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Abstract

In this paper, we establish a stochastic maximum principle for a stochastic minimization problem under partial informa-
tion. With the Backward stochastic differential equations (in short BSDE’s), we establish a sufficient condition of optimality to
characterize and determine an optimal control. This is done instead of using the Hamiltonian which is a deterministic function.
The equations translating the dynamics of the state variables of the controlled system contain an BSPDE (Backward stochastic
partial differential equation) which can be the unnormalized conditional density like the Zakai equation born from a problem of
passage from partial to full information.
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1. Introduction

Control theory is now applied in various fields: Optimization of air traffic ([4, 18, 5]), railway,
road, transport, optimization of radar coverage, response responsiveness, inventory management, troops,
equipment, distances in the military field, and many others (See [17, 21]). Coupled with filtering theory,
it is applied to fields such as: Radio astronomy ([17]), passive tracking ([17]), estimation of the position
of a satellite ([18]), signal filtering, sound or image, putting and keeping a satellite in orbit ([18]), guiding
spacecraft (rockets, planes, drones etc. [18, 21, 5, 22]), portfolio management in finance ([2, 9, 13, 14, 19])
and many more ([17]).

One of the fundamental problems in control theory ([14, 1, 9, 7, 8, 3, 20]) is the determination of the
optimal control. This problem is generally solved by the minimization ([13, 12]) or the maximization
([9, 16, 2, 14, 6]) of an associated function called criterion, objective function or cost function. The goal of
control theory is to drive a system from one state to another or to stabilize it. In stochastic control theory
and under partial information ([2, 1, 9, 8, 14]), we face systems evolving under conditions of uncertainty
and we must control under the basis of perceived information. For example driving and keeping an
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airplane ([4, 5, 21]), a rocket ([18]) on its trajectory, a satellite in orbit based on perceived information
such as gas ejection rate, wind speed, atmospheric conditions which are random variables or in fiance
([14, 2, 15, 9, 12]) with portfolio management on the basis of certain market data such as the price of risky
assets or interest rates and many more. Filtering theory ([1]) aims to estimate a state from observations.
Nowadays, both control and filtering theory are applied in many fields ([22, 21, 17, 4]) such as: Industry,
signal processing, aeronautics, finance, aerospace, classical mechanics and many more. In control theory,
the functions to be optimized (integrals, expectations) are not generally sufficiently regular functions as
in classical optimization. As a result, new instruments, techniques and methods are needed.

One of the basic methods established was Pontryagin’s maximum principle applied first to deterministic
control and later to stochastic control ([14, 15, 19]). The basic idea of this method is to bring a control
problem (deterministic or stochastic) to a classical optimization problem.

When coupling a problem of control and filtering simultaneously, the principles of stochastic maximum
generally established ([15]) do not make it possible to solve the problem. Indeed, usually ([14, 2, 19]) in the
dynamics of the state variables of the controlled system, we obtain SPDEs (Stochastic partial differential
equations) with a combined objective function of a mathematical expectation and one or more integrals
([14]). Mainly in the case of control theory under partial information ([14, 1, 9]), the unnormalized condi-
tional density ([3, 8, 1]) of the unobservable variable that must be added to the dynamics of the variables
of states of the controlled system is rather the solution of stochastic partial differential equations of the
Zakai, Kuschner-Shatonovitch or Bellman type.

The authors in ([25, 24, 27, 26, 23]) proceeded to the homogenization of the stochastic PDEs and had for
intention the application to the stochastic control.

In this paper, we propose to establish a stochastic maximum principle as a sufficient condition of optimal-
ity of a stochastic optimization problem with an objective function that depends on the variables whose
dynamics of two of them are governed by SDE (Stochastic Differential Equations) and the dynamics of
one governed by an SPDE (Stochastic Partial Differential Equation). The authors in [14, 15, 1] considered
this problem but with only one observable variable, the SDE or a maximization problem. We use the
SDE, the SPDE and the BSDE with the Hamiltonian and the adjoint equations which are BSDE(Backward
stochastic differential equations) to establish a sufficient optimality condition for the associated minimiza-
tion problem. The following section 2 presents more of the motivations, the model, the problem and the
basic elements. Section 3 is devoted to the results.

