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Abstrac t 

This paper describes a computational mode! of spatial learning 
and localizatio n i n rodents .  Th e mode l  i s  base d o n th e sugges -
tio n (base d o n a  larg e bod y o f  experimenta l  data )  tha t  rodent s 
lear n metri c spatia l  representation s o f  thei r  environment s 
by associatin g sensor y input s wit h dead-reckonin g base d 
positio n estimate s i n th e hippocampa l  plac e cells .  Bot h thes e 
source s o f  informatio n hav e som e uncertaint y associate d 
wit h the m becaus e o f  error s i n sensing ,  rang e estimation , 
and pat h integration .  Th e propose d mode l  incorporate s 
explici t  mechanism s fo r  informatio n fusio n fro m uncertai n 
sources .  W e demonstrat e tha t  th e propose d mode l  adequatel y 
reproduce s severa l  ke y result s o f  behaviora l  experiment s wit h 
animals . 

Int roduct io n 

Animal s demonstrat e a  wid e rang e o f  comple x spatia l  learn -
in g an d navigatio n abilitie s (Gallistel ,  1990) .  Considerabl e 
researc h effor t  ha s bee n expende d i n understandin g differen t 
aspect s o f  thes e spatia l  behaviors .  Thes e effort s hav e resulte d 
i n a  larg e corpu s o f  experimenta l  data ,  a  numbe r  o f  theorie s 
and model s o f  anima l  spatia l  learning ,  an d severa l  implemen -
tations . 

A m o ng th e know n aspect s o f  anima l  spatia l  learnin g i s th e 
suggestio n tha t  rodent s lear n cognitiv e map s o f  thei r  spatia l 
environment s (Tolman ,  1948) .  Ther e i s  als o a  vas t  bod y 
of  experimenta l  dat a tha t  directl y implicat e th e hippocam -
pal  formatio n i n roden t  spatia l  learnin g (O'Keef e an d Nadel , 
1978) .  Base d o n thi s data ,  O'Keef e an d Nade l  propose d th e 
local e syste m hypothesis ,  suggestin g tha t  th e hippocampa l 
plac e cell s lear n metri c cognitiv e map s b y integratin g sensor y 
input s an d dead-reckonin g '  positio n estimate s generate d b y 
th e animal . 

I n th e tw o decade s sinc e th e local e hypothesi s wa s first 
proposed ,  a  numbe r  o f  computationa l  model s o f  hippocam -
pal  spatia l  learnin g hav e bee n develope d (Balakrishna n e t  al. , 
1997) .  Surprisingly ,  onl y a  fe w o f  thes e model s suppor t  met -
ri c spatia l  representations .  Furthermore ,  th e fe w model s tha t 
ar e base d o n th e local e hypothesi s mak e a n unrealisti c as -
sumptio n tha t  th e tw o informatio n streams ,  namely ,  sensor y 
input s an d dead-reckoning ,  ar e error-free .  However ,  sensor y 
and dead-reckonin g system s o f  animal s ar e pron e t o severa l 
source s o f  error s (e.g. ,  error s i n plac e recognition ,  distanc e 
estimation ,  dead-reckonin g drifts ,  etc.) ,  an d therefore ,  an y 

'Dead-reckonin g o r  path-integratio n refer s t o th e proces s o f  up -
datin g a n estimat e o f  one' s curren t  positio n base d o n self-knowledg e 
of  time ,  speed ,  an d directio n o f  self-motion . 

computationa l  mode l  o f  hippocampa l  spatia l  learnin g an d lo -
calizatio n mus t  be  capabl e o f  satisfactoril y  dealin g wit h thes e 
errors . 

I n thi s pape r  w e describ e a  computationa l  mode l  o f  hip -
pocampa l  spatia l  learnin g tha t  allow s th e anima l  t o lear n a 
metri c plac e m a p an d explicitl y  addresse s informatio n fusio n 
fro m uncertai n sources .  Followin g a  brie f  discussio n o f  ex -
perimenta l  dat a supportin g th e model ,  w e presen t  som e ke y 
feature s o f  th e mode l  an d som e simulatio n result s tha t  demon -
strat e tha t  th e mode l  satisfactoril y  reproduce s certai n behav -
iora l  experiments . 

Hippocampal Spatial Learning 

The hippocampal formation is one of the highest levels of 
associatio n i n th e brai n an d receive s highl y processe d sensor y 
informatio n fro m th e majo r  associationa l  area s o f  th e cerebra l 
cortex .  Fo r  anatomica l  an d physiologica l  detail s th e reade r  i s 
referre d t o Churchlan d an d Sejnowsk i  (1992) . 

