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Abstract

Characterizing the cellular properties of neurons is fundamental to understanding
their function in the brain. In this quest, the generation of bio-realistic models is
central towards integrating multimodal cellular data sets and establishing causal
relationships. However, current modeling approaches remain constrained by the
limited availability and intrinsic variability of experimental neuronal data. The
deterministic formalism of bio-realistic models currently precludes accounting for
the natural variability observed experimentally. While deep learning is becoming
increasingly relevant in this space, it fails to capture the full biophysical complexity
of neurons, their nonlinear voltage dynamics, and variability. To address these
shortcomings, we introduce NOBLE, a neural operator framework that learns a map-
ping from a continuous frequency-modulated embedding of interpretable neuron
features to the somatic voltage response induced by current injection. Trained
on synthetic data generated from bio-realistic neuron models, NOBLE predicts
distributions of neural dynamics accounting for the intrinsic experimental vari-
ability. Unlike conventional bio-realistic neuron models, interpolating within the
embedding space offers models whose dynamics are consistent with experimentally
observed responses. NOBLE enables the efficient generation of synthetic neurons
that closely resemble experimental data and exhibit trial-to-trial variability, offering
a 4200× speedup over the numerical solver. NOBLE is the first scaled-up deep
learning framework that validates its generalization with real experimental data. To
this end, NOBLE captures fundamental neural properties in a unique and emergent
manner that opens the door to a better understanding of cellular composition and
computations, neuromorphic architectures, large-scale brain circuits, and general
neuroAI applications.

1 Introduction
Hundreds of distinct neuronal cell types co-exist and compute within neural circuits, yet how they
shape cognitive functions remains essentially unanswered [1–5]. This is particularly true in the human
brain, where access and monitoring capabilities are severely limited compared to animal models.
Over the past decade, multimodal cellular datasets that integrate electrophysiology, morphology, and
transcriptomics have emerged for human cell types [6–10].
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While integrating across the different modalities remains a challenge, clear differences in gene
expression, morphology, and electrophysiology are evident across cell types. However, understanding
how these differences impact brain processing is crucial, e.g. to uncover how expression of speci�c
genes relates to neurological diseases.

Cellular models representing multiple data modalities are invaluable as they offer a degree of control
and perturbations that are experimentally impossible (e.g., [11–13]). Recently, evolutionary multi-
objective optimization algorithms [14] have been used to generate and validate bio-realistic models of
neurons in the form of 3D multi-compartment partial differential equation (PDE) models that mirror
both their shape and ion channel expression, shaping their electrical properties [12, 13, 15, 16]. Yet,
such models are deterministic and fail to capture the intrinsic variability observed experimentally,
where identical input to the same neuron often results in different electrophysiological responses. One
approach is to generate families of models, referred to as "hall-of-fame" (HoF) models [12, 13, 17] to
represent a single cell. While each HoF model is distinct and reproduces the electrophysiological
features of parts of an experiment, the ensemble of deterministic HoF models is used as a collective
representation that captures both the main features as well as their variability in an experiment [12,
13]. Typically, neurons exhibit highly nonlinear behavior, necessitating equally complex models
rendering the optimization computationally demanding (i.e. requiring about 600k CPU core hours
per single-neuron model [12, 13]). Yet, even tiny perturbations of the model parameters lead to large
deviations from experimental data [18]. Other approaches have explored capturing variability through
introducing stochasticity in neuron models [19–21]. However, the synthetic injection of white noise
is non-mechanistic and introduces perturbations that can lead to unrealistic predictions [22–24]. In
summary, capturing the nature and variability of neurons is a challenge with existing computational
techniques.

