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AbstracN The paper presents @io-inspired robotics model for spatial cognition derived from neurophysiological andexperimental
studies inrats. The model integrates Hippocampus place celfgoviding long-term spatial localization with Enthorinal Cortex grid cells
providing short-term spatial localization in the form of Oneural odometryOHead direction cells provide for orientation in the rat brain.
The spatial cognition modelis evaluated in simulation andexperimentation showing areduced number of localization errors during
robot navigation when contrasted to previoussersions of ourmodel.
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I. INTRODUCTION

Spatial cognitiorrelates tocognitive processeis the brainrequiredto supportspatiallocalization anchavigationin animals and
humansit is believed that the brain builds an internagnitivemap made up primarily gdlace, gid and head direction cellas
shown in Fig 1Historically, Tolman[66] propose the idea of rats havinghanternalcognitive mapThese studiewerefollowed
by O'Keefe[49][50][51][52] who identifiedplace cells in the Hippocampus as the location of sucbgnitivemap. Later studies
proposedhe notionthat the cognitive map integrated external information from the environment and internal infonm#tierat
as part of a path integration systgtf][21][33][40][44][54]. More recently Moser and Mose]22][29][47] identified the existence
of grid cells located in thEntorhinal CortexEC) as part of a Oneural odometryO system for rat navidRaiock [56 discoveed
the existence ohead direction cellin the brain Together, place, grid and head direction calis believed t@rovide for the
underlying neuramechanisms required by the brain to build the cognitive map.
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Fig. 1. Hippocampus (HE Entorhinal Catices(LEA B LateralEntorhinalArea, andMEA BMedial Entorhinal Arep Perirhinal CorteXPER) andPostrhinal
Cortex(POR [1].

While we have a more extensive understanding of the cognitivefumaponalityin the mammalian braiand its role in spatial
navigationthere are still many open questions. For example, it is not clearly understoo@gnid cells integrate witlplacecells,
and(b) how this integratiomay provide formorestable lon@term localization The models dveloped by our groy@nd others,
are intended taddress these two issy@snong othersWhile the original modetieveloped by Barrera and Weitzenfeld [S[{8]
explored the integration gflace cell with a path integration modute reproduce goabriernted learning tasks in ratdhis model
generated maniocalizationerrors during longerm robot navigation The model developedyy Tejera et al. [64][65proposed
replacing thepath integration modul®und in the Barrera and/eitzenfeld modeWith a grid cell modulehatalsoincludedhead
direction cellsnoduleas part of the cognitive mapo addresshe high number ofocalization duringobotnavigation,Tejera et al.
introduced the concept of@resetO mechanismstabilize grid cell firingaffecting place celffiring in order to reduce the number of
localization errorsThe model described in the current paper desehbibth the proposed integration of grid cells and place cells as



part of a cognitive map architecture for robot navigationevbontrasting the number of localization errors between the different
modds by Barrera and Weitzenfeld, and Tejera etraparticular, the current paper extengsmni the results described in [65

The paper is organized as follows: Sectiosuimmariesthe main neural components involvedsipatial cognitiorin ratsas
basis for our modelSection Il describesour spatial cognition modelg; Section 1Vdescribes spatidbcalizationbased on the
mode| Section V describembot navigatiorbased on th spatial cognition model; Sectidfi describes experiments and results;
and Section Y provides conclusions and discussion.

Il. SPATIAL COGNITION IN RATS

Spatial cognitions neurophysiological studies in ratselsaown to integrate place, grid and head direction CBtlsse studies
were made in conjunction with experimental task®Iving classic environment configuratigrsuchasthe Or-mazeé andB-arm
radial maz&usedby OOKeefg50][51][52], andthe OopemazeQisedby Morris [45][46]. In Fig 2 a sample rat trajectoiy shown
(top row) based on recordings from Haftiagal [29] on an open maze environmehRig 2 showsthe correspondinglace cell
firing ata unique location (mid row), armrrespondingrid cell firing at multiple locationsesulting inan hexagonal configuration
(bottom row) These cells are further discussed in the following sections.

t=10s t= 20s t= 30s t= 40s t=2m t=5m t=10m

Fig. 2. (Top row) Rat trajectory recorded by Haftirgal [29]. (Mid row) Single place cell recorded in aigue field location. (Bottom row) Firing of a single
MEC grid cell at multiple locations.

