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

Title
Two Problems With Backpropagation and Other Steepest-Descent Learning Procedures For 
Networks

Permalink
https://escholarship.org/uc/item/2z66t36g

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 8(0)

Author
Sutton, Richard S.

Publication Date
1986
 
Peer reviewed

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

https://escholarship.org/uc/item/2z66t36g
https://escholarship.org
http://www.cdlib.org/


T WO P R O B L E MS W I T H B A C K P R O P A G A T I ON 

A ND O T H E R S T E E P E S T - D E S C E NT L E A R N I N G P R O C E D U R ES F O R N E T W O R KS 

Richard S. Sutton* 

G TE Laboratorie s Incorporate d 

Waltham ,  M A 0225 4 

ABSTRACT 

This article contributes to the theory of network learning procedures by identifying 

and analyzin g tw o problem s wit h th e backpropagatio n procedur e o f  Rumelhart ,  Hinton , 

and William s (1985 )  tha t  ma y slo w it s learning .  Bot h problem s ar e du e t o backpropaga -

tion' s bein g a  gradient -  o r  steepest-descen t  metho d i n th e weigh t  spac e o f  th e network .  Th e 

first  proble m i s tha t  steepes t  descen t  i s a  particularl y poo r  descen t  procedur e fo r  surface s 

containin g ravines—place s whic h curv e mor e sharpl y i n som e direction s tha n others—an d 

suc h ravine s ar e commo n an d pronounce d i n performanc e surface s arisin g fro m networks . 

The secon d proble m i s tha t  steepes t  descen t  result s i n a  hig h leve l  o f  interferenc e betwee n 

learnin g wit h differen t  patterns ,  becaus e thos e unit s tha t  hav e s o fa r  bee n foun d mos t  use -

fu l  ar e als o thos e mos t  likel y t o b e change d t o handl e ne w patterns .  Th e sam e problem s 

probabl y als o aris e wit h th e Boltzman n machin e learnin g procedur e (Ackley ,  Hinto n an d 

Sejnowski ,  1985 )  an d wit h reinforcemen t  learnin g procedure s (Bart o an d Anderson ,  1985) , 

as thes e ar e als o steepest-descen t  procedures .  Finally ,  som e direction s i n whic h t o loo k 

fo r  improvement s t o backpropagatio n base d o n alternativ e descen t  procedure s ar e briefl y 

considered . 

Recent years have seen the development of the first effective learning procedures for 

connectionis t  network s tha t  hav e interio r  o r  "hidden "  unit s no t  directl y associate d wit h in -

pu t  o r  output :  th e Bo l t zman n mach in e learnin g procedur e (Ackley ,  Hinto n an d Sejnowski , 

1985) ,  th e backpropagatio n learnin g procedur e (Rumelhart ,  Hinto n an d Williams ,  1985) , 

an d th e A r - p reinforcemen t  learnin g procedur e (Bart o an d Anderson ,  1985 ;  Williams , 

1986) .  T h e theor y behin d thes e n e w learnin g procedure s i s tha t  o f  gradien t  o r  steepes t 

descen t  i n th e spac e o f  "weights"—th e modifiabl e m e m o r y parameter s weightin g th e ef -

ficac y o f  eac h connectio n o f  th e network .  A t  eac h tim e step ,  a  ste p i s take n i n weigh t 

spac e i n th e directio n i n whic h performanc e improve s mos t  rapidly .  Lettin g J { w )  denot e 

th e performanc e measur e t o b e minimized ,  wher e w  denote s th e vecto r  o f  weights ,  th e 

steepest-descen t  strateg y ca n b e writte n 

Aw = -/>VJ(u;), (1) 

where Aw is the change in the weight vector, p is a positive learning-rate parameter, and 

I  hav e receive d hel p an d idea s contributin g t o thi s articl e fro m a  larg e numbe r  o f  people .  I  wis h 

t o particularl y acknowledg e Stev e Epstein ,  And y Barto ,  Joh n Aspinall ,  Marth a Steenstrup ,  Ro n 

Williams ,  Glen n Iba ,  an d Olive r  Selfridge . 
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the gradient V»7(k;) is the vector of first partial derivatives 

- H = ( ^ , . . . . S ^ ) . 

wher e N  i s th e numbe r  o f  weights .  Mos t  single-uni t  an d single-laye r  learnin g procedure s 

ar e als o steepest-descen t  procedures ,  includin g th e perceptro n (Rosenblatt ,  1962 )  an d th e 

Widrow-Hof T rul e (Widro w an d Hoff ,  1960) . 

