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INVENTION 1. Field of the Invention The present invention rel ates
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nmet hods for identifying LA out - of. tistical-control
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the significance of such signal?QRQ)*B% AlptSiHn of the Related Art in an
attenpt to quantify and study the af&pg&ng% process conditions during
waf er processing, process engineers "are tasked with runni ng numerous
process runs, each with ZOPQ%%gygﬁhgﬁaxnagbzxqugphps, and then
conprehensi vely studying results. The set variables, as is well know, are
many. For instance, variables can include chanber pressure, chanber
tenperat ére, the del i &RQ%5 RERER YORBEABED ARHIFCATHMGS, el ectrostatic
chuck clanping ypltage, .types of gases dflowrates, etc. .In_practice,
therefore, data }1815 agglbcﬁ“\jfﬁgi“% nggl%iyg’o s BN BLRAE 4idE OPIEGIAENGaf er s are
put t hrough 6precesSEfiledRs Schsihbdas ER0al fdeh@dledidiRdds: QieaR%eUtigmdat a for
such variables. In the analysis of such data, specific atténtion is paid

to ascertai h2aifiBt Heringpding Eragys Koo wdgdsp & tTioeLiPaelapaentaskl €pniral, \ivhibl 1§ an
accept abl e mﬁ@@%gumﬁﬁﬁ&ﬁB?ﬁ%ﬁ&ﬁeﬁ{ﬁ&%ﬁ&%_aI process control tools are

avail able for the nonitoring of deviatiaons between historical process runs

and new,process runs. Theseyd 0 .St defi ne nor nal
operati%g behavior in a prog%gg&ggéggDéﬁyﬁggﬁ&&%@ﬁh%ﬁata. WO 2004/ 030082
PC r/USZOOS/OSOSﬁl @? Statistical projection-based techniques', such as
princi pal cdnponbisid ofifhe Jaseationocn) | are

The present invention relates generaily to methods for analyzing the performance

of wafer process operations run on wafer processing equipment, and more particularly, to
methods for 1dentifying variables that cause out-of-statistical-control signals and
15 techniques for incorporating expert knowledge to ascertain the significance of such

signals.
2. Description of the Related Art

In an attempt to quantify and study the affects of process conditions during wafer
processing, process engingers are tasked with running numerous process runs, each with
20 particularly set variables, and then comprehensively studying results. The set variables, as
is well know, are many. For instance, variables can include chamber pressure, chamber
temperature, the delivered power to one or both electrodes, electrostatic chuck clamping
voitage, types of gases and flow rates, etc. In practice, therefore, data for such variables is
measured and recorded as wafers are put through process runs. Databases are created to
25 organize the data for such variables. In the analysis of such data, specific attention is paid
to ascertain whether the behavior of particular variables is within an acceptable range.
Multivariate statistical process control tools are available for the monitoring of
deviations between historical process runs and new process runs. These tools can

statistically define normal operating behavior in a process based on historical data.



used to produce out-of-statistical-control signals when a variable is
identified as deviating out of the bounds of nornal operating behavior. As
mul tivariate statistical process control tools accommodate anal ysis across
a large 5 nunber of variables the resulting nodels are very sensitive, too
sensitive with respect to sone variables. Another chall enge associ ated
wth using twesestacdani ques is to determne if an out ofpcragundsziséignal is
consi dered neani ngful based on expert know edge. Sone variables or ranges
of variable values are nore critical than others. For exanple, once a wafer
is 10 clanped into position the clanp voltage could vary, yet still not be
considered a fault, or error in the system Cenerally, faults are

gener at ed ; e fo L able changes. so nmuch that. i | ls

out - of - st a%tﬁisggﬁ\{ ?’lcag%tn&lg F‘?S%%}é%l@gg’es\?é] %é’g%ﬁpa qugn%ne%magalé qﬁ'ggf} &Fr ded as
bei ng out ofusethtoaeaipt ablof-satigichlstohal sighald vden b @huadbiese idestifRidhe devatgabl es
in the system fIEl m%%ﬁ %e fllé%%ed,as@ﬁ roblem and an automatic fault code
woul d be sert' Ut RAPHS pgorma orgatng a‘gﬁjrocessi ng. However an expert
observing the sagmukidlatige biafistchidrRekUoh@80dTs SREmABHAD ol ERNERENSA 04 th the
vari abl e _devi %i on. For exanple, though the value for clanp voltage is out

of the accepPHBiie!dpEglesihicaaiulaunresisiae voubasigys, o feaditive wittaresgspeipat i ng
range wher e gbhevaLhaap properly holds the wafer. Unfortunately, a fault
woul d still be registered, even 20 though expert know edge woul d deemt he
out of bounds s#ueihdr chglleng aswaiatainvitngsing thesaltdchniqidsds enidtened biftanicat sthat

reliance on J h i.cal stati.stical analysis wll |ead to false

fault al ar ngg&k]g\‘?g? %Iﬁsg{%élg?m%w T f@r"&&“’ S eﬁ@?&/&?&##gie‘aﬁ?‘i’e Viriaplegher al 1 y

| ead to st oppageof vafiabdafies preas@s siif@] BREbALISOBS; exahPR, 6128 Whiakdigs | N wast ed
tinme ang rmnleﬁ. The nodel s generated in statistical projection-based

t echni qiés SANPRL 1B e Clayp Yoligrsouls| varn gersHimat bafgnsiderehe BBt s of
data for a pafitiheiélsgstcir %%ﬁg@ﬁqltpé/re LAEPHROK R a%luqultﬁ\;alrigﬁe 'cﬁgngé tion
for each variable being recorded. The limtation wth this approach is

that duri ng™PAbthahih&ds Greri-skabsitdakeaatiel. fsh Hg vbluie ifer dleamyeltagrmigmicsrdofl agat a ar e
not al ways I L.abl i;ahl t cost. of .experi.mental
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is a met hodmanbe 83ggeem 4 prbiemeod pomabding faB0cek pelild tesom crogtingtht he

i denti fﬁgat@v%ﬁng reduction of false fault alarnms in wafer processing
syst ems.~ WO 2004030082 PCT/ US20031030391 -3 SUMMARY OF THE | NVENTI ON

However an expert observing the same value for clamp voltage might not be
concerned with the variable deviation. For example, though the value for clamp voltage is
out of the acceptable statistical bounds it could still fall in an operating range where the
clamp properly holds the wafer. Unfortunately, a fault would still be registered, even

20 though expert knowledge would deem the out of bounds signal as not warranting a fault.
The end result is that reliance on pure mathematical statistical analysis will lead to false
fauit alarms. Nevertheless, during processing, every fault will generally lead to stoppage
of wafer processing operations, thus resulting in wasted time and money.

The models generated in statistical projection-based techniques can be made more

25 robust by incorporating large amounts of data for a particular process and by incorporating
detailed information for each variable being recorded. The limitation with this approach is
that during the phase when models are being built large amounts of data are not always
available for the variables and the cost of experimental operation can be very impractical.

In view of the foregoing, what is needed is a method and system for incorporating
30 expert knowledge in the identification and reduction of false fault alarms in wafer

processing systems.



Broadl y speaking, the present invention fills this need by providing a

met hod and system for incorporating expert know edge for the .
identification of uninportant out-of- statistical-control signals in wafer
processing systens. Several enbodiments of the 5 invention are described
bel ow. In one enbodinent, a nmethod for adjusting a data set defining a set
of process wansjo@ach process run having a set of data marrseepondsng to a
set of variables for a wafer processing operation is provided. A nodel
derived froma data set is received. A new data set corresponding to one
process run is received. The new data set  is 10 projected to the nodel. An
outlier data point produced as a result of the projecting is identified. A
variabl e corresponding to th%mmga‘(igig %0|Qt is identified, the
identified variable exhijbl ti e hér v?lhgevglolrjetpgr he
ariable fromthe n ta set is identified. ~th _
variabl e is uni n%é?”ﬁgnﬁpeﬁgn&ﬂé’ceé’ﬁwﬁé’w@“% fefdsy his mpedey misitidling a orethgd ead | S,
created, usishgert 8RaRuBsiadtmsAREkrL IR WIRLL AR LIR igmﬁcg@ 0}§nig§5§%ﬂhrpo&§g_to et
uni mportant from each of tﬁe_ new data set and the data set. e data se
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created, using data fromthe 25 new data an _rromthe data ‘set,”The
nornal i zed if§tified &Y vasiablg C@ﬁ@a@mygltlmgamrmetlmadat:taﬁcbzm dlS {daatﬁetdaﬁ;;_c’:_ggt e(r]I ; geSEt
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scal ed dat a°58tPESeGRie emerpalizedieptix gédataat a i s recei ved. The new data is

projected to In another embodiment, a method for adjusting a data set defining a set of process

runs, each process run having a set of data corresponding to a set of variables for a wafer
processing operation is provided. A model derived from a data set is received, A new

20 datasetis received. The new data set is projected to the model. Outlier data points
produced as a result of the projecting are identified. One of the outlier data points from
the outlier data points is identified. A variable corresponding to the one outlier data point
is identified, the identified variable exhibiting a high contribution. Whether the variable is
unimportant is determined. A normalized matrix of data is created, using data from the

25  new data and from the data set, the normalized matrix of data created using the variable
that was determined to be unimportant from each of the new data and the data set. The
data set is updated with the normalized matrix of data.

In accordance with another aspect of the present invention, a method for updating a

data set defining a set of process runs, each process run having a set of data corresponding

30 toaset of variables for a wafer processing operation is provided. A data set is received.

