
Generalizatio n b y h u m a n s an d multi-laye r  adaptiv e network s 

M. Pavel Mark A. Gluck Van Henkle 

Stanford University 

ABSTRACT 

Generalization of a pattern categorization task was investigated in a simple, deteiministic, 

inductiv e learnin g task .  Eac h o f  eigh t  pattern s i n a  trainin g se t  wa s specifie d i n term s o f  fou r 

binar y features .  Afte r  subject s learne d t o categoriz e thes e pattern s i n a  supervise d learnin g para -

dig m the y wer e aske d generaliz e thei r  knowledg e b y categorizin g nove l  patterns .  W e analyze d 

bot h th e detail s o f  th e learnin g proces s a s wel l  a s subjects '  generalization s t o nove l  patterns . 

Certai n pattern s i n th e trainin g se t  wer e consistend y foun d t o b e mor e difficul t  t o lear n tha n oth -

ers .  Th e subsequen t  generalization s mad e b y subject s indicat e tha t  i n spit e o f  importan t  indivi -

dual  differences ,  subject s showe d systemati c similaritie s i n ho w the y generalize d t o nove l  situa -

tions .  Th e generalizatio n performanc e o f  subject s wa s compare d t o thos e tha t  coul d possibl y b e 

generate d b y a  two-laye r  adaptiv e network .  A  compariso n o f  netwoi k an d huma n generaliza -

tion s indicat e tha t  usin g a  minima l  networ k architectur e i s no t  a  sufficien t  constrain t  t o guarante e 

tha t  a  netwcx- k wil l  generaliz e th e wa y human s do . 

INTRODUCTION 

Inductive learning is one of the most difficult and least understood aspects of cognition. During 

supervise d learnin g a n organis m i s expose d t o a  fe w example s o f  stimulus-respons e pair s (th e trainin g 

set )  fro m whic h th e organis m infer s h o w t o t o generat e correc t  response s t o m a n y othe r  stimuli .  Th e 

theoretica l  proble m arise s fro m th e fac t  tha t  ther e usuall y ar e m a n y rule s tha t  ar e consisten t  wit h th e 

trainin g se t  bu t  whic h generat e differen t  response s t o th e nove l  stimuli .  Unlik e deduction ,  inductio n ha s 

n o a  prior i  normativ e procedur e t o decid e whic h se t  o f  rule s i s th e mos t  appropriate . 

Thus, induction problems can be considered ill-posed problems in that there too many very dif-

feren t  solutions .  Suc h problem s ca n b e solve d b y introducin g additiona l  constraint s o r  objective s tha t 

ar e externa l  t o th e origina l  problem .  O n e o f  th e centra l  problem s fo r  imderstandin g inductio n i n natura l 

(human )  o r  artificia l  system s i s t o determin e usefu l  constraint s o r  regularizatio n principle s tha t  conver t 

th e ill-pose d problem s int o wel l  pose d problems . 

In spite of the inherent diffictilties with defining "good" inductions, people aR>ear to be very 

goo d a t  rapidl y learnin g t o induc e usefu l  rules .  Investigatio n o f  h o w peopl e perfor m inductio n o r  gen -

eralizatio n is ,  therefore ,  interestin g no t  onl y t o th e student s o f  cognitio n bu t  als o t o builder s o f  artificia l 

learnin g machines .  Althoug h ther e hav e bee n m a n y attempt s t o stud y thi s problem ,  mos t  o f  previou s 

researc h ha s bee n focuse d primaril y o n investigatio n an d modelin g o f  averag e performanc e (Medi n & 

Schaefer ,  1978 ;  Medin ,  D e w e y ,  &  Murphy ,  1983 ;  Nosofsky ,  1986) . 

