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PROCESS PROXIMITY CORRECTION METHOD AND COMPUTING DEVICE 

FOR THE SAME 

 

CROSS-REFERENCE TO RELATED APPLICATION 

[0001]  This patent application claims priority to Korean Patent Application No. 10-2022-

0041164 filed on 1 April 2022, in the Korean Intellectual Property Office, the disclosure of 

which is incorporated by reference in its entirety herein. 

 

 

TECHNICAL FIELD 

[0002]  The present disclosure relates to a process proximity correction method and a 

computing device for performing the method. 

BACKGROUND 

[0003]  A semiconductor process that manufactures a semiconductor device may be performed 

using various procedures such as etching, deposition, planarization, growth, and implantation. 

The etching may be performed by forming a photoresist pattern on a target, and removing 

portions of the target that are not protected by the photoresist using chemicals, gas, plasma, an 

ion beam, or the like. 

[0004]  In a process of performing the etching, a process error may occur due to various factors. 

The factors causing the process error may be due to characteristics of the process, but may also 

be due to characteristics of the photoresist pattern or a semiconductor pattern formed by the 

etching. The process error due to the characteristics of the pattern may be compensated for by 

correcting or changing a layout of the patterns. 

[0005]  As an integration level of the semiconductor device increases and a size of the 

semiconductor process is reduced, the number of patterns included in a semiconductor layout 

rapidly increases. However, changing the layout of a large number of patterns to compensate 

for the process error increases manufacturing time and cost. 

SUMMARY 
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[0006]  At least one embodiment of the present disclosure provides a process proximity 

correction method in which process proximity correction on multiple regions is performed 

using a process proximity correction model. In this method, process proximity correction may 

be performed on a pattern overlapping a region boundary with increased consistency. 

[0007]  At least one embodiment of the present disclosure provides a process proximity 

correction computing device in which process proximity correction is performed on multiple 

regions using a process proximity correction model. In this computing device, process 

proximity correction may be performed on a pattern overlapping a region boundary with 

increased consistency. 

[0008]  According to an embodiment, a process proximity correction method includes 

receiving a first layout including first to m-th regions, wherein each of the first to m-th regions 

include first to m-th patterns; and generating a second layout by performing machine learning-

based process proximity correction based on first to n-th features of the first to m-th patterns. 

Here m is a natural number equal to or greater than 3 and n is a natural number greater than or 

equal to 2. In an embodiment, each of the first to k-th features includes first to l-th sub-features 

of each of the first to l-th patterns included in each of the first to l-th regions, k is a natural 

number smaller than or equal to n and l is a natural number smaller than or equal to m.  

[0009]  According to an embodiment, a process proximity correction method includes 

receiving a first layout including a first region including a first pattern, a second region 

including a second pattern, and a third region including a third pattern; extracting first to third 

features of the first to third patterns; and generating a process proximity correction model, 

wherein the generating of the process proximity correction model includes performing machine 

learning on: first-first feature data about the first feature of the first pattern included in the first 

region; first-second feature data about the first feature of the second pattern included in the 

second region; second feature data about the second feature of the first to third patterns 

respectively included in the first to third regions; and measure data of an after-cleaning 

inspection (ACI) image generated from the first layout; correcting the first layout to generate 

a second layout; predicting an ACI image of the second layout using the process proximity 
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correction model; and correcting the second layout based on a difference between the predicted 

ACI image and a target ACI image. 

[0010]  According to an embodiment, a computing device for performing process proximity 

correction, the device includes a plurality of processors, wherein at least one of the processors 

performs the process proximity correction. The at least one processor for performing the 

process proximity correction is configured to: receive a first layout including first to m-th 

regions, wherein each of the first to m-th regions include first to m-th patterns and m is a natural 

number equal to or greater than 3; and generate a second layout by performing machine 

learning-based process proximity correction based on first to n-th features of the first to m-th 

patterns, where n is a natural number greater than or equal to 2. In an embodiment, each of the 

first to k-th features includes first to l-th sub-features of each of the first to l-th patterns included 

in each of the first to l-th regions, where k is a natural number smaller than or equal to n and l 

is a natural number smaller than or equal to m. 

BRIEF DESCRIPTION OF DRAWINGS 

[0011]  The above and other aspects and features of the present disclosure will become more 

apparent by describing in detail exemplary embodiments thereof with reference to the attached 

drawings, in which: 

[0012]  FIG. 1 is an illustrative block diagram illustrating a computing device according to an 

embodiment; 

[0013]  FIG. 2 is an illustrative flowchart illustrating a process proximity correction method 

according to an embodiment; 

[0014]  FIG. 3 to FIG. 9 are illustrative views showing a process proximity correction method 

according to an embodiment; 

[0015]  FIG. 10 is an illustrative flowchart illustrating a method for generating a process 

proximity correction model according to an embodiment; 

[0016]  FIG. 11 is an illustrative view showing a method for generating a process proximity 

correction model according to an embodiment; 
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[0017]  FIG. 12 and FIG. 13 are illustrative views showing a process proximity correction 

method according to an embodiment; 

[0018]  FIG. 14 is an illustrative flowchart illustrating a process proximity correction method 

according to an embodiment; and 

[0019]  FIG. 15 is an illustrative flowchart illustrating a method for manufacturing a 

semiconductor device according to an embodiment. 

DETAILED DESCRIPTION 

[0020]  FIG. 1 is an illustrative block diagram illustrating a computing device according to an 

embodiment. 

[0021]  Referring to FIG. 1, a computing device 100 according to an embodiment includes a 

plurality of processors 110, a random-access memory 120, a device driver 130, a storage device 

140, a modem 150 and a plurality of user interfaces 160. 

[0022]  At least one of the plurality of processors 110 may execute a semiconductor process 

machine learning module 200. The semiconductor process machine learning module 200 may 

generate a layout for manufacturing a semiconductor device based on machine learning. In an 

embodiment, the layout is an electronic representation of an integrated circuit indicating 

information on sizes, dimensions, and positions of geometric shapes that correspond to patterns 

of metal, oxide, or semiconductor layers that make up components of the integrated circuit.   

