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Abstract—The manufacturing of integrated circuits (ICs) has
been continuously improved through the advancement of fab-
rication technology nodes. However the lithography hotspots
(HSs) caused by optical diffraction problems seriously affect the
yield and reliability of ICs. Although lithography simulation can
accurately capture the HSs through physically simulating the
lithography process, it requires a lot of computing resources, which
usually takes > 100 CPU ·h/mm2 [1]. Due to the image recog-
nition nature, the state-of-the-art HS identification algorithms
based on deep learning have obvious advantages in reducing
run time comparing to the traditional algorithms. However, its
accuracy still needs to be enhanced since there are many false
alarms of non-hotspots (NHSs) and escapes of the real HSs, which
makes it difficult to be a signoff technique. In this paper, we
propose two enhancements in HS identification. First, a hybrid
deep learning model is proposed in lithography HS identification,
which includes a CNN model to combine physical features. Second,
an ensemble learning method is proposed based on multiple sub-
models. The proposed enhanced model and method can achieve
high HS identification accuracy on the benchmarks 1-4 of the
ICCAD 2012 dataset with recall> 98.8%. In addition, it can
achieve even 100% recall on the benchmark 1 and benchmark
3 while maintaining the precision at a high level with 53.6% and
87.1%, respectively. Moreover, for the first time it can achieve
not only 100% recall on benchmark 5, but also high precision of
61.8%, which is much higher than any published deep learning
methods for HSs identification, as far as we know. The proposed
model and methodology can be applied in industrial IC designs
due to its effectiveness and efficiency.

Index Terms—lithography hotspot, ensemble learning, deep
learning, convolutional neural network

I. INTRODUCTION

The critical dimensions of devices in VLSI have been
continuously scaling down through the micro-nano fabrication
technology advancement. Consequently the feature sizes of
new technology nodes have been continuously shrinking in
pursuit of better performance. Lithography is the most critical
patterning process in the VLSI fabrication flow. However, the
optical diffraction effect becomes more and more significant

*These two authors contributed equally to this work.

due to the shrinking feature size. It causes the actual light
intensity non-uniformly distributing across the silicon layout,
which may easily lead to fabrication failures (such as metal
bridging or segment open problems) at some special layout
locations, which are typically called lithography hotspots (HSs).
HSs can reduce the yield of the production significantly and
weak patterns are threats to the chip reliability. As a matter
of fact, many foundries proposed different design rules checks
(DRCs), which can eliminate some of the HSs. Nevertheless in
the real world of design and fabrication, some HSs are still
created even though all DRCs are satisfied during physical
design. Therefore, the identification of HSs is a very important
task in VLSI physical design.

Fig. 1. Overall organization and process of CNN-based lithography hotspot
identification algorithm flow.

Rigorous lithography simulation is an accurate method to
capture HSs because it can physically simulate the lithography
process. However, it requires a lot of computing resources.
Model-based lithography verification usually requires > 100
CPU ·h/mm2 [1], and an accurately calibrated model prepara-
tion may take several days [2], which consumes a lot of CPU
resources and incurs cost overhead. Therefore, fast and accu-
rate algorithms for HSs identification at design level become
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absolutely necessary.

The lithography HSs primarily depend on the geometric
information in the layout. Hence prior work introduced some
geometric algorithms to analyze the layout geometric character-
istics, rather than relying on the rigorous optical physical simu-
lation. These methods depend entirely on the layout engineers’
experiences of lithography HSs and non-hotspots (NHSs), such
as pattern matching methods [3]–[6], machine learning methods
[7]–[12], and fuzzy matching methods [13], [14], etc. Among
them, the pattern matching method proposed in [3]–[6] cannot
predict HSs beyond the information stored in its HSs database,
which leads to the low accuracy of HSs identification. The
machine learning methods consist of complex feature engi-
neering, which are difficult to be generalized and applied to
different designs. When running the machine learning methods
proposed in [4], [8] on the ICCAD 2012 dataset [15], they
suffered from many false alarms (predicting NHs as HSs). The
fuzzy matching method proposed in [13] had low identification
rate and identification performance fluctuation. In addition, it
was extremely dependent on the characteristics of the datasets
[14].

