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(54) METHOD FOR IMPROVING OPERATION OF A ROBOT

(67)  Theinvention relates to a method for improving actions library in addition to the original actions. Applying
operation of at least one robot. The robot is being oper- a reinforcement learning algorithm (S4) to the set of ac-
ated on the basis of a set of predefined actions. A method tions stored now in the action library to learn a control
comprises: policy making use of the original actions and the com-

Generating combined actions (51, 53) by combining bined actions. Andfinally, operating the robotonthe basis
at least two actions out of a set of original actions stored of the resulting action library.

in an action library. Storing the combined actions in the
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Description

[0001] The invention relates to a method for improving
operation of at least one robot which is operated on the
basis of a set of predefined actions.

[0002] Overthe last years, robots have beenimproved
so that the tasks that can be delegated to a robot are not
limited to a simple task like picking and placing items
from a predetermined position to a predetermined target
position. The robots now often use situation recognition
on the basis of which it is decided which action is to be
taken next. But still the overall behavior of the robot typ-
ically is composed of distinct actions. As an example,
motions can be structured as smaller motion chunks,
sometimes represented as so-called motion primitives.
|tis to be noted that in the context of the presentinvention
and also the discussion of prior art, the term "action” is
not limited to motion. The term "action" rather defines
any actuation ofarobots component, such asforexample
the robots joints, manipulators or sensors for certain
amount of time or until a certain event.

[0003] The actions that are used by a robot in order to
perform a particular task or a desired behavior usually
are created by a human designer or learned individually.
Such single actions are then executed on the robot in a
sequence or as a reaction to the perceived state. Al-
though, the task that is delegated to the robot may be
achieved by such a sequence of actions it is often desir-
able to let the robot perform multiple actions in parallel
to achieve different goals at the same time. One example
may be that individual motion primitives may affect sep-
arate end-effectors of a robot, for example the arms of a
humanoid robot. It is evident that by performing multiple
actions in parallel, the efficiency could be improved by
reducing the time needed to achieve the combined goal.
Figures 5 and 6 show such a situation. The scenario
shows a humanoid service robot 10 and the task is to
clean up a table by picking up an empty cup 14 and plac-
ing it onto a tray 13 for bringing them away later. Since
the position of the tray 13 may vary, it might be necessary
to push the tray 13 aside, e.g. to the center of the working
range of the robot 10, so that placing the cup 14 on the
tray 13 becomes possible without violating joint limits. A
well-known strategy would now be to conduct different
actions sequentially, which means that first the tray 13
is pushed by the first end-effector 11 towards the center
of the working range of the robot 10 and thereafter the
cup14 is picked and placed by the other end-effector 12
ofthe robot. This can be performed now because the tray
13 is positioned in an area where the robot 10 can place
the cup 14.

[0004] As it is now shown in figure 6, it would be de-
sirable to execute a combined action of pushing the tray
13 to the center and picking the cup 14 with the other
hand (end-effector).

[0005] In order to increase the efficiency of a working
robot, it was described by A. Gil, H. Stern, Y. Edan and
U. Kartoun in "A Scheduling Reinforcement Learning Al-
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gorithm" (International Symposium on Flexible Automa-
tion, Atlanta, GA, 2008) that using reinforcement learning
on the basis of Q-learning is used to calculate rewards
that lead to a preference of faster task completion. Thus,
the control policy which is the outcome of such reinforce-
ment learning process, has an improved efficiency with
respect to an overall time for completing a task. But nev-
ertheless, it makes only use of sequentially executed ac-
tions.

[0006] On the other side, it is described in US
8,265,789 B2 how two actions can be executed at the
same time. But the reference is silent with respect to the
generation of sucha combined actionbecause itis limited
to the question of how two actions are executed at the
same time, e.g. blending of motion commands. Thus, if
the combined action is to be executed the reference gives
the teaching of how this can be implemented in the robot.
Last but not least, it is described by F. Zacharias, D. Lei-
dner, F. Schmidt, C. Borstand G. Hirzinger in "Exploiting
Structure in Two-armed Manipulation Tasks for Human-
oid Robots" (IEEE/RSJ International Conference on In-
telligent Robots and Systems (IROS), Taipei, 2010) that
a two-arm-robot can parallelize two actions based on the
required workspace. In order to make the two actions
being executed in parallel, it is determined if the work-
space for these two actions is disjunct. In that case the
tasks are independent and two individual motion plan-
ners are then used to generate the appropriate motions
individually and the actions are finally executed in paral-
lel. This approach only takes into consideration geomet-
ric aspects of the two actions. It furthermore does not
assess the question if a combination of two actions is
feasible at all.

