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Abstract— The effectiveness of robot interaction depends on
the robot’s ability to perform task-relevant actions and on the
degree to which it is able to predict the outcomes of these
actions. In this paper we argue that the two learning problems
– learning actions and learning forward models – must be
tightly coupled for each of them to be successful. We present
an approach that is able to learn a set of continuous action
parameters and relational forward models from the robot’s
own experience. We formalize our approach as simultane-
ously clustering experiences in a continuous and a relational
representation. Our experiments in a simulated manipulation
experiment show that this form of coupled subsymbolic and
symbolic learning is required for the robot to acquire task-
relevant action capabilities.

I. INTRODUCTION

In order to act autonomously in unknown environments,
robots must be able to learn novel action capabilities from
their own experience. To be effective, an action capability
must fulfill two requirements: the robot must know how to
physically instantiate the action (i.e. know its parameters),
and the robot must have the ability to predict the possible
effects of this action, given the state of the world (i.e. have a
forward model). The latter is required to devise action plans
and the former to execute them.

Learning action parameters and forward models for
robotics are both difficult problems, and they are usually
approached independently [1]–[3]. But the relevance of an
action is tightly coupled to its forward model – and vice
versa: Given a forward model that predicts effects of an
action, the model is only valid if the underlying action
parametrization reliably evokes the predicted effects. Con-
versely, an action is only relevant if the robot can predict its
effects with high certainty. Thus, the two learning problems
are intrinsically coupled and should be solved jointly.

This insight motivates our approach of coupled action
parameter and effect learning (CAPEL, pronounced “cou-
ple”). CAPEL gets as input a set of experiences, and learns
actions and their corresponding forward models. We rep-
resent actions as continuous vectors of parameters which
encode low-level instantiations, and forward models as sym-
bolic, relational sets of rules, predicting high-level, abstract
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Fig. 1. CAPEL enables the robot to learn action capabilities by taking into
account both the similarity of actions as well as their effects: (a) The robot
can successfully open the door if it pulls the handle in a direction roughly
normal to the door plane (green arrows). (b) The same action fails when
the door is locked.

effects [4]. Relational representations do not attempt to
represent the world in full detail, but equip the robot with
a task-relevant abstraction of the world state. This type of
abstractions is particularly well-suited for manipulation tasks
and for efficiently planning sequences of actions [5]. There-
fore, CAPEL not only couples action and forward model
learning, but also learns across two different representations,
low-level action parameters and high-level forward models.

We implement this idea by formalizing CAPEL as an
iterative clustering method that groups experiences in both
representations in a coupled fashion. A cluster in the con-
tinuous representation then corresponds to an action, and a
cluster in relational representation to a forward model.

To demonstrate the effectiveness of CAPEL, we apply
it in a manipulation experiment that requires manipulating
articulated objects in a simulated environment. As the focus
of this paper lies on studying how coupling action and
forward models learning improves learning, and not on
learning complex action skills, we confine ourselves to a low-
dimensional parametrization of actions in terms of pushing
and pulling directions. Our results show that CAPEL enables
the robot to reliably plan sequences of actions to operate
the articulated objects, overcoming problems that arise when
treating the learning problems separately. This indicates that
combining subsymbolic and symbolic learning is an effective
paradigm for learning action capabilities, a paradigm that has
only recently been gaining attention [6], [7], and that should
be pursued further in the future.

II. RELATED WORK

In previous work, the term action or skill is usually defined
as a set of parameters. In the following, we will contrast this
term to an action capability which we define as a set of
parameters and a corresponding forward model [8], [9]. We
will now discuss previous work on learning parameters and



forward models, first covering approaches that address them
independently, and then approaches that combine them.

Learning action parameters: There has been remarkable
success in learning action skills for complex robot mo-
tion [1], [2], [10], [11]. These approaches make the learning
problem tractable by training a skill for producing only a
single effect. CAPEL allows to learn multiple skills and
learns how to sequence them appropriately to solve a task.

