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A b s t r a c t 

We describe a technique for automatically adapt-
in g t o th e rat e o f  a n incomin g signal .  W e first 
buil d a  mode l  o f  th e signa l  usin g a  recurren t  net -
wor k traine d t o predic t  th e inpu t  a t  som e delay , 
fo r  a  "typical "  rat e o f  th e signal .  Then ,  fixin g th e 
weight s o f  thi s network ,  w e adap t  th e tim e con -
stan t  T  o f  th e networ k usin g gradien t  descent , 
adaptin g th e dela y appropriatel y a s well .  W e 
hav e foun d tha t  o n simpl e signals ,  th e networ k 
adapt s rapidl y t o ne w input s varyin g i n rat e fro m 
twic e a s fas t  a s th e origina l  signal ,  dow n t o te n 
time s a s slow .  S o fa r  ou r  result s ar e base d o n 
linea r  rat e changes .  W e discus s th e possibilitie s 
of  applicatio n t o speech . 

Introduction 

Most  approache s t o processin g tempora l  signal s us -
in g connectionis t  network s cissum e a  fixe d rat e o f 
th e signal .  Thi s i s tru e o f  mos t  recurren t  sequenc e 
processin g networks ,  suc h ei s Elman' s Simpl e Recur -
ren t  Network s [Elman ,  1990 ]  o r  Jordan' s outpu t  re -
curren t  network s [Jordan ,  1986] .  I n thes e systems , 
th e networ k an d th e inpu t  ar e i n lock-step .  Thus , 
eve n thoug h thes e network s nominall y dea l  wit h tem -
pora l  processing ,  i n fact ,  the y simpl y dea l  wit h st -
quences ,  whil e ignorin g time .  I n man y real-worl d 
situations ,  th e assumptio n o f  a  fixe d rat e o f  inpu t 
i s violated .  Thi s i s especiall y tru e i n th e cas e o f 
speec h [Miller ,  1984 ] 

Rat e detectio n i s a  notoriousl y difficul t  problem .  I t 
seems tha t  i n orde r  t o detec t  th e rat e o f  a  signal ,  yo u 
firs t  hav e t o kno w wha t  th e signa l  is .  Bu t  i n orde r  t o 
recogniz e th e signal ,  yo u hav e t o kno w it s rate .  Thi s 
i s a  classi c chicken-and-eg g problem .  Th e Interactiv e 
Activatio n mode l  o f  [McClellan d k  Rumelhart ,  1981 ] 
solve d a  simila r  part/whol e proble m i n th e spatia l 
domai n usin g feedbac k fro m a  representatio n o f  th e 
whol e t o a  representatio n o f  it s  parts .  Thi s al -
lowe d partia l  informatio n t o "bootstrap "  recogni -
tio n o f  whole s fro m ambiguou s features ,  recogniz -
in g " R E D "  fro m nois y version s o f  it s  letters ,  eac h 
of  whic h wa s ambiguous . 

I n thi s pape r  w e repor t  o n a  techniqu e fo r  rat e 
adaptatio n tha t  make s us e o f  a  simila r  notion .  Th e 
basi c ide a o f  ou r  approac h i s t o buil d a  mode l  o f 
th e signa l  usin g recurren t  networks .  Thi s mode l  i s 

traine d o n th e signa l  occurrin g a t  a  "normal "  rate . 
Th e networ k learn s t o predic t  th e signa l  a t  thi s rat e 
and a  fixed  dela y (se e Figur e 1) .  Thus ,  i f  i t  i s  a  goo d 
predictor ,  th e networ k dynamic s shoul d matc h th e 
dynamic s o f  th e signal .  N o w ,  give n a  ne w instanc e o f 
th e signa l  a t  a  differen t  rate ,  th e networ k use s it s o w n 
predictio n erro r  t o adap t  it s processin g rate .  Fo r  clas -
sification ,  multipl e model s ca n b e compared ,  choosin g 
th e mode l  wit h th e lowes t  error .  W e describ e initia l 
result s wit h simpl e signals ,  an d discus s th e possibl e 
applicatio n o f  th e techniqu e t o speech . 

We cal l  ou r  syste m Ta u Ne t  fo r  tw o reasons .  First , 
becaus e th e mode l  use s a  variabl e r  t o adap t  it s rate . 
Second ,  ther e i s a  felicitou s pu n o n Tao ,  sinc e th e 
clai m i s tha t  th e wa y t o recogniz e th e rat e o f  th e 
signa l  i s  t o b e a n adaptiv e mode l  o f  th e signal :  "Th e 
way t o d o i s t o be "  [Bynner ,  1944] . 

