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Universitat Politècnica de Catalunya
Barcelona, Spain

oriol.ruiz.celada@upc.edu
ORCID: 0000-0002-6171-7270

Jan Rosell
Institute of Industrial and Control Eng.

Universitat Politècnica de Catalunya
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Abstract—Automated planning is commonly used to obtain
plans to solve particular tasks. To execute these plans, Behavior
Trees have emerged as a popular execution architecture due to
their reactivity and modularity. Configuring the execution of a
plan into a Behavior Tree requires expanding the high level
actions into the proper Behavior Tree structure. Typically, this
is achieved using of pre-defined rigid templates. In this work,
we propose a novel approach to generating the Behavior Trees
using ontologies. The generated Behavior Trees are tailored to the
specific requirements of a task and the world by using modifiers
to a base template that provides a general solution to the task.
These modifiers and their properties are formally defined using
ontologies. A proof of concept is developed, illustrating how
the Behavior Trees for the execution of manipulation tasks in
a kitchen scenario can be adapted to varying conditions by
applying different modifiers.

Index Terms—Robotic Manipulation, Behavior Trees, Auto-
mated Planning, Knowledge Representation and Reasoning, On-
tologies.

I. INTRODUCTION

To enable robot manipulation programs to adapt to unstruc-
tured environments, they must be both general and adaptable
to various situations. In this context, research into automated
planning has extensively focused on developing planners to
address a wide range of tasks, from manipulating small objects
to managing large-scale logistics in Industry 4.0 warehouses.
In this work, in particular, we focus on the field of task
planning, which deals with obtaining the set of actions that
the system must execute in order to reach a certain goal state.
While planners capable of generating correct action sequences
have existed for decades, there remains strong interest in
exploring how to effectively integrate acting with planning.
This is because existing planning algorithms often use action
models that describe what the actions do, but do not describe
how these actions will be carried out [1]. For instance, in
dynamic environments, under partial observability and subject
to interferences, obtaining a robust plan remains a significant
challenge because the robot must couple observation actions
with actuation actions to adapt to disruptions and uncertain-
ties [2]. In particular, for true robustness, the robot requires
observing its environment and be capable of monitoring,
refining, extending, updating, changing, and repairing its plan
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at runtime [3]. To achieve this adaptability to uncertainty, it
is necessary to integrate both functional properties (those that
affect the world by moving the robot towards achieving the
goals) and non-functional properties (those that support the
execution, such as monitoring and replanning [4] [5]).

The plans generated by the existing planners are usually
not directly executable by the robot, needing to be configured
into a desired execution structure, such as Finite State Ma-
chines [6], Petri Nets [7] or Behavior Trees (BTs) [8]. We
call this Execution Configuration. These structures are able
to control the flow of the actions in the plan and manage the
transitions between the states of the system. BTs, in particular,
have gained popularity in robotics due to their modularity and
reactivity properties, but it is important to highlight that they
also allow configuring and restructuring the execution of a
program at run-time instead of at compile time [9]. Different
behaviors are represented by their own modular trees, and
functional and non-functional properties can be integrated in
the same BT as different nodes and subtrees.

We present here an Execution Configuration proposal that
translates a high level plan obtained by a task planner into an
execution structure, BTs in this work, that will robustly execute
the plan. Many current solutions for Execution Configuration
rely on implicit representations of knowledge, leading to a
series of if-else statements in the code, which restricts the
implementation to a specific task and limits interoperability
and interchangeability [10]. Additionally, the use of templates
or action recipes that fix the execution structure for each
robot action is also common [11] [12]. These templates are
predefined and need to be designed when creating the problem
domain, but they can be left undetermined, allowing for pa-
rameters to be filled in during planning or during execution, for
instance, to select which arm must perform a Pick operation. In
these approaches, Execution Configuration consists in joining
the templates in the order established by the plan, with specific
knowledge queries used to complete them.

While the use of templates is functional, our approach goes
one step beyond in how the execution can be configured, by
making full use of the knowledge that is available to the robot
when orchestrating a plan. In other works, the templates are
rigid and do not allow variations based on the knowledge
of the world, and therefore may not be specialized to the
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Fig. 1: Illustration of the proposed approach to configure BT
templates based on ontological knowledge and Flavors.

specific situation at hand [13], instead, our approach uses
this knowledge to tailor and optimize the resulting execution
structure to the specific circumstances under which it will be
used.

Automating the creation of new robot programs without
having to repeat the design process is desirable [14]. To
achieve this, robots must have relevant knowledge to perform
their tasks and understand the problem domain [15] [16].
The way this knowledge is represented is of key importance
and, therefore, the field of Knowledge Representation and
Reasoning (KR&R) [17] has gained significant interest as a
core capability for cognitive autonomous robotics. A common
approach involves the use of ontologies, which represent the
concepts in the problem domain and how they are related to
one another in a machine-understandable way [18]. Reasoning
is then used in robotics to automatically fill the gaps between
the pieces of information that have been asserted, inferring new
knowledge. This ability to update conclusions when getting
new information is necessary for dynamic adaptation in non-
deterministic environments [19]. Additionally, the robot must
be aware of its own capabilities and skills, and how they can
be executed.

In this work, we propose an ontological representation of
robotic Behaviors that enables richer descriptions of their
skills and supports adaptive execution based on task-specific
and environmental conditions. Central to this approach is
the introduction of Flavors, modifiers applied to Behaviors
through ontological reasoning, which allow for the dynamic
configuration of BTs. Figure 1 illustrates a generic example
where two BTs are modified by applying different Flavors,
guided by environmental knowledge. We refer to this process
as Execution Configuration using Flavors, and detail its im-
plementation in the following sections.

The contributions of this work are:
• A novel characterization of domain and execution knowl-

edge to define robot Behaviors within Behavior Trees.
• An enhanced ontology-based description of robot Behaviors

that enables variations and intricate Behavior Tree struc-
tures, while avoiding reliance on predefined templates.

• A knowledge-driven dynamic procedure to generate adap-
tive Behavior Trees, with reasoned incorporation of both
functional and non-functional actions.

After this introduction, the paper is structured as follows.
Section II provides an overview of existing literature on Execu-
tion Configuration and the tools used in this work. Section III
introduces the framework of this work, setting the context for
implementing the proposal. Section IV presents the proposed
knowledge-based Execution Configuration. Section V offers
a proof of concept of the proposed approach in a real-world
setting through an example. Section VI presents a discussion
of new challenges and future work. Finally, definitions of key
concepts used in this paper are summarized in a glossary in
an appendix.

II. BACKGROUND AND PREVIOUS WORKS

This section is divided into three subsections. The first two
cover the basics of ontologies and Behavior Trees (BTs), the
two main tools used in this work, and the third one contains
an overview of previous Execution Configuration approaches.

