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Abstract

We consider the problem of robust output feedback
control of set-valued discrete time systems. Such sys-
tems appear frequently in applications such as process
control. The aim is to motivate and obtain an efficient
formulation of robust control problems and the result-
ing structure of the controller for such systems. This
formulation, and the controller structure are obtained
by taking small noise limits of the information state
dynamics arising in a related risk-sensitive stochastic
control problem. The necessary and sufficient condi-
tions for solvability are also presented.

1 Introduction

Robust control addresses the problem of designing
high performance controllers when there is uncer-
tainty in the system to be controlled. The most de-
manding problems in robust control deal with model
uncertainty. In most practical situations these types
of uncertainties cannot be described as an additive
disturbance; which is the typical model used in the
literature on robust or H, control. This is more pro-
found in the case of nonlinear systems, but even in
the case of linear systems where the parameters are
known to lie in certain numerical intervals (but their
precise numerical values are not known). These con-
siderations can be addressed if the problem of robust
output feedback control is formulated in the context
of systems modeled as

€ F(zg,ur)
€ Glzw), k=0,....,.K-1

Th+1
Yk+1

where F' and G are set-valued maps, and zx € R" are
the states, ux € U C R™ are the control inputs, and
yr € R is the measured variable. Furthemore, zg is
assumed to be 0.
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The aim of this paper is to provide an appropri-
ate formulation, and solution of the robust control
problem for such systems. In particular, if we were
given a regulated output z along with the above dy-
namics, what would be an appropriate way to set up
a control problem to minimize the influence of set-
valuedness on z, while achieving certain performance
objectives. Here, the set-valuedness is assumed to
be due to bounded perturbations (additive and non-
additive) of a nominal single-valued system. We deal
with the restricted case (i.e. having o = 0), the
results can be extended to the case of non-zero zg.

We aim at obtaining the structure of the controller
without invoking ad hoc assumptions on the struc-
ture, and without restricting to overtly simplified sys-
tem classes. A key idea used in our approach to
achieve this, following [5], is to study carefully the
relationship between an associated risk-sensitive sto-
chastic control problem and the dynamic game for-
mulation of the robust control problem. The two
are related via a small noise limiting procedure which
helps to establish crisply the structure of the dynamic
controller. The approach correctly constructs the in-
formation state of the controller and its dynamics; a
key concept.

The main steps are as follows. In section 2, we con-
sider a risk-sensitive stochastic control problem. We
employ the idea in [5], where the small noise limit
of a risk-sensitive stochastic control problem is taken
to formally obtain an information state solution to
the deterministic nonlinear Ho, control problem. In
[5] an exponential cost function motivated from [3]
was used, and small noise limits taken. We use the
information state recursion derived from the stochas-
tic control problem as the basis for the derivation of
the dynamics of the controller for the deterministic
problem. From our viewpoint, the stochastic control
problem is entirely motivational, and we drop most
of the assumptions associated with the small noise
limit derivation when considering the deterministic
problem in section 3. The information state has a
natural cost interpretation associated with it, and we
postulate the minimization of this cost as a candidate
formulation for the deterministic robust control prob-
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unknown, we could initialize the information state se-
quence pg as a smooth function weighing the initial
states. We next define

JaY
= {.’Iio,k € Rg,klxl+1 € F(ZE[,U]),

1=0,....k—1}
.,k}, and

I3 (o)

where Rg ;, = {zox|2; € R, [ =0
Tyt (w0) £ {zo € T4 (z0)lis1 € G(mz,w)
1=0,....k—1)

Furthermore, we write r,s € I'y k(:co) for trajectories
r and s such that r € '} k(xo), and syq1 € F(r;,w),
for | =0,:..,k—1, Wlth 89 = ro = To. We similary
write r, s € g} (zo) Consider the information state
recusion (6). By inspection, one obtains

pr(z) = sup, sEI“‘”(O){Zl o L{rie1, T — sip1,m)
— gl = s P i =z}

We now consider the following control problem for
the system (4). Find a control policy u € Uy k-1,
such that
K-1 1
Z {L(T k41, Th+1 —3k+1,uk)”‘é;!7‘k+l —sk+1]2} <0
k=0

