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METHODS AND SYSTEMS FOR DETERMINING QUALITY OF
SEMICONDUCTOR MEASUREMENTS

TECHNICAL FIELD
[0001] The described embodiments relate to metrology
systems and methods, and more particularly to methods and
systems for improved measurement of semiconductor

structures.

BACKGROUND INFORMATION
[0002] Semiconductor devices such as logic and memory
devices are typically fabricated by a seguence of
processing steps applied to a specimen. The various
features and multiple structural levels of the
semiconductor devices are formed by these processing steps.
For example, lithography among others is one semiconductor
fabrication process that involves generating a pattern on a
semiconductor wafer. Additional examples of semiconductor
fabrication processes include, but are not limited to,
chemical-mechanical polishing, etch, deposition, and ion
implantation. Multiple semiconductor devices may be
fabricated on a single semiconductor wafer and then
separated into individual semiconductor devices.
[0003] Metrology processes are used at varicus steps
during a semiconductor manufacturing process to detect
defects on wafers to promote higher vield. Optical and X-

ray based metrology techniques offer the potential for high
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throughput without the risk of sample destruction. A
number of metrology based technigques including
scatterometry, reflectometry, and ellipsometry
implementations and associated analysis algorithms are
comrmonliy used to characterize critical dimensions, film
thicknesses, composition, overlay and other parameters of
nanoscale structures.

[0004] Many metrology technigues are indirect methods of
measuring physical properties of a specimen under
measurement. In most cases, the raw measurement signals
cannot be used to directly determine the physical
properties cf the specimen. Instead, a measurement medel
is employed to estimate the values ¢of one or more
parameters of interest based on the raw measurement
signals. For example, ellipsometry is an indirect method
of measuring physical properties of the specimen under
measurement. In general, a physics-based measurement model
or a machine learning based measurement model is required

to determine the physical properties of the specimen based

on the raw measurement signals (e.9., Opeas and Preas) -

[0005] In some examples, a physics-based measurement model
is created that attempts to predict the raw measurement
signals (.., Ogeas and Puess) based on assumed values of one
or meore model parameters. As illustrated in eguations (1)
and (Z), the measurement model includes parameters
associated with the metrology tool itself, e.g., machine
parameters (Pmacnine),» and parameters assoclated with the
specimen under measurement. When solving for parameters of
interest, some specimen parameters are treated as fixed
valued (Pgspec-rixed) and other specimen parameters of interest
are floated (Pspec-fioar), 1.2., resolved based on the raw

measurement signals.



WO 2022/066378 PCT/US2021/048591

Todel = f(Pmachinel Pspec-fixed» Pspec——-float) (1)

ﬁmodel = g(Pmachinet Pspec—fixed» Pspec—float) (2)

[0006] Machine parameters are parameters used to
characterize the metrology tool (e.g., ellipsometer 101).
Exemplary machine parameters include angle of incidence
(ACI), analyzer angle (Ay), polarizer angle (Py),
illumination wavelength, numerical aperture (Na),
compensator or waveplate (if present), etc. Specimen
parameters are parameters used to characterize the specimen
{e.g., material and geometric parameters characterizing the
structure(s) under measurement). For a thin film specimen,
exemplary specimen parameters include refractive index,
dielectric function tensor, nominal layer thickness of all
layers, lavyer seqguence, etc. For a CD specimen, exemplary
specimen parameters include geometric parameter values
associated with different layers, refractive indices
assocliated with different layers, etc. For measurement
purposes, the machine parameters and many of the specimen
parameters are treated as known, fixed valued parameters,
However, the values of one or more of the specimen
parameters are treated as unknown, floating parameters of
interest.

[0007] In some examples, the values of the floating
parameters of interest are resolved by an iterative process
{e.g., regressiocn) that produces the best fit between
theoretical predictions and experimental data. The values
of the unknown, flcating parameters of interest are varied
and the model output values (€.9., Umoger and Puroger) are
calculated and compared to the raw measurement data in an
iterative manner until a set of specimen parameter values

are determined that results in a sufficiently close match

oy
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between the model output values and the experimentally
measured values (e.dg., Opess and Press) - In some other
examples, the floating parameters are resolved by a search
through a library of pre-computed solutions to find the
closest match.

[0008] In some other examples, a trainsed machine learning
based measurement model is employed to directly estimate
values of parameters of interest based on raw measurement
data. In these examples, a machine learning based
measurement model takes raw measurement signals as model
input and generates values of the parameters of interest as
model output.

[0009] BRoth physics based measurement models and machine
learning based measurement models must be trained to
generate useful estimates of parameters of interest for a
particular measurement application. Generally, model
ftraining 1is based on raw measurement signals collected from
specimen having known values of the parameters of interest
{i.e., Design of Experiments (DOE) data).

[0010] A machine learning based measurement model is
parameterized by a number of weight parameters.
Traditionally, the machine learning based measurement model
is trained by a regression process (e.g., ordinary least
squares regression). The values of the weight parameters
are iteratively adijusted to minimize the differences
between the known, reference values of the parameters of
interest and values of the parameters of interest estimated
by the machine learning based measurement model based on
the measured raw measurement signals.

[0011] As described hereinbefore, a physics based
neasurement model is parameterized by a number of machine
parameters and specimen parameters. Traditionally, a

4
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physics based measurement model is also trained by a
regression process (e.g., ordinary least sguares
regression). One or more of the machine parameters and
specimen parameters are iteratively adjusted to minimize
the differences between the raw measurement data and the
modelled measurement data. For each iteration, the values
of the particular specimen parameters of interest are
maintained at the known DOE values.

[0012] Both trained machine learning based measurement
models and physics based models estimate values of
parameters of interest based on measurement data. The
accuracy of the estimation depends on measurement data.
For example, measurement data outside the domain of the
measurement data observed during the model training phase
may give rise to large prediction errors due to
extrapolation.

[0013] Traditionally, several technigues have been
explored to quantify ocutput uncertainty associated with
each measurement site. These technigues include Bayesian
regression {(e.g., linear process regression, Gaussian
process regression, etc.) using variaticnal inference and
Markov Chain Monte Carlo (MCMC) methods, Monte Carlo
dropout as a Bayesian neural network, bootstrap sampling,
output variation from different hyper parameter
combinations, estimating the distance of the sample to the
center of the training set, etc.

[0014] Unfortunately, these traditional technigues have
met with limited practical success. Each of the
aforementioned techniques represents an ensemble mean
prediction that is not connected to the trained measurement
model. The ensemble mean prediction is not the same as the

prediction of an optimally trained measurement model.



WO 2022/066378 PCT/US2021/048591

Thus, ensemble mean prediction falils to accurately estimate
measurement uncertainty and fails to directly measure the
quality cof the measurement model. In addition, Bayesian
regression and bootstrap sampling are computationally
expensive and practically unsuitable for implementation as
part of a high volume semiconductor fabrication facility.
Finally, the aforementioned techniques are not normalized.
Without normalization, the results cannot be consistently
interpreted across different measurement recipes or
structures under measurement.

[0015] Future metrology applications present challenges
for metrology due to increasingly small resolution
regquirements, multi-parameter correlation, increasingly
complex geometric structures, and increasing use of cpaque
materials. Thus, methoeds and systems for improved

assessment of measurement quality are desired.

