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Abstract

Adaptive Critics have shown much promise for
designing optimal nonlinear controllers in an off-line
context. Still, their greatest potential exists in the context of
reconfigurable control, that is, real time controller redesign
in response to (substantial) changes in plant dynamics. To
accomplish this, a framework is proposed for the
application of adaptive criticsin real-time control (for those
critic methods requiring a model of the plant). The
framework is presented in the context of work being donein
reconfigurable flight control by the NW Computational
Intelligence Lab (NWCIL) at Portland State University. The
proposal incorporates recent work (by others) in fast and
efficient on-line plant identification, considerations for
bounding the computational costs of converging neural
networks, and a novel approach (by us) toward the task of
assuring system stability during the adaptation process. The
potential and limitations of the proposed framework are
discussed. It is suggested that with the recent rapid
reduction in computational barriers, only certain
theoretical issues remain as the central barriers to
successful on-line application of the methods.

1. Background

Reinforcement Learning, and in particular, the Adaptive
Critic (AC) methodology based on Dynamic Program-
ming, has been shown to have significant potential for
application to the design of controllers for nonlinear sys-
tems [4][32][26][31][15][22]. Work reported to date has
tended to be applicable in an off-line context. While this
may itself be a useful endeavor, to achieve “prime time”
status, the approach will have to achieve successin on-line
applications, with the ability to (rapidly) adjust the control-
ler design in response to significant changesin dynamics of
the plant being controlled. In recognition of this, a major
research objective in the Adaptive Critic realm is to
accomplish such on-line re-design of the controller in
response to major changes in plant dynamics (in some cir-
cles, this is called ‘reconfigurable control’). Achievement
of the following three attributes will be fundamental to suc-
cessin such an endeavor: 1) reasonable bounds on compu-
tational requirements; 2) rapid convergence of the learning/
re-design process; and likely the most important, 3) stabil-
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ity of the plant at each step of the re-design process.

For those applications where the plant is highly nonlin-
ear, and the operating conditions range over alarge portion
of state space, most known methods of designing control-
lersrely on piecewise linear approximationsto accomplish
the design. Use of neura networks (NNs) whose elements
have nonlinear activation functions allows afully nonlinear
controller (e.g., [23]); the challenge is to come up with the
design of such a NN controller. The benefit of the AC
methodology isits ability to design such nonlinear control-
lers for nonlinear plants, where the resulting controller is
approximately optimal (according to stated design criteria),
and to do so over an extended range of state space. The
methodology may be described as providing the controller
broad-based “experience’ during training, so that it can
operate successfully over awide range of operating condi-
tions. In contexts wherein the plant's dynamics change only
in a range defined as nominal during operation, a reason-
able strategy isto use the AC method off-line to design the
controller in away that is robust to such changes, with the
resulting design subsequently used on-line. The situation is
different when the plant's dynamics may change signifi-
cantly during operation.

When a plant's dynamics do change significantly, some-
times dramatic changes must be made in the control actions
to even keep the system stable. For example, maneuver-
ability and stability of some high performance aircraft are
very sensitive to the location of the center of gravity (c.g.).
For nominal c.g. positions, it is possible to “trim” the air-
craft (make biased deflections of control surfaces) to keep
the aircraft in balanced flight. Then if the c.g. shifts alittle,
new trim adjustments are made to continue the aircraft in
balanced flight. Even though such changes in trim bring
the aircraft back into balance, the relative effectiveness (in
this case, gain) of the various control surfaces change. In
addition, when aircraft control surfaces are trimmed to
accommodate changes in the plant dynamics, there is cor-
respondingly less remaining control range (‘ control author-
ity’) available to the pilot. If, for example, there were a
sudden, unplanned movement of cargo toward the back of
the aircraft, this could result in a shift of c.g. past the nomi-
nal range, and make the airplane statically unstable. Then
the job of the stability augmentation system is to maintain
the aircraft flyable. Significant reduction in available con-



trol authority can make the plane difficult, or in the
extreme, impossible to control. For that reason, in cases of
changes in the dynamics of the aircraft close to this
extreme, the pilot's objective becomes that of landing the
aircraft in any fashion possible, while not worrying about
“optimal” handling characteristics. |.e., the pilot strives for
a“safefail” (in contrast to fail-safe) mode of operation.

Clearly, the above discussion is not only pertinent to
flight control, but to any on-line control context where sig-
nificant changesin plant dynamics are possible.

