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Abstrac t 

This paper explcves the uncertainty aspects of human abduc-
tiv e reasoning .  Echo ,  a  mode l  o f  abductio n base d o n th e The -
or y o f  Explanator y Coherenc e (Thagard ,  1992a) ,  capture s 
many aspect s o f  huma n abductiv e reasoning ,  bu t  fail s  t o suf -
ficientl y manag e th e uncertaint y i n abduction .  I n particular , 
Echo doe s no t  handl e belie f  acquisitio n an d dynami c belie f 
revision ,  tw o essentia l  component s o f  huma n abductiv e rea -
soning .  W e propos e a  modifie d Ech o mode l  (UEcho) ,  i n 
whic h w e ad d a  learnin g mechanis m fo r  belie f  acquisitio n an d 
a dynami c processin g mechanis m fo r  belie f  revision .  T o 
evaluat e th e model ,  w e repor t  a n empirica l  stud y i n whic h 
base rat e learnin g serve s a s a  testbe d fo r  belie f  acquisitio n 
and th e orde r  effec t  serve s a s a  testbe d fo r  belie f  revision . 

Introduction 

Peopl e liv e i n a n uncertai n world .  W h e n a n even t  happens , 
th e meanin g o r  th e implicatio n o f  th e even t  i s seldo m com -
pletel y clea r  a t  th e ver y beginning .  Uncertaint y result s i n 
belie f  an d belie f  guide s decision s an d action s (Schmitt , 
1992) .  Therefore ,  accuratel y evaluatin g th e natur e o f  a  be -
lie f  i s  on e o f  th e fundamenti d task s tha t  peopl e hav e t o fac e 
i n bo\ h everyda y reasonin g an d scientifi c  discovery . 

Abduction ,  a  distinc t  typ e o f  inferenc e fro m deductio n 
and induction ,  i s a  for m o f  reasonin g tha t  infer s cause s o r 
explanation s fro m effect s (se e Fann ,  197 0 fo r  a n introduc -
tio n t o th e theor y o f  abduction) .  Sinc e i n abductio n prem -
ise s d o no t  guarante e th e trut h o f  conclusion s du e t o incom -
plet e information ,  uncertaint y an d thu s belie f  pla y a n im -
portan t  rol e i n huma n abductiv e reasoning . 

The researc h presente d i n Uii s pape r  represent s a n attemp t 
t o explor e th e essenc e o f  uncertaint y i n huma n abductiv e 
reasoning ,  an d t o captur e i t  i n a  modifie d Ech o model . 

Thi s pape r  i s organize d a s th e followin g thre e parts .  First , 
some theoretica l  development s o f  abduction ,  uncertainty , 
and Ech o ar e reviewed .  Th e conclusio n i s tha t  altlioug h i n 
genera l  Ech o i s a  goo d candidat e fo r  modelin g huma n ab -
ductiv e reasoning ,  i n orde r  t o handl e th e uncertaint y aspect s 
of  abduction ,  som e modification s ar e needed .  I n th e secon d 
part ,  w e describ e h o w t o modif y Ech o t o perfor m uncer -
taint y an d belie f  relate d functions .  Th e mode l  i s evaluate d 
by comparin g it s performanc e wit h empirica l  data .  I n tli e 
tliir d part ,  futur e researc h plan s ar e discussed . 

A b d u c t i o n 

Abductio n i s a n essentia l  componen t  o f  m a n y tasks ,  in -
cludin g medica l  diagnosi s (Feltovich ,  Johnson ,  Moller ,  an d 
Swanson ,  1984) ,  scientifi c  discover y (Thagard ,  1989) ,  an d 
discours e comprehensio n (Kintsch ,  1988) .  Th e ke y tas k o f 
abductio n i s t o find  a  bes t  explanatio n o f  a  se t  o f  observa -
tion s (Pen g &  Reggia ,  1990 ;  Josephso n &  Josephson ,  1994) . 

Abductio n ca n b e represente d i n th e followin g genera l 
form : 

Th e surprisin g fac t  C  i s observed . 
But  i f  A  wer e true ,  C  woul d b e a  matte r  o f  course ; 
Hence ,  tlier e i s a  reason  t o suspec t  tha t  A  i s true . 

Clearly ,  differen t  fro m deduction ,  wher e th e conclusio n 
necessaril y  follow s fro m th e premises ,  i n abductio n th e con -
clusio n doe s no t  follo w fro m th e premise s wit h necessity . 
Tha t  is ,  give n a  se t  o f  observations ,  m a n y hypothese s (o r 
conjunctiv e hypotheses )  ca n b e formed ,  eac h o f  whic h m a y 
hav e differen t  degree s o f  plausibility .  I n general ,  h o w d o 
we selec t  a  bes t  one ? 

