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Abstract— In this paper we rely upon the concept of SpatioTemporal Affordances (STA) to formalize the objective function
to learn affordance descriptors. Such a function allows to
better encode action semantics related to the environment. We
qualitatively evaluate obtained results over the learned spatial
model for two different tasks.

I. I NTRODUCTION
Affordances have been introduced as action opportunities
that objects offer [1] and, recently, they have been used
in robotics to improve object representations in relation to
actions. Although the original definition is limited to objects,
this concept has been extended to describe environments as
a combination of spatial affordances [2], [3]. In Kapadia et
al. [4], for example, these are used for collision avoidance,
while Diego et al. [5] use affordances for robot navigation
in crowded environments.
Typically, approaches adopted in literature are rather specialized and cannot be used for the execution of multiple
tasks. To tackle this problem, we use the concept of spatial
semantics to establish a connection between the environment
and spatio-temporal affordances. In particular, we formalize
a Spatio-Temporal Affordance Map (STAM) [6] as a representation that contains high-level semantic properties of the
operational scenario. These properties are encoded within a
set of descriptors that can provide prior information about
actions and that can be easily learned.
In this paper, we describe and formalize the objective function to be optimized in order to learn and obtain affordance
descriptors. By using this approach, such descriptors can
be easily learned and integrated within a behavior learning
framework. In particular, in our experiments we learned the
appropriate relative distances of a robot, as a function of
the state of the environment, for a following and a reaching
task on a NAO robot. The former was learned by observing
expert policies – from demonstration, while the latter was
incrementally learned during the iterations of a Monte-Carlo
reinforcement learning method. As shown in Fig. 1, the
obtained parameters accurately model action semantics as
a function of the state of the environment and can be used
to guide an autonomous STAM agent during the execution
of tasks.
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Fig. 1. Heatmaps representing the spatio-temporal affordance models for a
“following” (top) and a “reaching” (bottom) task on a NAO robot. Areas of
the environment that better afford the tasks are highlighted with red colors.
In the top image, the arrow represents the target to be followed and points
in its walking direction. The learned spatial affordance spreads around the
target defining the positions for the robot that supports the execution of
the task. In the bottom image, instead, the circle represent the target to be
reached and the spatial distribution highlights the areas of the environment
that afford a “move forward” action.

II. STAM: S PATIO -T EMPORAL A FFORDANCE M AP
Manifold works demonstrate that a proper spatial semantic representation can improve robot capabilities. Typically,
approaches in literature [2]–[5] exploit spatial semantics to
support the execution of a single specific task. For example,
Rogers et al. [8] and Kunze et al. [9] exploit semantic knowledge to afford a search task. Instead, Epstein et al. [2] employ
spatial affordances to support navigation, while Luber et
al. [3] use them to improve the performance of a tracking
system. Conversely, we rely upon a general architecture that
enables to simultaneously model the spatial affordances of
different tasks through a modular approach. To this end, we
introduce the concept of Spatio-Temporal Affordance (STA)
as a general function that defines areas of the operational
environment affording a task, given a state of the world.
Definition 1: A Spatio-Temporal Affordance (STA) is a
function
fE,T : S × Θ → AE .

(1)

fE,T depends on the environment E and a set of available
tasks T = {τ (t)}. It takes as input the state of the

maximize, for each task τ ∈ T , the summed likelihoods to
afford τ in all the states labeled with τ in D:
X
θ(j)i = arg max
fE,τj (st , θ(j)),
(2)
θ(j)

{s|(s,τj )∈D}

where j = 1 . . . |T |.
Intuitively, the higher the likelihood to afford the tasks
in D, the better the function signature encodes the spatial
semantics of the robot tasks in E.
III. D ISCUSSION
Fig. 2.
Decomposition and detailed overview of a Spatio-Temporal
Affordance Map (STAM).

environment sE (t) ∈ S at time t, a set of parameters θ ∈ Θ
characterizing the affordance function, and outputs a map
of the environment AE that evaluates the likelihood of each
area of E to afford T in sE at time t.
Such function constitutes the core element of a SpatioTemporal Affordance Map (STAM). It takes as input both
the parameters θ obtained from an affordance description
module (a-module) and the state of the world from the environment module (e-module), which also defines the possible
tasks T . In particular:
•

•

the a-module is a library of parameters θ representing
the signature of the STA. Such signature defines the
spatial distribution of affordances within the environment;
the e-module encodes the state of the world sE (t)
provided to the STA function, as well as the set of
available tasks T .

As shown in Fig. 2, STAM can be used both to interpret
relations among different affordances (if any) and to represent affordances individually. In fact, a STA can be seen
as a composition of different fE,τj (sE (t), θ(j)) functions,
with j ∈ [0, a − 1], where a is the number of affordances,
each modeling the spatial distribution AjE of a particular
affordance in E. These are then combined by a function
φ, that takes as input all the AjE and outputs a map AE
supporting the execution of T .
A. Learning the STA Signature
According to Def. 1, the generation of AE depends on
the signature θ. In fact, it directly modifies the way the
space is modeled and constitutes the main vehicle to shape
affordances. For example, we employ a Gaussian Mixture
Model (GMM) to implement the function fE,T , and we
represent the signature θ of the STA function as a set
θ = hπ1 , µ1 , Σ1 , . . . , πN , µN , ΣN i, where πi is the prior, µi
the mean vector and Σi the covariance matrix of a mixture of
N Gaussians. Hand-designing such signature is difficult, and
requires an accurate understanding of both the parameters
θ and the function fE,T . Conversely, it can be learned by
observing a dataset D of state-task pairs and by exploiting
expert demonstrations or a general reinforcement learning
paradigm. As shown in Eq. 2, such signature is chosen to

Spatio-temporal affordances allow to encode robot action
semantics directly into the operational scenario. Fig. 1 reports
a qualitative evaluation of a “following” and “reaching” tasks
formalized though the STAM architecture and the function
signature here proposed. In the “following” case, for example, the spatial distribution of the affordances defines the
area around the target that better support the task to follow a
person. In the latter case, equivalently, the affordances define
the area in front of the target as the most promising one in
order to reach the desired object. It is worth remarking that,
in both cases, by maximizing the affordance function as in
Eq. 2, we successfully exploit spatial affordances to enable
a STAM agent to determine the best position in E according
to the task to perform and a given state of the environment.
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