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Discret e Mul t i -Dimensiona l  Scalin g 

Danie l  S .  Clous e an d Garriso n W .  Cottrel l 
Computer  Scienc e &  Engineerin g 011 4 

Universit y  o f  California ,  Sa n Dieg o 
La Jolla ,  C A 9209 3 

{dclouse,gary}@cs.ucsd.ed u 

Abstrac t 

In recent years, a number of models of lexical access based 
on attracto r  network s hav e appeared .  Thes e model s reproduc e 
a numbe r  o f  effect s see n i n psycholinguisti c experiments ,  bu t 
al l  suffe r  fro m unrealisti c representation s o f  lexica l  semantics . 
I n a n effor t  t o improv e thi s siOiatio n w e ar e lookin g a t  tech -
nique s develope d i n th e informatio n retrieva l  literatur e tha t  us e 
th e statistic s foun d i n larg e corpor a t o automaticall y produc e 
vecto r  representation s fo r  larg e number s o f  words .  Thi s pape r 
concentrate s o n th e proble m o f  transformin g th e real-value d 
cooccurrenc e vector s produce d b y thes e statistica l  technique s 
int o th e binary -  o r  bipolar-value d vector s require d b y attracto r 
networ k models ,  whil e maintainin g th e importan t  inter-vecto r 
distanc e relationships .  W e describ e a n algorith m w e cal l  dis -
cret e multidimensiona l  scalin g whic h accomplishe s this ,  an d 
presen t  th e result s o f  a  se t  o f  experiment s usin g thi s algorithm . 

Introduction 

O ur  goa l  i s t o develo p a  connectionis t  mode l  o f  lexica l  acces s 
and wor d sens e disambiguatio n tha t  incorporate s a  mor e re -
alisti c mode l  o f  lexica l  semantic s tha n curren t  models .  Fo r 
th e mos t  part ,  curren t  connectionis t  model s rel y eithe r  o n 
hand-crafte d vecto r  representation s o f  th e meaning s o f  word s 
(Kawamoto ,  1993;Plaut&Shallice ,  1993 )  o r  randoml y gener -
ate d vecto r  representation s (Cottrel l  &  Plunkett ,  1995 ;  Plaut , 
1995) . 

Hand-crafte d representation s m a y impos e som e structur e 
on th e fields  o f  th e vecto r  (Gallant ,  1991 ;  Plau t  &  Shallice , 
1993 )  i n a n attemp t  t o provid e consistency ,  o r  the y m a y b e 
buil t  a d ho c (Kawamoto ,  1993) .  Thes e technique s ar e moti -
vate d b y th e desir e t o relat e th e lexica l  representation s use d i n 
th e simulatio n t o rea l  words ,  s o tha t  parallel s m a y b e draw n 
t o psycholinguisti c experiments ,  an d t o th e intuition s o f  re -
searchers .  Ther e ar e tw o mai n problem s wit h hand-crafte d 
representations .  First ,  the y requir e lot s o f  wor k t o develop ,  s o 
tha t  th e numbe r  o f  word s use d i n a  simulatio n i s limited .  Sec -
ond ,  i t  i s  eas y t o develo p a  representatio n withou t  specifyin g 
what  principle s wer e importan t  i n it s design . 

Randomly-generate d representation s m a y b e use d t o avoi d 
bot h o f  thes e problems .  Th e motivatio n her e i s usuall y t o 
generat e representation s whic h maintai n som e interestin g se t 
of  distanc e relationships .  Th e parameter s ca n b e adjuste d t o 
achiev e th e se t  o f  relationship s desired .  Th e metho d i s prin -
ciple d an d reproducible .  Also ,  th e numbe r  o f  vector s whic h 
ca n b e generate d usin g thi s metho d i s essentiall y  unlimited . 
Unfortunately ,  usin g thi s techniqu e i t  i s  no t  possibl e t o re -
lat e th e representation s t o rea l  words ,  s o parallel s t o specifi c 
psycholinguisti c stimul i  ar e no t  possible . 