SUMMARY
[0016] Methods and systens for estimating a value of a
quality metric indicative of one or more performance
characteristics of a semiconductor measurement are
presented herein. A gquality metric is determined from a
quality metric model trained based on actual measurement
data, simulated measurement data, or both, and reference
measurement data. Once trained, the gquality metric model
enables the calculation of a guantitative guality metric
indicative of measurement gquality for a particular
measurement recipe based on measurement data collected from
inline wafers at each measurement site without using
reference metrology. The value of the quality metric is
normalized to ensure applicability across a broad range of

measurement scenarios.
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[0017] In some embodiments, a value of a guality metric
is determined for each measurement sample during
measurement inference. In some embodiments, the trained
measurement model is a defect classification model trained
to detect and classify defects from measurement data.

[0018] In general, a guality metric may be employed for
a variety of other purposes. A guality metric may be
specifically employed to characterize the uncertainty
associated with a measured parameter of intervest, defect
classification, etc. In some other examples, a gquality
metric is employed as a filter to detect measurement
outliers. In some other examples, a guality metric is
employed as a trigger to adiust a semiconductor process.
Similarly, in some examples, guality metric values are
emploved to detect wafers that are not within manufacturing
specifications. In some of these examples, quality metric
values are employved to detect when a measurement tocl bias
has drifted out of specification. In other exanples,
quality metric values are employed to detect when a
measurement error blas has drifted out of specification.
[0018] In one aspect, a guality metric model is trained by
training parameters of a data reconstruction model. A data
reconstruction model reconstructs each feature of a
measuremnent data set based on the other features of the
measurement data set and the values of the one or more
parameters of interest estimated by a trained measurement
model based on the measurement data set.

[0020] In another aspect, a trained guality metric model
is emplovyed to determine a value of a quality metric
assoclated with a particular measurement based on the

amcunt of measurement data.
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[0021] In a further aspect, the raw guality metric value
is normalized to broaden the applicability of the quality
metric value to multiple recipes, tools, layers, use cases,
etc. In this manner, the normalized guality metric 1s an
index of measurement performance of a wide range of
measurement scenarios.

[0022] In ancother aspect, the training data and
measurement data employed to train and use a guality metric
model as described herein is simulated, collected from
actual measurements, or both, from multiple targets located
in close proximity on a wafer. In some embodiments, the
measurement targets under measurement as described herein
may be actual device structures rather than a dedicated
metrology target.

[0023] In another aspect, the training data and
measurement data employed to train and use a guallty metric
model as described herein is collected from one or more
targets by multiple, different metrology systems.

[0024] In some embodiments, the metrclogy systems
employed to collect measurement data to estimate parameters
of interest are different from the metroclogy systems
employed to collect measurement data to estimate values of
a quality metric.

[0025] In another further aspect, multiple, different
parameters c¢f interest are measured and corresponding
quality metrics are evaluated for each different parameter
of interest. In some embodiments, guality metrics
associated with multiple, different parameters of interest
are employed Lo more clearly identify the measurement
uncertainty asscciated with a particular measurement
recipe, more clearly identify when a change in process

parameters is required, or both.
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[0026] In ancther further aspect, values of parameters
of interest, the corresponding quality metric values, or
both, associated with structures in close proximity to a
measurement target are employed to more clearly identify
when a change in process parameters is required.

[0027] In yet another further aspect, the measurement
results described herein can be used to provide active
feedback to the process tool (e.g., lithography tool, etch
tool, deposition tool, etc.).

[0028] The foregeoing is a summary and thus contains, by
necessity, simplifications, generalizations and omissions
of detail; conseguently, those skilled in the art will
appreciate that the summary is illustrative only and is not
limiting in any way. Other aspects, inventive features,
and advantages of the devices and/or processes described
herein will become apparent in the non-limiting detailed

description set forth herein.

BRIEF DESCRIPTION OF THE DRAWINGS
[0029] FIG. 1 depicts an illustration of a wafer
metrology system 100 for monitoring the measurement guality
of measurements performed on a wafer in accordance with the
exemplary methods presented herein.
[0030] FIG. 2 is a diagram 1llustrative of an exemplary
measurement guality model tralning engine 150 in one
embodiment.
[0031] FIG. 3 is a diagram illustrative of an exemplary
measurement guality engine 160 in another embodiment.
[0032] FIGS. 4A-4F are plots illustrative of the
correlation between the absolute errors in the values of a

parameter of interest determined by a measurement model and
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the corresponding guality metric values associated with
each measurement.

[0033] FIG. 5 is a plot indicative of the distribution
of quality metric values calculated for a number of
measurement sites on each of a number of wafers.

[0034] FIG. 6 illustrates a flowchart of a method 300
for estimating values of a guality metric indicative of one
or more performance characteristics of a semiconductor

measurement.

DETATILED DESCRIPTION
[0035] Reference will now be made in detail to
background examples and some embodiments of the invention,
examples of which are 1lllustrated in the accompanvying
drawings.
[0036] Methods and systems for estimating a value of a
quality metric indicative of ocone or more performance
characteristics of a semiconductor measurement are
presented herein. A guality metric is determined from a
quality metric model trained based on actual measurement
data, simulated measurement data, or both, and reference
measurement data. Once trained, the quality metric model
enables the calculation of a guantitative guality metric
indicative of measurement guality for a particular
measurement recipe based on measurement data collected from
inline wafers at each measurement site without using
reference metrology. The value of the guality metric is
normalized to ensure applicability across a broad range of
measurement scenarios.

guality metric is

s8]

[0037] In general, the value of
indicative of measurement uncertainty, abnormality of

measurement data compared to training data, confidence of

10
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the values of parameters of interest estimated using the
trained measurement model, need to adjust process variables
at wafer level or wafer lot level, etc.

[0038] In some embodiments, a value ¢f a guality metric
is determined for each measurement sample during
measurement inference. In some of these embodiments, a
semiconductor measurement involves inferring values of one
or more parameters of interest from measurement data using
a trained measurement model. In some of these embodiments,
the trained measurement model is physics-based. In some
other embhodiments, the trained measurement model is a
machine learning based measurement model (e.g., linear
model, neural network model, convolutional network model,
etc.). If the estimated value of the gquality metric
indicates that measurement quality is insufficient, the
measurement is flagged. In some examples, repeated
instances of insufficient measurement guality indicate that
the measurement model is outdated and reguires re-training.
[0039] In some embodiments, the trained measurement
model is a defect classification model trained to detect
and classify defects from measurement data. In these
embodiments, a trained quality metric model is employed to
determine the uncertainty of the defect classification. In
some of these embodiments, the measurement data is image
data, and the trained guality metric model is employed to
determine the uncertainty of the defect detection from the
image data.

[0040] In some embodiments, the trained measurement
model is a metrology model trained to estimate values of
gecmetric parameters of interest (e.g., critical
dimensions, overlay, etc.), dispersion parameters of

interest (e.g., index of refraction, etc.), process

i1
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parameters of interest (e.g., lithographic focus, dosage,
etc.), electrical properties of interest (e.g., bandgap,
etc.), or any combination thereof. In these embodiments, a
trained guality metric model 1s employed to determine the
uncertainty of the estimated parameters of interest.

[0041] A qgquality metric may be specifically employed to
characterize the uncertainty asscciated with a measured
parameter of interest, defect classification, etc.

