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In the late seventies, Clark [In Communication Systems and Random
Process Theory (Proc. 2nd NATO Advanced Study Inst., Darlington, 1977)
(1978) 721-734, Sijthoff & Noordhoff] pointed out that it would be natural
for s, the solution of the stochastic filtering problem, to depend continu-
ously on the observed data Y = {Y;, s € [0, #]}. Indeed, if the signal and the
observation noise are independent one can show that, for any suitably cho-

sen test function f, there exists a continuous map Q,f , defined on the space
of continuous paths C([0, 7], Rd) endowed with the uniform convergence
topology such that 7 (f) = Htf (Y), almost surely; see, for example, Clark
[In Communication Systems and Random Process Theory (Proc. 2nd NATO
Advanced Study Inst., Darlington, 1977) (1978) 721-734, Sijthoff & Noord-
hoff], Clark and Crisan [Probab. Theory Related Fields 133 (2005) 43-56],
Davis [Z. Wahrsch. Verw. Gebiete 54 (1980) 125-139], Davis [Teor. Veroy-
atn. Primen. 27 (1982) 160-167], Kushner [Stochastics 3 (1979) 75-83]. As
shown by Davis and Spathopoulos [SIAM J. Control Optim. 25 (1987) 260-
278], Davis [In Stochastic Systems: The Mathematics of Filtering and Iden-
tification and Applications, Proc. NATO Adv. Study Inst. Les Arcs, Savoie,
France 1980 505-528], [In The Oxford Handbook of Nonlinear Filtering
(2011) 403-424 Oxford Univ. Press], this type of robust representation is
also possible when the signal and the observation noise are correlated, pro-
vided the observation process is scalar. For a general correlated noise and
multidimensional observations such a representation does not exist. By us-
ing the theory of rough paths we provide a solution to this deficiency: the
observation process Y is “lifted” to the process Y that consists of ¥ and its
corresponding Lévy area process, and we show that there exists a continuous

map Q,f , defined on a suitably chosen space of Holder continuous paths such
that 77, (f) = Qtf (Y), almost surely.
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1. Introduction. Let (2, F, (F;);>0,P) be a filtered probability space on
which we have defined a two-component diffusion process (X, Y) solving a
stochastic differential equation driven by a multidimensional Brownian motion.
One assumes that the first component X is unobservable, and the second compo-
nent Y is observed. The filtering problem consists of computing the conditional
distribution of the unobserved component, called the signal process, given the ob-
servation process Y. Equivalently, one is interested in computing

T (f) = E[f(Xt, Yt)|yt]a

where ) = {), t > 0} is the observation filtration, and f is a suitably chosen test
function. An elementary measure theoretic result tells us* that there exists a Borel-
measurable map th :C([0, 1], Rdy) — R, such that

(1) m(f) =6/ (), Pas.,

where dy is the dimension of the observation state space, and Y. is the path-valued
random variable

Y.:Q— C([0, 1], RY), Y.(w) = (Ys(w),0 < s <t).
Of course, th is not unique. Any other function étf such that
Poy (6 £6/)=0,

where Po Y ! is the distribution of Y. on the path space C ([0, t], R%") can replace

th in (1). It would be desirable to solve this ambiguity by choosing a suitable
representative from the class of functions that satisfy (1). A continuous version, if it
exists, would enjoy the following uniqueness property: if the law of the observation
P o Y~! positively charges all nonempty open sets in C([0, ], R%), then there

exists a unique continuous function Q,f that satisfies (1). In this case, we call Qtf Y)
the robust version of m;(f) and equation (1) is the robust representation formula
for the solution of the stochastic filtering problem.

The need for this type of representation arises when the filtering framework is
used to model and solve “real-life” problems. As explained in a substantial number
of papers (e.g., [7, 8, 10-14, 26]) the model chosen for the “real life” observation
process ¥ may not be a perfect one. However, if 6/ is continuous (or even lo-
cally Lipschitz, as in the setting of [8]), and as long as the distribution of Y. is
close in a weak sense to that of Y. (and some integrability assumptions hold), the
estimate th (Y) computed on the actual observation will still be reasonable, as

E[(f (X, Y;) — 6/ (¥.))?] is close to the idealized error E[(f (X, ¥;) — 6] (Y.))2].

4See, for example, Proposition 4.9, page 69, in [5].
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Moreover, even when Y and Y actually coincide, one is never able to obtain
and exploit a continuous stream of data as modeled by the continuous path Y. (w).
Instead the observation arrives and is processed at discrete moments in time

O=fy<ti<thh<---<t,=t.

However, the continuous path Y. (w) obtained from the discrete observations
(Y;; (w))7_, by linear interpolation is close to Y.(w) (with respect to the supremum

norm on C ([0, 1], R%)); hence, by the same argument, Qtf (I}.) will be a sensible
approximation to m;(f). To conclude the discussion on the un-correlated frame-
work, let us also mention that Kushner introduces in [27] a robust computable
approximation for the filtering solution.