Cellula r  recording s i n th e hippocampu s hav e le d t o th e dis -
cover y o f  plac e cell s an d head-directio n cell s whic h sho w 
highl y correlate d firings  durin g th e executio n o f  spatia l  tasks . 
Pyramida l  cell s i n region s C A 3 an d C A l  o f  th e ra t  hippocam -
pus hav e bee n foun d t o fire  selectivel y whe n th e ra t  visit s par -
ticula r  region s o f  it s environment .  Thes e cell s thu s appea r 
t o cod e fo r  specifi c  place s an d hav e bee n labele d plac e cell s 
(O'Keef e an d Nadel ,  1978) .  Cell s wit h suc h location-specifi c 
firing  hav e bee n foun d i n almos t  ever y majo r  regio n o f  th e 
hippocampa l  system ,  includin g th e E C ,  th e Dg ,  region s C A 3 
and C A l ,  th e Sb ,  an d th e post-subiculum . 

I n additio n t o plac e cells ,  head-directio n cell s i n th e hip -
pocampal  regio n respon d t o particula r  orientation s o f  th e ani -
mal' s hea d irrespectiv e o f  it s  location .  Thes e cell s thu s appea r 
t o functio n a s som e sor t  o f  a n in-buil t  compas s (Taub e e t  al. , 
1990) . 

A numbe r  propertie s o f  plac e cell s an d head-directio n cell s 
hav e bee n identifie d (se e McNaughto n e t  al .  (1996 )  fo r  de -
tails) ,  primaril y th e fac t  tha t  th e firing  o f  thes e cell s  i s depen -
dent  o n sensor y a s wel l  a s dead-reckonin g inputs . 

Hippocampal Cognitive Map 

We have developed a computational implementation of the 
local e syste m hypothesis .  Ou r  mode l  allow s th e anima t  ( a 
robo t  simulatin g a n animal )  t o lear n it s environmen t  i n term s 
of  distinc t  places ,  wit h th e cente r  o f  eac h plac e als o bein g 
labele d wit h a  metri c positio n estimat e derive d fro m dead -
reckoning .  A  detaile d treatmen t  o f  thi s computationa l  mode l 
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ca n b e foun d i n Balakrishna n e t  al .  (1997) .  Her e w e wil l  onl y 
presen t  a  brie f  summary . 

As th e anima t  explore s it s environment ,  th e mode l  create s 
n e w E C unit s tha t  respon d t o landmark s locate d a t  particu -
la r  position s relativ e t o th e animat .  Concurren t  activit y o f 
E C unit s define s a  place ,  an d plac e cell s i n C A 3 laye r  ar e 
create d t o represen t  them .  Thes e sensor y input-drive n C A 3 
plac e cell s ar e the n associate d wit h positio n estimate s derive d 
fro m th e dead-reckonin g syste m t o produc e plac e firings  i n 
th e C A l  layer .  Thus ,  th e firing  o f  C A l  cell s i s  dependen t 
on sensor y input s fro m C A 3 an d th e animat' s dead-reckonin g 
positio n estimates . 

W h en th e anima t  revisit s familia r  places ,  incomin g sensor y 
input s activat e a  plac e cod e i n th e C A S layer .  Sinc e multi -
pl e place s i n th e environmen t  ca n produc e th e s a m e sensor y 
inpu t  (calle d perceptua l  aliasin g i n robotics) ,  th e C A l  laye r 
use s dead-reckonin g estimate s t o disambiguat e betwee n suc h 
place s an d produce s a  uniqu e plac e cod e tha t  correspond s t o 
th e curren t  place .  T h e syste m the n perform s spatia l  local -
izatio n b y matchin g th e predicte d positio n o f  th e anima t  (it s 
curren t  dead-reckonin g estimate )  wit h th e observe d positio n 
of  th e plac e field  cente r  (dead-reckonin g estimat e previousl y 
associate d wit h th e activate d C A l  plac e code) .  Base d o n thi s 
match ,  th e dead-reckonin g estimat e a s wel l  a s th e plac e field 
cente r  ar e update d a s show n i n Figur e 1 . 
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Figure 1: A schematic of hippocampal localization. 

Thus, not only does our model learn a metric cognitive map 
of  th e environment ,  bu t  i t  als o permit s th e metri c estimate s t o 
be update d whe n th e anima l  revisit s familia r  places . 

Hippocampal Kalman Filtering 

I t  shoul d b e note d tha t  th e informatio n provide d b y th e sen -
sor y an d dead-reckonin g system s i s uncertai n becaus e o f  pos -
sibl e error s i n objec t  recognition ,  distanc e estimation ,  an d 
path-integration .  Thus ,  i f  th e hippocampu s perform s robus t 
spatia l  localization ,  i t  mus t  hav e adequat e mechanism s fo r 
handlin g uncertaint y i n thes e informatio n sources . 