2. Motivations, model, problem

When coupling a control and filtering problem, it is necessary to add to the state variables of the
controlled system a conditional density whose dynamics are rather governed by a SPDE. Unfortunately,
the majority of established stochastic maximum principles are made in the framework of deterministic
control. In the framework of stochastic control under partial information ([14, 9, 15, 19, 8, 10]) where
we couple a control and filtering problem with n observable variables Y!, Y2..Y™ and p unobservable
variables Z!, Z2...ZP with the dynamics:

dYt = h(t/ Zt/ Yt)dt + O-(tl Yt)dwtl YO =Y, (21)

AdZy = g(t, Z, YO dt + ot Zy, YO AWy +y(t, Zy, Y ) dAWE,  Zg =« (2.2)

where W and W+ are two given independent Brownian movements respectively p and q— dimensional.
Assuming:

Assumption 2.1. .

i) h(t,z,y) : [0, T] x R™ x R™ — R™ is globally continuous and of linear growth (in z and y: |h(t,z,y)| <
k(1+ [z )+ [y D).
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ii) g(t,z,y) : [0, T] x R™ x R™ — IR™ is uniformly continuous in z, y is bounded and twice continuously
differentiable with bounded derivatives.

iii)o(t,y) : [0, T] x R™ — £ (R™,RP) is uniformly continuous, bounded, three times continuously dif-
ferentiable with bounded derivative, satisfies the following: oo' > Al ! for all y and t, for some
constant A > 0 (uniform ellipticity condition).

iv) «(t,z,y) : [0,TI x R™ x R* — £ (IRm,]Rd),y(t,z,y) [0, T] x R™ x R™ — £ (R™,RY) are uni-
formly continuous and « is uniformly elliptic.

v) h, 0, g and vy are globally lipschitz of y and z.

Let Dy = D(t,Yt) = (00Y)(t, Y¢) which we assume to be symmetrical and invertible. ¢ defined by :

1
det = —@¢h'(t, Ze, YDy 2(t, Ye)dWy, @ =17

¢ is a supermartingale with E[p] =1 Vt € [0, T]. Therefore by Girsanov’s theorem, we define a new
probability measure IP such that vt € [0, T]
dp

i = @t ( d]f) = (ptdIP on {S’t,Vt S [O/TD
dP |,

and there exists a Brownian motion W under P such that: dY; = o(t, Y¢)dW;

1
2

1
dzZ; = [Q(t/ Zy,Ye) — ot (t, Zy, YORY (Y, Ze, Ye) Dy 2| dt+ +at(t, Zy, Yo) Dy 2dYe +v(t, Zt;Yt)thL-

; Let (Y¢,t € [0,T]) be the process defined by:

~ _1
dY-t - Dt z dYt (23)

Then Y is a Brownian motion under P and Y and W+ are two independent Brownian motions(see[1]). In
addition, using the fact that Dy is invertible, we have : §Y = .
Let us set

1 t _1 1t
K¢ =: pi = €&xp {J ht(sr ZS/YS)DS deS + ZJ ht(sr Zs, Yst_lh(Sz Zs/Ys)ds}
t 0 0

t 1 t
= exp {J h'(s, Zs, Ys)Dg tdYs + 2J ht(s,Zs,Ys)Ds1h(s,Zs,YS)ds}
0 0

Then K is a martingale.
Let ¢ = (b(t,z,w), (t,z,w) € [0, T] x R4 x Q), be a process such that for all f € C(R?) °. We have:

E[f(Zo)Ke|FY] = LRd f(z)Pp(t,z)dz, (2.4)

E its expectation under . Then ¢(t,z) is called the unormalized conditional density of Z; given
Applying the theorem of {to to (K(f(Z;))and using the integration by parts, ¢ satisfy a backward stochastic

1ot denote the transposed of o
2h! the transposed vector of h
3Cg°(RY) = space of functions C* on R¢ with compact support
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partial differential equation precisely the following Zakai equation (see [16], [9], [14], [1]):

_ 2 |
do(t, z) = ;lz) > aZ?aZj { vyt + o] bt z)} — ; 9gid(t,2) dts

aZi

(2.5)
dY

h—Zaii(ocwt,zn

=L5d(t,z)dt + M*P(t,z)dYy,
With initial condition ¢ (0,z) = &(z) where &(z) is the density of Z,

2 .
Lyd(tz) = % >y a:az- { [y + o] ot Z)} -y 9(gid(t,z))
i 159 1

aZi

— £o(t,2) +id(t, 2)
MB(tz) = he Y (ool 2)

¢(t, z) is called the unnormalized conditional density of Z.

