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A Query-Efficient Stochastic Volume Rendering Framework for
Time-Varying Implicit Neural Volumes
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Figure 1: Volume-rendered frames of a time-varying implicit neural representation (INR) encoding X-ray tomography of a physically
deforming object, in which Fourier-feature-encoded coordinates (x,y,z,t) are evaluated by a six-layer fully connected network to produce
the scalar field. Despite neural inference dominating runtime (as shown in the bar chart on the right), our query-efficient ray tracing
framework renders the original network directly, without retraining or modification, at∼30.7 FPS and 10242 resolution with ray-traced
shadows, and enables interactive animation between timesteps (∼1 ms) by leveraging the continuous nature of the INR.

Abstract—Time-varying implicit neural representations (INRs) provide a compact representation of scientific volumes and, for modalities
such as dynamic X-ray computed tomography (CT), are often the only practical way to represent the data. However, interactive volume
rendering of INRs is challenging, as cheap memory lookups are replaced by expensive neural inferences, hindering the performance.
Therefore, conventional volume rendering methods such as ray marching with dense sampling are often impractical. While resampling,
caching, and retraining can mitigate this cost, they compromise convenience and accuracy and become impractical for time-varying
data. We tackle these challenges using a query-efficient stochastic volume rendering framework based on delta tracking. Our system
employs a four-stage pipeline that exploits heterogeneous parallelism, using ray tracing cores for traversal and tensor cores for batched
neural evaluation. Furthermore, we present strategies to reduce INR queries via ray budgeting and query pruning, thereby increasing
per-frame performance. Using our renderer, many time-varying INRs can be rendered directly from their original representation. The
system achieves∼30–40 FPS at 10242 resolution on an RTX 4090 GPU and converges to high-fidelity images. Moreover, the system
enables interactive temporal exploration of the continuous domain, with timestep updates taking approximately 1–2 ms.

Index Terms—Volume rendering, ray tracing, implicit neural representations, time series data, scientific visualization.

1 INTRODUCTION

Beyond spatial scale, many scientific datasets are time-varying. Rather
than analyzing a single static volume, scientists increasingly seek to
understand how complex phenomena evolve, such as fluid dynamics, ma-
terial deformation, or energy transport. Furthermore, INRs can encode
dynamic phenomena when explicit reconstruction is not feasible [32].
Interactive exploration of these datasets, therefore, requires not only
rendering large static volumes but also supporting temporal navigation
to analyze continuous changes. However, explicit data representations
such as meshes restrict navigation to discrete timesteps and require
additional processing to interpolate or transition between them.

These challenges have motivated the adoption of implicit neural
representations (INRs), which encode volumetric data as continuous
neural functions, thereby significantly reducing storage requirements
from terabytes to megabytes. Beyond compression, INRs are also well
suited for data representation in computed tomography of dynamic or
deforming objects, where measurements acquired at different projection
angles do not correspond to a single static volume due to deformations
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during acquisition [32]. Moreover, by selecting a time parameter, a single
model can generate arbitrary timesteps without loading, caching, or
managing separate timestep volumes, enabling direct access to any point
in continuous time. Furthermore, the continuous domain also lends itself
to analysis, making the data format valuable beyond purely visualization.

Despite these advantages, interactive visualization of INRs remains
challenging, as sampling a point’s value requires evaluating multiple
layers of neural network inference, which is substantially more
expensive than the memory accesses used in conventional volume
rendering. Resampling an INR onto a grid is problematic: coarse grids
may miss features, fine grids could exceed memory limits, and selecting
an optimal resolution is nontrivial. More broadly, such approaches
introduce additional complexity and approximation. Rendering through
intermediate grids or retrained models adds extra preprocessing steps,
reduces fidelity due to resampling, and becomes increasingly impractical
in the temporal domain. While caching is effective for static volumes, ex-
tending it to time-varying data requires storing separate caches for each
timestep, leading to frequent invalidations during temporal navigation.

In recent volume visualization literature, Monte Carlo–based ren-
dering techniques have gained popularity due to their ability to reduce
computational cost by taking fewer but more important samples. While
this approach introduces variance into individual frames, the resulting
images converge over time as additional samples are accumulated.
Among these techniques, delta tracking [13, 20, 30, 64]—also known
as Woodcock tracking—has emerged as one of the most widely used
methods for stochastic volume rendering. In this work, we reinterpret
delta tracking as a query-reduction mechanism for implicit neural fields,
where the dominant cost is network inference rather than texture fetch.
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Building on this insight, we present a query-efficient stochastic
volume rendering framework that operates directly on continuous neural
representations, minimizing and amortizing neural field evaluations to
achieve interactive frame rates and low-latency temporal interaction
while preserving visual quality (Figure 1). Our contributions are:

• A four-stage rendering pipeline that decouples traversal from
neural inference and coordinates ray tracing cores, tensor cores,
and general compute units to maximize GPU utilization while
operating directly on the original INRs.

• Three adaptive ray budgeting schemes that prioritize sampling in
temporally and perceptually changing regions, using inter-frame
color variation and high-frequency cues to allocate computation
efficiently while preserving full coverage over time.

• A homogeneity-based query pruning strategy that detects
near-uniform regions and probabilistically avoids unnecessary
neural evaluations while minimizing visual artifacts.

2 RELATED WORK

This work builds on two important bodies of literature: volume
rendering and implicit neural representations.

Volume Rendering. Ray marching has been the de facto standard
approach for volume rendering, as it is capable of producing images with
virtually no variance by deterministically accumulating many (typically
equally spaced) partial samples along each ray [15, 24, 43, 51]. Because
these deterministic methods require dense sampling patterns, substantial
effort has focused on reducing traversal cost through space skipping,
bricking, and multi-resolution acceleration structures [28, 34, 62].
However, even with adaptive sampling strategies, achieving real-time
rates proves challenging with this family of methods.