2. Adaptive Critic Approach

Adaptive Critics are a specific approach to reinforcement
learning, wherein the evaluative feedback for the learner
from the environment/teacher is provided by a “critic.”
While the notion of critic goes back at least to 1959 [30], a
very important extension was made in 1983, in which the
critic also learns (hence adapts) -- with the objective of pro-
viding increasingly better eval uative feedback [4].

The application context assumed here is CONTROL,
where the controller is the learner. Additionally, we adopt
the long-standing quest to design controllers which are
‘optimal’, where optimal is determined according to some
criterion function, with names such as ‘cost function’ and
‘utility function’ being typical. Entire books have been
written to describe various approaches, results, and meth-
ods for designing optimal controllers (e.g., [1][8]). Applica-
tions range from the easier task of designing controllers for
linear systems (based on quadratic criterion functions), to
the more complex design of controllers for non-linear sys-
tems. For the linear-quadratic case, complete solutions are
available (Ricatti Equation, etc.) and are computationally
tractable. For the genera non-linear case, the method
known as Dynamic Programming [2][11][5] provides auni-
fied mathematica formalism for developing optimal con-
trols. Historically, however, its application has not been
computationally tractable. The good news here isthat with
Adaptive Critic methods, a good approximation to the
Dynamic Programming method can be implemented with
the capability to design a controller in a system with a non-
linear plant. Furthermore, in the context of today's
extremely cost effective computational power, this can be
done in acomputationally tractable manner.

From the family of Adaptive Critic designs [32][26] [27]
[28], the one chosen for the present work is the Dual Heu-
ristic Programming (DHP) method. Central to this
method is the use of a critic to estimate not simply a scalar
value for the J (Secondary Utility) function of Dynamic
Programming, but to estimate the derivatives of this func-
tion with respect to each of the states of the system. These
values are in turn used with a differentiable plant model to
generate derivatives of the J function with respect to the
controller's outputs. Thisrich error feedback to the control-
ler has proven effective in training controllersin many con-
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texts, e.g., [15][27][31][38].
3. Proposed Framewor k

The objective of this paper isto explore a framework for
applying the DHP Adaptive Critic methodology to the
reconfigurable control problem (i.e. the task of on-line
redesign of a controller in the context of significant changes
in plant dynamics). The re-design is to occur in a manner
that assures the “best” controller under the given circum-
stances. In this paper, “best” implies optimal in the realm of
nomina (and certain ranges of off-nominal) operation.
However, in extreme off-nominal contexts, the best control-
ler may be one that can only ensure safe-fail operation. Fig-
ure 1 depicts the seven mgjor components of the proposed
framework along with the most significant interdependen-
cies among these components.
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Figure 1. Real-Time Adaptive Critic Controller
Re-Design Framework.

Starting from the bottom of the diagram, thereisthe clas-
sic closed loop controller configuration. The Controller
(Box #1) and the Plant (Box #2) of this loop are the first
two major components of the framework. A central feature
of the proposed framework isthat three distinct but interde-
pendent processes run in parallel with overlapping use of
the components depicted in the diagram.

1) The On-line Plant ID process, which provides a con-

tinuously updated model of the Plant (Box #4).

2) The Controller Re-Design process, which develops a
new candidate controller (Shadow Controller, Box #5).
The controller re-design is accomplished via the DHP
AC procedure, which uses the Plant ID (Box #4), the
Critic (Box #6), and the Utility Function (Box # 7).

3) The Verify Stability & Upload process (Box #3). In
this process, stability characteristics of Box #5 are
tested via the current Plant Model, and if certain crite-
riaare met, uploads this design into Box #1.

These processes, which comprise the operation of the
framework, are next explored in the context of bringing
together results from researchers in various sub-fields.
Important to this exploration are opportunities where com-
putational requirements, with hopefully provable bounds,
can be matched with modern computation capabilities.




Optimism in this context will be balanced by the identifica-
tion of fundamental research issues that may still present
difficulties for the proposed framework.

