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J u m p n e t :  A  M u l t i p l e - M e m o r y Connect ionis t  Architectur e 
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Harvar d Universit y 
Cambridg e M A 0213 8 
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Abstrac t 

A jumpnet includes two men\ory storage 
systems :  a  processin g networ k tha t  employ s 
superimpositiona l  storag e an d a  contro l 
networ k tha t  recode s inpu t  pattern s int o 
minimall y overlappin g hidde n patterns .  B y 
creatin g temporary ,  input-specifi c  change s i n 
th e weight s o f  th e processin g network ,  th e 
contro l  networ k cause s th e processin g networ k t o 

"jvimp "  t o th e regio n o f  it s weigh t  spac e tha t  i s 

most  appropriat e fo r  a  particula r  inpu t  pattern . 

Simulatio n result s demonstrat e tha t  jumpnet s 

exhibi t  onl y moderat e level s o f  interferenc e 

whil e retainin g th e computationa l  advantage s 

of  superimpositiona l  memory . 

Introductio n 

Connectionist networks store knowledge in a 

superimpositiona l  manner :  th e associatio n 

betwee n tw o pattern s o f  activit y i s encode d 

acros s man y connectior\s ,  an d eac h connectio n 

play s a  rol e i n encodin g man y associations . 

Superimpositiona l  memor y storag e underlie s 

m a ny o f  th e attractiv e computationa l 

propertie s o f  connectionis t  networks ,  suc h a s th e 

capacit y fo r  automati c generalization , 

prototyp e extraction ,  robustnes s i n th e fac e o f 

nois y inpu t  patterns ,  an d gracefu l  degradatio n 

i n performanc e i n respons e t o damage . 

However ,  i t  als o render s a  networ k susceptibl e 

t o interference—th e weigh t  change s mad e t o 

strengthe n on e associatio n ofte n hav e th e effec t 

of  degradin g m e m o r y fo r  previousl y learne d 

association s store d b y th e sam e weights . 

Whil e som e degre e o f  interferenc e m a y b e 

tolerabl e (am d i s know n t o occu r  i n hvmians) ,  i t 

has bee n suggeste d tha t  th e "catastrophic " 

level s o f  interferenc e suffere d b y connectionis t 

network s rais e seriou s question s abou t  thei r 

suitabilit y  a s eithe r  model s o f  huma n cognitio n 

or  artificia l  intelligenc e device s (McCloske y & 

Cohen,  1989 ;  Ratcliff ,  1990) . 

Interference and Weight Space. A 

network' s patter n o f  connectivit y ca n b e 

describe d a s a  poin t  i n weigh t  space — a 

multidimensiona l  spac e wher e eac h dimensio n 

correspond s t o on e o f  th e connections ,  an d th e 

locatio n alon g tha t  dimensio n i s determine d b y 

th e weigh t  o f  th e correspondin g connection . 

Learnin g correspond s t o a  movemen t  throug h 

weigh t  spac e i n a  directio n tha t  strengthen s a 

particula r  association .  Note ,  however ,  tha t  i f 

th e curren t  patter n o f  connectivit y encode s 

informatio n abou t  previousl y learne d 

associations ,  the n movin g awa y fro m tha t  poin t 

i n weigh t  spac e ma y resul t  i n th e los s o f  thi s 

informatio n (i.e .  retroactiv e interference) .  Th e 

potentia l  fo r  retroactiv e interferenc e ca n b e 

reduce d b y limitin g th e "stepsize "  o f  th e 

movement  throug h weigh t  space ,  bu t  onl y a t 

th e expens e o f  slowin g th e rat e a t  whic h ne w 

association s ca n b e acquired . 

Thi s sor t  o f  analysi s raise s a n interestin g 

possibility .  Suppos e tha t  a t  th e tim e o f 

learnin g a  networ k too k a  smal l  ste p i n th e 

directio n specifie d b y th e learnin g algorithm , 

and tha t  a t  retrieva l  th e networ k adjuste d it s 

weight s b y makin g another ,  temporar y chang e 

i n th e sam e direction .  I n thi s case ,  th e networ k 

woul d exhibi t  tolerabl e level s o f  interferenc e 

and relativel y fas t  learnin g o f  ne w association s 

whil e retainin g th e virtue s o f 

superimpositiona l  storage . 

