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ABSTRACT

The decentralized control of stochastic large-scale systems is con-
sidered. Particular emphasis is given to control strategies which
utilize decentralized information and can be computed in a decen-
tralized manner.

The deterministic constrained optimization problem is generalized to
the stochastic case when each decision variable depends on different
information and the constraint is only required to be satisfied on
the average. For problems with a particular structure, a hierarchical
decomposition is obtained.

For the stochastic control of dynamic systems with different infor-
mation sets, a new kind of optimality is proposed which exploits the
coupled nature of the dynamic system. The subsystems are assumed

to be uncoupled and then certain constraints are required to be
satisfied, either in a "off-line" or "on-line" fashion. For off-
line coordination, a hierarchical approach of solving the problem is
obtained. The lower level problems are all uncoupled. For on-line
coordination, distinction is made between open loop feedback optimal
coordination and closed loop optimal coordination. A hierarchical
decomposition of the problem is possible in each case. The linear-
quadratic-Gaussian problem is solved in detail for both off-line and
on-line coordination. The resulting control strategies are found

to have certain nice properties. ’
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CHAPTER 1

INTRODUCTION

1. Nature of Large-Scale Systems

It is hard to give a precise definition of a large-scale systenm,
nor do we believe that there is one. A definition based on the number of
components in the system is unsatisfactory since this would include systems
. which we would normally not consider large, e.qg., a heated rod. Rather,

- the largeness of such systems seems to reflect the effort required to
understand and control them. The following features, though not gxhaustive,
seem to be characteristic of most large-scale systems.
{a) Large number of equations, usually coupled, describing
the system.

(b) Large number of decision variables to be manipulated.
Usualiy these decision variables can be collected
into groups to be chosen by different agents according
to their spatial configuration or their function.

(c) - The decision variables and state variables are so

distributed that the information available to agents

in charge of the different groups of decision variables
are different. This feature is usually absent in
traditional small-scale control systems but is inevitable
in large-scale systems. This kind of information pattern
is sometimes temmed nonciassical w2).

(d) Presence of uncertainty. When uncertainty is absent,

it would be able to exchange the total information
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available among all the decision agents, thus rendering the
information pattern classical.

(e) More than one preference ordering for the entire system.

Two cases are possible. The same set of preference

orderings may Se shared by all the decision agents or

each decision agent may have a different one. The first

case has been>studied under the topic of nonscélai

performénce criterion, e.g., ref. [H3]. The second case
~ generally arises in a game.

(f) Difficulty in modelling the system. This can be illustrated
by the effort spent in understanding systems such as a
power system or the economic .system.

These last two aspects are very impottant but they will not be
considered in this thesis. Rather, we shall assume that a model of the
system is known and there is one single preference ordering for the entire
system which is represented by a cost fuhctional (performance index). All
the control agents choose their controls to optimize (minimize) this cost
functional. We feel that the problem of controlling a large-scale system
is complicated enough even without the last two features.

Two constraints which may be neglecte& in the‘control of small
scale systems become extremely important when the system is large.

(a) Communication. It may be expensive or even technically
imposéible to provide good communication links between all
the control agents.

(b) Computation. The sheer size_of some typical large-scale

systems, e.g., economic systems, may make the control
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problem bigger than that can be handled bylthe fastest
computers available. For the control of dynamic systems, we
need actually to distinguish between two kinds of com-

‘putation, off-line and on-line. Off-line computation is

what can be computed before the system starts funning,

e.g., the computation of the optimal strategies. .On-line

computation has to be done in real time while the system

is actually runping,-e.g., transforming the data received

in. real time into decisions (controls) using the optimal

strategies computed-off-line. 'Iﬁ-generél, on-line com—

putation presents bigger problems than off-line computation

since it has to be done in real time.
Without these constraints, there would be little difference between
. the control of large-scale and small-scale systems. The information
available to the contrcol agents can be pooled together and the optimal-
control policy solved for like a small-scale problem. This policy -can
then be dispatched. to the control agents and implemented. The constraints
on communication and computation make this approach of centralized control
impossible. Some form of decentralization is therefore necessary. This
is the central issue in the control of large-scale systems.

Another advantage of decentralization which is related to communi-
cation is reliability. A design based~on centra;ization cannot function
properly if the communication links between the central agency and the
subsystems fail. On the other hand, decentralized control has the nice

property that a certain degree of autonomy is retained for each subsystem.
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Thus even though no signals are received from the central agency, some

form of optimality is still possible.

4
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2, - Historical Survey

This design and control of large-scale systems has become a very
popular research area in system and control theory. Previously, . this
problem was investigated mainly by econoﬁists and management scientisﬁs
who have to deal with systems much larger than those encountered by
engineers. The design of management information systems and decentraliza-
tion by price mechanisms in organizations can all be regarded as methods
of controlling large-scale systems [A5]. On the other hand, engineers
do have some experience with large-scale systems, e.g., the power system
which is moré or less controlleé in a hierarchical manner [S1}.

Roughly speaking, past efforts on the control of large-scale systems
can be summarized into four categories. |

(1) Resource allocation processes. These deal with a special

class of static systems called the economy. Given their
" initial resource endowments, their production possibilities

and preferences, the economic ﬁnits or participants of the
economy are to choose théir production and‘exchange
activities such that a pareto-optimal point is reached.
Let

I=¢f,...ce....,n}: the set of economic units

X: the commodity space

0_.: the identity element of X

X
il 232 _ % forallie:
vt x %% foraliier

Y = Yl XeeeoseoaX Yn
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1

i i i . i 1 i i,
For any d1 € 1xl, z € ;x21 the pair (d;.zl) =5 €Y |is

called an economic plan of the ith unit.
at: exchange activities
zlz produétion activities-
1 i n )
S = (S )eeeeS jece.,5 )t ‘program

The ith component of the economic enviromment is defined

as the triple

"
m .

A A,wO + R)
where

iA is a non-empty subset of Y; the set of i-achievable
programs.
woi is an element of X; the initial resource endowment
of the ith unit.
.iR is a total oxdering of the elements of iA, i.e., iR
is a transitive, reflexiﬁe,;connected relation defined
on iA.

The economic environment is then aefined as

_ 1 i n
€= (€ ,eeeees€ ,e0aes,€ )

Given an economic environment, as adjustment process is
a set of rules for‘exchanging information among the economic
units, regarding their components of the environment, in order
to reach an agreement about the economic program to be imple-~

mented. Formally, an adjustment process T is defined as

T = (L, £, ¢)
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where

(a)

(b)

“ (c)
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L is the set of messages that the units can use
for exchanging information.

n : '
f= (fl,.....f ) is- the n "response" functionms.

.

£ : 1" x E > L where E is the class of enviromments.
¢ is the outcome rule which associates with each

equilibrium message an outcome set S of economic

programs.

Informational decentralization requires that the response

function of each unit depends on the environment e only through

. its own components. Hurwicz [H4] and Camacho [C6] have

‘presented different informationally decentralized adjustment

processes whose equilibria are Pareto—optimal for different.-

economic' environments. It should be.noted that this class

of problems involve static, deterministic systems of a very

special nature. However, the decision making is also decen-

tralized since the economic units do not have to get together

to cheose their strategies.

Team decision problems. This class of problems is first

proposed by Marschak [M3]. There is a single objective

function and é number of decision makers each with different

‘information on the state bf the system. Optimal decision

rules transforming the information into action are required.

The scheme is informationally decentralized but the decision

makers have to find their decision rules together.
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The linear—quadrafic—Gaussian.static case has been con-
sidered by Radner [Rl]. It is found that the optimal decision
rules are_linear. Reference [M5) contains most of the original
work done. For the dynamic case, when one decision maker's
information depends on the action of another decision maker,
the situation is more complicated. We are used to the case
when the decisioﬁ maker's information includes that of all fhe
decision makers who act before him. _Under those circumstances,
the optimal decision ruies are linearAana are in féct given by
the "Separation Theorem" [A2, Mz} W4). However, Witsenhausen
showed by a counter-example.that the optimal control strategies

need not be linear, [W3], contrary to the solutiqn of ordinary

‘linear-quadratic-Gaussian problems. He also studied when the

Separatipn Theorem holds for problems with non-classical

information pattern [W2]. Ho and Chu [H3] gave conditions

' |

on the information structure such that the optimal deérsion
' |

rules are linear. Chong and Athans [C3] showed that éhe ad-

i

.vantage of decentralized information in team decisionibroblems

i
may be offset by the additional complicated computation

required to find the optimal strategies._'Aoki [Al] studied a ,
dynamic team when the decision agents involved are allowed to

share information about their past control values.

Hierarchical systems. The decision agenté controlling.the
system are arranged in a hierarchy of levels. Each agent in

a level communicates with several agents in the level under it
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ana with.one_agent.iﬁ the‘levél'abo&e. The agents at different
levelsiéerform different functions. The agents at the lowest
level actually interacﬁ with the system under control while
those above act aé information Erocessing centers\or make

léng term decisiong. Although theie are‘a'lbt of intﬁitive
advantages of having a hierarchical system [S2], such as
reliability, adaptibility and ease of computation, very little
is available in the formiof a mafhematical éheoiy fMl]; Most
of the work done in the hierarchical decomposition of systems
‘has been inspired by mathematical programming. One version is
the following. The Suﬁsystems in the large system are con-
trolled as isolated units. This would be unsatisfactory since
thé.subsystéms aré actually coupled to each other. The
coupiing effect is taken care of by a coordinator who sends
out coordinaﬁing signals to the lower lével controllers. The
céorﬁinating signals are so chosen such that the overall

| objective of the system is achieved. The original control
problem is thus dividéd into two levels.. The lower level
problem éonsists of independent optimization problems dependent
on the coordinating signal. The higher level problem is that
of the coordinator. Much of the work done in the decomposition
of mathematical programming can be found in [L3] and [W5). It
should also be noted that some of this work is actually
related to resource ailocation processes. In genefal,-

hierarchical decomposition methods motivated by mathematical
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p:ogiamming.deal mainly with the -computational aspects of the
problem. The presence of uncertainty and the flow of
information between subsystems is seldom treated.

Controllability and stabilizability of decentralized dynamic

systems. Although this work is not primarily'éoncerned with
optimization, it addresses itself to some very fundamental
questions in large-scale systems, namely the controllability
of decentralized systems and their feedback stabilizability.
Preliminaxy work was done by McFadden [M4] who considered a
system that arises in modelling certain aspects of economic
systems'where several national égenbies exercise regulatoxy
control power over different aspects of economic activities.
Aoki [A4) considers the stabilizability of decentralizedr
linear time-invariant dynamic systems with-coordination and/or
communication among cqntrol_agents. It is found that
controllability of the systems no longer implies stabilizabil-

ity and the Control:agénts must in general communicate with

b

—

each other in order to stabilize the system by feedback.
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3. Motivation

From the previous section we can see that most of the work done
on large-scale systems treat the two important issues of computation
and information separately. Work dealing with the computational aspect
of the optimization of large-scale systems is almost exclusively de-
terministic. The flow of information within the system is therefore
unimportant. On.the other  hand, work on decentralized'information
structure seldom considers the importénce of compﬁtational requirements.
Some of the optimal solutions to dynamic teams are computationally not
feasible. Since in the actual control of large-scale systems, com-
putational considerations are as important as those of information,
decentralized . information may not be as efficient as it may appear.-

Decentralized information structure almost inevitabiy givés
rise to more complicated decision rules than centralized information
structure. This may be explained as follows. Since each decision
agent has only partial a posteriori information about the state of the
system, he may want to generate the missing information using the
common a priori information available to him. Mathematically, he is
required to extract whatever information that is available in order
to be optimal.

This motivates us to use a broader interpretation about de-
centralized information. We shall consider two kinds of information:

a priori information and a posteriori information. A priori information

consists of structural information and performance indices. A

posteriori information consists of measurements on the system.
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Thus only a posteriori information may bevdecenﬁralized, or both.
a priori and a posteriori information may be decentralized. If only
a posteriori information is decentralizéd,Athen the common a priori
information may induce each decision agent to use very complicated
decision rules. If appropriate deéentralization ié chosen for both
" a priori and a posteriori information, the decision rules for the
decision agents will be simple. There will be a severe loss of
optimality, however, since the individual agents do not know that they
are controlling the same system.

To compensate for the loss in optimality due to the decentra-
lized information structure (both a priori and a’posteriori) of the

decision agents, we introduce a higher level coordinator who possesses

alllthe a priori information. The-codrdiﬁator may have a posterioii

_ information about the system but in general this information is less
detailed than that of the decision agents. The duty of the coordinator
is to transmit coordinating parametefs to the individual decision
agents such that the system is coordinated in some sense.

. We shall thus consider systems with a multilevel inférmation
structure. The higher level coordinator has all the a priori in-
fo;mation and some a posteriori information. The iower level decision
agents have decentralized a priori information‘as well as decentralizéd
a posteriori information. Tﬁey also receive certain coordinating
parameters from the coordinator. A structure with many levels can be
investigated, although in this thesis, only the two-level structure

will be considered.
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4. Structure of this Thesis

This thesis is structured in thé following manner.

In Chapter 2 the decomposition for a static stochastic
optimization problem is considered. The‘problem under consideration
consists of several decision agents each having different and noisy
information on the state of the system. There is also a coordinator
who sees that certain constraints are satisfied with respect to his'
own information. Results in mathematical-programming are used to
obtain a hierarchical decomposition for this stochastic problem. It
is shown that with the coordinating parameter transmitted from the
'coordinator, the lower level problems of the decision agents can be
solved in a decentralized manner. |

In Chapter 3, the concept of decentralized a priori infor-
matiqp is used to obtain an off-line decomposition for nonlinear
stochastic dynamic systems. The lower level controllers assume that
they are controlling uncoupled dynamic systems with their decentralized
a posteriori information. The coordinator has all the common a priori-
information and insures that certain constraints are satisfied. This
is reformulated into a mathematical programming problem. A hier-
archical scheme of finding the optimal strategies is then obtained.

In Chapter 4, the approach suggested in Chapter 3 is used
to find an off-line decomposition fér the linear-quadratic-Gaussian
problem. Both the lower level problems and the higher level prob-
lem can be solved exélicitly. The optimal local control strategy

.th . .
for the i controller is found to consist of two parts: a closed



~2]1-

loop part depending on the difference of his a posteriori local state
estimate and his a priori local state estimate and an open loop part
depending on the coordinating parameters transmitted by the coordinator.
In Chapter 5, the on-line décomposition of stochastic dynamic
systems when the coordinator collects measurements from the lower
level controllers and sends out coordinating parameters periodically
is considered. Both open loop feedback optimal coordination and closed
loop optimal coordination is discussed. For open loop feedback optimal
coordination, the resulﬁs in Chapters 3 and 4 are used to treat the
nonlinear and linear-quadratic-Gaussian cases. For closed loop opti-
mal coordination a functional equation which has to be solved is
derived. With the help of the solution of a special dynamic team we
arrive at explicit solutions for the linear-quadratic-Gaussian case.
This ié comparéd«with the'éorresponding solution from open loop feed-
back optimal coordination.
In Chapter 6, we review the pﬁilosophy of this thesis and
summarize the results obtained. Suggestions for future research are

also given.
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5. ‘Contribution of this Thesis

The main contribution of this Thesis is.the simultaneous
treatment of the issues of computation and information in the control
of large-scale systems. The concepf of decentralized information is
extended to include decentralized a priori information as well as de-
centralized a posteriori information. Thus decentralized control
schemes, both computational and informational, are obtained. To com-
pensate for the loss in optimality, we introduce an extra coordinator
who has the common a priori information and some a posteriori in-
formation and -influences the lower level through coordinating para-
meters. This is a new approach to the control of large-scale systens.

For static systems, stochastic optimization problems which
have both the features of team decision problems and resource allo-
cation problems are considered. Again this approach considers de-
centralized computation and information simultaneously.

For dynamic systems, the distinction between the two types of
periodic coordination is new. Specialization to the linear-quadratic-

Gaussian case gives results which are intuitively attractive.



CHAPTER 2

DECOMPOSITION FOR A STATIC STOCHASTIC OPTIMIZATION PROBLEM

1. Introduction

In this chapter we consider the stochastic optimization problem
of a static system consisting of several subsystems. Each subsystem has
a decision agent which has noisy information on the state of the system.
The overall objective of the system is the sum of individual objectives
of the subsystems. The subsystems are uncoupled except for constraints,
which couple them together. Contrary to the deterministic case, the
constraints do not have to be satisfied exactly. Rather, the problem
solver only requires the constraints to be satisfied on the average. We
have thus a constrained stochastic optimization problem with several
decision agents each having noisy and different information on the state.
The many decision agent aspect of the problem has begn considered under
the heading of team theory [R1]. For a constrained deterministic problem
with the speqial structure described above, a hierarchical decomposition
has been obtained using mathematical programming [L1]. We shall con-
sider the two aspects of the problem siﬁultaneously and obtain a hier-
archical decomposition. This static problem is not only interesting for
its own sake but is also useful for the decomposition of dynamic systems.

In the next section we present an example to motivate the general
problem that we will sﬁudy in this chapter. 1In Section 3 we review some
results in non-linear p;ogramming; these can be used to obtain the decom-
position of a static optimization problem when the state of the system
is observed exactly. In Section 4 the stochastic optimization problem
is formulated for the case when the state of the system is not known

-23-
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exactly. In Section 5 the decomposition of the stochastic problem is
investigated. Conditions under which the decomposition is well-posed
are given and related to the information structure of the system. 1In
Section 6 these results are stated in terms of measurement functions.
The stochastic version of the example is solved in Section 7 and compared

with the deterministic solution.
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2. An Exa_nmle

Consider a manufacturing company with N divisions, each producing
a set of different commodities using the same resources. The ith division
produces u. units of goods G, from A.u. units of raw material at a cost
- =i —i—i
of u'R.u., where R, is assumed to be a positive definite matrix.
—i—i— —-i
The market price of (__;_i is 21_ri and the total resources available
are V.
Given any price vector 21_ri and production b the profit function
of the ith division is

- = 2u!T. - u!
£, (g, ,1.) W, -y Rw _ C - (2.2.1)

The total profit of the company is the sum of the profits of all the

divisions, i.e.,

N ) _
“fm = -] £ (u; .0 ~ (2.2.2)
L Fil )

The objective of the company is to minimize the total loss (maximize the
total profit) subjéct to the constraint that the total resources used are

less than the total resources available. The problem is thus

Problem 2.1: R ul - 2,
m 2.1 Minimize §.=1 ¥ 51 u; Ei‘ i (2.2.3)
u 1,.ooouN
N .
z A u; -v<o (2.2.4)
i=1

Remark: We could have imposed the additional constraint that u; 290
: 4

i=l,....., N but for simplicity we have assumed implicitly that the u;''s

would turn out to be non-negative when Problem 2.1 is solved.
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In this example the state of the system consists of the price

vector ﬁi' i=1l,...., N, the resource vector v and possibly the cost
matrices Ei and the resource utilization matrices é‘i . The decisions
to be chosen are u, s i=1,...., N. Calling the state as x we have the

following general problem

N
Problem 2.2: Minimize | £, (u ,x)
i=1
N
Subject to § g.(u.,,x) - g (x) <O (2.2.5)
i=1 1 1 o
For our example
s - ' . ;
£, (u;0x) = u, 'R w,  ~2u'm (2.2.6)
9;(u;e¥) =R w (2.2.7)
g (x) =y (2.2.8)

There are situations when the state of the system cannot be cbserved
exactly, but is described probabilistically. Suppose now that T is

measured by the ith division manager as

M+ 0, i=l,...., N (2.2.9)

57853,

Vv is measured by the resource manager as

2. =C v+ (2.2.10)

<0 = = .Qo

T 8; , i=l,.... N, v and 20 are random vectors independent of each

other and having the normal distributions (assumed known)

e{ng. b =1, ; var{m} =10 (2.2.11)
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E{6; } =0 ; var{f; } =8;. i=1,...., N (2.2.12)
E{lvl=vy ; var{vl} =y (2.2.13)
E{6g } =0 ; var{gy } =9y (2.2.14)

All the information available afe contained in the measurements z; ,
i=0,...., N. The production of each division has to be based on his
measurement and some other signal based on Zy-

The objective of the company is to minimize the expected total loss.
As for the resource constraint (2.2.4) it can no longer be satisfied
exactly since v is not measured exactly. Instead, we require the total

resources used to be less than the total resources available given the

measurement 5_0 , il.e.

