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1 Introduct ion  
An especially important field of today's research in Machine Learning is the 
control of complicated dynamical processes in environment and technology which 
cannot (or only partly) be modelled mathematically. Seen from the cognitive 
point of view there are close similarities to the problem of skill acquisition. 

A series of learning methods for generating control trajectories - in the state 
space of a process - for real time applications have been investigated in AI and 
Neural Information Technology in recent years (e.g. BOXES [3, 5], CART [2], 
ASE/ACE [1]). In general, these approaches have disadvantages in real time 
applications and their complexity may increase dramatically if more than two 
different control actions are to be applied. Furthermore an apriori splitting of 
the state space is needed for some of them. 

This article outlines an approach for generating a series of optimal control 
actions by combining learning with simple problem solving methods, which has a 
suitable real time behaviour and can handle a larger number of different discrete 
control actions. 

2 Control  of  d ynamic  processes  based on classif ication learning 
( l e a r n i n g  control)  
This approach tackles the splitting problem of the state space into boxes as a 
task of classification learning. As class an optimal control action will be attached 
to points in the state space assuming a set of discrete ones to be available. 
Generally, the approach proposed in this paper consists of the following steps: 
(a) generation of a training data set: the optimal control action is not determined 
by an expert [8] but by a problem solver using an empirical evaluation function 
for process states having its extremum at the target (goal) area; (b) splitting 
the state space automatically into subareas with unique control actions attached 
by learning: this way one obtains a classifier which is able to assign an optimal 
control action to any point of the state space in extremely short execution time 
(the steps (a) and (b) can be carried out off-line, where time is not critical); (c) 
automatic generation of control trajectories in real time by applying the classifier 
reeursively (see also [8, 4]). 

As an example control problem the roll axis stabilization (as reaction to dis- 
turbances) of a communication satellite in orbit with respect to its position to 
the earth axis was taken. Here the real control process was substituted by an 
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appropriate simulator developed by MBB Munich within the ESPRIT- project 
Statlog [9] (see also [4]). The position manoeuvres are carried out by thruster 
torques delivering a set of discrete control actions the application of which con- 
sumes fuel. Therefore the control task is to hold the satellite axis in a certain 
small target interval of its atti tude angle consuming as little fuel as possible (i.e. 
performing a small number of small control actions). The state space of the pro- 
cess is defined by the att i tude angle r of the satellite and its rate r The target 
area of control is some region around r = 0 and r = 0 (some maximal value of [r 
is given which must not be exceeded). There are additional variables ql, q2, ql, q2 
describing oscillations of the two solar generators of the satellite which influence 
the process states especially the rate r They are treated as "hidden parame- 
ters" and their influence could be considered as noise or taken into account by 
including a history of preceding states in the definition of current state. 

As a training set a set of n points mj E M , j  = 1,2, . . . ,n,  mj = (r in 
the two dimensional state space, was selected at random and to each. of them an 
"optimal" control action fjovt assigned. This action was chosen automatically 
from a given (finite) set of executable control actions Pf = {fl ,  f2, ..., fq} by an 
empiric evaluation function F : X ----+/~, which maps the state space X into 
the set of real numbers. The applied control actions f~ produce for each point 
mj a set My of temporary successor points 

m-~,i = g (mj ,  f i ) ,  -mi,i e M j ,  i = (1,2, ..., q). (1) 

M---j is computed by the simulator, and must be found by experimentation with 
the process if no model is available. The optimal control action fov~ for point 
mj is that  fi  for which the evaluation function at the next state generated by 
applying this action becomes a minimum: 

F(-~jopt) -- rain F(-~j,i) = min F ( g ( m i ,  f i))  = F ( g ( m i ,  fjord)) (2) 
ie{1 ..... q} i~{1 ..... q} 

By carrying out this procedure for all mj E M a learning data set M ~ = 
{ m j ,  fjov*}, J = 1, 2, .., n is formed. This is gradient descent, known to give 
a local optimal solution in general but a global optimal solution, too, in the 
case of a convex evaluation function having exactly one extremal point (greedy 
behaviour). 
For the current process a convex F can be chosen. The simplest is 

F(r  r f )  = r + t~4 2 + r I f [, (3) 

the sum of a weighted (squared) Euclidean distance from the origin and a 
weighted penalty function. ] f [ stands for the value of the control torque and is 
proportional to the amount of fuel consumption. The weights g and s were opti- 
mized due to some criteria for achieving a good control performance (i.e. small 
amount of fuel consumption and some desirable properties of control curves). 
A satisfying parameter combination found after systematic experimentation is 
g = 10-2,r = 8.10 -1~ These parameter values were also confirmed by theo- 
retical considerations using a simple process model based on the equations of 
motion for r and r 
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Fig.1. State space split into three subar- 
eas o f  different control actions, fl = 20Nm, 
f2 = ONm, fs = -2ONto 
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Fig.2. Plot over time of satellite's be- 
haviour. 5 control torques (+ 5, -4- 2.5, 
0 Nm) used. Tex is the sum of distur- 
bance and control torque 

Figure 1 is the graphical representation of the state space after assigning 
an optimal control action to each point assuming three different control actions 
available 1. The state space contains three homogeneous subareas due to different 
optimal control actions. Two different evaluation functions (s = 0, s = 8.10 - l~  
are presented to demonstrate the effect of the penalty function. To the con- 
structed training set the classification algorithms CAL5 and DIPOL [3, 6, 7] were 
applied to develop optimal decision functions. There were no significant differ- 
ences in control performance. Of course other methods of classification learning 
can be applied, too. A learned classification function r now delivers an optimal 
control trajectory from any state s into the set of target states Sgoal by means 
of the recursiou equation gJ(s) = i f  s E Sgoal then s else ~(r where r 
is the output (optimal control action) of the classifier r for input state s and 
Cs(s) the result of appplication of Cs to s (the next state). 

The classifiers developed by CAL5 and DIPOL were built into the simulator 
instead of the original PD-controller and the simulation results were compared 
with those of the original controller. 

3 Resu l t s  
An example of simulated satellite's behaviour is shown in figure 2. The applied 
disturbance was 0.05 Nm per 50 sec. The system is stabilisized by a decision 
tree controller developed by CAL5 immediately after the disturbance has dis- 
appeared. The main results of a number of experiments (varying the type of 
F and the generalization level of the classifiers) are: 1) The above introduced 
control method using learned classifications of process states by optimal control 

1 Note that applying a "control action" f = ONto (i.e. doing nothing) corresponds 
to leaving the system move according to its inherent dynamics governed by the 
equations of motion. 
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actions shows better  results in most cases than an appropriate "classical" PD 
-controller (better stabilization, smaller number of control actions, i.e. less fuel 
consumption). Experiments in which a state history of length 4 was included 
in the definition of a state and performed to take into account the influences of 
"hidden parameters" (oscillations of solar arrays) resulted in even better con- 
trol performance of the classifier. Errors of the classifiers lead to some amount  
of suboptimali ty as it is expected. 2) The parameters of the evaluation function 
strongly influence the fuel consumption and the control performance. At present, 
experiments for optimization (learning) of these parameters are performed in our 
lab. 3) The more control actions in the range from +20Nm to -20Nm were used 
the better  the control performance became. 4) In the case of more complicated 
processes having "forbidden regions" in the state space the definition of a con- 
vex evaluation function is no longer possible and more general problem solving 
methods have to be applied. This will be a topic of future research. 
Acknowledgements: Thanks are due to C. Bruehe for carrying out the experi- 
ments. 
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