[0007] It is thus the object of the present invention to
provide a method that improves the operation of at least
one robot which is operated on the basis of predefined
actions.

[0008] The problem is solved with the method accord-
ing to the independent claim. Advantageous aspects are
described in the sub claims.

[0009] Accordingtothe inventive method, at first"com-
bined actions" are generated by combining at least two
actions out of a set of original actions that are stored in
an action library. The original actions may be for example
motion primitives or other actions that are usually used
to be executed sequentially in order to achieve a goal. A
combined action is an action that consists of at least two
actions which are to be executed in parallel. In parallel,
in this regard means that either the two actions start at
the same time, start with a predetermined delay or end
at the same time.

[0010] When such combined actions have been gen-
erated, the combined actions are stored in the action li-
brary in addition to the original actions which are already
stored there. Thus, a new or extended action library re-
sultswhichisthe basis for applying areinforcementlearn-
ing algorithm. The reinforcement learning algorithm is
applied to the set of actions which is now stored in the
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action library in order to learn a control policy that makes
use of the original actions as well as the combined ac-
tions. Thus, it is then possible to control the robot on the
basis of a new control policy and in particular on the basis
of the extended, new action library that includes not only
the original actions that could be performed in sequence,
but also the combined actions which can improve the
efficiency when a robot is operated.

[0011] Itis in particular advantageous when applying
the reinforcement learning algorithm to the extended set
of actions of the extended action library that not only an
automatic generation of the combined actions is per-
formed, but that a new control policy can be achieved
making use of all options that are now available.

[0012] In order to avoid unnecessary calculation ef-
forts, combined actions may be determined not to be
used and then after the reinforcement learning step they
are removed from the library. Thus, during further oper-
ation, these combinations are nolonger present and thus
a library can be kept small.

[0013] There is a plurality of advantageous ways to
generate the combined actions. First, it is an advantage
to simply combine two (or more) original actions of the
initial action library that shall be performed in parallel and
thus form a combined action together. Such combination
of two (or more) ariginal actions may be performed for
any pair (or sub set) of original actions that can be thought
of. This will lead to a maximum number of combined ac-
tions that are mathematically possible. Of course, such
combined action can include actions that are notreason-
able or cannot be performed at all. Itis thus furthermore
an advantage if the impossible combined actions are de-
termined and omitted when the combined actions are
stored additionally in the library. This has the advantage
that for further processingonly a reduced number of com-
bined actions is taken into consideration. Thus, in the
following learning step the calculation effort is reduced.
[0014] Another is approach to generate the combined
actions is using an already known control policy that is
the result of a reinforcement learning step that was pre-
viously applied to the set of original actions of the action
library. In many cases there exists knowledge about the
control policy being the result of such reinforced learning
steps. Then, it is also possible to determine which two
actions appear sequentially in the control policy. As it is
most likely that a parallel execution of these two or more
actions, that are executed in sequence anyway according
to the original control policy, is advantageous the com-
bined actions that are generated are a combination of
exactly two actions appearing sequentially in the known
control policy.

[0015] Furthermore, advantageously knowledge
about a control policy that is generated on the basis of
the original actions is used to improve policy learning for
the new set of actions which includes the original actions
as well as the combined actions. Thus, the old control
policy gives the starting point for the reinforcement learn-
ing algorithm which again increases the efficiency of the
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calculation.

[0016] When the reinforcement learning algorithm is
applied it is furthermore preferred that the reward func-
tions that are used in the reinforcement learning algo-
rithm favor combined actions and/or faster task achieve-
ment. By doing so, itis ensured that the combined actions
are considered and that the resulting control policy has
an improved efficiency with respect to the original actions
that are used in the original control policy.

[0017] The method can be used generally in a real ro-
bot, but it is particularly preferred that a simulation is per-
formed which includes at least the steps of generating
the combined actions, storing the combined actions and
applying the reinforcement learning algorithm. It is evi-
dent that the actions and combined actions that are ini-
tially and/or finally used in the action library of the simu-
lation may as well be stored in an action library actually
located in the robot. After the method is performed, the
combined actions that are added to the action library in
the simulation are then of course also added to the real
action library of the real robot and then on the basis of
this action library, the operation of the robot is performed.
[0018] Accordingto anotheradvantageous aspect, the
steps of the method may be performed in a plurality of
successive iterations. By doing so, it is possible to gen-
erate even more complex actions, because combined
actions may be combined with simple actions in the sec-
ond iteration step or even with other combined actions.
The action library with all actions stored there (original
actions of the first iteration and combined actions of the
first iteration) in the next iteration for original actions and
may be combined by the same procedure as described
above.