The challenges of scalability and the computational cost associated with traditional numerical
modeling approaches, such as numerical integrators and evolutionary optimization algorithms, have
led the scienti�c community to explore the use of machine learning to accelerate simulations by
learning underlying relationships between variables directly from experimental and synthetic data.
While neural networks have been used successfully for many applications, they learn mappings
between �nite-dimensional vectors, which can limit their ability to model physical phenomena
that are better described using functions in in�nite-dimensional spaces and functional relationships
between them [25]. As a result, neural networks can over�t to the training discretization and
suffer from limited out-of-distribution capabilities. Neural operators [25–27] are a principled way
to generalize neural networks to learn operators mapping functions to functions, with a universal
operator approximation property [28]. A variety of neural operators have been proposed, such as the
Fourier Neural Operator (FNO) [29, 30].

Machine learning approaches have been applied to model single-cell electrophysiology, primarily for
point-neuron systems such as FitzHugh–Nagumo [31, 32] and Hodgkin–Huxley [33]. Conventional
neural networks [34–36] and physics-informed neural networks [37–42] successfully reproduced
their dynamics but remain highly speci�c to deterministic formulations and require retraining for
each new stimulus. More recently, neural operators demonstrated strong potential for learning the
governing dynamics of Hodgkin–Huxley systems [43], though the study was limited to simpli�ed
data, without capturing biological variability. Related works like NeuPRINT [44] captured biological
neuronal variability, but on slower in vivo 2-photon calcium imaging data and models population-level
�uorescence dynamics, rather than fast intracellular voltage dynamics of individual neurons.

We build on these advances and address current limitations to enable deeper insights into brain
function and neuroAI.

Contributions. We introduceNOBLE(Neural Operator with Biologically-informed Latent Embed-
dings), a neural operator framework for learning the nonlinear somatic dynamics across a population
of HoF models for a single neuron (Figure 1).NOBLEis the �rst scaled-up deep learning framework
whose performance is validated with experimental human cortex data. Rather than training a separate
independent surrogate for each HoF model,NOBLElearns a single neural operator that maps from a
continuous latent space of user-de�ned, interpretable neuron characteristics to an ensemble of somatic
voltage responses induced by current injection. This latent space is constructed using an embedding
strategy informed by the speci�ed characteristics of the neuron models.
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Figure 1: The Neural Operator with Biologically-informed Latent Embeddings (NOBLE) framework.
A) In NOBLE, a current injection and neuron model features are �rst encoded using the proposed
embedding strategy, before passing through a neural operator to produce a prediction for the somatic
voltage response.B) NOBLEcan be queried in parallel with different model latent representations
to produce ensemble predictions.C) The proposed embedding inNOBLEencodes speci�ed neuron
features and the input current as a stack of trigonometric time-series, as described in Section 3.4.

As an example application, we train and evaluateNOBLEon a parvalbumin-positive (PVALB) neuron
dataset generated using 50 HoF PVALB models (Figure 2). We show that a singleNOBLEmodel
accurately captures both subthreshold and spiking dynamics across all 50 HoF models (in-distribution)
as well as 10 unseen HoF models (out-of-distribution) while achieving a signi�cant speedup of
4200× over the numerical solver used to generate the dataset (Figure 3). In addition, theNOBLE
predictions across 16 electrophysiological features of interest (including spike count, amplitude, and
width) remain within the variability observed in experimental data (Figure 5B). Additional ablation
studies con�rm that biologically informed embeddings are critical for capturing both �ring and
non-�ring dynamics, and demonstrate that we can enhance performance on targeted features without
compromising overall dynamics by introducing a feature-speci�c �ne-tuning approach.