As wit h animals ,  mobil e robot s to o hav e t o dea l  wit h un -
certaintie s i n sensin g an d action .  O n e o f  th e probabilisti c  lo -
calizatio n approache s fo r  mobil e robot s i s th e Kalma n filter 
(KF )  (Gelb ,  1974 )  (o r  som e extensio n o r  generalizatio n o f 
it) .  K F allow s th e robo t  t o buil d an d maintai n a  stochasti c 
spatia l  map ,  propagat e sensor y an d motio n uncertainties ,  an d 
localiz e i n optima l  way s (Ayach e an d Faugeras ,  1987) .  A 
schemati c fo r  a  K F i s show n i n Figur e 2 . 

As ca n b e observe d fro m Figure s 1  an d 2 ,  th e computa -
tiona l  mode l  o f  hippocampa l  functio n an d K F bot h embod y 
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Figur e 2 :  A  schemati c o f  K a l m a n filtering. 

th e sam e predict-observe-match-updat e principle .  Further , 
K F provide s a  framewor k fo r  performin g stochasticall y op -
tima l  update s eve n i n th e presenc e o f  predictio n an d obser -
vatio n errors .  Base d o n th e similaritie s betwee n th e two ,  w e 
hav e develope d a  K F framewor k fo r  uncertai n informatio n fu -
sio n i n th e hippocampa l  localizatio n mode l  describe d abov e 
(Balakrishna n e t  al. ,  1997) .  I n thi s framework ,  K F help s th e 
anima l  i n maintainin g an d updatin g a n estimat e o f  it s o w n po -
sitio n a s wel l  a s th e estimate s o f  th e plac e field  centers .  Thes e 
estimate s ar e modele d b y a  stat e vector : 

Xfe = [xo,fc,Xl,...,X„]^ 

where xq jt denotes the position of the animal at time instant 
k,  X i  denote s th e cente r  o f  plac e field  i ,  an d n  i s th e numbe r 
of  place s tha t  hav e bee n visite d b y th e animal .  Thes e posi -
tio n estimate s ar e assume d t o b e specifie d i n 2 D Cartesia n 
coordinates ,  i.e. ,  X j  =  (xĵ ,Xij,) .  Th e anima l  als o compute s 
and update s th e covarianc e matri x associate d wit h thi s stat e 
vector ,  denote d b y P*; ,  whic h i s give n by : 

I  Co o 
C i o 

P*  = 

•'n O 
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Cu 
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C . , = 

denote s th e covarianc e betwee n th e 2 D Cartesia n representa -
tion s o f  th e stat e element s x ,  an d Xj . 

W h en a  ne w plac e i s visited ,  th e stat e vecto r  i s augmente d 
by th e cente r  o f  thi s ne w plac e an d th e stat e estimat e an d 
it s covarianc e matri x ar e modifie d accordingly .  I f  th e ani -
mal  motion s ar e assume d t o b e linea r  an d th e measuremen t 
functio n i n Figur e 2  i s als o a  linea r  functio n o f  th e state ,  th e 
plac e field  center s an d th e animal' s positio n estimat e ca n b e 
update d i n stochasticall y optima l  ways .  Fo r  details ,  refe r  t o 
(Balakrishna n e t  al. ,  1997) . 

Frame Merging 

We hav e als o develope d a n extensio n o f  th e computationa l 
model  describe d abov e tha t  permit s th e anima t  t o lear n sep -
arat e plac e map s i n different/rame j  an d t o merg e frame s to -
gethe r  i n a  well-define d manner . 
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Suppos e th e anima t  ha s learne d a  plac e m a p fram e fold -
W h en th e anima t  i s reintroduce d a t  anothe r  place ,  i t  store s 

away fol d i n it s memory ,  an d begin s a  ne w fram e fne w a t 
th e poin t  o f  re-introduction .  I t  als o reset s it s dead-reckonin g 
estimate s t o zero ,  thereb y makin g th e poin t  o f  re-introductio n 
th e origi n o f  it s ne w dead-reckonin g frame .  N o w i t  proceed s 
as before ,  learnin g place s an d creatin g E C ,  C A 3 ,  an d C A l 
cell s usin g th e algorithm s describe d i n Balakrishna n e t  al. , 
(1997) .  A t  eac h ste p i t  als o check s t o se e i f  sensor y input s 
excit e C A l  cell s residin g i n fold -  I f  thi s happens ,  th e anima t 
i s a t  a  plac e i t  ha s see n earlie r  i n th e olde r  fram e {fold) -  I t 
the n merge s th e tw o frames ,  a s follows . 

Suppos e C A l  uni t  c  fires  i n fne w an d m fires  i n fold -  Le t 
5̂ /n. u an d x/oi d denot e th e estimate d cente r  o f  th e animat' s 

curren t  plac e i n th e tw o frame s fne w an d fold -  W e ca n updat e 
th e plac e field  center s o f  fol d t o fne w vi a th e transformation : 

xf"' "  =  xf"'' '  -  A x Vt€/ , ol d (1 ) 

Th e covariance s betwee n unit s i n fol d an d fne w ca n b e up -
date d usin g th e followin g expression s (detail s o f  th e deriva -
tion s ca n b e foun d i n (Balakrishna n e t  al. ,  1998b)) : 

Case I :  I f  i  an d j  wer e bot h unit s i n fol d 

Case II :  I f  i  wa s a  uni t  i n fne w an d j  wa s i n fol d 

cir =cir 

where dj refers to the covariance between units i and j in 
a particula r  frame . 

