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DEFECT CLASSIFICATION AND SOURCE ANALYSIS FOR SEMICONDUCTOR
EQUIPMENT

INCORPORATED BY REFERENCE

{0081} A POT Request Form iy filed concurrently with this specification as part of the
present apphication. Each application that the present application claims benefit of or priority
to as identified in the concurrently filed PCT Request Form is incorporated by reference hergin

in its enfirety and for all purposes.

BACKGROUND
{08821  Particles and metal contamination on process wafers are a leading cause of product
fatlure. Driven by ever stualler technology nodes, semiconducior device fabrication sysigms
constantly advance. New process syslems requirg pew hardware componenis, increasmply
complex assemblies, new mamdfactiwing methods, and a close control on cleaning and handling
techniques. The introduction of new parts can he a major sowrce of patticles on wafers. In
addition, changes in existing process conditions can resalt in particle peneration. Particles
mtroduce device defocts, which decrease vield and require analysis and resources that might

be belter used elsewhere,

0003} Background and contexiual descriptions comtained herein are provided solely for
the purpose of generally presenting the context of the disclosure. Much of this disclosure
presents work of the mventors, and simply because sach work s deseribed in the backpround
section or presented as context elsewhere herein does not mean that it is admitted to be prior
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SUMMARY
{0004} Disclosed herein are methods and systems of defect classification asing machine
learning, deep learning, andfor other computational techniqugs for analvzing defect
conpposiiion, motphology, waler patierst maps, e, and, optionally, combining the resulting
analysis with prior knowledge of defect distribution at the chamber andior fleat fevel as well
g5 other information such as component manufacturing data, part composition data, material
snd manutbcturing information, and other tool or platform level data. By combining the
different inpuots and analyzing the prior distributions, a refined, accurate posterior distribution
can be predicted. The analysis may be conducted in multiple levels or stages. After each

analysiz level, the defect classification accursey can be significantly increased.

{00653} {n one aspect of the embodiments herein, a defect analysis computational system is
provided, which system may be characterized by the following featurss: {a) one or morg
processors; and (b program mstructions for executing on the one or more processors, the
program instructions including: one or move first stage defect classification engines configured
o receive metrology data goquired for defects on a substrate comprising electronic devices or
partially fabricated electronic devices, and produce a first stage defect classification from the
metrology data; and a second stage defect classification engine configured to: receive the first
stage defect classification produced by the one or more fivst stage defect classification engines,
receive manufacturing information, determine, using the first stage defect classification and the
manufactarmg information, one or more sources of the defects on the substiste | and output a
likelihood of the defects being caused by a fivst source associated with the mannfacturing
equipment anddor fabrication process. In certain embodiments, the metrology data includes an
image, composition data, andior a waler map.  In certain embodunents, the manufacturing
information inchudes data about () manufacturing equipament that conducts a fabrication
process on the substrate and produces the defects on the substeate, (1) the fabrication process,
{131} one or more materials on the sebstrate, anddor (v} prior defect classification for the

manufactoring equipment, one o more materials on the substrate, andfor fabrication process.

{0066} I various implementations, the metrology data inclades the mage, composition
datn, andior the waler map. In some such cases the metrology data also includes metadata

pertatning 0 an mspection tool used in obtaining the metrology data.

Pt
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{00071 In certain embodiments, the first stage defect classification includes a morphology,
compostiion, or waler map classification for the defects on the substrate. To some cases the fimst

stags defect classification engine includes one or more neural networks.

{0008} Examyples of the masulscturing equipment include a dry etch veactor, a chemical
vapor deposition reactor, an atomic laver deposition reactor, a physical vapor deposition

reactor, or an slectroplating reactor,

{0089} In various embodiments, the second stage defect classification engine is
additionally configured 1o further classify the defects on the substrate andfor provide sugpested
gorrective actions 1o reduce generation of defects on the sabstrate andivr reduce ooourrences
of defects on substrales processed in the ftere. In finther implementations, the second stage
defect classilication engine is configured 1o use Bayesian analysis to determine the one or more

sources of defects on the subsieate,

{0016} in some embodiments, the melrology data was obtained & sie during the
fabrication provess. In cettan embodiments, the first stape defect classification engines arg
configured to receive sensor data including envirowmental conditions of the fabrication
process, changes in the mass of the subistrate during the fabrication process, mechanical forces
experienced during the fabrication process, or combinations thereot, and the second siage
defect classification engine detevmines the one or more sources of defects on the substrate using

sensor data.

{0011} in another aspect of the embodiments herein, a computational method of analyzing
deficts is provided, the method nchuding: receiving metrology data acquired for defects on g
substrate incloding electronic devices or partially fabricated electromie devices, wherein the
metrology data inclodes an image, composition data, andfor a wafer map; producing a first
stage defert classification from the metrology datr; recelving manulacturing information
including data about (1} manufacturing equipment that copducts o fabrication process on the
substrate and prodaces the defects on the sobsirate, {11} the fabrication process, {11} one grmore
miterials on the substrate, andior (v} prior defect classification for the manufacturing
equipment andior fabrication process, detenuining, using the first stage defect classification
and the manufachring information, one or more Hkely sources of the defects on the subsirate,
annd outputting a likehhood of the defects being caused by a first sowee associated with the

manufacturing equipment, one or more materials on the subsirate, andfor fabrication process,
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{00121 In various implementations, the metrology data would include the tmags,
composition data, andfor the wafer map. In some such cases the metrology data also ncludes

metadaia perlaining {0 an inspection tool used i obtaining the metrology data.

{0813} n certamn embodiments, the first stage defect classilication includes a morphology,
composttion, or water map classification for the defects on the substrate. In some cases obe or

more newral networks produce the fivst stage defect classification from the metroloygy data.

o~
4

{0014} In some embodiments, the manufiicturing equipwent s a dry etch reactor, a
chennical vapor deposition reactor, an atomig layer deposition reactor, a physical vapor

deposition reactor, or an electroplating reacko.

I RY In variogs embodiments, the method further includes, using the first stage defect
classification and the manufactoring information, fonther classifying the defect on the sobstrate
and/or providing sageested corrective actions o reduce generation of defects ou the substrate

and/or reduce occurrences of defects on substrates processed in the futurs.

{0016}  In various implementations, determining one or more likely sources of the defects

on the substrate includes performing s Bayestan analysis.

{0017} In certain embodiments, the metrology data was obtained in sin dwring the
fabrication process. In some embodiments, the method further includes receiving sensor data
inchuding envirowmental conditions of the fabrication process, changes in the muss of the
subsirate during the fabrication process, mechanical forces experienced during the fabrication
process, or cowbinations thereof, and deternuining the oue o more hkely sources of the defects

on the substrate includes nsing the sensor data

{0018} In another aspect of the ewbodiments hereln, g computer program product for
analyzing defects 1 provided, the product incladimg a computer readable mediam onwhich is
provided computer executable instractions for: secenving metrology data scquired for defects
on a substrate nchuding clectronic devices or partially fabricated electronie devices, whergin
the metrolopy data includes an image, composition data, andf/or a wafer map; produsing a first
stage ‘defect classification fomy the metclogy data; receiving manufacturing information
inchuding data sbout Q) manefactuning equapment that conducts o fabrication process on the
subsirate and produces the defects on the substrate, (i1} the fabrication process, {11f) one or more

materials on the substrate, andior () prior defect classification for the manufacturing
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equipment and/or fabrication process, determining, using the fivst stage defect classification
and the manufactaring information, one or move hikely soarces of the defects on the substrate,
and outputting 3 likelihood of the defects heing cansed by a first sowrce associated with the

muanufactoring equipment;, ong or nore materialy on the sebstrate, andfor fabrication process.

{0019} In various implementations, the metrology data woudd inclade the image,
conpposition data, andfor the wafer map. Iy some such cases the metrology data also includes

metadata pertaining to gn inspection tool used w obtaining the metrology data.

j00261 In certain embodiments, the first stage defect classification includes a morphology,
composition, ot wafer map classification {or the defects on the substrate. In some cases the
instractions for producing the first stage defect classification from the metrology data includes

mstructions for processing the metrology data on one or more neural netwoerks.

{021} In some embodiments, the manofactuning equipment is a dry etch reacior, a
chamical vapor deposition reactor, an atomic layer deposition resctor, a physical vapor

deposition reactor, or an slectroplating reactor.

{00224 I vavious embodiments, the computer executable nstroctions for determining the
one o more lkely sources of the defects on the substrate includes computer executable
tmstructions for further classitving, bevond the first stage defect classification, the defects on
the substrate. In some implementations the compaier executable instructions provide suggested

corrective actions to reduce generation of defects on the substrate and/or reduce occurrences

of defects on substvates processed n the future.

{90234 in certain embodiments the one or more likely sources of the defects on the substrate

comprise computer executable instructions for conducting a Bayesian analysis.

