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Abstract
Due to the continuous shrinkage of transistor size and the ever-increasing complexity of
integrated circuit design layout, great challenges arise in optical lithography—any defect on the
mask will be transferred to the silicon wafer, which may lead to severe defects such as open
circuit and short circuit. These defects on masks are called hotspots. Before transferring the
circuit layout on the mask to the silicon wafer, the entire mask must be inspected to accurately
find out the hotspots before optical lithography. Although traditional lithography hotspot
detection approaches, such as pattern matching and machine learning, have gained satisfactory
results the performance of the model degrades when encountering problems such as complex
layout and data imbalance. In this paper, a hotspot detection method based on hybrid data
enhancement, data compression and pre-trained GoogLeNet is proposed to solve the
aforementioned problems. Our study shows that the average recall rate can be up to 98.3%.
Meanwhile, the false alarm is reduced and the F1-score is 63.5%. Experimental results show
that the proposed method achieves better performance on the ICCAD 2012 contest benchmark
compared to hotspot detection methods based on deep or representative machine learning.

Keywords: very large scale integration (VLSI), hotspot detection, hybrid data augment method,
data compression, deep learning

(Some figures may appear in color only in the online journal)

1. Introduction

As the feature size of transistors continuously shrinks and the
design layout of integrated circuit (IC) is becoming more and
more complicated, the manufacturing precision and technical

∗
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requirements of IC are increasing gradually [1]. The ICs defect
detection becomes more and more challenging. In the optical
lithography phase, most of the challenges arise from proximity
effects caused by diffraction as light passes through a mask,
and it may lead to severe defects such as open-circuit and
short-circuit on the wafer. These defects on masks are called
hotspots. Figure 1 presents four patternswith their lithographic
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Figure 1. (a) A hotspot pattern and (b)–(d) non-hotspot patterns. Sub-figures (a)–(d) correspond to different photomasks (black parts
indicate the mask patterns and brown patterns indicate the shape of lithography patterns).

simulation contours. The black parts are the mask before litho-
graphy, and brown domains represent the lithographic simula-
tion contours. Due to small process margin in the lithography
process, pattern (a) may cause bridges defects on the wafer
after manufacturing (see the structures circled by a red circle).
So, it is a hotspot sample [2]. Patterns (b)–(d) are non-hotspots
due to the subtle differences. For example, (b) has a wider gap
between two polygonal to avoid short circuit. For pattern (c),
the diffraction of light is weaker because the decrease of width
H2 reduces the light diffraction around the edge. Pattern (d)
achieves the same effect by increasing width W. Therefore,
it is necessary to implement defect detection on the circuit
design layout followed by eliminating the fatal defects, so as
to improve the IC quality rate and reduce the loss caused by
the subsequent processes [3–5].

Generally, hotspot detection can be divided into several
categories, including lithographic simulation-based [6], pat-
tern matching-based [7] and machine learning-based [8, 9].
Lithography simulation is considered as the most standard
one for lithography hotspot detection, but it is very challen-
ging and time-consuming to perform lithography simulation
on the full plate. The explosive growth of lithography model
and design layout complexity has limited the application of
lithography simulation-based hotspot detection. The pattern
matching-based hotspot detection can find the hotspot con-
tained in the hotspot library of a specific map, but it has no
ability to detect the unknown hotspot, and it is a complex pro-
cess to perfect a hotspot library. To shorten the detection time
and solve the imperfection of the traditional methods, machine
learning is still widely used in hotspot detection. Summarily,
hotspot detection based onmachine learning uses trainedmod-
els to find out the missing hotspots, but it needs to extract fea-
tures manually and frequently, which is prone to hotspot omis-
sion and misjudgment problems.

Recently, intelligent computing methods develop rapidly,
and a series of excellent performance of deep network mod-
els, such as: Alex-Net, VGG-Net, SuperGraph, etc [10–12],
have sprung up. These methods overcome the complex frame-
work, detection performance problems, and the requirement
of expert knowledge, and performing accurate classification
tasks benefitting from high-efficiency-feature learning and
high-nonlinear models [13–16]. Shin et al [17] proposed con-
volutional neural network (CNN)-based lithography hotspot
detection method, and it outperformed previous conventional
machine learning and fuzzy matching methods in terms of

