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Abstract

This paper is concerned with the Bayesian estimation and comparison of flexible,
high dimensional multivariate time series models with time varying correlations. The
model proposed and considered here combines features of the classical factor model with
that of the heavy tailed univariate stochastic volatility model. A unified analysis of the
model, and its special cases, is developed that encompasses estimation, filtering and
model choice. The centerpieces of the estimation algorithm (which relies on MCMC
methods) are: (1) a reduced blocking scheme for sampling the free elements of the
loading matrix and the factors and (2) a special method for sampling the parameters
of the univariate SV process. The resulting algorithm is scalable in terms of series and
factors and simulation-efficient. Methods for estimating the log-likelihood function and
the filtered values of the time-varying volatilities and correlations are also provided.
The performance and effectiveness of the inferential methods are extensively tested using
simulated data where models up to 50 dimensions and 688 parameters are fit and studied.
The performance of our model, in relation to various multivariate GARCH models, is
also evaluated using a real data set of weekly returns on a set of 10 international stock indices.
We consider the performance along two dimensions: the ability to correctly estimate
the conditional covariance matrix of future returns and the wunconditional and
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conditional coverage of the 5% and 1% value-at-risk (VaR) measures of four pre-defined
portfolios.
© 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Two classes of models, ARCH and stochastic volatility (SV), have emerged as the
dominant approaches for modeling financial volatility (Bollerslev et al., 1994;
Ghysels et al., 1996). For the most part, the literature has dealt with univariate
processes despite the need for multivariate models in areas such as asset pricing,
portfolio analysis, and risk management. Although some multivariate models of
volatility have been proposed, inference is restricted to specifications involving only a
few variables, largely because of the proliferation of parameters in high dimensions.
As a consequence, multivariate models of time-varying volatility and correlations
have found limited applications to problems of practical relevance in finance. A
major aim of this paper is to overcome these difficulties and demonstrate a unified
Bayesian fitting and inference framework for truly high dimensional multivariate SV
models.

In previous work within the ARCH tradition, multivariate models of volatility
have been discussed by Bollerslev et al. (1988), Diebold and Nerlove (1989), Engle
et al. (1990) and King et al. (1994). Unfortunately, these generalizations are
parameter rich and difficult to estimate due to complicated constraints on the
parameter space. More tractable versions of multivariate ARCH models (Bollerslev
et al., 1994, pp. 3002-3010) are not generally capable of modeling the complexities of
the data (e.g. Bollerslev, 1990 assumes that the conditional correlations amongst the
series are constant over time). Engle and Sheppard (2001) have tried to overcome
this problem but only two parameters index the time-varying multivariate
correlation matrix.

The model proposed and considered here is a generalization of the univariate
stochastic volatility model. It combines features of the classical factor model with
those of the heavy tailed univariate stochastic volatility model. Models along these
lines have been discussed by Harvey et al. (1994), Jacquier et al. (1995), Kim et al.
(1998), Pitt and Shephard (1999b), and Aguilar and West (2000) but the models in
these papers are rather special (for example, not all model heavy tailed errors and
none include jumps). In addition, the estimation approaches developed in these
papers (which simulate the posterior distribution by Markov chain Monte Carlo
(MCMC) methods) are not scalable in the dimension of the model. This is primarily
due to two aspects of the previous algorithms. The first is related to the one-at-a time
sampling of the latent volatilities, which is known to produce poor mixing even in
univariate models (Kim et al., 1998). The second is related to the sampling of the
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latent factors and the associated parameters in the loading matrix. Specifically, given
the remaining unknowns in the model, the loading matrix is sampled conditioned on
the factors, which is followed by the sampling of the latent factors conditioned on
the loading matrix. This feature also tends to produce poor mixing.

In this paper, we propose a general multivariate SV model with heavy tailed errors
and jumps. We develop a unified analysis of the model, and its special cases, that
encompasses estimation, filtering and model choice. The centerpieces of our MCMC
based estimation algorithm are: (1) a joint sampling of the latent SV processes and
(2) the sampling of the free elements of the loading matrix marginalized over the
factors. The performance and effectiveness of our estimation method is tested in a
large-scale study where models up to 50 dimensions and 688 parameters are fit and
studied. The methods are shown to be scalable in terms of series and factors and
simulation-efficient. Multivariate volatility models of this size and complexity have
never before been estimated successfully.

The rest of the paper is organized as follows. In Section 2, we present the model
and our approach for simulating the posterior distribution by MCMC methods. The
problem of model comparisons is taken up in Section 3 where a method for
estimating the log-likelihood function and the filtered values of the time-varying
volatilities and correlations is also provided. In Section 4, we provide a detailed
simulation study of the performance of our estimation and model choice procedures.
In Section 5 we apply our approach to international equity market data. We assess
the forecasting performance of the MSV specification in relation to alternative
models including multivariate GARCH models. We consider the performance along
two dimensions: the ability to correctly estimate the conditional covariance matrix of
future returns and the unconditional and conditional coverage of the 5% and 1%
value-at-risk (VaR) measures of four pre-defined portfolios. We conclude with some
brief remarks in Section 6.

2. Model and estimation
2.1. Model

We begin by specifying a new and flexible multivariate SV model that permits both
series-specific jumps at each time, and student-z innovations with unknown degrees
of freedom. Let y, = (¥y,,...,y,) denote the p observations at time ¢ (t<n) and
suppose that conditioned on k unobserved factors f, = (fy,,...,f) and p
independent Bernoulli “jump” random variables ¢,, we have

y, = Bf, + Kiq, + uy, (1)

where B is a matrix of unknown parameters (subject to the identifying restrictions
by =0forj>iand b; = 1fori<k), K, = diaglki,,...,k,} are the jump sizes, and u,
is a vector of innovations. Assume that each element g;, of ¢, takes the value one with
probability «x; and the value zero with probability 1 — «;, and that each element u;; of
u, follows an independent student-¢ distribution with degrees of freedom v;>2,



344 S. Chib et al. | Journal of Econometrics 134 (2006) 341-371

which we express in hierarchical form as

Uy = lj:l/zsj,, Ajt S gamma(v2 ;’) t=1,2,...,n, (2)

where

V[ 0
(¢ Yool 1)

are conditionally independent Gaussian random vectors. The time-varying variance
matrices V', and D, are taken to depend upon unobserved random variables (log-
volatilities) #;, = (hi, ..., hpt,) in the form

V= V(h) = diag{exp(hi,), ..., eXP(hpt)} ‘D XD,

— Dy(hy) = diaglexp(hps1), - .. explyir)} : k x k. 3)

where each /i, follows an independent three-parameter (u;, ¢;, g;) stochastic volatility
process

=l — ) + 0111],,11], SN, 1). 4)
Our model specification is completed by assuming that the variables {;; = In(1 + k;,),
j<p, are distributed as N(—O0. 5512, (312) where 6 =(d1,...,0,) are unknown

parameters. This assumption is similar to that made by Andersen et al. (2002) in a
different context and models the belief that the expected value of kj is zero.

To understand the size of this model in terms of parameters and latent variables,
let § denote the free elements of B after imposing the identifying restrictions. Then
there are pk — (k* + k)/2 elements in f8, 3(p + k) parameters 0; = (¢, 15 o]?),jép, in

the autoregressive process of {f;}, p degrees of freedom v = (v(,...,v,), p jump
intensities x = (k1,...,%,), and p jump variances 0 = (J1,...,0,). If we let =
(B,01,...,0,4k,v,0,K) denote the entire list of parameters, then the dimension of ¢ is

688 When p =50 and k = 8§, as in one of our models below. Furthermore, the model
contains n(p + k) latent volatilities {/,} that appear non-linearly in the specification
of V, and D,, 2np latent variables {q,} and {k,} associated with the jump component,
and np scaling variables {4,}.

In the sequel, we refer to our model as the multivariate stochastic volatility jump
model with student-¢ errors, or MSVIJ¢ for short. We use the acronyms MSV¢ to
denote the model without jumps, MSVJ to denote the model with jumps and
Gaussian errors, and MSV to denote the model with no jumps and Gaussian errors.
We compare and contrast all four models in our empirical exercises.

