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Abstract
In the field of service robots, dealing with faults is
crucial to promote user acceptance. In this context,
this work focuses on some specific faults which
arise from the interaction of a robot with its real
world environment due to insufficient knowledge
for action execution.
In our previous work [1], we have shown that such
missing knowledge can be obtained through learn-
ing by experimentation. The combination of sym-
bolic and geometric models allows us to represent
action execution knowledge effectively. However
we did not propose a suitable representation of the
symbolic model.
In this work we investigate such symbolic represen-
tation and evaluate its learning capability. The ex-
perimental analysis is performed on four use cases
using four different learning paradigms. As a re-
sult, the symbolic representation together with the
most suitable learning paradigm are identified.

1 Introduction
Even the most carefully designed and tested robots may en-
counter situations that disallow them to execute their tasks
in a desirable manner. These situations may be caused by
a malfunction of their internal components such as broken
hardware or software. However some situations can arise dur-
ing the communication of a robot with its environment. Such
situations are usually unpredictable during the development
stage and remain unknown until they occur. In this paper we
refer to these situations as external faults.

One of the main origins of external faults can be an impre-
cise or even wrong model of the execution of an action. For
example in order to place a bottle on a surface, it should be
released with the correct orientation. If there is no informa-
tion about orientation available to the robot, it may release the
bottle in such a way that it rolls and falls on the table like il-
lustrated in Figure 1(a), we refer to this example as Use Case -
Table (UCT). The other example of external fault is Use Case
- Book Box (UCBB) shown in Figure 1(b). Here the Care-
O-bot III is trying to put a book in a box that contains other
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Figure 1: Examples of external fault.

books. While doing so the robot releases the book in a posi-
tion that finally results in this book falling on the other books
in the box. Again an imprecise knowledge about releasing a
book brings in an unsuccessful completion of an action. In
the next example that is Use Case - Fridge (UCF) see Fig-
ure 1(c), the Care-O-bot III tries to place an object (a bottle)
in the fridge door. The robot is not able to do this correctly
i.e. the bottle falls from the door on to the floor. In the final
Use Case - Cube Tower the objective of a robot youBot is to
stack blocks (Figure 1(d)). However youBot fails to release
the green cube successfully. The main cause of external faults
in the last two examples is too general knowledge about the
actions’ execution.

So, in general the occurrence of external faults can be mit-
igated by considering more details about the initial state of
the manipulated object: its pose and location with respect
to other objects in the environment. In fact the information
about states of the objects before the execution of the action
is encoded in the preconditions of the corresponding plan-
ning operator. However this information is too abstract and
would not be sufficient to ensure the successful execution of
an action. On the other hand the detailed numeric information
about position for the execution an action on the low-level
is too specific and cannot be generalised for similar scenar-
ios and various environment configurations. We need a tool



which allows us to combine qualitative and quantitative de-
scriptions of the objects’ states in a given environment.

In our previous work [1], we introduced an approach
where, the execution specific knowledge is encoded into an
action execution model (AEM). The AEM is built as an in-
termediate level between a high level of semantic knowl-
edge, which includes object-specific information, and a low-
level execution module, which uses the solutions produced
by AEM and performs the actual task. The symbolic part of
AEM encodes qualitative descriptions of the execution of an
action. Such symbolic model can be used to describe a cer-
tain way of how a robot should perform an action for example
of placing one object on a top of the other successfully. For
instance, that a manipulated object in a robot’s gripper should
be fully overlap with a table or an object on which it should
be released and a release location should be occupied by other
objects. The symbolic model is represented by a set of log-
ical predicates which are defined separately for each action.
As shown in [2] such representation of a symbolic model can
simplify the task of analysing a robot’s behaviour for its de-
velopers and designers, since the robot’s decisions are repre-
sented in an explicit way; in other words, the symbolic model
can be used to explain why the robot performs actions in a
certain way, such as why an object was released in a certain
way. This model can be learned from experiments.

