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A VARIATIONAL APPROACH TO NONLINEAR ESTIMATION*

SANJOY K. MITTER! AND NIGEL J. NEWTON*

Abstract. We consider estimation problems, in which the estimand, X, and observation, Y,
take values in measurable spaces. Regular conditional versions of the forward and inverse Bayes
formula are shown to have dual variational characterizations involving the minimization of apparent
information and the maximization of compatible information. These both have natural information-
theoretic interpretations, according to which Bayes’ formula and its inverse are optimal information
processors. The variational characterization of the forward formula has the same form as that of Gibbs
measures in statistical mechanics. The special case in which X and Y are diffusion processes governed
by stochastic differential equations is examined in detail. The minimization of apparent information
can then be formulated as a stochastic optimal control problem, with cost that is quadratic in both
the control and observation fit. The dual problem can be formulated in terms of infinite-dimensional
deterministic optimal control. Local versions of the variational characterizations are developed which
quantify information flow in the estimators. In this context, the information conserving property of
Bayesian estimators coincides with the Davis—Varaiya martingale stochastic dynamic programming
principle.
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1. Introduction. This article investigates a variational formulation of Bayesian
estimation with a natural information-theoretic interpretation. The two “directions”
of an abstract Bayes formula (likelihood function to posterior distribution and vice-
versa) are given variational representations. The forward representation involves the
minimization of apparent information of probability measures on the space of the esti-
mand. This apparent information is made up of two parts: the information gain of the
measure over the prior distribution for the estimand and a residual term representing
the information value of the observation, complementary to this. The apparent infor-
mation of probability measures is greater than or equal to the total information in the
observation, with equality if and only if the measure is the posterior distribution of
the estimand. Thus the (forward) Bayes formula can be thought of as an optimal “in-
formation processor” in that it balances input and output information. Suboptimal
processors appear to have access to more information than there is in the observation.
The variational representation of the inverse Bayes formula involves the maximization
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of compatible information of likelihood functions on the space of the estimand. This
is defined to be the difference between the information in an unspecified observation
associated with the likelihood function and that part of this information complemen-
tary to the (given) posterior distribution. The compatible information of likelihood
functions is less than or equal to the information gain of the posterior distribution
over the prior, with equality if and only if the likelihood function is equivalent to that
provided by the inverse Bayes formula. Once again, the inverse Bayes formula can be
thought of as an optimal processor, balancing input and output information. How-
ever, in this case, rather than appearing to have an additional source of information,
suboptimal processors lose (or fail to make use of) part of the input information.

In section 2, the estimand, X, and the observation, Y, of the Bayesian problem are
supposed to take values in Borel spaces (X, X) and (Y,Y), respectively. The starting
point is a “regular conditional” version of the Bayes formula. In section 3, the results
are specialized to the estimation of diffusion processes with partial observations. In
that context, the regular conditional probability distribution can be chosen to be
continuous in the observations. It also has the key property of being Markovian. This
means that the family of measures over which apparent information is minimized can
be restricted to the distributions of the process X when a “finite energy” feedback
control is applied through the drift coefficient. Thus, in this case, the minimization of
apparent information can be interpreted in terms of a problem in stochastic optimal
control. This is explored in section 4.

The dual variational problem for diffusion processes is developed in section 5.
One interpretation of it is as a problem in infinite-dimensional deterministic optimal
control. The optimal trajectory of the dual problem is a “likelihood filter” for the pro-
cess X in reversed time, from which the corresponding nonlinear filter can be found.
This gives a new interpretation to a connection between an optimal control problem
in one time direction and a nonlinear filter in the other which was made for nonde-
generate diffusions in [6] via the Hopf transformation and used to give existence and
uniqueness results for the unnormalized conditional density equation with unbounded
observations. The results of sections 3-5 are established under fairly weak conditions.
In particular, they include the case of degenerate diffusions.

In the context of estimators for diffusion processes, there is a “local” version of
the variational formulations which characterizes flow rates of information and shows
that Bayesian processors are conservative in the sense that they balance input and
output flow rates. This is the subject of section 6.

A variational representation of the Fokker—Planck equation for diffusion processes
is discussed in [10]. This involves the minimization of the “energy” of drift coeflicients
over those that give rise to a particular set of marginal densities. There, as here, the
modification of the drift coefficient can be interpreted as the application of a control
term, which re-expresses the variational problem as one in optimal control. The
two problems are somewhat different though. In particular, the controls admitted
in [10] give rise to mutually singular transition probabilities, which are certainly not
permitted in the present context.

A preliminary account of some of the results herein was reported in [11].

2. A variational formulation of Bayesian estimation. Let (Q,F, P) be a
probability space, (X, X) and (Y,)) Borel spaces, and X : Q@ - XandYV:Q — Y
measurable mappings with distributions Px, Py, and Pxy on X, ), and X x Y,
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respectively. Suppose that

(H1) there exists a o-finite (reference) measure, Ay, on ) such that Pxy < Px ®
Ay . (This could be Py itself.)
Let @ : X x Y — [0,00) be a version of the associated Radon—Nikodym derivative,
and

(2.1) Y = {y €Y:0< / Q(z,y)Px(dx) < oo} ;
X
then Y € Y and Py(Y)=1. Let H: X xY — (—o0,+00] be defined by

H(z,y) = —log(Q(z,y)) ifyeY,

(2.2)
0 otherwise;

then Pyx|y : X x Y — [0,1], defined by

 Juexp(—H(z,y))Px (dx)
(2.3) Pxy(Ayy) = fiexp(_H(x,y))Px(dz)’

is a regular conditional probability distribution for X given Y i.e.,

Px|y(-,y) is a probability measure on X’ for each y,

Px|y (A, -) is Y-measurable for each A, and
Equations (2.1)—(2.3) constitute an “outcome-by-outcome” abstract Bayes formula,
yielding a posterior probability distribution for X for each outcome of Y. Of course,
for any y belonging to a set of Py-measure zero, Px|y(-,y) depends on the choice
of version of the Radon—Nikodym derivative ). However, in particular examples, we
can often find a version such that Px|y (A, -) is continuous for each A € X.

