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ABSTRACT

One suboptimal control algorithm for systems with unknown dynamics is
the Multiple Model Adaptive Control algorithm (MMAC). Due to the poten-
tialiy wide applicability of this adaptive control algorithm, the proper-
ties of this controller need to be understood. This thesis is an exten-
sion of previous research into the behavior of deterministic MMAC systems.
The investigation undertaken looks at the properties of limited memory,
setpoint and stochastic MMAC systems.

The accuracy of approximations developed previously for deterministic
hyperbolic MMAC systems is checked, and a modification to improve the
accuracy is implemented. A similar approximation is derived for the Timited
memory and setpoint MMAC systems. The approximations are qualitatively
accurate, except in cases where the assumed switch-1like behavior in the
probabilities did not exist. A modification ensuring the switch-like be-
havior, using a maximum 1ikelihood control, resulted in an accurate pre-
diction. The need for a stronger stability condition for the setpoint
control MMAC is demonstrated.

The analysis of the stochastic MMAC system in this thesis involves
two techniques. A Random Input Describing Function (RIDF) approximation
is derived for the MMAC system, and Monte Carlo simulations are used to
check its accuracy. The accuracy of the RIDF in predicting the first two
moments of the states is good for most cases. A modification is suggested
which should improve the qualitative and quantitative accuracy of the
RIDF. An approximation for the probability density of the MMAC proba-
bility indicates that the density accumulates at zero and one for a large
class of MMAC systems, i.e., the control uses one model or andther, with
little use of combinations of the models. The existence of stochastic
hyperbolic stability is conjectured along with other stability conjectures
based on the observed behavior and approximate analysis.

THESIS SUPERVISOR: Alan S. Willsky

TITLE: Associate Professor, Electrical Enginéering and
Computer Science
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CHAPTER 1
INTRODUCTION

The optimal control problem for systems in which the dynamics are
completely known has been thoroughly studied. The theory is well de-
veloped, and many techniques are available to determine the optimal con-
trol. In the case where the dynamics are incompletely known; the optimal
control problem is unsolved. Since the second case is the usual one in
control applications, the lack of analytic tools for determining the
optimal control has led to the development of numerous suboptimal de-
signs.

In determining the optimal control for the system with known dy;
namics, the control can usually be determined from calculus of varia-
tions [1], Pontryagin's maximum principle [2], or dynamic programming [3].
In the special case of the linear system, linear-quadratic-gaussian
methbdo]ogy can be used to determine the optimal controil.

Using dynamic programming to solve for the optimal control for a
system with unknown dynamics, Willner [4] proposed a suboptimal controlier
which is defined in the next section. This algorithm forms the basis

for this investigation.

1.1 Definition of the Multiple Model Adaptive Control

Willner [4] attempted to derive an optimal control for a class of
systems with unknown dynamics. He limited this class to linear systems

7



expressible in the following form.

x(k+1)
y(k+1)

x(k) is the plant state vector of dimension n

Alw)x(k) + Blw)u(k) + w(k) (1.1)

Clw)x(k+1) + v(k+1) {1.2)

y(k) is the observation vector of dimension m
~u(k) is the control vector of dimension p

w(k). v(k) are independent zero mean Gaussian random vectors
with covariances W(w). V{w) respectively

A{w), Blw), C{w) are the unknown dynamics

w takes on values in some parameter space 0, i.e., we[0,1].

Using the above formulation, along with the following cost function

(1.3),
K
J{k) = € 'Ek x'(A3)x(3) + uw (IR u(d)] (1.3)
J:

he attempted to derive the optimal control for the case where w is con-

stant, and

W e {wi} i=1,2,...,N

i.e., the set of possible dynamics is finite. He showed that the optimal
control is extremely complex and could not be implemented practically. A
suboptimalrcontrol, which was thought to be close to the'optima1, was
investigated for this case, and was shown to be optimal for the last stage
of the dynamic programming solution [4]. This suboptimal control algorithm

is the Multipie Model Adaptive Control (MMAC) algorithm, and is defined

8



as follows.

The plant is assumed linear time invariant and defined by

fl

x(k+1)

y(k+1)

Ax(K) + 3u(k) + w(k) (1.4)

I}

Cx(k+1) + v(k+1) (1.8)

and the set of models for the possible system dynamics is defined by

x;(k+1) = Aixi(k) + Bou(k) + w, (k) (1.6)

¥;{k+1) X; (k+1) + v.(k+1) | (1.7)

Ci%

where w(k), v(k), w;(k} and !i(k) are assumed to be stationary. Under
these conditions (1.4) - (1.7), the MMAC algorithm is defined by the fol-

Towing equations and is also shown in Figure 1.1.

X (k#1) = AR (k) + Hor.(k+1) (1.8)
ri(kt1) = y(k1) - € (AR (k) +B.u(k)) (1.9)
i=1,2,...,N
= 1 ~1
i = 5G] (1.10)
= ' t -14-1
S; = [Ci¥;¢; + (AyS;A+H,) 7] (1.11)
N
u(k) = - ¥ P.G.X.(k) (1.12)
- ‘i:]_ 1-1=1
= 1 -1 i -
@1 - (§151§1'+B') @15151 (1.13)
K = Oy + AKiRy - AGKB{BIKB +Ry) B1K1A1 (1.14)
Po(k)p(r,(k+1))
Pi(k+1) N (1.15)
I Psk)p(r (k1))
j=1
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p(r

(r1)) = ((20)",)7F exp(-r (141087 r; (k1)) (1.16)

E PR TR (1.17)

This set of equations can be divided according to different functions
within the MMAC. Estimates of the plant state based on the different
models are computed using Eq. (1.8) - (1.11). The equations define steady
state Kalman filters based on each mode1. The driving and observation
noise covariances for each model are W_i and Vi’ respectively. A feed-

back gain for the state estimates g. based on model i, the state weighting

i
matrix Qs and control weighting matrix R, is computed using Eq. (1.13) -
(1.14) (linear quadratic optimal control). Equations (1.15) - (1.18) are

used to generate a set of probabilities associated with the models.

1.2 Recent Work

One of the first applications of the MMAC algorithm was the NASA
F-8C Digital-Fly-By-Wire Aircraft project [5]. In this application,
the F-8C aircraft was used as a testbed for evaluating digital (adaptive)
flight controls. In this case, data was available for linearizations of
the flight dynamics for various flight conditions in the flight regime.
For this application, the models for the MMAC were the linearized flight
dynémics. _

It should be noted that in this application, the dynamics of the
plant were nonlinear and the models were linearizations of the dynamics
about various points. This does not fall into the formulation assumed
by Willner [4]. The structure of fhe MMAC algorithm leads to a straight-
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forward implementation for this c&se,-bqt no claim can be made concerning
. the optimality of this type of application, even for the last stage of
the dynamic programming solution. |

This application of the MMAC provided a test bed.for the performance
of the algorithm. For certain sets of models, the algorithm performance
was acceptabie, while for others its perfermance was less than satisfac-
tory; The overall performance of the algorithm seemed to be linked to
the performance of the identification, i.e., the probabilities.

One of the properties of the MMAC algovithm, demonstrated in the
F-8C app1i¢ation, was a switch-like oscillation in the probability. Be-
tween swffches, the probability was essentially constant, leading to a
linear control in the interval. Since the probability had a switch-like
oscillation, the resulting control was piecewise linear, with jumps at the
probability switch times. It was proposed that the probabilities be Tow
pass filtered to smooth the control. This ad hoc modification did
achieve the desired result, without sericusly affecting the stabilizing
control. This was just one example of the ad hoc procedures used in the
impiementation of the MMAC for this project.

That further analysis of the MMAC algorithm was necessary became
evident with the F-8C application, The effect of the choice of models
on the overall performance of the control system was a major question
that needed answering. Without this analysis, the control could only be
designed and then tested using Monte Carlo techniques, with ad hoc modi-
fications being suggested to improve the performance. The first steps

taken toward understanding the properties of the MMAC algorithm were

12



taken by Greene [6] in his analysis of a simplified MMAC system.

The response exhibited by the MMAC in the F-8C application was
thought to have significant deterministic components, and not due en-
tirely to stochastic effects. It was thought that significant portions
of the MMAC response could be understood using deterministic analysis.
Since the deterministic components needed to be analyzed before work
could be done on the stochastic response, Greene's primary assumption
was that the white noise sources (w(k), v(k)) were zero. The Kalman fil-
ters used in his analysis were designed with assumed nonzero covariances,
but for the simulation and the analysis the sources were "turned off."
Some significant insights into the bebavior of the MMAC system were obtained
in this way.

To simplify the analysis, the equations were further reduced with the
fo]]qwing additional assumptions:

1. The plant is globally linear

2. The desired closed loop equilibrium state is the origin

3. The matrices B, B, C and C; are identity matrices.

Under the above assumptions, the equations for the two model MMAC analyzed

by Greene are:

x(k+1) = Ax(k) + u(k) + w(k) (1.18)
y(k+1) = x(k+1) + v(k+1) (1.19)
£,(k+1) = AR (k) + ulk) + Hyr (k1) (1.20)
31(k+1) = y(k+1) - glgl(k) - u(k) (1.21)
82(k+1) = Bzgz(k) + u(k) + ﬁzrz(k+1) (1.22)

13



The control

ro(k+l) = y(k+1) - A%, (k) - u(k) (1.
Culk) = -P(k)GR, (k) - (1 -P(k))G,%, (k) (1.
P(k) = (1- [l—%]s exp(~sa(k))) ! (1.
(k1) = ofk) + (k-1 - firp(en) G (1

P0 is the initial probability that model 1 matches the plant

P(k) is the conditional probability that model 1 matches the
plant

B = /|el|/|92| (1.

ratio a(k). The Kalman filter gains Hl and H, are computed using equa-

tions (1.10) - {1.11) assuming the following:

W= W, (1.

V=Y. (1.

where the following is assumed.

R = R, (1.

Using the above formulation Greene was able to demonstrate some of the

properties of the MMAC alaorithm.

14

(1.