Another popular school of methods for volume rendering is
tracking-based Monte Carlo estimators, which provide an alternative to
dense integration by importance sampling the medium. A well-known
tracking method, delta tracking [64], performs stochastic sampling of
the medium based on an upper bound of its density [10, 57, 68]. There
are several works that improve efficiency through adaptive traversal
schemes [13, 20, 30, 71] over multiple data formats, but these works
are designed for non-neural volumes. Similar to our work, Sahistan et
al. [53, 54] use multiple coarse grids for multi-channel rendering rather
than for time-varying data. Other tracking variants, such as Novak et
al.’s residual-ratio tracking [39] or Kutz et al.’s spectral/decomposition
tracking [25], split extinction across independently parameterized
media, assumptions impractical for scientific visualization, where color
is derived from a transfer function over a single scalar field.

Beyond algorithmic improvements, recent work has explored
leveraging the dedicated, specialized hardware in modern GPUs for
scientific volume rendering. Ray tracing (RT) cores have been used to
accelerate point-location queries in unstructured meshes [35, 52, 61, 70],
enabling efficient traversal and containment tests directly on hardware
designed for ray tracing. Building on this capability, Quick Clusters
demonstrate GPU-parallel partitioning to support efficient ray tracing
of unstructured volumetric grids [33].

Human perception is not uniform over a rendered frame. Exploiting
this fact to improve performance, researchers used various perception-
optimized sampling strategies [59], such as foveated rendering [12, 23]
and blue-noise masks [11], to distribute rendering effort where it matters
most visually. Spatio-temporal blue-noise sampling has been used
to spread work progressively over space and time while preserving
high-frequency noise characteristics [63]. Although several applications
of these ideas live in the scientific visualization domain [5, 36], most
research effort has primarily targeted virtual reality applications [42, 67].

Neural Representations. Implicit neural representations (INRs)
have gained significant traction across both graphics and scientific
visualization. In graphics, neural radiance fields (NeRFs) [31] model
view-dependent image synthesis with pre-integrated color, whereas in
scientific visualization, INRs represent scalar fields with color defined
by a transfer function during integration. Although they are similar
in principle, INRs in SciVis are also considered a form of compact
neural encoding for lossy compression [17, 29]. By enabling random
access to arbitrary spatial regions of a volume, INRs eliminate the need

to decompress entire volumes compared with previous state-of-the-art
lossy compression techniques [8, 27].

The NeRF literature in computer graphics has explored model- and
system-level optimizations. KiloNeRF [48] replaces a large and deep
MLP with thousands of tiny MLPs, each modeling a small local region
of volume, to reduce per-query inference cost. MINER [55] leverages
a Laplacian pyramid for high-resolution and large-scale signals
modeling, enabling a coarse-to-fine scale query. Alternative approaches
improve inference performance by optimizing computational memory
usage. For example, MERF [49] replaces dense 3D feature grid with
high-resolution 2D planes and sparse feature grid. However, these
methods achieve efficiency by modifying the underlying representation,
which requires retraining or restructuring the base model.

Instead of learning a function mapping from a coordinate index to
density and color, as in NeRF, Gaussian splatting [22] learns explicit
Gaussian blobs to represent the data. Sewell et al. [9] highlight the
importance of robust point cloud initialization using Gaussian splatting
for scientific data visualization. Bauer et al. [4] apply Gaussian splatting
as a cache mechanism to improve path tracing performance in scientific
volume rendering. Han et al. [19] extend 3D Gaussian splatting over
multiple GPU training for scientific data and demonstrate significant
performance improvement over a single GPU run. While Gaussian
splatting-based methods achieve high rendering performance and
compression, their representations are primarily optimized for image
synthesis and do not readily support non-visualization analysis tasks
that require direct access to the underlying scalar field.

When applied to interactive scientific visualization, INRs fundamen-
tally shift the performance bottleneck from memory access to neural
inference. While previous works [16–18, 58] primarily focus on im-
proving the compression ratio and reconstruction quality, inference cost
remains the dominant factor affecting rendering performance.Among
the few works addressing interactive INR rendering, Zavorotny et
al. [69] reduce the query cost through advanced caching mechanisms.

3 BACKGROUND ON DELTA TRACKING

Our framework builds on delta tracking [64]. We briefly summarize
its formulation and common design practices [33, 53], using notation
similar to that of [10]. As this is not a comprehensive guide, we point
readers to [44] for further details.

Delta tracking simulates interactions between rays and a participating
medium via Monte Carlo sampling. For a homogeneous medium with
constant extinction σt , the free-flight distance (the distance a ray travels
before hitting a particle) follows an exponential distribution:

p(t)=σtexp(−σtt), (1)
where σt denotes the extinction coefficient.

The caveat with scientific volumes is that the extinction coefficient
σt(x) varies spatially. Typically, a user-adjusted transfer function
maps scalar values to optical properties, including emission Le(x,ω)
and extinction σt(x). Because σt(x) is not constant, the exponential
form in Equation 1 cannot be sampled directly. Delta tracking instead
introduces a constant majorant σ̄ ≥ σt(x) and samples free-flight
distances from the homogeneous distribution obtained by replacing
σt in Equation 1 with σ̄ . Importance sampling this distribution with
a uniform random variable ξ ∼U (0,1) yields

t=
−ln(1−ξ )

σ̄
. (2)

In practice, Equation 2 reduces to a single exponential inversion
(Listing 1), producing the next free-flight step.