[0023]  For example, the semiconductor process machine learning module 200 may be 

implemented in a form of instructions (or codes) executed by at least one of the plurality of 

processors 110. In this case, the at least one processor may load the instructions (or codes) of 

the semiconductor process machine learning module 200 into the random-access memory 120. 

[0024]   In another example, at least one processor may be configured to implement the 

semiconductor process machine learning module 200. In still another example, at least one 

processor may be configured to implement various machine learning modules. At least one 

processor may receive information corresponding to the semiconductor process machine 

learning module 200 and may implement the semiconductor process machine learning module 
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200 based on the information. For example, the semiconductor process machine learning 

module 200 may be a computer program executed by the at least one processor.  

[0025]  The plurality of processors 110 may include, for example, at least one general-purpose 

processor such as a central processing unit (CPU) 111, an application processor (AP) 112, and 

the like. The plurality of processors 110 may further include at least one special-purpose 

processor such as a neural processing unit 113, a neuromorphic processor 114, a graphics 

processing unit (GPU) 115, and the like. The plurality of processors 110 may include two or 

more processors of the same type. While FIG. 1 depicts a CPU 111, an AP 122, a neural 

processing unit 113, a neuromorphic processor 114, and a graphics processing unit (GPU) 115, 

one or more of these may be omitted in an alternate embodiment. 

[0026]  The random-access memory 120 may be used as an operating memory for the plurality 

of processors 110, and may be used as a main memory or a system memory for the computing 

device 100. The random-access memory 120 may include a volatile memory such as a dynamic 

random access memory or a static random access memory, or a nonvolatile memory such as a 

phase change random access memory, a ferroelectric random access memory, a magnetic 

random access memory, or a resistive random access memory.  

[0027]  The device driver 130 may control peripheral devices such as the storage device 140, 

the modem 150, and the plurality of user interfaces 160 based on a request of the plurality of 

processors 110. The storage device 140 may include a fixed storage device such as a hard disk 

drive, a solid-state drive, or the like, or a removable storage device such as an external hard 

disk drive, an external solid state drive, a removable memory card, etc. 

[0028]  The modem 150 may provide remote communication with an external device. The 

modem 150 may perform wireless or wired communication with the external device. The 

modem 150 may communicate with the external device via at least one of various 

communication protocols such as Ethernet, Wi-Fi, LTE, and 5G mobile communication. 

[0029]  The plurality of user interfaces 160 may receive information from, and provide 

information to, a user. The plurality of user interfaces 160 may include at least one user output 
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interface such as a display 161 and a speaker 162, and at least one user input interface such as 

a mouse 163, a keyboard 164, and a touch input device 165. 

[0030]  The commands (or codes) of the semiconductor process machine learning module 200 

may be received through the modem 150 and stored in the storage device 140. The instructions 

(or codes) of the semiconductor process machine learning module 200 may be stored in a 

removable storage device which in turn may be coupled to the computing device 100. The 

commands (or codes) of the semiconductor process machine learning module 200 may be 

loaded from the storage device 140 into the random-access memory 120 and then may be 

executed. 

[0031]  FIG. 2 is an illustrative flowchart illustrating a process proximity correction method 

according to an embodiment. FIG. 3 to FIG. 9 are illustrative views showing a process 

proximity correction method according to some embodiments. 

[0032]  Referring to FIG. 1 and FIG. 2, the computing device 100 according to an embodiment 

may perform process proximity correction (PPC) using the semiconductor process machine 

learning module 200 that is executed via at least one of the plurality of processors 110. The 

semiconductor process machine learning module 200 according to an embodiment performs 

the process proximity correction on a layout for manufacturing a semiconductor device, based 

on machine learning. 

[0033]  The semiconductor process machine learning module 200 receives a first layout 

including a plurality of patterns in S110. The first layout may be a target layout desired to be 

obtained in an after-cleaning inspection (ACI). For example, the ACI may be an inspection of 

a manufactured circuit that determines whether the circuit is damaged after it has been cleaned. 

[0034]  Referring to FIG. 3, in an embodiment, the first layout L1 includes a plurality of 

regions R1 to R8. An example in which the first layout L1 includes the first to eighth regions 

R1 to R8 will be described. The first to eighth regions R1 to R8 may respectively include first 

to eighth patterns P1 to P8. That is, the first region R1 may include the first pattern P1 and the 

second region R2 may include the second pattern P2. Each of the first to eighth patterns P1 to 
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P8 may include a plurality of sub-patterns. Each of the first to eighth patterns P1 to P8 may 

include a plurality of sub-patterns having various sizes or various shapes. 

[0035]  In an embodiment, each of the plurality of regions R1 to R8 of the first layout L1 may 

be identified based on a function performed by elements disposed in each of the plurality of 

regions R1 to R8. For example, the first layout L1 may be a layout for manufacturing a memory 

device, and each of the first to eighth regions R1 to R8 may be one of a memory cell region, a 

row decoder region, and a peripheral region. For example, the memory cell region may include 

memory cells, the row decoder region may include a row decoder or logic circuit for activating 

word-lines connected to the memory cells in response to an address, and the peripheral region 

may be a region outside the other regions that includes wires, pads, etc. For example, each of 

the first region R1, the second region R2, the sixth region R6, and the seventh region R7 may 

be the memory cell region, while each of the fourth region R4, the fifth region R5, and the 

eighth region R8 may be the row decoder region, while the third region R3 may be the 

peripheral region. 

[0036]  In an embodiment, each of the plurality of regions R1 to R8 of the first layout L1 is 

identified based on a corresponding marker. The first layout L1 may include a marker 

indicating each of the regions R1 to R8. For example, referring to FIG. 4, the second region R2 

may be identified based on a marker Marker2 indicating coordinates (x: [A, B] y:[C, D]) of the 

second region R2 in the first layout L1. FIG. 4 shows only the marker Marker2 of the second 

region R2. However, the first layout L1 may further include a marker for each of the first region 

R1 and the third to the eighth regions R3 to R8. Fer example, A may mean a minimum value 

of the x-coordinate of the second region R2, B may mean a maximum value of the x-coordinate 

of the second region R2, C may mean a minimum value of the y-coordinate of the second 

region R2, and D may mean a maximum value of the y-coordinate of the second region R2. 

