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Abstract

Monte Carlo random walk methods are widely used in capac-
itance extraction for their mesh-free formulation and inherent
parallelism. However, modern semiconductor technologies
with densely packed structures present significant challenges
in unbiasedly sampling transition domains in walk steps with
multiple high-contrast dielectric materials. We present Deep-
RWCap, a machine learning-guided random walk solver that
predicts the transition quantities required to guide each step
of the walk. These include Poisson kernels, gradient kernels,
signs and magnitudes of weights. DeepRWCap employs a
two-stage neural architecture that decomposes structured out-
puts into face-wise distributions and spatial kernels on cube
faces. It uses 3D convolutional networks to capture volumet-
ric dielectric interactions and 2D depthwise separable con-
volutions to model localized kernel behavior. The design in-
corporates grid-based positional encodings and structural de-
sign choices informed by cube symmetries to reduce learning
redundancy and improve generalization. Trained on 100,000
procedurally generated dielectric configurations, DeepRW-
Cap achieves a mean relative error of 1.24 ± 0.53% when
benchmarked against the commercial Raphael solver on the
self-capacitance estimation of 10 industrial designs spanning
12 to 55 nm nodes. Compared to the state-of-the-art stochas-
tic difference method Microwalk, DeepRWCap achieves an
average 23% speedup. On complex designs with runtimes
over 10 s, it reaches an average 49% acceleration.

Code — https://github.com/THU-numbda/deepRWCap
Extended version — https://arxiv.org/abs/2511.06831

1 Introduction
The extraction of parasitic capacitance is a key step in the
design and verification of Integrated Circuits (ICs), which
involves analyzing the physical layout before fabrication to
ensure that it meets timing, power consumption, and sig-
nal integrity requirements. Accurate capacitance extraction
(typically within 5% error) has become increasingly chal-
lenging as the semiconductor industry shifts toward more
complex process technologies (Yu, Song, and Yang 2021).
With the deceleration of Moore’s Law, the industry has
shifted from 2D to 3D integration, leveraging tightly packed

*These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

architectures to sustain performance improvements. Tran-
sistor structures evolve from FinFETs to Gate-All-Around
and Complementary Field-Effect Transistors (Mukesh and
Zhang 2022; Liebmann et al. 2021). At the circuit level, ver-
tically stacked ICs enable smaller footprints while reducing
interconnect lengths (Gomes et al. 2022; Wuu et al. 2022).

These increasingly complex 3D structures pose signif-
icant computational challenges for capacitance extraction.
Traditional methods for capacitance extraction struggle to
balance computational accuracy and efficiency in modern
IC design. Electrostatic field solvers such as the finite-
difference method (FDM) deliver high accuracy but suffer
from poor scalability when applied to large structures (Yu
et al. 2013). Pattern matching-based approaches offer com-
putational efficiency and scalability, but provide no accuracy
guarantees and rely heavily on specialized domain exper-
tise (Yang et al. 2023).

Random walk methods provide a scalable stochastic
framework for solving elliptic partial differential equations
(PDEs) such as Poisson and diffusion equations. Origi-
nating from the classical Walk-on-Spheres (WoS) algo-
rithm (Muller 1956), they leverage the duality between
PDEs and stochastic processes. They have gained renewed
interest in computer graphics and deep learning applica-
tions (Sawhney and Crane 2020; Li et al. 2023; Miller et al.
2024; Nam, Berner, and Anandkumar 2024) due to the inher-
ent parallelism and controllable accuracy. However, while
WoS has been extended to support varying diffusion coeffi-
cients (Sawhney et al. 2022), it requires the coefficient to be
twice-differentiable and is inapplicable to the piecewise con-
stant dielectrics in ICs. Thus, the random walk method for
capacitance extraction still requires computationally expen-
sive transition evaluations to guide each step when dealing
with complex multi-dielectric domains (Visvardis, Liaskovi-
tis, and Efstathiou 2023; Huang and Yu 2024, 2025).

