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A MultiresolutionAnalysisAssistedReinforcement
LearningApproachto Run-by-RunControl

RajeshGanesan,TapasK. Das,and KandethodyM Ramachandran

Abstract— In recent years, run-by run (RbR) control mecha-
nism hasemergedasan useful tool for keepingcomplexsemicon-
ductor manufacturing processeson target during repeatedshort
production runs. Many types of RbR controllers exist in the
literatur e of which the exponentially weighted moving average
(EWMA) controller is widely used in the industry. However,
EWMA controllers are known to have several limitations. For
example, in the presenceof multiscale disturbances and lack of
accurate processmodels, the performance of EWMA controller
deteriorates and often fails to control the process.Also control
of complex manufacturing processesrequires sensingof multi-
ple parameters that may be spatially distrib uted. New control
strategies that can successfullyuse spatially distrib uted sensor
data are required. This paper presentsa new multir esolution
analysis (wavelet) assisted reinforcement learning (RL) based
control strategy that can effectively deal with both multiscale dis-
turbances in processesand the lack of processmodels.The novel
idea of wavelet aided RL basedcontroller representsa paradigm
shift in the control of large scalestochasticdynamic systemsof
which the control problem is a subset.Henceforth, we refer our
new control strategy as WRL-RbR controller. The WRL-RbR
controller is testedon a multiple-input-multiple-output (MIMO)
Chemical Mechanical Planarization (CMP) process of wafer
fabrication for which processmodel is available. Results show
that the RL controller outperforms EWMA based controllers
for low autocorrelation. The new controller also performs quite
well for strongly autocorrelated processesfor which the EWMA
controllers are known to fail. Convergenceanalysis of the new
breedof WRL-RbR controller is presented.Further enhancement
of the controller to deal with model fr ee processesand for
inputs coming fr om spatially distrib uted envir onments are also
discussed.

Note to Practitioners- This work was motivated by the need
to develop an intelligent and efficient RbR processcontroller,
especially for the control of processeswith short production
runs as in the case of semiconductor manufacturing industry.
A novel controller that is presentedhere is capableof generating
optimal control actionsin the presenceof multiple time-fr equency
disturbances, and allows the use of realistic (often complex)
process models without sacrificing robustness and speed of
execution.Performancemeasuressuchasreduction of variability
in processoutput and control recipe,minimization of initial bias,
and ability to control processeswith high autocorrelations are
shown to be superior in comparisonto the commercially available
EWMA controllers. The WRL-RbR controller is very generic,
and can be easily extendedto processeswith drifts and sudden
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shifts in the mean and variance. The viability of extending the
controller to distrib uted input parameter sensingenvir onments
including thosefor which processmodelsare not available is also
discussed.

Index Terms— CMP, EWMA, multir esolution, reinforcement
learning, run-by-run control, wavelet, WRL-RbR.

I . INTRODUCTION

Run-by-Run (RbR) processcontrol is a combination of
Statistical ProcessControl (SPC) and EngineeringProcess
Control(EPC).Thesetpointsof theautomaticPID controllers,
which control a processduring a run, generallychangefrom
one run to the other to account for processdisturbances.
RbR controllersperformthe critical function of obtainingthe
set point for each new run. The design of a RbR control
systemprimarily consistsof two steps- processmodeling,and
online model tuning and control. Processmodeling is done
offline using techniqueslike responsesurface methodsand
ordinary least squaresestimation.Online model tuning and
control is achieved by the combinationof offset prediction
usinga filter, andrecipegenerationbasedon a processmodel
(control law). This approachto RbRprocesscontrolhasmany
limitations that needto be addressedin order to increaseits
viability to distributed sensingenvironments.For example,
many processcontrollers rely on good processmodels that
are seldomavailable for large scalenonlinearsystemsmade
up of many interactingsubsystems.Even when good (often
complex) modelsareavailable,theissuebecomesthespeedof
executionof thecontrolalgorithmsduringonlineapplications,
which ultimately forces model simplification and resultant
suboptimal control. Also the processesare often plagued
with multiscale(multiple freq.) noise,which, if not precisely
removed, leads to seriouslack of controller efficiency. The
above limitations can be addressedthrougha multiresolution
analysis(wavelet) assistedlearningbasedcontroller, which is
built on strongmathematicalfoundationsof wavelet analysis
and approximatedynamic programming(ADP), and is an
excellent way to obtain optimal or near-optimal control of
many complex systems.This wavelet intertwined learning
approachhascertainuniqueadvantages.Oneof theadvantages
is their flexibility in choosingoptimal or near-optimal control
action from a large action space.Other advantagesinclude
fasterconvergenceof the expectedvalueof the processon to
target, and lower varianceof the processoutputs.Moreover,
unlike traditional processcontrollers, they are capable of
performing in the absenceof processmodels and are thus
suitablefor large scalesystems.
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In this paper a novel approachis presentedthat for the
first time

�
combinesandharnessesthe power of wavelet based

multiresolutionanalysisand reinforcementlearning (RL) (a
variantof ADP) algorithmto developa new breedof RbRpro-
cesscontroller. The methodologicalcontribution include the
designand developmentof both the multiresolutionanalysis
andRL approachessuitablefor a processcontrolproblemand
innovatively intertwining themto achieve the desiredimpact.
The multiresolutionanalysishelps to extract the significant
featuresfrom noisy signaldata.Thesesignificantfeaturesare
usedby the learningagentto learnsuperiorcontrol strategies.
Another significant contribution is the theoretical treatment
involving the convergenceanalysisof the newly developed
WRL-RbR controller.

The wavelet assistedlearning based controller, is then
tested on a model basedsingle-input-single-output(SISO)
autoregressive moving average(ARMA) process,andalsoon
a MIMO process.Thereafter, we discussthe extensionsof the
controller to a model free and distributed sensingscenarios.
In what follows, a brief descriptionof the commonly used
RbR controllersis presented.This discussionalso serves to
introducethe notation,which will be usedin our discussion
of theWRL-RbRcontroller. Also, discussedin this sectionare
the primary drawbacksof the existing RbR controllers,which
serve to motivatethe needfor a learningbasedcontroller.

I I . EXISTING EWMA CONTROLLERS

Among the processcontrol literaturefor stochasticsystems
with short productionruns, a commonly usedcontrol is the
RbR controller. Someof the major RbR algorithmsinclude
EWMA control [1], which is a minimum variancecontroller
for linear and autoregressive processes,optimizing adaptive
quality control (OAQC) [2] which usesKalmanfiltering, and
model predictive R2R control (MPR2RC) [3] in which the
control action is basedon minimizing an objective function
such as mean square deviation from target. Comparative
studiesbetweenthe above typesof controllersindicatethat in
the absenceof measurementtime delays,EWMA, OAQC and
MPR2RC algorithmsperform nearly identically [4] and [5].
Also, amongthe above controllers,the EWMA controllerhas
beenmostextensively researchedandwidely usedto perform
RbR control [6], [7], [8], [9], [10], [11], [12], [13], [14], [15],
[16], and [17]. The foundationsof the EWMA basedRbR
controller is presentednext.