Th e anima t  localize s t o th e first  plac e tha t  sensoril y 
matche s a  plac e i t  ha s see n before .  Therefore ,  i f  multi -
pl e place s i n th e environmen t  produc e simila r  sensor y input s 
{perceptua l  aliasing) ,  thi s procedur e wil l  lea d t o localizatio n 
problems . 

Goal Representation 

Goal s encountere d b y th e anima t  ca n als o b e remembere d i n 
term s o f  thei r  metri c positions ,  whic h i s derive d fro m dead -
reckoning .  Goa l  positio n estimat e i s erro r  pron e becaus e th e 
dea d reckonin g syste m o f  th e anima t  i s corrupte d b y noise . 
We us e equatio n 2  t o updat e th e goa l  locatio n estimat e when -
eve r  th e goa l  i s visited .  Thes e update s ar e stochasticall y  opti -
mal . 

XG = 

4 

-X g + 
oi-^a ; 

-x o (2 ) 

G 

Here ,  x g i s th e estimate d goa l  positio n an d U q it s vari -
ance ,  X o i s th e curren t  dead-reckonin g estimat e wit h associ -
ate d varianc e Uq . 

We hav e als o develope d a  mechanis m t o remembe r  multi -
pl e goa l  location s i n a  singl e frame .  W h e n tw o frame s ar e 
merged ,  a  Mahalanobi s distanc e tes t  i s  performe d betwee n 
al l  pair s o f  goal s i n bot h frames .  I f  tw o goal s ar e foun d t o b e 

withi n a  square d Mahalanobi s distanc e o f  les s tha n 4.61 ,  th e 
las t  visite d goa l  i s kept ,  whil e th e othe r  goa l  i s discarded . 

W h en th e anima t  reache s a  goal ,  a  neares t  remembere d 
goa l  locatio n i s foun d fro m th e location s th e anima t  ha s al -
read y visited .  I f  n o goa l  locatio n i s nearby ,  a  ne w goa l  posi -

tio n wit h it' s  goa l  varianc e ct q =  o o i s created .  Thi s ensure s 
tha t  th e curren t  dead-reckonin g estimat e i s assigne d t o th e 
ne w goa l  positio n whe n equatio n 2  i s applied . 

Sinc e th e animat s ca n remembe r  multipl e goals ,  a  goa l  se -
lectio n mechanis m i s als o required .  W e hav e implemente d 
a heuristi c strateg y tha t  involve s choosin g th e mos t  recentl y 
visite d goa l  locatio n first  an d navigatin g t o it .  I f  th e goa l 
i s  no t  foun d a t  thi s location ,  w e us e a  mechanis m i n whic h 
th e anima t  choose s t o approac h th e neares t  goa l  o r  a  confi -
dent/reliabl e goa l  wit h equa l  probability . 

Th e animat s i n ou r  experiment s navigat e t o goa l  location s 
i n tw o ways .  I f  th e goa l  i s  visible ,  th e animat s directl y mov e 
toward s th e goa l  {goa l  approaching) .  However ,  i f  th e goa l 
i s  no t  visibl e bu t  th e anima t  ha s a  recor d o f  goa l  location s 
alread y seen ,  i t  select s a  goa l  a s discusse d abov e an d move s 
directl y toward s i t  {goa l  seeking) .  Fo r  th e purpose s o f  th e 
experiment s describe d i n thi s pape r  th e environment s ar e as -
sumed t o b e largel y ope n an d obstacle-free . 

Simulation Details and Results 

Expe r imen t s o f  Collet t  e t  al .  (1986 ) 

We simulate d th e behaviora l  experiment s o f  Collet t  e t  al . 
(1986 )  usin g ou r  computationa l  mode l  o f  hippocampa l  spatia l 
learnin g describe d earlier .  Th e experimenta l  setu p o f  Collet t 
et  al .  consiste d o f  a  circula r  aren a o f  diamete r  3. 5 meter s 
place d insid e a  light-tigh t  blac k painte d room .  Gerbil s wer e 
traine d t o locat e a  sunflowe r  see d place d i n differen t  geomet -
ri c relationship s t o a  se t  o f  visibl e landmarks .  Th e floor  o f  th e 
aren a wa s suc h tha t  i t  prevente d th e gerbi l  fro m spottin g th e 
see d unti l  i t  wa s ver y clos e t o th e gerbi l  (Collet t  e t  al. ,  1986) . 

