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Abstract

The generalized Gauss-Hermite-filter (GGHF) is implemented in
the multivariate case. We utilize a Hermite expansion of the filter den-
sity and Gauss-Hermite integration for the computation of expectation
values in the time and measurement update (moment equations and
Bayes formula). The algorithm is successfully applied to the Bayesian
estimation of a volatility parameter, where filters based on two mo-
ments (EKF, UKF, GHF) fail. Moreover, the stochastic volatility
model of Scott (1987) is treated.

Key Words: Multivariate stochastic differential equations; Nonlinear
systems; Discrete time measurements; Continuous-discrete state space
model; Gaussian filter; Hermite expansion; Stochastic volatility.

1 Introduction

In a recent article the Gaussian filter was generalized by using a scalar
Hermite expansion of the filter density with leading Gaussian term (Singer
2006a). Thus, integrals appearing in the time and measurement update can
be computed by Gauss-Hermite integration, as in the Gaussian filter (cf. Tto
and Xiong, 2000). The restrictive assumption of a Gaussian filter density is
dropped and arbitrary functional forms can be modeled by inclusion of 3rd
and higher order moments (skewness, kurtosis etc.). The Gaussian filter is
contained as a special case. In this paper, the general multivariate case is
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derived. Similar algorithms have been developed by Challa et al. (2000),
but we formulate the time update as integro-differential equations solved
stepwise by using Gauss-Hermite integration. Moreover, computation of the
measurement update (Bayes formula) is improved. We use the normal corre-
lation update as Gaussian weight function in the Gauss-Hermite quadrature
to achieve higher numerical accuracy. Finally it is shown how the volatility
parameter of an Ornstein-Uhlenbeck process can be estimated sequentially.
In this problem Gaussian filters fail since they cannot model the strong non-
gaussianity of the posterior density of the volatility. Similar considerations
apply to the stochastic volatility models of Scott (1987) or Hull and White
(1987).

2 State Space Model and Filter Equations

2.1 Nonlinear Continuous-Discrete State Space Model

The nonlinear continuous-discrete state space model is defined as (Jazwinski,

1970)

dy(t) = f(y(t),t,¢)dt + g(y(t),t,¢)dW (t) (1)
where discrete measurements z; := z(t;) are taken at times {to,?,...,tr}
and ty <t < tp according to the measurement equation

zi = h(y(ts), ti, ¥) + €. (2)

In state equation (1), W (t) denotes an r-dimensional Wiener process and the
state is described by the p-dimensional state vector y(t). It fulfils a system
of stochastic differential equations in the sense of It6 (cf. Arnold, 1974) with
random initial condition y(tg) ~ po(y, ). The functions f : RP X R X R* — RP
and g : RP X R X R* — RP x R" are called drift and diffusion coefficients,
respectively. In measurement equation (2), ¢ ~ N(0, R(t;,¢))i.d. is a k-
dimensional discrete time white noise process (measurement error). Para-
metric estimation is based on the u-dimensional parameter vector 1. For
notational simplicity, deterministic control variables z(t) are absorbed in the
time argument t. Moreover, the functions f and g may also depend on
nonanticipative measurements Z* = {z(s)|s < t} and h, R may depend on
lagged measurements Z'~! := Z%-1 = {z(s)|s < t;_1} allowing continuous
time ARCH specifications. In the linear case, the system is conditionally
gaussian (cf. Liptser and Shiryayev, 2001, ch. 11). This dependence will be
dropped in the sequel.



2.2 Exact Continuous-Discrete Filter

The exact time and measurement updates of the continuous-discrete filter are
given by the recursive scheme (Jazwinski, 1970) for the conditional density

p(y, t|Z7):

