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Detection and Correction of System Responses in Real-Time

{0001}  This application claims priority to the provisional patent application filed December 14,
2018 and assigned U.S. App. No. 62/779,485, the provisional patent application filed December
18, 2018 and assigned U.S. App. No. 62/781,412, and the provisional patent application filed
December 26, 2018 and assigned U.S. App. No. 62/785,164, the disclosures of which are hereby

incorporated by reference.

FIELD OF THE DISCLOSURE
(0002] The disclosure generally relates to improvements i semiconductor water metrology.

More particularly the disclosure generally relates to methods and systems for reducing systematic

error 1 electron bearmn measyrements.

j0003]  Evolution of the semiconductor manufacturing industry is placing greater demands on
yield management and, in particular, on metrology and inspection systems. Critical dimensions
continue to shrink, yet the industry needs to decrease time for achieving high-yield, high-value
production. Minimizing the total time from detecting a yield problem to fixing it determines the
return-on-mvestment for a senmiconductor manutacturer.

0004]  The measurements of the overlay between different semiconductor layers are crucial for
ensuring the functionality of integrated circuits {(1Cs). As the size of structures scale down, electron

beam (EB) systems, e.g., EB inspection, review, and metrology systems, based on the principle of

scanning electron microscopes become more and more attractive due to their high-resolution

capabiitties. However, EB systems may suffer from systematic error contributions reducing the

theoretically possible accuracy, and thus perturbing measurement results.
{0005]  One previous method relied on a single offline measurement of mternal latencies and a
correction for them. Changes of these latencies are not covered by the measurement. The mternal

fatencies can lead to shifts or asymmetries of the detected image, thus resulting in error

an additional source of noise. Changes in the latencies on a long time scale can show up as drift-

hike effects.
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{0006]  Detection of secondary electrons (SEs) is beneficial as they are produced m a sample in

spatial resolution. However, the SE signal is perturbed by other electron sources, mamly, back-
scattered electrons (BSEs) with a broad-band energy distribution. Present band-path energy filters
can discriminate the BSEs with high energy. Low and medium energy BSEs typically pass through
detector signal represents a combination of both SE and parasitic, low to mediom energy
backscattered electron signals. In such prior art solutions, the parasitic BSE coniribution can lead
{0007}  Some previous methods rely on a static pre-alignment of a beam axis relative to the
optical axis by aligning the image symmetry of specialized target structures or specialized sensots,
as illustrated in F1Gs. 1 and 2A-2C. But, the beam alignment has a direct impact on measurements
of distances or positions in different heights of the specimen. In addition, the orientation of the
specimen might shightly change from load to load requiring a new alignment of the beam. Keeping
the old orientation leads to a tilt-induced error.

0008]  Theretore, improved methods and systems for reducing systematic error m EB

nmeasurements are needed.

SUMMARY OF THE DISCLOSURE

j0009] Embodiments of the present disclosure serve purposes including: (1) reducing

systematic errors in high-resolution EB measurements by determining, tracking, and correcting

improving methods of secondary electron (SE) detection—embodiments are not limited to overlay
measurement and can be used for both semiconductor metrology and inspection; and (3) reducing
systematic errors in EB measurements by measuring and aligning the beam orientation with respect
to the specimen’s surface normal.

{0016] Embodiments may correct a response function by modulating beam parameters, detector
or filter parameters, or using asymraetry detection to correct beam tilt.

[0011] Embodiment methods and systems may detect a response of a system due to a

metrics. Measuring devices used to detect a response of a system may include metrology,
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mspection, and review electron beam tools. The response of the system due to a perturbation may
be detined as given inirinsically by the system and detected by mernits, may be mduced by an on-
purpose perturbation of the beam parameters, or may be induced by external sources. The
perturbation of the beam parameters may be pertodic with a given defined frequency. The
perturbation may be intrinsic, for example, due to beam tilt. The perturbation may be external, for
example, due to magnetic fields.

j0012] Embodiments may include a method, comprising correcting a response function of an
electron beam tool. This may comprise modulating an electron beam parameter having a
frequency; emiiting an electron beam based on the electron beam parameter towards a specimen,
thereby scattering electrons, wherein the electron beam is described by a source wave function
parameter towards a specimen, thereby scattering electrons, wherem the electron beam is described

by a source wave tunction having a source phase and a landing angle; detecting a portion of the

{0013]  The scattered electrons may include backscattered electrons, and the method may
further comprise, with the electron beam tool, detecting a portion of the backscattered electrons at
a backscattered electron detector, thereby vielding backscattered electron data.

j0014]  Correcting the response function may include subtracting the backscattered electron
data trom the electron data.

[0015]  Correcting the response function may include extrapolating, using the processor, a

spectral distribution of the backscattered electron data towards a lower energy, thereby vielding
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{0017]  Correcting the response function may include determuning a relative fraction of a
sum of the backscattered electron data and the electron data.