(N _ :
E{Z Aju; ~v|zo} <o (2.2.15)
i=1 ,
The production of each division has to use some information contained

in zZ5 because the resource constraint (2.2.15) has to be satisfied. We

thus have the folldwing problem,

N
Problem 2.1A: Minimize E {Z -Eilgigi - 2f2i!_11i} (2.2.16)
»1=1
.subject to
[ N
e ] agm; -vlzelco (2.2.17)
i=]1 ’
u; =n; (Ei iZg ) i=l,...., N (2.2.18)

Remark: u; at most can depend on all the information contained in Z; 12g ¢

We shall show later that the optimal decision function in some cases can
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be found in a hierarchical manner and operation of the company can be

decentralized.



=29-

3. " Decomposition of a Non-Linear Programming Problem

In this section, we present some results in non-linear programming.
These give rise immediately to a decompo;ition method. for deterministic
problems. Later on they will be used to obtain a decomposition for the
stochastic case.

Consider the mathematical programming problem.

Problem 2.3? Minimize f(ul,;..., uN)
Subject to g(ul,..-..-, u) 20e€ rP (2.3.1)
u, € Ui i=l,...., N
where
(U seeens uy) = £(0) + e # fN(u&) | (2.3.2)
g(ul,...., ﬁN) = gi(gl) F oereeee + gN(uN) -9, (2.3.3).

Except for the coupling constraint (2.3.1), the prcblem is.essentially
uncoupled. The cénstraint may be interpreted as the common resource avail-
able to all the decision makers. This structure has been exploited to‘give
a hierarchical decomposition scheme for the solution of the problem using
results in mathematical pfogramming; We state one sufficient condition
which makes this possible.

Theorem 2.3.1 (Saddle-péint condition): Let £ be a real-valued function

defined on a subset C of a linear space U. Let g be a mapping from C into
the Euclidean space 7. Suppose there exists a p* € RP, p*>0and au* e C
such that the Lagrangian L(u,p) é f(u) + p'g(u) possesses a saddle-point at

u*,p*, i.e.,
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L(u*,p) < L(u*,p*) < L(u*,p*) (2.3.4)
for all u € C, EZ 0 then u* solves
minimize £(u)
Subject to g(u) < 0 uec (2.3.5)

The proof of this theorem is elementary [L2]. Note that there are
no conditions on the convexity or differentiability of f or g. For
equality constraints, the same result holds except that p is no longer
required to be non-negative. The following theorem is due to Lasdon [Ll1].

Theorem 2.3.2: Suppose there exists a saddlepoint for the Lagrangian

corresponding to Problem 2.3, then the following hierarchical scheme can

be used to obtain a solution, provided the minimizing problem is well-

posed.?*
s sons . - ]
Lower level:  Minimize L, (u,,p) = £, (u,) + p'g, (u,)
Subject to u, € U,
i i
i=l,e..., N (2.3.6)
¥ o
. . I3 U]
Higher level: Maximize ' z Li*(E) -p go
i=1
Subject to  p > 0 (2.3.7)

n,
where Li* (p) is the minimum obtained in equation (2.3.6).

*For some p, the lower level problem may not have a solution. - We thus have
to limit p to the set D = {El the lower level problem has a solution }.
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Proof: We need the fact that the constrained saddlé-point for L(a,b),

a € A, b€ B exists if and only if [y1]

Min Max L{a,b) = Max Min L (a,b) (2.3.8)

a€A b€eEB beB a¢€ah

The value of the saddle-point is also equal to either side of equation
(2.3.8). Given any p we note that the minimization part on the right
side of equation (2.3.8) can be split up into N minimization problems

_independent of each other. Specifically, we have

N N -
Max Min L(u,p) = Max Min {z £, (u) + z g'gi'(ui)- g'go }
i=1 '

220 u p20o u 7t
| N o |
- -Max §=1 M:.n {e, () + pg (u)}pg,
- 2_>. g i (2.3.9)

Equations (2.3.6) and (2.3.7) are obtained by making the appropriate
identifications. ' - Q.E.D.
Theorem 2.3.2 suggests a way of finding the optimal Bf'and.u* simul-
taneously. This requires giving %i*(g) ;s a function of p. There are
numerical methods [Ll1l] by which the optimal solution is found recursively
by choosi;g a new p ., depending on the result of optimizing the dual
function z ﬂz (ui,_gt). However, we are more interested in the structure

S =
of the deco;position, i.e., once an optimal p* is founq, the lower level

Problems are uncoupled. The sigﬁificance,of this is more obvious when we

look at the parametric case given by Problem 2.2. For each x we have a
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mathematical programming problem; x may be regarded as the state of
the system which is known exactly. If we use the result of Theorem 2.3.2, -
the optimal p* would be a function of x, i.e., p*(x). With this optimal

p*(x), the lower level problems would be

n ,
Minimize L, (u ,p*(x),x) = £, (u, ,x) + p* (x)gi(ui,x)

u, € U, i=1l,...., N (2.3.11)
i i

Thus we can regard the higher level and lower level decision makers
as both making obéervations on the system. The higher level decision maker
(coordinator) qbsétves‘the stafe x, chooses the coordinating parameter p*(x)
and'transmits it éb the lower.level.. fhe»lower 1e§e1 decision makers then
use this, together'wifh fi agd 9; and x to choose their optimal decisions.
This is displayed in fig. 2.1;‘ ‘

Applying this result to the example éi&en in Problem 2.1 we héve the

following decomposition:

Lower level (Division manager) :

Minimize u:R.u. - 2ulm. + p'A.u. (2.3.12)
e o e —i—i —=i=i
u,

i=l,...., N

~
Denote the optimal of (2.3.12) by Li*(Ep

Higher level (Resource manager) :

N Y
Max ] L.*(p) - p'v (2.3.13)
i=1
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> COORDINATOR ‘ HIGHER LEVEL
! 2 {ee° s o | N LOWER LEVEL
1 L E
u':(x)v fx U;_'(x)y Ax u;.(x) t bx

SYSTEM

~ Fig. 2.1 Structure of Decomposition ( Deterministic)
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From these equations we obtain the following optimal u, *,i=1,.... N

and p¥
u* =R} m - dapn (2.3.14)
Lty 0O - 2R o
. 1 N -1 N -1
p* = Arg Max - Ep_' (2 AR, é;)E’. + P."(Z AR I - !)
i=1 i=1 ‘
20
N -1
- (z T'R. ™. . (2.3.15)
b =i —i)
i=1

Referring to equation (2.3.12) we see that the loss function of the
ith division manager has been modified by the addition of an extra term
which reflects the cost of resources. p is the price of the resources
while A.u., denotes the amount used.

=i=i ~

In this deterministic case, the lower level decision makers base

their decisions on: Uy while the higher level bases his decision on _‘[1 :

and v. There is some decentralization of information,_ but the higher -

level in fact needs more information than the lower level. In the general
deterministic case, both levels need the same information x, which is
not too satisfactory. This leads us to study the stochastic case when

_information can also be decentralized.
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4. Formulation of the Stochastic Problem

We now consider the case when the state x is not known exactly by
the different decision makers. However, there is a probability description
on the state space X given by the triplet (X,B,u). B is a0~ algebra on
X, and U is a probability measure. -

Let Fi,i=1,...., N be sub-O-algebras of B. Fi represents.the infor-
mation available to the ith decision maker. Since the state x is not
observed exactly, u, will be required to be generated by a function Yi
measurable with respect to Fi' This is equivalent to the existence of a
measurement functionrhi on x such that u, depends on. the measurement
z, = hi(x) [H1]. Denote by ri the set of admissible decision functiqps Y;
measurable with respect to Fi' Then 7y é‘(xi,...,YN),E'Fl KewoX PN A T.
Given any decision function 7y, £(Y(x),x) would be a random variable. As
in the case of.team decision problems Yis chosen to minimize the exéected
payoff E{f(y(x),x)}. |

For the constraint several alternative formulations are possible.

1. g(y(x),x) <0 a.e. (2.4.1)
As would be expected, it is rather difficult to satisfy this con-

straint.

2. Prob {g(y(x),x) < 0} > b , (2.4.2)
where b is some given probability.
Particular cases of this problem have been studied under the heading

of chance constrained programming [Cl]. It is the situation where the

constraint is only required to be satisfied with a given probability.
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3. Elglya,x|Fl<e a.e. (2.4.3)

where FO is some sub-O-field of B. F_ specifies the degree of exactness

0
with which the constraint has to be satisfied or in other words the
information of a coordinator who sees that the constraint is satisfied.

Two extreme cases are possible:
a. FO = {9,x} ‘ (2.4.4)

This corresponds to no measurements for the coordinator. Then
E{lg(y(x),x)} < 0 (2.4.5)
b. F =8B : (2.4.6)
0
This corresponds to measuring the state almost exactly. Then

gly(x) ,x) <0 a.e. (2.4.7)

With the introduction of the constraint, the information available

to the decision makers may not be sufficient to insure that the constraint

is satisfied. In general some extra information has to be communicated

from the coordinator to the decision makers.

We will investigate what this information should be. Let F£::3 Pi
be the new admissible functions. Fi is set of functions measurable with
respect to Fi n FO' Thus we have formulated the following stochastic

optimization problem.

Procblem 2.4: ~ Minimize E{f(y(x),x)}

Subject to E{g(Y(x),x)lFo} <0 a.e.

Y = (Yllo-oo’YN) E rix- o.-xrﬁ
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£(y(x) ,x) fl(Yl(x),x) + ...+fN(YN(x),x)

gy (x),x) = g, (¥, (x),x) + ...4g (v, (x),x) - g_(x) (2.4.8)

Remark: Fi is the set of decision functions which use both the information
of the ith decision maker as well as fhe informatioﬁ of the coordinator.

We shall show later that not all the information of the coordinator is
needed by thg ith decision maker to choose his best decision. Under
certain conditions, the information of the coordinator can be compressed

into a signal which will be sufficient for the ith decision maker.
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5. Decomposition of the Stochastic Problem

The special form of the constraint allows us to transform Problem 2.4
into a simpler form for which the results of section 3 are applicable.
Lemma 2.5.1: Let £(y(x),x) be a random function from I''x X into the reals,
where T' is a set of functions on X measurable with respect to F [ FO'

F C B and F-O C B. T is the set of functions measurable with respect to F.

Let M = {y|E{g(Y(x) ,x) |,F°} <0 a.e.}

Suppose - Min = . E{f(Y(x;y) ,x)lFo}(y) exists ‘a.e. and is equal
Y(*:;y) € TNy

to E(E (Y* (x;¥) ,%) [F}(y), then

Min L EE(Y ) = BlE*xix) 0 )
YeI'Nu = B{ Min E{£(y(xiy) %) [F 1w}
Y(*;y) € Nm (2.5.1)
Proof: For y(*) € T'NM Y(*;v) € TNM
ELE(Y(x;y) ,x) |Fo} (y) = E{£(y(x),x) IFO} (y) (2.5.2)

For a proof of this see Appendix A.

Thus

Min E{£(Y(x;y),%) IFO}(y)
Y(*;y) € TNnM

ELE(Y* (x:9) %) [F }(y)
< E{£(y(x) ,x) |F0} (y) a.e. for all

yevyNu (2.5.3)

Taking the unconditional expectétion and minimizing over I''NM we have, -
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E{ Min E{f(Y(x;Y),x)lFb}(y)}.i Min E{f(Y(x),x)} (2.5.4)

Y(*;y) € TNy y e I'Nu
.On the other hand

E{  min  E{£(v(xy) @) [F )} = BlE(Y* (), 00} > Min BE{£(y(x) , %) }

Y(+;v) € TNnm yeI"ﬂM(LSA)

From equations (2.5.4) and (2.5.5) we obtain equation (2.5.1). Q.E.D.
Using Lemma 2.5.1, Problem 2.4 can be solved by considering the

following problem.

Problem 2.5: Minimize E{f(Y(x;y),x)lFo}(y) a.e.

Subject to E{g(Y(x;y),X)lFo}(y) <0 a.e. (2.5.6)
Y(*iy) € I'lx. ...xI'N
If FO is such that the conditional probability measure Py°(A) is

fégular, i.e. it is a probability measure given any y, then Problem 2.5

can be transformed to the following form.

Problem 2.6: Minimize %(Y;Y)

subject to gly;y) < 0

Y(o;y) €T (2.5.7)
where E(yiy) = E{£(y(xsy), %) [F 1) = f £0Y (x7y) %) &P_° (%) (2.5.8)
gtysy) = Elg(y(xsv) .2 |[F M) = [ £0Y (x:7) %) &R ° (x) (2.5.9)

Remark: The conditional probability measure is regular if it is generated
by an observation function [D1].
Problem 2.6 is a conventional functional minimization problem given

any y. The results in Theorems 2.3.1 and 2.3.2 do not depend on the finite
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dimensionality of u, thus a hierarchical .decomposition is obtained if

a saddle-point exists for Problem 2.5. This is summarized in the following

theorem.

Theorem 2.5.2: Suppose there gxists a saddle-point (Y*(°;y) ,p*(y)) for
the Lagrangian associated with Problem 2.5. Then Prcblem 2.5 can be
solved by the following hierarchical decomposition.

Lower level:

Minimize %i(Yi(°;y),g(y);y) = E{fi(yi(x;y),x) + g}(y)gi(Yi(x;y).x)IFO}(Y)

Yi(°:y) € ri

i=l,.cc.., N (2.5.10)
Higher level:
N '\; _
Maximize ) Li*(p(y)sy) - E{gf(Y)go(x)lFo}(y)
i=1
ply) >0 (2.5.11)

"
where Li*(gﬁY)rY) is the minimum obtained in equation (2.5.10).

Proof: By using Theorem 2.3.2 on Problem 2.6, the decomposition is
obtained.

Corresponding to Problem 2.4 we have the following decomposition.

Higher level: Choose p*(y) measurable with respect to FO'

Lower level:
n .

Minimize L (Y, (*;¥) p*(¥),y) = E{f, (v, (x;¥) %) + p*' (¥)g, (Y, (xi¥) ,x) IFO}(y)
Yi(*:y) €T, i=l....., N ' (2.5.12)

Note the optimal Yi* can be expressed in the form Yi*(x,p*(x))-
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The optimization problem of each lower level decision maker is
described by equation (2.5.12). A conditional expectation has to be

optimized by each. This optimization is not always well-defined with

the information available to the ith decision maker. We give a necessary

and sufficient condition when this is defined.

Theorem 2.5.3: Let Gi be the smallest © - algebra of FO with respect
to which E{fi(Yi(x;y),x) + Ef(y)gi(yi(x;y),x)lFo} is measurable. Then
given Ejy),Li(Yi(-;y),gjy),y) can be optimized by the ith decision maker

if and only if G.CF,.
i i

Proof: For any measurable function £(x), if E{£|F0} is measurable with
respect to G;, G,CF., then E{ZIFO} = E{KIGi}. (see Appendix A). If

. G,CF,, then
i i

E{£, (Y, (x;9) %) + p' (¥, (¥, (x3y) ,%) |F )

E{£, (v, (x;7) %) + p'(V)g, (v, (x:9) , 2 |G}

E{E{f, (v, (x;¥) ,x) + p' (¥)g, (Y; (x;5¥) ,%) |Fi} IGi} (2.5.13)

The inner expectation can be evaluated by the ith agent and minimized with
L

respect to Yi(. ;y) € l"i, hence minimizing Li (Yi(°;y) py)y). If Gi ¢ Fi'

then E{fi(Yi(x;y),x) + gf(y)gi(Yi(x;y),x)lGi} cannot be evaluated given

the information contained in Fi' and thus it cannot be minimized. Q.E.D.
Gi represents the minimal sufficient information required by the

ith agent to solve the decomposed decision problem given only p(y). If

this information is not available, then the coordinator has to supply -

something else besides p(y). Typically this would be Pyl(A\, the
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conditional'probability measure with respect to Gi' Note that although

FO C Fi satisfies the condition in Theorem 2.5.3, it is not always
necessary for the ith agent to have more information than the coordinator.

This will be illustrated in the next section.
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6. ‘Reformulation in Terms of Measurement Functions

In order to gain more insight, we shall reformulate the problem
in terms of probability densities and measurement functions. The
information requirements for the hierarchical decomposition can

then be seen more easily.
Let x be the state of the system. X includes noises as well,
zi = hi(x) be the measurement of the ith agent:; z; € Zi
z, =:ho(x) be the measurement of the coordinator (specifying
the constraint):; Zq € Zo

Then Fi’ i=1,...., N is the 0 - field on X generated by h, and Yi is
measurable with respect to Fi if Yi = nidhi where ng is Borel-measurable
on z,.

i

Corresponding to Problem 2.4 we have

Problem 2.7: Minimize E{f(n(z),x)}

Subject to E{g(n(z),x)lzo}_ﬁ‘g
n(z)‘= 011(21;20);.....nN(zN;zO))

f(n(z) ,x) = fl(nl(zl;zo),x_) + + fN(nN(zN;zoi 1 X)

g(n(z) ,x) = gl(nl(zl;zo) (X) + oeeee. + gN(nN(zN;zo),x)

- qo(x) : (2.6.1)

Corresponding to Problem 2.5, we have

Problem 2.8: Minimize E{f(n(z),x)|zo}
subject to E{g(n(z),x) [z,} <0

with n, £ and g given as in equation (2.6.1) (2.6.2)
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Theorem 2.5.2 then becomes

Theorem 2.6.1l: Suppose there exists a saddle-point (n*(';zo),p*(zo))

for the Lagrangian associated with Problem 2.8, then Problem 2.8 can be

solved by the following hierarchical decomposition.
Lower level:
Minimize

N : ' .
L, (n; (*320) /R(2,) ,2) = E{f, (n,(z;52),%) + p'(z)g, (N, (z,52) %) |z }

i=1'oo...' N (2.6.3)
Higher level:
N o _ Lo
s x _ .
. Maximize §=1Li (plzy),zy) - E{p'(zy)g,(x) Izo}
Subject to p(z)) > 0  (2.6.4)

"N i ‘ )
Li*(p(zo),zo) is the minimum obtained in equation (2.6.3).

Remark: From equation (2.6.3) we conclude that ni*(zi;zo) = ni*(zi} *kzo)),
i.e., all the relevant information about the constraint is contained in
gf(zo) if the lower level problem is well defined.

The hierarchical decomposition scheme for Problem 2.7 then consists

of the following.

