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Leam正皿g　beliaviors　ofhierarchical 　structure ！cami皿g　aロtom 註ta （HSLA ）opemting 　i皿 the　nonstatiomary 　S−model 　environme 皿t　are
conside 匸ed ．　It　is　sh   that　an　cxtcnded 日1gorith皿 ofrelative 　reward 　strength 　algo【ithrp　ensure 　convergence 　to　the 　optimal 　path
with 　probability　1．　Scveral　co皿 puter　si皿 Ulatien　resUlts 　confirm 　the　effective皿 ess　of 血 e　proposed　algorit   ．　F舳 er，　leaming
behaviors　of 　HSLA 　under 　the　nonstatio 皿 ary．mUltiteacher 　environtnent 　are・　also　considcred ．

Kay　Orerds： Unknown　Nonstationaly　Env  皿皿 ent
，
　Hierarchical　St皿 Cture　Leaming 　Automata ，　Relative　Reward 　Strength　Al−

gerithm

　 1．　 Introduct藍on

　　鹸 ・・th・ pi・n・eri・g　we ・k ・fT・etlin（
i）

，
鋤・ ・加・ty・fl… ni ・g ・・−

　toma ね （LAs）has　been　done　quite　extens 重vely　by　mmanry 　researchers

｛2ト （26）．　LA ・   ・・ m ・de・ ・ig・ifi・ant　impact ・p・n ．m ・ny ．ar・ … f

　engilce 血 g　preblem5；and 　have　so 　far　been 　successfU1 ！y 　applied 　to

  y 躙 s．ThCy 　are 　eXpected 　te 　provide　o 皿e 　ofthe 　most 　powe 血 l
toolS　for　canstrucrklg 　an 　intellige！n 　syst   ．

　　Ai廿10ugh 　the　s加 ｛ly　of 　LAs 　has　ma 仙 e【L 廿1ere　are　st正11　several

　problems　to　be　se賃1cd．　 TwQ 　of 　the．most 血ユpertant　are　the 孟ow

speed 　oflearning ，跏 d血c　in田 伽 ent 恤 c  g　abili呼to血 e　chmg −

　i皿9　erlvi「onment （nOnStatienary 　enviro 皿 ment ）．【n ・ order 　to・・over −

　come 出e 加 t　proble叫 the　cencept 　of 　the　hierarchical　stru 血 鵬

　autemata 　was 　orig血ally　proposed　by　Thathachar　and 　Ramak 亘曲・
・跚

‘8）
跏 d 魚     血 旧 ・

（9）．Sin・ C・th・n，・th・ 1・ a・ni ・g　b ・ha・i・rs

　ofthe 　hiera皿 hical　stTuctUre　automata 　have　been　exte 且sively　stロd一
正・dby   y ・e ・ea，ch ，，、

｛5｝
，
（6）
，
（m ）一働 ．　T。

・
。v，、c。m 。 止。 、ec。nd

Pmbl ・叫 Thathacha・ a・d・S・・t・y
（：3｝

P・・P… d ・ 1・舳 9・alg・・it 
　which

’
　uses 　the　average 　of 　all　the　reward 　responses 　fh）m 　the　envi −

1。   ent・They鰤 e溢 en齟 the　use 　o価 eir　algorithm　to　thc　hicr−

archical 　LAs　moclel
    ．　Follevwing　theirresearch，　Oommen 　and

　Lanctot（且6）and 　Papa（瓧ロitdou（1η i皿troduced　the　tvo　concepts 　of

　discretized　pursu至t　a至go【ithm，　and 　st  hastic　estimator 　leaming　al−

9・r正  ，Th・ir・・血 血・… w ・rkhas 　yield・d加 t佃 ・esult ・
（！s＞，（

19）．

　　1・ 1989，・Simh・・ahd・kU ℃ ・e
（2°〕d醜 d ・ v・・y・int・re・t血9 ・lge

　rithm 　whose 　apProaCh 　is　considcrably 　diffel℃ nt　frr）m 　previous　a1−

　gor至t  ．　They　proposed　the　relative　reward 　streng1h 　a圭gorithm，
　whiCh 　utilizes　the　most 　recent 　rdWd 　respOnse 　from 　the　e皿 viron −
−
　ment 　in　an 血 elligent　way ．　They　provedthat　the　prepesedalgorkhm
　converges 　to　the　optimal 　action 　with 　probabili電y　l．　Thcy　a 盟so 　gavc