Listing 1: Free-flight sampling under a majorant extinction coefficient.

function FreeFlightStep(majorant)
return -log(1 - UniformRandom(0, 1)) / majorant;

end

At each sampled location xt =x+tω , the interaction is classified as
either a real or null collision, occurring with the following probabilities
respectively:

Preal(xt)=
σt(xt)

σ̄
, Pnull(xt)=1− σt(xt)

σ̄
. (3)

This could be represented as a Bernoulli test with acceptance probability
σt(xt)/σ̄ ( Listing 2).
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Listing 2: Bernoulli acceptance test for real collisions.

function AcceptCollision(majorant, localExtinction)
if UniformRandom(0, 1) < localExtinction / majorant then
return true;

else
return false;

end if
end

If the candidate collision is accepted, emission is accumulated, and
the ray terminates (emission-absorption model). If a null collision
occurs, another free-flight distance is drawn, and sampling continues
from Equation 2.

This formulation can be interpreted as rewriting the volume rendering
equation in terms of interactions sampled from the majorant medium.
The expected radiance along a ray starting at x in direction ω can then
be expressed as

L(x,ω)=E

[
∑
k

T (tk)
σt(xtk )

σ̄
Le(xtk ,ω)

]
. (4)

Here, tk is the k-th free-flight distance sampled under the majorant σ̄ ,
x is the ray origin, and ω is the ray direction, so xtk = x+ tkω denotes
the sampled point along the ray. The term T (tk) is the accumulated
transmittance up to tk, and σt(xtk )/σ̄ is the probability that the interaction
at xtk is a real collision rather than a null event.

In more intuitive terms, delta tracking treats a heterogeneous medium
as a homogeneous one with density σ̄ and corrects the discrepancy
through rejection sampling: each sampled interaction is accepted
with probability σt(xt)/σ̄ and otherwise discarded as a null event.
This mechanism enables traversal of spatially varying media without
explicitly evaluating the heterogeneous transmittance. The core stepping
logic is summarized in Listing 3.

Listing 3: Core delta tracking loop for scientific volume visualization.

function DeltaTracking(volume, rayOrigin, rayDirection,
tMin, tMax, majorant, transferFunction)

t = tMin;
while t < tMax do
t = t + FreeFlightStep(majorant);
if t >= tMax then
break;

end if
position = rayOrigin + t * rayDirection;
scalar = SampleVolume(volume, position);
sampleColor = transferFunction(scalar);

if AcceptCollision(majorant,
↪→ sampleColor.opacity) then
return sampleColor;

end if
end while
return backgroundColor;

end

A single global majorant can induce excessive null collisions,
particularly when small regions exhibit high density. A common remedy
is to subdivide the volume and assign each cell a local majorant σ̄(x). A
traversal scheme such as a 3D digital differential analyzer (DDA) is then
used to march between cells, applying the delta-tracking loop (Listing 3)
within each region using its corresponding local majorant.

In scientific visualization (sciVis), the transfer function determines the
extinction and therefore the local majorants. To compute these efficiently,
we precompute the scalar minimum and maximum within each subvol-
ume, commonly referred to as macrocells. The majorants can be updated
in parallel on the GPU by scanning each macrocell’s scalar minimum and
maximum against the transfer function and recording the maximum re-
sulting opacity. This enables dynamic, interactive majorant updates [33].

Unlike slicers or ray marching, where many partial samples are
over-composited [21], only a single sample per ray is accepted. This
produces variance, yet accumulating more samples over multiple
rays lets this noise converge. A common practice is to implement an
accumulation buffer next to a frame buffer. This buffer accumulates

frames from a still scene and averages the results over time before
copying the results back to the framebuffer.

Our motivation for adopting this method for INR rendering mirrors its
original appeal in scientific volume rendering: fixed-step integration can
quickly become non-interactive, whereas stochastic sampling remains
efficient, extends naturally to secondary effects such as shadows, and
converges in an unbiased manner. In the INR setting, the benefit is
amplified, as each neural field query is substantially more expensive
than a 3D texture fetch or finite-element interpolation, making query
reduction essential for interactivity.

4 FRAMEWORK DESIGN

We design our framework around four constraints: (1) enabling inter-
active rendering of INRs, (2) allowing low-latency temporal exploration
of time-varying INRs, (3) operating directly on INRs as-is, and (4)
maintaining estimator correctness under practical approximations.

Under these constraints, INR queries become the dominant
bottleneck. Achieving interactivity, therefore, requires minimizing
neural queries and efficiently executing the unavoidable ones. Dense
sampling strategies, such as ray marching, entail excessive neural
evaluations, and caching schemes [69] break down for time-varying
data, as temporal navigation would invalidate cached values. Allowing
users to work directly with existing INRs, without added preprocessing
or workflow overhead (as in established sciVis solutions), rules out
approaches that require retraining or modifying the original network.

Overall, delta tracking has been shown to greatly reduce the number
of samples, but naïvely embedding neural inference into a ray tracing
loop results in poor hardware utilization as neural inference and
ray traversal exhibit fundamentally different parallelism patterns.
Therefore, coordinated heterogeneous parallelism is required to tackle
this problem efficiently. The following sections describe the pipeline
(Section 4.1) and query-reduction strategies (Section 4.2), together
enabling interactive visualization of time-varying INRs.

4.1 Wavefront Pipeline Overview
A naïve implementation of delta tracking over a neural volume would
evaluate the INR inside the innermost ray-marching loop, issuing one
network inference per sample point. On modern GPUs, this leads
to severe under-utilization: delta tracking is inherently serial per ray,
whereas neural inference benefits from large, uniform batches that
can saturate tensor cores. Our pipeline decouples the two workloads
by splitting each frame into alternating traverse and evaluate stages
that communicate through shared INR query buffers, following the
wavefront ray tracing paradigm [26]. Moreover, this design allows us
to leverage dedicated hardware for each computation — tensor cores
for INR evaluations and ray tracing (RT) cores for traversal.

