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I t  i s  wel l  know n tha t  mor e effectiv e leamin g ca n b e achieve d b y tailorin g th e learnin g episode s t o 
th e particula r  need s o f  a n individua l  rathe r  tha n presentin g th e sam e sequenc e o f  instruction s t o al l  learners . 
Ther e ar e tw o way s b y whic h thi s ca n b e achieved :  a  tuto r  ca n adjus t  it s  instruction s t o th e learner' s 
previousl y acquire d knowledg e o r  i t  ma y simpl y allo w th e learner s themselve s t o determin e th e sequenc e 
of  leamin g episodes .  I n th e firs t  case ,  th e individualizatio n i s determine d b y th e prio r  leamin g historie s 
wit h th e globa l  leamin g goal s bein g assume d identica l  fo r  al l  leamers .  Th e LIS P tuto r  o f  Anderson ,  Boyl e 
& Reise r  (1984 )  i s a n exampl e fo r  suc h a  system ,  i n whic h th e leamin g goal s ar e determine d b y th e 
tutorin g system ,  an d tiie  instmction s whic h assis t  th e leamer s i n performin g th e respectiv e tas k ar e 
adjuste d t o th e leamers '  knowledge .  Furthe r  individualizatio n ca n b e achieve d b y havin g th e leamer s lear n 
by exploration :  th e leamer s themselve s ca n no w se t  thei r  ow n leamin g goal s accordin g t o thei r  specifi c 
interests .  Smdent-drive n exploratio n ca n b e enhance d b y providin g instmction s o n thos e occasion s wher e 
leamin g b y exploratio n fails .  Fo r  example ,  th e redundanc y checker s discusse d b y Brow n (1984) ,  ca n b e 
use d t o detec t  weaknesse s i n a  student' s exploration . 

I n a  numbe r  o f  case s leamin g b y exploratio n ma y b e mor e appropriate .  Fo r  example ,  i n applicatio n 
system s suc h a s tex t  editor s o r  spreadsheet s dependin g o n thei r  need s user s ma y lea m differen t  part s o f  th e 
system .  Unde r  suc h circumstance s i t  ca n b e quit e frustratin g t o th e leamer s whe n the y ar e taugh t  syste m 
component s i n whic h the y ar e no t  interested .  Contrar y t o instmction-base d leaming ,  i n whic h advance d 
leamer s m a y stil l  b e presente d wit h introductor y material s du e t o th e difficultie s o f  knowledg e diagnosis , 
leamin g b y exploratio n allow s di e leamer s themselve s t o decid e wha t  t o leam .  Unde r  certai n circum -
stance s leamin g b y exploratio n ma y wel l  b e mor e effectiv e the n leamin g from  instmction .  Fo r  exampl e 
Carrol l  e t  al .  (1985 )  hav e show n tha t  a  tex t  editin g syste m ma y b e learne d mor e effectivel y b y explorin g i t 
tha n b y studyin g a  conventiona l  manual . 

The advantage s o f  leamin g b y exploratio n ma y b e cause d b y a  numbe r  o f  differen t  factors . 
Leamer s ca n selectivel y acquir e tha t  kiiowledg e whic h the y conside r  mos t  important .  The y ca n b e mor e 
activ e an d se t  thei r  ow n leamin g goals .  I n orde r  t o achiev e thei r  leamin g goals ,  the y ca n engag e i n proble m 
solvin g (Robert ,  1986) .  Thi s ma y lea d t o procedura l  an d proble m solvin g oriente d knowledg e repre -
sentation s whic h ar e bette r  suite d fo r  solvin g compute r  tasks .  Successfull y solvin g thes e problem s ma y b e 
quit e motivatin g fo r  th e leamer .  Sinc e leamin g b y exploratio n originate s from  th e student' s ow n domai n 
knowledge ,  th e newl y acquire d knowledg e become s inherenti y connecte d an d interwove n wit h th e prio r 
knowledge .  Therefore ,  i t  ma y b e bette r  remembered . 

However ,  eac h o f  thes e advantage s ma y als o tu m int o a  disadvantage .  A  smden t  coul d hav e 
insufficien t  domai n knowledg e t o se t  appropriat e learnin g goals .  Becaus e o f  insufficien t  domai n 
knowledg e th e student s ma y no t  b e abl e t o determin e whic h knowledg e i s reall y important .  The y ma y 
acquir e suboptima l  procedure s fo r  achievin g thei r  goal s o r  i n th e extrem e cas e n o successfu l  procedure s a t 
all .  Proble m solvin g processe s ma y no t  alway s b e successfull y complete d an d ca n b e mor e tim e 
consumin g tha n leamin g from  instmctions .  Thi s cause s fhistratio n fo r  th e leamer .  A  student' s lac k o f 
domai n knowledg e ca n thu s pu t  sever e limitation s o n wha t  ca n b e learne d b y exploration . 