M a ny researcher s (e.g. ,  Josephso n &  Josephson ,  1994 ; 
Thagard ,  1992a ;  Paul ,  1993 )  distinguis h tw o component s o f 
an abductiv e reasonin g process .  Tha t  is ,  abductio n i s a  pro -
ces s tha t  include s bod i  hypoUiesi s generatio n (formin g a  se t 
of  plausibl e hypoUieses )  an d hypothesi s evaluatio n (choos -
in g a  bes t  one) .  Not e tha t  thi s distinctio n doe s no t  impl y 
tlia t  abductio n i s a  clea n 2-stag e process .  Th e fac t  tha t  peo -
pl e d o no t  exhaustivel y generat e al l  possibl e hypothese s 
indicate s tha t  th e tw o component s ca n happe n simultane -
ously . 

Uncertainty 

Uncertaint y i s inevitabl e a t  al l  levels-o f  humans '  intaactio n 
wit h tliei r  environment .  A t  tli e lowes t  level ,  biologica l  pro -
cesse s ar e neve r  clear-cu t  an d withou t  noise .  A t  th e cogni -
tiv e level ,  uncertaint y result s firom  inadequat e informatio n 
sources ,  limite d informatio n processin g capacity ,  o r  ambi -
guitie s i n natura l  hinguage . 

A n importan t  aspec t  o f  uncertaint y researc h i s h o w t o 
quandf y o r  measur e th e uncertainty'• ^  O n e classica l  ap -

'  Non-quantitativ e approache s t o uncertaint y wil l  no t  b e dis -
cusse d here . 
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proac h i s probabilit y  theor y i n genera l  an d Ui e Bayesia n 
approac h i n particula r  (se e Robert .  1994) .  I n th e Bayesia n 
approach ,  uncertaint y ca n b e represente d b y a  probability , 
(P ,  a  numbe r  betwee n 0  an d 1) ,  interprete d a s degre e o f  be -
lie f  base d o n al l  availabl e knowledge .  W h e n ne w evidenc e 
comes ,  belie f  i s  update d o r  revise d base d o n Bayes '  Theo -
rem,  whic h i s generall y regarde d a s tii e normativ e mcxle l  o f 
belie f  revision .  Thi s approac h ha s a  soun d dieoretica l  foun -
datio n an d i s eas y t o understand ,  tliu s i t  ha s bee n success -
full y applie d t o a  wid e rang e o f  domains .  A n alternativ e 
approac h t o uncertaint y managemen t  i s Dempster-Shafe r 
(D-S )  theor y (e.g. ,  Shafer ,  1976) ,  whic h represent s tli e belie f 
abou t  a  propositio n a s a n interva l  [Bel ,  / * / ] .  Be l  i s  inter -
prete d a s th e degre e o f  belie f  (o r  credibility )  an d P I  i s Ui e 
degre e o f  plausibility .  Th e interva l  betwee n tJi e tw o repre -
sent s ignorance ,  whic h ca n no t  b e represente d b y probabilit y 
theory .  Bot h Be l  an d P I  ar e number s betwee n 0  an d 1 ,  an d 
th e tw o ar e relate d i n th e followin g way :  P/(H)=l-fi^/(~H) . 
That  is ,  th e degre e o f  plausibilit y  o f  H  i s th e complemen t  o f 
th e credibilit y  o f  no t  H .  Probabilit y  Uieor y i s claime d t o b e 
a specia l  cas e o f  D- S theory ,  whe n th e [Bel ,  PI ]  interva l 
degenerate d int o a  point ,  i.e. ,  Bel=Pl=P .  I t  ha s bee n show n 
tha t  D- S theor y ha s it s limitations .  I t  i s  harde r  t o understan d 
an d implemen t  tha n probabilit y  tlieory .  I n th e meantime ,  i t 
assume s tha t  th e se t  o f  hypotliese s i s exclusiv e an d exhaus -
tiv e an d require s a n independen t  bod y o f  evidence ,  whic h i s 
usuall y unreaUstic . 

A numbe r  o f  studie s tr y t o identif y differen t  type s o f  un -
certaint y base d o n th e psychologica l  source s o f  uncertainty . 
For  example ,  Kahnema n an d Tversk y (1982 )  distinguis h 
externa l  uncertaint y fro m interna l  uncertainty .  Externa l 
uncertaint y refer s t o dispositio n o r  randomnes s o f  externa l 
events ,  whic h ar e somethin g peopl e canno t  control .  A n 
exampl e i s th e outcom e o f  throwin g a  coin .  Externa l  un -
certaint y ca n b e assesse d i n eithe r  a  relative  frequenc y m o d e 
or  b y subjectiv e judgmen t  o f  a  singl e even t  Interna l  un -
certaint y refer s t o ignorance ,  whic h result s from  incomplet e 
knowledge .  A n exampl e i s tha t  on e i s unsur e i f  Beijin g i s 
th e capita l  o f  China . 

Clearly ,  huma n abductiv e reasonin g involve s bot h exter -
nal  an d interna l  uncertainty .  Therefore ,  adequatel y manag -
in g th e uncertaint y i s a  critica l  componen t  o f  huma n abduc -
tiv e reasoning. 

