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approxi mati on techni ques used in sem conductor
manuf acturi ng processes. Mre particularly, it relates
to the prediction of unknown parameters of a wafer. In
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measurements may be inputted into a model, such as a higher order linear model. The
approximations may then be used as part of the lot dispositioning process.

The conventional models used for such approximations, however, have
limitations. The models, for example, may depend on unpredictable variables, such as
the optical properties of a lithography tool. The models also may have problems
identifying the often complex relationships between large numbers of inputs and
outputs. Therefore, in light of the deficiencies of existing approaches to the prediction

of parameters for a wafer, there is a need for an approach that overcomes some of the

problems of the prior art.
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may include inputting (i) at least one noise metric that quantifies a background
characteristic of at least one target of the wafer, (ii) at least one systematic metric of
the at least one target of the wafer, (iii) an alignment metric from a photolithographic
tool and (iv) at least one process metric into the neural network and the trained neural
network. In a determining operation, the passage or failure of the wafer is determined

based on the predicted parameter values predicted by the trained neural network.
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BRIEF DESCRIPTION OF THE DRAWINGS
30 Figure 1 is a diagrammatic representation of an example procedure for training
a neural network and using the neural network to predict overlay error in accordance

with one embodiment of the present invention.



Figure 1 is a diagrammtic representation of an
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Figure 8 is a flowchart illustrating a procedure for training an example neural
network in accordance with one embodiment of the present invention.

25 Figure 9 is a flowchart illustrating a procedure for using a neural network to
predict the overlay error of a wafer in accordance with one embodiment of the present
invention.

Figure 10 is a simplified diagram of an overlay measurement system, in
accordance with one embodiment of the present invention.

30 DETAILED DESCRIPTION OF SPECIFIC EMBODIMENTS

The present invention will now be described in detail with reference to a few
preferred embodiments thereof as illustrated in the accompanying drawings. In the
following description, numerous specific details are set forth in order to provide a

thorough understanding of the present invention. It will be apparent, however, to one
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block 114 no longer needs to receive input from block 104, e.g., overlay error values.
30 In block 114, the trained neural network is used to predict the overlay error from the

metrics obtained in blocks 106, 108 and 110. Based on the predicted value for the

sample wafer, a determination is made in block 118 as to whether the lot should pass

or fail.
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image fromthe RO 304 as illustrated by the areas

bet e RCPHTEN RO RBOE:.

In this method, each particular junction in the ROI (“SEM image”) is analyzed
to detect the edges (see Figure 3B). Comparing between the edge from the ROI 302
and its complementary couple from the ROI 304 gives their COS position. Although
the absolute position of the COS cannot be measured, the relative position of COSs
for inner and outer edges can be detected, thus producing the overlay result.

Utilization of multiple edges from the whole ROI improves the statistics thus
reducing the contribution of random error to the measurement. Separate treatment of

physically different edges (“L” vs. “R”, for example) enables the monitoring of



In this method, each particular junction in the RO
("SEMimge") is analyzed to detect the edges (see

wo-2@anz9s3B) . Conpari ng between the edge from t PEI/REI008/074872
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302 and its conplenentary couple fromthe RO 304
gives their COS position. Al though the absolute
position of the COS cannot be neasured, the relative

POShVelAN BEcCIBShbQh 1imdesr QH&SOM&Eur&%gﬁ%rﬁﬁlr‘at b@irious wafer
detected, thus producing the overlay result.

Ut i Qrien@iprsn( 03 f 90kl 807 pliows dlissiminagan of ghanfsal everdey from the tool
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of random error to the neasurenent. Separate treatnent
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Wi tmombcmes d@?n go4 4by, adle sOoF Flgurem; aﬁ’é Snaay‘zecay mretry.
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OV eiotatyl HEASON)EFB MBS corfipadC RitHanse twb-dinddpiona ddadiatientor by

of the pr esent i nvention, The whol e signals grabbed
f r oW UHBE FROINsthe Keeal E@‘Zlon%ﬁl Suh@éuenéﬂ’ée digignpenagreyLslasion) to

4) Béfe aRatYIest Lalha SANRES sllcGREP TBERALBLiMraRth Setween the
(box 404 vs. rotated box 408; box 406 vs. rotated box

40250%amanke dedinprhisdbe ‘e\@rlﬁh@ﬁulby t wo- di nensi onal

correl atd RhePmdiods HIMIEN W?:rlh{‘ rﬁé&?ur&ﬁéﬁté ‘%@lbas%rlﬁﬁh' LAhdard
wi th subsequent one-di nensional correlation) to locate

t h@p@cﬁsmegmgay@pverlan chadagesteRs.s i Higpigr e 9. phPlegraphic image of an

over 'd‘§§1 Iﬁe a%‘h Wg? t)}‘%qﬁrﬁf OHE%EwbsSrg% nseﬂnﬁl%f hHeepltch

rrewmrgﬁr@nth@th mnblas@doumolnym aﬁdalﬂaaﬂydpta smidard (optical imaging)

l,i k rl k In Fjiaqure
phO 0 g éepl%nle(g : %entgé/ ri %%M% 1s de31lgn d ?ne &’ W%e tl%t Cfantars of
t y pgningtig&COSS) csfhmun and butsr stmr:tklreis $01lnunkié tmfovéﬂlzyes piehgained as

A R S i s e T e

mards stahdlirs argeditimis SeFeEBEOIAEDS | Pateat Way6 9 11ed1 64808E2EIudf 2005 by

o Mentr, AR trornigpd VBTl SR RBY REHTEs g verLay

betva®K DENENCARD MEEHEDgoortbweERE.AY MEUBURENIERTS. This
can be simlar tq standard al gorithnms described in

U. Snalgt apemayon of thy,SEN peeriaydipagurogensy| [p asiggniap SEM design-

(I\QZ%O%%%L A enfl @ik oveflly hle@GhrdMEREAY s MRl Eve VE THEES rotation
appearing in the SEM. Also, 90° and 180° rotational symmetry allows easy TIS and

RIS measurements and their (TIS and RIS) clear separation from the effects cause by
imperfectness of the target itself.