[0037]  In an embodiment, each of the plurality of regions R1 to R8 of the first layout L1 is 

identified based on a corresponding sub-layout. The first layout L1 may include a sub-layout 

for each of the regions R1 to R8. For example, referring to FIG. 5, the second region R2 may 

be identified based on a sub-layout [Sub-layout 2] of the second region R2. The second region 

R2 may be embodied as a GDS file GDS2. FIG. 5 shows only the sub-layout [Sub-layout 2] of 
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the second region R2. However, the first layout L1 may further include sub-layouts for the first 

region R1 and the third to eighth regions R3 to R8, respectively. 

[0038]  Referring back to FIG. 1 and FIG. 2, the semiconductor process machine learning 

module 200 tags or labels first layout data with ACI measure data in S120. The first layout data 

may include information about a plurality of patterns included in the first layout. The ACI 

measure data may be measure data of an ACI image actually generated from a semiconductor 

process using the first layout. For example, coordinates of a first pattern included in the first 

layout may be tagged or labelled with ACI measure data corresponding to the first pattern. For 

example, the ACI measure data may include a line width (CD) of a line of the ACI image. In 

an embodiment, the ACI image is an image of a manufactured circuit after it has been cleaned 

and inspected for defects and determined not to have any defects. 

[0039]  The semiconductor process machine learning module 200 extracts a plurality of 

features of a plurality of patterns included in the first layout in S130. The plurality of features 

may include features of each pattern or an influence which each pattern receives during etching 

due to neighboring patterns thereto. For example, the influence may be an influence of 

characteristics of patterns or an influence of an etch skew, when performing etching. For 

example, the influence may be the influence that a pattern experiences in etching from 

neighboring patterns placed around each pattern. The plurality of features may include, for 

example, sizes of the plurality of patterns, shapes of the plurality of patterns, a density of the 

plurality of patterns, a distance between two neighboring patterns, a size of one pattern and a 

size of a neighboring pattern thereto, an angle between one pattern and a neighboring pattern 

thereto, a position in a vertical direction of each of the plurality of patterns, and the like. For 

example, when the semiconductor device includes a first layer and a second layer stacked 

vertically on the first layer, a position in the vertical direction of each of the plurality of patterns 

may indicate whether the corresponding pattern is located on the first layer or the second layer. 

The first layer may correspond to a first layout and the second layer may correspond to a second 

other layout. 

[0040]  The semiconductor process machine learning module 200 may categorize the plurality 

of regions of the first layout into individual regions and a shared region, and categorize the 
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plurality of features of the plurality of patterns into individual features and shared features in 

S140. For example, the semiconductor process machine learning module 200 may categorize 

the plurality of regions of the first layout into the individual regions and the shared region and 

categorize the plurality of features of the plurality of patterns into the individual features and 

shared features, based on a value input via one of the plurality of user interfaces 160. 

[0041]  The semiconductor process machine learning module 200 may segment the individual 

feature into sub-features corresponding to individual regions in S150.  

[0042]  The semiconductor process machine learning module 200 may perform machine 

learning based on the segmented sub-features of each of the individual features and the shared 

feature and thus may generate a process proximity correction model in S160. 

[0043]  Referring to FIG. 6, the semiconductor process machine learning module 200 may 

categorize the plurality of regions R1 to R8 of the first layout L1 into the individual regions 

and the shared regions, wherein a tendency of the ACI image may be individually predicted in 

each of the individual regions, and the tendency of the ACI image may be predicted in a 

combination of the shared regions. In one example, the semiconductor process machine 

learning module 200 may categorize the first to third regions R1, R2, and R3 as the individual 

regions in which the tendency of the ACI image may be individually predicted in each of the 

individual regions, and may categorize the fourth to eighth regions R4, R5, R6, R7, and R8 as 

the shared regions in which the tendency of the ACI image may be predicted in a combination 

of the shared regions.  

[0044]  The semiconductor process machine learning module 200 may categorize a plurality 

of features 𝐹1 to 𝐹𝑛 (n is a natural number equal to or larger than 2) into individual features 

and shared features. A may be individually predicted from each of the individual features, and 

the tendency of the ACI image may be predicted using a combination of the shared features. In 

one example, the semiconductor process machine learning module 200 may categorize the first 

to k-th features 𝐹1 to 𝐹𝑘  (k is a natural number equal to or larger than n) as the individual 

features and may categorize the (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 as the shared features. A 

tendency of the ACI image may be individually predicted from each of the individual features. 
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The tendency of the ACI image may be predicted using a combination of the shared features. 

The tendency of the ACI image may be tendency of a line width of the ACI image. 

[0045]  The semiconductor process machine learning module 200 may segment each of the 

first to k-th features 𝐹1 to 𝐹𝑘  classified as the individual features into sub-features 

corresponding to the first to third regions R1, R2, and R3. Each of the first to k-th features 

𝐹1 to 𝐹𝑘 may be segmented into first to third sub-features 𝐹1
1 to 𝐹1

3, 𝐹2
1 to 𝐹2

3, …, 𝐹𝑘
1 to 𝐹𝑘

3 

corresponding to the first to third regions R1, R2, and R3. For example, the first feature 𝐹1 

may include the first sub-feature 𝐹1
1 corresponding to the first region R1, the second sub-

feature 𝐹1
2  corresponding to the second region R2, and the third sub-feature 𝐹1

3 

corresponding to the third region R3. The k-th feature 𝐹𝑘 may include the first sub-feature 𝐹𝑘
1 

corresponding to the first region R1, the second sub-feature 𝐹𝑘
2 corresponding to the second 

region R2, and the third sub-feature 𝐹𝑘
3 corresponding to the third region R3. 