However, in general, a guality metric may be employed for a
variety of other purposes. In some examples, a guality
metric is employed as a filter to detect measurement
outliers. In one example, the value of a guality metric
associated with a particular measurement is compared to a
predetermined threshold value. If the quality metric value
exceeds the predetermined threshold value, the measurement
is considered an outlier. In some examples, a guality
metric 1s emploved as a trigger to adjust a semiconductor
process. For example, if the average value of a number of
quality metrics each assoclated with a different instance
of the same measurement exceeds a predetermined threshold
value, the process 1s adjusted to bring the average value
of the quality metric back into a desired range.

[0042] Similarly, in some examples, quality metric
values are employed toc detect wafers that are not within
manufacturing specifications. 1In some of these examples,
quality metric values are employed to detect when a
measurement tool bias has drifted out of specification. In
other examples, guality metric values are employed to
detect when a measurement error blas has drifted out of
specification.

[0043] FIG. 1 illustrates a system 100 for measuring

characteristics of a specimen and evaluating a quality
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metric assoclated with each measurement in accordance with
the exemplary methods presented herein. As shown in FIG.
1, the system 100 may be used to perform spectroscopic
ellipsometry measurements of structure 101. In this
aspect, the system 100 may include a spectroscopic
ellipsometer equipped with an illuminator 102 and a
spectrometer 104. The illuminator 102 of the system 100 is
configured to generate and direct illumination of a
selected wavelength range (e.g., 100-2500 nm) to the
structure disposed on the surface of the specimen upon
which structure 101 is fabricated. In turn, the
spectrometer 104 is configured to receive illumination
reflected from structure 101. It is further noted that the
light emerging from the illuminator 102 is polarized using
a polarization state generator 107 to produce a polarized
illumination beam 106. The radiation reflected by
structure 101 1s passed through a polarization state
analyzer 109 and to the spectrometer 104, The radiation
received by the spectrometer 104 in the collection beam 108
ig analyzed with regard to polarization state, allowing for
spectral analysis by the spectrometer of radiation passed
by the analyzer. These spectra 111 are passed to the
computing system 130 for analysis of the structure as
described herein.

[0044] As depicted in FIG. 1, system 100 includes a
single measurement technology (i.e., SE). However, in
general, system 100 may include any number of different
measurement technologies. By way of non-limiting example,
system 100 may be configured as a spectroscopic
ellipsometer (including Mueller matrix ellipsometry), a
spectroscoplic reflectometer, a spectroscoplc scatterometer,

an overlay scatterometer, an angular resolved beam profile

A
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reflectometer, a polarization resolved beam profile
reflectometer, a beam profile reflectometer, a beam profile
ellipsometer, any single cr multiple wavelength
ellipsometer, or any combination thereof. Furthermore, in
general, measurement data collected by different
measurement technologies and analyzed in accordance with
the methods described herein may be collected from multiple
tools, a single tool integrating multiple technologies, or
a combination thereof.

[0045] In a further embodiment, system 100 may include
one or more computing systems 130 employved to perform
measurements of structures and determine guality metric
values in accordance with the methods described herein.

The cne or more computing systems 130 may be
communicatively coupled to the spectrometer 104. In cne
aspect, the one or more computing systems 130 are
configured to receive measurement data 111 associated with
measuremnents of a structure under measurement {(e.g.,
structure 101).

[C046] In one aspect, computing system 130 is configured
as a measurement gquality model training engine to train a
quality metric model associated with measurements of
structures under measurement. FIG. Z 1is a diagram
illustrative of an exemplary measurement quality model
training engine 150 in one embodiment. As depicted in FIG.
2, measurement quality model training engine 150 includes
an optional data transformation module 151, a trained
measuremnent model module 153, and a data reconstruction
model training module 155.

[0047] A quality metric model 1s trained based on an
amount of training data and reference data. Training data

includes actual measurement data, simulated measurement
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data, or both. In some embodiments, training data includes
simulated measurement data from the simulation of a
measurement of particular target by a particular
measurement tool. In some embodiments, training data
includes actual measurement data from the measurement of
particular target by a particular measurement tool. In
some of these embodiments, the measurement data includes
actual measurements of targets on nominal wafers. In some
of these embodiments, the measurement data includes actual
measurements of targets on Design Of Experiments (DOE)

wafers having known, programmed values of parameters of

interest.
[0048] Training data may be simulated, collected, ozr
both, for any of a variety of measurement objectives. In

some embodiments the measurement objective 1s measurement
accuracy, measurement precision tracking, tool-to-tool
matching, wafer-to-wafer variation, etc.

[00482] As described hereinbefore, training data is
reguired to train a measurenent model. The training data
employed to train the guality metric model may be the same
training data set employed to train the corresponding
measurement model, a subset of the training data set
employed to train the corresponding measurement model, or a
data set different from the training data set employed to
Train the ccorresponding measurement model. In a preferred
embodiment, the training data employed to train the quality
metric model is the same data set or a subset of the data
set employed to train the corresponding measurement model.
[00501] The reference data emploved to train a guality
metric model includes trusted values of the one or more
parameters of interest associated with the measurement. In

some embodiments, the reference data is obtained from a
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reference metrology system, i.e., a metrology system
trusted to provide a suitable measurement of the parameter
of interest. In some embodiments, the reference data is
provided by a user of the measurement system based on
experience. In some embodiments, the reference data is
provided as the known, programmed values of the parameters
of interest associated with the measured DOE wafers. In
some empodiments, the reference data is derived from a
statistical analysis of measurements of the parameters of
interest by multiple, different measurement technigques. In
some embodiments, the reference data is derived from known
vhysical constraints.

[0051] In general, the reference data expresses the
values of one or more parameters of interest in varicus
terms such as precision, accuracy (e.qg., bias), tracking
{(e.g., correlation to reference), tool-to-tool matching,
within wafer variation, wafer mean, wafer signature, wafer
to wafer variations, etc.

[0052] In some embodiments, features of the training
data set are directly employved as input data to train the
gquality metric model. However, in some other embodiments,
the training data set is transformed to a reduced dimension
and the features of the reduced training data set are
directly employed to train the guality metric model. In
many practical situations it 1s preferred to reduce the
dimension of the training data set to reduce the
computational burden. In one example, a set of measured
spectra employed as training data may include thousands of
features (e.g., 15,000 measured signals). However, using
data reduction, the dimension of the training data set may
be reduced by one or more orders of magnitude {(e.g., 200

signals).
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[0053] In some embodiments, data feature dimension
reduction is achieved by principle component analysis,
where the measured data set is resolved into a much smaller
set of principle components. In general, any suitable data
reduction technigque may be employed, e.g., Fourier
analysis, wavelet analysis, discrete cosine transform
analysis, etc.
[0054] As depicted in FIG. 2, training data set 157 is
received by data transformation module 151. In one
example, data transformation module 151 transforms the
features of the training data set 157 to a set of principal
components 152 having n components as depicted in Equation
(1}, where PCT is the vector of principle components of the
training data set 152 communicated to tralned measurement
model module 153 and data reconstruction model training
module 155,

PCT = [pPCT, PCT, ..., PCT] (1)
[0055] In one aspect, a quality metric model is trained by
training paransters of a data reconstruction model. A data
reconstruction model reconstructs each feature of a
measurement data set based on the other features of the
measurement data set and the values of the one or more
parameters of interest estimated by a trained measurement
model based on the measurement data set.
[0056] In one example, a data reconstruction model is
illustrated in Egquation (2), where, PC; is the i*h feature
of the measurement data set, PC:", i1s the reconstructed
value of PC;, v is the measured parameter(s) of interest,
gir 1s the reconstruction function associated with the ith
feature of the measurement data set, and P, are
reconstruction model constants associated with the i™

reconstruction function.
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PC" = g4(PCo, PCyy o, PCoy v, % 7% 4 PO
PC," = g,(PCy, PCs, ., PCy, v, Y2, 72, ¥4 PO]) (2)

