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Abstract

Learning actions that are relevant to decision-making and can be executed
effectively is a key problem in autonomous robotics. Current state-of-the-
art action representations in robotics lack proper effect-driven learning of
the robot’s actions. Although successful in solving manipulation tasks,
deep learning methods also lack this ability, in addition to their high cost
in terms of memory or training data. In this paper, we propose an unsu-
pervised algorithm to discretize a continuous motion space and generate
“action prototypes”, each producing different effects in the environment.
After an exploration phase, the algorithm automatically builds a represen-
tation of the effects and groups motions into action prototypes, where mo-
tions more likely to produce an effect are represented more than those that
lead to negligible changes. We evaluate our method on a simulated stair-
climbing reinforcement learning task, and the preliminary results show
that our effect driven discretization outperforms uniformly and randomly
sampled discretizations in convergence speed and maximum reward.

1 Introduction

How to autonomously learn effective actions in robotics is a crucial question to enable
robots to tackle diverse tasks in realistic environments with low supervision. The impor-
tance of action is highlighted in cognitive science, where recent developments propose to
redefine cognition as “embodied action” [3]. On the other hand, implicit models of action
are recurring in autonomous robotics, necessary for various systems in the robot: symbolic
actions represented as operators allow long-term action planning [14, chap 14], contin-
uous actions are encoded as motion primitives or policies in order to be executed in the
environment [14, chap 15]. Advanced perception capabilities like affordance detection
process sensor data in regards to the actions the robot is able to perform in the environ-
ment 13, 20].

However, in robotics, this diversity of action models at several levels of abstraction leads
to partial and heterogeneous representations, a problem that is identified by [21]. They
propose a tentative definition of action in robotics in order to formalize the design and
learning of action representation. Supported by results from other fields of cognitive sci-
ence, they particularly emphasize the key importance of the concept of effect produced
by motor behaviors, in order to define an action. They also examine how researchers ap-
proach the question of action representations in robotics and highlight several open chal-
lenges to be addressed. In this work, we focus on addressing one of them: “Intensifying
effect-centricity and effect grounding” (in action representation). More specifically, we are
interested in providing discrete actions often referred to as action symbols at the decision
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level that are grounded in the actual physical effects produced by the interactions of the robot
with its environment.

For that, we design an algorithm to generate what we call “action prototypess”: each pro-
totype is a set of motion parameters that let the robot produce a specific type of effect.
Generating these prototypes involves a) finding out which types of effects are possible in
a given environment through exploration, b) building the class of equivalent effects, and
¢) finding a set of representative motion parameter sets that allows achieving such effects
reliably. Our work contributes by formalizing and implementing an effect-centric action
space discretization algorithm!. Additionally, we create a toy environment in Gazebo with
a Gym-Wrapper called “Up The Stairs”? with a continuous motion and observation space
well suited for action space discretization evaluations. Finally, we perform a comparative
evaluation of the proposed effect-centric discretization algorithm and trivial discretization
approaches on the “Up The Stairs” environment.

The rest of this paper is organized as follows: Section 2 reviews existing approaches that
learn action prototypes, Section 3 describes our multi-step approach relying on unsuper-
vised methods to build effect and action representations. In Section 4, we describe the en-
vironment in which we evaluate this method as well as its relevance for decision-making
in robotics in a reinforcement learning (RL) problem. Finally, we examine the implications
and potential limitations of the method in Section 5.

2 Related Work

In robot action learning, a large part of the research effort is dedicated to learning (en-
coding of) trajectories useful to solve a task, as shown by the several surveys on robot
manipulation [4, 7]. Standard representations include motion primitives, as often done in
learning by demonstration, and policies learned with reinforcement learning. To the best
of our knowledge, the explicit learning of actions based on the effect they produce is not
often explicitly addressed [21]. The current state-of-the-art approach to learning motions
in robotics is to train an end-to-end deep neural network through reinforcement learning
[12, 18, 6]. However, limitations include the number of parameters, training data, and time
required for the learning process to converge [8].

A promising approach proposed by [19] uses a hierarchical reinforcement learning ap-
proach to learn both a goal abstraction and an agent’s policy for a given task. They show
that the goal representation (i.e., the policy effects) learned by their algorithm is necessary
to solve tasks in complex continuous environments with sparse rewards. However, they
learn to solve a task in a RL setting, which means their representations are tied to a task
and biased by the reward function.