Correspondenc e shoul d b e addresse d to :  M .  Pavel ,  Bld g 420 .  Stanford ,  C A 94305 .  Thi s researc h wa s 

supporte d b y N S F Gran t  BNS-8618049 ,  N S F Gran t  IST-851158 9 an d Gran t  fro m N A S A A m e s NCC-2-307 . 
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One goa l  o f  stud y reporte d her e wa s t o examin e ho w peopl e generaliz e i n a  simpl e deterministi c 

categorizatio n tas k i n whic h eac h patter n i s characterize d i n term s o f  know n binar y features .  Whil e w e 

expecte d certai n similaritie s t o emerg e acros s huma n learners ,  w e anticipate d tha t  th e particula r  general -

ization s migh t  b e subjec t  t o considerabl e individua l  differences .  T o tes t  thi s idea ,  w e use d a n experi -

menta l  paradig m tha t  woul d p)ermi t  u s t o t o observ e individua l  subject s durin g th e learnin g o f  a  categor -

izatio n tas k o n a  se t  o f  trainin g pattern s an d the n allo w u s examin e th e type s o f  categorization s the y 

made o n a  se t  o f  nove l  tes t  patterns .  I n th e las t  sectio n o f  thi s pape r  w e compar e huma n generalization s 

t o thos e o f  a  smal l  adaptiv e networic . 

EXPERIMENT 1 

The purpose of this study was to record subjects' progress in learning a deterministic categori-

zation ,  analyz e thei r  generalizations ,  an d compar e thei r  performanc e t o tha t  o f  smal l  adaptiv e networics . 

The stimul i  wer e simila r  t o thos e use d b y Medin ,  Altom ,  Edelson ,  &  Freko ,  (1982) ,  bu t  th e procedur e 

was designe d t o enabl e u s t o monito r  th e learnin g proces s i n additio n t o evaluatin g subsequen t  generali -

zations . 

Method 

Seventy-eight Stanford undergraduates were run finom a pool of subjects enrolled in an introduc-

tor y psycholog y course .  Eac h stimulu s ite m wa s compose d o f  fou r  binar y dimension s an d wa s 

presente d t o subject s a s a  patien t  char t  listin g fou r  differen t  sympto m types :  Muscle s (tens e o r  relaxed) . 

Insuli n (hig h o r  low) .  Gland s (swolle n o r  recessed) ,  an d Sinu s (stuff y o r  runny) .  Th e complet e stimulu s 

set  consiste d o f  th e 1 6 possibl e pattern s resulting  ftx)m  formin g al l  combination s o f  th e fou r  binar y 

dimensions .  A s show n i n Tabl e 1 ,  wit h th e alternat e value s o f  eac h dimensio n indicate d b y eithe r  "1 "  o r 

"0" ,  fou r  o f  th e 1 6 stimul i  wer e designate d a s member s o f  categor y A ,  fou r  a s member s o f  categor y B , 

and th e remaining  8  wer e presente d a s nove l  item s t o tes t  fo r  generalization . 

TABLE 1 : 

Categor y 

A 

B 

Novel 

Categor y Structur e fro m Experimen t  1 

Ite m 

Al 
A2 
A3 
A4 

Bl 
B2 
B3 
B4 

Nl 
N2 
N3 
N4 

N5 
N6 
N7 
N8 

1 

1 
1 
0 
1 

0 
0 
1 
0 

0 
0 

0 
1 
1 
1 
0 
1 

Dimensio n 

2 3  4 

1 1  1 
1 0  0 
1 1  1 
0 0  0 

0 1  0 
0 0  1 
0 1  0 
1 0  1 

0 0  0 
0 1  1 
1 0  0 
0 1  1 
1 1  0 
1 0  1 
1 1  0 
0 0  1 
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The trainin g stimul i  wer e carefull y selecte d s o tha t  th e categorizatio n coul d b e performe d per -

fectl y b y a n exclusive-o r  ( X O R )  o n th e las t  tw o dimension s ( 3 &  4 )  whil e th e first  tw o dimension s ( 1 & 

2)  coul d b e use d t o for m a  simple r  bu t  les s effectiv e rule . 

Procedure. Throughout the experiment the two categories were referred to as "Turitis" and 

"Purosis" ,  wit h th e associatio n o f  eac h nam e t o a  categor y randomize d acros s subjects .  Th e patien t 

chart s wer e presente d o n a  compute r  scree n wit h th e symptom s arrange d verticall y (a s above) .  Fo r  eac h 

individua l  subject ,  th e orde r  i n whic h th e sympto m type s wer e displaye d o n eac h char t  wa s consisten t 

throughou t  th e entir e experiment .  However ,  acros s subject s th e orde r  o f  displa y wa s randomized .  Th e 

particula r  sympto m name s associate d wit h eac h dimensio n wer e als o randomize d acros s subjects . 