Similarly to a SEM design-related, segmented mark, SEM Box-in-Box (BiB)
marks can be designed and measured with the optical imaging-like technique (both

algorithmic and automation) described herein.



MARK DESI GN AND METHODS OF OVERLAY MEASUREMENTS. Thi s
enabl es automati on of the SEM overl ay neasurenents. In

w@owoneassr an SEM designrel ated, segnented mar RCDUSI00$§74872

measurenent is |less sensitive to image rotation
appearing in the SEM Al so, 90 and 180 rotati onal
symmetry allows easy TIS and RIS neasurenents and

their (MafoaddcHRigaks, Gh@ak afRPMsalibedibold MNdbheeed BElS 2,
cause by i erfectness of the target itself. Simlarly
to N SEMded? grayrhs|uatdeia mesutmeystianeiely KOthegmypmples of suitable
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e e e T
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results
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uantifijcation of t et quality. Described bel ow
are HhY ‘ﬁ%’s"fé]i‘ﬁ?e?%{‘rdégflg%structur es for measuring and

obt ai ni MEheSUSNKkdMRInIdvESay GrbeNshafe BYBE Bcb}iaTnLbe&&dctﬁl@l m course,
met r| cs. Such techni ques and structures nmay be us
f orthefg fpraiou RyRey Rk @&?rlaéi rfangFt thapasowRich deay HsFPg eré‘ with the

TheediR@ed of tHe Yt MhEHvERYn ATIHIE 6& N Hi8EmBhatis BPPESw of an
and designs. One well known overlay target shape is

t heexpale] targpruetie f9P u s sheywn,thg rasget 6Q(his Farmed dropyan Hger box

t yp(ﬁ)%r Al 2RVEE! Bk BT 98k i FRABSS60MB 'tﬁ)lﬂ:a@Yorﬁlleé% Qﬁlfl‘é&ﬁglayer
with the techni ques of the present nvention. Figure

6A than thediugeybameiz.i dor opmplewt dfe Rikstegseahp inmer bexged4 may be a
str 0,
o ek YR F 1 ey b Sl B GEL p 0 S TR b Rlin o
604métsl 2 layerc ahd shofvor riednien bax 604 fse“pemd fray @rphtrhlam Of h@ments
out 0 F h e e

&%}62&%&%’@1 é%da%lgg %?Prﬁagl er né ai Pzrcttegr? whild &hd B box is
V| aPrihalyeom avﬂiuﬂamymﬂtsegmd:msx6(H@2hm\<3gH 6mﬂffdrn&fd if @adquare pattern.

yer. . shown e L.n box
t or Theco v menop Sy BB, B85 " Fea. g B b and
Whi @iparigs e rtab gefters o @abQ s @/eﬂa)t EﬁdSIﬂilfleahdee THi€ difference is
out er TﬂPX is f rmedfromrgl | ur fc,eri%ments 602a
t hr SRiGH 6P 18P d it i °g° HE‘E?F& %‘r‘tg é‘}end1 TqHRCCRIBY Pgrpressed
er ri@lotted fdrnPi sGéH dsya etorr Ak BREknbihe finddelb&idand AN bEX sHafe a same
each box and conparing the two centers to obtain an

ov ety O insticaipg that Bieds neRylayiePEpeyesd the inner and outer box.

In this case, the overlay error would be 0,0.

Figure 6B is a diagrammatic top view of an example target structure 650 that
is asymmetrical. As shown, the inner box 604 has a segment 604e that differs in
width from the remaining segments 604b through 604d. Although this asymmetrical
target 650 results in no overlay error because the inner box 604 and outer box 602
share a same center 606, the target 650 is defective because of the asymmetry. This
type of defect is referred to as a systematic error. Systematic errors can be

characterized per target, and they are often of systematic nature across the wafer.



typically expressed in x and y coordi nates al t hough

the difference may be expressed in other forns, such
W@2009/02986t or . As shown, the inner box and out ePCDHUSK2008/074872

share a sane center 606, indicating that there is no

overlay error between the inner and outer box. In this

case, the overlay error would be 0,0. Figure 6B is a

di agysamaBe efods e wpeaampfdu@tb %’?ﬁhﬁnﬁl@tﬁg Qhussd rbg %we% effects
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rocess effec
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00bt”ﬂierfﬁﬂl St Mt AoVYas PrHinb @PMBtrit @6 e @MBulatkd agdne
enbodi nent, portions of the target which are designed
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t he g e fr
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whet her ' t he target has a y-direction asymetry netric.

Li kasynsetry torgsrisumay be opsebar conReiqmayith embodpients dofwihe rpresent
st he, o4tig5 bottom bar 602b to determne a y-direction

asynmmetry netric for the outer part of the target.

Th es e diArodee fargex quaditpdmytrid ithae oty b obeiprdrat blgckniorin Eggure 1 is

Itk?ger}n fic. Cgfgﬁf’e%%dls argl%)grﬁmgllilt%atlop ?%WBJ thr %ngd (ﬁ Figure 6A
S eci hniques” or algorit hns measuri ng t

asy\mttehrrymsgafbaakgramgﬁ60t h& o stgiwng drepleackgomd noise is in the form of

grains. However, the noise may be caused by any source of spatial noise in the

30 image. The noise 660 may cause the apparent center of either the inner box 604 or the

outer box 602 to shift in direction 667, for example. Thus the resulting overlay error

may be caused by random noise instead of an actual overlay error or a systematic

error. These types of errors are referred to as random errors. The random errors are



i ncl ude Fourier-transformtechniques, derivative
(sl ope) techni ques, overlap integral techniques, and

W@ 20wwer9sef - gravity techni ques. These t echni queBCT/U82008/074872

obtai ning asymmetry nmetrics may be used in connection
wi th enbodi nents of the present invention. Another
target quality netric that may be obtained in bl ock
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verification test g 2] range and thickness variation
( THigntrol (Proceedings of SPIE Vol. 5378, SPIE 2004).