In the following, we will assume that the pair of processes (X, Y) satisfy the
equation

@) dXe=lo(X, YD dt + Y Zi(X,, Y)dWF + 3 Li(X, Y,) d B/,
k J

(3) dY; =h(X;, Y)dt +dW;

with Xy being a bounded random variable and Yo = 0. In (2) and (3), the
process X is the dy-dimensional signal, Y is the dy-dimensional observa-
tion, B and W are independent dp-dimensional, respectively, dy-dimensional
Brownian motions independent of Xj. Suitable assumptions on the coeffi-
cients lo, Ly, ..., Ly, :RxXFTdv — Rix 7, . 7, Rix+dr R and h =
(h', ..., h%):Réx+dy _ R4 will be introduced later on. This framework cov-
ers a wide variety of applications of stochastic filtering (see, e.g., [9] and the
references therein) and has the added advantage that, within it, 7;(f) admits an
alternative representation that is crucial for the construction of its robust version.
Let us detail this representation first.
Let u = {u;, t > 0} be the process defined by

& ti i 1! i 2
“4) ut=eXP[—i§(/o h' (X5, Ys) dW —5/0 (h' (X, Yy)) ds)]

Then, under suitable assumptions,’ u is a martingale which is used to construct

the probability measure Py equivalent to P on (Jy<, - o F Whose Radon-Nikodym
derivative with respect to IP is given by u, namely,
dPy
dP

= Uy.
Fi

SFor example, if Novikov’s condition is satisfied, that s, if Efexp( /§ |4’ (X5, Y5)|> ds)] < oo
for all # > 0, then u is a martingale. In particular it will be satisfied in our setting, in which # is
bounded.
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Under Pg, Y is a Brownian motion independent of B. Moreover the equation for
the signal process X becomes

5)  dXi=I(X;, Y)dt+ ) Zi(X,, Y)dYf + Y Li(X:, Y dB].

k j
Observe that equation (5) is_now written in_terms of the pair of Brownian motions
(Y, B) and the coefficient /o is given by lo = ly + Y ; Zihi. Moreover, for any
measurable, bounded function f: Réx+dy 5 R, we have the following formula,
called the Kallianpur—Striebel formula:

pe(f)
pi (1)’

where v = {vy, t > 0} is the process defined as v; :=exp(/;), t > 0 and

(6) i (f) = pi(f):= EO[f(Xt»Yt)UtD)t]’

& ti i 1t i 2
7 L :2(/0 h (X,,Y,)dYr—E/O(h X, 1)) dr), t>0.

The representation (6) suggests the following three-step methodology to construct
a robust representation formula for rrtf :

Step 1. We construct the triplet of processes (X¥,YY, 1¥)% corresponding to
the pair (y, B) where y is now a fixed observation path y. = {y;, s € [0, ¢]} belong-
ing to a suitable class of continuous functions and prove that the random variable
f(X?, Y)exp(I”) is Py-integrable. ‘

Step 2. We prove that the function y. — gtf (y.) defined as

®) g/ () =Eo[ £ (X}, Y}")exp(1})]

is continuous.
Step 3. We prove that gtf (Y.) is a version of p;(f). Then, following (6), the

function, y. — G,f (y.) defined as

f
© o/ =5
81
provides the robust version of of ;( f).

We emphasize that step 3 cannot be omitted from the methodology. Indeed one has
to prove that g,f (Y.) is a version of p;(f) as this fact is not immediate from the
definition of gif .

6As we shall see momentarily, in the uncorrelated case the choice of Y will trivially be y. In the
correlated case we make it part of the SDE with rough drift, for (notational) convenience.
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Step 1 is immediate in the particular case when only the Brownian motion B
drives X (i.e., the coefficient Z = 0) and X is itself a diffusion, that is, it satisfies
an equation of the form

(10) dX: =lo(X1)dr + > Lj(X;)dB],
j

and & does only depend on X. In this case the process (X, Y?) can be taken to be
the pair (X, y). Moreover, we can define /” by the formula

v N (i Y N Lo 2
ay 1= (W - [ -5 [(@a)ar). =0,

i=1

provided the processes h'(X) are semi-martingales. In (11), the integral
fot y£ dh' (X,) is the Ito integral of the nonrandom process y' with respect to h(X).
Note that the formula for I; is obtained by applying integration by parts to the
stochastic integral in (7)

. . . . ro. .
(12) /h’(X,)dY,l:h’(X,)Y;—/ Y dh'(X,),
0 0

and replacing the process Y by the fixed path y in (12). This approach has been
successfully used to study the robustness property for the filtering problem for the
above case in a number of papers [7, 8, 26].

The construction of the process (XY, Y?, I”) is no longer immediate in the case
when Z # 0, that is, when the signal is driven by both B and W (the correlated
noise case). In the case when the observation is one-dimensional, one can solve this
problem by using a method akin with the Doss—Sussmann “pathwise solution” of
a stochastic differential equation; see [20, 32]. This approach has been employed
by Davis to extend the robustness result to the correlated noise case with scalar
observation; see [10, 12—14]. In this case one constructs first a diffeomorphism
which is a pathwise solution of the equation’

t
(13) ¢(l,x)=x—|—/0 Z($(s,x)) 0 dY,;.