A. Ontologies

Ontologies are widely used formalisms in the field of
robotics as a method to represent knowledge [20]. They make
explicit all the relevant information of a domain and present it
in a machine-readable format, enabling software to engage in
logical reasoning over the knowledge, facilitating the inference
of additional information. The use of semantics is crucial for
providing a comprehensive depiction of the environment, the
available actions, and the state variables, which ensures an
efficient and effective execution of robot actions [19].

With the aim of facilitating integration of different ontolo-
gies through the web, the shared Ontology Web Language
(OWL) [21], specified by the World Wide Web Consor-
tium [22], was created. OWL integrates different formats
(.xml, RDF, RDF-Schema) to enable multiple systems to share
semantic information. OWL is based on Description Logic
(DL) [23], allowing the use of DL reasoners such as Pellet [24]
or HermiT [25]. OWL also allows formalizing a domain
into Classes, Individuals (members of those classes), Object
Properties (relating two individuals to each other), and Data
Properties (relating an individual to a data value). Ontologies
can be created using editors such as Protégé [26].

Ontologies are categorized into three levels of abstrac-
tion: Upper, Domain, and Application ontologies [27]. Upper
ontologies, such as the Suggested Upper Merged Ontology
(SUMO) [28], define universally applicable concepts like
space, time, matter, object, event, and action, independent of
specific domains. Domain ontologies define terms specific to
a particular field, with the Core Ontology for Robotics and
Automation (CORA) [29] and the more recent Autonomous
Robotics Ontology (AuR) [30] being standards for the domain
of autonomous robots within the robotics field. Application
ontologies encapsulate all the knowledge necessary to describe
a particular scenario or task. The use of Upper and Domain
ontologies is encouraged to facilitate the integration of works
from different research groups working in the same field [31].

DL reasoners can be used to infer new knowledge, by taking
into account the features that the properties in the ontology



may have, like being transitive or symmetric. For instance,
when describing a scene with objects, spatial relationships can
be defined with properties like isNextTo, which has the
symmetry feature [32], allowing the reasoner to automatically
infer that if A isNextTo B then B isNextTo A. For more
complex reasonings, there is the Semantic Web Rule Language
(SWRL) [33], whose rules are formed by an antecedent and a
consequent, each of them formed by multiple predicates that
refer to knowledge in an OWL format: classes, properties,
individuals and data values [19].

B. Behavior Trees

Behavior Trees [8] allow for a natural way of defining
Behaviors [9]. Their use in robotics, specially in skill-based
systems, has risen due to their modular, interpretable and
reactive capabilities [34].

Behavior Trees (BTs) are directed rooted trees formed by
nodes. A tick signal propagates at a given frequency from the
root of the tree to the nodes, executing them when ticked.
Nodes may return either SUCCESS, FAILURE or RUNNING
(meaning that the execution is still taking place). Nodes can
be classified as:

Control Nodes: they have a number of children nodes, and are
used to control their execution flow by regulating the tick
signal. In turn, they can be:

Sequence Nodes (indicated by “→”) that return SUCCESS
only if all the children nodes return SUCCESS.

Fallback Nodes: (indicated by “?”) that return SUCCESS as
soon as one of the children nodes returns SUCCESS.

Leaf (or execution) Nodes: they have no children and are used
to represent single functionalities. In turn, they can be:

Condition Nodes: that are used to represent simple checks
(e.g., “is the door open?”), and can return either
SUCCESS or FAILURE.

Action Nodes: that are used to represent actions (e.g., “move
the arm to a pose”), and can return either SUCCESS,
FAILURE or RUNNING. Their execution can be pre-
empted.

Nodes have ports to access a key/value storage, called
the BT blackboard, where input/output data is read/writ-
ten. Grouping the nodes into subtrees allows reusing whole
branches of BTs.

C. Execution Configuration

The integration of knowledge in Execution Configuration
has not been fully realized yet. Some approaches use knowl-
edge to enhance the planning capabilities, but then directly
execute the actions of the planner [19] [20]. In these ap-
proaches, there is a significant limitation regarding the need
for re-planning when the robot actions fail due to uncertainties.
These uncertainties may stem from unexpected outcomes or
disparities in the dynamic state of the world, leading to
frequent plan failures. Re-planning is both time-consuming
and resource intensive, especially for complex tasks involving
numerous objects and actions.

In contrast, BTs inherently offer reactivity by continuously
checking conditions and switching actions based on the per-
ceived world state. However, scaling up BTs for tasks with
many objects and subtasks is challenging, as larger BTs be-
come difficult to be manually designed. The topic of automatic
BT generation has been growing in popularity [35], with
two main strategies: learning-based and planning-based [36].
Learning-based approaches are able to learn how to generate
BTs through reinforcement learning [37], evolution-inspired
learning [38], genetic programming [14] and the use of Large
Language Models [39] [40]. While these methods are promis-
ing, they suffer from lack of explainability regarding the final
BT structure obtained.

Planning-based approaches, on the other hand, use planning
algorithms applying reasoning with specific knowledge to
refine BTs, combining the reactivity of BTs with the goal-
directed nature of planners. The typical process uses a planner
to first compute a task-solving plan and, then, converts the
actions of this plan into a BT [36]. This has been used
in several works [3] [9] [10] [41] [42], including also our
previous work [12], where a planner based on the Planning
Domain Definition Language (PDDL) [43] was used.

A notable contribution in this area is the work of Colledan-
chise et al. [44], who proposed an automatic planning approach
for Behavior Trees (BTs) based on backchaining. Starting from
an initial atomic BT, the system dynamically expands the
tree whenever a condition fails, replacing it with a subtree
that achieves the failed condition. This enables the BT to
adapt to environmental changes without the need for complete
replanning. By associating actions with preconditions and
postconditions, the approach supports reactivity and modular-
ity. Additionally, conflicts in action sequences are addressed by
dynamically reordering the tree to maintain feasibility. While
the method is highly reactive, it has limitations in the types
of adaptations it can handle.

Extended Behavior Trees [9] (eBTs) add an additional step
in the refining of the planned BT by using an optimizing algo-
rithm that merges and parallelizes BT structures into a more
compact and efficient BT. The applications of eBTs shown
in [45] are represented by parallelizable motion primitives
coordinated through BTs and superposed via motion genera-
tors. This method enables reactive adaptation to environmental
changes by dynamically blending motion contributions. While
it improves modularity and robustness, especially for low-level
motion behaviors, it focuses mainly on local reactive strategies
rather than complex high-level task reasoning.

In partially observable environments, the combination of
both sensing an acting becomes vital for a robust task ex-
ecution. The Adjoint Sensing an Acting (ASA) model [46]
starts from a Partially Observable Markov Decision Process-
planned BT and automatically extends the actions into two
types of custom-made BT structures, using sensing for acting
and using acting for sensing. This approach leads to more
robust plans for simple actions, but with limited complexity
of BT structures that can be used to represent robotic skills.

