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Edmonton ,  Albert a T 6 G 2H i 

ree@cs.ualberta.c a 
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A b s t r a c t 

Default reasoning occurs when the available 
informatio n doe s no t  deductivel y guarante e th e trut h 
of  th e conclusion ;  an d th e conclusio n i s nonetheles s 
correctl y arrive d at .  Th e formalism s tha t  hav e bee n 
develope d i n Artificia l  Intelligenc e t o captur e thi s 
m o de o f  reasonin g hav e suffere d fro m a  lac k o f 
agreemen t  a s t o whic h non-monotoni c inference s 
shoul d b e considere d correct ;  an d s o Lifschit z 198 9 
produce d a  se t  o f  "Nonmonotoni c Benchmar k 
Problems "  whic h al l  futur e formalism s ar e suppose d 
t o honor .  Th e presen t  wor k investigate s th e exten t  t o 
whic h human s follo w th e prescription s se t  ou t  i n 
thes e Benchmar k Problems . 

Keywords: reasoning and problem-solving, 
decision-making ,  foundation s 

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

Default reasoning occurs whenever the evidence 
availabl e t o th e reasone r  doe s no t  guarante e th e trut h 
of  th e conclusio n bein g drawn ;  tha t  is ,  doe s no t 
deductively/orc « th e reasone r  t o dra w th e conclusio n 
unde r  consideration .  ('Force '  i n th e sens e o f  bein g 
required  t o d o i t  / /  th e reasone r  i s  t o b e logicall y 
correct) .  Fo r  example ,  fro m th e statement s 
'Linguist s typicall y spea k mor e tha n thre e languages ' 
an d 'Ki m i s a  linguist' ,  on e migh t  dra w th e 
conclusion ,  b y default ,  tha t  'Ki m speak s mor e tha n 
thre e languages. '  W h a t  i s mean t  b y th e phras e 'b y 
default '  i s  tha t  w e ar e justifie d i n makin g thi s 
inferenc e becaus e w e hav e n o informatio n whic h 
woul d mak e u s doub t  tha t  K i m wa s covere d b y th e 
generalizatio n concernin g linguist s o r  woul d mak e u s 
thin k tha t  K i m wa s a n abnorma l  linguis t  i n thi s 
regard . 

Formall y speaking ,  th e ter m 'non-monotoni c 
reasoning '  refer s t o argumentatio n i n whic h on e use s 
certai n informatio n (th e premise s o f  th e argument )  t o 
reac h a  conclusion ,  bu t  wher e i t  i s  possibl e tha t  late r 
addin g som e furthe r  informatio n t o thos e ver y sam e 
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premises could make one want to retract the original 
conclusion .  Th e catch-phras e o f  non-monotoni c 
reasonin g i s  "tha t  n e w informatio n make s on e 
withdra w previously-mad e inference s withou t 
withdrawin g an y backgroun d premises. " 

I t  i s  easil y see n tha t  th e informa l  notio n o f  defaul t 
reasonin g manifest s a  typ e o f  non-monotoni c 
reasoning .  M o r e generall y speaking ,  defaul t 
statement s ar e sai d t o b e tru e abou t  th e clas s o f 
object s the y describe ,  despit e th e acknowledge d 
possibl e existenc e o f  "exceptiona l  instances "  o f  th e 
class .  I n th e absenc e o f  explici t  informatio n tha t  an y 
particula r  objec t  i s  on e o f  th e "exceptiona l  instances, " 
we ar e enjoine d t o appl y th e defaul t  statemen t  t o th e 
object .  However ,  furthe r  informatio n m a y arriv e 
tellin g u s tha t  thi s objec t  i n fac t  i s  on e o f  th e 
"exceptional "  ones .  Thi s i s wher e non-monotonicit y 
reside s i n defaul t  reasoning. 

