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A b s t r a c t 

A metho d fo r  generatin g simpl e compariso n sentence s 

of  th e for m A  i s lik e B  i s  proposed .  Th e postulate d 

inpu t  t o th e generato r  consist s o f  th e nam e o f  a n en -

tit y A ,  an d a  se t  o f  descriptor s abou t  A  i n th e for m 

of  attribute:valu e pairs .  T h e mai n sourc e o f  knowl -

edg e tha t  control s decisio n makin g i s a  probabilis -

ti c  conceptio n o f  salienc e o f  empiricall y observabl e 

propertie s a m o n g concret e objects .  W e als o us e a 

salienc e heuristi c base d o n th e notio n o f  propert y in -

trinsicness .  T h e information-theoreti c concep t  o f  re -

dundanc y i s use d t o quantif y salienc e i n probabilisti c 

contexts .  Seilienc e factor s influencin g selectio n de -

cision s ar e modelle d a s utilitie s an d costs ,  an d th e 

decisio n fo r  selectin g th e bes t  objec t  o f  compariso n 

i s base d o n th e maximizatio n o f  ne t  expecte d util -

ity .  Th e metho d propose d ha s bee n implemente d i n 

a generatio n syste m writte n i n CProlog . 

Introduction 

I n thi s pape r  w e presen t  a  metho d fo r  generatin g sim -

pl e compariso n sentence s wit h th e ai d o f  th e notio n o f 

salience .  Th e metho d ha s bee n implemente d i n a  gen -

eratio n syste m writte n i n CProlog .  Th e postulate d 

inpu t  t o th e generato r  consist s o f  a  se t  o f  descriptor s 

abou t  a n entit y (say ,  Mary' s cheeks )  i n th e for m o f 

attribute:valu e pair s (lik e colounred ,  texture:smooth , 

etc) .  Th e tas k w e ar e focussin g o n consist s o f  de -

scribin g th e entit y throug h a  compariso n sentenc e o f 

th e for m A  is/ar e lik e B  (e.g. ,  Mary' s cheek s ar e lik e 

apples) ,  b y mean s o f  whic h th e heare r  ca n infe r  th e 

intende d descriptor s o f  A .  Baae d o n th e forma t  A 

I S lik e B ,  w e wil l  refe r  t o th e entit y bein g describe d 

{Mary' s cheeks )  a s th e A-ter m an d th e chose n exam -

pl e (apples )  a s th e B-term . 

Modelling Property Salience 

Th e approac h take n i n thi s wor k fo r  selectin g a  goo d 

exampl e o f  a n objec t  (dually ,  concept )  possessin g 

a certai n propert y relie s mainl y upo n probabilisti c 

knowledg e o f  th e distributio n o f  value s fo r  certai n es -

sential ,  empiricall y observabl e attribute s amon g con -

cret e (physical )  object s considere d a s object s o f  com -

parison .  I n addition ,  w e emplo y a  salienc e heuristi c 

base d o n propert y intrinsicness . 

Concept Representations 

The knowledge base includes representations of con-

cret e object s wit h probabilize d valu e space s repre -

sentin g th e distributio n o f  possibl e value s fo r  at -

tributes .  Suc h representation s ar e assume d t o b e in -

tegra l  t o th e genera l  worl d knowledg e o f  th e speake r 

abou t  th e concepts . 

Formally ,  a  concep t  C  i s a  labelle d se t  o f  propertie s 

Pi ,  an d eac h propert y P, -  i s a  pai r  A i  :  Vj ,  wher e A i 

i s a n attribut e an d V i  i s it s probabilize d valu e space . 

Vi  i s  a  se t  o f  pair s Vi j  :  pij ,  wit h pi j  £  (0,1] ,  an d 

V .  p, j  =  1 .  I n ou r  implementation ,  fo r  example ,  w e 

hav e colou r  =  [yellow:0.S5 ,  golden:0.60 ,  green.O.lS ] 

as a  propert y o f  th e mang o concept .  Notin g tha t 

th e probabilitie s o f  value s i n thes e representation s 

ar e conditiona l  upo n th e concep t  possessin g the m fo r 

th e respectiv e attributes ,  w e ca n write ,  fo r  example : 

p{colou r  =  green\mango )  =  0.15 . 

