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Strengt h A d j u s t m e n t  I n Hierarchica l  L e a r n i n g 

Stellan Ohlsson (stellan@uic.edu) 
Andre w D .  Halper n (halpern@aol.com ) 

Departmen i  o f  Psycholog y 
Th e Universit y o f  IlHnoi s a t  Chicag o 

100 7 Wes t  Harriso n Stree t  (M / C 285 ) 

Chicago .  I L 60607 .  U.S.A . 

Abst rac t 

Hierarchical systems can adapt by adjusting the strengths 
of  thei r  component s i n respons e t o environmenta l 
feedback .  Regimen s fo r  propagatin g adjustment s throug h a 
hierarch y ar e eithe r  cascadin g o r  distributional ,  dependin g 
on whethe r  th e su m o f  th e adjustment s i s  variabl e o r  fixed . 
Bot h type s o f  regimen s ca n b e dampened ,  amplifie d o r 
sustained ,  dependin g o n whethe r  node s highe r  i n th e 
hierarch y ar e adjuste d less ,  mor e o r  wit h th e sam e amoun t  a s 
lowe r  nodes .  W e sho w tha t  a  cascadin g regime n learn s mos t 
efficientl y wit h amplifie d propagation ,  whil e a 
distributiona l  regime n learn s mos t  efficientl y wit h 
sustaine d propagation .  Cognitiv e scientist s ough t  t o 
explor e a  wide r  rang e o f  propagatio n regimens . 

Hierarchy and Strength 

Adaptiv e systems ,  whethe r  artificia l  (e.g. ,  A .  I .  systems) , 

menta l  (e.g. ,  skills )  o r  natura l  (e.g. ,  ecologies )  ten d toward s 

hierarchica l  organization .  I n particular ,  cognitiv e skill s ar e 

hierarchica l  i n par t  becaus e goal s ar e analyze d int o subgoal s 

i n th e cours e o f  performin g a  tas k o r  solvin g a  proble m 

(Catrambone ,  1996) .  Fo r  example ,  plannin g a  tri p migh t 

brea k d o w n int o decidin g o n m o d e o f  travel ,  bookin g 

accommodatio n an d purchasin g equipment ,  eac h o f  whic h 

break s d o w n int o subgoal s o f  ye t  smalle r  scope .  Hierarchica l 

tas k representation s ca n als o aris e becaus e a  skill ,  onc e 

mastered ,  i s  integrate d int o mor e encompassin g skill s 

(Brune r  &  Bruner ,  1968) ,  a  proces s referre d t o a s part-whol e 

transfe r  (Schmid t  &  Young ,  1987 )  o r  vertica l  transfe r 

(Gagne ,  1970) .  Fo r  example ,  additio n an d substractio n ar e 

subprocedure s i n th e standar d procedur e fo r  lon g division . 

Adaptiv e hierarchica l  system s chang e i n distinctiv e way s 

ove r  tim e (Salthe ,  1985) .  I n particular ,  cognitiv e skill s 

spee d u p durin g practic e (Ericsson ,  Kramp e &  Tesch-Romer , 

1993 ;  Lane ,  1987 ;  Procto r  &  Dutta ,  1995) .  Model s o f 

practic e typicall y assum e tha t  component s o f  tas k 

representation s hav e strength s tha t  ar e adjuste d i n respons e 

t o feedbac k fro m th e environmen t  (Anderson ,  1993 ;  Logan , 

1988 ;  Ohlsso n &  Jewett ,  1997ab) .  Th e strengt h value s 

affec t  over t  behavio r  primaril y b y resolvin g conflict s 

betwee n competin g actions . 

Althoug h th e tw o concept s o f  hierarch y an d feedback -

drive n strengthenin g ar e ofte n invoke d separatel y t o explai n 

learning ,  th e cognitiv e literatur e lack s a  rigorou s analysi s o f 

thei r  relation .  H o w shoul d feedbac k b e propagate d throug h 

hierarchica l  representations ? T h e centra l  featur e o f  suc h a 

representatio n i s th e existenc e o f  non-termina l  node s (i.e. , 

goal s an d subgoals) .  Goal s ar e onl y indirectl y linke d t o 

termina l  node s (actions )  an d henc e t o environmenta l  input .  I f 

an actio n generate s positiv e (o r  negative )  feedback ,  ho w 

shoul d th e strength s o f  th e relevan t  goal s an d subgoal s b e 

adjusted ? 