Figure 2 provides an overview of our rendering framework, which is
organized into four stages: ray initialization, traversal, INR evaluation,
and finalization. After ray initialization (subsubsection 4.1.2), a
host-controlled traverse-evaluate loop alternates between RT-core
macrocell traversal (subsubsection 4.1.3), which advances rays and
produces candidate collisions, and batched tensor-core INR evaluation
(subsubsection 4.1.4), which evaluates those candidates and updates ray
state. The loop repeats until all rays terminate, typically after 18–22 iter-
ations for a 643 macrocell grid. Finalization (subsubsection 4.1.5) writes
the results to the framebuffer and updates per-pixel statistics; persistent
cross-stage data structures are described in subsubsection 4.1.1.

4.1.1 Data Structures
The pipeline first constructs the spatial structures based on the
macrocells outlined in section 3. Since INRs are continuous, exact
per-cell extrema are not analytically tractable, so we approximate
scalar bounds using GPU-based lattice sampling. The macrocell grid is
processed in 43-cell tiles, where threads cooperatively evaluate the INR
in shared memory over a 93 lattice at cell boundaries and half-cell offsets.
Each macrocell reduces its bounds from the local 33 stencil covering
the cell, storing per-cell minima and maxima for majorant construction.
Overlapping lattices allow the reuse of many INR evaluations across
adjacent macrocells. This process is illustrated in Figure 3).

For time-varying INRs, we precompute T temporal macrocell grids at
start-up, forming a Nx×Ny×Nz×T array of per-cell bounds. When the
timestep changes, a working grid is reconstructed from the two nearest
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Figure 2: Overview of our INR visualization framework: Each frame begins with I. Ray initialization (cf. subsubsection 4.1.2), where rays and
all other persistent data structures are initialized. Control then enters the traverse–evaluate loop, which consists of two stages. In II. Traversal
(subsubsection 4.1.3), a) Ray tracing (RT) cores locate the current macrocell, and b) delta tracking within that macrocell generates a candidate collision.
In III. INR evaluation (subsubsection 4.1.4), a) the recorded candidate queries are batched and evaluated on the GPU’s tensor cores, and b) the
resulting scalars are scattered back to the corresponding rays’ TraversalState. Ultimately, IV. Finalization (cf. subsubsection 4.1.5) is invoked once
all rays either find a collision or exit the volume, writing results to the frame buffer and collecting statistics.

shared samples

macrocell grid lattice sampled 
macrocells

Figure 3: Illustration of the lattice-shaped sampling process for the macro-
cell grids. Blue colored (on the right) samples are shared between the two
example macrocells, and all samples within a macrocell are used to find a
minimum and a maximum of the scalars.

temporal slices via linear interpolation. However, this interpolation may
miss intermediate extrema. Increasing T reduces these issues at the cost
of memory and start-up time. One can add padding to the min and max
values during interpolation to allow for error, but this would result in
looser majorants and more null collisions.

The main problem with these approximate macrocells is underes-
timation, which leads to visual artifacts resembling boxes. After the
working grid is constructed, we can allow the renderer to progressively
refine these underestimated bounds as the user explores the data over
time. Yet this would only refine some of the macrocells if the user
never changes the transfer function (i.e., majorants). As the free-flight
distance ( Listing 1) is inversely proportional to the majorant, it causes
some macrocells to be falsely mapped to a low majorant, causing
rays to skip over that macrocell and never update. To address this,
we introduce ghost passes, in which the volume is rendered with a
set of cosine-shaped transfer functions that sweep the scalar range.
These passes are not displayed, but ensure that visible macrocells are
probabilistically visited, enabling consistent refinement of macrocell
bounds and mitigating persistent underestimation artifacts. Figure 4
depicts these artifacts and effects of the ghost pass refinement.
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Figure 4: Comparison of ghost-pass macrocell refinement against ground
truth on the S03_001 dataset: a) ground truth rendered with a loosely
allocated 13 macrocell grid (2.80 FPS); b) crop of the red box from a)
rendered using a 643 macrocell grid without ghost-pass refinement (21.04
FPS); c) same as b) with ghost-pass refinement (18.65 FPS). Under b)
and c), we report the FLIP [2] difference relative to the ground truth image,
along with mean FLIP and Peak Signal-to-Noise Ratio (PSNR).

The majorants are converted into a sparse set of custom AABB
primitives within the OptiX ray tracing pipeline, emitting one primitive
per macrocell whose majorant exceeds a small threshold, along with
an int3 array mapping primitive indices to cell coordinates. These
primitives form a single Geometry Acceleration Structure (GAS) built
with OPTIX_BUILD_FLAG_PREFER_FAST_TRACE and subsequently
compacted. Because only non-empty cells generate primitives, the
resulting acceleration structure is sparse and cache-friendly. The GAS
is quickly rebuilt within 2-3 ms whenever the working grid changes due
to transfer-function edits or timestep updates.

In addition to these spatial structures, the pipeline allocates
its persistent runtime buffers. The primary structure is a per-ray
TraversalState record (as described in Listing 4), which stores all
state required to suspend and resume a ray across kernel launches.

Listing 4: Per-ray persistent state that is preserved across traverse-
evaluate iterations.

struct TraversalState {
Ray ray;
unsigned seed; // RNG state
uint8_t flags; // bools: active, hit, shadow_hit
float sample; // scalar from INR (NaN = pending)
float collision_product; // randFloat * majorant

};

The pipeline also maintains the aforementioned INR query buffers:
arrays for query positions (float4), and ray indices (int), each with a
fixed capacity. An atomic counter keeps track of the number of samples
generated per iteration. Results are written back to the sample in
TraversalStatewithout indirections.