0018} 'The relative fraction may be stored on an electronic data storage unit.

0019]  Correcting the response function may include using a machine learning model, and the
machine learning model may be trained using the stored relative fraction stored on the electronic

data storage unit.

{0020] The method may further comprise, with the electron beam tool, detecting a second

data to generate tilt data; and changing a t1lt of the electron beam using the tilt data.
10021} Embodiments may include a system, comprising an electron beam tool and a controller

i electronic communication with the electron beam tool.

striking the specimen and thereby yield electron data mcluding an electron wave function having
an electron phase and an electron landing angle.
{0023]  The controller may have a processor. The controlier may be configured to mstruct the

electron beam emutter to modulate an electron beam parameter of the electron beam, the electron

...............

tool using the latency and a difference between the source wave function and the electron wave
function.

j0024]  The scattered electrons may include backscattered electrons and the system may further
comprise a backscattered electron detector configured to detect a portion of backscattered electrons
and thereby vield backscattered electron data.

{0025]  The controlier may be configured to correct the response function by subtracting the

backscattered electron data from the electron data.
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[0026]  The controller may be configured to correct the response function by extrapolating a
an extrapolated backscattered electron data; and subtracting the extrapolated backscattered
electron data from the electron data.

10027]  The controller may be configured to correct the response function by modelling an
energy distribution function of the backscattered electron data, thereby yielding a modeled energy
distribution function; and calibrating the modeled energy distribution function using one or more
measurements taken using the electron beam tool.

[0028]  The controller may be configured to correct the response function by determining a

relative fraction of a measurement parameter and a specimen property based on of the
backscattered electron data to a sum of the backscattered electron data and the electron data.
10029]  The system may further comprise an electronic data storage unit configured to store the
relative fraction.

10030]  The controller may be configured to correct the response function by using a machine
stored on the electronic data storage umt.

10031]  The system may further comprise an opposing electron detector configured to detect a

second portion of the backscattered electrons to yield an opposing electron data. The controller

j0032] Embodiments may mnclude a non-transitory computer-readable storage medium,

include modulating an electron beam parameter having a frequency; instructing the electron beam

tool to emit an electron beam based on the electron beam parameter towards a specimen, thereby

scattering electrons, wherein the electron beam is described by a source wave function having a
source phase and a landing angle; recerving, from an electron detector detecting a portion of the

scattered electrons, electron data including an electron wave function having an electron phase and
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using the latency and a difference between the source wave function and the electron wave
function.
{0033]  The steps may include training a machine-learning algorithm using the electron beam

parameter, the electron data, and the response function.

BRIEF DESCRIPTION OF THE FIGURES

For a fuller understanding of the nature and objects of the disclosure, reference should be made

FIGS. 2A-2C illustrate a method of metrology correction according to an embodiment of the
present disclosure;

disclosure;

FIG. 4 illustrates a method of metrology correction according to an embodiment of the present
disclosure;

FIG. 5 illustrates a system for metrology correction according to an embodiment of the present
disclosure;

F1G. 6 illustrates a system for metrology correction according to an embodiment of the present
disclosure;

FIGS. 7A-7C illustrates an embodiment darkfield metrology correction;

FIG. 8 illustrates a system embodiment of the present disclosure; and

DETAILED DESCRIPTION OF THE DISCLOSURE

[0034]  Although claimed subject matter will be described in terms of certain embodiments,

other embodiments, mcluding embodiments that do not provide all of the benefits and features set

forth herein, are also within the scope of this disclosure. Various structural, logical, process step,
and electronic changes may be made without departing from the scope of the disclosure.
Accordingly, the scope of the disclosure is defined only by reference to the appended claims.

0035] Embodiments disclosed herem mclude methods, systems, and apparatuses for correcting

a response function of an electron beam inspection tool. Such embodiments may provide real-time
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detection and correction of potential latencies and reduce systematic errors of the measurement.
Thus, measurements may have higher accuracy.

{0036] In an instance, FIG. 3 depicts a first method for correcting a response function, such as
a warped sine wave, ot an electron beam spection tool. Method 1 may determune and correct for
intrinsic static or dynamic response, for example, latencies, by modulating the source properties
with one or more defined frequencies at a defined amplitude. Method 1 may begin by generating
a frequency 2, which may be modulated. The frequency 2 may be generated using a frequency
generator. The frequency generated at 2 may be an input to producing a beam parameter 3, e.g.,

an electron beam current. The beam parameter 3 may be a parameter of primary beam 4. Beam
parameter 3 may be modulated. Primary beam 4 may be directed toward specimen 5, which may
be a wafer or a dic on @ water. A portion of primary beam 4 may strike wafer S and cause a portion
of the electrons near the surface of wafer 5 to scatter, yielding electrons, which may nclude
secondary and backscattered electrons. A portion of the electrons may be detected by a detector 6,

and moditied raw data 7 may be produced. The electrons” modulation due to the modulation of

phase delay to give a latency 9. Filter 10 may be used to filter modified raw data 7 using latency

9, to yield a corrected response function 11,

[0038]  Analyzing the modified raw data 7 may include comparing a sine wave controlling the
beam parameter 3 with the measured warped sine wave.