{0024} i some embodiments the metrology data was obtained i xirw during the fabrication
process. fnosome implementations the compuiter executable instructions for producing the first
stage defect classification include compuier executable instructions for receiving sensor data
of envirommental conditions of the fabrication process, changes i the mass of the substrate
during the fabrication process, mechanical forces experienced during the fabrication process,
ot combinations thereof, and computer executable mstructions for determining the one or more

likety sources of the defects on the substrate inchude instructions for using the sensor data.
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[0025] In various. embodiments the computer executalde instractions. fnclude further
inchude nstructions for using the lLikelibood of the defects bemng coused by o fust sowree
associated with the manufacturing equipment andfor fabrication procgss to gensraie 3 digital

twin of the manafactaring equpment andfor fabrication process.

j002s6] These and other features of the disclosed embodiments will be deseribed i detail

helow with reference o the assocwated drawings.
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BRIEF DESCRIPTION OF THE DRAWINGS

{08271 Figures 1A and 1B present example architectures of a defect analysis system.

{0028]  Figure 2 presents a flow diggram of an operation of a processor for one example

embodiment,

{0029} Figure 3 presenis ¢ block diagram for one example embodiment.
{0036} Figure 4 presents a block diagram for a second example smbodiment.
{0031} Figure 5 prosanis examples of defects and defect sources.

{0032} Figure 6 presenis an sxample of defects caused by a waler chip represented on a

wafer map.
{08334 Figure 7A and Figure 7B present examples of classifying a defect using image data.

{0034} Figure 8 presents an example compuaier system that may be emploved to tmplement

certain embodiments described herein.
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DETAILED DESCRIPTION
TERMINQLOGY

{00338]  The following terms are used throughout the instant specification:

hE IS

{0036]  The e “semiconductor wafer” “wafer,” “substrate,” “wafer substrate™ and
“partially fabricaied integrated circult” may be used interchangeably. Those of ordinary shill
in the art understand that the tenn “partally fabnicated integrated civcuwit”™ can rafer o a
sennconductor waler doring any of many stages of inteprated cirowit fabrication thereon. A
witler or substrate used it the semiconductor device industty typreally has a diameter of 200
mmy, or 300w, or 430 . Thas detmled description assumes the embodiments are
implemented on a wafer. However, the disclosure 13 not so limited. The work piece may be
of various shapes, sizes, and matenials. Besides semiconductior wafers, other work pleces that
may iake sdvantage of the disclosed embodimenis include various anticles such as printed

cirepit boards, magnetic recording media, magnelic recording sensors, murors, optical

elements, micro-mechanical devices and the like.

00371 A “semiconductor device fabnication operation” as used herein 18 an operation
performed during fabrication of senuconductor devices. Typically, the overall fabrication
process includes multiple senviconductor device fabrication operations, each performed in its
own senpconductor fabrication tool such as a plasma reactor, an electroplating cell, a chemical
mechanical planarization tool, 3 wetetch tool, and the ke, Catepories of semiconductor device
fabrication operations include subtractive processes, such as etch processes and plangrization
processes, and matenal additive processes, such as deposition processes {e.g., physical vapor
deposition, chemical vapor deposition, alomie layver deposition, electrochenuical deposition,
glectroless deposition).  In the comtext of eich provesses, a substrate etch process meludes
processes that etch a mask fayer or, more penerally, processes that etch any {aver of material
previously deposited on andéor otherwise residing on a substrate sarface. Such etch process

way ool o stack of lavers D the subsivate.

{0038} “Manulacturing equipment” or “fabrication tool” refers 1o equipment in which g
manusfacturing process fakes place that may produce defects in g semiconducior subsirgle or
other workpiece. Manufacturing equipment ofien has a processing chamber i which the

workpiece resides during processing. Typically, when i wse, manufucturing equipment

perform one or more semiconductor device fabrication operations. Examples of manufaciuring
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equipment for semiconductor device [abrication include deposition reactors such as
slectroplating cells, physical vapor deposition reactors, chemical vapor deposition reactors, and
atoamic faver deposition reactors, and subtractive process reactors such as dry etch reaciors (...

chemical andéor physical elcl reactors), wet eteh reactons, and ashers.

{0039} “Defects™ as described herein are deviations from the proper functionmg of a
process, layver or product. The defects may be randow or systematic.  Process defects arve
deviations from the expected process that can cause malfunctioning of a fabricated device or
product. An example of a provess defect is scumming, where residue from a photoresist
remains on the wafer afler strippiog. Another example 1s unwanted bridging, possibly resnlting
ina shortcivent, between elements in g device, Particle defects may be classified by properties
such as composition, shape {or marpholopy) size, and location on a waler  Delects on
sesuconductor subsirates may origingte from one or more sources, often in a subsirais
processing chamber. Processing chamber components such as showerheads, chamber walls,
seals, and windows may shed matenals m the form of panticles, which may produce wafer
defects.  Additionally, some {brication processes such as eiching processes may rasult m
redeposition or residue left on the substrate, thereby cansing defects. Farthermore, defects may
result from movement of materials onthe substeate, such as reflow ol materials during g thermal
process, or unintended deposition of particles on the boitom or sides of a wafer that Iatet move

and are re-deposited on the top of the wafer.

{0840} A Tmetrology data”™ as used herein refers to data produced, at least in pan, by
measuring features of 8 processed substrate or reaction chamber 1 which the substrate i
processed. The measurement may be made while or after performing the senuiconductor device
{abrication operation in a reaction chamber. In certain smbodiments, metrology data is
produced by a metrology system performing nucroscopy {e.g., scanming slectron microscopy
{(SEM), transmission electron microscopy {TEM, scanning transmission electron microscopy
{STEM), rellection electron microscopy (REM), atomic force microscopy (AFMY) or optical
matrology on the etched substiate. When using optical metrology, & metrology system may
oblain information about defect location, shape, and/or sive by calaudating them Fom measured
optical mevrnlogy sipnals.  In certain ewbodiments, the wetrology data 15 produced by
performing reflectometry, dome scatierometry, angle-resolved scatterometry, small-angle X-
ray scatterometry andéor ellipsometry on a processed substrate.  In some embodiments, the

metrology data mcludes spectroscopy data from, e.g., enevgy dispersive Xevay spectroscopy

w
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(EDX). When using spectroscopy, a metrology sysiem may oblain information about defect
conposition. Other examples of metrology data inclade sensor data such as temperature,
envirommental conditions within the chamber, change i the mass of the substrate or reacton

components, mechamcal forces, and the like.

[0041} In some embodiments, the metrology data mcludes “metadata™ pertaining o a
metrology systen or conditions wsed in obtmning the metrology data. Metadata may be viewed
g5 a set of labels that describe andior chargcterizes the data. A non-exclusive Hst of metadata

attributes inchudes:

Process Tools design and operation information such as platform information, robot

arm design, tool matertal details, part infornation, process recipe information, gle.

Inage capture details such as confrast, magnification, blur, noise, brightness, ele.

e

Spectra gencration  detals  such  as xray  landing  energy,  wavelength,

exposure/sanipling time, chemical spectea, detecior type, gic.

Metrology tool detatls such as defect size, Incation, class identification, acquisition
tie, rotation speed, laser wavelength, edge exclasion, bright field, dark field, oblique,

normal meidence, recipe info etc,

Sensor data from the fabrication process (which may be fs-sior or ex-sing: spectral
range of captured daty, energy, power, process end point details, detection frequency,

temperature, other snvironment condifions, efe. }

{00421 Macline learning model — A machine learping model i3 a fratned computational
model that takes metrology data extracted from defects on a sebatrate and classifies the defects,
for example, by composition, shape, sixe, location, efe. Examples of machine legmiing models
mchude random forests modsls, ncliding deep random forests, newral networks, including
recurrent neural networks and convolutional neural networks, restricted Boltzmann machines,
recurrent tensor networks, and gradient boosted trees. The tenm “classifier” {or classification
model) i sometimes used to deseribe all forms of ¢lassification model including deep learning

models {e.g., neural networks having many lavers) as well as random forests models.

{4 3 In the avt, some machine learning models are characterized as “degp learmng™

models. Unless otherwise specified, any reference 1o “machine learning™ herein wcludes deep

10
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learning embodiments. A deep learning model may be myplemented in various forms such as
by g nearal network {e.g a convolutional pewral network), ete.  In general, though not
necessarily, it includes mudtiple fayers. Each such layer includes multiple processing nodes,
and the layers provess in sequence, with nodes of fayers closer to the model wnput layer
processing before nodes of layers closer w the model output. Iy various embodiments, one
layers feeds to the next, etc. The output layer may mclude nodes that represent variouns defect
classilications {e.g., location on a wafer such as edge, center, or random, composition

vy such as chasier,

Lt

including, e.g., tungsten, shaninum oxide, and copper oxide, and morpholo
flake, and sphere, eic.). In some inplementations, & degp lesrung model is a model that takes

data with very listle preprocessing and outputs a ¢lassification of the defect.