Echo 

Th e Theor y o f  Explanator y Coherenc e (TE C hereafter ;  Tha -
gard ,  1989 ,  1992a )  i s claime d t o b e a  theor y o f  abduction . 
M o r e precisely ,  however ,  i t  shoul d b e calle d a  theor y o f 
hypothesi s evaluatio n sinc e i t  ignore s th e hypothesi s forma -
tio n par t  o f  abduction .  Accordin g t o dii s theory ,  th e bes t 
explanatio n i s th e on e wit h th e mos t  explanator y coherenc e 
base d o n al l  curren t  hypotheses ,  evidence ,  an d explanator y 
relations . 

We do not tackle the problem of imprecision measurement 
studie d i n fuzz y set s theor y an d possibiht y theor y (se e Duboi s & 
Prade ,  198 8 fo r  distinction s betwee n imprecisio n an d uncertainty) . 

'  Althoug h peopl e ma y sometime s distinguis h belie f  updatin g 
and belie f  revisio n (se e Wang ,  1993) ,  w e us e the m interchangeabl y 

i n thi s paper . 

Fro m th e perspectiv e o f  T E C ,  proposition s P  an d Q  co -
her e i f  ther e i s som e explanator y relatio n betwee n them . 
Mor e specifically ,  proposition s P  an d Q  coher e i f  an y on e o f 
tli e followin g condition s i s satisfied : 

•  P  i s par t  o f  th e explanatio n o f  Q ; 
•  Q  i s pai l  o f  th e explanatio n o f  P ; 

•  P  an d Q  ar e togethe r  pai t  o f  th e explanatio n o f  R ;  o r 
•  P  an d Q  ar e analogou s i n th e explanation s the y respectivel y 

giv e o f  som e R  an d S . 
Ther e ar e severa l  underlyin g principle s i n T E C tha t  pro -

vid e genera l  guideline s fo r  explanator y coherenc e evalua -
tion .  S o m e importan t  one s includ e symmetr y (i f  P  an d Q 
cohere ,  Q  an d P  cohere ;  i f  P  an d Q  incohere ,  Q  an d P  inco -
here) ,  explanatio n (i f  Pl...P m explai n Q ,  the n fo r  eac h P i  i n 
Pl...Pm .  P i  an d Q  cohere ;  fo r  eac h P i  an d P j  i n Pl...Pm ,  P i 
and P j  cohere ;  tli e degre e o f  coherenc e i s inversel y propxjr -
tiona l  t o tli e numbe r  o f  proposition s Pl...Pm.) ,  dat a priorit y 
(proposition s tha t  describ e th e results  o f  observation s hav e a 
degre e o f  acceptabilit y  o f  tJiei r  own) ,  competitio n (i f  P  an d 
Q botl i  explai n a  proposition ,  an d i f  P  an d Q  ar e no t  ex -
planator y connected ,  tlie n P  an d Q  incohere) ,  an d accept -
abilit y  (tli e acceptabilit y  o f  a  propositio n P  i n a  syste m S 
depend s o n it s coherenc e wit h th e proposition s i n S) .  Con -
straine d b y tlies e principle s an d actin g a s a  whole ,  th e sys -
te m trie s t o pursu e Ui e highes t  explanator y coherenc e a t  th e 
syste m leve l  ratlie r  tlia n a t  tli e individua l  propositio n level . 

Ech o i s a  connectionis t  implementatio n o f  T E C .  I n Echo , 
proposition s (botl i  dat a an d hypotheses )  ar e represente d b y 
nodes .  Coherenc e relation s ar e represente d b y excitator y 
link s an d incoherenc e relation s ar e represented  b y inhibitor y 
links .  Nod e activatio n represent s th e node' s degre e o f  co -
herenc e witl i  odie r  proposition s i n th e network .  Th e syste m 
update s itsel f  base d o n paralle l  constrain t  satisfaction .  Onc e 

th e syste m settle s down ,  di e bes t  explanatio n consist s o f  th e 
node s wit h highes t  activatio n values . 

Theoretically ,  Ech o satisfie s som e critica l  constraint s i n 
abduction .  Fo r  example ,  i t  simultaneousl y handle s severa l 
importan t  criteri a i n hypothesi s evaluation ,  includin g ex -
planator y breadt h (th e mode l  prefer s a  hypothesi s tha t  ex -
plain s more) ;  simplicit y (th e mode l  prefer s a  simple r  hy -
poUiesis) ;  bein g explaine d (Ui e mode l  prefer s a  hypothesi s 
whic h itsel f  i s  explained) ;  dat a reliability  (th e credibiht y o f 
an observatio n als o depend s o n it s coherenc e i n th e system) ; 

and analogy  (analogou s hypothese s ar e coherent) .  Empiri -
cally ,  Ech o ha s als o acquire d muc h experimenta l  suppor t 

