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ABSTRACT __This paper reports a Bayesian-optimization (BO) driven TCAD study of a double-gate LDMOS transistor structured to emulate
a nanosheet gate-all-around geometry, aimed at replacing hand-tuned device design with an automated six-parameter search. The resulting
device reaches a specific on-resistance of 0.17 mQ-mm? at 11.32 V breakdown voltage, a Baliga figure of merit of 738 kW/mm?, more than five
times a conventional planar LDMOS baseline. Benchmarked directly against a manually optimized planar LDMOS device, the dual-gate
structure is shown to ease the usual BV-Rspon trade-off through better lateral current spreading, supporting nanosheet-style double-gate
transistors as a viable steppingstone toward full 3D Gate-All-Around LDMOS.

INDEX TERMS _ Bayesian optimization, Double-Gate LDMOS, figure-of-merit, specific on-resistance.

I INTRODUCTION

Power-management ICs built in BCD (Bipolar-CMOS-DMOS)
processes rely heavily on the LDMOS transistor for its low
conduction loss, fast switching, and native compatibility with
CMOS flows. Because current flows laterally rather than
vertically, LDMOS geometry gives designers direct control over
the drift and channel regions, which is what allows one device
family to cover such a broad voltage range [1-2]. That same
lateral geometry, however, becomes a liability as dimensions
shrink short-channel effects intensify and off-state leakage (Iicak)
climbs [3].

This gain in electrostatic control matters because power-device
performance ultimately reduces to a trade-off between two
numbers: breakdown voltage (BV) and on-resistance (Rgson) [4].
Raising BV means giving the drift region more length and a
doping profile graded to satisfy the RESURF condition [5];
lowering Rgson means doing the opposite, shrinking length and,
secondarily, narrowing width. Since both dimensions scale with
area, the two pull in different directions on the specific on-
resistance Rgpon = Rason X Area, and reconciling them, while
staying within leakage and reliability limits, is what makes DG
electrostatic design difficult [6-7].

Recently, machine learning (ML) algorithms have become
increasingly proficient at detecting complex patterns and
relationships within large datasets that are often beyond human
capabilities and understanding. Given enough TCAD or
measured data, such a model can associate doping, geometry, and
material choices with the resulting device behavior well enough
to search multi-objective trade-offs without brute-force
simulation of every candidate, turning device design from trial-
and-error into a guided search [8].

This study pushes a 2D DG-LDMOS through six-parameter
Bayesian optimization (BO) to a FOM of 738 kW/mm?, more
than five times a typical planar result, promising future direction
of Gate-All-Around (GAA) LDMOS devices.

The optimized device simultaneously maintains high BV and
ultra-low R on, setting a new performance point in the BV-FOM
landscape and demonstrating the clear advantage of integrating
Bayesian optimization with DG-LDMOS design.
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FIGURE 1. (a) The proposed 3D GAA-LDMOS showing A-A’ cross-section
representing our studied DG-LDMOS. (b) A-A’ Cross-sectional view of the
optimized DG-LDMOS structure corresponding to the highest FOM reported in
this work, showing top and bottom 12 nm SiO: gate dielectrics and metal gates
symmetrically controlling the channel within a 2D TCAD framework. Gaussian
doping profiles are applied in the source, drain, drift, and body regions.

I1. SIMULATION AND OPTIMIZATION

The target geometry is the 3D GAA-LDMOS sketched in Figure
la. This paper works with its A-A’ cross-section, shown in Figure
1b, modeled as a 2D DG-LDMOS. Mirrored top and bottom gates
stand in for the wraparound gate of the full GAA structure, giving
a tractable 2D proxy for its electrostatics while isolating the
channel and drift regions on each side. Gate metal is aluminum
with a 4.1 eV work function, consistent with an n-type device.

Channel length in this structure is not an independent parameter;
it emerges from geometry. A 12 nm SiO> dielectric separates each
gate from a p-body doped to N, and the lateral extent of the
channel is fixed by two overlapping extensions: Ly, on the p-body
side, Ly on the drift side. Both depend on N, and N, but only Lg,
actually varies in this study, since Ly, is fixed in place to preserve
a consistent body-drift overlap. Practically, then, channel length
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and the depletion geometry around it track L4, Np, and Ng
directly.

