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Abstract

This work presents a data-driven regression model of inversion layer

capacitance of double gate III-V channel MOSFETs implemented using

an artificial neural network. The training dataset is generated using

a Schroedinger-Poisson solver for different channel thicknesses, carrier

effective masses, oxide thickness, barrier height, and a wide range of

gate bias voltages. The neural network predicted capacitance value is

compared with Schroedinger-Poisson solver data and a physics-based

analytical model result. The model effectively captures the variation in

channel thickness, barrier height, carrier effective mass, and oxide thick-

ness. Furthermore, extensive error analysis has been performed to demon-

strate the correctness and degree of accuracy of the predicted result.
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capacitance, Regression technique, Subband energy.

1



Springer Nature 2021 LATEX template

2 Modeling of Inversion Layer capacitance of III-V FET using Regression

1 Introduction

Presently III-V semiconductors are gaining lots of attention from researchers
due to their excellent transport properties such as lower effective mass, higher
mobility, and higher saturation velocity [1–3]. With the higher relative per-
mittivity, the III-V FETs exhibit poor electrostatic integrity. To improve
electrostatic integrity, multi-gate architecture and ultra-thin body architecture
are adopted by several researchers [4–6]. Lower effective mass in III-V materials
causes lower Density of States and as a result, III-V FETs show a smaller value
of inversion layer capacitance compared to silicon FETs [1]. Due to the reduced
channel thickness and smaller effective mass, a stronger quantum confinement
effect takes place. As a result, electron energy gets split into multiple subbands
[7]. This finite separation of energy subbands causes staircase-like anomalous
capacitance-voltage characteristics which are challenging to model [8, 9]. This
requires an explicit solution of coupled Schroedinger-Poisson equation. Mod-
eling of inversion layer capacitance of III-V double-gate FET using triangular
well approximation is reported in [9]. In another work reported in [10], the
potential well is modeled using superposition of square and triangular well, and
inversion charge is derived. In [11], modeling of inversion charge is reported
using finite well approximation. In [12], a finite well with perturbation is used
to develop a compact model of III-V FETs. In [13], a SPICE compatible com-
pact model for inversion charge and capacitance of III-V on Insulator FET
is reported. All the above-mentioned models are derived by solving Poisson
and Schroedinger equation following Fermi-Dirac statistics. To avoid compu-
tational complexity, all compact models reported so far consider the first two
subbands. However, when channel thickness or effective mass increases, the
energy separation between two successive subbands gets reduced and higher-
order subbands are also getting populated at much lower gate bias voltages
which are not accounted for by reported models. Due to these reasons, the
reported models unable to capture wide variation in the effective mass of
channel thickness.

Recently, the neural network-based modeling approach for MOS transis-
tors becoming popular among researchers due to its design simplicity and less
development time, and sufficient accuracy. It is particularly useful for emerging
devices which does not fit accurately by standard MOSFET models. Arti-
ficial neural network-based modeling of drain current and terminal charges
of MOS transistor is reported in [14]. In [15–17], a physics-inspired neural
network-based compact model for drain current of FET is reported. A machine
learning-based predictive model for current-voltage and capacitance-voltage
characteristics of FinFET is reported in [18]. Some other similar works related
to device modeling using deep learning technique is reported in [19–23].

In this work, we introduce a data-driven approach to develop a compact
model of inversion layer capacitance of III-V double gate MOSFET using
regression technique implemented using artificial neural network (ANN). Such
models can easily be exported into any other language and can be incorpo-
rated into circuit simulators. Some important feature of this work is as follows.
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Fig. 1: Device structure of a Double gate MOSFET with III-V channel.

First, this model is a data-driven model where a minimal knowledge of device
physics is required. This greatly reduces the model development time. Sec-
ond, our model efficiently captures the variation in channel thickness, barrier
height, carrier effective mass, and gate oxide thickness and predicts output with
sufficient accuracy. Third, the model predicted data has been validated with
Schroedinger-Poisson solver and a physics-based compact model calculated
data for the same device, and impressive performance is observed.