Althoug h leamin g b y exploratio n an d leamin g b y instruction s (or ,  mor e specifically ,  demonstra -
tions )  diffe r  i n a  numbe r  o f  interrelate d ways ,  on e differenc e appear s t o b e mos t  fundamental .  Whil e in -
stmctiona l  material s ar e determine d b y th e teacher ,  wh o i s ver y knowledgeabl e o f  th e domain ,  i n explo -
ratio n th e leamin g episode s ar e generate d b y th e student s wh o kno w abou t  thei r  particula r  knowledg e 
desires .  Th e advantage s an d disadvantage s o f  leame r  versu s teache r  generate d leamin g episode s wer e 
investigate d i n a n experimen t  i n whic h 8 0 student s fro m th e Universit y o f  Freibur g acquire d som e 
elementar y LIS P programmin g knowledge .  Th e result s o f  thi s stud y sho w ho w th e effectivenes s o f 
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learning by exploration depends upon the amount of relevant knowledge which the learner can utilize for 
generatin g learnin g episodes .  Thes e result s sugges t  a  particula r  combinatio n o f  th e tw o learnin g methods . 
On thi s basis ,  a  supervise d exploratio n environmen t  fo r  acquirin g som e elementar y LIS P knowledg e wa s 
developed ,  implemente d o n a n I B M PC/AT ,  an d consequend y evaluate d throug h tw o learners '  thin k alou d 
protocols . 

Experiment 

Fort y student s wh o ha d som e previou s experienc e wit h computer s (eithe r  the y ha d take n a  BASI C 
programmin g cours e o r  ha d use d som e applicatio n softwar e suc h a s wor d processor s o r  databas e 
programs )  an d 4 0 student s withou t  an y prio r  compute r  experienc e wer e firs t  instructe d abou t  som e 
fundamenta l  LIS P concept s (atom s an d lists) .  The n the y acquire d additiona l  knowledg e abou t  som e simpl e 
LIS P function s eithe r  b y exploratio n o r  b y learnin g fro m demonstratio n examples .  I n particula r  th e 
functio n FIRST ,  whic h extract s th e first  elemen t  fro m a  list ,  an d th e functio n SET ,  whic h bind s a  LISP -
expressio n t o som e symbol ,  wer e learned .  Simpl e LIS P function s wer e use d a s th e learnin g domai n 
becaus e modularit y i s  a  prerequesit e o f  explorabilit y  an d th e LIS P ftinctions  satisf y thi s requirement .  Also , 
th e subject s o f  th e stud y shoul d no t  hav e ha d an y specifi c  domai n knowledge .  Wherea s tiiis  wa s tru e fo r 
LISP ,  the y ma y hav e alread y bee n familia r  wit h tex t  processing . 

Exploratio n condition :  I n th e exploratio n conditio n th e learner s coul d ente r  LIS P expression s wit h 
an edito r  providin g hel p fo r  generatin g syntacticall y correc t  inputs .  A  LIS P interprete r  evaluate d thes e 
expression s an d gav e appropriat e feedback .  Th e exploratio n conditio n wa s divide d int o thre e block s s o 
tha t  eac h o f  th e function s whic h wer e t o b e learne d woul d b e notice d b y th e subjects .  Fo r  eac h bloc k th e 
subject s generate d eithe r  8  input s (firs t  an d secon d block )  o r  1 6 input s (thir d block) .  A t  th e beginnin g o f 
each bloc k on e o r  tw o simpl e meaningfu l  input s t o th e LIS P syste m wer e presented ,  namel y 

1.  "(FIRS T '( A B))" ,  3 .  "(SE T "FRIEND S "(JAC K JOHN) ) 
2.  "(FIRS T (FIRS T '(( A B )  C)))" ,  (FIRS T FRIENDS)" . 

Instruction condition: In the instruction condition 32 appropriately selected examples were 
presente d wher e eac h bloc k starte d wit h th e exampl e whic h wa s als o presente d i n th e exploratio n 
condition .  I n eac h conditio n 3 2 trainin g example s wer e thu s generate d o r  presented .  Th e exploratio n sub -
ject s wh o entere d th e presente d input s ha d t o creat e anothe r  2 8 input s o n thei r  own ,  wherea s th e subject s 
i n th e demonstratio n conditio n wer e presente d wit h 3 2 example s an d coul d no t  generat e an y example s b y 
themselves . 