TCAD simulations use a validated commercial 2D drift-diffusion
solver [9]. Recombination is handled via doping-dependent SRH
lifetimes together with Auger recombination; avalanche behavior
follows the Van Overstraeten impact-ionization model [10]; and
carrier transport accounts for field- and doping-dependent
mobility degradation, bandgap narrowing, and Fermi-Dirac
carrier statistics.

Doping in the p-body, n-drift, source, and drain regions follows
Gaussian profiles, the standard TCAD approximation for
implanted-and-annealed  junctions [11]. A  high-graded
concentration in the p-body keeps the channel under tight
electrostatic control, while a light-graded n-drift profile spreads
the electric field and helps push BV higher without creating
localized peaks. Together these choices give a physically realistic
leakage baseline against which the BV-Ry,on trade-off can be
optimized.

All four bias points follow a fixed convention: BV is read at
avalanche under Vgs = Vs = Vss = 0V, Tieak at Vgs =0V, Vps =
5V, and Rys.on from Vpg/Ips at Vgs =5V, Vps = 0.1 V. From there,
Rsp.on = Rason X Liot. Liot being the source-to-drain half pitch, and
FOM = BV*Ryp on (kW/mm?) follow directly.
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FIGURE 2. (a) Independent effect of Ny on the BV-Rg, o trade-off. (b)
Independent effect of L, on the BV-Ry o trade-off. TABLE 1: Symbols,
descriptions, and bounds of the six input parameters used in this work.

Before turning to full BO, Ng and L, are swept one at a time in
TCAD to build intuition for their individual effect on BV and
Rgp.on (Figure 2a.b). Liot, Wiot, Lar, and Np are held at 800 nm, 200
nm, 550 nm, and 2x10" cm, respectively, throughout. During
the Ng sweep L is fixed at 680 nm, during the L, sweep Ng is
fixed at 3x10'7 cm™.

The BO objective function is Baliga’s figure of merit (FOM)
[12], written as:

f(x) = FOM = BV?/RSP (1)

This six-element vector X = [Liot, Wiot, Lar, Lg, Np, Ng] is what BO
searches over. Rather than evaluating FOM directly at every
candidate, which would mean a full TCAD run each time, a
Gaussian Process (GP) model is trained to approximate it
cheaply, and an Expected Improvement (EI) acquisition function
decides which point to try next, balancing exploration against
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exploitation so that strong designs turn up in far fewer TCAD
calls than an exhaustive search would need x. These six
parameters, listed with their bounds in the table accompanying
Figure 2, fully specify the DG-LDMOS geometry and
electrostatics that BO is allowed to vary x.
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FIGURE 3. (a) BO-TCAD Optimization Flowchart. (b) Specific on-resistance
Ryp.on versus length of the channel (L) for 5V optimized DG-LDMOS (blue) and
planar LDMOS (pink), showing a notable R, o, reduction to 0.17 mQ-mm? at L,
=68 nm.

The optimization framework combines Bayesian optimization
(BO) with TCAD simulations to identify optimal DG-LDMOS
design parameters, as shown in Figure 3. Each run begins from
20 uniformly sampled, space-filling seed points spanning all six
structural parameters (Lo, Wiot, Lar, Lg, Np, and Ng), each
evaluated in TCAD to fit an initial GP surrogate of FOM. EI then
proposes new candidates that balance exploring uncertain regions
against exploiting known good ones, with each proposal
simulated and folded back into the surrogate [13-14].

II1. RESULTS AND DISCUSSION

Figure 4 presents the 250 BO iterations for the full six-parameter
optimization space (Liot, Wiot, Lar, Lg, Np, and Ng). The BV-FOM
distribution in Figure 4a shows that jointly tuning all six
structural parameters drives the performance frontier upward,
with FOM values exceeding 700 kW/mm? and reaching a peak of
738 kW/mm? while maintaining acceptable BV. The dashed
convex hull in Figure 4a highlights the performance boundary
achieved through this high-dimensional optimization, illustrating
how the broadened design space enables the BO algorithm to
push the attainable BV-FOM frontier to higher values.

Rgpon tells the same story from the other side (Figure 4b): the
highest-FOM points cluster at the lowest Rgpon, confirming that
BV and Ry on are improving together rather than trading off. The
zoomed inset in the lower-left corner emphasizes Rgpon values
below 1.0 mQ-mm? increasingly achieved with higher-
dimensional optimization.