[0019] The methed including further aspects and ad-
vantageous will now be described in detail with reference
to the annexed drawings. In the drawings, there is shown

- in figure 1 a schematic for explaining how robots
execute an action using state-action mapping

- infigure 2 a simplified flow chart for illustrating the
present invention;

- infigure 3 an illustration to explain the combination
of previously sequential actions to form combined
actions;

- in figure 4 an example for a Q-map of a reinforce-
ment learning algorithm which is applied to the orig-
inal actions and the combined actions that are added
to the action library;

- infigure 5 a service robot scenario for showing a
possible application;

- infigure 6 situation of figure 5 where the combined
actions are already applied; and
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- infigure 7 example of applying the invention to par-
allelize work of two similar robots.

[0020] Before anexplanationoftheinventionis started,
it has to be emphasized that the invention is not limited
to a particular type of robot or a particular type of actions.
This is because although there is a large variety of dif-
ferent robot types, they all have in common that they act
intheirenvironment. Thus, the actions that are performed
or executed by the robots may be of different types as
well because they depend on the intended interaction
with their environment. Examples for actions, thatcan be
assumed to be discrete building blocks, are:

Motions: Here the robots actuators are used to ma-
nipulate the environment or alternatively to move the
robot.

Sensing: Devices that are capable of physically
sensing the environment of the robot, like for exam-
ple cameras, laser range finders, tactile sensors or
similar sensors are attached to the robot or particular
parts thereof and can provide information about the
environment of the robot.

Audio/speech: Listening functions or speaking func-
tions are intended to enable the robot to communi-
cate with entities in the environment of the robot.
This is in particular advantageous if the robot shall
be guided or instructed by spoken commands. The
other way round, it is possible that the robots com-
ments on detected things, perceived objects and the
like.

Visualization: Additional information may be provid-
ed by use of a computer display which is either at-
tached to the robot directly or at least controlled by
the robot so that the displayed output on the com-
puter display eventually is an action executed by the
robot.

[0021] Itis to be noted that the above-given list of ex-
amples for actions is of course not exhausted. In this
regard, it is expressively referred to B. Siciliano and K.
Oussama, Springer Handbook of Robotics, Springer Ber-
lin Heidelberg, 2008 which gives an overview on what an
action can be for different types of robots. As mentioned
already above, the invention is intended to be suitable
for any type of action for any type of robot. For the un-
derstanding of the invention itself it is important to at first
understand in which way an action that a robot should
execute is selected. A plurality of actions is selectable
which previously have been defined by a human design-
er. A particular action which is then to be executed by
the robot is selected on the basis of a control palicy that
maps a perceived state to a specific action. Such a flow
is shown in figure 1. At first a perception module 1 of the
robot processes sensor information. On the basis of the
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sensed information the system state is classified. This
classified system state is then used to determine by use
of a control policy 2 an action that is considered suitable
for the current state. As mentioned above for the classi-
fied state the control policy maps a suitable action which
is then executed by the robot. The actions that can be
selected are stored in an action library 6. According to
state of the art systems the set of actions that is stored
in the action library 6 is limited to actions that are all de-
fined by a human designer and that are executed only
sequentially. Contrary to the prior art with the present
invention it is possible to extend the number of actions
that is stored in the library and that may be selected for
execution and these new actions are a combination of at
least two original actions. Thus, when finally a new action
(combined action) is selected to be executed, this results
in parallel execution of two original actions, defined in
one combined action.

[0022] Once an action is selected it is interpreted by
an action executor 3 that handles the coordination of the
robot’s actuators 4 according to a selected action. Since
any action is somehow an interaction with the environ-
ment execution of a selected action leads to a new state,
because the environment 5 is manipulated. Thus, the
loop will be started again since perception of the envi-
ronment is permanently performed and on the basis of
the change in the environment the next action to be ex-
ecuted will be selected.