Time update:

op(y, t| 2 ;
PUNZ) Py, 0p(y. 12 1 € ot @)
p(y, t:|Z") = py;
Measurement update:
; i i Zi)p(?/i 1|Zi)
|z = p(zi1|yi, Wit 4
(B ) p(zi41|Z7) @
‘= DPit1li+1
penlZ) = [plnlyin, 29p(in |2 dyin. (5)
1=20,...,T — 1, where
= Z fl y,t@b 228 a U yﬂf@b)] (6)

is the Fokker-Planck operator, 2 = g¢', Z' = {2(t)|t < t;} are the observa-
tions up to time #; and p(z;11|Z?) is the likelihood function of observation
zi+1. The first equation describes the time evolution of the conditional den-
sity p(y,t|Z°) given information up to the last measurement and the mea-
surement update is a discontinuous change due to new information using the
Bayes formula. The above scheme is exact, but can be solved explicitly only
for the linear case where the filter density is Gaussian with conditional mo-
ments p(tlt;) = Ey(t)|Z7); X (t|t;) = Varly(t)|Z'] and for some special cases
(Daum filter; Daum, 1986).

2.3 Exact Moment Equations

In the generalized Gauss-Hermite filter, instead of solving the time update
equations (3) for the conditional density directly, the moment equations for
K moments are solved approximately. The moments can be used to com-
pute the expansion coefficients of the density function (sect. 4). Using the
Euler approximation for the SDE (1), one obtains in a short time interval ot

(W (L) := W(t + 6t) — W(t))
y(t+0t) = y(t) + f(y(t), 1)dt + g(y(1), )oW (¢). (7)
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Taking the expectation EJ...|Z?] one gets the moment equation

p(t+0tlt) = p(tlt:) + BLf(y(t),0)| 2ot (8)
or in the limit 6t — 0

putlts) = E[f(y(t),1)| Z']. (9)
The 2nd central moment my = X (dropping the condition Z*)

mak(t) = El(y;(t) = 1 (1)) (e (t) — ()] := E[Ma (1)), (10)

j,k=1,.. p fulfils

mojk(t +0t) = E[(y; + f;0t — p;(t + 6t) + gj:0Wyr) X
(Y + fu0t — pa(t + 0t) + grrwdWir)], (11)
where y; = y;(t), f; = f;(y(t),t) etc. and w;(t + ot) = Ely; + f;0t] =

wi + E[f;]ot. Since the increments of the Wiener process are independent
of the terms at time ¢ one obtains, introducing centered variables y; :=

y;i — E(yy), [} = f; — E(fj),
Mo ji(t +0t) = mou(t) + Ely; fr +ypfi + 23]t +

+ E[f fr]ot*. (12)
In the limit 6t — 0 we have
moi(t) = Ely;fi] + Elyifi] + B2 (13)

The exact moment equations (9, 13) are not differential equations, however,
since they depend on the unknown conditional density p(y,t|Z?). For the
Gaussian filter, K = 2 moments are used, and the density is approximated
by p(y) = é(y; u, X). For the generalized Gaussian filter, K > 2 moments
with a density

p(y) = oly; 1, X) Z_: R (272 (y — ) (14)

(Hermite expansion) are utilized (sect. 4). In both cases, the expectation val-
ues can be computed by Gauss-Hermite integration. An Euler approximation
of the moment equation (13) yields (12), but without quadratic terms O(6¢?).
The update (12) is numerically more stable, since it is positive semidefinite.
Higher order moments, as required by the Hermite expansion (14), can be
computed as follows. The third moment (skewness) is given as, using the
abbreviations v; 1= ¢;;:0Wy, a; := y; + f;6t = y; — E(y;) + (f; — E(f;))0t

man(t +0t) = El(a; +7;)(ax + ) (@ + )] (15)
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Collecting the terms yields
mgi(t +9t) = Elajaa] + Elajvv] + Elvaey] + Elvyea]  (16)
== E[ajakal] + (E[ajﬁkl] + E[akﬁjl] + E[alek])(St,

since E[aﬂ/km] = E[ajgkk/gw]E[ékaéVVl/] and E[éWk/WVp] = (5;4[/(575 with
the Kronecker delta symbol d,, = 1 if j = k and 0 elsewhere. Furthermore,
Ela;ajvy) = FElaia;grw|E[0Wy] = 0, since the increments of the Wiener
process are independent of y;.

In the limit 6t — 0 only terms of order O(dt) survive yielding

magn(t) = Byl + Ely; fev] + ELfveyl] + (17)
+  Ely; 2u] + Elyp2u] + Ely; 2.

