
UC Merced
Proceedings of the Annual Meeting of the Cognitive Science 
Society

Title
Dynamic Reinforcement Driven Error Propagation Networks with Application to Game 
Playing

Permalink
https://escholarship.org/uc/item/4c35p1kp

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 11(0)

Authors
Robinson, Tony
Fallside, Frank

Publication Date
1989
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/4c35p1kp
https://escholarship.org
http://www.cdlib.org/


D y n a m i c R e i n f o r c e m e n t  D r i v e n E r r o r  P r o p a g a t i o n 

N e t w o r k s w i t h A p p l i c a t i o n t o G a m e P l a y i n g 

Tony Robinson and Prank Fallside 

C a m b r i d g e Universit y Engineer in g Departnaent , 

T r u m p i n g t o n Street ,  C a m b r i d g e ,  E n g l a n d . 

(ajr@dsl.eng.cain.ac.uk ) 

ABSTRACT 

Thi s pape r  discusse s th e proble m o f  th e reinforcemen t  drive n learnin g o f  a  respons e t o a 
tim e varyin g sequence .  Th e proble m ha s thre e parts :  th e adaptatio n o f  interna l 
parameter s t o mode l  comple x mappings ;  th e abilit y  o f  th e architectur e t o represen t  tim e 
varyin g input ;  an d th e proble m o f  credi t  assignmen t  wit h unknow n delay s betwee n th e 
input ,  outpu t  an d reinforcemen t  signals .  Th e metho d develope d i n thi s pape r  i s base d o n 
a connectionis t  networ k traine d usin g th e erro r  propagatio n algorith m wit h interna l 
feedback .  Th e networ k i s viewe d bot h a s a  contex t  dependen t  predicto r  o f  th e 
reinforcemen t  signa l  an d a s a  mean s o f  tempora l  credi t  assignment .  Severa l  architecture s 
fo r  thes e network s ar e discusse d an d insigh t  int o th e implementatio n problem s i s gaine d 
by a n applicatio n t o th e gam e o f  nought s an d crosses . 

I N T R O D U C T I ON 

Of the three major types of learning: supervised; reinforcement driven; and unsupervised; it is 

reinforcemen t  drive n learnin g whic h i s mos t  applicabl e t o t o th e formulatio n o f  model s o f 

anima l  behaviou r  an d t o th e desig n o f  'intelligent '  machine s whic h mus t  operat e wit h n o a 

prior i  knowledg e o f  thei r  environment .  Unde r  thi s schem e a  mode l  i s presente d wit h a  tim e 

varyin g inpu t  an d i t  generate s a  tim e varyin g output .  Feedbac k fo r  adaptatio n come s fro m a 

singl e scala r  whic h measure s th e pas t  performanc e o f  th e model .  I n thi s pape r  i s i t  assume d 

tha t  ther e i s a  m a x i m u m frequenc y a t  whic h thes e signal s chang e an d s o th e signal s ma y b e 

sample d a t  a  constan t  rat e withou t  los s o f  information .  I t  i s  als o assume d tha t  th e inpu t  an d 

outpu t  signal s hav e a  fixe d dimensionality ,  an d ca n therefor e b e represente d b y a  sequenc e o f 

vectors .  Thes e ar e conmio n assumption s i n th e fiel d o f  digita l  signa l  processing . 

Connectionist reinforcement driven learning of arbitrary functions has three main prerequisites: 

• The computational power of the model must be sufficient to represent the desired 

mappin g an d a  suitabl e learnin g algorith m mus t  exist .  Model s wit h restricte d 

computationa l  power ,  suc h a s th e linea r  mappin g o f  th e inpu t  spac e t o th e outpu t  space , 

ar e insufficien t  fo r  learnin g comple x tasks .  However ,  th e clas s o f  non-linea r  function s 
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known a s erro r  propagatio n network s o r  multi-laye r  perceptron s [Rumelhar t  e t  a/. ,  198 6 

hav e th e powe r  t o represen t  arbitrar y mappings ,  an d th e parameter s i n thes e model s ma y 

be traine d usin g th e techniqu e o f  gradien t  descent . 

