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Abstract

Here we model animat navigation in a real worldiemment by using place cell as a sensory
representation. The cells’ place fields divided ¢éin@ironment into discrete states. The robot
learns knowledge of the environment by memorizihg sensory outcome of its motor

actions. This was composed of a central processnilgy the probability of state-to-state

transitions by motor actions and a distal processdutine, learning the extent to which these
state-to-state transitions are caused by sensomgrdreflex behavior (obstacle avoidance).
Navigational decision making integrates central drstial learned environmental knowledge

to select an action that leads to a goal statefem@iftiating distal and central processing
increases the behavioral accuracy of the selectoha. We claim that the system can easily
be expanded to model other behaviors, using aligendefinitions of states and actions.



Introduction

Navigation refers to the practice and the skilaofmals as well as humans to find their way
and to move from one place to another by any m@afiison and Keil, 1999). The ability of
animals to navigate in essentially two-dimensiomaze environments has been studied
extensively (Olton and Samuelson, 1976; Morris, 4)98\avigation involves cognitive
processes like sensory processing, actions execatid decision-making. Here we propose a
cognitive model of these processes implemented rabat faced with the task to navigate in
a four-arm-maze environment. To solve this taskrtimt learns the sensory outcome of its
actions, thus acquiring of environmental propertiesis knowledge was used to plan and
execute actions to solve the navigational task c\&fien that the introduced cognitive model is
not restricted to a navigational behavior and casilg be generalized to model other
behavior.

Navigation can be defined by executing the appat@raction at the right location in an
environment to move towards a goal. In the rodéipocampus O’Keefe (O’Keefe et. al.,
1971) found place cells, which encode the positibthe animal. These cells fire only when
the animal is located in a certain region of theimmment, defined as the cell's place field.
Although the contribution of these cells to themaalis behavior has still not been fully
understood, it is assumed that these cells cotestiducognitive map (O’Keefe and Nadel,
1978) of the environment and are, thus, the bakaawgation. Wyss and coworkers (Wyss
et al., 2006) have recently shown that place a&ls be understood as an optimally stable
representation of the visual input of a behavirgptdn a hierarchical network. This implies
that unsupervised learning of the sensory inputilt®sn a reorganization of the sensory
space, spanned by its visual input, which has &apaeaning. We used this fact by using
place cells to locate the robot in its environm&vié simplified this task by approximating the
firing properties of place cells by Gaussian fumetand distributed the corresponding place
fields in the whole environment. These place fiaddsrespond to the robots internal states
and represent the positions between which it is &bdifferentiate. Hence, in order to enable
the cognitive model controlling the robot to penfonavigational behavior, we chose place
cells as the representation of the environment.

To navigate in the environment the robot first tmgearn the sensory outcome of its actions
and second to plan its actions according to itssedge. Learning and planning are both
done in its state space, spanned by the placesfiglde robot learns local state transitions
caused by its action execution. Because the exerafithe same actions in a state can result
in a transition to different states, the informatgained from these local transitions is stored
as transition probabilities in a probabilistic dited graph. The robot has also to avoid
obstacles. We implemented a reflexive obstacledaraie behavior controlled by the robots
proximity sensors. In case the robot used its xefte behavior during a transition between
two states, we memorized the occurrence of suavant in so called reflex factors. Here the
architecture of the cognitive model differentiatestween central processing, responsible for
state transition memorization and distal processisgponsible for reflex factor learning. The
transition probabilities and the reflex factordeef the environmental properties in relation to
the robot’s actions. Thus by random action exeautibe robot learns an approximation of
the environmental affordances (Gibson, 1977), @efithe action possibilities afforded by the
environment. The robot plans goal directed actionsntegrating the information gained by
central and distal processing in a local decisi@kimg process. This integration results in a
guantitative measure how reliably each executattieraleads towards the goal. Overall, the
key components of our cognitive model are (i) ahHeyel representation (place fields) of
sensory input space, (ii) the knowledge of envirental properties acquired by active



exploration of local state transitions and (iii)da@cision-making process driven by this
knowledge.

