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Abstrac t 
The learnin g rat e an d convergenc e o f  connectionis t 
learnin g algorithm s ar e ofte n dependen t  o n thei r 
parameters .  Mos t  algorithms ,  i f  thei r  parameter s hav e 
bee n optimize d a t  all ,  hav e bee n optimize d b y hand . 
Thi s lead s t o absolut e an d relativ e performanc e 
problems .  I n absolut e terms ,  researcher s ma y no t  b e 
gettin g optima ]  performanc e fro m thei r  networks .  I n 
relativ e terms ,  comparison s o f  unoptimize d o r  han d 
optimize d algorithm s m a y no t  b e fair .  (Sometime s 
eve n on e i s optimize d an d th e othe r  not. )  Thi s pape r 
report s dat a suggestin g tha t  comparison s don e i n thi s 
manner  ar e suspect .  A n exampl e algorith m i s 
presente d tha t  finds  bette r  paramete r  set s mor e quickl y 
and fairly .  Us e o f  thi s algorith m (o r  simila r 
techniques )  woul d improv e performanc e i n absolut e 
terms ,  provid e fai r  comparison s betwee n algorithms , 
and encourag e th e inclusio n o f  paramete r  se t  behavio r 
i n algorithmi c comparisons . 

Keywords: Connectionist learning algorithms' 
parameters ,  Geneti c algorithms .  Comparativ e 
cognitiv e modeling ,  Learnin g algorith m optimization . 

Connectionist networks have been used as a cognitive 
modelin g an d machin e learnin g algorith m i n numerou s 
ways (fo r  a  plethor a o f  example s se e Rumelhart , 
McClellan d an d th e P D P Researc h Grou p (1986 )  o r  an y o f 
th e Proceeding s o f  Cognitiv e Science ,  A A A I  o r  U C N N ) . 
Work wit h connectionis t  learnin g algorithm s suc h a s back -
pro p (Rumelhart ,  Hinton ,  &  William s 1986) ,  Boltzman n 
learnin g (Ackley ,  Hinton ,  &  Sejnowsk i  1985) ,  th e mea n 
fiel d theore m (Peterso n &  Hartma n 1989) ,  an d eve n 
geneti c algorithm s (Montan a &  Davi s 1987 )  hav e restricte d 
themselve s t o optimizin g connectio n weight s (o r 
additionally ,  th e numbe r  o f  hidde n nodes )  withi n a  give n 
network ,  leavin g certai n crucia l  parameter s o f  thes e 
algorithms ,  suc h a s learnin g rate ,  t o b e se t  b y th e user . 
Thes e parameters ,  unlik e th e weights ,  ar e no t  optimize d 
automatically ,  ye t  optima l  performanc e depend s o n the m 
(Kole n &  Pollac k 1990 ,  McClellan d &  Rumelhar t  1988) . 
Findin g fas t  ye t  saf e value s fo r  thes e parameter s represent s 
an importan t  bu t  ofte n neglecte d researc h area .  Th e 

parameter s ar e als o theoreticall y importan t  becaus e 
conclusion s abou t  th e algorithm s an d ̂ e model s usin g 
the m ar e ofte n base d o n h o w quickl y th e model s lear n an d 
i f  the y converg e (e.g. ,  Hinto n &  Shallic e 1989 ,  Smal l 
1990) . 

Researcher s currentl y attemp t  t o understan d an d 
improv e thei r  network s b y tunin g thes e parameter s b y 
hand .  Sometime s thi s wor k i s  reporte d i n th e literatur e 
(e.g. ,  Fahlma n 1988) ,  an d attempt s ar e mad e t o teac h i t 
(McClellan d &  Rumelhar t  1988) .  Whil e a  certai n 
understandin g come s fro m observin g network s a s the y 
work ,  usin g researcher s t o d o thi s exclusivel y wil l  pa y a n 
inherentl y larg e cos t  an d suffe r  fro m th e know n pitfall s o f 
human thinking ,  suc h a s functiona l  fixedness,  limite d 
memory,  an d slips . 

