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Abstract

This paper discusses advantages of dynamical systems
approach for the robots to attain intrinsic descriptions
in terms of their behaviors. We show qualitative dif-
ferences between taking views of "external observer"
and "internal observer" dealing with the descriptions
for the robots. The conventional symbolic approach
takes the view of the external observer, in which there
exists an observer who looks over the descriptions and
try to manipulate them. On the other hand, the dy-
namical systems approach provides that of the internal
observer, in which the descriptions and their manip-
ulations become aal unseparable entity. We explain
how robots built with the view of the internal ob-
server can be descriptive without having explicit de-
scriptions, and how their mental processes of "manip-
ulating descriptions" can be naturally situated in the
bchavioral context. We describe the problems with re-
viewing our prior experiments of navigation learning
(Tani 1996) which was conducted with using a real
mobile robot.

Introduction

We speculate that the problems of cognitions com-
mence when the robots attempt to acquire descriptions
of the world in certain forms so that they can mentally
sinmlate or plan their own behavior sequences. By this
means, we may not consider that purely reactive-type
robots in terms of simple sensori-motor reflex involve
the problems of cognition. In talking about the de-
scriptions, it is important to consider how the descrip-
tions can be grounded to the physical environments
and how the mental processes manipulating them can
be situated in the behavioral contexts. This question
addresses one of the observation problems in coglfition
which asks us where the observer, dealing with the de-
scriptions, is positioned. We study these problems with
focusing on tasks of the robot navigation learning.

In the traditional approach of the robot navigation
probleins, the robots are forced to acquire exact maps
of the environment measured in the global coordinate
systems. Such robots apparently use the external views
to describe their environments, since the descriptions
are made by assuining the global observation from the

outside.

On the other hand, the recent approach based on
the landmark-based navigation (Kuipers 1987; Mataric
1992) does not assume any global observations of the
environments. In this approach, the observer sits in-
side the robot and it looks the outside through the
sensory device and focusing on the coming events or
landmarks. The observer collects the sequences of the
landmark-types and try to build the chain representa-
tion of them in the form of filfite state machines (FSM)
as the topological map of the environment. Although
it is true that this approach provides us much more
successful results of the navigation comparing to the
global map strategies, the symbolic representation of
the FSM can cause the symbol grounding problems.
The symbol grounding problem is a general problem,
as discussed by Harnad (Harnad 1990), that discrep-
ancies which occur between the objects in the physical
environment and their symbolic representations in the
system cannot be resolved autonomously through the
system’s own operations. Let us consider the situation
where the robot navigates in the pre-learned environ-
ment by identifying the current position from trying
to match the state transitions in the FSM. A problem
can arise when the robot fails to recognize an oncom-
ing landmark because of some noise. The robot will
be lost because it has received an erroneous sensory
input which is different h’om the one expected using
the FSM. The FSM will simply halt upon receiving
this illegal input. Although some may argue that this
problem can be resolved by further development of the
categorization schemes for landmark recognition, we
consider that this approach leaves the underlying prob-
lem unsolved. We believe that the underlying problem
exists in the position of the observers who look over
the symbolic representations and try to manipulate
them. The observer here is external to the descriptions.
As long as such external observers are allowed for the
robots, the robots would face the symbol grounding
problems.

We have investigated this problem from the dynami-
cal systems perspectives (Beer 1995; Jordan & Rumel-
hart 1992). We speculate that real number systems
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Figure 1: The YAMABICO mobile robot. It is
equipped with a laser range sensor.

best represent tile mental activities of robots. We ex-
pect that the chaotic dynamics may serve as a ba-
sis for the mental activities of robots, as the theories
of symbolic dynamics (Crutch field 1989; Pollack 1991;
Tani & Fukumura 1995) have shown that chaos ex-
hibits a certaiu linguistic complexity. When tile inter-
hal dynamics, which describe the mental processes of
the robot, and the environment dynamics are coupled
together through the sensory-nmtor loop, those two
dynamics would share the same metric space. We con-
sider that the mental processes of the robots can be
naturally situated to the environments as the coher-
ence is achieved between those two dynamics interact-
ing cach other in the same phase space. An important
objective here is to unify the two separate entities for
"descriptions" and their "manipulations" in the sys-
tems into one entity within the framework of the time-
development of dy,la,nical systems. We speculate that
the internal observer finally appears in the cognitive
processes of robots if this objective is accomplished.
The next section reviews our embodied work of the
nmbile robot learning of cognitive maps based on the
dynainical systems approach.