A. Place Cells

Place cells are pyramidal neurons in the hippocampus that fire at a specific location iD4feete[51] discoveed place cells

from individual recodings of pyramidal cells found in hippocampal substructures CA1 and CA3. These neurons were called plac
cells because dhe high correlation between their firing and tha location in the environment, thus suggesting their role as a
neural substrate for internal spatial representations in the Ibtaice cell activity appeead to be dependent on the location of
external landmarks arisual cues in the environmef9][48]. It has been shown thatace cellsmaintain their fieldsven in the

dark [33, and evenwhen some of the visual cues are removed from the envirori®&ntFurthermoreijt is believed that the
response of place cells is derived from combining kinestheticvisual cues informatid28]. Existing dudies show that CA3 is

able to execute nelmear transformations of sensory input patterns, while CA1 represents input changes in a lineaf3@lshion
suggesting that representationsCA1 and CA3emerge idependently37].

B. Grid Cells

Grids cells are neurons that fire at multiple locations tessellating an entire surface with a periodic triangular paitern, ee
described bya number ofparameters: spacing, orientation, and phaseser and Mosef28][29] identified grid cells from



recordingsin the entorhinal cortexGrid cells appear to be part ofuaiversal spatial metric system, i.e., a CaledometryGor

rat navigation Furtherstudiesshowed that in a sufficiently large experimental environment, many entorhinal cortex cells exhibit a
grid-like structurefiring at regular intervals over the entire environment that is not aegmnhere in the hippocampus [38his

grid has ahexagonakhape with internal 60and 120 angles.The spatial coordinate system defined by the gall network
appears tdecome anchored to specific landmarksaofindividual environmentAdditionally, grids assume similar phases and
orientations with respect &xternal landmarks on repeated exposures to the same environment, irrespective of where the aninr
starts itsnavigation[29][41][48]. The geometrical structure and spacing of grid fislelsmsndependent of the size and shape of
the environmentAdditionally, giid spacing and grid orientation of neighboring grid cells is almost identical but their grids are
offset relative to each other with all grid offsets (phases) equally represented within a small rélggoarabrhinatortex. Grid

cells fire in esponse to a particular location, direction and speed. The same grguigh ©élls responsiwhen theratis oriented
towards different directions remaining in the same physical locgdah.

C. Head Direction Cells

Head direction cellsrefound in many cdical regions including thentorhinal ortex[56][62][63]. These cells encode the ratOs
allocentric heading in the azimuthal plane. A head direction cell fires maximally only when the ratOs head is evardsal to
specific directionwith respect to the environmenegardless of the head orientation relative to the body, the ratOs locat®n, or
ongoing behavior. In this way, head direction cells can be seen as an internal compass. Just like place cells andhgrid cells
activity of head direction cells is driven both bywé cues and egocentmeotion signalsgnablingtheratto maintain and update

the activity in its head direction cells even when moving around in dargrj§s3].

I1l. SPATIAL COGNITION MODELING

Various spatialcognition models have been developedhe past Most of tlese models are based exclusively on place cells
models, while some provide some level of integration with grid cells and head directiofitoedis.models afertherdiscussed in
[6][7] correspnding to[2][3][4][5][ 6][7][10][12][15][18][20][23][27][42][43][57][59][64][65]. Thesemodelsevaluatedifferent
aspects of spatial cognitioncdiuding in some casassing both simulation andobofics experimentationThe rest of this section
describeur group®spatial cognition model, which is summarized in Fig 3.
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Fig. 3. The diagram describes an extension to the original Baaret@/eitzenfeld[7] spatial cognition model.

An important aspect of our groupOs spatial cognition mede#t itrelates spaial cognitionprocesseincluding learning and
memoryby (i) interaction of different brain structures to demonstrate skills associated with glodatalidcalizationin space,
(i) path integration, (iii) use of kinesthetic and visual cues duringndation, (iv) generation of topologieadetric spatial
representation, (iv) adggtion using Hebbian learning [BXv) representation of internal motivational states based on hunger and
thirst drives, and (vi) management of rewardsubg ofreinforcement learning usirgn ActorCritic architecture [{8][32]. The
learning architecture is complemented by applying backward reinforcement to successful routes followealt dyrihg training
thus enabling learning of explored routes. Afterlesgiion, the model exploits maximum reward expectations to guideathe
towards the goal from any given departure location. Additionally, the model implementslina arning process to adapt the
cognitive map to changes in the physical configuratiotine environment.



