for the univariate nonlinear state-space models described in [14] and [24] is followed.  

Let ( )
,
p

l tQ  be p-dimensional sparse grid quadrature rule constructed from the choice of univariate quadrature 
rule (i.e. trapezoid rule in our case), ( )1

lQ , of level l, at time t, and let { }1,2, ,t GG N=   be the set of sparse 
grid point indices where 2 1l

lN = −  for the trapezoid rule given in Equation (8). Then, each point ti G∈  in 
the grid is characterized with a p-dimensional vector ( )1 , ,i i i

pc c ′=c   representing the grid coordinates of the 
points and corresponding weight i

tω . The constructed sparse grid can be applied to the state space model of 
MSVb by providing suitable integration intervals for each dimension of the state vector, ( )1 , ,t t pth h=h  , for 

1, ,t T=  . Once the integration intervals provided, grid coordinates of points, ci, can be converted to actual 
point coordinates i

th . A method for identifying suitable integration intervals for the states, ht, is incorporating 
the estimates form an extended Kalman filter applied to the MSVb model and setting integration intervals as 
( )| | |

ˆ ˆ ˆ ˆ,t s t s t sv v− +h d h d , where |t̂ sh  is the state estimates and |
ˆ

t sd  is the vector composed of square roots of the 
diagonal elements of the covariance estimate, |

ˆ
t sΣ  (i.e., standard deviation estimates of states) obtained with the 

extended Kalman filter, and v is a scalar. In this approach, appropriate Kalman filter algorithm is selected de-
pending on the type of the estimation problem, namely filtering (s = t), smoothing (s = T), or prediction (s = T + L). 
See [4] [8] [14] [15] for different usages of the Kalman filter in SV estimation problems, and [4] and [14] for 
details and derivation of the Kalman filter estimation algorithms.  

Conditional filtering density of states for the MSVb model can be obtained recursively by the following 
two-step algorithm: 

( ) ( ) ( )

( ) ( ) ( )
( ) ( )

1 1 1 1 1

1

1

| , , , , | , , , | , , , , d ,

| , | , , , ,
| , , , ,

| , | , , , , d

t t h t t t t t

y t t t t
t t

y t t t t t

p p p

p p
p

p p

η ε η η ε

ε η ε
η

ε η ε

− − − − −

−

−

=

=

∫

∫

h Y γ φ V P h h γ φ V h Y γ φ V P h

y h P h Y γ φ V P
h Y γ φ V

y h P h Y γ φ V P h

              (9) 

for 1, ,t T=  . Equipped with the sparse grid points, weights, and set of their indices, the integrals in the filter-
ing algorithm can be handled numerically as 

( ) ( ) ( )

( ) ( ) ( )
( ) ( )

1

1 1 1 1 1

1

1

| , , , , | , , , | , , , , ,    ,

| , | , , , ,
| , , , .

| , | , , , ,

t

t

i i j j j
t t h t t t t t t

j G

i i
y t t t ti

t t i i i
y t t t t t

i G

p p p i G

p p
p

p p

η ε η η ε

ε η ε
η

ε η ε

ω

ω

−

− − − − −
∈

−

−
∈

≈ ∈

=

∑

∑

h Y γ φ V P h h γ φ V h Y γ φ V P

y h P h Y γ φ V P
h Y γ φ V

y h P h Y γ φ V P

        (10) 

Starting with the filtering density obtained in Equation (10), L-step ahead prediction density can be recursive-
ly obtained by 

( ) ( ) ( )1 1 1| , , , , | , , , | , , , , d ,t L t h t L t L t L t t Lp p pη ε η η ε+ + + − + − + −= ∫h Y γ φ V P h h γ φ V h Y γ φ V P h           (11) 

and using the sparse grid integration, approximated by 
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( ) ( ) ( )
1

1 1 1| , , , , | , , , | , , , , ,   .
t L

i i j j j
t L t h t L t L t L t t L t L

j G
p p p i Gη ε η η ε ω

+ −

+ + + − + − + − +
∈

= ∈∑h Y γ φ V P h h γ φ V h Y γ φ V P      (12) 

Given the filtering density, smoothing density is obtained with the backward recursion, 

( ) ( ) ( ) ( )
( )

1 1
1

1

| , , , , | , , ,
| , , , , | , , , , d ,

| , , , ,
t T h t t

t T t t t
t t

p p
p p

p
η ε η

η ε η ε
η ε

+ +
+

+

= ∫
h Y γ φ V P h h γ φ V

h Y γ φ V P h Y γ φ V P h
h Y γ φ V P

     (13) 

and sparse grid integration approximation is given by 

( )