Learning forward models: To sequence skills, a robot
requires a forward model that predicts the effect of each
skill. Learning forward models is difficult if it is not known
a priori which properties of the world are task-relevant.
One way is to learn models that predict effects at the
level of physics [3], [12] but these models do not easily
capture abstract properties of the world. This problem can be
overcome by using symbolic, relational models [4]–[7], [13],
[14]. However, the applicability of symbolic models hinges
on the premise that the symbols reflect meaningful entities in
the world. While integrated task and motion planning [14]
alleviates the problem to some extent, it still depends on
suitable state symbol groundings and action templates. Thus,
it seems indispensable that the robot learns how to ground
these state and action symbols. Recent work has focused
on learning state symbols [6], [7], [15]. In contrast, CAPEL
relies upon pre-defined state symbols (see Sec. VII-6), but it
learns task-relevant action symbols (and forward models for
each of them).

Combined action parameter and forward model learning:
There exist previous approaches to combined skill and for-
ward models learning, but these approaches make simpli-
fying assumptions that CAPEL removes. One assumption
is to only learn binary forward models which predict the
success or failure of actions [1], [10]. These binary models
do not allow to plan sequences of actions, in contrast to
the symbolic forward models learned by CAPEL. Other
approaches assume that only one action capability at a time
is learned: similar to our work, Orthey et al. [16] optimize
an action such that the associated relational forward model
becomes more predictive. But different from CAPEL, their
approach cannot learn multiple action capabilities. Finally,
one can leverage human demonstrations [11]. These simplify
the learning problem significantly by narrowing down the
state and action spaces to task-relevant regions. In contrast,
CAPEL is able to learn from the robot’s own and even
randomly chosen actions.

To summarize, CAPEL combines low-level continuous
and high-level symbolic learning to acquire a set of mul-
tiple actions capabilities from the robot’s own experiences,
without requiring any demonstrations.

III. OVERVIEW

We begin with an intuitive explanation of CAPEL, and we
formalize in the following sections. CAPEL receives as input
a set of experiences, generated by interaction of the robot
with the world. In this paper, the world consists of articulated
objects (cabinets with different opening mechanisms, Fig. 1)
and the robot has to learn how to operate them.

Such real world tasks are difficult because different
parametrizations of an action can cause the same effect, but
the same action can also have different effects, depending on
the state of the world. This difficulty is illustrated in Fig. 1(a):
several actions (with only slightly differing parametrizations)
open the door, but the same actions fail to open the door if
it is locked (Fig. 1(b)). When learning from experience, the
robot must understand whether different experiences result
from the same or different actions – otherwise, it learns
wrong parametrizations or forward models.

To cope with this issue, CAPEL exploits two priors: that
similarly parametrized actions have similar effects, and that
every action has few and predictable effects. We formalize the
learning problem as finding a good clustering of experiences,
and we compute a continuous action parametrization and a
relational forward model for each cluster. The goal is to find
a clustering that obeys the two priors. Notably, the first prior
is implemented in the low-level, continuous action represen-
tation, and the second one in the high-level relational model
representation. Thus, we can think of CAPEL as clustering
in both representations, as illustrated by Fig. 2. However, the
representations are coupled, allowing the priors to shape the
actions and forward models in both representations.

IV. COUPLED CONTINUOUS AND
RELATIONAL REINFORCEMENT LEARNING

Formally, CAPEL can be cast as a reinforcement learning
(RL) problem. We will now introduce this problem and
explain technical prerequisites of CAPEL. The next section
will focus on the novel aspects of CAPEL and explain how
it solves the given RL problem.

1) Reinforcement Learning in Coupled MDPs: The robot
interacts with the world by executing low-level continuous
actions, but perceives the state of the world and the effects
of its actions in a high-level relational representation. We use
·̄ to indicate low-level, continuous-valued, and ·̄ to indicate
high-level relational quantities. When referring to both the
continuous and relational quantity we omit the bars.

We represent the world by a pair of coupled MDPs. The
first, continuous MDP is defined as 〈

¯
S,

¯
A,

¯
T ,

¯
R,γ〉, with states

¯
S, actions

¯
A, a stochastic transition/forward model

¯
T :

¯
S×

¯
A×

¯
S→ [0,1], a reward function

¯
R :

¯
S×

¯
A→R, and discount

factor γ ∈ [0,1). The second, relational MDP is defined as
〈S̄, Ā, T̄, R̄,γ〉. We ensure that the two MDP are consistent
by deterministically mapping each continuous state

¯
s ∈

¯
S to

a relational state s̄ ∈ S̄, and by assuming equivalent reward
functions (

¯
R(

¯
s) = R̄(s̄) for all states).

