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Unlike traditional approaches, neural representations can compress unstructured data
from aerospace simulations by factors of 200x while retaining sufficient numerical quality for
visualisation. These work by approximating the underlying field, mapping coordinates to values
via compact neural networks. A key practical limitation, however, is that this mapping does not
encode the spatial extent of the original dataset domain, which almost always leads to erroneously
extrapolated artefacts in rendered images produced by implicit ray-march rendering. Previous
compression studies avoid this by separately storing the original coordinates to reconstruct
an explicit version of the data for post-compression visualisation. This approach, however,
reduces the effective compression of both coordinates and values to a negligible amount. As
a solution, we propose a dual-network framework that jointly encodes both data values and
domain extent within a fully implicit, compressive neural representation. Our approach uses
a compressed neural signed distance function to constrain data to its true bounds, enabling
implicit rendering without intermediate decompression. We validate this approach using our
hybrid sphere-tracing and ray-marching method for isosurface rendering, and demonstrate its
effectiveness — along with several optimisations — using a CUDA proof-of-concept viewer.

I. Introduction

Advances in hardware and high-performance parallel computing continue to enable increasingly sophisticated numerical
simulations, generating ever-larger volumetric datasets. High-resolution models in domains such as fluid dynamics
and atmospheric science routinely produce tens of gigabytes per snapshot [1}2]. As simulation fidelity rises to exploit
available computational capacity, the resulting data volumes pose a persistent and increasingly difficult storage challenge.
Traditional lossy compression algorithms can alleviate this problem, but are struggling to keep pace with the growth in
dataset size, particularly when high fidelity must be preserved at extreme compression.

Neural representations have recently emerged as a highly effective means of compressing volumetric data. Recent
approaches achieve lossy compression of scalar field values from fluid dynamics simulations at factors exceeding 250x
with minimal perceptible visual degradation [3]]. This is accomplished by learning an implicit approximation of the
underlying mapping from coordinates to scalar values via a neural network parameterised by trainable weights and
biases. Compression is achieved by constraining the network capacity to be smaller than the number of dataset samples
by a factor y, known as the compression ratio. Implicit representations are particularly well-suited for rendering methods
such as ray-marching because they inherently provide sampling at arbitrary resolution.

A key limitation for rendering, however, is that implicit representations do not encode the spatial extent of the
original domain and therefore cannot determine whether queried coordinates (along rays) lie inside or outside the true
bounds. This matters because implicit functions produce outputs for all inputs — including those beyond the range
observed during training — while only points within the domain should appear in visualisations. Additional mechanisms
are therefore required to verify queried coordinates before decompressed values can be considered. Without validation,
erroneously extrapolated artefacts often appear and obscure true data, as shown in Fig. [I]

An explicit reconstruction of the target dataset can be produced by querying the neural representation at original
coordinates, which must be stored separately and almost entirely negates the benefits of neural representations. Currently
available alternatives suitable for implicit rendering instead store either volume representations (e.g., voxel grids or
point clouds) or boundary representations (e.g., triangular surface meshes), neither of which are themself implicit or
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particularly well-suited to extreme compression. As a result, the overall compression factor considering both data values
and domain is far smaller than that achievable for the data values alone.

erroneously extrapolated isosurface
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Fig. 1 Isosurfaces produced using ray-march rendering on (a) the target data, (b) 25x neural compressed values
with neural compressed domain, and (c) 25X neural compressed values with bounding sphere. Erroneously
extrapolated isosurfaces outside the target domain, highlighted in red, demonstrate the need for accurate domain
representation to avoid artefacts when ray-march rendering values from compressed neural representations.

In this paper, we introduce a dual-network, fully implicit, compressive framework that encodes both data values
and domain extent, to address the need for a compressed domain representation and enable implicit rendering without
intermediate decompression. In particular, we focus our demonstrations on isosurface (contour) rendering because this
is a common yet challenging task. The key contributions of this paper include:

1) A fully-implicit, dual-neural-network framework that constrains compressed representations of volumetric data
values within the original domain extent. This is achieved with a compressed neural signed distance function
(SDF) that encodes both domain shape and position.

2) A hybrid sphere-tracing and ray-marching approach for rendering isosurfaces from neural-compressed volumes.
It is trivial to show that this approach can be extended to a range of surface and volume rendering applications
that are popular in data visualisation, such as cut-planes or multi-contours.

3) A level-of-detail (LoD) cascade and Lipschitz-informed adaptive marching regime that significantly reduce the
number of ray steps per image, enabling higher frame rates while preserving image quality. This is demonstrated
in a proof-of-concept CUDA viewer that we publish alongside this paper.

