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T w o Endo rsemen t -base d A p p r o a c h e s 

to  R e a s o n i n g A b o u t  Uncerta int y 

Paul Cohen 

Compute r  an d Informatio n Scienc e Dq>artmen t 

Universit y o f  Massachusett s 

Amherst ,  Massachusett s 010Q 3 

n A B S T R A CT 

Two approaches to reasoning about uncertainty are discussed. A paralld certainty 

inferenc e mode l  superimpose s reasonin g abou t  th e credibilit y  o f  inference s o n a 

deductiv e framework .  A  secon d approac h identifie s an d implement s rqwesentativenes s 

as th e genera l  determinan t  o f  credibilit y  i n classificatio n tasks .  Thes e approache s ar e 

step s i n th e evolutio n o f  endorsement-base d reasoning ,  a  vie w o f  uncertaint y i n term s 

of  structure d object s tha t  rqvesen t  characteristic s (r f  evidence . 

52 I N T R O D U C T I O N 

This paper is about evidence. It is also about uncertainty, since uncertainty is a state 

of  min d tha t  arise s whe n evidenc e i s incomplete ,  inaccurate ,  irrelevant ,  an d s o oa . 

&nc c thes e an d othe r  characteristic s o f  evidenc e giv e ris e t o uncertainty ,  reasonin g 

abou t  uncertaint y ough t  t o b e reasmiin g abou t  characteristic s o f  evidence .  Bu t  thi s i s 

difficul t  fo r  Artificia l  Intelligenc e (AI )  programs ,  whic h ar e no t  provide d wit h explici t 

representation s o f  characteristic s o f  evidence .  Mos t  frequentiy ,  al l  knowledg e abou t 

uncertaint y i s summarize d i n a  singl e degre e o r  rang e o f  belief . 

Endorsements are exi^cit reproentations of characteristics of evidence. This paper 

describe s tw o stage s i n th e theor y o f  reascmin g wit h endorsements .  I t  draw s togethe r 

result s fro m severa l  sources, '  an d i s necessaril y  condensed .  Th e endorsement-base d vie w 

i s prescriptive ,  i n th e sens e o f  sayin g ho w reas(»in g abou t  uncertaint y ough t  t o b e 

don e b y intelligen t  computers .  S(»n e prescription s hav e bee n implemented ,  other s 

remai n ope n researc h problems .  O n e versi( m o f  oidorsement-base d reasoning , 

describe d below ,  als o purport s t o describ e huma n reascMiin g unde r  uncertainty . 

Three prescriptions for intelligent reascming about uncertainty guide the develqnnent 

of  endorsement-base d reasoning : 

Orlcotatioa towards actton. It is striking that humans, though uncertain about 

many o r  mos t  decisicHi s ac t  a s i f  certai n abou t  thes e decisions .  A I  program s ar e 

'  Cdie n an d Grinber g (1983) ;  Cohe n (198S) ;  Sulliva n an d Cohe n (198S) ;  Cohen ,  Davis ,  Day , 
Gieenberg ,  Kjeldsen ,  Lande r  an d Loisell e (198S) . 
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les s a U e becaus e the y lac k representation s o f  reason s fo r  uncertainty .  Decisio n i s 

trivialize d b y relianc e o n degree s o f  belief ,  exclusiv e o f  reasons ,  sinc e decisio n 

strategie s hav e acces s cml y t o th e weigh t  o f  evidence ,  no t  it s othe r 

characteristics .  Fo r  example ,  give n onl y th e degre e o f  belie f  i n a  hypothesis ,  on e 

canno t  decid e t o minimiz e uncertaint y b y attemptin g t o prov e it s converse .  No r 

ca n on e decid e t o "wai t  an d see,* *  i n th e expectatio n tha t  mor e evidenc e i s 

forthcoming .  Bot h decisio n strategie s requir e knowledg e abou t  wh y a  hypothesi s 

i s uncertain :  b  it s convers e mor e credible ? i s i t  currentl y unsupporte d bu t 

expecte d t o gai n suppor t  soon ? A n orientatio n t o actio n unde r  uncertamt y 

mandate s thi s kin d o f  explici t  knowledg e abou t  uncertainty . 