The IVLethod 

Th e ide a o f  th e techniqu e i s quit e simple :  W e us e 
th e tempora l  auto-cissociatio n ide a o f  [Elman ,  1990 ] 
t o trai n a  networ k t o b e a  mode l  o f  th e signal . 
Ther e ar e tw o difference s betwee n wha t  w e d o an d 
Elman' s origina l  formulation .  First ,  w e us e rea l 
tim e recurren t  learnin g [William s &  Zipser ,  1989 ]  in -
stea d o f  truncate d bac k propagatio n throug h time . 
Second ,  i n orde r  t o hav e a  wa y o f  adjustin g th e 
spee d o f  th e network ,  w e us e th e Delta-Ne t  techniqu e 
of  [Tsung ,  1991] .  Th e Delta-ne t  i s a  finite-difference 
approximatio n o f  a  continuou s tim e network .  A s 
such ,  i t  ha s a  parameter ,  th e tim e constan t  o f  th e 
network ,  tha t  change s ho w fas t  th e unit s integrat e 
thei r  input .  Basically ,  thi s i s a  kno b tha t  adjust s th e 
spee d o f  th e network .  T h e networ k architectur e i s 
shown i n Figur e 1 . 

We trai n thi s networ k fo r  a  particula r  dela y an d a 
particula r  valu e o f  r ,  th e tim e constan t  o f  th e net -
work .  ̂  W e the n fix  th e weight s o f  thi s network ,  an d 
presen t  i t  wit h a n abrup t  ne w signal .  Activatio n i s 
propagate d throug h th e network ,  an d th e erro r  signa l 
i s  use d t o comput e ^ . 

Th e equation s describin g a  continuou s neura l  net -
wor k are : 

Tk 
dykjt ) 

dt 
= -Vkit )  +  f{sk{i) ) (1 ) 

'Sinc e w e ar e onl y dealin g wit h linea r  rat e change s i n 
thi s paper ,  a  singl e r  fo r  th e networ k i s sufficient . 
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Figure 1: Tau Network 

wher e «*(< )  i s th e ne t  inpu t  t o uni t  i b a t  tim e t ,  yk{t ) 
IS th e outpu t  o f  uni t  i b a t  tim e t ,  Wk j  ar e th e weight s 
fro m uni t  j  t o uni t  k ,  f{x )  i s  th e transfe r  function , 
and T t  i s th e tim e constan t  o f  uni t  k .  T i m e constant s 
determin e th e tim e scal e o f  th e system .  Thi s ca n b e 
easil y see n b y dividin g bot h side s o f  Equatio n (1 ) 
by Tk .  A s T k increases ,  th e righ t  han d sid e o f  th e 
equatio n decreases ,  whic h mean s tha t  th e networ k i s 
changin g mor e slowl y Analogously ,  a s r t  decrecises , 
th e opposit e effec t  i s  achieved . 

T h e equation s fo r  th e Delt a ne t  ar e derive d fro m 
a discrelize d versio n o f  th e continuou s network .  O n e 
advantag e o f  thi s approac h i s  tha t  th e learnin g al -
gorith m i s simple r  tha n th e continuou s versions ,  bu t 
th e networ k stil l  retain s som e essentia l  characteris -
tic s o f  th e continuou s networ k [Tsung ,  1991] .  Fo r 
a finite-differenc e approximatio n t o th e continuou s 
equations ,  w e us e 

dyk(t ) yk( t  +  At )  -  yt{t ) 

dt  A t 

to gel the following activation rule for the Delta net: 

y^it + At) = (i-^)y,(<) + ^/(5,(0).(2) 
Tk T k 

Th e rul e fo r  updatin g th e weight s i n th e Delt a ne t  is : 

(3) 

dE dyk 

d E 

= - ^ Z -(0 . 
^  dy k dw, j 

where, by defining p,{t + At) = j^{t + At), we have 

pHt  +  At )  =  (l-^)p*(t )  + 

— f'iskit) ) X^»^t;pi( 0 +  <5.tyj( 0 .(4 ) 

and wher e 6i k i s th e Kronecke r  delta : 

{>, k = 
i f  I  =  ̂ • 
otherwise . 