Cognitiv e model s typicall y assum e tha t  a  strengt h 

adjustmen t  decrease s i n magnitud e a s i t  propagate s throug h a 

network .  W e refe r  t o thi s a s dampene d propagation .  Th e 

opposit e hypothesis-tha t  th e strengt h adjustmen t  increase s 

i n magnitud e a s i t  propagates~i s seldo m studied ,  becaus e 

suc h amplifie d propagatio n regimen s ar e no t  possibl e i n 

non-hierarchica l  networks .  A  signa l  tha t  grow s a s i t  spread s 

wil l  eventuall y reac h al l  node s i n th e networ k an d increas e 

withou t  bounds .  Amplifie d propagatio n ca n onl y wor k i n a 

hierarchica l  representatio n wit h a  well-define d stoppin g poin t 

(th e to p goal) .  Sandwiche d betwee n amplifie d an d dampene d 

strengthenin g i s a  regime n i n whic h th e strengt h adjustmen t 

neithe r  decrease s no r  increase s durin g propagation .  W e refer 

t o thi s a s sustaine d propagation . 

Strengthenin g regimen s als o diffe r  alon g another ,  les s 

familiar ,  dimension .  Th e propagatio n regimen s typicall y 

considere d i n cognitiv e model s ar e cascading ,  i.e. .  th e chang e 

start s a t  som e poin t  o f  origi n an d move s t o a n adjacen t  node . 

Th e amoun t  o f  chang e i n th e adjacen t  nod e i s  determine d 

solel y b y th e amoun t  o f  chang e i n th e poin t  o f  origin ,  b y 

th e relatio n betwee n th e tw o node s and/o r  b y som e 

parameter .  A s th e proces s move s fro m nod e t o node ,  th e 

chang e i n eac h nod e i s  determine d locally ,  withou t 

interactio n wit h th e change s occurrin g i n othe r  nodes . 

Becaus e cascadin g strengthenin g doe s no t  limi t  h o w muc h 

chang e ca n occu r  i n th e contex t  o f  an y on e learnin g event ,  i t 

raise s question s abou t  h o w th e strengt h concept-s o 

ubiquitou s i n cognitiv e models-shoul d b e interprete d i n 

physiologica l  terms .  Brai n researcher s hav e no t  ye t  reache d 

consensu s o n h o w th e brai n change s durin g practice ,  s o w e 

hav e t o conside r  alternativ e hypotheses . 

For  example ,  suppos e tha t  th e strengt h o f  a  lin k betwee n 

tw o node s correspond s t o th e amoun t  o f  transmitte r 

substanc e availabl e a t  th e synapse s betwee n th e relevan t 

neura l  circuits .  I f  so .  the n i t  ca n hardl y b e th e cas e tha t 

strengt h increment s hav e n o uppe r  limit .  Th e brai n i s  a 

finite  physica l  syste m an d i t  ca n onl y produc e a  certai n 

amount  o f  transmitte r  substanc e pe r  uni t  o f  time .  Hence ,  th e 
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amount  b y whic h a  particula r  synaps e ca n chang e i n th e 

cours e o f  a  singl e learnin g even t  mus t  b e limited .  Simila r 

argument s appl y t o othe r  physiologica l  interpretation s o f  th e 

cognitiv e strengt h concept ,  e .  g. ,  numbe r  o f  synapti c 

connections ,  numbe r  o f  neurons ,  spik e frequency ,  an d s o on . 

Hence ,  i t  i s  reasonabl e t o conside r  strengthenin g regimen s 

i n whic h th e tota l  amoun t  o f  chang e i n an y on e learnin g 

even t  i s fixed .  W e cal l  the m distributiona l  becaus e the y 

distribut e th e adjustment s ove r  th e relevan t  components . 

Distributiona l  regimen s ca n b e amplifie d (i f  component s 

highe r  i n th e hierarch y receiv e large r  adjustments) ,  dampene d 

(i f  highe r  component s receiv e smalle r  adjustments )  o r 

sustaine d (i f  th e siz e o f  th e adjustmen t  i s a  constant) . 

