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Acceleration of nonequilibrium Green’s function simulation for
nanoscale FETs by applying convolutional neural network model

Satofumi Souma'® and Matsuto Ogawa'

Abstract We investigate the application of convolutional neural networks
(CNNs) to accelerate quantum mechanical transport simulations (based on
the nonequilibrium Green’s function (NEGF) method) of double-gate
MOSFETS. In particular, given a potential distribution as input data, we
implement the convolutional autoencoder to train and predict the carrier
density and local quantum capacitance distributions. The results indicate
that the use of a single trained CNN model in the NEGF self-consistent
calculation along with Poisson’s equation produces accurate potentials for
a wide range of the gate lengths, and all within a significantly shorter
computational time than the conventional NEGF calculations.
Keywords: nanoscale MOSFET, simulation, nonequilibrium Green’s
function, convolutional neural network, convolutional autoencoder
Classification: Electron devices, circuits and modules

1. Introduction

Downscaling of MOSFETs have been one of the key issues
in the technological evolution of the semiconductor indus-
try [1, 2]. Multigate structures such as FInFET, which are
already available on cutting-edge chips, are expected to
reduce power consumption because of their efficient gate
electrostatic control of channel carriers over the thin semi-
conductor layer [3, 4]. However, for continued develop-
ment of semiconductor technology, the power consumption
must be further reduced; for example, by introducing new
structures such as the gate-all-around structure or the
quantum sheet structure, and new materials such as III-V
semiconductors and intrinsically two-dimensional materials
(e.g., graphene [5, 6, 7], phosphorene [8] and MoS; [9]).
The investigation of such lower-power consumption de-
vices can be significantly advanced using modeling and
simulation studies. Among the various methods to simulate
semiconductor devices, one of the most reliable schemes,
especially for nanoscale devices, is the fully-quantum-me-
chanical simulation using non-equilibrium Green’s func-
tions (NEGF) [10]. However, NEGF simulation requires
repeated matrix operations and energy integrations to cal-
culate the carrier density, which must be self-consistently
calculated with Poisson’s equation. This procedure is com-
putationally expensive, which hinders the research and
development efforts.
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Therefore it is important to reduce the computational
time required for NEGF device simulations; for instance,
by applying information-scientific viewpoint [11, 12, 13,
14]. As a representative example, consider double-gate
MOSFET (DG-MOSFET) [15, 16, 17, 18, 19, 20, 21].
The precise two-dimensional distribution pattern of the
electrostatic potential and the carrier density in the x-z
plane (see Fig. 1) essentially influences the gate electro-
static control. Given that such two-dimensional distribu-
tions of physical quantities are equivalent to black-and-
white images (where positional grid elements correspond to
pixels), convolutional neural networks (CNNs), which
have recently been successfully applied to image recogni-
tion [22, 23, 24, 25] should be useful for device simulations
and provide insight into the physical analyses of device
operation.

With this motivation, we investigate the use of a CNN
model to accelerate a NEGF-based quantum-mechanical
transport simulation of DG-MOSFETs.
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Fig. 1. Schematic illustration of DG-MOSFET structure studied in this
work. See text for details.

2. Model and method

2.1 Model structure and NEGF equations
Fig. 1 shows a schematic illustration of a DG-MOSFET,
where the gate length along the transport direction x is
L and the length of the n-doped source and drain regions
included in the simulation region is Lee. The channel
thickness along the confinement direction z is 7, and the
insulator thickness is #,s. Electrons freely move in the y
direction. The simulation region with area (Lg + 2L¢je) X
ten enclosed by the dashed line in Fig. 1 is discretized
into Nx X N, grid points spanned by i, =1~ N, and
ip=1~N,.

We use the standard mode-space NEGF simulation for
DG-MOSFETs [16]. Fig. 2 shows a flowchart describing
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Fig. 2. Flowchart of mode-space NEGF simulation of DG-MOSFET.

the process of device simulation based of NEGFs. Here,
the potential U, charge distribution Qc, and the local
quantum capacitance distribution Cq are all vector quanti-
ties with elements NxN,. In all self-consistent (SC) calcu-
lations, we assume the simplest square initial potential Uy,
which is constant within the source, channel, and drain
regions, with the respective values determined by applying
charge neutrality. Given the two-dimensional potential
distribution U; (i = 1 ~ N¢N,), step 1 calculates the sub-
band (mode) energy ¢;_, due to confinement along in the z
direction and the corresponding wave function y; ,(i) at
the each longitudinal element ith by solving the one-
dimensional Schrdodinger equation in the z direction.