{0044} in various embodiments, a deep learning model has significant depth and can
classify a large or heterogencoas arvay of defects. In some embodiments, the model has morg
than two for move than three or more than four or more than five} lavers of provessing nodes
that recetve values from preceding layers (or as divect inputs) and that ouiput valoes ©
succeeding favers (or the final output). Interior nodes are often “hidden™ 1o the sense that thew
ipat and output values are not visible outside the model.  In varions embodiments, the

operation of the hidden nodes is vot monitored or recorded duting operation,

{0045]  The nodes and connections of a deep learning wodel can be tratved and retrained
without redesigning thew munber, armangement, interface with image iuputs, etc. and vet

classify a large heterogeneous range of celludar artifacts.

{0046]  Asindicaied, in vartous implementations, the node layers may collectively form a
newral network, althongh many deep leaming models have other structures and formats. Some
ernbodiments of deep leanmng models do not have a layered structure, in which case the above

characterization of “deep” as having many lavers is not relevant,

{0047 “Bayesian analysis” refers to a statistical pavadigm that evaluates a prior probability
using avatlable evidence to delenmine a posterior probability. The prior probability i3 a
probability distribution that reflects current knowledge or subjective choices about one or more
parmueters to be exansned. As an exanple, the prive probability may include 3 distribution of
defect cowmsts or types of defects based on different categories for a given tool. The prior
probability may also include a coefficient of vapiance or reporting Hmit of stored

measurements. Evidence is new data that is collected or smmpled which affects the probability

1%



18

15

20

25

36

WO 2020/146708 PCT/US2020/013041

distribution of the prior probability. Using Baves theoram or a vanation thereof, which are well
kuown to those skilled in the art, the prior probability and evidence are combined to produce
an updated probability distribution called the posterior probability. In some embodiments,
Bayesian analysis can be repeated multiple times, using the posterior probability as a new prioe’

probability with new evidence.

{0048} A Vdignad twn™ is a mathematical model of a chamber or other component or tool
that 5 wsed aga reference for comparison against usage history, componentfiool specifications,
anddor metrology data collected ffom a variety of networked sensors collecting data i the
component or tool. A digital twin represents the functiomng of the toul, component, and/or
fabrication processes. In some embodimends a digital twin s butlt fromuetrology data. Sensors
are placed thronghout a chamber o constantly collect data duning a fabrication process. The
collected data 1s then organiced into a digital representation of the process chamber at any given
point during a fabrication process. In some smbodiments a digital twin 8 modelled using
metrology data.  In some embodiments, a digiial twin 8 constructed using histovical
information andfor specifications about & ool componat, or process. Examples of such
information mchude expected or observed lifetimes for consomable parls, maintenavce

schedules, and the ke,

{0049] A digitad bwin can act as a refovence system for the tool or component it is modeling.
During operation of a chamber, the data collected from various sensors in the chamber can be
compared against the infornwetion conigined in the digital twin., Variations between ths
collecied data and the data of the digital twin can indicate the hkely ocouwrrence ofwnacceptable

defectivity in the fabrication process or the substrate.

{00501  Over time, using information from actual tools or processes in operation, a digital
twin miay be reflned. For example. as fobrication processes procesd and defect analysis
continues, the digital twin may update 1t data 10 reflect appropriate ranges of values collected
by the various sensors in the chamber. Over time, o digital twin counld leavn which sensor value

deviations can be classified as defouts,

{0051} A digital twin can be smplemented as o machine learming model (o5, a deep
learning model). Typreally, bowever, a digital twin is nplemented a3 a computationally simple
statistical or classification mode! of a tool, component, or process. And even if it is

implemented as a neural network or other sophisticated machine learning algorithm, it can be

12
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made relatively sumple (g.g., 1t requires relatively fow layers in neval network). Of course,
such a relatively simple digital twin may be generated using wore computationally intensive
defect classification algonitluns such as the defect classification and source identification
algorithms deseribed herein. It vanous embodiments the sensor data is provided to both a
digital twin and a defect classification model of o type described herein. The digital twin may
use such dats to quickly determine, sometimes in regl time duving g fobrication process,
whether maintenanece or some remedial action s needed. A defect classification slporithe may
use such data to determine whether defects are actoally present, determing a hikely source of
such defects, andfor sugpest a remedial action. For example, a digital twin may identify defects
in the fabrication process before the defects are irreversible, allowing adjustimenis o the
fabrication process to remediate the defects on the examined substrate, thus increasimg the

subsirate vield,

{0032} A Ydefect analysis system” 15 8 compmstational system that receives metrology data
gs on input gnd provides o defect classification as an ountput.  The metrology data contains
mformation about one or more defects on a substrate, A defect anglysis system may also
receive, as an inpul, nformation about the particular manolacturing equipment andfor
fabrication process used to perform au operation that produces defecis. Tnaddition to providing
a defect clossification, ¢ defect snalysis system may provide a source ot root cause of defecis
as an output. And, in some embeodiments, a defect analysis system can also provide a suggesied
remedial action 1o reduce or prevent some types of defects from occurring in fiture operation
of a piece of wmanufactunng equuipment.  The suggested vemedial action may inclade a
modification to process conditions smploved in manufacturing equipment or modification o

the equipment itself.

[0083] In certamn ernbodiments, & defect analysis system includes one oy more logic engines
or modules that handle different functions of the defect analysis system. For example, one
engine recetves metrology data and provides an mitial classification of defcts, while a second
engine receives the initial classification and information about the manufacturing equipment
andfor 8 process conducted on the eguipment that produces the defect. The second engine may
provide a refined defect classification, a root cause identification, and/or a sugpesied remedial

action. The engines may be implemented as sofware or other compuier mstructions.

{84 A Ufiret stage defect classification engine” takes as inpats metrofogy data such as

images of defects, spectra of defecis (and thetr surroundings), and/or waler maps. A fivst stage
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defect classification engine may be implemented by any of vavious classification algorithms,
which may be machine learming models,  Examples include convolutional pewral neteorks,
recwrent neural networks, recurrent convolutional neural networks, generative adversmial
networks, mdoencoders, and the Hke. A first stage classification engine cutputs defect

classification such as defect composition, shape, size, and/or distribution on g wafer.

{0055} A defect analyss system may have one or wore first stage classification engines,
each configured to act on inpais from oue or more meivology sources. For example, one first
stage defect classification engine may act on waler maps, suothsr may acton spectral data, and
a third way act on npdges. Io some embodiments, a single first stage defect classification
engine acts on two or more different types of wetrology data (e.g., specteal and image daty)
taken from locations of the defects. Each of the one or more first stage defect classification

engines may have one or more distinet classification algorithms,

{00536} A “second stage defect classification enging™ takes as input, and operates on, defect
classifications from at least one firgt stage classification engine. Sach mputs may nclude
defect composition, shape, size, and/or distribution on a waler. The second stage engine outputs
a refimed detfect classification, a root cause determination, andfor a suggested remedial action.
Iy some mmplementations, a second stage defect classification engine addionally receives
nformation about the manufachwing ool andfor process that produces defects wnder

consideration.

{0087 A second stage defect classilication engine may be implemenied by any of various
classification algorithms, which may be machine leaming models. In some cases, the second
stage defect classification engine 18 contigured 1o perform s Bayvestan analysis. In some cases,

the second stage defect classification engine is configured 1o execute a decision tree.

[OO5E] A “defect sowrce” or “root cause” of a defect 13 a process operation andior
squipment component that produces particles or other conditions that lead 1o defects on a
semiconductor substrate.  Examples of equipment components that may be defect sources
melude showerheads, rings, dielectric windows, process chamber walls, gas lines, elastomer
contings, mechanical wear, waler transport systems, and fluid deltvery systems. i some cases,
all process parls exposed to fabrication chenustry are potential defect sources. Examples of
process parameters include deposition precursors, chemical etchants, plasma conditions (2.8,

plasma power, plasma frequency, substrate bias, on direction, and the like), gos fow rates and
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pressure, pedestal temperature, process timing, chamber conditioning, valve sequences, or
mass of the substrate. Other conditions conld include one or move matenals on the substrate
that cause the defect. The resulting defects of anv these sources mayv be particles, scumnung,
briduing, pinholes, and the ke, The root caise or spurce miay also spectly a particular conditzon
assoviated with anequipnent component that prodoaced the defects. Examples include deposits

on a chamber wall, showerhead, or pedesial, a crack in the component, wear and tear, eic.