I n artificia l  intelligenc e ther e ar e tw o genera l 
school s o f  though t  a s t o h o w t o characteriz e formall y 
defaul t  reasoning ,  (i )  Ou r  backgroun d informatio n i s 
associate d wit h a  "likelihood "  paramete r  an d ou r  ne w 
conclusion s ar e modulate d accordingly .  Th e mos t 
c o m m on versio n o f  thi s typ e i s t o assig n ou r  belief s 
or  informatio n state s a  "probability "  an d t o dra w 
conclusion s i n accor d wit h a  probabilisti c  logic . 
Anothe r  versio n o f  thi s typ e employ s "fuzz y logic. " 
(ii )  Ou r  backgroun d informatio n i s characterize d a s 
bein g "typicall y  true" ,  an d w e dra w conclusion s tha t 
ar e treate d a s 'true' ,  o r  'tru e i n th e absenc e o f 
infomiatio n t o th e contrary. '  Th e differenc e betwee n 
th e tw o version s o f  defaul t  reasonin g amount s t o 
whethe r  w e explicitl y  represen t  ou r  lac k o f  deductiv e 
conclusivenes s i n som e quantitativ e way ,  alway s 
attachin g som e evaluatio n t o eac h o f  ou r  belief s an d 
propagatin g evaluation s t o ou r  newly-draw n 
conclusions .  Metho d (i )  enjoin s u s t o d o so ;  wherea s 
metho d (ii )  instea d tell s u s t o trea t  eac h belie f  a s 
qualitativel y tru e bu t  t o b e prepare d t o retrac t  o r 
withdra w conclusion s i n th e fac e o f  ne w information . 

I n th e artificia l  intelligenc e literature ,  drawin g 
conclusion s i n accordanc e wit h metho d (i )  i s  usuall y 
calle d "uncertai n inference "  (Shafe r  &  Pearl ,  1990) , 
wherea s drawin g the m i n accordanc e wit h metho d (ii ) 
i s  usuall y calle d "nonmonotoni c reasoning "  (Reiter , 
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1987 ;  McCarthy ,  1980 ;  McDermot t  &  Doyle ,  1980 ; 
Moore ,  1985) .  Ther e hav e bee n theoretica l  studie s o f 
uncertai n inferenc e i n Philosoph y (Kyburg ,  1988) , 
Compute r  Scienc e (Bacchus ,  1991) ,  Managemen t 
Scienc e (Yates ,  1991 )  an d i n Electrica l  Engineerin g 
(Zadeh ,  1975) .  Th e sam e canno t  b e sai d abou t  th e 
qualitativ e metho d (ii) ,  nonmonotoni c reasoning . 
Her e th e theoretica l  foundation s hav e bee n 
investigate d mostl y i n Artificia l  Intelhgenc e (se e 
Ginsberg ,  1987) ,  bu t  withou t  a  consensu s o n wha t  i s 
th e correc t  underlyin g logica l  structure .  Indeed ,  ther e 
i s eve n muc h doub t  a s t o whic h inference s ough t  t o 
be sanctione d an d whic h ough t  t o b e disallowed . 
Partl y t o ameliorat e thi s problem ,  Lifschit z (1989 ) 
publishe d a  lis t  o f  2 5 "Nonmonotoni c Benchmar k 
Problems "  whic h gav e th e answer s generall y accepte d 
by researcher s i n th e area .  Al l  futur e forma l  account s 
of  nonmonotoni c reasonin g wer e suppose d t o b e abl e 
t o yiel d thes e answers . 

Ther e ar e m a n y differen t  type s o f  Benchmar k 
Problem s i n Lifschitz' s list ,  conespondin g t o th e 
differen t  type s o f  area s i n whic h defaul t  reasonin g i s 
see n a s usefu l  t o th e A I  community .  I n thi s pape r  w e 
ar e concerne d wit h a  subse t  o f  these :  th e "Basi c 
Defaul t  Inference "  problem s an d th e "Inheritanc e 
Inference "  problem s (se e Fig .  1) .  W e retai n th e 
origina l  numberin g o f  th e problems . 

Non-monotoni c theoretician s believ e tha t  i t  i s 
correc t  t o mak e defaul t  inferences .  Th e backgroun d 
ide a wa s tha t  peopl e us e thei r  reasonin g abilitie s "t o 
get  alon g i n th e world "  ver y well ;  i f  computer s coul d 
onl y emulat e peopl e i n thi s regar d the y to o woul d b e 
abl e t o liv e u p t o thei r  promise .  I t  wa s thu s propose d 
tha t  computationa l  area s whic h activel y use d forma l 
logica l  method s woul d d o wel l  t o adop t  non -
monotoni c logic s a s thei r  metho d (McCarthy ,  1986 ; 
Krause/a/ ,  1990) . 

Th e poin t  w e wis h t o emphasiz e i s this :  Despit e 
th e acknowledgmen t  b y th e artificia l  intelligenc e 
communit y tha t  th e goa l  o f  developin g non -
monotoni c system s owe s it s Justificatio n t o th e 
succes s tha t  ordinar y peopl e hav e i n dealin g wit h 
defaul t  reasoning ,  ther e ha s bee n n o investigatio n int o 
what  sort s o f  defaul t  reasonin g ordinar y peopl e i n fac t 
employ .  Instead ,  artificia l  intelligenc e researcher s 
rel y o n thei r  introspectiv e abilitie s t o determin e 
whethe r  o r  no t  thei r  syste m ough t  t o embod y such -
and-s o inference .  W e therefor e pose d th e question :  D o 
peopl e actuall y reaso n i n th e manne r  prescribe d b y th e 
non-monotoni c logi c community ? 