Let P(X) be the set of probability measures on (X, X) and H(X) the set of

(=00, 4-00]-valued, measurable functions on the same space. For Py, Px € P(X),
and H € H(X), we define

- . dP - - .
h(Px | Px) = / log (d AX> dPx if Px <« Px and the integral exists,
X

Px

(2.4)

400 otherwise;

i(H) = —log (/ exp(—]:])dPX) if 0 < / exp(—H)dPx < o,

(2.5) X X

—00 otherwise;

(f[, ﬁx) = / HdPx if the integral exists,

(2.6) X

+00 otherwise.

It is well known that the relative entropy h(]BX \PX) can be interpreted as the in-
formation gain of the probability measure Py over Px. In fact, any version of
—log(dPx /dPx) is a generalization of the Shannon information for X. For almost all
x, it is a measure of the “relative degree of surprise” in the outcome X = z for the
two distributions Py and Pyx. Thus h(PX | PX) is the average reduction in the degree
of surprise in this outcome arising from the acceptance of Px as the distribution for
X, rather than PX.
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If we interpret exp(—H) as a likelihood function for X, associated with some
(unspecified) observation, then H(z) is the “residual degree of surprise” in that ob-
servation if we already know that X = x, and z(ﬁ ) is the “total degree of surprise” in
that observation, i.e., the information in the unspecified observation, if all we know
about X is its prior Px. In what follows we shall call H(X) the X -conditional infor-
mation in the unspecified observation and i(H) the information in that observation.
(Of course, H(X,y) and, respectively, ¢(H(-,y)) are the X-conditional information
and the information in the observation that Y = y.)

PROPOSITION 2.1. Suppose that (H1) is satisfied, and H and Px|y are as defined
above. Then for any y such that

(2.7) —/XH(x,y) exp(—H(z,y))Px(dz) < 0o, (where 4 coexp(—o0) = 0),

@8) 0 i) = min (x| Px) +H ), P

(29) () hPay (o) Px) = max L) = (T Py ()

(iii) Px)y(-,y) is the unique minimizer in (2.8);
(iv) of H* is a mazimizer in (2.9), then there exists a real constant K such that

H*(X)=HX,y)+ K a.s.

Proof. If y € Y and (2.7) holds, then A(Pxy(-,y)|Px) < oo, i(H(-,y)) > —o0,
and H(-,y) € Li(Px|y(-,y)). Thisis also true if y ¢ Y since, in that case, H(-,y) =
0 and Px|y(-,y) = Px. Thus it is clear that the minimum in (2.8) is less than +4-oo,
and the maximum in (2.9) is greater than —oo.

Suppose that, for Px € P(X), h(Px | Px) < oo and H(-,y) € L1(Px). Tt readily
follows that Py < Px|y(-,y), so that

Py P = | <log <j;;i<z,y>> 1o (%A (x,y>)> Py(d),

and
(2.10) h(Px | Px)+ (H(-,y), Px) = i(H(-,y)) + h(Px | Px|y(-,y)).

It is easy to show that, for any Px € P(X), the relative entropy functional h(- | PX)
is nonnegative, evaluates to zero at Py, and is strictly convex on the subset of P(X)
for which it is finite. This establishes parts (i) and (iii).

Suppose now that, for H € H(X), i(H) > —oc and H € Li(Pxy(-,y)). Let Px
be defined by (2.3) with H replacing H (-, ). It readily follows that Pxy(-,y) < Px,
and so

() — H(X) = log (jﬁim)

dP dP
=log< d;}'(y(Ky))—log( dgly(X,y)>~
X
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Thus
(2.11)  i(H)— (H,Pxy(-,y)) = M(Pxy(-,y) | Px) — h(Pxy(-,y) | Px).

Suppose that there is a set A € A’ for which Pxy (A, y) = 0 but Px(A) > 0. Let Pk
be defined by

~ -1 .
Pl(B) = (PX(AC)) Px(A°NB)  forall B e X.

Then h(Pxy(-,y)| Py) < h(Pxy(-,y) | Px), and so any maximizer in (2.11) must

be absolutely continuous with respect to PX|y( -,y). It is easy to show that, for any

Px € P(X), the relative entropy functional h(Px | -) is nonnegative, evaluates to zero

at Px, and is strictly convex on the subset of P(X ) consisting of measures that are

absolutely continuous with respect to Px. This establishes parts (i) and (iv). a
Remark 1. If the mutual information between X and Y is finite,

2.12 lo — = | dP < 00,
(212) /ny & (d(PX ® Py) Y

then there exists a version of @ for which (2.7) is satisfied for all y.

Remark 2. Proposition 2.1 is a special case of an energy-entropy duality that
plays a major role in statistical physics and in the theory of large deviations. More
general results of this nature are widely available in the literature. (See, for example,
[5].) Our aim in this section is to provide an information-theoretic interpretation of
the result in the Bayesian context. The simple proof we provide here makes use of
the special nature of that context.

Parts (i) and (ii) of Proposition 2.1 both concern the processing of information
over and above that in the prior Px. In part (i), the source of additional information
is the observation that Y = y. The abstract Bayes formula extracts the part of this
information pertinent to X, h(Px|y(-,y)|Px), and leaves the residual information,
(H(-,y), Pxy(-,y)). One can think of the input information as being held in the
likelihood function, exp(—H( -,y)), and the extracted information as being held in the
distribution, Px|y(-,y). An arbitrary estimation procedure that postulates Px as a
“postobservation” distribution for X appears to have access to additional information,
in that it yields an information gain on X of h(Pyx | Px), and a residual information of
(H(-,y), Px). The sum of these two terms (the term in brackets on the right-hand side
of (2.8)) is strictly greater than the actual information available, i(H(-,y)), unless

Px = Pxy(-,y). We shall call it the apparent information of the estimator Px.
(Implicit in the interpretation of h(Px | Px) as an information gain is the assumption
that Py represents a rational belief about X given the prior and some additional
knowledge, such as an observation.)

In part (ii), the source of additional information is the posterior distribution,
Px|y(-,y). The aim now is to postulate an observation (with likelihood function
exp(—H)) which would give rise to this distribution. The input information here,
h(Pxy(-,y)| Px), is merged with the residual information of the postulated observa-

tion, (H, Px|y(-,y)), and the result is greater than or equal to the total information

in the postulated observation, i(H), with equality if and only if the observation is
compatible with Pxy(-,y) in the sense of part (iv) of the proposition. The term in
brackets on the right-hand side of (2.9) can be thought of as that part of the informa-
tion in the postulated observation compatible with Pxy(-,y). We shall call it the
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compatible information of the likelihood function exp(—H). Another interpretation
is that the input information, h(Px|y(-,y)|Px), is processed to produce compati-
ble information resulting in a net loss of information except when the processor is
optimal.

