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Abstrac t 

This paper describes a prototype of a simulated physics student 
tha t  ieani s b y interactin g wit h a  huma n tutor .  Th e syste m 
solve s physic s problem s whil e showin g it s wor k o n a  work -
statio n screen ,  an d th e tuto r  ca n interven e a t  certai n point s 
durin g problem-solvin g to  advis e th e simulate d studen t  Thi s 
prototyp e constitute s a n initia l  cognitiv e tas k analysi s o f  th e 
skil l  o f  learnin g from  a  tutor ,  whic h prescribe s severa l  tutor -
in g practice s tha t  appea r  to  b e plausibl e fo r  bot h huma n an d 
compute r  tutors . 

Introduction 

Step s i s a5imulated,lutorabl e physic s student .  Tha t  is .  i t  i s a 
machin e learnin g progra m tha t  learn s fro m feedbac k an d hint s 
provide d b y a  a  h u m a n tuto r  a s i t  solve s physic s problems . 
The mai n motivatio n fo r  STEP S i s t o se e i f  i t  i s  technicall y 
feasibl e t o buil d a  simulation-base d tuto r  trainin g system ,  an d 
a preliminar y evaluatio n o f  it s  potentia l  fo r  trainin g huma n 
tutor s ha s bee n conducte d (U r  an d VanLehn ,  1994) .  However , 
thi s pape r  focuse s o n wha t  STEP S ha s taugh t  u s abou t  th e 
cognitiv e tas k o f  learnin g fro m a  tutor . 

Althoug h computationa l  theorie s o f  huma n skil l  acquisitio n 
exis t  (e.g .  Anderson ,  1990 ;  Newell ,  1991 ;  VanLehn ,  Jone s 
and Chi ,  1992 )  the y d o no t  adequatel y addres s interactiv e 
learning ,  wherei n a  learne r  an d a  tuto r  ca n converse .  The y 
appl y mos t  readil y  t o instructiona l  situation s wher e th e learne r 
work s alon e o r  wit h minima l  supervision .  STEP S i s a n 
extensio n o f  on e suc h theor y (Cascade—se e VanLeh n e t 
al. ,  1992 )  t o interactiv e learning ,  bu t  ther e ar e a s ye t  s o fe w 
empirica l  studie s o f  human-huma n tutoring ,  esp)eciall y  fro m 
th e tutce' s poin t  o f  vie w (se e Merrill ,  Reiser ,  Ranne y an d 
Trafton ,  1992 )  tha t  man y o f  th e desig n decision s i n STEP S ar e 
unconstraine d b y empirica l  evidence .  A t  thi s point ,  w e 
canno t  clai m tha t  STEP S i s a  theor y o f  interactiv e learning . 
However ,  i t  doe s provide s a n initia l  cognitiv e tas k analysi s o f 
th e proces s o f  learnin g fro m a  tutor . 

Th e benefi t  o f  havin g a  computationa l  cognitiv e tas k anal -
ysi s o f  learnin g (i.e. ,  a  simulate d student )  i s  tha t  on e ca n 
readil y se e h o w t o organiz e instructio n s o tha t  i t  wil l  b e 
learne d mos t  effectively .  I n particular ,  w e wil l  indicat e a n 
number  o f  tutorin g practice s tha t  optimiz e STEPS' s learnin g 
and appea r  t o b e plausibl e prescription s fo r  bot h huma n an d 
compute r  tutors .  Moreover ,  w e understan d completel y wh y 
th e prescribe d policie s optimiz e learnin g (o r  a t  least ,  STEPS' s 
learning) ,  whic h i s no t  th e cas e wit h th e heuristic s tha t  ar e 
currentl y use d fo r  designin g th e pedagogica l  component s o f 
intelligen t  tutorin g systems . 

Firs t  th e syste m i s described ,  an d it s operatio n i s illustrate d 
wit h severa l  shor t  sessions .  The n w e presen t  th e tutorin g tac -
tic s suggeste d b y Steps' s desig n an d discus s thei r  suitabilit y 
as prescription s fo r  h u m a n an d compute r  tutoring . 

The System 

Step s utilize s th e simulate d physic s studen t  embodie d i n th e 
Cascad e syste m (se e VanLehn ,  Jone s an d Chi ,  199 2 fo r  a 
descriptio n o f  a n earlie r  version )  a s it s basi c problem-solver , 
and th e O l a e interfac e (Marti n an d Vanlehn ,  1993) ,  o n whic h 
i t  show s it s wor k an d accept s inpu t  fro m th e tutor .  Bot h 
system s hav e bee n modified ,  extende d an d linke d t o for m 
Steps .  Th e nex t  section s wil l  describ e th e system' s interface , 
problem-solve r  an d learner . 