In the scalar case the general formula is

m(t) = kE[(y")* ]+ MELE(y) ), (18)
(Singer 2006b), e.g

ma(t) = 3E[(y*)*f]+3E[y (], (19)

thus the multivariate formula can be obtained by combining all different
indices with the symbolic notation

myju(t) = (B)E[y;y}:, ]+ (3)E[?/;le] (20)

(cf. Stratonovich, 1992, p. 27). The number in parantheses is the number
of similar terms which differ only in the order of subscripts. The general
formula reads

Tk i (t) = (k)E[y;kly;kﬂfJ*k] +
k(k—1 . s
+ < : 2 )> E[yjl"'yjk—z‘gjk—ljk] (21)

and

k
M jrjo,.gs(t+01) = E [H aj, + v, ]
=1

= (( )) [aj, .. ajkflfy]’kfl+l"'7jk]' (22)

For example, the term k = 3,1 = 1 is (G)) Elajaj,7j,] = Elaj, 0,7, +
aj 05,5, + ajya5,7,] = 0. The expectations Elaj,...a;, 7V, ..,V can

be simplified by using the independence of W, from terms containing yy.
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Inserting the higher order Gaussian moments of 6W;, all expectations can
be expressed in terms of a;(y) and (2(y). For example, Ela;aryiVm| =
Ela;ap$2,,]6t and

Elyivyivm) = B2 + 232%m + 2jm 2]0t°. (23)

The higher order Gaussian moments of d/W may be computed using the
characteristic function x(t) = Elexp(it'éW)] = exp(—3t'tt). Formula (21)
is obtained from (22) in the limit 6t — 0 keeping terms of order O(6t).

3 Gauss-Hermite integration

The moment equations of the last section require the computation of expec-
tations of the type E[f(Y)], where Y is a random variable with density p(y).
For the Gaussian filter, one may assume that the true p(y) is approximated
by a Gaussian distribution ¢(y; p, 0?) with the same mean p and variance
o%. Then, the Gaussian integral

E[fY)] = /f Y)o(y; p, 0°)dy = /f p+02)¢(z0,1)dz (24)
Zf p+oGw = Zf m)w (25)

Q

may be approximated by Gauss-Hermite quadrature (cf. Ito and Xiong,
2000). Here, (¢;, w;) are quadrature points and weights, respectively. If such
an approximation is used, one obtains the Gauss-Hermite filter (GHF). Fil-
ters using Gaussian densities are called Gaussian filters (GF). More generally,
the density may be approximated by the Hermite series p(y) = ¢(y; p, 02) *
H(2);z = (y — p)/o (14) which again yields integrals w.r.t. the Gaussian
density i.e. E[f(Y)] = [ f(y)H (y)¢(y)dy.

In the multivariate case, the integration is performed using standardization

B0 = [ )ty i D)y (26)
= /f u+21/22)¢(Z'0 Idz...dz, (27)
~ Z f u—{_zl/g{glla' aglp})wll ..... lp (28)
= Z Ty oy my) Wiy 0y (29)

since ¢(z;0,1) = ¢(21;O,1)...¢(zp;0, 1) allows stepwise application of the
univariate quadrature formula and {¢,, ..., (,},1; = 1, ..., m, is the p-tupel of
Gauss-Hermite quadrature points with weights wy, . ;, = wy,...wy, .

.....
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4 Hermite Expansion

4.1 Univariate Hermite Expansion

If the filter density strongly deviates from normality, a Fourier expansion
in terms of Hermite polynomials may be utilized (Edgeworth series; cf.
Kuznetsov et al., 1960, Courant and Hilbert, 1968, ch. II, 9, Abramowitz
and Stegun, 1965, ch. 22, Ait-Sahalia, 2002). The filter density p(z) can be
expanded by using the complete set of Hermite polynomials which are orthog-
onal with respect to the weight function w(z) = ¢(z) = (27) "2 exp(—2?/2)
(standard Gaussian density), i.e.

