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A b s t r a c t 

A single view of an unfamiliar object 
typicall y provide s enoug h informatio n abou t  th e 
object' s shap e t o permi t  recognitio n fro m a  wid e 
rang e o f  ne w viewpoints .  A  recen t  mode l  b y 
H u m m el  an d Biederma n (1990 ,  1992 )  provide s a 
partia l  accoun t  o f  thi s abilit y i n term s o f  th e 
activatio n o f  viewpoin t  invarian t  structura l 
description s o f  (eve n unfamiliar )  objects .  W e 
describ e th e Structura l  Descriptio n Encode r  (SDE) , 
a self-organizin g feed-forwar d neura l  networ k tha t 
learn s suc h description s i n on e o r  a t  mos t  tw o 
exposures .  Rapid ,  reliabl e learnin g result s fro m th e 
interaction s amon g recruite d an d unrecruite d units , 
whos e respons e characteristic s ar e differentiate d 
throug h th e us e o f  dynami c threshold s an d learnin g 
rates . 

Introduction 

For many objects, a single view provides 
enoug h informatio n abou t  th e object' s shap e t o 
permi t  recognitio n fro m a  wid e rang e o f  n e w 
viewpoint s (e.g. ,  Biederma n &  Gerhardstein ,  i n 
press) .  Thi s capacity ,  unremarkabl e fro m th e 
standpoin t  o f  everyda y experience ,  i s  mysteriou s 
fro m th e perspectiv e o f  theorie s o f  objec t 
recognitio n base d o n storin g an d matchin g multipl e 
objec t  view s (e.g. ,  Edelma n &  Weinshall ,  1991 ; 
Intrato r  &  Gold ,  1993 ;  Poggi o &  Edelman ,  1990 ; 
Ullma n &  Basri ,  1991 ,  amon g man y others) .  Suc h 
theorie s constitut e th e majorit y o f  computationa l 
model s o f  objec t  recognition . 

H u m m el  an d Biederma n (1990,1992 )  hav e 
propose d a  neura l  networ k mode l  o f  objec t 
recognitio n (base d o n Biederman's ,  1987 ,  theor y o f 
Recognitio n b y Components )  tha t  account s fo r  par t 
of  thi s capacity .  Thi s model ,  J I M ,  recognize s 
object s i n term s o f  structura l  description s specifyin g 
th e objects '  part s (simpl e volumetri c primitive s 
calle d geons )  an d th e relation s amon g them .  Suc h 
description s ar e invarian t  unde r  a  wid e rang e o f 
viewpoints :  the y d o no t  chang e wit h th e siz e o r 
positio n o f  th e object' s imag e o n th e retina ,  o r  th e 
orientatio n i n dept h fro m whic h th e objec t  i s 
depicted .  Biederma n an d Coope r  (1991 ;  1992a,b ) 
hav e gathere d a  substantia l  amoun t  o f  evidenc e 
supportin g viewpoin t  invarian t  parts-base d 

representation s i n huma n objec t  recognition .  J I M 
provide s a n explici t  accoun t  o f  h o w a  viewpoin t 
invarian t  structura l  descriptio n ca n b e derive d fro m a 
lin e drawin g o f  a n object ,  bu t  i t  doe s no t  addres s 
h o w thes e description s ar e encode d int o memor y fo r 
late r  use .  Thi s pape r  present s a  neura l  networ k 
model  o f  rapid ,  unsupervise d learnin g o f  structura l 
descriptions .  Th e poin t  o f  departur e fo r  thi s effor t 
i s  H u m m el  an d Biederman' s JIM ,  s o w e briefl y 
revie w tha t  model . 
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Figur e 1 .  A  thumbnai l  sketc h o f  JIM' s architecture . 
Layer s 3a ,  5, 6 an d 7  ar e o f  primar y interes t  here . 

