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A Multiresolution Analysis AssistedReinforcement
Learning Approachto Run-by-RunControl

RajeshGanesanTapasK. Das,and KandethodyM Ramachandran

Abstract—In recentyears, run-by run (RbR) control mecha-
nism hasemerged as an useful tool for keepingcomplex semicon-
ductor manufacturing processe®n 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 processegequires 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-
turbancesin processesnd the lack of processmodels. The novel
idea of wavelet aided RL basedcontroller representsa paradigm
shift in the control of large scale stochasticdynamic systemsof
which the control problem is a subset.Hencebrth, we refer our
new control strategy as WRL-RbR controller. The WRL-RbR
controller is tested on a multiple-input-multiple-output (MIMO)
Chemical Mechanical Planarization (CMP) processof wafer
fabrication for which processmodel is available. Results shov
that the RL controller outperforms EWMA based controllers
for low autocorrelation. The new controller also performs quite
well for strongly autocorrelated processegor which the EWMA
controllers are known to fail. Convergenceanalysis of the new
breedof WRL-RbR controller is presentedFurther enhancement
of the controller to deal with model free processesand for
inputs coming from spatially distrib uted ernvironments 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 caseof semiconductor manufacturing industry.
A novel controller that is presentedhere is capable of generating
optimal control actionsin the presenceof multiple time-frequency
disturbances, and allows the use of realistic (often complex)
process models without sacrificing robustness and speed of
execution.Performance measuressuch asreduction 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 processesith drifts and sudden
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shifts in the mean and variance. The viability of extending the
controller to distrib uted input parameter sensingervironments
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 accountfor processdisturbances.
RbR controllersperformthe critical function of obtainingthe
set point for each new run. The designof a RbR control
systemprimarily consistof two steps- processnodeling,and
online model tuning and control. Processmodelingis done
offline using techniqueslike responsesurface methodsand
ordinary least squaresestimation.Online model tuning and
control is achieved by the combinationof offset prediction
usinga filter, andrecipegeneratiorbasedon a processmodel
(controllaw). This approacto RbR processcontrolhasmary
limitations that needto be addressedn orderto increaseits
viability to distributed sensingenvironments. For example,
mary processcontrollersrely on good processmodels that
are seldomavailable for large scalenonlinearsystemsmade
up of mary interactingsubsystemsEven when good (often
comple) modelsareavailable,theissuebecomeghe speedof
executionof the controlalgorithmsduring online applications,
which ultimately forces model simplification and resultant
suboptimal control. Also the processesare often plagued
with multiscale(multiple freq.) noise,which, if not precisely
removed, leadsto seriouslack of controller efficiency. The
above limitations can be addressedhrougha multiresolution
analysis(wavelet) assistedearningbasedcontroller, which is
built on strong mathematicafoundationsof wavelet analysis
and approximatedynamic programming (ADP), and is an
excellent way to obtain optimal or nearoptimal control of
mary complex systems.This wavelet intertwined learning
approacthascertainuniqueadvantagesOneof theadvantages
is their flexibility in choosingoptimal or nearoptimal control
action from a large action space.Other advantagesinclude
fastercorvergenceof the expectedvalue of 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 papera novel approachis presentecthat for the
first time combinesand harnessethe power of wavelet based
multiresolution analysisand reinforcementlearning (RL) (a
variantof ADP) algorithmto developa new breedof RbR pro-
cesscontroller The methodologicalcontribution include the
designand developmentof both the multiresolutionanalysis
andRL approachesuitablefor a procesontrol problemand
innovatively intertwining themto achieve the desiredimpact.
The multiresolution analysishelps to extract the significant
featuresfrom noisy signal data. Thesesignificantfeaturesare
usedby the learningagentto learnsuperiorcontrol strateyies.
Another significant contribution is the theoreticaltreatment
involving the cornvergenceanalysisof the newly developed
WRL-RDbR controllet

The wavelet assistedlearning based controller, is then
tested on a model based single-input-single-outpu{SISO)
autorgressve moving average(ARMA) processandalsoon
aMIMO processThereafterwe discussthe extensionsof the
controllerto a model free and distributed sensingscenarios.
In what follows, a brief descriptionof the commonly used
RbR controllersis presentedThis discussionalso senes to
introducethe notation, which will be usedin our discussion
of the WRL-RbR controller Also, discussedn this sectionare
the primary drawbacksof the existing RbR controllers,which
sene to motivatethe needfor a learningbasedcontroller

Il. 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 autorgressve processespptimizing adaptve
quality control (OAQC) [2] which usesKalman filtering, and
model predictve R2R control (MPR2RC) [3] in which the
control action is basedon minimizing an objective function
such as mean square deviation from target. Comparatie
studiesbetweerthe above typesof controllersindicatethatin
the absencef measuremenime delays,EWMA, OAQC and
MPR2RC algorithms perform nearly identically [4] and [5].
Also, amongthe abore controllers,the EWMA controllerhas
beenmostextensiely researchedndwidely usedto perform
RDbR control[6], [7], [8], [9], [10], [11], [12], [13], [14], [15],
[16], and [17]. The foundationsof the EWMA basedRbR
controlleris presentedext.

