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Abstract As the traditional scaling of silicon metal-oxide-semiconductor field-effect transistors (MOS-
FETs) reaches its physical limit, research efforts on novel semiconductor devices are increasingly desired. To
enable the joint optimization of early-stage circuit design and process of novel devices, the rapid creation of
an accurate compact model of these devices with the capability to cover process variations is required. In
this work, a knowledge-based neural network (KNN) modeling method is proposed. This method separates
the geometrical variables from the other input variables of the device, where the geometrical variables are
modeled with physics-based analytical equations, while the remaining part is modeled by an artificial neu-
ral network. The KNN model takes advantage of the automated numerical fitting capability of the neural
network and the geometrical scalability from device physics. The created KNN model is first validated with
silicon MOSFET data from the industry standard BSIM6 and shows more than 20% accuracy improvement as
compared with the traditional neural network model. Furthermore, MoS» field-effect transistors and circuits,
such as ring oscillators, standard cells, and logic functional circuits, are experimentally fabricated for model
verification. The results show that the KNN model is capable of predicting the electrical characteristics of
devices beyond the measurement geometry and facilitates the accurate simulations of statistical circuits with
respect to experimental data. This work paves the way for future circuit designs and simulations of novel
semiconductor devices.

Keywords knowledge-based neural network, MOSFET, 2D material FETs, Monte Carlo simulations, cir-
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1 Introduction

Semiconductor devices are traditionally modeled by using analytical equations for circuit simulations.
However, as the devices approach the nanometer scale, the underlying physics of such devices becomes
much more complicated, making them difficult to be modeled with solely physics-based compact models.
In addition, the actual electrical properties of a device are case sensitive due to process variations [1].
In contrast, the neural network compact model can create high-accuracy numerical models with a short
turnaround time, which is critical for the joint optimization of early-stage design and technology for novel
devices based on emerging semiconductors [2-4]. However, many experiments have demonstrated that
the current neural network modeling method still suffers from several major limitations [5-7]. (1) The
accuracy of the created model typically depends on the number of available data, which increases the
burden of electrical measurements; and (2) the modeling method is entirely based on mathematical
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functions that lack physical meanings, which restricts the model scalability. In other words, the model
output that exceeds the range of the measured training data can be largely unphysical. This further
hinders statistical circuit simulations. Due to these drawbacks, the application of present neural network
modeling methods is limited.

In this work, a knowledge-based neural network (KNN) modeling method is proposed to alleviate
the aforementioned issues. To begin with, geometrical parameters of a transistor, such as the channel
width (W) and length (L), are extracted according to a well-defined physical formula. Then, the formula
is multiplied by an artificial neural network (ANN). Hereafter, the traditional ANN modeling method
is referred to as “TNN”, in contrast to the new “KNN” method. The KNN method is formulated
and applied to silicon MOSFET and novel 2D material MoS, FETSs. Simulation results of the KNN-
based model match well with the experimental measurements in the device and circuit levels. It is also
demonstrated that the proposed method can achieve a higher accuracy with much less training data, as
compared with the TNN-based method. The proposed method also exhibits better scalability to enable
accurate statistical simulations.

2 Proposed modeling method and device fabrication

2.1 KNN modeling method

In the TNN device model, geometric variables (W, L,...) and electrical parameters (Vgs, Vas, - . .) are all
used as inputs to the neural network as in

I« =F(W,L,..., Vg, Vas,...). (1)

In this KNN method, the geometric variables are presented in one function, whereas the other input
variables, such as bias conditions, are presented in another function. Eq. (1) is rewritten as

las = gW, L, .. ) f (Vs Vas, - ). (2)