Scaling to the data set is performed. Principal component analysis is performed to the



the nodel. CQutlier data points based on the projecting are identified. A
contribution plot corresponding to one of the outlier data points is

exam ned. A variable that corresponds to the one outlier data point which
provi des a high contribution in the contribution plot is 5 identified. That
the variable is uninportant is determ ned. A desensitizing set of data for
t he vari abl evo sioepmet2ed based on a standard devi ati on ofpding2ei8assiet and a
random zation of the new data. The data set is augnented with the
desensitizing set of data. In one errbodi4rrent, a nmethod for adjusting a data
matri x defining a set of process runs each process run having a set of
data corresponding to a set of variables for a wafer 10 processing

operati on i SscilEOVAsed o Anddtea rﬂakr.lNevpaatmsggé@ﬁe&“?hé‘ﬁe%%?M%l-om%{]dqo N equal s
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generated. A e%hﬁ@cﬂa‘fhdé e\éi g%ieo.guo.f gata.c rrespondi rég. g% it he tvaritabl ein
the data” matrix 1s det& AHeds "FHECLTL A ImHEd: Atdesmsitigingsstiof Bt &1 by t he

normal |y di siiervabiubledh créaidRBBMRAGH e RE ABHUSHRADs el dafaibt éﬁ%_cdtr%dom-[%%oﬁjgf a
correspondi [t}%%% he variable fromthe new data is nmultiplied by the one

vect or prod o g datavelds Biemen sd withitkg degersitisingiset ofddided to t he second
vect or produci NgraodeRiMbdMREL § el 164RR5H bl ZLAG IRELIX 1S 20
created where the Mh collurm_’cor?% al ns ?ﬁéﬂ%%e%%g%%@?ﬂgﬂﬁatsﬁglé)%(Pré)ﬁle@Sisni ng
col urms ar e 'WEHE Ripcess rud dpvng osat ebfroncitepanding hea see nBvaiablgs fakivaldres. A

new dat anmat.fi.X..d eated. . re,the data matri x i.s_augnent ed t he
expert ggsehgo:c%%fznﬁr?g&%’g%nrlgﬁo\ohlﬁﬁ% %&’&%ﬁ?@%%@@%%déﬂé@gws Wﬁ?f@g\{i on are
nuner ous. Opgabsctaipiter bignefess uandd Myl Agentef of NEblBYRNLd @k nguthat data
sets of progess J‘t;?s in \\%?f er E)[lggess systens can be 25 desensitized

i ncor por at i NG eXper PO ABRK SdfF TR § Viahiss Mogitn &) igpstape garibicacopgsponds to

i ncor por at i mgoutBerahl & undARHALEHAd Fadbdert DAL 1&8‘1\&9:{“@%&%?1? dlsiifhubdavention
wi |l become apparent fromthe follow ng detailed descriptfon, taken in
conj unct _onr‘“\‘Mj‘fIﬁ VEHY caB@ B} itays dizavarsied , A ohd vestor atitnigingN-1 wews &f  exanpl e
be. under ot b LRATERG 1oy B g ey A AR e T B 0B ng
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new data is multiplied by the one vector producing a second vector, The first vector is
added to the second vector producing a third vector, An expert desensitizing matrix is
20 created where the Mth column contains the third vector and the remaining columns are
made up of data corresponding to the remaining varizbles. A new data matrix is created
where the data matrix is augmented by the expert desensitizing matrix.
The advantages of the present invention are numerous, One notable benefit and
advantage of the invention is that data sets of process runs in wafer process systems can be
25 desensitized incorporating expert knowledge to unimportant variable data by incorporating
smaller amounts of data.
Other advantages of the invention will become apparent from the following
detailed description, taken in conjunction with the accompanying drawings, illustrating by

way of example the principles of the invention.



5 The acconpanyi ng draw ngs, which are incorporated in and constitute part

of this specification, illustrate exenplary enbodi nents of the invention
and together with the description serve to explain the principles of the
invention. Figure 1 is a flow chart diagram 100 illustrating the nethod of

operations performed to adjust a data set of process runs for a wafer
processi ng syst@mpodsz 10 accordance with one enbodi nentercafustdeosoament i on.
Figure 2 provides a residual plot and one acconpanying vari abl e
contribution plot, in accordance with one enbodi nent of the invention.
Figure 3 provides two residual plots, i accordance with one enbodi ment of
the invention. 15 Figure 4 provides a variable contribution plot, in
accordance w th aneiaixhadi, i i :Fl.gu _provi des a
correlation coefficient gﬁgrg(tm,th?tﬁﬁzﬁgg%ﬁglg\r%%r%%tgﬁugﬁ% Jngr%%%%iﬁ%lrﬂg of the

i nvention. Brglekdescrintion pgesempleympdciBontof otlhend trewot teswicofe dfiee or i gi nal

model and t%eng%Egpﬂﬁkﬁgesensi tized in accordance with one enbodi nent of
t he inventi on. A ‘DESCRI PTI ON OF THE | NVENTI ON Several exenpl ary

enbodi nents of the inven on HII now be described in detail wth
reference to the accomammwwm.ﬁflow chart di agram
100 illugtrating_the nethod of operations 25 perfornmed to adjust a data
set of p? ocess r UPAFHRPARYNg Epvinasovbisk pisdneoymrated isendsorsttutadmstarigiit | ze t he
data set toguid-helS; Iy i LT uninportant varigble data, in
accor dance V\n&tér?%ﬁ%’ Iélrlri‘lg)%ié(fcgrr(eeg{pﬁé* tﬂéjl %ﬁgg%f?iﬁ%lﬁwe réarﬁsg{gﬁ%t “b¥ ]ihg With
operation dasouption seiyk thexpladatha psediplesofiteciaivareidn. For exanple, in a wafer

processi ng systeg ranet ers._or i abl es are tracked, such as, for
exanpl e, chamnber %g)s{“m gswgﬁag%é%%laﬁdoi{ghﬁfé?tg‘tgﬁl?ee‘}"’t{‘?fégfd@@ia@%sed power to
one or bot hpefentd odefist edacier oiradesCrug i K wala FRIcBEinYEy 20044030082

PCT/ 1152003/ 030391 .-6 voltage, types of gases and flow rates, etc. In
fact, the v%{:Ff’lgﬁTcgév’@é’r?eiCW%P%H’S“Eﬁyle\}éan&@P-e that can be recorded, or gets

changed due to aMgiaDEdvidek a fesPRRIDNG R SHARLYSHAIy BRI MR EconGIAREE plo?-h us,
s" def

the variables can represent a range of varia I ning changes*in a
desi gn of BFEFPHERt Wilk ace erapogndgrophithpinyertsm. runs. And, as each of a series

of wafers is putgaut BLARERS 8. PLA88S SN, the data for each.variable in the
waf er pr ocessi ng %yst Em R e fao S,H’] accordan%e with one ¢mbodimeént 0?918
invention.

15 Figure 4 provides a variable contribution plot, in accordance with one embodiment
of the invention,
Figure 5 provides a correlation coefficient chart, in accordance with one

embodiment of the invention.

Figure 6 provides a comparison of the structure of the original model and the

20 model desensitized in accordance with one embodiment of the invention.

DETAILED DESCRIPTION OF THE INVENTION

Several exemplary embodiments of the invention will now be described in detail
with reference to the accompanying drawings.

Figure 1 is a flow chart diagram 100 illustrating the method of operations

25 performed to adjust a data set of process runs for a wafer processing system so as to

desensitize the data set to outliers, which are identified as unimportant variable data, in
accordance with one embodiment of the invention. The method begins with operation
110, in which a data set is received. For example, in a wafer processing system many
parameters or variables are tracked, such as, for example, chamber pressure, chamber

30 temperature, the delivered power to one or both electrodes, electrostatic chuck clamping



measured and recorded, The data set, in this enbodinent, wll refer to data
corresponding to a set of variables for a series of process runs in a
waf er processing system Once the data set is received, the nmethod advances
to operation 112, in which scaling is perfornmed on the data set. In one
enbodi nent, the data set can be autoscaled 10 such that each variable is

i n standard weaptgofwsze. , has a zero mean and a unit stangard:a8wsdbi on) to
ensure that the data can be conpared across variables with different units.
Assum ng the data set has been scal ed, the nethod advances to operation
114. In operation 114, princi pal conponéﬁt anal ysis (PCA) is performed on
the scaled data set to produce a PCA nodel and nultivariate statistica

nunber's ( SUchiag, 4bel or B e XAMmbE il BES YAl e T2ehRS LAl OL (e At a Set.

Mul tivariate statistical process control 1s "use Ine n
oper at i ng beh#¢rbbe iepordedy pogeissdhiatgedsivatd sitimpadt bf/a Bavdivyz chapgt besofiataae  f r om

the process.Pri.ngipa nent anal ysis (PCA). i statistical

proj ecti on- B:egg)ﬁeég %gbé khﬁﬁgg%%lv%%é % %réﬁlr gf’%@@@?%@ﬁ“&? Gpnges 1n a design

out - of - st at icfeqwahert ontdrto herkirgnabesi Mn8 PRQEEESH of PEAPEOVABIESs Fut
statistical eval,uation of the data Eet" Nbdelin% met hods used for 20

mul tivariate sfl%{’t?@'f)feé%dunﬁl?eo‘%gé@ BAAL ALl Bitevalpiapcep g sys i be used in
this step asndeltd andtb@REATRE LR LB IR hhRISGR! Gl (Rt @ cﬁt@xtcoﬂ‘gg Ioncmié)v' de a
statistical evaluation of the data set that Includes a PCA model . ter

the princi pdf  8dep¥rishles Erialssiss of Rpsessem ipewhior pocessing ssenscal ed data set,
the method advaness. h0aQReh & kOcklfe rlhARSALL AN ofedfich MBURl i, T ecel ved.