Despite the advantages of these approaches in generating



reactive and adaptable BTs, they typically do not incorpo-
rate ontological reasoning in the configuration of BTs. This
limits their scalability to more complex domains where task
understanding and skill composition require deeper semantic
grounding. Our approach allows for reasoning to adapt the
refining of Behavior Trees with ontological knowledge.

III. FRAMEWORK

The work presented in this paper is framed in the
ontology-based adaptive robotic manipulation framework
BE-AWARE [47], which is intended to be used in robotic
manipulation scenarios with dynamic environments. The BE-
AWARE framework uses Knowledge Representation and Rea-
soning capabilities to allow awareness of the world to plan the
actions to evolve towards the goal, monitor the execution of
the resulting plan, and adapt it in case of disruptions.

The proposed approach for Execution Configuration is re-
sponsible for generating a BT adapted to the current scenario,
which can in turn react and adapt the execution to unexpected
changes. For this, BTs of planned Behaviors are configured to
include monitoring and recovery branches.

A. The Execution Configuration Module

The Execution Configuration approach presented in this
paper constitutes the Execution Configuration Module of the
BE-AWARE framework. The pipeline illustrated in Figure 2
shows the steps necessary to go from the introduction of
a new goal in the framework, to the execution of the BT
generated to reach it. When a new goal is introduced, the
new problem is configured in the (Re)Planning Design module,
which converts the knowledge in the Knowledge Base into the
PDDL files needed for planning. The procedure to generate
PDDL files from ontological knowledge is detailed in our
previous work [48]. The PDDL files are sent to an off-the-
shelf task planner, such as Fast Forward (FF) [49], to obtain
a high-level task plan to change the current state into the
goal state. The Execution Configuration serves as the bridge
between high-level Task Planning and low-level Execution,
by obtaining the Output Behavior Tree, which is the BT that
will actually execute the plan. The proposed approach for
Execution Configuration relies on the Knowledge Manager,
explained below, to retrieve the available knowledge. Finally,
the Output Behavior Tree is executed by the BT Executor
Module.

(Re)Planning
Design Task Planner Execution

Configuration BT ExecutorGoal

BE-AWARE
KNOWLEDGE BASE

PDDL
Files

Task
Plan

Output
BT

PICK TIAGO CAN1 TABLE1

MOVE TIAGO TABLE2

PLACE TIAGO CAN1 TABLE2

Example

Fig. 2: Pipeline schema between Planning and Execution.
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application.

B. Knowledge Manager

The Knowledge Manager, detailed in Figure 3, manages
the Knowledge Base that contains all the knowledge that the
functions in the framework require. The Knowledge Manager
opens an entry point for queries to retrieve existing knowledge
and to introduce updated knowledge into the Knowledge base.
The Knowledge Base has two categories of knowledge:
• Ontological Knowledge: It is the knowledge defined in an

ontology. There are three ontologies in the Knowledge Base.
The first one, the Base Ontology, is the IEEE Standard
for Autonomous Robotics Ontology (AuR Ontology) [50].
Recent surveys on ontologies in robotics [31] show the
necessity for standardization and compatibility between
projects related to the use of ontologies in autonomous
robotics. Basing the other ontologies in the framework on
this standard facilitates compatibility of the BE-AWARE
framework with the broader research community. The sec-
ond ontology is the BE-AWARE Ontology, developed to
define all the concepts (Classes, Properties, SWRL rules)
necessary for an integrated implementation of the different
functions of the framework, including the concepts defined
below in Section IV for the Execution Configuration. The
BE-AWARE Ontology is compliant with the AuR Ontology
and is domain neutral within the field of autonomous robots.
For a specific domain, concepts such as types of objects,
robots and their capabilities, behaviors and properties of
the world need to be defined. To do so, the user has to
define these concepts into a third ontology, the Application
Ontology, which needs to be compliant with the BE-AWARE
Ontology, and, therefore, with the AuR Ontology.
When initializing the framework, the Knowledge Base is
populated with instances of the concepts defined in the
ontologies. These instances have their own properties and
relations with one another, following the semantics de-
fined in the ontologies. As an example, the BE-AWARE
Ontology includes the class Object. The user, when
creating their own Application Ontology, can create the
subclasses DangerousObject and Knife, and define,



for their own domain, that all knives are dangerous. When
the perception module detects a knife, an instance of the
class Knife is created, and reasoning will automatically
classify it as a DangerousObject, information that then
can be used by the other modules in the framework.

• Other Knowledge: It is the Knowledge that is not defined
in the ontologies. For Execution Configuration, this knowl-
edge includes the PDDL files for planning and the Template
Library, which includes the different BT Base Templates for
the different Behaviors needed.

For the implementation of the Knowledge Manager, the
Owlready2 library [51] is used, which loads the ontologies
and instances into an optimized quadstore based on SQLite3.
Owlready2 permits the use of SPARQL [52] queries to interact
with the Knowledge Base, retrieving and updating information.
The benefit of the framework structure is that all the modules
can access this knowledge using these queries. New knowledge
can be asserted, such as creating a new instance of the Can
class when a new can is seen by the sensors, or retrieved,
such as asking what kind of end effector Tool a robot
has. A reasoner, currently Pellet [24], allows inferring and
deducing new facts and relations inside the Knowledge Base.
The reasoner is run periodically, so the framework has an up-
to-date awareness of the state of the world.

IV. EXECUTION CONFIGURATION

In the Execution Configuration presented here, reasoning is
used so that the same Behavior, such as a Pick, is configured
into different BT structures depending on the conclusions
reached using the current knowledge. For instance, the Exe-
cution Configuration can come to the conclusion that in order
to perform a Pick of a book that is on a table, there is
the need to check if the book can be grasped in its current
position, and, in case it is not, trigger a contingency branch that
pushes the book slightly beyond the edge of the table before
attempting a lateral grasp. Many types of changes can be made
to the basic template of a BT to better suit a specific instance
of the problem, but they need to be formally defined and
implemented. In this proposal, these modifications are referred
to as Flavors, which are further discussed in Subsection IV-C.

In addition to Flavors, the approach developed in this
work allows for full awareness and control of the resulting
BT structure. Monitoring and replanning capabilities, in the
form of BT branches, can also be integrated into the Output
Behavior Tree thanks to its modular structure.

The main aspects of the Execution Configuration are de-
tailed in the next subsections, as follows:
• Subsection IV-A describes the concepts of Primitive, Behav-

ior and Task Plan, and how they are related to Execution
Configuration.

• Subsection IV-B explains the pipeline of the Execution
Configuration and how it is related to the rest of the modules
in the framework.

• Subsection IV-C explains in detail the concept of Flavor, the
types of Flavors and the effects they have on the generation
of BTs.

• Subsection IV-D details the main function in the Execution
Configuration (function grow_subtree), which generates
the BT to be executed.
• Subsection IV-E discusses how reasoning can help to au-

tomate the process of designing Behaviors and applying
Flavors to them.
• Subsection IV-F provides information on the implementa-

tion of the proposal.