　several 　computer 　s洫 u 星ation　results　which 　cQn 且mled 　the　ef琵ctive−

　 ness 　oftheir 　algDrithm ，　and 　touched 腿pon　the　possibi五ty　ofus 血9 至t

　 eficieney 　i1　a　certa 血 type　ofn ・ nstationary 　eTrvironment ．

　　 However．　despite　the　effectiveness 　oftheir 　algorithm，　additional
　stud 重es　concerning 　thc 星eaming 　behaviers　ofthis 　type　efalgerithm

　have 皿ot　fbUQwed．　The　present　wr 冠ers　ca   ot　exp   such 　omis −
　 Slon ．

　　One ・f止e　most 爬 aso曲 1e　ways 　to　use 血 s 卿 e　of 組9・rl丗皿

　血 an　e皿vimnmellt 　with 　high　dimens三〇nality 　is　to　utilize　the　hier−

　arChical 　sys象em 　of 　the　LAs．　 This・nieans　that・ene 　shoUld 　 extend

th… i帥 ・1・el・脱 ・跚 ・d ・t・eigth ・alg・・it  〔2°）t・ b・ ・ti1囲 i・

　the　hierar｛；hical　system 　of 　the　LAs ，　and 　the皿 care 佃 ly　ilrvestigate

　ils　leami且g　perfo皿 ancc ．　However
，
　unfb 血 mate 童y ，

　th三s　has　not 　yet

　been　attempted

Fig．1　 Basicmodlel’of ’a　learnilg　autoitiatoh　operating 　in　aari　un ．
　　　　   ⊂    面 me 面 m   e庶

　1皿 this　paper，　we 　shall
’
t【y　to　extend 　the　a！gorithm　of　Simha− and

Kurese　to　be　used 血 the　hierarchlcal　structure 　LAs　model ．　We 　shab

offer 　evidence 　that　oUr 　extended 　algorithm　converges 　tothc　optirnal

aetion 　umdcr 　tle　certain 　type　ef　the　nQ 皿 statio  y　S−mOdel ・e皿 viron −
ment ．鞭 sh 俎 also　glve　seve 瓰 l　computer 　s  u 生ation 　Iesu 至ts　which

confitm 　the　effectiveness 　of 　our 　extended 　algorith 皿 ．　 Fulther，　we
Shall　toiSch　upon 　the　learn血g　behaviors　ofHSLA 　under 　the　nonsta −
tionary　mUltiteacher 　environment ．

2，Basic　Mode至of　a　Learning　Automato 皿 Opera 樋og 　i皿
　　 an ．Unknown 　Enyir   nment

　 Below 　we 　win 　discuss　the 三eaming 　behaviers　ef 　the 　HSLA 　oper −
ating 　i1　the　nenstationary 　S−mode 呈envllo 皿 ment ．　To　place　oUr 　stUdy

in　the　appropriate 　co 皿text，　we 　sta亶 with 　a　briefexplanat正on 　of　the

basic　model 　ofthe 　leaming　mechanism 　ofthe 　s孟ngle 皿 tomato賦 in
the　stationaTy 　raridom 　environment ．