Thes e representation s ar e a  varian t  o f  th e dimen -

siona l  approac h t o probabilisti c  concep t  represen -

tation ,  discusse d i n cognitiv e psycholog y literatur e 

by [Smit h &  Medin ,  1981] .  I n ou r  implementation , 

thes e representation s ar e embedde d i n a  semanti c net -

work .  Nominalize d version s o f  propert y value s (lik e 

rednes s fo r  red )  ar e represente d i n th e networ k a s 

abstrac t  concepts ,  wit h link s directe d toward s thei r 

extension s (lik e apple s an d s o on) . 

Salience Based on Probabilities 

When generating comparisons, a concept (say, ap-

ple )  i s considere d a s a  candidat e exampl e o f  a n inpu t 
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propert y (say ,  colour:red )  i f  it s  m o s t  probabl e valu e 

fo r  th e correspondin g attribut e (colour )  matche s th e 

valu e (red )  i n th e inpu t  property .  Severa l  object s (al l 

of  whic h ar e mostl y red )  m a y presen t  themselve s a s 

candidat e examples ,  an d th e preferenc e i s baae d o n a 

measur e o f  salienc e o f  th e property .  However ,  salienc e 

i s no t  simpl y equa l  t o th e probability ,  sinc e th e num -

ber  o f  othe r  possibl e V2ilue s (say ,  green ,  yellow )  a s 

wel l  a s thei r  respectiv e probabilitie s hav e th e effec t 

of  eithe r  enhancin g o r  suppressin g th e prominenc e o f 

th e mos t  probabl e valu e i n a  distribution . 

I f  th e mos t  probabl e valu e (red )  ha s a  hig h prob -

abilit y  {0.85) ,  an d ther e ar e ver y fe w othe r  possibl e 

value s (say ,  onl y gree n wit h probabilit y  0.15) ,  the n 

re d ha s hig h salienc e i n th e contex t  o f  th e colou r 

distribution .  If ,  o n th e othe r  hand ,  eve n i f  re d wa s 

th e mos t  probabl e colou r  (wit h probabilit y  0.25) ,  i f 

othe r  colour s wer e als o equall y probabl e (sa y green , 

brow n an d yellow ,  eac h wit h probabilit y  0.25) ,  the n 

re d woul d no t  stan d ou t  i n th e distribution ,  an d it s 

salienc e woul d therefor e b e ver y low .  Informatio n 

theor y help s u s captur e thes e notion s o f  salienc e pre -

cisely ,  throug h th e concep t  o f  redundancy ,  whic h 

we us e i n ou r  wor k t o quantif y propert y salience . 

Moreover ,  whe n lookin g fo r  th e bes t  exampl e o f  a 

re d object ,  no t  onl y shoul d th e candidat e example , 

say ,  apple ,  b e mostl y red ,  an d highl y salien t  amon g 

apple s o f  al l  colours ,  bu t  th e rednes s o f  apple s shoul d 

be mor e salien t  tha n th e rednes s of ,  say ,  strawberrie s 

and othe r  frui t  whic h ar e als o mostl y red .  T o mode l 

thi s aspec t  o f  salience ,  fo r  a  give n propert y valu e (sa y 

red) ,  w e conside r  th e redundanc y o f  a  concep t  (sa y 

apples )  i n th e contex t  o f  th e redundancie s o f  othe r 

candidate s (sa y strawberries ,  etc )  throug h th e defini -

tio n o f  normal ize d redundancy . 

Simila r  information-theoreti c measure s hav e bee n 

use d b y [Iwayama ,  Tokunag a &  Tanaka ,  1990 ]  i n 

thei r  computationa l  modellin g o f  metapho r  compre -

hension .  W e adop t  thei r  wor k a s a  goo d poin t  o f  de -

partur e t o examin e th e modellin g o f  salienc e an d it s 

rol e i n generatin g comparison s fo r  describin g objec t 

properties ,  an d us e thei r  exampl e sentenc e Mary' s 

cheek s ar e lik e apple s t o conve y ou r  algorith m i n 

thi s paper .  I n interpretin g th e abov e sentence ,  thei r 

syste m (calle d A M U S E)  calculate s th e salienc e o f  th e 

propertie s o f  apples ,  matche s th e high-salien t  prop -

ertie s o f  apple s wit h th e propertie s o f  cheek s an d in -

fer s th e propertie s o f  Mary' s cheek s intende d b y th e 

speaker . 

To comput e th e redundanc y o f  th e propert y o f  a n 

object ,  w e procee d throug h th e followin g information -

theoreti c concepts .  Give n a  discret e probabilit y 

distributio n wit h n  probabilitie s p, -  €  (0,1] ,  wit h 

53"_iPi  =  1 ,  th e ent rop y o f  th e distributio n H  i s 

give n b y 

1 

^ ^  P i 
(1 ) 

1=1 

We tak e c  (th e bas e o f  th e logarithm )  t o b e 2  through -

out  thi s paper . 

