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Abstract 

l'l~is paper explores rescheduling antl reorganizatio~l 
ahilit,ies of our organizational learning motlel in t.hc 
following two import,ant. applications in spa.ce: crew 
task scheduling in a space shuttle/station and task 
planning for truss construction with multiple spacc 
rohot,s. Through int,ensive simulat.ions of the above 
t,wo t,asks, the following experiniental results 1la.vr. 
I m 1 1  obthiued: (1) Our model provides good fea- 
sible sched~llrs  quickly in the case of reschedlding, 
arltl i t  keeps t,he computational cost for reschedul- 
ing low; (2 )  Plans generated by our nlotlel keep or 
rc,covt,r efficiency in ta.sks when rohot,s are added, re- 
rnovetl, or exchanged among robot. groups; and ( 3 )  
flrf- integrat,ion of ( a )  learning mcchanisms, ( h )  rule 
Ijastd syst,ems with evolutiona.ry approachrs, antl ( c )  
mult~iagt~l~t approaches is effective in rescl~ecluling/re- 
plai l~ii i~g problems. 
Keywords: crtw task scheduling, plannir~g for mul- 
1ip1c space robot,s, ~nult iagent s y s t ~ m ,  organizat,ional 
lrvrrling, learning classifier sys t e~n  

1 Introduction 

schedule change requiremerits. :Is another example, 
pre-tletermined plails for iilultiple space rohot,s fail t o  
make sense when one or more rohots become failed 
or inoperative. In the above t,wo cases, new accept,- 
able schedules or plans, even if not optiinum, must 
he obta.ined as quickly as possil~le to rninimize the 
time loss. Thus ,  it is hard in t,his case tmo employ 
convent.ional methods hased on opr:rations resea.rch, 
expert systems, domain-specific hwrist ic algorithms, 
or ~nrta-l~eurist~ics methods [Osman 961 such as g e -  
n c t z c  algori2hnt.s (GAS) [Goldhrrg 891 or s i m u l a t t d  
n n n e a l l i , y  (SA) [Aart,s 891 for practical and engineer- 
ing use. 'I'%is is hecause (1)  thi. above niethods re- 
quire a lot of time or high cornput~at~ional costs eve11 
for small ~nodifications, (2)  tllc ~ ~ l c t h o d s  are difficult. 
i.o cover all unexpect,etl situat,io~rs, and (3) even sinall 
~notlificat,ions affect whole syst,c,rrls. 

'lo overcome thcse prol)lcrrrs. recent research on 
(1 )  learning ~ ~ ~ c c h a n i s n ~ s ,  (2) rule hased systems 
wit11 cvol~~t~ionary  a.pproaches, and (3)  ir~ultiagcnt 
approaclics 11as studied rlew posibilities ill s c l ~ e d u -  
ing or planning domains. For instalce. Zhang 
sliowtd t,hat a reiliforce~~leirt learning approa.ch found 
a good frasihle scheclule more quickly t,llan Zwel)rr~'s 
~rletllotl which is Ijasetl or] sr~ilulat~ed annealilrg 
[%weben 941 in t,llc, NASA space, shuttle payload pro- 
ct,ssing task [ Z l r a ~ g  !)5]. Since this irlct,llod can ut,i- 
lize results accl~~irctl t,hrough t , l l t .  learning, t,imes for 
~rlaking a scltetlule or a conlpl~tatioii cask are re- 
tlucc~l. 'I'i~nialii slio\twl tht. gc'~rc'ralit.y/a])[)lica\~ility 
of pro~111ction systeil~s wit11 a11 t,\oIrrtiouary approacl~ 
ill t,llt, casc of cnv i ro~r~nr r~ ta l  clrangcs [Tarrla.ki $191, 
w l ~ i c l r  ir~(licat,~'s t lle ~)ot t ,~rI  i d  I o (.ovt-l. S O I I I ~  ~ 1 1 1 3 ~ -  

~ ) ( ~ - t c ~ l  sit uat i o ~ ~ s .  F r r r t l ~ v r ~ ~ ~ o r ~ .  F111it,a a11t1 Iii11a 
- -- 

Proc i- ~fth lnternat~onal Syrnposlurn on Art~f~c~al Intelligence, 
l iohot~c~ and Automat~on In Space, 1-3 lune 1999 (ESA SP-440) 



2 Organizat ional-learning 
oriented Classifier System 

2.1 Aim of agent and function 

t l ) r t ~ ~ i l 4  i111 r o d , ~ ( . t  ion t o  t h e  ( Y B I I I T ~ ~  s of 0 1 ,  i \  ~liscuswd 
i n  [ I a k w l i i ~ ~ ~ i ~  \ l O a ] .  