What  ar e th e behaviora l  consequence s o f  thes e type s o f 

propagatio n regimens ? H o w doe s typ e o f  propagatio n 

regime n affec t  learning ? Thi s i s th e questio n addresse d i n 

thi s paper .  W e presen t  a  serie s o f  compute r  simulations , 

usin g th e abstrac t  modelin g methodolog y develope d i n pas t 

wor k (Ohlsso n &  Jewett ,  1995 ,  1997ab) .  W e first  determin e 

th e effect s o f  amplified ,  dampene d an d sustaine d propagatio n 

on th e for m an d efficienc y o f  learnin g i n bot h cascadin g an d 

distributiona l  regimens .  W e the n investigat e th e interactio n 

betwee n thes e tw o dimensions . 

The mai n resul t  i s  tha t  a  cascadin g syste m learn s mos t 

effectivel y whe n th e propagatio n regime n i s amplified ,  whil e 

a distributiona l  syste m learn s mos t  efficiend y whe n th e 

regime n i s sustained ,  i n contras t  t o th e dampene d cascad e 

typicall y assume d i n cognitiv e models . 

A Hierarchical Learning System 

The purpos e o f  th e compute r  mode l  describe d i n thi s sectio n 

i s t o captur e th e essentia l  characteristic s o f  acquirin g a 

hierarchica l  tas k representatio n vi a feedbac k durin g practice . 

The mode l  i s implemente d i n Macintos h C o m m on Lisp . 

Performance Module 

A goa l  ca n typicall y b e achieve d b y severa l  methods ;  a 

metho d typicall y require s th e satisfactio n o f  severa l 

subgoals .  Hence ,  a  hierarchica l  tas k representatio n ca n b e 

modele d b y a n A N D / O R tre e i n whic h goal s ar e modele d b y 

OR node s wit h link s leadin g t o th e alternativ e method s an d 

method s ar e modele d b y A N D node s wit h link s t o th e 

subgoal s require d t o execut e them .  A  tas k performanc e i s a 

top-down ,  left-to-righ t  traversa l  o f  suc h a  tree .  Th e termina l 

nodes i n th e tre e correspon d t o (executabl e an d observable ) 

actions .  Th e traversa l  o f  th e tre e generate s a  tas k solutio n i n 

th e for m o f  a  sequenc e o f  termina l  node s (actions) . 

Performance s ca n diffe r  wit h respec t  t o whic h metho d i s 

selecte d a t  eac h O R nod e an d i n whic h orde r  th e subgoal s 

attache d t o a n A N D nod e ar e execute d an d henc e wit h respec t 

t o whic h sequenc e o f  action s i s generated . 

At  eac h O R node ,  th e performanc e modul e retrieve s al l 

link s leadin g t o alternativ e method s an d select s on e fo r 

executio n Th e probabilit y  tha t  lin k L  i s selecte d i s a 

probabilisti c  functio n o f  it s  strength .  Specifically ,  th e 

strengt h o f  eac h lin k i s multiplie d wit h a  rando m numbe r 

betwee n zer o an d unit y an d select s th e lin k wit h th e highes t 

product .  Th e AND-nod e accesse d b y tha t  lin k i s instate d a s 

th e curren t  node . 

At  eac h A N D node ,  th e performanc e modul e retrieve s al l 

link s leadin g t o conjunctiv e subgoal s an d order s thes e i n 

accordanc e wit h thei r  strengths .  Th e probabilit y  tha t  lin k L , 

i s  ordere d befor e lin k L j  i s  a  probabilisti c  functio n o f  thei r 

strengths .  Specifically ,  eac h strengt h i s multiplie d wit h a 

rando m numbe r  betwee n zer o an d unit y an d th e subgoal s ar e 

ordere d i n accordanc e wit h th e resultin g products . 

Notic e tha t  decision s ar e mad e b y comparin g lin k 

strength s i n bot h O R an d A N D nodes .  Hence ,  bot h type s o f 

decision s ar e affecte d b y th e propagatio n o f  strengt h 

increments . 

Learning Mechanisms 

We designat e a n arbitraril y  chose n sequenc e o f  termina l 

node s (actions )  a s th e targe t  performance .  Initially ,  al l  link s 

hav e strength s equa l  t o unity .  Th e performanc e modul e the n 

choose s method s randoml y i n O R node s an d pose s subgoal s 

i n rando m orde r  i n A N D nodes ,  thu s generatin g a  haphazar d 

sequenc e o f  actions .  Learnin g h o w t o perfor m th e targe t  tas k 

i s t o adjus t  th e strength s suc h tha t  th e correc t  metho d i s 

chose n i n eac h O R nod e an d th e subgoal s ar e pose d i n th e 

correc t  orde r  i n eac h A N D node . 