The diffeomorphism is used to express the solution X of equation (5) as a compo-
sition between the diffeomorphism ¢ and the solution of a stochastic differential
equation driven by B only and whose coefficients depend continously on Y. As a
result, we can make sense of X”. I” is then defined by a suitable (formal) inte-
gration by parts that produces a pathwise interpretation of the stochastic integral
appearing in (7), and Y7 is chosen to be y, as before. The robust representation
formula is then introduced as per (9). Additional results for the correlated noise
case with scalar observation can be found in [22]. The extension of the robustness

"THere d¥ =1 and Y is scalar.
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result to special cases of the correlated noise and multidimensional observation
has been tackled in several works. Robustness results in the correlated setting have
been obtained by Davis in [10, 13] and Elliott and Kohlmann in [21], under a com-
mutativity condition on the signal vector fields. Florchinger and Nappo [23] do
not have correlated noise, but allow the coefficients to depend on the signal and
the observation.® To sum up, all previous works on the robust representation prob-
lem either treat the uncorrelated case, the case with one-dimensional observation
or the case where the Lie brackets of the relevant vector fields vanish. In parallel,
Bagchi and Karandikar treat in [1] a different model with “finitely additive” state
white noise and “finitely additive” observation noise. Robustness there is virtually
built into the problem.

An alternative framework is that where the signal and the observation run in dis-
crete time. In this case the filtering problem is well understood and has been stud-
ied in many works, including the monograph [15] and the articles [16—18]. These
works include an analysis of discrete time filtering problems and their approxi-
mation models, including particle approximation, approximate Bayesian compu-
tation, filtering models, etc. We note that in this context the continuity of the filter
with respect to the observation data holds true’ provided very natural conditions
are imposed on the model: for example, the likelihood functions are assumed to be
continuous and bounded (which includes the Gaussian case).

To our knowledge, the general correlated noise and multidimensional obser-
vation case has not been studied, and it is the subject of the current work. In
this case it turns out that we cannot hope to have robustness in the sense ad-
vocated by Clark. More precisely, there may not exist a map continuous map

9tf :C([0, t], R%) — R, such that the representation (1) holds almost surely. The
following is a simple example that illustrates this.

EXAMPLE 1. Consider the filtering problem where the signal and the obser-
vation process solve the following pair of equations:

t t
X,:X0+/O X,d[Y,1+Y3]+/O X, dr,

t
Y, = / h(X,)dr + W;,
0

where Y is two-dimensional and P(Xy =0) =P(Xg=1) = % Then with f, &
such that f(0) = h1(0) = h2(0) = 0 one can explicitly compute
E[f(X)|]
_ fexp(Y) + 7))
1+ exp(— gy 2 Jo BE(exp(Y)) dYf + [g A (exp(Y,)) 1> dr/2)

8We thank the anonymous referee for these references.
9which can be easily seen using the representation of Lemma 2.1 in [18].



ROBUST FILTERING 2145

Following the findings of rough path theory (see, e.g., [25, 28-30]) the expression
on the right-hand side of (14) is not continuous in supremum norm (nor in any other
metric on path space) because of the stochastic integral. Explicitly, this follows,
for example, from Theorem 1.1.1 in [29] by rewriting the exponential term as the
solution to a stochastic differential equation driven by Y.

Nevertheless, we can show that a variation of the robustness representation for-
mula still exists in this case. For this we need to “enhance” the original process Y
by adding a second component to it which consists of its iterated integrals (that,
knowing the path, is in a one-to-one correspondance with the Lévy area process).
Explicitly we consider the process Y = {Y;, t > 0} defined as

Lol 1 Lol d¥
/YrodYr fYrodYr
0 0

(15) Yz= Yt7 :

‘ . . ‘ .
/Yrdyodle foYOdY,dY
0 0

The stochastic integrals in (15) are Stratonovich integrals. The state space of Y
is GZ(RY) = RY @ so(dy), where so(dy) is the set of anti-symmetric matrices
of dimension dy.'0 Over this state space we consider not the space of continu-
ous function, but a subspace C%* that contains paths 7n:[0, ] — G*(R9) that
are a-Holder in the R -component and somewhat “2c-Hdélder” in the so(dy)-
component, where « is a suitably chosen constant o < 1/2. Note that there exists
a modification of Y such that Y(w) € C* for all @ (Corollary 13.14 in [25]).

The space C*¢ is endowed with the a-Holder rough path metric under which
C%® becomes a complete metric space. The main result of the paper (captured in

Theorems 6 and 7) is that there exists a continuous map Qtf :C%% — R, such that
(16) () =6/ (Y), Pas.

Even though the map is defined on a slightly more abstract space, it nonetheless
enjoys the desirable properties described above for the case of a continuous ver-
sion on C([0, 1], R?). Since P o Y~! positively charges all nonempty open sets
of €%, the continuous version we construct will be unique. Also, it provides

a certain model robustness, in the sense that E[( f(X,) — Qtf (Y))z] is well ap-

proximated by the idealized error E[( f (X;) — Otf (Y.))2),if Y. is close in distribu-
tion to Y.. The problem of discrete observation is a little more delicate. One one

10More generally, G/l (RA) is the “correct” state space for a geometric o-Holder rough path; the
space of such paths subject to o-Holder regularity (in rough path sense) yields a complete metric
space under a-Holder rough path metric. Technical details of geometric rough path spaces (as found,
e.g., in Section 9 of [25]) are not required for understanding the results of the present paper.

