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S p o n t a n e o u s R e t r i e v a l  i n a 

Conceptual Information System 

Lisa F. Rau 

Artificia l  Intelligenc e B r a n c h 

C o r p o r a t e Researc h a n d D e v e l o p m e n t 

G E C o m p a n y 

Schenectady ,  N Y 1230 1 U S A 

Abstract 

A traditional paradigm for retrieval from a conceptual knowledge base is to gather 
up indice s o r  feature s use d t o discriminat e amon g o r  locat e item s i n memory ,  an d 
the n perfor m a  retrieva l  operatio n t o obtai n matchin g items .  Thes e item s ma y the n 
be evaluate d fo r  thei r  degre e o f  matc h agains t  th e input .  Thi s typ e o f  approac h t o 
retrieva l  ha s som e problems .  I t  reqmre s on e t o loo k explicitl y  fo r  item s i n memor y 
wheneve r  th e possibilit y  exist s tha t  ther e migh t  b e somethin g o f  interes t  there .  Also , 
thi s approac h doe s no t  easil y tolerat e discrepancie s o r  omission s i n th e inpu t  feature s 
or  indices .  I n a  question-answerin g system ,  a  use r  ma y mak e incorrec t  assumption s 
abou t  th e content s o f  th e knowledg e base .  Thi s make s a  toleran t  retrieva l  metho d eve n 
more necessary . 

An alternative ,  two-stag e mode l  o f  conceptua l  informatio n retrieva l  i s  proposed . 
The first  stag e i s a  spontaneou s retrieva l  tha t  operate s b y a  simpl e marker-passin g 
scheme.  I t  i s  spontaneou s becaus e item s ar e retrieve d a £ a  by-produc t  o f  th e inpu t 
understandin g process .  Th e secon d stag e i s a  grap h matchin g proces s tha t  filters  o r 
evaluate s item s retrieve d b y th e first  stage .  Thi s schem e ha s bee n implemente d i n 
th e SCISO R informatio n retrieva l  system .  I t  i s  successfu l  i n overcomin g problem s o f 
retrieva l  failur e du e t o omitte d indices ,  an d als o facilitate s th e constructio n o f  appro -
priat e response s t o a  broade r  rang e o f  inputs . 

1 Introduction 

The System for Conceptual Information Summarization, Organization and Retrieval 
(SCISOR)  i s a n informatio n retrieva l  syste m designe d t o ajialyze ,  answe r  question s 
about ,  an d summariz e shor t  newspape r  storie s i n natura l  language .  Operatin g i n 
th e domai n o f  corporat e takeover s an d finance,  SCISO R i s uniqu e i n it s approac h t o 
retrieva l  o f  th e comple x conceptua l  event s store d i n it s  knowledg e base . 

Most  approache s t o conceptua l  informatio n retrieva l  ca n b e broke n dow n int o th e 
followin g fou r  phases : 

1. Retrieval decision: The system comes to a point in its processing when it 
desire s som e informatio n fro m memory . 

2.  Retrieval setup: Indices or features are collected and put into a correct format 
fo r  retrieval . 
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3.  Retrieval :  Th e retrieva J proces s i s performed . 

4. Post-processing / Matching: The outcome of the retrieval process is exam-
ine d an d conditiona l  action s ma y b e taken . 

The conceptual information retrieval performed in FRUMP (DeJong, 1979), CYRUS 
(Kolodner ,  1984) ,  C O R EL (DiBenigno ,  Cros s &  DeBessonet ,  1986) ,  (whic h use s th e 
P E A RL A T packag e (Deering ,  Falett i  feWilensky,  1981) ,  an d IP P (Lebowitz ,  1983 ) 
can al l  b e pu t  int o thi s framework ,  a s coul d an y syste m tha t  perform s deductiv e infor -
matio n retrieva l  i n th e styl e o f  Charniak ,  Riesbec k an d McDermot t  (1980) .  A n exac t 
matc h restrictio n ma y b e relaxe d afte r  th e initia l  fetc h return s a  negativ e result .  Th e 
model  o f  findin g item s i n memor y her e i s a n iterativ e on e o f  generat e an d test .  Thi s 
model  ha s certai n problem s whe n w e conside r  ho w i t  coul d b e use d t o perfor m certai n 
desirabl e function s i n a n intelligen t  informatio n retrieva l  system . 

I n contras t  t o thi s model ,  i n SCISOR ,  item s ar e retrieve d fro m memor y automat -
icall y a s a  resul t  o f  th e instantiatio n o f  ne w inpu t  instances .  Whe n a  user' s questio n 
i s instantiated ,  potentia l  answer s appea r  i n a  short-ter m buffer .  Whe n a  ne w stor y 
i s instantiated ,  an y previousl y existin g contex t  fo r  tha t  stor y appear s i n th e buffer . 
Thi s automati c retrieva l  i s  implemente d wit h a  constraine d for m o f  marker-passing . 
Item s spontaneousl y retrieve d i n thi s manne r  ar e the n ru n throug h a  mor e computatio n 
intensiv e matchin g process . 