Considera SISO process

Yyt = v + nug + noise, (1)

wheret is the index denotingthe run number y, is the process
outputafterrunt , v denoteghe offset,n representshe gain,

andu; representsheinputbeforerunt¢. To accounfor process
dynamics,the RbR controllers assumethat the intercept~y

varieswith time [1]. This is incorporatedby consideringthe

predictionmodelfor the processo be

9y =ag 1 +buy =T, 2
for which the correspondingsontrol actionis given by
T—a;_
= — L ©)

b ’

wherea;_, is consideredo be the one stepaheadprediction
of the proceswffset~, i.e., a;_1 = ;. The estimatedvalueb
of the processgain 7 is obtainedoffline. It is consideredhat
E(b) = n, which implies thatit is an unbiasedestimate.The
modeloffsetafterrunt, a;, is updatedby the EWMA method
as

(4)

Someof the primary drawvbacksof controllerslisted above
include 1) dependencen good processmodels, 2) control
actions limited by fixed filtering parametersas in EWMA,
3) inability to handlelarge perturbationsof the system,4)
dependencen multiple filtering stepsto compensatéor drifts
and autocorrelation5) inability to deal with the presenceof
multiscalenoise,and6) inability to scaleup to largerealworld
systemsAll of theabove difficultiesareaddressethroughthe
nev WRL-RbR control strateyy thatis presentedn this paper
In what follows, we motivate the needfor a multiresolution
assistedearningbasedRbR control.

ag = Ayg —bug_1) + (1 — Nag_q.

I1l. MOTIVATION FOR MULTIRSOLUTION ASSISTED
LEARNING BASED CONTROL

A control stratgy is basically the prediction of forecast
error a;, which in turn decidesthe value of the recipe w41
as per the predictedmodel (2). Hence,the performanceof a
control strateyy greatly dependson its ability to accurately
predict a;. At every stepof the RbR control, the numberof
possiblechoicesfor forecasterror a; could be infinite. The
key is to develop a stratgy for predictingthe bestvalueof a,
for the given processoutput. The accurag of the prediction
processn corventionalcontrollerssuchasthe EWMA suffers
from two aspectsTheseincludel) multiscalenoiseshatmask
the true processdeviations, which are usedin the prediction
process,and 2) the useof a fixed filtering strat@y as given
by (4) limits the actionchoices A waveletinterfacedmachine
learning basedapproachfor predicting a; could provide the
ability to extractthe true processandthus predictthe correct
offset, and also evaluatea wide range of control choicesin
orderto adoptthe bestone as explainedbelow.

In mostrealworld applicationsjnherentprocessvariations,
insteadof beingwhite noisewith singlescale(frequeng), are
often multiscalewith differentfeatureslocalizedin time and
frequeng. Thus,the true processoutputsy; could be masled
by the presenceof thesemultiscale noises.Some examples
of multiscalenoiseinclude vibrationsand other disturbances
capturedby the sensorsnoise addedby the sensingcircuit,
measuremenhoise, and radio-frequenyg interferencenoise.
It is beneficial if a controller could be presentedwith a
true processoutput with only its significant featuresand
without the multiscale noise. This could be accomplished
through denoising of multiscale noise via a wavelet based
multiresolutionthresholdingapproach.The wavelet methods
provide excellent time-frequeng localized information, i.e.
they analyzetime and frequeng localized featuresof the
sensordata simultaneouslywith high resolution. They also
possesthe unique capability of representingong signalsin
relatively few wavelet coeficients (data compression).The
wavelet based multiresolution approachhas the ability to
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Fig. 1. (a) STFTwith fixedaspectatio. (b) Wavelet Transformwith variable
aspectratio.

eliminatenoisefrom the processoutputsignalwhile retaining
significant processfeaturesarising from disturbancessuch
as trends, shifts, and autocorrelation[18]. Other denoising
techniquessuch as short time Fourier transform(STFT) and
othertime or frequeng only basedapproachearewell known
to be inferior to the wavelet basedapproachin dealingwith
multiscalesignalsdueto following reasonsThe corventional
time domain analysis methods,which are sensitve to im-
pulsive oscillations,have limited utility in extracting hidden
patternsand frequeng related information in thesesignals
[19] and[20]. This problemis partially overcomeby spectral
(frequeng) analysis such as Fourier transform, the power
spectradensity andthe coherencdéunctionanalysis However,
mary spectralmethodsrely on the implicit fundamentalas-
sumptionof signalsbeingperiodicandstationaryandarealso
inefficient in extracting time related features.This problem
hasbeenaddressedo a large extent throughthe useof time-
frequeny basedSTFT methods.However, this methoduses
afixedtiling schemej.e., it maintainsa constantaspectratio
(the width of the time window to the width of the frequeny
band) throughout the analysis (Fig. 1a). As a result, one
mustchoosemultiple window widthsto analyzedifferentdata
featureslocalizedin time and frequeny domainsin orderto
determinethe suitable width of the time window. STFT is
alsoinefficient in resolvingshorttime phenomenassociated
with high frequenciessinceit hasa limited choice of wave
forms [21]. In recentyears,anothertime-frequeng (or time-
scale)methodknown aswaveletbasedmultiresolutionanalysis
have gainedpopularityin the analysisof both stationaryand
nonstationarysignals. Thesemethodsprovide excellenttime-
frequeng localizedinformation,which is achiezed by varying
the aspectratio asshowvn in Fig. 1b. This meansthat multiple
frequeny bandscanbeanalyzedsimultaneouslyn the form of
detailsand approximationsplotted over time, as describedn
the next section.Hence differenttime andfrequeng localized
featuresarerevealedsimultaneouslyith high resolution.This
schemds moreadaptabldcomparedo STFT)to signalswith
shorttime featuresoccurringat higher frequencies.

