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Abstrac t 
Any singl e algorith m fo r  abductio n require s specifi c  kind s o f 
knowledg e an d ignore s othe r  kind s o f  knowledge .  A  knowl -
edge-base d syste m tha t  use s a  singl e abductiv e method ,  i s  re -
stricte d t o usin g th e knowledg e require d b y tha t  method .  Thi s 
makes th e syste m britde ,  becaus e th e singl e Fixe d metho d ca n 
onl y respon d appropriatel y i n a  limite d rang e o f  situation s 
and ca n onl y mak e us e o f  a  subse t  o f  th e potentiall y  relevan t 
knowledge .  I n thi s paper ,  w e describ e a  framewor k fro m 
whic h abductiv e strategie s ca n b e opportimisticall y  con -
structe d t o reflec t  th e proble m bein g solve d an d th e knowl -
edge availabl e t o solv e th e problem .  W e als o describ e A B D -
Soar ,  a  Soar-base d implementatio n o f  th e framework ,  an d 
demonstrat e it s behavior . 

Introduction 

Abduction ,  finding  a  bes t  explanatio n fo r  a  se t  o f  data ,  i s a n 
importan t  par t  o f  man y knowledge-base d ( K B )  systems , 
particularl y thos e concerne d wit h diagnosis .  I n recen t  years , 
severa l  differen t  algorithm s fo r  doin g abductio n hav e bee n 
devised .  A n y singl e algorith m fo r  abduction ,  however ,  re -
quire s specifi c  kind s o f  knowledg e an d ignore s othe r  kind s 
of  knowledge .  Hence ,  a  K B syste m tha t  use s a  singl e abduc -
tiv e method ,  i s restricte d t o usin g th e knowledg e require d b y 
tha t  method .  Thi s make s th e syste m brittle ,  becaus e th e sin -
gl e fixed  metho d ca n onl y respon d appropriatel y i n a  limite d 
rang e o f  situation s an d ca n onl y mak e us e o f  a  subse t  o f  th e 
potentiall y  relevan t  knowledge .  T o remed y thi s w e hav e en -
deavore d t o develo p a  framewor k fro m whic h abductiv e 
strategie s ca n b e opportunisticall y constructe d a t  run-tim e t o 
reflec t  th e proble m bein g solve d an d th e knowledg e avail -
abl e t o solv e th e problem .  I n thi s paper ,  w e presen t  thi s 
framewor k an d describ e ABD-Soar ,  a n implementatio n o f 
th e framework .  W e sho w h o w ABD-Soa r  ca n b e m a d e t o be -
hav e lik e th e abductiv e strateg y use d i n Re d (Josephson ,  e t 
al. ,  1987) ,  a  syste m fo r  re d cel l  antibod y identification .  Fi -
nally ,  w e discus s th e difference s betwee n ABD-Soa r  an d 2 
tool s fo r  abduction :  Peirc e (Punc h III ,  e t  al. ,  1990) ,  an d Mol -
e(Eshelman ,  1988) . 

Thi s wor k contribute s bot h t o ou r  understandin g o f  K B 
system s an d abduction .  First ,  i t  illustrate s h o w th e problem -
solvin g capabilitie s o f  K B system s ca n b e increase d b y us -
in g mechanism s tha t  permi t  th e us e o f  al l  relevan t  knowl -
edge .  ABD-Soa r  require s httl e domai n knowledg e t o begi n 
solvin g a  problem ,  bu t  ca n easil y mak e us e o f  additiona l 
knowledg e t o solv e th e proble m bette r  o r  faster .  Second , 
th e framewor k ca n b e use d t o provid e a  flexible  abductiv e 
problem-solvin g capabilit y fo r  K B systems .  Third ,  A B D -
Soar  give s Soa r  a n abductiv e capabilit y  suc h tha t  man y sys -
tem s writte n i n Soa r  ca n begi n t o solv e abductiv e problems . 
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Fourth ,  th e framewor k provide s a  ver y simpl e an d genera l 
mechanis m fo r  abductio n tha t  i s capabl e o f  generatin g th e 
behavio r  o f  variou s fixed  methods .  Fifth ,  ABD-Soa r  ca n b e 
use d t o experimen t  wit h differen t  abductiv e strategies ,  in -
cludin g variation s o f  existin g strategie s an d combination s o f 
differen t  kind s o f  strategies .  Finally ,  th e framewor k pro -
vide s guideline s fo r  buildin g abductiv e system s becaus e i t 
provide s a  theor y o f  abductio n an d specifie s th e kind s o f 
knowledg e neede d t o d o abduction . 

The Abductive Task 

Most  Artificia l  Intelligenc e researc h o n abductio n i s con -
cerne d wit h strategie s fo r  a  typ e o f  abductio n calle d hypoth -
esi s assembly .  I n hypothesi s assembly ,  a  complet e 
explanatio n o f  th e dat a mus t  b e forme d b y composin g a 
number  o f  smalle r  explanations .  Fo r  example ,  i n medica l  di -
agnosi s th e dat a t o b e explaine d ar e th e sign s an d symptom s 
of  th e patien L I f  th e patien t  ha s multipl e diseases ,  th e bes t 
explanatio n fo r  th e dat a wil l  consis t  o f  al l  o f  th e disease s 
present .  Eac h diseas e migh t  onl y explai n a  subse t  o f  th e 
data ,  bu t  take n togethe r  the y mus t  explai n al l  o f  th e data . 