Thre e problem s wit h th e mode l  o f  retrieva l  initiall y  describe d wil l  b e given ,  followe d 
by a  descriptio n o f  th e SCISO R syste m an d it s solutio n t o thes e problems . 

2 Problem Description 

2.1 Find things without looking 

One capability the SCISOR system has is to retrieve automatically a user's previously 
pose d bu t  unanswere d questio n whe n a n answe r  t o tha t  questio n become s know n o r 
refined .  Fo r  example ,  conside r  th e followin g scenario : 

User: How much did the ACE company offer to take over ACME? 

System: Figures for the ACE-ACME takeover have not yet been disclosed. 

Intervening time... 

System: BEEP! Figures for the ACE-ACME takeover have just been released. ACE 
has offere d $4 0 /  shar e fo r  al l  outstandin g share s o f  A C M E. 

In order to provide this capability to a system that performs retrieval as previously 
described ,  th e syste m woul d hav e t o kee p a  lis t  o f  unanswere d question s present .  Whe n 
ne w storie s wer e inpu t  t o th e system ,  i t  woul d pol l  th e unanswere d questions ,  askin g 
"doe s thi s answe r  you?" .  A  bette r  approac h woul d b e t o se t  u p demon s o n eac h 
unanswere d questio n tha t  loo k fo r  certai n inpu t  feature s tha t  migh t  relat e t o th e 
conten t  o f  th e question .  I n eithe r  case ,  however ,  th e syste m i s alway s lookin g fo r  answer s 
t o it s questions .  I n SCISOR ,  i f  inpu t  feature s happe n t o relat e t o a n unanswere d 
questio n i n memory ,  tha t  questio n i s spontaneousl y brough t  u p fo r  consideration .  I f 
th e inpu t  doe s no t  relat e t o an y unanswere d questions ,  nothin g happens . 
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2. 2 R e t r i e v a l  w i t h i nco r rec t  o r  m i s l e a d i n g i n p u t s 

SCISOR has another capability that would be awkward to implement in the model of 
retrieva l  previousl y described :  t o find  event s i n memor y eve n whe n a  user' s questio n 
contain s onl y partial ,  o r  eve n incorrec t  information .  Fo r  example ,  conside r  th e follow -
in g question ,  alon g wit h som e independen t  potentia l  state s o f  th e worl d tha t  migh t  b e 
tru e a t  th e tim e th e use r  aske d th e question . 

• Did ACE food company take over ACME hardware company? 

1. The ACME hardware company took over ACE food company. 

2.  Th e A C E foo d compan y too k ove r  th e B I G - A C M E company ,  whic h own s 
th e A C M E hardwar e company . 

3.  Th e A C E foo d compan y mad e a n offe r  t o th e A C M E hardwar e company , 
but  ha s no t  ye t  succeede d i n takin g ove r  th e A C M E company . 

4.  A C E i s a  conglomerat e an d no t  simpl y a  foo d company . 

In each of these cases, the question asked cannot be well answered simply "yes" 
or  "no" .  Conside r  wha t  a  deductiv e informatio n retrieva l  mechanis m suc h a s tha t 
describe d i n Chamiak ,  et .  al .  (1980) .  migh t  d o t o find  th e answer s t o th e question s 
above .  On e possibl e metho d woul d b e t o retriev e al l  takeove r  event s i n whic h th e 
company takin g ove r  anothe r  compan y wa s th e A C E foo d company .  Th e episode s 
foun d woul d the n b e checke d t o find  one s i n whic h A C E too k ove r  anothe r  company . 
The resultin g event s ar e examine d t o se e whethe r  th e objec t  o f  th e takeove r  wa s th e 
A C ME hardwar e company .  Suc h a  procedur e i s incapabl e o f  detectin g an y o f  th e 
scenario s describe d abov e withou t  furthe r  augmentation . 

Ther e ar e man y possibl e augmentation s on e coul d make .  Fo r  example ,  on e coul d 
tr y switchin g th e arguments ,  lookin g u p an d dow n a n "isa "  hierarchy ,  o r  lookin g wit h 
al l  subset s o f  th e se t  o f  features .  On e coul d als o generat e plausibl e indice s throug h 
reconstructio n o f  wha t  wa s likel y t o b e presen t  i n th e situation ,  a s i s don e i n th e 
C Y R US progra m (Kolodner ,  1984) .  Althoug h thi s procedur e ha s a  certai n cognitiv e 
appeal ,  i t  i s  no t  guarantee d t o find  event s presen t  i n th e memory .  I n fact ,  non e o f 
th e augmentation s describe d i s guarantee d t o find  relevan t  situations ;  som e ar e no t 
particularil y  principled ,  an d al l  involv e substantia l  additiona l  computation . 