User Interface 

Th e Step s scree n i s  divide d int o severa l  window s (se e 
figure  1) :  th e ico n window ,  whic h display s icon s representin g 
physic s problem s (to p bar) ,  th e proble m window ,  whic h 
display s th e tex t  an d diagra m o f  th e curren t  proble m (uppe r 
right),  th e diagra m window ,  whic h wil l  contai n th e fre e bod y 
diagra m tha t  Step s construct s (lowe r  right),  th e solutio n 
window ,  wher e Step s ca n writ e equation s (uppe r  left) ,  an d 
th e dialo g window ,  wher e Step s comment s abou t  it s  progress . 
describe s ne w variable s i t  wil l  b e using ,  request s hel p fro m 
th e tutor ,  etc .  (lowe r  left) . 

The tuto r  choose s a  proble m t o pos e t o Step s b y clickin g 
on it s icon .  Th e proble m descriptio n i s  the n presente d 
i n th e proble m window ,  an d Step s start s t o solv e th e 
proble m b y drawin g vector s (representin g forces ,  velocitie s 
and accelerations )  an d axe s i n th e diagra m w indo w an d 
writin g equation s i n th e solutio n window . 

Afte r  eac h proble m solvin g actio n i s  displaye d o n th e 
screen ,  th e tuto r  i s give n a n opportunit y t o intervene .  Th e 
tuto r  ca n cros s ou t  a n actio n tha t  Step s ha s take n b y pointin g 
t o it s representatio n o n th e screen .  Th e tuto r  ma y als o dra w 
an arro w i n th e diagra m w indo w o r  ente r  a n equatio n i n th e 
solutio n window .  I n th e latte r  case ,  th e syste m allow s onl y 
inpu t  tha t  i t  ca n parse ,  enforcin g variabl e name s tha t  ar e 
consisten t  wit h th e problem-solver' s representation .  W h e n 
th e tuto r  ha s sai d al l  h e wishe s t o say ,  h e click s th e " G o Ahead " 
button ,  whic h passe s contro l  bac k t o th e problem-solver . 

Problem Solving 

Currently ,  th e proble m solver' s knowledg e cover s a  subse t 
of  th e materia l  i n Chapter s 2- 5 o f  a  colleg e physic s text -
boo k (Hallida y an d Resnick ,  1988) ,  includin g kinematic s an d 
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Figur e 1 :  T h e O l a e scree n 

Newtonia n Mechanics .  Thi s knowledg e i s represente d b y a 
set  o f  rule s (e.g .  I f  sprin g A  touche s objec t  B  the n A  exert s 
pressur e forc e F  o n B )  an d equation s (e.g .  I f  X  i s a  massiv e 
body ,  clos e t o earth ,  the n W = mg wher e W i s X' s weight ,  m 
i s X' s mas s an d g  i s th e gravitationa l  constant) .  Usin g thi s 
knowledge .  Step s ca n solv e quantitativ e physic s problem s 
of  th e kin d describe d i n Figure s 2-4 .  Thes e problem s ar e 
availabl e t o STEP S a s list s o f  predicate s whic h describ e th e 
situation ,  give n quantitie s an d sough t  quantities . 

T h e declarativ e rule s ar e use d b y a n agenda-base d top -
leve l  contro l  structure .  A t  eac h iteratio n o f  th e top-leve l  loop , 
possibl e task s ar e proposed .  W h e n al l  possibl e task s hav e 
bee n queued ,  on e o f  the m i s selecte d fo r  execution ,  executed , 
an d marke d a s havin g bee n tried .  Thi s proces s continue s 
unti l  th e proble m i s solved .  I n th e physic s domain ,  th e task s 
ar e creatin g variable s fo r  give n an d sough t  quantitie s i n th e 
problem ,  choosin g bodies ,  choosin g method s (e.g. ,  forces , 
energies) ,  drawin g th e fre e bod y diagram ,  drawin g th e axes , 
an d writin g a n equation .  O n c e a  tas k ha s bee n chose n fo r 
execution ,  th e rule s tha t  implemen t  i t  ar e enabled ,  an d thes e 
fire  unti l  quiescence ,  whic h signal s th e nex t  iteratio n o f  th e 
top-leve l  loop . 

Steps '  progres s i s visibl e o n th e scree n a s i t  draw s arrow s 
o n th e fre e bod y diagra m an d write s equations .  Eac h tim e 
tha t  th e proble m solve r  display s anothe r  ste p i n th e solution , 
i t  pause s an d ask s th e tutor ,  " G o ahead? "  I f  th e tuto r  answer s 
yes ,  th e proble m solve r  continue s fro m exactl y wher e i t  lef t 
off .  However ,  th e tuto r  ca n als o cros s ou t  equation s o r 
arrows ,  o r  ad d n e w equation s o r  arrow s befor e answerin g 
yes .  W h e n thi s occurs ,  STEP S (a )  delete s al l  th e goal s o f  th e 
proble m solver ,  (b )  handle s th e tutor' s inputs ,  (c )  reconstruct s 
th e proble m solvin g goals ,  the n (d )  resume s proble m solving . 
Thi s sam e four-ste p proces s als o occur s afte r  th e proble m 
solve r  ha s gotte n stuc k an d aske d th e tuto r  fo r  help . 