Durin g execution ,  eac h termina l  nod e generate d b y 

traversin g th e A N D / O R tre e i s compare d t o th e 

correspondin g actio n i n th e targe t  performance .  I f  the y 

match ,  th e mode l  receive s positiv e feedback .  I f  not ,  th e 

model  ca n receiv e negativ e feedbac k bu t  thi s featur e wa s no t 

use d i n th e wor k reporte d i n thi s pape r  (se e Ohlsson ,  1996 , 

Ohlsso n &  Jewett ,  1997ab ,  fo r  model s o f  negativ e 

feedback) .  U p o n receivin g feedbac k th e mode l  propagate s 

strengt h increment s upward s throug h th e A N D / O R tree . 

Strengt h adjustmen t  i n O R node s i s straightforward :  Th e 

strengt h o f  th e successfu l  lin k i s increase d wit h a n amoun t 

determine d b y th e particula r  strengthenin g regime n used .  I n 

A N D nodes ,  a  successfu l  subgoa l  i s  strengthene d i n 

proportio n t o it s positio n i n th e sequenc e o f  subgoals .  A 

successfu l  subgoa l  i s  strengthene d mor e i f  i t  succeed s a s th e 

first  lin k selecte d i n th e relevan t  A N D nod e tha n i f  i t 

succeed s as ,  fo r  example ,  th e thir d lin k selected .  Successiv e 

strengt h increment s thu s order s th e link s (subgoals )  i n th e 

A N D node .  I n short ,  th e mode l  learn s bot h t o choos e th e 

appropriat e metho d (i n O R nodes )  an d t o execut e th e chose n 

metho d correctl y (i n A N D nodes) . 

O ne traversa l  o f  th e A N D / O R tre e correspond s t o on e 

trainin g trial .  Ove r  repeate d trials ,  th e lin k strength s 

graduall y chang e an d th e mode l  begin s t o mak e correc t 

decisions .  Eventually ,  th e sequenc e o f  termina l  element s 

generate d matche s th e sequenc e o f  element s i n th e targe t 

performance ,  i.e. ,  th e mode l  perform s th e targe t  tas k 

correctly .  W h e n th e mode l  reliabl y generate s th e targe t 

performance ,  th e tas k ha s bee n mastered . 
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Simulat io n M e t h o d o l o g y 

Our  simulatio n experiment s replicate d th e methodolog y o f 

experimenta l  studie s o f  huma n skil l  practice :  A  se t  o f 

learner s ar e give n a  sequenc e o f  practic e trial s unti l  the y 

reac h a  criterio n o f  mastery .  (Du e t o th e probabilisti c  natur e 

of  th e decisio n algorithm ,  th e behavio r  o f  th e mode l  varie s 

fro m ru n t o run. )  Quantitativ e measure s ar e average d acros s 

learners . 

The simulatio n experiment s reporte d her e use d betwee n 1 0 

and 10 0 simulate d learners ,  dependin g o n ho w man y learner s 

wer e neede d t o obtai n regula r  results .  Th e criterio n o f 

master y wa s thre e consecutiv e error-fre e performance s o f  th e 

targe t  task .  Th e branchin g facto r  o f  th e hierarchica l 

representatio n varie d betwee n thre e an d six ,  an d th e heigh t 

betwee n tw o an d eight . 

The simulatio n result s ar e reported  i n term s o f  tw o 

numerica l  measures .  First ,  effor t  pe r  tria l  measure s tas k 

performanc e i n term s o f  th e numbe r  o f  decision s tha t  th e 

model  ha d t o mak e t o perfor m th e task .  Eac h visi t  t o a  nod e 

count s a s on e decision .  Bot h O R node s an d A N D node s ar e 

counted .  Repeate d visit s t o a  nod e du e t o error-induce d 

backu p ar e counte d a s separat e decisions .  I f  w e assum e tha t 

each decisio n take s time ,  the n effor t  pe r  tria l  shoul d b e 

monotonicall y related  t o solutio n time ,  th e measur e mos t 

ofte n use d i n empirica l  studie s o f  practic e effects . 

Second ,  effor t  t o master y i s compute d b y summin g effor t 

per  tria l  acros s al l  trial s neede d t o reac h th e criterio n o f 

master y fo r  th e targe t  task .  Thi s variabl e measure s ho w 

efficientl y th e syste m learns . 