PCn* = gn(Pcll PCZ! ey PCn—-ll yly2'y3)y4J Pn)])
In the example illustrated in Equation (2}, each feature of
the measurement data set 1s a principle component. In
general, the reconstruction functiocn, g, may be any
suitable parameterized model, e.g., a linear model, a
neural network model, etc. In the example illustrated in
Equation (2), each principal component reconstruction is a
function of the measured parameter of interest up to a 4th
order polynomial basis, principal components of the
measurement data set except for the principal component
being reconstructed, and the constant parameters of each
reconstruction function, g.
[0057] The data reconstruction model is trained based on
the training data set {(with or without data reduction) and
the values of the parameters of interest, vy, either known
from reference measurements or calculated from the training
data set using the trained measurement model. The training
results in a tuned set of model parameters, e.g., P;. As
depicted in FIG. 2, the trained data reconstruction model
156 is stored in memory 132.
[0058] As depicted in FIG. 2, the set of principal
components 152 1s communicated to trained measurement model
module 153. The trained measurement model module 153
determines values of one or more parameters of interest, v,
based on the set of principle components 152 using the
Trained measurement model. The calculated values of the
parameters of interest 154 are communicated to the data
reconstruction model training module 1535. In this example,
the values ¢f the parameters of interest, y, are calculated

18
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from the training data set using the trained measurement
model. In an alternative example, the wvalues of the
parameters of interest 154 are communicated directly to the
data reconstruction model training module 155.

[0059] In some embodiments, the data reconstruction model
is trained by minimizing the sum of the differences between
each feature of the training data set and each
corresponding reconstructed feature; typically expressed as
a least sguares minimization. Equation (3) illustrates a
data reconstruction model training by way of non-limiting

example.

n
minZ(Pc;r - PC) =
i=1

min XL (PCT — gi(PCy, PCa o, PGy, PCiya, . PGy Y2 YA Y4 POD (3

[0060] In some other embodiments, the data reconstruction
model is trained based on specific domain knowledge
associated with the training data. Domain knowledge is
expressed as one or more probability distributions, which
are, 1in turn, employed to regularize the optimization
process employed during training. In this manner, the
optimization process 1s physically regularized by one or
more expressions of the physically based probability
distributions. By way of non-limiting example, probability
distributions associated with measurement precision, tool
te tool matching, tracking, within wafer wvariations, etc.
are emploved to physically regularize the optimization
process. In this manner, domain knowledge acguired from
experience, measurement data, and physics is directly
expressed in the objective function driving the

optimization of the data reconstruction model. As a
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result, domain knowledge 1is fully exploited in the quality
metric model development process.

[0061] In another aspect, a trained quality metric model
is employed to determine a value of a guality metric
assoclated with a particular measurement pased on the
amount of measurement data.

[0062] The measurement data includes actual measurement
data, simulated measurement data, or both. In some
embodiments, measurement data includes simulated
measurement data from the simulation of a measurement of
one or more measurement targets that are structurally
different from measurement targets employed as part of the
training data set.

[0063] In some embodiments, measurement data includes
actual nmeasurement data from the measurement of particular
targets by a particular measurement tocl. Typically, the
measurement data includes actual measurements of targets on
nominal wafers. In scme embodiments, measurement data is
collected from multiple wafers to estimate wafer to wafer
variation. In some embodiments, measurement data 1is
collected from DOE wafer to estimate measurement accuracy,
precision tracking, or both. In some embodiments,
measurement data 1s collected by multiple measurement
systems to estimate tool to tool matching.

[0064] In some embodiments, features of the measurement
data set are directly employed as input data to the trained
quality metric model. However, in some other embodiments,
the measurement data set is transformed to a reduced
dimension and the features of the reduced measurement data
set are directly employved as input data to the trained
quality metric model. In many practical situations it is

preferred to reduce the dimension of the measurement data
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set to reduce the computational burden. In general, the
same data feature dimension reduction technique employed to
reduce the training data set ig also employed to reduce the
measurement data set.
[0065] In some embodiments, data feature dimension
reduction is achieved by principle component analysis,
where the measured data set is resolved intc a much smaller
set of principle components. 1In general, any suiltable data
reduction technigue may be employed, e.g., Fourier
analysis, wavelet analysis, discrete cosine transform
analysis, etc.
[0066] As depicted in FIG. 3, measurement data set 173
is received by data transformatiocn module 1€1. 1In one
example, data transformation module 161 transforms the
features of the training data set 173 to a set of principal
components 162 having n components as depicted in Equation
{4), where PC is the vector of principle components of the
measurement data set 162 communicated te trained
measurenent model module 163 and trained data
reconstruction module 165.

PC = [Py, PC,, ..., PC,] {4)
[0067] As depicted in FIG. 3, the set of principal
components 162 is communicated to trained measurement model
module 163. The trained measurement model module 163
determines values of one or more parameters of interest, vy,
based on the set of principle components 162 using the
trained measurement model. The calculated values of the
parameters of interest 164 are communicated to the trained
data reconstruction module 165, Exemplary parameters of
interest include geometric paranmeters, dispersion
parameters, process parameters or electrical parameters

characterizing the measured structure.
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[0068] Alternatively, the measurement data set 173 is
processed by the ftrained measurement model to estimate
values of one or more parameters of interest characterizing
the measured structure, e.g., V.

[0069] The data reconstruction medel reconstructs each
feature of the measurement data set (or reduced measurement
data set) based on the other features of the measurement
data set and the values of the one or more parameters of
interest estimated by the trained measurement model based
on the measurement data set. In one example, a data
reconstruction model is illustrated in Eguation (2). In
this example, PC; is the 1tk feature of the measurement data
set, PC:", 1s the reconstructed value of PC;, vy is the
measured parameter(s) of interest, gi, 1s the reconstruction
function assocociated with the 1™ feature of the measurement
data set, and P; is the vector of reconstruction model
constants associated with the 1*h reconstruction function.
[0070] As depicted in FIG. 3, the set of principle
components 162 and the calculated values of the parameters
of interest 164 are communicated to the trained data
reconstruction module 165. The reconstruction functions
and reconstruction model constants are known. The trained
data reconstruction module 165 determines the values of the
reconstructed measurement data set, e.g., reconstructed
principle components 166, using the trained data
reconstruction model as illustrated in Eguation (2) by way
of non-limiting exanmple.

[0071] In general, 1if the measurement data under
evaluation is close to the training space, each data
feature, e.g., PCi, will be similar to its corresponding

reconstructed data feature, e.g., PC".
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[0072] As depicted in FIG. 3, the trained measurement
model module 167 receives the reconstructed measurement
data set 166 and estimates values of the one or more
parameters of interest 168 characterizing the measured
structure, e.g., vy, using the trained measurement model.
[0073] As depicted in FIG. 3, the guality metric module
169 receives the values of the one or more parameters of
interest 168 determined based on the reconstructed
measurement data set and the one or more parameters of
interest 164 determined based on the nmeasurement data set.
A raw guality metric value 170 is determined as an absolute
difference between the measured value of the parameter of
interest, e.g., y, and the value of the parameter of
interest estimated using the reconstructed measurement
data, e.g., v', as 1llustrated by Equation (35), where QOM;ay
is the value of the raw guality metric. The difference
indicates the uncertainty in the value of the parameter of
interest estimated using the measurement model.