Jnstiflcatioa. Humans can justify their decisions. AI programs can generally 

explai n h o w the y deriv e factua l  conclusions ,  bu t  no t  wh y the y believ e o r 

disbeliev e th e conclusions .  Onc e again ,  th e lac k o f  explici t  representation s o f 

characteristic s o f  evidenc e i s a t  fault . 

Advocacy and consensus. Humans can view the same evidence from different 

perqjective s -  arguin g fo r  an d agains t  a  positio n t o convinc e onesel f  o r  another . 

Avro n Bar r  (1985 )  p(Hnt s ou t  that ,  i n additio n t o advocacy ,  human s ma y argu e 

t o find a  consensus .  Th e goa l  her e i s no t  t o Uudgeo n a n opposin g positio n wit h 

th e clu b o f  evidence ,  bu t  t o see k a  ne w interpretatio n o f  th e evidenc e tha t 

acccMnmodate s tw o apparentl y opposin g views .  Bot h advocac y an d consensu s 

focu s o n ho w evidenc e support s arguments .  Th e weigh t  o f  evidenc e i s certainl y 

important ,  bu t  n o mor e s o tha n th e source ,  cost ,  reliability ,  an d othe r 

characteristic s o f  evidence . 

Guided by these considerations, we developed two forms of endorsement-based 

Tdooamg abou t  evidence . 

83 P A R A L L E L C E R T A I N T Y I N F E R E N C E 

The parallel certainty inference model divides reasoning under uncertainty into two 

paralle l  streams .  I n one ,  deductiv e inferenc e i s mediate d b y modu s ponens ;  an d i n th e 

other ,  representation s o f  th e credibilit y  o f  deductiv e inference s ar e propagated .  Thi s 

l̂i t  i s  necessar y becaus e deductio n i s no t  define d fo r  proposition s tha t  ar e neithe r 

tru e no r  false .  Therefore ,  t o reaso n deductivel y unde r  uncertainty ,  on e mus t  ad d 

representation s o f  uncertaint y t o logica l  (tru e o r  false )  prqx>sitions .  Degree s o f  belie f 

i n exper t  system s ar e th e best-know n examin e o f  paralle l  certaint y inferences .  Fo r 

exam^e ,  NfYCI N use s modu s ponen s t o backchai n throug h a  rulebas e o f  implications , 

and use s quasi-Bayesia n combinin g function s t o propagat e degree s o f  belie f  fro m on e 

conclusio n t o th e nex t  (Buchana n an d Shortliffe ,  1984 ,  Chapte r  11) .  Sinc e w e believ e 

tha t  number s ar e inadequat e representation s o f  characteristic s o f  uncertainty ,  w e 

develope d a  paralle l  certaint y inferenc e mode l  i n whic h number s wer e rq>lace d b y 

endorsements . 
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Cohea (1984 )  an d Sulliva n an d Cabe a (1985 )  studie d th e nA e o f  endorsement s i n pla n 

recognitioD .  Th e proble m i t  this :  Give n a  se t  o f  plans ,  eac h compose d o f  elementar y 

actions ,  determin e th e pla n a  use r  ha s i n min d b y watchin g hi s actions .  Fo r  example , 

imagin e th e give n library "  omtain s onl y thre e jAans ,  eac h compose d o f  thre e 

elementar y actions : 

Plan Steps 

planl a b c 

plan 2 b  d  e 

ldan 3 d  f  g 

Further assume, for simplicity, diat |dan steps are not '*shared": step b, for example, 

does no t  simultaneousl y continu e pla n 1  an d star t  pla n 2 . 