Here we show that using the described cognitiveehadrobot can successfully navigate to
different goals within a four-arm-maze environmeikd.expected, the differentiation between
central and distal processing reduces the negetiget of the obstacle avoidance behavior on
navigational performance. We claim that by redefinihe states and actions the introduced
model can be expanded to model other behaviors.

Methods

Overview of the architecture

Our cognitive model learns the properties of theirenment and plans its action to move
towards a goal, based on the state space whicpaisned by the spatial representation of
place field (state). We divided the four-arm-mazevimnment (Fig. 1A) into compact
discrete states (Fig. 1B) similar to place fieldfie architecture of the cognitive model
consisted of central and distal components. Theralenomponent captures the transition
between states, caused by the robots action ewecurtithese states. In contrast the distal
component accounts for the usage of distal senkikesipfrared-sensors, facilitating obstacle
avoidance during the robots state transition. Hieeeobstacle avoidance behavior is defined
as reflexive behavior. While the central comporssdounts for any of the robots transition,
the distal component constitute only transitionmbmed with reflexive behavior. Thus the
transitions and the transitions combined with pafle behavior represent the robots locally
learned environmental properties according to timis actions. To navigate to a particular
target within the environment, the model choosesnduthe decision-making process the
action that maximally increases the probabilityeziching the respective spatial position.

Sensory processing

We chose place cells as a representation of thieomnvent. In a previous study it has been
shown how such place cell properties can be adadjiyemobile robots using unsupervised
learning in a hierarchical network (Wyss et al. @0Because here our main purpose is to
model behavior we deliberately used predefined eplaells to simplify this task. We
approximated the firing properties of place celts a function of the robots position by
Gaussian functions (standard deviation: 0.04 m). cbwer the whole four-arm-maze
environment we randomly distributed 72 of these $<8&n functions. Hence, for each of the
robots possible position we obtain the activityeaich place cell. A winner-take-all process
extracted the robots position in the state spacen fthe activity of the place cells.
Accordingly the robot was located in the state dpldields) corresponding to the most
activated place cells. (The used distribution esthstates is shown in Figure 1B.) In order to
determine the robots current state we had to exitiaposition and calculate the place cells
activity using the distributed Gaussian functiossdeescribed above. Hence the robot was
tracked by a Color Cmos Camera 905C (Analog Camevhich was attached above the
environment as shown in Figure 1A. The analog carsgnal was digitized by a Hauppauge
WiInTV Express card. With the help of the camera thedcolor code attached on top of the
robot, its position and orientation were calculat€dus, the place cell represents a mapping
from the position space where the robot is naviggatito the state space of the agent,
controlling the robot. The agent uses only pos#lanformation provided by this state space
(place fields).



Action execution

The robot was able to execute eight different astin order to restrict the number of
transition needed to learn the environmental ptoggerEach of these actions consisted of a
certain orientation followed by a straight movemaenit the robot. The corresponding
orientations were equally spaced from 0 to 325 @egrAs a result of executing such an
action in a state (source), the robot will readatifferent state (endstate) and thus results in a
transition between states. The endstate is defiyethe winner-take-all process calculating
the current state, being dominated by another ptatle The position within a place field a
transition is completed is defined by the placd’se@lctivity not increasing anymore as the
robot moves further and thus a local maximum ofabiévity is reached. The local maximum
is defined by the derivative of the robots obtailaetivity of the place cells being zero. The
frequencies of the transitions from source i wittti@an k to endstates j is stored in the
experience matrix El .

Reflexes

To prevent the robot hitting one of the mazes baued, a reflexive obstacle avoidance
behavior was implemented. The proximity sensorg (/&) were used in order to perform this
behavior. If the robot had to use its obstacle @aoce behavior during action execution, the
system associated the preceding state and actibntknd occurrence of a reflex event. The
frequencies of co-occurrence of the reflexive evamd a particular state (j) — action (i)

combination is stored in the reflex matrix RM
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Figure 1: (A) We chose a four-arm-maze environmandrder to test the model. A computer controlled t
Khepera robot and extracted the robot’s positioth @mentation, using the over head camera anddle code
attached on top of the robot. (B) We subdividedgbesory space (position) into states. In the éxpmants we
used this state distribution. The white boundadssign for the region, one place cells is moswvatgd. (C)
Khepera robot used in the navigation experiments.