　The 　learning　behaviors　of 　a　variable −st田 c餉皿 e　learning　automa −
ton　operathlg 　hl　amm   own   dom　en 曲   ent 　have　been【lis−
cussed 　erttensively　under 　the　basic　model 　sh（wn 　in　Fig．1．　Lcl　us

briefiy　explain 　the　leaming．mechanisrn 　of 　the　leaining　automaton

A   ｛ler　the　unknown 　ran 【IOm　crTvironment （teacher　errvironment ）

R （01，（］2，＿ ，
Cr）．

　 Thc　 leam血g　 automaton 　 A　 is　 de血ned　 by　 the　 sextUple

｛S ，
W

，
　Y

〜g，
　P （t），

T ｝．　S　denotes　the　set　of 　two 血puts （0，1），　wherc
1　in｛ticatcs　the　reward 　response 　fr・m 　R （α ，（コ2，… ，（7r），and 　O溢

dic飢 es 　the　penalty　response ．（ifthe　set　5　consists 　ofonly 　the　two
elem 聞 ts　O　and 　l，the　errvirc ｝nrnent 　is　saidtobe 　a 　P−mode 三．　Whenthe
血p凱 i皿 eAassurnes 　a 触 e 　number 　efvalllcs 血 thc　closed 血terva1
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[O,1]. it is said  to be a  Q-irK)del. An  S-mode1 is one  in which  the
input into A  takes an  arbitrary  mmber  in the clesed  1ine s,egrnent
[O,1].' in this pape4 we  wM  deal wkh  the S-model erTvi:Onr )ent,}
W  denotes the set efr  intemal states (u)i, w2  , , , , , w.).  Y  denotes
the set  ofr  outputs  (yl,y2,.,.,y.). g denetes the output  fimction
y(t) ;  g[w<t)], that is, ene  to one  deterministic mapping.  P(t)

denetes the probability vector  tpi(t),p2(t),..,,p.{t)]' at tirne t,
and  its ith companent  pi (t) indicates the probability with  which  the

ith state  wi  is chosen  at timet(i  ==  1,2,.,,,r):

Pi(O) =p2(O)  =･･･=p.(O)  =  l, £ p,(t) == 1.
                             i:1

TdenotesthereinforcementscheTnewhichgeneratesP(t+1)frarn

P(t).

  Suppose  that the state  uri  is choser]  at tirne t. Thety the  learn-
ing automaton  A  performs action  yi on  the random  e"vir{)nment

R(Ci, C2, . , . ,a).  in respense  to the actien  yi, the environmeirt

eTnits eutput  s(t) =  1 (reward) with  prebability 1 - C,; and  output

s(t)  =  O {penalty) with  probability a  (i =  1,2,... ,r),  Ifall
ofthe  Cs (i ==  1,2,...,r) are  constant,  the randem  errvironment

R(Ci , C2 , , . , ,
 q)  is said  to be a statienary random'  errvironment.

(The term 
"single

 teacher errvironment"  is also  used)  On  the othcr
hand, if C2 (i ==  1, 2,..,,r) afe  not  constant,  it is said  to be a

nenstationary  raridom  errvironment.  Dependmg  upon  the action  of

the learnlng alltomaten  A  and  the errvironmental  response  to it, the
reinfbrcement  scherne  T  changes  the probability vector  P(t) to
P(t  +  1).

  The values  of  Ci (i =  1,2,...,r) are  not  known in advance.

Therefore, it is necessary  te reduce  the average  penalty,

        r

M(t) =  Ep, (t)q
       i=1

by selecting  an  appropriate  reinfbrcement  scheme.  Tb jlldge the
efi}ctiveness  of  a  leaming  automaton  eperating  in a stationary  ran-

dom errvironment  R(Ci , CZ!, , , , , a), various  perft)rTnance mea-

sutes  snch  as  optimalityL  e-optimality,  absolute  exp6dienqy;  etc.

have been setup.  (Details are  omitted  dne to space;  see 
(3)Lt7).)

  In this section, we  havc briefly introduced the learning mecha-

nism of  the single  auternaton  under  the stationaiy  raTidem  erTviron-

ment  R(Ci , C2 , . . . , a). Hcrwever, when  applying  LAs to various

actual  problems, one  often  encounters  hatd situations  where  non-

stationary  random  emrirorment,  multi-teacher  errvironment,  HSLA
model,  etc. must  be censidered.  in the follcrwing section,  we  will

explain  the 1eaming mechanism  of  the HSLA  eperating  in thc  non-

stationaryS-mode]errvirorment.