Another metric that can be inputted into the neural network to predict
distributed wafer characteristic is referred to as an alignment metric. In general, an
alignment metric is readily available from any lithographic tool. An alighment metric
is typically provided for other purposes, such as reticle alignment. An alignment

metric may estimate the quality of an alignment mark. The metric may also be related

to correctables that are used to calibrate a lithography tool and that were derived from

10



Exanpl es of process netrics suitable for use with sone
enbodi nents of the present invention are presented in

wo/200beg985et al ., " APPROACHI NG NEW METRI CS FOR REWESR008/074872
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FLATNESS," in Richard Silver ed., Metrol ogy,
I nspection and Process Control for Mcrolithography
XVI'l1l (Proceedings of SPIE Vol. 5375, SPIE, 2004) and
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Inputs 702 may include other inputs or replace
between the inputs 702, hidden nodes 704 and output 706. Such relationships may be
characterized by a combination of mathematical operations and coefficients or
weights. For example, connections 708, which relate inputs 702 (represented by the
variable “X” below) to hidden nodes 704 (represented by the variable “H” below), can

be defined as follows:

H,=5,(C, +Zau )

11



sonme of the above inputs with others. The network 700
generally conprises a nunber of hidden nodes 704, such
wW@200002i881 H1- H5. Hi dden nodes 704 may be under BCDUS2088074872

those nodes in the neural network 700 that are not
i nputs 702 or outputs 706 and that are connected only
to inputs 702, outputs 706, or to each other. Neural
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shothl§ (regreseisl tydhevarblei ¥p belem.yambridedingg axfpliowte

hi dden nodes 704 are I|nked to the inputs 702 through
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used in connections 708 and 710. Note that in

cal Ri0eat Paspstanblogh B SvirEsuren tha evife dteslyzed (FleckR04) and some
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In block 820, the values for the hidden nodes are determined using at least in
part the inputs from blocks 808, 810, 812 and 814 and weights a;; This determination
was earlier illustrated by connection 708 in Figure 7, for example. In block 822, the
values for the output are derived in part from the values of the hidden nodes found in

30 block 820 and the weights b;; selected in block 818. The relationship between the
output and the hidden nodes was also earlier presented using connection 710 in Figure

7, for instance.
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phot ol i t hography tool (block 810) as well as field and
waf er coordi nates (bl ock 814). The above netrics are
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extgpaa 1|8y Tﬁ@&&hﬁ@pofvtﬁé é@l%rate‘a afu@ﬁs QVQﬁJt&Vm%HCQ B8 8fdhe
r eadj ust i ng neur al” network until 1t can generate
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Bl oc

t hemati cal els to.
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832 are likely hi ghly inaccurate, because the%/y
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sel sahgsatind stdOakue848m tf{él@al@g @(Hrtﬁ&%t]ﬁft ahd'@e Gﬁﬁﬁ:ﬁ h ek for by

val ues is evaluated in block 828. If the eval uation
r esThetweighis airmayrsipilartybgtadipsied beped af least ingpr op Hiegkfiypree

(OrpekyPee e dikddi VAIRs for the hidden nodes and the predicted values (e.g., the
30 values produced by block 820.) This process may be repeated for additional layers of
hidden nodes, if such layers exist.
With each adjustment (block 826), new values for the hidden nodes (block
820) and the output (block 822) are produced. These values for the output are also
tested (block 824), and if found unsatisfactory, new adjustments are tried (block 826.)
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predeterm ned specification), the weights will be
adjusted in block 826 and the training process wll
whegv2ssew from bl ock 820. The nature of the PCT/US2008/074872
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t hecagmlitly fhe tiamingrpapaebsig Fauec® sEhesq metrln%@rp alpuftest I\W@rtke neural
g:r gl{e?\f/(grp l Wth R84l ﬁ& iy %SAréﬁéatg{ @?Jck\é?%e“ es

ute across the entire r or field of the
waf er. Ofoel actwerkrBD apteamelghtyas thibe abqye dppetsl sesulting in values

t r aijo \%{jrious Bldeo%gS (g)l%%gﬂéﬁ We%tsclg a en%%gllgﬁr’] té)r% d \%glﬁetg%r the

val Ues$ usi ng Known ‘par ane
di aigd@umatlescremﬂmges@retd&tmmf@fveﬂ;aty@ho&(bﬂ:wda@@é)s Tiha calculations

VAT 14480 L e ek 050 WAC S aR O B Medpges of

pr aﬂmplﬁq@werrﬂuﬁyr e bﬂfula/cainy ﬂﬁeadﬁdésbﬁaeﬂazﬂmﬁésp@iﬁt té-t@ne®ions
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l e suned for t
of foﬁla‘ﬁﬁ‘ é k%\”rpﬂe%‘r‘f atASf‘H’é‘n$ ﬁ%‘?‘ﬁ B?UT&UFW%?%’ ‘g‘”fs ey
25 nettmlﬁd@ a9 thelnfetiSdsThpgu@Ed Indbl6IRADOA DO mﬁl N 0Qrd e BB b theieRd of
Figure 8. The prediction process begins at block 902,

wh etP%Brﬁélﬁ“%P l%ﬁ?eé? 913 the pgaralnerr gk 20 fopldmspyidac @G}%’)lable
Var i pkbxifiRioh lof fhe SY&GTy Aot ar get quality metrics (bl ock

906), an alignnent netric (908) and process netrics
(910) ar alg%g neurad getwork 920 can thus predict overlay error with nothing more
than the inputs from blocks 906, 908, 910 and 912, Neural network 920 thus does not
30 depend on an optical property of a lithography tool. Many conventional models for
approximating overlay error depend on such properties. Such dependence is
problematic, because different lithography tools have different properties, requiring

readjustment of the model. If a conventional model does not take into account a lens

aberration in a lithography tool, for example, the model’s predictive capability may be
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fromthe wafer (or lithography tool for obtaining the
al ignnent netric), as was the case with the training