Most  model s o f  abductio n ca n b e describe d usin g fou r  cri -
teri a t o defin e th e bes t  explanation :  coverag e (th e numbe r  o f 
explanat a explaine d o r  covere d b y th e explzmation) ,  belie f 
(som e measur e o f  plausibility) ,  parsimony ,  an d consistenc y 
(Josephso n an d Goel ,  1988) .  Th e model s var y i n thei r  inter -
pretatio n o f  thes e criteria .  Fo r  instance ,  parsimon y ca n b e 
define d i n term s o f  minima l  cardinality ,  i.e. ,  th e fewes t  num -
ber  o f  componen t  hypotheses ,  o r  i n term s o f  irredundan t 
covers ,  i.e. ,  a n explanatio n i n whic h n o prope r  subse t  o f  th e 
componen t  hypothese s ca n explai n th e data .  Belie f  i s  als o 
subjec t  t o differen t  interpretations .  S o m e model s vie w th e 
most  plausibl e explanatio n a s tha t  wit h th e highes t  overal l 
plausibility .  Othe r  model s vie w th e mos t  plausibl e explana -
tio n t o b e tha t  i n whic h eac h componen t  hypothesi s i s th e 
most  plausibl e explanatio n fo r  a t  leas t  on e datu m (thi s ha s 
bee n calle d besl-for-som e (Bylander ,  e t  al. ,  1988)) .  I n gen -
eral ,  ther e i s probabl y n o singl e mode l  o f  abductio n appro -
priat e fo r  al l  abductiv e tasks .  Ultimately ,  th e goal s o f  th e 
specifi c  abductiv e tas k an d characteristic s o f  th e tas k do -
mai n defin e wha t  count s a s a  bes t  explanation . 

A n analysi s o f  th e computationa l  complexit y o f  abductio n 
has show n tha t  th e proble m is ,  i n general ,  computationall y 
inu-acubl e (Allemang ,  e t  al. ,  1987) .  Ther e are ,  however , 
some condition s unde r  whic h th e proble m i s computational -
l y tractable .  Bylander ,  e L al .  writes : 

Our  primar y conclusio n i s tha t  ver y restrictiv e condi -
tion s mus t  b e satisfie d fo r  abductio n t o b e tractable : 
determinin g th e plausibilit y an d explanator y cover -

^' An explanatum is a datum to be explained. Explanata are all of 
th e dat a t o b e explained . 
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age o f  hypothese s mus t  b e tractable ,  ther e canno t  b e 
substantia l  incompatibilit y  an d cancellatio n interac -
tion s betwee n hypotheses ,  an d plausibilit y  compari -
so n betwee n composit e hypothese s mus t  b e loeicall y 
weak.  Specifi c  domain s m a y escap e som e o f  thes e 
requirement s i f  composit e hypothese s ar c guarantee d 
t o b e smal l  o r  i f  stron g domai n knowledg e ca n rul e 
out  mos t  individua l  hypotheses .  (Bylande r  e t  al. , 
1988 ) 

Thus ,  i t  i s  ver y unlikel y tha t  an y singl e strateg y fo r  abduc -
tio n i s appropriat e t o al l  tasks .  Th e efficien t  solutio n o f  mos t 
real-worl d abductio n problem s require s th e carefu l  applica -
tion  o f  domai n knowledg e t o transfor m th e proble m int o ei -
the r  on e tha t  i s  tractabl e o r  on e tha t  i s  smal l  enoug h s o tha t 
tractabilit y  concern s ar e unimportan t  Hence ,  i t  i s  ver y im -
portan t  t o buil d system s tha t  ca n mak e us e o f  al l  o f  th e avail -
abl e knowledg e whe n solvin g abductiv e problems . 

Specifying Problem-Solving Methods 

Befor e w e describ e th e framewor k fo r  abduction ,  w e mus t 
first  explai n ho w w e ar e goin g t o specif y it .  Her e w e addres s 
thi s i n tiie  contex t  o f  th e genera l  proble m o f  specifyin g prob -
lem-solvin g methods . 

O ne vie w o f  a  problem-solvin g metho d i s tha t  i t  consist s 
of  a  se t  o f  operator s (operation s o n data )  wit h precondition s 
and knowlaig e tha t  indicate s th e orde r  i n whic h t o appl y 
thos e operators .  Sinc e w e desir e a n opportunisti c system ,  w e 
need t o b e abl e t o specif y a  se t  o f  operator s withou t  neces -
saril y  specifyin g a  complet e orderin g o f  thos e operators .  A n 
opportunisti c syste m work s b y enumeratin g possibl e opera -
tor s t o appl y t o th e immediat e situatio n an d the n selectin g 
one o f  thos e operator s base d o n th e curren t  goa l  an d situa -
tion.  Furthermore ,  a  flexibl e syste m mus t  b e capabl e o f  gen -
eratin g o r  usin g additiona l  contro l  knowledge .  Thus ,  i f  a 
syste m mus t  decid e betwee n severa l  operators ,  i t  mus t  b e 
possibl e fo r  th e syste m t o engag e i n comple x problem-solv -
in g t o determin e whic h operato r  i s  best . 