The dependency on a reward function is lifted when explicitly considering the effects: one
can find effect-based action learning in the affordance learning literature in robotics. The
focus is on learning the relationship between environmental features, robot behavior, and
their corresponding effects [13]. [2] use a Bayesian representation of the causal relation
between the environment, the robot actions, and the effects. They start with pre-coded
elementary actions and handcrafted effect detectors and can find affordances based on col-
lected data but do not let the robot discover effects. [1] propose an affordance equivalence
operator based on the produced effect. Using a Bayesian Network, they model relations
between object, action, and additionally, the actor from experimental data. These models
allow to find equivalent elements, especially equivalent action to obtain the same effect,
but do not modify the set of available actions.

A step towards learning a relevant effect representation is made by [17] in the context of
social affordances. Despite using pre-coded actions, they compute effect codes based on
the continuous variations of the features in effect space. This representation produces ef-
fect equivalence classes based on the mean and standard deviation of effects produced by
one action. No supervision is required, and effect classes are thus autonomously discov-

Thttps://github.com/marko-zaric/action-prototype-gen.git
Zhttps://github.com/marko-zaric/up-the-stairs.git
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Algorithm 1 Motion sampling
Require: O = X7, 0jand M =X M; > Motion space M and Observation space O

Return: Q > Collection of (motion, effect) tuples
1<0
while N >i do
Initialize s > Reset environment at each sample

Sample m; ~ U(M)
Perform motion m; and observe s’
e;=s"—s
Store (m;, e;) to Q
i—i+1
end while

ered. The limitation here is that actions being hard-coded, some have multiple outcomes,
contrary to the idea that the effect defines the action.

3 Methods

Solving the underlying problem for continuous systems is more challenging due to the
infinite number of possible actions requiring parametric functions to describe action dis-
tributions. The primary aim of action space discretization is to maintain the simplicity
of discrete actions in continuous control problems [15]. To tackle these tasks in a sample
efficient manner, we consider a developmental scenario where the robot can explore inter-
acting with the environment. The agent can issue commands in continuous motion space,
and the goal is to find discrete action prototypes in a sample-efficient way where each pro-
totype performs a reliable effect in the environment. The exploration phase is divided into
three main stages: motion sampling, effect region clustering, and action prototype genera-
tion. All three stages operate unsupervised, resulting in ready-to-use action prototypes for
a downstream discrete RL algorithm.

3.1 Motion sampling

The initial setting for this method is a robot environment with a continuous state space
O defined as O = X}, O; where each O; is a bounded interval for the ith feature value
(X denotes the Cartesian Product). We consider a continuous motion space M = X' M;
where M; takes values in a bounded interval. These are the motor controls in robot actua-
tors with their respective minimal and maximal value. We define an effect ¢; at time step ¢
as follows

e;=5—5_1 VYt:s5,€0 (1)

where O is an observation space and s; and s;_; are two consecutive states linked by motion
m;_1. At this stage, the robot samples a random motion m; uniformly from motion space M
at each step and performs it always starting from the environment’s initial position. When
performing a motion, our method focuses on the effect it produces in the environment and
stores the resulting (m;_, e;) tuples in Q. Pseudocode for this stage is given in Algorithm
1. Since the environment is reset after every collected sample, we drop the time index t.

3.2 Effect region clustering

Effect region clustering is achieved by grouping the effects resulting from the sampled mo-
tions to generate effect classes Cy, as described by Algorithm 2. A different method for
grouping the samples into effect categories is selected depending on the specified number
of relevant effect dimensions. If only one effect dimension is interesting for the task, sim-
ple histogram binning groups the samples into the respective categories. Otherwise, we
opt for the K-Means algorithm ([9]) to cluster effects in multidimensional space. In order
to find the best number of classes to represent the data, we perform multiple iterations of
K-Means while increasing the number of generated centroids. The iteration that produces
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Algorithm 2 Effect region clustering

Require: N motion-effect tuples Q, i max clusters

Return: Cy,...,Cy > N distinct Effect Regions
if dim(e) > 1 then

0«0 > maximal silhouette score

¢ —2 > best number of clusters

foreachic(2,...,9] do
s « silhouette score of KMEANS({e € 3}, clusters = 1)
if 6 <s then
0«s
i
end if
end for
{Ck:kell,...]} — KMEANS({e € Q}, clusters = ¢)
else
borders, bins « Histogram({e € QQ})
Create Cy for non-empty bins
for each (e,m) € Q do
Append (e,m) to Cy where e € borders(Cy)
end for
end if

clusters with the highest silhouette score are considered to be the current best representa-
tion of possible effects and used as Cy. In each version, labels are amended for each sample
generated at the previous stage, resulting in (m;_y, e, k) tuples.

3.3 Action prototype generation

Each class Cy constitutes a collection of similar effects, each with a respective motion that
caused the effect. This one-to-one relationship allows us to group the sampled motions
by their associated effect label e,. We call this collection of motions “action” Aj: all the
motions that achieve the same class of effect.