I n thi s paper ,  w e presen t  result s o n people' s 
performanc e o n Benchmark s 1- 4 an d som e pilo t  dat a 
on Benchmark s 11-14 .  Thi s i s th e firs t  o f  severa l 
investigation s w e hav e underwa y t o identif y wha t 
factor s impac t  plausibl e conclusion s draw n i n fairl y 
well-circumscribe d problems . 

1 .  Bloc k A  an d B  ar e heavy . 
Heav y block s ar e normall y locate d o n thi s table . 

A i s nQ t  o n thj s tablg . 

B i s o n thi s table . 

2. Blocks A and B are heavy. 
Heavy block s ar e normall y locate d o n thi s table . 
A i s no t  o n thi s table .  B  i s red . 

B i s o n thi s table . 

3. Blocks A and B are heavy. 
Heav y block s ar e normall y locate d o n thi s table . 
Heav y block s ar e normall y red . 
A i s no t  o n thi s table .  B  i s no t  red . 

B i s o n thi s table .  A  i s red . 

4. Blocks A and B are heavy. 
Heav y block s ar e normall y locate d o n thi s table . 
A i s possibl v a n exceptio n t o thi s rule . 

B i s o n thi s table . 

11. Animals normally do not fly. 
Bird s ar e animals .  Bird s normall y fly . 
Ostriche s ar e birds . 
Ostriche s normall y d o no t  flv . 

Animal s othe r  tha n bird s t o no t  fly . 
Bird s othe r  tha n ostriche s fly . 
Ostriche s d o no t  fly . 

12. Animals normally do not fly. 
Bird s ar e animals .  Bird s normall y fly . 
Bat s ar e animals .  Bat s normall y fly . 
Ostriche s ar e birds . 
Ostriche s normall v d o no t  flv. 

Animal s othe r  tha n bird s an d bat s d o no t  fly. 
Bird s othe r  tha n ostriche s fly. 
Ostriche s d o no t  fly. 

13. Quakers are normally pacifists. 
Republican s ar e normall v no t  pacifists . 

Quaker s w h o ar e no t  Republican s ar e pacifists . 
Republican s w h o ar e no t  Quaker s ar e no t 

pacifists . 
« No conclusio n t o b e draw n abou t  Republica n 

Quakers. * 

14. Quakers are normally pacifists. 
Republican s ar e normall y hawks . 
Pacifist s ar e normall y politicall y active . 
Hawks ar e normall y politicall y active . 
Pacifist s ar e no t  hawks . 
Non-Republica n Quaker s ar e pacifists . 
Non-Quiake r  Republican s ar e no t  pacifists . 
Quakers ,  Republicans ,  pacifist s an d hawk s ar e 

politicall y activ e «mean s al l  combination s 
of  these ,  includin g Republica n Quakers» . 

Figur e 1 .  Subse t  o f  Benchmark s (fro m Lifschitz' s 
Benchmar k Problems ) 
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Exper imen t  1 :  Basi c Defaul t 

R e a s o n i n g 

Benchmarks 1-4 are called "basic default reasoning" 
problems .  Eac h o f  thes e problem s concern s tw o 
object s governe d b y on e o r  mor e defaul t  rules . 
Additiona l  informatio n i s give n t o indicat e tha t  on e o f 
th e object s (a t  least )  doe s no t  follo w on e o f  th e 
defaul t  rules .  W e cal l  thi s th e exceptio n objec t  (fo r 
tha t  defaul t  rule) .  Th e proble m the n ask s fo r  a 
conclusio n abou t  th e remainin g object ,  whic h w e cal l 
th e object-in-question .  Th e Benchmar k Answer—tha t 
answe r  accepte d b y th e A I  community—i s tha t  th e 
existenc e o f  a n exceptio n objec t  fo r  a  defaul t  rul e 
shoul d hav e n o bearin g o n conclusion s draw n abou t 
any othe r  objec t  whe n usin g tha t  rule .  T o tes t  th e 
validit y o f  thi s assumption ,  w e investigate d tw o 
factor s concernin g th e exceptio n objec t  tha t 
intuitivel y seeme d likel y t o influenc e plausibl e 
conclusion s abou t  th e objec t  i n question :  th e speci -
ficit y o f  informatio n abou t  h o w th e exceptio n objec t 
violate s th e defaul t  rule ,  an d th e apparen t  similarit y o f 
th e exceptio n objec t  t o th e objec t  i n question . 