T h e tutor' s inpu t  ofte n change s th e stat e o f  th e proble m 
solvin g s o m u c h tha t  i t  i s  impossibl e t o continu e proble m 
solvin g fro m wher e i t  lef t  off .  Tha t  i s w h y STEP S delete s th e 

"ftbl e 1 :  STEPS' s top-leve l  algorith m 

C«t problem from tutor 
Kapeat  unti l  proble m aolve d 

Cenertt e nex t  ete p (I C known ) 
Cet  tutor' *  idvlc e 
I f  (c<* e I I  tuto r  lufgeete d «te p 

Tr y t o deriv e tutor' *  ete p 
ele e I f  Tuto r  croeee d ou t  ete p 

I f  (cae e 2 1 Tuto r  ale o eugqeate d alternativ e ate p 
Deriv e tutor' *  ate p 
Tr y t o fin d divergenc e betwee n derivation * 
Delet e rul e a t  divergenc e 

ele e i f  (cae e 3 1 Can nodif y croaaed-ou t  ate p 
Generat e modifie d ate p 

I f  Tuto r  approve a i t 
Try t o deriv e I t 

ela e (caa e i ) 
Hir k ate p fo r  late r  learnin g 

I f  an y atep a marke d fo r  late r  learnin g 
Fin d flra t  prevloual y unuae d rul e i n derivatio n an d delet e i t 

goal s befor e handling  th e tutor' s inpu t  an d reconstruct s goal s 
afterwards .  Goa l  reconstructio n (VanLeh n an d Ball ,  1991 ) 
i s simpl e i n Steps '  agenda-base d contro l  structure .  Th e 
syste m check s i f  n e w task s hav e becom e possibl e give n th e 
tutor' s input ,  the n choose s whic h tas k t o execut e i n th e usua l 
way.  Sometime s a  tuto r  m a y leav e th e mos t  recentl y writte n 
equatio n alon e an d modif y a n arro w o r  equatio n writte n 
earlier .  I n thi s case ,  STEP S assume s tha t  al l  th e reasonin g 
take n sinc e th e modifie d actio n i s n o w suspect ,  s o i t  mentall y 
crosse s thos e result s out . 

Th e tuto r  m a y tak e severa l  action s befor e givin g conu-o l 
bac k t o STEPS,  an d h o w STEP S learn s fro m thi s inpu t  depend s 
on wha t  th e specifi c  action s are .  Tabl e 1  summarize s Steps' s 
algorithm ,  an d th e nex t  sectio n describe s i n mor e detai l  Steps * 
method s fo r  learnin g n e w rule s an d deletin g ol d ones . 

Learning 

W h en th e tuto r  demonsu-ate s wha t  th e nex t  actio n shoul d b e 
(cas e 1  i n Tabl e 1) ,  an d th e syste m realize s tha t  i t  canno t 
generat e thi s actio n usin g it s curren t  se t  o f  rules ,  i t  trie s t o 
lear n n e w rule s tha t  woul d enabl e generatio n o f  th e actio n 
i n futur e usin g Explanation-Base d Learnin g o f  Correctnes s 
(VanLeh n e t  al. ,  1992) .  Th e syste m trie s t o deriv e th e correc t 
actio n usin g a  se t  o f  overl y genera l  rule s tha t  ar e par t  o f 
it s  knowledg e base .  I f  i t  i s  successful ,  i t  create s (usin g 
Explanation-Base d Generalizatio n (Mitchel l  e t  al. ,  1986) ) 
n e w rule s tha t  ar e mor e specifi c  tha n th e overl y genera l  rule s 
but  genera l  enoug h t o appl y t o mor e tha n thi s specifi c  problem . 
Thes e ne w rule s becom e par t  o f  th e system' s knowledg e base . 
Ther e i s fairl y  goo d evidenc e tha t  thi s  i s h o w huma n student s 
lear n n e w rule s i n thi s tas k domai n (VanLehn .  Jone s an d Chi , 
1992 ;  V a n U h n an d Jones ,  1993) . 

W h en th e tuto r  supplie s negativ e feedbac k o n a n action , 
th e syste m assume s th e incorrec t  actio n wa s a  resul t  o f  a n 
incorrec t  rule .  W h a t  happen s nex t  depend s o n whethe r  th e 
tuto r  supplie d a n alternative ,  correc t  action . 

I f  th e tuto r  ha s supplie d a  correc t  alternativ e actio n (cas e 
2 i n 'Rtbl e 1) ,  th e syste m attempt s t o deriv e i t  usin g it s 
rules .  I f  th e attemp t  i s successful ,  th e syste m trace s throug h 
th e derivatio n o f  th e correc t  actio n an d th e derivatio n o f 
th e incorrec t  action ,  the n delete s th e rul e tha t  cause d th e 
derivation s t o diverge .  Thi s i s a  standar d machin e learnin g 
techniqu e fo r  handling  negativ e feedbac k (Sleema n e t  al. . 
1982) .  However ,  ther e i s a s ye t  n o evidenc e tha t  huma n 
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student s us e i t  becaus e n o fine-grained  (e.g. ,  protocol )  studie s 
of  learnin g fro m a  tuto r  hav e bee n conducted.  Nonetheless ,  i t 
i s clea r  tha t  h u m a n student s d o lear n fro m negativ e feedbac k 
(e.g. ,  Anderson ,  Conra d an d Corbett ,  1989 )  an d thi s i s a 
relativel y simple ,  parsimoniou s mechanis m tha t  doc s th e job . 