2.2 Architecture 

As s1iow11 in Fig. 1,  O(-3 is c o ~ ~ l ) o s t ~ l  of many 
agents, a~rtl c>ach agent has t,he S ~ I I I P  arcllit,ecture. 
rrhiclr incl~~clrs t,lir, following prohlc~~rl solvi.~, i11m1- 

ory, a ~ ~ d  mc~chariisn~s. 111 i,his model. c,acl~ agent can 
rc3cognize it,s ow11 envirot~lner~t,al st,at,c\ I)ut cannot. rcc- 
og~iizc the st,atc of the t,otal c.nviron~lrc\nt. Nott) tha t  
tlic conipo~~ont,  co~icrrning organizatiol~ill k~iowlrclgc 
i s  not usetl ill  this r s l ) r r i~nrn t  hrcarr>r. it is a rliffcrrrrt 
cornl)oircrit as co~nparrd  wit,ll t , l i ~  t , l ~ s t ' ~  e o ~ ~ p o n ( ~ ~ i t s  
~l~c,nt,io~ietl in sc>ct,ion I ancl Iwcausc> [,lie aim of t , l~is 
p a p ' r  is to c ~ s p l o ~ ~  t,lic, possil~ilit~y ol' the, intc,gr.nl,ion 
of t,lrc-st, tlrrev c~olir~)ont~nts. 

< Problem Solver > 



I [ Rule Sequence I I 

Remforcement 
Learnlng ........................ 

Rule Generalton ........................ 
Rule Exchange... ................. 
Organ~zatlonal 

/ Learnmg ] ~ e a r n ~ n g  ........................ ........................ 
Rule Generation Rule Generation ........................ ........................ 
Rule Exchange... Rule Exchange,., ................. ................. 
Organlzatlonal Organlzatlonal 

Knowledge Reuse Knowledge Reuse 

Figure 1 : OCS Architecture 

2.3 Learning in OCS 

2.3.1 Reinforcement learning mecllanism 

I I I  O( 'S, the reinforcement learning ( R L )  mechanism 
f > ~ ~ a l > l e s  agtwts t.o acquire t,heir OWII appropriate ac- 
1 ioiis that. arc, reqnirtd t,o solve given pro1)lems. 111 
piwticular, R1, supports agents t,o 1ea.rn t.he appropri- 
at(, ord(,r of t.hc fired rules by cliailging t , l~e st,reilgt,l~ 
of the rules. In det,ail, OCS einploys a pro,fit shni-- 
1 1 t q  n1e1 hod [C+refenst,ett.e 881, which reinforces a sc,- 

rjurncc, of rulcs a t  once when agents obtain soine re- 
wi1rds t 

2.3.3 Rulc cxcllauge nlechanisnl 

111 O ( ' S ,  ageuts exchange rules wit.11 other agents at, 
;I part,icular t,ime interval (CROSSOVER-STEP:) in or- 
t l ~ r  1 0  solve give11 1)rol)lerns t,llat. cannot Iw solvcd at, 

an incliviclual le\-el. In t , l~is ~nec l~nn i sm,  a part.icular 
11u1111)er ( ( t h e  nuinber of rules) x GENERATION-GAP+) 
of rules wit11 low st,rengt,ll valr~rs are replaced by 
rules wit,ll high strengt,ll values I~etrween t,wo arbi- 
t r a y  agent,s. For example, when agent,s 9 and 1- 
are select,etl as shown in Fig. 2 ,  the CFs  in each 
agent arc3 salted b order of tllt,ir qtreiigtll (upper 
( 'Fs  have high strength \ d u e s )  and CFJ-? - CF, 
a i ~ d  ( IF[ - ,  - C'FL 111 this caye are replaced by 
CF; - ('FA and C'Fl - CF3, respect:vely How- 
e\ ci , lriles that  have strength higher than a particu- 
la1 \slur (BORDER-ST) are not replaced to  a v o ~ d  un- 
necessar> crossoxer operations I'lle strength of re- 
placed lules ale reset to their m t ~ a l  calues This is 
Iwcause e f f e c t ~ ~ e  rules 111 some agents are not always 
effect i \  e for other agents 111 mult~agent ei:v~ro~l~nei:ts 

Agent X 

Individual 
Knowledge 

, ............. 
CF 1 
CF 2 
CF 3 

I 
I 
I 

CF 1-2 
CF 1-1 
CF j  

Individual 
Knowledg~ ............ 