To achiev e thes e result s w e hav e bee n usin g th e problem -
spac e computationa l  mode l  ( P S C M )  (Newell ,  1990 )  t o spec -
if y methods .  I n th e P S C M,  al l  problem-solvin g i s viewe d a s 
searc h fo r  a  goa l  stat e i n a  problem-space .  Knowledg e abou t 
when operator s ar e applicabl e t o a  stat e ca n b e specifie d in -
dependen t  o f  knowledg e abou t  whic h operato r  t o selec t  Op -
erato r  selectio n knowledge ,  calle d searc h contro l 
knowledge ,  i s expresse d i n term s o f  preference s fo r  o r 
agains t  applicabl e operators .  I f  a t  an y tim e durin g th e prob -
lem-solvin g th e searc h contro l  knowledg e i s insufficien t  t o 
indicat e whic h operato r  t o select ,  a  subgoa l  i s  se t  u p t o gen -
erat e additiona l  knowledg e s o tha t  a  singl e operato r  ca n b e 
selected .  Thi s subgoa l  i s  achieve d b y searchin g anothe r 
problem-space .  Operator s ca n eithe r  b e implemente d b y di -
recU y availabl e knowledg e o r  b y usin g a n operator-specifi c 
problem-space .  Implementatio n i n a  problem-spac e i s simi -
la r  t o usin g a  subfunctio n t o implemen t  a n operato r  i n lisp . 

The Framework 

The genera l  abductiv e framewor k ca n b e describe d b y a  sin -
gl e problem-spac e it s goal ,  th e knowledg e conten t  o f  it s 
states ,  th e initia l  state ,  operators ,  an d searc h contro l  knowl -
edge .  Followin g th e descriptio n o f  th e problem-space ,  w e 
describ e th e minima l  kno w edg e require d t o us e th e frame -
work . 

Stal e Description :  Th e stat e contain s knowledg e o f  expla -
nata ,  explanauon s an d a n indicatio n o f  th e explanat a Uie y 
explain ,  knowledg e abou t  inconsisten t  o r  redundan t  objects , 

informatio n abou t  whethe r  a n explanatio n i s th e onl y possi -
bl e wa y t o explai n a n explanatum ,  an d knowledg e abou t 
whethe r  th e implication s o f  a  newl y adde d objec t  hav e bee n 
processed .  I n addition ,  an y othe r  informatio n necessar y fo r 
solvin g th e proble m ca n b e kep t  i n th e state . 

Initia l  Stat e Schema :  Th e initia l  stat e nee d contai n onl y 
th e explanata .  Additiona l  informatio n ca n b e provided . 

Desire d Stat e Schema :  Th e desire d stat e mus t  mee t  6  con -
ditions :  1 )  Th e explanatio n mus t  b e complete ,  i.e. ,  al l  th e ex -
planat a mus t  b e explained .  2 )  Th e hypothese s i n th e 
explanatio n mus t  b e a t  th e desire d leve l  o f  detai l  fo r  th e 
proble m bein g solved .  Fo r  example ,  i n diagnosi s a  diseas e 
hypothesi s mus t  b e a t  a  leve l  o f  detai l  suc h tha t  a  therap y ca n 
be recommended .  3 )  N o par t  o f  th e explanatio n ca n b e re -
dundant .  4 )  N o par t  o f  th e explanatio n ca n b e inconsistent . 
5)  Al l  part s o f  th e explanatio n mus t  b e certain .  6 )  Al l  part s 
of  th e explanatio n mus t  b e processed .  Tha t  is ,  th e implica -
tions  o f  addin g th e objec t  an d it s effec t  o n th e res t  o f  th e ex -
planatio n mus t  hav e bee n considered . 

Ther e ar e 7  operator s i n th e abductiv e space .  Th e las t  3 
ar e use d t o determin e th e logica l  implication s o f  addin g a n 
objec t  t o th e explanation .  1 )  Cove r  explanatu m i s propose d 
fo r  eac h explanatu m tha t  i s  no t  ye t  explaine d b y a  hypothesi s 
(Ui e explanatio n i s no t  ye t  complete) .  It s  goa l  i s  t o ad d t o th e 
composit e explanatio n on e o r  mor e hypothese s tha t  explai n 
th e explanatum .  2 )  Resolve-redundanc y i s propose d when -
eve r  ther e ar e redundan t  object s i n th e explanation .  It s goa l 
i s  t o mak e th e explanatio n irredundant .  3 )  Resolve-inconsis -
tenc y i s propose d wheneve r  ther e ar e inconsisten t  object s i n 
th e explanation .  It s goa l  i s  t o m a k e th e explanatio n consis -
tent .  4 )  Determine-certaint y objec t  i s  propose d fo r  eac h 
uncertai n objec t  i n th e explanation .  Th e operato r  i s  success -
full y applie d whe n th e objec t  i s  deeme d t o b e certain ,  o r  els e 
th e objec t  i s  deeme d t o b e no t  presen t  i n th e explanation .  5 ) 
Determine-accounts-fo r  hypothesi s i s propose d fo r  eac h 
ne w hypothesis .  It s goa l  i s  t o determin e wha t  explanat a th e 
hypothesi s ca n accoun t  for .  6 )  Mark-redundancie s objec t 
i s  propose d fo r  eac h ne w objec t  It s goa l  i s  t o indicat e whic h 
object s i n th e explanatio n ar e redundan t  wit h th e newl y add -
ed objec t  Hypothese s tha t  offe r  t o explai n a n identica l  ex -
planatu m (o r  explanata )  ar e considere d redundan t  unles s 
oUie r  knowledg e indicate s tha t  the y ar e not .  7 )  Mark-incon -
sistencie s objec t  i s  propose d fo r  eac h ne w object .  It s goa l  i s 
t o indicat e whic h object s ar e logicall y inconsisten t  wit h (o r 
contradict )  th e newl y adde d object . 

