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Abstract io n o f  S e n s o r y - M o t o r  Feature s 

Kazu o Hirak i 
Electrotechina J Laborator y 

1-1- 4 Umezono ,  Tsukuba ,  Ibaraki ,  30 5 Japa n 
khirakiOetl.go.j p 

Abstrac t 

This paper presents a way that enables robots to learn 
abstrac t  concept s fro m sensory/perceptua l  data .  I n or -
der  t o overcom e th e ga p betwee n th e low-leve l  sensor y 
dat a cin d higher-leve l  concep t  description ,  a  metho d 
calle d featur e abstractio n i s used .  Featur e abstractio n 
dynamicall y define s abstrac t  sensor s fro m primitiv e sen -
sor y device s an d make s i t  possibl e t o lear n appropriat e 
sensory-moto r  constraints .  Thi s metho d ha s bee n im -
plemente d o n a  ree d mobil e robo t  a s a  learnin g syste m 
calle d ACORN-II .  ACORN-I I  wa s eveduate d wit h som e 
empirica l  result s ein d show n tha t  th e syste m ca n lear n 
some abstrac t  concept s mor e eiccuratel y tha n othe r  ex -
istin g systems . 

Introduction 

Al l  o f  existin g intelligen t  agent s ca n us e sensor y infor -
matio n fo r  interactin g wit h th e externa l  world ,  bu t  o n 
th e othe r  han d the y ar e sufferin g th e limitatio n fro m 
thei r  hardwar e constraints .  T h e representatio n o f  th e 
perceive d worl d depend s o n th e typ e an d capabilit y o f 
sensor y device s o f  eac h agent .  T h e perceive d worl d o f 
dogs tha t  hav e a  kee n nos e migh t  b e quit e differen t  fro m 
th e on e perceive d b y h u m a n beings .  W e coul d as k her e 
interestin g bu t  difficul t  questions : 

•  Wha t  representatio n ca n b e forme d b y usin g limite d 
sensor y devices ? 

•  Ca n agents ,  eac h o f  the m havin g differen t  sensor y de -
vices ,  shar e knowledge ? 

The goa l  o f  thi s pape r  i s t o presen t  th e syste m tha t 
enable s robot s t o lear n abstrac t  knowledge ,  suc h a s natu -
ra l  languag e lik e commands ,  b y interactio n wit h h u m a n 
beings .  T o thi s end ,  w e focu s o n abstractio n o f  infor -
matio n fro m primitiv e sensor s t o enabl e t o shar e th e 
knowledg e betwee n human s an d robots .  A  robo t  tha t 
i s  equippe d wit h sensor s mus t  hav e a  bas e representa -
tio n languag e tha t  i s grounde d i n th e availabl e sensors . 
However ,  man y task s tha t  th e robo t  require d t o lear n 
wil l  nee d higher-leve l  feature s tha t  canno t  b e perceive d 
directl y b y th e sensor s an d m a y no t  appea r  i n th e initia l 
representatio n language .  Thu s th e abstractio n o f  prim -
itiv e feature s play s a n importan t  rol e fo r  learnin g fro m 
sensory/perceptua l  information . 

Th e recen t  progres s i n robo t  learnin g ha s give n impor -
tan t  result s particularl y i n reinforcemen t  learning(e.g . 
Lin ,  1991 ;  Mahadeva n &  Connell ,  1991 ;  Whitehea d & 
Ballard ,  1990) .  Throug h reinforcemen t  learnin g unde r 

suitabl e conditions ,  a  robo t  ca n optimall y choos e a n ac -
tio n base d o n it s  curren t  an d pas t  senso r  value s suc h 
tha t  i t  maximize s ove r  tim e a  rewar d functio n measurin g 
it s performance .  Thi s approac h seem s t o b e attractiv e 
becaus e robot s ca n lear n thei r  behavio r  b y usin g dat a 
onl y fro m primitiv e sensors .  However ,  thi s approac h stil l 
has th e proble m o f  abstractio n o f  features .  I n reinforce -
ment  learning ,  feature s use d fo r  perceptio n ar e carefull y 
selecte d an d define d a  priori .  T h e syste m designe r  i s 
sometime s m a d e uneas y wit h preparin g appropriat e fea -
ture s wit h respec t  t o th e targe t  knowledge . 