Subjects were instructed to imagine that they were medical interns learning to diagnose patients 

sufferin g fro m on e o f  tw o diseases .  The y wer e tol d tha t  the y woul d lear n t o mak e thei r  diagnose s b y 

attemptin g t o diagnos e individua l  patients :  the y woul d b e show n a  patien t  char t  listin g fou r  symptoms , 

attemp t  t o mak e a  diagnosis ,  an d the n b e give n th e correc t  diagnosis .  Subject s wer e tol d tha t  the y woul d 

complet e thei r  trainin g afte r  correctl y diagnosin g approximatel y 3 2 patient s i n a  row ,  a t  whic h poin t 

the y woul d b e teste d o n thei r  abilit y  t o mak e diagnoses .  Afte r  bein g give n thes e instructions ,  th e train -

in g phas e o f  th e experimen t  began . 

The training phase consisted of successive presentations of the eight stimuli in categories A and 

B.  O n eac h tria l  on e stimulu s ite m wa s presented ,  th e subjec t  wa s prompte d fo r  a  categor y judgement , 

and the n th e subjec t  wa s give n feedbac k specifyin g th e correc t  categorization .  Th e orde r  o f  presentatio n 

fo r  th e trainin g stimul i  wa s randomize d ove r  block s o f  1 6 trial s s o tha t  tw o instance s o f  eac h ite m fro m 

categor y A  an d tw o instance s o f  eac h ite m fro m categor y B  occurre d i n eac h block .  Th e trainin g phas e 

continue d unti l  a  subjec t  ha d eithe r  me t  th e learnin g criterio n o f  correctl y categorizin g al l  item s i n tw o 

successiv e blocks ,  o r  unti l  th e subjec t  ha d complete d 1 5 block s witiiou t  meetin g tiie  criterion . 

Upon completing the training phase of the experiment the subjects were instructed that they 

woul d b e teste d o n di e knowledg e the y ha d gaine d i n tha t  phas e b y diagnosin g 3 2 additiona l  patients . 

They wer e the n presente d wit h 2  instance s o f  eac h o f  th e 1 6 stimul i  i n a  rando m order .  Fo r  eac h 

stimulu s the y wer e aske d t o mak e thei r  diagnosi s an d the n rat e thei r  confidenc e o f  th e diagnosi s o n a 

scal e o f  1- 7 (leas t  t o mos t  confident) .  N o feedbac k wa s give n o n thes e tes t  trials .  Followin g th e experi -

ment ,  subject s wer e aske d t o describ e th e method s the y use d t o mak e thei r  diagnoses .  Th e entir e exper -

imenta l  proces s too k betwee n 3 0 minute s an d on e hour ,  dependin g o n ho w quickl y th e subjec t  reached 

criterio n durin g th e trainin g phase . 

Results 

A summary of the results for all subjects are shown in Figure 1. Each panel of Figure 1 

represent s th e proportio n o f  A  responses ;  th e first  eigh t  pattern s represen t  th e trainin g an d th e las t  eigh t 

th e transfe r  set .  Th e first  fou r  pattern s o f  th e trainin g se t  ar e fro m categor y A  an d th e secon d fou r  pat -

tern s fro m categor y B .  Th e lef t  pane l  show s dat a fro m th e 4 0 subject s wh o reached  th e criterio n 

togethe r  wit h th e dat a o f  Medi n a t  a l  (1982) .  criterio n subject s leame d th e tas k bette r  tha n thos e o f 

Medi n e t  al .  (1982) .  Thei r  averag e performanc e i s almos t  identica l  t o th e results  o f  Medi n e t  al .  (1982) . 

I n contrast ,  ou r  non-criterio n subject s wh o di d no t  reached  th e criterio n ar e mor e simila r  t o Medin' s 

dat a fo r  th e trainin g pattem s bu t  diffe r  considerabl y o n th e nove l  patterns .  W e conclud e tha t  ou r  cri -

terio n subject s ar e mos t  lik e thos e o f  Medi n excep t  fo r  th e mor e rigorous  trainin g give n i n thi s experi -

ment . 
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Figur e 1 .  Generalizatio n profiles . 