Given these MDPs, the robot’s goal is to find a relational
policy π : S̄ → Ā that maximizes the expected discounted
sum of rewards: the well-known relational RL problem [13].
CAPEL performs model-based RL by learning the relational
forward model T̄ (assuming R̄ as given) and then applying
a relational planner [5], but with an additional complication:
the set of relational actions Ā is not known beforehand. Thus,
CAPEL must first learn to translate each continuous action
to a relational action. Before we explain how CAPEL solves
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ē8ē1
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Fig. 2. The coupled learning problem. We see three clusters c1,c2,c3, each containing a subset of all experiences in continuous and relational representation.
From the continuous representation of the experiences in cluster ck we compute the action

¯
ack

and associate with it the relational action symbol āck . From
the relational representation we compute the relational forward model T̄ck . In the example, T̄c2 contains two rules which predict that the downward-pointing
action

¯
ac2

opens handle joints with probability 79%. (Continuous states are grayed out to indicate that they are not used during learning.)

this problem, we will, in the remainder of this section, define
all entities occurring in the previously defined MDPs.

2) State and Action Representation: In our experiments,
a continuous state

¯
s ∈

¯
S represents a scene consisting of

different objects. A relational state s̄ ∈ S̄ maps
¯
s to a set

of logical predicates capturing task-relevant properties of the
scene. It corresponds to a set of positive literals (defined over
a set of symbols) which each takes a number of arguments.
All literals omitted from the state are implicitly false.

The robot can push and pull objects into different direc-
tions applying an action

¯
a ∈

¯
A. We assume

¯
a to correspond

to a vector in some finite-dimensional parameter space
¯
A.

In our experiments,
¯
A is a 3D space encoding push and

pull directions (Sec. VI) The relational action ā maps the
continuous action to an action predicate and also instantiates
the manipulated object o, e.g. push(o).

Example 1: The cabinet in Fig. 1(a) can be described by
the following relational state1:

frame(o1),plane(o2),handle(o3),joint(o2),joint(o3),

jointClosed(o2),jointClosed(o3),

The action depicted in Fig. 1(a) is given by
¯
a =

(0.12,0.24,0.96) in continuous, and by ā = pull(o3) in
relational form (see also Sec. VI).

3) Experiences: The robot collects data by randomly sam-
pling continuous actions

¯
a∈

¯
A, executing them and observing

their effects s̄. Formally, this gives a set of experiences in
continuous and relational form E = {((

¯
e, ē)i}N

i=1 where
¯
e

denotes the continuous experience
¯
e= (

¯
se, ¯

ae,¯
s′e,re), contain-

ing continuous predecessor and successor state, continuous
action and reward. The relational experience is defined
analogously as ē = (s̄e, āe, s̄′e,re). Moreover, we will denote
by

¯
E the set of continuous experiences and by Ē the set of

relational experiences. Finally, ∆ē denotes the state effect, i.e.
the set of all logical predicates differing between s̄e and s̄′e;
we call ∆ē = /0 a void effect.

Example 2: For the experience ē in Fig. 1(a) the state
effect is ∆ē = jointOpen(o2),¬jointClosed(o2).

1 To simplify the kinematic representation in the relational state, we
assume a kinematic tree and set root it at some (arbitrary) object oi, in our
experiments the cabinet frame. Then, a joint between oi and o j is represented
by the unary predicate joint(o j), and so forth.

4) Forward Models: In relational model-based RL, the
goal is to learn a forward model T̄ for each ā, and use it for
planning. We will now formalize T̄ , assuming that actions ā
are given, and cover learning T̄ in Sec. V-D.

A forward model T̄ consists of a set of noisy indetermin-
istic deictic (NID) rules [4]. Each NID rule τ ∈ T̄ predicts
which outcomes can occur if action ā is executed in a
state context. NID rules are a more expressive version of
STRIPS rules with probabilistic outcomes, which account
for uncertainty and failures in unstructured environments.