W h en n o additiona l  feedbac k i s given,Stcp s firs t  consider s 
generatin g it s o w n actio n t o replac e th e crosscd-ou t  one .  I f  i t 
decide s i t  shoul d (cas e 3  i n l̂ ibl e 1 )  i t  syntacticall y modifie s 
it s ol d actio n an d the n ask s th e tuto r  fo r  confirmation .  I f  th e 
tuto r  confirm s tha t  Steps '  n e w actio n i s correct ,  the n learnin g 
continue s jus t  a s i f  th e tuto r  ha d supplie d th e correc t  action . 

On th e othe r  hand ,  STEP S ca n decid e tha t  th e tuto r  supplie d 
no correc t  actio n fo r  th e crossed-ou t  actio n becaus e ther e i s 
no suc h correc t  actio n (cas e 4  i n Tabl e 1) .  I n thi s case ,  th e 
standar d machin e learnin g assignment-of-blam e techniqu e 
wil l  no t  work ,  s o STEP S mus t  us e a  risker  approach .  I t  mark s 
th e incorrec t  actio n a s somethin g i t  need s t o thin k abou t  onc e 
proble m solvin g ha s bee n done ,  an d proceeds .  W h e n th e 
proble m ha s bee n solved ,  th e syste m isolate s th e derivatio n o f 
th e incorrec t  actio n an d delete s th e first  rul e i t  finds  tha t  ha s 
not  bee n use d successfull y i n a  previou s problem .  Obviously , 
th e succes s o f  thi s tacti c depend s heavil y upo n th e se t  o f 
problem s th e syste m ha s bee n expose d lo . 

Illustrations 

I n thi s section ,  w e illustrat e Steps '  operatio n b y presentin g 
problem s t o i t  i n pairs .  Th e first  proble m o f  eac h pai r  give s 
i t  th e opportunit y l o lear n som e ne w rules ,  an d th e secon d 
allow s i t  t o demonstrat e wha t  i t  ha s learned . 

Th e first  pai r  o f  problem s demonstrate s th e learnin g o f  ne w 
rule s vi a E B L C .  I n th e first  problem ,  th e syste m i s require d l o 
solv e a  simpl e proble m involvin g a  bloc k restin g o n a  sprin g 
(se e figure  2(a)) .  Th e syste m draw s th e fre e bod y diagra m 
fo r  th e proble m (se c figure  2(b)) .  Th e fre e bod y diagra m i s 
incomplete ,  sinc e th e forc e exerte d b y th e sprin g o n th e bloc k 
i s missin g becaus e th e syste m doe s no t  k n o w abou t  thi s typ e 
of  force .  Th e syste m the n derive s a n erroneou s instantiatio n 
of  Newton' s Firs t  Law ,  statin g tha t  m g =  0 .  Th e tuto r 
intervene s a t  thi s point ,  an d draw s a n arro w originatin g a t 
th e block ,  pointin g upwards .  H e the n indicate s l o th e syste m 
tha t  i t  shoul d continue .  Th e system ,  face d wit h a  hin t  b y th e 
tutor ,  decide s t o tr y t o explai n th e hin t  t o itself .  I t  doe s s o 
by activatin g it s overly-genera l  rule s an d tryin g t o deriv e th e 
actio n o f  drawin g a n arro w lik e th e on e draw n b y th e tutor . 
I t  succeed s i n doin g s o b y employin g rule s tha t  sugges t  tha t 
a sprin g i s a n instanc e o f  a  pusher ,  tha t  pusher s push ,  an d 
tha t  pushe s ca n b e forces .  Onc e th e syste m ha s succeede d i n 
derivin g th e tutor' s suggeste d action ,  i t  add s ne w rule s t o it s 
knowledg e base .  Thes e ne w rule s (show n i n figure  2(c) )  ar e 
th e resul t  o f  applyin g E B L t o th e derivation . 

Step s assume s tha t  th e reasonin g i t  engage d i n afte r  leavin g 
out  th e sprin g forc e i s suspect ,  s o i t  crosse s ou t  th e equatio n 
i t  generated ,  an d attempt s t o generat e anothe r  equation .  Thi s 
tim e i t  produce s a  correc t  instantiatio n o f  th e Firs t  Law . 