detection accuracy and false alarm reduction. Recently, Jiang
et al [18] proposed a new deep learning architecture based
on binarized neural networks to speed up the neural net-
works in hotspot detection and achieved a good trade-off by
applying ensemble learning approaches. Yang et al [19] estab-
lished a hotspot-detection-oriented neural network model, and
it demonstrated that deep neural networks have potential to
solve manufacturability problems as circuit layouts advance
to extreme scale. Generally, the most direct way to improve
the network performance is to increase the network depth and
width, but blindly increasing the network will bring many
problems: (a) there are too many parameters, and it is easy
to produce overfitting if the training data set is limited; (b) the
large network brings computational complexity, that is diffi-
cult to apply in practice. In consideration of these two issues,
the pre-trained GoogLeNet is adopted to implement hotspot
detection. It has inception blocks and a deeper structure than
other CNNmodels.We optimize the parameters by fine-tuning
the model by a small amount of training samples.

However, it is not enough to adopt a good network model,
and there are still several aspects to consider: (a) it is a com-
plex and costly process to obtain the layout design contain-
ing hotspots. The designed layout needs to be first manufac-
tured into a silicon wafer, and then tested to verify whether it
contains hotspots before the specific design of hot spots can
be obtained. Therefore, the actual number of hotspot layout
designs available is very limited. (b) For hotspot detection, the
mask image size is much larger than the traditional classific-
ation task, which means that special processing of the mask
image or change of the network structure is required [20]. We
can take these two problems as breakthrough points and adopt
corresponding methods to improve detection accuracy.

As mentioned above, although auxiliary samples can be
generated through operations such as rotation, translation,
and greyscale, the number of auxiliary samples generated is
usually small and there is non-negligible amount of redund-
ant data. It cannot be applied when the original samples are
extremely scarce. For those reasons, generative adversarial
network (GAN) model is introduced, which can generate large
pseudo-sample data with the help of discriminator and gener-
ator. We mix the span, translation and GAN to generate auxil-
iary samples to solve the problem of data imbalance.

In view of the above discussion, we developed a hotspot
detection flow based on data preprocessing and deep learning.
A hybrid data augment method was carried out before training
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to generate expanded samples which contrapose the problem
of extremely unbalanced data distribution. Then, all the mask
images are compressed and the spatial relationship is main-
tained to emphasize feature information. Finally, GoogLeNet
network model is used to extract features and output classific-
ation results. The main contributions are as follows:

(a) A hybrid data enhancement method (HDAM) is proposed
to augment the data of mask image data and solve the prob-
lem of extreme imbalance between hot and non-hot mode
data.

(b) Compression algorithm is adopted to compress the ori-
ginal layout and save the feature information as much as
possible.

(c) Adopted the pre-trained GoogLeNet network model and
fine-tuned the model through transfer learning. It has
deeper layers, stronger expression ability and lower error
rate compared with other CNN models.

The rest of the paper is organized as follows: section 2
studies the theoretical basis of the proposed method. Section 3
provides a comprehensive study on different learning
strategies including imbalance-aware processing and para-
meters. Section 4 lists the experimental results, followed by a
conclusion and discussion in section 5.

2. Method

This section presents the theoretical basis of proposed hotspot
detection method, which mainly contains three parts: hybrid
data augment, image compression and model constructing.

2.1. Hybrid data augment approach

Due to the severe imbalance of data categories, for example,
the ratio of hotspot and non-hotspot samples in ICCAD5
exceeds 100, the auxiliary samples generated by a single data
enhancement method have repeatability. Therefore, it is neces-
sary to adopt a hybrid data expansion method. In the field of
image processing [21, 22], common methods include rotation,
brightness adjustment, adding random noise, etc. These meth-
ods can generate auxiliary samples, and they can be mixed to
generate auxiliary samples. The general expression is shown
in equations (1) and (2), and P ′ ′ is the generated auxiliary
samples [23]. The generated samples can help the network
learn translation invariance, rotation invariance and other char-
acteristics

P ′ =

 cosθ sinθ 0
−sinθ cosθ 0

0 0 1

P + RN, (1)

P ′ ′ = Pm +(In−Pm)× (1+ percent), (2)

where θ denotes rotation angle, where θ values π
2 , π or 3π

2 .
P is original sample, RN is random noise, Pm is the average

brightness of the layout, and percent is the regulator in the
range [0,1]. In this way, the calculated average brightness is
guaranteed to remain unchanged.