Subjects .  Eight y subject s enrolle d i n a n 
introductor y psycholog y cours e participate d i n partia l 
fulfillmen t  o f  thei r  require d experimen t  participation . 

Design .  Ther e wer e tw o between-subject s 
independen t  variables .  Th e first  wa s th e specificit y o f 
th e informatio n abou t  th e exceptio n object .  I n 
Benchmark s 1-4 ,  th e manne r  i n whic h a n objec t 
violate s th e defaul t  rul e i s unspecifie d (e.g. .  Bloc k A 
i s no t  o n th e table )  W e cal l  thi s th e negativ e form . 
The positiv e for m o f  th e proble m identifie d a  specifi c 
stat e fo r  th e exception .  Th e secon d between-subjec t 
variabl e wa s w h o th e agen t  solvin g th e proble m wa s 
suppose d t o be :  a  huma n (actually ,  th e subject )  o r  a 
robot .  Interview s wit h pilot-stud y subject s indicate d 
tha t  thi s mad e a  differenc e i n th e kind s o f  answer s 
generated .  W e ha d n o a  prior i  predictio n o r  intuitio n 
abou t  th e huma n vs .  robo t  dimension ,  bu t  i t  seeme d 
an interestin g meta-cognitiv e issu e t o explore . 

Ther e wa s on e within-subjec t  variable :  objec t 
similarity .  Eac h subjec t  answere d Benchmark s 1- 4 
presente d i n a  low-similarit y versio n an d i n a  high -
similarit y version .  Th e lo w similarit y versio n ha d 
sentence s correspondin g t o jus t  thos e assertion s i n th e 
origina l  Benchmark .  Th e hig h similarit y versio n ha d 
additiona l  statement s describin g commonalitie s 
share d b y th e exceptio n objec t  an d objec t  i n question . 
Figur e 2  illustrate s tw o o f  th e fou r  combination s o f 
specificit y an d similarit y fo r  Benchmar k #2 . 

T wo differen t  cove r  stwie s wer e develope d fo r  eac h 
Benchmark .  W e counterbalance d whic h cove r  stor y 
was use d a s th e lo w similarit y versio n an d whic h wa s 
use d a s th e high-similarit y versio n acros s subjects . 

Procedure .  Subject s wer e randoml y assigne d t o 
receiv e eithe r  human-positive ,  robot-negative ,  human -

|l .  L o w Similarity/Positiv e F o r m / H u m a n 
You kno w Ther e i s a  Craftsma n electri c dril l 

and ther e i s als o a  Blac k & 
Decke r  electri c  drill . 

Electri c drill s  ar e normall y store d 
i n th e utilit y  cabinet . 

The Blac k an d Decke r  dril l  i s a 
cordles s model . 

You als o kno w Th e Craftsma n dril l  i s o n th e 
workbench . 

What  i s reasonabl e t o decid e abou t  wher e th e Blac k 
and Decke r  dril l  is ? 

II. High Similarity /Negative Form/Robot 
Robot  know s Wester n Constructio n an d ConC o 

Consultin g hav e eac h submitte d 
confidentia l  bid s fo r  contrac t 
work . 

Confidentia l  bid s ar e normall y 
kep t  i n th e Departmen t  Head' s 
office . 

Th e bi d b y Conc o Consultin g 
was prepare d b y a n outsid e 
consultant . 

Robot  als o know s Th e bi d b y Wester n Constructio n 
i s no t  i n th e Departmen t  Head' s 
office . 

The Wester n Constructio n an d 
th e Conc o bid s wer e 
considerabl y lowe r  tha n th e 
othe r  bid s tha t  wer e received . 

Bot h thes e companie s hav e goo d 
trac k record s io t  consultin g 
work . 

Thei r  bid s wer e receive d 2  hour s 
afte r  th e deadlin e date ,  whic h 
was Frida y a t  noon . 

What is reasonable to decide about where the Conco 
bi d is ? 