Searc h contro l  knowledg e i s specifie d a s 1 )  Determine -
accounts-fo r  i s  bette r  tha n al l  othe r  operators .  2 )  Resolve-re -
dundancy ,  resolve-inconsistency ,  an d determine-certaint y 
ar e indifferen t  t o eac h other .  [Not e tha t  a n orde r  ca n stil l  b e 
impose d o n thes e operator s b y preferrin g on e ove r  anothe r 
fo r  a  particula r  domain. ]  3 )  Mark-redundancie s an d mark -
inconsistencie s ar e equa l  t o on e anothe r  an d bette r  tha n al l 
othe r  operator s excep t  fo r  determine-accounts-for . 

Thi s i s th e m in imu m searc h contro l  neede d t o ensur e cor -
rec t  operatio n o f  th e abductiv e mechanism .  However ,  thi s 
searc h contro l  onl y specifie s a  partia l  orderin g o f  th e opera -
tors .  A n y contro l  decision s tha t  ca n b e base d o n domain-de -
penden t  knowledg e hav e bee n lef t  unspecified .  Thi s allow s 
th e designe r  o f  th e syste m t o ad d appropriat e searc h contro l 
fo r  th e tas k bein g done .  Fo r  example ,  ther e i s n o knowledg e 
abou t  wha t  t o d o whe n multipl e cove r  operator s tie  sinc e thi s 
decisio n ca n b e base d o n domain-dependen t  knowledge . 

T o us e th e framework ,  a  m i n i m u m o f  6  kind s o f  knowl -
edg e i s required :  (1 )  knowledg e mappin g eac h possibl e ex -
planatu m t o potentia l  explanation s (t o implemen t  cover) ;  (2 ) 
knowledg e mappin g a n explanatio n t o th e explanat a i t  ca n 
explai n (t o implemen t  determine-accounts-for) ;  (3 )  knowl -
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edg e t o determin e th e certaint y o f  th e explanation s (t o im -
plemen t  deiermne-certainty) ;  (4 )  knowledg e abou t  th e 
consistenc y o f  th e mode l  (t o implemen t  mark-inconsisten -
cies) ;  (5 )  loiowledg e abou t  redundan t  object s (t o implemen t 
mark-redundancies) ;  an d (6 )  additiona l  searc h contro l 
knowledg e t o sequenc e th e operators . 

As a  resul t  o f  th e operator s an d searc h control ,  th e basi c 
metho d i s t o pic k a n explanatu m t o cover ,  ad d on e o r  mor e 
explanation s fo r  tha t  explanatum ,  determin e wha t  eac h ne w 
explanatio n explains ,  an d the n pic k anothe r  (unexplained ) 
explanatu m t o explain .  Thi s continue s unti l  al l  explanat a ar e 
explained .  I f  a t  an y tim e th e mode l  become s inconsistent ,  re -
dundant ,  o r  uncertain ,  a n operato r  i s propose d t o resolv e th e 
problem .  A t  tha t  time ,  a  decisio n mus t  b e mad e abou t  wheth -
er  t o fix  th e proble m o r  continu e coverin g explanata . 

Implementing the Framework: ABD-Soar 

ABD-Soa r  i s a  Soar-base d implementatio n o f  th e abductiv e 
frameworic .  Soa r  i s use d becaus e i t  directl y support s th e 
P S C M;  however ,  th e framewor k doe s no t  absolutel y requir e 
Soar—othe r  architecture s tha t  suppor t  PSCM-lik e function -
alit y ca n als o used .  ABD-Soa r  supplie s al l  o f  knowledg e 
specifie d i n th e framework :  knowledg e t o propos e th e ab -
ductiv e operator s an d detec t  thei r  successfu l  application , 
and th e minima l  searc h contro l  specifie d i n th e framework . 
Thi s knowledg e i s encode d a s a  se t  o f  Soa r  production s tha t 
ca n appl y t o an y problem-space .  Thi s mean s tha t  th e com -
plet e bcxi y o f  abductiv e knowledg e ca n b e brough t  t o bea r 
durin g an y problem-solvin g activity .  ABD-Soa r  als o pro -
vide s defaul t  implementatio n knowledg e fo r  cover ,  resolve -
redundancy ,  an d resolve-inconsistenc y an d a  defaul t  metho d 
fo r  generatin g additiona l  searc h contro l  knowledge . 

Th e defaul t  knowledg e fo r  operato r  implementatio n i s en -
code d i n thre e problem-space s wit h name s identica l  t o th e 
operator s the y implement :  cover ,  resolve-redundancy ,  an d 
resolve-inconsistency .  Cove r  generate s possibl e explana -
tion s an d the n applie s knowledg e t o selec t  on e o f  th e candi -
dates .  Th e candidate s ar e generate d i n respons e t o a n explai n 
operato r  tha t  mus t  b e implemente d usin g domai n specifi c 
knowledge .  Resolve-redundanc y an d resolve-inconsistenc y 
remov e eac h redundant/inconsisten t  objec t  unti l  th e expla -
natio n i s irredundant/consisien L I f  multipl e irredundant / 
consisten t  explanation s ar e possible ,  the n al l  ar e foun d an d 
th e bes t  on e i s used .  Thi s make s us e o f  lookahea d an d th e 
evaluatio n functio n describe d below .  An y explanatio n tha t 
i s a n absolut e essentia l  (i.e. ,  th e onl y possibl e explanatio n 
fo r  a n explanatum )  wil l  no t  b e removed .  Also ,  i t  i s possibl e 
t o resolv e a  redundanc y b y explicid y indicatin g tha t  partic -
ula r  redundan t  object s ar e no t  a  problem . 

