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Approximating the overlay error across an entire wafer typically involves the

use of target structures, A lithography tool forms target structures at various locations
on the wafer. The target structures may take many forms, such as a box in box
20 structure. In this form, a box is created on one layer of the wafer and a second,
smaller box is created on anther layer. The localized overlay error is measured by
comparing the alignment between the centers of the two boxes. Such measurements
are taken at locations on the wafer where target structures are available.
To properly evaluate a wafer, approximations of the overlay error at other
25 locations may also be needed. To generate such approximations, the above
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
30 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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val ues distri bt “8Yer at Ieast a portion of wafer is disclosed. The
In a specific example implementation, a method of predicting a plurality of

10 parameter values distributed over at least a portion of wafer is disclosed, The
predicted parameter values may be distributed across the entire wafer or across a field
of the wafer. The predicted parameter values may comprise a plurality of overlay
error values or a plurality of critical dimension values, A plurality of known
parameter values are provided, The known parameter values are measured from a

15 plurality of targets at specific measurement locations on the wafer. In a training
operation, a neural network is trained using the measured, known parameter values so
that the trained neural network is configured to predict a plurality of predicted
parameter values such that a subset of the predicted parameter values which
correspond to the specific measurement locations are within a predefined error

20  function of the corresponding measured, known parameter values. In a using
operation, the trained neural network is used to predict the predicted parameter values
at the plurality of locations distributed across at least a portion of the wafer.

In a specific embodiment, the training and using operations may include
inputting an alignment metric from a photolithography tool into the neural network

25 and the trained neural network. The training and using operations may include
inputting at least one process metric that characterizes a property of the wafer into the
neural network and the trained neural network, The training and using operations
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

30 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,

o
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20 The predicted parameter values may be distributed across the entire wafer or across a
field of the wafer. The predicted parameter values may comprise a plurality of
overlay error values, The predicted parameter values may comprise a plurality of
critical dimension values. The apparatus comprises one or more processors and one
or more memory. At least one of the processors and memory are configured to

25 perform one or more of the above described method operations.

These and other features of the present invention will be presented in more
detail in the following specification of the invention and the accompanying figures
which illustrate by way of example the principles of the invention,

BRIEF DESCRIPTION OF THE DRAWINGS

30 Figure 1 is a diagrammatic representation of an example procedure for training

a neural network and using the newvral network to predict overlay error in accordance

with one embodiment of the present invention.
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DESCRI PTI ON OF THE W}N% diagrammatic top view of an example target structure.

Figure OB is a diagrammatic top view of an example target structure that is

asymmetrical,
Figure 6C is a diagrammatic top view of the target of Figure 6A with a noisy

20 background.

Figure 7 is a diagram illustrating the relationship between inputs, outputs and
hidden nodes within an example neural network.

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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are obtained from the wafer. Process metrics may characterize the smoothness (or
roughness) level of the wafer or a layer of such wafer,

15 These metrics are then inputted into the example neural network in block 114,
The neural network is an adaptive, self-training function relating inputs to outputs.
The neural network in block 114 must be trained before it can predict unknown
parameters of the wafer, If the neural network is being trained, it receives additional
parameters. In block 104, values for the overlay error at various locations on the

20 wafer are obtained. A variety of techniques and tools may be used to obtain the
overlay error values, including a scanning electron microscope (SEM) or an optical
imaging tool. These overlay error values are used in block 112 to calculate
correctables that in block 114 are sent to the lithography tool to improve the
lithography tool’s performance. The overlay error values are also inputted into the

25 untrained neural network, as shown by the arrow extending from block 104 to block
114. The untrained neural network uses the inputs collected from blocks 104, 106,
108 and 110 to improve its predictive capability.

If the neural network has already been trained, then the neural network in

block 114 no longer needs to receive input from block 104, e.g., overlay error values,

30 Inblock 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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15 In this example, the structures in the regions-of-interest (ROIs) 202 and 204
are identical up to 180° rotation around the point called center of symmetry (COS).
Overlay (or pattern placement errors) leads to separation between the COSs of inner
and outer patterns. The overlay can be defined as this misregistration between the
COSs of inner and outer patterns. In general, the overlay can be measured by locating
20 the COSs of both inner and outer patterns.

In a first technique, overlay is based upon an edge detection process, A series
of the SEM images are grabbed and analyzed from the consecutive junctions of inner
and outer lines {as shown in Figure 3A). Figure 3A illustrates the conjunctions of ROI
302 and 304 of the target of Figure 3A. Each SEM image in the ROI 302 has a

25 complementary (symmetric by design} image from the ROI 304 as illustrated by the
areas between the two ROIs.

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

30  the absolute positicn of the COS cannot be measured, the relative position of COSs
for inner and outer edges can be detected, thus producing the overlay resull.

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



alignment netric is obtained fromthe wafer. The alignnment netric
conies fromthe lithography tool used to formstructures on the

waf er. | nviah osbloibd€d, process netrics are obtai ned frompthgswndelisr
Process netrics may characterize the snoot hness (or roughness) | evel
of the wafer or a layer of such wafer. 15These netrics are then
inputted into the exanple neural network in block 114. The neural
network is an QAdapt e¥&« o%el:ﬁosérf %&J 819 eﬁé&@CMeQ.@mf]}fl(ﬁEﬂd}gat' DRIGLS Fefer
outputs. The neural network in be trained before it
can predict urRiSBRECTHAP 2 E: 48E) 6@0"%5%3%*1@?‘“ pf the weal paertey ) frome thkopd i s
bei ng trai ned,phifentLCRbVBRAAifS @R R RBIreS Rrion! ifddRbOhiEe %:HM‘ 10° vs,

val ues for the overlay error at various |locations on the wafer are
obt ai ned. A va(%qﬂ)ety of techniques and tools may be used to obtain the

overlay error val UgSiothbr i iDBasdd SFRDHAGkIR! afls'HM Bl&EhP &SP 8Isd §EM
or an opti cal |rr:5181|l tool These overlay error values are used in

bl ock 112 to c¥fft Aok Ve SBFEES s are) tq b5 YEReTicAvidt eoinciding t &Yt he
l'i t hography t Q&Js?ﬁ O cét¢ GminkRy.| Fibilre g iy vieR@PhotbgrRgid BaBBECEoridne

overlay error va ues are also in utted into the untrai ned neural
network, as sHYRA SHY! SRELRAER FECBRAT P ASEIAY JeeseremenSyn BgERcE 14,
The untrained \nﬁumlenfbeam»@ﬁd@ful&e@eseﬂanweﬂmﬂ snféoﬂfﬂo&ca%sdlsfgfa@mdbﬂrm&s

104, 106, 108 d 110 i edictive ca ility | f
t he neural'® neté@sﬁb ‘{Ogi‘bgg%’ éh§? égur’i% ¢ Hahz9%he neural network

in block 114 no | Oﬂgemgﬁh@idﬁoﬁqﬂmﬁﬁﬁzﬁy R@Isl (Bcwtmf»s abakel as;kamBOlélox B®69s.,
overlay error val e trained neur twork is

ck 114
used to predi Cr[oa{ Dévzﬁ}'} ?r°8‘i“p:|‘r?doﬁ‘?‘ HeOmbt ¥ 18?“%%@??{5’ PR %1% cks
106, 108 and lshﬁmnﬁgans;ﬁd tlﬁH’Ne&fb&} qﬂfea@bnomeldsuvsahaeat drerdihéiRiosa kphQativaf @r

a determnation is 8 as to whether. the | ot shol
pase or fail . BelSul TRy’ LRt o Clp BTl Bl iR e BB e

in a varietsy o@om;i@be'ﬂhﬁneﬂeumabvempmmk in block 114 may receive

different or addltlon ones obt ai ned in, bl ocks ,106,
To8 and 116 The néSPler nBRHA e SE0 biGe” TR koR v B et
predi ct par anedpers utnhgw hltehazarlaryvxe:rrk ays@zs r or Figacha @Eotﬁg’rapihlcaaiage of an

di rension. In ro for.
desi red par arre%%@ Sdem%nnrg{ateg,dse%l%lente]d t eaarg%trl?, %l%el )ﬂns m‘a%( is %m'ﬂ %f ne 1t
overl ay error gingt oglothOdnaraypd |onu¢10an@:s a Sugitarlgtty acfandard f(q:ftleaitunagmg)
t echni ques,and Q h res n_ Fi

and 38, 4 Znd qjetsgﬁ)_hfﬁateds é%.t.ald‘é‘{%ﬁ%atshﬁs; g ch & (?e g&% fna? lwanEzﬁ e%jer
target w th t henfgkdy Q(\M)&sg of inner and outer structures commde The overlay is measured as

of

misregistration between these COSs. The algorithms for finding COSs can be similar
to standard algorithms described in U.S. Patent No. 6,921,916 issued 26 July 2005 by
Michael Adel et al., entitled OVERLAY MARKS, METHODS OF QVERLAY
25 MARK DESIGN AND METHODS OF OVERLAY MEASUREMENTS. This
enables automation of the SEM overlay measurements, In addition, an SEM design-
related, segmented mark overlay measurement is less sensitive to image rotation
appearing in the SEM. Also, 90° and 180° rotational symmetry allows easy TIS and
RIS measurements and their (TES and RIS) clear separation from the effects cause by