25)

.26)

27)

In this formulation, the probability is a function of the log likelihood

28)

29)

gains G, and G, are computed using equations (1.13) - (1.14),

30)

31)



Motivated by the results fo the F-8C application, Greene, as part
of his work looked at a "worst case" of the probability switching beha-
vior. Figures 1.2 and 1.3 show a typical "worst case" response for a two
state, two model system. This type of response is characterized by Targe
excursions of the states, peaks, and oscillatory switching of the pro-
bability. For this case, Greene developed an approximation to the time
between switches in the probability and to the size of the states at the

switch times.

1.3 Overview of This Thesis

The work in this thesis proceeds in two directions. The first
(Chapter 2) is a direct extension of Greene's work, and the second
(Chapter 3) is an extension of the analysis to the stochastic MMAC system.

In the direct extension, the accuracy of Greene's approximation to
the time between switches is checked for three cases of interest. An
equivalent approximation is derived for the single observation finite
or limited memory MMAC. The accuracy of this approximation is also checked.
The last section is a derivation of a switch time interval approximation
for the case of a nonzero set point.

In the extension to the stochastic case a random input describing
function (RIDF) is computed for the two model MMAC system. This approxi-

mation is compared to Monte Carlo simulation results for various cases.

1.4 Notation

Listed in this section are some definitions used later in this thesis.

15
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1818 = maxA(a'A)

Hglﬁ = max()\(I_\))2 {note this is not a true norm)
AA) = eigenvalues of A

Il - /3%

Isll = /55

|Al = determinant of A

18



CHAPTER 2
DETERMINISTIC ANALYSIS

In this chapter, some of Greene's analysis of a "worst case” MMAC
system are reviewed, checked for accuracy, and then extended to two other
formulations of the algorithm. Using this type of analysis, qualitative
results concerning the response of the MMAC can be obtained.

Section 2.1 is essentially a review of Greene's derivation of the
approximation for the time between switches in the probability. This is
included as a reference for the type of approximation derived in Sections
2.2 and 2.3. Also, in checking Greene's approximation it became necessary
to implement a modification to the approximation, and inclusion of Greene's
derivation gives some insight into the effects of this modification.

Section 2.2 is a derivation of an approximation to the time between
switches for the single observation limited memory MMAC algorithm. In
this algorithm, the MMAC probabilities are based only on the Tast obser-
vation, y(k), and not on all past cbservations. This algorithm is an
example of what Greene referred to as the Finite Memory MMAC [6]. The
accuracy of this approximation is checked using simulations of the system
for three different cases. .

Section 2.3 is a derivation of an approximation of the time between
switches in the probability for a nonzero set point MMAC. For this case,
the desired equilibrium is no Tonger the origin, as the possibjTity of

biases in the control inputs is allowed.

19



In this chapter, the cases used for the comparison of the accuracy
of the approximations are defined in Table 2.1. These three cases cor-
respond to stable, neutrally stable, and unstable MMAC systems. The
stability of the system can be seen in the change in the height of the
peaks of the state in the responses, Figures 2.1, 2.2, and 2.3. The n
system is stable if the height of the peaks decreases with time, neutraily
stable if the height of the peaks is constant with time, and unstable if
the height of the peaks increases with time. Further insight into these

types of stability can be obtained in Section 2.1.

2.1 A Review of Greene's Switch Time Approximation Derivation

An alternate expression for the MMAC was used in Greene's analysis.
In this a]ternate‘form, the state of the MMAC system was taken to be the
plant state augmented by the filter residuals., instead of the filter es-

timates, and the probabi]ity;

x(k+1) x(k)
ry(k+1)| = A(P(K)) | £y (k) (2.1)
ro(ktl) ro{k)
A-P(k)G, - (1-P(k))6, P(K)G(I-H)  (1-P(k))Gy(L-Hy)
A(P(k)) = A- A A(I-H;) 0
A- A 0 Ao (L -H))

(2.2)

Using equations (2.1) - (2.2) along with equations (1.25) - {1.27), instead
of equations (1.18) - (1.27), simplified the analysis.

20



TABLE 2.1: Deterministic Case Definition

Case  a & h g 9
a . 2.0 0. 0.809 0.5 _1.62 0.
b 2.0 0. © 0.809 0.5 1.50 0.
c 2,0 0. 0.809 0.5 1.40 0.

21
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One of the advantages of this formulation is that the system is Tinear
for a fixed value of the probability (P(k}). This allows the use of some
of the insights of Tinear system theory in the analysis of the properties

of the system. For example, if A(P(k)) is stable, i.e.,
max|A(A(P))] < 1 ¥ Pe[0,1]

then the system is stable, [6]. Greene called this type of stability

universal stability.

For the case of interest in this chapter, E(P(k)) is unstable for all

P(k}.
max|A(A(P))| > 1 ¥ Pe[0,1]

Greene found certain conditions on g(P(k)) such that it was unstable for
all P(k), but the MMAC system was still stable. The primary assumption
for this type of stability was that each mode of the system is stabilized
for P{k) equalling either 1 or 0 {although some modes may not be sta-
bilized for both 0 and 1).

With this assumption in mind, a new set of state vectors, 11(1) and
gz(k) were defined. The states gl(k) were unstable for P(k) =0 and the
states Zz(k) ﬁere unstable for P(k)=1. The matrices A, A1 and A2 were

assumed to be diagonal, which allowed the following partition of A(P(k)).

y1(k+1) AL (P(K)) 0 ¥1(k)
¥,(k+1) 0 A, (P(K))} |y, (k)

(2.3)

where

25



0 A, (P(K))

is an appropriately partitioned version of A(P(K)).

Simu]étions demonstrated a switch-1like behavior in the probability
for this MMAC system. The probability P{k) would switch from near zero
to near one and vice versa as the plant states were alternately stabilized
and destabilized.

To characterize this type of behavior, Greene introduced the concept
of hyperbolic oscillations, with a corresponding stability concept. 1If
the unstable states for P(k) =1 (or 0) increase at a slower rate during
the time interval where P(k) =0 (or 1), then the system was called hyper-

bo]ica]]y‘stable. If the rate of decay is egual to the rate of growth,

then the system response was neutrally stable hyperbolic osciltations,
otherwise the system was hyperbolicaily unstable.

Motivated by the simulations, Greene assumed the probability is 1 or
0 in the interval between switches in the probability. In actuality, the
probability is not 0 or 1, but the assumption that it takes on these
values is not unreasonable, since on these intervals, the values of the
probability are nearly zero or one. Greene developed an approximation to
the time between switches in the probability and to the norm of the state
vectors y,(k) and y,(k) at the switch times, {Tj}. We now review this

development. Let

26



lyy (752 < Tlgp(T5 N1 (2.5)

During the interval [Tj-l’ Tj),|[¥1(k)”2 increases and sz(k)nz decreases.
At the switch time, Tj,

lyy(T% > (T2 (2.6)

and during the next interval [Tj’ Tj+1), H)_/l(k)||2 decreases, and llxz(k)ll2

increases.

The relation between the above approximation and the concepts of hyper-

bolic stability is as follows: for j sufficiently large,
Stable Hyperbolic Oscillations

Iy (T2 5l Ty NP and llyp(T I > g tTIe (2.7)

Neutrally Stable Hyperbolic Oscillations

Iy T2 = ey (Tyl? and (T 0% = (Tl ® - (2.8)

Unstable Hyperbolic Qscillations

Iy (TOIZ < Hlyy (T M2 and Iy 0Ty M < lly(Tpll® (2.9)

Using the equations (2.3}, (1.25) - (1.27) for the evolution of gl(k),
gz(k) and a(k), the time interval between switches in the probability can
be approximated. In the two model, two dimensional state case used in

Greene's examples xl(k) and gz(k) are defined as follows.

27



Xl(k) xz(k)

yl(k) = rll(k) zz(k) = P21(k) (2.10)
r12tk) rao(k)
where
X ()]
Plant state x(k) = (2.11)
Xz(k)
. . (K]
Filter 1 residual rilk) = (2.12)
ryp(K) |
. 79007
Filter 2 residual rz(k) = (2.13)
| "22(k)
so the evolution of w(k) can be written as follows:
k i i
alk) = ¥ zi(i) 1 Ei(P(R)) ¢, 1 BI(P(E)) zl(i)
i=0 2=0 2=0
. _ (2.14)
i i
-yl mOAN(P(2)) ¢, T AL(P(R)) y,(i)
2V Ly "2 2 oo "2 {2
where ¢1 and $, are appropriately partitioned versions of 911 and Qél.
For
Ke [TJ: TJ+1)
then
P(k) =~ 0 (2.15)

28



then assuming

P(k} = 0
leads to
A, (P(K)) = A(0)
iy (P(K) = £,(0)
if
2, = 1A, (o)
a, = ”EZ(O)HZ

then on this interval

_al > 1
a, < 1
and
Tj+l-1
alk) = a(T,) +
J x=T.
J
where

o = g,

) = ”QZH

At the switch times,

k-T

29

3 )y, (7%

(2.

(2.

(2.

(2.

(2.

- a5 T3 11y, (7)1 %,

(2.

(2.

16)

17)

18)

.20)

21)

22)

(2.23)

24)

25)



u(Tj) = 0 (2.26)
u(Tj+1) = Q (2.27)
Iy (T2 < lly,(TNn? (2.28)
1] =2 ] )
If the half period for the oscillation, T, is defined as follows:
T = Tj+1-Tj {2.29)
then T can be approximated from the following equation.
“,-;;:THB_’l(Tj)H 0y = ‘az—_l—ll!z(Tj)ll o, (2.30)

As Greene noted, éxact solution of this equation (2.30) for T, is not pos-
sible, but T can be approximated using numerical techniques.

This approximation will be checked using the three cases defined in
Table 2.1. These cases correspond to the three types of hyperbolic sta-
bility, for which the approximation was derived. The stability of each
case is defined below.

Case a) Stable Hyperbolic Oscillations

b) Neutrally Stable Hyperbolic Oscillations

c) Unstable Hyperbolic Oscillations

2.2 Implementation of Greene's Switch Time Approximation

The approximation to the switch times and the norms of the states

derived by Greene, outlined in the previous section (2.1), appears to be

30



quite useful. Greene showed this approximation should allow insights to
be gained concerning the type of response of the MMAC system. The actual
implementation of the approximation was not done, i.e., no specific‘cases
were checked.