Updatin g th e tim e constant s i s simila r  t o updatin g 
th e weights .  T h e learnin g rul e fo r  tim e constant s i s 

d E 
AT.it )  =  -r,-it ) (5 ) 

Y-^  B E dy k ,̂ . 

where ,  b y definin g q'̂{ t  •\-At )  =  ̂ { t  -\ -  At) ,  w e hav e 

At. 
q1{ t  +  At )  =  (!-),*(< )  + 

At 

Ti 
f'iskit))^Wk,qiit ) 

(>.k^[yk{t)-f{sk{t)) ] (6 ) 

Th e motivatio n fo r  usin g th e Delt a ne t  instea d o f  a 
discret e networ k i s  tha t  th e notio n o f  tim e scal e i s 
incorporate d int o th e Delt a learnin g algorithm ,  pro -
vidin g a  natura l  wa y t o modif y th e processin g spee d 
of  a  network . 

To hav e th e networ k estimat e th e rat e o f  th e inpu t 
signal ,  w e firs t  trai n th e networ k t o predic t  S{t )  fro m 
S{ t  — 6 )  fo r  a  particula r  6  an d wit h r  =  1  initially . 
Afte r  th e networ k ha s learne d t o predic t  S{i) ,  th e 
weight s ar e fixed .  T h e networ k i s the n presente d th e 
same signa l  a t  a  differen t  rate .  T h e tim e constan t  r 
of  th e networ k i s the n adjuste d usin g ̂ .  I n thi s way , 
th e networ k adapt s it s processin g spee d t o th e rat e 
of  th e inpu t  signal ,  an d th e fina l  valu e o f  r  ca n b e 
use d a s a  measur e o f  th e rat e o f  th e input .  I n orde r 
t o scal e thing s properly ,  th e dela y 6  mus t  b e adjuste d 
ci s well .  Althoug h a  mor e sophisticate d approac h i s 
possible ,  i n wha t  follows ,  w e simpl y adjuste d 6  b y th e 
same amoun t  a s r .  Ther e i s n o guarante e tha t  thi s 
wil l  converge ,  bu t  i t  di d fo r  ou r  tes t  cases . 

Experimental results 

S in e w a v e s 

We traine d a  4-3- 4 networ k " ^  t o predic t  fou r  sin e 
waves o f  4  differen t  phases ,  wit h a  dela y o f  8  tim e 
step s (ther e wer e 8 0 tim e step s pe r  period )  whic h 
correspond s t o a  phcis e la g o f  3 6 degrees .  W e se t  r 
initiall y t o one .  Th e result s ar e show n i n Figur e 2 
(a) . 

Not e tha t  th e syste m adjust s withi n a  singl e cycl e 
t o th e rat e o f  th e input .  T h e proble m pose d t o th e 

^A n i-h- o networ k refer s t o a  networ k wit h i  inputs ,  h 
hiddens ,  an d o  outputs . 
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Figur e 2 :  Sin e wav e experiment s — Th e left-han d graph s sho w th e outpu t  wit h respec t  t o th e teache r  fo r  th e 
two-freciueiic y problem .  Th e right-han d graph s sho w result s fo r  th e four-phas e problem .  To p R o w :  Traine d 
networ k o n normal-rat e input .  Middl e Row :  Networ k adaptin g r  an d b  t o fast-rat e input .  Botto m R o w : 
Networ k adaptin g r  an d 6  t o slow-rat e input .  Th e numbe r  o f  update s i s o n th e x-axis ,  an d th e activatio n 
value s ar e o n th e y-axis . 

syste m i s  exacerbate d b y th e fac t  tha t  w e di d no t 
star t  th e syste m a t  th e origina l  rat e an d slowl y ad -
jus t  it ;  w e simpl y presente d i t  wit h th e fas t  signa l 
abruptly .  Not e tha t  eve n thoug h th e syste m i s  pre -
dictin g th e signa l  quit e well ,  i t  onl y approximatel y 
give s th e correc t  tim e constan t  (0.5 4 instea d o f  0. 5 
fo r  a n inpu t  spee d o f  2x ,  4.5 5 instea d o f  5  fo r  a n 
inpu t  slowe d b y 0.2x) . 

Th e result s fo r  a  two-frequenc y proble m ar e show n 
i n Figur e 2  (b) .  Fo r  th e 2-frequenc y net ,  th e adapte d 
r' s cam e quit e clos e t o th e correc t  value s (0.4 5 vs . 
0.50 ,  an d 1. 7 vs .  2.0) .  Thus ,  eve n thoug h th e syste m 
does no t  fit  th e signa l  perfectl y durin g initia l  train -
ing ,  i t  stil l  i s  abl e t o converg e t o a n acceptabl e tim e 
constant . 

