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ABSTRACT Line-edge-roughness (LER) is one of undesirable process-induced random variation sources.
LER is mostly occurred in the process of photo-lithography and etching, and it provokes random varia-
tion in performance of transistors such as metal oxide semiconductor field effect transistor (MOSFET),
fin-shaped field effect transistor (FinFET), and gate-all-around field effect transistor (GAAFET). LER was
analyzed/characterized with technology computer-aided design (TCAD), but it is fundamentally very time
consuming. To tackle this issue, machine learning (ML)-based method is proposed in this work. LER
parameters (i.e., amplitude, and correlation length X, Y) are provided as inputs. Then, artificial neural
network (ANN) predicts 7-parameters [i.e., off-state leakage current (Ioff), saturation drain current (Idsat),
linear drain current (Idlin), low drain current (Idlo), high drain current (Idhi), saturation threshold voltage
(Vtsat), and linear threshold voltage (Vtlin)] which are usually used to evaluate the performance of FinFET.
First, how datasets for training process of ANN were generated is explained. Next, the evaluation method
for probabilistic problem is introduced. Finally, the architecture of ANN, training process and our new
proposition is presented. It turned out that the prediction results (i.e., non-Gaussian distribution of device
performance metrics) obtained from the ANN were very similar to that from TCAD in the respect of both
qualitative and quantitative comparison.

INDEX TERMS Line edge roughness, process-induced random variation, FinFET, machine learning,
artificial neural network.

I. INTRODUCTION
Over the past a few decades, complementary metal oxide
semiconductor (CMOS) technology has been evolved with
advanced techniques such as stress engineering in 90 nm
technology node [1], high-k/metal-gate (HK/MG) in 45 nm
technology node [2], and three-dimensional advanced device
structure in 22 nm technology node [3]. Those new tech-
niques have enabled the physical dimension of metal oxide
semiconductor field effect transistor (MOSFET) to be suc-
cessfully scaled down, resulting in the improved functions
of integrated circuit (IC) per cost. However, there still exists
secondary effects in aggressively scaled MOSFETs, and they
should be overcome. Especially, one of those challenges, i.e.,
process-induced random variation, which randomly cause
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variation in transistor performance metrics such as threshold
voltage, on-state drive current, and off-state leakage current,
become significant as CMOS technology is evolved [4].
The primary causes of process-induced random variation can
be classified as (i) line edge roughness (LER), (ii) random
dopant fluctuation (RDF), and (iii) work function variation
(WFV) [5]. Among them, because LER can affect the other
random variation sources (i.e., RDF and WFV) by inducing
the deformation of device structure [6], it would degrade
the device performance more severely. With the most radical
shift in device architecture at 22 nm node, i.e., from planar
bulk MOSFET to three-dimensional fin-shaped field effect
transistor (FinFET), the process-induced random variation
becomes much more severe [7]. As expected that a more 45
complicated device structure such as multiple bridge channel
field effect transistor (MBCFET), stacked nano-wire FET,
complementary FET (CFET) would be adopted at 3 nm node

VOLUME 9, 2021 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/ 86581

https://orcid.org/0000-0003-1636-8865
https://orcid.org/0000-0001-6057-3773
https://orcid.org/0000-0001-9666-0019


J. Lim et al.: Probabilistic ANN for LER-Induced Random Variation in FinFET

[9], understanding and analyzing the impact of LER on device
performance is essential for designing variation-robust sili-
con device.

To understand and quantify the impact of LER on device
performance, TCAD has been used so far. TCAD simulation
is, however, fundamentally very time-consuming. As another
approach, compact model [10] has been used to overcome the
time-inefficiency of using TCAD tools. However, the com-
pact model for LER is still based on 2-D analysis, despite that
3-D analysis for LER is necessary [7]. As an alternative way
to avoid those obstacles, we have focused on machine learn-
ing (ML)-based artificial neural network (ANN). Machine
Learning technology has already been in spotlight in various
fields such as geology, and biology [11]–[13]. Especially in
semiconductor technologies, a number of studies have been
reported in many branches such as fabrication [14], [15],
optimization [16], and modeling [17]. Following this trend,
we suggested a ML-based ANN model in our previous
work [18]. However, it turned out that the ML-based
ANN had limits, in that target performance metrics were
assumed to follow multi-variate Gaussian distribution only.
This assumption would cause some inevitable errors. More-
over, the ANN model has its own intrinsic limit in esti-
mating the other performance metrics such as Idlo, and
Idhi (which, in real, do not follow Gaussian distribution).
Therefore, we would like to develop and propose an
upgraded ANN model with enhanced accuracy (note that
this new ANN model can overcome the limit mentioned
above).