How can we interpret the user actions a followed by b? The first action suggests the 

user  intend s pla n 1 ,  sinc e i t  i s  uniqu e t o pla n 1 .  However ,  i t  migh t  hav e bee n a 

mistake :  th e use r  migh t  actuall y inten d jAa n 2 .  Th e secon d action ,  b  appear s t o 

suppor t  th e pla n 1  interpretatimi ,  sinc e i t  i s  th e nex t  ste p i n th e [dan .  However ,  b  i s 

ambiguous :  th e first  actio n migh t  hav e bee n a  mistak e an d th e use r  migh t  b e startin g 

pla n 2 .  Bot h interpretati(m s ar e uncertain .  Sulliva n an d Cohe n represen t  th e 

uncertaint y wit h mnemoni c endorsements : 

Step Interpretation Endorsements 

1: a (start planl a) (a unique to plan 1 +) 

( a coul d b e a  mistak e - ) 

2: b (continue planl b) (a b continuity is desirable +) 

( b amUguou s - ) 

( b coul d b e a  mistak e - ) 

b (start plan2 b) (a b discontinuity is undesirable -) 

( b ambiguou s • ) 

( b coul d b e a  mistak e - ) 

Aske d t o argu e tha t  th e action s a ,  b  ar e evidenc e o f  pla n 1 ,  on e ca n rea d th e 

positiv e endorsement s (that' s wha t  th e +  means )  tha t  a  i s uniqu e t o î a n 1 ,  an d i s 

continue d b y b .  Aske d t o argu e agains t  thi s interpretation ,  on e read s th e negativ e 

endorsements :  a  migh t  b e a  mistake ,  b  i s no t  uniqu e t o fAa a 1 .  Th e pla n 2 

interpretatio n o f  th e action s accrue s n o positiv e endorsements ,  bu t  th e negativ e one s 

can b e use d t o argu e agains t  it :  th e use r  prefer s no t  t o star t  on e pla n whil e i n th e 

middl e o f  anothe r  (i.e. ,  discontinuit y i s  undesiraUe) ;  b  i s ambiguous ,  an d migh t  hav e 

been a  mistake . 

These endorsements seem to explicitly csqpture the sources of uncertainty in the plan 
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interpretatio n task .  Ye t  the y ar e onl y tokens :  thei r  meaning s mus t  b e supplie d fro m 

somewhere .  'IXscontinuit y i s undesirable "  stand s fo r  th e intuitio n tha t  a  use r  prefer s 

t o finish  on e tas k befor e startin g another .  Imagin e replacin g th e mnemcMii c 

endorsement s wit h arbitrar y symbob ,  an d yo u wil l  se e ho w importan t  i t  i s  t o spoai y 

th e semantic s o f  endorsements ,  an d no t  rel y o n thei r  mnemoni c power .  H o w muc h 

knowledg e woul d a  progra m nee d t o reaso n abou t  th e symb( ^  x4 3 a s wel l  a s human s 

reaso n abou t  th e possibilit y  tha t  a n actio n i s a  mistake ? Thi s knowledg e impart s 

meanin g t o th e toke n "coul d b e a  mistake. "  Sulliva n an d Cohe n foun d tha t  th e 

meanin g o f  endorsement s wa s adequatel y specifie d b y thei r  applicabilit y  condition s -

when t o ad d the m t o a  propositio n -  an d b y rule s specifyin g whe n t o ad d an d delet e 

endorsement s fro m pn^XKition s i n th e ligh t  o f  ne w evidence .  Th e latte r  kin d o f 

knowledg e playe d a n importan t  rol e i n combinin g evidence . 

The task of comlnning endorsements in light of evidence is best introduced with an 

example .  Give n th e plan s above ,  w e ca n interpre t  actio n a  a s evidenc e fo r  pla n 1 , 

subjec t  t o th e qualificatio n tha t  i t  coul d b e a  mistake .  N o w ,  i f  th e nex t  actic m i s b , 

i s  th e qualificaticM i  stil l  valid ? Migh t  ou r  uncertaint y b e tempere d b y th e fac t  tha t  b 

i s consecutiv e wit h a  unde r  th e pla n 1  interpretatio n o f  bot h acticms ? I f  th e thir d 

actio n i s c ,  th e concludin g ste p i n pla n 1 ,  ca n ther e b e an y doub t  tha t  a  wa s no t  a 

mistake ? I f  i t  i s  reasonabl e t o diminis h uncertaint y du e t o a  possibl e mistak e give n 

subsequen t  consisten t  evidence ,  the n w e migh t  eras e th e negativ e endorsemen t  "coul d 

be a  mistak e -  "  give n suc h evidence .  Thi s i s exactl y th e metho d use d b y Sulliva n 

an d Cohen .  The y specifie d semanti c combinin g rules ,  s o calle d becaus e the y define d th e 

meanin g o f  endorsement s i n term s o f  th e wa y endorsement s combine : 