Considera SISOprocess�������	��

����������������� (1)

where � is theindex denotingtherun number, ��� is theprocess
outputafter run � , � denotesthe offset, 
 representsthe gain,
and ��� representstheinputbeforerun � . To accountfor process
dynamics,the RbR controllers assumethat the intercept �
varieswith time [1]. This is incorporatedby consideringthe
predictionmodel for the processto be�� � � � �"!$# �&%'� � �)(*� (2)

for which the correspondingcontrol action is given by� � � ()+,� �"!�#% � (3)

where � �"!$# is consideredto be the onestepaheadprediction
of the processoffset � , i.e., � �"!$# �)� � . The estimatedvalue %
of the processgain 
 is obtainedoffline. It is consideredthat-/. %102�3
 , which implies that it is an unbiasedestimate.The
modeloffsetafter run � , � � , is updatedby the EWMA method
as � � �34 . � � +5%'� �"!$# 06� .87 +,4�0�� �"!$#�9 (4)

Someof the primary drawbacksof controllerslisted above
include 1) dependenceon good processmodels,2) control
actions limited by fixed filtering parametersas in EWMA,
3) inability to handle large perturbationsof the system,4)
dependenceon multiple filtering stepsto compensatefor drifts
and autocorrelation,5) inability to deal with the presenceof
multiscalenoise,and6) inability to scaleup to largerealworld
systems.All of theabovedifficultiesareaddressedthroughthe
new WRL-RbRcontrolstrategy that is presentedin this paper.
In what follows, we motivate the needfor a multiresolution
assistedlearningbasedRbR control.

I I I . MOTIVATION FOR MULTIRSOLUTION ASSISTED

LEARNING BASED CONTROL

A control strategy is basically the prediction of forecast
error �
� , which in turn decidesthe value of the recipe ���;:6#
as per the predictedmodel (2). Hence,the performanceof a
control strategy greatly dependson its ability to accurately
predict �
� . At every stepof the RbR control, the numberof
possiblechoicesfor forecasterror � � could be infinite. The
key is to developa strategy for predictingthe bestvalueof � �
for the given processoutput. The accuracy of the prediction
processin conventionalcontrollerssuchastheEWMA suffers
from two aspects.Theseinclude1) multiscalenoisesthatmask
the true processdeviations,which are usedin the prediction
process,and 2) the useof a fixed filtering strategy as given
by (4) limits theactionchoices.A wavelet interfacedmachine
learning basedapproachfor predicting �
� could provide the
ability to extract the true process,andthuspredictthe correct
offset, and also evaluatea wide rangeof control choicesin
order to adoptthe bestoneasexplainedbelow.

In mostrealworld applications,inherentprocessvariations,
insteadof beingwhite noisewith singlescale(frequency), are
often multiscalewith different featureslocalizedin time and
frequency. Thus,the true processoutputs � � could be masked
by the presenceof thesemultiscalenoises.Someexamples
of multiscalenoise include vibrationsand other disturbances
capturedby the sensors,noiseaddedby the sensingcircuit,
measurementnoise, and radio-frequency interferencenoise.
It is beneficial if a controller could be presentedwith a
true processoutput with only its significant features and
without the multiscale noise. This could be accomplished
through denoisingof multiscale noise via a wavelet based
multiresolutionthresholdingapproach.The wavelet methods
provide excellent time-frequency localized information, i.e.
they analyze time and frequency localized featuresof the
sensordata simultaneouslywith high resolution.They also
possesthe unique capability of representinglong signals in
relatively few wavelet coefficients (data compression).The
wavelet based multiresolution approachhas the ability to
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Fig. 1. (a) STFTwith fixedaspectratio. (b) WaveletTransformwith variable
aspectratio.

eliminatenoisefrom the processoutputsignalwhile retaining
significant processfeaturesarising from disturbancessuch
as trends, shifts, and autocorrelation[18]. Other denoising
techniquessuchas short time Fourier transform(STFT) and
othertime or frequency only basedapproachesarewell known
to be inferior to the wavelet basedapproachin dealingwith
multiscalesignalsdueto following reasons.The conventional
time domain analysis methods,which are sensitive to im-
pulsive oscillations,have limited utility in extracting hidden
patternsand frequency related information in thesesignals
[19] and[20]. This problemis partially overcomeby spectral
(frequency) analysis such as Fourier transform, the power
spectraldensity, andthecoherencefunctionanalysis.However,
many spectralmethodsrely on the implicit fundamentalas-
sumptionof signalsbeingperiodicandstationary, andarealso
inefficient in extracting time related features.This problem
hasbeenaddressedto a large extent throughthe useof time-
frequency basedSTFT methods.However, this methoduses
a fixed tiling scheme,i.e., it maintainsa constantaspectratio
(the width of the time window to the width of the frequency
band) throughout the analysis (Fig. 1a). As a result, one
mustchoosemultiple window widths to analyzedifferentdata
featureslocalizedin time and frequency domainsin order to
determinethe suitable width of the time window. STFT is
also inefficient in resolvingshort time phenomenaassociated
with high frequenciessince it has a limited choice of wave
forms [21]. In recentyears,anothertime-frequency (or time-
scale)methodknown aswaveletbasedmultiresolutionanalysis
have gainedpopularity in the analysisof both stationaryand
nonstationarysignals.Thesemethodsprovide excellent time-
frequency localizedinformation,which is achievedby varying
the aspectratio asshown in Fig. 1b. This meansthatmultiple
frequency bandscanbeanalyzedsimultaneouslyin theform of
detailsandapproximationsplotted over time, asdescribedin
thenext section.Hence,differenttime andfrequency localized
featuresarerevealedsimultaneouslywith high resolution.This
schemeis moreadaptable(comparedto STFT) to signalswith
short time featuresoccurringat higher frequencies.

Though an exact mathematicalanalysisof the effects of
multiscalenoiseon performanceof EWMA controllersis not
available, someexperimentalstudiesconductedby us show
that EWMA controllersattemptto compensatefor multiscale
noise through higher variations of the control recipe ( <�= ).
However, this in turn resultsin highervariationsof theprocess
output.We alsonotethat, if the expectedvalueof the process
is on target and the processis subjectedto variations, for
which thereareno assignablecauses,the controllerneednot

compensatefor suchvariations,and hencethe recipeshould
remain constant.In fact, an attemptto compensatefor such
variationsfrom chancecauses(noise)not only increasesthe
variationsof < = but alsoincreasesthevariationsof theprocess
output > = . A controller is maintainedin placein anticipation
of disturbances,suchas meanand varianceshift, trend, and
autocorrelation,resultingfrom assignablecauses.As a result,
in the absenceof disturbances,controllerscontinueto unduly
compensatefor processdynamicsdue to noise.Also EWMA
is a staticcontrol strategy wherethe control is guidedby the
chosen? valueas shown in (4). ThusEWMA controllersdo
not offer the flexibility of a having a wide variety of control
choices.The above difficulties can be well addressedby a
learningbasedintelligent control approach.Suchan approach
is developedin this researchand is presentednext.