Moreover in that work [1], we identified that the geomet-
ric representation presented in [3] is the suitable model to the
proposed symbolic model that is viewed as a conjunction of
predicates. In this paper, the authors encode the probabil-
ity distribution of various geometric parameters using Ker-
nel Density Estimation (KDE). In the release action example
such parameters are orientating the manipulated object, the
height of the release as well as the position of the manipu-
lated object with respect to the table. In the work [2] the au-
thors propose to represent the geometric model as the Gaus-
sian processes. Such representations for the geometric model
can encode prediction uncertainties. That means, given a par-
ticular value for the parameters, the probability can be calcu-
lated as regards the likelihood that the action will be executed
successfully.

However, a decision still needs to be made about which
kind of predicates to use in order to describe symbolic model
namely the aspects of the objects involved in the action ex-
ecution as well as how to combine these predicates into one
symbolic representation. Although in this work we concen-
trate on developing a set of predicates for a release action,
this can be also applied for presenting other actions which
involve spatial information about objects.

Therefore the main contribution of this work is the devel-
opment and evaluation of a set of the predicates as well as
their usage for the constructing a symbolic model. This sym-
bolic model should be further applicable to simplify the map-
ping to the existing geometric model described in [1]. The
other important advantage of such representation is that we
can define symbolic model to describe the desired state of
objects after the execution of an action so that if we use a
simulation environment to generate different examples of the
behaviour of the object for learning then such symbolic de-
scription of action’ effects allows autonomously label these

examples as desired (i.e. positive) or undesired (i.e. nega-
tive). The labeling process by capturing qualitative descrip-
tion of objects’ behaviour is described in [4].

The remainder of this paper is organised as follows: In the
next section we present an overview of the literature related to
the symbolic representation of an action. Section 3 then spec-
ifies a symbolic representation for presenting spatial relations
between two objects involved in execution of a release action.
In Section 4 of this paper we introduce the set of predicates
which are used to construct a symbolic representation. Once
the symbolic representation is established and set of predi-
cates is specified the methods to learn such representation
from the set of training examples are introduced and evalu-
ated in the Section 5. Finally, we draw conclusions about the
symbolic representation of execution specific knowledge and
discuss the future direction of optimisation of such represen-
tation in Section 6.

2 Related Work
To get an idea about predicates, the literature which describe
the relationship between objects involved in the action execu-
tion is discussed.

Object Relations: Rosman and Ramamoorthy [5] pro-
pose the use of supervised learning techniques for predicting
spatial relationships between pairs of objects. Having point
cloud representations of two objects, the algorithm first trains
the SVM to find the separation margin between two point
clouds. Next the support vectors of each object are grouped
into K clusters. Finally, these clusters are used to establish
the object’s relations. The main limitation of the proposed
algorithm is that it can only support two simple spatial rela-
tionships: On and Adjacent.

Other recent work on learning geometrical relations be-
tween pairs of objects is discussed by Sjöö and Jensfelt in
[6]. Compared to the previous work by Rosman and Ra-
mamoorthy, the proposed approach learns spatial relations in-
directly. It works on such qualitative criteria as: support, sup-
port force, protection, constraint and location control. Since
the proposed approach requires considerable training data,
the authors use a simulation to generate different types of ob-
ject behaviours such as pushing, throwing and lifting. The
main conclusion with respect to our work is that learning the
relationship between objects is easier when the objects are in
pairs. Also worth noting is that the absolute poses are in-
significant for categorising relations.

The focus of Kulick et al. [7] is to actively learn symbolic
relation representations. In this work, a robot learns ground
symbols during the experimental session. The training data
is not given in advance but obtained by a robot during its in-
teraction with an environment. Kulick et al. use the active
learning strategy to directly guide the acquisition of the data.

Here, the first two papers provide us with important in-
sights into how to use a physics engine to verify the given
symbolic representation and how to find appropriate geomet-
ric positions. The strategies of the other papers illustrate
which aspects could be relevant when defining the kind of
relations between objects. An important point with respect to
our work is that pairwise representation or binary predicates



are simple to describe and can be successfully learned and
generalised.

