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Abstrac t 

In this paper, we discuss the role of 
experience s an d example s i n learnin g 
systems .  We discus s thes e issue s i n th e 
contex t  o f  thre e system s i n particular : 
Risslan d an d Soloway' s Constraine d Exampl e 
Generatio n (CEG )  System ,  Selfridge' s COUNT, 
and Soloway' s BASEBALL. 

1.  Introductio n 

Examples and experiences, by which we mean 
concret e instances ,  situation s o r  problems , 
ar e critica l  t o an y system ,  man o r  machine , 
tha t  learns .  Example s provid e th e basi s 
fro m whic h generalizations ,  concept s an d 
conjecture s ar e made .  The y als o provid e th e 
criticism s neede d t o refut e an d refine . 

For instance, in Winston's learning program 
[Winsto n 1975] ,  example s o f  th e concep t  t o 
be learned ,  e.g. ,  a n arch ,  an d non-examples , 
e.g. ,  "nea r  misses" ,  ar e th e critica l  inpu t 
fro m whic h hi s progra m build s a  structura l 
descriptio n o f  a  concept .  I n Lenat' s 
concep t  discover y program ,  AM,  [Lena t  1977] , 
example s hel p direc t  th e discover y process , 
by providin g evidenc e o f  th e reasonablenes s 
and interestingnes s o f  ne w concepts . 
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Examples are critical in human learning and 
discovery ,  whethe r  i t  b e i n childre n 
[Hawkin s 1980 ]  o r  sophisticate d adults . 
Lakato s [1976 ]  give s a  detaile d expositio n 
of  th e historicall y importan t  Euler' s 
formula ;  there ,  example s lik e variou s 
"monsters "  (i.e. ,  counter-examples )  pla y a 
centra l  rol e i n concep t  refinement . 

Thus ,  example s ar e gris t  fo r  th e learnin g 
proces s i n a  critica l  way .  I n thi s paper , 
we conside r  th e rol e o f  exanple s i n learnin g 
systems ,  i n particula r  issue s suc h a s th e 
richnes s o f  th e bas e o f  example s upo n whic h 
th e syste m runs .  Question s abou t  th e 
generatio n o f  example s ar e discusse d i n 
[Risslan d 1980 ,  Risslan d an d Solowa y 1980 , 
1981] . 

2.  Thre e Learnin g System s 

We now restrict our discussion to three 
learnin g system s t o illustrat e som e genera l 
issue s i n learning .  Briefly ,  th e thre e 
system s wor k a s follows : 

1.  BASEBALL possesse s bot h hig h leve l 
schemas whic h describ e th e 
intention s o f  peopl e i n 
action-oriente d competitiv e game s 
and lo w leve l  schema s whic h provid e 
a common sens e understandin g o f 
spatio-tempora l  events .  Fro m 
observation s o f  activit y i n a 
basebal l  game ,  th e syste m firs t 
interpret s tha t  activity , 
generalize s fro m thes e hypothesize d 
rules ,  an d finall y accept s o r 
reject s thes e rule s base d o n thei r 
predictiv e utility .  Rule s fo r 
concept s lik e "out" ,  "hit" , 
"single "  ar e learned . 

2. CEG generates an example to meet 
poste d desiderat a b y modifyin g 
known example s fro m it s knowledg e 
bas e o f  examples ,  it s 
"Examples-space" .  I n th e versio n 
of  th e syste m bein g use d t o stud y 
learning ,  th e syste m possesse s 
severa l  operator s tha t  ca n modif y a 
give n feature ;  it s  tas k i s t o 
explor e bot h th e spac e o f  example s 
and th e spac e o f  modificatio n 
operator s no t  onl y t o arriv e a t  a 
solutio n — a  bas e exampl e plu s a 
sequenc e o f  modification s — bu t 
als o t o gai n experienc e i n usin g 
th e operator s i n orde r  t o allo w 
late r  learnin g abou t  th e operator s 
themselves . 