I n SCISOR ,  finding  partiall y  matchin g scenario s i s a  by-produc t  o f  th e retrieva l 
proces s becaus e th e first  pas s o f  th e two-stag e retrieva l  proces s SCISO R use s simpl y 
finds  event s wit h feature s tha t  ar e th e sam e as ,  o r  simila r  to ,  feature s i n th e inpu t 
question .  Th e validit y o f  th e relationship s betwee n th e feature s i s no t  considere d unti l 
th e secon d pas s o f  th e two-stag e proces s i s performed .  Thus ,  an y o f  th e scenario s abov e 
woul d b e retrieve d give n th e inpu t  questio n a s stated .  Th e evaluatio n mechanis m 
the n determine s wha t  i s th e sam e a s th e user' s questio n an d wha t  th e difference s are . 
Thes e difference s ma y the n b e expresse d t o th e user .  Not e tha t  whe n nothin g closel y 
matche s wha t  th e use r  asked ,  n o event s i n th e system' s knowledg e bas e wil l  hav e 
enoug h activatio n t o excee d th e threshold ,  an d th e syste m wil l  respon d tha t  i t  doesn' t 
know. 

Finally ,  th e SCISO R syste m ca n find  previou s article s store d i n memor y whe n a 
new articl e i s inpu t  tha t  deal s wit h th e sam e situation .  I n th e corporat e takeove r 
domain ,  event s happe n ove r  time .  Fo r  example ,  A C E ma y mak e a n offe r  t o A C M E 
on Monday ,  an d A C M E ma y respon d t o th e offe r  o n Friday .  Th e initia l  offe r  shoul d 
be retrieve d fro m memor y whe n th e respons e t o th e offe r  i s input ,  s o tha t  thi s ne w 
piec e o f  informatio n ca n b e properl y integrated .  Th e wa y tha t  thi s coul d b e don e 
wit h th e traditiona l  metho d o f  retrieva l  i s  simila r  t o th e cas e o f  retrievin g unanswere d 
question s whe n th e answer s ar e input .  Checkin g afte r  eac h ne w stor y t o se e i f  i t  i s  a 
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Figur e 1 :  S C I S O R Syste m Architectur e 

continuation of a known story would result in substantial additional overhead. Also, 
dealin g wit h th e feature s presen t  i n a  stor y continuatio n coul d hav e th e sam e proble m 
as dealin g wit h missin g o r  incorrec t  feature s i n a  user' s inpu t  questions .  Fo r  example ,  i t 
woul d b e difficul t  t o find  ou t  tha t  A C E wa s tryin g t o tak e ove r  A C M E i f  subsequentl y 
A C ME announce d i t  wa s tryin g t o tak e ove r  A C E .  Bot h o f  thes e concern s ar e elegantl y 

addresse d wit h SCISOR' s metho d o f  retrieval . 
Thi s sectio n ha s describe d som e o f  th e problem s wit h traditiona l  method s o f  con -

ceptua l  informatio n retrieval .  Th e nex t  sectio n describe s th e SCISO R syste m an d i n 
more detai l  ho w it s approac h t o retrieva l  addresse s th e problems . 

3 System Description 

3.1 Implementation 

SCISOR takes input in natural language, integrates new information in memory, and 
answer s natura l  languag e question s i n natura l  language .  Th e natura l  languag e inpu t 
i s processe d wit h th e T R U MP parse r  an d semanti c interprete r  (Jacobs ,  1986) .  Ne w 
event s ar e integrate d a s a  continuatio n o f  a n ongoin g stor y (i f  present )  b y th e even t 
integrator ,  whic h als o store s ne w event s fo r  retrieval .  Th e F L U S H acquisitio n tool s 
(Besemer ,  1986 )  ar c aid s t o th e acquisitio n o f  vocabular y an d phrase s i n th e system' s 
phrasa l  lexicon .  Th e event s i n SCISO R ar e represente d usin g th e K O D I A K knowledg e 
representatio n languag e (Wilensky ,  1986) ,  augmente d wit h som e scripta l  knowledg e 
(Schan k k  Abelson ,  1977 )  o f  typica l  event s i n th e domain .  Linguisti c knowledg e i s 
represente d usin g th e Ac e linguisti c knowledg e representatio n framewor k (Jacob s l i 
Rau,  1985) .  Response s t o th e use r  ar e t o b e generate d wit h th e K I N G (Jacobs ,  1985 ) 
natura l  languag e generator .  Figur e 1  illustrate s th e architectur e o f  SCISOR . 