In what follows, we presenta new control strategy, named
wavelet modulatedreinforcementlearningrun by run control
(WRL-RbR), that benefitsfrom both wavelet basedmultires-
olution denoising and reinforcementlearning, as discussed
above,andthusalleviatesmany of theshortcomingsof EWMA
controllers.

IV. WRL-RBR: A WAVELET MODULATED

REINFORCEMENT LEARNING CONTROL

Figure2 showsaschematicof theWRL-RbRcontroller. The
controller consistsof four elements:the wavelet modulator,
processmodel,error predictor, andrecipegenerator. The pro-
cessoutputsignal >�= is first waveletdecomposed,thresholded
and reconstructedto extract the significant featuresof the
signal.As explainedabove, this stepeliminatesthe multiscale
stationarynoisefor which thecontrollerneednot compensate.
The secondstepinvolves forecastoffset @ = predictionwhich
is accomplishedvia the RL basedstochasticapproximation
scheme.The input to this step is A*=CBED�=GFIH>�= , where D�= is
the wavelet reconstructedsignaland H>�= is the predictedmodel
outputfor therun J . Finally, a control recipe <�=;K6L is generated
basedon the forecasterror prediction,which is then passed
on asset-pointfor the PID controller andalso to the process
model to predict the next processoutput at run J6M3N . In the
following subsections,we describeeachelementof theWRL-
RbR controller.

A. Wavelet Assisted Multiscale Denoising

The wavelet basedmultiscaledenoisingrendersmany ad-
vantagesthat a controller can benefit from. One of these
advantagesis the detection of deterministic trends in the
original signal. This can be achieved by monitoring the
slope information in the approximationcoefficients of the
decompositionstep. This information on the trend can be
usedas additional information for the controller to develop
trend compensationstrategies. Another advantageof wavelet
analysisis theprotectionit offersagainstsuddenspikesin the
original signalwhich can result in oscillationsin the control.

Conceptually, multiscaledenoisingcan be explainedusing
the analogyof nonparametricregressionin which a signal D =
is extractedfrom a noisy data > = as> = BOD = M�P�Q�R�SUT L�V (5)
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Fig. 2. Structureof the WRL-RbR controller.

where W�X�Y�Z�[�\ is the noise removed by the wavelet analysis
proceduredescribedbelow. The wavelet analysisconsistsof
threesteps:1) decompositionof the signal using orthogonal
wavelets into wavelet coefficients, 2) thresholding of the
wavelet coefficients, and 3) reconstructionof the signal into
the time domain.The basicideabehindsignaldecomposition
with wavelets is that the signal can be separatedinto its
constituentelementsthroughfastwavelet transform(FWT). A
moredetailedtheoryon multiresolutionanalysiscanbe found
in [22]. In our methodwe usedDaubechies[23] ]�^`_ order
wavelet basisfunction. Our choiceof the basisfunction was
motivated by the following properties.1) It has orthogonal
basis with a compact support. 2) The coefficients of the
basis function add up to a b , and their sum of squaresis
unity; this property is critical for perfect reconstruction.3)
The coefficients are orthogonalto their doubleshifts. 4) The
frequency responseshasa doublezero (produces2 vanishing
moments)at the highest frequency cedgf , which provides
maximum flatness.5) With downsamplingby 2, this basis
functionyieldsahalfbandfilter. It is to benotedthatthechoice
of the basisfunction is dependenton the natureof the signal
arising from a given application.

Thresholdingof the wavelet coefficients hjilk m (n is the scale
and o is the translationindex) help to extract the significant
coefficients. This is accomplishedby using the Donoho’s
thresholdrule [24]. This thresholdrule is also called visual
shrink or ‘V isuShrink’ method, in which a universal scale-
dependentthreshold p i is proposed.The significant wavelet
coefficients that fall outsideof the thresholdlimits are then
extractedby applying eithersoft or hard thresholding.WRL-
RbR controller developed here usessoft thresholding.It is
important to select the number of levels of decomposition
and the thresholdingvalues in such as way that excessive
smoothingof thefeaturesof theoriginal signalis prevented.A
goodreview of variousthresholdingmethodsanda guideline
for choosingthe best method is available in [25] and [26].
Reconstructionof the signal in the time domain from the
thresholdedwavelet coefficients is achieved through inverse
wavelet transforms.The reconstructedsignal is denotedas q ^ .

B. Process Model

Processmodels relate the controllable inputs r ^ to the
quality characteristicof interest st ^ . Primarily, the prediction
modelsareobtainedfrom offline analysisthroughleastsquares
regression,responsesurfacemethods,or througha designof
experimentsmethod.It is to be notedthat, real world systems
requiringdistributedsensingareoftencomplex andhave large
number of responseand input variables. Models of such
systemsare highly non-linear. However, in practicecomplex
non-linearmodelsarenot usedin actualprocesscontrol.This
is becausecomplex models often lack speedof execution
duringon-linemodelevaluation,andalsointroduceadditional
measurementdelayssince many of the responsefactorscan
only be measuredoff-line. This retardsthe feedbackneeded
in generatingcontrol recipes for the next run. In essence,
execution speedis emphasizedover model accuracy, which
promotesthe useof simplified linear models[27]. The WRL-
RbR strategy that is presentedin this paperallows the useof
more accuratecomplex models.This is becausethe control
strategy is developed offline and hencerequiresno online
modelevaluationduring its application.

C. RL Based Error Prediction

In this section we show how a novel machine learning
approachis usedfor the task of offset ( u ^ ) prediction. The
evolution of error v ^ dEq ^xw st ^ , (a randomvariable)during
the processruns is modeledasa Markov chain.The decision
to predicttheprocessoffset u ^ aftereachprocessrun basedon
the error processv ^ is modeledasa Markov decisionprocess
(MDP). For the purposeof solving the MDP, it is necessary
to discretizev ^ and u ^ . Due to the large numberof stateand
actioncombinationstuple( v ^'y u ^ ), theMarkov decisionmodel
is solvedusinga machinelearning(reinforcementlearning,in
particular)approach.We first presenta formal descriptionof
the MDP model and then discussthe RL approachto solve
the model.