Figur e 2 .  Alternativ e Form s o f  Benchmar k #2 . 

negative, or robot-negative problems. The eight 
problem s (fou r  Benchmark s unde r  tw o similarit y 
versions )  wer e randoml y ordere d an d presente d i n 
bookle t  form .  T o lesse n th e chanc e tha t  subject s 
woul d detec t  th e underlyin g similarit y amon g th e 
problems ,  w e pu t  on e filler  proble m betwee n eac h o f 
th e randomly-ordere d rea l  problems .  Thes e filler 
problem s wer e simila r  i n forma t  an d aske d fo r 
c o m m on sens e reasonin g conclusions .  Th e 
instruction s emphasize d tha t  ther e wer e n o right  o r 
wron g answer s t o thes e problems ,  an d tha t  th e goa l  o f 
th e experimen t  wa s t o discove r  somethin g abou t  ho w 
peopl e d o mak e (o r  h o w robot s shoul d make ) 
plausibl e conclusion s i n situation s fo r  whic h ther e i s 
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onl y genera l  information .  Subject s generate d thei r 
own answer s an d wer e tol d tha t  "can' t  tell "  wa s als o 
an acceptabl e answer . 

Results .  W e code d subjects '  answer s abou t  th e 
object-in-questio n accordin g t o on e o f  fou r  answe r 
categories :  (a )  i t  followe d th e benchmar k answer ,  (b ) 
i t  followe d th e exceptio n object ,  (c )  i t  wa s som e othe r 
answer ,  o r  (d )  "can' t  tell. "  Thus ,  th e benchmar k 
answer  fo r  Benchmar k 2  (drill s  story )  i s tha t  th e Blac k 
and Decke r  dril l  i s  "i n th e utilit y  cabinet" ;  th e 
exception-answe r  woul d b e tha t  i t  i s  "o n th e 
workbench. "  A n answe r  tha t  woul d b e code d a s 
"other "  migh t  b e "i n th e mai l  betwee n th e Dept .  Hea d 
and President "  (fo r  th e contract-bi d story) . 

A repeated-measure s A N O V A wa s performe d o n 
th e proportio n o f  answer s generate d i n eac h categor y 
fo r  eac h problem ;  unde r  thi s scheme ,  answe r  categor y 

becomes anothe r  factor. ^  Ther e wa s a  significan t 
mai n effec t  fo r  th e answe r  category .  Mos t  o f  th e time, 
peopl e applie d th e defaul t  rule .  Th e proportio n o f 
benchmark ,  exception ,  other ,  an d can't-tel l  answer s 
wer e 0.585 .  0.100 .  0.139 .  an d 0.176 .  respectively . 
Ther e wa s als o a  significan t  interactio n betwee n 
answer-categor y an d for m (positiv e o r  negative )  an d a 
significan t  three-wa y interactio n betwee n answer -
category ,  form ,  an d similarit y  (F(3 .  228)=3.18 .  p  = 
.025) .  Tabl e 1  give s th e dat a relevan t  t o thi s three -
way interaction . 

Table 1. Proportions of answers in different 
categorie s a s a  functio n o f  specificit y an d similarity . 

i r Answer  Categor y 

Bench- Excep- Can't 
mark tio n Othe r  Tel l 

Positiv e 
hig h 
similarit y 
lo w 
similarit y 

Negativ e 
hig h 
similarit y 
lo w 

.45 0 

.605 

.525 

.760 

.19 5 

.090 

.060 

.050 

.19 0 

.090 

.230 

.045 

.16 5 

.215 

.185 

.140 

Ther e ar e severa l  interestin g feature s abou t  thi s 
patter n o f  data .  Fo r  low-similarit y versions , 
negative-for m subject s gav e mor e benchmar k answer s 

'•  Th e mode l  define d b y significan t  mai n effect s an d 
interaction s reporte d her e wa s teste d o n log-linea r 
transformatio n o f  th e data ,  an d a  chi-squar e tes t 
reveale d n o significan t  differenc e betwee n th e 
predicte d an d observe d data . 

tha n positive-for m subject s (0.76 0 vs .  0.605) .  I t  i s 
als o sti-ikin g tha t  positive-for m subject s giv e "can't -
tell "  a s thei r  othe r  answe r  o f  choic e unde r  th e low -
similarit y forms . 