(7)
for all trajectories r, s € Iy x(0). Note that, ifr—s €
I%([0, K}, R™), then the above guarantees that

(Cr g L(reat, Tess = Sks1,up)) <l
llr — sl TV
This immediately yields a method to set up robust

control problems for the system X. Consider for ex-
ample the following regulated output.

Ze1 = M1, Uk)

where xj, evolve via the dynamics (4). One could now
consider attenuating the (Lipschitz) induced norm of
z, (provided of course that h is not, say, uniformly
Lipschitz continuous in z) by defining L as

L(r,w,u) = |h(r,u) — h{r —w,u)|?

Such a problem is considered in detail in [1], and an
example of its application to disturbance attenuation
for a discontinuous system subject to parameter vari-
ations and additive noise is given in [2], where its

performance is compared to an H, controller.

3.1 Controller Structure

Before, proceedmg further, we define the following

pairing, (p, q) sup, . g~ {p(z)+q(z)}. Wenow state
the solvability of the robust control problem in terms
of a new cost function involving the information state

Pk-
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Lemma 3 For any u € Uy x—1, the closed loop sys-
tem T satisfies (7) on [0, K], if and only if the in-
formation state py satisfies

sup  {(pk,0) | po = d103} <O
y1,x EA(0)

(8)

Jor all k € [0, K], where A%(0) are all the measure-

ments that can be generated by the closed loop system
T,

Remark: The above result yields a separation prin-
ciple, since one now deals solely with the information
state system (6), where the information states p plays
the role of the states, and y the role of disturbance.
Hence, we have converted a partially observed system
(4) to a fully observed (infinite dimensional) system
(6), with the cost now given by the left hand side of
equation (8). The problem now is to find a control
policy u € Ug, k-1 which achieves

inf su 0
u€Up, k- -1y, keAp“( {(Pk, )Ipo

S0y}
Such a policy will depend only on p, i.e. ug = u(px),
and we call such policies information state feedback
policies, and denote by Io,x—1 C Up,x—1 the set of
such policies.

Let £ be the space in which p lives. We define for
a function W : £ - R*

dom W = {p € €] W(p) is finite}

We employ dynamic programming to solve the prob-
lem. Define the value function by

Mi(p) = _inf sup  {(px,0) | po = p}
u€Uo,k—~ ~1yeay ,(0)

for k € [0, K]. The corresponding dynamic program-
ming equation is

Mk(P) = inf sup {Mk—-l(H(p: u9y))}’ ke [HK]
uelU R
ve
9)
with the initial condition Mgy(p) = (p,0). Then, we

obtain the following necessary and sufficient condi-
tions for the solvability of the output feedback robust
control problem.

Theorem 2 (Necessity) Assume that 4 € Og k-1
solves the finite time output feedback robust control
problem with xo = 0. Then there ezists a solution M
to the dynamic programming equation (9) such that
Mlc(é(]) = 0: Mk(p) .>_ (P, 0)’ pE dom Mk: ke [O’ K]

Theorem 3 (Sufficiency) Assume there exists a so-
lution M to the dynamic programming equation (9)
on some non-empty domain dom My, such that §g €
dom My Mi(80) = 0, My (p) > (p,0), k € [0, K]. Let
u* € Ipx-1 be a policy such that uf = u}_,(pr),



Then it can be shown that this satisfies the following
dynamic programming equation

V#e(o,k) = infyeu, , BF VA (25 (4, yrt1)o,
k+1)]
Ve (o, K) = El[<o,1>]

for k = 0,...,K — 1, where the infimizing control
value ug (o) solves the risk-sensitive control problem.
It is clear that uy (the control value at time k) is a
function only of (the information state) o at time .
Hence, the policy is separated, and the information
state contains all the relevant information required
for control. We now take the small-noise limit of the
information state recursion to construct an analogous
filter for the deterministic robust control problem.