If (plan N: step i could be a mistake -) and 

(pla n N :  step s i  j  ccmtinuit y i s desirabl e + ) 

The n eras e (pla n N :  ste p i  coul d b e a  mistak e - ) 

(Thoug h th e implementatio n o f  thi s an d othe r  semanti c combinin g rule s literall y erase d 

endorsemmts ,  a  bette r  implementatic m woul d withdra w suppor t  fo r  them .  Thi s 

reasoning ,  i n th e styl e o f  Doyle' s reaso n maintenanc e (Doyle ,  1983) ,  keep s a n 

importan t  recor d o f  th e fat e o f  hypothese s a s evidenc e i s accrued. ) 

Semantic combining rules provide cme mechanism for implementing advocate and 

consensu s reasoning .  Conside r  th e justificatio n offere d b y on e advocat e fo r  th e fAa n 1 

interpretatio n o f  • » b :  "Th e action s ar e consecutiv e -  evidenc e tha t  pla n 1  i s intended . 

True ,  a  migh t  b e a  mistake ,  an d b  i s ambiguous ,  but ,  fo r  m e ,  th e likelihoo d tha t  a 

i s a  mistak e give n th e ccnsecutiv e actio n b  i s small. "  Anothe r  advocat e use s th e sam e 

evidenc e an d endorsement s bu t  take s anothe r  view :  T r u e ,  th e acticm s ar e consecutive , 

but  a  migh t  hav e bee n a  mistake ,  an d sinc e b  i s amUguous ,  I  canno t  argu e tha t  bot h 

belon g t o pla n 1. "  W e ca n mode l  thes e differen t  view s i n term s o f  sonanti c 

combinin g rules .  Th e first  advocat e i s governe d b y th e rul e show n above ;  th e seoMi d 

by a  mor e conservativ e rule : 
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I f  (pla n N :  stq > i  coul d b e a  mistak e - )  an d 

(pla n N :  step t  i  j  continuit y i s desirabl e + )  an d 

(pla n N :  ste p j  ha s onl y on e interpretatio n + ) 

The n eras e (pla n N :  stq > i  coul d b e a  mistak e - ) 

Consensu s i s mor e difficul t  t o model ,  bu t  inv(4ve s comparin g th e semanti c combinin g 

rules :  Th e advocate s disagre e becaus e th e ambiguit y o f  b  i s significan t  t o on e an d no t 

t o th e other .  Severa l  intermediate ,  consensu s positimi s ca n b e worke d out ;  fo r 

examine ,  th e thir d claus e i n th e previou s rul e migh t  b e rewritte n "onl y on e 

interpretatio n o f  ste p j  currentl y ha s support, "  whic h woul d lea d t o agreemen t  o n th e 

pla n 1  interpretatio n o f  a ,  b ,  sinc e al l  th e endorsement s o f  th e pla n 2  interpretatio n 

oi  thi s inpu t  ar e negative ,  a s discusse d above . 

M R E P R E S E N T A T I V E N E SS 

Our second approach to endorsement-based reasoning addressed two related issues: 

However  informativ e ou r  endorsement s appeared ,  the y wer e stil l  comment s adde d pos t 

hoc t o deductiv e inferences .  Thi s wa s a n inevitabl e consequenc e o f  th e paralle l 

certaint y inferences ,  bu t  i t  leave s ope n th e question s "wher e d o endorsement s com e 

from ,  an d wha t  d o the y meanT *  A t  th e sam e time ,  w e becam e intere^e d i n 

associative ,  a s oppose d t o deductive ,  reasoning .  Exper t  an d commonsens e reasonin g 

derive s it s powe r  fro m empirica l  association s -  proposition s tha t  "g o together "  i n th e 