I n ou r  simulations ,  w e use d a  circula r  aren a o f  radiu s 1 0 
units .  Th e wall s o f  th e aren a wer e assume d t o b e devoi d o f 
any distinguishin g sensor y stimuli .  Th e landmarks ,  o n th e 
othe r  hand ,  wer e assume d t o b e visibl e t o th e anima t  fro m al l 
point s i n th e arena .  Estimat e o f  th e relativ e positio n o f  th e 
landmar k wa s assume d t o b e corrupte d b y a  zero-mea n Gaus -
sia n sensin g erro r  wit h standar d deviatio n a s =  0.01 .  Eac h 
landmar k a t  a  specifi c  relativ e positio n cause d a n E C uni t  t o 
fire.  A  simultaneou s activatio n o f  E C unit s cause d firing  o f 
C A3 an d C A l  layers .  Th e anima t  motio n wa s corrupte d b y 
zero-mea n Gaussian s wit h ctm =  0. 5 units .  Th e animat s als o 
possesse d mean s fo r  dead-reckonin g wit h error s modele d a s 
zero-mea n Gaussian s wit h a p =  0.0 5 units . 

For  eac h trial ,  th e anima t  wa s introduce d int o th e aren a a t 
a rando m positio n an d wa s allowe d t o perfor m 50 0 step s o f 
sensing ,  processin g an d moving .  I f  th e anima t  happene d t o 
see th e goal ,  i t  wa s mad e t o approac h an d consum e it .  Eac h 
anima t  wa s subjecte d t o five  suc h trainin g trials .  I n eac h tria l 
th e anima t  learne d place s i n a  ne w fram e b y inductin g E C , 
C A3 an d C A l  unit s i n appropriat e ways ,  merge d frame s whe n 
required ,  an d create d goa l  representations . 

Once trainin g wa s complete ,  th e anima t  wa s subjecte d t o 
te n testin g trials ,  i n whic h th e landmark s i n th e aren a wer e 
manipulate d i n specifi c  way s an d th e goa l  wa s absent .  Here , 
th e anima t  wa s release d a t  rando m position s i n th e aren a wit h 
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it s dead-reckonin g varianc e se t  t o do .  Animat s wer e onl y ca -
pabl e o f  localizin g an d di d no t  induc t  an y ne w units .  A  lo -
calize d anima t  wa s allowe d a  m a x i m u m o f  30 0 tim e step s t o 
navigat e t o th e estimate d goa l  position .  Sinc e th e t;oa l  wa s 
not  foun d eve n afte r  searchin g fo r  2 5 tim e step s a t  th e goa l 
location ,  anima t  chos e anothe r  goa l  location . 

For  th e trainin g a s wel l  a s testin g trials ,  th e trajectorie s fol -
lowe d b y th e animat s wer e recorded .  Also ,  th e aren a wa s 

decompose d int o cell s o f  siz e 0.3 3 x  0.3 3 an d a  coun t  o f  th e 
amount  o f  tim e spen t  b y th e animat s i n eac h cei l  wa s kept .  A 
normalize d histogra m fo r  five  animat s wa s the n plotted . 

We simulate d th e one ,  two ,  an d thre e landmar k experi -
ment s o f  Collet t  e t  al .  (1986) ,  an d th e searc h distribution s 
of  ou r  animat s (Figure s 3 ,  4 ,  an d 5 )  matc h rathe r  closel y wit h 
thos e o f  th e gerbils .  Th e larg e dar k square s i n th e plot s denot e 
th e landmarks. 

Figur e 3 :  Left :  On e landmar k experiment .  Middle :  T w o land -

mark s experiment .  Right :  T w o landmark s experimen t  wit h 

one landmar k removed . 

:.: ,  •«:.::::•.:!,:::::/ « 

Figur e 4 :  Left :  T w o landmark s experimen t  wit h landmar k 

distanc e doubled .  Middle :  Thre e landmark s experiment . 

Right :  Thre e landmark s wit h on e removed . 

Figur e 5 :  Left :  Thre e landmark s wit h tw o removed .  Middle : 

Thre e landmark s wit h on e distanc e doubled .  Right :  Thre e 

landmark s wit h a n extr a landmar k added . 

W a t e r - M a z e Exper iment s o f  Mor r i s (1981 ) 

Morri s (1981 )  experimente d wit h mal e hoode d rat s o f  th e Lis -
te r  strai n t o demonstrat e tha t  rat s ar e capabl e o f  rapidl y learn -
in g t o locat e a n objec t  usin g dista l  cues . 

A circula r  poo l  fille d wit h opaque ,  milk y wate r  wa s use d 
fo r  th e purpose .  Object s presen t  alon g th e wall s o f  th e roo m 

serve d a s dista l  cues .  Th e poo l  wa s devoi d o f  an y object s ex -
cep t  th e escap e platform .  Th e escap e platfor m wa s on e o f  th e 
followin g tw o kinds .  Firs t  typ e wa s blac k colored ,  circula r 
and protrudin g abov e th e water ,  an d therefor e visibl e fro m a 
distance .  Secon d typ e wa s whit e colored ,  circula r  an d sub -
merge d i n th e water ,  thu s virtuall y invisible . 