On this basis, GAN is introduced to generate the final
enhanced samples. It can generate real-like samples, and the
core components are generator and discriminator. GAN does
not need to consider the model input, that means the input is
noise image, and it can generate enough auxiliary samples.
The specific process is shown in figure 2. The optimization
objective of GAN can be defined as the binary cross-entropy
loss:

L(G,D) =min
G

max
D

Ex∼Pr [logD(x)]

+Ez∼Pz [log(1−D(G(z)))], (3)

where D(x) and D(G(z)) denote the output of discriminator
when the input is x and G(z), respectively.

The basic process of GAN model is as follows. The
network’s input does not depend on any prior assump-
tion, i.e. the input signal is random noise. Then, the false
samples generated by the generator are compared with the
real samples through the discriminator, and the results will
be back propagated to optimize the generator and the dis-
criminator. Finally, the generator will generate the real-like
sample.

2.2. Data compression technique

The size of the mask layout is awfully enormous, and the
hotspots are usually distributed in a certain area of the lay-
out. Feature extraction of a complete layout image will cause
a computational disaster, and the computational efficiency
is low. Usually, the layout is split into pieces, which con-
tain hotspot patterns or non-hotspot patterns. Nevertheless, the
samples size is large. Hence, it is necessary to compress the
sample images. The direct compression of the imagewill cause
spatial distortion, and interpolation algorithm can help reduce
the distortion to a minimum.

Lagrange interpolation is a common image scaling
algorithm [24]. In general, the function y = f (x) is defined
in the interval [a, b], with n + 1 distinct values x0, x1,…, xn,
and the corresponding function value is y0, y1,…, yn, con-
struct a polynomial through the n + 1 points with degree no
more than n. It satisfies that Pn(xk) = yk, k ∈ [0,n], and Pn(x)
is the interpolation function. Assume set Dn = {0, 1,…, n},
and Lagrange basis function is Pk(x) =

∏
i∈Bk

x−xi
xk−xi

for k ∈ Dn.

Then, the Lagrange interpolation polynomial is denoted as
equation (4)

Ln(x) =
n∑
j=0

yiPj(x). (4)

The Lagrange interpolation algorithm is used to scale the
image, and the steps are shown in figure 3. The image size can
be compressed by interpolation, the original spatial informa-
tion of the layout can be retained, and the calculation efficiency
is improved.
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Figure 2. The schematic diagram of GANs.

Figure 3. Layout compression based on Lagrange interpolation.

2.3. GoogLeNet

CNN is mainly composed of input layer, convolution layer,
pooling layer, full connection layer and output layer [25–27].
The input data is usually a two-dimensional image. The con-
volution layer is the core of CNN, which is composed of filter
and kernels, and it can extract the local features of the image
by convolution kernel. Then, the new feature image is obtained
by activation function. The pooling layer usually, also known
as down sampling, is used to reduce the dimension of the fea-
ture image to keep local features unchanged and reduce cal-
culation. The pool layer of the last layer outputs the advanced
features of each image region, then it needs to combine these
non-linear features in a simple way. The full connection layer
fully connects the advanced features obtained through mul-
tiple convolution layers and multiple pooling layers to cal-
culate the final predicted value. Finally, soft-max is used to
classify the input image for classification task. It is vital to

build a CNN with excellent performance for hotspot detection
task.

Generally, the most direct way to improve the network
performance is to increase the network depth and width, but
blindly increasing the network will bring many problems: (a)
there are too many parameters, and it is easy to produce over-
fitting if the training data set is limited; (b) the large network
brings computational complexity, i.e. difficult to apply in prac-
tice. Meanwhile, the gradient dispersion problemmight occur,
and it is difficult to optimize the model. Training such deep
CNN is time-consuming from scratch, and it requires a large
amount of training data. In this case, it is desirable to use a pre-
trained CNN based on large dataset to accomplish a similar
task, which is known as transfer learning [28]. The structure
of GoogLeNet is shown in figure 4. GoogLeNet applies incep-
tion, which assembles multiple convolution cores and pooling
operations together to form a network module. When a net-
work is designed, the entire network structure is assembled
by modules as a unit, which reduces parameters and improves
the expression of the network. Most strikingly, the network
adopts average pooling instead of full connection layer, which
can improve the accuracy. The pre-trained GoogLeNet model
can be used for hotspot detection by fine-tuning for feature
extraction.

In this research, the input of GoogLeNet is a layout image
of size 224× 224× 3. For hotspot detection, the last four lay-
ers need to be replaced when GoogLeNet is used for training,
and the layers are replaced by dropout layer, full connection
layer, soft-max layer and classification output layer. The dro-
pout layer is used to help prevent over fitting, and the prob-
ability is set to 0.6. Gradient descent algorithm is used when
training neural network.