Recently ,  a  thir d metho d fo r  generatin g vecto r  represen -
tation s o f  lexica l  semantic s ha s bee n gainin g acceptanc e 
(Schutze ,  1993) .  Thi s metho d involve s gatherin g wor d cooc -
currenc e statistic s fro m a  larg e tex t  corpus .  Acros s al l  oc -
currence s i n th e corpu s o f  wor d X ,  w e ca n coun t  h o w man y 
time s wor d Y  occur s nearby .  Thi s numbe r  i s th e cooccurrenc e 
coun t  fo r  X  an d Y .  I f  w e gathe r  cooccurrenc e count s fo r  al l 
pair s o f  word s whic h occu r  abov e a  certai n frequency ,  w e ar e 
lef t  wit h a  larg e cooccurrenc e matrix .  Th e ro w o f  thi s matri x 
correspondin g t o wor d X  i s a  vecto r  containin g th e numbe r 
of  time s eac h othe r  wor d occurre d nea r  wor d X  i n th e cor -
pus .  Insofa r  a s contex t  ca n b e represente d b y suc h a  "ba g 
of  words, "  thi s ro w capture s th e averag e contex t  i n whic h 
wor d X  i s seen .  Variou s researcher s hav e propose d method s 
fo r  refinin g an d reducin g th e siz e o f  th e initia l  cooccurrenc e 
vectors .  Ou r  metho d o f  refinemen t  i s t o replac e eac h coun t  i n 
th e matri x wit h th e mutua l  informatio n betwee n th e ro w wor d 
and colum n word ,  the n us e principa l  component s analysi s t o 
shorte n th e vector s t o a  reasonabl e size . 

Th e clai m ha s bee n m a d e tha t  cooccurrenc e vector s captur e 
somethin g o f  th e semantic s o f  words .  Thi s clai m i s supporte d 
by a  numbe r  o f  experiments .  Landaue r  &  Dumai s (1994) , 
use d cooccurrenc e vector s t o pas s a  portio n o f  th e T O E F L 
(Tes t  o f  Englis h a s a  Foreig n Language )  exam ,  a  tes t  use d 
t o evaluat e a  foreig n student' s c o m m a n d o f  Englis h fo r  entr y 
t o U.S .  college s an d universities .  Th e portio n o f  th e tes t 
attempte d require s th e studen t  t o choose ,  fro m a  shor t  lis t  o f 
words ,  th e wor d whic h i s mos t  simila r  i n meanin g t o som e cu e 
word .  T o pas s th e tes t  usin g cooccurrenc e vectors ,  thedistanc e 
betwee n th e cooccurrenc e vector s fo r  eac h pai r  o f  word s wa s 
calculated ,  an d th e wor d whic h wa s closes t  t o th e cu e wor d 
was chosen .  S o th e distanc e betwee n th e representation s o f 
tw o word s serve s a s a  measur e o f  semanti c distance . 

Schutz e (1993 )  use d cooccurrenc e vector s t o ta g th e sense s 
of  ambiguou s word s i n a  corpu s o f  text .  Fo r  eac h occurrenc e 
of  a n ambiguou s wor d o f  interes t  i n th e text ,  th e cooccurrenc e 
vecto r  representation s fo r  al l  nearb y word s ar e summe d to -
gethe r  t o produc e a  contex t  vector .  A n automati c clusterin g 
techniqu e i s use d t o separat e thes e contex t  vector s int o groups . 
Al l  occurrence s o f  th e ambiguou s wor d correspondin g t o con -
tex t  vector s i n a  singl e grou p ar e tagge d wit h th e sam e sense . 
Thi s techniqu e work s a s wel l  a s an y automati c wor d disam -
biguatio n techniqu e i n th e literatur e (8 9 t o 9 5 percen t  correc t 
on a  shor t  lis t  o f  words) ,  competin g favorabl y wit h technique s 
whic h star t  wit h a  mor e refine d sourc e o f  semanti c informatio n 
suc h a s a n on-lin e thesauru s o r  dictionary . 