( ) ( ) ( )
( )

1 1
1

1

| , , , ,

| , , , , | , , ,
| , , , , ,    ,

| , , , ,t

i
t T

j j i
t T h t ti i

t t t tj
i G t t

p

p p
p j G

p

η ε

η ε η
η ε

η ε

ω+ +
+

∈ +

= ∈∑

h Y γ φ V P

h Y γ φ V P h h γ φ V
h Y γ φ V P

h Y γ φ V P

         (14) 

for 1, 2, ,1t T T= − −  . 
Once the estimation density of interest is obtained with one of the recursive algorithms approximated by 

sparse grid integration, estimation of statistical properties such as the mean and the variance of a function, 
( )rf h  can be computed by the following expectation and its approximation with sparse grid integration: 

( ) ( ) ( ) ( ) ( )| | , , , d | , , , ,
r

i i i
r s r r s i r r s r

i G
E f f p h f pη η ω

∈

= ≈   ∑∫h Y h Y γ φ V h h h Y γ φ V           (15) 

where, ( ) ( ) ( ) ( ), , , , , ,r s T T t t t L t= +  for smoothing, filtering and prediction respectively. 
Estimation algorithms derived so far, with the exception of smoothing, are all sequential (i.e., on-line) algo-

rithms which do not require all the past information at each time period; instead the estimations from the pre-
vious step are used. This is important and advantageous from the computational perspective especially in prac-
tical applications, because the computational burden in prediction and filtering can be split across time periods 
in contrast with batch-type algorithms. 

A possible issue with the recursive algorithms with sparse grid integration is the accumulation of numerical 
errors during recursions, where controls and corrections satisfying the requirement,  

( ) ( )| d | 1
r

i i
r s r r s r

i G
p p ω

∈

= =∑∫ h Y h h Y                            (16) 

can be implemented easily with only an extra computational cost of recalculation of ( )|r sp h Y  as needed.  
An advantage of the algorithms presented in this section based on the sparse grid integration is their computa-

tional parallelizability on multi-core and/or massively parallel architectures such as graphics processing units 
(GPUs). The recursive filtering algorithm given in Equation (10) can be effectively parallelized at each time pe-
riod by assigning sparse grid nodes and corresponding computations to parallel processors with a simple load 
balancing strategy since they are not dependent to each other. This provides significant speed-up in implementa-
tion. Since the prediction and smoothing algorithms use the filtering algorithm, same speed-ups are effective for 
those as well in a parallel implementation. 

3.3. Parameter Estimation 
Parameter estimation for the MSVb model can be performed by maximizing the log-likelihood function given 
by 

( )( ) ( ) ( )( )

( ) ( )( )

1
1

1
1

log | , , , log | , | , , , , d

log | , | , , , , d ,

T

T y t t t t t
t

T

y t t t t t
t

p Y p p

p p

η ε ε η ε

ε η ε

−
=

−
=

 =  
 

=

∏ ∫

∑ ∫

γ φ V P y h P h Y γ φ V P h

y h P h Y γ φ V P h
           (17) 

and approximated with sparse grid integration by 

( )( ) ( ) ( )1
1

log | , , , log | , | , , , , ,
t

T
i i i

T y t t t t t
t i G

p Y p pη ε ε η ε ω−
= ∈

 
=  

 
∑ ∑γ φ V P y h P h Y γ φ V P            (18) 
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with respect to the parameters γ, φ, Vη, and Pε. Here, the log-likelihood function is actually the denominator of 
the update step of filtering algorithm given in Equation (10) and readily available as a byproduct of filtering al-
gorithm. Therefore, obtaining the log-likelihood is also sequential as discussed in the Section 3.2 and no extra 
computational burden is incurred. Parallelizability advantage described in Section 3.2 is also effective for para-
meter estimation as it is based on filtering algorithm. 

A challenge that must be sorted out in practical implementation of maximization routine for the parameter es-
timation is finding a way to handle the correlation matrix Pε. Correlation matrix, Pε, is a symmetric matrix with 
ones in the diagonal, off-diagonal entries having values in the interval (−1,1), and moreover it must be posi-
tive-definite. To handle the mentioned restrictions on the correlation matrix, Pε and to be able to incorporate 
common non-linear optimization methods and tools in the parameter estimation problem, a parameterization ap-
proach of the correlation matrix, Pε, which is a slightly different version of the parameterization described in 
[31]-[33] in a general setting, was proposed in this study. 