JIM is a seven layer feed forward neural 
networ k (Figur e 1) .  It s  first  tw o layer s represen t  a 
lin e drawin g i n term s o f  2 D imag e feature s (lin e 
segments ,  vertices ,  etc) .  Loca l  computation s i n 
thes e layer s segmen t  lin e drawing s int o thei r  part s 
by establishin g synchron y o f  firin g a m o n g unit s 
representin g feature s o f  th e sam e part .  Unit s i n 
laye r  3  represen t  th e geon s i n a n image .  A  geon' s 
categorica l  proertie s (e.g. ,  whethe r  th e cros s sectio n 
i s straigh t  o r  curved )  an d metri c propertie s (e.g. , 
siz e an d location )  ar e code d separatel y (layer s 3 a an d 
3b ,  respectively) .  Layer s 4  an d 5  us e th e geons ' 
metri c propertie s t o calculat e thei r  relativ e 
positions ,  sizes ,  an d orientations .  Lik e th e input s 
t o laye r  3 ,  th e output s o f  layer s 3 a an d 5  ar e 
synchronize d int o sets :  o n a  singl e tim e slice ,  th e 
outpu t  o f  layer s 3 a an d 5  for m a  Geo n Featur e 
Assembl y (o r  G F A ) ,  a n activatio n vecto r  describin g 
one geo n i n term s o f  it s  contrastiv e shap e propertie s 
and it s relation s t o th e othe r  geon s i n th e image . 
The complet e se t  o f  G F A s activate d i n respons e t o 
an objec t  i s  JIM' s structura l  descriptio n o f  tha t 
object .  Unit s i n laye r  6  ( G F A units )  respon d t o 
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specifi c  G F A s .  Unit s i n laye r  7  su m th e output s o f 
G FA unit s ove r  time ,  combinin g tw o o r  mor e 
G F As t o recogniz e a  whol e object . 

Th e structura l  description s generate d b y 
JIM' S firs t  fiv e layer s sugges t  a  natura l  accoun t  o f 
h o w peopl e ca n rapidl y lear n unfamilia r  object s an d 
late r  recogniz e the m unde r  a  rang e o f  ne w views . 
J I M activate s viewpoin t  invarian t  description s eve n 
fo r  unfamilia r  object s (i.e. ,  fo r  whic h n o unit s ar e 
dedicate d i n layer s 6  an d 7) .  s o encodin g suc h a 
descriptio n -  b y recruitin g ne w unit s i n layer s 6  an d 
7 — wil l  naturall y permi t  subsequen t  recognitio n 
fro m a  variet y o f  viewpoints . 

The purpos e o f  th e mode l  describe d her e i s 
t o lear n structura l  description s o f  th e typ e generate d 
by JIM .  W e hav e fou r  specifi c  goal s i n thi s effort . 
First ,  solv e th e old/ne w categor y problem :  give n a 
representatio n o f  a n object ,  decid e whethe r  i t  i s  th e 
first  instanc e o f  a  ne w categor y o r  a n instanc e o f  a 
familia r  category .  Second ,  lear n ne w description s 
rapidl y (preferably ,  i n on e exposure )  withou t 
catastrophicall y forgettin g object s learne d i n th e 
past .  Third ,  learnin g mus t  b e unsupervised .  A n d 
fourth ,  w e wis h t o kee p th e model' s architectur e an d 
operatio n simple ,  minimizin g it s relianc e o n top -
down feedbac k an d globa l  contro l  processe s (e.g. , 
gai n contro l  signals )  a s use d fo r  exampl e i n 
Adaptiv e Resonanc e Theor y (Carpente r  & 
Grossberg ,  1987) . 

