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Abstract. Electrophysiology modeling is key for non-invasive diagnostics and
understanding heart and brain function. Traditional models use ODEs, from
detailed ion channel dynamics to reduced-order phenomenological models. We
compare a fast reduced-order model with data-driven and physics-informed
neural networks as efficient alternatives to numerical solutions. Using the
FitzHugh-Nagumo model, we trained networks with numerical data and model
physics, employing architecture optimization, adaptive point density, and time-
domain splitting. Inference via TensorRT achieved up to 1.8x speedup over
optimized CUDA solvers with minimal accuracy loss. These results showcase
neural networks as viable emulators when complexity is controlled.

1. Introduction

Electrophysiology malfunctions, leading to heart and brain diseases, are among the lead-
ing causes of mortality worldwide, contributing to millions of deaths annually. Early de-
tection through preventive examinations is essential for mitigating their impact by iden-
tifying risk factors before they develop into severe conditions. Digital twin technology
has emerged as a promising tool for enhancing risk assessment by enabling virtual sim-
ulations of complex physiological systems [Coorey 2022, Sel 2024]. These digital twins
integrate large-scale heart simulations by combining conduction models based on partial
differential equations (PDEs) with action potential (AP) electrophysiology models gov-
erned by ordinary differential equations (ODEs). However, solving these models numer-
ically is computationally expensive, particularly when accounting for parameter uncer-
tainties [Campos et al. 2020] and inter-individual variability, which limits their feasibility
for real-time applications and large-scale exploratory studies.

To address these challenges, this work investigates neural network-based surro-
gate models as a means to accelerate electrophysiology simulations. Recent advance-
ments in deep learning, particularly Physics-Informed Neural Networks (PINNs), have
shown promise in replacing full-scale numerical solvers with neural network surrogates,
potentially reducing computational costs while preserving model dynamics and predictive
capabilities [Qian et al. 2022, Raissi et al. 2017]. Our study develops and benchmarks
three neural network architectures—data-driven neural networks (DDNNs), PINNs, and
iterative neural networks (ITNNs)—optimized for approximating action potential mod-
els using the FitzHugh-Nagumo framework. These architectures are specifically tailored
to capture the essential dynamics of AP propagation while significantly reducing com-
putational overhead. We focus on scalability and GPU-acceleration, utilizing NVIDIA’s



TensorRT to optimize inference performance, which facilitates high-throughput process-
ing and broad hardware compatibility.

A key advantage of our surrogate models is their differentiable nature, which en-
ables rapid simulations and enhances capabilities for sensitivity analysis, optimization,
and uncertainty quantification. By integrating these differentiable surrogates into mod-
ern differentiable programming frameworks , they can be seamlessly applied to gradient-
based algorithms for parameter inference, model-based control, and end-to-end training.
This approach offers a pathway to making digital twins viable for real-time decision-
making and large-scale predictive modeling, with applications spanning both clinical and
research settings. Through careful optimization and leveraging cutting-edge Al hardware,
we aim to enhance the practical applicability of neural network-based surrogates in mod-
eling complex electrophysiological systems.

2. Methods
2.1. FitzHugh-Nagumo Model and Efficient Numerical Solution on CUDA

This work replaces the numerical solution of the FitzHugh-Nagumo (FHN) model with
neural networks. The FHN model, a reduced representation of action potential dynamics,
is governed by two coupled ODE:s:
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where u represents the membrane potential, v the recovery variable, and a, b, ¢, and 7 are
model parameters. The model captures key features of action potential dynamics, such
as excitability, threshold behavior, and recovery [FitzHugh 1961], presenting a complex
nonlinear solution space.

We considered three levels of parametrization for the FHN model, labeled Prob-
lems A, B, and C:

* Problem A: Single continous trajectory u, v(t).
* Problem B: Parametrizes the initial conditions (ug, vp).
* Problem C: Introduces /;,, that modulates the frequency of oscillations.

Training datasets contain solutions for uniformly sampled parameters, solved us-
ing an optimized CUDA-based Euler method. GPU parallelism ensures state-of-the-art
performance that serve as a baseline for comparison with the emulators.

2.2. Neural Network Surrogates and Training

We use parameterized multi-layer perceptrons (MLPs) to approximate the FHN model
solutions, with multiple architectures. Three classes of models are employed: Data-
Driven Neural Networks (DDNN), Physics-Informed Neural Networks (PINN), and Iter-
ative Neural Networks (ITNN). DDNNss fit numerical solutions by minimizing the mean-
squared error (MSE) loss:
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PINNSs incorporate the FHN equations directly into the loss function using auto-
matic differentiation, enforcing physics consistency:
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Boundary conditions are penalized with L, and a combined loss balances data, physics,
and boundary terms:

Lpiny = ApLp + ApLphysics + ABLB. 3)

ITNNs learn discrete update rules, advancing the solution from (U;, W) at time ¢
to (Ui at, Wisne) at time ¢ + At, with an MSE loss:
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By iterating these update rules, trajectories from ¢ = 0 to ¢ = " are approximated.

2.3. Experimental Design

We evaluate the computational cost of the trained neural networks against that of the nu-
merical solver, for this a optimized CUDA implementation of the Euler solver is compared
with optimized neural networks accelerated using NVIDIA’s TensorRT.

