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Introductio n 

Virtuall y  al l  o f  today' s approache s t o artificia l  neura l  networ k 
learnin g generaliz e considerabl y wel l  i f  sufficientl y man y 
trainin g example s ar e available .  However ,  the y ofte n wor k 
poorl y whe n trainin g dat a i s scarce .  Variou s psychologica l 
studie s hav e illustrate d tha t  human s ar e abl e t o generaliz e ac -
curatel y eve n whe n trainin g dat a i s extremel y scarce .  Often , 
we generaliz e correctl y fro m jus t  a  singl e trainin g instance . 
I n orde r  t o d o so ,  w e appea r  t o massivel y re-us e knowledg e 
acquire d i n ou r  previou s lifetime . 

Lifelon g learnin g i s a  framewor k tha t  addresse s th e issu e 
of  knowledg e re-us e an d inductiv e transfe r  i n learning .  I n 
lifelon g learning ,  i t  i s assume d tha t  th e learne r  face s a n entir e 
famil y o f  learnin g tasks ,  no t  jus t  a  singl e one .  W h e n fac -
in g a  ne w learnin g task ,  th e learne r  m a y transfe r  knowledg e 
acquire d i n previou s learnin g task s t o boos t  generalization . 
Thre e question s ar e o f  fundamenta l  importanc e fo r  an y ap -
proac h t o lifelon g learning :  Th e wha t  tha t  i s bein g transfered , 
th e h o w i t  i s  bein g transferred ,  an d th e whe n i t  i s  tha t  i t  i s 
bein g transferred . 

TVansfer 

To successfull y transfe r  knowledg e acros s multipl e learnin g 
tasks ,  a  learne r  mus t  identif y aspect s tha t  it s pas t  (an d future ) 
learnin g task s hav e i n c o m m o n .  Recen t  researc h ha s produce d 
a variet y o f  approache s tha t  ar e capabl e o f  transferrin g knowl -
edg e acros s multipl e inductiv e learnin g task s (se e th e surve y 
and reference s i n (Thrun ,  1996)) .  Differen t  approache s diffe r 

•  i n th e wa y the y generaliz e whe n facin g th e first  learnin g 
task ,  an d 

•  i n th e wa y thei r  generalizatio n i s affecte d whe n previousl y 
learne d knowledg e i s transferred . 

Usin g objec t  recognitio n fro m colo r  camer a image s a s a n 
example ,  a  recen t  stud y compare d a  variet y o f  lifelon g learn -
in g wit h eac h other ,  an d wit h th e correspondin g conventiona l 
learnin g method s (Thrun ,  1996) .  I n particular ,  w e examine d 
th e generalizatio n accurac y tha t  wa s obtaine d afte r  presentin g 
onl y a  singl e vie w o f  th e targe t  objec t  (alon g wit h a  counterex -
ample) .  Th e approache s tha t  wer e capabl e o f  transferrin g 
knowledg e wer e als o provide d wit h view s o f  five  additiona l 
objects .  Th e ide a wa s tha t  thos e approache s coul d lear n som e 
of  th e invariance s i n objec t  recognition ,  an d chang e th e wa y 
the y generaliz e t o incorporat e thes e invariances . 

The result s ar e remarkable .  Thos e approache s capabl e o f 
transferrin g knowledg e 

Back-Propagatio n wit h 
pre-leame d invariance s 
neares t  neighbo r  wit h 
pre-leame d distanc e metri c 
neighbo r  neighbo r  wit h 
pre-leame d dat a representatio n 

erro r 

25.2 % 

24.8 % 

25.6 % 

consistentl y outperforme d thos e tha t  wer e not : 

conventiona l  Back-Propagatio n 
conventiona l  neares t  neighbo r 
Shepard' s interpolatio n 

erro r 
41,3 % 
39.6 % 
39.6 % 

Moreover ,  th e result s see m t o sugges t  tha t  th e generalizatio n 
erro r  merel y depend s o n th e particula r  learnin g metho d (e.g. , 
neura l  networ k vs .  neares t  neighbor) .  Instead ,  th e fac t  tha t 
knowledg e i s transfene d fro m previou s objec t  recognitio n 
task s ha s th e stronges t  impac t  o n th e result . 

Selective TVansfer 

Obviously, in real life not every learning task is equally related 
t o ever y othe r  one .  I n th e stud y above ,  w e kne w tha t  al l 
learnin g task s wer e relate d i n th e sam e wa y (the y al l  wer e 
objec t  recognitio n tasks) ,  s o tha t  al l  approache s coul d jus t 
blindl y transfe r  knowledg e a m o n g al l  o f  them . 