T h e J u m p n e t  Architectur e 

Jumpnets are networks designed to do just 

this .  Jumpnet s includ e tw o interactin g 

subsystem s tha t  stor e associativ e informatio n 
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Figur e 1 .  Th e Jumpne t  Architecture . 

i n complementar y way s (se e Figur e 1) .  On e 

subsyste m (th e processin g network )  use s 

standar d cormectionis t  activatio n an d learnin g 

algorithms ,  an d thu s store s informatio n i n a 

superimposltiona l  format .  Th e othe r  subsyste m 

(th e contro l  network )  represent s th e inpu t  i n a n 

approximatel y orthogona l  manner ,  thu s 

minimizin g th e effect s o f  interferenc e (bu t  als o 

losin g th e advantage s o f  superimposltiona l 

storage) .  Th e rol e o f  th e contro l  syste m i s t o 

creat e temporary ,  pattern-specifi c  weigh t 

change s i n th e processin g system .  I n effect ,  th e 

contro l  syste m store s informatio n abou t  th e 

weigh t  change s appropriat e fo r  a n inpu t 

patter n an d cause s thes e change s t o b e mad e 

wheneve r  tha t  inpu t  patter n i s processed . 

The influenc e o f  th e contro l  syste m o n th e 

processin g networ k occur s throug h a  proces s 

calle d weigh t  modulation .  I n a  standar d 

network ,  th e activatio n o f  a  nod e i s a  functio n 

of  th e inpu t  tha t  nod e receive s fro m othe r 

nodes :  input j  =  Ew- :  aj .  I n a  jumpnet ,  th e 

strength s o f  th e weight s ar e modulate d b y th e 

contro l  unit s befor e th e inpu t  t o a  nod e i s 

computed .  I n particular ,  th e inpu t  t o a  nod e i s 

give n b y input j  =  Î '̂i j  flj,  wher e W'i j  =  w^ :  + 

Ew^^  a]c ,  an d k  indexe s th e node s i n th e contro l 

network . 

The influenc e o f  th e contro l  syste m thu s 

depend s o n bot h th e activatio n o f  th e unit s i n 

th e contro l  modul e an d th e strengt h o f  th e 

modulator y weights .  Th e modulator y 

connection s stor e par t  o f  th e weigh t  change s 

tha t  woul d otherwis e b e mad e directl y o n th e 

weight s i n th e processin g network .  Change s i n 

th e strength s o f  thes e cormection s ar e learne d 

accordin g t o th e equatio n ^w,; ^  =  /4z y • •  ajc ^ 

wher e /  control s th e rat e o f  learning . 

One migh t  not e tha t  give n thi s learnin g 

rule ,  th e modulator y weight s coul d b e 

susceptibl e t o th e sam e proble m wit h 

interferenc e tha t  plague s th e processin g 

network .  However ,  interferenc e ca n b e 

minimize d b y choosin g a n appropriat e 

representationa l  schem e fo r  th e contro l  nodes . 

I n th e simulation s reporte d below ,  th e 

activation s o f  th e contro l  node s wer e 

determine d b y settin g a  fixed ,  rando m weigh t 

matri x betwee n th e inpu t  node s an d th e contro l 

nodes ,  an d the n computin g th e inpu t  t o eac h 

contro l  nod e give n thi s matri x an d a n inpu t 

pattern .  O f  th e N  node s i n th e contro l  network , 

th e activation s o f  th e M node s wit h th e larges t 

input s wer e se t  t o 1 ,  wit h th e activation s o f  th e 

othe r  node s se t  t o 0 .  A s N  increases ,  th e 

probabilit y  tha t  tw o inpu t  pattern s wil l 

activat e th e sam e contro l  node s decreases ,  s o 

that ,  i f  M i s small ,  th e pattern s o f  activatio n 

acros s th e contro l  node s becom e approximatel y 

orthogonal . 

To summarize ,  th e informatio n store d b y 

th e modulator y connection s i s use d t o creat e 

temporary ,  pattern-specifi c  change s i n th e 

functiona l  strengt h o f  th e cormection s i n th e 

processin g network .  I n effect ,  th e contro l 

networ k allow s a  jumpne t  t o mak e temporary , 

pattern-specifi c  "jumps "  i n weigh t  space . 
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W h en a n inpu t  patter n i s processed ,  th e contro l 

node s i t  activate s influenc e th e flo w o f 

activatio n i n th e processin g network .  T o th e 

degre e t o whic h th e contro l  networ k 

representation s ar e nonoverlapping ,  th e effec t 

of  modulatio n o n th e processin g o f  a n inpu t 

patter n wil l  depen d solel y o n th e previou s 

learnin g trial s involvin g tha t  pattern . 