Programmin g an d evaluatio n tasks :  Th e acquire d knowledg e o f  eac h learne r  wa s teste d b y 1 0 
programmin g task s i n whic h th e subject s ha d t o generat e a n inpu t  t o th e LISP-syste m i n orde r  t o obtai n 
some prespecifie d result .  Th e input s wer e evaluate d b y th e LISP-interprete r  an d th e resul t  wa s show n t o 
th e subjects .  I f  th e resul t  o f  th e subjects '  inpu t  wa s no t  th e resul t  tha t  wa s t o b e achieved ,  th e subject s wer e 
give n tw o mor e trial s t o achiev e th e correc t  result .  Thereafter ,  th e subjects '  knowledg e abou t  th e LISP -
syste m wa s examine d b y evaluatio n tasks ,  i n whic h input s t o th e LISP-syste m wer e presented ,  an d th e 
subjects ,  rathe r  tha n th e LIS P interpreter ,  ha d t o generat e th e results .  Th e whol e experimen t  too k betwee n 
1.2 5 an d 3  hours .  Fo r  a  mor e detaile d descriptio n se e Kiih n &  Schmalhofer ,  1987 . 

Result s : 

For  th e novice s an d th e compute r  user s th e relativ e frequencie s o f  correc t  solution s i n th e 
programmin g an d th e evaluatio n task s a s a  functio n o f  instructio n metho d ar e show n i n Figur e 1 .  A 
(2x2x2 )  A N O V A wit h th e factor s prio r  knowledge ,  instructio n metho d an d tes t  tas k showe d tha t  overal l 
th e tw o task s wer e abou t  equall y difficul t  (F(l,76)=0.31) ,  an d tha t  compute r  user s performe d bette r 
(F(l,76)=21.6 ,  MSE=0.35 ,  p<.001) .  Mor e interestingly ,  novice s performe d bette r  i n th e evaluatio n task s 
and compute r  user s performe d bette r  i n th e programmin g tasks ,  resultin g i n a  prio r  knowledg e b y tes t  tas k 
interactio n (F(l,76)=20.5 ,  MSE=0.14 ,  p<.001) .  I n addition ,  learnin g fro m demonstration s wa s mor e 
usefu l  fo r  correctl y solvin g th e evaluatio n task s an d learnin g b y exploratio n wa s mor e effectiv e fo r  th e 
programmin g tasks ,  resultin g i n a n instructio n metho d b y tes t  tas k interactio n (F(l,76)=5.13 ,  MSE=0.14 , 
p<.05) .  Supposedly ,  i n th e exploratio n conditio n th e generatio n o f  input s wa s traine d whic h i s a n 
importan t  componen t  fo r  successfull y solvin g programmin g tasks .  Th e instructio n group s ha d som e 
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advantag e i n th e evaluatio n tasks ,  possibl y becaus e th e sel f  generate d learnin g example s provid e les s 

complet e informatio n abou t  th e syste m tha n th e example s selecte d b y a  teacher . 

Figur e 1 :  Proportion s o f  correctl y solve d tes t  task s 
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I n orde r  t o analys e th e relatio n b e t w e e n th e subject s ( p r o g r a m m i n g an d evaluation )  per formanc e 

a n d th e s m d i e d e x a m p l e s ,  th e trainin g e x a m p l e s generate d b y th e subject s i n th e exploratio n conditio n a s 

wel l  a s th e trainin g e x a m p l e s presente d b y th e tuto r  i n th e instructio n conditio n w e r e classifie d a s 

belongin g t o o n e o f  fou r  categorie s w h i c h w e r e definie d a s follows :  1 )  positiv e examp le s tha t  contai n n e w 
informatio n abou t  th e system ,  2 )  redundan t  positiv e e x a m p l e s ,  3 )  "nea r  misses "  (Wins ton ,  1 9 8 7 ) ,  i.e . 

negativ e e x a m p l e s tha t  ar e ver y simila r  t o positiv e e x a m p l e s a n d thu s c o n v e y informatio n abou t  th e 

sys tem ,  a n d 4 )  al l  othe r  input s w e r e classifie d a s "fa r  misses" .  Th i s classificatio n w a s per fo rme d wit h a 

L I S P p r o g r a m m e ,  w h i c h constructe d generalize d template s representin g th e k n o w l e d g e tha t  m a y b e 

acquire d from  th e trainin g examp le s (se e Schmalhofer ,  1986) .  T h e classificatio n w a s per forme d accordin g 

t o th e m o d e l  o f  k n o w l e d g e acquisitio n o f  th e learnin g env i ronmen t  tha t  i s  presente d i n th e nex t  sectio n o f 

thi s paper . 