We further show thatNOBLEcan successfully generate novel bio-realistic neuron models by sampling
and interpolating within the latent space of models. The dynamics of novel neuron models generated
by NOBLEalign both with previously unseen HoF PVALB models and experimentally observed
somatic responses. In contrast, direct interpolation between the parameters of bio-realistic PDE-based
neuron models fails due to the sensitivity and nonlinearity of the underlying PDEs [45, 46] (Figure 4).
We also successfully instantiate and train an additionalNOBLEon a vasoactive intestinal peptide (VIP)
interneuron to demonstrate the generalizability of our embedding framework. Owing toNOBLE's
ability to generate novel bio-realistic neuron models, ensemble predictions are no longer constrained
to the original 50 HoF models used for training. We demonstrate thatNOBLEcan produce somatic
voltage responses for an arbitrary number of biologically plausible neurons by predicting responses
to input stimuli across a larger set of models (Figure 5). The results showcaseNOBLE's ability to
accurately capture a broad range of neuron dynamics while enabling dense interpolation across
model space. By unlocking the ef�cient, unlimited generation of diverse yet realistic neurons from a
continuous embedding,NOBLEoffers a scalable alternative to computationally intensive, scale-limited
evolutionary approaches, laying the foundation for brain-scale neural circuit modeling.

Finally, the biologically-informed latent representation of the neuron models together with the
capability ofNOBLEto generate arbitrarily many new bio-realistic neuron models also offers further
insight into the behavior of neural dynamics. We can useNOBLEto obtain the somatic responses to
current injections on a �ne grid in the model latent representation space, and consequently construct
heat maps and surface plots to better understand how neuron features used for the model latent
representation affect any electrophysiological feature of interest.
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Figure 2: Creation of Bio-realistic PDE-based Neuron Models.A) Evolutionary optimization process
for a neuron of interest, with voltage responses sampled at different generations (top) and the error
history with other experimental neurons overlaid in the background (bottom).B) Sample HoF models
of various inhibitory cell-types, showing morphology (top), experimental voltage traces (2nd row),
simulated voltage traces (3rd row), and spike waveform and frequency-current curves (bottom).

2 Background on Bio-Realistic Neuron Modeling

We create bio-realistic PDE-based neuron models (based on the cable equation [47]) using actual
reconstructions of neuron morphologies from human cortical data [6, 8, 9] (Figure 2). We instantiate
these models using a framework [45] built on the NEURON simulation environment [46], which
uses a spatial discretization to simulate the models as a system of coupled ordinary differential
equations. We place ion channels in an “all-active" con�guration [12, 13], where active ion channels
are distributed along both somatic and dendritic compartments along the neuron morphology. For
each experimental neuron, models are generated using a multi-objective evolutionary optimization
framework [13] to �nd ion conductance parameters replicating a standard set of electrophysiological
features from patch clamp recordings (Figure 2A). We adopt a two-stage optimization strategy, �rst
�tting passive subthreshold responses, followed by capturing the active dynamics above the spiking
threshold and the full frequency-current curve of each neuron. After 250 generations of evolutionary
optimization, the models that best minimize the mean z-score error between simulated and actual
experimental electrophysiological features are selected as HoF models (Figure 2B). More details
about the electrophysiological features of interest are provided in Appendix B.

To illustrate the proposed approach, we consider a randomly selected PVALB human cortical neuron,
for which we created 60 HoF models. PVALB neurons are fast-spiking inhibitory interneurons regu-
lating high-frequency gamma oscillations (30-80Hz) [48] and their dysfunction has been associated
with cognitive impairments such as schizophrenia and Alzheimer's disease [49, 50]. We also consider
the class VIP of inhibitory interneurons, known for its disinhibitory role in cortical circuits [51–53].