S imula t ion s 

Our initial investigations have focused on 

tw o tasks :  th e A- B A- C learnin g paradigm , 

whic h provide s a  sensitiv e measur e o f  th e 

influenc e o f  retroactiv e interferenc e o n a 

network' s behavior ,  an d th e autoencode r  task , 

whic h provide s a  measur e o f  a  network' s 

abilit y  t o perfor m automati c generalization . 

Retroactive Interference: The A-B A-C 

T a s k 

In the A-B A-C paradigm subjects learn two 

list s o f  paire d associates .  Afte r  learnin g th e A -

B lis t  th e subjec t  i s  traine d o n th e A- C list ,  i n 

whic h th e A  term s fro m th e firs t  lis t  ar e paire d 

wit h ne w associates .  I t  ha s ofte n bee n observe d 

tha t  learnin g th e A- C lis t  interfere s wit h a 

person' s abilit y  t o recal l  th e A- B list . 

McCloske y an d Cohe n (1989 )  conducte d a n 

extensiv e serie s o f  simulation s usin g thi s 

paradigm ,  an d o n th e basi s o f  thei r  result s 

suggeste d tha t  th e amoun t  o f  interferenc e 

exhibite d b y connectionis t  network s i n thi s tas k 

i s o f  "catastrophic' '  proportions . 

A serie s o f  simulation s wer e conducte d t o 

investigat e th e performanc e o f  th e jumpne t 

architectur e i n thi s task .  Th e parameter s o f 

th e presen t  simulation s wer e simila r  t o thos e 

use d b y McCloske y an d Cohen .  Th e processin g 

networ k include d 2 0 inpu t  units ,  3 0 hidde n 

units ,  an d 1 0 outpu t  units .  Ther e wer e 8  A- B 

association s an d 8  A- C associations .  A s i n th e 

McCloske y an d Cohe n simulation s eac h inpu t 

patter n include d a  10-uni t  patter n representin g 

th e A  ite m an d a  10-uni t  contex t  patter n tha t 

distinguishe d lis t  A- B fro m lis t  A-C .  Ther e 

wer e 4 8 contro l  nodes ,  an d fo r  eac h inpu t 

patter n th e 8  contro l  node s tha t  receive d th e 

stronges t  inpu t  wer e activated .  Th e processin g 

networ k employe d th e logisti c activatio n 

functio n an d th e backpropagatio n learnin g 

algorith m (Rumelhar t  e t  al ,  1986) .  Th e 

learnin g rat e wa s .25 ,  th e m o m e n t u m wa s .9 , 

and /  wa s 1 . 

Each ru n o f  a  networ k bega n wit h trainin g 

on th e A- B associations ,  whic h continue d unti l 

th e mea n square d erro r  pe r  nod e wa s les s tha n 

.0 1 fo r  eac h o f  th e 8  A- B patterns .  Trainin g 

the n bega n o n th e A- C lis t  an d continue d unti l 

th e sam e criterio n wa s met .  A t  regula r 

interval s durin g th e A- C trainin g learnin g wa s 

turne d of f  an d retentio n o f  th e A- B item s wa s 

tested .  Ther e wer e fou r  replication s wit h 

differen t  rando m weights ,  an d fo r  purpos e o f 

compariso n th e processin g subnetwor k o f  eac h 

jumpne t  wa s als o ru n i n isolatio n fro m th e 

contro l  network . 

Severa l  aspect s o f  th e result s ar e o f 

interest .  First ,  jumpnet s learne d muc h faste r 

tha n standar d feedforwar d networks .  Jumpnet s 

learne d th e A- B association s i n a n averag e o f 

14 epoch s an d th e A- C association s i n 9.7 5 

epochs .  I n contrast ,  th e standar d architectur e 

require d a n averag e o f  28.2 5 epoch s fo r  th e th e 

A- B association s an d 46. 5 epoch s fo r  th e A- C 

associations .  Not e tha t  althoug h th e standar d 

architectur e exhibite d proactiv e interferenc e 

(i.e. ,  th e A- C association s wer e mor e difficul t 

t o lear n tha n th e A- B associations) ,  th e 

jumpne t  architectur e di d not .  Indeed ,  i f 

anythin g th e jumpnet s exhibite d a  positiv e 

transfe r  effect . 