QMpqy = ly — ¥7| {3)
[0074] As depicted in FIG. 3, the normalization module
171 normalizes the raw quality metric value 170 to generate
a normalized gquality metric value 172 stored in memory 132.
The scale of the raw gquality metric value varies depending
on layer, tool, measurement recipe, use case, etc. In a
further aspect, the raw guality metric value is normalized
to broaden the applicability of the guality metric value to
multiple recipes, tools, lavers, use cases, etc. 1In this
manner, the normalized quality metric is an index of
measurement performance of a wide range of measurement
scenarios.
[00758] In some examples, the normalized guality metric

value is bounded from zero to one. In this manner, the
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normalized gquality metric value 1s standardized and
consistent. Smaller values indicate a high confidence
meagsurement, and vice-versa.

[0076] In some embodiments, normalization of a raw
quality metric value is achieved in an iterative manner.
First, a normalized gquality metric value is determined
based on the raw quality metric value and an initial value
of a normalization factor, «f. By way of non-limiting
example, Eguation (&) illustrates a first iteration of the
normalization of a raw quality metric value, where QMp,wm 18
the normalized quality metric value, QMyaw 1is the raw
quality metric value, a is the initial value of the
normalization factor, o, and QM.ririca: 1s the 95% guantile
value of the distribution of values of the raw quality
metric value, QOM,.,. As illustrated in Eguation (&), the

value of QMiom 1S bounded by the wvalues zero and one.

QM orm = min ((Q& 1.0) (6)

a”)QMeritical

Second, the normalization factor, o, is updated based on
the distribution of the normalized guality metric value and
the initial value c¢f the normalization factor, ol.

By way of non~limiting example, Eguation (7) illustrates an
update of the value of the normalization factor, where o is

the updated value of the normalization factor, ol

is the
initial value of the normalization factor, a, threshold is
a constant value, e.g. 0.8, and QMuom-0s: 15 the 98% quantile
value of the distribution of values ¢f the normalized
quality metric value, OMporm-

— OMuorm-9s% 0
threshold

Third, the normalized guality metric value 1s determined

based on the raw guality metric value and the updated value
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of normalization factor, o. By way of non-limiting
example, Eguation (8) i1llustrates a second iteration of the
normalization of the raw quality metric value, where QMyou

is the normalized quality metric value, QM. is the raw
guality metric value, o 1is the updated value of the
normalization factor, and QMcriricay is the 95% guantile wvalue
of the distribution of values of the raw quality metric
value, QM..,,. As illustrated in Eguation (8), the value of

QMpsre 18 bounded by the values zero and one.

. QMyaqw ,
M = min {(~—————— 1. 8
Q norm ((Q)QML'T‘iL’ical ) (8]
[0077] FIGS. 4A-4F are plots illustrative of the

correlation between the absolute errors in the values of a
parameter of interest determined by a measurement model and
the corresponding guality metric values associated with
each measurement.

[0078] In these examples, the absolute error, Erroras,
in the measured value of the parameter of interest is
determined as the absolute difference between the known,
reference value of the parameter of interest, y..r and the
value of the parameter of interest, vy, estimated by the

measurement model from each simulated measurement spectrum.

el
~

Exrorgps = |y - Yrefl {
[0079] The raw gquality metric values, QM..,, assoclated
with each measurement are determined as an absolute
difference between the measured value of the parameter of
interest, e.g., vy, and the value of the parameter of
interest estimated using reconstructed measurement data,

e.g., ¥, as illustrated by Eguaticn (10).
QMg = ly — ¥7| (10)
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[0080] Fach of FIGS. 4A-4F illustrates the correlation
between absolute error and the corresponding quality metric
value for different values of focus, different process
conditions and different measurement conditiocons.

[00811] FIG. 4A illustrates a plot 210 illustrative of
the correlation between absolute error and the
corresponding guality metric value for one hundred
different measurements including a range of variation in
under-layer thickness of 5% and a range of focus values
within the training data set employed tc train the
measurement model and the guality metric model. As
illustrated in ¥FIG. 4A, plotline 211 illustrates the
absolute errors and plotline 212 illustrates the
corresponding quality metric values. As illustrated in
FIG. 4A, the absolute errcrs are guite low, as are the
corresponding values of the quality metric for all test
conditions. The machine learning based measurement model
and the guality metric model are both trained based on
training data similar to the measurements depicted in FIG.
47, thus the small values of absolute error and
corresponding guality metric values illustrate that the
quality metric methodology described herein is effective
within the domain of the training data.

[o082] FIG. 4B illustrates a plot 220 illustrative of
the correlation between absolute error and the
corresponding quality metric value for one hundred
different measurements including a range of variation in
under-layer thickness of 10% and a range of foccus values
within and outside the training data set employved to train
the measurement model and the quality metric model. As
illustrated in FIG. 4B, plotline 221 illustrates the

absolute errors and plotline 222 illustrates the
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corresponding quality metric values. As illustrated in
FIG. 4B, the absolute errors vary depending on test
conditions as well as the corresponding values of the
quality metric. In addition, the gquality metric values
correlate well with absolute error for all test conditions.
[0083] FIG. 4C illustrates a plot 230 illustrative of
the correlation between absolute error and the
corresponding quality metric value for one hundred
different measurements including a range of variation in
under-layer thickness of 5%, a mean shift of one layer by
10%, and a range of focus values within and outside the
training data set emploved to train the measurement model
and the guality metric model. As illustrated in FIG. 4C,
plotline 231 illustrates the absoclute errors and plotline
232 illustrates the corresponding gquality metric values.
As illustrated in FIG. 4C, the absolute errors wvary
depending on test conditions as well as the corresponding
values of the guality metric. Again, the guality metric
values correlate well with absolute errcr for all test
conditions.

[0084] FIG. 4D illustrates a plot 240 illustrative of
the correlation between absolute error and the
corresponding quality metric value for one hundred
different measurements including a range of variation in
under-layer thickness of 5%, and a range of focus values
within and outside the training data set employved to train
the measurement model and the qguality metric model. As
illustrated in FIG. 4D, plotline 241 illustrates the
absolute errors and plotline 242 illustrates the
corresponding quality metric values. As illustrated in
FIG. 4D, the absolute errcors vary depending on test

conditions as well as the corresponding values of the
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quality metric. Again, the gquality metric values correlate
well with absolute error for all test conditions.

[0085] FIG. 4E illustrates a plot 250 illustrative of
the correlation between absolute error and the
corresponding guality metric value for one hundred
different measurements including a range of variation in
under-layer thickness of 5%, a shift of angle of incidence
of 0.1 degrees, and a range of focus values within and
outside the training data set employed to train the
measurement model and the quality metric model. As
illustrated in FIG. 4E, plotline 251 illustrates the
abzsolute errors and plotline 252 illustrates the
corresponding quality metric values. As illustrated in
FIG. 4E, the absolute errors vary depending on test
conditions as well as the corresponding values of the
quality metric. Again, the guality metric values correlate
well with absolute error for all test conditions.