3. Hierarchical Structure Learning Autemata{HSLA)

   Operating in the  Nonstationary  S-model, Enyiren-
    ment

  Leaming  behaviors ef  the single  aTrtomaton  hemre been  exten-

sively  studied  under  the basic model  chcrwn in Fig. 1. Howeveg  one

of  the most  serieus  bottlenecks cencerning  the learning mode1  of

the single  autornaten  is that its learning performance declines con-

siderably  when  the space  of  decisiens has high dimensionality.
  In order  to overcome  this problem, Thathachar and  Ramakrish-

nan  
CS)

 prepesed the concept  of  the HSLA. Since then, many  active

researchers  have becn iiriolvecl in the stu(ly of  the'leaTiiing behav-
iers ofthe  HSLA.

  Next  we  consider  the learning behayiers of  the HSLA  operating

inthenonstatienarySmode1envir{]nment.

Hieiai:hicalStructureLcarningAutomata

"(t)=e{jlj2j31･ 

         ]
           

         1alilalh-

t
 1v41

 3
 1
 :

 laniqm･
 l

Fig.2 Hierarchicalstmcture]earningantemata.

  The system  of  the hierarchical strLicture  learning automata

(HSLA) cansidered  in this paper is briefly described as follows.
(For easier  understaiiding,  the system  of  the HSLA  with  the  hier-
archy  of  3 levels is shcrwn  in Fig.2.) The  hierarchy consists  of  the

tree-structured LAs  each  with  r actiens.  Z  denetes the  top level
(first Ievel) autematon.  ZL,th,.,.,Z; denote the automata  at the
second  level. Zn, Zn,...,ZN･Li, itr denote the automata  at the
third 1ovel. At the  genera1 sth  (s =  1,2,...,N) level, there are
rgmi  autarnata  aii2･･･i."t-

  Each learning automaton  a,.2...i.-, (s ;  l,2,... ,N)  is
defincd by {a{,i,･･-i.rr,,P(t),Pi,i,...i..,Ct),TiVhi2･-d.-i(t)}･
Here, Crqil...i.-1  =  {adlit,,d.-ILtailt2.,i.m12t... }

aiii2･･･i.-ir}  dcnotes the set of  r  actions,  P(t) denotes the
rcward  respense  ffom the erwironment.  piii",..i.-J(t) ;

(I){li2･･･i.-11(t),Pizi2･･･i..l2(t),･･･,P{mi2･--i.-lr(t))i denetes
the action  prebability distribution, T denotes the reinfbrcement
shCerne,Vili2-･l.-1(t)=(Vili2--･i.Tll(t),
V{lt2･--is-12(t),･,･,Vlli2･･･i..lr(t))1  deneteS thc recent  reward

Vector  Z.

  Let us  now  examine  how  the  hieraichical system  behaves. Ini-
tiallM al1 the action  probabilities fdr each  automaton  at each

levcl are set equal.  The  fiTst level autornaton  Z chooses  an  ac-

tion at  time  t from the aetion  probability distribetion p(t) ;

lv1(t),p2(t), , , , , pr(t))'. Suppose that ati,  is the outpllt ffom  Z.
Thell, at the secend  level, the automaten  Z}, is aetllated. The 4･,
also chooses  an  action  from its action  probability distributien. Ay
sunie  that as-w,  is the output  ffom Z3･,. Then, at the third 1ovel,
the automaion  4･,j, is actuated.  This cycle  ofoperation  is repeated
ffom the tep (1st level) te the bottom (Nth level). Thc action  at the
lawest level interects with  the etTvironment.

  The sequcnce  of  actions  {ah, ahj'2  , ･ ., , qjiJ'2･･-jN } haYing
been chosen  by IV autemata  is called  the path. Let ipo'is'2･･･jN de-

nete  the path. Corresponding to the path, the hierarchical structure

leaming automata  model  receives  reward  strength  P(t) 2 as an  en-

vironmental  response,  The HSLA  mode1  utilizeij this P(t) in order
te update  the  current  recent  reward  vecto:  Th.e action  probability
veetor  of  each  learning automaton  relating  to the paih is updatedby
using  the infbrrnation concerning  the recent  reward  vector.  Afier all

  
jlhercceritro-vardvectorwillbedefinedinth'enextsection.