Gait data 

The hiia l  proble m i s a  se t  o f  motio n variable s gen -
erate d b y childre n walking .  W e use d dat a extracte d 
at  th e Motio n Analysi s Laborator y a t  th e Children' s 
Hospital ,  Sa n Diego ,  fro m free-speed ,  leve l  walkin g 
subject s Th e dat a ar e base d o n film  recording s b y 
fixed-position  camera s o f  th e subject s a s the y tra -

vers e a  walkway .  Eac h subjec t  ha s 1 2 "markers "  an d 
4 "sticks "  precisel y place d o n thei r  waist ,  leg s an d 
fee t  a s referenc e point s fo r  th e analysis .  A  complet e 
descriptio n o f  th e data-gatherin g proces s an d prepro -
cessin g i s give n i n [Sutherlan d e t  al. ,  1988] .  T h e re -
sult s o f  thi s calculatio n ar e 1 2 differen t  join t  rotatio n 
parameter s fro m eac h sid e o f  th e body .  T h e dat a i s 
arrange d i n a  gai t  cycle ,  define d a s (fo r  example )  th e 
tim e fro m heel-strik e t o heel-strike ,  an d thu s i s tem -
porall y normalize d betwee n subjects .  Fo r  thi s prob -
lem ,  w e use d average d dat a fro m norma l  seven-yea r 
olds . 

Eac h vecto r  consist s o f  2 4 floatin g poin t  number s 
t o represen t  th e join t  angle s i n bot h leg s a t  eac h tim e 
step .  W e d o no t  hav e dat a fo r  childre n walkin g a t  dif -
feren t  rates ,  whic h woul d b e a  mor e interestin g prob -
lem ;  instead ,  w e simulate d diflTeren t  rate s b y samplin g 
th e signa l  a t  differen t  intervals .  "Norma l  rate "  refer s 
t o ever y othe r  tim e step ;  "fas t  rate "  refer s t o ever y 
thir d tim e ste p fo r  a  speedu p o f  1.5 ;  an d "slo w rate " 
refer s t o ever y tim e ste p fo r  a  speedu p o f  0. 5 relativ e 
t o th e norma l  rate .  W e us e a  24-10-2 4 network ,  an d 
ask i t  t o predic t  th e 24-dimensiona l  signa l  tw o tim e 
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Figur e 3 :  Gai t  dat a experimen t  — Th e left-han d grap h show s th e network' s performanc e o n normal-rat e gai t 
(befor e tim e constan t  learning) .  Th e right-han d grap h show s ho w th e networ k adapt s it s predictio n (soli d line ) 
durin g tmi e constan t  learning .  Th e numbe r  o f  update s i s o n th e x-axis ,  an d th e activatio n value s ar e o n th e 
y-axis .  Component s xo > ̂ i ,  an d X1 4 o f  th e gai t  dat a ar e shown . 

step s ahead . 
Afte r  50,00 0 trainin g update s wit h a  learnin g rat e 

of  0 0 1 ,  th e networ k learn s t o predic t  th e dat a quit e 
well ,  thoug h no t  perfectly .  Thi s i s show n i n Figur e 3 . 
Onl y thre e o f  th e component s ar e show n here .  Sim -
ila r  result s wer e obtaine d fo r  al l  twenty-fou r  compo -
nent s i n th e gai t  data .  Wit h a  tim e constan t  learnin g 
rat e o f  0.05 ,  th e networ k learn s t o predic t  th e fas t 
inpu t  withi n approximatel y 25 0 updates .  Th e net -
work' s predictio n o f  th e fast-rat e inpu t  a s r  an d 6 
ar e adjuste d i s show n wit h respec t  t o th e actua l  val -
ues o f  th e delaye d inpu t  i n Figur e 3  (right) .  Simila r 
result s wer e obtaine d fo r  slowe d input .  Th e predic -
tio n erro r  durin g tim e constan t  learnin g an d th e tim e 
constan t  value s fo r  th e feis t  inpu t  evolv e i n a  cycli c 
manner .  I n th e nex t  section ,  w e describ e a  variatio n 
on thi s approac h tha t  ameliorate s thi s problem . 