Steepest-descen t  procedure s mak e thei r  larges t  change s t o thos e weight s wher e th e 

first  partia l  derivative s ar e greatest .  *  Thi s m a y see m a  goo d strategy ,  bu t  ther e ar e a t 

leas t  tw o reeison s fo r  doin g exactl y th e opposite .  First ,  a  smal l  derivativ e m a y indicat e 

a shallow ,  wide ,  gently-curvin g par t  o f  th e surface ,  wher e larg e step s nee d t o b e made , 

whereci s a  larg e derivativ e m a y indicat e a  ver y stee p an d sharpl y curvin g part ,  wher e th e 

ste p siz e mus t  b e reduce d t o preven t  instability .  Second ,  th e derivativ e ca n onl y b e larg e 

fo r  weight s an d unit s t o th e exten t  tha t  the y affec t  performance .  I t  follow s tha t  thos e 

wit h larg e derivative s wil l  b e thos e tha t  alread y pla y a  rol e i n th e behavio r  o f  th e network , 

fo r  example ,  thos e tha t  hav e alread y forme d feature s o f  us e t o th e res t  o f  th e network . 

W h en th e networ k ha s nee d t o adap t  an d creat e ne w feature s fo r  a  ne w situation ,  i t  shoul d 

do s o whil e minimizin g interferenc e wit h th e existin g usefu l  features ,  meanin g tha t  thes e 

large-derivativ e weight s shoul d b e change d least . 

T h e res t  o f  thi s pape r  elaborate s o n thes e tw o problem s a s the y aris e i n Rumelhar t 

et  al.' s  backpropagatio n learnin g procedure .  W e concentrat e o n backpropagatio n becaus e 

most  result s obtaine d s o fa r  sugges t  tha t  i t  i s significantl y mor e efficien t  tha n th e othe r  net -

wor k learnin g procedure s (Anderson ,  i n prep. ;  Hinton ,  persona l  communication) ,  an d it s 

capabilitie s hav e bee n impressivel y demonstrate d (e.g. ,  Sejnowsk i  an d Rosenburg ,  1986) . 

T h e backpropagatio n procedur e als o illustrate s th e problem s w e wis h t o poin t  ou t  particu -

larl y clearly .  A s steepest-descen t  methods ,  th e othe r  networ k learnin g procedure s ar e als o 

subjec t  t o th e sam e problem s t o variou s degrees . 

Rumelhar t  e t  al.' s  backpropagatio n procedur e i s th e applicatio n o f  steepes t  descen t  t o 

acycli c network s receivin g signe d multi-dimensiona l  error s a s thei r  teachin g signal s (se e 

Figur e 1) .  I n acycli c o r  feedforwar d networks ,  informatio n flows  i n on e directio n only :  i f 

ther e i s a  connectio n fro m uni t  A  t o uni t  B ,  the n ther e ca n b e n o connectio n o r  serie s 

of  connection s fro m B  bac k t o A .  A t  eac h tim e step ,  a  se t  o f  inpu t  unit s tak e o n th e 

value s o f  a n inpu t  pattern ,  activit y i s propagate d throug h interio r  o r  "hidden "  unit s t o a 

set  o f  outpu t  units ,  an d the n th e ne t  i s tol d wha t  eac h outpu t  unit' s  activit y shoul d hav e 

been .  Th e acycli c interconnectio n mean s tha t  th e propagatio n o f  activit y ca n occu r  i n 

on e sweep ,  updatin g th e activit y o f  eac h uni t  onl y afte r  th e activit y o f  al l  it s  input s hav e 

alread y bee n updated . 