1) MDP Model of the RbR Control: Assumethatall random
variablesand processesare definedon the probability space
( z y8{|y�} ). Thesystemstateat theendof the p~^`_ run is defined
as the differencebetweenthe processoutput and the model
predicted output ( v ^ d�q ^ w st ^ ). Let v�d���v ^�� p�d� yU��y b y���������� bethesystemstateprocess.Since,it canbeeasily
arguedthat v ^;� \ is dependentonly on v ^ , therandomprocessv is a Markov chain.

Sincethe statetransitionsareguidedby a decisionprocess,
wherea decisionmaker selectsan action(offset) from a finite
set of actionsat the end of eachrun, the combinedsystem
state processand the decision processbecomesa Markov
decisionprocess.The transitionprobability in a MDP canbe
representedas �6�;� y h y���� , for transition from state � to state� under action h . Let � denotethe systemstatespace,i.e.,
the set of all possiblevaluesof v ^ . Then the control system
can be stated as follows. For any given ����� at run p ,
there is an action selectedsuch that the expectedvalue of
the processt ^;� \ at run p2� � is maintainedat target � . In
the context of RbR control, the action at run p is to predict
the offset u ^ which is thenusedto obtain the valueof recipe
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could rangefrom a large negative numberto a large positive
number. However, in practice,for a non-divergingprocess,the
actionspaceis quitesmall,which canbediscretizedto a finite
numberof actions.We denotethe actionspaceas � . Several
measuresof performancesuchasdiscountedreward, average
reward, and total reward can be used to solve a MDP. We
definereward  ¢¡;£¥¤l¦�¤l§�¨ for taking action ¦ in state £ at any
run ©Gª�« that resultsin a transition to state § , as the actual
error ¬ �;�6�®­g¯��;�°�²±´³µ �;�6� resulting from the action. Since
the objective of the MDP is to developan actionstrategy that
minimizestheactualerror, we have adoptedaveragerewardas
themeasureof performance.In thenext subsection,weprovide
the specificsof the offset predictionmethodologyusinga RL
basedstochasticapproximationscheme.

2) Reinforcement Learning: RL is a simulation-based
method for solving MDPs, which is rooted in the Bellman
[28] equation,andusesthe principle of stochasticapproxima-
tion (e.g.Robbins-Monromethod[29]). Bellman’s optimality
equationfor averagerewardsaysthat thereexistsa ¶¢· and ¸¹·
that satisfiesthe following equation:

¸ · ¡;£�¨ ­Oº¼»�½¾U¿�À ÁÂ  ¢¡;£6¤�¦Ã¨ ± ¶ · ª&ÄÅ ¿�Æ$Ç ¡`£¥¤l¦�¤l§�¨�¸ · ¡`§�¨ÉÈÊ (6)

where ¶¢· is the optimal gain and ¸¹· is the optimal bias.The
gain ¶ andbias ¸ aredefinedas follows:¶ ­ÌË�»�ºÍÏÎÑÐ «Ò ¬	Ó ÍÄ �;Ô°�  ¢¡;Õ � ¨'Ö (7)

¸ ­ ¬	Ó ÐÄ �;Ô6��×  ¢¡;Õ � ¨ ± ¶�ØÙÖ (8)

where
Ò

is the total numberof transitionperiods,and Õ �¹Ú© ­ «�¤'Û¢¤�Ü�¤ÞÝ�Ý�Ý is theMarkov Chain.Fromtheabove definitions
it follows that the gain representsthe long run averagereward
per period for a systemand is also referredas the stationary
reward. Bias is interpretedas the expectedtotal difference
betweenthe reward   and the stationaryreward ¶ .

The above optimality equation can be solved using the
relative value iteration (RVI) algorithm as given in [30].
However, the RVI needsthe transitionprobabilitiesÇ ¡`£¥¤�¦�¤�§�¨ ,which are often, for real life problems, impossible to ob-
tain. An alternative to RVI is asynchronousupdatingof the
R-values through Robbins-Monro(RM) stochasticapproxi-
mation approach,in which the expected value componentß Å ¿�Æ Ç ¡;£6¤�¦�¤�§�¨�¸à·�¡`§�¨ in (6) can be replacedby a sample
value of ¸	¡`§�¨ obtainedthrough simulation. The WRL-RbR
algorithm is a two-time scaleversion of the above learning
basedstochasticapproximationscheme,which learns ¶¢· and
usesit to learn ¸à·�¡`£¥¤�¦Ã¨ for all £âáäã and ¦åáæ� . Convergent
averagereward RL algorithms(R-learning)can be found in
[31], and [32]. The strategy adopted in ¸ -Learning is to
obtain the ¸ -values, one for each state-actionpair. After
the learning is complete, the action with the highest (for
maximization) or lowest (for minimization) ¸ -value for a
state constitutesthe optimal action. Particularly in control

problems,reinforcementlearninghassignificantadvantagesas
follows: 1) it can learnarbitrary objective functions,2) there
is no requirementto provide training examples,3) they are
morerobust for naturallydistributedsystembecausemultiple
RL agentscan be madeto work togethertoward a common
objective, 4) it can deal with the ‘curse of modeling’ in
complex systemsby usingsimulationmodelsinsteadof exact
analytical models that are often difficult to obtain, and 5)
can incorporatefunction approximationtechniquesin order
to further alleviate the ‘curseof dimensionality’issues.

The Bellman’s equationgiven in (6) can be rewritten in
termsof valuesfor every state-actioncombinationasfollows.
At the end of the © �`ç run (decisionepoch)the systemstate
is ¬ �è­ £éáêã . Bellman’s theory of stochasticdynamic
programmingsaysthattheoptimalvaluesfor eachstate-action
pair ¡`£¥¤�¦Ã¨ can be obtainedby solving the averagereward
optimality equation¸ · ¡`£¥¤l¦
¨ ­ × Ä Å ¿�Æ Ç ¡;£¥¤l¦�¤l§�¨~ ¢¡;£6¤�¦�¤�§�¨~Ø ± ¶ ·ª × Äë ¿�Æ Ç ¡;£6¤�¦�¤ÉìÃ¨ º	»�½¾U¿�À ¸ · ¡�ì�¤l¦
¨~Ø�í�£6¤3í�¦�Ý

(9)

A two-time scaleversion of the learning basedapproach
that we have adoptedto solve the optimal values for each
state-actioncombinatioņà·�¡;£¥¤l¦
¨ is as follows.¸ �;�6� ¡`£¥¤�¦Ã¨ïîð¡8« ±,ñ¥� ¨�¸ � ¡;£6¤�¦Ã¨¥ª ñ¥� ×  Ã¡`£¥¤l¦�¤l§�¨± ¶ � ª º¼»�½ò�¿�À ¸ � ¡Ù§Ã¤ló1¨~Ø í�£¥¤ôí$¦�¤

(10)¶ �;�6� ­ ¡�« ±öõ � ¨~¶ � ª õ �ø÷ ¶ �~ù�� ª5 ¢¡;£6¤�¦�¤�§�¨ù��;�6� ú Ý (11)

In theaboveequations,© denotesthestepindex in thelearning
process(run numberin the context of control), ñ � and õ � are
learning parameters,which take values ¡`ûü¤U«�¨ , and ù � is the
cumulative time till the © �`ç learningstep.