Spatial Relations: Spatial models allow the relations be-
tween objects in a scene to be formalised so that the robot
is operating in a similar way to how we humans structure
our perception of space. Spatial reasoning is a theory con-
cerning representing, analysing and reasoning with regard to
various objects in a multidimensional space. It allows topo-
logical relationships between two objects to be represented
like connect, overlap, disjoint as well as directional concepts
like right, left, behind. In this section the literature on repre-
sentations of spatial relations in three-dimensional space (R3

or 3D space1) is discussed.
One of the first works in the field of presenting relation-

ships between 3D objects in 3D space is given by Egenhofer
in [8]. The author uses the 9-intersection model to identify
spatial relations between two objects in 3D space. The 9-
intersection model is a set of nine possible relations between
two objects A and B. Based on this, the amount of all rela-
tionships, which can be obtained from the nine intersections,
is 29 or 512 mutually exclusive topological relations. How-
ever, not all of the relationships can occur in reality. In order
to define non-realisable relationships the author specifies a set
of conditions. It should be noted that only simple objects, e.g
bodies without holes are considered.

Zlatanova in [9] continues to investigate the conditions to
eliminate non-realisable relationships between multidimen-
sional spatial objects, referred to as negative conditions. She
notices that topological relations only are not sufficiently ex-
pressive for the qualitative representation of the execution
knowledge. Therefore, in addition to the topological rela-
tions, the directional as well as the orientation relations have
to be included.

Albath et al. [10] realise that the domain specification also
influences the number of relations. In order to achieve the
required expressiveness, additional qualitative information is
necessary. The authors therefore suggest accounting for the
orthogonal projection of 3D objects on the corresponding
planes in R3.

In general, 3D region connection calculus (RCC-3D) con-
tains 13 spatial relations between two 3D objects in R3.
These 13 relations are based on eight relations of 3D ob-
jects and three relations of the 2D projections of these ob-
jects. Since the tested 3D objects are taken from images, the
authors have to annotate the objects with additional geometri-
cal information such as sizes of objects and their boundaries.
That is unlike the domain here, where the simulation environ-
ment is used and the CAD-models of all objects are given.

A more expressive RCC-3D is presented by Sabharwal et
al. in [11]. The authors describe the enhanced model that
extends 13 relations defined in RCC-3D [10] and [8] to 34
relations by adding the information about the distance from
the projection plane i.e. a parameter which differentiates be-
tween occlusion relations (in front of or behind). As a re-
sult the number of occlusion relations increases from two to

1The term 3D space and the symbol R3 are used as synonyms
and refer to three-dimensional Euclidean space. Similarly 2D space
and R2 are synonyms for the two-dimensional Euclidean space.

eleven.
Spatial Relation in Combination with Robot Planning

and Learning: Mojtahedzadeh et al. [12] propose an ap-
proach of automatically building and using high-level sym-
bolic representations. Such representations describe physical
interactions between objects in static configurations. The au-
thors validate their approach on action of removing objects
from piles. Depending on the outcome of a perception com-
ponent of a robot (if objects in a scene fully or partially ob-
servable) two methods are suggested to learn and extract the
symbolic representation. In our approach we make an as-
sumption that the surround environment is fully observable
and we can upload it to a simulator to generate datasets for
the learning purpose. The main goal of our approach is to use
the spatial representation to label the examples automatically.

Kunze et al. in [13] show how to use knowledge about
landmark objects and their spatial relationship to the sought
object, to improve its search by directing the robot towards
the most likely object locations. This work gives us the sup-
port of the idea that the description of spatial relations be-
tween objects provides more detail information about objects
in their environment and allows to execute an action more
accurately that avoids occurring of external faults.

The majority of research papers for learning symbolic and
geometric representation of actions focused on how to en-
able robots to learn such representations from observations,
demonstrations or instructions. However there are less work
available on how actions’ representation can be corrected if it
was learned incorrectly or if it contained incomplete knowl-
edge for successful execution. Moreover how to adopt such
representation to changing/dynamic environment or gener-
alise to different contexts. Frasca et al. in [14] address this
issue by introducing a framework that allows designers to up-
date available representation of robot’s actions through in-
structions. The authors empirically show that the proposed
framework allows to modify robot knowledge in the way that
it reduces inefficiencies, fix errors, and enable generalisa-
tions,

The other way to learn symbolic representation of an ac-
tion execution is from the instructions of a human teacher
given through natural language and demonstration [15], [16].
Although in our work we use a simulation environment to
generate examples for learning symbolic and geometric rep-
resentation since with its help the sufficient amount of ex-
amples can be generated, learning by demonstration can be
considered as a future work to extract symbolic representa-
tion.

