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IMPROVED CHARGED PARTICLE IMAGE INSPECTION

CROSS-REFERENCE TO RELATED APPLICATIONS
[0001] This application claims priority of US application 63/168,199 which was filed on 30 March,

2021, and which is incorporated herein in its entirety by reference.

TECHNICAL FIELD
[0002] The embodiments provided herein relate to charged-particle image inspection and defect

classification.

BACKGROUND

[0003] In manufacturing processes of integrated circuits (ICs), unfinished or finished circuit
components are inspected to ensure that they are manufactured according to design and are free of
defects. Inspection systems utilizing optical microscopes or charged particle (e.g., electron) beam
microscopes, such as a scanning electron microscope (SEM) can be employed. As the physical sizes
of IC components continue to shrink, accuracy and yield in defect detection become more important.
The ability to identify and classify defects during the inspection process can significantly improve the

manufacturing process.

SUMMARY

[0004] In some embodiments, a method is disclosed for defect classification comprising obtaining an
inspection image, obtaining layout data associated with the image, obtaining a probability map
derived from the layout data wherein the probability map identifies a probability of a first type of
defect occurring in a region of the layout data, identifying a defect in the inspection image occurring
at a first location, and classifying the defect based on the probability map and the first location.
Embodiments also disclose a method of training a model, the method comprising obtaining layout
data, obtaining an inspection image, generating a partial inspection image by removing a first portion
of the inspection image, obtaining a probability map derived from the layout data wherein the
probability map identifies a probability of a first type of defect occurring in a region of the layout
data, and training the model to generate an expected image corresponding to the first portion of the
inspection image using the probability map, the first portion of the inspection image, and the partial
inspection image. Embodiments further disclose a method of generating a portion of an inspection
image, the method comprising, obtaining layout data, generating a partial inspection image by
removing a first portion of the inspection image, obtaining a model trained to generate portions of
images, obtaining a probability map derived from the layout data wherein the probability map

identifies a probability of a first type of defect occurring in a region of the layout data and generating
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a second portion of the inspection image, based on the partial inspection image, the probability map,
and the model.

[0005] In some embodiments, a system is disclosed including a memory storing a set of instructions;
and at least one processor configured to execute the set of instructions to cause the system to perform
obtaining an inspection image, obtaining layout data associated with the image, obtaining a
probability map derived from the layout data wherein the probability map identifies a probability of a
first type of defect occurring in a region of the layout data, identifying a defect in the inspection image
occurring at a first location, and classifying the defect based on the probability and the first location.
In some embodiments a system is disclosed comprising a memory storing a set of instructions and at
least one processor configured to execute the set of instructions to cause the system to perform
obtaining layout data, obtaining an inspection image, generating a partial inspection image by
removing a first portion of the inspection image, obtaining a probability map derived from the layout
data wherein the probability map identifies a probability of a first type of defect occurring in a region
of the layout data, and training the model to generate an expected image corresponding to the first
portion of the inspection image using the probability map, the first portion of the inspection image,
and the partial inspection image. Embodiments further disclose a system including a memory storing a
set of instructions; and at least one processor configured to execute the set of instructions to cause the
system to perform generating a partial inspection image by removing a first portion of the inspection
image, obtaining a model trained to generate portions of images, obtaining a probability map derived
from the layout data wherein the probability map identifies a probability of a first type of defect
occurring in a region of the layout data and generating a second portion of the inspection image, based
on the partial inspection image, the probability map, and the model.

[0006] In some embodiments a non-transitory computer readable medium is disclosed that stores a
set of instructions that is executable by at least one processor of a computing device to cause the
computing device to perform a method of defect classification, the method comprising, obtaining an
inspection image, obtaining layout data associated with the image, obtaining a probability map
derived from the layout data wherein the probability map identifies a probability of a first type of
defect occurring in a region of the layout data, identifying a defect in the inspection image occurring
at a first location and classifying the defect based on the probability map and the first location.
Embodiments also disclose a non-transitory computer readable medium is disclosed that stores a set
of instructions that is executable by at least one processor of a computing device to cause the
computing device to perform a method of defect classification, the method comprising obtaining
layout data, obtaining an inspection image, generating a partial inspection image by removing a first
portion of the inspection image, obtaining a probability map derived from the layout data wherein the
probability map identifies a probability of a first type of defect occurring in a region of the layout
data, and training the model to generate an expected image corresponding to the first portion of the

inspection image using the probability map, the first portion of the inspection image, and the partial
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inspection image. In some embodiments a non-transitory computer readable medium is disclosed that
stores a set of instructions that is executable by at least one processor of a computing device to cause
the computing device to perform a method of defect classification, the method comprising, generating
a partial inspection image by removing a first portion of the inspection image, obtaining a model
trained to generate portions of images, obtaining a probability map derived from the layout data
wherein the probability map identifies a probability of a first type of defect occurring in a region of
the layout data and generating a second portion of the inspection image, based on the partial
inspection image, the probability map, and the model.

[0007] Other advantages of the embodiments of the present disclosure will become apparent from the
following description taken in conjunction with the accompanying drawings wherein are set forth, by

way of illustration and example, certain embodiments of the present invention.

BRIEF DESCRIPTION OF FIGURES

[0008] FIG. 1 is a schematic diagram illustrating an exemplary electron beam inspection (EBI)
system, consistent with embodiments of the present disclosure.

[0009] FIG. 2 is a schematic diagram illustrating an exemplary electron beam tool that can be a part
of the exemplary electron beam inspection system of FIG. 1, consistent with embodiments of the
present disclosure.

[0010] FIGS. 3A-3F are block diagram of exemplary defects, consistent with embodiments of the
present disclosure.

[0011] FIG. 4 is a block diagram of an exemplary training system for defect classification, consistent
with embodiments of the present disclosure.

[0012] FIG. 5A is an exemplary diagram of a defect probability map, consistent with embodiments
of the present disclosure.

[0013] FIG. 5B is an exemplary block diagram of a neural network for use in the training system of
FIG. 4, consistent with embodiments of the present disclosure.

[0014] FIG. 6 is a block diagram of an exemplary defect classification system, consistent with
embodiments of the present disclosure.

[0015] FIG. 7 is a process flowchart representing an exemplary method for training a model for
defect classification, consistent with embodiments of the present disclosure.

[0016] FIG. 8 is a process flowchart representing an exemplary method for defect classification,

consistent with embodiments of the present disclosure.

DETAILED DESCRIPTION
[0017] Reference will now be made in detail to exemplary embodiments, examples of which are
illustrated in the accompanying drawings. The following description refers to the accompanying

drawings in which the same numbers in different drawings represent the same or similar elements
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unless otherwise represented. The implementations set forth in the following description of exemplary
embodiments do not represent all implementations. Instead, they are merely examples of apparatuses
and methods consistent with aspects related to the disclosed embodiments as recited in the appended
claims. For example, although some embodiments are described in the context of utilizing electron
beams, the disclosure is not so limited. Other types of charged particle beams may be similarly
applied. Furthermore, other imaging systems may be used, such as optical imaging, photo detection,
x-ray detection, etc.

[0018] Additionally, various embodiments directed to an inspection process disclosed herein are not
intended to limit the disclosure. The embodiments disclosed herein are applicable to any technology
involving defect classification, automated defect classification, or other classification or layout
optimization systems and are not limited to, inspection and lithography systems.

[0019] Electronic devices are constructed of circuits formed on a piece of silicon called a substrate.
Many circuits may be formed together on the same piece of silicon and are called integrated circuits
or ICs. The size of these circuits has decreased dramatically so that many more of them can fit on the
substrate. For example, an IC chip in a smart phone can be as small as a thumbnail and yet may
include over 2 billion transistors, the size of each transistor being less than 1/1000th the size of a
human hair.

[0020] Making these extremely small ICs is a complex, time-consuming, and expensive process,
often involving hundreds of individual steps. Errors in even one step have the potential to result in
defects in the finished IC rendering it useless. Thus, one goal of the manufacturing process is to avoid
such defects to maximize the number of functional ICs made in the process; that is, to improve the
overall yield of the process.

[0021] One component of improving yield is monitoring the chip making process to ensure that it is
producing a sufficient number of functional integrated circuits. One way to monitor the process is to
inspect the chip circuit structures at various stages of their formation. Inspection can be carried out
using, e.g., a scanning electron microscope (SEM). A SEM can be used to image these extremely
small structures, in effect, taking a “picture” of the structures. The image can be used to determine if
the structure was formed properly and also if it was formed in the proper location. If the structure is
defective, then the process can be adjusted so the defect is less likely to recur.

[0022] In modern semiconductor manufacturing processes, there are many methods and processes
that can aid in reducing defects. These methods can be implemented at various stages throughout the
design phase and early manufacturing phases to prevent defects before they occur. In order to
properly account for defects, it is important to properly identify or classify defects, which can be
performed by examining inspection images such as SEM images. However, it can be difficult to
identify and classify a new or previously unknown type of defects because currently available defect
identification or classification techniques are typically based on comparison with known or previously

identified defect types or defect images. Further, a manual comparison and match determination
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process is heavily involved in identifying or classifying detects by current techniques. Therefore,
improvements in identifying or classifying defects on inspection images are desired.