In order to achieve e, any motion from action Ay can be performed. However, instead of
maintaining all these individual motions, we want to find a small number of p, € M for
each effect class Cy. All py are action prototypes available at the discrete decision-making
level of the robot.

We selected the RGNG (Robust growing neural gas) algorithm by [10] to generate the ac-
tion prototypes. This algorithm utilizes a combination of topological learning and outlier
resilience, which stays true to the underlying sample topology of the input data.

RGNG needs a maximally allowed number of nodes on initialization. We consider an
effect-driven approach to calculate this number based on the underlying effect samples
of class Ci. For each class k, we determine the mean y]ec and the standard deviation a,f
in effect space. After normalizing the mean and standard deviation across all classes, we
calculate the number of prototypes & for each class according to Equation (2).

(2)

& (1 —cvy) - stdy J

= [ ming((1 —cvy) - stdy)
Ge

CVy = —Ié (3)
k

where cvy is the coefficient of variation (defined in Equation (3)). This is a statistical mea-
sure of dispersion relative to the mean. A high coefficient of variation means the action is
less robust; therefore, the first term reduces the number of prototypes for unreliable ac-
tions. The second term reduces the number of prototypes for potentially reliable actions
with little variability to avoid motion overlap. The division by the minimal value ensures

373



(a) Initial position (b) Performed jump

Figure 1: The simulated environment: (a) the robot (the turquoise cube) starts facing a
stairway consisting of 4 steps in its initial position. It can apply a force in the y-z plane to
its center of mass (red: x, green: y, blue: z) (b) the robot after performing a motion, in its
final position. The red line is the performed trajectory.

that each encountered class gets at least one prototype. Finally, we run either RGNG or
calculate the motion space mean yj' to generate the action prototypes pj for each class Cy

I if & ==
Pk = {RGNG(ék) if & > 1. (4)

4 Results

We evaluate the algorithm in a simulated environment where a simple robot can move by
“jumping”, i.e., applying a force to its center of mass. Figure 1 illustrates the setup. The
“jumping” command is

m={a, p}
where a = (0, a,0) is the direction vector of the force applied at the robot center of mass,
and p is its amplitude. The robot receives

s =1{x,9,2,9%,qY,92,qw, dops}

as features, where x, y, z encodes its position in the world frame, qx, qy, qz, qw is the
quaternion representing its orientation and d,;s the distance to the next obstacle on the
x-axis.

Figure 2 shows the k-means clustering result on the collected data in effect space visualized
in motion space. The method is able to find meaningful classes on the y,z space. Other
dimensions of the effect space are random in this setting since the control action is applied
in the y-z plane. Classes C; and C3 correspond to no strict change in the environment
where the robot does not reach the first step. In classes C,, Cy, Cs, Cg, significant changes
in the position of the robot are produced. Each subsequent class (in order Cs, C,, Cq, Cy4)
represents the robot making it one step higher. The empty area in the top left of Figure 2
corresponds to overshooting off the stairs, which we excluded in the final clustering.

Figure 3 shows the action prototype found by our method/other methods. Our method
manages to find distinct prototypes in significant effect areas. RGNG without the metric
in Equation (2) finds distinct prototypes in significant effect areas but creates too many
prototypes in “low effect” and ”low variation in effect” areas because all areas are deemed
as equally important. The uniformly random prototype selection fails to capture a large
portion of the high-effect areas and cannot follow the underlying topology in the effect
space.

To measure the quality of the generated prototypes, we constructed a reinforcement learn-
ing problem in the aforementioned environment with 15 steps instead of four. We created
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Figure 2: The visualization of the k-Means effect region clustering in y and z space in
action space shows coherent classes even though the clustering was performed in effect
space, which reaffirms these two spaces’ correlation. Classes C; and C3 correspond to no
strict change in the environment where the robot does not reach the first step. The other
regions in the top half represent a one-, two-, three-, or four-step height gain (from left to
right).

a custom Gymnasium [16] environment wrapper for our simulation with reward function
1; (from now on called ”Up the stairs” environment). This reward function rewards jump-
ing one step at a time and punishes falling proportional to the number of steps fallen.