Th e entrop y H  o f  a .  distributio n i s zer o i f  ther e i s 

onl y on e possibl e valu e (wit h uni t  probability) .  Fo r 

a give n se t  o f  n  possibl e values ,  H  i s m a x i m u m i f  th e 

value s ar e equiprobabl e (p, -  =  ^  fo r  al l  i) ,  an d equal s 

log^n .  H  quantifie s th e 'flatness '  o r  'dispersion '  o f 

a probabilit y  distribution ,  an d ca n b e interprete d a s 

measurin g th e exten t  t o whic h th e prominenc e o f  th e 

most  probabl e valu e i n th e distributio n i s suppresse d 

i n th e contex t  o f  possibl e values .  Fo r  instance ,  fo r 

th e colou r  propert y o f  mang o represente d b y colou r 

= [yellow:0.25 ,  golden:0.60 ,  green:0.15] ,  H  turn s ou t 

t o b e 1.35272 .  I f  th e colour s wer e equiprobable ,  H 

woul d hav e bee n m a x i m u m ,  a t  1.5849 6 (i.e. ,  /off23) . 

I f  al l  mangoe s wer e golden ,  H  woul d hav e bee n 0 . 

Relativ e entrop y Hre i  expresse s th e entrop y o f  a 

distributio n i n th e uni t  interval .  B y normalizin g H 

wit h respec t  t o m a x i m u m entrop y fo r  a  give n se t  o f 

samples ,  Hre i  expresse s entrop y independentl y o f  th e 

sampl e size .  I t  i s  define d a s 

Hre l  = 
( 

i f  n  =  I  the n 0  els e 
H \ 

log2n J (2 ) 

For  an y n  >  1 ,  Hre i  =  1  i f  th e value s ar e equiprob -

able ,  an d les s i f  th e mos t  probabl e valu e i s highe r  i n 

probability ,  an d th e numbe r  an d magnitud e o f  othe r 

values ,  smaller .  I f  onl y on e valu e i s possibl e (proba r 

bilit y  =  1) ,  Hre i  =  0 .  Hre i  quantifie s th e exten t  o f 
suppression ,  o r  lac k o f  salience ,  o f  th e mos t  probabl e 

valu e i n a  probabilit y  distribution .  Th e quantitativ e 

complemen t  o f  .fTre/ ,  viz. ,  redundancy ,  therefor e mea -

sure s th e degre e o f  salienc e o f  th e mos t  probabl e valu e 

i n a  probabilit y  distribution : 

R e d u n d a n c y o f  a  distributio n i s compute d b y 

R = 1  — Hre i (3 ) 

I n ou r  system ,  th e colou r  spac e o f  appl e i s [red:0.75 , 

green:0.15 ,  yellow.O.lO] .  T h e redundanc y (R )  o f  thi s 

distributio n i s 0.33499 .  B y comparison ,  th e colou r 

of  orange ,  wit h a  distributio n o f  [orange:0.80 ,  yel -

low.O.lO ,  green.O.lO] ,  ha s a  (greater )  R  o f  0.41833 . 

As a  final  example ,  th e colou r  o f  grapefrui t  wit h [yel -

low:0.75 ,  pink:0.25] ,  ha s R  =  0.18872 .  Eve n thoug h 

re d i n appl e an d yello w i n grapefrui t  occu r  wit h th e 

same probability ,  th e forme r  ha s highe r  salienc e (R ) 

i n it s contex t  o f  possibl e values . 
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Finally ,  i n a  se t  o f  concept s C  — {Ci.Cj,. .  .C„ } 

i n whic h al l  C, -  posses s th e sam e mos t  probabl e valu e 

(sa y rtd )  fo r  a  give n propert y P  (colour) ,  th e salienc e 

of  a  concep t  C k i n th e contex t  o f  C  du e t o propert y P 

i s measure d b y it s normalize d redundancy ,  com -

pute d a s 

^«<'̂ "'' '  =  e S w ) 
(4 ) 

wher e R{Ci ,  P )  i s  th e redundanc y o f  th e propert y P 

of  C, .  I n a  contex t  o f  fruit s whic h ar e al l  mostl y red , 

NR{appl€ ,  colour )  measure s th e relativ e salienc e o f 

apples ,  an d govern s th e candidac y o f  apple s a s goo d 
example s o f  re d fruits .  Not e als o tha t  b y th e abov e 

definition ,  i n a  give n contex t  C ,  al l  th e N R s ad d u p 

t o 1 ,  an d NR(Ci ,P )  ca n b e interprete d a s th e con -

ditiona l  probabilit y  p(C,|P) .  p{apple\colou r  :  red )  i s 

th e likelihoo d o f  choosin g appl e whe n lookin g fo r  a 

good exampl e o f  colou r  :  re d amon g fruits . 