Step 2 then calculates the each ith [i = (i, — 1)N, +
i =1~ NyN,] element of Q¢ and Cq as

~ e
Oc: = o) - g0 5 [ dE [tk B/ (E = Er)

+ pP(ky, E)f(E — Epp)], (D
Coi= -0 / JE / " [p, k.. f(E EFS)
D f(E = Epp)
+ p; (ky, E) T]’ 2)

per unit length in the y direction, where e (> 0) is the
elementary charge, Nj. = N{ (x))A A, with Nj (x) being the
ionized donor density at the position x and A, being the
grid spacing in the x(z)-direction, k,, is the wavenumber in
the y direction, and f(E — Egs(Epp)) is the Fermi distribu-
tion function with Ers =0 and Epp = —elp being the
Fermi energies in the source and the drain electrodes,
respectively (the source is assumed to be grounded and
Vb is the applied drain voltage). The spin degeneracy
gs = 2, and g, = 2 is the valley degeneracy corresponding
to two valleys with heavier effective mass along the con-
finement direction. p3(E, k,)[ pP(E, k,)] is the local density
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of states at the ith site for electrons incoming from the
source (drain) electrode, which we calculate as

1 .
PPy, E) = =3 1Gu(E. k)T (E. k) GL(E, k)i,

X (i), 3)
where G,(k;, E) is the retarded Green’s function given by

Gu(ky,E) = [E = Hu(ky) — 25k, E) — 2P (k,,, E)] ™' (4)

Here ‘H,(ky) is the N, X N, Hamiltonian matrix with finite-
derivative describing motion in the x-direction and includ-
ing the subband energy ¢;_, and the transverse () direction)
kinetic energy given by [H,(ky)]; ; = (Ec + 26 + &0 +
I [2m)5,j, — (05, -1 + 6, ,)+1), where Ec is the con-
ductlon-band edge, t, = °/ (2m*A?) is the hopping energy
in the x-direction with A, being the grid spacing, m; (m) is
the effective mass along the x(y) direction. The quantity
T8/P)(k,, E) is the retarded self-energy due to the coupling
to the source (drain) electrode [10], and I'/P)(k,, E) is the
corresponding broadening function, which is given by

SOk, E) = i[5 (k,, E) — =5/ (k,, E)].  (5)

2.2 Updating the potential by solving the linearized
Poisson equation

Following the standard Newtonian scheme, Poisson’s equa-

tion is linearized to obtain the potential correction AU® as

[J(UHIAUD = —f(UD), (6)

under the potential U® and at the kth iteration. The solu-
tion to Eq. (6) is used to update the potential as UV =
U® + AU, as per step 3 in Fig. 2. In Eq. (6) the Jacobi
matrix [J(U)] is defined by [J(U)] = [C] + [Co(U)] with
the local quantum capacitance matrix [CQ(U)]U = Cqidij
given by Eq. (2), and the vector f(U) defined by f(U) =
[C1U — Q¢(U). Here [C] is the electrostatic capacitance
matrix obtained by the finite difference discretization of
Poisson’s equation, which is given by [C] = [C®]+
[CO]+ [CE] with c<j> [2Cc = CulS1 + i1 —
C (51X,_/x—1 + 5lx,jx+l)5lz,]19 ” [2C C (51 1+ 51 N- )]5 j
C.(0i,j.-1 + 01 j.+1)0i ), and C(gate) CGéz_j((Stzl +
OiN.)0i ieLs>» With Neumann boundary condition (zero
electric field) assumed at all boundaries except for
those adjacent to the gate electrodes. In addition C, =
Keh€0Az/ Ay, C; = keheoAyx/A;, and Cg = 2kox&0Ax/loc are
the channel capacitances in the x and z directions and the
gate capacitance, respectively, all per unit transverse (y)
length. The quantity A, (A;) is the grid spacing in the x (z)
direction, #., (xox) is the dielectric constant in the channel
(insulator), and ¢, is the thickness of the insulating layer.
In the definition of f(U) introduced above, Q. is defined by
the element O, = Oci + C6V(di1 + 0in. )0 ier, With
Oc; given by Eq. (1).

As indicated in Fig. 2, the NEGF calculation presented
above is to be repeated until the convergence criterion for
AUW s satisfied. We introduce the convergence factor
0 < Ggony < 1 as UKD = UP 4 ¢ . AUP to reduce the
amount of potential update and stabilize the convergence.
After convergence the electronic current is calculated by
using the standard NEGF equation.



