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I N T R O D U C T I ON 

Learning concepts from examples is a central process in cognition. In the psychological literature, 
thi s proces s i s know n a s schema-abstraction .  W e focu s her e o n th e phenomeno n o f  sequenc e 
effects ,  ie. ,  th e effec t  presentatio n orde r  ha s upo n th e concep t  learned .  Thi s pape r  describe s a 
compute r  model ,  S E Q L ,  whic h provide s a n experimenta l  too l  fo r  explorin g a  clas s o f 
schema-abstractio n theories .  W e describ e th e organizatio n o f  SEQL ,  illustratin g ho w structura l 
comparison s combine d wit h a  librar y o f  abstractio n strategie s ca n mode l  sequenc e learnin g effects . 
We briefl y describ e a  psychologica l  experimen t  designe d t o explor e sequenc e effect s an d sho w ho w 
SEQL ca n b e use d t o reproduc e th e results . 

Schema-abstraction theories assume that some information is abstracted during learning and is 
subsequentl y store d fo r  late r  us e durin g classificatio n o f  ne w examples .  Thes e theorie s ca n b e 
differentiate d o n th e basi s o f  thre e criteria :  ho w th e abstracte d concep t  informatio n i s (i ) 
characterized ,  (ii )  retaine d an d (iii )  utilize d t o classif y ne w instances .  Fo r  example ,  th e prototyp e 
theor y [Posne r  &  Keel e 68 ,  Posne r  &  Keel e 70 ]  assume s tha t  durin g learning ,  subject s construc t  a 
singl e representatio n o f  th e concept' s prototyp e b y calculatin g th e averag e o f  al l  th e trainin g 
instances .  N e w exemplar s ar e classifie d b y determinin g ho w simila r  the y ar e t o th e prototype . 
Posner  &  Keel e foun d tha t  classificatio n o f  never-stu(Se d prototype s wa s mor e accurat e tha n 
classificatio n o f  never-studie d exemplars .  I n fact ,  afte r  dela y ther e wa s a  greate r  los s i n 
classificatio n accurac y fo r  th e much-studie d exemplar s tha n th e never-studie d prototypes . 

In contrast, Medin & Schaffer [Medin & Schaffer 78] proposed an instance-only model of 
concept-learning .  Thi s mode l  posit s tha t  n o abstractio n i s performed ,  an d onl y trainin g exemplar s 
ar e stored .  Classificatio n o f  ne w trainin g instance s i s base d o n thei r  similarit y t o al l  o f  th e store d 
items .  Medi n &  Schaffe r  demonstrate d tha t  th e effect s arisin g fro m schema-abstractio n 
models—namely ,  th e superio r  performanc e o f  prototype s an d th e increas e i n thi s effec t  afte r  delay , 
can b e accounte d fo r  b y thei r  instance-onl y model .  I n vie w o f  this ,  i t  ha s prove d difficul t  t o predic t 
difference s i n th e performanc e o f  schema-abstractio n versu s instance-onl y models . 

One phenomenon that might allow us to differentiate these models (and also subclasses of 
schema-abstractio n models )  i s sequenc e effects .  Suc h effect s ar e impossibl e fo r  a  standar d 
instance-onl y mode l  sinc e transfe r  stimul i  ar e compare d t o a U o f  th e item s i n memory .  Thes e effect s 
therefor e migh t  provid e evidenc e fo r  a  schema-abstractio n model .  Unfortunately ,  i t  i s  difficul t  t o 
predic t  th e performanc e o f  schema-abstractio n model s i n concep t  learnin g sinc e w e lac k a n explici t 
defmitio n o f  th e abstractio n process . 

We aim to attack the problem on two fronts, psychological and computational. We have designed a 
human experimen t  an d a  compute r  simulatio n t o examin e possibl e abstractio n processes . 
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Group I  Expecte d Rule : (I F (AN D (OUTSID E X  TRIANGLE ) 

(EQUALS (SHAP E X )  CIRCLE) ) 

(EQUALS (LOCATIO N TRIANGLE )  TOP) ) 

(I f  th e figur e outsid e o f  triangl e i s a  circle ,  the n th e triangl e i s o n top. ) 

Figur e 1 . 