3. COUNT possesses a repertoire of 
primitiv e numbe r  an d strin g 
manipulatio n routines ,  suc h a s 
"incremen t  b y 1" ,  "mov e th e pointe r 
righ t  b y 1" ,  an d contro l  routine s 
"repeat" ,  an d "d o N  times" ,  fro m 
whic h i t  i s  t o buil d procedures , 
i.e. ,  string s o f  primitives ,  an d 
ultimatel y a  "count "  procedur e t o 
coun t  th e numbe r  o f  symbol s i n a 
string .  Th e syste m learn s b y 
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solvin g problem s pose d b y it s use r 
who act s a s it s teacher . 

3.  Example s an d Learnin g 

Each of the above three learning systems is 
provide d experience s an d example s upo n whic h 
i t  base s it s learning .  Th e provide r  o f 
thes e examples ,  i n effect ,  act s a s it s 
teacher . 

BASEBALL: the ensemble of observed games 
CEG:  th e initia l  Examples-space ,  pose d 

problem s 
COUNT:  pose d problem s 

Thus, the systems gain experience that 
range s fro m a  se t  o f  exampl e games ,  t o 
example s an d problems ,  t o jus t  problems . 

In each of the systems, there is a classic 
trade-of f  betwee n th e richnes s an d siz e o f 
th e initia l  knowledg e (no t  onl y o f  examples ) 
and th e amoun t  an d car e o f  searc h tha t  mus t 
be mad e fo r  solution s an d conclusions .  Th e 
initia l  knowledg e i s use d t o contro l  th e 
siz e o f  th e searc h space .  Th e amoun t  o f 
searc h i n th e syste m varies : 

BASEBALL: small 
CEG:  small-mediu m 
COUNT:  medium-larg e 

Within CEG itself, for instance, the richer 
th e initia l  Examples-space ,  th e les s car e 
was neede d t o explor e "adequately "  th e spac e 
of  operato r  sequences .  COUNT work s wit h 
ver y littl e embedde d knowledg e an d expend s a 
larg e effor t  i n search .  BASEBALL generate s 
a smal l  numbe r  o f  interpretation s an d 
generalizations . 

All of the systems make use of evaluation 
and judgemen t  mechanisms : 

BASEBALL: uses a teacher-specified 
threshol d t o accept/rejec t  hypothese s 
base d o n thei r  predictiv e utilit y 
CEG:  possesse d b y a n explici t  JUDGE 
modul e 
COUNT:  performe d b y th e syste m fo r  th e 
ultimat e countin g task ,  an d b y th e 
teache r  fo r  al l  other s 

The order of problems can be an important 
featur e o f  th e learning : 

BASEBALL: importance of order of 
observation s depend s o n th e threshol d 
settin g fo r  acceptin g hypothese s a s tru e 
CEG:  orde r  o f  problem s i s importan t  whe n 
solution s ar e save d 
COUNT:  orde r  o f  problem s i s ver y 
importan t 

I n al l  cases ,  whe n ther e i s a n orderin g o f 
problems ,  i t  i s  th e responsibilit y  o f  th e 
teacher .  I n COUNT,  th e orde r  o f  problem s i s 
critical ;  i f  COUNT i s over-face d wit h to o 
har d a  problem ,  i t  wil l  excee d it s searc h 
toleranc e withou t  findin g a  solution .  Th e 
ar t  i n teachin g COUNT i s selectio n o f  a 
sequenc e o f  problem s tha t  challeng e i t 
enoug h t o lear n thing s i t  couldn' t  d o befor e 
but  no t  t o as k i t  t o mak e to o larg e a  lea p 
i n on e problem .  BASEBALL i s sensitiv e t o 
orderin g i f  th e hypothesi s acceptanc e 
threshol d i s se t  low ;  earl y acceptanc e o f  a 
mistake n hypothesi s ca n caus e difficultie s 
i n subsequen t  interpretatio n an d 
generalization . 