The remainder of this paper is structured as follows: Section [[]jreviews prior work on compression techniques for
representing data values and for representing domain shape. Section [[lljintroduces the dual-neural-network framework
and describes the compressed representation of domain shape via a neural signed distance function. It also introduces
the rendering implementation, with Lipschitz adaptive marching and a level-of-detail cascade optimisations. Section [[V]
presents comparative results versus traditional compressors, evaluates the proposed optimisations, and benchmarks the
CUDA-based renderer. Finally, sectionm summarises the contributions and outlines directions for future work.



I1. Previous Work

This section summarises previous work on the compression of volumetric field values (Section and three-
dimensional shapes (Section[[L.B). Because accurate rendering depends on both components, any meaningful reduction
in overall storage footprint requires that the domain representation be compressed with efficiency comparable to that of
the field data itself. We omit a discussion of scene representation networks, such as NeRFs [446]] and Gaussian Splatting
[7H9], since these are designed to synthesize photorealistic images rather than encode actual data values.

A. Compressing Volumetric Values

Lossless compression achieves minimal reductions in data size on high-entropy scientific data, making lossy compression
essential for storing and visualising large simulation datasets [[10]. Such techniques generally fall into three categories:
explicit transform methods, explicit predictive methods, and neural implicit methods that leverage deep learning.

Explicit transform methods apply mathematical transforms to decompose data into components associated with
distinct frequency bands, achieving compression by quantising or discarding low-energy components and entropy-
encoding the remaining coefficients. The Discrete Cosine Transform (DCT) — which is central to JPEG [11] and
MPEG standards [12] — concentrates most signal energy into low-frequency coefficients and is highly effective for
smoothly varying image data. The Discrete Fourier Transform (DFT) similarly decomposes data into global sine and
cosine modes and is best suited to smooth, periodic signals; however, both DCT- and DFT-based methods perform
poorly on non-smooth or noisy data and exhibit Gibbs phenomenon ringing near discontinuities. Wavelet transforms,
such as those of Haar [[13] and Daubechies [14], provide joint spatial-frequency localisation, improving compression
of aperiodic data with sharp features [[15]. More recent extensions to multidimensional scientific data include ZFP,
which applies an orthogonal block transform and embedded coding to 42 blocks under a fixed-bit budget [[16]], and
TTHRESH, which uses higher-order singular value decomposition followed by bit-plane, arithmetic, and run-length
encoding [17]. MGARD performs a multilevel finite-element—style decomposition followed by coefficient quantisation
and entropy coding [18]], while SPERR applies a multiresolution wavelet transform with SPECK-style embedded coding
and an outlier-refinement stage to achieve high rate—distortion performance on 2D and 3D floating-point fields [19].
While transform-based methods generally achieve the best accuracy for a given compression ratio, they are restricted
to array-based data on structured (i, j, k) grids, which excludes a large proportion of aerospace and turbomachinery
datasets defined on unstructured meshes. Although some techniques can be applied to vectorised data, doing so destroys
spatial locality and leads to severe degradation in compression performance.

Implicit predictive methods approximate data using low-order mathematical models, applied either to flattened
arrays or directly in higher dimensions, storing only the model parameters rather than explicit values. Compression is
achieved by limiting the number of parameters and minimising residuals, often followed by parameter quantisation
or entropy encoding. Well-known examples include FPZIP [20], which uses the Lorenzo predictor to estimate each
point from nearby values, storing only the prediction residuals; these residuals are mapped to integers, grouped, and
compressed with range coding, with lossy compression achieved by discarding lower-magnitude bits during the integer
conversion process. ISABELA sorts flattened data into monotonic order and fits (by regression) a B-spline curve to
approximate values at indexed locations [10]]; the pre-sorting reduces the number of spline coefficients required to
achieve a given accuracy bound on noisy data but necessitates storing a large inverse permutation vector, limiting
maximum compression to y ~ 10. SZ [21] and SZ2 [22] similarly flatten blocks of floating-point data, select the best-fit
model between consecutive points, and encode it using a compact two-bit scheme: 00, for the preceding neighbour, 01,
for linear curve, 10, for quadratic curve, and 11, for “unpredictable” points, which are entropy-encoded separately. SZ
and its successors can achieve compression ratios of up to 400:1 with high numerical accuracy, though performance is
more data-dependent than transform schemes, particularly on unstructured data where consecutive samples are not
spatially local and thus weakly correlated. Despite sometimes requiring additional connectivity information, predictive
schemes are generally more flexible and can be applied to both structured and unstructured datasets.