Recent advances in machine learning have introduced AI-
based techniques across various Electronic Design Automa-
tion (EDA) applications, including code generation, place-
ment, and routing optimization (Cheng et al. 2022; Zhong
et al. 2024; Lai et al. 2025). In the domain of capacitance
extraction, learning-based methods either replace traditional
solvers by directly predicting capacitance from layout ge-
ometry (Yang et al. 2023; Liu et al. 2024; Cai et al. 2024) or
assist core computational steps in numerical algorithms such
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Figure 1: Illustration of the neural-guided random walk capacitance extraction framework: (a) FinFET structure, (b) transition
cube, (c) compact CNN, and (d) predicted kernels.

as random walk methods (Visvardis, Liaskovitis, and Efs-
tathiou 2023). However, the fully learning-based methods
struggle to generalize across different designs and technol-
ogy nodes, and the hybrid methods do not offer a compelling
efficiency-accuracy trade-off.

In this work, we present DeepRWCap, which builds upon
a neural-guided random walk framework as illustrated in
Fig. 1. The framework leverages compact CNNs to acceler-
ate the random walk-based capacitance extraction. In Fig. 1,
starting from a FinFET structure embedded in heteroge-
neous dielectrics (Fig. 1a), a local transition cube (Fig. 1b) is
extracted to represent the dielectric environment surround-
ing each walk step. This cube is processed by compact,
depthwise-separable CNNs (Fig. 1c) that estimate one of the
transition quantities, the Poisson kernel (Fig. 1d) to inform
the next move in the walk. Our contributions are threefold:
(1) a unified neural architecture for predicting both Poisson
and gradient kernels across multi-dielectric domains, (2) a
GPU-accelerated inference engine with producer-consumer
scheduling for high-throughput sampling, and (3) an exten-
sive evaluation on 10 industrial test cases with different tech-
nology nodes, showing an average 23% speedup over the
state-of-the-art method (Huang and Yu 2025) while preserv-
ing high accuracy with a mean relative error of 1.24%.

2 Related Work
Monte Carlo Methods for Capacitance Extraction The
Floating Random Walk (FRW) method (Y. L. Le Coz and
R. B. Iverson 1992; Yu et al. 2013) adapts Monte Carlo
techniques to rectilinear IC geometries using cubic transi-
tion domains. Several approaches address the computational
challenge of transition kernel evaluation: OCT (Yang and
Yu 2020) approximates dielectric configurations through
volume-weighted averaging but introduces errors in high-
contrast scenarios; AGF (Huang and Yu 2024) provides
exact solutions for stratified dielectrics but requires cube
shrinking or volume-weighted averaging to handle non-
stratified cases, increasing the Monte Carlo variance or in-
troducing approximation errors; Microwalk (Huang and Yu
2025) achieves unbiased FRW transitions but lacks support
for the first step of each walk (gradient sampling), requiring
fallbacks to AGF and cube shrinking.

Learning-Based Methods for Capacitance Extraction.
CNN-Cap (Yang et al. 2023) employs ResNet architec-
tures to directly predict layout capacitances by representing
conductors as binary masks across different layers. GNN-
Cap (Liu et al. 2024) uses Graph Convolutional Networks
with spatial message passing to extract capacitances, achiev-
ing comparable accuracy with better scalability than CNN-
based approaches. While these methods offer speedups over
electrostatic solvers, they require retraining for each pro-
cess node since dielectric distributions are learned implic-
itly rather than explicitly modeled. PCT-Cap (Cai et al.
2024) uses Point Cloud Transformers with 8-dimensional
feature vectors that include spatial coordinates, normal vec-
tors, and relative dielectric permittivities. While achieving
higher accuracy than CNN-based methods, it approximates
multi-dielectric scenarios through local averaging around
each point, which inadequately captures the global dielec-
tric structure between conductors, limiting its applicability
to conformal dielectrics.

Hybrid Methods for Capacitance Extraction. Visvardis
et al. present deep learning-driven random walks using
Group-Equivariant Convolutional Neural Networks (GE-
CNN) (Worrall and Brostow 2018) with autoencoder com-
pression and Gaussian Mixture Models (GMM) for sam-
pling (Visvardis, Liaskovitis, and Efstathiou 2023). How-
ever, several limitations hinder practical deployment: the
group equivariant representation creates information bot-
tlenecks by aggressively reducing the spatial dimensions,
the synchronous walker architecture underutilizes paral-
lelism, and the CPU-only implementation results in run-
times that are 12× slower than vanilla FRW methods (Vis-
vardis, Liaskovitis, and Efstathiou 2023). Additionally, the
restricted dielectric range [1, 10] and GMM’s inability to
capture sharp discontinuities from high-contrast interfaces
limit applicability to advanced semiconductor technologies.