4.1.2 Ray Initialization
Ray initialization is performed by a lightweight 2D CUDA kernel
that launches one thread per pixel and prepares the persistent
TraversalState. Each thread generates a jittered camera ray,
intersects it with the volume bounding box, and stores the valid ray
segment together with the per-ray random-number state. Rays that miss
the volume are marked not active immediately; rays that intersect the
volume are marked active and store the valid ray segment for subsequent
traversal passes. After ray initialization, the host enters a loop that
alternates between traversal and batched INR evaluation.

4.1.3 RT-Core Macrocell Traversal and Delta Tracking
Unlike standard delta tracking implementations based on 3D DDA traver-
sal, our method leverages ray tracing hardware. Macrocells with non-
zero majorants are encoded as AABB primitives in a sparse OptiX GAS.
At the beginning of each traversal pass, a global sample counter is reset,
and the OptiX ray-generation program is launched for all active rays.

Each ray either resumes from its stored TraversalState or starts a
new one. If a candidate collision is pending resolution from the previous
iteration, the ray first performs the acceptance test ( Listing 2) using the
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stored sample obtained from the INR query. If there is no pending candi-
date collision or the candidate yields a null collision, traversal continues
within the macrocell. An accepted collision terminates the traversal.

A ray visits intersected macrocell bounding boxes in front-to-back or-
der using the GAS. Within each macrocell, the custom OptiX intersection
program executes delta tracking (see Listing 3), sampling candidate free-
flight distances from the exponential distribution using the local majorant
σ̄ . Traversal proceeds directly to the next macrocell primitive without
host intervention if the tracking step occurs outside the macrocell.

When a candidate collision is reported, the closest-hit program
records the world-space sample position and stores the precom-
puted quantity collision_product = ξ σ̄ in the persistent
TraversalState. Because the acceptance test depends only on this
product, neither ξ nor σ̄ is stored separately, reducing per-ray state size.
The sample field remains NaN until the INR evaluation completes. If
INR evaluation is required for the sample, the program appends a query
to the INR query buffers using atomicAdd on the global sample counter.
Consequently, each ray generates at most one unresolved INR query
per outer wavefront iteration.

After traversal, the host copies back only the sample counter. If it
is zero, no unresolved samples remain and the primary traversal phase
terminates. Otherwise, the collected sample positions are forwarded
to the batched INR evaluation stage.

4.1.4 Batched Tensor-Core INR Evaluation
The evaluation stage consumes the dense batch of sample coordinates
produced by traversal and executes INR inference on tensor cores.
Each warp processes a fixed-size tile of queries using WMMA (Warp
Matrix Multiply-Accumulate) primitives, propagating them through the
network’s fully connected layers in a single fused kernel. To maximize
tensor-core utilization, weights are stored in 16-bit precision, and
each warp maintains a private shared-memory workspace for staged
inputs, weight tiles, and intermediate activations. The resulting scalars
are written directly back into the corresponding TraversalState
records via the ray-index array, eliminating a separate gather pass and
completing the traverse–evaluate iteration in-place (see Listing 5).

Listing 5: Representative fused INR evaluation + scatter kernel. Each
warp evaluates a tile of samples and writes scalar results directly into the
per-ray TraversalState to avoid a separate gather pass.

__global__ void batchedEvalFused(
const float4* coords, const int* rayIndices,
TraversalState* states, int sampleCount)

{
const int lane = threadIdx.x & 31; // warp lane
const int warp = (blockIdx.x

↪→ * blockDim.x + threadIdx.x) / 32;
const int batch

↪→ = warp * TILE; // TILE: queries per warp
if (batch >= sampleCount) return;
const int n = min(TILE, sampleCount - batch);
// Evaluate tile (WMMA inference)
float values[TILE];
evaluateTile(coords + batch, values, n, model);
//scatter each lane’s

↪→ result into the corresponding ray state
if (lane < n) {
const int rayIdx = rayIndices[batch + lane];
states[rayIdx].sample = values[lane];

}
}

When the evaluation kernel returns, every ray that requested a sample
holds a resolved scalar in its sample field. The host resets the atomic
counter and relaunches traversal (subsubsection 4.1.3). Resumed rays
apply the transfer function, perform a collision test against the stored
collision_product, and either terminate on a real event or clear the
sample and continue stepping past a null collision.

4.1.5 Finalization
Once the traverse–evaluate loop terminates (sample count reaches
zero), a finalize kernel is called. The finalize kernel is responsible
for maintaining the accumulation buffer and computing the per-pixel

residual signal ri (Equation 5) used by the adaptive ray budgeting
schemes described in subsection 4.2.

Ray-traced shadows can be achieved by using an analogous traverse-
evaluate loop that is executed after the primary rays have found a
collision, and the finalize kernel incorporates the resulting visibility term.

4.2 Query Reduction Strategies
Our key observation is that, under a limited ray budget, image quality
improves more by selectively allocating rays than by uniformly tracing
every pixel. In still or slowly changing regions, previously accumulated
estimates are often sufficient, whereas unstable regions benefit most
from new samples. We therefore treat ray allocation as a budgeting
problem: decide which pixels to re-render, which to defer, and how
to distribute those decisions so that skipped work produces acceptable
noise and staleness patterns.

The strategies in subsubsection 4.2.1 control where the ray budget
is spent at the pixel level. The techniques in subsubsection 4.2.2 reduce
the cost of each traced ray by avoiding unnecessary INR queries inside
near-uniform regions.

4.2.1 Adaptive Ray Budgeting
Progressive refinement is already common in scientific visualization [1,
14, 50, 60, 65]. Since not all rays contribute equally, we use progressive
refinement as a budgeting process: prioritizing unstable pixels, deferring
stable ones, and avoiding staleness and artifacts in the resulting image.