• The model must have the capacity for sequence recognition and generation, and for a 

self-containe d syste m th e storag e mus t  b e provide d internally .  Withi n th e framewor k o f 

erro r  propagatio n network s ther e ar e man y candidates .  Th e firs t  recurren t  erro r 

propagatio n networ k wa s formulate d b y Rumelhart ,  Hinto n an d William s [1986 ]  an d 

employ s ful l  connectio n fro m al l  unit s t o th e nex t  tim e fram e usin g a n externa l  buffe r  t o 

stor e pas t  activation s durin g training .  Partia l  connectivit y an d partia l  feedbac k o f  th e 

erro r  signa l  ha s bee n presente d b y Jorda n [1986 ]  an d Robinso n an d Fallsid e [1987a ]  whic h 

has th e advantag e tha t  n o externa l  buffe r  i s needed .  Ful l  feedbac k o f  th e erro r  signa l 

withou t  a n externa l  buffe r  bu t  wit h considerabl y increase d interna l  storag e ha s bee n 

formulate d b y Robinso n an d Fallsid e [1987a ]  an d implemente d b y William s an d Zipse r 

1988] . 

• Finally, a mechanism is needed for credit assignment, that is which elements of the 

outpu t  vecto r  an d a t  wha t  dela y ar e t o b e assigne d th e credi t  fo r  th e reinforcemen t 

signal .  Sutto n an d Bart o hav e provide d a  mean s fo r  credi t  assignmen t  i n a  singl e nod e 

networ k b y applyin g a  firs t  orde r  filte r  t o th e inpu t  an d definin g th e erro r  signa l  a s th e 

differenc e o f  successiv e output s [Sutto n an d Barto ,  1981 ]  o r  a s th e differenc e o f  successiv e 

prediction s o f  futur e reinforcemen t  [Sutto n an d Barto ,  1987] .  Barto ,  Sutto n an d 

Anderso n [1983 ]  develope d a  tw o nod e networ k wher e th e functio n o f  th e secon d nod e i s 
t o assig n credi t  t o th e outpu t  o f  th e firs t  node .  Sutto n [1984 ]  evaluate s severa l  o f  thes e 

model s fo r  tempora l  credi t  assignment .  I n th e cas e wher e th e reinforcemen t  signa l  i s  a 

comple x functio n o f  th e inpu t  an d outpu t  signa l  a n erro r  propagatio n networ k ma y b e 

use d t o lear n th e require d mapping .  Munr o [1987 ]  an d Jorda n [1988 ]  hav e bot h traine d a 
networ k i n thi s manne r  b y presentin g rando m pair s o f  input s an d outputs . 

Whils t  previou s wor k ha s incorporate d tw o o f  thes e aspects ,  i t  i s  th e ai m o f  thi s pape r  t o 
combin e al l  three .  Th e followin g descriptio n assume s familiarit y wit h erro r  propagatio n 

networks ,  begin s b y describin g feedbac k withi n thes e network s an d proceed s t o th e joinin g o f 

tw o network s s o tha t  the y ma y b e traine d wit h a  reinforcemen t  signal .  T w o architecture s fo r 

thi s typ e o f  networ k ar e given ,  an d on e o f  thes e i s applie d t o th e gam e o f  nought s an d crosses . 

ARCHITECTURES 

There axe many approaches to the architecture and training of error propagation networks with 

feedback .  C o m m on t o al l  o f  thes e i s tha t  thre e distinc t  vector s ca n b e identified :  th e inpu t 

vector ,  u{t) ;  a  stat e vector ,  x{t) ;  an d a n outpu t  vector ,  y{t) .  Th e vector s u{ t  — 1 )  an d x{ t  — I ) 

ar e use d a s inpu t  t o a n erro r  propagatio n ne t  whos e outpu t  i s y{t )  an d x{t) ,  a s i n figure  1 .  I n 

some model s th e stat e vecto r  ha s commo n element s wit h th e outpu t  vecto r  o r  th e vecto r  o f 

hidde n uni t  activations ,  bu t  thi s pape r  wil l  conside r  th e genera l  cas e wher e th e onl y necessar y 

relationshi p i s thoug h th e mappin g mad e b y th e network . 
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Erro r 

Propa g 

atio n 

Figur e 1 :  Th e Dynami c Ne t 

The error propagation network is deliberately shown as a 'black box'. All that is required of 

th e non-linea r  functio n containe d withi n i t  i s  tha t  give n th e partia l  derivativ e o f  th e cos t 

functio n (o r  'energy' )  wit h respec t  t o th e valu e o f  eac h elemen t  o f  th e vector s y{t )  an d x{t) ,  i t 

i s  possibl e t o calculat e th e sam e derivativ e wit h respec t  t o eac h elemen t  o f  th e vector s u{ t  — 1 ) 

aui d x{ t  — 1 )  an d als o wit h respec t  t o ever y paramete r  (o r  'weight' )  withi n th e network .  Whils t 

i t  i s  mos t  c o m m o n t o populat e th e networ k wit h node s whic h comput e a  weighte d su m o f  thei r 

inpu t  vecto r  an d pa^ s thi s throug h a  sigmoida l  non-linearity ,  man y othe r  nod e type s ar e als o 

possibl e [Robinson ,  1989] . 