10039] In another mstance, a system may comprise an electron beam inspection tool. The
electron beam inspection tool may comprise an electron beam emitter configured to emit electrons

in an electron beam. The electron beam may be described by a source electron wave function
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{0040]  The electron beam inspection tool may further comprise a stage. The stage may be

10041}  The electron beam mspection tool may further comprise a secondary electron detector,

such as an Everhart-T hornely detector or a solid state d@‘tg.gtgrj_ and may i:nc(}[parate flow-pas-s?

filter(s). The secondary electron detector may be configured to detect a portion of the secondary

controlier may be configured to instruct the electron beam emutter to, for ex

frequency of an electron beam parameter of the eleciron beam. The controller may determine a

phase delay between the source electron phase and the electron phase. This may vield a latency.

Using this latency in conjunction with a difference between the source wave function and the

ciectron wave function, the controller may correct a response function of the electron beam

inspection tool. The way the response function is corrected may depend on what aspect of the

response function is m need of correction. Where beam tilt modulation 1s necessary to correct the

1S necessary to correct the response tunction, timage mtensity corrections may be performed.

0043}  Another embodiment 15 a non-transitory computer-readable storage medium, which
may comprise one or more programs for executing steps including those of method 1.

10044]  In other embodiments, electron detectors in various mspection tools may be improved.
Emitting the electron beam toward the specimen may additionally cause a portion of the electrons
in the specimen to backscatter, thus vielding backscattered electrons. The method may further
comprise detecting a portion of the backscattered electrons at a backscatter electron detector, thus

backscattered electrons.

[0045]  In an embodiment depicted in FIG. 4, method 100 may be used to improve electron

detectors 1 various mspection tools. Parasitic backscattered electron contributions can lead to

blur
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101 from parasitic backscattered electron contributions. It may determine and correct for the
parasitic backscatiered electron data by sweeping or cycling the bias voltage of an existing high-
pass filter 102 using high frequency modutlation 103 from values close to zero (high-pass off}to a
or high-pass on mode depends on the strength of the filter voltage. The detected data in High-pass-
off mode corresponds to backscattered electron and secondary electron data 106 while the High-
pass-on represents the remaining backscattered electron portion 104. Optional spectral

extrapolation 105 may be performed. The backscattered electron and secondary electron data s

separate detector, e.g., a backscattered electron detector, may be used to recetve data from the
buried layer.

{0047}  Such embodiments may operate to correct the data in real-time or offline.

0048]  Correcting the response function may mclude subtracting the backscattered electron
data from the secondary electron data.

10049]  Correcting the response function may include extrapolating a spectral distribution

extrapolation may be performed for example, by fitting a function to the spectrum and using that

function to extrapolate to other spectral locations lacking measured data. This may vield an

[0050]  Correcting the response function may include modelling an energy distribution function

of the backscattered electron data, thereby yielding a modeled energy distribution function. The

using the electron beam inspection tool.

{0051] Correcting the response function may inciude determining a relative fraction. The
backscattered electron data to a sum of the backscattiered electron data and the secondary electron

data.

9
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{0052]  The relative fraction may be stored on an electronic data storage unit. One or more
deternuned relative fractions may be stored i a took-up tabie for later use.

{0053]  Correcting the response function may include using a machine learning model. The
machine learning module may be trained using the stored relattve fraction stored on the electronic
data storage unit. The machine learning model may be, for example, an artificial neural network,
such as a convolutional neural network, and may apply the artificial neural network to new
measurements,

j0054]  Such embodiments provide for detecting by measuring the backscattered electron data

secondary electron data. No calibration between different detectors may be necessary.
j0055] Embodiments may include hardware to control and synchronize a sweep or cycle of the
filter bias volitage to other system time scales {e.g., the pixel clock or frame rate).

0056]  The method may further comprise detecting a second portion of the secondary electrons

inspection system. A tilt-related value may be measured by comparing opposing channels using a

10
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{0059]  One embodiment may implement a specialized target using a high-Z substrate and an
aperture array. The high-Z substrate may be selected such that 1t generates backscattered electrons.
For example, this may be a Pelco silicon nitride support film.

j0060] A system or non-transitory computer-readable storage medium according to the present
disclosure may implement such various embodiments of the present disclosure.

{0061] An embodment system 12 is illuswrated m FIG. 5. In system 12, primary beam
components 4143 may be appropriately deflected by a deflection unit 13 towards specimen 5.