3 Object Relation
To represent all kinds of release actions, we have to consider
two main interacting parts: a manipulated object (mo) (a tar-
get object to be placed) and a destination object (do) (a loca-
tion where mo should be placed). In addition to mo and do, the
surrounding environment may also contain the other objects
to which we refer to as passive objects. The successful per-
formance of the release action depends on knowledge about
the spatial relationship between the manipulated object, the
destination object as well as any passive objects involved in



the execution of the action.
Based on the literature, the pairwise relations can simplify

the description of a scene, be successfully learned as well as
efficiently used for mapping symbolic predicates to geomet-
ric states. These properties make pairwise relations, which
can be described by binary predicates, the perfect candidates
for the predicate pool. Moreover, using the pairwise relation
maximises the generalisation aspect. A configuration of two
objects which is recorded in action representation using a fi-
nite number of binary predicates can be generalised to config-
urations that have any number of objects. In other words any
configuration with an arbitrary number of objects includes an
instance of the particular configuration. As have been said,
it is easier to extract the geometric state for symbolic pred-
icates which describe the relation between two objects. For
example, to solve a task of symbolic to geometric mapping,
Dearden and Burbridge [3] consider only symbolic predicates
of two objects and demonstrate the way of using the con-
junctions of such predicates for various objects in order to
find the geometric state representation for environments with
multiple objects. Based on described advantages, pairwise re-
lations are suitable candidates to be predicates for predicate
pool. The next question which should be considered is which
kind of relations should be used.

Spatial relation knowledge is commonsense knowledge
that people use for reasoning about everyday situations. A
spatial relation specifies how an object is located in space rel-
ative to a reference object. Using spatial relations, a robot
may reason about space in a way that comes closer to human
cognition. These relationships are essential to such robotic
aspects as manipulation and decision making. They simplify
understanding of task specifications, and enhance robustness
in planning. A robot can learn or construct spatial relations
from human commands, demonstrations, planning operators,
etc.

Despite extended usage of spatial relations in various ap-
plications, there are several challenges involved when work-
ing with them. Firstly, the theoretical studies and imple-
mentations of spatial reasoning mostly focus on 2D relations.
Secondly, the existing 3D representations are often too gen-
eral and not expressive enough to describe detailed execution
knowledge. For the symbolic representation of AEM, the re-
lations between pairs of 3D objects should be described. In
addition, we have to consider both possibilities such as gen-
eral, e.g. releasing a manipulated object around some passive
object on a table, as well as specific, e.g. releasing a manip-
ulated object in front of and left of the passive object on the
table.

In [11] the authors describe the spatial relation between
two bodies as the combination of 2D and 1D projections of
these bodies on the top-, side-, or front-plane and the axis or-
thogonal to the selected plane. Following this idea, our defi-
nition of the spatial relations between pair of regions (2D pro-
jections of the bodies on the plane) deploys the most notable
RCC8 models in combination with the interval relations be-
tween two line segments (1D projections of the bodies on the
axis). Allen’s interval algebra [17] was chosen for describing
interval relations. The RCC8 relations are binary relations
that cover topological arrangements of spatial regions, while

Allen’s interval algebra defines binary relations that capture
the relations between two intervals of time, here these inter-
vals are along coordinate axes.

The general formula for presenting spatial relations be-
tween two 3D objects oo1 and oo2 is defined as follows:

Definition 3.1 (Spatial Relation(oo1, oo2)).
RCC8-xy(oo1, oo2) ∧ Interval-z (oo1, oo2)∧
RCC8-yz(oo1, oo2) ∧ Interval-x (oo1, oo2)∧
RCC8-zx(oo1, oo2) ∧ Interval-y (oo1, oo2).

The definition of any spatial relation between two bodies can
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Figure 2: Examples of spatial relations between two objects oo1
and oo2

be created by instantiating the corresponding RCC8 and inter-
val relations predicates into this formula. The way the RCC8
and interval relations are used in this work slightly deviates
from normal practice. There are two major reasons for this:
(i) In contrast to qualitative spatial reasoning (QSR) or tem-
poral reasoning, this work does not use the relations (i.e. the
predicates) for reasoning purposes. They are only used to
provide the information about the state of the objects.
(ii) The existence of reference frame(s) is not presumed
in both RCC8 and interval relations. However, in robotic
manipulation tasks a reference frame(s) is always defined.
Therefore these frames are advantageous when defining pred-
icates, they make it possible to find computationally effective
implementations of the predicates.