CF' k-2 
CF' k-1 
CF' k 

2.4 Supplenlental Setup 

111 add~t ion to  the a h o ~ e   mechanism^. OCS is set 
rip a< follows In the hegmning a particular num- 
her (FIRST-CF) of rules in each agent is generated at  
~ a n t l o m ,  and the strength \ d u e s  of all rules are set 
to tile same initla1 \ d u e  

3 Task Domain 

3.1 Crew Task Scheduling 

3.1.1 Problcm Description 

111 t,hr crew t.ask sc1:eeluling of a space shut,- 
tIr/st,a.tion, ma.ny crew jobs must Iw scheduletl under 
hard resourrc const,rainl.s. In particular, jobs in t,l:is 
1 ask are component~s of missions, ~ 1 1 ~ 1  they s110111d be 
assigneel wllile s a h f y i n g  the follo\ring const.raint,s. 

1 Power of space slluttle/station: Each job 
IICCYL a par t~cular  s u e  of power (from 0% to  
100% ) 111 c~xptwn~ent  h ,  but t I I C  w m m a t ~ o n  of the 
power of all j o l ~ s  at each timt' 11111st not l>e 111ore 
than 100%. 

t ratio of operated rules. 



the \p ; \c tvaf t ,  11011~ of tlie johs call u\e the  linL 
t lur~ng a certaln time 

Machine A: S o n ~ e  jobs nerd to uhe a machine 
A ill c~sl)t~riment~s, hut only one job can use it at  
r,acli titme. Examples of such ntachines involve 
comp11t c,rs, voice recorders, and so on. 

Machine B: '1 he contlit~on is the same as for 

Priority order in jobs: In a mission u ~ i t , .  jobs 
have t,heir priorit,y orders (from 1 to the t,ot.al 
~~urrrher of jobs where a smaller number means 
a higher priorit,y). .Jobs in a mission must hr 
scliecluled to satisfy their priorit,y orders. 

Crew assignment types: The crc3w is tlivicled 
into the fbllowing tmwo t,ypes: Mission Specialist, 
(R1S) and Payload Specialist (PS) .  The former is 
mnidy in charge of experiments, and t,he lat,t>er 
suppt)rt.s esperiment,s. 111 a specific assignment, 
"the requircd nulnber of crew meinhers." "t,llc 
rlecessnry persons," and ?he necessary crew as- 
s ig~ ln~en t  types" are tlecicled for ei\ch jol). For 
t,lie t hircl eleiiielit~, one of t,lle following crew as- 
signment t,ypes inust be sat,isfietl: ( a )  Anybody. 
( I ) )  PS  only (PS is not specified), ( c )  One spec- 
ified PS ~rit,li somehocly, ( d )  Ont, specified hlS 
wit,ll somebody, and ( e )  (I'ombinat~ion of PS  and 
MS ( 1 ' s  aild R.IS arc, uot specified). 'These types 
a r ~  l)asetl on t lie sllacr shut tle missioi~s. 

3.1.2 Prohlciil Setting 

In this task, each job is designed as an agent in OCS,  
and ea.ch learns t,o acquire an appropriat,e sequence of' 
actions t,liat, minimizes t,he t,ot,al scliecluling t,ime. In 
tlc , t8;r i l ,  johs h a w  15 primit,ive act,ions such as move- 

as a case wit~hout anomalies ( r e sc l~e t lu l~  from t,he he- 
giniiing) and ( 2 )  all johs st,art froln t,lie pla.cement 
of a currt~iit schedule t , l~a t  satisfies all ~ons t r a in t~s  es-  
cept for t,he anolnaly parts  (reschedule from the cur- 
rent schedule). Especially in t,he lat,t,er ca.se, o d y  
,jobs that  do  not sat,isfy const~raints due t,o anonla- 
lies cha.nge their locat,ions in t,he schedule, and t8hus 
a modified schedule can be ohta.inetl quickly. 