Decision making

The properties of the environment (boundaries,amibss, etc.) determine how likely it is that
a certain state transition will occur given a chosection. These state transitions are
approximated and learned by the agent as it expltsanaze environment and are stored in a
transition matrix (Figure 2A). The transition matdonsists of a 2D matrix for each action i
TM;. The row index determines the source j, the stditere an action was executed and the
row index represents the endstate k of this acfitnus the transition probability defined by
source j, endstate k and action i is stored intitwesition matrix TM; shown in Figure 2A.
Hence summing of the transition matrix over thestaiges k (rows) is normalized to one for
each action and sources. For the experiments desdcbelow, the robot learned the transition
probabilities based on 240 minutes of random expian.

Next we address the problem of choosing the aetitinthe most desirable outcome to move
towards the goal. To accomplish this task an iwezatreverse flooding approach was
introduced, which integrates the environmental proes (Fig. 2B). The properties gained
from the central component of the architecturesaoeed in the transition matrix. This matrix
consisted of eight 2D matricé&V;, one for each action, which share similaritieshwat
directed graph. The vertices of this graph corredpo the states, the edges correspond to the
transitions and the edges weight to the transiposbabilities. This results in 8 directed
graphs equivalent to the eight possible actionsedoh of the iteration steps of reverse
flooding the activation of the state correspondimghe goal states is one. The activation of
activated states is propagated through the grappasging the activity weighted with the
corresponding transition probability to the stateth transitions to the activated one (reverse
direction of the directed edges). Technically spokiee activation is propagated from the
endstates to the sources weighted by their transirobability, representing a backward
flooding. This process gives rise to 8 differentivaty values for each state. Thus up to now
only the learned environmental properties resultiogn the central process were considered
during the flooding process. To integrate also tkarned properties caused by distal
processing we introduced reflex factors. The reféetor is proportional to the percentage of
actions i combined with a reflexive event at soyrce
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The weighting factor of 5/6 was introduced to praveero activation at an action which is
combined only with obstacle avoidance behavior.sTHuring each iteration step the eight
activations of state j corresponding each to onthefeight actions i were multiplied by the
corresponding reflex factor;rf After each of the iteration steps the maximunthef eight
activations of a state were accounted as the statestion for the next iteration step. This
iterative process was continued until the statéigigcconverged. In order to select an action
on a state to move towards the goal we considenedetight different incoming state
activation values which resulted from the activatjgropagation of the eight actions. The
robot chose the actions which resulted in the tagimEoming activation of a state.

Furthermore we introduced a decay factor df whies Wwere 0.9. After each iteration
step, the states activation was multiplied by faistor. As more transitions are needed to
reach the goal states as more the decay factakéntinto account and thus decreases the
states activity. Hence, the decay factor penalibede trajectories to the goal state with more
transitions to the goal.

Here the flooding algorithm defined in the lastteetwas implemented with the help
of matrices.



act 0
1 j=I

represented the activation at the 0’th activatiomppgation, where the goal was located at
state |.

act(t + 1) = max;((TM; - act(t)) - rf) - df + act(0)

whereact (t) is the vector of activation values for the esasfter t iteration steps. df represents
the decay factor.

Robot Setup

To test the model in a real-world environment wedu&hepera Il robots (K-Team). The

robot was equipped with 8 proximity sensors, wraeahitted infrared light and measured the
strength of its reflection, and two wheels, eacimticled by one motor (Fig. 1C). For

implementation and flexible programming, we usea@liPsi (Bach, 2003; Bach and Vuine,
2003), an Eclipse-based Java programming envirohnasnan interface to the robot. The
agent that controlled the robot’'s behavior was enmnted in this framework. The real-world
environment was a four-arm maze with boundariek fsom white wooden pieces (Fig. 1B).

