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ABSTRACT 

We discuss the problem of transferring learned knowledge across domains, and charac-
teriz e tw o possibl e approaches .  Transfe r  throug h reoperationalizatio n involve s learn -
in g concept s i n a  domain-specifi c  for m an d transferrin g the m t o othe r  domain s b y 
recharacterizin g the m i n eac h domai n a s necessary .  Abstraction-base d transfe r  in -
volve s learnin g concept s a t  a  hig h leve l  o f  abstractio n t o facilitat e transferrin g the m t o 
othe r  domain s withou t  recharacterization .  W e discus s thes e approache s an d presen t 
an exampl e o f  th e abstraction-base d transfe r  o f  a  metho d o f  projection ,  o r  selectiv e 
lookahead ,  fro m th e gam e o f  ches s t o th e gam e o f  checkers ,  a s implemente d i n ou r 
test-be d syste m fo r  failure-drive n learnin g i n i)lannin g domains .  W e the n discus s 
a continuu m o f  abstractio n t o characteriz e learne d concepts ,  an d propos e a  corre -
spondin g continuu m characterizin g th e tim e a t  whic h th e computatio n necessar y fo r 
cross-domai n transfe r  i s accomplished . 

1 I n t r o d u c t i o n 

Human beings have the ability to learn a concept in one domain and apply it in a different 

domain .  Achievin g sucl i  cross-domai n transfer'\ s a  curren t  goa l  o f  machin e learnin g system s 

as well .  Transferrin g a  concep t  learne d i n on e domai n int o a  differen t  domai n involve s bot h 

determinin g tha t  th e concep t  i s applicabl e t o th e ne w domain ,  an d ccistin g i t  i n a  for m tha t 

i s appropriat e t o tha t  domain . 

Previou s studie s o f  th e huma n abilit y  t o transfe r  knowledg e betwee n domain s hav e 

investigate d th e wa y i n whic h thi s abilit y  depend s o n th e learnin g metho d employe d an d 

on th e learner' s prio r  knowledg e [Katona ,  1940 ;  llilgard ,  Irvine ,  an d Whipple ,  1953 ;  Maye r 

and Greeno ,  1972] .  I n particular ,  i t  ha s bee n observe d tha t  th e abilit y  t o transfe r  learne d 

concept s betwee n domain s depend s o n th e leve l  o f  abstractio n a t  whic h th e concept s ar e 

represente d an d indexe d [llilgard ,  Ergren ,  an d Irvine ,  1954 ;  Maye r  an d Greeno ,  1972 ; 

Single y an d Anderson ,  1989] .  Drow n ha s propose d a  hypothetica l  continuu m o f  knowledg e 

abstractio n i n th e contex t  o f  transfe r  tha t  range s fro m complet e theories ,  explainin g ho w 
a concep t  relate s t o th e othe r  knowledg e o f  th e system ,  t o arbitrar y solution s tha t  d o no t 
includ e an y explanatio n o f  eithe r  correctnes s o r  appropriateness ,  an d include s a  numbe r  o f 

intermediat e level s [Brown ,  198 9 . 

A compute r  syste m migh t  represen t  an d inde x concept s tha t  i t  learn s a t  an y o f  thes e 

level s o f  knowledg e abstraction ,  an d it s abilit y  t o transfe r  thi s learne d knowledg e t o anothe r 

domai n woul d depen d upo n th e leve l  employed .  I f  th e syste m formulate s a  concep t  i n term s 

of  a  genera l  theory ,  th e concep t  will ,  a s a  result ,  b e applicabl e t o an y domai n i n whic h th e 
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theor y i s applicable .  If ,  o n th e othe r  hand ,  th e syste m develop s onl y a  partia l  explanatio n o f 
a concept ,  withou t  tyin g i t  t o a  mor e genera l  theory ,  i t  ca n nevertheles s transfe r  thi s concep t 
t o domain s i n whic h th e explanatio n i s applicable .  Concept s fo r  whic h n o explanatio n i s 

generate d ca n o f  cours e b e applie d t o othe r  domain s onl y o n a  hit-or-mis s basis . 

