© JSAP

A Machine-Learning Accelerated
Atom-to-Transistor Simulation Framework

Pratik Brahma*

Department of Engineering
University of California, Berkeley
Berkeley, United States
pratik_brahma@berkeley.edu

Abstract—Technology Computer-Aided Design (TCAD) has
long proved invaluable in developing semiconductor devices.
This is becoming especially true as transistor design enters
the nanoscale, where interfacial and quantum effects lead to
nontrivial deviation from bulk properties. However, modern
TCAD approaches to capturing these effects are often inadequate,
relying on coarse approximations dependent on fitting param-
eters. Full atomistic simulations using first-principles methods
such as density functional theory (DFT) can be more accurate
but are numerically intractable for realistic devices. In this work,
we introduce FASTCAD, a graph neural network designed to
accelerate atomistic simulation of semiconductor devices. Starting
from machine-learning force-field generated atomic structures,
we employ equivariant graph networks to infer density of states,
dielectric profiles, and ballistic transport properties to derive
current-voltage characteristics. Our approach shows current
errors within 6.5% and gate capacitance errors within 2.5%
of first-principles methods with 100-10,000x speedup, paving
the path to designing advanced semiconductor devices from the
atomic level.

Index Terms—Atomistic Transistor Simulation, Graph Neural
Networks, TCAD

I. INTRODUCTION

Modern transistors feature multiple interfacing materials
with sub-nanometer dimensions, where quantum and atomic-
scale effects strongly influence transport and electrostatics [1],
[2]. Conventional continuum TCAD methods are often used
to simulate such systems, but their reliance on coarse band-
structure models and numerous fitting parameters often leads
to inaccuracy, limited generalizability, and inability to capture
interfacial and atomic-scale variation [3].

First-principles simulations such as density functional the-
ory (DFT) offer generalizability and atomistic fidelity, but
become prohibitively expensive at realistic device scales and
for high-throughput applications [4], [5]. Recently, machine-
learning methods have shown promise in accelerating device
and material characterization tasks through compact-model
surrogates, physics-informed solvers, and molecular and bulk
material property prediction [6]-[8]. However, a clear method
for propagating the impact of atomic-level material variation
to electronic device performance is lacking.

In this work, we introduce FASTCAD, an equivariant graph
neural network designed to accelerate atomistic transistor sim-
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Fig. 1. Accuracy and scalability trade-off in device simulation. Neural
networks trained on DFT data can extend near-DFT fidelity toward practical
device sizes.

ulation to enable prediction of transistor characteristics directly
from the atomistic gate stack. FASTCAD learns the mapping
from atomic structure to material properties, which are used in
conjunction with electrostatics to obtain device-level charac-
teristics including charge- and current-voltage relations. Using
our pipeline, we achieve current errors within 6.5% and gate-
capacitance errors within 2.5% of first-principles methods,
while delivering a 102-10% times speedup. Our framework
enables fast, atomically-informed device characterization, un-
locking rapid design-space exploration and technology co-
optimization of advanced transistor technologies.

II. ATOMISTIC SIMULATION PIPELINE

We study silicon-on-insulator (SOI) transistors with crys-
talline Si channels and amorphous SiOy or SiO5-HfO, gate
stacks, representative of modern high-x gate-dielectric tech-
nologies [9]. Amorphous oxide layers are generated from crys-
talline SiO5 and HfO5 by melt-quench molecular dynamics ac-
celerated with machine-learned moment tensor potentials [10].
Interfaces are then formed by stacking crystalline Si, amor-
phous SiOs, and, when included, amorphous HfO,, followed
by localized anneal-quench steps and DFT relaxation using an
LCAO basis with PBE exchange-correlation functional [11].
Finally, dangling bonds on terminal surfaces are passivated
with hydrogen, with vacuum regions and metallic electrodes
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Fig. 2. FASTCAD architecture for LDOS/LcDOS and dielectric-profile prediction. The shared equivariant message-passing trunk is followed by readout heads

for atom-local spectra and Gaussian-broadened dielectric fields.
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Fig. 3. Simulation pipeline for computing macroscopic transistor behavior
from an atomistic SOI gate stack. FASTCAD accelerates the colored property-
prediction blocks while preserving coupling to charge, current, capacitance,
and Poisson calculations.
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added for dielectric profile evaluation. An example structure
is visualized in Fig. 3b.