Here ,  an d throughout ,  b y greates t  w e mea n greates t  i n th e unsigne d sense ,  tha t  is ,  greates t  i n 
absolut e value . 
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Figur e 1 .  A n acycli c networ k w i t h h idde n 
unit s a n d signed-erro r  teachin g signals . 

I n backpropagation ,  a  squared-erro r  performanc e meaisure ,  s u m m e d ove r  inpu t  pat -

terns ,  i s  typicall y use d fo r  J{w )  .  I n orde r  fo r  it s  gradien t  wit h respec t  t o th e weight s 

t o exist ,  eac h unit' s  outpu t  activit y mus t  b e a  continuously-differentiabl e functio n o f  it s 

inpu t  activity .  Typically ,  eac h inpu t  t o a  uni t  i s  modulate d b y a  separat e weight ,  an d th e 

weighte d s u m o f  al l  inpu t  i s passe d throug h a n S-shape d functio n fro m d t  t o [0 ,  l] .  Fi -

nally ,  th e n a m e "backpropagation "  refer s t o th e wa y informatio n i s propagate d i n a  singl e 

sweep i n th e backwar d direction ,  th e revers e tha t  o f  th e propagatio n o f  activity ,  t o exactl y 

comput e th e gradien t  o f  performanc e o n a  ste p wit h respec t  t o eac h weigh t  i n th e network . 

Thi s i s the n average d o r  s u m m e d ove r  step s t o approximat e VJ(iy )  .  W e wil l  no t  nee d t o 

conside r  th e detail s o f  th e gradien t  computation . 

STEEPEST DESCENT AND RAVINES 

Consider the surface whose contour map is shown in Figure 2a. In region A the surface 

slope s gently ,  wherea s i n regio n B  i t  i s  steep .  T o find  one' s wa y fro m A  throug h B  t o th e 

optimu m i n th e m i n i m u m numbe r  o f  steps ,  on e woul d clearl y wan t  t o mak e large r  step s 

i n A  tha n i n B ;  a ,  flat,  shallo w surfac e suggest s th e opt imu m i s fa r  away ,  an d thu s tha t 

larg e step s b e taken .  I n thi s wa y i t  i s  inherentl y a  par t  o f  th e ide a o f  descen t  tha t  large r 

step s shoul d b e take n wher e th e gradien t  i s smallest .  Equatio n 1 ,  however ,  result s i n th e 

opposite ,  i n a  ste p siz e proportiona l  t o th e siz e o f  th e gradient .  T o acheiv e th e desire d ste p 

size ,  th e learning-rat e paramete r  p  mus t  b e m a d e muc h smalle r  i n large-gradien t  region s 

suc h a s B  tha n i t  i s  i n small-gradien t  region s suc h ei s A  . 

Th e proble m i s mor e seriou s whe n th e gentl e an d stee p slope s occu r  simultaneousl y 

alon g differen t  dimensions ,  a s i n th e surfac e show n i n Figur e 2b .  Suc h places ,  i n whic h th e 
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Figur e 2 . 

surfac e curve s m u c h mor e steepl y i n on e directio n tha n i n another ,  ar e calle d ravines .  A s 

before ,  w e woul d lik e t o tak e larg e step s wher e th e surfac e i s gentl y sloping—here ,  alon g 

th e ravine—an d smal l  step s wher e th e surfac e i s steep—acros s th e ravine .  Als o a s before , 

th e magnitud e o f  th e gradien t  i s jus t  th e opposit e o f  wha t  i s desired ;  i t  i s  larg e acros s 

an d smal l  alon g th e ravine .  Here ,  however ,  w e canno t  solv e th e proble m b y varyin g th e 

learnin g rat e p  ove r  time .  I n effect ,  w e nee d th e learnin g rat e t o b e differen t  i n differen t 

