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Abstract

F

- Method for computer-assisted learning of control and/or regu-

lation of a technical system.

The invention relates to a method for computer-assisted learn-

ing of control and/or regulation of a technical system, opera-

tion of the technical system being characterized by states

which the technical system can adopt during operation, and ac-
tions which are executed during operation of the technical
system and transform a respectlive state of the technical sys-
tem into a follow-on state. In the inventive method the gsta-
tistical uncertainty of the training data used during learning
is suitably taken into account when learning control of the
technical system. This takes’plade as a result of the fact

pi—

that the statistical uncertainty of a quality function, which

models an optimal operation of the technical system, 1s deter-

mined by means of an uncertainty propagation and 1s 1ncorpo-
rated during learning of an action-selecting rule. The inven-
tive method 1s characterized .in that the uncertainty propaga-
tion uses a covariance matrix in which non-diagonal elements
are 1lgnored. This approximation'makes the method very computa-

tionally efficient and requires little memory space for 1its

execution. Despite the approximation the method still delivers

very good results when determining a sultable action-selecting
rule. The inventive method cén be used for learning control or
regulation of any desired technical systems. In a variant the

method is used for control or regulation of the operation of a

turbine, in particular a gas turbine. In another variant the

method is used for regulation or control of a wind power

plant.

Figure 1
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Description

Method for the computer-assisted learning of control and/oxr

regulation of a technical system

The invention relates to a method for computer-assisted learn-
ing of control and/or regulation of a technical system and to
a corresponding method for operating a technical system and to

a computer program product.

Various methods are known from the prior art with which, on
the basis of previously determined training data representing
operation of a technical system, optimal operation of this
system may be modeled. The technical system 1s described by
states, actions and follow-on states, the states being certain
technical parameters or observed status variables of the tech-
nical system, and the actions representing corresponding ma-
nipulated variables, which can be varied in the technical sys-
tem. Generally, reinforcement learning processes (Reinforce-
ment Learning) are known from the prior art which, for a tech-
nical system based on training data, learn an optimal action-
selecting rule according to an dptimality criterion. The known
methods have the drawback that they do not provide any state-
ments with regard to the statistical uncertailnty of a learned
action-selecting rule. Such uncertainties are very high in the

case of a small quantity of training data in particular.

Document [1] describes a method which takes account of the
statistical uncertainty of a guality function used to learn an
action-selecting rule. A learning method for determining an
action-selecting rule is combined with a statistical uncer-
tainty, wherein, based on uncertainty propagation known per

se, which is also called Gaussian error propagation, a measure
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of the statistical uncertainty of a quality function taken

into account during learning is determined. The uncertainty
propagation takes account of correlations between uncertain-
ties in the variables that enter into the learning method by
means of a covariance matrix. The uncertainty in the variables
1s therefore exactly propagated and calculated, and this leads
to a very high computatioﬁal effort and memory space require-
ment in the case of computer-assisted learning of appropriate

control of a technical system.

The object of the invention 1s therefore to create a method
for learning control and/or regulation of a technical system

which takes account of the statistical uncertainty of the

training data used during learning and 1is simﬁltaneously effi-

cient in terms of memory space requirement and computing time.

This object is achieved by the independent claims. Develop-

ments of the invention are defined 1n the dependent claims.

In the inventive method control or regulation of a technical
system is learned with the assistance of a computer, operation
of the technical system being characterized by states which
the technical system can adopt during operation, and actions
which are executed during operation of the technical system

and transform a respective state of the technical system into

a follow-on state. In the inventive method, based on training

data, comprising states, actions and follow-on states, de-
tected during operation of the technical system, a quality
function and an action-selecting rule are learned, learning
taking place 1in particular using a reinforcement learning
method. The quality function models optimal operation of the
technical system with respect to criteria specific to the

technical system and, during operation of the technical SysS-



CA 02714619 2010-09-07

2009P14275

tem, the action-selecting rule indicates the action or actions
that should preferably be carried out for a respective state

of the technical system.

In the inventive method a measure of the statistical uncer-
tainty of the quality function is determined during learning
of the quality function and the action-selecting rule by means
of an uncertainty propagation and a modified quality function
1s determined as a function of the measure of the statistical
uncertainty and a safety parameter which corresponds to a sta-
tistical minimum requirement of the quality function. A meas-
ure of the statistical uncertainty 1s in particular taken to
mean a measure of the statistical variance or standard devia-
tion, preferably the statistical variance or standard devia-
tion itself. The action-selecting rule is learned on the basis

of the modified quality function determined therefrom.

In contrast to the method in document [1] the inventive method
is characterized in that the uncertainty propagation uses a
covariance matrix, in which the non-diagonal elements are 1g-
nored, i.e. the non-diagonal elements are set at zero. This is
equivalent to correlations between the variables taken into
account during uncertainty propagation being ignored. The un-
certainty i1is therefore no longer propagated and calculated ex-
actly, instead only an approximation is carried out. Despite
this approximation the inventive method still provides good
results in the form of an action-selecting rule that is opti-
mum 1n terms of safety and which maximizes the performance of
the technical system by taking account of the statistical un-
certainty. Compared with the method in document [1l] the method
has the significant advantage that the computing time and the
required working memory are significantly shorter/smaller as

1t 1s now only necessary to determine the diagonal elements of



CA 02714619 2010-09-07

2009P14275

the covariance matrix. In particular computing time and work-
ing memory requirement are of the same order of magnitude as
conventional reinforcement learning methods that do not take

account of statistical uncertainty.

In a preferred variant of the inventive method the gquality
function and action-selecting rule are learned by taking ac-
count of evaluations and state-action probabilities. A respec-
tive evaluation evaluates the guality of a combination of
state, action executed in the state and follow-on state with
respect to optimal operation of the technical system and is
often also called a reward. A state-action probability indi-
cates the probability of a follow-on state as a function of a
state and the action executed in the state. If evaluations are
taken into account during learning, such evaluations are in-
cluded in den training data or a function exists which outputs

a corresponding evaluation as a function of state, action and

follow-on state.

