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1. Introduction

The finite-difference time-domain (FDTD) method
is a fundamental numerical framework in compu-
tational electromagnetics [1, 2, 3]. However, tradi-
tional implementations, characterized by explicit
CPU-based execution on structured Yee grids, fac-
ing significant scaling challenges as domain sizes in-
crease. Furthermore, the methods scale poorly with
domain size [3] due to the Courant-Friedrichs-Lewy
(CFL) condition based on the smallest mesh size and
lack the differentiability required for modern model-
based inverse design [4]. While deep learning sur-
rogates, such as Recurrent CNNs [5, 6] or Physics-
Informed Neural Networks [7, 8, 9, 10, 11], and Neu-
ral Operator Surrogates [12, 13, 14, 15, 16, 17, 18, 19],
promise acceleration, they often compromise phys-
ical exactness or fail to generalize across varying
boundary conditions. Recently, Graph Neural Net-
works (GNNs), exemplified by the GEM framework
[20], have achieved significant acceleration over CPU-
based solvers by exploiting GPU parallelism. How-
ever, on regular structured grids, GNNs incur unnec-
essary structural complexity: they rely on explicit
edge storage and gather-scatter operations, which
break memory contiguity and limit computational
throughput compared to dense tensor operations.

In this paper, we propose NeCLO, a high-
throughput differentiable solver framework. We rig-
orously benchmark three architectures: (1) Graph-
based (GEM) baselines [21]; and two novel architec-
tures introduced in this work: (2) the Convolution-
based NeCLO; and (3) a Pure Tensor Slicing variant.
We demonstrate that NeCLO achieves numerical fi-
delity indistinguishable from standard FDTD. Fur-
thermore, by exploiting memory contiguity, both our
proposed methods significantly outperform GNNs in
throughput while retaining full differentiability for
inverse optimization.

2. Methodology

In this section, we analyze the evolution of differ-
entiable solvers by comparing three distinct architec-
tures: Graph-based (GEM), Convolutional (NeCLO),
and the Pure Tensor Slicing method.

2.1 Graph-Based Approach (GEM)

We adopt the architecture by Bakirtzis et al. [20] as
our geometric baseline. GEM maps the discrete Yee
grid to a directed graph and formulates the electro-
magnetic field update as a Message Passing Neural
Network (MPNN) operation. While flexible for irregu-
lar meshes, this approach incurs significant memory
overhead on regular grids due to non-contiguous ac-
cess patterns.

2.2 Convolutional Approaches (NeCLO)

To align with the hardware optimization of GPUs,
we treat the simulation domain as a 3D voxel grid and
approximate spatial derivatives using Convolutional
Neural Networks (CNNs).

Convolutional Approaches (NeCLO). To exploit
GPU hardware optimizations, we treat the simulation
domain as a 3D voxel grid. We evaluate two variants:

« NeCLO vl (Small Kernels): Utilizes standard
finite-difference kernels to strictly mimic
Maxwell’'s update equations.

+ NeCLO v2 (Unified Large Kernels): Compresses
the iteration into monolithic Conv3d operations
to maximize throughput, addressing the Yee
grid’s staggered nature through specific padding
strategies.

Detailed architectural specifications and kernel con-
figurations are provided in AppendixA

2.3 Differentiable Parameter Inversion

We extend NeCLO beyond forward simulation to
enable Differentiable Parameter Inversion. By un-
rolling the iterative FDTD updates into a computa-
tion graph, we facilitate exact gradient propagation
through time via Automatic Differentiation (AD). This
formulation allows for the direct optimization of
constitutive parameters, such as conductivity o, by
minimizing the discrepancy between simulated and
observed fields. Unlike black-box surrogates, this
physics-constrained learning ensures that retrieved
parameters satisfy Maxwell's equations, enabling ac-
curate inverse design from sparse time-domain mea-
surements without the manual derivation of adjoint
state equations.

3. Experiments & Results

To validate numerical fidelity, we conducted a 3D
resonant cavity simulation on a 20 x 20 x 20 Yee grid
over 500 time steps. The simulation parameters were
set with grid spacing A = 2.0 mm and time step At =
3.81ps.