Th e defaul t  metho d fo r  generatin g additiona l  searc h con -
tro l  knowledg e i s t o us e lookahea d an d a n evaluatio n func -
tio n t o determin e whic h operato r  t o tak e whe n multipl e 
operator s ar e î plicable .  Thi s  i s implemente d i n tw o prob -
lem-spaces :  find-best  an d evaluate-state .  Find-bes t  evalu -
ate s eac h operato r  an d select s th e operato r  wit h th e bes t 
evaluation .  T o evaluat e a n operalorfind-bes t  applie s th e op -
erato r  t o a  cop y o f  th e origina l  stat e an d the n continue s t o d o 
problem-solvin g fro m tha t  stat e unti l  a  stat e i s foun d tha t  ca n 
be evaluated .  Th e defaul t  evaluatio n functio n fo r  evaluate -
stat e i s a  summatio n o f  th e numbe r  o f  explanat a lef t  t o ex -
plain ,  th e numbe r  o f  explanations ,  th e numbe r  o f  inconsis -
ten t  objects ,  th e numbe r  o f  explanat a explaine d b y 
inconsisten t  explanations ,  th e numbe r  o f  redundan t  objects , 
and th e numbe r  o f  uncertai n objects .  Th e mode l  wit h th e 
lowes t  evaluatio n i s chose n a s th e bes t  alternative . 

ABD-Soa r  use s irredundan t  cover s a s th e parsimon y cri -
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Figure 1: Red cell antibody identification case 

tenon; however, when the default evaluation function is 
use d th e syste m als o use s minima l  cardinalit y  t o choos e be -
twee n competin g composit e explanations .  Th e belie f  crite -
rion  (b y default )  i s best-for-som e sinc e th e metho d attempt s 
t o pic k th e bes t  explanatio n fo r  a  finding  bein g covered .  I n 
th e absenc e o f  plausibilit y  ratings ,  th e evaluatio n functio n i s 
use d t o rat e competin g explanation s fo r  a  finding  an d th e 
one wit h th e bes t  evaluatio n i s selected . 

T o us e ABD-Soa r  th e designe r  o f  a  syste m mus t  provid e 
knowledg e t o implemen t  explai n an d determine-accounls -

for .  W h e n necessary ,  knowledg e mus t  als o b e provide d fo r 
mark-inconsistencies ,  mark-redundancies ,  an d determine -
certainly .  Give n jus t  thi s knowledg e an d th e built-i n de -
faults ,  abductiv e problem s ca n b e solved .  A n exampl e o f  th e 
behavio r  produce d unde r  thes e condition s i s give n belo w i n 
th e sectio n o n demonstratin g ABD-Soar . 

Optionally ,  th e designe r  ca n choos e t o ad d additiona l 
searc h contro l  knowledg e and/o r  knowledg e t o overrid e an y 
of  th e defaul t  knowledge .  Addin g knowledg e beyon d th e 
minimu m requirement s ca n greatl y increas e th e efficienc y 
of  th e abductiv e system .  ABD-Soa r  i s completel y ope n wit h 
respec t  t o th e additio n o f  ne w knowledge .  Additiona l  oper -
ator s ca n b e adde d t o an y space .  N e w way s o f  implementin g 
existin g operator s ca n b e added .  Searc h contro l  knowledg e 
can b e adde d s o tha t  lookahea d ca n b e avoided .  Further -
more ,  th e addition s ca n b e mad e genera l  s o tha t  the y wor k 
fo r  al l  tasks ,  o r  specifi c  s o tha t  the y onl y wor k fo r  a  singl e 
tas k o r  problem .  Ever y additio n o f  knowledg e wil l  alte r 
problem-solvin g behavior .  I n thi s framewori c th e availabl e 
knowledg e shape s th e strategy ,  unlik e th e traditiona l  ap -
proac h wher e strategie s mus t  b e designe d t o us e pre-speci -
fied  kind s o f  knowledge . 

Demonstration of ABD-Soar 

The problem-solvin g behavio r  o f  ABD-Soa r  change s ac -
cordin g t o th e tas k an d th e knowledg e availabl e t o solv e th e 
task .  Her e w e describ e th e defaul t  behavio r  o f  th e syste m 
and sho w wha t  knowledg e mus t  b e adde d s o th e syste m wil l 
behav e simila r  t o Red' s strateg y fo r  abduction .  Th e first  ex -
ampl e illustrate s th e system' s defaul t  behavior .  Th e secon d 
exampl e illustrate s behavio r  simila r  t o tha t  o f  Red . 