The different components of the model, shown in Figdude:

¥ Motivation module, related to ¢hratOs lateral hypothalamus][34 computes the immediate reward tra gets by the
presence of goals)(

¥ Kinesthetic module, involvig the participation of the ptesior parietal cortex (PPC) [$&nd theretrosplenial cortex (RC)
[17]. It represents the updated egocentric position of the ratOs point of departure by activating groups of neurons ttwat respol
specific kinesthetic inflonation patterns.

Landmarks module, encoding global spatial positioning.

Affordances module, mapped to PPC][39generates the affordances perceptual schema (AP) encoding possible turns the ra
can perform at any given time being at a sipetdcationand orientation [24][2b

¥  Grid Cells module, corresponding to the ratOs entorhinal cortex. It receives kinesthetic information in the form of(sat speed
and orientation!(). Additionally, a reset mechanispmovidesrecalibrationfeedback from the Worl&raph to the Grid Cells
module to prevent grid cell activity from drifting over time.

¥ Place Cells module, corresponditmgthe ratOs hippocampusieiteives input from grid cell€onnections between different
place cellayers are stregthened by Hebhh learning [31

¥ World Graph module, receing input from Place Cells and Landmarks modules in order to produce topological patterns
representing unique locations in the environmditis module asociags place fields with a physicallocation in the
environment that is identified bgnactivity pattern (PC) and whose extension is determined by affordances (AP) sensed by the
rat during exploration. The world graph layer integrates kingsthad landmark information [33napped to the prelimbic
cortex [2§. It stores those associations in a spatial representation and performs place recognition. The activation patte
generated by the place cell layer are stored in Actor units, one for each direction, and every connection is assoeiated wi
weight, repreenting the expectation of getting the biggest reward (EX) when orienting in a particular direction (DX) towards
the goal.

¥ Learning module, corresponding to dopaminergic neurons in the ventral tegmental area and to ventral striatum process
reward infornation based on a Actdgritic reinforement learning architecture [[§0].

¥ Action Selection module, computing the motor outputs of the model: direction (DIR), rotation (ROT) and displacement (DIS
Motion is determined by considering the current AP, gbkection of a random rotation between possible affordances, the
curiosity to execute rotations not yet explored, and the expectations of maximum reward (EX, DX).

Fig 4 provides the physical setup for running experiments uskigeperarobot as it navigats a OdryO circular arenatsf open

water mazeby Morris [45][46]. The figure shows a OGlobal ImageO illustrating output fakena OPanoramic ImageO obtained
from local robot camerathat provide multiple OLocal ViewsO showing a number of fixed addoral cues perceived by the
OLandmarksO module. The orientation and distance to the different visual cues are used to build the topological mapeshown i
OWorld GraphO layer and used by the OAction SelectionO module to produce robot motion actions.
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Fig. 4. The OGlobal ImageO in the top left corner shows a robot navigating a Odry@pktomager maze. The OLocal ViewO in the top middle image shows the
view from the robot local camera. The OPanoramic ImageO in the top right side is a composition ofaboltilteal camera views. The bottom left OWorld
Graph LayerO node diagram in green represents the topological map of locations previously visited by the robot, witisitiomeéntmagenta and previous one

in yellow. The OLandmark Perceptual Schen®8jO in the bottom middle figure shows a number of landmarks in different colors where left Gaussians represen
orientations as shown in the OPanoramic ImageO, while the right Gaussians represent distances from the robot for kachmeolofethgentayan, yellow

and green). The OAction SelectionO diagram in the bottom right represents the three possible motion outputs each sibléracBvjies obtained from the
OExpectation of Maximum RewardO (EMR), OExpectation Perceptual SchemaO (ERSity ®@tceptual SchemaO (CPS), ORandom Perceptual SchemaO
(RPS), or OAffordance Perceptual SchemaO (APS). The highest value of the 3 sum values corresporgdledt, might, or forwards, in a winndakeall

fashion.

IV. SPATIAL LOCALIZATION

Spatiallocalizationin our modelintegrateshort term localization produced by grid cells with long term localization produced by
place cells, as shown in Fig Bhe figureillustrates grid cell patternwith increagd spaces betweefiring along the zaxis in
MEC [29][61]. The grid cells combine to generatequre place cell firing locations in the hippocampus.
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Fig. 5. The illustration shows the proposed grid cell to place cell interconned@@}61].