As we all know, convolutional neural networks (CNN) show
very good results in image recognition and classification [16],
[17], because of its good generalization and perception capa-
bilities. Therefore, the application of CNN in the identification
of HSs [2], [18] has achieved good results, it not only has
a lower false alarm rate and higher accuracy, but also due to
the simplicity of its forward propagation, its inference time is
shorter than other method [2], [18], [19]. The typical reported
CNN flow for hotspot identification mainly include three steps.
First, the GDS layout information is converted into array form
data and processed appropriately. Next, the processed data is
applied to the designed CNN network for training process.
Finally the trained network is used to identify the test data set,
and can obtain the performance of the CNN model. However,
there are still some problems for applying such techniques in
the realistic applications. First, they cannot detect all HSs on
the dataset in ICCAD 2012 [15], such as benchmark 5 [14].
Secondly, the false alarm rates of these methods are high. For
example, the false alarm of the reported CNN method is 269 on
benchmark 5 (total 19327 NHSs) in ICCAD 2012 dataset [19],
which leads to only 12.9% precision. Considering that in the
real chips there are more than hundreds of thousand patterns,
which is several orders of magnitude higher than the number
of patterns in ICCAD 2012 [2], [18], it means that the prior
published methods cannot be applied in realistic chip design
projects unless the false alarm rate is reduced.

In this paper, two enhancements are proposed. First, we
propose a hybrid deep learning model in lithography HS identi-
fication, which applies a multi-input CNN model to incorporate
physical features. Next, we propose an ensemble learning
method using multiple sub-models. The remainder of this paper
is organized as follows. Section II will propose a novel CNN
model and some initial experimental results are illustrated.
Section III will explain how to enhance the proposed model
by incorporating physical features and how to use an ensemble

method to improve the performance. More experimental results
are presented in this section. Section IV will conclude the paper.

II. THE PROPOSED CNN MODEL STRUCTURE AND INITIAL

EXPERIMENTAL RESULTS

The proposed model is shown in Fig. 1, which is mainly con-
sisted of three parts: (i) The first part is for the pre-processing,
which converts the coordinate information in the GDS layout
into the pixel data that CNN can recognize. The data will be
divided into three parts: training dataset, validation dataset and
test dataset. (ii) The second part is for the training process. The
proposed CNN model interprets HS related geometric features
from training dataset through representation learning, and the
validation dataset is used to determine whether the model has
reached the expected accuracy. Note that the validation dataset
is not used in the random gradient descent algorithm during the
training process. Finally, after the training process, a trained
model is ready to classify the input images as HS or NHS. (iii)
The third part is the test process, which predicts the testing
dataset with the same characteristics as training datasets, and
reports the coordinates for HSs. In this work, we focus on the
enhancement of CNN model to achieve better HS identification
performance.

Fig. 2. Data processing (a) Data pre-processing. (b) Data augmentation (Up
sampling).

The schematic diagram of the proposed data pre-processing
is illustrated in Fig. 2(a). In this step, the dataset provided
by the ICCAD2012 competition [15] is used. It includes five
benchmarks using 32nm and 28nm fabrication technology
nodes. Each benchmark has different amount of HS/NHS data
in the train/test dataset. Firstly, it partitions a big GDS layout
into smaller patterns. Secondly, it reads the coordinates of the
vertices of the polygon, and then converts all the polygons into
pixel images of the size of (240, 240, 1). It is worth noting that
this dataset has unbalanced characteristics, and as the number
of benchmarks increases, the degree of imbalance continues to
increase. For example, in the training dataset of benchmark 5
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HS : NHS = 1 : 104. Such an imbalance causes challenges
for the training process of CNN models [20]–[22]. Therefore,
we need to use external intervention to assist the model to
learn the characteristics of HS from unbalanced data. At the
dataset level, a data augmentation algorithm is proposed to use
mathematic methods to generate new HS images. Although
there are many ways to construct a data augmentation, due
to the images used in this context are binary images, many
perturbation methods are not applicable because they require
continuous pixel values. Meanwhile, the lithography HSs are
also very sensitive to the spacing between polygons. Hence,
some zooming and panning methods will destroy the features
of the original HSs. Due to the reasons mentioned above, a
data augmentation flow is proposed with a flipping followed
by random cropping to up-sampling, as illustrated in Fig. 2(b).
It flips each HS image data to generate up to eight pictures,
and then randomly crop each picture as needed to make sure
that the middle area, where HS occurs, is not cut out during
the cropping process.

