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„Im Begriff "Organisation" steckt die griechische Wurzel 

"organon", was so viel bedeutet wie "Hilfsmittel, Werkzeug". Das 

mag uns daran erinnern, was Organisation wirklich sein soll: Sie 

soll nicht im Mittelpunkt stehen, sondern Werkzeug sein, 

Hilfsmittel, um Arbeiten, Probleme, Aufgabenstellungen leichter, 

schneller und effizienter lösen zu können.“
Urheber: unbekannt, [4]
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1. Problembeschreibung

-keine feste Installation des Systems

-Limitierungen an Platz, Energieverbrauch, Rechenleistung

- fehlende exakte Handlungsbeschreibung

[5] [6]
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2. Lösungsansätze

-Zielkonflikt: Qualität vs. Berechnungszeit

- unter Zeitdruck selten optimale Qualität benötigt

- bessere Qualität mit mehr Zeitaufwand erreichen

2.1. Anytime-Algorithmen
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Figure 1: Data flow diagram

of the system.

This section describes themodel of anytime sensing that we
implemented. It produces a domain descriptionwhose quality
measures the probability that an elementary (base level) po-
sition would be wrongly identified, that is, identified as free
space while actually blocked by an obstacle or vice versa.
We assume that within the area in which the sensors are ef-
fective, the quality of sensing is not affected by the robot’s
position. Our general model, however, does not require this
assumption.

Figure 2 shows the performance profile of the vision mod-
ule. It is characterized by several parameters: .
is theminimal amount of time needed for the sensor to pro-

duce an initial domain description with quality . Given a
shorter run-time, the sensor does not produce any description
of the domain. For a run-time , , the quality of
vision improves from to the maximal quality , which
is 1.00 in this example. Detailed analysis of anytime sensing
shows that in our domain sensing can be treated just as an
anytime computational module for the purpose of compila-
tion and monitoring. However, this proprty does not hold in
general [Zilberstein, 1993].

3 Anytime abstract planning

Our robot is situated in a simulated, two dimensional envi-
ronment with random obstacles. The robot does not have an
exact map of the environment but it has a vision capability
that allows it to create an approximate map. The accuracy of
the domain description depends on the time allocated to the
vision module. The environment is represented by a matrix
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Figure 2: The performance profile of the vision module

of elementary positions. The robot can move between adja-
cent cells of the matrix at a varying speed which affects the
execution time of the plan as well as the energy consumption.
When the simulation starts, the robot is presented with a cer-
tain task that requires it to move to a particular position and
perform a certain job. Associated with each task is a reward
function that determines the value of the task as a function of
completion time. The system is designed to control themove-
ment of the robot, that is, determine its direction and speed
at each point of time, while maximizing the overall utility.
The overall utility depends on the value of the task (a time
dependent function), and on the amount of energy consumed
in order to complete it.

The run-time monitor has to determine at each point how
much time to allocate to vision and path-planning based on
factors such as the current location of the robot, the estimated
distance to the goal position, the urgency of the task, and the
quality of the plan produced so far.

Path planning is performed using an algorithm which is a
variant of the coarse-to-fine search algorithm [Lozano-Pérez
and Brooks, 1984] that allows for unresolved path segments.
In order to make it an anytime algorithm, we vary the abstrac-
tion level of the domain description. This allows the algorithm
to find quickly a low quality plan and then repeatedly refine it
by replanning a segment of the plan in more detail. The rest
of this section describes the algorithm and its performance
profile.

3.1 Abstract description of the domain

In our hierarchical (quad trees) representation, the level
of abstraction corresponds to a certain coarse grid in which
every position, , is an abstraction of a matrix
of base-level positions. Each high level position has a certain
degree of “obstacleness” associated with it which is simply
the proportion of the matrix that is covered by obstacles.

3.2 The anytime planning algorithm

The interruptible anytime planner (ATP), shown in Figure 3,
constructs a series of plans from start to goal, whose qual-
ity improves over time. It starts with a plan generated by
performing best-first search at the highest level of abstraction
( ). Then, it repeatedly refines the plan created so far
by selecting the worst segment of the plan, dividing it into
two segments (of identical length), and replacing each one of

Conditional Performance Profile, [1]
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and Brooks, 1984] that allows for unresolved path segments.
In order to make it an anytime algorithm, we vary the abstrac-
tion level of the domain description. This allows the algorithm
to find quickly a low quality plan and then repeatedly refine it
by replanning a segment of the plan in more detail. The rest
of this section describes the algorithm and its performance
profile.