Kline [Kline 83] demonstrated that human learning is indeed affected by presentation sequence. 

S o far ,  ou r  attemp t  t o replicat e Klin e ha s produce d w e a k results .  I n spit e o f  this ,  w e describ e ou r 

experimen t  i n orde r  t o presen t  th e logi c behin d ou r  reasonin g an d t o s h o w th e material s w e used . 

Psychological experiment 

Thi s experimen t  i s th e firs t  i n a  serie s designe d t o determin e i f  th e orde r  o f  trainin g instance s affect s 

th e learner' s concep t  description .  Subject s firs t  too k par t  i n a  stud y phas e followe d b y a  transfe r 

phase .  Subject s w e r e divide d int o t w o groups .  W e diverge d f r o m th e standar d experimenta l 

parad ig m sinc e bot h group s di d no t  simultaneousl y se e th e s a m e trainin g instances .  Usin g a  m e t h o d 

simila r  t o Kline's ,  eac h grou p s a w th e s a m e trainin g instance s bu t  th e orde r  o f  thes e instance s varie d 

be twee n th e t w o groups .  Figure s 1  &  2  s h o w th e t w o sequence s o f  trainin g instance s alon g wit h th e 

concep t  description s w e expecte d subject s t o generate .  Unlik e Kline' s experiments ,  subject s di d no t 

hav e ful l  m e m o r y ;  onc e a  n e w exempla r  w a s displayed ,  the y coul d no t  g o bac k an d loo k a t  previou s 

ones . 

Experimen t  deag n 

Stud y Phase : Subject s wer e firs t  tol d tha t  the y woul d b e aske d t o generat e a  rul e fo r  th e 

figure s the y wer e abou t  t o see .  The y wer e show n 8  figures ,  on e a t  a  time . 

They wer e the n aske d t o describ e th e rul e fo r  th e figure s the y jus t  saw .  Thi s 

was repeate d fou r  times . 

Group I I  Sequence : 

exl ex2 ex3 ex4 ex5 ex6 ex7 

Group n  Expecte d Rule : 

ex8 
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A A 
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A 

(I F (AN D (SAM E (SHATCX )  (SHAP E Y) ) 

(SAME (SIZ E X )  (SIZ E Y)) ) 

(EQUALS (LOCATIO N TRIANGLE )  BOTTOM)) 

(I f  th e figure s insid e an d outsid e o f  triangl e ar e th e sam e shap e an d size ,  the n triangl e i s o n bottom. ) 

Figure 2. 

420 



S K O R S T A D,  C E N T N E R,  M E D I N 

Transfer Phase: Subjects saw 27 pairs of stimuli. For each pair, they were asked to mark 
whic h o f  th e tw o wa s mor e simila r  t o th e item s the y sa w i n th e stud y phase . 
Subject s sa w th e sam e 2 7 pair s again .  (Subject s wer e tol d tha t  thes e wer e th e 
same 2 7 pair s the y ha d jus t  seen. )  Thi s time ,  i n additio n t o markin g whic h 
was mor e simila r  t o stud y items ,  subject s wer e aske d t o explai n thei r  choice . 

Results 
The result s wer e no t  strong ,  no r  wer e the y unifor m withi n th e groups .  Th e differenc e betwee n th e 
group s wa s no t  significant .  However ,  grou p 2  performe d a s expected ;  5 5 % o f  grou p 2  subject s 
chos e rul e 2 .  Grou p 1  subject s showe d n o preferenc e fo r  rul e 1  ove r  rul e 2 .  A n A N O V A di d 
revea l  a  significan t  differenc e betwee n th e tw o rule s (**) .  Rul e 2  wa s foun d t o b e easie r  t o lear n 
tha n rul e 1 .  I n ligh t  o f  thes e results ,  whic h ar e somewha t  promising ,  w e modifie d th e trainin g 
instance s s o tha t  rul e 1  woul d b e a s easil y learne d a s rul e 2 .  [Skorsta d 88 ]  wil l  provid e a  mor e 
detaile d descriptio n o f  th e experimen t  an d it s follow-up . 