(e.g. .  Thagard ,  1989.1992b) . 
Somethin g i s missing ,  however .  Give n th e abov e discus -

sion s abou t  abductio n an d uncertainty ,  i t  i s  clea r  tha t  Ech o 
doe s no t  hav e enoug h powe r  t o handl e variou s uncertaint y 
aspect s i n abduction .  First ,  Ech o doe s no t  handl e belie f 
acquisition .  Sinc e Ech o doe s no t  lear n fro m it s experience , 

i t  ha s n o backgroun d knowledg e necessar y t o determin e th e 
degre e o f  belie f  fo r  an y give n hypodiesi s an d di e strengd i 
fo r  an y give n connectio n betwee n hypothesi s an d evidence . 
As a  result ,  i t  assume s Uia t  al l  hypothese s ar e equall y prob -
abl e an d di e strengUi s o f  al l  connection s ar e fixed''  whe n 

'  Althoug h yo u ca n var y th e stiengt h o f  a  particula r  explanator y 
relatio n b y specifyin g a  numbe r  betwee n 0  an d 1 ,  th e strengt h i s 
fixe d thereafter . 
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the y ar e pre-entere d int o th e system .  Thi s i s no t  th e cas e i n 
human abductiv e reasoning .  Peopl e rarel y trea t  al l  propose d 
hypothese s equall y an d woul d ofte n assig n differen t  prio r 
belief s t o differen t  hypothese s an d connection s base d upo n 
previou s experiences .  Second ,  Ech o doe s no t  handl e dy -
nami c belie f  revision .  Ech o assume s tha t  :il l  evidenc e i s 
availabl e a t  th e ver y beginning ,  therefore ,  n o belie f  revision 

i s necessary .  Thi s i s no t  a  realisti c assumptio n eillier .  Evi -
denc e usuall y doe s no t  c o m e al l  a t  once .  Peopl e nee d t o 
revis e thei r  opinion s a s mor e an d mor e informatio n become s 
available .  Sinc e Ech o doe s no t  d o belie f  revision ,  i t  misse s 
thi s dynami c aspec t  o f  abduction . 

Modifying Echo to Handle Uncertainty 

I n thi s par t  o f  th e paper ,  w e propos e a  modifie d versio n o f 
Ech o (UEcho ,  fo r  Uncertaint y Echo) ,  designe d t o handl e tli e 
uncertaint y aspect s i n abduction .  I n particular ,  w e ad d a 
learnin g mechanis m t o handl e belie f  acquisition ,  an d a  dy -
nami c processin g mechanis m t o handl e belie f  revision .  T o 
evaluat e UEcho ,  w e report  a n empirica l  stud y i n whic h th e 
bas e rat e learnin g serve s a s a  testbe d fo r  belie f  acquisitio n 
and th e orde r  effec t  serve s a s a  testbe d fo r  belie f  revision. 

Befor e w e d o that ,  le t  u s first  briefl y revie w som e relevant 
findings  an d theorie s i n th e bas e rat e learnin g an d th e orde r 
effec t  literature . 

Base Rate Learning and Order Effects 

Base rat e informatio n describe s tli e statistica l  propertie s o f 
th e environmen t  i n general .  I t  clearl y play s a n importan t 
rol e i n huma n reasoning.  However ,  literatur e abou t  ba.s e 
rat e acquisitio n an d us e i s conu-oversial .  Althoug h fo r  som e 
researchers ,  "th e genuineness ,  th e robustness ,  an d th e gen -
eralit y o f  th e base-rat e fallacy "  (Bar-Hillel ,  1980 ,  p215 ) 
sugges t  Uia t  h u m a n beings  ar e programme d t o systemati -
call y an d stubbornl y ignor e bas e rat e infonnatio n whe n 
makin g judgment s unde r  uncertainty ,  olJier s disagre e 
(Kahnema n &  Tversky ,  1973 ;  fo r  a  genera l  discussio n o n 
human heuristic s an d biases ,  se e Kahneman ,  Slovic ,  & 
Tversky ,  1982) .  Systemati c investigation s hav e bee n car -
ried  ou t  t o determin e th e condition s unde r  whic h tli e bas e 
rat e fallac y appear s o r  disappears .  First ,  i t  ha s bee n show n 
that ,  i n som e circumstances ,  peopl e ca n automaticall y an d 
accuratel y acquir e an d us e bas e rat e an d frequenc y infonna -
tio n (Hashe r  &  Zacks ,  1979 ,  1984 ;  Medi n &  Edelson , 
1988) .  Second ,  i t  ha s als o bee n argue d tha t  peopl e d o no t 
ignor e th e bas e rate .  Rather ,  the y m a y simpl y misaggregat e 
th e relevant  informatio n (Edwards ,  1968) .  Third ,  tli e bas e 
rat e fallac y disappear s whe n informatio n i s  presente d t o 
subject s i n frequenc y forma t  instea d o f  single-even t  prob -
abilit y  forma t  (Gigerenze r  &  Hoffrage ,  1995 ;  Cosmide s & 
Tooby ,  1996) .  Finally ,  fro m a n ecologica l  poin t  o f  view , 
natura l  samplin g theor y (Kleiter ,  1993 )  claim s tha t  Uier e i s a 
conditio n i n whic h i t  i s  rationa l  t o neglec t  bas e rat e infor -
matio n sinc e tli e bas e rat e actuall y doe s no t  ente r  int o th e 
estimate d Bayesia n probability .  Thi s conditio n i s  calle d 
"natura l  sampling "  whic h refer s t o tli e situatio n wher e tli e 
structur e o f  th e environmen t  i s sequentiall y  learne d throug h 
experience .  Ecologicall y thi s  i s tli e mos t  natura l  wa y peopl e 
acquir e frequenc y information . 

