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Abstract

This paper presents a method for real-time switch-
ing among a pool of controllers to achieve desired
performance. The algorithm uses a set of neu-
ral networks to evaluate the future performance of
each controller to make the selection. Results are
shown in simulation cases. Theoretical issues are
discussed and future lines of research are stated.

1 Introduction

This paper concerns the problem of scheduling a
collection of controllers to optimize performance.
It is related then to gain scheduling techniques and
the recently proposed supervisory control for fami-
lies of controllers [7]. This paper extends previous
work on using neural networks to learn stability
regions for nonlinear systems [4] by incorporating
performance measures and also implementing the
multi-controller scheduling using the neural net-
work monitors.

There are several motivations for this research on
the use of neural networks for controller schedul-
ing. Neural networks are very good and robust
non-linear function approximators which allow us
to attack real-world problems that are essentially
non-linear. The ability to adapt to system changes
is also important for on-line applications. Con-
troller scheduling, mainly gain scheduling, has
been used successfully for many years in practice,
but the way it has been designed and applied has
been almost always empirical. Neural networks of-
fer the possibility to automate some of these em-
pirical procedures. A �nal motivation comes from
the possible application of the proposed scheme

to a fault-tolerant system called simplex, being
developed at the Software Engineering Institute
at Carnegie Mellon University [13]. simplex op-
erates within a real-time multitasking operating
system to help control a complex process using a
set of controllers. All of the controllers run con-
currently as separate tasks, and simplex monitors
the performance of the controllers and the plant to
determine which controller should actually send
control inputs to the plant. This monitor activity
implies security and guaranteed baseline perfor-
mance, provided the switching rules are correct.

The remainder of the paper is organized as fol-
lows. The general problem is formulated in sec-
tion 2. The proposed neural network architecture
and training techniques are described in section
3. Section 4 presents preliminary results for the
application of the proposed switching scheme to
the inverted pendulum demonstration problem for
the simplex architecture. The concluding section
summarizes the results of this paper and our fu-
ture research plans.

2 Problem Formulation

Consider a state-constrained and control-
constrained nonlinear system with state equations

_x = f(x;u) (1)

x 2 S

where x 2 Rn is the state vector and u 2 Rm the
control input vector. The nonlinear function f is
assumed continuous and smooth. We also assume
that the state x is observable. The control signal
u to be applied on the system can be generated by



M di�erent state feedback controllers of the form:

ui = gi(x); i = 1; 2; : : : ;M: (2)

The goal of the controllers is to take the system to
the origin.

In this paper we are interested in designing a strat-
egy to select which controller should be applied to
the system at each sampling instant in order to
achieve optimal performance in some sense (de-
�ned below).

Previous research on this problem includes the
work by Morse [7] [8] on families of linear con-
trollers and Balakrishnan and Narendra [2] on
adaptive controllers. The use of neural networks
in some of these architectures is also assessed in
[1], but using them as system model estimators
rather than for controller scheduling.

Let us denote xi(t; to;xo) as the trajectory of the
system (1) with the initial state xo at time to re-
sulting from the application of the state feedback
control ui: We consider performance indices for
the controllers of the form

Ji(xo) =
1X
k=0

�kU(xi(kT; 0;xo)); (3)

where i = 1; : : : ;M; � < 1 is a discount factor and
T is the sampling period. U(:) represents the cost
function for a particular state.

The proposed approach for selecting the controller
at each sampling instant is illustrated in �gure 1.
A neural network is used to estimate the perfor-
mance index evaluated at the current state and
the controller corresponding to the lowest valued
estimate is applied during the next sampling pe-
riod. Hence, the problem is to construct the neu-
ral network estimator for each of the performance
indices.

3 Neural Network approach

In this section we describe a neural network ar-
chitecture and training techniques to estimate an
index of performance for a given controller. The
proposed approach is based on a modi�cation of a
dynamic programming procedure. Dynamic pro-
gramming has a long history, but its application

to real-world problems has been di�cult due to
the well-known \curse of dimensionality". The in-
troduction of neural networks as approximators in
the so-called neuro-dynamic programming [3] has
revived the �eld and some applications have been
developed (see e.g., [10]).