In the proposed parameterization approach, positive definiteness of the correlation matrix is ensured by the 
relation, ε ′=P BB  where the (p × p) matrix B is  

1,1 1,2 1,

2,1

,1

0
0 0

0 0 0

p

p

b b b
b

b

 
 
 =
 
 
  

B                                      (19) 

and its entries are constructed with the relation, 

( ) ( )
1

1
cos sin , if  

0, otherwise,

j

ij ik
kij

j i
b

α α
−

=


≥= 



∏                               (20) 

where 1, , , 1, ,i p j p= =   and 0 πijα≤ ≤ . Let angles, αij, be the entries of a (p × p) matrix, 

11 1,1

1, 1

0
0 0

0 0 0
0 0 0 0

p

p

α α

α

−

−

 
 
 =
 
 
 

A .                                  (21) 

In matrix A, there are ( )1 2p p× −  angles for a given (p × p) correlation matrix, Pε. The parameterization 
given in Equations (19)-(21) allow one to replace the parameter matrix, Pε, with matrix A in the maximization 
routine since matrix A does not have complex restriction on its entries for common optimization methods. In the 
notations of the estimation algorithms developed so far, Pε can be replaced by A. 

The log-likelihood function obtained by Equation (18) can be maximized using a general purpose nonlinear 
optimization method. Well known Newton’s method, derivative free search algorithms such as Nelder-Mead, or 
quasi-Newton methods such as Broyden-Fletcher-Goldfarb-Shanno (BFGS) are some of the examples. Using 
derivative free optimization methods can significantly improve computational performance. However, methods 
calculating or approximating the Hessian matrix, H, at the maximum log-likelihood readily provide the observed 
Fisher information matrix, I in accordance with 

( ) ( ) ( )
2

i j

l∂
= − =

∂ ∂
I τ H τ τ

τ τ
,                                (22) 

where τ is the vector of parameters where the elements of γ, φ, Vη, and A are stacked in order. Then, the standard 
errors for parameter estimates can be obtained easily from the inverse of the observed Fisher information matrix 
at the maximum log-likelihood, I−1(τML).  

4. Estimation with Markov Chain Monte Carlo 
MCMC methods are simulation based methods that are proved to be quite successful and that are probably the 
most preferred methods in SV modeling and estimation. There is a large collection of papers with extensions 
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and variations of MCMC methods for estimating SV models (e.g., [2] [9]-[11]). 
MCMC methods directly sample from the conditional joint density of interest, which is often the conditional 

joint smoothing density of states, through dependent samples obtained with the help of a constructed Markov 
Chain so that the limiting probability is the conditional estimation density of interest.   

For parameter estimation, two main approaches are available. First approach incorporates maximization of the 
log-likelihood in an expectation maximization (EM) algorithm or approximations with other Monte Carlo me-
thods that use smoothing estimates obtained by the MCMC as described in [2] and [14]. Second approach is 
augmenting the parameter space to the state space and obtaining the estimations of parameters along with the 
smoothing estimates of states through MCMC sampling in a Bayesian setting without the need for explicitly 
calculating or approximating the log-likelihood and a maximization routine as described in [9]-[11] [23]. In this 
paper, the former approach is followed for implementation, that is, a MCMC algorithm which samples from the 
conditional joint smoothing density of states is implemented first and then an EM algorithm is implemented us-
ing the samples obtained by the MCMC. 

Let, { }1 2, , ,t t=H h h h , be the set of state vectors and { }1 2, , ,t t=Y y y y  be the set of observation vectors 
up to time t, where 1, ,t T=  . If { }\ 1 1 1, , , , ,t t t t− +=H h h h h   is defined as the set of state vectors up to time T 
excluding the state vector of time t, then sampling from the conditional joint smoothing density 
( )| , , , ,T Tp η εH Y γ φ V P  can be performed with Gibbs sampling at each step sampling from the kernel density  
( )\| , , , , ,t t Tp η εh H Y γ φ V P  where, 
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                (23) 

Given the observations and parameters, sampling from this kernel N times for 1, ,t T=   completes the 
MCMC algorithm and the joint smoothing density ( )| , , , ,t Tp η εH Y γ φ V P  is obtained. Usually, the first M sam-
ples are discarded as burn-in samples depending on the mixing and convergence properties of the chain.  