Throughout the rest of the paper, the apparent information and compatible in-
formation will be denoted by F(Px,y) and G(H,y), i.e.,

(2.13) F(Px,y) = h(Px | Px) + (H(-,y), Px),
(2.14) G(H,y) =i(H) — (H, Px)y(-,y)).

As (2.10) and (2.11) show, the minimization of F' is equivalent to the minimization of
the information excess of the estimator Px, h(Px | Pxy(-,y)), and the maximization
of GG is equivalent to the minimization of the information deficit of the likelihood
function exp(—H), h(Pxy (-, y) | Px). In fact (as was pointed out by an anonymous
referee), these interpretations still hold in the absence of (2.7). However, in not
identifying the source information or the extracted information, they do not show the
information processing aspects of Bayesian estimation in quite the same way as the
quantities F' and G. Moreover, F' and G make clear the compromises involved in
Bayesian estimation. Part (i) of the proposition shows how Px/y(-,y) compromises
between being close to the prior Px and fitting with the observation Y = gy, whereas
part (ii) shows how H(-,y) (or its equivalents) compromise between holding a lot of
information but not too much residual information.

Of course it is possible to give other variational characterizations of Px|y(-,¥).
For example, one could consider it as the minimizer of the total variation norm of
the difference measure Py — Pxy (- ,y). However, such characterizations lack the
information-theoretic interpretation discussed above: F' and G are natural error mea-
sures for suboptimal estimation procedures. The characterization (2.8) could be used
as a basis for approximations. For example, we may wish to approximate a posterior
distribution by a discrete law on a finite partition of X. The size of the partition may
be fixed, but we may be able to choose the law and the details of the partition by
means of a finite number of parameters. The characterization (2.8) could form the
basis of an optimization with respect to this set of parameters. Similarly, the char-
acterization (2.9) could be used as a basis for the study of modeling errors, in that
it shows the information loss arising from the use of an incorrect likelihood function.
Since the use of an incorrect prior, P§ (with P < Px), with a Bayesian procedure
is equivalent to the use of the incorrect likelihood function

dPg
dPx’

exp(—H®(-,y)) = exp(—H(-,y))

(2.9), with H = H®(-,y), also shows the information loss arising through the use
of an incorrect prior. Furthermore, if there were any uncertainty in the likelihood
function or the prior, the resulting information loss could be studied by means of
game-theoretic methods.

Proposition 2.1 is an instance of a Legendre-type transform between the relative
entropy of probability measures and the logarithm of the exponential moment of real-
valued random variables. A similar transform occurs in the characterization of Gibbs
measures in statistical mechanics [8]. In that context, (X, X) is the configuration space
of a physical system (the Cartesian product of a number, N, of identical spaces), H is
a Hamiltonian representing the energies of the configurations, and F is the free energy
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of the probability measure Px with respect to the reference measure, Px, and H. A
Gibbs measure represents a thermodynamic state of the system in thermodynamic
equilibrium. If N is finite, then there is only one Gibbs measure, and it takes the
form (2.3). Gibbs theory comes into its full richness only when N is infinite, in which
case there may be multiple Gibbs measures, and formulae such as (2.3) are no longer
appropriate. However, variational characterizations are. We note that the Bayesian
estimator can be seen to compromise between being close to the prior and fitting with
the observation in exactly the same way that a thermodynamic system in equilibrium
compromises between maximizing entropy and minimizing average energy.

3. Path estimators. The techniques of section 2 are specialized here for the
case in which the estimand, X, and observation, Y, are, respectively, continuous R"-
and R%valued processes governed by the following Ité integral equations:

t t
thXo—i—/ b(Xs,s)ds—i—/ o(Xs,8)dVs for 0<t<T,
0 0

(3.1)
Xo ~ Hs

t
(3.2) Ytz/ 9(Xs)ds+ W, for0<t<T,
0

where Xy, V; € R”, u is a law on (R™,B"), Y;,W; € R?, and b, 0, and g are measur-
able mappings. Under suitable regularity conditions, these equations will be unique
in law and have a weak solution (2, F, (F:), P, (V,W),(X,Y)), i.e., a filtered prob-
ability space supporting an (n + d)-dimensional Brownian motion (V,W) and an
(n + d)-dimensional semimartingale (X,Y") such that (3.1) and (3.2) are satisfied for
all t. The abstract spaces (X,X) and (Y,Y) of section 2 now become the spaces
(C([0, T);R™), Br) and (C([0, T); R?), Br) of continuous functions, topologized by the
uniform norm. We continue to use the notation (X, X) and (Y,)), though, for the
sake of brevity.

Let Ay be Wiener measure on (Y,)). Under suitable conditions on p, b, o, and g,
we might expect (H1) to be satisfied and the mutual information, Elog(dPxy /d(Px ®
Av)(X,Y)), to be finite. This will allow us to proceed as in section 2 to construct
a function H on X x Y, and a corresponding regular conditional probability, Px|y,
such that (2.7) holds for all y. Furthermore, if we can show that Pxy(-,y) ~ Px,
then we shall be able to construct a continuous strictly positive martingale M, on 2
such that

M

Y

dPxy (-,
,=E M(X) FX) for0<t<T,
: dPx

where (F;¥) is the filtration generated by the process X. It will then follow from the
Cameron—Martin—Girsanov theory that

t 1 t
(3.3) My = M, gexp (/ U, s (dXs —b(Xs,s)ds) — 5/ lo(Xs,8) Uy |? ds)
0 0

for some progressively measurable R™-valued process U,. Pxy(-,y) will then be
the distribution of a controlled process, X, satisfying an equation like (3.1), but
with a different initial law and with a control term, oo’(X;, s)U, s, entering the drift
coefficient. The use of the progressively measurable control U instead of U, will
result in a process X having a distribution whose apparent information relative to
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(Px,H(-,y)) is greater than or equal to that of X,. Thus, at least in part, the
variational characterization of section 2 will become a problem in stochastic optimal
control.