3.1.3 Index of Evaluation 
In this task, the following two indexes are evaluated: 

Goodness = t o t a l  schtduliitcl t ime 

Computational cost 

- i t e r a t i o n - $ 7 1 - c o n t i i r ~ l r r ~ c t  
- C i = s t a r t  s t e p  ( i )  

The  first index (goodn,ess) e v a l ~ a t ~ e s  a solu- 
t,ion of a feasible schedule, a.nd t,he second in- 
dex (con~pufnfzonccl cost) calcula.t,es the accumulat.ed 
st,eps. In this equat,ion, "step ( i ) . "  "start," and 
" i t ~ r u t  i o ~ i n - c o n  uergence" respect ivc.1~ inclicate t.he 
st,eps count,ed in i it8erat,ions, the  st,art it.erat,ions, and 
the  it,crations w l i e ~ ~  the value of the. t,otal scheduling 
tinic converges through repet8it,ions t,llat at tempt t,o 
find times shorter than t,he init,ial ~) lacei i~e~i t , .  This 
convergence is recognized when t,llr tot,al t,ime shows 
t,he same value, in some part,icular it,erat8ions. Fur- 
t,l~erinore, co~nputat,ional cost,s for repairing anoma- 
lies can be calculat,ed by set,ting s lvr t  t,o t,he it,era- 
t,ions when anomalies make t , ] ] ~  scllc-dule change. 

3.2 Task planing for truss construc- 
tion 

3.2.1 Problem Description 

In tlie t,asli planniiig for t8russ const , r~~ct ion with 111~1- 
t,iplc space rol)ot,s, y e  employ a robot whicll has only 
one a rm in order t,o reduce it,s weight t . This means 
t,llat each rol>ot can only hold either a ])earn or a 
welding t,ool t,o combine/weld beanis, which are the  
l)asic. componpnts  of a t , russ .  In a c o ~ r c r r t , e  t ,russ con- 

st,ruct.ion with tmhest. rohot,s, an e x a ~ l ~ p l e  in the first, 
several st,cps is shown in Fig.3. 111 this figure, t,hc 
hlacl; circle wit,h the solid line, thr, ~llesll circle, t,he 
cloul,le c i r ~ l e ,  and t,he dashed lint, respect.ively in- 
dicate a robot, wit,li it,s own l)ea.in, a rohot wit,hout8 
a brain, t,he space st,at,ion, and t,l~c, locat,ion for t,he 
t r r~ss  t,llat will Iw ~ons t~ ruc t~ed .  Not(, tha t  all robots 
are s u p p o s f ~ l  t.0 have t,heir own wt~lcliiig t,ools a.nd 
t,llus robots without I~eams  call weltl I>eains hy holtl- 
ing wc~lcliilg 1,ools. 

( 2 )  Two rol,ot,s wit,h t,heir ow11 l)e;\~lls arrive at tlie 
I~canl const,ructing locat,ion a1111 s ~ t  t , l~e  desired 
angle Iwt,wen t,he heanls. Thc rohot ~ v i l ~ l ~ o u t  a 
I > ~ ; I I I I  g o ~ s  t,o t,lle n-rl t l i~~g locat io i~ .  

 IN spa<-e, i t  is important tc ,  red~i<-e ~ I I P  weight of rolmts 
I~rv-a~~sr  Inl~n<.lii~lg cmts m-c rp~ite r s p e n i \ . r .  



Robot with a beam 
Robot without a beam 

Space station 

Figure 3: Truss Construction 

( 3 )  1 he robot without a beam arr1vc.s nt the nelding 
locat~on and welds the beams 

( 4 )  After welding, the robot w ~ t h  a beam on tllc 
left s~ t l c  returns to the station and the robot 
111at \\c,ltlq thc beams goes to anotht~r welding 

(5) Another robot that  has i t b  own heam goeh to  
t l l c ~  heam constructing locat~on 

3.2 .2  Problem Setting 
In t,liis task, t>ach robot is d t + y l ~ d  as an agent i n  
OC5" and each learns t.o acyuire an appropriat,e se- 
i l u ~ l ~ c c ,  of nct,ions t,liat. minimizes t,lie truss const,ruc- 
I 1011 steps. 111 tlrt,ail, rol)ot,s have 11 primitive act,ioils 
s11cl1 as 11olding a l)r>am, or moving t,owartl a. I~eain  
, w ~ ~ s t ~ , ~ ~ c t , i i i g  10cat~ioil. Furtherinore, ro1)ot.s call oiily 
~~c~cog i~ iz t~  t,lie sit.uat8ions of t,lieir neighbors. 