The rest of the paper is organized as follows. The device structure adapted
for model development is discussed in Section-1. Section-2 describes model
development framework. Section-3 contains validation of our model. Finally,
Section-4 concludes the work.

2 Model Development Framework

2.1 Device Structure

The schematic structure of the test device is shown in Figure-1. We have
considered one symmetric double-gate MOSFET for the model development.
Here Tch is the thickness of the III-V channel, Lg denotes the gate length, Tox

is the thickness of the gate oxide layer.

2.2 Subband Energy and Inversion charge inside
Potential well

The first step to extract inversion layer capacitance is to find the inversion
charge (Qinv). Since the channel region is surrounded by top and bottom
gate dielectric, a formation of a square well takes place. Due to the ultra-thin
channel and smaller effective mass of III-V materials, the quantum effect is
prominent and electron energy gets split into multiple subbands. Using Fermi
statistics, the expression for inversion charge (Qinv) inside a quantum well is
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expressed as

Qinv = −DκBT

n
∑

j=0

[

ln

(

1 + e
Ef−Ej

ϕth

)]

(1)

where D is the 2-D Density of States (DOS), κB is the Boltzmann constant,
T is the operating temperature in ➦K, j is the index of subband, ϕth is the
thermal voltage, Ef is the position of Fermi level, and Ej the j − th subband
energy. On the other hand, expression for 1-D Poisson equation can be written
as

d2ϕch

dx2
=

̺(x)

ǫch
(2)

Here ϕch is the potential profile along x direction, ̺(x) is the volume charge
density, and ǫch is the permittivity of the channel material. To find Qinv,
coupled solution of (1) and (2) is required.

2.3 Dataset Preparation and Normalization

Ideally, the training data should be collected from measurement results.
But unfortunately, due to the unavailability of measurement data of III-V
double gate FET, we have collected simulation data using a self-consistent
Schroedinger-Poisson solver [24]. Instead of setting Qinv as targetted output,
we have extracted 1st, 2nd and 3rd eigen energy (E0, E1, and E2) corresponds
to different gate bias point, effective mass, barrier height, channel thickness
and gate oxide thickness. Since the inversion layer capacitance (Cinv) is deriva-
tive of Qinv with respect to gate bias VGS , a reasonably high accuracy and
continuity is required for the predictions of Qinv for a given set of input param-
eters. This may be achieved by increasing number of hidden layers or number
of neurons but it increases the simulation time. To overcome this issue, first,
we predicted the subband energies (E0, E1, and E2) for a given set of input
data and then Qinv is deduced by using (1). Finally, Cinv is obtained by differ-
entiating Qinv with respect to gate bias voltage (VGS). It may be noted that,
the Fermi level (Ef ) is fixed to 0eV in the Schroedinger-Poisson solver and all
energy leves are measured with respect to Ef .

The training data is collected using a Schroedinger-Poisson solver and fed
to the neural network. Total 7000 data samples are purposely selected to cover
a range of gate bias from -1V to 3V. Note that, the data used for testing
and validation of the model are not present in the training dataset. Since the
magnitude of input data varies over a large range, before feeding them into
ANN, normalization of the dataset is required. We have scaled the data in
such a way that the variation of input parameters is within the same range.

2.4 Architecture of Artificial Neural Network (ANN)

The artificial neural network (ANN) often termed as Multi-layer Perceptron

is a computational system inspired by the biological neural network system.
In simpler form, it consists of an input layer, single or multiple hidden layers,
and an output layer. The input variables are passed through some weights and
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some bias value is added. Finally, one activation function is applied and the
output of one neuron is obtained. Mathematically it can be represented as

z1 = w1x1 + w2x2 + w3x3 + b (3)

o1 = σ(z) (4)

Here w1, w2, w3 are the weights, x1, x2, x3 are the inputs and b is the bias
term, o1 is the output, and σ is an activation function that operates on z1.
The typical architecture of ANN employed in our modeling work is shown in
Figure-2. Each fully connected layer (dense layer) contain n number of neurons
and total m hidden layers are used. Also, we investigate effect of number of
neurons and number of hidden layers to get the optimum performance (men-
tioned in Model validation section). To ensure continuity and differentiability,
a hyperbolic tangent (tanh) activation is used in each neurons. Expression for
tanh activation function is given as

σ(z) =
ez − e−z

ez + e−z
(5)

At the output layer, three neurons corresponds to E0, E1, E2 is used.