Considering the speed of training and prediction process of
CNN model, we use Mobilenet network’s basic structure [23],
which splits the complete convolution layer into depthwise
convolution layer and pointwise convolution to greatly speed
up the training and the prediction processes. The input of the
network is an image data with a size of (240, 240, 1) pixels, and
the output is a HS probability pHS in the range of [0,1]. Since
the main purpose of this paper is to identify and extract the HSs
from the layout patterns, in order to simplify the model, we treat
it as a binary classification problem, and the threshold is set to
0.5, that is, when 0.5 ≤ pHS ≤ 1, the network predicts the input
image data as HS, otherwise it is predicted as NHS. During the
training process, we use a stochastic gradient descent algorithm
based on the backpropagation to update the weight W of the
network

Wi+1 = Wi − ξ

(
∂Li

∂W

)
(1)

where ξ is the learning rate and Li is the loss value of each
epoch calculated by focal-loss function [24].

LHS
i (pHS) = −αHS(1− pHS)

γ log(pHS),

LNHS
i (pHS) = −αHS(pHS)

γ log(1− pHS)
(2)

where LHS
i and LNHS

i are the loss function of HS and NHS
data respectively, αHS is the label weight of HS, which can
make the model pay more attention to HS data to reduce the
impact of data imbalance on the training process, and (1 −
pHS)

γ item used in LHS
i can make model pays more penalty

to the data with wrong predictions (pHS < 0.5), which γ is the
degree of differentiation.

Based on the above-proposed algorithm and method, we
calculate the performance by running on each benchmark on
the ICCAD dataset as shown in Table I setting γ = 2 and
αHS = 0.7. We use three indicators fl-score, recall and
precision to judge the prediction performance of the trained

model due to the imbalance of the dataset.

recall =
NTHS

NHS
,

precision =
NTHS

NPHS
,

f l − score =
2recall × precision

recall + precision

(3)

where NTHS is the number of correctly predicted HSs, NHS

is the total number of HSs, and NPHS is the number predicted
by the model as HSs. Therefore, the recall is the proportion of
all HSs that are successfully identified, which can reflect the
success rate of the HS identification by the proposed model.
The precision is the proportion of correctly identified patterns
by using the model, which can reflect the recognition degree
of the model. The lower precision indicates higher false alarm
rate, and the fl-score is a comprehensive index combining the
recall and the precision. The best recall, best precision and
best fl-score are the models with the highest corresponding
indexes during the training process. It can be seen from the
table that we can achieve extremely high recall in benchmarks
1-5 (even achieving recall=1, i.e., all HSs are detected), and
can also guarantee extremely high precision. For example, the
benchmarks 1-4 can achieve more than 98% precision when
recall > 95%, that is, fl-score> 96%. In comparison, the best
recall model of the state-of-the-art on benchmarks 1-4 had
much lower precision of < 47% [26]. For benchmark 5 with
the highest imbalance and the closest scenario to the realistic
situation, the proposed model can still detect all HSs, with the
precision to be optimized to 44.2%. In comparison, the highest
recall could be achieved by state-of-the-art on benchmark 5 was
only 97.6% [19], which means that not all the HSs could be
detected. Furthermore, the corresponding precision was also as
low as 12.9%, which means there were too many false alarms
such as it could correctly identify 1 HS together with about 7
false alarms.

Fig. 3. The diagram of multi-input CNN model algorithm flow.

III. THE PROPOSED MODEL AND METHOD ENHANCEMENTS

Although the above-proposed algorithm has achieved good
performance in benchmarks 1-4, the precision of benchmark
5 still needs to be improved, because it will produce an
unacceptable number of false alarms if it is applied to a realistic
chip design with a larger data number. In this session, we
propose two enhancements and their effects in Sections III-A
and III-B.
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TABLE I
COMPARISON OF THE TEST PERFORMANCE OF EACH BENCHMARK ON THE ICCAD DATASET WITH THE EXISTING WORKS WHEN γ = 2 AND αHS = 0.7:

� Model
Our works Existing works

recall precision fl-score Ref. recall precision fl-score

Benchmark 1
Best recall 1.000 0.536 0.698 [25] 1.000 0.223 0.365

Best precision 0.696 1.000 0.821 [26] 0.996 0.605 0.753
Best fl-score 0.996 0.996 0.996 [26] 0.996 0.605 0.753

Benchmark 2
Best recall 0.988 0.974 0.981 [26] 0.998 0.470 0.639

Best precision 0.958 0.996 0.977 [18] 0.987 0.856 0.917
Best fl-score 0.974 0.994 0.984 [18] 0.987 0.856 0.917