I n addition ,  jumpnet s wer e fa r  les s 

susceptibl e t o retroactiv e interference .  A s 

depicte d i n Figur e 2 ,  th e result s wit h th e 

standar d feedforwar d architectur e wer e ver y 

simila r  t o thos e reporte d b y McCloske y an d 

Cohen (1989) :  Learnin g th e A- C association s 

quickl y eliminate d retentio n o f  th e A- B pairs . 

I n contrast ,  i n additio n t o learnin g th e A- C 

list s mor e quickly ,  jumpnet s als o suffere d onl y 

moderat e amount s o f  retroactiv e interference . 

The result s o f  th e A- B A- C simulation s 

indicat e tha t  jumpnet s ca n lear n reasonabl y 

quickl y an d wit h tolerabl e level s o f 

interference .  Th e nex t  se t  o f  simulation s 

investigate s whethe r  thi s ha s bee n 

accomplishe d withou t  th e los s o f  th e mor e 

positiv e effect s o f  superimpositiona l  storage . 
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Figur e 2 .  Th e result s fro m th e A- B A- C simulations . 

Automatic Generalization: The 

Autoencode r  T a s k 

In the autoencoder task, a network is 

traine d t o produc e a n outpu t  patter n identica l 

t o th e inpu t  pattern .  Unde r  typica l  conditions , 

superimpositiona l  storag e allow s a  networ k 

traine d o n on e se t  o f  pattern s t o respon d 

appropriatel y t o pattern s tha t  weren' t 

include d i n th e trainin g se t  (i.e .  automati c 

generalization) .  I n th e presen t  simulation s 

jumpnet s learne d t o autoencod e a  se t  o f  3 2 

randoml y generate d trainin g items .  Ther e wer e 

10 inpu t  nodes ,  1 0 hidde n nodes ,  1 0 outpu t  nodes , 

and 4 8 contro l  nodes .  Th e learnin g rat e wa s .75 , 

th e momentu m wa s .9 ,  <md /  wa s 1 .  Afte r  th e 

trainin g se t  ha d bee n learned ,  th e networ k wa s 

presente d wit h 1 6 ne w item s i n a  generalizatio n 

task .  Again ,  ther e wer e fou r  replication s wit h 

differen t  startin g weights ,  an d standar d 

feedforwar d network s wer e ru n a s matche d 

controls . 

Table 1. The results from the autoencoder task. 

Networ k 

Jvimpne t 

Feedforwar d 

Trial s t o lear n 

trainin g se t 

12. 5 

33. 5 

Erro r  o n tes t  se t 

Befor e Afte r 

trainin g trainin g 

.17 0 

.17 0 

.04 3 

.03 6 

As ca n b e see n i n Tabl e 1 ,  th e jumpne t 

architectur e learne d th e trainin g se t  almos t 

thre e time s faste r  tha n th e standar d 

feedforwar d architecture .  I n addition ,  afte r 

trainin g th e standar d architectur e performe d 

onl y marginall y bette r  o n th e tes t  se t  tha n di d 

th e jumpne t  architecture .  Thus ,  thes e result s 

revea l  tha t  th e reduce d susceptibilit y  t o 

interferenc e displaye d i n th e A- B A- C tas k wa s 

not  purchase d wit h th e los s o f  th e virtue s o f 

superimpositiona l  storage . 

Discussion 

Jumpnets include two components: a 

standar d connectionis t  networ k tha t  use s 

superimpositiona l  storag e t o abstrac t  an d mak e 

use o f  th e regularitie s underlyin g a  domain ,  an d 

a contro l  networ k tha t  recode s inpu t  pattern s 

int o nonoverlappin g hidde n representation s 

and that ,  vi a weigh t  modulation ,  enable s th e 

processin g networ k t o mak e temporar y jump s i n 

weigh t  spac e tha t  ar e well-suite d fo r 

particula r  inpu t  patterns .  Th e simulatio n 

result s sugges t  tha t  i n thi s wa y th e jumpne t 

architectur e avoid s m u c h o f  th e cos t  o f 

superimpositiona l  storag e whil e stil l 

benefitin g fro m it s virtues . 