We might also expect Px|y(-,) to be Markov (at least for almost all y), in which
case it will be appropriate to restrict admissible controls U to feedback controls of the
form u(X;,t). Tt should also then be possible to define regular conditional transition
probabilities for Pxjy. With this in mind, let (x;,0 < ¢ < T) be the coordinate
process on X, and

(3.4) Xl =o(xr,s<r<t) for0<s<t<T.
We should be able to construct regular conditional probabilities

Pely X xR x O([s, T); RY) — [0,1]

such that, for all A € X7,

These will have variational characterizations in terms of the corresponding regular
conditional probabilities for the prior, Px, and appropriately constructed likelihood
functions. This will lead toward a localized version of the results of section 2.

In what follows, we develop the above ideas in a rigorous manner. We do this
by placing constraints on b and o such that (3.1) has a strong solution and then use
the techniques of stochastic flows. This has the advantage that we are able to include
problems with degenerate diffusion coefficients, which are important in many areas
of application. (In fact our approach also applies to some problems not satisfying a
hypoellipticity condition.)

The constraints we place on p, b, o, and g also fit well with Clark’s robustness ideas
(see [2]). These lead to an explicit function H and corresponding regular conditional
probability, Px|y, that is Markov for every y. They also admit unbounded observation
functions g, which are needed in the linear case.

We suppose that u, b, o, and g satisfy the following technical conditions:

(H2) there exists an € > 0 such that

/n exp (€]z]?) p(dz) < oo;

(H3) o is bounded, and b and o are uniformly Lipschitz continuous on compact
sets and differentiable with respect to the components of z, the derivatives being
continuous and bounded,;

(H4) ¢ has continuous first, second, and third derivatives, and there exist C' < oo
and a < oo such that for all z € R

9y
<
>|gee|ze

0%g
<
S |poa )] < 1+ 12D,

~—

g
- < < @ .
and Zk ‘ 902,08 (2)| < C+ 2|9

2,75
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It follows from (H3) that (3.1) has a strong solution ® : R” x X — X, so that
on the probability space (Q, F, (F:), P, Xo, (V, W)) supporting an R"-valued random
variable Xy with distribution u, and (n + d)-dimensional vector Brownian motion
(V,W), independent of Xy, (X; = ®:(Xo,V),F;0 <t < T) is a continuous semi-
martingale satisfying (3.1). (See, for example, [15].)

It follows from (H2)-(H4) that EfOT lg(X;)|?dt < oo, and from this and the
independence of X and W it follows by standard results (see, for example, [9]) that
(H1) is satisfied when the reference measure Ay is the Wiener measure and the Radon—
Nikodym derivative takes the form

(3.6) &(x,m:exp(/o o) av; — / g(Xt>2dt>.

In order to develop the representations of Proposition 2.1, we first need a version of
this that is well defined for all y. Under (H2)—(H4) the process (g(X;), F,0 <t <T)
is a semimartingale, and so it is possible to “integrate by parts” in (3.6) and define
@ as any measurable function such that, for each vy,

T

0

T
(37 QX.y) =ow <y’Tg<XT>— | ez~ | |g<Xt>|2dt>.

(See [2] and [3].) Tt can also be shown (see, for example, [13], [14]) that the resulting
regular conditional probability, Px |y, is continuous in y in the sense of the topology
associated with the convergence of means of bounded measurable functions, that

(3.8) 0<EQ(X,y) <0 for all y,
and that
(3.9) EQ(X,y)10g(Q(X,y)) < EQ(X,y)* < 0.

Thus the set Y of (2.1) can be taken to be the entire space Y in this case, and (2.7) is
satisfied for all y. Proposition 2.1 can thus be applied for each y, and H = —log(Q).

We can now split the path estimation problem as suggested by (3.5). For any
z € R" and any 0 < s < T, let (X;°;s < ¢ < T) be the solution of (3.1) on the
interval s <t < T with “initial condition” X7?* = 2, and let

H,:[0,T]x[0,T]xR*"xXxY — R

be a measurable function such that

t
Hy(s,t, 2, X*° y) = —yig(X7®) + y.9(2) +/ Y, dg(X7®)
(3.10) °

1 t
+§/ lg(X7%)2dr for0<s<t<T.

The fact that such a function exists follows from the “strong solution” hypothesis
(H3), as does the decomposition

(3.11) H(X,y) = Hy(0,s, X0, X,y) + Hp(s, T, X5, (X, s <t <T),y).
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H,(s,t,z, -, -)is the equivalent of H for the problem of estimating the path (X7?*, s <
r < t) given the observation (Y,**,s < r <t), where

t
YP* = / g(X>%)dr + Wy =W, fors <t <T.

In particular, H,(s, T, z, -, - ) is the equivalent of H for the problem of estimating X **
given Y**. Let v(z, s,y) be the minimum apparent information for this problem; then,
according to Proposition 2.1 (i),

(3.12) v(z,s,y) = —log (Eexp(—H,(s,T,z, X**,y))).
It now follows that, for any A € X,

ElA(X) exp (_Hp(oast()aXa y) - ’U(Xsa Say))
1 P A =
(3.13) X1y (4,9) E exp (—H,(0, 5, X0, X, y) — 0(Xs, 5,1))

and from Jensen’s inequality and (3.9) it follows that H,(0, s, xo, -, y) +v(xs( ), 8, y)
satisfies (2.7) for all 5. So, from Proposition 2.1, the path measure Py restricted to
AJ is the unique probability measure on A that minimizes the apparent information

(314) Fs(pX,say) = h(pX,s | PX,S) + <Hp(07 S, X0, * 7y) ) pX,s) + <U(Xsy Svy) ) pX,s>,

where Px  is the restriction of Px to Aj. It also easily follows that the minimum
apparent information in (3.14) does not depend on s.

These arguments show that the variational form of the path estimation problem
(3.1), (3.2) can be interpreted in terms of dynamic programming, with value function
v. For each s we can split the problem into two subproblems: the estimation of X#:*
for each z (resulting in a minimum apparent information of v(z, s, y)), followed by the
estimation of (X;,0 <t < s), where v(X5, s,y) plays a part in the likelihood function.
v(Xs, s, y) summarizes that part of the likelihood function associated with increments
of Y after time s. The first subproblem can be interpreted in terms of stochastic
optimal control, where the cost is the apparent information of the controlled process.
This is developed in the next section.