WEe@eesssin Figure 9. These netrics are inputtRdI/US1008/074872
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the neural network along with wafer and field
coordi nates (block 912). Neural network 920 applies
wei ghts au to the above inputs, resulting in val ues
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difficult t ect ... The.traini [ OCQSS 0 i
Fi gure S g‘aE ﬁ}é? %E“‘%ﬂ i %‘{aﬂ%‘%lgﬁ? oS oo o§T 1, %g‘?eé%f&ew‘éu known,
mayintaging lipre¢fesat edwayntosofléananagoambalt divaf@maildreat any one time.
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evi0. Sldings igh fi DRET Y vreolisnony e Gir ot fppemore
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AsoJlot ed earlier, the traini ng process 800 ijn Figure 8
andPPRYEL Pon' 3Pt s O8PIBTY 1 GaArE G g oPYErt Hiystrate  this
I npasibodfmendr i ous types of data into the neural
network. This data may conprise target quality netrics .
(bl ock 986 9VAlH Eﬁi“sé‘m@‘}en‘aﬁﬁé?te& 69&@%&%‘%% ¢ @FGERme various
?ﬁopa}arﬁé?ﬁs,dﬁaadiﬁgyoveh@o e SHTRY dtSRacRNmEERS, 02l RideOMe@ks. The
e overla
overlay mez}/surement tool 1020 may be used, for example, to train the neural network
832 in Figure 8 and provide the data related to blocks 104 and 106 in Figure 1, blocks
806 and 808 in Figure 8 and block 906 in Figure 9. The overlay measurement tool
1020 determines such parameters via one or more overlay targets 1022 disposed on a
wafer 1024. In most cases, the overlay targets 1022 are positioned within the scribe

lines of the wafer 1024. As is generally well known, scribe lines are the areas of the

wafer used for sawing and dicing the wafer into a plurality of dies. It should be noted,
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error (block 806 in Figure 8.) Such data may be
obt ai ned using various types of equipnent. A scanning

we@k@enewal m cr oscope (SEM), for exanple, may bRCTES2008/074872
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nmeasure overlay. Figure 10 provides a diagrammatic
representation of an overlay neasurenent system or

nmetrol ogy tool 1020 that uses imaging to collect data
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| NCMPBSHA bkdr@BSlitter cube 1040. In general, the objective lens 1044 manipulates

the collected light in a manner that is optically reverse in relation to how the incident
light was manipulated. That is, the objective lens 1044 re-images the light 1032 and
directs the light 1032 towards the beam splitter cube 1040. The beam splitter cube
1040 is arranged to direct the light 1032 onto a path 1046. The light 1032 continuing
on path 1046 is then collected by a tube lens 1050, which focuses the light 1032 onto
a camera 1052 that records the image of the wafer 1024, and more particularly the

image of the target 1022. By way of example, the camera 1052 may be a charge
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C ecou
deVslec(md(otﬁﬁ[a)ser tvao funaiods memlemeaﬂed CCp, 1nm|ge grah)e aleﬁ@Dmage grab,

| t 2t f
ooy drair® e f@om%lieéétefel}%@gfa"%rg%ﬁ% S5 PRl Spepe e
to dohectQOpﬂQiﬂfbﬁéd thf}@Bimadtd, €€., the Gahdes Mgt tlbaus@l etk overlay

S|g the conputer 1028 perforns anal ysis using
t?ﬁﬁﬁ“@ﬂ%?”@alculate the overlay error target,

25 m3t ri cs Mgfer bh®binf G nASe ] aF6M06E isdhk@¥@ed FrbAl tHe abbed images
neural network to predict overla%>error etc.
sy§Péﬁ$T@29ﬂFdWF#@ﬁ“PhcVﬂH%%3509 Hﬁ@“@ﬁ%ﬁﬂ@ﬂ“%b@4bﬁﬁgﬁeﬂw

Wor K sisttiol etBEb&GRRRU Biloud 98 3P sEAR oFRRBYE dalddSF ot Bxample, a
grab i mages fromthe wafer 1024. Al though the frane

gr btseency gsmaindasdARAroad). 4 SRAEp dPapie bassapresh; Feurier transform
Shoaqédiiltﬁ}ﬁs Q%@ostslli@tde{e%nf £ AR5 8RB @Fos LORA1TRY aﬁ)g%rlthms and

part of the conputér 1028 and/or part of the canera
301 052hers may be used.

Algorithms proposed for determining overlay and target diagnostic metrics,
such as asymmetry, via the marks described herein (e.g., marks that contain periodic
structures) can generally be divided into a few groups. For instance, one group may

relate to phase retrieval based analysis. Phase retrieval based analysis, which is often
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The function of the frame grabber 1054 is generally to
convert the signals fromcanera 1052 into a form

W@ e@blzoshy t he conputer 1028. The overl ay netrBCDY§2008/074872
event is divided into two functions - target
acqui sition and inmage grab. During target acquisition,
the frame grabber 1054 and conputer 1028 cooperate
Wt Rfefrelad @5 Sl Ry 4005intHAsdl ApRoating, eIl invBlvEPEMsing one
and to position the target as closes as possible to
t hedipigpiional sgnajshy cellgsesrehaf g worlorg zeres breumming piGlyplong
t 00he lifleﬁ omtj&tp_eﬁ@(ﬁg §truc§11'11@. Efxﬁﬁﬁﬂfcs gf ﬁﬂ?@fetrw{/ﬁ%oﬁthms that may be
plurality of imges (e.g., not the imges used to