/Oo H,(x)Hp(z)w(z)de = nloyn, (30)

—0o0

The Hermite polynomials H, (x) are defined by

¢ () = (d/dx)"¢(x) = (~1)"¢(z)Hu(). (31)

and are given explicitly as Hy =1, H, =2, Hy = 2? — 1, Hy = 2% — 32, Hy =
x? — 622 + 3 etc. Therefore, the density function p(z) can be expanded as !

) = 0() 3 (o). (32)
and the Fourier coefficients are given by
e = (1/n)) /_ Z H,(2)p(x)de = (1/n) E[Ha(X))] (33)

where X is a random variable with density p(x). The ¢, are called quasi-
moments by Kuznetsov et al. (1960), since the characteristic function corre-
sponding to (32) is the product of a Gaussian and a power series expansion
with ¢, as expansion coefficients.

The Hermite polynomials contain powers of z, so the expansion coefficients
can be expressed in terms of moments p;, = E[X*]. Since the expansion
has a leading standard Gaussian density, it is more efficient to expand a
standardized variable first and afterwards transform to the unstandardized
density.

! Actually, the expansion is in terms of the orthogonal system v, (z) = ¢(z)"/?>H,, (x)
(oscillator eigenfunctions), i.e. g(z) := p(z)/d(x)Y/? = 3°°  cnthn(z), S0 the expansion
of ¢ = p/$*/? must converge. The function to be expanded must be square integrable in
the interval (—oo, +o0), i.e. [¢(z)*dz = [exp(2?/2)p?(z)dz < oo (Courant and Hilbert,
1968, p. 81-82).



Using the standardized variables Z = (X — p)/o with p = FE[X],0? =
E[X? — u? E[Z] = 0,E[Z% = 1,E[Z*] := v}, one obtains the simplified
expressions ¢y = 1,¢; = 0,c0 =0,

cs = (1/3VE[Z°] = (1/3)vs (34)
cy = (1/A)E[Z* —62* +3] = (1/24)(vy — 3) (35)

and the standardized density expansion
p.(2) = o(2)[1+ (1/6)vsHs(z) + (1/24)(vy — 3)Hy(2) + ...] (36)

which shows that the leading Gaussian term is corrected by higher order con-
tributions containing skewness and kurtosis excess. For a standard Gaussian
random variable p,(z) = ¢(z), so the coefficients ¢;, &k > 3 all vanish. For
example, the kurtosis of Z is EF[Z4] = 3, s0 ¢4, = 0.

Using the expansion for the standardized variable and the change of variables
formula p,(z) = (1/0)p.(2);z = (x — u)/o one obtains the desired Hermite
expansion for p, ()

polz) = f/ﬁ(w;u,UZ)iann((w—u)/U) (37)
= G, 02 H(z) (33)

The standardized moments v, = E[Z*] = E[(X — p)*]/o* := my,/o* neces-
sary for ¢; can be expressed in terms of centered moments

my, == E[M,] == E[(X — p)"]. (39)

4.2 Multivariate Hermite Expansion

In the case of random vectors X € RP the multivariate (standardized) Her-
mite expansion

po(z) = @z, 5) Y cnlln(2) (40)
[n|=0
= @(x;p, ¥)H(z), (41)
z = X7V2(x — p), with multiindex n = {n,,...,n,}; > n; = |n| can be used.

The Hermite functions H,(x) are products H,, (x1)...H,,(x,) which are or-
thogonal w.r.t. the Gaussian ¢(x;0, 1), i.e.

/°° H (2)Hy(2) (230, )dz = 116, (42)

—0o0



or more explicitly

| Hua@0)-ocHo (@) Hoy (20)--Ho, () %
X @(21;0,1)...0(xp; 0, 1)dwy...dxy, = (n1!..10p) 01y - Oy, - (43)

Thus the expansion coefficients are given by

/_O:opx(:r)Hm(z)dx = Z cn/ (2; 11, X) Hy (2) Ho (2)dx

\nl o 7

= Z cn/ (2,0, 1) H,(2)H,,(2)dz

In|=0
= mle, = (mil.my!)ep,. (44)

Since the Hermite functions H,,, (21)...Hy,,(2,) contain powers of maximum
order |m/|, the coefficients can be expressed by the standardized moments of
the same order, i.e.