Taken together, these results show BO efficiently navigating a
genuinely multi-parameter design space, converging on high-
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performance configurations far faster than exhaustive TCAD
sweeps could.
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FIGURE 4. (a). FOM versus BV for the six-parameter group, with the convex
hull showing the expanded optimization envelope. (b) Ry, on versus BV for the
same six-parameter group, highlighting the reduced resistance achieved through
multi-parameter optimization.

A second comparison, shown in Figure 3b, plots Ry on against
channel length L, for the strongest BO-identified DG-LDMOS
devices and compares them with the planar LDMOS baseline.
Rip,on reaches a minimum for the DG device Loy = 68 nm, roughly
a fivefold reduction from the planar optimum, without sacrificing
BV [15]. This minimum does not occur at the shortest available
Len: classical MOSFET scaling would predict resistance to
increase with channel length [16]. Indeed, all DG-LDMOS
designs remain below 0.4 mQ-mm? regardless of Lcn, whereas
the planar device never comes within a factor of two of that
minimum, even at much shorter Lcy. This gap reflects the greater
electrostatic headroom provided by the dual-gate structure and
how effectively BO exploits it to push beyond the conventional
BV-Ryp,on trade-off.

Figure 5 breaks down the origin of this headroom by comparing
the electrostatics and current transport at the 738 kW/mm?
operating point. In the full DG-LDMOS (Figure 5a-5c), the
electric field remains smooth along the drift region, with only
mild peaking near the drain, a sign that the dual gates share the
field-shaping role rather than allowing the field to concentrate at
a single junction.

That same field shaping carries over to the half DG-LDMOS
(Figure 5a’-5c¢”), which keeps the suppressed drain crowding and
spread-out impact ionization but loses roughly half the
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conduction cross-section; its Rgpon rises to about 0.35 mQ-mm?,
close to double the full device’s, exactly as expected if the benefit
scales with the number of active conduction channels rather than
with any geometric side-effect.
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FIGURE 5. Electric-field distribution (a-a"), impact ionization profile (b-b"),
and electron current density (c-¢”) of the full DG-LDMOS (top row), half DG-
LDMOS (middle row), and conventional planar LDMOS (bottom row) at the
breakdown condition (Vgs -0 V). The DG-LDMOS structures exhibit reduced
drain-side field crowding, distributed impact ionization, and vertically distributed
current transport at on-state (Vgs-5 V and Vps-0.1 V), resulting in progressively
enhanced FOM compared with the conventional LDMOS.

The conventional planar LDMOS (Figure 5a”-5¢”’) behaves quite
differently: field crowding concentrates at the drain, impact
ionization localizes there too, and current is confined to a thin
surface channel, all of which drive up drift resistance. FOM
tracks this progression directly, 140 kW/mm? for the planar
device, 335 kW/mm? for the half DG-LDMOS, and 738 kW/mm?
for the full DG-LDMOS, tying the improvement squarely to the
added conduction paths and field relief that the dual-gate
structure provides.

IV.  CONCLUSION

We obtained Rgpon 0f 0.17 mQ-mm? at a channel length of 68 nm
for an 11.32 V breakdown voltage device, while keeping leakage
current below 1x107** A/um for 5 V power DG-LDMOS
applications, yielding a Baliga FOM of 738 kW/mm?. This high
FOM reflects an excellent balance between breakdown voltage
and specific on-resistance, highlighting the effective use of
advanced machine learning techniques, specifically Bayesian
optimization, device’s efficiency and power application potential.

-P-12-



REFERENCES

[1] A. Flandre, C. Detcheverry, P. G. A. Jespers, and J.-P. Colinge, “BCD (bipolar—
CMOS-DMOS) technology trends for power management integrated circuits,”
Microelectronics Journal, vol. 34, no. 4, pp. 313-319, Apr. 2003.

[2] STMicroelectronics, Understanding LDMOS Device Fundamentals,
Application Note AN1629, 2006. [Online]. Available:

https://www.st.com/resource/en/application_note/cd00004124-understanding-
Idmos-device-fundamentals-stmicroelectronics.pdf

[3] D. J. Frank, R. H. Dennard, E. Nowak, P. M. Solomon, and Y. Taur, “Device
scaling limits of silicon MOSFETs and their application dependencies,”
Proceedings of the IEEE, vol. 89, no. 3, pp. 259-288, Mar. 2001, doi:
10.1109/5.915374.