In a particularly preferred embodiment the quality function
and the action-selecting rule are learned on the basis of

Bellman iteration which is known per se. A new quality func-

tion and a new measure of the statistical uncertainty of the
quality function, and hereby a new modified quality function,
are determined in each iteration step, the covariance matrix
being determined as a function of the guality function, the
state-action probabilities and the evaluations in a respective
iteration step to determine the new measure of the statistical
uncertainty by ignoring the non-diagonal elements. Therefore
only variances enter into the uncertainty propagation. This
means the covarliance matrix is approximated to the extent that
correlations between the statistical uncertainty of the qual-

ity function, the statistical uncertainty of the evaluations
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and the statistical uncertainty of the state-action probabili-

ties are ignored.

In a particularly preferred embodiment the action-selecting

rule 1s determined in the m-th iteration step of Bellman it-

eration on the basis of the following action a :

Vs:a,,, =argmax[Q"(s,a) ~£oQ" (s,a)]

where

Q'”(s,a):ZP(S"s,a)[R(s,a,s')+7V"'"'(s')] is the guality function and
Q" (s,a)—¢00"(s,a) is the modified quality funct'ion;.

oQ"(s,a) is the measure (oQ) of the statistical uncertainty of

the quality function (Q) in the m-th iteration step, where

(007 (.a)) = 3 (Do Flov " () +
ZS; (D )2(010(5”]5,@))2 "

; (DQR )2(0'R(s,a,s'))2,
(DQQ ): YP(S"S"’)
(DQP )= R(s,a,s')+ }/V’"‘](s'),
(DQR ): P(s"s,a)

ye€l0,]] is a discount factor:;

¢ 1s the safety parameter;
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/™ (s) = max[Q" (5, @)~ £0Q" (s,4)] ;

(@V7(5))" =(0Q(5,0, nee))* applies;

P(s’|s,a) is the state-action probability for the follow-on

state s’ when executing the action a in state s;

R(s,a,s’) 1s the evaluation of the follow-on state s’ when

executing the action a in state s;

cP(s’|s,a) 1s the statistical uncertainty of the state-action

probabilities;
oR(s,a,s’) is the statistical uncertainty of the evaluations.

In a further, particularly preferred embodiment of the inven-
tive method the state-action probabilities are modeled as a
state-action probability distribution and/or the evaluations
are modeled as an evaluation probability distribution. The
state-action probability distribution or the evaluation-
probability distribution is preferably used in the above
method, wherein the statistical uncertainties of the state-
action probabilities or evaluations are incorporated, to de-

termine these statistical uncertainties.

In a further variant of the inventive method the state-action
probability distribution and/or the evaluation probability
distribution are modeled as relative frequencies from the
training data, the state-action probability distribution in
particular being modeled as a multinomial distribution and/or
the evaluation probability distribution in particular being

modeled as a normal distribution.
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In a further, particularly preferred embodiment of the inven-
tive method the state-action probability distribution is mod-
eled on the basis of a Bayesian estimate with an a-priori dis-
tribution and a-posteriorl parameters, the a-posteriori pa-
rameters depending on the training data. This Bayesian model-

ing has the advantage that the uncertainties of the estimators

are more easlly accessible. A Dirichlet distribution is pref-
erably used as the a-priori distributilon, or optionally also a
normal distribution. When using the Dirichlet distribution,
the parameters thereof are selected in such a way in a par-
 ticular1y preferred variant that each parameter matches the
quotient from the average number of follow-on states and the
total number of states according to the training data. A real-

lstic action-selecting rule 1s therefore learned in particular

for the case of few observations as well.

The action-selecting rule learned in the inventive method can
be both deterministic and stochastic. A deterministic action-
selecting rule indicates a fixed action for a state of the
technical system. By contrast, a stochastic action-selecting
rule indicates a probability distribution for the executable
actions for a state of the technical system. If a determinis-

tic action-selecting rule # is used the action-selecting rule

ﬂm&) in the m-th 1teration step of the above-described Bellman

iteration is preferably as follows:
7" (s) =argmax Q" (s,a) - $oQ" (s,q)

where ﬂmﬁﬂ 18 the selected action.



CA 02714619 2010-09-07

2009P14275

In a further, particularly preferred embodiment the stochastic
action-selecting rule is configured in such a way that a prob-
ability distribution 1s determined in each iteration step of
the above-described Bellman iteration as a new probability
distribution for the executable actions, which probability
distribution modifies the probability distribution of the last
iteration step in such a way that a higher probability is al-
located to the action, which maximizes the value of the modi-

fied quality function.

The 1nventive method can be used for any desired technical
systems. In a particularly preferred variant the method is
uéed for learning control or regulation of a turbine, in par-
ticular a gas turbine. The states of the gas turbine are, for
example, the quantity of supplied fuel and/or the humming of
the turbine. Actions in this connection are, for example, the
change i1in supplied quantity of fuel or a change in the set-

tings of the blades of the turbine.

In a further variant of the inventive method control and/or
regulation of a wind power plant is learned. In this case the
states of the wind power plant can be, for example, the wind
strength, the rotor speed, wear of plant components and the
like. Actions in this connection can be, for example, the ad-
Justment of the setting angle of the individual rotor blades

of the wind power plant.

In addition to the above-described learning method the inven-
tion also comprises a method for operating a technical system,
wherein the technical system is operated on the basis of con-
trol and/or regulation which has been learned using any de-

sired variant of the above-described learning method. The ac-

tion to be executed is selected using the learned action-
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selecting rule in a respective state of the technical system.
With a stochastic action-selecting rule this takes place for
example by way of random selection of the actions according to
the respective probability. In a preferred Variant of this op-
eration the above learning method is repeated at intervals,
the states newly adopted by the technical system and actions

carrlied out being taken into account as training data during

each repetition.