The Structural Description Encoder 

Architecture The model (called SDE, 
fo r  Structura l  Descriptio n Encoder )  i s  sketche d i n 
Figur e 2 .  S D E i s a  thre e layer ,  fee d forwar d neura l 
networ k designe d closel y afte r  th e uppe r  thre e layer s 
of  JIM .  SDE' s firs t  (input )  laye r  consist s o f  1 8 
unit s representin g geo n attribute s an d 7  unit s 
representin g th e relation s amon g th e geons .  S D E 
take s G F A s a s input ;  i t  i s  assume d tha t  the y ar e 
generate d b y a  mechanis m suc h a s JlM' s firs t  five 
layers .  Eac h objec t  i s  represente d b y on e G F A pe r 
geon .  SDE' s secon d laye r  consist s o f  G F A unit s 
tha t  self-organiz e i n respons e t o specifi c  G F A s . 
The model' s thir d laye r  consist s o f  Objec t  unit s tha t 
self-organiz e i n respons e t o conjunction s o f  activ e 
G FA units ,  tha t  is ,  t o complet e objects . 
Connection s betwee n layer s ar e feed-forwar d an d 
excitatory ,  an d withi n layer s 2  an d 3 ,  unit s compet e 
vi a latera l  inhibition . 

Learning Task Encoding a new object 
entail s recruitin g a  smal l  numbe r  o f  G F A unit s 
(perhap s onl y one )  i n respons e t o eac h o f  a n object' s 
geon s an d on e Objec t  uni t  i n respons e t o th e 
complet e se t  o f  G F A units .  Thi s tas k i s ease d b y 
th e G F A s '  invarianc e wit h viewpoint ,  whic h free s 
S DE t o rapidl y encod e eac h ne w objec t  withou t 

needin g t o maintai n flexibilit y  fo r  generalizatio n 
ove r  viewpoints .  Nonetheless ,  SDE' s learnin g tas k 
i s challenging ,  an d mus t  satisf y thre e constraints . 
First ,  th e GFA-base d representatio n i s ver y dense , 
meanin g tha t  G F A s ten d t o b e highl y simila r  (a s 
elaborate d i n th e Simulation s section) ,  an d som e 
G F As ma y eve n b e subset s o f  others .  Cohe n an d 
Grossber g (1987 )  an d Marshal l  (1990 )  discus s th e 
proble m o f  learnin g embedde d pattern s i n 
unsupervisde d neura l  networks .  Th e secon d 
constrain t  concern s th e mechanic s o f  decidin g 
whethe r  a  patter n ( G F A o r  whol e object )  i s  ne w o r 
familiar .  Unrecruite d unit s mus t  hav e a n advantag e 
ove r  recruite d unit s i n respondin g t o unfamilia r 
patterns ,  bu t  recruite d unit s mus t  hav e th e advantag e 
i n respons e t o familia r  patterns .  An d third ,  learnin g 
must  occu r  i n a  singl e exposure ,  s o unrecruite d 
unit s mus t  b e capabl e o f  makin g larg e 
modification s t o thei r  incomin g weights ;  bu t  onc e 
recruited ,  unit s mus t  remai n stabl e t o avoi d 
catastrophi c forgetting . 

Laye r  1  Lave r  2  Lave r  3 

G e on 

Unit s 

(N=18 ) 
(JIM's L 3a )  O 

Relatio n 

Unit s 

(N=7 ) 
(JIM' S L 5 )  A 

o 
o 

Unit s 

(N=100 ) 
(JIM' S L  6 ) 

Objec t 

Uni t s 

(N=100 ) 
(JIM' S L  7 ) 

Figur e 2 .  Th e architectur e o f  S D E i s designe d 
closel y afte r  JIM' s uppe r  thre e layers . 

Operation SDE is exposed to objects 
on e a t  a  time .  Th e G F A s o f  eac h objec t  ar e 
presente d on e a t  a  tim e a s pattern s o f  activatio n (i n 
th e rang e 0..1 )  i n laye r  1 .  I n respons e t o eac h 
G F A,  th e G F A unit s compet e vi a shuntin g 
inhibition ,  afte r  which ,  thos e unit s whos e 
activation s excee d a  threshol d updat e thei r 
connection s fro m th e laye r  1  unit s an d pass 
activatio n t o th e Objec t  unit s (laye r  3) .  Objec t 
unit s su m thei r  input s ove r  tim e an d compet e i n a 
winner-take-al l  fashion .  Onl y th e winne r  update s 
it s connections .  A s a  simplifyin g assumption . 
Objec t  unit s updat e thei r  activation s an d 
connection s onl y afte r  al l  a n object' s G F A s hav e 
bee n presented .  Initially ,  bottom-u p weight s ar e 
randomize d (0.. 1 fo r  G F A units ,  0..0.0 5 fo r  Objec t 
units) ,  an d al l  G F A an d Objec t  unit s star t  i n a n 
unrecruite d stat e (describe d shortly) . 