In this work, we establish a stochastic maximum principle where the dynamics of one of the state variables
of the controlled system is governed by an SPDE(Zakai Equation for example). Unlike in [14, 11, 1, 15],
we will use here two observable variables and a variable whose dynamics are given by a stochastic partial
differential equation.

Let T be a fixed exercise date, (Q, 3, {gt}OG[O,T] ,IP) a filtered probability space on which we have two

Brownian motions W! and W2. We consider the controlled diffusion below which describes the dynamics
of the various state processes:

dY! =by(t, Y}, ug)dt + op1(t, YL, ue)dWE + o1a(t, Y, ue ) dW2, Y$ =y}
dY? = by(t, Y2, wy)dt + 001 (t, Y2, e ) AWL + o (t, Y2, 1) dW?, Y3 =3
dXt = b3(t/ th Y%/ Y%/ ut)dt + 031 (t/ Xt/ ut)dW‘} + GBZ(t/ Xt/ ut)dW%/ XO =X

dod(t,z) = [Ld(t,z) + ba(t, z, d(t, 2), %(t, 2), YL, Y2, uy)]ldt 26
+on(t,z, d(t,2), aa—i)(t, 2), YL, Y2, u)dW! '

0
+ 0_42(t/ z, Cb(t/ Z)/ %(t/ Z)IY%/Y%/ ut)dw’%/
im  &(t,z) =0 Vt e [0,T]

|z||—+o0

$(0,z) =&(z), ze R.

where L is a linear differential operator. by, by, bz, bs, 011, 012, 021, 022, 031, 032, 041, 042 the given functions
satisfying the conditions of existence and uniqueness of strong solutions of the above system, and L* the
formal adjoint of L.

Let f and g be given functions C! in their arguments. We consider the objective function:

.
(u) =E f(t,z, YL, Y2, X, d(t,2),b,u)dzdPg dt
rJR t t

0

2.7)
+J J g9(z, Y}, Y3, X1, d(T,2), b, ur)dzdPp
RJR

We note U, 4 the set of admissible controls contained in the set of controls §;— predictable such that the
above system has a single strong solution and

E [jOT IR R [F(6,2, YL, Y2, X, &(t,2),0,u)| dzdPgdt+ [ [k |9(z Y3, Y2, X1, (T, 2),b,ur)| dzdPg] < oo.
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Problem 2.1. Determine the value function
J() = inf J(w) (2.8)
uec uad

under conditions (2.6).
That is to say to seek the optimal control 1t € Ugq which minimizes the objective function J.

3. Stochastic maximum principle for minimization problem

For the control problem (2.6), (2.7), (2.8) we define the Hamiltonian:

H:[0,TIxRxR?xRxR*x R xR*xR*x R* — R

H(t,z,y1, Y2, %, &, &', 1w, p1, P2, P3, P4, A1, 92, 43, 44, 41, 5, 45, d4) = H(t, z,u,x, &, &', u,p, q,q")
: with y = (y1,Y2), p = (p1, P2, P3,P4), 4 = (91,92, 93, 94), 9" = (d7, d3, 93, q4)-

H(t/ Z,Y1,Y2,%, d)/ d),, u,p, q/ q /) = _LR f(t/ Z,Y1,Y2, X, d)/ 6/ U.) d]PB + bl (t/ylru)pl + bZ(t/ Y2, U)pz

+ b3(t/91/ Y2, %, u)p3 + b4(t/ Z, ¢)/ (b,;‘Jl/ Y2, u')p4 + 011 (tfyllu)ql

+021(t,Y2,1) g2 + 031 (£, %, 1) g3 + 041 (£, 2, b, ', Y1, Y2, W s + o12(t, Y1, 1) g
+0o2(t,y2,u) 4y + 0x(t, x, W3 + 0p2(t, 2,6, ¢, y1, Y2, ) qy o)
3.1
Where ¢’ = a 2 ¢ = %%J.We suppose that H is differentiable in the variables yi1,y2,x, ¢ and ¢’
For u € Ugq4, we consider the adjoint processes satisfying the backward stochastic differential equations
in the unknown P1 (t/ Z’)/ q1 (t/ Z)/ q{ (t/ Z)/ pZ(t/ Z)/ qZ(t/ Z)/ qé(t/ Z)r p3(tr Z)r q3(t/ Z), qé (t/ Z)
, Palt, z), qa(t, z), q4(t, z) € R with the system of adjoint equations:

—dp1 = fit(t,z)dt — qdW{ — q;dWg, p1(T,2) = [ g (2, D)dP
—dpy = STH(t, z)dt — qpdW{ — q,dW53, p2(T,2) = [ §y2 z,b)dP
—dps = 9 (t,2)dt — qzdW] — q;dW2, p3(T,z) = [k 55 (z,0)dP
—dpy = [t 2) + Lpa(t,2) — & (Lot )| dt— quaWh — quaW2, pa(T, 2) = [ 3% z,b)d]Pg
’ llm p4( ) - 0
[|[x]| =400

3.2
With short notations:g(z, b) = g(z, Y3, Y2, X+, $(T, z), b, ut) and 2
H(t z) = H(t, 2, Y}, YE, X, d(t,2), &' (t,2), we, p(t,2), (1, 2), ' (1, 2))
Remark 3.1. .
If we suppose for example that the coefficients of the controlled diffusion, and our functions are fairly
regular then there is existence and uniqueness of classical strong solutions of our backward stochastic

differential equations as well as of the backward stochastic partial differential equation constituting the
process of associated adjunct equations.

We have the following theorem:

Theorem 3.2. .
Let v € Ugqq with the corresponding solutions Yi, Y2, Xy, d(t,2) of(2.6); P = (P1,P2,P3,Pa), § = (41,82, 43,G4), 4" =
(q;, q;, q:;, q;) of (2.8) and (3.2). Let the following conditions be satisfied:
1. The function g : (y1,Y2,%, &, 1) — g(z,Y1,Y2,%, $, b, w) is convex in y1,yz,x and ¢ forall z € R,b €
IR,LL S uad
2. H(t/ Z,Y1,Y2, X, ﬁ/ q)/ d)//ﬁ; q/ q/) = min H(t/ Z/H]/HZ/X/phi’/ cb ,'LL,f), q; q,) VUl;UZIX, d)/ d)/

ucleqq
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3. The function h: (y1, Y2, X, (1),(1)') — H(t,z,Y1,Y2, %, (b,(b',ﬁ,f),q,q’) is convex in yi,Ya, x, $ and cl)/for
all (t,z) € [0,T] x R

4. With the integrability conditions below satisfied:

E UJ Ir { 011 — 611)215%(’512) + (012 — 612)° pi(t,z) + (Y — V1)2 a3 (t, z)+
(Vi - Yl) q 1(t 2) + (021 — 621) P3(1,2) + (022 — 622)” P3(1,2)
(F = V2)° d'3[t2) + (o3 — 051" p3(t,2) + (032 — 0)7
(Xt —Xt) q 3(t, z)} dtdz] < oco. and
E |Jy [ {(0n =60 p3(t,2) + (00— 60)° B3(t,2) + (6(t,2) — b1 (t,2))
(0(t,2) = d1(t,2))" d%5(t,2) } dtdz]| < oo

Then the control {1 is optimal for the problem (2.8).

Proof. .

Let us show that J(1t) < J(u) Vu € Ugq.
Recall that

H(t/ Z,Y1,Y2,%, d)/ d)//u/ P, CI/ q/) = J]R f(t/ Z,Y1,Y2,%, Cb, BI 'LL) d]PE + bl (trylzu)Pl + b2(t1y21 U)PZ

2
2
2
3

+bs(t, Y1, Y2, x, Wps + ba(t, z, &, &', Y1, Yo, u)psa + 011 (t, y1, w)q1
+ 021(t, Y2, W) q2 + 031 (t, x, u)q3 + 041 (t, 2, &, d', Y1, Yo, u)qs + Glz(t,yl,u)qi
+ 0 (t, Y2, WGy + 03 (t, X, 1) g3 4+ 0a2(t, Z, &, b7, Y1, Yo, 1)y
Let’s pose
H(t,z) = H(t,z, Y}, Y}, Xe, ue, d(t, 2), ¢ (t
]:l( ) (t z, V%IV’%/ Xt/at/ &)(t/Z)/&) 7
f(t,z,b) = (t z,Yt,Yt,xt,¢(t,z),6,ut),?(t
g(z,b) b