3. Learning strategies

The flowchart of the proposed data augment and GoogLeNet-
based deep learning method is shown in figure 5, that mainly
contains four parts: data acquisition, data augment, data com-
pression and GoogLeNet model constructing. The layout
images with hotspot and non-hotspot are collected, and the
hotspot data is extremely scarce compared to non-hotspot data.
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Figure 4. The structure of GoogLeNet model.

Each hotspot sample will be generated augmented images by a
HDEM. Then original samples and auxiliary samples consti-
tute the training set. Lagrange interpolation is used to solve
the problem that the sample size is too large, and the final
image size is 30 times smaller. All training samples and test-
ing samples are processed in this step. Finally, the pre-trained
GoogLeNetmodel is applied to train and test images to achieve
detection of layout.

3.1. Data description and experiment preparation

To verify the effectiveness of the proposed method, this paper
uses ICCAD2012 benchmark data set, which is shown in
table 1. The data set contains image data obtained from hot-
spot status and non-hotspot status. The proposed method is
to complete hotspot detection under conditions of extremely
unbalanced data set. Since the unbalanced distribution of data
sets may lead to non-hotspot category overfitting during the

model training phase, the performance cannot be fully eval-
uated if only accuracy is used to measure it. For example,
the non-hotspot sample distribution is extremely unbalanced
in ICCAD-5. There are 41 hotspot samples and 19 327 non-
hotspot samples in the test set. If all the samples are detected
as non-hotspot, the accuracy is 99.79%. Therefore, it is incor-
rect to use only the accuracy rate as an indicator to evaluate
the effectiveness of various methods. Here we use four metrics
to evaluate the performance of the proposed method, namely,
accuracy rate, precision rate, recall rate and F1-score.

The experimental computer is configured with Intel i7-
8700k CPU and 32 G RAM, and GPU is NVIDIA GeForce
GTX 1080 Ti.

3.2. The performance verification of HDAM

Due to the extremely unbalanced data distribution, the gener-
alization ability of the training model is poor. Generally, two
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Figure 5. Flowchart of the proposed method.

Table 1. The description of hotspot and non-hotspot pattern for ICCAD 2012 benchmark.

Hotspot Non-hotspot Area
Name Technology (nm) number number (µm2)

ICCAD1 32 nm 226 319 12 516
ICCAD2 28 nm 498 4146 106 954
ICCAD3 28 nm 1808 3541 122 565
ICCAD4 28 nm 177 3386 82 010
ICCAD5 28 nm 41 2111 49 583

solutions are adopted to solve the problem of data imbalance:
(a) data augment, that is, using the characteristic similarity of
the existing samples to generate more new samples; (b) chan-
ging the categories’ weight, giving different weights to dif-
ferent types of categories, so that the weighted loss of differ-
ent categories is approximate. Since the proportion of hotspot
samples and non-hotspot samples in the data set is too large,
the changing the weight assignment has subjective factors, so
the data augment method is adopted in this paper to solve the
problem of data imbalance.

In this paper, HDAM is proposed to solve the problem
of serious data imbalance. Due to the usage of a single data
enhancement method, the generated auxiliary samples have
great repeatability. Hybrid data augment method can gener-
ate similar samples, and these samples have common char-
acteristics. In order to describe the reliability of auxiliary
samples, it was measured by direct observation and max-
imum mean discrepancy (MMD). MMD is a measure of
distance between probability distributions, and it can reflect
the difference between the real sample and the generated

sample. The calculation formula of the index is shown in
equation (5)

d̂H (Xs,Xt) =

∥∥∥∥∥∥ 1
ns

ns∑
i=1

ϕ(Xsi )−
1
nt

nt∑
j=1

ϕ
(
Xtj
)∥∥∥∥∥∥

2

H

=
1
n2s

ns∑
i=1

ns∑
j=1

k
(
Xsi ,X

s
j

)
+

1
n2t

nt∑
i=1

nt∑
j=1

k
(
Xti,X

t
j

)
− 2
nsnt

ns∑
i=1

nt∑
j=1

k
(
Xsi ,X

t
j

)
, (5)

where Xs and Xt are the real data and the generated aux-
iliary sample, respectively. H indicates that this distance is
measured by mapping the data into a regenerative Hilbert
space. A lower MMD means that the two samples are closer
together and that the quality of the generating image is
higher.
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Figure 6. Real samples and auxiliary samples generated by HDAM.