Cascading Strengthening Regimens 

Intuitio n suggest s tw o opposit e way s t o propagat e strengt h 

increment s i n respons e t o positiv e feedback .  First ,  becaus e 

non-termina l  node s ar e onl y indirectl y relate d t o th e termina l 

nodes (actions )  tha t  generat e th e feedback ,  i t  i s  reasonabl e t o 

adjus t  thei r  strength s wit h a  smalle r  amoun t  tha n tha t  use d 

t o adjus t  th e strengt h o f  th e termina l  node .  Tha t  is ,  a s th e 

strengt h incremen t  i s propagate d upwards ,  i t  become s 

smalle r  an d smaller .  Thi s i s dampene d propagation . 

On th e othe r  hand ,  a  wron g choic e a t  a  nod e hig h i n th e 

tre e ha s mor e devastatin g effect s o n performanc e tha n a 

wron g choic e a t  a  lo w node ,  becaus e al l  node s dominate d b y 

th e nod e a t  whic h th e incorrec t  decisio n i s mad e wil l 

themselve s b e incorrec t  an d a  highe r  nod e dominate s mor e 

nodes tha n a  lowe r  one .  Thi s suggest s tha t  strengt h 

increment s ough t  t o increas e a s the y ar e propagate d upwards . 

Thi s i s amplifie d propagation . 

Ther e seem s t o b e n o a  prior i  rational e fo r  sustaine d 

propagation . 

We implemen t  al l  thre e type s o f  regimen s b y multiplyin g 

th e curren t  strengt h (initiall y  se t  t o 1.0 )  b y unit y plu s a 

strengt h incremen t  (i n thes e simulation s arbitraril y  se t  t o 

0.1) ,  multiplie d b y a  propagatio n paramete r  (pp) ,  whic h 

itsel f  i s  raise d t o th e numbe r  o f  step s i n th e propagatio n 

process .  I f  s ,  i s  th e strengt h o f  lin k X  a t  tim e t  an d X  i s n 

level s abov e a  termina l  nod e tha t  generate s positiv e 

feedback ,  the n th e strengt h o f  X  a t  tim e t+ 1 i s 

s,„=s,*(l+0. 1 •pp") .  (1 ) 

I f  th e paramete r  p p i s smalle r  tha n unity ,  the n th e incremen t 

i s smalle r  an d smalle r  fo r  eac h ste p i n th e propagatio n 

process ,  an d w e hav e dampene d propagation .  I f  p p i s large r 

tha n unity ,  w e hav e amplifie d propagation .  Finally ,  i f  p p i s 

equal  t o unity ,  w e hav e sustaine d propagatio n 

How doe s typ e o f  strengthenin g regime n affec t  th e 

behavio r  o f  th e model ? Figur e 1  show s learnin g curve s fo r 

five  value s o f  th e propagatio n parameter ,  tw o smalle r  tha n 

unit y (0. 3 an d 0.6) ,  unit y an d tw o large r  tha n unit y (1. 2 an d 

1.8) .  Al l  five  curve s ar e roughl y linea r  whe n plotte d wit h 

logarithmi c coordinates ,  i.e. ,  the y approximat e powe r  laws , 

as d o huma n learnin g curve s (Delaney ,  Reder ,  Staszewsk i  & 

Ritter .  1998 ;  Lane ,  1987 ;  Logan ,  1988 ;  Newel l  & 

Rosenbloom ,  1981) .  Fo r  th e sustaine d regime n (p p =  1.0) , 

shown b y th e straigh t  lin e i n Figur e 1 ,  th e r ^  fit  t o a  powe r 

la w i s bette r  tha n 0.99 .  Th e powe r  la w fits  fo r  th e dan^ne d 

propagatio n regimen s ar e .9 3 (p p =  0.3 )  an d .9 8 (p p =  0.6) , 

suggestin g increasin g departur e fro m powe r  la w fit  th e mor e 

sever e th e dampening .  Th e powe r  la w fits  fo r  amplifie d 

propagatio n regimen s ar e .9 6 (p p =  1.2 )  an d .9 5 (p p =  1.8) . 

I n short ,  a  sustaine d propagatio n regime n generate s a  bette r 

fit  t o a  powe r  la w tha n eithe r  a n amplifie d o r  dampene d 

strengthenin g regimen . 