The ability of neural networks to classify infor-
mation and to approximate functions to a speci�c
degree of accuracy is well known. The network
architecture and the training methods to be used
must be selected with good engineering judgment,
and research continues to provide new insights for
making these decisions. The selection of the net-
work size and training data is also crucial. Recent
results by Rao et al. [11] state a bound on the
number of samples needed to get speci�c proba-
bility of error in the approximation depending on
the smoothness of the function and the learning
parameters for feedforward networks. In the fol-
lowing we describe the network architecture and
training methods we have chosen, and give some
justi�cations for these decisions.

3.1 Neural network architecture

A multilayer feedforward network was selected for
its capacity as an universal approximator with a
size that is small relative to the size of the data set
[12]. Even though one hidden layer is su�cient to
achieve accurate approximations, the use of two
hidden layers plus a linear input-output compo-
nent gives more robust results, albeit at the cost
of longer training [6].

Figure 2 shows the architecture chosen. The rela-
tionship between inputs and outputs for this type
of network is given by:

y = bo +Wox+W3 g(W2 g(W1x+ b1) + b2);

whereWi;bi are the weight matrices and threshold
vectors, respectively. The nonlinear function g(:)
for the network hidden units is the hyperbolic tan-
gent function. The output units are linear. The
approximation is then a summation involving lin-
ear and nonlinear functions.

3.2 Training procedure

Neuro-dynamic programming requires a di�erent
type of learning procedure. The neural network
is used to estimate the future performance of the
closed loop system as expressed by (3).
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Figure 1: Controller switching scheme used.
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Figure 2: Neural network architecture used.

A Heuristic Dynamic Programming (HDP) algo-
rithm is used [14]. If we denote by Ĵi(xk) the net-
work estimate of the future performance for the ith

controller at state xk; the learning procedure com-
putes the desired value of the future performance
at xk as

J�i (xk) = U(xk) + �Ĵi(xk+1) (4)

The discount factor � is chosen small enough to
guarantee convergence of the in�nite sum (3). The
next step is to choose the network parameters to
minimize the square of the error

�k = J�i (xk)� Ĵi(xk;p)

where the parameter vector p is the set of network
coe�cients. Figure 3 shows the learning scheme.

The pointwise cost function used is a standard
quadratic form:

U(x) = xT P x; P > 0

Figure 3: HDP learning scheme.

Therefore, for each trajectory the input-output
patterns for the network can be computed and su-
pervised learning can be applied. Additional su-
pervised training may be performed with represen-
tative patterns to improve the quality of learning
[9].

4 The inverted pendulum

As a example of the method explained above we
consider the well known inverted pendulum (IP).
We use a physical IP that has served as a standard
laboratory example for the simplex architecture
described in the introduction. Here, we present re-
sults of the neural network estimation of the per-
formance index for three di�erent controllers based
on data from a simulation model using HDP.

The IP model equations used are:

Jt�x+
1

2
ml cos� ��+Br _x�

1

2
ml sin� _�2 = F

1

2
mcos� �x+

1

3
ml���

1

2
mg sin� = 0

with the following constraints:

jF j � Fmax

jxj � xmax

j _xj � vmax

where � is the angle of the pendulum, x is the
position of the pendulum base, m is the e�ective
mass at the end of the pendulum, l is the pen-
dulum length, Jt is the inertia of the base, Br is
the friction coe�cient for the base, and g is the
gravitational acceleration.



The parameters take the values:

Jt 0:6650 Kg
m 0:21 Kg
l 0:61 m
Br 0:1 Kg=s

g 9:8 m=s2

Fmax 2 N
xmax 2:0 m
vmax 3:0 m=s

The main idea is to show how the neural net-
work performs the scheduling. Towards this end,
three controllers were design to achieve stabiliza-
tion of the pendulum around the origin, each one
designed to work di�erently and in such a way that
from the combination of the controllers we expect
to get better performance than just by the appli-
cation of any one of them.

