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A bstr act

W e p rop ose a sim ulation-basedalgorithm for le a rning
goodp oliciesfor a Ma rkov decision p rocesswith un-
know n transition law,with aggre gatedstates.The state
aggre gation itselfcan be adap tedon a slow e r tim e scale
by an auxiliary le a rning algorithm .R igorousjustīca-
tionsa re p r ovidedfor both algorithm s.
K EY W O R DS: r einforce m e ntle arning,Markov de ci-
sion p r ocesses,le a rning ve ctor q uantization,stochastic
ap p r oxim ation,dyna m ic p rogra m m ing.

1 IN TR O DUCTIO N

In classicalstochastic control,itisassum edthatthe
state p rocessor an associatedobse rvation p r ocessis
e xactly know n to the controlle r.In m any re alistic sit-
uations,how e ve r,thisisnotq uite true. T hisisbe-
cause thisinform ation ne edsto be transm ittedacross
a com m unication channelwith rate constraints,calling
for e xp licitdata com p r ession. A tone level,one can
view com p r e ssedobse rvationsasfurthe r `p a rtialobse r-
vations'. Butthe re isone im p ortantdi®e re nce : T he
data com p r ession sche m e itself isa decision va riable
andshouldbe op tim ized.Many r e ce ntworkshave ad-
dressedthese issues[8],[10],[12 ],[13],[2 7 ].

O ur aim he r e isto addressthisissue in the conte xtof
yetanothe r im p ortantr e ce ntdevelop m e nt,viz.,rein-
force m e ntle a rning algorithm sfor le a rning ne a r-op tim al
p olicies. (Se e [3],[2 2 ]andthe re fe r e ncesthe rein.)
T hese a r e com p utationally intensive sim ulation-based
algorithm s. T he y a r e p a rticularly a p p e aling for la rge
com p le x syste m sfor w hich e xactanalytic m odelling and
accurate m odelestim ation a re unfe asible or e xp e nsive,
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butsim ulating typ icalsyste m transitionsisr elatively
e asy (e.g.,basedon localup date rulesfor inte rcon-
ne ctedsyste m s).E ve n so,in their the or e tically e xact
form ,these algorithm ssu®e r from the curse ofdim e n-
sionality,in factm uch m or e so than their classicalan-
tecede ntslike value andp olicy ite r ation.He nce the r e is
a ne edto inte rface the m with a suitable a p p roxim ation
architecture.

T he two standardp a radigm s for a p p roxim ation a re
state aggre gation andthe use ofp a ra m e trizedfam ilies
offunctions(with a low dim e nsionalp a ra m ete r sp ace )
for a p p roxim ating the value function [3],[24],[2 5].The
latte r,though itm akese m ine ntsense asan a p p r oxim a-
tion sche m e,isnotm uch use from a data com p r e ssion
p e rsp e ctive,w he r e asstate aggre gation t̄sitnaturally.
T hism otivatesour analysisofa le arning algorithm with
state aggre gation.

To be sp e cīc,w e conside r an `actor-critic'typ e le a rn-
ing algorithm .T hese w e r e introducedin [1]andstud-
iedexte nsively in [14].W e inte rface thisalgorithm with
state aggre gation asp rop osedin [2 4],e xce p tthatthis
isan `on line'le a rning algorithm basedon a single sim -
ulation run,esche wing in p a rticular the `inde p e nde nt
sam p ling'ove r e ach aggre gatedstate asin [2 4]which
sim p līesthe analysisof [2 4]som e w hat.O ur analysis
rigorously justīesaggre gating statesin te r m sof the
value function.(Thiswasalso suggestedin [10].) W e
the n p rop ose `le a rning'sche m e sto achie ve thisaggre ga-
tion.Take n togethe r,thisp rovidesa com binedsche m e
for data com p r ession andop tim ization.