The followin g exchang e illustrate s th e kin d o f  input-outpu t  behavio r  SCISO R wa s 

designe d t o exhibit : 

User: Did ACE food company take over the ACME hardware company? 
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System :  Ye s the y did .  Th e A C E foo d compan y complete d th e $13. 2 millio n friendl y 
takeove r  las t  Friday . 

User: What was the sequence of events in the AC&ACME takeover deal? 

System: Rumors that ACME was to be taken over started May IS, 1985. The stock 
ros e $ 5 a  shar e t o $65 .  O n Ma y 16 ,  th e A C E compan y announce d tha t  i t  ha d 
made a n offe r  t o A C M E value d a t  $6 6 a  share .  Th e offe r  wa s a  cas h offe r  t o 
purchas e al l  2  millio n outstandin g share s o f  A C M E.  Afte r  a  mont h o f  deliberatio n 
involvin g som e potentia l  conflic t  o f  interes t  matters ,  th e A C E - A C ME dea l  wa s 
complete d las t  Friday . 

User: What happened yesterday in the HAL Corporation bid for BIG? 

System: HAL Corporation increased its bid for the BIG company yesterday, up $4 to 
$70 a  share .  BI G ha s no t  commente d o n th e ne w offer . 

3.2 Memory Organization 

SCISOR manipulates conceptual structures represented in the KODIAK knowledge 
representatio n language .  K O D I A K ca n b e viewe d a s a  hybri d fram e an d semanti c net -
base d language ,  simila r  i n spiri t  t o K R Y P T ON (Brachman ,  Fike s &  Levesque ,  1983 ) 
or  K L - O N E (Brachma n &  Schmolze ,  1985) .  I n SCISOR ,  knowledg e store d i s eithe r 
specific ,  abstract ,  o r  semantic .  A n exampl e o f  a  specifi c  memor y i s th e memor y o f  th e 
A CE foo d compan y acquirin g th e A C M E hardwar e company .  A  traditiona l  episodi c 
memory (Tulving ,  1972 )  i s compose d o f  specifi c  memories .  A n exampl e o f  a n abstrac t 
memory i s th e generalizatio n acros s specifi c  experience s w e migh t  hav e hear d abou t 
wher e companie s hav e acquire d othe r  companies .  Abstrac t  (o r  generalize d episodic ) 
memorie s ar e o n th e borde r  betwee n specifi c  memorie s an d semanti c memory .  Semanti c 
memory i s th e memor y o r  knowledg e o f  wha t  "companies "  ar e an d wha t  "acquiring " 
is .  Semanti c memor y i s use d i n understandin g an d makin g inference s abou t  th e inpu t 
t o th e system .  Figur e 2  illustrate s th e structur e o f  long-ter m memor y wit h associate d 
examples . 

I n additio n t o thi s tripartit e division ,  anothe r  leve l  o f  organizatio n i s superimpose d 
on memory .  Group s o f  relate d concept s i n episodi c o r  abstrac t  memor y ar e linke d 
togethe r  throug h a  common node ,  calle d a  TAG .  Eac h T A G ha s a  numerica l  threshol d 
value ,  currentl y equa l  t o a  fractio n o f  th e numbe r  o f  concept s i n th e episode ,  currentl y 
one-third .  Lon g article s ma y consis t  o f  TAG s tha t  hav e TAG s a s components .  Figur e 
3 illustrate s th e kin d o f  structur e th e integrato r  superimpose s o n memory . 

3.3 The Retrieval Mechanism 

Retrieval in SCISOR is a two-stage process. The first stage is a coarse search that 
finds  event s i n memor y likel y t o b e relevant .  Relevanc e i s determine d b y th e numbe r 
of  feature s presen t  i n a n even t  i n memor y relate d t o feature s i n th e input .  Afte r  th e 
most  likel y candidate s hav e bee n isolated ,  a  matchin g proces s i s performed . 

The first  stag e o f  th e retrieva l  proces s i s performe d b y a  proces s o f  primin g o r 
constraine d sprea^n g activation .  A s concept s ar e instantiate d i n th e system ,  instance s 
of  concept s tha t  ar e relate d vi a categor y membershi p link s ar e marke d {i.e. ,  prime d 
or  activated) .  Whe n a  certai n subse t  o f  th e concept s i n a n even t  o r  episod e i s marked , 
th e entir e episod e i s pu t  int o th e system' s short-ter m memor y buffer .  Thi s i s th e 
spontaneou s retrieva l  phase .  Th e event s tha t  hav e bee n spontaneousl y retrieve d ca n 
the n b e ru n throug h th e matc h filter  t o chec k th e natur e o f  th e matc h betwee n th e 
inpu t  an d th e event s retrieved .  Periodically ,  al l  mark s ar e delete d fro m th e system . 
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Marker-passin g "waves "  ar e propagate d continuousl y a s ne w concept s ar e instantiated . 