directions .  Sinc e thi s woul d alte r  th e directio n o f  th e step ,  i t  i s  precisel y wha t  i s rule d ou t 

by steepest-descen t  procedures ,  whic h b y definitio n ste p directl y i n th e directio n o f  th e 

gradien t  (i.e. ,  perpendicula r  t o th e contou r  lines ;  se e Figur e 2b) .  I f  th e learnin g rat e i s th e 

same i n al l  directions ,  the n i t  wil l  hav e t o b e smal l  enoug h t o preven t  instabilit y  i n an y 

direction ,  an d thi s mean s tha t  i t  wil l  hav e t o b e m u c h smalle r  tha n optima l  i n almos t  al l 

directions ,  an d learnin g wil l  b e ver y slo w an d inefficient . 

Figur e 3  illustrate s h o w ravine s aris e naturall y fro m th e structur e o f  networks .  Th e 

outpu t  uni t  O  receive s inpu t  fro m thre e hidde n unit s A ,  B  ,  an d C ,  acros s connection s 

wit h weight s o f  ttiy i  =  0.1 ,  w b =  1.0 ,  an d w c =  10.0 .  Th e outpu t  uni t  O  ca n effec t 

performanc e directly ,  th e othe r  thre e unit s onl y throug h affectin g O .  Othe r  thing s bein g 

equal ,  then ,  change s i n C  ' s (input )  weight s wil l  hav e te n time s th e effec t  o n performanc e 

as change s i n B  ' s weights ,  an d 10 0 time s th e effec t  o f  changin g A  ' s weights .  Th e corre -

spondin g ravine s wil l  curv e approximatel y 1 0 an d 10 0 time s faste r  alon g th e dimension s 

of  C  ' s weight s tha n the y wil l  alon g th e dimension s o f  B  ' s an d A  ' s weights .  Thus ,  simpl e 

variation s i n th e magnitud e o f  weight s produc e m a n y dee p ravines ,  eve n mor e s o i n deepe r 

an d mor e layere d networks .  A s th e signal s produce d b y som e unit s ar e foun d t o b e usefu l 
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Figur e 3 .  A  networ k fragment .  N u m b e r s indi -
cat e weigh t  values . 

while those produced by others axe found not to be, such weight variations undoubtedly 

wil l  occur . 

A possibl e savin g grac e i s tha t  ravine s create d i n thi s wa y alway s hav e thei r  principa l 

axe s paralle l  t o th e principa l  dimension s o f  th e spac e (thos e correspondin g t o th e weights) . 

I n tw o dimensions ,  fo r  example ,  suc h ravine s ar e eithe r  horizonta l  o r  vertical .  Diagonally -

oriente d ravine s occu r  onl y i n case s o f  stron g interactio n betwee n th e change s m a d e a t 

differen t  weights .  Fo r  example ,  a  45 °  ravin e woul d mea n performanc e remaine d goo d a s 

lon g et s th e tw o weight s wen t  u p an d dow n together ,  bu t  worsene d quickl y i f  the y steppe d 

i n differen t  directions .  Suc h interaction s certainl y ca n occu r  i n th e problem s w e woul d 

lik e network s t o solve ,  bu t  ar e no t  naturall y create d b y networ k structure s th e wa y th e 

weight-axis-aligne d ravine s are .  Thi s observatio n i s importan t  i n lookin g fo r  solution s 

t o th e ravin e problem ;  a s lon g a s th e ravine s ar e aligne d wit h th e weigh t  axes ,  i t  m a y 

be possibl e t o alte r  o r  eliminat e thei r  effec t  simpl y b y havin g differen t  learnin g rate s fo r 

eac h weight ,  s o tha t  large r  step s ar e mad e alon g som e dimensions ,  perhap s thos e o f  smal l 

derivative ,  tha n alon g others ,  perhap s thos e o f  larg e derivative .  Som e suc h possibilitie s 

ar e briefl y discusse d i n a  late r  section . 