SEQL computer model 
S E QL i s bein g buil t  a s a  too l  fo r  explorin g variou s abstractio n theories .  It s result s ca n b e compare d 
wit h huma n performanc e i n th e learnin g experiment .  Ou r  approac h differ s fro m man y prio r 
schema-abstractio n theories .  W e assum e tha t  th e prototyp e mus t  b e base d o n structura l  similarit y 
comparison s rathe r  tha n feature-se t  intersection .  W e us e a  mode l  o f  similarit y a s define d b y 
structure-mappin g theor y [Centne r  83] .  Fo r  thi s purpos e w e us e S M E [Falkenhainer ,  Forbu s & 
Centne r  86] ,  a  compute r  implementatio n o f  th e structure-mappin g theory . 

System Description 
S E QL consist s o f  severa l  mai n modules : 

— S M E operate s o n tw o potentia l  analogs ,  th e bas e an d th e target ,  generatin g a  numbe r  o f 
plausibl e mapping s igmaps )  fo r  thes e analogs .  Thes e gmap s correspon d t o interpretation s 
of  th e analogy .  I n addition ,  S M E produce s a n evaluatio n scor e fo r  eac h o f  th e gmaps .  A n 
importan t  featur e o f  S M E i s it s  toolki t  approach .  B y usin g differen t  set s o f  matc h rules , 
we ca n perfor m th e variou s similarit y comparison s define d b y structure-mappin g theory . 
I n thi s research ,  w e us e th e Literal-Similarit y rules .  B y literal-similarity ,  w e mea n a 
similarit y matc h i n whic h bot h di e object s an d th e relationa l  structur e o f  thes e object s ar e 
counte d i n th e match . 

— SE (Structural Evaluator) is a post-SME process. It provides alternate gmap evaluation 
scores ,  separat e fro m SME' s evaluator .  Fo r  example ,  on e ca n choos e t o evaluat e a  gma p 
base d o n a  combinatio n o f  it s  dept h an d breadt h o r  o n it s dept h an d breadt h relativ e t o th e 
depUi  an d breadt h o f  it s  base . 

— Generalize finds the most specific conjunctive generalization that characterizes both the 
bas e an d targe t  description s fe d t o S M E.  Generaliz e take s a  singl e gma p a s inpu t  an d 
output s a  generalize d descriptio n o f  thi s gma p bot h i n huma n readabl e for m an d i n SME' s 
syntax . 

— Specialize modifies a generalization when it is no longer adequate to describe a new 
example .  Thi s occur s whe n th e generalizatio n i s poorl y matche d t o a  targe t  example .  I f 
th e generalization' s rul e descriptio n (th e huma n readabl e form )  i s conjunctive ,  the n th e 
generalizatio n mus t  b e specialized .  I t  need s t o b e modifie d i n suc h a  wa y s o tha t  i t  cover s a 
smalle r  subse t  o f  examples .  Thi s ca n b e don e b y transformin g th e conjunctiv e rul e 
descriptio n int o a n IF-THE N rul e roughl y i n th e styl e propose d b y Bettge r  [Bettger ,  i n 
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preparation]. If the generalization rule was already in IF-THEN form, no specialization is 
necessary . 

Library of abstraction strategies to be simulated 
I n thi s section ,  w e la y ou t  a  spac e o f  possibl e abstractio n strategies .  Thi s librar y o f  stî ategie s wil l 
giv e u s th e flexibilit y  t o explor e variou s abstractio n theories .  Thes e strategie s determin e wha t  i s 
generalized ,  an d whe n thi s generalizatio n take s place .  W e divid e tiie  abstractio n strategie s int o tw o 
classes ,  th e limitin g case s versu s th e combinatio n models .  Firs t  w e lis t  a  se t  o f  limitin g case s whic h 
ar e usefu l  i n delimitin g th e spac e o f  basi c abstractio n theories .  Thes e model s ar e probabl y to o 
simpl e t o b e use d fo r  direc t  compariso n t o huma n performanc e durin g th e stud y phase .  Thei r 
effectivenes s o r  powe r  become s mor e apparen t  durin g th e transfe r  tas k whe n th e store d knowledg e 
i s retrieve d an d utilize d t o classif y ne w instances .  Next ,  w e lis t  th e combinatio n models .  Thes e us e a 
parameter ,  T ,  th e threshol d value .  I f  th e evaluatio n scor e o f  a  matc h i s belo w T ,  th e matc h i s no t 
considere d t o b e a  goo d one .  I n thi s way ,  th e use r  ha s conti-o l  ove r  wha t  h e consider s t o b e a  goo d 
match . 