For  high-similarit y version s o f  th e problems , 
negative-for m subject s tende d t o pu t  answer s int o th e 
"other "  categor y (usin g informatio n fro m th e extr a 
similarit y  assertions) ,  wherea s positive-for m subject s 
tende d t o sa y tha t  th e objec t  behave d lik e th e 
exception .  Althoug h thi s m a y b e a n artifac t  o f  th e 
stimul i  fo r  th e negative-versio n (unspecific ,  negativ e 
informatio n abou t  a n exceptio n migh t  m a k e i t 
difficul t  fo r  subject s t o sa y tha t  th e object-in -
questio n follow s th e exception),  nonetheles s i t  i s  a 
fac t  tha t  inter-objec t  similarit y di d increas e th e 
proportio n o f  "lik e th e exception "  answer s give n o n 
positive-for m problems .  Nonmonotoni c theorie s 
woul d no t  predic t  an y effec t  relatin g t o whethe r  o r  no t 
we kno w specificall y wha t  i s goin g o n wit h th e 
exceptio n object ,  sinc e suc h knowledg e tell s u s 
nothin g abou t  th e object-in-question .  Further , 
nonmonotoni c theorie s ar e no t  prepare d t o accoun t  fo r 
th e similarit y effect .  ( A possibl e exceptio n t o thi s i s 
th e tiieory  o f  Pollock .  1990. ) 

I n additio n t o a  significan t  mai n effec t  fo r 
benchmark ,  w e als o foun d a  significan t  proble m b y 
answer-categor y interactio n an d a  significan t  three -
way interactio n amongs t  benchmark ,  answer-category . 
and w h o th e problem-solvin g agen t  was :  huma n o r 
robo t  (F(12 .  912)=2.27 .  p  =  .QOl) .  Tabl e 2  give s th e 
proportio n o f  answer s i n eac h answe r  categor y a s a 
functio n o f  problem-solve r  an d benchmar k problem . 
Lookin g bac k a t  Figur e 1 ,  i t  i s clea r  tha t  th e firs t  fou r 
Benchmark s ar e variation s o n th e sam e theme ;  thes e 
variation s ar e suppose d no t  t o alte r  th e applicatio n o f 
th e defaul t  rule .  Ou r  result s foun d tha t  answe r  pattern s 
di d diffe r  a s a  functio n o f  Benchmark .  I n particular , 
th e defaul t  rul e wa s applie d les s frequentl y i n 
Benchmar k 3  tha n o n th e othe r  benchmarks , 
regardles s o f  whethe r  th e subjec t  wa s actin g a s th e 
problem-solve r  o r  specifyin g wha t  a  robo t  shoul d 
conclude .  Benchmar k 3  i s interestin g becaus e eac h o f 
th e object s violate s on e o f  th e tw o defaul t  rules .  O n e 
interpretatio n o f  thes e result s i s tha t  i f  peopl e find  a n 
objec t  atypica l  i n on e wa y (e.g. ,  violate s on e defaul t 
rule) ,  the y m a y fin d i t  plausibl e t o conclud e tha t  i t 
wil l  b e atypica l  i n othe r  way s (e.g. ,  violate s othe r 
defaul t  rules) .  Non e o f  th e curren t  A I  non-monotoni c 
reasonin g model s woul d allo w thi s result ,  becaus e 
the y assum e a  reasone r  onl y ha s informatio n abou t 
th e exceptionalit y wit h respec t  t o on e defaul t  rul e a t  a 
time .  ( W e ar e runnin g additiona l  experiment s t o 
confir m ou r  interpretation s o f  thi s result) . 

Th e trend s underlyin g th e three-wa y interactio n 
amongst  benchmar k number ,  answer-category ,  an d 
proble m solve r  appea r  du e t o performanc e o n 
Benchmar k 3 ,  w h e n S s ar e providin g plausibl e 
conclusion s fo r  human s (i.e. ,  fo r  themselve s a s 
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proble m solver) .  The y specif y mor e "other "  answer s 
fo r  Benchmar k 3  relativ e t o th e othe r  Benchmar k 
problem s i n thi s conditio n (se e to p pane l  o f  Tabl e 2) , 
But  whe n S s giv e plausibl e conclusion s fo r  a  robo t  a s 
th e problem-solver ,  the n Benchmar k 3  an d als o 
Benchmar k 2  ar e differen t  an d thes e difference s ar e du e 
t o mor e "can' t  tell "  answers .  (A s Fig .  I  shows . 
Benchmar k 2  give s th e object-in-questio n a n 
additiona l  feahire) .  Thi s migh t  b e calle d Th e Asimo v 
Effect :  peopl e believ e tha t  robot s shoul d b e cautiou s 
(an d sa y the y can' t  tell )  an d no t  alway s reaso n a s the y 
woul d permi t  themselve s to . 

Tabl e 2 .  Proportio n o f  answer s i n differen t  categorie s 
fo r  Benchmar k Problem s a s a  functio n o f  problem -
solver . 