30 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.
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of a target I mage that can be neasured with an SEMin accordance with

one enbodi ment of the present invention. As shown, these structures
are formed fromarrays of thick inner and thin outer bars. 15In this

exanpl e, the struCkyfas ddini g&;@ 8B RhRe Qésﬁjiﬂéta Gvehd ée{ﬁﬂeg)m %g%e@”d 204

are identical up to 180 rotation around e point ca
symmet ry ( COS)3A.GBet inghS, ey bipused orippapiraevenesntrosy Qtires pxanwled of wugable

separation betygg umsn%mgmﬁ DRk rgsléﬁt@('imﬁﬁgtﬁgeﬂ§hlo hhgs gyer | ay

can be defined as this msredgistration between i nner and

out er pat t er nsissupd1QHpe@B, entitksl “‘GPEARAY US ANID MR R BPETEGERYT ng

10t he COSs sof QQEQLA?'E@RWJQNWCW@R@WFRY » by MidheRetall.m Bile results
t echni que, overlay Is based upon an edge detecti on process. A series

of the SEM i magféeshaines giaybpeud.dhecrinalisn e meiden oR@ncgryebisty e

junctions of inner sgnd sQut Bkuikd Hﬁ§1véﬁ§ cﬁﬁf»?tYﬁl:at!th &%@gﬁ@qﬁmy DGk 3A
illustrates the conjunctions of ROT 302 and 304 of e target of

Fi gure 3A  EactflosEne itgehgeres and ﬁ@ewcgﬁa fos anpagripg é‘i%‘ﬁhwé?%@“&? ynetrics,

(symretric by ges hg{});tehlmgﬁldfrbﬂmn{e%q R@ch&%n@ﬁe%‘ dnll Ugtdnat edapde i0€
areas between the two ROs hi s nmet hod, each particul ar

junction i1 t h&r Remple: SEM“P?F&@% vvth béocsﬂgﬁy&éwu'teol dERce@izet HRICRERg &%y

(see Figure SBassuanimaétwgSm@sw&s h@ edge fromthe RO 302 and its
conpl enentary couple frogmthe % ves their COS position.

Al though 30t he absd&i"Gt&!faeyR P%ﬁﬁl%farseh P8 heBiFr DR s e wEy r L ouishe

relative posithes .&f véﬁ@&styﬁwoﬂ dazeﬂe;ry @i SUbL wRidg ehy GRD thasgehre uRd,
t hus producing the overlay res Utilizatjon of mul tIP| e edges
fromthe whol eBHEEHYy ‘598?5?%@‘@?‘%?& SHPES 0P FasRmeasly Ppglew of an

contri butign oéxamgmdﬁg@te&ﬁo@lﬁe 6@0 t AeshBRa Sk afganﬁoo Isﬁ@mécaﬂ@n faf @akNRARL

(r)rfon:o{] )C/)f: ﬁgl |O%/ gdél an 211? g&te 9%89 Tilfe"mner box 6%4 is typlcal? 1%2:}) de& a di e?én??ayt he

than the outer box 602. For example, at the DI-stage the inner box 604 may be a
resist pattern defining the Via2-layer, while outer box 602 is formed of features in a
metal 2 Jayer. As shown, the inner box 604 is formed from a plurality of segments
20 604a through 604d which are arranged in a square pattern, while the outer box is
formed from a plurality of segments 602a through 602d formed in a square pattern.
The overlay error is typically determined by finding a center of each box and
comparing the two centers to obtain an overlay error difference. This difference is
typically expressed in x and y coordinates although the difference may be expressed
25 in other forms, such as a vector. As shown, the inner box and outer box share a same
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 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
30 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.



overlay effect on chosen |ines or edges. Measuring overlay at various
waf er orientations (0, 900, 1800) allows discrimnation of the real
overlay frpguidg.dsgol influence - tool induced shifts %‘@r/%'sz(faﬁm‘%n
180) or rotation induced shift (RIS, 00 vs. 90). 5Anot her net oé I'S
based upon correlation. This SEM overlay target al so has both Layerl
and Layer2 structures that are to be syrmetric Wi th coinciding - by
‘mage of & porsrsns HIIERERELE o dhi Bahiiy SR AL NS,
over | ay measursnemEMP polabovetdaprtiering. Dﬂph@weesehdf@dsrrent of the present
406, and 408 of " Fi oo S nEEEARGe qoAlkA Uiad B Bl RGR 08 ofl0
conpl enent ary ®Raloginfebb oo of the targt athsd atsaiesigBg:to browmagsicekwitly epatted
box 402) can bg &&m%ﬁgre(&h{pﬁl%é Efe k4R dhqg'%g&éxﬁzﬂi%' erfoP 'ie‘?['ldcals' Haifdd by
summing up in the vertical direction w th sequent one-di mensi onal
correl ation) trougtacempiigorCriShe atminagllyesyimmgiigal Bgpel 2y fromtthy éffereMhe
R g S e R R b b e b
upon standard @mflbéfalAEi thagier gy oplkeaaydiiee same W%ﬁt&@ml@ﬁglcsd inispilgepble 5,
a_phot ogr aphi ¢! gGf e Afmall A8 HE Ao CGTROLEM: L UPEd Aloget
is shown. Thi sto1 fsebw Mt g[* ne [t)l tcﬁﬁgral'fnl?sngs on %dtﬁ ?nnngo ‘and
outer | ayelvs. Blerﬁlﬂahﬁryiitym@t@ Oaammwd'amtr(cmwma&fculmsng) 90

Sgﬁi ore lﬁ'f aéiﬂmsfgégﬁ&%ﬁﬁi‘* 5@ ;zz%;gfgﬁf%gm ;%é@ ol nei BE:
The overl ay I s neadir éeeasiph tgig &t e et ivvee hart sc@ﬁﬁ‘s_scdtﬁ
3158;??: LQ&T. n U Rﬁgé:‘&ﬁ%&i?‘@l %ie%ﬁn?%n@?ﬁ%ﬁ%ﬁls%%%q‘%ﬁae|
A , 1t e/t MARKST DS @Fy Rti © HevRi€r bar
DEgI G(ilt AﬁD I\/E'?'W Y M@ﬁﬁu S i " n
Mﬁ?‘?o g%zterwgr:e% di ﬁgllé{gkq me-tql f%r %E%P%F Ear{aclj'it 8%&%&

of the SEM overl ay neasurenents I gn-rel
segment ed mar kTieviep kragr bﬁeé@‘lylrlembﬂconmmtégsﬂls é@tmnt inger bpooG4hag determine

rotation appe r | =Sifbn { r Y
al | ows easy T?‘ghég%d RI tgslgﬁte@sg ur' edr?eﬁt%bs ﬂggﬂaﬁaﬁe%fégg T?%{%glﬁgq% S@HPEM

separ at i on fr ofR2d Heayelfef costpared aiih ehd guigUiorpartiae 6¢vets gletstminhe ytdikegiéan

itself. S 1}11@{1’ Yelr@ 18 tﬁghﬂtg%hg)@tﬂe%@éteq'hesémﬁ Q0 B drec M
Box-in-Box (Bi B S can designed and " neasured wth thé opti cal

i magi ng- | i ®e t@&ﬁﬁlﬁﬁnélemwﬁy degdeicempingd Hirda ntleRariney) merEsc Spastis
herei n. teé{aﬁquem a}é‘%ﬁﬁﬁ[ﬂs %f%as&lug hlea@ntmeafgﬁgee mRReRPAYSrgd
depicted in Figure 2, may used to neasure overl ay

error. Ot her e E@W“@éﬁoﬂm!ﬂcbmﬂ@é i‘ﬁ?ﬁﬁzﬁ'é!% (flene) ipelpdqyes: Pye &P ertEg!