A. Transport Model and Electrostatics

With modern transistors operating at ~40-50% of the bal-
listic limit [12], the ballistic transport model provides a simple
yet physically meaningful framework for analyzing current
flow in ultra-scaled devices [13]. In this model, the drain
current /p and inversion electron density N, are evaluated
at the source—channel barrier:

Ip— q/ (B [fo(E+Up) — falE+U)AE (1)
Nin = / D(E)[fo(E+ Up) + fa(E+U)JdE ()

where D(E) is the density of states (DOS) in the channel,
fs(E) and f4(E) are the source and drain Fermi functions,
and U, is the self-consistent barrier potential. The product of
the group velocity and DOS defines the current density of
states J,(E) = vy(E)D(E) (cDOS). We compute the atom-
projected DOS using DFT in an LCAO basis and obtain the
real-space local DOS (LDOS) D(E,r) by Gaussian smearing

of D(F,a). The atomic and real-space projections of the
c¢DOS (LcDOS) are obtained analogously.

The spatially-resolved dielectric profile is extracted by
applying a small voltage Vj;,s = 0.1 V between metallic
electrodes and comparing the biased and unbiased Hartree
potentials. Leveraging the difference potential AVy(z) =

Vi (z; Voias) — Vi(2;0), the spatial relative permittivity is
estimated as [14]:
1 1 0AVg(2)/0z 3)
gr(z) B Eref Eext

where Eoxi = Viias/L, and e is a reference bulk dielectric
constant that accounts for ionic contributions in each dielectric
region (~11.9 for Si, ~3.9 for SiO,, and ~25 for HfO,).

Finally, using the LDOS of the channel, the spatial inversion
charge density is computed as

Pinv () = —q/D(E,r)f(E +U(r)— Erp)dE  (4)

Right- and left-moving electrons are equilibrated with the
source or drain Fermi levels Er, respectively. Charge density
is solved self-consistently with the electrostatic potential using
the dielectric profile ¢,(z). Once converged, the current is
computed with the LcDOS and potential at the source—channel
barrier [13]. The gate capacitance is obtained by differentiating
integrated channel charge with respect to gate voltage.

Following this simulation pipeline, we generate
3,006 Si-SiO, and Si-SiO,—HfO, heterostructures for
LDOS/LcDOS prediction, and 2,098 for dielectric prediction,
each with varied cell surface areas, random point defects, and
Si, SiO2, and HfO, thicknesses ranging from 8-30 A.

III. FASTCAD ARCHITECTURE

The computational bottleneck in this pipeline is repeated
diagonalization of quantum Hamiltonians to compute forces,
L(c)DOS, and dielectric properties, which scales cubically
with the number of atoms. While the former is mitigated
through machine-learned MTPs for molecular dynamics,
FASTCAD is used to replace the latter two calculations with
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Fig. 4. Comparison of DFT and FASTCAD predictions for a representative 16 A Si, 8 A SiO2, 8 A HfO, gate stack. FASTCAD reproduces DOS/cDOS
spectra, dielectric response, drain current, gate capacitance, and charge-voltage behavior.

a locality-bounded graph neural network, preserving linear
scaling and providing two to four orders-of-magnitude speed-
up. The runtime for electronic property calculation can thereby
be reduced from hours or days to seconds on a single GPU
(Fig. 6).

FASTCAD takes an atomistic graph G = (V,€) as input,
where node ¢ carries atomic number Z; and position r;,
and edges connect atoms within a 5 A cutoff. Each atom is
assigned a vector x; initialized with a trainable embedding,
with a vertical positional encoding added to encode the atom
position along the gate stack:

x) = Embedding(Z;) + Z sin? ( )
k=1

where ¢ denotes the channel thickness for LDOS/LcDOS
prediction and the total gate-stack thickness for dielectric
prediction.

Message passing uses E(3)-equivariant interaction layers
implemented with spherical harmonics, learnable radial Bessel
expansions, and tensor products as in e3nn [15]. At interaction
step [, messages depend on neighboring descriptors and the
interatomic direction:

o5 (i)Y (Fi7),

Kpos kmz;
1

&)

(6)

l
m;;

xiT1 JWX—I—ZTPXHI)

JEN (i)

)

Y, here denotes a real spherical-harmonic basis expansion of
the interatomic displacement vector r;;, ¢p is a multilayer
perceptron (MLP), TP is an e3nn tensor product, and W is a
learnable matrix.