T he p ap e r isorganizedasfollows. The ne xtse ction
form ulatesour controlp roble m asa Markov decision
p rocesson a la rge but n̄ite state sp ace.Itthe n con-
side rsa x̄edaggre gation ofstatesandform ulatesthe
basic algorithm .Se ction 3 statesthe m ain the or etical
resultsin thisconte xt,notably the ke y e r r or e stim ates.
T hese estim atesjustify state aggre gation on the basisof
cluste ring in the r ange ofthe value function.T hism o-
tivatesthe cluste ring algorithm p rop osedin se ction 4.



T he p ro ofsar e q uite technical,buta la rge p a rtofthe m
isstandardandisadap tedfrom analogousa rgum e nts
in [5],[6 ],[14].Hence in the inte restofbr e vity w e r e fe r
the r e ade r to these re fe r e ncesfor detail,focusing he r e
only on the fe w p ointsofde p arture from these re fe r-
e nces. A com p lete ve rsion ofthe p a p e r with detailed
p roofswillap p e a r else w he r e.

2 THE LE A R N IN G PR O BLEM

W e conside r a controlledMarkov chain X(n);n ¸0,on
a la rge n̄ite state sp ace S = f1;2 ;:::;sg,controlled
by a controlp r ocessZ (n);n ¸ 0,taking valuesin a
n̄ite action sp ace A = f a1;:::;arg. (̀A'couldbe a
discretization ofa com p actm etric sp ace.) T he transi-
tion p robability isgive n by p : S £S £A ! [0;1].That
is,

P (X(n + 1)= i=X(m);Z (m);m·n)
= p(X(n);i;Z(n));n ¸0:

f Z(n)g issaidto be a stationa ry p olicy if Z (n) =
v(X(n))8 n for som e v : S ! A,anda station-
a ry random izedp olicy if the conditionallaw of Z(n)
give n X(m);Z (m ¡1);m · n,is'(X(n))8 n for a
' : S ! P(A).(He re andlate r,P(:::)standsfor the
sp ace ofp robability m e asure son `:::'with top ology of
w e ak conve rge nce.) B y abuse ofte rm inology,w e m ay
r e fe r to the m a p v(¢)(resp .,'(¢))itselfasa stationary
(resp .stationa ry random ized)p olicy.

O ur aim isto m inim ize ove r alladm issible f Z(n)g the
cost

E

" 1X

m=0

®mg(X(m);Z(m))

#

for a p r escribedrunning costg : S £R anddiscount
factor ® 2 (0;1). The value function V ¤ : S ! R
associatedwith thisp roble m isde n̄edas

V ¤(i)= m in
f Z (n)g

E

" 1X

m=0

®mg(X(m);Z(m))=X(0)= i

#
;

i2 S ;

andisthe uniq ue solution to the dyna m ic p rogra m m ing
e q uations

V ¤(i)= m in
a

2
4g(i;a)+ ®

X

j

p(i;j;a)V ¤(j)

3
5; i2 S :

(2 .1)
In fact,' : S ! P(A)isan op tim alstationa ry random -
izedp olicy ifandonly iffor e ach i,sup p ort('(i))½
A rgm in (r.h.s. of(2 .1). A stationa ry op tim alp olicy
alwayse xists,obtainable by p e rfor m ing the m inim iza-
tion on the r.h.s.of(2 .1).For these andothe r stan-
dardfactsconce rning Markov decision p rocesses,se e

[2 1]. W e assum e thatthe chain isirreducible unde r
e ve ry stationa ry random izedp olicy.

W e wish to le arn ne a r-op tim alp oliciesfor an aggre -
gatedstate sp ace basedon a sim ulation run.T he state
aggre gation isachievedby a p artition ofthe state sp ace
into disjointsubsets:

S = S 1[ S 2 [:::[ Sm;S i\ Sj= Á for i6= j;

w he r e typ ically m << s. W e view the S i'sasaggre -
gated`m e ta-states'. Corr e sp ondingly,de n̄e p(i;l;a),
i2 S ,1·l·m,a2 A,by

p(i;l;a)=
X

j2S l
p(i;j;a):