I n orde r  t o resolv e th e proble m o f  abstractin g features , 
we hav e implemente d ACORN-I I ,  a  syste m tha t  learn s 
robot-command s fro m positiv e an d negativ e instances ^ 
ACORN-II  use s a  combinatio n o f  tw o differen t  learnin g 
algorithm s -  generalizatio n t o interval{GTl )  an d featur e 
abstraction{FA )  -  fo r  learnin g fro m sensory/perceptua l 
information .  G T I  i s a n incrementa l  algorith m tha t  gen -
eralize s ove r  numeri c attributes ,  an d make s algebrai c ex -
pression s tha t  represen t  th e constraint s a m o n g sensor s 
an d actuators .  F A i s  responsibl e fo r  th e discover y o f 
adequat e feature s i n GTI' s generalization . 

T h e ide a o f  featur e abstractio n i s  inspire d fro m th e 
recen t  progres s o f  constructiv e inductio n o r  featur e con -
struction .  Featur e constructio n i s a  metho d t o discove r 
appropriat e feature s fo r  representin g instance s i n induc -
tiv e learning .  Severa l  researcher s hav e show n th e im -
portanc e o f  constructin g ne w feature s i n th e variou s 
fields  (e.g .  Aha ,  1991b ;  Bala ,  Michalsk i  &  W n e k ,  1992 ; 
Fawcet t  &  Utgoff ,  1992 ;  Matheus ,  1991 ;  Muggleton , 
1987) .  However ,  no t  m u c h ha s bee n sai d ye t  abou t  it s 
applicatio n t o appropriat e domains .  W e clai m tha t  ab -
stractin g feature s i n robo t  learnin g i s indee d on e o f  th e 
most  suitabl e domain s wher e featur e constructio n ca n b e 
applied .  Th e reaso n o f  thi s clai m i s tha t  definin g appro -
priat e feature s i n robo t  learnin g i s ofte n mor e difficul t 
tha n othe r  domains .  W e believ e tha t  th e ide a propose d 
i n thi s pape r  coul d contribut e no t  onl y t o th e field  o f  ma -
chin e learning ,  bu t  als o t o problem s i n robotics ,  partic -
ularl y i n multi-senso r  fusio n an d senso r  integratio n (e.g . 
Durrant-Whyt e 1987 ;  Shafer ,  Stent z &  Thorpe ,  1986) . 

*  Becaus e w e ar e muc h concerne d wit h th e interactio n be -
twee n huma n being s an d robots(Anzai ,  1993 )  mor e the m self -
governin g o f  robots ,  th e curren t  syste m use s learning-from -
exampleframework(i.e .  zissumin g teac/ier) .  However ,  i t  coul d 
be possibl e t o exten d th e ide a o f  AcORN-I I  t o unsupervise d 
framework ,  suc h a ^  reinforcemen t  learning . 
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AcoRN-I I  i s  implemente d o n rea l  autonomou s mobil e 
robot s show n i n Figur e 1 .  Thi s robo t  i s  a  smal l  au -
tonomou s mobil e robo t  wit h th e siz e o f  approximatel y 3 0 
cubi c cm ,  controlle d b y a  Toshib a TMP68301-16 F pro -
cessor .  Th e robo t  i s equippe d wit h fou r  sona r  sensor s t o 
measur e th e distance ,  an d tw o puls e motor s fo r  wheels . 
Acorn-1 1 ca n us e dat a thos e sensor s an d actuators ,  bu t 
does no t  assum e an y unrealisti c sensors/actuator s tha t 
ca n detec t  high-leve l  descriptions . 

j«a n 
-.  -  «««B(ia«ii«aiir H 

Figur e 1 :  On e o f  autonomou s mobil e robot s develope d 
i n ou r  laboratory . 

The following sections describe AcoRN-II's idea and 
empirica l  evaluatio n o f  th e system .  Th e nex t  sectio n 
give s th e concep t  o f  featur e abstractio n wit h a  simpl e 
exampl e fo r  illustratin g th e problem s i n learnin g higher -
leve l  knowledg e fro m low-leve l  data .  Sectio n 3  elabo -
rate s AcoRN-II' s  learnin g i n detail .  Sectio n 4  evaluate s 
ACORN-II  b y comparin g th e syste m wit h othe r  existin g 
systems .  Finally ,  Sectio n 5  conclude s wit h som e discus -
sion s an d futur e work . 

