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Fig. 1: NeuralDMD reconstructs spatio-temporal dynamics from sparse observa-
tions in both indirect and direct sensing regimes, including sparse Fourier (top) and
image-domain (bottom) measurements. It models the field as a low-rank linear combi-
nation of spatial modes with simple spectral time evolution, yielding an interpretable
decomposition that supports forecasting. We demonstrate this on black hole imaging
(top) and atmospheric data assimilation (bottom).

Abstract. Many challenges in scientific imaging involve solving ill-posed
inverse problems, where the goal is to recover spatio-temporal fields from
indirect, noisy, and highly sparse measurements — often without access
to ground truth data or reliable simulators. To address this challenging
scenario, we present NeuralDMD, an interpretable, untrained (per-
instance) reconstruction framework that combines neural implicit rep-
resentations with Dynamic Mode Decomposition (DMD) to reconstruct
continuous spatio-temporal dynamics directly from measurements. Neu-
ralDMD parameterizes DMD modes as continuous neural fields, and
imposes a low-rank linear dynamics prior with spectral time evolution
to enforce temporal continuity. This formulation enables both forecast-
ing under sparsity, and yields interpretable modes and spectra. We find
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that NeuralDMD outperforms baselines on a wide variety of tasks: from
weather data assimilation from sparse station observations to interfero-
metric (Fourier domain) observations of Sagittarius A*, the black hole at
the center of our galaxy. Moreover, NeuralDMD remains stable when
extrapolating into the future. While this framework is most naturally
suited to linear dynamics, we show that it can be applied to nonlinear
regimes, though with extrapolation performance that degrades with in-
creasing nonlinearity. Together, these results show that NeuralDMD
enables interpretable reconstruction and forecasting of spatio-temporal
dynamics directly from sparse and indirect measurements without rely-
ing on numerical simulators or training data.

1 Introduction

A central challenge in scientific imaging is to recover continuous spatio-temporal
dynamics from sparse and noisy measurements. Such measurements may be di-
rect image-domain samples or indirect observations such as sparse Fourier mea-
surements. To further compound the challenge, scientific imaging settings are
data-constrained or lack known governing equations, making it difficult to gen-
erate simulation data. In this work, we propose NeuralDMD, a per-instance
reconstruction method that supports both direct and indirect sensing regimes.
We demonstrate it on weather data assimilation (image domain) and black hole
imaging from the Event Horizon Telescope (EHT) interferometric observations
(Fourier domain).

There have been efforts to address this problem of spatio-temporal recon-
struction under sparse and noisy observations without simulation training. Neu-
ral fields (coordinate-based Multilayered Perceptrons or MLPs) can model high-
dimensional signals of real world physical phenomena [41, 80] but require dense
data, lack interpretability, and are sensitive to overfitting under sparse data
conditions [52]. To mitigate issues, physics informed neural networks (PINNs)
learn explicit analytical equations that can model fluids [50], but assume that
the equations are known, making them biased and not suitable when physics
is unknown [35]. Operator learning approaches are also capable of modeling
physical phenomena but suffer from the same simulation-to-real domain gap,
making them heavily biased on prior assumptions. Purely data-driven models
(no simulation training) such as dynamic mode decomposition (DMD; [36]) pre-
serve interpretability but are extremely difficult to use under high noise and
for sparse data. To the best of our knowledge, no existing approach is simulta-
neously simulation-free, supports indirect operators, and provides interpretable
forecasting prior to extreme sparsity.

We propose NeuralDMD, a model-free approach that enables spatio-temporal
reconstruction from sparse, noisy, and indirect measurements. NeuralDMD fits
a compact dynamical model directly to observations through the measurement
operator. It enforces temporal coherence via a low-rank modal decomposition
with explicit form of time evolution, and parameterizes modes as neural fields to
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enable grid-free evaluation. This yields an interpretable set of modes and spectra
and supports forecasting beyond the observation window.

In summary, our contributions include:

– We propose a new representation for modeling dynamic physical processes:
NeuralDMD.4

– We show how to optimize this representation on physical data from different
imaging scenarios without requiring simulation training.

– We thoroughly evaluate the method and show state of the art results.

2 Related Work

We review prior approaches according to their data requirements; emphasizing
whether they rely on simulation-trained priors, known governing equations, or
densely observed ground-truth states.