Portions of the secondary and backscattered electrons 4445, resulting from primary beam

should be noted that there may be embodiments with varying number of portions, rather than
portions 61-65. Detector 6 may be configured to supply one or more darkiield images 14 to an
mcluding images 201 and 202,

16062] FIG. 6 depicts vet another embodiment system 16, in which a membrane having holes
1s placed between the specimen 5 and the detectors 66—68. It should be noted that there may be
embodiments with varying number of detectors, rather than detectors 66—68. The membrane
having holes may be, for exampie 200 nm thick and/or made of silicon. However, another thickness
or material may be used depending on the process needs. Membrane 17 having holes may have
one or more holes, and those holes may be circular or other-shaped. For example, membrane 17
nm. Specimen S may be a high-Z target for strong backscatter data. The membrane 17 having holes
may be placed a distance # above specimen 5. For example, distance # may range from 2—-10 um,

however another distance # may be used depending on process needs. Portions of backscattered

by converting using 1mage processing techniques (e.g., by comparing several side channels), to
determine the tilt of the specimen. For example, referring to FIG. 7A, darkfield image 201 may

show that the surface from which the scattered electrons emanate 1s flat. For a further exampie,

i1
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electrons emanate is tilted. In such a way, the tilt of the surface, which may correspond to the tilt

optical based output for a specimen 802 by directing light to {or scanning light over) and detecting
hight from the specimen 802, In one embodiment, the specimen 802 mcludes a wafer. The wafer
may include any wafer known in the art. In another embodiment, the specimen includes a reticle.
The reticle may mclude any reticle known 1n the art.

{0065]

, In the embodiment of the system 800 shown in FIG. 8, optical based subsystem 801

mcludes an illumination subsystem configured to direct light to spectmen 802. The illumination

mple, as shown m FIG. 8, the illummation

..........

from hight source 803 is directed through optical element 804 and then lens 805 to specimen 802
at an oblique angle of incidence. The obhique angle of mncidence may mclude any suttable oblique
802.

{0066]  The hght source 803, or beam source, can include a broadband plasma source, lamp, or

form of infrared, visible, ultraviolet, or x-ray light.

0067}  The optical based subsystem 801 may be configured to direct the light to the specimen
802 at different angles of incidence at different times. For example, the optical based subsystem
801 may be configured to alter one or more characteristics of one or more elements of the
ifflumination subsystem such that the light can be directed to the specimen 802 at an angle of

incidence that 1s different than that shown i FIG. 8. In one such example, the optical based

subsystem 8§01 may be configured to move light source 8§03, optical element 8§04, and lens 805

such that the hight 1s directed to the specimen 802 at a different oblique angle of incidence or a

normal (or near normal) angle of incidence.

[0068]  In some instances, the optical based subsystem 801 may be configured to direct light to

12
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ilumination subsystem may include more than one illummation channel, one of the illumination

another of the illumination channels (not shown} may include similar elements, which may be

configured differently or the same, or may mnclude at least a ight source and possibly one or more

other components such as those described further herein. If such light is directed to the specimen

{08069]  In another instance, the illumination subsystem may include only one light source (e.g.,

light source 803 shown in FIG. ®) and light from the light source may be separated into different

optical paths (¢.g., based on wavelength, polarization, etc.) by one or more optical elements (not
shown) of the illumination subsystem. Light in each of the different optical paths may then be
the specimen 802 at the same time or at different times (e.g., when different illumination channels
are used to sequentially illuminate the specimen). In another mstance, the same illumination
channel may be configured to direct light to the specimen 802 with different characteristics at
different times. For example, in some instances, optical element 804 may be configured as a

spectral filter and the properties of the spectral filter can be changed 1n a vartety of different ways

{e.g., by swapping out the spectral filter} such that different wavelengths of hght can be directed

i3
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wavebands.

j0071]  Light from optical element 804 may be focused onto specimen 802 by lens 805

............

that, in practice, lens 805 may include a number of refractive and/or reflective optical elements
that in combination focus the light from the optical element to the specimen. The iHlumination

subsystem shown in FIG. € and described herein may include any other suitable optical elements

(not shown). Examples of such optical elements include, but are not limited to, polanzing
splitter(s) (such as beam splitter 813), aperture(s), and the like, which may include any such
suttable optical elements known 1n the art. In addition, the optical based subsystem 801 may be

ype of

itlumination to be used for generating the optical based output.