[0046]  The semiconductor process machine learning module 200 may generate the process 

proximity effect correction model based on the first to k-th features 𝐹1 to 𝐹𝑘, each including 

the first to third sub-features 𝐹1
1 to 𝐹1

3 , 𝐹2
1 to 𝐹2

3 , …, 𝐹𝑘
1 to 𝐹𝑘

3 , and the (k+1)-th to n-th 

features 𝐹𝑘+1 to 𝐹𝑛. The semiconductor process machine learning module 200 may perform 

machine learning on feature data corresponding to the first to k-th features 𝐹1 to 𝐹𝑘 , each 

including the first to third sub-features 𝐹1
1 to 𝐹1

3, 𝐹2
1 to 𝐹2

3, …, 𝐹𝑘
1 to 𝐹𝑘

3, and the (k+1)-th to 

n-th features 𝐹𝑘+1 to 𝐹𝑛 and the ACI measure data and thus may generate a process proximity 

effect correction model. In an embodiment, the process proximity effect correction model is 

generated by combining a first model generated by performing first machine learning based on 

linear regression with a second model generated by performing second machine learning based 

on non-linear regression. The first model may be expressed by (𝐶1
1𝐹1

1 + ⋯ + 𝐶𝑘
1𝐹𝑘

1) + (𝐶1
2𝐹1

2 +

⋯ + 𝐶𝑘
2𝐹𝑘

2 ) + ( 𝐶1
3𝐹1

3 + ⋯ + 𝐶𝑘
3𝐹𝑘

3)  + ( 𝐶𝑘+1𝐹𝑘+1 + ⋯ + 𝐶𝑛𝐹𝑛 ) + 

𝒪(𝐹1
1,  ⋯ , 𝐹𝑘

1, 𝐹1
2, ⋯ , 𝐹𝑘

2, 𝐹1
3, ⋯ , 𝐹𝑘

3, ⋯ , 𝐹𝑘+1, ⋯ , 𝐹𝑛). The second model may be expressed by 

𝒪(𝐹1
1,  ⋯ , 𝐹𝑘

1, 𝐹1
2, ⋯ , 𝐹𝑘

2, 𝐹1
3, ⋯ , 𝐹𝑘

3, ⋯ , 𝐹𝑘+1, ⋯ , 𝐹𝑛) . The second model 𝒪 may be a function 

with a first or higher order term on each of the features 

𝐹1
1,  ⋯ , 𝐹𝑘

1, 𝐹1
2, ⋯ , 𝐹𝑘

2, 𝐹1
3, ⋯ , 𝐹𝑘

3, ⋯ , 𝐹𝑘+1, ⋯ , 𝐹𝑛. The first model and the second model will be 

described in detail later with reference to FIGS. 10 and 11. Each of 𝐶1
1, … , 𝐶𝑘

1, 𝐶1
2, … , 𝐶𝑘

2, 
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𝐶1
3 , … , 𝐶𝑘

3 , and 𝐶𝑘+1 , … , 𝐶𝑛  are coefficient of each of features 

𝐹1
1,  ⋯ , 𝐹𝑘

1, 𝐹1
2, ⋯ , 𝐹𝑘

2, 𝐹1
3, ⋯ , 𝐹𝑘

3, ⋯ , 𝐹𝑘+1, ⋯ , 𝐹𝑛. 

[0047]  For example, the process proximity effect correction model may learn ACI measure 

data from the first pattern included in the first region R1 by inputting feature data corresponding 

to respective first sub-features 𝐹1
1 to 𝐹𝑘

1 of the first to k-th features 𝐹1 to 𝐹𝑘 to the respective 

first sub-features 𝐹1
1 to 𝐹𝑘

1  of the first to k-th features 𝐹1 to 𝐹𝑘 , inputting feature data 

corresponding to respective (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 to the (k+1)-th to n-th features 

𝐹𝑘+1 to 𝐹𝑛, and inputting 0 as respective second and third sub-features 𝐹1
2 to 𝐹1

3, …, 𝐹𝑘
2 to 𝐹𝑘

3 

of the first to k-th features 𝐹1 to 𝐹𝑘. 

[0048]  The process proximity effect correction model may learn ACI measure data for the 

fifth pattern included in the fifth region R5 by inputting 0 as first to third sub-features 𝐹1
1 to 𝐹1

3, 

𝐹2
1 to 𝐹2

3, …, 𝐹𝑘
1 to 𝐹𝑘

3 of each of the first to k-th features 𝐹1 to 𝐹𝑘 and inputting feature data 

corresponding to respective (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 as the respective (k+1)-th to 

n-th features 𝐹𝑘+1 to 𝐹𝑛.  

[0049]  The process proximity effect correction model may learn ACI measure data for the 

first pattern included in the first region R1 and in contact with a boundary line between the first 

region R1 and a neighboring region to the first region R1. For example, the process proximity 

effect correction model may learn ACI measure data for the first pattern included in the first 

region R1 and in contact with a boundary line between the first region R1 and the second region 

R2 to the first region R1 by inputting feature data corresponding to respective first sub-features 

𝐹1
1 to 𝐹𝑘

1 of the first to k-th features 𝐹1 to 𝐹𝑘 as the respective first sub-features 𝐹1
1 to 𝐹𝑘

1 of 

the first to k-th features 𝐹1 to 𝐹𝑘, inputting feature data corresponding to respective second 

sub-features 𝐹1
2 to 𝐹𝑘

2  of the first to k-th features 𝐹1 to 𝐹𝑘  as the respective second sub-

features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th features 𝐹1 to 𝐹𝑘, inputting feature data corresponding to 

respective (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 to the (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛, and 

inputting 0 as respective third sub-features third sub-features 𝐹1
3 to 𝐹𝑘

3  of the first to k-th 

features 𝐹1 to 𝐹𝑘. 
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[0050]  In the process proximity effect correction method according to an embodiment, the 

process proximity effect correction model may be generated by inputting feature data 

corresponding to only a sub-feature of a corresponding region on which learning is performed 

among the sub-features as only the sub-feature, and inputting 0 as the remaining sub-features 

among the sub-features. Therefore, even when one feature is segmented into a plurality of sub-

features corresponding to the regions, an amount of computation for training the process 

proximity effect correction model does not increase linearly based on the number of the 

plurality of sub-features. 

[0051]  Referring back to FIGS. 1 and 2, the semiconductor process machine learning module 

200 may correct the first layout in S170. The semiconductor process machine learning module 

200 may correct the first layout using the process proximity effect correction model. In one 

example, the process proximity effect correction model may correct the features of the plurality 

of patterns to correct the first layout. The process proximity effect correction model may correct 

the features of the plurality of patterns, such as, for example, sizes of the plurality of patterns, 

shapes of the plurality of patterns, and the like. Accordingly, features of other patterns may 

also be corrected. 