1000 

Si  100 -

y =  349.503X-0-59 7 ^ 2 ̂  0^99 2 

Trial s 

100 

Figur e 1 :  Learnin g curve s fo r  five  differen t  strengthenin g 

regimen s i n a  cascadin g system ,  plotte d wit h logarithmi c 

coordinates .  Th e straigh t  lin e an d th e equatio n show s th e 

power  la w fit  fo r  th e sustaine d regime n (p p =  1.0) . 
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A secon d observatio n i s tha t  th e five  curve s i n Figur e 1 

for m a n orderl y progression ,  wit h gradua l  downwar d 

displacemen t  fo r  increasin g value s o f  th e p p parameter .  Tha t 

is ,  learnin g appear s t o b e becom e mor e efficien t  a s p p 

increases . 

Thi s impressio n i s confirme d i f  w e plo t  learnin g 

efficienc y i n term s o f  tota l  effor t  t o master y a s a  functio n o f 

th e propagatio n parameter ;  se e Figur e 2 .  Th e effor t  t o 

master y turn s ou t  t o b e a  monotonicall y decreasin g functio n 

of  the/?/ )  parameter .  W h e n strengthenin g cascades ,  amplifie d 

propagatio n lead s t o mor e efficien t  learnin g tha n dampene d 

or  sustaine d propagation ,  althoug h th e advantag e ove r 

sustaine d propagatio n quickl y approache s a n asymptot e onc e 

PP> I -
The reaso n fo r  thi s patter n i s tha t  amplifie d propagatio n 

quickl y settle s high-leve l  choices .  Th e mode l  therefor e 

spend s les s tim e explorin g th e wron g par t  o f  th e hierarchy . 

1000000 0 

1000000 -

a 10000 0 

1000 0 

Propagatio n paramete r 

Figure  2: Learning efficiency for cascading propagation. Tree 

siz e wa s 3  (branchin g factor )  b y 6  (height) . 

Distributional Strengthening Regimens 

The model s describe d i n th e previou s sectio n implicitl y 

assume tha t  strengt h adjustment s ar e variable ,  i.e. ,  tha t  eac h 

learnin g even t  ca n ad d a  large r  o r  smalle r  amoun t  o f  strengt h 

t o th e system .  I n particular ,  th e amplifie d regimen s ad d mor e 

strengt h t o th e representatio n tha n th e dampene d regimens . 

The mor e amplifie d th e propagation ,  th e large r  th e amoun t 

of  strengt h tha t  i s adde d t o th e representatio n i n eac h 

learnin g event .  Thi s m a y o r  ma y no t  b e a  plausibl e 

assumptio n fo r  a  physicall y realized  syste m lik e th e huma n 

brai n o r  a n A .  I .  system . 

To mode l  learnin g wit h fixed  strengt h adjustments ,  w e se t 

th e amoun t  o f  strengt h t o b e distribute d i n an y give n 

learnin g even t  t o a  fixed  number .  T o mak e simulation s 

comparable ,  w e mad e th e amoun t  equa l  t o th e amoun t  o f 

strengthenin g distribute d b y th e first  ru n o f  th e cascadin g 

system .  W e distribute d tha t  amoun t  acros s th e relevan t  link s 

i n suc h awa y tha t  th e relation s betwee n th e strengt h 

increment s confor m t o Equatio n 1  an d th e increment s s u m 

t o th e se t  limit . 

Figur e 2  show s learnin g curve s fo r  th e distributiona l 

model .  (Thes e curve s overla p to o m u c h t o b e displaye d i n a 

singl e panel. )  First ,  pane l  (a )  display s th e curv e fo r  p p = 

1.0 .  Th e curv e ha s a  sligh t  S-shap e acros s th e first  5- 8 

trials ,  bu t  th e powe r  la w fit  i s  bette r  tha n .96 . 

100 0 

g.  1 0 0 -

I 

100 

100 0 

D.  1 0 0 -

y =  536 .037x-o^7 7 ^ 2 =  0 .96 7 

y =  354.517X-0-29 4 r ^  =  0 .95 2 

100 

Trial s 

(b) 

Figure 3: Learning curves for distributional regimens. Panel 

(a )  display s th e curv e fo r  a  sustaine d regime n (p p =  1.0) , 

whil e pane l  (b )  display s curve s fo r  dampene d (p p =  0.5 )  an d 

amplifie d (p p =  2.0 )  regimens . 
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Panel  (b )  i n Figur e 3  show s th e learnin g curve s fo r  a 

distributiona l  regime n whe n propagatio n i s dampene d (p p = 

0.5 )  a s wel l  a s amplifie d (j) p =  2.0) .  Th e amplifie d regime n 

produce s a  ver y linea r  curve ,  althoug h th e powe r  la w fit 

(.95 )  i s somewha t  lowe r  tha n tha t  fo r  p p =  1. 0 (0.99 )  du e t o 

th e highe r  variabilit y  o f  point s aroun d th e en d o f  th e curve . 