2.3 Small Noise Limit

We first define some spaces following [5].
Mé{’)’eRgh’l > 0,2 > 0} define

For v €

A L ~
D7 2 {f € C(R™) | p(z) < —m |z |> +72}
D2 (He C(R") |5(=) < —m |z > +n
for some v € M}

We equip these spaces with the topology of uniform
convergence on compact subsets. Define A¥* : D - D
by

- YaN
A (u, y)p(z) =
sup?GR" {ﬁ(é‘) + SUP,reF(¢,u) (L('Z) z=T, u)—
s | 2= 1) = +infsecey(3 1 517 —s9)}
for p € D.

Then we have
Theorem 1

i & e * £ _ Anx 5
;%Mlogz (u,y)e AP (u,y)p

in D uniformly on compact subsets of U x Rx D7 for
eachye M.

Proof: From (1) we have
£ log B4+ (u, y)e*?(2) =
£log R [rew Joe &P Laple—rP -
22 log(2me) + L(z, 2 — ryu) + B(€) + £ log x(§,u)+
= og (&) — L[4 | s £ —syl)dsdrdg
Under the assumptions made on the system, a

straightforward application of the Varadhan-Laplace
lemma, (Appendix) yields the result. m}

Remark: In particular, setting o = <7 in equa-
tion (2), and employing the result of theorem 1, we
obtain

Pr+1(2) = SUP.. B" {Pr(&) + SUPreF(g,uk)(
L(z,z —ryup) — 55 | 2 — 1 [*)—
+infeece) (5 | s 17 —syrs1)}

fork=0,...,K —1.

®3)
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3 Robust Control

We now consider the deterministic system (corresp-
onding to € — 0) defined by
€ F(zg,ux), o=0

2 { Tg+1
Y1 € G(ak)
for k = 0,...,K — 1. We assume that the system
(4) satisfies the relevant assumptions of section 2.
Namely, that F, G take on compact values with non-
empty interior, and ug € U, with U compact. We
first simplify the information state recursion (3) for
this case. Here it is assumed that we have access to
the function L, which is tied to the particular kind of
robust control problem being considered. More will
be said about this in the next subsection. Note that
we have forced z¢ = 0 here. The reason being that it
simplifies the development. The general case can be
dealt with in a similar manner [1)].
We carry out the following change of variables in
equation (3)

4)

(@) 2 o)

Pr(z) — —

k—1
Pe()
7

i >, k=1,...,K.

Then equation (3) can be written as

pra(z) = SUP;e R {pr(&) + SupreF(g,u,,)( ‘
L(z, & —r,ur) — 3]z — 7]*)—
35 infaece) (8 — Ya+1)"}
()
Using the convention that the supremum over an

empty set is —oo, we can place a natural restriction
on {. Define

Qz,y,u) = {¢ € R* | ¢ € F(¢,u) and y € G(£)}

This just ensures that the values of £ are compati-
ble with =, u and y, given the dynamics (4). Then
equation (5) can be written as

Prt1(z) = Supgen(z,yk+1,u,,){10k(§) + suPreF(E,uk)(
L(z,z —r,uk) — 55 | o =1 %)}
(6)
or by (compactly) writing H (pg,yk+1,ur)(z) for the
right hand side of (6) as

H(prs Yiot1, Uk)

JO

yielding the information state recursion for the de-
terministic system. Here, dp(:) : R® — {—00,0} is
defined as dp(¢) = 0 if £ € M, or else equal to —o0
ifEd M.

Remark: Since, o = 0, we require pg = d¢0y- This
forces us to drop the requirement that p be contin-
uous for the deterministic case. However, if zo were

Pey1 =
Po =



Lemma 1 Under PY, the random variables {y{} are
i.i.d. with density function ¢°.