4 Predicate Pool
The major predicates used in this work are shown in Figure
3. The predicates are grouped based on their aspect. Group
(a) contains intervals which correspond to the distance aspect,
while group (b) consist of eight basic topological RCC8 pred-
icates and group (c) includes unary predicates for describing



Figure 3: Set of predicates

orientation aspect of manipulated object. The first two groups
of predicates are described in the next paragraph whereas the
predicates from the last group are considered later in this sec-
tion.

The predicate pool consists of 73 predicates in total. The
RCC8 relations are defined for regions in 2D. These regions
are given as projections of an axis-aligned bounding box of
an object on the xy-, yz-, zx-planes (8 predicates for each
plane that makes 24 predicates in general). The interval rela-
tions are specified as projection of the bounding boxes on the
orthogonal to the particular plane axis, i.e. for the xy-plane
the orthogonal axis is z-axis, or the yz-plane is x-axis and for
the zx-plane is y-axis (13 predicates for each axis and 39 in
general).

The main advantage of presenting the relationship between
3D objects with the help of their 2D and 1D projections is
that such formalisation can be used not only to define a vari-
ety of spatial relations but also to present the different levels
of generalisation. For instance, consider four examples pre-
sented below and visualised in Figure 2 , where each example
describes the spatial relations between two objects oo1 and
oo2:
Example (a):

DC-xy(oo1,oo2)∧DC-yz(oo1,oo2)∧DC-zx(oo1,oo2)
Example (b):
DC-xy(oo1,oo2)∧GT-z(oo1,oo2)∧
DC-yz(oo1,oo2)∧DC-zx(oo1,oo2)
Example (c):
DC-xy(oo1,oo2)∧GT-z(oo1,oo2)∧
DC-yz(oo1,oo2)∧LT-x(oo1,oo2)∧
DC-zx(oo1,oo2)

Example (d):
DC-xy(oo1,oo2)∧GT-z(oo1,oo2)∧
DC-yz(oo1,oo2)∧LT-x(oo1,oo2)∧
DC-zx(oo1,oo2)∧LT-y(oo1,oo2)

In Example (a) oo1 and oo2 are disconnected that is the
most general. It contains only information about 2D projec-
tions of the object on three planes. If a constraint along the
z-axis (i.e. GT-z(oo1, oo2) that is defined as the lowest
point of oo1 is greater than the highest point of the oo2) is
added to this expression, then the number of possible of rela-
tions is reduced. Here the object oo1 is in the relation above
and disconnected with respect to the oo2. The second expres-
sion can be further limited by including the second interval
constraint along x-axis. The expression in Example (c) de-
fines that the object oo1 can only be placed above and left
of object oo2. Finally, the expression in Example (d) has six
projections, i.e. three on 2D planes and three on axis. It is
the most specific and leaves open only one possible spatial
relation: oo1 is above, left of and behind the oo2.

It should be noted that there is no unique symbolic rep-
resentation of spatial relations between two objects in space.
However, this allows the relations in various levels of abstrac-
tions to be represented depending on task requirements, e.g.
performing an action of placing a mug in a sink to fill it with
water requires a low level of abstraction (i.e. more exact lo-
cation of an mug) in comparison to a task of placing a mug
on a table.