Note that, in the Newtonian scheme presented above,
the computational load for the calculation of Q¢ and Cq is
much heavier than that for the linear equation (6) because
of the numerical integrations.
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Fig. 3. (a) Conceptual explanation of the application of CNN to
calculate Q¢ and Cq from U. Each CNN (CAE) is trained so that the
output data agree with those calculated by the NEGEF. (b) Illustration of
CAE network used in this study.

2.3 CNN model to train and predict charge density and
quantum capacitance from the input potential
This subsection describes the proposed CNN model. Our
goal is to construct two CNNs: Q¢ = Fy (CNN) (U) and
Cq =F (CNN) (U), where the input data are contalned in U,
the output data are contained in Q¢ in the first CNN and in
Cq in the second CNN, and F7, (CNN) and F, (CNN) must be
trained to reproduce the NEGF results The tralned CNN
functions are then destined to replace the time-consuming

NEGEF calculation in step 2 of Fig. 2 [13].

Since our purpose in using CNN is to obtain the output
image (Qc¢ or Cq) with N, X N. pixels from the input
image (U) with the same number of pixels, we use a
convolutional autoencoder (CAE) scheme [Fig. 3(a)]
which has been used in various image-recognition (e.g.,
denosing and super-resolution) [26, 27]. Fig. 3(b) shows
the CAE network structure used in this study. Keeping in
mind that in the NEGF calculation of Qc and Cq in
Eqgs. (1, 2) the drain voltage Vp is explicitly used through
the Fermi distribution function (whereas the source voltage
Vs is assumed to be zero), so we include the drain voltage
Vb as an additional input layer (additional “channel” in the
tensor), where the value of Vp is stored in all N, X NV,
pixels (see Fig. 3). The effective masses and the valley
degeneracy are also explicitly used to calculate Q¢ and Cq,
but they are not included as the CNN input parameters
because we restrict out attention to the silicon channel
confined in the [001] direction and transport along the
[100] direction. Note also that Lg and L. are not included
explicitly as input parameters. Parameters related to solve
Poisson’s equation (doping concentration, #ch, Kox, fox) are
taken into account essentially through Poisson’s equation,
and so are also not included as CNN input parameters.

We now summarize CNN structure in detail. In the
present study we assume a grid size Ny = 54 and N, = 10
(see next section for detail). The kernel size in all con-
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volution (Conv2D) is (3, 3), and the number of filters is 16,
8, 8, 16, and 1 in the five Conv2D, from the left to right,
respectively. We use the Relu activation function in all
Conv2D and pooling (MaxPooling2D) except for the final
Conv2D, where we use sigmoid activation. Zero padding
without changing the image size is used in Conv2D and
MaxPooling2D. Pooling sizes are (2,2) and (3, 1) in the
first and second pooling, respectively, and up-sampling
sizes are (3,1) and (2,2) in the first and second up-
sampling, respectively. Note that, when used in a CNN,
U, Q¢ and Cq have to be normalized to [0, 1] by introduc-
ing their respective minimum and maximum values. When
a trained CNN is used in step 2 of Fig. 2, the input of U to
the CNN has to be normalized to [0,1] and the CNN
outputs Qc and Cq have to be denormalized to their
original ranges when used in Poisson’s equation. For the
actual implementation we used the Keras API with the
TensorFlow backend engine [28].

3. Results and discussion

3.1 Potential calculation by CNN-SC process

In this work, we consider that the silicon channel is
confined in the [001] direction and that transport is in the
[100] direction, so that the effective masses are m} =
m}, = 0.19mg, m} = 0.98m, where my is the free electron
mass, and k., = 11.7 is channel dielectric constant. For the
gate insulator we assume a dielectric constant x,x = 3.8
(Si0O,) with the thickness #,x = 1 nm. Doping concentration
for the source and drain electrodes is Njj = 1x 10 m™
and the temperature is 7 = 300 K. We assume a difference
in work function of 0.36eV between the gate metal and
silicon. All of the simulations and trainings presented
below have been performed by using a machine with an
Intel Core 17 CPU (2.80 GHz) and 8 GB memory.

We first consider a DG-MOSFET model with Lg = 8
nm, Lee = 10nm, and ¢, = 5Snm (see Fig. 1). The rectan-
gular area with (Lgae + 2Lele) X ten is discretized into
(Ny = 54) X (N; = 10) elements, so that A, ~ 0.31 and
A, ~ 0.45nm.