Tab l e 1  s h o w s th e relativ e frequencies  o f  th e fou r  type s o f  examp le s generate d b y th e novices ,  th e 

c o m p u t e r  user s a n d th e tutor .  I t  c a n b e see n tha t  th e exploratio n subject s generate d fewe r  negativ e 

e x a m p l e s tha n w e r e presente d i n th e instructio n condition .  B o t h novice s an d c o m p u t e r  user s generate d 

m o r e redundan t  input s tha n w e r e presente d i n th e instructio n condition .  A lso ,  c o m p u t e r  user s generate d 

m o r e positiv e n e w e x a m p l e s tha n novice s (t(38)=2.45 ,  p< .05 ) .  Furthermore ,  a  considerabl e proportio n o f 

th e generate d input s i n th e exploratio n conditio n w e r e fa r  misse s w h i c h d o no t  provid e usefu l  information . 

A l t h o u g h th e trainin g e x a m p l e s generate d i n th e exploratio n conditio n w e r e o f  poore r  qualit y tha n 

thos e presente d i n th e instructio n condition ,  th e c o m p u t e r  user s o f  th e exploratio n conditio n per forme d 

bette r  i n th e p r o g r a m m i n g task s tha n th e compu te r  user s o f  th e instructio n condition .  Fo r  th e p r o g r a m m i n g 

tasks ,  th e advantag e o f  generatin g trainin g e x a m p l e s apparend y ca n ou twe ig h th e disadvantag e d u e t o th e 

usuall y poore r  qualit y o f  sel f  generate d trainin g examples . 

Tabl e 1 :  Proportion s 
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Thus, the knowledge that can be acquired from learning by exploration depends upon the quality of 
th e generate d trainin g examples ,  whic h itsel f  depend s upo n th e subjects '  prio r  knowledge .  T w o multipl e 
regressio n analyse s wer e conducte d fo r  di e proportion s o f  correcti y solve d programmin g an d evaluatio n 
task s wit h th e proportion s o f  th e firs t  3  type s o f  trainin g example s (positv e new ,  positiv e redundant ,  an d 
near  misses )  an d prio r  knowledg e (wit h th e d u m my codin g 0  fo r  novice s an d 1  fo r  compute r  users )  a s 
predictors .  Initially ,  al l  4  predictor s wer e entere d int o th e regressio n equatio n an d the n insignifican t 
predictor s wer e droppe d stepwise .  Th e result s o f  thes e analysi s ar e show n i n Tabl e 2 . 

Table 2: Prediction of correctly solved tasks from prior knowledge and 3 types of 
generate d trainin g example s i n th e exploratio n conditio n 

programming tasks evaluation tasks 
fi-weight  correlatio n 6-weigh t  correlatio n 

prio r  knowledg e 0.290** *  0.605** *  0.104 *  0.457* * 
positiv e ne w 1.328** *  0.621** *  0.399 *  0.433 * 

positiv e redundan t  -0.421 + -0.03 8 
***=p<.001 ,  **=p<.01 ,  *  =  p<.05 ,  +  =  p<.1 0 

It can be seen that the proportion of positive new training examples is a good predictor of the performance 
i n th e tw o tasks ,  eve n afte r  th e effec t  du e t o difference s i n prio r  knowledg e ha s bee n take n int o account . 
The result s furthermor e sho w tha t  th e mor e redundan t  trainin g example s wer e generate d th e les s 
programmin g task s coul d b e solve d i n th e tes t  phase .  Th e result s demonstrat e tha t  tiie  effectivenes s o f 
learnin g b y exploratio n depend s o n th e learners '  domai n knowledg e an d thei r  abilit y  t o generat e 
appropriat e trainin g examples . 

Combining exploration and instruction in a tutoring component 

The experimenta l  result s indicat e tha t  learner s wit h sufficien t  prio r  knowledg e benefi t  fro m 
explorin g a  compute r  system ,  an d tha t  instruction s ar e mor e efficien t  whe n tha t  knowledg e i s no t  ye t 
available .  Thu s instruction s ca n b e use d t o induc e th e knowledg e whic h i s necessar y fo r  mor e successfu l 
exploration .  Th e correlatio n betwee n th e typ e o f  generate d trainin g exampl e an d tas k performanc e show s 
tha t  th e generate d trainin g example s ca n b e use d t o diagnos e whethe r  th e learne r  ha s sufficien t  prio r 
knowledg e fo r  successful ,  exploration .  O n th e basi s o f  suc h a  diagnosi s specifi c  instruction s ca n b e 
presente d t o provid e th e informatio n whic h i s neede d t o mak e exploratio n successful . 