Implicit neural methods treat volumetric data as discrete and independent coordinate—value samples, each pairing
a spatial coordinate X = (x, y, z) with a scalar value v, with no assumed neighbourhood structure or spatial connectivity.
These samples are interpreted as observations of an underlying continuous volumetric field f : R — R that, for real data,
is far too complex to express analytically. Instead, neural representations exploit the universal approximation capability
of multilayer perceptrons (MLPs) [23]] to learn this coordinate-to-value mapping via gradient-descent optimisation.
Neural representation replaces explicit storage of field values with a neural network whose parameters encode a



continuous approximation of the underlying eld. Like classical implicit predictors, neural methods operate e ectively
on both structured and unstructured data, but additionally provide built-in spatial interpolation for queries at arbitrary
resolution, which is a particular advantage for sampling-heavy, implicit ray-marching rendering tasks.

Before modern deep learning, early neural representations used single-hidden-layer radial basis function networks,
which took continuous coordinates as input and produced scalar outputs for nonlinear interpolation of scattered samples
[24). This line of work was later extended using multi-layer perceptrons (MLPs) with sigmoidal activations, culminating
in universal approximation results demonstrating that such networks can represent arbitrary continuous multidimensional
functions P3,125,126]. Poggio and Girosi further formalised the problem of learning continuous functions from sparsely
sampled data, establishing a theoretical foundation for neural function represera@idigre direct predecessors to
modern neural elds apply coordinate-MLPs with ReLU to represent three-dimensional scenes, trained via stochastic
gradient descent for neural rendering applicati®@®.[ Compared to other activations, however, ReLU produces
piecewise-linear mappings that limit the network's ability to capture ne detail and higher-order derivatives in complex
data. Fourier feature29] address this limitation by projecting low-dimensional coordinates into a higher-dimensional
space via log-linearly spaced sine and cosine embeddings, substantially improving a network’s ability to capture
high-frequency variation. Sitzmann et aB([ further advance this direction with sinusoidal representation networks
(SIRENS), whose periodic activations provide a strong inductive bias for representing complex signals and their
derivatives, and consistently outperform ReLU-MLPs, even when augmented with Fourier features.

Lu et al. 3] extend deep SIRENs by adding residual connections, as in RéSHewfithin their NeurComp neural
compression framework for volumetric scalar elds. They formally de ne neural compression by constraining the
number of network parametersto be smaller than the number of original samglegiving a compression ratio
W = (e:. NeurComp provides ne-grained control over the compression accuracy trade-o and, with additional
post-training parameter quantisation, consistently outperforms TTHRE#Hdchieving extreme compression ratios
of up to 1300:1 with minimal visual error across diverse datasets. Motivated by these results, we adopt a deep SIREN
architecture with residual connections and Fourier features for all data-value-compression components of our pipeline.
More advanced neural representations have also been proposed: hypernetwork-based approaches siBh as NIF |
achieve improved representation e ciency over deep SIRENSs, while adaptive domain-partitioning methods, including
ACORN [33], SCI [34], and TINC [35], use hierarchical spatial decompositions to allocate capacity more e ectively in
statistically inhomogeneous domains. These architectures, however, introduce substantial additional constraints on the
data format, making them hard or impractical to integrate into our domain-agnostic neural compression and rendering
pipeline. Incorporating such methods is beyond the scope of this study but remains promising future work.

B. Compressing Domain Shape

Rendering neural implicit functions requires an additional coordinate containment mechanism to accurately bound
rendered elements within the target domain shape (see [Figure 1). Otherwise, erroneously extrapolated elements interfere
and dominate the visualisation. Explicitly storing coordinate points allows explicit dataset decompression for traditional
rasterised rendering without such errors, but provides neither the information needed for implicit ray-marched rendering
nor any degree of compression. We therefore consider alternative mechanisms for inside-outside point testing during
implicit ray marching. Complex geometries can be speci ed in a number of ways; three approaches are:

1) Explicitboundary surfaces: These are represented by closed polygonal meshes that encode both vertex positions
and polygon connectivity36, 37]. Inside-outside tests can be performed using standard geometric methods
such as counting polygon intersections or evaluating winding numbers from rays cast at sample@@@8}s [
which are computationally expensive on-the- y. Surface points are usually available as labelled boundaries in
most simulation suites, making them straightforward to export. The resulting le size scales with the number of
surface points and is generally more e cient than storing original coordinates, even when accounting for extra
connectivity information. However, such representations remain much larger than those achievable for dataset
values through neural compression, thereby limiting overall e ciency.