Although it is possible to present many of the spatial con-
figurations between two objects in detail using the described
expressions, sometimes this information alone is not suffi-
cient, especially for the release action. Very often to en-
sure safe release the orientation of a manipulated object has
to be specified too. Based on the nature of the release ac-
tion the successful execution of it depends on the orienta-
tion of the manipulated object with respect to the destina-
tion object frame. Therefore the reference frame is defined
as a translated version of the frame of reference attached
to the destination object. The predicates that cover the as-
pect of the orientation of an object are unary. The subset of
orientation predicates is given in Figure 3(c). The full set
of predicates also includes ArbitraryOrientation predi-
cate, which is true when the orientation of the object (oo1)
in its argument is neither parallel to any axis nor to any
plane formed by any two of the axes of the frame of ref-
erence concerned (10 predicates in general). With the help
of described binary and unary predicates as well as Formula
3.1, the symbolic representation sr of configuration of two
objects either mo and do) or mo and ooi, 1 ≤ i ≤ is de-
fined. The true predicates are then used to construct the cor-
responding symbolic representation sr. Since the RCC8 and
interval algebra predicates are jointly exhaustive and pairwise



disjoint (JEPD), only one predicate for each projection can
be evaluated as true. The final symbolic description is the
conjunction of the corresponding symbolic representations:
sr(mo) ∧ sr(mo,do) ∧ sr(mo,oo1) ∧ . . . ∧ sr(mo,oon)
The symbolic representations for the use cases visualised in
Figure 1 are given below:

UCT:
NTPP-xy(mo,do)∧GT-z(mo,do)∧DC-yz(mo,do)∧D-x(mo,do)∧
DC-zx(mo,do)∧D-y(mo,do)∧DC-xy(mo,oo1)∧O-z(mo,oo1)∧
PO-yz(mo,oo1)∧GT-x(mo,oo1)∧DC-zx(mo,oo1)∧
Oi-y(mo,oo1)∧DC-xy(mo,oo2)∧O-z(mo,oo2)∧
PO-yz(mo,oo2)∧LT-x(mo,oo2)∧DC-zx(mo,oo2)∧
O-y(mo,oo2)∧StraightAlong-z(mo)

UCBB:
PO-xy(mo,do)∧D-z(mo,do)∧NTPP-yz(mo,do)∧D-x(mo,do)∧
PO-zx(mo,do)∧D-y(mo,do)∧DC-xy(mo,oo1)∧D-z(mo,oo1)∧
PO-yz(mo,oo1)∧GT-x(mo,oo1)∧DC-zx(mo,oo1)∧Oi-y(mo,oo1)∧
DC-xy(mo,oo2)∧D-z(mo,oo2)∧PO-yz(mo,oo2)∧LT-x(mo,oo2)∧
DC-zx(mo,oo2)∧Oi-y(mo,oo2)∧Parallel-yz(mo)

UCF:
NTPP-xy(mo,do)∧D-z(mo,do)∧NTPP-yz(mo,do)∧D-x(mo,do)∧
NTPP-zx(mo,do)∧D-y(mo,do)∧DC-xy(mo,oo1)∧O-z(mo,oo1)∧
PO-yz(mo,oo1)∧GT-x(mo,oo1)∧DC-zx(mo,oo1)∧O-y(mo,oo1)∧
DC-xy(mo,oo2)∧D-z(mo,oo2)∧PO-yz(mo,oo2)∧LT-x(mo,oo2)∧
DC-zx(mo,oo2)∧Oi-y(mo,oo2)∧StraightAlong-z(mo)

UCCT:

PO-xy(mo,do)∧GT-z(mo,do)∧DC-yz(mo,do)∧D-x(mo,do)∧
DC-zx(mo,do)∧Di-y(mo,do)∧StraightAlong-z(mo)

Now after establishing the symbolic representation and set
of predicates the next step is to identify and evaluate how to
learn such representation from the set of training examples.

5 Learning Symbolic Model
For the evaluation purpose, 5000 samples2 for every use case
given in Figure 1 are collected. Each sample is generated
by randomly selecting an execution pose of the manipulated
object around the regions where the actions could be success-
fully executed. A symbolic model is learned using only the
positive training examples, namely 2065 examples in UCT,
2281 examples in UCBB, 1958 examples in UCF and 1423
training examples in the UCCT use case.