UThis fact is a consequence of the support theorem of Brownian motion in Holder rough path
topology [24]; see also Chapter 13 in [25].
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hand, it is true that the rough path lift Y calculated from the linearly interpolated
Brownian motion ¥ will converge to the true rough path Y in probability as the
mesh goes to zero (Corollary 13.21 in [25]), which implies that th (SA() is close
in probability to 9,f (Y) (we provide local Lipschitz estimates for 6/). Actually,
most sensible approximations will do, as is, for example, shown in Chapter 13
in [25] (although, contrary to the uncorrelated case, not all interpolations that con-
verge in uniform topology will work; see, e.g., Theorem 13.24 ibid). But these are
probabilistic statements, that somehow miss the pathwise stability that one wants
to provide with Qtf . If, on the other hand, one is able to observe at discrete time
points not only the process itself, but also its second level, that is, the area, one can
construct an interpolating rough path using geodesics (see, e.g., Chapter 13.3.1
in [25]) which is close to the true (lifted) observation path Y in the relevant metric
for all realizations Y € C%%.

The following is the outline of the paper: In the next section, we enumerate the
common notation used throughout the paper. In Section 3 we introduce the notion
of a stochastic differential equation with rough drift, which is necessary for our
main result and correspond to step 1 above. We present it separately of the filtering
problem, since we believe this notion to be of independent interest. The proof of
the existence of a solution of a stochastic differential equation with rough drifts
and its properties is postponed to Section 5. Section 4 contains the main results of
the paper and the assumptions under which they hold true. Steps 2 and 3 of above
mentioned methodology are carried out in Theorems 6 and 7.

2. Nomenclature. Lip” is the set of y-Lipschitz'? functions a:R” — R”
where m and n are chosen according to the context.

G2(R4) = R4 @ so(dy) is the state space for a dy-dimensional Brownian mo-
tion (or, in general for an arbitrary semi-martingale) and its corresponding Lévy
area.

Coe .= Cg’o"Hél([O, 1], GZ(R%)) is the set of geometric -Holder rough paths
n:10,t] — Gz(RdY) starting at 0. We shall use the nonhomogenous metric pq-ms1
on this space.

In the following we will make use of an auxiliary filtered probability space
(Q, F, (}_7,),20, ]I_D) carrying a dp-dimensional Brownian motion B.13

Let SO = S9(Q2) denote the space of adapted, continuous processes in R%S | with
the topology of uniform convergence in probability.

121p the sense of E. Stein, that is, bounded kth dervative for k =0, ..., Lyl and y — |y ]-Holder
continuous |y Jth derivative.

I3We introduce this auxiliary probability space, since in the proof of Theorem 7 it will be easier to
work on a product space separating the randomness coming from Y and B. A similar approach was
followed in the proof of Theorem 1 in [2].
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For ¢ > 1 we denote by S = S9(2) the space of processes X € S such that

1Xllsy = (E[iigmw])”q <0,

3. SDE with rough drift. For the statement and proof of the main results we
shall use the notion (and the properties) of an SDE with rough drift captured in the
following theorems. The proofs are postponed to Section 5.

As defined above, let (2, F, (F,);>o, IP) be a filtered probability space carry-
ing a dg-dimensional Brownian motion B and a bounded dg-dimensional random
vector Sy independent of B. In the following, we fix € € (0,1) and o € (ﬁ, %).
Let 1" : [0, 1] — R% be smooth paths, such that n” — 5 in a-Holder, for some

n € C%*, and let S" be a ds-dimensional process which is the unique solution to
the classical SDE

t ' _ t
s,":so+/0 a(S;’)dr—l-/o b(S;’)dB,—I—/O o(S") di!,

where we assume that'#

(al) a € Lip! (R%), by, ..., by, € Lip! R%) and ¢y, ..., cgy € Lip* ¢ (R%);
(al’) a e Lip!(R%), by, ..., by, € Lip' (R%) and ¢y, ..., cqy € Lip>T¢(R%).

THEOREM 2. Under assumption (al), there exists a ds-dimensional process
5% € 8% such that

S 5 §° in SY.

In addition, the limit E(n) := S only depends on § and not on the approximating
sequence.

Moreover, for all g > 1, 5 € % it holds that E(n) € 8?7 and the correspond-
ing mapping 8:C%* — S84 is locally uniformly continuous [and locally Lipschitz
under assumption (al’)].