In addition to the above-described method the invention also

relates to a computer program product comprising a program

code stored on a machine-readable medium for carrying out the

inventive method if the program runs on a computer.

Exemplary embodiments of the invention will be described in

detail hereinafter with reference to the accompanying figures,

in which:

Fig. 1 shows a graph which compares the merits obtained ac-
cording to the embodiments of the 1nventlon with the
corresponding merits according to the method in
document [1]; and

Fig. 2 shows a graph which compares the merits obtained

with embodiments of the inventive method with merits
which are obtained with a method that does not take

account of any statistical uncertainty of the qual-

1ty function.

The invention will be described hereinafter using the example
of a technical system which is characterized by a state space
S and an Action space A. The state space constitutes a large

number of discrete or continuous states in the form of parame-
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ters of the technical system which characterize the technical
system during its operation. In the case of a gas turbine
these parameters can be, for example, the quantity of supplied
fuel or the humming of the turbine. The action space identi-
fies the possible actilons that may be carried out on the tech-
nical system, it being possible to change the states of the
technical system using the actions. An action can be the

p—

change in a manipulated variable of the technical system, for

example a change in the position of guide blades of a gas tur-

bine, a change in the fuel supply and the like.

The dynamics of the technical systém in the embodiment de-

scribed here as a Markov decision process are characterized by

a transitions-probability distribution PT:SxAxS—>[O,l] which

depends on the current state of the technical system, the ac-
tion carried out in the current state and the resulting fol-
low-on state of the technical system. In the embodiment of the
inventive method described here an action-selecting rule is
learned on the basis of training data with the assistance of a
compﬁter, an action-selecting rule generally indicating which
action should preferably be executed in a predefined state of
the technical system. The action-selecting rule can be deter-
ministic in this connection, i.e. the rule determines a cer-

taln action. However, it can also be stochastic, 1.e. the ac-

tion-selecting rule indicates a probability distribution of
the actions to be carried out starting from a state. The aim
of the inventive method is learning what 1s known as an ac-
tion-selecting rule, which is optimal in terms of safety,
which is not necessarily optimal with regard to the expected
performance but satisfies a statistical minimum requirement of
the action-selecting rule. Action-selecting rules can there-

fore be learned which do not satisfy the optimality criterion
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of the maximum expected performance but maximize a guaranteed

performance.

The variant of the invention described here builds on the
method according to document [1l] with the inventive method be-
ing significantly more computationally efficient as correla-
tions between uncertainties of variables determining the ac-
tion-selecting rule are ignored, as is described in more de-

tail further below.

A reinforcement learning method according to the prior art
will firstly be described hereinafter, wherein the action-
selecting rule is learned on the basis of the corresponding
optimality criterion. The optimality criterion 1s represented
by a corresponding evaluation R, the evaluation indicating for

a state the action a to be carried out in this state and the

follow-on state s’, [and] how desirable the action a carried
oﬁt is with regard to optimal operation of the technical sys-
tem. Optimal operation can be determined as desired as a func-
tion of the technical system being considered. Criteria for
such operation are, by way of example, that no states occur
which lead to damage or destruction of the technical system,
or that optimum efficiency is attained during operation of the
technical system. In the case of a gas turbine, the optimal
operation could, for example, be specified by the fact that a

high level of efficiency 1s attained without the turbine hum-

ming.

According to reinforcement learning, an action-selecting rule

7:5 > A is sought which, assuming a Markov decision process

M::(S,A,PT,R) with the state space S, action space A and the

probability distribution f}:szbmS~+ﬂlﬂ, leads to optimal op-

eration of the technical system. In this case each state, the
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action executed in this state and the resulting follow-on
state are evaluated using the reward function R:SxAxS§S>R.
Optimal operation is described by the maximum of what 1s known

as the value function which 1s as follows:

V7 (s)= Z: P(s' S, a)[R(s, a,s')+W" (S')]

This value function is the expected discounted total of future

evaluations, where yel0]] is the discount factor. As a rule

what 1s known as the Q function foga) is used which repre-

sents the expected discounted reward following selection of
action a 1n state s and the subsequent compliance with the ac-

tion-selecting rule z#. The Q function for the optimal action-

selecting rule Q”‘:Q" 1s given by a solution to what is known

as the Bellman optimality equation which is as follows:

O (s,a)=E, [R(S, a,s')+ }/V*(s')] =E. lR(s, a,s')+ fma@x O (s, a')J

E., is the expected value. Starting from Q°, #x'(s)=argmax, 0’ (s,a)

RY

applies for the optimal action-selecting rule, where zn° is a
deterministic action-selecting rule. As already mentioned

above, the action-selecting rule can however also be formed as

a stochastic action-selecting rule nﬁﬁﬂ which provides the

probability for the selection of the action a in state s.

The above Bellman optimality eguation is solved by Bellman it-
eration, which is sufficiently known from the prior art and
will be described in more detail below. In the following T is

defined as the Bellman\operator which 1s as follows for each

arbitrary quality function Q:
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(TQ)s,a)= E,(R(s,a,5')+ ymax,, O(s",a)

In the embodiment of the invention described below the statis-
tical uncertainty 1s also considered, and this results from
the uncertainties in the measurements in the technical system

which are used as training data to determine an action-

selecting rule for the technical system.

These statistical uncertainties lead to an uncertainty in the
Q function being considered and therefore in the learned ac-
tion-selecting rule. The uncertainty that exists in reinforce-
ment learning results from ignorance of the true behavior of
the technical system, i1.e. the true Markov decision process
which forms the basis of the technical system. The more obser-
vations that exist about the technical system 1in the form of
training data, the more information there i1is about the Markov
decision process. The higher the stochasticity, the more un-
certainty remains in relation to the Markov decision process

for a predefined number of observations.