[0023] Itisto be notedthatitis known inthe artto apply
optimization techniques such as reinforced learning to
find the optimal control policy. The following explanations
will be made on the basis of so-called Q-learning algo-
rithms as examples for reinforcement learning algo-
rithms. It is evident that the invention is not particularly
limited to one of a plurality of possible algorithms. The
general idea of the reinforcement learning algorithms is
that instead of defining the control policy reward functions
are used. The designer of the system sets these scalar
values higher for desired events and lower for non-de-
sired ones. Starting from his knowledge the reinforce-
ment learning automatically finds a control policy that
maximizes the overall reward in relevant situations. The
concept is to explore the situations and to randomize the
action selection to find which action contributes to the
highest overall reward. The exploration can be done ei-
ther on the robot itself or in simulation. This will be ex-
plained later again when the particular steps for the op-
timization of robot operation are explained. The Q-learn-
ing algorithm will be used later in order to learn a control
policy for the extended set of actions and to evaluate
feasibility of combined actions.

[0024] To start with particular aspects of the present
invention figure 2 is used to illustrate three successive
stages of the method according to the invention. In the
first stage which is indicated with (A) candidates for com-
bined actions are created. The creation or generation of
the combined actions can be performed in two different
ways as will be shown later. Further, a selection of only
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a part or all of the combined actions that are generated
is made and the selected combined actions are added
to an action library that previously already included all
the basic or original actions that form the basis for the
generation of the combined actions.

[0025] After that and on the basis of the now extended
action library a new control policy is learned in stage (B).
Learning of the control policy furthermore gives the op-
portunity to evaluate which combined actions are useful
and which not. Those combined actions that turn out not
to have any benéefit finally are sorted out in stage (C).
This means irrelevant actions are pruned from the action
library 6 to keep it as compact as possible.

[0026] Afterwards there will be given a more detailed
explanation of the stages of the method according to the
invention.

[0027] Before the learning process can be started,
combined actions need to be generated or created. In
order to do so, there is a plurality of options. Two of them
shall be explained hereinafter in detail. As it is shown in
figure 2 on the right side itis possible to combine any two
actions that are original actions in the action library 6.
This would result in a great number of combined actions
not all of which are reasonable.

[0028] Combining two original actions means that a
new action is generated. Such generation can be done
by either subsuming all information from two of the orig-
inal actions or that it activates two of the original actions
with a certain strategy. Examples for combinations of ac-
tions are shown infigure 3. In the illustration action 1 and
action 2 shall be performed. Firstly, there is the possibility
that the actions are combined to start at the same time.
Secondly the actions are started so that they have the
same end time and thirdly the action can be executed
with predefined delay between them. This will cause dif-
ferent start times as well as different end times.

[0029] Asithas beenexplained with reference tofigure
1 the action executor 3 is responsible for executing the
original actions once they are selected. For the combined
actions it is also the executor that is responsible for how
such a combination of actions is being executed on the
robot. For example the original actions that are combined
may affect different modalities. Once for example could
control arobot's arm and the other one is to emit an audio
signal. Of course both can be simply executed at the
same time. On the other side the combined actions may
also affect the same modality which means that both ac-
tions relate to controlling parts of the robot's arms. Then
these actions of course have to be coordinated by the
action executor. In general such blending together as it
is in detail described in "Adaptive Movement Sequences
and Predictive Decisions based on Hierarchical Dynam-
ical Systems" (T. Luksch, M. Gienger, M. Mihlig and T.
Yoshiike; in IEEE/RSJ International Confernence on In-
telligent Robots and Systems, Vilamoura, Algarve, 2012)
per se is known.

[0030] As mentioned above, it might happen thatcom-
bined actions are generated which are not useful at all
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and which do not make any sense. For example if an
action "moving end-effected to the left” and a second
action "moving end-effected to the right" are to be per-
formed for the same time this simply results in no motion.
Of course, such combined action does not make any
sense at all. In case that the combined actions are gen-
erated by simply taking the original actions from the ac-
tion library 6 and combining any two of them for all of the
available original actions combined actions that are not
reasonable or entirely senseless have to be sorted out
thereafter in order to avoid unnecessary calculational or
costs that would be caused afterwards during further
processing. In arder to avoid unnecessary combinations
to be taken into consideration during further processing
it is recommendable to use heuristics that exclude im-
possible combinations. Such an impossible combination
for example are two original actions controlling the same
gripper of a robot but in different ways.

[0031] A second and more sophisticated approach is
that the number of irrelevant combinations of actions is
reduced right from beginning. As shown in figure 2, stage
(A)onthe leftside itis possible that aninitial control policy
is learned for the original actions that are stored in the
action library. Once such initial control policy for the sit-
uation that the robot has to cope with is known it is also
known or at least can be learned from evaluating the
learning results which of the original actions are executed
sequentially in the relevant situations. Then always at
least two actions that would be executed sequentially are
combined to build one combined action. This reduces
the number of combined actions drastically compared to
the above mentioned approach where any possible pair
or subset is generated. The idea behind this approach is
that actions that are temporally close to each other when
executed sequentially have a high chance of being useful
when performed in parallel.