Anothe r  closel y relate d phenomeno n i s  tJi e orde r  effect . 

Give n tha t  peopl e naturall y acquir e informatio n sequen -
tially ,  shoul d tli e orde r  o f  infonnatio n presentatio n resul t  i n 
a differenc e i n th e final  result?  I n othe r  words ,  wil l  i t  b e 
possibl e tha t  peopl e prefe r  hypothesi s H I  whe n give n evi -

denc e A  first  an d evidenc e B  second ,  an d prefe r  hypothesi s 
H2 whe n give n evidenc e B  first  an d evidenc e A  second ? 

Indeed ,  tlii s  kin d o f  orde r  effec t  i s a  fairl y robus t  findin g i n 
th e huma n rea.sonin g an d judgmen t  literatur e (se e Hogart h 
& Einhom ,  1992 ;  SchlotUnan n &  Anderson ,  1995 ,  fo r  re -
views) .  HogarU i  an d Einhor n (1992 )  analyze d th e variou s 
feature s o f  task s i n whic h orde r  effect s occu r  (o r  d o no t  oc -
cur )  an d propose d a  belief-adju.stmen t  mode l  o f  belie f  revi-
sion .  Th e mai n assumptio n o f  th e mode l  i s tha t  peopl e us e 
an anchorin g an d adjusunen t  heuristi c — peopl e adjus t  a 
curren t  belie f  (th e anchor )  o n tli e basi s o f  h o w strongl y n e w 
informatio n confinn s o r  disconfinn s thi s belief .  Therefore , 
accordin g t o tlii s  model ,  peopl e d o no t  conside r  al l  availabl e 
informatio n eac h tim e the y nee d t o revis e thei r  opinion ; 

instead ,  the y adjus t  tliei r  curren t  belie f  i n th e directio n o f  th e 
n e w information .  Th e orde r  effec t  result s fro m th e differ -
enda l  weightin g o f  th e n e w information .  Mo r e specifically , 
Ui e adjusdnen t  fo r  negativ e evidenc e i s  bigge r  whe n th e 
curren t  ancho r  i s  larg e tlia n whe n i t  i s  small ;  an d th e ad -
justmen t  fo r  th e positiv e evidenc e i s bigge r  whe n th e ancho r 
i s smal l  tha n whe n i t  i s  large .  Therefore ,  th e step-by-ste p 
evaluatio n o f  belief s fo r  mixe d positiv e an d negativ e evi -
denc e produce s a  recenc y effect :  th e final  evaluatio n o f  be -
lie f  i s  mainl y detennine d b y th e las t  evidenc e item .  H o w -
ever ,  tli e step-by-ste p evaluatio n o f  belief s fo r  consisten t 
evidenc e (al l  positiv e o r  al l  negative )  produce s a  primac y 
effec t 

Give n th e abov e overview ,  h o w ca n Ech o b e modifie d t o 
do belie f  acquisitio n an d belie f  revision ? I n particular ,  h o w 
ca n Ech o b e modifie d t o mode l  bas e rate  learnin g an d th e 
orde r  effect ? W e addres s tlies e issue s i n th e followin g tw o 
sections . 

Belief Acquisition 

Ideally ,  th e weight s o f  th e connection s betwee n evidenc e 
node s an d hypothesi s node s i n Ech o shoul d reflec t  th e 
summarize d probabilit y o f  co-occurrence .  However ,  i n 
Echo ,  th e weight s ar e fixed  accordin g t o tw o parameters , 
EXCITATORY_WEIGHT(EW)  an d INHIBITORY_WEIGH T 
(IW) .  T o lear n fro m experienc e th e weight s betwee n nod e 
pair s mus t  b e modifie d base d o n learnin g experience ,  s o tha t 
thei r  magnitud e ca n b e tune d t o th e statistica l  structur e o f 
th e enviroiunen t  an d reflec t  th e correspondin g probabilit y o f 
co-occurrence .  O n e centra l  issu e i s t o selec t  a n appropriat e 
weight-updatin g rule . 