The work done in this section is a check of the accuracy of Greene's
approximation, something not done in his thesis. Similar approximations
are derived for two other MMAC formulations later in this chapter, so a
check on the accuracy of this type of approximation, switch time, seems
prudent.

Difficulties were encountered in the computation of the norms of the

matrices in Greene's approximation. In the derivation of the approximation

it was assumed that:

1A, () > 1 (2.31)

LO)I% < 1 (2.32)

but the values computed for these norms were not as expected. Instead of
||§1.(P)||2 being greater than one for P=1 (or 0) and Tess than one for
P=0 (or 1), it was strictly greater than one, Table 2.2,

Using the values for the norms, it is obvious that the approximation
will indicate instability independent of the stability of the actual MMAC
system. Since the norms are greater than one for P=1 and P=0, the
estimates of_]|¥2(k)||2 and H_s_fz(k)ll2 generated by the approximation will

grow with time, ruling out any behavior similar to stable hyperbolic oscil-

lations.
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TABLE 2.2: ||;’r_i1.(P)||2 for Deterministic Cases

CASE P (NG T WO
a D 2.00 4.15
1 4.15 8.00
b 0 3.00 4.23
1 4.23 8.00
C 0 8.00 4.37
1 4.37 8.00
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Greene had suggested using the following measure of the size of the

matrix (quasi-norm):

llli\ll2 = mi:m()\(»f_\))2 (2.33)
instead of the norm
1A1F = maxa(a'A) (2.34)

It was suggested in [€] that this might result in an improvement in
the approximation. Thus the use of this quantity was investigated.
()

fact does improve the approximation, as is seen later. Also as is seen

It is easily shown that |

|4 is not a true norm. However, it in

in Table 2.3, the values assumed for the matrices have the expected pro-
perties, i.e., the matrices Ei(P) were not stable for P=0 or P=1.

To determine the accuracy of the approximation, in predicting the
switch times and the corresponding magnitude of the states, a measure of
the size of the states is needed. Greene developed a quasi-Lyapunov func-

tion to measure the growth or decay of the states of the p]ant.

V(k) = 1In xl(k)§2(k) - {2.35)

Although (2.35) is not a true Lyapunov function, it gives a good indication
of the stability of the system in the hyperbolic sense. Since the plant
states are not computed in the approximation of the switch times, a modified
function was chosen for this analysis of the accuracy of Greene's approxi-
mation. This second quasi-Lyapunov function uses parameters which are

computed in the approximation
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TABLE 2.3: |IE1.(P)HE for Deterministic Cases

CASE P 1, PNE BN
a 0. 4.00 0.14
1. 0.14 4.00
b 0. 4.00 0.25
1. 0.25 4.00
¢ 0. 4.00 0.36
1. 0.36 4.00



ve(k) = Tnlly, (O Dy, (KI1° (2.36)

This function is quite similar to Greene's quasi-Lyapunov function, and
consequently has similar properties with regard to the stability of the
systém.

For the cases of interest, the function V* behaves linearly with
time as does Greene's [6]. The increment of the linear function V* is

indicative of the stability of the system,.

V*(k+1) - V*(k) < 0 Stable Hyperbolic QOscillations
VE(k+1) - ¥*(k) = 0 Neutrally Stable Hyperbolic Oscillations
V*(k+1) - v*(k) > 0 Unstable Hyperbolic Oscillations

This Tinearity with time, exploited by Greene in his analysis, is also
quite useful in this work, so V* will be repeatedly used in this approxi-
mate stability amalysis.

To obtain & comparison of the approximation to the actual system
response, V* is plotted at the switch times (Figures 2.4a, 2.4b, 2.4c).
In these figures, V* from the simulation results is plotted at the actual
probability switch time. For the sake of contrast, V*, as predicted by
the approximation, is plotted at the predicted switch times, also from
the approximation. By plotting the data in this way the accuracy of the
approximation for both the size of the states and switch times is seen.

It is apparent from the figures that the approximation is not an exact
prediction of the behavior of the system, but that it is indicative of
the response. The error in predicting the times of probability transi-

tions (Tj) is significant as is the error in predicting the size of the
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states at these times. Even with these inaccuracies, the approximation
is still useful in predicting the type of response. Looking at the
different cases, the accuracies of the approximation are seen.

For the hyperbolically stable case {la), similarities are seen in
the approximation and the simulation. First, the negative increment of
V* for both the approximation and the system simulation indicates the
system is stable. Secondly, the increment is nearly the same for both
the approximation and simulation, indicating the degree of stability,
rate of decay of the states, is quite similar. Thirdly, the time inter-
val between switches in the probability is increasing with time, again
a property of the approximation and the system response.

For the other two cases (1b, 1lc) the approximation agrees with the
system response in a similar manner, indicating the neutral stability
and instability, respectively, and the change in switch times intervals
for the probability with good accuracy.

From these examples, some conclusions can be drawn concerning the
utility of this approximate analysis. In the examination of the
qualitative behavior of the MMAC, this approximation would be useful.
The insights gained in Greene's worst case analysis using this approxi-
mation demonstrate its usefulness. The explicit indication of stability
and switch time trends are useful in understanding the response of &
MMAC system. It should be noted that the qualitative accuracy is good,
but the gquantitative accuracy is not nearly as good. As with most ap-
proximation, however, some care must be taken in using this method to

ensure no assumptions vital to the approximation accuracy are violated.
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For examp]e; later, in Section 2.3, the effect of violating the assump-
tion that P=0 or P=1 on the accuracy of the approximation is investi-

gated.

2.3 Limited Memory MMAC

One of the properties exhibited in the case of hyperbolic oscillations
is the Targe excursions of the state as they are alternately stabilized
and destabilized. Greene [6] showed this is mainly due to the inertia or
lag in the probabilities. Since the probabilities are based on all past
observations, the probabilities may be driven toward 0 (or 1) during one
time interval, and then have to overcome the inertia of the prior in-
terval to reverse direction and go to 1 (or 0)}. This is illustrated in

the log Tikelihood formulation of the MMAC, repeated here.

a(k1) = afk) +|lr1(k+1)H§il . Hrz(k+1)ngél (1.25)
1- PO 1
PU) = (14 50 8 expl-alk))) (1.26)

B = V18] 18;]

In this case, a(k) tends to attain large values compared to the in-

crement Ac(k) defined as follows:

(k) = llryeelfgo1 = flrptiertllg:] (2.37)

so if a(k) gets large in the positive sense compared to Aa(k), it will

take many times steps before a{k) is reduced to zero by a sequence of
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negative increments. During this interval the unstable states will grow
geometrically, resulting in the peaks seen at the switch times of the
probabitity.

A modification to the MMAC proposed by Greene to "speed up the pro-
babilities” or reduce the inertia is to 1imit the memory of the MMAC. This
is done by introducing a moving observation window for the computation
of the probabilities, i.e., instead of using all past observations for
the computation of the probabilities, only the most recent observations
are used [6]. For the log likelihood formulation, only the equation for
a(k) (2.14) is changed in implementing the 1imited memory MMAC algorithm.
For an observatien window of length M, the equation for a(k) is as follows:

k

_ ) 12
() = Tl (g - (il (2.38)

A 1imiting case of the limited memory MMAC algorithm is where the
probabilities are based on only the last observation. In this_case equa-
tion (2.38), a dynamic equatfion for a(k),becomes a static equation

a(k) = ey (N30 - e, (l15-1 C (2.39)
S R '

To obtain some insights into the behavior of the system, an approxi-
mation similar to that for the full memory MMAC is derived in this section.
For the limited memory case, the equation for a{k) in terms of Xl(k),

yz(k), ay» and g,, defined in (2.3), (2.24) - (2.25) is:

a(k) = [y, (I %y - (N1, (2.40)
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With this formulation, the half period T, defined in equation (2.29),

can be approximated, assuming P(k) switches between zero and one, and does

not take on intermediate values. Assuming P(k) =0 on the interval [Tj, T

J'+1):

then it follows from the assumptions on gl(k) and Zg(k) (Section 2.1):

2
A, (o)l

—
o
=
[
1t
=1}
[N
—

. . 2 k Va
Approx1mat1ngIlri(Tj+kN|§;1 by aiﬂzi(Tj)H O

the analysis and results in
k 2 k 2
q(k+Tj)‘= all|¥1(TjNI 01 - ag||22(TjN\ 02
If

2 2
Iy (TNZ < llyp (Tl

and

alT = 0

j+1)

then T can be approximated by the following equation.

0 = a] lly; (T1%0; - a, Ny, (TN %0,

This equation can be solved for T, resulting in the following.

2
T=n 1 Tmay " 142 (T3 "o
R A e
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(2.41)

(2.42)

. on this interval, simplifies

{2.43)

(2.28)

(2.27)

{2.44)

(2.45)



Three cases were used to evaluate the approximation and simultaneously
investigate the properties of the limited memory MMAC. The cases are
the same used to check the full memory approximation and are defined in
Table 2.1. Figures 2.5a, 2.5b, and 2.5c contrast the behavior predicted
by the approximation with the simulation results.

One of the interesting properties of the approximation is that it
predicts that the probability switches every time instant, after the first
few switches. This is an erroneous prediction, since the minimum interval
found in the simulations has a Tength of three time steps, but again fhe
qualitative prediction is correct. In terms of the prediction of sta-
bility, the approximation correctly predicts the rate of growth for the
neutrally stable hyperbolic case {2b) and the unstable hyperbolic case (2c).
For the Timited memory implementation hyperbolically stable system case
(2a), the norms of the states ||3_!1(k)|l2 and H,zz(k)H2 are predicted to de-
crease to zero, but the simulation exhibits a 1imit cycle type response.

The 1imit cycle response of the simulation can be explained as follows.
As the norm of the states,||3_/1(k)||2 and]I)_fz(k)ll2 decrease toward zero,
the probability will move toward %. For P(k) fixed at %, the system is
unstable, and so as P(k) approaches %, the system becomes unstable, or
the norms|[¥1(kﬂ|2and[|32(kﬂ|2 increase. This increase in these norms
drives P(k) away from %, towards 0 or 1. This shifting of P(k) from 0 or
1 to near % and back leads to the 1imit cycle type behavior.