{00591 Theterm “manufacturing information™ refers (o information regarding a fabrication
tool responsible for producing defects. Manufactuning information may include information
about the history of the tool (ncluding information dboul defects previously produced,
processes previously performed on the tool, and histories of other similar ools), one or more
materials deposited on or etiched from substrates in the tool, and the hike. Manufacturing
mformation may also mehude miformation abori other tools that share certain components or

perform sunilar operations.
QVERVIEW

{0068]  Due o their divect timpact on process quality and wafer vield, defects are a priority
for semiconductor device manufacturers and fabrication equiprment vendors.  Defect
classification, identifying sounrces of the defects, and identifving corrective actinns to eliminate
the sources of defects reqoive onrgong mvestment of time and resources, and this s not only

uring process development but slso durine process optimizstion and hardware uperades.
during process development but also during process optimization and hardware upgrades

{0061} During defect analysis, engineers are sequired 1o solve g range of problems,
meluding identifving the pattern of the defects on wafers and classifving the defects hased on
composiiion, size, shape, gte. Ultimately, to resolve the defect issue fully, engineers must

identify the sowrce of the defecis and mplenent corrective actions.

{30621 Conventionally, classifving defects based on chemical spectra and/or morphology
and ascribing them to known sources on the system has been dove manuglly, Occasionally
defects can also be identified based on waler map locations for particle distribution andfor
based on their sive distribution at given locations on tools that are very well anderstood.

However, thus method is also prinarily manoal,

{0063} Even with sonve level of automation, engineers routinely spend much time manually

classifyving defiects. This is followed by root cause analysis such as fish bone analysis andior
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other methods. Liltimately, once a hvpothesis on a rool cause is devised, an enginesring team
maust not ondy perform corrective actions, but then repeat 1o test the validity of the hypothesis,
This s & verv manual and labor intensive gffort. Some gstimates suggest between 23% - 34%

of an soginger’s effort per vear is spent on tion-value-added classification and reporting tasks:

{0064} Disclosed methods and svstems may provide acowate and mapid  defect
classification, voot cause analveis {fo identify sources of defects), andfor reconunended
corrective actions. Methods and systems disclosed herein may provide gn awtomated defoct
analvsis methodology. In vertain embodiments, an adaptive classification techmgue such as
oi-going machive leamung is employed and may be applied across multiple tools, multple
syvsiem upgrades, et In certain embodiments, machine learning {e.g.. deep leaming}
technigues such as seural networks {e.g., convolutional neural networks, recurrent neural
networks, recurrent convolotional seural networks, gensrative adversasial neural networks,
autoencoders, etc.) are combined with use of prior knowledge of tool data sech as
manulscturing equipment information, component level data, platform information, recipe
mformation, chamber configuration, efc. Disclosed methods may also employ subject matter

expertise in the form of a mathematical Hkelihood (using Bayesian andfor other mwthods).

{0065} Vartous aspects of the disclosare concern covputational tools for classifying
defects and, in some cases, wdentifving g sowree of the defects in a semiconducior fabrication
resction chamber or process. And, in some cases even beyond this, the computational teol may
suggest a corrective action for addressing the source of the problem. In certain embodiments,
the computational tool is pipetined, e.g., in the sense that a first phase defect classification

enging operates on raw or refatively unprocessed dita {e.g., data from one or more metrology
wools) and provides an outpul that is fed o a second phase defect classification engine that
provides an overall defect classification andfor defect source 1dentification. In some cases the
second phase defect classification engine provides a recomnmended procedure for reducing
defects. The penersl pipeling nyay mnclude input from one of more {e.g. three or more) sources
and nudtiple branches feeding into a contral classification engine such as a second stage defect
classification engine. The sowrces of input may include metrology tool data, fabrication tool
andfor process information, manufactuning mformation, andior prior information about

classification, source, and/or solution.
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{0066] Figure 1A presents a schematic illustration of an example defect analysis svatem
with nuduple St stage defect classification engines 101, 102, and 103 and a second stage
defect classification engine 130, Metrology data 105 is fed info sach finst stage defect
classification engine to produce frst stage defvct classifications 124, 126, and 128,
respectively. For example, a wafer naap 106 is fed into fivst stage defect classification engine
11, which produces a first stage defect classificatton 124 Morphology data 107 such as
tnges of delects is fed mto first stage defect clussification engime 102, which produces a first
stage defect classification 126, Composition data 10K is fed info first stage defect classitication
engine 103, which produces a first stage defect classification 128, Note, however, that in some
embodinents more or less than theee first stape defect classification engines are used to provide
first stage defect classifications. Metrology data 105 may be processed by a single first stags
defect classilication engine or muoltiple first stage defect classification engines. Metrology dafa
15 may also be separated into distinct categories of data and fed exclusively into one first
stage defect classification engine {gs shown here), or fed into multiple first stage defect

classification engines.

{H67]  In the depicted embodiment, metrology data 108 may inclade wafer map 106,
morphology data 107, andior conwosition data 108, Waler maps gre representations of
substrates, oblained either during or alier fabrication processing, by metrology tools that detect
abnormalities on the substrate. Water maps, soch as Klarf maps, visualize defects and defoct
density and can be vsed o classify defects based on patterns such as lines, curves, or clusters
and locations such as the edge, center, or avelative position on the substrate. Waler maps may
display a patiern that corresponds with defects produced by a particular fabrication process or
manufachuing equimment, such as lines that mateh with the shoveer head, ora ring at the edge
that matches with a ring of the manufacturing equipment. In this way the waler miap van be
used to determine the source of the defect based on matching the pattemn of the defect with
potential sowrces of defects. The wafer map may also implicitly suggest information on
remedial action, such as replacing components that are flaking parucles onto the wafer. OF
course, the connection between g wafer map and particular sources of defects may be much

niore complex and not easily detected and/or understood by gven a very talented engineer.

[0068]  Figure 3 and Figure 6 show two example wafer maps, a wafer map 500 and a wafer
map 600, Ty analvaing water map 300, a first stage defect classification engine may produce

classifications for two potential sowrces of the defects, one for the large particle defects 502,
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and another for the small particle defects 501, In analyaing wafer map 600, a [ivst stage defect
classification engine may produce a classification based oo the location of the defects near an
edpe, and may additonally produce a classification based on the source of the defect. Forwaler
map 604, a water clip 601 may be presumed o cause some of the defects. A first stage defect
classification may classily the delect as being al an edge, while a second slage defect
classilication engine may produce a bikely souwrce of the defect as the contact pomnts of the wafer
clip 601, Again, these are simple examples 1o illusirate information that a defect analysis
system may use and relations between data and source that it might consider. I will be trained

to handle much more complex situations and provide quantitative guidance.

{0069} Morphology data yoay tnclude smages of specific defects aud can be used 1o classify
the size andfor shape of defects. Images may be taken using eleciron nucroscopy, atomic force
nHcroscopy, or other imaging techniques, Defects that are larger or smaller than certain values
may only resalt from specific sources. Defects of a speeific shape or size may also correlate

with g composttion or nucrostruciure, and thus also lead to source identification.

{0761 Figure 5 shows morphology data for small particle defects 301 aud for large particle
defects SH2. Ty an example embodinment, a first stage defect classification engine processes all
ten images to produce one or more first stage defect classifications. In general, a frst stage
defect classification engine may process every oage taken of a defect, which could be asingle
image or nuultiple images. There may also be multiple sowrces of the defects, in which case &
first stage defect classification engine may produce z single classification for gl defecis,
mudtiple classifications for all defects, and/or moltiple classifications Tor different groupings of

defects. A first stage defect classification may account for the size andfor shape of the defects.

{00711  Composition date may mclude spectral mformation that correlstes with the
composition of defeets and the surrounding enviromnent. Examples of techaiques that produce
spectral information inclode Xeray spectroscopy {e.g., EDS), Auper electron spectroscopy.

wavelengtiedispersive Xoray spectroscopy, and Xeray diffraction (XRIN.