The learningparametersñ � and õ � arebothdecayedby the
following rule.ñ6� ¤ õ��x­ ñ6ý ¤ õ�ý«2ª�þ ¤ þ ­ ©�ÿ� ª�© ¤ (12)

where
�

is a very large number. The learningprocessis con-
tinueduntil theabsolutedifferencebetweensuccessive ¸	¡;£6¤�¦Ã¨
for every state-actioncombinationis below a predetermined
small number ���èû ,� ¸ �;�6� ¡;£6¤�¦Ã¨ ± ¸ � ¡;£6¤�¦Ã¨ ��� ��¤ í�£¥Ý (13)

At the beginning of the learningprocess,the R-valuesare
initialized to zeros.When the processentersa statefor the
first time, the action is chosenrandomly since the R-values
for all actionsarezeroinitially. In orderto allow for effective
learning in the early learning stages,insteadof the greedy
action the decisionmaker with probability Ç � choosesfrom
other actions.The choice among the other actions is made
by generatinga randomnumberfrom a uniform distribution.
The above procedureis commonlyreferredto in literatureas
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exploration. The value of �	� (called the exploration proba-
bility)
 is decayedfaster than the learning parametersusing
equation(12). Storing of the R-values for eachstate-action
combinationoftenpresentsacomputationalchallengefor large
scalesystemswith numerousstate-actioncombinations.One
approachis to representthe R-values of subsetsof state-
action space as functions instead of storing R-values for
eachindividual state-actioncombination,a methodknown as
function approximation.Recently, a diffusion wavelet based
function approximationschemehas been presentedto the
literature[33], [34], and [35].

D. Recipe Generation

Oncelearningis completed,the R-valuesprovide the opti-
mal actionchoicefor eachstate.At any run � , as the process
entersa state,the action � correspondingto the lowest non-
zero absoluteR-value indicatesthe predictedforecastoffset
 � . This is usedin the calculationof the recipe � ����� . In what
follows we presentthe stepsof the WRL-RbR algorithm in
the implementationphase.

V. WRL-RBR ALGORITHM� Step 1: The processis startedat time ����� with the
assumptionthat the predictedoffset 
�� ��� . The recipe
for the first run is obtainedfrom the control law given
by (3).� Step2: At the endof first run at ����� , the output ��� is
measuredandthealgorithmproceedsto Step3. However,
for time �� "! waveletdecompositionis performedusing
a moving window conceptaspresentedin [36]. Wavelet
decompositionis done for the data in the window and
the resulting wavelet coefficients at eachscaleare soft
thresholded.Next, the signal in time domain is recon-
structedfrom the thresholdedwavelet coefficients. The
decompositionstrategy works as follows. As shown in
Figure3, thefirst window will containonly 2 datapoints� � and �$# . At time �%�'& , thewindow is movedto include
the next datapoint. However, the first datapoint of the
window is droppedto maintaina dyadic window length
( !$( ), where )*�+� . Wavelet decomposition,thresholding
andreconstructionis donefor thedatain thenew window
and only the last reconstructedvalue of ,-� is used in
the calculation of the processdeviation ./� in Step 3.
This processof moving the window of a dyadic length
( ! ( ), continuesin every run until the total data length
starting from the beginning reachesa length of ( ! ( ��� ).
At this time thewindow lengthis increasedto ( ! ( �0� ) and
wavelet analysisis performed.Upgradingof the window
lengthis carriedout until a desiredlength,dependingon
the requireddepth of decomposition,is reached.From
this point on, the window length is kept constant.This
methodis called integer or uniform discretization[37].� Step3: At any givenrun �213� , calculateprocessdeviation.4�����4�5,6�����87:9�;���0� .� Step4: Learning Stage: Using .4����� identify the state <
of the process..4���0� obtainedin Step3 representsboth
the stateof the systemat run �=1>� and the immediate

Fig. 3. Moving window concept.

reward ?A@B. �DC 
 �EC . �����DF obtainedby taking action 
 � in
state .4� . The R-value for the state-actioncombination
( .4� C 
 � ) is updatedas follows.G �����;@H.4� C 
 � F%I @J�47LK�� F G �M@H.4� C 
 � F 1NK��MO ?A@H./� C 
 � C .4���0� F74PQ�R1TSVUXWYJZ$[ G �M@H./����� CE\DF^]Q\ � 
 ?2_�`badcfe Z$[g�h G � @B. �����;CjikF h ] G � @H. ���0�-ClikFnm�"��okp qr. �lC q 
 �EC

(14)

whereSVUXWYJZ$[ G � @H. �����-CE\DF^]Q\ � 
 ?2_�`badc e Z$[ gAh G � @H. �����;CjisF h ]G � @H. ���0�-ClikFnm�'��o
(15)

indicatesthat at for any state . ����� , the greedyaction \
for which theabsolutenon-zeroR-valuethat is closestto
zeroshouldbe chosen.The optimal averagereward P �����
is updatedas follows.P ����� �+@t�=73u �vF P � 1wu � x P �dyr� 1N?A@H. �kC 
 �EC . �����kFy ����� z|{ (16)

Learnt Stage: Using ./����� identify the state < of the
process.The forecast offset 
 � for this state is now
obtainedfrom the R-valuematrix by choosingthe action
thatcorrespondsto theminimumof theabsolutenon-zero
R-valuefor that state.� Step5: Obtainthecontrolrecipe� ����� using(3). Generate
the processoutput for the next run �}1~� andgo to Step
2.

VI . ANALYSIS FOR CONVERGENCE OF THE WRL-RBR
CONTROLLER

In this section the major conclusionsof the convergence
analysisis provided. The completeproof of convergenceof
theRL schemeadoptedfor WRL-RbRis not presentedherein
orderto reducethemathematicalcomplexity of thepaper. The
numericalresultspresentedin SectionVII provide additional
evidence of the controller’s convergence in terms of the
boundednessof theprocessoutputandits expectedvaluebeing
on target.Theseconditionsarenecessaryto ensurestability of
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thecontroller. In what follows, it is shown that theWRL-RbR
algorithm� converges,andyields �V�t�X�k��� valuesthatgiveoptimal
processcontrol strategy. The optimal control strategy ensures
that the expectedvalueof the processoutput �;� coincidewith
the target � , andalso that the �;� ’s arebounded.