Following Theorem 2, we say that Z(#) is a solution of the SDE with rough
drift

t t
(17) a(n>t=So+/0a(E<n)r)dr+/O 2(n),) dB, +/ 2(n),) d,

The following result establishes some of the salient properties of solutions of SDEs
with rough drift. Recall that (2, F,Py) carries, as above, the dy-dimensional

1411 the forthcoming publication [19] we show existence of solutions to SDEs with rough drift
under additional sets of assumptions. The corresponding proofs do not rely on the technique of flow
decomposition used in the present work, but require more elements of rough path theory and would
lead us too far astray from the topic of filtering.
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Brownian motion Y, and let @ = Q x € be the product space, with product mea-

sure P := Py ® P. Let S be the unique solution on this probability space to the
SDE

t t _ t
(18) Sy :So+/ a(Sr)dr—{—/ b(Sr)dBr—I—/ c(S;) odY,.
0 0 0

Denote by Y the rough path lift of ¥ (i.e., the enhanced Brownian Motion over Y).

THEOREM 3. Under assumption (al) we have that:

e Forevery R>0,q>1
(19) sup  E[exp(q|E )] q.j0.)] < 00

nllo-Ho1<R

e ForPy-a.e. w

(20) P[Ss(@, ) = E(Y(@)),(),s <t]=1.

4. Assumptions and main results. In the following we will make use of the
Stratonovich version of equation (5); that is, we will consider that the signal satis-
fies the equation

t t
X =Xo+ [ Lo, Yar+ Y [ Zux v oy
k
t .
@1 + % [ L0 v)as).
J

t
Ytzf (X, Y,)dr + W,
0

where Lj(x,y) = Ig(x, ) = 5 24 X3 04 2L (6, N Zp (6, ¥) = 5 Xk 9y ZE (%, ).
We remind the reader that under [Py the observation Y is a Brownian motion inde-
pendent of B.

We will assume that f is a bounded Lipschitz function, and we fix € € (0, 1)
o€ (ﬁ, %), t > 0, and X is a bounded random vector independent of B and Y.
We will use one of the following assumptions:

(A1) Zy,...,Zq, € Lip**e, n',... h® e Lip**€ and Lo, Li,..., Ly, €
Lip';

(im/) Zi,....Zqy € Lip>*e, n', ..., h% € Lip>*¢ and Lo, L1,...,La, €
Lip".

REMARK 4. Assumption (A1) and (Al’) lead to the existence of a solution
of an SDEs with rough driver (Theorem 2). Under (A1) the solution mapping is
locally uniformly continuous, and under (A1’) it is locally Lipschitz (Theorem 3).
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Assume either (A1) or (A1"). For 5 € C% there exists by Theorem 2 a solution
(X", I") to the following SDE with rough drift:

t
X,”:X0+f Lo(X", Y dr+f (X", YN dy,
(22)

rotr

1 t
1= /0 h(X",Y")dy, — EZ/O D% (X7, Y1) dr.
k

REMARK 5. Note that formally (!) when replacing the rough path » with the
process Y, X", Y7 yields the solution to the SDE (21) and exp(/,") yields the (Gir-
sanov) multiplicator in (6). This observation is made precise in the statement of
Theorem 2.

We introduce the functions g/, g!, 0 :C%* — R defined as
g/ =E[f(X]. Y exp(1")]. &' :=E[exp(1)].

nec%e.

0(n) =

THEOREM 6. Assume that (A1) holds; then 0 is locally uniformly continuous.
Moreover if (A1) holds, then 0 is locally Lipschitz.

PROOF. From Theorem 2 we know that for 5 € C>% the SDE with rough drift
(22) has a unique solution (X", Y, I") belonging to S2.

Let now 5,7’ € C%*. Denote X = X", Y = Y", I = I" and analogously for 7’.

Then

g/ () — g7 ()
<E[|f (X, Y)exp(Iy) — f(X;, Y":) exp(L])]]
<E[| f(X:, YD)||exp(I;) — exp(I})|]
+E[|f(Xe, o) — f(X], Y))exp(1])]
<|f1eE[|exp(1;) — exp(1/)]]
+E[|£ (X0 Y0 — £(X;. Y))[P]V?Elexp(1}) ]2
< | floE[exp(l) + exp(1)) "] /*E[ I — 1]
+E[|£ (X0, Yo — £(X;. ¥))P]/*Ellexp(1) "2,
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Hence, using from Theorems 2 and 3 the continuity statements as well as the
boundedness of exponential moments, we see that g/ is locally uniformly contin-
uous under (A1), and it is locally Lipschitz under (A1").

The same then holds true for g! and moreover g'(5) > 0. Hence 6 is locally
uniformly continuous under (A1) and locally Lipschitz under (A1’). O

Denote by Y., as before, the canonical rough path lift of ¥ to C>%. We then have
THEOREM 7. Assume either (Al) or (Al"). Then 6(Y.) = ;(f), P-a.s.

PROOF. To prove the statement it is enough to show that
g’ Y)=p(f),  Pas,
which is equivalent to
g/ (Y)=p(f), Poas.
For that, it suffices to show that
(23) Eo[p: ()Y ()] = Eo[g” (Y)Y (¥)]

for an arbitrary continuous bounded function Y : C ([0, 1], R%) — R.