meassed arcsipearibed/ in BadPatpis Na. §83.48% ssued Bebohafaur 2098t Wde Ratent
th ] t ] r { $440;
T n N ERAE A 8 REkPRARS hELEETRRHL N PO 940584 on 26
appNecimeed)02t he X&Y directions generally correspond
to the fjel [ j he z .directi o
goner al 1 O PeaBRIER IR (MRl ' (BT Plpea i U
gr akid er,00860¢ isvuares Malvd 2006.r &bt plpoes idtiicyal dforithve disaloggelt therein
t he, second of these t functio IS .inpl nt ed o
(o d5o e Beng 8% el et hcsE At TEmE TRy Quandacve
10gr adolgaristnS4f naikasnta hintvalcs'g amplitdesg bhad Sphaes aprobide important
capture and store the Eprrectlﬂy @?Siti oned tar]?let cular. th
i relJEgmaiong CoNCErRing; Sighes SYHATYR ART RS CONRE elinpiEcular the
OV gfHagy diffefkntAb@@tendindaJROSHId Tl o hikBdr HAFAOENG thB8ame signal
i mages, information is extracted fromthe grabbed
[ maé%lg’r‘tt%ﬂ tih gheif aneplityles gyeasyrss, the rdF%rP‘? of/dF Stgpal asymmetry. The
al gafjbt BERribRYnd BEBudiCasymBReY CoHRt 6111 e obfi®l misalignment and
regi stration error between various |ayers of a

155 erfilegingtion Sympsirein thegetgloglnod (togl inqusef i dniey). agoralliag process

basigg, RPREAAGH! fAnRRAGEHORBIII RAFRT ERRSLAE Mhis FRkfebRFration
transformal gorithms, zero-crossing detection,

corlregvenithmplzanes ofr tbe dstowdrted and bamahigo fartthersigeatdacquired from
ot hcﬁffec‘neﬁﬁ%rtp & e Flgld oP‘Lng/tr&nttM&n%rpg)&gscsquet ﬁlrrg% Prroiv'%:dg independent

determ ning overlay an arget diragnostic

s ucihfoaisatamnatmetaptical wbaratibes afsirdasetddegyribtle Fitadly eiomparing these
20( €. rgistelggﬁgtlgo%s grb)%lt g%ﬂ}e%ieﬂts %?%Ie%ﬂ\/%lncon%}ltﬁéil&{:yv{tﬁﬁos% QBtained after

generafFl'y be divided Into a groups. For instance,

onerogriogl phevepfer el8at degteos phage sepatatior\od| thd asd dnduced and wafer

anal %si ? .Eh@lset retri &val based anal ysis, which is

of t'BAFEF I F B 2 Y8 ¥ ¥ uency dommi n based appr oaches,

t ypi cal et anothdr\iaseCie @izt al ndigodiftén chalBigitenatd & waadla daylysis.

col Ll apsi ng each of the working zones by summing pixels

al o\gfégeﬁﬂé‘gﬁ‘l?/%seg sgPeYie S‘Hléf“’f E?otﬁ%? dQ%CPE%‘%rt%‘? SCRYOIAPPES EB‘F’CV“’
2sphassy b & Rdn@Y alindwd Rl héeataciodathe Y ddBedd®AE @EMl and the phase

described in U S. Patent No. 6,023,338 issued 8 .

FebfStaRYOmIS GETied 0w In pajoss jocgljzed ganePhis 1sgparticilpgly of interest with

Octlgl@%{thz%zoféaqrp%ﬁeﬁdaﬁ:ts%smiéo- 6,486, 954 issued on
26 Novenber 2002. Yet another phase retrieval

al gor i t HiothsaEravRymie rdafe do jigferiy cqopmplaton Rased ghethods.  In this

approach the centers of symmetry for each process layer is found separately by

30 calculating the cross covariance of one signal with the reversed signal from the

opposite part of the mark, from the same process layer. This technique is similar to
techniques used today with regards to box in box targets.

The above techniques are brought by way of example and have been tested

and demonstrated good performance. Other alternative algorithmic methods for
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No. 7,009, 704 issued 7 March 2006. The phase retrieval
al gorithm di scl osed therein deconposes signals into a
W@ 2109/02988Br noni cs of the basic signal frequencBCT/US2008/074872

Quantitative conparison of different harnonics'

anpl i tudes and phases provi de inportant information
concerning signals' symetry and spectral content. In
paréan&mhaﬁ of §RBaPhRRAe dintf REGAGR o8l W&ot @mbitioRRehniques,
2nd or giher har noni cs of the same signal (cal I brat ed

Wi tHTOF KEITF AGRRIPINifES PR BEUMESI hEchiigre sudt at migimization of
si %@élut@sd{ffg@ﬁcre%/ midi 122084 QF tlﬁaog}fuﬁllebéft ﬂhQ Ql%ffér@ncé u&l'frkshold based
asymmetry cone fromthe optical m salignnment and

il It9¢ﬁnhh1‘§$ oelugengnmse rojosp etelqéomeanld?e@@;dete@mn (t dbgre are also
in ' - t .
B
m singghisg bettvieen t\beolwe@men&h@abham Of nhdmgoreslt abaved thehenalysis
2nd e [ r

paratl oz%{tlg}?sp% ds%plpp acc:jﬁes a\?rlbgw Ol?le(%% resﬁet pr%géfgtgé grqo%s overlay
maymokoydsckgbeid i thp eredtent sdcidor mat i on about opti caI

aberrations of t. troI Wi ally, arin
Fhese. mpaUyrheoBRLreriof b IR el feiand SR DR Hnereor
100r | ieAbted Jiditativh tahd thlao&e o@éﬂa&nmegé s@zﬁtbmrmdyaie&trﬂmgleﬂ fremany other

vvaf r 1Odea%£§3e al | ows %Cﬂgralon of the t

i ndlQERY FARE Rl 1 RAreRA L Te QrE Y Ble%F&EFrW?EE fogl mapphe any
an oafmafumbhlaaaurtﬁﬂd heMabwalig@fihd SétRadgy8ils Beands®fbr kdolving
Wavel et anal ysis, Wavel et analysis is somewhat simlar

