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Abstract— This paper proposes a novel compact modeling
framework based on artificial neural networks and physics
informed machine learning techniques. This physicsaugmented neural compact model shows highly accurate fitting
abilities and physically consistent inferences even at the unseen
data. It is also scalable and technology independent, and
consequently, is suitable for electrical modeling of new
emerging devices. In addition, this neural compact model is
able to cover both digital and analog circuit analysis due to the
weight decay regularization as well as high order derivative
losses. Finally, it is applied to promising DRAM and Logic
technologies to be evaluated in terms of its scalability and
fitting accuracy. The CMC’s (Compact Model Coalition)
standard model API (Application Programming Interface)
supports the custom model implementation for SPICE.
Therefore, this framework enables the circuit simulators to
assess technology-independent PPA (Power, Performance,
Area) and early-stage DTCO (Design Technology Cooptimization) for new emerging devices.

Fig. 1. The number of standard compact model’s fitting parameters. It is
rapidly increasing because of modern device’s secondary effects and nonmonotonic characteristics
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I. INTRODUCTION
Over the past decade, CMOS technology is aggressively
scaled down and the physical process limit is reached. As a
result, various emerging devices with rapid changes in
geometry, architecture, and material need to be evaluated
through PPA assessments and DTCO activities in a timely
manner. However, existing CMC’s standard compact models
are inappropriate for these emerging devices because
developing new models is very time-consuming and strongly
depends on each technology expertise. Therefore, we
propose an artificial intelligence assisted compact model
framework which is highly accurate, extremely general, and
physics-embedded. It is going to change the paradigm of the
expertise intensive model research and early-stage DTCO
environments.

Fig. 2. Physics-augmented neural network model for circuit simulations

This modeling framework includes two main steps, 1)
data preprocessing according to various physical origins and
machine learning training with each physical constraint loss,
2) model validation (accuracy test), model compression
(model scaling for computational efficiency) and chargeconservative model implementations as shown in Fig. 3. First
of all, electrical measurement data of various circuit elements
could be componentized using the scientific domain
knowledges and physical origins as shown in Fig. 4. To
briefly demonstrate the component-wise modeling flow, we
select a modern MOSFET device as an example as shown in
Fig. 3(b). Drain current (drift-diffusion transport), gate
current (tunneling), and body current (gate-induced
drain/source leakage) are main target components according
to design instance (W/L/T), bias (Vgs/Vds/Vbs) and
technology (Tox/WF) parameters.

II. LIMITS OF THE EXISTING COMPACT MODELS
The existing compact models are at extreme ends of
parametric (physics based) and non-parametric (empirical
lookup table based) models. The analytical equations,
represented by standard compact models, are physics-based
and computationally efficient, however it takes very long
time and requires special expertise to develop a reliable
model for new technologies. In addition, the parametric
analytical models support increasing number of empirical
fitting parameters [1] even though they are built on solid
physical theories because of various secondary effects and
non-monotonic characteristics from modern complex process
flows as shown in Fig. 1.
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III. PHYSICS-AUGMENTED NEURAL COMPACT MODEL
Artificial intelligence is providing effective alternatives
to various Electronic Design Automation (EDA)
technologies, and outperformed the existing competitors.
Therefore, combining these data science techniques (artificial
neural networks) and scientific theories (device physics) are
able to have the best of both worlds [2-4] for SPICE
application as shown in Fig. 2.

257

A. Physics-augmented model
In this paper, physics-augmented neural network model is
introduced to provide an interpretable and physically
consistent circuit simulations. For example, MOSFET’s I-V
transfer characteristics has a distinct temperature dependency
(i.e. trend reversion by an zero temperature coefficient point)
because dominant transport mechanisms are changed
according to the bias and electric field conditions as shown
in Fig. 7.

Fig. 3. Physis-augmented neural compact modeling framework. (a)
Component-wise data prepocessing and physics-augemented machine
learning training, (b) Component-wise model validation and compression
for accuracy and computational efficiency in SPICE applications
Fig. 7. MOSFET’s I-V transfer curve which has an reversed temperature
dependency according to the bias conditions

However, measurements with various temperatures are
time-consuming and the data is costly. Therefore, most
model parameter extraction procedures are based on few
temperature sweeps. Fig. 8 shows the ordinary neural
network modeling results which are trained using these
costly data at -25 and 125 degree Celsius only, and it has
physically wrong inferences around the unseen data. These
‘black-box’ neural network models are prone to small data
set and unintended noises which is most common at SPICE
modeling environments.

Fig. 4. An example of circuit element’s electrical and physical
components

Fig. 5. Model parameters to demonstrate the component-wise neural
network modeling flow in this work

These component data pass through each hypothesis
space to find optimal model parameters, and in this
demonstration, fully connected neural networks are used to
capture each target function as shown in Fig. 5. The trained
models are implemented as an equivalent-circuit form to
meet the charge conservation raw, and the SPICE result
shows a good agreement between the model inferences and
corresponding targets as shown in Fig. 6.