In this work, we show the way how FinFETs with LER
are simulated as well as how those data are preprocessed for
training process of ANN. Afterwards, the evaluation method
used to assess the results of proposed work is introduced.
Finally, it is shown how ANN was composed and built,
including its geometrical structure, hyper parameters, and the
process of grafting probability.

II. DATA GENERATION
A. TCAD SET-UP WITH LINE EDGE ROUGHNESS
As done in the previous study [18], 3-D quasi atomistic model
for line edge roughness was used [19]. Three parameters (i.e.,
1, 3x, and 3y) are used to describe and reconfigure LER
profile. The physical meaning of those parameters are as
follows [see Fig 2]:

(i) Amplitude (1): it indicates the rms (root-mean-
squared) value of surface roughness.

(ii) Correlation length (3): it means how line edge is
closely correlated with its neighboring edge. A larger
3 indicates a smoother line.

FIGURE 1. A bird’s-eye view of FinFET with a three-dimensional
line-edge-roughness (LER) on its sidewall. LER parameters used in this
example are as follows: 1 = 0.5 nm, 3x = 20 nm, 3y = 50 nm, α = 1, and
2 = 0.

FIGURE 2. Examples of roughness amplitude when (a) 3 = 10, and
(b) 1 = 0.5.

In Eq. (1), as shown at the bottom of the page, 3x and 3y
are the correlation length along x-direction and y-direction,
respectively [see Fig. 1]. 2 indicates the relation between
x-direction and y-direction.

Using parameters mentioned above and two-dimensional
auto covariance function (ACVF), we have simulated FinFET
with MATLAB and TCAD Sentaurus Structure Editor and
Device [19], [20]. The detailed steps how to create a rough
sidewall surface of FinFET are provided in [18], [19].

Nominal device parameters of FinFET is summarized
in Table 1. Drift-diffusion simulation for the FinFETs with
surface roughness are executed, using various models such as
doping-dependent mobility model, thin-layer mobility model
for carrier transport, the Shockley-Read-Hall (SRH) model
for generation and recombination, high field saturation model

ACVF (x, y) = 12 exp

−{
(xcos2+ ysin2)2

32
x

+
(−xcos2+ ysin2)2

32
y

} 1
2
 (1)
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TABLE 1. Nominal device parameters of FinFET [8].

TABLE 2. Performance metrics.

for velocity saturation, and a density-gradient quantization
model for quantum-mechanical effects.

B. DATA COMPOSITION
To train, validate, and test the ANNmodel that we have newly
built up, two kinds of datasets were separately generated:
(1) The first kind of dataset has 130 datasets. Each dataset
contains the performance metrics of 50 different FinFETs,
so that total 6,500 FinFETs are used in 130 datasets. 70% of
them are used as the training datasets, and the others are used
as the validation datasets. (2) The second kind of dataset has
10 different datasets. Each dataset contains the performance
metrics of 250 different FinFETs, so that total 2,500 FinFETs
are used in 10 datasets.

The LER parameters are chosen in the range below:

Amplitude (1) : 0.1 nm ∼ 0.8 nm

Correlation length X(3x) : 10 nm ∼ 100 nm

Correlation length Y(3y) : 20 nm ∼ 200 nm

The reference parameter set (1 = 0.5 nm, 3x = 20 nm,
3y = 50 nm) is obtained, based on experimental
results [21]–[24]. Then, the range is selected on the basis
of the reference parameter set. Note that the performance
metrics of transistor were extracted from simulated drain
current versus gate voltage (Id-vs.-Vg) characteristic. The
details on the device performance metrics are summarized
in Table 2. These metrics are extracted using the Sentaurus
TCAD inspect [20].