LetS= f S 1;S 2 ;:::;Smg and~S (n);n ¸0,the S-valued
p rocessgive n by ~S (n) = S jif X(n) 2 Sj;n ¸ 0.
Finally,letf a(n)g;f b(n)g be p r e scribedse q ue ncesin
(0;1)such that

1X

n=0

a(n)=
1X

n=0

b(n)= 1 ;

1X

n=0

a(n)2 ;
1X

n=0

b(n)2 < 1 ;

a(n + 1)=a(n)! 1;

b(n)=a(n)! 0:

T he p rop osedle arning algorithm is as follows: Let
fX(n)g be a sim ulatedtra je ctory ofthe chain with con-
trolse q ue nce f Z(n)g soon to be sp e cīed.Let¯0 > 0
and¡ : R ! [¡̄ 0;̄ 0]the p r o je ction m a p . T he al-
gorithm isa p air ofcoup ledite rationson two di®e re nt
tim e scalesw hich a re sim ulatedby two di®e re ntchoices
ofste p sizes[4].The `fast'com p one ntisasfollows: For
1·i·m andn ¸0,

Wi(n + 1)= Wi(n)+ a(n)I f ~S (n)= ig[g(X(n);
Z(n))+ ®W~S (n+1)(n)¡Wi(n)]:(2.2 )

He re Z(n)= awith p robability Ã¯(n)(~S (n);a);a2 A,
whe re

Ã¯(i;a)
¢= e ¯(i;a)=

ÃX

b

e ¯(i;b)
!

; 1·i·m;a2 A;

and¯(n)¢= [[¯ia(n)]]isgive n re cursively by the `slow'
ite ration.

¯ia(n + 1) = ¡(̄ ia(n)+ b(n)I f ~S (n)= S i;Z(n)= ag
[Wi(n)¡g(X(n);a)¡®W~S (n+1)(n)])

(2 .3)

To getan intuitive fe elfor thissche m e ,conside r s =
m;S i = f ig 8 i (i.e.,no aggr e gation),whe nce itre -
ducesto the `algorithm 3'of[14].A sp e r the rationale



for two tim e scale stochastic ap p r oxim ation develop ed
in [4],the fastite ration (2 .2 )vie wsthe slow ite r ation,
i.e. f ¯(n)g,asq uasi-static. Thus(2 .2 )can be `a p -
p r oxim ated'by the cor r esp onding ite ration with x̄ed
¯(n)(¼¯,say).B utthe n itisthe stochastic ap p r oxi-
m ation ve rsion of x̄edp olicy value ite ration,the x̄ed
p olicy in q uestion being the stationa ry random izedp ol-
icy ' ¯(¢)give n by ' ¯(i)= ¼¯(i;¢);i 2 S .Thus(2 .2 )
ite ratively tracksthe x̄edp olicy value function V¯(¢)
for the p olicy ' ¯(¢),give n by

V¯(i)= E

" 1X

m=0

®mk(X(m);¿(m))=X(0)= i

#
;i2 S ;

w he r e the e xp e ctation isw.r.t. ' ¯. Since ¯ » ¯(n)
va riesslowly,itcan the n be e xp e ctedto track V¯(n).
Plugging thisinto (2 .3)in p lace ofW(n),(2 .3)isse e n
to be a se a rch sche m e for m inim izing

V¯(i;¢)+ ®
X

j

p(i;j;¢)V¯(j);i2 S ;

the re by sim ulating the m inim ization ste p of p olicy it-
e ration.(Se e [14]for furthe r discussion.)For m·s as
he r e ,our algorithm isthe n nothing butthe algorithm
3 of[14]suitably inte rfacedwith state aggre gation.

3 CO N V E R GEN CE A N A LYSIS

In thisse ction,w e state the m ain the or eticalr esults
conce rning the algorithm (2 .2 )-(2 .3).A sisalwaysthe
case with stochastic ap p roxim ation algorithm s,their
conve rge nce iscontinge nton their stability,i.e.,on their
ite ratesre m aining boundeda.s.Thisisno p roble m for
(2 .3)w he r e the p ro je ction m ap ¡ e nsur esthe bounded-
nessfor fre e .For (2 .2 ),w e ne ed:

Le m m a 3.1The ite ratesof(2 .2 )re m ain boundeda.s.