Situated Concept and Feature 

Abstractio n 

An Example 

M e a n i n g s o f  abstrac t  concept s somet ime s depen d o n sit -
uations ,  an d higher-leve l  feature s ar e neede d fo r  realiz -
in g thos e situations .  Suppos e tha t  a  robo t  ha s tw o sona r 
sensor s fo r  detectin g distance s an d als o ha s tw o actua -
tors  fo r  wheels .  Als o a s s u m e tha t  thi s robo t  i s t o lear n 
th e natura l  language-lik e c o m m a n d "Bi g Turn" .  Figur e 
2 show s positiv e instances (  ( A )  ~  (C )  )  an d a  negativ e 
instance(D )  fo r  learnin g th e c o m m a n d .  A  circl e repre -
sent s a  locu s o f  th e robo t  an d a  squar e represent s a  r o o m 
i n whic h th e robo t  i s  located .  No t e tha t  Figur e 2 ( D )  i s 
a negativ e instanc e eve n thoug h it s radiu s i s large r  tha n 
(A)' s becaus e th e actua l  curvatur e fo r  a  "Bi g Tu rn "  de -
pend s o n th e siz e o f  th e room . 

Tabl e 1  show s th e primitiv e feature s an d th e t im e se -
rie s value s o f  thos e features^ .  W e suppos e tha t  primitiv e 
features ,  eac h o f  wh ic h correspond s t o a  senso r  o r  a n ac -
tuator ,  ar e given .  I n Tabl e 1 ,  sensor r  an d sensor i  denot e 

Î t  i s  no t  s o simpl e t o defin e samplin g interval s an d th e 
correspondence s betwee n set s o f  sample d data .  Fo r  simplic -
ity ,  w e assum e tha t  al l  instance s ca n b e represente d wit h th e 
same n u m b e r  o f  samples . 

Figur e 2 :  Positiv e instance s (A) - (C )  an d negativ e in -
stanc e ( D )  fo r  c o m m a n d "Bi g Turn " 

th e primitiv e feature s fo r  th e dat a fro m th e robot' s righ t 
an d lef t  sona r  sensor ,  an d motor r  an d motor i  denot e 
thos e fo r  th e spee d o f  righ t  an d lef t  wheels ,  respectively . 

Tabl e 1 :  (a )  Primitiv e feature s o f  positiv e instance s (A ) -
(C )  an d negativ e instanc e (D )  fo r  "Bi g Turn" . 

(A) 

(B) 

(C) 

(D) 

0 
1 
2 
3 
0 
1 
2 
3 
0 
1 
2 
3 
0 
1 
2 
3 

aenaorj . 
5.00 0 
17.29 3 
5.08 6 
21.66 8 
15.00 0 
36.86 4 
15.15 0 
43.64 3 
20.00 0 
44.58 9 
20.17 3 
52.80 9 
85.00 0 
109.55 7 
85,13 9 
llV.77 5 

aenaor i 
165.00 0 
176.76 2 
165.00 5 
181.06 8 
305.00 0 
326.25 9 
304.99 9 
332.98 9 
350.00 0 
373.97 3 
350.00 8 
382.13 3 
285.00 0 
309.00 6 
285.04 0 
317.16 6 

moioT f 
0.00 0 
5.96 5 
5.96 5 
5.96 5 
0.00 0 
10.04 6 
10.04 6 
10.04 6 
0.00 0 
11.30 2 
11.30 2 
11.30 2 
0.00 0 
7.22 1 
7,22 1 
7.22 1 

motoTi 
0.00 0 
4.08 0 
4.08 0 
4.08 0 
0.00 0 
8.16 2 
8.16 2 
8.16 2 
0.00 0 
9.41 8 
9.41 * 
9.41 8 
0.00 0 
5.33 6 
5.33 6 
5.33 6 

A n importan t  proble m i n thi s exampl e i s tha t  th e di -
rec t  us e o f  primitiv e feature s ofte n cause s generatio n o f 
a hug e n u m b e r  o f  disjunctions ,  eve n i f  a  goo d general -
izatio n algorith m i s  available .  Fo r  example ,  i f  w e us e 
th e "hyper-rectangl e m e t h o d "  (Salzberg ,  1991 )  (on e o f 
exemplar-base d learnin g approaches) ,  i n whic h concept s 
ar e represente d wit h hyper-rectangle s i n Euclidea n n -
space ,  th e m e t h o d generate s a  hug e n u m b e r  o f  disjunc -
tion s suc h as : 

{(17.29 3 <  senaor l  <  44.589 )  A  (sensor *  =  176.762 )  A  (motor) .  = 
5.965 )  A  (motor /  =  4.080) }  V 
{(17.29 3 <  aensor l  <  44.589 )  A  (326.25 9 <  3ensor }  <  373,973 )  A 
(motor) ;  =  5.965 )  A  (motor, *  =  4.080) }  V 
{(17,29 3 <  sensor )  <  44.589 )  A  (sensor }  =  176.762 )  A  (10.0 4 < 
motor i  <  11.302 )  A  [motor ]  =  4.080) }  V 
{(17.29 3 <  sensor] .  <  44.589 )  A  (326.25 9 <  sensor ]  <  373,973 )  A 
(10.0 4 <  motor )  <  11.302 )  A(motor J =  4.080) }  V  •• •  V  {(17.29 3 < 
sensor )  <  44.589 )  A  (326.25 9 <  sensor, '  <  373,973 )  A  (10.0 4 < 
motor ]  <  11.302 )  A  (8.16 2 <  motor }  <  9.418) } 