: zZ 2
rt:{l if (s{,;—5s{)>0 (5)

—(s7,, —59)/0.3 if (si ; —s7)<=0.
We used the SAC and the DQN implementation of Stable-Baselines3 [11] as reinforce-
ment learning agents in our evaluation. As a baseline for the achievable performance on
this task, we trained the SAC agent [5] with 475146 parameters on the continuous motion
space for 30000 steps. Additionally, we trained three Deep Q-learning agents with 5520
parameters each on our effect-based, uniform, and random prototypes. Figure 4 shows the
mean reward with its respective standard deviation for each agent evaluated five times for
each of the four seeds after every 500 timesteps. Each of the DQN agents collected data for
3000 steps into the replay buffer before starting to learn. The blue vertical dashed line in
Figure 4 marks the point of learning start for the uniform and random prototypes. The red
vertical dashed line is the sum of the 3000 DQN exploration steps and the 2000 motion
samples collected before prototype generation.

Our method exhibits robustness similar to SAC regarding standard deviation, which the
other methods fail to achieve. While all methods fall short of the performance achiev-
able in the continuous setting with SAC, our method achieves the highest mean return
out of the three discrete methods. The effect-based method holds advantages over both
alternative discretization methods: Random prototypes, compared to effect-based proto-
types, rise to their maximum performance similarly fast but fail to reach the same average
reward. Uniform prototypes are close in average reward to our method but converge way
slower. Finally, although the performance of our method could be better compared to SAC,
it achieves it with an 85 times smaller number of parameters. Some runs of our method
achieve the maximal performance, but more investigation is needed to understand the rea-
son for the lower average.

5 Discussion

Our custom ”Up the stairs” environment shows promising first results in the search for
automatic effect-based action discovery. A definite upside is that with a disproportion-
ately smaller network size compared to the baseline SAC (factor 85), our method achieved
competitive results with its preemptive effect-based prototype generation. One current
limitation is the need for discrete effect spaces for clear effect class separation. Discrete
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Figure 3: Action prototypes (visualized as regular polygons) found by (a) Effect Region
Clustering with RGNG (Robust Growing Neural Gas Algorithm) and variation metric
(Equation 2) for selecting the prototype quantity per class, (b) Effect Region Clustering
with five prototypes per cluster RGNG, (c) random prototypes and (d) uniform grid pro-
totypes. Methods (a) and (b) identify key change areas using Effect Region Clustering to
generate prototypes across various effect motions. Method (b) generates excessive proto-
types in stable areas, undermining the advantage of effect classes. Random and uniform
methods yield many irrelevant prototypes. The colors of effect classes serve only as visual
cues and do not affect methods (c) and (d).

effect spaces manifest through fixed boundary conditions in the environment (i.e., immov-
able stairs), which cause the effect class discovery to form clear boundaries as in Figure 2.
There are no emergent effect category borders in purely continuous effect spaces (i.e., free
space navigation). In future work, we want to investigate if effect-based discretization still
yields benefits over the simpler uniform prototypes. Appendix B provides a visual aid for
understanding the difference between discrete and continuous effect spaces.

When selecting the set of features that the algorithm should consider when evaluating
the effects, there is a trade-off between performance and generalization. With each added
available feature, the dimensionality of the clustering input space increases. If a lot of the
added features are random, previously separate effect categories can merge into one. A
visual representation of that can be found in Appendix C. If there is previous knowledge
of insignificant effect features, removing them from consideration when clustering leads to
a more robust effect class discovery. In future work, we want to investigate unsupervised
options for measuring the randomness of each effect space feature so that the sweet spot of
performance and generalization is discovered automatically.
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Learning Curve Comparison

—— DQN effect based prototypes DQN uniform prototypes —— DQN random prototypes
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Learning Curve Comparison
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Figure 4: During the "Up The Stairs” task learning, our effect-centric method, adjusted
for 2000 samples for prototype generation, achieved faster convergence and higher max-
imal reward than random or uniform prototype generation methods. The SAC baseline,
representing solvability in a continuous action space, has its maximal reward marked by
a green dashed line at 15 in the graph (a). Graph (b) compares the learning curves of the
SAC baseline, our effect-based discretization with DQN.

The action prototype selection method is critical in enabling the robot’s initial perfor-
mance. Real-world settings and environments often do not exhibit evenly distributed
high-effect regions. Our metric provides a reasonable estimate of how many prototypes
each category should hold. After this initial decision, it is crucial to spread the action
prototypes far from each other inside an effect category to create a wide range of different-
looking motions in the robot’s repertoire.

6 Conclusion

We presented a new effect-centric approach to learn a discrete action set that can be used
by decision-making components of robots grounded in their actual effects in the environ-
ment. This approach only makes assumptions about the state dimensions where effects
should be measured and does not rely on the design of a reward function. Our method
is constructed task-agnostic and shows promising preliminary results: in our toy environ-
ment “Up The Stairs” effect-based action space discretization outperforms uniformly and
randomly sampled action space discretization in convergence speed and maximum reward.
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