Decision Making 

i n C o m p a r i s o n G e n e r a t i o n 

In formulating the choice of the B-term in the com-

pariso n a s a  decisio n makin g problem ,  w e first  deriv e 

th e forma l  equivalenc e betwee n information-theoreti c 
redundanc y an d expecte d utility . 

Redundancy as Expected Utility 

Substituting (1) in (2) and (2) in (3), the redundancy 

R associate d wit h a  probabilit y  distributio n ove r  n 

possibl e value s ( n >  1 )  is : 

1 -  2^Pilog 2 — 
'og^ n f ^  P i 

_ log^n + Y!i=\ Pilo92Pi 

logi n 

E"= i  P.̂ og2 "  +  Ta= \  Pi'o92P i 

log2 n 

= y^p. . ('°32inpi)\ 

^  '  V  log2 n J 
(5 ) 

The summatio n (5 )  i s  th e familia r  for m o f  expecte d 

utility ,  viz. ,  ̂ ZLiP'" "  ^^^ ^  " •  =  log2(npi)/log2n . 
The utilit y  u ,  i s  derive d fro m th e probabilit y  p i  an d 

th e siz e o f  th e valu e space ,  n .  I t  i s  interprete d a s 

th e rewar d associate d wit h th e selectio n o f  th e valu e 

wit h probabilit y  p, .  Fo r  th e specia l  cas e o f  n  =  1 , 

we hav e u ,  =  1  an d p ,  =  1 .  A s i s eviden t  fro m th e 

abov e expression ,  th e rewar d u ,  i s  maximu m fo r  th e 

most  probabl e value ,  an d redundanc y measure s th e 

expecte d rewar d i n th e contex t  o f  al l  possibl e val -

ues.  Choosin g a  concep t  a s a n exampl e o n th e ba -

si s o f  maximu m R  amon g competin g concepts ,  an d 

equivalently ,  o n th e basi s o f  maximu m N R ,  ca n henc e 

be modelle d a s a  decisio n proble m o f  maximizin g ex -

pecte d utility . 

Generatin g comparison s describin g on e prop -

erty :  Th e algorith m fo r  choosin g th e bes t  compari -

son whe n ther e i s on e inpu t  propert y P  ca n no w b e 

state d a s follows :  P  i n th e generato r  inpu t  serve s a s 

a sourc e o f  activatio n i n th e knowledg e base ,  whic h 

spread s toward s concept s (formin g a  se t  C )  i n whic h 

P occur s redundantly .  Fo r  eac h C t  G  C ,  comput e 

th e expecte d utilit y  EU{Ci ,  P )  =  EU i  =  N R i d ,  P) . 

Selec t  th e concep t  wit h maximu m EU i  * 8 th e bes t 

(available )  example .  I n ou r  generato r  implementa -

tion ,  fo r  th e inpu t  entit y Mary' s cheek s an d th e de -

scripto r  [shape:round] ,  th e followin g EU b ar e com -

pute d (not e tha t  the y ad d u p t o 1) : 

Ci 
plu m 

appl e 

grap e 

peac h 

lemo n 

grapefrui t 

EU(Ci ,  [shap e :  round] ) 

0.255 5 

0.343 4 

0.090 8 

0.090 8 

0.031 7 

0.187 8 

The generato r  output s Mary' s cheek s ar e lik e apples . 

Comparisons Describing 
T wo o r  M o r e Propertie s 

When two or more properties are intended to be 
communicate d abou t  th e inpu t  entit y (fo r  example , 
tha t  Mary' s cheek s ar e red ,  smoot h an d round) ,  eac h 

propert y initiate s a  searc h (ideally ,  i n parallel )  i n th e 

knowledg e bas e fo r  a  goo d exampl e i n whic h th e re -

spectiv e propert y occur s redundantly .  Th e decisio n 

criterio n fo r  choosin g th e bes t  exampl e i s no w on e 

of  maximizin g tota l  expecte d utilit y  (TEU) ,  th e tota l 

bein g th e su m o f  individua l  E U s fro m eac h property . 