A reinforcement driven dynamic net can be formed from two such dynamic nets and this 

airchitectur e i s give n i n figur e 2 .  Th e firs t  dynami c ne t  (ne t  Y )  compute s th e overal l  outpu t  o f 

th e syste m fro m th e sequenc e o f  inpu t  vectors .  Thi s ne t  correspond s t o th e 'Associativ e Searc h 

Element '  o f  Sutto n an d Barto .  Afte r  trainin g th e complet e behaviou r  o f  th e networ k i s 

specifie d b y thi s networ k alone .  However ,  durin g trainin g a  secon d dynami c ne t  (ne t  Z )  i s use d 

fo r  credi t  assignmen t  o f  th e reinforcemen t  signal .  Thi s networ k correspond s t o th e 'Adaptiv e 

Criti c  Element '  o f  Sutto n an d Barto .  Th e functio n o f  th e secon d ne t  i s t o comput e th e 

expecte d reinforcemen t  b y modelhn g th e behaviou r  o f  th e environmen t  i n whic h th e firs t  ne t  i s 

place d (includin g o f  cours e th e effec t  o f  th e firs t  ne t  o n th e environment) . 

UnUke the two phase training schemes presented by Munro and Jordan, in this architecture 

bot h network s ar e traine d a t  th e sam e time .  Thi s i s don e b y formulatin g th e proble m i n term s 

of  a  singl e cos t  functio n whic h i s a  hnea r  combinatio n o f  tw o quantities :  th e expecte d square d 

differenc e betwee n th e predice d reinforcemen t  signa l  an d th e observe d reinforcemen t  signal ;  an d 

th e expecte d square d differenc e betwee n th e predice d reinforcemen t  signa l  an d th e desire d 

reinforcemen t  signal .  Thu s th e cos t  functio n i s minimise d i f  th e mode l  ca n accuratel y predic t 

th e reinforcemen t  signal ,  an d tha t  thi s reinforcemen t  signa l  i s  clos e t o th e desire d reinforcemen t 

(assume d t o b e th e 'high '  state) . 
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input(t ) 
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Figur e 2 :  Th e Reinforcemen t  Drive n Dynami c Ne t 

The trainin g ma y b e achieve d i n tw o passe s fo r  eac h inpu t  vector .  I n on e pas s th e predice d 

reinforcemen t  signa l  i s  compare d wit h th e observe d reinforcemen t  signa l  t o calculat e th e 

derivativ e o f  th e cos t  functio n wit h respec t  t o th e observe d reinforcemen t  output .  Thi s 
derivativ e signa l  i s  propagate d bac k throug h ne t  Z  fo r  al l  previou s time s tha t  hav e influenc e o n 

th e observe d reinforcemen t  outpu t  an d th e correspondin g derivativ e o f  th e weight s i n thi s ne t  i s 

calculated .  I n th e othe r  pas s th e predice d reinforcemen t  signa l  i s  compare d wit h th e desire d 

reinforcemen t  signa l  an d thi s signa l  i s  propagate d bac k throug h bot h net s an d th e derivativ e 

wit h respec t  t o th e weight s i n ne t  Y  i s calculated .  A s wit h standar d erro r  propagatio n network s 

th e derivative s ma y b e use d immediatel y t o updat e th e weight s i n a  stochasti c gradien t  descent , 

or  alternativel y th e weight s mayb e change d afte r  ever y pas s throug h th e complet e trainin g set . 

In practice the two nets may be combined to achieve a more compact net, as in figure 3. This is 

desirabl e a s th e back-propagatio n o f  error s i s a  hnea r  proces s an d s o th e tw o erro r  signal s ma y 

be combine d an d propagate d bac k a s a  singl e signal ,  s o reducin g th e computation .  A  simpl e 

exampl e o f  thi s networ k ha s previousl y bee n presente d [Robinso n an d Fallside ,  1987b ]  i n whic h 

th e ne t  receive d a  hig h reinforcemen t  i f  th e outpu t  ha d th e sam e sig n a s th e previou s input , 

otherwis e th e reinforcemen t  wa s low .  Thu s i t  ha s alread y bee n demonstrate d tha t  thes e 

network s ca n mode l  a  uni t  tim e delay . 