This occurs because of the lack of appropriate features to 
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Tabl e 

(A) 

(B) 

(6> 

(D) 

1 1 
2 

2:  Possibl e higher -

molop i 
moior r 

0.68407 9 
d.«R467 « 
A.4i4A7 i 
0.•1241 6 
0.tl241 6 
0.61241 6 
0.S3325 8 
0.63326 6 
0.8332S 6 
0.73901 8 
0.73901 8 
0.73901 8 

tensor r 

+ «enjor j 
194.0S 6 
170.09 2 
iii.li t 
363.12 4 
320.1 5 
376.63 4 
418.56 4 
370.18 2 
434.94 3 
418.56 4 
370.1 8 

434.94 1 

leve l  feature s 

molor i  I 
moior r •  e n jor J +Jtnjopj ' 

0.00401 4 1 
O.AA4S34 1 
(iMii U 

0.002638 6 1 
r  '  o.ooiJii « 

0.002536 6 
0.0022S20 6 
0.0022S20 5 1 
0.0022520 5 
0.0019973 5 1 
0.0019973 5 1 
0.0019973 5 1 

represen t  th e relativ e siz e o f  a  locu s wit h respec t  t o th e 
siz e o f  a  room ,  nevertheles s th e m e a n i n g o f  th e c o m m a n d 
"Bi g Turn "  depend s o n th e siz e o f  a  r o o m . 

I n orde r  t o avoi d inappropriatenes s a s i n th e e x a m p l e 
"Bi g Turn" ,  on e wou l d conside r  t o us e higher-leve l  fea -
ture s fo r  representin g instance s give n t o th e generaliza -
tio n procedure .  Tabl e 2  show s s o m e possibl e higher-leve l 
feature s tha t  coul d b e use d fo r  representin g instances . 

motor i 
Not e tha t  th e featur e represent s th e ra -

aenaor °  +  seTiaor J 
ti o o f  th e radiu s o f  a  circl e (""'*°''i )  t o th e siz e o f  a  r o o m 

^  moior r  ' 
{sensor °  +  sensor1) .  Th i s i s a  missin g featur e h idde n i n 
th e give n primitive s fo r  th e situate d concep t  "Bi g Turn" . 

Usin g thi s n e w feature ,  a  generalizatio n m e t h o d wil l 
be abl e t o generat e appropriat e constraint s be twee n th e 
sensor s an d actuator s f ro m th e dat a a s follows : 

0.0022520 5 < 
LL 

— 3en3or °  +sensor' ^ 

The proble m i s tha t  th e robo t  canno t  directl y perceiv e 

higher-level features such as ,g„,o7o+^^—r'^ ^^'^ given in-

stances . 
We ca n conside r  her e tw o alternativ e way s fo r  resolv -

in g thi s problem . 

1.  Takin g accoun t  o f  al l  o f  possibl e situation s t o b e rec -
ognized ,  prepar e a  hug e numbe r  o f  primitiv e feature s 
wit h respec t  t o th e situations . 

2.  Dynamicall y construc t  ne w feature s fro m th e existin g 
feature s whe n a  situatio n need s t o b e recognized . 

Obviously ,  th e first  wa y i s unrealisti c i n real-worl d do -
main s becaus e w e hav e t o conside r  virtuall y infinit e sit -
uations .  A s fo r  th e exampl e "Bi g Turn "  i n th e previou s 
section ,  i t  i s  impossibl e t o kno w al l  o f  th e size s o f  room s 
i n th e world .  I n thi s pape r  w e choos e th e secon d way , 
constructin g ne w feature s fro m existin g ones . 

Sensor Integration and Abstract Sensors 

As show n i n th e exampl e "Bi g Turn" ,  on e coul d conside r 
a variet y o f  feature s suc h a s th e siz e o f  th e roo m o r  th e 
radiu s o f  th e circle .  Ther e ar e tw o importan t  aspect s i n 
thes e features .  First ,  w e d o no t  hav e t o prepar e an y extr a 
sensor s fo r  definin g th e features .  Thes e feature s ca n b e 
define d onl y b y usin g primitiv e feature s tha t  correspon d 

t o eac h sensor y device s o n th e robot .  Second ,  thes e fea -
ture s ma y b e mor e abstrac t  tha n primitiv e features ,  sinc e 
thes e feature s ar e constructe d b y applyin g som e opera -
tor s t o primitives .  I n th e exampl e "Bi g Turn" ,  abstrac t 
feature s ar e constructe d b y usin g arithmeti c operator s 
suc h a s {- .  -I- ,  • ,  / }  t o th e primitiv e features . 

