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Abstract

The symbol grounding problem has been
identi�ed as one of the challenges an embod-
ied intelligent robotic system must face. The
Talking Heads experiments introduced by Luc
Steels in 1998 have shown interesting results
addressing this issue. In this experiment,
robotic agents build a shared grounded lex-
icon of words referring to properties of ob-
jects in their environment. This paper de-
scribes our attempts to extend its mechanisms
to more autonomous robots, in the uncon-
strained environment of our laboratory. We
show that all the concepts of the Talking
Heads cannot be directly reused, as no a-priori
notion of symbol referent is available, and pro-
pose a simple object model that can be used
incrementally and without supervision, able
to learn and recognize regions of the environ-
ment. Preliminary results for the guessing
game between two aibos in our lab show suc-
cess in the creation of shared grounded sym-
bols between the two agents.

1. Introduction

The symbol grounding problem has been identi-
�ed as one of the challenges an embodied in-
telligent robotic system must face(Searle, 1980).
The Talking Heads experiments (Steels, 1998) have
shown interesting results addressing this issue. In
this experiment, robotic agents build a shared
grounded lexicon of words referring to proper-
ties of objects in their environment. This ini-
tial experiment has been extended to cover scenes
containing moving objects(Steels and Baillie, 2003),
to more complex communications involving gram-
matical constructs, and to di�erent learning
models(Vogt and Coumans, 2003). But the relative
simplicity of the environments used in these experi-
ments limits their capability to scale up to more com-
plex interactions, or to develop a more complex lan-
guage. This paper describes our attempts to extend
the Talking Heads mechanisms to more autonomous
robots using Sony aibos, in the unconstrained envi-
ronment of our laboratory. The next section quickly

describes the Talking Head experiments. Section
three deals with the problem of attention sharing
and related issues raised by the transition from cam-
eras on tripod(the Talking Head's agents) to mobile
robots. Section 4 exposes why image segmentation
algorithms fail to provide referent similar to the Talk-
ing Head's geometric shapes and directly usable by
the agents. Section 5 describes our object model and
the algorithms used to create and update objects,
and section 6 gives preliminary experimental results.

2. The Talking Heads

As the concepts and mechanisms introduced by the
Talking Heads are used in the Talking Robots, we
will brie�y describe its main components. The en-
vironment is made of coloured geometric shapes on
a white board. Each agent is equipped with binary
tree classi�ers for a set of visual channels such as
width, redness, elongation... and a lexicon contain-
ing weighted associations between a classi�er bin,
called a meaning, and a word (see �g. 1). During
an initial phase, each agent bootstraps its classi�ers
by performing the Discrimination Game: its classi-
�ers are grown until the agent is able to consistently
�nd classi�er bins discriminating an object from a
context of around 5 other objects.
The grounded shared lexicon is obtained by per-

forming iterations of the Guessing Game: two agents
are randomly selected from a population, and con-
fronted with the same visual context of around 5 ob-
jects. A game leader called the Speaker is chosen
randomly. The other agent is called the Hearer. The
speaker �rst measures the saliency of all the objects,
de�ned as its capacity to discriminate each object
from the others, and picks one from the most salient
ones. This object is called the topic of this game
iteration. The speaker then selects a discriminating
channel and the associated classi�er bin for the ob-
ject: no other object in the context �ts in this clas-
si�er bin. It then utters the word from its lexicon
with the strongest association to this meaning, ran-
domly creating a word if necessary. The hearer then
searches his lexicon for the strongest meaning asso-
ciated with this word, and then for an unique object
referring to this meaning. He points the object to the



makami HUE[0.5,1]

bogagi VPOS[0.25,0.5]

tomoto AREA[0.75,1]

sasoso WIDTH[0,0.25]

Figure 1: Sample discrimination tree and lexicon entry

for the Talking Head experiment

Speaker, who noti�es the Hearer if the pointed object
is the topic (game success), or points the topic if the
Hearer is mistaken (game failure), in which case the
Hearer learns a new association between the word
and one of the most salient possible meanings. The
saliency-based selection process performed by both
speaker and hearer is used to maximize the proba-
bility that the hearer will learn the correct meaning
among all the possible ones. It of course requires
saliency values perceived by both agents to be very
similar.
The guessing game is designed in such a way that

a high success rate in a su�ciently varied environ-
ment can only be obtained if the two agents share a
common lexicon.

3. From cameras to autonomous

robots

The initial Talking Heads experiment was using cam-
eras on tripods. The task of pointing an object
was implemented by exchanging the 2D image co-
ordinates of its center. Extending to mobile robots
and giving them as much autonomy as possible in-
troduces new issues that needs to be addressed.