Th e ravin e proble m i s appreciate d b y thos e w h o hav e bee n designin g networ k learnin g 

procedure s (e.g. ,  se e Derthick ,  1984) .  Fo r  example ,  i t  i s  though t  tha t  th e reaso n th e "mo -

mentum"  techniqu e *  (Rumelhar t  e t  al. ,  1985 )  improve s performanc e i s tha t  i t  ameliorate s 

th e ravin e problem .  W h a t  ha s no t  bee n appreciated ,  however ,  i s  tha t  steepes t  descen t 

I n thi s modificatio n t o th e backpropagatio n algorithm ,  th e weight s ar e change d partl y accordin g t o 

th e curren t  gradien t  an d partl y accordin g t o recen t  pas t  gradients ,  givin g weigh t  motion s "momen -

tum "  .  Strictl y speaking ,  thi s i s a  departur e fro m steepes t  descent ,  bu t  th e problem s identifie d her e 

shoul d stil l  b e present .  Th e momentu m techniqu e increase s th e rat e o f  learning ,  bu t  i t  i s  stil l  though t 

t o b e muc h to o slo w (Hinton ,  persona l  communication) . 
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is only one of many descent procedures, and one which is known to be inefficient in the 

presenc e o f  ravine s (e.g. ,  Tsypkin ,  1971 ;  D u d a an d Hart ,  1973 ;  Gil l  e t  al. ,  1981) .  Th e 

prominenc e o f  dee p ravine s i n surface s generate d b y network s suggest s lookin g beyon d 

steepest-descen t  procedures . 

CROSS-PATTERN INTERFERENCE 

Our second problem with steepest-descent network learning procedures has to do with 

ho w the y handl e interferenc e amon g th e variou s pattern s presente d t o th e network .  I f  th e 

networ k develop s a  nic e se t  o f  feature s fo r  classifyin g on e se t  o f  pattern s correctly ,  an d 

the n w e as k i t  i n additio n t o classif y ne w patterns ,  w e woul d lik e i t  t o d o s o wit h minima l 

interferenc e wit h th e feature s crafte d t o classif y th e first  set .  I f  ne w feature s ar e develope d 

t o classif y th e ne w patterns ,  the y shoul d preferentiall y  b e forme d fro m as-yet-unuse d unit s 

rathe r  tha n b y makin g thos e alread y i n us e serv e double-duty . 

Unfortunately ,  th e steepest-descen t  procedur e agai n produce s th e opposit e o f  th e de -

sire d behavior .  I n figure  3 ,  outpu t  uni t  O  ha s learne d t o liste n mos t  strongl y t o uni t 

C;  apparentl y C  ha s forme d a  featur e o f  us e i n solvin g th e problem .  N o w suppos e ne w 

pattern s ar e presented ,  an d ne w feature s ar e needed .  A s discusse d previously ,  C  ' s weight s 

wil l  hav e m u c h large r  derivative s tha n B  ' s an d A's ,  an d s o unde r  steepes t  descen t  the y 

wil l  chajig e m u c h mor e dramatically .  Alternatively ,  onc e C  wa s foun d t o n o longe r  b e 

useful ,  it s  incomin g weight s coul d hav e bee n lef t  unchanged ,  whil e it s outgoin g weigh t 

ont o O  wa s reduced .  Then ,  i f  eve r  th e featur e provide d b y C  wa s agai n needed ,  it s effec t 

coul d quickl y b e resurrecte d rathe r  tha n it s functio n painstakingl y recreated .  Bu t  steep -

est  descen t  doe s no t  d o this .  Steepest-descen t  procedure s preferentiall y  chang e existing , 

already-usefu l  feature s rathe r  tha n mak e ne w one s fro m unuse d units . 