A G E N E R AL G A M E P L A Y I N G P R O G R AM 

A subclass of the general net outlined above can be used for game playing, in which case the 

reinforcemen t  signa l  i s  define d onl y a t  th e en d o f  th e game .  Th e techniqu e adopte d her e i s t o 

pla y a  gam e usin g th e networ k o f  figur e 2 ,  storin g th e intermediat e activation s o f  al l  units .  A t 

th e en d o f  th e gam e tw o separat e computation s ar e performed ,  on e t o mak e a  mor e accurat e 
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output(t+l) ) 

reinfor -
cement(t+l j 

input(t ) 

Propag -

output(t ) atio n 

Figur e 3 :  A  Compac t  Reinforcemen t  Drive n Dynami c Ne t 

prediction of the reinforcement signal the end of the game, and the second to bias this signal to 

th e hig h reinforcemen t  state . 

N O U G H TS A N D C R O S S ES 

The game of 'noughts and crosses' or 'tic tac toe' was chosen for several reasons: 

• It is well known and regarded as a 'simple' childrens game. However, it may be classified 

as 'difficult '  whe n judge d b y th e curren t  standar d o f  connectionis t  learnin g procedures . 

• The mapping of a board position onto the optimal next move is a complex non-linear 

functio n requirin g th e learnin g o f  disjoin t  patter n classes . 

• The state of the game is uniquely defined by the board position, so that net Y does not 

need an y stat e units . 

• The board may be represented in relatively few bits. Each of the nine locations may be 

unoccupie d o r  occupie d b y eithe r  a  '0 '  o r  a  'X' .  Thu s a n uppe r  boun d o n th e numbe r  o f 

lega l  state s i s 3 ® =  19683 ,  whic h ca n b e represente d i n 1 5 bits . 

• The game has a short duration as no player may place more than five pieces on the 

board .  Thu s a s fa r  a s assignin g credi t  o r  blam e fo r  th e outcom e o f  th e game ,  th e erro r 

signa l  mus t  b e propagate d bac k throug h a  m a x i m u m o f  five  states . 

The 'opponent' to the net was a simple algorithm that would win by completing a line of two if 

possible ,  otherwis e a  piec e woul d b e place d randomly .  I f  th e ne t  place s piece s randomly ,  a s i s 
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the case before any learning, then the net wins about 30% of the games which are not drawn. 

A suitabl y experience d playe r  woul d neve r  loos e an d onl y occasionall y dra w agains t  thi s 

algorithm . 

IMPLEMENTATION 

Two 3x3 matrices were used to represent the board position. One has each element set high if 

th e correspondin g boar d positio n i s occupied ,  th e othe r  i s use d t o recor d th e owne r  o f  th e piec e 

place d o n th e occupie d site .  Th e outpu t  representatio n wa s anothe r  3x 3 matrix ,  th e lega l  mov e 

wit h th e larges t  valu e i n thi s matri x (afte r  th e additio n o f  nois e a s discusse d later )  wa s take n a s 

th e mov e t o b e made .  N o attemp t  wa s mad e t o tak e advantag e o f  th e symmetr y o f  th e game . 

The machine was trained a 65 processor array of T800 transputers running at about 50 Mflops. 

Fort y game s wer e playe d pe r  processo r  pe r  update ,  s o th e weight s wer e update d o n gradien t 

informatio n collecte d ove r  260 0 games .  Eac h ne t  ha d 14 4 hidde n unit s wit h a  sigmoida l 

activatio n functio n rangin g fro m —1 t o +1 .  Th e targe t  value s fo r  th e output s wer e chose n t o b e 

i n th e linea r  regio n o f  th e activatio n function ,  +0. 1 fo r  positiv e reinforcemen t  an d —0. 1 fo r 

negativ e reinforcement . 

PROBLEMS 

Reinforcement driven learning is a harder task than supervised learning for the simple reason 

tha t  les s informatio n i s provide d abou t  th e desire d output .  Fo r  th e gam e playin g progra m 

presente d her e ther e i s th e additiona l  proble m tha t  change s t o th e weight s chang e th e respons e 

give n t o earl y moves ,  s o th e whol e styl e o f  th e gam e ca n change .  Fo r  example ,  th e initia l  move s 

ar e random ,  s o th e predictio n an d maximisatio n o f  th e reinforcemen t  signa l  i s  carrie d ou t  fo r 

nearl y full y  populate d board s o f  randoml y place d pieces .  However ,  toward s th e en d o f  th e 

learnin g perio d th e gam e lengt h ha s becom e shorte r  an d ther e ar e correspondingl y fewe r  piece s 

on th e board .  Thu s th e predictio n an d maximisatio n function s mus t  relear n fo r  thi s ne w se t  o f 

trainin g data .  Becaus e th e for m o f  th e trainin g se t  i s dependen t  o n th e curren t  performance , 

th e ne t  doe s no t  perfor m a  gradien t  descen t  i n a  singl e functio n throughou t  th e training ,  bu t 

perform s a  gradien t  descen t  i n a  continuall y changin g function .  Thu s ther e i s n o guarante e o f 
convergenc e o r  stability . 