3.1 Numerical Accuracy

Table 1: Numerical Accuracy & Status Comparison

Method Abs. Error Status Interpretation
GEM _15 Float Num. Equiv.
(GNN) 9.0x10 Limit (Float noise)

NeCLO 0.0 Bit- Exact Replica
(Ours) : Exact (Binary Match)
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Fig. 1: Comparison of differentiable solver architectures. (a) GEM incur overhead from irregular scatter-gather
memory access. (b) Our NeCLO utilizes optimized kernels but requires padding and boundary masking.
(c) Our Pure Tensor Slicing performs global vectorized subtraction, eliminating padding artifacts while

maintaining bit-exactness.

Table 2: Numerical Integrity Check in Lossy Media

o Loss Max Abs. Limiting
(S/m) Regime Error Factor
4.0 High _10 Signal Decay
1.17x10 (Near Zero)
3.0 Mod. 7.24x1077 Float32
Resolution
2.0 Mod. 1.32x107¢ Float32
Resolution
1.0 Low 1.42x107¢ Float32
Accumulation

Note: Error bounded by float32 precision limits.

Result Analysis: GEM achieved a maximum abso-
lute error of 9.03 x 10~'° | while both the NeCLO and
the Pure Tensor Slicing yield an absolute error of ex-
actly 0.0 in Float32 precision. This confirms that our
tensor formulation is bit-exact and mathematically
equivalent to the reference finite-difference loops,
eliminating any approximation errors introduced by
neural network surrogates.

We further validated that NeCLO remains highly
effective in a range of lossy materials by sweeping the
conductivity o from 1.0 to 4.0 S/m. As shown in Table
2, the proposed method achieves consistent numeri-
cal fidelity with a negligible maximum absolute error
(< 1.5x107) in all cases, confirming its reliability for
complex medium simulations.

3.2 Computational Performance

We benchmarked the computational efficiency on
a simulation of a lossy medium (¢ > 0). To rigorously
evaluate algorithmic superiority independent of hard-
ware acceleration, all methods were executed on a
CPU environment.Table Al summarizes the results.
The traditional FDTD implementation, burdened by
explicit loops, requires 37.0 ms per time step. The
NeCLO-Conv3D approach reduces this to 0.448 ms
(~ 82x speedup) by vectorizing the operations. Most
notably, Pure Tensor Slicing method achieves a la-
tency of only 0.09 ms per step, delivering a massive
~ 411x speedup. While these results are CPU-based,

deploying the proposed solver on GPUs is expected
to yield further orders-of-magnitude improvements
in throughput.

3.3 Generalization & Learning

Although the Pure Tensor Slicing approach offers
high throughput and precision, it remains inherently
memory-bound, strictly constrained by GPU mem-
ory bandwidth. Unlike NeCLO, it cannot leverage the
hardware acceleration provided by Tensor Cores. Fur-
thermore, during backpropagation, the framework
must traverse a massive and fragmented computation
graph generated by slicing, resulting in significant
Autograd overhead. Consequently, we exclusively em-
ploy the NeCLO for the Differentiable Parameter In-
version to maximize computational efficiency. The
results demonstrate that the learned conductivity pa-
rameter o converges to the ground truth with an error
magnitude of 107>, indicating superior accuracy (re-
fer to Appendix C Figure A5).

4. Future Work

Future iterations will incorporate a learnable ma-
terial density mask m(x) and a dispersion operator
faisp directly into the update loop, enabling the in-
verse design of complex nanophotonic devices. A
detailed mathematical formulation of this proposed
differentiable framework, including the topology up-
date equations and material interpolation schemes,
is provided in Appendix D.