4. On-line Plant Identification

It is important to note that all processes within the pro-
posed framework rely on the availability of a good plant
model. Consequently, the system identification process (see
Figure 2) is perhaps the most limiting factor in terms of the
quality of performance for the entire framework. While
there has been much work done in applying neura net-
works to system identification, experience suggests that
domain specific approaches can provide more accurate
solutions at areduced computational expense.
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Figure 2. Components for On-Line Plant Identification

For the general context of system identification in the
presence of noise, the work of [17] provides agood founda-
tional reference. For the aircraft context, the issue of reduc-
ing the number of calculations to accomplish plant
identification was addressed in [21]. In that work, the real-
time parameter estimation techniques rely on a recursive
discrete Fourier analysis, alowing computation to be lim-
ited to one addition and two multiplications per variable.
Such computational efficiencies will have significant
impact on the on-line implementability of the procedure.
An important additional attribute claimed in [21] is that the
method is robust to noise and data dropout problems. Fur-
thermore, this approach also provides confidence bounds
on plant parameter estimates, and these may then be used to
assess the overall value of the current Plant Model or to
bound computations based on these parameter. Additional
relevant system identification work is given in [25][20],
where multiple self-organizing feature map NNs are coll ec-
tively used to model the global response of the plant, and
are configured to specifically apply to the control context.
Another issue that isfundamental to any on-line identifica-
tion process is the availability of data that has sufficient
information content to allow the identification to occur.
Each problem context is different, and problem-specific
considerations are in order. Generally speaking, however,
there is a concern about whether the data available during
normal operation are sufficient. In flight control, for exam-
ple, the data representing the response of the plane in
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steady-state level flight may not contain enough informa

tion about the dynamics of the plane to allow robust identi-

fication. Additional sensors or agorithmic solutions may be
useful in some contexts (e.g., see [18].), but it may also be
necessary to inject selected control signals to excite the
dynamic modes of the plant. In the case of a dramatic
change in plant dynamics, criteriafor what testing protocols
will be allowable would likely be more lenient (e.g., in the
“safe-fail” condition mentioned above).

A strategy that may also be useful hereisto develop pre-
trained Plant ID models for different possible failure modes
(and associated controllers); then, the on-line Plant ID
could learn just enough about the plant to select one of the
“reserve’ models, and then adaptively refine it. (Also, the
associated controller would initialize the Box 5 -- cf. next
section). This should save timein critical contexts.

5. Controller Re-design

In the proposed framework, the controller re-design pro-
cess isaccomplished by the DHP method. Referring to Fig-
ure 3, data from the Utility Function (Box #7) is used for
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igure 3. Components for DHP Controller Re-Design
Process.

updating the Critic (Box #6), and data provided by the
Critic is propagated through the Plant ID (Box #4) to pro-
vide a design update for the Shadow Controller (Box #5).
The critic and shadow controller components have classi-
cally been neural networks, but more recently include other
computing paradigms, such as Fuzzy Logic [31]. Whilethe
DHP method, and AC methods in general, have been very
promising for non-linear controller design, certain difficul-
ties (e.g., with assurance that the design of the candidate
controller is stabilizing at each step of the process (called
‘stepwise stability’ in [22]), and with convergence of the
design process) have limited their use to off-line contexts.
We note that the term ‘convergence’ takes on a double
meaning in the context of AC systems: 1) As it relates to
the convergence properties of an individual neural network
while learning a particular 1/O mapping (e.g., for the
shadow critic and controller), and 2) Asit relates to the con-
vergence properties of the two-loop processinvolved in AC
methods (e.g., see [15] for the DHP case), wherein both the
controller and the critic are being iteratively re-designed.




5.1 Convergence of individual neural networks.

A major component of the computational requirements
for application of NNs relates to issues of training conver-
gence. In an effort to bound and/or minimize the number of
cycles to learn a given 1/O mapping, for example, tech-
niques have been developed in the areas of functional link
networks [13], and more recently, in neural network initial-
ization via algebraic techniques [9]. It is well known that a
multilayer feed forward NN structure whose hidden-layer
elements have “squashing” activation functions comprise a
Universal Function Approximator [10]. Unfortunately, for
multilayer NNs using the basic version of the Backprop
algorithm, the number of cyclesto convergence is known to
be rater large. Accordingly, consideration is often given to
single layer NNs with linear output elements, where Delta
Ruletraining is known to require far fewer iterations.

If defined appropriately, single layer NNs can also be
Universal Function Approximators. For example, it is
known that if the weights that connect the inputs to the hid-
den layer in a single-hidden-layer feed-forward structure
are al randomly selected, and if this layer’s elements have
sigmoid activation functions, then the outputs of this layer
comprise a legitimate basis set [13][16]. If these randomly
assigned weights to the hidden layer are frozen, there
remains a single layer of adjustable weights in this struc-
ture. Accordingly, it may be treated as a ‘single layer NN’
and may be trained with the classical Delta Rule. Such
training is known to be very fast, and convergenceto a glo-
bal optimum is guaranteed. To assure high quality approxi-
mation, a large number of hidden layer elements may be
needed, but in the present computing milieu, this may be
just asmall additional computational cost. Statements Simi-
lar to the above may be made regarding Radial Basis Func-
tion NNs [24]. In this case, the basis is a set of elements
with Gaussian activation functions. The “placement” of the
RBF nodes (in state space) is often chosen to be coincident
with the training exemplars. The choice of whether to use
Sigmoid or Gaussian activations is usualy informed by
other problem-dependent considerations.