Therefore, geometric parameters, such as W and L, are first extracted in the KNN method as a function
g(W,L,...). The purpose of this preprocessing procedure is to separate the geometric parameters from
the other parameters. Then, the preprocessed device electrical characteristics, such as terminal current
I4s and charge @ as a function of the input bias voltage, are modeled by a multigradient neural network
algorithm [3] in the function f(Vgs, Vas,...). Finally, the extracted physical parameters W and L are
mapped back so that the drain current can be expressed as (2). As a general example, the relationship
between the drain current and geometric parameters (W and L) of a MOSFET is given by

gW.L,...)=W?/L", (3)

where a and b are the fitting parameters and equal to 1 for the long-channel silicon MOSFET. By
considering the approximated layout effect and parasitic resistance, the drain current will be reduced to
some extent. Hence, a is usually smaller than 1. The parameter b is close to 0.5 in a ballistic transport
regime and close to 1 in a drift-diffusion transport regime [8,9]. Therefore, in our model, the values of a
and b are in the range between 0.5 and 1. When the geometric size of a MOSFET exceeds the range of
the training data, Eq. (3) can be used to ensure the physicality of the model output for the geometric
size exceeding the measurement data range.

2.2 MoS; device fabrication

The devices are fabricated on a continuous monolayer MoSs film on the wafer-scale sapphire substrate.
All electrodes (source/drain/gate) are patterned through regular photolithography. After patterning the
shape of the source and drain contacts, 40 nm Au is deposited with electronic beam (E-beam) evaporation.
CF 4 plasma etching is performed to define the channel geometry, followed by the dielectric layer deposition
(2 nm SiOy and 20 nm HfO3) using E-beam evaporation and atomic layer deposition. Finally, 40 nm
Au is deposited via E-beam evaporation to form top-gate electrodes following another lithography. For
the MoSy circuit fabrication, an additional via hole layer between the source/drain contact and top-gate
electrodes is exercised. SFg plasma etching is employed to define the via holes followed by the deposition
of 25 nm Au.
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Figure 1 (Color online) Comparisons of Iqs-Vgs predicted results with the TNN and KNN for the devices with different W /L
(pm/pm): (a) 35/10 and (b) 100/10. Comparisons of the Cge-V, predicted results with the TNN and KNN for the devices with
different W/L (pm/pm): (c) 35/10 and (d) 100/10.

3 Results and discussion

3.1 Model verification with the traditional MOSFET

In this work, long-channel and short-channel silicon-based MOSFETs are considered to validate the KNN
modeling method. The length of the long-channel device is selected as 10 pm, while the length of the

short-channel device is 0.08 pm. The experimental training data are generated with the industry standard
silicon MOSFET BSIM6 model [10].

3.1.1 Long-channel MOSFETs

For the MOSFET with a channel length of 10 um, the carrier’s transport mechanism is dominated by
drifts and diffusions. According to the KNN modeling method introduced in Subsection 2.1, a and b in
(3) take a value close to 1.

The data of MOSFETs with different W /L (um/pm) (10/10, 20/10, 30/10, 40/10, and 50/10) are
used as training data for the TNN and KNN modeling methods, while the data of a MOSFET with W /L
(100/10) are used as the benchmark. Figures 1(a)—(d) show the fitting results of I-V and C-V with the
TNN and KNN methods. Both methods can effectively fit the I-V and C-V characteristics when the
W/L (pm/um) is 35/10. However, when W/L is 100/10, the predicted results with the TNN method
seriously deviate from the target, with an average error of 22.27% for I-V and 29.24% for C-V. By
contrast, the average error with the KNN method is only 1.06% for I-V and 2.01% for C-V.

For the TNN, to obtain the electrical characteristics of different sizes, the corresponding data must be
incorporated into the neural network for training. The TNN model has very accurate prediction results
within the training range (e.g., W/L is 35 um/10 pum), but it shows poor prediction accuracy out of the
training range (e.g., W/L is 100 pm/10 um). The KNN combines the advantages of neural networks
and physical modeling, and achieves accurate fitting based on neural networks. Moreover, the KNN
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Figure 2 (Color online) Comparisons of the I45-Vgs predicted results with the TNN and KNN for the devices with different W/L
(um/pm): (a) 0.095/0.08 and (b) 0.2/0.08. Comparisons of the Cgg-V; predicted results with the TNN and KNN for the devices
with different W/L (pm/pm): (¢) 0.095/0.08 and (d) 0.2/0.08.

model can predict the data that are not involved in training by using physical methods. Therefore, more
accurate results can be obtained with the KNN method than the TNN method when the data are out of
the training data range.