Though an exact mathematicalanalysisof the effects of
multiscalenoiseon performanceof EWMA controllersis not
available, some experimentalstudiesconductedby us shav
that EWMA controllersattemptto compensatdor multiscale
noise through higher variations of the control recipe (u;).
However, this in turn resultsin highervariationsof the process
output.We alsonotethat, if the expectedvalue of the process
is on target and the processis subjectedto variations, for
which thereare no assignablecausesthe controller neednot

compensatdor suchvariations,and hencethe recipe should
remain constant.In fact, an attemptto compensatdor such
variationsfrom chancecausegnoise)not only increaseghe
variationsof u; but alsoincreaseshe variationsof the process
outputy;. A controlleris maintainedin placein anticipation
of disturbancessuchas meanand varianceshift, trend, and
autocorrelationresultingfrom assignablecausesAs a result,
in the absenceof disturbancescontrollerscontinueto unduly
compensatdor processdynamicsdueto noise.Also EWMA

is a static control strateyy wherethe control is guidedby the
chosen\ value as shovn in (4). ThusEWMA controllersdo

not offer the flexibility of a having a wide variety of control
choices.The above difficulties can be well addressedy a
learningbasedintelligent control approachSuchan approach
is developedin this researchandis presentechext.

In what follows, we presenta new control stratey, named
wavelet modulatedreinforcementearningrun by run control
(WRL-RbR), that benefitsfrom both wavelet basedmultires-
olution denoisingand reinforcementlearning, as discussed
above,andthusalleviatesmary of theshortcoming®f EWMA
controllers.

V. WRL-RBR: A WAVELET MODULATED
REINFORCEMENT LEARNING CONTROL

Figure2 shavs a schematiof the WRL-RbR controlletr The
controller consistsof four elements:the wavelet modulator
procesamodel, error predictor andrecipegeneratarThe pro-
cessoutputsignaly;, is first waveletdecomposedhresholded
and reconstructedto extract the significant featuresof the
signal.As explainedabove, this stepeliminatesthe multiscale
stationarynoisefor which the controllerneednot compensate.
The secondstepinvolves forecastoffset a; predictionwhich
is accomplishedvia the RL basedstochasticapproximation
schemeThe input to this stepis E; = f; — 9, where f; is
the waveletreconstructedignalandy; is the predictedmodel
outputfor therun¢. Finally, a controlrecipeu41 is generated
basedon the forecasterror prediction, which is then passed
on as set-pointfor the PID controllerand alsoto the process
modelto predictthe next processoutputat run ¢ + 1. In the
following subsectionsye describeeachelementof the WRL-
RbR controller

A. Wavelet Assisted Multiscale Denoising

The wavelet basedmultiscaledenoisingrendersmary ad-
vantagesthat a controller can benefit from. One of these
adwantagesis the detection of deterministic trends in the
original signal. This can be achieved by monitoring the
slope information in the approximationcoeficients of the
decompositionstep. This information on the trend can be
used as additional information for the controller to develop
trend compensatiorstratgies. Another advantageof wavelet
analysisis the protectionit offers againstsudderspikesin the
original signalwhich canresultin oscillationsin the control.

Conceptually multiscaledenoisingcan be explainedusing
the analogyof nonparametrigegressionin which a signal f;
is extractedfrom a noisy datay; as

(®)

Y+ = ft + noisey,
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Fig. 2. Structureof the WRL-RbR controller

wherenoise; is the noise removed by the wavelet analysis
proceduredescribedbelon. The wavelet analysisconsistsof
three steps:1) decompositionof the signal using orthogonal
wavelets into wavelet coeficients, 2) thresholding of the
wavelet coeficients, and 3) reconstructionof the signal into
the time domain.The basicideabehindsignaldecomposition
with wavelets is that the signal can be separatedinto its
constituenelementghroughfastwavelettransform(FWT). A
more detailedtheoryon multiresolutionanalysiscanbe found
in [22]. In our methodwe used Daubechieqg23] 4** order
wavelet basisfunction. Our choiceof the basisfunction was
motivated by the following properties.1) It has orthogonal
basis with a compact support. 2) The coeficients of the
basis function add up to /2, and their sum of squaresis
unity; this propertyis critical for perfectreconstruction.3)
The coeficients are orthogonalto their doubleshifts. 4) The
frequeng responsesiasa doublezero (produces2 vanishing
moments)at the highestfrequeny w = =, which provides
maximum flatness.5) With downsamplingby 2, this basis
functionyieldsa halfbandfilter. It is to be notedthatthe choice
of the basisfunction is dependenbn the natureof the signal
arisingfrom a given application.

Thresholdingof the wavelet coeficientsd; . (j is the scale
and k is the translationindex) help to extract the significant
coeficients. This is accomplishedby using the Donohos
thresholdrule [24]. This thresholdrule is also called visual
shrink or ‘VisuShrink’ method,in which a universal scale-
dependenthresholdt; is proposed.The significant wavelet
coeficients that fall outsideof the thresholdlimits are then
extractedby applying either soft or hard thresholding WRL-
RbR controller developed here usessoft thresholding.It is
important to selectthe number of levels of decomposition
and the thresholdingvaluesin such as way that excessie
smoothingof thefeaturesof the original signalis prevented A
goodreview of variousthresholdingmethodsand a guideline
for choosingthe best methodis available in [25] and [26].
Reconstructionof the signal in the time domain from the
thresholdedwavelet coeficients is achieved through inverse
wavelettransforms.The reconstructeaignalis denotedas f;.

B. Process Model

Processmodels relate the controllable inputs u; to the
quality characteristicof interesty;. Primarily, the prediction
modelsareobtainedrom offline analysishroughleastsquares
regressionresponsesurface methods,or througha designof
experimentsmethod.lt is to be notedthat, realworld systems
requiringdistributedsensingare often complex andhave large
number of responseand input variables. Models of such
systemsare highly non-linear However, in practicecomplec
non-linearmodelsare not usedin actualprocesscontrol. This
is becausecomplex models often lack speedof execution
during on-line modelevaluation,andalsointroduceadditional
measurementlelayssince mary of the responsefactorscan
only be measuredoff-line. This retardsthe feedbackneeded
in generatingcontrol recipesfor the next run. In essence,
execution speedis emphasizedver model accurag, which
promotesthe useof simplified linear models[27]. The WRL-
RbR stratgyy thatis presentedn this paperallows the useof
more accuratecomplex models. This is becausethe control
stratgyy is developed offline and hencerequiresno online
model evaluationduring its application.