The algorithm used as an opponent to the net employed a random number generator to pick a 

lega l  mov e i f  i t  coul d no t  plac e a  piec e t o wi n th e game .  Thi s randomnes s mean s tha t  som e 

response s woul d b e give n mor e ofte n tha n other s i n a n unpredictabl e wa y an d thi s hinder s th e 

learnin g b y th e introductio n o f  nois e int o th e erro r  signal . 

A strict pick-the-biggest rule to convert the output of the net into a symbolic form was found 

t o lea d t o unstabl e behaviou r  durin g training .  Thi s i s becaus e th e magnitud e o f  th e differenc e 

betwee n th e larges t  an d secon d larges t  elemen t  i s unimportan t  whic h result s i n a  discontinuit y 

i n th e weigh t  space .  Fo r  example ,  a  smal l  differenc e o f  activit y i n a n outpu t  uni t  migh t  chang e 

th e mov e mad e durin g a  game ,  an d chang e th e outcom e o f  th e game .  So ,  fo r  th e sam e reaso n a s 

ste p activatio n function s ca n no t  b e use d withi n a  network ,  a  ste p respons e i n interpretin g th e 
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output must be avoided. A probabilistic representation of the the output vector was used to 

improv e th e stabiHty .  Thi s wa s implemente d b y addin g rando m nois e t o th e outpu t  vecto r 

befor e choosin g th e larges t  element .  Th e nois e wa s generate d b y th e differenc e o f  tw o rando m 

number s wit h rang e 0.1 .  Thu s i f  on e outpu t  wa s mor e tha n 0. 2 abov e al l  th e other s thi s nois e 

has n o effect ,  otherwis e th e nois e result s i n rando m decision s which ,  whe n averaged ,  blu r  ou t 

th e discontinuitie s i n th e weigh t  space .  A n alternativ e deterministi c solutio n t o thi s proble m 

has bee n propose d b y Boothroy d [1989 ,  persona l  communication ]  i n whic h a  connectionis t  ne t 

i s  use d t o war p th e outpu t  spac e close r  t o th e for m expecte d b y th e pick-the-bigges t  rule .  Som e 

preUminar y investigation s hav e bee n reporte d b y Robinso n [Robinson ,  1989] .  I n a  'rea l  world ' 

environment ,  suc h a s tha t  o f  autonomou s robo t  control ,  a n analogu e outpu t  ma y b e 

appropriat e an d thi s woul d avoi d th e problem . 

RESULTS 

The initial performance of the net was to win about 30% of the games played. After playing 

300,00 0 game s thi s figure  improve d t o 59% ,  an d playin g a  furthe r  3,000,00 0 game s produce d n o 

furthe r  improvement .  Whils t  th e performanc e o f  th e ne t  i s lowe r  tha n th e optima l  performance , 

th e ne t  di d lear n sufficientl y t o perfor m bette r  tha n th e opponen t  algorith m whic h i t  playe d 

against . 

CONCLUSION 

This paper has presented a scheme for implementing reinforcement driven learning for arbitrary 

sequence s o f  inpu t  an d outpu t  vectors .  Thre e necessar y condition s hav e bee n identified :  th e 

abilit y  t o mak e arbitrar y mappings ;  th e abilit y  t o stor e contextua l  information ;  an d th e abilit y 

t o d o credi t  assignment .  Thi s approac h ha s use d erro r  propagatio n network s fo r  th e mappings , 

feedbac k o f  stat e informatio n t o provid e contex t  an d a  ne w cos t  functio n t o perfor m credi t 

assignment .  Th e ne w cos t  functio n i s a  Hnea r  su m o f  tha t  require d t o for m a  goo d predicto r  o f 

th e reinforcemen t  signa l  an d tha t  require d t o maximis e th e reinforcemen t  signal . 

A dynamic reinforcement driven error propagation network has been applied to the game of 

nought s an d crosses .  Th e final  performanc e wa s slightl y bette r  tha n th e opponen t  algorith m 

but  lowe r  tha n th e optima l  performance .  Thi s ha s raise d issue s relate d t o changin g 

environmenta l  condition s durin g training ,  statistica l  fluctuations  i n gradien t  descen t  technique s 

and th e interfacin g o f  a  distribute d machin e t o a  symboli c environment . 
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