The approac h tha t  mus t  b e take n t o transferrin g a  concep t  acros s domain s depend s 
upon th e leve l  o f  abstractio n o f  th e vocabular y i n whic h i t  i s  expressed .  I n particular ,  w e 

can distinguis h tw o basi c approaches ,  eac h appropriat e t o a  differen t  en d o f  th e abstrac -

tio n continuum .  Transfe r  throug h reoperationalizatio n applie s whe n transferrin g a  concep t 

tha t  ha s no t  bee n abstracte d ou t  o f  it s  particula r  domain ,  an d whic h therefor e mus t  b e 

recharacterize d i n term s appropriat e t o th e ne w domain .  Abstraction-base d transfer ,  o n 
th e othe r  hand ,  i s appropriat e whe n transferrin g a  concep t  expresse d i n term s o f  a  genera l 
theor y tha t  i s  alread y applicabl e t o th e ne w domain .  I n thi s pape r  w e wil l  discus s thes e 
tw o approaches ,  an d th e trade-of f  betwee n them ,  an d presen t  a  compute r  implementatio n 
of  abstraction-base d transfe r  i n competitiv e planning . 

2 Transfer through reoperationalization 

In transfer through reoperationalization, a concept is initially learned in a vocabulary specific 
t o a  particula r  domain ,  an d mus t  therefor e b e recharacterized ,  o r  reoperationalize d (see , 
e.g. ,  [Mostow ,  1983]) ,  whe n i t  i s  neede d i n anothe r  domain .  Th e distinctio n betwee n 

thi s approac h t o transfe r  an d other s i s tha t  n o processin g i s don e t o facilitat e transfe r 
of  a  concep t  befor e th e concep t  i s neede d i n th e ne w domain .  Thi s approac h ha s bee n 
take n b y a  numbe r  o f  researchers ,  includ e man y i n th e area s o f  case-base d reasonin g (see , 
e.g. ,  [Kolodner ,  1988 ;  Riesbec k an d Schank ,  1989] )  an d analog y (see ,  e.g. ,  [Centner ,  1983 ; 
Carbonell ,  1986]) .  I n thi s approach ,  transfe r  i s  accomplishe d i n tw o steps :  first ,  determinin g 
tha t  a  particula r  concep t  learne d i n on e domai n i s applicabl e t o anothe r  domain ,  an d 
second ,  expressin g th e concep t  i n th e vocabular y o f  th e ne w domain . 

Thi s approac h raise s severa l  difficul t  issues .  Th e firs t  step ,  determinin g tha t  a  concep t 
i s applicable ,  lead s t o th e indexin g problem ,  th e proble m o f  organizin g domain-specifi c 
concept s i n memor y i n a  wa y tha t  facilitate s retrieva l  i n appropriat e situation s i n othe r 

domain s (see ,  e.g. ,  [Schank ,  1982]) .  Th e secon d step ,  expressin g th e concep t  i n th e ne w 

domain ,  require s a  theor y o f  ho w t o ma p concept s betwee n th e tw o domain s (see ,  e.g. . 
Centner ,  1983]) .  Whil e a  numbe r  o f  fruitfu l  approache s t o thes e problem s hav e bee n 

developed ,  th e proces s o f  applyin g a  concep t  i n a  ne w domai n remain s computationall y 
expensive .  O n th e othe r  hand ,  th e benefi t  o f  transfe r  b y reoperationalizatio n i s tha t  n o 
effor t  i s expende d whe n th e concep t  i s learne d t o prepar e i t  fo r  us e i n domain s othe r  tha n 
th e on e i n whic h th e syste m i s currentl y operating . 

3 Abstraction-based transfer 

Abstraction-based transfer involves learning new concepts in a form that facilitates their 
transfe r  directl y t o othe r  relevan t  domains .  Thi s processin g involve s immediatel y general -
izin g th e concep t  t o th e highes t  leve l  o f  abstractio n tha t  i s supporte d b y it s explanatio n 

(see ,  e.g. ,  [DeJon g an d Mooney ,  1986 ;  Mitchell ,  Keller ,  an d Kedar-Cabelli ,  1986]) .  W h e n 
th e concep t  i s applie d i n th e ne w domain ,  i t  ca n eithe r  b e use d directl y o r  specialize d t o 

th e vocabular y o f  th e ne w domain . 
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Thi s approac h t o transfe r  ha s th e advantag e o f  minimizin g th e cos t  o f  indexin g an d 
mapping ,  sinc e appHcabl e concept s wil l  alread y b e expresse d i n term s relevan t  t o th e curren t 

domain .  O n th e othe r  hand ,  i t  raise s th e questio n o f  how ,  o r  eve n whether ,  th e concep t  ca n 

be learne d i n term s tha t  ar e abstrac t  enoug h t o appl y i n al l  domain s fo r  whic h th e concep t 

migh t  b e appropriate . 