3 Method

3.1 Subsampling

NOBLEutilizes the notable property of neural operators of training on low-resolution data while
reserving the capability to generate dynamics at higher resolution. In this regard, we subsample the
reference HoF simulations in time. To avoid discarding high-resolution information necessary for cap-
turing neuron features of interest, we analyze how these features are affected by different subsampling
factors and strategies, in particular via the discrepancy between HoF simulations and experimental
data. We consider (i) low-pass �ltering followed by decimation in time, (ii) low-pass �ltering followed
by truncation in the frequency domain, (iii) truncation in the frequency domain, and (iv) decimation
in time without �ltering. Across neuron features, we observe no consistent differences in performance
between these strategies and thus opt for low-pass �ltering followed by decimation in time. Our
analysis (see Appendix C.1) reveals that 3× subsampling preserves the �delity of extracted features,
within the bounds of the intrinsic discrepancy between HoF simulations and experimental data, and
without inducing notable aliasing. For the HoF simulations, we consider time series of515mswith
a timestep of0:02ms. For such signals, the subsampling reduces the sequence length from25;750
to 8;583, substantially decreasing the computational load without compromising biological realism.
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3.2 Current Amplitude Sampling
We consider square DC step current inputs, which are widely used in electrophysiological experiments
and common for characterizing neuron behavior. We sample the current amplitudes from a skew-
normal distribution whose support matches the experimentally validated range of the HoF models,
I 2 [� 0:11; 0:28]nA. To effectively capture the highly nonlinear dynamics around the spiking
threshold (0 to 0:05nA) where neural responses transition abruptly from being non-spiking to spiking,
the mode of our sampling distribution is strategically located within this peri-threshold window. To
address the greater learning challenge posed by the high-frequency components of depolarizing,
spiking responses (characterized by features such as spike width, latency to �rst spike, and spike
count), we deliberately use a heavier positive tail in our sampling distribution. This ensures the model
encounters numerous examples of spike onset and complex spiking patterns during training while
still covering the full input range. The distribution of square-pulse amplitudes is shown in Figure 8.

3.3 Neural Operators for Neuron Dynamics Simulation
We choose to use neural operators as they offer clear advantages for modeling complex dynamics
(Appendix C.3). Among neural operators, the Fourier Neural Operator (FNO) [29, 30] is very ef�cient
as it leverages fast Fourier transforms on equidistant grids, which aligns naturally with our setting
where both experimental recordings and PDE simulations are sampled at constant timesteps. FNOs
provide a principled and ef�cient framework for modeling neuronal dynamics by learning mappings
from input currents to voltage responses across a broad family of neuron models and current injections.
Unlike conventional neural networks that operate on vector inputs and outputs of �xed sizes, the
FNO learns operators, that is, mappings between functions. By operating in the frequency domain,
the FNO ef�ciently captures global, nonlinear, and high-frequency components of voltage responses.
These properties allow the model to generalize across different temporal resolutions, input currents,
and neuron types, enabling the accurate simulation of unseen con�gurations without retraining.

3.4 Embedding Strategy for Neuron-Model Variability
NOBLElearns a single neural operator that maps from a continuous latent space of user-de�ned,
interpretable neuron characteristics to an ensemble of somatic voltage responses induced by current
injection. The frequency-current (F-I) curve is a useful electrophysiological descriptor that sum-
marizes cellular excitability by relating injected current amplitude to the neuron's �ring rate [54].
Differences between HoF parameterizations manifest as shifts in key features of this curve: the thresh-
old currentI thr (the minimum amplitude that elicits spiking) and the local slopesthr at I thr (the rate of
increase in the �ring rate upon spiking). Figure 3A displays examples of F-I curves for different HoF
PVALB models, illustrating how variability inI thr andsthr can represent the trial-to-trial intrinsic
variability observed when a single neuron is repeatedly recorded under the same current injection.

Using this observation, we propose representing a given neuron model by its threshold currentI thr and
local slopesthr, that is, using(I thr; sthr). We propose to use this representation as part of a NeRF-style
(Neural Radiance Field) embedding [55], where input features are encoded using sine and cosine
functions. More precisely, a featurep is encoded as a stack of trigonometric time-series


 (p; t) =
�
sin(20�p � t); cos(20�p � t); : : : ; sin(2K � 1�p � t); cos(2K � 1�p � t)

�
; (1)

for some integerK > 0, where the frequencies are modulated by the featurep. Heret denotes the dis-
cretized time coordinates and� indicates element-wise multiplication with appropriate broadcasting.