4. A stochastic control formulation. We consider the first variational sub-
problem discussed above with s = 0. In keeping with the comments above on dynamic
programming, it turns out that we need consider only feedback controls. Also, be-
cause controls are intended to produce a change in measure of the form (3.3), it is
appropriate to let the control enter the drift through the map z — az, where a = oo’

Consider the following controlled equation:

t t
(4.1) X, =0 —|—/ (b(f(s, s) + a(X,, s)u(Xs, s)) ds —|—/ o(Xs,s)dVy,

0 0
where the initial condition, 8, is nonrandom. Let U be the set of measurable functions
u:R"™ x [0,7] — R™ with the following properties:

(Ul) w is continuous,
(U2) ET™ = 1, where

T T
1
(4.2) I'* = exp (/ o (XP0 1) dv, — 5/ o' u(XP0 1) dt) :
0 0

and (2, F, P), V, and X**° are as defined in section 3.
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LEMMA 4.1. If b and o satisfy (H3) and v € U, then (4.1) has a weak solution

and is unique in law.
Proof. From (H3) and (U1) it follows that

p(/OT

This, together with (U2) and Girsanov’s theorem, shows that V%, defined by

! 0,0 2
o'u( Xy ,t)) dt <oo | =1.

t
(4.3) V=V — / o'u(X20, s) ds,
0

is a standard Brownian motion under the probability measure P“, defined by

dpP*

=TI
dP

(4.4)

This shows that (2, F, (%), P*, X%, V") is a weak solution of (4.1).
Next, suppose that (Q, F, (F;), P, X, V) is a weak solution of (4.1), and, for each
natural number N, let 7y : X — [0, 7] be defined by
Tn(z) =inf{t > 0: |z > N} AT.

Since X is continuous, P(7y(X) — T) = 1. Also, since u satisfies (U1),

- 1 v
Eexp 5/
0

and so, from a standard variation of Novikov’s theorem (see, for example, Theorem
6.1 in [9]), it follows that (M, F;,0 <t <T'), where

t t
(4.5) M; = exp (/ u'o(Xs,s)dV, — 1/
0 2 Jo

is a local martingale with respect to the sequence of stopping times (7n5(X); N =
1,2,...). Let

5 2
U/U(XS,S)‘ d5> < 00,

5 2
o'u(Xs, s)‘ ds)

B B tATN (X) ~
VN =V, +/ o'u(Xs, s) ds;
0

then, by Girsanov’s theorem, VNisa standard Brownian motion under the probability
measure PV defined by dPY = MTN(X)dP~ Let (X;; 0 <t < T) be the filtration on
(X, X) generated by the coordinate process (x:). Since

X =0 (O, V) for0<t<T,

tATN (X) t/\TN(X

where ® is the strong solution to (3.1), the law of X restricted to X, is identical to
that of X% under P*, restricted to the same sigma-field. Finally, for any A € X,

(X € A)—P(X € A,7n(X) < T)

P(X e Ary(R)=T) = P
— P(X € A),
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and so, since the events on the left-hand side each belong to one of (X,,; N =1,2,...),
the law of X on X is identical to that of X?* under P*. O

Let (Q, F,(F;), P, X,V) be a weak solution of (4.1) for some u € U. We define
the cost for controls in U as the apparent information of the resulting distribution
of X, Px. This is measured relative to the prior P;}’O (the distribution of X?°) and
H,(0,T,0, -,y) (as defined in (3.10)).

J(u,@,y) = h’(PX |P)0(70) + <HP(O’T705 ay)7PX>
1= g / " 2 ! = r o\ |2
=5E [ lo'u(Xy, ) dt —yrg(6) + 5B [ |g(Xo)[ dt
0 0
(4.6) .
f]:]/ (yr — y1)'(Lg + Dgau) (X, t) dt if the integrals exist,
0

400 otherwise,

where L is the differential operator associated with X,
0 1 0?
E = bl - - i1 A s
; 821 + 2 izja ’J 62’702]

and D is the row-vector jacobian operator, D = [0/0z1 0/0z---0/0z,]. The cost
functional has a more appealing form in the special case that the observation path,
1y, is everywhere differentiable:

1- (T ~ - 1 T
@1) Jw0) = 3B [ (©0u(Ee o + 1o - o(X0P) de— 5 [l
0 0

This involves an “energy” term for the control and a “least-squares” term for the
observation path fit. These correspond to the two terms in Bayes’ formula representing
the degrees of match with the prior distribution and the observation path. The
optimal control problem (4.1), (4.7) can be thought of as a type of energy-constrained
tracking problem. The optimal control, under which the distribution of X is the
regular conditional probability distribution Pxy(-,y), is derived in the following
theorem.

THEOREM 4.2. Suppose that b, o, and g satisfy (H3) and (H4), and let the
function u, : R* x [0,T] x Y — R"™ be defined by

(4.8) u, = — (Do),

where v is as defined in (3.12). Then, for each y € Y, u.(-, -,y) belongs to U, and
foralld e R™, y € Y, and Px € P(X) (not necessarily the distribution of a controlled
process),

(4.9) T(ui(-, -, y),0,y) < h(Px | PY°) + (H,(0,T,0, -, y), Px).

Proof. The proof is in three parts. The first uses the methods of stochastic flows
to establish a stochastic representation formula for u., (4.20). The second proves
the statement of the theorem for nondegenerate systems with bounded coefficients.
Finally, a truncation argument is used to extend this result to the general case. Only
the time-homogeneous case (b and o not dependent on t) is treated in order to avoid
excessive notation. The arguments extend in an obvious way to the general case.
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Standard moment bounding arguments (see, for example, Theorem 4.6 in [9])
show that for each natural number m there exists a C), < 0o, not depending on z or
s, such that

(4.10) sup E|X7°P" < Gy, (14 |2[*™)
s<t<T
(4.11) and  sup E||U2°|*" < Cp,
s<t<T

where (¥ € R"*"; s <t < T) is the solution of the equation of first-order variation
associated with X#,

t t
(4.12) UPt =1+ / DX )i dr+) / Doy (X7%)W2* dV;,,.
S i S

Here and in what follows, o; is the ith column of o, and V;; is the ith component of
Vi. Forany z,Z€e R" and any 0 < s <t <T

3 t - t -

Xpt o XP = =2+ [0 bk [ (00X - a(XE) dv,
and so for any natural number m there exists a C,, < oo, not depending on s, t, z,
or Z, such that

2m

E sup |X7°— X[* m < gam—1 <|z — 2™ +E sup

s<r<t s<r<t

[ 006 = bx ) da

)