Figure 7. The effect of generating different number of hotspot
samples on the results.

The image generated by HDAM is shown in figure 6, where
(a) is the real hotspot sample, (b)–(d) are the production aux-
iliary samples. The MMD value of HDAM is 0.1589. It can
be seen from figure 6 that the generated auxiliary samples
obtained are similar to the real samples by direct observation.
The low value of MMD indicates that the generated samples
are of high quality and have a similar distribution with the real
samples. These auxiliary samples can help the network model
to have anti-noise and anti-disturbance characteristics, so that
the trained model can have better robustness.

The following will explore the influence of the number of
generated samples on the experiment. If the number of auxil-
iary samples is too large, the training time will be increased
greatly, and the weight of this category will increase, which
results a loss of accuracy. If the number of samples gener-
ated is too small, the results will not be greatly improved.
ICCAD-5 data set is used to discuss the influence of the num-
ber of generated samples on the data. The number of generated
samples increases from 0 to 2000 by 200 each time. The res-
ult is shown in figure 7. Each experiment was repeated five
times to reduce accidental error, and the results were meas-
ured by three indexes: positive accuracy (PA, a positive case
is predicted to be positive), negative accuracy (NA, a negat-
ive case is predicted to be negative) and mean square error. It
can be observed from the figure that the accuracy rate is con-
tinuously improved with the increase of the number of gener-
ated samples, which proves the effectiveness of the proposed
mixed data augment method. When the number of samples
generated is near 1000, the positive rate is the highest and the

Figure 8. Effect of batch size.

mean square error is low. At this point, the ratio of hotspot
samples to non-hot samples is near 1:2. In subsequent experi-
ments, HDAM is adopted to keep the ratio of hotspot samples
to non-hot samples at 1:2.

3.3. Network parameter optimization

For deep networks such as GoogLeNet, different model train-
ing parameters affect the test results. This section mainly dis-
cusses the influence of different parameters on the results, and
selects the best training parameters. The GoogLeNet network
structure used in this paper has been proposed in section 2.3.
This section mainly discusses two parameters: batch size and
epoch, that affect the direction of the gradient. The impact of
batch size and epoch on results is critical. When the amount
of data is small, the whole data set can be used for learning,
and the direction of gradient descent is more accurate. How-
ever, when the data set is large, the memory will be insuf-
ficient. Batch size is small, that means each correction is in
the direction of the gradient of the respective sample, and
makes the model difficult to converge. The larger the batch
size is, the faster the same data will be processed, but the more
epochs needed to achieve the same accuracy will be. Gener-
ally, the batch size has a saturation value, which will reduce
the time and improve the efficiency. As shown in figure 8,
ICCAD1 benchmark is taken as the research object to dis-
cuss the impact of different batch sizes and epochs on the
results.
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Table 2. Parameter settings.

Parameters Value

Gradient algorithm Adam
Mini batch size 64
Iterations 10
Learning rate 0.01
Momentum 0.9

According to figure 8, the model is self-learning when the
batch size is equal to one. Each correction is in the direction
of the gradient of the respective sample, and the loss is diffi-
cult to converge. Therefore, the batch size cannot be too small.
Under the condition that the iteration count is identical, the
model training speed is faster when the batch size is larger.
When the batch size is 64, the loss converges fastest. When
the batch size continues to increase and reaches saturation, the
loss outweighs the gain by occupying computational memory.
Hence, the batch size is set to 64 in subsequent experiments.

4. Experiment results

4.1. Comparison with different deep learning models

To verify that the proposed data preprocessing has a good gen-
eralization ability, it is proved that this method can achieve
a good hotspot detection performance by collocating dif-
ferent network models. AlexNet has a deep network struc-
ture, using layered convolution layer, pooling layer to extract
image features, and using dropout to suppress overfitting.
Its performance is excellent in the field of image processing
[29, 30]. Three sets of comparative tests are done, including:
(a) AlexNet with HDAM, (b) GoogLeNet without HDAM and
(c) GoogLeNet with HDAM. The parameters of all models are
the optimal parameters, and the test conditions are the same to
ensure the fairness of the experiment, and the parameter set-
tings are shown in table 2. The results are shown in figure 9.