The p ro of ofthisle m m a issketchedin the a p p e ndix.
Let©¯(¢)2 P(S )de note the uniq ue stationa ry distri-
bution unde r the stationa ry random izedp olicy de n̄ed
by

' ¯(i)= ¼¯(j;¢)2 P(A)for i2 S j:
De n̄e

Á¯i(j)= ©¯(j)=

ÃX

l2S i
©¯(l)

!
;j2 S i;1·i·m:

Le m m a 3.2 If w e conside r (2 .2 )with the following
change : ¯(n)= ¯,a constantin [¡̄ 0;̄ 0]8 n,then
W(n)! ~W¯ a.s.,whe re ~W¯ isthe uniq ue solution to

~W¯(i) =
X

j2S i
Á¯i(j)

ÃX

a

¼¯(i;a)

"
g(j;a)+ ®

X

l

p(j;l;a)~W¯(l)

#!
;

1·i·m:

T he com p lete p ro of of thisle m m a willap p e a r e lse-
w he r e . He re w e con n̄e ourselvesto som e im p ortant
obse rvationsconce rning (3.1).(3.1)isofthe form

~W¯ = G ¯(~W¯) (3.4)

for an a p p rop riately de n̄edG ¯ : Rm ! Rm satisfying

jjG ¯(x )¡G ¯(y)jj1 ·®jjx ¡yjj1 ;x ;y2 Rm;

He re jjx jj1 ¢= sup ijx ijisthe `m ax-norm 'on Rm.That
(3.2 )(e q uivale ntly,(3.1))hasa uniq ue solution the n
followsfrom the contraction m a p p ing the or e m .

R eturning to the originalset-up ,w e have :

Cor ollar y 3.1jjW(n)¡ ~W¯(n)jj! 0 a.s.

Pr o ofT hisfollowsfrom the above le m m a andthe two
tim e scale a rgum e ntof [4]. (Se e,e.g.,Le m m a 2 .3 of
[4].)

The two tim e scale a rgum e nt of [4]then justīes
analysing (2 .3)with ~W¯(n)r e p lacingW(n)on the r.h.s.
LetW¤

¯ denote the uniq ue solution to

W¤
¯(i)= m in

a

2
4X

j

Á¯i(j)

"
k(j;a)+ ®

X

l

p(j;l;a)W¤
¯(l)

#3
5;

1·i·m;

w he r e the e xiste nce anduniq ue nessisensuredasbe fore
by the contraction m a p p ing the or e m .T he n w e have

Le m m a 3.3 ¯(n) ! ¯¤ 2 [¡̄ 0;̄ 0]a.s.,whe re ¯¤

satis̄ es:

W¤
¯¤(i)· ~W¯¤(i)·W¤

¯¤(i)+ ²(̄ 0); (3.5)

whe r e ²(̄ 0)#0 as¯0 " 1 .

Thisfollowsalong the linesofse ction 5.4of[14].

LetV̂ (j)= W¤
¯¤(i),whe n j2 S i;1·i·m;j2 S .Let

e = [e1;:::;em]with

e i = m ax
j;l2S i

jV ¤(j)¡V ¤(l)j; (3.6 )

T he n w e have :

Le m m a 3.4jĵV ¡V ¤jj1 ·jjejj1 =(1¡®).

Pr o ofT hisfollowsexactly asin T he or e m 1of[2 4].

Finally,de n̄e V (j)= ~W¯¤(i)whe n j2 S i;1· i ·
m;j2 S .The following isthe n im m ediate :

Cor ollar y 3.2 jjV ¡V ¤jj1 ·jjejj1 =(1¡®)+ ²(̄ 0).