3 Preliminaries
3.1 Capacitance Extraction
For a system of Nc conductors in a three-dimensional,
multi-dielectric domain Ω ⊂ R3, the capacitance matrix
C ∈ RNc×Nc describes the linear relation between the
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electric potentials u ∈ RNc and the conductor charges
q ∈ RNc (Smolić and Klajn 2021):

q = Cu. (1)

The diagonal element Cii is the self-capacitance of conduc-
tor i, and Cij for i ̸= j is the coupling capacitance between
conductors i and j.

To compute Cij , we set up an electrostatic problem where
conductor j is held at a unit potential (uj = 1) and all other
conductors are grounded (uk = 0, ∀k ̸= j). The target ca-
pacitance is then equal to the charge on conductor i, which
can be expressed via Gauss’s law (Griffiths 2023) as

Cij = qi = −
∮
Gi

α(r)
∂u(r)

∂nr
ds, (2)

where Gi is a Gaussian surface enclosing conductor i, α is
the spatially varying dielectric permittivity (i.e., the diffu-
sion coefficient in Laplace’s equation), and nr is the unit
outward normal vector at r. The electrostatic field u(r) sat-
isfies the following boundary value problem of Laplace’s
equation:


∇ · (α(r)∇u(r)) = 0, r ∈ Ω,
∂u(r)
∂nr

= 0, r ∈ ∂Ω0,

u(r) = uk, r ∈ ∂Ωk, 1 ≤ k ≤ Nc,

(3)

where the Neumann boundary ∂Ω0 represents the extraction
window and the Dirichlet boundaries ∂Ωk are the conductor
surfaces, such that ∪Nc

k=0∂Ωk = ∂Ω and ∂Ωk1
∩ ∂Ωk2

=
∅, ∀k1 ̸= k2. In essence, capacitance extraction is applying
numerical methods to solve (3) and evaluate the surface in-
tegral in (2).

3.2 Floating Random Walk Method
The connection between PDEs and stochastic processes
is well established through Kakutani’s theorem (Kaku-
tani 1944) and, more generally, Feynman-Kac for-
mula (Øksendal 2003). Specifically, the solution to
Laplace’s equation has the following stochastic representa-
tion

u(r) = E[u(Wξ
τ )|ξ = r], (4)

where Wξ
t is a standard Brownian motion starting at ξ, and

τ is the first hitting time of Wξ
t to the Dirichlet boundary.

To adapt to the rectilinear geometries of circuit layouts,
the floating random walk (FRW) method uses cubes to “hop”
in the problem domain (Y. L. Le Coz and R. B. Iverson
1992). The resulting FRW process forms a discrete-time
Markov chain Xk, where each transition is sampled on the
surface of the largest cube centered at Xk (the so-called
transition cube). The transition probability kernel is the
Poisson kernel pα (Axler, Bourdon, and Wade 2001)1. It is
the normal derivative of the Green’s function for Laplace’s

1It is also referred to as “surface Green’s function” in litera-
ture (Visvardis, Liaskovitis, and Efstathiou 2023; Huang and Yu
2024).
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Figure 2: An FRW trajectory from conductor i to j with ex-
ample transition kernels, showing (a) the initial step, (b) an
intermediate step, and (c) the boundary hit.

equation in the cube and depends on the dielectric config-
uration α within the cube. Based on the FRW process, the
solution to (3) is expressed as

u(rk) = E[u(Xk+1)|Xk = rk]

=

∮
∂S(rk)

u(rk+1)pα(rk+1|rk)ds,
(5)

where S(rk) is the transition cube centered at rk. We re-
cursively apply Monte Carlo integration based on (5) until
hitting the Dirichlet boundary at some rT , in which case
the boundary condition u(rT ) is an unbiased estimator for
u(rk). Combining this estimator and our target integral in
(2), we obtain the FRW estimator for capacitance

q̂i = −
α(r)

f(r)
wα(r)sα(r, r1)u(rT ), (6)

where f(r) is the probability density on Gi, wα(r) =∮
∂S(r)

∣∣∣∂pα(r1|r)
∂nr

∣∣∣ ds1, and sα(r, r1) = sign(∂pα(r1|r)
∂nr

). The

transition kernel is gα(r1|r) =
∣∣∣∂pα(r1|r)

∂nr

∣∣∣ /wα(r) for the
first transition and pα(rk+1|rk) for the subsequent transi-
tions (Yu et al. 2013). See (Huang, Yang, and Yu 2024) for
the derivation and proof.