A. Limiting Case Models 
1.  Exempla r  Onl y 

Stor e exemplar s only .  N o generalization s ar e mad e durin g learning .  Thi s i s 
th e simples t  for m o f  th e instance-onl y model . 

2.  Radica l  Generalizatio n 
Continuousl y generaliz e eac h ne w exempla r  wit h th e bas e (whic h i s a 
generalization )  t o generat e on e single ,  "winning "  generalization .  Som e 
version s o f  th e prototyp e model s woul d fal l  unde r  thi s category . 

3.  Al l  Exemplar s &  Al l  Generalization s 
Stor e al l  exemplar s an d al l  generalization s (whic h ar e forme d fo r  eac h match) . 
Thi s put s a  heav y burde n o n memory .  I f  ther e ar e n  item s i n th e stud y 
sequence ,  (2 "  -  1 )  item s wil l  b e stored . 

B. Combination Models 
1.  Generalizatio n an d Exempla r 

I f  th e matc h i s greate r  tha n T ,  stor e thei r  generalization ,  th e base ,  an d th e 
target ,  otherwis e stor e th e bas e an d targe t  onl y (u p t o a  memor y limit) . 

2.  Generalizatio n o r  Exempla r 
I f  th e matc h betwee n th e bas e an d targe t  i s  greate r  tha n T ,  stor e thei r 
generalization ,  otherwis e stor e th e bas e an d targe t  (u p t o a  memor y limit) . 

3.  IF-THEN-Rule-Generato r 
Thi s i s a  specializatio n o f  mode l  B.2 .  I n additio n t o storin g th e bas e an d targe t  whe n a 
bad matc h i s found ,  th e generalizatio n rul e i s modifie d t o for m a n IF-THE N rule .  Th e 
psychologica l  motivatio n fo r  thi s strateg y i s th e intuitiv e notio n tha t  whe n human s 
encounte r  a n exceptio n durin g concep t  learning ,  ie. ,  whe n a n exampl e i s foun d whic h 
isn' t  covere d b y thei r  rule ,  the y focu s o n th e difference s i n th e bas e an d target .  The y 
use thes e feature s t o patc h u p thei r  curren t  rul e descriptio n [Medi n persona l 
communicatio n 8 7 &  Bettge r  i n preparation] . 

One of the goals of our research is to test each of these abstraction sd-ategies on the same set of 
examples .  W e illustrat e th e IF-THEN-RuIe-Generato r  strateg y i n mor e detai l  i n th e nex t  section . 
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(starobjl ) 

(sta r  obj2 ) 

(triangl e obj3 ) 

(smal l  objl ) 

(smal l  obj2 ) 

(larg e obj3 ) 

(aboveobj l  obj2 ) 

(aboveobj l  obj3 ) 

(insid e obj 2 obj3 ) 

(outsid e obj l  obj3 ) 

(botto m obj3 ) 

(same-shap e obj l  obj2 ) 

(same-siz e obj l  obj2 ) 

Exl 

(starobjl ) 

(triangl e obj2 ) 

(sta r  obj3 ) 

(smal l  objl ) 

Oarg e obj2 ) 

(smal l  obj3 ) 

(abov e obj l  obj2 ) 

(abov e obj l  obj3 ) 

(insid e obj 3 obj2 ) 

(outsid e objlobj2 ) 

(botto m obj2 ) 

(same-shap e obj l  obj3 ) 

(same-siz e obj l  obj3 ) 

Ex2 

(sta r  entit y 17 ) 
(sta r  entity24 ) 

(triangl e entity33 ) 

(smal l  entit y 17 ) 

(smal l  entity24 ) 

(larg e entity33 ) 

(abov e entit y 1 7 entity24 ) 

(abov e entityl 7 entity33 ) 

(insid e entity2 4 entity33 ) 

(outsid e entityl 7 entity33 ) 

(botto m entity33 ) 

(same-shap e entit y 1 7 entit y 24 ) 

(same-siz e entit y 1 7 entity24 ) 

Gen[U ] 

Figur e 3 . 