Each arm had a width of 0.21 m and a length of @28 he four-arm maze environment
fitted into an area of one meter squared.
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Figure 2 (A) Learning of the properties of the environmehhe robot is on a certain state, defined here as
Source J (yellow labeled) and randomly choosescdiora(Action 1). The execution of the action résuh
another state, defined as endstate K (red labéeléd.transition was stored in a three dimensionatrix, called

the experience matrix, with the dimensions soureesglpoints and actions. The number of action exatsit
combined with obstacle avoidance from a source stased separately. (B) The robot moving to a gtfa (
"cheese" for the artifical "rodent"). His choicesigonsequence of the flooding of the transitiotrixaresulting

in an activation of the different actions, showncatored arrows. The action with the strongestvation was
chosen.



Analysis

As a means of comparison, a simulated robot wateimgnted using MATLAB (Version 7.0
(R14), Mathworks). The same navigational and exmee algorithm was used as described
above. The obstacle avoidance behavior was implerddmy setting the angle of reflection
equal to the angle of incidence to the boundaryh wirandom scatter of 10 to —10 degrees
added.

To compare the navigational behavior and the lehtransition of the robot we introduce the
geometrical transition matrix. It takes into accbanly the topographical properties of states
in the environment. In order to experience the dition probabilities, based on the
topographical properties, we let the simulated t@x@cute every action on each x/y position
within the state given by the resolution of theckexr. Thus the geometrical transition matrix
only takes the topographical distributions of dat#o account. Because the robot chose a
new action according to the local maximum of thecplcells activity, we weighted an actions
transition by the probability of the robot choosiag action at the corresponding cell’s
activity. The execution of the different actions each position within a state is due to
transition probabilities resulting from an infinitexperience time of the robot and thus
represents the true underlying transition probtidod

In order to compare the outcome of the differemibas of one state learned by the robot, we
measured the correlation coefficient of the tramsitprobabilities of these actions on each
state. We correlated the transition probabilitiegresented by a row vector of the Transition
matrix of action i, TM with the same row vector of the Transition matfxaction j TM.
Before calculating the correlation coefficients vibe¢n the two vectors we reduced the
transition probabilities in the row vector by theeeage of these transition probabilities. This
average was calculated by averaging over the trangirobabilities of the topographical next
neighbors. Thus two actions are equivalent wheimr twerelation coefficient is 1.0; they are
linearly uncorrelated when the correlation coeéfittiis 0.0.

To characterize the predictability of an actionsinsition to a state we defined a second
measure: The predictability of action i in statdsjgiven by the maximum transition
probability stored in the row vector j of the Traim Matrix TM;. This maximum transition
probability was reduced by the probability of trfemeng to one of the connected states by
chance.

1

PTi’j = maxk(TMl-,j,k) - —conn- .
L]

Pr; corresponds to the predictability of action ifate j and conpis the number of states the
robot can transfer by executing action i on state |

In order to evaluate the decision making processamadyzed the activation of each action
calculated by the flooding process. We chose thenalized activity as an appropriate
measure to characterize the selection of an adiioimg navigating to a goal. This activity is
defined as the most activated action on a stat@malared by the sum of the incoming activity
and the decay factor.

—_—
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(Ziccrm, - acicwy - v - af + acio) ) - (1 = df)

act represents the converged activity of state j éfterflooding process. The denominator
corresponds to the sum of the activation of a gtateer all actions; the activity of state j as

N ormActj =



well as the sum of activities is given by the coneel activity resulting from the flooding
process. In order to reduce the dependency ofdhmalized activation onto the decay factor
we multiplied the denominator by this decay facinus normalized activity ranged from O
to 10.

Results

Here we investigated the robots navigational perforce and how the central processes,
namely the transition probabilities, as well as thstal processes, defined by the reflex
factors, contributed to the decision-making process

Navigation performance

We investigated the navigation performance of ti®t by analyzing its path to a number of
different target sites in the environment. In eatlhe measured trials, the robot was placed
on one of five possible starting positions and givee out of four target locations. In order to
obtain a comparable measure we normalized theHasfghe robot’s path by thdirect path.