, computes the coordinating

Higher level: Coordinator makes a measurement 2z,

‘parameter Ef(zo) and sends it to the lower level.

Lower level: ith decision agent makes a measurement Z5. and uses this

together with Ef(zo) to compute the best decision function ni*(zi;gf(zo)).

The structure of the decomposition is displayed in Figure 2.2. Note

that the decomposition is in real-time since no iterations are involved.
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Fig. 2.2 Structure of Decomposition (Stochastic)
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Because of the static nature of the problem, the information flow between the

coordinator and lower level decision makers is only one-way.

An alternative condition for Theorem 2.5.3 is the following.

N
Theorem 2.6.2: Li(ni(';zo),p(zo),zo)_can be optimized by the ith decision

maker if and only if

i-:{fi (ni(zi;zo) /x) +p' (zo)gi (ni(zi;zo) o X) |zi.zo}

= B{£,(n, (2,52 ) %) + p' (209, O (2,52,) %) |z} (2.6.5)

Proof: By the nested property of the conditional expectation [1L4],

n
Li (Tll(‘ ;zo) ;P(zo) lzo)
= E{E{fi(ni(zi;zo),x) + gf(zo)gi(ni(zi;zo),x)|zi,zo}‘zo} - (2.6.6)

If the inner conditional expectation is equal to the right side of
equation (2.6.5), then it can be minimized with respect to ni(';zo).

If equation (2.6.5) does not hold, then %&(ni(.;zo).g(zo),zo) depends on
the specific value of z, and thus cannot be minimized with respect to the

function ni(°;gjzo)). . Q.E.D.

We now give the results relating to the information between Z, and

(1) Zq c:zi. (Coordinator has less information than ith decision agent)

Then condition (2.6.5) is automatically satisfied.

Thus ui* = ni*(zi;gf(zo)) (2.6.7)

(2) z0 ¢ zi. (Coordinator has some information not available to ith

decision agent).
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(a) Condition (2.6.5) is satisfied ui* = ni*(Zi;gf(zo))
Examples: (i) fi(x) = fi(xi) gi(x) = gi(xi) (2.6.8)
z, = hi(xi) z, = hd([ki]) (2.6.9)
where x; and [xi] are statistically independent.
(ii) fi(x) = fi(xi) ,gi(x) = gi(xi) (2.6.10)
- 1 1
z; hi(xi) hO ([xi]) | z,
4 = =
0 h 2( ) 2
o *i Zo
(2.6.11)
z 2 z ' (2.6.12)
o &% -0-
(b) Condition (2.6.5) is violated.
* = * .
ug ny (zi.zo)
= * .
N *(z; i (x|z)) (2.6.13)

where P(xlzo) is the conditional probability density of x

given z_ . In this case z; and Rf(zo) are no longer a sufficient

0
statistics for the ith decision maker.

In words, if the coordinator has less information than the ith
decision agent, as in the case when the information of the coordinator is
shared by all decision agenfs, then the lower level problem is well defined
giveng(zo) and the information of the ith decision agent. When this is
not true, then the structure of the system and the information pattern has

to be compatible in a certain sense, e.g. the state of the ith subsystem
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is statistically independent from the rest of the system and the coordin-
ator observes that state but this information is available to the ith
decision agent.

Under other circumstances, the optimization problem for the ith

decision agent may not be well-defined without the knowledge of zo;
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7. Solution of the—Exaggig

Using the results derived in the previous sections, the resource
manager would charge an optimal price Ef(zo) for the resources. Each

division manager would then solve the following problem.

. . . ) ® - -
Minimize E{ﬂi(gilgc)gini(gi,go )
n, (-izg)

b m A (2yizg)Ty + R (2 AN, (2 i2,)| 20}

(2.7.1)

Since Ei is statistically independent of v and 90' the conditional
expectation is equal to the unconditional "expection given'gf(zo). In fact

3 (e, i 1
the optimal n.( i2.) is given by
(z iz.) =R -1 (e{n lz } - lA-E*(z f}] v (2 7 2)
i =i’ —i it 2—j& ‘=0 _ e

The.highe: level problem is

Maximize z_ln{n*(zf;_z_o)giﬂ;(gi;go) - Mtz iz )W + Pz ANz, iz [z}
plzy) 20 1% :
-E{p’ (z,)v |z} (2.7.3)
Elngz; 2 RNE (2, 02) = 2 %" (2,521, + p' (o) ANt (2, iz) |2}
= E{ -n*(§1;50)§iﬂ;(glfgo)|go}'
Ll 1, 1 -1, N |
= el |z} - R ) R Bz} - 527 piag)) 2]
= 3 B'(2)AR Alp(z ) + R'(Z AR T, - o, (2.7.4)

c, =~ E{E{ﬂflz;}R._lﬁ{ﬂ.lz.}} = constant ' (2.7.5)
—il&ts P&
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Thus
N
p*(z ) = Arg Max - 2p iz (] 2R 7R bz
=0 2(20) ZO j=p 11 1
N 13- N ' |
+ p'(z,) (1 AR T, - E{y_lgo}) -1 c; (2.7.6)
i=1 i=1

Comparing with the deterministic case in Section 3 we see that some
kind of certainty equivalence (separation) theorem holds. The lower
level devision managers choose their optimal productions by replacing
the actual prices of their products with the best estimates given their
measure_men‘ts. However, whereas in th_e deterministic case the resource
manager needs both Ir_i, i-’—-l,..A. + N and v to arrive at the optimal decision,
resulting in essentially no decentralization in information, now it is

only necessary to have information on v.
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8. Discussion and Perspectives

The decomposition achieved in mathematical programming for a class
of systems with the general structure described in Section 2.3 is really
with respect to computation. To study a possible decentralization in
information we have formulated the stochastic version. It is found that
under certain conditions a hierarchical decomposition for the problem is
possible. The lower level decision makers need only to get certain signals
from the higher level coordinator in addition to their information on the
system. When these conditions are not satisfied, then in general the
signals are not sufficient.

Radner and Groves [R2,Gl] have considered a resource allocation
problem similar to the one mentioned here. However, in their treatment
there exists a resource manager who is in charge of allocating the resources
directly. In our formulation, the resource manager sérves only a coordin-
ator. In the deterministic case, these two formulations become the same
since the lack of an information pattern reduces the problem to the case

of a single decision maker.



CHAPTER 3

DECOMPOSITION FOR NONLINEAR STOCHASTIC DYNAMIC SYSTEMS (OFF-LINE)

1. Introduction

In this chapter we consider the stochastic control of N coupled
nonlinear subsystems. Each sysfem has a éontroller who has noisy
measurements on his subsystem. There is no communication between the
controllers. The overall.objective of the system consisting of all
subsystems is the sum of individual objectives of the subsystems.

Because of the dynamic nature of the problem, the difficulties
encountered here are different from those in static systems. Gener-
ally speaking, since the controls have to be applied in real time,
on-line computation requirements for implementation of the optimal
control strategy become important. The class of problems with different
information patternslfor the different controllers have been studied
under the topic of dynamic teams [Al, C3, C4, H3].. So far, the results
have not been very satisfactory in severa; respects. First, the optimal
solution for even a linear-quadratic-Gaussian team is not known yet _
although there are indications of what the optimal solution should look
like. Second, although the information structure in team decision
problems is decentralized, often this is accompanied by an increase in
both on-line and off-line computation. To give an example, let us
consider the linear-quadratic-Gaussian problem. If information is
centralized, then the optimal control strategy is given by the "separation"
theorem and consists of the optimal deterministic control law acting on
the estimate generated by the Kalman-Bucy filter [A2, M2, Tl1l]. The
on-line computation can be replaced by building a finite-dimensional filter.

-52-
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However, if information is decentralized, then the on-line computation
is extremely involved since each controller has to remember all his past
observations or an "infinite-dimensional filter" is required. For a
discussion of this, see Willman {wl]. As for the off-line computation,
little is known since the optimal solﬁtion is not available. However,
the computation involved in finding a suboptimal solution to the
dynamic team problem has been shown to be relatively complicated [C3].
Since the computation and implementation of a control strategy is
as important as the optimality resulting from the strategy itself, we
will formulate in this chapter an optimization problem which is compu-
tionally more feasible as well as informationally efficient. The special
coupled structure of the system and the form of the cost functional will
be exploited. The concept of information structure is extended to include
a priori information as well as a posteriori information. Thus the local
controllers will not only have measurements on their subsystems alone,
but will also be ignorant about the structure of the other subsystems.
The coupled nature of the subsystems is taken care of by a coordinator who
sees that certain constraints are satisfied. In this chapter we study the
case when the coordinator has only a prioriinformation, i.e. he does
not make any measurements. In Chapter 5, we investigate the case when the
coordinator makes on-line measurements.
The dynamic team problem ig stated in the next section. A decém—
position for the deterministic problem is then stated. This will be used
to motivate the formulation of the stochastic decomposition problem in

Section 3. In Section 4 we formulate a constrained stochastic optimal
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control problem as a mathematical programming problem. In Section 5,

the problem formulated in Section 3 is decomposed.
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2. Statement of the Problem

We consider a discrete—-time system consisting of N subsystems

coupled together.

x, (k+1) = £ _(x. (k),v.(X),u. (k) ,E. (k)) i=l,...., N (3.2.1)
=i i S § =i -1 i
v.(k) =) g..(x,(k)) (3.2.2)
where
n

Ei(k) € R~ is the "state" of the ith subsystem.

!i(k) € R~ is the action on the ith subsystem due to the

other N-1 subsystems.

Ei(k) € R © is the control on the ith subsystemn.
gi(k) € R~ is the driving noise on the ith subsystem.

fi is the state transition function.

el [ w0 ] g )]
Let x(k) = : ulk) = | - ' E(k) = . (3.2.3)
;zﬁ( ). th( )‘ =

Then !i(k)' i=l,...., N can be eiiminated.from equation (3.2.1) to

obtain a description for the whole system as

x(k+1) = £(x(k), u(k), E(k)) : ' (3.2.4)
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where the function f is defined in an obvious manner.

The description in terms of equations (3.2.1) and (3.2.2) is
preferred here to display the coupled nature of the system. Note that
even though x(k) can be regarded as the state of the system if the driving
" noise is absent, §i(k) is, strictly speaking, not a state for the ith
subsystem since knowledge of zi(k), together with all the control Ei(j)’

j > k is not sufficient to dgtermine the future behavior of the ith
subsystem.

The cost functional for the whole system is a sum of cost functionals

for the individual subsystems, i.e.,

N

3=3 g, a © (3.2.5)
i=1 1
. T-1

3, = E{k (x.(T)) + ]§=°Li‘2‘-i‘k’ m (k) (3.2.6)

It is required to minimize J. The expectation is taken with respect to
all the primitive random variables.
The problem is not yet well ‘defined because we have not specified

. the information pattern of the system.

Let Y; (k) = h,(x. (), 8, (x)) i=l,....., N‘ (3.2.7)

m,
xi(k) € R * is the measurement on the ith subsystem by the

ith controller.
m

Qi(k) € R * is the noise corrupting the measurement.

Let Y(k) = {g;(s) 0 <s <k, i=l,....., N}  (3.2.8)



U(k) ='{gi(s); 0<s <k, i=l,....., N} (3.2.9)
k=0,...,T-1

Let (Yi(k),Ui(k—l),Ii) be the information available to the ith controller
at time. k.

Yi(k) cCY(k) ; Ui(k—l) C u(k-1) (3.2.10)

Ii is the a priori information of the entire system available to the ith
controller.
Then Ei(k) is required to be a measurable function of Yi(k) and Ui(k—l)

which can be generated from Ii’ i.e.,

k) =y (Y (K), U (k=D I) (3.2:11)

Ii is introduced to take into consideration strqctural information
of the system, The information available to the ith controller thus con-
sists of two kinds: a‘prio;i (structual) information of the system and
ba posteriori (measurement) information. Ii essentially specifies the
complexity of the control strategy. In the system given, if Ii =

{gi, Ji, gi}, then as far as each controller is concernéd, he is controlling

an uncoupled system with an unknown input zi(k). His control léw Iik would
thus depend oniy on the parameters of his subsystem, This control

law is thus "simpler", although a "loss" in mathematical optimality results.
In most of the work done ﬁhus faf, [H3} C4, C3] decentralization refers
mainly to measurements, i.e., a posteriori information. The structure of
the whole system is éssumed knoﬁn to each controller. With this a priori
information, decentralized a posteriori information almost inevitably gives
rise to a more complicated control stratégy than centralized a posteriori
information because each controller tries to generate the missing measure-
ments using the common a priori information. The ambunt of on-line compu-

tation involved always increases, as well as the amount of off-line



~58-

computation. Even when the on-line computation is constrained by choosing
suboptimal control structures, as in Chong and Athans [C3], the off-line
computation required is still tremendous. In the implementation of con-
trol laws, computation considerations are as important as information
considerations. This leads us to consider decentralized a priori infor-
mation, at a sacrifice in overall optimality.

There is some work in the control literature which is vaguely
related to decentralized a priori information. This is found in Ref. [Mil]
and‘[PI] and can be essentially illustrated by the following theorem for

deterministic systems.

Theorem 3.2.1: Consider the optimal control problem given by

System: . 5i(k+1) = Ei(zi(k)'!i(k)'gi(k)) i=1,....,N{(3.2.12)
v.(k) =) g..(x.(k)) = x(0) given

jafig”’ -

N
Cost functional: J = 2 Ji

i=1 *

T-1 -
3, = K, (x, (D) +g=0“i‘§i°‘"-‘-‘i°‘” (3.2.13)

Suppose there exists a constrained saddle-point (x*,u*,v*,p*) to the

problem
L(x*,u*,v*,p) < L(x*,u*v*,p*) < L{x,u,v,p*) (3.2.14)

where x '{§i(k); k=l,...., T; i=1,...., N}

E=. {'Ei(k)’ k=0'---., T"l; i=l,..--’ N}
v=A_{vy,(x; k=0,...., T-1; i=1,...., N}
p=1{p,x); k=0,...., T-1; i=1,...., N} )
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X,4,v are constrained by equation (3.2.12)

N -1

Lix,u,v,p) =3 +) ) prK(v, (k-] g.(x.(k))) (3.2.15)
i=1 k=0 & - j+is‘” =]

Then the optimal control problem can be solved as a two-level problem.

Lower Level: Minimize Ei(Ea'fgffp
u. ,‘V.
=i
. T-1
3, (u, /v.,p) = K, (2, (D) + lZ_Or,i(zi(k) 21, (k) + pi (k)Y (k)
- §=|=125 (g, (x; (k) (3.2.16)
x, (k+1) = £, (x, (k),v, (k),u, (k)) | : o (3.2.17)
N n :
Higher Level:  Max )] Ji(p) | (3.2.18)
P i=1 . o )

where 31*(59 is the minimum obtaineavin equation (3.2.16).
Proof: fhe results in Section 2.3 are used. L(x,u,v,p) is split up into
uncoupled }i's.by collecting all the terms involving X 0¥, and u.

If the‘optimal P* is given, then the lower level control problems
are all uncoupled. The opﬁimalvcontrol B?i can be found using only
the structure of:thérith system (its system dynamics and cost functional)
plus the interconnection functions gji('), $#i. The structural information
of the other subsystems ére not required. On the other hand, p* is deter-
mined using all the optimal 3i*(£p's. Although algorithms can be
devised making use of the special two-level structure of the optimization
problem, the convergence to the optimal solution is not accomplished in real

time [Pl]. Thus the decomposition achieved is really with respect to the
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off-line computation. In the deterministic problem given above, this
corresponds to finding the open-loop control functions in some decentralized
manner. In the next section we shall show that this philosophy can be

extended to the stochastic case.
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3. _Formulation of the Stochastic Decomposition Prablem

In the deterministic case given above, v, is the action of the.
other subsystems on the ith subsystem, a quantity which is needed for
the optimal control of the ith subsystem but is not itself optimized.

However, if the constraint gi(ki = g*igij(gﬁ(k)) is satisfied
exactly, optimizing with respect to u, and v, simultanequsly is equivalent
to solving the original optimal control problem with w, as the only
control to be optimized. In the actual implementation of the control,
only u, is used.

For each lower level problem, v, can be regarded as an estimate
of the interaction given p. If the optimal p* is ﬁsed, then v is equal
to the action of the other subsystems exactly.

We now extend this philosophy to the stochastic case. Instead
of solving for the problem described by equations (3.2.1), (3.2.2),
(3.2.5), (3.2,6) and (3.2.11l) we shall exploit thebcoupled nature of
the system. Since x(k) given the control strategy is a random vector,
it is no longer possible to choose g&(k) such that it equals z .gij(ij(k))
exactly. Rather zi(k) is only required to bé an estimate of the interaction
and this is the job of the coordinator. We thus have the following forﬁu—

lation.

Problem 3.1:

Given §i(k+1) = zi(fi(k)”!i(k)’gi(k)ﬁéi(k)) (3.3.1)

i=1'oooo' N
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-1
J; = ElK; (x, (T) + ,z(_ L; (x; (k) ,u; (k) } (3.3.2)
=0
N
Ely, (k) - §+igij(=_tj(k))} =0 i=l,...., N _(3‘3'3)
k=0,....T-1
k- n,
u, (k) =Y, (¥, (), U; (k-1); I) (3.3.4)
x) =n.5@ (3.3.5)
Y. (k) = {y,(s); 0 <s <k} - - (3.3.6)
U (k) = {u,(s); 0 <s <k} (3.3.7

n,
Find'xik and nih, i=1,...., N; k=0,....T-1 such that J is minimized. T

consists of the a priori information contained in the model and the cost
functional.
The original stochastic control prcblem has been modified in the

following manner. The subsystems are all assumed to be uncoupled. The

interaction of the other subsystems is represented by !i(k) which is to
be optimized. gi(k) is chosen, however, so that constraint (3.3.3)

is satisfied; thus it is an unbiased a priori estimate of the interaction

of the other subsystems. The control problem then consists of finding

the optimal control strategies x_and the optimal estimates of the inter-
actions such that the cost functional is minimized.

Although this p:oblem-is very similar to the deterministic problem
given in Section 2 of this chapter, the results of decomposition in mathe-

matical programming cannot be applied directly since closed loop control
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strategies xi are required. In the next section, we show how the
stochastic control problem can be reformulated so as to lead to a

constrained optimization problem.
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4. A Constrained Stochastic Optimal Control Problem

Consider the following stochastic control problem.

Problem 3.2:

“System: x(k+1) = £(x(k),uk),E(k)) x(k) € K (3.4.1)
Measurement:  y(k) = h(x(k),0(k)) ulk) € (3.4.2)
' S Tl
Cost functional: J = E{R(x(T)) + ] L{x(k),uk))} (3.4.3)

k=0

E(k),8(x), k=0,..., T-1 and x(0) are random vectors with known

statistics.
Y(k) € {y(0) e ry(k); u(0),.... uk-1)} (3.4.4)

- u(k) is constrained to be an admissible function of Y(k), i.e.,

ulk) = Y ) (3.4.5)
vyeTl
It is required to choose y* € T such that

J(Y*) = Min J(Y) _ (3.4.6)
vyeT -
In the problem stated above, the minimization is enly over the
strategy space I'. We can transform this to a minimization over random

Sequences subject to certain constraints.

Let the underlying probability spaces be (2,B,H). 6(k), E(k), x(0) are

random vectors over Q.