error are pr es@a{n ed, Manb: @ntePait Ekﬁt |\QchnY w385, 68Rse keAMRs 19r YAfing
2008, entitled "AP ARATUS AND &? DETECTI NG

asymmetry metrics may be used m connection with embodiments of the present

25 invention,
Another target quality metric that may be obtained in block 106 in Figure 1 is
a noise metric. Figure 6C is a diagrammatic top view of the target 600 of Figure 6A
with a noisy background 660. As shown, the background 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 {o 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



5 OVERLAY ERRCRS USI NG SCATTEROMETRY," by M eher, et al. The results
of techni ques may be used, in conjunction with netrics, to train a
neur al netvv\@%g,gmgsﬂ Some such netrics involve the quapkifilssakibRg0f
target quality, Described bel ow are techni ques and target structures
for neasuring and obtaining such netrics, such as systematic and

noi se nmetrics. Such techniques and structures nmay be used, 10 for
exanpl e, in CO&HE?’&%}J&R&] nWsé &Upéd%gJ (;]cg e%f@ctéz éuggﬁs ;mmmeﬁn%Eggige related
structures nmay assune a varl et ¥ %apes an %rmgns wel |
known over | ay ctr@rsg@t cbzkmwmcbbx the fapdshal felyeiee ton yareess écrosa‘thecmfmsgl,d
there are variQus tyRgs. f pé{,ﬁgtgtggcatlﬂlrlg%}eshapes whi ch may al so be
used with the techniqg es o%e e present invention. Figure 6Ais a

di agranmatic top vitewseitablntedBives famshaadtaiziatnoise e tipy e oplempged to
shown, the stargeh, @OQOIgesmmwsﬂ f{a@@a arBy' wroftaqasnﬁ% tﬁeﬂ%mmgua&sre
box 602. The inner box 604 1s typically formed in a different | ayer

t han the out erdaomingdmn aRerithag il e wed:t Hatpral stlggshmheinieaised prise
604 nmay be a rﬁgdrﬁﬁmm&ég@a&éh aefhdie raggomﬁls Mi@ar- !oe}%fs@ algdhinhS, QUb&HuROX
602 is formed of features in a netal | ayer. shown, the inner box
604 is formed ¢fiSite alepiitingl Pych algprigpy ﬁﬁlmpgodsz@ lwwefrﬁ? Eﬁjgﬁm@a%"om ch

are arranged 'ﬁc&d&@ﬂ%n%oﬁﬁkh@Bﬂthe}ﬁifé';én?m%hﬁoﬁ)u'fer box is formed from
a plurality of segnments 602a through 602d forned in a square pattern.

The overl alf error AdOheHNBEE Mot [t & IRPUEH N3 2 RIUR PR O IR aFfeBIANGSViBach

box and conpar ahagregéﬁembmo&@ratpecrcgsstnsengbtﬁaprece@maﬁ@Eﬂawteaﬁers@rpmperty of
difference. This difference is tygcgcally expressed in x an

coordi nat es al PRSWHEE t'hE8OaSF siieh PPl Mg 5 HER éler&rﬁnwteéf%wgft%%

such as a vect@{omhﬁ@gﬁbﬁﬁw@mésbesLhdnrt@@ceaqxet@@dnme@ubpags&n&eawa.;ﬁ)acrre
center 606, indicati n that there is no overlay errqor between the

i nner and out ef*PRYYE bakp (R derppesatore. BED i bpUgim apti-i5reqiine Foptipe (B i)

Figure 6B iss amhdkags, aﬁmﬁpnﬁmt @Iﬁe Vdo@ANf@a‘us aml exampk&ioh, ang:&ESSSﬁd’tﬂit%tlhﬁ'ye
650 that is asymetri cal fs hge |nn box 604 has.a %
604e that diff F%IBPWS@&PWSH% e?tP’i?f‘n"f ‘Y“é‘?‘?a Fh§rosEg MEHIS s
t hrough 604d. Alrelieudihs tthlcﬁxtlaaﬂyd‘fﬂﬁs[dnpaémst ahlglefessﬁﬁﬂleﬁrﬂﬁuhgls dnd Wafer
overlay error ecausg‘{g |nne box 604 and out er box 602

" g

re a
same center 60B0FHe ooty PR ST 1% SNBSS VG o mentts,
asymret ry. Thi such ypstedfasedefren tsuf@e rddrarct®BRQR) aﬁomgswvsﬁagmm;ap clerckalr .

Systenmatic, err char ac .er.ized targ ar ten
of “systenntt ¢ e atE Ryl REhGipE B R8T, rdielFhe o ffits) LR 0
typically due Enipges@eproassy mreaics ymtablatf&ede byithpone essodahdnecafshspredenas

CWP polish, netal utterin ot ores

asymet 1y et PRl seshSl KGR H ey PR SNG NER,METRICS FORy e
enbodi ment, pOMWARRRS FOATNESS.T an déthandh$iblar ad. eNtbﬁs]ogy]eIdswmobeand Process
symetri cal wi r r@ﬁé f bl

t he systemati c&ertrrogr?(?reﬁfcr&ﬂmﬁr&p ?al nZ%O(fe%rl a cggi af?%osﬁ&%f Oﬁl*?
nom nal | y gynmetdDwalet g, JRETRA-OF ARER @DH]QWMTEHEAHI‘IOPQQQEETERW
target, e.g. c cltdi?r

and right out e éﬁﬁﬁd{‘s}ﬁ?he overlay Pfi %Ng Eif?édéﬁ%g?ﬁf{mgﬁdﬁ%{
its optics, itMERUMNIGEDIlire Kewnethedigun @dt mta%mtm weﬂmgzﬁoralimctew)

orientations of.tNesiaf:elinesr 38 Vi8Q97s, sPIE, 2004).

Ancther metric that can be inputted into the neural network to predict

UGS

30 distributed wafer characteristic is referred to as an alignment metric. In general, an
alignment metric is readily available from any lithographic tool. An alignment metric
is typically provided for other purposes, such as reticle alignment. An alignment
metric may estimate the quality of an alignment mark. The meftric may also be related

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

10



10The fi nal systemati c or asymretry netric may be cal cul ated as:
Asymetry(final) = [Asymretry(0)-Asymretry(180)]/2. For the
exanpl e t aggefooioski gure 6B, the left inner bar 604e i $-¢RRPRLEAHO
the right inner bar 604c to obtain an x-direction asymetry netric
for the inner part of the target. Likewi se, the left outer bar 602a
may be conpared with the right outer bar 15 602c to determ ne an

- di ti , ' . t t t
Yop | nner bar EORletie Rl SEML b tF SO Bl Blimdlc, 87 L AEH Il
det er m ne whet ¢reectatiiewesgngentehiadlogkyLldiandtibiinhigasynmet r y nret ric.
Li kewi se, the out e';FgE: %VQ ﬁ‘l'étn@sp%g Wle@ Gt ﬁ%%?gr%ﬁr%tysttﬂt 151 beq}é%c[a{o

bott om bar 602b.to etermne a ection a or the
outer part of tdiga tlfalrage@twofkhewomrmﬁentémm@@mi@dmleytsetf the ptepephinvention,

asymmetry mnetr Tt&%exﬂ?%e&rﬁ&%m%ﬁ( &8 H&P A&Gin'aRd B R JléﬂﬁLhaﬁ%g H?{@Isfo‘éd EEEt rie.

Specific techni gues or algorithns measuring the asynmetr
target throughingedrrar Fstm, lmblﬁmééutll@uhliﬂéﬁd—to ?@N@ﬁl@ﬂ&hﬂ@l@dmmd@shat

derivative (Sl 0Dk § QF BithANSSor QYR ARt HaBhyot &AL ey e

cent er - of - grawe% t echni ques. These techni ques taini
asymmetry net rir ctwaglthwglméér@cqswfci@rﬁﬂéwifdwrws hﬂ@mmnwmwsoﬁ t he

present 25i nVendi:@hetworks gun@m@%o%{e &lartsa@gresqmwewonnaﬁ;{eo?wﬁﬁeﬂtﬂemy be
obtained in block 106 in Figure 1 i's a noise netric. gure is a

di agrammat 1%t WPRA@HYGVaiERE. Panyelitheoeust nevgl magee Wrdtreeoi sy

background 6 6Osoft@'ﬁres(ﬂ&%ltuﬁtaﬁnQ@@@E@ME‘ 6r DQiRfed a%rohﬂn&lnﬁe EB&‘&Hn@f
grains. However, the noise nmay be caused by any source spati al

noise in the 30 i r’ré:@é‘re7Fﬁédﬁé‘ia@ém%(?l”i%?ymé%%fémFh@lpé%‘p?ﬁiaéﬁﬂt“’@éﬁ@%‘fﬂ of

ei ther the i nnkolM%e @Qﬁowentbh@nﬁmc@Ehe%»ser@%ertdansmnfrh nbfofl F0BG{ 40N
667, for exanple. Thus the resulting overlay error may be caused by

random noi se | HEPEESEHIvEysispy iggonshing s OEWP‘B? T with s&§ of @ity 100-

error. Thege tﬂﬁ@ﬁpu@caﬁ*[&ﬂﬂ&m@g@ ub Bty @letiRE, ahan@e%t RO B8 Tretribhie
randomerrors are due t noi se caused ){ ;%rocess effects