  
2P<t)

 cari  be nn  arbitrary  numbe[  in the ciosed  lime segrnent Ee,1]. The
large valuc  ofP(t)  indicates that the high reward  is givcn te the sequenee･of
actions  being  chosen.

-
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of  the afbove proeb(fures have been cornpleted.  time t is set to be
t +  1. By  repeating  the above cyele of  operation,  learrting by the
hierarchical structure  autetnata  proceeds. Let rsij･2..v-N(t)  denote
the prebability that  tPe  path ej,h...j. is choscn  at time t. Fram
thisdefinition,Thh･･･riN

 (t) =  th1 (t)llflh (t) ' ' ' Pilh･･･j'N (t)

TheNonstationaryS-mode1Environment

(1)

 Next, we  consider  the leaming behaviers of  the hierarchical
stnictureautomatamedeiundertheSmodeIncmstatienaryenviion-

ment  with  the follcrwing preperty:
The

 
optirnal

 path ipjpi...jk 
satisfying

 the fo11owing relation  exists
miquely 3 :

    
rn,i

 
iE{i!jr,･,t･･v･s

 (t)} >  m,ancE{liiii2･--i.(t)}  (2)

Whcre  fiill2...iN denOtes the erTvirenmental  response  oorTespond

ing to  the path ipi,h･･･i. and  max{1rt  
-

 ii1, ljJ 
-

 i2l, ･ .･ , ljXr 
-

iNl}>O.

The  objeetive  fdr the hierarchical structure  of  LAs is to find the op
ttmal path dijlji ,,,,･; with  the prohability as  high as possible.

Remark  1 The  inequality (2) indicates that the minimum  value  ef

the average  reward  from the eTTvirbnment  corresponding  to the opti-

malpathisthelaTgerthanthemaxirnumvalueoftheffvcragereward

cerrespondng  to the other  path. This means  that we  wM  discuss the
learning performance  ef  the proposed algorithm  under  the nonsta-
tionary Smodel  errvironmeni  whese  constraint  is rather  suict.

4. A  New  Learning Algerithm of the Hierarchical
  Structure Automata  Medel

 In 1989, Sirnha and  Kiirose(20) psoposed a  new  class  efupdate

algorithtns which  realize  a sophisticated  use  of  reoer}t environincn-

tal responses.  They chcrwed that their algorithms aTe  suitable  iv
tracking nonstationary  behaviors of  errslironments.  in this sectien,
we  shad  extend  their algerithms in erder  to use them effectively  in
the HSLA  systerrL
 First, 1et us  define 'Ireeent  reward  te the path" and  

"recent
 reward

vector":

Definitien 1 Let us  assume  that the path ipi,i,...iN has been  cho-

sen  at time t and,  ocrrresponding  to ip"ifi ･･･{N, nvard  X3iii2 ･-･iN haS
been given im  the errvironmeni.  The4  

"recent
 rewarct  to the path

ipiiii･･･iN" is defined as fo11ows:

Uili2･･･iN  (t) =  Piti2･･･iN (3)

 On  the other  hand, the other  recent  reward  to the path
ipj'ij'2･･･jN (]k; ik 7E jk) is defined as foilews:

       UjiJ･2･･･jN(t) ==  Aljza-･･jN(7Sw･2･･･jN) (4)

where  Tb-lj2...jN is the most  recent  tirn¢  whcn the path ipJ-lh･･･jN
has been chosen, and  A,j?...jN (7bija,･,jN) is the rewar  l ffom  the
errvlronmentatOlj2･･･jN･

Definitien2 Letviliza･･-{.-1(t)= (Vhi2･･･i.-11(t),
Viii2･･･i.-i2(t),･..  ,Viii2･･･i.-tr(t))t  be the reeent  reward  vector

corresponcling  to the sth  level leaniing autematen  nii2･･･i.mi (s ==
1,2,...,N).