Proof: Let t € R, and consider

Py < t|Gr-1) =
E[I(y; < t)|Gk—1]
= E*[A{I(y} < 1)|Gr—1])/E*[A4|Gr_1]

Now

E*[AfIGk-1] =
Ai—-le(zi—l) fR fg(z;_l) o (”i + f)dfdvi
= Af_,0(z_1) .I\G(z:_l) Jr & (W) dyidé
by changing the order of integration

and a change of variables.
=As_,

and

E*[ALI(yg < 8)Gk-)
=A5_,00=5_,) [p fG(zi-x) I(y; < t)
¢ (vg + £)dédvg
= A5_10(2%-1) .I‘G(z:_l) Tr I} < t)¢° (yg)dyzdé
by changing the order of integration, and a
change of variables.

= A5, [t ¢ (Wp)dyg

The result follows.

It is clear that under P, yf, and zf are independent.
Furthermore, the existence of P is guaranteed by
Kolmogorov’s extension theorem. In a similar man-
ner, we define the inverse transformation relating P*
to P' as follows.

dpt

d_PTIQk = 2 =}, V°(af_1,uf)

where

W (551, 05) = 8(3F_1) S ) ¢ WF — ©)dE/4° ()
= 0(2_1) Jog ) oxP(-2 (311~
—y;€))dE

2.2 Information State

Consider the space L®(R") and its dual L=*(R").
We will denote the natural bilinear pairing between
L®(R™) and L*°*(R") by < 7,1 > for T € L>*(R"),
n € L*°(R"™).

We define the information state process o} €
L>*(R") by

<opf,m>= i
Et[n(af) exp(4 Ximy L(=f, wi, wi-1)) 25 | Vil

for all test functions n € L>*°(R"), for k = 1,..., K,
with of® = p € L*(R™). We introduce the bounded
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linear operator £#< : [*°(R") — L*°(R") defined
by

= (u, y)n(€) &
fR" fF(f,u) ¢€(z - 1‘) exD(l::‘L(z’ z—T, u))
- n(z)drdz¥°(§,y)x(§,v)
and its adjoint X#°* : L°*(R") — L°°*(R") defined
by

Ther (u, y)o(z) £

fR" fp(g'u) x(& u)t(z —r)-
exp(}siL(zr Z—=T, u))‘I’E(& ’y)O’(f)d’T‘df

)]
Lemma 2 The information state 0}° satisfies
{ 0’;:’6 = Eu'e*(uk—l,yi)agfl 0
e (2)
g = p
Proof:
<optn>

= Ef[n(z}) exp(¥ Yroy L(zf, w§, w-1)) 25| Vel

= E[n(z5) exg(‘iL(wi,wi,uk_l))‘lﬁ(mz_l,yi)'
exp(f Yoim1 L(zf, wf,wi-1))25_;| V]

= Et[fR" fF(z,,_,,u,,_l) n(2)-
exp(gL(z, Z—=T, uk—l))‘pe(mi—l ’ylec)
X(@k—1, uk—1) exp(£ S5 L(zf, wf,u-1))-
ZE_ Y% (z — r)drdz| Vi)

=< Ule;-l: fR" fF(‘,ﬂk—l) n(z)-
exp(£L(z, 2 — yup—1))x (" uk—1)
T (-, Y9 (2 — r)drdz >

=<5, TR (U1, Y50 >

=< TFE* (Up—1,Y5)0%_1,M >
for any 7 € L®(R").