Still, there is reason for caution with single-layer type
networks. While information theoretic work such as that in
[3] provides support for such basis networks (e.g., Func-
tional Link networks [13], and the particular variety found
in [16]), they nevertheless also indicate certain situationsin
which there would be unreasonable computational cost
associated with learning complex and large multivariate
mappings. In certain unfortunate circumstances, the number
of hidden elements required may grow exponentially [16].
In contrast, if the input layer of weights is also adapted, as
in the MLP, then the number of hidden elements may be
more manageable. This comes at the cost of not having rea-
sonable bounds or assurances of convergence.
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5.2 Computational | ssues of Convergence.

Consideration of convergence have become important in
recent theoretical and simulation work for Adaptive Critic
applications, such as in the areas of dead-zone compensa-
tion and tracking [16], and aircraft control [9]. The
improved computational characteristics in the aforemen-
tioned functional link networksand agebraically initialized
neural networks offer promise for placing bounds on the
number of iterations required to converge.

The key computational load for a ‘single-layer’ NN
structure such as described in the previous Section, is deter-
mined by the number of multiply/adds from the inputs to
the hidden layer elements. For the sigmoid and Gaussian
calculations, standard practice is to use table look up. While
the single-layer option normally entails more computations
during regular (on-line) operation, with the high computing
power now available, the extra computational overhead
during on-line operation will likely be manageable, and
worthwhile for gaining the improved speed of this conver-
gence during the re-design phase of operation. The indi-
cated computational overhead may aso be mitigated by
taking advantage of optimized linear-algebra software
libraries, dedicated hardware (like digital signa processing
chips), and/or parallel processing implementations.

Thus, the following trade-off considerations are in order:

i.)The number of computations to make a forward pass
through the NN during on-line operation.

ii) The total number of computations required to accom-
plish an acceptable level of re-design.

So long as the computations in i) may be accomplished
within the time constraints of the operational system, then
prime consideration should be giventoii). Intherest of this
paper, we give this item priority due to the obvious need to
accomplish re-design as fast as possible, especialy just
after asignificant changein plant dynamics.

5.3 Conver gence of thetwo-loop Adaptive Critic process.

Convergence of the two-loop Adaptive Critic process is
separate from the convergence issue described in Section
5.1. This process entails the Critic (Box #6) converging to a
good estimate of the (true) J function corresponding to an
optimal controller for the given plant, and the Shadow Con-
troller (Box #5) converging to this optimal controller
design. Since the designs of both boxes start with little or
no 'knowledge' of the ultimate answer, a “bootstrapping”
operation takes place wherein the estimate implemented in
each box, respectively, of the J function and the correspond-
ing optimal controller, are successively improved in an iter-
ative manner. (Sometimes the term 'stability’ is used in
characterizing the two-loop DHP process, e.g., see [15]. In
the context of this article we reserve the term 'stability’ for
characterizing the dynamics of the closed loop system com-
prising Boxes#1 and #2.) Obtaining bounds on estimates of
the number of iterations required for convergence in the



Adaptive Critic processesis still problematic. To date, there
exist proofs of convergence to a stabilizing controller only
for the DHP and the ADHDP members of the AC family
mentioned in Section 2. But, even in these cases, the stabil-
ity results are limited to the linear quadratic case; and in the
case of DHP, a modified training technique is required.
Additional work in [16] is promising, and empirical results
to date provide optimism for adequately fast convergence
(depending on the context, of course).

6. Verify Stability & Upload New Controller Design

In the context of systems where (unrecoverable) instabili-
ties could be life threatening or very expensive, it would not
be acceptable to upload the shadow controller design into
the closed loop system until the stabilizing properties of the
new design are assessed. In the DHP process, while it may
be true that the “converged” controller would be a stabiliz-
ing one (indeed, that it would be an approximately optimal
controller), there is no ready-made assurance that each
incremental design of the Controller NN is stabilizing. Asa
result, two operational modes are here defined: 1) con-
verged operation, where analytical proofs of stability can be
invoked, and 2) high-speed simulation operation where,
because of time constraints, we must consider using inter-
mediate candidate designs which meet weaker numerical
conditions for stability verification (see Figure 4).
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Figure 4. Components for the Verify Stability & Upload
New Controller Design Processes