The se condte rm can be m ade arbitrarily sm allby m ak-
ing the p a r am ete r ¯0 su±cie ntly large (though one e x-
p e ctsa trade-o® with the conve rge nce rate of (2 .2 )-
(2 .3)). The r̄stte rm involvesjjejj1 ,which de p e nds



only on the p artition f S ig.Given the de n̄ition (3.5)
of e,itthen m akessense to aggr e gate statesbasedon
the value ofthe value function.T he ne xtsection p ro-
p osesa sche m e for achie ving this.

4CLUSTER IN G A LGO R ITHMS

Having concludedthatone shouldaggre gate by cluste r-
ing (or `ve ctor q uantization')in the range ofthe value
function,one im p ortantp r oble m r e m ains: T he value
function isnotknow n. R unning a le a rning algorithm
to estim ate the value function for sake ofstate aggr e ga-
tion de fe atsthe p urp ose,asitbringsback into p icture
the ve ry `curse ofdim e nsionality'that(2 .2 )-(2 .3)we re
sup p osedto work a round.Thusa suitable a p p roxim a-
tion to the value function iscalledfor.Furthe rm or e,w e
w antto com e up with a goodstate aggre gation sche m e
concurr e ntly with (2 .2 )-(2 .3)basedon a single sim ula-
tion run.Hence w e ar e notin a p osition to r̄stestim ate
the value function andthe n aggre gate on the basisofit
using a batch-m ode algorithm like Lloyd's[17 ].O nce
again,two tim e scale stochastic ap p roxim ation com es
to the re scue : O ne can run a cluste ring algorithm on
estim atedvaluesconcurr e ntly,albeiton a slow e r tim e
scale so asto achie ve the desirede®ect.Im p licitin this
isthe re q uire m e ntthatthe algorithm be se q ue ntialand
basedon `on line'estim atesofthe value function asthe y
a rrive.T husone hasto r esortto one ofthe `Le a rning
V e ctor Q uantization'(LV Q )sche m es.W e brie °y re vie w
the m below.

R e callthatin ve ctor q uantization,one p a rtitionsthe
sp ace into n̄itely m any r e gions,the `V oronoir e gions',
e ach identīedwith a p ointcalledthe `ce ntroid'the rein,
asfollows. The i-th V oronoire gion isthe setof all
p ointsthatar e close r to the i-th ce ntroidw.r.t.a suit-
able m e tric (usually E uclide an)than any othe r,any
tie being resolvedasp e r som e x̄edconve ntion.T hus
sp e cifying the ce ntroidssp e cīesthe V or onoire gions.
The conne ction with cluste ring isthatallp ointswhich
fallin a single V oronoire gion ar e de e m edto form a
single cluste r. In orde r thatthe p a rtition be op tim al
w.r.t.the m e an sq ua re e r ro r,the re isa furthe r r e q uire -
m e nt.T he `ce ntroids'm ustin factbe the ce ntroidsof
the V or onoir e gionsassociatedwith the m w.r.t. the
unde rlying sam p ling distribution.T his,howe ve r,isa
ne cessary condition andnotsu±cient,asthe re can be
localm inim a of the e r ro r function thatm e etthisre -
q uire m e nt.

T he sim p lestLV Q algorithm isthe `winne r take all'
com p e titive le arning algorithm describedas follows
([11],Ch.9): LetQi(n)denote the p osition of the i-
th ce ntroidattim e n.Given a ne w obse rvation x (n),
one r̄stlocatesthe ce ntroidthatisclosestto it(the
`winne r'),say qj(n),andthe n m ovesita little tow a rds

x (n)according to the up date

qj(n + 1)= (1¡c(n))qj(n)+ c(n)x (n):

He re,c(n) 2 (0;1);n ¸ 0,isthe usualstochastic
ap p roxim ation-typ e ste p size sche m e satisfying

X

n

c(n)= 1 ;
X

n

c(n)2 < 1 :