Then the symbolic action learning can be performed by
various strategies such as finding a hypothesis that explains
given training data, learning aspects of an action by analysing
the repeated executions, or alternatively constantly updating
the existing representation of an action by performing this
action and observing its effects Although these approaches
have a similar goal, they require different computational and
design constraints. The hypothesis search (HS) [18] claims
to find a solid hypothesis or a set of the hypotheses assuming
that the training data set is sufficiently informative, but it is
computationally expensive. The learning by demonstration
(LbD) [19] techniques depend on informative replies from
a teacher, while the online learning (OL) [20] methods re-
quire reliable observations and a sufficient amount of seman-
tic knowledge. Furthermore, in addition to these three learn-
ing approaches the learning problem can also be formalised

2In our previous work [1] we show how to collect training exam-
ple from a physical simulation.

as an optimisation problem. The main advantages of this is
computational and design efficiency. For this work the hill
climbing (HC) [21] is selected as the optimisation technique.
Since HC belongs to the family of local search algorithms,
its result may depend on the initial estimation. Therefore for
the better analysis of the algorithm’s performance, it is run
several times and the average of the fitness values of the pre-
condition sets is calculated.

In this section all four learning methods are compared.
Each is applied to the UCT, UCBB, UCF and UCCT use cases
to learn a symbolic model of the actions. The target predi-
cates are taken from the defined predicate pool. The expected
symbolic descriptions of the initial state for each use case are
created and presented in the previous section.

The symbolic learning objective is to find a symbolic de-
scription d′ of objects which minimises a cost function c or
maximises a fitness function f on a positive (D+) and nega-
tive (D−) training sets. In this work, the cost function c is de-
fined as a function that counts the number of bit errors made
by a possible symbolic description d′ on a positive training
set D+.

c(d′) =

k∑
i=1

|PP |∑
j=1

|d′j −D+
ij | (1)

k is the number of training examples and |PP | is the cardi-
nality of the predicate pool or the number of the predicates in
it. D+ is a binary matrix in which the entries of the i-th row
are derived from a set of object relations that hold before the
i-th execution. Instead of directly minimising the cost func-
tion c, a symbolic model is learnt by maximising the fitness
function

f(d′) = 1− c(d′)

c#
(2)

where c# = k ∗ |PP | is the total number of errors that d′ can
make on the training set. The range of the fitness function f is
the interval [0,1]. In the case when the symbolic description
d′ generates no cost, the fitness function achieves the value
‘1’, otherwise when d′ is totally contradictory to the positive
training data, the value of the fitness function is ‘0’.

To evaluate the learning paradigms (LbD, HS, OL and
HC), the sets of the predicates are compared quantitatively
and qualitatively. The quantitative comparison can be carried
out with the help of a fitness function defined in Equation 2
and the qualitative comparison by analysing the expected and
generated symbolic descriptions. The learning algorithms are
also compared with regards to both noise-free and noisy data.
The noisy data is created by adding two variations of Gaus-
sian measurement noise: low (0.5cm position and 1 rotation
noise) and high (2,5cm position and 5 rotation noise). Ac-
cording to the literature the OL should perform the least ef-
fectively in the noise case.

The following three Tables 1, 2 and 3 illustrate the con-
sistency between the learnt or generated models and training
data. In the noise-free case, the fitness of the predicate sets
is relatively high that means the learnt models do not differ
much from the expected outcome. The only OL algorithm
has lower fitness values in the UCBB use case because this
learnt model is more generally compared to the expected re-
sult. As can be seen from Table 2, the values of some fitness



Table 1: Fitness - noise-free

LbD OL HC HS
UCT 0.97 0.94 0.97 0.95
UCBB 0.97 0.91 0.97 0.95
UCF 0.98 0.94 0.98 0.97
UCCT 1.00 0.97 1.00 0.98

Table 2: Fitness - low noise

LbD OL HC HS
UCT 0.96 0.92 0.97 0.97
UCBB 0.96 0.90 0.97 0.96
UCF 0.98 0.93 0.98 0.98
UCCT 0.98 0.95 0.98 0.94

functions in the case of data with low noise decrease. Espe-
cially the fitness value for OL in all four use cases and for
HS in the UCCT use case decrease because both algorithms
produce an incorrect predicate set.

The results presented in the Table 3 show that the values
of fitness decrease in all use cases for all considered learning
techniques. It is noticeable that the fitness functions have the
worst results in the UCBB and UCCT use cases.

In order to validate if the number of samples is sufficient
to generate the optimal solution, we suggest comparing the
generated solution with the solution produced using a larger
number of samples. If these two solutions are similar, then
this solution can be seen as optimal.