An assumption made in the derivation of this approximation was that
P(k) was either 0 or 1 and did not take on any intermediate values. In

the simulation, P(k) did take on intermediate values as the system limit
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cycled violating the assumption. This explains the discrepancy between
the approximation and the assumption.

An example of this type of 1imit cycle response is seen in Figure 2.5,
For the initial portion of the time history (0<k<16), the approximation
and the simulation agree as to the stabilization of the states, but later
in the time history (k >16) the stability indication of the approximation
and the simulation differ. A look at P(k) for these two different in-
tervals, (0gk<16) and (k >16), reveals the cause of the discrepancy
in the approximation and the simulations. In the initial interval, the
values taken on by P(k) were essentially zero or one, but during the
latter interval P(k) was near one-half. This violated the assumption that
P(k) was near zero or one, resulting in a limit cycle.

A Took at the initial conditions supperts the claim of degradation

to a Timit cycle response,

hs
— .
——
o
Pl
]

100. (2.46)

1]
—

lly,(0) (2.47)

For the initial switch intervals H)_/l(k)H2 and ||5_/2(k)||2 were significantly
different, due to the difference in the initial conditions. For later
switch intervals, the state had been reduced so that the difference be-
tween them was small. At this point, a{k) was near zero, so the proba-
bility was near one-half, and not near zero or one, where some of the
states would be stabilized. When the states reached nearly the same size,

a limit cycle resulted.
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To test the hypothesis that intermediate values of P{k) would account |
for the discrepancy in the simulation and the approximation, a maximum
Tikelihood control was used instead of the probabilistically weighted

control, i.e., the following control law was used.

{‘ngl(k) P(k) >1§}
u(k) =
_G222(k) P(k) <

(2.48)

te

In this case, the control is precisely piecewise linear, with gains cor-
responding to the P=0 and P=1 limits.

It was found that the negative increment of the quasi-Lyapunov func-
tion (V*(k)), indicative of the stability of the system, is exhibited by
both the simulation and the approximation, i.e., the limit cycle was
eliminated. Since the only change in the control was to ensure the as-
sumption was valid, it would appear that P(k) taking on intermediate values
in the probabilistically weighted control contributed to the neutral sta-
'bility of the limited memory MMAC system.

The discrepancy between the approximation and the simulation for
the hyperbolically stable case (2a) of the limited memory MMAC with
probabilistically weighted control demonstrated an effect of vid]ating
the P(k) =0 or P(k) =1 assumption. The significance of the assumption
is brought out, when in violating it, the approximation breaks down.

If the assumption of P{k)=0 or P(k)=1 is not violated, the approxi-
mation is fairly good. The prediction concerning the stability of the
system appears to be correct, although care must be taken in the stable
case. In the case of a prediction of stability, the actual system may

Timit cycle, as P{k) takes on intermediate values.

48



2.4 Set Point Analysis

In the analyses done thus far, the control associated with each
model was designed to drive the state to the origin. In this section,
an extension of this zero set point analysis is undertaken. The more
general case of interest in this section is where the control associated
with each model is biased.

(k) + b,

u.(k) = -6, b,

i X

i%; (2.49)

If the controller were linear, this bias would not affect the stability
of the system, but since the MMAC is a nonlinear controller, the bias
may affect the stability. It should be noted that the bias also affects
the MMAC probabilities. If the Kalman filters used in the MMAC were all
matched with the true system (plant), the bias would not affect the pro-
babilities, but since there is no guarantee that all the filters are
matched, the bias will affect the probabilities through the mis-matched
Kaiman filters.

To gain some insights into the effects of a biased control, an ap-
proximation was developed for the time between switches in the probability.
As before, in this approximation the states are partitioned into those
unstable for P(k) =0, ¥1(k) and P(k) =1, Xg(k)' With the assumption

of a diagonal system, the equations for the evolution of Zl(k) and Zg(k) are:
k A (P(k 0 k b, (P(k
y (k1)) A (P(K) ) ¥1(k) . :1( (k}) (2.50)
g, (k1) 0 NGO IFAG] I ERUG)
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where EI(P(k)) and §2(P(k)) are defined by equation (2.3) and EI(P(k)),

EZ(P(k)) are appropriately partitioned versions of (P(k)b. +(1 -P(k)gz).

1
To compute the half period T, (2.29), assume a switch-like behavior

in P(k), and that P{k} =0 for the interval [Tj’ T The evolution of

s+l
Hg_/l(k)H2 and ng(k)H2 can be approximated by the following equations.

k
-1
e (T30l = (el (T + g 18002 (2.51)
2 _ .k dp-1 2
lyp (T = by (Tl + =g (00D (2.52)

Using these two approximations {2.51) - (2.52) in the equation for a(k),

the following approximation for the evolution of a(k) is obtained.

.i

k) = R PR (o MR RTSTIY: CHIA)
(k) = a(T;) iZO( LLASPY| HIfTT”—l( Moy - (dally (T,
dl -1
*—;é%:q-HEQ(O)H)ZUZ (2.53)

where

4, = max|A(A;(0))] (2.54)

d, = max|A(§2(0))| (2.55)
Now if

a(T.) =0 (2.56)
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u(Tj+1) = 0 . (2.57)

2
|

1y (TIZ < Hlyp(Ty)

j (2.58)

The time interval between switches T can be approximated using the fol-

Towing:

T a1 T gk

-1 -1
GRS d—i—_—lnpltonnz = L Tyl + Eg—_—lnpz(o)n)z

(2.59)

or equivalently,

1 2 2 2(T+1) T+2 T+1 Iy
——— T; d -d -d d T. b,(0

2 2
(dl-l) dl-l

(2T} _ pqT*2

1

T+1

+ - 2d1

+2d.+1) + T+1] ]|E_§1(0)H2 e

1 1

dg(T+1) -1 2 2 2(T+1) T+2 T+l
—_— (T.) + (d o _glre ql? +d, )|y, (T;) 5(0)

e L (20T 5T+ oqTH g k1) + 111 15,00 2 le,  (2.60)
7L -4 2 2 2 22 2
(dy-1)  d5-1
Assuming
d; > 1 (2.61)
dy < 1 | (2.62)
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and consequently, for large T

d »-dl ' (2.63)

d <<:d2 (2.64)

[ g (gl

then (2.60) reduces to the following:

2(T+1)) 2(T+1) 2(T+1)
| T LI Iy (T B0 +—— L, (0) o
-1 T @y T Ty () L !
- -—17‘ (T2 s 2 —— 2 5= Yo TN 1B (0] +—L2 416, (0))1? o,
-dp| J (1-d,)(1-d3) J (d,-1)

(2.65)

After some simplification, the equation (2.65) reduces to the following,

which is used to approximate T.

di(T+1)o )
1 1 ~

—5———= {||y; (TN + == ||b. (O]}

2 =1 d.-1"-1
(dl = 1) J 1

9y 2d2 - 1+d2 . .
"2 Ll (T30 Ly (T30 *1od, 16, (0)]) + T_—dglltgz(o)ll 1 (2.66)

N2

The stability of the system can be determined in a way analogous to Greene.
The relative size of the peaks at the switch time can be determined using

the following equivalent form of equation (2.66):
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5 _

o, d°-1 2 1-d T
Ly (Toy M? = 5 ot Dy T DI P + (2 iy (T —F5 (T+1) 118,40}, (0)]
1o °1 d5(ds-1) - 2 1-d; 3T d,-1) e L

(2.67)

For the case Where Hﬁi(O)H==0, this equation reduces to the zero sef
point equation used by Greene [6]. In the case of interest in this
section, ”51(0)” is not zero, and equation {2.67) must be used. Due to
the complexity of the equation (2.67) no simple condition, involving the
parameters of the MMAC system, has been developed for the stability of
the nonzero set point MMAC system.

Before recommending that the approximation derived in this section
be used in any future work, an analysis of its accuracy is desired. A
check of the accuracy of this approximation was done for the three cases
defined in Table 2.1. The bias in the control associated with each model
was such that the desired equilibrium point for the plant states was the

same.

1, '
xsteady state [1 ] (2.68)

Insight into the behavior of the set point control was gained from
the test cases investigated. A1l three cases were found to be unstable,
even the hyperbolically stable case (3a). This would seem to indicate a
need for a stronger stability condition for the nonzero set point control
MMAC system than for the zero set point system.

A comparison of the approximation to the simulation results reveals

the significantly better accuracy of this approximation compared to earlier
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approximations investigated (Sections 2.2 and 2.3). The approximation
derived in this section predicted the switch times with good accuracy
and the magnitude of the states at these times was also predicted well,
as seen in Figures 2.6a, 2.6b, and 2.6¢. It is conjectured that the
biased control inputs greatly accentuate the effects of the model mis-
match, which would lead to a better approximation for the biased control
case. It would seem that this approximation would be useful in future
work concerning stability conditions for the nonzero set point MMAC

system.
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CHAPTER 3

STOCHASTIC ANALYSIS

This chapter is a presentation of the results of research into the
stochastic properties of the MMAC. These results were obtained from a
combination of exact and approximate analysis and simulations. This work
constitutes a first step towards understanding the stochastic properties
of the MMAC algorithm. |

In Greene's work [6] and the work of the preceding chapter, the
assumption of zero noise input was made. This simplifying assumption
allowed many insights to be gained into the response of the deterministic
MMAC. To obtain a complete understanding, the stochastic properties
must also be investigated. Consequently, the noise sources have been
assumed nonzero for the work in this chapter.

Since the MMAC is a nonlinear control algorithm, the analysis of the
stochastic response is not straightforward. Even though the noise inputs.
are white and Gaussian, the nonlinearity leads to non-Gaussian pro-
bability densities for the states of the MMAC. These non-Gaussian
densities impede the analysis by requiring numerical integration tech-
niques for the Chapman-Kolmogorov equation [7].

A way of bypassing some of the difficulties of analyzing nonlinear
stochastic systems is to use a quasi-linear approximation. One analysis
of this type is a Random Input Describing Function (RIDF) approximation,
which in its standard form leads to approximations for the first two moments
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of the system states. The accuracy of this type of approximation varies
significantly with different applications, i.e., sometimes it works, and
sometimes it doesn't.