Finally, task-specific readout MLPs map the atom descrip-
tors to the desired property. For electronic spectra,

LDOS;(E) = ¢R(xT), LcDOS;(E) = ¢ (xF),  (8)

with total DOS and c¢DOS obtained by summing over atoms.
For dielectric prediction, amplitudes {s;}; = ¢%(x]) are

TABLE I
ERROR METRICS FOR FASTCAD. TOP ROWS EVALUATE
MATERIAL-PROPERTY PREDICTIONS; BOTTOM ROWS EVALUATE
DOWNSTREAM DEVICE QUANTITIES OVER 11 TEST GATE STACKS.

Metric MAE RMSE R? WMAPE
LDOS 4.01 x 1073 185 x 10~3  0.959 9.60%
LcDOS 3.82 x 1073 14.8 x 1073 0.958 11.6%
Dielectric ~ 1.97 x 10~! 8.12 x 1071 0.966 4.41%
I, 2.24 x 1072 4.09 x 1072 0.991 6.02%
Q 1.75 x 10711 3.08 x 10~ 0.999 1.81%
Cy 1.49x 1071 215x 101 0.998  2.34%

derived from the atom-embeddings and broadened over a basis
of k fixed-width Gaussians to the real grid:

@=23 o o[-

20,%

FASTCAD is designed to preserve linear scaling in system
size. In addition, our approach maintains input permutation
symmetry, translation invariance, and rotational equivariance
of intermediate features, which improves model generalization
and reduces the amount of training data required for accurate
inference [16].

®

IV. RESULTS

We train two separate networks, one for joint LDOS/LcDOS
prediction and one for dielectric profiles, each with four
message-passing layers, 64-dimensional invariant embeddings,
and vector features up to order £ = 1. The electronic spectra
network is trained with a 10 to 1 LDOS/LcDOS weighted
sum of atom-local mean-squared-error (MSE) spectral losses,
while the dielectric network is trained on MSE over a uniform
spatial grid. Final dataset errors are summarized in Table L.

FASTCAD is evaluated on held-out structures not used
during training. Table I summarizes the material- and device-
level errors. For electronic spectra, we achieve R? values of
0.959 and 0.958 for LDOS and LcDOS, with 9.6 and 11.6%
weighted mean absolute percent error (WMAPE, the mean
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Fig. 5. Ground-truth and FASTCAD-predicted energy-resolved spatial maps
of LDOS and LcDOS in the silicon channel.

absolute error over the mean). The dielectric model obtains
an R? = 0.966, with WMAPE below 5%.

Fig. 4 shows representative spectra, dielectric profiles, and
downstream device curves. FASTCAD predictions reproduce
DFT-derived DOS/cDOS features, spatial dielectric variation
across Si, SiO,, and HfO,, and downstream Ip-Vg, Ca-Va,
and -V characteristics. Across 11 held-out gate stacks in
the intersection of the spectral and dielectric test sets, the
framework reaches 6.02% WMAPE for drain current and
2.34% WMAPE for gate capacitance.

Finally, Fig. 5 visualizes two-dimensional energy—position
maps of both the true and predicted LDOS and LcDOS
in the silicon channel region. We observe strong qualitative
agreement and faithful reproduction of key spatial features
such as the decay of LDOS and LcDOS near the silicon edges,
a signature of quantum confinement in ultrathin channels.

V. CONCLUSION

In this work, we presented FASTCAD, an equivariant graph
neural network-accelerated framework capable of rapidly and
accurately capturing the impact of atomic-scale variation on
the electronic properties of transistors. By replacing traditional
DFT-based simulation blocks with fast, accurate neural surro-
gates, we demonstrate acceleration of the transistor simulation
pipeline while retaining atomistic fidelity. Our framework
captures the influence of local disorder and material interfaces
on device behavior and enables scalable exploration of atomic
variation effects on performance. Compared to DFT, our ap-
proach achieves two to four orders of magnitude speedup and
linear rather than cubic asymptotic scaling (Fig. 6) while pre-
serving less than 6.5% error in downstream device properties,
paving a path toward large-scale and high-throughput atomistic
simulations of device structures for design and optimization of
next-generation transistors.
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