Let (Q, F,P) be the aux1hary probablhty space from before, carrylng an dp-
dimensional Brownian motion B. Let (2, F, ]P’) =(QxQFQF PyQP).ByY
and X we denote also the “lift” of Y to Q, that is, Y (w, ) = Y(w), Xo(w, ) =
Xo(w). Then (Y, B) (on  under Py) has the same distribution as (Y, B) (on Q
under ]13’).

Denote by ()A( , I ) the solution on (fZ, Ia , I@’) to the SDE

~ ¢ ~ t R
%= Xo+ [ Lo ¥odr+ Y [ ZeK ¥ ody}
k
t ~ _ .
+ % [ Ly v aB/.
J

A t A 1 { A
1,=Z/ hk(X,,Y,)odYrk——Z/ Dyh* (X, Y,)dr.
k v0 2o
Then

A A N 1 .
(Y, X, Dp~ (Y, X,Z/O R (X, Y) odYF — Ezfo thk(Xr,Yr)dr)
k k

Py
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Hence, for the left-hand side of (23),
Eo[p: (/)Y (Y)]

_ - o dvk
—Eo| (X, Y»exp(; [ #x v 0a]

_ %ijfot Dk (X, Y,)dr>T(Y.)]

=R[f(X;, Y)exp(I)Y(Y)].
On the other hand, from Theorem 3 we know that for Py-a.e. w
XY@y =X 0, Y@ =Y (0 0a)
Y@@, = h(o,0), Pae .
Hence, for the right-hand side of (23) we get (using Fubini for the last equality)
Eolg’ (Y)Y (Y)] = Bo[E[f (XN, v,¥) exp(1})] T (¥)]
= Eo[E[ £ (X;, Y2) exp(I)] T (Y))]
= E[f (X;, YD exp(i) T (V)],
which yields (23). O

5. Proofs of Theorems 2 and 3.

PROOF OF THEOREM 2. Let 5 € C%* be the lift of a smooth path 7. Let S"
be the unique solution of the SDE

S = So+/ dr—l—/ ") d B, +/ M) dn,.
Define 87 := (¢")~!(z, S"), where ¢" is the ODE flow
(24) o, x) =x +/Otc(¢"(r,x))d17r.
By Lemma 9, we have that S7 satisfies the SDE
(25) 57 =So+ /Ot&"(r, S"dr + /Ol b"(r, S")d B,
with @, b" defined as in Lemma 9.
This equation makes sense, even if 7 is a generic rough path in C%¢ [in which

case (24) is now really an RDE]. Indeed, since the first two derivatives of ¢" and its
inverse are bounded (Proposition 11.11 in [25]) we have that a”(¢, -), b"(z, -) are
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also in Lip!. Hence by Theorem V.7 in [31], there exists a unique strong solution
to (25).
We define the mapping introduced in Theorem 2 as

Em) =¢"(t,5]).

To show continuity of the mapping we restrict ourselves to the case g = 2.
Moreover we shall assume cy, ..., cq, € LipSJr€ (Rds ), and we will hence prove
the local Lipschitz property of the respective maps.

Let 111, 1]2 € % with |n1|a_H51, |7]2|a-H61 < R. By Lemma 12 we have

i} i an a2
IE[sup|Ss1 — Ss2|2] < CLem 12(R) pa-isi(n' . 7°).

s<t
Hence
_ . »11/2
E[Supyc‘(”l)s - c“(772)s| :I
s<t

[
< B[suplg! (5. 3) — ¢ (5. $2) ] 7 + B[ suple' 5. 2) — 925, 59)P]
[

<E[sup|p!(s, S}) — o' (s, Sf)\z]l/z + sup ol(s, x) —@l(s, x)|

s<t s<t,xeR9s
= a1 w@2]V? 12
< K(R)]E[sg[t)\Ss = S2P]7 + Clem 13(R)pa-nisi (0, )
s<

< C1pa-nsi(n', n%)
as desired, where
Ci = Krem 13(R)CLem 12(R) + CLem 13(R),
where Kiem 13(R) and Crem 13(R) are the constants from Lemma 13. [
PROOF OF THEOREM 3. In order to show (19), pick k € 1, ..., ds. We first
note that by simply scaling (the coefficients of) S7 it is sufficient to argue for

g = 1. And consider the kth component of E.
Then

E[exp(] E(k)(ﬂ)|oo;[o,z])]
< Efexp(| Dy | (1670, So)| + S| . 10.0)]

< exp<|D1M|oo sup  |¢"(0, X)DE[GXPUDW”OO ig)m(k)ﬂ)]

[x1=<[Sol .00
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< e)ip(IDW’Ioo sup  [¢"(0, x)|)

|x|<|Sol o0
X (E[exp(|D1/,’7|oo ig) S‘S(k);ﬂ):l + }E[_ exp<|D,/,ﬂ|oo i‘;l,’ Sws(k);n)])

=exp(|Dy"],e  sup (670,

[xI1=<ISolL00
 (E[supexp(| Dy oo 5:7)] + B[ supexp(| D971, 5],
sS<t s<t

Now, only the boundedness of the last two terms remains to be shown, for
bounded.
By applying It6’s formula we get that