{0072} Metrology data may also include metadata sbout one or more of the metrology tools
used to collect metrology data from the wafer. This may inchade the operational settings on g
aivegs tool or prior metrology data recetved by the tool In some embodiments metrology data
includes the specific metrology tool used to collect metrology data, s construction and design,

manufacturer, and the conditions under which it has been operated while in service,
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{00731 Returning to Figure 1A, wafer map 106, morphology data 197, and composition
data 108 are fed wito first stage classification engives 11, 102, and 103, respectively, to
produce first stage defect classifications 124, 126, and 128, respectivelv (e, oulputs of
machine learning models). In sonme embodiments, metrolopy data pertatrung to morphology
{e.g., images) and composition {e.g., spectra) are fed mto a single fist stage defect
classification engine, and in other embodiments all metrology data is fed ito a single first stage
defect classilication engine, and there is only one first stage defect classification. In machine
lfearning embodiments, the options for irst stage defect classifications {e.g., flake v. cluster or
tangsten v, yitrium oxide) are defined by users who create traming sets to train the first stage

defict classification engines 101, 12, and 103,

{0074} in the embodiment depicted 1o Figure 1A, first stage defect classification engines
101, 102, and 193 are machine learning models. Note, however; that in other embodiments first
stage defect classification engines could be different classification algorithms such as
classification trees. Machine learning models use raw daia from metrology tools to classify
defects on the waler. In some embodiments a convolutional neural network 15 nsed o process
image data from metrology tools, such as a waler map or morphology data, while specira data
is processed by g different machine learming model using differemt algorithms, fn other
embodiments, multiple types of metrology data are processed by a single firsy stage defect
classification engine. For example, morphology data and spectra date may be processed by the
same first stage defect classification engine. Invvarious embodiments the morphology dataand
specira data are processed by a single machine learning model such as 8 convolutional neural
network, with the morphology data going through one or more convolutional layers, amd the
specira data provided to the first fully connected layer of the convolutional neural network: The
output of the ong ov more convolutional lavers s also provided to the Hirst fully connecied laver.
In some embodiments, a machine lewrming miodel, such as any of the above models, is

configured to produce one or more putative classifications for a defect or groap of defects.

{0075} in the embodiment depicted in Figure 1A, the first stage defect classifications 124,
126, and 128 are fed into a second stage defect classificabion engine 130 having a data store
132, The data stove 132 nway stove manolachuing isformation about a fabricabon ool or
information about 8 semiconductor device fabrication operation. The data store 132 mav also
store information about prior defects, including classifications, root causes, and corrective

actions that prevented fiture ovcurrences of shmilar defects. The data store 132 may also store
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wformation about similar tools using similar parts. The information inthe data store 132 may
also wclude information from process engineers and operators who have worked with defects
and identified sowrces or root causes of deficis and corrective actions that have or have not

been sifective in reducing or eliminating the defects.

[0076} n the depicted embodiment, the second stage defect classification engine 134 is
configured to perform an analysis using information from the data store 132, including outputs
from first stage defeet ¢lassification engineds), as well as & prior probahility 134a. Data store
132 may contain infornwation on the module (e.g. materials of constraction, wear rates, eto.),
platform mformation {e.¢. matenals of construction, robots, mechawcal contact, load loeks,
eic.}, recipe infovoation, snd mamufacturing miormation. Prior probabulity 134a coutmins
resudts from prior snalyses, including defect count distributions, defect types for different
categories, and categories of defects associated with various tools. The result of this analysis,
which is an outpet of second stape classification engine 130, wmay be a more refined
classification of the defects, sometimes referred 1o as a second stage defect classification 1383,
andfor other information as discussed below, In some embodiments the analysis is done using
Bayesian analvsis, but in other emboduments a different statistical analysis is used to produce
the second stage defect classification 138g. In some smbodiments g classification tree 15 used.

In some embodiments, a machine legrming model is nsed.

{0077} Bavesian analysis requirgs a prior probability, which may be an initial probability
distribution of classifying the defect(s), a source of the defigci(s), andfor a renmedial action to
prevent accarrences of the defeci(s) Available evidence 15 then wsed to evaloate the prior
probability and determine a posterior probability that is the second stage defect classification,
the source of the defectis), and/or remedial actions. The first stage defect classifications are
pait of the evidence used to evaluate the prior probability. Stated another wav, the first stage
classification engine voay provide results that are relevant for the defect under observation. The

N3]

priov analysis is based on data from past resulis. The 1% step resulis of first stage defect
classification may be used as a (+ D™ step prior during the second stage analysis. Information
it the data store yay be used s part of creating the prior probability, fed into the analysis as
gvidence in evaluating the priov probabulity, or both. The prior probability also ncludes

postenior probabilities from previons defect analyses.

{7 R] The form of the second stage defect classification 1383 mav depend upon the form

of the particalar method or algorithm vsed to create 1L In sowe cases, the second stage defedt
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classification 138a includes multiple classifications, each with an associsted probability or
fikelihood value ascribed thereto. In addition, the second stage defect classification 1383 may
mclude one or miore sources or root causes of the defects and probability or Hikelihood values
aacribed {0 sach of them. Still further, the sevond stage defoct classifivation 138 may ticduds
One Of Wore corrective actions with an associated probability that the corrective action will be

successiul in reducing or removing the defects.

{0079]  Corrective actions may mclude pant replacement {e.g. corroded gas lines, filler
fatlures, O-ring failure, other part fatlures, pump fatlures, wear and tear of pans, clouging of
parisionifice, etc.), part cleaning {e.g. pourly cleaned showerhead resulling i showerhiead
patterns, divty wiew ports, dirty mixing bowl, gas lne dusting/comtanmosted, ESC
contaminaiion, e, part redesign (e, mechanical seratches from robot anms andéor other
contact points in the tool, ageressive plasma clean damaging pipe, PM door rubbing/comact,
poor RF groumding, edge ring height etc ), chemistry residence checkicorrections {eig gas
phase condensation, nsufficient chamber clean ete.). operator behavior {e.¢. handling of
waters, incorrect provess andfor meirclopy recipe, sic), process huming {eg. peeling of
coatings, insufficient chanmber conditioning, insufficient undercoat; precost and clean, n-fim

defects such as voloanos/pits, unstable plassoa modes, ete ), or any combination therenf,

[0086]  Figure 1B presents another schemate Hostration of an example defect analysis
svstem where metrology data 105 s fed into two first stage defect classification sngines 111
and 112 and the second stage defect classification engine 130, In this tHustration, the first stape
defect clagsification 111 operates on i site metrology data 109 to output a Hrst stage defect
classification 121, In sitn metrology datg is collected within a chamber, and conld be collected
hefore, during, or abier a fabrication process, In silu myetrology data 109 inchudes, for example,
data from scatterometry, reflectometry, ellipsometry, optical spectrometry, mass of the
subsirate, or other sensor data. Jo sifu metrology data 109 may be used to classify defects during
fabrication, In some embodiments, & sitv metrology data may be used {o sugeest corrective
actions that remedy defects on the substraie from which # si% metrology data is collented. By
example, 8 bridging defect could be corrected by etching the substrate to remove the brideed
material before proceeding with the next fabrication process. This allows for incressed vield

from a subsirate by identfying sud remedyving defects in real time,

{081} In some embodiments, the first stage defect classification engine 112 operates on

ex st metrology data 1100 Ex sisn metrology data is collected outside of the chamber, and

o
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typically after a fabrication process. Zx i metrology data 110 s used by the find stage defect

bRy

classification engine 112 1o outpot & fivst stage defect classification 122

[0082] in the emibodiment depicted i Figure 1B, the first stage defect classifications 121
and 122 are fed o the second stage defect clussification engine 130, Similgr to the
embodinents of Figure 1A, the second stage defect classification engine 130 performs an
analysis using the data store 132, mclading outputs from the first stage defect classification
engine(s), as well as a prior anglysis 134b. The result of this anglysis, which is an owput of the
second stage defect classification engine 130, may be a more refined classification of the

defects, sometimes referred 1o as g second stage defect classification 138h.

IR 3] To collect 8 wide range of data that may be used in the computational defect
analysis, various sensors may be used beyond the defect classification sensors indicated sbove,
Such additional sensors may be configured for in sifv andfor ex st data collection. As
indicated, such sensors may include sensors for environmental conditions of the fabrication
process (e.g., temperature, pressure, flow rate(s), plasma conditions, etc.), chauge 1 the mass
of the substrate during the fabrication process, mechanical forces experienced during the
fabrication process, and combinations thereof. Such daia may be fod to the {irst stage andior

second stage defect classification engines.

{00841 Dy some embodiroents, a digitad twin 18 wsed to mumic some or gl the behavior of
the first stage defect classification engines H1 or 112 andfor the second stage defect
classification engine. In some embodiments, such digiial twin gocepts some or all of the tnputs
used by the frst andior second stage defect classification engines.  As indicated, the digial
twin may be a mathomatcal wodel of the chamber, 8 componet, andfor the substrale that can
be used as a reference to compare collected metrology data against. In some implementations,
the digital wwin allows for faster classification of certain defkcts based on the collected

metrology data andior other sensor dats,

{H085] In some embodiments the digital twin 1s created from g variety of networked sensors
integraied with multiple chambers, implementing Industey 4.0, Sinular sensors are used with g
targe numaber of chambers, tools, or platonus o collect data regarding stmilar processes being
caried out at each chamber, tool or platforn. The digital fwin is then used to detect variances

amongst a large number of chambers, tools, or platforms. The combination of networked
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sensors and equipment may then be used to analyze defects across chambers, tools, or platforma

to determine voot causes that are commaon to maltiple pleces of equapment.