C. RL Based Error Prediction

In this section we shav how a novel machinelearning
approachis usedfor the task of offset (a;) prediction. The
evolution of error E; = f; — 4, (a randomvariable)during
the processunsis modeledasa Markov chain. The decision
to predictthe procesoffseta; aftereachprocessun basedon
the error processE; is modeledasa Markov decisionprocess
(MDP). For the purposeof solving the MDP, it is necessary
to discretizeE; anda;. Due to the large numberof stateand
actioncombinationguple (E;, a;), the Markov decisionmodel
is solved usinga machinelearning(reinforcementearning,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 processesre definedon the probability space
(9, F, P). The systemstateat the endof the t** runis defined
as the differencebetweenthe processoutput and the model
predictedoutput (E; = f; — @). Let E = {E; : t =
0,1,2,3...} bethe systemstateprocessSince,it canbe easily
amuedthat E;, is dependenbnly on E;, therandomprocess
E is a Markov chain.

Sincethe statetransitionsare guidedby a decisionprocess,
wherea decisionmaker selectsan action (offset) from a finite
set of actionsat the end of eachrun, the combinedsystem
state processand the decision processhecomesa Markov
decisionprocess.The transitionprobability in a MDP canbe
representeds p(z, d, q), for transition from statez to state
g underactiond. Let £ denotethe systemstate space,i.e.,
the setof all possiblevaluesof E;. Thenthe control system
can be statedas follows. For ary given z € & at run t,
there is an action selectedsuch that the expectedvalue of
the processy,1 atrun ¢ + 1 is maintainedat target 7'. In
the context of RbR control, the action at run ¢ is to predict
the offset a; which is then usedto obtainthe value of recipe
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ugr1- Theoretically the action spacefor the predictedoffset
could rangefrom a large negative numberto a large positive
number However, in practice for a non-diverging processthe
actionspaces quite small, which canbe discretizedo afinite

numberof actions.We denotethe actionspaceas.A. Several
measure®f performancesuchas discountedreward, average
reward, and total reward can be usedto solve a MDP. We

definereward r(x, d, q) for taking actiond in statez at ary

run ¢ + 1 that resultsin a transitionto stategq, asthe actual
error Eyy1 = fi41 — 91 resulting from the action. Since
the objective of the MDP is to develop an actionstrateyy that
minimizesthe actualerror, we have adoptedaveragereward as
themeasuref performanceln the next subsectionye provide

the specificsof the offset predictionmethodologyusinga RL

basedstochasticapproximationscheme.

2) Reinforcement Learning: RL is a simulation-based
methodfor solving MDPs, which is rooted in the Bellman
[28] equation,andusesthe principle of stochastiapproxima-
tion (e.g. Robbins-Monromethod[29]). Bellman’s optimality
equationfor averagereward saysthatthereexistsa p* and R*
that satisfiesthe following equation:

R*(z) = min |r(z,d) — p* + Y _p(z,d,q)R*(q)|  (6)

deA
q€e€&

wherep* is the optimal gainand R* is the optimal bias. The
gain p andbias R are definedasfollows:

1 N
p=lim =E{} r(X,)} )
R=E{) [r(X,) - pl} ®)
t=1

where N is the total numberof transition periods,and X; :

t=1,2,3,... is the Markov Chain.Fromthe above definitions
it follows thatthe gainrepresentshe long run averagereward
per periodfor a systemand is alsoreferredas the stationary
reward. Bias is interpretedas the expectedtotal difference
betweenthe reward » andthe stationaryreward p.

The above optimality equation can be solved using the
relative value iteration (RVI) algorithm as given in [30].
However, the RVl needsthe transitionprobabilitiesp(z, d, q),
which are often, for real life problems,impossibleto ob-
tain. An alternatve to RVI is asynchronousipdating of the
R-values through Robbins-Monro(RM) stochasticapproxi-
mation approach,in which the expectedvalue component
> geeP(x.d,q)R*(g) in (6) can be replacedby a sample
value of R(q) obtainedthrough simulation. The WRL-RbR
algorithm is a two-time scale version of the above learning
basedstochasticapproximationscheme which learnsp* and
usesit to learn R*(z,d) for all z € £ andd € A. Convergent
averagereward RL algorithms (R-learning)can be found in
[31], and [32]. The stratggy adoptedin R-Learning is to
obtain the R-values, one for each state-actionpair. After
the learning is complete, the action with the highest (for
maximization) or lowest (for minimization) R-value for a
state constitutesthe optimal action. Particularly in control

problemsreinforcementearninghassignificantadvantagess
follows: 1) it canlearnarbitrary objective functions, 2) there
iS no requirementto provide training examples,3) they are
more robust for naturally distributed systembecausenultiple
RL agentscan be madeto work togethertoward a common
objectve, 4) it can deal with the ‘curse of modeling’ in
complex systemdby using simulationmodelsinsteadof exact
analytical models that are often difficult to obtain, and 5)
can incorporatefunction approximationtechniquesin order
to further alleviate the ‘curse of dimensionality’issues.