We define a per-pixel convergence residual signal ri for pixel i at
accumulation frame n as the mean absolute channel difference between
the newly rendered color C(n)

i and the running accumulation average

C̄(n−1)
i from the previous frame. To guide these decisions, we estimate

the change in each pixel relative to the current accumulation.

ri=
1
3 ∑

c∈{R,G,B}

∣∣∣C(n)
i [c]−C̄(n−1)

i [c]
∣∣∣, ri∈ [0,1], (5)

where C(n)
i [c] is channel c∈{R,G,B} of the color obtained by tracing

pixel i at frame n, and C̄(n−1)
i [c] is the corresponding channel of the

accumulated average from frame n − 1. This residual is computed
during finalization at negligible cost and drives most of the budgeting
schemes. At ray initialization, each scheme decides whether pixel i is
budget-skipped; budget-skipped pixels reuse their accumulated color
and cast no rays or query the INR. Over these schemes, we explore
different trade-offs between adaptivity and sampling pattern quality.

Residual-Histogram Thresholding. This scheme allocates the budget
most aggressively to unstable pixels by ranking them by residual
and skipping increasingly stable ones across multiple frames. Every
rendered pixel contributes its residual to a 256-bin histogram, from
which we derive a threshold retaining the top ρ fraction of pixels for
immediate rendering. After the frame, the host scans the histogram to
build a cumulative distribution function (CDF) and finds the bin b∗ such
that the cumulative fraction reaches 1−ρ , where ρ is the user-specified
re-render percentile (e.g. ρ=0.6 keeps the top 60% most divergent
pixels). The threshold τ =(b∗+0.5)/256 is uploaded for the next frame.
During initialization, pixels whose residual ri meets or exceeds the
threshold τ render immediately (skipi=0); pixels below receive a skip
countdown proportional to their stability:

skipi=
⌊(

1− ri

τ

)
·Smax+0.5

⌋
, Smax=min

(
K,⌊n/4⌋

)
, (6)

where skipi is the number of consecutive frames pixel i will be skipped
before re-entering the render set, τ is the residual threshold derived from
the histogram CDF, K is a user-specified maximum skip duration, and n
is the number of accumulated frames. The ratio (1−ri/τ) ranges from 0
(at the threshold) to 1 (fully converged), so the most stable pixels receive
the longest skip. The ⌊n/4⌋ ramp ensures that Smax grows gradually
with n, preventing aggressive skipping during the first few frames when
the accumulation buffer has not yet converged. Each skipped frame
decrements the counter by one; when it reaches zero, the pixel re-enters
the render set. This guarantees that every pixel is rendered at least once
every Smax+1 frames, bounding worst-case staleness.

Among the three schemes, this one is the most residual-driven and spa-
tially concentrated, but also the most dependent on a reliable residuals.

STBN Thresholding. This scheme distributes a fixed render budget
using spatiotemporal blue noise without using the residual signal. It
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therefore serves as the simplest baseline and tends to produce more
favorable sparse-update patterns.

We preload N spatiotemporal blue-noise (STBN) textures [63] of
resolution 128× 128 and tile them across the screen. For a pixel at
screen coordinate x and frame index n, we fetch

u(x,n)=
stbn(x,n mod N)

256
, (7)

where u(x,n) ∈ [0,1). A pixel renders if u(x,n) < ρ , where again ρ

denotes a user-defined render fraction. Over N frames, each pixel cycles
through the STBN sequence, producing approximately ρN render events
per cycle with blue-noise spatial distribution.

Rendered pixels update a running average, while skipped pixels reuse
the accumulated value. Because it is active from the first frame, it avoids
the warm-up and stale-signal issues of residual-based schemes. The
trade-off is that the budget is distributed independently of image instabil-
ity, so updates are not concentrated on regions that would benefit most.

Residual-Weighted STBN. This scheme combines STBN-based
allocation with residual-driven steering by modulating each pixel’s
render probability according to its residual. Instead of a fixed fraction
ρ , each pixel computes an effective render probability:

ρ
eff
i =clamp

(
ρ+α(ri−ρ), 2

256 ,1
)
. (8)

Here α∈ [0,1] controls the strength of residual steering. When α =0, the
scheme reduces to pure STBN; as α increases, more budget is directed
toward unstable pixels, while the blue-noise mask still regularizes the
spatial update pattern. The floor at 2/256 prevents permanent starvation.

A ray is cast when ui < ρeff
i . Because decisions remain tied to the

blue-noise texture, the pattern retains blue-noise characteristics for
small α , while larger α shifts it toward a more residual-driven allocation.
The scheme thus offers an adjustable middle ground between stochastic
allocation and fully residual-driven budgeting.

Residual reprojection. Camera motion resets the accumulation buffer,
leaving the residual signal ri undefined. To preserve informed budgeting
after interaction, we reproject residuals using stored world-space hit
positions [38, 66], alongside pixel-value reprojection. Valid reprojected
hits are used to set the histogram and skip state, while invalid or occluded
pixels default to high residual and are re-rendered.

This mainly benefits the residual-driven schemes by restoring
adaptive budgets immediately after a view change; pure STBN
thresholding does not benefit because its decisions do not depend
on residuals, but that also means the pure STBN mode does not lose
performance when ri is undefined. The approximation degrades under
large camera rotations, transfer-function edits, or timestep changes, so
reprojected budgets should be viewed as heuristics rather than exact
estimates under the new view.

4.2.2 Homogeneity-Based Query Pruning
If a macrocell’s scalar range is sufficiently small, the INR queries could
be avoided, as these macrocells will mostly behave as a uniform block.
We exploit this observation to skip the INR query entirely for such cells,
replacing it with an expected scalar ŝc.

Uniformity criterion. Each macrocell c stores a precomputed
scalar range ∆c = smax

c − smin
c from its min–max bounds. Given a

user-controlled threshold ε , a candidate collision point in cell c is pruned
(i.e., answered without an INR query) whenever ∆c < ε . To soften the
transition between pruned and evaluated cells, a stochastic falloff band
of width δ linearly ramps the pruning probability from 1 to 0 over the
interval [ε,ε+δ ]:

pskip=


1 ∆c<ε,

1− ∆c−ε

δ
ε≤∆c<ε+δ ,

0 ∆c≥ε+δ .