Cooccurrenc e vector s hav e als o bee n use d t o mode l  se -
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manti c priming .  Lund ,  Burges s &  Atchle y (1995 )  presen t  th e 
result s o f  a  compariso n betwee n a  predictio n o f  th e siz e o f  th e 
semanti c primin g effec t  derive d usin g th e distance s betwee n 
cooccurrenc e vectors ,  an d a  semanti c primin g experimen t  us -
in g huma n subjects .  Bot h th e predictio n an d th e experimen t 
use d th e sam e se t  o f  materials ,  an d sho w strikingl y simila r 
results . 

The succes s o f  cooccurrenc e vector s i n a  variet y o f  semanti c 
task s suggest s the m a s a  goo d representatio n i n th e develop -
ment  o f  a  mode l  o f  lexica l  access .  Th e metho d o f  generatin g 
the m i s principle d an d reproducible ,  th e representation s ca n 
be linke d t o specifi c  words ,  an d th e numbe r  o f  word s fo r  whic h 
suc h vector s ca n b e generate d i s potentiall y unlimited .  S o thi s 
metho d appear s t o combin e th e bes t  o f  bot h th e hand-crafte d 
and randomly-generate d vecto r  representations . 

Unfortunately ,  ther e i s a  proble m wit h th e us e o f  cooc -
currenc e vector s fo r  connectionis t  modeling .  A  numbe r  o f 
recent ,  successfu l  model s o f  lexica l  phenomen a (Kawamoto , 
1993 ;  Plau t  &  Shallice ,  1993 ;  Plaut ,  1995 )  emplo y attracto r 
network s i n thei r  simulations .  I n thes e networks ,  th e curren t 
outpu t  doe s no t  rel y solel y o n th e inpu t  a t  th e curren t  tim e 
step ,  bu t  ma y b e influence d b y interna l  stat e whic h ha s devel -
oped ove r  th e cours e o f  man y earlie r  tim e steps .  Th e network s 
ar e traine d t o buil d stabl e attractor s int o whic h activatio n wil l 
settl e ove r  time .  Th e tim e t o settl e ca n b e measure d i n differ -
ent  conditions ,  an d compare d t o reactio n tim e performanc e o f 
human subjects .  Thi s settlin g performanc e ha s bee n use d t o 
accoun t  fo r  a  numbe r  o f  huma n primin g results :  frequency , 
tim e cours e o f  activatio n o f  ambiguou s word s (Kawamoto , 
1993) ,  an d semanti c versu s associativ e primin g (Plaut ,  1995) . 
Simila r  model s als o exis t  t o explai n th e effect s o f  neurologica l 
damage suc h a s dee p dyslexi a (Plau t  &  Shallice ,  1993) . 

Attracto r  network s ten d t o wor k muc h bette r  whe n th e rep -
resentation s t o whic h the y ar e traine d t o settl e ar e bi t  vector s 
rathe r  tha n real-value d vectors .  W e wil l  us e th e ter m bi t  vecto r 
t o refe r  t o a  vecto r  whos e element s ma y tak e o n tw o values . 
Most  often ,  th e tw o value s ar e eithe r  0  an d 1 ,  resultin g i n a  bi -
nar y vector ,  or- I  an d \,Tesu\ungi n a  bipola r  vector^ .  W h e n 
th e representation s t o b e store d ar e bi t  vectors ,  th e extrem e 
value s allowe d b y th e squashin g functio n ca n b e chose n t o 
matc h thos e o f  th e bi t  representation .  I n th e extrem e range , 
a larg e chang e i n th e inpu t  t o a  nod e ha s littl e effec t  o n th e 
outpu t  o f  th e node .  Thu s thes e extrem e range s mak e goo d 
place s t o buil d stabl e attractors . 

So now ,  w e finally  ge t  t o th e mai n poin t  o f  thi s paper !  I f 
cooccurrenc e vector s ar e t o b e use d a s th e semanti c represen -
tatio n i n a n attracto r  networ k model ,  w e nee d a  wa y t o trans -
for m th e real-value d cooccurrenc e vector s int o bi t  vectors . 
Thi s transformatio n mus t  b e accomplishe d whil e maintainin g 
th e origina l  distance s betwee n vector s i n th e rea l  space .  Th e 
remainde r  o f  thi s pape r  i s a  repor t  o n ou r  attempt s t o develo p 
an algorith m whic h perform s thi s transformation ,  an d th e per -
formanc e result s o f  th e metho d whic h w e hav e foun d mos t 
effective .  I n th e nex t  sectio n w e loo k a t  possibl e cos t  func -
tion s t o b e use d b y a n optimizatio n algorithm .  Th e followin g 
sectio n discusse s optimizatio n algorithms .  Next ,  w e presen t 
result s o f  runnin g ou r  algorith m o n a  numbe r  o f  problems . 