Simulation-driven modeling. This class of modeling includes operator learn-
ing methods [3,15,33,34,44,75], principal component analysis (PCA; [45]), video
predictor models [27], including recent approaches trained on numerical simu-
lations to predict black hole dynamics [73], and some variations of INRs such
as CORAL [64] that are designed for operator learning. These approaches, al-
though very expressive for predicting in-distribution dynamics, are not designed
for scientific discovery as they are heavily biased by the numerical simulations
that were used for training and struggle to express out-of-distribution features.
Moreover, most video predictor models rely on the availability of dense frame se-
quences and are incapable of reconstructing dynamics from sparse observations.

For NeuralDMD, we explicitly avoid training on simulations and directly
fit the sparse and noisy measurements to enable scientific discovery. We only
compare NeuralDMD to one simulation-trained model [64] to demonstrate the
failure point of such models when the observed physical dynamics differ from
what was seen in simulations.

Physics-informed modeling This class of models includes physics informed
neural networks (PINNs) and some variations of implicit neural representations
(INRs) that take advantage of prior physical knowledge of the underlying sys-
tem. Existing latent-state approaches mainly (i) estimate parameters of a known
model [14,24,29,74,82], or (ii) embed predefined governing equations into a net-
work [26,74,82], which ties dynamics to assumed physics and limits performance
under sparse, noisy, or poorly constrained conditions. Similar ideas appear in
black hole imaging. BHNeRF [39] and PI-DEF [20] recover three-dimensional
structure from observations, with PI-DEF additionally recovering the velocity
field. In contrast, Levis et al. [38] recover image-plane dynamics through a modal
decomposition, but assume a known PDE. NeuralDMD instead learns image-
plane dynamics directly from observations without assuming a predefined dy-
namical model.
4 Code publicly available here: https://github.com/pi-vision/NeuralDMD.git.

https://github.com/pi-vision/NeuralDMD.git
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We do not compare NeuralDMD to this class of models, as they suffer
from the same limitations as simulation-driven modeling: they either require
simulation data for training or assume access to the PDEs that control the
dynamics, a limiting assumption when the goal is scientific discovery rather
than parameter estimation under a fixed physical model.

Untrained modeling. In this paper, we consider the set of problems within
this category. Most INR and DMD variations, including NeuralDMD, are fully
data driven, i.e., they rely only on the available data with little to no reliance
on numerical simulations. Many scientific problems fall within this category,
where it is necessary to minimize physical assumptions for scientific discovery
(we discuss some scientific applications in Sec. 3).

Neural fields have been shown to have immense expressive power [42, 81].
They have been used to reconstruct 3-dimensional videos from a dense or sparse
set of camera views [25, 47, 56]. However, typically it is assumed that we have
complete image-plane measurements, i.e., no missing pixels and minimal mea-
surement noise. In principle, neural fields can be used as a model-free approach
to learn dynamics from sparse measurements. However, in practice, direct neu-
ral representation of the dynamics is used only when the physics is already
known [26, 74, 82]. This is due to the large degree of freedom in a multi-layered
perceptron (MLP), where even a small model would have millions of parameters,
quickly leading to overfitting. As such, neural fields such as NeRF and dynamic
variants [7,21,23,40,47,56,57,79,84], including sparse-view NeRFs [25], still re-
quire dense, high-quality observations and typically address only simple physical
systems.

Modal decomposition methods offer a complementary perspective by distill-
ing complex dynamics into the evolution of a few characteristic modes, i.e. a small
number of degrees of freedom. Dynamic Mode Decomposition (DMD) learns a
continuous-time linear operator directly from time-ordered snapshots, construct-
ing a matrix A whose eigen-decomposition yields spatial modes associated with
dominant coherent structures [61,72]. As a result, DMD is model-free and data-
driven [31,37], and its low-rank structure makes it well-suited for reduced-order
modeling and forecasting [46]. Related ideas also arise in dynamical-texture mod-
els [11,12,18,53], extending texture analysis to stochastic spatio-temporal motion
such as smoke, water, and turbulence. However, standard DMD and its varia-
tions require access to dense video frames rather than sparse measurements and
are sensitive to initialization. Furthermore, because they operate on grids as op-
posed to continuous fields, their memory and computational costs scale with the
number of pixels, making them both memory-intensive and ill-suited for sparse
and noisy observations.