3.1.2 Short-channel MOSFETs

For the MOSFET with a channel length of 0.08 pum, the layout proximity effect is prominent [11,12],
and the electrical properties of a transistor will be less dependent on the geometric size. Under this
circumstance, the values of a and b in (3) should be chosen close to 0.5. The data of different W/L
(um/pm) (0.08/0.08, 0.09/0.08, 0.1/0.08, 0.11/0.08, and 0.12/0.08) are used as training data to obtain
the TNN and KNN models, and the data of W/L (um/pm) (0.2/0.08) are used as the benchmark. In
Figures 2(a)—(d), the fitting results of the TNN and KNN to the I-V and C-V data generated from the
BSIM6 model are compared.

Figure 2(a) shows that the two methods can accurately capture the results for the MOSFET with
W/L (pm/um) of 0.095/0.08, where the values of W and L fall into the training data range. However, as
Figure 2(b) demonstrates that for the MOSFET with W/L (um/pum) of 0.2/0.08, where the values of W
and L are out of the training data range, the KNN can still efficiently model the benchmark data, while
the TNN significantly deviates, especially for the on-state drive current. Compared with the benchmark
data, the TNN method shows an average error of 34.07% for I-V and 13.80% for C-V, whereas for the
KNN method, the average error is only 8.73% for I-V and 3.29% for C-V.

Similar to the long-channel MOSFET, in the short-channel MOSFET, the TNN cannot fit the data
with W/L of 0.2 um/0.08 um, which is not included in the training data. However, the KNN can not
only fit the data within the training range (e.g., W/L is 0.095 um/0.08 pum) but also predict the data out
of the training range (e.g., W/L is 0.2 um/0.08 pm). Therefore, the KNN method is much more scalable
than the TNN method outside the training data range for the short-channel MOSFET.
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Figure 3 (Color online) Comparisons of the results simulated by circuits with the TNN and KNN for devices with different W/L
(um/pm). (a) Schematic diagram of a two-stage inverter chain; (b) average delay of the Monte Carlo simulation vs. different W/L
MOSFETS; (c) schematic diagram of a 17-stage ring oscillator circuit; (d) delay per stage vs. device model with different W/ L.

3.1.3 Benchmark in circuit simulation

To further test the KNN method on the circuit level, we perform a statistical Monte Carlo simulation
[13,14] in a ring oscillator (RO) circuit for silicon CMOS, and the simulation results are presented in
Figure 3.

In the Monte Carlo simulation, five sets of devices with W/L (pum/um) (20/10, 40/10, 60/10, 80/10,
and 100/10) are considered. The standard deviation of W and L is assumed to be 3%. The variations of
W and L are given by (4), where R,, is a random value following the Gaussian distribution and in the
range between —1 and 1.

ASize = 0.03 x Ry, X Size, Size € (W, L). (4)

Twenty samples are used in the Monte Carlo simulation. The input signal enters a two-stage inverter
chain, and then the delay between the output and input is obtained. Figure 3(a) shows the schematic
circuit of the inverter chain, and Figure 3(b) shows the relationship between the average delays of the
Monte Carlo simulation with different W/L. For MOSFETs with W/L of 20/10 and 40/10, the circuit
delays resulting from the TNN and KNN methods match well with the benchmark simulations. However,
when W/L exceeds the training data range, the accuracy of the TNN method seriously deteriorates.
Especially for W /L of 100/10, the TNN method predicts the data with an error of 36.18%, while the
KNN method can predict the data with an error of only 1.18%. The model is implemented in Verilog-A
code, and a 17-stage RO is used for simulation to test the model. The schematic diagram is shown in
Figure 3(c). Figure 3(d) demonstrates the delay of each inverter in the RO circuit versus the predictions
obtained with the TNN and KNN methods for different W/L MOSFETs. The findings show that the
KNN method can predict the data with great accuracy when W/L is 100/10. The KNN method has a
10% improvement in accuracy as compared with the TNN method.