[0023] According to embodiments of the present disclosure, defect classification can be improved by
using models that can automatically identify or classify a defect(s) on an inspection image. According
to some embodiments of the present disclosure, a defect that cannot be properly identified or
classified as a defect or as a certain detect type by existing techniques can also be automatically
identified or classified as a defect or as a certain defect type. These embodiments can generate a
probability map that can segment a layout file into different regions (for example, as shown in FIG. 5)
based on the likelihood that certain types of defects will occur in each of the regions. Additionally, the
embodiments can train a model that can generate the expected inspection image of a layout file. Using
this model, portions of the inspection images that have defects can be replaced with reference images
of what the inspection image is expected to look like. The reference image can then be compared to
different inspection images during the manufacturing process, and, using the layout probability map, a
neural network can identify the probability that defects found in the sample image correspond to
known defects. Thereby, a potential defect on an inspection image can be properly classified as a
certain detect type or a defect based on a probability map and a location of the potential defect. If the
probability is below a certain threshold, the defect can be classified as a new defect. After a defect is
classified as a new defect, the designers or operators of the lithography system can determine how to
account for or correct the defect.

[0024] Relative dimensions of components in drawings may be exaggerated for clarity. Within the
following description of drawings, the same or like reference numbers refer to the same or like
components or entities, and only the differences with respect to the individual embodiments are
described. As used herein, unless specifically stated otherwise, the term “or” encompasses all possible
combinations, except where infeasible. For example, if it is stated that a component may include A or
B, then, unless specifically stated otherwise or infeasible, the component may include A, or B, or A
and B. As a second example, if it is stated that a component may include A, B, or C, then, unless
specifically stated otherwise or infeasible, the component may include A, or B, or C, or A and B, or A
and C, or B and C, or A and B and C.

[0025] Reference is now made to FIG. 1, which illustrates an example electron beam inspection
(EBI) system 100 consistent with embodiments of the present disclosure. As described below, the
inspection system can generate pattern data. As shown in FIG. 1, charged particle beam inspection
system 100 includes a main chamber 10, a load-lock chamber 20, an electron beam tool 40, and an
equipment front end module (EFEM) 30. Electron beam tool 40 is located within main chamber 10.
While the description and drawings are directed to an electron beam, it is appreciated that the
embodiments are not used to limit the present disclosure to specific charged particles.

[0026] EFEM 30 includes a first loading port 30a and a second loading port 30b. EFEM 30 may

include additional loading port(s). First loading port 30a and second loading port 30b receive wafer
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front opening unified pods (FOUPs) that contain wafers (e.g., semiconductor wafers or wafers made
of other material(s)) or samples to be inspected (wafers and samples are collectively referred to as
“wafers” hereafter). One or more robot arms (not shown) in EFEM 30 transport the wafers to load-
lock chamber 20.

[0027] Load-lock chamber 20 is connected to a load/lock vacuum pump system (not shown), which
removes gas molecules in load-lock chamber 20 to reach a first pressure below the atmospheric
pressure. After reaching the first pressure, one or more robot arms (not shown) transport the wafer
from load-lock chamber 20 to main chamber 10. Main chamber 10 is connected to a main chamber
vacuum pump system (not shown), which removes gas molecules in main chamber 10 to reach a
second pressure below the first pressure. After reaching the second pressure, the wafer is subject to
inspection by electron beam tool 40. In some embodiments, electron beam tool 40 may comprise a
single-beam inspection tool. In other embodiments, electron beam tool 40 may comprise a multi-beam
inspection tool.

[0028] Controller 50 may be electronically connected to electron beam tool 40 and may be
electronically connected to other components as well. Controller 50 may be a computer configured to
execute various controls of charged particle beam inspection system 100. Controller 50 may also
include processing circuitry configured to execute various signal and image processing functions.
While controller 50 is shown in FIG. 1 as being outside of the structure that includes main chamber
10, load-lock chamber 20, and EFEM 30, it is appreciated that controller 50 can be part of the
structure.

[0029] While the present disclosure provides examples of main chamber 10 housing an electron
beam inspection system, it should be noted that aspects of the disclosure in their broadest sense, are
not limited to a chamber housing an electron beam inspection system. Rather, it is appreciated that the
foregoing principles may be applied to other chambers as well.

[0030] Reference is now made to FIG. 2, which illustrates a schematic diagram illustrating an
exemplary electron beam tool or, in some embodiments, an electron-beam tool, that can be a part of
the exemplary electron beam inspection system 1 of FIG. 1, consistent with embodiments of the
present disclosure. Electron beam tool 100 (also referred to herein as apparatus 100) comprises an
electron beam source 101, a gun aperture plate 171 with a gun aperture 103, a condenser lens 110, a
source conversion unit 120, a primary projection optical system 130, a sample stage (not shown in
FIG. 2), a secondary optical system 150, and an electron detection device 140. Primary projection
optical system 130 can comprise an objective lens 131. Electron detection device 140 can comprise a
plurality of detection elements 140_1, 140_2, and 140_3. Beam separator 160 and deflection scanning
unit 132 can be placed inside primary projection optical system 130. It may be appreciated that other
commonly known components of apparatus 100 may be added/omitted as appropriate.

[0031] Electron source 101, gun aperture plate 171, condenser lens 110, source conversion unit 120,

beam separator 160, deflection scanning unit 132, and primary projection optical system 130 can be
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aligned with a primary optical axis 100_1 of apparatus 100. Secondary optical system 150 and
electron detection device 140 can be aligned with a secondary optical axis 150 _1 of apparatus 100.
[0032] Electron source 101 can comprise a cathode, an extractor or an anode, wherein primary
electrons can be emitted from the cathode and extracted or accelerated to form a primary electron
beam 102 that forms a crossover (virtual or real) 101s. Primary electron beam 102 can be visualized
as being emitted from crossover 101s.

[0033] Source conversion unit 120 can comprise an image-forming element array (not shown in FIG.
2). The image-forming element array can comprise a plurality of micro-deflectors or micro-lenses to
form a plurality of parallel images (virtual or real) of crossover 101s with a plurality of beamlets of
primary electron beam 102. FIG. 2 shows three beamlets 102_1, 102_2, and 102_3 as an example, and
it is appreciated that the source conversion unit 120 can handle any number of beamlets. Controller 50
of FIG. 1 may be connected to various parts of charged particle beam inspection system 100 of FIG.
1, such as source conversion unit 120, electron detection device 140, primary projection optical
system 130, or a motorized stage (not shown). In some embodiments, as explained in further details
below, controller 50 may perform various image and signal processing functions. Controller 50 may
also generate various control signals to govern operations of the charged particle beam inspection
system.

[0034] Condenser lens 110 can focus primary electron beam 102. The electric currents of beamlets
102_1, 102_2, and 102_3 downstream of source conversion unit 120 can be varied by adjusting the
focusing power of condenser lens 110 or by changing the radial sizes of the corresponding beam-limit
apertures within the beam-limit aperture array. Objective lens 131 can focus beamlets 102_1, 102_2,
and 102_3 onto a sample 190 for inspection and can form three probe spots 102_1s, 102_2s, and
102_3s on surface of sample 190. Gun aperture plate 171 can block off peripheral electrons of
primary electron beam 102 not in use to reduce Coulomb effect. The Coulomb effect can enlarge the
size of each of probe spots 102_1s, 102_2s, and 102_3s, and therefore deteriorate inspection
resolution.

[0035] Beam separator 160 can be a beam separator of Wien filter type comprising an electrostatic
deflector generating an electrostatic dipole field E1 and a magnetic dipole field B1 (both of which are
not shown in FIG. 2). If they are applied, the force exerted by electrostatic dipole field E1 on an
electron of beamlets 102_1, 102_2, and 102_3 is equal in magnitude and opposite in direction to the
force exerted on the electron by magnetic dipole field B1. Beamlets 102_1, 102_2, and 102_3 can
therefore pass straight through beam separator 160 with zero deflection angles.

[0036] Deflection scanning unit 132 can deflect beamlets 102_1, 102_2, and 102_3 to scan probe
spots 102_1s, 102_2s, and 102_3s over three small scanned areas in a section of the surface of sample
190. In response to incidence of beamlets 102_1, 102_2, and 102_3 at probe spots 102_1s, 102_2s,
and 102_3s, three secondary electron beams 102_1se, 102_2se, and 102_3se can be emitted from

sample 190. Each of secondary electron beams 102_1se, 102_2se, and 102_3se can comprise electron



10

15

20

25

30

35

WO 2022/207181 PCT/EP2022/053896

beams with a distribution of energies including secondary electrons (energies < 50 eV), and
backscattered electrons (energies between 50 eV and landing energies of beamlets 102_1, 102_2, and
102_3). Beam separator 160 can direct secondary charged-particle beams 102_1se, 102_2se, and
102_3se towards secondary optical system 150. Secondary optical system 150 can focus secondary
electron beams 102_1se, 102_2se, and 102_3se onto detection elements 140_1, 140_2, and 140_3 of
electron detection device 140. Detection elements 140_1, 140_2, and 140_3 can detect corresponding
secondary electron beams 102_1se, 102_2se, and 102_3se and generate corresponding signals, which
are sent to controller 50 or a signal processing system (not shown), e.g., to construct images of the
corresponding scanned areas of sample 190.