Current Work 

Recently ,  w e hav e bee n experimentin g wit h a  some -
what  differen t  se t  o f  equations .  A  potentia l  proble m 
wit h ou r  syste m i s tha t  ̂  result s i n a  r ^  ter m i n th e 
denominato r  o f  equatio n 6 ,  whic h ca n lea d t o instabil -
it y  whe n r  i s  small .  Also ,  ther e ar e rang e constraint s 
on th e rati o o f  th e ste p siz e o f  th e integratio n (A< ) 

t o r ,  i.e. ,  equatio n 2  make s sens e onl y i f  0  <  ^  <  1 . 

T h e learnin g algorith m ca n lea d t o value s fo r  r  tha t 
make thi s rati o greate r  tha n one ,  whic h require s a 
chec k t o se t  th e rati o bac k t o les s tha n one .  T o avoi d 
thes e tw o problems ,  followin g a  suggestio n b y Davi d 
Rumelhart ,  w e decide d t o us e a  chang e o f  variable s 

t o replac e th e rati o ̂  wit h g{a )  =  ĵ exp-" *  ^ ° ^ 

we adjus t  a  instea d o f  r ,  an d r  ca n b e recovere d a s 

Alphi a v s .  Ta u 

Alph a 

Figur e 4 :  Ta u a s a  functio n o f  alpha . 

l+exp" "  (not e tha t  A t  i s no w assume d t o b e 1) .  Thi s 
give s a  ne w se t  o f  updat e equation s fo r  Ta u Net : 

y,it + At) = il-gia))y,{t) + g{Q)fis,it))i7) 

Besides being a familiar friend, using this sigmoidal 
expressio n fo r  th e rati o scale s th e change s t o r  prop -
erly .  W h e n T  i s  ver y big ,  larg e change s ar e neede d 
t o mak e a  differenc e i n equatio n 2 .  W h e n r  i s  ver y 
small ,  smal l  change s mak e a  bi g difference .  Fig -
ur e 4  show s tha t  changin g a  instea d o f  r  scale s thes e 
change s properly .  Tha t  is ,  whe n a  i s  negative ,  an d 
thu s th e tim e constan t  i s  bi g (an d th e syste m slug -
gish) ,  a  smal l  chang e i n a  make s a  larg e chang e i n th e 
effectiv e tim e constant .  W h e n a  i s  positive ,  an d th e 
effectiv e tim e constan t  i s  small ,  a  larg e chang e i n a 
makes a  smal l  chang e i n th e effectiv e tim e constant . 
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The updat e equation s fo r  q  are : 

d E 
Aa,( 0 =  -I I 

datit ) 

= - ^ E 
d E dy ĵt ) 

dyk{t )  dc i 
(8 ) 

The secon d par t  o f  Equatio n (8 )  i s  evaluate d a s fol -

lows. Let q^{t + At) = ^^4S^- 'r^^"' ^^''•"^ ^^^ 
partia l  derivativ e o f  Equatio n (7 )  wit h respec t  t o â , 
we obtai n th e following : 

qtit + At) = q^{t)+ (9) 

\ 
9 \f'is,(t))^w,,ql{t)-q^{t ) + 

Sik 9(1-9 )  [ f  (Skit))-y,it)] . 

Preliminary results show that this version works 
i n al l  o f  th e abov e experiments ,  an d th e learnin g i s 
more stable .  F'igur e 5  show s th e compariso n betwee n 
th e ol d (Equatio n 2 )  an d a-versio n (Equatio n 7 )  o f 
Tau Net .  Not e tha t  th e a-versio n result s i n mor e 
stabl e convergenc e an d mor e accurat e final  valu e fo r 
th e tim e constant . 

Discussion 

So fa r  th e techniqu e ha s worke d wel l  fo r  simpl e sig -
nals .  I t  turn s ou t  tha t  i t  i s  no t  necessar y fo r  th e 
syste m t o eithe r  predic t  th e signa l  perfectl y t o be -
gi n wit h o r  t o converg e t o exactl y th e correc t  tim e 
constan t  t o d o a  goo d jo b o f  prediction .  Ta u ne t 
rapidl y adapt s t o sudden-onse t  signal s a t  differen t 
rate s whe n starte d "cold" ,  wit h a n incorrec t  interna l 
state .  I t  work s fo r  simpl e sin e wave s an d fo r  mor e 
complicate d gai t  data . 