4 A n i m p l e m e n t a t i o n o f  a b s t r a c t i o n - b a s e d t r a n s f e r 

Cross-domain transfer of knowledge is a central concern of our current research in failure-

drive n learnin g i n plannin g domain s (see ,  e.g. ,  [Birnbau m an d Collins ,  1988]) .  T o explor e 

thes e issue s mor e concretely ,  w e hav e implemente d a  game-playin g mode l  fo r  tw o playe r 
turn-takin g games ,  alon g wit h specifi c  rule s fo r  suc h game s a s ches s an d checkers ,  withi n 
our  test-be d syste m fo r  explorin g failure-drive n learnin g i n plannin g domain s (see ,  e.g. , 

Collins ,  Birnbaum ,  an d Krulwich ,  1989]) .  Thi s syste m provide s a  unifie d framewor k fo r 

inference ,  justificatio n maintenance ,  expectatio n monitoring ,  an d explanatio n o f  failures . 

Al l  o f  th e beliefs ,  rules ,  an d expectation s i n th e syste m ar e tagge d wit h justificatio n struc -
ture s indicatin g th e basi s fo r  th e system' s belie f  i n thei r  correctness .  Th e syste m learn s 
fro m it s failure s [Sussman ,  1975 ;  Schank ,  1982 ;  Hayes-Roth ,  1983 ;  Kolodner ,  1987 ;  Ham-

mond,  1989 ]  b y monitorin g th e trut h o f  an y jiiediction s i t  make s abou t  th e worl d i n th e 

cours e o f  it s  decision-making .  W h e n an y o f  thes e expectation s fail ,  th e syste m construct s 
an explanatio n o f  th e failur e usin g th e justificatio n fo r  tha t  expectation .  Shoul d thi s expla -

natio n revea l  a  bu g i n th e system' s decision-makin g mechanism ,  th e syste m wil l  attemp t 

t o modif y it s rule s t o correc t  th e problem ,  thu s avoidin g simila r  failure s i n th e future . 

Decision-makin g i n ou r  syste m i s accomplishe d b y a  fairl y general ,  albei t  rudimentary , 
mechanism .  First ,  th e decisio n componen t  compute s th e opportunitie s availabl e t o th e 
computer ,  usin g game-specifi c  notion s o f  threat s an d moves .  Th e result s o f  eac h possibl e 
move ar e the n predicte d b y th e projectio n component ,  whic h use s a  genera l  metho d fo r  al l 

games.  Thes e result s ar e the n ranke d b y th e evaluatio n component ,  whic h i s agai n specifi c 

• o th e gam e bein g played .  Th e compute r  the n choose s th e highest-ranke d suc h move . 

We will focus here on the second of these three components, the projection component. 

Becaus e th e genera l  metho d o f  projectio n use d b y ou r  syste m i s game-independent ,  i t  i s 

capabl e o f  supportin g abstraction-base d transfe r  betwee n games .  I n general ,  w e woul d lik e 

our  syste m t o projec t  th e result s o f  a  mov e a s fa r  int o th e futur e a s possible ,  becaus e thi s 
wil l  improv e it s valu e a s a n estimato r  o f  th e qualit y o f  tha t  move .  However ,  th e furthe r 

int o th e futur e a  projectio n i s carried ,  th e mor e expensiv e i t  wil l  b e t o compute ,  an d a 
syste m wil l  hav e n o basi s fo r  makin g a n a  prior i  decisio n abou t  thi s tradeof f  upo n enterin g 

a ne w domain .  Ou r  approac h t o thi s proble m i s t o hav e th e syste m star t  ou t  wit h a 

ver y simpl e projectio n mechanis m tha t  i t  wil l  augmen t  a s necessar y [Krulwich ,  Collins , 

and Birnbaum ,  1989] .  I n particular ,  ou r  syste m wil l  initiall y  projec t  th e result s o f  a  mov e 