Finally ,  w e presen t  ou r  conclusions . 

Cost Functions 

An importan t  constrain t  o n th e final  representatio n i s tha t  i t 
contai n a s fe w bit s a s possibl e whil e stil l  maintainin g th e 
origina l  distance s betwee n vectors .  Thu s w e share ,  wit h th e 
multidimensiona l  scalin g ( M D S )  literatur e (Shepard ,  1962 ; 
Kruskal ,  1964 ;  Bor g &  Lingoes ,  1987 )  th e desir e t o represen t 
a larg e amoun t  o f  dat a i n a  smalle r  space .  M D S reproduce s 
a se t  o f  proximitie s (similaritie s o r  dissimilarities )  define d o n 
some unknow n spac e d o w n t o a  lowe r  numbe r  o f  dimensions . 
M DS method s ca n b e divide d int o metri c an d non-metri c tech -
niques .  Metri c M D S assume s tha t  th e give n se t  o f  proximitie s 
ar e take n fro m a  metri c space .  Non-metri c M D S make s th e 
weake r  assumptio n tha t  th e dat a wa s take n fro m a  semi-metri c 
spac e (i.e .  th e triangl e inequalit y doe s no t  necessaril y  hold) . 

The M D S formulatio n differ s fro m ou r  proble m i n that , 
wit h M D S ,  th e targe t  spac e i s real-valued ,  an d th e numbe r  o f 
dimension s i n th e targe t  spac e i s small .  I n ou r  problem ,  th e 
targe t  spac e i s a  bi t  space ,  an d th e numbe r  o f  bi t  dimension s 
require d t o buil d a n accurat e reproductio n o f  th e origina l  spac e 
may b e quit e large .  Despit e th e differences ,  w e ca n easil y stat e 
our  proble m i n th e term s use d i n thi s literature . 

Let  P  =  {(i ,  j ) ,  1  <  i, j  <  n }  b e a n ordere d se t  o f  (i,j ) 
pair s tha t  designate s th e vecto r  pair s fo r  whic h w e hav e prox -
imities .  W e wil l  inde x th e element s o f  P  b y subscrip t  a s pjt . 
Let  6  =  {S k :  6 k =  prox{wi,Wj),p k — {i,j)(P }  b e th e 
set  o f  proximitie s betwee n item s Wi  an d Wj  i n th e origina l 
space ,  wher e i  an d j  ar e designate d b y P .  Then ,  give n a  dis -
tanc e metri c i n s-dimensiona l  bi t  space ,  dis t  :  B '  x  B '  y- ^  11 , 
B =  {0,1 }  o r  {-1 ,  1} ,  ou r  goa l  i s  t o produc e a  se t  o f  n 
vectors ,  V ,  suc h tha t  C{8 ,  d )  i s  minimized ,  wher e d  =  {d k : 
dk =  dist{vi,Vj),p k =  {i,j)eP }  isthesetofdistancesinth e 
ne w spac e correspondin g t o th e 8s ,  an d C  i s a  cos t  functio n 
whic h tell s  h o w goo d i s th e matc h betwee n th e 6 s an d th e ds . 
The cos t  function ,  C  determine s wha t  i t  mean s fo r  th e origina l 
distance s t o b e preserve d i n bi t  space .  Therefore ,  ou r  choic e 
of  a  cos t  functio n i s ver y important . 

One fairl y genera l  specificatio n o f  a n M D S cos t  functio n i s 
th e following . 

Kid,6) ^ 
Ek{dk-dk) ' 

'similarly ,  w e wil l  us e th e ter m bi t  spac e t o refe r  t o th e spac e 
spanne d b y a  se t  o f  eithe r  binar y o r  bipola r  axe s withou t  specifyin g 
which . 