[0032] Like inthe other case the combined actions that
are created are now added to the action library and thus
increase the number of available actions of the action
library that now includes the original actions as well as
the combined actions.

[0033] For simplicity of the present explanations the
combined actions have been limited to mention only com-
binations of two original actions that are combined to form
one combined action. Of course the idea of the present
invention may also be extended to the combination of
more than two actions. Thus, even three or more of the
original actions may be combined.

[0034] Inthe next stage (B) of the present invention it
is necessary to find out which of the new combined ac-
tions are feasible. Feasibility is not given alone in case
that the combination of actions satisfies the robot's con-
strains, butit has also to be considered whether the com-
bined action is useful for the relevant situations. This can
be evaluated by learning a new control policy onthe basis
of the action library that is given after the addition of the
generated combined actions. The learning itself is per-
formed with a state of the art reinforcement learning tech-
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nique as already mentioned above.

[0035] Figure 4 shows a table that might be an initial
table when the learning process is started. The Q-learn-
ing algorithm that is used has to consider a few special
aspects due to learning the combined actions.

[0036] Inthe present case it is assumed that the orig-
inal actions already were the basis for a learning process
so that the left part of the Q-map that is shown in figure
4 that mentions the states as well as the individual (or
original) action is the learning result as it was shown in
stage Ainfigure 2. Knowledge about such previous learn-
ing process will speed up learning of the new control pol-
icy including the combined actions significantly.

[0037] Asshowninthe figurethe existing policy without
the combined actions is used as a starting point. The
existing policy is now refined by taking into consideration
the combined actions additionally. For each combined
action thatis added to the action library a column isadded
to the Q-map. On the basis of the already known control
policy for the original actions, rewards for the combined
actions are defined. Itis to be noted that the reward func-
tion has to involve rewards that favor parallel over se-
quential action execution in order to in fact take the new
combined actions into consideration significantly. The re-
wards could be either a fixed reward for simply choosing
a combined action or a reward for faster execution time.
This means the robot sclves the problem quicker due to
doing things in parallel.

[0038] The added columns are thus initialized to the
maximum value that an action in the respective situation
has plus 1. As the Q-learning selects the actions with the
highest Q-value during an exploitation step, the algorithm
is forced to focus on exploring the new combined actions,
which improves the learning speed significantly. The re-
sult of the reinforcement learning step is a control policy
that uses the previously existing action and - if possible
- also some of the combined actions. This means that
the policy does not only include information about which
actions are feasible at all, but also in which situations
they could be used.

[0039] Itis evidentthat the knowledge about feasibility
of the combined actions may also be used in order to
remove irrelevant combined actions from the action li-
brary. This is in particular important since in further iter-
ations the whole method may be repeated and a smaller
number of then original actions is used for further
processing.

[0040] Once a policy has been learned including the
combined actions a number of these combined actions
cannot be used. One reason may be a violation of robot
constrains, such as joints limits or collisions, another one
is thatthe combined action does not offer any advantages
in a specific scenario. Thus, to keep the action library
small for reasons given above, such irrelevant combined
actions are removed from the action library. In case of a
Q-map this could be achieved by removing all combined
actions that have a Q-value smaller than the maximum
Q-value for this particular state. Atthe end of the method

15

20

25

30

35

40

55

as now described there exists a new action library which
comprises the original actions plus a number of added
combined actions. If the whole method is repeated this
new action library is assumed to include the original ac-
tions and the combined actions as original actions for the
next iteration.

[0041] As it has been mentioned earlier, it is in partic-
ular advantageous to simulate as many of the method
steps as possible in order to be efficient when an action
library has to be created.

[0042] Coming now again to figure 5 and 6 with the
present invention the robot 10 can be operated to simul-
taneously use his left and rightarm 11, 12. While the right
arm 11 of the robot pushes the tray 13 aside towards the
centre ofthe working range the leftarm 12 simultaneously
can pick up the cup 14. Obviously such parallel execution
of two actions can significantly increase the efficiency of
the robot’s work. At the same time the appearance of its
behavior is significantly increased because of the more
human like behavior.