The proposed HDAM method is applied in two differ-
ent network models, and recall rate is significantly improved,
especially in ICCAD2, ICCAD4, and ICCAD5. The preci-
sion rate also increases by a certain amount by using HDAM.
For the AlexNet and AlexNet with HDAM, the average recall
accuracy is 93.9% and 97.1%, respectively. For the GoogLe-
Net and GoogLeNet with HDAM, the average recall accur-
acy is 95.2% and 98.31%, respectively, which is better than
AlexNet. In terms of precision rate, the pre-trained GoogLe-
Net model with HDAM performs better than others, which
also verified the effectiveness of the hybrid data augment
method.

4.2. Comparison with existing hotspot detection methods

To demonstrate the effectiveness of the proposed method in
the hotspot detection field. Here we compare our experiment

Figure 9. The detection accuracy of three models: (a) recall rate
and (b) precision rate.

with a machine learning method, which adopts Principle Com-
ponent Analysis and Support Vector Machine and Smooth
Boosting, respectively [31]. This method is representative,
and it achieves good results among many methods using
machine learning. In addition, two additional deep-learning-
based methods were compared to demonstrate the effect-
iveness of the proposed method. The 1st one is cluster-
ing and CNN [32], and the 2nd one uses HDAM and
CNN to implement the detection task [3]. The main para-
meters settings of the comparative experiments are shown
in table 3. The hotspot detection accuracy of the pro-
posed method and comparison methods are illustrated in
table 4.

As shown in table 4, the proposed method is significantly
superior to other methods in terms of recall rate and pre-
cision. Thus, the proposed method based on HDAM, data
compression and pre-trained GoogLeNet achieves a higher
detection accuracy. The average recall rate, precision rate
and F1-score of the five benchmark test sets are 98.3%,
47.5%, 63.5%, respectively. Thus, the proposed method based
on HDAM, data compression and pre-trained GoogLeNet
achieves a higher detection accuracy.
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Table 3. Main parameters settings and algorithms of the comparative experiments.

Method Parameter Value

PCA and SVM Maximum number of features
Principal components

500
80

Kernel function Polynomial kernel
Clustering and CNN Conv-pool layers (CPs) number 4

PC activation ReLU
Full connected layer activation Tanh
Clustering algorithm Density-based spatial clustering

Imbalance aware learning
and CNN

CP layers number 87
Imbalance aware learning algorithm Random-mirror flipping and up-sampling

Table 4. Detection accuracy (%) on six detection tasks with different methods.

Data set Method Recall rate (%) Precision rate (%) F1-score (%)

ICCAD1 PCA and SVM 81.0 20.2 32.3
Clustering and CNN 95.1 30. 46.3
HDAM and CNN 100.0 17.9 30.3
The proposed method 99.5 32.4 48.9

ICCAD2 PCA and SVM 81.1 3.9 7.4
Clustering and CNN 99.5 19.0 31.9
HDAM and CNN 98.7 84.6 91.1
The proposed method 98.6 70.2 82.0

ICCAD3 PCA and SVM 87.0 5.4 10.2
Clustering and CNN 98.9 7.8 14.5
HDAM and CNN 98.0 36.0 52.7
The proposed method 98.2 44.3 64.0

ICCAD4 PCA and SVM 80.5 4.7 8.9
Clustering and CNN 97.6 6.8 12.7
HDAM and CNN 94.5 35.4 51.5
The proposed method 97.2 35.5 52.0

ICCAD5 PCA and SVM 84.1 8.6 15.6
Clustering and CNN 97.9 15.6 26.9
HDAM and CNN 95.1 8.96 16.4
The proposed method 98.0 54.9 70.4

Average PCA and SVM 82.7 8.6 14.9
Clustering and CNN 97.8 16.0 26.5
HDAM and CNN 97.3 36.6 48.4
The proposed method 98.3 47.5 63.5

5. Conclusion

In this paper, we studied the feasibility of deep learning in
lithography hot spot detection by focusing on two problems,
i.e. data imbalance and large layout size. AHDEM is proposed
to deal with data imbalance, which makes up for the defi-
ciency of hot data. In view of the large layout size, i.e. the large
sample size that affects the calculation efficiency of the model,
data compression is adopted to reduce the data size. Finally,
the trained GoogLeNet model was introduced and the ICCAD
data set was used to fine-tune the model. Experimental res-
ults show that the proposed method is much more robust and
performs better than existing deep learning approaches along-
side representative machine learning approaches. The aver-
age recall rate and F1-score reached up to 98.3% and 62.9%,
respectively. In conclusion, our study demonstrated that the
difficulty of hotspot detection arising from data imbalance and
large layout size can be elegantly resolved by our proposed

strategy that consists of HDAM, data compression and pre-
trained GoogLeNet.
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