The Bellmans equationgiven in (6) can be rewritten in
termsof valuesfor every state-actiorcombinationasfollows.
At the end of the #** run (decisionepoch)the systemstate
is E; z € &. Bellmans theory of stochasticdynamic
programmingsaysthatthe optimalvaluesfor eachstate-action
pair (z,d) can be obtainedby solving the averagereward
optimality equation

R*(.'L',d) = [Zp(xada Q)T(mada (I)] -p"
qeé

+[D_p(e,d,j)min B*(j,d)] Vz, Vd.
Jj€EE
(9)

A two-time scale version of the learning basedapproach
that we have adoptedto solve the optimal valuesfor each
state-actiorcombinationR*(z, d) is asfollows.

Riy1(z,d) « (1 — op)Re(z,d) + ay[r(z,d, q)

—pt + II’)%I.E Rt(Qa b)] V.Z', Vd7
(10)
T + 7d7
pir1 = (1= Be)pt + Be [%(xq)] - (11)
t+1

In the above equationst denoteghe stepindex in the learning
procesgrun numberin the contect of control), oy and j3; are
learning parameterswhich take values (0,1), and T; is the
cumulative time till the t** learningstep.

The learningparametersy; and 3; arebothdecayedy the
following rule.

Qo, BO _ t?
1+2’ K+t
where K is a very large number The learningprocesss con-
tinueduntil theabsolutedifferencebetweersuccessie R(z, d)
for every state-actioncombinationis belonv a predetermined
small numbere > 0,

|Rt+1($7d) - Rt(xad)l <e (13)

At the beginning of the learningprocessthe 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 decisionmalker with probability p; choosesfrom
other actions. The choice amongthe other actionsis made
by generatinga randomnumberfrom a uniform distribution.
The above procedureis commonlyreferredto in literatureas

Q, ﬂt = (12)

V.
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exploration. The value of p; (called the exploration proba-
bility) is decayedfasterthan the learning parametersusing
equation(12). Storing of the R-valuesfor each state-action
combinationoften presentsa computationathallengeor 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-actiorcombination,a methodknown as
function approximation.Recently a diffusion wavelet based
function approximationschemehas been presentedto the

literature[33], [34], and [35].

D. Recipe Generation

Oncelearningis completedthe R-valuesprovide the opti-
mal action choicefor eachstate.At ary run ¢, asthe process
entersa state,the action d correspondingo the lowest non-
zero absoluteR-value indicatesthe predictedforecastoffset
at. Thisis usedin the calculationof the recipeus1. In what
follows we presentthe stepsof the WRL-RbR algorithm in
the implementationphase.

V. WRL-RBR ALGORITHM

« Step 1: The processis startedat time ¢ = 0 with the
assumptiorthat the predictedoffset ag = 0. The recipe
for the first run is obtainedfrom the control law given
by (3).

« Step2: At the endof first run at¢ = 1, the outputy; is
measure@ndthe algorithmproceeddo Step3. However,
for time ¢ > 2 waveletdecompositioris performedusing
a moving window conceptas presentedn [36]. Wavelet
decompositionis done for the datain the window and
the resulting wavelet coeficients at eachscaleare soft
thresholded Next, the signal in time domainis recon-
structedfrom the thresholdedwavelet coeficients. The
decompositionstratgly works as follows. As shown in
Figure 3, thefirst window will containonly 2 datapoints
y1 andyq. At time ¢ = 3, thewindow is movedto include
the next datapoint. However, the first datapoint of the
window is droppedto maintaina dyadic window length
(2%), wherek = 1. Wavelet decompositionthresholding
andreconstructions donefor the datain the new window
and only the last reconstructedvalue of f; is usedin
the calculation of the processdeviation E; in Step 3.
This processof moving the window of a dyadic length
(2%), continuesin every run until the total datalength
starting from the beginning reachesa length of (2¢+1).
At this time thewindow lengthis increasedo (2¢+') and
wavelet analysisis performed.Upgradingof the window
lengthis carriedout until a desiredliength,dependingon
the required depth of decomposition,is reached.From
this point on, the window length is kept constant.This
methodis called integer or uniform discretization37].

« Step3: At ary givenrunt+1, calculateprocesgleviation
Eii1 = fir1 — et

« Step4: Learning Sage: Using E;; identify the statex
of the process.E;,; obtainedin Step3 representoth
the stateof the systemat run ¢ + 1 and the immediate
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Fig. 3. Moving window concept.

reward r(Ey, at, Ft11) obtainedby taking action a; in
state E;. The R-value for the state-actioncombination
(B, at) is updatedas follows.

Rip1(Eyya) < (1 — o) Ri(Ey, a4) + ay[r(Ey,az, By yq)
—pt + gréljtl Ri(Eyy1,b) : b= argmincca

{|Rt(Ety1,¢)| : Ri(Egy1,¢) #0}]  VE;, Vay,

(14)
where
%Iéi}ll Ry (Ei41,b) : b = argmince a{|Rt(Ety1,0)] :

Ry(Fyy1,c) # 0}
(15)

indicatesthat at for ary state E;11, the greedyactionb
for which the absolutenon-zeroR-valuethatis closestto
zeroshouldbe chosenThe optimal averagereward p;.1
is updatedasfollows.

peTy + r(Ey,a¢, Ertq)
Tyt

Learnt Stage: Using E.y; identify the statez of the
process.The forecastoffset a; for this state is now
obtainedfrom the R-value matrix by choosingthe action
thatcorrespond$o the minimum of the absolutenon-zero
R-valuefor that state.

« Step5: Obtainthe controlrecipeu,; using(3). Generate
the processoutputfor the next run ¢ + 1 andgo to Step
2.

piy1 = (1= PB¢)pe + B¢ . (16)

VI. ANALYSIS FOR CONVERGENCE OF THE WRL-RBR
CONTROLLER

In this sectionthe major conclusionsof the convergence
analysisis provided. The completeproof of corvergenceof
the RL schemeadoptedor WRL-RbR s not presentedherein
orderto reducethe mathematicatompleity of the paper The
numericalresultspresentedn SectionVIl provide additional
evidence of the controller's corvergencein terms of the
boundednessf the proces®utputandits expectedvaluebeing
on target. Theseconditionsarenecessaryo ensurestability of
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the controller In whatfollows, it is shavn thatthe WRL-RbR
algoiithmcorverges,andyields R(-, -) valuesthatgive optimal
processcontrol stratgy. The optimal control strat@y ensures
that the expectedvalue of the processoutputy; coincidewith
the target 7', and alsothat the y;’s are bounded.