H.  Genera l  Issue s i n Learnin g 

Thus, we see that learning systems in 
additio n t o requirin g variou s submodule s 
[Smit h e t  a l  1977 ]  ca n b e describe d alon g 
severa l  dimensions .  Some o f  th e dimension s 
of  thi s descriptio n are : 

1.  Presenc e o f  Teacher :  Fro m strongl y 
taugh t  system s suc h a s COUNT,  CEG 

systems such as BASEBALL and 
Lenat's .  I n th e minimall y taugh t 
systems ,  th e teache r  i s ofte n 
implicitl y  embodie d a s built-i r 
evaluatio n functions ,  focu s o f 
attentio n thresholds ,  an d 
heuristics . 

2.  Richnes s o f  Experience :  Fro m 
system s tha t  nee d a  ric h experienc e 
suc h a s COUNT an d CEG t o thos e lik e 
BASEBALL an d Winston' s tha t  don't . 
For  th e latte r  systems ,  experienc e 
i s ofte n implicit y give n t o th e 
syste m i n th e for m o f  schema s an d 
descriptor s fo r  th e domain .  Th e 
forme r  system s ca n potentiall y  dea l 
wit h mor e diversit y i n thei r 
discoveries ,  althoug h the y migh t 
not  kno w wha t  t o d o wit h it ,  whil e 
th e latte r  hav e alread y bee n 
focuse d t o interpre t  thei r 
experience s withi n a  give n 
framewor k o r  model .  Fo r  thes e 
latte r  systems ,  t o handl e mor e 
diversity ,  sa y a  Roman arch ,  th e 
syste m need s t o kno w whe n t o le t 
th e mode l  world s bifurcate . 

3. Style of Learning: The styles can 
rang e fro m focusse d t o exploratory . 
When on e know s somethin g abou t  th e 
domai n o r  genera l  are a i n whic h th e 
learnin g take s place s on e ca n b e 
more focusse d an d directed ; 
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BASEBALL know s a  lo t  abou t 
competitiv e game s i n genera l  an d 
Winston' s program ,  abou t  th e block s 
world .  The y bot h hav e acces s t o 
symboli c description s an d 
framework s lik e "action "  entitie s 
and "must/mus t  not "  links .  A t  th e 
othe r  en d o f  th e spectrum ,  COUNT i s 
lik e a  tyr o jus t  beginnin g t o 
explor e it s world ;  i t  need s t o 
gathe r  lot s o f  experienc e wit h it s 
primitiv e capabilities .  CEG i s 
somewher e intermediat e o n th e 
tyro-exper t  learne r  spectrum ;  i t 
i s  abl e t o harnes s it s knowledg e 
somewhat  symbollicall y (b y knowin g 
link s betwee n example s an d 
relation s betwee n procedure s an d 
features) ,  bu t  mus t  stil l  d o a 
larg e amoun t  o f  exploration . 

M.  Grainsiz e o f  Knowledge :  Ther e i s a 
spectru m o f  knowledg e grainsiz e 
rangin g fro m atomi c primitives  i n 
COUNT,  t o mid-siz e entitie s an d 
relation s i n CEG,  t o large r  chunk s 
i n Winston ,  t o larg e framework s i n 
BASEBALL. 

5.  Conclusion s 

From our own and others' experience with 
learnin g systems ,  i t  i s  clea r  tha t  example s 
and experience s pla y a  critica l  rol e i n 
learning .  Whil e th e importanc e o f  example s 
i n learnin g i s ofte n overlooked ,  th e number , 
variet y an d orde r  o f  example s canno t  b e 
sinc e the y s o clearl y influenc e th e styl e 
and conten t  o f  learning . 

In addition, while it might be fine for a 
syste m t o d o high-leve l  processin g whe n i t 
knows something,  i t  migh t  b e mor e 
appropriat e t o rel y o n low-leve l  processin g 
(e.g. ,  trial-and-error ,  success-failur e 
correlations )  whe n i t  i s  jus t  beginning . 
Perhaps ,  suc h a  low-leve l  styl e i s th e onl y 
way fo r  th e inexperience d learne r  an d 
perhaps ,  i t  i s  a  wa y fo r  hi m t o discove r 
large r  cluster s o f  knowledge . 
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