2.2. Preliminaries

If we let #,_; denote the history of the {y,} process up to time #— 1, and
p(hy, A4, Koy q,|F 1, ) the density of the latent variables (4, 4, K, ¢,) conditioned on
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(Z:1-1,¥), then the likelihood function of y given the data y = (y,...,»,) is

p010) = T [ p01lhe i Kovr Bt 2 Ko7 -1.0) 02, K. dg,
=1

= H/Np(yfleq[’ Qp(hy, 24, K1, q|F —1, ) dh, dA, K, dg,, (5)
=1

where N,(:|-,-) is the multivariate normal density function, K,q, is the mean of y,
marginalized over f,

Vi=V(h)O©diag(iy),....A,) and @ =V} + BD(h)B

is the marginalized variance of y, depending on the latent variables /,, 2, and on the
loading matrix B, and the symbol © denotes element-by-element multiplication. It is
not difficult to see that neither p(h, A, K, q,|#—1,¥) nor the integral of
N,(»,|K.q,, Q) over (h;, A, K,,q,) are available in closed form.

We utilize MCMC methods to develop a practical Bayesian estimation approach
for this model; Chib and Greenberg (1996) and Chib (2001) provide extensive
reviews of these methods. In the MCMC approach, the posterior distribution is
sampled by simulation methods and the draws generated from the simulation are
used to summarize the posterior distribution. The simulation is conducted by
devising, and simulating, the transition density of an irreducible, aperiodic Markov
chain whose invariant distribution is the target posterior distribution. In order to
implement this approach, one basic idea is to avoid the direct use of the likelihood
function (which is, of course, rather complicated and difficult to compute) and to
focus on the posterior distribution of the parameters and the latent variables

(B, 1,401 {h s v (450,405 (b 4G 1 g ), (6)

where the notation z; is used to denote the collection (zj1, . . ., zj,). This distribution is
quite high-dimensional but as we show in the rest of the paper it can be sampled
efficiently by MCMC methods provided the Markov chain is carefully constructed.
Efficiency in this context refers to the serial correlations in the sampled output and is
measured, for each parameter in turn, by the inefficiency factor which is, intuitively
speaking, one plus twice the sum of all the serial correlations.

One issue of particular importance is the type of ““blocking” that is used. A single
block MCMC algorithm proceeds by moving y in one simultaneous move from the
current point to the next point in the chain. Since this is infeasible given the high-
dimension of y, the Markov chain is constructed by a divide and conquer strategy
wherein blocks of parameters are updated conditioned on the values of the
remaining blocks; a single, complete transition of the Markov chain occurs when all
the blocks have been thus revised. By carefully managing the blocking structure we
show that efficiency of the simulation scheme can be increased by orders of
magnitude; without use of our refinements, the inefficiency factors often exceed 1000,
and with our refinement they range between 20 and 50, even in our highest
dimensional model. The practical ramifications of this are significant. If in one case
one needed perhaps quarter-million samples from the posterior distribution, in the
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other 10,000 would suffice. For models as large as we are interested in fitting, the
value of this improvement cannot be overstated.

2.3. Proposed MCMC algorithm

One key step in our algorithm is the sampling of f and the factors {f,} in one
block, conditioned on (y,{%; },{4;},{(;},{g;}). Because f§ and f, appear in product
form, the obvious approach of sampling  conditioned on {f,} and then sampling
{f,} conditioned on f is less effective, which we demonstrate in Section 4. The next
step of the algorithm is also interesting because given (v, B, {f,}, {4}, {{;.}, {¢;}), and
the conditional independence of the errors in (3), the model can be devolved into
(p + k) conditionally Gaussian state space models. This implies that the log-
volatilities and series specific parameters can be sampled series-by-series. This is one
reason that our approach is scalable in both p and k.

Sampling of f: To begin, consider then the sampling of § from the density

m(Bly, {hi ) A8} Agy ) () o< p(B) [ [ Pl B hes Lo s 20)
t=1

o p(B) [ [ N, 1K 1> Q0),
=1

where p(f) is the normal prior density defined above. To sample this density, which is
typically quite high-dimensional, we use the Metropolis-Hastings (M-H) algorithm
(Chib and Greenberg, 1995). We follow Chib and Greenberg (1994) and take the
proposal density to be multivariate-t, T(f|m, X, v), where m is the approximate mode
of I =log{[[/_;N,(v,|Kq,, 2,)}, and X is minus the inverse of the second derivative
matrix of /; the degrees of freedom v is set arbitrarily at 15. If we let the ijth free
element of B be denoted by b;; and define y, = y, — K,q,, we have that

n 1 n
= ;log d)p(yz|KthaQt) = const — Eglog |

1< _
- EZ(Y; - K,q,)’Q, l(yt - Ktqt)
=1

al ~/ 1 an‘ 1 aQt
0bjj Z{ o e (Q @bij) }

, / 0B’
Z{SIMDIBS} — Z‘r(Et@) },

where 5t = Q7'5,E,=Q'BD,, and Q7' = (V)™ —(V)'B(D' + B(V)"'B}!
B/(V;‘)_ . Wlth these derivatives, (m 2) can be found by a sequence of
Newton—Raphson iterations. Then the M-H step for sampling f is implemented
by drawing a value B* from the multivariate-s distribution, namely T'(m, X, v), and

and

N —
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accepting the proposal value with probability

PO N,(710, Vi + B*D,B") T(Bim, 2, v) }
" pBIL= N30, Vi + BD,B) T(B|Im,2,v))’

(7
where [ is the current value. If the proposal value is rejected, the next item of the
chain is taken to be the current value f5.

Sampling of {f,}: The joint sampling of 5 and the factors is completed by sampling
{f,} from the distribution {f,}|y,B,h,A. This step is simple because the latter
distribution breaks up into the product of the distributions f,|y,, %, A, B. By
standard Bayesian calculations, one can derive that the latter distribution is
Gaussian with mean f, = F,B’(Vf)_lft and variance F, = (B/(Vf)_lB + Dt’l)_l.

Sampling of {0;} and {h;}: In the next step of the algorithm, given
. B, {f }:{4.},{{;.}, {g; ), and the conditional independence of the errors in (3), we
exploit the fact that the model separates into (p + k) conditionally Gaussian state
space models. Let o, = Bf',, a p vector with components o;,, and let

B, B 17 U ), Uy ) = min{l

ln(yjt — o — (exp({j) — D, + C)z +1In(4;), j<p.
th B ln(fj?—p,t)’ ]>p + 15

where ¢ is an “offset” constant that is set to 107°. Then from Kim et al. (1998) it
follows that the p + k state space models can be subjected to an independent analysis
for sampling the {0;} and {/;}. In particular, the distribution of z;;, which is /; plus a
log chi-squared random variable with one degree of freedom, may be approximated
closely by a seven component mixture of normal distributions, allowing us to express
the MSVJz model as

2
Zjelsjos e~ Ny + ms, 03,

b — Wy = ¢(hj—1 — ;) + ajm;,  j<p+k, ®)

where s; is a discrete component indicator variable with mass function
Pr(sy = i) = q;, i<7, t<n, and my,, vf/j and ¢, are parameters that are reported in
Chib et al. (2002). Thus, under this representation, conditioned on the transformed

observations we have that

k+p

pUsi ), 0,4 }12) = T [ (s> 0 By 127),
=1

which implies that the mixture indicators, log-volatilities and series specific
parameters can be sampled series by series.

Now, for each j, one can sample (s;, 0;, #;) by the univariate SV algorithm given by
Chib et al. (2002). Briefly, s;. is sampled straightforwardly from

n
p(silzi ) = T ] pGslzies i),
t=1
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where p(s/|zjr, hjr) o<p(sj,)qb(z,,|h,, + my,, v ) is a mass function with seven points of
support. Next, 0; is sampled by the M- H algorithm from the density n(0;|z;,s;)
p(0)p(z;ls;.,0) where

T
(11510 = pzpilsy, 0) [ [ PGl 75155 0)) ©)

=2
and p(z;|#},_y,s;,0;) is a normal density whose parameters are obtained by the

Kalman filter recursions, adapted to the differing components, as indicated by the
component vector s; Finally, 4; is sampled from [h;|z;,s;,0;] by the simulation
smoother algorithm of de Jong and Shephard (1995).