Observe that for all u € Uy x—1, we have

Ef[< o*,1 >]
= B'[Bfexp(£ 5515, Laf, vf, w-1)) 25 V]
= Bllexp(4 T,5, L(af, 0f u1-1)) 2]
= J##(p, )

Thus, the cost can be expressed as a function of /3®
alone, and hence the name information state for o},
is justified. We can now obtain the solution to the
risk-sensitive stochastic control problem via dynamic
programming. This methodology is well known in the
stochastic control literature [5],[4]. Define the value
function for o € L*(R™) by

V#e(g,k) = inf

Ef me 1 e _
vt [< ok’ 1> o} o]



lem. We also present necessary and sufficient condi-
tions for the solvability of the deterministic problem.
These conditions are derived independently of sec-
tion 2. Thus, once the structure of the controller has
been discovered by taking small noise limits to the
risk-sensitive stochastic control problem, the actual
deterministic results can be derived directly with less
restrictive assumptions and easier mathematical ar-
guments.

2 Risk-Sensitive Stochastic
Control
We will consider a special case of the risk sensitive

stochastic control problem. On a probability space
(9, F,P*) consider the stochastic control problem

6; +U)i+1, §IE¢ € F(‘T?wuk)
Vi + vy, vk € G(a%)

Tipr =

£ —

Ye+1 =

on the finite time interval £ = 0,..., K — 1. The
process ¥° € R is measured, and is called the obser-

vation process. z° € R™ represent the states. For
convenience, we will write the dynamics as

€ F(zi7uk) +wi+1
€ G(wiluk) + vi-}-l

£
Trt1
£
Yk+1
Denote by s k+;, the sequence {Sk, Skt1,. -+, Sk4j}-

Let Gy, Vi, denote the complete filtrations generated
by (mg’k,yg, x) and y§ ;, respectively. We assume

Al y5=0

A2. {w} is a R™-valued ii.d. noise sequence with
density

YF(w) = (2me) "/ exp(—5 | w [*).

A3. {vi} is a real-valued i.i.d. noise sequence with
density
#°(v) = (27e) "'/ exp(— | v |?), independent
of {wf}.

Ad4. {£&} is a R"-valued random sequence with & €
F(z%,u), having a uniform density

x(z%, ur) = (fgeF(z;,u,,) d¢)~! for each k. Fur-
thermore, for each k, & is independent of wf
and of,l = k+1,..., K. Similarly, {r{}is a R-
valued random sequence with v§ € G(z%) hav-
ing a uniform density 6(z) = (fueG(z;) dv)—1
for each k. Furthermore, for each k, v is inde-
pendent of &, wi,,, vj,, for I =k,..., K — 1.

A5. The controls uy, take valuesin U ¢ R™ assumed

compact and are Vi measurable.

A6. F is a set-valued map from R™ x R™ to R",
uniformly continuous in z, uniformly in v € U.
G is a set-valued map from R" to R, satisfying

the same assumptions as F.
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A7. Furthermore, F', G assume convex compact val-
ues and have a non-empty interior for all x and
u. X, 8 are uniformly continuous in z, uniformly
in u € U, and are bounded.

A8. z§ has density p(z) = (27)~"/? exp(F|z]?).

We could let 7§, and v§ be generated by other (non-
uniform) densities. However, the uniform density as-
sumption allows simplification of the mathematical
development. Note that assumption A7 places re-
strictions on F and G. An example of F which satis-
fies these assumptions is

F(z,u) = Az + Bu + B,(0)

where, A, and B are matrices of appropriate dimen-
sions, and B,.(0) is the closed ball of radius r, centered
at 0. Note that &, ¥ will in general depend on all the
past values of w®, and v*, through the state z7, and
control ug. At time k, let U(k) denote the set of con-
trol functions uy which satisfy A5, i.e. u take values
in U, and are a function of y§ ,. For [ > 0, we write
Ukt = URYUYUE+1)-- - JU(k +1). For p >0,
the cost function for the risk-sensitive stochastic con-
trol problem is defined for admissible u € Up k-1 by

K
I (p,u) = E¥exp(£ Y Lo wh, ue-1))]
k=1
and the partially observed risk-sensitive stochastic
control problem is to find u* € Uy, k1 such that

JHE(p,u”) = . inf . T (p,u)

€U, xc
We further assume that

A9. L € C(R™ x R™ x R™) is single-valued, non-
negative, bounded and uniformly continuous.