[0037] In some embodiments, detection elements 140_1, 140_2, and 140_3 detect corresponding
secondary electron beams 102_1se, 102_2se, and 102_3se, respectively, and generate corresponding
intensity signal outputs (not shown) to an image processing system (e.g., controller 50). In some
embodiments, each detection element 140_1, 140_2, and 140_3 may comprise one or more pixels.
The intensity signal output of a detection element may be a sum of signals generated by all the pixels
within the detection element.

[0038] In some embodiments, controller 50 may comprise image processing system that includes an
image acquirer (not shown), a storage (not shown). The image acquirer may comprise one or more
processors. For example, the image acquirer may comprise a computer, server, mainframe host,
terminals, personal computer, any kind of mobile computing devices, and the like, or a combination
thereof. The image acquirer may be communicatively coupled to electron detection device 140
through a medium such as an electrical conductor, optical fiber cable, portable storage media, IR,
Bluetooth, internet, wireless network, wireless radio, among others, or a combination thereof. In
some embodiments, the image acquirer may receive a signal from electron detection device 140 and
may construct an image. The image acquirer may thus acquire images of sample 190. The image
acquirer may also perform various post-processing functions, such as generating contours,
superimposing indicators on an acquired image, and the like. The image acquirer may be configured
to perform adjustments of brightness and contrast, etc. of acquired images. In some embodiments, the
storage may be a storage medium such as a hard disk, flash drive, cloud storage, random access
memory (RAM), other types of computer readable memory, and the like. The storage may be coupled
with the image acquirer and may be used for saving scanned raw image data as original images, and
post-processed images.

[0039] In some embodiments, the image acquirer may acquire one or more images of a sample based
on an imaging signal received from electron detection device 140. An imaging signal may correspond
to a scanning operation for conducting charged particle imaging. An acquired image may be a single
image comprising a plurality of imaging areas. The single image may be stored in the storage. The
single image may be an original image that may be divided into a plurality of regions. Each of the

regions may comprise one imaging area containing a feature of sample 190. The acquired images
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may comprise multiple images of a single imaging area of sample 190 sampled multiple times over a
time sequence. The multiple images may be stored in the storage. In some embodiments, controller
50 may be configured to perform image processing steps with the multiple images of the same
location of sample 190.

[0040] In some embodiments, controller 50 may include measurement circuitries (e.g., analog-to-
digital converters) to obtain a distribution of the detected secondary electrons. The electron
distribution data collected during a detection time window, in combination with corresponding scan
path data of primary electron beam 102 incident on the wafer surface, can be used to reconstruct
images of the wafer structures under inspection. The reconstructed images can be used to reveal
various features of the internal or external structures of sample 190, and thereby can be used to reveal
any defects that may exist in the wafer.

[0041] FIGS. 3A-3F are block diagrams of exemplary defects, consistent with embodiments of the
present disclosure. Defect diagrams 300, 310, 320, 330, 340, and 350 can represent defects that occur
on a wafer during manufacturing. Each of defect diagrams 300, 310, 320, 330, 340, and 350 is
discussed in more detail below and can represent a defect that can occur for different types of
structures on a wafer. Defects demonstrated in defect diagrams 300, 310, 320, 330, 340 and 350 can
be referred to as known defects that, for example, can occur when using the structures depicted.
Because these are known defects, designers can account for the possible occurrence of these defects
when designing a layout. Defect diagrams 300, 310, 320, 330, 340, and 350 include structures
representing information that can be stored in a layout file for a wafer design.

[0042] The layout file can be in a Graphic Database System (GDS) format, Graphic Database System
IT (GDS 1I) format, an Open Artwork System Interchange Standard (OASIS) format, a Caltech
Intermediate Format (CIF), etc. The wafer design may include patterns or structures for inclusion on
the wafer. The patterns or structures can be mask patterns used to transfer features from the
photolithography masks or reticles to a wafer. In some embodiments, a layout in GDS or OASIS
format, among others, may comprise feature information stored in a binary file format representing
planar geometric shapes, text, and other information related to the wafer design.

[0043] FIG. 3A is a block diagram of an exemplary defect diagram 300 representing a hard-bridge,
or short, defect. Layout structures 301 and 302 can represent structures that are part of a design layout
stored in, for example, a GDS file. Structures 305 and 306 can represent structures that are deposited
on the wafer during the manufacturing process. As shown in FIG. 3A, the boundaries of structures
305 and 306 can deviate from the exact dimensions in the GDS layout file (e.g., layout structures 301
and 302). In defect diagram 300, the sides of structures 305 and 306 can intersect creating a point of
contact. This point of contact can, for example, create a hard-bridge or a short between structures 305
and 306 on the wafer.

[0044] FIG. 3B is a block diagram of an exemplary defect diagram 310 representing a soft-bridge, or

near short, defect. Layout structures 311 and 312 can represent structures that are part of a design
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layout stored in, for example, a GDS file. Structures 315 and 316 can represent structures that are
deposited on the wafer during the manufacturing process. As shown in FIG. 3B, the boundaries of
structures 315 and 316 can deviate from the exact dimensions in the GDS layout file (e.g., layout
structures 311 and 312). In defect diagram 310, the sides of structures 315 and 316 can almost be
intersecting. This proximity can, for example, create a soft-bridge or a near-short between structures
315 and 316 on the wafer resulting in the defect.

[0045] FIG. 3C is a block diagram of an exemplary defect diagram 320 representing a hard-break, or
open, defect. Layout structure 321 can represent a structure that is part of a design layout stored in, for
example, a GDS file. Structures 325 and 326 can represent parts of a structure that are deposited on
the wafer during the manufacturing process. As shown in FIG. 3C, the boundaries of structures 325
and 326 can deviate from the exact dimensions in the GDS layout file (e.g., layout structure 321). In
defect diagram 320, the structures 325 and 326 which can represent parts of layout structure 321, can
be split from each other to form two structures instead of one congruous structure. The opening
between the structures (e.g., structures 325 and 326) can create an open or hard-break defect.

[0046] FIG. 3D is a block diagram of an exemplary defect diagram 330 representing a soft-break, or
strong-pinching, defect. Layout structure 331 can represent a structure that is part of a design layout
stored in, for example, a GDS file. Structure 335 can represent a structure that is deposited on the
wafer during the manufacturing process. As shown in FIG. 3D, the boundaries of structure 335 can
deviate from the exact dimensions in the GDS layout file (e.g., layout structure 331). In defect
diagram 330, structure 335, which can represent layout structure 331, can include a thin portion in the
middle of the structure. In this example, the thin portion of structure 335 can create a soft-break or
strong-pinching defect.

[0047] FIG. 3E is a block diagram of an exemplary defect diagram 340 representing a line-end
pullback, defect. Layout structure 341 can represent a structure that is part of a design layout stored
in, for example, a GDS file. Structure 345 can represent a structure that is deposited on the wafer
during the manufacturing process. As shown in FIG. 3E, the boundaries of structure 345 can deviate
from the exact dimensions in the GDS layout file (e.g., layout structure 341). In defect diagram 340,
structure 345, which can represent layout structure 341, can include an empty portion at the end of the
structure. In this example, the missing end portion of structure 345 can result in a line-end pullback
defect.

[0048] FIG. 3F is a block diagram of an exemplary defect diagram 350 representing an exposed via
defect. Layout structure 351 can represent a structure that is part of a design layout stored in, for
example, a GDS file. Structure 355 can represent a structure that is deposited on the wafer during the
manufacturing process. As shown in FIG. 3F, the boundaries of structure 355 can deviate from the
exact dimensions in the GDS layout file (e.g., layout structure 351). In defect diagram 350, structure

355, which can be intended to be layout structure 351, can include an empty portion at the end of the
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structure. In some embodiments, the missing structure can result in an exposed via 356 resulting in a
defect.

[0049] FIG. 4 is a block diagram of an exemplary training system 400 for defect classification,
consistent with embodiments of the present disclosure. It is appreciated that in various embodiments,
training system 400 may be part of or may be separate from a charged-particle beam inspection
system (e.g., electron beam inspection system 100 of FIG. 1), or computational lithography system, or
other photolithography systems. In some embodiments, training system 400 may be part of, for
example, controller 50 or part of other modules of FIGS. 1 and 2.

[0050] In some embodiments, training system 400 can include GDS Defect probability map 410,
SEM sample images 420, attention based convoluted neural network 430, supervised training 440,
probable defect model 450, and SEM reference images 460.

[0051] According to some embodiments, training system 400 can include GDS defect probability
map 410 and SEM sample images 420 as input. GDS defect probability map can include a probability
map generated based on a GDS file associated with a layout. For example, GDS defect probability
map can be defect probability map 500 shown in FIG. 5A.

[0052] Referring to FIG. 5A, FIG. 5A is an exemplary diagram of defect probability map 500,
consistent with embodiments of the present disclosure. Defect probability map 500 can include a
layout stored in, for example, a GDS file. The layout can include design structures 505. It is
appreciated that additional design structures other than what is shown in FIG. SA can be included in
the layout.