Sampling of {v;}, {g;} and {/;}: In the remaining steps, the degrees of freedom
parameters, jump parameters and associated latent variables are sampled
independently for each time series. Significant improvements in simulation efficiency
are achieved by sampling v; marginalized over J; from the multinational distribution

Pr(vily;. hi, B.f,q;., ;) o< Pr(v)) H T(yjloye + {exp(;) — 11gq;, exp(le), vy).

t=1
(10)

Next, the jump indicators {g; } are sampled from the two-point discrete distribution

Pr(g;, = 1y, hj, B, f,vj, (., 1)) o< 1T (v losie + {exp(Cie) — 1}, exp(Byo), vj),

Pr(qjl = Ol yj’h]’ B’f? Vi, é/a K]) X (1 - K])T(y/t|ajt9 exp(hjf)’ vj)a

followed by the components of the vector 4; from the density

1 v+ g — o — (exp(l — 1)q,,))2>

2ju\Yjes hjus B.f "’.i’qjt"pjt“gamma< 2 2exp(h]z)

Sampling of {9;} and {(;}: Finally, we sample the parameters J; and {;. For
simulation efficiency reasons, these two parameters must also be sampled in one
block. To see how this is possible, note that if kj, is small, as is true in financial
applications with high frequency returns that are measured in decimals, exp({;) may
be closely approximated by 1+ (j;, implying that kjq;, equals {;q; and ; can be
marginalized out. This permits the sampling of §; from the density

n
n(0) [ | Ny — 0.557 ;.. 6}, + exp(h) ;) (11)

=1
by the M-H algorithm. Once J; is sampled, the vectors {; are sampled, bearing in
mind that their posterior dlStrlbuthIl is updated only when g, is one. Therefore,
when g, is zero, we sample ; from N(—0. 55,2 ,2) otherwise we sample from the
distribution N(?’jt( 05+exp( hi)2y;), W), where ¥ = (5 + exp(— h],)A];)
The algorithm is completed by sampling the components of the vector x
independently from «;|q; ~beta(uo; + nyj, u1; + no;), where ny; is the count of ¢; =0
and ny; = n — n; is the count of g;, = 1.
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A complete cycle through these various distributions completes one transition of
our Markov chain. These steps are then repeated G times, where G is a large number,
and the values beyond a suitable burn-in of say a 1000 cycles, are used for the
purpose of summarizing the posterior distribution.

3. Model comparison

In this section, we show how the MSVJ7 model can be compared with alternative
multivariate and univariate specifications. We do this comparison based on the
marginal likelihood of each model and the associated Bayes factors (ratios
of marginal likelihoods). Because of the dimensions involved, computation of the
marginal likelihood presents several challenges. Nonetheless, our study of the
problem has revealed that the method of Chib (1995) and Chib and Jeliazkov (2001)
is feasible in this context, and quite effective in picking the true model, as we
demonstrate in our simulation exercises.

The starting point of the Chib method is the basic marginal likelihood identity
under which the log of the Bayes factor for comparing non-nested models .# to .4,
can be written as

log p(y|.#1) — log p(y|.#>)
= log p(y|41,¥7) + log p(Yi|-4 ) — log n(Y}|41,y)
— {log p(y|-A42,y3) + log p(Y5|.42) — log n(5|.A4 2, )}, (12)

where p(y|-4;,}) is the likelihood function under .#;, p(y;|.#;) and n(y; |4}, y) are
the corresponding prior and posterior densities, evaluated at some specified point lpj,
say the posterior mean. The next step is to estimate the likelihood and posterior
ordinates by some efficient method.

3.1. Posterior ordinate

To estimate the posterior ordinate we use a marginal/conditional decomposition
and the output of the original and subsequent “‘reduced MCMC runs”. To explain
this technique, let

(Y|, y) = n(f*,v*, 0%, 0%, k" .4, y)

= n(B*|.M, y)n(V* M, y, )0 | A, y, B, V)
x(6%| M, y, B*, 0 V(| A, y, BT, 0%, v*,5%)

and consider the estimation of each of the terms starting in the second line of this
decomposition. It turns out that for the sample sizes in our applications, the
marginal posterior densities of the factor loadings are very concentrated around the
mean and close to normal. For simplicity, therefore, we approximate n(f*|.#,y) by
the ordinate of a normal density with mean vector and covariance matrix obtained
from the full MCMC run.
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Second, to estimate the p-dimensional conditional ordinate n(v*|.#, y, f*) we fix 8
at B* and continue our MCMC simulation for another G iterations. Within this run,
the ordinates of the conditional mass function Pr(v;|y;, ;, B*.f, q;,{;) are averaged
and the resulting modal probability is taken as the estimate of n(v*|.#, y, ).

Third, to estimate the conditional ordinate n(07,...,0, |y, #,p",v*) we group
the 0;’s in groups of two (each of dimension six) and produce output from the
appropriate reduced MCMC runs to estimate the resulting ordinates. Specifically, to
estimate n(07, 03|y, 4, p*,v*) we fix f at f*, v at v* and run the MCMC algorithm
given above. The desired ordinate is then estimated by the kernel smoothing method
applied to the output on 6, and 6, from this run. The process is repeated in sequence,
in each case with additional parameters held fixed.

Next, we estimate the ordinate n(6*|.#, y, f*,v*, %) by applying a result given in
Chib and Jeliazkov (2001). Specifically, it can be shown that the ordinate

)4
nWWmﬁﬂm=/Hmm%mﬁﬁﬂwi%m
Jj=1

an({hj}af9 {q/}a {)*j”'%vys ﬁ*a V*s 0*)7

where 7 denotes generically the distribution of the enclosed random vectors, can be
expressed as

BT o0y, 07 1Ay, B v, 0%, By f gy 23)q(S7 1Ay, B 07,07, 1y f 50 2)
EZH;):]OC(&%’ 5J|%’yja ﬁ*a V*a 0*7hj.5f7 qja /1/) ’

(13)
where o is the probability of move in the M-H step for d;, ¢ is the student-¢ proposal

density in that step, E; is the expectation with respect to n({%;},f,{q;}, {4}
My, B, v, 0%) and E, is the expectation with respect to

p
TC({/’ZJ},f, {q/}a {)j}|%a Vs ﬂ*a V*n 9*3 (5*) H q((sjl’%ay’ ﬁ*n V*a 9*9 5*’ hj.af) q;., /lj)
j=1

The first of these expectations can be computed from the output of a reduced
MCMC run in which f,v, and 0 are fixed at their starred values. The second
expectation can be computed from the output of an additional reduced run in which
o is also fixed; for each draw of {4, },f, {g;}, {4;.} in this reduced run, ¢, is drawn from
the proposal density and these combined draws are used to average the probability
of move in the denominator of (13).

Finally, to estimate the k* conditional ordinate, the parameters (f3, v, 0, 9) are fixed
and the quantities {q,, k} are drawn in a reduced MCMC run. The required ordinate
then follows by averaging the beta density of .

3.2. Filtering and likelihood evaluation

We now discuss a simulation-based approach, called the auxiliary particle filtering
method (see Pitt and Shephard (1999a) and the book length review of Doucet et al.
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(2001)), to estimate the likelihood ordinate log f(y,,..., -4, y*) =
S log f(,| M, F -1, y"), where

FO ol F 1) = / Ny | K s @upCras Ko Gulo s p oty F o )
x dh, i, dK, dg,

is the one-step-ahead predictive density of y,,
p(ht|%9 971‘713 l//*) = /p(ht|%5 ht*la lp*)p(htfl |‘%? ‘97[71’ lp*) dh[*l

is the one-step-ahead predictive density of h,, p(h/|.4,h_1, ") = Hp+k N(h,,|uj
d) (hj—1 — 1 *),6%) is the product of the Markov transition densmes and
p(h, A, ,/, 1,Y*) is the posterior distribution of 4,_; given %, ; (the filtered
distribution).

We now use a sequential Monte Carlo filtering procedure to efficiently estimate
the one-step-ahead predictive density of y, given above. In this procedure,
introduced for stochastic volatility models by Kim et al. (1998), samples (particles)
from the preceding filtered distribution (e.g., p(h,_1|.#,F ,_1,¥)) are propagated
forward to produce samples from the subsequent filtered distribution (namely,
p(hy| A, F ,,f")). Suppose then that we have a sample hggjl (g< M) from the filtered
distribution h,_i|.#, % ,_1,*. Based on this sample, we can approximate the one-
step-ahead predictive density of %, as

M

* 1 *
PO T (1) = 22> pUl M D).

g=1

Under this approximation, the posterior density of the latent variables at time ¢ is
available as

p(ita Kl) qr)hf|‘%7 ‘g;la l//*)
S8 Np(yf|Kfqt, Qt)p(}vtsKh qt|%> ‘/J*)p(htL%y <4/71—15 ‘//*)

SNy |K g QpU K1 05 2 > F (il B2, 0) (14)
g=1

and the objective is to sample this density. This sampling is carried out as follows. In
the first stage, proposal values hf(l),...,hf(R) are created. These values are then

resampled to produce the draws {hgl), .. .,th)} that correspond to draws from (14).
We have found that R should be five or ten times larger than M to ensure efficient
propagation of the particles.