3 Background and Notation

We review linear dynamical systems and Dynamic Mode Decomposition, which
form the foundation of our approach.
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Fig. 2: (a) Block diagram of the NeuralDMD architecture. The model comprises
three MLPs defining the spatio-temporal dynamics: Θw, mapping positionally encoded
spatial coordinates (x, y) to mode values wj(x, y); ΘΩ , producing complex spectral
components (decay rate α, frequency ω) from a learnable latent vector; and Θb, map-
ping a learnable latent vector to the initial state bj for temporal evolution. (b), (c)
The learned modes and coefficients are combined to produce the predicted dynam-
ics Î(x, y, t). For the black hole setting, predictions are Fourier transformed (F̂ ) and
sampled at measured baseline coordinates (S(F̂)). The loss is computed between the
observed visibilities V and the corresponding model prediction. For image-domain ex-
periments (weather data assimilation) the loss is instead computed directly on the
sparse measurements.

Linear dynamical systems. We consider an autonomous linear dynamical
system It+1 = AIt, where A governs the temporal evolution of the system state.
We assume A to be constant in time (see [83] for non-constant A) and no ex-
ternal inputs act on the system, so the dynamics are fully described by the
state evolution [54, 55]. Such systems admit a modal decomposition in which
the spatio-temporal field can be expressed as a low-rank superposition of spatial
modes evolving in time,

I(x, y, t) =

r∑
j=1

wj(x, y) aj(t), aj(t) = bje
Ωjt (1)

where wj(x, y) are spatial modes, aj(t) capture the temporal evolution, bj are co-
efficients determined by the initial state of the system, and Ωj = αj+iωj are com-
plex spectral coefficients whose real and imaginary parts encode growth/decay
rates and oscillation frequencies. Having established the modal form of a lin-
ear dynamical system, we now turn to Dynamic Mode Decomposition (DMD),
which provides a practical framework for estimating the parameters {wj , Ωj}
from observation.

Dynamic Mode Decomposition (DMD). DMD estimates the modal decom-
position of a dynamical system directly from time-ordered observations. Classi-
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cal DMD models the system dynamics as a linear mapping between consecutive
states or frames,

[I1, I2, . . . , IM ] = A [I0, I1, . . . , IM−1] = AX, (2)

where X is a data matrix whose columns are vectorized snapshots of the state at
successive time steps. DMD estimates spatial modes wj and spectral coefficients
Ωj from the eigendecomposition of a low-rank approximation of A, computed
using singular value decomposition (SVD) [16, 36, 62]. While computationally
efficient [58], classical DMD assumes direct access to densely observed system
states. In many scientific imaging problems, however, the underlying state is
never observed directly and must be reconstructed from indirect measurements.

Optimized DMD (optDMD). To address these limitations, optDMD [1,59]
reformulate modal extraction as a nonlinear least-squares problem,

min
wj ,Ωj

∑
t∈{t1,...,tM}

∥∥Xt −
r∑

j=1

wje
Ωjtbj

∥∥2
2
, (3)

where Xt denotes the observed system state at time t. The initial-state coeffi-
cients are computed as bj = w†

jX0, where w†
j is the complex conjugate transpose

of wj . This formulation improves robustness to noise and directly estimates a
continuous-time spectrum Ωj . However, optDMD still assumes densely observed
states defined on a fixed spatial grid and direct access to X0, limiting its appli-
cability to sparse or indirect measurements.

4 NeuralDMD

We introduce NeuralDMD, which combines neural representations with the
optDMD formulation by parameterizing the spatial modes wj(x, y) as neural
fields and fitting the model directly to sparse measurements, without requiring
densely observed states on a fixed grid, and inferring the initial state from all
measurements rather than only those at the initial time.

4.1 NeuralDMD Representation

Building on the modal representation in Eq. (1), NeuralDMD extends optDMD
by parameterizing the spatial modes as continuous neural fields [13, 47, 49, 85]
with trainable weights Θ = [Θw, ΘΩ , Θb] and learning the modal parameters di-
rectly from sparse measurements. Θw, ΘΩ , and Θb parameterize the networks for
the spatial modes wj(x, y), spectral coefficients Ωj , and initial coefficients bj , re-
spectively (Fig. 2). In particular, we represent each spatial mode as a coordinate
multilayer perceptron (MLP) network:

wj(x, y) = wj(x, y;Θw), (4)
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allowing evaluation at arbitrary spatial coordinates.
To support stable optimization, we treat the spectral parameters and ini-

tial coefficients as learnable quantities and parameterize them with lightweight
networks:

Ωj = Ωj(ΘΩ), bj = bj(Θb). (5)

Crucially, in contrast to optDMD, this formulation eliminates the need for direct
access to the initial state X0. Instead bj is inferred jointly from all measurements,
since its evolution under the dynamical model must remain consistent with the
entire observation sequence. The resulting prediction Î(x, y, t) follows Eq. (1)
with the specified neural parameterizations; the next subsections define how Θ
is optimized from sparse (i) direct image-domain observations and (ii) indirect
Fourier-domain measurements.