[0086] FIG. 4F iliustrates a plot 260 illustrative of
the correlation between absolute errcr and the
corresponding quality metric value for one hundred
different measurements including a range of variation in
under-layer thickness of 5%, a three-fold increase in

measurement system nolse, and a range of focus values

o+
=
j$3]
[P
o]

within and outside the training data set emploved to

b
0]

the measurement model and the guality metric model.
illustrated in FIG. 4F, plotline 261 illustrates the
absolute errors and plotline 262 illustrates the
corresponding guality metric values. As illustrated in
FIG. 4F, the absolute errors vary depending on test
conditions as well as the corresponding values of the
quality metric. Again, the guality metric values correlate

well with absolute error for all test conditions.

28



WO 2022/066378 PCT/US2021/048591

[0087] The machine learning based measurement model and
the guality metric model are both trained based on training
data having a domain that 1 smaller than the measurements
depicted in FIGS. 4B~4F. Regardless, the values of
absolute error and corresponding quality metric values are
well correlated. This illustrates that the quality metric
methodology described herein 1s effective outside the
domain of the training data. Thus, the guality metric
methodology described herein can be used to detect the
uncertainty in measured values of parameters of interest.
[0088] FIG. 5 is a plot 270 indicative of the
distribution of quality metric values calculated for a
number of measurement sites on each of a number of wafers.
As depicted in FIG. 5, each vertical bar represents the 3-
sigma value of the distribution of guality metric values
calculated for a large number ©of measurement sites on each
particular wafer. As depicted in FIG. 5, the 3-sigma
values of each distribution are gquite small, indicating
relatively tight distributions. As a result, any
measurements having a relatively large value quality
metric, e.g., greater than 0.8, are likely to be outliers.
[0088] In another aspect, the training data and
measurement data employed to train and use a quality metric
model as described herein is simulated, c¢ollected, or both,
from multiple targets located in close proximity on a
wafer.

[0090] In some embodiments, the measurement targets
under measurement as described herein may be actual device
structures rather than a dedicated metrology target.

[0091] In another aspect, the training data and
measurement data employed to train and use a guality metric

nmodel as described herein is collected from one or more

29



WO 2022/066378 PCT/US2021/048591

targets by multiple, different metrology systems. In one
example, measurement data from a firxst target may be
collected by a spectroscopic ellipsometer, measurement data
from the same target, or a different target may be
collected by a small-angle x-ray scatterometry (SAXS)
system, and measurement data from the same target or a
different target may be collected by an imaging based
metrcology system.

[0092] In some embodiments, the metrology systems
employed to collect measurement data to estimate parameters
of interest are different from the metrology systems
emploved to collect measurement data to estimate values of
a quality metric.

[00983] In another further aspect, multiple, different
parameters cof interest are measured and corresponding
quality metrics are evaluated for each different parameter
of interest. In some embodiments, guality metrics
assoclated with multiple, different parameters of interest
are employed to more clearly identify the measurement
uncertainty associated with a particular measurement
recipe, more clearly identify when a change in process
parameters 1s reguired, or both.

[0094] In another further aspect, values of parameters
of interest, the corresponding guality metric values, or
both, associated with structures in close proximity to a
measurement target are employed to more clearly identify
when a change in process parameters is reqguired.

[0095] In general, the training data and measurement
data employed to train and use a gquality metric model as
described herein may be collected from any suitable
semiconductor measurement system. Suitable systems, by way

of non-limiting example, include a spectroscopic

30



WO 2022/066378 PCT/US2021/048591

ellipsometer, a spectroscopic reflectometer, a soft x-ray
based metroleogy system, a small angle x-ray scatterometry
system, an imaging system, a hyperspectral imaging system,
etc.

[0096] In yet another further aspect, the measurement
results described herein can be used to provide active
feedback to the process tool (e.g., lithography tool, etch
tool, deposition tool, etc.). For example, values of
measured parameters determined based on measurement methods
described herein can be communicated to an etch tool to
adjust the etch time to achieve a desired etch depth. 1In a
similar way etch parameters (e.qg., etch time, diffusivity,
etc.) or deposition parameters (e.g., time, concentration,
etc.) may be included in a measurement model to provide
active feedback to etch tools or deposition tools,
respectively. In some example, corrections tc process
parameters determined based on measured device parameter
values may be communicated toe the process tool. In one
embodiment, computing system 130 determines values of one
or more parameters of interest. In addition, computing
system 130 communicates control commands to a process
controller based on the determined values of the one or
more parameters of interest. The control commands cause
the process contreoller to change the state of the process
(e.g., stop the etch process, change the diffusivity,
etc.). In cone example, a control command causes a process
controller to adjust the focus of a lithographic system, a
dosage of the lithographic system, or both. In another
example, a control command causes a process controller to
change the etch rate to improve measurad wafer uniformity

£

of a CD parameter.
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[0097] In some examples, the measurement models are
implemented as an element of a SpectraShape® optical
critical-dimension metrology system available from KLA-
Tencor Corporation, Milpitas, California, USA. In this
manner, the model is created and ready for use immediately
after the spectra are collected by the system.

[0098] In some other examples, the measurement models
are implemented off-line, for example, by a computing
system implementing AcuShape® software available from KLA-
Tencor Corporation, Milpitas, California, USA. The
resulting, trained model may be incorporated as an element
of an AcuShape® library that is accessible by a metrology
system performing measurements.

[0099] FIG. & i1llustrates a method 300 for estimating a
value of a quality metric indicative of one or more
performance characteristics of a semiconductor measurement
in at least one novel aspect. Method 300 is suitable for
implementaticn by a metrology system such as metrology
system 100 illustrated in FIG. 1 of the present invention.
In one aspect, it is recognized that data processing blocks
of method 300 may be carried out via a pre-programmed
algorithm executed by one or more processcors c¢f computing
system 130, or any other general purpose computing system.
It is recognized herein that the particular structural
aspects of metrology system 100 do not represent
limitations and should be interpreted as illustrative only.
[00100}] In block 301, an amount of illumination radiation
is directed to a first measurement site on a surface of a
semiconductor wafer.

[00101] In block 302, an amount of radiation collected
from the first measurement site in response to the amount

of illumination radiation is detected.
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[00102] In pblcock 303, a first plurality of features
characterizing the detected amount of radiation from the
first measurement site is generated.

[00103] In block 304, values of one or more parameters of
interest are estimated. The one or more parameters
characterize the measurement site from values of the first
plurality of features of the detected amount of radiation
based on a trained measurement model.

[00104] In block 305, reconstructed values of each of the
first plurality of features are determined. A
reconstructed value of a feature of the first plurality of
features 1s determined from the one or more parameters of
interest based on a trained data reconstruction model and
the values of each of the first plurality of features
except the value of the feature.

[00105} In block 306, reconstructed values of the one or
more parameters of interest characterizing the measurement
site are estimated from the values of the plurality of
reconstructed features based on the trained measurement
model .

[00106] In block 307, a value of a guality metric is
determined based on a difference between the values of the
one ©or more parameters of interest determined from the
values of the first plurality of features and the values of
the one or mere parameters of interest determined from the
reconstructed values of the first plurality of features.
[00107]} In a further embodiment, system 100 includes one
or more computing systems 130 employved to perform
measurements of semiconductor structures based on
spectroscoplc measurement data collected in accordance with
the methods described herein. The cone or more computing

systems 130 may be communicatively coupled to cne or more

a1
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spectrometers, active optical elements, process
controllers, etc. In one aspect, the one or more computing
systems 130 are configured to receive measurement data
associated with spectral measurements of structures of
wafer 104.