It is first showvn that the approximationschemesin the
algorithm use transformationthat are of the form presented
in [38] andtrack ordinary differentialequationd ODES). The
ODE framework basedcornvergenceanalysispresentedn [39]
is then used to shov the corvermgence of the WRL-RbR
algorithm.

Define the transformationsas follows.

(1 (R0)(0,0) = .. 0) [ (2. o) = ° + i a0,

€€
17)
(Fr(R0)(a,) = |r(e,d0) — "+ i Rant)| - 29

_ ptTt +’r($7d7 Q):|
Filp) = Tt e
Fap) = | 210D, (20)

Also defineerrorsw! andw{ as:

wi = (Hx(Ry))(z,d) — (H1(Ry))(,d), (21)
wy = Fy(pt) — F1(pt)- (22)

The first of the two-time scaleapproximationequation(10)
cannow be written as:

Riy1(z,d) = Ry(z,d) + oy [R(Re(z,d), pr) + wi], (23)

where:

h(Ry) = Hi(R;) — Ry. (24)

As in [39], it canbe shown that (23) yields an ODE of the

form:
dR;

dr
In asimilar mannerasabore, the secondof the two-time scale
approximationequation(11) canbe written as:

= h(Ry, p)- (25)

pre1 = pr + Bt [9(pe) +wh] (26)
where
9(pe) = Fi(pt) — pr- (27)
Onceagainit canbe shovn that (26) track the ODE:
% =9(pt)- (28)

It was shavn from [39] that the above ODE framework
corvergesunder a set of assumptionsThe assumptionsare
presentedbelon in the context of a WRL-RbR controller
wherever applicable.Also a brief explanationof the purpose
of the assumptionand how they are ensureds provided.

A. Assumptions

1) Assumption 1. The functionsh and g, definedin (25)
and (28), are Lipschitz continuous.This is true becausehe
mappings(H;(R:)) and Fy(p,) arelinear everywhereas can
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 period of time until the con-
dition |Ry4+1(x,d) — R.(z,d)| < € is ensuredfor every state-
action pair 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 impact quality of the decision.

» 3) Assumption 3: The step size a; and §; are small,

which canbe ensuredy appropriatelyselectingthe parameter
values.The natureof R-learningis suchthatthe reward values
are updatedasynchronouslyone state-actiorpair updatedin

each iteration of the learning process).In order to obtain

corvergenceto the samereward values as in the case of

synchronousalgorithms (where rewards for all statesare
updatedsimultaneouslyi.e., in dynamic programmingusing

transition probabilities), it is necessaryto maintain small

valuesof learningparametersy; andg;. The oy andg; values
are chosenvery small in order to allow slow learning and

correspondingcorvergence.Large valuesof a; and §; could

causeR-valuesto oscillateand not cornverge.

4) Assumption 4: The learningparametersnustsatisfythe
following condition:

lim sup& =0.
t—o0 at

(29)

The interpretationof this assumptioris that the rate of decay
for learning parameters, is fasterthan a;. This is achieved
by fixing the starting valuesof both a; and 5, as0.01 and
0.001 respectiely (SectionVII A). This assumptionis very
crucial for theseschemesto work. It saysthat the second
iteration (Equationl16) is muchslower thanthefirst (Equation
14) becauseof its smallerstep-size This implies that the fast
iterationin R seesthe slower iterationin p asa constantand
hence corverges, while the slower iteration seesthe faster
iteration as having corverged [38] and [40]. The limiting

behaior 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: TheiteratesR; andp; areboundedFrom
the definition of the gain (7) it implies thatthe expectedvalue
of 7(-) is alsoboundedSinceatary time ¢ theexpectedreward
r(-) = E; = fiy — §; (seedefinition of E; in SectionlV), it
implies that the processoutput y; is bounded.This implies
thatboth R; and p; arebounded.

6) Assumption 6: The expectedvalue of the errortermsin
Equation(21) and(22) are 0 andtheir variancesare bounded.
This condition is satisfiedbecauseit can be seenfrom the
definitionof thesetermsthatthe errorrepresentshe difference
betweenthe sampleand a conditional mean.By martingale
cornvergencetheory the conditional meantendsto O as the
numberof samplestendsto infinity. As per Assumption5,
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iteratesare bounded.This implies that the right side of (23)
and (26) are bounded which ensureghat the varianceof the
error termsw} andw} are bounded.

7) Assumption 7: The ODE:

T = h(Rep)
=
has an asymptotically stable critical point G(p), which is
unique such that the map G is Lipschitz continuous.This
assumptioris satisfiedbecausef the following reasonFor a
fixedp, themappingH; (R) (17)is non-expansvewith respect
to the max norm [39]. Borkarand Soumyanati40] shaov that
for non-expansve mappingsthat doesnot needa contraction
property theabose ODE cornvergesto anasymptoticallystable
critical point R,. TheLipschitzcontinuityof R, canbeproved
by the fact that the componentsof the R vector (8) are
Lipschitz continuousin p [41].