Let x(w) = (x(1,w),...,x(T,w)) be a B-measurable L% function over 9 into

KT, e, X € 2@, r"T)

Let u(w) = (u(0,w),...,ul-1,w)) e L2(Q,RPT).
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Hx e 12@,1™), ue 12@, RN |x(41,0) = £(x(k,0), ulk,w) a.e.}

w
i

set of x,u which correspond to the given dynamic system (3.4.7)

S. = {_:_c_ € Lz(Q,RnT) ¢+ U E LZ(Q,RPT) |3Y € T such that

ulk,w) = Yk(Y(k,w)) a.e.}

{x e 2@,8T), ue 12@,FH|Iy e T such that
ulk,0) = Y (Bx0,0), 8(0,w), hx(1,w, 8(1,w),...,

h(x(k,w) , 8(k,w));u(0,w),...,uk-1,w) a.e.}

set of x,u which can be generated from the given information

structure and admissible control strategy. " (3.4.8)
Let G :T » LZ(SZ,RnT) X LZ(Q,RPT) be defined as
G{y) = (x(Y), u(y)) (3.4.9)

Then by the definition of _Sl and Sz, o

Range G = .Sl n 82 (3.4.10)
Therefore o
Min J(Y) = Min J(x(Y), u(y)
YeT Yy eT
= Min J(x(y), uly))

G(Y) € 8, N s,

= Min J(x,u) (3.4.11)
(x,m) €5, Ns,

Note that the minimization is now over random sequence x,u. The

dynamics of the system, the constraint on the control strategy and the
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information structure allowed have been incorporated into the constraint

set S, N S,e

We next consider the constrained stochastic control problem.

Problem 3.3:

System: x(k+1) = £(x(k), u(k), E(k))
Measurement: y(&k) = h(x(k), 8(k))
' T-1
Cost Functional: J = E{K(x(T)) + ] L(x(k), u(k))}
k=0

utk) = Y ¥ (k)
E{H(x(k), u(k))} =0 e R® k=0,...7-1
‘It is required to choose Y* € I' such that

J(y*) = Min J(y)
YyeTl

(3.4.12)

(3.4.13)

(3.4.14)

(3.4.15)

(3.4.16)

and the constraint (3.4.16) is satisfied. H is a vector-valued function.

This constraint is only required to be satisfied on the average.

Problem 3.3 can be transformed into the following unconstrained stochastic

control problem.

Problem 3.4:

System: x(k+1) = £(x(k), u(k), &(k))
Measurement: . y(k) = h(x(k), 8(k))
| -1
Cost Functional: J(y,p) = E{K(x(r)) + ) L(x(k), ulk))
k=0

+ p' (KH(xX), u(k)}

ulk) = y*(¥(x))

(3.4.17)

(3.4.18)

(3.4.19)

(3.4.20)
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It is required to find yY* such that 3(Y,B) is minimized.

Theorem 3.4.1: Suppose a saddle point exists for the stochastic control

problem 3.4, i.e. there exist y*,p* such that
J(y*,p) < I(y*,p* < J(y,p*) (3.4.21)

Then Y* is the solution to Problem 3.3.

Proof: The constraint (3.4.16) can be written as

f(x,u) = 0 ¢ R (3.4.22)
where

x € 12@,8"), u e 2(@,”R) .

Problem 3.3 is then equivalent to

Min CJ(x,m)
X,u € Sln Sz-
H(x,u) =0 : (3.4.23)
, T-1
Jy,p) = E{R(x(T)) + ] L(x(k), u(X)+ p' (KH(x(k), u(k))}
k=0 .
, B =5 ' T-1
= E{R(x(7)) + )} L(x(k), u(x)} + 3§ p'(k) E{H(x(k), ulk)}
: k=0 ’ =0
= 3(y) + p' f(x(Y), uy) (3.4.24)

If 3(Y,2) has a saddle point (y*,p*), then (G(Y*),p*) is a saddle point for
<

the function J(x,u) + p'H(x,u).

By Theorem 2.3.1, G(Y*) = (x*,u*) solves



-68~-

Min J(x,u)
(x,u) € S, ﬂ‘s2

such that
H(x,u) =0 (3.4.25)
Q.E.D.

or Y* solves Problem 3.3.
The following corollary follows immediately.

Corollary 3.4.2: If a saddle point (Y*,p*) exists for Problem 3.4, then

the optimal strategy Y* can be found by

T-1
L(x(k), u(k)) + p' (k)E(x(k), u(k))} (3.4.26)

Max Min E{K(x(T)) + )
P Y - k=0

We need only the fact that if a saddle point (Y%p*) exists for the

" Proof:

function L(y,;p; then
(3.4.27)

Min Max L(Y,p) = Max Min L(y,p) = L(Y*,p*)

Y R R Y
To check for the saddle point, we need to verify the condition directly

or use condition (3.4.27). The following condition is sometimes more

convenient.

Lemma 3.4.3: Consider the problem

Min f(x)
X
g(x} =0 x€C (3.4.28)

Iif
Max Min f£(x) + p'g(x) A £(x*) + p*'g(x*) exists

(1)
p xegC

(2) glx*) =0
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then x* minimizes £(x) such that g(x) = 0,x € C,

Proof:
f(x*) + p'g(x*) = f(x*) = £(x*) + p*'g(x*) (3f4.29)
£(x) + p*' g(x) > Min £(x) + p*'g(x) (3.4.30) .
x €eC
Min £(x) + p*' g(x) = £(x*(p*)) + p*' g(x*(p*)) (3.4.31)
XeC

where x*(p) minimizes f£(x) + p'g(x), x € C.

Thus
Max Min £(x) + p'g(x) = Max f(ﬁc*(g)) + p'g(x*(p))
R =xecC : B
= £(x*(p*)) + p*'g(x*(p*)) by definition
= Min £(x) + p*'g(x) - (3.4.32)
"X € C
Then |

 E(x*) + p'g(x*) s_f(x*) + p*'g(x*) < f(x) + Rf'g(k)

for all x € C and p ‘ (3.4.33)

(x*,p*) is a saddle point and x* minimizes f(x) such that g(x) = 0,x € C. Q.E.D.

Theorem 3.4.1 can then be restated in the following form.

Theorem 3.4.4: Suppose

T=1
Max Min E{K(x(T)) + ] L(x(k), u(k)) + p' (KH(x(k), u(k))}
P Y _ k=0 -

exists for the system described in Problem 3.4, and further
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E{H(x*(x), u*(k))} =0 x=0,...,7-1

where x*,u* are the optimal trajectory and control using Y*. Then y* is

the optimal strategy for Problem 3.3.
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5. Decomposition of the Stochastic Control Problem
We now apply the results of the last section to Problem 3.1 and

transform it to an unconstrained problem.

Theorem 3.5.1: Consider the system

x, (k+1) = £ (x; (k), v, (k), w,(K), § (k) i=1,...,N (3.5.1)
=+ K -1) ;%

8, (k) =Y, (¥, (K, U, (k-1);T) | (3.5.2)
_ o kx | |

v, (k) =n, (1) , »(3.5.3)

- N

J=1 3 (3.5.4)

i=1
5 T-1
§o= Bk G (M) + Z= L; (x; (k) , », (k) + p." (k) v, (k)
-1 Bk gyl G} (3.5.5)

3#i

If Max Min T exists and
R XM

N ) :
E{v,. *(k) - C(x*(x))} =0 i=1,...,N; k=0,...,T-1 3.5.6
v, * (k) §¢i AR Ni=0 i 0 ( )

then Y*,n* are the optimal strategies for Problem 3.1.

Proof: This problem can be cast into the form of Problem 3.3 by identifying

uk) with {u, (k), v, (k); i=1,...,N} (3.5.7)
Y¢ with '{1ik, ' i=1,....m (3.5.8)
Hx(k), uk)) = [ v.(k) =] g . (x. (k) ]
! g1 133
v (k) - ) g..(x (k) (3.5.9)
| N San NI .
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N T-1 . N
DE(R () + ] Li(x (0, w(0) 4 p Oy () - ] g (x0)]}
=1 =0 J#i
N -1
- gzlz{xi(ii(w)) + l)'2=0 L; (x, k), u, (k) + p,' (k) ¥, (k)
=Y plx) g..(x. (k)}
574129 L
N
=1 3 (3.5.10)
i=1 *
Theorem 3.4.4 can then be applied in a straight forward manner. Q.E.D.

.Note that given any p, the minimization problem is separated into N
uncoupled stochastic control procblems. The ith controller needs ohly the
structure of his own system as his a priori information. Thus there is
>decentralization of a priori as well as a pésteriori information.

A two-level hierarchical decomposition for finding the optimal control

strateqgy is possible.

[ (el = £ (x, (), v, (k), w, (k), & (k)

I

P

B (k) =Y, (¥, k), U, (k-1); D

I
y;i(k) =1, ()

T-1
3, (p) = Elx (x, @) + 12c=o L, (x, (k), u (k) +p," (k) v, (k)

-V p) gl (x (kD) (3.5.11)
A 5 $1 |

Find Iik and Dik such that-3i(Ep is minimized, i=1,...,N. Let 31*(59 be the

optimal cost associated with a particular P
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N .
Higher Level: Maximize 2 3i*(;p (3.5.12)
B i=1

- Remark: The higher level problem is deterministic and static in nature
whereas the lower level problems are stochastic and dynamic, although
uncoupled. The decentralized a priori information allows the off-line
computation to be done in an algorithmic manner. Typically, the higher
level coordinator will choose a p, the lower level controllers then compute
the optimal cost aséociated with this p. The coordinator ;hen chooses
another p to increase the optimal cost of the lower level systems. The
decomposition is off-line because it is done before the system starts using
only a priori information. The advéntages of this approach are the
following:
(1) The overall stochastic control problem is split up into N
stochastic control problems with lower dimension. Each
of these can be solved more easily.
(2) Although the value of p may chahge, the structure of the
1owér level problems remains the same, and hence essentially

the stochastic control problems need only to be solved once.
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6. Discussion and Perspectives

We have considered the stochastic control of N coupled systems with
decentralized information structure. By defining a new kind of optimality,
it is found that the optimal control stretegies can be found in a decen-
tralized manner. Moreover, given the optimal coordinating parameters, the
control problems of the.N subsystems are uncoupled. Thus the control
strategies using decentralized a posteriori information can be computed
' with decentralized a priori information. Although this scheme is sub-
optimal with respect to the ordinary stochastic control problem, computation-
ally it is more efficient.

Because of the nonlinear nature of the problem we cannot say much about
the detailed computations involved. However, it is obvious that instead
of one high dimensional stochastic control problem we now have N lower
dimensional stochastic control problems and one extra deterministic
optimization problem to be solved by the coordinator. In the next chapter,
we shall look at the linear-quadratic-Gausian problem in detail and obtain

explicit solutions for these lower and higher level problems.



CHAPTER 4

DECOMPOSITION FOR THE LINEAR-QUADRATIC-GAUSSIAN PROBLEM
. (OFF-LINE)

1. Introduction

In this chapter we apply the philosophy of Chapter 3 to the
linear-quadratic-Gaussian problem. As pointed out in the introduction
of Chapter 2, the solution to the linear-quadratic-Gaussian dynamic
team is not known yet. Even if it is found, the on-line computation
involved will make its implementation not feasible since the estimates
involved have to be generated by infinite diﬁensional filters. The
control strategies obtained in this chapter are easily implementable.
The structure of the control decomposes very nicely into an open
loop part and a closed loop part. This will be used later on to study
the_on-line "periodic" éoordination of coupled systems (see Chapter 5).

In the nexﬁ'sectidn, we formulate the LQG problem and decompose
it into two levels. The equationé needed by the lower level controllers
and the coordinator are given in Section 3. The ;ower level problem
With‘a linear term in the cost functional is solved in Section 4.

In Section 5, the higher level problem is solved and found to bear
a very close relationship to the detefministic linear gquadratic

problem.

~75=-
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2. Statement of the Problem

Consider the linear dynamic system

) §i(k+l) = éiiéi(k) + !i(k) + EiEi‘k) + Ei(k) i=1,...,N (4.2.1)
v. (k) = A, .x.(k) (4.2.2)
- Ji 29

The cost functional is quadratic.

N N T-1
T = = Ty ' ! ' r '
3=) 3, =] Elx'@e;x, (@ +] x'kigx (k) +u 'Ry (k)}
i=1 i=1 k=0 _
(4.2.3)
where‘gi, Qi' Bi are positive definite matrices.
The measurements are given by
y_i(k) = gil‘-i(k) + gi(k) i=1,...,N - (4.3.4)

Each controller is allowed only to use his past measurements to find the-

controls, i.e.,

- k -1
u, (k) =y, (¥, (k), U, (k-1)) (4.2.5)
where
Yi(k) = {xi(O),...,xi(k)} | (4.2.6)
U, (k) = {gi(o),f..,gi(k)} (4.2.7)

It is required to find optimal control strategies Xik such that J
is minimized.
-gi(k)' k=0,...,T-1 are independent Gaussian variables with zero mean

and covariance ii(k)'

Qi(k), k=0,...,T-1 are independent Gaussian variables with zero mean

and covariance 0. (k).
—1
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x. (0) is Gaussian with mean x. (0) and covariance I . (0).
=i = —i
éi(k)’ Qj(k), §h(0), i, 3, h=1,...,N are all mutually independent.
The matrices éii' éij' Ei’ Ei' Qi' Ei can be time-varying but for
simplicity of notation, the dependence on k has been omitted.
The general solution to this problem, assuming no communication of the
a posteriori information between the controllers, is not known, although
several particular cases have been considered [Al, C3]. We propose to

solve this problem using the approach suggested in the previous chapter by

defining a new kind of optimality.

Problem 4.1:

2 (etl) = B, %, (k) + v, (k) + Bju, (k) + E; (k) (4.2.8)
N N 4 T-1
J= §=1Ji = ng{;i (T)E_i_ngi(T) + 12<=o§'i' (k)g_iggi(k)g u,' (k)gigi(k)}
| . o (4.2.9)
E{v, (k) -] A, x (0} =0 | (4.2.10)
S . i
u (k) =y, (Y, (k), U;(k-1); T) 5 (4.2:11)
) =n.5(H | (4.2 12)»‘

T consists of the a priori information contained in this model. It is
required to find xik and Hik such that J is minimized.
Using the results of Section 3.5, we obtain the following two-level

problem.

Lower Level: (Problem 4.2)

_1_<i(k+l) = giigc_i(k) + ‘—’1“‘" + ]-B-illd(k) + gi(k)



-78~

k ~
Y, (¥ k), U (k-1); T

gi(k) =
K~
v, (k) = n, (1)
' -1
3; = Elx," (MEx, (1) + ]2(=0 gi'(k)gigi(k) + u' (KR, u, (k)

+p; ' )y, (k) - §1.'(k)§i(k)}
p.(k) =) A..'p.(k
= jA It 5
. . . k _k e .
It is desired to find o0 to minimize Ji(g), i=1,...,N.

- Higher Level: (Problem 4.3)

v N
Maximize ) J,*(p)
P i=1 %

where J*(p) is the optimal cost in Problem 4.2 for a particular p.

(4.2.13)

(4.2.14)

(4.2.15)
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3. Structure of the Decomposition

In this section we summarize the relevant equations needed by the
lower level controllers and the coordinator.

The optimal control of the ith controller is given by

g = Qp,i(k+1) & (W) - E, () - E, (k+1) p, (k) (4.3.1)

The gain matrices are given by:

D. (k+l1l) = T.'-l(k+1) B.'K. (k+1) A.. . (4.3.2)
- -1 . e B =i

T, (k+1) = R, +.B, 'K, (k+1) B, (4.3.3)
-1 =i =1 =i

; ' : - [ -1 '
K. (k) = Q * ALK (k+DA, . - AL 'K (k+1)B, T, T(k+1)B, 'K, (k+D)A, .

= 1. -1 ® ' - '
E; (k+1) = 3R, (k) B, ,(k) (4.3.5)
. -1 ,
S. (k+l) = K.(kfl) - K. (k+l) Eégi (k+1) B.'K. (k+l) (4.3.6)

The estimates gi(k) and g;(k) are generated as follows.

&; (k+1) A E{x, (k+1) ¥, (k+1) U, ()}

A R, GO+v, * (k) 4B, u, * (k) +G, (k+1) [y, (k+1)-C, (A, . X, (k) +¥, * (k) +B,u. (k))]

gi(oy = x, (0) (4.3.7)

1x1

where

- ' ‘I -1
S; (k+1) -_z_i(k+1|k)g_i IC,Z, (k+l|k)C, ' + @, (k+1)] (4.3.8)
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= = R T - ' - ' -1
I (k+l|k) = =, (k)+4A, [_Z_i(klk 1) Ei(klk e, (gig_i(klk e, +9_i(k))
_C_iZi(klk—l)]_Aii'
gi(ol-l) = £, (0) (4.3.9)
gi(km = Ex, (k+1)}
= -k, L(k+1) [z, (k+1) + 2 p. (k)] (4.3.10)
=5 23] 2 B 3.
!i*(k) and Ei(k) are given by
v.*(0) = -a_.% (0) - K. Tz (1) - 25 "Hwp. (0 (4.3.11)
Y 2ii% 24 L 23 B .
gi*(k) = _z_\_n_l_(_l (k) [r (k) + —gi(k—l)] - K (k+1)£i(k+l)
-1 Tkil)p. (k) k=1 T-1 (4.3.12)
2 _i Ri TAREREN) eJde
r(0) ==-%% (0) -4 .'p.(0) - A..'S, (1)A..x. (0) (4.3.13)
=TT 7R 2 =i & 855 2 W% -3
-1 1 -~ 1 , 1 , -1
K k) =-3p (k) -FA Rk +3A,'S KA, K T (K)p; (k-1)
k=1,...,T-1 (4.3.14)
r.(T) =0 (4.3.15)
ﬂ —

The structure of the control mechanism is illustrated in Fig. 4.1.

The gain matrices can all be computed off-line, along with Ei(k) and
Xi*(k)' which depend on p(k). Ei(k) is the solution of the Riccati
equation assuming the systems are uncoupled and Qi(k) is the optimal gain

matrix for each of the uncoupled deterministic optimal problems.
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#COORDINATOR

1p

| OFF - LINE
COMPUTER

| OFF -LINE
ESTIMATOR

<
o~
=
~
r

Zi ON-LINE
—— ESTIMATOR 2. (k)
—_—— X

Fig. 4.1 Structure of Control for iTH Controller
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gi(k) is the unconditional mean of X (k) by the ith controller given only
his a priori information. It.can be computed off-line given _r_i(k) and P-i(k) .

gi(k) is the best estimate of E:i.(k) given the measurements of the ith
controller and his a priori information. It is generated using _\_r_i*(k) cal-

culated off-line and the on-line measurements g_i*(k) and xi(k) .

The coordinator finds the optimal p*(k)'s by solving the follov&ringl

deterministic two-point boundary value problem

%x(k+1) = A x(k) - %_l_a_g_-lg_'i(k+l) | _(4.'3.16)
A (k) = A'A(k+1) + 20 x(k) (4.3.17)
g(O) given

A(T) = 2F x(T) ' (4.3.18)
P* (k) = -A(k+l) - k=0,...,T-1 : - (4.3.19)

The matrices A, B and Q are as defined in Section 5. R and F are given

by

R O ... F, 0 O0... |

0 « o e 0 F,. . . ...