Rathe r  tha n startin g learnin g b y instructio n i t  thu s seem s feasibl e t o hav e al l  learner s star t  b y 
explorin g th e system ,  monito r  thei r  exploratio n behavio r  an d provid e instruction s a s needed .  Thereb y th e 
learner s ca n engag e i n activ e learnin g an d determin e themselve s wha t  t o learn .  Instruction s ar e onl y 
presente d whe n die y ar e neede d t o maintai n thi s activ e learnin g process .  Th e advantage s o f  learnin g b y 
exploratio n ca n thu s b e utilize d whil e it s  disadvantage s ar e avoided .  Suc h a n exploratio n environmen t  wa s 
develope d fo r  learnin g som e elementar y LIS P functions . 

The basi c exploratio n environment : 

The learnin g environmen t  i s base d upo n a  reduce d LIS P interprete r  whic h i s writte n i n T U R B O 
P A S C AL o n a n I B M PC/AT .  I t  ca n handl e th e function s LIST ,  FIRST ,  REST ,  SET ,  D E F U N a s wel l  a s 
any combinatio n an d an y lis t  suucture .  B y actin g i n th e learnin g environmen t  th e studen t  shoul d leam : 

-  th e numbe r  an d typ e o f  argument s whic h a  functio n require s 
-  th e correc t  synta x fo r  a n inpu t  t o th e LIS P syste m 
-  ho w a  give n inpu t  i s  evaluate d an d wha t  resul t  i s  returne d 
-  dia t  quote d expressions ,  boun d atom s o r  functio n call s ca n b e specifie d a s arguments . 

At  th e beginnin g o f  th e learnin g sessio n onl y th e name s o f  th e function s whic h th e learne r  ca n 
explor e ar e show n o n th e to p o f  th e screen .  Th e learne r  mus t  the n generat e a n inpu t  t o th e LIS P system .  I n 
orde r  t o avoi d unnecessar y typin g errors ,  onl y character s tha t  ar e vali d i n LIS P (letters ,  digits ,  blank , 
parenthese s an d th e quote )  ca n b e typed ,  an d onl y line s wit h balance d parenthese s ar e accepte d a s inputs . 
I n additio n color s ar e use d t o indicat e th e leve l  o f  nestin g i n th e expressions .  A s thes e feature s hel p 
generatin g syntacticall y correc t  trainin g examples ,  the y shoul d reduc e di e numbe r  o f  trivia l  synta x error s 
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that result from typing errors and limitations of a learner's memory. Such errors don't convey useful 
informatio n abou t  th e syste m t o b e smdied ,  an d the y reduc e th e efficienc y o f  learnin g b y exploratio n b y 
increasin g th e stud y tim e (se e Kohn e &  Weber ,  1987 ;  Waloszek ,  Weber ,  Wender ,  1986 ) 

The generate d input s ar e evaluate d b y th e LIS P interprete r  an d th e resul t  o f  th e evaluatio n o r  a n 
erro r  messag e ar e displayed .  I f  th e monito r  whic h supervise s th e learnin g proces s detect s a  sequenc e o f 
trainin g example s tha t  supposedl y d o no t  contai n usefu l  information ,  th e learne r  i s prompte d t o pres s a  ke y 
i n orde r  t o ge t  help .  Th e detectio n o f  inefficien t  exploratio n a s wel l  a s th e assistanc e tha t  i s provide d ar e 
base d upo n th e monitorin g o f  th e knowledg e acquisitio n process . 

Monitorin g o f  th e knowledg e acquisitio n proces s 

Ever y inpu t  o f  a  studen t  i s  immediatel y analyze d b y th e monitor .  Ideall y suc h a n analysi s shoul d b e 
conducte d accordin g t o psychologica l  principles .  I n particula r  i t  shoul d rende r  a  descriptio n whic h i s 
closel y relate d t o th e informatio n whic h th e learner s stor e i n thei r  memories .  I t  i s know n tha t  rathe r  tha n 
individuall y storin g ever y exampl e i n memor y learner s onl y remembe r  thos e thing s whic h the y conside r 
generall y relevan t  an d ignor e th e ver y specifi c information .  Th e knowledg e o f  th e genera l  for m o f  correc t 
input s t o th e LIS P syste m ca n b e describe d b y template s (Anderson ,  Farrel l  &  Sauers ,  1984) . 