{0086]  Figure 2 is a process flow diagram showing operations performed in g method in
accordance with certain disclosed embodiments. The disclosed operations may be performed
on any suitable system, regardless of whether # 1s pipelined as iHustvated 1o the sysiem of
Figure 1. Inanoperation 201, metrolopy data is collected. As explaimed, metrology data may
ticlude a waler map, morphology data that indicates the size and shape of a defect {or defects),

composition data including a spectrumm, and/or other data about the defect(s).

[0087] In an operation 202, the metrology data is analyzed to produce one or more first
stage defect classifications. In some embodiments machine learning models are used to classity

the defects o vartons classtfications.

{0088]  In an operation 203, wancfachwing  nfonoation is obtamed or collected
Manufacturing tnformation includes mfornsation about the manufacturing eguipment, such ag
the materials present in the manuibetwing evuupmend, the design of it components, and 1is
configurations. Manufacturing infonmation may also include mformation about the fabrication
process, including process recipe information. Manufacturing information may also include
information about the materials on the subsizate, such as its composition, sizg, or shaps.
Manudsctoring information may also welude prior defect elagsification information based upon

the manufacturing equipment, fabrication process, ot materials on the substrate.

{0089  Inanoperation 204, the manufacturing information 18 analyzed along with the first
stage defect classification from operation 202, This analysis can be done with a vauety of
statistical methods. In one embodiment, Bayesian analysis is used to produce one or more hikely
sources of the defect. In snother embodunent, a machine learning moded is used. In varions
smbodiments a classification tree is used. In some smbodiments a clustering algorithm 13 used.
i some embodiments 3 dimension reduction technigque such as principle component analysis

(PCA} s used.

{H9e] In an operation 2035, one or nwove likely sources of the defect are provided. In some
embodiments there may be a further classilication of the defect or sugpested remedial actions
to reduce occurrences of defects on future substrates. Remedial actions may include changes
to the manufachuring equipment or the fabrication process, cleaning or replacement of vartous

componeaits, or changes o the maierials used i the process.
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[0091] Figure 3 15 a block diagram demonstrating an example process that identifies defects
on the waler as aluminwn oxide. As shown, roorphology data 304 and specten data 306 are fed
mto a convolutional neural network 314, which produces first stage defect classifications 322
and 324, In some embodiments the morphology data is an tmage, which is processed through
convolational layers of the convohutional veoral network. The outpat of the convolubions may
then be fed mto a flly connecied laver along with the spectra data. The first stage defect
classilteations 322 and 324 may then nclude classifications about the composition of the

defect, as well as classifving the size and shape of the defect.

{0092} In this exmople, waler map data 308 s fod mto o separale convolutional neural
network 316 to produce first stage defect classifications 326 and 328, These classifications are
distinet from classifications 322 and 324, even though first stage defect classification 324 and
328 may both suggest potentinl composttions of the defect. Note that neural network 316 has
been tramed to oulput not only a classification of the location/distribution of defects
{elassificanon 326) but also a hikely classification of the defect composition {classification
328). While firt stage defert classification 324 suggesis a high probability the defecis contam
tungsten, first stage defect clagsification 328 suggests a relatively lower probability the defects

contain tungsten, and mstead suggests a bigh probability that the defects contain aluminum

oxide.

{0093 A Bayesian analysis engine 336 is then used (o analyze the first stage defect
classifications along with information from a data store 332 and a prior analysis 334, In this
example, Bayestan avalysis engine 336 may be considered the sole or primary component of a
second stage defect classilication engine. As explained above, 8 data store such as data store
332 may include manulscturing information 330 such as information on the fabrication
process, the recipe information, what materials have been deposited or vemoved by a process,

and the historical data of specific tools.

{0034} A second stage defect classification 338 1s the vesult of the Bayesian analysis. This
18 a refined defect classification in that it provides a classification that iy more hkely comrect
than any first stage defect classification. In this example, there is a very strong probability that
alumimam oxide is a principal component of the defeet, and a much lower probability that
tungsten is a principal component. In some embaodiments the second stage defect classification
also sutputs potential sources of the defects and/or posaibsle remedial actions to prevent futare

oceurrences of the defect.
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[0095] Figure 4 1s a block diagram demonstrating an example process that identifies defects
on the waler as tungsien spheres. As shown, morphology data 404 and spectra daty 406 are fod
mto a convolutional neural network 414, which produces first stage defect classifications 422
and 424, In some embodiments the morphology data is an tmage, which 1s processed through
convolational layers of the convohutional veoral network. The outpat of the convolubions may
then be fed mto a flly connecied laver along with the spectra data. The first stage defect
classilteations 422 and 424 may then include classifications about the composition of the

defect, as well as classifving the size and shape of the defect.

{0036} In this exmople, waler map data 408 s fod imto a separale convolutional neural
network 416 (o produce first stage defect classifications 426 and 428, These classifications are
distinet from classifications 422 and 424, even though first stage defect classification 424 and
428 may both suggest potential compositions of the defect. Note that nearal network 416 has
been tramed to oulput not only a classification of the location/distribution of defects
{elassification 426) but also a hikely classification of the defect compuosition (classification
428). Both first stage defect classification 424 and first stage defect classification 428 suggest.
a high probability that the defect contains tungsten, and relatively lower probabilities attributed

to the defect containing a dilferent molecule.

{00871 A Bavesian snalysis engine 436 15 then used to analvee the first stage defect
classifications along with information from 2 data store 432 and 2 prior analysiz 434, In this
example, Bavesian analysis engine 436 may be considered the sole or primary componet of
second stage defect classiflication engine. As explamed above, a data store such as daty sfore
432 may include manufacturing information 430, such as information on the fabrication
process, the regipe mformation, what materials have been deposited or removed by a provess,

and the historical data of specific tools:

{B098] A second stage defect classification 438 15 the result of the Bayesian analysis. This
is i refined defect classification in that it provides a classification that is more bkely comrect
thar any frst stage defect clagsification. i this example there is a very strong probability that
tungsten 13 the principal component of the defect. In some embodiments the second stage defect
classification also outputs potential sources of the defecils and/or possible remedial action to
prevent fulure occurrences of the defect, such as adjusting a cleaning process after g plasma

siching process to completaly remove chemicals.
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[0099] Figure 5 is an example llustration of metrology data that may be processed by the
first and/or second stage defect classification engines. A wafer map 300 shows the location of
deficts on the substrate. Small particle detects 501 and large patticle defects 502 are examples
of morphology data that could be collected and processed by a first stage defect classification
engine to produce classifications based on size and shape. As chart SO8 shows, more than 0%
of the particle defects are less than 00985 microns, and a least 25% of particle defects are
extremely large. Then, § second stage defect classification engine could process that data t©
further classify the defects or produce one or more hikely sources of the defects, such as a wafer

clip or a showerhead.

{0100} Figure 6 5 sn exanple illustration of linking defects on a subsivate with a likely
source of the defect. Waler map 600 has g defect patiern 602 that matches with the contact
points of water clip 661, A first stage defect classtiication engine may classify the defect pattern
602 as an edge defect on @ specihic part of the water, while a second stage defect classification

would further classify and produce a Hkely source of the defect as wafer clip 6601,

{0161}  Figure 7A and 7B are exsmple illustrations of classifications of defects using only
morphology data or morphology data i combination with compeosition data. In Figure 7A
image 701 and image 711 are each processed by a convolations! newral network {not shown)
along with spectra data 703 and spectra data 713 to produce frst stage defect clagsifications

05 and 715

{01082]  In Figure 7B, image 721 sud image 731 are each processed by a convolutional
neural network (not shown) alone to produce first stage defect classifications 725 and 733 that
provide probabilities of a defect’s composition. Interestingly, using only images as the input
data, the machine legrming model was able to cutput a composition-based classification with a

oy
'I

99.9% probability. EDS-gensrated spectra 723 and 733 confumed the first stapge defect
classifications 725 and 735, respectively. Defect analvers using only image data without
collecting spectra data is advantageous becanse 1t vony be easier sud less expunsive to collect
mage data comparad to speetra data. Noise or signad overlap nspectra can reduge Hy utibity in

classifyving defects.

{0183} fmage data can be dithicult to process manually, particalarly tnsofar as it is used to
classily defects hased their compositions. A highlv-tiatned engineer can leam to classify defect

compositions based on thetr mworphology aslone, but it requires years to develop such
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experience. A defect analysis svstem, on the other hand, can be trained to classify defects as

well g an engineer or even better with increased efficiency.
APPLICATIONS

{0104 A defect analysis system as disclosed herein may save time in classifying defects,
wentifving sources of the defects, and implementing an appropriate remedial sction, A defect
analysis system can also provide insight for defect sources and remedial action across multipls
tools or Heets of tools. For example, a defect analyas system may deternune that one cleaning

procedure is more effective for shustmun oxide components than another cleaning procedure.