Vm'”mp = /_Oopz(z)zf“...z;””dz. (45)

The moment is indexed by the order |m| = my + ... + m, and by the ex-
ponents m; of the several variables. The standardized moments can be
computed from the centered moments of section (2.3) by using the rela-
tion z = X7Y2(y — p) := I'(y — p) with some matrix square root, e.g. the
Cholesky decomposition. One obtains

Vm'”mp = E[z{”l...z;””]
= (Flill"'Flilml)"'(Fpipl”'FPipmp)
X E[(y;kll...y;ml)...(y;kpl...y;kpmp)] (46)

with the centered variables y; = y; — p;. One the right hand side, we have
the centered moments in index notation (lower subscript)

M (i1t ) ipeipmy) = B Uiy Yinn ) Wiy Vi, )] (47)
4.2.1 Example: third moment (p = 2 variables)

vt = Elz)]
F1i11F1i12F2i21E[<y:11 y;:g)y;;l]
- FlillF1i12F2i21m3,i11i12i21' (48)

We use the Einstein sum convention (sum over double indices) and drop the
summation symbols >".



4.2.2 Example: quasi moment c3

In the case p = 2, the coefficient ¢ with ny +mns = |n| = 3 contains the terms
{n1,n2} = {3,0},{2,1},{1,2},{0,3}. Thus

310lczy = E[H3(z)] = E[2} —32] = E[2}] = v3° (49)
2Mlcyy = E[Hy(z))Hi(2)] = El(2] — 1)z] = Elz] 2] = v3! (50)
112lciy = E[Hi(21)Ha(z)] = Elz1(25 — 1)] = E[2123] = v3° (51)
013lcos = E[Hs(2)] = Elz3 — 32 = Elz] = v3° (52)

5 Generalized Gauss-Hermite filtering

5.1 Time update

Extending the Gaussian filter, the densities are represented by the truncated

Hermite series (40) and expectation values occuring in the update equations

are computed by Gauss-Hermite integration, including the nongaussian term
K

H(y; {p,ma,...mg}) = > c,Hu(z) = H(y, K), (53)

[n|=0

n = {ny,...,n,}. For example, the mean equation (9) is
plilt) = Elf),012] = [ fy.Oply. dy (54)

~ Zwlf(nlat)*H(nvi)v (55)
l={l,...,1l,}. Inlowest order K = 2, H(y; {u, m2}) = 1, so the usual GHF is
a special case. The time update of the kth moment my ;,j, ;. (1), k =2,..., K
(eqn. 22) can be computed analogously. Since the density expansion is
given by K moments, one obtains a closed system of moment equations. In
contrast, a Taylor expansion of the functions f and {2 occuring in the moment
equations does produce higher order moments which must be truncated or
approximated otherwise (e.g. Gaussian factorization; cf. (Singer 2006b)).

5.2 Measurement update
5.2.1 Exact measurement update

The exact measurement update is given by the Bayes formula

Py |27 = p(zis1|yis)p(Wisa| Z') ) Liva (56)
Liyy = /p(ziﬂ|yi+1)p(yi+1|zi)dyi+1 (57)
p(yz-+1|Z") = </5<yz‘+1§ M(ti+1|ti)a Z<ti+1|ti)) * H<yi+1) (58)
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and using Gauss-Hermite integration the likelihood is

Liyv = z 12 1wlp(2i+1|7]l)H(771) (59)
1=1,..p=
mo= mptaalt), 2(tialt)). (60)
By the same token, the a posteriori moments are given as
ptinltin) = Lok > el Hoon (61)
1=1,.p=
mig " (i ltin) = Lillll f:l 1wzp(2i+1|771)H(7h) X
1=1,..p=
X (m = pltialtin))", (62)

|k| =2, ..., K. For the powers in the kth moment, we used the abbreviation

k= q;]fl...xl;jp. From these updated moments, a new Hermite representation

of the filter density with leading a posteriori Gaussian
Pyl Z™) = (Wi pltialtion), ma(tipaltiv))
X H(yirr; {p(tivaltiv), - mu(tivaltivn) }) (63)

can be computed and inserted into the time update equations.