Pointing Since the environment is not �at, there
is no precise relation to match the images perceived
by the two robots. We need a pointing mechanisms
that modi�es the perception of both robots around
the pointed zone. We achieve this using a 1mW laser
pointer attached to the leg of each aibo. A robot
can blink the laser by blinking one of the LEDs on
its back. We use a simple blinking point detector
algorithm: It sums the absolute di�erence between
successive images over a period of a few seconds, and
returns the region with the highest value, after check-
ing its size and the contrast with the rest of the im-
age. This algorithm can successfully detect a laser
spot at up to three meters, even on black surfaces,
using the 208x160 at 30fps aibo camera, provided
that the scene does not contain any moving object.
The robots use this algorithm to point to objects

by positioning the laser spot at less than 5 pix-
els from the target using a simple perception-action
loop. They also use it to detect the region pointed

at by the other agent.

Moving around The capability for our agents to
move around is important, as it gives them a virtu-
ally limitless environment. As the Talking Robots
will require numerous hours of experimentation, we
are working on a completely autonomous experi-
ment that does not require any human interven-
tion. Currently our aibos are able to return to
their base when their battery power is low, and to
restart the experiments when their battery is fully
charged. The base is detected by learning simple
models from di�erent positions, made of all the visi-
ble SIFT features(scale and rotation invariant stable
interest points, see(Lowe, 2004)) from the location.
To walk toward the base, the aibo iteratively cap-
tures an image, �nds the best-matching model (the
one with the highest number of features in common
with the image) and moves toward the base accord-
ing to its location.
The robots can locate each other and move to a

side-by-side position: the speaker sits on its back
legs, and waves its forelegs. The hearer detects this
movement using the same algorithm that detects
the laser and walks toward the speaker. When the
hearer is close enough, it signals the speaker, and
both robots turn around and use their distance sen-
sor to face each other. They then turn 90 clock-
wise/counterclockwise respectively and end-up next
to each other, looking in the same direction.
When performing guessing games, the two agents

make 10 iterations from the same position, then the
speaker moves randomly to an other location, the
hearer moves to its side as described above, and the
process is repeated.
However, the imprecision of the walk for small am-

plitude movements is making the aibo miss its base
approximately 20% of the times, and the hearer often
knocks down the speaker when walking toward him
due to false readings of the distance sensor. Further
work is thus required to make this experiment more
robust.

4. First attempt

Our initial attempt aimed at staying as close as pos-
sible from the Talking Heads in its principles and
data structures.
The two cameras are replaced by two Sony aibos

sitting next to each other in our laboratory, looking
in the same direction.
The white board and its geometric shapes are re-

placed by the scene in front of the robots.
To select a context, the Speaker turns its head

randomly and points to the center of the image. The
Hearer detects the laser, and centers it in its �eld of
view. Everything in their �eld of view (50 degrees)
is part of the context.



Figure 2: Sample images and CSC segmentation for a

guessing game.

To obtain objects similar to the Talking Heads ge-
ometric shapes, each robot applies a segmentation
algorithm to the image, tuning its parameters to ob-
tain between 5 and 10 regions. We found that CSC
was the most appropriate segmentation algorithm for
this task(Baillie and Nottale, 2005).
The remaining steps remain unchanged: each ob-

ject is associated with a value for each perceptual
channel (width, height, position, elongation, RGB
or HSV), which in turn is associated with a meaning
from the discrimination trees. The speaker selects
the topic among the salient objects, then �nds and
utters a word from its lexicon discriminating it from
the other objects. The hearer searches an unique
referent for this word and points it with its laser.
The speaker detects the laser and signals success if
it points the correct object, or signals failure and
points the topic.
However, experiments using this setup have been

unsuccessful in obtaining a shared lexicon between
two agents: small variations in the perceived scene
of each agent due to camera noise and slightly dif-
ferent perspective introduce di�erences in the seg-
mentations which in turn provoke signi�cant di�er-
ences in the perceived channel values for all objects.
Consequently the saliency values are also very dif-
ferent from one agent to the other. Since the world
perceived by the agents are too di�erent from each
other, they are unable to exchange word-meaning re-
lationship using this setup.