[ R

{0105} As discussed above, an engiireer may spend 23%-34% of their tinte each year
classitving defects, testing remedial actions, and writing reposts. A defect analysis system may
reduce the time spent on these tasks by up to 70%, resulting in mproved efficiency of the

engineer’s thne investigating defects.

{0186] A defect analysis system may also be used to sugpest preventative muntenance.
Components wear and degrade over time or repeated use, resulting in particles that cause
defects on the sabstrate. A defect analysis system may deternine that speaific defects are more
bkely to occur afier pre-requusite conditions ave mel, such as @ number of uses or combination
of different uses, and thus sugpest preventative mamienance once such pre-requisiie conditions
are met. Preventative mantenance may include replacing components or otherwise adpusting

the fabrication process in order to eliminate or decrease the number of defects.

{81071 The methods and systems of this disclosure may save time and cost by reducing the
time spent collecting metrology daty, reducing the mumber of defective wafers produced before
correcting a defect, classifving defects faster, identifving root cause and remedial action {ister;
suggesting solutions across different products with similar components andior defects,

maintaining knowledge in a central data store, gte.

101687  The methods proposed in this work have substantial advaniage over the iraditional
wavs of resolving defect issugs on semiconductor process equipiment. Not only can the methods
inerease the speed of analysis, which s important towards identifving root causes and solving
the problem, but it can also use the prior knowledge of the tool, the platform, and the

manufactured components o improve its accuracy.

27



18

20

25

36

WO 2020/146708 PCT/US2020/013041

CONTEXT FOR DISCLOSED COMPUTATIONAL EMBODIMENTS

0189 Certain embodiments disclosed herein velate to computational svstens for
gengrating and/or using machine learning models. Certain embodiments disclosed herein relate
to methods for genemting andfor using 3 machine learing model implemented on such
svstenis. A system for generating a machine learning model may be configured to analyze data
for calibrating or optimiang the expressions or relatronships used to represent the classification
of, source of, or remedies for a defect on g subsirate. A system for generating a machine
learning model may also be configured to receive data and instructions such as program code
representing  physical processes occurring dunng the semiconducior device fabrication
operation. In this mauner, a machive learning model 18 generated ov programuned on such
svstem. A programmed svstem for using 2 machine learning model mayv be configured to (i}
receive input such metrology data of defects on a substrate, and (i) execule instructions that

determine the classification of, source of, or remedies for g defect on the substrate.

{6116} Many types of computing systems having wwy of various computer architectures
may be employed as the disclosed systems for muplementing machine leaming models and
algonithms for generating andfor oplimizing such models. For example, the systems may
designed processors such as Application Specific Integrated Cirenits (ASICs) or programmable
logic devices {2.g., Field Progranumnable Gate Arrays (FPGAs). Further, the systems may be
implemented on g single device or distributed across multiple devices. The functions of the
compuiational elements may be merged mto one another or further spht into mudeple sub-

modules.

{0111} In some embodiments, code executed during generation or execution of a machine
fearming model on an appropriately programmaed system can be embodied In the form of
software eloments which can be stored i & vonvolatile storage medin {such as optical disk,
flash stovage device, mobile hard disk, ete), inchuding a nursber of tnstructions for making a

computer device {such as personal computers, servers, network equipment, ete.).

{0112} At one level a sofiware element is impleisented as a set of conunands prepaved by
the programmay/developer.  However, the module software that can be executed by the
computer hardware is executable code commitied 1o memory using “machine codes” selecied

from the specific machine language instruction set, or “native msirnctions,” designed into the
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hardware processor. The machine language instruction set, or nalive instruction sel, is known
to, and essentially butlt into, the hardware processor(s). This is the “language” by which the
svstem and application software communicates with the hardware processors. Each native
mstruction 15 a discrete code that is recognized by the processing architecture and that can
specily particnlar registers for arithmetic, addressing, or control functions particalar memory
locations or offsets; and particular addressing modes used 1o interpret operands. More complex
operations are built up by combining these simple native instructions, which are executed

sequentially, or ag otherwise divected by control Qow imstructions.

{1113} The iter-relationship between the ‘executable software instructions and the
hardware processor s structural. In other words, the mstructions per se are a series of symbols
or muneric values. They do not intrinsically convey any mformation. It is the processor, which
by design weas preconfigived to interpret the symbols/numeric valaes, which imparts meaning

o 1he mstructions.

{0114} The models used hereln may be confiewred to exeonte on a single machine at a
single location, on multiple machines at a single location, or on nuliiple machines at multiple
focations, When multiple machines are emyploved, the individual machines may be tatlored for
theiwr particalar tasks. For example, operations requiring large blocks of code andfor sigmficant

processing capacity may be implemented on large andfor stationary wachines.

{0115} in addition, centain embodiments relate to tangible and/or non-transifory computer
readable media or computer program products that include program instructions andior data
{incloding data sirocteres) for performing vanous competer-implemented  operations.
Examples of covoputer-readable media iclude, but are not linnted 1o, senvconductor memory
devices, phase-change devices, magnetic media such as disk drives, magnetic tape, ophcal
media such as CDs, magneto-optical madia, and hardware devices that are specially confizured
to store and perform program nstructions, soch as read-only wmemory devices (ROM} and
random gocess wentory (RAM). The computter readable media may be directly controlled by
an end user or the media may be ndivectly controlled by the snd user. Examples of directly
controlled medis inchide the media located gt 8 user facility aadfor media that are vot shared
with other entities. Examples of indivectly controlled media include media that i mdirectly
accessible to the user via an external network and/or via a service providing shared resources

sach as the “cload.” Examples of program mnstructions include both machine code, such as
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produced by a compiler, and {iles containing higher level code that may be executed by the

conputer ikﬁiﬂg an ey preter.

{0116} In varions embodinments, the data or information emploved in the disclosed methods
and apparatus is provided in an electronic format. Such data or information may include design
lavouts, fixed parameter vahies, floated parameter values, featare profiles, metrology results,
and the hke, Asased hevein, data or other information provided in electronic formatiis available
for storage on a machine and trgnsimission between wachines.  Conventionally, data in
glectronic format is provided digitally and may be stored as hits and/or bytes in various data

struchures, lists, databases, ete. The dmta may be embodied electromically, optically, et

11171 In certain embodiments, & machine learning model can sach be viewed as a form of
application software that interfaces with o user and with system software.  System software
typically interfaves with computer hardware and associated memory. In certain embodinents,
the system software includes operating system sofiware andior firmware, as well as any
suddieware and drivers fnstalled n the systemn. The system software provides basic non-tagk-
specilic functions ol the compuier, In contrast, the modules and other application software are
used 1o accomplish specific tasks. Each native instraction for a modude s stored i1 a mamory

device and 1s represented by a muneric value,

{6118] An example computer system 800 ¢ depicted 1w Figare 8. As shown, computer
svstem 800 includes an tnputioutput subsystem 802, which may mmplement an iterface for
interacting with human wsers and/or other computer systems depending upon the spplication.
Embodiments of the invention may be implemented n program code on system 800 with O
subsystem 802 used 1o receive nput program statements and/or data from o human user {e.g.,
via 8 GUL or keyboard) and to display theny back to the user. The 1O subsystem 802 may
include, e.g.. 3 kevboard, mouse, graphical user interface, touchseresn, or other interfaces for
inpat, and, e.e. an LED or other fiat soreen display, or other interfaces for output. Other
elements of ewhodiments of the disclosure, such as the order placement engine 208, may be

implemented with a computer system like that of computer system 800, perhaps, howsever,

weithout 10,

[0119} Propram code miay be stored in non-transitory media such as persistent storage 810
or memory 808 or both. One or more processors 804 reads program code from one or more

non-transitory media and executes the code to enable the computer system to accomplish the
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methods performed by the embodiments herein, such as those involved with gepevating or
using a process simulation yoodel as desortbed heremn. Those skilled wn the ant will understand
that the processor may accept source code, such as statements for executing training andior
modelling operations, and fnterprat o compile the source code it machine code that is
pnderstandable of the hardware gate level of the processor. A bus couples the VO sabsystem

802, the processor 804, peripheral devices 806, memory 808, and persistent storage #10.
CONCLUSION

{0120 tn the description, numerous specific details were set forth in order to provide a
thorough wnderstanding of the presented embodiments. The disclosed embodiments may be
practiced withont some or all of these specific details. In other instances, well-kniown process
operations were not described in detsil to not unnecessanly obscure the disclosed
embodiments, While the disclosed embodiments were described in conjunction with the
specific embodiments, i will be understood that the specific embodiments are not intended to

limit the disclosed embodiments,

0121 Undess otherwise indicaied, the method operations and device features disclosed
harein involves technigues and apparatus commonly used in metvology, semiconductor device
fabrication technology, software design and progranuning, and statistics, which are within the

skill of theart.