[00108] It should be recognized that one or more steps
described throughout the present disclosure may be carried
out by a single computer system 130 or, alternatively, a
multiple computer system 130. Moreover, different
subsystems of system 100 may include a computer system
suitable for carrying out at least a portion of the steps
described herein. Therefore, the aforementioned
description should not be interpreted as a limitation on
the present invention but merely an illustration.

[00109] In addition, the computer system 130 may be
communicatively coupled to the spectrometers in any manner
known in the art. For example, the one or more computing
systems 130 may be coupled to computing systems assoclated
with the spectrometers. In another example, the
spectrometers may be controlled directly by a single
computer system coupled to computer system 130.

[00110] The computer system 130 of system 100 may be
configured to receive and/or acqguire data or information
from the subsystems of the system {e.g., spectrometers and
the like) by a transmission medium that may include
wireline and/or wireless portions. In this manner, the
transmission medium may serve as a data link between the
computer system 130 and other subsystems of system 100.
[00111] Computer system 130 of system 100 may be
configured to receive and/or acguire data or information
(e.g., measurement results, modeling inputs, modeling

results, reference measurement results, etc.) from other
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systems by a transmission medium that may include wireline
and/or wireless portions. In this manner, the transmission
medium may serve as a data link between the computer system
130 and other systems {(e.g., memory on-board system 100,
external memory, or other external systems). For example,
the computing system 130 may be configured to receive
measurement data from a storage medium (i.e., memory 132 or
an external memory) via a data link. For instance,
spectral results obtained using the spectrometers described
herein may be stored in a permanent or semi-permanent
memory device (e.g., memory 132 or an external memory). In
this regard, the spectral results may be imported from on-
board memory or from an external memory system. Moreover,
the computer system 130 may send data to other systems via
a transmission medium. For instance, a measurement model
or an estimated parameter value determined by computer
system 130 may be communicated and stored in an external
memery. In this regard, measurement results may be
exported to another system.

[00112] Computing system 130 may include, but is not
limited to, a personal computer system, mainframe computer
system, workstation, image computer, parallel processor, or
any cother device known in the art. 1In general, the term
“computing system” may be brecadly defined to encompass any
device having one or more processors, which execute
instructions from a memory medium.

[00113] Program instructions 134 implementing methods
such as those described herein may be transmitted over a
transmission medium such as a wire, cable, or wireless
transmission link. For example, as i1llustrated in FIG. 1,
program instructions 134 stored in memory 132 are

transmitted to processor 131 over bus 133. Program
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instructicns 134 are stored in a computer readable medium
1

4
{e.g., memory 132). Exemplary computer-readable media
include read-only memory, a random access memory, a
magnetic or optical disk, or a magnetic tape.
[00114] As described herein, the term “critical
dimension” includes any critical dimension of a structure
{e.g., bottom critical dimension, middle critical
dimension, top critical dimension, sidewall angle, grating
height, etc.), a critical dimension between any two or more
structures (e.g., distance between two structures), and a
displacement between two or more structures (e.g., overlay
displacement between overlaying grating structures, =stc.).
Structures may include three dimensional structures,
patterned structures, overlay structures, etc.
[00115] As described herein, the term “critical dimension
application” or “critical dimension measurement
application” includes any critical dimension measurement.
[00116] As described herein, the term “metrology system”
includes any system employed at least in part to
characterize a specimen in any aspect, including
measurement applications such as critical dimension
metrology, overlay metrology, focus/dosage metrology, and
compesition metrology. However, such terms of art do not
limit the scope of the term “metrclogy system” ag described
herein. In addition, the system 100 may be configured for
measurement of patterned wafers and/or unpatterned wafers.
The metrology system may be configured as a LED inspection
tool, edge inspection toocl, backside inspection tool,
macro~inspection tool, or multi-mode inspection tool
{involving data from cone or more platforms simultaneously),

and any cther metrology or inspectiocn tool that benefits
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from the calibration of system parameters based on critical
dimension data.

[00117] Various embodiments are described herein for a
semiconductor measurement system that may be used for
measuring a specimen within any semiconductor processing
tool (e.g., an inspection system or a lithography system).
The term "specimen” 1s used herein to refer to a wafer, a
reticle, or any other sample that may be processed (e.g.,
printed or inspected for defects) by means known in the
art.

[00118] As used herein, the term "wafer" generally refers
to substrates formed of a semiconductor or non~-
semiconductor material. Examples include, but are not
limited to, monocrystalline silicon, gallium arsenide, and
indium phosphide. Such substrates may be commonly found
and/or processed in semiconductor fabrication facilities.
In some cases, a wafer may include only the substrate
{i.e., bare wafer). Alternatively, a wafer may include c¢ne
or more layers of different materials formed upon a
substrate. One or more layers formed on a wafer may be
"patterned” or "unpatterned." For example, a wafer may
include a plurality of dies having repeatable pattern
features.

[00119] A "reticle” may be a reticle at any stage of a
reticle fabrication process, or a completed reticle that
may or may not be released for use in a semiconductor
fabrication facility. A reticle, or a "mask," is generally
defined as a substantially transparent substrate having
substantially opagque regiocns formed thereon and configured
in a pattern. The substrate may include, for example, a
glass material such as amorphous 5i0;. A reticle may be

disposed above a resist-covered wafer during an exposure

[95]
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step of a lithography process such that the pattern on the
reticle may be transferred to the resist.

[00120] One or more layers formed on a wafer may be
patterned or unpatterned. For example, a wafer may include
a plurality of dies, each having repeatable pattern
features. Formation and processing of such layers of
material may ultimately result in completed devices. Many
different types of devices may be formed on a wafer, and
The term wafer as used herein is intended Lo encompass a
wafer on which any type of device known in the art is being
fabricated.

[00121] In one or more exemplary embodiments, the
functions described may be implemented in hardware,
software, firmware, or any combination thereof. It
implemented in software, the functions may be stored on or
transmitted over as one or more instructions or code on a
computer-readable medium. Computer-readable media includes
both computer storage media and communication media
including any medium that facilitates transfer of a
computer program from one place to another. A storage
media may be any available media that can be accessed by a
general purpose or special purpose computer. By way of
example, and not limitation, such computer-readable media
can comprise RAM, ROM, EEPROM, CD-RCM or other optical disk
storage, magnetic disk storage or other magnetic storage
devices, or any other medium that can be used to carry or
store desired program code means in the form of
instructions or data structures and that can be accessed by
a general-purpose or special-purpose computer, or a
general-purpose or special-purpose processor. Also, any
connecticn is properly termed a computer-readable

medium. For example, if the software is transmitted from a
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website, server, or other remcte source using a coaxial
cable, fiber optic cable, twisted pair, digital subscriber
line (DSL), or wireless technologies such as infrared,
radio, and microwave, then the coaxial cable, fiber coptic
cable, twisted pair, DSL, or wireless technologlies such as
infrared, radio, and microwave are included in the
definition of medium. Disk and disc, as used herein,
includes compact disc (CD), laser disc, optical disc,
digital versatile disc (DVD), floppy disk and blu~ray disc
where disks usually reproduce data magnetically, while
discs reproduce data optically with lasers. Combinations of
the above should also be included within the scope of
computer-readable media.