4.2 Reconstruction from Sparse Image-Domain Observations

The problem of reconstruction from direct image domain sparse observations
is present in weather data assimilation [9]. To reconstruct a field from sparse
spatio-temporal measurements at coordinates S = {(xk, yk, tk)}Nk=1, with corre-
sponding measurements {I(xk, yk, tk)}, we fit the parameters, Θ⋆, by minimizing
the residual over observed samples,

Θ⋆ = argmin
Θ

∑
(x,y,t)∈S

∥∥I(x, y, t)− Î(x, y, t)
∥∥2
2
, (6)

where Î(x, y, t) is given by Eq. (1) with the neural parameterizations:

Î(x, y, t) =

r∑
j=1

wj(x, y;Θw)bj(Θb)e
Ωj(ΘΩ)t (7)

To ensure stable dynamics, we constrain the real part of the spectrum to be
non-positive, i.e., αj = ℜ(Ωj) ≤ 0 (see Supp. S1). This enforces physically
meaningful decay and oscillatory behavior while preventing exponential growth.
After optimization, forecasting can be done by evaluating Î(x, y, t) at future
times t. In Sec. 5, we explore the accuracy of extrapolation beyond the observed
times.

4.3 Reconstruction from Indirect Fourier Measurements

In some imaging systems, observations are indirect and obtained as sparse Fourier
samples or projections, such as MRI [67], Fourier ptychography [68], coded
diffraction imaging [2], computational microscopy [8], and cryo-EM imaging [86].
In this work, we consider interferometry with the Event Horizon Telescope
(EHT), a global interferometer used to image black holes (see e.g. [19]). Each
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telescope pair measures signal correlations, known as visibilities, which corre-
spond to samples of the underlying source’s Fourier transform. Mathematically,
the visibility at spatial frequency (u, v) and time t is given by

V (u, v, t) = F [It](u, v), (8)

where It is the unknown image frame to be reconstructed and F denotes the 2D
Fourier transform.

Observations are available only at a sparse set of Fourier coordinates: St =
{(uk, vk, tk)}Nk=1, which vary over time due to Earth-rotation [71]. We fit Neu-
ralDMD by matching predicted and observed visibilities,

Θ⋆ = argmin
Θ

∑
(u,v,t)∈St

∥∥V (u, v, t)−F [Ît](u, v)
∥∥2
2
, (9)

More generally, the Fourier transform in Eq. (9) can be replaced by an arbitrary
differentiable measurement operator, extending NeuralDMD beyond Fourier
imaging to nonlinear observation models and more general inverse problems.

For EHT interferometry, we fit models in the visibility domain using a χ2

data term, defined as:

χ2(Θ) =
1

N

N∑
i=1

|Vi − V̂i(Θ)|2

σ2
i

, (10)

where N is the total number of observations and V̂i is the model visibility. In
our experiments, fitted models typically achieve χ2 ≈ 1, indicating agreement
with the measurements within their uncertainties (see Supp. S5.4 for details).

5 Experiments

5.1 Experimental Details

Experimental Setup For all experiments, we fit NeuralDMD by minimizing
the appropriate measurement residual (Sec. 4) Here, an epoch denotes a fixed
number of gradient steps. We uniformly batch over observed coordinate sets
(image-domain S or Fourier-domain St), using spatial batch sizes of 64–256 and
selecting a per-epoch sampling fraction between 0.1 and 1.0 solely to control
memory footprint; results are insensitive to this choice (see Supp). The number
of modes r is chosen based on the sparsity (typically r ∈ [5, 75]). Ablations on
sparsity versus mode count provided in the Supp.