Bot h o f  th e example s us e th e re d cel l  antibod y identifica -
tio n cas e show n i n Figur e 1 .  Th e detail s o f  th e domai n ar e 
unimportant—onl y th e knowledg e o f  wha t  eac h antibod y 
explain s i s necessar y t o understan d th e examples .  Th e cor -
rec t  answe r  fo r  thi s cas e i s anti- K an d anti-Fy ^ 

Example 1: Default Behavior 

To solv e th e cas e i n Figur e 1  usin g defaul t  behavio r  require s 
a domai n spac e wit h a n initia l  stat e containin g th e reaction s 
(th e explanata )  an d knowledg e t o implemen t  explai n fo r 
eac h reactio n an d determine-accounts-fo r  fo r  eac h antibody . 
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Exp la i n i s  i m p l e m e n t e d us in g a  singl e p roduc t io n fo r  e a c h 
reactio n a n d exp lanat io n pair .  T h e s e ar e o f  th e f o r m :  i f  tryin g 
t o explai n ] + o n cel l  1  the n conside r  Anti-F-/̂ .  Determine -
accounts-fo r  require s tw o production s fo r  eac h anlilxxly : 
one t o enumerat e th e reaction s explaine d b y th e antilxxl y 
and on e t o detec t  tha t  th e operato r  ha s bee n applied .  Overall , 
th e cas e consist s o f  3 1 productions . 

A fragmen t  o f  th e system' s behavio r  i s show n i n Figur e 2 . 
The number s indicat e th e problem-solvin g sequenc e an d ar e 
use d i n th e followin g descriptio n t o indicat e wha t  par t  o f  th e 
figure  i s bein g discussed .  Fiv e cove r  operator s (on e fo r  eac h 
reaction )  ar e applicabl e t o th e initia l  state .  Thi s lead s t o a n 
operato r  ti e impass e (1 )  an d th e selectio n o i  find-best  t o 
brea k th e ti e (2) .  Find-bes t  evaluate s eac h operato r  b y apply -
in g i t  t o a  cop y o f  th e initia l  stat e o f  th e domai n space .  Th e 
figure  show s a  fragmen t  o f  th e lookahea d proces s fo r  cove r 
r 2 (3) .  Th e domai n spac e i s selecte d (4 )  an d cove r  r 2 i s ap -
plie d t o th e stat e (5) .  Th e cove r  operato r  i s implemente d i n 
th e cove r  spac e (6 )  b y applyin g explai n (7 )  whic h generate s 
a singl e explanatio n an d tfien  ad d (8 )  t o ad d tha t  explanatio n 
t o th e model .  Onc e anti- K i s addeid ,  cove r  r 2 ha s bee n suc -
cessfull y implemente d (9) .  Lookahea d proble m solvin g the n 
continue s i n th e domai n spac e b y processin g th e newl y add -
ed explanatio n (10 )  usin g fou r  operators :  determine-ac -
counts-for ,  mark-redundancies ,  mark-inconsistencies ,  an d 
new-to-processed .  Thei r  locatio n i s indicate d wit h a n ellips e 
i n th e figure.  Next ,  thre e cove r  operator s ca n appl y t o th e 
curren t  stat e s o a n operato r  ti e impass e arise s (11) .  Thi s im -
pass e i s resolve d usin g lookahea d (no t  shown )  resultin g i n 
th e selectio n o f  cove r  r4 .  Thi s reactio n i s explaine d usin g 
anti-Fy *  which ,  whe n processe d (12) ,  result s i n a  mode l  tha t 
satisfie s th e abductiv e criteria .  A t  thi s poin t  th e stat e i s eval -
uate d (13 )  an d th e resul t  o f  th e evaluatio n i s returne d t o th e 
find-best  spac e (14) .  Th e syste m the n repeat s thi s proces s 
wit h th e remainin g cove r  operators(15-18) .  I n thi s example , 
al l  o f  th e cove r  operator s evaluat e t o 2 .  llii s  mean s tha t  n o 
matte r  whic h finding  i s picke d t o cove r  first,  th e resultin g 
explanatio n wil l  b e equall y good .  Base d o n thes e evalua -
tion s yj« -̂6ej r  generate s indifferen t  preference s fo r  eac h o f 
th e cove r  operator s (19) .  Thi s allow s th e syste m t o choos e a 
cove r  operato r  a t  random .  I n thi s run ,  th e syste m decide s t o 
cove r  th e 1 + o n re d cel l  1  (20) .  Thi s reactio n ca n b e ex -
plaine d b y anti-Fy ^  o r  anti-C ,  s o th e syste m use s lookahea d 
t o rat e eac h explanatio n (no t  shown) .  Anti-Fy ^  result s i n a 
bette r  evaluatio n sinc e i t  explain s mor e tha n anti-C ,  s o anti -
Fy ^  i s adde d t o th e mode l  an d processe d (21) .  Nex t  th e sys -
te m randoml y choose s t o cove r  th e 3 + o n re d cel l  2  (22) . 
Anti- K i s th e onl y antibod y tha t  wil l  explai n thi s reaction ,  s o 
i t  i s adde d t o th e mode l  an d processe d (23) .  Thi s result s i n a 
best  explanatio n tha t  satisfie s al l  o f  th e abductiv e criteri a s o 
th e syste m halts .  A  tota l  o f  103 8 decisio n cycle s wer e re -
quire d t o solv e th e problem .  A  decisio n cycl e correspond s t o 
th e selectio n o f  a  goal ,  problem-space ,  state ,  o r  operator . 