I n general ,  possibl e abstrac t  feature s derive d fro m 
primitive s ca n b e forme d a  tre e structur e suc h a s show n 
i n Figur e 3 .  I n thi s tree ,  ther e ar e fou r  primitiv e fea -
tures ,  A ,  B ,  C ,  D ,  an d fou r  operator s {-,+,•,/} •  T h e 
to p nod e represent s th e se t  o f  primitiv e features ,  an d 
eac h nod e a t  othe r  level s represent s th e se t  o f  feature s 
tha t  include s ne w feature s constructe d fro m primitives . 
An interestin g poin t  i s  tha t  th e dept h o f  th e tre e cor -
respond s t o th e leve l  o f  sensor y abstraction .  Th e leve l 
of  a  nod e i n th e tre e matche s th e numbe r  o f  operation s 
tha t  ar e applie d t o th e primitiv e features .  Fo r  example , 
th e nod e { ^  * C ,  D }  exist s i n th e secon d level ,  sinc e th e 

featur e ̂  *  C  i n thi s nod e i s constructe d b y applyin g a n 
operato r  twice . 

low-leve l  senso r 

(*/Brc. o 

higher-leve l 
sensor y informatio n 

Figur e 3 :  Searc h dept h a n d leve l  o f  senso r  abstractio n 

As shown in Figure 3, abstract features play the role 
of  abstrac t  sensor s tha t  d o no t  actuall y exis t  a s sen -
sor y devices .  Th i s characteristi c lead s t o th e possibilit y 
of  automati c senso r  fusio n o r  automati c senso r  integra -
tion .  I n general ,  integratin g sensor y informatio n need s 
th e prio r  know ledg e suc h ei s th e relationshi p be twee n sen -
sor y devices(e.g .  D u r r a n t - W h y t e ,  1987 ;  Shafer ,  Stentz , 
& T h o r p e ,  1986) .  H o w e v e r ,  i f  particula r  procedure s fo r 
explorin g th e tre e ar e available ,  sensor y informatio n ca n 
b e automaticall y integrate d depend in g o n th e situation . 

Feature Abstraction 

Formally ,  th e tre e o f  a  possibl e featur e se t  ca n b e de -
fined  b y •primitive  feature s {f\,. .  .,fn )  whic h correspon d 
t o initia l  sensor y devices ,  operator s {opi, .  . .  , o p m )  fo r 
constructin g n e w features ,  an d criteri a fo r  selectin g fea -
tures .  N o w w e cal l  thi s tre e a s th e featur e space ,  a n d th e 
procedur e fo r  explorin g thi s tre e featur e abstraction . 

I n general ,  i t  i s on e o f  th e m o s t  difficul t  tas k t o defin e 
feature s fo r  learnin g systems .  I n th e robo t  d o m a i n ,  h o w -
ever ,  primitiv e feature s ar e easil y determine d becaus e 
the y correspon d t o sensor y device s o n th e robot . 

Fo r  operators ,  w e coul d a s s u m e m a n y possibilities . 
We use d onl y fou r  operators ,  {-,-f ,  • , / }  i n th e e x a m p l e 
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"Bi g Turn" ,  bu t  i n genera l  w e ca n us e man y othe r  opera -
tor s suc h a s sin ,  cos ,  lo g an d s o on .  Practically ,  however , 
we shoul d selec t  a  smal l  subse t  o f  operator s fro m th e 
infinit e se t  o f  potentia l  ones . 

Criteri a fo r  selectin g feature s tha t  wil l  b e applie d t o 
operator s als o ha s m a n y possibilities .  A s fo r  th e tre e 
i n Figur e 3 ,  w e remove d tw o selecte d feature s use d t o 
construc t  a  ne w feature .  However ,  on e woul d conside r 
t o kee p thos e features .  Changin g a  criterio n fo r  selectin g 
feature s ofte n cause s th e chang e o f  computationa l  costs . 
For  example ,  i f  w e us e th e forme r  criterion ,  th e siz e o f 
th e featur e spac e i s 

m 

•=2 

wher e A ^  i s th e numbe r  o f  primitiv e feature s an d m i s 
th e numbe r  o f  operators .  Bu t  th e siz e become s infinit e 
i f  w e tak e th e latte r  criterion . 