T hisalgorithm can conve rge to a localm inim um of
the e r ro r function thatm ay be fa r from the op tim al.
T he r e a r e sche m esw hich,w hile notgua rr ante eing con-
ve rge nce to the globalm inim um ,do ge ne rally im p rove
up on the above algorithm .O ne such sche m e isthe K o-
hone n LV Q algorithm ([11],Ch.9)w he r ein one up dates
notonly qj(n),butalso the ce ntroidsthata re itsneigh-
boursasp e r som e p r esp e cīedneighbourhoodsche m e.
V a rious̀ w eighting'sche m eshave also be e n p rop osedto
m odulate the e xte ntto w hich di®e re ntce ntroidsshould
be m oved[18],[2 0].A ge ne ralfor m alism for such algo-
rithm sanditsconve rge nce analysishave be e n p r ese nted
in [15].W e take thisvie w p ointhe re.

Letq(n)= [q1(n);:::;qm(n)]denote the p ositionsof
the m ce ntroidsatthe n-th ite r ation.The ge ne r alal-
gorithm is:

qi(n + 1)= qi(n)+ c(n)I i(x (n);q(n))(x (n)¡q(n));
1·i·m:

He re I i(¢;¢);1·i·m,isthe `winne r activation func-
tion'. For the winne r-take allLV Q ,I i(x ;y) = 1 if
jjx ¡yijj·jjx ¡yjjj;j6= i;0 othe rwise.Itcan be corr e -
sp ondingly m odīedfor the othe r LV Q algorithm s.T he
analysisof[15]showsthat

q(n)! q¤= [q¤1;:::q
¤
m]

with p robability one,w he r e e ach q¤i isinde edthe ce n-
troidofthe associatedV oronoire gion w.r.t.the unde r-
lying sam p ling distribution.

B asedon this,w e p rop ose below a sche m e for adap tive
state aggr e gation to go with (2 .2 )-(2 .3).Com p lete the-
or eticalanalysisisnotp re se nted,asitwouldbe q uite
le ngthy,w hile m uch ofitisstandardfa re in the analy-
sisofstochastic ap p roxim ation andrelatedalgorithm s.
T hisisnotto say thatthe r e isnothing novel: O nce
again,itisthese p ointsofde p a rture thatw e shallhigh-
light.

O ur sche m e isbasedon the algorithm ofTsitsiklisand
V an R oy [2 5]for le a rning a p p roxim ate value function
for a x̄edp olicy,basedon line a r p a ra m etrizations.
Thusw e se ek for an a p p roxim ation ofthe form

V0(i)=
dX

k=1

Q(i;k)h k; i2 S ; (4.7 )



w he r e Q = [[Q(i;k)]]isa p re scribeds£d m atrix and
h = [h1;:::;h d]T isthe va riable p a ra m e te r ve ctor w hich
w e se e k to op tim ize.O ne choosess >> d so thatthe
p a ra m ete r se a rch isin a sp ace ofdim e nsion m uch low e r
than jS j= s.A sbefore,let' ¯(¢)= ¼¯(¢;¢)be a p r e -
scribedstationa ry random izedp olicy,andV¯(¢)the cor-
r esp onding x̄edp olicy value function.T he algorithm
of [2 5]for le a rning an a p p roxim ation ofV¯(¢)ofform
(4.2 )is(for p r e scribed¸ 2 [0;1]):

h(n + 1) = h(n)+ c(n)(g(X(n);Z(n))
+ ®

X

k

Q(X(n + 1);k)h k(n)

¡
X

k

Q(X(n);k)h k(n))q(n)

q(n + 1) = ®¸q(n)+ Q(X(n + 1);¢);

w he r e
P

c(n)= 1 ;
P

c(n)2 < 1 .