A. Main Concepts and Terminology

There is an array of terminology used in the literature
to refer to what is being planned, e.g., actions [11] [53],
skills [20] [53] [54], behaviors [14], tasks [39], processes,
action primitives [55], and commands [53], but there are
some overlaps that need clarification. A hierarchical structure
formed by Tasks, Skills and Primitives was defined in [56],
where: Tasks represent high-level goals, e.g., set the table;
Skills are the building blocks for the robot to complete
tasks, representing its capabilities, e.g., place object and open
door; and Primitives are the basic commands that cannot be
divided further, e.g., arm motion and close gripper. While this
hierarchy fits with the purposes of the BE-AWARE framework,
a slight change was made to be more in line with common
BT terminology. The terminology used in this work is:
• Primitive: An indivisible part of the execution, represented

as a BT execution node (Action Nodes represent Action
Primitives and Condition Nodes represent Condition Prim-
itives).
• Behavior: A composition of more than one Primitive,

forming a BT, that enables the execution of more complex
actions. Behaviors consist of Primitives and other Behav-
iors connected by Control Nodes. The term “Behavior” is
used instead of “Skill” because, in the literature, skills are
typically associated with a robot’s capabilities. In contrast,
this work uses “Behavior” to refer to any combination of
Primitives with meaning, regardless of whether it qualifies
as a robot capability.
A subset of the Behaviors is also represented as PDDL
Actions in the PDDL domain file; these are referred to
as Plan-Level Behaviors. Consequently, the high-level task
plan generated by the task planner is composed of Plan-
Level Behaviors. The information from the PDDL domain
file (including the PDDL predicates, preconditions, and
effects of the actions) is utilized by the framework when
handling the Plan-Level Behaviors.
• Task Plan: Sequence of Plan-Level Behaviors that solves a

particular problem. The example in Figure 2 shows a basic
Task Plan formed by a sequence of the Plan-Level Behaviors
Pick→Move→Place.
Primitive, Behavior and TaskPlan are all classes

defined in the BE-AWARE Ontology, as well as the
class PlanLevelBehavior, defined as a subclass of
Behavior. The user can create subclasses of these (to
have categories of Behavior or Primitive that share proper-
ties), as well as define those that will have an associated
PDDL Action as being a subclass of PlanLevelBehavior



and therefore part of a TaskPlan. For instance, the
user can define the classes ManipulationBehavior
and NavigationBehavior (to differentiate between two
groups of Behaviors in their domain, each with some common
properties), and define class Pick as a subclass of both
ManipulationBehavior and PlanLevelBehavior.

In the Knowledge Base, regular Behaviors have two rep-
resentations, while the subset of Plan-Level Behaviors have
three. They are the following:
• Ontology representation: An instance of the class
Behavior with some semantic properties. When creating
the Application Ontology, the user has to populate it with
instances of the Behaviors that exist in their domain, and
assert their properties, such as asserting the Flavors that
each Behavior has. Figure 4a shows a Behavior Instance in
the Knowledge Base and some of its properties.

• Behavior Tree representation: A Base Template of a BT
that is the basis over which the modifications described in
the Flavors will be applied. Base Templates may include
subtrees which are Base Templates of other Behaviors,
as shown in Figure 4b. Base Templates are stored in the
Template Library in the Knowledge Base using a .xml
format. The hasBTId property in the Knowledge Base
is used to link a Behavior instance with the ID of the
corresponding Base Template in the library.

• PDDL representation (only for Plan-Level Behaviors): A
PDDL Action with its parameters, preconditions and effects,
stored in the PDDL domain file. Each Plan-Level Behavior
has its own associated entry. Figure 4c shows a PDDL
Action definition for the Pick Plan-Level Behavior.

B. Execution Configuration Pipeline

The Execution Configuration Pipeline starts with the input
of a Task Plan and ends with the Output Behavior Tree
to be executed, and has several steps detailed below. It is
illustrated in Figure 5 (top) and exemplified in Figure 5
(bottom), showing how the Output Behavior Tree is grown
after each step.

First, Step 1 creates a BT for the Task Plan, which is
composed of a sequence node with a child subtree per Plan-
Level Behavior in the Task Plan. Then, iteratively, Steps 2
and 3 are executed to parse the Behaviors and grow the
subtrees. Step 2 parses each Behavior into a Seed, which is
used to grow a BT in Step 3. A Seed includes the Behavior and
a set of parameters to adjust the BT to the current situation. In
particular, the Seed directly points to the instances of both the
Behaviors and the parameters in the Knowledge Base, which
will allow the Execution Configuration to query any other
information related to them and needed to grow the tree. As an
example Figure 6 shows a step of the plan given by the task
planner, PICK TIAGO CAN1 TABLE1, which is parsed into
the Plan-Level Behavior pick, the robot tiago, the target
object can1 and the location table1.

The Seeds are parsed by finding a match between the
Behavior and the parameter names in the Task Plan to existing
instances in the Knowledge Base. In the example above, after

parsing, the system can identify the robot carrying out the
action (tiago) and retrieve all its properties and relationships
from the Knowledge Base, such as: it is a dual-armed mobile
robot, it has a front-facing camera, it has a prismatic torso
that can be lowered or raised to reach different heights, it
has planar grippers, it has a battery level of 50%, and it is
currently located facing table2. This knowledge is used later
to determine how the resulting BT will be structured when
applying the Flavors.

In Step 3, each Seed is used as the input for the
grow_subtree function, detailed below, which loads the
Base Template for the Behavior indicated in the Seed, con-
figures it by applying the Flavors, and adds it to the Output
Behavior Tree. If at the end of the call to the grow_subtree
function there are calls to other subtrees, representing sub-
Behaviors of the current Behavior, steps 2 and 3 are repeated,
creating a new Seed that inherits the parameters of the previous
one, but with the new Behavior, and grow_subtree is exe-
cuted again. This is done recursively until all leaves remaining
in the Output Behavior Tree are Primitives.

C. Flavors

A Flavor is a modifier used to adapt a Behavior, modifying
its Base Template if certain circumstances are met. This
modified BT is introduced in the Output Behavior Tree to
be executed. The modifications that Flavors apply to the Base
Templates include:
• reordering branches,
• adding or modifying control nodes by adjusting parameter

values,
• modifying Primitives,
• and replacing, inserting or deleting sub-Behaviors.

With Flavors, the Behaviors are enriched, enlarging the
number of BT structures that can be generated from a given
Behavior. For instance, the same Pick, defined by a single
Base Template, may have different Output Behavior Trees
depending on what Flavors have been applied to it. Flavors are
represented as instances of the class Flavor, and are linked
to instances of Behavior through the property hasFlavor.
The example in Figure 4a shows the Pick Behavior with two
Flavors.