A. ShortTerm Localization

We use dinear interference oscillatoto generate grid cells firing patterfi30]. The numerical valuefor z were obtained
heuristically according to Table, WhereT(z) is the oscillation periodf(z) corresponds to the oscillatioreffluency (inverse of
T(z2)), and Qz) representshe grid cell spacing functigid 3].

TABLE 1.GRID CELL FIRING SPACING

2(mm) Grid Cell Firing
T(z) (sec) f(z) (Hz) G(2 (cm)
0.00 0.1300 7.6923 39.00
0.25 0.1535 6.5147 46.05
0.50 0.1770 5.6497 53.10
0.75 0.2005 4.9875 60.15
1.00 0.2240 4.4643 67.20
1.25 0.2475 4.0404 74.25
1.50 0.2710 3.6900 81.30

Equations (13) describehe different oscillatory valudsasedon the distance from the postrhinal border [30

/(z) = 0.094z +0.13 (1)
f(2) = 1@ (2)
f(2) = 1/(0.094z + 0.13) 3)

Equation4 describeghe grid cell field spacingG(z) (cm) depending on the dorBaéntral positionz (mm). The grid cell
spacing functiorG(z) and the oscillation period functiof(z) = 1/f(2) can be scaled to each other by a cond#a®00defined to



estimate the spacing(z) given an oscillation frequendyf approximately 300 Hz p&m.
G(2 = H/f(2) 4)

The linear osillatory interference model [30is summarizedin the following egationswhere the membrane voltage
oscillationV(t) is given by §) by applying acosine functiorOcosO to the soma and dendritic oscillations at frequéyaies,,

respectively.

V(t) = cos(g2! t) + cos{z2! t) 5)

1|

\ 1‘3 | f4(dendrite)

Fig. 6. Exampleof two oscillations at very close frequencigsindf,, added together to generéte Obeat@scillationf, at a lower frequency.

As describedn (6), f, (the ObeatO frequenéy)obtainedfrom the differenceof fs andfy, i.e. f, = fy Df,, or fy = fs + f,, as
illustrated in Fig6.

fa="fs+ 1y (6)

As describedn (7), the rat velocityv is determined from its speedand the difference between head directioand the
preferred head directiofyp.

v=sco{" " "hp) @

As describedn (8), the distance between two firing locations can be determined from spatial wavefgrigthmultiplying
velocity v with thebeat periodry,.

o =VTp = V/fb = SCOS( " "HD)/fb (8)
As describedn (9), #, can remain constant by defining a beat frequégcy
fo = Bscog" " "yp) (9)

wherethe threshold activatiooonstantB = 1/4, correspond to the irverse of the spatial wavelength. The dendrite oscillation
frequencyfy canthenbe redefinedisin Eq (10),

fg=fs+Bscog" " "up) (10)

whereB = 0.00385thatcan beredefined in terms oBy andf(z), as shown in Eq @.

$ =%.1(2 (11)
Thedendrite frequencfy can be rewrittes described i(l2).

fd = fs + fs By SCOS( " "HD) (12)



As describedn (13), grid cell firinggc(t) can be obtained by combining three band cells, each correspondittyy The linear
oscillatory interference model implemented in our spatial cognition model combines band cells varying to pa@duce
individual grid cellas shown irFig 7 [30][35][40].

A
A
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Fig. 7. Generation of a single Grid Cell (right) firing obtained from three Band Cells varying jn124(29]. The band cells (leftmost three) fire in fixed bands
of the environment (red). The grid cell (rightmost) fires in the intéimeof the three band cells [B5

LGOI [n!.. (L)1 g ((!! LLB (L)) 1")! !] (13)

B. LongTermLocalization

Each place cell activatiopc is generated by applying a step functiiio the sum oN grid cellsgc with similar initial phase as
given by (4).

rr(z), o) (14)

In equation (%), Ny representshe number of grid cells argki(t) corresponds to the function defined in E§. This equation
proposes a weighted sum of grid cell firing to generate place cell firing based on work by Sokit§@ll]. The vales are
selected considering therentro-dorsalposition at the time the grid cells and place cells are created, and stay fixed during the
experiment. Solstadt al [61] summed the output of 10 grid cells with different spacing and same phases and orientations afte
applying a global inhibitiorduring the formation of a unique place cell in the environment. The output of the Place Cell (PC)
module consists of all place cells fromi)1

Fig 8 illustrates place cell activation (in the center plot) by combining multiple grid cells with the satiad [Hpase& and
different spatial orientatioriyp. Each of these plots shows activation fields of five different grid cells with spatial orientajons
varying by increments of 13rom “,p =-30; (yellow) to 15 (purple).