In Section 3.1, the RIDF method is outlined for a general non-
linear system. This section serves as the background for Section 3.2,

where a RIDF is derived for the MMAC system. 1In Section 3.3, the concept

of stable probability intervals is introduced as a way of classifying
stochastic MMAC systems. In addition, this classification is compared

to Greene's classifications for deterministic systems. To check the ac-
curacy of the RIDF approximation, a set of test cases, defined in Section 3.4,
are used in Monte Carlo simulations of the MMAC system. The results of

these simulations are analyzed and compared to the predictions of the RIDF

approximation in Section 3.5.

3.1 Random Input Describing Function

In the analysis of nonlinear stochastic systems, one technique for
approximating the first two moments of the states of the system is the
random input describing function (RIDF) {8]. This approximation has gcod
accuracy for a large class of nonlinear equations. For this reason, the
RIDF approximation was used in this analysis of the stochastic MMAC.

The basic idea of RIDF analysis is to develop a quasi-linear approxi-
mation for the nonlinearities in the system. This is done by computing
minimum mean square error linear approximations for the nonlinearities,

assuming an input of known distribution, usually Gaussian. For example, if
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w(k) = N(Q,w) (3.1)
Efw(k)w'(§)] = 0 J#k

A quasi-Tinear approximation can be computed as follows. Assuming

x(k) = N(m(k).Z(k)) | (3.2)
then f(-) can be approximated by

F(x(k)) = F(m(k),2(k)) (x(k) -m(k)) + bm(k),2(k)) (3.3)
where F(m(k),Z(k)) and b{m(k),Z(k)) have been chosen to minimize

P = E{[f(x(k)) - E(m(k),Z(k)}(x(k) -m{k)) - blm(k),z(k))]
x [£(x(k)) - F(m{k),-Z(k))(x(k) -m(k)) - b{m(k),Z(k)]}
(3.4)

Once the functions F(-,+) and b{-,-) have been determined, the following
equations can be used to approximate the evolution of the mean, m(k}, and

~

the covariance, r(k), of the system.

(k+1)

b(fi(k),E(k)) (3.5)

(k+1) = F(fi(k),5(k))ECKIF(m(Kk),E(k)) + W (3.6)

it 13>

The reason for assuming that x{k) is Gaussian is twofold. First, the
driving noise, w(k), is white and Gaussian implying that x(k) is always

a convolution of a Gaussian and a non-Gaussian density. Secondly, and
most important, the minimization of the error (3.4) is simplified, due to

the moment factoring property of the Gaussian distribution. Whether this
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assumption is reasonable depends upon the application.

The aﬁp]ication of RIDF analysis to the MMAC system necessitates
the Tinearization of the nonlinearities in the identification and control
portions of the algorithim. The resulting quasi-Tinear system is used

to approximate the means and covariances of the MMAC states.

3.2 Derivation of the RIDF for the MMAC System

In this section, a RIDF is derived for the two model MMAC system,
defined in equations {1.18) - (1.27). This derivation approximates the
nonlinearities in the identification and control sections of the algorithm,
equations (1.24) - (1.27). The extension to the N-model MMAC, set point
MMAC, etc. is conceptually straightforward.

The equation for the evolution of the log likelihood ratio d(k),

(1.26), is quadratic in gl(k) and fz(k)

alkl) = a(k) + ri(kel)ey ey (rl) - ry(kel)o5 ry(kel)  (3.7)

A RIDF for a{k+1) can be computed, assuming [l(k) and fg(k) are jointly
Gaussian. Since the MMAC is a noniinear controller, the plant states and
filter estimates do not have Gaussian densities. The residuals, being
functions of the states and filter estimates, are also non-Gaussian. To
retain tractability in the computation of a RIDF for the MMAC, the residuals
were assumed to be close to Gaussian. This assumption is reasonable, if
there is substantial measurement noise. Under this assumption, a(k+1}

can be approximated by the following.
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(alk) -m (k)) + k' (ry(k+l) -m 1(k+1))

t K e (rp(ktl) -m (k+1)) + b, (3.8)

where K, K
Qck

Kary? Kyp.» and b are functions of m_(k+1), @rz(k+1), z, (k+1),

"7 1 1

L. (k+1) and Za(k). After minimizing the expected error in the lineariza-
pa
tion, K, K, K and EOL are defined as follows:

oo arl —urz
Kaa =1 (3.9)
_ -1
Kop, = 22, (k¥1)0 7m. (k+1) (3.10)
1 1 1
-1
K = -2%  (k+1)e,"m_ (k+1) (3.11)
-0LY‘2 _r'2 ‘2 -Y‘2
Ba = mu (3.12)

The RIDF approximation for this product of states type of nonlinearity
has Timitations. Geier [10] has proposed modifications to this method
which improve the accuracy. His modified RIDF propagates higher order
moments for those states used in the product nonlinearity., Later in this
work, Section 3.5, as part of the analysis of the accuracy of the RIDF,
it will be proposed that Geier's method be used to improve the accuracy
of the approximation.
The states used in this analysis of the MMAC are the plant state,

x(k}, augmented by the filter estimates, X,(k) and X,(k), and by the log
likelihood ratio a(k). To get the approximation for a(k+l) in terms of

the state of the MMAC system, the following equalities are used:
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Ax(k) = Ax (k) + v(k+1) + w(k) (3.13)

(k+1)

Ax(k} = A X

A% (k) + v(k+1) + w(k) (3.14)

L2

Substituting for rl(k+1) and 52(k+1), using equations (3.13) - (3.14) in

equation (3.7} the new approximation for a(k+1) is the following:

a(kt) = o + K (x(0) = (K)) + K

F Kag, Balk) ~mg (D) + K ovlierl) + K (k1) + b,
(3.15)

The functions K ., Eail’ Euﬁz, Kay? Kyy» and b are defined as follows:

K, = A7 (Am (k) - Ay (K)) - 2 Yan (k) - B (kN1 (3.16)
IEaﬁl = 2007 (A (k) - A 185 () (3.17)
Eaﬁz = 2A5(Am (k) - Bzmgz(k)) (3.18)
K,y = 2[87 (An (k) - Ay () - 05 (Am, (K) - B (K001 (3.19)
Ko = Ko (3.20)
b, = tr{e;'[Az, (A" - 2hs,g (KIA] + Aytg (KA + ¥+
(A ) = Aymg (K0 (Am,(K) = By (1))
(3.21)

- ]- \ ) 1
S 9T 0" - 2hgg (KA + oty (KA + 4+

* (B (k) - By () (A, (k) - Apmg 1))}
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For the nonlinearity defined by equations (1.24) - (1.25) the derivation

of a describing function involved an expectation with the following term:

1 ( a
o [ (Grxg (k) - 9252(k)]
L Pt

where the expectation is taken over a(k), gl(k), and gz(k). The computa-
tion of this RIDF assumes a(k}, gl(k) and 32(k) are jointly Gaussian.
Even with this Gaussian assumption for the states an additional simpli-

- fication is needed to compute the RIDF. To simplify the expectations in-

volving this term and others similar to it, the following assumption was

used.
1 N 1 DL(k)>m5w1"u:h 3.29
Po ak) | o (k) (3.22)
148 e Ok} <Ceniteh
P ?
0
Pa
Aewitch = 2 11 I, B (3.23)

It should be noted that this approximation is precisely the maximum 1ike-
1ihood control formulation of the MMAC, defined in Section 2.3. Using this
approximation {or exact expression, if the maximum 1ikelihood contro] is

used} (3.22) - (3.23), the describing function for equations (1.24) - (1.25)

is the following.

u(k) = K’ (x(k) - m (k)) + Eugl(’gl(k) -rgﬁl(k)) + Euxz(iz(k)'

- i, () * Kqlalk) -m (k) + b, (3.2)
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where the functions Kux’ K s K~y K

UXI UX2 uo

lowing equations,

Kux = @
Eugl = a6
Euﬁz = (1-9)G,
= - 2 [em, (K) - 6.3 (K)] -
—uo, T (k) “21%%.a =2=%X,0
; o 1 2
b, = qG,ms (k) + {1-9)G,ms (k) - —
l.l - -X]_ _Z_X2

_ %switch ~ my (k)

z
/Zuik)
2
-1 -z"/2
f B e
2 2
oo/ 2

'@2@“

, dand bu are defined in the fol-

(3.25)

(3.26)

(3.27)

X2
(3.28)

(3.31)

(3.32)

This set of equations (3.15) - (3.21), (3.24) - (3.32) led to the fol-

lowing quasi-Tlinear form for the MMAC.
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wik)

v(k+1)

x(k+1) | x(K)

Xq(k+1) . gl(k) ~ W
- A(K) v B(K)

R, (k+1) 2, (k)

a(k+1) | (k)

+ B(k)

(k)]
@gl(k)
miz(k)
m,, (k)

b, (k)

by (K)

(3.33)

(k)]



" N
A=Kux --u§1 'Euﬁz ™
) H1A-Kix (I-Hl)élﬁguﬁl 'Euﬁz Ko
Ak) =
i:IZA__Kux 'Euﬁl (Q'EZ)BZ'EUQZ Ko
Kax Euﬁl Suﬁz
— - T,(')=T.(k)
El(')=§.(k)
{3.34)
— -
I 0
H H
NG I (3.35)
o Ho
K' '
L"U.V -CXW_ T.(.)=T‘(k)
L ()=z (k)
Kux Euﬁl Euiz Ko "1 0
R Kux Euﬁl Euﬁz Ko -1 0
B{k) = (3.36)
Kux Euﬁl E&QZ Ko 10
Kax o Kog Kes, O 00 1
m, {*)=m, (k)
£,(+)=z (k)

With this quasi-linear approximation, the approximations for the means and
covariances of the MMAC system can be propagated in time using equations

(3.37) - (3.40).
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Let

(3.37)

E(k) = cov , (3.38)

Clelk) | [alk) )
and ﬁ(k), §(k) be approximations for M(k), £(k). Then
. . RLCE
m(k+1) = A(K)m(k+1) + B(Kk) { Z---- (3.39)
bU
R
2 T . w 0
t(k+l) = AGQZ(KA (k) + T(k) = D'(k) (3.40)
0 v

This approximation will be used later in this chapter, to demonstrate some

of the properties of the stochastic MMAC system.