The G F A Layer :  Th e ne t  inpu t  t o G F A 
uni t  i  i s 
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>=l (1 ) 

wher e n  i s th e numbe r  o f  unit s i n laye r  I  ( n s  25) . 
wj j  i s  th e connectio n weigh t  fro m uni t  J  t o uni t  / , 

and / /  i s th e activatio n o f  unit y i n laye r  1 .  U N i  < 

6i  (uni t  /" s threshold )  the n uni t  /  ' s  activation ,  M/ ,  i s 

set  t o 0 ;  al l  othe r  G F A unit s compet e vi a shuntin g 
inhibition : 

I >=' (2) 

where m is the number of GFA units (m = 100). 
Eq.  2  i s applie d fo r  fou r  iterations ;  afte r  each ,  al l 
activation s belo w threshol d ar e se t  t o zero .  Unit s 
updat e thei r  weight s by : 

A w^  =  A a , ( / , - w , ^ ) , 
(3 ) 

wher e a /  i s uni t  /  " s learnin g rate . 

Each uni t  change s it s learnin g rat e (a/ )  an d 

threshol d (0/ )  a s a  functio n o f  learning .  I n it s 

initia l  unrecruite d state ,  a  unit' s  threshol d i s lo w an d 
it s learnin g rat e i s  hig h (0 /  =  O q =  0.55 ,  an d a ,  = 

OQ =  0.9) .  Eac h tim e a  uni t  update s it s weights ,  it s 

learnin g rat e decays : 

a r  =  al-(aleA:) , 
(4 ) 

wher e e  i s a  scalin g paramete r  ( e =  0.8) . 
Recruitednes s i s no t  all-or-non e fo r  G F A units .  A 
unit' s  degre e o f  recruitedness ,  i s 

p.  =  (a,-a,ya, . 
(5 ) 

As uni t  i s  recruite d i n respons e t o a  G F A (o r  a n 
object) ,  it s  threshold s rises : 

e,  =  d,+p e '  /( 1 +  ̂  
,a{p,-0.5 ) 

) . (6 ) 

y3 ( = 0.35 )  an d y  ( = -0.01 )  ar e scalin g parameters , 
and o  (=-8 )  determine s th e steepnes s o f  th e logisti c 
functio n (th e deominato r  i s  th e recriproca l  o f  th e 
logisti c  function).  T h e ter m i n th e numerato r 
describe s th e threshol d penalt y fo r  a  full y recruite d 
uni t  (i.e. ,  p /  =  1.0 )  a s a  functio n o f  th e su m o f  al l 

p \  i n th e G F A layer :  th e greate r  th e numbe r  o f 

recruite d units ,  th e les s th e penalt y o n an y singl e 
recruite d unit .  Thi s conventio n serve s t o preven t 
unit s recruite d earl y fro m respondin g t o al l  patterns . 

The denominato r  o f  Eq .  6  determine s th e proportio n 
of  th e threshol d penalt y applie d t o a  uni t  a s a 
functio n o f  it s o w n degre e o f  recruitedness . 