3.2 Application of the model in MoS; FETs and circuits

As silicon-based MOSFET scales down to its physical limit, novel MOSFETSs with new materials and/or
new structures have emerged [15-18]. Among these novel devices, semiconductive transitional metal
dichalcogenides, especially molybdenum disulfide (MoSz), have attracted great attention in the academic
and industrial communities [19-23]. Therefore, it is meaningful to demonstrate our modeling methodology
and its simulation capability on experimentally fabricated MoSs FETs.
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Figure 4 (Color online) (a) Schematic diagram of a MoSs FET. (b) Raman and (¢) PL spectra for the monolayer MoSs.
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Figure 5 (Color online) Model of the MoSy FET based on the KNN method. Fitting results with the KNN method for the Iqs-Vgs
data of the MoSs; MOSFET. The geometric sizes W/L (um/pm) are (a) 60/40, (b) 90/20, and (c) 30/20. (d) Fitting results with
the KNN method for the C-V data of the MoSa MOSFET. Wand L are 30 and 20 pum, respectively.

The schematic diagram of a MoS3FET is shown in Figure 4(a), where the channel is monolayer MoSs,
the source and drain electrodes are 40 nm Au, and the insulating layer is 20 nm HfO5 The MoS, film is
characterized by Raman and photoluminescence (PL) spectroscopy. The Raman spectrum in Figure 4(b)
shows that the difference between E21g and A, peaks is approximately 19 em ™!, indicating that the MoSs
film is one layer. The PL spectrum displayed in Figure 4(c) exhibits an A-exciton peak of 1.875 eV,
which is consistent with the direct bandgap of the monolayer MoS, film. The electrical characterizations
of MoS; MOSFETSs and circuits are performed with an Agilent B1500A semiconductor analyzer. To
investigate the dynamic response of the circuit units and RO, the input signals are generated by an
Agilent 33622A arbitrary waveform generator, and the output signals are captured by a RIGOL DS1054%Z
digital oscilloscope and an Agilent B1500A semiconductor analyzer. Three sets of W/L (um/um) (30/20,
90/20, and 60/40) are involved. Among them, the data of 60/40 and 90/20 are used for modeling, while
the data of 30/20 are used for model validation.

The fitting results with the KNN method are shown in Figures 5(a)—(d). The KNN methods can fit
the data of the MoSy; MOSFETs with W/L (60/40, 90/20), as demonstrated in Figures 5(a) and (b).
Moreover, when W/ L is 30/20, which is out of the measurement data range, the output results obtained
by the KNN method can still match the experimental results with the minimum error, as presented in
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Figure 6 (Color online) Statistical comparison between the modeling and experimental data. (a) Optical photograph of the MoS,
MOSFET with W/L (30/20); (b) I4s-Vgs characteristics of 30 samples; (c) probability density distribution of the saturation current
(Ia_sat); (d) probability density distribution of the threshold voltage (Vin).

Figure 5(c). To test the validity of the KNN method for the C-V characteristics of the MoS; MOSFET,
the data of the MoSy; MOSFET with W/L (30/20) are fitted. The model results are presented in Fig-
ure 5(d), which agree well with the experimental results. The geometric parameters, such as the length
and width, may vary to some extent due to fabrication process variations and lead to the variation of
the device’s electrical characteristics. The variations of the electrical characteristics with respect to the
skewness of the geometric parameters are modeled with the KNN method, and the results are compared
with other experimental results [24,25]. A total of 30 samples are used, and the skew ratios of W, L,
threshold voltage (Viy,), and carrier mobility (u,,) are 1%.