Models are optimized by exploring various architecture and activation function
combinations, including rectangle, funnel, bottleneck, bowtie, and diamond shapes.
These structures are chosen for their common uses in feature extraction, generative mod-
els, and autoencoders. TensorRT accelerates matrix multiplications in fully connected
layers, significantly reducing computational costs. A set of 800 candidate architectures
is sampled with a balanced distribution of model sizes and paired with appropriate in-
put/output layers and loss functions. Models are trained in parallel on a multi-GPU cluster
using MPI, and inference time is measured after compiling with the TensorRT framework.

Experiments were conducted on an NVIDIA RTX 4070 GPU and Intel i5-12400F
CPU. Inference time is measured for both the numerical and neural approaches, with
minimal overhead from data transfers. Neural network batch size is tuned for optimal
throughput, while the Euler solver uses a time step of At = 0.1 ms, and neural networks
are tested with a sampling frequency of ¢ = 1 ms.

3. Results and Discussions

PINNSs showed clear benefits in data-scarce scenarios, outperforming DDNNs when data
was insufficient (Fig. 1), as they leveraged the physics constraint to push the model closer
to the true solution. However, when data was abundant, both models converged similarly,
and enforcing physics constraints became detrimental. This was due to increased compu-
tational cost (training time doubled) and slower convergence from a more complex loss
landscape. Thus, it is more efficient to generate a complete training set from numerical
simulations than to incorporate ODEs directly into training.
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Figure 1. PINNs and DDNNSs trained on a scarce dataset with 10 samples (top) and
an abundant dataset with 1000 samples (bottom). PINNs achieve consistently
lower validation mean error in the data-scarce scenario, whereas both methods
perform similarly when data is abundant. A T-test value of 7.42 confirms a sig-
nificant difference in favor of PINNs in the scarce setting, while 0.33 indicates no
statistical difference in the abundant case

When ample data was available, DDNNSs could approximate the ODE solution,
with performance varying depending on the architecture. No single architecture consis-
tently outperformed others, highlighting the importance of model optimization. Smaller
models exhibited higher variance in accuracy, while larger models showed more stable
performance. For smaller models, architecture shape significantly influenced perfor-
mance, while for larger models, neuron count became the dominant factor. This trend
indicates that as model capacity increases, optimization should focus on neuron count
and fine-tuning activation functions, rather than altering the architecture itself.

Furthermore, as the problem complexity increased (e.g., moving from Problem
A to Problem B), larger models were required to maintain accuracy, highlighting the
need for increased model expressiveness in complex scenarios. In particular, simpler
architectures struggled more when parameterizing initial conditions than when adding
model parameters, as learning a few features of the solution was easier than modeling an
entire set of shifted solutions.

The inference stage of the models reveals the trade-off between accuracy and in-
ference speed. Notably, a quasi linear relation between neuron count and inference time
was observed, shown in 4. Considering that only the smallest models were faster than the
numerical solution, and the high-variability observed for small model accuracy, it follows
that architecture optimization was crucial for finding models that were fast enough yet
reasonably accurate.

4. Conclusion

This study investigates the use of neural networks as differentiable surrogates to tradi-
tional numerical solver of action potentials ODE models such as the FHN. Our results
suggest that the most efficient way to train an ODE surrogate is to simply using the nu-
merical solve to generate a lot of training data and using purely data driven approach,
rather than trying to learn directly from the ODEs with physics informed learning.

Several techniques were employed to optimize training and reduce inference
times, such as architecture optimization to balance model size and performance, time-
domain splitting to reduce complexity, and increasing cloud point density in high-error
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Figure 2. Set of 800 models trained for Problem A (top) and C (bottom). Results
in terms of MAE, models are separated by shape and humber of neurons.

Mean Error and Inference time for multiple models trained

Smallest Mogel <0.1 for C ® 55
smallest Model @ 0.1 for Iterator B,
® O be

@ Iterator Bc

@ c

-~ Euler Method Accuracy

Cuda implementention perfomance
Smallest Model < 0.01 for
1072 s%aues( Model < 0.01 for C
,,,,,,,,,,,,,,,,,,,,,,, Soallest MadQl < QLB = oo oo
Overall BES‘MDGE‘ for C
= Best Modegor Iterator
g
&
c
s
3
= Best Twu—LayS Model for Bc
Best Mo for Bc
102 Best Two gyer for Bs
Smallest Modeg < 0.001 or B5
Best Mogel for 6
0.000 0.025 0.050 0.075 0.100 0.125 0.150 0.175 0.200

Inference time (s)

Figure 3. Model error and inference performance for multiple models trained dur-
ing this work. The plot shows models with the best trade-off between accuracy
and inference speed for each problem. Numerical solution for the model using
the Euler method and d¢t = 0.1 is shown for reference with dotted lines.

regions. Further optimization is done by running the models with TensorRT, which lever-
ages tensor cores to accelerated matrix calculations, this yields achieving speeds up of up
to 1.8x in relation to the numerical solver. Our results shown that this level of optimization
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Figure 4. Inference time for the reference set for multiple models with various
architectures. Results shows an increase in cost as neuron count increases.
Dotted line shows the Euler implementation results for the same set.

is required in order to produce emulators more efficient than the numerical solution.

In conclusion, this work demonstrates that both PINNs and data-driven models
can serve as effective surrogates for excitable cell models like FHN and more complex
ones like the Hodgkin-Huxley model. The resulting model are fully differentiable and can
be easily integrated into various sensitivity analysis, optimization and uncertainty quan-
tification pipelines. Although computational advantages diminish with increased model
complexity, strategic model design and hardware acceleration can mitigate these issues.
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