[0053] According to embodiments of the disclosure, the GDS layout can be separated into different
probability regions. For example, the GDS layout in FIG. 5A can be divided into probability regions
510, 520, and 530. In some embodiments, portions of the probability regions can overlap. The
probability regions can indicate areas of the GDS file that are likely to result in known defects. In
some embodiments, the known defects that are expected to occur in a region are specific to the region.
For example, the probability of a hard-break or soft-break defect can be higher in region 510 than
other types of defects and the probability of an exposed via or line-end pullback defect can be higher
in region 520. As another example, region 530 can include a higher probability of a particle defect
than other regions of the GDS file.

[0054] In some embodiments the regions of GDS probability map 500 can be determined manually.
In other embodiments, the regions of GDS probability map 500 may be determined by an automated
process. In yet another embodiment, a combination of automated and manual process can determine
the regions (e.g., regions 510, 520, and 530) of probability map 500. If the GDS layout file is
modified, probability map 500 can be updated to account for changes in the GDS layout.

[0055] Referring back to FIG. 4, training system 400 can also obtain SEM sample images 420. SEM

sample images 420 can include images obtained from a SEM. The images can correspond to the GDS
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layout used to generate GDS defect probability map 410. Training system 400 can use one or multiple
SEM sample images 420.

[0056] GDS defect probability map 410 and SEM sample images 420 can be provided to a machine
learning system or neural network such as attention based convoluted neural network (“ABCNN")
430.

[0057] It is appreciated by one of ordinary skill in the art that other types of machine learning
systems can be utilized. For example, ABCNN 430 can be a convoluted neural network, an artificial
neural network, or a recurrent neural network. The specific choice of neural network can be based on
the specific features of defect map 410 and SEM sample images 420.

[0058] ABCNN 430 can receive and process GDS defect probability map 410 and SEM sample
images 420. In some embodiments, a sample image 420 provided to ABCNN 430 can have a portion
of the image removed. ABCNN 430 can process the sample image and predict the missing portion of
SEM sample image 420. In doing so, defects in the SEM sample images can be removed and replaced
by the calculated portion of the sample image. ABCNN 430 is described in more detail in references
to FIG. 5B.

[0059] Referring to FIG. 5B, FIG. 5B is an exemplary block diagram of ABCNN 430 of FIG. 4 for
use in the training system 400, consistent with embodiments of the present disclosure. Other
components shown in FIG. 5B can refer to the same numbered components as those shown in FIG. 4.
As shown in FIG. 5B, ABCNN 430 can accept GDS defect probability map 410 as input. SEM
sample image 550 can be one of SEM sample images 420. SEM sample image 550 can have portion
555 removed from the image. SEM sample image 550, with portion 555 removed, can be provided to
ABCNN 430 as input.

[0060] ABCNN 430 can include processing layers 565, which can include a plurality of neurons. As
shown, various neurons in layers 565 can be connected to allow a transfer of information between the
layers and neurons. Processing layers 565 can process the pixels in sample image 550 and information
in GDS defect probability map 410 to output pixel map 570 representing the expected portion 555 of
sample image 550. As ABCNN 430 is trained with additional sample images 550, the accuracy of
pixel map 570 can improve.

[0061] Referring back to FIG. 4, the output of ABCNN 430 can be provided to supervised training
440. Through a supervised training process, the accuracy of ABCNN 430 can be fine tuned to ensure
that accurate predictions of the missing portions of SEM image samples 420 are calculated.
Supervised training 440 can utilize the removed portion of the sample image as a ground truth
reference for improving the accuracy of the training.

[0062] After training system trains ABCNN 430 using supervised training 440, training system can
output a probable defect model 450. Probable defect model 450 can calculate the missing portions of

SEM sample images 420 and insert the missing portion in the sample image to generate SEM
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reference images 460. The resulting SEM reference images 460 can be free of any defects and
represent the expected SEM image resulting from the corresponding GDS layout.

[0063] FIG. 6 is a block diagram of an exemplary defect classification system 600, consistent with
embodiments of the present disclosure. It is appreciated that in various embodiments, defect
classification system 600 may be part of or may be separate from a charged-particle beam inspection
system (e.g., electron beam inspection system 100 of FIG. 1), or computational lithography system, or
other photolithography systems.

[0064] In some embodiments, defect classification system 600 can include GDS defect probability
map 610, SEM image 620, SEM reference image 630, SEM defect map 640, defect classifier 650, and
can output defect type probabilities 660.

[0065] According to some embodiments, defect classification system 600 can include GDS defect
probability map 610. Defect probability map 610 can be the same defect probability map used in
training system 400 described in FIG. 4 and defect probability map 500 described in FIG. 5. Defect
probability map 610 can represent the probability that different regions in a GDS layout file contain
specific types of defects.

[0066] As additional input, defect classification system 600 can include SEM image 620. SEM image
620 can be an SEM image captured by, for example, inspection system 100 of FIG. 1. SEM image
620 can be an inspection image of a semiconductor device, such as a semiconductor device that is
manufactured based on the GDS layout used to generate the GDS defect probability map 610.

[0067] In some embodiments, defect classification system 600 can further include a defect pre-
classifier 621. In some embodiments, defect pre-classifier 621 may be configured to identify or
categorize a potential defect(s) on SEM image 620 without using GDS defect probability map 610.
Defect pre-classifier 621 may identify or classify a potential defect(s) on SEM image 620 using
existing defect identification or classification techniques. In some embodiments, defect pre-classifier
621 may identify a potential defect(s) by comparing SEM image 620 to reference data. The reference
data can be another SEM image of a sample corresponding to SEM image 620, a layout file of a
sample corresponding to SEM image 620, etc. In some embodiments, a potential defect(s) can be
identified with a location of the potential defect(s) on SEM image 620. In some embodiments, defect
pre-classifier 621 can determine a defect type of a potential defect(s). In some embodiments, defect
pre-classifier 621 can classify the potential defect(s) by defect type by comparing the potential
defect(s) to preidentified or known defects, for example, kept in a library. A library may have various
preidentified or known defect images that have been categorized according to predefined defect types.
For example, a library may have a plurality of defect types (e.g., hard-bridge defect, soft-bridge
defect, etc.) and each defect type may comprise various defect images that are preidentified as
belonging to the defect type. In some embodiments, when defect pre-classifier 621 finds a match
between a potential defect and a preidentified defect image in a library, the potential defect can be

classified as a defect type to which the matching preidentified defect image belongs.
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[0068] In some embodiments, defect pre-classifier 621 may not be able to identify a potential
defect(s) as a defect with sufficient confidence. Similarly, defect pre-classifier 621 may not be able to
classify a potential defect(s) as a certain defect type with sufficient confidence. In some embodiments,
defect pre-classifier 621 may generate a confidence score for each potential defect. The confidence
score may indicate a degree of confidence that an identified potential defect is a defect or that an
identified potential defect is a certain defect type. In some embodiments, if the confidence score for a
potential defect is lower than a threshold, it can be determined that the potential defect is not properly
classified as a defect or as a certain defect type. For example, defect pre-classifier 621 may identify a
plurality of potential defects on SEM image 620 but may classify 90% of the plurality of potential
defects as a defect or as a certain defect type with sufficient confidence (e.g., confidence score being
equal to or greater than a threshold). In this example, defect pre-classifier 621 may not be able to
classify 10% of the plurality of potential defects with sufficient confidence on SEM image 620. It will
be appreciated that a potential defect(s) that is not classified as a defect or as a certain defect type with
sufficient confidence by defect pre-classifier 621 can be referred to as an unknown defect. In some
embodiments, only a potential defect that is identified as an unknown defect(s) by defect pre-classifier
621 may be classified by defect classifier 650, which will be described below. Therefore, in the
example above, only 10% of identified potential defects on SEM image 620 may be classified by
defect classifier 650. Thereby, in some embodiments, defect classification by defect classifier 650,
which may be compute intensive, may be used for a limited number of potential defects. According to
some embodiments, defect classification system 600 may skip pre-classification by defect pre-
classifier 621.

[0069] Defect classification system 600 can also use SEM reference image 630 as input. SEM
reference image 630 can be obtained from the output of training system 400. SEM reference image
630 can represent an expected inspection image that would be captured by, for example, inspection
system 100 for the semiconductor device that is manufactured based on the GDS layout file used to
generate GDS defect probability map 610.

[0070] In some embodiments where pre-classification is performed by defect pre-classifier 621, SEM
reference image 630 can be generated by removing only a portion(s) (e.g., portion 555 in FIG. 5B)
corresponding to an unknown defect(s) that is not classified as a defect or as a certain defect type with
sufficient confidence by defect pre-classifier 621. For example, when 10 unknown defects are
identified by defect pre-classifier 621, SEM reference image 630 can be generated by removing 10
portions (e.g., portion 555) at the locations corresponding to the 10 unknown defects one by one and
by generating corresponding 10 pixel maps (e.g., pixel map 570) corresponding to the removed 10
portions on SEM image 620. In some embodiments where pre-classification by defect pre-classifier
621 is skipped, SEM reference image 630 can be generated by repeating a process of removing a
portion (e.g., portion 555) and generating a pixel map (e.g., pixel map 570) for a whole frame of SEM

image 620. In these embodiments, because pre-classification by defect pre-classifier 621 is not
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performed, potential defects or locations of potential defects are not identified yet. Therefore, a
process of removing a portion (e.g., portion 555) and generating a pixel map (e.g., pixel map 570) can
be repeated for a whole frame of SEM image 620 to identify a potential defect location(s) on SEM
image 620. For example, SEM image 620 may be partitioned into a plurality of portions each of
which may correspond to portion 555 of FIG. 5B and a process of removing a portion (e.g., portion
555) and generating a pixel map (e.g., pixel map 570) can be repeated for each of the plurality of
portions on SEM image 620 to generate SEM reference image 630.