The uncertainty in the measurements based on training data,
1.e. the uncertainty of the transitions from one state to the
next by applying an action and the evaluation associated
therewith, will be propagated in the variant of the invention
described below in the Q function, and, more precisely, by un-
certainty propagation. The principle of uncertainty propaga-
tion, also called Gaussian propagation of uncertainties or
Gausslian error propagation, 1s sufficiently known from the
prior art and is based on a Taylor development of the first
order by the respective estimated point. According to the

method described in document [1l] the uncertainty of the func-
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. m H ‘ .
tion values f(x), where fER —> R and with predefined un-

certainty of the arguments x, is calculated on the basis of

the following covariance calculated:

Cov(f)= Covlf, f)= DCowx)D’

df

In this case &j__zbc denotes the Jacobl matrix of £ accord-
J

ing to 1ts arguments X. Cov(x):Cov(x,x) denotes the covariance

of the arguments x which in turn depends on the uncertainty of

x. The function f then has the symmetrical and positively
definite covariance and uncertainty'(ln{f). The method in docu-

ment [1] has the drawback that the complete covariance matrix
is calculated which in the m-th Bellman iteration step. depends
on the Q function Q" in this iteration step, the transition

probability P and the evaluation'R. This complete calculation

of the covariance matrix in each iteration step 1s laborious

—

and leads to a very high computing time.

According to the invention it has been found that the method

in document [1] can be configured so as to be significantly
more computationally efficient by ignoring the non-diagonal

elements of the covariance matrix, i.e. setting them to zero.

This tallies with the assumption that correlations between the
uncertainties of variables determining the covariance matrix,
i.e. correlations between the Q function Q", the transition
probability P and the evaluation R, can be ignored. Despite
this approximation very good action-selecting rules can still
be learned in this way, as the 1nventors were able to prove

using experiments. The advantage of the inventive methoed lies

in the fact that its computing time 1is many times shorter than
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1in the method of document [1l]. The implementation of the in-
ventive method will be described in detail hereinafter using

an exemplary embodiment.

Analogous to the method i1n document [1l] the uncertainty propa-
gation or Gaussian error prbpagatiqn 1s used to propagate the
uncertainties of the measurements, i.e. the transition prob-
abilities and the evaluations, into the QO function and

therewith into the action-selecting rule. The uncertainty of

function values f(x), where f:R" > R", can be described as

variance as follows on the basis of the approximation that the

covariance matrix contains only diagonal elements:

This approximative consideration of the uncertainty, while ig-
noring correlations between variables, leads in the m-th it-

eration step of Bellman iteration, which 1s given by:
0" (s,a)=Y P(s's,a)[R(s,a,s")+ 7 " (s")]
X

to the following uncertainty in the Q function:
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(JQm (S’a))2 = Z (DQQ )2(':)‘V""“(s'))2 +
ZS; (DQP )Z(O’P(S'|S,,a))2 +
Zs; (DQR )Z(O'R (s,a,s")),

(DQQ ): VP(S'IS"’)’
(D - ): R(s,a,s')+ 7V'""](s'),
(D, )= P(s']s,a)

Qo

In the above equations the general case of a stochastic ac-
tion-selecting rule 7 1s assumed, ﬂ(a]s) providing the prob-

ability of the selection of action a in state s. This notation

can also be used to describe a deterministic action-selecting

rule x,, where ﬂ(a]s)::l applies i1n such a case, if ﬂd(s):a, and

7r(a[s):=0, if n,(s)#a. To assess or evaluate a given action-

selecting rule the above variables V”'(s) and (o*V“”'(s))2 are as

follows for a stochastic action-selecting rule x:

V’"(S) = ;ﬂ(als)Q”’ (S, a),
(O'V’" (s))2 = ;ﬂ(a‘SXO'Qm (s, a))2 "

In contrast the variables for a deterministic action-selecting

rule are as follows:

N
3
~—
1
—"
i
\®
S
A~
A
A~
&%
\y—
N\
y—"

2

(07" (s)) = (00" (n(s).a)f
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With iterative calculation of the action-selecting rule ac-

cording to the above Bellman optimality equation, V or o/ are

as follows for the Q function QO of the optimal action-

selecting rule in the m-th iteration step of Bellman itera-

tion:

4 (S) = max Q(s, a)
(UV’" (S ))2 = (O'Q(S, arg mj,—lx Q(s, az))}Z

According to the invention the above-described uncertainty

propagation is used simultaneously with Bellman iteration, so

O" and oQ" are updated in each iteration step.

Appropriate estimators are used for the transition probabillity
P and the evaluation R with their uncertainties oFf or oR, as

will be described in more detail below. Initially, in the case

of iteration with the Q function (°, a corresponding uncer-
tainty o0’ is begun with, where, for example, 0°=0,00" =0 can

apply.

A fixed value of Q" with corresponding uncertainty oQ" is

achieved if the above-described iteration converges. This 1n-

formation can be used to hereby obtain the followlng Q func-

tion which takes account of a statistical uncertainty:

0.(s,a)=0"(s,a)- 00" (s,a)

This Q function which takes account of uncertainty provides

the expected performance with a guaranteed probability of }%§),

and, more precisely, under the condition that the action a 1is
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executed 1in state s and then the action-selecting rule

n'(s):argmaxa Q*(s,a) 1s followed. It should be noted in this re-
gard that an action-selecting rule based on @O, i.e.
ﬂu(s)zargrnaxa Q:(s,a), does not generally improve the guaranteed
performance as ( only considers the uncertainty in one itera-

tion step. Generally ( does not represent the Q function of

the action-selecting rule z,, and this leads to an inconsis-

tency. To use knowledge about the uncertainty to maximize the
guaranteed performance, the uncertainty has to be considered

in each i1teration step of Bellman iteration when updating the

action-selecting rule.