For the CNN training, we prepared 3600 datasets [(6
values of Vp = 0~0.5) X (6 values of Vg = 0~0.5) X
(100 SC iterations performed in NEGF simulator)], where
the voltage increment is 0.1 V. In the training process, 80%
of the data were used for training, with the remaining 20%
used for validation, where we used the mean squared error
as loss function and an adaptive moment estimation meth-
od (Adam) as optimizer [29]. In the data presented in this
subsection the batch size is 30 and carried out 100 epochs,
yielding the final validation loss around ~107%.

We then use the trained CNN in step 2 of the SC
calculation (see Fig. 2). To fully benefit from the perform-
ance of CNN model itself in the SC iterative process, we
use the frugally-deep library [30], which allows us to
use the trained Keras models directly in our device simu-
lator (written in C4+4 to predict Q¢ and Cq without
requiring Python interface).

Fig. 4 shows the RMSE as a function of SC iteration
for the potential obtained by the CNN-SC process with
respect to the converged NEGF-SC potential, all evaluated
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Fig. 4. Root-mean-squared error (RMSE) of potentials updated by using
CNN-SC and MLP-SC processes with respect to the “converged” potential
calculated by NEGF, plotted as a function of SC step for Vg = Vp =
0.3 eV. Here the neural network training was done for L = 8 nm and the
trained models are tested for Lg = 8 and 11 nm.

for the same model as for the trained Model 1 at
Vo ="Vp=0.3V. We also plot the RMSE evaluated for
Model 2 (Lgae = 11 nm; the other parameters including N,
and N, are the same as for Model 1) from the trained
Model 1 at Vg =Vp =0.3V. Note that the maximum
values of Q¢ and Cq (the minimum values are always
set to zero) required for normalization to [0,1] are
scaled by the multiplication factor y™MMD = (AM /AMD)
(AM/AMD), where AMY and A are the grid spacings
in Model 1 and in the target model, respectively.

For comparison, the above RMSE are examined by
using £ SﬁLP > and FO™ trained by a conventional NN [i.e.,
multi-layer perceptron (MLP)], where we use two inter-
mediate (hidden) layers with 100 nodes with Relu activa-
tion for hidden layers and sigmoid activation for the output
layer (adjusting the number of layers and nodes does not
change the qualitative tendencies shown in Fig. 4). We
used the convergence factor ocony = 0.5 for all data in
Fig. 4.

Both the CNN-SC and MLP-SC processes reproduce
the NEGF potential with high accuracy when applied to the
same model as the training model. However, the MLP-SC
converges slower than the CNN-SC process. Moreover, the
CNN-SC process is more accurate than the MLP-SC proc-
ess when applied to the model with different Lg from the
training model. These overall tendencies suggest that the
CNN-SC process converges faster and can be more widely
generalized than the MLP-SC process. The advantage
of the CNN process over the MLP process in the present
study is the ability of the CNN to learn two-dimensionally
precise distributions of Q¢ and Cq in the x-z plane of a
DG-MOSFET. The reduced effort required by the training
process and arising from the wide generalizability of the
process is a significant advantage of using CNN-based
model for device simulation.

3.2 Comparison of In-Vg and Ip-Vp curves obtained
by NEGF and CNN models

Given the confirmed reliability and the generalizability

of the CNN-SC process, we next discuss the use of the

CNN-SC process to reproduce the Ip-Vg and Ip-Vp curves

calculated by the NEGF-SC process for various device

parameters. To clarify the usefulness of the CNN-SC
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process for practical use case, we prepared three DG-
MOSFET models for CNN training, with Lg = 8, 11, and
15 nm for Model 1-3, respectively, and performed a single
set of training covering these three models. The other
parameters are same for all three models; namely, L. =
10nm, ¢;, = 5nm, N, = 54, and N, = 10.

In other word, we performed the CNN training over
10800 datasets [(3 models) X (6 values of V'p) X (6 values
of Vg) X (100 SC iterations in the NEGF simulator)] for
three above-mentioned models, generating only two Keras
model files (HDF5 format files) corresponding to F’ (QCCNN)
and F(CCNN). Here, we used a batch size of 50 and 800
epochs in the results shown in this subsection. Here the
pure CNN training time (excluding the dataset preparation
time) for the above datasets is around Tiining ~ 100 min.
The datasets preparation time by full-NEGF simulations is
Tdatasets ~ 270 min.