Th e thir d proble m describe s a  situatio n wher e a  forc e 
was applie d fo r  a  shor t  perio d o f  tim e (se e figure  3(a)) .  Thi s 
situatio n trigger s a  c o m m o n misconceptio n i n huma n student s 
— th e belie f  tha t  a n agen t  tha t  move s a  bod y impart s impetu s 
t o th e bod y (Hallou n an d Hestenes ,  1985) .  Th e syste m draw s 
th e fre e bod y diagra m show n i n figure  3(b) ,  whic h contain s 

th e forc e tha t  th e m a n extn s o n th e block .  Th e tuto r  promptl y 
crosse s ou t  th e a n o w representin g thi s force ,  an d click s th e 
" G o Ahead "  button .  Becaus e th e tuto r  ha s no t  supplie d a 
correcte d versio n o f  th e crosscd-ou t  forc e an d Step s canno t 
see h o w t o d o so ,  th e syste m decide s tha t  th e actio n jus t 
shoul d no t  hav e generate d a t  all .  Thus ,  i t  continue s solvin g 
th e problem ,  bu t  whe n i t  ha s finished,  i t  searche s fo r  th e rul e 
tha t  shoul d b e blame d fo r  derivin g th e actio n o f  drawin g th e 
crossed-ou t  force .  Th e syste m walk s backwar d alon g th e 
derivatio n tre e o f  th e action ,  lookin g fo r  a  rul e tha t  ha s neve r 
bee n use d i n a  proble m tha t  wa s correctl y solved .  Th e firs t 
suc h rul e i s indee d th e rul e embodyin g th e misconception ,  an d 
thi s rul e i s marke d a s incorrect .  Th e nex t  problem ,  involvin g 
a rocke t  tha t  fires  it s engine s fo r  a  shor t  period ,  i s  solve d 
correctly—th e syste m doe s no t  dra w th e "impetus "  force . 

I n th e fifth  problem ,  a  rocke t  tha t  i s  acceleratin g i n a 
directio n opposit e t o th e directio n o f  it s  motio n (se e fig-
ur e 4(a)) .  Th e system' s knowledg e bas e contain s a n incorrec t 
rule ,  whic h stale s tha t  i f  a  bod y i s movin g i n directio n X ,  it s 
acceleratio n i s als o i n directio n X .  Thi s i s on e manifesta -
tio n o f  th e misconception s cause d b y lac k o f  differentiatio n 
betwee n velocit y an d acceleratio n (Hallou n an d Hestenes , 
1985 ;  Reif ,  1987) .  Th e syste m start s drawin g th e fre e bod y 
diagra m an d produce s th e acceleratio n arro w show n i n fig-
ur e 4(b) .  Th e tuto r  intervenes ,  an d crosse s ou t  th e incorrec t 
(downwar d pointing )  acceleratio n arrow .  Th e syste m trie s t o 
fix  th e arro w usin g a  simpl e repai r  heuristic :  Tr y reversin g 
th e directio n o f  a n arrow .  I t  draw s th e acceleratio n arrow , 
thi s tim e pointin g upwards ,  an d ask s th e tuto r  "Shoul d i t  g o 
thi s way? "  Th e tuto r  confirms ,  an d th e syste m decide s l o tr y 
t o explai n t o itsel f  w h y thi s i s tru e b y derivin g th e correc t 
actio n — drawin g th e acceleratio n arro w pointin g upwards . 
Usin g th e correc t  rule ,  whic h stale s tha i  whe n th e bod y i s 
slowin g down ,  th e directio n o f  it s  acceleratio n i s th e opposit e 
of  th e directio n o f  it s motion ,  th e syste m derive s th e correc t 
action .  I t  the n trie s l o find  whic h rul e wa s responsibl e fo r 
th e incorrec t  action .  Thi s i s don e b y walkin g backwar d alon g 
bot h derivatio n tree s (th e incorrec t  action' s an d th e correc t 
action's )  simultaneously ,  an d finding  th e poin t  wher e the y 
diverge .  Th e ba d rul e i s assume d l o b e th e first  rul e a t  th e 
divergenc e poin t  i n th e incorrec t  action' s derivation ,  an d i t 
i s  marke d a s incorrect .  Th e nex t  problem ,  whic h hold s th e 
possibilit y  o f  makin g th e sam e mistake ,  i s solve d correctly . 

Tbtoring Tactics Indicated by Steps 

As w e hav e demonstrated .  Step s learn s l o solv e physic s 
problem s whil e receivin g m u c h th e sam e informatio n a s a 
human studen t  would .  W e canno t  ye t  sho w tha t  everythin g 
i t  doe s i s matche d b y huma n behavior ,  howeve r  man y o f  it s 
learnin g mechanism s ar e plausibl e an d hav e som e indepen -
dent  suppor t  i n th e learnin g literature .  Sinc e thi s i s th e case , 
we ma y assum e tha t  tutorin g tactic s tha t  hel p Step s lear n 
mor e effectivel y shoul d als o b e employe d b y huma n an d 
machin e tutors .  Moreover ,  w e ca n n o w explai n wh y thes e 
tactic s ar e mor e effective .  I n ihi s section ,  w e wil l  discus s 
thes e tutorin g tactics . 