4 DeepRWCap: Neural-Guided Random
Walk Solver

DeepRWCap is a neural-guided framework that accelerates
random walk-based capacitance extraction by learning to
predict transition kernels in non-stratified domains. We for-
mulate this as a supervised learning problem and describe
our synthetic dataset generation approach for training on
procedurally generated dielectric configurations. We present
a neural architecture that exploits cube symmetries to avoid
learning redundancy and integrates with a high-throughput
inference engine for efficient random walk sampling.

4.1 Problem Formulation: Multi-Dielectric
Transition Kernel Learning

For a transition cube S ⊂ R3, let α : S → R>0 denote
the relative permittivity, which is a piecewise constant func-
tion in actual IC technologies, representing the planar dielec-
tric layers and layout-dependent dielectric blocks (see Fig.
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1). Performing an unbiased FRW transition requires a set of
transition quantities: the Poisson kernel pα : ∂S → R>0, the
weight value wα ∈ R>0, the sign distribution sα : ∂S →
{−1, 0, 1}, and the gradient kernel gα : ∂S → R≥0. Note
that they depend only on the relative dielectric configuration
inside S and are independent of the absolute location of the
cube. Therefore, the learning problem is to approximate the
mapping from α to wα, sα, gα for the first transition, and pα
for the subsequent transitions.

We discretize the transition cube on an N × N × N
voxel grid, where the dielectric α is represented as a ten-
sor X ∈ RN×N×N . Since the target quantities are invariant
to global scaling of α, we normalize each input such that
Xi,j,k =

αi,j,k

max(α) ∈ (0, 1]. The target surface functions are
discretized over the six cube faces as tensors sα,gα,pα ∈
R6×N×N . This not only provides a robust and high-fidelity
data representation, but also aligns with the standard finite-
difference scheme in numerical solutions of the Poisson ker-
nel (Huang and Yu 2025).

4.2 Training Dataset Generation
The FRW transition quantities exhibit a highly non-linear
dependence on the dielectric configuration (Huang and Yu
2024) and the governing equations are not available in ex-
plicit forms. This precludes the use of physics-informed ob-
jectives (Raissi, Perdikaris, and Karniadakis 2019) and mo-
tivates a fully data-driven learning framework.

To enable models that generalize across different semi-
conductor technologies, we synthesize a dataset D =

{w(i)
α , s

(i)
α ,g

(i)
α ,p

(i)
α ;X (i)} using a block-based generative

procedure (Alg. 1) that emulates real-world dielectric pat-
terns. Each block is parameterized by its center (cx, cy, cz),
side lengths (lx, ly, lz), and relative permittivity κ. To mimic
materials in practical technologies, we empirically design
RandomDielectric in Alg. 1 as sampling a low-κ distribu-
tion U(2, 10) with 80% probability or a high-κ distribution
U(10, 80) with 20% probability. Nested structures are ran-
domly added (line 6-11 in Alg. 1) to mimic conformal coat-
ings. Blocks in the list can overlap, with earlier ones overrid-
ing later ones. This algorithm produces high-contrast over-
laps and sharper kernels compared to real layout dielectrics.

After placing the blocks via Alg. 1, the domain [−1, 1]3
is treated as the transition cube and voxelized as the ten-
sor representation X (i). With a given X (i), we use a finite-
difference-method (FDM) solver (Huang and Yu 2025) to
obtain the targets w(i)

α , s
(i)
α ,g

(i)
α ,p

(i)
α .

4.3 Network Architecture for Transition Kernel
Prediction

The Poisson kernel is equivariant to the symmetry group of
the cube, meaning that for any symmetry (including rota-
tions, reflections, and inversions), the kernel values permute
and transform consistently with the geometric transforma-
tion of the cube.