Benchmark 3
Best recall 1.000 0.817 0.931 [18] 0.980 0.358 0.524

Best precision 0.998 0.997 0.998 [25] 0.975 0.462 0.627
Best fl-score 0.998 0.997 0.998 [25] 0.975 0.462 0.627

Benchmark 4
Best recall 0.995 0.726 0.839 [19] 0.994 0.047 0.089

Best precision 0.937 0.994 0.965 [18] 0.945 0.361 0.522
Best fl-score 0.952 0.984 0.968 [18] 0.945 0.361 0.522

Benchmark 5
Best recall 1.000 0.442 0.613 [19] 0.976 0.129 0.229

Best precision 0.952 0.769 0.851 [25] 0.951 0.293 0.448
Best fl-score 0.952 0.769 0.851 [25] 0.951 0.293 0.448

A. Multi-input CNN model incorporating physical feature data

The advantage of the convolutional neural network and deep
learning algorithm is that it has a certain depth perception
ability for image data, which can learn local features to
make accurate predictions. However, CNN is based on purely
geometric information for representation learning, rather than
considering the physical information related to lithography.
Therefore, it is inefficient to capture the physical features
of HS through CNN itself. The HSs are physically caused
by diffraction in lithography, so it is highly correlated with
the critical parameters of the layout. Based on the above
observations, we propose a multi-input model, which combines
the advantages of CNN and feature extraction to achieve higher
representation learning efficiency. As illustrated in Fig. 3,
the original single image data input is augmented with the
second feature data input branch. The original CNN model
still processes the data of the pixel images as the first input
branch, where it will calculate 50 weights as outputs. The
second input branch with the feature data are fed through
multiple perception layers (MPLs), which will calculate another
10 weights as outputs. The feature data is obtained by going
through additional scripts during the GDS analysis process
to extract the geometric feature of each pattern related to
lithography. Taking the ICCAD dataset as an example, we first
extract the number of polygons, the number of corners and
the critical area in each pattern.These information are inferred
based on the characteristics of the lithography process. Finally,
these 60 weights are combined through the batch-normalization
operation, and the final probability pHS is calculated through
the last fully connect layer with sigmoid activation.

We apply the above-mentioned method to benchmark 5 of
ICCAD dataset with γ = 2 and αHS = 0.7, the precision, recall
and loss in the training process related to epoch are shown
in Fig. 4(a). The black curve indicates the training dataset
and red curve indicates the validation dataset. It can be seen
from this diagram that after 7 training epochs, the recall on
the validation dataset is converged to 1, and the precision is
gradually increased in the subsequent training epochs. Finally
it is converged after 25 epochs. We select the model with the

Fig. 4. The training process and performance of multi-input method. (a) The
precision (upper), recall (middle) and loss (lower) in each epoch, the black line
indicates the training dataset and red line indicate the validation dataset. (b)
The summary of prediction results (confusion matrix) of the model without use
multi-input method. (d) The confusion matrix of the model uses multi-input
method.

highest recall and test its performance on the testing dataset and
compare the results with the previous model without physical
feature data input. The summaries of prediction results, i.e.,
the confusion matrices are shown in Fig. 4(b) for before the
enhancement vs. Fig. 4(c) for after the enhancement. It can be
seen that the performance of the model has been significantly
improved after adding the input of physical feature parameters.
It indicates that not only the recall can achieve 100%, but also
the precision can be improved from 44.21% to 61.76% (due to
the number of false alarms is decreased from 53 to 26). This
hybrid model can be applied for future realistic chip design.

B. Ensemble learning method

Ensemble learning [27]–[29] is the process by which multiple
models, such as classifiers or experts, are strategically generated
and combined to solve a particular computational intelligence
problem. Ensemble learning is primarily used to improve the
(classification, prediction, function approximation, etc.) perfor-
mance of a model, or reduce the likelihood of an unfortunate
selection of a poor one. Other applications of ensemble learn-
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TABLE II
COMPARISON OF BEFORE AND AFTER MODEL IMPROVEMENT AND EXISTING WORK ON BENCHMARK 5 WHEN γ = 2 AND αHS = 0.7:

Works
Best recall model for benchmark 5

recall precision fl-score
Existing works [19] 0.976 0.129 0.229

Our work without improvement 1.000 0.442 0.613
Multi-input method 1.000 0.618 0.764

Ensemble learning method 1.000 0.525 0.689

ing include assigning a confidence to the decision made by
the model, selecting optimal (or near optimal) features, data
fusion, incremental learning, non-stationary learning and error-
correcting. In our application, it could effectively ensemble
the advantages and make up for the shortcomings of multiple
sub-networks, and could provide the possibility with higher
accuracy than a single network.