Thi s exampl e illustrate s h o w lookahea d ca n b e use d t o 
generat e knowledg e abou t  wha t  t o d o whe n th e designe r  o f 
th e syste m doe s no t  o r  canno t  suppl y tha t  knowledge .  H o w -
ever ,  lookahea d i s quit e expensiv e s o i t  i s  desirabl e t o ad d 
additiona l  knowledg e wheneve r  possible .  Th e nex t  exampl e 
illustrate s h o w th e additio n o f  som e simpl e searc h contro l 
knowledg e ca n greatl y decreas e th e numbe r  o f  decisio n cy -
cle s neede d t o solv e th e problem . 

E x a m p l e 2 :  Red-lik e A b d u c t i o n 

Red use s tw o heuristic s t o hel p prun e th e searc h space :  (1 ) 
The syste m prefer s t o cove r  stronge r  reaction s befor e weak -
er  reactions .  I f  reaction s ar e equal ,  the n on e ca n b e selecte d 
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Figur e 2 :  Defaul t  behavio r  o f  ABD-Soa r 

at random to cover; and (2) Whenever muluple antibodies 
ca n explai n th e sam e reaction ,  th e antibodie s ar e ordere d ac -
cordin g t o plausibilit y  an d th e on e wit h th e highes t  plausibil -
it y  i s used .  I f  multipl e antibodie s hav e th e sam e plausibility , 
the n on e i s selecte d a t  random .  Thi s knowledg e ca n b e adde d 
t o ABD-Soa r  b y ratin g antibodie s wit h a  plausibilit y  an d b y 
addin g thre e searc h contro l  rules :  IDl )  I f  r j  >r 2 the n cove r 
r j  i s bette r  tha n cove r  r2 .  ID2 )  I f  r j  i s equa l  t o r 2 the n cove r 
r j  i s indifferen t  t o cove r  /•2 .  ID3 )  I f  a y ha s a  highe r  plausibil -
it y  tha n 0 2 fo r  explainin g a  reactio n the n a j  i s a  bette r  expla -
natio n tha n a2 .  Sinc e i t  ha s no t  bee n specifie d tha t  equall y 
)lausibl e antibodie s ar e indifferent ,  th e syste m wil l  d o loo -
cahea d t o differentiat e betwee n them . 

As a  resul t  o f  thi s knowledge ,  th e syste m solve s th e cas e 
i n 2 3 decisio n cycle s (versu s 103 8 fo r  exampl e 1) .  Firs t  th e 
syste m decides ,  becaus e o f  IDl ,  t o cove r  th e 3 + o n re d cel l 
2.  I t  doe s thi s usin g anti-K ,  th e onl y antibod y tha t  explain s 
th e 3-I- .  Next ,  becaus e o f  ID 2 th e syste m randoml y select s 
th e 1 + reactio n o n re d cel l  1  t o explain .  Thi s ca n b e ex -
plaine d usin g eithe r  anti-Fy ^  o r  anti-C ,  bu t  anti-Fy ^  i s mor e 
plausibl e so ,  becaus e o f  ID3 ,  anti-Fy ^  i s selected . 

Thi s exampl e illustrate s h o w smal l  change s t o searc h con -
tro l  knowledg e ca n radicall y alte r  th e behavio r  o f  th e sys -
tem .  Th e syste m i n thi s exampl e exhibit s behavio r  ver y 
much lik e Red .  Furthermore ,  wheneve r  th e searc h contro l  i s 
inappropriate ,  th e syste m ca n fal l  bac k o n th e defaul t  knowl -
edg e t o m a k e progress . 

Comparison to Other Tools 

Peirce 

Peirc e i s a  too l  buil t  t o d o hypothesi s assembl y (Punc h III ,  e t 
al. ,  1990) .  I t  provide s a  contro l  mechanism ,  calle d sponsor s 
an d selector s (Brow n an d Chandrasekaran ,  1989) ,  t o encod e 
searc h contro l  knowledg e fo r  sequencin g an d achievin g it s 
abductiv e goal s i n a  somewha t  flexible  manner .  Flexibl e 
subgoa l  sequencin g i s accomplishe d b y usin g knowledg e 
abou t  th e applicabilit y  o f  subgoal s t o th e curren t  situatio n 
(sponsors )  an d knowledg e abou t  h o w t o choos e a  subgoa l  t o 
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pursu e base d o n th e applicabilit y  o f  al l  th e subgoal s (selec -
tors) . 