Cooh as gr ai mi edaose daa iR ogks 1061125 86 P PGB c Thriar3sTSrhs 88 by

the fact that f&lﬂedd’wﬂérfaﬁ@ﬁel@Bodrtﬁﬁ%ﬁé&t&tﬂ&ﬂﬁ%ﬁtaﬁﬁ@o%@lﬁﬁén&ﬂﬁu@\lﬂ? pen a
single target are Stat&bitl cal in nature. sui.tabl e techni que for

char act eri zi ng®oHEIAEE Wih{ogatngy op e e%‘ﬁf rpay iacludggther iPYs pfgpRlgse

metric for a ts’dah@e'tche&yo%mpu@fwﬁbml es, the follow ng noise
determ nat | Lon al gor, thmsﬂ%g%obe u statistical %ﬁ ori.th

i nt egr at ed®noi se al doP§Y ¥‘é‘fné°cﬁis‘?fé’ﬂ“9 R st Hfgsuch as

s: gnal - th 0- noi sle)dad IgnHBI Hivglen mfdemcﬁzfytwnmfermuaemadegﬁﬂdkstuhmis neuSudch

al gorithms may noi se metr net wor ks acc ing to
enbodi nent s of z&ﬁg@ﬁ"f‘a HORPRR? l’@rs]m oi@ﬁtﬁgﬁlaé’ld BAE P FUEHER OGS be
inputted into mpme'm’zad)utpnﬁﬂmMmb éncaemar thzn@Enew dri 700h@aydoasBinhany
invention is a ess metric. characterize

broper ty of -t nETRdpEs indiEiden et BLORY B 1T iR BRAS Iedls FePe e fora
par anet er 15el ahe safje bfmmpieslsphmicddnty hﬁgrhazcdhn n:odp:r HdesslinkSUo hed e

et T oo 1ol Ul Bl U8R ASA0RE A% IEL NROTL: SXROMISuLRE, FED

t enper at ur e, tom an I-re ve coatl
through connections 710. The connectlons 708 and 710 define the relationships

between the inputs 702, hidden nodes 704 and output 706. Such relationships may be
characterized by a combination of mathematical operations and coefficients or

30 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;

i _SH(C +Zau 1

11



15 thickness, devel opnent tinme, dose, focus and scan direction.
Process netrics may al so represent physical features of the wafer.
Such proc%ézﬁ@;ﬁggsgﬁ i ncl ude val ues correspondi ng to cr, Erhfé‘%osm 87

di mensi on, resist thickness, sidewall angle and wafer flatness. 4\/\gfer
flat ness, for exanple, nmay be expressed using a variety of netrics,
such as site- based, front surface referenced (SFQ?) novi ng aver age

(MA), chucked 20 QZ% r{s%)w(tﬁ%% Eggnd\é‘%{ flode c’ﬁ}ﬁil\@@l l;{ie OurR:f’DE¥ \I_If‘e}\r/i;j:;l?éle.s

range and thickness variati on of process

sui tabl e for u%# (wptehensdbp t@rmo«dnlm‘éhtbslow cpinke gefiegemtfollomgent i on are
presented in Valley, et al.,;"APPROACH NG NEW METRI CS FOR WAFER
FLATNESS, " in Ri chard= $i(yery egh,) Metrol ogy, |Inspection and Process
Control for Mcrolithography-tXVill (Proceedings of SPIE Vol. 5375,
SPI'E, 2004) 25 and T@E‘ﬁ@c\regéﬁr@tlms forkm%om%n SBAGIERLEHT! ON TO
DETERM NE PROCESS AND BUTI ONS BASED SCATTEROMETRY
METROLOGY, " i nP9gaihiitiesh Aws@!nbléﬂwn ODa%tbe%ﬁIaalygffr@ﬂoamaWSa qegfficignts.
Process Cont 1 ofigfRGERAMARAQLpRELEy Wobood ¥becEE702AA4) g AnOL her

nmetric that can be inp ut into the neural network prelct
di stributed wafer é‘??&ﬁrth@tllé?ﬁl%liﬁ“ég ihg vilpgsderrhidgien @C’dﬁﬂ%ﬁf@l ingyinEl the

nmetric. In genglepciendt v@lighgi}ﬂ?ﬁk%d NS ithiGy, hiscafcgfa@ﬁ% He PRk k&l&le%u Bpm any
|l ithographic tool. An alignnent nmetric s typically provided

ot her pur posesfom thetidgen pedes Wdethg poegfitinaner ww%ﬂt B ip y¥srehbe zr‘émsﬁmeet ?’Fay
estimate the quahkdeyncdnesdiMhydh kBNNEBIR ralfBfdof ndlf nBRIoE ROMBYchatafin €
related to correctables that are used to calibrate a |lithography tool
and that were tRSFibFeH Freadndetdl Bad%ur enent of overlay error or sone

ot her paraneter. Arp@x@grp}eamgfa @&g@&amaatgqagr@a@mmn%f\aaﬁ]rmrgep%@dalsgesﬂ)oIf&
bl ocks 112 and 116 in Fi above netrics are exanples

of known par anBE! get‘evﬂ%&gg?rw%d%e‘aﬂft eneerRPYmant of (e RressibinygiiRn. Fhe

accordance wi t fros$TBe @R ROBOERIRS wikredpb® HRNRSE R aaBY&NbIEK 804H aldionieer M
"neur al netvvork as used herein and in the clainms shall be understood

to i ncl udeany®sYe f“éfﬂ"s PIFETNET ARPYBUTCh Bt [r5ehiladly REIEOHeResetapuics
negr aIh net wor K@jockhsus @H@dﬂphﬁ 1ﬂpu&ai in@f a h?ﬁdlﬁ}&tufoﬂ@gﬂr’:a sr@et n@fal abtvprt S
and that inproyges t Geurac its predictions_throu rocess
of iterative s 6‘) afdg IHg recg "8? e‘“ﬁ?té RaRPet yped B A ﬁfl‘ n&Photis
suitabl e for uﬁe,tm@rapmomr(asamm) .n;w&mtals ¢ield aﬁ@ﬂﬁeﬂfooﬂ&fhﬁ@h(b&fcﬁ 814).
10comercially avalql g ttcﬁ neur al vkgé rgg%(‘ be,

har dwar e or sof t wares B %Védmetgfst ?fgt“%? f 1“6%8“5%6‘5?“’&’ oY inseEing (e d
across mnul ta pl eaiphgpfocssaBsy defmmg al-‘lmgmmeofhddm fodds aagrrcarsnrﬁ)t td@responding to
representation,o rk 70 rda W t
o enod ment af R NPT ROk oRE Bl o PolDTGR BIebR0” B Wiyt
adaptive, iteratanpk. sﬂysmWffnmdemﬂ mediealhyamgms;ebesdaﬂﬁled a‘tphl's scag@mmrttﬁe
sets of outputg, 706, .15 Th?abhgl y an ude. t arget

metrics, ali gnmenetn m}d?s Tee rr%n 33 Var‘ﬁ% 1o 2SR Ty g@%ﬁ%‘ﬁ“ﬁ‘@? in

bl ocks 106 10308amd 710 O Bifurki7gue ehotsen TAerdanply. sheA@@gicamayabesmtellipehtiyde
vafer and fJ el dhegrdi 0 SRonSld\ilant DfiaBREALREd Overlay error

val ues may be correlate on the wafer. |nputs 702 may
i ncl ude ot her i nputls bleck BEp Hecelugoive the fhiddhenabbue dermites! uaing lat lotshar s.