The populatio n o f  rat s wa s divide d int o fou r  group s o f  8 
individual s each .  Fo r  Cu e +  Plac e group ,  th e visible ,  blac k 
platfor m wa s used ,  whic h wa s alway s a t  th e sam e locatio n 
( N W,  N E ,  SE ,  o r  S W )  acros s al l  trial s fo r  a  give n rat .  Th e 
secon d grou p wa s exactl y lik e th e firs t  excep t  tha t  th e whit e 
platfor m wa s use d instead .  Thi s wa s designate d th e Plac e 
group .  I n Cue-onl y group ,  rat s wer e traine d usin g th e blac k 
platform .  However ,  i n thi s cas e th e platfor m wa s place d i n 
one o f  th e fou r  positions ,  i n a n unpredictabl e sequenc e over 
trials .  Finally ,  th e Place-Rando m grou p wa s simila r  t o th e 
Cue-onl y experimen t  excep t  i n th e us e o f  th e whit e platfor m 
instea d o f  th e blac k one . 

For  eac h trial ,  th e rat s wer e release d i n th e pool ,  an d thei r 
trajectorie s wer e recorde d alon g wit h th e tim e take n t o fin d 
th e platform .  Followin g 2 0 suc h trial s ove r  3  days ,  th e group s 
wer e furthe r  divide d int o subgroup s o f  4  individual s each . 
Eac h o f  thes e subgroup s wa s subjecte d t o 4  testin g trials ,  o f 
typ e A  o r  B . 

I n Tes t  A  th e platfor m wa s remove d an d searc h behavio r 
was observe d fo r  6 0 seconds .  Fo r  Tes t  B ,  rat s o f  group s Cu e 
+ Plac e an d Plac e wer e teste d wit h th e platfor m n o w place d 
i n th e quadran t  diagonall y opposit e th e on e use d i n training . 
Rat s o f  group s Cue-onl y an d Place-Rando m wer e teste d wit h 
th e platfor m positio n hel d fixed.  Th e escap e behavio r  o f  th e 
animal s wa s the n observed . 

I n ou r  simulations ,  w e use d a  circula r  aren a o f  radiu s 3.7 5 
unit s insid e a  squar e roo m measurin g 2 0 b y 2 0 units .  Con -
sisten t  wit h th e rati o o f  poo l  an d platfor m size s i n Morris ' 
experiments ,  w e chos e th e radiu s o f  ou r  simulate d platfor m 
t o b e 0.6 5 units .  I t  wa s assume d tha t  th e anima t  coul d se e 
th e platfor m fro m a  distanc e o f  0.32 5 units .  Fou r  indistin -
guishabl e landmark s wer e used ,  on e alon g eac h wal l  o f  th e 
simulate d room . 

Th e sensing ,  motion ,  an d dead-reckonin g error s wer e sam e 
as i n th e foregoin g experiments .  W e als o assume d tha t  rat s 
s w a m slowe r  tha n thei r  norma l  walkin g speeds ,  an d henc e 
th e siz e o f  motio n ste p wa s se t  t o 0. 4 units . 

As i n th e cas e o f  th e origina l  experiment ,  w e allowe d ou r 
animat s fou r  pre-trainin g trial s i n whic h the y randoml y ex -
plore d th e environmen t  fo r  10 0 step s withou t  th e platfor m 
presen t  i n th e pool .  Durin g thi s stage ,  ou r  spatia l  learnin g sys -
te m allowe d th e anima t  t o acquir e a  spatia l  m a p correspond -
in g t o th e environment .  I n th e trainin g trials ,  th e animat s en -
gage d i n th e goa l  seekin g behavior .  I f  th e platfor m wa s no t 
foun d a t  th e particula r  goa l  location ,  th e anima t  searche d fo r 
15 tim e step s befor e selectin g anothe r  goa l  locatio n an d nav -
igate d toward s it . 

Group s o f  eigh t  animat s eac h wer e use d i n experiment s 
correspondin g t o group s Cue-only ,  Cu e +  Place ,  Place ,  an d 
Place-Rando m a s i n Morri s  (1981) .  Th e escap e latencie s fo r 
th e first  2 0 trainin g trial s an d th e las t  fou r  trial s o f  Tes t  B  ar e 
show n i n figure  6 . 

As see n i n Figur e 6 ,  th e Plac e grou p quickl y learne d th e 
goal  position .  Furthermore ,  th e Cu e grou p achieve d ver y 
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Figur e 6 :  Escap e Latencie s whil e trainin g an d tes t  B . 

smal l  escap e latencies .  On e reaso n fo r  thi s i s th e fac t  tha t 
our  simulatio n ha d a  built-i n mechanis m t o directl y approac h 
visibl e platform s fro m th e start .  Actua l  animal s m a y no t  hav e 
suc h direc t  approac h behavior s preprogramme d bu t  ma y lear n 
the m wit h experience .  Further ,  a s wit h rats ,  ou r  animat s to o 
perfor m poorl y i n th e Place-Rando m experiment . 