!I> ;I concrc3te prol~lem set,t,ing, all rol.)ot.s start at, 
I 11(, s p ; ~ ( '  stat8ioii and learn wllet,ller t.11~y I~old t,llc-ir 
o\vlr I)c,aills or ]lot,. Aft.c~r hcams art. welclrtl, rol~ot,s 
t l ~ ; r t  I~oltl or ~ e l d  hr~ams learn again wlicthc~r t,o go 
to otIi(-r welding locat,ioiis t,o weld the n c d  Iwanls or 
\\.11(,t I I ( \ L  t o rc7t,urn to  t,he st,atioi~ to get o t . l ~ c ~  Iwams. 
\YII~XII rolmt,s coniplcte a truss couslruction or gct 
illto ;I tleiitllocltecl sit,uat,iou, all rohot,s e v a l ~ ~ a t r  tl~c.ir 
orvrr srcltic~llc(~s of act,ions accortling t,o t8he cr1rrc.111, 
hitnat , io~~ (co~i~~) le t . io i i  or failure). Then tlrc, rol)ots 

I I I  this t,i~sli. 1 Ire. fhllowii~g two i ~ ~ t l t ~ s c ~ s  are t~v;rlr~at~c~tl: 

0 Task co nplet,ion r a k  

'l'lir first index (goodnfss) c~valuat,es a solution 
t,llat, is t,he s . m e  viewpoint in tmli(~ crew t,ask schedul- 
ing, and th+ second index ( t n s k  coi~ipl~-f~oiz r n t c )  

evalua1,es how robot,s reconfigure cooperatmion among 
robot,s when t,llere are anomalies. In part,icular, t.his 
ratme is calculated as t,he average of the ta.sk comple- 
tion 11uml)er.; in a cert,ain rang(, of iterat,ions. Not,e 
t,llat vie1vpoint of t,he second index is similar t80 
t,hat of t,he c )iilput~ational cash for repairing anoma- 
lies in t,llt> cr .IT t,asl; scheduling. 

4 Simulation 
4.1 Experimental Design 

A simulat~ioi investigat,es t,he rcschetluling and reor- 
ganizat~ion abilit,ies of OCS when anomalies occur. 
In t,he crew t8ask scheduling, six t.ypes of anomalies 
showil in t,al)le 1 are introtl~ict~tl int,o a schedule of 
10 johs, ant1 t lit, results of rrscht~luling from t8he cur- 
rent scl~eciult~ art, comparcd wit.11 the results from t,he 
1)eginning. Sincc all const,raints ca~tnot  he sat,isfied 
unless a~io~iial ies are removed, feasihlr sclltdules can- 
not he found. For example, a jol) that requires a lilll; 
cannot be complet,ed as long as a link is down. Froin 
this fact,, t,llis paper supposes a wrt,ain duration of 
a ~ ~ o l ~ i a l i e s .  'I'hat is, both t,lre start ; r ~ ~ d  cnd times are 

Table, 1: Type of anomalies 
Content 

A crew cannot perform 
esuc~rirn~nts 

Type 

1 

L' 

Anomaly 1 

C'rcw sick 

1 I 

Power down 

5 

Th(. mas size of power 
decreases 

Machine 4 cannot he  
used i Rlachlne X d o w ~  

R l n c  I I I I I C  1% down 
Rlachinr I? cannot be  
11$( ( I  



Table  2 :  Operation '1al)lt. 4 Truss constructiou steps 

Operatio11 I Content 

Addition I One robot is added to rroua A 
Removal I One robot is removed from aroun A 