[00122] Although certain specific embodiments are
described above for instructional purposes, the teachings
of this patent document have general applicability and are
not limited to the specific embodiments described above.
Acceordingly, various modifications, adaptations, and
combinations of wvarious features of the described
embodiments can be practiced without departing from the

scope of the invention as set forth in the claims.
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CLAIMS

What 1is claimed is:

1. A system comprising:
a metrology subsystem comprising:

an illumination source configured to provide an
amount of i1llumination radiation directed to a first
measurement site on a surface of a semiconductor
wafer;

a detector configured to detect an amount of
radiation collected from the first measurement site in
response to the amount of illumination radiation; and
a computing system configured to:

generate a filrst plurality of features
characterizing the detected amount of radiation from
the first measurement site;

estimate values of one or more parameters of
interest characterizing the measurement site from
values of the first plurality of features of the
detected amount of radiation based on a trained
measurement model;

determine reconstructed values of each of the
first plurality of features, wherein a reconstructed
value of a feature of the first plurality of features
is determined from the one or more parameters of
interest and the values of each of the first plurality
of features except the value of the feature of the
first plurality of features based on a trained data
reconstruction model;

estimate reconstructed values of the one or more

parameters of interest characterizing the measurement
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[v]

ite from the values of the plurality of reconstructed
features based on the trained measurement model; and
determine a value of a quality metric based on a
difference between the values 0of the one or more
parameters of 1lnterest determined from the values of
the first plurality of features and the values of the
one or more parameters of interest determined from the
reconstructed values of the first plurality of

features.

2. The system of Claim 1, wherein the computing
system 1s further configured to normalize the value of the

quality metric.

3. The system of Claim 1, the computing system
further configured to:

fLraln one or more parameters of the data
reconstruction model by minimizing a difference between a
second plurality of features of a measurement of a second
measurement site different from the first measurement site
and reconstructed values of the second plurality of
features, wherein a reconstructed value of a feature of the
second plurality of features is determined from values of
the cne or more parameters of interest characterizing the
second measurement site and the values ©f the second

plurality of features except the feature.

4, The system of Claim 3, wherein the second

plurality of features of the measurement of the second site

are simulated.
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5. The system of Claim 3, wherein the values of the
one or more parameters of interest characterizing the
second measurement site are estimated from values of the
second plurality of features based on the trained

measurement model.

6. The system of Claim 3, wherein the values of the
one ©r more parameters of interest characterizing the

second measurement site are known, reference values.

7. The system of Claim 1, wherein the first
plurality of features is a plurality of detector signals
measured in responge to the detected amount of radiation

from the first measurement site.

8. The system of Claim 1, wherein the generating of
the first plurality of features characterizing the detected
amount of radiation from the first measurement site
involves reducing a dimension of a plurality of detector
signals measured in response to the detected amount of

radiation from the first measurement site.

9. The system of Claim 8, wherein the reducing of
the dimension of the plurality of detector signals involves
any of a principal component analysis, a Fourier analysis,
a wavelet analysis, and a discrete cosine transform

analysis.

10. The system of Claim 1, wherein the illumination
source and the detector are configured as part of any of a
spectroscopic ellipsometer, a spectroscopilc reflectometer,

a soft x~ray reflectometer, a small angle x-ray

42



WO 2022/066378 PCT/US2021/048591

scatterometer, an imaging system, and a hyperspectral

imaging system.

11. The system of Claim 1, wherein the trained
measurement model is any of a trained defect classification

model and a trained metrology model.

12. The system of Claim 1, wherein the one or more
parameters of interest include any of a geometric parameter
of interest, a process parameter of interest, an electrical
parameter of interest, and a dispersion parameter of

interest.

13. The system of Claim 1, wherein the one or more
parameters cof interest include any of an overlay dimension,
a critical dimension, a lithographic focus, and a

litheographic dosage.

14. A method comprising:

providing an amount of illumination radiation directed
to a first measurement site on a surface of a semiconductor
wafer;

detecting an amount of radiation collected from the
first measurement site in response tc the amount of
illumination radiation:

generating a first plurality of features
characterizing the detected amount of radiation from the
first measurement site;

estimating values of one or more parameters of
interest characterizing the measurement site from values of

the first plurality of features of the detected amount of

radiation based on a trained measurement model;
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determining reconstructed values of each of the first
plurality of features, wherein a reconstructed value of a
feature of the first plurality of features 1s determined
from the one or more parameters of interest and the values
of each of the first plurality of features except the value
of the feature of the first plurality of features based on
a trained data reconstruction model;

estimating reconstructed values of the one or more
parameters of interest characterizing the measurement site
from the values of the plurality of reconstructed features
based on the trained measurement model; and

determining a value of a guality metric based on a
difference between the values of the one or more parameters
of interest determined from the values of the first
plurality of features and the values of the one or more
parameters of interest determined from the reconstructed

values of the first plurality of features.

15. The method of Claim 14, further comprising:

normalizing the value of the gquality metric.

1¢. The method of Claim 14, further comprising:

tralning one or more parameters of the data
reconstruction model by minimizing a difference between a
second plurality of features of a measurement of a second
measurement site different from the first measurement site
and reconstructed values of the second plurality of
features, wherein a reconstructed value of a feature of the
second plurality of features is determined from values of
the one or more paramsters of interest characterizing the
second measurement site and the values of the second

plurality of features except the feature.
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17. The method of Claim 14, wherein the generating of
the first plurality of features characterizing the detected
amount of radiation from the first measurement site
involves reducing a dimension of a plurality of detector
signals measured in response to the detected amount of

radiation from the first measurement site.

18. The method of Claim 17, wherein the reducing of
the dimension of the plurality of detector signals involves
any of a principal component analysis, a Fourier analysis,
a wavelet analysis, and a discrete cosine transform

analysis,

18. A system comprising:

an illumination source configured to provide an amount
of illumination radiation directed to a first measurement
site on a surface of a semiconductor wafer;

a detector configured to detect an amount of radiation
collected from the first measurement site in response to
the amount of illumination radiation; and

a non-transient, computer-readable medium storing
instructions that, when executed by one or more processors,
causes the one or more processors Lo:

generate a first plurality of features
characterizing the detected amount of radiation from
the first measurement site;

estimate values of one or more parameters of
interest characterizing the measurement site from
values of the first plurality of features of the
detected amount of radiation based on a trained

measurement model;
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determine reconstructed values of each of the
first plurality of features, wherein a reconstructed
value of a feature of the first plurality of features
is determined from the one or more parameters of
interest and the values of each of the first plurality
of features except the value of the feature of the
first plurality of features based on a trained data
reconstruction model;

estimate reconstructed values of the one or more
parameters of interest characterizing the measurement
site from the values of the plurality of reconstructed
features based on the trained measurement model;

determine a value of a guality metric based on a
difference between the values of the one or more
parameters of interest determined from the values of
the first plurality of features and the values of the
one or more parameters of interest determined from the
recenstructed values of the first plurality of
features; and

normalize the value of the gquality metric.

20. The system of Claim 19, the non-transient,
computer-readable medium further storing instructions that,
when executed by the cne or more processors, causes the one
Or More Processors to:

train one or more parameters of the data
reconstruction model by minimizing a difference between a
second plurality of features of a measurement of a second
measurement site different from the first measurement site
and reconstructed values of the second plurality of
features, wherelin a reconstructed value of a feature of the

second plurality of features is determined from values of

46



WO 2022/066378 PCT/US2021/048591

the one or more parameters of interest characterizing the

J

second measurement site and the values of the second

plurality of features except the feature.
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