3.3 Stable Probability Intervals

In Greene's work, MMAC systems were classified according to the de-
terministic¢c response. These classifications, universally stable, hyper-
bolic oscillations, and mixed case. lend themselves to equivalent classifications
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for the stochastic MMAC. In this section, the idea of stable probability
interval is used as a classification criterion. There is a direct cor-
relation between Greene's classification and the stable probability
interval classification, which is explained below.

As mentioned in Section 2.1, the MMAC system is linear for fixed P{k).
The stability of the system can be determined for various values of P(k).
The set of values of P(k) for which the MMAC system is stable is called
the set of stable probabiltities. In the cases of interest in this chapter,

this set of stable probabilities defines an interval on [0,1], i.e.,

PstabIe € I:Pmin’ Pmax] 02 Pm'in s Pmax <1

For the work in Sections 3.5- 3.7 the stable probability interval is an
important quantity in determining the response of the stochastic MMAC.
The following terminology is used in the discussions that follow:

1. Universally stable systems. These systems have a stable pro-

bability interval of [0,1].

2. End point stable intervals. These systems have a stable pro-

bability interval which includes 0 or 1.

3. Interior stable intervals. These systems have a stable in-

terval which does not include O or 1.

4. Mo stable interval. These systems have no stable probability

interval.

The following correlation exists between the stable probability in-

terval and deterministic response characterizations.
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Probability Interval Deterministic_Response

Universally stable <= > Universally stable

End point and interior<= > Mixed case

No stable interval S Hyperbolic oscillations

There are systems with no stable probability interval that do not oscillate,

i.e., the states grow without oscillatory behavior.

3.4 Case Definition

To iTlustrate the types of stochastic responses 1nvestigated, a few
cases were chosen. These cases were used to check the accuracy of the
RIDF, as well as to gain insight into the response characteristics. In
this section background information for the case definition and Monte
Carlo simulation is presented.

In the last section, the concept of stable probability intervé] was
presented; In this section, the determination of cases with specified
probability intervals is outlined. Also some motivation for the choice
of cases is given.

To reduce the number of parameters which determine the stabie pro-

bability interval, the following assumption was made.

Q=R=V=W-=1 (3.41)

—
1

nxn identity matrix {3.42)

With this simplification the matrices A, A;, and A, will determine the
stable probability interval. The matrices A, 61’ and A, being diagonal
allows the following form.
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-
A= (3.
0 a

Ca 0 }
A, = (3
a|
10
a 01
A, = | ° (3.
0] a
h 0] :
H = 3.
01
|0 hy ]
—hz 0]
H, = (3
0 h_
g 0 ]
6, - (3.
0 9;]
-
ng 0
6, - (3.
0 g
[1+h 0
By = (3.
0 1+h

1 <D
i

1+h, 0
5 = (3.
0 I+h

43)

.44)

45)

46)

.47)

48)

49)

50)

51)

where H., G; and 0. are obtained using equations (1.10) - (1.11}, (1.13) -

(1.14), (1.17), assuming C; and B, are identity matrices. In this case,

the matrix equations (1.10) - (1.11), (1.13) - (1.14) can be replaced by

following set of independent scalar equations.
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2 [

S_i = —2—'+ '-2'—4' 1 (3.52)
%

hy = 5. +1 {3.53)}

e

Using this formulation, the matrices A,(P) and EZ(P), defined by equation

(2.3), reduce to the following form for this two state case.

r;-Pgl-(l—P)gz P(1-h}g, (1—P)(1—h2)9;-
A(P) = 0 (1-h))a 0 (3.55)
a-a, 0 (1—h2)a2

[a-pg,-(1-P)g,  P(1-hj)g;  (1-P)(1-h)g,)]
Ay(P) = a-a (1-h,)ay 0 (3.56)

0 0 (1-h)a

These matrices gl(P) and 52(P), can be used to determine Prin @nd P
if they exist.

Using the Routh-Hurwitz criterion [9] to determine stable ranges for
P, a plot of Pmin as a function of 2, for El(P) can be determined. An

example of this plot, Figure 3.1, was made for the case where
a=2.0 (3.57)

An equivalent plot was also made for Pmax as a function of ays Figure 3.2,
for ﬁz(P). For fixed a, and a,, the stable probability interval is the
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following intersection:

(P> 11000, P ]

min

As mentioned before, this interval [P P ax] is an important quantity

min® 'm
in differentiating the cases used for examples.

Since the universally stable case is a type of "best case" MMAC
system, the properties of this type of response were investigated. To
demonstrate some of the properties, and to determine the accuracy of the
RIDF, Case 1 was developed as a universally stable example. This case
is defined in Table 3.1, along with the following cases.

Case 2 is a hyperbolic oscillation system, i.e., a system with no
stable probability interval. This "worst case” MMAC system is precisely
Greene's deterministic hyperbolically stable system in the stochastic
version, i.e., with non-zero noise sources.

Cases 3 and 4 are two examples of Greene's mixed case MMAC system.
They are used to demonstrate the effects of decreasing the stable pro-
bability interval, and the effect on the error in the RIDF approximation.
Both of these cases have internal stable probability intervals,

Case 5 is another mixed case MMAC, but this system has an endpoint
inclusive stable probability interval. This case is used to demonstrate
some errors in the RIDF, and to demonstrate the accuracy of an approximation
derived later.

In each of the five cases, sample means and sample covariances of
the MMAC states are obtained from Monte Carlo simulations. The sample

statistics are averaged over 100 runs. This number of runs led to an

74



L4

Case a 2y 3,
1 2.00 1.75 3.25
2 2.00 0 0
3 2.00 1.57 3.63
4 2.00 1.57 7.909
5 2.00 1.75 7.909

Table 3.1: Stochastic Case Definition
h h1 h2 g
.809 71 914 1.618
.809 .500 .500 1.618
.809 .738 .930 1.618
.809 .738 .984 1.618
.809 771 .984 1.618

9 92
1.349 2.971
0 0
1.159 3.378
1.159 7.782
1.349 7.782

P .
min

max
0.00 1.00
0.65 0.95
0.75 0.95
0.75 1.00



acceptable scatter in the sample statistics, without the higher cost of

averaging over a greater number of runs.

3.5 Stochastic Responses of MMAC Systems

In this section, insights into the stochastic response of the MMAC
will be presented. These insights were obtained from Monte Carlo simu-
lations, RIDF approximations, and analysis. Five different responses
are used to demonstrate the properties of the stochastic MMAC system.

The MMAC system design uses nominal noise covariances, but in appli-
cation the actual noise covariance may differ significantly from the
nominal. This noise mismatch was found to have Tittle effect on the
nature of the response of the stochastic MMAC. The effects were Timited
to scaling the variances of the states, or in some cases, scaling the
response of the variances in time. This time scaling effect is used in
Case 4 to speed the response. All other simulations use the nominal noise
covariances for the noise inputs.

The first case of interest is the universally stable MMAC, a globally
asymptotically stable system. For a system of this type, the first two
moments of the states should be finite, for bounded covariance inputs.
This behavior is exhibited by both the Monte Carlo simulations and the
RIDF prediction, Figure 3.3. It should also be noted that the RIDF ac-
curately predicts the transients of these moments of the plant States.

Looking at this example, the response of the variance is quite similar
to that of a stable Tinear system., This is not unexpected, since the MMAC

system is linear for fixed P, and in this case, also stable for all P(k).
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A look at the expected value for P(k) from the simufation explains the
gquasi-linear behavior. The expected value for P(k) approaches 1, there-
fore, this system is essentially linear after the initial time interval.
In the following paragraph an approximation is derived for the probability
density of P(k).

To gain further insight into the response of the MMAC system, an

approximation for the density of P(k) is derived for the following case:

a; = a, (3.58)}
h1 = h2 (3.59)
91 = 9 o (3.60)

Moments of a(k) can be determined analytically. The equation for alk),

equation {3.7), is repeated here.
a(kb1) = alk) + rj(ke1)] ey (k1) - ry(k+1)85 ey (ko) (3.7)
Letting

-1

pa(k) = rilk+n)ey'r,

(k1) - rp(k+1)ey (k1) (3.61)

allows the following formulation for o{k+1):

a(k+l) = a(k) + Aa(k) | (3.62)
In the case of a symmetric mismatched system,

Elaa(k)] = 0 o (3.63)
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implying
Efa(k)] = (0) (3.64)
The second moment of «(k) can also be determined for this case:

E[(a(k) + da(k))?] (3.65)
ELELa(k)Aa(k) {a(k) 1]+ Efa®(k) 1+ E[ (aa(k))%T (3.66)

E[0®(k+1)]

ELa(k)ELr) (k+1)o] 'y, (ke1) - 1 (k+1)e2 b, (k+1) [0(K)]]
¢ E[e2(K)] + E[{Aalk))?] (3.67)
Due to the symmetric mismatch

1

Elr, (k+1)61 rl(k+1) -0 (k+1)8 8,71, (k+1}|a(k)] (3.68)
Therefore

E{a(k)ra(k)] = 0O (3.69)
Since

E[(Aa(k))?] > 0 (3.70)
in ail but the singular case where

Lo-%. In =0 (3.71)

I T LSS |
One example of this is where both models are the same, not a very interesting
case. It was assumed, for the following analysis, that this singular con-

dition did not hold, sc that the mean square value of a(k) was greater than
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zero. Then the second moment of a(k) is unbounded in this case, i.e.,

> 00

ELo“(K)]
K =+ oo
If the residuals of the filters were Gaussian, the increment in o
{Aofk)) would have a two sided chi square probability density, since
Ac(k) would be the difference between two squared Gaussian random vari-
ables. With substantial measurement noise, the residuals were approxi-
mately Gaussian, so the probability density for a(k) (assumed to be two

sided Chi Square) was approximated by the following.

[ 2(a-m_)/ )
fla) = | 2(aem )/ } (3.72)
éL—e A a>m
8}
€lo] = m (373
E[(a-ma)z] - o (3.74)

The purpose of this assumed density was to determine an approximate density
for P(k). The choice of this two-sided exponential was one of convenience.
A comparison of using different two sided densities for a(k) showed 1ittle
effect on the induced density of P{k), for large m, and/or o_.