(9)

Because the substituted scalar is a per-cell constant rather than the true
field value at the sample point, this approximation introduces bias: the
collision test sees the cell’s expected value instead of the local densities,
which can produce blocky artifacts at cell boundaries, particularly when
the user-controlled threshold ε is set aggressively. Figure 5 illustrates
the effect of these user-controlled parameters on an example volume.

The stochastic falloff band mitigates hard transitions but does
not eliminate the underlying bias. In practice, this technique is best
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Figure 5: Homogeneity-based query pruning on the S05_700 dataset. a)
Ground truth without pruning. b) Crop (red box in a) using low threshold
and falloff width. c) Same crop with a higher threshold and falloff width.
FLIP and PSNR differences are reported relative to the full ground truth
image.

applied conservatively to cells with very small scalar ranges, where the
substitution error is negligible relative to the transfer-function response.
Notably, exploiting this fact makes sense only when sampling volumes
is expensive, as is the case with the INRs.

Expected-value refinement. A naïve choice for ŝc is the midpoint
(smin

c +smax
c )/2. However, by introducing another float per macrocell,

we can refine this value. The idea is to maintain a running estimate ŝc
that is refined at runtime via an exponential moving average (EMA).
Whenever a real INR evaluation returns a scalar s inside cell c, the
estimate is updated as

ŝc← ŝc+α(s−ŝc), (10)
where α = 0.1 max(wc, 0.01) and wc ∈ [0,1] is a center weight that
attenuates updates from samples near cell boundaries, which may not be
representative of the cell interior. The initial estimate is set to the mean of
the collected samples used during macrocell construction. The EMA re-
finement reduces the magnitude of the substitution error over successive
frames, but does not eliminate it, as the pruned scalar remains spatially
constant within each cell. While the stochastic falloff has a limited im-
pact on image quality when the threshold ε is present, it is necessary to
ensure sufficient sampling coverage for stable EMA updates. In our ex-
periments, δ =0.006 provides a robust balance across all tested datasets.

5 RESULTS AND DISCUSSION

We evaluate the memory overhead and end-to-end performance of our
system without query reduction, and then assess the trade-offs of our
query-reduction strategies. As datasets, we use six INRs from three
architectures, each mapping spatiotemporal coordinates (x,y,z,t) to a
single scalar field value. Three INRs from Mohan et al. [32, 47] use a
Fourier-feature network (FFN), which encodes coordinates with Fourier
features before a six-layer fully connected network with Swish activa-
tions; they are reconstructed from dynamic X-ray CT scans of deforming
objects and represent energy-averaged linear attenuation coefficients.
These datasets follow the S0X_XXX naming convention. Two are sinu-
soidal representation networks (SIRENs) [56] generated from CFD time
series [3, 46] produced with the Gerris Flow Solver [45]; they use five
width-256 sine layers followed by a linear layer and represent simulated
flow quantities over time. These are named cylinder and tangaroa. The
last is a coordinate-based network (CoordNet) [17], a residual sinusoidal
MLP that grows the input to width 192 over three residual blocks, applies
six width-192 residual blocks, and ends with a residual block projecting
to the scalar output; each block sums two ω0=30 sine layers through
a skip connection. It represents a vortical flow field and is named vorts.

All experiments run at 10242 resolution on an NVIDIA RTX 4090
using CUDA 13 [40] and OptiX 9 [41]. Unless stated otherwise, results
use 400-frame converged renderings.

5.1 Data Structure Sizes and Updates
We measure the memory footprint and update cost of the acceleration
structures used for ray tracing and delta tracking.

One of the many advantages of an INR is its compact size, and the
same neural architecture occupies the same amount of memory—unlike
adaptive formats like unstructured meshes. This is the case for our
datasets; each occupies 1–2 MB of GPU memory in isolation. In Table 1,
we chose to demonstrate two 4D macrocell grid sizes for three different
INR architectures that also occupy constant memory. From those
macrocell grids, we build a working grid: the interpolated and corrected
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Table 1: Data structure sizes for three example datasets.∗ indicates an
average over 10 evenly spaced timesteps, as OptiX GAS size depends on
transfer function and timestep due to empty-cell culling.

data &
macrocell res.

Size (MB)
INR macrocell

grid
working

grid GAS Total

S03_001 (FFN) 643×20 1.26 40.0 3.0 0.49∗ 44.76
1283×20 320.0 24.0 3.59∗ 347.86

Tangaroa (SIREN) 643×30 1.01 60.0 3.0 0.21∗ 64.22
1283×30 480.0 24.0 1.24∗ 506.25

Vorts (CoordNet) 643×20 2.06 40.0 3.0 4.38∗ 49.44
1283×20 320.0 24.0 35.15∗ 381.21
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Figure 6: Data structure update time (lower is better) versus macrocell
grid resolution. Times are averaged over 10 timestep interactions for
S03_001 and S04_018. Left: absolute timings per update stage; right:
timings normalized by total update time. The x-axis denotes per-dimension
resolution, i.e., value3×T with T =20.

3D macrocell grid for the current timestep, along with the 3D majorant
grid—again, much smaller, constant-size. Finally, a sparse OptiX
acceleration structure is built over those majorants, which is the only
variable component of this memory usage. One thing we do not depict
in this table is the INR query and TraversalState, yet their sizes
are again trivial to calculate, since one of each is allocated per pixel
(shadow and primary rays share the TraversalState). At 10242

resolution, the TraversalState buffer occupies 42 MB, and query
buffers collectively consume 20 MB.