Example 3: The following rule predicts how likely it is
that action ā = push(·) opens the door handle:

CONTEXT : handle(X),jointClosed(X)

ACTION : push(X)

OUTCOMES :


0.59 jointOpen(X),¬jointClosed(X)

0.40 /0
0.01 noise

(1)

Note that the NID rule removes reference to concrete objects
o1,o2, . . . by substituting variables X ,Y, . . ..

To use T̄ for planning towards a goal state, we must
compute whether one of its rules τ ∈ T̄ covers a state s̄. We
can then search a sequence of rules/actions that attains the
desired goal state. We define that τ covers s̄ (we write τ |= s̄)
if we can substitute the variables in τ by object identifiers
o ∈ O such that the rule’s context and action are consistent
with s̄ and ā. Similarly, we define that τ covers an experience
ē (writing τ |= ē), if at least one of the rule’s outcomes
covers the experience’s successor state s̄′e. Moreover, we
write p(T̄ |= ē) = p̄ if there exists a rule τ ∈ T̄ that covers ē
with outcome probability p̄, and set p̄ := 0 otherwise.

Example 4: The NID rule from Example 3 covers s̄ from
Example 1 if we substitute X := o3. It also covers the
experience ē=(s̄, ā, s̄′,r), predicting that action ā= push(o3)
will lead to successor state s̄′ = (s̄ ∪ {jointOpen(o3)} \
{jointClosed(o3)}) with probability p(τ |= ē) = 0.59.
(NID rules do not make use of reward r).

V. COUPLED LEARNING OF ACTION PARAMETERS AND
RELATIONAL FORWARD MODELS

We can now formalize the problem CAPEL solves as
learning a set of K actions, represented by

¯
ac1

, . . . ,
¯
acK
∈

¯
A



in the continuous and by āc1 , . . . , ācK ∈ Ā in the relational
domain, and their corresponding relational forward models
T̄c1 , . . . , T̄cK , from experiences E . We index the k-th action
and forward model by ck to indicate that each of them is
associated with a cluster of experiences Eck = (

¯
Eck

, Ēck).
Conceptually, the learning problem is a latent variable infer-
ence problem: we assume that every experience is an instance
of exactly one action

¯
ack

and that it is explained by forward
model T̄ck . Therefore, the latent variables to be learned are
(
¯
ack

, T̄ck , Eck ). The idea of CAPEL is to jointly cluster the
experiences in their continuous and relational representation
(Fig. 2), such that we obtain task-relevant

¯
ack

and T̄ck .

A. Learning Objective

Our key insight is that finding this clustering can be solved
most effectively if all

¯
ack

and T̄ck obey the two priors stated
in Sec. III: that similarly parametrized actions have similar
effects and that actions have few and accurately predictable
effects, given experiences E . These priors are represented by
the following loss function:

L=
K

∑
ck=1
Laction(¯

ack
,Eck)︸ ︷︷ ︸

=Lc
action(¯

ac1
,...,

¯
acK

,E)

+
K

∑
ck=1
Leffect(T̄ck ,Eck)︸ ︷︷ ︸

=Lc
effect(T̄c1 ,...,T̄cK ,E)

. (2)

where each term corresponds to one prior, which will be
defined in Sections V-C and V-D. Note, that the first term
only applies to

¯
ack

and the second term only to T̄ck . We will
now explain how to exploit this structure for optimization.

B. CAPEL: Iterative Clustering

To optimize (Eq. 2), we apply an iterative k-means-style
clustering scheme: we start by randomly sampling K actions

¯
ack

, assigning each experience to the most similar
¯
ack

. Then
we alternate the following two steps until convergence:

a) Update step: Given an assignment of experiences to
clusters Eck , we compute the actions

¯
ack

and forward models
T̄ck that minimize the loss (Eq. 2). Since the loss is a linear
combination of two terms, optimization can be carried out
separately for

¯
ack

wrt. Lc
action and for T̄ck wrt. Lc

effect.
b) Assignment step: While keeping all

¯
ack

and T̄ck
fixed, we reassign experiences to clusters ck s.t. (Eq. 2) is
minimized. To do so, we must for each experience

¯
e compute

the most similar cluster, according to a suitable similarity
metric that we need to provide. The linear combination of the
loss terms in (Eq. 2) allows us to decompose the similarity
metric likewise (