Fig. 8. Each of the four grid cells graphs shows activation fields with spatial orientdtipmarying depending on the initid spatial phase incrementing by;j15
from "up=-30; (yellow) to 15 (purple). Each of the four peak grid cell activation fields (ahezorner in each of the four graphs) generate the individual place
cells firing as shown in the center of the image.

V. ROBOTNAVIGATION

A basicchallenge in robdts navigation isfor robots tohave agoodspatiallocalization in a given environmeriRobd navigation
in our modelis based on the spatial cognition meginga World Graphopology generated from Place Cell activatiotegrated



with the neural odometry from Grid Cell3he following sections describe the world graptucell firing recalibrdion intendedto
reducelocalization errors

A. World Graph

The World Graph (WG}enerates &opological mamf the environmentas shown in Fi® (shown also in Fig 4Each nodg in
WG, receives input from the Place Cells (PC) and Landmarks (LP) madulkiplied by corresponding weights;, as described

in (15).
D Y L S WL I (15

Each World Graph nod#/G in the topological magomparesa new patterrpat! PAT to all storedWG usinga similarity
function (SD) functionbased on their Euclidean distapas describeth (16).

TR TU JZ”UW|P'N! (16)

If the new pattermpat has a low similarity degree (SD) when comparethtexisting stored pattern&/G, then the robot is
presuned to be located at an existi#¢gG nodeto updatets global localizatiores described inl(7).
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If no minimum acceptable distance is fouretweerpatandW@G, then a new node is createdfG (see [6] for more details)
If too manynew nodesare createdfter the robot has navigated the same environthéswvould lead tonavigationerrors where
the robotis not recognizindocaions where it has already bedfig 9 illustrates this problem by showirgample WG maps
obtained with differenbumber of localizatiorrrors after theobothas navigatedcircular arenanultiple times
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Fig. 9. WG mapping a circular arena: (a) lozalizationerrors, (b) Socalizationerrors, (c) 40ocalizationerrors,and(d) 100localizationerrors.

B. Cell Firing Recalibration

To overcomelocalizationerrors in WG, every time a valigat = WG is found; a recalibrationresetsignal is applied tdhe
corresponding grid celFig 10shows the reset signal sent from the World Gragtkto the Band Cells that connects to the Grid
Cells. Additional parameters shown in the figure incllidlear velocitys, angular velocity , and head direction informatich

If we look back at (5), sivan again here i1f18), we can apply theesetsignal to the dendritic phase ¥ft) corresponding to
gc(t), as described by (18)

V(t) = cos(g2! t) + cos{z2! t) (18)

The soma components from (18) can be redefineg(aandxy(t), respectivelyas shown in (19nd (20)
x(t) = f 21 t (19)
Xd(t) = fa2! t (20)

In (21), the new dendritic componéni(t) enables(t) to get closer ta(t).

i (1) = Xa(®) + ( (L) - %a(0)) (21)

If (is setto 0, then no reset update is madegd(®), while setting( to 1 would makex@t) equal tox(t). Eq. (22) summarizes
the reset mechanism.



Y {x! MLy 1) ifSDOIHSHI )1 e (22)
L L) 1" 1 1"#$%)! '

Landmarks Kinesthetic

Linear Angular
Velocity Velocity
J o
Head
Direction Cells

s ¢

Band Cells }<— -

| Bc

‘ Grid Cells ‘

LP ‘

reset

GC

Place Cells

l PC
H World Graph %—

l EX, DX

Fig. 10.The diagram describes the components involved inntieeference oscillatory model including the reset mechanisms from the World Graph back to the
Grid Cells via de Band Cells

Figurellillustratesrecalibrationusing theresetmechanismas follows:
Thefirst row shows a simple square motion by the rat ending after 4stsingfrom its original location

The second row shows the corresponding WG node localization of the rat matctsggahenotion steps until a new purple
node is createdtt,. Considering the closeness of the new purple node to the first node genetgitgdttad World Graph; a
resetsignalis generated recalibratingode 5to match node 1. Note that initially a new node is created or a previous one
matched dependingn the threshold value for SD.