Itisp rovedin [2 5]thath(n)! h ¯ with p robability
one,w he r e h ¯ isthe uniq ue solution to the e q uations

Y
T (̧ )Qh¯ = Qh ¯;

w he r e :
Q
isthe p ro je ction op e rator fr om Rs onto its

d-dim e nsionalsubsp ace sp annedby ve ctorsofthe form
(4.2 ),andthe op e rator T (̧ ) : RS ! RS isde n̄edfor
0·¸ < 1by

(T (̧ )J)(i)= (1¡¸)
1X

m=0

¸mE

"
mX

n=0

®ng(X(n);Z(n))+ ®m+1J(X(m+ 1))=X(0)= i

#
;

andfor ¸ = 1by

(T (1)J)(i)= V¯(i);

i 2 S .The controlse q ue nce f Z(n)g isre alizedasp e r
' ¯.

The aggr e gation sche m e w e p rop ose a p p e nds(4.3)-(4.4)
to (2 .2 )-(2 .3),with one di®e re nce : Z (n)isnow ge ne r-
atedwith conditionallaw ' ¯(n)(X(n)),conditionalon
X(m);Z (m¡1);m ·n.In vie w ofthe resultsof[15]
re calledabove andthe two tim e scale analysisof[4],it
isnotha rdto show that

h(n)¡h ¯(n)! 0 a.s.

V ie wing
~V¯(n)

¢= Qh ¯(n)

as an a p p r oxim ation to V¯(n),one the n aggr e gates
statesbasedon itby algorithm (4.1),with

x (n)¢=
X

k

Q(X(n);k)h ¯(n)k ;n ¸0:

O f course,the aggre gation ne edsto be done on a
m uch slow e r tim e scale than the r est of the algo-
rithm .T hisisensur edby m aking c(n)=b(n)! 0.To
m ake a corr esp ondence with our e arlie r notation: Let
Sn = f S n

1;:::;S n
mg be the p artition op e rative attim e

n.The n S n
i = the V oronoire gion associatedwith the

ce ntroidyi(n)for 1· i ·m.Invoking the two tim e
scale analysisof [4]in conjunction with the r esultsof
the p r e ceding se ction andof[15],we conclude that

q(n)! q¤ a.s.

whe re q¤satis̄ esthe `ce ntroid'condition w.r.t.©¯¤for
¯¤asin (3.4).

Itm ay be r e calledthatboth state aggr e gation anduse
ofline a rly p ar a m e trizedfam iliesw e re originally advo-
catedasap p roxim ation sche m e sto soften the curse of
dim e nsionality. W e com bine both,w hich m ay se e m a
bitredundant. The r e ason for doing so is,howe ve r,
thatour conce rn isnotjustam eliorating the curse,but
also e xp licitdata com p r ession for p urp osesoftransm it-
ting infor m ation from the p lantto the controlle r across
a com m unication channelwith lim itedcap acity. T he
state aggre gation a p p roach iside ally suitedfor this,
asitre p lacesan S-valuedstate taking s distinctval-
uesby a m e ta-state thattakesonly m << s distinct
values,the re by r educing p e r ste p bitre q uire m e ntfrom
log2 s to log2 m.Thisdata com p r e ssion asp e ctisnot
asap p a r e ntin the line a r p a ra m e te rization a p p roach,
w hich ism ore a p p roxim ation-the or etic in its°avour.
O ur use the r e ofisfor doing a se condary op tim ization,
viz.,thatove r p ossible aggr e gation sche m es. T hisis
done on a m uch slowe r tim e scale andcan be r e nde red
com p utationally ine xp e nsive by choosing a sm allvalue
ofd.In our for m ulation,thisisofse condary im p ortance
to the op tim ization ove r p oliciesim p licitin (2 .2 )-(2 .3),
he nce som e laxity in conve rge nce sp e edandaccur acy
can be tole r atedin the inte re stsoflow e ring com p uta-
tionalove rhe ads.

In conclusion,w e have p r e se nteda sim ulation based
le arning algorithm for Markov decision p rocesses,
basedon the `actor-critic'p a radigm ,that e xp licitly
takesinto accountstate aggr e gation m otivatedby data
com p r ession. A p a ralleltr e atm e ntisp ossible for the
alte rnative le a rning p a radigm of`Q -le a rning'[2 3],[2 6 ].
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