Immediate Feedback. It is much easier for STEPS lo learn 
fro m immediat e negativ e feedbac k tha n fro m delaye d negativ e 
feedback .  W h e n face d wit h delaye d negativ e feedback ,  whic h 
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A bloc k o f  m»» » m ! •  raatln g 
en a  spring .  Whmt  i s th « 
proasur *  o n th a spring ? 

I f  A  i s a  sprin g an d 
B i s a n objec t  an d 
A touche s B 

The n A  exert s a  pressur e forc e F  o n B 

I f  B i s a  bod y an d 
3 a  pressur e forc e F  exerte d o n B  b y A 

The n magnitudc(F )  =  pressure(A ) 
I f  A  exert s a  pressur e forc e F  o n B  an d 

th e valu e o f  functio n X  applie d t o A  i s y 
The n th e valu e o f  functio n X  applie d t o F  i s y 
I f  thcposiliono f  A  relativ e t o B  i s x 

an d A  exert s a  pressur e forc e F  o n B 
The n th e directio n o f  forc e F  i s x 

(a )  Proble m descriptio n (b )  Fre e bod y diagra m generate d 
by Step s fo r  Problem ! 

(c )  N e w rule s learn t 

Figur e 2 :  Proble m 1 

I n thl a Atwood' s Machine ,  th *  maaa o f 
bot h blocX a l a m,  k  m̂r t  puaha d on *  o f 
th « block a upwar d wit h fore *  F  an d 
atart* d th a ̂ achln *  i n action .  What  l a 
th « t*nalo n I n th a atrln g aft« r  th a Man 
waa n o longa r  touchin g th a box ? 

m 

t 

1 

i  t 

d.  , 
1 

( ^ ^  V ^ 

S '  n 
i- > 1 

V 

f -
E 
*J 

•  -S . 
2 

A i 

(a )  Proble m descriptio n (b )  Fre e bod y diagra m generate d b y STEPS 

Figur e 3 :  Proble m 3 

A rocke t  o f  mas s m slow s it s landin q b y 
employin g it s engine s wit h forc e T .  What  i s 
th e acceleratio n o f  th e rocket ? 

A A 

u 

lii l 

(a )  Proble m descriptio n (b )  Acceleratio n arro w generate d b y Step s 

Figure4 :  Prob lem s 
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refer s l o a n actio n iha l  i s no t  th e las t  action ,  STEP S mentall y 
crosse s ou t  th e action s i t  too k sinc e th e incorrec t  action . 
However ,  thi s i s no t  alway s surficient .  I n man y case s a n 
incorrec t  actio n result s i n erroneou s conclusion s tha t  ar c 
not  manifeste d i n action s bu t  resid e i n workin g memory . 
Step s doe s no t  tr y  t o c o m b throug h it s memor y searchin g fo r 
conclusion s tha t  ar e rendere d suspec t  b y th e tutoria l  input ,  s o 
subsequen t  error s ar e possible . 

Severa l  studie s indicat e tha t  immediat e feedbac k i s bette r 
fo r  huma n learner s tha n delaye d feedback  (Anderson ,  Conra d 
and Corbct t  1989 ;  Lewi s an d Anderson .  1985) .  Anderson' s 
initia l  explanatio n fo r  thi s effec t  wa s tha t  delayin g feedbac k 
makes i t  harde r  fo r  th e studen t  t o recal l  th e reasonin g tha t 
le d t o th e incorrec t  action ,  thu s makin g i t  mor e difficul t 
10 local e an d repai r  th e incorrec t  knowledge .  However , 
i n vie w o f  th e fac t  tha t  student s ca n ofte n reconstruc t  thei r 
reasonin g fro m th e scratchwor k visibl e o n th e pape r  o r  screen , 
Anderson' s curren t  explanatio n i s simpl y tha t  immediat e 
feedbac k prevent s student s fro m wastin g tim e goin g d o w n 
unproductive  path s (Anderso n e i  al. ,  1994) ,  s o dela y doe s no t 
affec t  th e probabilit y  o f  learnin g fro m th e feedback ,  onl y th e 
efficiency . 

Step s i s consisten t  wit h Anderson' s lates t  explanation ,  i n 
tha t  i t  ha s n o mor e troubl e locatin g th e incorrec t  knowledg e 
when feedbac k i s delaye d tha n whe n i t  i s  immediate .  Thus , 
delayin g feedbac k waste s Steps' s tim e bu t  doe s no t  affec t 
whethe r  i t  wil l  lear n fro m th e feedback . 