S E QL exampl e usin g IF-THEN-Rule-Generato r  strateg y 

Suppos e ou r  goa l  i s  t o generat e a  concep t  descriptio n fo r  th e sequenc e o f  8  exemplar s show n i n 

figur e 2 .  Th e representation s fo r  exempla r  1  an d 2  ar e show n i n figur e 3 .  (Fo r  compactness ,  w e 

remove d som e o f  th e attributes) .  Ex l  an d ex l  ar e inpu t  t o S M E.  Ex l  i s th e bas e an d ex 2 th e target . 

S ME generate s a  numbe r  o f  plausibl e mapping s (ginaps )  betwee n thes e tw o exemplars .  Runnin g 

th e Structura l  Evaluato r  o n thes e mapping s yield s a  singl e bes t  normalize d gma p whic h i s compare d 

wit h th e threshol d valu e t o se e i f  i t  i s  a  goo d match .  Fo r  thes e tw o exemplars ,  w e hav e a  goo d 

match .  Th e gma p i s passe d o n t o th e generalize r  whic h produce s th e generalization ,  gen[l,2 ] 

shown i n figur e 3 . 

The generalization, gen[l^] and the new exemplar, ex3, (see fig 4) become the next base and target 

respectively .  The y don' t  yiel d a  goo d match .  Th e highes t  scorin g normalize d gma p i s les s tha n th e 

threshol d value .  Gen[l^]' s  rul e descriptio n mus t  b e specialize d sinc e i t  n o longe r  describe s al l  o f 

(sta r  entit y 17 ) 
(sta r  entity24 ) 

(uiangl e entity33 ) 
(smal l  entit y 17 ) 
(smal l  entit y 24 ) 

(larg e entity33 ) 

(abov e entit y 1 7 entit y 24 ) 

(abov e entit y 1 7 entity33 ) 

(insid e entity2 4 entity33 ) 

(outsid e entit y 1 7 entity33 ) 

(botto m entity33 ) 

(same-shap e entit y 1 7 entit y 24 ) 

(same-siz e entit y 1 7 entity24 ) 

Gen[l,2] 

(sta r  objl ) 

(circl e obj2 ) 

(triangl e obj3 ) 

(smal l  objl ) 
(mediu m obj2 ) 

(larg e obj3 ) 

(botto m obj3 ) 

(abov e obj l  obj2 ) 

(abov e obj 3 obj2 ) 

(insid e obj l  obj3 ) 

(outsid e obj 2 obj3 ) 

Ex3 

(I F ( A N D (sta r  entity24 ) 

(smal l  entity24 ) 

(abov e entit y 1 7 entity24 ) 

(insid e entity2 4 entity33 ) 
(same-shap e entit y 1 7 entity24 ) 

- ^  (same-siz e entit y 1 7 entity24) ) 

( T H E N 

( A N D (triangl e entity33 ) 

(larg e entity33 ) 

(sta r  entit y 17 ) 

(smal l  entit y 17 ) 

(abov e entityl 7 entity33 ) 

(outsid e entityl 7 entity33 ) 

(botto m entity33))) ) 

IF-THEN Rule (gen [1,2], ex3) 

Figur e 4 . 
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processes thai occur during concept learning. 