It is first shown that the approximationschemesin the
algorithm use transformationthat are of the form presented
in [38] and track ordinarydifferentialequations(ODEs).The
ODE framework basedconvergenceanalysispresentedin [39]
is then used to show the convergence of the WRL-RbR
algorithm.

Definethe transformationsas follows.�H���;�B� � �j�D�����j�����5��E�$�R�0�����j���j�;�����A�����j���j�;�%�������N�V ¢¡£ �$¤ � � �H���l¥k�d¦|�
(17)�H�V§��H� � �J�D�H�f�l���^� � �A���f�l�	�l�;�%�L���%�T�V X¡£ �$¤ � � �B���l¥D� ¦ � (18)¨ � �����J�%�5��E�$� ���H�f�l�	�l�;��� �Q�d�r�r�N�A�����j���j�;�� ��© � ¦�� (19)

¨ § �����J�%�ª� � � � � �T�A�����j���j�;�� ��© � ¦n« (20)

Also defineerrors ¬ �� and ¬ �§ as:¬ �� ���B� § �H�n�J�J�k�����j���=�­�H� � �B���t�j�D�����j���M� (21)¬ �§ � ¨ § �����t�®� ¨ � �����t�M« (22)

The first of the two-time scaleapproximationequation(10)
cannow be written as:� ��© �;�����j�����"� � �����j���f�°¯ ��±¢² �B� � �H�f�j���M�j� � �}�³¬ ��l´ � (23)

where: ² �H� � �%�'���;�H� � �0�L� � « (24)

As in [39], it canbe shown that (23) yields an ODE of the
form: ��� ��Qµ � ² �B���M�j���D« (25)

In a similar mannerasabove, thesecondof thetwo-timescale
approximationequation(11) canbe written as:� ��© �4�'� � �T¶ � ±�· ��� � �f�³¬ �§M´ � (26)

where · ��� � �%� ¨ �$��� � �=��� � « (27)

Onceagainit canbe shown that (26) track the ODE:�Q� ��$µ � · �����t�M« (28)

It was shown from [39] that the above ODE framework
convergesunder a set of assumptions.The assumptionsare
presentedbelow in the context of a WRL-RbR controller
wherever applicable.Also a brief explanationof the purpose
of the assumptionsandhow they areensuredis provided.

A. Assumptions

1) Assumption 1: The functions ² and · , definedin (25)
and (28), are Lipschitz continuous.This is true becausethe
mappings�B���;�B� � �J� and

¨ �;��� � � are linear everywhereascan
be seefrom (17) and(19).

2) Assumption 2: Each state-actionpair is visited after a
finite time interval. This assumptionis satisfiedby running
simulationfor an arbitrarily long periodof time until the con-
dition ¸ �n��© � ���f�l���%�L�n�D�����j���k¸	¹"º is ensuredfor every state-
actionpair that is visited. However, someremotestate-action
pairs are rarely visited or none at all even after substantial
exploration. Such state-actionpairs that are not visited too
often do not impactquality of the decision.

3) Assumption 3: The step size ¯ � and ¶ � are small,
which canbeensuredby appropriatelyselectingtheparameter
values.Thenatureof R-learningis suchthat therewardvalues
are updatedasynchronously(one state-actionpair updatedin
each iteration of the learning process).In order to obtain
convergenceto the same reward values as in the case of
synchronousalgorithms (where rewards for all states are
updatedsimultaneously, i.e., in dynamicprogrammingusing
transition probabilities), it is necessaryto maintain small
valuesof learningparameters̄�� and ¶	� . The ¯f� and ¶�� values
are chosenvery small in order to allow slow learning and
correspondingconvergence.Large valuesof ¯ � and ¶ � could
causeR-valuesto oscillateandnot converge.

4) Assumption 4: The learningparametersmustsatisfythe
following condition: »  X��H¼¾½N¿sÀ � ¶��¯ � �~Á�« (29)

The interpretationof this assumptionis that the rateof decay
for learningparameter¶ � is fasterthan ¯ � . This is achieved
by fixing the starting valuesof both ¯ � and ¶ � as 0.01 and
0.001 respectively (SectionVII A). This assumptionis very
crucial for theseschemesto work. It says that the second
iteration(Equation16) is muchslower thanthefirst (Equation
14) becauseof its smallerstep-size.This implies that the fast
iteration in � seesthe slower iteration in � asa constantand
henceconverges, while the slower iteration seesthe faster
iteration as having converged [38] and [40]. The limiting
behavior of the slower iteration is given by the ODE in
Assumption8 while that of the fasterone is given by that
in Assumption7. Assumptions2, 3, and 4 placerestrictions
on the learningprocess.

5) Assumption 5: Theiterates� � and � � arebounded.From
thedefinitionof the gain (7) it implies that theexpectedvalue
of �A�t��� is alsobounded.Sinceatany time Â theexpectedreward�A�t���Ã�ÅÄ � �ÇÆ � �ÅÈ� � (seedefinition of Ä � in SectionIV), it
implies that the processoutput � � is bounded.This implies
that both � � and � � arebounded.

6) Assumption 6: The expectedvalueof the error termsin
Equation(21) and(22) are0 andtheir variancesarebounded.
This condition is satisfiedbecauseit can be seenfrom the
definitionof thesetermsthattheerrorrepresentsthedifference
betweenthe sampleand a conditional mean.By martingale
convergencetheory, the conditional meantendsto 0 as the
numberof samplestends to infinity. As per Assumption5,
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iteratesare bounded.This implies that the right side of (23)
and (26)É arebounded,which ensuresthat the varianceof the
error terms Ê%ËÌ and Ê%ËÍ arebounded.

7) Assumption 7: The ODE:Î�Ï ËÎ$ÐÒÑ'Ó�Ô Ï ËMÕJÖA× ØÙÖ (30)

has an asymptotically stable critical point Ú Ô Ö�× , which is
unique such that the map Ú is Lipschitz continuous.This
assumptionis satisfiedbecauseof the following reason.For a
fixed Ö , themappingÛ�Ü Ô Ï × (17) is non-expansivewith respect
to themaxnorm[39]. BorkarandSoumyanath[40] show that
for non-expansive mappingsthat doesnot needa contraction
property, theaboveODE convergesto anasymptoticallystable
critical point

ÏnÝ
. TheLipschitzcontinuityof

Ï�Ý
canbeproved

by the fact that the componentsof the
Ï

vector (8) are
Lipschitz continuousin Ö [41].

8) Assumption 8: The ODE:Î ÖQËÎQÐ ÑßÞRÔ Ö Ë × (31)

hasa global asymptoticallystablecritical point Ö�à , which is
unique.This is due to the fact that as the R-valuesstabilize,
the policy becomesstationary. For a given stationarypolicy,
the averagereward is a finite constantand is also Lipschitz
continous[41]. Thus,thesolutionto theaboveODE converges
to theaveragereward,which is theglobalasymptoticallystable
critical point Ö à .