I n a  secon d stud y involvin g a  variet y o f  mobil e robo t  per -
ceptio n task s (involvin g th e recognitio n o f  people ,  landmarks , 
locations ,  obstacles) ,  w e investigate d th e robustnes s o f  life -
lon g learnin g approache s wit h respec t  t o un-relate d task s 
(Thru n &  O'Sullivan ,  1996) .  Th e result s wer e no t  surprising : 
I n case s wher e al l  task s wer e well-related ,  transferrin g knowl -
edg e improve d th e generalizatio n accurac y significantly ,  es -
peciall y whe n trainin g dat a wa s scarce : 

c 30 % 
» 25 % 
"  20 % 

triinsfe r  (non-.selective ) 

trainin g example s 
When, however, many tasks were unrelated, transfer did even 
hur t  th e overal l  per fo rmance : 
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transfe r  (non-selective ) 

no transfe r 

trainin g •xampl* * 

T h e s e finding s illustrat e tha t  blindl y transferrin g k n o w l e d g e 
m ay b e problemati c i n practice . 

T h e T C algorith m transfer s k n o w l e d g e selectivel y (Thru n 
& O'Sullivan ,  1 9 9 6 ) .  I t  doe s thi s b y arrangin g learnin g task s 
int o a  hierarchy ,  base d o n thei r  "relatedness, "  Relatednes s i s 
determine d usin g statistica l  test s tha t  empiricall y measur e th e 
effectivenes s o f  transfer .  T h e followin g hierarch y 

T-4 

T-7 
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|clo«d.oin | 
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(doted) (oral) (Ub| (Orefl |lo>e|>li) (Sdailiw) (nnr) (Or) 
I door staou 11 locabonl I people rKogniuon 

ha s bee n obtaine d i n th e mob i l e robo t  perceptua l  doma in .  T h e 
m o st  notabl e resul t  her e i s tha t  differen t  type s o f  learnin g task s 
(namely :  task s involvin g people ,  doo r  status ,  location ,  obsta -
cles )  w e r e g roupe d int o differen t  branche s o f  th e hierarchy . 
I n othe r  w o r d s ,  th e c o m p u t e r  discovere d th e differen t  type s o f 
learnin g tasks . 

T h e tas k hierarch y enable s a  learne r  t o transfe r  k n o w l e d g e 
selectively ,  f r o m th e m o s t  appropriat e clas s o f  previou s learn -
in g tasks .  T h e results . 

no transfe r 

selectiv e transfe r 
20 3 0 4 0 

trainin g exampla a 

w h i c h ar e superio r  t o thos e obtaine d wit h non-selectiv e trans -
fer ,  illustrat e th e rol e o f  prope r  tas k selectio n i n th e transfe r 
of  knowledge . 

Learning To Act 

The ideas presented here are also applicable to reinforcement 
learnin g (Sutton ,  1991) .  Reinforcemen t  learnin g addresse s 

th e proble m o f  learnin g t o ac t  fro m delaye d reward .  Th e 
S K I L L S algorith m (Thru n &  Schwartz ,  1996) .  a  versio n o f 
reinforcemen t  learnin g whic h selectivel y transfer s knowledg e 
acros s differen t  learnin g tasks ,  discover s partia l  actio n poli -
cie s i n multipl e reinforcemen t  learnin g task s base d upo n a 
m in imu m descriptio n lengt h argument .  Thes e partia l  poli -
cie s ca n b e re-use d a s buildin g block s i n othe r  reinforcemen t 
learnin g tasks . 

Initia l  results ,  obtaine d fo r  a  simpl e grid-worl d scenario , 
ar e encouraging : 

no transfe r 

los s transfe r 

trainin g step s 

These curves illustrate that reinforcement learning converges 
faster ,  i f  k n o w l e d g e i s transferre d f r o m previou s learnin g task s 
(i n thi s example :  fou r  tasks ,  t w o o f  w h i c h ar e actuall y  related) . 

T h e s e findings  ar e wel l  i n tun e wit h result s obtaine d wit h 
differen t  learnin g methods .  Fo r  examp le ,  w h e n trainin g a  m o -
bil e robo t  t o lear n t o navigat e t o a  designate d targe t  objec t  i n a n 
in-doo r  offic e environment ,  w e als o foun d tha t  reinforcemen t 
learnin g converge s significantl y faste r  w h e n k n o w l e d g e (i n 
thi s case :  neura l  networ k actio n m o d e l s )  acquire d i n previou s 
learnin g task s i s bein g re-use d (Thrun ,  1996) . 

Conclusion 

We dra w thre e primar y conclusion s fro m thi s research :  First , 
transfer ,  i f  applie d correctly ,  i s  ver y likel y t o improv e th e 
result s o f  learning ,  give n tha t  mor e tha n jus t  a  singl e learnin g 
task s i s available .  Second ,  th e lifelon g learnin g prob lem — 
learnin g fro m man y relate d tasks—i s easie r  tha n th e proble m 
of  learnin g fro m a  singl e task ,  despit e th e fac t  tha t  lifelon g 
learnin g algorithm s ten d t o b e mor e complex .  Third ,  sinc e w e 
firmly  believ e tha t  transfe r  play s a n importan t  rol e i n huma n 
learning ,  approache s tha t  transfe r  knowledg e amon g differen t 
learnin g task s appea r  t o b e cognitivel y mor e plausibl e tha n 
approache s tha t  d o not . 
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