3.1 Abstract description of the domain

In our hierarchical (quad trees) representation, the level
of abstraction corresponds to a certain coarse grid in which
every position, , is an abstraction of a matrix
of base-level positions. Each high level position has a certain
degree of “obstacleness” associated with it which is simply
the proportion of the matrix that is covered by obstacles.

3.2 The anytime planning algorithm

The interruptible anytime planner (ATP), shown in Figure 3,
constructs a series of plans from start to goal, whose qual-
ity improves over time. It starts with a plan generated by
performing best-first search at the highest level of abstraction
( ). Then, it repeatedly refines the plan created so far
by selecting the worst segment of the plan, dividing it into
two segments (of identical length), and replacing each one of

Verfahren der 
Planungsoptimierung

Andreas Meier
6

2. Lösungsansätze
2.1. Anytime-Algorithmen

-optimale Zeitzuteilung vorher 

bestimmt



Verfahren der 
Planungsoptimierung

Andreas Meier
6

2. Lösungsansätze

-Monitor variiert Zeitzuteilung
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•Intra-Frame-Optimization

2.1. Anytime-Algorithmen

Allgemeiner Datenfluss [1]
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-Experiment: Pfadsuche in Konkurrenz zu A* implementiert

-Anytime-Algorithmus: 93 % der Qualität von A*, 27 % der Zeit

2. Lösungsansätze
2.1. Anytime-Algorithmen
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-Experiment: Pfadsuche in Konkurrenz zu A* implementiert

-Anytime-Algorithmus: 93 % der Qualität von A*, 27 % der Zeit

Eigenschaften

- skalieren sehr gut       Echtzeitbetrieb

- versuchen zu optimieren

- können Plattformunabhängigkeit schaffen

- Conditional Performance Profiles aufwändig zu bestimmen

2. Lösungsansätze
2.1. Anytime-Algorithmen
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2. Lösungsansätze

Woher weiß ein Roboter, mit welchen Handlungen er von einem 

Start- zu einem Zielzustand gelangt?

2.2. Subsymbolic Action Planning

Variante 1: Entwickler beschreibt Umgebung und Operationen



2 John Pisokas and Ulrich Nehmzow

each perceptual state, and to be able to re-use acquired knowledge in different tasks. The

approach we present in this paper is an example of a mechanism capable of doing that.

Regarding work in subsymbolic action planning for robots, Zeller et al. present a solution

to a path planning problem for a real robot arm, using subsymbolic methods [14]. Their

approach, however, relies on task-specific heuristics, a dependance that we avoid in the work

presented here.

In [11] we presented a subsymbolic action-planning mechanism capable of pursuing plans

using previously acquired subsymbolic representations. This is not unlike the work of Bug-

mann [3], with the differences that we used a self-sufficient robot, capable of moving in two

dimensional space and with a larger behavioural repertoire. Additionally, by using a self-

organising feature map (SOFM) [7, 8] for clustering sensory perception the effect of noisy

data is reduced. Searching for plans was achieved by using reaction-diffusion dynamics [13];

proposed by [12] for accomplishing search through a symbolic search space, as in [5] and [6].

In contrast to this work, we use reaction-diffusion dynamics for searching through a subsym-

bolic search space.

In summary, the mechanism we presented in [11] was capable of pursuing plans using

previously acquired subsymbolic representations. However, a problem arises when there is

no known sequence of actions leading from the current sensory perception to the goal sen-

sory perception, because the planner is not able to pursue a plan, and terminates. This paper

presents two new versions of the subsymbolic action-planning mechanism that attempt to

pursue plans through unexplored regions of the robot’s perceptual space.

2 The Original Subsymbolic Action-Planning Mechanism

The architecture of the subsymbolic action-planning mechanism is shown in figure 1.
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Figure 1: The subsymbolic action planning mechanism. The perceptual space layer consists of s self-organising

feature map which clusters sensory perception. Action-links between pairs of perceptual nodes are stored in the

action-space layer. Action plans are determined by linking nodes of the perceptual-space layer through links

stored in the action-space layer.

Initially the robot is left to explore its environment executing randomly selected motor

actions, from a pre-defined behavioural repertoire. Each action takes the robot from an initial

sensory perception to a resulting sensory perception. Perceptions are used to train a self-

organising feature map (SOFM) as a clustering mechanism while the actions are entered into

the mechanism as directional action-links — between initial and final perceptual nodes —

labelled with the corresponding action (figure 1). In this manner, the robot develops a repre-

sentation of perception-action-perception triples throughout the exploratory phase.