¯
ae denotes the action executed in

¯
e):

sim(ck,(¯
e, ē)) = simaction(¯

ack
,
¯
ae)+ simeffect(T̄ck , ē), (3)

The decomposition of the update and assignment steps
into Lc

action (simaction) and Lc
effect (simeffect) gives us several

options for optimizing (Eq. 2): as default, we simultaneously
optimize a linear combination of the two terms, as described
above and summarized in Alg. 1; alternatively, we can per-
form a pre-train and finetune procedure by first optimizing
Lc

action until convergence and then continuing with Lc
effect – or

vice versa. We will evaluate all three procedures in Sec. VII,

and now explain how to define the terms in (Eq. 2) and
(Eq. 3), and the assignment and update steps for them.

Algorithm 1 CAPEL
1: Pick

¯
ac1

, . . . ,
¯
acK

randomly
2: for all (

¯
e, ē) ∈ (

¯
E, Ē) do

3: Assign (e, ē) to ck := argmaxc j simaction(¯
ac j

,
¯
ae)

4: Llast := ∞

5: while true do
6: for all ck ∈ {1, . . . ,K} do
7: # Update step
8: Compute

¯
ack

:= 1

¯
Eck
| ∑¯

e∈
¯
Eck ¯

we¯
ae

9: Optimize T̄ck wrt. Leffect(T̄ck ,Eck )
10: Compute L given {

¯
ack

, T̄ck ,Eck}1≤ck≤K
11: if L= Llast then
12: return {

¯
ack

, T̄ck ,Eck}1≤ck≤K
13: Llast := L
14: # Assignment step
15: for all (

¯
e, ē) ∈ (

¯
E, Ē) do

16: for all ck ∈ {1, . . . ,K} do
17: Compute sim(ck,(¯

e, ē)) using Eq. (3)
18: Assign (

¯
e, ē) to ck := argmaxc j sim(c j,(¯

e, ē))

C. Action Similarity Prior: Learning Action Primitives

The first term Laction expresses the prior that similar
actions have similar effects. To implement it, we require all
actions in a cluster to be similar, by penalizing low similarity
of the cluster centroid

¯
ack

to the actions
¯
ae assigned to ck:

Laction(¯
ack

,Eck) =− ∑
e∈

¯
Eck

¯
we simaction(¯

ack
,
¯
ae), (4)

where simaction is a similarity metric defined on
¯
A, and

¯
we

is an experience-specific weight (defined below).
a) Update step: It is easy to show that, given a set

of experiences
¯
Eck

, we can compute the optimal
¯
ack

as the
(weighted) mean over the continuous actions in

¯
Eck

.
b) Assignment step: We use simaction(¯

ack
,
¯
ae) to deter-

mine the cluster with the highest similarity to experience
¯
e.

Note that these two steps implement the standard k-means
algorithm, applied to the continuous actions of the experience
set

¯
E. However, for learning task-relevant actions, we have

to ignore experiences with void effects (∆ē = /0) during the
update step: we can’t decide whether an action instance

¯
ae

has no effect due to the world state or due to being an illegal
variation of

¯
ack

; in the latter case,
¯
ae would wrongly skew

the centroid
¯
ack

, and so we set
¯
we = 1{∆ē 6= /0} where 1{·}

returns 1 for a true and 0 for a false statement. (This has no
effect on the assignment step or the forward model.)

D. Effect Prior: Learning Relational Forward Models

The second term Leffect implements the prior that actions
have few and accurately predictable effects. It imposes a loss
over the set of forward models T̄ = {T̄c1 , . . . , T̄cK}:
Leffect(T̄ck ,Eck) =− ∑

ē∈Ēck

w̄e log p(T̄ck |= ē)+α PEN(T̄ck)

+β EFF(Ēck), (5)

where α and β are (positive) hyperparameters. (Eq. 5) is an
extension of the loss defined in [4], which originally contains



only the first two terms: the weighted (log-)likelihood of
experiences given the model, which ensures that the rules
explain the experiences well; and the regularization term
PEN that penalizes rules that overfit to outliers (by counting
the number of literals in the rules). We add the multi-effect
penalty term EFF to force each model to specialize on few
effects. It does not depend on T̄ck and thus only influences
the assignment step. We implement it by computing for each
(non-void) experience the fraction of experiences in Ēck with
the same effect:

EFF(Ēck) = ∑
ē∈Ēck

1{∆ē 6= /0}p(∆ē ∈ Ēck). (6)

Additionally, we weigh experiences
¯
e according to the sim-

ilarity of their continuous action
¯
ae to the action centroid

¯
ack

by setting w̄e = simaction(¯
ack

,
¯
ae). (Note how w̄e and

¯
we

provide additional coupling, although
¯
we 6= w̄e.)