5. Conclusion

In this paper, we introduced NeCLO, a high per-
formance differentiable solver for Maxwell’s equa-
tions. Through rigorous benchmarking, we demon-
strated that our NeCLO along with Tensor Slicing vari-
ant significantly outperforms GEM in both through-
put and numerical fidelity. NeCLO achieves bit-exact
equivalence to standard FDTD while fully leverag-
ing deep learning hardware acceleration. Further-
more, its successful application in inverse parameter
retrieval validates NeCLO as a robust foundation for
next-generation nanophotonic optimization.
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Appendix A. Theoretical Foundations

1.1 Maxwell’s Curl Equations

The propagation of electromagnetic waves in a 3D
domain is governed by Maxwell’s curl equations. Con-
sider a linear medium characterized by permittivity
€, permeability u, and electric conductivity . The
time-domain coupled equations are expressed as:

oH

VXE=-pu— -M Al
Ho (A1)
oE

VxH:eEU (A2)

whereJ = J,.+0oErepresents the total electric current
density (combining independent sources J,. and con-
duction current ¢E). Similarly, M denotes the equiva-
lent magnetic current density, typically introduced to
model magnetic losses or specific magnetic sources.

1.2 3D FDTD Update Equations

In astandard 3D Yee grid, the vector equations (Al)-
(A2) are decomposed into six scalar update equations.
Taking the x-component of the magnetic field (H,) as
an example, its temporal evolution depends on the
spatial derivatives of the electric field components E,
and E,:

0z ady

(A3)

oH, 1 (8Ey _9E; _Mx)
ot 1.

Discretizing this on the staggered grid yields the stan-
dard central difference update rule:

n+i n-1 + g EZ|k+1 _EZ|1< _ E;l|j+1 —E;l|j
u Az Ay

(A4)
where spatial indices (i, j, k) are omitted for brevity
where context implies local neighbor access.

1.3 NeCLO

For 3D FDTD, the core innovation of NeCLO is rein-
terpreting these spatial finite-difference operators
as fixed-weight volumetric convolution kernels via
Conv3d.

In the NeCLO architecture, the spatial derivative
terms in Eq. (A4) are exacted by convolution opera-

tion. For instance, the partial derivative term ‘29Eyz is
approximated as:
oE, 1
~ —Conv3d(E,, W A5
ay Ay ( z ay) ( )

Here, W, is a 3 x 3 x 3 sparse tensor designed to per-
form the neighbor difference along the y-axis. Math-
ematically, the weights at the center z-slice (k = 0)
are:

0 0 O
Woyl::0]=(0 -1 1 (A6)
0 0 O

while weights at k = —1 and k = 1 are all zeros.

Consequently, the entire update step for the H field
is vectorized on GPUs as a monolithic tensor opera-
tion:

At
Hn+% — Hn_% - 7 - Conv3d(E", K¢yr1) (A7)

where K., aggregates the kernels for all spatial
derivatives required to compute V x E. This approach
eliminates the need for explicit loops over spatial in-
dices (i, j, k), leveraging the highly optimized CUDA
implementations of Conv3d.

Appendix B. Implementation Code

In this section, we illustrate the evolution of the FDTD
implementation. As shown in Listing 1, the legacy
CPU-based approach (Method 1) relies on deeply
nested loops, which are computationally prohibitive
for high-resolution grids. Our proposed NeCLO ap-
proach (Method 2) vectorizes this process using 3D
convolutions but necessitates computational over-
head from padding. Another our proposed Tensor
Slicing Method (Method 3) directly maps the stencil
operations to memory pointers, achieving maximum
throughput without auxiliary operations.

Listing 1: Comparison of FDTD Implementation
Paradigms: From Loops to Slicing

# Method 1: Legacy CPU Implementation
for i in range(nx):
for j in range(ny):
for k in range(nz):
# Ezplicit central difference
dEz_dy = (Ez[i, j+1, k] - Ez[i, j, k1) / dy
Hx[i, j, k] -= (dt / mu) * dEz_dy

# Method 2: Conv3d Approach (NeCLO)

# H shape: (Batch, 3, Nz, Ny, Nz)
pad_H = F.pad(H, (1,1, 1,1, 1,1))
curl_H = F.conv3d(pad_H, kernel_curl)
E += C_E * curl_H