8) Assumption 8: The ODE:

dpy

dr =g(pt)

hasa global asymptoticallystablecritical point p*, which is
unique.This is dueto the fact that as the R-valuesstabilize,
the policy becomesstationary For a given stationarypolicy,
the averagereward is a finite constantand is also Lipschitz
continoug41]. Thus,thesolutionto theabove ODE corverges
to theaveragereward,whichis theglobalasymptoticallystable
critical point p*.

In the caseof the WRL-RbR controller, thelong run average
reward value p* corvergesto 0. This canbe verified from the
definition of the gain in (7) and the factthatr(-) = E; =
ft — 9. This implies that the expectedvalue of r(-) 0,
since by definition, they are processdeviations from target.
The above corvergenceresult of p* = 0 and Equation (2)
togethershow that E(y;) corvergesto target 7.

Vp (30)

(31)

B. Optimality of the Control Policies

In the context of WRL-RbR controller, it is necessarto
shaw thatthe control policy to which the algorithm corverges
is indeedoptimal. To do this it is sufficient to show thatthe R-
valuescorvergeto their optimal values.This is accomplished
in two stages.First, for the MDP case,it is shavn that the
Bellman’s transformationfor value iteration and the relative
valueiteration (RVI) leadto the samepolicy. Sincethe value
iterationhasbeendemonstratedo yield optimal policies, it is
concludedthat the policies of the RVI are also optimal.

It is argued in [39] the approximations(23) and (26)
cornvergeto optimalvalues.Sincethis discussioron optimality
is generaland independenbf the problem conte«t, it is not
reproducechere.The R-valuesobtainedfrom (14) is the same
asthat obtainedfrom (23). Thus,the WRL-RDbR controlleris
optimal.

VIl. PERFORMANCE ANALYSIS

The performanceof WRL-RbR controller was tested on
both SISO and MIMO processesProcessesvith varying de-
greesof autocorrelationwere studiedas numericalexamples.
Theresultsobtainedfrom the WRL-RbR basedstratgieswere
comparedwith the EWMA basedstratayies.

A. WRL-RbR Controller Performance for a S0 Process

We consideran autocorrelategrocessas givenin [8].

Yt = dyr—1 + v+ nug + Ny, (32)
whereN; = wN;_1+€;—ce;—1 isthe ARMA(L,1) procesdor
theerror, ande; is white noisewith U (—1, 1) distribution. The
autocorrelationparametersare ¢ for the processoutput, and
¢ and w for the noise. The initial processparametervalues
usedare as follows: v = 2.0, n = 2.0, u; = 5.0, w =
1.0, ¢ = 0.7. This meanghat V; follows anIMA(1,1) process
(i.e. an ARMA(1,1) processwith w 1.0). The output
autocorrelatiorparameterp wasvaried between0.1 and0.96.
The smoothingconstanfor the EWMA equation()) wasfixed
at 0.1. This value of () is the sameasthoseusedin [8] and
[1]. The processamgetvaluewasfixedat T = 10. The above
processwith its parametersvassimulatedusingMATLAB for
200runsand50 replications.

For the wavelet analysis,we choseDaubechies[23] 4"
order wavelet becauseof its well known stability properties
[36]. Also, we chosea dyadicwindow lengthof sixteenwhich
allows up to four levels of decomposition.The number of
levelswasfixedbasedon the applicationat handandthe speed
of executionof the online algorithm. The learningparameters
ag and By were initialized at 0.01 and 0.001 respectiely.
The explorationparametervasinitialized at 0.5. The constant
K in the decay equationsfor the learning parameterswvas
maintainedat 5 x 108 andfor the exploration parametewas
keptat 1 x 10%. 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
changedo eitherits meanor its variance.The R-valueswere
learnt for all state and action combinations.Once learning
was completed offline, the learnt phasewas implemented
online. The WRL-RbR and EWMA controllerswere applied
to assessheir abilities in bringing the processrom startto a
stableoperatingcondition. The meansquaredeviation (MSD)
from target of the processunderboth control stratgies were
obtainedfor the first 200 runs.

Figures4 and5 shaw the initial performance®f the strate-
giesfor an autocorrelatiorvalue of 0.1 and 0.9, respectiely.
As shawn in Fig. 4, theinitial biasin the WRL-RDbR stratgy
is significantly reducedas showvn. As depictedin Fig. 5,
even under very high autocorrelationthe RL basedstrategy
performsverywell. As for EWMA, it is well to performpoorly
at high autocorrelationswhich is evident from the figure.

A comparisonof the meansquaredeviation (MSD) from
target is presentedin Table I. The MSD is calculatedas
follows.

Sy, — T)2
MSD = % t=0,1,2,3,..n,  (33)
wheren is the total numberof runs. The WRL-RbR stratgy
hasthe lowestMSD valuesfor both levels of autocorrelation

considered.
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TABLE |
MEAN SQUARE DEVIATION FORM TARGET (SISO PROCESS)

Autocorrelation | EVWhA [WRL-RBR| % Decrease in MzD

0.1 0.B3 0.42 33

0s 33.2 1.8 95

Fig. 6. Schematiadiagramof the CMP process.

B. WRL-RbR Controller Performance for a MIMO Process

The sampleMIMO processadoptedor studyin this section
is a CMP processwhich is an essentiaktepin semiconductor
wafer fabrication[10], [11]. Wafer polishing that is accom-
plishedusingCMP is a nanoscalananufcturingprocessThe
CMP task has beenmade more challengingin recentyears
due to the complex wafer topographiesand the introduction
of copper(insteadof aluminum)and low-k dielectrics.Fig. 6
shavs the schematicof a CMP setup,which synegistically
combinesboth tribological (abrasion)and chemical(etching)
effectsto achieve planarization.