The induced density on P, assuming f(a) is the above (3.72) two sided

exponential density, is the fol]owing.
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(2 "M /o, 15 1 1 )
o, [ Tepampy P > w7z
Ite
f(p) = 4 . . L (3.75)
m /o — 1
éile | Tgﬁ-]ga P(1-P) P < ma72
Q 1+e

Figure 3.4 is a p]bt of this approximate density for P for various values
of Ty and m, = 0. This plot is indicative of the trend in f(P) as o,
increases, as in the case of symmetric mismatch of the_mode]s. In this

case, the limiting density of P approaches the following:
f(P) =% &(P) + % §(P-1) (3.76)

A1l of Greene's cases fit in the symmetric mismatch system class--
in particular, the stable hyperbolic case which is examined now. In
~this case, the system is stable in the deterministic sense, but it is
unstable for the stochastic case, as indicated in the simulators to be
described later.

The proof of stochastic instability of the deterministic hyperbolically
stable system has not been completed. The fact that the probability ap-
proaches the singular density, equation (3.76), for which the probability
mass is concentrated at zero and one is not enough to prove instabiiity
of the system. Even though the system is unstable for these two points
an alternation from P=0 to P=1 and back may stabilize the system in a
manner similar to the deterministic response. In the stochastic case
the expected trend in these peaks must be decreasing for the system to be
stable. One way to show this would be a generalization of the deterministic

work. To determine trends in the expected peak height, a conditional
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expected switch time could be computed. The conditioning would be on
the present state of the MMAC system. The details of this approach are
not trivial and have not been worked out.

Figure 3.5 is a plot of the variances of the plant states for this
type of system (Case 2) for both the Monte Carlo simulation and RIDF ap-
proximation. The indication of instability is evident for both of these
runs, but the guantitative prediction of the RIDF is seen to be in error.

In looking at the full covariance matrix for the MMAC states as pre-
dicted by the RIDF, it was found that the variance of o{k) approached
a constant value, contrary to the behavior predicted in the analysis of
sa(k) and the Monte Carlo response. It is conjectured that inclusion of
higher order moments of a(k) in the approximation, Geier [10], would im-
prove the accukacy of the approximation. Verification of this conjec-
ture was not pursued in this work.

The next two cases to be investigated are both internal stable
probability interval cases. The first is quite close to the universally

stable MMAC, in terms of the stable probability interval,

P e [.05, .95]

stable

and the second is quite close to the hyperbolically stable system

p e [.75, .95]

stable

With this large difference between the twe systems' stable probability
intervals, the responses are surprisingly similar.

Since the first case is almost universally stable the response might

83



143

5 -
4_.
log O'XZ
3 b
5
o o o8 o x, Monte Carlo
2 °© o  x,Monte Carlo
9 A 2
o — Xy,Xp RIDF
o/p
a
- ¢
g/
0 Lo/ I | I ‘ ] |
0] 10 20 30 40
K

Figure 3.5 RIDF and Monte Carlo Plant State Variances {Case 2)



be expected to be similar to theuniversally stable system. This is not
true, and this is demonstrated by looking at P{a{k)). For the symmetric
mismatch MMAC system, the mass of the probability density for P moves
out of the stable interval for sufficiently large k, Teading to an un-
stable response, i.e., growth of the variance of the plant states. Fig-
ure 3.6 is a plot of the variance of the plant states for both the Monte
Carto simulation and the RIDF prediction.

This effect is more pronounced in the second case with the smaller
stable probability interval. A smaller au(k) is sufficient in this case
to have a large portion of the probability mass outside the stable inter-
val. The smaller of the growth rates of the variances of the two plant
states increases significantly as Um(k) becomes sufficiently large;
consequently f(P) approaches a density with delta functions at zero and
one. After this threshold is passed, the smooth growth rate changes to
a more erratic growth.

This case is the only one where mismatched noise covariances were

used. The actual covariances used for the noise inputs are
V=W = 1001 (3.77)

This mismatched noise covariance does not affect the type of response
beyond the variance scaling and time scaling mentioned earlier. The
threshold is attained in a shorter time with this larger covariance, Fig-
ure 3.7. Using nominal covariance noise sources would also result in the
unstable behavior but it takes Tonger to develop (since the growth rate

for E[az(k)] is smailer in the nominal case).
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Figure 3.7 RIDF and Monte Carlo Plant State Variances (Case 4)



The last case presented is an endpoint inclusive stable probability
interval MMAC system. This case is one of Greene's mixed case type MMAC
systems. This MMAC system has a region of attraction behavior similar
to the deterministic mixed cases. It is used to demonstrate the error
in the RIDF and to demonstrate the accuracy of another approximation

derived next.

This case does not have the symmetric mismatch mentioned earlier, so
E[aa({k)] # O (3.78)

With this drift in E[a(k)], the probability density for P(k) accumulates
at P=1. To get a handle on the rate of drift of E[a(k)], Aa(k) will be

investigated in more detail.
po(k) = ri(k+1)§1 ry(k+1) - ro(k+1)e, r,(k+1) (3.61)

Replacing r (k+1) and rz(k+1) in equation (3.61) using equations (3.13) -
(3.14) results in the following (the time dependence k, k+1 having been

dropped) :

01 (Ax-AX +ytw) - (Ax- A2x2+v+w) 8 .

* (53'5282+!+W)] ' (3.79)

Assuming the second moments of X, 31 and 32 are approximately equal

E[Aa] = tr[(gil[gg'-ng'

AL+A 81T - 0, [AA" -2AR+A A T)E X" ]

v (871-0;" (¥ (3.80)
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It should be noted that the assumption on the second moments of x, X,
and 32 is crucial to this approximate analysis. Although it holds for
the example case, in general it may be unfounded. So with these assump-
tions, an approximation to the expected drift in a{k) as a function of
the input noise covariance and second moment of the plant states can be

derived.

For Case 5, the approximation for E[Aa] is the following.

E[aa] = tr Elxx']+

-17.6 0 .049 0 (
0 .03 0 .012

y+@4 (3.81)

if E[xx') dominates (V+W) then

-17.6 0
E[aa] = ] Elxx"] (3.82)
0 .03

Due to the structure of the MMAC system, the input noise filters through
both plant states, i.e., the Vl input will affect the plant state Xo in
the diagonal case investigated in this thesis. This leads to the situa-

tion where

E[x%] = E[x5] (3.83)

for the two model case. For Case 5, the above assumptions were found to

be reasonable. Consequently, the prediction of

> - OO

Efa(k)]

K+

was accurate.
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With E[a(k)]+ -=, the mass of the probability density for P(k) will

accumulate at one and zero, i.e., f(P) will approach the following:
f(P)=qs(P) + (1-q)s(1-P)

The weight, g, will depend on the relative rates of growth of m., and g,
With P(k) approximately one, the system is stable, so only the noise
inputs will drive P(k) away from one. If the sequence of Aa(k) make a(k)
large, positively, the system will be unstable for the corresponding
P(k} {P{k)=0). So the states will grow, particularly state Xq- This
increase in the states will drive a(k) negative, where the system is
stable. This behavior has been observed in several individual simulation
runs which were run for a longer period than the Monte Carlo simulations
described earlier.
Figure 3.8 is a plet of the Monte Carlo variances and the RIDF var-
iances. As is seen in the time history of the variances, the RiDF is
grossly in error for this case. Again, inclusion of higher moments in

the computation of a(k) is thought to improve this error, Geier [10].
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CHAPTER 4
CONCLUSTONS

In the prior two chapters, results of research into the properties
of the MMAC algorithm have been presented. Techniques for analysis and
insights into the behavior of the MMAC algorithm comprise the results of
this work. In this chapter, the major results of this work will be re-
viewed, along with discussion concerning their significance, interrelation,

and suggestions for future work.

4,1 Deterministic MMAC Conclusions

In the deterministic work, three approximations were investigated,
each for a different class of MMAC systems. In the case of the full
memory MMAC systems, Greene's approximation was found to be in error when
imp]eﬁented. The norn1||5H2 was too conservative when used in the approxi-
mation, the rates of growth of the states were predicted 1ncorrect1y.

In this approximation, 1|5H2 was not used as a bound, but it was used to
reflect the rate of growth of the states. It was found that the quasi-
norm HQHE more accurately approximated the rate of growth of the states.
In future use of this approximation, replacement 0f’||:5||2 by ||5HE will
result in a more accurate approximation in most cases. In analyzing the
accuracy of the approximations for deterministic MMAC systems, this re-
placement has been made.

For the cases that have been considered, the accuracy of the modified
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approximation is quite good. The stability indications are accurate, as
are the predictions of the rates of growth or decay of the magnitudes of
the peaks. The trends in the length of the interval between switches in
the probabi]ity are also accurately predicted.

Althbugh the accuracy was good for the simple cases examined, it
might be worse for higher order stiff systems. For the more complex systems,
this modified approximation may aiso be conservative. The predicted rates
of decay and growth may be such that a prediction of instability may be
made for a system that is stable. This is the same type of error that
was found for the approximation using HgHQ.

The second approximation was one derived for the responée of fhe
Timited memory MMAC system. This approximation was derived in a manner
similar to Greene's, and exhibited similar accuracy for unstable and neu-
trally stable hyperbolic MMAC systems. For these two cases, the responses
were hyperbolic oscillations, but at a higher frequency. The approximation
correctly predicted the stability (unstable, and neutrally stable} of the
systems. Although the prediction of high frequency was qualitatively cor-
rect, the actual switching frequency exhibited in the simulations was
somewhat siower than the predicted frequency.

For the hyperbolically stable MMAC system, the prédiction of the
approximation for this 1imited memory case was in error. The approxima-
tion predicted an asymptotically stable response, when the simulated
response was neutrally stable. Insight into the response of the Timited
memory MMAC was gained in determining the cause for this erroneous pre-

diction.
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The magnitudes of the states decrease with time for the full memory
hyperbolically stable MMAC system. With large initial conditions, this
is also the case for the 1imited MMAC, during the initial time ihterva1.
In the limited memory case as the magnitudes of the states decrease to
zero, the probability (P(k)) goes to %. If the linear system for P(k)
fixed at % is unstable, the magnitude states will grow, driving P(k)
away from %. Consequently, the system will have a limit cycle response.
This is one explanation for response observed in the simulations. In
addition the derivation of the approximation for the Timited memory MMAC
system assumed that P=0 or P=1, In hyperbolically stable system
Timited memory response outlined above, it is observed that P takes on
vatues around %, viglating the assumption used in the derivation. With
this assumption, the possibility of a Timit cycle response described
above is ignored, so the approximation will be in error for this case.