The nodel 25 received Is t I's a resul't "6t "t CA
oper ati on péediog iregrformedive tiadae et Iniane opbodinbanthbdag kectidbe Meeaitde nodel
ration 118. In, operation 118, a new

is receiyed hod ,advances. to q r

dat a segyisswgggﬁggzﬁ%Tﬁ%eﬁéﬁf%ﬁFﬁP@BE?¥%€@F@éﬁoﬁﬁm‘@HEF 1 gt i s new
data corr espevigianyictensiot rapihe &S Sar b cdnpartd WabsY vaBRISEHSh Bfeystg 30
havi ng the sane .set of variables as the original data set received in

operation 106U Se e seday besoegdedpte/metinyodrane3o preatomithod coul d al so
b df : th
e used for a neﬂvdé@ltaﬁozﬁm,ﬁxmgfggn ng%%ﬁg%p?’g@gﬁ?&f&ﬁ&?qlngg@Ta%e@CG e

new data set is received, t advanc eration
oper ati on 1992 sqtfepradige ddiCa wedel prd swhivedatasidlisirdjnenbed (uoh théornodel . | n

same moan and BS andarh el Eodr e i R B iR G Pt hET it ot ne
new dat a i sugsdd) édfinedomr opdrdimg biriadédr.in a process by statistically analyzing the data
from the process. Principal component analysis (PCA) is a statistical projection-based
technigue, which enables the detection of out-of-statistical-control signals in a process.
PCA provides a statistical evaluation of the data set, Modeling methods used for
20 multivariate statistical process control, other than PCA, could be used in this step as well.
The PCA performed on the scaled data set will provide a statistical evaluation of the data
set that includes a PCA model,
After the principal component analysis has been performed on the scaled data set,
the method advances to operation 116. In operation 116 a model is received. The model
25 received is the PCA model which is a result of the PCA operation performed on the data
set in operation block 114. Once the model is received, the method advances to operation
118.
In operation 118, a new data set is received. The new data set received in
operation 118 is new data corresponding to one process run in a wafer processing system

30 haviag the same set of variables as the original data set received in operation 110. This



The projection of the new data set to the nodel will provide a residual

plot with corresponding variable contribution plots. These plots w |

provi de statistical information regarding the relationship between the new
data set fromoperation 118 and the data set 10 from operation 110. The
residual plot will showif the new data set for the new process run from
oper ati on blveekoABog2orresponds to a statistical outlierramaisatizuesiio t he
multivariate nean, mnultivariate variation, and a chosen confidence bounds
for the data set from operation 110. In this enbodi nent, the residual plot
used is the Qresidual plot. In another’-embodi ment, the residual plot used
is the T2 residual plot. 15 Assum ng the new data set has been projected to
t he nodel , th&ndmel RSES, . i 122. |l n,.operatjion 122, the
residual plot pr odgggaéi&'%\%égin thleaIrjlée%w&gg%egrcérggos\%ﬁéfm%%l}aglcotngawf%sst"ﬁ’e nodel is
exam ned t o @t demiewalalafsein raseived, ¢re dethad pishmes ©roppaiiod 520exi st.  For a new
data set contai ni r e n one, process run, each process run wll
correspond to ah{;I r?g%?lémé%@ e IE e aoﬁ?&rsﬁ‘éal‘?‘%é'f](%’é?cmﬁlll&}fhe P¢def-H8 thfew dat a
set point fahibsdiowht shbwath BQuadcephabligskange el uéih%m@saxﬁ@hﬁmnaof the data
set from.ope out of bounds w th respect to the nodel

at i 110 (i..e., i
confi dende Is{aﬂ’it]“?'ﬁ(f),Hevtlar’l’é’ﬁ(ogﬂmd'ﬁlﬂ?h?‘?r‘)fé%ﬁ§?t§.‘3f0€91f€@n‘%%éﬁtﬂ@t@iﬂjﬁwtﬂé@ﬁi@Fhe whet her
an outlier exdsts has been nade, the operation will proceed to either
operation block 124 if an outlier does not exist or to operation block 126
if an outlier do&ke Ricgion qfftheanewodtd setio tomedahoill provisit airesiduabplpesitdual  pl ot
exam ned in i : t.hod..advances .t o opgration 124.
T operat i on oy et forbdtinioh bfos. e IR Gy B IOE Rt Ra B
recei ved i nregpaingtthoorlatio@shtpobecweaatiee maw @xpentied ofdatrors B and esdagspanded

data s IS, n.sen operatjgn block 110 and the nethod begi ns again
from opgéat ?Sﬁnﬁfﬂé}égnhlotlgr.heﬁ?sjlﬁlﬂf @?ft‘i‘”ﬁléﬁo‘ﬁ e reyy data gef fqrithe ‘ieéf"sﬁ’fg?féﬁ plgot

exam ned i nnopematpeodiohlbhk 112 2orrdshéds 8 MRIshod oRt¥ARGASe LAnORERALIAN bl ock
126. In operation_ 126, the contribution plot that corresponds to the

outlier dat F°Pbiit!vadentHiaea I achescaroBiiongopadsdpaiht detd s¢tdroma vari abl e
VO 2004/ 0306%2::BET1 /52003403030t El% r&%&@é@g&wmw -l-easﬂuag@gg e but i on.

The residual pl ot l;))r(.)duced after the new set 1s* proj onto the
nodel in op®cdier eabadppent the resishalgilet uowlds thetld rgafuat plbtor each process run  of

the newgata SEtAssxgrﬂﬁlgtl‘?aaﬁ-% | on._the resi g | plaot will then in turn
have an ~ associ ated céntribu a?ﬂos%E lﬂ)gfsorlie?n Bgeped Oﬁtﬁ? P]E’ﬁ‘%i' G M5 4Gy aneesshow t he
rel ative contopibidn B2 fioopdateadh2 viags issiahg pfot pRALEddRch A dev ddiesevResi dual .
I'f a variabl e h[ai A hi %? rel at i.v?i . ﬁon_t ribytion then it is identified as a
variabl e coftiBlteaPe TPEs ISR Lo AEFTRR i gmoutlier data point or points exist.
For a new data set containing more than one process run, each process run will correspond
to a single data point on the residual plot. If the new data set point falls out of an
20 acceptable range of the Q-residnal of the data set from operation 110 (i.e., is out of bounds
with respect to the model confidence limit), then an outlier exists. Once the determination
whether an outlier exists has been made, the operation will proceed to either operation
block 124 if an outlier does not exist or to operation block 126 if an outlier does exist.
If an outlier does not exist in the residual plot examined in operation block 122, the
25 method advances to operation 124, In operation 124, the new data set is incorporated with
the data set received in operation 110 to create an expanded data set. This expanded data
set is then sent to operation biock 110 and the method begins again from operation block
110.
If an outlier does exist in the residual plot examined in operation block 122, the

30 method advances to operation block 126, In operation 126, the contribution plot that

corresponds to the outlier data point identified in operation 122 is examined for a varjable



Whet her a contribution is high is a subjective determ nation. For this
exanple we will assune that there is only one variable contributor with a
hi gh contribution. However the contribution plot can have nore than one
vari abl e contributor and can be accommobdated 10 by the nethod as will be
di scussed bel ow. Once the contribution plot is examned and a variable is
identified a%0pHIH2ng a high contribution the nethod aRIVAITCES/ 080891
operation block 128. In operation 128, expert know edge is used to
determne if the variable or the value gf the variable identified as
providing a high contribution is considered uninportant. Here 15 expert -
know edge is information regarding the variables or the value of the
variabl es. ApneXper tvith 8 highRohdibs X AMBk&idu@hI QR RE&! afkelf' e nE@%aﬁ§£t§$S| ve
know edge and experience regarding the significance of each variable.
Thus, if the UEGirhdniethe sindeliBepentionsl2@etibcoitsindne dasa pent hoeackpanpkeyn t he
waf er cl anp g¢e.t i m ght ¢ ider this variable to
be an uninpor?gﬁ?gsg%?ghﬁgbggﬁg ﬁpﬁﬁggé%ﬁg?gfh%“@g SPP1WHE%V88@e m ght deem
a certain rangeast contfibemnprt. Wadharontribbhgenpplmobitl afew te rblataceapibaidEor even

if the val ue,i 0f, t abl,e atistical bounds.  For exanple, the

waf er cIgnp%$%ﬁ?§§geg8ﬂﬁ§&§§m3?bﬁf§k8W§PLég?Vﬂ58 AhigddelpBss.  Therefore
a fault shoubﬂﬁhﬁbnbﬁmﬁ&hh&dﬁﬁﬂikhﬁmﬁMﬁéQﬁbﬂﬁﬁﬁ@dﬁﬂdﬁ%?agh%ﬁﬂoMa|Ue for the
waf er clanggv |tage. .In this case, the expert know edge would | abel a
particular r ??35‘ BFORGpies ilyeh @ subjectivg dpiamsinativs. it tpowemple welWillt he val ue
of the vari alLhgetifit gRRSE i - | ¢ o_actuall.
necessitate causing a faﬂﬁ??giﬁ%ﬁB%??§§g§%5F3¥?%ﬁﬁg&ggﬁhT§8 OﬁgVﬁﬁ%ﬁhod

wi || advanc&ottgbuige piet pasrhast swke thaoonel varigperaatitammrhhdcén e BOmnbatadet ect ed
out of stat gLl ads. variabhle, wll trigger.,a.fault. Alternatively, if
t he expert E%gﬁfﬁﬁggggg@gﬁ%&géﬁgg§§¥th*EBQF%3WBb®ﬁFU§°%?e%ﬁamvéwéab|e as
uni npor t ant yarfahlsris whwifiedtahpovidild 2 inpioceetbution $@ nefaRydRdl eReoQBkadd2. WO
2004/030082mgggf 2003/ 030391 -9 In operation 132, an expert random zer
(ER) will be inpl'énented to create a desensitizing matrix, and then the

desensi ti zi ng nEbbboraidnl 128pepat GHBMEEE 1§ Qell REaAREASEIhe vAKAHL Hahd Yarfecel ved

in operatioq, | ock 110. The expert random zer inplenents a nethod t'hat

nor mal i zes PHE® HERPIA AdeRtie) 1 auporias agishsontrbutipars edsisidetsyt voinoganio el | y

di stri big edsy ei&@ﬁt;{.ggagqgﬁf&&qtgﬂ% Yari ahl g . fromthe data set al ong
with the var?ab[e,data fromt he %e%“%ggas“ﬂﬁgﬁﬁ@&é“8 ?%Ehauéﬂ%mﬁ% n
Figure 1, tHecdst | hisexape mhenginewr dat wssetensivedpioeseiat atdhexpdadnge as recei ved

in operati qggef?éiiﬂghr% sgg?’fgicmg of %?c’h VagaiE Cf‘f{u\s/,e& %e(/iar'ia%]e’ co%%gb%ioer is determined
to be, for example, the wafer clamp voltage variable, the expert might consider this
variable to be an unimportant variable.
20 Furthermore, the expert knowledge might deem a certain range of values for wafer
clamp voltage to be acceptable, even if the value is out of acceptable statistical bounds.
For example, the wafer clamp voltage could be within engineering specifications.
Therefore a fault should not be called in the system based on the given value for the wafer
clamp voltage. In this case, the expert knowledge would label a particular range of values
25  for the variable as unimportant, If the valee of the variable is considered by the expert
knowledge to actually necessitate causing a fault, then after operation block 128 the
method will advance to operation block 130. In operation biock 130, the detected out of
statistical bounds variable will trigger a fault. Alternatively, if the expert knowledge labels

the variable or the value of the variable as unimportant, then the method will proceed to
30 operation block 132.