The monito r  model s a  templat e constmctio n proces s b y a n inductiv e learnin g mechanis m whic h 
create s increasingl y genera l  templat e representations .  Fo r  th e first  an d al l  othe r  input s th e LIS P interprete r 
determine s whethe r  o r  no t  i t  i s  syntacticall y correct .  Syntacticall y correc t  input s ar e calle d positiv e 
examples .  Th e firs t  positiv e exampl e i s store d i n memory .  W h e n a  secon d positiv e exampl e i s generate d 
th e tw o example s ar e compare d from  lef t  t o righ t  i n orde r  t o construc t  a  template .  A s lon g a s th e respectiv e 
element s o f  th e tw o example s ar e equa l  the y ar e take n a s constant s o f  th e template .  Whe n the y ar e unequa l 
but  ar e name d a s belongin g t o th e sam e class ,  a  variabl e i s introduce d int o th e templat e wit h th e constrain t 
tha t  i t  ma y tak e a s a  valu e an y member  o f  th e respectiv e class .  I f  th e tw o element s tiiat  ar e bein g compare d 
belon g t o differen t  classe s i t  i s checke d whethe r  o r  no t  the y bot h belon g t o a  mor e genera l  superclass .  I f 
thi s i s th e case ,  a  variabl e i s introduce d wit h th e constrain t  tha t  i t  mus t  b e boun d t o a  member  o f  th e 
respectiv e superclass .  I f  n o c o m m o n superclas s ca n b e found ,  th e generate d inpu t  i s use d t o buil d a 
separat e template . 

Sinc e th e generate d input s ma y diffe r  i n th e numbe r  o f  elements ,  generalization s ar e mad e no t  onl y 
wit h respec t  t o th e clas s membership ,  bu t  als o wit h respec t  t o th e numbe r  o f  elements .  Th e latte r 
generalization s ar e performe d a s follows :  I f  durin g th e compariso n from  lef t  t o righ t  eithe r  i n th e inpu t  o r 
th e templat e al l  element s hav e bee n processed ,  whil e i n th e othe r  additiona l  element s ar e available ,  th e clas s 
membership s o f  thes e element s ar e determined ,  an d i f  a  commo n supertyp e ca n b e found ,  a n additiona l 
variabl e i s adde d t o th e generalize d templat e whic h ca n matc h an y numbe r  o f  element s o f  tha t  class ;  i f  n o 
common clas s ca n b e determined ,  differen t  variable s ar e used .  Fo r  a  sequenc e o f  inpu t  example s Tabl e 3 
shows th e template ,  whic h i s constructe d from  th e firs t  exampl e an d ho w thi s templat e i s modifie d an d a 
separat e templat e i s constructe d from  th e fort h example .  (? A denote s a  singl e member  an d + A a n arbitrar y 
number  o f  member s o f  a  class. ) 

Table 3: Templates formed from a sequence of inputs 

inpu t  sequenc e Constructe d template s an d modification s 
1.  (FIRS T '( A B) )  (FIRS T '( A 'B)) ,  ( A is-atom) ,  ( B is-atom ) 
2.  (FIRS T '( X ( Y Z) )  (FIRS T •(? A ̂ B)) ,  (? A is-atom) ,  (? B is-expr ) 
3.  (FIRS T '(( A B)) )  (FIRS T •(? A +B)) ,  (? A is-expr) ,  (+ B is-expr ) 
4.  (FIRS T FRIENDS )  (FIRS T ?A) ,  (? A is-bound-atom ) 

(FIRS T '(? A +B)) ,  (? A is-expr) ,  (+ B is-expr ) 

A think-alou d stud y showed ,  tha t  thre e cause s o f  negativ e example s ca n b e distinguished :  1 ) 
accidenta l  error s suc h a s misspellin g a  functio n nam e o r  forgettin g t o typ e a  quote ,  2 )  error s tha t  ar e mad e 
t o determin e wha t  element s o f  a  templat e ar e necessar y an d whethe r  i t  ca n b e furthe r  generalized ,  an d 3 ) 
error s tha t  occu r  whe n a  learne r  attempt s ne w an d mor e comple x inputs.Th e verba l  protocol s showe d tha t 
fo r  incorrec t  input s o f  typ e 1 )  o r  2) ,  th e erro r  messag e provide d b y th e syste m containe d sufficien t 
informatio n fo r  th e learner .  Therefore ,  n o interventio n o f  th e tuto r  i s  required .  I t  ca n therefor e b e assume d 
tha t  a  negativ e inpu t  o f  typ e 1 )  o r  2 )  i s likel y t o b e followe d b y a  positiv e input .  Whe n learner s mak e error s 
whil e tryin g somethin g new ,  th e syste m erro r  messag e ma y no t  provid e enoug h information .  I n thi s case , 
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a learner will produce a sequence of errors. Since only type 3 errors are likely to occurr in a sequence 
withou t  intermitten t  positiv e examples ,  the y ca n b e easil y detecte d b y th e monitor . 