However ,  th e developmen t  o f  Step s suggest s tha t  ther e 
i s a  subtl e penalt y fo r  usin g delaye d feedback .  W h e n a 
tuto r  point s ou t  a n "old "  erro r  t o a  huma n student ,  th e 
studen t  mus t  retrac t  th e conclusion s o f  hi s reasonin g fro m 
tha t  poin t  onward s (whic h i s wha t  STEP S does) ,  o r  engag e i n 
a complicate d proces s o f  dependency-directe d backtrackin g 
tha t  woul d leav e bot h hi s interna l  m e m o r y an d hi s externa l 
memory (th e page )  disordered ,  an d m a y confus e hi m i n futur e 
reasoning .  Eithe r  way ,  subsequen t  error s tha t  th e studen t 
makes m a y no t  b e du e t o knowledg e flaws,  bu t  t o incomplet e 
retractio n o f  obselet e inferences .  Th e tuto r  shoul d eithe r  tak e 
thi s int o accoun t  whe n respondin g t o an y subsequen t  error s 
tha t  th e studen t  makes ,  o r  star t  th e proble m ove r  fro m th e 
beginning ,  o r  m o v e t o a  new ,  simila r  problem . 

I n short .  Step s "teaches "  th e tuto r  tha t  delaye d feedbac k 
i s jus t  a s likel y t o b e successfu l  a s immediat e feedbac k 
(althoug h i t  doe s wast e som e time) ,  bu t  i t  m a y complicat e 
th e interpretatio n o f  an y subsequen t  error s whil e solvin g th e 
problem .  Thi s i s a  rathe r  non-obviou s tutorin g tactic ,  s o 
tutor s w h o ar e no t  usin g th e tacti c alread y m a y find  i t  a 
difficul t  discove r  eve n whil e practicin g tutorin g wit h Steps . 
Thi s i s w h y w e believ e tha t  Step s an d othe r  simulate d 
student s canno t  stan d alon e a s tuto r  trainin g devices .  The y 
must  b e accompanie d b y instructio n o n tutorin g tha t  explicitl y 
mention s consideration s lik e th e one s discusse d here . 

Low Content Negative Feedback. Whenever Steps takes 
an actio n tha t  i s basicall y correc t  bu t  ha s som e detail s wrong , 
th e tuto r  ca n eithe r  cros s ou t  th e actio n an d giv e a  correc t 
versio n (hig h conten t  negativ e feedback) ,  o r  jus t  cros s ou t  th e 
actio n (lo w conten t  negativ e feedback) . 

L o w conten t  negativ e feedback  i s ofte n use d i n tutoring . 
H u m an tutor s ofte n initiat e a n episod e o f  negativ e feedbac k 

wit h a  lo w conten t  indication ,  suc h a s a n overl y lon g paus e 
(Fox ,  1993) .  M a n y intelligen t  tutorin g systems '  first  leve l 
of  negativ e feedback  consist s o f  beeping ,  highlightin g th e 
incorrec t  action ,  o r  issuin g som e othe r  lo w conten t  indicator . 

I n Steps ,  i f  th e tuto r  use s lo w conten t  feedback ,  the n th e 
learne r  ha s t o solv e tw o problem s tha t  i t  woul d no t  otherwis e 
hav e t o solve .  Firs t  i t  mus t  decid e whethe r  th e actio n wa s 
crosse d ou t  becaus e it s detail s ar e wron g o r  becaus e th e 
whol e thin g i s wron g (e.g. ,  a  non-existen t  force) .  Step s use s 
problem-specifi c  heuristic s t o mak e thi s decision .  I f  i t  select s 
th e deiails-are-wron g interpretation ,  the n i t  face s th e secon d 
problem ,  decidin g whic h detail s ar e wrong .  STEP S use s 
syntacti c heuristic s t o gues s a  correcte d versio n o f  th e action , 
and the n ask s th e tuto r  i f  i t  i s correct .  I f  i t  solve s thi s secon d 
proble m correctly ,  i t  finally  ha s a  correcte d action ,  s o learnin g 
proceed s jus t  a s i f  th e tuto r  ha d entere d tha t  actio n i n th e 
first  place .  Thus ,  lo w conten t  feedbac k ha s n o advantag e 
fo r  Step s ove r  high-conten t  feedback .  I t  onl y increase s th e 
chanc e tha t  Step s wil l  misinterpre t  th e feedback . 

Steps' s behavio r  i s consisten t  wit h huma n data .  M c K -
endre e (1990 )  showe d tha t  lo w conten t  feedback  cause d les s 
learnin g tha n feedback  tha t  provide d som e indicatio n abou t 
what  wa s wrong . 

Step s doe s no t  "teach "  tutor s t o avoi d lo w conten t  neg -
ativ e feedback ,  becaus e Step s ca n sometime s lear n fro m 
it .  However ,  i t  doe s "teach "  tutor s t o follo w u p lo w conten t 
negativ e feedbac k carefull y  i n orde r  t o mak e sur e tha t  th e stu -
den t  ha s learne d fro m it .  Fo r  instance ,  i f  th e tuto r  intende d a 
details-are-wron g interpretatio n an d STEP S doe s no t  propos e 
a correction ,  the n th e tuto r  shoul d mak e th e correctio n a t  th e 
first  opportunity . 