One robot in group A is exchanged 
Exchange with one robot in group B 

4.2 Experimental Results 

\. - 

Table 3 shows I)ot8h t>he tot,al scheduling t ime  antl 
t , l ~ t ,  i~ccumula t~ed  s teps  required in rescheduli i~g for 
a ~ ~ o l n a l i e s  'The values a.re calculat,ed bo th  from 
the  I w g i n ~ ~ i ~ ~ g  a n d  f rom t h e  current  schedule aft,er 
anot l~al ies  occur .  All r?sult,s a re  averaged from five 
tliffcrer~t esar11l)les of ea.ch anomaly t.ype t .  For in- 
st,aric.e, tht. durat,ion t , imr a n d  anomaly s h r t  tmime of 
. ' l i ~ ~ k  d o w i ~ "  a re  differmt in each example.  

Failure k 
Removal 

l a  l ~ l e  3 Total sclledulii~g time and accuinu- 
l a t d  steps 

One robot in group A fails and is 
removed 

' I  
y 

h t ~ t , .  ' l ' ihlv I ;mtl Fig.  3 respect,ively show t,l~c, 
truss co~lstrllct,ion s teps  antl t,lir t,ask c o m p l e t i o ~ ~  
r ; ~ t c > .  ; I I I ~  c o ~ i ~ p a r e  t h e  result,s befor? antl a f k r  011- 
t~ratiorrs.  Sin(.(, t l ~ i s  paper  shows t,he change in t , l~t ,  
r ask con111lct io~r  rat,?. t,hc values of 'I'ahle 4 and Fig. 
iirc ol)t ai11l.d fro111 o ~ l v  result.. Ilowever, I\-? Iiavt, c o w  
fir~rlcd t,ha t t I r ( 1  t , t > t ~ d ~ i ~ c y  of results does not c h a ~ ~ g t -  
tlrir~tically with o ther  e s a ~ n p l r s  or tliffbretlt rmt lonr  
h t w l h .  F I I I . ~ ~ I C ~ I I I O I . ( ~ .  a11 ~ p t ~ r a t i o n s  except for "failurr 
,C r.c,ir~oval~' arc, p c , r f o r ~ ~ ~ c d  in 1 17 st,t3ps, and "failurt, 

Total  sc-l~ctluling time I Accutnula.t~ed step:. 
F ~ . ~ I I I  I From I From I From 

r 

I 

5 Discussion 

( 1 ) R c~sc11c:tlllling ahilit y of OC S 

beginning 

.!!)A 

t Ilat O( ' S  llah i1 ~ ~ t x l ~ ( ~ ( I u l i ~ ~ g  ability t h a t  provides 
goo(l f'cYisihlt~ scllt~tlrllt~s t]lli~lily. 

1.1 hi5  c o ~ ~ e ~ p m ~ ~ l s  to  Ihr av r ragv  , > f  ( i \ ,v  \ i111at io115 wit11 
c i i f F v ~ ~ t , ~ ~ t  I ~ I I I ~ O I I I  % e w l \  i l l  one e x a m p l ~ .  

schrdnle 
, 3 0 . 2  

Operatiot~ 

Total scheduling time fro111 a current  whcd-  
1 1 1 ~  for each anomaly t y p e  is a h r ~ o s t  t h e  s a m e  a s  

Gioup A I (:roup B 
Before I After I Before I Xfter 

Addit1011 
Removal 

I~eginning 

2-11.? 

t,he scheduling t,ime from t h e  beginning. T h i s  
k n d e n c y  does no t  change with t ,he number  of 
anomalies, eve11 if const,raint,s i l l  a schedule be- 
cornc hard a s  t,he nuinher  of anomalies  increases. 
Based on t h e  fact t,hat. O C S  f i ~ ~ c l s  good feasible 
scl~et lules  just  f rom t,he current schedule, O C S  
has  a l ~ ~ e c l l a n i s m  for providing t.he appropriate  
rules for each job. Since these r111es a r e  acquired 
in just  103 accumulated s teps  it1 t,he case of 
wit,llout anomalies, OC'S is effect,ive for pract,i- 
cal a n d  e~~gi i l ce r i i lg  use. 