Responses to the novel patterns represent the transfer of learning or generalization performed by 

subjects .  Ther e ar e severa l  way s o f  interpretin g th e proportion s o f  th e A  responses .  Accordin g t o on e 

interpretation ,  th e averag e responses  aris e fro m a n ensembl e o f  identicall y distribute d subjects .  Tha t  is , 

th e probabilit y  o f  assignin g a  give n patter n t o categor y A  i s th e sam e fo r  eac h subjec t  an d i s approxi -

mate d b y th e grap h o n Figur e 1 .  Thi s interpretatio n i s commonl y assume d b y investigator s (e.g .  Medi n 

et  al. ,  1982 )  wh o use d suc h dat a t o tes t  exemplar-base d model s o f  categorization .  A n alternativ e wa y o f 

interpretin g thes e proportions ,  however ,  i s  i n term s o f  a  mixtur e o f  distribution s correspondin g t o sub -

ject s wh o learne d differen t  rule s durin g th e trainin g phase .  W e examine d individua l  difference s i n orde r 

t o distinguis h thes e tw o interpretations . 

The extreme version of the mixture hypothesis is that each subject learned a different set of 

rules .  Tha t  mode l  i s  unlikel y becaus e althoug h ther e ar e 25 6 differen t  possibl e generalization s fo r  th e 

eigh t  tes t  patterns ,  1 4 differen t  generalization s accounte d fo r  8 5 % o f  th e subjects .  I n particular ,  general -

ization s o f  3 8 % o f  th e subject s wh o reached  criterio n wer e consisten t  wit h th e hypothesi s tha t  subject s 

base d thei r  categorizatio n o n th e exclusive-o r  (XOR )  o f  dimension s 3  an d 4  (th e grap h o f  X O R perfor -

mance,  i f  plotte d o n Figur e 1 ,  woul d consis t  o f  alternatio n o f  fou r  hig h an d fou r  lo w responses).  O n th e 

othe r  han d mor e tha n a  hal f  o f  th e subject s wh o learne d th e tas k generalize d differently .  Thi s support s 

th e notio n tha t  individua l  subject s abstracte d differen t  se t  o f  rxile s durin g th e trainin g phase .  Th e dat a i n 

Figur e 1  appea r  t o represent  a  mixtur e o f  strategie s an d generalizations . 

While subjects produced many different generalizations, it is possible that these generalizations 

ar e ver y simila r  t o eac h other .  Th e followin g analysi s wa s performe d t o determin e similarit y amon g 
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A.  Subjects '  Generalization s B .  Networ k Generalization s 

Figure 2. Hierarchical clustering of generalizations 

different generalizations. The generalization performed by each subject can be represented as an eight 

dimensiona l  generalizatio n profil e vector ,  wher e eac h "1 "  bi t  correspond s t o assignmen t  o f  th e 

correspondin g patter n t o categor y A .  Hence ,  simila r  generalization s woul d hav e simila r  profiles .  T o 

analyz e th e generalizatio n profile s w e compute d Hammin g distance s betwee n al l  pair s o f  th e 1 4 mos t 

frequen t  generalization s an d the n use d hierarchica l  clustering ,  base d o n averag e inter-cluste r  distances , 

t o represent  th e similaritie s amon g generalizations .  Th e resulting  hierarch y i s show n i n Figur e 2A .  Th e 

distanc e betwee n an y tw o profiles ,  show n a s termina l  node s o f  th e tree ,  correspond s t o th e lowes t  com -

m on nod e o n th e tree .  Thi s analysi s indicate s tha t  differen t  subject s generalize d i n many ,  quit e differen t 

ways . 