{0072}  The optical based subsystem 801 may aiso mclude a scanning subsystem configured to
cause the light to be scanned over the specimen 802. For example, the optical based subsystem
801 may mclude stage 806 on which specimen 802 1s disposed during optical based output

generation. The scanning subsystem may include any suitable mechanical and/or robotic assembly

perform some scanmng of the light over the specimen 802. The hight may be scanned over the
specimen 802 in any suitable fashion such as in a serpentine-like path or n a spiral path.

j0073]  The optical based subsystem 801 further includes one or more detection channels. At
least one of the one or more detection channels includes a detector configured to detect light from
the specimen 802 due to illumination of the specimen 802 by the subsystem and to generate output
includes two detection channels, one formed by collector 807, element 808, and detector 809 and
another formed by collector 810, element 811, and detector 812. As shown 1n FIG. 8, the two
detection channels are configured to collect and detect light at different angles of collection. In

some mstances, both detection channels are configured to detect scattered hight, and the detection

channels are configured to detect tight that is scattered at different angles from the specimen 802.

14
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However, one or more of the detection channels may be configured to detect another type of light
[0074]  As further shown in FIG. 8, both detection channels are shown positioned in the plane
of the paper and the illumination subsystem is also shown positioned in the plane of the paper.

Therefore, in this embodiment, both detection channels are positioned m (e.g., centered in) the

detector 812 may be configured to collect and detect light that 1s scattered out of the plane of
incidence. Therefore, such a detection channel may be commonly referred to as a “side” channel,

and such a side channel may be centered in a plane that is substantially perpendicular to the plane

or close to normal to the spectmen 802 surface. This detection channel may therefore be commonly

that are configured for bright field (BF) output generation for specimens 802. In other words, the

5
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..... b

optical based subsystem 801 may mclude at least one detection channel that 1s configured to detect
described herein may be configured for only DF, only BF, or both DF and BF imaging. Although
each of the collectors are shown m FIG. 8 as single refractive optical elements, it 15 to be
understood that each of the collectors may include one or more refractive optical die(s) and/or one
j0077]  The one or more detection chanuels may include any suitable detectors known 1o the
art. For example, the detectors may include photo-multiplier tubes (PMTs), charge coupled devices
(CCDs), time delay integration (TDI) cameras, and any other suitable detectors known in the art.
The detectors may also include non-imaging detectors or imaging detectors. In this manner, if the

detectors are non-imaging detectors, each of the detectors may be configured to detect certain
characteristics as a function of position within the imaging plane. As such, the output that is
generated by each of the detectors included 1n each of the detection channels of the optical based
processor such as processor 814 may be configured to generate images of the specimen 802 from
the non-imaging output of the detectors. However, in other mstances, the detectors may be
configured as mmaging detectors that are configured to generate imaging signals or image data.
Therefore, the optical based subsystem may be coniigured to generate optical images or other

optical based output described herem in a number of ways.

The optical based subsystem 801 configuration described herein may be altered to optimize the

nerformance of the optical based subsystem 801 as is normally performed when designing a

[0079]  In an instance, the processor 814 is in communication with the system 800.

16
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{0080]  FIG. 9 1s a block diagram of an embodiment of a system 900. The system 900 mcludes
generate images of a specimen 904, which may include a wafer or a reticle.

0081}  The tool includes an output acquisition subsystem that includes at least an energy source
and a detector. The output acquisition subsystem may be an electron beam-based output
acquisition subsystem. For example, in one embodiment, the energy directed to the specimen 904

includes electrons, and the energy detected from the specimen 904 includes electrons. In this

L

FIG. 9, the output acquisition subsystem includes electron column 901, which is coupled to
computer subsystem 902. A stage 910 may hold the specimen 904.

[0082]  As also shown in FIG. 9, the electron column 901 includes an eleciron beam source 903
configured to generate electrons that are focused to specimen 904 by one or more elements 9035,
The electron beam source 903 may include, for example, a cathode source or emitter tip. The one
gate valve, a beam current selection aperture, an objective lens, and a scanning subsystem, all of

which may mclude any such suitable elements known 1 the art.

{0085]  Although the electron column 901 1s shown 1 FIG. 9 as being contigured such that the

electrons are directed to the spectmen 904 at an obhique angle of incidence and are scattered from

the specimen 904 at another obhique angle, the electron beam may be directed to and scattered

electron beam images of the specimen 904. The electron beam images may include any suitable

17
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described herein.

{0087] It is noted that FIG. 9 1s provided heremn to generally illustrate a configuration of an

described herein to an existing system). For some such systems, the methods described herem may
be provided as optional functionality of the system (e.g., in addition to other functionality of the

system). Alternatively, the system described herein may be designed as a completely new system.

beam-based output acquisition subsystem, the output acquisition subsystem may be an 1on beam-

ion beam-based output acquisition subsystem such as those mcluded 1n commercially available
focused 1on beam (FIB) systems, helium 1on microscopy (HIM) systems, and secondary 1on mass
spectroscopy (SIMS) systems.