In thecaseof theWRL-RbRcontroller, thelong runaverage
reward value Ö�à convergesto 0. This canbe verified from the
definition of the gain in (7) and the fact that á Ôtâ × Ñäã Ë Ñå Ë4æèçé Ë . This implies that the expectedvalue of á Ôtâ × ÑÒê ,
since by definition, they are processdeviations from target.
The above convergenceresult of Ö à Ñëê and Equation (2)
togethershow that ã�Ô é Ë × convergesto target ì .

B. Optimality of the Control Policies

In the context of WRL-RbR controller, it is necessaryto
show that the controlpolicy to which the algorithmconverges
is indeedoptimal.To do this it is sufficient to show that theR-
valuesconverge to their optimal values.This is accomplished
in two stages.First, for the MDP case,it is shown that the
Bellman’s transformationfor value iteration and the relative
valueiteration (RVI) lead to the samepolicy. Sincethe value
iterationhasbeendemonstratedto yield optimal policies,it is
concludedthat the policiesof the RVI arealsooptimal.

It is argued in [39] the approximations(23) and (26)
convergeto optimalvalues.Sincethis discussionon optimality
is generaland independentof the problemcontext, it is not
reproducedhere.TheR-valuesobtainedfrom (14) is thesame
as that obtainedfrom (23). Thus,the WRL-RbR controller is
optimal.

VI I . PERFORMANCE ANALYSIS

The performanceof WRL-RbR controller was testedon
both SISO andMIMO processes.Processeswith varying de-
greesof autocorrelationwerestudiedasnumericalexamples.
Theresultsobtainedfrom theWRL-RbRbasedstrategieswere
comparedwith the EWMA basedstrategies.

A. WRL-RbR Controller Performance for a SISO Process

We consideran autocorrelatedprocessasgiven in [8].é Ë Ñ5í é Ëdî Ü%ïTðVïNñ�ò Ë ï°ó ËEÕ (32)

where ó Ë Ñ Ê�ó Ëdî Ü ïVô Ë-æ¾õ ô Ëdî Ü is theARMA(1,1) processfor
theerror, and ô Ë is white noisewith ö Ô æÃ÷ Õ ÷ × distribution.The
autocorrelationparametersare í for the processoutput, andõ and Ê for the noise. The initial processparametervalues
used are as follows: ð ÑùøAú ê Õ ñ ÑûøAú ê Õ ò Ë Ñùü�ú ê Õ Ê Ñ÷ ú ê Õ õ Ñ'ê	ú�ý . This meansthat ó Ë follows anIMA(1,1) process
(i.e. an ARMA(1,1) processwith Ê Ñ ÷ ú ê ). The output
autocorrelationparameterí wasvariedbetween0.1 and0.96.
Thesmoothingconstantfor theEWMA equation( þ ) wasfixed
at 0.1. This valueof ( þ ) is the sameas thoseusedin [8] and
[1]. The processtarget valuewasfixed at ì Ñ ÷ ê . The above
processwith its parameterswassimulatedusingMATLAB for
200 runsand50 replications.

For the wavelet analysis,we choseDaubechies[23] ÿQË��
order wavelet becauseof its well known stability properties
[36]. Also, wechosea dyadicwindow lengthof sixteen,which
allows up to four levels of decomposition.The number of
levelswasfixedbasedon theapplicationat handandthespeed
of executionof the online algorithm.The learningparameters��� and

� � were initialized at 0.01 and 0.001 respectively.
Theexplorationparameterwasinitialized at 0.5.Theconstant�

in the decay equationsfor the learning parameterswas
maintainedat ü�� ÷ ê
	 and for the explorationparameterwas
kept at ÷ � ÷ ê�� . The error statespacehad 4001 states,each
having a rangeof 0.1, startingat -200 until 200. The action
spaceconsistedof valuesfrom -5 to 15 in stepsof 0.1. This
resultedin 201 possibleactionsfor eachstate.

The processwas first simulatedas is with no additional
changesto either its meanor its variance.The R-valueswere
learnt for all state and action combinations.Once learning
was completedoffline, the learnt phasewas implemented
online. The WRL-RbR and EWMA controllerswere applied
to assesstheir abilities in bringing the processfrom start to a
stableoperatingcondition.The meansquaredeviation (MSD)
from target of the processunderboth control strategies were
obtainedfor the first 200 runs.

Figures4 and5 show the initial performancesof the strate-
gies for an autocorrelationvalueof 0.1 and0.9, respectively.
As shown in Fig. 4, the initial bias in the WRL-RbR strategy
is significantly reducedas shown. As depicted in Fig. 5,
even under very high autocorrelationthe RL basedstrategy
performsverywell. As for EWMA, it is well to performpoorly
at high autocorrelations,which is evident from the figure.

A comparisonof the meansquaredeviation (MSD) from
target is presentedin Table I. The MSD is calculatedas
follows. 
���� Ñ � Ô é Ë æ ì × Í� Õ�� Ñ"ê Õ ÷ Õ ø Õ � Õ úXú¢ú � Õ (33)

where � is the total numberof runs.The WRL-RbR strategy
hasthe lowestMSD valuesfor both levels of autocorrelation
considered.
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Fig. 4. SISOprocesswith low autocorrelation,��������� .

Fig. 5. SISOprocesswith high autocorrelation,�������  .

TABLE I

MEAN SQUARE DEVIATION FORM TARGET (SISO PROCESS)

Fig. 6. Schematicdiagramof the CMP process.

B. WRL-RbR Controller Performance for a MIMO Process

ThesampleMIMO processadoptedfor studyin this section
is a CMP process,which is anessentialstepin semiconductor
wafer fabrication[10], [11]. Wafer polishing that is accom-
plishedusingCMP is a nanoscalemanufacturingprocess.The
CMP task has beenmademore challengingin recentyears
due to the complex wafer topographies,and the introduction
of copper(insteadof aluminum)and low-k dielectrics.Fig. 6
shows the schematicof a CMP setup,which synergistically
combinesboth tribological (abrasion)and chemical(etching)
effects to achieve planarization.

1) CMP Modeling: As with any manufacturingoperation,
the CMP processfalls victim to many known and unknown
disturbancesthat affect its controlled operation. Variations
amongincoming wafers,processtemperatures,polishing by-
productson the pad, mechanicaltolerancescausedby wear,
and polishing consumables(slurry and pads) contribute to
disturbancesin the polishingprocess.Virtually all CMP pro-
cesses,therefore,updatepolishingtool recipeseitherautomat-
ically or manuallyto compensatefor suchdisturbances.