In order to understand human categorization process it is important to determine how different 

subject s arriv e a t  differen t  rules .  Whil e a  complet e answe r  t o thi s questio n i s beyon d th e scop e o f  thi s 

pape r  on e ca n ge t  som e indication s o f  th e underiyin g processe s b y examinin g subjects '  averag e perfor -

mance durin g th e trainin g phase .  Subjects '  performanc e o n eac h patte m durin g th e learnin g phas e wa s 

sunmiarize d b y computin g th e averag e cumulativ e erro r  fo r  eac h trainin g pattem .  Thre e set s o f  suc h 

cumulativ e erro r  learnin g curve s ar e show n i n Figur e 3 A fo r  al l  subject s wh o reached  criterion ,  fo r  thos e 

tha t  performe d X O R (Figur e 3B )  an d fo r  th e remainder  (Figur e 3C) .  Th e mos t  importan t  aspec t  o f  th e 

cumulativ e erro r  curve s i s that ,  mor e o r  les s consistentl y ove r  subjects ,  eac h patte m i s learne d wit h dif -

feren t  difficulty .  Fo r  example ,  th e patte m 111 1 fro m categor y A  wa s ver y eas y (fe w errors )  whil e th e 

patte m 100 0 fro m th e sam e categor y wa s ver y difficult .  Thi s regularit y whic h wa s wa s tru e fo r  fo r  al l 

^  Th e orde r  o f  bit s correspond s t o th e orderin g o f  nove l  stimul i  i n Tabl e 1,(N1,N2...N8) . 
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B.  X O R Subject s (N-16 ) 
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Figur e 3 .  Cumulativ e oro r  learnin g curve s 

subjects who reached the criterion performance is indicative of the type of rules abstracted by subjects. 

I n particular ,  eve n thos e subject s w h o eventuall y use d th e X O R categorizatio n wer e initiall y  usin g th e 

first  t w o dimensions . 

MODEUNG GENERAUZATIONS 

The empirically observed subjects' generalizations can provide information about the con-

straint s use d b y h u m a n beings .  T o discove r  thes e constraint s frequentl y require s a  model-base d analysi s 

o f  th e data .  M o d e l s o f  categorizatio n ca n b e use d i n t w o ways .  O n e approac h i s base d o n thos e mode l s 

tha t  ca n represent  an y generalizatio n an d d o no t  impos e an y prio r  constraints .  Thei r  utilit y  i s  i n remap-

pin g th e dat a s o tha t  th e constraint s ar e easil y observe d an d extracted . 

Another way to discover the constraints imposed by the learner is to construct a model of a pat-

ter n categorizatio n proces s tha t  embodie s s o m e o f  thos e constraints .  S u c h a  m o d e l  ca n the n b e use d t o 

predic t  th e generalization s an d it s prediction s ca n b e compare d t o th e data . 

Generalizations by Networks 

An interesting class of models to consider for categorization are multi-layered adaptive net-

works .  Layere d network s ar e acycli c (nonrecursive )  directe d graph s wit h define d startin g (input )  an d 

temiinatin g (ou^u t )  node s (units )  i n wh ic h eac h uni t  ha s a  uniquel y define d distanc e (i n term s o f  arcs ) 

f ro m al l  th e inpu t  units .  H idde n unit s ar e thos e node s tha t  ar e labele d neithe r  inpu t  no r  outpu t 
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Figur e 4 .  Generalizatio n profil e fo r  a  network . 

Each directed arc is labeled by a real valued weight. A unit may, in general, be a dynamical system but 

i n th e curren t  frameworl c a  uni t  i s  define d b y a  threshol d functio n o f  th e su m o f  incomin g arcs ;  th e valu e 

contribute d b y eac h ar c i s equa l  t o th e valu e o f  th e originatin g uni t  multiplie d b y th e weigh t  o f  th e arc . 

Each uni t  perform s a  linea r  threshol d functio n whic h i s th e essentia l  nonlinearit y require d fo r  a  patter n 

recognitio n mechanism . 

A two-layer adaptive network consisting of an input, hidden and output layer with unlimited 

number  o f  hidde n unit s ca n represent  an y computabl e boolea n functio n (Nilsson ,  1965 ;  Minsk y an d 

Papert ,  1969) .  Therefore ,  suc h network s ca n b e use d t o analyz e th e dat a b y finding  a  se t  o f  weight s tha t 

perform s th e sam e categorizatio n a s a n individua l  subjec t  an d the n examin e th e structur e o f  suc h a  net -

work . 