Th e concep t  o f  featur e abstractio n i s anedogou s t o th e 
one i n scientifi c  discover y system s suc h si s Baco n (Lan -
gley ,  Bradshow ,  &  Simon ,  1983 )  an d A B A C U S (Falken -
hainer ,  &  Michalski ,  1986) .  Thos e scientifi c  discover y 
system s tr y t o discove r  mathematica l  expression s tha t 
summaxiz e a  bod y o f  data .  However ,  featur e abstractio n 
differ s fro m thos e system s i n th e purpos e o f  discoverin g 
expressions .  Featur e abstractio n generate s th e expres -
sion s a ^  jus t  "features "  fo r  representin g instances .  So , 
one woul d nee d anothe r  procedure(e.g .  generalizatio n 
module )  tha t  make s us e o f  th e resul t  o f  featur e abstrac -
tion .  But ,  o n th e othe r  han d discover y system s generall y 
see k expression s tha t  summariz e give n dat a an d thes e 
expression s ar e neve r  use d fo r  an y othe r  purpose . 

Learning Sensory-Motor Constraints 

Accordin g wit h th e concep t  o f  featur e abstraction ,  w e 
hav e implemente d AcoRN-II .  Learnin g i n ACORN-I I  i s 
divide d int o tw o parts ,  G T I  fo r  generatin g hypothese s 
and F A fo r  featur e abstraction .  Thi s sectio n elaborate s 
th e relationshi p betwee n th e tw o procedure s wit h a  con -
cret e example . 

Generalization in Acorn-II 

Ther e ar e tw o importan t  characteristic s tha t  shoul d b e 
considere d i n a  robo t  learnin g system .  First ,  it s  general -
izatio n metho d mus t  dea l  wit h numeri c features .  Sinc e 
most  perceptual/sensor y informatio n i s expresse d i n con -
tinuous ,  numerica l  form ,  a  learnin g syste m o f  a n intelli -
gent  agen t  ha s t o transfor m continuou s value s int o dis -
cret e one s fo r  symboli c reasoning .  Second ,  th e syste m 
shoul d us e a n incremente d adgorith m fo r  learnin g becaus e 
i t  i s  difficul t  fo r  a n autonomou s agen t  t o hav e a n entir e 
set  o f  instance s a t  th e sam e time . 

To dea l  wit h thes e issues ,  AcoRN-I I  use s th e gener -
alizatio n metho d calle d GTI .  G T I  i s on e o f  algorithm s 
tha t  ar e use d i n familie s o f  exemplar-base d system s (e.g . 
Aha,  Kible r  &  Albert ,  1991a ;  Salzberg ,  1991) .  G T I  i s 
a simpl e versio n o f  "hyper-rectangl e method "  (Salzberg , 
1991 )  tha t  generate s hyper-rectangle s o n n-dimensiona l 
space ,  wher e n  denote s th e numbe r  o f  features .  Th e pri -
mar y differenc e betwee n G T I  an d Salzberg(1991)' s pro -

gra m i s tha t  ou r  metho d ha s th e interfac e betwee n th e 
procedur e fo r  featur e abstractio n describe d below' . 

A Procedure for Feature Abstraction 

For discovering appropriate features from primitives, 
Acorn-I I  use s th e featur e abstractio n metho d calle d 
FA.  A s mentione d i n Matheus(1991) ,  al l  o f  th e system s 
tha t  tr y t o construc t  ne w feature s mus t  tak e accoun t 
of  th e appropriat e tim e an d th e condition s fo r  invokin g 
th e procedur e fo r  constructin g ne w features .  Figur e 4 
illustrate s th e relationshi p betwee n G T I  an d FA .  W h e n 
th e numbe r  o f  GTI' s disjunctiv e regions *  i s ove r  a  give n 
threshold ,  F A i s invoke d an d construct s ne w features . 
Afte r  that ,  G T I  re-represent s region s b y usin g thes e ne w 
features .  F A use s arithmeti c operator s i n orde r  t o con -
struc t  higher-leve l  feature s fro m numeri c ones . 

Invok e 
disjunct s >  ihresho U 

GTI FA 

R»-r*pr*Mn l  arilhmeli c op t  roto r 
iwwtMtu n 

Figur e 4 :  Th e relatio n betwee n G T I  an d F A 

Table 3 illustrates the algorithm of FA, where 
makejnew.feature s select s tw o existin g feature s an d ap -
plie s a n operato r  fro m {- ,  + i  • ,  / }  t o thes e tw o features . 
Thi s algorith m explore s th e searc h spac e tha t  consist s 
of  operator s an d primitiv e feature s unti l  th e numbe r  o f 
region s become s unde r  a  give n threshol d 7 . 