Flavors are formed by three main components:
• FlavorTarget(s): Part, or parts, in the Base Template being

affected by the Flavor, like Primitives, BT control nodes and
other Behaviors, as well as the parameters in the nodes of
the BT.
• Trigger: Condition that determines if the Flavor is applied

or not. They serve a similar function as the applicability
rules used in [13] to reason on when to transform the
original robot Behavior at runtime. Triggers are checked
through SPARQL queries to the Knowledge Base that return
either True or False. The queries are stored in a generic way,
with parameters that represent information that needs to be
filled out. As an example, using the Seed in Figure 6, the
query of the Trigger in Figure 7 will be set by substituting
<obj> with the name of the obj parameter in the seed
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(a) Pick Behavior as an instance of the Behavior class in the Knowledge Base, defined in
the Application ontology.

<BehaviorTree ID="Basic Pick">

  <Sequence name="Pick Sequence">

    <SubTree ID="Select Tool" tool="{tool}" />

    <Action ID="Open" tool="{tool}" />

    <SubTree ID="Go To PreGrasp" />

    <SubTree ID="Go To Grasp" />

    <Action ID="Close" tool="{tool}" />

    <SubTree ID="Lift Object" />

  </Sequence>

</BehaviorTree>

B: Go To Pregrasp

B: Go To Grasp 

P: Open

P: Close

B: Lift Object

Basic 
Pick

B: Select Tool

←

Primitive

Behavior

(b) Base Template of the Pick Behavior in .xml and its corresponding BT.

( : a c t i o n p i c k
: p a r a m e t e r s ( ? rob − r o b o t

? o b j − o b j e c t ? s u r f a c e −
l o c a t i o n )

: p r e c o n d i t i o n ( and ( n o t
( c l e a r ? o b j ) ) ( t o o l e m p t y
? rob ) ( on ? s u r f a c e ? o b j ) )

: e f f e c t ( and ( h o l d i n g ? rob
? o b j ) ( n o t ( on ? o b j
? s u r f a c e ) ) )

)

(c) Pick Behavior as a PDDL Action in the PDDL
domain file.

Fig. 4: Representations of the Behavior Pick in the BE-AWARE framework.

(can1). In this way, the generic query is specified according
to the current Seed. If the picked object is a Can (which
does not belong to the DangerousObject class), the
trigger returns False, and the Flavor will not be applied.
In the case that the picked object was a Knife (which is a
Subclass of DangerousObject), the trigger would return
True, and the Flavor would be applied. The same Behavior
can result in different BTs depending on the results of the
Trigger queries, which in turn depend on the properties and
relations of the parameters in the Seed.
• Keyword: Type of modifier that the Flavor is. In the

ontology, the Flavor class has several subclasses identified
by these keywords, and each Flavor belongs to one of them.
For instance, the keyword “Ignore A” indicates that sub-
Behavior A in the Base Template needs to be eliminated;
and the keyword “Delay A Until After B” indicates that A
needs to be moved after B in the sequence of the Base
Template.

Table I shows examples of two Flavors, and Figure 8
shows their visualization in the Knowledge Base (their trigger
queries have been omitted for space). Thanks to the ontology
structure, a Flavor can also be applied to an entire subclass of
Behaviors, such as Flavor 2 that applies a velocity modifier
Flavor to all ManipulationBehaviors.

Flavor 1 Flavor 2

Flavor
Description

If the robot has a hand,
don’t open it until GoTo-
Pregrasp has been done

If the object manipulated
is dangerous, reduce ve-
locity by 30%

Behavior Pick Manipulation Behavior
Keyword Delay A until after B ModifyParam P [-30%]

Trigger {if robot hasEndEffect
of class RobotHand}

{if object is of class
DangerousObject}

Flavor
Targets

A=open,
B=go to pregrasp

P=velocity,
Modifier=-30

TABLE I: Two examples of Behavior Flavors.

Table II shows the currently implemented library of Flavors
and the effect they have on a BT. Flavors are organized into
subcategories depending on what is modified in the Base
Template. This eases the implementation of the Flavors. For
instance, the SequenceModifier class of Flavors indicates
that the Flavor refers to sub-Behaviors that are children of
the same sequence control node. Sub-Behaviors in the Base
Template are referred with A, B, C, etc. in Table II.

This library of Flavors serves as a proof of concept and
illustrates the variety of possibilities of the proposed approach,
but this list can be extended. The approach allows for new
Flavor to be added with relative ease, expanding the adaptation
possibilities.
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Fig. 5: Execution Configuration pipeline (top), accompanied by an example (bottom) of the Output Behavior Tree of a Pick
part of a Task Plan (the Behavior Tree has been simplified and compressed due to space constraints).

  tiago

PICK TIAGO CAN1 TABLE1

MOVE TIAGO TABLE2

PLACE TIAGO CAN1 TABLE2

Seed:
 pick    P.L. Behavior

Robot
  can1 Can
 table1 Surface

Behavior:

Parameters:
?rob:

?obj:

?surface:

Fig. 6: Parsing the Task Plan into Seeds. Process repeats for
each Plan-Level Behavior in the plan.

ASK {
<obj> r d f : t y p e / r d f s : s u b C l a s s O f * appon to : Dange rousOb j ec t

}

Fig. 7: Generic form of the SPARQL query for the trigger “if
the object is Dangerous”. <obj> is a parameter that will be
substituted by the obj parameter in the Seed (parameters that
represent information that needs to be filled out are indicated
by < >).

D. Growing a Behavior Tree

The process of growing a BT is done in the
grow_subtree function, shown in Algorithm 1. The
input to the function is the Seed, which includes the Behavior
and the current related parameters, as well as the root of
the BT where the output will be inserted. The Behavior
is extracted from the Seed (Line 2), and its corresponding
Base Template is loaded from the Template Library (Line 3),
generating a first verison of the Output Behavior Tree.
The Behavior has a number of Flavors tied to it through
the hasFlavor property, which are applied one by one
(Lines 4 to 8). The function query_trigger (Line 5)
uses the parameters in the Seed to specify the Trigger (which
initially is in a generic form as that shown in Figure 7),

is-a ModulateParameter

hasPercentageModifier

hasTrigger

hasParamTarget

is-a ex_flavor_2Flavor

-30

velocity

trigger query

is-a

hasFlavor

ManipulationBehaviorBehavior

is-a DelayAUntilAfterB

hasTrigger

hasTargetA

is-a ex_flavor_1Flavor

trigger query

is-a

hasFlavor

pickManipulationBehaviorBehavior is-a open

is-a

go_to_pregrasphasTargetB

Class Instance Data

Fig. 8: Representation of the Flavors in Table I in the Knowl-
edge Base.

and a SPARQL query is sent to the Knowledge Base. If
the return is True, then the Flavor is applied. The function
apply_flavor (Line 6) applies the modification to the
output_bt, following the implementation of each Keyword.