The direct path represented the shortest travershstiance from the robot’s starting point to
the goal state. Figure 3 shows a path travelethidydbot (yellow line) and the corresponding
direct path (light gray line). Overall the robottedian path length across 20 trials was 1.71
with a standard deviation of 0.47. This represantgcrease of 71% (+ 47%) when compared
to the direct path. For all configurations of tk@spositions and targets, the robot was able to
reach the target in a reasonably short amountra. ti

This relative increase of the robots path lengthhihave multiple causes: the division of the
environment into discrete states (place fieldsg, ribbots learned transitions and the robots
behavior while navigating through the environmétitst we investigated the contribution of
the discrete states in the lengthening of the felpath to the targets. To provide a first
approximation of this increase, we simulated th#ts behavior using the same navigational
algorithm as described in the Methods section. Sitmilation used the geometrical transition
matrix to navigate from the same start positiontheosame goal states as the real robot. The
transition probabilities of the geometrical traimsit matrix take only the topographical
distribution of states into account (see Methodtisel: Figure 3 shows a path of the
simulated robot to a goal (red line). This simuatiresulted in a median increase of 19%
(x9%) compared to the direct path. Thus, the diecstates used here to represent the
environment did not greatly contribute to the ldwgting of the robot’s path to a goal.

How can we interpret the robot’s navigational bebed Approximately a quarter of the
increase of the robot’'s path to a goal was causedhb usage of discrete states as a
representation of the environment. Another quartéhe lengthening can be explained by the
differences between the robots learned and the geimal properties, stored in the robot’s
experienced and the geometrical transition mattatg not shown). Further we analyzed the
effect of obstacle avoidance onto the robots nawagal performance. The agent engaged its
obstacle avoidance behavior in 60% of the triadkependent of the particular combination of
starting and goal states. Analyzing only the trialsvhich the agent did not engage obstacle
avoidance we obtained a median of 1.36 (+0.23)sTha largest share of the lengthening of
the robot’'s path compared to the direct path is ttheeobstacle avoidance behavior. In all
trials, the robot was able to find its goal in asenably short amount of time, with the main
increase in path length arising from the necessityavigating through the narrow arms of the
maze, where obstacle contact occurs most frequently
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Figure 3 Navigational behavior of the robot was investigabgdmeasuring the length of the path to different
goals. The direct path, defined as the shortegétsable path from the start point to the goakstshown as the
gray line in the upper part), was used to normalieelength of the robot’s path (yellow line) tethoal. The
red line corresponds to the length of a path biynallsited robot by taking the topographical disttibo of states
(geometric transition matrix) into account. Thesbegpresent the median length between differentirajaand
goal states and their standard deviation.

Characteristics of the learned transition matrix

The robot’s navigational performance results frova decision-making process. This process
is based on the learned transition and the leara#lex factors, representing the learned
environmental properties. Here we investigated ¢haracteristics of the robots learned
transitions. We investigated first, the differenbetween the transitions of different actions
on a state; second the influence of the used tapbiral distribution of states on the learned
transitions and third the predictability of thetstédo which one action execution transit to.

Fourth we examined the effect of the robots limiiete to learn the environmental properties
on the learned transition probabilities. For thestqmart we analyzed the transition matrixes
characteristics by comparison to the simulatiorseldaon the geometrical transition matrix

(see Method section), representing the transiti@sed on the used topographical distribution
of states. By this comparison we investigate ther@xo which the topographical distribution

of states gives rise to the investigated charastiesi of the transition matrix.

Here we analyzed the similarity between the tréovsst of different actions, defined as the
redundancy of the robot’s possible actions on & sky comparing the transition probabilities
associated with these actions. For this purposeceveputed correlation coefficients (see
Methods and Figure 4A,B) between the transitiorbphilities of the different actions on each
state. Higher correlation coefficients (>0.5) waerere frequently observed in the experienced
transition matrix (44%) than in the geometricalecé5%), (Figure 4A). Thus the robot’s real
world action execution resulted in more similar caumes and thus resulted in a higher
redundancy of the actions compared to the georaétoase. Most (93%) of the highly
correlated actions in the experienced case werardat for states at the boundaries of the
environment, and so were primarily due to the rzbobstacle avoidance behavior elicited by
wall contact. The robot’s action execution resultechore similar transitions compared to the
transitions based on the topographical distributibstates.