Th e variabl e threshol d play s a  particularl y 
importan t  functio n i n th e competitio n betwee n 
recruite d an d unrecruite d units .  Becaus e Q  i s highe r 
fo r  recruite d tha n unrecruite d units ,  th e forme r  ar e 
mor e sensitiv e t o deviation s fro m thei r  preferre d 
input s (a s represente d b y thei r  weights) ,  an d ar e 
therefor e les s likel y t o b e activate d abov e threshol d 
by a n unfamilia r  pattern .  However ,  give n tha t  i t 
get s abov e threshold ,  a  recruite d uni t  ha s a n 
advantag e relativ e t o th e unrecruite d unit s i n th e 
inhibitor y competitio n (Eq .  2) .  Thi s us e o f  th e 
threshol d help s t o ensur e tha t  onl y recruite d unit s 
wil l  respon d t o familia r  patterns ,  an d tha t  a t  leas t 
s o me unrecruite d unit s wil l  respon d t o an y 
unfamilia r  pattern .  Foldia k (1990 )  als o use s 
variabl e threshold s i n a n unsupervise d neura l 
network ,  bu t  th e motivatio n an d implementatio n o f 
th e variabl e threshol d i n hi s  newor k ar e ver y 
differen t  from  thos e describe d here . 

The Objec t  Layer :  Objec t  unit s ar e simila r 
t o G F A unit s excep t  tha t  Objec t  units :  (a )  su m thei r 
input s ove r  time ,  (b )  compet e i n a  strictl y winner -
take-al l  fashion ,  an d (c )  becom e recruite d i n a n all -
or-non e fashion .  Objec t  unit s su m thei r  input s b y 
accumulatin g th e activation s o f  th e G F A unit s i n a 
vector ,  v* ,  ove r  al l  iteration s i n whic h G F A s o f  th e 
same objec t  ar e presente d a s input : 

v * * = N ( v * ' + v * ' + . . . v * ^ ) , (7 ) 

wher e v^ *  i s th e accumulate d laye r  2  activatio n 

vecto r  fo r  objec t  k ,  v^ '  i s  th e laye r  2  activatio n 
vecto r  produce d i n respons e t o th e /  t h G F A i n 

objec t  k  (GFA* ' ) ,  z  i s  th e numbe r  o f  G F A s 
belongin g t o objec t  k ,  an d N  i s a  linea r 
normalization .  Objec t  unit s comput e thei r  ne t 

input s b y Eq .  1 ,  wit h \ j ^ *  (i.e. ,  the y t h elemen t  o f 

v*̂ * )  substitute d fo r  fj .  Objec t  uni t  threshold s ar e 

e,  =  e,+p,p e 
r(IPy-i ) 

(8 ) 

wher e P i  i s  1  fo r  recruite d unit s an d 0  fo r  unrecruite d 

units .  Al l  othe r  equation s ar e th e sam e a s fo r  G F A 
units .  Fo r  Objec t  units ,  O q =  0.0275 ,  a g =  0.9 , 

and P ,  y ,  an d e  ar e 0.8 ,  -0.01 ,  an d 0.8 ,  respectively . 

Simulations 

SDE was trained to recognize the ten 
object s use d b y H u m m el  an d Biederma n (1992 )  t o 
tes t  J I M (illustrate d graphicall y i n Figur e 3) . 
Despit e thei r  dissimilarit y i n term s o f  pictoria l 
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overlap ,  thes e object s ar e quit e simila r  i n term s o f 
thei r  GFA-base d representations :  th e m e a n 
correlatio n betwee n G F A s i n th e trainin g se t  i s 
0.544 ,  th e m a x i m u m i s 0.787 ,  an d th e min imu m i s 
0.356 .  Idea l  performanc e woul d b e a s follows : 
upo n th e firs t  exposur e t o a n object .  S D E woul d 
recrui t  a  n e w an d uniqu e se t  o f  G F A an d Objec t 
units ;  o n subsequen t  presentation s o f  th e object ,  th e 
same unit s woul d respond ,  an d n o ne w unit s woul d 
be recruited .  Thus ,  SDE' s performanc e shoul d b e 
independen t  o f  th e orde r  i n whic h i t  i s  expose d t o 
th e objects .  Object s wer e presente d i n fou r  differen t 
learnin g schedule s t o asses s SDE' s spee d o f  learnin g 
and robustnes s t o presentatio n order . 