+E sup
s<r<t

[ o) = otz ay,

t
<Cpn <z — z|2m +/ E sup |X;*— st‘zm dr) )

s<q<r

where we have used Doob’s submartingale inequality, (4.10), (H3), and standard
bounds for the moments of stochastic integrals. It thus follows from the Gronwall
lemma that

(413) E sup |X7° — X/°*™ < Cpexp(CrnT)|z — 2)*™  for all (2,7, 5).
s<t<T

Similarly,

(4.14) E sup |X/°
s<t<T

m < O (14 ]2)2™) for all (z, s),

and so for any € > 0 and any bounded set A C R"™ there exists a C' < co such that

P ( sup |X[°| > C) <e/4  forall (z,5) € Ax[0,T].

s<t<T

From (H3) and (H4) it follows that D(Lg) is uniformly continuous on compacts, and
so for any 1 > 0 there exists a 6 > 0 such that if 2,2 € A and |z — 2| < §,

g (si??T |P(£g)(X7*) = D(Lg)(X7)

> sup (XF“|VIXED <€) < 2
s<t<T
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so that

(1.15) P (s [Peae - pea o)

>77><6.

The polynomial growth of D(Lg) together with (4.14) and the Vallée-Poussin theorem
shows that, for any 0 < p < oo, the family

{ s [D(Lo)X; )17z € a0 <5 < 1)

s<t<T

is uniformly integrable. This and (4.15) show that for any 0 < p < o0

(4.16) E sup_ |[D(Lg)(X;) - D(Lg) (X7 = ol - 2°)

s<t<T

uniformly on A x [0, T]. Similar arguments show that Dg(X;"*), Db(X[*), Do;(X[*),
and D(Dgo;)(X;®) for i = 1,2,...,n have the same property.
It follows from the mean-value theorem that

t
XP5 - XPS = (2—2) + / Db (a0, X% + (1 — ag ) X2%) (X7* — X2%) dr
ts 5 B
+Z/ Do (@i, X7° + (1 — ;) X2°) (XZ° — X2%) dVi .,

where 0 < o;, < 1 and o;, is F,-measurable for each 7. The above continuity
properties, Holder’s inequality, and techniques similar to those used to prove (4.13)
now show that for any 0 < p < oo

, 5 s , P
(4.17) E sup | X[ — X7 —07%(z—2)| =o(z —2]P),
s<t<T

and
(418)  E|O(z,5,y) — O(,5,y) — (2, 5,9)0(z,5,y) (2 — 2)|” = o(|z — Z|F),
both uniformly on A x [0, 7], where

O(z,8,y) = exp (—Hy(s, T, 2, X**,y))

and

T
£(2,5,9) = (yr — ys)'Dy(z) + Z/ (yr — y:)'D(Dgo) (X[ ) 0;* dVi

T T
4 [ r - D)6 bt~ [ g X DX

Thus Dp = E£O, where p = EO. Now, Jensen’s inequality shows that

. i > ;
(4.19) eanf _ p(zsy) 2 inf  exp(Blog(O(z,5,))) >0,
and so
E S}
(4.20) (2, 5,) = £(2,5,9)0(z,5,y)

EO(z,s,y)
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We now consider the special case in which y is differentiable with Holder contin-
uous derivative, b and g are bounded, and there exists an € > 0 such that

(4.21) Fa(z)z > €lz|>  forall 2,7 € R™.

In this case p is continuously differentiable with respect to s, is twice continuously
differentiable with respect to z, and by a standard extension of the Feynman—Kac
formula satisfies the following partial differential equation (see, for example, [7]):

) 1Y
(4.22) 85+£p+<y—2g) gp=0 onR"x(0,7), p(-,T,y)=1.

Since v = —log(p), the value function v satisfies

1 1\
(4.23) ngrEUQDUa(DU)’(ng) g=0 onR"x(0,7), wv(-,T,y)=0.

Now, because of (4.10), (4.11), and the boundedness of g and Dy, u.(-, -,y) is also
bounded and, by Novikov’s theorem, satisfies (U2). We have thus shown that in this
special case u.(-, -,y) € U. Let V* and P* be abbreviations for V¥(*>~%) and
Pu=(-9) respectively, where, for u € U, V* and P* are as defined by (4.3) and
(4.4). Then Itd’s rule and (4.23) show that

T /
1 1
0=0v(X%° T,y) = v(,0,y) +/ <<yt - 29) g - 2Iff’u*2> (X770 ¢, y) dt
0

T
- / (o) (XP0, 1, y) V",
0

As was pointed out in the proof of Lemma 4.1, (2, F, (F;), P*, X%0 V*) is a weak
solution of (4.1), and so, since g, u.(-, -,y) and o are bounded,

Tl 1y
’0(970,@/) = E*/ <2|U,u*| - <yt - 29) g) (Xteyoatvy) dt
0
:J(’U,*(, '7y)797y)'

By definition, v(6,0,y) is the minimum apparent information, and so we have es-
tablished (4.9) in this special case. A consequence of (4.9), and the uniqueness of
the measure minimizing apparent information, is that the distribution of X when
u = uy(-, -,y) is the regular conditional distribution of X% given that Y = y. Thus,
in this special case,

Fu*(-,-,y) — 6(97 0, y) a.s.

p(6,0,y)

Next, suppose that the additional constraints placed on y, b, g, and o are removed.
For any natural number N, let

b (2) = b(2) exp(~|2*/N),
gn(2) = g(z) exp(=[2*/N),
on(2) = [c N7 (an n x 2n matrix),
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and let ¥V be a sequence of differentiable elements of Y with Holder continuous
derivatives such that ||y — y~| — 0. Then by and gy are bounded and oy satisfies
(4.21), by, on, and gy satisfy (H3) and (H4) uniformly in N, and by, oy, gn,
Dby, don/0z;, and Dgn converge to b, [0 0], g, Db, [0c/0z; 0], and Dy (respectively)
uniformly on compacts. We add the subscript (or superscript) N to X, ¥, O, etc. to
indicate that y, b, g, and ¢ have been replaced by ¥V, by, gn, and oy in the various
definitions and that V' has been replaced by the 2n-dimensional Brownian motion,
(V4, Bt). Now

t t
X7t - XN = / (bn(X7*) — by (X)V=%)) dr +/ (o(X7%) — o(XV7%)) aV,
t
+/ (b(X7*) — by (X2?®)) dr — N~Y(B; — By).
S