Fig. 5(a) plots the first subband profiles calculated in
step 1 of the flowchart (Fig. 2) by using the converged
CNN-SC potentials. The results obtained by using the
converged NEGF-SC potentials are also plotted to check
the accuracy. The CNN model with SC calculations repro-
duces the NEGF results with good accuracy for all drain
voltages. Although the potentials and the resulting subband
profiles in the CNN results deviate slightly from the NEGF
results, the discrepancy can be quickly improved by im-
plementing several additional NEGF-SC steps after con-
vergence of CNN-SC calculations. This is shown in
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Fig. 5. (a) First subband profiles calculated by using converged CNN-
SC potentials and NEGF-SC potentials, for L = 8 nm. (b) RMSE of the
potentials obtained by using CNN-SC and NEGF processes with respect to
the accurate converged potential obtained by NEGF, plotted as a function
of time for the SC process with Vg = V'p = 0.3 V. Convergence is unstable
for aeony > 0.5 and ogony > 0.2 for the NEGF-SC and CNN-SC process,
respectively. Also plotted is the potential obtained by applying an addi-
tional NEGF after the CNN-SC process with o¢ony = 0.1. In the refinement
process, acony = 1 leads to stable convergence.



Fig. 5(b), which plots the RMSE during the SC process as
a function of time for the CNN-SC and NEGF-SC process-
es. Fig. 5(b) also plots the refinement process by the addi-
tional NEGF-SC calculation. Note that, in the NEGF
refinement process, the convergence is stable, so the full
update (acony = 1) may be safely employed. We also em-
phasize that the use of the CNN-SC process gives high
accuracy (RMSE ~ 1077) in significantly less computa-
tional time than the full NEGF-SC process.

Figs. 6(a) and 6(b) compare the Ip-Vg and Ip-Vp
curves obtained by using the CNN-SC and NEGF-SC
processes for various values of Lg and Vg, respectively,
where, to clarify the usefulness of the CNN-SC process
itself, the additional NEGF-SC refinement process was not
applied. We use a¢ony = 0.1 in both plots of Fig. 6. As
shown by these figures, the proposed CNN model repro-
duces the NEGF results with good accuracy through the SC
calculations for all values of Lg, allowing it to reproduce
the larger subthreshold slope (SS) for shorter L and the
shift in V3, due to drain-induced barrier lowering (DIBL).
The agreement between CNN and NEGF is particularly
noteworthy in the linear Ip-Vp regime and for Ip-Vg curves
everywhere except for high V. Note that high accuracy is
achieved despite applying the generated F' (CCNN) and F’ (CENN)
models to the case of Lg, which differs from any of the
training models. Benefited by the superior generalizability
clarified above, once the CNN training as above is done,
subsequent simulations can be performed quickly by using
CNN-SC process (optionally with quick NEGF-SC refine-
ment process) without requiring additional training as far as
Lg is around in the range of 5~15nm.
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Fig. 6. (a) Ip-Vg curve obtained by using CNN-SC and NEGF-SC
processes for various values of Lg at Vp = 0.3 V. Inset shows how Vp
affects the Ip-Vg curve through the DIBL. (b) Ip-Vp curve obtained by
using CNN-SC and NEGF-SC processes for various values of Vg, where
Lg = 11nm.
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Thus far, we have used the CNN trained for a channel
thickness #;, = 5nm to make predictions about models
with the same thickness. However, upon applying the
trained CNN to models with thicknesses differing by
several nanometers with respect to the training models,
the converged potential deviates by at most about 0.01 eV
from the NEGF result. This result indicates that the CNN
prediction remains useful for quantitative simulations and
that quick refinement by applying an additional NEGF
process is also possible, which suggests that the CNN
model may be more widely generalized.

Finally, we remark on the role of batch size in deter-
mining convergence stability and accuracy. A smaller batch
size in the CNN training produces more accurate current
predictions from the CNN-SC process but also results in
unstable convergence, requiring us to use a smaller value of
Ocony- Conversely, a larger batch size produces stable con-
vergence, allowing us to use a larger ooy and enabling
quicker convergence but also resulting in lower accuracy.

4. Conclusion

We present herein a study on the application of CNNs to
accelerate NEGF-based quantum-mechanical transport sim-
ulations for DG-MOSFET. Given a potential distribution as
input data, the CAE model is used to train and predict the
carrier density and local quantum capacitance distributions
as output data, where the input and output data are treated as
two-dimensional images in the x-z plane. The use of the
CNN model in the SC calculation along with Poisson’s
equation helps to obtain accurate potential and currents over
a wide range of gate length and with significantly less
computational time than conventional NEGF calculations,
where including ¥p as an additional input image layer is
crucial for generalizing this approach over wide range
of Vp. The more simulations users require to perform, the
more benefited by the proposed scheme. The proposed
scheme is especially beneficial for simulator users if
simulation software vendors perform the CNN training
and provides the trained CNN model files to users. Then
the users can be fully benefited by the advantage of pro-
posed CNN-SC process without taking time for training.
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