The kernel given in Equation (23) does not allow direct sampling since it is not in an analytically tractable 
form, thus Metropolis-Hastings algorithm with a choice of proposal density, ( )* tp h  and Metropolis-Hasting 
weight, 
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         (24) 

can be implemented for sampling. In the Metropolis-Hastings step, a candidate, generated from the proposal 
density, ( )* tp h , is accepted with probability ( )min ,1MHw  otherwise previous sample is kept as current sam-
ple. As a proposal density, several alternatives are available with examples in [14]. Following the same approach 
described in [14], a normal density based on the extended Kalman filter, 

( ) ( )* | | |
ˆ ˆ; , ,t T N t t T t Tp f v=h h h Σ                                    (25) 

can be incorporated where t̂h  and ˆ
tΣ  are the extended Kalman filter smoothing estimates of states and cova-

riance matrices respectively and v is a scalar. 
Filtering density is simply obtained by repeating the above procedure for smoothing T times, at each step re-

placing T by t. Once the filtering density at time T or equivalently smoothing density at time T is obtained, pre-
diction density can be constructed through resampling with the following recursive procedure: 

( ) ( ), 1
1

1| , , , , | , , , .
N

T L T T L j T L
j

p p
Nη ε η+ + + −

=

≈ ∑h Y γ φ V P h h γ φ V                       (26) 

Parameter estimation incorporates the joint smoothing density of states given the observations and parameters, 
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( )| , , , ,T Tp η εH Y γ φ V P , obtained with the smoothing procedure above, in an expectation maximization algo-
rithm, where at each iteration samples from, ( )| , , , ,T Tp η εH Y γ φ V P  are drawn and the expected log-likelihood 
function, 

( )( )
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E log , | , , ,
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 =  
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γ φ V P

γ φ V P

H Y γ φ V P

H γ φ V Y H P

H γ φ V Y H P

                      (27) 

is calculated from those samples and maximized with respect to the parameters γ, φ, Vη, and Pε followed by the 
next iteration starting with sampling again from ( )| , , , ,T Tp η εH Y γ φ V P  with the explained MCMC procedure 
for smoothing using the updated values of parameters.  

In the implementation of maximization routine, the same approach for parameterization of the correlation ma-
trix, Pε, described in Equations (19)-(21) in Section 3.3 is used to ensure the restrictions on the correlation ma-
trix. 

Filtering and prediction are often hard tasks for MCMC methods, while the real advantage of MCMC is ap-
parent in smoothing and parameter estimation problems because the filtering, prediction and parameter estima-
tion with the above MCMC based estimation algorithms require construction of the smoothing density first, in 
contrast with the estimation approaches given in the Section 3.2. Furthermore, the observations, yt, for all time 
periods 1, ,t T=   are required to construct the smoothing density, hence for the filtering and prediction densi-
ties and parameter estimations too. Therefore, MCMC based estimation algorithms are called batch algorithms, 
whereas the estimation algorithms given in Section 3.2 were sequential (i.e. on-line) algorithms. Batch algo-
rithms use all the information from the beginning to the last period, and all information are used again with the 
arrival of new information. Additionally, computational burden cannot be split across time periods which is a 
clear disadvantage for practical applications.  

From the computational point of view, although being advantageous in serial implementations, MCMC based 
algorithms are generally not suitable for parallelization since they are batch algorithms producing dependent 
samples at each iteration where both temporal and spatial dependence exists. A limited parallelization is still 
possible in the implementation approach used in this paper though. Furthermore, parallelization in the imple-
mentations, which conduct parameter estimation through MCMC sampling in a Bayesian setting, is much hard-
er. 

5. Application on Simulated Data 
This section illustrates the implementation of the proposed sparse grid integration method and compares the 
method with the implemented MCMC method on simulated data. The data are simulated using the MSVb model 
specifications with the following parameters: 

0.25 0.95 0.04 0 0 1 0.6 0.6
0.25 ,    0.95 ,   0 0.04 0 ,  0.6 1 0.6 ,
0.25 0.95 0 0 0.04 0.6 0.6 1

η ε

−       
       = − = = =       
       −       

γ φ V P  

which are close to typical values in previous empirical studies in the stochastic volatility literature. Using these 
parameters, observations ty , and log-volatilities, ht, are generated for T = 1,000 periods. The proposed sparse 
grid integration method and the MCMC method described in the previous sections are applied on the simulated 
data to find filtering, smoothing one-step prediction estimates of log-volatilities, and parameter estimates. This 
procedure is repeated R = 100 times to capture the statistics on estimations. The root mean squared error (RMSE) 
of the log-volatility estimates is calculated by  