Implementation Details We use a fixed architecture for NeuralDMD in all
experiments. The mode network Θw comprises four MLP blocks, each consisting
of two linear layers with 256 hidden units and SiLU activations. The spectrum
and initial-coefficient networks, ΘΩ and Θb, share a lightweight architecture: a
learnable 16D latent input followed by a two-layer MLP with 64 hidden units
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(SiLU) and a final linear layer producing per-mode outputs; ΘΩ uses a sigmoid
output mapping, while Θb uses a softplus on amplitudes and no activation on
phases. Spatial inputs use NeRF-style sinusoidal positional encoding [47] with
L ∈ [0, 10] frequencies (powers of two), with smaller L used under higher spar-
sity. We use Adam optimizer with learning rate 10−4 and a reduce-on-plateau
scheduler for 104–106 epochs depending on the experiment. All parameters are
randomly initialized except for black hole imaging. There, we use structured
initializations (disk pretraining for INR baselines and Zernicke initialization for
NeuralDMD), with full details in the Supp. S5.

Baselines For image-domain sparse observations (weather), we compare Neu-
ralDMD against a naive data-assimilation baseline: 3D-Var [4, 43], and two
spatio-temporal coordinate networks that regress I(x, y, t) from (x, y, t): a vanilla
MLP and SIREN [66]. For Fourier-domain sparse observation experiments (black
hole imaging), we compare against (i) a spatio-temporal INR baseline fit directly
to visibilities, (ii) optDMD, (iii) StarWarps [6], which is a gold-standard dynam-
ical imaging method used in the EHT community [19], and (iv) resolve [32], a
more recent Bayesian image reconstruction method.

Ablations and Evaluation Metrics We ablate the INR backbone (SIREN
[66], MFN [65], Fourier-feature MLP [69]) and the parameterization of (Ω, b),
direct optimization versus networks ΘΩ , Θb. For fairness, all INR baselines use
the same MLP backbone as NeuralDMD ’s mode network Θw, with time as an
additional input and comparable positional encoding. All methods are fit under
the same observation operator and sampling pattern. We report RMSE, PSNR,
SSIM, and LPIPS for all reconstructions.

5.2 Image-Domain Sparse Observations

Weather Data Assimilation. We evaluate NeuralDMD on atmospheric data
assimilation, reconstructing a complete spatio-temporal wind field I(x, y, t) from
image-domain observations at sparse station locations. We use hourly ERA5
wind-speed magnitude at 10m above the surface over North America from April 1–
7, 2025 (168 frames; [77]), and sample observations at ∼ 5000 real station coordi-
nates per frame derived from WMO OSCAR/WIGOS [77,78]; with some stations
dropping in and out on different days as their operational status changes. We fit
models on the assimilation window and evaluate both reconstruction within the
window and nowcasting beyond it (April 8, 2025). We compare against a 3D-Var
baseline and spatio-temporal INR baselines (vanilla MLP and SIREN [66]) fit to
the same sparse samples.

We report image metrics computed against dense ERA5 ground truth (mean
± std across frames). As shown in Fig. 3 and Tab. 1, NeuralDMD achieves
the lowest error across all metrics and maintains higher-quality reconstructions
under sparsity, while also providing stable short-term forecasts beyond the ob-
servation window (additional sparsity studies are provided in the Supp.).
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Table 1: Quantitative evaluation: Weather data assimilation (ERA5). Quan-
titative comparison (mean±std over frames) for dense (∼ 5000) and sparse (∼ 500)
observations per frame. We report results at both sparsity levels to highlight perfor-
mance in a highly undersampled, operationally realistic (∼ 500) and in a denser regime
(∼ 5000), where 3D-Var is applicable. NeuralDMD achieves the best overall perfor-
mance at both sparsity levels.

Method Samples per frame RMSE↓ PSNR↑ SSIM↑ LPIPS↓

NeuralDMD (ours) ∼ 500 2.3±0.1 19.1±0.8 0.53±0.03 0.59±0.02
∼ 5000 1.5±0.1 24.7±0.5 0.70±0.01 0.32±0.01

3D-Var
∼ 500 - - - -
∼ 5000 3.6±0.8 18±4 0.48±0.09 0.5±0.1

Vanilla MLP ∼ 500 2.7±0.2 17±1 0.49±0.04 0.65±0.03
∼ 5000 2.3±0.2 21.0±0.6 0.56±0.01 0.6±0.2

SIREN
∼ 500 3.0±0.3 17±1 0.50±0.04 0.63±0.02
∼ 5000 2.3±0.3 21±1 0.63±0.02 0.52±0.02

Table 2: In distribution (ID) and out of distribution (OOD) quantitative performance
of CORAL vs. NeuralDMD. Sparsity rates of 10% and 40% of the total image pixels
are used for fitting for ID and OOD cases respectively.