It  remain s t o b e see n i f  thi s ca n b e applie d t o sig -
iial. s wit h variabl e interna l  rates .  Fo r  this ,  w e ca n 
use a  Ta u Ne t  wit h a  lim e constan t  fo r  ever y uni t 
adaptin g independentl y Suc h a  system ,  i f  i t  i s  a  goo d 
model ,  woul d nee d t o adap t  t o differen t  "gaits "  o f  th e 
signal .  We hav e no t  ha d experienc e wit h problem s o f 
thi s type . 

How coul d thi s syste m b e applie d t o speech ? I t  i s 
characteristi c o f  speec h tha t  rat e change s ar e nonlin -
ear ,  i n tha t  vowel s ar e shortene d i n rapi d speec h mor e 
tha n consonants .  However ,  i t  seem s reasonabl e t o as -
sume tha t  i f  w e kne w th e globa l  rat e change ,  w e coul d 
adapt  t o th e differences .  A  Ta u Ne t  ca n b e use d a s a 
rate-estimatio n module .  The n th e rat e o f  th e recog -
nizer s ca n b e se t  b y thi s globa l  "rat e box" .  Th e inpu t 
i t  receive s i s th e acousti c energ y compute d fro m th e 
speec h signal .  Vowel s ar e th e speec h sound s wit h th e 
stronges t  intensitie s [Dene s k  Pinson ,  1963] ;  thus , 
acousti c energ y peak s ca n b e use d t o indicat e vocali c 
segment s i n th e speec h signal .  Sinc e th e rat e a t  whic h 
vocali c segment s occu r  i s comparabl e t o th e syllabl e 
rat e i n speec h productio n [Rabine r  &  Schafer ,  1978] , 

acousti c energ y ca n b e use d t o giv e a n estimat e o f 
speakin g rate . 

The rat e estimato r  wil l  b e traine d initiall y  t o pre -
dic t  th e acousti c energ y functio n fo r  speec h spoke n a t 
a norma l  rate .  Then ,  whe n i t  receive s energ y value s 
compute d fro m speec h spoke n a t  a  differen t  rate ,  i t 
wil l  adap t  itsel f  t o th e rat e o f  th e ne w input .  W e ar e 
currentl y pursuin g this ,  an d hav e successfu l  prelimi -
nar y result s o n th e speec h o f  Jef f  Elma n sayin g "Thi s 
i s th e voic e o f  th e neura l  network "  a t  thre e differen t 
rates .  Obviously ,  w e nee d a  les s biase d dat a sampl e 
t o perfor m a  prope r  evaluatio n o f  thi s system . 

Conclusions 

Tau Ne t  i s a  ne w approac h t o usin g connectionis t  net -
work s fo r  tempora l  processing .  Ta u network s adap t 
thei r  rat e o f  processin g t o th e rat e o f  th e signa l  b y 
first  learnin g t o predic t  th e signal ,  effectivel y becom -
in g a  mode l  o f  th e signal .  Th e predictio n erro r  i s  the n 
used onlin e t o adap t  th e network' s processin g rat e t o 
th e signa l  rate . 

The approac h ha s bee n show n t o wor k o n sin e 
waves o f  differen t  phase s an d frequencies ,  an d o n 
complicate d motio n variable s fro m huma n gai t  stud -
ies .  Th e networ k rapidl y adapt s t o differen t  rates , 
and doe s no t  hav e t o b e a  perfec t  mode l  t o achiev e 
this . 

We hav e begu n investigatio n o f  a  mor e robus t  ap -
proach ,  an d pla n t o appl y i t  t o speec h b y buildin g 
phoneme model s an d the n adaptin g thei r  rate s t o th e 
signa l  online .  Rat e variatio n abound s i n speec h data , 
and w e hop e t o provid e recognizer s tha t  ar e robus t 
wit h respec t  t o rat e usin g thi s approach . 
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Figur e 5 :  T h e benefi t  o f  Rumelhar t ' s  advice .  Thes e graph s s h o w h o w r  evolve s durin g t im e constan t  learnin g 
o n th e two-frequenc y prob lem .  T h e origina l  versio n o f  T a u Ne t  i s s h o w n i n th e lef t  h a n d graphs ,  an d a-versio n 
o n th e righ t  T h e uppe r  graph s ar e fo r  a  speede d signal ,  th e lowe r  graph s fo r  a  slowe d signal .  T h e dotte d lin e 
indicate s th e opt ima l  valu e o f  r . 
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