Providin g example s an d tgx̂ -infQrm^no n t p assis t  exploratio n 

Assistanc e t o learnin g b y exploratio n i s provide d b y th e tuto r  o n tw o occasions :  1 )  whe n a 
sequenc e o f  n  (= 2 i n th e curren t  versio n o f  th e tutor )  redundan t  input s ha s bee n detected ,  o r  2 )  whe n a 
sequenc e o f  m (=2 )  error s ha s bee n detected . 

Sinc e redundan t  example s ar e usuall y generate d whe n a  learne r  doe s no t  kno w wha t  els e ca n b e 
learne d abou t  th e system ,  informatio n abou t  mor e genera l  o r  presentl y no t  ye t  explore d feature s o f  th e 
syste m shoul d b e provided .  Suc h informatio n ca n bes t  b e provide d i n th e for m o f  a  shor t  text .  Th e 
templat e tha t  matche d th e las t  exampl e i s examine d a s t o whethe r  i t  ca n b e furthe r  generalize d o r  whethe r  i t 
alread y describe s som e uni t  o f  th e exper t  knowledge .  I f  furthe r  generalizatio n i s possible ,  a  verba l 
descriptio n o f  mor e genera l  input s i s presented .  I f  n o furthe r  generalizatio n o f  th e particula r  templat e i s 
possible ,  a  genera l  verba l  descriptio n o f  th e no t  ye t  learne d function s i s presented .  Th e verba l  description s 
tha t  ar e provide d a s hel p ar e al l  prestore d s o tha t  the y ca n simpl y b e selecte d fo r  presentation .  Tabl e 4 
shows th e hel p informatio n fo r  som e redundan t  examples . 

Table 4: Help information for some redundant inputs 

example I: (FIRST '(A B)) 
exampl e 2 :  (FIRS T '( X Y) ) 
hel p information :  Th e argumen t  fo r  th e functio n FIRS T ca n b e a  lis t  o f  an y complexity . 
exampl e 1 :  (FIRS T '(( A B )  ( C D)) ) 
exampl e 2 :  (FIRS T '( X Y) ) 
hel p information :  Th e argumen t  fo r  th e functio n FIRS T ca n als o b e a  boun d ato m o r  a  functio n call . 

When a sequence of errors is detected, it can be assumed that the learner wanted to perform a more 
comple x tas k an d di d no t  kno w ho w t o correctl y specif y th e parameter s o f  th e task .  Base d upo n th e PUP S 
theor y (Anderso n &  Thompson ,  1987) ,  i t  ma y b e suspecte d tha t  suc h error s occu r  becaus e th e specifi c 
for m i s unknown .  A  for m ca n bes t  b e taugh t  b y givin g a n example .  Sinc e th e learne r  wante d t o generat e a 
particula r  exampl e th e correc t  for m fo r  tha t  particula r  exampl e shoul d b e presented .  T o accomplis h thi s 
goal ,  th e las t  incorrec t  inpu t  o f  th e erro r  sequenc e i s correcte d an d the n presente d t o th e learner .  Th e 
correctio n i s accomplishe d b y analyzin g th e incorrec t  inpu t  fro m lef t  t o right.  Parenthes e an d quote s ar e 
delete d o r  adde d i f  needed ,  wit h th e followin g restriction :  I f  a  symbo l  i s identifie d a s bein g a  functio n 
name,  th e inpu t  i s  correcte d wheneve r  possibl e i n a  wa y s o tha t  th e functio n nam e yield s a  functio n call . 
Tabl e 5  show s ho w som e incorrec t  input s ar e corrected . 