Next we investigated the influence of the topogreghdistribution of states on the robot's
learned state transitions. Because the used tgpluiged properties of states are fully
represented by the geometrical transition matme (8lethod section), we calculated for each
state and action the correlation coefficient betwtee transition probabilities stored in the
geometrical and the robot's experienced matrix. o8sr all actions and states a mean
correlation coefficient of 0.56 (£0.52) was obtalnélthough these correlation coefficients
are low it should be considered that these coefiisi are calculated only for neighboring
states and thus a conservative estimate. Whilerdifit actions executed by the robot resulted
in similar transitions more often than expected nvbaly the topographical properties of the
states are taken into account, the topographiatd slistribution nevertheless had an influence
on the robot’s learned transitions.

We then analyzed the predictability of action outes. Predictability defines the ability to
predict the state to which one action execution esak transition. In order to evaluate the
actions’ predictability we introduced predictalyilitalues (see Method section), proportional
to maximum transition probability of an action. &ig 4D shows the occurrence of
predictability values for the experienced and gewoimetransition matrices. Lower
predictability values (<0.3) of the actions occdrraore often in the experienced case (37%)
compared to the geometric one (13%). Thus in @gérle robot’s actions are equally likely
to reach a number of spatially adjacent statess iBhiue to the actions transition probabilities
characterized by a non-sparse probability distidout Furthermore we investigated the
influence of the obstacle avoidance behavior onaitteon predictability of the experienced
transition matrix. Most (84%) of the low predictilyi values are due to actions for which the
robot had to use its obstacle avoidance at lease.olhus obstacle avoidance reduced
predictability of the action result. In most cases obtained a lower predictability of the
robot’s resultant state, than we would have exjgelsyethe topographical distribution of place
fields.

Are the differences between the robot’s learned tiedgeometrical properties due to the
robot’s limited experience time? We generated thesition probabilities of the geometrical
transition matrix by simulating the execution otleaction on each position within a state
(see Method section). Devolving this procedure he tobots learning of the transition
probabilities, it has to experience its environmfentan infinite time. In contrast, the robot’s
experienced transition matrix is based on execuweggh action on each state 11.54 times on
average. Here we investigated the influence ofrtimots limited experience to the mean
correlation coefficient between the geometrical ahe robots experienced transition
probabilities (0.56 = 0.52). In order to investmgathe influence of the robot's limited
experience time on the difference between the gaarakand learned matrix, we compared
generated geometrical transition matrices to thengmrical transition matrices. The
generated geometrical transition matrices wereutatied like the geometrical transition
matrix; the only difference in the generated casthe number of actions executed on each
state restricted to the one of the robots and wass less than for the geometrical transition
matrix. We simulated 300 generated transition roasi In order to compare these matrices
we correlated the transition probabilities for eadtion and state of the generated matrices
with the geometric one. We averaged these coroelatioefficients for each generated
transition matrix. This yielded a distribution ofesaged correlation coefficients with a mean
value of 0.86 (+ 0.1). Thus, the averaged cormtatioefficient of 0.56 (+ 0.52) between the
geometric and the robots learned transition prdibalsi were lower than the correlation
coefficients between generated and geometricasittan matrix. Thus the difference between
the robot’s experienced transition matrix and tkergetrical transition matrix is dominated
by the robots behavior and not due to limited tthreerobot experienced the environment.
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Figure 4: (A) The percentage of occurrence of tiféer@gnt correlation coefficients between the titios

probabilities of different actions of a given stafe coefficients for the geometrical and the tsbexperienced
transition matrix are shown. (B) An example of cddting the correlation coefficients displayed in RA1/2

represents the probabilities of the action 1/2. i{&)e the ratio of the most activated action to ghen of all
incoming activation (normalized activity (see Medhgection)) of a state is shown. The higher reféetors in
the experinced case (data not shown) increase dhmatized activity compared to the geometric c48x.

Distribution of maximum transition probabilities all experienced actions and states.