2) Discrete occupancy grids: These partition the domain's minimum bounding box into a regular grid, with
each cell storing a binary value indicating whether it lies predominantly inside or outside the d@d@jain [
Coordinate containment is determined through direct cell queries, which are extremely fast, particularly when
using hierarchical structuredl, 42]. Occupancy grids are, however, most often generated by sampling existing



boundary meshes, obtained as above, making them much slower to compute ahead of runtime. Because
voxels do not encode surface orientation, boundaries are approximated through thresholding, which introduces
signi cant aliasing along oblique or curved surfaces. Accurately capturing detailed features therefore requires
high resolutions, which can easily increase le sizes beyond that of the original data.

3) Signed distance functions: These assign a scalar to every point in space, equal to the shortest Euclidean distance
to the dataset's domain boundaBi]. By convention, values are negative inside the domain and positive outside,
hence the zero level set implicitly de nes the boundat§][ Containment checks are performed by testing
whether a point's signed distance is negative. Any shape with a well-de ned boundary can, in principle, be
represented by a signed distance function. This function may sometimes be expressed analytically for primitive
shapes; for complex or non-smooth geometries with sharp edges, however, a single analytical expression is
generally unobtainable. In such cases, the domain can be sampled regularly to generate a discrete signed distance
grid [44], which can require more storage even than discrete occupancy grids.

These representations trade geometric accuracy against storage and runtime cost, with decimated surface meshes
(i.e., reduced-resolution triangle meshes) typically o ering a practical compromise. A crucial observation, however, is
that signed distances provide a continuous volumetric description of geometry, which, like volumetric data, can be
e ciently approximated by neural network models, giving rise to neural signed distance elds [45 47].

DeepSDF 45 demonstrates neural signed distance elds using a latent-code conditioned feed-forward network
with ReLU activations. The model learns continuous mappings from coordinates to signed distances using discrete
samples drawn from families of related shapes, with a learned latent vector capturing instance-speci c variation. This
allows a single network to represent, and smoothly interpolate between, entire classes of geometries (e.g., chairs or cars).
Davies et al. 46] simplify the formulation by removing the latent code and over tting a single network to a single
shape, yielding a more accurate and stable representation than DeepSDF, adaptively decimated meshes, or uniform
SDF grids of comparable size. They compare sampling strategies for training and evaluate techniques for mitigating
MLP spectral bias48], showing that DeepSDF's original ReLU architecture outperforms positional encodgjgard
SIRENs BQ] under equal network capacity. For rendering, they observe that neural SDFs behave similarly to analytical
SDFs and support e cient sphere tracing [49], which we exploit.

Although both fi5] and [46] highlight the compressive properties of their respective models, neither studies how
varying network capacity enables continuous control over compression levels, as later shown by L3].ebaitiyated
by this gap, we adopt a exible ReLU-based architecture, informedp#q], in which each domain-shape SDF is
encoded by a single network whose capacity can be tuned to meet a target compression ratio. This allows us to balance
data and domain shape compression within a uni ed framework for visualisation by implicit ray-march rendering.

[ll. Methodology

Our method addresses the speci ¢ challenge of compressing large volumetric datasets for visualisation through implicit
rendering, rather than for numerical analysis or simulation checkpoiriifig The approach uses two compressed

neural representations: one encoding the data and the other encoding the shape of the domain via a signed distance eld.
By compressing both data and domain with coordinate-based neural implicits, we achieve signi cant advantages for
ray-based rendering techniques that require frequent access at o -grid points and at arbitrary resolution. Together, these
components form a compact and memory-e cient representation ideally suited for GPU rendering [51].

Section II.A describes the neural approach to compressing volumetric data values, adapt&. fReutfon I11.B
then details the neural approach to compressing domain geometry, inspid].dy [Section 111.C, we present the
hybrid ray-marching and sphere-tracing rendering framework. Section I11.D introduces Lipschitz-bounded adaptive ray
marching and the level-of-detail cascade optimisations used to reduce the total number of network queries per image.
Finally, Section Ill.E describes the implementation of our CUDA-based proof-of-concept isosurface renderer.

A. Compressing Volumetric Data

Our approach to compressing volumetric data closely follows Lu eBpar{d employs a deep fully connected neural
network with sinusoidal activation functions (a SIREN) to map input coordinates to their corresponding scalar values.