5. Talking robot object model

As we have shown in the previous section, the fact
that we cannot rely on an a-priori 2D segmentation
means we do not have an a-priori notion of object to
act as symbol referent as the Talking Heads did: we
have to create it. Of course, this concept will be less
abstract than the common meaning of the word �ob-
ject�: aibos are barely more than mobile cameras,

with very limited capabilities to modify their envi-
ronment, so this object notion will be based purely
on perception. The concept closest to our �objects�
could in theory be reached by performing some kind
of complete 3D mapping of the environment, but no
such technique has been devised yet, and the lim-
ited (2D) movement capabilities and the low camera
resolution would make it unlikely to succeed.

Instead, we chose to base our objects on low-
level visual primitives, using the bag-of-words
model(Dance et al., 2004): an object is de�ned and
recognized as the co-occurrence of multiple local re-
gion descriptors (features) in the same region of an
image, without taking into account their relative po-
sitions.

As a consequence, words learned by the agent will
no longer corresponds to abstract properties of ob-
jects, but to objects themselves, and thus will not be
usable directly in completely novel scenes. We argue
that words for speci�c objects is a necessary step,
as a shared concept of object is not available for the
Talking Robots. Further experiments and interac-
tions between the agents, using these shared objects
will then be able to extract more abstract proper-
ties from them, and link them to words in the same
shared and grounded way.

The rest of this section describes in details our
object model, and the object creation and recogni-
tion steps. Object categorization and recognition is
a very active research �eld, but few work has been
made with the set of constraints needed for the Talk-
ing Robots: near-realtime learning and recognition,
unsupervised object creation, and incremental oper-
ations (i.e. new objects can be learned at any time).

From features to elementary words. Many fea-
ture detectors have been developed by researchers,
with robustness to perspective changes as their de-
sign goal, which makes them good building blocks for
the Talking Robot objects. We designed our system
to be able to use as many descriptors as possible,
as their performance depends a lot on the type of
environment.

Since feature comparison might be a costly oper-
ation, we use the classical dictionary approach: fea-
tures from each algorithm are classi�ed in a discrim-
ination tree that assigns one or more words to each
feature. The words are then used in a later step as
building blocks for more abstract objects construc-
tion.

We now need to answer the question of how
to build a dictionary of features fed incrementally.
Since we have no a-priori knowledge of what an ap-
propriate cluster radius will be for each feature de-
tection algorithm, we have to perform hierarchical
clustering.

There are two possible approaches for this prob-



Figure 3: A sample sub-tree of a discrimination tree using

SIFT.

lem: using a �xed cluster radius, or using a �xed
number of children nodes per parent node.

We experimented with the �rst approach,
but the high-dimensionality of features such as
SIFT(Lowe, 2004)(128) makes it hard to obtain in-
teresting (i.e. not degenerated) hierarchical struc-
tures.

The second approach we experimented with is very
similar to (Nistér and Stewénius, 2006). Our struc-
ture is a binary tree. Each leaf node maintains a
randomly selected sample of all the features associ-
ated with it (we used 100 features). When a node is
selected for growing according to the Talking Head
rule (the more used a node is, the more likely grow-
ing will occur), it uses its sample to split the feature
space in two and associate each subspace to one of
its children nodes, in one of two possible ways:

• by �nding the hyperplane orthogonal to one
axis that minimizes the sum of intraclass
variance when used as a frontier, as in
(Oudeyer et al., 2007).

• by randomly choosing two features f1, f2: a
feature f is in the left subspace if d (f, f1) <
d (f, f2). We use this method if the feature dis-
tance function is not L1 or L2, since computation
of the previous method can't be optimized in that
case.

The node's sampled features are then split among
the two created children nodes.

The resulting tree is then used as a dictionary:
when a feature is presented, it traverses the tree
from the root node to one of the leaf nodes. Each
node along the path is returned as a dictionary word
matching this feature.

One potential problem is that nodes closer to the
root node will match more features than nodes fur-
ther down in the tree. The higher object-creation
level does not directly have access to this informa-
tion, but can measure node occurrence frequency and
exploit it to use only the relevant nodes, i.e. the ones
neither too generic nor too speci�c.
We have integrated the following algorithms

in our framework: histograms and correlo-
grams (Huang et al., 1997) with L1, L2, EMD
(Rubner et al., 1998) or di�usion distance
(Ling and Okada, 2006), SIFT and k-adjacent
segments(Ferrari et al., 2006).