Because an unconstrained network can make any possible generalization, additional constraints 

must  b e impose d i f  a n adaptiv e networ k i s t o predic t  huma n generalizatio n performance .  A n importan t 

questio n t o as k i s whethe r  o r  no t  a  networ k wit h a  specifi c  se t  o f  constraint s ca n predic t  a  particula r  gen -

eralization .  A  complet e theor y woul d hav e t o includ e a  characterizatio n o f  th e effect s o f  differen t  con -

straint s o n generalization .  Althoug h suc h a n analysi s i s beyon d th e scop e o f  thi s pape r  w e illustrat e th e 

approac h usin g a  particula r  constraint . 

An example of one such constraint involves imposing a limit on the number of hidden units. In 

th e extreme ,  mos t  constrainin g case ,  thi s amount s t o finding  a n adaptiv e networ k wit h th e minimu m 

number  o f  hidde n unit s tha t  ca n perfor m th e categorizatio n o n th e trainin g set .  Th e motivatio n fo r  suc h 

an approac h i s i n th e usua l  heuristi c argument s fo r  simplicity ;  a  smalle r  networ k shoul d generaliz e 

better . 
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To examin e th e generalizatio n behavio r  o f  minima l  networks ,  however ,  require s a  computa -

tiona l  metho d capabl e o f  finding  al l  th e solution s t o a  categorizatio n proble m fo r  a  give n numbe r  o f  hid -

den units .  W e use d a  techniqu e develope d b y Pave l  an d Moor e (1988 )  usin g linea r  programmin g 

approac h t o enumerat e al l  th e solution s fo r  a  give n numbe r  o f  hidde n unit s i n smal l  two-laye r  networks . 

The smalles t  networ k capabl e o f  perfonnin g th e particula r  tas k use d i n Experimen t  1  i s a  two-laye r  net -

wor k wit h fou r  input ,  tw o hidde n an d on e outpu t  uni t  Fo r  suc h a  networ k ther e ar e 1 8 differen t  solu -

tion s t o th e proble m whic h resul t  i n 8  distinc t  generalizations .  Thes e differen t  generalization s wer e 

summarize d i n th e sam e manne r  a s th e experimenta l  dat a show n i n Figur e 4  b y computin g th e propor -

tio n o f  time s tha t  eac h o f  th e tes t  stimul i  wa s assigne d t o categor y A .  Th e resultin g distributio n differ s 

fro m tha t  observe d fo r  th e criterio n subject s Gef t  pane l  o f  Figur e 4) .  I n fact ,  i t  i s mor e simila r  t o th e dis -

tributio n o f  response s o f  th e non-criterio n subject s (righ t  pane l  o f  Figur e 4) .  Th e clusterin g analysi s o f 

th e generalizatio n profile s i n Figur e 3 B ar e clearl y different .  I n fact ,  onl y thre e generalization s foun d i n 

th e results  o f  Experimen t  1  wer e generate d b y a  two-laye r  networi c wit h tw o hidde n units .  On e o f  thes e 

generalization s (11 1 1(XXX) )  corresponde d t o th e frequen t  X O R solution ;  th e othe r  tw o wer e a  comple -

ment  o f  X O R ((XXX)1111 )  an d a  rar e profil e ((X)10 1 111 )  whic h i s no t  show n i n Figur e 2 .  Th e sam e ana -

lyse s wer e performe d o n network s wit h large r  numbe r  o f  hidde n units .  A s th e nimibe r  o f  unit s 

increased ,  th e numbe r  o f  huma n generalization s accounte d fo r  b y th e network s increase d bu t  s o di d th e 

number  o f  generalization s no t  exhibite d b y huma n subjects . 

SUMMARY 

We have demonstrated that subjects who learn the same pattern categorization may abstract dif-

feren t  principle s an d therefor e sho w larg e individua l  difference s i n thei r  generalizatio n behavior .  Adap -

tiv e network s wit h th e minimu m numbe r  o f  hidde n imit s exhibi t  a  simila r  behavio r  bu t  generaliz e dif -

ferendy .  Thus ,  th e constrain t  o f  usin g th e minimu m numbe r  o f  hidde n unit s doe s no t  alon e provid e a 

sufficien t  constrain t  o n adaptiv e networ k model s t o allo w the m t o mode l  huma n categorizatio n 

processes .  Currentl y w e ar e investigatin g th e effect s o f  othe r  constraints . 
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