Th e desire d logi c her e i s tha t  o f  generat e an d test :  Respondin g t o curren t  gradient s 

i s th e generatio n process ;  i t  i s  suppose d t o creat e an y neede d ne w features .  Th e tes t 

of  th e featur e provide d b y a  uni t  i s  whethe r  i t  play s a  usefu l  rol e i n th e network ,  whic h 

wil l  b e correlate d wit h it s weight s havin g larg e derivatives .  I n generat e an d tes t  w e mak e 

changes ,  generat e a  variet y o f  alternatives ,  unti l  w e find  somethin g tha t  passe s th e test , 

whic h w e the n kee p an d insulat e i n som e wa y fro m furthe r  changes .  I n steepes t  descent , 

on th e othe r  hand ,  w e mak e greate r  an d greate r  change s t o a  unit' s  weight s th e mor e i t  i s 

foun d t o b e usefu l  an d give n contro l  ove r  networ k output .  Unit s wit h n o effec t  an d zer o 

derivative s coul d experimen t  arbitraril y  withou t  degradin g performance .  Unde r  steepes t 

descent ,  however ,  the y wil l  no t  participat e a t  al l  i n th e attemp t  t o find  goo d ne w feature s 

fo r  ne w situations . 

ALTERNATIVE DESCENT PROCEDURES 

This article does not propose any specific alternatives or improvements to steepest 

descen t  an d backpropagation .  Here ,  however ,  w e mentio n severa l  possibl e direction s i n 
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which to look, and report our experiences with them so far. 

T h e alternativ e t o steepes t  descen t  i s t o stil l  descend ,  bu t  no t  directl y i n th e directio n 

of  th e gradient .  A  convenien t  wa y t o thin k o f  thi s i s a s a  distortio n o f  th e surface :  B y 

stretchin g th e surfac e perpendicula r  t o ravines ,  th e eliptica l  contour s o f  a  ravin e ca n b e 

converte d int o circula r  ones ,  upo n whic h steepes t  descen t  i s  ver y effective .  Suc h a  distortio n 

of  th e spac e i s equivalen t  t o distortin g individua l  step s analogously ,  lengthenin g the m alon g 

ravines ,  shortenin g the m across . 

I n general ,  suc h a  distortio n involve s multiplyin g th e gradien t  time s a. n N  x  N  matrix , 

wher e N  i s th e numbe r  o f  weights .  W e wil l  conside r  thi s impractica l  i n tha t  i t  call s fo r 

ever y weigh t  t o communicat e wit h ever y othe r  weight .  Suc h communicatio n i s unnecessar y 

i f  w e assume ,  a s discusse d earlier ,  tha t  al l  ravine s ar e oriente d paralle l  t o th e weigh t  axes .  I n 

thi s cas e inter-weigh t  communicatio n i s unnecessary ;  instea d o f  a  ful l  m.atri x multiplication , 

eac h weigh t  nee d onl y hav e a n individua l  step-siz e o r  learning-rat e scal e factor .  Belo w w e 

briefl y conside r  thre e diff'eren t  strategie s fo r  settin g individua l  scal e factor s fo r  eac h weight . 

Squared-erro r  performanc e measure s ofte n resul t  i n quadrati c o r  approximately -

quadrati c surfaces .  Fo r  suc h surface s th e directio n an d distanc e o f  th e opt imu m ca n 

be accuratel y estimate d fro m th e loca l  first  an d secon d partia l  derivatives .  Th e classi c 

descen t  procedur e tha t  doe s thi s i s Newton' s method .  *  I t  i s  a  matri x method ,  usin g th e 

invers e o f  th e Hessia n matri x D  o f  secon d partia l  derivatives : 

Aw = -pD~^VJ. 

This method normalizes the first derivative according to how fast it itself is changing; if 

tha t  rat e o f  chang e i s constant ,  an d p  =  1 ,  the n th e metho d bring s th e weigh t  vecto r 

exactl y t o wher e V  J  =  0 ,  i.e. ,  t o th e optimum ,  i n on e step .  On e wa y t o approximat e thi s 

usin g onl y a  singl e scal e facto r  pe r  weigh t  i s simpl y t o assum e al l  non-diagona l  term s o f 

D ar e 0 ,  yieldin g 

dJ /d^ J 
Awi  =  —p 

dwi '  d w f 

a2 
We not e i n passin g tha t  th e secon d partia l  derivativ e | ^  ca n b e compute d b y a  backprop -

agatio n proces s entirel y analogou s t o tha t  propose d b y Rumelhar t  e t  al .  fo r  computin g fo r 

th e first  derivative . 