CORAL ID NeuralDMD ID CORAL OOD NeuralDMD OOD

RMSE ↓ 0.02±0.01 (3.6±0.8)e-3 0.05±0.02 0.014±0.004
PSNR ↑ 39±1 56±1.3 30±0.3 43±1
SSIM ↑ 0.89±0.0 0.9994±0.0002 0.69±0.05 0.997±0.001
LPIPS ↓ 0.012±0.001 0.0002±0.0001 0.020±0.001 0.002±0.001

Wave Equation: Simulation-Trained vs. Untrained Modeling. Operator-
learning models leverage large numerical simulation datasets to learn reusable
solution operators, but their performance can degrade under distribution shift.
Here we compare this paradigm against per-instance fitting with NeuralDMD
in a sparse-observation inverse problem.

We generate 2D wave-equation sequences and compare NeuralDMD against
CORAL [64], a representative operator-learning baseline trained on 5000 64-
frame videos of low-frequency waves of resolution 96× 96. At test time, we eval-
uate both an in-distribution (ID) regime within the training frequency range
and an out-of-distribution (OOD) regime containing higher spatial frequencies,
while keeping the sparse sampling pattern fixed across methods. Table 2 shows
quantitative results (qualitative results in Supp.), illustrating that CORAL gen-
eralizes well in-distribution (PSNR = 39) but can degrade under frequency shift,
whereas NeuralDMD remains reliable because it is fit directly to the measure-
ments of each sequence (details in Supp. S4.2). This highlights a key advantage
of per-instance fitting, particularly relevant in scientific discovery settings, where
the true dynamics may be only partially understood and representative training
simulations are often unavailable.
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Fig. 3: Qualitative evaluation: Weather data assimilation (ERA5). Rows show
t=5 hrs, t=100 hrs, and extrapolation, with ∼ 500 samples per-frame. 3D-Var is accu-
rate near initialization but degrades over time and cannot extrapolate. NeuralDMD
better preserves storm structure and forecasts more reliably than INR baselines, which
lack explicit dynamics.

5.3 Fourier-Domain Sparse Observations

We evaluate NeuralDMD on black hole video reconstruction from sparse inter-
ferometric measurements. We simulate EHT observations using the array con-
figuration and observing schedule from the 2017 Sagittarius A* campaign, and
report reconstruction and extrapolation performance against established base-
lines.

Interferometric Observation Model Simulations. We use physically re-
alistic General Relativistic Magnetohydrodynamics (GRMHD) simulations of
black hole accretion flows [17,22,48] for evaluation. Corresponding ray-traced im-
age sequences (It(x, y)) are used as ground truth and passed through an interstel-
lar scattering screen to mimic the Galactic-center observing conditions [28,30].

To simulate sparse visibilities, we use eht-imaging [10] together with ngehtsim
[51] which model Earth-rotation synthesis and sparse Fourier sampling of the
EHT 2017 array configuration for Sgr A∗ (EHT2017; [70]). This yields a set of
complex visibilities {Vi} at time-varying spatial frequencies {(ui, vi, ti)} with
associated uncertainty estimates {σi}. Full simulation details, uv-coverage pat-
terns, and additional configurations (e.g., edge-on views and denser arrays) are
provided in Supp. S5.

Reconstruction Results and Comparisons. Figure 4 compares NeuralDMD
against StarWarps [6], resolve [32], optDMD, and a spatio-temporal INR base-
line (vanilla MLP). Under the extremely sparse EHT2017 sampling, NeuralDMD
yields lower reconstruction error and sharper, more temporally consistent recon-
structions throughout the data-fitting window. This suggests that representing
the dynamics through a small number of modes provides a strong inductive bias
for reconstructing dynamics. Additional baseline sweeps and robustness studies
under varying noise, sparsity, and corruptions are provided in Supp. S5.7. To
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(a) GRMHD reconstruction from sparse interferomet-
ric data.

(b) Reconstruction error over time.

(c) Robustness to noise and sparsity.