After all the Flavors have been applied, the resulting
output_bt is added to the root (Line 9). In this new tree,
there may be calls to other Behaviors, in the form of Subtree
calls. For each of them (Lines 10-13), a new Seed is parsed in
the parse_seed function, that takes the ID of the Subtree
call, and the new Seed will inherit the parameters of the parent
Seed. With this new Seed, the grow_subtree function is
called again. Growing the resulting BT is a recursive process
that is repeated until all the leaves in the final tree are
Primitives.

A Behavior can have multiple Flavors affecting the same
part of its Base Template. This can lead to some scenarios with



Flavor Keyword Effect Description Example
Sub-BehaviorModifier Flavors that modify the call to a sub-Behavior directly

Ignore A The sub-Behavior is eliminated from the tree Skip going to the pregrasp position if the object is small, go
directly to grasp it

Replace A by B The call to A is replaced by a call to B If the object is categorized as heavy, replace the Pick by a dual-
armed Pick.

A has Precondition B A is replaced by a sequence B−→A. Optionally, a recovery
Behavior can be selected to executed if B returns FAILURE

If the region where the Behavior will take place is a drawer,
add the precondition to check if it is open before manipulating
in there. If not, do the Behavior to open it.

A has Postcondition B A is replaced by a sequence A−→B. Optionally, a recovery
Behavior can be selected to be executed if B returns FAILURE

If the container being interacted with is an Electrical Device,
check that it has been turned OFF at the end of the Behavior.

A has Holdcondition B
A is replaced by a parallel execution B||A. Optionally, a
recovery Behavior can be selected to be executed if B returns
FAILURE

Hold a bowl with one hand while the other stirs it. If the holding
Behavior fails, stop stirring and trigger the recovery Behavior.

B alternative to A A is replaced by a fallback A?B, meaning that if A fails, B is
done as an alternative

If a grasping done with the left arm fails, try to do it with the
right arm

SequenceModifier Flavors that modify the elements that are in a sequence.

Delay A Until After B Move the call to A to be done right after B If the robot has a hand, don’t open it until GoToPregrasp has
been done

A Redundant with B
A and B must be together in a sequence A−→B. This is replaced
by A?B, indicating that if A returns SUCCESS, B does not need
to be done.

Try to locate an object with the robot camera and with the room
camera. If you only need to locate it with one, the two Behaviors
are redundant

Switch A and B A and B switch places in the sequence Switch the pouring of the cereal and the pouring of the milk
SymbolicStateFlavors Flavors that relate to the symbolic state in the knowledge base

A sets property Q A call to a SetProperty primitive is added after the execution
of A to assert the value of Q

After a button has been pressed (A), assert that the oven has
the property on (Q)

A requires property Q A call to the GetProperty condition primitive is done before A,
leading to a recovery if the condition Q is not met

Before pouring a drink to a glass (A), check that the glass is
empty (Q)

ParameterModifier Flavors that modify the parameters in primitives, sub-Behaviors
and the BT blackboard

Fix Parameter Set the value of the parameter P in the blackboard to a specific
amount Set the torso joint to 30 cm.

Modulate Parameter Modulate the parameter P in the blackboard by a percentage
from its base value. Increase velocity by 50%

Replace A by Parameter Replace the Behavior A by setting the parameter P in the
blackboard.

Replace the Behavior select_robot for setting the parame-
ter (robot=“tiago“) if tiago is known as the only robot available

Add Kinematic Restric-
tion to A Add a kinematic restriction to the Behavior A. If the target object is a container filled with a liquid, such as a

glass, add the Kinematic restriction that it must be held upright

TABLE II: Currently implemented Flavor Library.

Algorithm 1 grow subtree

1: procedure GROW BT(seed,root)
2: behavior ← seed.behavior
3: output bt← load template(behavior)
4: for each flavor in behavior.flavors do
5: if query trigger(flavor.trigger, seed) then
6: apply flavor(output bt, seed, flavor)
7: end if
8: end for
9: root.append(output bt)

10: for each Subtree in output bt do
11: new seed← parse seed(Subtree.ID, seed)
12: grow subtree(new seed,root)
13: end for
14: end procedure

overlapping effects, such as having a Flavor deleting one sub-
Behavior and another modifying it. The current implementa-
tion applies the Flavors in the order that they are retrieved from
the ontology when querying for the hasFlavor property of
the Behavior, optimizing this in some way is as open point
for future work.

E. Flavor Reasoning

Flavor Reasoning refers to the use of reasoning techniques
to automatically assign a Flavor to a Behavior. While Fla-
vors introduce richer representations for Behaviors, there is
nonetheless a cost in the complexity of the knowledge that
needs to be asserted by the user when designing the problem
domain. Other than the design needed for the PDDL domain
file and the Base Templates, the user also needs to assert the
Behaviors and the Flavors in the Application Ontology, and,
in this contetx, Flavor Reasoning is proposed to reduce this
effort.

Thanks to the use of ontologies and Knowledge Representa-
tion and Reasoning techniques, not all the domain needs to be
explicitly asserted. Using reasoners and a proper initialization
of simple rules, Flavors can be assigned to the Behaviors
through inference. This can be done in two ways:
• Flavor Inheritance: A Flavor can be assigned to a Behavior

subclass instead of to a specific Behavior instance, so that
any Behavior belonging to the subclass will inherit this
Flavor. Flavor 2 in Table I serves as an example of this;
the Flavor to reduce the speed if the manipulated object
is classified as DangerousObject is asserted for the
subclass ManipulationBehavior, then the Flavor is



Rule : B e h a v i o r ( ? p a r e n t ) ,
h a s P a r e n t B e h a v i o r ( p open , ? p a r e n t ) ,
h a s P a r e n t B e h a v i o r ( b g o t o p r e g r a s p ,
? p a r e n t ) −> h a s F l a v o r ( ? p a r e n t ,
f l a v o r s w r l e x a m p l e )

Fig. 9: SWRL rule to assign a Flavor to any Behavior that has
both open and go_to_pregrasp as sub-Behaviors.

automatically inferred for the Behavior pick, as well as
for any other ManipulationBehavior.

• SWRL rules: SWRL rules are used to automatically as-
sign Flavors to Behaviors through reasoning. The user can
add custom SWRL rules to their application ontology to
automatically establish when certain Behaviors will have a
Flavor. As an example, Flavor 1 of Table I, delaying opening
the end effector until the robot is at the pregrasp position,
can be applied to any Behavior that has both open and
go_to_pregrasp as sub-Behaviors. Figure 9 shows this
SWRL rule.