Fig. 8. Neural network model training results (left: saturation currents,
right: subthreshold currents) based on cool and hot temperatures only.
These black-box models are vulnerable to the unseen data, and it has
physically reversed temperature coefficients around 25~85 degrees Celsius

Therefore, we need to make the most of the physical
relationships between sample data (transport currents) and
input features (bias voltages, temperatures) as follows.
Temperature (T) is closely related to the carrier mobility
(μ) and Fermi potential (ΦF) in the saturation and
subthreshold regions respectively as below,
3

𝑙𝑜𝑔(𝜇) = 𝜏𝑐 ∙ 𝑙𝑜𝑔(𝑇)−2

(𝑖𝑓 𝑉 ≫ 𝑉𝑡ℎ )

(1)

𝑁𝑎
𝑘𝑇
∙ 𝑙𝑛 ( )
𝑞
𝑛𝑖

(𝑖𝑓 𝑉 ≪ 𝑉𝑡ℎ )

(2)

𝜙𝐹 =

τ c is an impurity scattering related constant, Na is
substrate doping concentration, ni is intrinsic carrier
concentration and k is Boltzmann constant. The carrier
mobility (μ) in the saturation region is closely related to drift

Fig. 6. Model inference results which meet the charge conservation raw
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currents and Fermi potential (ΦF) in subthreshold region also
has a physics-based relationship with diffusion currents as
shown in Fig. 9-10.

accuracies are greatly improved by introducing these
scientific theory-guided learning algorithms.

Fig. 11. Neural network model training results (left: saturation currents,
right: subthreshold currents) based on cool and hot temperatures. In this
case, physics augmented losses are applied, and it has physically correct
inferences in the unseen data regions

Fig. 9. The temperature effects on the carrier mobility (left) and saturation
currents (right)

B. Circuit-friendly model
Semiconductor data which pass through the neural
networks are inherently vulnerable to inevitable
measurement noises and electrical fluctuations. In addition,
robust compact models require to satisfy the high order
derivatives and symmetry characteristics for various digital
and analog circuit applications. A transistor’s on-off ratio is
one of the most important performance factors in digital
circuit analysis, and the accurate leakage current modeling is
critical to PPA assessments. Therefore, the weight decay
techniques are essential to these digital models as shown in
Fig. 12, and the regularization strengths need to be properly
adjusted according to the data qualities as below,

Fig. 10. The temperature effects on the Fermi potentials (left) and
subthreshold currents (right)

Therefore, the carrier mobility and Fermi potential at two
different temperatures (T1 < T2) on the same device size (W,
L) are related to each other in the following manner,
𝜇[𝑇2 , 𝑊, 𝐿, 𝑉𝑑𝐻 ] − 𝜇[𝑇1 , 𝑊, 𝐿, 𝑉𝑑𝐻 ] ≤ 0

𝑅𝑒𝑔𝑢𝑙𝑎𝑟𝑖𝑧𝑎𝑡𝑖𝑜𝑛 𝑙𝑜𝑠𝑠 =

(𝑉𝑑𝐻 ≫ 𝑉𝑡ℎ ) (3)

It also means we are able to compute the differences in
mobility and Fermi potential of a neural network model,
based on any pair of consecutive temperatures, Ti and Ti+1
(Ti<Ti+1) in a device size (W, L) as below,
(5)

𝛥𝜙𝐹 = − 𝜙𝐹 [𝑇𝑖+1 , 𝑊, 𝐿, 𝑉𝑑𝐿 ] + 𝜙𝐹 [𝑇𝑖 , 𝑊, 𝐿, 𝑉𝑑𝐿 ]

(6)

A positive value of these differences are considered as a
physical consistency based on the theory equation (1-2) on
the temperature and device size. Therefore, we can also
construct physics-augmented loss functions to guide the
neural networks toward a negative mean of all consecutive
temperature pairs (Ti, Ti+1) using the Rectified Linear Unit
activation function (ReLU) [5].

Fig. 12. Semiconductor measurement data which include random noises
and elecrical fluctuations. Practical neural models require to use effective
regularization losses (right) for avoiding the overfitting to noises (left)

The relationships between terminal current and
conductance or terminal charge and capacitance are also
important features in device modeling. An accurate inference
of transconductances from current model or capacitances
from charge model are all dependent on derivative
considerations. These derivative characteristics are critical,
not only for analog circuit analysis but also for iterative
solving algorithm of SPICE simulators. Therefore, high
order derivatives need to be introduced in the loss calculation
as shown in Fig. 13.