2.5 Training of Neural Network and Calculation of
Training Loss

The next task of model development is to train the model. The model devel-
opment and training are performed in a Python environment using Tensorflow
with Keras API. The hyperparameters such as weights and biases are ran-
domly initialized and output is predicted. The training loss is calculated using
Mean square error (MSE). The MSE is calculated using the average of the
squared difference between true and predicted values over the total dataset.
The expression for cost function is given as

MSE =
1

N

N
∑

1

(

y − ypred
)2

(6)

Here N is the number of data samples used, y and ypred are the true value, and
the predicted value corresponds to the input parameters. After getting MSE,
the weights and bias values of the network are tuned using the backpropagation
method following Gradient-Descent algorithm [25]. This method is repeated
for a finite number of iterations (epochs) to get a good convergence of the
Gradient-Descent algorithm. Adaptive moment estimation (ADAM) optimizer
[26] is used to vary the learning rate adaptively to minimize the loss and to
converge the solution quickly.
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Fig. 2: Schematic structure of Artificial Neural Network (ANN) used in the prediction of inversion
layer capacitance.

Table 1: Architecture of different ANN with number of hidden layes and number of neurons
corresponds to each layer

Architecture Number of Neurons

1st Hidden layer 2nd Hidden Layer 3rd Hidden Layer Output Layer

ANN-1 32 16 8 3
ANN-2 16 16 16 3
ANN-3 16 16 8 3
ANN-4 16 8 0 3
ANN-5 8 8 0 3
ANN-6 8 4 0 3

3 Impact of Artificial Neural Network
Configuration on Training and Validation
Loss

In this section, we discuss the impact of neural network parameters such as
network size in terms of the number of hidden layers and the number of neu-
rons corresponding to each layer on model performance. Being a regression
problem, we have considered Mean Square Error (MSE) as a performance met-
ric to measure the training and validation loss. We train each model for 1000
iterations (epochs) and observe the model performance in terms of training
loss and validation loss.

From Figure-3, it is clearly visible that both training and validation loss
reduces with number of hidden layes and number of neurons. However, adding
more number of hidden layes or neurons in a layer will increase computation
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Fig. 3: Training and Validation loss with number of epoch(iterations) for different ANN with
varying hidden layers and number of neurons listed in Table-1.

time. We found that the ANN-1 and ANN-2 model predicts the result with
reasonable accuracy. Using other architecture (ANN-3 to ANN-6), the model
unable to capture the sudden transition in the graph in capacitance character-
istics. For validation of the model, we consider the ANN-2 architecture that
consist of three hidden layer with sixteen neurons in each layer followed by the
output layer.

4 Model Validation

After training the ANN model, a separate test data set which is not present
in the training set is used to validate the model. The ANN model pre-
dicted subband energies for different channel thicknesses, effective masses,
barrier height, and oxide thickness is shown in Figure-4. We observe a good
agreement between model-predicted and Schroedinger-Poisson solver calcu-
lated data. Using the ANN model predicted subband energy, we have derived
the inversion charge using (1) and capacitance is calculated after differ-
entiating inversion layer charge concerning applied gate bias voltage. The
model predicted inversion layer capacitance (Cinv) and its validation with
Schroedinger-Poisson solver result is shown in Figure-5. To demonstrate the
flexibility and accuracy of our model, we have also compared ANN model pre-
dicted data with an analytical model calculated result based on an explicit
solution of Schroedinger-Poisson equation for symmetric double-gate MOS-
FET reported in [27]. In Figure-5, it is interesting to observe that, our ANN
model predicts capacitance value with sufficient accuracy. Also, the model is
continuous for a wide range of applied gate bias voltage. It is worth mentioning
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Fig. 4: Comparison of ANN model predicted 1st, 2nd and 3rd subband energy values and
Schroedinger-Poisson result for different parameters. Line represents model predicted result and
symbol represents Schroedinger-Poisson solver data.