Of  course ,  ther e ar e boundar y condition s 

beyon d whic h jumpnet s d o no t  perfor m a s wel l 

as i n th e simulation s reporte d above .  T w o 

factor s see m t o b e particularl y important .  Th e 

firs t  o f  thes e concern s th e representationa l 

scheme use d b y th e contro l  network .  I n general , 

jumpnet s perfor m bette r  t o th e degre e tha t  thei r 
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hidde n contro l  pattern s ar e nonoverlapping , 

thu s minimizin g th e degre e o f  interferenc e o n 

th e modulator y weights .  Fo r  example ,  i n th e 

A B A C task ,  increasin g th e numbe r  o f  contro l 

node s (an d hence ,  decreasin g th e averag e 

overla p betwee n contro l  patterns )  result s i n 

faste r  learnin g an d les s interference.* ^ 

Becaus e th e presen t  metho d o f  computin g 

th e contro l  nod e representation s (i.e. ,  o n th e 

basi s o f  fixed ,  rando m weights )  i s a  relativel y 

ineffectiv e wa y t o construc t  quasiorthogona l 

patterns ,  othe r  method s o f  computin g th e 

contro l  representation s woul d ver y likel y 

improv e performance .  Fo r  example ,  w e hav e 

foun d tha t  simpl y assignin g a  rando m contro l 

patter n t o eac h inpu t  patter n lead s t o 

substantiall y  bette r  performance .  Althoug h 

suc h representation s coul d no t  b e compute d b y a 

networ k withou t  substantia l  pretraining ,  thes e 

result s (togethe r  wit h thos e o f  th e simulation s 

reporte d above )  indicat e tha t  ideally ,  inpu t 

pattern s shoul d b e represente d b y minimall y 

overlappin g contro l  patterns ,  an d t o th e degre e 

tha t  ther e i s overlap ,  th e similarit y o f  th e 

contro l  pattern s shoul d no t  b e correlate d wit h 

th e similcuit y o f  th e inpu t  patterns . 

A secon d importan t  facto r  concern s th e 

relativ e influenc e o f  th e tw o component s o n th e 

behavio r  o f  th e network .  A s woul d b e expected , 

increasin g th e relativ e contributio n o f  th e 

contro l  networ k (fo r  example ,  b y increasin g th e 

learnin g rat e o n th e modulator y connection s 

relativ e t o th e learnin g rat e o n th e connection s 

i n th e processin g network )  reduce s interference , 

bu t  als o diminishe s th e capacit y fo r 

generalization . 

1.  Interestingly, although performance depends 

bot h o n th e numbe r  o f  contro l  node s an d th e 

proportio n o f  thes e node s tha t  ar e activated ,  a s 

th e tota l  numbe r  o f  contro l  node s increase s th e 

effec t  o f  th e latte r  facto r  decreases ,  provide d 

tha t  th e proportio n i s neithe r  ver y smal l  (e.g .  1 

or  2% )  no r  ver y larg e (30-50%) .  I n th e forme r 

case ,  th e contro l  representation s ar e generall y 

orthogonal ,  bu t  i f  tw o pattern s d o activat e a 

c o m m on contro l  nod e th e syste m canno t 

overcom e th e lac k o f  redundancy .  I n th e latte r 

case ,  a  give n pai r  o f  inpu t  pattern s i s likel y t o 

overla p a  numbe r  o f  c o m m o n contro l  nodes , 

resultin g i n interferenc e o n th e modulator y 

weights . 

Relatio n t o Previou s Work .  Th e idea s 

underlyin g th e jumpne t  architectur e ar e relate d 

t o severa l  othe r  previou s proposals .  Fo r 

example ,  Hinto n &  Plau t  (1987 )  suggeste d tha t 

interferenc e migh t  b e reduce d throug h th e us e 

of  "fas t  weights "  t o mak e temporar y jump s i n 

weigh t  space .  However ,  fas t  weight s an d th e 

jumpne t  architectur e diffe r  i n man y ways .  Th e 

fast-weigh t  proposa l  di d no t  involv e a  secon d 

memory system ,  an d modulator y weight s 

appea r  capabl e o f  retainin g informatio n ove r 

longe r  period s o f  time . 