However, the update and assignment steps for optimizing
Lc

effect turn out to be much more difficult than for Lc
action:

a) Update step: Computing the optimal T̄ck from a set
of relational experiences Ēck is an NP-complete learning
problem. We therefore apply a local optimization by perform-
ing a greedy search over models T̄ck wrt. loss Leffect(T̄ck , Ēck).
Due to space constraints we cannot provide further details
about learning T̄ck and refer the reader to [4], [17].

b) Assignment step: To assess whether to reassign an
experience ē to a different T̄ck , we define the similarity
metric simeffect(ēck , T̄ck) as the relative increase of Leffect
when moving ē to cluster ck [18]. It is computed as the
difference between the cost of removing ē from its current
cluster T̄c` and the cost of adding it to T̄ck :

simeffect(eck , T̄ck) = [Leffect(T̄ ′ck
,Eck ∪{e})−Leffect(T̄ck ,Eck)]

−[Leffect(T̄ ′c` ,Ec` \{e})−Leffect(T̄c` ,Ec`)]. (7)

However, this way of implementing the assignment step
puts us at risk that Leffect increases (e.g. when experiences
with contradicting effects are moved to the same cluster).
We mitigate this effect by allowing CAPEL to move an
experience only if the overall similarity (Eq. 3) is above a
certain threshold, in our experiments 0.05.

Moreover, computing simeffect is costly as it requires
learning two new forward models T̄ ′ck

and T̄ ′c` . To compute
it efficiently, we do not relearn the models but instead apply
different incremental modifications to T̄ck , e.g. adding a new
rule, adding a new outcome, dropping literals from the
context of existing rules, not changing T̄ck at all, etc. and
select the modification T̄ ′ck

that decreases the loss most.

VI. SIMULATED FURNITURE SCENARIOS

We evaluate CAPEL in experiments with articulated ob-
jects, inspired by modular furniture [17]. To collect a large
batch of data to evaluate CAPEL we conduct experiments in
simulation. Although the physical realization of the percep-
tual and motor capabilities is outside the scope of this paper,
we provide references to prior works that implement them
on a physical system [19], [20].

(a) Box and Handle (b) Latch Type-1 (c) Latch Type-2

Fig. 3. Articulated furniture objects used in experiments.

Objects: The objects are cabinets with two different types
of opening mechanisms, a rotary handle and a latch with a
knob (Fig. 3). The handle and the latch have to be unlocked
before the door can be opened by pulling the handle or
the knob, respectively. The handle and knob have a large
variability in terms of the action parameters required to
actuate them, whereas the latch requires the direction of
motion to be precisely parallel to its joint axis. Additionally,
the cabinet can be obstructed by a box that must be pushed
either to the left or right before accessing the door.

TABLE I
STATE SYMBOLS FOR THE FURNITURE SCENARIO

Relation/Function Arity Explanation
Object properties

plane,handle,knob,latch1,latch2,box 1 object type
blocked 1 object is blocked (by box)
blocking 1 object is blocking some object

Kinematic structure
joint 1 connected by a joint
jointOpen,jointClosed 2 joint configuration

States: A continuous state
¯
s ∈

¯
S consists of a set of

objects o ∈ O in the scene, including their type, pose and
geometry (represented as 3D meshes), and a set of joints
and their configuration [20]. The continuous state

¯
s is only

available during simulation, whereas the relational state s̄∈ S̄
(composed of symbols listed in Table I) is used for learning.

Actions: We assume that the robot can establish a fixed
grasp with an object o ∈ O and can choose a direction to
push or pull it. Thus, we define the continuous action

¯
a ∈

¯
A

as a normalized directional vector
¯
A = R3, ||

¯
a||= 1, defined

in the coordinate frame of object o, and the relational action
by ā = push(o). We define the similarity simaction between
two actions as the dot product if this product is positive, and
to 0 otherwise (when vectors point into opposing directions).