RA N L
= L] - - L] - - - & . .. - L ] * - . - L] L] - Fm -
Alternatively, p*(k) can be expressed as follows.
P* (k) = -2K(k+1)x(k+1) : (4.3.20)

vhere

X(k+1) =(A-B T T (k+1)B'K(k+1)A)X (k)

x(0) given (4.3.21)
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K(k) = @ + A'K(k+1) [I-B T L (k+1)B'K(k+1} 1A
CR(T) = F (4.3.22)

T(k+l) = R + B'K(k+1)B (4.3.23)
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4. Solution of the Lower Level Problem

Since each controller knows the structure of his system as defined in
Problem 4.2 we shall not include the a priori information in specifying
the information structure of theé controller. Thus Ei(k) would depend on
Yi(k) and Ui(k—l) while !i(k) is allowed to depend on the a priori informa-
tion only.

The problem as stated has a nonquadratic cost functional and controls
which depend on different information sets. However, the information of
Xi(k) consists of a priori information only and thus is included in that
of Bi(k)' This makes things easier than the general dynamic team problem

and the following theorem can be used.

Theorem 4.4.1:

Consider the system

x(k+1) = £(x(k), uk), v(k), E(k)) (4.4.1)
! |

u(k) =y (¥(k)) , (4.4.2)
k

v(k) =1 (z(k)) (4.4.3)

2(k) C Y(k) (4.4.4)

E(k) is a white noise process driving the system and Y(k), Z(k) are

information available to the controller.
Y = {g(0),eeyy (k) u(0),... ulk=1); w(0),...,v(k-1)} (4.4.5)
¥(X) = h(x(k), 8(k)) ' (4.4.6)

B8(k) is a white noise process.
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T=1 :
3 = B{r(x(T)) + ] L(x(k), u(k), v(k)} C (4.4.7)
k=0

Then the optimal cost is given by .
e{v(¥(0),0)} : (4.4.8)
where V{(Y(k) ,k)) satisfies the functiénal equation

V(Y(k) k) = Min E{L(x(k), u(k), v(k))+ V(¥ (k+1) k1) |Y(K) )} (4.4.9)

'g(k) .
_HF
v(Y(T),T) = E{x(x(T)) |¥(D)} (4.4.10)
Proof
Define
- T-1 .
V(Y (k),k) = Min E{] L(x(t),u(e),v(t)) + K(x(T))|¥(k)}
w(k) '1k+1'“.'lfr-1 . =g ]
k _k+1 T=1
n.n se..

= Min {E{L(x(k) ,u(k) ,v(k))|¥(k)}

u(k).
¥
T-1
+ Min E{]  L(x(t),ult),v(t) + Kx(T) |¥v(x)}}
k+1 T-1 t=k+1
X renerX (4.4.11)

k+1 T-1
N Tseee

Note that the minimization is done with respect to u(k), and the control

e + - - . . s .
strategies IF 1,.;.,1? l, HF,...,Q? 1. The first term in the minimization
. - . : K+l T-1
is separated from the rest because it does not depend on Y ",...,Y

k+1 ™1
n Tse.e .
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Using Lemma A.3 (in Appendix A),

T-1 -
Min E{]  L(x(t),u(t),v(t) + K(x(T) |¥ ()}
k+1 T-1 t=k+1
Y .-l
k+1 T-1
n ...
= E{Min E{]  L(x(t),u(t),vit) + K(=x(T)¥(k+1) }H¥(x)}
u(k+1) '1k+2' . ,11'—1 t=k+1
k+1 T-1
n “,eeer
= E{V(¥ (k+1) ,k+1) | ¥ (k) } ' ' (4.4.12)

From this and equation (4.4.11) we obtain equation (4.49) and further

T-1 .
V(¥(0),0) = Min E{] L(x(X),u(k),v(k)) + K(x(T))|¥(0)}
T-1 =
2(0),11, ceer Y k=0
D.o'ﬂl' e, 07t
Again by Lemma A.3
o T-1
Min E{} L(x(k),u(k),v(k) + K(x(T))}
0 T-1 k=0
lo'm'lfr 1
N seeesn]
= E{Min E{] L(x(k),u(k),v(k))+ K(x(T)|v(0)}}
u(0) rlll~°-l T-1 k=0
0.1 ™1
n.n,-..n
= g{v(T(0),0)}. (4.4.14)

We can then apply this theorem to solve the lower-level problem. This
will be stated in the following theorem. Since we have a linear system,

with Gaussian driving and observation noises, the information Y(k) can be
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replaced by the sufficient statistics gi(k). From now on we would deal with

Vi(éi(k)'k) instead of Vi(Yi(k),Ui(k-l),k).

Theorem 4.4.2;

The.solution to the lower level problem is given by ///
u,*(k) = -D, (k+1) (%; (k) - x, (k) - E; (k+1) p. (k) (4.4.15)
v.*(0) = -A. . % (0) - K. N1z (1) - 25 Tp. (0) (4.4.16)
Y 25T 5 2 =i By -2

= -1 1 111 - g1 ’
gi*(k) = A K (k)[ga(k) +3 Ei(k 1)1 .9y (k+l)£a(k+1)
1 -1 _ _ ,
- E-§i (k+1)21(k) . : k=1l,...,T-1 (4.4.17)

where Ei(k)' Ei(k)"fi(k)' Ei(k), Ei(k), Ei(k) and §i(k) are as given in

Section 3. Moreover, the optimal cost is given by E{Vi(gi(O),O)} where

v, (& (k) k) = 351 (K)K, (k) X, (k) +2£i'(k)§-i(k). +5; (k) (4.4.18)
with
s; (k) =s, (ktl) + 2r, ' (k+1)¥ * (k) + v, *' (k)_l_<_i(k+2ll)gi*(k)
- K (D) * () + r, (D) 1'B,TY (kD) BY [K, (1), *(K) + r, (k+D) ]
+p 'Ky, *(k) + trg X, (k|x) + txkK, (k+1) (Z; (k+1|k)-§i(k+1|k+1))
s (M = tr_E_‘iEi(T!T-),_ (4.4.19)
] - ] -1 -
I k|k) = I, (k|k-1) - gi(klk-l)_c_i [_c_igi(klk ne. ' +9,1 gL (k|k-1)
(4.4.20)

E_j_(k+1|k) = 5_ii§i<k|k)§_ii- + =(k)

- g:_i(ol-l) = Z,(0) | (4.4.21)
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Proof ;

The functional equation corresponding to this problem is

A (ﬁ (k) ,k) = Min E{x. '(k)g1x (k) - Ei'(k)l:i(k) + u, ' (MR u. (k)

u, (k) ' ‘ S
y_i(k) ' -
+p; (Y, (k) + V(& (k1) k41 R, ()} ' (4.4.22)

where !i(k) is to be independent of any a posteriori information.

If we let Vi(gi(k),k) to be of the form given by equation (4.4.18), the
right-hand side of (4.4.22) becomes

< [} -t ] 1]

E{Ei(k)giii(k) R, (k)x, (k) + u, ' (R u (k) + p; (k)gi(k)

+,gl'(k+1)x (DR, (k+1) + 22, (DR, (k+D) + 5 (e1)| & (k)}

% (0Q. % () + trQ. L. (k|x) - B(K)x, (k) + u.'(K)R.u, (k) +p, (k)v (k)

+ [511_1(1;) + v (x) +B u, )1 K (k+1) [A (k) + v (k) +B u, (k)]

+ trK, (DI, (ktl|k) + 2r ' (D) (A R, (K) + v, (k) + Byu, (k)] +'S, (k+1)
- trK, (k+1)Z, (k+1]|k+1)  (4.4.23)
—i —i

where we have used the fact that
. N g "N [ ]
E{R, ' (+D)K, (k+1) X, (k+l)|x )} = @, 5i(k) + v, (k) + Byu, (k) ]'K, (k+1)

(A%, (k) + v, (k) + Biu, (k)] + trK, (k+1) (Z,; (k+1| k) =L, (k+1|k+1))

(4.4.24)
Given v (k), minimizing ~ (4.4.23) with respect to gi(k) gives
-1 A - . N
* = o A '
B*) = -7 )B, K, (kDA LR (K) + K Gel)y (R) + z (k¥1) ]
(4.4.25)

Denote (4.4.23) with u.* substituted in by W. (X. (k) ,k). To minimize with
=i —i =

respect to !a(k) we minimize E{Ei(gi(k),k}. This gives
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B_i‘(k) + 2_I§i (k+1) [_l}iilti(k) + Eigi*(k)] + 2_l_<_i('k+1)xi* (k) + 25_1(k+1) =0
(4.4.26)

where

‘_gji* (k) E{y_i* x)}

-1 ' —
- I, (k+l)§i [Ei (k+1)§ii§i (k) + _Igi(k+1)§_r‘i(k) + _r:'_i(k+l) ]
(4.4.27)

Substituting equation 4.4.27 into equation 4.4.26 we have
- -1 ' . *
[Z - K; (k+1)B, T, ~(k+1)B, 'IK; (k+1) ¥, * (k)

= =[I - R -1 't = -1
= -[L - K, (k+1)B.T. “(k+1)B,']1IK, (k+1)A, .x. (k) + r, (k+]1)]- 5 p, (k)

(4.4.28)
since K, (k+1) is invertible (see Appendix B)
g ’ - - 1w . -1, '
Ei(k+1) = Ki(k+1) Ei(k+l)§izi (k+l)§i si(k+1)
-1 1 - (4.4.29)

'_ R ‘-1 e
= [§_i (k+1) +5i§_i !_3_i 1

-1 o - -1 . . .
[I 1(_:.L(}<+1)_B_g.._'£:.L (k+l)_B_i )} = %(k-ﬁ-l)}i (k+1)‘ is then 1nverf.1ble. Thus

A T 0 - kYo o) - L5 Lixes
v, *(k) = -A, . %, (k) , K (k+1) r. (k+1) 5 54 (k+1)g_i(k) (4.4.30)
= - -l [] A - -
u. *(k) = Ei (k+1)B. ' [K. (k+l)A.i(x.(k) x. (k))
1 ' -1 -1
-5 (L -K (kBT “(k+1)B; ") "~ p, (k)] (4.4.31)

"It can be shown that (see Appendix B)

-1 — - I IS T
T, N +DB (L - K (e DB,T, OB, ) T = R B, (4.4.32)
Thus
u. (k) = - T "L(k+1)B, 'K, (k+1)A, , (R, (k) - X, (k}) + <R, "1B.'p. (k)
. . . . ii . . =4 . Ei

(4.4.33)
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By substitution into equation 4.4.22 and identifying the terms quadratic

in %, (k), linear in gi(k) and independent of 3i(k) we obtain equations for

4

Ei(k)' Si(k) as well as
_- o l'_ > - -1 '
gi(k) =-3 P—i(k) + Aii [-]—:i _lgi(k+1)§ig:.L (k+1)_lgi ]E'_i(k-l-l)

' *
+ éii §i(k+l)xi (k)

r. (T =0 | (4.4.34)

To find the optimal controls Ei*(k) and the optimal "estimates" !i*(k)’
a two-point boundary value problem has to be solved. This involves equations

4.4.30, 4.4.34, and the following equation
—_ ' = _— . -,
zi(k+l) giigi(k) + !i (k) + EiEi (k) | (4.4.35)
51(0) given
From equation 4.4.33
— l -
* = - ' I Y
g*) =2 R 7B, 'p; () (4.4.36)
Substitution of (4.4.30) and (4.4.36) into (4.4.35) yields
% (k1) = =K. L (k+1) [z, (k+1) + S p. (k)] (4.4.37)
% = L 2 By

From these we obtain equations 4.4.16 and 4.4.17. Substitution of (4.4.16)

into (4.4.34) yields (4.3.13). Substitution of (4.4.17) into (4.4.34) gives

- | -1 = e l =~ ' - l ] 3
{I. A'i S.(k+1)A.iK. (k)1xr. (k) = > Bi(k) 5 Aii Ei(k)
1 . -1 _
+ 3 AL'S, (kH)A K, (k) p, (k-1) (4.4.38)

Since from the Riccati equation

I, - A..'S. (k+1)A, K, L(k) = giK.—l(k) (4.4.39)
=1 =i —ii—i =i
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we obtain .equation 4.3.14. Essentially,the two-point boundary valﬁe problem

is uncoupled and becomes a single equation in Ei(k)' Ei(k) is uniquely

defined when 21 is positive definite. This is a sufficient condition for

the positive definiteness of Ei(k)' k=0,...,T-1. | Q.E.D.
The control Ei*(k) which is actually applied by fhe ith controller

consists of two parts: a clpsed;lpqp”part which depends on the measurements

and an open loop part which does not. The closed loop part can be written

to depend on the difference between the a priori and the a posteriori esti-

mates of the ith controllervabout the state of the ith subsystem. It looks

like the solution of a tracking problem with g;(k) as the reference state.
In fact, the optimal cost to go Vi(gi(k),k) has a form similar to that of

the tracking problem. . The open loop part éepends only onVEJ the coordinating

signals received from the higher level. When the a p;iori and a posteriori
estimates of the locél cohfrolle;s are the same, as in the case of no
measurements, the closed loop part disappéars-and only,the open loop control
remains. In the next section we will'find oﬁt what the open loop.part

really is.
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5. Solution of the Higher Level Problem

The higher level problem is choosing the optimal p* to maximize

N
Jx(p) =} 3.+
= i=1 —

From Section 4,

~

I *p = gi'(O)gi(O)gi(O) + 251'(0)21(0) +5,(0) (4.5.1)

where 5&(0) satisfies equation 4.3.13 and si(O) is given by equation 4.4.19.

Since g;'(O)Ei(O)E;(O) is independent of p, the higher level problem is

N
sz gﬂ 2z, ' (0)%, (0) + 5, (0) (4.5.2)
Let
_ -
x(k) A} oz (k) gdfeo o .. ..
: 9 Q.-
| Xy (k) I
k(k) A A
k) AR o ... abdfa,a,....
0 Kk ... Ay By - -
TN ) PSP W
A .
BLA{B o0.... Sy Afs,0 0 ...
9 By. .- 0 s,(k) . . ..
e ... By N Ol

Then equations 4.3.13 and 4.3.14 become

£(0) = - =2'p(0) - (I - @ K HONR(OX(0)  (4.5.4)

N
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QE mrm = -1apm + 2@ - oK Yanpk-1y (4.5.5)
k=1,...,T-1
-1 | ,
s;(0) = 1§=o(si(k) ~ s, (k+1)) + s.(T)

x'(0)3,.'S, (LA, %, (0) + tr K, (MZ, (7|

_l : . .
+3  {tr gigi(k] k) + tr g_i(k'+1)(§i(k+1lk) - gi(k+1]k+1))}

o G
+-§=1 ;" 00 Ik, (0A; 'S, (FDAK T () = K7 001z, ()

+p, " (-1 K, M 00A, 'S, (A, kT - ka0 1 (0
+ 1 '<k—1i [K 'i<k)A 'S (k+1)A. K, T(k) - 5. (k) 1p, (k-1)}
g By VR W4y 2 TR 2 | TR

Pt T |
- " (DK, -(T)gi('r) By (_T 1)51 (T)_x_f_i(T)_

1, -1, |
| -2 Ei_(T—l)gi (T)Ei(T-l) (4.5.6)
The terms involving gi(klk) and gi(k+1|k) are independent of p. Thus

the quantity to be maximized is

- Lo -1 -1, -1 -1
2r(0)x(0) + ] - x'(0E (kQ K "(Kx(k) - p' (k-1)X “(k)Q K~ (k) x(k)
k=1
- %P_' D) [® g K (k> +BRIB'] plk-1) - = p_(T—ns Lmypre-1)

(4.5.7)
Redefining
A(k) = - p(k-1) k=l,...,T

we have
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— -1 -1 -1 -1 -1
Max A'(1)A x(0) + ] ~-r' (KK (xQK (kxk) +A' KK QK " (kxr(k)
k=1

-V E T e B m + B EBIAK - A @EHmAm (4.5.8)

with respect to
r(k); k=1,...,T-1
A(k); k=1,...,T
such that

g ¥ lwrm =

N

A'AGH) - Z[1 - @ KT 001 Atk)

k=1l,...,T-1 A : (4.5.9)

Theorem 4.5.1:

The optinﬁl solution .)L* (k) to equations 4.5.8 and 4.5.9 corresponds to the
costates of the deterministic linear regulator problem for the entire

system. Minimize

T-1
X' (T)F x(T) + ] x'(k) Q x(k) + u'(k) R u(k) (4.5.10)
k=0
subject to x(k+1) = A x(k) + B u(k)
x(0) = x(0) given | (4.5.11)

Proof :

We form the Lagrangian H(A,r,a) given by

~ i1 -1 -1
AAa x(©) +) -rok (xQ K T (krik)
k=0

n

H(LlElg’)

+

A 0K g Kozt - 2 A0 € Toog Koo+ E B A0

a' (k) [ ¥k x(k)-

N

A (k+1) + (T - @ K T(k)AM]

- FA @ mAm (4.5.12)
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Using the necessary conditions for optimality we cobtain

oH - ~=1 ~=1 _ l~—1 S | -1_,
X Ax(0 +XTWQK "(Mx) - JEK (WK () +BR BN AL
ooty e =0 (4.5.13)
SIL-2K a(l) =0 . .5.
M _ -1 ~=1 _le-1 ==1 -1, 1 N
%“)—E(MQE(HQM SIK “(k)Q K m)+gggjym+2ﬂgmn
-2z - R llam =0 k=2,...,m-1 (4.5.14)
oH _ 1 _ 1lz-1 -
WD - SAQT-L -8 (T MT) =0 | (4.5.15)
OH ~-1 ~-1 ==1 =-1 ~=1
LK) =-2k "(K)Q K "(K)r(k) + K "(k)Q K "(K)A(k) - K "(k)Q alk) =0
k=1,...,T-1 (4.5.16)
) S | 1., I T S - o
(k) -2 R Txz(k) + Z A Ak+l) - J(1- QK (K] Alk) =0
k=1,...,T-1 : (4.6.17)
From (4.5.13) and (4.5.16), we obtain
a(l) = 2 A x(0) - B R B'A(D) . (4.5.18)
From (4.5.14) and (4.5.16), we obtain
a(k) = A a(k-1) - 5 B R B'A(k) k=2,...,T-1 (4.5.19)
Since
shm =4 rls (4.5.20)

equation 4.5.15 becomes

AMT) = F{a a(T-1) - B R 'B'A(T)] (4.5.21)
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From (4.5.17) and (4.5.16), we obtain

A(k) = A'A(k+l) + Q a(k) : (4.5.22)
Let
a(k) A 2 g(k)‘
Then we have

x(k+1) = A x(k) - = B R 'B'A(k+1) k=0,...,7-1 (4.5.23)

NIH

A(k) = A'A(k+1) + 2 Q x(k) (4.5.24)
x(0) = x(0)

AT

2 F x(T) (4.5.25)

This is the two-point boundary value problem associated with the
optimal control problem (4.5.10) and (4.5.11) [A3]. Q.E.D.
Since A(k) = 2 K(k)x(k) where K(k) is the solution of the Riccati

equation for the whole system
K(k) = Q + A' K(k+#1) [I - B T L(k+1)B'K(k+1) 1A

K(T) = F (4.5.26)

T(k+1l) = R + B'K(k+1)B (4.5.27)

the optimal control u, * given the optimal coordinating signal p*(k) is

= - -1 'K A $ - x - l-R -lB '
-E-i*(k) - I:L (k+l)§i —i(k+1)—ii(§i(k) 3(-i( ) 2 — =i 2\-'i*(]ﬁ.:L)
=-T7 -1(k+1)B 'R, (k+1) A, . (R. (k) -x, (k) - -l[ B'A* (k+1)]
—i - =i —iji =i -1 2= == i

(4.5.28)

where [_a_x_]i corresponds to the ith component of vector a.
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We now show how g;(k) is related to the solution of the deterministic

linear regulator problem of the entire system.