Thi s algorith m doe s no t  us e ecologica l  constraint s suc h 
as th e functione d similarit y o f  sensor s and/o r  motors . 
For  a  practica l  search ,  however ,  w e nee d t o exten d th e 
curren t  algorith m t o mor e efficien t  on e tha t  can  us e eco -
logica l  constradnts . 

Evaluation of Acorn-II 

In this section, we evaluate Acorn-II with empirical re-
sult s o n robot-comman d learning .  W e create d a  dat a 
set  fo r  th e situate d c o m m a n d "Bi g Turn "  describe d i n 
previou s sections .  Th e dat a se t  containe d 10 0 instance s 
and wa s divide d int o tw o subsets .  On e subse t  wa s use d 
fo r  training ,  an d th e othe r  fo r  testing .  Eac h subse t  ha d 
50 positiv e o r  negativ e instances .  Thos e instance s wer e 
represente d b y fou r  primitiv e feature s tha t  correspon d 
t o tw o sona r  sensor s fo r  detectin g distance s an d tw o ac -
tuator s fo r  wheels ,  respectively . 

Figur e 5  show s th e compariso n o f  learnin g perfor -
mance betwee n ACORN-II ,  C N 2 (Clar k &  Niblet t  1989 ) 
and C 4 (Quinlan ,  1993) .  Al l  o f  th e thre e system s ca n 

'W e use d GT I  fo r  learnin g spatia l  relation s fro m image s i n 
our  previou s system(Hirak i  et.al. ,  1991a,1991b) .  Thi s syste m 
enabl e t o perfor m a  variet y o f  performanc e task s b y usin g 
constrain t  logi c programmin g (Leler ,  1988) . 

*We us e th e words ,  region ,  hyperrectangle ,  constrain t  ex -
pression ,  i n th e sam e meaning . 
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Tabl e 3 :  F A :  Featur e abstractio n algorith m i n A c o R N -
I I 

Let N be the number of regions constructed by GTI, 
F b e th e se t  o f  existin g feature s F  =  {/i,...,/n} i  7 
be a  positiv e intege r  an d O P b e th e se t  o f  operator s 
{-,+,*,/ }  an d I  =  { } 

1 I f i V > 7 
The n L. = L  +  makeaiew_features(F,OP ) 

2 I f  L  =  nul l  The n stop . 
3 Selec t  F„e w fro m L ,  L  : = L  -  F^t w 

M : = numbe r  o f  ne w region s re-represente d wit h 

i'nex u 
4 I f  M <  7  The n Retur n M ,  F^e w 
5 Els e L: = L  +  make_new_features(F„eu,,OP )  an d 

got o 2 . 

mjike_new_features(P,OP) 
Let  F F b e a  se t  o f  pair s o f  tw o feature s (/< ,  /> )  {fi ,  f j  G 
F,  / ,  /  / , ) ,  M F =  { } 

1 I f  F F i s nul l  The n retur n M F 
Selec t  a  pai r  ( h , / , ) ,  F F : = F F -  { { h J i ) } 

2 I f  O P i s nul l  T h e n got o 1 . 
3 Selec t  a n operato r  op m fro m O P ,  O P -  {opm } 

/ne w : = N e w featur e obtaine d b y applyin g op m 

t o fk,f l 
N F : = F - { f k , f l }  +  {fnev, } 
M F : = M F U  N F an d got o 2 . 

deal  wit h numeri c features ,  bu t  C N 2 an d C 4 d o no t  sup -
por t  automate d featur e abstraction .  Thes e thre e sys -
tems wer e traine d b y instance s take n fro m th e trainin g 
subset ,  the n predicte d a n unsee n instanc e take n fro m th e 
testin g subset .  Th e resul t  show s tha t  ACORN-Il' s  per -
centag e accurac y i s superio r  t o C N 2 an d C4 ,  eve n thoug h 
C N2 an d C 4 us e non-incrementa l  method s an d A C O R N-
I I  ha s t o tak e incrementa l  inpu t  o f  instances .  Thi s i s 
becaus e th e meanin g o f  th e comman d "Bi g Turn "  de -
pend s o n situation s an d onl y AcoRN-I I  i s  abl e t o cop e 
wit h i t  b y usin g appropriat e feature s generate d b y fea -
tur e abstraction . 