Comparison s o f  differen t  algorithm s m a y optimiz e th e 
paramete r  se t  b y han d fo r  eac h algorith m (Fahlma n 1988 ) 
or  ma y optimiz e on e b y han d an d us e th e defaul t  value s fo r 
th e othe r  (Montan a &  Davi s 1989) .  A t  best ,  thes e 
comparison s ar e comparin g h o w wel l  eac h reportin g 
researche r  ca n optimiz e eac h Jilgorithm .  Thi s i s  usefu l 
informatio n abou t  th e algorithms '  eas e o f  use ,  bu t  doe s no t 
necessaril y  indicat e whic h algorith m learn s faste r  o r  better . 
Ther e i s  littl e reaso n t o believ e tha t  mos t  eilgorith m 
researcher s o r  user s ar e finding  o r  usin g th e bes t 
parameters ;  th e brie f  evidenc e reporte d belo w suggest s tha t 
thi s i s no t  th e cas e i n practice .  (Fo r  a n excellen t  counter -
example ,  se e Belew ,  M c l n e m e y &  Schraudolp h 1990 . 
Whil e the y don' t  argu e th e sam e theoretica l  position ,  thei r 
result s ar e consonan t  wit h th e wor k reporte d here. ) 

Alternatively, researchers may just report the results for 
a variet y o f  paramete r  setting s an d le t  th e reade r  judg e fo r 
themselve s paramete r  sensitivit y an d optimality .  Kruschk e 
& Movella n (1991 )  d o this ,  an d th e result s ar e compellin g 
becaus e th e algorithm s ar e variant s o f  eac h othe r  an d 
technicall y speaking ,  on e dominate s th e other .  I n genera l 
however ,  thi s approac h break s d o w n fro m th e 
combinatoria l  explosio n o f  possibl e paramete r  set s whe n 
additiona l  parameter s an d value s ar e considered . 

I t  shoul d no t  b e initiedl y surprisin g tha t  connectionis t 
network s ar e stil l  optimize d b y hand .  Th e algorithm s tha t 
connectionis t  network s exploi t  an d tha t  thei r  designer s ar e 
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Afte r  randoml y creatin g a n initia l  generatio n o f  3 0 

members ,  Mendel-D P compute d thei r  fitness  a s th e numbe r 

of  epoch s neede d t o lear n th e X O R logi c functio n o r  th e 
artificia l  gramma r  t o a  stoppin g criterio n (ecrit )  o f  0. 1 TSS . 
Th e m a x i m u m numbe r  o f  epoch s allowe d wa s 400 . 
Networ k run s tha t  hadn' t  learne d b y 40 0 epoch s wer e 
assigne d 40 0 a s a  fitness  measure .  I n thi s algorithm ,  lowe r 
number s represente d bette r  fitness.  Afte r  th e bes t  genotyp e 
was reported ,  th e nex t  generatio n wa s create d fro m th e 
members o f  th e curren t  generation .  Thi s cycl e o f  creatio n 
and evaluatio n wa s carrie d ou t  fo r  1 5 generations .  Th e 
propose d bes t  solution s fro m eac h o f  th e subject s an d fro m 
eac h ru n o f  Mendel-D P wer e the n average d ove r  15 0 trial s 
fo r  comparison . 

T h e geneti c operator s used .  Th e bes t  2 0 % o f  th e 
genotype s wer e directl y copie d (survived )  int o th e nex t 
generaition .  Th e remainin g 8 0 % wer e create d b y breedin g 
wit h 4  operators .  O f  th e fou r  operator s use d t o creat e n e w 
genotypes ,  tw o o f  these ,  cross-ove r  an d mutation ,  ca n b e 
considere d traditiona l  (Hollan d 1975) ,  an d two ,  creep-valu e 
and average ,  ar e relativel y nove l  (Davi s &  Ritte r  1987) . 
Cross-ove r  selecte d tw o parent s (a s describe d below )  an d 
fo r  eac h paramete r  i n th e child ,  a  valu e wa s randoml y 
chose n fro m th e tw o parents .  Mutatio n randoml y change d 
a paramete r  valu e i n a  genotyp e (choosin g linearl y i n it s 
range )  an d pu t  th e modifie d versio n int o th e nex t 
generation .  Creep-valu e modifie d a n interva l  paramete r  i n 
a cop y o f  th e parent ,  creepin g u p o r  d o w n 5% .  Averag e 
average d th e interva l  paramete r  value s fro m tw o parent s t o 
creat e a  child ,  an d copie d th e categorica l  value s fro m on e 
of  them . 