Our  choic e fo r  weigh t  updatin g i s th e Rescorla-Wagne r 
( R - W )  rule .  Tlii s  choic e i s m a d e base d o n th e followin g 
considerations .  First ,  numerou s studie s hav e show n tha t  th e 
R - W rul e i s goo d a t  learnin g fro m experienc e an d ha s bee n 
successfull y applie d t o a  wid e rang e o f  domain s fro m be -
haviora l  specificatio n t o connectionis t  modelin g (se e Gluc k 
& Bower ,  1988 ;  als o se e Miller ,  Bamet ,  &  Graliame ,  199 5 
fo r  a  review).  Altlioug h i t  ha s bee n show n tha t  tli e R - W 
rul e ha s it s limitations ,  suc h a s it s incapacit y o f  handlin g 
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comp le x non-linea r  problem s (se e Barto ,  1990) ,  w c cluws e 
i t  becaus e 1 )  i t  demonstrate s tha t  a  learnin g mechan is m ca n 
b e adde d t o E c h o ;  an d 2 )  i t  i s  adequat e t o dea l  wit h tii e sim -
pl e learnin g tas k use d i n ilii s  research .  Second ,  o n th e sur -

fac e i t  s e e m s Uia t  E c h o an d tli e R - W rul e ar e no t  compatibl e 
i n tli e sens e tha t  E c h o emphasize s symmet r y an d tii e R - W 

rul e i s directional .  W e argu e Uia t  a  directiona l  learnin g rul e 
i s appropriat e sinc e 1 )  i t  i s  a  natura l  mapp in g t o th e causa l 
relation s w e ar e modeling ;  an d 2 )  E v e n i n E c h o symmet r y i s 
no t  absolute :  i t  i s th e hypothesi s node s "cause "  tli e evidenc e 
node s bu t  no t  vic e versa . 

T h e applicatio n o f  th e R - W rul e i n U E c h o i s illustrate d i n 
Figur e 1  (wher e F  an d H  ar e hypotheses ,  an d R  an d I D ar e 
evidenc e tha t  ca n b e eiUie r  positiv e o r  negative) . 

T h e syste m run s i n th e followin g manner .  Give n a n epi -
sode ,  afte r  i t  settle s d o w n ,  U E c h o evaluate s it s curren t  belie f 
( 0 t o 1 )  abou t  a  hypothesi s base d o n it s activatio n (- 1 t o 1 ) 
accordin g t o a  logisti c function .  Afte r  tJiat ,  U E c h o receive s 
th e actua l  truth-value s o f  th e hypothese s an d calculate s tli e 
desire d weigh t  change s base d o n tli e R - W rule .  Finally , 
U E c h o update s it s  connectio n weights .  T h e weight s ar e 
b o u n d e d b y [ IW ,  E W ] .  T h e relativ e positio n o f  tli e final 
connectio n weight s i n th e who l e possibl e rang e (fro m E W 
t o I W )  wil l  reflec t  th e probabilit y  o f  co-occurrence ^ 

R-  R  II > I D 

' { . 

IW 

= a  (  A  -  V  )  X  fli 

w,  - t  i w y (W,  -  IW }  OlhCTWI K 

Figur e 1 :  Belie f  Acquisitio n i n U E c h o 

Belief Revision 

E c h o i n it s  origina l  forma t  i s  operatin g i n a n End-of -
Sequenc e (EoS )  m o d e .  I n othe r  words ,  tli e syste m run s it -
sel f  afte r  al l  th e necessar y hypothese s an d evidenc e ar e 
given .  I n orde r  fo r  U E c h o t o m o d e l  orde r  effects ,  w e mod i -
fied  E c h o t o operat e i n a  Step-by-Ste p (SbS )  m o d e .  Tha t  is , 
w h e n s o m e n e w evidenc e i s  available ,  U E c h o need s t o in -
corporat e th e n e w evidenc e an d continu e updatin g itself . 
Furdiermore ,  i n orde r  t o accoun t  fo r  th e ful l  rang e o f  orde r 
effects ,  U E c h o s o m e h o w need s t o encod e tli e presentatio n 
orde r  o f  th e evidenc e an d distinguis h evidenc e ba.se d o n 
thei r  differen t  presentatio n positions . 

H o w doe s U E c h o distinguis h tw o evidenc e item s tha t  d o 
no t  c o m e int o pla y a t  th e s a m e time ? Sinc e i n E c h o ever y 
evidenc e ite m i s  associate d wit h a  Specia l  Evidenc e Uni t 
( S E U ,  wh ic h ha s a  fixed  activatio n valu e o f  1) ,  a  simpl e 
deca y m e c h a n i s m i s natura l  an d sufficien t  t o denot e tli e dif -
feren t  presentatio n time .  Tha t  is ,  whil e th e mos t  recen t  evi -

denc e i s  give n a  ful l  connectio n (designate d b y 
D A T A _ E X C I T A T I O N o r  D E )  t o th e S E U ,  earlie r  evidenc e i s 
give n a  connectio n t o S E U wit h a  decaye d weigh t  T h e rat e 
o f  deca y depend s upo n botl i  d ,  a  n e w parameter ,  an d th e 
tim e interva l  sinc e tJi e evidenc e w a s presented .  I n curren t 
implementation ,  D E decay s exponentially ,  tha t  is ,  give n th e 
tim e interva l  sinc e th e evidenc e w a s presente d i s  b ,  D E i s 
determine d by : 