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 exampie. In block 8§22, 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,



The network 700 generally conprises a nunber of hidden nodes 704,
such as nodes H1-H5. Hi dden nodes 704 may be understood as those

nodes in tg 48508k network 700 that are not inputs 703-@fsidtpubs
706 and that are connected only to inputs 702, outputs 706, or to

each other. Neural network 700 may contain nany nore | ayers and
hi dden nodes, but only one |ayer and five hidden nodes are shown for

25the sake of si Ml Glf Y@ 6] @ik cra;%&%om?ﬁg?ﬁasgc?gﬁ&dg %E}gﬂkd fked

to the inputs 702 through connectio den no
rel ated to thebleds B $10.382 ek Bldgdvedaneree tvilogssforrd pluralityeof desatnas oi cms

708 and 710 defjde 4 ﬁ@ntirfﬁég%'ﬂﬁqfﬁ:gtl B9 PELVSERILAE dIRYL S, 7%%&141% by

nodes 704 and out ationships may be characteriz
a conbi nati on &ser Qtﬁeﬂmtﬁ dadolvep ernatatiog srediniione @€ brdrley emers canparing the

30wei ght's. sFor,examni %m%‘%ﬂ:ﬁﬁﬁ%( ogﬂﬁeg Qe Ml GRE 5@&'&@} Qrrbt! Qg& ?eag_]ggtmg

(represented by the variable bel ow) to hidden nodes’
(represent ed biputshactygiki %%Iué“l"lFPﬂnt%P@m reagQuAbll accyents predictings Pitt ows:

H =S u (C -+pka %09 tproduces valed@N G Chd Q0 1a¢ Whor Wk C Bkl RliCrd & i gden

nodes 704 with the output variables 706 (represented by the variable
"Y' bel ow), cafrspe @@fﬁr%ﬁdé%tr%ln%@@eerKS - SBiqel 3R6 w@pjupap parietyhe

above defi ni tiQRAaf Qfas@ONOREchRQRs (PEn&RE Hel Qe @yenbWPa @D B Wose
5possibilities. Any conbi nati on of mathenatical "operations
par anet er SIO Cd@fl}t]pﬁqdeﬁﬁ{hgr in connection with Figures 2, 3A, 3B, 4 and 5. Block 206 may also

utilize mathematical models to generate approximations of overlay error.

In block 824, the externally obtained values for the overlay ervor are compared
with the ones generated by the neural network 832. At this stage, the overlay error
values generated in block 822 by the neural network 832 are likely to be highly

15 inaccurate, because they are based at least in part on weights randonily selected in
block 818. The accuracy of the generated values is evaluated in block 828, If the
evaluation results in an error that exceeds a certain threshold (or is not within a
predetermined specification), the weights will be adjusted in block 826 and the
training process will begin anew from block 820.

20 The nature of the adjustments made to the weights in block 826 may vary
greatly. Parameters other than or in addition to the weights may be adjusted. Weights
may be adjusted based on a variety of techniques, including back propagation. In one
application of this technique, the predicted output values (e.g., the values produced by
block 824) would be compared to the desired output values (e.g., the values produced

25 by block 806.) The weights by would be adjusted based at least in part on this
difference. The desired values for the hidden nodes may also be determined by
extrapolating such values from the values for the output and the optimal values for by.
The weights a;; may similarly be adjusted based at Ieast in part on the difference
between the desired values 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 adjustnients are tried (block 826.)
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hi dden nodes, inputs and outputs nay be used in connections 708 and
710. Note that in calculating the values for hidden nodes 704
from i nputgs 2030208 coefficient or weight all is used &b in
cal cul ating tlﬁ’e vafiues for the output fromthe hidden riig es d%jg-},d?he
coefficient or weight bll is used. The adjustnent of 10such
coefficients plays a role in the training of neural network 700. Such
training is d i esents
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Trained neural network 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 overiay 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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In block 824, the externally obtained values for the overlay error
are conpared wth the ones generated by the neural network 832. At

this stango?ﬂﬁ@g¥§flay error val ues generated in bIocEFgﬁéﬂBMwhgg y

neural netwo are likely to be highly 15i naccurat cause the
are based at least in part on weights randomy selected in bl ock 818.
The accuracy of the generated values is evaluated in block 828. I|f
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produced. These val ues for_the output are also tested (bl ock 824),
and if found upiEaLbIeTkS0P gy Figurp 8y Sel} dpst hbriebiined pyiRs@ripw bk ©826. )

15 equipment. A scanning electron microscope (SEM), for example, may be used to
measure overlay. Figure 10 provides a diagrammatic representation of an overlay
measurement system or metrology tool 1020 that uses imaging to collect data from a
wafer.

Imaging is a very developed technology with large user acceptance, and

20  components that ave readily available to the user. As is generally well known,
imaging is an effective way to collect a large amount of information at any one time.
That is, all points within the mark may be observed simultaneously. Furthermore,
imaging allows a user to see what is actvally being measured on the wafer. The
dimensions of various components are exaggerated to better illustrate this

25 embodiment.

The overlay measurement system 1020 may be used to determine various
parameters, including overlay error, systematic metrics, and noise metrics. The
overlay measurement 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

30 806 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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Through many iterations and adjustnents, the neural network 826
"l earns” how to inprove the accuracy of its predictions. Once the

neural netyghleRagscan predict overlay error with an ag ?gg E/ﬁ?él%g)

degree of accuracy, the training process will term nate
By the end of the training process, the neural network 5preferably
may predict overlay error values distributed across the entire wafer
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training process in Figuré 9. These netrics are inputted into the

neural net Wor kPradighyer teHowaf @p lihd fiel d coordinates (bl ock 912).

Neural network 920 [RpR! {IRgrat& Sl tﬁ@o&th‘ﬁ] abavay 'IO%J'in%ludés%lh td ng
in val ues 10for various hi dden nodes (bl oc 914). Weights bh are

applied to theSowErUE) ©er RETPIt HeAreRBdEEI0usheiBefnerRigS RICBHEBICET NS
of overlay err gfanfdl 9ekit9LB) 103TARNE Alied bAL 1OMS The light 1032 is made incident

on a first lens 1035, which focuses the light 1032 onto a fiber optic line 1036

15 configured to pass the light 1032 there through. When the light 1032 emerges from

fiber optic line 1036, it then passes through a second lens 1038, which is arranged to

image the end of the optical fiber 1036 to a suitable optical plane in the optical

systeni, such as the entrance pupil of the objective lens 1044, The light 1032 then

continues on its path until it reaches a beam splitter cube 1040, which is arranged to

20 direct the light onto a path 1042. The light 1032 continuing along path 1042 is made
incident on an objective lens 1044, which relays the light 1032 onto the wafer 1024,

The light 1032, which reflects off of the wafer 1024, is then collected by the

objective lens 1044. As should be appreciated, the reflected light 1032 that is

collected by the objective lens 1044 generally contains an image of a portion of the

25 wafer 1024, as for example, the image of the overlay target 1022. When the light 1032

leaves the objective 1044, it continues along path 1042 (upward in Fig. 14) until it

reaches the beam splitter 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

30 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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of blocks 914 and 916 involving all and 1311 may be assumed, for the
purposes of sinplicity, to mrror the cal cul ations already descri bed

wth respgﬁbz&@m%gggectlons 708 and 710 in Figure 7. A%%%ﬁhﬂ&mhﬁﬁﬁz

t he neural network 920 was adequately trained and the netric
inputted in blocks 906, 908 and 910 are reliable, by the end of the
prediction process 918, the neural network 920 should provide a
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into account the frgpe geahber pppe phavags @fseparaltq qonwgkeap iyshewdbe nofdgha ¢
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of inputs with outputs and causal connectli o at may
ot herwi se Be dfife fuagton qfoth‘scﬂ'@méc&rabber 10547t generadly rip regnysrtobe siende rojmn

Figure 8 and tfgneps REb Gld 9 ForRrRARSSy @0 Porhfhedri 834 €rn oVEM l?ﬁ:f‘:trology event
inplenented in software or hardwaré. The processes may

i ncor porat ed, Botviésdaitsl o fuagtong - d@'ﬁ‘i‘tc%qﬂ@ﬁ@ha@sm&'g%@ﬁbut]élimf’@rtﬂfgf‘l

measuring t ool acqﬁlgl‘ﬁblpﬁlﬂadfréi\ﬁet %?alﬁatar 10839hd QRGuRE m&%gger@mltﬁg waRR§hecONe
menory. 10As noted earlier, the training process 800 in Figure 8 and

predi ction prok¥é4e e thitarseyjindecuy a‘Fdrf\‘?cB’Pi}‘“éO“t thetarasprscleses a\?éPPfiStNFstOtﬂ}ﬁpes

of data ini0 thgehel i ficREsMREK (FOW & HALRLABY ©OIMPhi St Eﬁég% frame
quality nmetrics (block 906 in Figure 9) and process netrics (bl ock