scaling). The expert random zer is configured to generate a normally
distributed desensitizing matrix using random data and the variabl e data
(i.e., values for the variable 10 being desensitized). The desensitizing
matrix is then augnented to the data set received in operation block 110.
The desensitizing matrix will desensitize the data set with respect to the
val ue of teoyaidhmabde in the new data, such that if thecgarewafsabl e data
is seen in a subsequent set of new data the sane variable data will not
cause an outlier in a residual plot when the new 15 data is projected onto
the PCA nodel. Utilizing the teachings of this invention is significantly
i nproved over prior art enbodinments that performtrivial desensitization by
renoving a varia - b abl cause.the.data to an outlier from
t he anal ysis en?lll ?pec%l.o}{%%’%giegﬁeéttnlg?ér?pn%% lﬁ[t{) ‘ﬁﬁsbtei”ﬁlg%ef% %ggéoscrf 2" renoval of
vari abl es eldesinsititiog ntahix, ayl thert fhe desendiuiigd meeix A6l &€ hidngen@idith therdstabased on
those particul ar. variables. Accaqrdi to the 20 teachings of this
i nvention, SHERASUFFTYS n@Bﬂﬁéqrﬁil?CkB]godiP%@‘tpéﬂ‘%E‘floﬁnéz\?ar@’l‘a?ewlﬁ{l?%n above
the desensi ttha abinQMizds@NEhow W EddrebFondink kd thY QhyabkAb AR SN Sfirituie
strength% of nultivariate statistical nodels for fault detection is the

a

quanti fi cat ir@ﬁlo{ﬁdafaéiﬁ‘ﬂttheb‘é‘ﬁéb}? g#ia fpmvibe dathist dlong eitathedraunindes framsbrgst t he
variables. - lhes@. GOt ehbdinls B0 ikl 1 Shably G aRNRELLNUALES Lo vari abl e
5 the (0] e node

deviations are referred to as 2 tructure whi ch can be
vi sual | y asswsesent thydatorspegeived it dpprdtiontiockd 1 I0hed 11 nésabitioslyi(ie. tHeéorerodel .
Anot her advapg.age +.nherent in.the nethods of this invention is that the
nmodel is deggdtrlllgg)f ifglggﬁlgbgi léne(%ﬂ%é iy nfl m%&?&ﬂ’%ﬁ?%“@?”@&ﬁ%&”&d wi t hout
destroyi ng tkensistingobuixesiaf rindemradehd thehagibleana be., $61a8s foPthEivaibe 6. As a
resul t, hhe bepsf‘it‘s,,of tﬂe original nmultivariate nodel are maintained to
detect tHe SHAedesgpdieedt ldesopsitidne prakde beneuammigdp thewbiasgirebieddn The
expert randgparzem Higkane enbodi ment of a nethod to WO 20041030082

PCT/ US2003/ 030391 -10 normalize the variable data. More details for the
expert randoni zeFhagepensisigingieniited! deserisisiae thafda@rset wigh thapeat odie Gitegifnal | y
received in - Ak i . e. desensitizing matriXx,
e resul {1 Lonari AtOhAEdrd Hhn By SR e D i RS RO
begi n t he nelteoddataghe pand vanigble sigtamyill nédivaeseanmpligie inl aussidad plogwhérethe new

o R B e AR BAR S B LR il "
t hi s exanpl dgnifibetl@irhgonal ovdapifor altetboditieBts dak erf@in tFi®RLHERI RIS at i on
bl ock 110, removing a variable or variables that cause the data to be an outlicr from the analysis
entirely. This is an important distinction, as the removal of variables eliminates the ability
to continue detecting outliers based on those particular variables. According to the
20 teachings of this invention, such outliers can still be detected at levels of deviation above
the desensitization level, which is still very valuable.
One of the strengths of multivariate statistical models for fault detection is the
quantification of fault behaviors involving correlated changes amongst the varjables.
These correlations and their relative sensitivities to variable deviations are referred to as
25 the "structure” of the model which can be visually assessed by comparing the loads of the
variables in the model. Another advantage inherent in the methods of this invention is that
the model is desensitized to deviations in a variable or variables without destroying the
structure of the model, which can be seen in Figute 6. As aresult, the benefits of the

original multivariate mode] are maintained to detect the same types of correlated changes

30 amongst the variables. The expert randomizer is one embodiment of a method to



contains 45 sanples (i.e., process runs) with 29 variables each. The new
data, i.e., the new 10 data set received in operation block 118 contains 44
sanples with 29 variabl es each. Assuming the data set is properly scal ed,
princi pal component analysis is performed to create a nodel. Next, the new
data set is projected to the nodel. After the new data set is projected to
t he nodel awesioghsbsapl ot is produced, and from the resipdgals2pbodzdit can be
determned if one of the 44 process runs represented in the new data has
caused an outlier. 15 As shown in Figure 2, a residual plot and one
acconpanyi ng variable contribution plotl®is provided, in accordance with
one enbodinent of the invention. As described above, Figure 2 provides a

i dual h ' ' d f 4
s (o th 28U BRNRENEL B VA LB PN e 002 Pl ol bt on

plot 170, delawesponding to the exenplary 44i process run. The horizontal
dashed |[ine 150 |nt rsectlng he origin represents the nodel confidence

limt deternined¥Folf H@Sfé}r‘wi“ﬁ fecmﬁddn%ftrﬂtlfmﬁéoqlq I8 ismmgmeripd BEBAt ed with

a l'ine intergsaatiingg HARIXCtHeGbBRing RAMX SreRSN8 BE Serdt I&?opegtﬂbg $lody @*0 ypal ues for
t he 44 process runs of the new data. As shown in the residual pl ot 140,

all of tRe Aa2ip thydeekod 4gal ibpecetiatynew data set are outliers with respect to
the data set. Th%n\é%d@p lﬁsﬁ%&%rtﬁéjﬂéthg&l% d%i}%b@d;@&%g{%)ﬁ 8105 a R Od% SS frun

is shown in variabl e 5 contribut’ion eCédh ution
of vari abl e sétdaying dorclifign g grog@hs rufredl! bmmscusmiamﬂ @ith ferendeSo Eﬂgln;e zone
t here coul d be

vari able w th,a hi ntrlb n, but in other enbodi ne

nore than OE%HWE??ah? ﬁﬁgiﬁaa aﬁiﬂ%t@%ﬁ???%ﬁ?@?“ﬁﬂFP@?“Wh PHAE: four has
been i denti fcm&ﬁins 45 ﬁmpuersl(ba;tplms@uﬁi) whih(29a8ri AAYY dABh. aTHY i3y GaNt.&.] dsthdwen,
expert |n ht to determne if variable four is unlnportant

i H@‘%%ﬂ“ﬁ?&”%iﬂ RERFAtigh Pleck bi conBgs ¢ GeigPlet Jith 2R gatiahlea gadhi er , i s
St i | | acceptaa,ainﬁngam@ el %U@pﬂaﬁ&lf%%alle@%ﬁhﬁgal SmBordedthdal ymﬁ 1%?%13}1&&0'[ hat

vari abl e four is deemed as uni nport ant expert the WO
2004/ 030082 CEP@FFLUS@@JOQYQBGMCW data sehig\wr et ts éite Ivmdell bsemioy mesl aialaesztl isHer e,

an expert r [ e data ) enpodi ment of
an oxpert 1 Enony soe bRl L B K3t ER, PRV R el e e
expert randdeteizesedhfienchd el zmmfrbaeaudruhmepxrcaﬁtﬁ ifl tdesentitdtag taged @i dutierand t he

dat a s&} is aug nted mn% s de enﬁltlélng matri x, the nmethod _can be run
again with 5 the S9ghdntss aesicbrl Plotand RBe srSpRBEYine BLPIeepHEP PR h a new

data set haylotig ptdvRie8 ARRccof@inb@FitRond disbokiifeat oNBWnHatdndisscussgey above, the
vari able four data will not cause an outlier. The outlier behavior of the

vari abl e foﬂFWEé?%P%?PFWH@Sa§§éﬁgﬂﬂmﬂé@aﬁ9@a@¢“ﬂh@“dﬁmaga@@ﬂdmﬁhécfesult of
running the4pbhadAgakith 48| H8bkhEaclfba el nBYITRAL S nkiBtion plot

170, corresponding to the exemplary 44" process run. The horizontal dashed line 150

20 intersecting the origin represents the model confidence limit determined from the original
data set. The line 155 represented with a line intersecting the circles shown represents the
Q residual values for the 44 process runs of the new data. As shown in the residual plot
140, all of the 44 process runs of the new data set are outliers with respect to the data set.

The variable contribution of the exemplary 44™ process run is shown in variable

25 conbiibutior plot 170. The relative contribution of variable four (4) 175 is high. For this
example there is only one variable with a high contribution, but in other embodiments
there could be more than one variable being a high contributor. After variable four has
been identified in contribution plot 170 as having a high contribution, expert input will be
sought to determine if variable four is unimportant (i.e., if the value for variable four,

30 though causing an outlier, is still acceptable and should not be labeled as a fault).

Assuming that variable four is deemed as unimportant based on expert knowledge, the



desensitizing matrix, and introducing a new data set identical to the 44
process run data set 10 used above, will be shown in a side-by-side
residual plot. Figure 3 provides two residual plots, in accordance with one
enbodi ment of the invention. Figure 3 provides the residual plot from
Figure 2 at the O to 44 sanple nunber side of the graph, where a sanple
nunber i ndi o essbiees2pr ocess run. The remaining secti orpa@fubehgngsaph

provi des a residual plot resulting fromexecuting the nmethod a second 15
time. In the second execution of the nethod the data set has been augnented
with the desensitizing matrix and the dew data set used is identical to
the 44 process run data set used above. In conparing the left side of the

graph, showij dual resent t.he .new, dat t hout, the
Oxport know SdeERELTE BmBl R, HEC B! oS i et b B8V el ot o
representi nget Nmemmlvodhaieat afdnakpdrhenc&mﬁﬁﬁ twik BOYoerge inasre lern belbR| ement ed
20 by way of the des nsitizing matri x, is.shown that the residual of the