[0089]  The computer subsystem 902 includes a processor 908 and an electronic data storage

or 908, respectively, can receive output. The processor 814 or 908 may be configured to perform

electronic data storage unit 815 or 909, respectively, optionally may be in electronic

I8
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communication with a water mspection tool, a water metrology tool, or a wafer review tool (not

908 and/or the electronic data storage unit 8315 or 909, respectively, can be i electronic

communication with a scanning electron microscope (SEM).

0091}  The processor 814 or 908 1s in electronic communication with the wafer mspection tool,

such as the detector 809 or 812, or detector 907, respectively. The processor 814 or 908 may be

configured to process images generated using measarements from the detector 809 or 812, or

detector 907, respectively. For example, the processor may perform embodiments of the method

tool.

10093]  The processor 814 or 908 and electronic data storage unit 815 or 909, respectively, may

processor 814 or 908 to implement various methods and functions may be stored in readable

storage media, such as 2 memory in the electronic data storage unit 815 or 909, respectively, or
other memory.

[0095]  If the system 800 or 900 includes more than one processor 814 or 908 or computer
subsystem 902, then the different subsystems may be coupled to each other such that images, data,

information, instructions, etc. can be sent between the subsystems. For example, one subsystem

13
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may be coupled to additional subsystem(s) by any surtable transmission media, which may include

[0096]  The processor 814 or 908 may be configured to perform a number of functions usin

o
....... :’:

the output of the system 800 or 900, respectively, or other output. For instance, the processor 814
or 908 may be configured to send the ouiput to an electronic data storage unit 815 or 909,
respectively or another storage medium. The processor 814 or 908 may be further configured as
described herein.

{0097}  The processor 814 or 908 or computer subsystem 902 may be part of a defect review
system, an inspection system, a metrology system, or some other type of system. Thus, the
embodiments disclosed herein describe some configurations that can be tatlored in a number of
manners for systems having different capabilities that are more or less suitable for different
applications,

[0098]  If the system includes more than one subsystem, then the different subsystems may be

the subsystems. For example, one subsystem may be coupled to additional subsystem(s) by any

suitable transmission media, which may include any suitable wired and/or wireless transmission
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data hink between the processor 814 or 908 and other subsystems of the system 800 or 900,
respectively, or systems external to system 800 or 900, respectively.

{0101}  In an embodiment, processor 814 or processor 908 may be configured to carry out the
steps according to an embodiment of method 100 or portions of schematic 1 or systems 12 and 16.
{0102]  In an embodiment, the processor 814 or processor 908 may be further configured to
perform a fine alignment comprising of a partiioned translation, wherein the partitioned

translation comprises: partitioning the reference tmage into one or more reference image sub-

is translated to align with its corresponding reference image sub-section.

(0103] Various steps, functions, and/or operations of system 800 or system 900 and the

those described heremn may be transmitted over or stored on carrier medium. The carnier medinm

may mciude a storage medivm such as a read-only memory, a random access memory, a magnetic

or optical disk, a non-volatile memory, a solid state memory, a magnetic tape, and the like. A

carrier medium may include a transmission medium such as a wire, cable, or wireless fransmission

limitation on the present disclosure but merely an illustration.

0104] An addittonal embodiment relates to a non-transitory computer-readable medium

as disclosed herem. In particular, as shown in FIG. 8 or 9, electronic data storage untt 815 or 909

program mstructions executable on the processor 814 or 908, respectively. The computer-
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mplemented method may include any step(s) of any method(s) described herein, including

{0105]  Program instructions implementing methods such as those described herein may be
stored on computer-readable medium, such as i the electronic data storage unit 815, electronic
data storage unit 909, or other storage medium. The computer-readable medium may be a storage
medium such as a magnetic or optical disk, a magnetic tape, or any other suitable non-transitory
computer-readable medium known in the art

j0106] The program instructions may be mmplemented in any of various ways, includmg

among others. For example, the program instructions may be implemented using ActiveX controls,
C++ objects, JavaBeans, Microsoft Foundation Classes (MFC), Streaming SIMD Extension

(SSE), or other technologies or methodologies, as desired.

0107}  The component(s) executed by the processor, can include a deep learning module (e.g.,

a convolutional neural network (CNN) module). The deep learming module can have one of the

)

configurations described further herem. Rooted m neural network technology, deep learnmg is a

probabihistic graph model with many neuron layers, commonly known as a deep architecture. Deep

accomplished automatically using learning from data. For example, features to reference in

determinmg rotation and translation offsets can be extracted using the deep learning module based

on the one or more extracted features.

j0108]  Generally speaking, deep learning (also known as deep structured learning, hierarchical

learnimg or deep machine learning) 1s a branch of machine learning based on a set of algorithms

that attempt to model high level abstractions in data. In a simple case, there may be two sets of

neurons: ones that receive an input signal and ones that send an output signal. When the input layer

receives an input, it passes on a moditied version of the mput to the next fayer. In a deep network,

represented in many ways such as a vector of intensity values per pixel, or in a more abstract way
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as a set of edges, regions of particular shape, etc. Some representations are better than others at

-

simphtying the learnmg task (e.g., face recognition or facial expression recognition). Deep

learning can provide effictent algorithms for unsupervised or semi-supervised feature learning and
hierarchical feature extraction.