I f  th e origina l  proximities ,  6k ,  ar e sorte d s o tha t  Vfc ,  6 *  < 
6jfe+i ,  an d d k i s chose n t o b e th e monotonicall y increasin g 
functio n o n 6 k whic h produce s th e smalles t  possibl e valu e i n 
th e numerato r  o f  K ,  the n K  i s th e non-metri c cos t  functio n 
knownsi s Kruskal' s stres s {Kiuskal ,  1964) .  Thi s cos t  functio n 
i s on e o f  th e bes t  know n i n th e M D S literature ,  an d m a y serv e 
as a  goo d choic e i n non-metri c applications . 

I f  d k i s chose n t o b e th e regressio n function ,  whic h serve s 
as th e bes t  su m o f  square s predictio n o f  d k give n 6k ,  the n A ' 
i s  a  metri c cos t  functio n (Bor g &  Lingoes ,  198 7 p.42) ,  whic h 
we wil l  refe r  t o a s metri c stress ,  o r  K m -  Fo r  ou r  problem , 
th e proximitie s ar e derive d fro m a  metri c space ,  s o i t  make s 
sens e t o us e a  metri c cos t  function .  W e hav e foun d K m t o b e 
usefu l  whe n th e distanc e metri c i n bi t  space ,  dist ,  i s  chose n 
t o b e Euclidea n distance .  Thi s shoul d als o wor k wel l  wit h 
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othe r  Minkowsk i  metric s (includin g H a m m i n g o r  city-bloc k 
distance) ,  bu t  w e hav e no t  trie d usin g these . 

If ,  instea d o f  usin g th e regressio n function ,  w e defin e 

dk =  f>k ,  the n A '  i s  stil l  a  metri c cos t  function ,  bu t  con -
strain s th e final  distance s t o matc h th e origina l  distance s a s 
closel y a s possible .  W e wil l  refe r  t o thi s a s th e exac t  matc h 
cos t  function ,  o r  A'̂ .  A' ^  ha s prove n t o b e a  usefu l  cos t 
functio n whe n bot h th e distanc e metri c i n th e origina l  rea l 
space ,  prox ,  an d i n bi t  space ,  dist ,  ar e th e cosin e o f  th e angl e 
betwee n tw o vectors^ .  Thi s distanc e metri c i s use d exten -
sivel y i n th e informatio n retrieva l  literature ,  an d work s wel l 
wit h ou r  cooccurrenc e vectors .  W e hav e foun d tha t  K m onl y 
work s wel l  wit h th e cosin e metri c whe n th e numbe r  o f  bit s i n 
th e final  representatio n i s smal l  compare d t o th e numbe r  o f 
vector s bein g reproduced .  I f  th e numbe r  o f  bit s i n th e final 
representatio n i s large .  K m ca n b e minimize d b y makin g al l 
th e outpu t  vector s orthogona l  t o eac h other .  K ^  avoid s thi s 
proble m wit h th e cosin e metri c b y settin g th e slop e o f  th e re -
gressio n lin e t o a  constan t  1 .  Thi s i s essentiall y  equivalen t  t o 
minimizin g th e su m o f  square d errors^ .  Th e result s reporte d 
i n th e Result s sectio n ar e generate d usin g A'̂ . 

O ne advantag e tha t  K m an d A' l  hav e ove r  Kruskal' s stres s 
i s tha t  the y ca n easil y b e compute d incrementally .  Thoug h th e 
tim e t o calculat e an y o f  thes e cos t  function s fro m scratc h i s 
O(r)^m )  wher e n  i s th e numbe r  o f  vectors ,  an d m i s th e widt h 
of  a  vector ,  th e tim e t o calculat e th e chang e i n cos t  whe n a 
singl e bi t  i s  change d i s 0 { n )  fo r  K m an d K^ .  Thi s i s a  hug e 
advantag e fo r  algorithm s whic h searc h b y changin g a  singl e 
bi t  a t  a  time ,  suc h a s thos e presente d i n th e nex t  section .  I t 
may b e tha t  a  simila r  saving s ca n b e achieve d wit h Kruskal' s 
stress ,  bu t  th e implementatio n i s no t  obvious . 