[0052]  The semiconductor process machine learning module 200 may perform machine 

learning-based inference on the first layout corrected using the process proximity effect 

correction model to generate a predicted ACI image in S180. 

[0053]  Referring to FIG. 7, the process proximity effect correction model may correct a 

second pattern P2' of the second region R2 to generate a corrected first layout L1'. The process 

proximity effect correction model may identify that a pattern being corrected is the second 

pattern P2' included in the second region R2, using a marker ([Marker2] of FIG. 4) indicating 

the second region R2 or the sub-layout ([Sublayout 2] of FIG. 5) indicating the second region 

R2. Thus, the process proximity effect correction model may perform machine learning-based 

inference on the corrected first layout L1' using the first to k-th sub-features 𝐹1
2 to 𝐹𝑘

2 

corresponding to the second region R2 and the (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 

corresponding to the first to eighth regions R1 to R8. 
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[0054]  Specifically, the process proximity effect correction model may input features data 

corresponding to respective second sub-features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th features 𝐹1 to 𝐹𝑘 

as the respective second sub-features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th features 𝐹1 to 𝐹𝑘 , input 

features data corresponding to the (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 as the (k+1)-th to n-th 

features 𝐹𝑘+1 to 𝐹𝑛, input 0 to respective second sub-features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th 

features 𝐹1 to 𝐹𝑘  to the respective first sub-features 𝐹1
1 to 𝐹𝑘

1  of the first to k-th features 

𝐹1 to 𝐹𝑘 , and input 0 as respective third sub-features 𝐹1
3 to 𝐹𝑘

3 of the first to k-th features 

𝐹1 to 𝐹𝑘. Accordingly, the process proximity effect correction model may perform machine 

learning-based inference on the corrected first layout L1' to generate a predicted ACI image. 

[0055]  Referring to FIG. 8, the process proximity effect correction model may correct the 

second pattern P2' of the second region R2 to generate the corrected first layout L1'. The second 

pattern P2' may contact a boundary line between the first region R1 and a neighboring region 

thereto. In one example, the second pattern P2’ may may contact the boundary line between 

the first region R1 and the second region R2. The process proximity effect correction model 

may identify that the pattern being corrected is the second pattern P2’ included in the second 

region R2 and in contact with the boundary line of the first region R1 and the second region 

R2, using a marker ([Marker2] of FIG. 4) indicating the second region R2 and a marker 

indicating the first region R1, or a sub-layout ([Sublayout 2] of FIG. 5) indicating the second 

region R2 and a sub-layout indicating the first region R1. Thus, the process proximity effect 

correction model may perform machine learning-based inference on the corrected first layout 

L1' using the first to k-th sub-features 𝐹1
1 to 𝐹𝑘

1 corresponding to the first region R1, the first 

to k-th sub-features 𝐹1
2 to 𝐹𝑘

2 corresponding to the second region R2 and the (k+1)-th to n-th 

features 𝐹𝑘+1 to 𝐹𝑛 corresponding to the first to eighth regions R1 to R8. 

[0056]  Specifically, the process proximity effect correction model may input features data 

corresponding to respective first sub-features 𝐹1
1 to 𝐹𝑘

1 of the first to k-th features 𝐹1 to 𝐹𝑘 to 

the respective first sub-features 𝐹1
1 to 𝐹𝑘

1 of the first to k-th features 𝐹1 to 𝐹𝑘, input features 

data corresponding to respective second sub-features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th features 

𝐹1 to 𝐹𝑘 to the respective second sub-features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th features 𝐹1 to 𝐹𝑘, 

input features data corresponding to the (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 to the (k+1)-th to 
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n-th features 𝐹𝑘+1 to 𝐹𝑛, and input 0 as respective third sub-features 𝐹1
3 to 𝐹𝑘

3 of the first to 

k-th features 𝐹1 to 𝐹𝑘 . Accordingly, the process proximity effect correction model may 

perform machine learning-based inference on the corrected first layout L1' to generate a 

predicted ACI image. 

[0057]  The process proximity correction model according to an embodiment performs an 

inference on two regions defining the boundary line therebetween for a pattern contacting the 

boundary line. Accordingly, consistency of the inference of the ACI image on the pattern 

contacting the boundary line may be increased. 

[0058]  Referring to FIG. 9, the process proximity effect correction model may correct the 

second pattern P2' of the second region R2 to generate a corrected first layout L1'. The second 

pattern P2' may be disposed on the second region R2 and a region adjacent to the second region 

R2. For example, the second pattern P2' may be disposed on the second region R2 and the first 

region R1. That is, a portion of the second pattern P2' may be disposed in the first region R1, 

and the remainder of the second pattern P2' may be disposed in the second region R2. The 

process proximity effect correction model may identify that a pattern being corrected is the 

second pattern P2' disposed on the second region R2 and the first region R1, using a marker 

([Marker2] in FIG. 4) indicating the second region R2, and a marker indicating the first region 

R1, or a sub-layout ([Sublayout 2] in FIG. 5) indicating the second region R2 and a sub-layout 

representing the first region R1. Thus, the process proximity effect correction model may 

perform machine learning-based inference on the corrected first layout L1' using the first to k-

th sub-features 𝐹1
1 to 𝐹𝑘

1 corresponding to the first region R1, the first to k-th sub-features 

𝐹1
2 to 𝐹𝑘

2 corresponding to the second region R2 and the (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 

corresponding to the first to eighth regions R1 to R8, as described above with reference to FIG. 

6. 

[0059]  The process proximity correction model according to an embodiment performs an 

inference on two regions defining the boundary line therebetween for a pattern disposed on the 

boundary line. Accordingly, consistency of the inference of the ACI image on the pattern 

disposed on the boundary line may be increased. 
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[0060]  Referring back to FIG. 1 and FIG. 2, the semiconductor process machine learning 

module 200 may determine whether the predicted ACI image is acceptable in S190. For 

example, when a difference between the predicted ACI image and the target ACI image is 

greater than a set value, the semiconductor process machine learning module 200 may 

determine that the predicted ACI image is not acceptable. For example, the difference may be 

measured based on, for example, a root-mean-squared calculation; however, example 

embodiments are not limited thereto. 