Fig. 4: Spatio-temporal reconstruction from sparse EHT 2017 visibilities.
(a) Reconstructions of a GRMHD sequence from sparse observations during fitting
and extrapolation (forecasting). Values denote image-space MSE (lower is better).
NeuralDMD produces lower error and better temporal consistency than StarWarps,
resolve, and the spatio-temporal INR (vanilla MLP); The bottom row shows the aver-
age optical flow, with Q denoting cosine similarity to the ground truth flow (higher is
better). (b) Per-frame normalized image-space MSE. Gray region denotes the extrap-
olation window, where NeuralDMD remains stable in contrast to the vanilla MLP
diverges. (c) Robustness under increased visibility noise and reduced Fourier sampling.
Fractional noise is relative to the data amplitude. A 100× 100 Fourier grid is used; 20
Fourier components correspond 0.2% sparsity.

ensure a fair comparison, we use random initialization with the same seed val-
ues for NeuralDMD and the vanilla MLP, and use the same architecture for
all baselines (see Supp. for details). In real-world setting, each station observes
through a different, time-varying atmospheric column and instrumental chain,
introducing unknown complex-valued gain corruptions (affecting both amplitude
and phase) in the measured signal. To handle these realistic station-based effects,
we marginalize over the complex gains during fitting (details in Supp. S5 and
S15.2).

Forecasting Beyond Observations. After fitting the model to the observa-
tions, we forecast future frames by evaluating the learned dynamics at times
beyond the last measurement. In the EHT 2017 setting, we fit the model on the
first 1.6 hours forecast the subsequent 1.4 hours. Figure 4b shows the per-frame
normalized image-space L2 error ∥Ît − It∥22/∥It∥22, with the extrapolation region
shaded in gray. NeuralDMD continues to produce coherent motion throughout
the forecast horizon, whereas the vanilla MLP rapidly diverges once observations
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are no longer available. Since StarWarps estimates frames only within observa-
tion interval, it does not support forecasting.

Interpretability. Beyond reconstruction quality, NeuralDMD recovers spatial
modes {wj(x, y)} together with a continuous-time spectrum {Ωj = αj + iωj}.
The modes capture dominant spatial structures, while the spectrum characterizes
their temporal evolution through decay rates and oscillation frequencies. In the
black hole setting, for example, the learned frequencies provide direct estimates
of characteristic dynamical timescales, such as the angular velocity of rotating
structures (examples provided in the Supp. S5).

5.4 Robustness and Ablations

Table 3 ablates coordinate-network backbones and positional-encoding band-
width on EHT 2017 reconstructions. Here, L denotes the number of sinusoidal
positional-encoding frequencies used for coordinate inputs; we keep the num-
ber of layers and channels fixed across all INRs. For each method we report a
low- and high-bandwidth setting (Llow |Lhigh), and results across a wider range
of bandwidths can be found in the Supp. S5.7. Reported values are mean±std
over 5 random initializations and measure reconstruction quality on recovered
image frames (not forecasting). Across all backbone and bandwidth settings,
NeuralDMD achieves the best overall reconstruction quality, indicating that
the dynamical inductive bias provides benefits beyond the choice of INR archi-
tecture alone. We also ablate the parameterization of (Ω, b) by directly optimiz-
ing {Ωj , bj} as learnable parameters rather than neural network outputs, while
keeping the same mode network and measurement loss (“Direct Ω/b”). Directly
optimizing {Ωj , bj} yields the weakest performance across all metrics, highlight-
ing that over-parameterizing these quantities as neural network outputs is crucial
for effective optimization. We further evaluate the robustness of NeuralDMD
under varying noise levels and observation sparsity, demonstrating strong recon-
struction performance in challenging measurement regimes (Supp.S5).

5.5 Limitations: Breakdown of the Linear Dynamics Assumption

A key assumption of NeuralDMD and other DMD-based methods is that the
observed dynamics are sufficiently linear over the observation window [63, 72].
We study the limits of this assumption using Navier–Stokes cylinder-flow sim-
ulations [60], generated with the jax-fluids library [5], whose nonlinearity in-
creases with Reynolds number. The PDE for this systems is

∂u

∂t
+ (u · ∇)u = −∇p+

1

Re
∇2u, ∇ · u = 0, (11)

where u is the fluid velocity field, p is the pressure, and Re is the Reynolds num-
ber. This system is nonlinear due to the convective term (u·∇)u. As Re increases
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Table 3: EHT 2017 ablations. Reconstruction metrics for different coordinate-
network backbones, positional-encoding bandwidths L, and the direct optimization
baseline for (Ω, b).