In the embodiment of the invention described here the optimal

action-selecting rule is therefore not calculated on the basis

of Q'"(s,a) in the m-th Bellman iteration step, but based on the

modified Q function Q”’(s,a)—-.foQ"'(s,a). This means that in the em-

bodiment of the invention described here the action-selecting

rule 1s calculated on the basis of the following equation:
. —_— m m
Vs:ia .. -argmj:le (s,a)-E00™ (s, a)

a, .« + 1nstead of argmax, O(s,a), is therefore used in the follow-

ing iteration steps to determine suitable values for Q™' and

O_Qm—l .

An action-selecting rule is therefore obtained which is opti-

mal in relation to a confidence value dependent on the parame-

ter ¢, i.e. an action-selecting rule is obtained whose minimal

performance is guaranteed as a function of a predefined prob-
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ability. By maximizing the guaranteed performance Zixa), an

action-selecting rule 7 is therefore formally obtained in such

a way that the following‘applies:

‘vﬁs*,a:P(_Q’r > Z(S,a))> P(¢)

In this case (" denotes the true Q function of # and P(f) 18

a previously specified and fixed probability. The performance
Z1is therefore approximated by @ and the following equation

18 solved:

7° (s)=argmaxmax Q’ (s,a) = argmaxmaxQ” (s,a)- £6Q" (s,a)

¥/ 4 a /4 a

and, more precisely, under the condition that (0" is a valid Q

function of =x.

In the case of a deterministic action-selecting rule, the fol-
lowing action-selecting rule which is optimal in terms of
safety 1s obtained in this way within the framework of Bellman

lteration:
zm(s)z argmax " (S,a)“fGQm (S:a)

This action-selecting rule does not form the optimal action in
relation to the maximum of the Q values of a certain state in
each 1teration step, but in relation to the maximum of the Q

values minus their weighted uncertainty, the weighting being

suitably determined on the basis of parameter &.
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It cannot be guaranteed that the just-mentioned deterministic
action-selecting rule based on Bellman iteration will con-
verge. In particular there are two effects which lead to os-
cillation of the action-selecting rule and therefore to non-
convergence of the corresponding Q function. The first effect

has already been described in document [1l] and is based on a
bias toward &oQ(s,z(s)), which is greater than EoQ(s,a)a+n(s) is
1f n is the examined action-selecting rule is and >0 ap-
plies. This 1s due to the fact that R(s,ﬂ(s),s')- and V(s')::Q(S'n(s))
are more strongly correlated than R(s,a,s'),a:éﬂ(s) and V(s') as the

value function implies the selection of the action ﬂ@ﬂ for

each subsequent occurrence of state s. A change in the action-

selecting rule from # to #n' in a certain state s, owing to the

condition Qs,7(s))—-£00(s, 7(s)) < Ols,7'(s))-£00(s,7'(s)), can lead to a
greater uncertainty of Q(s,n’(s)) and can therefore jump back

again in the next iteration step.

As already mentioned, there is also a second effect which can
cause osclllation if there is a specific constellation of Q

values and corresponding uncertainties in actions that occur.

An example of such a constellation are the two actions g, and
a, in a state s with similar Q values, but different uncer-

tainties, where g, has a greater uncertainty, but is the better
action for the real Markov-decision process. In the updating

step the action-selecting rule x"which takes account of the
uncertainty could now cause the action g, to be selected,
which 1s the action with the smaller uncertainty. However, the
fact that this action is rated lower can sometimes occur in
the next iteration step i1f the value function is updated for

the changed action-selecting rule #z" (which selects action

a,) . Consequently, when updating the action-selecting rule,
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the action-selecting rule can be changed in the next step in

such a way that in state s action g, is selected as the Q func-
tion then reflects the fact that action g, i1s worse than ac-

tion aq,. Following the next updating of the Q function the val-
ues for the two actions are then similar as the value function

implies the selection of g, and the poor effect of a, influ-
ences the function.gﬂ}¢5) only once. There 1s therefore an os-

cillation between actions g, and a,. It should be noted in this

connection that in the method of document [1] both of the

above-described effects occur, whereas in the inventive method
only the second effect is relevant. This is due to the fact

that covariances between the Q function and the reward are not

considered.

To solve the above-described problem of non-convergence a sto-

chastic action-selecting rule with a suitable updating step

based on the above action a4, , 1s determined in a particularly

preferred embodiment. It is intuitively grasped 1in this con-

nection that for £>0 the action-selecting rule which is opti-

mal in terms of safety should be stochastic as the aim 1s to

minimize the risk of a small future reward.

In the variant of the invention described here a stochastic

action-selecting rule 1s used which is initialized with

equally probable actions. The probability of the best action
according to @ 1is then increased in each iteration step,

while the probability of all other actions is lowered, and,

more precisely, on the basis of the following equation:
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Vs,a:x”’(as)

min(fr”’—] (a ) tl), falls a = aQH( )
( (s))-1/2,0)

(S ap \3 (s ))

T (a s), otherwise

Here aQCﬂ denotes the best action according to (,, i.e. the

following applies:

(s) = arg max Q(S, a)-—- foQ(s, a)

o,
The convergence and attainability of all possible action-
selecting rules is ensured owing to the harmonically decreas-
ing rate of change. In addition to‘the guarantee of conver-
gence the experiments carried out by the inventors also show

that the stochastic action-selecting rule provides better re-

sults than a deterministic action-selecting rule.