[0071] Defect classification system 600 can calculate the difference between SEM reference image
630 and the portion of SEM image 620 that corresponds to SEM reference image 630 to generate
SEM defect map 640. Because SEM image 620 is captured from a wafer during the manufacturing
process and SEM reference image 630 is an expected image, the difference between the two images
can show any potential defects introduced during the manufacturing process. These potential defects
can then be used by the remaining components of defect classification system 600. In some
embodiments where pre-classification is performed by defect pre-classifier 621, SEM defect map 640
may show only an unknown defect(s) that is not classified as a defect or as a certain defect type with
sufficient confidence by defect pre-classifier 621.

[0072] Defect classifier 650 can use GDS probability map 610, SEM image 620, SEM reference
image 630 and SEM defect map 640 as input. Defect classifier 650 can be a machine learning model
trained using supervised, semi-supervised, or unsupervised machine learning. Defect classifier 650
can be trained to identify known or expected defects in the GDS layout file such as, for example,
defects 300, 310, 320, 330, 340, or 350 of FIG. 3. Using defect probability map 610, defect classifier
650 can be trained to expect certain types of defects (e.g., one or more of defects 300, 310, 320, 330,
340, or 350) in different areas of SEM image 620. For example, defect classifier 650 can expect that
defects 340 and 350, a line end pullback and exposed via, respectively, of FIG. 3, are more likely to
occur in regions 520 of GDS probability map 500 of FIG. SA.

[0073] Using the various input data, defect classifier 650 can classify a potential defect represented
in SEM defect map 640 as a certain defect type expected for the particular region of the layout being
inspected. In some embodiments, defect classifier 650 can classify a potential defect represented in
SEM defect map 640 as a certain defect type based on a location of the potential defect on SEM
defect map 640 (i.e., a location on SEM image 620) and GDS probability map 610. For example,
when a potential defect is located in region 510 in FIG. 5A, the potential defect can be classified as a
break defect (e.g., hard-break or soft-break) according to GDS probability map 610. Similarly, when a
potential defect is located in region 530, the potential defect can be classified as a particle defect
according to GDS probability map 610. According to some embodiments, even an unknown defect
that is not classified as a defect or as a certain defect type with sufficient confidence by defect pre-
classifier 621 can be classified as a certain defect type based on a location of a potential defect on

SEM image 620 and GDS probability map 610.
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[0074] In some embodiments, defect classifier 650 can output a probability that the potential defect
in SEM defect map 640 is a certain defect type for that particular region (e.g., region 510, 520, or 530
of GDS probability map 610). In some embodiments, if the probability is above a certain threshold,
the classification that the potential defect in SEM defect map 640 is a certain defect type can be
maintained. If the probability is below a certain threshold, the potential defect in SEM defect map 640
can be classified as a new defect. The various probabilities can be output as defect type probabilities
660. In some embodiments, the threshold for determining that a potential defect in SEM defect map
640 is a new defect is if the probability that the defect is a known defect is less than 90%. In other
embodiments, the threshold can be lower. In other embodiments, the threshold can be higher. The
threshold can be adjusted to meet the needs of the manufacturing system.

[0075] FIG. 7 is a process flowchart representing an exemplary method 700 for training a model for
defect classification, consistent with embodiments of the present disclosure. The steps of method 700
can be performed by a system (e.g., system 400 of FIG. 4) executing on or otherwise using the
features of a computing device, e.g., controller 50 of FIG. 1 for purposes of illustration. It is
appreciated that the illustrated method 700 can be altered to modify the order of steps and to include
additional steps.

[0076] In step S710, the system can obtain a GDS probability map (e.g., GDS probability map 500 of
FIG. 5). The GDS probability map can include regions (e.g., regions 510, 520, and 530) that represent
the probability of known or expected types of defects (e.g., defects 300, 310, 320, 330, 340, and 350
of FIG. 3) occurring in those regions.

[0077] In step S720, the system can obtain SEM sample images (e.g., SEM sample images 420 of
FIG. 4). The SEM sample images can have portions of the images that contain defects removed from
the sample images. The removed regions can be interpolated or estimated by system 400. The SEM
sample image can correspond to the GDS file used to generate the GDS probability map.

[0078] In step S730, the system can analyze the GDS probability map and SEM sample images using
a neural network. In some embodiments, system 400 can be an ABCNN (e.g., ABCNN 430 of FIG.
4). Convoluted neural networks can be adapted to better process visual images than other types of
neural networks or machine learning systems. System 400 can generate, using the ABCNN, the
expected result for the missing portions of SEM sample images 420. The calculated regions of the
sample images can be free from defects that might be present in the original SEM images and can
represent the expected SEM image that would have been generated from a specific GDS layout (e.g.,
the GDS layout file used for the GDS probability map).

[0079] In step S740, the system can train the ABCNN (e.g., using supervised training 440 of FIG. 4).
In some embodiments, training can be supervised. Under supervised learning, the removed portion of
the sample image can be used as a ground truth reference for improving the accuracy of the training.

In other embodiments training can be unsupervised. In yet other embodiments training can be semi-
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supervised. As system 400 processes additional SEM sample images, the results of training can be
supplied to the ABCNN to improve its accuracy and functionality.

[0080] In step S750, after training, ABCNN can generate a probable defect model that can be used to
generate portions of SEM images. The probable defect model can be used to replace portions of SEM
sample images containing known defects to create an expected SEM image that would result from a
GDS layout.

[0081] In step S750, using the probable defect model, the system can generate SEM sample images
(e.g., SEM reference images 460) representing the expected SEM image for a GDS layout file (e.g.,
the GDS layout file used for GDS defect probability map 410 of FIG. 4 or GDS probability map 500
of FIG. 5).

[0082] FIG. 8 is a process flowchart representing an exemplary method 800 for a defect classification
system, consistent with embodiments of the present disclosure. The steps of method 800 can be
performed by a defect classification system (e.g., a defect classification system 600 of FIG. 6)
executing on or otherwise using the features of a computing device, e.g., controller 50 of FIG. 1 for
purposes of illustration. It is appreciated that the illustrated method 800 can be altered to modify the
order of steps and to include additional steps.

[0083] In step S803, the system can obtain an SEM image (e.g., SEM image 620 of FIG. 6). The
SEM image can be an image of a GDS layout captured (e.g., by inspection system 100 of FIG. 1)
during manufacturing. The SEM image can correspond to specific GDS layout (e.g., the GDS layout
used to generate GDS defect probability map 610 of FIG. 6).

[0084] In step S804, the system can perform pre-classification on an SEM image. In step S804, a
potential defect(s) on an SEM image can be identified or categorized using existing defect
identification or classification techniques. In some embodiments, a potential defect(s) can be
identified by comparing an SEM image to reference data. In some embodiments, a potential defect(s)
can be identified with a location of the potential defect(s) on the SEM image. In some embodiments, a
defect type of the potential defect(s) can be classified as being a certain defect type by comparing the
potential defect(s) to preidentified or known defects, for example, kept in a library.

[0085] In some embodiments, a potential defect(s) may not be identified or classified as a defect or
as a certain defect type with sufficient confidence. In some embodiments, a confidence score for each
potential defect can be generated. The confidence score may indicate a degree of confidence that an
identified potential defect is a defect or that an identified potential defect is a certain defect type. In
some embodiments, if the confidence score for a potential defect is lower than a threshold, it can be
determined that the potential defect is not properly classified as a defect or as a certain defect type. In
some embodiments, only an unknown defect(s) that is not classified as a defect or as a certain defect
type with sufficient confidence may proceed to step S805, which will be described below. According

to some embodiments, step S804 may be skipped.
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[0086] In step S805, the system can obtain an SEM refence image (e.g., SEM reference image 630 of
FIG. 6). The SEM reference image can be one of SEM reference images 460 of FIG. 4) output by a
probable defect model (e.g., probable defect model 450 of FIG. 4). The SEM reference image can
represent the expected SEM image of GDS layout.

[0087] In some embodiments where step S804 is performed, an SEM reference image can be
generated by removing only a portion(s) (e.g., portion 555 in FIG. 5B) corresponding to an unknown
defect(s) that is not classified as a defect or as a certain defect type with sufficient confidence in step
S804. In some embodiments where step S804 is skipped, an SEM reference image can be generated
by repeating a process of removing a portion (e.g., portion 555) and generating a pixel map (e.g., pixel
map 570) for a whole frame of an SEM image. In these embodiments, because pre-classification by
step S804 is not performed, potential defects or locations of potential defects are not identified yet.
Therefore, a process of removing a portion (e.g., portion 555) and generating a pixel map (e.g., pixel
map 570) can be repeated for a whole frame of SEM image 620 to identify a potential defect
location(s) on an SEM image.