III. EVALUATION METHOD
To quantitatively verify the distribution of values obtained
from the new ANN model, we used earth-mover’s dis-
tance (EMD) score (or be referred to as Wasserstein metric

FIGURE 3. Conceptual diagram for showing the mixture of multivariate
normal distributions.

in mathematics). The EMD score is used to measure how two
probability distributions are different from each other [25].
The definition of the score is ‘‘The minimal amount of work
needed to transform one distribution to another distribu-
tion’’. The EMD score can be calculated following the steps
below:

Step I: Calculate the difference of cumulative distribu-
tion function (CDF) of TCAD datasets and ANN prediction
datasets.

Step II: Normalize the calculated value in Step I.
In this work, we used Gaussian kernel density estima-

tion (KDE) to estimate CDF of datasets. The EMD score is
‘‘0’’ when two distributions are exactly identical.

IV. MODEL GENERATION
A. MIXTURE-MULTIVARIATE NORMAL DISTRIBUTION
Different from the previous study [10], the mixture of mul-
tivariate normal distributions (MVN) is used in this work.
By using the mixture of MVNs, we can respond to many
other unknown distribution shapes. It is trivial that perfor-
mance metrics of transistor approximately follow Gaussian
distribution [26]–[28]. However, triggered bymany non-ideal
effects in transistors (i.e., short-channel effects [29]), there
are some skewness, kurtosis, and/or non-linear correlation
in-between the performance metrics. Moreover, distribution
shapes are also quite different, for each LER parameter. For
those reasons, the mixture of MVNs was used to deal with
the non-ideal cases. A conceptual diagram for the mixture of
MVNs is shown in Fig. 3.

To determine the number of components (i.e., MVN dis-
tributions) used in generating the mixture of MVNs, an opti-
mization was first done. Validation datasets were used in the
training process, to find the best working model. In Fig. 4,
it can be noted that the validation loss was minimized with
the number of components of 11 at 7,800 epochs. This means
that the ANN model with 11 MVNs works best to describe
the distribution of performance metrics. The optimized ANN
with the mixture of MVNs has 3 neurons for the input
layer, 81 neurons for the first hidden layer, 162 neurons for
the second hidden layer, 324 for the third hidden layer, and
324 neurons for the output layer. This output neurons are
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FIGURE 4. Validation loss vs. the number of epochs, when the number of
distribution used to mixture is varied from 9 to 13.

FIGURE 5. The flow chart how to build/train/test the ANN model.

connected to probabilistic layer with the mixture of multivari-
ate normal distribution, for the generation of power density
function (PDF) of output variables (performance metrics).

B. ANN FOR MEAN AND STANDARD DEVIATION
Unlike the proposed ANN in the previous section, another
simple ANN was built only for estimating mean and standard
deviation. With this simple ANN, the performance metrics
were standardized in the training process of ANN with the
mixture of MVNs [see Fig. 5]. By using additional simple
ANN, we can limit the role of ANN with the mixture of
MVNs, to just estimate the shape of probability distribution.
Thus, the time spent to train the ANN model can be largely
reduced (see Table 3). The simple ANN has 3 neurons for the
input layer, 3 neurons for the first hidden layer, 7 neurons for
the second hidden layer, 14 neurons for the third hidden layer,
and 14 neurons for the output layer. To compare this work
against the non-separated ANN (note that the ANN model

TABLE 3. Time spent to train ANN model.

can predict the mean, standard deviation, and the shape of
distribution, at once), the same work mentioned in Part A
was repeated to find the optimized ANN (i.e., the number of
MVNs, training epochs, etc.).

C. TRAINING METHODOLOGY
The weight matrices and bias vectors of ANN model are
updated for the given/specified number of iterations. These
matrices and vectors determine the output of ANN model.
The probabilistic layer attached to output neurons returns the
PDF of variables while training process. Thus, conventional
mean-squared error cannot be used as loss function. Instead,
‘‘Negative log likelihood’’ (Negloglik) was used as a loss
function [see Eq. (2)]. The training process is executed to
minimize this loss function. That is, training ANN becomes
the process of Maximum Likelihood Estimation (MLE) [30].

Negloglik(P,Q) = −
∑
x

P(x)logQ(x) (2)

In Eq. (2), P(x) and Q(x) denotes the PDF of observation
and hypothesis, respectively.