Tabl e 1  show s a  portio n o f  th e matri x o f  EU s 

compute d i n ou r  implementatio n fo r  th e inpu t  en -

tit y Mary' s cheek s an d th e descriptor s [colour:red] , 

[texture:smooth ]  an d [shape.roundj .  Th e generato r 

output s Mary' s cheek s ar e lik e apple s base d o n max -

imu m TEU . 

The Problem of Zero Credit 

The above method is effective as a straightforward 
extensio n o f  th e one-propert y case ,  an d work s wel l 
when concept s receiv e non-zer o E U fo r  eac h prop -
ert y t o b e communicated ,  a s i s th e cas e fo r  appl e 
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c. EU{Ci,red )  EU{Ci,smooth )  EU{Ci,round ) TEU{Ci ) 
appl e 
grap e 

strawberr y 
plu m 

0.333 3 

0.5284 

0.138 3 

0.307 5 

0.413 3 

0.0819 

0.343 4 

0.090 8 

0.2555 

Tabl e 1 :  A  portio n o f  a  matri x o f  E U s 

0.984 2 

0.504 1 

0.528 4 

0.475 7 

and flu m i n Tabl e 1 .  Not e howeve r  i n th e sam e ma -

trix ,  tha t  whil e plu m receive s a n E U fo r  eac h prop -

erty ,  strawberry ,  thoug h havin g n o E U fo r  roun d an d 

smooth ,  score s a  highe r  T E U tha n plu m du e t o shee r 

intensit y o f  hig h E U fo r  red .  I n thi s case ,  straw -

berr y isn' t  exactl y a  goo d exampl e o f  somethin g re d 
and smoot h an d round \ 

Similarly ,  whe n th e inpu t  contain s [colour.-yellow , 

texture:smooth ,  shape.round] ,  ou r  generator ,  o n th e 

basi s o i T E U alone ,  woul d stil l  sa y Mary' s cheek s ar e 

lik e apples .  Miscommunicatio n result s i n thi s case , 

as th e hearer ,  w h o als o use s knowledg e o f  salienc e i n 

comprehension ,  end s u p inferrin g tha t  Mary' s cheek s 

ar e red .  I f  appl e wa s no t  presen t  i n th e knowledg e 

base ,  an d i f  th e inpu t  propert y value s wer e red ,  roun d 

and smooth ,  th e generato r  woul d hav e said :  Mary' s 

cheek s ar e lik e strawberries .  I n thi s case ,  ther e m a y 

be eithe r  non-communicatio n (nothin g a t  al l  wil l  b e 

inferre d abou t  textur e an d shap e o f  Mary' s cheeks ) 

or  anomalou s communicatio n (th e inferre d shap e an d 

textur e o f  Mary' s cheek s wil l  no t  b e consisten t  wit h 

th e genera l  knowledg e o f  th e heare r  abou t  th e shap e 

and textur e o f  cheeks. )  I n th e parlanc e o f  connec -

tionism ,  w e m a y sa y the n tha t  i t  i s no t  sufficien t  t o 

hav e hig h convergen t  (total )  activation :  ther e shoul d 

als o b e sufficien t  activatio n fro m eac h source . 

Whil e i t  i s  temptin g t o ge t  a  quic k mathematica l 
fix  b y definin g arbitrar y m i n i m u m threshold s o n th e 

individua l  E U s i n th e T E U criterion ,  w e motivat e 

th e solutio n b y considerin g th e comprehensibilit y o f 

th e generate d comparisons ,  an d deriv e cos t  measure s 

(antipoda l  t o utility )  t o us e i n decisio n making .  T w o 

differen t  cos t  measure s ar e proposed ,  correspondin g 

respectivel y t o th e problem s o f  zer o credi t  (describe d 

above )  an d unintende d propertie s (describe d later) . 

Exception Clauses 

It is fairly common in day-to-day speech to come 

acros s comparison s i n whic h miscommunicatio n du e 

t o zer o credi t  (i n th e sens e discusse d above )  i s averte d 

by generatin g additiona l  clause s tha t  mak e explici t 

th e inexactitud e o f  th e match :  a s i n Mary' s cheek s 

ar e lik e apples ,  except...(that )  the y ar e yellow .  W e 

cal l  th e latte r  claus e a n exceptio n clause ,  th e prop -

ert y (attribute )  describe d i n i t  (here ,  colour )  th e ex -

ceptio n propert y (attribute) ,  an d th e valu e c o m m u -

nicate d i n i t  (here ,  yellow )  th e exceptio n value .  I n 

simpl e setting s lik e th e one s unde r  consideration ,  th e 

utilit y o f  communicatin g throug h compariso n drop s 

of f  rapidl y wit h th e numbe r  o f  exception s tha t  m a y 

be sought .  O n e exceptio n i s fairl y  c o m m o n ,  a s no t 

alway s d o w e find  on e bes t  exampl e o f  al l  propertie s 

we wan t  t o communicat e abou t  a n entity . 