[0088] In step S807, the system can obtain a GDS probability map (e.g., GDS probability map 500 of
FIG. 5 and GDS probability map 610 of FIG. 6). The GDS probability map can include regions (e.g.,
regions 510, 520, and 530) that represent the probability of known or expected types of defects (e.g.,
defects 300, 310, 320, 330, 340, and 350 of FIG. 3) occurring in those regions.

[0089] In step S810, the system can calculate the difference between the SEM reference image and
the SEM image. By subtracting the SEM image from the SEM reference image, the system can
generate an image or map that includes only the potential defects (e.g., the defect map 640 of FIG. 6).
In some embodiments where step S804 is performed, the generated SEM defect map may show only
an unknown defect(s) that is not classified as a defect or as a certain defect type with sufficient
confidence in step S804.

[0090] In step S820, the system can classify a potential defect(s) represented on a SEM defect map as
a certain defect type (e.g., using defect classifier 650 of FIG. 6) based on the SEM image, SEM
reference image, defect map, and GDS probability map. The system can identify the defects in the
defect map and compare those defect locations to the defect probability map. The system can
determine the likelihood that a defect in the defect map is a type (e.g., defects 300, 310, 320, 330, 340,
and 350 of FIG. 3) that is likely to occur in a specified region of the GDS layout file. In some
embodiments, a potential defect(s) represented in a SEM defect map can be classified as a certain
defect type based on a location of the potential defect(s) on a SEM defect map (i.e., a location on an
SEM image) and a GDS probability map. According to some embodiments, even an unknown defect
that is not classified as a defect or as a certain defect type with sufficient confidence in step S804 can
be classified as a certain defect type based on a location of a potential defect on an SEM image and a
GDS probability map 610. In some embodiments, the method may finish (i.e., step S850) after step
S820, and steps S830 and S840 may be skipped.
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[0091] In step S830, the system can generate a probability that the potential defect(s) in a SEM
defect map is a certain defect type for a particular region on a GDS probability map. The system can
generate a probability for each of the defects in the defect map. In step S840, the system can
determine which of the defects are below a threshold probability that identifies the defect as a new
defect. In this way, the system can identify new or unknown defects that occur during manufacturing
allowing the defect to be corrected. In some embodiments, if the probability is above a certain
threshold, the classification of step S820 that the potential defect in a SEM defect map is a certain
defect type can be maintained.
[0092] A non-transitory computer readable medium may be provided that stores instructions for a
processor of a controller (e.g., controller 50 of FIG. 1) or of a system (e.g., system 300 of FIG. 3) to
carry out the steps of methods 700 and 800 including, among other things, image inspection, image
acquisition, image transformation, image processing, image comparison, stage positioning, beam
focusing, electric field adjustment, beam bending, condenser lens adjusting, activating charged-
particle source, and beam deflecting. Common forms of non-transitory media include, for example, a
floppy disk, a flexible disk, hard disk, solid state drive, magnetic tape, or any other magnetic data
storage medium, a Compact Disc Read Only Memory (CD-ROM), any other optical data storage
medium, any physical medium with patterns of holes, a Random Access Memory (RAM), a
Programmable Read Only Memory (PROM), and Erasable Programmable Read Only Memory
(EPROM), a FLASH-EPROM or any other flash memory, Non-Volatile Random Access Memory
(NVRAM), a cache, a register, any other memory chip or cartridge, and networked versions of the
same.
[0093] The embodiments may further be described using the following clauses:
1. A method of defect classification comprising:

obtaining an inspection image;

obtaining layout data associated with the image;

obtaining a probability map derived from the layout data, wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data;

identifying a defect in the inspection image occurring at a first location; and

classifying the defect based on the probability map and the first location.
2. The method of clause 1 wherein classifying the defect further comprises:

classifying the defect as the first type of defect when the first location corresponds to the
region of the layout data.
3. The method of clause 2 wherein classifying the defect further comprises:

determining the probability that the defect is above a threshold probability of being the first
type of defect; and

in response to a determination that the probability is below the threshold probability,

classifying the defect as a new defect type.
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4. The method of clause 1 wherein the first type of defect is one of a predetermined set of
known defect types.
5. The method of clause 1 wherein the first type of defect is one of a hard bridge defect, a soft

bridge defect, a hard break defect, a soft break defect, a line-end pullback defect, or a particle

defect.
6. The method of clause 1 wherein identifying a defect in the inspection image occurring at a

first location further comprises:

identifying a potential defect on the inspection image based on reference data corresponding
to the inspection image;

determining whether the potential defect on the inspection image matches any one of a
predetermined set of known defect types; and

pre-classifying the potential defect as an unknown defect type when the potential defect does
not match any one of the predetermined set of known defect types.
7. The method of clause 1 wherein identifying a defect in the inspection image occurring at a

first location further comprises:

identifying a potential defect on the inspection image based on reference data corresponding
to the inspection image;

determining that the potential defect on the inspection image matches a known defect type
among a predetermined set of known defect types;

determining a confidence score that the potential defect matches the known defect type; and

pre-classifying the potential defect as an unknown defect type when the confidence score is
below a threshold value.
8. A method of training a model, the method comprising:

obtaining layout data;

obtaining an inspection image;

generating a partial inspection image by removing a first portion of the inspection image;

obtaining a probability map derived from the layout data wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data; and

training the model to generate an expected image corresponding to the first portion of the
inspection image using the probability map, the first portion of the inspection image, and the partial
inspection image.
9. The method of clause 8 wherein training the model further comprises:

training the model to generate the expected image using the first portion as a ground truth

reference.
10. The method of clause 9 wherein the model is an attention based convoluted neural network.
11. A method of generating a portion of an inspection image, the method comprising:

obtaining layout data;
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generating a partial inspection image by removing a first portion of the inspection image;
obtaining a model trained to generate portions of images;

obtaining a probability map derived from the layout data, wherein the probability map

identifies a probability of a first type of defect occurring in a region of the layout data; and

generating a second portion of the inspection image, based on the partial inspection image,

the probability map, and the model.

12. The method of clause 11 wherein the first portion of the inspection image corresponds to a
central location of the inspection image.

13. The method of clause 12, further comprising:
comparing the first portion of the inspection image with the second portion of the inspection

image; and
determining, based on the comparison, a defect at a first location of the inspection image.

14. The method of clause 13, further comprising:
classifying the defect based on the probability map and the first location.

15. The method of any one of clauses 11-14 wherein the second portion of the inspection image
replaces the first portion of the inspection image in the inspection image.

16. The method of any one of clauses 1-15 wherein the inspection image is an SEM image.

17. The method of any one of clauses 1-16, wherein the layout data is in Graphic Database
System (GDS) format, Graphic Database System II (GDS II) format, Open Artwork System
Interchange Standard (OASIS) format, or Caltech Intermediate Format (CIF).

18. A system comprising:

a memory storing a set of instructions; and
at least one processor configured to execute the set of instructions to cause the system to
perform:

19.

obtaining an inspection image;
obtaining layout data associated with the image;

obtaining a probability map derived from the layout data wherein the probability map

identifies a probability of a first type of defect occurring in a region of the layout data;

identifying a defect in the inspection image occurring at a first location; and
classifying the defect based on the probability map and the first location.
The system of clause 18 wherein, in classifying the defect, the at least one processor is
configured to execute the set of instructions to further cause the system to perform:

classifying the defect as the first type of defect when the first location corresponds to the

region of the layout data.

20.

The system of clause 19 wherein, in classifying the defect, the at least one processor is

configured to execute the set of instructions to further cause the system to perform:

PCT/EP2022/053896
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determining the probability that the defect is above a threshold probability of being the first
type of defect; and
in response to a determination that the probability is below the threshold probability,

classifying the defect as a new defect type.

21. The system of clause 18 wherein the first type of defect is one of a predetermined set of
known defect types.
22. The system of clause 18 wherein the first type of defect is one of a hard bridge defect, a soft

bridge defect, a hard break defect, a soft break defect, a line-end pullback defect, or a particle
defect.

23. The system of clause 18 wherein, in identifying a defect in the inspection image, the at least
one processor is configured to execute the set of instructions to further cause the system to
perform:
identifying a potential defect on the inspection image based on reference data corresponding

to the inspection image;
determining whether the potential defect on the inspection image matches any one of a

predetermined set of known defect types; and
pre-classifying the potential defect as an unknown defect type when the potential defect does
not match any one of the predetermined set of known defect types.

24, The system of clause 18 wherein, identifying a defect in the inspection image, the at least one
processor is configured to execute the set of instructions to further cause the system to
perform:
identifying a potential defect on the inspection image based on reference data corresponding

to the inspection image;
determining that the potential defect on the inspection image matches a known defect type

among a predetermined set of known defect types;
determining a confidence score that the potential defect matches the known defect type; and
pre-classifying the potential defect as an unknown defect type when the confidence score is
below a threshold value.
25. A system comprising:
a memory storing a set of instructions; and
at least one processor configured to execute the set of instructions to cause the system to
perform:
obtaining layout data;
obtaining an inspection image;
generating a partial inspection image by removing a first portion of the inspection

image;
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obtaining a probability map derived from the layout data wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data; and

training the model to generate an expected image corresponding to the first portion of
the inspection image using the probability map, the first portion of the inspection image, and

the partial inspection image.