by assumin g tha t  o n th e followin g tur n th e opponen t  wil l  mak e th e bes t  mov e tha t  i s 

curren</ y availabl e t o it .  Th e rul e tha t  implement s thi s projectio n method ,  whic h i s show n 

i n figure  1 ,  say s roughl y tha t  th e situatio n resultin g fro m makin g a  mov e i s th e situatio n 

afte r  makin g th e mov e an d afte r  th e opponen t  make s th e mov e whic h i s th e bes t  mov e a t 

th e curren t  time .  Thi s unsophisticate d procedur e considerabl y simplifie s th e projectio n 

problem ,  becaus e i t  obviate s th e nee d t o repeatedl y recomput e th e opponent' s respons e 

fo r  eac h mov e contemplate d b y th e planner .  However ,  it s validity ,  an d henc e th e validit y 

of  th e prediction s tha t  i t  generate s concernin g th e opponent' s moves ,  depend s upo n a n 
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(del-brul e proj-factor- 2 <...variabl e declarations... > 
(project-facto r  proj-factor-1. 5 worl d mov e playe r  resul t  1 ) 

<= 
(an d ( = worl d (world-at-tim e time) ) 

(decid e (player-opponen t  player ) 
(possible-moves-at-tim e (player-opponen t  player )  time ) 
worl d simple-dec-lactor s opp-move ) 

(= resul t  (world-alter-mov e opp-mov e (world-alter-mov e mov e world)) )  ) ) 

Figure 1: Initial Projection Method 

assumptio n tha t  nothin g wil l  occu r  t o enabl e th e opponen t  t o mak e a  higher-priorit y mov e 

tha n thos e currentl y availabl e t o it .  Thi s i s a n instanc e o f  wha t  i s  sometime s referre d t o a s 
a persistenc e assumption ,  namely ,  a n assumptio n tha t  thing s wil l  sta y a s the y ar e a s muc h 
as possible .  Thi s assumptio n i s itsel f  justifie d b y a  conjunctio n tha t  says ,  roughly .  Nothin g 
wil l  happe n t o giv e hi m a  bette r  mov e because ,  (I )  li e can' t  d o anythin g t o giv e himsel f 
one,  (2 )  n o outsid e force s wil l  giv e hi m one ,  an d (3 )  I  won' t  d o amjthin g t o giv e hi m one . 
Thes e assumption s mak e u p th e justificatio n fo r  th e projectio n metho d i n figur e 1 .  Thes e 
assumption s ar e clearl y no t  alway s true ;  th e proble m fo r  ou r  syste m i s t o determin e th e 
situation s i n whic h the y ar e no t  true ,  an d henc e i n whic h a  mor e sophisticate d projectio n 
metho d i s necessary . 

Conside r  ho w ou r  syste m woul d behav e i n th e situatio n show n o n th e partia l  ches s 
boar d i n figur e 2a .  Takin g th e opponent' s knigh t  wit h th e roo k look s lik e th e bes t  move , 
becaus e th e compute r  expect s tha t  th e opponen t  wil l  tak e it s knigh t  i n th e followin g turn , 
and i t  believe s tha t  trade s ar e t o it s benefit .  However ,  th e opi)onen t  wil l  no t  mak e thi s 
move,  a s w e ca n se e i n figure  2c ,  becaus e th e computer' s mov e give s hi m th e opportunit y 
t o tak e th e computer' s rook ,  whic h i s a  mor e valuabl e piec e tha n th e knight .  Whe n th e 
opponen t  make s hi s mov e t o tak e th e computer' s rook ,  th e system' s expectatio n abou t  th e 
opponent' s move—tha t  h e wil l  tak e th e knight—wil l  fail . 