5.2.2 Approximate measurement update

The Bayes formula (56)

Pl 27 o (215 h(Yiga), Rira) X
X O(Yirrs ltivalts), (tiralti)) H (yir)- (64)
can be approximated by using the normal correlation update as follows: The

product of the two Gaussians is written approximately as (the formula is
exact for linear measurements)

Loiv1 * O(Yizrs po(tiva|tivr), Zo(tiza|tiv1)), (65)

where (setting h(y;11) := hiy etc.)

po(tisaltivn) = ptinalt) + Cov(yirr, hina|Z') x
(Var(hi1|Z") + R(tis1))” (2i41 — Elhia]Z7])  (66)
Zoltipalti) = Z(tipalts) — Cov(yirr, hipa] Z7) x
(Var(hi;112%) + R(tit1))” Cov(hisr, yis1|Z") (67)
Loit1 = ¢(zir1; E[hia|Z'], Var(hi1|Z") + R(tit1)) (68)

X

X

11



is the normal correlation update and the approximate likelihood of the Gaus-
sian part. Therefore the complete update is the product of the Gaussian a
posteriori density and the a priori Hermite part

PWir1|Z7Y) = d(Yira; po(tivaltinn), Zo(tialtivr)) x

X H(yirr; {p(tgalts), .o mi (tialti) }) / Liiva (69)
Ly = /¢(?Ji+1;/ﬁo(ti+1|ti+1),Eo(fz'+1|ti+1)) X
X H(yipr; {p(tivalte), o mu (tiga|ts) })dyiga (70)

and the complete likelihood is L = Lg % Ly. If the Hermite correction is
H =1, we have L; = 1 and L = Ly coincides with the Gaussian part. Again,
all integrals involving p = ¢ * H can be computed using Gauss-Hermite
integration, e.g. the a posteriori moments. They are simpler to compute
than (61-62), since they involve only polynomials and not the exponential
p(z|y). In the case of linear measurements, (69) is exact.

5.2.3 Improved exact measurement update

The approximate update (66-67) can be used to improve the numerical prop-
erties of the Bayes update (56). One replaces the integration with respect
to d(yir1; w(tiv1|ti), X(tiv1|t;)) by integration over the linear posteriori den-
sity d(Yir1; po(tivaltive), Zo(tiv1ltiv1)), analogously to importance sampling.
This is more efficient if the measurements are nonlinear and far from the
mean of the a priori density, since more Gauss-Hermite sample points are in

regions of large ¢(zii1; h(yir1), Rit1)-

6 Examples

6.1 Bayesian estimation of volatilities

The filtering of unknown parameters is a convenient method of estimation,
since it avoids numerical optimization and yields recursive estimates. (e.g
Gelb, 1974, Ljung, 1979). For example, the volatility o in the Ornstein-
Uhlenbeck process

dy = Xydt+ odW (t) (71)
with measurement equation

zi = y;+e;Var(e,) = R (72)
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can be estimated by exact ML or as Bayes estimator, using an extended state
vector n = {y,o}

dy = Aydt+odW(t) (73)
do = 0 (74)

with trivial dynamics for the volatility parameter ¢. Thus we obtain a non-
linear filtering problem, although the system is linear in the actual states y.
Applying the EKF, UKF or GHF to the system yields the result, that o is
not filtered by these algorithms (fig. 1). On the contrary, the GGHF can
filter the volatility (fig. 2). Sampling the data more densely leads to a more
rapid convergence of the Bayes estimator (fig. 3). 2

The problem can be attributed to the fact that in the GHF only two moments
are involved and the measurement information is carried by the normal cor-
relation update which involves the covariance of o with z. If these quantities
are not correlated a priori, no information on the volatility will be contained
in the measurements. More exactly, the mentioned filters always use Gaus-
sian a priori and a posteriori densities.