[4] B. J. Baliga, “Power semiconductor device figure of merit for high-frequency
applications,” /EEE Electron Device Letters, vol. 10, no. 10, pp. 455-457, Oct.
1989, doi: 10.1109/55.43098.

[5] J. A. Appels and H. M. J. Vaes, “High-voltage thin-layer devices (RESURF
devices),” in Tech. Dig. Int. Electron Devices Meeting (IEDM), Washington, DC,
USA, 1979, pp. 238-241, doi: 10.1109/IEDM.1979.189468.

[6] P.-J. Chuang, A. Saadat, S. Ghazvini, H. Edwards, and W. G. Vandenberghe,
“Determining the performance limits of lateral double-diffused MOSFETs with
three common types of field oxides,” IEEE Transactions on Electron Devices, vol.
71, no. 4, pp. 2315-2321, Apr. 2024, doi: 10.1109/TED.2024.3370133.

[7] J.-P. Colinge, FinFETs and Other Multi-Gate Transistors. New York, NY,
USA: Springer, 2008, doi: 10.1007/978-0-387-71752-4.

[8] S. Ghazvini, G. Schuppener, W. Fan, S. Ramaswamy, and W. G.
Vandenberghe, “Design and optimization of silicon avalanche photodiodes with
desired breakdown voltage using Bayesian optimization,” IEEE Transactions on
Electron Devices, vol. 72, no. 5, pp. 2424-2430, May 2025, doi:
10.1109/TED.2025.3552537.

[9] Synopsys, Sentaurus Device User Guide. Mountain View, CA, USA: Synopsys
Inc., 2023.

[10] R. van Overstraeten and H. de Man, “Measurement of the ionization rates in
diffused silicon p—n junctions,” Solid-State Electronics, vol. 13, no. 5, pp. 583—
608, May 1970, doi: 10.1016/0038-1101(70)90139-5.

[11] J. D. Plummer, M. D. Deal, and P. B. Griffin, Silicon VLSI Technology:
Fundamentals, Practice, and Modeling. Upper Saddle River, NJ, USA: Prentice
Hall, 1999.

[12] B. J. Baliga, “Power semiconductor device figure of merit for high-frequency
applications,” IEEE Electron Device Letters, vol. 10, no. 10, pp. 455-457, Oct.
1989, doi: 10.1109/55.43098.

[13] P.-J. Chuang, A. Saadat, S. Ghazvini, H. Edwards, and W. G. Vandenberghe,
"Constrained Bayesian Optimization Using a Lagrange Multiplier Applied to
Power Transistor Design," arXiv:2308.09612, Aug. 2023.

[14] A. Saadat, M. L. van de Put, H. Edwards, and W. G. Vandenberghe, “Channel
length optimization for planar LDMOS field-effect transistors for low-voltage
power applications,” IEEE J. Electron Devices Soc., vol. 8, pp. 711-715, Jul.
2020, doi: 10.1109/JEDS.2020.3008388.

[15] A. Saadat, M. L. van de Put, H. Edwards, and W. G. Vandenberghe, “Channel
length optimization for planar lateral double-diffused MOSFETSs for low-voltage
power applications,” IEEE Journal of the Electron Devices Society, vol. 8, pp.
711-715, Jul. 2020, doi: 10.1109/JEDS.2020.3008388.

[16] S. M. Sze and K. K. Ng, Physics of Semiconductor Devices, 3rd ed. Hoboken,
NJ, USA: Wiley, 2006.