From elementary words to objects. At this
point we have reduced an image to a set of dictio-
nary entries, with their locations. Our next step is
to detect frequently occurring subsets of those entries
close to each other.
An object model is stored as a vector that records

the probability of occurrence of each dictionary en-
try in the presence of the object. Global statistics
on the a-priori occurrence probability of each entry
are also stored. The object recognition and creation
algorithm proceeds as follows: the image is divided
in an overlapping multiscale grid, and each image
window is treated independently. Feature detector
algorithms are applied, and dictionary entries cor-
responding to each detected feature are extracted,
yielding a word occurrence vector for each window.
This vector is compared against all the object mod-
els using a comparison algorithm. We implemented
so far:

• L1 and L2 norm directly on the occurrence vec-
tors.

• L1, L2 and normalized scalar product(angle)
between the term-frequency inverse-document
frequency transformed vectors as described in
(Squire et al., 1999)(Sivic and Zisserman, 2003).
The TF-IDF, initially used in the textual in-
formation classi�cation �eld associates to each
component a weight proportional to its probabil-
ity of occurrence in the document, and inversely
proportional to its probability of occurrence in
the whole corpus. The rationale is that the
most frequent the term is, the less useful it is to
discriminate between two document models. The
exact formula used is wi = pdilog

(
1
pi

)
where wi

is the TF-IDF weight for component i, pdi is the
probability that a feature in document d is i and
piis the probability that a feature in the whole
corpus is i .

• A probabilistic model using Bayes rule and the
(obviously false) hypothesis that all the features
are independent.



Figure 4: Image with features and detected objects. The

color of each arrow branch indicates the relative weight

of the corresponding feature in the bucket pointed at by

the branch.

All the results presented in the next section use the
TF-IDF L2 distance, determined to be the most ef-
�cient in preliminary experiments.
We obtain for each window a matching score

against each object model.
The system then classi�es a window as an instance

of the model with the best score if this score is F
times greater than the average of the N best scores.
Models are then updated according to the content of
the windows containing them.
If no object matches a window, a new object model

is created and initialized with its content. This cre-
ation only occurs with a �xed probability to limit the
rate at which objects are added.
The total number of objects is kept below a �xed

value. When this value is exceeded, the least seen
object older than a �xed amount of frames is deleted.
This grace period gives each object some time to be
seen again before deletion.
Comparing the best match with the N next

matches (we use N = between 5 and 10) instead
of only the second match prevents the system from
degenerating when two models are very close from
each other.
We expect this system to constantly create and

delete objects, most of them being noise never de-
tected after being created, but to also have a few
stable objects, whose model gets re�ned each time
they are detected.

6. Experimental results

6.1 Unsupervised object creation in the

Talking Robots setup

Since the complete Talking Robots experiment asso-
ciates words with objects, we need our system to be
able to maintain a set of object models over time,

Figure 5: Object score against their creation rank at 4

di�erent frames(see section 6.1).

Figure 6: Sample images from the aibo in our lab

and not to constantly delete and recreate them. To
evaluate this capability, we placed a Sony aibo robot
in the center of our lab, and had it move around
and turn its head randomly, feeding pictures to the
system described in the previous section. Figure 5
shows the internal state of the system in the form
of object weights against their IDs at various frame
numbers. The ID of an object is its creation rank.
An object's weight gets decreased every frame by a
�xed factor, and increased each time the object is
seen. In this run the maximum number of objects
is �xed to 150, and the grid contains 4x4 windows
at the lowest level. The group of points on the right
of each graph corresponds to all the recently created
object models. Since most of them won't be detected
again, their weights steadily decrease until they exit
the grace period and are dropped. We observe that
many of the objects created in the �rst frames are
still present at frame 1300, which is encouraging.

6.2 O�ine tests on the GRAZ-02 database

To validate the clustering capabilities of our discrim-
ination trees and object models, we tested them on
the GRAZ02 bike database(Opelt et al., 2006). This
database contains images of bikes in various poses,
sizes and backgrounds, with a lot of clutter and rep-
resents well the complexity of the environment in our



Figure 7: ROC curves for various setups on GRAZ02

bikes

laboratory.
We �rst tested a supervised learning setup on

whole images: 150 random images were used to train
a unique object model. This model is then tested on
150 other images from the bike set, and 150 images
from the background set.
Our second setup is similar, but uses 160x120 win-

dows instead of the whole image: each image is cut
into non-overlapping 160x120 windows, and ground
truth masks provided with the database are used to
decide which class a window belongs to: bike if more
than 10% of the area is within the mask, background
otherwise. As in the previous setup, an unique object
model is learnt from all the �bike� windows extracted
from 150 random images, and tested with all the win-
dows from 150 bike and 150 background images.
Our last setup is almost unsupervised: 160x120