26. The system of clause 25 wherein, in training the model, the at least one processor is
configured to execute the set of instructions to further cause the system to perform:
training the model to generate the expected image using the first portion as a ground truth
reference.
27. The system of clause 25 wherein the model is an attention based convoluted neural network.
28. A system comprising:
a memory storing a set of instructions; and
at least one processor configured to execute the set of instructions to cause the system to
perform:
generating a partial inspection image by removing a first portion of the inspection
image;
obtaining a model trained to generate portions of images;
obtaining a probability map derived from the layout data wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data; and
generating a second portion of the inspection image, based on the partial inspection
image, the probability map, and the model.
29. The system of clause 28 wherein the first portion of the inspection image corresponds to a
central location of the inspection image.
30. The system of clause 29 wherein the at least one processor is configured to execute the set of
instructions to further cause the system to perform:
comparing the first portion of the inspection image with the second portion of the inspection
image; and
determining, based on the comparison, a defect at a first location of the inspection image.
31. The system of clause 30 wherein the at least one processor is configured to execute the set of
instructions to further cause the system to perform:
classifying the defect based on the probability map and the first location.
32. The system of any one of clauses 28-31 wherein the second portion of the inspection image
replaces the first portion of the inspection image in the inspection image.
33. The system of any one of clauses 12-32 wherein the inspection image is an SEM image.
34. The system of any one of clauses 12-33, wherein the layout data is in Graphic Database

System (GDS) format, Graphic Database System II (GDS II) format, Open Artwork System
Interchange Standard (OASIS) format, or Caltech Intermediate Format (CIF).
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35. A non-transitory computer readable medium that stores a set of instructions that is executable
by at least one processor of a computing device to cause the computing device to perform a method of
defect classification, the method comprising:

obtaining an inspection image;

obtaining layout data associated with the image;

obtaining a probability map derived from the layout data wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data;

identifying a defect in the inspection image occurring at a first location; and

classifying the defect based on the probability map and the first location.

36. The non-transitory computer readable medium of clause 35 wherein, in classifying the defect,
the set of instructions that is executable by at least one processor of the computing device to
cause the computing device to further perform:
classifying the defect as the first type of defect when the first location corresponds to the

region of the layout data.

37. The non-transitory computer readable medium of clause 36 wherein the set of instructions

that is executable by at least one processor of the computing device to cause the computing device to

further perform:

determining the probability that the defect is above a threshold probability of being the first
type of defect; and

in response to a determination that the probability is below the threshold probability,
classifying the defect as a new defect type.

38. The non-transitory computer readable medium of clause 35 wherein the first type of defect is
one of a predetermined set of known defect types.

39. The non-transitory computer readable medium of clause 35 wherein the first type of defect is
one of a hard bridge defect, a soft bridge defect, a hard break defect, a soft break defect, a
line-end pullback defect, or a particle defect.

40. The non-transitory computer readable medium of clause 35 wherein, in identifying a defect in
the inspection image, the set of instructions that is executable by at least one processor of the
computing device to cause the computing device to further perform:
identifying a potential defect on the inspection image based on reference data corresponding

to the inspection image;
determining whether the potential defect on the inspection image matches any one of a

predetermined set of known defect types; and
pre-classifying the potential defect as an unknown defect type when the potential defect does

not match any one of the predetermined set of known defect types.
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41. The non-transitory computer readable medium of clause 35 wherein, in identifying a defect in
the inspection image, the set of instructions that is executable by at least one processor of the
computing device to cause the computing device to further perform:
identifying a potential defect on the inspection image based on reference data corresponding

to the inspection image;
determining that the potential defect on the inspection image matches a known defect type

among a predetermined set of known defect types;
determining a confidence score that the potential defect matches the known defect type; and
pre-classifying the potential defect as an unknown defect type when the confidence score is
below a threshold value.

42. A non-transitory computer readable medium that stores a set of instructions that is executable

by at least one processor of a computing device to cause the computing device to perform a method of

training a model, the method comprising:

obtaining layout data;

obtaining an inspection image;

generating a partial inspection image by removing a first portion of the inspection image;

obtaining a probability map derived from the layout data wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data; and

training the model to generate an expected image corresponding to the first portion of the
inspection image using the probability map, the first portion of the inspection image, and the partial
inspection image.

43. The non-transitory computer readable medium of clause 42 wherein, in training the model,
the set of instructions that is executable by at least one processor of the computing device to
cause the computing device to further perform:
training the model to generate the expected image using the first portion as a ground truth

reference.

44. The non-transitory computer readable medium of clause 42 wherein the model is an attention
based convoluted neural network.

45. A non-transitory computer readable medium that stores a set of instructions that is executable

by at least one processor of a computing device to cause the computing device to perform a method of

applying a trained model, the method comprising:
generating a partial inspection image by removing a first portion of the inspection image;
obtaining a model trained to generate portions of images;
obtaining a probability map derived from the layout data wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data; and
generating a second portion of the inspection image, based on the partial inspection image,

the probability map, and the model.
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46. The non-transitory computer readable medium of clause 45 wherein the first portion of the
inspection image corresponds to a central location of the inspection image.

47. The non-transitory computer readable medium of clause 46 wherein the set of instructions
that is executable by at least one processor of the computing device to cause the computing
device to further perform:
comparing the first portion of the inspection image with the second portion of the inspection

image; and
determining, based on the comparison, a defect at a first location of the inspection image.

48. The non-transitory computer readable medium of clause 47 wherein the set of instructions
that is executable by at least one processor of the computing device to cause the computing
device to further perform:
classifying the defect based on the probability map and the first location.

49. The non-transitory computer readable medium of any one of clauses 45-48 wherein the
second portion of the inspection image replaces the first portion of the inspection image in the
inspection image.

50. The non-transitory computer readable medium of any one of clauses 35-49 wherein the
inspection image is an SEM image.

51. The non-transitory computer readable medium of any one of clauses 35-50 wherein the layout
data is in Graphic Database System (GDS) format, Graphic Database System II (GDS II)
format, Open Artwork System Interchange Standard (OASIS) format, or Caltech Intermediate
Format (CIF).

[0094] The block diagrams in the figures illustrate the architecture, functionality, and operation of

possible implementations of systems, methods, and computer hardware/software products according

to various exemplary embodiments of the present disclosure. In this regard, each block in a schematic
diagram may represent certain arithmetical or logical operation processing that may be implemented

using hardware such as an electronic circuit. Blocks may also represent a module, a segment, or a

portion of code that comprises one or more executable instructions for implementing the specified

logical functions. It should be understood that in some alternative implementations, functions
indicated in a block may occur out of the order noted in the figures. For example, two blocks shown
in succession may be executed or implemented substantially concurrently, or two blocks may
sometimes be executed in reverse order, depending upon the functionality involved. Some blocks may
also be omitted.

[0095] It will be appreciated that the embodiments of the present disclosure are not limited to the

exact construction that has been described above and illustrated in the accompanying drawings, and

that various modifications and changes may be made without departing from the scope thereof. The
present disclosure has been described in connection with various embodiments, other embodiments of

the invention will be apparent to those skilled in the art from consideration of the specification and
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practice of the invention disclosed herein. It is intended that the specification and examples be
considered as exemplary only, with a true scope and spirit of the invention being indicated by the
following claims.

[0096] The descriptions above are intended to be illustrative, not limiting. Thus, it will be apparent to
one skilled in the art that modifications may be made as described without departing from the scope of

the claims set out below.



10

15

20

25

30

35

WO 2022/207181 PCT/EP2022/053896
28

CLAIMS:

1. A system comprising:
a memory storing a set of instructions; and
at least one processor configured to execute the set of instructions to cause the system to
perform:
obtaining an inspection image;
obtaining layout data associated with the image;
obtaining a probability map derived from the layout data wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data;
identifying a defect in the inspection image occurring at a first location; and

classifying the defect based on the probability map and the first location.

2. The system of claim 1 wherein, in classifying the defect, the at least one processor is
configured to execute the set of instructions to further cause the system to perform:
classifying the defect as the first type of defect when the first location corresponds to the

region of the layout data.

3. The system of claim 2 wherein, in classifying the defect, the at least one processor is
configured to execute the set of instructions to further cause the system to perform:

determining the probability that the defect is above a threshold probability of being the first
type of defect; and

in response to a determination that the probability is below the threshold probability,

classifying the defect as a new defect type.

4. The system of claim 1 wherein the first type of defect is one of a predetermined set of known
defect types.
5. The system of claim 1 wherein the first type of defect is one of a hard bridge defect, a soft

bridge defect, a hard break defect, a soft break defect, a line-end pullback defect, or a particle defect.

6. The system of claim 1 wherein, in identifying a defect in the inspection image, the at least one
processor is configured to execute the set of instructions to further cause the system to perform:
identifying a potential defect on the inspection image based on reference data corresponding
to the inspection image;
determining whether the potential defect on the inspection image matches any one of a

predetermined set of known defect types; and
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pre-classifying the potential defect as an unknown defect type when the potential defect does

not match any one of the predetermined set of known defect types.