NN

A(tl ZA/ V‘%A/ V-%,/\ >2‘t/ d\)(t_l Z)/ b/ ‘CL)/
g(z, XT, Y%, Y%, ®(T,z),b,u

||
F
_\(-<
_ﬁ)
x
d
<
.
N
£
[{a})
N
(on]
Il

bl(t) = bl(t/Y%/ut)/ Bl(t) = Bl(t/V%/ﬂt) bz(t) = bZ(t/Y%/ut)/ BZ(t) = BZ(t/?’%/ﬂt)
bS(t) = bl(t XtIY%IY‘%Iut) 63(t) = 63(t,Xt,V%,V%,ﬂt)
ba(t,z) = balt, 2, b(t,2), & (t,2)), YL, Vi, ue) Balt,z) = ba(t,z, $(t,2), b (t,2), YL, Vi, )
)

on1(t) = o1 (t, Yi,we), &11(t) = 611(t, Vi, W)ona(t) = ona(t, Yi, we), 612(t) = 61a(t, Vi, 1)

2 . . 52
021(t) = o21(t, Yg, ue), 621(t) = 621 (t, Y, 1), 000(t

)
31 (t/ Xt/ut)/ 6-31 (t) = 6—31 (t/ Xt,ﬁt),o-:;z(t) =

031(t) =0
0-4](t,Z) = 0-41(1:/21 Cb(tlz’)l d)/(t Z) Y’%/Y‘%/ut) 6—41(1—‘/2) = 6—41 (t/Z/ &)(tlz’)l d\)/(tlz’)l A%/ A‘%/at)
o2(t, 2) (tz,b(t2), ¢ (t,2), Y], Yo, u) 6n(t) = 6nlt,z bt 2), & (t,2), Vi, V7, )
f’l = f’l}(\t/ )/?2 = f’Z(}/Z)/ﬁA?) = ﬁ (E ) f) = ﬁ ( ) q = Al( ) QZ = qZ(t Z) q = Q3(t12)/Q4 =
Ga(t,2), 41 = 4"1(t,2), 4’2 = q'2(t,2), 4’3 = q'3(t,2), 4"y = q'4(t,2), we have :

LR f(t,2,B)dPg = H(t, z) — b1 (£)p1 — ba(t)p2 — bs(t)Ps — ba(t)pe — o11ds o5

A A A ~ ~ Al Al
— 02192 — 03143 — 04144 — 0129’1 — 022q’, — 03283 + 0424,

(3.4)
N N N N N N N ~ N ~ N Al N Al
— 02102 — 03143 — 04194 — 6129’1 — 6229’y — 632435 + 642y
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.
J() —J(w) =E L J]R JR (f(t, z,b) —f(t, z,b))dtdzleB + J}R J]R (g(z,b) — g(z,b))dzd]I’]B (3.5)
=L+Dh
From (3.3), (3.4) and (3.9) we have:
T
I, = L LR J}R (f(t,2,b) — f(t,z, b)) dtdzdPp
T A
—E ||| {At2) - Rt - (B0~ bif)prlt2) — (Ba(t) — ba0)pa(t,2
0 Jr
— (b3(t) —b3(1))P3(t, z) — (balt, z) — ba(t, z))Palt, z) — (611 (t) — 011 (1)) g1 (t, 2) — (621(t) — 021 (1)) A2 (t, )
— (631(t) — 031(1)) §a(t, 2) — (6u1(t,2) — 041 (t,2)) 4a(t, z) — (612(t) — 012(1)) 4'1 (£, 2)
— (622(t) — 022(1)) 4'2(t, 2) —(632(t) — 032(1)) q'3(t, 2) — (642(t, 2) — Ou2(t,2)) q/4(t Z)}dtdl]
(3.6)

A

< UIRJ {3202,8)(%r = Xr) + 222, B) (7} Y%)+aajz

gi( )(d)(T, z)— (T, z)) }dzd]P]B] according to the convexity of gin X, Y1, ¥? and ¢
0§ 0§ -
—F J {Rr—x7) J I(z,5)dPp + (V1 — Y1) J 9 (2,5)dPg
R 0x R 0Y1