During animation, changing t requires updating the macrocell-
derived structures. Figure 6 reports these costs as macrocell resolution
increases; finer grids increase the number of cells and therefore the
cost of interpolation, updates, and construction. Transfer-function edits
follow the same update path, except that working-grid interpolation is
skipped because cell extrema are unchanged.

As Table 1 shows, with a smaller macrocell resolution, rendering-
related structures are much larger than the INR’s base size. Even
with the relatively larger, 1283 × 20, grid, the acceleration structure
memory remains within a 40-400 MB range. For the smaller macrocell
grid resolution, measurements obtained using nvidia-smi indicate
a total GPU memory usage of approximately 600 MB. The application
explicitly accounts for∼150 MB, including the trivial allocations for
frame and accumulation buffers. We attribute the remaining memory
to OptiX and CUDA contexts, and their associated programs. This is
substantially lower than typical scientific visualization systems [1,7,60].

Despite the OptiX acceleration structure build time dominating the
animation updates, the total update time falls under 55 milliseconds (ms).
With smaller macrocell grid resolutions, this time decreases to∼2 ms.
As a result, users can animate the continuous temporal deformations
of the INR in real time.

5.2 Framework Performance
We measure and compare the base efficacy of our framework without
the query reduction strategies. In Figure 7, we show various volume
rendering implementations rendering the same scenes over six datasets.
For each method, the frames per second (FPS) performance is measured
against increasing macrocell grid resolution, as shown in Figure 6.

To independently assess which components and hardware resources
contribute to our framework’s performance, we evaluate four GPU-based
renderer implementations: (1) a simple ray marcher; (2) a naïve
delta tracker based on implementations designed for conventional

explicit data formats (e.g., voxels and meshes); (3) a wavefront delta
tracker operating in the same four stages and using tensor cores, but
without RT-core-based traversal (instead using 3D DDA); (4) our fully
realized four stage framework, which utilizes RT cores for traversal
(see Figure 7). The results draw a consistent picture across different
INR architectures, data shapes, and physical quantities represented,
including CT- and CFD-derived scalars.

Ray marching is by far the slowest approach; even with sub-
Shannon–Nyquist step sizes, it fails to exceed 1 FPS. As discussed
earlier, such dense sampling strategies require a prohibitively large
number of samples to achieve interactive performance on INR data.
Since ray marching does not operate over macrocells, it is depicted as
flat lines in Figure 7.

A simple delta tracker without specialized hardware or query
batching also performs below 1 FPS. Designed for conventional volume
rendering with fast memory lookups, this approach underperforms when
each sample instead requires a GPU thread to execute a six-layer neural
inference independently per ray, failing to amortize the cost of neural
evaluation across samples and leading to significant thread divergence
and inefficient parallelism for its most expensive procedure.

In contrast, our four-stage framework applies more suitable
parallelization for neural evaluation and leverages tensor cores, enabling
delta tracking over INRs to reach approximately∼ 25 FPS, making it
∼125× faster than the simple delta tracker.

Furthermore, replacing DDA traversal with RT-core-based traversal
yields more than a 2× performance improvement for most tests,
achieving over 40 FPS for emission–absorption rendering and 30–40
FPS with shadows, which require approximately twice as many samples.

Across these results, CoordNet is the most challenging representation
for our framework, reaching only 19–24 FPS compared to roughly 30–40
FPS for the FFN and SIREN models. This stems from CoordNet’s deeper
residual MLP, which introduces longer per-query dependency chains,
reducing effective tensor-core and warp occupancy on the hardware.

Despite INR queries being the dominant bottleneck, using RT cores
for traversal still provides a significant speed-up. We attribute this to
two factors: (1) the sparse acceleration structure enables more effective
empty-space skipping, with O

(
n log n

)
traversal rather than DDA’s

O
(
cells-along-ray

)
; and (2) DDA traversal must be suspended and

resumed across kernel launches, requiring a larger TraversalState
that persists per-ray DDA stepping state (current cell, axis distances,
cell boundaries), increasing register pressure and memory traffic.

Table 1, Figure 6, and Figure 7 suggest that a macrocell grid
resolution of 643–1283 provides a reasonable trade-off between
end-to-end performance, memory consumption, and animation updates.
For the following experiments, we use 643×20 for the FFN datasets
and 643× 30 for the SIREN datasets, using a slightly finer temporal
discretization for the latter to better match their higher temporal
variation while keeping the spatial resolution fixed.

5.3 Query Reduction Tradeoffs
We examine the trade-offs of the query-reduction schemes proposed
in subsubsection 4.2.1 and subsubsection 4.2.2. We explore the
parameter space and the practicality of each scheme.

In Figure 8, we evaluate three ray-budgeting strategies against a 400-
frame ground truth image. Each plot shows Peak Signal-to-Noise Ratio
(PSNR) relative to the ground truth over time for 3–6 representative
parameter settings, while the heatmaps visualize the average number
of rays cast per pixel, and the close-ups highlight early-frame noise
patterns at∼1.2 seconds.

Early plot points of the residual-histogram thresholding scheme
exhibit closely clustered trends across parameter settings. Because it
ranks pixels by residual and skips stable ones for multiple frames, it
concentrates rays most aggressively on unstable regions, as reflected
in the heatmaps. This yields lower error than the no-budget baseline
in the first few seconds, but after approximately 3 seconds, the benefit
diminishes as repeatedly skipped pixels reduce opportunities for further
error correction. The initial frames retain the “white-noise” appearance
of standard stochastic rendering.

In contrast, STBN thresholding does not use residuals and distributes
a fixed ray budget according to a high-frequency noise pattern. Its cost-
effectiveness, therefore, depends mainly on the render fraction (ρ), trad-
ing reduced ray counts for increased error. Higher ρ reduces early error,
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