Becaus e o f  th e generalit y o f  it s goal/subgoa l  hierarch y 
and it s contro l  mechanism ,  Peirc e ca n b e use d t o encod e 
many differen t  strategie s fo r  abduction .  However ,  i t  ulti -
matel y restrict s flexibiUt y b y limitin g th e knowledg e tha t  a 
Peirce-base d syste m ca n use .  First ,  ther e i s n o wa y t o gen -
erat e additiona l  searc h contro l  knowledg e i n Peirc e a t  run -
time .  Ther e i s als o n o wa y t o ad d ne w goal s o r  method s a t 
run-time .  Thi s i s no t  a  proble m i n ABD-Soa r  becaus e an y 
subgoa l  o r  impass e ca n b e resolve d usin g th e complet e pro -
cessin g powe r  o f  th e PSCM.  Thus ,  searc h contro l  knowl -
edge ,  evaluatio n knowledge ,  o r  operator s fo r  a  problem -
spac e ca n b e generate d jus t  lik e an y othe r  kin d o f  knowledg e 
i n ABD-Soar .  Th e secon d limitatio n i s tha t  contro l  knowl -
edge i s limite d i n Peirc e becaus e method s ar e encode d a s 
opaqu e lis p functions .  Thus ,  onc e a  metho d i s invoke d i t  i s 
no longe r  controlle d b y Peirce .  Thi s make s monitorin g o f 
problem-solvin g progres s difficul t  i f  no t  impossibl e fo r 
Peirce .  I t  ca n als o b e difficul t  t o loo k a t  th e loca l  stat e o f  th e 
method s sinc e th e loca l  variable s o f  a  lis p functio n canno t  b e 
seen fro m outsid e th e function .  Thi s i s no t  a  proble m fo r 
ABD-Soar  becaus e i t  i s  mean t  t o b e use d withi n Soar ,  wher e 
al l  "methods "  ar e implemente d withi n th e architectur e a s 
problem-space s whos e state s ar e accessibl e b y knowledg e 
associate d wit h an y problem-space .  Finally ,  th e goal/sub -
goal  structur e i n ABD-Soa r  i s muc h finer  graine d tha n th e 
one use d i n Peirce .  Thi s mean s tha t  th e abductiv e strateg y 
can b e controlle d a t  a  finer  leve l  o f  detai l  i n ABD-Soar . 

Mole and Cover-and-Differentiate 

Cover-and-differentiat e (McDermott ,  1988 )  i s a  metho d fo r 
a for m o f  abduction .  I t  i s  implemente d i n Mol e (Eshelman , 
1988) ,  a  too l  fo r  buildin g cover-and-differentiat e systems . 
McDermot t  define s it s metho d a s 1 )  Determin e th e event s 
tha t  potentiall y  explai n th e symptoms .  2 )  I f  ther e i s mor e 
tha n on e candidat e explanatio n fo r  an y event ,  the n identif y 
informatio n tha t  wil l  differentiat e th e candidate s b y rulin g 
out  a n explanator y connection ,  rulin g ou t  a n explanator y 
event ,  confirmin g a n explanator y event ,  o r  preferrin g on e 
explanator y connectio n ove r  another .  3 )  Ge t  thi s informa -
tio n an d appl y i t  (i n an y order) .  4 )  I f  ste p 3  uncover s ne w 
symptoms ,  g o t o ste p 1  (McDermott ,  1988) . 

TTii s metho d an d Mole ,  i n panicular ,  hav e severa l  limita -
dons from a  flexibility  perspective .  First ,  th e metho d i s ex -
tremel y rigid—i t  specifie s a  specifi c  fixed  sequenc e o f 
action s fo r  solvin g th e problem .  Henc e th e searc h contro l 
knowledg e i s fffe-specifie d an d canno t  b e altere d o r  extend -
ed.  Second ,  th e "grain-size "  o f  th e action s ar e quit e large . 
For  example ,  al l  possibl e explanation s fo r  ever y finding 
must  b e enumerate d i n a  singl e step .  Thi s eliminate s al l 
method s tha t  decompos e th e proble m int o a  numbe r  o f 
smalle r  problems .  This ,  i n turn ,  mean s tha t  knowledg e abou t 
what  t o cove r  first  (somethin g tha t  ca n increas e th e efficien -
cy o f  problem-solving )  canno t  b e use d b y th e method .  Third , 
al l  possibl e candidat e explanation s mus t  b e staticall y pre -
enumerated—Mol e doe s no t  allo w th e candidate s t o b e gen -
erate d o r  constructe d a t  run-time .  Finally ,  th e metho d i s 
most  applicabl e whe n ther e i s onl y a  singl e fault—th e meth -
od i s no t  designe d fo r  hypothesi s assembly . 

Limitations 

ABD-Soar  ha s tw o limitations .  First ,  t o us e ABD-Soar ,  a 
syste m builde r  mus t  b e wel l  acquainte d wit h Soar .  Second , 
th e curren t  versio n o f  ABD-Soa r  doe s no t  us e Soar' s built -

i n learnin g mechanism .  Thi s i s becaus e th e lo w leve l  repre -
sentatio n o f  annotate d model s w e use d cause s Soa r  t o lea m 
overgenera l  productions .  Thi s ca n b e solve d b y usin g a  dif -
feren t  representatio n fo r  annotate d models .  Suc h a  versio n 
of  ABD-Soa r  i s bein g planned . 

Conclusion 

ABD-Soar  implement s a n exu-emel y genera l  framewor k fo r 
buildin g abductiv e systems .  I t  ca n us e a  wid e rang e o f 
knowledg e an d alte r  it s  behavio r  base d o n tha t  knowledge . 
Instea d o f  programmin g a  metho d fo r  abducdon ,  a  syste m 
builde r  ca n giv e th e syste m th e knowledg e availabl e t o solv e 
th e proble m an d th e syste m wil l  behav e appropriately .  I n th e 
absenc e o f  specifi c  knowledg e th e syste m ca n fal l  bac k t o 
defaul t  knowledg e t o mak e progress ,  howeve r  slowly . 
Alon g wit h it s  flexibility  an d generality ,  ABD-Soa r  pro -
vide s guidanc e fo r  buildin g system s an d acquirin g knowl -
edge becaus e i t  provide s a  theor y tha t  specifie s specifi c 
kind s o f  domai n an d searc h contro l  knowledge . 
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