Search Algorithms 

The cos t  function s describe d i n th e previou s sectio n allo w u s 
t o evaluat e h o w goo d a  se t  o f  bi t  vector s ar e i n reproducin g 
th e distanc e relationship s i n th e origina l  se t  o f  rea l  vectors . 
I n thi s sectio n w e loo k a t  tw o algorithm s fo r  searchin g th e 
spac e o f  possibl e bi t  vector s fo r  a n optima l  solution .  Bot h o f 
thes e ar e discrete-spac e algorithms ,  meanin g onl y point s i n th e 
final  bit-spac e ar e considere d a s candidat e solutions .  W e ar e 
als o considerin g continuous-spac e algorithms ,  whic h conside r 
point s i n rea l  spac e a s intermediat e candidat e solutions ,  bu t 
we hav e ha d littl e succes s wit h these ,  t o date . 

The simples t  discrete-spac e searc h metho d w e hav e looke d 
at  i s  a  Monte-Carl o metho d w e wil l  cal l  r a n d o m - w a l k . 
Thi s algorith m maintain s a  curren t  se t  o f  bi t  vectors ,  whic h 
we wil l  cal l  th e curren t  configuration .  A t  al l  times ,  th e curren t 
configuratio n contain s th e se t  o f  bi t  vector s whic h produc e th e 
bes t  cos t  functio n valu e s o far .  Fro m th e curren t  configuration , 

-Instea d o f  cos{v,w) ,  w e actuall y us e ''""̂ "'"' ^  Usin g thi s 
function ,  larg e number s mea n th e tw o vector s ar e fa r  apart ,  whic h i s 
an assumptio n use d i n th e denominato r  o f  K . 

Mn th e formul a fo r  K  an d K m ,  th e d  functio n i s chose n wit h 
knowledg e o f  th e dk -  I f  al l  outpu t  vector s ar e identical ,  an d thu s 
al l  (/( ,  =  0 ,  i t  i s  simpl e t o choos e a  i  functio n whic h minimize s th e 
numerator .  Th e denominato r  i s  include d t o penaliz e thes e degenerat e 
solutions .  Wit h A'l ,  th e d  functio n i s  fixed,  s o ther e i s n o longe r  an y 
need fo r  th e denominato r  Withou t  th e denominator ,  K x i s exactl y 

th e su m o f  square d error s (̂ ^  (d k -  dk )  ) .  Th e result s reporte d i n 
thi s pape r  includ e th e vestigia l  denominator . 

we searc h fo r  a  bette r  configuratio n b y randoml y choosin g a 
singl e bi t  o f  a  singl e vecto r  an d seein g wha t  happen s t o th e 
cos t  functio n i f  tha t  bi t  i s flipped.  I f  flipping  th e bi t  result s 
i n a n improvemen t  i n th e cos t  function ,  the n th e flipped  bi t  i s 
accepte d int o th e curren t  configuratio n an d th e searc h contin -
ues fro m thi s ne w point .  I f  flipping  th e bi t  doe s no t  resul t  i n 
an improvement ,  w e sta y wit h th e curren t  configuratio n an d 
continu e lookin g a t  othe r  randoml y chose n bits .  Thi s kin d 
of  iterativ e improvemen t  continue s unti l  ther e exist s n o bi t 
whic h improve s th e curren t  configuration .  A t  thi s poin t  th e 
algorith m halts ,  an d th e curren t  configuratio n i s returne d a s 
th e optima l  se t  o f  bi t  vectors . 