Action Execution: To push or pull the robot applies force
control: it starts with zero force and linearly increases it until
the object starts moving by at least 1cm/s. Motion is aborted
if a force limit or time limit of 5s is reached. We adapt the
force direction compliantly to the motion of an object [19].
To simulate motion uncertainty we add Gaussian noise with
a standard deviation of 10 deg. to the direction vector

¯
a.

VII. EXPERIMENTS

The goal of the experiments is to verify our initial hypoth-
esis from Sec. III: for learning task-relevant action capabil-
ities, the robot must consider both (i) the continuous action
representation and (ii) its effects in relational representation.
To demonstrate that coupled learning in both representations
is required, we devise two scenarios, each requiring the robot
to learn (at least) five different action capabilities:



The box & handle scenario mainly requires learning in
continuous action parameter space: it contains the cabinet
with a handle attached to it, which is additionally obstructed
by a box (Fig. 3(a)). The scenario requires six actions: two
for opening and closing the handle, two for moving the
box left or right, and two for opening/closing the door. We
hypothesize that purely effect-based learning is unable to
learn the two opposing direction vectors for removing the
box (as they produce the same relational effect).

The latch scenario requires learning in relational effect
space: it consists of two cabinets, each with a distinct latch
type (latch1/2; Fig. 3(b)–3(c)). The latches are oriented
such that no single action opens or closes both of them (six
actions required). Thus, the robot must consider the effects
to distinguish the latches and to learn accurate parameters.

1) Data collection: In each scenario, the robot interacts
with cabinets in different states (open, locked, closed, un-
locked) by randomly selecting the handle, box, latch or knob,
uniformly sampling a direction vector and then applying the
action. This way the robot collects roughly 500 experiences
for the box & handle and 1000 for the latches scenario (the
latter contains more experiences with void effects because the
latches require precise motion to be actuated). We repeat this
procedure three times to obtain three datasets per scenario.

2) CAPEL and Baselines: We evaluate three variants of
our method: CAPEL (simul.) jointly optimizes L as de-
scribed in Sec. V; the other two, CAPEL (act.→eff.), CAPEL
(eff.→act.), apply the pre-train-and-fine-tune optimization
described in Sec. V-B. The hyperparameters for CAPEL only
pertain to the forward model learner. Preliminary experi-
ments and previous work [17] showed that it is not very
sensitive to these values, and we thus use low regularization
α = 10−5 and a moderate multi-effect penalty β = 1.

Additionally, we test three baselines: only optimizing
Lc

action (action only, equivalent to k-means), only optimizing
Lc

effect (effect only), and random (uniform) sampling of K
continuous actions (for which we also learn forward models).
We test K = {5, . . . ,12} and run each strategy five times with
different random initializations.

3) Evaluation: First, we evaluate (i) the loss (Eq. 2) for
each strategy. Next, we evaluate all the optimized quantities:
(ii) to evaluate the centroids

¯
ack

, we expose the robot to
every mechanism in all configurations and test whether it is
able to change its state (open to closed, locked to unlocked,
etc.) with only one action. (iii) To test the clustering Eck ,
we treat every cluster as a non-parametric action parameter
distribution: we perform the same test as in (ii), but instead of
applying

¯
ack

we randomly sample an experience
¯
e ∈

¯
Eck

and
execute its action

¯
ae. (iv) To test the planning capabilities

of the forward models T̄ck , the robot plans and executes a
full sequence of actions for opening and then closing (and
locking) each door (maximum of 5 actions). In all tests, we
use the relational planner PRADA [5].

4) Results: Fig. 5 shows results for different K, averaged
over five random strategy initializations and three datasets.

Loss: As expected, CAPEL (simul.) performs best wrt.
the loss (Eq. 2; Fig. 5, left column). The inferior performance

of action only, CAPEL (eff.→act.) and the random strategy
is due to the fact that the learned forward models contain
highly stochastic rules.