( ) ( )( )2

| |
1

1 1RMSE-h
S

T R
r r

t s t s t
t t rT R= =

= −∑ ∑ h h                              (28) 

where ( )
|
r

t sh  is the log-volatility estimate obtained with the estimation method, and ( )r
th  is the log-volatility 

from the simulated data where (s, tS) = (t, 1) for filtering, (s, tS) = (T, 1) for smoothing and (s, tS) = (2, t − 1) for 
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prediction. Similarly, the RMSE of the parameters are calculated by 

( ) ( )( )2

1

1 ˆRMSE-
R

r r

rR =

= −∑τ τ τ                              (29) 

where ( )ˆ rτ  is the parameter estimated with the estimation method and ( )r
tτ  is the actual values of the parame-

ters which are used in generating the simulated data. 
Using the MCMC algorithm described in Section 4, N = 1,000,000 samples are generated and M = 200,000 

samples are discarded as burn-in samples. In the sparse grid integration method, univariate trapezoid rule given 
in Equation (8) is implemented with level l = 7 which leads to 127 points in each dimension at the boundary and 
a total of 2815 points in the three-dimensional sparse grid at each time period. 

The scalar used in identification of the integration intervals and the proposal density in the MCMC algorithm 
with the Kalman filter covariance estimates was taken as v = 6.0. For parameter estimation, Newton’s method is 
used as the maximization routine in both methods. 

To speed-up the computations, graphical processing unit (GPU) computing is used in the implementations of 
the sparse grid integration method algorithms and this provided a significant computational advantage since the 
estimation algorithms described in Section 3.2 are highly parallelizable. 

Table 1 shows the estimation results for the parameters, where the mean and the RMSE of parameter esti-
mates are calculated from the simulation repeats using the formula in Equation (29). In general, parameter esti-
mates are quite close in both methods when the means and true values are compared. However, the proposed 
sparse grid integration performs slightly better when RMSE values are considered with lower values for most of 
the parameters with exceptions γ1 and σ1. The level of the integration formula used, l = 7, provided enough ac-
curacy that can be compared with that of MCMC method with 1,000,000 samples in this simulation study. 
However, for different choices of parameters especially for higher persistence parameter values the minimum 
requirement for accuracy levels would change. 

Table 2 shows the RMSE of the estimated log-volatilities calculated by Equation (28) for comparison of la-
tent log-volatility estimates generated by the two methods for filtering, smoothing and prediction problems. It 
can be observed that the RMSEs for all estimation problems are close with slightly better performance of sparse 
grid integration method in filtering and one-step prediction estimations while a better performance of MCMC 
method is observed in the smoothing estimates in Table 2. 

 
Table 1. Estimation results for parameters.                                                                               

 i True 
Sparse grid integration MCMC 

Mean RMSE Mean RMSE 

γi 1 −0.25 −0.237 0.072 −0.260 0.067 

 2 −0.25 −0.248 0.029 −0.261 0.071 

 3 −0.25 −0.245 0.034 −0.231 0.096 

φi 1 0.95 0.947 0.024 0.956 0.069 

 2 0.95 0.952 0.016 0.959 0.065 

 3 0.95 0.946 0.026 0.961 0.071 

σηi 1 0.2 0.209 0.045 0.206 0.040 

 2 0.2 0.191 0.042 0.207 0.054 

 3 0.2 0.205 0.037 0.214 0.067 

ρij 12 0.6 0.605 0.053 0.592 0.059 

 13 0.6 0.594 0.041 0.590 0.073 

 23 0.6 0.606 0.039 0.592 0.058 
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Table 2. Root mean squared errors for estimated log-volatilities, ht.                                                               

 i 
RMSEs for sparse grid integration RMSEs for MCMC 

Filtering, 
ht|t 

Smoothing, 
ht|T 

Prediction, 
ht+1|t 

Filtering, 
ht|t 

Smoothing, 
ht|T 

Prediction, 
ht+1|t 

hi 1 0.204 0.195 0.246 0.208 0.185 0.251 

 2 0.196 0.186 0.238 0.199 0.179 0.245 

 3 0.199 0.189 0.233 0.203 0.182 0.241 

6. Empirical Application 
In this section, the proposed sparse grid integration method is applied to fit the MSVb model to foreign-     
exchange rate series of Euro (EUR)/Turkish Lira (TRL) and US Dollar (USD)/Turkish Lira (TRL) from March  
1, 2001 to September 30, 2015. Special days and holidays, when the market was closed, were excluded. In the 
resulting data, there are 3669 trading days for each series. The returns are defined by the log-difference of each 
series. The return series were first checked for AR(1) effects and those effects were removed from the series. 
Returns of two foreign-exchange rates are shown in Figure 1 where the co-movement of the returns is observa-
ble. 