Formulation
Firstly we introduce our navigation scheme which is
applied to the YAMABICO mobile robot. See Fig. 1.
YAMABICO can obtain the range image by a laser
range finder in real-time. In our formulation, maneu-
vering commands are generated as the output of a
composite system consisting of two levels. The con-
trol level generates a collision-free, smooth trajectory
using a variant of the potential field method i.e. the
robot simply proceeds towards a particular potential
hill in the range profle (direction toward an open
space). The navigation level focuses on the topolog-
ical changes in the range profile a~s the robot moves.
As the robot nmves through a given workspace, the
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Figure 2: Sensory-motor sequence in branching and
RNN architecture.

profile gradually changes until another local peak ap-
pears when the robot reaches a branching point. At
this moment of branching the navigation level decides
whether to transfer the focus to the new local peak or
to remain with the current one. The navigation level
functions only at branching points which appear in un-
constructed environment. The importance here is that
the navigation of the robot is made on the topologi-
cal trajectories which are determined by the branch-
ing sequences. Hereafter, our discussions focus on how
to learn and determine the branching sequences using
neural learning schemes.

In the learning phase, the robot explores a given ob-
stacle environment by randomly determining branch-
ing. Suppose that the robot comes to the nth branch
point with receiving the sensory input (range image
vector) p,, and randomly determine branching (0 or 
as xn, then it moves to the next branch point n+lth
(see the left-hand side of Fig 2.) Through the en-
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tire exploratory travel, the robot acquire the sensory-
motor sequence of (Pi, Xi). Using this sample of tile
sensory-motor sequence, a recurrent neural net (RNN)
is trained so that it can predict the next sensory in-
put Pn+l in terms of the current sensory input Pn and
the branching nlotor command xn (see the right-hand
side of Fig 2). We employ the idea of the context re-
entry by Jordan (Jordan & Rumelhart 1992) which
enables the network to represent the internal men]-
ory. The current context input cn (a vector) is a copy
of the context output in the previous time: by this
means the context units remember the previous inter-
nal state. The navigation problem is an example of a
so-called "hidden state problem" a given sensory input
does not always represent a unique situation/position
of the robot. Therefore. the current situation/position
is identifiable, not by the current sensory input, but
by the nlenlory of the sensory-motor sequence stored
during travel. Such inemory structure is self-organized
through the learning process. We expect that the RNN
can learn certain "’grammatical" structure hidden in
the obstacle environment as embedded in its intrinsic
dynamical structure by utilizing the context re-entry.
(As many have shown the capability of RNNs for gram-
mar learning.) We employ back-propagation through
time aJgorithin (Rumelhart, Hinton. & Williams 1986)
for the RNN learning.

Once the RNN is trained, the RNN can conduct the
following two types of inental processes. (1) The RNN
can conduct lookahead prediction of the sensory se-
quences for arbitrary given motor programs (branching
sequences). (2) The RNN can conduct goal-directed
planning. It can generate the motor programs (branch-
ing sequences) for the robot to reach a goal specified
by the corresponding distal sensory image. The in-
verse dynainics of the RNN with the minimum travel
distance criteria can determine an optimal motor pro-
grain. Details of goal-directed planning are not shown
here, but in (?).

Experiment
Here, we review a part of our experiments of looka-
head prediction. The robot explored a given workspace
and the RNN were trained with 193 samples of the
sensory-motor sequence. After this learning, the robot
is started to travel from arbitrary positions. The
robot maneuvers following an arbitrary motor program
(branching sequence) and it tries to predict the com-
ing sensory input of the next branch using the sen-
sory input and a given motor command at each cur-
rent branch. (This is one-step lookahead prediction.)
Fig 3 shows an example of the result. The left-hand
side shows the measured trajectory of the robot. The
right-hand side shows the comparison between the ac-
tual sensory sequence and the predicted one. The fig-
ure shows the nine steps of the branching sequence,
where five units in the most left are the sensory in-
put. the next five units are its prediction, the next one