[0043] Another example for anapplication of the inven-
tive method is aflexible automation by combining actions
and creating efficient policy for additional robot work
force. In industrial application often various types of ro-
bots are used to apply different treatments to materials
and products. The robots often carry out very specific
tasks repetitively and with a precise timing. However, a
recent trend in automation is to add more flexibility to the
production process. As it will be explained now with the
present invention the flexibility in such automation sce-
nario can be increased.

[0044] Figure 7 shows such scenario. The scenario is
a fictive production setting in which the robotic arm is
used to sequentially apply different treatments to a prod-
uct. Examples for such treatments are fixing a cable to
a product 16, drilling a hole, fitting something into the
hole afterwards and so on. Again, the types of actions
and also their sequential execution are defined by a hu-
man designer. The designer knows of which actions the
robot is capable in order to perform all tasks. The actions
that are to be performed are not necessarily dependent
on each other, but of course a single robot 15.1 can only
perform them sequentially. If now, due to an increased
demand, the throughput of the robotic manufacturing
process needs to be increased and an additional robot
arm 15.2 can be added to the production area. The con-
sequence is the situation shown in figure 7 which shows
two robot arms 15.1, 15.2 cooperatively working on the
samewark piece 16. The tworobotarms 15.1, 15.2, shar-
ingthe same work space, can then be seenas one robotic
system that could perform independent actions on the
same product 16 in parallel. Any action that the human
design defined previously can be performed by either of
the two robots 15.1, 15.2. The present inventive method
can then be used to evaluate automatically which com-
binations of such actions are possible with regard to col-
lision avoidance between the robot arms 15.1, 15.2, ex-
ecutiontime of actions and dependency between actions.
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Thus, the combined actions in the sense of the method
of the present invention consists of an action that is per-
formed by the first robot arm 15.1 and a second action
that is performed by the second robot arm 15.1.

[0045] Consequently, the first step in process is to au-
tomatically generate candidates of combined actions by
adding all combinations of any two individual actions of
the action library 6 as it was explained already with re-
spect to figure 2. After that the learning algorithm is ap-
plied resulting in learning a policy that encodes which of
the combined actions can be executed by the two robot
arms 15.1, 15.2 in parallel. The candidates of combined
actions that are not used in the control policy are then
removed from the action library 6and on the basis of the
now resulting action library 6and the policy resulting from
the learning process, the two robots 15.1, 15.2 are op-
erated in parallel.

Claims

1. Method for improving operation of at least one robot
being operated on the basis of a set of predefined
actions, the method comprising the steps of:

- generating combined actions (S1, S3) by com-
bining at least two actions out of a set of original
actions stored in an action library,

- storing the combined actions in the action Ii-
brary (6)in addition to the original actions,

- applying a reinforcement learning algorithm to
the setof actions stored now in the action library
(6) to learn a control policy making use of the
original actions and the combined actions, and
- operating therobot (10, 15.1,15.2) on the basis
of the resulting action library (6).

2. Method according to claims 1,
characterized in that
combined actions that are determined not to be used
after the reinforcement learning step are removed
(S5) from the action library (6).

3. Method according to claim 1 or 2,
characterized in that
that the combined actions are combinations of two
original actions wherein such combination is per-
formed (S1) for all possible pairs of original actions
out of all original actions of the action library (6).

4. Method according to claim 3,
characterized in that
determining which of the combined actions are im-
possible and
omitting storing those impossible combined actions
in the library.

5. Method according to claim 1 or 2,
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characterized in that

in the generating step (S3)there are combined any
two original actions that appear sequentiallyina con-
trol policy that is a result of a reinforcement learning
step (S2) that was previously applied to the set of
original actions of the action library (6).

Method according to any one of claims 1 to 5,
characterized in that

when control policy learning for the set of actions
including the original actions and the combined ac-
tions is performed by applying the reinforcement
learning algorithm (S4) knowledge about a control
policy (S2) generated on the basis of the original
actions only is used.

Method according to any one of claims 1 to 6,
characterized in that

for the application of the reinforced learning algo-
rithm reward functions are used that favor combined
actions and/or faster task achievement.

Method according to any one of claims 1to 7,
characterized in that

at least the steps of generating the combined actions
(81, S3), storing the combined actions and applying
the reinforcement learning algorithm (S4) are per-
formed as a simulation.

Method according to any one of claims 1 to 8,
characterized in that

at least the steps of generating the combined actions
(81, S3), storing the combined actions and applying
the reinforcement learning algorithm (S4) are per-
formed multiple times wherein in each iteration all
actions ofthe resulting action library (6) form the orig-
inal actions for the next iteration.
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