Method Llow |Lhigh RMSE↓ PSNR↑ SSIM↑ LPIPS↓

SIREN
3 0.072±0.011 23.0±1.2 0.58±0.032 0.29±0.026
10 0.075±0.0058 23.0±0.68 0.56±0.019 0.32±0.011

MFN
3 0.13±0.0095 18.0±0.68 0.54±0.0087 0.30±0.0036
10 0.15±0.025 17.0±1.6 0.53±0.020 0.32±0.022

FFM
256 0.093±0.0037 21.0±0.33 0.42±0.0061 0.66±0.018
1024 0.094±0.0047 21.0±0.42 0.47±0.031 0.59±0.017

Vanilla MLP 3 0.051±0.0029 26.0±0.55 0.81±0.013 0.22±0.0040
10 0.17±0.12 17.0±6.0 0.63±0.084 0.28±0.042

Direct Ω/b
2 0.13±0.0039 18.0±0.26 0.30±0.011 0.41±0.029
10 0.19±0.0043 14.0±0.20 0.18±0.0002 0.63±0.013

NeuralDMD (ours) 2 0.0349±0.010 29.18±1.1 0.6557±0.099 0.1905±0.0803
10 0.066±0.0033 24.0±0.47 0.54±0.0021 0.31±0.040

the flow transitions from smooth laminar behavior to increasingly turbulent dy-
namics, providing a controlled way to study the breakdown of low-dimensional
linear representations.

We evaluate NeuralDMD on two cylinder-flow regimes at Re= 200 and
Re= 5200, which exhibit increasing levels of nonlinear dynamical complexity.
For reconstructions, we use 120 and 150 modes, respectively. Figure 5 reports
PSNR versus normalized time, where tnorm ∈ [0, 1] is the data-fitting window
and tnorm > 1 is extrapolation. We compare against a persistence [76] baseline,
which uses the previous frame during the observation window (Ît = It−1), and
the final observed frame for extrapolation. We define the failure point as when
NeuralDMD matches the persistence PSNR.

While NeuralDMD achieves high fidelity during fitting (PSNR ∼ 60 for Re=
200 and ∼ 40 for Re= 5200), its forecasting accuracy deteriorates as nonlinearity
increases. For both Reynolds numbers, NeuralDMD becomes comparable to
the persistence baseline at longer horizons, around tnorm ≈ 1.6, indicating the
eventual breakdown of the low-dimensional linear approximation. At Re= 5200,
a vanilla MLP can attain higher PSNR during fitting, but with less reliable
extrapolation, consistent with its lack of an explicit dynamical prior.

6 Discussion

We introduce NeuralDMD, a simulation-free and interpretable framework for
recovering spatio-temporal dynamics from sparse, noisy, and indirect observa-
tions while enabling forecasting beyond the observation window. Although we
demonstrated the method using image domain and sparse Fourier measurements,
the framework naturally extends to arbitrary differentiable observation opera-
tors, including dynamic acquisition processes whose measurements evolve on the
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Fig. 5: top: PSNR vs. normalized time for Navier-Stokes cylinder flow simulations
at Re= 5200 and Re= 200. The white and gray regions denotes the observation and
forecasting regions respectively. bottom: Ground truth and NeuralDMD reconstruc-
tions at tnorm = 0.5, 1.05, 1.60. Error grows more rapidly for the highly non-linear
case of Re= 5200 than Re= 200 (the same fact is reflected in the PSNR plot).

same timescale as the underlying scene. By combining neural representations
with the inductive bias of dynamical systems, NeuralDMD consistently outper-
forms conventional neural representations. A key feature of NeuralDMD is its
explicit low-rank dynamical structure. Although the modeled dynamics are lin-
ear, many complex systems admit accurate low-dimensional approximations over
finite time windows, yielding interpretable modes and spectra that capture their
dominant spatio-temporal behavior.

More broadly, we believe NeuralDMD is particularly relevant for scientific
imaging problems where the governing physics remains uncertain and faithful
simulations are unavailable. In these settings, learning dynamics directly from
observations allows the data to inform, refine, or challenge existing physical
models rather than constraining inference to the behavior pre-encoded in sim-
ulations. We view this as an important step toward imaging algorithms that
not only reconstruct phenomena but also help reveal the underlying physics and
enable scientific discovery.
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