trajectory of robot travel
t__

sensory
sequence

gOOD0
HOBO|
H|DOH
iHIOG
HIHOH
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Figure 3: One-step prediction.
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unit is the motor command (0 or 1 of branching), and
tile most right four units are the context units. I1fi-
tially thc robot cannot predict correctly. It, however,
becomes able to predict correctly after the 4th step.
Since the context milts are randomly set initially, the
prediction fails at the very beginning. However as the
robot continues to travel, the sequence of the sensory
input "entrain" the context activations into the normal
state transition sequence, thereafter the RNN becomes
able to predict correctly. We repeated this experiment
with various initial settings (positions and motor pro-
grams), which showed that robot always starts to pre-
dict correctly within 10 steps. Furthermore we found
that although the context is easily lost when perturbed
by large sensory noise (e.x., when the robot fails to
detect a branch), the prediction can be always recov-
ered as long as the robot continues to travel. This
auto-recovery of the cognitive process is made in con-
sequence that a sort of coherence is organized between
the internal and the environmental dynamics in their
interactions.

Once tile robot is "situated" in the environment
(i.e. the robot becomes able to conduct one-step pre-
diction correctly as the context is recovered after the
travel), the robot can conduct multiple steps of looka-
head prediction from a branching point. An exam-
ple of the comparison between a lookahead prediction
and its outcome of the actual sensory sequence dur-
ing after the travel is shown in Fig. 4. In (a) the
arrow denotes the branching point where the robot
conducted a lookahead prediction using a motor pro-
gram given by 1100111. The robot, after conducting
the lookahead prediction, traveled following the mo-
tor program, generating an "eight-figure" trajectory,
as shown. In (b) the left-hand side shows the sensory
input sequence, while the right-hand side shows the
lookahead sequence, the motor program and the con-
text sequence. This sequence consists of eight branch-
ing steps (from the 0th to the 7th step) including the
initial one in the "start" point. It can be seen that the
lookahead for the sensory input agrees very well with
tile actual values. It is also observed that the context
as well as the prediction of sensory input at the 0th and
the 7th steps are almost the same. This indicates that
the robot predicted its return to the initial position
at tile 7th step in its "mental" sinmlation. The robot
actually returned back to the "start" point at the 7th
step in its test travel. We repeated this experiments of
lookahead prediction for various branching sequences,
and found that the robot can predict the sensory se-
quences correctly for arbitrary motor programs unless
severe noise affect the branching sequence. From this
result, it can be assumed that the robot successfully
learned to extract grammatical structure hidden in the
obstacle workspace.

(a)

(b)

0

Fignlre 4: The robot conducted lookahead prediction
for a motor program from a branching point.
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Figure 5:
dynamics.
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The global attractor appeared in the RNN

Analysis

It is assumed that there exists an essential dynamical
structure which can generate the coherence, as we have
discussed. We conducted the state space analysis of
the obtained RNN in order to see such structure. The
re-entry loop is connected from the sensory outputs to
the sensory inputs nodes so that the RNN can conduct
lookahead predictions for arbitrary length of motor
cominand sequences. Then the RNN was activated for
2000 steps with feeding randomly generated branching
sequence of x*. (Here. the RNN conducts mental simu-
lations for the random branching sequence.) The state
space trajectory of the context units was plotted us-
ing the activation sequences of two context units (we
took a 2-D projection of the entire state space). As
the result we obtained a one-dimensional like invari-
ant set as shown ill Fig. 5. Our mathematical analysis
shows that this invariant set is dense and topologically
transitive. We also found that the invariant set is a
global attractor since the trajectory always converges
into the same one independent of the initial setting of
the context values. In this plot. the invariant set shows
the boundary of rationality/cognition for the mental
processes of the robot. When the RNN is perturbed
by receiving noisy inputs, the context values go out
of the invariant set where the rationality in terms of
predictability is lost. However. as the RNN contin-
ues its dynamical iterations, the context values always
come back to the rational region i.e.-the invariant set,
then the RNN becomes able to predict correctly again.
This cognition boundary is determined solely from the
system’s own dynamical iterations, as stated by Matu-
rana and Varela (Maturana & Varela 1980). Here, the
dynamical systems approach shows that this inherent
mechanisnL of the autonomy is indispensable to achieve
the cognition of the robot.