The use of sine and cosine functions for encoding features is particularly synergistic with FNOs,
which operate in the frequency domain to learn mappings between functions. FNOs leverage the
Fourier transform to represent and manipulate data as sums of sine and cosine functions, effectively
learning complex patterns by capturing interactions among frequency components. NeRF-style
encodings lead to a representation of the input features that aligns naturally with the spectral approach
of FNOs, enhancing their ability to learn high-frequency dynamics. In this context, the sinusoidal
embeddings can be thought of as a form of spectral lifting, translating low-dimensional inputs into a
richer representation in the frequency domain that FNOs can more ef�ciently process.

We encode separately the model featuresI thr andsthr, and the amplitude of the current injection,
and stack the resulting embeddings as input channels. To compress the large range ofI thr andsthr
values into a manageable scale for embedding, we normalize them to[0:5; 3:5]2, supporting more
distinct feature space representations of HoF models. Figure 10 displays the latent representations in
normalized(I thr; sthr)-space of the 60 HoF PVALB models used in our numerical experiments.
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3.5 NOBLE: Neural Operator with Biologically-informed Latent Embeddings

We introduce the Neural Operator with Biologically-informed Latent Embeddings (NOBLE), for
modeling neuronal voltage dynamics in response to current injections.NOBLEoffers a scalable
alternative to computationally intensive numerical solvers for biophysically detailed, PDE-based
neuron models. It learns a direct mapping from input currents and a continuous, interpretable latent
space of neuron features, to the resulting voltage traces (Figure 1A). A key feature ofNOBLEis its
use of biologically-informed embeddings, which enables interpretability and generalization across
biological neuron models. At its core,NOBLEis based on a neural operator, whose discretization
invariance allowsNOBLEto learn on low-resolution data and infer somatic voltage dynamics at higher
resolutions. By combining a neural operator with the proposed continuous interpretable embedding,
NOBLElearns a continuous operator over the space of bio-realistic neuron models.

The proposedNOBLEframework offers key advantages that set it apart from existing approaches:

• NOBLEprovides a uni�ed framework that learns ensemble dynamics directly, enabling it to
generate diverse, biophysically plausible membrane potentials for the same input. Conditioned on
a particular electrophysiological feature, it produces one realization of the intrinsic variability
observed in biological neurons. This stands in contrast to previous deep learning approaches,
which are inherently deterministic and produce a single trace for each input, failing to capture
the trial-to-trial variability observed experimentally. To account for different neuronal behaviors,
such models must be retrained for each variation, resulting in inef�ciency and fragmentation.

• Through the latent embedding space of electrophysiological features,NOBLEcan interpolate
between known HoF models to produce new, bio-realistic neuronal responses. This capability
is signi�cant because HoF models are restricted to the �nite set discovered by evolutionary
optimization, and direct interpolation between their parameters does not result in realistic traces.
As shown in Figure 4, interpolation inNOBLE's latent space consistently produces valid, bio-
realistic responses, whereas interpolations between PDE parameters do not.

• NOBLEcan rapidly generate arbitrarily many distinct neuron models by sampling points within
this continuous latent embedding space and producing the corresponding dynamics. This enables
a single model to capture both spiking and subthreshold behaviors beyond the �nite set of HoF
models, providing an effectively in�nite ensemble of bio-realistic responses that remain consistent
with the variability observed in biological neurons. This is distinct from previous deep-learning
methods, which were limited to predicting either spiking or subthreshold regimes in isolation.

• The bio-informed latent space ofNOBLE, combined with its ability to generate unlimited realistic
neuron models, enables �ne-grained exploration of neural dynamics. By sampling models across
this space,NOBLEcan produce somatic responses for different latent features, and reveal how they
in�uence electrophysiological behavior via visualizations (e.g. heat maps and surface plots).