Thus, predicting this pα ∈ R6×N×N with a single model
would introduce a high amount of redundancy across faces.
A capacitance extraction typically requires millions of tran-
sitions, demanding a large number of neural network eval-

Algorithm 1: Random Dielectric Configuration
Input: Block count B, nesting probability pnest
Output: A list of dielectrics L

1: L← [ ]
2: for i = 1 to B do
3: Sample cx, cy, cz ∼ U(−2, 2); lx, ly, lz ∼ U(0, 4);
4: Sample κ ∼ RandomDielectric;
5: Append a block (cx, cy, cz, lx, ly, lz, κ) to L;
6: while U(0, 1) ≤ pnest do
7: l′ ← max(lx, ly, lz)/10;
8: lx ← lx + l′; ly ← ly + l′; lz ← lz + l′;
9: Sample κ ∼ RandomDielectric;

10: Append a block (cx, cy, cz, lx, ly, lz, κ) to L;
11: end while
12: end for
13: Sample κ ∼ RandomDielectric;
14: Append a background block (0, 0, 0,∞,∞,∞, κ) to L;

23

23
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64
6

51123
128

Conv3d Conv3d Conv3d

FF

Feed Forward NetworkFeature Extraction

C = 8C = 4 C = 16C = 1

Figure 3: Face selector network architecture (N = 23).

uations. This requirement makes model efficiency critical.
Additionally, such a model would have to accurately predict
both the shape of the Poisson kernel on each face as well as
the overall probability across all faces.

A two-stage prediction system avoids this redundancy and
simplifies the learning complexity by first predicting a cat-
egorical distribution F ∈ R6 where Fi =

∑
j,k(pα)i,j,k

across the six faces, and afterwards, predicting the condi-
tional probabilities on the selected face (pα)i,:,:

Fi
∈ RN×N .

The categorical distribution F requires modeling the inter-
actions between the dielectrics within the transition cube. To
capture these 3D spatial dependencies efficiently, we employ
a 3D convolutional network referred to as the face selector
Fθ. It consists of four convolutional layers with a stride of
2 to progressively downsample the input dielectric tensor, as
shown in Fig. 3. The extracted features are then processed
by a feed-forward network. The model output is normalized
via softmax. The model is trained to minimize the KL diver-
gence loss:

Lface-select(θ) = DKL[F ∥ softmax(Fθ(X ))]. (7)

For single-face Poisson kernel prediction, we treat the
cube slices parallel to the target face as a stack of feature
maps with N channels. The face predictor Gθ is imple-
mented using 2D depthwise separable convolutions (Howard
et al. 2017), as shown in Fig. 4. The depthwise convolu-
tions capture spatial patterns within each cube slice, while
pointwise convolutions model inter-slice interactions across
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Figure 4: Face predictor network architecture (N = 23).

the channel dimension. This separation significantly reduces
computational cost and aligns with the fact that the Poisson
kernel’s dependence on the dielectrics decays rapidly with
distance from the surface.

To provide explicit spatial context and assist the learn-
ing of the low-frequency components of the Poisson kernel,
we concatenate the input with a simple grid-based positional
encoding (PE), adding two extra channels (x, y) (Liu et al.
2018). This results in an input tensor X̃ ∈ R(N+2)×N×N .
Since Poisson kernel is inherently non-negative, the last
layer of Gθ is a ReLU activation. Finally, the output of Gθ is
normalized using L1 normalization to ensure a valid proba-
bility distribution. The loss function is defined as:

Lface-predict(θ) = DKL

 (pα)i,:,:
Fi

∥∥∥∥∥∥ Gθ(X̃ )∥∥∥Gθ(X̃ )∥∥∥
1

 . (8)

As discussed in Section 3.2, the first transition in each
walk requires a special set of quantities: the weight value
wα, the sign distribution sα and the gradient kernel gα. In
practice, different components (x, y, or z) of the gradient can
be requested, depending on the orientation of the Gaussian
surface at the first sample point.

We only learn the z-component and derive the other com-
ponents via cube symmetries, i.e., applying corresponding
rotations and reflections to the dielectric input. Similarly, we
employ a two-stage process, with a gradient face selector
and gradient kernel predictors.