The time complexity of the conventional Bellman iteration 1s

O@ﬂﬂA”. The inventive method adds the step of updating the un-

certainty o to the Q function which also has a time complex-

1ty of CﬁSﬁAU. The method as a whole therefore has a time com-

plexity of CﬂﬂqAD. The method according to document [1], which

calculates the complete covariance matrix, adds a time com-

plexity between O((JS"A[D2 log(]S"AD) and O((]S“A[)z'm) when updating the

covariance matrix, so it has a higher time complexity than

conventional Bellman iteration. The memory space complexity of

standard Bellman iteration is determined by the transition

probabilities P and the estimated evaluations R, which each
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require a memory space of O(]S]Z'Al). The Q function requires a

memory space of OQS"AD. The total memory space complexity of
standard Bellman iteration is therefore CﬁﬂﬂAU..A complexity

of OQSIZIAI) for oP and oR and of OQS“A]) for o0 is added by im-

plementing the uncertainty. The total memory space complexity

therefore remains at CﬂﬂﬂAD. In contrast to this the method

according to document [1] requires memory space for the com-

plete covariance matrix, which consists of the part-matrices

Cov(Q),Cov(Q,P),Cov(Q,R),Cov(P),Cov(P,R) and, Cov(R). This leads to a

memory space compleXity of CWSfpﬁ). It can therefore clearly

be seen that both the time complexity and the memory space
complexity are significantly lower in the method described

here than 1n the method of document [1].

As already described above, the calculations for determining
the action-selecting rule, which is optimal in terms of
safety, are based on the estimates, based on training data,
for the transition probabilities P and evaluations R. By way
of example, a frequentistic estimate for P and R can be used

here, employing the relative frequency of the states that oc-

cur on the basis of the training data. In this case the tran-
sition probability is modeled as a multinominal distribution
and the uncertainty calculated on the basis of this as fol-

lows:

s a)f - PUlai=Plsts.a)

n, —1

(oP(s

Here f{§b¢0 corresponds to the relative frequency of follow-on

state s’ given the state s and action a. Furthermore, n,6 de-
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notes the number of observed transitions in a follow-on state
starting from the state action pair (s, a). All of this infor-

mation originates from the training data.

The evaluations can be modeled in a similar manner on the as-
sumption of normal distribution, the mean of all observed
evaluations of a transition (s, a, s8’) being used as the ex-
pected value for the evaluation. The uncertainties for the

evaluations therefore result as follows:

(oR(s,a,s)f == (R(s,a,5")

nsas' o 1

Here the expression in the numerator corresponds to the vari-

ance 1n a normal distribution modeled on the basis of the

training data. Furthermore, n_. is the number of observed

AYZA)

transitions (s, a, s8’).

Although the above-described estimate of the transition prob-
abilities based on relative frequencies conventionally leads
to good results, the corresponding uncertainty estimate is
broblematic 1f it provides only a few observations as training

data. If, for example, a special transition is observed twice
in two experiments (i.e., if (nm.:nm:-Z) applies), O'P(S'ls,a)zore-

sults for 1ts uncertainty. This leads to the uncertainties of-

ten being inadequately rated in the case of few observations.

A Bayesian estimate, instead of the frequentistic approach,

may also be used to determine the transition probabilities. In

this case Dirichlet distribution with the following density is

used as a-priori distribution over the parameter space 1%&bba?)

for a state s, an action g, and a follow-on state s, :
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Pr (P (Sl ,

)
) R L

where ¢« = ﬂﬁ%% applies. Dirichlet distribution is what 1s

known as the “conjugate prior” with the following a-

d _ d _ NI
posterliori-parameters: a’,jk "'a;j-k +n5jajskaa,j “Zkzl ijk - Here ns,-aj-sk

is the number of transitions from s, to s, when carrying out

action a, according to the training data. By using the ex-

pected value of a-posteriori distribution as the estimator,

i.e. by estimating the probability as P(Sk Si,aj):a';k/a; , the

following results as the uncertainty for P:

aﬁk (ad o adk)
ik \7"if ]
OP\S,1S;,8; | = - y
(a,.j )z(aij +1)
.. constitute the parameters of Dirichlet distribution. The

ijk
same estimates and slightly lower uncertainties compared to

the above-described frequentiétic modeling of the transition

probabilities are obtained by the selection of ¢, =0. On the

other hand, the selection of «, =1 leads to a distribution 1in

which all transitions from one state to all other states are

equally probable.

The selection of «, =0 and ¢, =1 represent extremes in each

case, which are not suitable for most applications. In a par-
ticularly preferred variant of the invention the parameters of

Dirichlet distribution are therefore determined as follows:
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m
ag’k —m

Here m is the average number of expected follow-on states of

all state action pairs and Fﬂ 1s the total number of states.

This preferred selection of g, makes it possible to APPYroOxX1 -

mate an a-priori probability with maximal entropy over a sub-
set of the state space with a quantity of m states. The high-
est proportion of probability in the subset of m states which
were actually observed 1s therefore distributed, and the prob-

ability of all other (non-observed) follow-on states 1s very

small. Compared with a-priori distribution with «, =1 only a

few observations are required for the actually observed fol-

low-on states in order to achieve a higher probabillity for ob-

served follow-on states than for non-observed follow-on
states. At the same time the estimate of the uncertainty 1is
less extreme than in the case of the frequentistic approach as

the fact that the same observation was made twice does not

lead to the uncertainty becoming zero.

Embodiments of the inventive method were tested using what 1s
known as the "Wet Chicken" benchmark problem. In the original
wet chicken problem a canoeist was observed who paddled along

a one-dimensional river of length i1 and a flow spéed v = 1. At

1l of the river there was a waterfall. Starting

{

position X
from position x = 0 the canoeist attempted to come as close as

possible to the waterfall without falling into 1t. If he fell
0

into the waterfall he would have to start at position X
again. The reward or evaluation increased linearly with prox-

imity to the waterfall and was given by r = x. The canoeist

"

had the option of drifting, of maintaining his position or of
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paddling back. Turbulences in the river with a magnitude of s
= 2.5 caused stochastic transitions in state. Following execu-
tion of an action by the canoeist in his actual position
(while taking account of the flow of the river as well), his
new position was given by X’ = X + n, where ne[—s,s] 1S an
equally distributed random value. The two-dimensional wet
chicken problem considered here is expanded by a width w. Con-
sequently two additional actions are possible for the canoce-
ist. On the one hand he can move the canoe to the right and,
on the other hand, to the left by a_unit. The position of the
canoelst 1s denoted as (X, y) and the start position as (O,
0). The flow speed v and the amount of turbulence s depends on
y and v = 3y/w and s = 3.5-v apply. A discrete problem was
considered in the experiment, i.e. the values of x and y were
always rounded up to the next whole value. While the flow
speed of the river is zero at the left bank, the amount of
turbulence 1s maximal. On the other hand, there is no turbu-

lence at the right bank but the flow speed is too high to pad-
dle back.