D £,, ,  =  D  E .  X  d  ' 

W h en d  i s equa l  t o 1 ,  UEch o wil l  operat e similarl y a s i n th e 
origina l  Eo S manner .  W h e n d  i s equa l  t o 0 ,  liBch o wil l 
completel y ignor e previou s evidenc e an d ac t  i n a 
memoryles s manner . 

An Empirical Study 

Zhang ,  Johnson ,  an d W a n g (1996 )  hav e reporte d par t  o f  th e 
experimenta l  wor k discusse d here .  Thoug h ne w result s 
hav e bee n obtained ,  tli e experimenta l  paradig m i s th e same . 
For  completeness ,  w e briefl y introduc e th e experimenta l 
tas k (fo r  details ,  se e Zhang ,  Johnson ,  &  W a n g ,  1996) ,  the n 
repor t  tli e combine d results . 

Th e experimen t  wa s implemente d o n th e C I C (Comba t 
Infonnaiio n Center )  simulato r  develope d b y Town e (1995) . 
The tas k i s t o decid e whethe r  a  contact ,  whic h i s see n o n th e 
ship' s rada r  area ,  i s friendl y o r  hostile .  T o mak e th e deci -
sion ,  subject s nee d t o collec t  relevan t  evidence ,  suc h a s 
speed ,  altitude ,  route ,  an d verba l  (radio )  identification . 
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(5 0 irijls ) 

2: 1 
(7 5 uials ) 

1: 2 
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Evaluatio n (subjects ) 

Base-Route-ID(IO) 

Base-lD-Roule(lO) 

Base-Roule-ID(IO) 

Base-ID-Roule(lO) 

Base-Route-ID (10) 

Base-ID-Route (10) 

Figur e 2 :  T h e desig n an d procedur e use d i n Ui e experiment . 

The experimental design is illustrated in Figure 2. Two 
factor s ar e controlle d i n a  3 x 2 between-subject s design .  T h e 
first  facto r  i s  friendly-to-hostil e bas e rates ,  whic h ca n b e 
1:1 ,  2:1 ,  o r  1:2 .  T h e secon d facto r  i s  th e orde r  i n whic h 
evidenc e w a s presente d i n th e questionnaire ,  eithe r  R -  fol -
lowe d b y ID+ ,  o r  ID-i -  followe d b y R- .  I n th e tex t  an d dia -
grams ,  R + an d R -  correspon d t o o n o r  of f  a  commercia l  ai r 
route ,  an d ID-i -  an d ID -  correspon d t o th e respons e give n t o 
a radio  reques t  fo r  identificatio n (eithe r  respons e o r  n o re -
spons e claimin g t o b e a  commercia l  plane) . 

T h e experimen t  proceed s i n t w o stages .  First ,  subject s 
acquir e backgroun d belie f  informatio n b y natura l  sampling . 
M o r e specifically ,  subject s perfor m th e tas k i n m a n y trials . 
I n eac h u-ial ,  subject s se e a  differen t  contact .  T h e y collec t 
rout e (whic h i s eithe r  R + o r  R- )  an d identificatio n (whic h i s 
eithe r  I D + o r  ID- )  infonnatio n abou t  th e contac t  the n decid e 
whethe r  the y thin k th e contac t  i s  friendl y o r  hostile .  The y 
Uie n receiv e feedbac k abou t  tli e tru e identit y o f  th e contact , 
wh ic h end s th e tria l  an d immediatel y begin s th e nex t  trial . 
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Afte r  the y finis h al l  th e trainin g trials ,  they  ente r  th e secon d 
stage .  I n thi s stage ,  the y fill  ou t  a  questionnair e tha t  pres -
ent s som e evidenc e sequentiall y  abou t  a  conujc l  an d re -
quire s belie f  evaluatio n afte r  eac h n e w piec e o f  evidcia c i s 
revealed .  T h e sam e desig n an d procedur e wer e use d t o tes t 
th e U E c h o model . 

Results and Discussion 

The result s ar e reporte d separatel y fo r  belie f  acquisitio n 
(training )  an d belie f  revisio n (questionnaire) .  However , 
empirica l  result s ar e combine d togethe r  wit h th e U E c h o 
modelin g result s fo r  eas y comparison . 