^ & ( 3 5 ^ 

Figur e 3 .  Th e object s i n SDE' s trainin g set . 

Simulatio n result s ar e presente d i n term s 
of  tw o type s o f  errors :  spli t  error s an d merg e errors . 
A spli t  erro r  i s whe n th e mode l  recruit s differen t 
Objec t  unit s i n respons e t o separat e exposure s t o 
th e sam e object ,  an d reflect s a  failur e t o recogniz e a 
familia r  objec t  a s familiar .  Merg e error s ar e whe n 
th e sam e Objec t  uni t  respond s t o tw o o r  mor e 
objects ,  reflectin g th e model' s failur e t o trea t 
differen t  object s a s different .  Excep t  wher e note d 
otherwise ,  al l  result s ar e average s ove r  10 0 
simulatio n runs .  Erro r  bar s ar e show n o n al l 
graphs ,  bu t  the y ar e ver y small . 

R a n d o m Orde r  Withi n Block s I n th e 
Rando m Orde r  Withi n Block s schedule ,  object s wer e 
presente d i n block s o f  te n trial s (on e objec t  pe r 
trial) .  I n eac h block ,  object s wer e presente d i n a 
differen t  rando m order .  Trial s proceede d a s describe d 
previously .  Eac h simulatio n wa s ru n fo r  2 4 block s 
(24 0 trials) .  Figur e 4  show s SDE' s performanc e 
unde r  thi s learnin g schedule . 

S DE average d abou t  5 0 % spli t  error s o n 
bloc k 2 ,  indicatin g tha t  i t  typicall y faile d t o 
recogniz e abou t  hal f  th e object s t o whic h i t  wa s 
expose d o n th e first  block .  (N o spli t  error s ar e 
show n fo r  bloc k 1  becaus e the y canno t  occu r  unti l 
bloc k 2  unde r  thi s schedule. )  Fo r  th e othe r  objects , 
learnin g occure d i n a  singl e trial .  B y bloc k 3 ,  spli t 
error s ar e nea r  zero ,  indicatin g tha t  S D E typicall y 
learne d al l  it s  object s withi n tw o exposures .  S D E 
committe d ver y fe w merg e errors . 

Completel y R a n d o m O r d e r  I n th e 
Completel y R a n d o m Orde r  schedule ,  simulation s 
wer e agai n ru n i n 2 4 block s o f  te n trials ,  bu t  o n 
eac h trial ,  ever y objec t  ha d a  1 0 % chanc e o f  bein g 
presented .  Thus ,  a  bloc k i s simpl y a  serie s o f  te n 
trials ,  wit h n o guarante e tha t  al l  te n object s wil l 
appea r  withi n an y give n block .  A s show n i n 
Figur e 5 ,  performanc e i s ver y simila r  t o 
performanc e unde r  th e previou s schedul e i n tha t 
S DE leanre d almos t  al l  it s  object s withi n tw o 
exposure s (th e differenc e i n th e shape s o f  th e curve s 
i s attributabl e simpl y t o whe n a n objec t  i s  expecte d 
t o appea r  fo r  th e secon d time ;  th e area s unde r  th e 
spli t  erro r  curv e fo r  thi s an d th e previou s schedule s 
ar e nearl y th e same) .  Onc e again ,  S D E almos t 
neve r  committe d a  merg e error . 

B loc k 

Figur e 4 .  SDE' s performanc e unde r  th e R a n d o m 
Orde r  Withi n Block s schedule ,  expresse d a s th e 
mean numbe r  o f  error s produce d pe r  bloc k (ou t  o t 
10 possible) .  Th e grap h i s truncate d becaus e th e 
tren d doe s no t  chang e betwee n block s 8  an d 24 . 