# Method 3: Pure Tensor Slicing

# Vectorized Difference (e.g., dHz/dy)

# Slice [1:] represents indexr ’j+1°, Slice [:-1]
represents index ’j’

dHz_dy = Hz[:, :, 1:, :] - Hz[:, :, :-1, :]
Ex[:, :, &, 1:-1, 1:-1] = (
CA * Ex[:, :, :, 1:-1, 1:-1] +
CB * (dHz_dyl[:, :, :, 1:-1, :]1 -
dHy_dz[:, :, :, :, 1:-11)

Appendix C. Additional Experimental Results

We provide additional computation throughput com-
parison and demonstrations of the numerical re-
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sults of our NeCLO and Tensor Slicing methods. The
comparison of computation throughput is shown in
the Table Al. The comparisons of our NeCLO and
GroundTruth are shown in Figure A3 and Figure A2.

Table Al: CPU Performance Benchmark on Lossy

Medium.
Method Hardware Latency (ms/step) Throughput (Steps/: peedup
Traditional FDTD CPU 37.00 27 1.0x
NeCLO-Conv3d (Ours) CPU 0.45 2,232 ~ 82x
Tensor Slicing CPU 0.09 11,111 ~ 411x
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Fig. Al: Visual verification of numerical fidelity. The
proposed NeCLO solver (Right) produces electro-
magnetic field distributions visually indistinguish-
able from the standard FDTD Ground Truth (Left)
across all components (E;, Hy, Hy).

Appendix D. Extended Discussion and Future
Work

While the current NeCLO solver updates fields in
a linear, non-dispersive medium, its fully differen-
tiable nature makes it an ideal candidate for com-
plex inverse design tasks. We propose extending the
framework to support **generalized topology opti-
mization** and **dispersive material modeling**.
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Fig. A2: Visual verification of numerical fidelity in
lossy media (o = 4.0 S/m). The proposed NeCLO
solver (Right) maintains high consistency with
the FDTD Ground Truth (Left) across all field com-
ponents (E;, Hy, H,), confirming robustness in dis-
sipative environments.

4.1 Differentiable Topology Optimization

To evolve from simple parameter fitting to full-
wave device design, we introduce a learnable material
density mask m(x) € [0,1] directly into the update
loop. The effective permittivity geo(X) becomes a
differentiable function of the material topology:

€geo(X) = m(X) + émat + (1 - m(x)) * Eair (A8)

By treating m(x) as a trainable tensor, gradients
can be backpropagated from the target field response
to the material distribution, allowing the automatic
generation of metasurfaces or waveguides.

4.2 Dispersive Material Modeling

To handle frequency-dependent materials (e.g.,
metals in the optical regime), the update equation
will be augmented with a dispersion function fgsp.
The generalized update rule is formulated as:
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Fig. A3: Visual verification of numerical fidelity
(2D T™M Mode). The proposed NeCLO solver
(Right) produces electromagnetic field distribu-
tions visually indistinguishable from the standard
FDTD Ground Truth (Left) across all components
(E., Hy, Hy).
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Here, fg;sp can be implemented as either:

+ An Analytical Operator: Implementing standard
models like Lorentz-Drude or Debye via auxiliary
differential equations (ADE).

+ A Neural Operator: Using a recurrent neural net-
work (RNN) or 1D convolution to learn complex,
non-linear material responses from data.

This framework will enable NeCLO to optimize spa-
tial distributions m(x) for specific spectral responses,
effectively bridging the gap between fast simulation
and deep-learning-based inverse design.
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Fig. A4: Visual verification of numerical fidelity in
2D lossy media (¢ = 4.0 S/m). The proposed
NeCLO solver (Right) produces electromagnetic
field distributions visually indistinguishable from
the standard FDTD Ground Truth (Left) across all
components (E;, Hy, Hy).
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Fig. A5: Differentiable Parameter Inversion Results.
(a) The learned conductivity o converges to the
ground truth value (4.0 S/m) within 500 epochs using
double-precision training. (b) The time-domain
waveform generated by the learned NeCLO model
(Red Dashed) perfectly matches the CPU FDTD
Ground Truth (Grey Solid), demonstrating that the
differentiable solver has correctly identified the
physical properties of the lossy medium.
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