Th e probabilit y  o f  applyin g eac h operato r  wa s adjuste d 
by a  se t  amoun t  eac h generation .  Th e initia l  an d final 
value s (an d thu s als o th e chang e eac h generation )  fo r  eac h 
operato r  wer e copie d wit h sligh t  modification ,  fro m a 
simila r  geneti c algorith m (Davi s &  Ritte r  1987) .  Th e tota l 
probabilit y  o f  a n operato r  applyin g wa s normalize d t o on e 
by appropriatel y settin g th e probabilit y  o f  a  pass-throug h 
operato r  tha t  merel y copie d a  selecte d paren t  int o th e nex t 
generation .  Cross-ove r  starte d a t  . 3 an d wa s adjuste d t o .1 ; 
mutat e starte d a s . 1 an d wa s adjuste d dow n t o .01 ;  creep -
valu e starte d a t  .0 1 an d wa s increase d t o .1 ;  averag e starte d 
at  .3 ,  an d wa s adjuste d d o w n t o .1 ;  pass-through ,  wliic h 
normalize d th e probability ,  increase d fro m .2 9 t o a  final 
valu e o f  .69 . 

Paren t  selection .  Afte r  a n unifor m rando m selectio n fro m 
th e 3 0 member  genotyp e pool ,  eac h potentia l  paren t  wa s 
probabilisticall y selecte d a s a  paren t  base d o n thei r  fitness 
compare d t o th e bes t  i n thei r  generatio n accordin g t o th e 
followin g formula : 

P(genotypejj)=min-fitnessQgjj./Fitness(genotypejj ) 

For example, if selected, the best genotype in a generation 
woul d b e automaticall y use d i f  selecte d (P(best )  =  min/mi n 

= 1) ;  poo r  genotype s wit h fitness  o f  40 0 migh t  hav e a 
80/40 0 o r  1/ 5 chanc e o f  becomin g a  paren t  onc e selected . 

Extension s t o geneti c algorithm s t o handl e noise .  Eac h 
tim e B P runs ,  i t  initialize s th e networ k wit h a  differen t  se t 
of  rando m weights .  Thi s cause s th e learnin g rat e t o var y 
wildly .  Mendel-D P use d tw o approache s t o decreas e th e 
effec t  o f  thi s nois e o n it s fitness  evaluation :  1 )  Fitnes s wa s 
compute d a s th e averag e acros s te n networ k runs .  2 ) 
Fitnes s wa s save d an d average d acros s generation s fo r 
genotype s tha t  survived ,  furthe r  smoothin g th e effec t  o f  a n 
individua l  evaluation . 

Comparison of the Results 

Table 1 shows the mean fitness values for the various 
paramete r  sets .  Th e to p hal f  o f  th e tabl e show s th e 
panmiete r  set s fo r  X O R an d th e botto m half ,  th e gramma r 
learnin g network .  Th e result s fo r  th e defaul t  value s come s 
first,  the n th e subjects '  results ,  an d the n th e result s fro m 
Mendel -DP ,  ou r  exampl e automati c paramete r  se t 
optimizer .  Interestingly ,  th e result s particularl y surprise d 
th e gramma r  learnin g researche r  i n severa l  ways :  h e 
believe d tha t  hi s parameter s wer e optima l  an d tha t  the y 
gav e hi m learnin g i n approximatel y 30 0 epochs . 

The XOR network did not converge with the default 
values .  Fo r  thi s proble m the y ar e inappropriate ,  an d thi s i s 
eve n wel l  know n (McClellan d &  Rumelhar t  1988) .  O n th e 
grammar  learnin g networ k the y di d bette r  tha n th e 
researche r  (bu t  no t  reliabl y better ,  t(149)=1.69 ,  p > .05) . 