The weight prediction constitutes a cumulative regression
task similar to the face selector. We extend the output dimen-
sion of face selector Fθ from 6 to 7 to simultaneously pre-
dict the face-wise distribution F∇

i =
∑

j,k(gα)i,j,k and the
weight magnitude wα ∈ R. To accommodate this increased
complexity, we scale up the network size appropriately (see
Section 5.2). The training objective combines a KL diver-
gence for face-wise probabilities with Mean Squared Error
(MSE) for weight regression:

Lgrad-face-select(θ) = DKL[F
∇ ∥ softmax(Fθ(X )1:6)]

+ λ|wα −Fθ(X )7|2.
(9)

Given the structural similarity between the sign distribu-
tion sα and the gradient kernel gα, we propose to learn the
signed gradient kernel sαgα rather than modeling them sep-
arately. However, the gradient kernel is equivariant only to
a subgroup of cube symmetries, necessitating at least two
specialized face predictors to properly characterize the tan-
gent (parallel to Gaussian surface) and normal (perpendic-
ular to Gaussian surface) faces. The normal-face gradient

kernels exhibit challenging learning characteristics includ-
ing sign ambiguities and dual-peaked distributions, motivat-
ing the use of deeper network architectures (see Section 5.2).
Since the signed target includes both positive and negative
values, we do not employ the ReLU activation in the face
predictor Gθ and use MSE as the training loss:

Lgrad-face-predict(θ) =

∣∣∣∣∣ (sαgα)i,:,:
F∇

i

− Gθ(X̃ )
∥Gθ(X̃ )∥1

∣∣∣∣∣
2

. (10)

4.4 High-Throughput Inference Implementation
Our implementation targets high-throughput capacitance ex-
traction using (1) an asynchronous producer-consumer ar-
chitecture for continuous GPU utilization, (2) multi-instance
model deployment for pipeline parallelism, and (3) custom
CUDA kernels for efficient data processing.

Batched GPU Processing Architecture When a walker
encounters a non-stratified transition domain, the system
employs the lightweight models described in Section 4.3,
following the two-stage pipeline shown in Figure 5. To max-
imize GPU utilization, transition domain sampling is per-
formed in batches rather than individually. We implement
a producer-consumer architecture where each thread man-
ages a walker pool and submits transition tasks to a lock-free
queue.

Multi-Instance Deployment To reduce latency, we de-
ploy multiple model instances enabling simultaneous GPU
processing and CPU-GPU data transfers. We instantiate one
Poisson solver for every two walker threads and one gradient
solver shared across all walkers. Data is processed as soon
as available, preventing walker threads from stalling while
waiting for GPU results.

Transition 
cube 

(structure)

Predict Gradient 
Tangent

Gradient,
gα & sα

Predict Total
Weight

weight, wα

Predict Gradient 
Normal

Predict Poisson 
Kernel

Poisson Kernel, pα
2D Transform

Stage 2 

Voxelization

Dielectric 
Normalization

Predict Face 
Distribution

Sample Face3D Transform

Stage 1 

Figure 5: Transition quantities prediction pipeline.
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Optimized Data Processing and Model Inference To
maximize throughput, we minimize GPU memory transfers
by transmitting compact structural descriptions rather than
voxelized data, performing voxelization directly on GPU.
Model inference uses TensorRT FP16 compilation and cus-
tom fused CUDA kernels for dielectric transformations.

5 Experimental Results
5.1 Experimental Setup
All experiments were conducted on a server equipped with
an Intel Xeon Silver 4214 CPU @ 2.20GHz and an NVIDIA
RTX 4090 GPU. The transition cubes were discretized with
N = 23. The TensorRT compilation and custom CUDA
kernel optimizations described in Section 4.4 are critical for
achieving practical deployment speeds as shown in Figure 6.

5.2 Model Training
Datasets. We generated two comprehensive training
datasets using the procedure described in Alg. 1 with B = 5
and pnest = 0.2. The first dataset contains 100,000 sam-
ples for Poisson kernel prediction. The second dataset com-
prises 100,000 samples for gradient kernel prediction. Both
datasets were split 90-10 for training and validation. The
FDM solver took 1.7 hours to generate the dataset.