Training Performance The binary decisions of all training 
trial s b y eac h subjec t  wer e transforme d int o conditiona l 
probabilities ,  whic h wer e the n average d across  th e 2 0 sub -
ject s i n eac h bas e rate  group .  T h e result s ar e show n i n Fig -
ur e 3 ,  togethe r  wit h th e correspondin g Bayesia n value s (cal -
culate d from  uainin g tria l  disuibutions )  an d U E c h o trainin g 
results . 

| H Bayesia n Experimen t  ^ n UEch o 

en 
it . 

a 
a 

Q 

"a. 

a 
a. 

Q 
+ 

Q Q 
+ 

Q 

U-
CL 

Figur e 3 :  Tniinin g perfonnanc e fo r  1:1 ,  2:1 ,  an d 1: 2 con -
dition s (top-down) . 

Statistics show that subjects can correctly acquire most of 
th e probabilities .  I n addition ,  U E c h o doe s reasonabl y wel l 
capturin g th e statistica l  structur e i n th e trainin g uials .  O n e 
obviou s deviatio n o f  U E c h o fro m bot h th e Bayesia n value s 
and th e empirica l  result s i s  UEcho' s relativel y extrem e 

view s unde r  th e R + I D + condition ,  wher e U E c h o suggest s 
p(F)=I ,  an d th e R-ID -  condition ,  wher e U E c h o suggest s 
p(F)=0 .  Lac k o f  nois e i n th e inpu t  m a y b e on e o f  th e rea -
son s fo r  this . 
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Figur e 4 :  Belie f  evaluatio n result s fo r  1:1 ,  2:1 ,  an d 1: 2 con -
dition s (left-riglii) .  T h e d;ishc d line s indicat e th e Bayesia n 

value s o f  th e bas e rate  an d final  belief . 

Belief Evaluation The results of belief evaluations after the 
trainin g phas e ar e s h o w n i n Figur e 4 .  First ,  bot h subject s 
an d U E c h o s h o w fairl y accurat e bas e rat e judgments ,  whic h 
suggest s tha t  the y ca n correctl y asses s an d repor t  th e bas e 
rat e informatio n a s lon g a s di e informatio n i s  presente d i n 
th e natura l  samplin g manner .  Second ,  despit e accurat e bas e 
rat e information ,  fish-tail  figures  sugges t  tha t  th e orde r  ef -
fec t  occur s unde r  al l  conditions .  M o r e specifically ,  bot h 
U E c h o an d di e experimen t  s h o w a  recenc y effec t  th e final 
decisio n i s m o r e determine d b y th e directio n o f  th e las t  evi -
denc e item . 

Conclusions and Future Plans 

Abductio n i s a  distinc t  typ e o f  hypothetica l  reasonin g whic h 
infer s someUiin g may-be .  Th e empirica l  wor k her e show s 
tlia t  huma n abductiv e reasonin g indee d involve s uncertaint y 
and tliu s require s belie f  operations .  Echo ,  a  propose d mode l 
of  abduction ,  account s fo r  man y aspect s o f  huma n abductiv e 
reasoning ,  bu t  doe s no t  incorporat e uncertaint y manage -
ment .  W e describe d a  modifie d versio n o f  Ech o (UEcho) , 
whic h ha s th e potentia l  t o handl e di e uncertaint y aspect s o f 
abduction .  I t  wa s show n Uia t  UEch o doe s a  fairl y goo d jo b 
modelin g belie f  acquisitio n an d dynami c belie f  revision , 
tw o critica l  component s i n huma n abductiv e reasoning . 

As fa r  a s managin g uncertaint y i n abductio n i s concerned , 
UEcho ha s advantage s an d disadvantages .  O n th e on e hand , 
di e learnin g an d dynami c mechanism s i n UEch o allo w i t  t o 
adap t  t o iL s environmen t  an d lear n fro m it s experience .  Thi s 
i s preferabl e compare d t o som e oUie r  uncertaint y manage -
ment  models ,  suc h a s Bayesia n belie f  network s an d graphi -
cal  belie f  networks ,  whic h usuall y d o no t  learn .  Th e adap -
tiv e an d paralle l  satisfactio n natur e o f  UEch o als o make s i t 
capabl e o f  modelin g huma n heuristic s an d biases ,  thu s i t  i s 
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mor e preferabl e tha n nonnativ e models .  O n tli e otlie r  hand , 
i t  ha s bee n mentione d tha t  Echo ,  an d als o IJEcho ,  ca n onl y 
perfor m hypothesi s evaluatio n an d selectio n bu t  no t  hy -
pothesi s formation ,  whic h make s i t  incomplet e a s a n abduc -
tio n model .  I t  woul d b e interestin g t o se e ho w a  comple x 
hypothesi s ca n b e forme d b y mergin g severa l  strongl y con -
necte d simpl e hypotheses .  Moreover ,  a t  present ,  IJIxii o 
doe s no t  handl e higher-orde r  uncertaint y no r  th e distinctio n 
betwee n belie f  an d plausibilit y  i n th e D- S tlieor y sense . 
Thes e disadvantage s sugges t  tha t  furtlie r  investigation s ar e 
needed . 
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