The following simple model can be used to explain the problem: If p(y|o) =
®(y; u, o), the posterior density p(aly) = p(y|o)p(o)/p(y) is not Gaussian as
a function of o, but strongly deviates from normality. It is skewed and the
mode depends on y (see fig. 4). The bivariate distribution p(y|o)p(o)
p(oly) (fig. 5) is not Gaussian as well and observation of y yields information
about 0. In the Gaussian approximation used by the GHF (and, implicitly,
by the EKF and UKF), p(o|y) does not depend on y. This is the reason why
filters based on two moments cannot filter the volatility. We must consider
higher order moments. This problem occurs although the measurement is
linear and the normal correlation update (69) is exact here. However, the
a priori Hermite part H(y) carries higher order dependencies which show
up in the a posteriori moments. This is demonstrated by using the bivariate
GGHF. In the case K = 2 (GHF) we have Gaussian densities and no filtering
of o (fig. 6), whereas for the generalized Gauss-Hermite filter the joint
density is nongaussian with increasing dispersion for higher o-values (fig.
7). Thus, measurements of z lead to corrections in the filtered state o (t) =
Elo(t)|Z1].

2The parameter values were § = {\,R,0} = {—1,0.1,2} and the assumed a priori
distribution was {yo, 00} ~ N({0,4}, diag{1, 2}. Data were simulated in the interval [0,20]
with true initial values {0,2}, discretization interval 6t = 0.1 and sampled at irregular
times 7 = {0,4,6,8,10,11, 12, 13.5,13.7, 15,15.1, 17, 19, 20}.
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1: GHF: filtered states and 67% HPD confidence intervals. y (left), o
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2: GGHF(K = 10,m = 10): filtered states and 67% HPD confidence
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Figure 3: GGHF(K = 6): Quasi continuous sampling at times ¢dt; ¢ = 0, ...200.
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Figure 4: Conditional densities p(y|o) (left) and p(c|y) (right) with prior p(c) =
N(2,Var(o) = 4).
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Figure 5: Joint density p(y|o)p(o) which is not Gaussian.
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6.2 Stochastic Volatilities

The stochastic volatility model of Scott (1987), cf. also Hull and White
(1987)

dlog S(t) = [u—o(t)?*/2)dt + o(t)dW (1)
do(t) = Mo(t) —aldt +~vdV (t)
zi = logS(t;)

leads to similar problems as in the last section. Due to the lemma of Ito
dlog S(t) = dS/S—1572ds?

the volatility process o(t) is also part of the drift, but the filtering with EKF,
UKF, GHF etc. does not lead to satisfactory results (fig. 8). Using higher
order moment information as in the GGHF (4), GGHF(6) yields estimates of
the latent volatility trajectory (figs. 9-10) similar to Monte Carlo filtering
(functional integral filter FIF, N = 10000 replications; fig. 11; cf. Singer,
2003).

7 Conclusion

The generalized Gauss-Hermite filter (GGHF) is a natural extension of the
usual Gauss filter with leading Gaussian and higher order corrections in a
Hermite expansion of the filter density. All expectation values occuring in the
time and measurement updates can be computed by Gauss-Hermite quadra-
ture and the moment equations are closed. The Bayes update also allows
the treatment of strongly nonlinear measurements such as threshold models
(ordinal data; cf. (Singer 2006c)). In a linear Ornstein-Uhlenbeck system,
the nongaussian bivariate filter density of the extended state could be well
approximated by a higher order expansion leading to a sequential Bayesian
estimation of the volatility parameter. The same applies to the stochastic
volatility model of Scott.
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Figure 8: GGHF(K = 2) = GHF: Stochastic volatility model. Stock price (left)
and volatility (right). Similar results are obtained for the EKF, SNF and UKF.

0.5

0.4

0.3

0.2

0.1

0
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350

Figure 9: GGHF(K = 4): Stochastic volatility model. Stock price (left) and
volatility (right).
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Figure 10: GGHF(K = 6): Stochastic volatility model. Stock price (left) and
volatility (right).
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Figure 11: Monte Carlo filter (N = 10000 replications): Stochastic volatility
model. Stock price (left) and volatility (right).
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