Proble m Solver : 

Answer 
Categor y 

benchmar k 

exceptio n 

othe r 

can' t  tel l 

Proble m Solver : 

Answer 
Categor y 

benchmar k 

exceptio n 

othe r 

can' t  tel l 

Human | 
Benchmar k #  1 

1 

.62 5 

.17 5 

.06 2 

.13 7 

2 

.60 0 

.13 7 

.12 5 

.13 7 

3 

.43 7 

.17 5 

.23 7 

.15 0 

' 

.61 2 

.10 0 

.11 2 

.17 5 

Robot 
Benchmar k #  | | 

1 

.76 2 

.07 5 

.08 7 

.07 5 

2 

.58 7 

.02 5 

.16 2 

.22 5 

3 

.52 5 

.02 5 

.17 5 

.27 5 

4 

.73 7 

.03 7 

.11 2 

.11 2 

Pilo t  Result s o n Inheritanc e 

R e a s o n i n g 

Benchmarks 11-12 invoke a tree-like hierarchy 
(ostriches—birds&bats—animals )  an d statement s o f 
typica l  propertie s ha d b y member s o f  certai n 
position s i n th e hierarchy .  Th e questio n fo r  non -
monotoni c reasonin g concern s whic h o f  thes e 
propertie s ar e "inherited "  b y th e nex t  elemen t  u p (o r 
down )  th e hierarchy .  Th e reade r  i s encourage d t o dra w 
a networ k representatio n o f  th e informatio n give n i n 
Benchmar k 1 1 an d 12 ,  i n whic h link s represen t  th e 

relevan t  class-sub-clas s relationship s betwee n nodes , 
whic h eithe r  d o o r  d o no t  inheri t  feature s o f  thei r 
respective  parents .  Thi s wil l  mak e th e preliminar y 
result s w e presen t  her e easie r  t o understand . 

The procedur e wa s simila r  t o th e stud y describe d 
earlier ,  wher e differen t  cove r  storie s wer e generate d fo r 
thes e problems ,  bu t  w e wil l  us e th e word s i n th e 
benchmark s t o summariz e ou r  flndings.  Nearl y 9 0 % 
of  th e subject s conclude d tha t  animals-other-than-bird s 
coul d no t  fl y  i n bot h Benchmark s 1 1 an d 12 ,  an d 
abou t  thi s m a n y conclude d tha t  birds-other-than -
ostriche s coul d fl y  i n benchmar k 11 .  Thi s agree s 
wit h th e Benchmarks .  However ,  onl y 5 3 % o f  subject s 
conclude d tha t  birds-other-than-ostriche s coul d fl y  i n 
Benchmar k 12 .  Not e tha t  th e onl y differenc e betwee n 
Benchmark s I I  an d 1 2 i s th e additiona l  mentio n i n 
#1 2 o f  th e subclas s "bats "  an d th e fac t  tha t  bat s 
normall y fly .  Mos t  o f  th e remainin g subject s 
conclude d tha t  birds-other-than-ostriche s canno t  fly . 
What  i s unusua l  abou t  thi s flnding  i s tha t  th e mer e 
existenc e o f  a n extr a hierarch y nod e (bats )  influence s a 
decisio n abou t  a  nod e belo w i t  i n th e hierarch y an d o n 
a differen t  inheritanc e pat h altogether .  W e hav e n o 
accoun t  fo r  thi s resul t  a t  th e present ,  othe r  tha n tha t 
ther e m a y b e som e influenc e o f  h o w subclasse s 
violat e thei r  parents '  rul e (i.e. ,  sinc e bat s violat e th e 
anima l  rule ,  the n mayb e birds-other-than-ostriche s 
violat e th e bir d rule) ,  an d pla n t o investigat e thi s 
result  further . 

Benchmark s 1 3 an d 1 4 concer n hierarchie s i n 
whic h ther e ar e "conflicts" ;  tha t  is ,  ther e i s mor e tha n 
on e wa y t o travers e th e hierarchy ,  an d doin g i t  on e 
way lead s t o a  conclusio n opposit e t o th e on e 
generate d i n traversin g i t  th e othe r  way .  Agai n th e 
reader  i s encourage d t o dra w th e hierarch y relating 
thes e subclasses .  Ou r  preliminar y dat a indicat e tha t 
subject s behav e i n accordanc e wit h mos t  non -
monotoni c theories ,  whic h enjoi n u s t o follo w th e 
default s o f  th e mos t  specifi c  group s t o whic h on e 
belongs .  Quaker s w h o ar e no t  Republica n ar e 
pacifists ;  Republican s w h o ar e no t  Quaker s ar e 
hawks .  Furthermore ,  i f  a n objec t  belong s t o tw o 
distinc t  group s wit h differin g bu t  overlappin g 
defaults ,  the n tha t  objec t  shoul d a t  leas t  posses s al l 
th e default s tha t  th e distinc t  group s hav e i n common . 
Thi s mean s that ,  fo r  Benchmar k 14 ,  ou r  subject s 
shoul d conclud e tha t  Republica n Quaker s ar e 
politicall y activ e (an d i n fac t  the y did) .  M a n y defaul t 
mechanism s find  i t  difficul t  t o obe y thi s desideratum , 
unles s i t  i s know n h o w m a n y path s ther e ar e an d tha t 
the y wil l  intersect . 