C+P P/R 

. J ^ 

Tes t B B 

Figur e 7 :  Trajectorie s followe d b y th e animat s (se e tex t  fo r 

detail) . 

Figure 7 shows the paths taken during the first test trial 
by representativ e animat s i n differen t  groups .  Label s C+P ,  P , 
C an d P/ R denot e grou p Cu e +  Place ,  Place ,  Cue-onl y an d 
Place-Rando m respectively . 

Discussion 

Th e primar y goa l  o f  th e simulation s wa s t o tes t  whethe r  ou r 
computational  mode l  o f  hippocampa l  spatia l  learnin g an d lo -
calizatio n wa s capabl e o f  reproducin g th e behavio r  o f  gerbils . 
We simulate d a  numbe r  o f  experiment s conducte d b y Collet t 
et  al .  (1986 )  an d b y Morri s  (1981) . 

I t  shoul d b e pointe d ou t  tha t  ou r  animat s di d no t  remem -
ber  goal s i n term s o f  independen t  vector s t o individua l  land -
marks ,  a s suggeste d b y (Collet t  e t  al. ,  1986) .  Instead ,  place s 
wer e remembere d a s independen t  vector s t o landmarks ,  whil e 
th e goa l  wa s simpl y remembere d a s a  place . 

I n th e proces s o f  simulatin g behavior ,  w e identifie d a n im -
portan t  issue ,  namely ,  h o w d o animal s choos e on e goa l  t o 
approac h fro m multipl e one s tha t  the y migh t  remember ? I n 
orde r  t o simulat e th e Place-Rando m experiment s o f  Morris , 
we ha d t o incorporat e a  heuristi c goa l  selectio n strategy .  Ou r 

Figur e 8 :  Performanc e o n Tes t  A .  Histogra m show s th e dura -

tio n o f  tim e spen t  b y th e animat s i n eac h quadrant .  Her e T R 

i s th e trainin g quadrant ,  A/ L an d A / R ar e th e adjacen t  quad -

rant s t o th e lef t  an d righ t  respectively ,  an d O P i s th e opposit e 

quadran t  fo r  group s Cu e +  Plac e an d Place .  Th e dat a fro m 

th e othe r  group s simpl y indicat e th e quadrant . 

result s usin g thi s mechanis m closel y paralle l  th e behavior s 
observe d b y Morris .  Indeed ,  ou r  computationa l  framewor k 
allow s on e t o implemen t  an d tes t  differen t  hypothese s o f  goa l 
selection .  Suc h a n approac h ca n lea d t o a  bette r  understand -
in g o f  goa l  selectio n processe s i n navigatin g rodents . 

Fro m Figur e 8  i t  ca n b e observe d tha t  Plac e an d Cu e + 
Plac e experiment s indicat e a  stron g spatia l  bia s toward s th e 
trainin g quadrant .  Whil e th e forme r  observatio n i s consisten t 
wit h th e result s o f  Morris ,  th e latte r  i s a  surprise .  However , 
thi s i s a  direc t  resul t  o f  ou r  spatia l  learnin g an d navigatio n 
strategy ,  wher e w e hav e assume d tha t  th e anima t  faithfull y 
learn s a  plac e map .  Ther e i s a  possibilit y  tha t  i n th e presenc e 
of  reliabl e visua l  cue s (e.g. ,  platform) ,  plac e learnin g m a y no t 
be a s reliable ,  sinc e i t  i s  no t  eve n necessary .  Thi s hypothesi s 
regardin g difference s i n plac e learnin g i n th e presenc e o r  ab -
senc e o f  reliabl e cues ,  remain s t o b e studied . 

Relate d W o r k T o th e bes t  o f  ou r  knowledg e th e onl y othe r 
computationa l  simulatio n o f  th e experiment s b y Collet t  e t 
al .  (1986 )  i s  tha t  o f  Redis h an d Touretzk y (1996 )  (referre d 
t o hereafte r  a s th e R T model) .  O u r  computationa l  mode l 
of  hippocampa l  spatia l  learnin g i s  closel y relate d t o th e R T 
model ,  sinc e bot h model s ar e base d o n th e cognitiv e m a p con -
cep t  o f  Tolma n (1948 )  an d th e local e syste m hypothesi s o f 
O'Keef e an d Nade l  (1978) .  Fmally ,  bot h simulation s repre -
sen t  goal s i n term s o f  metri c positio n estimate s derive d fro m 
dead-reckoning . 