Auxiliary particle filter for multivariate SV model

1. Given values {hgljl, .. ,hgf/ll)} from (h;_ |4, F _1, ") calculate }Zk(g) = E(hgg)|h§{)1)
and

7+(9) * *
wy = Npy,10, 2k, ", 1, B "), g=1,....M
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and sample R times the integers 1,2,..., M with probability w} = w,/ Zj‘il w;. Let

k ~x(k
the sampled indexes be ki, ...,kg and associate these with h = ..,h,( R).
2. For each value of k, from Step 1, simulate the values {h”‘(1 h*(R)} from

B =+ i — i)+ e, g=1.....R,

where n(")NN(O 1). Likewise draw 29, K, ¢ from their prior p(i;, K., q,*).
where K'Y = dlag{k(g) k(J)} and (J) = In(1 + k](-,g)) is drawn from

16> >%pt
N(-0.55%,57%).
3. Resample the values {#*V, ..., i*®} M times with replacement using probabilities
proportional to

p(y IK J)qu) o) (h*(g) A(J) B*))
*(ky) "
N, (7,10, (k" , 1, BY))
to produce the desired filtered sample {hgl), .. .,hSM)} from (h,|M,F ).

wh =

g=1,....,R

As discussed by Pitt (2001), the weights produced in the above algorithm
provide a simulation-consistent estimate of the likelihood contribution. In
particular,

-~ 1 & 1 &
f(yt"ﬂ:?/—;l— a‘ﬁ*) = By / Y . 5
= (5m) (757

which can be shown to converge to f(y,|.#, F ,_1,y") in probability as M and R go
to infinity. These estimates are obtained for each ¢ and combined to produce our
estimate of the likelihood ordinate log f(y,, ..., V|-, \").

3.2.1. Forecasting

The output from a particle filter can also be used to perform forecasting. That is
we can estimate by simulation the density or moments of, for example,

S
Zyt+j|%9 37“ lp*a
j=1
the s-step ahead return vector or
1 N
_Z Q*(hl+19 ey hH—S)l’ﬂa 'yla '70*’
545
where

Q (g, hiys) = Z Vi + B*Dyy(hiy)BY

is the associated average covariance over that period of length s. Recall that V;Zr]

depends upon A.;. Given the output {h},.. h } from the particle filter, we can
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simply propagate each of these particles forward using their autoregressive structure
(4) to get samples from f(h,y1, ..., Mys| A, F ,¥*). These can be used in a variety of
ways, for example noting that

S N

J

1 J

yt+j|=ﬂa 'g;la H*a {hl+l}7 {i[,K{, qt}NN{
1

Kitjqpss @ (higs - - hH—S)}

yields an easy way of using a Rao—Blackwell argument to estimate the higher order
moments of returns over s periods.

3.2.2. Filtered correlations

In many financial decisions it is important to know the correlations between the
returns on holding various risky assets. Here we briefly describe the time series
evolution of the correlations for the above series, estimating the correlations using
contemporaneous information. We could derive the correlations through the filtered
time varying covariance matrix

Q;Fl = E{Q(h;, A;) + Kt%qHKr|%, F -1}
=EWV M, T 1) + BIE(D,| M, 7 -1)}B' + E{K.q,q,K:| -4}
However, that would give a biased estimator of the correlation. Instead we work
with
Ry—1 = E{ V(hs, Aoy Ky g1 AM, F 11},
where

W(hi, 2, Ko1r q,) = diag{Q*(h, 7 K1, q )Y Q* (i, 40, K 12 q,)
xdiag{Q*(h;, 71, K1, q)} "
is the conditional correlation matrix for y,|h;, 4,, K;, q,. By construction R,;_; is the

minimum mean square error estimator of the correlation. This can be easily
estimated by

1 - g 119
27 2 P 20K, ),

g=1

where hgl),...,th) is the output from the particle filter from the density
Sh)dl, F -1, 9%) and (29, K9, P} are i.i.d. draws from p(i|.4, ).

4. Simulation study

We now provide evidence on the effectiveness of our methods when applied to
models of up to 50 dimensions. We report on the simulation efficiency of the fitting
method, the estimation accuracy, robustness to changes in the prior, and on the
reliability of the model selection method.
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4.1. Calibration

In simulating the data we aim to replicate the dynamics of commonly observed
financial time series. In particular, our simulation designs mimic the features of daily
equity returns (measured in decimals). For the calibration, we first fit the MSVJ¢
model with 8 factors to daily returns on 40 major stocks listed on the New York
Stock Exchange. The specifics of this data set and detailed estimation results were
part of a previous version of the paper and can be obtained from the authors.
Second, for each parameter we compute the average and the standard deviation of its
posterior mean across stocks. We then generate one set of model parameters from
distributions whose mean closely matches the average of the posterior means. For
instance, the average posterior mean for u; across 40 stocks is —9.017 and the
standard deviation of the posterior means is 0.429. We generate the 40 ys from a
normal distribution with mean equal to 9 and standard deviation equal to 1. The
details for the other parameters appear in the following subsections. Finally, given a
set of model parameters we simulate the data series.

4.2. Prior distribution

In the experiments we assume that the parameters are a priori mutually
independent. To select the hyperparameters we use the equity data as a training
sample: for each parameter we set the prior mean close to the average of the
posterior means across stocks and the prior standard deviation close to an integer
multiple of the cross-sectional standard deviation of the posterior means. The
exception is the prior for v which is set to a uniform discrete distribution covering the
range of the estimated vs. This leads to the following prior distributions that will be
used throughout, unless otherwise noted. Free elements of B:b;~N(l,9);
e i~N(=9,25); ¢ @ ¢p;~beta(a,b), where ¢; = 2¢; — 1, so that the prior mean of
¢; is 0.86 and standard deviation is 0.11; ¢ : g;~1G(c/2,d/2) with mean of 0.25 and
standard deviation of 0.4; v:v; is discrete uniform over the grid (5,8, 11,
14,17,20, 30, 60); log(é) : log(d;)~N(—3.07,0.148), implying a mean of 0.05 and
standard deviation of 0.02 on d;; and « : k;~beta(2, 100). Since ¢ affects directly the
variability of the jump size, under the selected prior daily jumps in returns are
expected to lie within the £10% range. The hyperparameters in the prior of x imply
a mean jump probability of 1.96% per observation and a standard deviation of
1.36%. This translates into jumps that are expected to occur about 50 observations
apart (four or five jumps per year with daily data).

4.3. Starting values

Our algorithm in Section 2.3 is initialized with values for the following random
variables:

k
{h]}fil > {lpj f:la {qj'_ f:l’ {)hj.}j;y
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We set the {y; } and {g; } vectors equal to zero (the no jumps case), the {4; } equal to
one (the conditionally Gaussian errors case) and the latent volatilities to —10.

4.4. Simulation efficiency

A key feature of our estimation method is the sampling of B marginalized over the
factors. Whereas it is simpler to condition on the factors, as done by Geweke and
Zhou (1996), Pitt and Shephard (1999b), Aguilar and West (2000) and Jacquier et al.
(1995) in the context of static and dynamic factor models, the sampled output is far
less well behaved. To show this, we generate eight data sets, labeled D1-D8, from
different models and with different number of assets, factors and time series
observations, and evaluate the alternative samplers in terms of the realized
inefficiency factors. The inefficiency factor is the inverse of the numerical efficiency
measure in Geweke (1992) and is computed from the MCMC output as the square of
the numerical standard error divided by the variance of the posterior estimate under
(hypothetical) i.i.d. sampling.

We draw the parameters of the models from the following distributions: the free
elements of by are from N(0.9, 1); ; from N(=9, 1); ¢, from a scaled beta with mean
0.95 and variance 0.03, o;, v;, log §; and «; from their prior distributions. The
specifics of each data set are shown in Table 1. It should be noted that the models are
quite high-dimensional; the smallest has 142 parameters and the largest has 688.