Centroids, Distribution and Planning: CAPEL (simul.)
manages to learn better centroids and distributions, in par-
ticular for lower values of K: it performs best for K = 9.
The superior performance of CAPEL (simul.) is even more
pronounced in the planning experiment. Interestingly, in
the centroid and distribution experiments, action only and
CAPEL (eff.→act.) perform only slightly worse than CAPEL
(simul.) on average, and even tend to perform better with
higher K. CAPEL (act.→eff.) performs moderately well,
whereas effect only exhibits performance close to random.

No strategy reaches 100% success: the first reason is the
noise we apply to the action parameters. Second, bad random
initializations cause the strategies to converge to non-global
optima, preventing the robot from learning task-relevant
actions. (For every dataset and at least one initialization,
though, CAPEL (simul.) with K > 5 learns optimal actions
and forward models; with K = 5 no strategy is able to actuate
all mechanisms.) Third, in some training samples an action
evokes undesired side effects; e.g., in the box-and-handle
scenario the robot simultaneously unlocks the handle and
opens the door, or locks the handle while opening the door.

5) Discussion: We now discuss whether the results con-
firm that coupled learning is required to solve the task.

Action parameter learning is required: Both, the box-
and-handle as well as the latch scenario show that pure
effect-based learning fails. In both scenarios there are identi-
cal effects (removing the box, operating latch1 or latch2)
that require different action primitives. Additionally, in the
box-handle scenario a wide variety of effects can occur,
e.g. handle and door opening simultaneously. Although these
effects are results of slight variations of the action required
to open a door, the effect only strategy wrongly considers
them different actions – as explained in Sec. III and Fig. 1.

Effect learning is required: Fig. 5 shows that ac-
tion only performs well on average. The reason is that
most required actions are roughly orthogonal (e.g. open-
ing door vs. opening handle) and do not require an ex-
act parametrization. However, the precise actions required
to operate the latches pose a challenge for action only:

0.0 0.2 0.4 0.6 0.8 1.0

Avg. success/mechanism

CAPEL (simul.)

CAPEL (act.→eff.)

CAPEL (eff.→act.)

Effect only

Action sim. only

Random

Centroids
¯
ack (k=9) – latches (un)lock

Fig. 4. Centroids in latch scenario K = 9.

Fig. 4 shows
that, indeed,
action only
(and also
CAPEL
(eff.→act.))
perform worse
at locking
and unlocking
these latches. This is confirmed by visual inspection of the
clustering in action parameter space: Fig. 6, left, shows that
CAPEL (simul.) correctly learns the distribution of the latch
opening action parameters (c3 and c5), even though they
overlap with the cluster for door opening (c4). Fig. 6, right,
shows that action only overfits to the sampling distribution.
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Fig. 5. Averaged results for the two learning scenarios. The plots show (from left to right): loss function score, avg. success in centroid experiment, in
distribution experiment and in planning experiment. We have omitted the standard error to increase readability; in general, we observed the standard error
to be lower for CAPEL (simul.) than for the other strategies.
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Fig. 6. Latch scenario, exemplary clustering results in action parameter
space for K = 6. To provide a 2D visualization, we translate 3D actions to
spherical coordinates. Only experiences with non-void effects are shown.

In summary, these results confirm that CAPEL is required
to learn task-relevant actions for both scenarios.

6) Limitations: First, CAPEL requires the training data
to cover all relevant parts of the action parameter space. To
enable learning in high-dimensional action spaces, CAPEL
needs to perform efficient exploration. It is unclear, though,
how to perform simultaneous exploration in continuous and
relational representations. Second, CAPEL relies upon pre-
defined state symbols. This is orthogonal to the assump-
tion made by approaches to state symbol learning [6], [7],
[15], as these require the robot to be equipped with task-
relevant, grounded action symbols. How to learn both types
of symbols simultaneously is an open research question.
Finally, CAPEL’s performance is likely to degrade if the state
contains task-irrelevant distractors. To address this issue, we
need to find better regularization for forward model learning.

VIII. CONCLUSION

In this paper, we presented CAPEL, an approach for action
parameter and forward model learning for manipulation.
CAPEL solves these two learning problems in a coupled
fashion by simultaneously clustering a set of experiences in
a continuous and relational representation. Our simulation
experiments show that CAPEL enables the robot to learn
task-relevant action parameters and forward models, by ef-
fectively combining subsymbolic and symbolic learning.
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