 
3E{.}denDtesthemathmmaticaleorpectatienef..

Here, each  ef  the components  ef  vi,i2,,,i.-i(t)  is constructed  as

follows:i)

 At the Nth leve1,

          vhta･･･iN(t)=uili2-･iN(t)  (S)

iD At the sth  level (1 S.s S IV - l),

     Vili2･--i. (t) =  Ulax{Vlli2･･･{.ICt)t  Vili2-･･t･.2(t),

                    ..,,Viii2--i.r(t)} (6)

As in (20}, we  also assume  that the following eonditien  holds

for al1 ii,i2,,,.,ie (ig ==  1,2,..,,r; g ;  1,2,...,s  (s =

l,2,...,N)):

         gkninSPiiii･-i.{t)Sgrna=  (7)
where  g.i.  and  g...  satisfy  the inequalities O <  gm{n  <  gmaut <
1 and  qmam =  1 -  (r - 1)gmin･

 Next  we  chan psopose a  new  learning algorithm which  is an  ex-

tended forrn ofSirnha  and  kuose (20) relative reward  strength  algo-
rithm.It!99!!!I!IAI

 thrn

Assume that the path ip(t) =  thJ･,j2...j･N has been chnsen  at time
t and  (corresponding te the output  frt}m the hierarchical struc-

tuTe autornata  system) the errvironmental  response  uJ･ij2･･･jN has
been  given. TTien, the actien  probabilities nj,h---j.Lii. (t) (is =

1,2,... ,r)  of  each  anutomaton  4,j,...j.-, (s =  l,2,.,. ,N)

coruiected  to the patt! being chosen  are  updated  by the  following
equatien:

    lliIJ-2,,v･.mli. (t +  l) =  pilh,･.j.mli. (t)
           +Ajlj2'"js-1(t)AIli!ji'''jumli"(t) (8)

whereAk･,j,...j.-,i.(t)iscalculatedby

APjlh'''j's-iis(t) =U)'lji･,･j'"-lis(t) 
-futs(t}

 
t.EZt.c,)Viin

 p.-!T.( ±),

           
Vi.

 E  As (t)
O,' is ¢ As(t)

                               (9)

 Here, the set A.  (t) is constructed  as  follows:

al Line up  tt)',s･, ･･･j.",i. (t) in descending orden
b) Set Piijr･j.-i ==  {kslvaih･･-j.mik#(t)
   =

 Ir!aXi.{va'w'a･･v..li.(t)}}-

oj Repeat the fo11owing procedllre for i. (is ¢
  zaw･o･･-o-.-i)inclesoeridmgorderefvash.･･j.rm,i.(t):
  If the inequality pjij･i..,J･...i{.(t +  1) >  gmin  can  be sat-
  isfied as a result of  calculatien  by (8) and  (9), then set

  Dj･,jti---s･.-, 
=
 Pilh･･･o･.mlU{is}･

dl Set As(t) ==  Piija･･-j.-i･

Remark  2 A)･,j,..v･.., (t) is the stepsize  parameter at time t-

Remark3  in the psoposed algorithm, the change  in the action
prcSbability of  each  acrtuated  automaten  in the hierarcby is propo-
tional te the difference between the corresponding  ccmponerrt  ef

the recent  reward  vector  and  the average  rccent  reward  over  al1 ac-
tions in the actuated  automaten.

Remark  4 The actian  probabilities efeach  autcffnaton  which  is not
en  the selected  path are net  changcd

-
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Remark  S As  we  have already  mentianea  the proposed algorithrn
has been  obiained  by considering  the extensien  of  the re}ative he-
ward  strength  algorithrn  proposed by Simha  and  Kllrose (20). This

means  that the  proposed algorithm coimci{les with  the original  one

when  N  =  1. Sevetal computer  simulation  results 
(20)

 shawed that
the relative reward  strength algerithn (used in the single  autom4-

ten) outperfbrms  the SLR-i  scheme  under  the nodstationary  rani

dom  errviromneni  with  high neise.

kble1VALUESbili2/..iNoF THE  COEFFICIENTS  aiii2･･･iN  &

path･ ab

OptimalPath
ip11111221121 o.sgo.es
Secondoptirnalpath

ip111Ul12122 O.70,O.08

S. CenyergenceTheerem

  in this'seetion, we  shal1 derive a  coiivergenoe  
･theorem

 con-

cerning  the learning perfbrmance of  our.proposed  algorithm.