to Hf éliltlctﬂ‘béscf’?‘ftfa%o‘feﬂaﬁf Riarks deged pngho atace, glndg eatern Sy vy of

dy NBAMBleMRNERW naRUYEG A66108Ry t Be 0fReditsre Bﬁ%lﬁnﬁéld imaging
i gnal and the phase estimation is carried out in a
15rmrfélclfQ§6‘%Plyr Fagkfigldyimagiigs micgosseist i felh| %y | ynagmej micepseay, phase
Wt RAHSR  IierbdaBpyC 238 atiBn COUNHRED nRGHIBEY, C ad T REMA& probe
Another group may relate to intensity correl ation
basegrarehiodsis Alse cohemplafsgriou chglerrad pentipde gnage methods may be
Synﬁ@? fyY 01]‘d91r toecaﬁtlareoﬁrﬁ%gssgf th@Ya? et. ' Pés%qﬂé:!ho?d@ R hﬁfee%% e?&lmple
cal culating the cross~covari ante of one sSigna
t hesmgfvgﬂab,e@ulslle grebl sifigle lgraibh:ehfcrppospmbe npenoscopy (€PMd) and double
nark Thi s chnl u
2o rafin PR el s GEERT LU il ub G B Juaitae
| n ckmmmdrcanlget sBy \'ﬂn;e oﬁtemmple emrgie Q.UGESnLﬂﬂiIﬂe hmag,eghiethbglrs may be

e T TR U TR

met Ihétﬁﬁdsf Qick ad Sdﬂt&bhl@ﬂy,@iﬁay@éebhtalylpllaﬁﬂl adGhe11ak Red-optical methods
rel ation techni

varl tions ut 0.& 0SS C

er rsda1 B Pt Gﬁnf’t‘%%c %?%Bs%%ff’?CSPe)maﬂ n?%‘fﬂ%aﬂ stylus-based
25t eCRHEAE, suSHENABSI (RkdhhiBTFERE MIBroSop@las pldfill@neters.

di fference, mnimzation of the square of the

di f f er erft8ardieny 85 BvsIsHS & GORERIANCY F85 PFATEFiBEiFRYniARFOOT the

Cr OsiSsefeiRehddAN. it ARG ABAKy ARt est bR mERRkiss AF qnéﬂlow modules
dynam c progranmm ng al gorithms which can be used f

seafoefigyed tostorhdatgppiogeym instructions for the general-purpose 1nspect10n

operations and/or the inventive techniques described herein. The program
30 instructions may control the operation of an operating system and/or one or more
applications, for example. The memory or memories may also be configured to store
images of targets, overlay error values, target diagnostic metrics and other metrics,

predicted overlay error values, data related to the use and training of a neural network,
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mat chi ng between two one-di nensi onal patterns. As
nmenti oned above, the analysis algorithnms and
Wappeo2shes may be utilized with respect to al PCDUSI00&074872

various overlay marks described in the previous

section. Inportantly, it should be noted that the

above di agram and description thereof is not a

I ndstvadil vadd foihgtidulle o@&ﬁt’iﬂgail_arﬁrfﬁ&@ o8 Y&t i8Peb®h R@netrology
enbodi ed in many ot her forns or exanple, it is
contY&Apl at ed that the overlay neasurenent tool may be
any of %lﬂlléﬁ@%e ﬁjreg%yd 1 3R BorRd bEEHOYMC BB EH d3ehe Yetail for
nmet rol ogy tools arranged for resolving the critica

as pagposesoff clayisr ¢fa5v1d¢f@mm<hng &rvid de appatdnethgigeftaio shyfzes and

Swafrﬁgdlflgﬁ)ﬁ )plg @It 18\,[ rslcg% &H@({]Elaﬁrﬁphhg@%re,
be adapte for rlg I magi ng n1 oscopy,

dartk¢ flescbedrendpiodignents @h@@tbqotykenfa@ hllluss#@yvelan@gcbtngstrictive and the
m Cr%?él??r?éfhou%*}%%ﬁe fh%ﬂ&f § afls %R&?Ré{re RO ALhEL h@f‘hed by

t'ras m croscopy, coherefice pro € M Croscop

It msﬂﬂksngc&mhemphh@eﬂmmhqmcﬁb@gbﬂkmwuirnnt|ple |nage
nmet hods may be used in order to capture imges of the

target. These nethods include, for exanple, single
grab, double grab, single grab coherence probe

m croscopy (CPM and doubl e grab CPM net hods. These

types of systens, anong others, are readily avail able
commercially. By way of exanple, single and nmultiple

i mage nmethods may be readily avail able from KLA- Tencor

of San Jose, California. Non-imaging optical nethods,

such as Scatteronetry, nay be contenplated, as well as
non-opti cal nmethods such as SEM (Scanni ng El ectron

M croscope) and non-optical stylus-based instrunents,

such as AFM (Atom c Force M croscope) or

profiloneters. Regardless of the systenis

configuration for practicing techni qgues of the present
invention, it may enploy one or nore nenories or

menory nodul es configured to store data, program

i nstructions for the general -purpose inspection

operations and/or the inventive techni ques descri bed
herein. The programinstructions may control the

operation of an operating system and/ or one or nore

applications, for exanple. The nmenory or nenories my

al so be configured to store inmages of targets, overlay

error val ues, target diagnostic netrics and ot her
metrics, predicted overlay error values, data rel ated

to the use and training of a neural network,as well as

val ues for particul ar operating paraneters of the

i nspection or netrol ogy system Although the foregoing
i nvention has been described in sone detail for

pur poses of clarity of understanding, it will be

apparent that certain changes and
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nodi fications may be practiced within the scope of the
appended cl ains. Therefore, the described enbodi nents