𝑃ℎ𝑦𝑠𝑖𝑐𝑠 𝑎𝑢𝑔𝑚𝑒𝑛𝑡𝑒𝑑 𝑙𝑜𝑠𝑠 𝑜𝑓 𝑑𝑟𝑖𝑓𝑡 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠
𝑛𝑤

𝑛𝑙 𝑛𝑡 −1

𝜆𝑃
∑ ∑ ∑ 𝑅𝑒𝐿𝑈(𝛥𝜇[𝑇𝑖 , 𝑊, 𝐿, 𝑉𝑑𝐻 ]) (7)
=
𝑛𝑤 𝑛𝑙 (𝑛𝑡 − 1)
𝑤=1 𝑙=1 𝑖=1

𝑃ℎ𝑦𝑠𝑖𝑐𝑠 𝑎𝑢𝑔𝑚𝑒𝑛𝑡𝑒𝑑 𝑙𝑜𝑠𝑠 𝑜𝑓 𝑑𝑖𝑓𝑓𝑢𝑠𝑖𝑜𝑛 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠
𝑛𝑤

(9)

λR is regularization coefficient, and Wi stands for weight
parameters of a regression model.

𝜙𝐹 [𝑇2 , 𝑊, 𝐿, 𝑉𝑑𝐿 ] − 𝜙𝐹 [𝑇1 , 𝑊, 𝐿, 𝑉𝑑𝐿 ] ≤ 0 ( 𝑉𝑑𝐿 ≪ 𝑉𝑡ℎ ) (4)

𝛥𝜇 = 𝜇[𝑇𝑖+1 , 𝑊, 𝐿, 𝑉𝑑𝐻 ] − 𝜇[𝑇𝑖 , 𝑊, 𝐿, 𝑉𝑑𝐻 ]

𝑚
𝜆𝑅
∑ 𝑊𝑖 2
2
𝑖=0

𝑛𝑙 𝑛𝑡 −1

𝜆𝑃
∑ ∑ ∑ 𝑅𝑒𝐿𝑈(𝛥𝜙𝐹 [𝑇𝑖 , 𝑊, 𝐿, 𝑉𝑑𝐿 ]) (8)
=
(𝑛
𝑛𝑤 𝑛𝑙 𝑡 − 1)
𝑤=1 𝑙=1 𝑖=1

2

𝛿
𝑚
𝜆𝐷
𝑑 (𝑛) 𝑡𝑖 𝑑(𝑛) 𝑦𝑖
∑ ( (𝑛) −
)
𝐷𝑒𝑟𝑖𝑣 𝑙𝑜𝑠𝑠 = ∑
2
𝑑𝑦 (𝑛)
𝑛=1
𝑖=0 𝑑𝑡

A neural network model is trained using same limited
data (-25 and 125℃ only) , however in this case, the device
physics-informed losses are also used to search the optimum
solution. Fig. 11 shows the physically correct inference
results at both drift and diffusion regions, and the fitting

(10)

λD is derivative coefficient. ti and ti are true and
estimation value, respectively.
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Fig. 13. An ordinaly neural charge model’s inaccurate inference results of
gate capacitance (left). Higher order derivtive loss is able to dramatically
impoves the accuracy of derivative characteristics.

IV. MODEL VALIDATIONS
A. Scalablility in DRAM applicatoins
This modeling framework is applied to a DRAM
technology. Fig. 14 shows a highly scalable and accurate
fitting ability of neural compact model, which is contrast to a
standard compact model (scalable, inaccurate) and empirical
binning approach (non-scalable, accurate).

Fig. 16. Neural SPICE model results of various emerging devices. (a) Ultra
narrow silicon nanowire, (b) Ultra narrow InGaAs nanowire, (c) Tri-gate
negative capacitance transistor and (d) Vertical tunneling transistor

V. CONCLUSION
A series of neural network modeling algorithms and
physics informed machine learning techniques are proposed.
Semiconductor data passes through each neural networks
according to its physical origin, and parameters are
automatically updated in backpropagation with each physicsbased constraint loss. This physics-augmented neural
compact model has the best of two worlds, neural network
model’s fitting accuracy and theory-based model’s physical
consistency. It is also applied to recent DRAM and
promising Logic technologies, and evaluated in terms of its
scalability and technology independency. This new approach
is expected to be an effective alternative for early stage PPA
and DTCO activities for new emerging devices.
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Fig. 14. Model scalability comparison between standard compact model,
empirical binnging and neural compact model.

B. Technology-independence in Logic applications
It is also applied to various state-of-the-art emerging
devices [6-10] as shown in Fig. 15. These new technologies
are not supported by existing standard compact models. Fig.
16 shows a highly general fitting ability to cross-sectional
size dependencies such as multiple humps and peaks in C-V
and steep switching characteristics in I-V curves.

Fig. 15. Various state-of-the-art emerging devices for early stage PPA and
DTCO benchmarks in this work
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