Thus ,  a n amplifie d regimen t  robustl y generate s powe r  la w 

curves .  Th e curv e fo r  p p =  0. 5 ha s a  sligh t  positiv e 

curvatur e an d it s fit  t o a  powe r  la w i s th e lowes t  o f  al l  th e 

curve s considere d (0.74) . 

As th e aler t  reade r  migh t  hav e noticed ,  th e curve s i n 

Figur e 3  doe s no t  exhibi t  th e sam e successiv e downwar d 

displacemen t  a s th e curve s i n Figur e 1 ,  indicatin g tha t 

learnin g efficienc y i s no t  a  monotoni c functio n o f  th e 

propagatio n paramete r  fo r  distributiona l  regimens . 

Thi s impressio n i s confirme d b y Figur e 4 ,  whic h display s 

effor t  t o master y a s a  functio n o f  th e p p parameter .  Th e 

distributiona l  mode l  exhibit s a  U-shape d pattern .  Dampene d 

propagatio n generat e les s efficien t  learning ,  bu t  s o doe s 

amplifie d propagation .  W h e n strengthenin g i s distributional . 

sustaine d propagatio n lead s t o mor e efficien t  learnin g tha n 

eithe r  amplifie d o r  dampene d propagation .  Tha t  is , 

hierarchica l  learnin g i s mos t  efficien t  whe n th e siz e o f  th e 

strengt h incremen t  doe s no t  chang e a s th e incremen t  i s 

propagate d upward s throug h th e hierarchy . 
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I  10000 0 

i 

; £ 1000 0 
i n 

100 0 

Propagatio n paramete r 

Figure 4: Learning efficiency for distributional regimens. 

Tre e siz e wa s 3  (branchin g factor )  b y 6  (height) . 

The results in Figures 2 and 4 were derived for a 

hierarchica l  structur e wit h a  branchin g facto r  o f  thre e an d a 

heigh t  o f  six .  T o brin g ou t  th e contras t  betwee n cascadin g 

and distributiona l  propagation ,  an d t o bolste r  ou r  mai n 

finding.  Figur e 5  show s a  replicatio n fo r  a  structur e wit h a 

branchin g facto r  o f  tw o an d a  heigh t  o f  eight .  Th e patter n i s 

replicated . 

1000000 0 

B 
o 

Distributiona l 

Cascadin g 
100000 0 

100000 -

U 10000 -

100 0 

Propagatio n paramete r 

Figure 5: Efficiency of hierarchical learning for cascading 

and distributiona l  strengthenin g a s a  functio n o f  propagatio n 

regimen .  Tre e siz e wa s 2  (branchin g factor )  b y 8  (height) . 

Discussion 

Adaptiv e system s ar e hierarchicall y organized .  Th e notio n 

tha t  adaptatio n occur s vi a gradua l  strengthenin g o f  som e 

syste m component s ove r  other s i n respons e t o informatio n 

fro m th e environmen t  i s ubiquitou s throughou t  th e 

cognitiv e sciences .  However ,  i t  i s  no t  obviou s ho w t o 

combin e th e tw o idea s o f  hierarch y an d strengthening .  A 

hierarchica l  structur e pose s th e proble m o f  h o w a  strengt h 

adjustmen t  i s t o b e propagate d throug h th e hierarchy .  I f  a 

termina l  nod e receive s feedback ,  whic h o f  th e non-termina l 

node s i n th e hierarch y shoul d als o hav e thei r  strength s 

adjuste d an d how ? 

I n th e particula r  clas s o f  system s w e explored ,  cascadin g 

systems-i.e. ,  system s tha t  ca n ad d mor e o r  les s strengt h t o 

th e syste m i n eac h learnin g even t  dependin g o n th e 

propagatio n regime n used-produce s powe r  la w learnin g fo r 

amplified ,  dampene d an d invarian t  su-engthenin g regimens , 

althoug h th e powe r  la w fit  lessen s fo r  severel y dampene d 

regimens .  Distributiona l  systems-i.e. ,  system s tha t 

distribut e a  fixed  amoun t  o f  strengt h ove r  th e relevan t  links -

als o produce s powe r  la w learnin g fo r  al l  thre e type s o f 

propagatio n regimens .  Powe r  la w fit  disappear s fo r  severel y 

dampened regimens .  (I n a  maximall y dampene d regimen , 

i.e. ,  a  regime n i n whic h th e strengt h incremen t  i s no t 

propagate d a t  all ,  ther e i s n o learnin g an d henc e n o learnin g 

curve. )  I n short ,  th e shap e o f  th e learnin g curv e i s largel y 

unaffecte d b y th e strengthenin g mechanism . 