Th e othe r  interestin g finding  concern s th e conflic t 
nod e i n thes e hierarchies :  th e benchmar k answe r  i s 
tha t  n o conclusio n ca n b e draw n abou t  whethe r 
Republica n Quaker s ar e hawk s o r  pacifists .  However , 
hal f  o f  ou r  subject s d o generat e a n answer .  Fo r  thes e 
subjects ,  hal f  generat e th e answe r  tha t  the y ar e hawks , 
and hal f  generat e th e answe r  tha t  the y ar e pacifists .  I n 
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general ,  i t  i s  interestin g tha t  fo r  thi s sor t  o f  non -
monotoni c reasonin g problem ,  "can' t  tell "  i s  no t  a 
preferre d answer ,  despit e th e fac t  thi s i s  th e preferre d 
answer  o f  ever y nonmonotoni c theory . 

Conclusions 

Non-monontonic logics define what are plausible 
conclusion s i n thes e simpl e situations ,  drawin g thei r 
justificatio n fo r  thi s fro m (wha t  the y tak e t o be )  th e 
way i n whic h peopl e handl e default s an d exceptions . 
But  ou r  dat a show s tha t  people' s plausibl e 
conclusion s abou t  default s an d exception s ar e 
influence d b y difference s i n th e amoun t  o f 
informatio n availabl e abou t  th e object s (i.e. , 
difference s amon g th e scenari o specification s o f 
Benchmark s 1-4) ,  ar e influence d b y th e specificit y o f 
informatio n abou t  th e exception ,  an d ar e influence d 
by th e apparen t  similarit y betwee n object s tha t  migh t 
be governe d b y th e sam e rules .  Th e mor e tha t  i s 
know n abou t  a n exception ,  th e mor e plausibl e i t  ma y 
see m tha t  anothe r  objec t  behave s lik e it .  T o us ,  thi s 
suggest s a n aspec t  o f  plausibl e reasonin g tha t  i s 
missin g fro m curren t  non-monontoni c theories , 
namel y wha t  kind s o f  informatio n ar e relevan t  t o 
applyin g defaul t  rules .  Th e issu e o f  wha t  i s relevan t 
knowledg e i s onl y no w bein g examine d i n th e non -
monontoni c community .  O n e interpretatio n o f  ou r 
finding s i s tha t  peopl e d o no t  reaso n abou t  default s 
and exception s a s forma l  rule s t o b e manipulated : 
the y wil l  pu t  themselve s i n "problem-solvin g mode " 
and integrat e al l  th e informatio n presente d i n som e 
way t o generat e a  plausibl e conclusion .  Thi s suggest s 
tha t  i t  ma y b e difficul t  t o develo p robus t  model s o f 
non-monontoni c reasonin g withou t  som e goal -
directe d componen t  whic h wil l  i n tur n determin e wha t 
kin d o f  informatio n i s relevan t  t o th e applicatio n o f  a 
defaul t  rule . 

I t  i s  unclea r  whethe r  subject s i n ou r  stud y care d 
tha t  th e rule s include d th e ter m "normally "  o r  whethe r 
the y woul d hav e behave d an y differentl y i f  tha t  ter m 
wer e omitted .  W e hav e debriefin g dat a o n wha t 
subject s thin k term s lik e "normally "  o r  "typically " 
mean,  bu t  hav e no t  analyze d tha t  dat a yet .  Further , 
ther e ar e othe r  factor s know n t o influenc e deductiv e 
reasonin g (e.g. ,  premis e orde r  effects ,  belie f  biases ; 
see Rips ,  1990 )  tha t  ar e ye t  t o b e examine d i n thi s 
domain .  W e hop e th e furthe r  empirica l  wor k i n thi s 
are a ca n len d som e plausibl e guidanc e t o formalizin g 
contex t  effect s i n non-monontoni c theories . 
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