Finally, we have shown how SEQL can simulate the phenomenon of sequence effects. 
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(I F (AN D 

(THEN 
(AND 

(smal l  entit y 24 ) 

(insid e entity2 4 entity33 ) 

(same-shap e entit y 1 7 entity24 ) 

(same-siz e entit y 1 7 entity24) ) 

(triangl e entit y 3  3 ) 

(larg e entity33 ) 

(abov e entit y 1 7 entity24 ) 

(smal l  entit y 17 ) 

(abov e entit y 1 7 entity33 ) 

(outsid e entityl 7 entity33 ) 

(botto m entity33))) ) 

I F - T H E N Rul e (sequenc e 2 ) 

(I F ( A N D (circl e entity64 ) 

(abov e entityl 2 entity64 ) 

(abov e entity7 0 entity64 ) 

(outsid e entity6 4 entit y 12) ) 

(THE N 

(AN D (triangl e entit y  12 ) 

(larg e entit y  12 ) 

(to p entit y  12 ) 

(smal l  entity70 ) 

(insid e entity7 0 entit y  12)) ) 

IF-THh: N Rul e (sequenc e 1 ) 

Figur e 5 . 

the exemplars seen. Specializing gen[l,2] produces the new rule description, IF-THEN Rule 

(gen[l^] ,  ex3 )  show n i n figur e 4 .  Thi s descriptio n assert s tha t  i f  ther e i s a  smal l  sta r  insid e anothe r 

object ,  wit h a n objec t  o f  th e sam e shap e an d siz e abov e it ,  the n ther e i s larg e triangl e locate d a t  th e 

botto m o f  th e frame ,  wit h a  smal l  sta r  abov e an d outsid e it .  Thi s human-readabl e I F - T H E N rul e i s 

kep t  i n additio n t o th e origina l  gen[l,2 ]  assertions .  I n th e nex t  match ,  i t  i s  thes e assenions , 

gen[l^] ,  tha t  ar e inpu t  t o S M E — n ot  th e I F - T H E N rule .  Runnin g th e remainde r  o f  th e exemplar s 

throug h S E Q L an d displayin g th e generalizatio n wit h th e highes t  weight ,  w e ge t  th e concep t 

description ,  I F - T H E N Rul e (sequenc e 2) .  (se e figur e 5 ) 

IF-THEN Rule (sequence 2) asserts that if there is a small object inside another object, with an 

objec t  o f  th e sam e shap e an d siz e abov e it ,  the n ther e i s larg e triangl e locate d a t  th e botto m portio n o f 

th e frame ,  wit h a  sma U objec t  abov e an d outsid e it .  Thi s descriptio n correspond s t o th e descriptio n 

tha t  5 5 % o f  th e subject s from  grou p 2  o f  ou r  experimen t  generated . 

When the same set of exemplars are presented to SEQL in a different order, a different rule 

descriptio n i s generated ,  thu s demonstratin g a  sequenc e effect .  Fo r  example ,  i f  th e sequenc e show n 

i n figur e 1  i s ru n throug h S E Q L ,  th e rul e I F - T H E N Rul e (sequenc e 1 )  liste d i n figur e 5  i s 

produced .  Thi s rul e state s tha t  i f  ther e i s a  circl e whic h i s belo w tw o entitie s an d outsid e o f  on e o f 

th e entities ,  the n ther e i s a  larg e triangl e locate d a t  th e to p o f  th e fram e wit h a  smal l  objec t  insid e it . 

SEQL's results are considerably "better" than those generated by our human subjects, especially 

thos e i n grou p 1 .  Hopefully ,  th e modification s we'r e makin g t o ou r  experimen t  wil l  improv e 

subjects '  performance .  I f  not ,  thi s wil l  discoun t  th e psychologica l  validit y o f  ou r  model . 

Discussion 

Curren t  wor k i n concept-formatio n suggest s tha t  abstractio n doe s indee d tak e plac e durin g concep t 

learnin g [Ros s et .  al .  submitte d fo r  publicatio n 87 ,  Eli o &  Anderso n 84 ,  Klin e 83] .  Ou r  delineatio n 

of  a  spac e o f  som e o f  thes e possibl e abstractio n processe s enable s u s t o captur e an d avoi d som e o f 

th e extreme s o f  th e prototyp e an d instance-onl y models . 

An important distinction of our approach is the use of structural comparisons defined by 

structure-mappin g theor y a s oppose d t o th e mor e typica l  feature-se t  intersection .  W e hav e show n 

h o w S E Q L incorporate s structura l  comparison s t o produc e a  usefu l  too l  fo r  explorin g abstractio n 
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