0116]  Research in this area attempts to make better representations and create models to learn

[

these representations from large-scale data. Some of the representations are mspired by advances
in neuroscience and are loosely based on i1;1.‘te.-_rpretaﬁ_gm. of information processing  and
communication patterns in a nervous system, such as neural coding which attemipts to define a
{0111}  There are many variants of neural networks with deep architecture depending on the

probability specification and network architecture, including, but not limited to, Deep Belief

of the problem. Other layers may be included in the deep learning module besides the neural

networks disclosed heren.

0112} In an embodiment, the deep learning model 18 a machine learning model. Machine
learning can be generally defined as a type of artificial mtelligence {Al) that provides computers
with the ability to learn without being exphcitly programmed. Machine learning focuses on the

development of computer programs that can teach themselves to grow and change when exposed

from and make predictions on data. Such algorithms overcome following strictly static program
mstructions by making data driven predictions or decistons, through building a modei from sample
nputs.

0113] In some embodiments, the deep learning model is a generative model. A generative

model can be generally defined as a model that is probabilistic in nature. In other words, a

generative model is one that performs forward simulation or rule-based approaches. The generative

model can be learned (in that its parameters can be learned) based on a suitable training set of data.

In one embodiment, the deep learning model is configured as a deep generative model. For

example, the model may be configured to have a deep learning architecture m that the model may
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[0114]  In another embodiment, the deep learning model is configured as a neural network. In
a further embodiment, the deep learning model may be a deep neural network with a set of weights
that model the world according to the data that 1t has been fed to train it. Neural networks can be
generally defined as a computational approach which 1s based on a relatively large collection of

neural onits loosely modeling the way a biological brain solves problems with relatively large

clusters of biological neurons connected by axons. Each neural unit 1s connected with many others,

program.

0115]  Neural networks typically consist of multiple layers, and the signal path traverses from

¥ Bk

front to back. The goal of the neural network is to soive problems n the same way that the human

brain would, although several neural networks are much more abstract. Modern neural network

projects typically work with a few thousand to a few mullion neuwral units and muiltons of

that are, in combination, configured and tramed to analyze features for determining rotation and
translation oftsets. In another such embodiment, the deep leammg model used for the
semiconductor inspection applications disclosed herem is configured as a GoogleNet. For
example, a GoogleNet may include layers such as convolutional, pooling, and fully connected
layers such as those described further herein configured and trained to analyze features for

determining rotation and translation offsets. While the GoogleNet architecture may include a

parallel with each other are generally referred to as inception modules. Other of the layers may

operate sequentially. Therefore, GoogleNets are different from other neural networks described
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{0117] In a further such embodiment, the deep learning meodel used for the semiconductor
mspection applications disclosed herein 1s configured as a Visual Geometry Group (VGG)
network. For example, VGG networks were created by increasing the number of convolutional
layers while fixmg other parameters of the architecture. Adding convolutional layers to mncrease
depth is made possible by using substantially small convolutional filters in all of the layers. Like
the other neural networks described herein, VGG networks were created and trained to analyze
features for determining rotation and translation offsets. VGG networks also include convolutional
layers followed by fully connected layers.

[0118]

In some such embodiments, the deep learning mwodel used for the semiconductor

mspection applications disclosed herein i1s configured as a deep residual network. For example,
hike some other networks described heremn, a deep residual network may include convolutional

iayers tollowed by fully-connected layers, which are, in combination, contigured and trained for
feature property extraction. In a deep residual network, the layers are configured to learn residual
functions with reference to the layer iputs, instead of learning unreferenced functions. In
particular, instead of hoping each few stacked layers directly fit a desired underlying mapping,
these layers are exphicitly allowed to fit a residual mapping, which 1s reahized by feedforward
neural networks with shortcut connections. Shortcut connections are connections that skip one or
more lavers. A deep residual net may be created by taking a plam neural network structure that

includes convolutional layers and mserting shortcut connections which thereby takes the plam

L]

neural network and turns 1t mto its residual learning counterpart.
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of the deep learning model) may be configured as a CNN. For example, the deep learning model
may be configured as a CNN, which is usually stacks of convolution and pooling lavers, to extract

local features. The embodiments described herein can take advantage of deep learning concepts

such as a CNN to solve the normally intractable representation mversion problem. The deep
learning model may have any CNN configuration or architecture known in the art. 'The one or more
pooling layers may also have any suitable configuration known in the art {e.g., max pooling layers)
and are generally configured for reducing the dimensionality of the feature map generated by the

j0121]  In general, the deep learning model described herein is a trained deep learning model.