The �rst control algorithm applied is a standard
LQR controller for the linearized model of the IP
around the origin. The matrices Q and R selected
are:

R = 1; Q =

2
664

10 0 0 0
0 1 0 0
0 0 50 0
0 0 0 1

3
775

The feedback control law obtained is then

u = Kx;

K = [10:0 12:60 48:33 9:09]

x = [x _x � _�]T

The LQR controller does not have a very large do-
main of stability since it is based on a linearization
of the dynamics. Therefore, a sliding mode (SM)
controller is designed to bring � to zero as fast
as possible using a nonlinear switching rule and
saturating control. The sliding surface is simply
de�ned as

s(t) =

�
d

dt
+ �

�
�

Furthermore, to avoid chattering the saturation
function of bandwidth � is used instead of a sign
function. The SM controller takes the form

u = û(x; �) + sat

�
s(t)

�

�

where û is the nominal control action that satis�es
the equation _s(t) = 0 and

� = 5; � = 0:1;  = 20

The SM controller is designed to bring the pendu-
lum angle to zero, however, it may do so with a
nonzero terminal base speed. Therefore, a third
controller is designed to bring the base to rest, al-
though not necessarily at x = 0: This controller is
just another LQR feedback controller but with the
gain for the base position set to zero, so we call it
the velocity feedback (VF) controller. The control
law is given by

u = Kx; K = [0 30:92 87:63 20:40]

Given the three controllers described above, three
neural networks were trained to approximate the
cost-to-go function of each controller. Training
was performed o�-line in each case using 5000 ran-
dom trajectories, and then continued on-line dur-
ing the simulated control experiments using HDP.
The discount factor � and the cost matrix P cho-
sen were

� = 0:5; P =

2
664

1 0 0 0
0 1 0 0
0 0 5 0
0 0 0 1

3
775

Multilayer feedforward networks were used to-
gether with conjugate gradient optimization meth-
ods.

Figures 4, 5 and 6 show slices of the approximated
performance measure in a 3D plot for each of the
controllers with the angle rate and base position
set to zero. Note that these relative index mea-
sures are intuitive in their shapes for each con-
troller, and the relative values are also intuitive
in that the SM controller obtains a better perfor-
mance for larger values of �; but is not as good as
the LQR controller for smaller angles.

The initial condition used in the trajectory simula-
tion is � = 0:5: All other state variables equal zero
initially. As shown in �gure 7, for this initial state:
the LQR controller cannot stabilize the system; if
the SM controller is applied alone, the angle goes
to zero, but the �nal base speed is nonzero; and
the VF controller will not drive the base position
to zero, even if it can stabilize the pendulum and
bring the base to rest. Figure 8 shows the po-
sition trajectory from the same initial condition
along with the corresponding switches between
controllers. Noise was added to the state measure-
ments in the simulation, leading to the chattering



observed in the controller selection. Note that
the controller scheduling obtains an asymptoti-
cally stable performance for a situation in which
none of the controllers is acceptable by itself.
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Figure 4: Cut of the neural network estimation
for the performance of the LQR controller
(LQR).
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Figure 5: Cut of the neural network estimation for
the performance of the sliding controller
(SM).

5 Discussion

A technique is developed to perform controller
scheduling. Using a multilayer feedforward neu-
ral network and neuro-dynamic programming to
estimate a performance index for each controller.
Further work involves the inclusion of the stability
regions into the performance characterization [4].
The algorithm must look also at a smooth transi-
tion in control actions. We are also investigating
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Figure 6: Cut of the neural network estimation for
the performance of the velocity feedback
controller (VF).
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Figure 7: Arbitrary trajectory showing the system
being controlled by each designed con-
troller by itself.
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Figure 8: Arbitrary trajectory showing the sys-
tem behavior under the control switching
scheme.



the use of better features as inputs to the network
to speed up the learning and have more robust
results. Finally, there are several theoretical is-
sues currently under investigation. Recent work
by Malmborg et al. [5] establishes a scheduling
technique and proves stability for a family of state
feedback controllers based on a Lyapunov analysis.
We are working on proofs of convergence for the
neuro-estimation learning algorithms and stability
of the closed-loop system with controller schedul-
ing.
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