Using the Student's Vocabulary. In human-human tutorial 
interaction ,  th e usua l  complexitie s o f  understandin g dialogue s 
exist ,  thoug h somewha t  mitigate d b y th e us e o f  technica l 
word s an d symbols .  Step s sidestep s thes e issue s b y re -
strictin g tutoria l  inpu t  i n severa l  ways .  Th e tuto r  ca n onl y 
refe r  t o entitie s suc h a s forces ,  acceleration s an d equation s b y 
pointin g t o them ,  thereb y precludin g misidentificatio n o f  th e 
intende d referent ,  a  c o m m o n sourc e o f  misunderstandin g i n 
natura l  languag e dialogues .  I n addition .  Step s announce s th e 
meanin g o f  eac h ne w variabl e a s i t  i s  aeated ,  an d expect s th e 
tuto r  t o us e thes e variabl e names .  W îthou t  thes e conventions , 
th e Step s interfac e woul d b e complicate d immensely .  A 
tuto r  workin g wit h a  huma n studen t  coul d impos e thes e con -
vention s o n hersel f  b y pointin g t o th e graphi c representation s 
of  entitie s sh e i s referrin g t o an d usin g th e sam e variabl e 
names a s th e studen t  wheneve r  possible .  Suc h restriction s 
i n human-huma n interaction s coul d hel p student s avoi d som e 
of  th e problem s o f  disambiguatin g tutoria l  input ,  an d fre e 
students '  cognitiv e resource s fo r  th e importan t  learnin g task . 

Avoiding Shortcuts. A tutor may be tempted to collapse 
severa l  reasonin g step s int o on e resultin g action .  Conside r 
th e proble m presente d i n Figur e 2(a) .  Th e problem-solve r 
has no t  ye t  learne d abou t  pressur e forces ,  s o i t  omit s th e forc e 
exerte d b y th e sprin g o n th e bloc k an d generate s a n erroneou s 
equation .  Th e tuto r  coul d decid e t o interven e b y proposin g 
th e correc t  equation :  P  -  m g =  0 .  (Indeed ,  thi s i s exactl y 
what  th e tw o pilo t  subject s di d -  se e (U r  an d VanLehn ,  1994). ) 
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Step s canno t  understan d thi s intervention ,  becaus e i t  doe s 
not  kno w wha t  P  stand s for .  I n orde r  t o b e abl e t o understan d 
th e tutor' s coniment .  Step s woul d hav e ha d t o gues s tha t 
th e equatio n i s a n instantiatio n o r  Newton' s Law ,  therefor e 
addend s i n th e equatio n represen t  forces ,  s o ther e mus t  b e 
a forc e missin g fro m th e diagram .  I t  woul d the n hav e t o 
searc h fo r  th e missin g force .  Thi s chai n o f  reasonin g woul d 
be extremel y har d t o produce .  I n th e firs t  proble m describe d 
above ,  th e tuto r  chos e t o dra w i n th e missin g forc e o n th e fre e 
bod y diagram ,  an d thi s gav e Step s sufficien t  informatio n t o 
lear n abou t  pressur e force s an d t o generat e a  correc t  equatio n 
on it s own . 

Human student s ma y hav e simila r  difficultie s i n under -
standin g tutor s whe n the y engage s i n "reasonin g leaps. " 
Catrambon c (1993a ,  1993b )  ha s show n tha t  huma n student s 
als o lear n bette r  fro m example s wher e shortcut s ar e avoided . 

The tutorin g tacti c suggeste d b y Steps' s solutio n i s dif -
ficult  t o stat e precisel y becaus e i t  depend s o n th e detail s o f 
Step s explanatio n algorithm .  However ,  th e gis t  o f  i t  i s tha t 
th e tuto r  shoul d alway s tak e th e sam e smal l  step s tha t  th e 
studen t  does .  Thi s i s arguabl y a  reasonabl e conventio n fo r 
tutor s t o learn . 

Summary. We have discussed four tutoring tactics that 
Step s encourage s tutor s t o practice :  (a )  Delayin g feedbac k 
can caus e subsequen t  error s o n th e problem ,  s o conside r 
restartin g th e proble m o r  goin g t o a  ne w proble m whe n 
feedbac k ha s bee n delaye d significantly ,  (b )  Follo w u p lo w 
conten t  feedbac k carefull y t o mak e sur e tha t  th e studen t  di d 
not  misinterpre t  it .  (c )  I n orde r  t o mak e i t  easie r  fo r  th e 
studen t  t o understan d whic h object s i n th e proble m yo u ar e 
referrin g to ,  us e th e student' s name s fo r  variable s an d othe r 
problem-specifi c  terms ,  an d us e pointin g wheneve r  possible . 
(d )  W h e n demonstratin g a  lin e o f  reasoning ,  avoi d skippin g 
step s an d us e step s a s smal l  a s th e studen t  uses .  Thes e fou r 
tutorin g tactic s coul d easil y b e employe d a s desig n policie s fo r 
th e pedagogica l  componen t  o f  a n intelligen t  tutorin g system . 
Unlik e othe r  prescriptiv e work ,  thes e piece s o f  advic e ar e 
eac h base d o n a  computationa l  mode l  tha t  indicate s exactl y 
why eac h tacti c improve s learning . 
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