Figure 6 statistically compares the modeling and experimental data for MoSeFETs. Figure 6(a) shows
the optical photograph of MoSoFETs with W/ L of 30/20. Figure 6(b) presents the experimental data and
KNN predicted results of Iqs-Vgscharacteristics for 30 MoSosMOSFETs. Here, W/L(pum/pum) of 30/20 is
out of the KNN training data range. The Iqs-V,s characteristics modeled by the KNN match quite well
with the experimental data when W and L are assumed to be the variation sources. The probability den-
sity function represents the random variable’s probability distribution, and the expectation and deviation
values are represented with A and o, respectively. As revealed in Figures 6(c) and (d), the uniformity
of the saturation current Iy _s5¢ and threshold voltage Vi, predicted with the KNN method are compared
with those from the experiments. The KNN predicts that the average Iy sat of the MoSosMOSFETS is
0.1683 pA with a deviation of 0.0125 A, while the experiments show that the average Iq_gat is 0.1679 pA
with a deviation of 0.0180 pA. As for V4, of the MoSy; MOSFETS, the KNN prediction and experiments
for the average values are 1.365 and 1.348 V, and those for the deviation values are 0.058 and 0.041 V,
respectively. The average values of Iy so¢ and V4, predicted with the KNN are close to those of the exper-
iments, and the errors are less than 2%. However, the modeling results for the deviation values of Iq_sat
and V4, do not match well with the experiment. The reason may be that other variation sources, such
as the Schottky barrier and gate dielectric uniformity, are not considered in the current KNN modeling
method [26,27].

Furthermore, statistical comparisons between the model and experiments are performed for logic cir-
cuits based on MoSs FETSs. The optical photograph and schematic views of the MoS, inverter are shown
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Figure 8 (Color online) Optical photograph, truth tables, measurement, and simulation results (results_m: measurement results
(in yellow); results_s: simulation results (in green)) for four basic logic circuits. (a) NAND, (b) NOR, (¢) DFF, and (d) HALF-
ADDER.

in Figures 7(a) and (b). The transfer characteristics are generated with 30 samples from the experiments
and compared with the simulation outputs from the Monte Carlo simulations based on the KNN models,
as shown in Figure 7(c), which show good agreement. Figure 7(d) shows the statistical distribution of the
switching threshold voltages (STVs). The simulated average value of the STV is 0.637 V, while that of
the experiments is 0.567 V. The deviation values of the STV for the simulation and experiments are 0.123
and 0.117 V, respectively. This difference is possibly caused by variation sources, such as gate dielectric
variations, in the experiment that has not been counted in the model. Figures 7(e) and (f) show the
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optical photograph and schematic views of the five-stage MoSy RO. The output results generated with
the experiment and simulation are shown in Figure 7(g). The experiments show that the frequency of
the RO circuit is 19.5 kHz, while the simulated frequency of the circuit is 19.9 kHz, which is in good
agreement. This finding validates the accuracy of the KNN device model.

To pave the way for the MoSs FETs and corresponding KNN models for more general digital circuits
designs, four basic logic cells based on the MoS; FETs are fabricated and simulated with KNN in this
work, as shown in Figure 8. Figures 8(a)—(d) show the optical photograph, truth tables, and measured
and simulated waveforms of the NAND, NOR, D flip-flop (DFF) cell, and HALF-ADDER circuits. The
simulation results agree well with the experimental data for all cases, which further validates that the
KNN model can be used for future 2D material FET circuit simulation and design efforts.

4 Conclusion

In this work, a device compact model based on the KNN methodology was proposed. The KNN combines
the physical behavior of device geometrical scaling with the ANN fitting capability. This methodology can
greatly improve the accuracy and scalability of the TNN method and further enable accurate statistical
simulations due to geometrical variations. First, the KNN methodology is validated with silicon MOSFET
data generated with the industrial standard BSIM6. Then, it is validated against novel MoSy FETs and
circuits. All the model results agree well with the experiments. The results demonstrate that the KNN
can not only capture the electrical characteristics of devices and circuits in great precision but also be
suitable for statistical analysis using Monte Carlo simulations. This work provides a feasible solution for
fast, compact modeling of novel semiconductor devices, which may facilitate the joint optimization of the
early-stage circuit design and process technology.
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