It should be mentioned that the symbolic learning is per-
formed using only positively labeled data, therefore the ac-
tual number of examples used in the experiments is higher.
Analysing the results, it can be concluded that the models are
monotonically converging to the expected solution: i.e the
model learned with 10 samples is the most general symbolic
representation whereas each following model learned with a
higher number of samples is a more detailed representation of
it. Finally, the models learnt using 500 and more samples are
equivalent to the expected model. Such monotonic conver-
gence is anticipated for the noise-free case where the training
set is correct. The results, received using the training dataset
which includes low noise, show that even the model learned
with 200 samples is as general as a model with 10 samples.
Nevertheless, still starting with 500 samples, the model con-
verges to the desired representation. The other situation is
observed in the case of high noise. Here, the result repre-
sentation with 2000 training examples is rather more general
than the expected model. Moreover, the models learned with
10, 50 and 100 training examples are not monotonically con-
verging, they all are similar general representations.

Based on the comparison of four symbolic learning algo-
rithms in general and each learning paradigm in particular,
it can be concluded that the HC algorithm produces accurate
models learned using 500 or more training samples and is sta-
ble to noise in the training data. The evaluation results also
showed that the LbD and HC can learn symbolic models in
several seconds. Moreover, for both algorithms, the result
models are close to the expected models even in the cases

Table 3: Fitness - high noise

LbD OL HC HS
UCT 0.96 0.92 0.96 0.95
UCBB 0.95 0.90 0.95 0.92
UCF 0.97 0.93 0.97 0.96
UCCT 0.96 0.91 0.96 0.90

with high noise. Since both algorithms provide good results
as regards running time and learning performance, each of
them can be the right choice for learning the symbolic model.
In addition, the HC algorithm can use a previously learnt
symbolic model as an initial estimate in order to learn a new
representation. This property may speed up the learning pro-
cess and reduces the size of training data. In the experiments
with the geometric model as well as on the real and simulated
robots HC for learning symbolic representation is used.

6 Conclusions and Future Work
It is true in general that an unwanted performance of an ac-
tion can be reduced by using more knowledge about various
environmental situations. The execution specific knowledge
can be presented as a combination of qualitative and quantita-
tive descriptions of the objects’ states in a given environment
where qualitative or symbolic representation can be used as a
connection between abstract representation of planning oper-
ators and numeric information about releasing position.

The main goal of this symbolic model is abstract descrip-
tion of the relationships between objects. In order to find
these descriptions a set of predicates is used. The main re-
quirements placed on the functionality of symbolic descrip-
tion are generalisation to another environment configuration,
support different manipulated objects and interaction with ge-
ometric models. In this work we use spatial relations be-
tween 3D objects which are described by RCC8 and interval
algebra predicates. Moreover we analysed various learning
paradigms by applying them on four various use cases and
found that hill climbing optimisation techniques shows the
best performers on the proposed predicate pool.

Since the learnt representation can be redundant, its refine-
ment is important aspect for future work. The main advantage
of the developed predicates is that they can easily represent
large set of possible spatial relations between objects in an
environment. Moreover, with the help of these predicates the
spatial relations can be constructed at a different level of ab-
straction and can be effectually used to extract the numerical
limits. However, sometimes these spatial relations include
redundant predicates, for example the spatial relation object
oo1 is located on object oo2 and can be correctly represented
as:

1. On(oo1, oo2) ⇐⇒ NTPP-xy(oo1,
oo2)∧M-z(oo1, oo2) or

2. On(oo1, oo2) ⇐⇒ NTPP-xy(oo1,
oo2)∧M-z(oo1, oo2) ∨
DC-yz(oo1, oo2)∧D-x(oo1, oo2) ∨ DC-zx(oo1,
oo2)∧D-y(oo1, oo2)



Here, the second representation is redundant because the
combination of predicates NTPP-xy and M-z includes the
remaining combination of predicates (i.e.
DC-yz(oo1, oo2) ∧ D-x(oo1, oo2) ∨ DC-zx(oo1,
oo2) ∧ D-y(oo1, oo2)).
However, there are spatial relations which require more then
two predicates for the correct representation, for example
LeftOf or Behind. The main challenge with redundant
predicates is the requirement for the larger training set for the
symbolic learning.
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