We express this as a functidh : @ ! H, parameterised by network weights where coordinate® 2 Rare mapped
continuously to scalar output$ 2 R As in Lu et al., we incorporate residual blocks each comprising two layers

with identity skip connections to improve gradient ow and promote stable convergence by mitigating vanishing

and exploding gradients. This combination of sinusoidal activations and residual connections has been shown to most
e ectively capture complex volumetric structure under tight memory constraijts\We also evaluate positional
encodings and observe modest improvements over raw input coordinates; accordingly, we apply the rst ten log-linear
Fourier features 1! = 10°. The resulting architecture is illustrated in Figure 2.

Fig. 2 The Dataset Network consist of residual blocks, each of width<. All layers are fully-connected with
sine activations, except for a linear output layer. Inputs are coordinate§s 2 R and outputs are corresponding
scalar values H 2 R. An optional positional encoding layer uses 10 log-linear Fourier features.

The speci ¢ network dimensions and consequently, the total number of parameters are determined entirely by
hyperparametersand<, which denote the number of residual blocks and the width of each block, respectively. To
achieve a compression rali, we x ; and compute based on the dataset size, which we de ne as the number of data
points multiplied by the output dimensionality. Within this framework, compression reduces to gradient-descent-based
optimisation of over the target coordinate-value pairs using a least-squares loss, while decompression is performed by
evaluating5 at arbitrary coordinates. Notably, we forgo Lu et al3$ post-training parameter quantisation scheme,
which quadruples compression at a marginal accuracy penalty, and their direct learning of gradients, which improves
isosurface accuracy at the cost of runtime performance and ease of implementation for unstructured data.

The Dataset Network was implemented in Python using TensorMalahd the Keras API93], supplemented by
custom helper modules and the open-source Trimg4aind PyVista §9 libraries. The default network con guration
uses eight residual blocks and adopts the SIREN weight initialisation scheme introduced by Sitzmann et al. [30]:
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where< gdenotes the size of the input activation to each hidden layer. Parameters are optimised wittb@ldesimg

an initial learning rate of 0.001 and a variable batch size, trained for 40 epochs without early stopping. Learning-rate
decay is applied with a two-epoch half-life. All coordinates are translated and uniformly scaled so that the domain ts
within a unit sphere centred at the origin, and all scalar outputs are normalised to the rkrdé&4n order to support

both training stability and correct scaling within downstream rendering.

B. Compressing Domain Shape

Our approach to compressing domain shape builds on the method of Davies4&,adnfl uses a deep fully-connected
neural network with ReLU activation§7] to map input coordinates to their corresponding signed distance values of a
single domain shape. We express this as a fun@&ionG ! F parameterised by network weights where coordinates



@ 2 Rare continuously mapped to signed distariceR. By convention, positive distances indicate points outside the
domain boundary, while negative values denote points inside, satisfying our occupancy-checking criteria. Consistent
with prior work [46], we nd that shallow ReLU networks outperform even deep SIRENS for shape representation under

a constrained memory budget. In particular, initial tests showed that both SIRENs and Fourier-feature networks struggle
to capture smooth surfaces with sharp edges without introducing ripples (i.e., the Gibbs phenomenon) and fail to model
the monotonic increase of SDF values for external points. The resulting architecture is illustrated in Figure 3.

Fig. 3 The Domain Network consist of? residual blocks, each of width@ All layers are fully-connected with
ReLU activations, except for a linear output layer. Inputs are coordinatesG 2 R and outputs are corresponding
signed distances F 2 R. A positional encoding layer (tested but unused) uses log-linear Fourier features.

We extend Davies et al4f] to incorporate the same quasi-continuous compression capability used in our Dataset
Network. The Domain Network architecture is similarly de ned by two hyperparamé&tensd @ which specify the
number of hidden layers and the width of each layer, respectively. To achieve a target compressiin vaio< ?
and determine@based on the data volume, calculated as the product of the number of target data points and the input
dimensionality3j, = 3. The Domain Network is implemented in TensorFlow using Keras, with all signed distances
stored in single-precision oating point format. Unless otherwise noted, the default architecture consists of only two
layers, which we found to be optimal. Networks are trained using the Adam optimiser with an initial learning rate of
0.001, a batch size of 256, for 40 epochs without early stopping. Learning rate annealing is applied with a two-epoch
half-life, and training minimises a least-squares loss. As with the Dataset Network, input coordinates are normalised so
that the boundary surface ts exactly within a unit sphere, and signed distances are scaled by the sphere's radius.