For each data set, we employ the marginalized sampling procedure and two other
methods where the elements of B are sampled ecither by column or by row,
conditioned on the factors. For the algorithm proposed in this paper we run the
MCMC sampler for 11,000 iterations, collecting the last 10,000 for inferential
purposes. For the other two methods, expecting a drop in simulation efficiency, we
collect 50,000 draws after discarding the first 5000. We compare the three methods,
as they relate to the sampling of B, in terms of the relative inefficiency factors (the
ratio of inefficiency factors). As can be seen from Table 2, in models with four
factors (D1-D6) our procedure is between 20 and 40 times more efficient than the
other two methods. In models with eight factors (D7 and DS), our method is about
80 times more efficient. Furthermore, the efficiency of our method does not erode as
the dimensionality and complexity of the model is increased whereas the other
methods become even less efficient. The performance gains from sampling B in the

Table 1
Features of simulated data sets

Data set Model p k n Parms  Dataset = Model )4 k n Parms
Dl MSV 20 4 2000 142 D2 MSV 50 4 2000 352
D3 MSV 20 4 1000 142 D4 MSV 50 4 1000 352
D5 MSV 20 4 5000 142 D6 MSV 50 4 5000 352
D7 MSV 40 8 2000 428 D8 MSVJr 50 8 2000 688

Parms denotes the number of parameters.
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Table 2
Summary output for inefficiency factors

Sampling B Mean S.D Low Upp Max Min Mean S.D Low Upp Max Min

D1 D2
Row/Marg  34.5 17.3  24.6 460 710 1.8 297 17.0 17.9 394 914 6.2
Col/Marg 37.9 21.1 221 503 839 13 334 19.5 188 454 106 7.4
Col/Row 0.8 0.6 0.5 1.7 23 02 1.2 0.6 0.8 1.5 38 05

D3 D4
Row/Marg  36.4 295 141 46.0 113 40 417 237 268 512 132 2.9
Col/Marg 27.5 15.1 165 414 593 3.6 15.9 9.8 7.6 204 457 2.0

Col/Row 0.9 03 07 1.2 1.7 0.5 0.4 02 03 0.6 1.1 0.1
D5 D6

Row/Marg  24.0 273 4.6 31.8 167 2.3 88.0 493 427 131 185 11.8

Col/Marg 14.8 162 4.0 18.3 101 1.9 623 455 264 91.0 231 23

Col/Row 0.7 02 05 0.9 1.8 03 0.9 .1 04 1.0 9.0 0.1
D7 D8

Row/Marg  62.3 36.0 334 87.1 161 9.6 769 547 259 119 279 33
Col/Marg 89.7 549 444 126 238 6.1 84.6 56.2 292 128 294 5.1
Col/Row 1.5 0.8 1.0 1.9 6.5 03 1.3 04 1.0 1.7 24 03

The table summarizes the distribution of relative inefficiency factors for the estimated factor loadings.
Row denotes sampling by row, Col sampling by column and Marg sampling marginalized over the factors.
Results are reported for different simulated data sets and for alternative sampling schemes for the factor
loading matrix B. Low denotes the 25th percentile, Upp denotes the 75th percentile.

way we suggest are worth the computational burden because substantially smaller
Monte Carlo samples are needed to achieve a given level of numerical accuracy. On
average, our procedure is 5-6 times slower in terms of CPU time per MCMC
iteration than the alternative non-marginalized methods. In Section 4.7 below we
provide additional details on the computational burden.

We next consider the specifics of our MCMC scheme as they relate to the sampling
of v and 0. We generate an additional data set, D9, from the MSVJ¢ model with 50
series, 4 factors and 2000 observations per series and we employ our method along
with several alternatives where one or more of the reduced blocking steps in the
generation of B, v and ¢ are switched off. Efficiency factors from these runs are
reported in Table 3. Two patterns are noticeable. First, the reduced blocking scheme
leads to much better mixing for both v and 4. On average, our proposed method is
40-50 times more efficient than the alternatives. Second, these performance gains are
realized even when B is sampled conditioned on the factors.

4.5. Parameter estimates and factor extraction
In this section, we first show the ability of the proposed algorithm to correctly

estimate the large number of parameters and latent variables in the model. Second,
we assess the robustness of the algorithm to changes in the prior. We contrast the
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Table 3
Summary output for inefficiency factors

Sampling Mean S.D Low Upp Mean S.D Low Upp Mean S.D Low Upp

B o v
sl/s2 108.4 49.6 66.5 1478 1.0 0.3 0.9 1.2 1.1 0.3 0.9 1.3
s3/sl 1.0 0.2 1.0 1.0 54.8 272 37.1 650 41.1 13.2 241 499
s3/s2 1064 49.6 63.3 139.1 542 252 345 644 431 13.0 26.7 513

The table summarizes the distribution of relative inefficiency factors for the estimated factor loadings (B),
degrees of freedom parameters (v) and jump intensity parameters (). Results are reported for a data set of
50 series and 2000 observations per series and for alternative sampling schemes for B, v and d. Specifically,
sl: B non-marginalized, v marginalized, 6 marginalized. s2: all marginalized. s3: all non-marginalized. Low
denotes the 25th percentile, Upp denotes the 75th percentile.

Table 4
Summary output for simulated data

Sampling B Uy o, G4 13 K By s or v

Bmarg Priorl 97 .99 .92 92 95 92 .98 91 .86 .82
Bbycol Priorl .84 .99 .90 .88 .95 92 .88 77 .38 .82
Bmarg Prior2 95 .99 .90 .88 98 92 95 94 .84 .82
Bbycol Prior2 .84 .99 .90 .87 98 92 .88 77 .39 .81
Bmarg Prior3 98 95 .98 .96 .87 .35 .98 .99 .99 .80
Bmarg Prior4 98 97 .98 97 .96 .30 .99 .99 .99 .83
Bmarg Prior5 .99 94 .98 .96 .96 12 .98 .99 .99 .83

Entries are the correlation coefficients between the true parameter values and MCMC estimates. The latter
are the average of posterior means across 40 samples with n = 1250. Bmarg denotes the sampling of B
marginalized over the latent factors, Bbycol denotes the sampling of B conditioning on the factors and
done by column. Priorl, Prior2, Prior3, Prior4 and Prior5 are defined in the main text.

results from our proposed method with those where B is sampled by columns,
conditioned on the factors.

In these experiments, the artificial data sets are generated from the MSVJ7 model
with 40 series and eight factors. Each simulated series has 1250 observations,
equivalent to about 5 years of daily data. We use the same mechanism described in
the previous section to generate one set of true parameters. From these parameter
values we then generate a total of 40 data sets and we fit the 8 factor MSVJ7 model to
each of them. Due to the differences in the simulation efficiency, the preferred
MCMC algorithm is run for 10,000 iterations while the non-marginalized MCMC
algorithm is run for 100,000 iterations. We initially use the same priors reported in
Section 4.2, defined collectively as Priorl.

Table 4 contains correlations between the true values and the parameter estimates
for the alternative procedures and priors. The estimates are obtained as the grand
averages of the posterior means across simulated samples.
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Consider first the estimates for the factor loading matrix, which in this case has
284 free parameters. The correlation between the true values and the grand averages
across samples is substantially higher for the more efficient procedure: 97.28% vs.
83.88%. The bar graph in Fig. 1 shows that the proposed approach yields accurate
estimates of the B matrix (elements for only four factors are plotted). Second, the
estimates of the volatility parameters for the factors (not reported) are noticeably
more accurate for the preferred algorithm. Third, the estimates of the parameters in
the volatility evolution equations are also less accurate from the non-reduced
blocking scheme. The log-volatility levels, denoted by u,, are closely identified by
both procedures; somewhat larger deviations are recorded for the ¢s and the gs:
however, the correlations of the estimates with the true values are quite high, of the
order of 90%. Next, consider the jump parameters, 6 and k. Without providing a
graph we mention that the average of the posterior means across the different data
sets are slightly closer to the true values for J (correlation = 95%) than k (correlation
of 92%). In both cases the standard deviations across samples are quite small
compared to their respective means. For the jump parameters we do not find
meaningful differences across sampling schemes. The performance of both
algorithms is relatively less satisfactory for the degrees of freedom parameters of
the student-z distributions. The correlation with the true values is only 82%. This
could be due to the large overall dimension of the parameter space combined with a
relatively limited sample size used in the estimation.

Finally, consider the relationship between the true and estimated factors. Fig. 2
displays the correlations across samples for the common factors: the estimates for
these latent variables are obtained by averaging across the MCMC draws for each

11} factor 1 loadings

factor 4 loadings

1k factor 6 loadings |

mmmm Truth factor 8 loadings
— Estimate

Fig. 1. True values vs. posterior estimates for the factor loadings. Each panel displays the loadings on a
different factor (only factor 1, 4, 6 and 8 are reported). The posterior quantities are the average of
posterior means across 40 samples with n = 1250.
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Fig. 2. Correlations between true and estimated factors across simulated samples. For each data set the
estimates are obtained by averaging the draws of the MCMC sampler. The results are based on 40
simulated data sets of size 1250 each.

sample. We report the summaries for factor 1, 2, 5 and 8. In all cases the latent series
are estimated well with correlations with the true values ranging between 70% and
95%. The precision is high for the first factor, decreasing somewhat for the other
factors. These experiments show that the suggested estimation procedure yields
reliable inferences for both the model parameters and the latent dynamic factors.
Relying on the non-marginalized schemes to update the factor loadings leads to
significant biases. These biases arise not only in the estimates of the loading
parameters but also in those of the factor volatilities.