F. Implementation

The proposed approach was implemented as a ROS 2
package part of the BE-AWARE [47] framework, contain-
ing the Knowledge Manager and the Execution Configu-
ration Module described in this paper. The modules use
the Owlready2 library to manipulate and query the on-
tologies. A smart perception module is integrated to cre-
ate instances of classes defined in the Application Ontol-
ogy of the objects perceived by the sensors [57]. The Be-
haviorTree.CPP (https://www.behaviortree.dev/) and Behav-
iorTree.ROS2 (https://github.com/BehaviorTree/BehaviorTree.
ROS2) libraries are used to execute the Behavior Tree. Be-
haviorTree.ROS2 provides the wrappers to implement the
Behavior Tree nodes as ROS 2 actions and service clients. This
allows to integrate executions by representing each Primitive
of the user as a call to a ROS 2 action or service server.
Motion Planning queries are done using the Kautham Project
(TKP, [58]), a motion planning tool based on the Open Motion
Planning Library (OMPL, [59]) that offers motion planning
and geometric reasoning ROS services.

The BE-AWARE Execution Configuration Module imple-
mented provides the following non-functional Primitives:
• Setting and modifying execution parameters.
• Querying or updating properties from the Knowledge base.
• Querying a Flavor Trigger.
• Generating PDDL planning files from ontological knowl-

edge [48].
• Calling the Task Planner, both at the start and when replan-

ning is needed.
• Calling for the Execution Configuration pipeline to be

initiated after a new Task Plan is obtained.

V. EXPERIMENTAL EVALUATION

A. Scenario description

To demonstrate the different capabilities of the proposed
Execution Configuration approach, an illustrative example has
been defined. The Tiago robot is considered in a kitchen
scenario, a domain that has a wide variety of objects and
manipulation actions and where disruptions are common. It
is an ideal scenario to show how Flavors can define more
expressive Behaviors as well as the rest of the features
described previously. The kitchen scenario is simulated using
the Gazebo simulator (Figure 10).

The general task goal is to clear the objects on the table,
putting them in the sink if they are dirty or on the shelf if
not. Modifying the types of objects, their starting and ending
locations, and the features of the robot (number of arms,
available tools) requires adaptations to the Behavior Tree.

A specific Application Ontology for this example was
created, including the classes in the kitchen environ-
ment (Glass, Dish, Knife, etc.) and their proper-
ties (Glass is a LiquidContainer, Knife is a
DangerousObject, etc.). A sample of the object classes
and subclasses featured in the scenario can be seen in Fig-
ure 11a. Locations are also assigned specific properties, such
as categorizing them into those that require the Tiago torso
to be lowered (e.g., Dishwasher) or raised (e.g., Shelf)
to access. Ontological reasoning is used to infer additional
properties, such as establishing that all the individuals with
hasMaterial glass are classified as FragileObject.
This Application Ontology is constant in the different tested
scenarios, but the individuals of those classes and their prop-
erties are changed in each. The Application Ontology used for
these examples is formed of around 1000 axioms, with some
additions depending on the scenario.

A Template Library was created with the Plan-Level Be-
haviors of Pick, Place and Move as starting points, and
with several sub-Behaviors and primitives under them. All
these sub-Behaviors and primitives are represented in the
Knowledge Base, as discussed in Section IV-A. The integration
within the BE-AWARE framework of the PDDL domain and
problem files with the Ontological Knowledge falls under the
(Re)Planning Design module [48]. In this example, the PDDL
Domain file has been designed manually, ensuring compati-
bility with the Application Ontology. The knowledge files for
this example have been made available to the public [60].

A Pick Behavior is used as a representative example to
illustrate the Execution Configuration module applying Flavors
and analyze the overhead required. The original Base Template
is shown in Figure 12a. For this example, the Behavior has
been simplified, and recovery or alternative sub-Behaviors
that would be executed in case the Condition Nodes return
FAILURE have not been included.

A representative sample of Flavors of different Flavor Types
in the Flavor Library has been chosen to be applied to the
Behaviors available in the Base Template, gathered in Table III
(the Flavors have been numerated to refer to them). Figure 11b



Fig. 10: Tiago robot in a simulated kitchen scenario in Gazebo.

(a) Object classes and subclasses in the Application Ontology.

(b) Behaviors and Flavors in the Application Ontology.

Fig. 11: Representative sample of classes and individuals
featured in the Application Ontology for the kitchen scenario.

illustrates the ontological representation of these Flavors and
the Behaviors they are applied to.

The fully expanded Pick Base Template shown in
Figure 12a is formed of 8 sub-Behaviors: Select Tool,
Attempt Grasp, Lift Object, Open Gripper,
Determine Grasp, Go To Pregrasp, Go to
Grasp, and Grasp Object. Each has its own template
and ontological representation, following Figure 4, but
as they are not Plan-Level Behaviors, they lack a PDDL
representation. Figure 12b shows Flavors 1 to 5 applied
to this Base Template, indicating in red the modifications

# Behavior Flavor Keyword Flavor Description

1 Pick Delay A until af-
ter B

If the robot has a hand, do not
open it until GoToPregrasp has
been done

2 Pick Ignore A
Skip going to the pregrasp po-
sition if the object is small; go
directly to grasp it

3 Pick Replace By Param

If the robot only has one arm
and end-effector, replace the
Select Tool behavior by directly
setting the only tool available
in the BT

4 Manipulation
Behavior Modulate Param If the object is dangerous, re-

duce velocity by 30%

5 Lift, Move,
Place

Add Kinematic
Restriction to A

If the target object is a con-
tainer filled with a liquid, such
as a glass, add the Kinematic
restriction that it must be held
upright

TABLE III: Flavors applied to the Behaviors in the example.

that have been made. It is important to remark that these
Flavors would not necessarily be active at once; it depends
on the results of the triggers, which will depend on the
Seed. Hard-coding the equivalent of these five Flavors into
the generation of this Pick Behavior Tree is possible, as
done in our previous work [12], but it would involve having
a corresponding amount of templates for the same skill,
incorporating these modifications with different combinations,
and having a selection layer that depends on the triggers.
The design of such trees with several variations gets more
and more complex with each required modification. For
illustrative purposes, a video showing the execution of these
two BTs is provided at https://youtu.be/wofRBYOpXsw and
in the repository [60].

B. Performance Analysis

From the execution time perspective, the application of
Flavors does not necessarily result in a direct, quantifiable
improvement in Behavior execution. While certain adapta-
tions encoded within Flavors may reduce execution time
(for instance, by eliminating redundant actions), many of
their potential advantages are qualitative in nature. These
include facilitating safer Behavior execution or restructuring
the sequence of actions according to non-performance-related
criteria. Accordingly, the extent to which Flavors provide
measurable benefits is dependent on the specific application
domain and the evaluation metrics employed.

The integration of the Execution Configuration Module
introduces additional planning overhead that has to be an-
alyzed. Figure 13 presents the measured times required to
perform Execution Configuration for the Pick Behavior. The
baseline corresponds to loading the Base Template without
any modifications, as in previous work [12]. Six additional
scenarios were considered: one for each of the five Flavors
and a final scenario combining all the Flavors. The Execution
Configuration Pipeline described in Figure 5 and Algorithm 1
was applied in these cases. For each scenario, two Seeds were
tested: one resulting in trigger values that return False, the
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(b) Pick configured with Flavors

Fig. 12: BT representations of an unconfigured and configured
Pick. Yellow nodes represent Behaviors, blue nodes represent
Action Nodes, and green nodes represent Condition Nodes.

other with trigger values that return True. The difference in
execution configuration time between these two cases reflects
the time required to apply the Flavor and modify the .xml
template using the Flavor Library.