Our further analysis of this invariant set revealed the
fact that each line segment corresponds to each iden-
tical branching point. Each segment of these has two
ways of transitions depending on the binary branch-

ing. And each segment is accessible from all other
segments within finite steps of state transitions. (Re-
member that the invariant set is topologically transi-
tive). What we see in the state space is a dynamical
closure which some nfight interpret as equivalent to
an FSM representation. However, tile important re-
mark is that the internal system itself neither sees the
descriptions of FSM nor involves their manipulations.
The internal system merely repeats its dynamical iter-
ations as a mental process, something tile outside ob-
server may perceive as being equivalent to if symbols
actually existed and were manipulated internally. In
fact, all that exists is the dynamical structure and the
resultant time-development of the system. Here, tile
descriptions and manipulations appear to be an unsep-
arable entity in the dynamical system. Since there are
no observers dealing with the descriptions, we finally
find the internal observer in our robot. Consequently.
there are no descriptions or symbols to cause the sym-
bol grounding problem from the view of this internal
observer.

Before closing this section, we describe shortly the
possible correspondences of our results to the calculus
of indication constructed by Spencer-Brown (Spencer-
Brown 1969). Spencer-Brown says that every observa-
tion entails "an unwritten cross". In order to observe
a. system a. we also need to observe the context (back-
ground) of this observation process. This can be shown
using a notation -~ "cross" as follows.

a = a’" (1)

And in order to observe this context, we further need
to observe the context for this observation again.

a = a~ (2)

Actually the observation process cannot be ternfinated
within finite repetition of transformations. The trans-
formation is always surrounded by an unwritten cross.
When this infinite repetition is expressed in a form as

f ..... ~ (3)

Spencer-Brown shows that this infinite form results in
the next form mathematically.

f = f~ (4)

This indicates that the observation takes a form of a
self-recursive function. In our robot, the self-recursive
function is embodied in the form of the RNN with using
the context re-entry. The grammatical structure ob-
served by the robot appears in the form of the invariant
set with dense orbits; which can be obtained after the
infinite times of the self-recursion of tile RNN. There-
fore, we can interpret that tile invariant set represents
an "unwritten cross;’ of Spencer-Brown. In a mathe-
matical sense, the observation of the environment by
the robot cannot be completed within the finite repe-
titions of the self-recursions.
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Towards the openness

Our study remains many essential problems as un-
solved, and such problems indicate us the direction of
the future research. The first problem is the scala-
bility of the approach. If the environments become
more complex, the RNN can learn only partially about
the environment and lacks abilities to generalize the
learned knowledge. In the phase space, we see that
the dynamical closure is not "closed" completely. Re-
sultantly, the robot’s prediction becomes rational only
for the limited regions. Once the robot goes out the
boundary of the rational predictable regions, the auto-
recovery of the contexts cannot be assured any more.
Secondly, the RNN cannot be adapted to the dynami-
ca] changes of the environment in the current learning
scheme. If we try to re-train the pre-learned RNN with
novel events, such training will affect the past learned
contents of the RNN largely.

These problems pose us the essential problems of
cognition and autonomy beyond the just technical is-
sues of the neural learning capabilities. The prob-
lem to consider is how the cognitive robots with its
bounded rationality can continue its own cognitive be-
lmviors in the open environment characterized by its
unbounded possibilities. Apparently, we cannot ex-
pect any completeness for the behaviors of cognitive
robots which merely have finite behavioral experiences,
learning tiine and description capabilities. The cog-
nitive robots, however, should not halt their actions
even when they encounter contradictions and conflicts
caused by such incompleteness. At this point, the
robot may need a mechanism to postpone such conflicts
or contradictions to the posterior time, as denoted by
Gunji (Gunji 1991). As the dynamical closure cannot
be completed-i.e., the descl~iptions are incomplete, the
cognitive robot tries to compensate such incomplete-
ness by attempting new actions and learning from such
experiences. Although such learning may improve par-
ticular parts of the internal descriptions, this learning
itsclf results in anther conflicts, which again trigger
the next actions of the robot. Through such dynami-
cal iterations, the internal descriptions become always
unstable, and the total system might be characterized
by highly complex dynamics with unstable structures
rather than thc structurally stable global attractor.
Resultantly. cognitions of robots may be developed as
quite diverse ones.

Robots ought to face many problems including those
of the symbol grounding, contradiction and conflicts,
when they try to acquire descriptions. In fact, the
descriptions can never be complete from the view of
the internal observer. However, if the robots continue
to generate behaviors in an attempt to resolve them
(although such efforts are not certain of success), 
such aspects we may begin to see a primitive form of
cognition characterized by the term "autonomy".
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