Table 5: Correction of negative examples 

incorrect :  corrected : 
(FIRS T (FIRS T '( a (b))) )  (FIRS T (FIRS T '((a )  (b))) ) 
( H R ST (RES T "( a b) )  (RES T c  d) )  (FIRS T (RES T '( a b  (res t  c  d))) ) 
(LIS T (FIRS T '( a b )  (RES T "( c d))) )  (LIS T (FIRS T '( a b) )  (RES T '( c d)) ) 
I  A M H E R E '( I  A M H E R E) 

A preliminary evaluation of the appropriateness of the provided instructions was performed by 
havin g tw o subjects ,  wh o wer e firs t  instructe d abou t  dat a representation s i n LISP ,  thin k alou d whil e 
learnin g th e elementar y LIS P function s b y exploration .  The y wer e instructe d t o explor e a s lon g a s the y 
foun d i t  t o b e a  usefu l  learnin g experience ,  whic h wa s abou t  1. 5 hours .  I n orde r  no t  t o interfer e wit h th e 
learners '  usua l  exploration ,  n o tuto r  assistanc e wa s provide d t o th e learners .  Th e sequence s o f  th e subject s 
interaction s wit h th e LISP-syste m wer e recorde d an d the n use d t o determin e th e firs t  learnin g episode s o f 
each bloc k wher e assistanc e woul d hav e bee n provide d b y th e tutor .  Onl y th e firs t  occasion s o f  eac h o f  th e 
16 block s i n whic h th e tuto r  woul d hav e provide d assistanc e wer e use d fo r  evaluatin g th e appropriatenes s 
of  th e tutor' s assistance .  I n on e bloc k th e tuto r  woul d no t  hav e provide d assistance ,  s o tha t  onl y 1 5 
assistance s wer e t o b e evaluated .  I n 1 0 case s explanator y tex t  an d i n 5  case s correcte d example s woul d 
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have been presented. The tutor's assistance was then compared to the learners' verbalisations, which were 
use d t o judg e whethe r  th e tuto r  assistanc e woul d hav e bee n adequate .  Th e tutor' s assistanc e wa s judge d a s 
helpfu l  i n 6  cases ,  a s neutra l  i n 6  cases ,  an d a s inappropriat e i n 3  cases .  I n tw o o f  th e 6  helpfu l  case s th e 
tutor' s correcte d exampl e woul d hav e prevente d a n erro r  pat h o f  nin e episodes ,  whic h ma y b e judge d t o b e 
quit e effective . 

Most Intelligent Tutoring Systems are more instruction- than exploration-based and provide the 
studen t  wit h rathe r  littl e possibilit y  t o lear n b y exploration .  However ,  fo r  acquirin g compute r  knowledg e 
learnin g b y exploratio n ma y b e quit e fruitful .  Th e studie d materia l  ma y b e bette r  remembere d whe n 
learnin g b y exploratio n becaus e student s themselve s ca n selec t  wha t  t o lea m an d becaus e th e learnin g 
materia l  originate s from  th e students '  ow n memory ,  an d fo r  whateve r  reaso n self-generate d informatio n i s 
bette r  remembere d (Slameck a &  Katsaiti ,  1987) .  Wit h respec t  t o performin g simpl e programmin g task s 
thi s predictio n wa s confirme d fo r  learner s wh o ha d som e ver y genera l  prio r  domai n knowledg e (compute r 
users) ,  bu t  no t  fo r  complet e computer-novices .  Learnin g b y exploratio n allow s t o practis e th e generatio n 
of  possibl e syste m inputs ,  whic h appear s t o b e a n importan t  compute r  skil l  component .  W e sugges t  tha t 
learnin g b y exploratio n ca n becom e eve n mor e effectiv e whe n a  learner' s exploratio n i s monitore d s o tha t 
ofte n occurin g problem s ca n b e detecte d an d bypasse d b y givin g appropriat e instructions .  A  supervise d 
exploratio n environmen t  fo r  th e learnin g o f  som e LISP-basic s wa s described .  I n thi s environmen t 
explanator y tex t  an d a n error-correctio n facilit y  ar e use d t o provie d learner s wit h genera l  informatio n a s 
wel l  a s wit h informatio n abou t  th e specifi c  form s o f  system-inputs .  A  preliminar y empirica l  evaluatio n wa s 
performe d fo r  a n implementatio n o n a  PC . 

We believ e tha t  supervise d exploratio n ma y b e particularl y suite d fo r  learnin g th e specifi c  form s fo r 
codin g som e akead y know n procedure s i n a  ne w environment ,  llii s  ma y occu r  whe n writin g a  progra m i n 
a ne w programmin g languag e o r  usin g som e ne w applicatio n software .  Sinc e th e command s o f  a  syste m 
may b e separatel y learned ,  the y ca n b e learne d b y exploratio n an d ma y b e eve n bette r  learne d b y 
supervise d exploration .  However ,  instruction-base d learnin g ma y b e necessar y fo r  acquirin g mor e 
comple x knowledge .  Learnin g b y supervise d exploratio n i s therefor e onl y propose d a s a  componen t  fo r 
Intelligen t  Tutorin g Systems . 
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