pixels windows from 50 images are fed to the system
in its unsupervised object creation mode, with a limit
of 100 objects and an acceptance threshold of F =
1.6. This value was experimentally determined to
obtain clusters made mostly of only background or
only bike images. Then the models are labeled bike
or background based on the class that contributed
the most to each model creation. For testing, only
the bike models are kept, and used to score windows
from images in the bike and background sets. The
best score from all the models is used for evaluation.
Figure 8 shows a sample of the images matching 5
di�erent models.
To evaluate the results, ROC curves are produced

for each setup: they represent for each possible
threshold the true positive detection rate against the
false positive detection rate. Figure 7 summarizes
the results.
Using whole images in supervised mode there is

a lot of variance between the tests: ROC equal er-

Figure 8: Instances of 5 object models generated in an

unsupervised way on GRAZ02 bikes

ror rate (when true positive+false positive equals 1)
is between 0.65 and 0.7. On average, bikes occupy
only a small proportion of the image. Using 160x120
windows, the ROC-EER reaches 0.75 with much less
variance. The unsupervised mode tests achieve a
ROC-EER of 0.69 on average.

These results show that our classi�er and object
system can be used for non-trivial clustering tasks.
Our results are below state of the art on the GRAZ02
database (see(Moosmann et al., 2006) for instance),
but our model is built with more constraints: it
is completely incremental ( the feature dictionary
can be expended, classes can be modi�ed, and new
classes added at any time) and unsupervised.

6.3 Talking Robot guessing game

At the time of this writing, we did not have time to
run enough guessing game iterations using the com-
plete setup to obtain results. We report here re-
sults obtained by having two aibos sit on their bases
next to each other, which permits to run experiments
24h/24. The environment is thus limited to a �xed
point of view 180 degrees wide.

Each robot bootstraps its discrimination tree for
the SIFT detector on its own by turning its head
randomly and feeding all features to the system, until
3000 nodes are reached. Each robot then feeds its
object models for 1000 iterations using a 4x4 grid
and a maximum of 120 objects.

Then object models are frozen and the guessing
game is played by the two robots, swapping roles ev-
ery 1000 iterations to speed up the learning process.

All the behavior and movement related functions
are implemented in URBI. This code is interfaced
with the C++ code handling vision primitive and
object classi�cation using the URBI UObject API.

Due to time constraints we were only able to per-
form 1500 iterations using this setup. The average



Figure 9: Lexicons after 1000 guessing game iterations. top row is the speaker objects, middle row is the lexicon words,

and bottom row is the hearer objects. The intensity of the edge indicates the association's weight in the lexicon.

success rate on the last 100 iterations is 25%. This
may seem low, but the main cause of failures are
pointing failures: the geometry of the environment is
such that one robot often points to a location masked
from the view of the second robot by an object in
front of him.

If we only consider games during which the speaker
successfully detects the hearer's laser, the success
rate reaches 50%.

Contrarily to the Talking Heads, we cannot di-
rectly de�ne a notion of �correctness� between the
agent's lexicons, as the words are referring to ob-
jects meaningful only to the agent that created them.
We can however observe the ratio of homonyms and
synonyms by plotting the associations as in �gure 9.
The dots on the top row are the object models for
one of the agent, the third row are the object mod-
els for the second agent, and the middle row are the
shared words. The intensity of a link corresponds to
the weight of the association.

We observe a few strong one-to one associations
between the objects of both agents, and a few one-
to-two associations. Note that strong one-to-two ob-
jects associations are likely not homonyms, but are
indicating that two object models �t well the same
region of the environment for one of the agents.

7. Conclusion

Scaling grounding symbol experiments deriving from
the Talking Heads to more complex interactions and
languages will require rich and complex environ-
ments. In this paper, we described experiments
aiming to achieve symbol grounding between au-
tonomous robots in such a richer environment. We
addressed the issue of pointing raised by the extra
complexity, and showed why the Talking Head model
could not be directly reused. We replaced the Talk-
ing Head's geometrically shaped referent with bag-
of-feature based models of regions of the visual en-
vironment, and introduced algorithms to create and
recognize such models incrementally and unsuper-
vised. Preliminary results shows successful symbol
grounding and communication taking place between
the two agents.

Further work will involve �nalizing and integrat-
ing the fully autonomous version of our guessing

game, allowing us to run thousands of iterations. We
then plan to integrate curiosity measures inspired
from (Oudeyer et al., 2007) to have the aibos au-
tonomously move and select the environment based
on its "interest" for the interaction they are perform-
ing.
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