B loc k 

Figur e 5 .  Performanc e unde r  th e Completel y 
Rando m Orde r  schedule .  Unde r  thi s schedule ,  spli t 
error s ar e possibl e o n th e first  block . 
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M a s s e d Trial s Unde r  th e previou s 
schedules ,  S D E receive d onl y on e learnin g iteratio n 
per  objec t  befor e movin g o n t o th e nex t  object ,  an d 
althoug h learnin g wa s rapid ,  i t  ma y improv e wit h 
mor e tim e t o encod e a n objec t  o n eac h exposur e 
(anlogou s t o attendin g t o a  ne w objec t  th e first 
tim e on e see s it) .  T o tes t  thi s hypothesis ,  S D E 
was teste d unde r  tw o Niasse d Trial s schedules .  I n 
thes e schedules ,  S D E wa s give n fou r  uninterrupte d 
learnin g trial s (iterations )  durin g eac h exposur e t o 
eac h object .  Eac h bloc k unde r  thi s schedul e thu s 
reflect s 4 0 trial s ( 4 presentation s o f  eac h object) ,  s o 
simulation s wer e ru n fo r  si x block s (24 0 trials) .  I n 
th e Rando m Orde r  Masse d schedule ,  object s wer e 
presente d i n a  rando m orde r  withi n eac h block .  I n 
th e Fixe d Orde r  Masse d schedule ,  object s appeare d 
i n th e sam e orde r  i n ever y bloc k withi n a  6-bloc k 
run ;  thi s orde r  wa s independentl y randomize d o n 
eac h o f  th e 10 0 runs .  Th e result s o f  thes e 
simulation s ar e show n i n Figur e 6 .  Bot h spli t  an d 
merg e error s wer e nearl y zer o b y th e secon d block , 
indicatin g tha t  S D E learne d almos t  al l  it s  object s i n 
a singl e four-iteratio n exposure .  Th e rando m vs . 
fixe d presentatio n orde r  mad e virtuall y n o differenc e 
i n SDE' s performance . 

^ ^  Fixe d O d e r 

R a n d o m Orde r P 
Spli t 

M e r g e 

B loc k 

Figur e 6 .  Performanc e unde r  th e Masse d Trial s 
learnin g schedules .  Dat a ar e plotte d i n 4-tria l  (on e 
object )  increments . 

Two-Phase The final learning schedule 
was designe d a s a  stron g tes t  o f  SDE' s abilit y  t o 
avoi d catastrophi c forgetting .  I n thi s Two-Phas e 
schedule ,  five  o f  th e object s i n th e trainin g se t  wer e 
randoml y selecte d an d presente d fo r  1 2 learnin g 
block s (firs t  learnin g phase) .  I n th e secon d phase , 
th e remainde r  o f  th e object s wer e presente d fo r 
learning .  Th e critica l  questio n i s whethe r  object s 
learne d i n th e first  phas e wil l  hav e bee n forgotte n 
afte r  th e secon d phase .  Object s wer e assigne d t o 
phase s randoml y an d independentl y o n eac h 
simulation .  Withi n phases ,  th e schedul e wa s 
Rando m Orde r  Withi n Blocks .  Afte r  th e secon d 
phas e o f  eac h run ,  S D E wa s teste d fo r  it s  abilit y  t o 

recogniz e tha t  run' s phase- 1 objects .  Figur e 7 
shows SDE' s learnin g cruve s unde r  thi s schedule , 
average d ove r  50 0 simulatio n runs . 

Once again ,  S D E mad e virtuall y n o merg e 
errors .  Interestingly ,  initia l  spli t  error s wer e lowe r 
i n th e secon d phas e o f  thi s schedul e tha n i n th e 
first ,  suggestin g tha t  S D E learn s object s faste r 
when i t  alread y ha s experienc e wit h othe r  objects . 
Most  importantly ,  S D E mad e onl y 3  error s i n 5(X ) 
run s (0.6% )  recognizin g phase- 1 object s afte r 
havin g learne d th e phase- 2 objects . 
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Figur e 7 .  Performanc e unde r  th e Two-Phas e 
schedule . 