The paramete r  set s foun d b y Mendel-D P lea d t o faste r 
learnin g tha n th e defaul t  se t  o r  thos e produce d b y hand . 
For  bot h problems ,  thi s improvemen t  wa s reliabl e (i n al l 
case s t(149 )  > = 3.3 ,  p<.005) ,  an d thes e difference s wer e 
als o larg e enoug h t o b e important ,  betwee n 3 0 % an d a n 
orde r  o f  magnitud e faste r  learning .  Th e lowe r  standar d 
deviatio n fo r  th e gramma r  learnin g tas k als o indicate s tha t 
th e learnin g wa s vastl y mor e reliable . 

Not only did Mendel-DP produce a better parameter set, 
i t  too k les s time .  Eve n o n th e gramma r  learnin g network , 
Mendel-D P runnin g overnigh t  too k les s tota l  tim e tha n th e 
researche r  did .  Th e incrementa l  cos t  o f  modifyin g Mendel -
DP t o optimiz e anothe r  paramete r  o r  t o optimiz e anothe r 
networ k i s quit e small :  les s tha n a n hou r  wa s neede d t o 
exten d i t  fro m X O R t o th e gramma r  task . 

Robustnes s o f  results .  Althoug h Mendel-D P i s itsel f  a 
stochasti c algorithms ,  th e result s reporte d her e shoul d b e 
robust .  Geneti c algorithm s ar e no t  sensitiv e t o thei r  o w n 
parameter s (D e Jon g 1985 )  i n th e sam e wa y connectionis t 
algorithm s are .  Th e selectio n o f  parameter s fo r  Mendel-D P 
shoul d hav e littl e influenc e o n it s practica l  (findin g goo d 
paramete r  sets )  o r  theoretica l  result s (findin g fai r  paramete r 
sets) .  O n th e othe r  hand ,  a  mor e complet e analysi s o f  thi s 
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most  familia r  wit h d o no t  len d themselve s t o sel f 
optimization .  Thes e algorithm s depen d o n th e filrios s 
functio n bein g loca l  an d inexpensiv e t o compute . 
Evaluatin g paramete r  set s ar e neither .  W h e n th e optimize d 
functio n become s expensiv e t o compute ,  thes e algorithm s 
do no t  optimiz e efficiently ,  an d th e use r  communit y 
rightfull y drop s the m fo r  othe r  method s suc h a s huma n 
implemente d heuristi c search .  Suc h i s th e curren t  plac e o f 
th e Boltzman n machine :  i t  require s to o muc h tim e t o 
comput e t o b e currentl y considere d a  viabl e architecture . 

Automatic Computation of Parameter Sets 

Let us consider a possible algorithm to optimize parameter 
sets ,  withou t  commen t  o n whethe r  i t  i s  th e bes t  possible , 
jus t  tha t  i t  wil l  serv e a s a n exampl e (fo r  semi-automati c 
method s se e Nowla n (1991)) .  Optimizin g function s tha t 
ar e expensiv e t o compute ,  suc h a s th e evaluatio n o f 
networ k parameters ,  ar e th e natura l  domai n o f  geneti c 
algorithm s (Goldber g 1989 ,  Hollan d 1975) ,  a  famil y o f 
algorithm s loosel y base d o n Darwinia n evolution .  The y 
optimiz e function s withou t  assumin g tha t  th e searc h spac e 
wil l  b e linear .  The y star t  wit h a  populatio n o f  template s fo r 
possibl e solution s (analogou s t o set s o f  chromosomes) ,  an d 
evaluat e the m t o determin e h o w wel l  the y perfor m 
(fitness) .  Afte r  th e fitness  value s ar e computed ,  a  ne w 
populatio n i s created .  A  variet y o f  method s hav e bee n use d 
t o creat e th e nex t  generation ,  bu t  i n eac h cas e th e 
underlyin g principl e ha s bee n t o includin g copie s o f  th e 
chromosome s proportiona l  t o thei r  fitness,  an d a t  eac h 
generatio n t o creat e n e w combination s b y combinin g tw o 
parents '  chromosomes .  A n d the n repeatin g th e cycl e o f 
evaluatio n an d creation . 