scl~etlulc 

14.0 

Accumulated steps from t.li(. current  sclled- 
1 1 1 ~  in rach anomaly t y p e  is n ~ ~ ~ c l r  s m a l l ~ r  t , l ~ a n  
those from t h e  hegi~lni i lg  (eve11 if 103 accumu- 
lat,ed st,eps which a r e  ncwled for lnaking a sclled- 
ul(- i l l  atlv;~tice a re  added t,o t,l~r. rc:sult,s from a 
c l ~ r r e n t  sclledule). 'This effect i\:mess increases 
a s  t,11(, r~ u1111)t.r of anomalies i~rcrr,asrs. Based 
on  t , l~ i s  fac t ,  O(-:S p r o v i i l ~ s  a ft,asihle schedule 
quickly in t,he case of r c ~ s c l ~ c d u l i ~ ~ g .  F'urt.her- 
more,  this scltedulr is easy u n  tlerst,andable for 
scheclulers hecause most  park- ill t,he original 
schedule remain.  

208 
310 

R.eorgaiiizatioi ability of OCS 

31 3 
310 

followii~g discussions hasetl on  'I'ahle 4 a n d  Fig. 

Addition m a k r s  t h e  t,russ c o ~ h t  ruc t io r~  s teps  ill 
g roup  A deerrase from 232 t o  208 s teps  hecause 
O( ' S  r11a1) I~s  a11 ; ~ t l t I ~ d  robot  t o  acquir(> t , l ~ e  ap- 
l)roprii~tc' a c t i o ~ ~ s  t,llat a re  uscstl t o  cooperat,rs 
wit11 t h r  fivr orig111a1 robots  l .  '1'11is l i e e ~ ) ~  t,11e 
s a m e  task coinplel iotl rill (,. 

l O : i  n r < . ~ ~ r n ~ ~ l i t t r ~ ~ l  s l ~ p s  <.an  11c r : ~ l c i i l i ~ ~ ~ ~ l  ~ I I  ~ d u n ~ l  :3 \ e v -  

i inrls  w i t h  a perso11aI c o ~ n p u ~ e r  (Pe'~ltiu~ll LOOIZIIIZ <'PI:). 
:Hasically. the t rns\ c i lnstruct io~l  st r v ~ ~ \  rlc<.rc,zse as the 

I I ~ I I I I ~ X ' I .  o f  ~ ~ J ) r i t s  i~ i ( . rv i t s r~s .  Ho\\-ev~r. t l i i 5  is  t~a\etl on  tlic 
a5s11111pl ion  l l ~ a l  a 1 1  ; K I ~ I c Y I  ro l~ol  I I P Y W  fail, t I ,  c O O ~ P I Y I ~ P  wit11 
01 11t.1.5 ; L ~ ) ~ ) I Y I [ ) I  i iitt,ly. 
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I igure 1 .  Four operations 

b o.s0 100 150 200 250 
lteration counts 

Fai111rv SL Removal 111a1ic tht. t,russ constrl~c- 
t I O I I  st typs in group 11 ii~creasc, fro111 232 t,o '1-1 1 
d q ) h  t l ~ r c l  to t,he saint, rt,nsoll as  i t 1  "rr~111ov;il". 

However, t,llr t,ask coinplet~ioli rat,e of group B re- 
covers more quickly t l m i  that  in t,he '.removal" 
case. This is hecausc group X does not shift. 
[,he original clivision of work to a new division 
of ~ o r l i  clue to  t,lle unfisrtl actions of t,lle failed 
ro l~o t .  'I 'hl~s, the clivision of work ill group B is 
~ o t  affect8ecl inuch b-j group . \ .  

Homr,ver, one may t,llink t,liat OCS is not, so use- 
ful in t,erms of fault t801eraiice becaust: the rat,e 
of group A becomes almost 0 a f k r  one robot. 
fails and does not. recover u ~ ~ t , i l  tlie failed robot, 
is rcinoved. However, t,his r ;~ t ,e  depends 011 t,he 
tlt,sign of t,he act,ions of the rohot,s. For esa.mple. 
rohot,s clo not get int,o the dcntllocked situations 
m e ~ ~ t i o n e d  in sect,ion 3.2.1 if wr design actions 
that, go hack t,o t,he st,at,ion 1 0  release a beam or  
0 t~l1~r  act,ions t,llat move t,o a~iot~her  place while 
a few t,ime. However, we callnot guarant,ee t,o 
design appropriat,e and indispensable act,ioils in 
atlvaiicr, especially iii spacc t,asks. 'I'llerefore. 
we inust consider cases in which some robot, 
groups confront unespect~ed situat,ions, and we 
also niust consider how ot,l~t.r groups comp1et.e 
t,hc t.as1is wit11 being affectcd hy t,lmse rohot,s 
that  co~lfront unespected situations. From this 
sense, 0 C S  has t,lie potent,ial t o  recovt3r the t,ask 
conlplrtion rat,? when thert' are anomalies in 
sollie ~ o l > o t  groups. 