7. The system of claim 1 wherein, identifying a defect in the inspection image, the at least one
processor is configured to execute the set of instructions to further cause the system to perform:
identifying a potential defect on the inspection image based on reference data corresponding
to the inspection image;
determining that the potential defect on the inspection image matches a known defect type
among a predetermined set of known defect types;
determining a confidence score that the potential defect matches the known defect type; and
pre-classifying the potential defect as an unknown defect type when the confidence score is

below a threshold value.

8. The system of claim 1, wherein the layout data is in Graphic Database System (GDS) format,
Graphic Database System II (GDS II) format, Open Artwork System Interchange Standard (OASIS)

format, or Caltech Intermediate Format (CIF).

9. A non-transitory computer readable medium that stores a set of instructions that is executable
by at least one processor of a computing device to cause the computing device to perform a method of
defect classification, the method comprising:

obtaining an inspection image;

obtaining layout data associated with the image;

obtaining a probability map derived from the layout data wherein the probability map
identifies a probability of a first type of defect occurring in a region of the layout data;

identifying a defect in the inspection image occurring at a first location; and

classifying the defect based on the probability map and the first location.

10. The non-transitory computer readable medium of claim 9 wherein, in classifying the defect,
the set of instructions that is executable by at least one processor of the computing device to cause the
computing device to further perform:

classifying the defect as the first type of defect when the first location corresponds to the

region of the layout data.

11. The non-transitory computer readable medium of claim 10 wherein the set of instructions that
is executable by at least one processor of the computing device to cause the computing device to

further perform:
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determining the probability that the defect is above a threshold probability of being the first
type of defect; and
in response to a determination that the probability is below the threshold probability,

classifying the defect as a new defect type.

12. The non-transitory computer readable medium of claim 9 wherein the first type of defect is

one of a predetermined set of known defect types.

13. The non-transitory computer readable medium of claim 9 wherein the first type of defect is
one of a hard bridge defect, a soft bridge defect, a hard break defect, a soft break defect, a line-end

pullback defect, or a particle defect.

14. The non-transitory computer readable medium of claim 9 wherein, in identifying a defect in
the inspection image, the set of instructions that is executable by at least one processor of the
computing device to cause the computing device to further perform:

identifying a potential defect on the inspection image based on reference data corresponding
to the inspection image;

determining whether the potential defect on the inspection image matches any one of a
predetermined set of known defect types; and

pre-classifying the potential defect as an unknown defect type when the potential defect does

not match any one of the predetermined set of known defect types.

15. The non-transitory computer readable medium of claim 9 wherein, in identifying a defect in
the inspection image, the set of instructions that is executable by at least one processor of the
computing device to cause the computing device to further perform:

identifying a potential defect on the inspection image based on reference data corresponding
to the inspection image;

determining that the potential defect on the inspection image matches a known defect type
among a predetermined set of known defect types;

determining a confidence score that the potential defect matches the known defect type; and

pre-classifying the potential defect as an unknown defect type when the confidence score is

below a threshold value.



WO 2022/207181 1/9 PCT/EP2022/053896
30a
30 20 100
30b
10
50

FIG. 1



WO 2022/207181 2/9 PCT/EP2022/053896

100
| 100_1
|
101
101s
171 130
102
110 <
4
120 :
!
102 3 102 1 102 2 N
A 4 4 v
130 ;
| ¥
./;
D e ;Drz?)a
N | i 2%
1314_.._.___;___,5____>

190 102-3s 102-1s 102-2s

FIG. 2



WO 2022/207181

3/9
300
301 305
300 306
320
321
( o ]
325 326
FIG. 3C
340
341
L
345
FIG. 3E

SUBSTITUTE SH

PCT/EP2022/053896
310
311 315
£ . 1 318
312-‘k1, e —
FIG. 3B
330
331
\ — = -
F>~____ LeThe il )i
335
FIG. 3D
350
351
35E 356
FiG. 3F

EET (RULE 26)



WO 2022/207181 4/9 PCT/EP2022/053896

KN
[
o

GDS Defect
Probability Map
410
A
Attention Based Supervised
Convoluted Neural TlFr)ainin
Network h 440 9
430
SEM Sample
Images
420 v

| Probably Defect Model
| 450

A

SEM Reference
Images
480

FIG. 4



5/9 PCT/EP2022/053896

WO 2022/207181

(&
1y

FIG. 5A



6/9 PCT/EP2022/053896

WO 2022/207181

049

as 'Old

Gog

oevy

Gaq

JoRIX

SN

P

4

| e el Sl e

|
t
i
[ O N TN VY N

Ol¥

049G



WO 2022/207181

D
[
o

GDS Defect
Probability Map
610

719

PCT/EP2022/053896

.| SEM Defect Map

”

Defect Classifier
650

640
SEM Image SEM Reference
620 Image
630
y
Defect Pre-
P classifier
621

FIG. 6

Defect Type Probabilities
660




WO 2022/207181 8/9 PCT/EP2022/053896

Start
5701

‘

Obtain a GDS probability map
S710

v

Obtain SEM sample images
S720

v

Analyze the GDS probability map and the SEM
sample images using a neural network
S730

:

Using the SEM sample images and GDS probability
map, train the neural network to generate SEM
reference images
S740

v

Using the neural network, generate a probable defect
model
S750

’

Using the probable defect model, generate SEM
reference images without probable or known defects
S760

v

Finish
S770

FIG.7



WO 2022/207181 9/9 PCT/EP2022/053896

Start
S801
A A
. : Perform Obtain a GDS defect
Obtain agSSO%M 'mage | Preclassification probability map
S804 S807

X

Obtain an SEM
» Reference image
S805

A 4 v A 4

Calculate the difference between the SEM image and SEM Reference Image
S810

X

Using a defect classifier, classify a potential defect based on the SEM image,
SEM reference image, difference, and GDS defect probability map

S820

A
Generate a probability that a potential defect is classified as a certain defect

type
5830

If the probability is below a threshold probability, identify a potential defect as
a new defect
S840

Finish

S850 X

FIG. 8



INTERNATIONAL SEARCH REPORT

International application No

PCT/EP2022/053896

A. CLASSIFICATION OF SUBJECT MATTER
INV. GO06T7/00

ADD.

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

GOo6T

Minimum documentation searched (classification system followed by classification symbols)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

EPO-Internal, WPI Data

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* | Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
X CN 110 389 153 A (TAIWAN SEMICONDUCTOR MFG 1,2,4,5,
CO LTD) 29 October 2019 (2019-10-29) 8-10,12,
13
A page 4 - page 6; figures 4,5 3,6,7,
11,14,15
A US 2020/161081 Al (PATHANGI HARI [IN] ET 1-15
AL) 21 May 2020 (2020-05-21)
paragraph [0011] - paragraph [0012]
paragraph [0046] - paragraph [0061]
A US 2019/004504 Al (YATI ARPIT [IN]) 1-15
3 January 2019 (2019-01-03)
paragraph [0041] - paragraph [0057]

I:‘ Further documents are listed in the continuation of Box C.

‘zl See patent family annex.

* Special categories of cited documents :

"A" document defining the general state of the art which is not considered
to be of particular relevance

"E" earlier application or patent but published on or after the international
filing date

"L" document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified}

"O" document referring to an oral disclosure, use, exhibition or other
means

"P" document published prior to the international filing date but later than
the priority date claimed

"T" later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

"X" document of particular relevance;; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

"Y" document of particular relevance;; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

"&" document member of the same patent family

Date of the actual completion of the international search

29 June 2022

Date of mailing of the international search report

08/07/2022

Name and mailing address of the ISA/
European Patent Office, P.B. 5818 Patentlaan 2
NL - 2280 HV Rijswijk
Tel. (+31-70) 340-2040,
Fax: (+31-70) 340-3016

Authorized officer

Katsoulas, Dimitrios

Form PCTASA/210 {second sheet) (April 2005)




INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No

PCT/EP2022/053896
Patent document Publication Patent family Publication
cited in search report date member(s) date
CN 110389153 A 29-10-2019 CN 110389153 a 29-10-2019
TW 201944064 A 16-11-2019
Us 2019318471 Al 17-10-2019
us 2021118125 Al 22-04-2021
US 2020161081 Al 21-05-2020 CN 112969911 A 15-06-2021
EP 3870959 a1l 01-09-2021
JP 2022507543 A 18-01-2022
KR 20210080567 a 30-06-2021
TW 202033954 A 16-09-2020
Us 2020161081 Al 21-05-2020
WO 2020102611 A1l 22-05-2020
US 2019004504 Al 03-01-2019 CN 110770886 A 07-02-2020
KR 20200014938 a 11-02-2020
TW 201905731 A 01-02-2019
Us 2019004504 Al 03-01-2019

Form PCTASA/210 (patent family annex) (April 2005)




	Page 1 - front-page
	Page 2 - front-page
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - claims
	Page 31 - claims
	Page 32 - claims
	Page 33 - drawings
	Page 34 - drawings
	Page 35 - drawings
	Page 36 - drawings
	Page 37 - drawings
	Page 38 - drawings
	Page 39 - drawings
	Page 40 - drawings
	Page 41 - drawings
	Page 42 - wo-search-report
	Page 43 - wo-search-report