4.5.1. Alternative prior distributions

We now repeat the estimation with different choices of hyperparameters. We begin
with a more diffuse independent N(0,1000) prior on b;. This prior is labeled Prior2.
The posterior mean of the parameters under this prior are reported in the third and
fourth row of Table 4. Both posterior sampling procedures appear to be robust to
this change in the prior as the correlations between the true and simulated values are
almost unaltered. It remains true, however, that the marginalized sampling scheme is
better at estimating the factor loadings and the factor volatility parameters. Next, we
investigate our ability to learn about the jump components of the model by varying
the prior on the jump parameters 6 and x. The first prior, labeled Prior3, implies
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infrequent but large jumps whereas the second, labeled Prior4, assigns a higher
probability to the occurrence of relatively more frequent but significantly smaller
jumps. Specifically, in Prior3 we impose a mean of 10% and a standard deviation
of 2% on ¢, and we let x;~beta(2,400). In this instance jumps are expected to
occur only once or twice per year at the daily frequency. In Prior4,
log(6;)~N(—4.023,0.223), implying a mean of 0.02 and standard deviation of 0.01
on ¢;; and k;~beta(9,200). The latter choice implies that a jump is expected almost
every month. For the third alternative prior, labeled Prior5, we choose a mean and a
standard deviation of 10% on d6; whereas k;~beta(1, 1), a uniform density on (0, 1).

The results from rerunning the estimation over the same 50 simulated data sets are
shown in the last two rows of Table 4. We can make two broad conclusions. First,
that when the sample is small, the posterior distribution of the jump intensity x; is
affected by the prior but that the posterior distribution of J; is less affected. The
experiments confirm the need, indicated by previous studies, for a long time series for
robust estimation of the jump intensity. In unreported results we find that to reach a
correlation between true values and posterior means in the 0.8-0.9 range one needs a
sample size of approximately 7500 daily observations. Our second conclusion is that
the prior of the jump parameters does not materially affect the posterior distribution
of the remaining parameters.

4.6. Performance of the marginal likelihood criterion

In this section, we utilize simulated data to assess the performance of the marginal
likelihood and Bayes factor criterion in identifying the correct model across model
types and, within a given model class, the correct number of factors. In the
simulation design, data sets are generated from the MSV¢ model with three factors.
Each simulated data set contains 30 series of 2000 observations each. The model
parameters in the true model are randomly generated as in Section 4.4. We generate
a total of 50 data sets from the true model. The MSVJ, MSV¢ and MSVJ¢ models are
then fitted to these data sets, each with 2, 3 and 4 factors. Thus, nine models are each
estimated 50 times under the prior distributions and hyperparameters reported in
Section 4.2. The marginal likelihood of each model in each simulated data set is
calculated from G = 10,000 MCMC iterations (beyond a burn-in of 1000 iterations)
followed by reduced runs of 10,000 iterations. Finally, the two parameters of the
particle filter algorithm, namely M and R, are set to 20,000 and 200,000, respectively.

4.6.1. Stability

First, we investigate the stability of the posterior ordinate estimate. We randomly
pick 5 of our 50 simulated data sets and compute estimates of the posterior ordinate
for various values of G, the number of reduced-run iterations. In particular, we let G
take the values 5000, 10,000, 20,000 and 50,000. The posterior ordinates from each
of the five data sets are then averaged. Although the data are generated from the
MSVt¢ model, we do this calculation with the MSVJ¢ model which is a larger model.
The estimated values are shown in Table 5.
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Table 5
Natural log-posterior ordinate estimates for different simulation sizes. G denotes the number of reduced
MCMC draws

Data Simulation size G

5000 10,000 25,000 50,000
D2 329.74 329.73 329.80 329.97
D10 325.40 327.18 327.94 327.99
D30 319.11 323.35 323.87 323.71
D40 318.19 320.86 320.14 320.19
D50 346.97 348.87 348.40 348.92

Results are based on five simulated data sets.

Table 6
Frequency distribution (percentage) of Bayes factors across 50 simulated replications

True model: MSV¢ 3f

1-3.2 3.2-10 10-100 >100 Total >10
MSV3f/MSV2f 0 0 0 100 100
MSV3f/MSV3f 0 0 0 100 100
MSV3f/MSV4f 0 0 2 98 100
MSV3f/MSV2f 0 0 0 100 100
MSV3f/MSV4f 0 4 20 60 84
MSVf/MSV2f 0 0 4 96 100
MSV3f/MSVIe2f 0 0 0 100 100
MSV3f/MSVJ3f 0 0 2 94 96
MSV3f/MSVIaf 0 0 10 78 88

The ranges for Bayes factor values correspond to the Jeffreys’ scale.

The table values indicate that the estimates converge when the number of reduced
runs is at least 10,000.

4.6.2. Model comparison

We conclude our experiments by examining the performance of the marginal
likelihood criterion in selecting the true model. This is done via a sampling
experiment in which we count the frequency with which each possible K-factor
model (K = 2,3,4) is picked over the other models, based on the estimated marginal
likelihoods. Table 6 reports the relevant results in which we compare the support for
the true MSV¢ model with 3 factors against the other specifications.

According to the Jeffreys’ scale, the evidence in favor of the true model is always
decisive versus the basic MSV model as well as versus MSVr 2f and it is at least
substantial against MSV¢ 4f in 84% of the cases. When compared to the more highly
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parameterized MSVIJz model, MSV1 3f is still selected as the best model 100% of the
times against MSVIJz 2f, 98% of the times against MSVJ¢ 3f and 88% of the times
against MSVJ¢ 4f. In all these cases the support in favor of the true model is strong
or decisive. In summary, the simulation evidence provides a convincing validation of
the Bayes factor criterion along two dimensions: the identification of the correct
number of common factors and in the selection of the appropriate model
specification.

4.7. Computational requirements

For the MSVJ¢ model with 20 series and 4 factors fit to 2000 observations per
series, our MCMC algorithm coded in C and running on a Linux 3.4 megahertz
Pentium 4 computer consumes about 3h of CPU time to generate 11,000 MCMC
draws for the full MCMC run. The filtering algorithm, implemented with M =
20,000 and R = 200,000, requires about 5h. The reduced run for computing the
conditional posterior ordinate of 6 is conducted with 5000 iterations for each pair of
assets and factors. For the 12 pairs used in our benchmark example the required
CPU time is slightly less than 4 h. The reduced run for é needs 2.5 h for 5000 MCMC
iterations whereas the reduced run for x only requires 5-6 min for the same number
of MCMC draws. The reported CPU times are essentially linear in the number of
time series observations. The computing times required by the different portions of
the procedure are affected differently, however, as one varies the number of series, p,
included in the model. For instance, doubling the series from 20 to 40 more than
triples the time for the full run and for the reduced run for 6, doubles the time
for filtering, does not materially change the burden from the reduced runs for é and
for k.

5. Application to equity returns

In this section, we apply our models to historical stock return data to compare the
empirical performance of our specifications in relation to those from alternative
models of time-varying covariances and correlations, including multivariate
GARCH models. We consider the performance along two dimensions: the ability
to correctly estimate the conditional covariance matrix of future returns and the
unconditional and conditional coverage of the 5% and 1% Value at Risk (VaR)
measures of four pre-defined portfolios.

5.1. Data

The data for the experiments are a set of international weekly stock index returns
for the following 10 countries: Australia, France, Germany, Hong Kong, Italy,
Japan, Singapore, Switzerland, United Kingdom and United States. Specifically, the
data are the weekly Total Market Index series as provided by Datastream
International. For each country, we compute the continuously compounded weekly
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returns (Wednesday to Wednesday) denominated in US dollars. We thus assume the
perspective of a US-based investor who does not hedge currency risk. The sample covers
the period from January 2, 1973 through September 30, 2003 for a total of 1605
observations. The mean is subtracted from each series. It should be noted that we
deliberately restrict ourselves to 10 series because the multivariate GARCH models that
we fit cannot be estimated for dimensions much higher than 10. In fact, even with 10
series, the estimation of the various multivariate GARCH models (done with FinMetrics,
a commercial package) was quite difficult with the exception of the DCC model.

5.2. Competing models

As alternatives to the MSV models proposed above we consider six different
specifications. These choices are motivated by the popularity of the models in the
academic literature (see, for example, Ledoit et al., 2003; Lopez and Walter, 2001) as
well as in industry practice. Denote the conditional covariance matrix at time ¢ by 2.
The following specifications are used:

1. The BEKK GARCH(I,1) model
2 = AOA/() + Ay (u_yu, A, + B1Z, 1B,

where Ay is a lower triangular matrix and all the parameter matrices are p x p. In
this model, first proposed by Engle and Kroner (1995), the conditional covariance
matrix is positive semi-definite by construction.