The CMP processusedis a linear modelconsistingof two-
output and four-input CMP process.The two outputsare the
material removal rate ( !#" ) and, within-wafer non-uniformity
( !%$ ). The four controllableinputsare:platespeed( &'" ), back
pressure( & $ ), polishingdownforce( &)( ), andtheprofile of the
conditioningsystem( &�* ). The processequationsare:! ",+�-/.10�243 .657-�.�893 24: & "<;>=?2�@93�A9: & $B;C57-/D1@93 84: &)( ;E5FA1G43 84: &�* ;E5IH>"KJ

(34)! $L+MA
.KGN5O2
A93 0%: & "E;
5P-
-Q243 A4: & $R;�5O26AS3 04: &)( ;�5O26DS3T-6: &�* ;�5OHC$�J
(35)

where HR"VUXWY:�Z4JE0�Z $ ; and H[$\UXWY:�Z4JE2�Z $ ; . The control
equationin a matrix form for a MIMO systemconsistingof] outputs, ^ inputs ( ^`_ ] ) is&ba +c:edgfhdi5kjmln;[o " d7fe:�pq=sr a ;>J (36)

where d is the estimateof the true processgain t , l is
a : ]cuv] ; identity matrix, j _ Z is a Lagrange multi-
plier ( jw+xZ for MIMO systemswhere ^ + ] ), p is
a : ]yu -�; vector of targets for the responsesin ! , r a is
the online estimatesof the forecastoffset z obtainedfrom
the reward matrix. The parametervalues used in the test
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TABLE II

MEAN SQUARE DEVIATION FORM TARGET (MIMO PROCESS) {}|�~��B�[�

TABLE III

STANDARD DEVIATIONS (MIMO PROCESS)

are � =

�������
�� ���`� = target values for the responses� ,

estimatedgain ��� � ��� � �,�6� �Q� ��� �� � � �
� � � �6� � , �v� �9� ��� �
,

and forecasterror values �?�I� � ��� ���� � � � .

The above processwas simulatedusingMATLAB for 100
runs and 50 replications.The error in both �#� and �%� were
discretizedinto 21 states,eachhaving a rangeof 10.0,starting
at -100 until 100.Hence,the statespacehad(

� � � ) 441 states.
The actionspaceconsistedof valuesfrom 0.5 to 1.5 in steps
of 0.1 for � � , -2.5 to -1.5 in stepsof 0.1 for � � , 0.85 to
1.85 in stepsof 0.1 for ��� and-0.55 to -0.05 in stepsof 0.05
for ��� . This resultedin (

�
� � ) 14641possibleactionsfor each
state.Performanceof both EWMA and RL strategies were
compared.Similar to theSISOcase,we chosetheDaubechies
fourth order wavelet and, the decompositionlevel up to four
levelsfor theWRL-RbRstrategies.Meansquaredeviationand
standarddeviation performancesare shown in Table II and
Table III for both typesof controllers.Figures7 and 8 show
theoutputplotsfor ��� and � � for bothEWMA andWRL-RbR
strategies. Clearly, performanceof WRL-RbR is far superior
to that of EWMA controller.

VI I I . LEARNING BASED CONTROLLER IN A MODEL FREE

ENVIRONMENT

In this Section, we presenta strategy for extending the
WRL-RbR controller to work in a model free environment,
which is critical for systemsrequiring distributed sensing.
Most real world systemsare complex and large, and they
seldomhave modelsthat accuratelydescribethe relationship
betweenoutput parametersand the controllable inputs. A
conceptualframework of a modelfreeRbRcontrol is given in
Figure 9. The control laws are learnt throughsimulationand
are continuouslyimproved during real time implementation.
The uniqueadvantageof model free approachesis the ability
to factor into the study many other parameterssome of
which could be nonstationary, for which it is very difficult
to develop a mathematicalmodel.In what follows we discuss
the applicationof model free WRL-RbR control in a CMP
processwhich could serve as a test bed for a distributed
sensingapplication.

Fig. 7. Output ¡n¢ of a MIMO process.

Fig. 8. Output ¡�£ of a MIMO process.

Fig. 9. Schematicof a model free WRL-RbR controller.
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A. Design of a Controller for Distributed Sensing

The CMP processis influencedby variousfactorssuchas
platespeed,backpressure,polishingdownforce,theprofile of
the conditioning system,slurry properties(abrasive concen-
tration, and size), incoming wafer thickness,patterndensity
of circuits, and dynamic wear of the polishing pad. Several
outputs that are monitored are the material removal rate,
within-wafer non-uniformity, betweenwafer non-uniformity,
acoustic emission (AE), coefficient of friction (CoF), and
thicknessof the wafer. Ideally, onewould like to monitor all
theabove inputsandoutputsvia distributedsensors.However,
dueto lack of accurateprocessmodelsthat link theoutputsto
the controllable inputs, and also due to speedof execution
issues,simple linear models are often used. A model free
learningapproachwould make it viable to control the CMP
processusing the above parameters.The wavelet analysis
also provides a meansof using nonstationarysignals like
the AE and CoF in control. This is due to the fact that
waveletanalysisproducesdetailcoefficientsthatarestationary
surrogatesof nonstationarysignals.Also the patternrecogni-
tion featureof wavelet can be usedto obtain information on
trend/shift/varianceof the process,which canbe usedby the
RL controllerto provide accuratecompensation.Our research
in fully developing a WRL-RbR controller for a large scale
distributed environment is on going and preliminary results
have shown unprecedentedpotentialto extendthis technology
to otherdistributedsystems.Theresultspresentedin this paper
serveasa proof of conceptfor thenew breedof learningbased
WRL-RbR strategy.

IX. CONCLUSIONS

RbRcontrollershavebeenappliedto processeswhereonline
parameterestimationand control are necessarydue to the
short and repetitive nature of those processes.This paper
presentsa novel control strategy, which hashigh potential in
controlling many processapplications.The control problem
is cast in the framework of probabilistic dynamic decision
making problems for which the solution strategy is built
on the mathematicalfoundationsof multiresolutionanalysis,
dynamic programming,and machine learning. The strategy
was testedon problemsthat were studied before using the
EWMA strategy for autocorrelatedSISOandMIMO systems,
and the results obtainedin this paper were comparedwith
them. It is observed that RL basedstrategy outperformsthe
EWMA basedstrategiesby providing betterconvergenceand
stability in terms of lower error variances,and lower initial
bias for a wide rangeof autocorrelationvalues.The wavelet
filtering of theprocessoutputenhancesthe quality of the data
throughdenoisingand resultsin extraction of the significant
featuresof the data on which the controllers take action.
Furtherresearchis underway in developingother WRL-RbR
control strategies, which incorporateswavelet basedanalysis
to detectdrifts andsuddenshifts in the process,andscaleup
the controllerfor large scaledistributedsensingenvironments
with hierarchicalstructures.
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