+ (V3 -¥2) LR :ygz (2,6)dPg + ($(T,2) — b (T, 2)) LR gé’) (z,B)d]P]B}dz}

since X, Yl,Y2 and ¢ thus depend on b

=E UR {(V}=Y1)p1(T,2) + (V= V3)pa(T, 2) + (Rt = X1)ps(T, 2)

+(6(T,2) — &(T,2)) pa(T, Z)}dz} hence from(3.2) p1(T,z) = LR 9

99
0x

(Z’/ B)d]PB/

05 - )
p2(T,2) = LR Sz B)dPg,  palT,z) = j

09
0P

(z,b)dIPg and  Py(T,z) = J (z,b)dPPg,

.
JJ {d(\(1 YO)p1(t,2) + (YL = YD) dpa(t, z) +d < Vi — Y, Pi(t, 2) >
R JO

(Y2 =Y})Palt,z) + (Y = Y?)dPa(t, z) + d < Yi — YE, Pa(t, 2) >
(Xe —Xe)P3(t, z) + (Xe — X¢ ) dps(t, z) + d < X — Xe; P3(t z) >
( )

— b(t,2))Palt,2) + (blt,2) = b(t,2)) aPa(t,2) +d < Blt,2) — b(t,2), Palt,2) > }dzat]

.
J { ((b1(t) = br(t))dt + (811 (1) — 011 (1)) AW (1) + (812(t) — 012(1))dWE) Pa(t, 2) + ((b2(t) — ba(t))dt

+ (621(t) — 021 (1)) AW} + (620(t) — 020 (t))dWE) Pa(t, 2)
+ ((b3(t) —ba(t))dt + (631(t) — 031 (1)) AW, + (832(t) — 032(t)) dWE) P3(t, z)
((L(P(t,2) — d(t,2)) + (ba(t, 2) — ba(t, 2))dt + (641(t, 2) — 0w (t, 2)) AW}



Tatiagoum K. Eric , Gen. Lett. Math. , 12 (2) (2022), 64-74 71

. A . )8l A N
+ (6a2(t,2) — 0u2(t,2))dAWE) Palt, 2) + (Vi — Y7) (—a—yl(t, z)dt + @1 (t, z)dW} + g (t, 2)dW?)
+(Vi-Y}) (g, bH)dt+ @t 2)dW} + g,(t, z)dW3)

A

+ (Xe —Xy) (—5¢ (L z)dt+as(t, 2)dAW! + 45(t, 2)dW2)

(1,21~ 0(,2) (- S (t2) - Upateal + o (2502

5 ) dt+ qalt, z2)dW} + gu(t, z)dW%)

.
—E || | { (6116~ 01(0) pr(t,2) + (Baft) — balt)) palt,z) + (Ba(t) — baft) paft, )t
R JO
+ (ba(t) —ba(t)) Palt, z) + L(d(t, 2) — b(t,2))Palt, z) + (V] _Y%)(_gy]i(t""”
o oy, OF . oH
+ (V¢ _Yt)(_am(t’z)) + (X¢ —Xt)(—&(t,z))—i- -
R N .. d (Mt 2)
o (b(62) - 0l1,2) (- 56 2) - Upalt )+ o ()
+ (611(t) — 011 (1)) 41 (t, 2) + (812(t) — 012(1)) A1 (£, 2) + (621 (1) — 021 (1)) A2 (t, 2)
+ (622(t) — 022(1)) @5 (t, 2) + (631 (t) — 031 (1)) d3(t, 2) + (632(t) — 032(t))G5(t, 2)

+(641(t,2) — 041 (t,2))alt, 2) + (642(t, 2) — 0un(t, 2)) G4t 2
From (3.6) and (3.7) we have :

H‘,’_,
o
o
o

ILI

](ﬂ) — I(u) <h+Dh

=E

— (b3(t) = b3(t))P3(t, z) — (balt, z) — balt, 2))Palt, z) — (611(t) — 011 (1)) Aa(t, 2
t)) 43(t,z) — (61 (t,2) — oar (t ))q
S12(t) — o12(1)) @71 (1, 2) — (622(1) — 022()) 4"2(t, 2) — (632() — 032 (t ))4'3( )