We quantif y th e cos t  o f  zer o credi t  b y focussin g o n 

th e generatio n an d acceptabilit y  o f  comparison s wit h 

exceptio n clauses .  W e foun d i t  helpfu l  t o visualiz e 

tha t  th e speaker' s evaluatio n o f  comparison s wit h ex -

ception s i s mediate d b y a n imagina l  proces s i n whic h 

th e B-ter m objec t  withou t  th e exceptio n propert y i s 

mentall y distorte d int o th e B-ter m objec t  wit h th e ex -

ceptio n property .  Fo r  example ,  i n Mary' s cheek s ar e 

lik e apples ,  except. ,  the y ar e yellow ,  a  re d (salien t 

colour )  appl e i s  'repainted '  int o a  yello w one ,  an d 

offere d a s a n objec t  o f  compariso n describin g th e in -

tende d propertie s o f  Mary' s cheeks .  A  cos t  i s adde d 

t o th e T E U a s a  negativ e number ,  an d th e les s th e 

cos t  i s  th e better .  Th e cos t  wil l  b e les s i f  i t  i s  i n som e 

way easie r  t o 'distort '  a  re d appl e int o a  yello w apple . 

We propos e th e followin g a s a  probabilisti c  measur e 

of  cos t  fo r  th e runnin g example : 

Cost{apple ,  colour )  = 

p{colou r  =  red\apple ) ( 1 — p{colou r  =  yellow\apple) ) 

Th e mor e probabl e re d apple s are ,  an d th e les s prob -

abl e yello w apple s ar e (i n th e genera l  knowledg e o f 

th e speaker) ,  th e mor e difficul t  wil l  i t  b e t o 'mentall y 

distort '  a  re d appl e int o a  yello w one ,  an d th e costlie r 

wil l  b e th e exceptio n clause .  I n general ,  give n a  con -

cep t  C  an d a n exceptio n attribut e P ,  i f  th e exceptio n 

valu e i s E V an d th e mos t  probabl e valu e i s  M P V , 

the n 

Costi C P )  = 
p{ P =  MPV\C ) il-p{ P =  EV\C) ) 
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P r o p e r t y Intrinsicnes s 

There seems to be more to the cost of zero credit 

tha n probabilisti c  knowledg e a s modelle d here .  Fo r 

instance ,  give n th e inpu t  propert y value s o f  yel -

low ,  roun d an d smooth ,  compar e th e acceptabilit y  o f 

Mary' s cheek s ar e lik e apples. ,  except ,  the y ar e yel -

low ,  wit h wha t  ou r  generato r  sai d charmingl y oddl y 

i n a n earlie r  version :  Mary' s cheek s ar e lik e bananas , 

except ,  the y ar e rounrf !  Distortin g th e colou r  o f  ob -

ject s seem s easie r  tha n distortin g th e shap e o f  object s 

as shap e i s  i n som e sens e a  mor e salien t  attribut e tha n 

colour .  Thi s conceptio n o f  salienc e i s discusse d i n 

cognitiv e linguistic s [Lamgacker ,  1987 ]  unde r  intrin -

sicness .  W e annotat e th e propertie s i n th e knowledg e 

base wit h thi s heuristi c measure ,  givin g a  highe r  scor e 

t o shap e tha n t o colour .  Thi s i s adde d t o th e cos t  o f 

distortio n whe n th e distortio n entail s conceptio n o f 

an impossibl e object .  Thi s cos t  i s zer o fo r  yello w ap -

ple s sinc e the y d o exis t  i n th e speaker' s knowledge ; 

i t  i s  les s fo r  purpl e apple s tha n fo r  roun d bananas . 

Even amon g impossibl e objects ,  som e see m mor e im -

possibl e tha n others ! 