Simulation data samples generally lack signed distance values and do not exist outside the domain, which is essential
for learning the positive range of SDFs. Computing signed distances on-the- y is computationally ine cient, so we
generate a temporary training dataset prior to training. This process begins by extracting the domain surface as a
polygonal mesh using a VTK surface extraction It&g], followed by triangulation if necessary. We then sample a
cloud of 1¢° points, which we nd to be su cient, both inside and outside the mes#6] juse an importance sampling
protocol with a costly "sample and replace" rejection strategy to reduce sampling bias on meshes from the Thingil0k
dataset$9], but we nd that simulation meshes are isotropic enough to rely on Gaussian o sets sampled from surface
triangles. Signed distances are then computed using the highly e cient Python Open3D library [60].

C. Implicit Ray-Marched Rendering

A key contribution of this paper is an implicit rendering framework that generates images directly from neural-compressed
representations of both data values and domain shape, removing the need for separate explicit domain representations
that can limit compression e ciency. We introduce a hybrid ray-marching and sphere-tracing approach, designed to
exploit our SDF-based domain representation for more e cient sampling along rays while producing accurate renderings

of target data. We focus on isosurface rendering because it is a challenging yet common 3D task, and it serves as a proof
of concept for simpler rendering tasks, such as cut planes. The rendering process is summarised in Figure 4.



In its most basic form, the rendering scene is de ned by a virtual camera, a virtual light source, a bounding
sphere object enclosing all points within the domain, and implicit coordinate-based representations of both data values
and domain shape. These representations can be either compressed or uncompressed, and can include non-neural
formulations (e.g., analytical functions). In our demonstration, both data and domain are neural representations,
compressed roughly but not necessarily identically to the same target compression ratio.

Fig. 4 Our hybrid sphere-tracing and ray-marching approach for implicit isosurface rendering on neural
representations of data and domain. Rays either miss or intersect the bounding sphere. If a ray intersects, then it
will eventually either step into the target domain (SDF<0) or exit through the rear face of the bounding sphere
(ray miss). Within the domain (SDF>0) rays may either step over the target isovalue (rah hit), reach the maximum
step limit (ray miss), or step back outside the domain. Only ray hits within the domain are shown on screen.

The baseline isosurface-rendering pipeline proceeds as follows. A camera-originated ray is traced, for each on-screen
pixel, through the:F— °-resolution image plane placed at unit distance and perpendicular to the viewing axis. An
initial intersection test is performed against a bounding sphere whose centre and radius minimally enclose the domain
surface. Rays that miss are discarded; those that hit advance to the near-side intersection. Beyond reducing unnecessary
marching, this culling step ensures that SDF samples are drawn from the smallest controlled region and that learning is
concentrated around the surface geometry rather than the far eld. The surviving rays then advance via our iterative
hybrid ray-marching and sphere-tracing scheme. At each step, the neural SDF is evaluated at the ray's current position
to obtain both the nearest-surface distance and occupancy. A positive signed distance indicates that the ray is outside the
domain, allowing it to advance safely by that distance under the sphere-tracing rule. The ray remains active provided
it stays within the bounding sphere and does not exceed the user-de ned maximum number of steps; otherwise it is
classi ed as a miss and culled. A negative signed distance indicates that the ray is inside the domain, in which case it
advances by a xed step si2zéunder the ray-marching rule while also querying the neural compressed value at that
location. The step size is chosen a priori as the 0.1 percentile of cell-edge lengths, which Iters out extreme outliers,
behaves consistently across di erently scaled domains, and is su ciently small to avoid overstepping thin interior
structures. An isosurface hit is detected when the sign of the residual between the compressed data value and the target
isovalue changes across consecutive steps. Crucially, the framework forbids a hit from occurring while the ray is outside
the target domain. Rays that do not register a hit continue marching; those that do are terminated, and basic lighting is
computed using surface normals estimated from nite di erences along each coordinate axis. The process continues,
with step counts incremented each iteration, until every pixel has either registered a hit or satis ed a miss condition.

Our isosurface approach generalises naturally to a wide range of rendering tasks, including surface, cut-plane, and
even full volumetric rendering. The only requirement is that any data extrapolated beyond the SDF domain boundary is
treated as unreliable and therefore ignored by the renderer. By exploiting the bounding sphere, it is also straightforward
to mix neural and analytical SDFs within the same coordinate-containment checks, enabling a variety of composite
e ects. In turn, this makes it possible to render multiple datasets simultaneously within a single uni ed framework.