44 sanpl e set of Oniaihs cheret HrEwE g F’&:%Icﬁ’thF?tOr‘é%ﬂ%%@FSé‘W&lzﬂﬂéﬂ%{ﬂéﬁ%l s

significantliye ﬁ&ﬁ@ﬂﬁ'ahgxﬁ&ﬂed e haeeondizH g htniUfe h%th%@‘é’aﬁ’\ﬁetllﬂhg Iﬁ]@ltﬁmdel
confi dence limt. The nodel confidence |imt 1s the sane as %I’I zont al

dashed | Pne thegosmants giie &et21f theapelbedinrimipaintieitidancy dut swhammheme nmodel
projection. 28.Flqi £ egvr oA @gﬁ)s%d\ﬁﬁweat% @arfa%%tigh%td N rB Lie A
odi ment ot t -on B

accordance with one e i nven variabl'e contri bution
pl ot in Fi gordicy "‘:ﬂemuésaehﬂsw‘toheftmvanmawbne daoctnpaeyhdgzeihe: sfasd dhgal pl ot
t hat resul tgetf mR sing the data set nted with the

h
desensi ti zi Ag" ma IreiggJ(PQllngan%ﬁ"ﬁ ERe ?‘&aﬂ&“h‘ gg&r@é%%ﬁé’“ﬁ@?‘?‘r"ggﬁﬁ cal to the

44 pr ocess desandading SetrixUsetnirdtiutingl hyw dAS s&h@MRcal Mo fie @H HRocdss ripddiagk e four
is no | er eﬁo a hi h contributor. So the expert random zer has
condi ti R d UEH &L ¥ é%ﬁ ShOW@RD  pide-by-pide resigalattte four data that initially

caused an outli epjsi;g NPW8QNSHAES t; Ry 30082
boTT US20031 03030113 HHASBARIRE (AGh SR Bhc Pt mbo s DO

ef fici ent | yiventioe Ferg Zptoaidas the sfguﬂeal plgdisin Bigunedrat disl Ogo fld wamslb oveberdoes
not have a §1Eié 5itle 1%&15 %{zl%éé z%]im\% bel 1n810 %sr th\ﬁliécigg‘sg r%ls tﬂ%trﬁ%ggiggr OCess run.

The correl ati on ac varl a es can of a
corr el at i onsectaf 6fithe grph ploaides a Wsidad] pidt aisultnng confdkbaitiantheGhdlidd 4 Scqriovi ded

chart o bin DBe gt SEBHT G PC R fdio g et oent miarisid ‘SPovi des a

correl ati ondseeftfzim gntix Ghaitt nek QaAGQAAELRD cRMbd I B84 pRPROHINERREsePf the
invention. As shown in Figure 5, variable four is not strongly
used above. In comparing the left side of the graph, showing the residual plot representing

8
the new data without the expert knowledge, to the right side of the graph showing the
tesidual plot representing the new data after the expert knowledge has been implemented

20 by way of the desensitizing matrix, it is shown that the residual of the 44 sample set of
data has been significantly reduced and the analysis significantly desensitized. The second
data run is now within the model confidence limit, The model confidence limit is the
same as horizontal dashed line 150 in Figure 2, representing the data set on the PCA
model projection.,

25 Figure 4 provides a variable contribution plot, in accordance with one embodiment
of the invention. The variable contribution plot in Figure 4 represents the 44™ sample
accompanying the residual plot that results from running the method using the data set
augmented with the desensitizing matrix, and then introducing a new data set identical to
the 44 process run data set used initially. As shown in Fi gure 4, variable four is no longer

30 ahigh contributor. So the expert randomizer has conditioned the data set such that the

variable four data that initially caused an outlier is now considered statistically normal.



correlated with the other 28 variables in the process run for sanple 44. |f
the correlation 10 between variable four and other variables were strong,
then the nmethod m ght be nore difficult to apply. When applying the expert
random zer to a variable of interest, if other wvariables are strongly
correlated to the variable of interest they wll also be desensitized, to
sone extent .w®moesnioogzhere are vari abl es that are stronglperagpsebased to a
variable of interest and these variables should not be desensitized, the
expert random zer will be less effective. 15 Therefore before the expert
random zer is applied to a new data set )24t is valuable to review the
correlation charts for how the variable of interest correlates with the

remai ning variahles in.a datg set. Exenplar de fqr an expert random zer
is provided in tﬁ%ﬁ?gb@%&rﬁégﬁgavﬁg@M1%gﬁ%gﬁﬁgg mﬁ@kﬁaweﬁﬁgmgﬁﬂﬁmﬁ?ovides
for the casawih@natifige eWalstat aloselot hoveGNBAS 86t ePiiod MEeth tROnBANRliMlesiin€. , One
process run. Table el ow provides for the case when the new data set is
Tabl e 2 bel i des f h wh h d [

conposed of WHMPTEHT Bns alsiceuelafongcrosiyhe waniablas cambe HieekedadthithmuseBéeh Tabl e 1

and Tabl e 2 cop&1aydi0RcfiRient HfariC aS@mihesh QREiHnt BRLSs %1%(/?(3@?{’0?%196 ahfignti Tied
to be desensitized within a single process run of hnew data. The tlab

vari abl e >deflisaisebindigires hinehd. dedrelafion ¢nsfficat abdronsn seghemnied wilbtiee t hat

al t hough ”a%gﬁﬁmﬁ§1&‘ any appropriate software | anguage to 25 carry out
the functionality could be used to create an expert random zer. TABLE 1
Not ati ons: 30 Daigare Tmbridxs canthtion sogffotdngtioal, indat@dade eithioge | nported m

nunber of sanples in_the ori.ginal data n: nunber of variables _in the
ori gi nal daFngﬁﬂﬁﬁﬁﬁfﬁ§ﬁﬁ§@g%C$?ﬁ@?@é@?@@ﬁ@g?m“¢¥§b%ﬂsHQPPP%Qﬁontaining

new data, Wobigdlatb® wiABRIdtR 20WhidBlEREhe BlocSRAM 85 sdnthid e EW Haliaidavi ng
sanme nunher of variables (n) 5' i ndex of variables that are determ ned as
§!

uni npor t&nt PENEEhERBLKITgH @BA Fﬁ%ﬁﬂ@@ﬁ§ﬂ6Wﬁ¥¥hﬁﬁbéﬁI@ﬁ“ﬁhﬁ@bﬁkﬁgm?o di scard
For i scar aod guceart €. vaE AR ts e PRSI, F it idere FREEL DY 1 D
dat a, whi chviriabicspesrstieugly mlﬁttrbﬂonm tayiable of initdoest eely wilhalonbe/destoitized, tsi ze
b ated S S03RnE R T allhsti aed oy BRI EE O vaHBRE of e "
and these variables should not be desensitized, the expert randomizer will be less effective.
15 Therefore before the expert randomizer is applied to a new data set, it is valuable to review
the correlation charts for how the variable of interest correlates with the remaining
variables in a data set.
Exemplary code for an expert randomizer is provided in the following tables. In
Table 1 below, the code provides for the case when the new data set is composed of one
20 sample, i.e., one process run. Table 2 below provides for the case when the new data set is
composed of multiple samples, i.c., more than one process run. Both Table 1 and Table 2
provide for the case when one or more variables is identified to be desensitized within a
single process run of new data. The matlab variable definitions are provided in the
Notations section. Note that although matlab is used, any appropriate software language to

25 carry out the functionality could be used to create an expert randomizer.

TABLE 1

Notations:

30 Data: matrix containing original data which is imported
m: nurnber of samples in the original data
n: number of variables in the original data



10 ED: Expert Data matrix EXPERT RANDOM ZER MATLAB ROUTI NE Casel :

Exenpl ary code for one sanple of new data ED=zeros(mn); %
assigning/initializing ED to be a matrix of zeros of size mby-n 15
ED(1,:)=x; %assigning 1S row of ED as the new sample for j=l:kn %starts
the |l oop for generating an expert data matrix for each variable to be
desensiti zedvdRissnangn(m 1, 1) ; % generating a nornal |y dicgfuschghedor andom
colum-vector O=ones(m1,1); %generating a columm-vector of ones for
conmputation 20 r(:,j)=s(1,p(j))*NDR + x(mMm p(j))*C % cal cul ati ng the new
val ue of the variable to be desensitizéd based on expert know edge if
p(kmj)>1 % checking if the variable to be discarded is not the first

variable in the ﬁr?rl]”i CO?W}HH newd hﬁ?% for repI i catl ng the sanpl es 551.

ED(i, 1:p(j)-1
D(i, 1:p(j)-1)=X 2’1@/%18 f émi‘}%lflﬁ"ﬁ?ﬂlé?fi’%l B‘gl Eﬂ)gcgjr ded is

S Eg)l;‘i ?2? V::-isg ggr;ho \jﬂ abl%lgﬂrtfl%dg@lq F asungmiportant and have high contributions

ED(i, p(j).+1: endgﬁl lpf(ﬁwuaiblﬁﬁ?jshswr/é %%‘?1@ﬁ?tr?@ﬂ?lﬁ@d\?Qﬁ(l’%é‘stoé’fh%&%qaal?ﬁes not
bei ng desensi ti anabebdfdonsiophigeardesivegipe] - kn ED(2: m p(pp))=r(:, pp); To
assi gning the vélS@ééaléﬂevamnﬁms’%@lﬁgn@l@g@zxgmatwzedvhlcém@lnmta&[ Data; ED]; %
augnent i ng t he YPRginprarally distibieet randomoreriar liste nbe-Inew matri x40 WO

2004/ 030082 PCTPUSZ003f 08030dize mby-ITABLE 2
r: column vector that is being calculated based on expert knowledge

10 ED: Expert Data matrix
EXPERT RANDOMIZER MATLAB ROUTINE

Casel: Exemplary code for one sample of new data

ED=zeros(m,n); % assigning/initializing ED to be a matrix of zeros of size m-by-n
i3 ED(1,:)=x; % assigning 1% row of ED as the new sample
for j=1:kn % starts the loop for generating an expert data matrix for each variable to be
desensitized
NDR=randn(m-1.1); % generating a normally distributed random column-vector
O=ones(m-1,1); % generating a column-vector of ones for computation
20 1(,jy=s(Lp())*NDR + x(mm,p(§))*O; % calculating the new value of the variable to
be desensitized based on expert knowledge
if p(km,j)>1 % checking if the variable to be discarded is not the first variable in the

matrix
for i=2:m % loop for replicating the samples
25 ED(i,1:p(§)-1)=x(mm, 1:p(j)-1);
ED(,p(j)+1:end)=x(mm,p(j)+1:end);
end
elseif p(km,j)==1 % checking if the variable to be discarded is the first variable in the
matrix
30 for i=2:m