mind .  W e though t  tha t  th e manne r  i n whic h th e proposition s g o togethe r  -  th e 

association s betwee n the m -  coul d tel l  u s somethin g abou t  th e credibilit y  o f  inference s 

base d o n thos e associations .  Unfortunately ,  th e natur e o f  a n associatio n (b e i t  causal , 

temporal ,  etc. )  i s  los t  whe n i t  a  represente d a s a n implication ;  an d mos t  empirica l 

association s ar e represente d thi s way ,  a s productio n rules .  Th e failur e o f  thi s approach , 

i t  seemed ,  wa s tha t  imj^cation s ar e interprete d deductivel y - -  a s logica l  form s -  an d 

thu s th e paralle l  certaint y inferenc e mode l  i s inescapable .  Yet ,  i f  th e association s tha t 

underli e inference s ar e no t  discarde d i n th e translaticM i  frcx n empirica l  associatio n t o 

implication ,  the n the y migh t  b e use d t o asses s th e crediUlit y o f  th e inferences .  B y 

focusin g o n associativ e reasoning ,  w e eliminat e th e paralle l  certaint y inferenc e model , 

and th e question s i t  raise s abou t  th e meanin g o f  endorsements .  A t  th e sam e time ,  w e 

gai n a  se t  o f  association s tha t  ar e a  natura l  basi s fo r  statement s abou t  th e creditnlit y 

of  interpretation s -  endorsements . 

We addressed a single associative task and its inherent uncertainty. The task was 

classification ,  prevalen t  i n A I  systems .  Partia l  matchin g occur s wheneve r  th e criteri a 

fo r  a  classificatio n ar e no t  me t  exactly .  Fo r  example ,  give n th e empirica l  associatio n a 

perso n wit h queasiness .  fatigue ,  achin g limbs ,  an d a  feve r  ha s flu ,  wha t  ca n w e sa y o f 

an individua l  wit h a  poo r  appetite ,  headache ,  margina l  fever ,  an d a  twitc h i n th e lef t 

eye ? Fl u m i ^ t  b e considere d i f  poo r  appetit e i s evidenc e o f  queasiness ,  headach e i s 

evidenc e o i  achin g limbs ,  an d s o on ,  althoug h n o reasonabl e interpretatio n o f  th e 

twitc h seem s possible .  Th e partia l  matchin g proble m ha s tw o forms :  No t  al l  th e 
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criteri a fo r  a  classificatio a ar e met ,  an d thos e tha t  ar e ma y b e me t  approximately . 

Th e individua l  abov e di d no t  complai n o f  fatigu e -  on e o f  th e criteri a fo r  fl u -  an d 

di d no t  complai n o f  othe r  criteri a exactl y a s stated .  Ye t  al l  complaint s bu t  th e twitc h 

coul d b e interprete d a s evidenc e fo r  flu . 

One form of the partial matching proUem - inexact matches between evidence and 

classificatio n criteri a -  reminde d u s o f  Tversk y an d Kahneman' s notic m o f 

representativeness : 

M a ny o f  th e probalMlisti c  question s wit h whic h peofA e ar e concerne d 

belon g t o on e o f  th e followin g types :  Wha t  i s th e probabilit y  tha t  objec t 

A belong s t o clas s B ? Wha t  i s th e probabilit y  tha t  even t  A  originate s 

fro m B ? W h a t  i s th e probabilit y  tha t  proces s B  wil l  generat e even t  A ? I n 

answerin g thes e questicMis ,  peofA e typicall y rel y o n th e representativenes s 

heuristic ,  i n whic h probabilitie s ar e evaluate d b y th e degre e t o whic h A  i s 

representativ e o f  B ,  tha t  is ,  b y th e degre e t o whic h A  resemble s B . 