From the results, several conclusions can be drawn. First,
even when a Flavor is not applied for a given Seed, a full
traversal of the BT is still required, leading to an increase
in execution time relative to the baseline. Second, executing
SPARQL queries contributes noticeably to the overall time.
Flavor 3 exemplifies this: the first SPARQL query used for
the trigger counts the number of arms on a robot, increasing
evaluation time compared to the other triggers. Then, the
Flavor itself requires a second query to retrieve the tool name
for parameter replacement, explaining why Flavor 3 exhibits
the largest difference between the False and True trigger
cases. Although SPARQL execution in Python is slower than
in some other languages [61], the capabilities provided by
the Owlready2 library for ontology management make it an
acceptable choice for this module.
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Fig. 13: Execution Configuration times for the Pick example.
Flavor 3 exhibits the largest difference between the two cases,
as it includes a SPARQL query within the Flavor itself.

Importantly, the execution configuration time in this rep-
resentative example remains very low, around 16 ms for
a moderately sized Base Template. While more complex
templates or Flavors with additional SPARQL queries would
increase this time, the current results indicate there is ample
margin to increase complexity before execution time would
become problematic. This demonstrates that the pipeline can
efficiently handle moderate template and query complexity
without significant performance concerns. In the context of
high-level task planning, this small overhead is an acceptable
trade-off.

The main performance limitation observed in these experi-
ments arises from the loading and reasoning of the ontology.
Loading and reasoning over the Application Ontology used in
these examples requires an average of 750 ms. Since Execu-
tion Configuration depends on the most up-to-date reasoned
knowledge, this reasoning time is non-negligible. The module
must either wait for a reasoning cycle to be completed or
rely on a previously stored snapshot of reasoned knowledge,
which introduces slightly outdated information. This snapshot
is currently taken periodically after reasoning. This ontological
overhead is inherent to the BE-AWARE framework itself and
affects all the modules, not just Execution Configuration, the
focus of this paper. Nonetheless, reducing this overhead will
be addressed in future work, as it is a key bottleneck that
affects the whole framework.

VI. CONCLUSIONS AND FUTURE WORK

This work introduced a knowledge-based approach to con-
figure the execution of plans in Behavior Trees. The traditional
planning-based approach for Behavior Tree generation, limited
by the use of hard-coded templates, has been improved by in-
troducing the concept of Flavors. Flavors enrich the description
of Behaviors, allowing Behaviors that can have their Behavior
Tree structure adapted to the circumstances in the domain.
Flavors can also be used to allow the same Base Templates to
be applicable in different domains. The process of configuring



the Behavior Tree and applying the Flavors is doable at run-
time, with minimal additional time required. At runtime, a
new Behavior Tree can be rebuilt when the execution of
the original tree encounters an unforeseen disturbance that
requires replanning.

The modularity of Behavior Trees and the ontological de-
scription allow for flexibility in the kinds of Behaviors that can
work with one another. The proposed approach can configure
the execution of a plan involving manipulation, perception,
navigation, monitoring and recovery into a Behavior Tree,
adapted to the scenario through the use of reasoning and
applying the Flavors. We presented a proof of concept of
different kinds of Flavors that can be applied to typical
manipulation scenarios in robotics. The implementation is
intended to facilitate the expansion to new Flavors.

The use of Flavors has the following advantages:
• Consistency in applying the modifications to the Base

Templates. In the proposed approach, all the Flavors of
the same type are applied equally. This allows for better
Execution Awareness as the resulting execution structure is
fully configured by the framework.

• Scalability in the amount of modifications applied to the
Base Templates. Pre-designing all the scenarios for the
desired modifications and their resulting BT structure is
manageable when dealing with a few cases, but can quickly
grow to cumbersome amounts. The proposed approach
allows for quicker and easier creation and assigning of
Flavors to Behaviors.

• Generality in Behavior descriptions. The proposed approach
allows the same Base Templates to be used across different
domains, and the only modifications necessary to adapt to
them would be to design a different assortment of Flavors.
A limitation of the current method is the reliance on

available knowledge for checking Triggers, when it is possible
that parts of this knowledge is only known at execution time of
a Behavior. To address this, future work will explore the use of
reasoning to detect the Triggers that need to be checked as part
of the Behavior Tree, and how Flavors can be applied in those
cases. Also, future work will include expanding the Flavor key-
words available, and developing improvements in how they are
applied, such as improving how multiple Flavors interact with
each other. The application of optimization algorithms [9] [42]
after applying the Flavors is also a promising direction to
further refine the Execution Configuration capabilities.

In the context of the BE-AWARE framework, future work
involves developing specific Behaviors and Flavors for smart
monitoring and recovery, integrating them into Behavior Trees
to enable robust task execution in partially observable environ-
ments, which require integrating both sensing and acting into
the BT structure [46]. Finally, improvements over ontology
reasoning and querying will be investigated to improve per-
formance of the overall framework.

Building on the current proposal and future developments,
the BE-AWARE framework aims to significantly enhance the
adaptive and robust execution of robotic manipulation tasks,
further increasing the autonomy of robotic systems.

GLOSSARY

This glossary summarizes the key concepts used throughout
this paper. It is intended to provide concise definitions for ref-
erence and to ensure consistent understanding of terminology.
• Execution Configuration: The process of transforming

a high-level task plan into an executable Behavior Tree
adapted to the current scenario.
• Behavior: A structured composition of Primitives and pos-

sibly other Behaviors that represents a meaningful unit of
execution beyond an indivisible action.
• Base Template: A generic Behavior Tree structure associ-

ated with a Behavior, used as the starting point for Execution
Configuration.
• Flavor: A modifier that adapts a Behavior by changing

its Base Template when its trigger condition is satisfied.
Different types of Flavors exist in the Flavor library.
• Seed: A representation that specifies which concrete entities

in the Knowledge Base relate to the Behavior instance being
configured.
• Trigger: A knowledge SPARQL query that determines

whether a Flavor is applied to a Behavior in a given context.
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sitat Politècnica de Catalunya (UPC), Barcelona, in 2022. He is
currently pursuing his Ph.D. in Automatic Control, Robotics and
Computer Vision at UPC, working in the Institute of Industrial and
Control Engineering (IOC). His research interests include task and
motion planning, knowledge representation and reasoning, artificial
intelligence, and robotic manipulation.

Jan Rosell received the B.S. degree in telecommunication engineering
and the Ph.D. degree in advanced automation and robotics from
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