that, when channel thickness increases, the magnitude of subband energies also
getting reduced. As a result, higher-order subbands (3rd subband and above)
are also getting populated and electron contributions from these subbands can
not be neglected. From Figure-5(d), it is observed that our model closely fol-
lows the Schroedinger-Poisson simulator result. But there is a large difference
between analytical model calculated value and ANN model predicted data.
This is because the analytical model reported in [27] considers up to 2nd sub-
band and electron contributions from higher-order subbands are neglected. In
this case, since channel thickness tch=10nm, the electron contribution from
3rd subband can’t be neglected (as shown in Figure-4(d), where E2 value is
below 0eV for higher gate bias voltage). Due to this reason, the analytical
model is unable to capture the variation in capacitance at higher gate bias for
tch=10nm.
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Fig. 5: Comparison of ANN model predicted inversion layer capacitance (Cinv) values and
Schroedinger-Poisson result for different parameters. Note that, capacitance is calculated by dif-
ferentiating inversion layer charge (Qinv , computed using (1)) with respect to gate voltage. Line
represents model predicted result and symbol represents Schroedinger-Poisson solver data.

5 Error Analysis

In this section, we have analyzed the performance of the trained model in terms
of different error metrics namely Mean Square Error (MSE), Mean Absolute
Error(MAE), Root mean square error (RMSE), and R2-score. The expression
for MSE is given by (6). The mean absolute error(MAE) is calculated as the
absolute difference between the true and predicted value and finally averaging
it. The expression for MAE is given as

MAE =
1

N

N
∑

1

(

y − ypred
)

(7)
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Table 2: Different test datasets with parameters for model validation. Extracted error metrics
for different test set predicted using ANN-2 is listed.

Test
Dataset

Tch

(nm)
mch/m0

Tox

(nm)
Ub

(eV)

MSE

(x10−6 F
2

m4
)

RMSE

(x10−3 F

m2
)

MAE

(x10−3 F

m2
)

R2

1 5 0.045 1 3.6 1.440 1.20 0.7 0.996
2 3 0.045 1 3.6 9.284 3.02 1.8 0.980
3 7 0.045 1 3.6 3.979 2.05 1.2 0.995
4 7 0.035 1 3.6 4.868 2.23 1.3 0.994
5 3 0.025 1 3.6 13.07 3.61 0.6 0.932
6 4 0.040 1 3 8.364 2.83 2.1 0.975
7 10 0.050 1.6 5 6.875 2.61 1.7 0.977
8 3 0.055 1 3.6 10.75 3.36 2.2 0.984

The root mean square error (RMSE) is defined as square root of mean square
value and expressed as

RMSE =

√

√

√

√

1

N

N
∑

1

(

y − ypred
)2

(8)

. The R2 value indicates the goodness of fitting of a trained model with a
test dataset. It indicates how well the regression-based model predicts the real
data points. An R2=1 indicates the perfect fitting of the model. Different error
metrics such as MSE, RMSE, MAE, and R2 score for different test dataset is
listed in Table-2. It is interesting to note that the R2 score for all test datasets
is above 0.9, which indicates a good prediction score. Also, for all the test data
sets, the RMSE score is within 10%, and the MAE score is within 7% of the
maximum capacitance value.

6 Conclusions

In this work, we report an inversion layer capacitance model of low effective
mass III-V double gate MOSFET using regression technique. The model effi-
ciently captures variation in channel thicknesses, carrier effective mass, barrier
height, oxide thickness and wide range of gate bias voltage. The model pre-
dicted subband energies and capacitance are in a good agreement with self
consistent Schrodinger-Poisson solver result and analytical model predicted
data. The hyper-parameters such as number of hidden layers or number of neu-
rons in a layer in the artificial neural network can be varied to get an optimum
neural network architecture for higher accuracy and lower computational time.
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