Theorem 4.5.2:

Given the optimal coordinating parameters, the unconditional estimates
gkk) of the state of the system by the lower level (given by equation (4.4.35))

are equal to the uncqnditional estimate of the coordinator, i.e.,

X(k+1) = A X(K) - 2B K B' A*(k+D)

x(0)  given (4.5.29)
Proof :
By equation 4.4.30
= s -1 1, -1 -1
* = - - - ] *
¥, *(0) A% (0 - K Tz, (1) + 3Ky T(1) + BiR; "B A (D)
(4.5.30) -
By equation 4.5.16
=« Te ) + 2k Tt - x5 =0 (4.5.31)
=i =i 2= =i = -
Thus
v. *(0) = - A, .x (0) + x (1)-+ l13 R -13 1A (1)
=i Siis i 2 =i~ = -4

(4.5.32)

"
t~1

4>
X
G

We then have

x(1) = A x(0) - -;-_3_5' B'A* (1) (4.5.33)

By induction, we can easily show that
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v.*(k) =) A..x,(k) ' (4.5.34)
- i)

and hence equation 4.5.29. Q.E.D.
We have thus verified constraint (4.2.10). Moreover, we have shown

that the unconditional mean (a priori estimate) of the ith controller given

the optimal coordinating éarameter and the uncoupled subsystem is the same

as the a priori estimate obtained by the coordinator. The optimal control

Ei*(k) is given by

3400 = - T, RHDBE (DA (R (0K, () - [T O0DB'K(K+DA XK1

(4.5.35)

where

T(k+l) = R + B'K(k+1)B (4.5.36)

This optimal control consists of two parts, a closed loop part which
has béen discussed before and an open loop part. The open loop part is the
optimal deterministic control for the whole system assuming no measurements
are made. Thus the optimal control Ei*(k) has a deterministic component
which takes into account the effect of the coupling and a closed~loop part
which utilizes the local information available. The closed loop part resem—

“bles the solution of a tracking problem where the a priori estimate by the

~ coordinator is the reference state.
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6. Discussion and Perspectives

We have obtained an off-line decomposition of the linear-guadratic-
Gaussian problem. It is found that the optimal control strategy consists
of two parts: a. closed-loop part which can be generated by the lower level
controller himself and an open-loop part which depends on the coordinating
parameter p. The closed-loop part consists of the optiﬁal deterministic
gain for the ith sﬁbsystem acting on the difference of two estimates. The
optimal coordinating parameter p is essentially the costate corresponding
to the optimal deterministic control of the entire system using the mean of
x(0) as its initial state. Then the opén loop part is the oétimal deter-
ministic control of the whole system. The scheme of control is simpler than
the solution to the optimal dynamic team since it requires less .on-line
and off-line computation; Compared with the centralized case, when there
is communication among all the controllers, it is also simpler since a full
dimensional Kalman-Bucy filter has been replaced by N local filters. The
decrease in computation and communication is accompanied by a loss in

mathematical optimality..



CHAPTER 5

DECOMPOSITION OF STOCHASTIC DYNAMIC SYSTEMS (ON-LINE)

1. Introduction

In this chapter we study the on-line decomposition of stochastic
dynamic systems. The off-line decompositionvof stochastic dynamic systems
has been considered in the previous two chapters. Based on the a priori
information, the coordinator transmits coordinating parameters to the lower
~ level controllers. With the optimal choice of these parameters, the system
is coordinated in the sense that the action of the other subsystems on the
ith subsystem and its estimate by the ith controller are equal on the
average. Once the system starts running, the coordinator's duty is finished.

In some situations, the coordinator receives new information while
the system is running. This new information can be used to improve the
performance of the system. Insteadsof off-line coordination, we thus have
on-line periodic coordination withvthe coordinator processing the new
inforﬁation and transmitting new coordinating parameters. Two kinds of
on-line coordination will be considered in this chapter, depending on the
coordinator's assumption about the availability of future information.

When the coordinator assumes that future information will not be available,
open-loop feedback optimal coordination is obtained. When future information
is assumed to be available, then truly closed-loop coordination is obtained.

Roughly speaking, the issue of periodic on-line coordination can
be explained as follows. Each local controller collects all his measurements
(e.g. once a day). On the basis of his own measurements, coordinating

signals, etc., he makes his (daily) decisions. Every-so-often

-100-



-101-

(say once a week) each local controller transmits all his measurements

to the coordinator. The two cases considered correspond to

(a) the coordinator does not know if-and wheh local
measurements will be transﬁitted, hence he
operates gnder the gessimistic assumption that
no fu?ther measurements will'be made (open loop
feeﬁback optimal strateqy).

(b), the coordinanrknows a priori that.he will
-réceive periodicallf #11 measurehents, and his
coordinating strategy reflects‘the‘knowlgdge
that in Ehé fu£uré’he Qill receiveAsuch

measurements.(fhe closed loop case).

In the next section we-formuléte fﬁe_én—line coordination problem-
when the coordinator makes measurements after the system starts running.
The open loop fgedback optimal.concept in stochastic control is applied
to coordination in Section 3; In Sectioﬁ 4, the open loop feedback
optimal coordination of the LQG problem is investigated;‘ The solutions
‘are found fo be rather physically.intuitive._ In Sectién 5, we study the
trulj cloéed loop mode bf coordinafion.- A functional eéﬁatioﬁ which hés
to be solved is obtained. This is compared with the open loop feedback
optimal case. In Section 6 a special linear dynamic team>prob1em consisting
of independentsubsysteméwith'ihe only coupling in the terminal cost is
considered. This is used in Section 7 to obtain a decomposition for the

lower level problem between updating times for the closed loop optimal
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coordination of the linear-quadratic-Gaussian problem. The resulting
control strategies are very similar in form to those obtained from open loop
feedback optimal case. The difference between open loop feedback optimal

coordination and closed loop optimal coordination is discussed.
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2. Formulation of the On-Line Coordination Problem

Let the coordinator collect the measurements of all the lower level

controllers periodically every £ units of time. For simplicity, we assume

T = mf, where m is some integer.
Let Yo(k) be the information available to thercoordinator at time k.

Then

Yo(kz) Yo-(k!'+1) = ... = Yo(k£+£-1)

{Yi(kt), U, (k€-1); i=1,...,N}
k = O'Qv.. ,m - 1 (5.2.1)

The control of the ith controller is allowed to depend on Yo(k) as well
as Yi(k) and Ui(k-l). We shall show that in certain cases Yo(k) can be
replaced by some sufficient'statistics. Given his available information

: N
Y (k), the coordinator requires v.(t) to be equal to z gi.(x.(t)) on the
° ~ eI
average, where t > k. Thus we have the following formulation.

Problem 5.1:

Given

X, (k+1) =£i‘3‘-i_""' v k), u (k) E; (k)

i=1,...,N (5.2.2)

]
J = J,
i=1 *
_ T-1
3, = Bk (x, (1) + ]§=0Li(§i(k), u, (k))} (5.2.3)

E{y, (£) - zjﬁgij(g_j(tnl!fo(k)} =0 t2k
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k=0,...,T - 1
i=1,...,N (5.2.4)
k -
gi(k) = Ii (Yi(k), Ui(k-l),.Yo(k); I) (5.2.5)
I .3
v, =n (kD (5.2.6)

where I has the same interpretation as in Section 3.3. Find optimal control
strategies Iik and ﬂik, i=1l,...,N; k=0,...,T = 1 such that J is
minimized.

Comparing with the off-line case discussed in Chapter 3, we see that
the constraint has to be satisfied more exactly. 1In the previous case, the
constraint is only required to be satisfied with respect to the a priori
_ihformation. Now it ‘has to be sgtisfied with respect to the updated
information of the coordinatof. -By the nested property of the conditiéﬁél
expectation, it is easily seen that equation 5.2.4 implies equation,§f3.3
since

N . N
E{y, () - gﬁgij (0N} = E{Bly, (&) - gﬁg_ij ENCMENCN

t>k (6.2.7)
Whether it is off-line coordination as discussed in Chapter 3 or
on-line coordination treated here, the lower level controls Ei(k) are all
- closed loop, i.e., they depend on the past information available and are
computed based on the assumption that further measurements will be made.
The terms "off-line" and "on-line" refer only to the mode of coordination.
For on-line coordination, there are many possibilities. We shall consider

two here, open-loop feedback optimal coordination and closed loop optimal
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coordination, and discuss their similarities and differences in both the

general, as well as the linear-quadratic-Gaussian case.
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3. Open-Loop Feedback Optimal Periodic Coordination

The philosophy of open—-loop feedback optimal controls is essentially

the following [D2, C5, T2]. At each time k in the control interval

1. The statistics of the state of the system x(k) is
generated (possibly with a nonlinear filter) from the

available observations.

2. Assuming that no measurements will be made in future, the
optimal control sequence u*(k), u*(k+l),...,u*(T-1) is
generated based on the currently available data by solving
an open-loop control problem, the cost functional being
the cost to go from time k conditioned on the data

available at time k.

3. The optimal control sequence is applied from time k to
time k' when additional measurements are made. Steps
1, 2 are then repeated to cbtain a new sequence of

optimal controls u*(k'),...,u*(T-1).

The name open-loop feedback optimal is used because essentially
an open-loop stochastic control problem is solved at each updating time
- and then the optimal controls are applied in a feedback form.

Applying this philosophy to the coordination problem, we have

the following scheme. At each time k = 0, £, 2¢,...,T - £,
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' The statistics of the state of the system x(k) is

generated (possibly with a nonlinear filter) from

the available data Yo(k) by the coordinator.

Assuming that no measurements will be made by the
coordinator in future, the coordinator then faces a
problem similar to Pioblem 3.1 except that the system
starts from time k and the a'priori statistics on
310) is replaced by the conditional density of x(k)

given Yo(k).

The coordinating parameters p*(k),...,p*(T-1) can be

found. They would define the lower level problems

t

from which the optimal control strategies xit, ni ’

t=%X,eee,T=-1,4i=1,...,N are computed by the

local level. These opfimal control strategies are
applied until t =k + £ - i when a new set of data
Yo(k+£) is available to the coordinator. fhg whole

process is then repeated.
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Using this approach, Problem 5.1 can be solved by the following

hierarchical scheme.

Lower Level:

x, (k+1) =£i(§i(k), v, (k), u, (k), 51“‘” (5.3.1)
k -
u (k) =y, (nf) (v, (k), U, (k-1), Yo(nl); 1) (5.3.2)
k -
v, (k) = n; (nf) <Yo(nz); 1) (5.3.3)
. , -1
3, (p(nl), ¥, (nl) = E{K, (x,(T)) + LM L, (x, (k) , w, (k) (5.3.4)

+p, ' (kinD)y, (k) - jZﬁgj'(k;nz)gji(_:;i(kn ¥, (a2}

thhmﬂ)md%“ﬂthnﬁi=1NNMSwhmn3ﬁgth&MHis

minimized.
p(nt) g {p(kint) }E:»e (5.3.5)
" Let
3, *(p(nl), Y, (nl)) £ win 3. (p(nd), Y, (nl)) (5.3.6)
| X0y
Higher Level:
N .
Maximize ) J.*(p(nf), Y _(nl)) (5.3.7)
p(nd) i=1" °
p(nl) = By, (nl)) (5.3.8)

where f is some measurable function of Yo(nﬂ).

Apart from solving the maximization problem, the coordinator is also
responsible for generating the conditional density of x;(nf) given Yo(ne)
which is necessary for the definition of the lower level problems. In

addition to p*(nf), this probability has also to be transmitted. For the
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lower level controllers, although the optimal xik(nl) and gik(nl); k>nk
are computed,only xik(nﬂ) and ﬂik(nﬂ) with n < k < nf + £ are used in the
actual control.

We notice that the open—loop problem has to be solved at each up-
dating time by the coordinator and then the stochastic control problem solved -
by the lower level controllers. Depending onbthe nature .of the lower and
higher level problems, this open-loop feedback optimal strategy may or may
not be feasible. .When the updating interval is very long, then the com-
putations involved may become manageable. Again, analytical results can be
obtained for the linear—-quadratic-Gaussian case. This is discussed in the

next section.
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4. Open Loop Feedback Optimal Coordinatien of the Linear-Quadratic-
Gaussian Problem

In Chapter 4, we obtained the optimal control strategies for the
linear-quadratic-Gaussian case when off-line coordination is assumed. This
will be used to ébtain the open loop feedback optimal coordination of the
linear-quadratic-Gaussian problem.

In Section 4.3, equation (4.3.1) gives
u;*(k) = -D, (k+1) (R, (k)-x, (k)) - E, (k+1)p, * (k) (5.4.1)

where g;(k) is the estimate generated by the ith controller using his
a priori information and the coordinating parameters p*(k)'s. gi(k) is
generated using the measurements in addition. They are given by equations
(4.3.7) and (4.3.10).

Using the open loop feedback optimal philosophy, we have the
following.

At any time k, let n{ be the last updating time. Thus

nf <k< nl+¢& |  (5.4.2)

Then
* = - 2 — - * (k.
w, *(k) = -D, (k+1) (&, (k|k)-x; (k|n8)) - E, (k+l)p, *(k;nd) (5.4.3)
where the gain matrices are the same as those given in Chapter 4.

A A —_
_:_:_i(klk) = E{_:Ei(k)l Y, (k), U, (k-1); I, p*(nd), Ed(nzlnz) ,gii(nzlnz)}
' (5.4.4)

x, (k[n8) = Elx, 0|1, p*rd), %, ne|n0) } (5.4.5)

Ii is the decentralized a priori information of the ith controller

about his subsysteh. g;(k|n£) is the estimate generated by the ith
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controller based on the coordinating parameters Ef(nl) and g;(nllnl).

gi(klk) is the decentralized estimate generated by the ith controller

using the coordinating parameters p*(nf), the statistics g;(n£|p£) and

L, (n€|n), and the data ¥, (), U (k-1).

The state estimate of the coordinator is generated as follows.

x(k+1[k+1) = A x(k{k) + B u(k) + G(k+1) [y (k+1)-C(A x(k|k}+ B u(k)]

x(0]/0) = x(0) (5.4.6)
Glk+1) = I(k+l]k+1)C'0 L k1) (5.4.7)
-l ) ' — -1 -1
I(k+l|k+l) = [C'O " (k+#1)C + ( A Z(k|k)IA'+ E(k)) )
Z(olo) = Z(0) - Z(0) c'(c E(OIC’ + 00 7'¢ £(0)
(5.4.8)
The coordinating parameters Ef(k;nl) are given by
p*(kinf) = - A*(k+1;nf) = - 2 K(k+1) x(k+1[nl) | (5.4.9)
where
Xk+1|n) = (I - B T L (k+1)B'K(k+1))A x(k|nl) (5.4.10)
x(n€|nf) is given by (5.4.6).
The decentralized state estimates gi(klk) and g;(klnl) are found as
follows,
R, Oerlk+l) = A, R (k|Kk) + v,*(k|nl)+ Biu, (k) + G, (k+1[nl) [, (k+1)
-gi(gﬁgi(klk) + gi*(klnl) + B,u, (k)] (5.4.11)
gi(nf..nl.) - _;_i(munz) (5.4.12)

5, (k+1|nd) = gi(ku;ku;nz)gi_'g;l (k+1) (5.4.13)
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§_i(k+1|k+1;n£) = [Eie (k+1)c + @ L (k|k; nb)A; .+

I (nd|n€;nl) = I (n|nk)

X, (k+1|nd) = - L loat) I £ (k+1|n£) + —21*(k inf)]

AL

v, *(klnl) and r (klnl) are given by the following equations.

!;_(n“nﬁ) - - (n€|nl) - 51-1 (n+1)r, (nl+l|nd)

l*'

A,
i1

- %_si-l(nbl)p_i*(nf;nl)
= -1 1 -
v, *x|nl) = A, K T x kInd) + 5 p *(k-1inb)]

K, " keD)r, (ke1|nl) - L5 "HkeLpg (kind)

24

n < x< nl+ &

gi(nllnl) = - %-Ei*(nl;nl) - %-éiigi*(nl;nﬂ)

- AlS, (nl-f-l)_l_\iigi (nt]n)

QiEi'l(k)s_i(klnﬁ) = - %—Ei*(k;nl) - %-Aiigi*(k;nl)
1, -1 .
+ 3 AL S, (k+D)A, K. T (k) gi*(kﬂ,nl;)

nf < k < nl + £

Ei(Tan) = 9-

(5.4.14)

(5.4.15)

(5.4.16)

(5.4.17)

(5.4.18)

(5.4.19)

(5.4.20)

(5.4.21)

Essentially at each updating time nf, the coordinator evaluates a

state estimate x(nf{nf) and new covariance I(nf|nf) using his measurements.

From these the optimal coordinating parameters p*(k;nf) are computed.

Z;(nZInZ) ’ Eii(“zlnl) and p*(k;nf), k =n ,....,nl+f-1, are transmitted

7
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to the ith lower level controller.

The ith lower level controller generates the new # priori estimate
g;( klnl) from the coordinating parameters as well as the estimate Ei(klk)
from his own data. From Theorem 4.5;# we can see that g;(klnl)'is the same
as that generated by the coordinatbrrusing equation (5.4.10). The optimal
control strategy given by equation (5.4.1) consists of a part depending
on the difference between these two estimates and a part specified by the
coordinator through the coordinating'parameters. When these two estimates
are the same, essentially the coordinator takes over the qontrol of the
system. This can happen when the coordiﬁator‘updates_his information as

often as the lower -level controllers. In this case from Appendix D,
® = - ® s
u, (x) Ei(k+1)21 (k,k)

= - [3'1(k+1)g'g_(k+1)5 g(klkni (5.4.22) .~

Thus the control strategy approaches that given by a separation theorem

asymptotically.

Remark :

The linear-quadratic-Gaussian problem is really a.very special case.
We note that for open loop feedback optimal coordination, the lower level
controllers do not need the whole set of coordinating parameters from time
nf to T-1. 1In general, this may not be the case. Recall also that for
centralized information structure, there is no difference betwgen the open
loop feedbﬁck optimal control and the ciosed loop optimal control for the
10G problem. 1In the case of cooxdinatioﬁ, however, there will be a

difference, as can be seen from the next section. The fact that the
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coordinator assumes the availability of future information introduces some

features which are not present in the open loop feedback optimal case.
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5. Closed-Loop Optimal Periodic Coordination

In closed-loop coordination, the coordinator chooses his
coordinating parameters knowing that measurements will be made in the
future. This has both advantages and disadvantages. Instead of having
a different set of coordinating parameters which are changed at each
updating time, only one set of coordinating parameters will be required
but the future ones depend on measurements still not yet aQailable to the
coordinator. Complete decoupling of the ldwer level problems is not ob-
tained in this case, however.b The following theorem uses the closed loop

nature of the coordination to reduce Problem 5.1 to another problem.

Theorem 5.5.1:
_;if closed-loop periodic coordination is used and the coordinator has

perfect memory, the Prcoblem 5.1 is equivalent to the following problem.