Truss coilstruction steps in group B does 
not chailgr tlrastically becar15e group B 1s not 
clirrctl> operated b j  the foul operations 

( 3 )  Possibility of OCS 
In  tilt, task of space sl~ut,tles, sclledulers appropri- 
at.ely a.ssign jobs for each crew. However, t,lrere is a 
1inlitat.ion to scheclulers for spact, st,at.ioiis in which 
crrws from cliffercnt count,ries pvrfornl many esper-  
inleiit,s. This is hecause (1)  there are more crew 
members on a space st,at,im t,lian oil a. space shut,- 
t1t. a i~tl  ( 2 )  esper in~ent~s  call I)t> perfornletl t~hrougli 
2-1 hours accortling t,o t,he t , i~ne zone of each country. 
'This sit,ua t,ion ohviously causes ~~nespec t , ed  aiioma- 
lies frrqucntly. Even in such a case, OCS proposes 
good feasil)le schrdules quickly. Furt,l~erniore, crews 
somct,i~ncs want t,o change const raint,s likc3 jol) order 
Iwcausc~ t , l~cy l aow itheir j o l ~  Iwst, and these lrincls 
of recluire~nents occur asynchroiro~~sl\i. In t,liis case, 
OC'S also providcs t,llis chance j l~s t  by allowing crews 
to set t l ~ ~ i r  prc-ferences for joh cmnst,raint,s 7 .  In par- 
t icl~lar,  t.his proper1,y of OC'S Iri~tls t,o effect,i\-r coor- 



difficult because (1) jobs for each country are sched- 
uled hy each country's scheduler and (2)  a sudden 
change in schedules affects ot,her schedules, especially 
when the  same instruments are used. Even in such a 
cases, OCS provides schedules that  recover efficiency 
in jo l~s .  

(4 )  Integration of three components 

Alt,hough the effectiveness of OCS is shown through 
thc above discussion, one may wonder if all three 
components ("learning mechanisms," "rule based 
syst,enls with evolutionary approaches," and "mul- 
tiagent approaches") are really needed to  prove the  
rffectiveness. In answer to this question, we have pre- 
viously shown the effectiveness of integrating "learn- 
ing mechanisms" and "rule based systems with evo- 
lutionary approaches" in OCS [Takadama SSa]. Fur- 
t,hermore, we have also shown the effect,iveness of 
a "rnult8iagent approach" integrated wit,h t,he above 
two  coinponent,~.  This was done by compa.ririg the  
result,s of OCS with t.hose of a model of the hlIichi- 
gan approach [Holland 781, which is one of con- 
ventional models in LC'S and which employs the 
above two components in a centralized approach 
['Takadama SSb]. 

6 Conclusion 

'This paper has the explored possibilities of our 
organizational learning model and has shown its 
rcwheduling and reorganization abilities through ex- 
amples of t.he crew task scheduling in a space shut- 
tle/sta.tion and the task planning for truss construc- 
t ion with multiple space robots. The main results are 
sunniiarized as follows: (1) Our model provides good 
feasible schedules quickly in the case of rescheduling, 
and it  keeps the computationa.l cost for rescheclul- 
ing low; (2)  Pla.11~ generated by our model kvep or 
rccovcr efficiency in t,asks when roboh  are added, re- 
n~oved,  or exchanged among robot groups; and (3)  
T h r  int.egrat,ion of (a)  learning inecl~anisms, ( b )  rule 
hased syst,ems with evolutionary approa.ches, and (c )  
niultiagent approaches is effe~t~ive in reschetluling/re- 
planning problems. 

Fut8ure research include an esplorat,ion of ef- 
fect,ive  component,^, such a.s t,he a.bove three proper- 
t iw ,  and will invcstigat,e t,heir int,egrat,ed effect.ivcness 
in sclicduling aiitl planning domains. 
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