310
© JSAP -p-12-



	Contents
	Foreword
	SISPAD 2026
	International Conference on Simulation of Semiconductor Processes and Devices
	Committees

	Sponsors
	Venue
	General information
	Kumamoto-Jo Hall
	The city of Kumamoto
	Conference language and time zone
	Climate
	Currency and payment
	Electricity

	Floor Map
	Schedule at a Glance
	Presentation of speakers
	Plenary Speakers
	PL-01 Nobuya Mori
	PL-02 Farzan Jazaeri, Jean-Michel Sallese
	PL-03 Xi-Wei Lin, Ti-Yung Lan, Kelly Morgan, Xiaopeng Xu, Soren Smidstrup, Julian Schneider

	Invited Speakers

	Program
	Session PL: Plenary
	Session 1: Memory Devices
	Session 2: Carrier Transport
	Session 3: Two-Dimensional Materials
	Session 4: Numerical Methods and Algorithms
	Session 5: Atomistic/Ab-initio Modeling
	Session 6: Process Simulation
	Session 7: Circuit Simulation and Compact Modeling
	Session 8: Quantum Devices
	Poster Session
	Session 9: Advanced CMOS Devices
	Session 10: Defects, Reliability and Variability
	Session 11: Artificial Intelligence and Machine Learning
	Session 12: Thermal Transport and Electro-Thermal Modeling

