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Abstract

A situated agent may include a symbolic subsystem
that uses symbols to denote objects in the physical
world. Anchoring is the problem of connecting these
symbols to the perceptual representations of the same
objects. Learning is an important, and in some cases
essential means to acquire the basic ingredients needed
to perform anchoring. In this note, we discuss some
issues on the role of learning in anchoring.

The anchoring problem
The focus of this note is the connection between
symbol- and sensor-level representations of objects in
autonomous robotic systems embedded in a physical
environment. We define anchoring as the problem of
creating, and maintaining in time, this connection. An-
choring can thus be seen as a special case of symbol
grounding where the symbols denote physical objects.

Anchoring must necessarily occur in any physically
embedded system that comprises a symbolic reasoning
component. A typical example is the problem of con-
necting, inside an autonomous robot, the symbol used
by a symbolic planner to refer to a physical object to
the data in a perceptual system that pertains to the
same object. This connection must be dynamic, since
the same symbol must be connected to new percepts
when the same object is re-acquired.

All existing embedded systems that comprise a sym-
bolic reasoning component must necessarily incorporate
a solution to the anchoring problem. However, this so-
lution is typical given in an implicit form, hidden in the
code, and it is developed on a system by system basis
for a specific domain. To our knowledge, the first gen-
eral, although preliminary definition of anchoring was
reported in (Saffiotti 1994). More recently, the notion 
anchoring has been extended in order to cope with some
subtle issues encountered in real applications (Corade-
schi & Saffiotti 1999) and (Saffiotti & LeBlanc 2000).
Those studies were empirical in nature, leading to a pre-
theoretical notion of anchoring. (Coradeschi & Saffiotti
2000) is a first attempt to state the anchoring problem
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in a computational theory, where the entities and the
functionalities involved are formally described. In order
to discuss the role of learning in the anchoring problem,
we present below an outline of this theory.

A computational theory of anchoring
We consider a situated agent that includes a symbol
system and a perceptual system. The basic ingredients
of the theory are:

¯ A symbol system E, which contains individual sym-
bols (variables and constants), predicate symbols,
and an inference mechanism. Our interest is directed
to the individual and predicate symbols. Examples of
individual symbols are bottle1, rack2, while examples
of predicates are cylindrical, big, small, red.

¯ A perceptual system H, which includes percepts and
attributes. A percept is a structured collection of
measurements assumed to originate from the same
physical object; an attribute is a measurable prop-
erty of percepts. Examples of percepts are image
regions identified as representing objects. Examples
of attributes are color, shape.

¯ A predicate grounding relation g, which embodies the
correspondence between unary predicates and values
of measurable attributes. For instance, g may encode
the correspondence between the predicate red and
the RGB values derived by the sensor data. We do
not make any assumption about the origin of g: for
instance, g can be hand-coded by the designer of the
system, or it can be learned by the system.

The task of anchoring is to create and maintain a
correspondence between a symbol used in E to denote
an object in the world, and the percepts generated in H
by observing that object. The pivot to this correspon-
dence is the matching, through the g relation, between
the symbolic properties that are predicated of the ob-
ject, and the observed perceptual attributes. This cor-
respondence is represented by an internal data struc-
ture, called an anchor, that uniquely represents a given
physical object.

We have identified three main functionalities that are
necessary to perform the anchoring task for a given
symbol x:

From: AAAI Technical Report SS-01-05. Compilation copyright © 2001, AAAI (www.aaai.org). All rights reserved. 



Find: create an anchor the first time that the object
denoted by x is perceived;

Track: continuously update the anchor while observ-
ing the object; and

Reacquire: update the anchor when we need to reac-
quire the object after some time that it has not been
observed.

These are detailed in (Coradeschi & Saffiotti 2000),
where we also give examples of their use in two au-
tonomous systems.

The role of learning

Learning can be used to acquire the basic ingredients
needed in the anchoring process. We focus here on three
aspects:

¯ learning the predicate grounding relation;

¯ learning a fusion strategy to combine several compo-
nent properties; and

¯ learning the dynamical behavior of a property.

Below, we illustrate these aspects on examples taken
from an application developed in our laboratory: an
electronic head (Wide, Kalaykov, & Winquist 1999),
which, among other sensors, is equipped with an artifi-
cial nose and tongue. These sensors try to imitate the
corresponding human senses, and they can differentiate
one substance (typically, food samples) from another.
The task is to endow a mobile platform, equipped with
the electronic head, with the ability to identify objects
on the basis of a symbolic description including visual,
odor, and taste information.

Learning the predicate grounding relation. The
predicate grounding relation g can be given a priori to
the system and be time invariant. This may not be ade-
quate in many applications; instead, the system should
be able to derive its own grounding relation or at least
improve the existing one. For instance, in case of the ar-
tificial nose and tongue in the electronic head there is no
well-established numerical model representing the true
function of the sensors. Therefore, the relation between
predicates denoting properties that relate to smell and
taste and the actual measurements acquired from these
sensors has to be learned rather than given a priori.
A preliminary experiment in this sense is reported in
(Loutfi et al. 2001), where an artificial neural network
has been trained to recognize vanilla-, lavender-, and
yogurt-like aroma using an artificial nose.

Learning to combine several properties. The
task of anchoring is to connect symbols denoting ob-
jects to the sensory data derived from the corresponding
physical objects. The focus on individual objects forces
us to deal with the co-occurrence of several properties.
In fact, while classes can be identified by one predi-
cate, a description of a specific object typically needs

the combined use of several predicates, like "a small
cup of yogurt with vanilla flavor". The co-occurrence
of several properties can influence the sensor data col-
lected, and the g grounding relation for a combined
property can be more complex than the superposition
of the individual relations for the individual proper-
ties. For instance, the recognition of the components
yogurt and vanilla in the odor produced by a yogurt
with vanilla flavor can require not only the grounding
relation for the property of "smelling-like-yogurt" and
"smelling-like-vanilla", but also a function indicating
how the sensor values tend to change when both sub-
stances are present. Such a function would, in most
cases, be difficult to define a priori, and it would then
have to be learned from data.

Learning property dynamics. The anchoring pro-
cess presupposes two entities, an object to be identified
and an observer. Both entities are located in space
and time. In general, the predicate grounding relation
g may change as the relative spatial relation, or the
time, change. How to maintain and reacquire the an-
chor while these changes occur is therefore an essential
issue in anchoring. For example, the data provided by
an odor sensor tend to drift over time, and the sen-
sor can react very differently to the same substance
at different moments in time. In order to be able to
re-identify an object, a model of this drifting must be
used. Since analytical models of the sensor’s drift are
not available, learning seems to be the only viable al-
ternative here.
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