The MSVb model was fitted to the data using the proposed sparse grid integration method where the trapezoid 
rule of level l = 8 is used as the basis univariate integration formula to construct the sparse grid as described in 
Section 3.1. The resulting two dimensional sparse grid has 1793 points for each time period with 255 points at 
each dimension. For identifying the integration intervals, extended Kalman filter is used and the integration in-
terval for each time period t was set as described in Section 3.2, where v = 6.0 is used for the interval  

( )| | |
ˆ ˆ ˆ ˆ,t s t s t sv v− +h d h d . For the parameter estimation, log-likelihood given in Equation (18) was maximized using  

the Newton’s method. The standard errors and confidence intervals on parameters are obtained from the Hessian 
produced by the Newton’s methods as explained in Section 3.3.  

Table 3 summarizes the parameter estimation results on the foreign exchange data. The MSVb model esti-
mated by the sparse grid integration method successively captures the high persistence of the log-volatilities (φ1 = 
0.971, φ2 = 0.971) and the correlations between returns (ρ12 = 0.649). 

As it can be seen in Table 4, the MSVb model addresses the patterns of log-volatilities in the logarithms of 
squared returns better than the approximation with extended Kalman filter with lower RMSEs for all estimation 
types namely filtering, smoothing and one-step ahead predictions.  

Figure 2 shows the smoothing estimates of log-volatilities obtained by the sparse grid integration and the 
Kalman filter methods, along with the logarithms of squared returns as benchmark, where better coherence of 
sparse grid integration estimation patterns is visually supported. 

7. Conclusions 
The results obtained from the simulated data and empirical application show that the estimation algorithms 
based on the proposed sparse grid integration method perform well enough to be considered as an alternative es-
timation method for the MSV models. Sequential algorithmic nature, highly parallelizable structure, better error 
control and convergence properties of sparse grid integration based estimation algorithms, compared to the batch 
nature of MCMC method, their limited parallelizability capabilities, and convergence issues, make sparse grid 
integration based estimation algorithms quite promising, especially for practical applications. Moreover, for the 
estimation problems of filtering and prediction, sparse grid integration based algorithms achieve better perfor-
mance than MCMC based algorithms in terms of both accuracy and computational requirements. Filtering and 
prediction are as important as smoothing and parameter estimation, especially in practical applications, so the 
proposed algorithms based on the sparse grid integration provide the required versatility. 

Further research includes construction of sparse grid formulas from other univariate formulas such as Gaus-
sian quadrature rules which may and probably be more effective and suitable to MSV model density structures. 
Another direction for improvement would be the construction strategy of the sparse grid; a dynamic construction 
of the sparse grid by adjusting the level of integration formula at each time step for better error control and  
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Figure 1. Returns of USD/TRL and EUR/TRL.                                                  

 

 
Figure 2. Smoothing estimates of log-volatilities.                                                               
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Table 3. Estimated MSVb model parameters for EUR/TL and USD/TL returns.                                                   

Parameter Series Mean Standard error 95% interval 

γi 1 −0.289 0.027 [−0.342, −0.237] 

 2 −0.378 0.033 [−0.440, −0.314] 

φi 1 0.971 0.0092 [0.954, 0.987] 

 2 0.962 0.0084 [0.946, 0.976] 

σηi 1 0.188 0.019 [0.154, 0.225] 

 2 0.184 0.023 [0.146, 0.229] 

ρij 1,2 0.649 0.039 [0.572, 0.725] 

a. EUR/TL is Series 1 and USD/TL is Series 2. 
 
Table 4. Comparison of MSVb model estimates using sparse-grid integration and extended Kalman filter.                             

 i 

RMSEs for SV with sparse grid integration RMSEs for extended Kalman filter 

Filtering, 
ht|t 

Smoothing, 
ht|T 

Prediction, 
ht+1|t 

Filtering, 
ht|t 

Smoothing, 
ht|T 

Prediction, 
ht+1|t 

hi 1 2.576 2.436 2.660 2.711 2.652 2.754 

 2 2.583 2.442 2.687 2.691 2.644 2.751 

 
computational efficiency can significantly improve the method from the algorithmic perspective. Hybrid ap-
proaches combining Monte Carlo based methods with sparse grid integration based methods for computational 
advantage and better convergence could lead to further research. 
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