Thi s mechanis m retrieve s answer s t o inpu t  questions ,  ol d unanswere d question s t o ne w 

inpu t  answers ,  an d storie s give n relate d inpu t  storie s i n exactl y th e sam e manner . 

I n mor e detail ,  th e retrieva J mechanis m operate s i n th e followin g manner : 

1. At the time of concept instantiation, related concepts are marked according to 

th e "primin g rules "  (se e nex t  section) .  Ever y concep t  tha t  i s  marke d cause s 

it s containin g episod e o r  episode s (it s T A G s )  t o hav e increase d activation .  Th e 

curren t  aji d threshol d level s o f  activatio n ar e simpl e propertie s o f  th e T A G . 

2. TAGs that have had their values increased check themselves to see whether their 

curren t  activatio n level s excee d thei r  threshold . 

3. If the TAG threshold has been exceeded, an intersection has been detected, and 

th e entir e episod e i s pu t  int o th e short-ter m memor y buffer . 

4. In the current implementation, all concepts in the memory are unmarked after 

ever y on e o r  tw o sentence s an d afte r  ever y questio n ar e input . 

Components of experiences in the input cause other concepts to be marked, but 

i f  thos e othe r  concept s ar e no t  component s o f  relevan t  experiences ,  th e markin g doe s 

not  contribut e t o retrieval . 

Th e rule s tha t  guide  ho w level s o f  activatio n o r  mark s ax e passe d throug h th e 

conceptua l  hierarch y ar e give n below .  Thes e rule s wer e formulate d t o decreas e th e 

possibilit y  o f  retrievin g memorie s tha t  hav e limite d predictiv e capacit y o r  relevanc e t o 

th e curren t  situation . 

3.3.1 Priming Rules 

The effect of the following rules is that all instances of concepts that are components 

of  episode s an d ar e childre n o f  th e incomin g paren t  o f  th e paren t  o f  th e incomin g 

instanc e i n th e conceptua l  hierarchy ,  ar e marked .  Also ,  al l  instance s o f  concept s tha t 

ar e component s o f  memories ,  an d ar e direc t  instance s o f  concept s tha t  ar e parent s o f 

th e incomin g instance ,  ar e marked .  Thi s rul e prevent s everythin g i n th e hierarch y 

fro m bein g marked ,  an d limit s wha t  i s marke d t o a  leve l  o f  conceptua l  abstractio n 

supporte d b y th e presenc e o f  a  direc t  instanc e a t  tha t  level . 

For  exampl e i f  a  use r  aske d "wha t  happene d t o th e A C E company?" ,  th e even t 

bein g aske d abou t  i s a t  a  fairl y  genera l  leve l  o f  conceptua l  abstraction .  A n y even t 

mor e specifi c tha n thi s genera l  "event "  instanc e woul d b e a  vali d answer .  I f  n o even t 

wer e known ,  th e unanswere d questio n woul d b e stored .  I n th e future ,  an y inpu t  event s 

involvin g th e A C E compan y (i.e. ,  offers ,  rumors )  woul d caus e th e unanswere d questio n 

t o b e activated . 

Figur e 4  show s a  simpl e exampl e o f  wher e component s o f  memorie s woul d cross -

inde x eac h othe r  an d whe n component s o f  memorie s woul d not .  Doubl e arrow s be -

twee n instance s (concept s wit h number s followin g them )  signif y cross-indexing .  Single -

heade d arrow s signif y wher e th e instantiatio n o f  on e concep t  wil l  activat e th e concep t 

pointe d to ,  bu t  no t  vic e versa .  Not e tha t  al l  concept s a s the y ar e instantiate d cause 

any relate d instance s t o b e marked ,  whic h allow s an y featur e i n th e inpu t  t o b e a 

potentiall y  usefu l  inde x ke y int o memory .  Also ,  not e tha t  eac h instanc e i s par t  o f  a 

specifi c  memor y tha t  i s  no t  show n i n Figur e 4 .  Fo r  example ,  "material-company! " 

m ay b e par t  o f  th e memor y o f  th e unspecifie d material s compan y tha t  rumor s wer e 

circulatin g abou t  yesterday . 

Rules: 
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Figur e 4 :  Exampl e o f  Implici t  Indexin g 

1.  Mar k onl y concept s tha t  ar e component s o f  specifi c  o r  abstrac t  memories .  Thes e 
concept s ar e marke d wit h TAGs . 