[0061]  The semiconductor process machine learning module 200 may return to S170 when 

the predicted ACI image is not acceptable (S190=N). The semiconductor process machine 

learning module 200 may re-correct the corrected first layout. The semiconductor process 

machine learning module 200 may repeat S170 to S190 until the difference between the 

predicted ACI image and the target ACI image is smaller than or equal to the set value. 

[0062]  When the predicted ACI image is acceptable (S190=Y), the semiconductor process 

machine learning module 200 may generate a second layout in S195. The semiconductor 

process machine learning module 200 may generate the first layout corrected in S170 as the 

second layout. Accordingly, the second layout may be generated by performing the process 

proximity correction on the first layout. For example, the semiconductor process machine 

learning module 200 may correct the first layout to generate the second layout. 

[0063]  The process proximity correction method according to an embodiment performs 

process proximity correction on several regions using one process proximity correction model. 

Therefore, in this scheme, a Turn Around Time (TAT) may be reduced, compared to a scheme 

in which a process proximity correction model is generated on each region.  

[0064]  FIG. 10 is an illustrative flowchart illustrating a method for generating a process 

proximity correction model according to an embodiment. FIG. 11 is an illustrative view 

showing a method for generating a process proximity correction model according to an 

embodiment. 

[0065]  Referring to FIG. 1 and FIG. 10, the semiconductor process machine learning module 

200 performs linear regression in S310. The semiconductor process machine learning module 
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200 may generate a first model by performing first machine learning based on linear regression 

on a plurality of features and ACI measure data. 

[0066]  The semiconductor process machine learning module 200 performs non-linear 

regression based on a result of the linear regression to generate a first model in S320. The 

semiconductor process machine learning module 200 generate a second model by performing 

second machine learning based on a non-linear regression on a result of the first model. 

[0067]  The semiconductor process machine learning module 200 may add the first model and 

the second model to each other to generate a process proximity correction model in S330. 

[0068]  Alternatively, the semiconductor process machine learning module 200 may generate 

a process proximity correction model by adding an additional model generated by performing 

machine learning based on at least one of various algorithms to the first model and the second 

model.  

[0069]  Referring to FIG. 11, a first model A may learn an overall tendency of an ACI line 

width from features. Accordingly, a coefficient for the feature may be determined. A second 

model B may learn a residual error of the ACI line width from the features generated in the 

first model A. A process proximity correction model C may be generated by adding the first 

model A and the second model B to each other. Accordingly, the process proximity correction 

model according to an embodiment may infer the ACI line width with more stability and 

accuracy. The semiconductor process machine learning module 200 may combine the first 

model and the second model with each other to generate a process proximity correction model 

C in S330. 

[0070]  For example, referring to FIG. 6, a first machine learning based on linear regression 

may be performed on ACI line widths of respective first sub-features 𝐹1
1 to 𝐹𝑘

1 of the first to 

k-th features 𝐹1 to 𝐹𝑘, respective second sub-features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th features 

𝐹1 to 𝐹𝑘, respective third sub-features 𝐹1
3 to 𝐹𝑘

3 of the first to k-th features 𝐹1 to 𝐹𝑘, and the 

(k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛. Thus, a first model expressed by (𝐶1
1𝐹1

1 + ⋯ + 𝐶𝑘
1𝐹𝑘

1) + 

(𝐶1
2𝐹1

2 + ⋯ + 𝐶𝑘
2𝐹𝑘

2) + (𝐶1
3𝐹1

3 + ⋯ + 𝐶𝑘
3𝐹𝑘

3) + (𝐶𝑘+1𝐹𝑘+1 + ⋯ + 𝐶𝑛𝐹𝑛) may be generated. 
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[0071]  Then, a second machine learning based on non-linear regression may be performed on 

residual errors generated in the first model on the respective first sub-features 𝐹1
1 to 𝐹𝑘

1 of the 

first to k-th features 𝐹1 to 𝐹𝑘, the respective second sub-features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th 

features 𝐹1 to 𝐹𝑘 , the respective third sub-features 𝐹1
3 to 𝐹𝑘

3  of the first to k-th features 

𝐹1 to 𝐹𝑘 , and the (k+1)-th to n-th features 𝐹𝑘+1 to 𝐹𝑛 . Thus, a second model expressed by 

𝒪(𝐹1
1,  ⋯ , 𝐹𝑘

1, 𝐹1
2, ⋯ , 𝐹𝑘

2, 𝐹1
3, ⋯ , 𝐹𝑘

3, ⋯ , 𝐹𝑘+1, ⋯ , 𝐹𝑛) may be generated. 𝒪 may be a function 

having a first or higher order term on each of the features 

𝐹1
1,  ⋯ , 𝐹𝑘

1, 𝐹1
2, ⋯ , 𝐹𝑘

2, 𝐹1
3, ⋯ , 𝐹𝑘

3, ⋯ , 𝐹𝑘+1, ⋯ , 𝐹𝑛. 

[0072]  FIG. 12 and FIG. 13 are illustrative diagrams illustrating a process proximity effect 

correction method according to an embodiment. Differences thereof from those as described 

above with reference to FIGS. 1 to 11 will be mainly described. 

[0073]  Referring to FIG. 1 and FIG. 12, the semiconductor process machine learning module 

200 may apply a weight to at least one of the first to k-th features 𝐹1 to 𝐹𝑘, each including the 

first to third sub-features 𝐹1
1 to 𝐹1

3, 𝐹2
1 to 𝐹2

3, …, 𝐹𝑘
1 to 𝐹𝑘

3, and the (k+1)-th to n-th features 

𝐹𝑘+1 to 𝐹𝑛. The semiconductor process machine learning module 200 may apply a weight to a 

specific region of the first to eighth regions R1 to R8 to control consistency of inference of 

ACI line width of the specific region. Accordingly, a process proximity effect correction model 

with different consistency of inference of the ACI line width of the specific region from those 

of the other regions may be generated. For example, a weight may be multiplied by each sub-

feature associated with a region to generate several products, and the products may be summed 

together generate a value for the region. 