2.1 Change of Measure

Using an idea from [4], suppose there exists a refer-
ence measure PT such that under P, {y5} is ii.d.
with density ¢°, independent of {zf} where z° satis-
fies

Tiqa € F(ah, ue) + wiyy
Define

=T [ Ff + 66 D)
G(z§_4)

and define PT by setting

dpt

dpP®
i.e. by setting the Radon-Nikodym derivative, re-
stricted to Gk to equal A§. Note that in general Pt at
k, may depend on the states zf ,_, (but not on zf),
however we hide this to prevent notational clutter.
We write Ef, E* to denote expectations with respect
to the measures P, P* respectively. Then

lg, = A%



k =0,...,K —1; where aj(p) achieves the mini-
mum in (9), po = 0o, and let p be the corresponding
information state trajectory with p, € dom Mg_p,
k=1,...,K. Then u* solves the finite time output
feedback robust control problem with the initial condi-
tion g = 0.

3.2 A Note on Feasible States

For the remainder of the paper, we lift the restriction
that o = 0, and let it be arbitrary, but known. An
interesting property of the information state is that it
also acts as an indicator function for feasible states.

Definition: For a given initial state zo, an out-
put trajectory y; x+1, and a control trajectory ug , a
state Ty4 is called feasible at time k+1 if there exists
a state trajectory o g4+1 With Tx41 = Fg41 such that
T4y € F(.’I)j,Uj) and Yj+1 € G(.’L‘j) for j=0,...,k.

Consider the following recursion

X (@o) = F(G™Hyr+1) N AL (20), ux)
Xy“(z0) = {=zo}

for k=0,...,K — 1, where G~ (yx+1) = {zx € R" |
Ye+1 € G(z)}, and for a set M C R™, we define
F(M,u) = U,ep F(z,u). Define the following lim-
iter function 7(-) : Ry —» R™ as

()9_ 0 ifz>0
T =91z else

where R, denotes the extended real line and R™ de-
notes {x € Ry | z < 0}.

Theorem 4 Suppose po = 0(,,} then
7(pi(®)) = dxpe (z,)(2), Vo € R”

Remark: Thus, we see that the information state
can be transformed by a simple limiting operation to
the indicator function of the set of feasible states.
This has implications on the computability of the
problem, as suppose the system starts from rest (i.e.
zo = 0). Then, clearly by lemma 3, the informa-
tion state is always nonpositive. Hence, it is zero on
feasible states, and —oo elsewhere. Thus, instead of
computing the information state via (6), one could
consider propagating the set of feaible states (the so
called problem of guaranteed estimation [7},[6]).

Appendix

Here, we state an extension of the Varadhan-Laplace
lemma presented in [5]. Below p denotes a metric on
C(R"™ x RP) corresponding to uniform convergence
on compact subsets. B,(z) denotes the open ball cen-
tered at z of radius r, and G® is a set-valued map,
G*: R" - RP.
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Lemma 4 Let A be a compact
F, € C(R" x R?) and assume

i. lim,_,osup,e 4 p(FE, F,) =0

space, F?

a’

it. The function Fy is uniformly continuous in each
argument on each set Br(0) x B;(0); R,R >0,
uniformly in a € A.

3v1 > 0, v2 > 0 such that
Fi(z,w), Fa(z,w) < —m (|2 P+ |w ) +m7
Ve R",YVwe R™,Ya€e A, Ve > 0.

.

G® is uniformly continuous with conver com-
pact values on each set Br(0), uniformly in a €

A.
v. Int G*(z) # ¢, Vz € R", Va € A.
Then

lim sup |e log / / eFa(@w)/e gy —
e304ec4 n a(z)

.

sup sup F,(z,w)|=0
ze R" weG(z)
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