Newton' s metho d i s a n entirel y analyti c method—base d o n a n exactl y compute d secon d 

derivativ e matrix .  Anothe r  possibilit y  i s  t o measur e empiricall y th e exten t  t o whic h eac h 

weigh t  undergoe s changes ,  an d adjus t  eac h weight' s scal e facto r  s o tha t  al l  weight s chang e 

by th e sam e amount .  Thi s woul d preven t  unit s wit h smal l  outgoin g connection s fro m 

Newton' s metho d wa s originall y devise d t o find  th e zero s o f  a  function .  A s a  descen t  procedur e i t  i s 
used t o find  th e zero s o f  th e derivativ e o f  a  function ,  an d thereb y th e function' s extrema . 
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making only tiny changes and thus being wasted, and would prevent highly useful units 

fro m undergoin g excessivel y larg e change s becaus e o f  thei r  larg e derivatives . 

Finally ,  othe r  empirica l  method s ca n b e take n fro m th e literatur e o n acceleratio n 

of  convergenc e o f  stochasti c approximatio n method s (e.g. ,  Kesten ,  1958 ;  se e Fu ,  1968 ; 

Tsypkin ,  1971 ,  p .  59) .  Fo r  example ,  Kesten' s metho d i s base d o n change s i n th e sig n 

of  th e individua l  steps ,  i n thi s cas e o f  th e A w i ;  i f  th e sig n o f  th e ste p keep s changing , 

oscillatio n i s suggested ,  an d th e metho d reduce s th e ste p size .  Similarly ,  repeate d step s o f 

th e sam e sig n sugges t  tha t  th e ste p siz e shoul d b e increased ,  bu t  littl e wor k ha s bee n don e 

pursuin g thi s hal f  o f  th e idea .  O n e particularl y interestin g possibilit y  i s  tha t  o f  usin g th e 

steepest-descen t  concep t  a t  a  secon d "meta "  leve l  t o deriv e procedure s fo r  alterin g eac h 

weight' s learnin g rat e (a s i n Bart o an d Sutton ,  1981 ,  Appendi x C ) . 

CONCLUSION 

Modern network learning procedures such as backpropagation are a significant ada-

vanc e ove r  previou s connectionis t  learnin g techniques .  Thi s wor k i s particularl y excitin g 

becaus e th e learnin g procedure s ca n b e directl y relate d t o thei r  basi s i n th e theorie s o f 

stochasti c approximatio n an d gradien t  descent .  Th e inten t  i n thi s articl e ha s bee n t o en -

courag e th e widenin g o f  th e scop e o f  thi s advance .  Gradien t  o r  steepes t  descen t  i s  on e o f  th e 

simples t  descen t  procedures ,  bu t  i t  i s  neithe r  th e onl y no r  th e bes t  one .  I t  i s  undul y slo w i n 

th e presenc e o f  ravines ,  whic h appea r  ubiquitou s i n th e networ k domain ,  an d i t  encourage s 

th e destructio n o f  previousl y usefu l  feature s upo n tas k switches .  M u c h i s alread y know n 

abou t  th e problem s o f  steepes t  descen t  an d variou s alternative s t o i t  i n a  genera l  setting . 

Jus t  a s steepest-descen t  theor y ha s bee n successfull y carrie d ove r  t o th e networ k domai n 

t o produc e backpropagatio n an d th e othe r  ne w networ k learnin g algorithms ,  perhap s thi s 

othe r  knowledg e ca n b e carrie d ove r  t o significantl y improv e th e spee d wit h whic h the y 

learn . 
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