	List of Papers
	PL-01 Bridging Semiconductor Physics and Device Engineering: From Crystal Anisotropy to Efficient Quantum Transport
	PL-02 The EPFL Cryogenic MOSFET Model
	PL-03 From Atom to System: Multi-scale Thermal, Mechanical, and Reliability Modeling of Advanced Packages for AI (tentative)
	1-01 From Device Physics to Circuit Co-Design: Multi-Physics Modeling of Monolithic 3D CMOS-NEM Hybrid Circuits
	1-02 Simulation Study on Scaling Limits of Z-direction Pitch in 3D Flash Memories: Toward the Sub-40 nm Regime
	1-03 Vertical Channel-All-Around a-IGZO-FET Towards 2T1D eDRAM Design with Self-Boosted Storage-Node Voltage
	1-04 Compact Modeling of the Program Saturation Regime inCharge Trap Flash Memories
	1-05 Enabling 4F DRAM Junctionless Vertical Channel Transistors with Novel Oxygen Inserted Si Substrates - A TCAD Study
	2-01 Three-Dimensional Quantum Transport in Nanosheet FETs: Effects of Contacts, Geometry, and Multi-Stacks
	2-02 Alloy-scattering-limited Hole Mobility in SiGe:First-principles-based Multi-scale Approach
	2-03 Framework for Investigating Cryogenic Hole Mobility in Group-IV-Alloy Quantum Wells
	2-04 Two-Particle Monte Carlo for TCAD: FermionicTreatment of Electron-Electron Scattering
	2-05 Quantum Transport Simulation Considering Self-Energy for Surface Roughness in Nanosheet FETs
	3-01 Interface Modeling for TCAD Simulations of 2D Semiconductor Transistors
	3-02 Deterministic Full-Band Boltzmann Equation Solver for 2D Materials
	3-03 Engineering of n-type Metal-TMD Contacts via Ferroelectric Polarization: an Ab-initio Transport Study
	3-04 Full-Band Semi-Classical Monte Carlo Simulation of Layer Number-Dependent Hole Transport in W- and Mo-Based Transition Metal Dichalcogenides
	3-05 Strain-Dependent Electron Transport in Mono-, Bi-, and Trilayer MoS2 and WS2 Using Coupled First-Principles and Full-Band Semi-Classical Monte-Carlo Simulation
	4-01 Efficient Simulation of Gate Leakage Currents in Ultra-scaled Transistors from First Principles
	4-02 Efficient STEM-EBIC Simulation Using an Adjoint Drift-Diffusion Model
	4-03 Harmonic Balance Boltzmann Equation Solver for Gunn Domains
	4-04 Challenges of Drift-Diffusion Simulation for Device Characterization at 4.2 K
	4-05 A TCAD-Friendly Numerical Treatment of Bandtails in Cryogenic and Amorphous Oxide Semiconductors
	5-01 Atomistic Quantum Transport for the Angstrom Era
	5-02 SCDMk Wannierization from AO Basis Sets
	5-03 Atomistic Insights into NH3 Plasma-Induced Carbon Depletion and Nitrogen Incorporation in SiCOH Low-K Dielectrics
	5-04 First-Principles Electrostatic Embedding for Dielectric and Capacitance Analysis in Nonequilibrium 2D Devices
	5-05 Neural-Network-Based Effective-Mass Hamiltonians for Quantum Transport
	5-06 Thickness-Dependent Conductivity Scaling of B20-Type Chiral Topological Semimetals for Beyond-Cu Interconnect Applications
	5-07 DFT-NEGF Modeling of Surface Roughness Scattering in Ultra-Thin-Body Si Nanosheets
	6-01 Unified Lattice Kinetic Monte Carlo Model for Epitaxy, Etch and Reflow Processes for Advanced Semiconductor Device Architectures
	6-02 A First-Principles Study of F2 Selective Etching of Si/SiGe Stacks towards Sub-3 nm Node Transistor Manufacturing
	6-03 Geometry-Agnostic Feature-Scale PEALD Model
	6-04 GPU-Accelerated Feature-Scale Process Simulation of CFET Structures
	6-05 Surrogate-Assisted Calibration of a DRIE Process Model
	7-01 Compact Model of Intersubband Coulomb Scattering for FD-SOI Transistors Operating at Cryogenic Temperature
	7-02 A TCAD-SPICE Simulation Framework for Quantitative Evaluation of MOSFET Properties from SEM Transient Signals
	7-03 PrimeSim D2D: A Scalable, Machine Learning-assisted Data-Driven Modeling Framework for Fast DTCO
	8-01 Device-Consistent Simulation of Spin Exchange Interaction in Quantum Dots Using Green's-Function Method for Inhomogeneous Dielectric Environments
	8-02 Fast exchange energy simulation in Si spin qubitsfor point defect variability assessment
	8-03 Simulation of Two-qubit Gate Variability and Fidelity of Spin Qubits Built on Nanosheet Technology
	9-01 Efficient DC Simulation of Monolithic CFETs Using a Quasi-1D Approach
	9-02 Impact of 4F2 DRAM Access Transistor Design on Floating Body Effect and Retention
	9-03 Multiscale Modeling of Channel Surface Roughness: Impact on Front-End-of-Line And Circuit Performance for Advanced Logic Technology
	9-04 Impact of Thermal Expansion Mismatch-Induced NMOS Metal Gate Stress on MBCFET Performance
	9-05 Modeling of Soft Errors in CFET SRAM Using Machine Learning-Assisted Circuit Simulation
	9-06 Low-Temperature Behavior in Silicon Nanowire n-FETs Studied by Atomistic NEGF
	10-01 Multi-Scale Statistical Modeling of Random Telegraph Noise in Sub-Micrometer CIS
	10-02 Antisite Disorder in the Native Oxide Insulator beta-Bi2SeO5: A First-Principles Study
	10-04 Modeling the Memory Window Distribution in FeFETs Considering Grain Variability
	10-05 Modeling Counterclockwise Current Hysteresis in Oxide Thin-Film Transistors
	10-06 Disentangling Hysteresis in Emerging Transistors:Beyond Threshold Shifts to Area-Based Decomposition