Afte r  trainin g instance s wer e given ,  ACORN-I I  con -
structe d a  ne w featur e (s ^  +  s i  +  mr)/m i  an d generate d 
constrain t  expression : 

{40.5 0 <  {S r  +  s i  +  mr)lm i  <  43.14} . 

Not e tha t  th e featur e use d i n th e fina l  constrain t  ex -

pressio n i s differen t  fro m th e featur e ̂  " '  ̂  describe d i n 

Sectio n 2 .  W e ca n interpre t  thi s featur e a s follows : 

pcrttnUg t  Bf  curac y 

Acor n I I 
cm' 

When (5r+S/ )  »  "Ir , mi = -" ^ t r  +  S r 

Thi s  i s jus t  th e revers e versio n o f  th e denominato r  an d 
my. 

numerato r  i n — ^ —. 
One o f  th e remarkabl e character s  o f  ACORN- I I  i s it s in -

crementa l  learning .  T o illustrat e thi s advantage ,  w e first 
gav e th e syste m 3 0 instance s fro m th e "large-siz e room" , 
and the n gav e instance s fro m th e "small-siz e room"^ . 

'  W e prepare d five  size s o f  roo m fo r  each . 

0.00 10.0 0 20.0 0 3aOO 400 0 SdOO 

Number  o f  tralnln i  hislBiKc s 

Figure 5: Learning curves of AcORN-II, CN2 and C4 

Figur e 6  show s th e resul t  o f  thi s experiment .  Th e re -
sul t  suggest s AcoRN-II' s  robustnes s agains t  th e chang e 
of  environments . 

Conclusion 

I n thi s paper ,  w e describe d AcoRN-I I  tha t  ca n lear n sit -
uate d robot-command s fro m primitiv e sensor/actuato r 
data .  I n orde r  t o overcom e difficultie s i n learnin g ab -
strac t  command s fro m low-leve l  data ,  Acorn-I I  con -
struct s ne w feature s b y usin g featur e abstraction .  E m -
pirica l  result s sugges t  tha t  ACORN-I I  i s superio r  t o well -
know n existin g systems . 

The resul t  o f  thi s researc h demonstrate s th e usefulnes s 
of  featur e abstractio n i n robo t  learning .  Th e algorithm s 
use d i n ACORN-I I  ca n b e regarde d a s automati c senso r 
fusion .  B y usin g featur e abstraction ,  th e robo t  ca n inte -
grate s th e sensor y informatio n withou t  prio r  knowledg e 
suc h a s th e relationshi p betwee n eac h sensor y device . 

Problem s o f  inventin g a n efficien t  searc h metho d fo r 
explorin g th e featur e spac e i s opene d t o ou r  futur e works . 
For  th e implemente d exampl e describe d i n thi s paper , 
th e robo t  ha s onl y 4  sensors/actuators ,  an d thu s th e siz e 
of  th e spac e i s no t  s o large .  However ,  i n cas e th e numbe r 
of  sensors/actuator s  i s large ,  w e nee d mor e sophisticate d 
criterio n fo r  selectin g features .  On e o f  th e possibl e ap -
proache s fo r  avoidin g combinatoria l  explosio n woul d b e 
usin g featur e selectio n metho d (e.g .  Kir a Sz Rendell , 
1992 )  befor e invokin g FA . 

The curren t  versio n o f  F A doe s no t  hav e operator s fo r 
symboli c features .  Th e us e o f  symboli c operator s suc h 
as logica l  an d an d o r  i s als o opene d t o ou r  futur e works . 

The concep t  o f  featur e abstractio n coul d b e though t 
as a  kin d o f  conceptua l  chang e (Ram ,  1993) .  W e wil l 
investigat e th e generalit y  o f  ou r  metho d i n othe r  domain s 
as wel l  a s i n learnin g mor e comple x robot-commands . 

Thi s pape r  concentrate d t o develo p th e wa y t o shar e 
knowledg e betwee n h u m a n an d robot .  So ,  w e too k th e 
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Number  oflrMininf t  i M U n c M 

Figur e 6 :  Learnin g curv e o f  ACORN-II :  Firs t  3 0 in -
stance s ar e take n fro m "large-siz e room" ,  remainder s 
fro m "small-siz e room " 

supervise d approach ,  i.e .  positiv e an d negativ e instance s 
ar e give n b y human .  Howeve r  ther e i s n o doub t  tha t  th e 
concep t  o f  featur e abstractio n i s usefu l  als o i n unsuper -
vise d learning .  Combinin g featur e abstractio n an d som e 
unsupervise d learnin g i s ou r  nex t  step . 
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