ED(,p(j)+1:end)=x{mm,p(j)+1:end); % assigning the values of variables not
being desensitized
end
end
35 end
for pp=1:kn
ED(2:m,p(pp))=r(;,pp); % assigning the values of variables being desensitized
end
Data=[Data;ED]; % augmenting the original data matrix to include the new matrix

40




Notations: 5 Data: matrix containing original data, which is inported m
nunber of sanples in the original data n: nunber of variables in the
original data x: matrix containing new data nm nunber of sanples in the
new dat a havi ng sane nunber of variables (n) 10 p: index of variabl es that
are determ ned as uni nportant and have high contributions kn: nunber of
vari abl es t ovdb@gasodsat hat are not correl ated strongly todath@icsvani@abl es
kme1l, nunber of rows for discarded vector s: standard deviation of the
variables in the original data, which is inported NDR normally

di stributed random vector of size mby-1415 0: vector of ones of size
mby-1 r: colum vector that is being calcul ated based on expert

engi neeri ngmﬁmﬁwﬁﬂﬁawm
ROUTINE Ca : . ZYal} s nl.€ ,

ED=zer os(2*mm nn) %a55| gning/initi aI il Egto be a ITB.tI’I x of zeros of
size mby-n EDN'otd%MHs nn) =x; %aSSIgnTTngﬁ“"St row of ED as the new
sanple forj=l:kn %starts the |l oop for generatlng an expert data matrix for

h izabl e t 1 % t
each varisabl e E lgggi&scg&gm}ng%g%ﬁl Isda(t’ 1& n ) generating a

normal |y “distri jom cal Y- (%V 1): % generating a
col um- vect or rﬁlrrr]rgj (Hco gtllg 61 1) s(l p(]))*NDR+x(m
mp(j))*O % ca UPRET Ho SSHE "’\Péﬂgﬂ’é11 2the variable to be desensitized
based on expert Pgml“gn‘b"(’ #f,j)>1 %checking if the variable to be
di scarded is nofnmt ﬁlémP?I f"a%‘i’ﬁ‘Bmeé‘ewrfiafﬂwms@alﬁﬁwfiﬂ?@f pbyatiablesied: 2* mm %

| oop fortVr epl i cBtPYRY OECH@“"@ agare detpypingd gs(ynimportat(and e ye Higlp¢gnyritujions

ED(i,p(j)+ : en](ﬂ) ngmpm e .tq_dis r)hat ot cg@eletb@mdnbbf(tb othej ya;rahl%
checki ng if thekiahinambe théjovﬁefodﬁhs@adedefdctms the first variable in the
matri x s: standard deviation of the variables in the original data, which is imported
NDR: normally distributed random vector of size m-by-1
15 O: vector of ones of size m-by-1

r: column vector that is being calculated based on expert engineering knowledge
HED: Expert Data matrix

EXPERT RANDOMIZER MATLAB ROUTINE

Case2: Exemplary code for any number of samples of new data.

20
ED=zeros(2¥mm,nn); % assigning/initializing ED to be a matrix of zeros of size m-by-n
ED(L:mm,1:nny=x; % assigning first row of ED as the new sample
for j=1:kn % starts the loop for generating an expert data matrix for each variable to be
desensitized
25 NDR=randn(mm,1); % generating a normally distributed random column-vector

O=ones(mm,1); % generating a column-vector of ones for computation
(2, ))=s(1,p(N)*NDR + x (i, p(3))*0; % calculating the new value of the variable to
be desensitized based on expert knowledge
if p(km,j}>1 % checking if the variable to be discarded is not the first variable in the
30 matrix
for i=mm+1:2*mm % loop for replicating the samples
ED(,1:pG)-1)=x{i-mm,1:p(j)}-1);
ED(,p()+1:end)=x(i-mm,p(})+1:end);
end
35 elseif p(km,j)==1% checking if the variable to be discarded is the first variable in the
matrix
for i=mm+1:2*mm
ED(,p(j)+1:end)=x{i-mm,p(j)+1:end); % assigning the values of variables not
being desensitized
40 end
end
end
for pp=1:kn



for i=nm+1:2*mm ED(i, p(j)+l:end)=x(i-mm pqg)+1:end); % assigning the val ues
of variables not being desensitized 40 end end end for pp=.1:kn WO
2004/ 030082 PCT/ US2003/ 030391 -15 ED(mmtl : 2*mm p(pp) ) =r(:,pp); % assigni ng
t he val ues of variables being desensitized end Data=[Data;ED; %
augnenting the original data matrix to include the new matrix 5 Provided
bel ow i s anvexampbrogdescri bi ng the execution of the ExpeidriRandossaer

Mat | ab Routine provided in Table 1. In this exanple the new data set

i ncl udes one sanple (i.e., process run). Only one variable will be
desensitized in this exanple. The exanpi® is generalized to provide and
overal | understandi ng of operation steps perforned in the 10 Expert

Random zer WMat | r MY g Table 1. The anpl.e .may not i ncl ude
a descript |&ghn%;%1;n§&/9gfr%q§%§r(@wl gﬁggjf %ﬁe%‘:%%le.ev ugspoefi(vfg@?ﬁ% ¥ mat | ab

vari abl es are_gssigned values by inporting data (initializations not 15

all shown i de) . Data i s the matl ab riabl e containing the original
data for thg) E&\%ﬁ@%w’%o%eaggmgn Dgd Or*ﬁ‘fé"y f BaLixde Incde Gy §iviBttigat a are
al ready kno i

equi pn‘entg_ The—original data is inported . into matlab for use in the

cal cul ations. | npidvigd®¥@WN5 &n éx@ﬁlpl@de's@ibﬁr%r thd B leButfoR ol QS glgRgﬁ&ongz:e Col um
123 Row1 10,0 200.0 3.2 25 Row 2 10.T 200.1 3.2 Row 3 9.8 1098 3.1
Row 4 10.0 fab Ryuinerpipydgdsin laple d s dinthéscbxyple theatemi dataodet innlugiesdyne somgle and N

(=3) col ums;.e EAGR LA Mhly one variable will be desensitized in this example. The example is

generalized to provide and overall understanding of operation steps performed in the

10 Expert Randomizer Matlab Routine provided in Table 1. The example may not include a

description of every operation of the code.

Step 1

Certain matlab variables are assigned values by importing data (initializations not
15 all shown in code). Data is the matlab variable containing the original data for the wafer
process system. The values of the original data are already known based on previous runs
for the same process on the same equipment. The original data is imported into matlab for
use in the calculations. In this example the value for Data follows:

20  Data=
Column 1 2 3

Row 1l 10.0 200.0 3.2
25 Row2 10.1 2001 3.2
Row3 9.8 1998 3.1
Row4 10.0 2002 3.1

Data is represented by a matrix of m (=4) rows and n (=3) columns. Each column
30 represents a variable in the wafer processing system (i.e., there are 3 variables in this
example). Bach row represents a sample (i.e., process run).

Step2

The new data is represented by the matlab variable x. The new data must contain
35 the same number of variables (n=3) as the original data. The new data is imported into
matlab and initialized. For this example the value for each variable/columnn for the new
data is;
x= 10 200 3



30 represents a variable in the wafer processing system(i.e., there are 3
variables in this exanple). Each row represents a sanple (i.e., process
run). Step 2 The new data is represented by the matl ab variable x. The new
data nmust contain 35 the same nunber of variables (n=3) as the original
data. The new data is inported into matlab and initialized. For this
exanpl e t he wabkweniwosz each vari abl e/ col um for the new mat@s:20@03080= 10 200
3 WD 2004/ 030082 PCT/ Cs2003/ 030391 -16 Before the Expert Random zer is
initiated it is assuned that x has been determned to be an outlier (when
conpared to the original data, "Data'). Atso, for this exanple the third
vari abl e has been assuned to be a high contributor and has been Iabeled as

uni nportant ghased %eﬁﬁ%&% ér?@mh a%\é/ll g ? e% Eg) {gﬁ I|ngn ti zed
having the same.s| ta, TELE i f@ P& & %'I? é is
sesi o = L L L st %fg) SR iy &

is: ED=
assi gned thgn§§WW§§§P?%WP#ﬁ@”%@%?sanple X For this step the value for ED
st 25 ED = J0 49 200 3

ED is initialized having the same size as the Data matrix (step 1), where each
element is assigned a value of 0.

10 ED = zeros(m,n)

For this step the value for ED is:

ED =
15
c 0 90
0 090
0 0 0
C 0 0
20
Step 4
The first row of ED is assigned the values from the new sample, x
For this step the value for ED is:
25
ED =
10 200 3
0 0 0
30 0 0 0
0 ¢ 0
Step S

The standard deviation for Data is calculated. This standard deviation will be
35 used to generate the expert randomizer.
s=std(Data)
std is a matlab command that calculates the standard deviation of a matrix.
So, the value for s is shown below:

8 = 0.13 0.17 0.06
440
Each number in the s vector denotes the standard deviation for a variable in the Data
matyix.
Step 6

45 Next, a normally distributed random vector with 3 rows is generated.



OO0 30000000 Step 5 The standard deviation for Data is

cal cul ated. This standard deviation will be 35 used to generate the expert
random zer. s=std(Data) std is a matlab command that cal cul ates the
standard deviation of a matrix. So, the value for s is shown below s =
0.13 0.17 0,06 40 Each nunber in the s vector denotes the standard

devi ati on favoaowesvb®bl e in the Data matrix. Step 6 45 ddaxisaoodonesimal |y
di stributed random vector with 3 rows is generated. W 2003/ 030082