For  ever y zer o credi t  entr y i n th e T E U matri x w e 

comput e suc h costs .  Whe n ther e i s positiv e E U fo r 

an entry ,  cos t  i s  zero ,  sinc e th e propert y t o b e com -

municate d i s salien t  i n th e entry .  Finally ,  whe n n 

propertie s ar e intende d t o b e communicated ,  an d th e 

T E U matri x  i s forme d i n th e manne r  discusse d ear -

lier ,  th e probabilit y p̂ e tha t  an y on e o f  th e entrie s i s 

zer o i s give n b y  ̂ r̂fr̂ i  analogou s t o th e probabilit y 

tha t  an y on e o f  th e input s o f  a n n-inpu t  OR-gat e i s 

0,  give n tha t  th e gat e outpu t  i s  1 .  Th e expecte d cos t 

(EC )  o f  a n entr y i n th e T E U matri x  fo r  th e propert y 

P o f  concep t  C  i s therefor e 

= ( 

Cost{C ,  /' )  +  (! -  Pzc )  •  0 

2"-i-l \ 

2"- i  y 
Cost(C ,  P ) 

We ca n no w comput e th e tota l  expecte d cos t  {TEC ) 

of  a  candidat e exampl e a s th e su m o f  individua l  E C s 

fo r  eac h property .  Th e decisio n criterio n i s no w on e 

of  maximizin g 

TEU - a • TEC 

where a is a non-negative number. 0 < a < 1 cor-

respond s t o speaker-oriente d generatio n models ,  an d 

a >  1  correspond s t o considerat e o r  listener-oriente d 

generatio n models .  Fo r  a  =  1  an d fo r  th e value s yel -

low ,  smoot h an d round ,  w e generate d Mary' s cheek s 

ar e lik e grapefruit ,  which ,  thoug h unlikel y t o b e ut -

tere d b y humans ,  wa s th e bes t  tha t  ou r  syste m coul d 

do wit h it s modes t  knowledg e base ,  an d withou t  th e 

use o f  th e 'unintende d properties '  cost ,  t o b e de -

scribe d next . 

Cost of Unintended Properties 

Another problem arises when the list of descriptors in 

th e generato r  inpu t  doe s no t  includ e certai n proper -

tie s i n th e generi c representatio n o f  th e inpu t  entit y 

i n th e knowledg e base .  Fo r  instance ,  fo r  th e inpu t 

value s yello w an d smooth ,  th e generato r  woul d sa y 

Mary' s cheek s ar e lik e bananas .  Thi s i s becaus e th e 

inpu t  whic h encode s th e speaker' s communicativ e in -

tention s doe s no t  includ e roun d a s a  descripto r  o f 

Mary' s cheeks .  Sinc e bot h yello w an d smoot h receiv e 

positiv e E U s fo r  banan a an d mak e it s T E U scor e 

th e highest ,  th e abov e compariso n i s generated .  Th e 

proble m arise s becaus e th e inferre d (salient )  shap e o f 

banana s (B-term )  i s i n conflic t  wit h th e salien t  valu e 

of  th e unintende d ( = no t  include d i n th e generato r  in -

put )  propert y i n th e genera l  knowledg e abou t  cheeks , 

viz. ,  round .  T o counte r  th e proble m o f  miscommuni -

catio n o r  anomal y du e t o suc h interference ,  w e us e an -

othe r  cos t  measur e ver y simila r  t o th e on e discusse d 

earlier ,  usin g bot h probabilisti c  knowledg e an d prop -

ert y intrinsicness .  Fo r  ever y propert y i n th e genera l 

knowledg e o f  th e A-ter m no t  include d i n th e input , 

th e cos t  o f  mismatc h wit h th e correspondin g salien t 

propert y o f  th e B-ter m i s computed ,  an d summed 

up a s th e tota l  expecte d cos t  TECb-a -  Th e forme r 

T E C (fo r  th e zer o credi t  problem )  ca n b e no w re -

labelle d a s TECyi-B -

Decision Criterion for Comparison 

Gene ra t i o n 

The final decision criterion we have developed is 

terme d ne t  expecte d utility ,  compute d a s 

NEU = TEU - ai • TECa-b - ^2 • TECb-a 

where Oi and a2 ar^ non-negative. Although our gen-

eratio n algorith m doe s no t  explicitl y  adver t  t o th e 

concep t  o f  similarit y i n it s design ,  it s decisio n cri -

terio n N E U ha s strikin g forma l  resemblanc e t o th e 

similarit y metric s propose d i n th e cognitiv e psychol -

ogy literature ,  suc h a s thos e o f  [Tversky ,  1977 ]  an d 

[Orton y e t  al. ,  1985] .  N E U i s mor e lik e Orton y e t 

al' s  meaisure ,  however ,  sinc e T E U i s evaluate d wit h 

respec t  t o th e B-term .  Wit h N E U ,  fo r  th e inpu t 

propertie s yello w an d smooth ,  w e generat e Mary' s 

cheek s ar e lik e lemon s fo r  a i  =  a 2 =  1 . 
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G e n e r a l  D i s c u s s i o n 

The researc h reporte d i n thi s pape r  i s integra l  t o 

our  investigatio n o f  salienc e an d it s rol e i n natura l 

languag e generatio n decision s [Pattabhiraman ,  1992] . 