Thoug h yo u ca n us e a  rando m bi t  vecto r  a s th e initia l  con -
figuration,  thi s algorith m run s faste r  i f  th e initia l  configuratio n 
i s a  fairl y  goo d one .  Fo r  bipola r  bits ,  w e designat e a  field  o f 
bit s t o correspon d t o eac h real-value d elemen t  o f  th e origina l 
vectors ,  an d se t  ever y bi t  i n th e field  t o th e sig n o f  it s  ele -
ment .  Similarl y fo r  binar y bits ,  w e se t  t o 1  al l  bit s whos e 
correspondin g elemen t  i s greate r  tha n 0.5 ,  an d th e res t  t o 0 . 
This ,  the n serve s a s ou r  initia l  configuration .  Ther e i s n o con -
strain t  i n th e algorith m t o maintai n a  correspondenc e betwee n 
element s i n th e origina l  vector s an d particula r  fields  i n th e 
ne w vectors .  Nevertheless ,  imposin g suc h a  correspondenc e 
provide s a  usefu l  metho d fo r  generatin g th e initia l  configu -
ration .  A s a n exampl e o f  ho w muc h differenc e th e initia l 
configuratio n makes ,  fo r  th e 14 4 bi t  proble m presente d i n th e 
Result s section ,  startin g fro m a  rando m initia l  configuratio n 
require d almos t  twic e a s muc h computatio n a s startin g usin g 
th e metho d presente d here ,  an d produce d essentiall y th e sam e 
cos t  functio n value . 

A relate d algorith m i s th e o p t i m a l - w a l k algorithm .  I n 
thi s algorithm ,  th e curren t  configuratio n i s no t  change d unti l 
al l  possibl e bi t  change s hav e bee n evaluated .  Th e singl e bi t 
chang e whic h result s i n th e larges t  improvemen t  i n th e cos t 
functio n i s accepte d int o th e curren t  configuration ,  an d th e 
searc h continue s fro m thi s ne w point .  Lik e r a n d o m - w a l k , 
th e algorith m complete s whe n n o mor e improvement s ca n b e 
found .  A s yo u migh t  expect ,  o p t  im a 1  -w a 1  k  require s mor e 
tim e t o ru n tha n r a n d o m - w a l k .  W e ha d hope d tha t  th e th e 
solution s i t  foun d migh t  b e bette r  tha n r a n d o m - w a l k ,  bu t 
thi s doe s no t  appea r  t o b e th e case .  I n on e trial ,  w e foun d 
tha t  o p t i m a l - w a l k flipped  abou t  1/ 3 th e numbe r  o f  bit s 
as r a n d o m - w a l k i n th e cours e o f  finding a  solution ,  bu t 
require d 5 0 time s a s muc h tim e overal l  t o run .  Th e final 
cos t  functio n valu e o f  th e tw o solution s wer e almos t  iden -
tical ,  s o r a n d o m - w a l k appear s t o perfor m wel l  compare d 
t o o p t i m a l - w a l k whil e requirin g muc h les s computation . 
The result s reporte d i n th e Result s sectio n ar e generate d usin g 
r a n d o m - w a l k . 

Results 

In this section, we present the results of running the 
r a n d o m - w a l k algorith m usin g th e cosin e A' ^  cos t  functio n 
on a  se t  o f  cooccurrenc e vector s fo r  23 3 word s whic h wer e 
use d a s stimul i  i n Chiarell o e t  al .  (1990) .  W e starte d wit h a 
233 b y 30(X) 0 matri x o f  cooccurrenc e count s collecte d fro m 
Interne t  new s group s b y Keve n Lun d an d Cur t  Burgess .  W e 
refine d thi s matri x b y replacin g eac h cooccurrenc e coun t  b y 
it s mutua l  informatio n value ,  the n use d principa l  component s 
analysi s t o reduc e eac h o f  th e 23 3 vector s t o 3 6 elements .  W e 
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Figure 1: (a) Final Stress at Various Bit Sizes (b) Bit Tests 
Require d 

hav e ru n th e algorith m o n othe r  set s o f  vector s a s wel l  wit h 
simila r  results . 

Figur e 1  (a )  plot s th e m i n i m u m valu e o f  A'̂ -  achieve d h y a 
singl e ru n o f  th e r a n d o m - w a l k algorith m a t  fiv e differen t 
bi t  vecto r  sizes .  Th e x-axi s plot s th e numbe r  o f  bit s i n eac h 
outpu t  vecto r  pe r  origina l  real-value d vecto r  element .  Sinc e 
ther e wer e 3 6 rea l  element s i n th e origina l  vectors ,  ther e wer e 
18,  36 ,  72 ,  14 4 an d 28 8 bit s respectivel y i n th e outpu t  vector s 
portraye d i n thi s graph .  Not e tha t  h y addin g mor e bit s t o 
th e outpu t  representation ,  w e ca n reduc e A' r  d o w n t o a  valu e 
somewhat  abov e zero . 