Here we have investigated the properties of thetsokearned transition probabilities in the
Transition matrix. We obtained a similarity betweha transitions of different actions in the
robot’s experienced compared to the geometricailsitian matrix. Also in general a lower
predictability of the transition of the robot’s mets to a state was obtained compared to the
geometrical case. Thus both properties of the sobvansition matrix are not fully caused by
the topographical distribution of states. The otistaavoidance behavior gives rise to this
lower predictability as well as the similarity diet action results. Neglecting the reflex factors
during the decision making process, which navigetidoehavior would result by only taking
the learned transition into account? We would ekgeat it is not important for the robot to
choose a precise action while moving towards a,gmalsed by low action predictability as
well as the high similarity between the transitiprobabilities of the different actions.
However the transition matrix is influenced by teometrical distribution of the place fields,
while the obstacle avoidance behavior causes dasitypi between the actions and a low
predictability of an action’s resultant state.

Reflexes

Next we investigate the impact of the distal preogs on the agent’'s decision making
process, which involves the selection of action®ider to move to a goal. The flooding
processes integrates the distal components in @ébisidn making process with help of the
reflex factors. After flooding (see Method sectiotij}e agent selects the action most highly
activated at the state corresponding to the rodotation. Here we investigate the impact of
the reflex factors on this process by analyzingribenalized activation (see Method section).
This measure is proportional to the ratio of thghleist action’s activation to the sum of the



other action’s activation on a state. Thus a lowmadized activation describes a decision
making process with the execution of different @usi would result in a similar navigational
performance. In contrast, high values define asi@timaking process in which the agent
chooses a precise action in order to move to tla¢ ayud thus executing different actions than
the most activated one would result in differentigational performances. Taking only the
transition matrix during the flooding process irdocount and thus neglecting the reflex
factors, based on the properties of the transpi@babilities investigated above, we would
expect lower normalized activities compared toghemetrical transitions. In contrast, taking
the reflexes into account, this normalized actorativas higher for the experienced than for
the geometric transition matrix (Figure 4C). Thigpiies that the robot chose a precise action
in order to move to a goal and thus executing femint action than the highest activated one
result in a worse navigational performance. Thehé&ignormalized activations for the
experienced transition matrix are due to highelerefactors compared to the geometrical
transition matrix (data not shown). Thus taking risigéexes into account reduces the effects of
the obstacle avoidance behavior on the learneditiams during the decision-making process
and results in a more precise action selectiomderao successfully reach a goal.

How do the different components of the algorithrfiu@nce the behavior of the robot? Here
we analyzed the contribution of the central proessand distal processes to the robots
decision-making process. Taking only the centratpsses, namely the state transitions, for
the decision-making into account, different actiomsecutions would result in similar
navigational performances, although navigationhig narrow arms required a precise action
in order to reduces hits against the walls and thdace the path length to goals. In contrast,
integrating the distal learned environmental propsy namely reflexes into the decision-
making process the robot has to execute one practgmn to navigate towards the goal. Thus
as we expected, taking the distal processing iotmant reduces the effects of reflexive
behavior and allows the robot to successfully naiégn the environment.

Discussion

Here we have introduced and implemented a modehtlwavs a robot to navigate through an
environment. The model learns the environmentapgnties, in an unsupervised manner by
randomly executing the robot’s actions possibsitiBecause the robots learning process was
done in a finite time period, the robots knowledge its actions possibilities only
approximates its environmental affordances. Thditacture of this model differentiated
between central processing versus distal proces$img distal processing is defined by the
state transitions where reflexive behavior of taesery-driven obstacle avoidance occurred.
The central processing is represented by all |lehmnansitions between the states. The
reflexive behavior acts upon the robots learnedsitens, resulting in uniformly distributed
and less predictable actions outcomes than we wioav@ expected by looking at the used
topographical distribution of place fields. Howevers expected the integration of the
information gained by the reflexive and centralgassing in the decision-making process
reduced the impact of sensory-driven behavior om thavigational performance.
Consequently the robot was able to successfullygas in the environment in a short
amount of time.