In the genetic algorithm presented here, Mendel-DP, the 
chromosome s ar e set s o f  paramete r  value s tha t  initializ e a 
network ,  settin g learnin g rate ,  learnin g grai n size ,  an d s o 
on.  Th e fitness  measur e optimize d wil l  b e h o w quickl y th e 
networ k learns .  I n general ,  thi s coul d b e an y measur e o f 
performanc e o r  fitness,  includin g h o w safel y th e networ k 
perform s (e.g. ,  misclassificatio n measure s favore d b y 
Nowla n (1991) )  o r  h o w man y hidde n node s wer e used . 
Thes e nee d no t  b e combine d int o a  singl e measure ,  bu t 
coul d b e optimize d a s a  vecto r  (Schaffe r  1985) . 

I n orde r  t o find  ou t  h o w wel l  peopl e ca n tun e paramete r 
sets ,  severa l  subject s optimize d th e paramete r  set s fo r  tw o 
networks .  Thei r  paramete r  sets ,  alon g wit h th e defaul t  se t 
supplie d wit h th e algorith m an d th e paramete r  set s 
produce d b y Mendel-DP ,  wer e evaluate d b y averagin g ove r 
multipl e run s o f  th e network s wit h eac h o f  them .  I n 
additio n t o th e ubiquitou s X O R ,  t o balanc e it s simplicit y 
we als o compare d h o w wel l  a n artificia l  gramma r  learnin g 
networ k learne d wit h it s defaul t  parauneters ,  thos e foun d 
and use d b y a n activ e researcher ,  an d thos e foun d b y 
Mendel-DP . 

T h e Ne two rk s a n d Subject s 

The problems. There were two networks used. The first 
was th e classi c tw o hidde n nod e X O R networ k provide d a s 

a trainin g proble m (McClellan d &  Rumelhar t  1988) ,  th e 
secon d wa s a n artificia l  gramma r  learnin g networ k wit h 9 
inpu t  nodes ,  6  hidde n nodes ,  an d 3  outpu t  nodes .  Bot h 
network s learne d throug h th e back-propagatio n (BP ) 
algorith m (Rumelhart ,  Hinto n &  William s 1986 )  provide d 
as par t  o f  McClellan d &  Rumelhart' s (1988 )  boo k o f 
examples . 

The subjects and the parameters they modified. The 
subject s optimizin g th e X O R networ k (student s i n a 
graduat e leve l  P D P modelin g cours e a t  C M U )  wer e 
allowe d t o var y an y paramete r  t o an y value .  Whil e the y 
di d no t  modif y al l  parameters ,  the y di d modif y bot h 
interva l  (e.g. ,  learnin g rate )  an d categorica l  (e.g. ,  trainin g 
regime )  parameters .  Th e activ e researche r  quit e naturall y 
manipulate d a  superse t  o f  thes e p)arameters .  Th e complet e 
list s ar e displaye d a s th e colum n heading s i n Tabl e 1 . 

In order to create a stronger comparison, Mendel-DP 
onl y manipulate d th e parameter s tha t  th e correspondin g 
subject(s )  did . 

T h e parameter s varied .  Intentionall y broa d limit s wer e 
impwse d o n th e automati c searc h performe d b y Mendel-D P 
fo r  th e parameter s use d b y th e subjects .  Learnin g rate , 
whic h determine s h o w m u c h eac h trainin g sessio n 
influence s th e nod e weights ,  wa s allowe d t o var y betwee n 
0.0 5 an d 12 .  Learnin g grai n siz e represent s h o w man y 
pattern s ar e presente d i n eac h B P trainin g cycl e o f 
presentatio n o f  patterns ,  erro r  accumulation ,  an d the n 
weigh t  adjustment .  Thi s paramete r  specifie s tha t  eithe r 
weigh t  update s occu r  afte r  ever y singl e pat ter n 
presentatio n o r  afte r  ever y epoc h (presentatio n o f  al l  inpu t 
patterns) .  Th e trainin g regim e paramete r  specifie d th e 
orde r  o f  patter n presentation .  Pattern s coul d b e presente d 
i n th e sam e sequentia l  orde r  eac h epoc h (strain )  o r  i n a 
permute d orde r  (ptrain) .  A s indicate d i n Tabl e 1 ,  a  slightl y 
differen t  se t  o f  parameter s wer e varie d fo r  th e gramma r 
learnin g network .  Th e remainde r  o f  th e parameter s wer e 
set  t o th e default s provide d wit h th e B P progra m 
(McClellan d &  Rumelhar t  1988) . 