Figur e 1  (b )  plot s th e numbe r  o f  calculation s o f  th e cos t 
functio n require d t o generat e th e stres s value s i n figure I  (a) . 
Thi s provide s a  goo d measur e o f  h o w th e algorith m i s affecte d 
by th e outpu t  vecto r  size .  Usin g ou r  incrementa l  technique . 
th e tim e require d fo r  on e calculatio n o f  th e cos t  functio n doe s 
not  depen d upo n h o w man y bit s ar e include d i n th e outpu t 
representation ,  s o th e dependenc y o n outpu t  vecto r  siz e i s 
simpl y a n indicatio n tha t  tha t  ther e ar e mor e bi t  combination s 
t o tr y ou t  wit h th e large r  outpu t  sizes .  O n ou r  SparcStatio n 
20 ,  th e 1 8 bi t  proble m require d 2 4 second s o f  C P U tim e t o 
solve .  Th e 28 8 bi t  proble m require d 3 0 minute s o f  C P U time . 

Figur e 2  show s scatte r  plot s o f  th e final  configuratio n fo r  th e 
36 an d 28 8 bi t  solutions .  Her e w e plo t  th e distance s betwee n 
ever y pai r  o f  vector s i n th e origina l  vecto r  spac e versu s th e 
distance s betwee n th e correspondin g vector s i n th e outpu t 
space .  Th e horizonta l  line s i n th e plot s occu r  becaus e onl y 
a limite d numbe r  o f  distance s ar e possibl e betwee n vector s 
i n bi t  space .  Regressio n line s ar e als o plotte d here .  Not e 
tha t  a s /\. r  i s  reduced ,  th e point s plotte d ar e pulle d i n tighte r 
t o th e regressio n line .  Th e tightnes s o f  th e 28 8 bi t  solutio n 
serve s a s fairl y  convincin g evidenc e tha t  w e ar e reproducin g 
th e origina l  distances . 

We ca n visualiz e th e succes s o f  ou r  algorith m b y lookin g 
at  cluste r  diagrams .  Th e additiv e cluste r  tree s (Sattat h & 
Tversky ,  1977 ;  Corter ,  1982 )  show n i n figure  3  ar e take n fro m 
th e origina l  vecto r  space ,  an d th e 28 8 bi t  vecto r  space .  Th e 
tre e fro m th e origina l  spac e i s o n th e left .  Thes e cluster s ar e 
extracte d fro m th e large r  tree s whic h eac h contai n 23 3 words . 
Not e tha t  th e algorith m ha s maintaine d th e structur e o f  th e 
origina l  tree s a t  tw o levels .  First ,  thes e 1 3 word s clustere d 
togethe r  i n bot h trees .  Second ,  a t  a  finer  level ,  eac h tre e 
contain s 3  subclusters .  Onl y tw o words ,  G O WN an d SILK , 
hav e change d subcluster s betwee n th e tw o trees . 

Conclusions 

We hav e demonstrate d a n algorith m whic h i s capabl e o f  trans -
formin g real-value d vecto r  representation s int o bi t  vecto r  rep -
resentation s whil e maintainin g th e intervecto r  distanc e rela -
tionships .  Thi s algorith m i s capabl e o f  generatin g bot h bi -
nar y an d bipola r  vecto r  representations .  I t  als o work s wit h a 
number  o f  distanc e metrics ,  includin g cosin e an d Euclidea n 
distance .  Th e algorith m i s acceptabl y fast ,  and ,  a s w e hav e 
shown ,  i s capabl e o f  finding  goo d solutions .  W e inten d t o 
us e thi s algorith m t o hel p develo p realisti c semanti c repre -
sentation s toward s th e developmen t  o f  a n improve d attracto r 
networ k mode l  o f  lexica l  access .  O n e drawbac k t o th e cur -
ren t  metho d i s tha t  i f  ne w word s ar e added ,  th e algorith m 
must  b e reapplied .  W e ar e currentl y investigatin g learnin g 
maps betwee n th e tw o space s tha t  woul d generaliz e t o nove ! 
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