For example, the deep learning model may be previously tramed by one or more other systems

functionality of the model 1s determined as described heremn, which can then be used to pertorm

{0122}  As stated above, although a CNN 15 used herein to tllustrate the architecture of a deep

be used. Random forests also can be used.

j0123]  Training data may be inputted to model training (e.g., CNN training), which may be

validation data. Model tramning may generate one or more tramed models, which may then be sent

to model selection, which is performed using validation data. The results that are produced by each

one or more trained models for the validation data that 1s input to the one or more trained models

may be compared to the validation data to determine which of the models is the best model. For

example, the model that produces results that most closely match the validation data may be
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selected {e.g., the best model). Model evaluation may be performed mn any suitable manner. Best

heremn are sufficient to carry out the methods of the present invention. Thus, in an embodiment,
the method consists essentially of a combmation of the steps of the methods disclosed herein. In
another embodiment, the method consists of such steps.

j0125]  Although the present disclosure has been described with respect to one or more

may be made without departing from the scope of the present disclosure.
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What 1s claimmed is:

1. A method, comprising:

thereby scattering electrons, wherein the electron beam is described by a source wave

function having a source phase and a landing angle;
detecting a portion of the scattered electrons at an electron detector, thereby vielding

electron data including an electron wave function having an electron phase and an

electron landing angle;

latency and a difference between the source wave function and the electron wave

function.

2. The method of claim 1, wheremn the scattered electrons mclude backscattered electrons, and

yielding backscattered electron data.

-~y

3. The method of claim 2, wherem correcting the response function includes subtracting the

backscattered electron data from the electron data.

subtracting, using the processor, the extrapolated backscattered electron data from the electron

data.

5. The method of claim 2, wherein correcting the response function includes:
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modelling, using the processor, an energy distribution function of the backscattered electron
calibrating, using the processor, the modeled energy distribution function using one or more

measurements taken using the electron beam tool.

6. The method of claim 2, wherein correcting the response function includes determining a relative
fraction of a measurement parameter and a specimen property based on of the backscattered

electron data to a sum of the backscattered electron data and the electron data.

storage untt.

8. The method of claim 7, wherein the correcting the response function of the electron beam tool

cludes using a machine learning model, the machine learning model trained using the stored

-deteicting a second -p'arti@n of ;the- ?backsﬁattered electrons at an prpesin g aiﬁeetmn detect )Y,

thereby vielding an opposing electron data;
-cmﬁparmg} zusing. the processor, the electron data and the -opposing electron datfa to generate
tiit data; and

changing a tilt of the electron beam using the tilt data.

10. A system, comprising:

an electron beam tool including:

electron beam is described by a source wave function having a source phase and a

landing angle;
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processor; and
wherein the controller is configured to:
mstruct the electron beam emitter to modulate an electron beam parameter of the electron
beam, the electron beam parameter having a frequency;
deternmune a phase delay between the source phase and the electron phase, thereby yielding
a latency; and

correct a response function of the electron beam tool using the latency and a difference

13. The system of claim 11, wherein the controller is configured to correct the response function
by:
extrapolating a spectral distribution of the backscattered electron data towards a lower energy,

subtmctmg the ;extrapolated backscattered electron data trom the electron data.

14. The system of claim 11, wherein the controller i1s configured to correct the response function

by:

by

30
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determining a relative fraction of a measurement parameter and a specimen property based on

electron data.

16. The system of claim 15, further comprising an electronic data storage unit configured to store

fraction stored on the electronic data storage unit.

18. The system of claim 10, further comprising:

-t

an opposing electron detector contigured to detect a second portion of the backscattered
electrons to yield an opposing electron data; and
compare the electron data and the opposing electron data to generate {ilt data; and
change an angle of the electron beam emitter using the uilt data, thereby changing a tilt of

the electron beam.

19. A non-transtiory computer-readable storage medium, comprising one or more programs for
executing the following steps on one or more computing devices:
correct a response function of an electron beam tool by:
modulating an electron beam parameter having a frequency;
parameter towards a specimen, thereby scattering electrons, wherein the electron beam
is described by a source wave function having a source phase and a landing angle;

receiving, from an electron detector detecting a portion of the scattered electrons, electron

data including an electron wave function having an electron phase and an electron
landing angle;

determining a phase delay between the source phase and the electron phase, thereby
yielding a latency; and

correcting the response function of the electron beam tool using the latency and a difference

between the source wave funciion and the electron wave function.

31
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20. The non-transitory computer-readable storage medium of claim 19, wherein the one or more
programs are further configured to execute, on one or more computing devices:
traming a machine-learning algorithm using the electron beam parameter, the electron data,

and the response function.