PCT/ US2003/ 030391 -17 NDR = randn(3,1), where randn is a standard matl ab
command t hat generates randomdata. 5 Fhe value for NDR is shown bel ow.
NDR = 10 0.7119 1.2902 0.6686 Step 7 15 A vector |abeled 0 is generated.
The 0 vector contains ones and has the sane nunber of rows as NDR This

vecer, 1 U Bl ot M TR SO A3 D S

where 'ones' is d

0=20 1 random data,
5
The value for NDR is shown below:
NDR =
10 0.7119
1.2902
0.6686
Step 7
15 A vector Iabeled O is generated. The O vector contains ones and has the same
number of rows as NDR. This vector is used to facilitate with the matrix computations.
O = ones( 3,1}, where 'ones’ is a standard matlab command
The value for O is shown below :
O=
20
1
1
1
25  Step 8
In this step the standard deviation of the third varizble from Data (i.e., s(1,3)) is
muitiplied by NDR. The resulting value is added to the value for the third variable from
the new data (x(1,3)).
r = s(1,3) * NDR + x(1,3)* 0O
30
This provides:
=
35 3.0411
3.0745
3.0386
Step 9
40 Multiple copies of the new data, which is not being desensitized, are made and

assigned to the second, third and fourth rows of the ED matrix
ED =

45 10 200 3



1 125 Step 8 In this step the standard deviation of the third variable
fromData (i.e., s(1,3)) is nultiplied by NDR The resulting value is
added to the value for the third variable from the new data (x(1,3)). r =
s(1,3) * NDR + x(1,3) * 0 30 This provides: r= 35 3.0411 3.0745 3.0386
Step 9 40 Multiple copies of the new data, which is not being desensitized,
are made andvoawsihymed to the second, third and fourth rrawsusaiosikeED
matrix ED = 45 10 200 3 WD 2004/ 030082 PCT/US2 0 03/03 039 1 -18- 10 200 O
10 200 0 10 200 O 5 Step 10 The value for r is assigned to rows 2 through
4 of the third colum of the ED natrix.®*ED (2:4,3) =r 10 Therefore, ED
= 15 10 200 3.0000 10 200 3.0411 10 200 3.0745

10 200 0

10 200 ¢

10 200 0

5 Stepl0
The value for r is assigned to rows 2 through 4 of the third column of the ED
matrix.
ED (2:43) = 1
10

Therefore,
ED =

15 10 200 3.0000
10 200 3.0411
10 200 3.0745
10 200 3.0386

20 Step 11
Finally, ED is augmented to the Data matrix. This new matrix replaces Data.

Data=[Data;ED]
25  Therefore,
Data =

10.0 200.0 3.2000
30 10.1 200.I  3.2000
9.8 199.8 3.1000
10.0 200.2 3.1000
10.0 200.0 3.0000
10.0 200.0 3.0411
35 10.0 200.0 3.0745
10.0 200.0 3.0386

As described, the Expert Randomizer provides a method for adjusting a new data
set, which has met the outlier, high contribution, and expert knowledge criteria discussed
40 above to then normalize the new data with respect to the ori ginal data set. The normalized
data is then augmented to the original data set. So, the augmented data will have been

desensitized to the variable data which initially caused an outlier.



10 200 3.0386 20 Step 11 Finally, ED is augnented to the Data matrix, This
new matri x replaces Data. Data=[Data;ED] 25 Therefore, Data = 10.0 200.0
3.2000 30 10.1 200.1 3.2000 9.8 199.8 3.1000 10.0 200.2 3.1000 10.0
200.0 3.0000 10.0 200.0 3.0411 35 10.0 200.0 3.0745 10.0 200.0 3.0386 As
descri bed, the Expert Random zer provides a nmethod for adjusting a new data
set, whi ch heg2mb3udre outlier, high contribution, and expertoknasbiedge
criteria discussed 40 above to then normalize the new data with respect to
the original data set. The normalized data is then augnented to the
original data set. So, the augnented datd will have been desensitized to
the variable data which initially caused an outlier. WO 2004/ 030082

PCT/ US2008/ 03039 Jany.chhe B0 d-0%i 0B RLBHANR AGSELE RRG NSRSl e Liah form

part of the |nvent|on are use |ne oper at'l i al so
relates to dnﬁévm@éméwﬁanIh@nam&kmﬁhbmﬂaﬂHDhGEWMﬂgwmubpaﬁwﬁﬁﬁmwMMﬂMg The

appar at us con tructed for the re poses, or
my be a ggﬁgﬁgﬁpﬁﬁgﬁéggh%%ﬁ%ﬁLgpkggfég?QQEPVMBWthgTEﬁ16¥m€6HWP6ﬁFéﬁ by a
conputer 5 progyam sherbpurbselcbRpConicgiely ddfivRtad &i @Hlidlred ML Ebhter

general - RUr pose machi nes may be used with conmputer prograns witten in
accor dance VTP Hereddn Pﬁﬁ@uﬁbﬂémﬁncﬁﬁlVW“W&#“@@*@HW@@”@@WV@&h@hbeto

construct a & eitsRegiudd: |p¥(%%n@sqp@lr&§1t1!4 ScdoRIaR&N 8] Bﬂgrr:ﬁ&q}é%g £ %1 it %g LAt ions.

The invention can al so be enbodi ed as conputer rea onput er
10 readableiﬁ%ﬁFﬁﬁ$mTHé3@ﬁﬁﬁuﬁémﬂﬁ@a@@@h@ﬁﬁEMHﬁwﬂp$mdmm1mamawstmrage devi ce
t hat can ?&gug@;a whi ch can thereafter be read by a conputer system
Exanpl es of the conputer readable nediuminclude hard drives, network
attached st or ageT{iNAS)tion eardalembeyennexizdys computer readable code on a computer

10 readable medium. The computer readable medium is any data storage device that can
store data which can thereafter be read by a computer system. Examples of the computer
readable medium include hard drives, network attached storage (NAS), read-only memory,
random-access memory, CD-ROMs, CD-Rs, CD-RWs, magnetic tapes, and other optical
and non-optical data storage devices. The computer readable medium can also be

15 distributed over a network coupled computer systems so that the computer readable code is
stored and executed in a distributed fashion.

It will be further appreciated that the instructions represented by the operations in
Figure 1 are not required to be performed in the order illustrated, and that all the
processing represented by the operations may not be necessary to practice the invention.

20 Further, the processes described in Figure 1 can also be implemented in software stored in
any one of or combinations of the RAM, the ROM, or the hard disk drive.

In summary, the embodiments of the present invention provide a method for
incorporating expert knowledge for the identification of unimportant out-of-statistical-
control signals in wafer processing systems. The invention has been described herein in

25 terms of several exemplary embodiments. Other embodiments of the invention will be
apparent to those skilled in the art from consideration of the specification and practice of
the invention. The embodiments and preferred features described above should be
considered exemplary, with the invention being defined by the appended claims and
equivalents thereof,

30



random access nenory, CD-ROVs, CD-Rs, CD-RW, mmgnetic tapes, and other
optical and non-optical data storage devices. The conputer readabl e nmedi um
can al so be 15 distributed over a network coupl ed conputer systens so that
t he conputer readable code is stored and executed in a distributed
fashion. It will be further appreciated that the instructions represented
by the operations in Figure 1 are not réQuired to be perforned in the
order illustrated, and that all the processing represented by the

oper ati ons qg% ﬂﬁ% be necessary to practice the invention. 20 Further, the
processes de ?l din Figure 1 can also be inplemented in software stored
in any one of or conbinations of the RAM the ROM or the hard disk drive.
In summary, the enbodi nents of the present invention provide a nethod for

i ncorporatinlg expbitethadonr edigetirfeor datheetiddBning fisctaafipwacass runsi erob pragass

- of - i Sti - i | s,. i f . i .. Th
Pnvent i on- ndd BEAAE A SR Bla st ERGIRidho BT MBS Rty BT by y

enbodi mest s.opekakien, @mpedingent s of the invention will be apparent to those
skilled in the art from consideration of the specification and practice of
the invention. THECStYiB®AMRsel dertied finmep dptesat; f eat ures descri bed above

appended ol ai m Selc BabURT ohes T aurE o 3YSRH AR B o or

adj usti ng a puatess sietgedehiing ngew daetseoforprsperksy fonsiabachllq@r@casse run
having a set of dg&g corresponding to a set of variables for a wafer
processi ng 5°Y5eP '&ﬁY"FEB?F%FF%’ng: receiving a nodel derived froma data

set; perhorni Ny ReddMhPHRGRSSIdA bt sk oﬁdiwgft@fh ReQG5RS0g,system the new
process run generating a new data set corre ponglng o0 vari abl es col |l ected

in the course ofrajpesingdhe pewdetset torthe k@delecei vi ng t he new data set

corresponding to.the.new process .run, rojecting the.new data set to the
model : i denti fyi hégcngﬁ”%ﬁﬁ?f"é leag%tﬁp%%ﬂOdﬁk%“gﬂi‘éégs%&%\tﬁ?&%?‘tt‘“&ft he
projecting,onﬂ@rdﬁagbﬁ@eoﬁahanmggﬂ;ﬁ@g&@&ﬁ@pﬂging to the new data set;
identifying a variable corresponding to the one outlier data point, the

identified 15 vilHblies axnighle Fergespordightcbaone budliendata point, the identified
16  variable exhibiting a high contribution;
identifying a value for the variable from the new data set;
determining whether the value for the variable is unimportant;
when the value for the variable is unimportant, updating the data set with a
normalized matrix of data, the normalized matrix of data being created using random
20 data and the variable that was determined to be unimportant from each of the new data
set and the data set; and
when the value for the variable is not unimportant, declaring a fault and halting

the performing of the new process run.

25 2. The method of claim 1, further comprising;

receiving a second model derived from the updated data set.

3. The method of claim 2, further comprising;
recetving the new data set; and

30 projecting the new data set to the second model.



identifying a value for the variable fromthe new data set; determning
whet her the value for the variable is uninportant; when the value for the
variable is uninportant, updating the data set with a normalized matrix of
data, the normalized matrix of data bei n% created using random 20 data and
the variable that was determ ned to be urinportant fromeach of the new
data set and the data set; and when the value for the variable is not

uni npor t ant, g4decl %éﬂgt}ﬁ)dfoqlé ma;’an@l.rrﬁ%%&ﬂ Slﬁgf:ne perform ng of the new
process run. 25 2. The netho aim1l ’her conprising; receiving a
second nodel deri d@drmnmglwfkﬁéhanmldadnmbmﬂmraia&qimnt r8maibhes aebludidr. of claim 2,
further conprising; receiving the new data set; and 30 projecting the new
data set to the second nodel. 21 4. The nethod of claim 3, further
conprising; geter %@in@ﬂloﬁ’%@cﬂ% it %ex‘%ﬂ?th@'é&tldf‘?fanﬁﬁ%@m@ﬁfd@tat fc®nPSy s an
outlier. 5. The nethod of claimi, wherein the set of variables include at
| east oné ormgiwlélbkﬁammtﬂee@lg epln@slmniplasglra, atianiber tqm;msaiumeea delivehahber

t enper at ur e, Lvere el ectrod | ectrostatic
chuck of anpi B 9d pELT Oap BRARRGC B Bleoty 5 i ShEP eV dteaf B ieoceos
variable, a g‘dﬂ&l’b@»elalté’l aae@fr@aﬂ@gmaasrsa«raﬁh@é va @lgdin £PRACER pathntet&Ohiar e
setting process paraneter The nethod of claim 1, wherein deternini ng
whet her t he ShaRgeinféoioliyase %W%b‘loéesslpgwﬂmtﬁfportant is performed with expert
know edge. 7. The nethod of claim6, wherein expert know edge i s know edge
of behavior of the variable. 15 8. The method of claim1l, wherein the

val ue foi0 the varTlaahethbd ofidialp @l whakin detdrdigniny alhetheniied dlnrofor fiRG@ESHIEAt €
calling a fault,in the wafer processing operation. 9. The method of claim
1, further éBHB‘F’i‘%OirWQ“S?G‘"fa’é‘E‘ W’lthieﬁ@c ed2% he variable is strongly
correlated wwth a remaining variable fromthe set of variables after
determ ni ng whether the value for the variable is uninportant. 10. A

met hod for adj ustThegnethddvhiclsimt 6dehéminregypert kedwktigpisdoesdedgand beleaidr of

process the variable.