(Tversk y an d Kahneman ,  1982 ,  p.4 ) 

One's certainty in a diagnosis of flu depends on the degree to which the symptcnns 

ar e representativ e o f  flu .  Returnin g t o th e previou s examine ,  i s poo r  appetit e ( a 

symptom )  representativ e o f  queasines s ( a criterio n fo r  flu)?  b  a  headach e 

rq>reieatativ e o f  achin g limbs ? W e accqjte d th e ide a tha t  rqvesentativenes s mediate s 

credibilit y  i n classificatio n tasks ,  an d se t  abou t  implementin g judgment s o f 

representativeness .  W h a t  follow s i s a  necessaril y  abbreviate d discussio n o f  th e wor k 

presente d i n Cohe n e t  al .  (1985) . 

Our i^jproach is to represent propositicms as structured objects (frames) and to 

measur e representativenes s i n term s o f  th e association s tha t  hol d betwee n structures . 

For  example ,  conside r  thi s structur e fo r  th e concep t  tobacco : 

Tobacco 

PART-OF cigarettes 

C A U SE cance r 

Is the inference cigarettes cause cancer crediMe? If so, it must be justified by the 

P A R T - OF associatio n betwee n tobacc o an d cigarettes .  Conside r  a  simila r  case : 

industrial emissioq 

HAS-PART: carbcm dioxide 

C A U SE :  ad d rai n 

Is it credible to infer that carbon dioxide causes acid rain? If not, it must be because 

carbo n dioxid e i s onl y on e par t  o f  industria l  emissicMis ,  an d thu s canno t  crediU y b e 

implicate d a s a  cause ,  give n othe r  possibl e causes .  Th e credibilit y  o f  th e first  exampl e 
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i s  du e t o th e P A R T - O F relation ,  bu t  th e H A S - P A R T relatio n doe s no t  suppor t  causa l 

argument s credibly .  W e sa y tha t  th e on e relatio n preserve s representativenes s an d th e 

othe r  doe s not .  Mor e formally : 

C A U S E ( A 3)  but ,  C A U S E ( A 3 ) 

PART-OF(A ,C )  H A S - P A R T ( A , C ) 

C A U S E ( C 3)  • •  C A U S E ( C 3 ) 

The * *  indicate s a n unrepresentative ,  o r  les s credible ,  conclusion .  Thi s styl e o f 

reasonin g ha s muc h i n c o m m o n wit h Collins '  plausibl e reasonin g (1978) .  Th e centra l 

ide a i s tha t  th e credibilit y  o f  a  conclusio n give n evidenc e i s determine d b y th e 

association s tha t  relat e evidenc e an d conclusio n i n a  networ k o f  concepts . 

Representativeness ,  o r  credibility ,  i s  a  functio n o f  associations .  I n th e previou s 

example ,  cigarette s ma y b e considere d t o caus e cancer ,  give n th e evidenc e tha t 

tobacc o cause s cancer ,  becaus e th e agen t  i n th e evidenc e (tobacco )  i s a  P A R T - O F th e 

agen t  i n th e conclusio n (cigarettes) . 

We have developed a program to reason associatively in a classification task, and to 

qualif y it s conclusion s a s representativ e o r  unrepresentativ e base d o n th e association s 

tha t  underli e classifications .  Th e domai n o f  th e program ,  calle d G R A N T,  i s researc h 

funding .  A  proposa l  (P )  state s a  researcher' s interests .  G R A N T find s a  se t  o f  fundin g 

agencie s (A )  tha t  ar e representativ e o f  th e proposal .  Th e agencie s judge d 

representativ e o f  a  proposa l  b y G R A N T wer e judge d i n tur n b y a n exper t  t o b e 

thos e mos t  likel y t o fun d th e proposal .  I  wil l  briefl y describ e th e structure ,  function , 

and testin g o f  G R A N T. 