910.) The dat aSHeRF 8RS REAY P%@mﬁ?ﬁ (&8P POHIERESASHT O MsRsuE P layy and
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various types %fthe X, Y and Z directions. As should be appreciated, the X&Y directions generally
correspond to the field of view (FOV) while the Z direction generally corresponds to

20 the focus. Once the frame grabber determines the correct position of the target, the
second of these two functions is implemented (e.g., image grab). During image grab,
the frame grabber 1054 makes a final grab or grabs so as to capture and store the
comrectly positioned target images, i.e., the images that are used to determine overlay
and target diagnostics,

25 After grabbing the images, information is extracted from the grabbed images
to determine the overlay error, Various algorithms may then be used to determine the
registration error between various layers of a semiconductor wafer. For example, a
frequency domain based approach, a space domain based approach, Fourier transform
algorithms, zero-crossing detection, correlation and cross-correlation algorithms and

30 others 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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15equi pnent. A scanning el ectron mcroscope (SEM, for exanple, may
be used to nmeasure overlay. Figure 10 provides a diagrammtic

repr esent g 9shologyn overlay measurement system or net&ggﬂgﬁm&@ggn
1020 that uses imaging to collect data froma wafer. Imaging Is a
very devel oped technology with |arge user acceptance, and 20
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first lens 1035 M%IC 4ocus§ e light 1032 onto a fiber optic |ine
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the entrance p%lsﬂlna c%h:s Ei}xf{ Cf&lk fl‘mc 1'11&% lécgﬂ%d ) 4Th11F§epa{tfcglgltl %121%%%5’%’%

conti nues on i reaches a be er ¢
which is arran@edﬂﬁlgczzé)ofmhhlretﬁpenh@cwlghte onto a path 1042. The light

1044, “aii ch 16 ays TREY PO 1033 e o R e p syl ARSE!! KEalsene
approach the centers of symmetry for each process layer is found separately by
3¢ caleunlating 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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The light 1032, which reflects off of the wafer 1024, is then

coll ected by the objective | ens 1044. As should be appreciated, the
refl ectedydahbodldsd2 that is collected by the objectiVvecheRSudbAd
generally contains an inage of a portion of the wafer 1024, as for
exanple, the inage of the overlay target 1022. Wen the |ight 1032
| eaves the objective 1044, it continues along path 1042 (upward in
FI g 14) untilcadahGPGRSnb:IRE Ao PhishdRlor GHO® kO Bordfiod BRI Ales
the objective {ens i pulates the col ected |g% In a nmanner
that is opti caftfoy corejasios dechriqyes| earor synimgaBveenEIues s4ch ap minimghgongs
mani pul at ed. Thatd Sirddee, qainﬁﬁ&atase JreRSshAddbelfs bRESS, tR&nbil Hlea
1032 and 30 directs the |i'ght 1032 towards the beam splitter cube
1040. The bean¥dpiques Bciugingeepoanssi @ete&ﬂ@lar?gécpe@l@ defeqtiopt tHere| fugHpdso
1032 onto g pa&)}ﬂarﬁQzﬁogr;{ﬂﬁmg agjahthﬁlg%l&%h'b@%aﬂf&@ea&%@ f50ME ob&mirthen
col l ected by a tube |l ens , h focuses the lig 1032 onto a
camera 1052 t hatchipg betaeen: tye qnﬁﬂg@“ﬁ?“aﬂ REtefparf AF “TOtMCd abryenBe analysis
particul arly tHgduRISdAbpbit@ed ﬁﬁ)gl?é utAQ&QWIﬂB}é%@MO% RNRRLiSus Jvhi®y
canera 1052 may be a charge couple device a two-di nensi ona
CCD, or |inear PeEDleafiadin hoPayats seses, the canera 1052 transforns

the recorded i mage rinpérngy, Méﬂl@@é notédORR iR abbl Glkbrah EndS®@Rriptish hb8of
conput er 1028. After recelvi ng the electrical signals, the conputer
I

1028 per f ol’ns ARG 4/Epigatige prfgh ﬂ&&"?‘i“ﬂrfﬁla%e’n%(fte‘&éﬁaéﬂfr‘: SmBodigdn PRy Plgr

error target, fmhd iFeSexahpllihg cbﬁf&ﬂ;ﬁat@dith@t&ﬁ&édeﬂ%n@d@ﬁl’éﬁent&d’c@tnﬁy Be any
neural network to predict, overl }(A/ error, he system 1020

further incl ud¥ WIPPRRSUEPkIAS %Sﬁla%lﬂ%?r %Y\fﬁ"ﬂ&rf‘"ia d dyrpatER

1(528f and the gtggeﬁi?cg%%@&ti @fhcgé@e@ thAABJRSnddr@anhd fiefavadtere 424 Byﬁwiﬁlfug h
the franme grabber is shown as a se conponent, it shou e
noted that theSfPRife CYFEEbBFAITBA™ vig)! By @erﬁd%ﬁedt fre ighp ftelsy Mg
and/ or parts of nﬁchﬁcdb@ﬂﬁﬁrﬁﬂéﬁ@ﬁ&agﬂ@ ni[&lﬁscf)pm@hll Gy afnagihe nﬁlliramsp)g rghdaer
1054 is generall o _convert t nal s from canerae}é nto a form
Usabl e by the CEIE BIORRES: PRRGZIEr P e thBEEY: Ve vitehd
into two funct m(mscopyt ar ig also aGdihSitéd @A sk dntagiply iﬂhge E)dmbdmgniyatreget

acquisition, the. f rabber. 1054, and ¢ ter . rate
a wafer stage 'of &

f T B8 L RRnE e P P iy BlGE et o BRE T e
target as cl osﬁsglagramamablbgﬁbtsﬁngte@ab]@haemte@tobeﬁnutrbﬁ:olﬁy @lPanahd damw
e et e e
and the stage mmmcmllye Bafery detwneeh, tlhgsangnmb@mmﬁagie mehlmdt amegelie is
correctly posi Q
appreci ated, t ea&i al ?’ }ee% I#lf)g%‘*sA agnﬁ:g?é gy %%LF r‘gagf%?%% tl\f?nt1 1eg1?% elf tifal
vi ew (FOV) whi hlethbchaesuzh aN 8oamftrmmtrygmﬂnelveed0hlympkat6dm pehdsndnepgenl triagods
focus. Once th r e hn orf ec ILti e
target, the se%o{rlldgg%%a@%?mg F I g\?ilg}opcgpém\g{?n%ﬁﬁgg&z es?}g?s?gﬁs‘gr?gge
grab). Duri#ng irswmgeengr aibh asuhlé\{mtam praibieroscbf&4r prkipsieterst | nal grab
or grabs so as to t t
“mgee, i e the (et Bhtheoh b pERIIHCbE BRI I ARt A U
t arget di agnospiegst u9Smione it gmzammphg eigeon mafe lemoriésopiraeinory imgdules
extracted fro b ﬁ [

Vari ous al gor%ﬁgf}rgn%?/@ 'ltg ﬁ% gfﬁgger%}gt g‘ﬁ%gtgf)?ﬁ El&nEeh Réf uﬁ%%ré} lls%ﬂon
error between Eritions dndiperthe dfwean@emcamn‘emcﬂ@mmdf é?lelnForThéanBTaél a
frequency Q@Wain@a&a&%%@p%%pme RerdRACE AOSREAP IR ARRE QAERr more
Fourier transformalgorithns, zero-crossing detection, correlation
and cross- cor r efrleatiens, énrgwmlﬁ TENCARRINCBORI (NEREicH IRy Bléo besesafigured to store

Al gori thms pr opasedod @fyededvenidy é'PrdngalQé’se Fdr@Y aRBhsi AhBEks HbnQShdufes,
metrics, such as asymmetry, via the marks described herein (e.qg.