Once such a representation is established, it is relatively straightforward to search for

complete plans between the current (initial) sensory perception and an externally specified
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Original Planner

•Start- und Zielwahrnehmung in Feature Map (SOFM) gesucht
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Neighbourhood Planner

•Wahrnehmungen betrachtet, die in der Nähe der 

Zielwahrnehmung liegen

2. Lösungsansätze
2.2. Subsymbolic Action Planning



Original Planner

•Start- und Zielwahrnehmung in Feature Map (SOFM) gesucht

•anschließend Planung eines Pfades

Verfahren der 
Planungsoptimierung

Andreas Meier
9

Neighbourhood Planner

•Wahrnehmungen betrachtet, die in der Nähe der 

Zielwahrnehmung liegen

Radial Basis Function Planner (RBF Planner)

•gleiche Handlung       ähnliche Wahrnehmungsveränderung

•vorher neuronale Netze für jede Handlung trainiert

2. Lösungsansätze
2.2. Subsymbolic Action Planning
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Experiment: Orientierung in Umgebung (farbkodierte Wände)

Ergebnisse

1.Original Planner im Durchschnitt der Schlechteste

2.Neighbourhood Planner und RBF Planner ähnlich gut

3.komplexe Umgebungen überfordern jeden Planner

2. Lösungsansätze
2.2. Subsymbolic Action Planning



Eigenschaften

- Roboter erkundete Umgebung selbständig, konnte 

Assoziationen schaffen

- überfordert mit komplexen Umgebungen

- muss vorher aufwändig trainiert werden
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2. Lösungsansätze

- gestiegene Anforderungen        künstliche Intelligenz eingesetzt

- basiert auf rationaler Weltanschauung

-nachteilig in hochdynamischen und unvorhersehbaren Situationen

-Menschen handeln in solchen Situationen oft emotional

2.3. Emotionsbasierte Handlungsplanung
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- gestiegene Anforderungen        künstliche Intelligenz eingesetzt

- basiert auf rationaler Weltanschauung

-nachteilig in hochdynamischen und unvorhersehbaren Situationen

-Menschen handeln in solchen Situationen oft emotional

2.3. Emotionsbasierte Handlungsplanung

-Übertragung auf mobile Robotiksysteme

-Kernelement ist komplexes Gedächtnis

-Roboter verfolgt verschiedene Verlangen und durchlebt 

Emotionen (Angst, Panik, Wut)
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<

1!

gespeicherte Erinnerung [3]

2. Lösungsansätze
2.3. Emotionsbasierte Handlungsplanung

-Erlebnisse speichern: Verlangen, 

Systemdaten, Handlungsablauf

-Abschätzung über Erfolg und Alternativen



Verfahren der 
Planungsoptimierung

Andreas Meier
12

bei bekannter Situation, Erinnerung 

geladen und genutzt

ähnliche Situation erlebt,  Vergleich auf 

Übereinstimmungen

Situation unbekannt       probieren

!

!
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gespeicherte Erinnerung [3]

2. Lösungsansätze
2.3. Emotionsbasierte Handlungsplanung

-Erlebnisse speichern: Verlangen, 

Systemdaten, Handlungsablauf

-Abschätzung über Erfolg und Alternativen
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-Tests lediglich in Simulation durchgeführt

-flexibel und Entscheidung zwischen verschiedenen Handlungen

2. Lösungsansätze
2.3. Emotionsbasierte Handlungsplanung
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Eigenschaften

- mächtiges Konstrukt, könnte gut in unerwarteten Situationen 

reagieren

- keine echten Emotionen, weiterhin ein mathematisches Modell

- System sehr komplex, abhängig von Parametern (Wahl 

zwischen Alternativen)

-Tests lediglich in Simulation durchgeführt

-flexibel und Entscheidung zwischen verschiedenen Handlungen

2. Lösungsansätze
2.3. Emotionsbasierte Handlungsplanung
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3. Zukünftige Herausforderungen

neue Einsatzbereiche (z.B. Automotive, Medizin)

höhere Leistungsanforderungen, mehr Sensoren

neue Algorithmen und Verfahren eingesetzt

mehr Rechenleistung und bessere Planungsverfahren nötig
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4. Zusammenfassung

Probleme: Limitierungen an Platz, Energie und Rechenleistung 

sowie fehlende exakte Handlungsbeschreibungen

- aufwändige Berechnungen in Offline-Prozesse verlagert

-Anytime-Algorithmen können Rechenleistungs-/Energieproblem 

verringern

- Subsymbolic Action Planning und emotionsbasierte 

Handlungsplanung ermöglichen Roboter ein Verständnis eigener 

Handlungen und ihrer Folgen

- zukünftig weiter steigende Bedeutung der Planungsalgorithmen
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Ende

Vielen Dank für die Aufmerksamkeit

                      Fragen?