2. The matrix—diagonal vector (MD-VECH) GARCH(1,1) model

Si=Ao+ A4, @(”t—lu;_l)‘f‘BlB/] © 21, (15)

where Ay, 4, and By are all lower triangular matrices. This specification appears
in Ding (1994) and Bollerslev et al. (1994). Although less general than the
unrestricted VECH model of Bollerslev et al. (1988), this parametrization insures
a positive semi-definite conditional covariance matrix, a property that does not
hold for the more general VECH model.

3. The constant conditional correlation (CCC) GARCH(1,1) model. In this model,
proposed by Bollerslev (1990), the time-varying covariance matrix is decomposed
as follows:

>, = A,RA,, (16)

where R is a constant correlation matrix and 4, is a diagonal matrix containing
the conditional standard deviations of the disturbances, each following a
univariate GARCH(1,1) process.

4. The dynamic conditional correlation (DCC) GARCH(1,1) model. This extension
of the CCC model was first presented by Engle (2002) and further analyzed by
Engle and Sheppard (2001). In the DCC model the matrix R in (16) is allowed to
be time-varying. We choose the parametrization

R =000, (I
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where Q, = S(1 — o — B) + a(e,—1€, ;) + BO,_,, S is the unconditional covariance
of the standardized residuals obtained from fitting univariate GARCH(1,1)
models to each return series, and Q7 is a diagonal matrix composed of the square
root of the diagonal elements of Q,.

5. The rolling window (RollWin) estimator. This is the multivariate equivalent of an
historical volatility measure for univariate data. The matrix forecast for each time
t is set equal to the sample covariance matrix conditional on information up to
time ¢ — 1. We adopt a window of 104 observations, corresponding to 2 years of
weekly returns, as this appears to be a fairly common choice in practice.

6. The exponentially weighted moving average (EWMA) model:

2 =(- j-)(ut—lu;fl) + A2

This formulation is the result of applying exponentially decaying weights to
lagged cross-products of residuals. The calibrated parameter 1 is typically set to
0.94 for weekly data: this is the choice we adopt in this study as well. The
approach is often used in risk measurement systems and its popularity is, at least
partially, due to the fact that it is the method used and commercialized by
RiskMetrics.

The MSV and multivariate GARCH models are estimated on a moving 20-year
window (1095 weekly returns). For the MSV specification we consider models with
1-4 factors, with and without jumps and fat-tailed errors, and we select the best
model in terms of in-sample fit by using Bayes factors. This model specification is
then used for 1 year (52 weeks) in the forecasting exercise. At the end of each year we
once again determine the best fitting MSV model. Notice that although the model
specification is kept constant for a year, the posterior distribution of the parameters
is updated every week. The multivariate GARCH models are estimated by quasi
maximum likelihood assuming normal and student-¢ distributions for the error
terms. The optimization of the quasi likelihood function is done through the built-in
routines in the FinMetrics module of SPLUS for all specifications except the DCC
model. For this model the estimation is carried out following the two-step procedure
proposed by Engle (2002) and assuming conditionally normal errors. The forecasting
experiments are started with the first week of 1994. Every model is re-estimated
weekly and a new forecast is generated for the following 1, 2 and 4 weeks using the
updated parameter estimates. The associated VaR measures are computed at the 1-
week horizon. Overall, for each of the seven models specifications 509 forecasts at
three different horizons and 509 1-week VaR measures are produced and evaluated.

5.3. Covariance matrix forecast

We compare the forecast from each model to a baseline variance covariance
matrix that is taken as the true covariance matrix. The latter in unobservable but a
proxy for it can be constructed as suggested by Andersen et al. (2001), Barndorft-
Nielsen and Shephard (2002), Andersen et al. (2003) and Barndorff-Nielsen and
Shephard (2004) and implemented, among others, by Ledoit et al. (2003). In



S. Chib et al. | Journal of Econometrics 134 (2006) 341-371 365

particular, the true covariance matrix for the period ending at week z, denoted by
2k, 18 computed as the cumulative cross-product matrix of daily return residuals
over the forecast horizon of length k. The covariance forecast for the MSV models is
computed as described in Section 3.2.1. For the GARCH models, given the
parameter estimates, the k-step forecasts are obtained by recursion. For example, for
the MD-VECH model it can be shown that

Ei(21k) = Ao + (AIA; + BIB/l) O El(Z4k-1),

where E, indicates expectation conditioning on time # information. For the Roll Win
and EWMA models, the multi-step ahead forecasts are computed by multiplying the
1-week forecast by the number of weeks. Denote by ¢;;,, the 7,jth element of X
and by 6, its forecast under any of the above models. Following Andersen et al.
(2001) and Ledoit et al. (2003), we assess the predictive accuracy of a given model in
terms of the root-mean-square error (RMSE) and mean absolute deviation (MAD)
measures, which are defined as

1/2
RMSE; = [%Z E(a'i,j,t,k - Ui,j,t,k)z (18)
i
and
MAD; :l%z El6ij.k — 0ijokl, (19)
ij
respectively.

5.4. Value-at-risk

It is not our objective to survey and rank the numerous approaches that have been
proposed for the calculation of VaR. In the present study we focus instead on the
relative performance of alternative methods within the variance—covariance
approach.

Several different portfolios can be constructed from the same universe of p assets,
corresponding to different trading positions. In this case it is common practice to
compute the individual portfolios’ VaR by using a single estimate of the p x p
covariance matrix. This is the approach adopted, for example, by Ledoit et al.
(2003). In the present study we consider the following four geographically identified
portfolios:

e A World portfolio: all 10 countries, equally weighted.

e A European portfolio: France, Germany, Italy, Switzerland and United King-
dom, equally weighted.

e A Pacific Rim portfolio: Australia, Hong Kong, Japan and Singapore, equally
weighted.

e A US only portfolio.
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Denote by y,, the realized return on a given portfolio of assets at time 7. Given the
vector of portfolio weights w, and the estimate of the conditional variance, X, the
predicted portfolio variance is 6,,x = w2, xw. The VaR at the 1% and 5% level is
computed for each portfolio using the predicted portfolio variance as

VaR, ;- 15(0) = \/GpixF~" (@)

where F~!() is the ath percentile of the cumulative one-step-ahead distribution
assumed for portfolio returns. In addition to this commonly used method for
calculating the VaR, our Bayesian approach offers a second and, potentially, more
appealing alternative. Using the structure of the particle filter as shown in Section
3.2.1, one can draw directly from the predictive densities of the individual asset
returns, compute the portfolio return distribution and then calculate the quantile
(left-tail) of interest. For the MSV models we calculate the VaR in this way.

The accuracy of the VaR estimates is investigated using both unconditional and
conditional coverage tests along the lines of Lopez and Walter (2001). Define the
indicator variable I, as

I if y,,<VaR,, .,
Ir=90 if Vpi=VaR,, 1.

The cases I, = 1 are exceptions or hits. For the VaR estimates to be well behaved,
the I, series must exhibit both serial independence and correct coverage (i.e., its
expected value must equal the nominal VaR level of ). To test correct coverage, let
T denote the total number of out-of-sample observations for which VaR is
computed, let y denote the number of VaR exceptions over 7 observations, and let &
be the ratio /7. Then the hypothesis & = o is tested with the statistic

LRye = 2{log[5/ (1 — &) ] — logo? (1 — )" 7]},

which is distributed asymptotically as %*(1). In the presence of heteroschedasticity in
portfolio returns, a test for correct coverage given the information set at a given
point in time is likely to be a more relevant measure of VaR accuracy. Christoffersen
(1998) derives a test of conditional coverage by jointly testing for correct
unconditional coverage and independence in the hit rate series. The independence
hypothesis is tested against the alternative of first-order Markov dependence. Define
T as the number of observations in state j after having been in state i in the previous
period, mo1 = To1/(Too + To1) and 73 = T11/(T1o + T11). Under the alternative
hypothesis the likelihood functionis L4, = (1 — nOI)T‘JOnOTl‘“ (1- ml)T“’anl”. Under the
null of independence, the likelihood is instead Ly = (1 — )70t TogTo+Tn  where
n=(To1 + Too)/T and np; = ;1 = n. The test statistic for independence is

LRiyq = 2(log Ly —log Ly),

which is also distributed asymptotically as y>(1). A likelihood ratio statistic can be
used to jointly test the two hypotheses and to test for correct conditional coverage.
Specifically, the test is based on the statistic LR, = LRy.+ LRj,q, which is
asymptotically distributed as %*(2).
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5.5. Empirical results

Table 7 contains the results on the forecasting accuracy of the different models
over three time horizons and two evaluation criteria. In terms of MAD, the
performance of the MSV model is very satisfactory, especially at the shorter
horizons, where MSV outperforms all other specifications. The next best performers
are the multivariate GARCH models that allow for time-varying correlations.
Among them, the DCC model yields the most accurate forecast at the 2 and 4 weeks
horizon, whereas the BEKK model does better at the 1-week forecast. There is little
material difference in the accuracy of the BEKK and the MD VECH model, with the
MD VECH model being marginally better. The forecasting ability of these models is
not improved by the inclusion of fat-tailed errors. The CCC model does always
worse than the other GARCH models, which indicates the importance of modeling
time-varying correlations. Finally, the simpler EWMA and Roll Win approaches are
significantly outperformed, especially at the 1 and 2 weeks horizons.