The measur e o f  salienc e use d i n thi s pape r  i s intu -

itivel y appealing ,  whil e bein g a t  th e sam e tim e math -

ematicall y well-grounded .  Ou r  metho d o f  generatin g 

comparisons ,  whil e aimin g t o satisf y cognitiv e con -

cerns ,  als o relie s upo n decisio n theor y an d informa -

tio n theor y fo r  it s forma l  foundations ,  an d thereb y 

lend s itsel f  t o computationa l  usabilit y  i n N L G sys -

tems ,  a s ou r  implementatio n ha s demonstrated .  A 

fres h perspectiv e o n th e proble m o f  simile s emerge s 

when w e vie w i t  fro m th e speaker' s angle .  However , 

severa l  additiona l  factor s wil l  hav e t o b e treate d be -

for e presentin g ou r  wor k a s a  full-fledge d descriptiv e 

model  o f  h u m a n compariso n generation ,  o r  a s a  mode l 

fo r  compute r  generator s wit h ver y larg e knowledg e 

bases . 

First ,  othe r  determinant s o f  salienc e lik e vividnes s 

and imageabilH y ([Osgoo d &  Bock ,  1977] )  shoul d b e 

explore d fo r  thei r  influenc e o n compariso n genera -

tion .  Thei r  influenc e ca n b e modelle d quantitativel y 

i n term s o f  utilit y  function s an d incorporate d int o 

our  decisio n criterion .  A  re d objec t  m a y b e se -

lecte d no t  necessaril y  becaus e i t  i s  redundan t  i n th e 

information-theoreti c sense ,  bu t  becaus e it s rednes s 

i s ver y vivid .  Secondly ,  preference s fo r  basic-leve l 

term s an d fo r  concret e objects ,  whic h ar e implici t  i n 

our  method ,  shoul d b e treate d explicitl y  i n th e the -

ory .  Preferenc e fo r  concret e object s ca n hel p generat e 

indirectl y grounde d comparison s lik e prou d a s a  pea -

cock :  thoug h peacock s ar e no t  quit e prou d (cf .  gen -

era l  discussio n i n [Orton y e t  al. ,  1985]) ,  w e sugges t 

tha t  a  lin k exist s throug h ostentation :  ostentatio n 

i s a  possibl e sympto m o f  pride ,  an d peacock s whe n 

the y unfur l  thei r  feather s appea r  ostentatious .  Th e 

collectiv e nou n a n ostentatio n o f  peacock s i s anothe r 

telltal e indicator !  Suc h indirec t  association s m a y 

get  short-circuite d a s direc t  conceptual -  o r  lexical -

collocationa l  association s throug h th e proces s o f  en -

trenchment .  Thirdly ,  th e initia l  stag e o f  processin g 

th e generato r  inpu t  t o for m th e se t  o f  potentia l  ob -

ject s o f  compariso n ca n b e refine d t o contro l  selectio n 

betwee n litera l  an d metaphorica l  comparisons . 

Finally ,  whil e w e hav e assume d tacitl y  tha t 

th e propert y value s ar e independent ,  covariance s 

among propert y value s an d amon g relation s betwee n 

propert y value s ar e c o m m o n i n natura l  concept s 

[Goldstone ,  Gentne r  &  Medin ,  1989] .  Th e accurac y 

of  decisio n makin g increase s whe n knowledg e o f  cor -

relation s betwee n propertie s i s represente d an d used . 

However ,  eve n i n smal l  knowledg e bases ,  a n immens e 

number  o f  covariance s wil l  hav e t o b e identifie d an d 

represented ;  a  decreas e i n computationa l  efficienc y i s 

inevitabl e wit h thei r  use .  Th e precis e natur e o f  thi s 

trade-of f  an d it s implication s fo r  descriptiv e model s 

of  compariso n generatio n merit s furthe r  research . 

A c k n o w l e d g m e n t s .  Ou r  thank s at e du e t o th e 

anonymou s reviewer s fo r  thei r  helpfu l  comment s an d 

suggestions ,  an d t o th e C S S an d th e Schoo l  o f  C o m -

putin g Scienc e a t  S F U fo r  th e us e o f  thei r  facilities . 
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