I n contrast ,  th e efficienc y o f  learning ,  i.e. ,  th e effor t 

require d t o reac h mastery ,  i s  strongl y affected .  I n a  cascadin g 

system ,  learnin g efficienc y i s greate r  fo r  amplifie d tha n fo r 

sustaine d an d dampene d propagation .  I n a  distributiona l 

system ,  o n th e othe r  hand ,  learnin g i s maximall y efficien t 

fo r  sustaine d propagation . 
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The result s confir m on e conclusio n reache d i n prio r  wor k 

on non-hierarchica l  learning :  That ,  contrar y t o claim s 

sometime s mad e o n it s behal f  (Loga n 1988) ,  th e powe r  la w 

of  learnin g ha s littl e powe r  t o discriminat e betwee n learnin g 

theorie s (Ohlsso n &  Jewett ,  1997ab) .  ( A simila r  conclusio n 

has bee n reache d b y Shrager ,  Hob b &  Huberman ,  1988 ,  o n 

differen t  grounds. ) 

The efficienc y result s wer e unexpecte d an d mor e 

interesting .  The y becom e mor e interestin g stil l  i f  w e assum e 

tha t  human s hav e evolve d t o b e optima l  learners .  Natura l 

selectio n doe s no t  necessaril y  generat e optima l  designs ,  bu t 

i t  doe s s o sometime s an d ou r  capacit y fo r  learnin g i s th e ke y 

ston e o f  ou r  species '  surviva l  strategy .  Hence ,  i t  i s  a t  leas t 

possibl e tha t  w e ar e optima l  learners . 

I n conjunctio n wit h thi s assumption ,  ou r  first  se t  o f 

result s (Figur e 2 )  impl y tha t  i f  th e huma n brai n operate s 

wit h a  cascadin g regimen ,  w e shoul d find  tha t  strengt h 

adjustment s ar e amplifie d a s the y ar e propagated .  O n th e 

othe r  hand ,  i f  th e brai n operate s wit h a  distributiona l 

regimen ,  w e ough t  t o find  tha t  strengt h adjustment s ar e 

propagate d withou t  increasin g o r  decreasin g i n magnitud e 

(Figur e 4) .  Thes e implication s ar e interestin g becaus e 

cognitiv e model s ar e typicall y usin g dampene d propagation . 

To discove r  an d investigat e quantitativ e regularitie s lik e 

th e one s w e repor t  o n thi s paper ,  w e nee d model s tha t  allo w 

us t o mak e comparativ e evaluation s (e.g. ,  betwee n cascadin g 

and distributiona l  models )  an d sensitivit y experiment s 

(Schneider ,  1988 )  i n whic h w e systematicall y var y 

parameter s (e.g. ,  th e propagatio n parameter) .  W e hav e foun d 

abstrac t  compute r  model s t o b e a  bette r  too l  fo r  thi s kin d o f 

exploratio n tha n symboli c model s (Ohlsso n &  Jewett ,  1995 , 

1997ab) ,  a s hav e other s (Cooper ,  Farringto n &  Shallice , 

1996) . 

It  woul d b e prematur e t o mak e stron g claim s fo r  ou r 

conclusions .  Th e presen t  result s nee d t o b e replicate d an d 

generalize d b y varyin g th e decisio n algorithm ,  th e densit y o f 

feedback ,  th e tre e representatio n an d othe r  variables .  Th e 

onl y clai m tha t  w e ca n mak e a t  thi s poin t  i s  tha t  amplifie d 

and sustaine d propagatio n withi n distributiona l 

strengthenin g regimen s deserv e t o b e considere d i n model s o f 

hierarchica l  adaptiv e systems .  Whethe r  thi s messag e wil l 

itsel f  b e amplifie d o r  dampene d a s i t  propagate s throug h th e 

cognitiv e scienc e communit y remain s t o b e seen . 
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