First, we  can  obiain  the following lemma  by  paying attention

to the components  ef  the rffward  vector  vjlj,,..,j:T,(t) 
=

(Vjljl･･･j:ull<t),ltilj2+･･･j;Jl'2Ct),･･･,
Vslje･･･j:-,r(t))'  (s =  1, 2, ･ ･ , t N) conespending  te the optimal

pathej'rj2'･･･j}:

Lemma  1 Suppose that each  componerrt  ofthe  currerrt reward  vec-.

tor is given by (5) and  (6). Then, the following inequality concerri-

ing the learning autornaton  4-,+j,. ,,,j:T, (s =
 1, 2, . . . , N)  holds.

    
'
 . E{va-:j;,"jg(t)}>E{tLilj;,-j:L,{.Ct)} (10)

where,  is ==  1.2,.･･ ,Ti  is l  j:･

  By taking advantage  of  the lemma 1, we  can  chtain the following
theorem concerning  the convergence  to the optimal  path ips'los ･･･s'; :

Theorem  1 Assume  that the condition  <7) and  the conditions  given
in the lemma  holdi. Fumheg  1et Aj,j, ,..j.-, (t) be a  sequence  of  real

numbers  such  that

                  oe

)Ljij2･ ･j.-i(t) >  O, £  )Ljw･2,,,J･.Li(t) =  oo,

                  
t=:o

                   Z  As2･ w･,...,･.L,  (t) <  oo

                   t=1

(11)

Then, the path probability rjr,･,,  ...j} (t) that the hierarchical stmc-

tuie automata  system  chooses  the optimal  path ipj･i*ji..jn at time  t
'c6rrverges

 almost  surely  to (qm..)N.

Remark  6 Due  to space  1imitation, we  omit  the prcofs of  Lemma

1 and  lheorem 1. interested readers  are  kindlly asked  to read  the
    (27)paper .

6. ComputerSimulationResults  
'･

  in ortser to irtvestigate whether the proposed algorithrn can  be

succcssfully,  utilized  in the nonstationafy  S-model  errvlrenments,

we  carried  eut  many  competer  simulations.

  We  shal1 shcrw one  of  the cemputer  sirriulation  results  concern-

ing the learning behaviors of  the HSLA.  Before going'inte details

concerning  the cornputer  sirrrulation, we shall briefiy explain  the

hierarchical automata  system,  nonstatienary  errvironments,  etc.

A. Hierarchical Structure iimtemataModel

    The hierarchical structure  automata  model  is characterincd  by
    the follevwing:

     t) Nmher  ofthe  levels of  the bierarchical structure  leatnirig
          automata:  11

    2) ･Nuniber efthe  aetions  efeaeh  automaton  in the hierafchY:
          2

    3) Tbtal mmiber  ofpaths:  2048

    4) Optimalpath: ipllin22it2L

B, Nonstatienary Errvironment

    XNleheweconsgderedthefollowingnonstationaryerrvironment:

    1) The  eTrviienmenta1  reward.fi<t)  at timetconsponding  te

         the output  ip(t) =  dii,i,...i. from the hierarchy is chaij

          acterircd  by  the fo1!crwing equatien:

P9(t) =  Piti2..iN (t) +  eiii2--{NC{12)

         where  C is the random  variable  with  the  uniform  prob-

         ability density function in the  closcd  interval E-O.5, e.5]

         andPi,i,...i.(t)

          ==  aili2･･･iN  +ijili2-･･iN Sill(qJi2...{NTt+dili2.,.iN).

         Here, aili2･･･iN,  bili2･･dN, qli2･･･tN,  dild2･-･{N and

         eiit2･･･i. are  the.posittve scalprs  whbse  values  have

         been  chosen  in such  a  way  that the inequality e S
         P(t) S 1 holds for alI t.