WG bmalzksbe t aken as illustrative and not restrPCT/UYR8/074872

and the invention should not be |[imted to the details

gi ven herein but should be defined by the foll ow ng
clains and their full scope of equivalents. CLAIMS 1. A
nmet hod of predicting a plurefjpimsof paraneter val ues

di stributed over at least a portion of a wafer, the

met hod conprising: providing a plurality of known

par pnet e U@abdl 6FpBRARKI rgﬁt? ¥ ﬁar%étéla\l'aﬁdey d@{nbhéfl GEL St least
at specific neasurenent locations on the wafer;

t r ad prreen of arveafigrathe ﬁ@thmélckmnrsmgg the neasured, known

spar amet on(ﬂhg,U:? lugﬁi 8; XQ/H ?ar%lﬁl?t%/p\gagmg% kedq“g)ttﬂ\@ Hﬁrath%y of

conflgu ed to pre pre
paﬂa@E@erﬂvaﬁqe@aSMﬁmmthmmuasgmw@emﬁmf the predicted

par amet (%Iram;{ | ul%% amétg/ork u%{n\%ﬁﬁtﬁgga%ulteg lgnhgig ?Qrgfélletfet Galues so that
neasur enen oca I ons are error

f un¢ iraineddeutah eeteorkrie squigdied go pteastl,lzr [ﬁut,ahtlymﬁmdicted parameter

o e Sthd St T e ] P G p SRR S e

1opl wpadifie meﬁsﬁrdn&ﬁﬁlbtaﬂmﬁs de stithinduiretdfiast @fs fuictibredshe a
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portion of. th and deterqtnlng whet her the
maf%?mﬁﬁggﬁgnﬁwmﬁgrI?W&ﬂﬂﬁ?qﬁﬁ’ﬁggpredlcted par anet er

val ues pkiagitettRehedYedrhitnetwaak REsteEUR@prediCbdparkmetér vatves at
nmethod as recited in claim1, wherein the predlcted

parsrBiugality of leradons distahuedd acpst afdeasi Rason ¢fdheoyipfes; and

vaf er ordeReHiaRS wheltefthd wnafer NG VR FRLs basdd ofh IR RS
recited in clainms 1 or erein the predicted

par iRyt volpyrredistedpy thg aragegh PHHIPNPIof overlay error
values. 4. A nethod as recited in clains 1 or 2,
wherein the predicted paraneter val ues conprise a

pl Wal i tAymethod pg ltei:iteélin diaive hsvhsrein thie preedicted pagymeter Mejdesase

r ecd;{fifluildac fileAl % of 3 c‘toss"éﬁ“fﬁif hd §@L01 Ng the

iR
neuraﬁ net wor 68 usi ng { he tralneéqneuraF net wor k
i ncl udes |nputt|ng at Ieast one target netric of at

l eaf't ong gthf)éw as Iie&?ed%? E inf 1 &Qew el% t]&e pr%(ﬁctg@ ﬁaer?rﬁé{éra\!alues

*netior k ‘Ah neura

I e ciongptiisé Mplotaditynofyedyerer Vahtdse at I east one target
metric includes a noise netric that quantifies a
background characteristic of the at |east one target

of 4.he waethod as Wcirsdtimoldin@sl ¢re¢ivh&dinitite tdeta® pdradétedyalues

wherei n the ﬁ Ieastzﬁﬁe tar&et metric includes a

sy sTOBHEET &P iy of cgfical fimensiof ¥ajuss: gne target of the

waf er .
5. A method as recited in any of claims 1-4, wherein training the neural network
and using the trained neural network includes inputting at least one target metric of at
least one of the targets of the wafer into the neural network and the trained neural

network.
6. A method as recited in claim 5, wherein the at least one target metric includes

a noise metric that quantifies a background characteristic of the at least one target of

the wafer.
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8. A nethod as recited in any of clainms 1-7, wherein
training the neural network and using the trained
wozeparIsaet wor k i ncl udes i nputting an al i gnmenPCTES2008074872
froma photolithography tool into the neural network
and the trained neural network. 9. A nmethod as recited
in any of clains 1-8, wherein training the neural
netyor k ARdinbé hdidcitdagn tlhmlssest NeHEBI thed Wkdonk REddd HRic
inputting at |east one process netric that
c halPgides pisysegnaficppesirerttte Yrleastrme fped of thapafarhe neur al
network and the trained neural network. 10. A nethod
of predicting a plurality of paraneter val ues
di s?fr i but @dthed ay regited|ip aryt of glagiy 14/ owhangin graipsifedhe neuppd network
—_— . sl nas orovi di . . .
par o Wil bl K Gk BB At o B A rom o
at phpaditfogapheaslinerthnteura oettvodnaddire trdieedwa gl netaerd.
predicting a plurality of unknown paraneter val ues at
a plurality of locations that are distributed across
at 9.eastA method td ®eitedfin diyeofwilires |-Sywhisran raining the neural network
predi.ctio eration is based on the known paraneter .
Do 2R s R p R R R e S pe g R PR e Blc
10phahalchihagizphproped) of thelwafby it thofkuad ne®@oik @d thdtrained
claim 10, wherein the predicting operation is
perFREY# hout use of a nodel of the Iithography
tool. 12. A nethod as recited in clains 10 or 11,

wherein the optical property includes a lens .
abel% at i‘bietind phrredistingtd Rluraljty of pgranygigrayalies disgrigpted over at least

pr edhftidd & advdbbritha hicthod @bmpdsiret er val ues distributed
over at least a portion of a wafer, the apparatus

I5conpri siPiyidigheryralinmefdnpye paageipsyalyss grepprgddFqam a plurality of

MeNQfo¥es aIREIRE the@lurdn@A8Toc A08s O thk RarPrAgessors and
menory are configured for: providing a plurality of

known paralietinge pladliest ynkaeur pdlanetorvabiephiurmiality obfocations
target.s AluiBRESAdd:S a{ﬁ@%tc‘ % E&‘E{‘Sﬁ‘ f thQGakt ons on the

waf er;tralning a neura twork using the neasured,
known pavterest ée predictiesopemtioh at basdtieon thakmed masuregdr values

netwark. i s nf i gur redi ct L.ural it f
207 APl P ROt BuB SR R eBpbL e 1 e
predi ct ed paraneter val ues which correspond to the

i fi t .l ti it hin def i ned
or o 1 ahiErahegretha e M ReE et W On SR
parmfetedd WitHouesse of a model of the lithography tool.