marks t hat conPf&ihﬁte%éYeff‘éﬂP@fé’tﬂP%@%% glgied gntic germad Haipipe pla A BRbvOTknt o
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referred to as frequency donai n based approaches, typically involves
creating one dinensional signals by collapsing each of the working
zones by sygmiogopixel s along the lines of the periodi gcgikiasbii®r
Exanpl es of phase retrieval algorithms that nay be used are described
in US. Patent No. 6,023,338 issued 8 February 2000, U. S. Patent 5
No. 6,462,818 issued 8 Cctober 2002, and U.S. Patent No. 6,486, 954

oued, on 20 NREINER008r prcp kAR O FORALEY Bl

7 March 2006. sF#emphase retrieval algorithmdisclosed therein
deconposes si gnal s AjRb2n & %&feocﬁﬁ ah EIPM;% fdedcHBe ARG &
frequency Quantitativ 16 conp I?sgn a'gﬁ% gfeﬁi afﬁ%n%%g@
anpl i t udes andPUpIvases clpiilyof Eféiel‘sﬁ'p@ﬁ& &ntill bofnprreat thay peroribenrass g

signal s' sxmﬁ&a{ﬁ@n&ﬁ%% mku&@oﬁﬁmm swbe%@{hte 'aﬁjéh&ﬁ’clahﬁke qma@&?e
di fference between t i gher harnoni cs of the sane

signal (calibrtt @facrwe@ ﬁlﬂ?mwrmaﬁhmlqi bw@ym Hugtreandmeregdgiveandfhet he
si gnal asymet Mmeo&iah&rbe@l%a 10%\4 deDS il Oh IRMGNR SRS ki A TE from
t he optical msalignnment and | um nation asynmetry in the

net r ol ogy tooI$%F@6WmEﬁHW@éﬁd§ﬁVﬁF§¥Wmé§a%@WPn§s process i nduced
structural features (wafer induced shifts) Conparing this

m sregi stration between the phases of the 1st and the 2nd harnonics
for the signals acquired fromdifferent parts of the field of view on
the sane process | ayer may provide independent information about
optical aberrations of the netrology tool. Finally, conparing these
m sregi strations from neasurenents at a given orientation with those
obtained after rotating the wafer 180 degrees all ows separation of

t he tool induced and wafer induced shifts due to asynmetry. Yet
anot her phase retrieval algorithmthat may be used is Wavel et

anal ysis. Wavel et analysis is sonewhat simlar to that described in

t he section above, however, 25 now a dynami c wi ndow i s noved across

t he one di nensional signal and the phase estimation is carried out in
a nore localized way. This is particularly of interest with use in
the case of a chirped periodic structure. Anot her group nay
relate to intensity correl ati on based nethods. In this approach the
centers of symmetry for each process layer is found separately by 30
cal cul ating the cross covariance of one signal with the reversed
signal fromthe opposite part of the mark, fromthe sane process

| ayer. This technique is simlar to techniques used today with
regards to box in box targets. The above techni ques are brought
by way of exanple and have been tested and denonstrated good
performance. Ot her alternative algorithm c nmethods for cal culation
of overlay include other variations of auto & cross correl ation
techni ques, error correlation techniques, error mnimzation

techni ques, such as mnimzation of absolute difference, mnimzation
of the square of the difference, threshold based techni ques incl uding
zero cross detection, and peak detection. There are al so



5 dynam ¢ progranm ng al gorithns which can be used for searching for
the optimal matchi ng between two one-di nensional patterns. As
nment i oned above, the analysis algorithnms and approaches may be
utilized with respect to all of the various overlay marks descri bed
in the previous section. Inportantly, it should be noted that the
above di agram and description thereof tois not a limtation and that
the overlay image system nmay be entﬁg'ﬁg in many other fornms. For
exanple, it is contenplated that t H % ﬁlay measur enent tool may be
any of a nunber of suitable and known imagi ng or netrol ogy tools

arranged for resolving the critical aspects of gverlay marks forned
on t helsur f Acectbed efipsedigtingra pleplityenf pefameles yplues digivibyted gverah kast amertion

tooI_ngyaggﬁgqgg&g@oégﬁPgéﬁ t field imaging 15 m croscopy, darkfield

i magi ng m croscopy, ‘i magi ng m croscopy, phase contrast
m cr oscopy, pyeldirg Zpltiatity afdnbwaphrametr osloepycasard foaheplardity of tofgets at

nicrosc%%ﬁ_ It 1s al oigonte Iatgd.that single and nultiple imge

met hod&P4 I s eEEny ‘Reahieps et YéaPture images of the target. These

met hods i ncirkigihg afrﬁﬁraﬂ?ii@d%’@{l@usixst 8 hRagh @b knslPdr@mBre ARl is6 e tHetAkhed
6

coherence probe m croscopy (CPM and double 20 grab CPM net hods.
These pgpalesForkyseanfgured ippiglist nelumlitppforedigiad Pyrametar yalpgssuch that a
comer ¢i : i ; |t i :
oy e B AR SR S04SRl Rt g LR
Non- i magiwithiop piedafinaieinivo deictisuicfthasor8spotdmgpmedsnsed, krsyvnygrameter values;
contenpl ated,. as well ,as non-optical hods..such as SEM, ( Scapni .
i ect ron M E3iBE B aired RRrACTF ot € Arealy DR acciae AL P e AL Bog gy
as AFMof Rt&ains disaituedMcfiso8iaene) poitioR boOThe et aids. Regar dl ess of
the system s confjguration for practicing techniques_of the present

i nvention, Agtemypingyhether Bisevaier Daged oD PIsed op hepasdistyd ppmpteivalues
configPﬁggmgq“§£9&%nggﬁanﬂghggﬁﬁn1instructions for the

gener al - purpose I nspection operations and/or the inventive techniques
descri bed herein. The program 30 instructions nmay control the

oper ati,on of, an, oper at.i system and/ on r,_nore applicati,Q f.or
exampl & Thé TERET S Srieddngimnd Wi nthe PdeRd pigilats Bt gplibuted
I mages absd tae gairs walror haysserfiedd ok wager. t arget di agnostic netrics

and other netrics, predicted overlay error values, data related to
the use and training of a neural network, as well as values for

particyl ar apgL@bd AOrBadRRLGhS, RhelbiiGhd MIBREH pRRNRIer TRILEO RSP ise a
system Al though the foregoing I nvention has been described i'n sone

det ai | phuglitpof pesles enbr wileasior gpritefal dindbsgisn amdésng, it will be apparent
that certain changes and 5 nodifications nay be practiced wthin the
scope of the appended cl ainms. Therefore, the described enbodi nments
shoul d4be t ak@ethad ad letivslt it @taind @, @heleiatainif® the nehirial estweukchnt eing the trained

invention should not be limted to the details.given herein but
shoul d "BE2REEVHEINGYes RPUiyg %%aﬁgme |tao{8%ﬂ%%m?agéqaﬁt 9O 3@6@&@8 gf the

equi vakgidrSnto the neural network and the trained neural network.

5. A method as recited in claim 1, wherein training the neural network and using the trained
neural network includes inputting at least one noise metric that quantifies a background
characteristic of the at least one target of the wafer, at least one systematic metric of the at least
one target of the wafer, an alignment metric from a photolithography tool into the neural network
and the trained neural network, and at least one process metric that characterizes a property of

the wafer into the neural network and the trained neural network.

21



CLAIMS 1. A method of predicting a plurality of paraneter val ues
distributed over at |least a portion of a wafer, the nethod

conpri si ng: providing a plurality of known paraneter val ues
measured froma plurality of targets at specific nmeasurenent
| ocations on the wafer; training a neural network using the

measur ed, known paraneter values so that the trained neural network
is configured to predict a plurality of predicted paraneter val ues
such that a subset of the predicted paranmeter values which correspond
t 0 t hegspecAhidhdmarsipiieent | ocations are within a predefined error
function of the correspondi ng neasured, known paraneter val ues;,

usi ng the tREVHES adwRRlY AEpgse Rarerelst vaiestmeaswed frapy o valgr orabigipgddrom
val ues al, i f cations distributed across at |east a
portio%g%?&$ﬁggka g#?%ﬁﬁﬁ;a<9 determ ni ng whet her the wafer passes
or fails baséd omaibtdieneprad detstoddmpdel aorptedict ¥ plunaiy pihedineve dalbynetcheaiues
traineg qgurg} network. 2. A nethod as recited in claiml, wherein
the preFEPRHe P RRRFAMeFVYUS are distributed across the entire
wafer or across a field of the wafer. 3. A nethod as recited in

claiml, wherein the predicted paraneter values conprise a plurality
of ovefl ay Brpghodasirerated b claim ¢, veherein ppag a tighed apwalnetwork medghs hod as

recit eger%d?mséi HitdrustBes E%Hel?ﬁe‘?ﬂe_’ﬂhﬂﬂ)lﬁﬁ%%ra@ﬁ? ERl el MRS daslaig B dnt he

trai ned neural network includes i'nputting at |east one target netric
of at bmastpropatyoff atphetdlighogeply ofolt he wafer into the neural network
and the trained neural network. 5. A nethod as recited in claim1l,
wherein training the neural network and using the trai ned neural

net wor g, i nchugRisod Rpeditel Mgclaim b eslsdreinfie: dpdic S ropityiitclideat 1aw abdridtior S
a background, characteristic of the at |east one target of the wafer,
at | eaStIEHEISEGst eratic netric of the at | east one target of the

waf er, an alignnent netric froma photolithography tool into the
neural network and the trained neural network, and at |east one
proces$. net Aheppduats foh aredistiog p pbsaliy pf ppemetgr viluasidestiplnfiest ovieneideashea
neur al Q%Bngg“%ﬂgtﬁgg t&l%Q%ng%Hral net wor K. 6. A net hod
conprig?ng: ’proﬁwalng a 6fur§1ity of known paraneter val ues
measur ed fr e d vt erocessopt ai ned froma process for formng a wafer;
and