Training configuration. All models were trained using
batch size of 16 for 200 epochs with the AdamW optimizer
using β1 = 0.9, β2 = 0.999, and no weight decay. Gra-
dient clipping was applied with a maximum norm of 1.0.
The learning rate schedule employed cosine annealing from
1× 10−3 to 5× 10−6 with a warmup period during the first
20 epochs. For the dual-objective loss function in (9), we
used λ = 1. Each full training run required 12.3 hours.

Model Implementation Details. The face solver architec-
ture (see Fig. 4) comprises a positional encoding layer fol-
lowed by a channel projection using 1×1 convolutions (from
23 + 2 input channels to 16 channels), four depthwise sep-
arable layers with channel progression (16, 16, 8, 4, 2) and
increasing dilation rates (1, 1, 2, 3), and a final 1×1 convolu-
tion head. The dilated convolutions enable the model to cap-
ture larger spatial contexts while maintaining computational
efficiency and producing smoother output distributions.
Each depthwise separable block consists of a 3 × 3 depth-
wise convolution, batch normalization, GELU activation,
followed by a 1 × 1 pointwise convolution, batch normal-
ization, and GELU activation. The tangent gradient solver
variant follows the same structure, and the normal gradient
solver includes wider channels (64, 64, 32, 32, 16, 16, 8, 4).
The 3D face selector networks (see Fig. 3) use standard
3D convolutions with a stride of 2, batch normalization,
GELU activations, followed by fully connected layers. We
use channel progressions of (1, 4, 8, 16) for Poisson kernels
and (1, 8, 16, 64) for gradient kernels.

5.3 Capacitance Extraction Results
Cases 1-6 involve simple parallel-wire structures across dif-
ferent metal layers and technologies. Cases 7-10 are FinFET
structures with local interconnects, with cases 9-10 being
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Figure 6: Performance analysis after introducing custom
CUDA Kernels and TensorRT compilation, benchmarked
with a batch size of 2048: (a) Poisson and (b) Gradient.

particularly challenging due to high-contrast conformal di-
electrics. For all cases, the FRW process terminates when the
estimated stochastic error falls below 1%. Ground-truth val-
ues are obtained from Raphael, which takes hours per case.

DeepRWCap was configured with 8 walker threads (512
walkers per thread), 4 threads for Poisson sampling, and 1
thread for gradient sampling. The CPU-based FRW-FDM,
FRW-AGF (Huang and Yu 2024) and Microwalk (Huang
and Yu 2025) used 16 walker threads. For a fair compari-
son, the GE-CNN approach (Visvardis, Liaskovitis, and Ef-
stathiou 2023) was adapted to the same GPU-accelerated ar-
chitecture as DeepRWCap.

Table 2 compares method accuracy across test cases,
with each method evaluated over 10 independent trials. The
percentage of non-stratified domains requiring neural net-
work inference varies significantly: Poisson kernel sam-
pling in 11.2-55.8% of domains and gradient kernel sam-
pling in 0.0-13.4% of domains. Runtime comparisons are
shown in Figure 7. The FDM-guided FRW is omitted since
it is over 10× slower than DeepRWCap. Overall, cases 7-
10 present shorter runtimes because the smaller conduc-
tor spacing accelerates FRW convergence. Statistical anal-
ysis using Wilcoxon signed-rank tests (α = 0.05) shows
DeepRWCap achieves a 1.23× speedup over Microwalk
(p = 0.024) while maintaining statistically equivalent ac-
curacy. Although AGF achieved faster execution times, it
exhibited poor reliability with high variance in error rates
(5.18%± 7.81% vs DeepRWCap’s 1.24%± 0.53%).

Model Params FLOPs Loss Valid. Loss

Poisson Solver 1.40 K 0.84 M KL 2.1× 10−3

Gradient Tangent 1.40 K 0.84 M MSE 3.2× 10−8

Gradient Normal 5.96 K 3.48 M MSE 4.5× 10−8

Poisson Selector 13.16 K 0.31 M KL 7.6× 10−4

Gradient Selector 196.7 K 1.16 M KL+MSE 2.8× 10−3

Table 1: Component Model Summary
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Case
Node FRW-FDM GE-CNN FRW-AGF Microwalk DeepRWCap (ours)

(nm) Error (%) Error (%) Error (%) Error (%) Error (%) Tasks a(M) Poisson b(%) Grad. b(%)