4 Results

4.1 Experimental Setup

For evaluatingNOBLE, we focus on the PVALB neuron example introduced in Section 2, and further
assess the framework's generality using a VIP neuron. In the PVALB setting,NOBLEreceives as
input the applied current injectionI , together with stacked embeddings ofI (with K = 9 different
frequencies) and of the normalized model features(I thr; sthr) associated to a neuron modelHoF̀
(with K = 1 frequency).NOBLEthen outputs a corresponding somatic voltage response. The current
injections are square DC steps with an activation duration of400ms, consistent across all stimuli
used for training and testing. We have access to 60 HoF models, where 50 are used during training,
f HoFtraing, and the remaining 10 HoF modelsf HoFtestg are used for testing. Figure 10 displays the
latent representations in normalized(I thr; sthr)-space of these HoF models. For more details on the
data generation, see Appendix D.1.

We use a 1D FNO (implemented as in the NeuralOperator library [56]) with 12 layers, each with
24 hidden channels and256Fourier modes. The resultingNOBLEwith 1:8M trainable parameters
is trained in PyTorch for300epochs using the Adam optimizer with learning rate0:004, and the
ReduceLROnPlateau scheduler with factor0:4 and patience4. The training minimizes the relative L4
error, while the performance metrics are reported using the relative L2 error for interpretability.
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Figure 3:A) F–I curves from experimental recordings, PDE simulations, andNOBLEpredictions on
f HoFtraing. For one HoF model,B) compares experimental voltage responses with PDE simulations
at a current injection of0:1nA (top) and� 0:11nA (bottom), andC) compares the corresponding
PDE simulations with theNOBLEpredictions for the same HoF model.

To better evaluate physiologically meaningful behavior, we also report errors on four key electrophysi-
ological features:spikecount , AP1_width, mean_AP_amplitude, andsteady_state_voltage
(see Appendix B for de�nitions of the features). For benchmarking, we compareNOBLEpredictions
against numerical simulations obtained from HoF models and experimental data since the HoF models
were optimized to produce the closest approximations to experimental recordings and capture the
biological variability required for a meaningful benchmark. Further details on the evaluation and
evaluation metrics are provided in Appendix D.2.

The PyTorch codes used for our implementation ofNOBLEand the numerical experiments are based
on the NeuralOperator library [56], and are made available at github.com/neuraloperator/noble.

4.2 Testing on HoF Models Included in the Training Set

We �rst validate that the trainedNOBLEcan accurately reproduce the somatic voltage responses
of the trainingf HoFtraing models when tested on current injections not seen during training. Fig-
ure 3C shows that the voltage traces exhibit minimal differences, con�rming thatNOBLEgeneralizes
well to unseen inputs. This is supported by a relative L2 test error of2:18% with the f HoFtraing
models. Figure 3B also shows that the numerical solver outputs align closely with experimental
recordings, and together with Figure 3C, indicates thatNOBLEinherits this agreement and captures
physiologically meaningful dynamics. Note that the available experimental recordings correspond to
stimuli with activation durations of 1s.NOBLEalso achieves errors of3%for spikecount , 32:8%for
AP1_width, 8:54%for mean_AP_amplitude, and0:83%for steady_state_voltage . To further
assessNOBLE's applicability across neuron types, we trained it on a VIP neuron using the same
architecture and observed similarly strong performance (see Appendix D.3 for more details).

The relatively higher error onAP1_width arises from how the feature is computed: it measures the
width of the �rst spike at half amplitude, where the half level is de�ned between the spike peak
and the subsequent after-hyperpolarization minimum. If the predicted peak or minimum is slightly
misaligned relative to the ground truth, the half-voltage reference shifts, and the measured width
corresponds to a different portion of the trace. This sensitivity makesAP1_width less stable to small
deviations, so its relative error should be interpreted with caution compared to the other features.

We also generate the F-I curves using the trainedNOBLEfor f HoFtraing and compare them with the
reference F-I curves produced by the numerical solver for the same HoF models. As shown in
Figure 3A, the curves from both methods remain close overall, although for 3 out of the 50 HoF
models theNOBLEpredictions show larger deviations in �ring rate between0:0 � 0:1nA.
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