2. Determine the categories to which the incoming instance belongs 
(Categories-o f  A ) . 

3. Determine the concepts in the reflexive, transitive closure along category mem-
bershi p link s o f  Categories-o f  (Categories-o f  A ) . 

4. Mark the direct instances of concepts in this reflexive, transitive closure. Each 
marke d concep t  increase s th e curren t  activatio n valu e o f  eac h o f  it s TAGs . 

5. Check to determine whether the current activation level of the episodes that just 
had thei r  component s marke d exceed s th e threshol d level . 

Additional refinements to this algorithm have been made to increase the system's 
efficiency .  On e suc h refinemen t  ha s bee n t o chec k th e numbe r  o f  episode s containin g a 
certai n concep t  befor e passin g marker s t o al l  thos e episodes .  Thi s chec k ca n b e mad e 
easil y b y maintainin g a  coun t  o f  th e numbe r  o f  categor y member s i n eac h conceptua l 
category .  Fo r  example ,  i f  th e syste m ha d rea d abou t  event s involvin g thousand s o f 
companies ,  thi s numbe r  woul d b e store d a t  th e paren t  COMPANY node .  Whe n thi s 
number  i s ver y large ,  th e syste m suppresse s th e marker-passin g operation .  Event s 
tha t  ar e retrieve d throug h th e activatio n o f  mor e uniqu e concept s the n incorporat e 
th e high-frequenc y concep t  information .  Thi s simpl e refinemen t  suppresse s wave s o f 
activatio n uiilikel y t o caus e significan t  differentiatio n amon g event s i n memory ,  whil e 
stil l  taJdn g a U feature s o f  th e inpu t  int o consideration . 

Afte r  a  se t  o f  event s ha s bee n spontaneousl y retrieved ,  a  matc h filterin g operatio n 
i s performe d t o ensur e tha t  th e correc t  rtlationshi p exist s betwee n concept s withi n th e 
events . 

3.3.2 The Match Filter 

The match filter iteratively checks to see that the relationships between marked con-
cept s ar e correct .  Fo r  example ,  conside r  th e exampl e illustrate d i n Figs .  5  an d 6 . 
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Figur e 5 :  H o w muc h ar e takeove r  offer s fo r  appare l  companies ? 
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Figur e 6 :  Par t  o f  a  Stor y Episod e 
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The stor y episod e contain s informatio n abou t  a  kin d o f  offer ,  a  cash-offer ,  mad e 
by Warnac o fo r  a  clothin g company .  Th e questio n episod e request s th e valu e o f  an y 
offer s mad e b y a  compan y i n a  takeove r  attemp t  o n a n appare l  company . 

Due t o th e marker-passing ,  th e instantiatio n o f  offe r  i n th e questio n episod e 
cause s CASH-OFFER t o b e marked .  Th e matc h filte r  begin s a t  a  nod e tha t  i s marke d 
onl y b y on e nod e fro m th e input .  OFFER2 i s suc h a  node ,  bu t  not e tha t  C0MPANY2 
and CO M PA N y 3 ar e bot h marke d b y COM PA N y 4 an d COM PA N y5 . 

The filte r  proceed s t o chec k tha t  th e OFFER o f  cash-offer 3 (TAKEOVERS)  i s 
marke d b y th e offe r  o f  OFFER2 (takeover2) .  Thi s proces s i s repeate d fo r  ever y 
nod e i n th e input .  I n th e cas e o f  answerin g a  question ,  thos e node s tha t  d o no t 
correspon d ar e adde d t o a  lis t  o f  presupposition s t o b e expresse d t o th e user .  Also , 
any nod e tha t  matche d bu t  wa s mor e genera l  tha n th e inpu t  ma y b e expresse d t o th e 
user .  Fo r  example ,  i f  th e use r  wa s intereste d i n wha t  pet-foo d companie s wer e bein g 
take n over ,  an d th e syste m onl y kne w abou t  foo d companies ,  thi s generalizatio n i s 
pointe d out . 

4 Related Research 

4.1 Question Answering 

In SCISOR, the processes that find the approximate location of an answer to a user's 
questio n an d th e processe s tha t  determin e wha t  th e answe r  shoul d b e ax e separate . 
A grea t  dea l  o f  wor k ha s bee n don e o n th e secon d problem ,  mos t  notabl y b y Lehner t 
(1978) .  Determinin g a n appropriat e answe r  t o a  user' s question ,  give n tha t  th e contex t 
i n whic h th e user' s questio n wa s pose d i s alread y known ,  i s a  separat e proces s fro m 
th e initia l  retrieva l  o f  a  contex t  i n Whic h t o searc h fo r  a n answer .  Thi s initia l  retrieva l 
of  a  contex t  i s  th e spontaneou s retrieva l  thi s pape r  describes . 