GRANT has two kinds of knowledge about the world. One is a network of about 

1000 researc h concepts ,  an d th e othe r  i s a  se t  o f  rules ,  lik e thos e above ,  fo r  findin g 

representativ e connection s betwee n concepts .  Researc h proposal s an d th e interest s o f 

fundin g agencie s ar e represente d a s structure s attache d t o th e networ k o f  researc h 

concepts .  Fo r  example ,  a n agenc y tha t  want s t o stud y th e effect s o f  die t  o n 

cardiovascula r  diseas e i s linke d t o th e networ k b y thes e topics .  A  researche r  ma y 

propos e t o stud y th e effect s o f  dietar y sodiu m o n atherosclerosis .  I s thi s representativ e 

of  th e agency ? Tha t  is ,  i s  th e agenc y likel y t o fun d th e proposal ? Th e answe r 

depend s o n th e associativ e relation s betwee n th e topic s subsume d b y th e agenc y an d 

th e proposal .  A s i t  happens ,  dietar y sodiu m i s P A R T - O F diet ,  an d atherosclerosi s IS A 

cardiovascula r  disease .  Bot h relation s hav e bee n show n t o preserv e representativeness , 

so th e proposa l  i s  representativ e o f  th e agency' s interests . 

Most of the knowledge engineering effort on the GRANT project has been devoted 

t o discovering ,  fro m a  huma n exper t  i n th e domai n o f  funding ,  th e association s tha t 

lin k researc h concepts ,  an d th e rule s tha t  stat e whethe r  th e association s an d thei r 

combination s preserv e representativeness .  Combination s o f  association s ar e calle d pat h 

endorsements .  A  se t  o f  traversa l  rule s restrict s G R A N T t o conside r  th e associativ e 
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pathway s tha t  ar e adequatel y endorsed .  Give n th e rules ,  a  progra m ca n fin d source s 
of  fundin g fo r  whic h a  proposa l  i s  representative ,  simpl y b y startin g i n th e associativ e 

networ k o f  researc h concept s a t  th e proposa l  an d spreadin g activatio n throug h th e 

networ k ove r  representativ e association s unti l  i t  '1>ump s into "  topic s associate d wit h 

one o r  mor e fundin g agencies . 

The use of traversal rules constrains blind spreading activation, and finds the agencies 

most  likel y t o fun d a  researc h proposal .  W e teste d thi s clai m wit h 2 3 researc h 

proposals .  Fo r  each ,  w e ra n G R A NT i n tw o modes .  One ,  calle d minimum-distanc e 
searc h ( M D fo r  short )  sprea d activatio n withou t  regar d fo r  representativenes s unti l  i t 

found ,  o n average ,  1 5 agencies .  Th e othe r  mode ,  calle d endorsemen t  constraine d (E C 

fo r  short )  searche d unti l  i t  foun d al l  representativ e agencies .  Fo r  eac h proposal ,  th e 
agencie s foun d b y M D searc h wer e give n t o a n expert ,  wh o wa s aske d t o selec t  th e 
agencie s mos t  likel y t o fun d th e proposal .  Fo r  th e 2 3 proposak ,  th e exper t  selecte d a n 

averag e o f  2  agencie s fro m th e averag e o f  1 5 foun d b y M D search .  E C searc h found , 
on average ,  8 0 % o f  th e agencie s judge d goo d b y th e expert .  However ,  abou t  3 2 % o f 

th e agencie s foun d b y E C searc h wer e no t  judge d goo d b y th e expert .  Thu s E C 
searc h ha s a  respectabl e hi t  rat e (80% )  an d a n adequat e fals e positiv e rat e (32%) .  It s 

fals e positiv e rate ,  compare d wit h tha t  o f  M D searc h unde r  a  variet y o f  stoppin g 
conditions ,  i s  muc h superior .  Thi s suggest s tha t  th e rule s tha t  gover n E C searc h do , 
i n fact ,  discriminat e betwee n representativ e an d unrepresentativ e alternatives .  Moreover , 
the y effectivel y captur e th e determinant s o f  th e likelihoo d tha t  a n agenc y wil l  fun d a 

proposal . 

Path endorsements have not yet been shown to mediate explantation and advocacy 

and consensu s reasoning .  Endorsement s an d combinin g rule s o f  th e kin d discusse d i n 

Sulliva n an d Cohe n ar e bette r  suite d t o thes e purposes .  However ,  th e semantic s o f 

pat h endorsement s i s muc h cleare r  tha n thos e adde d t o a  paralle l  certaint y inferenc e 

model .  Curren t  researc h i s devote d t o attainin g advocac y an d consensu s reasonin g i n 

G R A N T. 
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