The cognitive model is based on a sensory reprasemtcomposed of discrete states. In this
state space First the robot learned the sensoppmats of its actions execution, namely the
state transition and the reflex factors. Thus, riblgot learned the environmental properties
with respect to its actions. Based on these resbksrobot planned its action in order to move



to the goal state in its internal state space. Afamed the states such that they are equivalent
to place cells place field, providing a represeatanf body position within the external
space. These place cells can be understood agiarathp stable sensory representation of the
visual input given by a robot moving in an enviramh(Wyss et al., 2006). The unsupervised
learning resulted in a reorganization of the sgnspace spanned by the robots visual input,
leading to a low dimensional representation ofgbesory input with a spatially meaning. In
order to model other behavior, we have to choosapgmopriate organization of the sensory
space. On this sensory representation states cdafined, resulting in a state space. Further
a definition of actions has to be done, which iqmdd to the behavior to be modeled.
Corresponding to these actions the sensory outciomihe state space can be learned.
Differentiating between distal, namely the tramsit influenced by the sensory driven
behavior, and the central processes, the statsiticars, would result in a better performance
of the system to reach a certain goal state. Usidgferent sensory representation and other
definition for the possible actions, different beioas can be modeled.

Different studies have modeled navigational behabviousing place cells as a representation
of the environment. Here we divide the differenpryaches into two group characterized by
the type of learning used: Hebbian learning or feeogement learning. The first type of
learning exploits the fact that while moving in teevironment, more than one place cell is
active at the rodent’s location, caused by the lapping place fields of the corresponding
cells. The Hebbian learning approach takes this dad applies the biologically motivated
principles of LTP and LTD, resulting in a strengthrgy of the connections between place
cells which were active in a certain time intervelese cells and their connections between
each other represent a cognitive map (GerstnerAdadt, 1996; Blum and Abott, 1996;
Gaussier et al., 2002). Other studies introducedllaype - goal cells - representing the goal
of the navigational task (Burgess et al., 1997;ellier and Meyer, 2000). The connections
between the place and the goal cell encode the glelt's direction to the goal. The strength
of connections between these two cell types was misdulated by Hebbian learning. In
contrast to our model, the mentioned approachgsarla global orientation and a metric,
measuring the directions and distance to the goalgaven location within the environment.
The global orientation used by these studies imédfusing the same frame of reference over
the whole environment. In contrast, we wanted tbbeot to learn the topology of the
environment and thus did not introduce global \@es as orientation or a metric.
Furthermore, some of the mentioned studies (Stiioess al., 2005; Forster et al, 2000;
Gerstner and Abbott, 1997; Burgess et al., 199dellier and Meyer, 2000) used population
coding to encode the position or direction to tlalg The population vector approach is
based on the assumption of place fields and roslemi&ntations having separate topologies.
Thus to decode the robot’'s position or orientatiba weighted average of place cells or
orientations has to be calculated. This incorpsrit®wledge of the topology in the decoding
scheme and impedes a generalization to other atjpertoires. In contrast we defined the
actions independently of each other so that themcepertoire can easily be expanded, for
example including the action of lifting an obje€ther branches of studies (Forster et al.,
2000; Aleo and Gerstner, 2000; Stoesslin et alo52W©sed reinforcement learning (Sutton
and Barto, 1997) to perform a navigational taske Toncepts of Markov Decision Process
and value iteration (Sutton and Barto, 1997) arenroonalities between reinforcement
learning and our approach, while in our model thiei® iteration was expanded by reflexes. A
pure reinforcement learning approach involves learthe properties of the environment by
using an explicit reinforcement signal, given bgaal state; while in the presented model
these properties are latently learned (Tolman, L94d&sulting in a global strategy for
navigation in this environment. In contrast to otseudies, here we presented a cognitive
model that is able to learn the topology and priogeiof the environment in a latent manner



and can be expanded to model other behaviors Bfingty the meaning of the actions and
states.

We introduced a cognitive architecture in ordemimdel animal-like behavior and tested it in
a navigational framework. The navigational perfonee given by this architecture is not
constrained to a specific setup because the baladlyiointerpreted properties of the
environment are self-learned and not predefinede Me showed that differentiation between
central and distal processing routines resultedh ibetter navigational performance. We
argued that this cognitive model can be expandedomel other behavior.
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