~(k : t ~ . ~ . t ~ . ~ .
exp(S) = 1 —i—/o exp(SX1) g§Km —i—/o exp(SK M) q(S®m)

t N N dp t N - - .
=1+ [0 exp(SPM)a] (SO dr + 3 /0 exp(SX b1 (SX:1) g B
i=1

dp ¢ . o
+3 [ exp(BEm 5L (G0 P
i=1"0

Hence the process exp(S®)7) satisfies an SDE with Lipschitz coefficients and by
an application of Gronwalls lemma and the Burkholder-Davis—Gundy inequality
(see also Lemma V.2 in [31]) one arrives at

(26) sup supI_E[expﬂDtp”oogt(k)m)] < Cexp(Ca),
Mla-to1 <R St
where C is universal and
Cy:= sup |a"[+ |1;"|io’
Nl lle-mo1 <R

which is finite because of Lemma 10. One argues analogously for
_ ~(b):
sup B[ exp(| Dy 5],
s<

which then gives (19).

Now, for the correspondence to an SDE solution let 2 be the additional proba-
bility space as given in the statement. Let S be the solution to the SDE (18).

In Section 3 in [6] it was shown (see also Theorem 2 in [3]), that if we let ® be
the stochastic (Stratonovich) flow

O(w;t,x)=x+ /t c(O(w;r, x)) odY, (w),
0



2154 CRISAN, DIEHL, FRIZ AND OBERHAUSER

then with 3’, =071, S,) we have P-a.s.

A

Ss(w, @ ) S()—f—/ awr, S,)dr
(27)

+/ b(r,$:)dB;, s €[0,1], P-ae. (w, o).
0

Here, componentwise,

at, x); ._Zax,ﬁ) t,0(t, x))ar(O(t, x))
+ = Zaxjxk N, O, x)) Zbﬂ O(t, x))bu (0(t, x)),

b(t,x)ij =Y 85,07 (t, )by (O(1, x)).
k

Especially, by a Fubini-type theorem (e.g., Theorem 3.4.1 in [4]), there exists
Qo with Py(£209) = 1 such that for w € Q¢ equation (27) holds true P-a.s.

Let Y € C%® be the enhanced Brownian motion over Y. We can then construct
w-wise the rough flow ¢Y @ as given in (24). By the very definition of E we know

that $Y (@) := (Y @)~ (w; 1, E(w),) satifies the SDE

-y ' .
Sl‘ (w) — SO +/ bY(w) (l", SrY(w)) dr
(28) ‘

(o]

- _ _ _
+/ pY (@) (’,7 SrY(a)))dBr, P-a.e. w”,
0

where

a¥ @, x); ::Zaxk (@YY (1, YO (1, 0))ar (¢, 9Y (2, x))

+ = Zax (@Y (1, YO 1, x))

J k

x Zbﬂ(z, Y (t, )b (t, oY (2, x)),
bY@ (1, x);; = Za YOV (1, )by (1, YO (2, x)).

It is a classical rough path result (see, e.g., Section 17.5 in [25]), that there exists
Q with PY(2;) = 1 such that for w € Q1, we have

¢Y(‘U)(.’ ) = @(a): y )



ROBUST FILTERING 2155

Hence for w € | we have that 4 = a¥(@, b= bY@ Hence for w € Q0N 27 the

processes 3‘, (w, ), S',Y (w)(-) satisfy the same Lipschitz SDE (with respect to I@’).IS
By strong uniqueness we hence have for w € ¢ N 27 that P-a.s.

S(w,)=8Y (),  s<t.
Hence for w € 20 N 24
Ss(w, ) = B(Y(@))()s, s<t, P-as. O

REMARK 8. We remark that the above idea of a flow decomposition is also
used in the work by Davis [10, 12—-14]. Without rough path theory this approach is
restricted to one-dimensional observation, since, for multidimensional flows, one
cannot hope for continuous dependence on the driving signal in supremum norm.

LEMMA 9. Let n be a smooth dy-dim path n and S be the solution of the the
following classical SDE

t t _ t
S,=So+fO a(sr>dr+/0 b(sr)dBr+/0 c(S,)dny.

where B is a dg-dimensional Brownian motion,

t ds t .
[ endn =3 [ s
0 . 0
i=1

a € Lip'(R%), by, ..., ba, € Lip'R?), ci,...,cq, € Lip*"*(R), and S €
L>(Q; RY) independent of B. Consider the flow

t
(29) St x) =x + /0 (¢ (. x)) dny.
Then S; == ¢~ (z, S)) satisfies the following SDE:
§ = So+ / ar, 5, dr + / b(r, 5,)dB,,
0 0

where we define componentwise

alt,x)i =Yy d; (t, ¢t x))ar(d(t, x))
k
1
+3 Y Ot ()Y bi(p(t, )b (d(, X)),
.k ]

b(t,x)ij =Y 3 (1.0 (1, 1)) byj (B (2, x)).
k

15Here one has to argue that fixing w in equation (28) gives (Pp-a.s.) the solution to the respective
SDE on Q5.
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PROOF. Denote ¥ (, x) := ¢~ (¢, x). Then

t
V0 =x— [ e dn.
0
By It6’s formula,
Yilt, $) — 130, 50)
t t
= fo B0 (r, Sy dr + fo B i (r, S1) dS;(r)
J