Despit e thes e similarities ,  ther e ar e som e significan t  dif -
ference s betwee n th e tw o model s an d th e behaviora l  result s 
generate d b y them .  O u r  computationa l  framewor k explic -
itl y  addresse s th e issu e o f  informatio n fusio n fro m erroneou s 
(o r  uncertain )  sources .  Secondly ,  b y usin g th e framewor k o f 
Ka lma n filtering,  w e hav e derive d updat e expression s whic h 
ar e stochasticall y optima l  fo r  th e give n model .  Thirdly ,  th e 
R T mode l  incorporate s a  mechanis m fo r  initializin g th e hea d 
direction .  However ,  doin g s o make s th e plac e cell s direc -
tional ,  whic h appear s t o b e a t  odd s wit h experimenta l  result s 
tha t  sugges t  th e non-directionalit y o f  th e C A 3 an d C A l  pyra -

106 



mida l  cells .  Ou r  mode l  assume s tha i  th e plac e cell s ar e non -
directional .  Thi s require s tha t  th e animal s hav e reliabl e head -

directio n information .  Fourthly ,  ou r  mode l  learn s an d remem -
ber s multipl e goa l  locations .  I t  i s  no t  clea r  ho w on e coul d rep -
resen t  multipl e goal s i n th e R T model ,  considerin g tha i  goal s 
i n thei r  mode l  correspon d t o th e origi n o f  th e dea d reckonin g 
system .  Finally ,  th e animal s i n ou r  simulation s wer e capabl e 
of  actuall y movin g i n thei r  environment ,  wherea s th e animal s 
use d i n th e R T simulation s simpl y predic t  th e goa l  location . 
A mor e detaile d compariso n betwee n th e tw o model s ca n b e 
foun d i n Balakrisha n e t  al .  (1998a ) 

A numbe r  o f  researcher s hav e develope d computationa l 
model s t o simulat e th e behaviora l  experiment s o f  Morri s 
(1981) .  Blu m an d Abbot t  (1996 )  develope d a  mode l  o f  hip -
pocampal  spatia l  learning ,  wher e th e plac e cel l  activit y en -
code d th e plac e furthe r  ahea d o n th e path .  Th e anima l  navi -
gate d toward s th e positio n code d b y th e plac e cel l  activit y a l 
any give n place .  However ,  the y onl y simulate d th e behavio r 
of  th e Plac e grou p o f  rats . 

Shar p e l  al .  (1996 )  use d a  slightl y differen t  mode l  t o sim -
ulat e th e water-maz e experiment s o f  Morris .  I n thei r  mode l 
th e plac e an d hea d directio n cel l  firing s allowe d firin g o f  uni t 
i n th e nucleu s accumben s whic h cause d th e anima l  t o tur n 
lef t  o r  righ t  b y a  certai n angle .  Th e experiment s wit h thi s 
model  matche d closel y wit h th e Morris '  experiments ,  bu t  i t 
was no t  clea r  ho w multipl e goal s ca n b e represente d i n thi s 
framework . 

Kalma n filter-based  localizatio n approache s requir e a  sen -
sor  mode l  o f  th e environmen t  an d ofte n ru n int o problem s du e 
t o perceptua l  aliasin g (Ayach e an d Faugeras ,  1987) .  Th e hip -
pocampal  model ,  o n th e othe r  hand ,  provide s a  place-base d 
extensio n o f  K F an d addresse s thes e problem s (Balakrish -
nan e t  al. ,  1997) .  A  numbe r  o f  robo t  localizatio n approache s 
base d o n cognitiv e mappin g theorie s hav e als o bee n devel -
ope d (Kortenkamp ,  1993) .  Althoug h closel y relate d t o th e 
hippocampa l  spatia l  learnin g model ,  the y ar e no t  formulate d 
t o computationall y characteriz e a  specifi c  brai n regio n an d 
diffe r  i n thi s regard .  A  numbe r  o f  neurobiologica l  model s o f 
robo t  navigatio n hav e als o bee n develope d (Recc e an d Harris , 
1996) .  A  mor e detaile d discussio n abou t  th e differen t  model s 
i s availabl e i n Balakrishna n e t  al .  (1997) . 

Future Work As we mentioned earlier, our computational 
model  assume s tha t  th e anima l  ha s a n accurat e head-directio n 
estimate .  W e ar e currentl y explorin g th e possibilit y  o f  suc h a 
head-directio n rese t  mechanis m bein g implemente d b y plac e 
cell s i n th e subiculu m wit h th e correctio n bein g performe d b y 
th e head-directio n cell s i n th e post-subicula r  regio n (Balakr -
ishna n etal. ,  1998b) . 

Give n th e fac t  tha t  Kalma n filter  base d model s o f  plac e 
learnin g an d localizatio n satisfactoril y  reproduc e a  non-trivia l 
bod y o f  result s fro m behaviora l  experiment s i n animals ,  i t  i s 
natura l  t o as k whethe r  th e hippocampu s ca n perfor m K F com -
putations .  A  discussio n abou t  thi s ca n b e foun d i n (Balakrish -
nan etal. ,  1997 ) 
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