1 16 0.4± 0.2 4.9± 0.2 0.8± 0.1 0.6± 0.2 1.2± 0.1 23.20 54.7 11.8
2 16 1.1± 0.3 7.0± 0.4 1.8± 0.3 1.7± 0.3 2.1± 0.3 5.79 27.4 4.4
3 16 1.0± 0.1 5.6± 0.2 2.2± 0.1 1.8± 0.2 1.2± 0.1 7.08 55.8 13.4
4 28 1.8± 0.4 6.6± 0.3 1.4± 0.4 0.5± 0.4 0.7± 0.3 41.07 27.7 2.6
5 55 1.0± 0.3 3.9± 0.1 0.7± 0.2 0.9± 0.3 2.2± 0.2 57.64 15.5 0.0
6 55 0.4± 0.2 7.0± 0.2 2.0± 0.3 0.4± 0.3 0.9± 0.3 41.67 26.3 0.0
7 16 2.2± 0.7 1.0± 0.3 1.7± 0.5 2.0± 0.6 1.2± 0.4 4.18 11.2 1.3
8 16 0.7± 0.6 0.9± 0.3 0.3± 0.3 0.6± 0.5 0.6± 0.5 2.33 10.9 1.5
9 12 1.5± 0.8 22.9± 0.7 17.0± 1.0 0.9± 0.5 1.1± 0.9 12.02 13.8 2.3

10 12 0.6± 0.6 27.1± 0.8 23.9± 1.3 0.6± 0.4 1.2± 0.9 6.23 14.3 3.1

Table 2: Performance Comparison of Random Walk Methods (with relative errors larger than 5% underlined).
a Average number of transition cubes solved by DeepRWCap.
b Average percentage of transition cubes classified as non-stratified, requiring neural inference for kernel sampling.
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Figure 7: Method Runtime Comparison

Architecture Params FLOPs L2 (%) KL Div
MLP 34.4 M 34.4 M 7.83 0.0133
3D Conv 19.7 K 20.3 M 24.15 0.0298
2D Conv 4.28 K 2.31 M 13.80 0.0125
GE-CNN + GMM 0.43 M 0.65 M 26.63 0.0403
DS Conv 1.37 K 0.82 M 12.15 0.0083
DS Conv + Learn PE 2.46 K 0.84 M 4.11 0.0023
DS Conv + Grid PE 1.40 K 0.84 M 3.93 0.0021

Table 3: Model Architecture Ablation

5.4 Ablation Study
We conduct an ablation study to assess the impact of archi-
tectural design choices on accuracy and efficiency for single-
face Poisson kernel prediction. We evaluate model variants
under consistent training settings in Section 5.2. The MLP
baseline includes three hidden layers of 2048 units each. We
also evaluate with standard 2D convolutions. As a third base-
line, we replace the depthwise separable convolution layers
with 3D convolutional layers with stride-2 downsampling to
reduce depth while preserving width and height.

From Table 3, depthwise separable convolutional mod-
els achieve superior accuracy with significantly fewer pa-
rameters and FLOPs compared to MLPs, 2D convolutions,
and 3D convolutions. The 3D convolutional approach, while

conceptually appealing for processing volumetric dielectric
data, proves computationally inefficient with substantially
higher parameter count and FLOPs. This validates our de-
sign choice of decomposing the 3D problem into face selec-
tion and 2D face-specific kernel prediction. Moreover, in-
corporating positional encodings notably improves perfor-
mance, with the fixed grid encoding yielding the best accu-
racy and lowest KL divergence.

6 Conclusion

We presented DeepRWCap, a neural-guided random walk
solver that accelerates capacitance extraction for advanced
IC designs. Our approach combines a two-stage CNN archi-
tecture with GPU-optimized inference to predict transition
kernels in multi-dielectric domains. The compact depthwise
separable networks with positional encoding achieve high
accuracy while maintaining computational efficiency. Eval-
uated on 10 industrial test cases spanning 12-55 nm tech-
nologies, DeepRWCap demonstrates a mean relative error of
1.24% with significant speedups over state-of-the-art meth-
ods—achieving up to 49% acceleration on complex designs.
The framework provides a practical solution for capacitance
extraction in modern semiconductor technologies and serves
as a basis for future extensions to other elliptic PDEs.
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