	10-07 First-Principles Evaluation of p-type Conductivity in Zn-Doped Bismuth Oxyselenide (Bi2O2Se)
	11-01 Atomistic Modeling of Mg-Ion Implantation into GaN using an Efficient Machine-Learned Interatomic Potential
	11-02 k-space resolved surrogate models for efficientinverse design of optical metasurfaces
	11-03 Physics-Informed Neural Networks for Stable Drift-Diffusion Simulation and Inverse Parameter Extraction in 2D Semiconductors Devices
	11-04 A Deep Learning Framework for Fast, Unified Process and Device TCAD Simulation
	12-01 A Novel 2.5D Thermal Coupling Model for Device/Metal Reliability Applications
	12-02 Joule heating and thermal transport in 2D materials for device applications
	12-03 Monte Carlo Modeling of Phonon Drag Effects on Thermoelectric Transport in Silicon Nanostructures with doping modulation
	P-01 Monte Carlo Simulation of the Silicon-Channel Thickness Dependenceof Nanosheet Performance
	P-02 Multi-subband Monte Carlo Simulation of ScaledForksheet FETs
	P-03 Performance Analysis of Silicon GAA-NS-FETs
	P-04 Revealing New Leakage Paths in GAAFETs using Predictive First Principle Simulations
	P-05 Self-Heating and Radiation Hardness Studies of 3nm GAA-FET-Based SRAM with Different Substrate Isolation Techniques
	P-06 Circuit-to-Micromagnetics Analysis of Read Disturbance in Two-Terminal SOT-MRAM
	P-08 TCAD-Based Word Line Driver Optimization for NAND-type 3D Flash Memory Scaling
	P-09 Avalanche Breakdown in IGBT Corners with VLD Termination: Quantitative 3D TCAD Investigation
	P-10 Physics-Informed Compact Modeling of Leakage and Breakdown in GaN-on-Si Devices
	P-11 SOI PeDMOS RON-BV-IOFF tradeoff optimization through TCAD simulations
	P-12 Double-Gate LDMOS Transistors with Exceptional Figure-of-Merit Exceeding 700 kW/mm2
	P-13 Unified TCAD Simulation Framework for InGaAs/InP Single-Photon Avalanche Diodes
	P-14 Revisiting Random Dopant Fluctuation at CryogenicTemperature: the Effect of Incomplete Ionization
	P-15 Hot Carriers and Self-Heating Effects in FD-SOI Devices at Cryogenic Temperatures
	P-16 DFT Modeling of O2-Driven Fragmentation and Islanding from MoS2 Nanoworms
	P-17 Modeling and Simulation of Exciton Dynamics in Transition MetalDichalcogenides Heterostructures
	P-18 Analytical SOT MRAM Modeling : From Deterministic to Fokker-Planck based Stochastic Switching
	P-19 Quasi-Bound State Tunneling in GaN Devices using 2D NEGF with Supercell Mode-Space Method
	P-20 Semi-Classical Monte Carlo Simulation of Contact Geometry Effect on Source/Drain Junction Resistance in N-Type Si Fin and Nanosheet FETs
	P-21 Carrier Density Dependent Transport in Monolayer WS2
	P-22 Lattice-Based Quantum Phonon Transport in FD-SOI Transistors
	P-23 FE-NEGF for Cryogenic Thermal Management
	P-24 A Fokker-Planck Approach for Modeling Temperature-Dependent Two-Phase Switching Dynamics in Ferroelectrics
	P-25 Multi-Stage Etch Recipe Inverse Design: Bridging Expert Behavioral Cloning and Reinforcement Learning
	P-26 Layer-by-layer oxidation of HfSe2 and formation of clean van der Waals interfaces with 2D semiconductors: A first-principles molecular dynamics study
	P-27 Twisting in High Aspect Ratio Etching with Charging Effects as a Stochastic Mechanism
	P-28 Impact of Surface Charging on Feature Profile Evolution in 3D NAND Pillar Etching
	P-29 Pulsed Bias Etching of Silicon Pillar Arrays: Experiment and Surface-Memory Simulation of Loading Control
	P-30 Experiment-Based Modeling of Wafer-to-Wafer Bonding for 3D Integration
	P-32 Multi-Phase-Field Modeling of Thin-Film Silicidation
	P-33 SEMulator3D Linking Deposition Process to Electrical Metrics-Accelerated WAT Learning
	P-34 SPER-Driven Dislocation Nucleation and Uphill Diffusion Modeling for Advanced Semiconductor Processing
	P-35 Feature Charging During Cryogenic Plasma Etching
	P-36 A Covariance Matrix Adaptation Evolutionary Strategy Parameter Extractor for BSIM-CMG
	P-38 Comprehensive SPICE Compact Modeling of Split-Gate Embedded Flash Memory for Transient and Worst-Case Operation Failure Simulation
	P-39 SPICE Modeling Method of Reverse Recovery Based on TCAD Analysis
	P-40 First-principles calculation of free carrier absorption in 4H-SiC
	P-41 Low-temperature enhancement of quantum hybridization-induced negative differential resistance in a Pb-free 1D halide perovskite
	P-42 Multi-space density functional simulations of WSe2 p-n junctions
	P-43 Machine Learning Framework for the Inverse Design of Tight-Binding Parameters in Compound Semiconductors
	P-44 A Machine-Learning Accelerated Atom-to-Transistor Simulation Framework
	P-45 Physics-Enhanced LSTM Modeling of Electric Double-Layer Transistors
	P-46 Power-Performance Assessment of 48 nm Gate-Pitch CFETs Using Experimentally Calibrated Physics-Informed ANN Models
	P-47 AI-driven TCAD Surrogate Modeling and Multi-Objective Optimization for Accelerated Technology Development
	P-48 Accelerating Simulation of General Gate-All-Around Transistors via a Quasi-1D Model
	P-49 Machine Learning Accelerated Geometry Optimization under External Electric Fields