[0074]  For example, the semiconductor process machine learning module 200 may apply a 

first weight 𝑊1 to the first sub-feature 𝐹1
1 of the first feature 𝐹1, apply a second weight 𝑊2 

to the second sub-feature 𝐹1
2 of the first features 𝐹1, and apply a third weight 𝑊3 to a third 

sub-feature 𝐹1
3 of the first feature 𝐹1. Thus, consistencies of inferences of the ACI line widths 

of the first to third sub-features 𝐹1
1, 𝐹1

2, 𝑎𝑛𝑑 𝐹1
3  may be different from each other. 

Alternatively, the semiconductor process machine learning module 200 may apply different 

weights to respective first sub-features 𝐹1
1 to 𝐹𝑘

1  of the first to k-th features 𝐹1 to 𝐹𝑘 , 



18 

 

respective second sub-features 𝐹1
2 to 𝐹𝑘

2 of the first to k-th features 𝐹1 to 𝐹𝑘, and respective 

third sub-features 𝐹1
3 to 𝐹𝑘

3 of the first to k-th features 𝐹1 to 𝐹𝑘, respectively. 

[0075]  Referring to FIG. 1 and FIG. 13, the semiconductor process machine learning module 

200 may allow the numbers of sub-features of the regions to be different from each other. The 

semiconductor process machine learning module 200 may segment each of two different 

features in a different manner such that the numbers of sub-features of the regions are different 

from each other.  

[0076]  For example, the semiconductor process machine learning module 200 may segment 

each of first to (k-2)-th features into sub-features corresponding to the first to third regions R1, 

R2, and R3. Thus, each of the first to (k-2)-th features may include first to third sub-features 

𝐹1
1 to 𝐹1

3, 𝐹2
1 to 𝐹2

3, …, 𝐹𝑘−2
1  to 𝐹𝑘−2

3 . The semiconductor process machine learning module 

200 may segment a (k-1)-th feature into sub-features corresponding to the second and third 

regions R2 and R3. Thus, the (k-1)-th feature may include second and third sub-features 

𝐹𝑘−1
2 , 𝐹𝑘−1

3 . The semiconductor process machine learning module 200 may allocate a k-th 

feature 𝐹𝑘
3 only to the third region R3. The numbers of the sub-features assigned to the first 

to third regions R1, R2, and R3 may be different from each other. Accordingly, a process 

proximity effect correction model with different consistency of inference of the ACI line width 

of a specific region from those of the other regions may be generated. 

[0077]  FIG. 14 is an illustrative flowchart illustrating a process proximity correction method 

according to an embodiment. Differences thereof from those as described above with reference 

to FIGS. 1 to 11 will be mainly described. 

[0078]  Referring to FIG. 1 and FIG. 14, after S130, the semiconductor process machine 

learning module 200 may divide the first layout into a plurality of regions in S135. For example, 

the semiconductor process machine learning module 200 may divide the first layout into a 

plurality of regions based on a value input through one of the plurality of user interfaces 160. 

[0079]  Subsequently, the semiconductor process machine learning module 200 may perform 

S140 to S195. For example, the categorize of regions and features of step S140 may be with 

respect to the regions resulting from the dividing of the first layout. 
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[0080]  FIG. 15 is an illustrative flowchart illustrating a method for manufacturing a 

semiconductor device according to an embodiment. 

[0081]  Referring to FIG. 1 and FIG. 15, the semiconductor process machine learning module 

200 receives a first layout in S10. For example, the first layout may be a target layout desired 

to be obtained upon after-cleaning inspection (ACI).  

[0082]  The semiconductor process machine learning module 200 generates a second layout 

by performing process proximity correction on the first layout in S20. The process proximity 

correction may be carried out by performing machine learning-based inference on the features 

of the patterns of the first layout. The process proximity correction may be performed using 

the process proximity correction model as described above using FIG. 1 to FIG. 14. The second 

layout may be a target layout of a photoresist that is desired to be obtained at After 

Development Inspection (ADI).  

[0083]  The process proximity correction may compensate for a change in a shape of the 

semiconductor pattern caused due to an influence of characteristics of the patterns and 

influence of an etch skew when etching is performed. For example, in the process proximity 

correction, a shape of a portion expected to be deformed in a specific pattern is pre-modified 

and this pre-modification is reflected in the layout. Thus, the change in the shape during the 

etching may be pre-compensated for. 

[0084]  The semiconductor process machine learning module 200 generates a third layout by 

performing optical proximity correction (OPC) on the second layout in S30. The third layout 

may be a layout of a photomask. 

[0085]  The optical proximity correction may compensate for a change in a shape of a 

photoresist pattern caused due to influence of the characteristics of patterns to be converted to 

the photoresist pattern and influence of a skew. For example, the optical proximity correction 

may pre-modify a shape of a portion expected to be deformed in a specific pattern and this pre-

modification may be reflected in the layout, thereby pre-compensating for the change in the 

shape during etching.  



20 

 

[0086]  A semiconductor device may be manufactured based on the third layout in S40. For 

example, photoresist patterns may be formed on a target (for example, a semiconductor process 

target to be manufactured into a semiconductor device) using a photomask of the third layout. 

Exposed portions of the target that are not covered with the photoresist patterns may be 

removed in an etching process. Thereafter, the photoresist may be removed. Thus, the etching 

process is terminated. 

[0087]  Although embodiments of the present disclosure have been described with reference 

to the accompanying drawings, the present disclosure is not limited to the disclosed 

embodiments, but may be implemented in various different forms as will be understood by 

those skilled in the art. Therefore, the embodiments are exemplary only and not to be construed 

as a limitation. 
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WHAT IS CLAIMED IS: 

 

1.  A process proximity correction method comprising: 

 receiving a first layout including first to m-th regions, wherein each of the first to m-

th regions include first to m-th patterns and m is a natural number equal to or greater than 3; 

and 

 generating a second layout by performing machine learning-based process proximity 

correction on the first layout based on first to n-th features of the first to m-th patterns, wherein 

n is a natural number greater than or equal to 2, 

 wherein each of the first to k-th features includes first to l-th sub-features of each of 

the first to l-th patterns included in each of the first to l-th regions, wherein k is a natural number 

smaller than or equal to n and l is a natural number smaller than or equal to m. 

 

2. The method of claim 1, wherein the generating of the second layout includes:  

extracting the first to n-th features of the first to m-th patterns from the first layout; 

and 

generating an after-cleaning inspection (ACI) image by performing machine learning-

based inference based on the first to n-th features.  