Noise Tolerance SDE does not require 
much capacit y fo r  generalization .  Indeed ,  give n th e 
similarit y o f  it s  inpu t  patterns ,  i t  need s t o b e 
sensitiv e t o eve n a  smal l  numbe r  o f  larg e change s 
i n G F A s ,  suc h a s whe n a  geo n change s fro m 
havin g a  straigh t  cros s sectio n t o havin g a  curve d 
one .  However ,  hig h sensitivit y t o rando m nois e i s 
undesirable .  W e ra n a  serie s o f  transfe r  simulation s 
i n whic h nois e wa s randoml y adde d t o o r  subtracte d 
fro m th e activatio n value s i n th e trainin g patterns . 
The likelihoo d o f  a  chang e i n a  unit' s  activatio n 
was 0. 8 an d th e magnitud e o f  th e chang e wa s 
normall y distribute d wit h a  mea n o f  0.25 .  S D E 
made les s tha n 1 % error s recognizin g th e nois y 
objects ,  indicatin g tha t  i t  readil y generalize s ove r 
eve n a  larg e numbe r  o f  smal l  change s i n it s inpu t 
vectors . 

Scalin g S D E performe d ver y wel l  o n 
it s 1 0 objec t  trainin g set ,  bu t  i t  i s  importan t  t o 
kno w ho w i t  scale s t o large r  trainin g sets .  T o tes t 
thi s capacity ,  w e ra n i t  wit h a  20-objec t  trainin g se t 
on th e Rando m Orde r  Withi n Block s schedule .  Al l 
parameter s wer e exactl y th e sam e a s i n th e previou s 
simulations . 

As show n i n Figur e 8 ,  S D E mad e abou t 
th e sam e absolut e numbe r  o f  initia l  spli t  error s a s 
on th e sam e schedul e wit h onl y 1 0 object s (Figur e 
4) .  Therefore ,  i n term s o f  it s  erro r  rate ,  S D E s 
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initia l  performanc e wa s abou t  twic e a s goo d wit h 
th e 20-objec t  trainin g se t  a s wit h th e 10-objec t 
trainin g set .  Thi s resul t  strongl y suggest s tha t 
SDE' s arcitectur e an d learnin g algorith m scal e wel l 

wit h th e numbe r  o f  object s i t  i s  require d t o learn . 

Bloc k 

Figur e 8 .  Performanc e unde r  th e Rando m Orde r 
Withi n Block s schedul e wit h 2 0 objects .  2 0 error s 
ar e possibl e o n eac h block . 

Discussion 

SDE rapidly learns structural descriptions 
of  th e typ e generate d b y H u m m el  an d Biederman' s 
JI M model ,  an d it' s  behavio r  i s  qualitativel y robus t 
acros s th e variou s learnin g schedule s investigated . 
Moreover ,  i t  tolerate s nois y inpu t  pattern s an d 
scale s wel l  t o large r  trainin g sets .  S D E thu s seem s 
satisfactor y a s a  firs t  attemp t  t o mode l  rapi d 
learnin g o f  objec t  structura l  descriptions .  I t  i s 
wort h emphasizin g tha t  SDE' s succes s speak s t o 
th e efficienc y o f  it s  GFA-base d representation , 
whic h mak e rapi d learnin g feasibl e b y obviatin g th e 
need fo r  generalizatio n ove r  differen t  viewpoints . 
As a  neura l  networ k mode l  o f  learning ,  SDE' s mos t 
importan t  contributio n lie s i n th e variabl e 
threshold ,  an d i n th e distinctio n betwee n recruite d 
and unrecniite d units .  Th e intricacie s o f  SDE' s 
performanc e hav e ye t  t o b e investigate d i n detail , 
and systemati c test s o f  huma n objec t  learnin g wil l 
be importan t  fo r  evaluatin g th e detail s o f  it s 
behavior . 
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