In terms of the RMSE criteria, the distinctions among the various models is less
clear. The MSV model still somewhat outperforms the other models at the short
horizons, whereas at the longer horizons the simpler EWMA and RollWin models
perform as well if not better. We may mention, however, that Ledoit et al. (2003) has
shown that the MAD criterion may be superior to the RMSE since it tends to be less
influenced by outliers.

Tables 8 and 9 report the summaries of the VaR estimation and testing results. In
terms of VaR exceptions, MSV performs convincingly both at the 1% and at the 5%
confidence level. Across portfolios its performance is uniformly never worse than any
other model. In particular, for the World and for the US portfolio MSV provides an
increased level of accuracy with respect to the other models. For the World portfolio,
only the BEKK-f model compares favorably to the MSV model. For the World

Table 7
Evaluation of forecasting accuracy
Model MAD RMSE

1-week 2-week 4-week 1-week 2-week 4-week
MSV 3.45 5.57 11.90 7.76 13.15 24.72
BEKK 3.63 5.73 12.03 7.77 13.20 24.72
BEKK-# 3.70 5.67 11.88 7.81 13.13 24.58
MD VECH 3.67 5.68 11.93 7.80 13.10 24.54
MD VECH-¢ 3.67 5.68 11.93 7.80 13.10 24.55
CCC 3.93 6.70 13.10 7.98 13.45 24.80
CCC-¢ 3.98 6.74 13.01 7.99 13.41 24.70
DCC 3.72 5.60 11.75 7.77 12.85 24.34
EWMA 3.94 6.81 12.83 8.14 13.05 22.29
RollWin 4.02 7.00 12.23 8.30 13.32 22.30

Reported are the mean absolute deviation and root-mean-square-error from Egs. (19) and (18),
respectively. Model descriptions can be found in the main text.



368 S. Chib et al. | Journal of Econometrics 134 (2006) 341-371

Table 8
Evaluation of VaR estimates
Model Hit rate p-values
LRuc LRind LRcc

1% 5% 1% 5% 1% 5% 1% 5%
World portfolio
MSV 0.010 0.049 0.35 0.22 0.53 0.27 0.33 0.01
MD VECH 0.016 0.061 0.23 0.27 0.61 0.15 0.43 0.19
MD VECH-¢ 0.008 0.065 0.61 0.14 0.80 0.02 0.85 0.02
BEKK 0.016 0.065 0.23 0.14 0.61 0.22 0.43 0.16
BEKK-¢ 0.010 0.059 0.97 0.37 0.75 0.12 0.95 0.20
CCC 0.024 0.070 0.13 0.28 0.19 0.01 0.04 0.02
CCC-¢ 0.019 0.066 0.11 0.21 0.10 0.01 0.08 0.03
DCC 0.014 0.059 0.42 0.37 0.66 0.12 0.66 0.20
EWMA 0.014 0.059 0.42 0.37 0.66 0.01 0.66 0.02
RollWin 0.022 0.069 0.02 0.07 0.02 0.03 0.00 0.02
European portfolio
MSV 0.012 0.049 0.69 0.37 0.70 0.12 0.86 0.20
MD VECH 0.016 0.053 0.23 0.75 0.11 0.22 0.13 0.45
MD VECH-¢ 0.008 0.055 0.61 0.61 0.80 0.26 0.85 0.47
BEKK 0.014 0.047 0.42 0.77 0.66 0.12 0.66 0.28
BEKK-? 0.010 0.049 0.97 0.93 0.75 0.15 0.95 0.35
CCC 0.018 0.062 0.03 0.54 0.11 0.04 0.02 0.01
CCC-t 0.016 0.060 0.06 0.58 0.20 0.08 0.06 0.04
DCC 0.016 0.047 0.23 0.77 0.11 0.02 0.13 0.07
EWMA 0.014 0.047 0.42 0.77 0.66 0.02 0.66 0.07
RollWin 0.026 0.055 0.00 0.61 0.41 0.26 0.01 0.47

Figures refer to weekly VaR forecasts for different models at the 1% and 5% level. Reported are the
average hit rate and the p-values for the unconditional coverage test (LR,), independence test (LRjyq), and
conditional coverage test (LR..). Tests and model descriptions can be found in the main text.

portfolio the alternative specifications (with the exception of the EWMA model)
tend to underestimate the VaR whereas for the US Portfolio they tend to be too
conservative. For the Pacific Rim and European portfolios the differences in model
performance becomes somewhat blurred. The CCC specification appears to perform
the worst. In terms of the unconditional coverage test LR, the performance of most
models is adequate with the possible exception of the RollWin and CCC models and
some of the GARCH models on the US portfolio. In sum, our MSV model performs
favorably in relation to these models.

6. Conclusion

In this paper, we have proposed and analyzed a new multivariate model with time
varying correlations. The model contains several features (for example fat tails and
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Table 9
Evaluation of VaR estimates
Model Hit rate p-values
LRy LRing LR

1% 5% 1% 5% 1% 5% 1% 5%
Pacific rim portfolio
MSV 0.012 0.051 0.22 0.27 0.49 0.45 0.26 0.41
MD VECH 0.016 0.051 0.23 0.91 0.61 0.75 0.43 0.95
MD VECH-¢ 0.010 0.065 0.97 0.14 0.75 0.36 0.95 0.22
BEKK 0.018 0.057 0.12 0.48 0.57 0.56 0.25 0.66
BEKK-¢ 0.012 0.057 0.69 0.48 0.70 0.56 0.86 0.66
CCC 0.022 0.061 0.02 0.19 0.04 0.33 0.00 0.11
CCC-¢ 0.022 0.061 0.04 0.14 0.05 0.41 0.03 0.19
DCC 0.012 0.055 0.69 0.61 0.71 0.62 0.86 0.78
EWMA 0.012 0.059 0.69 0.37 0.70 0.86 0.86 0.66
RollWin 0.022 0.051 0.02 0.91 0.02 0.57 0.00 0.84
US portfolio
MSV 0.011 0.053 0.42 0.75 0.66 0.64 0.66 0.85
MD VECH 0.010 0.031 0.97 0.04 0.75 0.52 0.95 0.10
MD VECH-¢ 0.008 0.035 0.61 0.11 0.80 0.66 0.85 0.25
BEKK 0.012 0.033 0.69 0.07 0.70 0.59 0.86 0.16
BEKK-? 0.010 0.031 0.97 0.04 0.75 0.52 0.95 0.10
cccC 0.018 0.040 0.41 0.04 0.39 0.30 0.33 0.03
CCC-t 0.016 0.039 0.48 0.03 0.28 0.23 0.25 0.04
DCC 0.010 0.045 0.97 0.61 0.75 0.38 0.95 0.60
EWMA 0.016 0.061 0.23 0.27 0.61 0.42 0.43 0.40
RollWin 0.014 0.055 0.42 0.61 0.66 0.26 0.66 0.47

Figures refer to weekly VaR forecasts for different models at the 1% and 5% level. Reported are the
average hit rate and the p-values for the unconditional coverage test (LR,), independence test (LRjyq), and
conditional coverage test (LR..). Tests and model descriptions can be found in the main text.

jump components) that are particularly relevant in the modeling of financial time
series. Our fitting approach, which relies on tuned MCMC methods, was shown to
be scalable in terms of both the multivariate dimension and the number of factors.
This leads us to believe that this is first viable estimation approach for high-
dimensional stochastic volatility models. In the paper we also provide a method for
finding the marginal likelihood of the model. This criterion is useful in comparing
the general model with various special cases, say defined by the presence or absence
of jumps and fat-tails, and in identifying the correct number of pervasive factors. A
large-scale simulation study shows that our estimation and inference procedures
are both accurate and reliable. An extensive application to international
equity return data shows that our proposed model performs favorably in relation
to various alternative models in terms of the estimation of the predictive covariance
and VaR.
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