D. Improving Rendering Performance

Rendered images may contain hundreds of thousands of pixels, depending on the desired resolution, and each pixel
can require hundreds of ray-marching steps that repeatedly query the neural representations of data or domain. These
evaluations accumulate along a ray because each step depends on information obtained at the previous one, limiting
opportunities for intra-ray parallelism. While bounding-sphere culling removes many guaranteed misses from the
outset, repeated successive neural network inference remains the dominant performance bottleneck. Because sphere
tracing is theoretically optimal with respect to its step-selection rule, the vast majority of sequential queries arise from
marched rays advancing with small, xed step size inside the domain. We deliberately avoid caching intermediate
network outputs because it introduces substantial memory overhead and o ers little bene t given the lack of overlap
between neighbouring ray trajectories. Instead, we introduce two techniques to reduce the number of per-pixel queries
speci cally within the ray marching regime: (i) an adaptive ray-marching strategy that replaces the traditional xed-step
approach, and (ii) a depth-informed level-of-detail (LoD) cascade analogous to progressive rendering. Both techniques
operate under a global Lipschitz bound, which guarantees that reductions in query count do not come at the cost of ray
overstepping, as would arise from simply increasing the step size globally.

Of key importance is the role of the Lipschitz bound in regulating sampling, as it strictly limits the maximum
change in function outputs (e.g., data values) relative to absolute changes in function inputs (e.g., ray coordinates). By
de nition, a function5 : R | R satis es the Lipschitz condition globally if it is piecewise continuous and there exists
a constant ! 0 such that:

j5'8 5'@) 'k® &k 8@ 2R )

We enforce this condition across all samples from the target dataset, allowing us to deterraneite di erences.
The resulting Lipschitz constant, which can be interpreted as a rst-order, direction-independent maximum gradient, is
combined with the minimum cell si2&y;, to compute per-step, per-ray adaptive step sizes. Each step is chosen to be as
large as possible without allowing sampled function to change by more than the target isovalue residual. We take the
maximum of this calculated step size axgl, to prevent excessively small steps from stalling ray progression when
residuals are small near the surface. This ensures that each step is safe and e cient: preventing overstepping while
maintaining steady forward progress. Formally, the adaptive step sizes B are given by:
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where 5 *@&renf and 5 1&g are the current ray data value and target isovalue, respectively. This formulation
maximizes step size without skipping any target isovalue, ensuring that rays crossing an isosurface are sampled within
at least two steps. By taking the maximum of the Lipschitz-informed step and the minimum cell size, we guarantee an
equal or reduced number of steps per ray compared to the baseline. The reduction depends on the speci ¢ data eld but
is always bounded by the original step count and incurs minimal computational overhead for implementation.

The number of per-image network queries can also be reduced by reusing ray-depth information obtained from
an initial low-resolution pass, where fewer pixels are evaluated, to inform subsequent full-resolution rendering. Our
level-of-detail (LoD) cascade implements this approach by progressively re ning intermediate results, using depth
values from each pass to initialise rays in the next, so that high-resolution results require fewest per-pixel steps. The
process begins without prior depth information and renders an ima&j&'&P° of the native resolution. Each pass
produces both an RGBA image and a single-channel depth bu er. The depth bu er records, for each ray, the furthest
depth reached along the ray direction during the previous pass. Before reuse, these depths are retracted by a small
amount to ensure that rays generated in the subsequent pass are not initialised deeper than the isosurface they may have
just passed through to register a hit:
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Here,?a denotes the pixel footprint at dep® andr 5 & is the backwards-di erence rate of change of ray value at the
nal marched position along the ray. In this formulation, the Lipschitz bound limits the maximum variation of the eld



within the pixel footprint perpendicular to the ray direction. The local gradient then relates this bound to an equivalent
variation along the ray, which determines the backward adjustment of the initialisation depth. As illustrated in Figure 5,
this adjustment is essential to prevent newly spawned rays from being initialised beyond the target isosurface.

Fig. 5 A side-on illustration of our depth-informed level-of-detail cascade, showing backward adjustment from
an initial low-resolution pass (top) to subsequent higher-resolution rendering (bottom). Rays may step beyond
the isosurface before registering a hit and are adjusted backwards before their depth values are recycled to avoid
overshooting. Initialising new rays from this adjusted position signi cantly reduces ray-marching iterations
compared to naive marching from the original image plane, even as the pixel count increases.

Both the image and depth bu ers are then upscaled using nearest-neighbour extrapolation, for display and as input
to the subsequent render pass, respectively. The depth bu er additionally undergoes minimum pooling v@ith a
cross-shaped kernel to further prevent overstepping at tangential seams near isosurface boundaries. The resulting depth
values are used to initialise rays at the next level of detail much closer to their nal depths, rather than from the image
plane, and the image is progressively re ned until full resolution is reached. In our experiments, we nd that a four-stage
LoD cascade with an upscaling factor of two provides the best trade-o between the increased number of rendering
passes, increased pixel count per pass, and the progressively decreasing number of steps per pixel.