Problem 5.2:
Given

X, (k+1) = £, (x, (), v, (K), u, k), § (k)

i=1,...,N (5.5.1)
N
J = §=1 3, (5.5.2)
T-1
3, = ElK, (x, (T)) +.]§=0Li(-’-‘i(k)' u N} (5.5.3)

Ely, (8) - gﬁg_ij(z_j(t)HYo(k)} =0

k+£>¢t>k k=0,4,...,T-1¢

i=1,...,N (5.5.4)
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k ~
u (k) = Y, (Y (k) U (k-1), Y (k) T) (5.5.5)
. k ~ ,
v, (k) =y, (Y ) D) (5.5.6)

Find optimal ]_ik and ﬂik, i=1,...,N; X =0,...,T = 1 such that J is

minimized.

Proof:
We need only to show that constraint (5.2.4) is equivalent to constraint
(5.5.4).

Equation (5.2.4) obviously implies equation (5.5.4).

Suppose

Ely, (6) - gﬁ g_lj(lcj(t))lYo(k)} =0

for allk +£>t>%k; k=0, £,...,T - L.
Then consider
E{y (0) - [ g,ij_(:_l,j(t))lYo(k)}
J#i
where t > k + L.
Since measurements will be made in future and closed loop coordina-
tion is used, there exists an updating time k' such that k' + £ > t > k'
and

e{v, (t) - g ) g_ij(x_:j(t))|Yo(k')} =0 (5.5.7)

#
Thus

E{y, (£) - gﬁg_ij(g,j (€)Y, 0} = E{e{y, (v) - § igijgj (€N Y, (kY 0} =0

#
(5.5.8)

The first equality follows from the perfect memory of the coordin-

ator and the nested property of the conditional expectation. Q.E.D.
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In Section 3.4 we considered a constrained stochastic control
problem and used it to obtain an off-line decomposition for coupled
dynamic systems. There the constraint is with respect to the uncondi-
tional mean and hgnce the decompositidn is off-line. To obtain an on-line
decomposition which is closed loop optimal, we have to consider constraints
which are conditioned on on-line measurements. Corresponding to Problem

3.3 we thus have the following problem.

Problem 5.3

System: - x(k+1) = £(x(k), v(k), ulk), £(k)) _ (5.5.9)

E{axe), venly ) =0

k+£>t>k ,k=0,%, 2L,... (5.5.10)

Measurement: ¥(k) = hix(k), 8(k)) - (5.5.11)
, ‘ T-1

Cost Functional: J = E{K(x(T)) + } L(x(k), u(k))} (5.5.12)

k=0

E(k) 6k), k =0,...,T = 1 and x(0) are random vectors with known
statistics.

Y(k) = {y(0),...,y(k); u(0),...,u(k-1)} (5.5.13)

Yo(kl) = Yo(k£+1) f e. = Yo(k£+£—1) = Y (k&)

K=0,...m=1 (5.5.14)
X

u(k) = Y (¥(k)) (5.5.15)
) |

v(k) = n (¥, (k) (5.5.16)

It is required to find yY* and n* such that J is minimized and the

constraint is satisfied.
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Corresponding to Theorem 3.4.1 we have the following.

Theorem 5.5.2:

Let VSP{L(a,b)} denote the value of the saddle-point of L where a is the
a ,
b

minimizing variable and b is the maximizing variable. If the saddle point
exists in the following functional equation, then the optimal cost for

Problem 5.4 is given by
E{v(¥,(0)0)} (5.5.17)

where V(Yo(k) ,k) satisfies the functional equation

k+£-1
V(¥ (k) k) = VSP E{}] L(x(t), ult))
e XL 0, vty BF

PK) pe e ,R(k+£-1)

+ R BHX(E), ¥(£)) + V(Y (k+R), k+L) |Y0(k)}

k=0,4%,...,T- £ (5.5.18)
V(¥ (1), 1) = E{K(x(T) Y (D} (5.5.19)
Proof:
Define
CT-1
- V(¥ (k) k) = Min E{} L(xz(t) ,m(emxx(m) |y 00}
k  _T-1 t=k
Y reeeas) _
v(t) e Q (Y (£),1), t=k,...,k+l-1
v _rf € Q,(¥,(t),t) yt=k+l,...,T-1
k+£-1
= Min B}  nxe) ue) |y ol
k k+£-1 t=k '

Y reeerY
v(t) € Ql(Yo(t),t), t=k,...,k+l-1
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-1 , A
+ Min Bl]  Lix(t) men+KEm) |y, ol

k+L JT-1 t=k+£

X reees)

n® € 0, (¥ (t),t), t=k+l,...,T-1 (5.5.20)
Q, (¥ (v),0) = {v|E{E(x(t),» | (1)} = 0} A (5.5.21)
2,1, (t),t) = {n|E(H&(®) () ]|Y (0)} = o} (5.5.22)

From Appendix A, the second term on the right hand side of (5.5.20) to be

minimized is E{V(Y,(k+£) ,k+£) [¥ (k)}. Thus

: : . k+l-1

V(¥, (k) ,k) = Min » E{}  L(x(t),ult)
k k+£-1 _ t=k
XoresooX |

!(t) E‘ Ql (Yo(t)_ ), t=k,... vk+£_1

+ V(Y (k+£) k+L) lyotk) } (5.5.23)

Form the Lagrangian for equation (5.5.23) as
- k+e-1 :
e{} L(x(t),u(t)) + p' (L)E(X(E) ,¥(t)) + V(¥ (k+l) ,k+1_)|y0(k)} (5.5.24)
t=k ‘
If a saddle point exists, then.V(Yo(k),k) is given by equation

(5.5.18). By the same argument as in Theorem 4.3.1,

! -
V(Y. (0),0) = Min E{} L(x(k),u(k)) + K(x(T))}
o x - k=0 -
Y, k=0,...,T-1 :
n* € 9,(¢ (k) k), k=0,...,1-1 (5.5.25)
It is’}hus the optimal cost for Problem 5.3. - Q.E.D.

By the property of the saddle point, the following corollary is

obvious.
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Corollary 5.5.3:

If the optimal Lagrange multipliers p*(k) = QF(Yo(k)) are kgown,vthen

k+£~1
V(Yo(k) ,k) = Min E{Z L(x(t) ,u(t)) + p*' (t)H(x(t) ,v(t))

T k+l-1 t=k
Fonr
X(k) poee ,X(k"‘z-l)

+ V(Y (k) kD) Y ()} k=0, L,...,T - L (5.5.26)

V(¥ (m,m) = B{Kx(m) |Y (1] (5.5.27)

Remark:
It is also possible to substitute the VSP operation in Theorem 5.5.2 with
maxmin or minmax.

If we apply the corollary to Problem 5.2, we will find that the
terms involving L(x(t),u(t)) and p*'(t)H(x(t),v(t)) are separable into

the subsystems. However, V(Yo(k+£),k+£) cannot be separated into a sum of

N independent parts. Thus, although we have an optimal stochastic control

problem consisting of N uncoupled subsystems, the cost functional, which

is essentially separable has a terminal term which is not separable. This

makes our problem of finding the optimal controls considerably harder than
the open loop feedback optimal case. The main difference between the two
_cases lies in the assumption of future measurements by the coordinator.
When future measurements are assumed tq be made, this fact will be made
use of by the lower level controllers as well as by the coordinatér.
Although (5.5.26) is not as simple as the lower level problem in
Section 3, it is simpler than the original problem with decentralized a

posteriori information and common a priori information. Moreover, only
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one sequence of p's need to be chosen by the coordinator. In the open
loop feedback optimal case, a different sequence 6f p's have to be
chosen at each updating time. This equation is quite nontrivial to
solve. In the next two sections, wé shall show how this equation can

be solved for the linear-quadratic-Gaussian case.
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6. A Special Linear Dynamic Team Problem

In this section we shall consider a special linear dynamic
team. The solution of this team problem will be used in the next
section to obtain the closed loop optimal coordination of the linear-
quadratic-Gaussian problem. Problem 5.4 stated below is the team
decision problem under consideration. We shall relate its solution
to the solutions of Problems 5.5 and 5;6 which are simpler.

Problem 5.4:

x, (k+1) = A, .x. (k) + v, (k) + B,y (k) + E (k) (5.6.1)
N T-1

i E{i£1 kZO %t x; (k) + g, " (KIRgu, (k) + p; " (k) (k)

- By (kx; (k) + x' (T)K(T)x(T) } (5.6.2)

u, (k) =y, (v, 00, U, (k-1)) (5.6.3)

v. (k) depends only on the a priori information.
§i(0) given i=1l,....,N.
Find xi, V., i=l,....,N such that J is minimized.

Remark: This is a special case of a dynamic team. The dynamics of
the subsystems are uncoupled. The cost functional is essentially
uncoupled except for the terminal cost.

Problem 5.5: i=1l,....,N

% (k+1) = A x (k) + v, (k) + Bou, (k) + &, (k) (5.6.4)
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T-1
i E{kzo %' (0Q,x, (k) + u; ' (KRu, (k) + p,* (K)y, (k)

]
it

- Byt 00x; (k) + x, (DK (D, (T) + 208 (D)x, (D}

(5.6.5)

k
u, (k) =y, (Y, (k), U, (k-1)) | (5.6.6)

gi(k) depends only on the a priori information
Ei(O) given

Find xi*, !i* such that Jiis minimized, i=l,..,.,§.

r,(r) is a n, dimensional vector.

Remark: Given Ei(Tj, we.have N uncoupled stochastic-control problems
with linear terms in the terminal costs.

Problem 5.6 : Same as Problem 5.5.

Find xi#, zi* and Ei*(T) sugh,that Ji given Ei* is minimizéd, i=1l,...,N

and

AT =) K (DEAMT =) K, (ME{x.* M} (5.6.7)
" A I D | |
where x*(T) is the resultant optimal trajectory.

Remark: The solution of Problem 5.6 gives the person-by-person optimal

(pbpo) strategy of the team. Given a team with payoff function

J(Il,.;.,xN) the pbpo strategy‘(xi*,....,xﬂ*) is defined by

SN AL TRTRTS FLIPPRIY A BEI L AL TTRR FURLIS A PRI RERTS A

(5.6.8)

for all i and Ii'
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Theorem 5.6.1: xi*, !i*' i=1,...,N solve Problem 5.4 if and only if

they solve Problem 5.6.
Proof:
Necessity:

Suppose Ii*' !i*’ i=1,...,N solve Problem 5.4. Then in particular

E

i

I ~12

T~1 :
. kgo X 2 0Qx* (k) + u,* (KIRu, * (k) + p, ' (K)w,* (k)

- BTRIX A K) + x*U(TIK(TIx* (D)}

T-1
<E {RZO %, ' (K)Q.x. (k) + u,' (K)Ru, (k) + p, ' (K)¥, (k)

B'x, (k) + z(jz:éiﬁij (T)%*(T)) 'x, (T)

+ x, (DK, (Dx () }
: T-1
+e{] 1

K (k)Q.x. *(k) + u.*'(k)R.u.*(k
jﬁkﬂiﬂ()%%() gg()ﬂ%()

+py (X * (0 = B4 (0x* ()
+ terms independent of Ei(T) } (5.6.9)
Thus, by defining Ei*(T) =.2.§ij(T)§5*(T) and subtracting
j#AL

terms independent of the ith subsystem from each side of equation
(5.6.9) we see that Problem 5.6 is solved.
Sufficiency: Using the results in [H3] we can reduce Problem 5.4 to
a static linear team with a quadratic payoff. Reference [R1l] then
shows that the person-by-person optimal strategy is also the dptimal

strategy for the entire team. Q.E.D.
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‘We shall now solve Problem 5.5.

Theorem 5.6.2: The solution to Problem 5.5 is given by

u *(k) = =D, (k+1) (§; (k) - X, (k)) - E, (k+1)p, (k), k=0,...,7-1
(5.6.10)
v.*(0) = -A,_.x. (0) - K, “Tr, ) - 25, Fwp, (0) (5.6.11)
Y4 =ii% & L 22 B 0.1
v.*(k) = A K. T(k)[r.(k) + % p.(k-1)] - K, T(k+1)r, (k+1)
5 Sis = 28 = 5
-1s taenp. (k) k=1 T-1 (5.6.12)
3 24 . Ei geoeey 0.

where D., E., X.(k), x. (k) are the same as those in Theorem 4.4.2 with
=i’ =i’ = - S

K! = Py . i i
_1(T) Eil(T)‘and Ei(k)_ls given by

£,(0) = -3 5,(0) - 32 'p.(0) - A, 'S (DA, X (0 (5.6.13)
gi&'l(k)gi(k)= -% éi(k) - % é_ii.'gi(k) + % _zi_ii"gi(kﬂ)giigi'l’(k)gi(k+1)
k=1,...,T~1
Ei(T) given - (5.6.14)

Moreover, the optimal cost is
-, - I
X, (0)§i(0)§i(0) + 2£_i (O)Ei(O) + si(O) : (5.6.15)
where si(k) is given by equation (4.4.19)

Proof: Since Problem 5.5 and the lower level problem in Chapter 4
(Problem 4.2) differ only in fhe terminal cost, the functional equation
(4.4.22) can also be used here to find the optimal contfol strategies.
The terminal condition, however, has to be modified, with Ei(T) # 0.

Q.E.D.
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Problem 5.4 can now be solved with the help of Theorem 5.6.1

and- Theorem 5.6.2.

Theorem 5.6.3: The control strategies in Theorem 5.6.2 solve

Problem 5.4, with
1 1. -1
r(T) = - 3 R(T-1) + 3 K(T)K "(T)p(T-1) (5.6.16)

Proof: From equation (4.4.37)

py =-x "1 1 -
%, (T) = K.y (DI (1) + 3 p; (T-1)) (5.6.17)
If
r. (T = ) K . (T)x.(T) (5.6.18).
=1
L B —

then Problem 5.6 and Problem 5.4 have the same solution.

Define

- -

R(T) K (T) 0 evvenenennenn.

0

el 522('1‘) ........4..

.................§NN(T) (5.6.19)

2

Then equation (5.6.17) and (5.6.18) give

- ®M - R W zm + 3 pm]

I
C
3
A4

it

or _z_-(T)

]

- % p(T-1) + % g('r)_{l (T)p(T-1) (5.6.20)
Q.E.D.
The special dynamic team givén by Problem 5.4 has been con-
sidered in detail. If the Ei(T)'s are chosen appropriately as given

by equatibn (5.6.16) , then the optimal control strategies can be
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found in a decentralized manner by finding the solution to Problem 5.5.
We may regard the Ei(T)'s as the coordinating parameters for de-

composing the terminal cost.
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7. Closer loop Optimal Coordination of the Linear-Quadratic-
Gaussian Problem

In this section we shall look at the closed-loop coqrdination of
the linear-quadratic-Gaussian case. Using the results of the previous
section, we shall show that although thé functional equation (5.5.18) is
not separable into the individual subsystems, we can, by introducing an
extra coordinating parameter, define optimization problems for each of
the lower level controllers. By solving these problems, it is found
that closed loop optimal coordination and open loop feedback optimal
coordination give rise to essentially the same control strategies for
the lower level cohtroilers. However, the gain matrices in the control
strategies are different.

Substituting in the right functions, equation (5.5.18) becomes
the following:

- N k+&-~1
V(Y k) k) = Max Min 'E{igl tgk %, (0)Q.x, ()

. : k k+2~1
B(k)r- P (k+t2-1)Y ,...Y

v(k) oo, v k+l-1)
+ -p_i' (t)gigi(t) + pi' (t)_gi(t) - pi' (t)z:‘j'_(t)
+ V(Yo(k+2),k+2)lyo(k)} k=0,%,..., ™% (5.7.1)

Vv, (m),T) = E{x' (MFx(D) |¥, (D)} (5.7.2)
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. We shall show that at each updating time k=0, &,...., T-%,

the optimal cost to go as evaluated by the coordinator is given by
V(Y k), k) = x' (k[KIKK)Ix(k]|K) + b(k) (5.7.3)
where gkk|k) is the estimate of the state of the system by the

coordinator given by equation (5.4.6)
K(k) is the solution to the Riccati equation for the entire
system.
b(k) is a precomputable scalar.
This will be proved by induction. First, we shall need the
following lemma.

Lemma 5.7.1: Let g(klk) and _Z_(klk) be as defined in Section 4.

Then for any positive definite matrix M, and k > m,

E {x' (x|oM ?c_:(‘klk)]vo(m)}} E {x' )M x(k) [Y (m)} - tr M Z(k|k)

(5.7.4)

Proof:
E {x' (x|K)M X(k|K) |yo(m)'} = E {E{x" (x|x)M z(klk”Yo(k).}"Yo (m) }
(5.7.5)

But

E {x'(k|xM g(ka)lYo(k)} E {x'(x)M _:g(ki Y (0} - tr M I(k|k)

{(5.7.6)

Since E(klk) is independent of measurements

E {x'(x|x)n z(klk)lyo(m)} =E {x'(x)4 1_¢_(k)MYO(/m)} - tr M Z(k|k)

{(5.7.7)
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Q.E.D.
The following theorem is related to the maximization problem

of the coordinator.

Theorem 5.7.2: Let J*(p) denote the optimal cost for Problem 5.4.

Then
(1) Max J*(p) = X' (0)K(0)X(0) + c(0) (5.7.8)
2
where
N
c(0) =] ¢;(0)
i=1
T-1
c;(0) = tr K, (0)Z,(0]0) +kZo tr(Q, + Ay, 'K, (k+1)A,,
- K, (kDI (k|k) + tx K, (1) E; (k) (5:7.9)

(2) the optimal p*(k) is equal to -A*(k+l) which corresponds
to the costate of the optimal deterministic control

problem for the entire system

(3) * (k) = - D, (k+l) (%, (k) - gi(k))

u
=i

- 12N D B'R (DA X0 1, (5.7.10)

Proof: From Theorems 5.6.2 and 5.6.3, the optimal cost is given by

1
il 12

J* (p) '(0)K, (0)x, (0) + 2r,'(0)x, (0) + s, (0)

i=1

- r, " (T)x, (T)

N
X' (OR(0)X(0) + 2r' (0)%(0) + ] s.(0)
i=1

+METmIEm + 1 per-11 (5.7.11)
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Si(O) is given by equation (4.5.6), and r(T) is given by (5.6.16).