+Zlfta Vi(r, S d(Sk, S;)
= xix; Wil Or yOjlr
Jok 2Jo o
t t _
=> fo e, Vi (r, Spaj(S)dr+ /O A, Vi (r, $r) > bjk(Sy) dBi(r)
J J k

1 rt
+Z§/g axkal/’i(sr)Zbkl(sr)bjz(Sr)dr. .
Jk l

LEMMA 10.  Consider for a rough path n € CO%% the coefficients transformed
analogously to Lemma 9, a", b"; that is, consider the rough flow
!
(30) B =900 =x+ [ c(p(.0)d,
and define
alt,x)i =y oy ¢ (.o 1) (¢t x))
k

1
52 B (68 0) Do bju(p @ 0))biu (9 (1, 1),
Jk 1

Dt x)i; =Y g i (b, o (1, )by (p(1, X))
k

Then for every R > O there exists Krem 10 = KLem 10(R) < 00 such that

sup ’&77|Oo =< Kiem 10,
N:le-H51 <R

sup  [b"| < Kiem 10,
n:|n|q-H51 <R

sup  sup|Da’(s, )|, < Ktem 10,
n:9le-Ho1 <R St

sup  sup|Db"(s, )|, < Kiem 10,
n:nla-Ho1 <R S=t
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and such that if 3, § are two rough paths with |9|q-Hsl, |1 la-Hs1 < R, we have

supla' (z, x) — a%(t, x)| < Krem 10(R) pa-tisi (0", 0°),
t,x

sup|b' (t, x) — b*(t, x)| < Kiem 10(R) po-ns1(n", 0?).
t,x

PROOF. This is a straightforward calculation using Lemma 13 and the prop-
ertiesof a, b. [

The following is a standard result for continuous dependence of SDEs on pa-
rameters.

LEMMA 11. Let &i(t, x), b (t,x),i = 1,2, be bounded and uniformly Lips-
chitz in x.
Let S' be the corresponding unique solutions to the SDEs

—So+/ rS’ dr—i—/blrS' i=1,2.
Assume
sup| Da' (s, )| ., sup| Db (s, )|, < K < o0,
St s<t
sup(dl(r, x) —a*(r, x)), sup(l;l(r, x) — b (r, x)) <& < 00.
X rX

Then there exists Crem 11 = CLem 11(K) such that
ot enal)2
E[sup‘Ssl — 552‘2] <CLem118.
s<t
PROOF. This is a straightforward application of It6’s formula and the
Burkholder—Davis—Gundy inequality. [J

We now apply the previous lemma to our concrete setting.

LEMMA 12. Let g, 5% € C% and let §', §% be the corresponding unique
solutions to the SDEs

r_. ~. -
S, —So-i-/ (r, ) dr+/ b'(r,S,)dB,, i=1,2,
0

where @', b' are given as in Lemma 10.
Assume R > max{ln1 l-Hél, |n2|0,-H(-51}. Then there exists Crem 12 = CLem 12(R):

1 =y01l/2
I[*E[sup|Ss1 — Ssz}z] < CLem 12;005-H61(771a 772)-
s<t
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PROOF. Fix R > 0. Let " lo-iot, 19%]lo-Ho1 < R.
From Lemma 10 we know that

Supll;l(l, x) — bA(t, x)| < Kiem 10(R) pe-ms1(n*, 9?).
t,x

Analogously, we get

supla' (1, x) — a@*(t, x)| < Lapg-nsi(n', %)

t,x

fora Lo =L,>(R). U

LEMMA 13. Let o € (0,1). Let y > é >1, ke {l,2,...} and assume

that V = (Vy,..., Vy) is a collection of Lipy+k-vect0r fields on R¢. Write n =
(n1,...,n.) € N® and assume |n|:=n;+---+n, <k.
Then, for all R > 0 there exist C = C(R, |V j,r+), K = K(R, |V j,r+))

such that if x', x> € C*H9([0, ¢], GIPI(R?)) with max; |X'||¢-HoL[0.1] < R, then

suﬂg |327(v) (0, yo; X]) — 37 (v) (0, yo; X2)|a-H61;[0,l] = Cpa-Hﬁl(Xl’Xz)’
yoeR®

Suﬂg |an7T(V) (0’ Y05 Xl)_l - an7T(V) (O’ Yo; XZ)_I |(x-H61;[O,t] = Cloa-Hfjl(Xl’ XZ),
yoeR¢

sup |3,7(v) (0, yo; Xl)‘a-HéI;[O,t] =K,
yoeR¢

sup [9,7(v)(0, yo: x')

|a-H61;[0,t] =K.
yoeR¢

PROOF. The fact that V e Lip” ¥ (instead of just Lip?*~!) entails that
the derivatives up to order k are unique, nonexplosive solutions to RDEs with
Lipf;C vector fields; see Section 11 in [25]. Localization (uniform for driving paths
bounded in «-Holder norm) then yields the desired results. [J
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