25 12. A method as recited in claims 10 or 11, wherein the optical property includes a

lens aberration characteristic.

13. An apparatus for predicting a plurality of parameter values distributed over at
least a portion of a wafer, the apparatus comprising:
30 one Or More Processors;
one or more memory, wherein at least one of the processors and memory are
configured for:
providing a plurality of known parameter values measured from a

plurality of targets at specific measurement locations on the wafer;
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using the trained neural network to predict the
predi cted paraneter values at the plurality of
WO owanesas di stributed across at | east a portiRCI/US200$1¢74872
waf er; and determ ni ng whet her the wafer passes or
fails based on the predicted paraneter val ues
predi cted by the trai ned neural network. 14. An

appar at us  as whifilgta@Rula et hvérk ik S the WAL RED kh&\en parameter values
predi cted paraneter values are distri but ed across the

entire WAt thsiraged pagal gemiogh ig corfiguFrd tiredict a plgralipypf

appar at yge @Sed BEdnledd vhileClutth I8t ALdib® ofidhe pHARLRID Qra%%r

predi ct éd paraneter val ues conprise a pl ur al i ty

overl ay vehlpwhlvlapmpon_ﬂ@o thapegsamersersme 1¢C@t3@lt$@@b Wighin a
sl al 15 LR RfinclfbmoMBE AL 1o S8 E feRAFATEI R parameter

val ues conprise a p urallllltyo r|t| I'ensi on

val ues. valpes;An apparatus as recited in any of clains

13- 16, mherel n

the trained neu‘%{h?tmn cgné aqlnﬁtg}léudé)ﬁl nc\sﬂ{el%n%gcq%#&alreas?r

one tar g/amemttlnd urafity af ldcaams donmduefl atioss 4 dageatpertoh of the

t he vvafer |n the neural network and the trained

neural netwoik. 18. An apparatus as recited in claim
1017, wherei n t&erndhing eastherahewhfar gtes mefails basedon the @gedited

noi se netric that ies a background
Oy st Bl gre et pabe foBaCraa BOroBr 1 he
wafer. 19. An apparatus as recited in clainms 17 or 18,

wherein the at | east one target metric includes a
sys¥ e mat MCAPREETS @s Fitedrp claim 3 yderegpihe Préfl’gg’fi pgamelge values

vaf 8 did@ibudd a@BRAIRALHSe WFer BGLE fidld 8fMe Qhfep! @i M8
13-19, wherein training the neural network and using

15t he trai ned neural network includes inputting an
al i gnmendn fPRphiat af FLildan PRRLOIS gt RRhY tlie%?édldtéatﬂ&rénﬁb%er

neural network and the trained neural network

appetugs agnpisse p@diraldy of gvedpyerst velued. ns 13- 20, wher ei n
training the neural network and using the trained
neural network includes inputting at | east one process
nmet¥a. c tAredppaiags amegdltddzieslamlqolr3crpé#1\yhe®¢in thiegredadfieal parameger

t he alf'ue%lra?%nsg leur:!fht fjcr{ucgl cflmgls o% F}Sur al network. 22.

*an Bppara r fur'a %y of paraneter
val ues distri but ed over at Ieast a portion of a wafer,

the appayat us co r0Cessors

or Hor & HEIRT S AR B an g SRS o RFE iPbE L8 e

anchefeR ayd @ity B tHhinglife@th] h@tvork includes inputting at least one target
metric of at least one of the targets of the wafer into the neural network and the

25 trained neural network.

18. An apparatus as recited in claim 17, wherein the at least one target metric
includes a noise metric that quantifies a background characteristic of the at least one
target of the wafer.

30
19. An apparatus as recited in claims 17 or 18, wherein the at least one target

metric includes a systematic metric of the at least one target of the wafer.
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providing a plurality of known paraneter val ues
nmeasured froma plurality of targets at specific

wore@sesaent | ocations on the wafer; and predi BCT/O§R088/074872

5

10

15

20

25

plurality of unknown paraneter values at a plurality
of locations that are distributed across at |east a
portion of the wafer, wherein the prediction operation

i s fasedhPipphifs KNRWEIRA AT RSimY 88 -Ye Syhatdi@Mhing the neural
dependi ng on an optical property of a photolithography

t ooletw e andhpsingghe Fainekneasl peePraaciides Elpaitng 2D aligienempric
theqqh %?h&%ﬁtﬁggr%ﬁ& G510 tHeSheRET feBh OB dndMhk RQMED H&Ra1 Abewidrk.
nodel of the [Tthography tool. 24. An apparatus as
recited in clains 22 or 23, wherein the optical

propert XAH zﬂ)ﬁ!nldglg As 1%cilte%ri§ alﬂb&{ c'ia%g Pi106, %{e?e% t%{lhncié ith(t;:'neural

network and using the trained neural network includes inputting at least one process
metric that characterizes a property of the wafer into the neural network and the

trained neural network.

22. An apparatus for predicting a plurality of parameter values distributed over at
least a portion of a wafer, the apparatus comprising:
one Or More Processors;
one or more memory, wherein at least one of the processors and memory are
configured for:
providing a plurality of known parameter values measured from a
plurality of targets at specific measurement locations on the wafer; and
predicting a plurality of unknown parameter values at a plurality of
locations that are distributed across at least a portion of the wafer,
wherein the prediction operation is based on the known parameter

values without depending on an optical property of a photolithography tool.

23. An apparatus as recited in claim 22, wherein the predicting operation is

performed without use of a model of the lithography tool.

24, An apparatus as recited in claims 22 or 23, wherein the optical property

includes a lens aberration characteristic.

24