 

3.  The method of claim 2, wherein the generating of the ACI image includes:  

performing first machine learning-based inference on the first to n-th features, wherein 

the first machine learning-based inference is based on linear regression; and  
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performing second machine learning-based inference on a result of the first machine 

learning-based inference, wherein the second machine learning-based inference is based on 

non-linear regression. 

 

4.  The method of claim 3, wherein the performing of the first machine learning-based 

inference includes performing the first machine learning-based inference on each of first to l-

th sub-features included in each of the first to k-th features, where l is a natural number smaller 

than or equal to m. 

 

5.  The method of any one of claims 2 to 4, wherein the method further comprises:  

correcting the first layout based on a difference between the ACI image and a target 

ACI image; and 

performing the machine learning-based inference based on the first to n-th features of 

the corrected first layout for generating a corrected ACI image. 

 

6.  The method of claim 5, wherein the correcting of the first layout includes correcting 

the first pattern of the first region, 

wherein generating the corrected ACI image includes:  

generating the corrected ACI image by performing the machine learning-based 

inference based on the (k+1)-th to n-th features of the corrected first pattern, and a first sub-

feature of each of the first to k-th features of the corrected first pattern. 

 

7.  The method of claim 5, wherein the correcting of the first layout includes correcting a 

pattern of one the first to m-th regions, 
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wherein the generating the corrected ACI image includes:  

generating the corrected ACI image by performing the machine learning-based 

inference based on the (k+1)-th to n-th features of the corrected pattern. 

 

8. The method of any one of claims 1 to 7, wherein the first sub-feature of each of the 

first to k-th features, of the first pattern included in the first region has a first weight, 

 wherein the first sub-feature of each of the first to k-th features, of the second pattern 

included in the second region has a second weight different from the first weight. 

 

9. A process proximity correction method comprising:  

receiving a first layout including a first region including a first pattern, a second region 

including a second pattern, and a third region including a third pattern; 

extracting first to third features of the first to third patterns; and 

generating a process proximity correction model, wherein the generating of the process 

proximity correction model includes performing machine learning on:  

first-first feature data about the first feature of the first pattern included in the 

first region;  

first-second feature data about the first feature of the second pattern included 

in the second region; 

second feature data about the second feature of the first to third patterns 

respectively included in the first to third regions; and  

measure data of an after-cleaning inspection (ACI) image generated from the 

first layout; 

correcting the first layout to generate a second layout; 
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predicting an ACI image of the second layout using the process proximity correction 

model; and 

correcting the second layout based on a difference between the predicted ACI image 

and a target ACI image. 

 

10. The method of claim 9, wherein each of the first to third patterns includes a plurality 

of sub-patterns. 

 

11.  The method of claim 9 or claim 10, wherein the first feature includes a plurality of first 

sub-features, 

 wherein the first-first feature data includes a plurality of first-first sub-feature data 

about the plurality of first sub-features of the first pattern included in the first region, 

 wherein the first-second feature data includes a plurality of second-first sub-feature 

data about the plurality of first sub-features of the second pattern included in the second region.  

 

12.  The method of any one of claims 9 to 11, wherein the second feature includes a 

plurality of second sub-features, 

 wherein the second feature data includes a plurality of second sub-feature data about 

the plurality of second sub-features of the first to third patterns. 

 

13.  The method of any one of claims 9 to 12, wherein the generating of the process 

proximity correction model includes:  
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performing first machine learning on the first-first feature data, the first-second feature 

data, and the second feature data to generate a first model, wherein the first machine learning 

is based on linear regression; and  

performing second machine learning on a result of the first model to generate a second 

model, wherein the second machine learning is based on non-linear regression. 

 

14.  The method of any one of claims 9 to 12, wherein the generating of the process 

proximity correction model includes: 

 performing machine learning on the measure data of the ACI image, and the first-first 

feature data except for the first-second feature data and the second feature data;  

performing machine learning on the measure data of the ACI image, and the first-

second feature data except for the first-first feature data and the second feature data; and, 

 performing machine learning on the measure data of the ACI image, and the second 

feature data except for the first-first feature data and the first-second feature data. 

 

15.  The method of any one of claims 9 to 12, wherein the first pattern overlaps a boundary 

line between the first region and the second region contacting each other, 

 wherein the generating of the process proximity correction model includes performing 

machine learning on the measure data of the ACI image, and the first-first feature data and the 

first-second feature data except for the second feature data. 

 

16.  The method of any one of claims 9 to 12, wherein the generating of the process 

proximity correction model further includes performing machine learning on first-third feature 

data about the third feature of the first pattern included in the first region, and the measure data 

of the ACI image. 
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17.  The method of any one of claims 9 to 16, wherein each of the first to third features 

includes at least one of: 

a size of each of the first to third patterns;  

a density of the first to third patterns;  

a distance between adjacent ones of the first to third patterns;  

a size of one of the first to third patterns and a size of a pattern neighboring thereto; 

an angle defined between adjacent ones of the first to third patterns; or  

a relative position in a vertical direction of each of the first to third patterns arranged 

vertically. 

 

18. The method of any one of claims 9 to 17, wherein the first layout includes first 

coordinates indicating the first region, second coordinates indicating the second region, and 

third coordinates indicating the third region. 

 

19. The method of any one of claims 9 to 17, wherein the first layout includes a first sub-

layout of the first region, a second sub-layout of the second region, and a third sub-layout of 

the third region. 

 

20. A computing device for performing process proximity correction, the device 

comprising:  

a plurality of processors, 
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wherein at least one of the processors performs the process proximity correction, 

 wherein the at least one processor for performing the process proximity correction is 

configured to: 

receive a first layout including first to m-th regions, wherein each of the first to m-th 

regions include first to m-th patterns and m is a natural number equal to or greater than 3; and 

 generate a second layout by performing machine learning-based process proximity 

correction based on first to n-th features of the first to m-th patterns, where n is a natural number 

greater than or equal to 2, 

 wherein each of the first to k-th features includes first to l-th sub-features of each of 

the first to l-th patterns included in each of the first to l-th regions, wherein k is a natural number 

smaller than or equal to n and l is a natural number smaller than or equal to m. 

 

 

 

 

 

  