I n respons e t o thi s expectatio n failure ,  th e syste m wil l  analyz e th e justificatio n fo r  th e 

fault y expectatio n i n orde r  t o explai n th e error .  Traversin g thi s justificatio n wil l  lea d i t  t o 
tes t  th e assumptio n tha t  th e compute r  won' t  d o anythin g t o giv e th e opponen t  a  bette r  move , 

and th e syste m wil l  find  tha t  thi s belie f  i s  t o blam e fo r  th e expectatio n failure .  I n particular , 

th e computer' s ow n mov e enable d th e bette r  mov e tha t  th e opponen t  made .  Th e syste m 
respond s t o thi s b y patchin g it s projectio n rul e t o tak e int o accoun t  th e possibilit y  tha t 

++ - -  OP - -  + + + + - -  OP - -  + + + + — + + - -  + + 
— ON — C N — — C R — C N — — OP — C N — 
++ - -  + + — + + + + - -  + + - -  + + + + - -  + + - -  + + 
__ + + _ _ + + _ _ _ _ + + _ _ + + _ _ _ _ + + _ _ + + _ _ 

++ C R + + - -  + + + + - -  + + - -  + + + + - -  + + - -  + + 

(a) RxN ... (b) ... BxR (c) 

Figure 2: Faulty Projection in Chess: Computer to Move at Start 
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(del-brul e proj-lactor- 3 <...variabl e declarations... > 
(project-facto r  proj-lactor-1.5-mo d worl d mov e playe r  resul t  1 ) 

<= 
(sai d ( = worl d (world-at-tim e time) ) 

(decid e (player-opponen t  player ) 
(possible-moves-at-tim e (player-opponen t  player )  time ) 
worl d simple-dec-factor s opp-move ) 

(= resul t  (world-after-mov e opp-mov e (world-after-mov e mov e world)) ) 
(n o (2ui d (move-enables-mov e mov e better-move ) 

(move-possibl e better-mov e (current-time) ) 
(move-lega l  better-move ) 
(evaluat e resul t  eval-factor s (player-opponen t  player )  orig-value ) 
(evaluat e (world-after-mov e better-mov e (world-after-mov e mov e world) ) 

eval-factor s (player-opponen t  player )  better-value ) 
(> better-valu e orig-value )  ) )  )  ) 

Figure 3: The Modified Projection Method 

th e computer' s mov e enable s a  bette r  mov e fo r  th e opponent ,  an d t o ignor e th e persistanc e 
cLSSumptio n i n suc h cases .  Tlii s  improve d projectio n method ,  show n i n figure  3 ,  i s  th e ol d 

metho d wit h th e adde d conditio n tha t  th e computer' s mov e no t  enabl e a  bette r  mov e fo r 

th e opponent .  Thi s modificatio n t o th e projectio n metho d wil l  preven t  th e compute r  fro m 

makin g th e sam e mistak e i n th e future .  W h e n place d i n th e sam e situatio n a s before ,  i t 
wil l  instea d mov e it s threatene d knigh t  t o safet y (a s show n i n figure  4) . 

Transferring to another domain 

While many aspects of the process of projection are specific to the game of chess, the sys-

tem' s descriptio n o f  th e improve d projectio n proces s i s a s genera l  a s th e origina l  projectio n 

metho d was ,  an d i s thu s expresse d i n vocabular y tha t  i s  applicabl e t o al l  turn-takin g games . 
Thi s shoul d enabl e th e syste m t o us e abstraction-base d transfe r  t o appl y th e mor e sophis -

ticate d metho d t o simila r  games .  T o tes t  this ,  w e disable d th e learnin g componen t  o f  th e 

system ,  an d pu t  th e syste m i n a n analogou s situatio n i n th e gam e o f  checkers .  Usin g th e 

origina l  projectio n metho d describe d above ,  th e syste m playe d a s sliow n i n figur e 5 .  Tli e 
compute r  predict s tha t  th e opponent' s mov e wil l  b e t o jum p th e computer' s piec e i n th e 
uppe r  right-han d corner .  A s a  result ,  th e compute r  decide s tha t  it s ow n bes t  mov e woul d 

++ - -  OP - -  + + + + - -  OP - -  + + 
— ON - -  C N - -  - -  ON - -  + + - -
++ - -  + + - -  + + + + - -  + + - -  + + 
- -  + + - -  + + — - -  + + — + + C N 
++ C R + + — + + + + C R + + — + + 

(a) (b) 

Figure 4: Repaired Projection in Chess: Computer to Move at Start 
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— + + — + + - -  + + - -  - -  + + - -  + + - -  + + - -  - -  + + OP + + — + + — 