Corresponding action-selecting rules were learned using the
inventive method based on the above-described problem. One
hundred possible states on the river were considered in the
experiments shown in Fig. 1 and 2, i.e. the canoeist can adopt
10 x 10 possible positions on the river. In other experiments
5 X 5 or 20 x 20 states were considered. A fixed number of ob-
servations was generated by means of a random exploration of
the state space. The generated observations were used as input
variables (i.e. training data) for the inventive determination
of the action-selecting rule which is optimal in terms of

safety. The discount factor y was set to 0.95. After an ac-

tion-selecting rule had been determined it was tested over 100

eplisodes with 1,000 steps each.
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Fig. 1 shows the results of the tested action-selecting rules,

averaged over 100 passes. Fig. 1 reproduces the average reward

of the action-selecting rules as a function of the number of

observations used for learning the action-selecting rule. The
observations are plotted along the abscissa and identified by
an O, whereas the average reward 1s reproduced along the ordi-

nate as AR. Line L1 shows the result for the safety parameter

F=0.5 for the frequentistic approach to estimating the transi-
tion probabilities, line L2 the result for =05 for the

Bayesian approach, line L3 the result for £=1 for the frequen-

tistic approach and line L4 the result for &=1 for the Bayes-

ian approach. The result of learning an action-selecting rule
without considering an uncertainty (i.e. where £=0) 1s repro-
duced as line L5 by way of comparison. Learning an actilomn-

selecting rule on the basis of the complete covariance matrix

according to document [1] is also shown. Line L6 shows the

learned action-selecting rule according to the method in docu-

ment [1] for £=1 and line L7 the action-selecting rule learned

using the method according to document [1] for £=05. For rea-

sons of simplicity only stochastic action-selecting rules,

with the exception of £=0, were considered. It can be seen

from Fig. 1 in particular that the performance of the method
of document [1l] 1s higher but that good results are also

achieved for the inventive method, and this is reflected in
high average rewards - 1in particular i1n the case of a higher
number of observations. Furthermore, the methods, which take
account of statistical uncertaiﬁties, are also better with a
higher number of observations than the method which does not

take account of uncertainties in the action-selecting rule.
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Fig. 2 shows histograms of the frequency of action-selecting
rules as a function of the average rewards for 1,000 learned
action-selecting rules. The average rewards AR are reproduced
along the abscissa and the number NP of learned action-
selecting rules with the corresponding average rewards along

the ordinate. The histogram with the solid line L8 relates to

a learned action-selecting rule with =0 (i.e. without con-

sidering uncertainties), the histogram with the broken line L9

relates to an action-selecting rule learned using the 1nven-

tive method with =1 and the histogram with the dotted line
1,10 to an action-selecting rule learned using the inventive
method with £=2. 4x10° observations were used to generate each

action-selecting rule. It can be seen from Fig. 2 that action-
selecting rules learned using the i1nventive method have a
clear maximum of the frequencies in the region of a large av-
erage reward. This maximum 1s lower ih the action-selecting
rule when uncertainty is not considered. By contrast, action-
selecting rules generated using the inventive method, with low
average rewards have a lower frequency compared with corre-
sponding action-selecting rules where uncértainty 1s not con-
sidered. Therefore, by coﬁsidering uncertainty the amount of

action-selecting rules with lower reward is reduced and the

expected performance increased.

A fundamental advantage of the inventive method compared with

the method in document [1] lies in the much shorter computing

time. For the wet chicken problem with J3x5 states, a computing
time of 5.61 s resulted for the method in document {[1] to gen-

erate the selection rule, whereas the inventive method needed

only 0.0002 s. In the case of the wet chicken problem with

10x10 states, the computing time of the method in document [1]

was 1.1x10° s, whereas the inventive method needed only 0.034



CA 02714619 2010-09-07

2009P14275
30

s. No action-selecting rule at all could be determined using
the method in document [1] for the wet chicken problem with
20x20 states owing to the long computing time and great memory
space requirements resulting therefrom, whereas the inventive

method required 1.61 s to generate the action-selecting rule.

The above-described wet chicken experiment is used solely to
clarify the better performance of the inventive method com-
pared with known methods. According to the invention the
method is used for control or regulation of technical systems.
A simulation was also carried out to control a gas turbine in
order to test the inventive method. The inventive method dem-

onstrated good performance with low computing time for this

simulation as well.
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Claims

1. A method for computer-assisted learning of control and/or
regulation of a technical system, operation of the technical
system being characterized by states (s) which the technical
system can adopt during operation, and actions which are exe-
cuted during operation of the technical system and transform a
respective state (s) of the technical system into a follow-on
state, wherein:

- on the basis of training data, comprising states (s), ac-
tions (a) and follow-on states (s’), detected during op-
eration of the technical system, a quality function (Q)
and an action-selecting rule (n(s)) are learned, the qual-
ity function (Q) modeling optimal operation of the techni-
cal system and, during operation of the technical system,
the action-selecting rule (nn(s)) indicating the action (a)
or actions (a) that should preferably be carried out for a
respective state (s) of the technical system;

- during learning of the quality function (Q) and the ac-
tion-selecting rule (n(s)) a measure (oQ) of the statisti-
cal uncertainty of the quality function (Q) 1is determined
by means of an uncertainty propagation and a modified
quality function is determined as a function of the meas-
ure (oQ) of the statistical uncertainty and a safety pa-
rameter (&), which corresponds to a statistical minimum
requirement of the guality function (Q), the uncertainty
propagation using a covariance matrix in which the non-

diagonal elements are ignored;

- the action-selecting rule (n(s)) is learned on the basis

of the modified quality function.