    2} in thU'simulation, we  ntilizedthe  foE6uling particularcom-

         binations conceining  the pararrleter valucs.

         a{ii2･･･iN,bii{2･--i"l: The  valtics Qf' hl･ii,...i. and

              in,i2･･･i. corresponding  to the optimal  path and

              the second  optimal  path are  given in Tal}le 1. The

              values, ofthe  other  ai,.i,...i. hpve been chgsen  by

              using  the random  varial)le with  the imiform  prob-
              ability density funetion in the cleSed  interval [O.1,
              O.5]. en  the other  hand, the vallles of  the othcr

              biit2 ･･･iN have been chosen  to be equal  to the same

              value  O.1.

         q,i,･･･i,, : The  yalue  of  cts,i2,,.iN  has･been cbosen  by
              using  the random  variable  with  the imifoim  prob-

              ability density function in the clesed  interval iO.3,
              O.8].

         diiir-iN: O.5 for all ih i2,...,iN.

          eiii2..iN:  O.03 for allii,i2,...,iN.

C. Parameters ginin &  qmar

    As the parameters g.i.  &  gm.., we  have･used the fo11owing
    values:

    qmin  =  O･O02
    gma=  ==  e.998

    we  have used  the sarne  value  6f the parameter

    Aii{2-･{..i <s ;  1,2,''･,N) frern the tep level'of

    the hierarchy te the bottom level.

    Ilable 2 shovis  the average  number  ef  iteratien and  the proba-
    bilitythattheproposedalgorithnhassucceededinfindjngthe

    optimal  path. in each  computer  experiment,  we  have cartied

    out  30 simulations.  in order  to cornpare  our  proposed algo-

    rithm  with the familLar learning algorithm by Thathachhr and

    Ramakrishnan  
(S),

 we  have alse carried  out  computer  simula-

    tions using  their algorithm  by koep ing･thc same  experimental
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Table2SIMULATIONRESULTSOURALGORITHM

StepsizeAverage Percentage
parametersNumber ofcorrect

oflterationsconvergences(Olo)

O,Ol 2234.0 100
O,02 11882 100

O.03 851.4 100
O,04 864e,5 100.
O.05 11944.1 100

Table3SIMULATIONRESULTS(T&RALGORITHM

StepsizeAverage Percentage
pararnetersNumber ofcorrect

oflterationsconvergences(O/o)

O.OO025127132.4 100
O.OO026131674.! 100
O,Ooo271268882 91
O,OO028.126098,2 100
O.OO029113611.0 91
O.O025 11398.4 37
O,O026 10978.6 23
O.O027 12277.0 30
o.oo2g 112682 30
O.O029 10433.4 23

)

canditiens.  Ihble 3 shows  the computer  simulation  results.

From these results, we  may  confiTm  the effeetiveness  of  our

proposedalgorithn.

7. A  Preposal of a Learning Algerithm ef HSLA  Op-

  erating in the Nonstatienary Multiteacher Eriyiron-
  ment

 We  hEve  recently  suoceeded  in constmcting  a  leaming algorithm
of  HSLA  operating  in the  nonstatienary  multiteachcr  enviromnent

{as shown  in Fig.3). Due  to limitation ef  space,  we  don't go inte
details. interested readers  are  kndly askod  to attend  eur  presenta-
tions.

8. Cenclusions

 In this papeg we  have cxtendcd  the relative reward  strength  al-

gerithm of  Simha and  Kiirose (20) in order  that it can  be used  in the
HSLA  mode1.  We  ime  indicated that the proposed algorithm en-
sures  convengence  te the optimal  action  wp.1  underthe  certain  type
of  nonstationary  S-rnodel environrnent,  Future research  is needed
to imestigate the leaming behaviors of  the hierarchical stmcture
awtomata

 under  various  types of  the nonstationftry  eirvir()mnents.
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Fig,3 HSLAoperating  in the  multiteacher  environment
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