++ - -  + + - -  + + C P + + + + - -  + + C K + + C P + + + + - -  + •  C K + + C P + + 
OP + + OK +•• •  OP + + - -  OP + + — + + OP + + - -  OP + + - -  + + — + + — 
++ C K + + - -  + + - -  + + + + - -  + + - -  + + - -  + + + •  - -  + + — + + — + + 
CP + + — + + — + + - -  C P + + — + + - -  + + — C P + + — + + — + + — 

(a) (b) (c) 

Figure 5: Faulty Projection in Checkers: Computer to Move at Start 

be t o tak e th e opponent' s kin g wit h it s king .  A s w e ca n se e i n figure  5b ,  th e computer' s 

predictio n fail s  fo r  th e sam e reaso n tha t  th e ches s predictio n faile d i n th e previou s exampl e 
namel y tha t  th e computer' s mov e enable d a  bette r  mov e fo r  it s opponent . 

Next, we re-enabled the learning component of the system, and ran it through the chess 
situatio n describe d previously ,  allowin g i t  t o lear n th e improve d projectio n rul e describe d 
i n figure  3 .  W h e n w e subsequentl y rera n th e checker s situation ,  th e compute r  applie d wha t 
i t  learned ,  an d improve d it s behavior ,  a s show n i n figure  6 . 

5 C o n c l u s i o n 

Both approaches to transfer that we have discussed have their advantages and disadvan-
tages .  Transfe r  b y reoperalionalizatio n require s realizin g tha t  th e concep t  t o b e transferre d 
i s appropriat e t o th e ne w domain ,  whic h involve s computationall y expensiv e processin g a t 

th e tim e o f  proble m solvin g i n orde r  t o retriev e an d appl y th e concep t  appropriately .  O n 
th e othe r  hand ,  abstraction-base d transfe r  vcqmve s expressin g th e concep t  a t  a  hig h enoug h 
leve l  o f  abstractio n t o allo w it s utilizatio n i n al l  appropriat e domains ,  whic h agai n involve s 
computationall y expensiv e processing ,  i n thi s cas e a t  th e tim e th e concep t  i s learned .  I t 

seems clea r  tha t  th e optima l  approac h wil l  li e somewher e i n betwee n thes e tw o extremes . 

Our  researc h has ,  i n part ,  bee n a n exploratio n o f  thi s trade-off .  On e intermediat e ap -

proac h w e hav e bee n pursuin g i s explanator y transfer ^  i n whic h a  concep t  i s learne d i n re -

spons e t o a  failure ,  an d i s generalize d a s muc h a s i s necessar y t o explai n tha t  failure .  W h e n 
simila r  failure s occu r  i n othe r  domains ,  th e concep t  ma y b e retrieve d an d appHe d i n th e 

- -  + + - -  + + - -  + + - -  - -  + + - -  + + - -  + + - -
++ - -  + + - -  + + C P + + + + - -  + + - -  + + - -  + + 
OP + + OK + + OP + + - -  OP + + OK + + - -  + + - -
++ C K + + - -  + + - -  + + + + C K + + C P + + - -  + + 
CP + + - -  + + - -  + + - -  C P + + - -  + + - -  + + - -

(a) (b) 

Figure 6: Repaired Projection in Checkers: Computer to Move at Start 
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cours e o f  constructin g a n explanatio n fo r  th e curren t  failur e [Collin s an d Birnbaum ,  1988 ; 

Kass ,  1989] . 

Thi s approac h combine s severa l  o f  th e advantage s o f  eac h o f  th e previou s tw o ap -

proaches .  A s i n abstraction-base d transfer ,  th e concept s ar e generalize d whe n the y ar e 

learned ,  whic h reduce s th e computationa l  effor t  necessar y i n retrievin g an d applyin g the m 

i n ne w domains .  However ,  a s i n transfe r  throug h rcoperationaiization ,  th e applicabilit y  o f 

concept s t o othe r  domain s nee d no t  b e determine d a t  th e tim e th e concep t  i s learned .  Fur -

thermore ,  determinin g th e applicabilit y  o f  th e concept s t o b e transferre d i s mor e focussed — 

by th e nee d t o explai n a  particula r  failur e i n th e ne w domain—tha n i t  i s  i n th e othe r 

approaches .  Futur e researc h i s necessar y t o develo p othe r  approache s t o transfe r  tha t  ar e 

betwee n th e tw o extremes ,  an d t o determin e th e area s i n whic h th e differen t  approache s 
ar e applicable . 
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