4.2 Conceptual Information Retrieval 

Kolodner (1984) has a well-developed theory of conceptual information retrieval. How-
ever ,  th e syste m i s no t  guarantee d t o answe r  correctly .  A s a  cognitiv e model ,  it s  mem-
or y failure s ar e understandabl e an d interesting ,  bu t  whe n accurac y an d reliabilit y  o f 
informatio n ar e important ,  suc h a  mode l  i s no t  viable .  He r  theor y o f  retrieva l  devel -
oped ca n b e viewe d a s on e attemp t  t o overcom e problem s an d limitation s wit h existin g 
method s o f  conceptua l  informatio n retrieval ,  suc h a s thos e describe d i n Charniak ,  et . 
al 

4.3 Distributed Representation 

As Hinton points out (Hinton, 1984) a localist knowledge representation scheme com-
bine d wit h a  spreadin g activatio n o r  primin g mechanis m i s har d t o distinguis h fro m 
a distribute d representatio n i n term s o f  functionality .  Tw o mai n propertie s o f  dis -
tribute d representation s ar e tha t  th e knowledg e bas e i s contents-addressabl e an d tha t 
generalizatio n i s automatic .  Becaus e th e SCISO R knowledg e bas e i s represente d us -
in g th e K O D I A K localis t  knowledg e representatio n languag e an d perform s retrieva l  o f 
item s i n th e knowledg e bas e b y a  constraiine d for m o f  marker-passin g (Charniak ,  1983) , 
SCISOR representation s for m a n effectiv e distribute d representation ,  an d therefor e th e 
structure s i n th e knowledg e bas e ar e contents-addressable .  Thus ,  th e conten t  o f  inpu t 
question s o r  storie s "address "  event s i n memor y wit h simila r  feature s o r  content .  Th e 
automati c generalizatio n tha t  SCISO R als o exhibit s wil l  b e discusse d i n anothe r  paper . 
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4. 4 C o g n i t i v e Ef fec t s 

In systems such as SCISOR that use the same parsing mechanism for both question 
parsin g an d stor y parsing ,  interestin g effect s occur .  Fo r  example ,  i n BORI S (Dyer , 
1983) ,  th e syste m woul d occasionall y tak e a s tru e informatio n presen t  i n a  user' s 
questio n no t  previousl y know n t o th e system .  Althoug h thi s ha s bee n show n t o b e a 
cognitivel y vali d effec t  (Loftus ,  1975) ,  an d doe s increas e th e system' s opportunitie s t o 
learn ,  i t  i s  no t  a  desirabl e effec t  fo r  a n informatio n retrieva l  system .  I n th e SCISO R 
system ,  a  stric t  differenc e i s maintaine d betwee n informatio n rea d i n articles ,  an d 
informatio n presen t  i n user' s question s i n tha t  al l  informatio n presen t  i n question s 
and no t  previousl y know n t o th e syste m i s flagge d a s potentiall y unreliable .  Thu s th e 
syste m believe s nothin g i t  i s  told ,  bu t  everythin g i t  read s i n th e paper . 

The mode l  o f  retrieva l  discusse d ha s a  certai n cognitiv e appeal .  I t  exhibit s th e sam e 
kin d o f  spontaneou s recal l  a s peopl e do ,  a s i s discusse d i n Schank' s wor k o n remindin g 
(Schank ,  1982) .  Also ,  th e answe r  t o a  user' s questio n ma y b e retrieve d befor e th e 
user  ha s finishe d askin g th e question ,  a n interestin g effec t  als o firs t  achieve d i n Dyer' s 
BORIS syste m (1983) . 

5 Summary 

SCISOR performs retrieval in a two-stage process. The first step, a spontaneous and 
coars e search ,  operate s a s foDows : 

1. New inputs are instantiated 

2. Marker passing occurs 

3. Items are spontaneously retrieved 

4. Items are evaluated 

The second stage is a graph matching process that performs a syntactic matching 
functio n o n th e likel y candidate s retrieve d b y th e firs t  process .  Thi s spontaneou s 
metho d o f  retrieva l  elegantl y solve s som e retrieva l  problem s foun d i n othe r  systems : 

1. SCISOR addresses a user's previously unanswered questions if an answer be-
comes know n withou t  alway s lookin g fo r  a n answer . 

2. SCISOR can locate relevant information in response to a user's questions, even 
when tha t  questio n contain s misleadin g o r  partia l  information . 

3. SCISOR retrieves previous events when updates of those events are read. This 
i s don e i n th e sam e manne r  a s retrievin g a n unanswere d question ,  an d wit h th e 
same toleranc e fo r  partia l  o r  contradictor y inpu t  a s i n th e question-answerin g 
case . 