2. The method as claimed in claim 1, wherein the quality func-

tion (Q) is learned by taking account of evaluations (R) and
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state-action probabilities (P), a respective evaluation (R)
evaluating the quality of a combination of state (s), action
(a) executed i1n the state, and follow-on state (s’) with re-
spect to optimal operation of the technical system, and a re-
spective state-action probability (P) indicating as a function

of a state and action (a) executed in the state the probabil-

ity (P) of a follow-on state (s'’).

3. The method as claimed in claim 2, wherein the quality func-
tion (Q) and the action-selecting rule (r(s)) are learned on
the basis of Bellman iteration, a new quality function (Q) and
a new measure of the statistical uncertainty of the qgquality
function (Q) and hereby a new modified quality function being
determined 1n each iteration step, the covariance matrix being
determined in a respective iteration étep as a function of the
quality function (Q), the state-action probabilities (P) and

the evaluations (R) while ignoring the non-diagonal elements.
4. The method as claimed in claim 3, wherein in the m-th it-

eration step of Bellman iteration the action-selecting rule is

determined on the basis of the following action ag max:

Vs:a, . =argmax[Q" (s,a) - £oQ" (s, a)]

where

Qm(S,a):ZP(S'ls,a)[R(s,a,s')+7V"’"(s')] is the quality function and

Q" (s,a)-£E00Q" (s,a) is the modified quality function;

oQ"(s,a) is the measure (oQ) of the statistical uncertainty of

the quality function (Q) in the m-th iteration step, where
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(O'Qm (S,a))z - ZS: (DQQ )Z(O-Vm—l(s,))2 N
Z (DQP )Z(O'P(S'ls,a))z n

s’

)3 (DQR )2 (oR(s,a,s")),

\]

(DQQ ): }/P(S'ls,a),
(DQP ): R(s,a,s')+ 7V'"“(s'),
(DQR ): P(s'is,a)

yel0,l] is a discount factor;

¢ is the safety parameter;
/™ (s) = max[Q" (s,@) ~ 00" (s,a)] :

(V" (5))* = (0Q(5,9, )" applies;

P(s’ls,a) is the state-action probability for the follow-on

state s’ when executing the action a in state s;

R(s,a,s’) is the evaluation of the follow-on state s’ when

executing the action a 1n state s;

oP(s’ |s,a) is the statistical uncertainty of the state-action

probabilities;

oR(s,a,s’) 1s the statistical uncertainty of the evaluations.

5. The method as claimed in any one of claims 2 to 4, whereiln

the state-action probabilities (P) are modeled as a state-
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action probability distribution and/or the evaluations (R) are

modeled as an evaluation probability distribution.

6. The method as claimed in claim 4 and 5, wherein the statis-
tical uncertainty (oP) of the state-action probabilities (P)

are determined from the modeled state-action probability dis-
tribution and the statistical uncertainty (oR) of the evalua-

tions are determined from the modeled evaluation probability

distribution.

7. The method as claimed in claim 5 or 6, wherein the state-
action probability distribution and/or the evaluation prob-
ability distribution is/are modeled as relative frequencies
from the training data, the state-action probability distribu-
tion being modeled in particular as a multinomial distribution
and/or the evaluation-probability distribution being modeled

in particular as a normal distribution.

8. The method as claimed in any one of claims 5 to 7, wherein
the state-action probability distribution 1s modeled on the
basis of a Bayesian estimate with an a-prioril distribution and

a-posteriori parameters, the a-posteriori parameters depending

on the training data.

9. The method as claimed in claim 8, wherein the a-priori dis-

tribution is a Dirichlet distribution and/or a normal distri-

bution.

10. The method as claimed in claim 9, wherein the parameters

(@, ) of the Dirichlet distribution in each case correspond to

the quotient from the average number of follow-on states (s’)

and the total number of states (s) according to the training

data.
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11. The method as claimed in any one of the preceding claims,

wherein the action-selecting rule to be learned 1s a determil-

nistic action-selecting rule.

12. The method as claimed in claim 11, if dependent on claim

4, wherein the action-selecting rule ﬂ”(ﬂ in the m-th 1itera-

tion step of Bellman iteration 1s as follows:
7" (s) =argmax Q" (s,a) —goQ" (s,a) ,

where ﬂm@0 1s the selected action.

13. The method as claimed in any one of claims 1 to 10,
wherein the action-selecting rule to be learned 1s a stochas-
tic action-selecting rule (n(s)) which indicates a probability

distribution for the executable actions (a) for a state (s) of

the technical system.

14. The method as claimed in claim 13, 1f dependent on claim
3, wherein in each iteration step of Bellman iteration, as a

new probability distribution for the executable actions (a), a

probability distribution 1s determined which modifies the
probability distribution of the last iteration step in such a
way that a higher probability is allocated to the action (a),

which maximizes the value of the modified quality function.

15. The method as claimed in any one of the preceding claims,

wherein control and/or regulation of a turbine, in particular

a gas turbine, 1s learned using the method.
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16. The method as claimed in any one of claims 1 to 14,
wherein control and/or regulation of a wind power plant 1s

learned using the method.

17. A method for operating a technical system, whereln the
technical system is operated on the basis of control and/or
regulation learned using a method as claimed in any one of the
preceding claims, in that the action (a) to be executed in a

respective state (s) of the technical system is selected using

the learned action-selecting rule.

'18. The method as claimed in claim 17, wherein during opera-
tion of the technical system the method as claimed 1n any one
of claims 1 to 19 is repeated, the states (s) newly adopted by
the technical system and actions (a) carried out being taken

into account as training data during each repetition.

19. A computer program product comprising a program code,
stored on a machine-readable medium, for carrying out a method

as claimed in any one of the preceding claims, 1f the program

runs on a computer.
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