6.1 Converged Operation and Analytical Stability.
Result from [26], indicate that when we alow the DHP
process to converge, the resulting controller is Lyaponov
stable. A suggestion in [12] is“...(to) combine the training
with the stability proof in order to obtain a controller that is
provably stable.” Recent work reported in [14] demon-
strates this approach, where IQC nonlinear stability analy-
sis is combined with Q-Learning (a different AC method),
yielding rather strong assurances of stability. Returning to
DHP, during nominal (and a variety of off-nominal) opera
tion of a plant, where plant dynamics are not changing rap-
idly, experience suggests there exists ample time for the
DHP process to converge. As a result, little additional test-
ing is needed to transfer the candidate controller design
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from the shadow to the online controller. This is the ideal
situation desired to comprise the majority of operation for
this real-time adaptive control framework.

6.2 High Speed (Faster than Real Time) Simulation
Operation for Controller Re-Design and Stability
Verification.

In certain situations, there may not be ample time to
allow the DHP process to converge, so consideration must
be given to using interim controller designs. In such cases,
it will become necessary to test the closed loop response of
each interim shadow controller design prior to convergence
of the two-loop DHP process. This testing can be accom-
plished in a faster-than-rea-time simulation of the closed
loop system with the latest version of the ID model.

A variety of methods are possible. A method currently
explored calculates the eigen values of the closed-loop sys-
tem at the current operating point in state space, and then
calculates stability margins. When there is confidence that
the design is stabilizing, then it can be upload into Box 1.
Unfortunately thereis still some question about how strong,
and over how much of state space, such a stability test
might be. Still, this type of stability verification can be done
in atimely fashion with modern computation capabilities.
7. Discussion

While the purpose of this paper isto present an optimistic
view of the potential of on-line Adaptive Critic based con-
troller design, it would be irresponsible to ignore some of
the possible limitations to this approach. Since this frame-
work relies most centrally on a high-quality plant model, it
is particularly vulnerable to problems of inadequate infor-
mation content in the system identification step. As men-
tioned in the context of flight control above, sampling of
the system states during steady-state operation may not ade-
quately characterize the full dynamic range of the plant. It's
also likely that state information from sensors may be
highly unreliable during system failures, leaving the system
identification process without good data at exactly the times
when it needs them the most. While there may be ways to
address this problem in many cases, it could present a fun-
damental limitation to the application of model-based
Adaptive Criticsto similar control problems.

Thefidelity of theID Model isimportant (indeed critical)
for most of the model-dependent AC method. However, for
the DHP method, there is empirical evidence that even
rather poor predictive plant models, so long as they give
derivatives of correct sign, are adequate for convergence
[31]. Since for the proposed framework, an accurate predic-
tive model of the plant plays a crucial role in the stability
testing of candidate controllers, when the Plant ID model is
known to satisfy only the above derivative condition, the
Converged Operation mode would be in order. System ID
methods like those of [21] show potentia in that they pro-
vide confidence intervals which may in turn be used to



bound the results of any subsequent stability analysis, but it
remains an empirical question whether such methods can be
used reliably in on-line stability analysis.

The problem of scalahility is aso one that may constrain
application of the approach presented here, as it has for
many neural network applications. In the context of control
applications, the number of inputs and outputs tends to be
limited, and as mentioned above, neural network structures
can be chosen specifically to limit the computational costs
associated with large numbers of hidden nodes. However,
there may still be issues with more complex problems. One
approach, both for addressing the scaling issue and for
reducing the computational load in general, is to apply
methods that decompose or partition tasks in the problem
domain (e.g., [34]). The beneficia consequence of such an
approach in control applications would be that real-time
computations would have to be performed only for those
parts of the NN currently relevant to the task at hand.

8. Conclusions

The exponential increase in computing power realized in
recent years now makes possible approaches to AC based
control which would have been unthinkable not long ago.
At the center of this processis on-line system identification
with time constants short enough to be effective even in
time critical situations. Recent work suggests that high
speed plant identification can be done, and istherefore con-
strained not by computing issues, but by the dynamics of
the plant itself. Given the ability to develop a plant model
quickly, the problem of reconfigurable control becomes one
of converging and/or testing a suitable controller. As
explained above, thereis reason to believe that with careful
choice of NN architectures, on-line controller re-design and
application of stability testing can be accomplished at
speeds that would allow on-line application of the method.
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