E. Proof-of-Concept GPU Rendering

Implicit rendering from compressed representations is computationally intensive yet highly parallelisable across pixels
and has low memory overhead, making it well suited to hardware accelerafipr8imilarly, neural network evaluation

at independent sample locations bene ts from GPUSs' high core counts, enabling e cient execution even when threads
perform separate inferences with minimal data reuse. We exploit this synergy by implementing the isosurface rendering
framework entirely on the GPU using CUDA in C++, with OpenGL handling user interaction and visualisation. The
source code and additional details for this proof-of-concept demo can be made available upon request.
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Our parallelised approach partitions each image into multiple thread blocks, with each pixel mapped to a dedicated
CUDA thread within its thread block. We omit multisampling anti-aliasing to maximise frame rates. Queries to the
neural representations are executed using single-threaded matrix-vector operations with activation functions, with
network parameters stored entirely in GPU memory. Depth and colour bu ers reside in global GPU memory and are
updated across successive levels of detail to minimise redundant CPU GPU communication. Each thread block is
allocated shared memory that functions as a ping-pong bu er, allowing threads to store intermediate activation vectors
e ciently without memory leaks. Finally, CUDA OpenGL interoperability enables seamless data transfer, supporting
real-time visualisation and interactive control via mouse and keyboard input.

IV. Results and Discussion

This section evaluates the proposed approach through three analyses. In Section IV.A, neural representations of both data
and domain are visually compared against alternative value and shape representations from prior work, under equivalent
compression levels. In Section IV.B, the e ect of the proposed performance optimisations is measured by counting
network queries per fully rendered image using a Python-based renderer. In Section IV.C, the CUDA implementation is
benchmarked to assess its suitability for interactive rendering. Details of the datasets used are provided in Table 1.

Tablel Summary of the datasets used for performance evaluation, including domain type, combined coordinate-
value grid resolution, and uncompressed le size in Megabytes (MB).

Dataset Name Domain Type Grid Resolution  File Size (MB)
Aorta Unstructured 11134045-4° 18.1
Buoyancy Structured 1256—256— 256—4° 268
DNS-6 Structured 1266—140—-60-4° 35.8
Rotor-67 Unstructured 1391498-4° 6.3

We do not use standard publicly available benchmark datasets commonly used in compression studies, because they
almost exclusively assume structured grids de ned over regular, axis-aligned, rectangular domains. In such cases, the
domain boundary is trivial to represent, and there is no justi cation for compressing geometry with a neural signed
distance eld instead of using a simple bounding box. Many aerospace and turbomachinery simulations, however,
are de ned on unstructured, anisotropically sampled meshes with complex shaped boundaries. These domains are
substantially more di cult to constrain during rendering and directly motivate the use of the proposed technique.

A. Comparing Compressed Representations of Data and Domain

We evaluate the proposed approach by jointly assessing neural compression of volumetric data and neural compression
of the spatial domain, as well as the e ectiveness of constraining compressed data to a compressed domain during
isosurface visualisation. The evaluation combines ray-marching and ray triangle rendering to enable direct comparisons
between implicit and explicit representations. Domain representations are compared against three alternatives: the
ground-truth triangle surface mesh, an implicit bounding-sphere domain, and a decimated version of the original surface
mesh, which serves as a geometry-based baseline. Data representations are compared against two alternatives: a surface
mesh of the ground-truth isosurface extracted from uncompressed data, and surface meshes of isosurfaces extracted
from data compressed using SZ3 [61] and MGARD [18], which serve as data-based baselines.

Because signed-distance values required for sphere tracing are unavailable when rendering explicit surface meshes,
and because sampling onto a grid would compromise accuracy, we adapt our approach to standard ray marching for
these cases. Rays that pass bounding-sphere culling are marched directly to the nearest ray triangle intersection with
the mesh in a single step. Simpli ed surface meshes are generated by progressively decimating the original surface
mesh reducing both triangle and vertex counts until their on-disk storage size matches that of the compressed SDF
representation of the same geometry, ensuring a fair comparison based solely on compression ratio. The spherical
domain representation, as the simplest possible bounding structure, serves to demonstrate that insu cient domain
constraint typically leads to erroneous isosurface extrapolation outside the true geometry.
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