¥ The third row shows two sets of grid cell firing, a dark oogresponding to an ideal noligss firing and a red one where error
is acumulated due to intrinsiar extrinsicnoisein the dendritic linear oscillator. Note that once \W&hds theesetsignal, this
will cause a grid celtesetsignal where the accumulated grid cell activation will modify its phase according)to (8ing to
get closer to the noiseledendritic linea oscillator.

¥ The fourth rowcontrastdhe noiséess and noisy grid cell dendritic linear oscillators. Note that this procedure is performed every
time a WG node is compared to dixig ones in trying to performecalibrationaffecing all grid cells actie at the particular
location where the WG fires.
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Fig. 11.lllustratation ofgrid cell recalibration using theesetmechanismThe first row shows a simple square motion by theThe second row shows the
corresponding WG node localization of the rat matchingsthere motionThe third row shows two sets of grid cell firing, a dark one corresponding to an ideal
noiseless firing and a red one where error is accumulated due tsimbi extrinsic noise in the dendritic linear oscillafidre fourth row contrasts the noiseless

and noisy grid cell dendritic linear oscillators.
VI. EXPERIMENTS ANDRESULTS

In this section we present experiments and res$udta grid cell recalibration usig the reset mechanismhile contrastingthe
localization errordetweenour original RatNavl model, the new RatNav2 model without resetthe new RatNav2 model with
reset Borenstein and Fen@] proposed a method for measuring odometry errors in mobilots by having the robot repeat some
motions, while a human operator measdutee localizationerrors between the expected position and actual robot position. This

procedure was appligd our experiments to characterize the error and find ghe., and! . .. constantsFigure 2 shows
the incorporation ofioiseto robot speed.
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Linear Angular
Velocity Velocity
| s o
: v v :
= % noise Head Direction
o ol Cells
s’ ¢
A\ 4
Grid Cells

Fig. 12.Incorporation of noisy speeg®

To analyze théocalization errorswe have added noise to speegdsulting in a noisy speeDas described by 8.

SERTIREE W e 11 1"H$%8& (23)

[N R S
In (23),! ! e i e ! represents a random function with normal distribution, and paraneters, and! b |
Thefactor parameter iset between 0 and 5.
Table 2 summarizethe parameters used during evaluation.



TABLE 2. PARAMETERS AND CORRE®ONDING VALUES USEDDURING EVALUATION OF THE MODEL
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A. Localizationerrors for the RatNavl model

Figure B shows the number ddcalizationerrors for asimulatedrobot when running the original RatNavl [6] without noise (red)
and with noise level factor = 1 (green). The results show very limited tolerance to noise, where for noise level = 0, over 5
accumulatedocalizationerrors were obtained for about 1,200t steps or 20 navigation sessions in the circular open maze.
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Fig. 13.Localizationerrors for ssimulatedrobot when running the RatNavl [6]: rBdvithout noise, greeBwith noise level factor =.1

B. LocalizationErrors for the RatNav2 model without Reset

Figure 4 presents théocalizationerrors for outRatNav2 modelithout the reset mechanism. The results show a better tolerance
to noise than the original RatNavl model. As opposed to the original RatNavl model, there are i@rgliteationerrors wha
the noise factor = 1 corresponding to the red line overdeas< As noise increases errors also increase but without reaching the
level found in the RatNavl modd.total of 30 sessions were performed each resulting in 1,500 motor actions acooi(@)g t
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Fig. 14.Localizationerrors for the RatNav2 model without the reset mechanism

C. LocalizationErrors for the RatNav2 model with Reset

Figure B shows thdocalizationerrors for the RatNav2 model with the reset mechanism. The reset mechanism greatly diminishe
the number ofocalizationerrors. Note that there are no errors for noise factors less than 4.
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Fig. 15.Localizationerrors for the RatNav2 model with the reset meidmn

D. LocalizationError Contrastbetween RatNavl and RatNav2 models

Table 3 provides a comparison of loop closure errors in WG between RatNavl (RNN)/BfRLRatNav2 (RN2/8 & RN2/GRN)
models for different noise factors= 1 to 5. QN corresponds to the grickll model withoutreset, while GRI corresponds to the
grid cell model with reset.