The optimizing algorithm. 

The genetic algorithm, Mendel-DP, optimized networks 
throug h selectiv e breedin g o f  paramete r  sets .  Th e detaile d 
descriptio n provide d belo w i s fo r  applicatio n an d 
explanatio n purposes ;  geneti c algorithm s ar e no t 
particularl y sensitiv e t o thei r  o w n parameter s (D e Jon g 
1985) ,  s o thi s leve l  o f  descriptio n shoul d no t  b e necessar y 
fo r  th e replicatio n o f  thes e result s o r  t o suppor t  an y o f  th e 
theoretica l  arguments . 

T h e basi c algorithm .  Eac h genotype ,  o r  evaluate d object , 
was a  se t  o f  value s fo r  th e parameter s describe d above . 

879 



Tabl e 1  Averag e epoch s t o lea m (fitness )  fo r  generate d paramete r  set s (N=150 ) 

Al l  othe r  parameter s lef t  a t  defaul t  values . 

A) XORTask 

Sourc e 

BP Default s 

Subjec t  A 
Subjec t  B 

Mendel-D P 

Epoch s 
t o lea m 

400 
222 
179 

130 

SD 

0 
175 
125 

131 

Leamin g 
Rat e 

0.0 5 

8. 0 
1. 0 

4. 6 

Leamin g 
Grai n 

Patter n 

Epoch 
Patter n 

Etxjc h 

Trainin g 
Refiim e 

Strai n 

Strai n 
Ptrai n 

Strai n 

B)  Grammar  Learnin g Tas k 

Sourc e 

BP Default s 

Researche r 

Mendel-D P 

Epoch s 
t o lea m 

147 
170 
12 

SD 

19 
165 
4 

Leamin g 
Rat e 

0.0 5 

0.1 5 

6.3 3 

Leamin g 
Grai n 

Patter n 

Patter n 

Patte m 

Trainin g 
Regime 

Strai n 

Strai n 

Strai n 

Wrange 

1. 0 
2. 0 
1. 0 

Momentum 

.9 0 

.6 5 

.6 7 

new techniqu e o n a  practica l  leve l  woul d requir e th e abilit y 
t o characteriz e ho w lon g Mendel-D P mus t  b e ru n t o 
optimiz e a  particula r  network .  Thes e difference s ma y b e 
smal l  becaus e findin g networ k parameter s ma y b e les s 
difficul t  tha n solvin g th e networ k itself .  Thi s ma y remai n 
an empirica l  rathe r  tha n theoretica l  questio n becaus e w e ar e 
examinin g expecte d rathe r  tha n wors t  cas e behavior .  Thes e 
result s wil l  als o depen d o n th e choic e o f  ho w t o penaliz e 
network s tha t  ge t  stuc k i n loca l  min i  mums. 

Non-norma l  distributio n o f  learnin g times .  Ther e i s on e 
othe r  regularit y i n th e dat a wort h noting .  I t  i s  th e larg e 
standar d deviation s i n th e leamin g rates ,  whic h ar e a s larg e 
as thei r  mea n value s an d significantl y skewed .  Fo r 
example ,  th e distributio n o f  leamin g time s fo r  th e first 
entr y i n th e tabl e ha d a  skewnes s measur e o f  1.7 5 
(value/SE=8.75 ,  p<.001) ,  indicatin g a  highl y non-norma l 
distribution .  Highl y skewe d distribution s decreas e th e 
sensitivit y o f  significanc e test s (Mostelle r  &  Tuke y 1977 ) 
and presumabl y o f  geneti c algorithms .  Futur e wor k 
comparin g parameter s o r  networ k performanc e shoul d us e 
transforme d data ,  whic h wil l  improv e th e abilit y  t o discer n 
rehabl e differences .  Th e evaluatio n o f  Mendel-DP' s resuU s 
shoul d b e interprete d wit h thi s fac t  i n mind .  Ther e ma y 
exis t  significan t  difference s betwee n paramete r  set s tha t 
standar d statistica l  test s o n untransforme d dat a wil l  no t 
find,  an d th e seemingl y larg e sampl e size s ma y no t  b e larg e 
enoug h t o find  optimu m value s fo r  mino r  parameters . 

