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There has been an increasing interest in stochastic volatil
ity (SV) models in the last two or three years. Such models 
are appealing because they follow very naturally from much 
of finance theory and their properties are relatively easy to de
rive. Nevertheless, most econometric work has been carried 
out within the autoregressive conditional heteroscedasticity 
(ARCH) framework. By assurning that conditional variance 
is an exact function of past observations, ARCH models are 
formulated in such a way that the likelihood function may 
be obtained directly. SV models do not have this property, 
and this article by Jacquier, PoI son, and Rossi (JPR) is an im
portant contribution in that it provides a relatívely efficient 
method of estimation. 

Our own research program, carried out with Neil Shephard, 
has focused on the quasi-maximum likelihood (QML) esti
mation of SV models. Since the original Harvey, Ruiz, and 
Shephard (1994) article, Harvey and Shephard (1993a,b), 
have extended QML to deal with correlated disturbances and 
explanatory variables, and Ruiz (1994), as noted by JPR, has 
compared the asymptotic properties of QML and generalized 
method of moments (GMM). The way in which SV models 
can handle long memory was investigated by Harvey (1993). 

The QML method is very easy to apply and, as we shall 
argue, its properties as an estimation procedure are some
what better than JPR imply. Nevertheless, there are clear 
advantages to applying a procedure based on full maximum 
likelihood (ML), and Shephard's work provides an alterna
tive to the Bayesian approach in JPR. The case for QML is 
that it can be used to check out the model specification and 
provide initial estimates prior to estimation by a more elab
orate procedure. If the sample size is very large, say several 
thousand, the sampling properties of QML are good, and its 
ease of computation makes it an attractive estimator in itself. 

Ruiz (1994) compared asymptotic standard errors for QML 
and GMM estimators for a range of parameter values. In the 
light of recent applied work, sorne values are more plausible 
than others, though it should be noted that models such as 
8 = .9, o"v = .3 and 8 = .97, o"v = .2 have a squared co
efficient of variation equal to .61 and .97, respectively, and 
so are well within the range considered to be reasonable by 
JPR. The asymptotic results point clearly to a decline in the 
relative performance of GMM as 8 approaches 1. Further
more, QML seems to have the edge over GMM when the 
variance-generating process is known to be random walk. 

 

, 
The Monte Cario results in Ruiz's article tell a similar 

story to those of JPR-namely, that QML can be very erratíc 
for sample sizes of the order of 500. Monte Cario evidence 
based on mean squared errors can be misleading, however. 
We believe this to be the case here because it appears that the 
poor overall performance of QML is primarily due to a few 
samples in which the estímate of 8 is very small while the 
corresponding estimate of O" v is large. Harvey and Shephard 
(1993) carried out sorne simulations in which .5 was taken 
as a lower bound for estimates of 8. The results are shown 
in Table 1 for data generated by a model with 8 = .975 and 
o"v = .1. 

The squared coefficient of variation is .22. JPR report 
results for the not-dissimilar case in which 8 = .98 and o"v = 
.06. Here the performance of QML is very poor indeed. 
The mean of the estimates of 8 is only .49, which indicates 
that there must be sorne very small values. The root mean 
squared error (RMSE) is .67, which is over four times the 
RMSE reported in Table 1. fhe fa~t that the simulations 
of JPR are based on only,'~OQ' replications, as opposed to 
the 1,000 used by Table 1 and Ruiz (1994), may make their 
results more sensitive to the occasional bad set of estimates. 

The root cause of the occasional very poor QML estimate 
stems from values of YI close to O. Such "inliers" translate 
into negative outlying values of log 1,. In a large sample, 
the effect of one or two inliers is mitigated, but in a small 
sample they can have a devastating effect. Of course, the 
QML procedure breaks down completely if a particular YI is 
exactly O. This can happen because a stock price or exchange 
rate may not change. Harvey et al. (1994) avoided the prob
lem by subtracting the mean of the y/s before transforming. 
Alternatively the inliers may be trimmed. The results in Ta
ble 1 show the effects of a very simple trimming scheme, in 
which values of YI less than .05 in absolute value were set 
.05. This corresponds to taking -5.99 as a lower bound for 

Table 1. Monte Carla Results tor Estimates ató = .975 From 
Basic and Trimmed QML 

Mean 
RMSE 

T=500 

.91 

.15 

Basic 

T= 3,000 

.97 

.04 

T=500 

.94 

.11 

Trimmed 

T = 3,000 

.97 

.02 
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log Ir. The experiments assumed a to be O, though in practice 
it would be necessary to standardize Yt by dividing through 
by its standard deviation. A second round based on trimming 
log y; - ht - a/(l- 6), where ht is the smoothed estimate of 
ht at the first round, is quite appealing. In this case it seems 
reasonable to compute the new expectation and variance of 
log u; and make use of them in the estimation. It is actually 
possible to obtain analytic expressions for these moments. 

Both the lPR procedure and GMM are based on the as
sumption of normality. This assumption can be relaxed very 
easily by treating the variance of log u; as a free parame
ter. As pointed out by Ruiz (1994) and confirmed by lPR, 
this makes very little difference to the efficiency with which 
other parameters may be estimated. If a distribution such as 
Student's t is assumed, the parameter a may be estimated. 
This parameter is used to form smoothed estimates of the ht' s 
from smoothed estimates of their logarithms. A different ap
proach, proposed by Harvey and Shephard (1993b), requires 
no distributional assumption to form smoothed estimates of 
the h¡'s. These estimates may have better properties than the 
estimates used by Harvey et al. (1994) and examined by lPR. 

lPR seem to downplay the need for models involving long
tailed distributions in the SV framework. They point out, 
quite correctly, that a Gaussian distribution for Ut implies 
excess kurtosis, irrespective of tm: value of 6. This excess 
kurtosis is 3{ exp[var(ht)]-l}: ¡¡'hís is three times the squared 

coefficient of variation, so if this takes the typical value of 
1, the implied excess kurtosis is 3, which may not be high 
enough to adequately capture the features of some data sets. 
The fact that QML can cope with such situations is impor
tant. Indeed a long-tailed distribution for Ut may actively 
help the performance of QML. Although the logarithm of a 
squared normal distribution has an excess kurtosis of four 
and a long negative tail, the logarithm of a squared t variate 
exhibits less kurtosis and becomes less skewed as the degrees 
of freedom diminish. In the case of a Cauchy variate, the dis
tribution of the logarithm of its square is symmetric with an 
excess kurtosis of only 2. Hence QML is less susceptible 
to high negative values of log Ir. The lPR procedure can 
presumably be extended to handle nonnormal distributions 
for Ut. But this again points to the value of using QML for 
preliminary model fitting since, as suggested by Harvey and 
Shephard (1993b), the heteroscedasticity-corrected observa
tions can be examined for evidence of nonnormality. 
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