Using Adam Optimizer [31], the training process was
executed for 14,880 epochs (84 sec) for mean and standard
deviation of ANN model and 7,800 epochs (101 sec) for the
mixture of MVNs ANN model. Both models are trained with
the learning rate of 10−4, and then optimized to prevent the
occurrence of over-fitting by using validation datasets. ReLU
was used as the activation function for both models. Note
that the ANN model was built using the Tensorflow 2.0 and
Tensorflow-probability python library [32], [33].

V. RESULTS AND EVALUATION
Based on the PDF determined by the mixture of MVNs,
the standardized prediction data was randomly extracted.
Then, these standardized values are recovered with the pre-
dicted mean and standard deviation to the original scale
(see Fig. 5).

Fig. 6 shows the comparison between the previous work,
non-separated ANN, and this work, for a given LER of
1 = 0.505 nm, 3x = 48.62 nm, 3y = 67.99 nm.
As shown in Fig. 5(a, b), previous work with plain MVN
cannot predict metrics with non-linear correlation, skewness
and kurtosis. On the other hand, ANN with mixture of MVN
[see Fig. 6(c-f)] successfully predicts skewness, kurtosis,
and non-linear correlation, which is distinctly different from
plain MVN. EMD score also proves that prediction accu-
racy is highly improved (0.0170 vs 0.00928). As shown
in Fig. 6(c-f), there is no significant performance degradation
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FIGURE 6. Histograms of (a, b) previous work, (c, d) non-separated model, and (e, f) this work. EMD score of (b), (d), and (f) is 0.0170, 0.00785, and
0.00928, respectively.

TABLE 4. Comparison of EMD score between this work and non-separated ANN model.
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FIGURE 7. Pair plot of performance metrics for 1 = 0.505 nm, 3x = 48.62 nm, 3y = 67.99 nm.

between non-separated ANNmodel and this work, in spite of
huge time saving (1412 sec to 185 sec) [see Table 3].

The pair plots for 1 = 0.505 nm, 3x = 48.62 nm,
3y = 67.99 nm, and 1 = 0.690 nm, 3x = 85.09 nm,

3y = 80.98 nm are shown in [See Fig. 7 and Fig. 8]. We
can notify that distribution for each parameter (a diagonal
line) and correlation between parameters (the rest except for
a diagonal line) are well predicted.
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FIGURE 8. Pair plot of performance metrics 1 = 0.690 nm, 3x = 85.09 nm, 3y = 80.98 nm.

Table 4 shows the EMD score comparison of perfor-
mance metric. In the respect of quantitative analysis, it is
shown that this work shows quite similar performance with
non-separated ANN, when the amplitude of LER profile

is around 0.5 or 0.6. However, it shows enhanced perfor-
mance in a wider range than the non-separated ANN model.
This work not only predicts the mean and standard deviation
at a high level with the additional simple ANN, but also
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shows higher consistency for specific points such as the tail
of distribution by using the mixture of MVNs.

VI. CONCLUSION
We have proposed newly developed ANN models with
enhanced accuracy. A ML-based model [14] was first sug-
gested to estimate LER-induced random variation, and its
simulation time was shorter than using compact models.
Herein, compared against the previousML-basedmodel [14],
the newly proposed ANN models have shortened the simula-
tion time by ∼ 6 times (from 1,191 seconds to 185 seconds).
Especially, non-Gaussian features of device performance
metrics’ distribution (i.e., skewness, kurtosis, and non-linear
correlation) are successfully predicted while the previousML
model only did with a shape of Gaussian distribution and
linear correlation. Thus, the accuracy of the ANN model
is significantly improved in the respect of both quantita-
tive and qualitative comparisons. Especially, we extend the
prediction target from 4 parameters such as Ioff, Idsat, Vtsat,
and SS (Subthreshold Swing) to 7 parameters such as Ioff,
Idsat, Idlin, Idlo, Idhi, Vtsat, and Vtlin. This enables simulating
electrical behavior of transistor as well as DC behavior of
digital circuit blocks such as SRAM bit cell [34]. This work
can pave a new road to analyzing the impact of LER, and
thereby, to timely design the process integration for integrated
circuits.
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