As a check on the results presented for this last case, a modified
control was used for the MMAC system. This maximum 1ikelihood control is
equivalent to ensuring P=0 or P=1. This modification does not change
the approximate analysis for the 1imited memory MMAC; the maximum likeli-
hood control guarantees the switch-1ike behavior of the probabilities
assumed in the approximate analysis. In contrast to the limit cycle
behavior exhibited eariier, this maximum likelihood control MMAC system
had an asymptotically stable response. ¥For this case, the predicted rate
of decay of the states was accurate. Again the qualitative prediction
of high frequency switching in the probability was correct, although the

actual rate was somewhat slower than predicted.
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.'This analysis of the limited memory MMAC system has brought to light
an interesting effect of modifying the control used in the algorithm. If
one of the models matches the actual plant dynamics, the fu]]Imemory MMAC
will lock on to that model. If none of the models match, the Timited
memory may do better, because the full memory MMAC may lose its adap-
ability in Tocking into one model. In limiting the memory, the smoothing
of the probabilities in the full memory MMAC is sacrificed for adaptability.
Using the maximum likelihood contrei in the limited memory MMAC improves
the stability of the overall system in some cases. How well this sta-
bilizing property of the maximum 1ikelihood control MMAC applies in
more complex systems needs to be investigated.

The last approximation derived, was for the case where constant
biases in the control inputs were allowed. The approximation for this
class of problems was founa to have good accuracy in predicting the switch
times and fhe magnitudes of the peaks. In the case where the biases are
zero this approximation reduces to Greene's approximation, The effects
of the mismatched models was accentuated by the biased inputs. In the
approximation, the bias effects dominated some effects which led to the
errors in the approximate analysis in the non-biased case.

The response of the hyperbolically stable MMAC for this case of
biased inputs was found to be unstable. Hyperbolic stability depends on
a tenuous balance of alternately stabilizing and destabilizing the states,
which the biases overwhelm. Consequently, the magnitudes of the peaks
grow with time. This instability indicates a need for a stronger sta-

bility condition for this case. An equation for determining the stability
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was derived, but no simple condition, similar to Greene's for the unbiased

case, has been obtained from this equation.

4.2 Stochastic MMAC Conclusions

In the study of the stochastic MMAC systems, a two-fold approach was
used to gain insights into the stochastic response. A RIDF approximation
was derived, and checked against cases representative of the various re-
sponses of the class of MMAC systems studied. In checking this approxi-
mation, further insights into the characteristic responses of the MMAC
were gained. In parallel with the RIDF work, some other, more exact
analysis led to some interesting results and insights.

In checking the RIDF approximation, five cases were used, each rep-
resenting different types of deterministic system behavior. In the cases
where the RIDF predicted a stable response for the first two moments of
the MMAC states, the predicted values were very accurate when compared
to Monte Carlo simulation results. Only in one of the five cases was
there a discrepancy between the qualitative prediction of the RIDF and
the Monte Carlo simulation.

In checking the response of the first two moments of the log Tikeli-
hood ratio, a(k), it was conjectured that the RIDF does not account for
the effects of higher order moments in the distribution of a{k). These
effects can be included using a method similar to the modified CADET
investigation by Geier [10]. Future work in this area might lead to an
improvement in the qualitative predictions of the RIDF.

As mentioned above, the RIDF approximation was in error qualitatively
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for one case. For this case the RIDF predicted the system was unstable,
when the corresponding simulations indicated the system was stable, In-
vestigating causes for this erronecus instability prediction led to sig-
nificant insights into the stochastic MMAC system. For a specific ciass
of MMAC systems, those where the expected value of a(k) is constant, it
‘was determined analytically that the variance of a{k) grew without bound,
implying that the corresponding density of P(k) is singular at P(k)=0
and P(k)=1. Approximate analysis of the density of a(k), where the
mean value fs not constant, alsoc leads to this conclusion. The relative
weights of the delta functions at zero and one, for the limiting density
of P(k), are determined by the relative rates of growth of the mean and
variance of alk). The unbounded growth of the variance of a(k) is not
predicted by the RIDF. It is conjectured that implementing Geier's [10]
modified CADET, mentioned earlier, in the RIDF to include higher order
moments of a(k) will improve the accuracy of the predictions of the
variance of afk).

The stable probability interval is an important factor in determining
the stability of a stochastic MMAC system. Since the density of P{k)
approaches a singular density for a large class of MMAC systems, whether
the stable probability interval includes the singular points of the
limiting density or not clearly plays a crucial role in détermining the
stability of the system.

The endpoint inclusive stable probability interval MMAC system is
the only case where the RIDF prediction of instability was in error. The

prediction of a finite variance for a(k) disagrees with the analysis
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indicating the variance should be unbounded. An approximation to the
drift in the expected value of «(k) indicates that the expected value of
o{k) is driven toward the stable end point. Consequently, the weighting
of the delta function at the stable end point will be much greater than
the weighting at the unstable end point, in the limiting density of P(k).
The relative length of time that P(k) stays at the stable end point versus
the unstable end ﬁoint will determine the stability of the system. The
relative }ength of time spent at each end point is dependent upon the
time correlation of P(k), which, in general, has not been derived. In-
dependent of correlation of P(k}, the much lower probability associated
with the unstable end point leads to the conjecture of stability for this
end point inclusive MMAC system.

It is conjectured that the internal stabie probability interval MMAC
systems are unstable. In the deterministic equiva]eht of these stochastic
systems, Greene's mixed case MMAC, P(k) will converge to a value within
the stable interval. In the stochastic case, P(k) is driven outside the
stable interval, as is seen in the limiting density of P(k). The singular
points of the limiting density 1ie outside the stable interval, implying
that the system should be unstable.

One possible mechanism for stability for systems with interna] sta-
bility intervals is stochastic hyperbolic stability, a stochastic analog
of Greene's deterministic hyperbolic stability. Instead of the precise
switch-1ike behavior of the probabliity, observed in the deterministic
hyperbolic system, P(k)} would have a stochastic switch-1ike behavior. The

stability of this system would depend on the time correlation of P(k).
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Stochastic hyperbolic stability may also be possible for Greene's hyper-
bolically stable case, but it has not been observed in simulations of
hyperbolic or internal stability interval MMAC systems.

For the deterministic hyperbolically stable MMAC system, introduction
of biased inputs (set point MMAC) was sufficient to destabilize the sys-
tem. It is possible that the stochastic end point inclusive MMAC sysfem
may also be destabilized by biased controls. The biases may drive a(k)
away from the stable end point, i.e., the biases may overcome the drift
in a(k) toward the stable endpoint. It is possible that this may lead to
an unstable system, but this effect has not been investigated in this work.

As mentioned before, for a large class of MMAC systems, the proba-
bility density for P(k) degenerates to delta functions at zero and one.

As P(k) approaches zero or one, the MMAC loses its adaptability. In
practice, the adaptability of the MMAC is one of the major reasons for
using it;.ldss of this ability to reflect changing operating conditions

is not desirable. To eliminate this degenerate probability density for
P(k) (concentrated at zero or one), one of two methods can be used. The
range on a{k) can be limited or a(k} can be age weighted, Greene [6].

For the two modifications, the mass of the probability density for P(k)

~is spread more uniformly between zero and one. With 1imit on a(k), the
density of P(k) will have delta functions at the values which correspond

to Timits on a(k). The age weight modification will lead to concentrations
of the density of P(k) at the end points {no delta functions). The effecfs
of these modﬁfications are similar, so discussion will be restricted to |

the 1imiting o{k) modification.
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The Timiting a(k) modification can either stabilize an unstable
system or destabilize a stable system. If the 1imits on a{k) are chosen
such that the corresponding Timits on P(k) are within the stable pro-
bability interval, the system will be stabilized', Figure 4.la. Also,
if the 1imits on a{k) are such that the interval between the 1imits on
P(k) does not intersect the stable probability interval, the system will
be destabilized, Figure 4.1b. For the third possibility, where the inter-
val formed by the 1imits on P(k) intersects the stable interval the sta-
bility depends on the time correlation of P(k), Figure 4.1c, as discussed

previously.

4.3 Additional Directions for Future Work

As mentioned in the introduction, the work toward understanding the
response of the MMAC system has been motivated by the F-8C application.
Greene's work and the work presented in this thesis represent two steps
toward gaining a full understanding of the MMAC system. In the last sec-
tion a few directions for future work have been outlined. In this section,
more directions for future work are described.

Most of the work done towards understanding the MMAC has assumed
diagonal A matrices with identity B and C matrices. This class of systems,
although sufficient to demonstrate some of the basic properties of the
MMAC systems, is restrictive. The effects of relaxing these assumptions
needs to be investigated. This would give more practical importance to

the resyits obtained thus far.

'Since the computation of stable probability interval requires knowledge
of the actual system dynamics, this is not a design procedure.
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Thus far most of the research into the behavior of the MMAC system
has been limited to the two model case. Extending the results of the
two model MMAC to the N-model case would represent a quantum jump in
the research of MMAC systems.

Another extension would be to investigate the MMAC properties for
systems with nonlinear plants. The models for this application might
be lTinearizations about equilibrium, as in the lateral dynamics of the
F-8C [5], or linearizations about some other point in the state space,
as in the longitudinal dynamics of the F-8C. This second linearization
will have models with biases, resulting in biased control inputs. So the
results of set point control MMAC will be useful in this application.

The work outlined here would provide the basis for a complete design
methodology for the MMAC algorithm. Questions remain unanswered as to
how close the models must be to the plant, or the number of models needed
to stabilize a nonlinear plant through its full operating regime. The
results of research for this thesis along with the work proposed in this
chapter would provide the basis for determining how useful the MMAC al-

gorithm is in specific applications and how to use it.
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