1) CMP Modeling: As with any manufcturingoperation,
the CMP processfalls victim to mary known and unknowvn
disturbancesthat affect its controlled operation. Variations
amongincoming wafers, processtemperaturespolishing by-
productson the pad, mechanicaltolerancescausedby weat
and polishing consumablegslurry and pads) contritute to
disturbancesn the polishing processVirtually all CMP pro-
cessestherefore updatepolishingtool recipeseitherautomat-
ically or manuallyto compensatdor suchdisturbances.

The CMP procesausedis a linear model consistingof two-
output and four-input CMP process.The two outputsare the
materialremoval rate () and, within-wafer non-uniformity
(). Thefour controllableinputs are: plate speed( ), back
pressurd ), polishingdownforce( ), andthe profile of the
conditioningsystem( ). The processequationsare:

(34)

(35)
where and . The control
equationin a matrix form for a MIMO systemconsistingof

outputs, inputs( ) is

(36)
where is the estimateof the true processgain , is
a identity matrix, is a Lagrange multi-
plier ( for MIMO systemswhere ), is
a vector of tamets for the responsesn is

the online estimatesof the forecastoffset obtainedfrom
the reward matrix. The parametervalues used in the test
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TABLE 1l
MEAN SQUARE DEVIATION FORM TARGET (MIM O PROCESS)

TABLE 11l
STANDARD DEVIATIONS (MIM O PROCESS)

are = = target values for the responses |,

estimatedgain ,
Fig. 7. Output of a MIMO process.

andforecasterror values

The above processwas simulatedusing MATLAB for 100
runs and 50 replications.The error in both and  were
discretizednto 21 statesgachhaving a rangeof 10.0, starting
at-100until 100.Hencethe statespacehad( ) 441 states.
The action spaceconsistedof valuesfrom 0.5to0 1.5in steps
of 0.1 for , -25to -1.5in stepsof 0.1 for , 0.85to
1.85in stepsof 0.1for  and-0.55to -0.05in stepsof 0.05
for . Thisresultedin () 14641possibleactionsfor each
state. Performanceof both EWMA and RL stratgies were
comparedSimilar to the SISOcase we chosethe Daubechies
fourth order wavelet and, the decompositiorevel up to four
levelsfor the WRL-RbR stratgies.Meansquaredeviation and
standarddeviation performancesare shavn in Table Il and
Table Il for both typesof controllers.Figures7 and 8 shov
theoutputplotsfor and for bothEWMA andWRL-RbR
stratgies. Clearly, performanceof WRL-RDbR is far superior
to that of EWMA controller

VIII. LEARNING BASED CONTROLLER IN A MODEL FREE
ENVIRONMENT

In this Section,we presenta stratgy for extending the
WRL-RDbR controller to work in a model free ervironment,
which is critical for systemsrequiring distributed sensing.
Most real world systemsare comple< and large, and they
seldomhave modelsthat accuratelydescribethe relationship
between output parametersand the controllable inputs. A
conceptuaframeavork of a modelfree RbR controlis givenin
Figure 9. The control laws are learntthrough simulationand
are continuouslyimproved during real time implementation.
The uniqueadwantageof modelfree approachess the ability
to factor into the study mary other parameterssome of
which could be nonstationaryfor which it is very difficult
to develop a mathematicamodel. In what follows we discuss
the applicationof model free WRL-RbR control in a CMP
processwhich could sene as a test bed for a distributed Fig 9. Schematioof a modelfree WRL-RbR controller
sensingapplication.

Fig. 8. Output of a MIMO process.
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A. Design of a Controller for Distributed Sensing

The CMP processis influencedby variousfactorssuchas
plate speedbackpressurepolishingdownforce, the profile of
the conditioning system,slurry properties(abrasve 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), coeficient of friction (CoF), and
thicknessof the wafer Ideally, one would like to monitor all
the above inputsandoutputsvia distributedsensorsHowever,
dueto lack of accurategprocesanodelsthatlink the outputsto
the controllable inputs, and also due to speedof execution
issues,simple linear models are often used. A model free
learning approachwould male 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
waveletanalysisproducegetail coeficientsthatarestationary
surrogate®f nonstationarysignals.Also the patternrecogni-
tion featureof wavelet canbe usedto obtaininformationon
trend/shiftharianceof the processwhich canbe usedby the
RL controllerto provide accuratecompensationOur research
in fully developinga WRL-RbR controller for a large scale
distributed ervironmentis on going and preliminary results
have shavn unprecedentegotentialto extendthis technology
to otherdistributedsystemsTheresultspresentedhn this paper
sene asa proof of concepffor the new breedof learningbased
WRL-RDbR strateyy.

IX. CONCLUSIONS

RbRcontrollershave beenappliedto processeshereonline
parameterestimationand control are necessarydue to the
short and repetitve nature of those processesThis paper
presentsa novel control stratgyy, which hashigh potentialin
controlling mary processapplications.The control problem
is castin the framework of probabilistic dynamic decision
making problems for which the solution strateyy is built
on the mathematicafoundationsof multiresolutionanalysis,
dynamic programming,and machinelearning. The stratgy
was testedon problemsthat were studied before using the
EWMA stratgy for autocorrelate61SOandMIMO systems,
and the results obtainedin this paperwere comparedwith
them. It is obsened that RL basedstrategy outperformsthe
EWMA basedstratgies by providing bettercorvergenceand
stability in terms of lower error variances,and lower initial
bias for a wide rangeof autocorrelatiorvalues.The wavelet
filtering of the procesoutputenhanceshe quality of the data
through denoisingand resultsin extraction of the significant
featuresof the data on which the controllers take action.
Furtherresearchs undervay in developing other WRL-RbR
control stratgies, which incorporatesvavelet basedanalysis
to detectdrifts and suddenshifts in the processand scaleup
the controllerfor large scaledistributed sensingervironments
with hierarchicalstructures.
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