TABLE 3. ERRORCOMPARISON DURING LO® CLOSURE

Model RN1/ RN2/ RN2/ RN2/ RN2/ RN2/
DRL1 Gl G4 G5 GR4 GR5
Min 503 0 24 57 0 30
Max 621 4 187 373 51 105
Mean 570 0.57 123 174 23 75
Variance 26 1.33 33 66 15 21

Figure B presents error values in relation to motion actions based on Table 3. RatNav1/DRL1 had the highest number of errc
while the RatNav2/@ and RatNav2/GR models (withN varying from 1 to 5) with and without the reset mechanism, respectively,
generatd the lowest number of errors.
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E. Multi-Scale SpacingocalizationErrors in the RatNav2 Model without and with Reset

The previous results use the minimum observed spacing in MEC grid cells. In this section we present results for diffagent spa
factorsz while keeping the rest of the parameters fixed. Different sgasigrouped in the ventrdorsal axis of MEC in 6 to 10
groups with spacing incrementing geometrically according4i (2

Dy IS %0Gy, | 1 1111 FHS%&ey, 1

(24)

Towseet al[67] analyzed the effect of various spacing values fohegouping in relation to localization with best results
obtained with a geometric increase in spacing#fdr.4. Table 4 shows spacing values for the first 3 groups.

TABLE 4. SPACING FACTOR

factorpc Spacing (GBcm)
1 39
2 49
3 69

Figure T (left) presents the number lafcalizationerrors for a fixed spacing factor of 1 with noise factor of 2 (noise factor of
0 and 1 shoed no erros, while noise factor of 1 showestrors only without the reset mechanism). The results show the
increasing number dbcalizationerrors without the reset mechanidangures I (right) shows results for spacing factaf 2 for a

noise factor of 2
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Fig. 17.(Left) Localizationerrors with spacing factor of 1 and noise factor of 2, reset versus no reset mectrgisyhocalizationerrors with
spacing factor of 2 and noise factor of 2, showing reset versus no reset mechanism

Figure18 (left) shows results for spacing factof 3 for a noise factor of Zigure B (right) contrastdocalizationerrors for
spacing factorg, 2 and 3, for a noise factor ®fwithout the reset mechanism.
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Figure B contrastdocalizationerrors for spacing factors 1, 2 and 3, for a noise factor of 3 with reset.
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VIl. CONCLUSIONS ANDDISCUSSION

The paper presented a biologically inspiredotics model fospatial cognition that integratetace cells in the Hippocampugid

cells in theEntorhinal CortexEC), and hed direction cellbased on worky Tejeraet al [64][65]. The current paper extends the
results from our previous work by contrastingrisusversions of the model in relation to their stabilityring long-term robot
navigation When comparetb the orighal RatNavl moddby Barrera and Weitzenfeld [5][¢], the RatNaw model byTejera et

al. [64][65], reduces the number of localization errorstiy introduction ofa OresetO mechanism to stabilize both grid cell and
place cell firing.Theeffect of the resanechanisnwas analyzed bgomparing the effeaif differentnoise factorgluring simulated

robot navigationto mimic different levels of noise found in physical roboAsparticular difference between the two different
versions of oumodel has been the use of a grid cell module replacing the original path integration module. This new grid ce
moduleis based on a linednterference oscillator model [13][30]. Another alternative for modeling grid cells that has been
explored in the p&t by other groups has been the use of attractotEL]1An aspect that has facilitated the development of the
different versions of our spatial cognition models, and their comparison, is the fabethatreboth developed using the Neural
Simulation Language [6B supportingalso modekimulation and physical robot experimentation.

In addition to providingurther understanding of th&ructure and functionalitgf the brain,a major goal of our modeis to
inspire new algorithmgor robotics. Inrelation to spatial cognition, our goalildendedto supportiongerterm robot navigationAs
part ofthis effortwe plan tofurther redue the number of localization erroby exploring multiscale organization of grid cells and
place cells suggeshg that the brain cognitive mapmay involve different field sizes ajrid and placecells depending on the
complexity of the environmenthis would not only reduce the number of grid and place @ellslved in an environmeriut
would also provide for renpgping or reuse of these cells in multiple environments, an aspect that also relates to limitation ir
memory and processing bothbiologicaland robotic system&inally, as part of future work and as new studies and data are made
available by neurosciests, we expect to extend our spatial cognition models and corresponding experiments with robotic system:
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