Conclusions 

Having a computer do our work faster and better, isn't this 
what  w e al l  hav e dreame d of ? W e sa w abov e tha t 

paramete r  set s derive d b y han d wer e sometime s bette r  tha n 
th e default s provide d b y th e algorithm' s author s an d 
sometime s worse .  Bu t  i n al l  case s the y wer e inferio r  t o 
thos e derive d wit h th e ne w metho d presente d here . 
Researcher s coul d us e system s lik e Mendel-D P t o find 
bette r  paramete r  set s tha n the y coul d o n thei r  own ,  i n a 
fractio n o f  th e time .  I f  Mendel-D P onl y encourage s furthe r 
exploration s i n automate d algorith m evaluation ,  i t  shoul d 
be considere d a  success .  However ,  i t  goe s beyon d this . 

I n additio n t o promisin g t o provid e bette r  paramete r  set s 
tha n thos e foun d b y hand ,  Mendel-D P an d th e dat a i t 
provide s mak e severa l  suggestion s fo r  connectionis t 
research .  Th e proble m o f  evaluatin g leamin g algorithm s 
becaus e o f  differen t  compariso n criteri a ha s bee n note d 
befor e (Fahlma n 1988 ,  Kmschk e &  Movella n 1991) ,  bu t 
th e proble m o f  comparin g bes t  discovere d performance s 
shoul d als o b e emphasized .  Curren t  comparison s ofte n 
depen d o n th e optimizatio n abilitie s o f  th e algorithms ' 
designer s instea d o f  jus t  th e algorithm s themselves .  Th e 
use o f  Mendel-D P o r  simila r  technique s woul d pu t 
algorithm s o n a  leve l  playin g field ,  an d provid e fai r 
comparison s betwee n algorithm s (a s on e reviewe r  noted , 
ther e ma y eve n b e biase s inheren t  i n thi s metho d o f 
comparison ,  bu t  non e ar e know n o r  theoreticall y expected , 
and thi s approac h woul d stil l  retai n th e advantag e o f 
makin g th e compariso n explicit) .  Th e larg e standar d 
deviation s an d non-norma l  distribution s reporte d her e 
sugges t  tha t  han d optimizatio n i s particularl y difficul t  an d 
tha t  additiona l  cautio n ha s t o b e take n i n makin g suc h 
comparisons .  Standar d statistic s ar e no t  valid ,  an d sampl e 
size s nee d t o b e larg e -  tw o problem s tha t  particularl y 
affec t  huma n reasonin g fo r  th e worse . 
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Thi s £^proac h allows ,  indee d encourages ,  ne w concept s 
i n th e evaluatio n o f  networks .  Wit h automati c processin g 
available ,  wor k ca n g o int o evaluatin g th e networ k 
parameter s no t  onl y o n learnin g rate ,  bu t  als o fo r  safet y an d 
reliability .  A s note d above ,  becaus e o f  th e larg e varianc e 
i n th e dat a an d ou r  Umite d memor y span ,  thes e concept s 
ar e no t  necessaril y  eve n computabl e withou t  it .  Th e abilit y 
t o routinel y find  optima l  o r  nea r  optima l  parameter s shoul d 
encourag e thes e parameter s t o becom e par t  o f  theorie s 
rathe r  tha n hearsay ,  an d encourag e comparison s o f  th e 
optimu m parameter s betwee n network s an d wha t 
influence s them .  Importan t  regularitie s o f  connectionis t 
learnin g algorithm s ma y no t  b e apparen t  unti l  finding  set s 
of  optimu m parameter s i s routine . 
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