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;

training a neural network using the measured, known parameter values so that the
trained neural network is configured to predict a plurality of predicted parameter values
such that a subset of the predicted parameter values which correspond to the specific
measurement locations are within a predefined error function of the corresponding
measured, known parameter values;

using the trained neural network to predict the predicted parameter values at the
plurality of locations distributed across at least a portion of the wafer; and

determining whether the wafer passes or fails based on the predicted parameter

values predicted by the trained neural network.
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using a trained neural network nodel to predict a plurality of
unknown paraneter val ues based on the known paranmeter values. 7. A
nmethod as recited in claim®6, wherein using a trained neural network
nodel is perfornmed without use of a nodel of the photolithography
tool and w thout depending on an optical property of a

photolithography tool. 8. A nethod as recited in cIaint? mherein
e aooar o ub8! oS HO%Gh P PS5 AL PR R AP Rh s

di stribut eddt@t\tﬂﬁteafacﬂoeﬁﬂié eﬁerGxFalfdr@E‘l a@bssan ﬁm ef the tmheerappar at us
conprising: one Or nobre processors; one or nore nenory, wherein at
| east one of the processors and nenory are configured for:

provi ding ajpl ur gl ibyargfis t@ﬂ@&&dﬁetefm%hét@mﬁépreaeéatﬁqmefe?%taes
plurality of targets at specific nmeasurenment |ocations on the wafer;

trai ni ng a emupriske apdirality lof avérkay ethevatesssy catsal Knosmioparhinet er val ues
so that the trained neural network is configured to predict a
plurality of predicted paraneter val ues such that a subset of the
predi ct ed paz.anehskhppyRituess retitedhin elaini @ Sphdteintt@idifeths pewil Aework and using
measur enment | ocati ons Fre W, thin a predeflped error functi n of the

cor r espondi Hj e GFEal okvekrn udea it lina pqgeione target mahds plept {gt one of

trained neumeltarget WPIhK wiaPerRhB hLheutd) GetMoRinkt 86 nRREARREAmeMAIes at
the plurality of locations distributed across at |east a portion of

t he wafer; and determ ni ng whet her the wafer passes or fails

based on t h??) pr egh %})}?a(;atgg LAt in %ﬁkn"i‘ @,S wH&Sﬂi tlcatinqﬁlg Rl% n%tﬁ%l ﬁe%jn&edgd using

neural network.
the frained neural network includes inputting at least one noise metric that quantifies a

background characteristic of the at least one target of the wafer, at least one systematic
metric of the at least one target of the wafer, an alignment metric from a photolithography
tool into the neural network and the trained neural network, and at least one process
metric that characterizes a property of the wafer into the neural network and the trained

neural network.

14.  An apparatus comprising:
OnE OF MOIe 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 wafer or
obtained from a process for forming a wafer; and
using a trained neural network model to predict a plurality of unknown

parameter values based on the known parameter values.
15,  An apparatus as recited in claim 14, wherein using a trained neural network model

is performed without use of a model of the photolithography tool and without depending

on an optical property of a photolithography tool.
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10. An apparatus as recited in claim9, wherein the predicted
paranmeter values are distributed across the entire wafer or across a
field of the wafer. 11. An apparatus as recited in claim9, wherein
the predicted paraneter values conprise a plurality of overlay en-or
values or critical dinmension values. 12. An apparatus as recited in
claim9, wherein training the neural network and using the trained

neur al net k ipncludes inputthng.at . i

| east one of "t he 't &P fjre%lsS Bt ectltﬁ%m\cij\%?iglrLﬁﬁttﬁ%reﬁ:@e%E{ﬁ%ﬁroﬁglﬁ\gﬁéﬁéﬁgﬁp he
trai ned neuwbalrativetoharakteristic3. An apparatus as recited in claim?9,
wherein training the neural network and using the trai ned neural
network includes inputting at | east one noise netric that quantifies
a backgroung chagagtafdasldsGe@ied t8aidt 14, 8AREciOME KhéwH Bhrafbtel haudRhET |
at |east one systematic netric of the at |east one target of the

waf er, an attitajnedelem geredess for mningghweier.i t hogr aphy tool into the
neural network and the trained neural network, and at |east one
process netric that characterizes a property of the wafer into the
neural netw®.k aftlapfaeatis Birewe@dd hecivial 17 ethemikthe khdwn parampearvatiess

conprising: one or nore prQgessors, __one or r r wher ei n
at | east on®@"HSERRE ?frrﬂ%rgé’ga]ﬁsfggﬁﬁmﬁgﬁlﬂ?iz Pa%téxeﬁﬁ%? g@gg))&%%’pei ature,
provi di ng apmb Ukl bdeddnPintkRAWAIVBRbANRL(BARG) tHieRn R AsHl Gfndnlt AMcadosaf er
or obtained froma process for formng a wafer; and using a

trai ned neufogds, pesoan fiketiivderluepirpmadihetolithography kol forderning A siafe:-
paranet er val ues based on the known paraneter values. 15. An

apparatus as recited in claim14, wherein using a trained neural
net wor k nodgl. i sApepfacatued redited dutlains &4, ofheseimtadinowh philameter values

phot ol i t hogr.aphy tool and hout, dependi ng on an optical property of
a photolithﬁﬁgﬁ%ﬁ§e?88W?ﬂygﬁ YA apparatus as recited in claim 14,
wherein the optical property includes a | ens aberration
characteristic. 17. An apparatus as recited in _claim14, wherein the
known paramd-er 4@pRRasatesas retediimelding | Hivhergin fedaewn prrapsienivalgesa

waf er . comprise one or more of the following: overlay, critical dimension, side wall angle,

photoresist thickness, or wafer flatness values.

21.  An apparatus as recited in claim 19, wherein the unknown parameter values

comprise overlay or critical dimension values.

22. A method as recited in claim 6, wherein the known parameter values are obtained

from a process for forming a wafer.

23. A method as recited in claim 22, wherein the known parameter values comprise
one or more of the following values: post exposure bake (PEB) temperature, PEB time,
bottom anti-reflective coating (BARC) thickness, development time, dose, focus, or scan

direction values from a photolithography tool for forming a wafer.

24. A method as recited in claim 6, wherein the known parameter values characterize

a property of the wafer.
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18. An apparatus as recited in claim17, wherein the known paraneter
val ues conprise one or nore of the foll ow ng val ues: post exposure
bake (PEB) tenperature, PEB tinme, bottomanti-reflective coating
(BARC) thickness, devel opnent tinme, dose, focus, or scan direction
val ues froma photolithography tool for formng a wafer. 19. An
apparatus as recited in claim 14, wherein the known paraneter val ues
characterize a property of the wafer. 20. An apparatus as recited in
claim19, wherein the known paraneter val ues conprise one or nore of
the fol |l ow2y: oAeidilsod ascedited dadlaich 2k ndicoein the ikdewinahhmategldues comprise

phot or esi st t hi cknes r.wafer flatness values. 21. An ratus as
Peci ted in SIGHROTS oL (CTIAMNERECHK AU ﬁl&?ﬁ‘aﬁlawfwlﬁ%?% Bhpipregit
overlay or gidkhiead: wreEnshRovaladsues. 22. A nethod as recited in

claim6, wherein the known paraneter values are obtained froma
process for formng a wafer. 23. A nethod as recited in claim 22,

wherei n the,kno er [ .
ol | ow ng A uos "R & rEiec B & Rk e JRadti FRESeil B comorise
bot t om ant i eveelal ectiitival dioehsiogv4{IBARC) t hi ckness, devel opnent ti ne,
dose, focus, or scan direction values froma photolithography tool
for formng a wafer. 24. A nethod as recited in claim®6, wherein the
known paraneter values characterize a property of the wafer. 25. A
met hod as recited in claim?24, wherein the known paraneter val ues
conprise one or nore of the follow ng: overlay, critical dinension,
side wall angle, photoresist thickness, or wafer fl atness val ues.

26. A nmethod as recited in claim®6, wherein the unknown paraneter

val ues conprise overlay or critical dinmension val ues.
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