{1122} Unless defined otherwise herein, all technical and scieniific terms used hevein have
the same memung as commonly understood by one of ordinary skill in the ant.  Various
scientitic dictionaries that include the terms included herein gre well known and available to
those inthe art. Although any methods and matenials similar or equivalent to those described
herein find use in the practice or teshing of the embodiments disclosed herein, some methods

and materialy ave described.

[0¥234 Numeric ranges are inclusive of the numbers defining the range. Tis intended that
every maxinnan pumerical imitation given throughout this specification includes every lower
mamerical Hmitation, s i such lower nwmerical hmitations were expressly written herein,
Every minimum munerical Hmitation given throughout this specification will inclode every
higher mupmerical Hmitation, as if such higher numerical limitations weare expressly wrilten

herein. Every numerical range given throughost lus specificapon will include every navvower
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numerical range that falls within such broader munerical range, as if such narrower numerical

ranges were all expressy written heram,
{0124]  The headings provided berein are not intended to Iimit the disclosure.

{01281 Asused herewn, the singular terms "2, “an,” and “the”™ tnclude the plural reference
unless the context clearly mdicates otherwise. The term “or™ as used herein, refers to a non-

exvlusive or, wndess otherwise mdicated.
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CLAIMS

what is olgimed i

1. A defect analysis computational systern comprising:
{2) On& O DIOTS Processors:
{b} program mstructions for execuling on the one or more provessors, the program
tatrictions defining:
oue or more first stage defect clossification engines configuwred to

recetve metrology data acquired for defiects on a substrate comprising
electromc devices or parually fabricated clectrome devices, wherein the metrology data
includes an image, composition data, sndior a wafer map, and

produce a first stage defect classification from the mewrology data; and

a second stage detect classification enging configured to:

receive the first stage defect classification prodoced by the one or more first
stage defect classification engings,

receive manutactuning information comprising data about {1} manufacturing
equipment that conducts a fabrication process on the subsirate and produces the defects on
the substrate, {1t} the fabrication process, (111} one or more matenals on the subsirate, and/for
{iv} prior defect classification for the wmanufaciuring equipioent andfor fabrication provess,

determine, nsing the first stage defect classification and the manufacturing
iformation, one or more sources of the defects on the substrate, and

output a hikelthood of the defects being vaused by a [irst source associated
with the manufacturing eguipment, ong or more materials on the substrate, and/or fabrication

process.

2. The defect analysis computational system of claim 1, wherein the metrology data

connprises the iingge, the composition data, and'the waler map.
3. The defect analysis computational system ol any of claims 1-2, wherein the metrology

data comprises metadata pertaining to an inspection too! used in obiaining the metrology

daia.
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4. The defect analysis computational system of any of claims 1-3, wherein the first stags

defect classification comprises 8 momphology classification for the defects on the substrate,

3. The defect analyxis computational system of aty of claims 1-4, wheredn the fifst stage

defect classilication comprises a composition classification for the defects on the substrate.

&, The defect analysis computational systen ol any of claims 1-5, wherein the first stage

defect classification comprises a wafer map classification for the defects on the substrate,

7. The defect analyus comprutational system of sny of claims 1-6, wherein the first stage

defiect classification enging comprisgs one or more neural networks.

8. The defect analysis computational systenmt of any of claims 1-7, wherein the manufacturing
equipment is a dry etch reactor, a chemical vapor deposition regctor, an atowaie layer

deposition reactor, a physical vapor deposition reactor, or an electroplating reacior.

9, The defsct analysis computational system of sy of claims 1-8, wherein the second stage
defect classification sngine is additionalty configured to further classify the defects on the

substrate.

1, The defect analysis computational system of any of claims 1-9, wherein the second stage
defect classitication engine 15 additionally configured to provide suggested corrective actions
to reduce generation of defects on the substrate and/or redoce occwrrences of defects on

substrates processad in the future.

11, The defect analysis compuiational system of any of claims 1-10, wherehn the second
stage defect classification engine s configured to determine the one or more sources of

defects on the substrate by using 3 Bayesian analysis.

12. The defect analysis computabiongl system of any of claims 1-11, whereim the metrology

data was obtained i size during the fabrication process.

13. The defect analysis computational system of any of claims 1-12, wherein the one ormore
first stage delect classification engines are {urther configured to receive sensor data selected
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from the group consisting of environmental conditions of the fabrication provess, change in
the mass of the substrate during the fabrication process, mechanical forces experienced
during the fabrication process, and conbinations thereof, and whersin the second stage defict
classification engioe 18 further configured to determine the one or more sources of defects on

the spbsirate using the sensor data.

14, A computational method of analyzing defects, the method comprising:

regeiving metrology data acquived for defects on a substrate comprising electronic
devices or partially fabricated electronic devices, whergin the metrology data includes an
image, composition data, sedior 8 wafer mapy

producing a first stage defect classification from the metrology datg;

recetving manalactaring information comprising data abowt (3 manalactning
gquipment that condugts g fabrication process on the substeate and produces the defects on
the substrate, (1) the fabrication process, (it} one or more muterials on the subsivate, and/or
{iv) prior defect classification for the manafacturing equipment andfor fabrication process,

deterniining, using the first stage defoct classification and the manalacunng
mivrmation, ong or more likely sources of the defects on the substrate, and

outpuiting & likelihood of the defects belng caused by g fisst sowrce associated with
the manefachuring equipment, one or more materials on the substrate, andior falwication

PIOCEss.

15, A computer progran product for analyzing defects, the computer program product
comprising a non-transitory computer readable medium on which is provided computer
executable tnstructions for

receiving metrology data acquited for delects on g substrate comprising electronic
devices or partially fabricated elecironic devices, wherein the metrology data meludes an
mage, composttion data, andfor a wafer map;

producing a first stage defect classification from the metrology data;

receiving manufachiring information comprising data about {1} manufacturing
equipment that conducts a fabrication process on the substrate and produces the defects on
the substrate, (i) the fabrication process, (1) one or more materials on the substrate, andfor

{1v) prior defect classification for the manufacturing equipment and/or fabrication process,
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determining, using the first stage defect classification and the manufacturing
information, one of more bkely sources of the defects on the aubstrate, and

putputting a likelihood of the defects being cansed by a first source associated with
the manufachring equipment, one of more materials on the substrate, and/or kbricalion

PrOCeEsS.

16, The computer program product of claim 15, wherein the metrology data comprises the

image, the composition data, and the waler map.

17, The computer program product of any of clatns 15-16, wherein the metrology data

conprises metadata pertaining to an inspection too! nsed in obtaining the metroloyy data.

18. The computer program product of any of claims 153-17, whevein the fiest stage defect

classifteation compnises a morphology classification for the defects on the substrate.

19, The computer program product of any of claims 1518, wheremn the fivst stage defect

classification comprises a composition classification for the defscts on the substrate.

20. The computer program produoct of any of clabms 15-19, wheremn the fivst stage defect

classilication comprises a wafer map classification for the defects on the subsirate.

21, The computer program product of any of claims 15-20, wherein the computer executable
stractions for producing the frst stage defect classification from the metrology data
comprise computer executable instructions for processing the metrology data on one of more

neural networks,

22. The computer program product of any of claims 15-21, whevein the manufaciuning
equipment is a dry etch regctor, a chemical vapor deposition reactor, an atormie layer

deposition reactor, a physical vapor deposition reactor, or an electroplating reactor,

23, The computer program product of any of clains 15-22, wherein the computer executable
mmstructions for deternuning the one or more hikely sources of the defects on the substrate
comprise instructions for further classifying, beyond the fivst stage defeet classification, the
defects on the substrate,
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24, The computer program product of any of claims 15-23, further comprising computer
exgcutable instructions for providing suggested corrective actions {0 reduce gengration of
defects on the substrate and/or reduce cccurrences of defects on sebsirates processed in the

faiure:

25, 'The computer program product of any of claims 15-24, wherein the computer executable
instractions for determiming the one or more likely sources of the defects on the substrate

conywise compnter executable instructions for conducting a Bayesian analysis.

26, The computer program product of any of claims 13-23, wherein the metrology data was

obtained & s duning the fabrication process.

27, The computer program product of any of claims 15-26, wherein the computer executable
instractions for producing the first stage defect classification comprise computer executable
mstructions for vecetving sensor data selected fromt the group cousisting of envirowmmental
conditions of the fabrication process, change in the mass of the substrate during the
fabrication process, wechanical forces expenenced during the fabrication process, and
combinations thereof, and whergin the mstructions for determiining the one or more likely

sources of the defects on the substrate comprise instructions using the sensor data

28, The computer program produet of any of claims 13-27, further comprising computer
execuiable instructions for using the likelibood of the defects being caused by a fivst source
assecigted with the manpfaciuring equipment andfor fabrication process to generate a dighial

twin of the manufacturing equipment andior fubrication process.
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fabrication process, (i) one or more materials %203
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classification for the manufacturing equipment
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