If we retain the terms involving p, we have the following constrained
maximization problem, (A(k) is as defined in Chapter 4).
T-1

Max A'(1)A x(0) + ) - ¢’ (k)g‘l(k)g g’l(k)g(k)
k=1 :

s 2 R ag Koz

-2V E T Ko + B RTIBTIAM)
-iamiEtm - o s Ko
(5.7.12)
with respect t6 . r(k) ; k=1,....,T-1
&(k) 7 k‘=1'o.~,o,T
Such that »
QR it =2 At - 2 (@ - 2 KT A

k=1l,...,T-1 (5.7.13)
Carrying out the maximization using Lagrange multipliers,
we obtain the same equations as in Theorem 4.5.1 except equation

(4.5.15) which now becomes

| % A o*(T-1) - % Etm - 8Tm + K = o (5.5.14)
Since
§Y4m =& Ym + 5 rB" (5.7.15)
we have
| 1

A g*(T-1) - (BRB' + K (THA*(D) = 0
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or

CAM(T) = K(T) [A @*(T-1) - B R 1B'A*(T)]

(5.7.16)
This, together with &f(k), k=1,...,T~1, are the costates corregpond-
ing to the optimal deterministic control problem for the entire
system with initial state z(O) .
It can be verified (as in Section 4.5) that g;(k) given in

equation (5.6.10) is the unconditional (a priori) estimate by the

coordinator.  Equation (5.6.10) then becomes
~ - -1 -
* = - - - [
u, (k) Qi(k+1)(x.(k) §i(k)) T (k+1)§_§}k+1)§_§fk)]i

(5.7.17)

J*(p) is given by equation (5.7.11). Substituting in the

optimal values for p(0), we obtain -

x(0)

- % A'p(0) - (I - @ & 1(0))X(0)x(0)

(x(0) - K(0))x(0) (5.7.18)

From Appendix C

N
15,00 + ' MEHD (M - 3 M1 = c(0) + X' (OE()E(0)

i=1
- X "(0)K(0)X(0) (5.7.19)
Therefore
J* (p*) = Max J*(p)
B

x'(0) [R(0) + 2K(0) - 2K(0) - K(0) - K(0)1x(0) + c(0)

X" (0)K(0)X(0) + c(0) (5.7.20)
Q.E.D.
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_With Lemma 5.7.1 and Theorem 5.7.2, equation 5.7.1 can now
be solved.

Theorem 5.7.3: The solution to equation (5.7.1) is given by

VY, (k) k) = X' (k|REKXK]K) + blk)
k=0,¢,...,7-£ (5.7.21)
where gkklk) is the estimate of the state of>the system by the
coo;dinator given by equation (5.4.7).
K(k) is the solution to the Riccati equation for the

entire system.

b(k) = b(k+) - tr K(k+) I (k+£|k+L) + c(k) (5.7.22)
N o k-l
ct) = J {er K koD, (k|0 + [ tr(+ ALK, (e+l;keD)a,

i=1 t=k

- K, (£k+0))E (e]6) + tr K, (£41k+DE; (0) ]

(5.7.23)

Ei(t;k+£) is given by

’ -1
. = ' - - - . .
K, (tik+l) | Q; + A 'K, (t+1;k+£) [T - B,T, (t+1(k+£)_B__i K, (t+1;k+0) 1A, o

K, (k+l;k+l) = K, . (k+) (5.7.24)
gi,(t+1;;<+£) = R, + B, 'K, (t+1;k+0)B, (5.7.25)
b(T) = tr F L (T|T) A (5.7.26)

Proof: To solve for V(YO(T~£),T-£) we use Theorem 5.7.2, using the
statistics generated from YO(T-E) as the a priori information. From
equation (5.7.8) we thus obtain

V(Y (T-0) ,T-2) = X' (T-£|T-D)R(T-L)x(T-L|T-8) + b(T-D) (5.7.27)
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Suppose

V(Y (kt2) ) kt) = X' (ktl| k)R (etl) x (k4L | k+E) + Db (k) (5.7.28)

Then, using Lemma 5.7.1, equation (5.7.1) becomes

V(Yo(k),k) = Max Min
pK) ,...,plest-1y Y5, ... YT
’ Cv(k) ..., v(k+-1)
N k+-1 : ‘
{1 REENCHEACE O RS O AR R CEAC

+ x' (k) K(k+L) x (k40) | ¥ (k) }

+ b(k) - tr K(k+£)I(k+L|k+L) (5.7.29)
From Theorem 5.7.2, with the common a priori statistics generated

by Yo(k), we thus have equations (5.7.21) to (5.7.25). (Q.E.D.)

‘We have demonstrated that at each updating time k, the lower
level controllers need only to solve a stochastic control problem up
to the next updating time k+f. However, this problem is not uncoupled
into N sub-problems even with the coordinating parameters p supplied
by the coordinator. To uncouple the sub-problems, the coordinator

has to send out an extra signal 5i(k+£|k) given by

r, (kt]k) = I Xi5 (et ) x, (kL | K) (5.7.30)
j#L
where
X(k+L|k) = E{ x(x+d)| vo(k)} (5.7.31)

and can be generated from equation (5.4.10).
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Specifically, at the updating time k, the ith controller faces an

uncoupled problem with the following cost functional.

k+l-1
3, (¥, () k) = E{tzk x, ' (E)Q.x, () + u ' (E)Ryu, (£) + p,*' (t;k)y, (t)
- B (t;k)g:_i(t) + _:gi'_(kd)gﬁ(mt)gi(kd)
+2 5" kel x, (ko) | Y, k) } (5.7.31)

The coordinator generates x(k|k), L(x|k), r(k+£|k) and p*(t;k),
t = KkK,...,k+£-1 using equations (5.4.6), (5.7.30) and (5.4.9) and his
data Yo(k). Moreover, g-ii (k+£) is also required by the ith controller.
These are transmitted to the lower level to define their uncoupled
decision problems specified by equation (5,'7.‘ 31).

Using the results of Se‘ci:ic;n 6, the optimal controls for the lower
level are found .toi be the following.

For k < t<k_+_£.

w *(t) = - D, (t+l;k+f) (gi(tl.t) -»§i(t|k)) - E; (t+1)p, *(t;k)

(5.7.32)

where §_1 (t+l) is the same as that given in Chapter 4.
D, (t+#1;k+8) = T. L(t+1;k+0)B, 'K, (t+1;k+L)A. (5.7.33)

=i =i -4 =i —ii

where 21(t+1;k+£) and gi(t-fl;k«l-l) are given by equations (5.7.24) and
(5.7.25).

i_?i(tlt) and a(tlk) have the same interpretation as in Section 4.
gi*(t;k) is given by equation (5.4.9). Comparing with equation (5.4.3)

we see that equatinon (5.7.2) differs only in the gain matrix l_)i(t+1;k+£) .
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The part depending only on the coordinating parameters re-
mains the same. When gi(tlt) - g;(tfk) is zero, then the coordinator
takes over the control completely and it is the same as that given
by a separation theorem (recall the resuit of Section 4). Thus as-
ymptetically' both open loop feedback optimal coordination and closed
loop optimal coordination give the same results.

Summarizing, closed loop optimal coordination differs from
open loop feedback optimal coordination in two respects.

(1) The lower level problems are easier to solve since the

time interval under“consideration is shorter.

(2) The coordinator has to take into consideration the fact
that he will be gathering information in the future. This
results in a more sophisticated task of coordination.
Apart from the usual coordinating parameter p which has.
to be transmitted and the state estimates, the coordinator
has to give each lower level controller both §ii(k+£)

and Ei(k+£|k)-
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8. ~Discussion and Perspectives

In this chapter we have studied the on-line coordination of
dynamic systems when the coordinator collects measurements ffom the
lower level periodically. Two types of on-line coordination have
been considered: open loop feedback optimal and ¢1osed loop optimal.
Open loop feedback optimal coordination is conceptually simple and
ignores the availability of future measurements to the coordinator.
Essentially the coordinator and the lower level controllers have to
solve an off-line coordination problem at each updating time. For
the linear—quadratic—Gauséian case simple control strategies are
obtained which have nice physical interpretations. .The control
strategy of each local controller has two parts: a part which depends
on the difference between his local estimate and the coordinator's
estimate about the state of his subsystem, and a part which depends
on the infofmation of the coordinator.

Closed loop coordination assumes the availabiiity of future
measurements to the coordinator. In general a functional equation
has to be solved by the coordinator; Even with the optimal coordi-
néting parameters, the lower level problems are not uncoupled between
updating times. In the linear-quadratic-Gaussian case, these lower
level problems can be decomposed by the introduction of additional
coordinating parameters. The resulting optimal control strategies
are very similar to those obtained in open loop feedback optimal
coordination. In fact, only the gain matrices multiplying the

difference of the state estimates are different.



CHAPTER 6

CONCLUSIONS AND SUGGESTIONS FOR FUTURE RESEARCH

In this thesis we have investigated ways of controlling a
large-scale system in a decentralized manner. The two important
aspects of computation and information afe considered simultaneously.
It is found that for systems with a particular structure, control
strategies which utilize decentralized information can also be ob-
tained by decentralized computation.

In some problems, such as the static optimization problem .
considered in Chapter 2, the systems have this nice structure and
control strategies which are computationally and informationally
decentralized can be obtained right away. In some other problems,
like those coupled dynamic systems that we considered in Chapter 3,
4, and 5, this nice structqre is not inherent. waever, by con-
sidering another kind of optimality, the problem can be reformulated
to have that structure. It is then possible to identify two levels
of information structure, one belonging fo the lower levél controllers
and one belonging to the coordinator who sees that certain constraints
are satisfied. The problem can be solved in a two~level scheme.

The lower level problems are decomposed both informationally and com-
putationally when optimal coordinating parameters are transmitted
from the coordinator. The job of the coordinator is to find these
optimal coordinating parameters.

The appeal of this approach lies in the ease with which the

optimal strategies can be found. A high dimensional stochastic .
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control problem is reduced to a number of lower dimensional problems.
Even for nonlinear problems, if the solutions.to the lower level
problems are known, the solution for the entire problem can be con-
structed. By specializing to the linear—quadratic—Gaussian case,

we obtain control strategies which are physically -intuitive.

We have also allowed the situation when the coordinator makes
measurements on-line. The control strategies obtained in Chapter 5
for openAloop feedback optimal coordination and ¢1Qsed loop optimal
coordination provide alternative solutions to dynémic team problems
when some sharing of pést information is allowed.

The whole area of research in‘the decentralized control of
large-écale sy;£ems is still wide open. Some areas which arise im-
mediately from this thesis are the following. In the static opti-
mization of stochastic systemé, more‘wofk should be done'to relate
the information available to the different decision agents and their
subsystems such that decompoéition is possible. Results for the
existehce of a décompdsition'and comp;tational aléorithms to arrive
at the decomposition are also desirable.

In dynamic systems, results are needed in comparing the kind
of optimality defined in ﬁhis thesis with the usual kind of stochastic
optimality. Optimality seems to be related to how well the constraint
is satisfied. Intuitively, we would expect a system to be more op-
timal when the constraints are satisfied more exactly. It should be

possible to define a degree of coordination based on this constraint

such that optimality is related to the degree of coordination.
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In this thesis, the coordinator has complete a priori infor-

mation about the structure of the entire system. This leads to a

rather complicated decision task for the coordinator. An area for

future research will be the aggregation of a priori information and

its relation to performance.



APPENDIX A

SOME RESULTS IN PROBABILITY THEORY

In this appendix we summarize some definitions and results

in probability theory which have been used in this thesis. The

probability space under consideration is denoted by (X, B, w).

F andq FO are sub-0-fields of B.
Def. A.1: FN FO is the smallest-0-field generated by AN B,

where A € F and B € FO‘

Lemma A.l: For any random variable £, if E{ZlFo} is measurable

with respect to G, G< F_, then E{ZIFO} = e{¢|G} a.e.

OI

Proof: Given any random variable £ and a C-subfield G, the con-

ditional expectation E{ZIG} is characterized by two conditions

(a) It is measurable with respect to G};i:g#;

(b) fA e{£|G}a U= J'A L4y

for every A € G

E{ZlFO} is measurable with respect to G. Moreover,
Iy E{LIFO}d w=J;2a W
for every B € Fo
Since G C!FO,’(A.Z) is also true for every B € G

Thus E{ZlFo} satisfies equation (A.l), and E{£|FO} = e{£|G}
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(A.1)

(A.2)
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Lemma A.2: Let Y be a FN FO - measurable function from X into U.

Let £ be a measurable real-valued function on U x X. Then given
any y € X, there exists a function Y(.;y) measurable with respect to
F such that

E(£(y(x) ,x) [F}v) = E{E(vGay) ) [Fohy)  ace. (a.3)

Proof: We assume two conditions, which, for this thesis, will be

satisfied.

o
(1) There exists a regular conditional probability measure Py (a).

(2) F and FO are fields generated by functions h and h0 so that
Y being F N FO ~ measurable is equivalent to
v(x) = n(h(x), ho(x)) (A.4)
where nis A x AO - measurable on Z x Zq
h:X-+2
ho: X"Zo
A and AO are 0-fields on Z and ZO'
Let Y(x;y) = n(h(x),ho(y)). Then given y, Y(.;y)

is F - measurable.

1

E{f(y(x),x)iFo}(y) fx £M(h(x) hy(x)),x)d Py°(x)

¥
]

fAf(ngh(x),ho(x)),x)a Py°(x)
+ fx_Af(y(h(x),ho(x)),x)d Py°(x) (a.5)

where

A= {x;ho(x) = ho(y)} € F0 (A.6)
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Given A € FO' for all B € FO (see Ref. {14])

Iy P,° (A)d uly) = U(Af1B) = IB 1, (x)d u(x) : (A.7)
Therefére for all A € FO'

Py°(A) = lA(y) for almost all y (aA.8)

where 1, is the indicator funtion of A.

From equation (A.6), y € A. Thus

Py°(A) =1 for almost all y  (A.9)

Equation (A.5) then becomes

A

E{f(y(x) ) [FHy) = [, £0(h(x),hy(x)),x)d P_° (x)

Iy M0G0 hy(1),x)d By° (x)

E{£(y(x;y) ,x) |Fo} (y) " (A.10)
' Q.E.D.
Remark: If F = {X, ¢} then this result reduces to the usual identity

E{£(y(x) ,x) IFO} (y) = E{E(Y(y),x) IFO} (y) (a.11)

For a discussion of substitution in conditional expectation, see [Bl].
Lemma A.3: Let f(u,v,y,z,x) be a function such that x,y,z are
random variables. Suppose it is desired to choose u(y,z) and v(y)
such that E{f(u(y,z),v(y),y¥,2z,x)} is minimized.
Let u®(y,z), v°(y) be the minimum of

Min E{f (u,v(y),v,z,% |y,2}

u
v(.)



Then

Min E{f(uly,z),v(y),y,z,x)}
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E{f (u°(y,z),v°(y),y,z,x) }

u(.,.)
v(.)
= E{ﬁin E{f(u,v(y),v,z,x) |y,z}}
3(.) (A.12)
Proof:

Thus

or

But

E{f(u°-(y,z) voAy) ,¥,2,%x) |Y,Z} f_ E{f(u(le) V(Y)Y ,2,X) IYIZ}
V for all u(.,.),v(.)

(A.13)
E{f(u°(y,2) ,v°(y) ,v,2,x)} = E{E{£(u°(y,2),v°(y),¥,2,%) |y,z}}
< E{f(uly,2z) ,v(¥) ,¥,z,x)} for all u(.,.),v(.)

(a.14)

E{£(u®(y,2) ,v°(¥) ,v,2,%)} < Min E{£(uly,2),v(y),y,2,%)}

u(.,.)

u(.,.)
v(.) ‘
(A.15)
Min . E{f(u(y,z) ,v(y) ,¥,z,x)} < E{£(u°(y,2) ,v°(y) ,¥,2z,x)}
(A.16)

Hence we obtain equation (A.12)

0.E.D.



APPENDIX B

INVERTIBILITY CF Ei(k) AND VERIFICATION OF EQUATION (4.4.32)

1. Invertibility of K. (k)
= ' . v =
K. (k) = Q. + A, 'S (k+t1)A; . K, (T) ='F, >0 (B.1)
where
-1 e
S; (k+1) = K, (k+1) - K, (k+1)B, T, (k+1) B, 'K, (k+1) (B.2)
If K, (k+) > 0, then K, ' (k+l) exists
-1 -1, ,,-1 A
S;(k+1) = [K, ~(k+1) + B,R, "B, '] _ (B.3)
] . . .
Bjy's; (LR 2 0 | (B.4)

> >
If 21 9, then 1_(_i(k) o
Therefore by induction Ei(k) is invertible.

Remark: 91 > 0 is sufficient but not necessary. If A.. >

=]

then K. (k) > 0O
—-J_ ——

2. Verification of Equationr (4.4.32)

-1 -1, -1
T, " (k+1)B, " (I-K, (k+1)B, T, ~(k+1)B, ")

-1 . -1
T, " (k+1)B, 'K, (k+1)S; " (k+1)

-1, . -1 -1,
Ty (LB, 'K, (k1) (K, T (ktl) + ByR; TR, ]

m. 71 (k+1) [R. + B, 'K, (k+1)B,]R, 1B,
=i - - = ~'—= =

gi'lgi' (B.5)
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APPENDIX C.
VERIFICATION OF EQUATION (5.7.19)

T-1 4
I tr 92 (k|k) + tr K, (+1) [T, (k1K) - £, (kt1]ke1) ]

k=0

+tr K, (DI, (t|T)

T-1
I tr 9 (k|k) + tx K, (k1) (A E. (k[K)A, ' - I, (k+1[ke1)
k=0 s

+ E, ()] + tr K (DI, (7]

T-1
I otrlg + A 'K (k)AL (k|k) + tx K, (K+1)E, (k)
'k=0

- tr K, (k+1)I; (kt1]k+1) + tx K (D, (T|T)

+tr X, (0)Z, (0|0) - tr K, (O, (0]0)

T-1 ‘
tr 51(0)§i(o|0)+k20 triQ, + A, 'K (k+l)A,. - Ei(k))gi(kllk) _’

+ tr §i(k+l)§i(k) (C.1)
ci(O)

From equation 4.5.6,

N _ _ T-1 a1 1
15,000 = x"(0E'S(ME x(0) + c(0) + ) - ' (WK (k)@ K () r(k)
i= k=1

+ A IR KT 0z00 - 3 A% 00 KT 00 K k)
+ Eg“lal]l*(k) - i—: 2‘.’” (T)g-l(T)A*(T) - -r-, (T)g—I(T)E(T)

+ A (mE T E(T) (€.2)
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. From equation (4.4.37),

() = - ROOX() + Z A% k=l,...,>-1  (C.3)

From equation (5.6.16)

N

£(T) = - 3 AN - 3 ROKTMAND (c.4)

Z 5,00 +r CmEHm - 2 A% (D]

1=1

%1

= c(0) + x' (MWEX'S(1E x(0)
T-1 .
-1 & (k)gx(k) + -)\*'(k) B R B'A*(k)}
k=1
T % A*'(T)[B R g + {l(T)]?;*(T) (Cc.5)
But
A'S(LA =K -9 (C.6)
Lavmop 7 lEr oo = & R7Br00) RGBT ()

= u*'(k-1)R u*(k-1) k=1,...T (C.7)

1

A M Hm A (m = Tmarm) km & xHmar )

L]
NI

N

= x'(T)K(T)x(T) (c.8s)

where u*(k) is the optimal control with initial state E(O) .



Therefore

N
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I 5,0 + o Hmzm

i=1

]

c(0)

c (0)

c(0)

+

+

2 2% (m)]

X" (OR0)X(0) - ] x'(k)Q x(k)
k=0

u*' (k)R u* (k) + X' (T)K(T)x(T)

x'(0)K(0)x(0) -~ X' (0)K(0)x(0)
x'(0) [K(0) - K(0)]1x(0) (C.9)

Q.E.D.



APPENDIX D

VERIFICATION OF EQUATION .(5.6.22)

1

u*(k) = ~'5 R "B'p*(k;k)

N

From (5.4.9)

p*(k;k) = - 2 K(k+1)x(k+1|k)
= - 2 K(k+1) [A x(k|k) + B u*(k)]
Therefore )
R u*(k) = B'K(k+1) [A x(k|k) + B u*(k)]
or
ut (k) = T 1 (k1) B'K(K+1A T(k|k)
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(D.1)

(D.2)

— (D.3)

(D.4)

Q.E.D.
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