Arguments similar to those used to prove (4.13), (4.17), and (4.18) show that, for any
natural number m and any bounded set A C R",

2m
(4.24) E sup ‘Xf’s —X =0,
s<t<T
z,8 N,z,s 2
E sup H‘Ilt’ i — 0,
s<t<T
(4.25) E|[00(z,5,y) - On(z,5,5™)[" = 0,

2m

and E[¢(z,5,9) — En(z,5,0™M)] — 0,
all uniformly on A x [0, T]. This, Holder’s inequality, and (4.19) show that
(4.26) wan (-5 ) = ul(-, -, Y) uniformly on A x [0, T].
Thus u.(-, -,y) satisfies (U1). It follows from (4.24) and (4.26) that

sup |u (X770, t,y) — wen (X700 14N — 0 in probability,
0<t<T

so that
(4.27) pusyCow™ L pueCow) iy probability.
It also follows from (4.25) and (4.19) that

l—‘u*N(""yN) _ @N(O,O,yN) . 0(6,0,y)
N pn(0,0,yN)  p(6,0,y)

and 8o u. (-, -,y) satisfies (U2), and the unique distribution of X under this control
coincides with the regular conditional distribution of X given that ¥ = y. This
establishes (4.9) in the general case. a

We return now to the path estimator with initial distribution p. The minimization
of apparent information can be expressed in terms of the following controlled process
with random initial condition:

(4.28) in probability,

t t
X, :f(o—i—/ (b(XS,s)+a(Xs,s)u(Xs,s)) ds+/ O’(XS,S) dvi,
0 0
(4.29) .
Xo ~ .
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A simple variant of Lemma 4.1 shows that, if u is continuous and satisfies (U2) for
all 8 € R™, then this equation is unique in law and has a weak solution for any initial
law, . Let Px be the distribution of X corresponding to the pair (fi,w); it follows
from (3.14) and the subsequent discussion that

and this is minimized by the choice v = u.(-, -,y) and ft = py(-,y), where for
B e B
(4.31) py (B,y) = Pxy (xg ' (B), y).

Thus, for each y, the regular conditional probability distribution Py/y(-,y) is Marko-
vian with “initial” marginal puy (-,y) and differential operator

i

o 1 0
(4.32) L, =Y (b+au.-, ~,y))ia—%+§;amm~

Of course, the nonlinear filter and interpolator for the process X can be found
from the marginals of this path space measure.

5. The inverse problem. The variational characterization of the inverse prob-
lem (parts (i) and (iv) of Proposition 2.1) can also be applied to the path estimator.
This involves choosing a likelihood function to be compatible with the (given) regular
conditional probability distribution, Pxy(-,y). In section 4, we minimized appar-
ent information over probability measures corresponding to weak solutions of (4.29).
Here, we maximize compatible information over (negative) log-likelihood functions,
H, that give rise to posterior distributions of this type.

Let (2, F,P), n, V, and X be as defined in section 3. For each probability
measure on R", fi, with fi < p, and each continuous u satisfying (U2) for all 6, let H
be a measurable function such that

H(X) = —log <3§§ (X)) +K

dji r e
—log (u(X0)> - / uo(Xy,t)dVy + = / lo'u(Xy, t)|? dt + K,
dp 0 2 Jo

where K € R and Py is as defined following (4.29). We shall assume that py (-, y) <
. If this is not so, then, as shown in the proof of Proposition 2.1, we can always
choose another fi resulting in more compatible information, for which it is. The term
K in (5.1) is the information in the associated (unspecified) observation.

Integral log-likelihood functions of the form (5.1) can be thought of as being
associated with observations that are “distributed in time,” in that information from
them gradually becomes available as ¢ increases.

The characterization of Py|y in terms of stochastic control can be used to express

the compatible information corresponding to H as follows:

G(H,y)=K - (H, Pxy(-,y))
(5.2) =K+ h(py(-,y) | p) = h(py (-, y) | i2)

/ /n (u* - ;“)/ u(z,t,y) Pxjy (x; ' (d2), y) dt.
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Log-likelihood functions of the form (5.1) could come from many different types of
observation. The only constraints placed on u here are that it be continuous and that
it satisfy (U2) for all §. We could further constrain it to take the form

’U,(Z, S) = 7(ID1~))/(27 57?3)7

where
Tr. 1 Ry ,
0(2,5,7) = —logEexp (/ (@t - 2§(th’6)) g(XtZ’é)dt>

for appropriate g and . This would correspond to observations of the “signal-plus-
white-noise” variety similar to (3.2) but with “controlled” observation function and
path, g and y. This would show the effects of errors in the observation function or
approximations of the observation path. Under appropriate regularity conditions, v
will satisfy the following partial differential equation:

v 1 o1y
(5.3) —8—;) =Lv — §Dﬁa(Df})’ — (gjt — 2§) g; o(-,T)=0.
Thus one interpretation of the inverse problem involves an infinite-dimensional deter-
ministic optimal control problem in reversed time, with control (g, 7), and payoff

60 mGp= [ [ i (u- 300 GrnPo (e @

The optimal trajectory for this dual problem, v(-, -,¥) is a time-reversed likelihood
filter for X given Y, and the measure exp(—v(z, s,))Px (x5 1 (dz)) is an unnormalized
regular conditional probability distribution for X, given observations (Y; —Y;, s <t <
T'), which coincides with that provided by the Zakai equation for the time-reversed
problem. This provides an information-theoretic explanation of the connection be-
tween nonlinear filtering and stochastic optimal control used in [6] as well as widening
its scope. For a somewhat different problem involving optimization over observation
functions, see [16].

6. Information flow and localization. The results of section 2 concerning
the information conserving properties of Bayesian estimators can be localized in the
context of the diffusion problem (3.1), (3.2). Proposition 2.1 can be applied to provide
variational characterizations of various conditional probabilities of the path measure
Pxy, including transition probabilities, and these can be used to characterize the
flow of information at a given time and in a given state.