Fig. 5. The diagram of ensemble learning method algorithm flow for HS
identification.

For our model in the training process, CNN is equivalent to
finding the boundary of HSs and NHSs. Hence the recall and
precision of the model calculated during the training process
will form a contradiction. If the model is aggressive, it may
be able to catch more HSs, but may cause many false alarms
such that many NHSs with similar characteristics as HSs, and
vice versa. If the model is too conservative, lots of HSs may be
missed. Therefore, the ensemble learning method is proposed
to combine models with their own characteristics, which could
combine the advantages of each model. The algorithm flow is
shown in Fig. 5. This method requires two training processes
and the first training is the same method as described in Section
II. After the first training is done, we could select three trained
models which have the highest recall, the highest precision,
and the highest fl-score. In the second training, we extract the
middle fully connected layer of these models corresponding to
1024 weights respectively, and then combine the weights as the
input of the next one-dimensional convolutional neural network
(1D CNN) [30], [31]. This 1D CNN is mainly composed of a
convolutional layer, a pooling layer and a fully connected layer.
The purpose of this 1D CNN is to select optimal weights from
the combined models and remove redundant weights [30], [31].
It’s worth noting that in the second training process, the weights
in the models selected in first training will not be trained. It

Fig. 6. The performance of ensemble learning method in benchmark 5 when
γ = 2 and αHS = 0.7 : (a)-(c) The confusion matrix of selected three models
with the highest recall, fl-score, and precision in the first training process.
(d)The precision (upper), recall (middle) and loss (lower) in each epoch of the
second training process, the black line indicates the training dataset and red
line indicate the validation dataset. (e) The confusion matrix of the best recall
model for second training process.

only trains the following 1D CNN’s weights to get a coupled
model. We apply the above-proposed method to benchmark
5 of ICCAD dataset with γ = 2 and αHS = 0.7. The first
training process is completed based on the flow described in
Section II. Three models with highest recall, precision, and
fl-score are selected, respectively. Their confusion matrices on
testing dataset are shown in Fig. 6 (a)-(c). In the second training
process, we train the weights of 1D CNN, where the precision,
recall and loss in each epoch are shown in Fig. 6(d). The black
curve indicates the training dataset and red curve indicates the
validation dataset. It can be seen that 1D CNN converges after
around 16 epoch. We finally select the model with the highest
recall in the second training process and test it on the testing
dataset. The confusion matrix is shown in Fig. 6(e). Comparing
to the model without using the ensemble learning method in
Fig. 4(b), this model not only can achieve 100% recall, but
also can improve the precision from 44.21% to 52.50% (due
to the number of false alarms is decreased from 53 to 38). This
method can be incorporated in the multi-input model described
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in Section III-A to achieve higher performance.
By using benchmark 5, an analytic comparison across the

state-of-the-art vs. 3 models proposed in this paper is shown in
Table II. It can be seen that the proposed model is very sensitive
to HS and can achieve 100% recall comparing to the state-of-
the-art. With the enhancements of the multi-input model and
ensemble learning method, the precision is further improved
and the false alarm rate is greatly reduced, which means that
our proposed enhancements can be applied to more realistic
design with more patterns.

IV. CONCLUSIONS

In this paper, two enhancements were proposed. We first
proposed a hybrid deep learning model in lithography HS
identification, which incorporates a multi-input CNN model
combining the layout images with physical feature data. Next,
we proposed an ensemble learning method. The proposed
method can achieve high HS identification rate with recall>
98.8% on the first 4 benchmarks of the ICCAD 2012 dataset,
and even with recall = 100% on benchmarks 1 and 3 while
maintaining the precision at a high level with 53.6% and
87.1%, respectively. In addition, for the first time we can
achieve 100% recall on benchmark 5. In addition, through the
multi-input model with physical feature data and an ensemble
learning method it can achieve a high precision of 61.8% and
52.50% respectively, which is much higher than the state-of-
the-art deep learning method for the HSs identification. These
enhancements lays the foundation for the deep learning-based
HS identification methods to be applied to big industrial IC
designs in future.
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