6 System Status 

SCISOR is implemented in Common Lisp; it is used on VAX computers and Symbolics 
and S U N workstations .  Th e T R U MP parse r  an d semanti c interprete r  ha s no t  ye t 
been teste d wit h a  larg e gramma r  o r  vocabular y but ,  i n thes e earl y stages ,  i t  ha s 
been relativel y eas y t o customize .  O n th e SUN- 3 i t  processe s inpu t  a t  th e rat e o f 
a fe w second s pe r  sentence ,  includin g th e selectio n o f  candidat e pars e an d semanti c 
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interpretation .  Th e K I N G natura l  languag e generato r  wa s implemente d i n Fran z Lisp , 
and a t  thi s writin g ha s no t  ye t  bee n converte d t o C o m m on Lis p t o ru n wit h T R U M P. 

The syste m ha s no w bee n teste d wit h a  doze n o r  s o storie s store d i n th e knowledg e 
base .  Hundred s o f  semanti c concept s an d domai n vocabular y ar e als o present .  Abou t 
a doze n question s ar e answere d b y th e system . 

7 Problems 

One problem with SCISOR is in the kind of questions it can answer. Currently the 
SCISOR syste m i s capabl e o f  answerin g onl y question s abou t  informatio n explicitl y 
store d i n th e knowledg e base .  An y informatio n tha t  potentiall y  coul d b e reconstructe d 
or  inferre d fro m informatio n store d i n th e knowledg e bas e i s no t  available .  Th e lin e be -
twee n wha t  i s explici t  i n a  stor y an d wha t  ca n b e deduce d fro m tha t  stor y i s no t  sharp , 
becaus e som e amoun t  o f  "figuring "  mus t  g o o n t o obtai n an y reasonabl e understand -
in g o f  th e story .  T o obtai n thi s understanding ,  SCISO R compute s somethin g simila r 
t o a  maximall y complet e inferenc e se t  (Cullingford ,  1986 )  a s th e se t  o f  informatio n 
presen t  explicitl y  i n article s an d inferre d fro m th e contex t  an d othe r  worl d knowledge . 
Anythin g i n tha t  understandin g ca n b e directl y retrieved . 

For  example ,  SCISO R i s abl e t o answe r  th e questio n "Wha t  compan y wa s sol d fo r 
$3 billion? "  withou t  pre-indexin g a  stor y containin g tha t  informatio n b y amount -
OF-SALE.  Howeve r  th e syste m canno t  answe r  th e questio n "Whic h companie s hav e 
been take n ove r  mor e time s tha n the y hav e take n ove r  othe r  companies? "  fo r  example , 
becaus e a n answe r  woul d requir e countin g al l  th e time s a  compan y ha s bee n take n ove r 
and ha s take n ove r  othe r  companies ,  comparin g thes e tw o numbers ,  an d repeatin g th e 
proces s fo r  ever y othe r  compan y i n th e knowledg e base . 

Anothe r  proble m tha t  ultimatel y mus t  b e addresse d i s th e spee d an d memor y 
requirement s necessar y i n a  viabl e informatio n system .  A  simpl e calculatio n base d o n 
th e numbe r  o f  relevan t  article s pe r  yea r  (10,000 )  an d th e averag e siz e o f  th e memor y 
requirement s pe r  conceptua l  representatio n o f  th e article s yield s a  conservativ e memor y 
requiremen t  estimat e o f  2 5 Mbyte s o f  storage .  Suc h a  larg e knowledg e bas e ma y effec t 
th e spee d an d ax:curac y o f  th e retrieva l  mechanism . 

8 Conclusions 

SCISOR is an experiment in the usefulness of a spontaneous, marker-passing approach 
t o conceptua l  informatio n retrieval .  I n it s  curren t  implementation ,  i t  ha s demonstrate d 
some promisin g results .  Th e marker-passin g scheme ,  combine d wit h th e knowledg e 
representatio n used ,  produce s a n effectiv e contents-addressable ,  distribute d represen -
tation .  Retrieva l  occur s spontaneousl y whe n feature s i n th e inpu t  ar e relate d t o fea -
ture s o f  event s i n memory .  SCISO R ca n fin d answer s t o inpu t  question s eve n i n ligh t 
of  missin g o r  misleadin g inpu t  information . 

The syste m ha s no t  ye t  bee n teste d o n a  larg e numbe r  o f  documents .  Howeve r 
so fax ,  th e test s tha t  hav e bee n performe d ar e quit e promising .  Befor e an y definitiv e 
claim s c<i n b e mad e abou t  th e ultimat e usefulnes s o f  thi s typ e o f  system ,  i t  mus t  b e 
teste d wit h a  larg e sampl e o f  document s i n rea l  I R tasks .  Th e nex t  stag e o f  th e projec t 
wil l  includ e suc h tests . 
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