, (
. oH . oH .
_( %—Y%) Ul(t z)—( %—Y%)@(t,z) (Xt—Xt) ™ (t,2)
—($(t,2) ¢(t,2))%(t z)— ($(t,z) — d(t,2)) L*Pa(t, 2)

+(@2) - olt,2) 5. (T

+ (621(t) — 021 (1)) qa(t, 2) + ((822(t) — 022(t)) q3(t, 2) + (631 (t) — 031(t)) q3(t, 2)
+ (652(8) — 032(6))4a(t, 2) + (601(t,2) — 001 (£,2))da(t,2) + (6021, 2) — 0w (t,2)) 44, 2) btz

) (6118 — o1 ()1 (6 2) + (B12(t) — o12(8)) (1, 2)
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e . oH - oH
“E || ] {Ana -z — (B0 -Yi0) g 2 - (a0 —¥a() 542
— (R0 -x) )~ (Bit,z) - <l>(t,2))g$(t,2) (B2 0(t2) > <aHa$',"‘))

! . oH . o, L
= Jo JIR {H(t 2)—H(t2) = (A Yl(t))@(t'z) — (Ya(t) _Yt)ayz (t,2)
— (X(t) —xt)aa—x(t,z) —(d(t,2) — d(t,2)) g‘(;(t,z) + ($t,2) —dJ(t,z))a% <al;((’;,/z)>

L (bt 2) — blt,2)) Palt 2) — ((t,2) — d(t,2) L' Pa(t,2) | dtdz]

= A _ H 1y OH 02 \2
—E J LR{H(t,z) Hitz) = 5 (b2 (= VD) = g (,2) (= V)

0

(3.8)

- %(t 2)(Re=X¢) = g';(t, 2)(b(t,2) — d(t,2)) — ;:)l,(t,z) ('(t,2) — ' (t, z))}dtdz}

. Recall that:H(t,z) = H(t,z, Y}, Y2, X, u, d(t,2), ¢ (t,2),9,48,9"),
]:{(t/ Z) = H(t/ z, \7%/ ?-%/ >2’(/ ﬁt/ d\)(tl Z)/ d\)/ (t/ Z)/ ﬁ/ q/ Ci\/)/
Htz X, YL Y2 0,07,0,9,4) = min H(tz XY, Y200 wp,8) XY,V 4,4’
uellagq

]:l(tlz) - mljln H(t/ZIX/?llvzld\)I&)/lulﬁlq)/‘ ]:l(tlz) :H(tlexlvlf?zl(ff)l(fbl/al‘f)lq)l

uellaqq
H(t,z) depends on u and therefore is different from the function A(t,z) which depends on 1. We therefore
cannot directly apply the convexity of H. But we have:

Htz, YL Y2 X, ¢, ¢ u,p,8) > Htz Y, Y2 X ¢, ¢,1,,4)
At z) —H(t,z, Y, Y2 X, b, 0w p,4) < Hltz)—H(tz Y, Y X, ¢, 10,p,4)
Let: H(t,z) —H(t,z) < H(t,z) —H(t,z, X, YL, Y2, b, ', 1, P, q). We can now apply the concavity of h to the
X, $,¢') in

points My = (Y1, Y2, X, (f),q)) and M = (Y1,Y2, X ) in effect h(X, Y1, V2, $, ') = A According to (3.8)
and the convexity of h we have :

T . : oA .
(i 1 y2 0P a 1yl
J{t) =J(u) <E L JR{H(t,Z)—H(t,Z,X,Y,Y,q>,q>,u,p,q)—ayl(t,z)(Yt )
oA " oH N oA .
T (V2 =¥8) — 5 (b2 (Re = Xo) — %(t,z)(d)(t,z) —d(t,2)) (3.9)
oF1 N
— 3¢ (b2 (62— (t2) fatdz]

4. Conclusion

We have established a stochastic optimization result allowing to characterize and determine an optimal
control. This in a stochastic control problem under partial information where the value function of the
problem resorts to a minimization of the objective function. The result was established using backward
stochastic differential equations and in the case where the dynamics of one of the state variables of the
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control system is governed by a stochastic partial differential equation. As a perspective, we intend to
make a generalization of the results in higher dimension in the case where the control is not only a
scalar function but a vector function with several state variables governed by SDE, BSDE, SPDE and make
applications.
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