For any initial law i < p and any control u satisfying (U1l) and (U2) for all 6,
let (2, F, (F1), P, X, V) be a weak solution of (4.29), let Px be the distribution of X,
and let Px s, PX’S, and Py 4y (-,y) be the restrictions of P, Py, and Pxiy(-,y)
to A5 (as defined in (3.4)). It follows from the results of section 4 that Px vy (-,¥)
coincides with Py , when ji = py(-,y) and u(-,t) = u.(-,t,y) for 0 <t < s. As
shown in the discussion following (3.13), this is the unique probability measure on
X5 minimizing the apparent information (3.14). The sum of the first two terms on
the right-hand side of (3.14) is the apparent information of pX’s in the context of
estimators of (X;,0 <t < s) given observations (Y;,0 < ¢ < s), which we can think of
as being the apparent information up to time s. The third term on the right-hand side
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of (3.14) is the information in the observations (Y; —Y5, s <t < T'), which we can think
of as being the information remaining in the observations Y at time s. As s increases,
the estimator corresponding to (fi,u) progressively converts observation information
into apparent information. If u = u.( -, -,y), then this process is conservative, in that
F, (1’5’;@57 y) does not change with s. However, if u is not optimal, then the apparent
information can increase faster than the observation information decreases.

We can refine this argument as follows. Let

. APy . - o )
(6.1) I, =log (dPX’ (X)) + H,(0,s, X0, X,y) + v(Xs,8,y) for 0<s<T,
X,s

where H), is defined in (3.10). Then it follows from (3.11) that, for all 0 < s <t < T,

dPx y dPx s
dPX,t de75

+U(Xt7tay) - U(Xsa s,y)

jt:js"_lOg( (X)> +Hp(87t,Xs7(Xr,8§T‘§T),y)

(6.2)

Let Qx and Qx be, respectively, the distributions of (X7, s <r <t) (as defined
in section 3) with and without the application of the control (u(X7*,7),s < r < t).
The apparent information of Qx in the context of estimators for (XP%,s <r <t
given Y?° is

(2, Qx,y) = h(Qx | Qx) +

(6.3)F 2, y), Qx) + (0(xe b y), Qx),

oz 5,0) // (= e, )P Qx4 (d02)) dr

.7:"s> dr.

Thus (I;, ;) is a submartingale and a martingale if u = wu.(-, -,y). This is the
Davis—Varaiya [4] characterization of the optimal control for the problem of section
4.

where we have used (2.10). It now follows that

- - . - 1 [t. -
B £ =T+ [ B (10— w) ()P

Setting t = s + s in (6.3), we obtain the following local information quantities:

(6.4) M(Qx1Qx) = 5lo"u(z, )85 + o(s),
(65)(Hyls,5+ 85,2, -,9), @x) = ~g(=)'8y + lg(2)?8s + o(65),

<U(Xs+637 s+ 637y)a QX) = U(Zv S7y) + g(Z)/(Sy

IR 1
- ((u - 2u*> au, + 2|g|2> (2,8,9)6s + 0(és).

Equation (6.4) shows the local increase in information gain of the distribution of the
process (4.29) over Py, (6.5) shows the local increase in the residual information of the
estimator Py, and (6.6) shows the local decrease in the average information remaining
in the observation after time s. If y is differentiable at s, then there is a local rate of
increase of apparent information of |o'u(z, s)[?/2 — (¥s — g/2)'g(z) and a local rate of

(6.6)
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decrease of the remaining observation information of (u — u./2) au*(z,s,y) — (ys —
9/2) g(z). The former exceeds the latter unless the control is optimal.

The dual problem can also be localized in this way. For u as above, let flp be a
measurable function such that

t t
N 1
Hy(s,t,z, X**°) = 7/ u'o (X5, r) dVT+§/ lo'u(X*,r) | dr

(67 + (K, — Ky),

where K is differentiable and K7 = 0. This can be thought of as being the equivalent
of H,(s,t,z, X**, y) for an unspecified time-distributed observation such that at time
s the remaining information in the observation is K. (This corresponds to H (X)
of (5.1) with K = Kjy.) Let Q% be the distribution of (X?*,s < r < t) when it is
controlled by the optimal control. Taking expectation with respect to Q% in (6.7) and
taking the limit as ¢ | s, we obtain a local rate of decrease of compatible information of
(uy —u/2) au(z,s,y). The local rate of increase of the information gain of Pyy (-, ¥)
is, of course, |0'u.(z, s,y)|?/2. The latter exceeds the former unless u is optimal.

In the global dual problem (5.1), the regular conditional probability Px|y(-,¥)
is the source of information. At time s the information in this source is

. 1 /[° _
Ss = h(ji|p) + 5/ / 0" u. (2., y)|* Py (x; ' (dz), y) dt.
O n

At time T there is no information in the observation and no residual information—
all the information is still in the source. As s decreases, information flows out of
the source at a rate Sy; it is merged with residual information and flows into the
observation at a rate K. If u is optimal, then the flow is conservative, whereas more
generally information is lost.

Let 'H. s be the Hilbert space of n-vectors of reals with inner product

<a7ﬂ>z,s = O/a(Z, S)ﬁ

The developments above show that the regular conditional probability Pxy(-,y)
is locally characterized at the point (z,s) by the diffusion coefficients a(z,s) and
(b(z, s) + a(z, s)ax), where a,, minimizes

1
(68) 5”0[”53 - <a,u*(z7s,y)>z,s7

whereas the optimal trajectory in the dual problem (5.3) is locally characterized in
that its negative gradient at the point (z, s), 5, maximizes

(69) (8,10 (2,5,)) 00 — 51612,

The local balance of the Bayesian path estimator is thus characterized by the
Legendre transform pair (6.8), (6.9). Of course, this is the characterization of the
optimal control problem of section 4 provided by the stochastic maximum principle,
the adjoint process being the gradient of the optimal dual state, v(-, -, y), evaluated
at (Xt, t)
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7. Conclusions. This article has developed dual variational characterizations
of Bayesian estimation, in which the “cost” functionals have particular information-
theoretic meaning. These characterizations provide a natural framework for the study
of modeling and approximation errors in estimators such as nonlinear filters. They
also link such issues with a broader theory of “stochastic dissipativeness” (see [1]),
on which the ideas and techniques of statistical physics can be brought to bear. We
believe that this will have a number of advantages, for example, in the study of
the long-term behavior of stochastic systems. For a recent development of this type
see [12]. The characterizations also provide a framework for the representation of
estimators, in a broader context, as apparent information minimizers and compatible
information maximizers. These issues will be explored elsewhere.
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