15
8. The method of claim 1, wherein the value for the variable is unimportant if the
value would not necessitate calling a fault in the wafer processing operation.
9. The method of claim 1, further comprising;

20 determining whether the variable is strongly correlated with a remaining

variable from the set of variables after determining whether the value for the variable

1s urimportant.

10. A method for adjusting a data set defining a set of process runs, each process
25  run having a set of data corresponding to a set of variables for a wafer processing
operation, comprising:
(a) receiving a model derived from a data set;
(b) receiving a new data set generated by a new process run on a wafer
processing system, the new data set corresponding to the set of variables, the set of
30  variables being collected in the course of the new process run;
(c) projecting the new data set to the model;

(d) identifying outlier data points produced as a result of the projecting;



25 run having a set of data corresponding to a set of variables for a wafer
processing operation, conprising: (a) receiving a nodel derived froma
data set; (b) receiving a new data set generated by a new process run on a
waf er processing system the new data set corresponding to the set of

vari ables, the set of 30 variables beingxcollected in the course of the
new process run; (c) projecting the new data set to the nodel; (d)
identifying outlier data points produced as a result of the projecting;, 22
(e) identifying one o{@ﬁd@nﬁumgbecoﬂdmamdﬁkdhm;mhdmﬁbhemeuuﬂhedad@mens
points; (f) identifyi a variabl e correspon to t he one outller dat a
point, the identified @@F‘éb@@%‘fﬁ“@ﬁ%%&e o ljﬁﬁ @ i el g data gyt

det er ni ni ng tbeichgfied haiatel baliend 8 hidhiEREIkABA: 5 (h) when the variable is
uni nportant, updating the data se nornmal i zed matrix of data, the

nornal i zed matrix of d&l éetb@mlnglgdvlwheedhw1ngledatlalmp‘qmm the new data set

and from.t he data set, d mat ri f d ed usi ng
the variable that was (di}"@?‘?rﬁlﬁ 3“? Che HIHWO%%??%OW(@{%? ae%?g ? the new
data and thegablzedetaitrianddd@, the homheed Afiryabt@its Béing Beatéardsﬁeldw s not
uni nportant,_ declaring a fault and halti ng the new process run. 11. The

met hod of clfimiihecievt data pesand Siopr theidag: Seb&refwmahgedsmetp@ ofdptabefrig) once for
each of the g rtéd‘ lfélfngﬁﬁg @aﬁ?@dl@%ﬁt wia%'éetg‘gmngd]% %e%ohll %p%g'ta f%l 5:%81 %Yﬂg ik

determ ni ng e t he ort an expert
know edge. Iiéw dBkeearniethé datagét; ahdai m 10, V\,her ein expert knova edge i ncl udes
know ed 20 behavj.or, of the variable, A nethod for updating a data
set def |ng a set of (Prgwradie Y%}H%?Oléléf‘cwfﬁpﬁc‘é%t uHgRROH ARk deslaingatfaglt dat a

correspondi Rgd hQitifg RN pbRkdsahes for a wafer processing operation,
conprising: 25 receiving a data set; performng scaling to the data set;

perform ng principal conponent analysis to the scaled data set to gener at e
a 11, The method of claim 10, further comprising;
performing steps (e) - (i) once for each of the outlier data points.
15
12. The method of claim 10, wherein determining whether the variable is

unimportant is performed with expert knowledge.

13, The method of claim 10, wherein expert knowledge includes knowledge of

20  behavior of the variable.

14. A method for updating a data set defining a set of process runs, each process
run having a set of data corresponding to a set of variables for a wafer processing
operation, comprising:
25 receiving a data set;
performing scaling to the data set;
performing principal component analysis to the scaled data set to generate a
model;
receiving new data,
30 projecting the new data to the model;
identifying outlier data points based on the projecting;

examining a contribution plot corresponding to one of the outlier data points;



nodel ; receiving new data; 30 projecting the new data to the nodel;
identifying outlier data points based on the projecting; exam ning a
contribution plot corresponding to one of the outlier data points; 23
identifying a variable that corresponds to the one outlier data point which
provides a high contribution in the contpsbution plot; determning that
the variable is uninportant; creating a desensitizing set of data for the
vari abl e based on a standard 5 deviation of the data set and a

randoni zati on of dpeiifiey aderighledhat comaspopds forthe bheodlicadaepoini whichhe

desensi ti zi nﬁgfgglﬁgs gf“%g‘%%%gﬁ%ﬂh&hﬁf'gg’%gﬁg%‘%{@@ aim 14, wherein determ ning

that the var e1s Wi t h expert know edge. 10

16. The nethod of dezdraiifing $hat MeereiablceXBahipokagwW edge is know edge of
behavior of the varjable. 17. A method for adjusting a data matrix

defining a set ofSrgateasdesensiiyingeehof d&a frrdbesariabimbased png stindad of dat a
correspondi varl : r cessing operation,
conpri si rr{:jg: Q%é’;cagﬁ"@io?]gltea“% astegglﬁrﬂgﬂa?@m%?{ af\llslrrl glg\{lsh%élﬁ ‘{\ﬁ%@g(‘ ms where N equal s

a nunber of procagsentmsthandtaMeeaitalise desauwibete o o¥astkabl es in the data
matrix; receiving a new set of data with Mvariables wherein at | east one
variable 20 corresponds to an outlier and is uninportant based on expert

i nput; generg@ati ngria HALERLE Naill $4 r&l@f&}iﬁge{eﬁ'ﬂg@{%ﬁﬁgf:ﬁﬁr axﬁﬂﬁg ?Sil.m.ingOJt\kif( rows,
generating a one vector containirfg N-T rows o nes; deter mni ng a standard
devi at i on ofis getfanmedrwitspgedikngwicgehe variable in the data matrix; 25

mul tipl yf' ng the standard deviation by the normally distributed random

vect or Broduci ng a first vector; multiplying the data corresponding to the

variabl e fram t herhaeueraad & d¥int Ne wiRRGn ¥REArOEn W 10GHCE REo R1cABE ONELLY &6k OF ;
addi ng t he flfhst vveglt or to the second vector producing a third vector;
01 the vanabnle.

17. A method for adjusting a data matrix defining a set of process runs each
15 process run having a set of data corresponding to a set of variables for a wafer
processing operation, comprising:
receiving a data matrix of N rows and M columns where N equals a number of
process runs and M equals a number of variables in the data matrix;
receiving a new set of data with M variables wherein at least one variable
20 corresponds to an outlier and is unimportant based on expert input;
generating a normally distributed random vector containing N-1 rows;
generating a one vector containing N-1 rows of ones;
determining a standard deviation of data corresponding to the variable in the
data matiix;
25 multiplying the standard deviation by the normally distributed random vector
producing a first vector;
multiplying the data corresponding to the variable from the new data by the
one vector producing a second vector;
adding the first vector to the second vector producing a third vector;
30 creating an expert desensitizing matrix where the Mth column contains the
third vector and the remaining columns are made up of data corresponding to the

remaining variables; and



30 creating an expert desensitizing matrix where the Mh colum contains
the third vector and the remaining colums are made up of data

corresponding to the remaining variables; and 24 <creating a new data
matri x where the data matrix is augnented by the expert desensitizing
matrix. 18. A nethod for desensitizing a2process variable associated with a

waf er 5 processing operation,

the desensitizing configured to prevent the

process variable from causing a false positive fault that can cause the

waf er processi ng oper a¢icaing n¢pakiata maioxphicss thy date efatrie sciuggeated dyithé nal

nodel represgg%ﬁykg SR{hkgga &pcessing_ operation; running a new proce

operation to generate ¢4 representative of the new processing opera

10 projecting the data onto the original nodel; exam ning data points

identified tﬁgbe outljers as a result of the projecting,_an outlier b
. é{l

indicative o
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data; and augwengiarfgsepoatithanlt\ns cusemisé hegedfer ibeesking opiagbmal hamdel with
the desensitizing data, the augnmenting configured to prevent the proc
variabl e frofimRISHE ngefamencng & yesingl nyleheeprapataiive oldbaprarsings an

outlier in %p%%ﬁgue%nﬁ’irng%%w ﬁgcesgﬁgg)?%gﬁémh E%é)eél%%é? @tﬁ%?&glitfaﬁ5e of

desensitizing a process vari abl e assoc
operation asghe

: rocessi ng
sev pebessngdpranicded, wherein the augnmenting does not chan

structure of the (%rjgti. nal go%el. &5 20. 'IA‘ mﬁt hod for desensitizing a
process vari abl epag"g AT 'Of“ﬁ‘? g M9t essi ng operation as reci
in cl ai m 38, %er&hmiﬁiﬁgdﬁugm idesi RRaBIe DuBRELERE Rsutt SEME bdje@k0m of
rue faults.
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outlier being indicative of a fault that should cause processing to be halted;

applying expert knowledge to ascertain whether the process variable that
caused the data point to be an outlier is unimportant;

generating desensitizing data; and

augmenting data that was used to generate the original model with the
desensitizing data, the augmenting configured to prevent the process variable from
causing the data point to be falsely identified as an outlier in a subsequent processing

operation.

19. A method for desensitizing a process variable associated with a wafer
processing operation as recited in claim 18, wherein the augmenting does not change a

structure of the original model.

20. A method for desensitizing a process variable associated with a wafer
processing operation as recited in claim 18, wherein the augmenting enables accurate

identification of true faults.
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