Severa l  model s hav e take n advantag e o f 

gatin g mechanism s simila r  t o th e weigh t 

modulatio n algorith m propose d here .  Fo r 

example ,  multiplicativ e gatin g mechanism s 

hav e bee n use d t o provid e rotation -  an d 

translation-invarian t  lette r  an d wor d 

recognitio n (Hinton ;  198 1 McClelland ,  1985) . 

Of  particula r  relevanc e her e i s Sloma n an d 

Rumelhart' s  (1992 )  proposa l  t o reduc e 

interferenc e throug h "episodi c gating. " 

Althoug h the y diffe r  i n man y o f  thei r  detail s 

(e.g. ,  th e episodi c gatin g mode l  doe s no t  us e 

hidde n node s i n th e standar d sense ,  an d thu s i s 

limite d i n th e clas s o f  computation s i t  ca n 

compute) ,  th e Sloma n an d Rumelhar t  mode l  i s 

simila r  i n spiri t  t o th e presen t  approach . 

Severa l  previou s paper s hav e als o 

investigate d th e computationa l  propertie s o f 

modula r  connectionis t  architecture s (Jacob s e t 

al. ,  1991 ;  Rueck l  e t  al. ,  1989) .  Fo r  th e mos t  part , 

thi s wor k ha s focuse d o n th e advantage s o f 

modularit y i n learnin g severa l  concurrentl y 

acquire d tasks .  However ,  Jacob s e t  al .  (1991 ) 

demonstrate d tha t  a  networ k tha t  use s 

differen t  subnetwork s t o comput e eac h o f  tw o 

mapping s ca n lear n thes e mapping s 

sequentiall y  withou t  interference .  Th e Jacob s 

et  al .  mode l  differ s fro m th e jumpne t  approac h 

primaril y i n tha t  i n th e forme r  mode l  th e 

componen t  network s compet e fo r  th e righ t  t o 

respon d t o a  give n input ,  wherea s i n th e latte r 

model  on e subnetwor k modulate s th e 

computation s performe d b y th e other .  I n futur e 

wor k i t  wil l  b e interestin g t o investigat e th e 

implication s o f  thi s distinction . 

Finally ,  a  numbe r  o f  author s hav e 

suggeste d that ,  fo r  on e consideratio n o r  another , 

th e "catastrophi c interference "  proble m i s no t 

as sever e a s ha s bee n claime d (c.f. , 

Hetheringto n &  Seidenberg ,  1989 ;  Kortge ,  1990 ; 

Lewandowsky ,  1991 ;  Sloma n &  Rumelhart , 

1992) .  Whil e man y o f  thei r  point s appea r  t o b e 
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on th e mark ,  tw o point s abou t  th e presen t 

proposa l  ar e wort h noting .  First ,  i n man y case s 

th e propose d solutio n involve s reducin g th e 

degre e t o whic h knowledg e i s store d i n a 

superimpositiona l  manne r  (se e Murre ,  1992) . 

Althoug h thi s tac k ca n reduc e interferenc e 

effects ,  i t  doe s s o a t  considerabl e cost .  On e 

attractiv e aspec t  o f  th e jumpne t  approac h i s 

tha t  i t  bot h reduce s interferenc e an d retain s th e 

virtue s o f  distribute d representation . 

Second ,  th e jumpne t  architectur e wa s 

motivate d b y well-know n characteristic s o f 

connectionis t  networks :  th e cost s an d benefit s o f 

superimpositiona l  storage .  McClellan d (1992 ) 

has suggeste d tha t  thes e characteristic s ma y 

provid e insight s abou t  th e natur e o f  huma n 

memory,  an d particularl y abou t  w h y ou r 

memory seem s t o rel y o n severa l  distinc t 

system s wit h rathe r  differen t  propertie s (se e 

Schacter ,  1992) .  I t  i s  a n intriguin g possibilit y 

that ,  eve n i f  th e jumpne t  approac h i s wron g i n 

it s details ,  it s  fundamenta l  characteristic s ma y 

wel l  she d ligh t  o n th e working s o f  huma n 

memory.  Wit h thi s i n mind ,  w e ar e n o w 

examinin g th e behavio r  o f  jumpne t  system s 

wit h wit h th e goa l  o f  generatin g empirica l 

prediction s abou t  htuna n behavior . 
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